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Abstract

The GTS-LHC ion source provides heavy ions to the Large Hadron Collider (LHC) ion injector
chain situated at the European Organisation for Nuclear Research (CERN) to conduct numerous
physics experiments. The execution of such experiments relies on the stable operation of the ion
source, which depends on frequent changes of the source’s settings by a specialist. The objective of
this research is to identify patterns in time series data from 2021 and forecast when the machine is
going to fail, allowing the source specialist to take preventive action. In this study, a classical machine
learning algorithm and five different neural network architectures were analysed and implemented
to predict a beam decay. The results of the forecasting methods were compared to a baseline model
to decide whether patterns of a beam decay exist. The implemented models were able to reach the
performance of the baseline model but not surpass it. Given the current measurements, it is not
possible to predict a beam decay in a short-term or long-term forecast. Additionally, two change
point detection algorithms were provided to recognise abrupt changes in the status of the ion source
on streaming data. After the implementation of a high voltage breakdown filter, it is possible to
identify quickly and efficiently a beam decay in the present by reducing the number of false alarms.
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1 Introduction

1.1 LINAC3

The GTS-LHC ion source at the linear accelerator 3 (Linac3) is an ion source where intense beams of
heavy ions are produced [1]. Linac3 supplies accelerated ion beams out of lead and oxygen isotopes
e.g. Pb54+ and O4+ respectivelly [1], to the Large Hadron Collider (LHC) ion injector chain [2]. The
ion injector chain consists of Linac3, the Low Energy Ion Ring (LEIR), the Proton Synchrotron (PS),
the Super Proton Synchrotron (SPS) and finally the Large Hadron Collider. It enables high energy
collisions of heavy ion beams for the LHC experiments but also collisions on fixed targets for the SPS
experiments. Due to their connection via the injector chain, the smooth operation of LHC relies heavily
on the consistency of Linac3. A representation of the CERN accelerator complex can be found in Figure 1.
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Figure 1: The Accelerator Complex at CERN [3]

Maintaining a good-quality beam is not a trivial task. Due to the multitude of physical phenomena that
take place, Linac3 outputs a beam with varying intensity and large noise. The noise in the beam current
can be interpreted as random flunctuations around its general trend. Changes in the trend of the beam
intensity however can be thought of as beam variability. Due to changes in the source’s status, the beam
intensity decays and as a result it cannot be injected or used in other accelerators. An example of a
beam decay can be seen in Figure 2. So far, maintaining the stability of the beam is a task that heavily
relies on the experience of the operators (source specialists). Prior to our work, research has been done
to implement machine learning methods to forecast the intensity of the beam. This will be discussed in
Section 1.2. In Section 1.3 the structure of this research will be described.
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Figure 2: A beam decay is visible at 12pm on the 18th of November.

1.2 Previous research

Discovering patterns in beam decays is of great importance to ameliorate the stability of the GTS-LHC
ion source. However, due to the complexity of GTS-LHC, it is not yet possible to determine the optimal
settings for a stable beam. Previous research was focused on performing cluster analysis to identify sets
of settings or patterns that could lead to a stable operation of the source without having the need of
frequent interventions from the source specialists [4]. For the cluster analysis, the Optigrid algorithm
was used on Linac3 data and the following conclusions were made [5]:

• Cluster analysis provided a broad amount of clusters that can not be merged into bigger ones
without suffering the loss of important information

• There is no clear distinction between the settings that are accountable for a stable and unstable
operation of the machine

• No clusters were found which provide settings leading to a stable beam

Prior analysis of Linac3 data has been carried out to predict the ion beam current intensity and more
specifically the feature BCT05, which is the current of the ion beam after the GTS-LHC source [6]. In
that analysis a plethora of machine learning models was implemented, although none of them was able to
effectively forecast a beam decay before it occurs. The aim of this research was solely regression analysis
[7] and the forecast horizons were 60 or 90 minutes into the future. As an example, Figure 3 is provided
below depicting the predictions of the BCT05 rolling mean achieved by applying gradient tree boosting
regression [8]. This model yielded the best predictions for the rolling mean of BCT05 compared to the
other forecasting models which were implemented in that research.
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Figure 3: A comparison between the predicted values for the BCT05 current by implementing the XG-
Boost model against the rolling mean of BCT05 for a forecast horizon of 60 and 90 minutes respectively.

In Figure 3 the beam current predictions have high variability in comparison with the true values. What
is more, the XGBoost model is not able to forecast a beam decay in advance.

1.3 Project description

Given the previous results, it is clear that predicting the ion beam current exactly with the currently
available data might be extremely cumbersome or even impossible. A potential reason could be that the
operators of Linac3 are frequently changing some settings of the machine to keep up the performance of
source. This interferes with the predictive ability of any model. For instance, the model could predict a
decay that never happened due to the fact that in the meantime the operators have changed the settings
of the machine. These corrections cause the models to have high prediction error, urging the research
to a different direction. Instead of predicting quantitatively the value of the beam current, its quality
over time could be predicted as stable or unstable. This simplification can be done by transforming the
regression problem into a binary classification problem as seen in Figure 4. Using the binary classification
approach could potentially reduce the margin of error compared to regression since the target variable
is binary instead of a continuous value.
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Figure 4: Example of classifying the beam as stable or unstable. With orange the stable periods are
separated from the unstable periods. The decision for the above labelling is based on the changes of
trend in the beam intensity that take place between midday and 4pm on November 18. What is more,
high variability of the beam intensity is observed between 3am and 6am on November 19, outlining an
unstable operation of the source. At 6am the source does not output a beam until midday. The ion
source starts providing beams of stable intensity after a few minutes.

Taking this into consideration two questions can be distinguished. First, is beam instability occurring
now? Change point detection algorithms [9] have shown great promise in identifying abrupt changes
in time series. Given that the operator is not constantly monitoring the beam current, change point
detection can be used as an alarm to take reactive action. Change point detection will be discussed more
in Section 4.

Second, can a forecasting model predict whether a beam decay will take place in the future? If the beam
indeed is about to decay it would be greatly significant to know when, in order to take proactive action.
Although extensive research has already been done to forecast the Linac3 ion beam current in x minutes
[6], the goal is to introduce classification models and compare them to a baseline model, all of them
analysed in Section 3. Supervised learning methods and specifically classification can be implemented
on time series to classify each data point as stable or unstable [10]. Training an accurate classification
model could help forecast possible anomalies on streaming data and alert the operator. To prepare the
data for binary classification, preprocessing is essential to train accurate and reproducible models. This
will be explained in more detail in Section 2.
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2 Data Description

For the purposes of this research, the data from Linac3 were analysed and preprocessed before they are
fed into a model. The data are acquired by the Next CERN’s Accelerator Logging Service (NXCALS)
[11]. First, they are extracted using a Python wrapping of NXCALS, called pyTimber [12]. Moreover,
data only from 2021 will be used, since the settings of the machine have been changing throughout
the years. Therefore, making use of data from other years would not be representative of the current
operation of the machine. In this chapter, the steps made to preprocess the data will be analysed. Next,
two methods that can label the stability and instability of the beam current will be introduced, since
there is no embedded feature from NXCALS that gives us this information.

2.1 LINAC3 data

The source specialists suggested to analyse the following features, which are linked to the settings and
performance of the ion source.

Feature Abbreviation Value Range Unit Type

IP.NSRCGEN:BIASDISCAQNV BIASDISC [−600, 0] V Setting
IP.NSRCGEN:GASAQN GASAQN [0, 10] V Setting
IP.NSRCGEN:OVEN1AQNP OVEN1 [0, 20] W Setting
IP.NSRCGEN:OVEN2AQNP OVEN2 [0, 20] W Setting
IP.SAIREM2:FORWARDPOWER FORWARDPOWER [0, 2500] W Setting
IP.SOLINJ.ACQUISITION:CURRENT SOLINJ [0, 1300] A Setting
IP.SOLCEN.ACQUISITION:CURRENT SOLCEN [0, 1300] A Setting
IP.SOLEXT.ACQUISITION:CURRENT SOLEXT [0, 1300] A Setting
IP.NSRCGEN:SOURCEHTAQNV HT V [0, 22000] V Setting
IP.NSRCGEN:SOURCEHTAQNI HT I [0, 5] mA Acquisition
ITL.BCT05:CURRENT BCT05 [0, 0.3] mA Acquisition
ITF.BCT25:CURRENT BCT25 [0, 0.1] mA Acquisition
ITH.BCT41:CURRENT BCT41 [0, 0.1] mA Acquisition

Table 1: A table containing all the features that will be used in this research.

Each feature is either a setting that can be changed and controlled directly or an acquisition, which in
essence is a sensor that cannot be directly modified. More concretely, in Appendix A each feature is
outlined. For completeness, the sketch of the main part of Linac3 is provided in Figure 5.

Figure 5: A blueprint depicting part of the machine inside the Linac3 hall. The BCT05, BCT15 and
BCT25 (for full names of features see Table 1) are highlighted with a red circle. Most features for this
research belong in the IP section, highlighted with a red square, where the ion source is situated.
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2.2 Preprocessing

Primarily, each data point arrives in a non regular cycle, on average around 2 updates per second. A
new datum, i.e. row element, gets stored in NXCALS as soon as there is an updated column feature.
That is, a new setting or acquisition with its corresponding timestamp is saved only when its value has
changed. Therefore, when the data is acquired from NXCALS and stored in a Pandas dataframe [13],
each row has the value of the changed feature, the timestamp and all other features that do not change
are stored as a NA value. For that reason, the first step is to forward fill the database’s columns in order
to take care of the NA values. The next step is to resample the data to 1.2 seconds, as each pulse of the
beam is spaced by 1.2 seconds [14].

2.2.1 High Voltage breakdowns

Breakdowns of the source high voltage (HT) can take place. They do affect drastically the current
with a sudden downward spike which lasts for a few seconds. After that, it is restored and goes back
to its normal values without any external intervention. High voltage breakdowns are relevant to the
performance of the ion source. However, due to the fact that the beam current value climbs back up,
it cannot be considered as a beam instability. Breakdowns induce extra noise in the feature settings as
depicted in Figure 7 and could therefore mislead any model that focuses on predicting beam instabilities.

Moreover, breakdowns are a frequent event that takes place in the machine. Another feature that has
been added in 2017 on NXCALS, i.e. IP.NSRCGEN:SPARKS, measures precisely the number of HT
breakdowns that arise on the source. On average, throughout 2021 approximately 406 breakdowns per
month were recorded. This is also depicted in Figure 6. Thus, the goal is to filter these periods. As
suggested in [4], the HT current has typically low variability. Hence, by implementing a threshold on
this variability, i.e. sample variance to not exceed 0.25A, for a small rolling time window, i.e. 20 data
points, the vast majority of high voltage breakdowns can be identified and filtered.

Figure 6: Accumulated number of HT breakdowns (sparks) over the last six months of operation in 2021.
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Figure 7: A high voltage breakdown takes place. The BCT05 current shows a sudden downward spike
before it goes back to its normal values. The HT current soars shortly and plunges to 0A whilst the HT
voltage drops to 0V. 7
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2.2.2 Non desirable periods

Removal of outliers

Another step is to remove any feature readings that are deemed as unrealistic. For instance, negative
oven power in Watts (W), or negative voltage of the gas feedback loop in Volts (V) are dropped. Also, a
range of acceptable values for the features mentioned in Table 1 is given from the source specialists. Any
measurement exceeding these limits is regarded as misleading and consequently the datapoint is omitted.
Removing the above outliers improves the predictive ability of the models described in Section 3 since
they do not learn on data with misleading measurements.

Oven refill

The process of creating lead ion beams starts by evaporating lead within the source plasma. Specifically,
the oven is heating an amount of lead that needs to be replaced after around two weeks. After some
significant modifications in the oven crucible [15], the number of oven refills was notably decreased.
During an oven refill, as depicted in Figure 8, the oven stops and therefore no beam is produced. The
times during an oven refill will not be taken into account for our analysis, as they are unrelated to beam
instabilities. Therefore, these periods are omitted.

Figure 8: An oven refill takes place on the 15th of February around midday. The power of oven 1 goes
to zero and after 3 hours the oven starts being recommissioned.

Downtime

There are also periods when no beam is measured from the transformer BCT05. Therefore, all the time
intervals where no information about the performance of the beam is available, will not be taken into
account. Specifically, any value below 0.01mA for the feature BCT05 will be filtered.

2.3 Labelling methods

As mentioned previously, there is no acquisition stored in NXCALS that could be used as a ground
truth which classifies the beam as stable or unstable. Therefore, binary labels need to be created, i.e. 1
for stable and 0 for unstable, for each data point. It is critical that the labelling is accurate since the
supervised learning method, i.e. classification model, will “learn” on these labels. Based on this training,
the model will make predictions on unseen data and help the source specialists to make decisions whether
an intervention on the machine is necessary. In the section below, two methods that were implemented
to label each data point are proposed.

Rolling averages method

8
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Taking into consideration previous work done at Linac3 [4], a time window can be classified according
to its measure of spread, i.e. variance, and centre, i.e. mean. After various experiments a window of
1500 seconds was chosen to examine the mean of BCT25. In case the mean current of that window was
≤ 0.3mA, then all the data points belonging to that window are classified as unstable. Similarly, if the
variance of BCT25 for this window was ≥ 0.01mA, then the data points in that window are classified as
unstable. Finally, any data point with BCT25 ≤ 0.2mA was classified as unstable. The choice of these
thresholds was made empirically after experiments on BCT25 data throughout 2021 and communicating
the results to the source specialists. In principle, a correct labelling would require identifying the changes
of trend in the BCT25 as instability whilst accepting low levels of noise as stable. An example of this
labelling can be seen in Figure 9.

Figure 9: An example of labelling the data points as stable (orange) and unstable (blue).

Hand picked labels

Although the labelling in Figure 9 might be effective, there is still a considerable amount of data points
that might be mislabelled. In order to bestow labels with higher accuracy, the time intervals of a decay
can be identified using Timber. Timber is a CERN Graphical User Interface (GUI) application that
provides interactive visualisations of time series data from NXCALS of any setting or acquisition in any
given time and interval. Specifically, Timber was used in BCT05 data which measures the beam intensity
right after the ion source. The criteria of this labelling relies on manually identifying changes of trend in
the BCT05 data as in Figure 4 for small periods of time, i.e. one day, and noting the exact time when
a beam decay started and ended. This process is repeated until the whole period of interest is checked.
Finally, with the use of the Pandas library the time intervals noted as unstable are given the label 0 and
label 1 otherwise. In this way, the margin of error for the labelling can be minimised, despite the fact
that the process is not reproducible.

9
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3 Forecasting methods

Time series classification (TSC) is a supervised learning task that has many different real-world applica-
tions in pattern recognition and anomaly detection, e.g. in medicine such as electrocardiogram (ECG)
classification [16] or in cyber-security [17]. TSC is the task that predicts a target variable or a label that
was assigned to time series data. The goal in the presented research was to predict a binary label

yt =

{
1 A stable beam at time t

0 An unstable beam at time t

in forecast horizons of 15 or 60 minutes for given measurements xt ∈ Rd of Linac3 at time t mentioned
below.

Feature

BIASDISCAQNV
GASAQN
FORWARDPOWER
SOLINJ
SOLCEN
SOLEXT
SOURCEHTAQNI
BCT05

Table 2: A table containing all the features that will be used for the forecasts. The selection of these
features is based on recommendations from the source specialists. All settings which belong in the source
section are the most linked features to a beam decay, and BCT05 measures the beam intensity after the
source.

Here d = 8 stands for the number of features provided in Table 2 that were used in this analysis. These
features were selected since they are deemed by the source specialists as the most relevant to a beam
decay. A successful model would be able to identify correctly patterns in the data that are associated
with the unstable state of the beam. Moreover, the model can be used on unseen data, i.e. present data,
to predict a beam decay that will take place in the future and inform the source specialists. Given these
predictions, the source specialists can make decisions that could prevent a beam decay.

Deep learning has shown great promise in classifying time series effectively [18, 19]. Four out of five
neural network architectures that are analysed in this section are motivated from [10, 20]. However,
studies as in [21] also propose using classical Machine Learning (ML) methods such as Support Vector
Machines (SVM) [22] instead of Artificial Neural Networks for time series forecasting. Therefore, in
Section 3.2 an SVM model will be implemented to predict the stability/instability of the beam in the
future given the other Linac3 measurements. Additionally, a new neural network architecture is proposed
in Section 3.7. The predictive ability of the above models will be compared to a baseline model known as
the persistence model. This model will be outlined in Section 3.1. Since a thorough analysis of machine
learning (ML) and supervised learning in particular will not be provided here, the reader is referred to
[23] for further background.

3.1 Persistence

There is plethora of machine learning algorithms to choose from and apply for time series forecasting
problems. However, it is common practice to always implement a baseline prediction model beforehand
in order to decide whether the more complex algorithms provide good forecasts. In this research the
baseline model is called the persistence model.

The persistence model assumes that there has been no change in the stability/instability of the ion source
between the present time and the future. More specifically, if at time t the beam is stable, i.e. yt = 1,
then the beam is forecasted to be stable for the next 15 or 60 minutes, i.e. the forecast horizon that
is set. Particularly, yt+1, yt+2, ..., yt+3000 = 1 in case where yt = 1. Here, the time interval between

10



Predicting the ion beam current instability of LINAC3

two timesteps is 1.2 seconds as suggested in Section 2.2, and hence 3000 timesteps stand for a one hour
interval. Similarly, the same rule can be followed for an unstable beam yt = 0 at time t.

Once all the models mentioned in Section 3 are implemented, their results can be compared to the
persistence model. If their predictive ability is below the baseline model’s, then it can be concluded that
it is not possible for them to effectively predict a beam decay.

3.2 Support vector machines

Support vector machines (SVMs), introduced in [24], have numerous implementations in both regression
and classification problems. What is more, SVMs have been applied on forecasting financial time series
and performed better than several ANN architectures in [21]. Therefore, it is desirable to apply SVMs
in this research problem and compare the results to more complex models outlined later in this section.

In the classification setting, the algorithm is looking for a hyperplane H(a, b) = a⊤x+ b, where a ∈ Rn

and b ∈ R, that can separate two sets of points x ∈ Rn with different labels y ∈ {−1,+1}, in a way that
their distance is maximal 1. Hence, a classifier f(x) = sign(a⊤x+ b) can now be defined.

First, let’s assume that the two sets of points x with label y are separable. Thus, the following rule can
be applied to separate xi given its label yi for i = 1, ..., t

yi(a
⊤xi + b) ≥ 1 i = 1, ..., t (1)

note that yi(a
⊤xi + b) − 1 = 0 for xi called support vectors that lie exactly on the maximum-margin

hyperplane. A relaxation of Equation (1) is possible with the introduction of slack variables ξ1, ..., ξt ≥ 0
in the case when xi are not separable

yi(a
⊤xi + b) ≥ 1− ξi i = 1, ..., t (2)

The maximum-margin hyperplane, the slack variables and the support vectors are depicted in Figure 10.

Figure 10: A 2-dimensional example of a maximum-margin hyperplane for an SVM trained with samples
from two sets of points with different labels (denoted with orange and gray). Samples on the maximum-
margin hyperplane are called support vectors. The slack variable ξi measures by how much the constraint
in Equation (2) is violated.

From Figure 10 it can be concluded that any other observation apart from the support vectors and
the misclassified points is irrelevant to the model’s binary class boundaries. The proof of the above

1Note that the labelling y ∈ {−1,+1} used in this section is more convenient for the mathematical formulation of SVMs
compared to y ∈ {0, 1}. Algorithmically speaking, there is no difference between the two labellings. In this research the
SVMs were trained using the labelling y ∈ {0, 1}.
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statement, which is based on the Karush-Kuhn-Tucker conditions [25], can be found in the Appendix A.
The aforementioned observation is a significant advantage of SVMs compared to other learning algorithms
due to their robustness to outliers and noise from Linac3 time series data.

With at least two support vectors, x(+) with label +1 and x(−) with label −1 the width of the maximum-
margin hyperplane is

width =
2

||a||
(3)

The proof can be found in the Appendix A. The objective is to maximise the width of the maximum-

margin hyperplane 2
||a|| which is identical to minimising ||a||

2 . Additionaly, the sum of the slack variable ξ

also needs to be minimised, as it is desirable to reduce the number of misclassifications. More concretely

minimize
(a,b,ξ)∈Rn×R×Rt

1

2
||a||2 + C1⊤ξ

subject to yi(a
⊤xi + b) ≥ 1− ξi i = 1, ..., t,

ξi ≥ 0 i = 1, ..., t

(4)

where Equation (4) is called the primal problem and C is a constant factor with which every misclassi-
fication ξi > 0 is multiplied and later added to the objective function. Thanks to the concept of duality,
optimisation problems can be perceived in two possible ways, the primal and the dual problem. As a re-
sult, the dual optimisation problem can be optimised instead of the primal. Additionally, the Lagrangian
dual problem provides the best alternative especially in the case where strong duality is possible. That
is,

p⋆ = d⋆ (5)

where p⋆, d⋆ denote the optimal values for the primal and dual problem respectively. For the primal
problem demonstrated in Equation (4), strong duality holds since the primal problem is convex and
Slater’s condition holds [25]. That is true since the objective function is convex and the inequality
constraints are affine. Since strong duality holds, it is desirable to solve the dual optimisation problem
instead of the primal. Explaining in detail convex optimisation is out of scope of this research. For
further information about convex optimisation, duality, the Lagrange dual function and affine functions
the following literature is recommended [25]. Finally, from [23, 26] the following dual optimisation
problem for the SVM learning algorithm is derived

maximize
λ∈Rt

t∑
i=1

λi −
1

2

t∑
i,j=1

yiyjλiλjx
⊤
i xj

subject to 0 ≤ λi ≤ C i = 1, ..., t,

t∑
i=1

λiyi = 0

(6)

where λi for i = 1, ..., t are called Lagrange multipliers. Notice that the formulation of SVMs thus far
applies only to linearly separable classes as depicted in Figure 10. However, applying a kernel K(xi, xj)
instead of a dot product x⊤

i xj in Equation (6) would allow performing non-linear decision boundaries
for classification instead of linear ones. This is also known as the kernel trick [23].

For the purposes of this research, different types of kernels have been tested on the SVM model to
forecast the beam instability of Linac3. Apart from the linearly separable case, the following kernels will
be used as these were proposed for time series forecasting problems in [21]:

• Polynomial kernel: K(x, x′) = (1 + x⊤x′)k

• Radial basis function (RBF) kernel: K(x, x′) = exp
(
− ||x−x′||2

2σ2

)
• Sigmoid kernel: K(x, x′) = tanh(cx⊤x′ + d)

12
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where x, x′ ∈ Rn. In principle, SVMs are a quite versatile learning algorithm for classification problems
that can be utilised to forecast a beam instability. Its robustness to outliers and noise on time series
data is another factor that influenced the decision to choose this model. On the other hand, SVMs are
not probabilistic classifiers, i.e. they do not yield a probability for the classifications they provide and
the choice of kernel is a non-trivial task.

3.3 Multilayer perceptron

Deep learning has shown a great surge in popularity in the early 2010s and started to dominate in fields
such as computer vision with AlexNet in 2012 [27]. Due to the gigantic increase in computational power
in both CPUs, GPUs and the availability of vast amounts of data, the application of ANNs was made
possible, although the idea of ANNs was introduced in the past. The perceptron, as formulated in [28],
is the structural building block of neural networks. In essence a perceptron is a hyperplane W⊤X + b,
with W = (w1, ..., wm)⊤ called weights and b the bias term, which classifies an input X = (x1, ..., xm)⊤

as 1 if W⊤X + b > 0 or 0 otherwise.

This idea was developed further by applying a non-linearity g, also known as activation function, having
the above affine transformation of X as an input

h(1) = g(1)
(
W(1)⊤X + b(1)

)
(7)

with (1) denoting the first layer of the neural network. The output of the non-linearity is also called a
neuron. In neural networks, the number of neurons can be specified, i.e. the width, that will be put in
parallel forming a layer. In a fully connected network, each neuron of a layer l1 can be mapped to each
neuron of the next layer l2. First, the neuron in l2 receives the sum of all its connections, where each
connection has its own weight, then adds a bias term and finally activates the result by feeding it to a
non-linearity

h(l2) = g(l2)
(
W(l2)⊤h(l1) + b(l2)

)
(8)

Fully connected layers are also called dense. This process continues until the output layer is reached.
Therefore, depending on the number of neurons per layer and the number of layers, neural networks can
have thousands of parameters that need to be learned. Thus, it is computationally expensive to train
neural networks and for them to learn the necessary parameters that allow them to generalise well on
unseen data.

Non-linearities are used because it is very frequent that non-linear dependencies exist in data from
real-world applications. In cases where there are linear trends in the data, neural networks should be
avoided and instead a less complex learning algorithm such as SVMs should be implemented. Given
the Universal approximation theorem [29], which states that neural networks with one hidden layer and
sufficient amount of hidden units have the ability to estimate any Borel measurable function [30], neural
networks were applied in this research to recognise the patterns of a beam decay and predict it.

Multilayer Perceptrons (MLPs) are deemed as the most classic type of feedforward artificial neural
networks. In the Linac3 case, the network is fully connected and in each layer a non-linearity, i.e. the
Rectified Linear Unit (ReLU) activation function, is applied. ReLU is a piecewise linear activation
function defined as

ReLU(z) = max(0, z) (9)

for z ∈ R being an input. It provides faster training since it can output a zero but also it is compu-
tationally trivial to apply. Another advantage of ReLU is that it diminishes the Vanishing Gradient
Problem. In principle, the parameters of each neuron in the neural network W and b get optimised. This
is done through gradient based methods [31] such as gradient descent to minimise a loss function. The
parameters get updated through backpropagation [32]. During backpropagation, gradient information
is passed from the output layer back to the input layer. However, the gradients that are updating the
parameters of the neural network might get increasingly smaller. This causes the model’s parameters to
stop getting updated whilst the model is not yet optimised. Based on this observation, the input data
coming from Linac3 are normalised.

Dropout is also used, which allows to reduce randomly the number of active neurons in a layer. This
process decreases the probability of overfitting [33].
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In the output layer the softmax activation function is applied to compute the probability of whether a
Linac3 data point will be stable or unstable. The softmax activation function for binary classification is
defined as

σ(zi) =
ezi

ez1 + ez2
(10)

where zi ∈ R is input for the softmax layer and i = 1, 2. By taking probabilistic decisions in a classification
task, the certainty of a forecast can be quantified, as opposed to SVMs which by default do not provide
a probability.

3.4 Convolutional neural networks

Convolutional neural networks (CNNs) are known for their capacity to effectively capture patterns in
data, which have temporal or spatial dependencies [34]. Furthermore, recent research in time series
classification problems using CNNs have shown promising results [18]. CNNs that exploit the temporal
information of Linac3 data are applied in this research to forecast a beam instability.

Convolutional neural networks are comprised by convolutional layers, in which a kernel K of size k is
applied. In the one-dimensional setting, a kernel K ∈ Rk from the convolutional layer is multiplied
element-wise with a time series x = (xt)

N−1
t=0 and the products are then subsequently added. This can

be formulated in the following way

(K ∗ x)(t) =
k−1∑
i=0

K(i)xt−i (11)

The ∗ operation is called convolution. The kernel slides through the time series data with a user-given
stride. This operation is demonstrated in Figure 11.

Figure 11: Example of a one-dimensional convolution on a time series. The one-dimensional kernel with
size k = 4 moves along the time series with one timestep, i.e. stride is one.

After a convolutional layer, batch normalisation [35] is performed to reduce the number of required
epochs to train the model as well as to avoid overfitting. Subsequently, a non-linearity is applied, i.e.
ReLU, and the result is fed to the next convolutional layer and the same process is repeated. The above
convolutional block can be formulated in the following way as in [10]

z = K ∗ x+ b (12a)

n = BN(z) (12b)

h = ReLU(n) (12c)

where BN stands for batch normalisation, x denotes time series data from Linac3, K is the kernel, b
is the bias term and ∗ denotes the convolution operation. It is important to note that in the course of
training, as opposed to MLPs, the CNN optimises the weights of the kernel which are shared within a
feature map. As a result, CNNs have significantly less parameters to optimise and they are less prone
to overfitting.

Before the output layer, the global average pooling layer [36] is applied instead of a fully connected dense
layer. Each feature map, i.e. the output of a kernel being convolved with the time series, gets averaged,
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outputting only one value per feature map. The values from the global average pooling layer are then
fully connected to a softmax layer outputting a probability as in the MLP model.

Figure 12: An example of four kernels being convolved with a n-dimensional time series. The results from
the convolution get aggregated per feature map. The vector coming after the aggregation constitutes an
input for the softmax layer, which produces the probability for a binary variable, e.g. stable or unstable
beam. Figure motivated from [37].

In order to respect the ordering of the time series data and make a prediction more precise, causal
padding is utilised. In causal convolutions the forecast made by the CNN for timestep t, does not “see”
the observations that occur in both the present and the future, i.e. xt, ..., xN , where N is the length of
the time series. This is possible, in the case of a convolutional layer with kernel size K, by padding the
input with K − 1 zeros at the front of sequence [0, ..., 0, x0, ..., xN ].

Figure 13: A CNN with kernel size K = 3 and stride of step one is used to predict the target variable
(blue) at the next time step given the observations (green) using causal padding. Figure motivated from
[38].
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Although recurrent neural networks are said to be state-of-the-art models to forecast time series, CNNs
can also provide a great alternative with less training time [39]. Since there are no recurrent connections
[40] in CNNs, the receptive field, i.e. the set of datapoints in the input layer that can influence one
node in the output layer of the CNN, will be expanded. For this reason, a deeper version of CNNs was
implemented.

3.5 Dilated convolutional neural network

CNNs are highly capable of extracting features either in one-dimensional or two-dimensional data. For
example, a convolution of a kernel [ 1k , ...,

1
k ] of size k and stride equal to one with a time series computes

the moving average of that time series. A convolution could make noisy Linac3 data, such as the BCT05,
smoother and keep the important features when, for example, BCT05 begins to decay. More importantly,
it is desirable to identify long-term dependencies between the observations from Linac3 and the stability
of the beam. For this to be possible, dilated convolutions are used.

Dilated convolutions allow the kernel to skip d nodes, where d denotes the dilation at a given layer
l = 1, ..., L. Hence, the dilated convolution on a univariate time series x = (xt)

N−1
t=0 can be formulated

as in [41]

(K ∗d x)(t) =
k−1∑
i=0

K(i)xt−d·i (13)

Note that in dilated convolutions the kernel has a stride of one time step. Similar to Section 3.4 and
Section 3.6, causal padding is used to let the model take into account only the past observations of
Linac3.

Expanding the receptive field of an output node is possible by stacking layers of dilated convolutions. By
increasing the dilation exponentially at each layer, i.e. d ∈ [20, 21, ..., 2L−1], the receptive field increases
at the same rate [20]. This is highly desirable, since the growth of the receptive field is linear in CNNs,
depends on the number of convolutional layers in the network and the size of the kernel [42]. It is
important to highlight that in these dilated convolutional neural network models the stride was set to
one time step, since it is disadvantageous to skip nodes at the input layer.

Figure 14: An example of a dilated convolutional neural network with kernel size 2. The receptive field
is equal to 8. Figure motivated from [20].

Given a stack of dilated convolutions, the receptive field f can be calculated in the following way

f := 2L−1k (14)

where L denotes the number of stacked dilated convolutional layers and k the size of kernel K. To
predict a beam instability, multiple layers of dilated convolutions were stacked to increase the receptive
field followed by a ReLU non-linearity. Finally, a softmax layer in the output provides the probability
to classify a stability/instability.
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3.6 Residual network

Given that CNNs can be utilised to make effective predictions on time series data, a deeper neural network
architecture is applied. The neural network proposed in this section is called the residual neural network
(ResNet), first introduced in [43]. In these networks, a shortcut connection between the building blocks of
the neural network, called residual blocks, is introduced to mitigate the vanishing gradient problem which
is prominent in deep neural architectures. For a deep neural network with k layers, a small gradient will
have to be multiplied k times to be backpropagated to the input layer. Therefore, the information back
to the input decreases exponentially as the number of layers is increased. However, with the shortcut
connections it is possible to skip a user-given number of layers.

For example, let an activation hl of a node at layer l which gets multiplied by a weight and added by a
bias term, i.e.

rl+1 = W l+1hl + bl+1 (15)

Hence, the activation i.e. ReLU at layer l + 1 is

hl+1 = ReLU(rl+1) (16)

Similarly for layer l + 2

hl+2 = ReLU(rl+2) (17)

where rl+2 = W l+2hl+1 + bl+2. This is the normal path that a node follows from layer l to layer l + 2.
The shortcut allows the activation of the node at layer l to be added directly to layer l + 2 along with
the output of the normal path just before the activation function in layer l + 2 is applied

ĥl+2 = ReLU(rl+2 + hl) (18)

The main path from layer l to l + 2 along with the shortcut connection constitute a residual block. In
the presented research, the shortcut used is an identity function which does not make the model more
complex than it already is, since no additional parameters are introduced. The shortcut avoids all the
intermediate activation functions of the normal path, which could shrink its derivative. Thanks to this
fact, the overall gradient of the block will be increased, enhancing the flow of information which updates
the parameters of the neural network. In this way, more layers can be stacked compared to Section 3.4.

By managing to diminish the Vanishing/Exploding gradient problem, literature in [43, 18] suggests
that ResNets are able to potentially minimise faster the loss function and therefore make the training
more powerful than architectures with no shortcut connections. Moreover, by omitting redundant layers
ResNets are allowed to train in shallower architectures when there is no improvement in accuracy. In
this way, ResNets choose implicitly the number of layers that would bring added value to the model in
a more dynamic way. Taking all this into consideration and given the performance shown by ResNets in
time series classification problems in [18], a ResNet was implemented to forecast a beam decay.

In this research, a residual block is made of three convolutional layers, each followed by batch normali-
sation and a non-linearity, i.e. ReLU. This can be formulated in the following way as in [10]

a1 = ConvBlockk1
(x) (19a)

a2 = ConvBlockk2(a1) (19b)

a3 = ConvBlockk3(a2) (19c)

s = a3 + x (19d)

ĥ = ReLU(s) (19e)

where ConvBlock is a convolutional block as described in Equation (12), ki is the kernel for each con-

volutional block i = 1, 2, 3, s is the residual block having a shortcut x and ĥ is the activation of the
residual block. The ResNet model that was implemented to forecast a beam instability consists of mul-
tiple residual blocks. The last residual block is then connected to the output layer in a similar way as
the CNN described in Section 3.4.
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In principle, by increasing the number of layers in a neural network, the complexity of the model is also
increased. This could potentially allow the model to learn more accurately the training data. Conse-
quently, deep neural networks have a high chance of overfitting due to the large amount of parameters
that exist in the model and might not be able to generalise effectively. Furthermore, deep neural network
architectures are more computationally expensive to train than shallower neural network architectures.
For example, in the experiments the CNN with three convolutional layers takes 685 seconds per epoch2.
On the other hand, the ResNet with three residual blocks of three convolutional layers each takes 1720
seconds per epoch. In the next subsection, a shallower architecture will be introduced, where the primary
aim is to expand the receptive field and gain more access to historic data for the forecasts.

3.7 Residual dilated convolutional neural network

The model introduced in Section 3.5 provides a large receptive field for the forecast of the Linac3 instabil-
ity. However, a deeper architecture is desirable to compare its performance to a simpler implementation
as described in Section 3.5. For this reason, an architecture similar to ResNets, which enables faster and
more efficient learning, and dilated convolutions is introduced in this section. More concretely, stacking
residual blocks as in Equation (19) is suggested, where the convolutional layers are replaced by dilated
convolutions.

The following dilated convolution block is introduced, after allowing dilated convolutions in the block as
described in Equation (12)

z = K ∗d x+ b (20a)

n = BN(z) (20b)

h = ReLU(n) (20c)

where ∗d is the dilated convolution introduced in Equation (13) with a dilation rate d growing exponen-
tially by 2 and K is the kernel with size 2. Next, three dilated convolutional blocks are connected by a
non-linearity and a shortcut connection as in Section 3.6. Hence, a residual block is defined below for
three stacked dilated convolution blocks

a1 = dConvBlockK(x) (21a)

a2 = dConvBlockK(a1) (21b)

a3 = dConvBlockK(a2) (21c)

s = a3 + x (21d)

ĥ = ReLU(s) (21e)

where each dConvBlock comes from Equation (20), K has size 2 and s, x, ĥ have the same functionality as
in Equation (19). Last, the dilation rate d ∈ [20, ..., 2L−1] where L denotes the number of dilated layers.
For one residual block of three dilated convolution blocks each, the receptive field from Equation (14) is
8.

2The experiments have taken place on the Service for Web based ANalysis [44], i.e. SWAN, which is a jyputer-based
platform developed at CERN
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4 Change point detection methods

Change point detection (CPD) plays an important role in identifying abrupt changes in time series data.
CPD has many applications in recognising changes of trend, for example in finance [45]. The objective
in this section is to use a CPD method to detect a downward trend in the beam intensity, i.e. BCT25,
as quickly and accurately as possible to alert the source specialist. The BCT25 was used in this case to
identify changes of trend not only after the source, but also after the Linac as depicted in Figure 5. In
general, there are two different types of CPD: online and offline methods. In online methods the entirety
of the time series is not known a priori, and hence change points can be detected on streaming data [46].
In offline methods change points can be found only in a full data set [9]. That means that in offline
methods, future data points are used to decide whether there is a change point now. In this section,
an online and an offline change point detection method, that have been used in this research, will be
analysed.

4.1 Direct density-ratio estimation

In this subsection, the notes from Kawahara and Sugiyama will be mostly followed [47].

The direct density-ratio estimation method expands on the idea of identifying change points by calcu-
lating the probability density functions that generate the data before and after a target time point. As
soon as the two probability density functions are calculated, the log likelihood ratio can be computed
for both regions [48]. A threshold µ is applied on the log likelihood ratio, based on which a decision can
be made for the existence of a change point.

First, a sample from BCT25 is defined as x(t) ∈ R. A subsequence from the BCT25 time series is denoted
with X(t) ∈ Rk with length k, where k is a user defined parameter.

X(t) := [x(t)⊤,x(t+ 1)⊤, ...,x(t+ k − 1)⊤]⊤

The goal is to calculate

l(X) = ln
pafter(X)

pbefore(X)
(22)

with pafter and pbefore denoting the probability density functions before and after a candidate change
point in BCT25. Next the exact times where the intervals before and after the change point start are
defined as tbf and taf , respectively. The i-th sample before and after a candidate change point in BCT25
are represented with Xbf (i) = X(tbf + i − 1) and Xaf (i) = X(taf + i − 1), respectively. A sketch
is provided in Figure 15 to explain the above notions. For a candidate change point in BCT25 two
hypotheses can be made


H0 : p(X(i)) = pbefore(X(i)) for tbf ≤ i < t

H1 : p(X(i)) = pbefore(X(i)) for tbf ≤ i < taf ,

p(X(i)) = pafter(X(i)) for taf ≤ i < t

(23)

The null hypothesis assumes that no change has occured in the data. On the contrary, the alternative
hypothesis assumes that there is a difference in the two probability density functions before and after
the change point. Given the two hypotheses it is possible to calculate the likelihood ratio

Λ =

∏nbf

i=1 pbefore(Xbf (i))
∏naf

i=1 pafter(Xaf (i))∏nbf

i=1 pbefore(Xbf (i))
∏naf

i=1 pbefore(Xaf (i))
(24)

=

∏naf

i=1 pafter(Xaf (i))∏naf

i=1 pbefore(Xaf (i))
(25)

where nbf and naf are user defined parameters and provide the number of BCT25 samples that exist
in the intervals before and after the candidate change point, respectively. Given Equation (25) the log
likelihood ratio L can be derived. With a user defined threshold µ it can be determined whether a change
point occured
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{
L ≥ µ, A change point exists

otherwise, No change identified
(26)

Figure 15: A demonstration of one dimensional time series data, i.e. BCT25, being split into two intervals
before and after a candidate change point. Each grey block consists of k time series samples x(t). Figure
motivated from [49].

As stated in [9], estimating the above probability density functions is computationally expensive. Instead,
the Kullback-Leibler importance estimation procedure (KLIEP) [50] can be utilised. In fact, literature
in [47] indicates that KLIEP performs better than change point detection methods such as subspace
identification [51] and one-class support vector machine [52]. Specifically, KLIEP estimates

q(X) :=
pafter(X)

pbefore(X)
(27)

with the use of a non-parametric kernel model

q̂(X) =

naf∑
i=1

θiKσ(X,Xaf (i)) (28)

with {θi}
naf

i=1 being determined from the BCT25 observations and Kσ(X,Xaf (i)) being a Gaussian kernel
function.

Kσ(X,Xaf (i)) = exp

(
−||X−X′||2

2σ2

)
(29)

withX′ being the mean and σ denoting the width of the kernel. Specifically, the ratio in Equation (27) can
be estimated thanks to the use of the Kullback-Leibler (KL) divergence. Essentially, KLIEP minimises
the KL divergence between pafter(X) and p̂after(X). The latter is equivalent to q̂(X)pbefore(X) based on
Equation (27). Hence, the KL divergence, which needs to be minimised based on the parameters θ, can
be deduced.

KL =

∫
pafter(X) log

(
pafter(X)

q̂(X)pbefore(X)

)
dX (30)

=

∫
pafter(X) log

(
pafter(X)

pbefore(X)

)
dX−

∫
pafter(X) log(q̂(X))dX (31)

The first part can be ignored since it has no dependency on the parameter θ. Therefore, the following
optimisation problem is formulated

maximize
{θj}

naf

j=1

naf∑
i=1

log

naf∑
j=1

θjKσ(Xaf (i), Xaf (j))


subject to

1

nbf

nbf∑
i=1

naf∑
j=1

θjKσ(Xbf (i),Xaf (j)) = 1,

θ1, ..., θnaf
≥ 0

(32)
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The optimisation problem in Equation (32) is convex and therefore a global maximum θ̂ is achieved [49].
The density-ratio can now be estimated

q̂(X) =

naf∑
i=1

θ̂iKσ(X,Xaf (i)) (33)

and hence estimate the log likelihood ratio

L̂ =
1

naf

naf∑
i=1

log q̂(Xaf (i)) (34)

where with the use of threshold µ, as mentioned in Equation (26), a decision whether a change point
exists can be made. An example is provided in Figure 16.

Figure 16: Example of change point detection on simulated time series (top) using the KLIEP package
[53]. (bottom) Likelihood ratios are plotted with threshold (orange) being set to µ = 0.00001 and change
points denoted with a red vertical line.

It is observed that KLIEP requires many user defined parameters, i.e. k, naf , nbf , µ, σ, which are difficult
to tune simultaneously given the running time of the change point detection algorithm on Linac3 data.
This motivates the current research to apply another change point detection algorithm which is more
computationally efficient and less cumbersome for parameter tuning.

4.2 Bayesian online change point detection

In this subsection, the notes from Adams and MacKay [54] and Küchler and Mihailescu [55] will be
followed.

In Bayesian statistics it is assumed that a random vector x = (x1, ..., xt), following a probability dis-
tribution D, depends on an unknown parameter θ which is regarded a random variable. Due to this
dependency, P (θ|x) gives the conditional density of θ given x. With the use of the Bayes theorem it
follows

P (θ|x) = P (x|θ)P (θ)

P (x)
∝ P (x|θ)P (θ) (35)
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Since θ is also perceived as a random variable, P (θ) is the probability distribution from which θ is
produced. It is also known as the prior distribution. What is more, P (x|θ) is known as the likelihood,
which refers to the probability of observing the data x based on the assumption for parameter θ. Last,
P (θ|x) is known as the posterior distribution, which indicates the knowledge regarding parameter θ given
newly observed data x. These notions will be used to explain the algorithm analysed below.

The Bayesian online change point detection (BOCD) method proposed in [54] was used to identify abrupt
changes in the BCT25 measurements. It is based on the idea of the run length rt, meaning how long
it was since a change point occured. For example, in case where rt = 5 it suggests that a change point
took place at time t − 5. What is more, the run length for time step t, i.e. rt, can be written in the
following way

rt =

{
0 A change point exists at time t

rt−1 + 1 No change point exists at time t

The goal of BOCD is to estimate the run length distribution of the beam intensity given all the previous
data points, denoted by the posterior distribution P (rt|x1:t), where x1:t = x1, ..., xt. In Figure 17 an
example of a 1-dimensional time series data is given with its corresponding run length.

Figure 17: Figure motivated from [54]. (top) It can be spotted that the time series are split into 3
segments due to the change points occuring at times t = 5 and t = 11 respectively. (bottom) Plot of run
length rt over time. The run length is 0 in the case of a change point.

The posterior distribution can also be written as

P (rt|x1:t) =
P (rt, x1:t)

P (x1:t)
(36)

the numerator in Equation (36) can be written in the following way from [56]

P (rt, x1:t) =
∑
rt−1

P (rt|rt−1)P (xt|rt−1, x
(l)
t )P (rt−1, x1:t−1) (37)

where rt−1 = l and x
(l)
t = (xt−l, ..., xt−1). As soon as P (rt−1, x1:t−1) is determined, it can be forward

message-passed to work out P (rt, x1:t). The first part in Equation (37) is the change point prior and
gives insight to the model about the change points observed in the data. The assumption that is made
for the change point prior is the following

P (rt|rt−1) =


H(rt−1 + 1) if rt = 0

1−H(rt−1 + 1) if rt = rt−1 + 1

0 else

(38)
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where H is the Hazard function providing the likelihood of an sudden change occurring for a run length
rt. In the case of Linac3, the change points are assumed to be geometrically distributed. What is more,
the expected distance between two abrupt changes is set to µ = 6 hours. The value of µ was determined
after implementing this change point detection method multiple times on BCT25 data. Given the above
assumptions, the Hazard function is H(y) = 1

µ .

The second part of Equation (37) corresponds to the likelihood that BCT25 at time t is xt, whilst at

rt−1 the BCT25 was x
(l)
t . Thus, only the last l data points are taken into consideration. In the context

of Linac3, the source specialists assume that BCT25 is following a normal distribution. Therefore, it

follows that xt|rt−1, x
(l)
t ∼ N(µ, σ2) with µ, σ2 being parameters to be determined. However, since there

is variability about the estimation of µ, σ2, the following weighted average distribution is applied

P (xt|rt−1, x
(l)
t ) =

∫
θ

P (xt|θ)P (θ|rt−1, x
(l)
t )dθ (39)

=

∫
µ,σ2

P (xt|µ, σ2)P (µ, σ2|rt−1, x
(l)
t )d(µ, σ2) (40)

The first part explains how likely the given observation is and the second part is the prior indicating
how well the parameter describes the previous observations. For the computation of Equation (40) the
conjugate prior is utilised [57]. Here, the first part is normally distributed which is in agreement with
the assumption about BCT25 data. From the BCT25 data, the first hour of observations can be taken
to calculate the sample mean and variance, i.e. (µ̂, σ̂2). The conjugate prior from [58], is proven to be
the Normal Inverse Gamma Distribution and therefore

σ2|α, β ∼ InverseGamma(α, β) (41)

µ|σ̂2, µ̂, λ ∼ Normal

(
µ̂,

σ̂2

λ

)
(42)

where λ is the number of observations in 1 hour of data to estimate the mean µ̂, α is the number of
observations in 30 minutes of data to estimate the variance β = ασ̂2. Also from [58] it follows

xt|rt−1, x
(l)
t ∼ t2α

(
µ̂,

β̂(λ+ 1)

αλ

)
(43)

where t is a t-distribution and 2α is a parameter which denotes the degrees of freedom. The parameters
µ, α, λ, β get updated for every BCT25 datapoint

λ′ ←− λ+ 1 (44)

α′ ←− α+
1

2
(45)

µ′ ←− λµ+ x

λ+ 1
(46)

β′ ←− β +
λ

λ+ 1

(x− µ)2

2
(47)

From prior research done on LINAC3 [55], a change point can be found using the Maximum a posteriori
estimate (MAP) [59, 60]. MAP can be seen as a way to segment the BCT25 data in the most optimal
way by finding the most representative change point to indicate a beam decay. First, the possible change
points are examined and subsequently the ones with the highest probability based on the current BCT25
measurements are chosen. An example of using BOCD on time series data is provided in Figure 18.
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Figure 18: (top) Example of change point detection on simulated time series using BOCD. Change points
are depicted with a black vertical line. (bottom) Run length probabilities are plotted. The plot is darker
when the probability increases.

To improve the computation time of the algorithm, any probability for the run length distribution which
is less than 10−4 is set to zero [54]. In comparison to KLIEP, BOCD computes change points faster.
Most importantly the only parameters which need to be set beforehand are λ and α, and hence, BOCD
is easier to implement.
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5 Results

In this section, the results from both forecasting and change point detection methods will be discussed.
First, the measures with which the performance of the forecasting models was evaluated, will be explored
in Section 5.1. Next, the architectures of the neural networks and the kernels used for SVMs that were
used in the experiments will be described in more detail in Section 5.2. The results from the models will
be outlined and discussed in Section 5.2.1. Last, the outcome from the implementation of the change
point detection methods will be shown in Section 5.3.

5.1 Model performance measures

In classification problems, a way to describe and visualise the predictive ability of a classification model
is to plot the confusion matrix [61]. The confusion matrix used in this research that summarises the
results of the forecasting is demonstrated in Figure 19.

Figure 19: An example of the confusion matrices that will be used in this analysis. The correctly
predicted instabilities and stabilities are the true negatives and true positives respectivelly. A wrongly
predicted instability is a false negative whist a wrongly predicted stability is a false positive.

This matrix gives an understanding of how well each forecasting method performs by providing the
number of correctly predicted stabilities/instabilities, i.e. the number of true positives and true negatives
respectively, and mislabellings, i.e. the number of false positives and false negatives. Additionally, it
gives insight in the case where one label is predicted more accurately from the other. This is typically
possible in the case of imbalanced data, where a classifier is more biased to predict the majority class.
In this research, the train dataset for the forecasting models, starting on the 1st until the 25th of August
2021, has 83% of its observations being labelled as stable. Therefore, the labels in Linac3 data are
imbalanced.

Moreover, the accuracy metric, from Equation (48a), is used to measure the performance of a classifier.
That is because Tensorflow/Keras [62, 63], which was utilised for the forecasting with the neural networks,
uses this metric during the training and validation phase. However, in imbalanced data the accuracy
metric can be misleading. For example, in the case where a neural network classifies every observation
as stable in the training data, it would yield 83% accuracy although it failed completely forecasting any
instability. For this reason, the True positive rate (TPR) and False positive rate (FPR) metrics are also
introduced in Equation (48b) and Equation (48c) respectively

Accuracy =
TP + TN

TP+ TN+ FP + FN
(48a)

True Positive Rate =
TP

TP + FN
(48b)

False Positive Rate =
FP

FP + TN
(48c)
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Receiver Operating Characteristic (ROC) curve

Another method used to visualise the performance of the forecasting models is the Receiver Operating
Characteristic (ROC) curve [64]. The ROC curve allows more than one metric, i.e. TPR and FPR, to
assess the overall ability of the classifier. This is depicted in Figure 20.

Figure 20: An example of the ROC curve comparing the predictive ability of two classification models.
Here, the yellow model has provided better predictions. The dotted line denotes a random classifier.

A perfect classifier is expected to have a curve passing through the points (0, 0), (0, 1), (1, 1). Specifically,
when TPR = 1 and FPR = 0, the classifier has neither false positives nor false negatives. Moreover, for
probabilistic classifiers, such as the neural networks introduced in Section 3, the ROC curve calculates
the pair (FPR, TPR) for a wide range of probability thresholds arbitrarily set from scikit-learn [65].
Given a probability threshold, e.g. 0.5, the classifier decides to forecast a beam stablility or instability
based on historic observations of the features provided in Table 2. Based on the ROC curve, all forecasting
models will be compared. Last, the Area Under the Curve (AUC) quantifies the overall ability of the
model by calculating the area under the ROC curve. Hence, a perfect classifier would have AUC = 1.

5.2 Forecasting experiments

The models in Section 3 were trained with the data of the first 3 weeks of August 2021 and validated
using the last week of August to provide predictions with a 15 and 60 minute forecast horizon respec-
tively. During the validation phase, the hyperparameters of each model were determined based on its
performance. To avoid overfitting on the neural networks, early stopping was applied in Keras. This
allows the neural networks to stop training when the validation accuracy stops increasing. Moreover,
the Adaptive moment estimation (Adam) optimisation algorithm was used to optimise the cost function
of the neural networks [66]. Finally, the tuned models with the best performance in the validation set
were subsequently tested on unseen data, i.e. October 2021.

Bayesian optimisation was implemented for the choice of hyperparameters in each neural network, such
as the number of nodes in a dense layer, kernel size, the number of filters in each convolution, dropout
rate and learning rate [67, 68, 69]. The Bayesian hyperparameter optimisation allows searching in a
range of values for each parameter, however, in contrast to other methods such as random search or
grid search, each iteration takes into consideration the results from the previous iterations. In this way,
the next choice of hyperparameters is based on informed decisions and it can find a good range, where
the model achieves higher accuracy on unseen data. The final tuning of each neural network model
was determined after 30 different initialisations by choosing the hyperparameters that yield the highest
accuracy in the validation set. The search ranges are provided in the Appendix A.

MLP hyperparameters

For the 15 minute forecast, the MLP model after the hyperparameter tuning is consisted of 3 dense
layers of 250 ReLU nodes each followed by a dropout layer with rate 0.1, 0.1, 0.15 respectively. For the
60 minute forecast, the MLP model has 3 dense layers of 400 ReLU nodes, each followed by a dropout
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layer with rate 0.2. By increasing the number of layers, none of the two models increased the accuracy
in the validation set.

CNN hyperparameters

For the CNN models, both consist of 3 convolutional blocks as described in Equation (12). For the 15
minute forecast, each convolutional block has 120, 240, 120 filters with kernel size 10, 5, 2 respectively.
For the 60 minute forecast, the convolutional blocks have 120, 240, 100 filters each and kernel size 8, 4,
2 respectively.

ResNet hyperparameters

For the 15 minute forecast, the ResNet is comprised of 3 residual blocks as indicated in Equation (19),
where the first block has 100 filters and the other two have 200 filters with kernels of size 15, 9, 2 each.
In the 60 minute forecast, the ResNet has 80 filters for the first block where the other two have 160 filters
and kernels of size 40, 20, 10.

Dilated CNN hyperparameters

This model, for the 15 minute forecast, consists of 9 dilated convolutional layers with 100 filters and
kernel size 2 each followed by a dense layer of 200 ReLU nodes and a dropout layer with rate 0.1. The
60 minute forecast model has 9 dilated convolutional layers with 85 filters and kernel size 2 with dilation
rate d ∈ [20, ..., 28]. It is the followed by a dense layer of 280 ReLU nodes and dropout rate 0.3.

Residual dilated CNN hyperparameters

As discussed in Section 3.7, the 15 minute forecast model consists of 3 residual blocks of 3 dilated
convolutional layers, each with 100 filters on the first block, 200 filters on the other two and kernel size 2
with dilation rate d ∈ [20, ..., 28]. The 60 minute forecast model has 67 filters on the first residual block
and 134 on the other two.

SVM parameter tuning

Grid search [70] was implemented for the choice of the right kernel for the SVM model. Specifically, the
SVM models were evaluated on the validation set for four possible kernels: linear, polynomial, rbf and
sigmoid. Moreover, the models were evaluated for different values of ℓ2-regularisation penalty C, which
is available from scikit-learn. Based on these tests, the sigmoid kernel with regularisation penalty
C = 0.1 provided the highest validation accuracy. Last, different class weights were assigned on each
label, given that Linac3 data are imbalanced. In this way, the algorithm penalises more misclassifications
regarding an instability, i.e. label 0. For the 15 minute forecast, the model with the highest validation
accuracy assigned 10 times more weight to label 0 than label 1. For the 60 minute forecast, the model
with the highest validation accuracy allocated the same weight for both labels.

5.2.1 Forecasting Results

The persistence model as described in Section 3.1 is the baseline model, which the other models need to
outperform in order to conclude that a beam instability is possible to forecast. The performance of the
persistence model for both forecast horizons is presented in Figure 21.
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(a) 15 minute forecast (99.3% accuracy) (b) 60 minute forecast (97.2% accuracy)

Figure 21: Persistence model in the test dataset.

Since the output layer of all neural networks is a softmax layer, a probability threshold of 0.5 was set
to determine a stability or instability with labels 1 and 0 respectively. In the conducted experiments
for the 15 and 60 minute forecast, the MLP model was first implemented. For the 15 minute forecast,
the confusion matrices of two models are illustrated in Figure 22a and Figure 22b. Likewise, for the 60
minute forecast the confusion matrices are provided in Figure 23a and Figure 23b. The models are more
inclined to make mistakes when forecasting an instability, i.e. false negatives. This was also observed in
the validation set. To remedy this, different class weights were assigned manually for each label in Keras.
However, this action deteriorated the overall validation accuracy of the model and subsequently this idea
was never implemented on the test dataset. In addition, the ROC curve, provided in Figure 22c and
Figure 23c, compares two models yielded from the Bayesian hyperparameter tuning with the persistence
model for the 15 minute and 60 minute forecast respectively. From these results, it can be concluded that
the MLP model is not able to exceed the performance of the persistence model. This lack of performance
can be attributed to the fact that the MLP model assigns a different weight to every observation. As a
result, the MLP considers every data point as independent from the previous one.

The next model that was tested on unseen data was the CNN model. Unlike the MLP model, the CNN
model is able to take into account the temporal information provided in the data by sharing the weights
in every kernel. As a result, the model performs better than the MLP on unseen data for both forecast
horizons. In particular, the confusion matrices of two CNN models for the 15 minute forecast are provided
in Figure 24a and Figure 24b for a probability threshold 0.5. Subsequently, the models are compared
with the persistence model on the ROC curve in Figure 24c for a wider range of thresholds. Similarly,
the 60 minute binary forecasts for two different sets of hyperparameters are represented in Figure 25a
and Figure 25b. Moreover, the ROC curve for the 60 minute forecast is provided in Figure 25c. From
both ROC curves, it can be concluded that the CNN model is unable to capture the necessary patterns
to effectively forecast a decay compared to persistence.

The ResNet model was applied to introduce a deeper neural network architecture that enhances the
training process through the residual blocks. During the validation phase, the ResNet was able to
always outperform the MLP and CNN models for both forecast horizons. It is therefore surprising that
the ResNet only matches the performance of the CNN in the 15 minute forecast on the test dataset,
although the same number of validation trials was used during the hyperparameter tuning of both models.
This could be attributed to the fact that the wider receptive field of the ResNet was not needed for a
short-term forecast in the test dataset. A comparison of two ResNet models with persistence is provided
in Figure 26c. The confusion matrices of these two models are additionally illustrated in Figure 26a
and Figure 26b. It is highly interesting to see two different models achieving similar overall performance
in Figure 26c whilst being biased towards forecasting stability and instability respectively. The same
phenomenon appears for the 60 minute forecast in Figure 27a and Figure 27b. However, the ResNet
with the highest forecasting ability in the 60 minute forecast is the model that has more bias towards
stability (Figure 27c). For both forecasts, the ResNet was not able to surpass persistence.

The Dilated CNN presented the idea of increasing the range of historical data that influence the decision
on each forecast. The number of dilated convolutional layers was decided based on the accuracy of
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the forecast in the validation set. In Figure 28a and Figure 29a, the results of a model before further
hyperparameter tuning has taken place are shown. Despite the fact that there are no signs of overfitting in
the validation set, the gap between the accuracy in the validation and test set is significant. After tuning
the model for the 15 and 60 minute forecast in Figure 28b and Figure 29b, the model’s performance on the
test set increases notably. The ROC curve for both forecasts can be seen in Figure 28c and Figure 29c.
The results compared to models such as MLPs indicate that taking into account a wider history of
data with the given neural network architecture is worse than taking every observation independently
to make a forecast. This assumption will be investigated with the next Residual dilated neural network.
Another possible extension of the dilated CNN model would be to also implement a batch normalisation
layer. This could influence the ability of the model to generalise better on the test set. However, in no
experiment the dilated CNN has shown better forecasting performance than persistence.

Throughout the experiments in the validation set, the Residual dilated neural network has been the
model with the highest accuracy for the 60 minute horizon forecast. The results of the model are shown
in Figure 31a and Figure 31b. Nevertheless, it yields exactly the same forecasting performance with the
persistence model in Figure 31c on test data. In this way, it can be concluded that a wide range of
historical data is preferable than taking each observation individually, but is more effective for longer
forecast horizons, i.e. 60 or 100 minute forecast. On the other hand, this can be confusing for a shorter
term forecast such as 15 minutes. The performance of two models for the 15 minute forecast are shown in
Figure 30a, Figure 30b and compared to persistence in Figure 30c. By increasing the number of residual
blocks, persistence could be reached but not surpassed.

For completeness, a classical ML model (SVM) was tested to forecast a beam decay. During the vali-
dation phase in the 15 minute forecast, the model with the sigmoid kernel provided validation accuracy
comparable to the MLP models. However, when the same models were applied on the test dataset, they
failed to generalise. This is depicted in Figure 32a and Figure 32b. A comparison with the persistence
model is available in Figure 32c. Similarly, the SVM showed poor performance on the test data for the
60 minute forecast in Figure 33a and Figure 33b. A summary of these results is also seen in Figure 33c.

Overall, for the 15 minute forecast, the neural networks introducing convolutions with a small receptive
field, i.e. ResNet and CNN, have shown the best performance on unseen data. This was expected since
the forecast, for such short horizon, does not depend on a wide range of historical data as also seen in
previous work done by the Beams and Industrial Control Systems group at CERN. This is also confirmed
from observing that the Residual dilated CNN, which is built to look deep into the past, and the MLP,
which disregards any temporal information, have similar performance. For this reason, the dilated CNN
also underperformed in the test data. The performance of the SVMs until the validation set indicated
them as a strong forecasting model compared to other models, such as the dilated CNN and MLP.
However, they have shown the worst performance due to their lack of generalisability. A synopsis of all
models for the 15 minute forecasts is shown in Figure 34a.

Finally, in the 60 minute forecast, the residual dilated CNN was the only model able to reach exactly
persistence in the test data. The convolutional neural network architectures provided better forecasts
than MLPs and SVMs, indicating that temporal dependencies might exist on Linac3 data that could
be explored to provide a better long term forecast. Nevertheless, the convolutional neural network
architectures are not enough to exceed the baseline model. An outline of the 60 minute forecast is given
in Figure 34b.
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(a) Test performance of the final MLP architecture.
(b) Best MLP model from Bayesian hyperparameter
tuning.

(c) Comparison of the two aforementioned MLP models with the persistence
model.

Figure 22: MLP model results for the 15 minute forecast on the test dataset.
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(a) Test performance of the final MLP architecture.
(b) Best MLP model from Bayesian hyperparameter
tuning.

(c) Comparison of the two aforementioned MLP models with the persistence
model.

Figure 23: MLP model results for the 60 minute forecast on the test dataset.
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(a) Test performance of the final CNN architecture.
(b) Best CNN model from Bayesian hyperparameter
tuning.

(c) Comparison of the two aforementioned CNN models with the persistence
model.

Figure 24: CNN model results for the 15 minute forecast on the test dataset.
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(a) Test performance of the final CNN architecture.
(b) Best CNN model from Bayesian hyperparameter
tuning.

(c) Comparison of the two aforementioned CNN models with the persistence
model.

Figure 25: CNN model results for the 60 minute forecast on the test dataset.
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(a) Test performance of the final ResNet architecture.
(b) Best ResNet model from Bayesian hyperparameter
tuning.

(c) Comparison of the two aforementioned ResNet models with the persistence
model.

Figure 26: ResNet model results for the 15 minute forecast on the test dataset.
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(a) Test performance of the final ResNet architecture.
(b) Best ResNet model from Bayesian hyperparameter
tuning.

(c) Comparison of the two aforementioned ResNet models with the persistence
model.

Figure 27: ResNet model results for the 60 minute forecast on the test dataset.
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(a) Test performance of the final Dilated CNN architec-
ture.

(b) Best dilated CNN model from Bayesian hyperpa-
rameter tuning.

(c) Comparison of the two aforementioned Dilated CNN models with the per-
sistence model.

Figure 28: Dilated CNN model results for the 15 minute forecast on the test dataset.
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(a) Test performance of the final Dilated CNN architec-
ture.

(b) Best Dilated CNN model from Bayesian hyperpa-
rameter tuning.

(c) Comparison of the two aforementioned Dilated CNN models with the per-
sistence model.

Figure 29: Dilated CNN model results for the 60 minute forecast on the test dataset.
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(a) Test performance of the final Residual dilated CNN
architecture.

(b) Best Residual dilated CNN model from Bayesian
hyperparameter tuning.

(c) Comparison of the two aforementioned Residual dilated CNN models with
the persistence model.

Figure 30: Residual dilated CNN model results for the 15 minute forecast on the test dataset.
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(a) Test performance of the final Residual dilated CNN
architecture.

(b) Best Residual dilated CNN model from Bayesian
hyperparameter tuning.

(c) Comparison of the two aforementioned Residual dilated CNN models with
the persistence model.

Figure 31: Residual dilated CNN model results for the 60 minute forecast on the test dataset.
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(a) SVM model before grid search. (b) Best SVM model from grid search.

(c) Comparison of the two aforementioned SVM models with the persistence
model.

Figure 32: SVM model results for the 15 minute forecast on the test dataset.
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(a) SVM model before grid search. (b) Best SVM model from grid search.

(c) Comparison of the two aforementioned SVM models with the persistence
model.

Figure 33: SVM model results for the 60 minute forecast on the test dataset.
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(a) Comparison of the best models with the persistence model for the 15 minute forecast.

(b) Comparison of the best models with the persistence model for the 60 minute forecast.

Figure 34: ROC curves of all models on the test dataset.
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5.3 Change point detection experiments

In this section, the ability of the two change point detection algorithms, analysed in Section 4, will be
compared. Specifically, they were given the same set of BCT25 data, from the 4th until the 6th of
October 2021, to recognise sudden changes in the trend of BCT25 as depicted in Figure 35.

5.3.1 Direct density-ratio estimation results

For the implementation of the direct density-ratio estimation method discussed in Section 4.1, the package
KLIEP, [53], has been used and modified in Python to identify change points on BCT25. First, the data
from the BCT25 feature had been downsampled to 60 second bins, instead of taking into consideration
all data points with frequency of 1.2 seconds. As a result, the computation time of the algorithm is 10
minutes. High voltage breakdowns could potentially give a false alarm of a beam decay to the source
specialists, since the intensity of the beam current transformers, such as BCT05 and BCT25, drop to
zero momentarily as in Figure 7.

Next, the values of the parameters, k, naf , nbf , µ, σ as described in Section 4.1, were tuned first on data
from the 2nd until the 3rd of October. The choice of the parameters was based on trial and error
experiments on this dataset. Subsequently, the model’s performance was assessed on unseen data. The
parameters found were the following.

k naf nbf µ σ

50 100 50 0.00012 10000

Table 3: The parameters used on the unseen data.

The first result from implementing direct density-ratio estimation on the BCT25 data from the 4th until
the 6th of October 2021 is depicted in Figure 35a. The result indicates that the algorithm detects a
change point with a delay in both datasets, whilst the parameters of the model are tuned.

Resampling enabled smoothing the noise from the data, by taking the mean in 60 second bins. Never-
theless, there is still risk for uninformative datapoints to exist. Hence, the high voltage breakdown filter,
as discussed in Section 2.2.1, was applied to the test data, i.e. from the 4th until the 6th of October
2021. Next, the filtered data were fed into the KLIEP algorithm. The result of this method is illustrated
in Figure 35b. The filtering method has shown an improvement compared to Figure 35a as it reduced
the number of false alarms. The aforementioned idea was also implemented in the next change point
detection algorithm.

5.3.2 Bayesian online change point detection method results

The next change point detection algorithm which was implemented to pinpoint an unanticipated decay
on BCT25 data was the Bayesian online change point detection method. Its application was possible with
a modified version of the Python package proposed by [71] and [55]. Similarly to the direct density-ratio
estimation, the data were downsampled to 60 second bins. As discussed in Section 4.2, the parameters λ,
β were first initialised to 60 and 30 datapoints respectively. This choice was based on the performance of
the change point detection algorithm on the data from the 2nd until 3rd of October 2021. Subsequently,
all parameters λ, α, µ, β get updated according to Equation (47).

Similarly to the direct density-ratio estimation, the Bayesian online change point detection was first tested
on data which have not been filtered for high voltage breakdowns. The result is provided in Figure 36a.
The method recognises change points more accurately than the direct density-ratio estimation method.
However, it is more prone to making a mistake, i.e. false alarm, identifying a high voltage breakdown
as a change point. Given that the current method is more sensitive to high voltage breakdowns, the
use of the filter is imperative. As highlighted in Figure 36b, the impact of the high voltage breakdown
filter in identifying change points is substantial. What is more, the computation time of the algorithm
is approximately 3 seconds.

5.3.3 Change point detection experiments discussion

Taking into consideration both change point detection methods, the Bayesian online change point detec-
tion provides a faster and more accurate way of finding changes in BCT25 data. However, the method’s
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sensitivity to high voltage breakdowns introduces false alarms to the source specialists which are unde-
sirable. A way to further improve the method is by upgrading the high voltage breakdown filter.
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(a) Density ratio-estimation using no high voltage breakdown filter.

(b) Density ratio-estimation using a high voltage breakdown filter.

Figure 35: Change point detection of BCT25 for the test data using the direct density-ratio estimation
method. The detected change points are displayed with red.
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(a) Bayesian online change point detection without a high voltage breakdown filter.

(b) Bayesian online change point detection with a high voltage breakdown filter.

Figure 36: Change point detection of BCT25 using BOCD. The change points are highlighted with red.
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6 Conclusion & Discussion

In this research, the analysis of the instability of the ion beam current at Linac3 was introduced. The
primary aim of this study was to forecast a beam decay in the future, using various machine learning
algorithms based on historical data from Linac3. The best performing algorithms in the 15 minute
forecast, i.e. ResNet and CNN, were unable to find the necessary patterns needed to make reliable
predictions on the status of the beam and outperform the baseline model, i.e. the persistence model.
Moreover, in the 60 minute forecast the residual dilated CNN model reached exactly the baseline. The
results outlined in Section 5.2.1 arrive to the same conclusion as mentioned in [6] and in recent research
done using recurrent neural networks (LSTM) by the Beams and Industrial Control Systems group
at CERN, where the goal was regression and not binary classification. Due to the multitude of ML
algorithms implemented in this research and others prior to it, it can be concluded that given the
current measurements from the settings and acquisitions at Linac3 it is not possible to predict a beam
instability.

Further investigation inside the GTS-LHC ion source is planned to be conducted by CERN to understand
in more depth its operation. Optical emission spectroscopy would be able to provide more information
about the behaviour of the source [72]. This will be possible by measuring other properties of the plasma,
such as the density of the lead vapor which currently are unknown. These measurements are considered
critical to understand the performance of GTS-LHC. With the new measurements and features, which
cannot be sufficiently inferred from any feature extraction method such as convolutional neural networks
or principal component analysis, the proposed methods in the current research should be repeated for a
15 minute and a 60 minute forecast. Given that the models with the new features are able to provide
significantly better predictions than the persistence model, it is desirable from the operators to implement
a model for a longer-term forecast (100 minutes). For the 100 minute forecast, the dilated residual CNN
model could have a sufficient amount of historic data by increasing the number of dilated layers to make
longer predictions into the future. An accurate 100 minute forecast would yield more time, compared to
the 15 and 60 minute forecast, to the operators to prevent a beam decay.

Despite the fact that a wide variety of ML methods has been used to predict the beam instability,
there are still ML algorithms that have not yet been examined. A hybrid CNN-LSTM could use the
ability of the CNN to extract features efficiently and the LSTM, which can provide a wide history from
Linac3 observations, could possibly provide useful forecasts as suggested in [73]. Furthermore, the Light
Gradient Boosting Machine (LightGBM) models, introduced in [74], demonstrate high accuracy and fast
learning in recent time series forecasting problems and competitions [75]. A possible extension of the
current experiments with SVMs would be possible with the use of the tslearn library in Python [76],
which is tailored for time series data. Additionally, the global alignment kernel [77] is recommended for
time series classification problems from tslearn. The aforementioned methods are recommended to be
implemented after the findings of the optical emission spectroscopy.

The current research also focused on identifying change points in Linac3 data by comparing two change
point detection methods. These methods are not able to provide a pre-warning to the source operator
that a beam will decay. In fact, they provide a warning as soon as they take place at best. Direct density-
ratio estimation proved to be robust to high voltage breakdowns. However, a notable delay between the
alert of the algorithm and the actual beam decay make it difficult to be consistently implemented with
little tuning of its parameters. The Bayesian online change point detection method was improved by
implementing a high voltage breakdown filter. As a result, the method can observe quickly and accurately
changes in the beam intensity by minimising the amount of false alarms. The ability of the change point
detection method could be enhanced with the use of a better filter. Specifically, the filter has a threshold
for the variability of the HT current, i.e. 0.25A for a rolling window of 40 timesteps. The filter could be
more sensitive applying a lower variance threshold for a smaller time window.
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A Appendix

The width of the maximum-margin hyperplane is equal to 2
||a|| .

Proof

Given yi(a
⊤xi + b)− 1 = 0 for support vectors x(+), x(−) that lie on both sides of the maximum-margin

hyperplane it follows

a⊤x(+) + b = 1 (49)

a⊤x(−) + b = −1 (50)

It can be seen from Figure 37 that the width of the maximum-margin hyperplane can be calculated from
trigonometry

width = ||x(+) − x(−)|| cos θ (51)

where θ is the angle between the normal vector a and x(+) − x(−). Next, the dot product of x(+) − x(−)

with the unit normal a
||a|| is the following

(x(+) − x(−))
⊤ a

||a||
= ||x(+) − x(−)||

||a||
||a||

cos θ (52)

= ||x(+) − x(−)|| cos θ (53)

therefore,

width = (x(+) − x(−))
⊤ a

||a||
(54)

after substituting Equations (49, 50) in Equation (54) it follows

width =
2

||a||
(55)

Figure 37: Example of two support vectors x(+), x(−) lying on the maximum-margin hyperplane. The
normal of the hyperplane is denoted with a and the angle between a and x(+) − x(−) is denoted with θ.

Standard form for optimisation problems

The notes from Boyd and Vandenberghe [25] will be followed for the formulation of continuous optimi-
sation problems the Karush-Kuhn-Tucker conditions.

A continuous optimisation problem can be formulated in the following way:
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minimize f0(x)

subject to fi(x) ≤ 0, i = 1, . . . ,m,

hi(x) = 0, i = 1, . . . , p

(56)

where f0 is the objective function, fi for i = 1, ...,m are the inequality constraints and hi for i = 1, ..., p
are the equality constraints.

Karush-Kuhn-Tucker (KKT) theorem

Assuming that f0, ..., fm, h1, ..., hp are differentiable, the KKT theorem states that for x⋆ being the
optimal solution for the primal problem in Equation (56), (λ⋆, ν⋆) being the optimal solution for the
dual problem, and given that strong duality holds it follows

fi(x
⋆) ≤ 0, i = 1, ...,m (57)

hi(x
⋆) = 0, i = 1, ..., p (58)

λ⋆
i ≥ 0, i = 1, ...,m (59)

λ⋆
i fi(x

⋆) = 0, i = 1, ...,m (60)

∇f0(x⋆) +
m∑
i=1

λ⋆
i∇fi(x⋆) +

p∑
i=1

ν⋆i∇hi(x
⋆) = 0, (61)

The optimal maximum-margin hyperplane is determined only by the support vectors and the misclassified
points.

Proof

(a⋆, b⋆, ξ⋆) are the optimal solutions for Equation (4) which satisfy the KKT conditions. Therefore, there
is (λ⋆, µ⋆) for which

λ⋆
i (1− ξ⋆i − yi(a

⋆⊤xi + b⋆)) = 0 (62)

µ⋆
i ξ

⋆
i = 0 (63)

a⋆ −
t∑

i=1

λ⋆
i yixi = 0 (64)

−
t∑

i=1

λ⋆
i yi = 0 (65)

C − λ⋆
i + µ⋆

i = 0 (66)

and hence λ⋆
i = 0 or yi(a

⋆⊤xi + b⋆) = 1− ξ⋆i for i = 1, ..., t. Also, µ⋆
i = 0 or ξ⋆i = 0 for i = 1, ..., t. Using

the third condition it is shown that

a⋆ =

t∑
i=1

λ⋆
i yixi (67)

from the first condition it is shown that

yi(a
⋆⊤xi + b⋆)) = 1− ξ⋆i (68)

for i = 1, ..., t when λ⋆
i ̸= 0. For Equation (68) to be true, xi is a support vector, i.e. ξ⋆ = 0, or xi is

misclassified, i.e. ξ⋆ > 0. This shows that the optimal maximum-margin hyperplane relies only on the
support vectors and the misclassified points.

Search ranges for the Bayesian hyperparameter tuning and Grid search
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ReLU nodes Dropout

150− 500 0.05− 0.4

Table 4: Search range for the MLP hyperparameters.

Filter Kernel

100− 500 1− 25

Table 5: Search range for the CNN hyperparameters.

Filter Kernel

50− 500 1− 50

Table 6: Search range for the ResNet hyperparameters.

Filter ReLU nodes Dropout

150− 350 150− 350 0.05− 0.4

Table 7: Search range for the Dilated CNN hyperparameters.

Filter

50− 250

Table 8: Search range for the Dilated residual CNN hyperparameters.

C Kernel Degree (poly) class weight

[0.1, 1, 10, 50, 100] [sigmoid, linear, poly, RBF] [2− 10] [1:1, 5:1, 10:1, 20:1, 30:1]

Table 9: Search range for the SVM hyperparameters.
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Linac3 features included in the analysis

• IP.NSRCGEN:BIASDISCAQNV: voltage of the bias disk

• IP.NSRCGEN:GASAQN: voltage of the gas feedback loop

• IP.NSRCGEN:OVEN1AQNP: power of oven 1

• IP.NSRCGEN:OVEN2AQNP: power of oven 2

• IP.SAIREM2:FORWARDPOWER: power of the Sairem 2 microwave generator

• IP.SOLINJ.ACQUISITION:CURRENT: current of the injection solenoid in the GTS-LHC

• IP.SOLCEN.ACQUISITION:CURRENT: current of the central solenoid in the GTS-LHC

• IP.SOLEXT.ACQUISITION:CURRENT: current of the extraction solenoid in the GTS-LHC

• IP.NSRCGEN:SOURCEHTAQNV: voltage of the main source high voltage

• IP.NSRCGEN:SOURCEHTAQNI: current of the main source high voltage

• ITL.BCT05:CURRENT: current of the ion beam passing the transformer ITL.BCT05

• ITF.BCT25:CURRENT: current of the ion beam passing the transformer ITF.BCT25

• ITH.BCT41:CURRENT: current of the ion beam passing the transformer ITH.BCT41
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