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Deep learning framework for enhanced neutrino reconstruction of
single-line events in the ANTARES telescope
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Abstract

We present the N-fit algorithm designed to improve the reconstruction of neutrino events detected
by a single line of the ANTARES underwater telescope, usually associated with low energy neut-
rino events (~100 GeV). N-Fit is a neural network model that relies on deep learning and com-
bines several advanced techniques in machine learning—deep convolutional layers, mixture dens-
ity output layers, and transfer learning (TL). This framework divides the reconstruction process
into two dedicated branches for each neutrino event topology—tracks and showers—composed of
sub-models for spatial estimation—direction and position—and energy inference, which later on
are combined for event classification. Regarding the direction of single-line (SL) events, the N-Fit
algorithm significantly refines the estimation of the zenithal angle, and delivers reliable azimuthal
angle predictions that were previously unattainable with traditional y-fit methods. Improving on
energy estimation of SL events is a tall order; N-Fit benefits from TL to efficiently integrate key
characteristics, such as the estimation of the closest distance from the event to the detector. N-

Fit also takes advantage from TL in event topology classification by freezing convolutional layers
of the pretrained branches. Tests on Monte Carlo simulations and data demonstrate a significant
reduction in mean and median absolute errors across all reconstructed parameters. The improve-
ments achieved by N-Fit highlight its potential for advancing multimessenger astrophysics and
enhancing our ability to probe fundamental physics beyond the Standard Model using SL events
from ANTARES data.

1. Introduction

Neutrino telescopes, such as the ANTARES deep-sea detector [1], are pivotal in advancing our under-
standing of high-energy astrophysical neutrinos, offering insights into cosmic sources and fundamental
physics beyond the Standard Model. Accurate reconstruction of neutrino-induced events is essential for
extracting meaningful physical information from the collected data. Hence, the inherent complexity of
neutrino interactions, coupled with challenges posed by high-dimensional, limited information and cor-
related detector signals, can benefit from the development of advanced reconstruction techniques that
surpass traditional methods. In recent years, machine learning (ML), particularly deep learning (DL), has
emerged as a transformative tool in particle physics and astrophysics. The capacity of these techniques
to process large volumes of data and extract intricate patterns has proven invaluable in neutrino exper-
iments. For instance, the NOVA experiment implemented convolutional neural networks (CNNs) for
event classification, achieving substantial improvements in neutrino identification accuracy [2]. Similarly,
the IceCube and KM3NeT neutrino telescopes applied DL methods to enhance the reconstruction of
neutrino direction and energy, resulting in improved angular resolution and energy precision [3-5].

The integration of ML into neutrino physics is part of a broader trend where Artificial Intelligence
(AI) accelerates scientific discovery across various domains. Notably, Al models based on artificial neural
networks leveraging DL have been applied to physical systems reaching remarkable accuracy, enabling
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advancements in fields such as weather forecasting and climate modeling [6]. In fundamental physics,
ML has been instrumental in detecting rare events, such as observations of the Higgs boson using boos-
ted decision trees [7], and assessing potential cosmic phenomena, thereby expanding our understanding
of the Universe [8]. Conventional reconstruction algorithms used by the ANTARES experiment primarily
rely on traditional techniques, such as x? regression [9, 10] and maximum likelihood approaches [11,
12]. While effective for certain event types, these methods exhibit limitations in capturing the full com-
plexity of event signatures, particularly in single-line (SL) events, i.e. events reconstructed with data from
only one detection line (see section 2). In such cases, reconstructing the azimuthal angle has remained

a significant challenge, limiting the precision of directional and energy estimations. To address these
issues, we introduce a novel DL-based reconstruction model, N-Fit, designed to enhance the accuracy
and robustness of neutrino event reconstruction for this type of events.

N-Fit integrates multiple advanced neural network architectures, including deep convolutional net-
works (DCN) [13], mixture density networks [14], and transfer learning (TL) strategies [15], to effect-
ively process detector data. This modular framework decomposes the reconstruction task into dedic-
ated branches for each neutrino event topology—tracks and showers—with their own networks for dir-
ectional estimation and energy inference. Both branches are ultimately combined for event classifica-
tion through TL, ensuring a comprehensive characterization of neutrino interactions. The results of our
study, using supervised training through Monte Carlo (MC) simulations and validated by both simu-
lations and real data, demonstrate a significant improvement in reconstruction accuracy compared to
conventional methods. These advancements underscore the potential of DL methodologies in multimes-
senger astrophysics, offering new opportunities to explore the high-energy neutrino sky and investigate
phenomena beyond the standard model.

Remarkably, N-fit surpasses the SL direction reconstruction over x2-fit in two main aspects; first,
by significantly improving zenithal angle estimates; and second, by reporting azimuthal angle estimates,
which were impossible to disentangle in x*-fit when all the hits are coplanar. In addition, N-fit benefit-
ted from knowledge in pre-trained direction reconstruction through direct and indirect TL, leveraging
improvements beyond direction reconstruction. In the next sections, we first describe the ANTARES
detector and the characteristics of the dataset used in the study (section 2), then fully describe N-fit
components in detail (section 3) and its application in ANTARES (section 4). After that, we compare
its performance with respect to the standard reference for low-energy SL events in ANTARES (section 5),
and illustrate the use of N-fit in physics analyses (section 6).

2. ANTARES dataset

ANTARES, located 40 km offshore from Toulon at 2475 m depth, was the first undersea neutrino
telescope [1]. It was completed on 29 May, 2008, becoming the largest neutrino telescope in the sea
until February 2022, when it was decommissioned and KM3NeT took over. Results obtained by the
ANTARES detector are summarized in [16]. ANTARES was made of 12 flexible vertical lines anchored
to the seabed. Each line had 25 storeys with a vertical distance of 14.5 m. In each storey there were 3
optical modules (OMs) —consisting of a glass sphere containing a large photomultiplier (PMT)- separ-
ated 120° in the horizontal plane and looking downwards at 45°. The storey also contained a titanium
cylinder for the electronics and other devices needed for the operation of the telescope, such as position-
ing and timing calibration systems and connections.

The data acquisition in ANTARES followed an all-data-to-shore philosophy. This means that every
PMT signal surpassing a predefined voltage threshold is digitized by an analogue ring sampler (ARS)
chip offshore and sent to the shore station where they are filtered, recording an event if certain triggers
were fulfilled. A run was defined as a time period in which the telescope took data with a given con-
figuration, typically covering a few hours. The information for each event included the run number,
the position of OMs, their direction, the environmental conditions and the information of the PMTs
in terms of hits, i.e. discrete signals that were triggered when the amplitude of the PMT reached the pre-
defined threshold of 0.3 photoelectrons. The hit information was basically the time, voltage amplitude,
and the OM identifier.

The information recorded in the runs is used to reconstruct the event parameters, such as the neut-
rino direction or energy. An event can be classified as a track or as a shower event, depending on the
signature left in the detector. Track-like events originate mainly from charged current (CC) interactions
of muon-(anti)neutrinos ((TC;) where a muon is produced, which crosses the detector and typically
leaves a straight line signature. Shower-like events originate from neutral current (NC) interactions (7.
and (Z)zc) and CCs of electron-(anti)neutrinos ((Z)fc). They can be seen as localized point sources of
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Figure 1. Schematic representation of the angles 6 and ¢ that define the direction of a neutrino, v, in the ANTARES coordin-
ate system.

light in the detector. Every event is reconstructed as a track and as a shower, and then selected as one or
the other for the physics analyses according to reconstruction quality criteria.

Tracks are the most used events in current physics analyses. There are two main methods developed
by the ANTARES Collaboration to reconstruct track events. The A-fit method [11, 12] is based on max-
imum likelihood estimates and it is particularly suitable for mid- and high-energy events (2 150 GeV),
whereas the y2-fit method is most efficient for lower energies (<150 GeV). The y2-fit method relies on
x* analyses [9], and it allows discrimination between neutrino events that are detected by a SL vs. detec-
tion in multiple lines (multi-line). SL events can occur due to several factors, such as the energy of the
neutrino, the distance of its interaction from the detector, or its high verticality. SL events for the cur-
rent study were selected according to Y>-fit, i.e. those events reconstructed by y2-fit with only htis from
a single line. Shower-like events were reconstructed by a different x? method presented in [10].

The ANTARES Collaboration developed MC simulations of the detector performed run-by-run,
which are particularly useful to develop and test reconstruction algorithms [17]. These simulations take
into account the telescope configuration, and the set of parameters ruling the run condition. Thus, they
are well suited for a supervised learning approach. For the development and training of the N-fit frame-
work, a representative subset of approximately 10% of the available MC runs was selected, as detailed
in section 4.2.1. We used charged and NC interactions of electron and muon neutrinos for the develop-
ment of the method. This data was subdivided in training, validation and test datasets in a 3:1:1 ratio.
After the development phase, we also used other events types, such as simulations of atmospheric muons
and random noise background events, for control analyses (see section 5.3 and appendix B).

Before proceeding with the N-fit development, we must first clarify the coordinates we use in
ANTARES. We describe the spherical coordinates (6, ¢) as the zenithal and azimuthal angles, which do
not strictly represent the same magnitudes as (Zenith, Azimuth), even though they are strongly correl-
ated. The coordinates (Zenith, Azimuth) represent the direction where the neutrino comes from in the
sky, while (6, ¢) represent the direction to where neutrino moves to (see figure 1). The transformation
between both coordinates is the following:

Zenith = 180° — 0 Azimuth = ¢ +180°. (1)

Note that the range of the Azimuth is (0°, 360°), while the range (—180°, 180°) is used for ¢.
Both of these coordinates are in the universal Transverse Mercator (UTM) system. In this system, the
X coordinate points to the UTM East, while the Y coordinate points to the UTM North, which means
that the Azimuth runs anti-clockwise.

3. Components of N-fit

The key feature for the successful performance of the N-fit algorithm is the integration of several DL
tools. In this section, we unravel the algorithm: first, we introduce the very basics of artificial neural net-
works, on which the algorithm is based; then, we describe DCNs and MDNs, which play an essential
role in N-fit’s capabilities. Lastly, we describe how we utilized different aspects of TL to enhance challen-
ging reconstruction analyses, such as energy estimation and event classification.
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Figure 2. Schematic diagram of a simple feed-forward neural network. Circles represent neurons, and arrows represent synaptic
connections. In general, more than a single output can be considered.

3.1. Basics of artificial neural networks

Neurons are the core units of neural network models. The basic neuron model in artificial neural net-
works is the perceptron [18], which is inspired by the non-linear transduction of synaptic input summa-
tion in biological neurons towards action potential firing. Mathematically, the output (y) is described as
the result of a nonlinear activation function of a weighted linear combination of synaptic inputs:

y=f > wi-xi+b|=f(-%+b), (2)

where X, w, and b represent inputs, weights, and the neuron bias, respectively. Even though this repres-
ents a strong oversimplification of the nonlinear dynamics of biological neurons in the brain, such a
computation is capable of mapping arbitrary input-output functions efficiently if multiple perceptrons
are present in layers, creating a feed-forward network (figure 2). In N-fit, the rectified linear unit [19]
—defined as ReLU(x) = max{0,x}— is used as the activation function of neurons in the hidden layers.

Each layer in the network model processes a level of internal representation that transmits informa-
tion from one layer to the next. One of the main characteristics of deep vs. shallow learning is precisely
its power of abstraction, which is achieved by significantly increasing the number of layers. Data fixes
the number of neurons in the input, whereas the number of outputs is concomitant to the question that
the model is designed to address. In contrast, the number of hidden layers and the number of neurons
in them can vary. These are examples of hyper-parameters that need to be explored while testing the
network performance. Similarly, the learning process is also sensitive to the network initialization [20].
We initialized weights and biases randomly following [21] for all the feed-forward layers in the N-fit
algorithm.

During training in supervised ML, the loss function computes the error committed between the
network output and the desired output in data batches (of 64 events in N-fit). Weights and biases are
updated following error backpropagation, which uses gradient descent to propagate the output loss back-
wards through the network from the output layer, through the hidden layers, to the input layer. While
there are several optimization algorithms based on error backpropagation [22], N-fit uses the Adam
algorithm [23] because it dynamically self-regulates the learning rate, which controls the pace at which
learnable parameters in the network adapt. The learning rate was initialized at 0.001 in every N-fit train-
ing process.

Typically, the learning procedure iterates over multiple epochs until a predetermined number of
cycles is completed, where an epoch constitutes one complete pass of the entire training dataset through
the neural network. However, an optimization strategy called Early Stopping enables premature termin-
ation of training before reaching this preset epoch threshold in order to diminish the risk of over-fitting
[24]. This method monitors the loss of the validation dataset after each epoch and halts the process
when two conditions are met: the validation loss reaches a minimum value, and a specified number of
subsequent epochs (termed the patience parameter) elapse without further reduction in validation loss.
Upon stopping, the algorithm automatically restores the model parameters corresponding to the optimal
validation performance observed during training. We set the maximum number of epochs to 150 and
the patience to 10 epochs.

Another technique employed in order to avoid overfitting is called DropOut [25]. It consists of ran-
domly switching off a preset percentage of random neurons within a layer so that the active neurons
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vary in each batch. In this way, DropOut prevents the neurons from becoming too specialized. In the
N-fit algorithm, 20% of the neurons from the convolutional block outputs were randomly dropped
(i.e. their activation was set to 0) before feeding the first feed-forward layer.

3.2. Deep convolutional networks

CNNss are a class of neural network models designed for processing structured grid data, such as images
and image-like tensors [13]. Inspired by the human visual system, they are built to recognize patterns
and spatial hierarchies efficiently. Unlike traditional fully connected neural networks such as feed-
forward ones, which treat every input as independent, CNNs leverage local connectivity, weight shar-
ing, and hierarchical feature extraction to reduce the computational complexity while enhancing learning
efficiency. At the heart of a CNN are convolutional layers, which are composed of small, trainable filters
that slide over the input image to extract meaningful patterns. These filters evolve over time through
training, adapting to detect increasingly sophisticated features in deeper layers. Initially, filters may
identify simple edges or gradients, but as they propagate through deeper layers, they start recognizing
textures and shapes. The weight updates are governed by backpropagation and gradient descent, ensuring
that the filters become more attuned to distinguishing relevant features from noise. After convolutional
operations, the activation function introduces non-linearity to the network. In N-fit convolutional lay-
ers, ReLU is used, as well as in the fully connected layers. Without the activation function, CNNs would
merely perform linear transformations, limiting their ability to capture complex representations.

Pooling layers follow the convolutional layers to refine the feature maps by reducing their spatial
dimensions. These layers do not have trainable weights but instead apply fixed operations such as max
pooling or average pooling. We used max pooling, the most common method, that retains the most
prominent feature in a given region, preserving the strongest activations while discarding less relevant
information. This downsampling process helps mitigate overfitting by reducing the number of para-
meters, thereby improving generalization. By compressing the feature maps, pooling layers also allow
subsequent convolutional layers to focus on more abstract features without excessive computational
overhead.

DCNs, meaning Deep CNNs, are the main tools used in the development of N-fit. DCNs extend tra-
ditional CNNs by stacking multiple convolutional, activation, and pooling layers to extract increasingly
abstract and hierarchical features from input data. We processed ANTARES data generating image-like
tensors that serve as inputs (see section 4.1). Weights initialization followed [26] for every convolutional
layer in N-fit.

While basic CNNs can capture low-level patterns such as edges and textures, DCNs leverage deeper
architectures to detect complex structures, object parts and entire objects with high accuracy. As the
depth increases, feature maps transition from simple to highly abstract representations, enabling super-
ior generalization and performance in tasks like image recognition and object detection. Training DCNs
introduces challenges such as vanishing gradients and computational inefficiency. They are addressed
through techniques like batch normalization, which we considered in N-fit. By deepening the network,
DCNs significantly enhance the ability to learn intricate patterns, making them the backbone of state-
of-the-art DL applications. Lastly, the extracted features from the convolutional layers are fed into fully
connected layers, such as those in the feed-forward network explained earlier. At this stage, the network
shifts from learning spatial hierarchies to making final predictions.

3.3. MDNs

MDNs extend traditional regression neural networks by predicting complex, multimodal probability dis-
tributions instead of deterministic single-point estimates [14], making them ideal for estimating uncer-
tainty in data. A measure of uncertainty is essential for selecting the most reliable estimates in posterior
physics analyses.

The outputs of a MDN model represent the necessary parameters to create the multimodal probab-
ility density function (PDF) from Gaussian kernels. Thus, instead of the typical output y, for a single
multidimensional prediction, the outputs of the network consist of means ji;, variances ¢; and mixture
weights «; (assuming that the outputs are statistically independent):

PDF ()71,) = Zai oN(ﬁi,ai;fp) , such that Zai =1, (3)

where N(fi,o;¥,) is a multi-dimensional isotropic Gaussian function. The number of Gaussian distri-
butions (#) must be hand fixed and predicted variances must always be positive, using the appropriate
activation function —N-fit uses ELU + 1 (ELU being the Exponential Linear Unit function). Similarly, the
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mixture weights use a softmax function to ensure they add to one. The network model learns to pre-
dict the parameters of these Gaussians—means, variances, and mixture weights—using a specialized loss
function based on maximum likelihood estimation, where the network is optimized to maximize the
probability of the observed data under the predicted mixture model (4):

n - =12
" _ i
L=—1In Zilzexp _M ’ (4)
~ (21)"*5¢ 20;
1 1
where ¢ is the dimension of the output vector y;. In the development of N-fit, each reconstructed para-
meter follows a single Gaussian mode (n=1). As demonstrated by the signed error distributions in
figure 10, these errors are symmetric and centered at zero, confirming that a single-mode MDN output
effectively characterizes the reconstruction uncertainty. With ¢=1 and n= 1, the loss function is reduced
to:

L:ln(\/z?a)+ b= (5)

202

This is different from traditional loss functions like mean-squared error, as it allows the model to
learn distributions that can accommodate multiple correct answers, such as in inverse problems, rather
than forcing a single prediction. However, training MDNs can be challenging due to numerical instabil-
ity, and difficulties in optimizing multiple parameters simultaneously. These effects can be mitigated
using regularization techniques, careful initialization strategies, and robust optimization methods like
Adam’s. In addition to careful initialization and Adam’s optimization, N-fit avoided numerical instabil-
ity issues by adding a small contribution to ¢’s activation function: ELU + 1 + €. The value ¢ = 107> was
selected after a quick exploration, in which a balance was achieved between being small enough not to
alter the results, but large enough to avoid instability.

By integrating neural networks with probabilistic mixture models, MDNs bridge the gap between DL
and statistical modeling.

3.4.TL

TL refers to the technique of leveraging knowledge gained from previously trained neural network
models to improve performance on related tasks [15]. In the context of N-fit, we adopt two distinct
paradigms of TL: direct TL, based on model reuse through layer freezing, and indirect TL, relying on
knowledge distillation via dimensionality reduction.

In direct TL, convolutional blocks from pretrained models are reused as fixed feature extractors in
subsequent models. Specifically, networks trained for spatial reconstruction are repurposed for classific-
ation in N-fit between track and shower neutrino events by freezing their convolutional layers. These
frozen components are connected in parallel to a feed-forward neural network (FEN), effectively enrich-
ing the classifier input space with spatially encoded representations without requiring retraining of the
feature extractors. This strategy benefits from the spatial specialization of each pretrained model and
mitigates overfitting by reducing the number of trainable parameters for classification.

Indirect TL in N-fit is achieved through knowledge distillation [27] from pretrained networks by
extracting internal activations and transforming them into compact, informative representations using
dimensionality reduction techniques. Specifically, this is accomplished using principal component ana-
lysis (PCA), a linear dimensionality reduction technique that identifies orthogonal directions (principal
components) along which data variability is maximized [28].

PCA is applied to neuron activations from the hidden layers of the networks trained for spatial
reconstruction in N-fit, which are assumed to encode latent features relevant for energy estimation.
These activations form a high-dimensional feature space, potentially redundant or noisy. With the
PCA, we can reduce this space by projecting the original activations onto a lower-dimensional subspace
defined by the principal components. Components are ordered by their explained variance, and only
those contributing significantly to the total variance are retained. This selection ensures that the most
informative and least correlated features are preserved.

The resulting low-dimensional vectors serve as inputs to a downstream FFN tasked with energy
regression. This setup effectively transfers high-level abstract knowledge learned during direction and
distance reconstruction, enabling the energy model to exploit interdependencies among event features
not explicitly provided by the original inputs. More generally, this PCA-based approach enables a form
of model-agnostic knowledge transfer, where the distilled representations serve as a bridge between pre-
trained networks and the target model.

Specific details on how TL is applied to every reconstruction task are left to section 4.2.
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Figure 3. Example of a normalized RGB image from a track-like event >’ w )

4. Application to the ANTARES dataset

4.1. Dataset preprocessing

The first step to apply N-fit to SL neutrino events was to preprocess the available data as image-like
tensors. In this view, the ANTARES telescope is akin to a camera collecting 3D images at each time step,
having as many pixels as OMs. For SL events, we created colored 2D images, with time in one dimen-
sion (X-axis) and the storey of the line in the other (Y-axis). The time stamp of each event was relat-
ive to the reference hit of the x?-fit strategy, which is the one that occurred first in time. Next, all hits
recorded by the OMs on the line covering a time window of [—200, 600] ns relative to the reference hit
are selected. Cleaning noisy or background hits is left to the networks themselves. Colors result from
the superposition of the signals provided by the three OMs in each storey, which are evenly distrib-
uted in the horizontal plane. In each pixel of the 2D image, we inserted RGB channels to be informative
of the event reconstruction in the horizontal (XY) plane, helping to estimate the azimuthal angle (¢).
Specifically, for each OM i in a storey, we weighted its orientation angle «; in the horizontal plane by its
recorded voltage amplitude A;. The final color is obtained as the sum of these three individual contribu-
tions. Mathematically, the transformation is represented as:

i . i . : 2
3 A (1= 32553 52530) if o € [0,2]
1 Gy = . i . i : 2
(R; G;B) Zl A (0,2—2#,2#—1) if o €[, 4] (6)
i=
A,‘~(OZ,‘-%—2;O;3—O[,‘-%) if o; € [4%,6%]

From the discrete hits, we built a continuous signal representing the hit amplitudes over time by
applying a Gaussian kernel smoothing with ¢ =5 ns, and then discretized this signal at regular intervals
of 5 ns for each individual color: {R(#); G(¢); B(¢)}. Finally, we re-centred the image based on the floor
of the reference hit (a representative example is shown in figure 3).

The collected images of SL events were separated into track-like ((Z)ZC) and shower-like ((?“ ,
™) MC simulations datasets, in order to train specialized models for each type of event. Before feed-
ing images to the network, a Z-score normalization was separately applied to each set. For this, we com-
puted the mean and standard deviation of the respective train sub-sets and applied the transformation to
all sub-sets (including real data) to control for distribution shifts.

NC cc
(=)
v,

4.2. N-fit modular organization

The N-fit reconstruction strategy is subdivided into two branches specialized in each type of event:
tracks and showers. Each branch covers the different aspects that fully describe neutrino events. The
track-branch reconstructs the neutrino direction, the closest point of the secondary muon track to the
detector line and the muon energy. The shower-branch also reconstructs the direction of the neutrino,
the vertex point of the neutrino interaction and its energy. The two branches converge through TL in
the classifier that divides the events in tracks or showers. The next subsections explain the details of
these network models.

4.2.1. Direction reconstruction
Several architectures of increasing complexity were analyzed during the optimization of direction recon-
struction models for track events. In all convolutional layers, a stride of 1 and ‘same’ padding were used
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Table 1. Evolution of the MAE of the test data set along the key steps which were
followed in the development and optimization of the N-fit algorithm for the direction
reconstruction of tracks. The estimation of o was introduced in step (iii).

MAE i ii iii v v vi

0 11.2° 10.5° 10.5° 9.6° 8.4° 7.4°

o) 50.1° 49.5° 49.5° 46.2° 44.1° 41.4°
Convolution 2D + RelLU Max Pooling 2D Convolution 2D + ReLU

Input
(25,161,3)

Max Pooling 2D ‘

Filters 16, Kernel 2x10 Kernel 2x2 Filters 32, Kernel 2x10 Kernel 2x2

Convolution 2D + RelLU
Filters 128, Kernel 2x10

Max Pooling 2D
Kernel 2x2

Convolution 2D + RelLU
Filters 64, Kernel 2x10

< Dense + RelU (Scaled) tanh: p output
Size 32 ELU+1: o output
Figure 4. Details of the direction neural network architecture. Note that for the € prediction, we scaled the hyperbolic tangent

activation function for g, so that its values lay in [0, 7] radians. No scaling was necessary for the prediction of ¢ since its estima-
tion was derived from the Cartesian {X, Y} components of the unit vector.

Max Pooling 2D
Kernel 2x2

Flatten + DropOut (0.2)‘

Dense + RelU + Batch
Norm. Size 128

Dense + RelU + Batch
Norm. Size 128

Dense + RelU + Batch
Norm. Size 32

to maintain the dimensionality of the feature maps before the downsampling layers. The key steps which
were followed to measure and improve the model performance are summarized below:

i) Baseline control model: Feed-forward network of four hidden layers implemented to fully reconstruct
the Cartesian components of the direction unit vector: (X;Y;Z2).

ii) Components separation: Next, the model was divided to reconstruct Z and {X,Y} separately. The
reconstructions were sequential: first Z, then {X,Y}. We regularized the value of the components
{X,Y} to penalize deviations of (X;Y;Z) from unit vectors.

iii) MDNs and 6 representation: Point predictions were replaced by inferring probability distributions
(MDN). The change did not affect the performance but provided event uncertainty estimation,
which is of major relevance as a quality metric in posterior physics analyses. Also, the network out-
put Z was replaced by the angle 6, gaining a best estimation of the angle uncertainty, since no error
propagation was needed to infer it.

iv) Convolutional layers: A significant improvement was observed by adding two convolutional layers
before the dense network.

v) Image centering: Aligning events to a centred reference frame further enhanced performance, despite
the architecture remained unaltered.

vi) Final adjustments: The final architecture was selected through a heuristic-guided manual tuning pro-
cess. During this optimization, we explored a range of hyperparameters, including the number of
convolutional blocks (0 to 4), filter depths (16 to 128), and dense layer sizes (32 to 256 neurons). We
also experimented with various kernel shapes, ultimately selecting the 2 x 10 rectangular kernel to
better capture the spatio-temporal correlations in the SL images. The final configuration, as detailed
in figure 4, was chosen based on the saturation of performance gains (see table 1). From there on,
additional layers provided only marginal changes in performance.

The progression of the Mean Absolute Error (MAE) through these steps is presented in table 1.

The final architecture is illustrated in figure 4, which relies on rectangular 2x10 kernels. This specific
geometry is designed to capture the unique spatio-temporal signature of SL events: the 10-step temporal
width covers a 50 ns window (given the 5 ns discretization), which is optimal for detecting the timing
correlations of the hits, while the 2-storey vertical height extracts local spatial patterns between adja-
cent storeys. This allows the network to effectively learn the characteristic patterns of Cherenkov light
propagation along the detector line.

The loss function applied to the angle 6 becomes:

£=In(V2ro,) 1 (6 —po)’
— 0 +2 0_2 ) (7)

0

where 0, represents the true value of the angle 6 for each neutrino event in the simulation.
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Figure 5. Scaling study of the N-fit 6 reconstruction network. (Left) Validation loss as a function of the training sample size.
(Right) mean and median absolute error for the full test set and the best-performing 50% of events. Both metrics show a clear
saturation of learning beyond a 6% sample size.
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Figure 6. The error on angles 0 (left) and ¢ (right) as a function of the predicted uncertainty for the track branch. The mean and
median error stay close to zero with no significant bias. The first and third quartiles behave as expected for a Gaussian distribu-
tion, especially for 6.

To ensure that the training dataset size is sufficient for the model to reach its full potential, a scaling
study was performed using the 6 reconstruction network. The model was trained with increasing sample
sizes ranging from 1% to 10% of the available data (where 10% corresponds to approximately 1250 000
events). As illustrated in figure 5, both the validation loss and the reconstruction error reach a clear plat-
eau beyond 6% of the sample. The improvement in precision beyond 6% is marginal, indicating that
the model’s learning has effectively saturated and that the selected subset provides an optimal balance
between performance and computational efficiency.

A second network predicts the Cartesian components (ux, py) and their uncertainties (ox, oy) to
ensure a robust Gaussian error distribution and avoid periodicity issues during training. The loss func-
tion was transformed consequently as:

1 (X, — px)? 1 (Y, — py)?
L=1In (\/27rox> + E(tgizux) +In (\/27my) + E%
X

Oy
+ (1= [k + 1y + cos? (a)]) - (8)

The last term in equation (8) regularizes the output of the network, penalizing deviations of (X;Y;Z2)
from unit vectors. To infer the uncertainty of ¢, we performed a quadratic error propagation:

2 2
) (505 X)+(5¢,Uy) :>0¢:\/0§<-u2y+0%~u§<. ©)

o5 = o T
¢ Opx Oy pix + 1y

Note that the uncertainty estimation assumes a Gaussian distribution. This means that the dis-
tribution of errors, although centred, should become wider with growing o values. For most of the
error ranges this is precisely the case, especially for 6 (see figure 6 for track events, and figure 16 in the
Supplementary Material for shower events). As for the uncertainty of the direction reconstruction (ogq),
we used the following expression derived from the solid angle definition:

oo = 4/sin’ (Q)Ué—I—O’é. (10)

This optimized architecture for the track branch was then applied in the shower branch without fur-
ther optimization. Further analyses and results can be found in section 5.
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Kernel 2x2
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Figure 7. Details of the closest point and interaction vertex network architecture.

Convolution 2D + RelLU
Filters 128, Kernel 2x10

Dense + RelU + Batch
Norm. Size 128

Dense + RelU + Batch
Norm. Size 128

Dense + RelU + Batch
Norm. Size 32

4.2.2. Closest point and interaction vertex
In addition to the reconstruction of direction, estimating the energy of neutrino events is fundamental
for physics analyses. Energy and distance to the detector are, however, intermingled in SL events: distant
high-energy events may appear as SL as well as near low-energy events. Then, to improve the energy
estimation, we included in N-fit the reconstruction of the closest point of track events to the ANTARES
detector line, and the interaction vertex position of shower events (figure 7), since these two magnitudes
are characterized by the horizontal distance in meters (R, for closest point of tracks, R, for interaction
vertex of showers) and their vertical position (Z. for tracks, Z, for showers) defined in the ANTARES
frame of reference.

These spatial magnitudes (R and Z) constitute entirely novel outputs for SL events in the ANTARES
framework, as traditional x*-fit methods did not provide reliable estimates for a single detector line.
To evaluate the performance of N-fit, we have implemented a benchmark comparison using the x*-fit.
As illustrated in the Supplementary Material (figures 18 and 20 for track and shower events, respect-
ively), N-fit significantly outperforms this baseline, achieving improved spatial characterization with
median errors well below 5 m, whereas the y?-fit results show broad distributions and high uncertain-
ties. Differences lay in input and output of the networks to fulfil the characteristics of these reconstruc-
tions. Thus, events were not centred across images in these network models to ease the reconstruction of
Z. In addition, these networks also incorporated the reconstruction of 6 as input, which was introduced
in parallel to the convolutional layers. Lastly, the loss function was adapted in consonance with the out-
puts of these networks:

2 2
£=tn(Varor) + LRI (Vo) 4 LA R (1)

— Z
oR 2 oy

4.2.3. Energy
As described earlier, estimating the energy is particularly challenging for SL events, especially for track
events, given their physical characteristics and the limited information available by a single line of the
detector. Shower events are better suited for energy reconstruction because of their physical topology.
Moreover, the neutrino energy is directly inferred by N-fit in shower events, whereas for track events,
the reconstructed energy by N-fit is limited to that of the secondary muon. This is due to the stochastic
energy loss in neutrino interactions producing track events. The neutrino energy of track events for
physics analyses can, however, be inferred indirectly, by combining N-fit energy reconstruction and the
statistical properties of the interactions.

As a first approximation, we applied the same model architecture of the direction reconstruction
to infer energy without further tuning. The energy reconstructions by such model presented very low
accuracy. Reasons underlying the poor performance include that the secondary muon can escape the
detector in track events, or that events could be very close or far away from the detector line in shower
events. To better guide training in the N-fit energy reconstruction, we preselected events that had good
direction reconstruction (i.e. 50% of the events with the lowest predicted og), and that were close to the
line (according to the {R,Z} reconstruction). The specific cuts appear in expression (12) for tracks, and
in expression (13) for showers.

R.<50m Z.€(—150,150)m oy < 8.6° (12)
or. <43m 07 <62m,
R, <50m Z,€(—150,150)m o9 < 14.9°

(13)
O'RV<5.6m UZV<3.3WI.

11



10P Publishing

Mach. Learn.: Sci. Technol. 7 (2026) 035004 A Albert et al
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Figure 8. Details of the energy network architecture. Note the 1280-neuron expansion layer, designed to process the distilled PCA
features.

Although each spatial constraint applies a 50% selection, the final cumulative acceptance from the
energy network is approximately 40%. This indicates a correlation between the spatial networks; events
that are well-reconstructed in direction also tend to yield reliable distance and vertex estimates. We
emphasize that this architecture establishes a sequential reconstruction pipeline, where the spatial out-
puts and their uncertainties are first independently determined and subsequently used as selection filters
for the energy module. While this entails a significant reduction in the event sample, this filtering pro-
cess drastically enhances the quality and reliability of the energy reconstruction, which is relevant for
subsequent physics analyses.

After training with these cuts, energy inference slightly improved. We considered this model as the
benchmark to evaluate further improvements, particularly that from indirect TL through PCA-based
knowledge distillation (see section 3.4). In such an approach, we aimed to exploit the relationship
between the energy of the neutrino and all other physical parameters of the event processed by N-
fit direction and distance models. We assumed that internal representations from those models could
then benefit energy predictions. To test the hypothesis, neuron activations in hidden layers from the
6 and {R,Z} networks were taken as feature dimensions from which to infer the energy of the events.
Specifically, we extracted the internal activations from all intermediate layers of these models, including
the four convolutional blocks (with integrated pooling) and the four dense hidden layers. This process
yielded 28 480 features per spatial network, resulting in a high-dimensional input space of 56 960 dimen-
sions. We disregarded activations from the ¢ network for two reasons. First, the azimuthal information is
physically irrelevant for energy estimation due to the approximately cylindrical symmetry of the detector
line. Second, tests conducted during development showed that including ¢ activations introduced addi-
tional noise into the PCA feature space; specifically, the validation loss was found to be nearly an order
of magnitude better (lower) when ¢ activations were excluded (—2.4 x 107 vs —3.5x 107*).

We linearly transformed all the selected feature dimensions, using the PCA, to rank components
according to their variability. This approach allowed us to compress the initial space of 59960 dimen-
sions by three orders of magnitude, isolating the most informative latent features while eliminating the
vast redundancy inherent in the raw neural activations. We then selected those most relevant features as
inputs to a FEN trained to infer the energy as point predictions (figure 8). As illustrated in the archi-
tecture diagram, this network features a high-capacity hidden layer of 1280 neurons. This choice is a
specific design to re-expand the compressed information from the PCA into a higher-dimensional latent
space. By increasing the layer size ten-fold compared to the standard 128-neuron layers used in our spa-
tial networks, we provide the energy model with the representational power needed to model the com-
plex, non-linear relationships of energy loss from a limited set of distilled features. The final number
of components, 63 features for the track branch and 68 for the shower branch, was determined apply-
ing the elbow rule, i.e. stop incorporating more features once the cumulated variance reached a plateau.
Concurrently, we realized that inferring log(E) performed better than estimating E directly, due to the
large energy range of neutrino events (from 5GeV up to 20 TeV).

In a subsequent phase aimed to further improve energy predictions for physics analyses, we designed
a specialized FEN by feeding the model during training with only the 50% best reconstructed events
from the original model shown in figure 8. In addition, this specialized FFN incorporated a MDN out-
put layer to provide uncertainty estimation of energy predictions, as well as loss weighting factors to bal-
ance the impact of the non-uniform energy distribution.

4.2.4. Classification

N-fit includes a neural network for track vs. shower classification, which leverages TL from the special-
ized track and shower branches. The output is a track classifier score (S), with shower-likeness defined as
1 —S. To train, validate and test the classifier, we used a combined dataset made of 200 000 MC events,
half of them representing track events ((Z)ic) and the other half representing shower events ((Z)ic, (Z):[C,
(Z)fc). This new dataset, as well as the previous used in the training phase, are selected according to the
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Figure 9. Details of the classifier network architecture. All convolutional blocks are connected in parallel to the feed-forward part.

x-fit SL criteria with no further refinement. All events were randomly sampled in a uniform manner
covering the full period in which ANTARES collected data.

The control network model for classification consisted of the same model architecture of the direc-
tion reconstruction without further tuning. Only the output was adjusted: a single neuron represen-
ted the track classifier score, using the sigmoid as its activation function. Given that track and shower
events typically present different trace characteristics and that these traits were presumably present as
internal representations in the convolutional layers of N-fit direction and distance reconstruction mod-
els, we decided to exploit this knowledge in a second, more sophisticated classifier endowed with TL.
Specifically, we incorporated the convolutional blocks of the 6, ¢ and {R,Z} network models from both
N-fit branches as frozen components that were plugged in parallel into a FFN. This network model also
incorporated the reconstruction of the energy and its uncertainty from the networks specialized in track
and shower events. The complete architecture is shown in figure 9.

4.2.5. Code implementation and computational efficiency

All neural network models were implemented using the TensorFlow 2.4.1 framework [29], with model
evaluation and analysis conducted in Python 3.9.15. The implementation relied on standard scientific
computing libraries, including NumPy 1.23.4, Scikit-learn 1.1.3, and Pandas 1.5.1, along with several
auxiliary packages.

Training times varied depending on the network architecture. Specifically, direction and position net-
works required approximately 12 hours each to train, leveraging GPU acceleration via TensorFlow. The
PCA, applied separately to each branch (track and shower), required roughly 15 minutes per branch.
The subsequent training of the energy reconstruction networks took between 5 and 15 minutes, being
much faster than the spatial models primarily due to their lack of convolutional layers, which are typ-
ically the most computationally demanding components. Training the track vs. shower classifier, which
reuses frozen convolutional layers transferred from the specialized branches, was comparatively light-
weight, requiring only about 20 minutes. GPU-accelerated training was conducted on a workstation run-
ning KDE Neon 24.04, equipped with two NVIDIA Quadro RTX 8000 GPUs (TU102GL architecture,
64-bit interface), each of them having a 48 GB GDDR6 memory and supporting 672 GBs~! memory
bandwidth.

The final application of the N-fit algorithm to ANTARES data was organized into three main phases:
(i) reading the ANTARES data files, (ii) processing the raw data into the standardized N-fit input
format, and (iii) performing the actual reconstruction. The first phase is common to any reconstruction
pipeline and does not affect the evaluation of N-fit'’s computational performance. The image generation
stage, where detector hits are transformed into 2D representations for network input, took an average
of 0.2 seconds per event. The complete reconstruction process required approximately 0.1 seconds per
event. These estimates are based on the averaged processing times over 10000 events, using conservative
rounding to ensure upper-bound accuracy. In both cases, model parameters and dependencies were pre-
loaded into memory cache, eliminating the overhead of repeated I/O operations during batch processing.

The whole application of N-fit to the ANTARES data was executed on the high-throughput com-
puting (HTC) partition of the IN2P3 Computing Center, managed via the SLURM workload manager.
The HTC partition consists of heterogeneous CPU-only nodes running Red Hat Enterprise Linux release
9.6 (64-bit). Most nodes are equipped with AMD EPYC 7302 16-core, EPYC 7453 28-core, or EPYC
9334 32-core processors, with memory per node ranging from 192 GB to over 1.2 TB. For our runs, a
single CPU core and less than 2 GB of RAM were sufficient for efficient reconstruction inference. GPU
resources were not required for deployment, although training leveraged TensorFlow’s GPU acceleration
when available.
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Table 2. Mean and median absolute error of reconstructed neutrino angles 6, ¢, and total deviation, 2, for
the track branch. The 50% best events are selected according to the lowest values of the parameters o for
N-fit and x? for the x>-fit.

Mean/Median x2-fit N-fit x2-fit (50%) N-fit (50%)

0 15.5° 8.5° 7.4° 4.4° 9.7° 5.5° 3.7° 2.5°

¢ — — 41.4° 31.5° — — 29.2° 23.6°

Q — — 28.3° 22.7° — — 18.7° 13.7°
5. Results

This section presents the main performance results of the N-fit algorithm. All evaluations are performed
on the corresponding test subsets associated with each reconstruction branch, as defined in section 4.1,
except for the classifier performance, which is tested with its own dataset. Finally, additional validation
studies—addressing the algorithm robustness with respect to training data variations, resilience to noise,
and applicability to real ANTARES data—are briefly presented.

5.1. Direction reconstruction improvement

For the track branch of N-fit, statistics of the error distribution for the reconstructed angles can be
seen in table 2. Errors are computed as the absolute values of the difference between the reconstructed
(tte) and the simulated (o) angles for the (Z)(:i MC simulations. The error distributions are shown in
figure 10(a). The N-fit algorithm clearly outperforms the x?-fit SL reconstruction method: results show
a significantly larger proportion of low errors for the 6 angle and a first estimation of the ¢ angle, which
was previously missing for SL events. Remarkably, our approach allows to focus on best predictions by
selecting the events with the lowest values of o provided by N-fit. Applying a selection criterion on o
improves results (see table 2 and figure 10(b)). While a mean ¢ error of ~ 29° for high-quality events
may seem large, it represents a significant advance over previous SL reconstruction methods where such
information was unavailable. In practical physics analyses, this resolution is sufficient to define asym-
metrical Regions of Interest that can reduce background contamination by a factor of 6 while retaining
approximately 2/3 of the signal acceptance, as demonstrated in the follow-up study in section 6. These
plots for the shower branch—where 7", &.° and """ MC simulations are employed—are shown in
the supplementary material, figure 17, as well as the statistics of the error for the reconstructed angles,
table 4.

By using expression (10), we can also apply the selection criterion to the total angular deviation for
both track and shower branches (figure 11(a)). The direction reconstruction for showers is worse than
for tracks due to the physical geometry of the shower signature. It is easier to determine the direction
of a source emitting light following a straight path than from an almost point-like source, typical of
showers. This issue, however, does not prevent the use of N-fit and the estimated uncertainty can still
be used to choose the best reconstructed events.

Finally, we checked that N-fit direction reconstructions show no bias for the whole MC simulated
energy range of neutrinos, in contrast to the x-fit (figure 11(b)). This is particularly relevant for using
this method in physics analyses that involve low energy events.

5.2. TL applications
5.2.1. Energy reconstruction
As mentioned in section 4.2.3, the energy was difficult to reconstruct due to its dependency on the dis-
tance of the neutrino interaction and its physical properties. Thus, we first reconstructed the closest
point of tracks to the detector line and the interaction vertex position of showers. These reconstructions
were very satisfactory, as can be seen in figure 12. Supplementary plots regarding these reconstructions
can be seen in figures 18-21. After this, the reconstruction of the energy was addressed using TL with
the PCA, as explained in section 4.2.3.

Results for the pre-selected test dataset according to expressions (12) and (13) can be seen in
figure 13, showing the utility of the gjog (k) In selecting the best predictions. Compared to the bench-
mark reconstruction, the results from the track fit show an improvement when using inheritance from
previous networks, even if the results are still moderately good due to the physical complications. The
results for showers are slightly better because they are better suited for energy reconstructions due to its
topology. Compared to the benchmark, we can see that the uncertainty parameter improves considerably
in order to select the best reconstructed events.
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Figure 10. Track branch results. (a) Whole test dataset. (b) 50% of the test dataset with lowest values of o or x?, respectively. (1):
Absolute error distributions of angles 6 and ¢. (2): 2D density histograms of true vs. reconstructed angles for x2-fit (left) and
N-fit (right). Note that ¢ points at the off-diagonal corners represent in fact good predictions due to periodicity.

In order to quantify the reconstruction resolution, we have computed the median relative error as a

function of the true energy:

Erec - Etrue

Etrue

(14)

for 25% of events with the best energy reconstruction according to the uncertainty prediction. For
tracks, this quantity has a stable value of 0.55 between a true muon energy of 20 and 200 GeV, worsen-
ing considerably outside this range. For showers, the error is stable for true neutrino energies higher
than 100 GeV, with a value of 0.50 and worsening significantly for lower energies.

5.2.2. Classifier performance
To measure the performance of the classifier, we computed the overall accuracy as well as the bias, recall

and precision for both types of events on the independent 20% test dataset. These metrics, summarized
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(right).

in table 3, provide a comprehensive view of the model’s ability to distinguish between track and shower
topologies.

It is important to note that the current N-fit classifier is presented as a proof-of-concept. In practical
physics analyses, event selection is typically not restricted to a simple 0.5 threshold. Instead, researchers
often define high-purity regions (e.g. >0.75 for tracks and <0.25 for showers), discarding the interme-
diate ‘inconclusive’ band to minimize cross-contamination. This strategy effectively enhances the sample
purity beyond the nominal metrics reported here.

To provide a formal benchmark, we performed a classification study using the standard x>-fit values
as a selection criterion for SL events, selecting the reconstruction (track or shower) with the lowest x?.
As shown in table 3, N-fit significantly outperforms this established baseline, particularly in track recall
(75% vs 53%), while maintaining a more balanced track/shower prediction distribution (45/55%) com-
pared to the 40/60% bias observed in the y2-fit.

The final model achieved an accuracy of 80%, with a recall of 75% for tracks and 85% for showers,
and a precision of 81% for tracks and 77% for showers. This implies that while 25% of tracks are mis-
classified as showers, there is an 81% confidence that an event classified as a track is indeed a track
interaction.

Figure 14 illustrates the distributions of the track classifier score for track-like and shower-like events,
both from the final transfer learning approach and from the benchmark without it (‘no TL’ tag). There is
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for tracks (a) and of the interaction vertex for showers (b).

a higher peak for tracks near to the score equal to one for the TL approach. Also, more showers are clas-
sified as tracks without the TL. As shown in table 3, the overall accuracy reduces to 77% when Transfer
Learning is not employed, with a corresponding decrease in recall and precision for both classes.

5.3. Robustness tests

To ensure that the N-fit algorithm is stable, unbiased, and suitable for real physics analyses, a series of
robustness checks were conducted. These tests aimed to assess the model dependence on the training
dataset, its behaviour under extreme or unphysical inputs, and its capability to reproduce realistic results
when applied to experimental data. The analyses were carried out using the track branch of N-fit and
are described in detail in appendix B.

The first test consisted of a K-fold cross-validation, a standard method to evaluate the stability of ML
models against data partitioning. The dataset used in the track branch development was divided into five
equally sized folds, cyclically used for training, validation, and testing. The resulting mean absolute errors
remained consistent across folds, indicating that the network’s performance does not depend on a partic-
ular training subset. Additionally, a date-sorted K-fold test was performed to verify robustness over the
operational history of the ANTARES detector. Despite small fluctuations related to detector conditions at
different periods, the results confirmed that N-fit can handle data from various stages of the experiment
without degradation in accuracy. See appendix B.1 for details.

The second test addressed the model’s response to background noise. By feeding the networks with
background-only images, we evaluated whether N-fit could mistakenly reconstruct a direction in the
absence of a signal. As expected, the reconstructed directions followed a random uniform distribution,
confirming that the model does not infer spurious correlations from pure noise. Moreover, the predicted
uncertainties were appropriately large, reflecting the low confidence of the algorithm when the input
lacks physical features of neutrino events. See appendix B.2 for details.

The last test compared the model’s predictions on ANTARES data with those obtained from MC
simulations. Since N-fit was trained exclusively on MC samples, this validation step was essential in veri-
fying its applicability to experimental data. Using runs not employed during training, and ensuring the
availability of the corresponding simulation files for a run-by-run comparison, we obtained distributions
of reconstructed angles where simulations were in close agreement with the data. After applying quality
cuts based on the estimated angular uncertainty (oq), most background and atmospheric muon events
were rejected for up-going events, and the agreement further improved. This demonstrates that the N-fit
method is reliable for use in real physics analyses. See appendix B.3 for details.

17



10P Publishing Mach. Learn.: Sci. Technol. 7 (2026) 035004 A Albert et al

10! »
— 107 b 10
13
>0 .
g 107
g
< ~
IS 107 107 108
)0
101 0 10% 10
E,u,true (Gev)
10t 10" ; 10t 104
S\ I 107 r; -
)3 )3 -
> 10 . > 10 i ‘
(2) L o W o el SR
g0 10°8 L g1 i :
< . - - < =i
STt - 10°° ST F 10-8
10° - 10° 10° g
100 102 10° 10° 102 10! 107 102 10*
Eu, true (GeV) Eu.truo (Gev) E;L, true (GeV)
104 ot 10°6 104 o L 107 104 o, 10
> 107 > 10 > 107 -t
(1) < 2 &) 10
o 102 o 10? o 102
g e 2
S > N 10-9 N
AT - ST ST 1077
10° 10° 10°
10° 10% 10* 10 10? 10* 10° 10? 10*
Ev,true (GeV) Eu, true (Gev) Ev‘true (GeV)
10* 10-6 10! 10" 107
1076 o
— — — :
% 10% ?v 10% 107 % 10%
) &) [©) 1077
2) & T 8
B 10 B 10 10 2 10°
X X 109 X -
ST L0 T e 107
10710
10° - 10° 10°
10° 10% 10* O100 10? 10 010" 10? 10
EV, true (Gev) El/, true (Gev) EV, true (Gev)
Figure 13. 2D density histograms of reconstructed vs. true energy values for the pre-selected test dataset (left), the 50% lowest
values of o (mid) and the 25% (right). (a) Track branch. (b) Shower branch. (1) Benchmark reconstruction. (2) Final reconstruc-
tion approach. The diagonal represents the ideal fit.

Table 3. Accuracy, bias, precision, and recall metrics comparison between the N-fit classifier
of tracks (T) and showers (S) single-line events (with and without transfer learning) and the
x2-fit selection.

Method Accuracy Bias T/S Precision T/S Recall T/S
X2-fit 63% 40/60% 67/61% 53/74%
N-fit (no TL) 77% 46/54% 80/75% 73/81%
N-fit (TL) 80% 45/55% 81/77% 75/85%

6. Physics application example

The N-fit track branch has been already used for different physics analyses. A binned methodology has
been applied for an indirect Dark Matter search towards the Sun [30] and a final unbinned analysis is
under development using the whole ANTARES dataset [31]. Also, the potential of the method has been
tested with a point source search following an IceCube alert, as shown in this section.

The IceCube Collaboration reported a neutrino track-like event with a moderate probability of being
of astrophysical origin that occurred on December 8, 2021 at 20:02:51.1 UT [32]. The reported position,
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showers.

in equatorial coordinates referred to J2000 and with 90% point-spread function (PSF) containment, was:
2.82° 1.81°
RA=114.52° 28, §=15.56" T]4.

The iceCube collaboration pointed to two gamma-ray sources listed in the 4FGL-DR2 Fermi-LAT
catalog and located within the error region presented for the event: 4FGL J0738.4 4 1539 and 4FGL
J0743.14-1713. Hence, the Collaboration encouraged additional follow-up by ground and space-based
instruments. The Fermi-LAT Collaboration inspected the vicinity of the neutrino event with all-sky sur-
vey data from the Large Area Telescope (LAT) [33]. They did not find any significant photon detection
from the aforementioned sources nor did they find a new transient source compatible with the best-
fit direction of the event. However, outside the 90% error region, at a distance of 2.1°, the cataloged
gamma-ray source 4FGL J0738.1 + 1742 was significantly detected. This source is associated with the BL
Lac object PKS 0735+ 17, that is a blazar located at RA = 114.5° and § = 17.7°.

The ANTARES Collaboration performed a follow-up of the blazar PKS 0735+ 17 in a sensible time
window around the time of the IceCube alert. Two types of analyses were carried out: one binned
analysis and another one unbinned [34]. Both of them covered a wide neutrino energy range above
300 GeV. The N-fit track branch is designed to be sensitive to even lower energies, so we performed a
binned analysis for the follow-up of the blazar PKS 0735 + 17 using N-fit reconstructed parameters as
a complementary study to that already performed. This study served as the first real physics analysis for
the new reconstruction method.

The methodology followed here is based on [35]. It is based on comparing the measured data with
the expected background inside a determined solid angle region—or region of interest (Rol)- and then
computing the significance of the signal excess [35]. Classically, a circular Rol over the sphere is used,
defined by its radius. However, in contrast to traditional methods analyzing multi-line events, our tech-
nique is asymmetric for the direction angles, to take into account the better reconstruction of the angle
0. Thus, we decided to modify the methodology by using an asymmetrical Rol, i.e. a rectangle in (6,

@) coordinates defined by the half-length of the sides: Rg and Ry. In addition, to optimize the set of
cuts, typically the equatorial coordinates are used, for which the right ascension is scrambled (blinded).
Due to the highly asymmetric resolution of the N-fit reconstruction in 6 and ¢, and to ensure consist-
ency with the predicted uncertainties, we performed the background estimation by scrambling the azi-
muthal coordinate ¢ in the local detector frame. Given the uniform distribution of event arrival times,
this method is statistically equivalent to the standard right-ascension scrambling. Furthermore, optimiz-
ing the asymmetric (rectangular) Rol directly in the (6,¢) system avoids potential biases that could arise
from coordinate transformations between reference frames. This approach provides an unbiased back-
ground expectation and does not affect the derived sensitivity.

After completing the optimization, the set of parameters found for the study are:

Ry =5° Ry = 70°

o (15)
0Q,max — 21 )
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Figure 15. 90% confidence upper limits on the neutrino fluence as a function of the energy for N-fit, x*-fit and A-fit from PKS
0735417 over £1 day around 20:02:51.1 UT on December 8, 2021. The values of the study performed with the A-fit reconstruc-
tion are taken from [34], while the values for x?-fit—using only SL events—were computed just for comparison purposes.

where 0 max is the maximum angular error estimation allowed for the event selection. We did not find
any signal in this region for the given date of the study. Therefore, we present the 90% confidence level
(CL) upper limits on the neutrino fluence (F).

Using the fact that the 90% CL upper limit compatible with no event detection is n2°% = 2.44,
according to the Feldman and Cousins method [36] and assuming an E~? energy spectrum, the upper
limit for the fluence is:

FO% — 244 -10g (Emax/Emin) - T [Gchmfz} , (16)
Acc

where Acc is the acceptance of the detector for our reconstruction technique, and T is the search time
(~2 days). This computation is performed for a discrete histogram, in such a way that for each bin we
have that log(Emax/Emin) = 0.5 - 1og(10). The same procedure was applied for the y-fit reconstructions,
just skipping the steps that include a computation with the azimuthal angle, since its reconstruction is
missing. The Rol for the satiy?-fit method was simply a full zenithal band characterized by its width.
The results are shown in figure 15, along with the ones of the previous study carried out with the usual
A-fit reconstruction method.

The N-fit study is sensitive to low energies, being complementary to the previous A-fit analysis in
this sense. Only N-fit is able to retain enough statistics to compute the limits below 30 GeV. The limits
of the N-fit method are slightly better to those of x?-fit using SL events in the energy range between
30 and 300 GeV. Above 300 GeV, where all methods can be compared, the A-fit provides more stringent
limits than N-fit, as expected.

7. Discussion and conclusions

In this work, we have developed and presented a new reconstruction and classification approach based
on DL for SL events in the ANTARES telescope. The exploration to achieve the best possible reconstruc-
tion has led us to a novel combination of ML techniques, such as the use of deep convolutional layers,
a mixture density output layer, and TL. The reconstruction of the spatio-temporal parameters of the SL
event, such as the incoming neutrino direction and location, can directly be obtained using deep CNN:ss.
Combining a DCN with a mixture density output layer allowed us to estimate the quality of the predic-
tion. Other more complex tasks, however, such as energy estimation or event classification, benefitted
from using TL. For the energy reconstruction, this study presents an innovative indirect TL approach
based on PCA knowledge distillation. Using this dimensionality reduction technique, we selected the
most informative neuron activations from networks performing spatial tasks, and used them as input
features for training a feed-forward network in energy reconstruction. This method provided results that
can be exploited in physics analyses. Direct TL was applied to classification tasks, by freezing the convo-
lutional layers of pretrained network models specialized in event-type-specific spatial information.

Thus, we developed N-fit as a repertoire of specialized modules that together fully characterized SL
neutrino events in terms of energy, spatial properties and type of event, track or shower (appendix B.3).
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Compared to previous techniques applied to SL events in ANTARES, N-fit outperforms the 6 angle
reconstruction of SL events provided by the y2-fit. For track-like events, the mean 6 error decreased
from ~9.7° (standard y2-fit) to ~3.7° for the best 50% reconstructed events. Moreover, N-fit provides
a sufficiently accurate estimation for the ¢ angle—with a mean error of ~29° for the best 50% track
events—that is useful in physics analyses. Such information was not attempted in x*-fit due to the
approximations made in the method. Specifically for track events, N-fit provides a very precise recon-
struction of the closest point of the track event to the ANTARES detector line and a first approximation
of the muon energy reconstruction, taking into account the physical difficulties in this endeavour, par-
ticularly in tracks. To address these challenges, the energy module employs a sequential pipeline where
spatial reconstruction and its associated uncertainties act as quality filters. Although this selection criteria
is based on the best 50% of spatial reconstructions, the high correlation between the spatial sub-models
results in a final cumulative acceptance of approximately 40%. This selective process ensures that energy
estimations are derived from a high-confidence sample, enhancing the reliability of downstream phys-
ics results. Regarding shower events, their interaction vertex reconstruction was very precisely estimated
in N-fit. The neutrino energy in shower events was reconstructed with a 0.50 relative error, compared
to a 0.55 relative error for muon energy in track events. Lastly, discrimination between the two types of
neutrino events by the N-fit classifier reached a high accuracy level, of around 80%. When comparing
data and MC simulations, N-fit demonstrates a good agreement in the track branch, heavily reducing
the background noise and atmospheric muons of the up-going sample when quality cutoffs are applied.

N-fit modules characterizing track events have already been used in physics analyses as shown in
section 6. We have a promising improvement in the low energy range for dark matter WIMP searches
towards the Sun [30, 31]. Also, we have demonstrated that the new methodology is able to complement
classical reconstruction methods in point sources neutrino searches. In addition, we are actively applying
N-fit reconstructions in different analyses considering the complete ANTARES dataset.

More generally, the repertoire and combination of ML techniques used in N-fit may be adapted to
reconstructions in other particle detectors, such as KM3NeT, as well as inspiring new applications in
other areas of computational physics.
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Appendix A. Supplementary material

Table 4. Mean and median absolute error of reconstructed neutrino angles 6, ¢, and total
deviation, €2, for the shower branch. The 50% best events are selected according to the lowest
values of the parameters o for N-fit and x? for the x?-fit.

Mean/Median x2-fit N-fit x2-fit (50%) N-fit (50%)
0 27.4° 22.8° 12.3° 8.9° 24.9 20.5 7.9° 5.8°
) — — 47.0° 37.7° — — 34.2° 28.8°
Q — — 39.4° 34.9° — — 32.2° 27.8°
Mean 1° & 37 quartile 500 T Mean 15t & 3" quartile
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Figure 16. The error on angles 0 (left) and ¢ (right) as a function of the predicted uncertainty for the shower branch. The mean
and median error stay close to zero with no significant bias. The first and third quartiles behave as expected for a Gaussian distri-
bution, especially for 6.
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Figure 17. Shower branch results. (a) Whole test dataset. (b) 50% of the test dataset with lowest values of o or X2, respectively.
(1): Absolute error distributions of angles 6 and ¢. (2): 2D density histograms of true vs reconstructed angles for x2-fit (left) and
N-fit (right). Note that ¢ points at the off-diagonal corners represent in fact good predictions due to periodicity.
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Figure 18. R. and Z. absolute error distributions for track events. The N-fit model (solid line) is compared to the x-fit baseline
(dashed line), demonstrating a significant improvement in spatial precision.

23




10P Publishing Mach. Learn.: Sci. Technol. 7 (2026) 035004 A Albert et al

= —— Mean 15¢ & 39 quartile = — Mean 15t & 39 quartile
C’ 201 ___. Median 207 - Median
Q':? VN Aa ra Nu
L0 I SN NI ALY ) A oA A
< S
—205 5 10 15 20 —20 5 10 15 20
og, (m) oz, (m)
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Figure 20. R, and Z, absolute error distributions for shower events. The N-fit model (solid line) is compared to the x?-fit
baseline (dashed line), demonstrating a significant improvement in spatial precision.
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Figure 21. Error on R, (left) and Z, (right) as a function of the predicted uncertainty. The mean and median error stay close to
zero with no significant bias. Second and third quartiles behave as expected for a Gaussian distribution.

Appendix B. Robustness tests

B.1. K-fold cross validation (KCV)

The KCV technique [37] is largely used in ML to check the robustness of the networks and their pos-
sible dependence with the dataset chosen for the training process. The technique consists in splitting the
dataset in K folds and use some of them for training while the others are used for validation and test.
Then, the data is shifted circularly 1 fold and a second training is performed. The process is repeated
until reaching K circular shifts. This ensures that all the folds take all the different positions in training,
validation and test.

We have randomly split the dataset in 5 folds with 20% of the data in each one. Then, we have used
3 folds for training, 1 for validation and 1 for test. Consequently, we have performed the training pro-
cess 5 times. Statistics of the results can be seen in table 5. The errors are stable and similar to those in
table 2, showing that the method has no dependence on a particular data split.

Since the conditions of the ANTARES telescope have changed through the years, we need to ensure
that the network model is able to fit different stages of the telescope properly. To that end, we per-
formed another KCV, but this time with folds sorted by date. Thus, we split the data in 5 folds, each
one containing events within the following dates:

24



10P Publishing Mach. Learn.: Sci. Technol. 7 (2026) 035004 A Albert et al

Table 5. Mean absolute error of predicted neutrino angles 6 and ¢ for the 5-fold
cross-validation. The fold number denotes the fold used as test.

MAE fold 5 fold 4 fold 3 fold 2 fold 1
[4 7.4° 7.3° 7.4° 7.4° 7.4°

ol 41.5° 41.3° 41.6° 41.4° 41.3°
Q 28.2° 28.1° 28.4° 28.1° 28.1°

Table 6. Mean absolute error of predicted neutrino angles 6 and ¢ for the 5-fold
dates-sorted cross-validation. The fold number is the one used as test.

MAE fold 5 fold 4 fold 3 fold 2 fold 1
[ 8.1° 7.6° 7.4° 7.5° 6.9°
) 44.4° 42.2° 41.4° 41.7° 39.7°
Q 30.0° 28.7° 28.4° 29.1° 26.3°
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Figure 22. Error distributions if the input of the networks is background noise in the track branch.

Fold 1: from 06/02/2007 to 13/01/2010

Fold 2: from 13/01/2010 to 17/05/2011

Fold 3: from 22/05/2011 to 02/09/2012

Fold 4: from 03/09/2012 to 24/04/2015

Fold 5: from 24/04/2015 to 27/12/2017

Statistics of the results can be seen in table 6. We acknowledge modest fluctuations in the results that
emerge from the fact that not all lines and OMs were always operative in ANTARES at all times. The
performance was slightly better if the first stages of the telescope are used as the test dataset. This is pos-
sibly due to the fact that these data had better quality, compared to the others, since the telescope was
not affected by ageing effects. Thus, having better data in the test set gives raise to better performance.

B.2. Background noise
As a control of the predictions generated by our model, we processed images of the background and fed
them to the N-fit track direction networks. The expectation of using the background as the signal was to
obtain direction reconstructions following a random uniform distribution, and that was indeed what we
obtained as reported in figure 22.

Moreover, the predicted uncertainty was typically large, as seen in the bottom panel of figure
figure 22 for the 6 angle.
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Figure 23. Comparison between data and MC simulations.
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Figure 24. Comparison between data and MC simulations using a cut of o < 21°.

B.3. Comparison with data and systematic uncertainties

The primary objective of this work is the development and validation of the N-fit reconstruction
framework. Consequently, this study utilizes established MC simulation protocols and standards that
have been extensively documented and validated throughout the operational history of the ANTARES
Collaboration. This validation is performed using run-by-run simulations, which incorporate the specific
telescope configuration and environmental conditions for each period, as detailed in [17]. Furthermore,
every simulated event is provided with weights to account for the interaction, propagation, and detection
physics, as well as the expected flux of every type of event [38].

For the comparison, we selected new runs that were not used for training. We also made sure that,
for every selected run, all the MC simulation files were available. Figures 23 and 24 illustrate the results
from this comparison.

As seen in figure 23, the dataset is dominated by downgoing atmospheric muons, showing good
agreement for § > 90°. The initial visual discrepancies observed at § < 80° and in the ¢ distribution are
primarily due to uncorrelated optical noise from “°K radioactivity and bioluminescence. These noise-
driven events typically exhibit large reconstruction uncertainties, as they lack the structured spatio-
temporal features of neutrino interactions.

We observe that the agreement in the upgoing region improves significantly when a cutoff based on
the quality parameter o < 21° is applied (figure 24), which effectively filters the background noise and
atmospheric muons. A residual discrepancy may remain for nearly vertical tracks (6 < 10°), but this cor-
responds to a very small region of the sky and is handled through dedicated systematic evaluations in
specific physics analyses.

Following established ANTARES procedures (e.g. [39]), we evaluated the sensitivity of the recon-
struction to systematic uncertainties by varying key parameters. The overall OM sensitivity was varied
by £10%, accounting for uncertainties in photon-to-photoelectron conversion efficiency, while modi-
fications to the angular acceptance were found to affect measurements by less than 10%. Additionally,
the light absorption length in water was scaled by £10%. Investigations specific to SL events, such as
detector line verticality, showed negligible impact (see [40]). The overall systematic uncertainty is estim-
ated at 15% or less. Notably, since SL events have larger intrinsic reconstruction uncertainties than
multi-line events, the relative contribution of these systematic effects is reduced, further supporting the
robustness of the N-fit results.
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