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ALPAQUITA-AS, the prototype of ALPACA, has been operating in situ since April 2023. It
consists of 97 plastic scintillators, representing a quarter of the full ALPACA surface detector
array. High-energy 𝛾-ray astronomy, which involves measuring air shower particles at ground
level, faces the challenge of discriminating 𝛾-rays from the dominant background of cosmic rays
(CR). In this work, we propose a classifier based on Graph Neural Network (GNN) to distinguish
between 𝛾-rays and CR.
Following the success of Convolutional Neural Networks (CNN) in many areas and the deep
learning revolution it spurred, interest in extending the use of convolution layers operating on
graphs has grown. In some applications, GNNS have a notable advantage over CNNs because in
certain scenarios the information is represented with graph structures naturally or more effectively.
The training and evaluation datasets were generated through Monte Carlo simulations, the results
are reported.
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1. Introduction

1.1 ALPAQUITA

A new observatory, called the Andes Large Particle Detector for Cosmic Ray Physics and
Astronomy (ALPACA) [4][1], is under construction at an altitude of 4740 m above sea level on a
wide plateau near Chacaltaya Mountain in Bolivia. ALPACA will be a hybrid detector, comprising
a large area surface array of scintillators (AS) and underground water Cherenkov muon detectors
(MDs), working together with the ultimate aim of observing gamma rays above 100 TeV in the
Southern Hemisphere.

When a primary particle enters the atmosphere, it produces an air shower (electromagnetic
or hadronic shower) due to its interaction with atmospheric matter. Subsequently, some of the
secondary particles hit the plastic scintillators, and the scintillators generate photons which are
directed into photomultiplier tubes (PMTs). Finally, the bundle of photons is converted into signals,
which are proportional to the energy deposited.

We use the collected signals from the air shower array to generate a trigger signal for a shower
event. This involves three conditions: the first is the presence of at least four plastic scintillators
with densities greater than or equal to 0.6, within a time window of 600 ns. To reconstruct the
primary energy and arrival direction, we estimate the number of particles per square metre along
with their timing information.

The first stage of the ALPACA prototype has been operational on-site since early 2023. We
named it ALPAQUITA-AS array Fig. 1. It is formed by 97 plastic scintillators located at intervals
of 15 m.

Figure 1: Diagram of ALPAQUITA AS array

This work is focused on developing a method to process ALPAQUITA-AS air shower data, with
the aim of observing high energy 𝛾-ray events. Since the 𝛾 ray signal is buried under the dominant
cosmic-ray background, the main task of the ML learning algorithm would to be to discriminate
between the two.
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The standard methods used in similar observatories to classify include the measurement of
muon abundance in the air shower. Another option is to analyse the differences in the particle
density distribution of secondary particles detected on the surface detectors.

Recently, the use of machine learning tools in many areas of science has shown excellent
results, including astrophysical experiments [3][6][7]. Considering this, a new era for cosmic ray
detectors applying machine learning techniques has begun; this is a sufficient reason to investigate
the performance of these novel techniques and evaluate them and extract the most advantage possible.
In this work we present the design of a classifier using a graph neural network and study whether
observing high-energy gamma rays is feasible. The results of the initial approach are reported.

2. Graph neural networks

Convolutional Neural Networks (CNN) are a breakthrough in deep learning techniques, achiev-
ing significant success with Euclidean data such as images. However, some applications are naturally
or better represented with a graph structure. For example, in the case of a detector with irregular
geometry, working with images can be a challenging task. This is mainly because it may require pre-
processing, which could introduce errors into the analysis. Consequently, the image representation
may limit the amount of information that can be extracted from the data.

This is one reason to motivating the development of neural networks that operate on non-
Euclidean data. Unlike traditional CNNs, graph convolutional networks do not have strict structural
requirements for input data, meaning GNNs can handle non-grid-like structured data. Encoding
data with graphs helps avoiding this drawback while retaining all the advantages of CNNs.

A graph (𝐺 = {𝑉, 𝐸}) is a mathematical entity formally defined by a set of vertices (𝑉), or
nodes, connected by edges (𝐸), or links, where nodes represent items or objects and edges represent
the relationships between them.

Elements of graphs can be associated with quantifiable attributes: node-feature vectors and/or
edge-feature vectors. Therefore, graphs are a way to encode data, representing real-world elements.
It is possible to operate on graphs to solve problems or analyse complex systems.

The main idea behind GNNs is to propagate information through the graph structure by itera-
tively updating node representations based on the features of their neighbouring nodes. Each layer
of a GNN performs two primary operations: message passing and aggregation. The aggregation
step combines the updated representations of neighbouring nodes to produce a refined representa-
tion for each node; for example, concatenation or averaging are common operations in this step.
Message passing, on the other hand, involves nodes exchanging information with their neighbours.

Neighbourhoods are sub-graphs within a graph; the neighbourhood around a vertex comprises
its adjoining edges and the vertices directly connected to it.

Graph analysis can be categorised into three levels: node level, edge level, and graph level. For
instance on the node level, this involves classifying an unidentified node within the graph.

The core concept behind Graph Convolutional Network is to learn patterns using filters whose
parameters are optimized during training. In the field of signal processing, there are two main
approaches to the convolution operation: spectral and spatial. In the case of the spatial approach,
the filter operates over the signal without using any transform.
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The definition of Fourier transform in signal processing on graphs is slightly different that
conventional one. The Graph Fourier Transform decomposes a graph signal into its spectral
components with respect to an orthonormal basis derived from the graph; eigendecomposition.

Spectral graph theory analyses matrices associated with the graph, such as its Adjacency matrix
or Laplacian matrix, using tools of linear algebra such as studying the eigenvalues and eigenvectors
of these matrices.

The Adjacency matrix express the presence or absence of connections (edges) between the
graph’s nodes, in other words the connectivity.

The convolution operator in the spectral domain is briefly described next; see [8] for more
details. Consider a graph signal 𝑥, with adjacency matrix 𝐴, and its Fourier transform ℱ defined
as:

ℱ(𝑥) = 𝑈𝑇𝑥,

here 𝑈 is the matrix of eigenvectors of the graph Laplacian (𝐿)

𝐿 = 𝐼𝑛 − 𝐷−1/2𝐴𝐷−1/2

𝐷 is the degree matrix1 and 𝐼𝑛 is the identity matrix. The graph Laplacian can be factorized as:

𝐿 = 𝑈Λ𝑈𝑇 ,

where Λ is a diagonal matrix of the eigenvalues. Then, based on the convolution theorem, we have:

𝑔 ∗ 𝑥 = 𝑈 (𝑈𝑇𝑔 ⊙ 𝑈𝑇𝑥),

where 𝑈𝑇𝑔 is the filter in the spectral domain. Simplifying the filter by using a learnable
diagonal matrix 𝑔𝜃 = 𝑑𝑖𝑎𝑔(𝑈𝑇𝑔); 𝜃 are the parameters to fix during the training. Then we have the
basic function of the spectral methods.

𝑔𝜃 ∗ 𝑥 = 𝑈𝑔𝜃𝑈
𝑇𝑥

There are different approaches to the design of the operator 𝑔𝜃 . For example, in the particular
case of this work, we consider the suggestion by Hammond et.al. (2011) and Defferrard et.al.
(2016). Because the previous operation is computationally expensive and the filter is non-spatially
localised, 𝑔𝜃 can be approximated by a truncated expansion in terms of Chebyshev polynomials
(𝑇).

𝑔𝜃 =

𝑘∑︁
𝑖=0

𝜃𝑖𝑇𝑖 (Λ̂),

where Λ̂ = 2Λ
𝜆𝑚𝑎𝑥

− 𝐼𝑛, 𝜆𝑚𝑎𝑥 denotes the largest eigenvalue of the Laplacian Λ̂. 𝜃 is now a
vector of Chebyshev coefficients.

We use Chebyshev spectral graph convolutional operator [9] using the module from PyTorch
and based on Defferrard’s work.

1The diagonal elements of the matrix correspond to the number of edges connected to each node, while all off-diagonal
elements are zero.
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3. Methodology

The first step in the design pipeline of a GNN model is to define the graph structure. In this
case, the graph is more or less explicit since we are considering that each detector represent a node
in a graph. So that, each air shower event will be characterised by a graph formed by 97 nodes.

The definition of the graph’s topology include the full connection between the nodes and
undirected edges ; it also can mean that the edges have two directions.

Since each node represent one plastic scintillator, we attach a node-feature vector (®𝑥) which
contains the information about the number of particles in one square meter, relative time and position
(®𝑥 = [𝜌, 𝑡, ®𝑃]). The Fig. 2 (Right diagram) shows a graph of an event as an example.

On other hand, we have a homogeneous graph considering that all of them have the same
nature (measurement technology) and therefore the size of node-feature vector is constant. For the
learning tasks we contemplate the graph-level, this means that the entire graph will be consider for
learning.

The training data set was generated using Monte Carlo simlations. First and foremost, we
simulated electromagnetic and hadronic air showers using CORSIKA 7.7410. We generate primary
particles arriving isotropically to the location of ALPAQUITA, with an uniform energy spectrum
. After that, a Geant4 ALPAQUITA’s simulation [4] was employ to obtain observable events. The
CORSIKA simulation parameters are shown in the table 1.

Primary particles 𝛾 rays and CR
Energy range∗ 0.3 TeV to 1 × 104 TeV

Angular distribution∗ 00 to 600 (zenith) and −1800 to 1800 (Azimuth)
Simulation area circular region of 300[𝑚] radius from detectors array’s center

Observation level 4740 m above sea level

Table 1: Input parameters to MC simulation in CORSIKA. ∗ means the parameter is used in both groups.

Furthermore, we took into account the calibration, timing characteristics [2] and real position
in situ. This elements enhance the quality of the training dataset, making them a good representation
of real events.

The GNN-classifier architecture is shown in the Fig. 2 (Left diagram). We assembled three
dropout layers to the model in order to prevent overfitting and three convolutional layers in the
spectral domain.

In GNN it has been observed that deeper models usually do not improve the performance of the
model. This is because many layers can not propagate noisy information from increasing number
of neighbourhood members. It also causes the over smoothing problem because nodes tend to have
similar representations after aggregation operation when the model goes deeper [5]. To avoid this
disadvantage, we perform the skip connection technique.

At the end of the neural network we use a double pooling layer to extract the relevant information
from nodes.
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Figure 2: Left diagram. An example of a graph, the nodes represent the signal come from of scintillator
detectors. Each node has a feature vector (®𝑥) which contain information as relative time, density ( 𝑁𝑝

𝑚2 ) and
real position; the last one considering a reference system in the center of the array. The edges connect all the
nodes with ®𝑥 different to zero vector. Right diagram. Architecture of GNN classifier model.

4. Results and Conclusions

In order to measure the performance of the spectral filter contrasted with the spatial filter in
the GNN framework, we designed another model using three spatial filters instead of the spectral
type. With this in mind, we maintained the rest of the architecture, just like the training conditions;
for example the size of the batch2, loss function, etc.
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Figure 3: ROC curves and loss function during training for different types of filters. Left panel shows the
ROC curve for two GNN classifier models using different convolutional operation techniques. Right panel
shows the loss function during the training.

The results of this test are shown on Figure 3. The left panel on the Figure shows the Receiver
Operating Characteristic (ROC) curve, which is the relation between false positive rate (number
of CRs events classified as gammas) and true positive rate (number of gamma rays classified
correctly). The spectral filter shows better performance than the spatial filter because its curve
reaches the top-left corner, which means larger true positives and lower false positives.

2The batch is the number of samples to work through before updating the model parameters during the training
process.
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Figure 4: Left panel shows the ROC curve of two GNN classifier model using different kind of node-feature
vectors. Right panel shows the loss function during the training.

The right panel shows the measure of the discrepancy between the target and predicted value
during the training process. The spectral GNN achieved a lower difference.

Another metric to evaluate the performance of a classifier is to measure the area under the ROC
curve (AUC). An AUC of 1.0 indicates a perfect classifier, while an AUC of 0.5 suggests the model
performs no better than random chance. In this case, for the spectral model we obtained an AUC of
0.9 and for the spatial model we obtained 0.85.

On the other hand, following the same motivation as the previous test, we masked out some
of the elements of the node-feature vectors and training models with the same architecture. The
purpose is to identify which input features have the most influence on a model’s predictions. The
results are shown in Fig. 4.

Almost all the node features are important in the learning of the GNN, even the position that
alone does not have power to distinguishes between classes (purple line, AUC=0.64), in combination
with density and time enriches the performance (pink line, AUC=0.9). If we compare the model
that employs the density and position (brown line, AUC=0.88) with the one that use the time and
position (blue line, AUC=0.89), the last one is slightly superior.

It gives evidence that the timing distribution on the air shower front is important for the
classification process. This means that the GNN model is learning to make the discrimination
taking into account the two-dimensional particle density patterns and also the timing structures.

In this first approach, the GNN look like a promising tool to identify between air showers
events produced by 𝛾 rays and CR rays. Future work will focus on the evaluation of the model’s
performance considering realistic fluxes of the both groups and the application to experimental
data.
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