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Abstract: In the effort to obtain a precise measurement of leptonic CP-violation with the ESS𝜈SB
experiment, accurate and fast reconstruction of detector events plays a pivotal role. In this work, we
examine the possibility of replacing the currently proposed likelihood-based reconstruction method
with an approach based on Graph Neural Networks (GNNs). As the likelihood-based reconstruction
method is reasonably accurate but computationally expensive, one of the benefits of a Machine Learning
(ML) based method is enabling fast event reconstruction in the detector development phase, allowing
for easier investigation of the effects of changes to the detector design. Focusing on classification of
flavour and interaction type in muon and electron events and muon- and electron neutrino interaction
events, we demonstrate that the GNN reconstructs events with greater accuracy than the likelihood
method for events with greater complexity, and with increased speed for all types of events. The
GNN flavour classification of neutrino interaction events results in a true positive rate of 85.87 %
(57.90 %) for muon (electron) neutrinos, compared to 35.55 % (0.21 %) for the likelihood-based
method with identical constraints on the false positive rate, while the reconstruction speed is increased
by a factor of 104. Additionally, we investigate the key factors impacting reconstruction performance,
and demonstrate how separation of events by pion production using another GNN classifier can
benefit flavour classification.
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1 Introduction

The existence of CP violation in the leptonic sector is among the most interesting open questions in
particle physics, and can be investigated through the study of neutrino oscillations [1]. The potential
impact of the CP violating phase 𝛿CP on the neutrino oscillation probability is almost 3 times larger
at the second oscillation maximum than at the first [2], but requires 9 times more statistics, as the
second maximum is located 3 times further away than the first, and the flux is inversely proportional to
the square of the distance. This can be achieved by using a more intense neutrino beam (about one
order of magnitude), measuring over a longer period (about 9 times longer), or using more efficient
event selection algorithms. The European Spallation Source (ESS) linear accelerator (linac) in Lund,
Sweden [3] can be modified to provide such a high intensity neutrino beam, and the ESS𝜈SB is
the experiment proposed to measure CP violation using this beam [4, 5]. ESS𝜈SB will measure
the flavour composition of the unoscillated neutrino beam immediately after the beam target at the
near detector, which consists of a water Cherenkov (WC) detector, a magnetized scintillator detector
called the Super Fine-grained Detector (SFGD), and an emulsion-based detector similar to the NINJA
detector employed at J-PARC [6]. The WC detector, which this study concerns, will consist of a
horizontally oriented detector tank with a length of 10.8 m, a diameter 9.4 m, and a volume of 750 m3

submerged in clean water, with the cylinder axis aligned with the neutrino beam direction. Its interior
will be instrumented with just over 22,000 3.5 inch diameter photo-multiplier tubes (PMTs) resulting
in a ∼ 30 % instrumentation coverage. All the components of the near detector are illustrated in
figure 1. The flavour composition of the oscillated neutrino beam will be measured at the far detector,
composed of two Cherenkov tanks located 340 km from the target such that the flux will contain
both the first and second maximum of muon (anti)neutrino to electron (anti)neutrino oscillations [4].
By measuring the flavour composition of both the neutrino and antineutrino beam the oscillation
probability can be calculated and 𝛿CP can be estimated.

– 1 –
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Figure 1. The three detector components of the near detector complex, the emulsion detector, the SFGD and
the water Cherenkov detector. The direction of the neutrino beam is left to right, perpendicularly to the face of
the WC tank. Reproduced from [4]. CC BY 4.0.

To enable these measurements, accurate reconstruction of the neutrino events is a necessity. While
accurate reconstruction methods exist and are implemented in neutrino experiments [7, 8], they are
often based on likelihood methods and have limits to their performance and reconstruction speed.
The latter becomes particularly important in the development stages of the ESS𝜈SB, as having fast
event reconstruction methods enable faster exploration of different detector designs and PMT layouts.
Having multiple reconstruction methods will allow for more thorough studies of robustness to noise
and detector properties, and a fast reconstruction method will allow these studies to be carried out a
higher rate. Recently, Machine Learning (ML) methods and particularly methods based on Graph
Neural Networks (GNNs) have proven useful for neutrino event reconstruction [9]. In the following
sections, we explore the possibilities of replacing the current likelihood-based method with one based
on a GNN for classification of flavour and interaction type.

2 Methods

2.1 Simulation

The GNN models described in the following sections were trained and subsequently benchmarked
against the likelihood-based method applied to two data sets of Monte Carlo (MC) simulated events
(used in the ESS𝜈SB conceptual design report (CDR) [4] and [10]). The events were simulated using
the neutrino interaction vertex generator GENIE v3.0.6 [11, 12] for neutrino interactions, and the
water Cherenkov simulation software WCSim [13] for particle transport, and the detector response.
WCSim is based on Geant4 [14] and developed by the Hyper-Kamiokande collaboration. For these
simulations the Near Detector tank is configured to have a volume of 750 m3 with a photomultiplier
tube (PMT) coverage of 30 %.

– 2 –
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Figure 2. The expected neutrino flux 100 km downstream of the target station, in the central 10 m× 10 m region,
for neutrino- and antineutrino-mode, per running year, as functions of neutrino energy. Reproduced from [4].
CC BY 4.0.

Figure 3. Example event displays of the simulated electron (a), muon (b), electron neutrino (c), and muon
neutrino (d) events.

The first dataset contains samples of single charged leptons. These events have been generated
homogeneously distributed within the detector tank with an isotropic direction distribution, and
uniformly covering kinetic energies from 0 GeV to 1.5 GeV. The energy range was chosen to
approximately match the expected energy range of the neutrino beam, which is limited by the beam
energy of the ESS linear accelerator. Figure 2 shows the expected neutrino flux 100 km downstream
of the target station in the central 10𝑚 × 10 m region, which, following the approach of the CDR [4],
is assumed to be representative of the neutrino flux at the near detector. Both leptons and anti-leptons
were simulated in equal amounts. In the absence of neutrinos and neutrino interactions for this dataset,
the flavour of the charged lepton was the target variable for classification.

The second dataset contains a uniform distribution of interacting neutrino energies from 0 GeV
to 1.5 GeV, with pure water as target material. These events were classified by the flavour of the
interacting neutrino and later by interaction type. The simulations contain only muon neutrino and
electron neutrino events (muons and electrons for the charged lepton simulations), as the tau neutrinos
were omitted from this study.1 Both neutrinos and anti-neutrinos and events with charged current
(CC) and neutral current (NC) interactions were simulated in equal amounts.

Example event displays from the two datasets are shown in figure 3.

1With a beam energy of up to 2 GeV and the tau lepton mass 𝑚𝜏 ≈ 1.777 GeV, the tau neutrinos are not produced in
significant amounts at the target, and will not partake in CC interaction in the detectors.
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2.2 Reconstruction

2.2.1 Likelihood-based reconstruction

The baseline method used for classification is based on the fiTQun algoritm [8, 15]. A log-likelihood-
based reconstruction method developed for the Super-Kamiokande Experiment and based on methods
developed for the MiniBooNE experiment [16], it can accurately reconstruct the flavour and kinematic
parameters of the interaction products, from which information about their neutrino parents can
be inferred.

𝐿 (𝑋) =
unhit∏
𝑗

𝑃 𝑗 (unhit|𝒙)
hit∏
𝑖

{𝑃𝑖 (hit|𝒙)} 𝑓𝑞 (𝑞𝑖 |𝒙) 𝑓𝑡 (𝑡𝑖 |𝒙) (2.1)

The likelihood-function evaluated in the fiTQun algorithm is defined in Equation 2.1, and is
expressed as a product over all PMTs, given the track parameters 𝒙. 𝑃 𝑗 (unhit|𝒙) and 𝑃𝑖 (hit) represent
the probability of track 𝒙 producing a hit in the PMT, and 𝑓𝑞 (𝑞𝑖 |𝒙) and 𝑓𝑡 (𝑡𝑖 |𝒙) represent the probability
of recording the charge 𝑞𝑖 at time 𝑡𝑖 in the case of a hit, given the track parameters 𝒙.

For a given event, the fiTQun framework will provide a negative logarithmic likelihood (NLL)
estimation for each relevant lepton flavour hypothesis. The model score in this work follows the
approach of the CDR [4] and is taken to be the ratio between the NLL of an event being a muon
(neutrino) event and the NLL of being an electron (neutrino) event.

Model score =
𝑁𝐿𝐿fiTQun𝜇

𝑁𝐿𝐿fiTQun𝑒
(2.2)

2.2.2 Likelihood-based cuts

For the reconstructions in the CDR [4], for which the likelihood-based method was used, a number
of cuts2 are applied to the data to filter out events that are hard to reconstruct with good accuracy.
These cuts are based on reconstructed variables from the fiTQun-based reconstruction and include, as
examples, the cuts shown in figure 4. On the left, the ratio between reconstructed energies using a
muon (neutrino) and electron (neutrino) hypothesis, respectively, is used to filter out muon (neutrino)
events where the produced muons have energy below the Cherenkov threshold. These events are
primarily detected via the electron from the muon decay, and thus frequently misidentified as electron
(neutrino) events. On the right, the distance from the starting initial position of the charged lepton
(which would be the interaction vertex) and the detector wall along the direction of travel of the lepton,
is used to filter out events where the charged lepton is produced too close to the wall, which are often
misidentified because the lepton does not always loose all its energy inside the water volume.

As these cuts are based on variables from the fiTQun-based reconstruction, replacing the fiTQun-
based reconstruction method with a GNN-based method also means losing the ability to perform
these cuts. Additionally, about half of the events are lost when applying these cuts, so removing or
loosening the cuts could provide better statistics. Thus, part of this work is also investigating if the
GNN classification model can perform well without these likelihood-based cuts applied.

2For a full list of cuts, see [4], section 7.2.3.
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Figure 4. Illustration of two of the likelihood-based cuts used to remove incorrectly identified events from the
charged lepton data, showing correctly identified electrons (dark blue) and muons (red) and incorrectly identified
electrons (𝑒(𝜇𝐼𝐷), cyan) and muons (𝜇(𝑒𝐼𝐷), orange) distributed by reconstructed variables (and in one case,
simulated energy). The classification uses the fiTQun-based approach described in [4]. The sub-Cherenkov
criterion (left) shows events distributed by simulated energy (𝐸MC

kin ) and ratio between reconstructed energies
using a muon (𝐸FQ𝜇

kin ) and electron (𝐸𝐹𝑄𝑒

kin ) hypothesis, respectively. The black line indicates the cut, (removing
events with 𝐸FQ𝜇

kin /𝐸FQ𝑒

kin > 2.8), which serves to reject muon events where the muon has too little energy to
produce Cherenkov radiation, and as a result is primarily detected through its electron decay product and
misidentified as an electron. The Cherenkov-ring resolution criterion (right) show events distributed by distance
from the interaction vertex to the detector wall along the direction of the charged lepton 𝑑FQnom

wall , and the
ratio of the reconstructed and simulated energies. The black line indicates the cut, removing events with
𝑑

FQnom
wall < 250 cm which are often misidentified. Reproduced from [4]. CC BY 4.0.

2.2.3 Graph Neural Networks

Various ML reconstruction methods have been explored in the context of neutrino experiments and
Cherenkov detectors. Convolutional neural networks (CNNs) have been employed with positive
results [17], and GNNs have seen increased use in recent years in neutrino detector design and event
reconstruction. [9, 18]. GNNs are an ML method based on graph theory, in which data is expressed
as graphs of nodes connected by edges, and node information is propagated between the layers
of the network through the exchange of information with neighbouring nodes (known as message
passing) [19]. CNNs and GNNs are similar in they way they deal with the exchange of information
between data points that are related (often by proximity in a chosen feature space). Although GNN
convolutions and message passing is computationally expensive — as graphs can be very large (the
graphs in this study have O(103) nodes) and computations are carried out for each pair of connected
nodes — they often make up for it by having fewer layers than a typical deep CNN. Additionally,
CNNs require the input to have a grid-like structure with even point-spacing, which is not typically the
case for Cherenkov detectors. Adapting data structure for the use of CNNs may require padding or
other modifications that leads to unnecessary computations or misrepresentation of the relationship
between data points. With GNNs the spatial distances and relations between points are incorporated
in the message passing, and for this work they have been deemed a good fit. In the case of this study, a
neutrino interaction event (or an event containing a single charged lepton) is described by a single
graph, with the nodes of the graph being the PMT signals associated with the event, with the node

– 5 –
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Table 1. Scaling factors for the five PMT variables which act as nodes features in the GNN graphs. Each factor
is chosen according to the distribution of the variables, such that the mean of the absolute values is ∼ 1, to work
optimally with the GNN activation functions.

Variable 𝑥, 𝑦 (cm) 𝑧 (cm) Time (ns) Charge (PE)
Scaling factor 1

300
1

350
1

100
1
5

features PMT position (𝑥, 𝑦, 𝑧), signal arrival time and recorded charge. The graph is completed by
connecting the nodes with edges according to a 𝐾-nearest neighbours scheme (in 𝑥, 𝑦, 𝑧, 𝑡). As a
result, the model input for an event with N PMT signals will be the input feature matrix X ∈ R𝑁×5,
accompanied by the edge index matrix E ∈ N2×𝑀 , where the number of edges 𝑀 is 𝐾 · 𝑁 . The input
features are transformed according to a simple scheme where each feature is scaled by a constant
value. The scaling factors are shown in table 1.

To train and apply GNN models to the graphs, the GraphNeT [20] framework is used. Initially
developed by the IceCube collaboration [21, 22], GraphNeT facilitates training of ML models (including
GNNs) on data structures and tasks commonly associated with Cherenkov detectors and neutrino
telescopes, using the PyTorch [23], PyTorch Geometric [24] and Pytorch Lightning [25], libraries as
backend. GraphNeT takes as input tables of PMT signals and event labels, and handles parallel loading
of data and building of graphs during training, outputting trained models and predictions for the desired
data sets. In addition to useful loss functions and other optimization utilities, GraphNeT contains
various model architectures like the DynEdge model. The DynEdge architecture is based on the
EdgeConv [26] message passing scheme, but with the addition of edge reconfiguration between each
graph convolution [9], and is employed for this study without modifications. A diagram of the DynEdge
architecture is shown in figure 5. The learning rate was controlled by a one-cycle linear learning
rate scheduler [27] with manual tuning of the maximum learning rate and early stopping to prevent
overfitting. The varying number of PMT signals and corresponding graphs sizes is handled without
padding using Pytorch Geometric’s mini-batching scheme. For details, see [24]. During training, the
graph building is performed on CPU cores and moved to the GPU to ensure maximum occupancy.

For each event, the GNN model will output a model score between 0 and 1, representing the
probability assigned by the model that the event is of the signal flavour, where a score closer to 1
indicates higher probability of signal flavour. The selection threshold can be adjusted within the
this range to obtain a satisfactory sample. For this study, the default signal flavour will be electron
flavour, such that the truth value for flavour is 1 when the event is an electron neutrino event. The
following sections will include plots where the muon flavour is treated as truth (such as 7, right).
These are the same predictions as for electron flavour, but with the labels of the output reversed.
The GNN flavour classification model developed in this study was only trained on the neutrino
interaction dataset, but has been tested on both the charged lepton and neutrino datasets after training
as described in the following sections.

2.2.4 Training

Both data sets (neutrinos and charged leptons) were classified by neutrino or lepton flavour (and later
interaction type and pion production) using the same GNN models, which were trained only on the
neutrino event data set. Training separate models applied to the charged lepton events was investigated,

– 6 –
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Figure 5. Diagram of the DynEdge model architecture with message passing layers on the left and aggregation layers
on the right, and a detailed schematic of the EdgeConv message passing scheme. Reproduced from [9]. CC BY 4.0.

Table 2. Breakdown of the sizes of training and test samples for the charged lepton and CC neutrino interaction
data sets. The charged lepton data set was not used for training, and was not tested without cuts. All samples
were simulated with a 1:1 ratio of initial lepton/neutrino flavour, and a 1:1 ratio of 𝜈 and 𝜈̄ for the neutrino
sample. The training was divided into 67 % training data and 33 % validation data with the same ratios. For the
neutrino events, a total of 800,000 events of equal parts CC and NC events were simulated.

Simulated After cuts Training Test w/ tcuts Test w/o cuts

Charged leptons 100,000 49,325 - 49,325 -
𝜇 / 𝜇̄ / 𝑒 / 𝑒 25,000 - - - -

Neutrinos (CC) 400,000 226,425 100,000 100,000 300,000
𝜈𝜇 / 𝜈̄𝜇 / 𝜈𝑒 / 𝜈̄𝑒 (CC) 100,000 - 25.000 - 75.000

Neutrinos (NC) 400,000 - 100,000 - 300,000
𝜈𝜇 / 𝜈̄𝜇 / 𝜈𝑒 / 𝜈̄𝑒 (NC) 100,000 - 25.000 - 75.000

but did not yield any significant increase in performance. The models were trained on 100,000 (67 %
training, 33 % validation) events on two NVIDIA Tesla K20 cards and evaluated on ∼ 50, 000–300,000
events (depending on the cuts applied and the resulting sample sizes). For a more detailed overview
of training and test samples, see table 2. The training was carried out using a linear 1cycle learning
rate scheduler [28] with early stopping, with all models converging within 50 epochs.

2.2.5 Performance metric

The neutrino beam produced at the ESS𝜈SB target will contain > 98 % muon neutrinos [4] with
the remainder dominated by electron-neutrino. The main purpose of the Near Detector (on which
this study is focused) is to accurately determine the electron neutrino content of the initial neutrino
beam (before oscillations) in order to reduce systematic uncertainties for the oscillation analysis

– 7 –
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Table 3. Confusion matrices for flavour classification with the signal flavours 𝜈𝜇 (a) and 𝜈𝑒 (b).

Prediction
𝜈𝜇 𝜈𝑒

Tr
ut

h 𝜈𝜇 True Positive (TP) False Negative (FN)

𝜈𝑒 False Positive (FP) True Negative (TN)

(a) 𝜈𝜇 signal

Prediction
𝜈𝑒 𝜈𝜇

Tr
ut

h 𝜈𝑒 TP FN

𝜈𝜇 FP TN

(b) 𝜈𝑒 signal

conducted with far detector data. For these reasons, the purity of the electron neutrino sample
(which is of greater importance) is more severely affected by the misidentification of muon neutrino
events, making it more important to filter out muon neutrino events from the electron neutrino sample
than electron neutrinos from the muon neutrino sample. Thus, this work follows the example of
the CDR [4] and [10] and uses a false positive rate (FPR) of 0.1 % for (muons neutrinos identified
as) electron neutrinos and 1 % for (electron neutrinos identified as) muon neutrinos as the target
parameter when optimizing the selection criteria. Consequently, the best performing classifier will
be the one that provides the highest true positive rates (TPRs) when enforcing an FPR of 0.1 % for
electron neutrinos and 1 % for muon neutrinos.

The TPR is the same as the efficiency, while the FPR is the probability of labelling an event of the
background flavour as signal, quantified e.g. for electron neutrinos, as the number of muon neutrino
events identified as electron neutrino events relative to the total number of muon neutrinos events,
and is thus independent of the ratio between the number of events of each flavour. Purity could also
be used for this study, as a pure electron neutrino sample is the key objective, but since we exactly
want to measure the beam composition because it is not known precisely and it is not reflected in
the simulations, the TPR and FPR are better suited. For illustration, assuming TPR𝜈𝑒 = 90 % (and
a beam composition of 𝑓𝜈𝜇 = 98 % and 𝑓𝜈𝑒 = 2 %), the target FPR𝜈𝜇 = 0.1 % will yield an electron
neutrino sample of 95 % purity, demonstrated in Equation 2.4. Extended definitions of true and
false positive and negative and their dependence on the signal flavour for flavour classification are
illustrated in the confusion matrices in table 3.

n𝜈𝜇 = 𝑓𝜈𝜇 · FPR𝜈𝜇 = 98 % · 0.1 % = 0.098 % n𝜈𝑒 = 𝑓𝜈𝑒 · TPR𝜈𝑒 = 2 % · 90 % = 1.8 % (2.3)

purity𝜈𝑒 =
n𝜈𝑒

n𝜈𝑒 + n𝜈𝜇
=

1.8 %
1.8 % + 0.098 %

= 95 % (2.4)

3 Results

3.1 Charged lepton events

For charged lepton event simulations, the likelihood-based cuts described in 2.2.2 were applied to the
data set to have a baseline case to compare both with the CDR results and subsequent studies in this
paper. The resulting sample should have a large fraction of unambiguous events that can be easily
classified by both reconstruction methods. In the case where this study proves successful and the
GNN-based method can fully replace the fiTQun-based method, the scenario covered in this section

– 8 –
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Figure 6. Model score distributions for the GNN (left) and fiTQun-based (right) lepton flavour classification
method applied to the charged lepton events (with likelihood-based cuts). The GNN has been trained on neutrino
events with electron flavour as signal, and the GNN model score is the network output. The fiTQun-based model
score is calculated as described in 2.2.1. Dashed lines represent thresholds corresponding to target FPRs, and
the resulting TPR is shown.

(and other sections where the cuts are employed) will not be possible, as we will not have access to the
reconstructed variables for the cuts. These conditions serve to investigate and compare the performance
of the two models under different conditions, and of the importance of the cuts themselves.

The model score distribution of the charged lepton event classification is shown in figure 6 for
the GNN (left) and the fiTQun-based method (right). Vertical dashed lines indicate the threshold
below (above) which events should be rejected to obtain the FPR rate described in section 2.2.5
for electrons (muons), and the resulting TPR rates are shown. Both the fiTQun-based and GNN
classification methods produce acceptable results on par with the performance described in the CDR,
with the fiTQun-based method having slightly better performance, yielding TPRs of 99.10 % and
94.12 % for the chosen FPR rates for muons and electrons, respectively, against the 98.77 % and
78.18 % TPRs of the GraphNeT-based method. This is to be expected, since this is the type of events
the likelihood-based method is optimized for.

Figure 7 shows Receiver Operating Characteristic (ROC) curves for both reconstruction method.
ROC curves are obtained by varying the model score threshold and plotting the obtained FPR (x-axis)
and TPR (y-axis) and thus illustrate the trade-off between the FPR and TPR for a binary classification
model. The shape of the ROC curve with the electron flavour as signal (figure 7, left) indicates that for
looser constraints on FPR (> 5 · 10−4) the fiTQun-based method yields greater TPRs than the GNN,
while for lower on FPRs, the GNN starts to outperform the fiTQun-based method. For muons (figure 7,
right) the performance of the two methods is similar above FPR = 10−2, while for lower target rates,
the GNN has superior performance. Figure 7 also shows the calculated area under the ROC curves
(AUC). The AUC describes a classification method’s ability to yield a high TPR at the full FPR range,
with a perfect ROC curve being a 90◦ angle (or a horizontal line when the FPR-axis is logarithmic)
with AUC = 1. The AUC is useful as a single statistic to compare the performance of reconstruction
methods, but for more rigorous testing one should focus on the specific FPR requirements.
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Figure 7. ROC curves for the GNN and fiTQun-based lepton flavour classification methods applied to the
charged lepton events (with likelihood-based cuts) with electrons as signal (left) and muons as signal (right).

Figure 8. Confusion matrices for GNN and fiTQun-based lepton flavour classification methods applied to the
charged lepton events (with likelihood-based cuts) with electrons as signal (a and b) and muons as signal (c and d).

To further illustrate the result of imposing the thresholds obtained in figure 6, confusion matrices
for classification using these thresholds are shown in figure 8 for both models. Here it is also clear that
large fractions of the target flavour can be accepted using both models, although more electrons are
lost when using the GNN-based method (5239 events, 21.8 %) than with the fiTQun-based method
(1412 events, 5.9 %), corresponding to the TPR rates obtained in figure 6.

3.2 Charged current neutrino events

3.2.1 With likelihood-based cuts

In this section the performance of the GNN and fiTQun-based classification methods applied to full
neutrino interaction event simulations with the likelihood-based cuts described in 2.2.2 applied is shown,
in order to illustrate how each method performs on neutrino simulations under optimal conditions.

The model score for the neutrino event classification distributed by true (simulated) neutrino
energy is shown in figure 9 for the GNN (left) and the fiTQun-based method (right). The GNN-based
classification yields TPRs of 96.98 % and 69.65 % for muon and electron neutrinos respectively, when
applying the same restrictions on FPR, which is comparable to the performance of the reconstruction
described in the CDR [4]. The likelihood-based classification yields a similar TPR of 92.86 % for
muon neutrinos, but a significantly lower TPR of 0.53 % for electron neutrinos. Although the two
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Figure 9. Model score distributed by true (simulated) neutrino energy for the GNN (left) and fiTQun-based
(right) neutrino flavour classification methods applied to CC neutrino events with likelihood-based cuts applied.
The GNN has been trained with electron flavour as signal, and the GNN model score is the network output. The
fiTQun-based model score is calculated as described in 2.2.1. Dashed lines represent thresholds corresponding
to target FPRs, and the resulting TPR is shown.

Figure 10. ROC curves for the GNN and fiTQun-based neutrino flavour classification methods applied to CC
neutrino events with likelihood-based cuts applied with electron neutrinos as signal (left) and muon neutrinos as
signal (right). Similarly to the previous data sets, the ROC curves become jagged in the low FPR region, due to
low statistics, but notably the ROC curve for the GNN on 𝜈𝜇 becomes flat at around 0.01 % FPR, indicating the
about 25 % of the muon neutrinos receive such a high model score that all the electron neutrinos can be filtered
out without losing this fraction of muon neutrinos.

groups seem well separated by the likelihood-based method with no clear structure to the misidentified
events, the 0.1 % FPR for electron neutrinos is too tight to produce a useful TPR.

Figure 10 shows ROC curves for both reconstruction methods, confirming that the GNN
consistently outperforms the fiTQun-based method for all relevant FPR rates, and that the performance
difference is the greatest for lower (10−2–10−4) FPR ranges of electron neutrino events. This suggests
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Figure 11. Confusion matrices for GNN and fiTQun-based neutrino flavour classification methods applied to
CC neutrino events with likelihood-based cuts applied with electron neutrinos as signal (a and b) and muon
neutrinos as signal (c and d).

that there is a large group of muon neutrino events that are falsely identified as electron neutrinos by
fiTQun, but that the GNN can correctly identify. We return to this point in section 3.2.3. Figure 11
shows confusion matrices for the two classification methods using the thresholds obtained in figure 9,
showing that for the GNN-based classification with muon neutrinos as signal (c), most of the signal is
kept (126,715 events, 85.9 %). For the GNN-based method with electron neutrino signal (a) and the
fiTQun-based method with muon neutrino signal (d) roughly half of the signal is lost, while for the
fiTQun-based classification with electron neutrinos as signal, almost all the signal is lost in order to
reject the background sufficiently. While this indicates that the fiTQun based mode fails to separate
the two classes, the ROC curves in figure 10 and the distribution in figure 9 show that decreasing the
constrains on electron neutrino FPR would allow most of the events to be kept.

3.2.2 Without likelihood-based cuts

In the following, the likelihood-based cuts described in 2.2.2 were disregarded to investigate if the
GNNs can be applied to the data without these cuts, which as argued before is important if the GNNs
are to be used to optimise the detector geometry. The model score distributions of the neutrino event
classification is shown in figure 12 for the GNN (left) and the fiTQun-based method (right). For this
sample, the performance of both methods is similar to the performance with the likelihood-based
cuts applied, though it is worse in all cases. The GNN classification yields TPRs of 85.87 % and
57.90 % for muon and electron neutrinos respectively, and the likelihood-based classification yields
lower TPRs of 35.55 % and 0.21 % for muon and electron neutrinos respectively.

The model score distributed by true (simulated) neutrino energy shown in figures 13 for the GNN
(left) and the fiTQun-based method (right), shows a clear band of muon neutrinos in the lowest energy
range, that overlaps completely with the electron neutrinos, making it hard to exclude them without
losing the majority of electron neutrinos. Since muons produced in interactions in this range will have
low enough energy that the dominant part of their event signature will be from the electrons produced
from their decay, such a band is expected. While the GNN performance also appears to be worst in
the low energy range, such a band is not present. Instead, many of the ambiguous events obtain a
model score of about 0.4, leading to them being excluded when applying the restrictions on FPR. This
indicates that the GNN, from being exposed to enough of these events during training, can learn to
identify them as ambiguous and assign them a model score that represents this.

Figure 14 shows ROC curves for both methods, confirming again that the GNN consistently
outperforms the fiTQun-based method, and that while the difference in performance is still greatest for
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Figure 12. Model score distributions for the GNN (left) and fiTQun-based (right) neutrino flavour classification
methods applied to CC neutrino events without likelihood-based cuts applied. The GNN has been trained with
electron flavour as signal, and the GNN model score is the network output. The fiTQun-based model score
is calculated as described in 2.2.1. Dashed lines represent thresholds corresponding to target FPRs, and the
resulting TPR is shown.

Figure 13. Model score distributed by true (simulated) neutrino energy for the GNN (left) and fiTQun-based
(right) neutrino flavour classification methods applied to CC neutrino events without likelihood-based cuts
applied. The GNN has been trained with electron flavour as signal, and the GNN model score is the network
output. The fiTQun-based model score is calculated as described in 2.2.1. Dashed lines represent thresholds
corresponding to target FPRs, and the resulting TPR is shown.

lower FPR electron neutrino events, the performance difference for muon neutrino events is greater than
with the likelihood-based cuts applied. Figure 15 shows confusion matrices for the two classification
methods using the thresholds obtained in figure 12, showing that for the GNN-based classification with
muon neutrinos as signal (c), most of the signal is kept (126,715 events, 85.9 %). For the GNN-based
method with electron neutrino signal (a) and the fiTQun-based method with muon neutrino signal (d)
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Figure 14. ROC curves for the GNN and fiTQun-based neutrino flavour classification methods applied to CC
neutrino events without likelihood-based cuts applied with electron neutrinos as signal (left) and muon neutrinos
as signal (right).

Figure 15. Confusion matrices for GNN and fiTQun-based neutrino flavour classification methods applied to
CC neutrino events without likelihood-based cuts applied with electron neutrinos as signal (a and b) and muon
neutrinos as signal (c and d).

roughly half of the signal is lost, while for the fiTQun-based classification with electron neutrinos
as signal, almost all the signal is lost in order to reject the background sufficiently.

In table 4 is shown the number of events of each flavour that are classified as either 𝜈𝑒 or 𝜈𝜇 by
both methods, the GNN-based but not the fiTQun-based method, or the fiTQun-based but not the
fiTQun-based method using the thresholds from figure 13. Confirming the previous findings, a large
number of muon neutrinos are correctly identified by both methods, while the false positives are low due
to the chosen thresholds. Additionally, the GNN-based method is able to correctly classify significant
samples of electron neutrinos and muon neutrinos that are not accepted using the fiTQun-based method.

3.2.3 Performance comparison

Many factors impact the performance of the reconstruction methods applied to the complex neutrino
interaction events. In the following, a few examples of events where the two methods have similar
or dissimilar performance are inspected. While the examples do not exhaust all the relevant event
topologies, they can provide valuable insight about features to consider when designing the ESS𝜈SB
reconstruction pipeline. Figure 16 shows event displays in 3D (top) and 2D (bottom) of selected
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Table 4. Overview of the number of CC neutrino events without likelihood-based cuts of each flavour (𝜈𝑒 and
𝜈𝜇) that are classified as either 𝜈𝑒 or 𝜈𝜇 by both methods, the GNN-based but not the fiTQun-based method, or
the fiTQun-based but not the fiTQun-based method, when using the thresholds obtained in figure 13.

GNN & fiTQun GNN & NOT fiTQun fiTQun & NOT GNN

Tr
ue
𝜈
𝑒 𝜈𝑒 ID (TP) 191 85,372 126

𝜈𝜇 ID (FP) 102 1,375 1,375

Tr
ue
𝜈
𝜇 𝜈𝜇 ID (TP) 50,766 75,949 1,695

𝜈𝑒 ID (FP) 0 147 147

Figure 16. 3D (top) and 2D (bottom) event displays of events with different combinations of Confidence-
Correctness Scores for each neutrino flavour classification method as explained in the text. The event displays
show PMT signals distributed by the spatial (x, y, z) position of the PMT, with the colour indicating the arrival
time of the signal.

neutrino events, created to investigate the difference in performance on neutrino data between the two
methods. The events were selected by the difference between the model score and the truth label (0
for 𝜈𝜇, 1 for 𝜈𝑒), here denoted the Confidence-Correctness Score (CCS), for each method. The CCS,
illustrated in Equation 3.1, is a measure of how “mistaken” the classification method is for a given
event, regardless of the flavour of the event. A CCS of ≈ 0 (a correctly confident classification) can
either be a 𝜈𝜇 event (0) with a model score of ≈ 0, or a 𝜈𝑒 event (1) with a model score of ≈ 1. In
contrast, a CCS of ≈ 1 signifies a confidently incorrect prediction, and arises from a model score
of ≈ 0 for a 𝜈𝑒 event (1) or vice versa. In the following, the events where selected to have different
combinations of CCS’s for the two reconstruction methods.3

CCS = |truth − prediction| (3.1)

3Combinations of: low-low, low-high, high-low, high-high, where a low score (CCS < 0.1) indicates a correct prediction
with high confidence, and a high score (CCS > 0.9) indicates an incorrect prediction with high confidence. The value 0.1
was chosen to accept most of the unambiguous events and the value 0.9 = 1 − 0.1 is derived from that.
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The first event from the left (figure 16, a1 and a2) shows an event where both methods predict
correctly with great confidence. This event has many detector hits, providing lots of information to
the reconstruction algorithms, as well as a clear ring structure. The second event (figure 16, b1 and
b2), where the GNN-based method predicts correctly and the fiTQun-based method incorrectly, is of
particular interest, as both the 2D and 3D event displays show two distinct Cherenkov Rings with a
significant time delay, most likely from a event where a muon neutrino produces a muon that decays
and produces an electron. This indicates that the GNN has learned to identify these more complex
events out of the box, even for cases where it is difficult for fiTQun, a finding that is consistent when
looking at figure 25 of appendix A, which shows several event displays of similar CCS combination,
many of which exhibit double rings. The third event (figure 16, c1 and c2) where the fiTQun-based
method predicts correctly with great confidence, and the GNN predicts incorrectly, has few detector
hits, but a clear ring structure. This can be interpreted as the event not having enough data points
for the GNN - which as an ML model needs more information to function optimally - to identify
the pattern, but ring-like enough for the fiTQun-based method - which as an LLH-based method
does not necessarily have the same limitations - to converge. The final event (figure 16, d1 and d2)
has an average amount of detector hits, and a clear ring shape, and should be easily interpretable by
both methods. It is not clear why both methods have poor performance on such an event, and future
studies should look into this behaviour. Since the main focus of this section is on the events where
the methods differ in performance, it is not investigated further here.

3.2.4 Pion production

Another factor that blurs the picture of neutrino interactions in the ESS𝜈SB detector is the production
of pions. Pions are a common product of weak neutrino-nucleus interactions, created both in resonance
production processes and coherent scattering. Both CC and NC coherent scattering can produce
pions, with CC processing being the dominant contributor. The pion production can interfere with
measurements, both because they can create a signature that looks like Cherenkov radiation from a
charged lepton, and because their energy will be missing from the charged lepton energy reconstruction
and consequently from the neutrino energy estimation [29, 30].

Both events with and without pion production are present in the neutrino event dataset, and
from the simulation output, the number of pions created can be obtained. Figure 17 shows the ROC
curves for the GNN and fiTQun-based methods applied to the neutrino events (in this case with the
likelihood-based cuts, to better visualise the differences in performance between the two methods), but
separated into events where pions are produced in the final state (which make up ∼ 10 % of the events)
and events where no pions are produced. It is clear, that both methods are able to classify events with
no pion production, whereas for the event with pion production, the fiTQun-based method performs
significantly worse than the GNN for both electron and muon neutrinos. This is also demonstrated in
figure 18 which show histograms of the model scores for the GNN (left) and fiTQun-based (right)
classification methods. For the GNN, there is still a good separation of the events with pions, but the
number of events receiving a score near 0 or near 1 is lower, while the number of events receiving
scores in the rest of the spectrum is higher, signifying that the events are harder to classify. For the
fiTQun-based method, the distribution of 𝜈𝑒 events is unchanged, but the distribution of 𝜈𝜇 events
are shifted to the right (higher model scores), resulting in a large overlap of 𝜈𝑒 and 𝜈𝜇 events. This
indicates, that one might want to start by using classification model (like another GNN) to separate
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Figure 17. ROC curves for the GNN and fiTQun-based neutrino flavour classification methods applied to CC
neutrino events (with likelihood-based cuts) with electron neutrinos as signal (left) and muon neutrinos as signal
(right) in the cases where pions and no pions are produced in the final state.

Figure 18. Model score distributions for the GNN (left) and fiTQun-based (right) neutrino flavour classification
methods applied to CC neutrino events (with likelihood-based cuts) in the cases where pions and no pions are
produced in the final state. The GNN has been trained with electron flavour as signal, and the GNN model score
is the network output. The fiTQun-based model score is calculated as described in 2.2.1.

events into classes with or without pions before running the reconstruction, in order to treat the two
cases separately. We will test this idea in the next subsection.

3.2.5 Pion classifier

Following the results in section 3.2.4, a GNN classification model was trained on the CC (CC) neutrino
interaction data set to distinguish between events with and without pion production. The model target
variable was chosen to be a boolean that had the value true (1) for events where any number of pions
were created in the interaction, and false (0) for events where no pions where produced. Neutrino
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Figure 19. Model score distribution (left) and ROC curve (right) for the GNN pion production classification
methods applied to CC neutrino events. The GNN has been trained with one or more pions in the final state as
signal, and the GNN model score is the network output. The fiTQun-based model score is calculated similarly
to the calculation described in 2.2.1. Dashed lines on the left represent cuts corresponding to chosen FPRs, and
the resulting TPR is shown.

flavour was not taken into account for this model, and the likelihood-based cuts were not applied, as the
goal was to obtain the most general model possible to separate all types of events by pion production.
The model score distribution and the ROC curve for the resulting model, are shown in figure 19 on the
left and right side, respectively. Together, the figures show that while the model can classify most
events correctly, it is harder for the model to confidently identify events without pion production than
it is for events with pion production. This can be seen from the model score distribution on the left, as
almost all the events with pion production are assigned a model score close to 1, whereas the events
without pion production receive a wide range of model scores. Consequently, for a FPR requirement
of 1.00 %, the model can retain 47.4 % of the sample of events with pions. For events without pion
production, the majority of the sample is lost when enforcing an FPR of 1.00 %. Instead, figure 19
shows the result of raising the requirement to 5.00 % FPR, which produces allow a TPR of 32.5 %.
The impact of using this classifier will be investigated in the following section.

3.2.6 Flavour classification performance split by the pion model

With the pion classifier described in the previous section completed, the next objective was to study
how the reconstruction for both the GNN and the fiTQun-based method was impacted by filtering
the data with this classifier. For this, both the GNN and fiTQun-based flavour classification methods
were applied to the neutrino events (in this case with the likelihood-based cuts, to better visualise
the differences in performance between the two methods), but separated by the pion production
classification model described in section 3.2.5, using the thresholds shown on the left of figure 19,
to obtain reasonably pure samples of events with and without pion production. Figure 20 shows the
ROC curves for two models and the two data samples, which are almost identical to the ones shown
in figure 17, showing that both methods perform very well on the events without pion production,
and that the GNN has significantly better performance on the events with pion production than the
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Figure 20. ROC curves for the GNN and fiTQun-based neutrino flavour classification methods applied to CC
neutrino events (with likelihood-based cuts) with electron neutrinos as signal (left) and muon neutrinos as signal
(right) separated by events with and without pion production using the pion production classification model.

Figure 21. Model score distributions for the for the GNN (left) and fiTQun-based (right) neutrino flavour
classification method applied to CC neutrino events (with likelihood-based cuts) separated by events with and
without pion production using the pion production classification model. The GNN has been trained with electron
flavour as signal, and the GNN model score is the network output. The fiTQun-based model score is calculated
as described in 2.2.1.

fiTQun-based method. This is confirmed when looking at figures 21 which shows the model score
distributions for the GNN (left) and the fiTQun-based method (right). For the GNN, while the overlap
is greater for the events with pion production than for the events without, there is still a significant
separation for both samples. For the fiTQun-based method, the separation of events without pions
is very clear, whereas there is a large overlap between the two flavours for the events with pion
production. This indicates that the pion production classifier is working as intended, separating events
into categories with different reconstruction difficulty.
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Figure 22. ROC curves for the GNN and fiTQun-based neutrino flavour classification methods applied to CC
and NC neutrino events with electron neutrinos as signal (left) and muon neutrinos as signal (right) separated by
interaction type.

3.3 Neutral current neutrino events

For the next section, the neutrino interaction dataset with both CC and NC events is used without
any likelihood-based cuts. This includes 400.000 simulated NC events in addition to the CC events
introduced in table 2 and used in the previous sections. A GNN neutrino flavour classification
model was trained on 100.000 events with equal representation of interaction types, flavours and
neutrinos/antineutrinos, and tested on the remaining events. Figure 22 shows the ROC curves for
this GNN and the fiTQun-based method. The data for the ROC curves is split by CC and NC
interactions, and figure 22 shows clearly, that for the NC dataset both methods have poor performance
comparable to a random selection. This is also demonstrated in figures 23 which shows histograms of
the model scores for the GNN (left) and fiTQun-based (right) classification methods, with the same
data separation. For both methods there is a complete overlap in model scores for the NC events.
An interesting observation is that the GNN scores almost all NC events close to 0.5, indicating that
the model is unable to learn patterns that separate the events. As the NC events contain no primary
charged lepton product, their topology is dependent only on the kinematics of the event and not the
flavour of the incoming neutrino. which explains why both methods fail to identify the flavour of these
events. Without a reliable way to classify these events by flavour, the development of a method for
filtering out the NC events and only analyse the CC events could be beneficial.

3.3.1 Separation of CC and NC events

In an effort to meet the needs described earlier in this section, a GNN model for classifying events
according to the interaction type was trained on the neutrino interaction data set with both interaction
types represented, and the results are shown in figure 24. As this is not a feature of the fiTQun-based
method, no comparison is shown. The ROC curve in the right plot of figure 24 shows promising
performance, as 99 % of NC events can be discarded while keeping a little less than half of the CC
events. The histogram on the left of figure 24 shows a greater spread of the model score for the
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Figure 23. Model score distribution for the GNN (left) and fiTQun-based (right) neutrino flavour classification
method applied to CC and NC neutrino events separated by interaction type. The GNN has been trained with
electron flavour as signal, and the GNN model score is the network output. The fiTQun-based model score is
calculated as described in 2.2.1.

Figure 24. Model score distribution (left) and ROC curve (right) for the GNN interaction type classification
method applied to CC and NC neutrino events. The GNN has been trained with charged current interaction
as signal, and the GNN model score is the network output. The fiTQun-based model score is calculated as
described in 2.2.1.

NC events, as well as a portion of CC events being wrongly identified. But if the only goal is a
pure sample of CC events, this is irrelevant.

3.4 Reconstruction speed

Recorded training and reconstruction times for the GNN are shown in table 5 and compared to the
average event reconstruction time of the fiTQun framework. The benchmarking was done using
the full neutrino data set of 800,000 events.
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Table 5. Comparison of reconstruction speeds of the fiTQun-based and GNN classification methods, with and
without training of the GNN.

Data extraction 10−4 mins/event
Training 10−3 mins/event
Reconstruction 10−4 mins/event
fiTQun Reconstruction 1 min/event
Improvement 103 (w/ training) / 104 (w/o training)

Using the GraphNeT framework involves some overhead when converting data to one of the
database formats, for which the framework is optimised. But the majority of the time consumption
lies in the training step. Including model training, the total reconstruction is faster than the fiTQun
reconstruction by a factor of 103. This trend would only improve with more events, since one only
needs to train on a subset of the events, the size of which can be kept constant.

In a scenario where one could use an already trained model to reconstruct events (for instance
if one makes new simulations with only minor changes to the detector layout), the reconstruction
speed improvement can reach a factor of 104.

The GNN training and inference is performed on a GPU, with a CPU handling the data loading
and graph building. The fiTQun-based reconstruction is run on a CPU. A GPU version of fiTQun has
been in development, but was not available at the time of this study [31]. Due to the simplicity of the
operations involved in ML inference, running the GNN on a GPU takes advantage of the parallelisation
the GPU offers. Thus, a direct speed comparison is hard to perform, but even considering differences
in hardware, a speed-up of 103 is a significant gain.

4 Conclusion

In this work we propose a new classification method for the ESS𝜈SB based on GNNs and the GraphNeT
framework [20]. We demonstrate that the GNN-based method has comparable performance to the
fiTQun method on simulated charged lepton events with likelihood-based cuts applied to reject difficult
events, and that the GNN performance surpassed that of fiTQun for simulated CC neutrino events
both with and without the aforementioned cuts.

We also present results that indicate that the GNN-based method is able to accurately reconstruct
more events with two Cherenkov rings (from muons decaying to electrons), and demonstrate how
GNNs can be trained to separate CC and NC events as well as events with and without pion production,
and how this is beneficial, as the event types differ in reconstruction performance.

The reconstruction carried out using the GNN method is demonstrated to have a factor of 104

increase in performance speed from the fiTQun method. This will be very beneficial to the ESS𝜈SB
experiment, providing great flexibility in the detector design phase.
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A Events displays of events with superior GNN Performance

Figure 25. Events displays of randomly selected CC interaction neutrino events for which the GNN flavour
classification method predicts correctly with great confidence, while the fiTQun-based method predicts
incorrectly with great confidence. Several of the event displays show multiple rings of Cherenkov light,
indicating that the GNN has the ability to accurately classify low energy muon neutrino events.
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