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Abstract

Modern advancements in machine learning (ML) offer solutions to complex problems, ranging
from image classification, predicting the folding structure of proteins, providing agents with
high-level conversational skills, or controllers capable of besting the current human champion
in almost any conceivable game. Reinforcement learning (RL) is the perfect candidate for
applying[MLltechniques to control problems, as it trains an agent to optimize outcomes through
interaction with its environment, theoretically creating adaptable, turn-key controllers. The
required large amounts of data for training, however, are impractical to gather in most real-
world environments. Usually, the agent is thus trained on a simulated copy of the environment
and then deployed to the real-world. This approach suffers from the so-called simZ2real gap: a
mismatch between simulation and reality can strongly reduce the performance of the agent.
High-interaction-rate environments, like those in large-scale facilities, could quickly generate
enough training data.

Online training on data gathered from a real-world environment entirely solves the issue
of the sim2real gap. Adaptation of established RL algorithms to environments with real-
time constraints requires extensive expertise, which is not commonly available to many
experiments. In order to simplify the deployment of RI] algorithms in these situations, the
experience accumulator architecture was developed. This design pattern relies on a real-time
agent, interacting with an environment, while its interactions are recorded. In this way the
real-time constraints for the agent inference are automatically satisfied. These data is then
transferred to another computation unit, where training can be performed with less stringent
real-time constraints. A scheme was devised for computing the agent’s reward at training time,
in this way reducing the amount of components with real-time constraints and increasing
the flexibility of the system by allowing exploration of different reward functions during an
experiment.

The implementation of [RL] policies with real-time constraints demands specialized hardware,
enabling these solutions to operate on the edge by processing data directly on the devices
interacting with the environment to minimize overall latency. To implement this architec-
ture and simplify control experiments, the KINGFISHER platform based on the AMD/Xilinx
Versal family of devices was designed and implemented. The main underlying idea is to
create a library of the interfaces to large-scale facilities and common components neces-
sary when implementing experience accumulator systems. In this way, the data processing
path responsible for the low-latency inference of the RI]policies becomes more modular and
facility-independent, reducing the deployment effort.

A synchrotron light source and accelerator test platform such as the Karlsruhe research
accelerator (KARA) is an ideal place to test a technology such as KINGFISHER and experience
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accumulator systems. This large-scale facility provides several possible control problems that
require actions within the microsecond timescale, thus being an interesting candidate for
the application of an edge [RLl controller. The betatron oscillations offer a control problem
that is well understood, for which a classical controller exists, allowing a proof-of-principle
demonstration of the functionality of the system. On the other hand, a more challenging
problem is needed to showcase the capabilities of these techniques. A good candidate is
the microbunching instability, characterized by highly nonlinear self-interaction phenomena
between an electron bunch and its own emitted coherent synchrotron radiation.

Furthermore, [KARA| offers cutting edge beam diagnostic infrastructure such as Karlsruhe
pulse taking ultra-fast readout electronics (KAPTURE) and Karlsruhe linear array detector for
MHz repetition rate spectroscopy (KALYPSQ)), providing continuous turn-by-turn information
on the bunch position, synchrotron light emission, and charge density, that can be employed
as the input of a controller. As part of this work, the system was integrated
with the KINGFISHER platform, together with a transversal stripline kicker and the main
radiofrequency (RE) system of the accelerator. These two systems are capable of acting with
low-latency on the dynamics of interest for the control problem.

The system just described allowed performing experiments of the control of the horizontal
betatron oscillations. KINGFISHER was first employed to test the conventional controller
based on a finite impulse response filter feedback, as a further verification step that proved
successful. Several RI}based controllers were then trained and tested. The system could
reliably produce a functional controller every time. Often this achieved better performance
than the conventional system. Furthermore, the amount of interaction time necessary to obtain
enough training data by interacting with the machine is only 0.076 s, compared to the 17.6s
necessary on simulation. This result proves the effectiveness of the experience accumulator
approach.

The more challenging problem of the control of the microbunching instability was then tackled.
This kind of dynamics exhibits oscillations in two main frequency ranges: a bursting around
a few tens of kHz, and a low-bursting around a few hundreds of Hz. These two phenomena
represent very different control problems. Nonetheless, a classical controller developed in
collaboration with the University of Lille, tackling the low-bursting was tested. This system
was proven to be effective only in a specific range of beam currents. The RL controller also
showed similar behavior, hinting to a fundamental characteristic of the instability. A few
attempts were also carried out targeting the bursting oscillations.

In conclusion, the experience accumulator architecture with training time reward definition
was conceived in order to deploy real-time[RL]agents. Albeit with a reduced flexibility compared
to the libraries conventionally employed, the system was shown to be easily transferable to
different control problems. Furthermore, the KINGFISHER system on the AMD/Xilinx Versal™
computing platform was designed and produced, leading to a first online learning edge system
at a particle accelerator. Finally, two control problems at a large-scale facility were tackled
with the system, showcasing its versatility and functionality.
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Zusammenfassung

Moderne Fortschritte im Bereich des maschinellen Lernens (ML) bieten Losungen fiir komplexe
Probleme, wie z. B. die Bildklassifikation, die Vorhersage der Faltstruktur von Proteinen, die
Ausstattung von Agenten mit fortschrittlichen Konversationsfahigkeiten oder die Entwicklung
von Steuerungssystemen, die menschliche Champions in nahezu jedem erdenklichen Spiel
tbertreffen konnen. Verstarkungslernen (RL) ist ein idealer Ansatz, um [ML} Techniken auf
Steuerungsprobleme anzuwenden, da es Agenten durch Interaktion mit ihrer Umgebung dazu
trainiert, Ergebnisse zu optimieren, und somit theoretisch anpassungsfahige und einsatzbereite
Steuerungssysteme ermoglicht. Allerdings erfordert das Training grofle Mengen an Daten,
die in den meisten realen Umgebungen schwer zu beschaffen sind. Ublicherweise wird der
Agent daher in einer simulierten Umgebung trainiert und anschlieffend in der realen Welt
eingesetzt. Dieser Ansatz leidet unter der sogenannten ,Sim2Real”-Liicke: Eine Diskrepanz
zwischen Simulation und Realitdt kann die Leistung des Agenten erheblich beeintrachtigen.
Hochinteraktive Umgebungen, wie sie in grof3technischen Anlagen vorkommen, kénnten
jedoch schnell ausreichend Trainingsdaten generieren.

Das Online-Training mit Daten aus einer realen Umgebung 16st das Problem der Sim2Real-
Liicke vollstandig. Die Anpassung etablierter RL}FAlgorithmen an Umgebungen mit Echt-
zeitbeschrankungen erfordert umfangreiches Fachwissen, das in vielen Experimenten nicht
allgemein verfiigbar ist. Um den Einsatz von[RL}Algorithmen in solchen Situationen zu ver-
einfachen, wurde die Experience-Accumulator-Architektur entwickelt. Dieses Designmuster
basiert auf einem Echtzeit-Agenten, der mit einer Umgebung interagiert, wahrend seine Inter-
aktionen aufgezeichnet werden. Auf diese Weise werden die Echtzeit-Anforderungen fiir die
Agenten-Inferenz automatisch erfiillt. Diese Daten werden dann an eine andere Recheneinheit
tibertragen, auf der das Training mit weniger strengen Echtzeit-Anforderungen durchgefiihrt
werden kann. Fin Schema zur Berechnung der Belohnung des Agenten wihrend der Trainings-
zeit wurde entwickelt, wodurch die Anzahl der Komponenten mit Echtzeit-Anforderungen
reduziert und die Flexibilitdt des Systems erhoht wird, indem die Erkundung verschiedener
Belohnungsfunktionen wahrend eines Experiments ermoglicht wird.

Die Implementierung von [RL}Strategien mit Echtzeit-Computing erfordert spezialisierte Hard-
ware, sodass diese [ML}-Losungen direkt an der Quelle, also auf den Geréten, die mit der
Umgebung interagieren, betrieben werden konnen, um die Gesamtlatenz zu minimieren. Zur
Umsetzung dieser Architektur und zur Vereinfachung von Steuerungsexperimenten wur-
de die KINGFISHER-Plattform auf Basis der AMD/Xilinx Versal-Geratefamilie entworfen
und implementiert. Die zugrunde liegende Idee ist der Aufbau einer Bibliothek von Schnitt-
stellen zu grofitechnischen Anlagen sowie haufig verwendeten Komponenten, die fiir die
Implementierung von Experience-Accumulator-Systemen erforderlich sind. Dadurch wird der
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Zusammenfassung

Datenverarbeitungspfad, der fiir die latenzarme Inferenz der RL}-Strategien verantwortlich ist,
modularer und anlagenunabhéngiger, was den Implementierungsaufwand reduziert.

Eine Synchrotronstrahlungsquelle und Plattform fiir Beschleunigertests wie Karlsruhe research
accelerator (KARA) bietet einen idealen Rahmen, um eine Technologie wie KINGFISHER
und Experience-Accumulator-Systeme zu testen. Diese grof3technische Anlage stellt mehrere
Steuerungsprobleme bereit, die Aktionen im Mikrosekundenbereich erfordern, und ist somit
ein interessanter Kandidat fiir den Einsatz eines Edge{RL}Steuerungssystems. Die Betatron-
Oszillationen bieten ein gut verstandenes Steuerungsproblem, fiir das ein klassischer Regler
existiert, was eine Machbarkeitsstudie der Systemfunktionalitit ermoglicht. Andererseits ist
ein anspruchsvolleres Problem erforderlich, um die Leistungsfahigkeit dieser Techniken zu
demonstrieren. Ein guter Kandidat ist die Mikrobunchinginstabilitit, die durch hochgradig
nichtlineare Selbstwechselwirkungen zwischen einem Elektronenbiindel und seiner emittierten
koharenten Synchrotronstrahlung gekennzeichnet ist.

Dariiber hinaus bietet eine hochmoderne Strahldiagnose-Infrastruktur wie
und [KALYPSO)] die kontinuierlich turn-by-turn-Informationen tiber die Biindelposition, die
Synchrotronstrahlung und die Ladungsdichte liefern konnen, die als Eingabe fiir einen Regler
verwendet werden konnen. Im Rahmen dieser Arbeit wurde das KAPTURE}System mit der
KINGFISHER-Plattform integriert, zusammen mit einem transversalen Stripline-Kicker und
dem Haupt-RF-System des Beschleunigers. Diese beiden Systeme konnen mit niedriger Latenz
auf die fir das Steuerungsproblem relevanten Dynamiken einwirken.

Das beschriebene System erméglichte Experimente zur Steuerung der horizontalen Betatron-
Oszillationen. KINGFISHER wurde zunéchst eingesetzt, um den herkémmlichen Regler basie-
rend auf einem FIR-Filter-Feedback zu testen, was als erfolgreicher Verifizierungsschritt diente.
AnschlieBend wurden mehrere RI}basierte Regler trainiert und getestet. Das System konnte
zuverlassig jedes Mal einen funktionierenden Regler erzeugen, der oft eine bessere Leistung
als das herkommliche System zeigte. Dariiber hinaus betrug die fiir die Datensammlung durch
Interaktion mit der Maschine benoétigte Zeit nur 0.076 s, verglichen mit 17.6 s in der Simulation.
Dieses Ergebnis belegt die Effektivitat des Experience-Accumulator-Ansatzes.

Das anspruchsvollere Problem der Kontrolle der Mikrobunchinginstabilitat wurde ebenfalls
angegangen. Diese Dynamik zeigt Oszillationen in zwei Hauptfrequenzbereichen: ein Bursting
im Bereich von einigen zehn kHz und einem Low-Bursting im Bereich von einigen hundert
Hz. Diese beiden Phanomene stellen sehr unterschiedliche Steuerungsprobleme dar. Dennoch
wurde ein in Zusammenarbeit mit der Universitit Lille entwickelter klassischer Regler ge-
testet, der das Low-Bursting adressierte. Dieses System erwies sich als effektiv nur in einem
spezifischen Bereich von Strahlstromen. Der RI}Regler zeigte ein dhnliches Verhalten, was
auf eine grundlegende Eigenschaft der Instabilitdt hindeutet. Einige Versuche wurden auch
durchgefiihrt, um die Bursting-Oszillationen zu adressieren.

Zusammenfassend wurde die Experience-Accumulator-Architektur mit der Belohnungsdefi-
nition wihrend der Trainingszeit entwickelt, um Echtzeit{R[} Agenten einzusetzen. Obwohl
das System im Vergleich zu herkommlichen Bibliotheken eine reduzierte Flexibilitat aufweist,
konnte es leicht auf unterschiedliche Steuerungsprobleme tibertragen werden. Dariiber hinaus
wurde das KINGFISHER-System auf der AMD/Xilinx Versal-Computing-Plattform entwickelt
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und implementiert, was zu einem ersten Online-Lernsystem an einem Teilchenbeschleuniger
fihrte. SchliefSlich wurden zwei Steuerungsprobleme an einer grofitechnischen Anlage mit
dem System angegangen, was seine Vielseitigkeit und Funktionalitit unter Beweis stellte.
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1. Introduction

1.1. Motivation

Machine learning techniques have been proven successful in a wide variety of tasks that were
before considered only approachable by a human. Driven by the availability of embarrassingly
parallel computing platforms such as ever-larger models allowed to vastly extend the
complexity of tasks that can be approached by these techniques. For example, unprecedented
image classification was achieved in 2012 by AlexNet [1], paving the way to the usage of
large convolutional neural network-based models. In 2022, a mere ten years afterwards,
the large language model revolution occurred with OpenAlI releasing ChatGPT. This large
language model was the first widespread commercially available tool capable of carrying out
conversations with a user through a chat-like interaction [2] while exhibiting human-level
conversational skill. Furthermore, the 2024 Nobel Prize for Chemistry was shared by the
AlphaFold [3] team. Their model was capable of predicting the folding structure of proteins, a
previously unsolved problem in biochemistry. The difference in complexity that occurred in a
span of only ten years is striking: AlexNet had 60 million parameters, while some versions of
ChatGPT exceeded the 175 billion [4]. Recent versions of ChatGPT are estimated to have an
even greater number of parameters. The possibility for ever greater computational power and
machine learning models allows to approach problems that were previously impossible.

In the case of control problems, techniques such as reinforcement learning allow training
an agent to optimize a reward signal by using information from interaction with an environ-
ment. These kind of techniques were employed in a wide variety of complex problems, such as
playing Atari games surpassing expert human level [5]. The AlphaGo [6] model was capable
of beating the Go world champion. Due to the sheer number of possible game states, it was
considered much more complex than chess. For more scientific applications, RLl algorithms
were also capable of controlling the plasma in a fusion reactor [7].

One of the major benefits of RLI techniques is their adaptability to varying conditions: the
training procedure can be used, in case of drifts or variation of the control problem, to retune the
agent. This capability is analogous to the one achievable with adaptive control techniques [8],
were the parameters of a classical controller can be tuned based on the reconstructed state
of the system under control. The key difference is the trade-off between problem complexity
and stability guarantees. RI] can solve extremely complex and non-linear problems, usually
unattainable with the adaptive control approach. Its main drawback is that safety and stability
guarantees are lacking, as safe{RI]is still an open field of study [9], while the behavior of
adaptive control techniques can be designed in a more deterministic manner.
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Currently, the range of applicability of RL]techniques to real-world problems is hindered by the
large amount of data necessary for their training. Albeit some novel algorithms are mitigating
this behavior [[10], this usually makes training on a simulated version of the environment the
only feasible option. Such a technique, although functional, encounters the so-called simZ2real
gap: subtle differences between the real-world environment and its simulation could lead to
an under-performing, or non-functional agent.

The interaction rate with some real-world environments can be very high, in the order of
several millions of interactions per second. This is often the case in large-scale facilities,
which are specially designed installations equipped for specific purposes, requiring significant
resources to operate, e.g. research, manufacturing, and commercial, such as experimental
fusion reactors, particle accelerators, datacenters, etc.

In this case, obtaining enough data for training an agent would require only of a few seconds,
opening the possibility of training an [RL] agent online by interaction with the real-world
environment. The drawback of this approach is that these environments are challenging
from a computational perspective, as they require an action to be chosen within a time frame
dictated by the dynamics targeted by the control problem. This kind of requirement is known
as a real-time constraint.

Performing computations and inference at such an high rate is challenging and requires
specialized hardware and design techniques [11]]. In order to minimize the inference latency
of an agent, a common approach is for such systems to be deployed at-the-edge. Compared
to cloud deployment, where computing resources are in a different physical location from
where data is gathered, edge system process data were it is acquired. The reduction of data
transfer times translates into a latency reduction. Furthermore, computing devices such as
allow to precisely define the timing of the data processing pipeline, making it possible
to ensure that a given latency constraint is satisfied.

1.2. Research questions

This work uses a set of research questions to guide its investigation. These questions arise
from the introduction, but their contextualization and answer will be carried out in the rest of
this dissertation.

First of all, in order to approach these high repetition rate environments, one needs to in-
vestigate how [RL] algorithms can successfully be implemented in such a setting. The current
implementations available cannot reach the required level of determinism and latency, and
some new architectural ideas need to be conceived. Ideally, this new architecture should
impact the flexibility of the system only marginally. Thus one could ask:

Question 1 How can reinforcement learning algorithms be adapted so training on high-repetition
rate environments can be performed?
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Similarly to the[R[]algorithm implementations, the computing platforms where they are usually
deployed on, such as central processing units (CPUk) and graphics processing units (GPUk),
are not intended to operate with real-time in mind. Employing the platforms such as the ones
intended for edge computing could greatly improve the performance of the system. As such:

Question 2 How can reinforcement learning be deployed to an edge computing platform?

Such a[RI]platform should be verified to be functional, possibly by testing it at a large-scale
facility or other high-repetition rate environments to ensure it operates as expected. Moreover,
the fact that it is also capable of learning from the interaction with the environment and
achieve control needs to be demonstrated. So:

Question 3 Is the edge-computing platform capable of learning online from interaction with an
environment?

Finally, it is interesting to compare the performance of these self-learning RL] algorithms with
more traditional control approaches, in order to determine their range of implementation
and adaptability. Specifically, the training capability of [RL] allows to obtain an adaptive
controller, but adds a further layer of complexity to the system. Understanding the difference
of this approach with respect to a more conventional one is thus fundamental to guide future
applications of the results described in this work. Thus:

Question 4 How does online edge reinforcement learning compare to more traditional control
approaches?

1.3. Objectives and contributions

In order to address question([1] a critical discussion of the timing constraints dictated by modern
algorithms will be carried out. The main contribution of this work is a training scheme
allowing to reuse current RLl implementations as much as possible, so that the deployment
and experimental effort is minimal, while trying to still maintain the microsecond latency
performance needed during inference [12].

Additionally, the design of high-performance neural networks (NNk) for use as[RLl policies
targeting the novel AMD/Xilinx Versal™ platform, together with the necessary logic required
for gathering training data, will be discussed in order to answer question [2 The necessary
interfaces to communicate with a large-scale facility, together with the training data logic,
have been packaged into the KINGFISHER framework [13].

Finally, question [3| and question |4/ will involve the application of the aforementioned platform
to two real-world problems [12,14]. This represents the first application of low-latency online-
learning [RT] at a particle accelerator. The performance of the approach will then be compared
with the current state of the art controller. The stability of the [RL controller is beyond the
scope of this work.
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1.4. Outline

The work presented in this thesis is multidisciplinary by nature, as it requires an understanding
of RI] algorithms, how the electronics they will be deployed on operates, and what are the
challenges encountered when working with particle accelerators. For the first deployment at
a large-scale facility, before any intended hardware inter-operability standard is in place, one
needs deep understanding of the functional aspect of the facility, together with the ones of the
hardware trying to control it. As such, chapter [2]introduces in its three section these main
background topics.

In section an introduction to particle accelerators and the dynamics of particle beams
will be carried out, together with a description of the Karlsruhe research accelerator (KARA)
employed as a testing large-scale facility and its cutting edge diagnostic infrastructure.

To better understand the challenges of implementing RT] algorithms, section [2.2] provides an
introduction to machine learning, neural networks, and modern RL algorithms. Furthermore,
the current state of the art implementations are described, together with some deployments to
large-scale facilities that do not require strong real-time constraints.

Section [2.3| gives an introduction to the some available computing platforms, some of which
will be employed in the later parts of this work. The challenging of real-time programming
will be also discussed. Finally, the AMD/Xilinx Versal™ platform chosen as an edge platform
will be described, together with its programming model.

After this introductory chapter, chapter [3 discusses the architecture of anRI]edge system. Its
implementation, together with a discussion of how neural network policies can be deployed
to the AMD/Xilinx Versal™ platform, is carried out in chapter [4 Chapters[5|and|6]describe the
application of the platform to two different kind of dynamics encountered at the Karlsruhe
research accelerator. In chapter[5] the system is applied to the control of the horizontal betatron
oscillations, for which a reliable classical controller is available, allowing to perform extensive
comparisons, specifically regarding the adaptive nature of RIl Finally chapter [6|applies the
system to the control of the microbunching instability, a problem for which a general solution
has not yet been found.
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The topic described in this work is multidisciplinary, combining elements from several different
field. In order to fully contextualize the results, three subtopics will be introduced: particle
accelerators in section [2.1] reinforcement learning in section[2.2] and computing platforms in
section Accelerators are a fundamental of this work, as their non-linear dynamics with
timescales in the order of ps are the perfect candidate to apply the RLl algorithms. This feat
would be impossible without deep knowledge of computing platforms, specifically their timing
characteristics.

2.1. Particle accelerators

As discussed in the[[ntroduction] one example of a large-scale facility where extreme conditions
might be encountered are particle accelerators, such as synchrotron light sources. In this
chapter, a brief introduction to the physics governing synchrotron light sources is provided,
with a special focus on the longitudinal and transversal dynamics. Furthermore, the effect of
coherent and incoherent synchrotron radiation emissions will be discussed, with a particular
focus on the microbunching instability. Finally, Karlsruhe research accelerator (KARA) at
KIT is then described, together with some challenging phenomena that might benefit from
high-speed controllers. Finally, the high-performance diagnostic system available at the facility
will be described.

[KARAIwill serve as the test facility for the control system presented in this work, as it is readily
available and provides challenging conditions that are difficult to capture in a simulation.

2.1.1. Synchrotron motion

A charged particle can be guided along a circular path by means of an external magnetic field
B thanks to Lorentz force _ _
F = g X B, (2.1)

where ¥ is the velocity of the particle and F is the force being applied to i In practice, the
magnetic field is usually applied to a small volume called beam pipe, where the reference orbit

1 The path is not actually circular due to synchrotron radiation emission, more fully described in sections m

and
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of a particle resides in. The pipe is kept under ultra-high vacuum conditions to avoid particle
losses.

To balance the energy losses of the stored particles and to accelerate them, an alternating
radiofrequency (RE) field is employed in order to produce a longitudinal electric field. In
practice this is done by applying an high power RE signal to a cavity, where the standing wave
mode produces the desired potential. This field usually oscillates at a frequency frr which is a
multiple of the revolution frequency fey. Inside of the cavity, the RE potential encountered
will have the form

Vace = Vo sin (27 frrt) , (2.2)

where Vj is the amplitude of the RE field, and V. the potential observed by a particle arriving
at time ¢.

A particle accelerator can have several operation modes, defined by the combination of
electromagnetic fields used for confinement and acceleration. Each of these modes has a
reference orbit and energy defined during its design. A particle in such an orbit will remain
on it if no perturbations are present. The revolution period along the machine is usually a

multiple of the R period. This allows to define the harmonic number, h &ef fRE/ frev- If the path
length and velocity are constant over the reference orbit, given the period matches a multiple
of the [RF period, its arrival phase on the [RF sinusoid will be constant. This phase is called the
synchronous phase, ¢,.

The set of magnetic fields of an accelerator, usually denoted as lattice, can be designed such
that particles with an energy above the reference energy take a longer time to travel around the
accelerator (figure [2.1). The opposite is true for particles with lower energy, as they will arrive
earlier. For the correct slope of the [RF voltage sinusoid, a lower energy particle, arriving late,
encounters a stronger accelerating voltage, thus compensating its lower energy. Conversely, a
higher energy particle will arrive late, obtaining a lower energy gain.

In the approximation of ultra-relativistic particles, for which S &ef v/c = 1, it is possible
to construct a toy model of the longitudinal dynamics of the accelerator as follows. The
path-length difference of an off-energy particle is usually described with the longitudinal
momentum compaction factor «., that is defined aﬂ

def dL/L _ Atayy/dt

= ~ , 2.3
dp/po  dp/po @3)

A

where py is the reference momentum, L is the path length, and At,,, is the arrival time difference
compared to the reference particle over a time interval dt. This allows to compute the phase
difference of an off-momentum particle as

Aty = acidt. (2.4)
y2)

2 For non-ultrarelativistic particles, or in cases where «, is in the same order of magnitude as 1/ yz, the so-called

. def . . . .
phase-slip factor, n = a. — 1/y?, needs to be used, as it contains a part accounting for the mass of the particles.
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Figure 2.1.: Schematic of the working principle of phase focusing. Particles with higher energy (blue), will have a
longer trajectory than the reference particle (black), arriving late and thus experiencing a smaller energy gain.
The converse is true for the lower energy particles (red).

def . .
where § = p — py is the momentum difference from the reference momentum.

By using the expression for the accelerating voltage of equation (2.2), one can linearize the
problem and obtain the rate of energy gain for an off-energy particle with a given arrival time
difference

A5 dVyee

- ~4q
at ~ ar |,

1)
Atarrﬁev = qu COS(‘PO)ZﬂfRFacp_OdtﬁeVa (2-5)

where the f;.y is used because the increase of energy from the acceleration potential happens
at a rate of once per revolution.
By rearranging the terms, one obtains

d*5 _ 2mqV, cos @0 frev2hote
dt? - Po

S, (2.6)

corresponding to the equation of an harmonic oscillator with frequency

qVo cos goha,

fs:frev 270

(2.7)

known as the synchrotron frequency.

This acts as a reaction force leading to time-of-arrival, momentum, and longitudinal oscillations
known as synchrotron oscillations. It is worth noticing how this has the effect of stabilizing
the machine (figure [2.1): off-energy particles will not be lost, as they will start to oscillate
around the reference particle. This phenomenon is called phase-focusing and is fundamental
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Figure 2.2.: Magnetic field lines of a quadropole magnet. An electron (yellow) traveling in the direction entering
the page, experiences a force (green) due to the local magnetic field (red).

to the operation of these machines. Moreover, it gives insight on the name of the machine:
to increase the energy of the stored beam it is sufficient to ramp the magnetic field. This
will change the synchronous phase making the bunch oscillate around it. The [RF voltage
needs then to be varied synchronously with the magnetic field. A particle accelerator using
these principles is called a synchrotron. The mechanism responsible for the damping of these
oscillations is described in section [2.1.3]

2.1.2. Betatron motion

Similarly to how phase-focusing stabilizes the beam in a synchrotron along the longitudinal
degree-of-freedom, it is possible to design the magnetic fields of the accelerator in a way where
also horizontal and vertical stability is guaranteed. This is usually achieved with quadrupole
magnets, albeit properly designed dipole magnets can nonetheless produce focusing.

As shown in figure quadrupole magnets have four magnetic poles, arranged 90° from
each other, with opposing polarities. A particle displaced by a distance d will experience a
magnetic field B = Gd, where G is called the quadrupole gradient. Notably, B had direction
perpendicular to d. As such, due to Lorentz law (equation (2.1)), a particle would experience a
force proportional to the displacement and directed along it

F = quvGd. (2.8)

Gauss’s law for the magnetic field states that

-~ 0B, 9By B
VB:—x+—y+ Z:
ox ady 0z

0. (2.9)
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The partial derivative along z vanishes within the magnet, because it is symmetric along that
direction. Along x the gradient is G by construction, so this fundamentally fixes the gradient
along y to —G. Thus a quadrupole magnet is capable of focusing particles in one axis, while
having a defocusing action in the other. This behavior can be fixed by combining several
quadrupole magnets in doublets and triplets.

While traveling along the accelerator, a particle will experience a force according to equa-
tion (2.8), by substituting the expression of the momentum,

d2
myd—tg = quG(t)y, (2.10)

where y = /1 — ﬁz_l. It is worth noticing that the gradient will vary along the accelerator, thus
it has a time dependence. The direction y was chosen because for motions in the accelerator
plane x, and additional component is present due to the circular motion of the particles around
the ring. It is possible to rewrite equation equation as

d’y
W +Ky(t)y = 0, (211)
where K are called focusing functions. The equation for the x direction is identical, with the

exception of containing an additional term within the K function.

An important characteristic of the function K is that it is periodic: every revolution the
beam will return to a region with the same gradient. In the specific case where K is periodic,
equation is called Hill’s differential equation. For accelerators an additional simplification
can be performed: due to the fact that the gradient within a magnet is approximately constant,
K is piecewise constant. As such it can be studied as the chaining of several harmonic oscillators
that periodically change harmonic constant. The study of the stability of this function is beyond
the scope of this work, but it is possible to design a lattice that has a stable solution. In that
case, the solution to Hill’s equation is

y(1) = Yoo/ By () cos(Yy () + Yy0)
Lt de (2.12)
Yy(t) = ; m

where S, is the beta-function, a periodic function behaving like the local oscillation period.

An observer measuring the beam position at a fixed point in the accelerator will sample y(t)
at each revolution. Specifically,

Yr = Y(rTiev), (2.13)

where r is now the revolution index, Ty is the revolution period. The number of oscillation
periods at each revolution is constant, due to the periodicity of the beta-function, as such, one
can define the betatron tune as

d_efi Trev dT
27 Jo ﬁy(f)‘

Q, (2.14)
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From y,, only the measurement of the fractional part of Q can be performed, as we might be
under-sampling the betatron oscillation.

It is worth noticing though, that this introduction is primarily meant as a way of understanding
the control problem that will be at hand. The topic, in fact, is vast and there are effects like
chromatic aberrations, where higher energy particles are less bent by magnetic fields, i.e. are
less focused, or the fact that a properly designed dipole magnet could in theory serve as an
additional horizontal focusing element, that are beyond the scope of this introduction.

2.1.3. Synchrotron radiation

Accelerated charged particles emit electromagnetic radiation. A particle on a circular orbit,
even if its speed is constant, experiences a non-zero acceleration created by the change of
direction of its velocity vector. The emitted power can be computed with Larmor’s formula [[15}

16]] )
2 bl
q dp
Ppp=———|— 2.15
1= reoc®m? ( dt ) (2.15)
2.2 2\ 2
qy"  (dp
Ppp=—1— 2.16
7 6megc3m? ( dt ) (2.16)

For a particle in a circular accelerator, the perpendicular component is dominant. By using the
fact that, for a particle moving on a circle
o Pedt
ldpl = pdb = ——p. (2.17)
where df is an infinitesimal curvature angle, R is the curvature radius and f = v/c. If this
expression is substituted into equation (2.16), one obtains the power emitted by synchrotron
radiation, that in the ultrarelativistic regime when  ~ 1 becomes

_q¢c 1 E
* 7 6mey (mc?)4 R

(2.18)

Noticeably, P; «c m~* meaning lighter particles will radiate more power. This explains why

this effect is extremely pronounced in electron accelerators. Additionally, the dependence
P, oc E* makes it increase very sharply with the energy of the particle. The power spectrum of
the synchrotron radiation, in this case for that will be better described in section
is shown in figure

For control problems, synchrotron radiation plays an extremely important role. In the case of
synchrotron radiation, for instance, the emitted power is greater for higher energy particles,
and lower for lower energy ones. This in turn damps the synchrotron oscillations described in
section In the case of the betatron oscillations, on the other hand, the recoil resulting
from the emission of radiation provides a very similar damping phenomena. A rule of thumb
is that the damping time is in the order of 7 ~ E/P;, i.e. roughly the time it would take the
synchronous particle to loose all its energy via synchrotron radiation.

10
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Figure 2.3.: Instantaneous radiated power per unit frequency for a single electron at three energies, which are
typically set at[KARAlduring operation.

Depending on the charge distribution of the bunch, synchrotron radiation can be emitted
incoherently or coherently (left side of figure [2.4). Incoherent synchrotron radiation (ISR)
originates when the wavelength of the emitted radiation is smaller than the size of the bunch.
In this case, the phases of the electromagnetic field of each particle are not correlated, and
thus the fields are summed randomly, leading to an intensity of radiation I o« N, with N the
number of particles. If the wavelength is greater or comparable to the size of the bunch, the
radiation from the particles is summed coherently, in this case leading to coherent synchrotron
radiation (CSR) with the characteristic behavior that I o« N2

This strong enhancement in radiation emission is considerable intensity gain for accelerator-
based light sources, allowing the production of light with unprecedented brilliance. In the
next section, one of the mechanisms responsible for the emission of at synchrotron light
sources will be described.

2.1.4. Microbunching instability

The electromagnetic fields from the magnets and[RF cavities are not the only one experienced by
the particles in a synchrotron. A given bunch can interact with its own emitted electromagnetic
fields, or with the field of the other bunches. This can be modelled as an additional potential,
Viwake (t) the wake potential, that is summed to the one of the accelerating structures. This can
be computed by defining a wake function W (t), the potential that would be produced by a

11
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Figure 2.4.: On the left, this drawing compares incoherent (top-left) and coherent (bottom-left) synchrotron
radiation emissions. The right side illustrates an exaggerated representation of the radiation emitted by the

bunch (red) catching up with the bunch itself (blue).

single charged particle. The total wake potential can be computed as the convolution of the
wake function with the charge density p(?), i.e.

Viake (£) = / e Wit -1 p(0). (2.19)

In synchrotron light sources, when the charge density increases above a certain threshold,
microstructures in the longitudinal phase space start forming. These structures have a char-
acteristic size such that they usually emit coherently in the terahertz frequency range. This
emitted [CSR|is moving on a straight path, while the beam is curved on a closed path inside
a dipole magnet (figure[2.4). As such the creates wakefields, that in turn interacts with
the microstructures that formed it. The effect of this self-interaction is that the emitted [CSR|
power fluctuates sharply, in a phenomenon known as microbunching instability (MBI).

Systematic studies of this instability have been performed, highlighting its strong dependence
on several parameters as the longitudinal momentum compaction factor «., the accelerating
voltage, the energy of the beam, the bunch current (or charge) and the longitudinal damping
time [[17].

In figure [2.5] the fast Fourier transform (EFT) of the signal amplitude (shown in figure
is shown as a function of the bunch current, for one specific machine setting. The instability
starts above a threshold, where a roughly sinusoidal oscillation starts. Due to the shape of this
feature in the plot, this is usually referred as finger or bursting frequency, and usually originates
from the rotation of the microstructures in the phase space. As such, it is usually a multiple of
the synchrotron frequency. When the current increases more, a second threshold is reached.
Here the interaction of the with the bunch is strong enough that the microstructures are

12
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Figure 2.5.: Waterfall plot showing the [FFT] of the [CSRlpower signal as a function of the current. The instability
starts above 0.2 mA, with structures that strongly depend on the current. The horizontal lines indicate the current
of the signal shown in ﬁgure Data courtesy of Johannes L. Steinmann.
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Figure 2.6.: Example [CSR| power signals corresponding to the currents of 0.3 mA (left) and 0.5 mA (right), also
indicated by the horizontal lines in figure Data courtesy of Johannes L. Steinmann.

washed out and the bunch length is usually increased. This stops the emission of until the
synchrotron radiation damping reduces the bunch size to a level where the microstructures
can form and the process starts again. In this regime, the a slower, sawtooth shaped oscillation
is superimposed to the bursting, and is called low-bursting.

2.1.5. The Karlsruhe research accelerator

The Karlsruhe research accelerator (KARA)) is located at the Karlsruhe Institute of Technology,
in Germany. It is a ramping electron storage ring, meaning that particles are injected at
a lower energy, in this case 500 MeV, and then accelerated up to a maximum energy of

13
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Figure 2.7.: Schematic of KARA. The beamlines are not shown. The dipole, quadropole and sextupole magnets
are colored yellow, red, and green, respectively. Inside of the ring, the waveguides of the two [RE stations are
visible. Courtesy of Till Borkowski.

2.5 GeV. Its main [RF system frequency is 500 MHz, with the accelerating voltage being applied
in two station in opposing sectors of the machine. The ring is 110 m long, leading to a
revolution frequency of 2.7 MHz and an harmonic number of 184. One of the peculiarities
of this machine is the possibility of finely controlling the double-bend achromat lattice by
tuning the five quadrupole and two sextupole families, in this way creating custom operation
modes. Additionally, controlling the dipole, or bend, magnets, allows to control the energy of
the specific operational mode [[18]].

The conventional operation mode for the synchrotron radiation users is at an energy of
2.5GeV. Additionally, special modes with low, or negative, momentum compaction factor
a. are available at several different energies [19]. The low-alpha mode, used to study the
microbunching instability described in the previous sections, is usually at an energy of 1.3 GeV,
and allows the selection of a custom value of a. from 1072 (user mode) to 1074,

The beam is produced by an electron gun, at an energy of 90keV [[18]]. It is then injected into
a racetrack microtron that accelerates it to an energy of 53 MeV. Once a second, this system
injects electron into the booster synchrotron that accelerates them to 500 MeV in roughly
500 ms. A system of three kickers and a septum merges the beam already being present in the
[KARA] storage ring with the one coming from the booster.

14
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Figure 2.8.: Schematic representation of the signal produced by a synchrotron, highlighting the different
timescales present. The pulse from a single bunch can have widths in the order of a few tens of picosec-
onds. Two consecutive bunches are separated by 2 ns, corresponding to the employed REfrequency of 500 MHz.
The bunch filling pattern repeats at every revolution.

2.1.6. The[KAPTURE|system

The signals produced by the circulating electrons in a synchrotron, such as the ones from
synchrotron radiation or a beam position monitor (BPM), have a peculiar time structure
(figure [2.8). For example, an ideal generic signal from would exhibit the following
characteristics. At long timescales, in the order of a few tens to a few hundred of microseconds,
the synchrotron oscillations will be apparent. At smaller timescales, in the order of the
revolution time (= 368 ns), the charge distribution of the bunches in the machine, also known
as filling pattern, will repeat at the revolution frequency. Furthermore, bunches will pass in
front of a fixed observer at the main [RE frequency, leading to a repetition with a ~ 2 ns period.
The length of these bunches varies with operation mode, but is usually around a few tens
of picoseconds. The response time of the detector used to produce the signal has a strong
influence on the length and shape of the produced pulses.

In order to capture these fast peaked signals properly, one would need to sample the signal at
very high rates in the order of hundreds of GS/s. Albeit technically possible, sampling at such
high rates produces a challenging amount of data that needs to be saved and processed. This
challenge is further compounded by the need to monitor the dynamics of these signals over
several seconds, which significantly increases the amount of data generated and complicates
both storage and analysis. This is unnecessary, though, given the pulse repeats at a much
smaller rate compared to its width, most of the acquired signal will be empty.
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Figure 2.9.: Schematic of the working principle of the KAPTURE] system. The signal to be acquired is split in
four identical copies that are then sampled with a track and hold. The sampling time is finely tunable through
delay lines. A[PLI]produces the reference clocks for the delay lines and the ADCk. The [ADCE finally digitize the
signal that is then processed by the

Based on this observation, the Karlsruhe pulse taking ultra-fast readout electronics (KAPTURE)
system was designed and developed. As shown in figure the signal to be sampled
is split into identical copies, either by means of an active or passive power splitter. Each of
these copies is then sampled by a high-bandwidth track-and-hold circuit. These devices have
two modes, selected by an external signal: track and hold. In track mode, the input signal is
repeated to the output, and is then held constant at the arrival of the hold signal. The hold
signal arrival time is individually delayed for each channel by a finely controllable amount of
3 ps. In this way the sampling points can be distributed along the pulse. The held signal can
then be digitized by a much slower, and less expensive, analog-to-digital converter (ADC). In
a[KAPTURE] board four channels are digitized by two[ADCs, each with two channels.

The delays lines and[ADCk are all controlled by a field programmable gate array (FPGA). This
device, that will be more thoroughly introduced in section [2.3] is fundamentally a lattice of
logic gates interconnected by programmable switches. This allows the development of custom
digital electronics. One HighFlex board can control two [KAPTURE] boards, for a data rate of
6.5 GB/s. This is usually transferred via a peripheral component interconnect express (PCIe)
interface to the random access memory (RAM) of a host computer, where it can be later saved
to persistent storage. It is worth noticing how with this system it is possible to sample the
signal of a synchrotron with bunch-by-bunch and turn-by-turn repetition rate for several
seconds.
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Figure 2.10.: Front-end [PCB] of a[KALYPSQ] system, highlighting the main components. The external clock input
and [PLT] allow to synchronize the sampling to the accelerator timing system. The sensor and[ASIClare connected
to[ADCk that are then controlled by an[FPGAl that is connected to the FMC connector. Courtesy of M. M. Patil.

2.1.7. The system

Several beam diagnostic instrumentation used at [KARA|and other synchrotron light sources
encode information into light. The KAPTURE] system described in the previous section allows
monitoring the amplitude and shape of pulsed light signal, provided they are converted into a
suitable electrical signal first. Oftentimes, the spatial dependence of this amplitude provides a
great deal detail. This definition is fundamentally describing a camera. In order to produce
turn-by-turn information, the frame rate would need to be in the MHz range. Due to the
absence of systems capable of achieving this rates for several seconds to hours, the Karlsruhe
linear array detector for MHz repetition rate spectroscopy (KALYPSO) system was developed

at KIT [21-23].

AKALYPSOlsystem is composed of a front-end printed circuit board (PCB), shown in figure[2.10]
mounting a sensor, an analog signal processing [ASIC| and an and a HighFlex based
back-end card. The latter uses the same principles described for the KAPTURE] system. Several
sensors can be employed, depending on the wavelengths of interest. Silicon microstrip sensors
can be employed up to 1050 nm, while indium-gallium-arsenide sensors can be used in the
range from 1050 nm to 1.7 ym. Each[ASICl has 128 input channels connected to the detector.
Each channel has a charge-sensitive amplifier and shaping stage. A buffer holds the analog
value until it is multiplexed to one of the sixteen output channels, where it is digitized by the
The digital data is then transferred by an[FPGAlto the random access memory (RAM)
of a computer, where it can be stored, visualized, and analyzed.

The system can be used to directly acquire the synchrotron light signal produced
by an accelerator such as[KARAl Furthermore, electro-optical (EQ) systems can be employed
to encode the temporal evolution of electric field strength into the polarization of the light
signal [25]]. More details on how this scheme can be employed for beam diagnostic are discussed

in section[6.1.1]
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2.1.8. Summary

A brief overview of the synchrotron and betatron dynamics was carried out, describing
the fundamental phenomena that can be observed in an accelerator such as [KARAl The
synchrotron radiation emission characteristic of these machines was discussed, together with
its impact on the beam stability. The betatron oscillations were shown to have the underlying
dynamics of a harmonic oscillator. Its control could thus represent an interesting tool for
testing novel control algorithms.

A more complex dynamics, the microbunching instability, appearing in special short bunch
operation modes at synchrotron light source was described. Its usage for the production of
strong terahertz radiation bursts makes it a useful tool for other scientific fields. Compared
to the betatron oscillations, this dynamics exhibits strong non-linearity and threshold effects
giving rise to abrupt changes in dynamics, leading to an extremely challenging problem for a
controller.

Finally, the KARA| synchrotron light source at KIT was described. This machine offers a wide
variety of operation modes, allowing to experiment with the control of both the betatron
oscillations and of the microbunching instability. Additionally, the cutting edge beam diag-
nostic infrastructure such as and [KALYPSO| offer powerful information that can be
employed as the input of a controller.

2.2. Reinforcement learning

In this chapter the mathematical basis necessary for understanding both machine learning and
reinforcement learning will be introduced. Special attention is given to neural networks, both
to their inference and training. A short review of the modern algorithms and the underlying
ideas used to perform efficient reinforcement learning training will follow, together with
a discussion of the current state-of-the-art machine learning and reinforcement learning
frameworks and a few of their applications to large-scale facilities.

2.2.1. Brief introduction to machine learning

Machine learning (ML) is comprised by a set of algorithms capable of learning from a dataset
provided during a training phase, and then extrapolate this behavior to cases not covered in
the training data. The following introduction on[MLlis based on reference [26]. A common
use case for these algorithms are supervised categorization tasks. The problem can be stated
as follows. A set of features f € F, where the feature space F is usually R", is the set of all
possible objects. A label set L, is the set of possible labels that are applied to an element in
F. A training set T C F X L, is a labelled categorization example. Usually one can assume
the correct set of labels are produced by a “correct” predictor h* : F — L. The goal of the
algorithm is to learn a predictor h : F — L that is capable of labeling elements. In order to
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measure how well a given predictor behaves, it is useful to define a loss function, that in the
case of binary classification, i.e. L = {—1,1} is

tr(h)= B [R(f) = h*(P)] . (2.20)

Here f ~ p(F) denotes that the samples f are sampled with a probability density function p
over the set F. This expression denotes the probability that the tested predictor h is wrong
on a given sample. It is worth noticing how such a figure of merit depends on the chosen
probability distribution.

Another common use-case of [MLlis function approximation, i.e. regression. Specifically, the
goal of the training algorithm could be to output a function h : F — R approximating an
unknown target function h* : F — R. Again, a training set T € F X R is provided. Several
possible loss functions exist, for example

— A 2
tr(h) _anF) (h(f) = B* ()", (2.21)
(W= E_[h(f)-w(), (222)

respectively called the mean-square error and mean absolute Z-score. The choice of function
dictates how errors are weighted. For instance, equation tends to penalize large errors
compared to equation (2.22). The choice of loss function has a strong effect on the algorithm.
Specific, problem-based tuning is sometimes necessary in order for the [ML]algorithms to work

properly.

2.2.2. Neural networks

In[MI] a common choice of predictor or of approximation function are neural networks (NNk).
An artificial is constituted by a set of interconnected neurons, usually implemented with a
perceptron (figure |2.11), defined as follows

y=0(w-xX+b). (2.23)

Here X € R" are the input features, while w and b are respectively called the weights and bias
of the perceptron, and 0 is a non-linear activation function. Common activation functions
include the rectifying linear unit (ReLU), the sigmoid function ¢ and the hyperbolic tangent
(tanh):

x, ifx>0
ReLU(x) = o, (2.24)
0, otherwise
() = — (2.25)
o(x) = , )
1+e™™
X _ ,—X 2x _ 1
tanh(x) = — = ¢ (2.26)

eX+e X  ex 41’
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Figure 2.11.: On the left, drawing of a perceptron showing the sum used to perform the dot product, the activation
function, and the weights and biases. On the right, a multilayer perceptron with two hidden layers and a
single output neuron. The sum and activation functions have been coalesced into the neuron node for ease of
representation.

Usually several perceptrons are grouped into a layer. The number of neurons in a layer is called
its width. The perceptron definition of equation (2.23) can be expanded to a layer function
h :R" — R™ by promoting the weights and bias respectively to a matrix and a vector,

j = h(%) = (WX +b), (2.27)

where 0 is now performed element-wise, W € R™" is the weight matrix and b € R™ is the

bias vector, as shown in figure

Several layers are composed together to form a[NNlknown as multi-layer perceptron (MLP).
Denoting the input layer X, the output layer ¢ is computed by chaining ! hidden layers {h;};—; ;.

each one denoted by a specific set {Wl, l;,-, 9,-} .y In this way, the MLPlis

i=1.

y=H() = h(h-i (.2 (h(%))...)) = (hio by o ... 0 hp 0 hy) (X) (2.28)

In order to train a one would need to find a set of weight and biases that minimize
the loss function. If the L2-loss of equation is taken as an example, an estimator can
be obtained by the substituting the expectation value with an average over the training set
T= {-7?1’ yi}izlmN[, thus glVll’lg
19 )
tr(H) =~ ) (H(E) ~ ). (2:29)

b=
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If one considers that H is defined by the combination of all its weights and biases W, one could

consider the loss as
def

(W) = er(Hyy). (2.30)

One could attempt minimizing this function via gradient descent methods. The idea behind
this class of methods is analogous to trying to reach the top of a mountain by following the
increase of the slope. This approach is in some cases guaranteed to reach the global minimum,
but strong requirements are necessary, for example the convexity of & (W). This kind of
strong constraints are not generally true, nonetheless a local minima is usually reached. A
basic gradient descent method iteratively computes the gradient of the loss, and updates the
weights accordingly according to a rule as

W — W —pVer (W), (2.31)

where 7 is a training parameter known as the learning rate.

In practice, directly minimizing the loss function is computationally intensive. This issue is
usually solved by means of stochastic or mini-batch gradient descent methods, where the loss
is computed respectively on single sample of the training set or on a mini-batch of samples
B = {X;, y;i}i=1..N,, Wwhere N}, is called the batch size and {x;,y;} € T. This has the additional
benefit of leading to a noisier update that can make the optimizer “jump-out” of local minimum,
in this way increasing the chance of reaching the global minimum.

If one tries to calculate the gradient of the loss, a fundamental for gradient descent, leads to
1 1
Viwls(W) = — > Vi (He () — 1)’ = — > 2 (Hy (%) — yi) VwHyo (31). 2.32
wlg(W) N, ; w ( W(xl) yl) N, ; ( W(xl) yl) w W(xz) ( )

Efficiently computing the gradient of the VwHy, (%), is thus fundamental in order to
effectively perform training.

The chain rule for the jacobian matrix V3(g o f)(¥) with f : R" — R™ and g : R™ — RF is

Vi(go /)(%) = Ve(g(N))Vz(f(X) (2.33)

In the case of [MLP] the gradient has a peculiar property. Specifically, thanks to the chain rule
of differentiation leads to

Vw,(hiohi_yo...0hyohy) = (Vihi(x))Vw,(hi-y 0 ...0 hy o hy). (2.39)
This expression can be chained iteratively until the i-th layer is reached

Vw,(hjo hj_y o ...ohy o hy) = (Vh(X))(Vz_ hi-1(X1-1))... Vi hi (%) (2.35)

At this point, using equation (2.27), one can directly calculate the jacobian matrices as being

Vihi(Xi) = (Vi0(m)) - W (2.36)
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Vwhi(X;) = (Vz0(m)) - X; (2.37)

One important property of equation is how, except in the i-th jacobian, all previous
derivatives are the same independently of the layer i we are differentiating. As such, based
on equations to a procedure, known as backpropagation can be devised, were the
gradient with respect to the weights and biases is computed iteratively from the output layer
to the input.

Modern [ML] frameworks as PyTorch [27], Tensorflow [28]], Keras [29] and Caffe [30] make
heavy use of this technique to efficiently compute the gradients. Specifically, a key concept of
these tools is automatic differentiation [31,|32], where the computation graph to obtain a given
value is used to reconstruct the gradients in a way that is totally transparent to the user.

The described in this section is widely employed and works well for some problems,
but it is fundamentally not aware of the underlying structure of the input data. In the last
decades several more advanced [NNl topologies have been developed, specifically to address
this drawback. For instance, if the input to the network is an image, the position of the pixels
and the scale is an important information that needs to be preserved. This is addressed with
convolutional neural networks (CNNk) (figure [2.12), where a smaller convolution kernel is
scanned over the image, creating a new representation called a feature map. This dramatically
reduces the number of parameters required for the operation: if a 256 X 256 pixel image is
provided, a simple [MLP| will require 65356 input neurons to process it. A[CNN]| on the other
hand, can use a first convolutional layer with size of 8 X 8, for example, that would lead to a
much smaller number of input neurons and thus of parameters. In addition, pooling layers are
usually applied, that are capable of further reducing the intermediate representation combining
clusters in the feature map. This method has the advantage of being able to perceive local
features, thanks to the convolutional layers, while it is still capable of having a comprehensive
large-scale perspective thanks to the summarizing effect of the pooling layers.

An additional kind of structured data is time-series data, for which recurren neural networks
(RNNE) can be employed. This kind of networks can encode an history by storing an internal
state that is updated during inference. Common implementations are the long-short term

memory (LSTM) (figure and gated recurrent unit (GRU).

2.2.3. Introduction to reinforcement learning

This introduction is based on [33,34].

Reinforcement learning (RL) is a subset of [ML] algorithms that treat the learning of an agent
from the interaction with an external environment (figure[2.13). Specifically, the agent receives
a set of observation from the environment and tries to choose the best action to increase a
cumulative reward signal.

In more mathematical terms, it is possible to model an environment as a Markov decision
process (MDP), a tuple comprised of (S, A, P, R, y), where S is the set of states, A is the set of
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Figure 2.12.: A schematic representation of a[CNNJis shown on the top part of this figure. An[LSTMlis represented
in the bottom part. Here x; are the inputs, h; and ¢, are respectively the hidden and cell state vectors. In this
notation, the rounded bubbles represent element-wise operations, while the square bubbles represent linear
layers followed by the depicted activation function.
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Figure 2.13.: Interaction of an agent with the environment. The agent receives an observation and provides an
action to the environment. Together with the observation, the reward of the last step is provided.

all actions. P denotes the transition probability from a state s to a state s’, provided the action
a was taken in state s

Psa,s/ =P[Sis1 =5|S: =5,A; = a].

In the special case where the state space is discrete, P can be described as a transition matrix.
The reward function R{ is defined as the expected reward obtained in the next time step given
the agent is in step s and took action a, i.e.

R? =E [Rt+1|St = S,At = a] .

(2.38)

(2.39)
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In order to consider long-term goals, the cumulative reward is defined as
Gt = Riy1 + YRp2 + }’th+3 +.= Z YiRt+1+i, (2.40)
i=0

where y € [0, 1] is the discount factor. This parameter is necessary to limit the divergence
of the cumulative reward by reducing the weight of future rewards. Two extreme cases are
possible. When y = 0, the only reward considered is the one of the next step, i.e. the cumulative
reward is evaluated in a short-sighted way. On the other hand, when y = 1, the evaluation can
watch arbitrarily in the future.

An important concept, that is embedded into equation (2.38), is the so-called Markov property.
Specifically, the assumption is that the current state and action, s and a, contain all necessary
information to define the transition probability into the next state. In this sense the history of
the previous states will have no effect:

P [St+1 = S,|St,At, St—1, At—1, St—2, As—2, ] =P [St+1 = s,|5t,At] . (2-41)

This is of course a very strong assumption. In real world environments it is uncommon to
know the state of the system to such high-degree that we are capable of predicting transition
probabilities. To circumvent this issue the partially observable Markov decision process

is defined as the MDP|with the addition of an observation state O and an observation
function Z, ie. (S,A,P,R,y, 0, Z), where

Zsal’o =P [Ot+1 = O|St+1 = S,, At = a] . (242)

Under this definition, one obtains observations that give some information of the underlying
state of the system, without possessing full knowledge of the environment. For the sake of
simplicity, in the following we only discuss the fully observable case O = S.

An agent learns a policy 7 defining the probability distribution over actions in a given state
(or observation)
n(als) =P[A; = alS; =s]. (2.43)

In order to evaluate the performance of an agent it is useful to define the value function v, (s)
as the expected cumulative reward if the agent is in state s and follows policy 7,

v:(s) =E[G;|S; = 5] . (2.44)

Similarly, the action-value function q,(s, a), is the expected cumulative reward in case the
agent picks state action a in state s, and then follows policy 7,

qﬂ(s, a) =E [thst =S, At = a] . (245)

One important property of these functions is the Bellman expectation equation:

Uz(s) = B [Rys1 + yur(Si41) 1St = 5], (2.46)
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Figure 2.14.: Diagram showing the two stages of [RLl with dynamic programming: policy evaluation (top) and
improvement (bottom). After several of these iterative steps the current policy and value function will be closer
to the optimum.

qr(s,a) = E [Res1 + yqn(Ste1, Arr1)|S: = 5, Ay = a . (2.47)
A remarkable property of this expression is how it connects the reward function, something
that can be evaluated by interacting with the environment, to the value functions, that are
fundamental to plan long-term strategies. As such, this provides methods to evaluate value
functions analytically, numerically and most importantly experimentally.

An early attempt at[RL] employed dynamic programming methods, which typically consist of
two stages and assume complete knowledge of the (figure [2.14). In the first stage, known
as policy evaluation, the value functions are computed based on the transition probabilities P.
The second stage, policy improvement, involves greedily improving the policy as

Tgreedy (s) = arg max Q(s, a). (2.43)

acA

This method can be proven to achieve the optimal policy 7* and value function V*. However,
the requirement of full knowledge of the [MDP]significantly limits the applicability of these
algorithms, as state transition probabilities are often unknown in general environments.

A following attempt at R[] was with Monte Carlo methods in discrete state spaces. In this case
the value function can be represented by a table, assigning to each state the corresponding
expected return. Given a sequence of state-action pairs (S, Ay), ..., (Sn, AN), the value function
can be empirically estimated by computing the expectation value of equation as an
average every time the agent visits a given state and takes a given action, likewise for the
value function. In order to implement this method, one would need to count the number of
times a state-action pair s, a is encountered N (s, a) and the sum of the cumulative rewards
after each visit S(s, a). The action-value function can then be computed as

_ S(s,a)
" N(s,a)’

Q(s, a) (2.49)

This expression is impractical because it requires to store and update a great number of
counters. It is possible to refine this method to update online, at the end of every episode.
When the state-action pair (s, a) is visited, the action-value function is updated as follows

Q(s,a) < Q(s,a) +a [G; - Q(s,a)] (2.50)
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where « is a parameter regulating the size of the update, usually in the range [0, 1].

This estimate of the action-value function can be used to obtain a greedy policy as described
in equation (2.48), a policy that at every step is trying to optimize the cumulative reward. It is
worth noting that this kind of policy will have the tendency to stick to non-optimal behaviors,
as it is trying to exploit the knowledge it already has. Dave Akin gives the following quote
“You can’t get to the moon by climbing successively taller trees.’ This quote was originally
applied to rocket development, but it also applies to[RLlagents: by exploiting a specific strategy,
the agent might be missing a more refined technique that could potentially be discovered by
additional exploration. This trade-off between exploration and exploitation is at the heart of

RL

One issue of Monte Carlo methods is they usually require a full sequence of action-state
pairs before being able to perform an update. This issue is overcome by the so-called time
difference (TD) methods. Here, instead of waiting for the rest of the state-action sequence to
compute the cumulative reward, the return is bootstrapped by using an estimate of the value
function. Specifically, the update rule now is

Q(S, a) — Q(S: a) +a [Gt - Q(S: a)] (2 51)
— Q(s,a) + o [(Re1 + yQ(St41, Ars1)) — Q(s,a)]
Here the quantity &; is conventionally known as the [TD}error,
def
8t = Rev1 +yQ(Se41, Arr1) — Q(s, a) (2.52)

This update rule is usually called Sarsa, given the tuple it needs to be performed: the current
state-action pairs, the reward give in the next step, and the next state-action pairs.

2.2.4. Modern reinforcement learning

The concepts described in the previous section can be extended in order to obtain more
generally applicable RJalgorithms. The first key idea concerns the representation of the value
or action-value functions. Initial applications used discrete spaces that allow the usage of
tables. This approach, though, is hardly applicable to the more interesting cases of continuous
observation and action spaces [33].

A powerful technique, known as deep-RI] uses the capabilities of NNl as general function
approximators in order to learn a value function. This can be achieved by using a loss function
that, for example, can be an mean-square error as in equation (2.29). One error that could be
used is the [TDl-error described in the previous section.

3 From https://spacecraft.ssl.umd.edu/old_site/academics/akins_laws.html
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One of the first such algorithms was deep Q-learning (DON) [5]. The main idea is to modify
the update rule in equation (2.52) as

def
5t* = Rip1 + }’Izlea} Q(St41,a) — Q(s,a). (2.53)

The addition of the maximum has the effect of learning the action-value function of the optimal
policy, i.e. the policy that achieves the maximum expected cumulative reward. The policy can
be obtained by by using the greedy policy defined in equation (2.48). Notably, this algorithm
was employed to train a to play Atari video games by processing the screen output.

An additional fundamental concept are policy gradients. Similarly to the action-value function,
also the policy can be directly parameterized as a probability distribution depending on a set
of parameters 6

me(s,a) =Plals,0]. (2.54)

This completely general definition allows the use of a[NNlas policy, the gradient of which can
be calculated based on the policy gradient theorem [33; 34]

VoL, = E [Vglogmy(s,a) Q(s,a)] . (2.55)

Several algorithms have thus two[NNk, one for value-function estimation and one for the policy.
This class of algorithms are called actor-critic. The agent has a policy, the actor, and uses the
insights provided by the value-function, the critic, to maximize the long term reward.

2.2.4.1. Deep deterministic policy gradient

[DON] albeit a fundamental step in the development of[RLlalgorithms, had the clear shortcoming
of not being able to treat continuous or high-dimensionality action spaces [35]. The deep
deterministic policy gradient (DDPG) algorithm [35} 36]] aims to solve this issue.

The learning of action-value function Q4 (s, a) is performed by creating a loss function following
the DON]loss (2.53) that at the same time enforces Bellman’s equation (2.47) through a target

value y:

= E — )2
L¢ (s,a,r,s")~D (Q¢(3, a) y)) ) (256)

y=r+yQ4(s,m(s))

Here D is the training dataset, composed of (s, a, r, s") tuples describing the transitions of the
system.

is an off-policy algorithm, meaning it is capable of learning from experience that
was gathered by a different policy than the current one. As such, a replay buffer of previ-
ous (s,a,r,s’) is kept and a mini-batch for training is extracted for each stochastic gradient
descent.
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The actor tries to learn the greedy policy defined in equation (2.48). The maximum is computed
by gradient ascent of

E Q(s.75(5)). @57)

In order to drive exploration, stochastic noise is added to the action. Several probability
distributions are possible, as an example one could use a normal distribution, albeit a very
common choice is the Ornstein-Uhlenbeck process [37]. One of the main advantages of
this choice is that consecutive samples are correlated, leading to gradual changes between
consecutive actions that could be desirable depending on the current environment.

The described update approach suffers from computational instability given the fact Q is used
twice in equation (2.56): one to evaluate the error, and the other to give an estimate of the
target value. Such an issue is addressed by having a copy of the actor and critic, called target
networks, that update more slowly as

¢target —71¢+(1- T)¢target

: (2.58)
gtarget — 10+ (1 - T) gtarget

where 7 < 1 and ¢rarger and Oarget are the coefficient of the target networks. In this way, the
target networks can be use to compute the target value equation (2.56).

2.2.4.2. Twindelayed DDPG

Depending on the problem at hand, can achieve high-performance, but it is frequently
unstable with respect to the choice of its hyperparameters [38]]. To overcome this the twin
delayed DDPG (TD3) algorithm [39] is frequently employed.

Compared to this algorithm adds two main ideas: double Q-learning and target policy
smoothing. Specifically, two action-value functions, {Qixﬁ}i are used, each one learning
from the same target

=1,2’
y=r+yminQis,. (s,a). (2.59)
=1,

This technique reduces the chance of overestimation, by choosing the lower one of the two
functions.

Moreover, the action used to compute the target y of equation (2.59), uses a smoothed, more
stochastic version of the target policy, that is clipped to maintain it in the desired action
domain. This is necessary because, if a peak forms in the action-value function, this will be
exploited during the training of the policy, leading to inferior performance.

2.2.4.3. Proximal policy optimization
In the previous section, DDPG was described as an off-policy algorithm. On-policy algorithms,

on the other hand, can only learn from data gathered with the current policy. An example
of this class of algorithms is proximal policy optimization [40], that was derived from
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trust-region policy optimization (41} 42]]. A useful definition in this case is the one of
advantage function defined as

Ax(s,a) = Qr(s,a) = Vi (s). (2.60)

This kind of function is useful for driving the training of policy gradient algorithms as it
measures how a given action a taken in the current state s is beneficial compared to following
policy 7. In based on the documentation found in [38]], the update rule is taken as
follows’]

mg(als)
o, (als)’

In the formula above, 6 and 6y respectively represent the previous policy parameters and the
new ones. This equation seems complex, but the idea is fairly simple: the clip function limits
the size of the update steps. In this way, the difference between the current and new policy is
limited, improving the stability of the algorithm by avoiding sudden and often detrimental
changes to the policy.

MA (s,a),clip

L(s,a,0,0;) = min
(5000 = min | 2 Gafsy

1-¢1+ 6) A”9k (s, a))) . (2.61)

The critic (or value function network), is updated based on the loss function

T
A \2
Ly=) (V¢(st) - Rt) , (2.62)
1=0
where R, is the reward-to-go, i.e. the sum of the rewards from the current time step ¢ up to
the end of the episode.

is currently a widespread algorithm thanks to its good convergence behavior and its
stability with respect to variation of its hyper-parameters. Being an on-policy algorithm,
though, leads to it being generally less sample efficient, meaning it usually requires more
interactions with an environment in order to obtain a fully trained agent. Thus it represents a
good choice for environments that are inexpensive to train on or that are fast to simulate.

2.2.4.4. Soft actor-critic

A different approach to balance the exploration-exploitation in[RLlis entropy regularization.
This approach uses the definition of entropy for probability distributions

H(p) = E [-logp(x)], (2.63)

than in layman terms can be considered a way to quantify the “randomness” of a given variable.
In this case, the value function is modified to include a bonus proportional to the entropy of
the policy, i.e.

Va(s) =E | ) (Ruier + aH(x(:[s1))| (2.64)
k=0

* There are actually two implementation of [PPCtclip and [PPOlpenalty. In this work PPOlclip is described,

as it is more easily understandable.
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where « is a parameter setting the trade-off between the entropy and the value function part.
The action-value function is defined in a similar way.

An example of an algorithm using this training method is soft actor-critic (SAC) [43[]. It
includes several ideas shown in[DDPG] like target networks and a replay buffer, while adding
a double Q function as shown in[TD3| The target values are updated to include the entropy

part as in equation (2.64).

is now widely adopted for its higher sample efficiency compared to on-policy algorithms
like though it requires more computation time and careful hyperparameter tuning. This
creates a trade-off between computation time and sample efficiency, a crucial consideration
when applying [RLl techniques to real-world problems.

2.2.5. The current library landscape

A fundamental factor leading to the widespread adoption of [ML]techniques is the availability
of high-quality user-friendly libraries that allow the deployment of standard algorithms in a
handful of lines of code. In this section, a brief overview of these frameworks will performed
with the focus of highlighting the most important features for this work. A similar effort
has started for originally intended to provide a baseline algorithms for reproducibility
purposes, now proves as an invaluable resource in the adoption of the complex [RL] techniques
in the real world.

2.2.5.1. Neural network libraries

Most of the key players in[MIL] both companies and research institutions, have developed a
series of libraries to ease the implementation and training of [NNk. As discussed in section[2.2.2]
a non-comprehensive list of these frameworks is: PyTorch [27] developed by Facebook, Tensor-
flow [28]] developed by Google, Keras [29], independent and now serving as frontend for other
librariesﬂ Caffe [30]] developed by Berkley Al Research and JAX [44] developed by Google.

Most of these libraries are either native Python libraries, or offer a Python wrapper. For
example, PyTorch is a wrapper of the C++ Torch library. One of the main reasons leading
to this design choice is the expressiveness of the language, paired with its wide variety of
libraries, allowing a seamless extension of functionality. Python is an interpreted language,
and is thus penalized in some cases due to the performance hit of interpreting the source code.
This issue is solved by its ability to include C or C++ compiled source code and integrate it as a
library. In this way, the performance critical NNl inference and training code can be developed
in low-level languages with a high degree of hardware-aware optimizations, circumventing
the performance hit due to the interpreter.

A key functionality of these libraries is [GPUlintegration. [GPUk of which a more comprehen-
sive discussion will be performed in section are devices that allow performing highly

> Later Keras was merged with Tensorflow. Currently PyTorch, Tensorflow and JAX backends are available.
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parallelized arithmetic computations. Their debut in the field started with AlexNet [1],
where the training of a large [CNN| was performed thanks to the high speed computational
capability of these devices.

Both PyTorch and JAX are currently offering just-in-time compilation capability. This
means that on the first call of a properly annotated function, this is converted into native
implementation that is compiled, allowing a considerable speed-up compared to the interpreted
version. In both libraries it is possible to J[TT| compile the backpropagation.

The libraries described in this subsection serve as the basis for a variety of other libraries,
implementing, for example, RI] algorithms. Additionally, their high-speed and easy to use
implementation of a matrix-matrix multiplication is employed in fast simulations, that can be
employed for training [RLl agents [45].

2.2.5.2. Reinforcement learning libraries

The algorithms that have been described in the previous section are complex. Their actual
implementation is also nuanced and requires the careful attention of an expert versed in the
algorithm.

In reference [46]], the history of one of the standard implementations of the algorithm
is discussed. One striking take-aways of the article is how the reproduction of [RL] results
is non-trivial, as the algorithm does not fully capture the complexity of how the training is
performed. For example, there are several ways one could implement a stochastic policy for
Specifically, the actor network is completely separate from the critic, and Gaussian noise
is added to the output of the network. During implementation, one could have opted for the
variance to be output by the neural network, i.e. to be state-dependent, as it is in fact often
used for[SACl On the other hand, a state-independent variance was chosen. This choice did
not lead to a particular performance variation, but other design choices, for example the way
advantages are normalized, can have severe impact on the final effectiveness.

For this reason, a standardized implementation of RL] algorithms is maintained in order to
have a reproducible starting point, the Stable-baselines 3 library [47]. Incidentally, this library
greatly benefits research that tries to apply RLIto specific problems, removing the burden of
self-implementing a very nuanced complex algorithm.

An additional common issue encountered when developing, testing or applying [RL]algorithms
is the representation of the environment. As discussed in section|2.2.3} an environment accepts
an action and provides an observation and a reward. The OpenAl Gym library [48] provides
exactly this functionality, becoming the de-facto standard in[RL|for environment representation.
Currently the project has been forked and is being maintained as the Gymnasium library [49]].
In addition to providing some standard benchmarking environments, the library allows to
easily apply wrappers, that can range from applying specific normalizations to the input and
outputs of the environments, all the way to instantiating several environments in parallel to
obtain training data more efficiently.
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Current RI]algorithm libraries are designed to accept a Gym or Gymnasium environment, in
this way offering a standardized interface for the user. Albeit originally intended for simulation
training, it is now also possible to wrap a real-world environment into a Gymnasium object,
in this way allowing the application of baseline algorithms directly to the real-world [50].

2.2.6. Applications of reinforcement learning to large-scale facilities

has been successfully applied to a wide range of large-scale facilities, a portion of which
are particle accelerators. The reinforcement learning for autonomous accelerators
collaboration [51]] was created to share expertise between different centers in order to facilitate
the application of these techniques. In [50], for instance, an agent was used to steer the beam
in a linear accelerator in order to obtain the desired position and beam size. Notably, the agent
was several times faster than a human operator. Another work focusing on particle accelerator
control is [52, 53]: policy gradient techniques are successfully applied to the optimization
of the FERMI free electron laser (FEL). Reference [54] optimizes the gradient magnet power
supply of the Fermilab booster by training the agent on a surrogate model, mimicking the
behavior of the real environment, and then deploying the trained agent into an[FPGAlin order
to achieve low-latency inference. This methodology will be more thoroughly discussed in
section Beam current optimization based on a surrogate model of the LEIR accelerator at
CERN was also carried out in [55].

In 7] an agent is trained to control the plasma configuration of a tokamak fusion reactor,
showing unprecedented control capabilities. The agent is trained on a high-fidelity simulator
and deployed in a real-time system. Similarly, despite using more advance techniques, [56]
tunes the AWAKE accelerator at CERN.

Simulation studies for controlling the described in section [2.1.4) at [KARAl was carried out
in section This work attempts to train an agent to measure the [CSRpower signal and
stabilize it by acting on the RF or bunch-by-bunch (BBB)) feedback system cavities. Testing these
methods on the accelerator was unfortunately not possible at the time due to technical issues,
namely that the time constraints on the agent action where to strict for the implementations

described in section[2.2.5.1]

A common pattern in most, but not all, of the work discussed is the use of a simulation to
perform training. In most cases, training on the large-scale facility would be prohibitively
expensive, as a lot of algorithms are not very sample efficient. This issue is usually circumvented
by training on a simulation that is usually quicker than the environment. Sometimes, a high-
speed simulation can be a[ML] model trained on historical data gathered on the environment.
One of the main issue with this approach is that the inevitable differences between simulation
and real-world can adversely affect, and sometimes completely hinder, the performance of the
trained agent. Several techniques have been proven effective to bridge this sim2real gap.

A special case where direct training on the environment is possible will be treated in chapter|[3]
while the technical difficulties that are encountered and the systems necessary to overcome
them are analyzed in section
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2.2.7. Summary

The mathematical basis of was discussed, together with the structure of and the
backpropagation algorithm used to train them. These techniques can be applied to control
problems through The idea of this learning paradigm is based on an agent that learns
a policy, in order to maximize a reward through interaction with an environment. The
environment provides observations and accepts actions. The reward is chosen during the
definition of the RL] problem and it allows to define what kind of outcome should be achieved
by the agent.

Modern [RT] algorithms have been described, together with their underlying structure, such as
the actor-critic architecture, were an actor chooses the actions to be applied on an environment
while the critic predicts the expected return.

A brief overview of current state of the art[ML]and RI]libraries serves as a way to introduce
the current methods employed in the field. Several applications to large-scale facilities already
exist, but they all suffer from the sim2real gap. Given RL algorithms usually require large
amounts of data in order to obtain a working policy, they are usually trained on a simulated
copy of the real-world environment under study. This make experimentation easier but creates
issues when transferring back the learned policy to the real world, as subtle differences in
the behavior of the real and simulated environment can hinder, or completely destroy, the
performance of the agent.

2.3. Computing devices

Almost any aspect of modern society is heavily reliant on the processing of information. It is
thus of no surprise how several different devices address the variety of requirements of this
process. In the current chapter, an overview of the most relevant computing devices is carried
out, with special focus on system that allow low-latency and real-time processing.

2.3.1. Processing units

This section is based on [57, 58].

The main processing unit of a computer is commonly referred as central processing unit (CPU).
These devices process a set of instructions that act on data. A[CPUlis comprised of a control
unit, responsible for instruction decoding and keeping track of the program execution state and
an arithmetic logic unit (ALU) that interacts with some registers used to store information, and
a memory unit. This structure is known as the von Neumann architecture [59]], meaning data
and instructions are stored in the same memory unit, called random access memory (RAM).
In order to be processed, information needs to be loaded in registers, a specialized memory
structure within the that allows quick access.
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A fundamental step in the working of a processor is instruction decoding. Specifically, the
control unit must direct the on how to modify specific registers based on the stream
of instructions corresponding to the program currently under execution. This program is
usually stored in memory and accessed during execution. Some architecture, as the extremely
widespread x86-64 bit architecture, require complex decoding operations. Two classes of
architectures can be described based on complexity: reduced instruction set computer (RISC)
and complex instruction set computer (CISC). The way of achieving higher performances are
orthogonal: for the same operation, a might have to perform a set of small, simple,
instructions that can be highly optimized. A [CISCICPU] on the other hand, might be able to
perform the operation with a far inferior number of instructions, but the final computation
time could be comparable, as the more highly optimizable instruction can be potentially
executed faster.

Modern [CPUk work in a pipeline, i.e. if instructions are not dependent on each other, as in the
case where they are operating on different data, they can be scheduled before the previous
one has completed execution. Furthermore, if two instructions are entirely independent, they
can be executed in parallel. This is known as instruction level parallelism. An additional
layer of parallelism stems from the fact that most modern[CPUks have several cores capable of
processing in parallel. Moreover, several computing architecture added the concept of vector
processing, or single instruction multiple data (SIMD)), where a single instruction is capable
of operating on multiple data values in parallel. In summary, there is what one could call
a parallelism hierarchy: a single instruction can operate on several data at the same time,
several instructions can be executed in parallel, and there are several cores executing individual
instructions.

Additionally, when there are branches in the execution, e.g. when the execution could po-
tentially jump to a different part of the instruction memory, the decoding unit can speculate
which branch is actually taken. If the then finds out that was the incorrect branch, the
state is rolled back and the correct branch is taken. This speculative execution scheme can be
extremely performant when the branch is predicted correctly.

Graphics processing units (GPUk) were devices originally meant to facilitate the drawing of
images on a screen. They comprised a set of simple instructions that could be executed in
series to produce an output frame on the user screen, allowing the [CPUlto then perform other
operations in the mean time. To this regard, they can be considered as a co-processor.

Modern|GPUk are a fundamental component of computing systems. They are usually memory-
mapped devices that are conventionally connected through the peripheral component inter-
connect express bus. These devices offer efficient in-silicon implementation of specific
algorithms, for example video en/decoding or ray-tracing.

They are constituted of lattice of small processor capable of computations. The number
of processors in modern architectures can reach several thousands. These cores share high
bandwidth memory that is on device, and usually exhibit the cache level structure described
in the previous section. The programs executed on these co-processors are usually referred as
compute kernels. The computation capabilities of these devices has become similar to the one

of [CPUk, and thus obtained the name of general purpose GPU (GPGPU). Data can be loaded
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Figure 2.15.: Schematic representation of an [FPGAllattice (left) and of a[CLB| (right).

from the [CPU memory into [GPU memory. It is worth noticing how [GPUs are optimized for
a specific kind of computation: large amount of data that is processed in a highly parallel
way. Starting computing kernels can produce considerable overhead, so computation of small
batches of information can incur in a considerable performance penalty. These tradeoffs will
be more exhaustively discussed in section

Several programming frameworks are available and allow the definition of kernels and data
exchange between the main computer and the A general platform independent
framework is OpenCL [60]. The two main producers of also provide their own
systems: Advanced Micro Devices, Inc. (AMD)) offers ROCm [61], while Nvidia Corporation
provides CUDA [62]]. These frameworks greatly facilitated the adoption of’ in[MIJand are
now a de-facto standard computing platform for the training and inference of large models.

The computing platforms just described are based on application specific integrated circuits
(ASICk). This means that once the device is produced, no modification can be performed on
the logic that has been placed in the chip. During prototyping this could be undesirable, as
production is expensive and requires a considerable amount of time.

One alternative architecture is that of F[PGAL. These devices are constituted by a great number
of configurable logic blocks (CLBk) that are placed in a mesh and are interconnected by
programmable switches (figure [2.15). In general, each of these cells contains at least a look-up
table (LUT), a completely programmable n-bit logic functiorﬂ and a flip-flop. A flip-flop is a
memory element that allows the synchronization of digital signals to a reference clock signal.
The production of clock signals at a desired frequency, is thus a key component of digital
designs, not only of [PGAk. Additionally, it is frequently useful for the generated clock to
have a well known phase and frequency relation with respect to a reference signal. This can

6 Newer architectures allow a high number of inputs. The Versal platform that will be described in section
has 6-bit[LUTk.
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Figure 2.16.: In the top part, two logic blocks having different propagation delay produce a glitch at the output of
the exclusive nor gate. In the bottom part, the introduction of flip-flops, sampling the signal aligned with the
clock rising edge, removes the glitch.

be obtained via a phase-locked loop (PLL). A simple [PLLl would operate as follows. The device
has an internal voltage controller oscillator (@Iﬂ whose output signal can then be compared
with the reference, obtaining the relative phase between the two. Such phase signal is then
filtered and applied as a control signal to the This creates a feedback loop with the
following effect: if the output starts to lag with respect to the reference, the phase signal will
start to differ from zero. This will increase the frequency of the VCOlso that the output signal
can “catch-up” with the reference and resynchronize. [PLL are a key component within an
FPGAI

Combinatorial logic, digital circuits that are not synchronized to any clock, can easily exhibit
glitches due to different time delays in the data paths, as shown in figure If these
phenomena are not properly considered, the system might not work. A clock signal allows
signals to be sampled and to vary at precise times, in this way removing glitches.

For signal processing and [MI] applications, multiplications are key operations that need to be
executed several times. Implementing multiplications with [CLBk requires a lot of resources.
[FEPGAl designers overcome this issue by including special digital signal processing cells
that are optimized to perform multiplications. Modern designs can also operate on floating
point numbers. Additionally, storing memory in is usually inefficient, as the memory
element in the cell, the flip flop, only stores a single bit. Storing any meaningful amount

7 The[VCQlusually operates at high frequency, so its output clock is usually divided before use.
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of information would thus utilize a great number of resources. Special cells are thus
included, allowing efficient data storage.

In order to exchange data with external devices, usually have a number of serial
transceivers. These blocks implement a serializer-deserializer architecture, taking parallel data
from the lattice and outputting the corresponding high-speed serial signal on one output pin.
Similarly, high-speed serial signals can be converted into lower speed parallel signal, that are
more easily processable. In some cases, the protocols required for external communication are
complex to implement with the limited logic resources available. Several modern architecture
supply special blocks developed on-silicon to offload part of the computations required. An
example of these are the 100 gigabit Ethernet modules in the AMD-Xilinx Zynq Ultrascale+
family of devices [63].

In recent years, it has become evident that different devices approach computing in distinct
ways. A [CPUlprocesses tasks in a linear and sequential manner, making it highly effective for
sequential workloads. In contrast, operate in a parallel-sequential fashion, excelling at
highly parallelizable tasks but offering relatively low performance for individual operations.
Meanwhile, enable spatially-parallel computation. To leverage the complementary
strengths of these technologies, system-on-chips (SoCs) were developed, integrating an [FPGAI
and a commonly referred to as programmable logic (PL) and processing system (PS),
respectively. In this setup, the manages and configures the [PL] which can be accessed by
the [CPUlas a memory-mapped device. In this way a single platform can achieve the best of
both approaches, with processing units capable of addressing sequential and spatially parallel
tasks.

This architecture can be naturally extended with several modules. In order to manage their
communication a packet-based switching and routing system called network-on-chip (NoC),
described in greater detail in section [2.3.2.3] has been included in modern devices. This allows
the [PS and [PL to share double data rate memory of the system. Additionally,
these devices have reached physical sizes where routing data through the lattice has become
impractical, and fast streaming communication can be routed through the

have very different architecture compared to a[CPUl Naturally, the programming stacks
also reflects the difference between the two devices. Hadware description languages (HDLk)
are a special set of programming languages that, as their name suggests, are meant to precisely
describe the functionality of a digital logic circuit. The two most commonly used [HDLks are
Verilog [64] and VHDL [65]]. In order to implement a given design on the device, a synthesis
stage, converting the described logic into gates, is required. After this, the synthesized
design undergoes an implementation stage, where the logic gates are translated into the actual
hardware resources available, i.e. in the of the and the switch matrices are set.
Timing constraints are also applied and verified to ensure the functionality of the system.
If this process is successful, the can be programmed with the generated bitstream. A
logic block performing a specific kind of task is called an intellectual property (IP) core. This
name originates from the fact that it is usually licensed, and as such they are the intellectual
property of somebody.
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require different programming techniques compared to conventional procedural pro-
gramming languages, rendering access to computing more difficult for the average
programmer. To overcome this high-level synthesis (HLS) toolchains [66] are provided by the
biggest FPGAl manufacturers, allowing the conversion of properly written C/C++ functions
into fully functioning [Ps.

2.3.2. Data transfer techniques

A fundamental aspect of computing is the way data is transferred to/from the processing unit.
The most widespread form of data transfer is the one concerning memory.

As an example, figure shows the memory structure of a[CPUl Loading and storing data
fromRAMlis an expensive operation, thus several cache layers are added in order to speed
it up. A modern has three layers of cache, L1, L2, and L3, where lower number means
closer to memory. In some architectures there can be two separate L1 caches, one for data and
the other for instructions. When a load operation is performed, and the requested information
is not present in cache, an occurrence known as a cache miss, the data needs to be fetched
from the underlying cache layer, with a performance penalty. If information is not present in
any layer it will have to be retrieved from memory.

To operate on memory, the uses addresses to reference different memory locations. Some
devices, known as memory-mapped devices, can also be accessed by the as memory
locations at specific addresses within the physical address space. In earlier computing systems,
memory was a highly valuable resource. When operating systems (OSk) began supporting the
execution of multiple programs simultaneously, each program was allocated its own portion
of memory. This memory remained allocated to the program even when it was not actively
executing, limiting the efficient use of available resources. To address this issue, a mechanism
for saving the memory allocated to a program to persistent storage (e.g., a hard drive) was
introduced, allowing memory to be reclaimed and used by other programs. This innovation
led to the concept of a virtual address space. When a program accesses a specific memory
address, the [OS] translates this address into a physical memory location using a page table.
A page, in this context, is the smallest unit of memory the [0S can allocate. By modifying
the entries in the page table, the [0S can dynamically redirect a program’s memory accesses
to different physical locations. This flexibility is especially advantageous when a program’s
memory is saved to disk while the program is inactive. When the program needs to resume
execution, its memory is reloaded from disk into a potentially different physical location, and
the page table is updated to ensure that all virtual addresses continue to point to the correct
data. This seamless mapping allows programs to function as though their memory was never
moved. Modern system have access to extremely wide address spaces, with x86-64 architecture
processors being able to address 256 TiB, with future extensions capable of reaching 16 EiB.

In order to avoid spending execution time for transferring data to and from memory, the
concept of direct memory access (DMA) was introduced. A[DMAIunit takes a descriptor, given
by the indicating how much data should be transferred and between which addresses or
data streams, and copies data until completion without the need of intervention from the [CPULl
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Figure 2.17.: Schematic example of a possible architecture, showing how each core has their own internal
compute units, registers, and cache. Different cores share the level 3 cache. Through the [OMMU]they can access
the main system memory and the various input/output devices.

are widespread within a computer architecture. They are usually included both in the
[CPUlitself and in some peripherals. One example of such hardware is based on the PCIe|bus, a
widely available memory-mapped interface. A endpoint can copy data via[DMAlinto the
system memory and vice versa. This is commonly used in devices like network cards to fill
packet buffers so that the can process data in batches instead of having to continuously
operate on a stream. In order to protect the system from malicious hardware, several systems
implement an input/output memory management unit ([OMMU) that is able to provide virtual
addresses to and verify that data is read and written from allowed memory regions.
This unit is also responsible for memory paging.

2.3.2.1. [AX14

This section is based on [[67, 68].

In order to reliably and modularly interconnect different components of a digital device, it
is fundamental to define a communication protocol. For AMD-Xilinx programmable logic
devices, the advanced extensible interface 4 (AXI4) protocol was chosen. Three kinds of
interfaces are commonly used in these systems: [AXI4}-Stream, and [AXT4} Lite.

[AXT4}-Stream is a point-to-point protocol connecting a single master to a slave. Given its
simplicity and the fact that several ideas are reused in the other two interfaces, it will be
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Figure 2.18.: Example signals of an[AXI4}Stream bus. Between edge 0 and 1 the slave asserts TREADY, signaling
it can accept data. Data is only transferred in edge 2, when TVALID is asserted. At that time, the master is ready
to produce more data, but it has to wait for TREADY to be asserted again. At edge 7 the last transition of the
packet is performed, with TLAST asserted.

described first. In a basic implementation, five signals are employed: clock, reset, TREADY,
TVALID, and TDATA. The edge of the clock, conventionally the rising one, is used to register
the values of the signals, as previously discussed in section[2.3.1] When reset is asserted the
logic is brought into a known state. The standard specifies that the reset is active-low. TVALID
is asserted by the master when the data on TDATA is valid, while TREADY is asserted by the
slave to indicate when it is capable of receiving data. When both TVALID and TREADY are
high, a handshake occurs indicating the data contained in TDATA has been transferred, as
shown in figure In order to avoid stalls, only the slave is allowed to wait for the master to
set TVALID, while a master is not allowed to wait on a TREADY. The standard allows several
other signal to bring side-channel information. For example, TLAST indicates the boundary
of a packet. TKEEP is employed to indicate which bytes of TDATA remained valid. Several
other facilities to transport user information (TUSER), to identify the stream (TID), to indicate
a destination (TDEST) are described in the standard.

[AXT4lis a protocol allowing memory-mapped communication from a master to several slave
components. Compared to [AXI4}Stream, that has a single transaction channel, [AXI4] has five:
read address (AR), read data (R), write address (AW), write data (W), and write response (B).
The standard allows transferring data in “bursts”, meaning the master creates a transaction
request in the address channel by specifying the start address and size. Several read or write
data transfers can occur based on this request. A read transaction, shown in the left side of
figure works as follows: the master sets the address on the ARADDR signal, together with
the number of transfers to read (ARLEN). The ARBURST signal describes the how the provided
address is incremented in each transfer. FIXED mode continuously reads the same address,
while INCR mode reads a sequential region starting with the provided addresses. Additionally,
WRAP behaves as INCR but wraps back to the start address when a given limit is reached. An
ARVALID and ARREADY handshake is used to register this data, exactly as in [AXI4}Stream.
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Figure 2.19.: Diagram describing the [AXT4] read (left) and write (right) transactions. In a read transaction the
master uses the AR channel to send the address to be read and the parameters as burst size and type. The slave
responds by transferring the data on the R channel. Similarly, in a write transaction the request is produced
by the master on the AW channel. The master then places the data to be written on the W channel. The slave
responds with the outcome of the write operation on the B channel.

The read data will be produced by the slave on the R channel. A write transaction proceeds
analogously (right side of figure [2.19). A descriptor is provided in the address channel AW and
the data is then placed on the W channel. The main difference is the presence of the write
response channel, where the slave signals the outcome of the operation. It is worth noticing
how the protocol allows for a slave-dependent number of outstanding transactions, meaning
several can be scheduled without the data being yet provided.

Some devices might benefit from memory-mapped addressing without the need of the high-
performance burst transaction capability just described. The [AXI4}Lite protocol targets this
specific use case. It represents a subset of the [AXI4] protocol where all burst lengths are 1,
and all data accesses use the full width of the bus, i.e. 32 or 64 bit. This greatly simplifies the
design and reduces the resources necessary for the implementation of a component. One of
the main use cases of this protocol is for defining configuration registers of [[P| cores, so that
they can be accessed by a[CPUL

A fundamental aspect of [AXI4] and [AXI4}Lite are interconnects. These components allow
the connection of multiple masters with several slaves. One of their fundamental tasks is
performing the routing of transactions to specific slaves, depending on the design choices of
the implementation.

2.3.2.2. The AMD-Xilinx Versal™ Heterogeneous Platform

As discussed earlier in this chapter, different computing platforms exhibit vast differences
in their capabilities. As such, depending on the application, there is no “one size fits all”
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Figure 2.20.: Simplified drawing of the architecture of a Versal™ device, showing the[NoCland how it interconnects
the computation units (Arm processors and[AlE]larray) and the interfaces.

solution. The AMD-Xilinx Versal™ advanced compute and acceleration platform [69]
was originally introduced to target cloud and edge computing applications. This device is
manufactured with the cutting-edge Taiwan Semiconductor Manufacturing Company 7 nm
fin field-effect transistor process [70]. A simplified drawing of the architecture is shown in
figure[2.20} It could be considered an extension of the[SoClarchitecture described in section[2.3.1]
with the addition of a programmable [NoCl and of an Al Engine (AIE) arrayf} Specifically a
dual-core Arm Cortex-A72 processor is paired with a dual-core Arm Cortex-R5F real-time
processor. These units access memory through the that can interface to memory
controllers. Both the FPGAland the [AIE] can also access memory through the allowing
seamless operation. In this way, all processing units can access memory in a fashion
tailored to their requirements. This is achieved thanks to the capability of the to set
quality-of-service, latency and bandwidth constraints can be defined for different memory
accesses.

Additionally, several high-performance interfaces are available. On some devices of the
family, the high-speed transceivers allow reaching single-line transfer speeds of up to 32 Gbps.
Moreover, hardened [Pl cores allow the implementation of protocols as 100 Gb Ethernet [71]],
together with capable Gen4 transfers. Special defense-oriented versions also offer
high-speed cryptographic cores and random number generation.

2.3.2.3. Network-on-chip

When developing designs targeting heterogeneous platform, the orchestration of data transfers
between different units has profound impacts on performance. As discussed earlier, Versal™
has several processors and computation units that share the same memory controllers through
a[No( [72], as shown in the left side of figure

The main components of the are the NoC master units (NMUs), NoC slave units (NSUs),
and NoC packet switchs (NPSk) (right side of figure|2.21). Each computation unit, e.g. the [AIE]

8 Al in this case stands for adaptable engines, not artificial intelligence.
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Figure 2.21.: Simplified schematic showing the structure and functioning principle of the On the left side,
the Versal™ architecture is shown, highlighting the presence of vertical and horizontal NoCk, together with the
and [NSUk in the [PL] [PS] [ATE] array, and memory controllers. On the right side, an example connection
between two [AXI4|[P] cores is shown. [AXI4] requests are converted to [NoC] packets that are routed through
several switches.

array, the and the [PL] all have and [NSUs that they can use for transferring data
through the In this way, the serves as an advanced network allowing high-
speed data transfer with switching and quality-of-service to manage transaction priorities.

An[AXT4 master is connected to a[NMU] taking care of the clock domain crossing and packing
the transaction into a[NoC packet. This data is then routed by one or more [NPSl taking care
of the quality-of-service and packet arbitration. Several different traffic classes are available
targeting low-latency or best-effort use cases. Finally, a[NSU| converts the packet into
and transfers the reply of the slave. A special kind of slave are the one connected to a
memory controller. A command queue is present that allows sorting the commands sent to
the memory based on their traffic class.

The Versal™ device is partitioned in vertical and horizontal NoCk. The horizontal is
placed at the top and bottom of the die and connects the memory controllers, the processors
and the array. It is connected to the vertical that interfaces to the [PLl

2.3.3. Real time computing

This introduction is based on [73].
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Figure 2.22.: Comparison of the single person (top) and pipelined work schedules (bottom). It is worth noticing
how the latency from the input stage S1 to the output S4 in both cases is identical. The throughput, on the other
end, four times higher in the multi-worker example after the initial “priming” stage.

When designing a data processing system, it is typically necessary to meet certain constraints
dictated by the application. For instance, the processing unit must be capable of handling all
incoming data within a specific time frame. The amount of data processed per unit time is
termed throughput, and such a requirement is known as a throughput constraint. Similarly,
some systems may demand that a particular computation be completed within a predefined
duration. The interval between feeding input data into the processing unit and obtaining the
output is called latency, leading to what is known as a latency constraint.

These two concepts are related, but can differ substantially. A classic example that can shed light
on the difference is the one of a production plant, as shown in figure A given appliance
can be produced by a worker in about four hours. During an average eight hour working
day, the worker will thus produce two appliances. We can thus consider the throughput to
be two appliances per day and the latency to be four hours. If we consider the same plant,
but the production of the appliance is divided into four steps of one hour each, four workers
could be assigned to each step. In this case, as soon as worker 1 finishes working on the first
product, they could immediately start the second. Noticeably, the latency of the process is
unchanged, a complete production still takes four hours, but some tasks can now be executed
in parallel, leading to a much higher throughput of an appliance per hour. It is worth noticing
what happens to this assembly chain when it needs to start from scratch: the last workers need
to wait for the first appliance to reach them. In this condition, the instantaneous throughput
is affected, as the chain needs to be properly “fed” in order to achieve the maximum possible
production rate. This structure in data processing is known as a pipeline.
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If one examines the requirements for the implementation of a system interacting with the
external environment, as a[RL agent would, it is possible to notice how both throughput and
latency constraints need to be taken into account. A task that has latency constraints, is usually
referred as a real-time task. These kind of systems usually need to be able to respect deadlines
for the time a given computation is completed. This has the striking effect of promoting the
time available for computations to a resource, much like the available memory and processing
power. Deadlines can be separated depending on the consequences of a missed timing deadline.
If, for instance, consequences are catastrophic (e.g. loss of lives), the deadline is said to be hard.
In the case where data coming after the deadline is not useful anymore, a deadline is firm.
Lastly, if the usefulness of the late information decreases with time, a deadline is referred to as

soft.

Real-time tasks can be divided in two classes: periodic and aperiodic, depending on their arrival
time characteristics. Additionally tasks might be composed of several sub-tasks that depend on
one another. As such, their scheduling is a complex problem that needs to be solved such that
all deadlines are met. In order to do so, real-time systems are usually required to be predictable,
meaning a given task is guaranteed to be handled in a given amount of time that is usually
obtained through simulations. As it will be more thoroughly discussed in the next section,
off-the-shelf consumer[CPUk are not meant to perform real-time computations. Functionalities
as caching and virtual memory paging, for example, can lead to spikes in latency that are
difficult to predict. Special real-time oriented architectures exist to increase the task
predictability.

2.3.3.1. Moving dataintoa CPU

In order to evaluate the performance of a consumer [CPUl for real-time task, a simplified system
was devised to measure the latency characteristics of communications between the [CPUI
and an external FPGAl To do so, a desktop computer based on an 11th Gen Intel® Core™
i7-11700 with 32 GiB of was equipped with an HighFlex2 board [74] carrying
an AMD-Xilinx Zynq Ultrascale+ XCZU11EG A firmware based on the Ultrascale+
Integrated core [[75] was developed, with the capability of monitoring a memory
provided by the host region via[DMAL

A drawing of the setup is shown in figure The computer runs an Ubuntu Linux 22.04
running kernel version 5.15 with a real-time patch. A kernel module was implemented
allowing the allocation of a single 4 KiB cache-coherent memory page that can be memory
mapped from user-space. After allocation, the address of this page provided by the
is communicated to the [FPGAl At this point the goes into polling mode, sending a
read request every 256 clock cycles, i.e. 1 ps of the double word sized (32 bit) reply request
memory region. When the value in this region changes, meaning the sent a reply request,
the increments an internal counter and writes the incremented value to a double word
sized reply send region. After the reply is sent, the goes back to polling mode. In the
meantime, the is polling the reply send region waiting for the reply coming from the
FPGAI
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Computer RAM

Reply request Reply send

HighFlex2 FPGA
CPU ‘ .
2. Send reques‘cjAAL T T 1. Polling

3. Wait for response
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Figure 2.23.: Drawing of the system with the various read and write operations. The FPGA continuously polls
the reply request region. As soon as a change is detected it sends a response by writing to the reply send region.
The starts a trial by writing a new value to reply request and then polling reply send until an answer is
obtained from the

Listing 2.1: Kernel boot parameters used for latency measurement isolating core 4 and 5 in an 8 core machine.
ro quiet splash skew_tick=1 rcu_nocb_poll rcu_nocbs=4,5
kthread_cpus=0-3,6-7 nosmt=1 nohz=on nohz_full=4,5
isolcpus=domain, managed_irq ,nohz,4,5 irqaffinity=0-3,6-7
intel_iommu=on iommu=pt intel_pstate=disable nosoftlockup
tsc=reliable vt.handoff=7

On the a user space program measures the amount of time it takes to obtain an answer
in the reply send memory region after it changed the value in the reply request region. The
time measurement is preformed by using the RDTSC timestamp counter. In order to minimize
the disturbances to this process, it is first of all executed on an isolated core, meaning that the
core is not used by the scheduler. Additionally, the kernel is in tickless mode, minimizing
the frequency of management interrupts obtained by the core to less than one per second.
Furthermore, the core affinity for interrupts is disabled. The full Linux kernel boot parameters
are shown in listing Several trials are repeated consecutively, and a histogram of the
latencies obtained is show in figure[2.24} Notably, the average latency is 1.11 ps, with a standard
deviation of 0.27 ps and a median value of 1.02 pus. The minimum and maximum latencies
observed are 0.88 pus and 8.92 s respectively.

The great majority of trials have latencies of roughly a microsecond. This value nicely
corresponds with the polling rate of the firmware. This rate cannot be increased as the
[Pl core provided by AMD-Xilinx only allows posting a limited number of read-requests. The
second peak structure around 2 ps in principle nicely corresponds to the trials where a second
poll was necessary. As shown by the second small peak at 8 ps, comprising < 0.05% of the
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Figure 2.24.: Histogram of the round trip latency between a[CPU and an[FPGA] via [PCIel for 10° trials. In a few
cases there are latency spikes around 8 s that are unwanted but bound.

trials, some latency spikes are nonetheless possible. At the time of writing, the source of these
spikes is unknown. Besides, it is worth noticing how a best case scenario would still lead to
microsecond level round-trip latencies. This number, not comprising any form of computation,
is high compared to the one achievable with more refined FPGAlbased system. As such, for
the rest of this work, the use of a conventional or for real-time tasks will not be
considered, focusing more on devices like the ones described in section

2.3.4. SpecializedML coprocessors

When models are deployed for day-to-day operation, their cost and sustainability are
strongly dictated by the energy efficiency of their execution. As discussed in the previous
sections, several different computing platforms exist, each with its own peculiar capabilities.
Nonetheless, they all try to perform a general set of operations. An alternative approach is
the use of computation accelerators, sometimes also referred to as artificial intelligence (AI)
accelerators. This class of devices targets the most demanding task of a given workload and
tries to compute it as efficiently as possible. The resulting electronics is not general purpose
anymore, but can attain a high level of energy efficiency.

A computationally intensive task is matrix multiplication, that is necessary for the inference
ofa as described in section Modern [CPUs are already capable of performing

instructions that facilitate[NN]inference. An example of these are the advanced vector extension
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(AVX)-512 vector neural network instructions (VNNI) introduced by Intel in its latest family
of processors [76]]. Such an approach heavily relies on the preexisting structures of the [CPU]
and can thus achieve only a limited power consumption gain.

An alternative architecture, specially indicated for matrix multiplication, are systolic arrays [77].
These structures are composed of a large number of simple data processing units referred
to as nodes, sometimes capable of performing only a multiply and accumulate instruction,
that are interconnected with each other. At each clock cycle, each node loads data from its
inputs and performs its computation, making the result available on its output. In this way, the
computation is built at every “beat” of the clock, leading to the name of this architecture. Google
named its hardware accelerators based on systolic arrays tensor processing unit (TPU) [78]].
Low-power versions of these devices exist that allow [MLl inference on the same edge system
that is gathering data. This has the additional impact of increasing privacy, as the data is
processed locally where the user has more control.

A completely different approach is analog computing. Instead of relying on a digital repre-
sentation of values, multiplications can in principle be performed by employing Ohm’s law
V = RI, where V is the voltage across a resistance R is traversed by a current I. If a device sets
the resistance to a desired amount, for example a representation of the coefficient of a neuron,
and a source sets the current to the input value of the neuron, simply measuring the voltage
across the resistor gives the result of the multiplication. This kind of technique is leveraged by
Mythic AI [79] to produce highly energy efficient edge devices.

Finally [FPGAL can be employed as a computation accelerators for NN] tasks that are not well
suited for and [GPUs. The AMD-Xilinx Versal platform described later in section
is, among other intended use cases, a promising [MI] accelerator. Coincidentally, RLl training
on is one of the tasks that benefits greatly from hardware acceleration, as it will be
discussed in section

2.3.4.1. Al Engine array

This section is based on [80,[81].

As discussed earlier, one of the great advantages of the Versal™ family of computing devices
is the availability of an[AIF]array allowing increased performance in multiplication-heavy
workloads compared to an[FPGAl This component resides in its own clocking domain, with
a nominal frequency of 1 GHz, that can optionally be increased to 1.3 GHz. The array is
constituted by a two-dimensional matrix of computational units referred as tiles. Each one of
these tiles contains an interconnect module, a memory module, and an [AIE] (figure .

The [AIEl is comprised of a 32 bit processor, two load units, one store unit, a vector
processing unit, and an instruction fetch and decode unit. The latter supports very large
instruction width (VLIW)),, meaning it allows issuing a separate instruction to each of the
aforementioned units. This is clearly visible in the two lines of [AIEl assembly shown in
listing separated by the semicolon, an instruction is issued to the each unit. If a unit is
not used, a NOP, i.e. no-operation instruction, is issued. The vector unit allows simultaneous
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Figure 2.25.: Schematic highlighting the main components of the [AIEl tile architecture, showing the memory
unit, [ATF] and [AXT4}Stream interconnect with a summary of their respective internal components.

arithmetic, logical, and permutation operations on vector lanes, on both integer and floating
point numbers. Multiply and accumulate (MAC) operations can thus be performed efficiently
and in parallel, as shown in table (2.1} A single tile, if programmed correctly, can reach perform 8
single precision floating point[MACk per clock cycles, a level of computational power superior
to current[FPGAIDSPIblocks. It is important to notice that this kind of performance can only be
achieved when the multiplication pipeline is completely full. Specifically, one operation
can be issued every clock cycle, but the output is produced with a latency of eight clock cycles.
The operands of these instructions are stored in the vector register file. This component allows
using 128, 256, 512 and 1024 bit vector registers. Additionally 384 and 768 bit accumulator
register are employed in integer vector operations. Each tile integrates a 32 KiB memory block,
divided into eight banks of 256 words x 128 bit, i.e. 4KiB. Each tile can address the memory
blocks of the tiles that in the array are located “north” and “south” of it, and either “west” or
“east”. As such, the total addressable memory is 128 KiB. The instruction memory is separate
from the data memory and allows storing 1024 instructions, each 128 bits long, for a total of
16 KiB. In some cases shorter instruction sizes are possible: when the computational units are
not completely used, more memory efficient encodings are supported. The two load units and
one store unit can operate simultaneously, albeit with a five cycle latency, on three 256 bit
words, provided they reside in different memory banks.

In order to efficiently execute loops, a special zero-overhead loop infrastructure is present.
Specifically, loop start, end, and count registers are available in the processor. When the end
pointer is reached, the processor automatically verifies if the number of necessary iterations of
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VLDA wrl, [pO]; NOP H
NOP

NOP ; MOV.u20 cho, #274960;
; MOV.s9 rll, #0; ST rll, [sp, #-24]; MOV.u20 chl, #0 ;

Listing 2.2: Example of [ATEl assembly showing the VLIW] structure of the instructions. Several NOP instructios
are visible, showing units that are currently not processing data, together with vector loads (VLDA) and register

moves (MOV).

Operand 1  Operand 2  Output MAGCk
(bits, type)  (bits, type) (bits, type) per clock cycle
8 real 8 real 48 real 128
16 real 8 real 48 real 64
16 real 16 real 48 real 32
16 real 16 complex 48 complex 16
16 complex 16 real 48 complex 16
16 complex 16 complex 48 complex 8
16 real 32 real 48/80 real 16
16 real 32 complex 48/80 complex 8
16 complex 32 real 48/80 complex 8
16 complex 32 complex 48/80 complex 4
32 real 16 real 48/80 real 16
32 real 16 complex 48/80 complex 8
32 complex 16 real 48/80 complex 8
32 complex 16 complex 48/80 complex 4
32 real 32 real 80 real 8
32 real 32 complex 80 complex 4
32 complex 32 real 80 complex 4
32 complex 32 complex 80 complex 2
32 float 32 float 32 float 8

Table 2.1.:[ATEI[MAC] per clock cycle based on the operand and result types.

the loop has been performed, and sets the instruction pointer accordingly to jump to the start
register or to continue the execution after the loop. This allows creating extremely efficient
loops that require no compare or jump instructions.

As shown in figure the tiles are distributed on a two dimensional array. Several communi-
cation schemes are available between tiles: streaming, cascade streaming, and window/buffers.
Streaming communication is based on four 32-bit wide [AXT4}-Stream ports, two for outputs and
two for inputs. Each stream has a first-in first-out (FIFQ) buffer allowing storage of up to four
words. A 32-bit word can be accessed every clock cycle, otherwise a 128-bit access every four
clock cycles is possible. Several interconnects are available in the array, allowing deterministic
routing to be defined during the design phase, together with optional for buffering.
Moreover a packet-switching mode is available, allowing to reach multiple destination ports
from a single source port, with the drawback of making latency non-deterministic.
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Two consecutive tiles in the same row are connected by a unidirectional cascade stream
interface. This is intended for fast transfer of 384 bit accumulator register data per clock
cycle. A two-deep [FIFQlis present on both input and output, allowing four values to be stored
in-flight.

Finally, buffer access, sometimes referred in older documentation as window transfer, relies on
the capability of neighboring tiles to share their memory banks. This is achieved via ping-pong
buffers. Two memory regions with a size equal to the data transfer length are reserved. A
lock memory region allows to coordinate access to the two buffers. When the source tile
finishes writing data to memory, it releases the buffer to the destination tile. In the mean
time the source tile can use the second buffer, if it was released by the destination tile. This
scheme allows fast KiB sized transfers. Additionally, a unit is present in the memory
controller allowing transfer of data over [AXI4-Stream between non-neighboring tiles. The
interface can also be employed to transfer [AXT4l-Stream data into memory while other
computations are being performed. It is important to keep in mind that both direct buffer
transfers and cascade stream are deeply linked to the placement of each program in the tile.
This needs to be considered by the designer, as some topologies are not implementable.

In order to connect the [AIE]l array with the rest of the computational units on Versal™, the
bottom row is reserved for the interface tiles. Two different type of interface tile are available:
tiles and [PL] tiles. The former are intended to preform over [AXT4 memory-mapped,
in this way accessing memory via the NoC] hence the name. The latter provides facilities to
directly interface with[AXI4}Stream ports within the FPGAl Both tiles have buffering capability
and also take care of the clock domain crossing.

The[NoClinterfaces have the additional capability of exposing the internal data and instruction
memory banks to external request. This allows programming, control, debugging, and profiling
of the full array. Moreover, an application programming interface (API) is available allowing
the setting of run-time parameters (RTPk) with a ping-pong buffer structure similar to the
one used for tile-to-tile communication. This allows, for instance, a program running in the
to modify some parameters of the [AIE| programs at run-time. Additionally performance
counters are available for run-time profiling.

The[AIE] array features a memory hierarchy similar to that outlined in section In this
hierarchy, the memory within each[AlE]tile serves as the L1 cache, offering low-latency access
on the order of a few clock cycles. Data can also reside in the block and be
transferred to the array via the [AXI4-Stream interface tiles. This introduces higher latency,
making it comparable to an L2 cache. Finally, memory is accessible through the
incurring the highest latency for data access.

2.3.4.2. The VCK190 evaluation board

From the overview provided in the current section, the Versal™ family of devices has many
interesting characteristic that can prove to be useful in the development of an low-latency
real-time RL] platform. The design of a custom utilizing a Versal™ device is a complex
engineering task. At the beginning of the work described in this thesis, only few commercially
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Figure 2.26.: Schematic showing the structure of the [ATE]array. Additionally, a potential graph is also shown,
obtaining streaming data from the passing it between tiles with a cascade stream and window access, to
then output it to the [PLl

available Versal™ based system existed. Of these, only one, the VCK190 evaluation board [82],
shown in figure had the[AIE] array available. As such, this board was chosen for the initial
evaluation of the architecture. Nonetheless, the high number of interfaces available allowed
its usage for the development and testing of the RIlsystems described in the later chapters.

The VCK190 board is based on a AMD-Xilinx Versal™ XCVC1902 device. This device provides
a dual-core Arm Cortex-A72 processor, paired with a dual-core Arm Cortex-R5F real-time
processor, together with an[AJE] array with 400 tiles. The has 899840 and 1968
[DSPk. The board features 8 GiB of DDR4 memory plus an additional 8 GiB of LPDDR4 memory
connected to the memory controllers of the[NoCl A USB type C connector allows to access the
JTAG programming interface, together with three UART interfaces connected to the processors
and [PIl The high speed serial transceivers are connected to a Gen4 x8 interface, two
HDMI, two SFP+, a QSFP, and the high-speed lanes of two FMC+ connectors. These last
three connectors can be employed for long distance fiber-optic communication, that will be

described in section [4.1]

Additionally, two Gigabit Ethernet interfaces are available and can be accessed from the
One expansion card is provided, allowing the connection of PMOD devices to the [PLl through
one of the FMC+ connectors.
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Figure 2.27.: Photograph of a VCK190 evaluation board. On the bottom left one can see the USB cable used to
program and debug the device. On the top right two Ethernet and the power cables are visible. The black board
that is plugged in the top side is the PMOD expansion card. On the left side, from bottom to top, the two SFP+
connectors and QSFP connector are present.

2.3.4.3. Programming Versal: Xilinx Extensible Platforms

To facilitate the development of solutions on[FPGA and heterogeneous platforms provided
by AMD-Xilinx, the Vitis and Vivado software tools are offered. The development workflow is
described in reference [83]].

As shown in figure[2.28] the traditional flow consists of a fixed platform that is designed within
Vivado. On top of this the embedded software, i.e. the one running on the processors, is
developed with the Vitis IDE. Depending on the application, a customized Linux distribution
could be produced with the Petalinux toolchain.

A more flexible design flow, the “Vitis Heterogeneous System Design Flow”, leverages the
capability of compilers to develop data processing [[P] cores in high-level languages.
Specifically, the hardware platform can be defined in an extensible way, where all low-level
input/output [P cores are instantiated and the memory-mapped interconnect structure is
defined. These data producers/consumers are left disconnected, exposing their [AXT4}-Stream
communication interface. This hardware design is then exported into a Xilinx support archive
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Vivado platform Vivado platform
Vitis HLS IP cores l
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Figure 2.28.: Schematic highlighting the difference between the traditional design flow (left) and the heteroge-
neous system design flow (right).

(XSA)) file. This file is then imported into Vitis. In this case, though, Vitis not only has the
capability of developing the embedded software, but it can also produce data processing [[P]
cores through that are then connected to the ports defined in the file. A custom
Linux distribution can be created with the Petalinux tools.

In the specific case of Versal™, Vivado offers the ability of configuring the topology, the
memory controllers, the high-speed transceivers, and the connectivity of the [PS| Moreover,
the [ATE] array can be instantiated. The produced file can then be imported in Vitis where
the programming and validation of the processing cores can be performed. This way of
partitioning the workflow has the benefit of abstracting the data processing part of the design
from input/output components.

2.3.4.4. [AIE|programming

This section is based on [81, 84].

As discussed in section the architecture of the [AIE] array is substantially different
from the computing platforms described earlier in this chapter. This leads to a different
programming philosophy. Specifically, the application architecture is based on an adaptive
data flow (ADF) graph that is defined by the user as a C++ class using the adf library provided
by AMD Xilinx. Each node of the graph represents a data processing kernel, whereas the edges
directly map to a communication channel of an [AIF] tile. Additionally, facilities for packet
switching, conditional execution, [RTP] definition, and [HLS core integration are also provided.
Each kernel can be seen as a separate program being executed on an[AIE]tile.
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class graph : public adf::graph {
public:
// Graph inputs/outputs

};

adf::port<adf::input> graphInput;
adf::port<adf::input> rngStream;
adf: :port<adf::output> graphOutput;

// Kernel definition

adf:

adf:

:kernel circular_buffer;

:kernel layerl_kernel;

// Kernel parameters

adf::port<adf::input> layerl_weights;

adf::port<adf::input> layerl_biases;

adf::port<adf::input> layerl_enable_RelLU;

adf::kernel layer2_kernel;

adf::port<adf::input> layer2_weights;

adf::port<adf::input> layer2_biases;

graph() {
circular_buffer = adf::kernel::create(circular_buffer_cascade);
adf::connect<adf::stream>(graphInput, circular_buffer.in[0]); // Stream connection
adf::source(circular_buffer) = "circular_buffer_cascade.cc"; // Kernel source code
adf::runtime<adf::ratio>(circular_buffer) = 1.;
layerl_kernel = adf::kernel::create(layerl);
adf::connect<adf::cascade>(circular_buffer.out[0], layerl_kernel.in[0]);
adf::source(layerl_kernel) = "layerl.cc";
adf::runtime<adf::ratio>(layerl_kernel) = 1.;
// Parameter connection
adf::connect<adf::parameter>(layerl_weights , adf::async(layerl_kernel.in[1]));
adf::connect<adf::parameter>(layerl_biases , adf::async(layerl_kernel.in[2]));
adf::connect<adf::parameter>(layerl_enable_RelLU, adf::async(layerl_kernel.in[3]));
layer2_kernel = adf::kernel::create(layer2);
adf::connect<adf::cascade>(layerl_kernel.out[0], layer2_kernel.in[0]);
adf::source(layer2_kernel) = "layer2.cc";
adf::runtime<adf::ratio>(layer2_kernel) = 1.;
adf::connect<adf::parameter>(layer2_weights , adf::async(layer2_kernel.in[1]));
adf::connect<adf: :parameter>(layer2_biases , adf::async(layer2_kernel.in[2]));
adf::connect<adf::stream>(layer2_kernel.out[0], graphOutput);

}

Listing 2.3: Example of an[ADH graph with four kernels. Each kernel has several asynchronous parameters and
are connected with either a stream or a cascade stream.
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void layerl(
input_stream <accfloat>* restrict inputStream,
output_stream<accfloat>* restrict outputStream,
const float (&weights)[16x8],
const float (&biases) [16 1,
float enable_RelLU

) {

v8float output_buffer[2];

if (enable_RelLU > 0.) {

output_buffer[0] = fpmax(
output_buffer[0],
null_v8float()

);

output_buffer[1l] = fpmax(
output_buffer[1],
null_v8float()

);

Listing 2.4: Example of an[ATE] kernel. The “...” mean some lines have been removed for readability.

An example of an[ADF graph is shown in listing [2.3] This design implements a basic
agent by chaining a circular buffer (lines 22 to 25) and two [NNllayers (lines 27 to 44). On lines
3 to 6, the definition of input and output ports of the graph are visible. Lines 11 to 15 show the
declaration of a kernel with its parameter inputs. In the constructor of the class, the definition
of a kernel is shown (lines 22 to 25). The main parts of this definition are referencing where
the kernel source code is (line 24), how much execution time of a given tile this kernel is
going to occupy (line 25), and the connectivity of the kernel (lines 23 and 32 to 35). It is worth
noticing how the connect instance allows specifying which kind of connection is employed. In
this case adf: :cascade means a cascade stream is used, adf: : stream means an [AXI4-Stream
is employed, while adf: : parameter means the connection is a run-time parameter (RTP). For
a parameter connection adf: :async means the parameter can be defined asynchronously with
the execution of a kernel. If this directive was not provided, the value of the parameter needs
to be provided before each execution.

Listing [2.4] shows an example kernel, corresponding to one of the layers in listing[2.3] Each
kernel is defined as a function. The parameters of the function directly map to the connections
of the [ATE kernel. At compile time, each parameter is interpreted as either an input or an
output. They are then put in the in or out vectors in order of appearance, so that they can be
referenced from the [ADF graph definition. Lines 9, 12, and 16 show another key aspect of [AIEl
kernel programming. Specifically, line 9 defines a v8float variable, that usually is directly
mapped to a 256 bit vector register. Moreover, operations on vector quantities are performed
with intrinsics: special functions that directly map to hardware functionality or assembly
instruction. In lines 12 and 16, fpmax is one of these intrinsics, it performs the element-by-
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element comparison of two vectors, output_buffer[ ] and the all-zero vector nul1_v8float(),
and returns the element-by-element maximum value. A more detailed description of [ATE]
kernel programming concepts is carried out in section

In order to verify that a given [AIE] design is working properly, and to guide the optimization
of kernel source code, AMD Xilinx provides a simulation/emulation suite. Two kinds of
simulators are available: the x86 simulator and the [AIEl emulator. The former compiles kernel
code into x86 executable programs. Each kernel runs on a separate thread and communicates
with other kernels through inter-process communication. This simulation is fast and can be
used for a first test on the functional behavior of a given design. Moreover, it allows to detect
stalls and possible deadlocks of the graph. [AIElemulation, on the other hand, is a cycle accurate
SystemC signal simulation that can capture hardware effects, as for example the presence of
in communication channels, memory access, and capabilities. This emulation
system allows timing information to be extracted, that is precious in the evaluation of latency
and throughput of a design. Its main drawback is its computational intensity, requiring far
more resources and time than the x86 simulation.

During development, the designer would first create a scalar version of the program, without
the use of intrinsics. The logic functionality can then be tested with a x86 simulation, followed
by an[AIF]simulation to verify that no hardware drawbacks are present. The program can then
be vectorized and pipelined and its functionality is verified through x86 simulations, while its
performance is benchmarked with [ATE] emulation. Once this process is completed the design
can be tested in hardware, using the [AIE] tracing functionality to monitor performance.

2.3.5. Summary

Several systems allow performant and efficient processing of information. Among the most
widespread, [CPUs excel at processing a sequential set of instructions. For workloads,
the highly parallel computing architecture of [GPUk, and the even more specialized one of [All
accelerators, offers a huge performance improvement, while restricting the generality of the
operations that can be carried out. At the opposite end of the spectrum are FPGAS, that allow
the definition of fully customizable digital logic, in this way defining custom data processing
systems.

When one wants to address a control problem, and needs to interact with an environment
within a finite amount of time, a real-time constraint is produced. Conventional computing
systems do not usually allow for real-time programming. This was shown experimentally by
transferring data to a via

The cutting-edge AMD/Xilinx Versal™ computing platform, combining [CPUk, an [FPGA| and
[AIE] was described, together with its high-speed internal data transferring bus, the NoCl The
structure of the [ATE] array, allowing for the acceleration of inference was carried out,
together with a description of its programming workflow.

Due to its innate computational and timing capabilities, the AMD/Xilinx Versal™ family of
devices was chosen as the computing platform for the rest of this work.
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TheRUtechniques described in section [2.2)are a powerful tool that can greatly aid the operation
and commissioning of large-scale facilities. In some cases, though, the sim2real gap might
be too wide to cover. Some environments, characterized by high-interaction rate, could in
theory be viable for online learning, thus completely circumventing the issue of transfer from
a simulation. These high-data rates, however, create real-time constraints that the controller
needs to satisfy. This is a complex technological task that requires the development of new
hardware platforms.

3.1. Real-time reinforcement learning

Part of this section have been published in [12].

As previously discussed in section[2.2.3] a defining aspect of RIis the interaction of a learning
agent with an environment. Two classes of environments can be defined: interruptible and
non-interruptible. The internal dynamics of an interruptible system allows its evolution to
be stopped in between interactions with the agent. An example of these kind of systems is a
simulation: the evolution of the environment can be delayed in order for the evaluation of a
policy or for the training of an agent to complete. Non-interruptible environments, on the
other hand, will inevitably undergo a change in their internal state independently of whether
an action is applied to them or not. Most real-world environments fall in this second category.
If an agent is applied to this category of environments, it will be constrained to produce an
action within a fixed amount of time after it is provided the observations.

Based on the definitions of section this constraint can be identified as a real time
constraint. In general, a deep-RLl actor-critic algorithm (section will be organized as
follows. The actor will interact with the environment for a number of steps. In some cases
several actors in parallel are used to increase the interaction rate. These data are then used
to train the actor itself, by using the value function estimations from the critic. Finally, the
critic is also trained by using the rewards. The proper scheduling of these task, considering
their relation, is fundamental for the deployment of these algorithms in non-interruptible
environments.

Conventional devices as[CPUs and [GPUs struggle to reliably satisfy the timing constraints
set by these kind of systems, as previously discussed in section A possible solution
consists in the employment of edge computing platforms such as[FPGAk and [All accelerators.
The deployment of [RL algorithms on has been already investigated in the literature. A
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brief outline of the currently available implementations of RL on is described below. A
more comprehensive review can be found in reference [85].

There are two main classes of implementations, depending on the nature of the value function
and policy. Several works store the action-value function in a tabular form, and based on this
choose the action with the maximum expected cumulative reward for each state [86-90]. The
main issue of this kind of system is that its resource usage grows exponentially with the size
of the observation and action space, while being not directly applicable to environments with
continuous action and observation spaces, leading to impractical hardware requirements for
particle accelerator problems.

A different approach is deep{RL, where the value function and policies are approximated
with a[NNI [91H97]. This approach scales better with increasing size of the observation and
action vector, but tends to have a more complex training routine. These implementations
lack the flexibility of choosing different training algorithms and changing the NNl topology
during deployment. Distinct algorithms and their respective hyperparameter selections might
exhibit different performances based on the problem at hand. Therefore, the capability of
flexibly choosing these components greatly reduces the deployment effort and expedites the
development process. Moreover, the policy [NNlimplementations shown in the works discussed
in this section do not have real-time applications in mind, and as such the application to
real-time particle accelerator controls would be limited. For these reasons, a general, turn-
key deep{RLl system requires the capability of performing such dynamic reconfiguration and
naturally fulfilling real-time constraints.

A common technique used to deploy agents in real-time environments is the one presented in
[98]]. Here, a high-fidelity, high-throughput surrogate model is trained by using[ML]techniques.
This is then used to train an agent offline on the simulation. The agent can then be deployed to
an [FPGAlby means of libraries like hls4ml [99,100]]. These NNIFPGAlbased implementations
have the great benefit of having a well defined latency, together with high data processing
throughput. The downside of this scheme is that the sim2real gap is not addressed, and
one needs to produce a surrogate model with sufficient fidelity to train on. For dynamical
environments that depend on several external parameters, this is often not feasible.

A possible alternative is the one discussed in [74,[101]]. This work describes a fully hardware
accelerated scheme where an agent deployed in an gathers data in real-time with
an environment. This information is then employed to train the agent, again with
acceleration. This technique, albeit powerful, suffers from lack of flexibility, as changing
the agent structure would require modifying completely the training logic. Additionally,
this system requires rewriting [RI] algorithms into or programming languages, a
cumbersome and bug prone procedure.

These drawbacks are addressed in [102]. Here a simulation-to-experiment toolchain has been
developed and applied to the control of electric motors. The key idea is to deploy policies to
a real-time capable device, in this case a real-time x86 processor, and gathering data so that
training can be performed online. Albeit powerful, this system is limited in its applicability
due to the chosen computing platform. The latency of the system is not suitable to be applied
to the dynamics described in section
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This exposes the issue of the choice of computing platform when transferring agents to a
real-time environment. Specifically, the devices described previously all suffer from their
own drawbacks. [CPUs, as shown in section [2.3.3.1] suffer from latency spikes that can hinder
their real-time usability. Additionally, more real-time focused system tend to have reduced
performance due to the need of determinism. Moreover, the total latency necessary before
being able to process data is high compared to systems like [FPGAL. A possible alternative
would be the employment of and [All accelerators, albeit their real-time performance
is still an open issue in the field. FPGAk, on the other hand, can operate in a way where the
processing time is fully deterministic, but workloads requiring a high number of multiplications
tends to be particularly challenging for these kind of devices. Tools like the aforementioned
hls4ml mitigate this issue with two main techniques: quantization and pruning. The former
consists in the representation of floating-point values with fixed-precision integers. The
multiplications with these kind of number representation tend to be less resource intensive
that full single-precision floating-point computations. The latter, pruning, consists in the
removal of the neurons that do not contribute sufficiently to the output. Online training on
quantized and pruned model is a challenging mathematical problem, that usually hinders the
capability of directly retraining the model.

In conclusion, different possible computing devices can be used to deploy real-time [RL] algo-
rithms. Most of these platforms, though, suffer from drawbacks that require careful planning
before the actual application of the system.

3.2. Experience accumulator architecture

As discussed in the previous section, the application of [RL] algorithms to non-interruptible
environments requires careful consideration of real-time constraints. The ex-novo implemen-
tation of these algorithms so that they can target hardware with better timing performance
is a challenging task. As mentioned in section [2.2.5.2] the validation and debugging of these

algorithms is a time consuming endeavor that requires vast experience in

A fundamental observation one can do about [RI] algorithms using a[NN}-based policies is that
training tends to require more complex computations than the policy inference. Additionally,
an actor with stale parameters, if well designed, can still satisfy the timing constraints dictated
by the environment. This means that the real-time requirements for training are less stringent
than the one for inference.

This observation is employed by an experience accumulator architecture, of which a schematic
is shown in figure The key idea is to decouple the policy and training algorithm imple-
mentations. A real-time policy, ﬂgT where 6 are a set of parameters, is implemented in such
a way that it is guaranteed to satisfy the required timing constraints. This policy is then let
to interact with the environment, thus accumulating the observation-action-reward tuples
(O, A, R) provided by the environment into an interaction buffer, representing the experience
of the agent. The training of the real-time policy is periodically carried out by asynchronously
transferring the buffer outside of the real-time inference domain and applying the training
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Figure 3.1.: Schematic of the experience accumulator architecture. The interactions with an environment of a
real-time low-latency RT]actor are stored in a buffer. Periodically, this data is transferred and employed to train a
new version of the agent. The new agent coefficients are then transferred in the real-time domain. The procedure
is repeated until an agent with satisfactory performance is obtained.

procedure dictated by the algorithm of choice on a non-real-time copy of the policy. A similar
system has been implemented in [102] and applied to the real-time RL control of electric
motors.

This kind of RL algorithm deployment scheme has several advantages. First of all the stan-
dard RL]libraries can be used with only minimal modifications, with the possibility of easily
changing the algorithm employed. Furthermore, a trained policy can be directly applied to the
environment, with none of the issues that commonly arise from the sim2real gap. Additionally,
the only part of the system with strong real-time constraints is the policy. An important
detail in the development of policies for an experience accumulator is that simply satisfying
a latency constraint is not sufficient for this kind of system to perform as intended. For a
non-interruptible system, a variation in the time an action is produced might lead to slightly
different evolution time of the environment. As such, when possible, it is advisable that the
timing characteristics of the policy are completely independent on its parameters.

The necessity of training on a real world environment can be also considered a drawback,
as in some cases the testing might be expensive and there is no guarantee that it will lead
to a functional controller. Nonetheless, if the environment has high interaction rates, the
data required to train an agent can be produced in a handful of seconds. In the case where a
simulation is available, initial training can be performed in a simulated environment. The pre-
trained agent can then be transferred into the real-time policy and a final training procedure
can be carried out.

In the case of on-policy algorithms this deployment architecture exhibits an efficiency dis-
advantage. When the system is being trained, a real-time policy can still gather data. After
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Figure 3.2.: The experience accumulator architecture shown in figure |3.1)is modified such that the computation
of the reward is not carried out in the real-time domain anymore, but it is computed based on the observations at
training time.

the training procedure is completed, though, these data cannot be used anymore as the policy
has changed. In most cases, this does not lead to issues as a the data production rate of the
environment is high enough that inefficiencies can be tolerated. A possible solution would be
to employ off-policy algorithms and include the data gathered during training into the dataset
that is employed in the next iteration of the algorithm.

3.3. Training-time reward definition

As previously discussed in section the structure used to define a [RLI problem
requires a reward to be given to the agent after each interaction with the environment. In
general, this would require the reward to be computed in real-time. The process of finding the
correct reward to obtain the intended effect on the environment, called reward engineering,
is considered a fundamental part of deploying RL] algorithms. The reward signal is in fact
the main way to communicate with the agent whether an emergent behavior is desired or
not. Thus, having the reward function as a real-time subsystem would lead to a reduction of
flexibility, as modifying it would require careful verification that the timing constraints are
not violated.

When an experience accumulator is employed, a crucial simplification can be performed. All
of the modern deep{RL algorithms described in section do not generally use the reward
function during inference, albeit in some cases it can be provided as part of the observation
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vector. Very often, it is only required during training. In the case where the reward at step ¢
can be computed as

r. = R({0;}, {di}, 1), (3.1)

where {0;} and {a;} are the sets of observation and action vectors obtained in the current
episode, the reward can be computed at training time [12]. Specifically, the evaluation of R
only requires data that is already being stored in the interaction buffer. If the RL] problem is
defined in such a way that the rewards used are as equation (3.1, then the computation of the
reward can be entirely performed just before training.

This approximation allows the training-time reward definition, in this way simplifying the
design by removing one of the real-time components in an experience accumulator system. In
the KINGFISHER system, that will be described in the next chapter, the training procedure is
carried out by a Python script that employs the Stable Baselines3 library. As such, the reward
function can be written in a high-level language such as Python. The reward engineering can
thus be carried out by a user without specific real-time programming training.

3.4. High-level policy structure

As discussed in the previous section, the design of a policy with deterministic timing is a
fundamental aspect of an experience accumulator system. In order to employ one of the
standard [RL]libraries such as Stable-baselines 3, one needs to match the agent implemented
in the real-time domain, with the one employed in the training domain. In the default
policy implementation of the library, a feed-forward [NNl directly transforms the observation
vector into an action vector. In order to drive the exploration of the algorithm, gaussian noise
is added to each element of the vector. The variance of the distribution applied to each element
is different, and is updated by the training procedure.

If one wants to implement such a policy on a hardware platform such as the AMD-Xilinx
Versal™, one needs to implement:

« a feed-forward NN] requiring:
- matrix-vector multiplications (section [4.3.2),
- non-linear activation functions (sections and [4.3.3),
- arandom number generator stage to produce Gaussian-distributed samples (section[4.3.6).

Furthermore, the system should be optimized to process time series data, so that it can operate
with arbitrary inputs. The construction of a generalized observation vector will be discussed
in the next section.
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3.4.1. Observation vector

As discussed in section the agent in a[RI] problem is usually provided the state of the
environment it needs to control, or some observation vector linked to it. The system under
development should be designed to be as general as possible. The environment under control
can be often considered to produce time-series data. In such case, it is important to preserve
this information in the structure of the observation vector provided to the agent. For a system
that generates samples x; € R at each time t with a sample period of 7, a method for producing
an observation vector is to use a shift register that stores the most recent n samples. Thus, an
observation vector can be defined as

Xt
Xt-1
- def
0y = Xt-2 | e R". (32)
Xt—n+1

If this vector is fed into a feed-forward agent, it will contain information only for a
time corresponding to the previous n samples that are provided, limiting the awareness time
of the to t, = nz;. In the case where a [KARA|bunch is considered, 7; is dictated by the
revolution frequency. This corresponds to 7; = 370 ns, that for n = 64 leads to t, ~ 23.7 ps. This
means that, if the sampling rate and[NN|input layer size are fixed by hardware constraints, the
timescale the agent is aware of is also fixed. One possibility of circumventing this phenomenon
is to reduce the sampling rate of the input signal in a process known as decimation, creating a
signal x; with sample period 7; = mz,, when m is the decimation factor. From the Nyquist-
Shannon sampling theorem [|103} 104], in order to completely determine a signal with no
higher frequencies than fi,.x it is necessary to have a sampling frequency of f; = 2fyax. The
maximum frequency uniquely represented at a given sampling rate as Nyquist frequency,
fayq = f5/2. Thus, in order for the decimated signal to be unique, a filtering stage is necessary to
limit the frequency components that would fall above the Nyquist frequency. Specifically, the
new Nyquist frequency after downsampling is fuyq = f;/(2m). In this way, the new awareness
time is extended to t, = nmt, at the price of losing higher frequency information.

In section chapter [6] it will be further discussed how, in cases where a precise action sampling
rate is required by the environment, an additional interpolation stage is necessary to match
the data production rate of an agent to the environment. Interpolation can be regarded as
the opposite of decimation, the sampling period is reduced by a factor 7; = 7;/h, where h is
the interpolation factor. Its working principle is identical to the decimation, but works the
other way around: every sample from the input signal is padded with h — 1 zeroes. In order to
remove spurious high-frequency component a filtering stage is applied with a cutoff frequency
of foyq = fi/(2h). The shift register design works identically, only that it always needs to
evaluate the finite impulse response (FIR) filter and sometimes it requires zeroes to be fed in.

More complex RL problems will likely require different[NN|topologies, as the[GRU|described in
section[2.2.2and implemented in [[105]. Additionally, the feed-forward [NNlapproach could still
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hold, but with higher level observables as described in [106]. The implementation challenges
of some of these observables, specifically a low-latency [EFT] are described in appendix [A]

3.4.2. Activation functions

Several activation functions are widely used in the development of models. tanh and
sigmoid, defined in equations and (2.26)), are not simple to implement in or
[AIE] based systems. In order to compute them based on their definitions, both functions
require efficient and accurate computation of natural exponentials e*, that is usually resource
expensive. In essence, a novel implementation needs to be devised in order to target the [ATEl
This was carried out in collaboration with Michail Sapkas and Chenran Xu, and is described
in his master thesis [[105]].

The approach relies on the nature of the activation functions. Their exact numerical values
are likely not fundamental for the successful training of a model. As such, one could devise
non-linear functions that are similar to the hyperbolic tangent and sigmoid, but that are far
easier to implement. If the plot of the hyperbolic tangent is observed in figure one can
make three observations:

1. the function is odd, meaning that tanh(—x) = — tanh(x);
2. the function reaches a plateau at approximately x = +2;
3. the plateau value is +1.

As a first approximation attempt, a polynomial of the form
Pp(xX) = apx" + a1 X" 1+ +a;x +ap (3.3)

can be utilized. Constraint|1|forces all the coefficients corresponding to an even power to be
zero. Additionally, constraint leads to the condition that

dp

= =0, 3.4

dx x=+2 ( )
while constraint [3| forces

p(£2) = £1. (3.5)

If the degree of the polynomial is selected, equations (3.3) to can be solved to obtain
the coeflicients. In order to reduce the computational cost to the minimum, a third degree
polynomial was chosen. This is the lowest degree polynomial that can be selected that has non-
linear properties in [—2, 2] and satisfies condition [1} The resulting approximated hyperbolic
tangent is

-1, ifx < -2
tanh,pp (x) = —11—6x3 + %x, if —2<x<2. (3.6)
1, ifx>2
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Figure 3.3.: Comparison of approximated and non-approximated activation functions for tanh (left-side) and
sigmoid o (right-side).

An identical procedure can be applied to the sigmoid resulting in

0, ifx <-4
Tapp(x) = —ﬁx:’ + 1—36x + %, if —4<x<4. (3.7)
1, ifx >4

The activation functions and their approximations can be compared in figure 3.3} showing clear
qualitative agreement. In order for training to be possible with these functions a Pytorch [27]
torch.autograd.Function was defined. The expressions described in equations and
was implemented in the forward method, while the analytical derivative was implemented in
the backward method. This class was then wrapped into a torch.nn.Module, allowing its use
when training a model. Finally, training of a feed-forward [NNImodel utilizing these functions
was performed and compared to the one with the non-approximated functions. The model
was trained to classify the hand-written digits of the MNIST dataset [107]. The training loss
is shown in figure In both cases, the approximated and non-approximated activation
functions lead to almost identical performance.
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Figure 3.4.: Comparison of training loss for the MNIST hand-written digit classification of a feed-forward with
activation functions tanh,, and tanh, and oy, and o.
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3.5. Summary

This chapter described how some environments are non-interruptible, meaning the policy
needs to be evaluated and provide an action within a specific time frame. The development of
algorithms targeting these conditions is a challenging engineering problem.

The design can be greatly simplified by using the experience accumulator architecture. In
this kind of system, the only real-time component are the policies, thus allowing the use
of the standard algorithm implementation for training. The training-rime reward definition
allows doing reward engineering online during the experiment, by computing the reward
function from the observations, in this way removing the requirement of a real-time reward
implementation.

A scheme to construct an observation vector that can be applied to a wide variety of time-
series data was devised, together with functioning approximations to non-linear activation
functions that are more easily implementable in edge computing devices such as the [AIE tiles
of Versal™.
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4. The KINGFISHER hardware platform

As discussed in the previous section, the experience accumulator architecture is a good
candidate for deploying real-time capable RIJalgorithms in the real world. Given the generality
of the environment definition, and the capability of performing the training time reward
definition, a correctly implemented system can be applied to several different environments
with only minor modifications.

In section[2.3.4.3| the “Vitis Heterogeneous System Design Flow” was described. One of its
crucial aspects is the decoupling of the system design (comprising I/O, memory topology,
etc...) from the data processing part. Additionally, the integration of methodologies
allows the definition of performant data management[[P] cores in high-level languages.

The KINGFISHER platform, shown in figure was conceived [13] with the goal of offering
robust [Pl cores for interfacing with a large-scale facilities such as together with the
required instrumentation and monitoring to produce training data that is fundamental in
order to reliably implement an experience accumulator. Finally, a Petalinux-based [0S can be
employed for the remote control of the platform. Through the use of a virtualization platform
such as Docker, it is possible to deliver software packaged as containers. This allows the
validation of training algorithms on a conventional computer, reducing the requirements for
an algorithms design platform.

KINGFISHER is packaged as an [XSAl targeting the VCK190 Versal evaluation board. This
board was chosen due to the availability of an[AIE array providing greater performance in
the development of NNk. A comparison with previous generation devices will be carried
out in section It is important to stress how the platform can not only be used for
experiments, but the controller instrumentation and connectivity allows also experiments
with more classical controllers (sections [5.3]and [6.3).

The fundamental goal of this kind of framework is to create a system that is as general as
possible, allowing easier integration in several facilities, while reducing the integration effort
as much as possible.

The KINGFISHER platform is comprised of several input/output [[P| cores that expose external
functionality through [AXT4] and [AXT4}-Stream interfaces. Additionally, the software stack
allows integration within the control system and the deployment of [RL] algorithms. A
detailed description of these components will be carried out in the following sections. First

of all the integration with the KAPTURE] diagnostic system described in section will

! Iwas asked many times what the KINGFISHER acronym stands for. The answer is simple. It is not an acronym.
I was planning to find one because I really liked the name, but I never did.
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Figure 4.1.: The KINGFISHER platform provides the infrastructure to deploy RI]algorithms with the experience
accumulator architecture. It allows monitoring the RI actor in the real-time domain and transfer this data to
memory. The can then pass this data to an external platform for training, and apply the new parameters to
the

be discussed in section The instrumentation of agents and the way data is managed
within the platform will be discussed in section design on the [ATE] array will be
examined in section The slow-control of these building blocks and the integration with
the control system will be explored in section Finally, the training algorithms and
their adaptation to the experience accumulator architecture will be described in section

This chapter will not examine the interfaces to apply actions to as they are strongly
linked to the problem that is being targeted. The implementation of a digital-to-analog
converter (DAC) interface in order to control the horizontal betatron oscillations (HBO) will be
discussed in section[5.2] Interfacing with the low-level radiofrequency (LLRE) system
will be explored in section [6.1.3]

4.1. Integration of

As discussed in section[2.1.6) KARAlis instrumented with KAPTURE] systems that allow bunch-
by-bunch and turn-by-turn acquisition of the peaked signals produced by beam diagnostic
detectors at electron synchrotrons. The system utilizes a[PClelbased DMAlimplemented on an
[FPGAlto transfer data into the memory of a computer. Given its versatility and the possibility
of connecting it to a variety of detectors, it represents and ideal candidate as the input for the
KINGFISHER system.
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There are three main requirements for the integration of this kind of device: low-latency,
possibly at the sub-microsecond level, long distance connectivity, in the order of ~ 100 m, and
capability of continuous streaming. The latter is fundamental for long-term data acquisitions
and to ensure bounded latency in the data transfer. Several possible mechanisms can be devised
to interface with the VCK190:

1. connection of a[KAPTURE board to the FMC+ connector of the VCK190;
2. connection of a[KAPTURE| system to the VCK190 via [PCle}

3. streaming data via Ethernet using the computer of a[KAPTURE] system;
4. streaming data through the [FPGA] of a system.

Option |1]is not viable: the FMC+ standard provides several differential lines, denoted as HA
and HB, that are optional. requires these lines to be fully populated in order to
function properly. On the VCK190, none of the two FMC+ connectors is fully populated, as
such the direct connection of a[KAPTURE|board would lead to some mandatory signals to not
be properly connected.

Option [2|is potentially viable, but cumbersome to implement. Direct communication
among peripherals connected to the same bus has been demonstrated [108]. Furthermore,
requires a software stack to control and configure the system, that is usually
executed on a conventional computer that is connected to via This software
stack would need to be re-implemented and validated. Additionally, the latency of this kind of
communication scheme is greater than one microsecond [108]], strongly impacting the latency
budget. Finally, the range of a[PClel connection is limited to a few tens of centimeters.

Option [3|solves the issue of porting the software stack, as the control computer will still be
used. Data would need to be continuously transferred by the[CPUlfrom memory to an external
interface as Ethernet. Such a scheme can potentially allow continuous streaming of data over
long distances, but suffers from latency variations that span orders of magnitudes, as already

discussed in section[2.3.3.1]

Option [4] solves all the aforementioned problems. The control computer can still be employed
for configuration and monitoring. The KAPTUREI[FPGA| firmware would need to be modified
in order for an additional interface to be added. This modification can be implemented as a
data path that is parallel to the one used for[PClel operation, in this way allowing contemporary
streaming and transfers.

In conclusion, option [4 was considered the safest option, with higher expected performance,
while still fulfilling the distance and continuous streaming requirements. In order for it to
be carried out, the conventional HighFlex board employed in the system was
exchanged with the newer version, HighFlex2 [74]. This board is based on an AMD-Xilinx
Zynq Ultrascale+ XCZU11EG device and provides a Samtec Firefly interface [109], allowing
high-speed copper or fiber optic based interfaces. Two separate approaches will be described:
a 1 Gbps Ethernet interface through the[PSlof the Zynq and another based on a 40 Gbps Aurora
interface.
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Figure 4.2.: Structure of the 64-bit long[KAPTURF]quanta.

The data stream was structured into 64-bit quanta as shown in figure The top
byte of a quantum is used to denote the type of the data, specifically 1 denotes[KAPTURE] data.
The byte before the top denotes the bunch number the data that follow correspond to. Finally,
the last six bytes are the four 12-bit long[ADC samples for that bunch. For this data structure
and an [RE frequency of ~ 500 MHz, this corresponds to a data rate of 32 Gbps.

4.1.1. Ethernet based connection

Ethernet is a protocol that allows full-duplex transport of data among computers in a network.
Today, it serves as the underlying layer of several other protocols and is widely adopted in
most networking infrastructures. Several different mediums are supported as a physical layer,
comprising twisted pair, fiber optic links, and wireless. Each computer has a unique 48 bit
identifier called media access control (MACf] address.

The stream of data is divided in frames, or packets, ranging from 64 to 1522 bytes long. A
frame is composed by a header, a payload, and a sequence used for error correction. The
header contains the source and destination MAC addresses, and two byte-long field, encoding
either the size of the payload (values < 1500) or a protocol identifier (values > 1536). The
payload ranges from a minimum of 42 bytes up to a maximum of 1500 bytes.

Albeit being originally intended as a shared-medium protocol, where an interface is constantly
listening for data transfer addressed to it, modern network infrastructure is commonly based
on point-to-point connection to a switch. The switch has several ports, each one connected
to a single device, and routes packets only to the port connected with a device having the
corresponding MAC address. In large-scale systems, this has the benefit of reducing traffic
congestion, albeit with the possibility that some packets are either dropped or need to wait in
a buffer before being routed.

The ARM processor in the[PS|of an AMD-Xilinx Zynq Ultrascale+ or Versal device has a gigabit
Ethernet MAC (GEM), a device capable of interfacing with the physical layer of the protocol
[110L|111], also denoted as PHY, via the reduced gigabit media-independent interface (RGMII)
protocol. On the VCK190 the physical layer is an RJ45 connector for twisted pair cables with
a maximum length of 100 m. The MAC disposes of a[DMA] allowing it to load/store packets
to/from memory. The processor can then process/produce packets by interacting with memory.
Configuration registers allow automatic filtering of packets based on their address. The MAC
automatically adds the preamble, checksum, and postamble to each packet.

2 In this subsection MAC stands for media access control and not multiply and accumulate.
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Figure 4.3.: Timing diagram of the receive [GEMIFIFQ|interface to the[PL]on Zynq Ultrascale+ and Versal devices.

A custom data path is available allowing low-latency high-throughput communication by
routing the raw packets to/from the The interface is identical in the AMD-Xilinx Zynq
Ultrascale+ and Versal families. An [[Pl core was developed in Verilog in order to convert
the [FIFOHike interface used by the into an [AXT4}-Stream interface that can be easily
connected to the data processing logic in the “Vitis Heterogeneous System Design Flow”.

The receive channel works as shown in figure The 8-bit wide rw_w_data contains a valid
packet byte when rx_w_wr is asserted. The first and last bytes of the packet are signaled
by the assertion of rx_w_sop and rx_w_eop, respectively. This interface can be remapped to
[AXT4}Stream, by treating rx_w_wr as TVALID. The TLAST signal is used to signal the end of a
packet. Further [[P|blocks were implemented to perform filtering based on the address or to
remove the header.

The design of the transmit channel controller, needs more care. The [Pl core can indicate to
the that data is available by asserting the tx_r_data_rdy signal, as shown in figure
The will then assert the tx_r_rd signal to start a transmission. Starting from the fol-
lowing clock cycle, 8-bit of data can be placed on the tx_r_data lines and validated with the
tx_r_valid. This one cycle synchronization was achieved with a first-word fall-through
As for the receive channel, tx_r_sop and tx_r_eop denote the boundary of the packet. The
[Pl core accepts parameter signals setting up the source and destination MAC addresses and
the size of the payload. It additionally takes care of inserting an header when needed. The
core can be configured to work in a single-data mode, zero-padding the payload to reach the
minimum permitted size for an Ethernet packed in case the latency due to packing several
data together becomes too high.

In order for this scheme to work, the Linux kernel driver for the specific needs to be
disabled, so that the configuration registers can be properly set up for this mode. Given only
an handful of registers needs to be set up, a simple bash script was used instead of writing a
custom kernel driver.

An additional benefit of this system is its ease of debugging. Most of modern computers have
their own gigabit Ethernet interface. As such, they can directly interact with the hardware by
utilizing commonly available software. For instance, the data sent over the Ethernet interface
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Figure 4.4.: Timing diagram of the transmit[GEMIFIFOlinterface to the[Pllon Zynq Ultrascale+ and Versal devices.

can be easily visualized with a packet sniffer. Moreover, a custom software using raw sockets
was developed, allowing a computer to emulate the data produced by a[KAPTURE] system for
testing purposes.

Based on the data rate described in the previous section, a gigabit interface is not sufficient to
continuously stream the entirety of data produced by KAPTURE] A filtering stage was thus
added that would drop unwanted bunches in order to reduce the data rate. The interface can
support continuous streaming of up to five bunches [13]].

4.1.2. Aurorabased connection

Aurora is a protocol allowing point-to-point transfer of data. In this work the version using the
64b/66b encoding was employed. The data stream can be moved over one or more high-speed
serial links [112]. The protocol allows simplex and duplex connection capabilities. The channel
is used both for data and for frame specifiers, if used.

A serial link is a way of transferring data one bit at a time. If the data contains enough
level transitions the clock can be recovered from the signal. For an arbitrary set of data bits,
potentially long sequences of ones or zeros can be present, creating periods were the clock
is not recoverable. The data is thus encoded, by adding bits to the transmission, to include
a minimum number of level transitions that would allow for the clock to be recovered. The
Aurora[[P] core used by KINGFISHER employs the 64b/66b encoding. This encoding adds a
two bits header to each 64-bit blocks. A 00 or 11 header denotes an error, while 01 and 10
denote respectively a data and control block. In this way a at least one transition every 64-bits
is guaranteed.

High-speed lanes are currently based on differential lines that are AC-coupled to the transmitter
and receivers. The lines thus behave as a low-pass filters. In case the signal on average stays
more in one state rather than the other, the baseline of the signal can wander, leading to
decoding errors. This issue is solved by the addition of a scrambler that makes the data
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resemble a series of random bits. Before commencing transmission of data, each high-speed
link is synchronized by sending specific control blocks. After all links and their clocks are
synchronized, the skew of different lanes is adjusted and the channels are bonded together.

An[[P| core implementing this protocol is provided by AMD-Xilinx [[113]] targeting both the
Zynq Ultrascale+ and Versal architectures. The core exposes[AXI4}Stream transmit and receive
interfaces and automatically performs the necessary lane and channel initialization procedures.
Two modes are available: framing and streaming. The former adds a TLAST signal to the
receive and transmit interface, allowing to set the boundary of the frame. It is worth noticing
that frame boundary messages needs to be transmitted on the same link used for data, and as
such can lead to a performance degradation. The latter, on the other hand, does not transfer any
framing information. Given the quanta-based KAPTUREl encoding described in the previous
section, no framing is necessary, thus streaming mode was selected.

In order for the [[P| core to start up properly a specific reset procedure needs to be performed.
This was carried out with a custom [Pl core developed in Verilog. The reset_pb signal is held
high for 256 clock cycles, then pma_init is asserted for at least one second, so the remote
interface detects that the system was disconnected. Then reset_pb and pma_init can be
deasserted. After this the core provides user_clk, a clock signal derived from the transmit
interface that is synchronous to the [AXI4l-Stream interface.

Point-to-point 100 Gbps data transfer using four 25 Gbps links over copper cables were tested
and proved reliable. Their main limiting factor is that the connection distance was limited
to ~ 20 cm. This could be overcome by using optical transceivers and using fiber optic as a
medium (figure [4.5). The use of Firefly connectors on HighFlex2 limits the single lane transfer
speed to 14 Gbps. On the Versal side a QSFP+ 850 nm transceiver was employed, allowing
a four full-duplex link operating at 10 Gbps, leading to an aggregate speed of 40 Gbps. The
system latency was tested by connecting the VCK190 device to a loopback with a 1 m long
OMS3 fiber optic cable and monitoring the delay of a counter. The resulting latency is 370 ns.

4.1.3. Comparison

As discussed, both the gigabit Ethernet and the Aurora based approaches are capable of
continuos data streaming with low-latency. The Ethernet approach has the advantage of
straightforward integration with conventional computers for testing and validation. With
the current implementation, though, there is no path for scaling the data rate in case more
throughput is required. Aurora, on the other hand, allows easy scalability to higher throughput
platforms. Additionally, it employs the same hardware that is required for the implementation
of higher speed fiber-based Ethernet standards, as for example 40 Gb and 100 Gb Ethernet. As
such, if the switching capabilities of the Ethernet protocol are required, or communication
with high-performance computing clusters is necessary, higher throughput Ethernet standards

can be implemented in the [FPGAl

In conclusion, Aurora was chosen as the communication standard between the diagnostic
equipment and KINGFISHER, with the possibility to utilize 40 Gb or 100 Gb Ethernet on the
same hardware if this becomes necessary.
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Figure 4.5.: Photograph of [KAPTURE] and Versal connected via optical link. A patch panel was necessary to
connect each link to the corresponding fiber.

4.2, Data management system

As previously discussed, in order for an experience accumulator system to work, a way of
monitoring the interactions with the environment is necessary. This can be achieved with
a[DMAI capable of monitoring [AXI4}Stream interfaces. AMD-Xilinx provides an AXI
with this exact capability [[114]]. The effect of this [Pl core on the real-time data paths should be
considered with care. Directly connecting the to the data processing path could lead to
stalls when the memory writes stall, a common occurrence if the memory controllers are busy
from some other master. This issue can be mitigated by proper design of the NoC|topology, but
it can never be totally eliminated. As such, a fully isolated [AXI4}-Stream monitor that cannot
apply back-pressure to the data-processing chain[[P} called spy feed-through, was designed.
The core can be remotely controlled via an [AXT4}Lite interface, that exposes registers for
setting the number of bytes to read from the interface and to start the transfer. The core then
monitors TREADY and TVALID and transfers TDATA to a[FIFOl when a handshake is detected
(section [2.3.2.1). This data is then transferred to the stream to memory mapped (S2MM)
channel of the AXI[DMAIIP| mentioned above.

A subtle implementation detail needs to be considered. In order for the AXIIDMAIIPIto properly
complete the memory transfer, a TLAST signal needs to be provided on the last[AXT4}Stream
transfer. Additionally, if TLAST is asserted before the number of bytes requested is transferred
by the DMA] the transfer will be terminated too. The spy feed-through[[PIneeds to consider
this aspect in its design, otherwise part of the data is not flushed to memory and remains into
the AXI
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/A
reserved-memory {
#address-cells = <2>;
#size-cells = <2>;
ranges;

reserved: buffer@d {
no-map;
reg = <0x9 0x00000000 0x0 0x80000000>;
}
};

reserved-driver@® {
compatible = "xlnx,reserved-memory";
memory-region = <&reserved>;
};
Y

Listing 4.1: Device tree options necessary to reserve a memory region. Specifically, 0x80000000 bytes (2 GiB) are
reserved starting from physical address 0x900000000.

The[DMA]and spy feed-through are controlled by user space applications running on Petalinux.
The requires the physical address of a memory region where data can be written. A
2 GiB buffer is reserved with an option in the Linux device-tree (listing [4.1), preventing the
from using it for memory allocation. This region can then be accessed from user space to save
the gathered data.

4.3. Policy design

The experience accumulator architecture by construction relies on a performant design of the
policy so that inference can be performed with strong real-time latency constraints. It should
thus not be surprising how the implementation of such a policy requires a great deal of care.
For this work, the policy is implemented using a[NN] requiring the operations described in
section [3.4] This allows to employ the RIlibraries described in section [2.2.5.2] with only minor

modifications.

AMD-Xilinx provides the Vitis Al Software [115]], allowing simple deployment of [NN| models
to and heterogeneous platforms as Versal™. A special firmware is loaded on the board
that implements a deep processing unit (DPU), specifically optimized to target NN workloads.
The main capability of this implementation is its ability to employ the different computing
elements of a system. For example [116]], the matrix multiplications are performed on the [AIE]
array, the convolutional layers are implemented on the while the non-linear activation
functions are performed in the ARM processor. The issue with this kind of implementation is
twofold. First of all, all data is placed in memory before being processed, increasing latency
and reducing its determinism. Secondly, data is processed in batches, further impacting latency.
The reason for these drawbacks is that the currently available are mainly targeting
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high-throughput acceleration, where latency is not the main metric. Low-latency versions
are currently planned but not available. As such, in the current work a manual implementation
approach was chosen for the deployment of on the [ATE] array.

A fundamental aspect dictating the implementation strategy is the choice of the numerical
representation used during the computation. The [ATE] tiles allow both computations with
single precision floating point numbers, and 8-bit, 16-bit, and 32-bit integer numbers. As
shown in table 2.1} using integer precision allows for an higher number of multiplication to be
performed in parallel. Floating point multiplications, on the other hand, are better indicated
when a wider range of numbers needs to be accurately represented. Training of RL policies
is usually performed with floating-point precision. The addition of the quantization stages
necessary for training with integer precisions would need to be included into the [RT]
algorithms. Otherwise, this would lead to the unwanted effect that the real-time policy is only
an approximation of the policy used for training, leading to potential biases in the training
procedure.

In conclusion, floating point precision have been developed targeting the [AIE] tiles
and used as policies for the RL experiments that will later be discussed in this work. The
implementation of the necessary building blocks, as described in section [3.4, namely matrix-
vector multiplication, activation function, and random-number generation, will be carried out
in the following subsections after the introduction of the intrinsics.

4.3.1. Intrinsics

This section is based on [81,117].

As discussed in section [2.3.4.4] in order to fully exploit the vector processing capabilities of
the [AIE tiles, the use of intrinsic functions is required in order to indicate to the compiler
that a vector operation needs to be performed. The same operation, be it a comparison,
multiplication, addition, etc..., is applied to each element of a vector, called a lane. For floating
point operations, eight lanes are available. The [AIE] vector processing unit has the capability
of shuffling the elements of an input vector into a the desired lanes (figure [4.6). The shuffling
scheme of floating point vectors is based on two parameters: offsets and start. The of fsets
parameter is composed of a 32-bit integer value that contains the eight 4-bit indices of the
element to be placed in each lane. As shown in figure offsets = 0x01237654 would mean
placing the element of the vector with index 4 into the first lane, the first element of the
vector in the last lane, and so on. The start simply adds a constant offset to the index of each
lane. Depending on the operation that is used, the start parameter of one of the two offsets
might have to be a run-time constant, while generally offsets can vary at run-time. Albeit a
fpshuffle intrinsics is available to rearrange the elements of a vector, this operation can be
usually performed in combination with other intrinsics.

AMAC operation works as follows. An accumulator value a is incremented with the result of
the multiplication of two operands, x and z,

a<—a+xXz. (4.1)
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v8float v8iloat
01 2 3 4 5 6 7 01 2 3 4 5 6 7
HEEEEEEE LIT T TPl
start = 0 [ | [ [ [ [ ]| swt=2] ] ] ]]f]]
offset=0x 0 1 2 3 7 6 5 4 offset=0x 0 1 5 3 2 1 5 4

Figure 4.6.: Behavior of the lane permutation shuffling scheme. The left side shows the case with no starting
offset, while the right side has an offset of 2.

This operation is executed through the fpmac intrinsic shown below.

v8float fpmac(

v8float acc,
v8float xbuf,
int xstart,
unsigned int xoffs,
v8float zbuf,
int zstart,

unsigned int zoffs

Here v8float represents a vector of eight single precision floating point elements. The first
argument, acc, represents the vector with the accumulator values. The buf, start, and offs
contains a multiplication operand and its shuffling parameters. Two multiplications operands,
x and z, are provided. The function returns the per-lane MAC It is important to notice no
shuffling is allowed for the accumulator and return values. If the offsets are considered an
array of indices and the return value is indicated as ret, the following pseudocode describes
the functionality of this block

for (int 1 = 0; i < 8; i++) {
ret[i] = acc[i] + xbuf[(xstart + xoffs[i]) % 8] * zbuf[(zstart + zoffs[i]) % 8];

The unit is capable of a wide variety of operations. In general the signature of the
intrinsic allowing maximum flexibility is the following

v8float fpmac_conf(

v8float acc,
v8float xbuf,
int xstart,
unsigned int xoffs,
v8float zbuf,
int zstart,

unsigned int zoffs,
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bool ones,
bool abs,
unsigned int addmode,
unsigned int addmask,
unsigned int cmpmode,
unsigned int& cmp

The pseudocode can be found below in listing[4.2] Additionally to the permutation of the input
vectors that was just described, by using the addmode and addmask parameters it is possible to
selectively flip the sign of each lane. Furthermore, the ones parameter allows to exchanged
the shuffled zbuf with a vector of ones. By setting abs to true, the absolute value of the result
of the multiplication can be added to the accumulator. Finally, cmpmode can be used to select
the per-lane minimum (fpcmp_1t) of the accumulator and multiplication result, the maximum
(fpcmp_ge), or to just forward the result (fpcmp_nrm). A bit in cmp is set based on whether the
accumulator was chosen in fpecmp_1t and fpcmp_ge modes, while in fpcmp_nrm mode it sets
for the negative lanes.

addmask ~ 0x00;
addmask ~ OxFF;
addmask ~ OxAA;
addmask ~ 0x55;

if (addmode == fpadd_add ) neg
if (addmode == fpadd_sub ) neg
if (addmode == fpadd_mixadd) neg
if (addmode == fpadd_mixsub) neg
for (1 =0; 1 < 8; i++) {
operand_1[i] = xbuf[(xstart + xoffs[i])
operand_2[i] = zbuf[(zstart + zoffs[i]) %

°
i)

8l;
81;
if (ones)

operand_2[i] = 1.0;
mult_result[i] = operand_1[i] * operand_2[i];

if (abs)
mult_result[i] = abs(mult_result[i]);

if (neg[i])

mult_result[i] *= -1.0;
mac[i] = acc[i] + n[i];
if (cmpmode == fpcmp_nrm) {

cmp[i] = signbit(mac[i]);
ret[i] = mac[i];

}
else if (cmpmode == fpcmp_lt) {
cmp[i] = signbit(mac[i]);
ret[i] = cmp[i] ? -mult_result[i] : acc[i];

}
else if (cmpmode == fpcmp_ge) {

cmp[i] = ~signbit(mac[i]);

ret[i] = cmp[i] ? -mult_result[i] : acc[i];
}
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350 }

Listing 4.2: Pseudocode of the general MAC] that can be executed by the vector unit of an [ATEl tile.

With this additional options it becomes possible to perform a wide variety of operations. For
instance, if the ones option is enabled, it is possible to perform a sum operation between a
shuffled version of xbuf and unshuffled values in acc. By properly setting the addmode and
addmask, one can also perform subtractions. Similarly, if ones is enabled, and cmpmode and
negations are properly set, one can select the per-lane maximum or minimum between two
vectors. All these operations have a shorthand intrinsic, for example fpadd, fpsub, fpmin, and
fpmax.

Additionally, the vector unit can operate on complex numbers. A v8float can be divided in
pairs of floating point numbers. Each pair represent a complex number composed of a real
and imaginary part. For clarity, this vector is then called a v4cfloat, signaling it contains four
complex floating point numbers. The underlying register and vector processing units are the
same. By shuffling and negating the appropriate intermediate result, two fmac_conf operations
can be combined to perform complex number operations. Additionally, manipulation of
the negation settings allows to complex-conjugate one of the elements of a vector.

When high-performance is targeted one needs to consider the pipeline structure of the vector
unit, shown in figure The first cycle is required to decode the instruction. Then the
registers are acquired and the shuffling is performed. Afterwards the eventual substitution
with ones can take place and the multiplication can start. The multiplication operation is
performed in parallel on the eight lanes, has a three cycle latency and can accept new data
every clock cycle. In the following clock cycle negation is applied. The accumulator register
is loaded during the last part of the multiplication operation. The two-clock cycle latency
accumulator is then applied. A fundamental aspect of this unit is that it is not possible to add
lanes of the same vector. In total every single operation has a latency of eight clock
cycles with a maximum throughput of one operation per clock cycle.

This fact has deep implications on the development of algorithms. Specifically, summing all
elements of a v8float, also known as reduction by addition, incurs in a latency penalty. This
operation can be performed with three consecutive fpadds, creating a serial dependency. After
the first addition is scheduled, the following ones need to wait eight clock cycles for the result
to be produced by the pipeline. This means a reduction by addition would result in a minimum
latency of 24 clock cycles. Similarly, the computation of powers, e.g. taking x and computing

x°, requires a serial dependency chain.

Proper scheduling of the intrinsics is thus fundamental for ensuring low-latency and high-
performance. In the following two sections the impact of these considerations on the develop-
ment of low-latency NN will be considered.

4.3.2. Matrix-vector product

As shown in equation (2.27) on page |20} a fundamental part of computing a are matrix-
vector multiplications. The goal of this section is to write a performant matrix-vector product
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Figure 4.7.: Schematic view of the data pipeline for the floating point[MAC] operation in the[ATE]vector processing
unit. Eight clock cycles are required. The first one is used for instruction decoding, three are used for the
multiplication, and two for the result accumulation.

implementation targeting the Versal™ [AIEl and describing the required design choices. For a
matrix W € R™" and a vector X € R" the product can be written as follows

(W F)ict,m = ) Wijay. (42)

The C code equivalent to this equation is

void matrix_vector_product(float W[][], float x[], float result[], int n, int m) {
for (int i = 0; 1 < m; i++) {
result[i] = 0.;

for (int j = 0; j < n; j++) {
result[i] += W[il[j]1 * x[j];
}

In order to fully understand the implication of the above code, one first needs to understand
how arrays are handled in C (figure[4.8). Writing float x[] is completely equivalent to writing
float *x, meaning that the variable x contains a pointer to a float value, i.e. it contains the
address of a float value. By writing *x, a pointer is dereferenced, meaning it is substituted
with the pointed value. Additionally, it is possible to perform arithmetic on pointers: x+4 is
still a pointer, but it points to the address that is after the one contained in x by the size of four
float. In order to access the fourth element of an array, one would need to first increment
the pointer and the dereference it, i.e. *(x+4). This notation is fairly cumbersome and makes
the code hard to read. To overcome this issue, the x[i] construct was introduced. This is a
shorthand version of *(x+1). A fundamental aspect that needs to be kept in mind is that C
performs no bound check on an array. If a region outside of the array is accessed, undefined
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float *x = | 0xA400 0004

0xA400 0000
0.007279927 0xA400 0004
0xA400 0008
0xA400 000C

x+4
\ 0xA400 0010
12118 0xA400 0014

*(x+4) is 42.118

0xA400 002C

Figure 4.8.: Schematic showing the memory behavior of C pointers.

behavior can occur. In fact, when calling the above code one needs to ensure the arrays have
exactly the correct size.

Furthermore, float W[][] is directly translated to an array of pointers, meaning that W[i][j]
expands to obtaining the i-th pointer after W, and obtaining the j-th floating point value after
that. As such, in order to obtain a single value of the matrix, two consecutive loads need to
be performed. Such an issue can be overcome by treating W as an array of n X m elements.
One can store the rows on W sequentially into the array. In this representation, element W; ;
corresponds to W[j + ixn]. The above code can thus be rewritten as

void matrix_vector_product(float *W, float xx, float *result, int n, int m) {
for (int i = 0; i < m; i++) {
result[i] = 0.;

for (int j = 0; j < n; j++) {
result[i] += W[j + ixn] = x[j1;

}

Listing 4.3: C function performing matrix-vector multiplication with a flattened matrix representation.

This version of the matrix-vector product can in principle be compiled for the [AIE] with no
modification. The compiler, though, will by default use the scalar processing unit, that cannot
operate on floating point values natively and need to emulate the operation as integer and bit
manipulation. In order to efficiently perform floating point operations, one needs to employ
the intrinsics discussed in the previous section. In order to do this, all variables need to be
converted into v8float type. Line 6 of the above code is a[MAC operation, and can thus be
directly replaced with an intrinsic. This leads to
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void matrix_vector_product(v8float *W_v8, v8float *x_v8, float *result, int n, int m) {
for (int i = 0; i < m; i++) {
v8float res_v8 = null_v8float();

for (int j = 0; j < n/8; j++) {
res_v8 = fpmac(res_v8, W_v8[j+i*n/8], x_v8[j])

}

result[i] = reduce_add(res_v8);

The n/8 factors need to be added because each iteration of the inner loop now processes eight
elements. The inner loop uses the res_v8 to store eight partial sums that are then combined
by the reduce_add function. Additionally, only vectors with a number of elements that are
an integer multiple of eight can be multiplied. This implementation, albeit functional, suffers
from a fundamental drawback. The inner loop cannot be efficiently scheduled due to the linear
dependency chain caused by res_v8. Each fpmac instruction depends on the result of the
previous one. As such, it needs to wait for the previous fpmac to finish before starting. This
is exactly the same issue encountered when trying to efficiently implement the reduce_add
function, as shown below for the buf variable

inline
float reduce_add(v8float val){
// Sum the first four values with the last four
v8float buf = fpadd(val, // sum val to itself
val,
0, 0x7654);

// Of these last values sum a pair of two
buf = fpadd(buf, buf, 0, 0x23);

// Sum the last element
buf = fpadd(buf, buf, 0, 0x1);

// Extract the first element into a float
return ext_elem(buf, 0);

The assembly code of this function is shown below. The VFPMAC instructions are separated
by six NOP instructions in order to wait for the data to come out of the pipeline. It is also
interesting to notice the large amount of registers [80] fed to the VFPMAC instruction, from
vector registers (wdl, ya, wc0), to configuration registers (cl1 to c16), and general purpose
registers (r9).

NOP; NOP; VFPMAC wdl, rl, wdl, ya, r9, cl5, wcO, #0, cl6, #0, cll
NOP
NOP
NOP
NOP
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NOP

NOP; VMOV wr0, wdl

NOP; NOP; VFPMAC wdl, rl1, wdl, ya, r9, cl4, wcO, #0, cl6, #0, cll
NOP

NOP

NOP

NOP

NOP

NOP; VMOV wr0, wdl

NOP; NOP; VFPMAC wdl, r2, wdl, ya, r9, cl3, wcO, #0, cl6, #0, cll
NOP

NOP

NOP

NOP

NOP

NOP; NOP; NOP; NOP; NOP; VEXT.32 r3, vdll1[0]; NOP

An important observation to further optimize this code can be done by observing that listing[4.3|
can be rewritten in a way that exchanges the order of the two for loops. In order to do this,
the initialization of the result vector needs to be performed separately. When implementing

equation 1} this vector can be prefilled with the bias 5, that would otherwise need to be
added later.

void matrix_vector_product(float *W, float xx, float *result, int n, int m) {
for (int 1 = 0; i < m; i++) result[i] = 0.;

for (int j = 0; j < n; j++) {
for (int i = 0; i < m; i++) {
result[i] += W[i + j*m] * x[j]1;

In this way, two consecutive executions of the inner loop are operating on different elements
of the result vector. In this way the linear dependency chain can be broken. In order to
optimize the memory access when reading the matrix, the representation of W needs to be
changed in column-wise, with respect to the row-wise used before. In this way, consecutive
operations user consecutive values of W, that can then be loaded linearly. The vectorized
version of this code is shown below, together with the generated assembly.

void matrix_vector_product(v8float *W_v8, v8float xx_v8, v8float *result_v8, int n, int m) {
for (int i = 0; 1 < m/8; i++) result_v8[i] = null_v8float();

// Cycle over input vectors
for (int j_vec = 0; j_vec < n/8; j_vec++)
// Cycle over input vector elements
for (int j_elem = 0; j_elem < 8; j_elem++)
// Cycle over output buffer
for (int 1 = 0; i < m/8; i++)
result_v8[i] = fpmac(
result_v8[i],
x_v8[j_vecl],
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j—elem,

0x0,

W_v8[i+j_elem+m/8+j_vec*m],

0x0,

0x76543210

)i

}
VLDA wcO, [p7], mO; VFPMAC wd0O, r7, wd®, ya, rl5, cll, wcO
NOP
VLDA wcl, [pO], mO; VST .SPIL wd@, [sp, #-256]; VFPMAC wr2, r7, wr2, ya, rl5, cll, wcl
VLDB wcl, [p5], mO; VLDA.SPIL wd@, [sp, #-192]; VFPMAC wdl, r6, wdl, ya, rl5, cll, wcl
VLDA wcO, [p6], mO; NOP; NOP
NOP
NOP; VST.SPIL wd0O, [sp, #-224]; NOP
VLDA wd0@, [sp, #-288]; VMOV wdO, wrl; VFPMAC wd0, r5, wd0, ya, rl5, cll, wcO
VLDA wcO, [p4], mO; VMOV wrl, wr2
VMOV wr2, wdo; VFPMAC wr3, r0, wr3, ya, rl5, cll, wcl

VFPMAC wr2, r2, wr2, ya, rl5, cll, wcl

In order to improve the readability of the above listing, some NOPs within one line were
removed, while maintaining the number of lines unaltered. Additionally some argument of
the VFPMAC that were identical were removed. This implementation achieved close to one
VFPMAC operation per cycle. A further improvement can be obtained by decorating the function
pointers with the restrict keyword. This keyword allows to specify that the pointers are
guaranteed to not overlap, in this way allowing more aggressive optimization.

Further performance improvement can be achieved by performing the address computation
through the cyclic_add intrinsic. This maps directly to a component of the memory unit
allowing load and post-modification of the pointer in the same instruction.

A final remark concerns the memory usage of this kind of matrix-vector multiplications when
used for inference. In this specific case the matrix W corresponds to the weights of the
and needs to be modifiable at run-time but not during inference. It will thus need to be
stored into the [ATEl tile memory as a[RTP| In case this parameter is transferred synchronously,
the absolute maximum memory available would be 128 KiB, corresponding to a 256 X 128
matrix of floating point values. In the asynchronous case, the available size for is halved
due to the necessity to store two copies of the parameter in order to implement a ping-pong
buffer, leading to a maximum theoretical matrix size of 128 X 128. It is fundamental to keep in
mind that this sizes are likely not achievable in real implementations, as some memory is still
required for the storage of the stack and heap.

More complex schemes could be devised in order to expand the usable matrix size. A matrix
could be partitioned into blocks that are computed in separate [AIF] tiles. Alternatively, some
tiles could be used purely for storage and transfer data through the stream interfaces. Finally,
one could steam the parameters from the [PL] or using the interface tiles previously
described. These more complex architectures will not be required for the remainder of this
work, as the R problems at hand require small NNk.
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4.3.3. Activation functions

The final missing element to implement a layer of a[NN] as described in section on page
is the application of element-wise non-linear functions to the elements of the result of the
matrix-vector multiplication, known as activation functions 6. Specifically, for x € R", this
means

yi = 0(x:). (4.3)

Of the several activation functions that are commonly employed in[ML] one of the simples
to implement is (equation on page [19). This function behaves like the identity if
the input value is greater or equal to zero, while being equal to zero otherwise. A possible C
implementation would be

void relu(float *x, float *y, int n) {
for (int i = 0; i < n; i++) {
if (x[1i] >= 0) {

y[i] = x[i];
}
else {

yli] = 0.;
}

Such an implementation could be directly compiled for the [AIE] but it would rely on the
emulation of the floating point operation in the scalar unit. Moreover, a conditional jump is
potentially added. In order to obtain a higher performance implementation, the function
can be rewritten as follows

ReLU(x) = max {0, x}. (4.4)

Every time x > 0 the maximum will be x. In the case x < 0, the maximum will be 0, thus
implementing a This definition allows to employ the the fpmax intrinsic, performing
the element-wise selection of a maximum, effectively allowing performing eight ReLUs per
instruction as

void relu(v8float xx_v8, v8float *y_v8, int n) {
for (int 1 = 0; i < n/8; i++) {
y_v8[i] = fpmax(
x_v8[i],
null_v8float()
)i

As discussed in the intrinsics section, the fpmax operation relies on the vector processing unit
VFPMAC instruction, meaning it has eight clock cycles latency and one instruction per clock
cycle can be issued.

Activation functions such as tanh and sigmoid can be implemented with the techniques
described in section Such an approximation is required given function approximation
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on hardware platforms is a well known problem, exhibiting a tradeoff between memory and
computation. In principle, one could utilize a[LUT to store every possible value of the function
and load it instantaneously. Assuming a 32-bit floating point number, this would mean storing
4 bytes for every permutation possible 32-bit permutation, requiring

2% x 4bytes = 16 GiB. (4.5)

The size of LUTImakes it impractical for an[AIEl deployment. On the other end of the spectrum,
one could use iterative methods, as Newton’s method, to achieve the desired level of accuracy.
This approach is in principle viable for an [AIEl implementation, but could lead to issues in
a real-time system. Specifically, if the number of iterations is allowed to vary, it is possible
that the system latency will fluctuate. Furthermore, an iterative method specifically creates
linear dependency chains that can negatively impact the performance of the system if not
designed properly. A more refined, hybrid, method that is currently used in is described
in [[118]. This technique relies on a[LUT] containing interpolation coefficients. Part of the digits
of the input number is used to extract the coefficients from the table, that are then employed
to compute a polynomial with the remaining digits. In this way the implementation tries to
balance memory usage and computation requirements.

A possible implementation of the approximated activation functions is the one shown below.

void activation_appox(float *x, float *result, float glue_low, float plateau_low, float
glue_high, float plateau_high, int n) {
for (int 1 = 0; i < n; i++) {
if (x[i] < glue_low) {
result[i] = plateau_low;

}
else if (x[i] > glue_high) {

result[i] = plateau_high;
}
else {

result[i] = polynomial(x[i]);
}

The main drawback of this implementation is that the chain of if cannot be directly imple-
mented with intrinsic. It is important to notice that the polynomials constructed above have a
special property: they are continuous in the glueing points between the polynomial and the
plateau. This means that, if the polynomial is evaluated on the glueing points, it will produce
the value of the corresponding plateau. Thus, one can filter the input array of all the values
falling in a plateau, and substituting the corresponding glueing point. This implementation is
shown below. The left panel uses standard C notation, while on the right panel intrinsics are
used.
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void activation_appox(float *x, float * 1| void activation_appox(float *x, float x*
result, float glue_low, float glue_high result, v8float glue_low, v8float
, int n) { glue_high, int n) {
for (int i = 0; i < n; i++) { 2 for (int i = 0; i < n/8; i++) {
if (x[i] < glue_low) { 3 x[i] = fpmax(x[i], glue_low);
x[i] = glue_low; 4 }
} 5
else if (x[i] > glue_high) { 6 for (int i = 0; i < n/8; i++) {
x[i] = glue_high; 7 x[i] = fpmin(x[i], glue_high);
} 8 }
} 9
10 for (int i = 0; 1 < n; i++) {
for (int i = 0; 1 < n; i++) { 1 result[i] = polynomial(x[i]);
result[i] = polynomial(x[i]); 12 }
} 13| }
}

Using this detail, it is now possible to fully implement the activation function. In order to
efficiently pipeline the polynomial function, the computation of x> requires care in order to
minimize the dependency chains. An example implementation is shown below

void third_power(v8float *x, v8float xxcubed, int n) {
for (int i = 0; i < n/8; i++) {
xcubed[i] = fpmul(x[i], x[i]);
}

for (int 1 = 0; i < n/8; i++) {
xcubed[i] = fpmul(xcubed[i], x[i]);
}

It is worth noticing how for a single v8float, before xcubed is multiplied a second time, one
needs to wait for the result to be produced by the MAC| pipeline. Thus, the above code will
inevitably have to add NOP instructions in order to wait for the first fpmul to complete. The
addition of further vectors does not have such a strong impact, as they can be used to keep
the pipeline filled.

The polynomial can then be evaluated by combining its terms through operations. In
conclusion, this section describes the successful implementation of low-latency non-linear
activation functions targeting the[AJE]tiles, that are directly usable for training with Pytorch.

4.3.4. Observation vector

To implement the observation vector defined in section3.4.1} two stages are required: a filtering
and decimation stage, followed by a shift register stage. The former can be carried out by

means of a N-th order [FIR|filter N

yr = Z CiXp—i (4.6)

i=0
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Figure 4.9.: Shifting scheme used to implement a shift register spanning several vectors.

where c; are the coeflicients of the filter. After filtering, one every m samples can be kept, in
this way producing the decimated stream x;.

The first part of the implementation of this algorithm for the [AIE] tiles is identical with the
generation of an observation vector, and consists of a shift register. The shft_elem intrinsic
allows to shift all elements in a v8float by one element, appending a provided value to the
first element and popping the last value out of the vector. In order to perform a multi-vector
shift, one needs to handle the boundary case. As shown in figure one can start with the
last vector and shift the (n + 1)-th sample out, while shifting the last sample of the next vector
in. This can be performed then in a chain for all vectors except the first, where the shifted-in
value is the latest sample from the stream.

For the observation vector, then this buffer can be directly transferred to a matrix-vector
multiplication stage to start the first layer of a[NNl In order to compute the filter value
for decimation, one can then perform operations between the coefficients and the shift
buffer, as shown below

float fir_filter(v8float xbuffer, v8float xcoeffs, float x, int n) {
// Shift x into the buffer
/] e

v8float result = null_v8float();
for (int i = 0; i < n/8; i++) {
result = fpmac(
result,
coeffs[i],

buffer[i]

}

return reduce_add(result);
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16| }

Here a result_add is necessary: if several [FIR|filters were to be computed in parallel, then
one could potentially be computed in each lane. In this specific case, though, the only way to
leverage the capability of performing parallel multiplication is to keep this lane reduction
part in the end. An additional aspect to be kept in mind is that when decimating, some samples
after filtering will be dropped. These samples are not used, so the design can avoid computing
them. This corresponds to shifting values into the buffer m times, but only evaluating the
once.

4.3.5. Reconfiguration control

As discussed in section the computing kernel being executed on an[AIEl tile behaves as
a C/C++ function. The parameters of the functions represent the various interfacing options:
some indicate a data stream or a buffer, while other represent When an experience
accumulator architecture is implemented special care needs to be taken in order to allow
seamless run-time modification of parameters. The [ADF library allows to modify RTP| from
the [P in two main ways: synchronous and asynchronous. An asynchronous parameter can
be modified at any time, thanks to the underlying ping-pong buffer structure. The new set of
will be utilized from the following execution of the processing kernel. In the synchronous
case, on the other hand, the kernels wait for a new set of RTPs before each kernel execution.
This leads to two main practical differences. An asynchronous RTP consumes double the
memory of a synchronous one, as it needs to store the parameter twice in order to implement
the ping-pong buffer. On the other hand, a synchronous buffer requires more control from the
[PS as it needs new parameters to be explicitly provided in each execution.

For an experience accumulator, the possibility of flexibly defining new parameters is of the
utmost importance, while timing dependencies on the PSbefore commencing operation should
be avoided. Based on this, the asynchronous[RTP| scheme was selected.

Fundamentally, though, one needs a way to terminate a kernel execution, so that the new [RTP
values are utilized. This was achieved by adding control signaling to the data streams between
kernel. In the case of [AXI4}-Stream communication, the TLAST signal can be employed as an
execution termination signal. If it is received in the input data stream the execution of the
kernel stops and the command is propagated to the following kernels. Similarly, for cascade
stream and buffer transfers an extra data value is transmitted, encoding a stop signal. In the
case of the cascade stream, for example, an extra v8float is sent, containing a non-zero value
in cases the stream should be stopped.

An[ATE] control [P| core was then developed. This Verilog module takes an input data stream
and instruments it with the capability of sending the TLAST-containing [AXI4}Stream signal
based on a control register. This will then stop the following [AIEk tiles. Additionally, the
core can stop the stream to the [AIE] entirely, preventing the stream from filling. For the
experiments in the next two chapters, the block was extended so that it could optionally start
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forwarding its input stream only when an external trigger signal was received, or by letting
only a fixed number of samples through.

This computation scheme adds an additional step in the verification process of the [AIEl kernels.
Specifically, it is necessary to ensure that no deadlocks are formed between kernels, and that
all units receive a proper stop signal. These kind of condition become increasingly complicated
when dealing with RNN] and they have been more thoroughly studied in collaboration with
Michail Sapkas in [105]. In these cases, the x86 simulation capability to examine stalls and
locks in data interfaces has proven invaluable.

4.3.6. Random number generation

As discussed in section|2.2.3most[RIalgorithms require a random number generator in order to
explore their environment. Some version of Versal™ provide a true random number generator,
but they require special authorization due to their possible military applications, and are as
such difficult to obtain.

Some algorithms, known as pseudorandom number generators, allow the creation of seemingly
random data streams from a set of deterministic operation as the ones that can be performed by
a computer. A class of these algorithms, that are implementable on [FPGAES, are linear-feedback
shift registers. They consist of a shift register whose input bit is computed through a linear
function of its bits. An example of these class of algorithms is Xorshift [[119].

Another class of algorithms are linear congruential generators. The main idea is that the new
state of the generator, s:11, is computed from the current state as

st+1 = (as; +b) mod c, (4.7)

for some parameters a, b, and ¢, where mod represents the integer modulus operation. In
computers the modulus operation is oftentimes efficiently computed by using the overflow
of a given numerical representation, meaning that for a 32-bit number ¢ = 232, If a and b are
then selected properly, a pseudorandom sequence can be generated.

In [[120] it is discussed how the randomness characteristics of this implementation are not
optimal, specifically two consecutive samples are strongly correlated. The algorithm, can
be extended to produce a more random data stream. This is achieved by using part of the
state to scramble the remainder part of it. In this way, a 64-bit state can be used to produce
32-bit random values by using the remaining bit for scrambling. This algorithm is known as
permuted congruential generator (PCG).

Given the high quality of the produced values and the availability of units on Versal™,
was chosen as the KINGFISHER random number generator. The XOR shift random
rotation variant with a 64-bit hidden state was developed. This implementation produces a
32-bit random unsigned integer every two clock cycles and has a maximum clock frequency
of 250 MHz. A floating point conversion module was implemented to convert this value into a
uniformly distributed single precision floating point value between zero and one.

94



4.4. Benchmarks

Oftentimes [RL] algorithms require non-uniform distributions. One example are and
in the Stable Baselines3 implementation they require a Gaussian distributed sample.
The central limit theorem states that for a random variable X; with mean p and variance o2,
Vn(X — ) approaches a normal distribution with zero mean and variance o2 for n — oo,
where X is the average of n samples extracted from X;. In the case of the uniform distribution

between zero and one, y = 1/2 and ¢? = 1/12, meaning that

% 3 X, - Vi (48)
i=1

is distributed as a gaussian with y = 0,0 = 1.

This equation can be efficiently computed in an [ATE] tile. The factors 1/+4/n and v/nu are
provided as RTP] while the summation can be performed by accumulating n samples from the
stream. Setting the two [RTPl properly allows the selection of p and o. For KINGFISHER,
n = 16 is used as it provides a good compromise between computation speed and accuracy.

4.4, Benchmarks

The policy building blocks discussed in the previous section need to be tested in order to
demonstrate that they satisfy the required timing constraints. Two benchmarking approaches
are considered: one is simulation based, while the other is hardware based. The former will be
used to decide which communication scheme to employ between consecutive layers, while
the latter is employed to highlight the effect of buffering on the latency of the data stream.

4.4.1. Feed-forward neural network benchmarks

The components described in the sections above can be combined into a feed-forward [NN|
Specifically, an[AIE] tile can implement a matrix-vector multiplication and an activation func-
tion, in this way creating a layer. Several of these tiles/layers can be chained together
by using the communication schemes described in section to form a feed-forward
In order to evaluate the latency performance of the XCVC1902 Versal™ device on the
VCK190 evaluation board, the same described in [101]], composed of four 64-neuron wide
hidden layer with activation functions and two output neurons, was implemented. Data
was transferred between layers by means of window/buffer transfers, while it was fed into
the[AlF] array by written with that were instrumented with the integrated logic
analyzer [Pl core provided by AMD-Xilinx [[121]. The computation was carried out with single
precision floating point numbers and the NN was fully configurable at run time. This resulted
in a latency of 4.5 ps. Compared to reference [[101], where the same [NNl was implemented
with 8-bit integer precision, obtaining a latency of 17 ps, this represents a more than a factor
of three improvement. This fundamental result shows the capabilities of this platform and
confirms its choice as a basis for KINGFISHER.
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Interface type [AXI4lStream Cascade Buffer

Latency 3.07 us 4.67us  2.54ps

Table 4.1.: Latency comparison of a feed-forward NN]using different interfaces to transfer data between layers.

The computation of a could be in principle performed on a single [ATE] tile. Such an
implementation, though, would fundamentally limit the amount of parameters that can be
stored to the memory of a single tile. A feed-forward [NN| can be naturally pipelined by
computing each layer in separate tiles. This scheme increases the latency of the implementation
by the time necessary to transfer the output of each layer between tiles. On the other hand, it
has the benefit of increasing the size of that can be implemented. Furthermore, given the
layers are pipelined, the throughput of the system increases.

The latency performance of the[NNk will depend on the interface used to transfer data between
layers. A systematic evaluation of each interface was carried out in collaboration with Ziyu
Xie. In order replicate the conditions that are as similar as possible to the ones of a real-life
deployment, a[NN with an input size of 64 elements, two hidden layers each 64-neuron wide,
and an output size of 2 elements were chosen. Additionally, the input of the NN was created
by means of the shift register structure described in section Three implementations,
differing only in the interface used between layers, were tested in the [AlElhardware simulation
environment. In order to avoid [FIFOHilling effects on latency (section[4.4.2), the sample rate
was set to 0.25 MHz. The results are shown in table

As expected, the buffer transfer results in the lowest latency. The asynchronous reading/writing
capabilities of the ping-pong buffer allow data transfers with minimal stalls between master and
slave tiles. Cascade stream, on the other hand, shows poorer latency performance compared to
the simple [AXT4}-Stream transfers, despite the higher throughput. This phenomenon could be
explained by the amount of memory buffers that are present in the communication channels.
Cascade streams can only store a total of four eight float-wide outstanding transaction before
being busy. This means that in order to transfer a complete layer both tiles need to be in a
state where they can transfer data. [AXI4}-Stream, in this case, was implemented with much
deeper data transfer [FIFOE, in this way allowing the data transfer to not stall and thus latency
to have a better behavior.

4.4.2. Policy benchmarking platform

The characterization of a given policy is fundamental to ensure its proper functionality when
deployed in a real-world environment. The fulfilling of latency and throughput constraints,
together with the proper functionality of the kernel execution control infrastructure, need to
be verified, possibly on the same hardware they will be deployed to.

In order to perform more automated and reliable testing, a hardware benchmarking platform
was developed together with Michail Sapkas [[105]]. This system instruments an AMD-Xilinx
[DMAlwith a time-stamping unit, allowing to record when a given data was produced/accepted.
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Figure 4.10.: Timing measurements on hardware for a dot product kernel. On the left side the sample transfer
time is shown. On the right side the latency of each produced value is reported. The y-axis was offset in order to
highlight latency variations. The anomalies at the start of the test showcase the effects of the input[FIFOl

Furthermore, an [Pl core allows the rate of the data stream to match the one of the non-
interruptible environment under study, allowing a user-selectable number of data points to
be produced with a controllable rate. A Python control suite allowing data generation, DMA|
control, parameter setting, and data and metadata storage was developed.

In order to show the information that this system can provide, a single kernel computing a dot
product was examined. A vector of 64 single precision floating point values is transferred via
[AXT4}-Stream. These values are then multiplied with a 64 element vector provided as The
result of the dot product is then streamed back to the [PLl The timing measurement resulting
from a benchmark of this kernel are shown in figure for a clock period of 4 ns.

In the right side of figure one can see that the latency of the first sample is much lower
than the following ones. By examining the timing information in the left side of the plot,
one can see that data are initially accepted at high rate. Just before the first output sample is
produced, the input data rate changes. This phenomenon is due to the presence of a[FIFOlin
the input[AXT4}Stream interfaces of the[AIEl The first output sample has low latency because
data is processed right away. For all following samples the accepts data before they are
ready to be processed, thus increasing latency.

If one fixes the input data rate to be below the maximum throughput of the kernel, most of
the data will be computed right away. An example is shown in figure The reduced input
rate allows for all data to be processed as soon as they are provided. In this case the latency is
much lower than the plateau one of the previous example.
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Figure 4.11.: Timing measurements on hardware for a dot product kernel while limiting the input data throughput.
The latency y-axis is the same as in figure No [FIFOl anomalies appear at the start of the test.

This [FIFOHilling latency effects, creating a dependency between throughput and latency,
need to be taken into account during the validation of a given policy. If a non-interruptible
environment is targeted, one should match the data production rate during testing to the
one expected from the environment. In this way the latency of the system can be estimated
correctly.

4.5. Control system integration

In the previous sections, the main building blocks of the KINGFISHER framework were
described. Each one of these blocks has several RTPs that need to be tuned during deployment.
Within large-scale facilities, the control signals are usually merged into a control room. This
happens for operational reasons, as hand-modifying parameters of instrumentation that is
scattered over hundreds of meters is extremely inefficient. Additionally, safety concerns as the
protection of operators from radiation exposure can in principle drive the need for remote
control schemes.

Several protocols currently exist that allow to digitally communicate with devices in order to
remotely control and monitor them. This kind of infrastructure is known as a supervisory
control and data acquisition system. Among the most commonly used of these control
systems one can find the experimental physics and industrial control system (EPICS) [122],
gRPC [123], DOOCS [124], and TANGO [125]. At[KARA] that will be used as testing facility
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Figure 4.12.: In[EPICS| TOClservers expose variables, known as process variables (PV), through the local network.
Each[[O( can be used to control some underlying hardware, or to perform data processing. The computers, in
this model known as[CWS3| can access the from the [OCk.

for KINGFISHER, is employed. Given its versatility and the possibility of converting it
to other protocols, this was chosen as the control system of KINGFISHER.

An control system usually employs a local Ethernet-based network for communication
between its components (figure [4.12). Each device exposes a number of attributes known as
process variables (PVk) through an input/output controller (IOC) server. The does not
necessarily require to be a physical input/output device, but it can be used for data processing
systems. A client workstation (CWS), usually a computer in the control room, can read and
write PVk. is designed to be high performance and scalable, with systems with millions
of PVk being currently used. Additionally, it is event-driven: a[CWS]is directly notified of the
change of a[PV]it is monitoring, with the possibility of setting alarms. for the control of a
variety of devices at particle accelerators and other large-scale facilities are routinely provided

by the [EPICS| collaboration.

The KINGFISHER integration with [EPICS is structured as follows. A user-space application
running on a Petalinux in the [PY allows reading/writing physical memory addresses
corresponding to the registers of [AXI4l-Lite peripherals in the [PLl Additionally, an application
based on the Xilinx run time (XRT) library allows modifying the [AIEIRTPl This application
based approach adds an abstraction layer that facilities system debugging and the migration
to other control systems.

The KINGFISHER is implemented through the caproto library [126], a Python imple-
mentation of part of the protocol. can be defined as members of an class.
The asynchronous input/output Python framework allows for event driven task execution.
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from caproto.server import PVGroup, pvproperty

class ExampleIOC(PVGroup):
my_pv = pvproperty(value=0, doc="My PV")

@my_pv.putter

async def my_pv_put(self, instance, value):
# Modify register to value
# ...

@my_pv.scan(period=0.1)

async def my_pv_scan(self, instance, async_lib):
# Read register value from hardware
# Set the PV to that value
instance.value = value_from_register

Listing 4.4: Example of an IOC written using the caproto library.

When a[CWS modifies a[PV] a put method is executed, calling the corresponding user-space
application and modifying the corresponding register. For monitoring, a periodic scan task
can be executed that monitors the underlying value and applies it to the PVl Start-up and
shutdown tasks are also possible. An example of is shown in listing

4.6. Online training and reconfiguration

As discussed in section [2.2.5.2] libraries as Stable Baselines3 allow users to employ state of
the art and verified RI] algorithms. The library is written in Python and implements several
commonly used algorithms, for example etc. The currently available release
is mainly meant to gather data from interaction with a Gymnasium environment. The inference
of the policy is performed in the collect_rollouts method that is called during training. This
precludes the creation of special Gymnasium environment that replays data gathered by an
experience accumulator, as there is no guarantee that the pseudorandom numbers that are
produced during the model inference will correspond to the one of the [AIE] produced as in
section A possible solution would be to re-implement the PCG-based Gaussian random
number generator in Python and include it in Stable Baselines3. This would require careful
tracking of the internal generator state during inference and training process.

An alternative solution is to store both the output of the[NNland the random numbers produced
by the KINGFISHER generator. The collect_rollouts can then be modified to load this data
from file and use it for training. Special care is needed in order to verify that the deployed
on KINGFISHER and the one used for training match. The difference is verified to be in the
order of machine precision, otherwise a warning is produced.

In order to carry out reproducible experiments metadata needs to be gathered in order to
monitor the state of the accelerator. This can be performed by saving the state of a list of
that are relevant for the current application. Additionally, the agent obtained after each
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Figure 4.13.: Chart showing the steps carried out during training. KINGFISHER is initialized, with the parameters
describing the RT] agent. Then the state of the facility is captured by saving the PVk. The real-time agent is then
let to interact with the environment, producing training data. The[PVk are stored again, to track the variation of
the parameters that occurred during the interactions. Finally, training is carried out and the new coefficients are

applied.

training ——
experiment

training iteration can be stored. An example of the flow-chart for the system is shown in
figure The KINGFISHER agent is initialized and the [PV of interest are saved. The agent
interacts with the environment for a predetermined number of steps, while its observation,
action, and random number vectors are stored in memory and dumped into a file. This file can
then be accessed from the [PS] or remotely from a control room computer. Moreover, the state
of the PVk is recorded again. This is useful to monitor possible beam losses induced by the
agent. A training iteration is carried out on the data that were just gathered. The new set of
coeflicients is loaded into Versal™ and another training cycle starts.

During testing it is sometimes useful to vary the size of the used for inference. In order
to not affect the latency and throughput characteristics of the real-time this should be
implemented by switching-off the non-utilized neurons, instead of reshaping the matrices in
the[AIEl This ensures the same number of operations are carried out in both cases, mitigating
the system dependency on latency.
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4.7. Summary

The KINGFISHER platform has been developed to aid the execution of experiments in large-
scale facilities. The system is based on a AMD/Xilinx Versal™ device and implements real-time
high-performance in the [AIE] array. [FPGAI[IP cores allow communication with [KARA|
and the real-time monitoring of the policy to gather training data. The [CPUl has the task of
managing the system, by loading the new coeflicients and by forwarding training data to
an external platform.

An in-depth discussion of the integration within and the design of the system is carried
out. Special care was used in describing the development of [AIE[[NN}-based policies employing
the high performance MAC| vector unit. Specifically, the required intrinsic function used to
employ these units was thoroughly described, together with the pitfalls and linear-dependency
mitigation strategies necessary to harness the full potential of an[ATE]tile. Benchmarking of
these policies to extract the latency characteristics was also carried out, producing latency
figures in the microsecond range. Additionally latency fluctuations effects produced by [FIFOl
buffers in the data stream were shown to be relevant in some cases.

Finally, integration of the system in the [KARAl control system is discussed, together with the
scheme utilized to carry out[RL] experiments with online training of policies.
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horizontal betatron oscillations

The results of this chapter have been published in [12,127].

In order to test the system described in chapter 3| an environment with high interaction rate
and well understood dynamics is required. The betatron oscillations described in section[2.1.2]
represent a feasible candidate. First of all, their dynamics are easy to simulate. Secondly, at
[KARA] their oscillation frequency is in the order of 700 kHz, allowing turn-by-turn interactions
with the accelerator and thus producing data at rates where an experience accumulator is
applicable. These undesired oscillations are usually managed in accelerators with transverse
dampers, and bunch-by-bunch closed loop feedback systems [128]. A commercial system is in
operation at which served as benchmark in these studies. The system is vital during
operation in order to avoid beam losses induced by the transversal instabilities.

5.1. Problem description

In the presence of [HBOk, an observer fixed in a given position of will only observe
the fractional part of the tune Q,, corresponding to an oscillation frequency in the order of
700 kHz, depending both on the operation mode, the beam current and more generally the
state of the machine. This oscillation frequency sets the timescale at which the [RL]agent must
be able to act, in this case in the order of a few microseconds.

A commercial feedback system [129] is installed at the machine. This setup is based on
an [FIR filter that takes the input position signal and applies a 7 rad phase at the frequency of
the instability. In this way, a linear kick is produced with an opposite sign compared to the
displacement, damping the oscillations. The output of this kind of filter can be computed as

N
y(t) = ) ex(t - i) (5.1)
i=0
where c; are the coefficients of the filter, and N is its order. The tuning of the filter coefficients
directly impacts the performance of the controller, as it defines its behavior with respect to
external noise and the bandwidth over which a suitable phase offset is produced. So far this is
usually hand-tuned. A review on the topic is provided in [128].

In order for this system to work, a[BPM|is already installed, together with a stripline kicker,
based on the design from [130], and the necessary driving amplifiers. This kicker capable of
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5. Reinforcement learning control of the horizontal betatron oscillations

affecting the by applying a bunch-by-bunch and turn-by-turn horizontal force to the
beam based on the signal provided into an analog input.

The injection in the KARA| storage ring makes use of three strong kicker and one septum
magnet in order to properly merge the beam already in the machine with the one that is being
injected. For the injection process, the kickers are pulsed at a rate of 1Hz, creating a kick
field for a few revolutions, in this way moving the beam on a displaced orbit in the horizontal
plane. When the kicker switches back off, the displaced bunches will start performing betatron
oscillations around the reference orbit. The goal of the RIlagent is to damp this oscillation
as quickly as possible. Notably, the strength of the injection kickers is orders of magnitude
stronger than the stripline kickers used for feedback, thus an agent cannot damp an oscillation
in a single kick, and turn-by-turn control is required.

5.2. Closing the feedback loop

A[BPMlis, in the case of [KARA| a structure composed of four buttons that are embedded in the
beam pipe. Each one of these is an electrode behaving as an antenna, producing a signal when
an electron bunch passes by. The amplitude of the four signals can be used to reconstruct the
transversal position of the beam together with its charge. The time-of-arrival of the signals
allows to determine the longitudinal position of the bunch. An analog Dimtel BPMH-20-2G
hybrid [131] combines the button signals into horizontal and vertical positions signal, plus
a sum signal that can be used for time of arrival measurements. Each one of these signals
is a fast bipolar peak that can be sampled with the The data is then
streamed to KINGFISHER by employing the connection scheme described in section [4.1] with
the 40 Gbps Aurora 64b/66b link [112] configuration.

The action data-stream needs to be converted into an analog signal that is amplified with a
Rohde & Schwarz BBA150-A125 wideband power amplifier with a frequency range from 9 kHz
to 250 MHz and an output power of 125 W. The signal was produced through a Pmod DA3
module based on the AD5541A with a large signal settling time of 1 ys. This rate allows
turn-by-turn control of a single bunch, but it does not allow multi-bunch control. In order
to ensure that the new [DAC| value is synchronized with the arrival of the bunch, special care
needs to be used when developing the control [Plcore. An example data transaction is shown

in figure

In order to provide a new sample to the sixteen clock transitions are needed to transfer
the set-point, plus an additional one for the data to be shifted from the input register to the
conversion stage. If LDAC is tied low, data is converted as soon as it is available. Thus, a total
of at least 17 clock cycles are required per revolution in order to provide a sample to the DACI
The maximum sustainable SCLK frequency is 50 MHz. The main [RE clock frequency is
not constant, but it is adjusted during operation to stabilize the orbit. To ensure that a single
sample is produce at each revolution, corresponding to a[KAPTURE] sample for a single
bunch, the clock has to be locked to the KARA| clock. For simplicity, in the following
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Figure 5.1.: Control signals for the AD5541A [DAC] Data is transferred after CS goes from high to low. In order to
start the data conversion LDAC needs to be set to low. In this case it is tied to low, forcing conversion as soon as
possible.

time analysis fiara = 500 MHZ'} To achieve this, the KARA clock was divided by a factor of
16 within of the timing distribution units of the facility, creating a fxr = 31.250 MHz reference
that was fed into KINGFISHER. There SCLK needs to be generated with a frequency of

17 34
foac = frev X 17 = feara X — = fkr X — (5.2)

184 23°
where the factor 184 is the harmonic number and f;., the revolution frequency. The 34/23
factor can be used to program one of the internal [PLLk of Versal™ to obtain the correct clock.
Due to the constraints of the operation frequency of the[VCOland the multiplier/divider values,
an equivalent factor of 102/69, creating the necessary frequency.

Additionally, a trigger input was employed to start the agent action synchronously with the
injection kickers. A photograph of the setup is shown in figure

5.2.1. Effects of coupled bunch instabilities

A first readout test was carried out at[KARAl with a single bunch train composed
of approximately thirty bunches, in the machine conditions summarized in table The
signal produced with no external excitations is visible in figure Strong noise was observed,
making it impossible to observe the produced by the injection kickers, thus no control
experiments could be performed in those conditions.

Energy E 0.5GeV
Total RF voltage VRr 357kV
RF frequency frRe 499.754 MHz
Synchrotron frequency fsyne 35.7 kHz
Momentum compaction factor  a. 8 x1073

Table 5.1.: Machine parameters employed during the control experiments.

1 The main [RE frequency depends on several parameters, such as energy, external temperature, current,
etc. At the time of writing its value during injection is 499.7540 MHz.
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Figure 5.2.: Photograph of the setup after the measurement campaign at[KARAl The [BPMlsignal enters from
the bottom right side, is sampled by [KAPTURE}2 and sent over an Aurora link by an HighFlex 2 board to the
AMD/Xilinx VCK190. Here the data stream is processed by a[NN| or [FIRI filter. The resulting feedback signal
is brought to the analog domain with a[DAC] and is fed into the power amplifier before being applied to the
stripline kicker (off picture).

This behavior was attributed to jitter in the system, either affecting the time of arrival of the
pulses, or the sampling clock. The signal was thus measured with an
oscilloscope in order to find its timing characteristics. The pulses were bipolar signals with
width smaller than 20 ps, mainly limited by the bandwidth of the oscilloscope. The jitter of
the output clock coming from [KAPTURE| was measured to be 2.3 ps. Albeit sizeable, this was
not considered to be the main contributor to the observed jitter. Nonetheless, KAPTURE] was
configured to use the clock from the KARAlmaster oscillator, reducing the jitter to 0.72 ps.

If the [FFT of the noise signal is examined (figure [5.5), a strong peak appears at roughly
60 kHz. This corresponds to exactly twice the synchrotron frequency at the time of operation,
leading to believe that longitudinal oscillations were being excited through the coupled bunch
instabilities [[18]]. Such a phenomena originates from the interaction of each bunch with the
electric field produced by the other bunches.

A trivial way of mitigating this effect is to utilize a single-bunch filling-pattern. Usually, the
feedback system is employed to excited betatron oscillations in the unwanted bunches,
leading to their loss, while stabilizing the ones that are intended to be kept. In this case,
though, this operation is not trivial, as the amplifiers and stripling kickers of the system
were being utilized for the KINGFISHER feedback. A separate is installed in the booster,
allowing bunch cleaning in the injector.
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Figure 5.3.: Drawing of the hardware infrastructure employed in this work. The bunch position in the beam
pipe is measured by processing a[BPM| signal with an analog hybrid. The produced analog signal is sampled
with [KAPTURE] and then forwarded by an HighFlex 2 board through high-speed links to a Versal device. The
KINGFISHER system programmed on this Versal then connects this data stream into the [RT] controller, while
applying the output action to a stripline kicker. Every episode, comprised of 2048 interaction steps with the
accelerator, data is sent back to the control room for training.

With a single bunch, the produced signal as shown in figures [5.4] and [5.5| do no exhibit
the disturbing noise anymore, confirming that the effect was mainly due to time-of-arrival
differences induced by the coupled bunch instabilities.

5.3. [FIR-based control

In order to test the functionality of the complete feedback system, an [FIR|filter controller with
32 coefficients was deployed to KINGFISHER. This can also serve as a conventional controller
benchmark to measure the performance of the RL agent. The implementation was executed
on a single [ATE] tile. The system was tested with a signal generator and an oscilloscope by
setting its coefficients to the identity, allowing to measure its latency of 2.5 s [[127]].

A commonly employed set of coefficients ¢y are

ck = sin (Zﬂf% + ¢) , (5.3)
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Figure 5.4.: Comparison of acquired BPM| signal with Figure 5.5.: Comparison of the [FFT] of BPM| signals ac-
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Figure 5.6.: Response function of an[FIRIfilter based on the coefficients from equation (5.3) for N = 5, f = 2, and
¢ = 90°.

where N is the number of non-zero coefficients, while f and ¢ can be used to tune the filter
response. Assuming wy, = 27f /N, the frequency response can be computed analytically

using
1 i¢ ei(wo—a))N -1 ¢ e—i(w0+a))N -1

- (5.4)

F=— |l
2i € ei(a)o—w) -1 e—i(w0+w) -1

To a first order of approximation, N can be used to control the filter bandwidth, while varying
f and ¢ one can control the position and phase of the maximum of the response function.
The main idea of this kind of controller is to shift the with a 180° phase, in this way
the feedback will have opposite sign compared to the displacement and thus will damp the

oscillation.

In order to not saturate the [DAC] and the power amplifiers, the output of the [FIR filter is
multiplied by a gain factor, allowing to control its scale. Additionally, this also allows to study
the effect of the feedback intensity on the beam. For a first test the parameters were chosen as
N =5, f =2, and ¢ = 90°. This leads to the response function shown in figure
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Figure 5.7.: Position signal with an[FIR| controller as a function of gain. Higher gains correspond to a stronger
effect on the beam, leading to faster damping.

These filters were used to try damping the oscillations generated by the injection kickers, the
result of which is shown in figure The injection septum is switched-on at ¢t ~ 250 turns,
producing a shift in the baseline position. The kickers act at t ~ 0 turns, starting the oscillation.
For increasing gains, the rate of damping increases. Such an effect is shown in greater detail
in figure were the envelope of the signal was computed and the exponential decay rate
was obtained through a fit.

An interesting effect that can be employed to verify the functionality of this feedback system is
the appearance of a notch in the[BPM|spectrum [132}[133]]. This phenomenon is produced when
noise is sampled and is fed in the [FIRI filter. This gives a 180° phase to the noise signal around
the tune frequency. The frequency response of the beam has a resonance at this frequency
making it behave as an amplifier. The noise signal is then sampled again by the electronics
front-end. In this case, though, it has a 180° phase, thus it is subtracted from the original noise
signal, leading to a noise reduction. This produces a notch in the [FFT] that goes below the
noise floor of the front-end electronics. Fundamentally, though, this notch appears only in
the acquired signal used for feedback. An additional monitoring channel would observe an
increase in the noise floor, due to the noise injected from the [FIR| filter.

The KINGFISHER-based [FIR| controller exhibits this phenomenon, as shown in figure If
the gain is zero, i.e. the feedback is off, a peak is visible corresponding to the self-excitation of
the When the gain is increased, the depth of the notch increases due to the stronger
action of the feedback system.
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Figure 5.8.: The damping rate is obtained from a fit of Figure 5.9.:[FFT] of the feedback{BPM]signal. When the

the envelope. A higher gain applies a stronger action gain is zero (feedback off), a peak is visible at the fre-

on the beam, leading to a higher damping rate. quency of the[HBOl When the feedback is switched on
a notch appears.

In conclusion, the system designed so far is capable of controlling the HBO| and can thus be
used to deploy RLl agents.

5.4. Formulation as anRL task

For the current problem of controlling the the RLl environment was modeled as follows.
Given the dynamics at a fixed position in the storage ring can be approximated by an
harmonic oscillator, the position x and its derivative x are sufficient to have full knowledge of
the state of the system. In a discrete-time setting, the derivative can be computed from the
time difference of two consecutive samples.

x(t) —x(t—1)
At

x(t) = (5.5)
This in turn means that the two latest position samples, x(t) and x(t — 1), are also a full
representation of the system’s state. In practice, though, only having two values is subject to
measurement noise. Thus, the observation vector was defined as the last eight positions 0; =
(x(t),x(t=1),...,x(t—7))T. The signal is sampled at the revolution frequency, i. e. ca. 2.7 MHz,
thus eight samples span roughly two periods of the betatron oscillation.

The action is a force that is applied to the bunch through a stripline kicker. In the harmonic
oscillator model, this corresponds to a driving force. Under this definition, the system is a
MDP

Several different reward definitions were chosen, and the respective performance of the final
agents are compared in section All rewards studied in this paper penalize the agent
when the x position differs from zero, corresponding to the reference orbit.
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Figure 5.10.: Simulated training episode (left) and reward plot (right) showing that a[PPOlagent can control a
simulated version of the [HBO

5.4.1. Simulation study

In order to study the interaction of an agent with the an environment based on the
Gymnasium library [49] was developed. The dynamics was modeled as a damped harmonic
oscillator with user selectable undamped angular frequency w, and damping ratio I'. The
environment stores the actions a; performed on the system and convolves this vector with the
Green’s function B(t,t’") of the damped harmonic oscillator

o~ T(t-1)
B(t,t') =O(t —t')——— sinw(t — t'), (5.6)
w

with w = \Jw? — T2. As such, the position x(t) is computed as

x(t) = Z B(t, (i + AD) Tev) ais (5.7)

where O(t) is the Heaviside step function and T,y is the revolution period of the accelerator.
An additional user selectable delay Az is added to the argument of the function to study the
effect of latency. Gaussian noise is added to the samples, reflecting the behavior of real-life
data. A kick of intensity one order of magnitude higher than what the agent can perform is
applied at a random time to simulate the external kicker.

In order to guide the selection of an Rl algorithm and agent structure, the environment was
used to test the training performance with the algorithms available in the Stable-baselines3
library [47]. This is necessary in order to disentangle a hardware platform failure from an
issue with the Rl problem formulation, in the case control could not be achieved during the
tests at KARA. and the observation vector definition of section[5.4 were thus validated
in simulation, as shown in figure before testing the complete system on the accelerator.
The other algorithms discussed in section ie. and [TD3] did not train a
functional agent.

111



5. Reinforcement learning control of the horizontal betatron oscillations

5.5. [PPOIpolicy implementation on KINGFISHER

The algorithm used for this experiment is [40]. This choice was dictated by its stability
with respect to the change of hyperparameters. The reduced sample efficiency compared to
off-policy algorithms like [SAC| does not affect the current application, as it is counterbalanced
by the high experience collection rate. Other [RLl algorithms are nonetheless easy to integrate
thanks to the experience accumulator architecture.

The actor network is implemented in the [AIEl The employed algorithm implementation
uses a[NNIto select the mean value of a Gaussian distribution, from which the action applied to
the environment is chosen. The standard deviation of the probability distribution is a trainable
parameter, that is updated together with the NN] coefficients.

A schematic of the internal data processing within the actor and the KINGFISHER platform
is shown in figure The first[ATE] tile implements a circular buffer and streams the latest
eight samples to the following kernel using the cascade stream interface. These eight samples
represent the observation vector, the choice of which will be described more thoroughly in
section The next kernel implements the linear layer of a computing the values of
the sixteen hidden neurons. A [ReLU activation function is applied to the outputs. Such an
activation function was selected because of its simple implementation. This function can also
be turned off while the system is still running in order to implement [FIR filters as in section|[5.3]
The output of the network is then computed with a final linear layer and passed to the last
output kernel. All these kernels keep forwarding the eight input values. The last kernel takes
16 values from uniformly-distributed random number data stream and sums them, producing
an approximately Gaussian-distributed sample due to the central limit theorem. This is used
to add a Gaussian noise with a standard deviation selectable at run-time to the output of the
network. A final data vector containing the eight input values, the random value, and the
output of the network previous to the noise addition is given to the experience accumulator

logic.

A computer in the control room then fetches the data and uses a modified version of the
Stable-baselines3 library [47]] [40] implementation to train the policy using the hyper-
parameters in table The new parameters are then loaded onto the [AIE|kernel at run-time
and new data for training is gathered. The whole inference loop has a latency of 2.8 ps. For
this work, a number of 2048 action steps was chosen. This number has been manually selected
in such a way that the agent would not have enough time to cause beam loss and disrupt
operation.

The critic network was chosen to be identical to the actor network. The remaining hyper-
parameters are available in table

5.6. Reinforcement learning based control

The system discussed in this study was allowed to interact with the accelerator for 2048
revolutions (corresponding to 784 ps). During this period an external kicker excited the
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Figure 5.11.: Schematic representation of the data path within the Versal VCK190 firmware. In the top part, the
KAPTURE data stream coming from HighFlex 2 is decoded by an Aurora IP from the protocol used for fiber-optic
communication. The bunch of interest for the control experiment is selected and gain/offset correction are
applied. FPGAllogic takes care of forwarding data and gracefully stopping the In the middle, a buffer stores
the latest eight samples and feeds them to the NNl The exploration noise is added and the action is then output
to a DAC, for control of the kicker. At the bottom, an [FPGAlblock takes the latest data from the inference and
stores them in memory through a[DMAIfor later training.

Hyper-parameter ~ Value

Learning rate n 0.0012

Discount rate y 0.99
Number of steps 2048
Batch size 64
Number of epochs 1

Table 5.2.: Hyper-parameters used for the algorithm.

oscillations as shown in figure After each of these episodes, a training step was performed,
updating the coefficients of the The new set of weights and biases were uploaded to the
agent and the operation was repeated.

In order to study the evolution of the oscillation amplitude, the amplitude of the oscillation
was obtained as the absolute value of the Hilbert transform of the raw oscillation signal x(t).
As shown in figure an increase in the damping rate of the oscillations is an indication
that the agent in question is achieving control of the environment. Moreover, it is possible to
examine the trend of the cumulative reward obtained during each training episode as shown
in figure A clear increase in the obtained cumulative reward is visible as more episodes
are used for training. This clearly shows that the agent improves with experience, as it is
expected.
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5. Reinforcement learning control of the horizontal betatron oscillations
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Figure 5.12.: Smoothed envelope of oscillations measured by aBPM] The sharp increase around ¢ = 150 revolutions
is due to the injection kicker emulating an instantaneous external excitation. Notice how at step 0 the randomly
selected agent is destabilizing the beam, leading to an increase of the oscillation amplitude. Moreover, the rate of
damping increases with the number of training steps, i.e. with the agent experience.

Several different training configurations were tested, each one with a different reward definition
and the number of neurons in the hidden layer of the actor. This led to agents with different
performances. An example of training configuration is L2, 12 N, meaning the L2 norm defined
in table [5.3|is used, together with an actor having 12 neurons in the hidden layer.

5.6.1. Training-time reward definition

Figure compares the performance of different reward functions employed during training.
To do so, the oscillation amplitude was fitted with an exponential function

f(t; A1) = Ae™ (5.8)

and the damping rate A was employed as a reward independent metric. Provided x is the
position obtained from the [BPM] the reward functions definitions are listed in table

The agents trained with all of these three reward choices reached a final performance better
than the FIR controller and the baseline with the untrained agents.
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Figure 5.13.: Cumulative reward obtained by an
agent as a function of the number of training
episodes. It can be seen how experience is gained
(i.e. more episodes are used for training) and even-
tually plateaus. The colored points correspond to

the episodes depicted in figure
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Figure 5.14.: Damping rates of an instantaneous ex-
ternal excitation that is achieved for different kinds
of training parameters. The y-axis denotes the re-
ward function used for the specific training accord-
ing to table[5.3|and the number of neurons in the
hidden layer. The trained and untrained (baseline)

agents are compared against an controller.
Note that the negative baseline values are caused by
the agents with random coefficients actually excit-
ing the instability. All agents outperform the state-
of-the-art[FIR| controller showing higher damping
rates. The[FIRlperformance varies from case to case
because the feedback signal linearly depends on
the bunch current, so at lower currents a weaker
action is applied.

Reward name  Definition

L1 —|x|
L2 —x?
Tanhsq — tanh (x?)

Table 5.3.: Definition of the different reward functions used experimentally, where x denotes the transverse
horizontal position of the beam read by the

5.6.2. Online neural network reconfiguration

In order to further increase the level of flexibility of the system, the possibility of dynamically
modifying the[NNJstructure without the need of re-implementing or re-packaging the firmware
was implemented. This was achieved by embedding a smaller network into one with a greater
number of neurons and layers by appropriately switching off different weights. Additionally,
maintaining the number of computations constant allows to have identical latency between
different training trials, thus removing this variability when comparing different agents.

Agents with several different layer sizes have been trained and their performance is shown
in figure The performance of all agents increased with training, outperforming the
traditional [FIRl controller. The best performing agent, with 12 neurons in the hidden layer
and trained with an L2-norm reward (in short notation: L2, 12 N; cf. also table , is used
throughout the rest of this work for comparison with classical control techniques.
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Figure 5.15.: Comparison of different training Figure 5.16.: Evolution of the horizontal position of
episodes with different beam current conditions, the beam after an instantaneous external excitation
where the final agents achieve almost identical per- at time ¢t ~ 175revolutions, influenced by an RL
formances. agent before and after training. The septum magnet

was active, inducing a baseline shift superimposed
on the usual exponential decay. Nonetheless, the
trained agent (orange) is capable of damping the
oscillation compared to the untrained one (blue).

5.6.3. Training stability and robustness

The training procedure was repeated several times, with the same setting but a different beam
current, to study the stability of the agents produced. One would expect an effect for two
reasons. First of all the signal is not normalized, so the amplitude will vary with current.
Second of all the[HBOtune is current dependent [[18]]. Despite a 20% reduction in beam current
due to the natural decay of the beam, all resulting agents achieve a very similar final reward,
as shown in figure This shows the robustness of the RI] agent against variations of
current.

One of the main components of the KARA| storage ring injection line is the injection septum
magnet. Its impulse activation is necessary to guarantee the injection of the electron bunch
coming from the booster into the main ring. The leaking magnetic field, though, also affects the
beam that is already in the storage ring. This effect is visible in figure which corresponds
to a shift in the position of the beam. Such an effect was not present in the simulation, but it
was nonetheless possible to train an agent capable of correctly handling this new phenomenon.
This is an example of the versatility and adaptability of RT]algorithms, that are sometimes
able to autonomously learn from situations they are not originally designed for.

5.6.4. Improvement during cumulative reward plateau

As can be seen in figure the cumulative reward reaches a plateau around step number 50.
Nonetheless, if one studies the trend of the damping rate measured at a[BPMlin a different
part of the ring, it is still possible to observe an increase of the damping rate even around step
100 as shown in figure This is due to the fact that noise in the input data adds an offset
to the cumulative reward that hides small improvements. Such a phenomenon needs to be
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Figure 5.17.: Damping rate (blue) measured with a different BPM system as a function of the training step,
compared with the reward function (orange). Notice the absence of a plateau in the damping rate curve.

considered in future experiments as it could potentially hinder further improvement of the
agent.

5.7. Performance of the controller

Several working agents were trained and their performance can be compared and evaluated.

As can be seen in figure the performance of the [FIRl controller is not constant. This
behavior is mainly due to variations in the beam current that, due to its linear nature, affects
the action signal amplitude. This is not the case for the RL]agent, as it is able to automatically
adapt to the variation in beam current. Thus, the trained agent outperformed the[FIR controller
in all of our evaluations. Additionally, the untrained RL] agent is shown as the baseline, with
clearly inferior performances when compared to the trained agent and the [FIRl controller.

Compared to the [FIR controllers conventionally used, agents are capable of exhibiting non-
linear output response. This allows the implementation of more complex policies. Particularly
shallow [NNk with[ReLUactivation functions have been shown to behave linearly in some cases.
When pure sinusoidal input is fed into a black-box, the non-linear behavior produces harmonics
of the fundamental sinusoidal input. The total harmonic distortion plus noise (THD+N)), is

defined as
AL+ X2, AR
Ay ’
where A; is the amplitude of the i-th harmonic, where i = 1 is the fundamental, and Ay
is the noise amplitude. This metric expresses the amount of non-linear components in the
output of a given device. For a linear controller, like a [FIR filter, in the case where noise is
negligible, THD+N is approximately zero. The THD+N was computed for different amplitudes
of a sinusoidal input at the betatron oscillation frequency. The behavior for the L2, 12 N agent
is shown in figure The amount of non-linear harmonic content is consistent, with a
steep increase at a level compatible with the noise floor of the signal provided to the agent.
This might indicate that the agent is learning to apply more complex actions in the case of
high-amplitude, and thus highly penalized, observations.

THD+N = (5.9)
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Figure 5.18.: Total harmonic distortion plus noise (THD+N) as a function of the input signal amplitude for an
(L2-norm, 12 neurons) agent. Note that the [FIR] filter with negligible noise will have a (THD+N) close to 0. In
the bottom plot, a training signal is shown, allowing to determine which part of the training episode employs a
higher non-linear behavior. The noise level is indicated with the black lines, while a higher amplitude is shown
with the yellow lines. Signals above the noise level tend to produce more non-linear actions.

The trade-off between training through interaction with a simulated or real-world environment
is an important aspect of the application of RLIto large-scale facilities. A simulation-driven
approach is sometimes necessary to ensure safety, both of the facility and its personnel, while
in other cases, it is dictated by the time necessary to obtain the training dataset. One advantage
of real-world training is that trained agents are directly transferable into operation. This is
not the case for agents trained on simulation, as their transfer to the real world is potentially
hindered by non-modeled phenomena and, more in general, differences between the training
and real-world environments. This work presents the opportunity to compare these two
approaches. To do so, the time necessary to train an agent through interaction with the
accelerator and simulation is reported in table It is important to consider that the online
case comprised waiting for a 1 Hz trigger, controlling the kickers. These numbers comprise
the overhead of transferring training data, the time necessary for back-propagation and
the interaction time with the environment. Given both approaches used the same model,
the back-propagation time can be assumed to be equal. The interaction time, on the other
hand, is 17.6 s for the simulation, while the trial on the accelerator takes 0.076 s or 76 ms. It
is relevant to notice how the simulation being employed, and discussed in greater detail in
the method section, is lightweight while still performing two orders of magnitudes slower
than gathering data on the machine. As such, approximately 50% of the real-world training
time is consumed by data-access overhead. This could be reduced in future implementations
of the system with several approaches: using higher speed network links paired with lower
overhead network protocols, or by accelerating the training directly on the FPGA and [AIE]
array sharing memory with the experience accumulator hardware. In conclusion, for systems
with dynamics that is computationally intensive to simulate, the techniques described in this
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5.7. Performance of the controller

Training platform Interaction time Training time

Simulation CPU 17.6s 137 s
Simulation GPU 17.6s 227s
Online CPU 0.076s 260s

Table 5.4.: Comparison of the time necessary to perform 100 training steps for different training platforms.

article will greatly improve the time necessary for training. An environment-driven training
procedure, i.e. training directly on the real-world task, becomes thus not only possible but
also more flexible than a simulation study as the total deployment time would be reduced.

In certain scenarios characterized by rapid dynamics and computationally intensive simulations
demanding high-performance computing clusters, it may be conceivable that training directly
on the accelerator consumes less energy than utilizing simulations. Such a possibility could
significantly influence the sustainability of [ML] methodologies.
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5. Reinforcement learning control of the horizontal betatron oscillations

5.8. Summary

The conventional control techniques for the [HBOIbased on BBB|feedback systems employ a
[FIRl filters producing a phased version of the oscillation signal. The idea is to produce a kick
opposite to the direction of oscillation, thus producing a stabilizing effect.

In order to perform [RL control experiments, a[DAC| output was included in the KINGFISHER
system in order to drive the stripling kicker usually employed by the commercial BBB|feedback
system employed at [KARAl An[FIR filter deployed on KINGFISHER was shown to be effective
in the control of the

[RL agents were then trained on the machine, testing different activation functions and compar-
ing their performance. The result was shown to be robust and to reliably produce a working
controller through the sole interaction with The time required for training and obtain-
ing data was also compared, showing that an interaction time of 0.076 ms was sufficient for
the training of a functioning policy. The simulation of the same dynamics on a[CPUlrequired
17.6 s, a two-orders of magnitude gain.
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6. Reinforcement learning control of the
microbunching instability

In the previous chapter, the KINGFISHER system was shown to be effective in the RL}-based
control of the[HBOlat[KARA] consistently reaching and sometimes surpassing the performance
of a commercial system. As discussed in section when is operated in short-bunch
mode, microstructures can form in the longitudinal phase space leading to the emission of
The self-interaction between a bunch and its own emitted leads to strong fluctuations
in the radiation power output with frequency components spanning from a O(100Hz) to
O(100kHz). In [106]], R[}based methods were shown to successfully control this instability in
simulation. Due to the lack of a suitable low-latency hardware platform fully integrated with
this approach could not be tested on a real accelerator. The KINGFISHER-based
system that has been developed as part of this work is a perfect candidate to approach this
problem, as it addresses both the latency and [KARAlintegration issues.

The microbunching instability control problem serves not only as an ideal candidate to inves-
tigate the capabilities of this system, but also as a case study for real-time RL applications to
highly non-linear control problems at particle accelerator. In turn, this opens the way to a
new class of general turn-key controllers that can be applied to large-scale facilities.

6.1. Task description

The microbunching instability has a rich phenomenology. A variety of techniques have been
employed for its characterization, ranging from investigating the properties of the emitted [CSR]
by using direct methods [17,(134], or by using electro-optical means to study the time-structure
of each[CSR|pulse [135]. Additionally, investigation of the longitudinal charge density have
also been performed [22, 23]

The dynamics of the instability has been shown to depend on several machine parameters,
as for example the shape of the beam pipe, such as the presence of precisely engineered
corrugated structures [136]]. Furthermore, the dynamics are also affected by the configuration
of the magnetic lattice [19]], the main [RE voltage, and the longitudinal damping time [17]. A
simulation suite called Inovesa was developed at the Karlsruhe Institute of Technology in
order to study the microbunching instability [137,138].

The goal is to stabilize the emitted [CSRl This can be achieved by employing information on
the longitudinal beam dynamics provided by one or several of the aforementioned diagnostic
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6. Reinforcement learning control of the microbunching instability

methods to apply feedback to a parameter that affects the instability. The two following
subsections will deal with the selection of possible observables and action parameters that
could be employed in a low-latency real-time [RL|feedback.

6.1.1. Possible observables

At there are three main properties that can be measured to obtain information on
the microbunching instability: the emitted [CSR| the emitted [SR] and the charge density of
the bunch. Each one of these can be measured with a variety of different techniques. In
order to perform continuous feedback, the selected observables must be able to be measured
continuously. At the and systems described in sections [2.1.6
and[2.1.7 have this capability. Additionally, they also allow turn-by-turn diagnostic.

The pulses emitted by a bunch in each turn can be detected by means of a Schottky diode,
producing a signal of amplitude proportional to the energy in the pulse. These signals can
then be sampled with [139], providing important information on the underlying
dynamics. A more powerful technique, known as far-field described in [[135], uses the
[EQFsampling [22] and photonic time-stretch in order to directly sample the electric field of
the THz [CSR| pulses. The terahertz readout sampling system [140] will allow

continuous streaming of this data.

The provides information on both the longitudinal beam size and energy spread. The
former is measured using the streak camera setup currently available at[KARA][141]. How-
ever, this device does not support continuous data streaming and therefore cannot be used
for feedback. The energy spread, on the other hand, can be determined by measuring the
horizontal beam size in a dispersive section, which can be achieved with a[KALYPSO|system.
These observables, which are related to longitudinal beam dynamics, provide insights into
microbunching instability. However, neither system currently has sufficient resolution to
image microstructures [23].

has the unique capability of having an[EQOl sampling crystal in the beam pipe that can
be brought in close proximity to the beam [22,(142]]. This method, known as near-field EQ]
provides excellent information on the microstructures in the longitudinal charge distribution,
and can even be employed to reconstruct the longitudinal phase space [142]. Actions on the
beam, though, can lead to displacements of the physical position of a bunch that can lead it to
an impact with the crystal, leading to beam loss and potential damage.

In conclusion, the diagnostic method capable of giving continuous information on the mi-
crobunching instability, and that can be readily and safely realized at[KARA]at the time of this
thesis, is the sampling of the [CSRlpulses with a Schottky diode and

6.1.2. Selection of action

Several systems can be used to affect the microbunching instability. The lattice of the accel-
erator can be modified, leading to different dynamics. As an example, using a negative-a,
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6.1. Task description

Modulation type Modulation amplitude Modulation frequency (fsync)

BBB 0.69kV (2 or 3)£0.2
LLRF Viy0d 15kV, 30kV, or 45kV (2 or 3)£0.2
LLRF $imod 1°, 2°, or 2.5° (2 or 3)+0.2

Table 6.1.: Different types of modulations employed during the measurements. Courtesy of A. Santamaria
Garcia [|143]).

operation mode leads to completely different dynamics than positive-a, [19]], with low-bursting
that is much more regular. Furthermore, insertion devices such as wiggler and undulators
can be employed to modify the longitudinal damping time [17]], affecting the low-bursting
rate. At[KARAI these systems do not currently allow feedback at timescales comparable to the
dynamics of the microbunching instability. Modifying the lattice at those rates would require
strong modulation of the magnets, a technically challenging tasks due to the high currents
involved and the current stability that needs to be guaranteed. Insertion devices in some
cases require moving mechanical parts, or ramping superconducting magnets to high-currents,
again tasks that are challenging to perform with the required speed of tens of kHz in the
current installation.

In reference [[136]], a systematic simulation study showed that specially designed corrugated
structure affect the bursting frequency and threshold. The presence of the structures adds
an impedance, and thus a wakefield, that can strongly affect the dynamics. Again, albeit
promising, using this system in a low-latency feedback loop is technically challenging.

At only two systems allow acting on the longitudinal degree of freedom of a bunch
at a rate higher than a few tens of kHz. The first is the longitudinal [BBB|feedback system is
intended to mitigate coupled bunch instabilities, providing a cavity that can kick the beam
longitudinally. Its effect on the microbunching instability needs to be examined. The second
relies on the system, by applying modulations to the [RE voltage within the accelerating
cavities. The cavity voltage can be expressed as

VRe(2) = (Vinod (1) + Vo) sin (27 fret + o + Pmod (1)) , (6.1)

where Vi,04(t) and ¢pmod(t) are amplitude and phase modulations. Their effect is shown in
figure6.1] Phase modulations of the[RFlvoltage was shown to strongly affect the microbunching
instability [134]].

In order to select the most suitable among these approaches, a systematic study of their effect
on the microbunching instability was carried out in [[143]. A more detailed overview of the
working principle of the system used to perform these kind of modulations will be
discussed in section Sinusoidal kicks were applied with the feedback system with
variable amplitude and frequency. Similarly, amplitude and phase modulations were applied
with the A summary of the employed frequencies and levels is shown in table

Data was acquired with the KINGFISHER platform. An example of modulation experiment
is shown in figure The [BBBl has no perceivable effect, compared to the non-modulated
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Figure 6.1.: Graph comparing amplitude and phase modulations.

case. As discussed in [106], the current setup can apply a maximum [BBBllongitudinal cavity
voltage of ~ 500V, assuming an input power of 200 W and a shunt resistance of ~ 1000 kQ,
several times lower than the [LLRE The [LLRF modulations, on the other hand, disturb the
microbunching instability, going as far as almost stopping the emission of

In order to investigate the systematic effect of the modulation, two parameters were extracted
for each measurement: the area or integral of the [FFT] and the frequency of the low-bursting
instability. As shown in figure|6.3] allLLRFmodulations have strong effect on the integral of the
[FFT] indicating a variation of the emitted [CSR| power with respect to the non-modulated case.
The system does not exhibit the same behavior, with only minor variations discernible in
the frequency of the instability.

The usage of the longitudinal BBBI feedback for control experiments would require less devel-
opment effort for its KINGFISHER integration, as the same system described in section[5.2]can
be employed [13]. Using the [LLRF system as a KINGFISHER output requires more develop-
ment effort, as the system was originally not intended to receive a low-latency modulation
signal. Additionally, the system is safety-critical and thus special care is necessary when
implementing modifications. Nonetheless, modulations have far stronger effect on the
microbunching instability compared to the system, that has basically none. As such,
[LLRF}-based modulations are selected as the main feedback for control experiments.

6.1.3. Low-level radiofrequency system integration

In order to ensure proper operation of an accelerator, the RE amplitude and phase in the
accelerating cavities need to be properly controlled. Several effects, such as beam loading
and drifts in the system, can move the RE field away from the desired set-point parameters.
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A low-level radiofrequency system implements a feedback loop that allow to stabilize the
[RE amplitude and phase to specific set-point values [144]]. In general LLRFs deal with the
low-power signals that are used to drive the high-power[RF electronics. A simplified schematic
of a[LLRF system is shown in figure A pick-up samples the field within the cavity. This
signal is then compared with a reference, giving information on the current amplitude and
phase of the field. These values are then compared with the desired set-point, producing an
error signal that can be used for feedback. The amplitude and phase of the output signal
are then adjusted. Such a signal is then used to drive the power-amplifiers that drive the
cavities.

Two main categories of [LLRH system exist: digital and analog, depending on how the signal
processing is carried out. Thanks to the advancements in [DSPland [FPGA| low-latency digital
[RE| controls are now usually desired thanks to their flexibility and re-configurability.

Furthermore, [LLRF systems are usually a key safety component in accelerator machines.
Monitoring channels allow to verify that the various elements of the high-power RE chain are
not operated outside of their safe parameters. Additionally, interlock signals allow for fast
inhibition of the accelerating potential in case of anomalies in the radiation safety system.

At[KARA| two Dimtel LLRF9 [145] units are installed, one per [RF station. A schematic of the
system is presented in ﬁgure Each station has one klystron as power amplifier, capable
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Figure 6.4.: Simplified schematic showing the working principle of a[LLRE unit. The field inside of the cavity is
sampled with a pick-up, and is then compared with a reference and set-point to obtain an error signal. Based
on this, an actuator produces a suitable signal for the RFlamplifier. A control unit monitors the reflected and
forward power to the cavity, as well as the amplifier. If anomalies are detected, the R signal is switched off.

RF
— cavities
Dimtel LLRF9
|
Magic-T
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Figure 6.5.: Schematic of the system. The blue lines indicate the main [RH path, while the black
double lines indicate the directional couplers used to measure the forward and reflected power. The pick-ups for
monitoring the RI]amplitude and phase in the cavities are indicated in red.

of delivering approximately 150 kW, that feeds two cavities through a circulator. This device
ensures that the reflected REpower from the cavities does not damage the klystron. A “magic-T”
splitter divides the power evenly among the two cavities.

The standard Dimtel LLRF9 system allows storing set-points as ramp profiles. After a trigger is
registered, the system will automatically switch to the next set-point step in the ramp profile
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Figure 6.6.: Logic timing diagram of Dimtel LLRF9 modulation interface. A10 to A0 denote the eleven amplitude
modulation bits, P12 to PO the thirteen phase modulation bits, and PAR the parity bit.

at predetermined time intervals. Up to 512 steps can be defined. This construct allows to ramp
the RE voltage, as it is usually done during acceleration, or to apply sinusoidal modulations as
described in the previous section. The ramping table can be modified via[EPICS with update
rates in the range of a few tens of Hz. Such a rate is not sufficient to perform feedback at the
timescale of the microbunching instability.

In order to circumvent this issue, a custom digital modulation interface was implemented
by Dr. Dmitry Teytelman from Dimtel, the manufacturer of the LLRF9 used at KARAl The
following requirements were set, based on the experience of the previous section:

1. modulation sample rate higher than 100 kHz;

2. both amplitude and phase modulations should be possible;

3. the amplitude swing should be at least 100 kV;
4. the phase swing should be at least 2°;
5. the interface should be digital, allowing simple integration with an [FPGA]

6. this system customization should have no effect on the safety critical components of the

Items [3]and [4| where chosen based on the results of section and [143].

The interface allows to add offsets to the set-points with minimal latency. As shown in
figure the protocol is based on two signals. The [LLRF operates as a receiver, toggling the
READY signal, implemented with the LVCMOS 3.3 V standard, signaling that to the transmitter
that a modulation sample should be produced. On a LVDS line, a 26-bit word is then transferred,
composed of one start bit, 24 data bits, and one parity bit. The 24 data bits are are composed
of two two-complement values: a 11-bit amplitude offset, and a 13-bit phase offset. At[KARAI
this allows a 200 kV amplitude swing and a 11.25° swing. The interface has a sample rate of
fsamp = frr/1104, corresponding to a sample every six revolutions around [KARAI or ~ 453 kHz.
The modulation can be enabled/disabled through Furthermore, the interface was
devised in such way that it would not interact with the safety systems of the LLREl Due to the
signaling standards that were chosen, the maximum cable length is roughly 1 m.

The ratio frev/fsamp = 6 is a deliberate design choice. In the originally proposed interface,
this ratio was 1008/253 ~ 3.984. Since generates data for each bunch at every
revolution, this ratio determines how frequently an action must be applied to the in
terms of samples. If the ratio is not an integer, a fractional decimation scheme
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Figure 6.7.: System schematic of the modulation tester. An[AXI4 based control module sets the amplitude
and phases of the [DDSlbased sinusoidal generators, that are then fed into a transmitter [Pl of the [LLRF interface
(MOD TX).

would be needed to align the two sampling rates. Otherwise, leaving the rates unmatched
would introduce latency fluctuations, as each sample would have to wait for the fractional
portion of frey/ fsamp to elapse before being applied to the machine.

In order to verify the functionality of the system, a [LLRE modulator controller system was
designed, based on the AMD/Xilinx Zynq UltraScale+ MPSoC ZCU102 Evaluation Kit [[146].
The system allowed to apply sinusoidal amplitude and phase modulations with selectable
amplitude and frequency. This allowed to test the functionality of the interface and to verify
that the modulations were affecting the beam. A system schematic is shown in figure A
direct digital synthesizer (DDS) [Pl core was instantiated in the allowing the production
of sinusoidal samples of selectable frequency. A gain stage could be employed to set the
amplitude of the modulating signal. All these parameters well controlled through an [EPICS
that interfaced with a Linux kernel module, allowing the control through the access of
files from user space. An integrated logic analyzer (ILA) [Plcore allows to monitor the interface
for debug purposes. A receiver[[Plas the one in the [LLRF firmware can be employed in order
to verify the functionality of the interface.

The system was thus validated, showing promising results and allowing the remainder of the
system integration at [KARA|to be carried out.
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Figure 6.8.: This schematic shows the position of the two main components of the R[] system installation in the
[KARAlhall. The KARAldrawing is courtesy of Ursula Herberger and Till Borkowski.

6.1.4. Final KINGFISHER installation

As discussed in section the system was validated at with a well known control
problem. The link between the two devices was carried out through copper cables, with a
distance of roughly 30 cm. This was possible due to the vicinity of the required equipment:
the signal and the power amplifiers were all in the same rack.

In the case of a[LLRF feedback loop for the microbunching instability, the physical layout is
more complicated. The [LLRF units are located inside of the ring, thus forcing KINGFISHER
to be located in close proximity to it. KAPTURE] on the other hand, needs to be in close
proximity with the THz detector used to measure the [CSR power. At this is usually in
two infrared beamlines, denoted as IR1 and IR2. A schematic of the KARAlhall is shown in
figure figure The two regions are separated by a radiation shielding wall. The straight-line
distance between the beamlines and the [LLRF units from =~ 15 m up to & 30 m. The medium
used for the Aurora link between [KAPTURE| and KINGFISHER was thus changed to OM4
optical fiber, allowing this distance to be covered with minimal interference from the other
system present in the hall. The unit in sector 4 was chosen for feedback, as it is in close
proximity to a rack that offer optical fiber connectivity to the beamlines. The IR1 beamline
was chosen due to its high time availability. Eight fibers were laid in order to have four
uplink and four downlink channels, each operating at 10 Gbps. The KINGFISHER transceivers,
based on the QSFP standard, were selected in the 850 nm band to match the Firefly used on
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Figure 6.9.: Drawing of the hardware infrastructure employed in this work. The power of the emitted
by the beam is measured with a Schottky diode. The produced analog signal is sampled with KAPTURE] and
then forwarded by an HighFlex 2 board through high-speed links to a Versal device. The KINGFISHER system
programmed on this Versal then connects this data stream into the[RT]controller, while applying the output action
to the system, in this way modifying the[RH field in the accelerating cavities. Every episode, comprised of
2048 interaction steps with the accelerator, data is sent back to the control room for training.

A loopback test was carried out in order to estimate the losses on the link and the fiber length.
A latency of 1.19 us was measured, corresponding to a fiber length of 85 m. In the 30 min time
elapsed for the test, no error was observed, putting an upper bound on the bit-error rate of
< 5x 107!, This would mean that, in the worst case, for a 1s long control experiment, the
probability of an error is < 0.05 %. Such a value can thus be considered satisfactory, given it

would involve a single bit that is potentially for bunches that are not currently employed for
feedback.

A schematic of the final setup is shown in figure The main difference with figure |5.3|is
the usage of a Schottky diode for measuring the instead of using the signal of a [BPM|
Additionally, instead of employing a the feedback signal was provided to the
through the serial link described figure This new feedback output allows for a stronger
effect on the beam. While on one hand this is useful for experiments, on the other this
increases the possibility that a controller could inadvertently kick-out the beam. Furthermore,
a mis-shaped signal can lead to spikes in reflected power from the cavity, leading to the [LLRH
switching off the [RF output to avoid damages to the hardware. This occurrence is know as a
trip of the

An additional effect that needs to be kept in mind is the strong dependency of the microbunch-
ing instability with respect to beam current. Particularly in short-bunch operation mode,
the beam lifetime is degraded due to the higher particle density, enhancing losses due to
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intra-bunch scattering. This can lead to lifetimes in the order of 40 min, corresponding to
current reduction of 5% in two minutes. These variations of bunch charge can induce to
considerable changes in the dynamics of the microbunching instability in a span of minutes.
Some accelerators have a full-energy injector, allowing periodic top-up of the beam that was
lost. This system is not available at[KARAl One alternative to this system can be obtained by
leveraging the multi-bunch capability of by employing a triangular filling-pattern,
and selecting the bunch with current closer to the one intended for the experiment. This
technique can be considered a virtual top-up, as it allows to select a reproducible bunch current
for control experiments. Consequently, one can train agents with less variable conditions,
increasing the amount of training episodes that can be performed before the dynamics changes,
and in turn improving the chance that an actor will learn a successful policy.

A filling-pattern monitoring [Pl was designed and deployed to KINGFISHER in order to contin-
uously monitor the signal produced by has a filling pattern monitor
based on single photon counting of the [[SR| emitted in the visible range by each bunch [17].
This device allows to obtain a bunch-by-bunch current measurement, that is strongly cor-
related with the one obtained from the monitor [Pl Given an unknown bunch
number offset is present between the two systems, one of the bunches in the train is removed
through the feedback system. This creates a notch in the filling pattern that can be used
for aligning the two systems. In this way, the optical monitor can be employed to select the
bunch with the desired current, that can the be utilized for feedback.

6.2. Feedback-based control

So far, several works have attempted to control the microbunching instability through
modulations. In [[147]], a controller was devised that was capable of controlling the low-bursting
at the French national synchrotron facility SOLEIL. The terahertz power signal, Pry,(t), was
low-pass filtered in order to remove the oscillations due to the bursting, the resulting filtered
signal is denoted as X(T) and can be obtained through

dX(t) 1

T (Pruz(t) — X(1)), (62)

where 7p is the time constant of the filter. The control signal
AV(t)=G(X(t)-X(t-1)), (6.3)

depending on the two parameters, gain G and delay 7, was applied as an amplitude modulation
to one of the RH stations. The phase of the modulating station was selected in such a way that
the bunch would arrive at the zero-crossing, instead of the synchronous phase. This ensures
that the feedback is less likely to induce longitudinal oscillations, while still affecting the slope
of the RE field, and consequently the bunch length. Other RE stations are kept in a nominal
state, without modulation and additional phase adjustments, so that they keep providing the
energy required by the beam to maintain its orbit.
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6. Reinforcement learning control of the microbunching instability

A parameter scan of G and 7 needs to be carried out, as a set of functioning parameters is
not known a priori and they depend on the machine operating conditions. For some specific
values, the low-bursting was completely eliminated, while leaving constant THz emission with
periodic bursting oscillations. The current dependence of this controller was not characterized,
as SOLEIL can maintain a constant current through beam top-up. Furthermore, only a single
set machine parameters was tested.

An additional study was carried out at SOLEIL based on a gain-switching method [148]. The
beam starts below the bursting threshold. The [RE voltage is then ramped up to Vipay such that
the beam is above threshold for some amount of time T;,,x. For some special combinations of
Vinax and Ty, a strong pulse of [CSRis produced when the RE voltage is reset to the previous
value. This process is extremely reproducible, without the need of feedback, when the proper
set of parameters is found. This phenomenon originates due to the bunch squeezing producing
high charge densities during the high-voltage period. When the high-voltage is switched off a
strong enhancement of the microstructures is produced.

A different approach was employed in [[106]]. The goal of this work was to employ an R}
based approach in simulation with the aim of stabilizing the periodic bursting at currents just
above the bursting threshold. Similarly to [147], the power signal was employed as an
observation and a modulation signal was produced. The selected actions were the amplitude
and frequency of a sinusoidal amplitude modulation. A set of eight high-level observables
were extracted from the signal. The first two were the mean and standard deviations of
the [CSRI signal normalized to the uncontrolled conditions,

() = PR e gy 2 o) o (6.4)
init O.glslfi
CSR
with
def 1 -
Hesr(t) = - ZPCSR(ti)’ (6.5)
i=1
def 1 < 2
ocsr(t) = - Z (Pcsr(ti) — pesr(t))” . (6.6)
i=1

The trend of the emitted power was captured by comparing the average [CSRlat two different
times

(6.7)

2 ( HCSR,end ( t) — HCSR,start ( t) )
x3(t) = — arctan .
T

n

The next three features, x4, x5, and x¢, were used to capture the frequency components of the
system, representing the amount of power in the maximum bin of the [FFT] its normalized
frequency and phase. In order to include information of the applied action, x; was chosen
as the phase difference between the signal and the action signal. Finally, the last fea-
ture is reserved for a termination condition, used to interrupt the inference of an agent if a
predetermined return performance is not observed.

This approach was only tested in simulations, but could not be transferred to [KARAl due to
the complexity of obtaining a real-time implementation of the employed features. An attempt
was carried out in [74,101], but it only achieved a simulation stage.

132



6.3. Study with proportional controller

The three approaches discussed earlier employ different techniques. A key point to emphasize
is that each study focuses on a specific aspect of the microbunching instability dynamics,
resulting in three distinct control problems, each addressed with a different method. For
instance, the condition selected by [106] for R[}based control, characterized by the presence
of bursting oscillations but the absence of low-bursting oscillations, would be considered
stable under the controller definition tested at SOLEIL [147], due to the lack of low-bursting.
Conversely, the scenario deemed successfully controlled in [[147]] would be classified as unstable
according to the definition in [106].

In conclusion, the approaches available in the literature are not generalized to the wide range
of currents and conditions that are present in synchrotron light sources. Both studies, in fact,
employed a single target current for their control experiments. How general the obtained
controller is with respect to changes of beam current and other machine parameters remains
to be determined. Thus, a broader experimental work is fundamental in order to investigate
the conditions were stable control of the low-bursting, the bursting, or both, can be achieved.
Furthermore, an approach capable of attacking both control problems could theoretically help
bridging the gap between the two approaches. This work aims to address these aspects, as
detailed in the following sections.

6.3. Study with proportional controller

The application of the controller discussed in [147] to [KARAl would provide insights in the
generality of the approach, which is why this is explored in this section. The decay of the beam
current, due to the absence of a top-up mechanism, makes the application of the technique
particularly challenging. The resulting continuous variation of the experimental condition
during the parameter scan needed to determine G and 7 of equation makes it different
to disentagle whether a specific effect was due to the controller or resulted from the current
dependence of the dynamics.

Clément Evain from the Université de Lille showed evidence that substituting equation (6.3)
with a simple proportional controller of the form

AV (t) = GX (1), (6.8)

can in some cases still lead to successful low-bursting mitigation. Given this expression
depends on a single parameter G, the parameter scan can be far quicker, reducing the effect of
the current decay. An additional high-pass filter with time constant 7ip was added. Given an
offset in voltage has a strong effect on the dynamics, this would prevent signal offsets from
entering the data processing chain and affecting the performance of the controller.

In a joint experiment in collaboration with the group of Clément Evain, the controller was
deployed as a[HLIIP core on KINGFISHER. A schematic of the system is shown in figure
The core managed both the storage of data via[AXT4] but also the extraction of important
variables such as the variance of the controlled signal. A data acquisition system was build
in Python that allowed to set up the controller parameters and scans through a YAML file.
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Figure 6.10.: Schematic of the data acquisition system used to implement and test the controller described by
equation . The low-latency data path is parallel to the one employed for inference in[RL experiments.

The data was stored in HDF5 file format, comprising also the state of a list of EPICS|[PVE as
metadata. The system allowed also the online viewing of the controlled signal variance during
a parameter scan.

Once deployed, the controller was frequently triggering the LLRFinterlock due to the reflected
power from the cavities being too high. Such an effect was attributed to the fast changes
in amplitude produced by the controller. In order to mitigate this phenomenon, a slew-rate
limiting stage was added to the[[P| core, in the form

AVlim(t) = AVlim(t - 1) + Chp (AV(t) - AVlim(t - 1): iAVmax) s (6~9)

were AVpay is the maximum accepted increase in voltage allowed at every sample (fiey/6).
During the experiments, 30 % of the amplitude swing was sufficient to ensure no trip, corre-
sponding to a slew rate of 30kV/2.2 us ~ 14 GV/s.

To bring the modulating cavity to the zero crossing, a sinusoidal amplitude modulation at
twice the synchrotron frequency was applied. This frequency was selected because it induces
strong oscillations in the bunch position, with low risk of beam loss. The oscillation amplitude
of the bunch was measured as a function of the phase set-point. At the zero crossing, a pure
amplitude modulation has no effect on the voltage experienced at the center of the bunch,
as the sinusoidal component in equation is zero. Therefore, at the zero crossing, the
oscillation amplitude reaches its minimum. One such measurement is shown in figure

A table of the machine parameters used during the experiment is shown in table
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Figure 6.11.: Plot of the longitudinal bunch position oscillation amplitude as a function of the cavity [RF phase.
The minimum corresponds to the condition of zero crossing.

Energy E 1.3 GeV
Total RF voltage Ve 766 kV
RF frequency fre 499.753 MHz
Synchrotron frequency fsyne 6.3kHz
Momentum compaction factor  a. 3.1 x107*
Filling pattern - single bunch
MBI threshold (measured) Lihres 0.120 mA

Table 6.2.: Machine parameters employed during the control experiments.

A series of control experiments were conducted using different controller gains and beam
currents. The variance of the filtered signal, X (t), provides insight into the effectiveness
of the controller, as a lower variance of X (t) directly corresponds to reduced low-bursting
behavior. To separate the effects of the controller from the natural evolution of the microbunch-
ing dynamics with changing beam current, we compared the signal variance with and without
the controller, denoted as X,,,(t) and X,g(t), respectively. The performance of the controller
was quantified using the CSR signal attenuation, defined as

var (Xon (1))
var (Xof(t))
Figure shows the [CSR| signal attenuation as a function of gain and beam current. The

results indicate that the effectiveness of a given gain is strongly dependent on the beam
current, with distinct regions of high and low stability emerging. This pattern was consistently

CSR signal attenuation = (6.10)
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Figure 6.12.:[CSRllow-bursting signal variance as a function of the controller gain G and of the beam current. A
current range where the controller could achieve increased stability is highlighted by the red horizontal lines.

reproduced under the same machine parameters. The current dependence of the control had
not been investigated in previous control studies available in the literature.

A region where the controller achieves a high-degree of damping is found between 160 pA
and 170 pA. A control experiment in this region is shown in figure At time t = 0 the
controller is switched on, strongly damping the low-bursting (top plot). In the bottom plot,
the unfiltered signal is shown, highlighting how the bursting behavior at higher frequencies is
still intact.

A comparison of the [FFT] of the signal with and without controller is shown in figure
The low-frequency peaks, corresponding to the low-bursting, are almost fully eliminated.
The bursting peak at ~ 25 kHz is still present with the control, albeit being narrower. This
effect is likely due to the missing modulation of the bursting by the low-bursting, leading to a
narrowing of the peak.

When integrating the spectral power around the bursting peak (the region marked by grey lines
in figure [6.14), the power emitted in the controlled case is 1.93 times that of the uncontrolled
case. This increase can be explained by figure [6.13] which shows that in the absence of
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Figure 6.13.:[CSRlpower signal as a function of time. The controller is switched on at time ¢ = 0. In the top part,
the low-pass filtered X (t) signal is shown, highlighting the low-bursting oscillations. The bottom part shows the
unfiltered signal for some time regions of the top plot, highlighting the bursting behavior.
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Figure 6.14.:[FFT] of the signal shown in the bottom part of figure The range between zero and 5 kHz is due
to the low-bursting oscillation. The region highlighted by the grey lines corresponds to the bursting behavior.
The small peak around 6 kHz is due to the synchrotron oscillations.
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Figure 6.15.:[FFT] of the [CSRlpower signal as a function Figure 6.16.: Zoomed-in version of the [FFT] of the [CSR
of current, based on the experiments with no controller. power signal as a function of current, as in figure [6.15]
The current interval of stability is highlighted in red.  in the low-bursting region.

the controller, low-bursting peaks exhibit an approximately 50 % duty cycle. As a result,
THz radiation is not emitted for nearly half of the time. The controller does not affect the
radiation intensity in the bursting region but eliminates the off-phase of the low-bursting
cycle, effectively doubling the radiated power.

Figure shows the existence of a current range, delimited by the red horizontal lines,
were the controller achieves optimal performance. The [FFT of the signal was plotted as a
function of current in figure[6.15] in complete analogy to figure[2.5] The lower limit of the stable
region corresponds to a dramatic change in the microbunching instability dynamics. If the
low-bursting region is examined figure one can see how the stability region corresponds
to the onset of the low-bursting. No feature is evident that can explain why the controller
ceases to function at higher currents.

The functionality of the virtual top-up scheme described in the previous section, was verified,
in order to perform tests in the neighborhood of the stable region. The employed filling pattern
is shown in figure A bunch current in the stable region was selected as target, and the
parameter scan of figure [6.12] was repeated, leading to figure In this case, the total beam
current is shown on the y-axis. The system was capable of successfully switching between
bunches while spending most of the experiments in the stability region. In some cases, no
bunch was found in this region, so the next closest one is chosen, leading to the experiments
with reduced stability. The bunch change boundaries are shown as horizontal dashed lines.

In conclusion a simple proportional controller can achieve a moderate level of control of
the microbunching instability at KARAL Its functionality is reproducible for the same set
of machine and controller parameters. The method, though, is successful only in a limited
region just above the slow-bursting threshold, which motivates the use of more sophisticated
methods. Furthermore, it does not affect the bursting oscillations.
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Figure 6.17.: Filling pattern used for the virtual top-up experiment. The discrepancy with the range shown
in figure is due to different offsets in the current measurement transformer, as these two experimental
campaigns were carried out roughly one month apart.
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Figure 6.18.: Plot of the [CSRllow-bursting signal variance as a function of beam current and controller gain. In
this case a target bunch current was chosen such that the controller would act on a bunch in the stable region.
Compared to figure[6.12] a variation of beam current of 50 % still allows for control experiments in the stable
region. The dashed lines show instances were the bunch was changed.
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6.4. Formulation as a reinforcement learning task

As discussed in section the microbunching instability is a complex phenomenon, that
can be attacked as a broad range of control problems, depending on the specific aspect of
the dynamics one wishes to tackle. R[}based approaches have been shown to be effective in
tackling the bursting behavior, albeit in simulation. As shown in the previous section, the
performance of a controller is strongly dependent on current, with current variations as low
as 5% completely changing the behavior of the system. The intrinsic adaptability of the
approach, thanks to its innate self-learning capability, makes it an ideal candidate to try and
tackle the low-bursting dynamics.

In order to apply a KINGFISHER-based RL system to the microbunching control problem, the
same actor structure described in section [5.4|for the control of the HBOl was employed. An
input layer containing the latest eight KAPTURE] samples, though, would lead to an agent
awareness time, as defined in section[3.4.1] in the order of 3 ys, meaning this time window is
the only available information the agent can use to reconstruct the state of the system. This
value is one order of magnitude smaller that the bursting period 1/25 kHz = 40 us. In order for
a layer to fit within a single[AIE]tile, the maximum number of input neurons is 64. Even in this
case, the awareness length would be barely sufficient to capture a single burst. As discussed in
section using several oscillations can be used to mitigate the effect of noise.

An alternative approach is to add a decimation stage as described in section shown
in figure This allows to adapt the sample rate that is fed into the based on the
timescale of the dynamic of interest. In this specific case, the interpolation stage applied to
the actions has the additional benefit of smoothing the signal, avoiding reflected power spikes
from triggering the safety system of the

The output of the [NN] can be used to craft different action signals. The action can be directly
applied as an amplitude modulation. Such an approach can be prone to fast oscillations in the
action signal, specifically during the initial training parts were the coefficients of the NN are
random. An alternative is to employ a so-called delta action. In this case, denoting the output
of the as J;, the action q; is

a; = clip (64, +a;-1, Amin, Gmax) » (6.11)

where apin and amax are two values limiting the amount the action can grow. This approach is
a commonly used in[RL]to avoid agents from learning absolute settings, making them more
transferable to other environments. Furthermore, it reduces large fluctuations in the action if J;
is smaller that the range [amin, dmax]. As described in [106], this approach can lead to offsets in
the modulation voltage that can have the effect of moving the threshold of the microbunching
instability. As such, the method suggested in [[106] and described in section[6.2] of applying a
sinusoidal modulation of controllable amplitude and frequency was also implemented. The
[NNlin this case outputs two values, one setting the amplitude and the other the frequency of
a sinusoidal amplitude modulation. The system was designed such that the amplitude and
frequency controls could also be set via a delta action.
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Figure 6.19.: Schematic of the firmware running on Versal™, as shown in figure A decimation and in-
terpolation stage are added to adapt the interaction rate with the timescale of the dynamics that needs to be
controlled. Additionally, the core keeping track of the last observations was rewritten, now using a shift-register
implementation instead of a circular buffer.

The training time reward definition paradigm allowed for on-the-fly reward engineering
during the experimental shifts. These rewards were based on the observation vector being fed
to the agent[NNl Among the attempted reward functions, if x; are the samples provided by
the decimator, one can find

R(t) = = (x; — %)°, (6.12)
R(t) = = |x; — x|, (6.13)
R(t) = —(x - x*)z, (6.14)

where x is the average of x; during the episode, and x* is a user-selected value. All of these
function are penalizing the agent when the[CSRlpower is fluctuating. Equations and
are equivalent to a variance, that in the previous section was shown to capture the effectiveness
of a controller. The squared version penalizes higher errors more than small errors, while the
absolute value one does not. Under these definitions, though, an agent completely disrupting
the emission would obtain a perfect reward. To ensure this is not the case, the squared
distance from a set-point, as in equation (6.14), can be used instead. In this case an agent
would get penalized for completely disrupting the emission of

A more detailed discussion of the attempted reward functions is provided in section

141



6. Reinforcement learning control of the microbunching instability

Hyper-parameter ~ Value

Learning rate n 0.0006

Discount rate y 0.99
Number of steps 2048
Batch size 64
Number of epochs 10

Table 6.3.: Hyper-parameters used for the algorithm.

6.5. Reinforcement learning based control

A first successful control experiment was carried out with the machine parameters shown in
table The decimation factor was chosen to be 96 such that the bursting high-frequency
oscillations are not perceived by the agent. In this way, the agent would target the low-
bursting. The reward function of equation was employed, as it worked reliably for the
[HBO|problem. An actor with 16 input neurons, 8 hidden neurons, and one output neuron used
directly as a modulation signal were employed. The algorithm was employed for training
with the parameters shown in table Due to the low beam lifetime in low-a, operation
mode, the beam current decays rapidly with a lifetime in the order of 50 min. No virtual
top-up was employed in this first experiment, to understand the learning capabilities of the
agent. Given the strong dependence of the microbunching instability dynamics with bunch
current, a reference acquisition without agent action, i.e. with the feedback switched off, was
taken after each training data acquisition. The decay of the bunch current leads to a decrease
in output, in turn increasing the reward. Thus, it is important to compare the agent
reward with a baseline acquisitions with the feedback switched off, in order to disentangle
the contribution to the reward increase due to the agent and the one due to the current decay.
Three of these training episodes are shown in figure with their corresponding reward
shown in figure In the left panel, the untrained agent is not affecting the low-bursting
behavior, while the bursting is filtered out by the decimation filter, so it is present but not
visible. In the no-action signal of the central panel, the bursting is still present, albeit with
a lower amplitude due to the decay of the current. The RL agent managed to maintain the
fluctuations at a lowered and stable level, after an initial transient. In the right panel, the
current falls below the low-bursting threshold. The RL agent at this point did not train fast
enough to adapt to the quickly changing dynamics, and is thus exciting the instability. Despite
the varied results, it is important to notice that the RL agent consistently performs better than
the no-action baseline, as shown in the accumulated reward over time (figure , except at
the very end, precisely due to the transition below threshold.

The fact that the controller does not perform well at high currents might indicate a fundamental
characteristic of the controllability of the microbunching instability, for which studies are
so-far missing in literature. The proportional controller shown in section [6.3| also exhibits
a similar behavior. Furthermore, if one considers the stability region to scale linearly with
the bursting threshold, one would expect the controller stability region to fall roughly from
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Episode 0: 0.436

mA

Episode 29: 0.413 mA

Episode 46: 0.400 mA

CSR power (arb)

— RL Agent
T --- Feedback off -

Time (10 revolutions)

Time (10* revolutions) Time (10* revolutions)

Figure 6.20.:[CSR| signal in three training episodes showing the strong dependence on beam current. An[RI
agent data acquisition (red) is compared with one without feedback (grey), in order to highlight the effect of the

controller.
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Figure 6.21.: Reward as a function of training step with and without feedback from the [Rl] agent. The blue lines
mark the episodes shown in figure

0.425mA and 0.390 mA for the parameters shown in table 6.4 This nicely fits with the values
were [RI] can learn a functioning controller, as shown in figure [6.20}

Energy

Total RF voltage

RF frequency

Synchrotron frequency
Momentum compaction factor
Filling pattern

MBI threshold (measured)

E 1.3 GeV
VR 767 kV
fre  499.750 MHz

Ssyne 9.3kHz

e 6.7 X104

- single bunch

Tinres 0.310 mA

Table 6.4.: Machine parameters employed during the [RT] control experiments.

The results of this section have been published in [[14].
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6. Reinforcement learning control of the microbunching instability

Delta action Amplitude Initial ~ Final Isinstable Reward Achieved
threshold  frequency mode current current region?  function control?
- - (mA)  (mA) - -
1.0 0.715 0.669 Eq.[6.14
1.0 0.649 0.608 Eq.[6.14
1.0 0.584 0.548 Eq.[6.15
1.0 0.530 0.499 Eq.[6.15
1.0 0.493 0.463 Eq.[6.14
10.0 0.456 0.432 Eq.[6.14
10.0 0.425 0.402 Yes Eq.[6.14 Yes
10.0 0.396 0.349 Yes Eq.[6.14
10.0 0.603 0.535 Eq.[6.14
10.0 0.436 0.394 Yes Eq.[6.12 Yes
10.0 0.358 0.330 Eq.[6.12
10.0 Yes 0.754 0.521 Eq.[6.12
10.0 Yes 0.494 0.389 Yes Eq.[6.16 Yes

Table 6.5.: Setting of [RT] control experiments targeting the low-bursting oscillations with a decimation factor of
96.

6.6. Studies of reinforcement learning control

After the result of the previous section, a more systematic study of the RLl control of the
microbunching instability was carried out. For a total decimation factor of 96, as employed in
the previous section, and the machine parameters shown in table a set of training
experiments were carried out with the parameters of table The chosen decimation factor
means an action is taken by the agent every 96 revolutions, corresponding to roughly a quarter
of a synchrotron period, one of the main timescales of the microbunching instability. This in
turn means the hardware platform developed in this work is suited to control this instability.

The NNl was composed of three layers of size 16, 8, and one or two depending on the use of
the amplitude and frequency action or not. The stability region in these conditions can be
assumed to be located between 0.425 mA and 0.390 mA. An attempt with a decimation factor
of 192 also achieved control in this region. During the experiments two other reward functions
were devised,

R(t) = = |xt], (6.15)

1 ifat <0
Rt)=—(x;—%)2-3" . 6.16
®) (xt = %) {0, otherwise ( )

The goal of the first one would be to obtain an agent capable of completely damp the mi-
crobunching instability. The second one was conceived in order to penalize variations applied
to the action, in order to smooth the produced action signal, with potential benefits to the
system.
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Delta action Amplitude Initial ~ Final Isinstable Reward Achieved
threshold  frequency mode current current region?  function control?
- - (mA)  (mA) - -
No No 0.184 0.176 No Eq.|6.14 No
No No 0.171 0.164 No Eq.(6.14 No
No No 0.154 0.145 Yes Eq.[6.15 No

Table 6.6.: Setting of [RLl control experiments targeting the bursting with a decimation factor of 18.

A set of trainings, summarized in table table were carried out with a total decimation
factor of 18 in order to target the bursting dynamics. The machine parameters used were
the one summarized in table Both training attempts above and below the low-bursting
threshold were attempted. No agent was successful in increasing the reward above the natural
increase due to the current decay.

In conclusion, controlling the low-bursting was shown to be possible. The agent, though, would
work reliably only in a specific current range that was also exhibiting higher controllability
with a proportional controller. The control of the bursting was attempted in a limited amount
but was not successful. In all cases discussed, a strong phenomenon was the improvement of
reward due to the natural decay of the beam current. This leads to a reduction in [CSRlpower
output with the effect that can lead to a fictitious increase in reward, possibly biasing the
algorithm.

6.7. Discussion and outlook

Compared to what was described for the in chapter [5 the controllers described in the
current chapter for the microbunching instability have only limited use during user operation.
The degree of control that is achieved, albeit sufficient for some applications, only works in
specific operating conditions dictated mainly by the bunch current. Albeit operating
with these parameters can be performed reliably, the natural decay of the beam current means
that the operation in this condition can only last for a limited amount of time, in the order of
a minute.

The reason why control of the instability outside of this region cannot be achieved is still
an open problem, and its discussion lies outside the scope of this work. Nonetheless, there
are several changes that can be applied to the setup that may lead to a definitive answer, and
hopefully, a functioning controller.

Enhanced diagnostics could, in theory, improve the ability of an agent to achieve control.
In this problem, the underlying state is the longitudinal phase space. The agent relies on
its available observations to extract useful information about this state in pursuit of its goal.
While the[CSR|power output is rich in information, it does not allow for a direct reconstruction
of the underlying phase space. A more suitable approach could be the use of [EQl sampling
setups, as discussed in previous sections. However, reconstructing the phase space from the
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Figure 6.22.: Observation and action signals for episode 29 of figure The applied action signal has a strong
exploration noise component.

charge density with sufficient accuracy for real-time feedback remains an open challenge [149].
Additionally, this approach would require larger NNk to be implemented in hardware, further
increasing computational demands.

Additional improvements could be applied to the actions that have been chosen. A graph of
the employed action for the agent of section [6.5/is shown in figure These fast swings
are likely not being transferred to the beam, as the [RE system behaves like a band-pass filter,
attenuating part of the modulations. In fact, the LLRF interface described in section [6.1.3|can
modify a set-point of the RF system, but it has no way to verify what is actually applied to
the cavities. Having actions applied only to a variable extent can produce biases during the
training process. Further instrumentation and integration of the [RH system with KINGFISHER,
such as an [RE pick-up to monitor the field in the cavities, can in theory allow better diagnosis
of this problem, for instance penalizing agent that produce actions that are filtered by the
RE system. Furthermore, a longitudinal kicker cavity similar to the one described for the
HBOI feedback could in theory allow wide band actions to be applied. The currently available
system, though, was shown in section [6.1.2]to not be powerful enough to affect the instability.
A power upgrade could in theory allow further experiments.

Lastly, additional improvements can come from the algorithm side. The data being currently
used has a strong time-series structure. Several NN architecture have been developed in order
to better capture this kind of underlying structure. An example, and [GRUs, were dis-
cussed in section[2.2.2] Additionally, transformer models have been shown to further improve
their capabilities with this kind of data [150]. Techniques as generalized state dependent
exploration [151]], allow smoother actions by randomizing the parameters of the NNl instead
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of its output. This method allows for smoother actions to be produced, potentially leading to
better behavior when interacting with the [RH system.
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6. Reinforcement learning control of the microbunching instability

6.8. Summary

To conduct control experiments targeting the microbunching instability with the KINGFISHER
platform, a suitable set of observables and actions was necessary. At the time, the only option
for low-latency, continuous data streaming was sampling the power signal with the
system, incorporating developments from the research presented earlier.
Based on systematic studies, amplitude modulation of the accelerating RF voltage through the
[LLRE system was chosen, as it effectively influenced the microbunching instability. Integrating
KINGFISHER with the [LLRH system to enable low-latency modulations required significant
design and development efforts, undertaken during this work.

In order to test the functionality of the KINGFISHER integration with the a proportional
controller was used. This experiment demonstrated that low-bursting control was achievable
at[KARA] though only within a specific current range. Additionally, it highlighted the current
dependence of the controller’s performance, a phenomenon that has not yet been explored in
the literature.

The firstR[}-based control experiments of the microbunching instability at a synchrotron light
source were then carried out. The agent designed as part of this work was able to apply actions
every 6.7 s, in timescales comparable to the ones of the dynamics. Effective policies were
reliably trained purely from interaction with the accelerator, showcasing the applicability of
this technique to non-linear control problems.
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This work studies and applies [RL] techniques to high-repetition rate control problems at large-
scale facilities. A device successfully implementing these techniques has the potential of
being a general turn-key controller, greatly aiding the commissioning and operation of these
facilities. The use of edge devices can improve the performance of the system and thus broaden
its range of applicability. To drive the work, some research question where conceived.

Question 1 How can reinforcement learning algorithms be adapted so training on high-repetition
rate environments can be performed?

In chapter [3] the experience accumulator architecture was described. The underlying idea
of this system is to monitor a high-performance real-time [RL| policy and use this data to
perform training. Such a scheme allows to employ the current state of the art algorithm
implementations. Furthermore, this approach was extended by allowing the computation of
the reward function at the time of training, removing a component from the real-time domain,
thus simplifying the design. In this way, the engineering of a reward function for the control
problem at hand can be performed during the deployment of the controller, simplifying the
installation of these class of systems.

Question 2 How can reinforcement learning be deployed to an edge computing platform?

In chapter 4] the KINGFISHER platform designed and developed in this work is described.
Furthermore, the system was integrated and tested at the accelerator test platform.
KINGFISHER is based on the AMD/Xilinx Versal™ family of edge computing devices, employ-
ing a modular design that decouples the interfacing with the large-scale facility from the data
processing path. Furthermore, the system is designed to employ the implementation of the
[RL] algorithms provided by the Stable-baselines 3 library. The platform can be also remotely
controlled through the control system, simplifying its integration within facilities such
as Its versatility also enables performing experiments with standard controllers.

Question 3 Is the edge-computing platform capable of learning online from interaction with an
environment?

Section [2.1| discusses some beam dynamics that can be encountered in synchrotron light
sources, such as that can benefit from an external feedback control. The control of the
and microbunching instability are carried out respectively in chapter 5|and chapter 6]
The controller was shown to be effective, sometimes achieving better performance than
the conventional controller, while exhibiting direct self-learning capabilities from interaction
with the environment. In the case of the microbunching instability, a controller was produced,
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but its range of applicability was limited. Further studies on the novel field of the control of
the microbunching instability will be required in order to fully understand the reason of these
limitations.

Question 4 How does online edge reinforcement learning compare to more traditional control
approaches?

As shown in chapters[5|and|[6] the methodology described in this work is a promising solu-
tion in scenarios where simulation costs are prohibitive and data generation rates are high.
Specifically, Chapter [5|shows that a controller can be reliably trained in the span of a few
minutes, automatically adapting to the varying conditions of the accelerator. In this sense,
the described system is at all effects a turn-key adaptive controller. Chapter [6| sheds light on
another aspect of this approach. While the [RLl controller performed well in conditions were
the traditional approaches were functional, a failure in training can be complex to debug. In
the specific case under study, the cause is due to the underlying nature of the microbunching
instability. Advancements in the field of explainable [RL]could in the future strongly mitigate
this issue.

Contribution summary

This work described the first online-learning low-latency RLl system deployed on an hetero-
geneous computing platform to be applied at a particle accelerator. In order to achieve this,
several contributions were fundamental. First of all, the definition of the experience accumula-
tor and training time reward definition [RLl training schemes were defined. These system allow
previously impossible flexibility in the choice of training algorithm. The KINGFISHER system
for the AMD/Xilinx Versal™ platform was then developed, managing both the data gathering
required by the experience accumulator, together with the interfaces required to interact
with Additionally, the reported design of low-latency targeting the [AlE] array of
Versal™ serve as a future reference for algorithm implementation targeting this platform.

Finally, the application of the system of the shed light on the capabilities of [RL] in
such challenging conditions. Meanwhile, the implementation of a controller targeting the
microbunching instability at [KARA]allowed to analyze the current dependence of controllers
targeting this phenomenon, and proved that high repetition rate RLlis a viable option to solve
this problem.

Outlook

The system developed in this work can be extended in several impactful ways to enhance
its generalizability and overall performance. One critical challenge lies in transferring an
agent design from its implementation in current[NNllibraries to the [AIE] array, as outlined in
section This process is complex, requiring specialized expertise and meticulous design. To
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address this, the open neural network exchange (ONNX)) standard provides a robust framework
for representing models as computation graphs [[152]]. A promising initiative in its early
stages aims to enable the transpilation of representations directly into Versal™ [ATE]
code [[153]. Once mature, such a platform could dramatically simplify the deployment of new
agent NNk, significantly enhance system generalization, and substantially reduce verification
times by leveraging standardized implementations.

Performance improvements can also be achieved by adopting RI]algorithms that better align
with the experience accumulator architecture and the edge platforms employed in this system.
Notably, gradient-free methods offer a compelling alternative, eliminating the need for gradi-
ent and backpropagation computations, as discussed in section [2.2.2|[[154]. These methods,
combined with the system’s high interaction rate, unlock the possibility of enabling agents to
perform autonomous, real-time training directly on the [AIEl array. Similarly, an autoencoder-
based feature extraction stage could be designed to generate an optimized observation vector
for the agent, allowing fully online training and adaptation.

Looking ahead, real-time online learning [RL|agents have the potential to evolve into transfor-
mative tools that augment human operators in solving complex problems. The integration of
large language models [2] could further streamline the deployment of high interaction rate
control solutions, with far-reaching implications. These advancements could revolutionize
not only large-scale research facilities dedicated to fundamental and applied science but also
find critical applications in medicine and industrial automation.

151






A. Low-latency Fourier transform

The results of this appendix have been published in [13].

A discrete Fourier transform (IEI]E] maps a sequence of N complex samples equally spaced

.....

frequency defined as
X = Z xne_iz”%". (A1)

This transformation is widely used because it converts time-domain sequences into the fre-
quency domain, making it easier to analyze the behavior of sequences with periodic compo-
nents. However, directly computing a[FTl using equation is computationally expensive,
with the number of operations increasing at a rate of O(N?).

A class of algorithms known as[FFT] allows efficient computation of the [FTl with complexity
O(N log N). The main idea is that, if N is even, it can be split into two N /2{FT]

N/2-1 N/2-1
—ionk _ionk _ionk
Xk — Z Xone€ 127rN2n+e 127rN Z Xone1€ zZﬂNZn
n=0 n=0 (AZ)

N : N
= (E FT of even xn) + eI (? FT of odd xn) .

The Cooley-Tukey algorithm [155] uses this idea recursively to reduce the amount of computa-
tions as much as possible. For this reason, [FTk with a power-of-two value for N are particularly
widespread, as they allow the greatest number of reductions.

Notably, this technique requires to have all the samples before computing the final [FFI
Equation (A.1), on the other hand, allows for progressive accumulation as each sample is x, is
provided. For streaming data, this means that after the last sample xy_; is accumulated into
{Xk}, the[FTis fully computed, despite requiring a larger number of computations to be carried
out. This approach, though, would require to store all the complex exponentials, as the [AIE]
tiles are not able to natively compute sine and cosine functions with floating point precision in
an efficient manner. There is not enough memory on the engines to store a complete lookup
table of the discrete [FT] samples.

For the sake of computational optimization, an approach similar to equation (A.2) can be
applied, dividing the calculation into chunks that are then summed up when a new [F1] output

1 In the rest of this appendix, the discrete Fourier transform will be denoted as[FT}
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is needed. In the formula below the summation is divided into M chunks, each one needing a
sequence of N/M samples for the update. The final [FT] bin is composed using the M chunks.
The value of M can be chosen arbitrarily, provided it is a divisor of N.

N-1 M-1 N/M-
- 27T ;27T
_ —1 Jkn _ —l k( m+j)
X = DI
n=0 m=0 j=0
A3
M-1 N/M-1 (A3)
_j2r i
= e le E ﬂ k]
MM
m=0 j=0

This version allows to dramatically reduce the size of the lookup table: each coeﬂ‘lcient depends
either on m or on j, never both, so instead of using N coefficients per [FT] bin, only = + M are
needed. Furthermore, this construct allows for the computation of one FTlevery 7 samples by
reusing the accumulated chunks.

An algorithm for the computation of the low-latency Fourier transform (LLFT) can be obtained
by implementing equation (A.3). The problem can be mapped to the [AlE] array by using the
ideas outlined in [81]. The computation of chunks is divided among different tiles. Each tile
is also responsible, after accumulation, of computing the final {X;}. The compute kernels
were implemented as a C++ template class, having N and M as parameters, together with
the range of k indices for which the [LLFT]is computed. The lookup tables containing the
complex exponentials are computed during the compilation of the graph. A build function
was developed, as shown in listing allowing recursive template-based construction of the
[LLFT kernel data-path at compilation time.

The communication among the tiles is structured as follows: the inputs {x,} are delivered
via an [AXT4}-Stream to a tile, which reads batches of eight floating-point values. These values
are then forwarded to the compute tiles through a cascade stream of v8float. The compute
tiles propagate the vector containing the input values to all tiles in the cascade stream daisy
chain. Once the resulting {X}} values are computed, they are also forwarded along the daisy
chain. For a 1024-sample [FT] when processing every 256 input samples, the measured latency
is on the order of a few tens of microseconds. This latency is highly dependent on how the
computation is distributed across the various[AJE]tiles.
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A. Low-latency Fourier transform

static int currentKernelPosition = 0;

template<int N, int M, int kstart, int totallLen, int len, int currentLen = totallLen, typename

currentPort>

void buildLLFTGraph(currentPort cascadeOutput) {

// Add current kernel to the list

typedef LLFT<N, M, kstart + currentLen - len, len, (currentLen - len)/4, totallLen==
currentLen> curLLFT;

11ftKernels[currentKernelPosition] =
adf::kernel::create_object<curLLFT>(curLLFT: :buildUlut(), curLLFT::buildVliut());

adf::kernel &curKernel = 11ftKernels[currentKernelPosition];

adf::source (curKernel) = "LLFT.cc";
adf::runtime<adf::ratio>(curKernel) = 1.;

// Make the necessary connections
adf::connect<adf::cascade> (curKernel.out[0], cascadeOutput);

// The below code does the following job: you need a way to stop the template recursion,
// this is achieved by creating the previous function without executing it (thanks to the
// if statement). This is necessary because partial template specialization, in this case
// for currentLen == len to stop the recursion is not allowed in a class

if (currentLen == len) return;

currentKernelPosition++;

buildLLFTGraph<N, M, kstart, totallLen, len, (currentLen != len) ? currentLen-len :
currentlLen>(curKernel.in[0]);

Listing A.1: Example of a function using C++ templates that recursively builds the LLFT] cascade data-path.
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Acronyms

ACAP| advanced compute and acceleration| [DPUI [deep processing unit|

platform
[analog-to-digital converter|
[ADF| jadaptive data flow|

[AT [artificial intelligence]

BIE
[arithmetic logic unit]

[Advanced Micro Devices, Inc.|

[API [application programming interface|

[application specific integrated circuit|
ladvanced vector extensionl

[AXT4 ladvanced extensible interface 4|
[bunch-by-bunch|

BPM]| beam position monitor|

[CISC] [complex instruction set computer]

[configurable logic block]
iconvolutional neural network|
[central processing unit]

[coherent synchrotron radiation|
client workstationl
[digital-to-analog converter|

[deep deterministic policy gradient|
idouble data ratel
[direct digital synthesizer|

DMA |direct memory access|

[deep Q-learning]
[digital signal processing]

lelectro-opticall

lexperimental physics and industrial|
[control system|

[EEL lfree electron laser|
[EFT [fast Fourier transforml

[FIR| [finite impulse response|

[field programmable gate array]
[ET! [Fourier transforml
[gigabit Ethernet MAC|

|[general purpose GPU|

[graphics processing unit|

[cated recurrent unit]
[HDL hadware description language]

[high-level synthesis|

LAl [integrated logic analyzer|

[input/output controller|

[OMMU input/output memory management]
lunif]

[intellectual property|

[incoherent synchrotron radiation|
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Acronyms

[processing system|

[Karlsruhe linear array detector forf

[process variable|

[MHz repetition rate spectroscopy|

[KAPTURE Karlsruhe pulse taking ultra-fast|
ireadout electronics|

[KARA [Karlsruhe research acceleratorl
[LLFT |low-latency Fourier transform|
[LLRF low-level radiofrequency]
[long-short term memory]|

[Tl

[multiply and accumulate|

MBI imicrobunching instability|

MDP! [Markov decision process|
Imachine learning]

[multi-layer perceptron|
NoC master uni]
neural networkl
[network-on-chip|

NoC packet switchl|
INoC slave unit]
[operating system|
[printed circuit board]

open neural network exchange]

[permuted congruential generator|

[peripheral component interconnect exy
press

[PL] jprogrammable logic|

[PLL] phase-locked loop|

[partially observable Markov decision|
[PTOCESS|

[proximal policy optimization|

158

RAM| random access memory|

[rectifying linear unit|
[RE! [radiofrequency]|

[reduced gigabit media-independent in}
lterface]

RISC] reduced instruction set computer|

[RL [reinforcement learning|

[RL4AA [reinforcement Iearning for
ltonomous accelerators|

RNNI recurren neural network]

RTPI [run-time parameter|

auy

[stream to memory mapped|
SAC| [soft actor-critic]

[supervisory control and data acquisit
[tionl

[SIMD! [single instruction multiple datal

[system-on-chip|
itime differencel
[twin delayed DDPG|

THD+NI [total harmonic distortion plus noise|

THERESA fterahertz readout sampling]

[tensor processing unit|

[trust-region policy optimization|

[voltage controller oscillator|

very large instruction width|
ivector neural network instructions|
XRT K i

[Xilinx support archive]
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