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ARTICLE INFO ABSTRACT

Keywords: Gamma-Ray Bursts (GRBs) are the most luminous explosions in the universe, and are of great interest in
Gamma-Ray Bursts astrophysics research. Despite the development of onboard trigger algorithms, significant obstacles remain in
Machine learning identifying weak events and effectively filtering out false detections. These challenges motivate the exploration

Deep learning
Quantum computing
Quantum machine learning

of innovative technologies such as deep learning and quantum computing to help traditional triggers as a
second verification level and increase reliability across the detection pipeline.

We present a comparison of a classical and a quantum autoencoder running on simulated quantum
hardware, tackling an anomaly detection task in a controlled environment. The goal is to compare their
performance, with a focus on resource-constrained scenarios involving limited data and trainable parameters.
Both approaches were tested using a simulated set of light curves from the anticoincidence shield of
the Compton Spectrometer and Imager (COSI) soft gamma-ray telescope. Short-duration GRB signals were
simulated using MEGAlib and then modified through data augmentation techniques.

The results indicate that while classical autoencoders reconstruct better, achieving a Mean Squared Error
(MSE) as low as 2.97 x 107, the efficiency of the quantum autoencoders is notable with lower numbers of
parameters and smaller datasets. Using only 10 trainable parameters and 100 input samples, the quantum
model obtained an MSE of 2.24 x 10~*, outperforming its classical counterpart (MSE of 3.81 x 10~ with 705
parameters). These results show a promising role for quantum machine learning in astrophysical contexts
where data related to GRBs are limited or lightweight model architectures are essential.
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A. Rizzo et al
1. Introduction

Quantum computing (Nielsen and Chuang, 2000; Rieffel and Polak,
2011) is an emerging field of computer science and engineering that
leverages the principles of quantum mechanics with the goal of solving
problems that are beyond the capabilities of even the most powerful
classical computers. In recent years, there have been constant advances
in this area, such as increased qubit capacity and improved quantum
error correction (QEC) techniques, driven by developments in quantum
hardware (Roffe, 2019; Bertels et al., 2024; Memon et al., 2024; Gill
et al., 2025). This progress is laying the foundation for increasingly
reliable and scalable quantum systems in the near future.

However, we are currently in the so-called Noisy Intermediate-Scale
Quantum (NISQ) era (Preskill, 2018), where quantum computers lack
fault tolerance and are highly prone to errors. The main goal of this
discipline, and also one of its most difficult challenges, is to achieve
quantum utility, i.e., the point at which a quantum device outperforms
a classical computer in solving practical problems.

Several research groups are making significant progress in this
direction, introducing various innovations. Google’s “Willow” quantum
chip! (Acharya et al., 2024) and IBM’s plan to introduce the first
quantum supercomputer’ are key developments that make quantum
computing more accessible, for example, by abstracting complex quan-
tum circuits into simpler functions. In addition, Microsoft recently
announced the Majorana-1 quantum chip,® based on foundational re-
search published by Aghaee et al. (2024). This could revolutionize
quantum computing by using topological qubits that make quantum
systems more stable and practical.

Quantum Machine Learning (QML) (Biamonte et al., 2017), and its
subfield Quantum Deep Learning (QDL) (Wiebe et al., 2015), can take
advantage of this technological progress, aiming to represent an alter-
native to their respective classical techniques. QML is showing great
promise in the field of computing, but also in other scientific domains
such as quantum chemistry and high-energy physics (Preskill, 2018).
This discipline integrates quantum algorithms into classical machine
learning techniques to solve problems more quickly and efficiently
than classical approaches (Harrow et al., 2009), exploiting various
principles of quantum mechanics such as superposition, entanglement,
and quantum measurement. According to different studies, QML al-
ready performs very well in certain complex tasks including pattern
recognition and anomaly detection, especially in contexts where input
data is limited or lightweight models are essential (Schuld and Killoran,
2019; Abbas et al., 2021).

We can find an example of this computational challenge in as-
trophysics. Gamma-Ray Bursts (GRBs) are among the most energetic
astrophysical phenomena observed in the known universe. They consist
of short but intense bursts of high-energy gamma rays originating from
some of the most violent astrophysical processes. It is believed that
most short GRBs, which last no more than 2 s, originate from the
merger of neutron stars, which produce gravitational wave signals.
A significant demanding task lies in detecting GRBs that originate
from weak or distant events (Kumar and Zhang, 2015, Section 6). In
fact, although many bright GRBs produce signals that dominate the
instrumental background, this is not always the case. Another difficulty
consists in separating astrophysical signals from instrumental effects,
which can often simulate short-duration events, as well as from the
enormous variation in GRB properties. These challenges represent a
major obstacle for machine learning techniques, particularly quantum
ones. It is therefore important to emphasize that, in this study, we
employ a simulated and controlled environment, using a single GRB

1 https://blog.google/technology/research/google-willow-quantum-chip/

2 https://www.ibm.com/roadmaps/quantum/2025/

3 https://news.microsoft.com/source/features/innovation/microsofts-
majorana-1-chip-carves-new-path-for-quantum-computing/
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model. This is obviously an idealized case, but it is well-suited to the
exploratory nature of this work.

Previous efforts in GRB detection have leveraged classical machine
learning methods. Parmiggiani et al. (2021) introduced a deep learning
technique using a Convolutional Neural Network (CNN) to classify
AGILE-GRID gamma-ray intensity maps, trained on extensive simulated
datasets to distinguish GRBs from background data. These observations
originate from the AGILE mission, a satellite launched by the Italian
Space Agency (ASI) devoted to high-energy astrophysics (Tavani et al.,
2009). This approach demonstrated a significant improvement over tra-
ditional methods, particularly in the analysis of short-term observations
with low photon counts.

Parmiggiani et al. (2023) developed a CNN-based autoencoder for
anomaly detection in the multivariate time series from the AGILE An-
ticoincidence System (ACS), again training on background-only data to
identify GRBs by their reconstruction error, leading to the identification
of 72 bursts, 15 of which were not listed in the AGILE-MCAL catalog.
Building on this, Parmiggiani et al. (2024) presented an updated deep
learning model that predicts AGILE ACS top panel background count
rates using satellite orbital parameters as input, detecting GRBs via
significant deviations between predicted and acquired rates. This ap-
proach allowed for the identification of 39 bursts, four of which were
previously undetected by the AGILE team.

Crupi et al. (2023), for the HERMES Pathfinder nano-satellite mis-
sion (Fiore et al., 2020, 2021), presented a data-driven approach for
detecting GRBs and other high-energy astronomical transients, using a
neural network to estimate background count rates, employing a fast
change-point and anomaly detection technique to isolate statistically
significant excesses from the background. Garcia-Cifuentes et al. (2024)
introduced a Python package that applies a machine learning approach
to the post-detection classification of GRBs, using the t-SNE algorithm
to analyze light curves from the Swift/BAT database.

These studies have already proven that a classical approach is very
successful in the context of GRB detection. This work, instead, investi-
gates whether utilizing quantum architectures can offer improvements
in certain areas, such as detection accuracy or reductions in model
complexity. Similar research on GRB analysis focused on classification
tasks. Rizzo et al. (2025) compared the classical networks defined
in Parmiggiani et al. (2021) with Quantum Convolutional Neural Net-
works (QCNNs) applied to the same type of data. This work describes
the effectiveness of Quantum Deep Learning in the supervised classifi-
cation of gamma-ray intensity maps and light curves, highlighting how
quantum variational architectures can achieve good accuracy in this
classification task, often surpassing their classical counterparts while
using fewer trainable parameters and input data. In this study, the QC-
NNs were trained to perform binary classification between GRB signals
and background noise from the AGILE mission. This work was further
extended by Farsian et al. (2025), which conducted a benchmark study
on QCNNs applied to GRB detection on simulated light curves for the
Cherenkov Telescope Array Observatory (CTAO) (Cherenkov Telescope
Array Consortium et al.,, 2019). The authors focused on evaluating
different Variational Quantum Circuit architectures to identify the most
efficient configuration for temporal signal classification. Also, they
explored the impact of different data encoding strategies on the model’s
ability to extract features from 1D time-series data. These research
efforts have demonstrated that Quantum Machine Learning can gen-
eralize effectively with a reduced number of trainable parameters and
input data, thereby highlighting the potential application of quantum
computing to astrophysical data analysis. In this work, we treat this
problem as an anomaly detection task, which aims to identify light
curves that deviate from the established pattern of background events,
thus signaling the potential presence of a GRB signal. We chose to
implement this approach rather than a standard supervised classifier
because it provides an advantage in terms of dataset requirements.
In fact, since GRBs are rare events, it would be difficult to obtain a
comprehensive and balanced dataset as required by a supervised model.


https://blog.google/technology/research/google-willow-quantum-chip/
https://www.ibm.com/roadmaps/quantum/2025/
https://news.microsoft.com/source/features/innovation/microsofts-majorana-1-chip-carves-new-path-for-quantum-computing/
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Instead, by utilizing an autoencoder for anomaly detection, we reduce
the dependence on extensive GRB data.

The scope of this work is limited to short-duration GRBs. However,
for brevity, we will refer to them as GRBs in the rest of this work.
One of the scientific objectives of the Compton Spectrometer and
Imager (COSI) (Tomsick et al., 2019, 2024) satellite, whose simula-
tions we used in our work, is to observe them to further the field of
multi-messenger astrophysics.

This paper is divided as follows: Section 2 gives an introduction to
machine learning, quantum computing, and how those two disciplines
are interconnected. Section 3 describes the dataset used in this work
and the implemented models. Section 4 presents the obtained results,
comparing the performance of the different approaches. Finally, Sec-
tion 5 discusses the implications of the main results of this work and
proposes potential directions for future research.

2. Methods and algorithms for anomaly detection

Deep Learning (DL), a subset of Machine Learning (ML), uses deep
neural networks to handle complex data, attempting to replicate hu-
man decision-making. The main strength of DL networks lies in their
depth, which can reach over hundreds of layers, allowing for a precise
and concise analysis of input data (Goodfellow et al., 2016). These
algorithms can learn through two different paradigms. The first is su-
pervised learning, in which the model is trained with previously labeled
data. The second is unsupervised learning, which involves identifying
patterns and features from raw data and is a fundamental aspect of ar-
tificial intelligence because it facilitates the acquisition of information
without direct human intervention. For this reason, it is widely used
in various applications, such as speech recognition (Liu et al., 2022),
image analysis (Liu et al., 2024), and anomaly detection (Berahmand
et al., 2024).

2.1. Classical autoencoders

An autoencoder is a type of neural network model in which the net-
work attempts to efficiently compress, or encode, the input data down
to its essential features, and then reconstruct, or decode, the original
input data from that compressed representation. For a more detailed
discussion of classical autoencoders, refer to Appendix A or Goodfellow
et al. (2016).

In this work, we applied this machine learning model to an anomaly
detection task. This is the process of identifying data points, patterns,
or events that deviate from the standard and expected behavior of the
input data. These data points, or outliers, are very important because
they allow us to identify critical issues such as fraud, system failures,
or other anomalies. For this reason, this technique plays a fundamental
role in several fields, including cybersecurity (Lunardi et al., 2022),
healthcare (Fernando et al., 2021), manufacturing (Yan et al., 2024),
and finance (Bakumenko and Elragal, 2022). An autoencoder is the
most suitable machine learning model for this type of task because
it is trained only on normal data, allowing it to become an expert in
reconstructing normal patterns. When we input anomalous data to this
model, e.g., a GRB event, it will not reconstruct it correctly, since the
key features of the signal are unknown to the trained network. Thus,
the reconstruction process will produce a lower quality result with a
higher reconstruction error, which will then lead to these data being
flagged as anomalies.

2.2. Fundamentals and methods of quantum computing for machine learn-
ing

In this study, we implement the quantum counterpart to the clas-
sical autoencoder to compare the performance of the two models.
Before proceeding, it is important to discuss some of the most relevant
concepts of quantum computation, such as qubits, superposition, and
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entanglement, and their relationship to machine learning. We also
discuss quantum circuit operations and the role of these principles in
hybrid-quantum classical systems. For a more detailed exposition of
these fundamental topics, the reader is referred to Appendix B or Klusch
et al. (2024).

At the end of this section, we identify the baseline quantum autoen-
coder (QAE) and its main components used in this work.

2.2.1. Quantum computing

Quantum computing leverages quantum mechanical principles for
computation. To perform operations on quantum information, we need
quantum circuits, composed of quantum gates. These architectures
represent the quantum analog of classical Boolean circuits (Nielsen and
Chuang, 2010).

The fundamental component of a quantum circuit is the qubit,
representing the quantum counterpart of a classical bit. A qubit may be
in the state |0) or |1), akin to its classical counterpart, but can also exist
in a superposition of states. This is expressed as |y) = a|0)+f|1), where
a and g are complex numbers satisfying the condition |a|® + |8]> = 1.
The n-qubit quantum state space can scale exponentially, up to as 2".

Another very important principle of quantum computing is en-
tanglement, a quantum phenomenon where multiple qubits can be-
come correlated with each other, thus making their individual states
indistinguishable in order to create complex relationships between
them.

We must perform operations on those qubits to enable computation.
This is achieved through operators that delineate the evolution of the
quantum state via a unitary transformation, a process that is reversible
and ensures the preservation of state normalization. After implementing
these operators, to extract information from a quantum system we need
to perform a measurement, which is a probabilistic process. When ap-
plied to a qubit in superposition, the measurement forces it to collapse
into one of its defined ground states, making the result accessible as
classical information.

Today’s hardware limits the computational potential of these quan-
tum principles. In fact, the number of qubits, short coherence times,
and low gate fidelity are constraints for current quantum comput-
ers (Preskill, 2018). For this reason, until we are in the NISQ era, hybrid
quantum-classical computing has found widespread use, showing great
promise for machine learning applications. These models use varia-
tional quantum algorithms (VQAs) that implement quantum circuits
with trainable parameters, known as parameterized quantum circuits
(PQCs) (Cerezo et al., 2021), that are then optimized using classical
optimization algorithms.

Quantum embedding is the first step in implementing a VQA. In this
phase, classical data is encoded within a quantum state, thus defining
the expressive power that the quantum model can offer. In this work,
we used amplitude encoding, a technique that allows for exponential
compression of input data. It encodes a classical N-dimensional vector
x into the amplitudes of a normalized quantum state with n-qubits,
where n = [log,(N)]. We chose this technique because its scaling is
particularly advantageous when dealing with large-dimensional data,
such as that considered in this study. A more detailed introduction of
this embedding process can be found in Appendix B.1. Following the
encoding process, the quantum state is processed by the network’s PQC.
The output of this circuit is then measured to obtain information in a
classical state, which will then be evaluated by a classical computer
through a hybrid optimizer that will update the circuit’s parameters to
minimize the chosen cost function.

2.2.2. Quantum autoencoder

As introduced at the beginning of Section 2.2, we implement a
Quantum Autoencoder (QAE) for anomaly detection on light curves,
in order to identify potential GRB signals by training the model on
background-only light curves. We then compared the results with the
classical counterpart.
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Fig. 1. Representation of a quantum autoencoder. One can notice the similar-
ities with the classical autoencoder, with the circuit having an input state, a
bottleneck state, and an output state.

Source: Figure adapted from https://qiskit-community.github.io/qiskit-
machine-learning/tutorials/12_quantum_autoencoder.html.

The goal of a quantum autoencoder, defined in Romero et al.
(2017), is to reduce the dimensionality of the input in the same way
as the classical one. The only difference in this case is that the input is
a quantum state. Fig. 1 shows a representation of this model.

This reduction is achieved by a unitary encoding that maps the input
to a smaller latent space, followed by a unitary decoding that attempts
to reconstruct the initial state from this compressed representation. The
goal of training is to maximize the fidelity between the input and the
reconstructed quantum state in the output. The circuit of a QAE consists
of an input layer that compresses the state, an encoder implemented
via a PQC, a bottleneck layer in which some qubits are initialized or
traced out, and another PQC decoder that uses an ancilla qubit to
reconstruct the original state. For a detailed description of the original
QAE architecture, including the mechanism involving reference and
auxiliary qubits, the state transformations, and the specifics of the
loss calculation on the bottleneck layer, please refer to Appendix C
or Romero et al. (2017).

In addition to the standard QAE architecture, we also implemented
and tested an improved version based on Feature Vector Encoding
(Bravo-Prieto, 2021). This technique modifies the quantum circuit by
dynamically setting the rotation angles of the gates based on classical
features of the input data, such as the mean and standard deviation
of the light curves dataset. A detailed explanation of this method is
provided in Appendix C.2.

Similar works employing quantum autoencoders include Ngairang-
bam et al. (2022), which investigated VQCs for anomaly detection in
Large Hadron Collider data. Frehner and Stockinger (2024) explored
quantum autoencoders for time series anomaly detection across various
benchmark datasets, analyzing reconstruction errors and latent space
representations.

3. Methods and experimental setup

This section describes the experimental settings used to implement
and evaluate classical and quantum autoencoders. In the following
paragraphs, we detail the simulation process employed to generate
background and GRB light curves, which will be used for training and
evaluating the models, then we analyze the key characteristics of the
resulting dataset, and finally address the various pre-processing steps,
such as normalization, necessary to feed the data into the implemented
architectures.

3.1. Datasets

To train, test, and evaluate the DL models, we simulated two
separate datasets: one composed of background-only light curves and
the other containing background and GRB events. The former is mainly
used during the training phase to learn the best parameters for the
model, while the latter is reserved for evaluating the architecture’s
performance and testing its ability to successfully identify anomalies.
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3.1.1. Background-only light curves

To generate the datasets for this research, we relied on simulations
for the Compton Spectrometer and Imager (COSI) satellite (Tomsick
et al., 2019, 2024). This is a soft gamma-ray survey telescope, operating
in the 0.2-5 MeV range, designed to investigate the origins of Galactic
positrons, reveal the sites of nucleosynthesis in the Galaxy, carry out
innovative studies of gamma-ray polarization, and find counterparts to
multi-messenger sources.

Its germanium detectors (GeDs) have an instantaneous field of view
of >25% of the sky and exceptional energy resolution (~1%). The de-
tectors are surrounded on the sides and bottom by Bismuth Germanate
scintillator (BGO) active shields to reject background charged particles.
Those are also utilized for GRB detection through an onboard triggering
algorithm. When this system identifies a burst, the satellite promptly
transmits data packets to ground stations via the Tracking and Data
Relay Satellite System (TDRSS), a dedicated real-time analysis pipeline
will then examine it more closely to confirm and get more details about
the event, including localizing the GRBs in the COSI field of view to
<2.5° accuracy. It is at this stage that the models discussed in this work
could be useful. For example, they could provide important secondary
verification of the detections made by the onboard trigger, allowing
for more reliable GRB alerts before further analysis is initiated. More
details about the COSI pipeline can be found in Zoglauer et al. (2024).

COSI’s survey mode is characterized by a periodic rocking of its
pointing axis, which shifts between 20° North and 20° South of the
Earth’s zenith over a 12-hour cycle. The background light curves for
our models were generated using the COSI BGO background dataset
simulated for the Data Challenge 3* (Zoglauer et al., 2021; Martinez,
2023; Karwin et al., 2025). This dataset contains 24 h of simulated BGO
data, consisting of 14 COSI orbits. However, after discarding the initial
orbits due to instrument activation and removing passages through
the South Atlantic Anomaly, the remaining data were insufficient for
robust model training and evaluation. We therefore selected a 1000-
second time window from a single orbit position that represents the
average count rate during the orbit and binned the background counts
using 1-second bins. This approach is justified because the instrumental
background, while dependent on the satellite’s pointing and orbital
position, can be considered constant over the short timescale of a GRB
event, which typically lasts only a few seconds. Once the pointing is
set, the satellite’s environment does not change significantly during the
brief moments in which the burst is visible. We fitted the distribution
of these count rates in the defined time window with a Gaussian
distribution (Fig. 2), evaluating the fit with the y? test. We obtained
a reduced chi-squared (y?/ndof) of 0.98, which confirms the goodness
of the fit. The obtained mean is 1308, and the standard deviation is 58.
We can use the fitted parameters to simulate new background data by
sampling from a Gaussian distribution with the same parameters.

During the training, the background-only dataset is split into train-
ing and validation datasets. The training dataset allows the model to
learn the background data patterns. We then introduced an additional
set of 1 x 10* background-only light curve samples for this evaluation
phase. This dataset has been generated following the same distribution
of the data used for the training process.

A schema of the configurations used for these tests is presented
in Table 1. We arbitrarily chose the number of samples generated,
limiting ourselves to three specific dataset sizes: 100, 1000, and 5000
samples. By using only 100 samples, we observed the behavior of the
models with a very small dataset, thus obtaining information about
their performance in scenarios with limited data availability. On the
other hand, by using 5000 samples, we tested the model’s ability to
generalize when trained on a larger dataset. We opted to limit the
dataset sample size to 5000 due to the computational constraints of
the quantum model training process.

4 https://github.com/cositools/cosi-data-challenges
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Fig. 2. Gaussian fit to the background count distribution from the COSI
BGO_Z1 detector.

Table 1
Used configurations for both the classical and quantum models.
Samples Training set Validation set Test set GRB set Bins
100 80 20 1x10* 1x10* 32
80 20 1x10* 1x10* 128
vl vl
1000 800 200 1x 1()4 1x 104 32
800 200 1x10 1x10 128
5000 4000 1000 1x10* 1x10* 32
4000 1000 1x10* 1x10* 128

We normalized the datasets to facilitate faster and more efficient
training for the autoencoder models. We applied Min-Max scaling to
the entire datasets, a normalization technique that transforms data
features into the range [0,1]. This method adjusts the scale of each fea-
ture through a linear transformation, ensuring that the minimum value
becomes 0 and the maximum value becomes 1. For a given value x of
a dataset X, the normalized value x’ is calculated using the formula:

, x — min(X)
" max(X) — min(X)"

This technique preserves the relationship between data points, en-
suring the structure of the dataset remains intact. It is important to note
that the normalization factors are computed on the whole dataset, and
not for each light curve. However, the normalization procedure must
be different for the quantum approach, as explained in Section 3.3.

As shown in Table 1, we tested several datasets with different
numbers of time bins: 32 and 128. This was done to evaluate how the
model performs with data of varying dimensions, in terms of efficiency
and computational complexity. To modify the number of bins, we
divided both the mean and standard deviation of the original fitted
Gaussian for 1/0.05 for the 128-bin case and 1/0.15 for the 32-bin one.
In this way, we reduced the bin time of the light curve from the initial
one-second value.

@

3.1.2. GRB light curves

We created a dataset of GRBs to evaluate our trained model by
summing randomly generated background light curves with GRB sig-
nals. The latter are generated starting from the simulation of the GRB
180703B using the MEGALib software (Zoglauer et al., 2006), with the
DC3 COSI mass model. We extracted the light curve template from the
Fermi-GBM GRB catalog (von Kienlin et al., 2020). While focusing on a
single GRB signal can be considered a limitation, this is an exploratory
study, aiming to provide a direct comparison between classical and
quantum DL mechanics on a consistent dataset.
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Fig. 3. GRB light curve used for the simulations.

As shown in Fig. 3, this GRB is remarkably strong, exhibiting two
peaks of photon counts, where the main one reaches nearly 1400
counts.

We calculated the statistical significance of each source using the
Li&Ma method (Li and Ma, 1983). By extracting the t on counts (pho-
tons detected during the GRB event window) from the signal window
and the t off counts (photons detected during a reference period con-
taining only background noise) from the background window, we
obtained an exceptionally high significance for the event. This value
suggests a very strong deviation from the background noise, providing
clear evidence for the presence of a GRB.

We implemented a data augmentation technique to generate a
dataset from the only GRB template available. This was essential to run
a full inference on the trained models. For each new sample, the counts
of each time bin of the original curve are multiplied by a random factor,
extracted from a uniform distribution, which introduces a variable
increase between 0% and 10%. In this way, we diversify the samples
by adding independent stochastic noise into each bin.

This process was repeated to generate a number of GRB light curves
matching the number of time series in the test set,” which facilitated a
comparison of final results.

We divided the counts of each event by a reduction factor of 30 to
reduce the significance of the GRB and obtain a more complex dataset,
since the signal becomes less distinguishable from the background
noise. In this way, we obtained a mean statistical significance calcu-
lated with the Li&Ma method (Li and Ma, 1983) on the whole dataset
equal to 7.12 for the 32-bin case, as shown in Fig. 4. As illustrated in
Fig. 5, to compute the statistical significance, we made use of the counts
within the red-shaded area for the GRB signal, while the blue-shaded
part gives us the background count for the comparison in the formula:

s=\2lam () ) +om () @

where a =1,,/t,,, s is the total number of counts in the on-source re-
gion, and b is the number of counts in the background region. The vari-
able S then represents the statistical significance of the observed signal,
quantifying how unlikely it is to be a random background fluctuation.

Fig. 6 illustrates the signal’s composition across three different plots:
the background-only light curve, the GRB signal, and the light curve
resulting from their sum.

The GRB signal was introduced at 1/6 of the length of the original
background light curve. In the case of a 128-bin light curve, the GRB
was introduced after the 20th bin. This process is crucial because it
allows us to replicate the data an observer would actually measure.
On the other hand, we showed the scenario for the 32-bin light curve
in Fig. 7. In this case, both the background and the GRB signal were
defined with the same number of bins. Since we know the GRB is
located in the first half of the signal, we started again the GRB at 1/6

5 1x 10* samples.
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Fig. 4. Histogram of the obtained significance with the Li&Ma method for
each simulated GRB in the dataset.
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Fig. 5. Example of a GRB light curve composed of 32 bins with the highlighted
windows for the computation of the significance with the Li&Ma method.

of the background light curve, and summed the remaining bins up to
the 32nd, ignoring the last ones of the GRB event, as they are close to
zero. This allows us to know what the correct windows are to compute
t,y and t,,, for the Li&Ma method. While this approach might train
the model to recognize the signal’s location, this is not a limitation
for our intended application. It is important to recall that we propose
this method as a secondary check, used only after an initial onboard
trigger has already detected a GRB and its approximate position in the
time series has been determined. As described in Parmiggiani et al.
(2026), once the onboard trigger identifies a burst, the relevant data
are transmitted to the ground for confirmation and localization. The
system provides the specific trigger time (7;)) of the event, meaning this
methodology does not imply a blind search. This allows us to place the
GRB in a fixed position within the time series in order to standardize
the evaluation of the autoencoder’s reconstruction fidelity. This setup
enabled us to focus on the model’s performance in signal reconstruction
and anomaly detection.

Finally, we normalized this dataset in the same manner as with the
background dataset, using the same normalization values to keep the
background at the same level.

3.2. Models

In this section, we outline the models used to address this anomaly
detection task. First, we present the classical model, detailing its deep
learning architectures and hyperparameters, in order to establish a
meaningful basis for comparison. Subsequently, we introduce its quan-
tum counterpart, describing the ansaetze we used, the encoding of
classical data into quantum states, and the metrics employed.
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Fig. 6. Background, GRB, and resulting light curves for the 128-bin case. The
top panel shows a 128-bin light curve representing the estimated background
noise. The middle panel represents the signal model of the GRB, while the
bottom panel shows the simulated light curve, created by summing the GRB
signal into the background at an offset of 1/6 of the total time window.

The implementation of the classical and quantum models described
in this work is available in a GitHub repository upon request.°®

3.2.1. Classical approach

We implemented a deep learning classical autoencoder using 1D
convolutions to process time series data as input, as also discussed
in Parmiggiani et al. (2023). Additional details can be found in Good-
fellow et al. (2016). This model efficiently extracts local features from
adjacent data points, which then serve as fundamental building blocks
for the autoencoder to learn a more comprehensive, hierarchical rep-
resentation.

This architecture is composed of two 1D convolutional layers for
the encoder and three transposed 1D convolutional layers for the
decoder. The former extracts spatial and temporal features from the
input time series data, reducing its dimensionality while preserving
essential patterns. On the other hand, the decoder is the inverse of
a 1D convolution, and it increases the length of the input sequence
rather than reducing it, making it particularly useful for upsampling
and decoding, as required in this case.

We used 5 as the kernel size, while the filters are changed to
obtain models of varying complexity, in order to compare them with

6 Please contact the corresponding author at alessandro.rizzo@inaf.it to
request access to the GitHub repository.
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Fig. 7. Background, GRB, and source light curves for the 32-bin case. The
description of each plot is the same as in Fig. 6.

their quantum counterparts. Each layer is followed by a dropout layer
with a value of 0.2 to avoid overfitting. Those hyperparameters have
been chosen by building upon previous work, such as Parmiggiani
et al. (2023). We used the Rectified Linear Unit (ReLU) as activation
function, which introduces non-linearity into the model by returning
the input directly if it is positive, and zero otherwise, defined as f(x) =
max(0, x).

The model was trained for 100 epochs with Early Stopping enabled,
a regularization technique that monitors the validation loss during
training and halts the process if the model’s performance on the val-
idation set does not improve after a specified number of consecutive
epochs, preventing overfitting. As the loss function, we used the Mean
Squared Error (MSE), defined as:

n
1 A2
MSE = ~ =) 3
ng},(y, ) 3)

where n is the total number of data points, y; is the actual value of the
ith data point, and j; is its predicted value by the trained model.

For the training process, we used the ADAM optimizer (Kingma and
Ba, 2017), setting the learning rate to 1x10~%. We chose 16 as the batch
size for the training process.

Fig. 8 shows the structure of an architecture composed of approx-
imately 4 x 10* parameters. The larger model tested contains 6.5 x
10° parameters, while the smallest models have only 705 and 1081
trainable parameters, respectively.

We implemented these architectures using Keras (Chollet et al.,
2015) with TensorFlow (Abadi et al., 2015) as the backend.
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Layer (type) Output Shape Param #

convid (ConviD) (None, 64, 32) 192
dropout (Dropout) (None, 64, 32) o
convid_1 (ConviD) (None, 32, 64) 10,304
dropout_1 (Dropout) (None, 32, 64) )
convld_transpose (None, 64, 64) 20,544
(ConviDTranspose)

dropout_2 (Dropout) (None, 64, 64) )
convld_transpose_1 (None, 128, 32) 10,272
(ConviDTranspose)

dropout_3 (Dropout) (None, 128, 32) )
convld_transpose_2 (None, 128, 1) 161

(ConviDTranspose)

Total params: 41,473 (162.00 KB)
Trainable params: 41,473 (162.60 KB)

Non-trainable params: © (©.00 B)

Fig. 8. Structure of the classical deep learning model composed of 4 x 10*
trainable parameters. This table provides a layer-by-layer summary of the
model, showing the sequence of operations, the transformation of data’s shape,
and the parameter count at each step.

3.2.2. Anomaly score

The anomaly score represents a quantitative measure of how much
a data point, in this case a light curve, deviates from expected behavior.
For autoencoders, this measure corresponds to the reconstruction error
between the original inputs and the outputs reconstructed by the
model.

In our work, to mitigate potential boundary effects, we excluded
from the ends of each light curve three edge bins for the 32-bin case and
11 for the higher-dimensionality curve. We then calculated the squared
error for each light curve between the original and reconstructed data
points for the remaining bins. Finally, we summed the differences
between the input light curve and its autoencoder reconstruction across
all bins to distinguish the anomalous time series.

We set the normal reconstruction baseline by analyzing the dis-
tribution of total errors from the training data. To find the critical
anomaly threshold, we found a balance between minimizing false
positives (on the test set) and false negatives (on the GRB set). Thus,
a light curve from the train, test, or GRB set will be classified as an
anomaly if its absolute reconstruction error exceeds this empirically
determined threshold. This was done for both the classical and quantum
approaches.

3.3. Quantum approach

We implemented a quantum autoencoder (QAE) as introduced in
Section 2.2.2 and expanded in Appendix C, composed of a PQC. To
evaluate the impact of model depth, we tested configurations with both
a single and three layers. The former offers significant advantages in
computational efficiency and training speed due to its reduced param-
eter count, and despite its lower theoretical capacity, we found this
simpler configuration to be effective at learning the key patterns within
our data. In contrast, the deeper circuit presented some optimization
challenges, even though it provided greater expressive power. We did
not go beyond this number of layers due to computational complexity
and training time constraints, as well as the model beginning to overfit
with increased depth. The number of qubits, as we will explain shortly,
depends on the size of the input data and the type of embedding chosen
to represent classical data in a quantum state.

To implement the quantum circuits, we used the Qiskit Framework
(version 1.3.2) offered by IBM (Javadi-Abhari et al., 2024), which
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also allowed us to implement some PQCs already available in its
library. We used the quantum simulators offered by Qiskit Aer,” a high-
performance quantum computing simulator module that is part of the
Qiskit environment. It provides interfaces to run quantum circuits with
or without noise using multiple different simulation methods, including
Statevector Simulator, which is the one used in this work. This method
computes the full quantum state of a circuit, enabling precise simu-
lations of quantum algorithms without noise. Qiskit Aer also supports
GPU acceleration. All runs in this work for the quantum models have
been executed on an NVIDIA RTX 4000 SFF Ada Generation GPU and
a dual-socket AMD EPYC 9654 CPU.

Preparing data for quantum state encoding requires a specific pre-
processing procedure, distinct from methods employed for classical
machine learning models, such as Min-Max normalization. The manda-
tory step for quantum compatibility is normalizing each sample vector
x to have a unit L, norm, satisfying the condition ||x||> = 1, for the
state to be physically valid and represent a probability distribution, as
described in Appendix B.1. Applying this unit norm normalization was
the essential data preparation carried out before the quantum encoding
stage in this work.

To optimize the training process, we used the Constrained Opti-
mization By Linear Approximation (COBYLA) optimizer (Powell, 1994,
1998, 2007), which is a numerical optimization method for constrained
problems where the derivative of the objective function is not known.
This optimizer does not rely on gradients to update the parameters, but
approximates the objective function using linear models.

After training, we performed inference to verify whether the model
correctly identified GRB light curves as anomalies, similarly to what we
did for the classical approach, as described in Section 3.2.2.

Our initial explorations involved the computation of exact final state
vectors. From these, we could directly derive fidelity metrics using the
SWAP Test, as discussed in Appendix C.1, and MSE values. The process
involved parameterizing the quantum gates, binding their parameters,
and omitting the final measurement step to maintain a pure state
vector representation rather than collapsing it into a set of classical
outcomes. After conducting tests with this particular setup, we shifted
our main focus to an alternative method that will be detailed shortly,
as it proved to be more efficient for achieving high-fidelity light curve
reconstructions.

To reconstruct the data, we again applied the chosen parameterized
circuit for the encoder as its inverse in the decoder part of the network.
This inverse transformation is implemented by applying the conjugate
transpose of each gate in the encoder circuit in reverse order, effectively
reversing the unitary operations performed during the encoding step.
For example, a rotation gate R(9) in the encoder would be inverted as
R,(-0) in the decoder.

The alternative approach we adopted to reconstruct the light curves
utilized the Sampler® primitive offered by Qiskit. The Sampler’s core
function is to execute quantum circuits and estimate the probability
distribution of their measurement outcomes, effectively simulating the
process of sampling from the final quantum state. This function returns
quasi-probabilities, which are estimates of measurement probabilities
derived from a finite number of shots.

In our specific application, this output distribution directly gives the
probability p, for each of the 27 = 128 or 2° = 32 computational basis
states corresponding to our light curve bins (k =0 to k = 127 or k = 32,
for N =7 or N = 5 respectively, where N represents the number of
qubits). Following our methodology, the reconstructed value for each
light curve bin k is then determined by taking the square root of its
Sampler-derived probability, |/p;.

7 https://qiskit.github.io/qiskit-aer/
8 https://docs.quantum.ibm.com/api/qiskit-ibm-runtime/sampler-v2
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Fig. 9. Example of Real Amplitude ansatz implemented via Qiskit.
Source: Figure adapted from Yoffe et al. (2023).

3.3.1. Type of ansatz

An ansatz is essentially a PQC, consisting of various quantum gates
with tunable parameters. In this work, we implemented and tested
several PQCs, differing in the types of quantum gates they include and
the number of required trainable parameters.

Some of the ansaetze used in this study were derived from the work
presented in Sim et al. (2019). Other tested ansaetze were obtained
from the Qiskit library, such as Real Amplitudes (an example is shown
in Fig. 9) and Efficient SU2. Both belong to the n-local circuit class
implemented in Qiskit, which is designed to provide a flexible and
efficient parameterization of quantum circuits.

The structure of these models consists of alternating rotation and
entanglement layers. In the rotation layer, the gate blocks are applied
sequentially, stacked on top of each other, while the entanglement layer
applies two-qubit gates, such as CNOTs, to interconnect pairs of qubits.

There are different strategies to perform entanglement in an ansatz,
and selecting the right one is a critical aspect of PQC design, as it
influences its ability to navigate the Hilbert space and converge dur-
ing variational optimization procedures. For tasks involving anomaly
detection or reconstruction of 1D time series data, such as this work,
entanglement strategies as linear or circular are likely most appropriate
for the training process. In the former, qubits are connected sequen-
tially, while the latter couples qubits in a loop, allowing the last one to
interact with the first one.

3.3.2. Architecture choices

The number of qubits initialized for each circuit depends mainly on
the type of encoding used. In fact, as discussed in Appendix B.1, in
the case of amplitude embedding, the number of qubits is determined
by the length of the input data. This encoding has been implemented
using the RawFeatureVector class offered by Qiskit, which acts as
an initialization method for state vectors.

We must also ensure that the number of qubits in the latent space
is sufficient to provide adequate representational capacity for this task.
For this reason, we need to define the division between trash and latent
qubits. The former ones are those discarded in the bottleneck layer,
while the latter ones serve as the compressed representation of the
input data. Through our experiments, we found that using a greater
number of latent qubits than trash qubits leads to better results, as well
as shorter training times. This improvement is likely due to the model’s
ability to preserve critical information from the input during the com-
pression stage of the autoencoder. Having more trash qubits also leads
to more complex and computationally expensive optimization processes
due to the operation of tracing out a larger number of qubits from the
quantum system in the bottleneck layer.

3.3.3. Metrics and losses

In this work, we have explored different types of loss functions and
metrics for training and evaluating the quantum autoencoder.

The first metric we examined was the fidelity score, which measures
the similarity between the trash space and the input state to identify the
best latent space that generalizes the most important input features.
For an input state |y;,) and a reconstructed state |y,,, ), the fidelity
is defined as F = |{(y/,-,,|wau,)}|2. When the fidelity score is equal to
1, the reconstructed state perfectly matches the input state, while a
score of 0 means the reconstructed state is orthogonal to the input state.
Typically, this value lies between 0 and 1.
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Since we prefer to minimize a loss function C during the training
process, we define the loss as:

1
C=—————. 4
logo(1 — F) )

This definition requires F to be in the open interval (0,1), ensuring the
logarithm is well-defined and avoiding division by zero.

After training, we used the MSE to compare the results, evaluat-
ing the performance of the autoencoder by calculating the difference
between the original light curve and the reconstructed one.

A second way to assess the effectiveness of our model was through
the cost function introduced in Bravo-Prieto (2021) and defined in
earlier work by Cerezo et al. (2021). This function is constructed from
the expectation values of local Pauli Z-operators measured on each
trash qubit, and it is designed to ensure that these qubits decouple
from the system by actively forcing their collapse into the |0) state.
The formal definition of this cost function and its detailed derivation
are provided in Appendix C.3.

We assessed the quality of the autoencoder’s output curve recon-
structions against the original ones using two standard metrics. Along-
side the previously mentioned Mean Squared Error (MSE), we also
utilized the Mean Absolute Error (MAE). This provides a direct measure
of the average magnitude of errors by calculating the mean of the
absolute differences between predicted values ; and the actual values
y; for each data point i and it is defined as:

n
1 N
MAE=;Z|y,~—yi|‘ 5)
i=1

To evaluate the error relative to the magnitude of the actual observa-
tions, we also computed the Mean Absolute Percentage Error (MAPE):
n A
MAPE — 100% Z‘y,- yi|' ®)
noia Vi
To calculate this, we first computed the standard MAE between the
original sample and its autoencoder reconstruction, then we derived the
arithmetic mean of the data points in the original light curve, finally the
sample’s MAE is expressed as a percentage of the sample’s mean value:

. . MAE,,
Light Curve Relative MAE % = (| ———— | x 100. @
Hice

This percentage quantifies the average absolute reconstruction error
relative to the sample’s intensity level. Afterwards, the final metric
for a dataset is obtained by averaging the individual MAE values
across all samples belonging to that specific dataset. Normalizing the
reconstruction error by each light curve’s average intensity allows for a
better comparison of the model’s performance across signals of different
magnitudes. Using this metric to assess the reconstruction quality of
our models allowed us to compare the performance of the classical and
quantum models on the test set. A lower MAPE value corresponds to a
more accurate model.

4. Results

This section outlines the obtained results from both the classical
autoencoder, which serves as our baseline, and the quantum approach,
in order to investigate whether it is possible to achieve a quantum ad-
vantage or to determine if the quantum model can at least replicate the
classical performance. The results shown in the following paragraphs
refer only to the 32-bin case, unless stated otherwise, the reason for
this will be explained in Section 4.2.

4.1. Classical results

As mentioned in Section 3.2, we tested multiple architectures with
different numbers of trainable parameters: 6.5 x 10°, 4 x 10*, 1081, and
705. We also ran the model with various dataset sizes to see how these
differences affect the final results.

Astronomy and Computing 56 (2026) 101090

As shown in Fig. 10, the models successfully converge during the
training process, with the architecture containing the largest number
of parameters achieving the best performance. It is also important to
mention how the validation loss remains lower than the training loss
during the process, and this is due to the presence of dropout layers
that are only visible to the training dataset but not to the validation
set, resulting in lower variability in the validation loss.

The minimum MSE achieved after the training process for both
the training and test sets is presented in Table 2. This shows the
different tests conducted by varying the size of the input dataset and
the number of trainable parameters, while the results are divided
between the training and test sets. We recall that, as described in
Section 3.1, the test dataset is composed of 1 x 10* samples. The
obtained trends indicate that, as might be expected, the model with the
highest capacity (determined by its architecture, such as the number
of layers and parameters) consistently achieved the lowest MSE values
across both the training and test datasets, showing strong learning and
generalization capabilities. On the other hand, the architecture with the
fewest parameters exhibited a higher MSE, indicating its difficulties in
reconstructing the input curves. These results also highlight the benefit
of a larger dataset, as utilizing 5000 samples consistently produced
lower MSE scores compared to using only 1000 samples.

In Table 3, we present the detected anomalies on the GRB dataset for
the trained models that achieved better performance, as well as those
incorrectly identified as outliers in the test set (i.e., false positives). It
should be noted that models with lower performance were not con-
sidered for these and subsequent tables, as they could not adequately
reconstruct the curves. The structure is the same as in Table 2.

We found a very high detection rate for genuine GRBs across the
models tested. This excellent detection accuracy demonstrates the effec-
tiveness of classical autoencoders, which can easily detect anomalous
data within the dataset owing to their optimal normal data recon-
struction properties. Regarding the false positive rates, the table shows
these are generally low for each configuration. It is also interesting
to note that in this case, the model with fewer parameters shows a
slight improvement for the 5000-sample case, presenting a lower false
positive rate (0.15% vs 1.70%) and detecting a few more GRBs (99.52%
vs 99.30%). This outcome highlights that although the largest model
achieves a better overall reconstruction performance (lowest MSE), the
difference, even if very minimal, in detection performance is likely due
to the anomaly threshold. Since the largest model reconstructs normal
background data with a very low error, it may become more sensitive
to minor statistical noise during the inference task. The medium-sized
model might offer a cleaner separation between background noise and
the anomaly at the specific threshold used.

We further computed additional metrics, including precision, recall,
and Fl-score, to assess and compare the performance of different
architectures in identifying anomalies and accurately classifying them
as GRBs. In fact, this problem can be framed as a binary classification
task, where the two classes correspond to background noise and GRBs.
Precision measures the fraction of detections flagged as anomalous
that correspond to true GRB events, a high value thus reflects a low
rate of false positives among the identified candidates. Recall, also
known as sensitivity, measures the fraction of all actual GRB events
that the model successfully captures. A high recall value, therefore,
signifies a low rate of false negatives, meaning few true events were
missed. Finally, the F1-score is a single measure of overall classification
performance since it is calculated as the harmonic mean of precision
and recall. Those metrics are defined as follows:

TP

Precision = ————, ®
TP + FP
TP
Recall = m, (9)
Fl-score = 2 x Precision x Recall (10)

Precision + Recall’
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Fig. 10. Comparison of loss curves for different classical model sizes.

Table 2

Comparison of training and test errors for different datasets and classical models.

Dataset configuration

Trainable parameters

MSE - training set MSE - test set

6.5% 105 1.65x 10~ 176 x 10

. 4x 10° 530 x 10 5.65% 10~

1000 Samples - 32 bins 1081 9.70 x 103 9.78 x 103
705 132% 102 133% 102

6.5% 10° 2.65 % 105 2,97 105

4x 104 151 % 10~ 158 x 104

les - 32 bi

5000 Samples - 32 bins 1081 542107 5.50% 103
705 407107 411107

Table 3

Comparison of percentage of light curves flagged as anomalies in the GRB and test datasets for different classical

model sizes and dataset configurations.

Dataset configuration Trainable parameters

GRBs detected (Test set) GRBs detected (GRB set)

. 6.5x 10° 0.31% 99.15%
1000 Samples - 32 Bins 4x 10° 1.44% 98.50%
. 6.5 x 10° 1.70% 99.30%
5000 Samples - 32 Bins 4x 10° 0.15% 99.59%
where TP = True Positive, FP = False Positive and FN = False Negative. Table 4
They range between 0 and 1, where 1 represents perfect performance Comparison of precision, recall and F1-score for the classical architectures.
and 0 indicates the worst possible outcome. In our work, we computed Dataset Trainable parameters  Precision ~ Recall ~ Fl-Score
the MSE between each original light curve and its corresponding au- 1000 Samples - 32 Bins 6.5x 10° 0.997 0.992  0.994
toencoder reconstruction across the training, test and GRB datasets. 4x10t 0.986 0.985  0.985
An anomaly threshold was then established following the approach . 6.5 % 10° 0.994 0.953  0.973
5000 Samples - 32 Bins | 0.998 0.995  0.997

described in Section 3.2.2. Applying this single threshold to the MSE
scores calculated for the combined test and GRB samples allowed us
to assign a binary classification to each sample, and by comparing
these assigned labels against the ground truth, we computed the metrics
introduced above. Moreover, to assess performance across the entire
spectrum of possible thresholds, we generated the Receiver Operating
Characteristic (ROC) curve from the test and GRB samples’ MSEs and
calculated the total Area Under the Curve (AUC), obtaining the plot
in Fig. 11. We can notice how the curve is very close to the top-left
corner, where the False Positive Rate is 0 and the True Positive Rate
is 1, indicating that the model exhibits a high capability to distinguish
between normal data and anomalies. This is further supported by the
AUC score.

In Table 4, we showed the aforementioned metrics. As already
noted, we observe that the two larger models deliver excellent scores
across all metrics. Their robust performance is evident for both dataset
configurations.

Fig. 12 compares the original light curves with those reconstructed
by the decoder, while the green plot represents the absolute differ-
ence between the real and reconstructed values for each bin. We can
observe how the classical autoencoder performs exceptionally well in

10

reconstructing the curves, despite its simplicity as a vanilla model
with a deterministic latent space. Notably, even the anomalies are
reconstructed with high accuracy. On the other hand, the model with
705 parameters struggles to properly reproduce the curves, as shown
in Fig. 13. Specifically, it struggles to reconstruct the test set curves,
performing significantly worse than models with a greater number of
parameters, which results in a loss of detail and poor reconstruction
quality. Fig. 14 presents the histograms of the absolute differences
between the original light curves and their reconstructed counterparts
for the models with 6.5x 10°> and 1081 parameters. Each panel displays
histograms corresponding to the training (green), testing (orange), and
GRB (purple) datasets, effectively showing the model’s reconstruction
performance on normal versus anomalous light curves. We can easily
notice how the error distributions for the normal background data are
clearly separated from the distribution for the anomalous GRB data.
The train and test distributions largely overlap and are concentrated
at lower error values relative to the GRB distribution, which is shifted
towards higher errors. However, these histograms also highlight the
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Comparison of training and test set reconstruction errors (MSE) for classical models trained with

100 samples.

Dataset Trainable parameters Training set (MSE) Test set (MSE)
6.5% 10° 1.51x 1073 1.63 x 1073
. 4x10* 9.83x 1073 1.04 x 1072
100 Samples - 32 Bins 1081 2.96 x 102 294 102
705 3.82x 1072 3.81x 1072
ROC Curve Table 6
104 o= MAPE for different dataset configurations for the classical approach.
s ’ Dataset configuration Trainable parameters Mean absolute percentage error
.
7 6.5x 10° 6.87%
0.8 e 4
. 4x 10 17.74%
- g 100 S les - 32 Bi
z - amples S 1081 29.79%
E g 705 34.77%
& 0.6 7 -
5 L 6.5 10° 2.29%
o e 4x10* 3.69%
E -~ 1 les - 32 Bi )
= L 000 Samples - 32 Bins 1081 16.64%
2 0.4 -
a L 705 19.72%
L4 ’
E et 6.5 10° 0.82%
. 4
021 - ) 4% 10 1.80%
4 5000 Samples - 32 Bins 1081 11.76%
et 705 9.90%
004 ¥ —— Roc Curve (AUC = 0.9978)
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False Positive Rate (FPR)

Fig. 11. ROC Curve showing the model’s performance in detecting GRBs in the
test set for the classical model. The red dashed line represents the performance
of a random-guess classifier, which serves as a baseline to evaluate the model’s
performance.

impact of model capacity on reconstruction fidelity. The largest model
separates the signal, reconstructing normal data with minimal error and
creating a narrow distribution that is clearly separated from the GRB
class. In contrast, as the number of model parameters decreases, we
can observe a greater overlap between the two classes, confirming that
performance deteriorates as the capacity of the classical architecture
decreases.

Table 5 details the reconstruction performance of the classical au-
toencoders when trained under significantly data-constrained condi-
tions, using only 100 samples. As expected, the reconstruction errors
presented here are substantially higher across all model configurations
compared to those achieved with the larger 5000-sample dataset. Even
the highest-capacity model, which still performs best among the options
in this limited data scenario, yields an MSE on the test set equal to 1.63x
1073, while the models with fewer parameters exhibit much poorer
reconstruction. Therefore, the classical autoencoder’s ability to learn
the underlying patterns of the background light curves and generalize
is clearly limited in this case. These results serve an important purpose,
they establish a baseline for classical performance under data scarcity,
providing a critical reference point for the subsequent comparison with
the quantum approach, particularly concerning its potential advantages
in low-sample scenarios.

Finally, in Table 6 it is shown the difference between the MAPE
computed on all the classical configurations after we trained the model,
as described in Section 3.3.3. This metric is significantly higher for
the GRB set than for the corresponding test set. However, the table
only shows the MAPE obtained on the test set to highlight the model’s
ability to reconstruct normal data, in order to prove how the trained
models manage to learn the distinction between background and GRB
sources. We found that increasing the number of training samples from
1000 to 5000 reduces the MAPE for both datasets across all model
sizes. For instance, the larger model sees its test error drop from
6.87% to 0.82%. Also, varying the number of trainable parameters
confirms that models with higher capacity generally achieve lower
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Table 7
Configurations for the quantum models.

Hyperparameter Values

Latent Qubits & Trash Qubits 3+2, 4+1, 4+3, 5+2, 6+1
100, 1000, 5000

20, 200, 1000, 10000

Samples

Anomaly Samples

Number of time bins 32, 128
Layers 1,3
Ansatz ID Real Amplitudes, Efficient SU2

Two Local, PauliTwoDesign

relative errors compared to smaller models. In fact, the architectures
with only 1081 and 705 parameters consistently struggle the most,
exhibiting the highest MAPE, reaching values as high as 19.72% for test
data. The challenges associated with limited data become particularly
noticeable when studying the 100-sample results. In this scenario, the
MAPE escalates dramatically, where even the highest-capacity model
shows test set relative errors around 6%-7%, while the smaller models
face severe difficulties, with errors becoming extremely large, even
exceeding 30%. This observed decrease in performance, particularly the
difficulties encountered by models with fewer parameters, sets a clear
and challenging baseline for the classical approach.

4.2. Quantum results

This section presents the obtained results with the quantum model.
Our initial study covered a wider range of dataset sizes and light curve
dimensionalities, but we observed that 32-bin data produced the most
promising results, as explained in Appendix D. For this reason, this
section focuses on the analysis of only these light curves.

During this research, we analyzed different ansaetze, encoding tech-
niques, and the number of qubits, as well as testing many parameter
configurations (Table 7) to identify those that worked better. In this
section, we will discuss the setup specifications that have yielded the
best results.

Fig. 15 shows the training loss using a dataset of 5000 samples
with 32 bins and employing the Real Amplitudes ansatz. It is worth
noticing how the training and validation losses are almost the same.
This is because we are using a deterministic statevector simulator, as
discussed earlier in Section 3.3, which computes the full quantum state
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Fig. 12. Comparison of 32-bin reconstructed curves for test and GRB data using the 4 x 10* parameter model.
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Fig. 13. Comparison of reconstructed curves for test and GRB data using the 705-parameter model.
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12



A. Rizzo et al.

Table 8

Astronomy and Computing 56 (2026) 101090

Comparison between different dataset configurations for the quantum models.

Dataset configuration Qubits Layers Ansatz Reconstruction train Reconstruction test
4+1 1 Real Amplitudes 2.17x 1074 224x 1074
100 Samples - 32 Bins 4+1 1 Efficient SU2 241 x 1074 234 x 1074
4+1 3 Real Amplitudes 6.49 x 1074 1.09 x 1072
4+1 1 Real Amplitudes 2241074 221x 1074
1000 Samples - 32 Bins 4+1 1 Efficient SU2 228 x 1074 2.27x 1074
4+1 1 Real Amplitudes 7.88 x 107* 1.41 x 1072
. 4+1 1 Real Amplitudes 331x107* 3.32x 1074
5000 Samples - 32 Bins 1 Efficient SU2 232x 10 232x 107

Loss Progression
Ansatz: Real Amplitudes, Layers: 1, Features: 32, N_qubits: 4, K_qubits: 1

08 —— Loss over iterations
\ Val Loss over iterations

Loss

Fig. 15. Training loss using the Real Amplitude ansatz and 5000 samples.
Ansatz denotes the specific model used, Layers the depth of the network,
Features the number of bins of the light curves, N_qubits and K qubits the
number of latent and trash qubits of the autoencoder, respectively.

without any statistical noise. The validation loss never diverges from
the training loss, even after 100 epochs, meaning that the model is not
overfitting on the training data.

As for the latent and trash spaces, as we mentioned in Section 3.2,
we found that a higher number of qubits for the latent space yields
better final results. Therefore, we only kept the runs with this config-
uration. We also observed that increasing the number of trash qubits
significantly increased training time. Moreover, due to computational
complexity constraints, we limited further parameter exploration to
only those configurations that proved to be successful. Additionally, we
discarded any ansatz with too few trainable parameters, as they failed
to achieve proper convergence during training.

In Table 8 we show the best obtained results with different dataset
configurations and different ansaetze for the quantum approach. In this
case, we found that increasing the number of layers does not always
improve performance. This may be due to limited expressivity with
only 5 qubits, which makes optimization more challenging in deeper
circuits.

The plots in Fig. 16 compare the original and reconstructed signals
for test and GRB data. The reconstruction of the test data closely
follows the original curves. In contrast, the GRB data exhibit the most
pronounced deviations, which serve as a key indicator of the model’s
success in identifying and differentiating these events as anomalies
from the normal dataset. It is interesting to note that even if the
model manages to recognize where the main peak is, we also obtain
a secondary rise in the reconstructed signal shortly after. Since this
is not an artifact of external noise, the reasons likely lie in how the
model itself responds to these intense events. In fact, this phenomenon
could be caused by difficulties in handling quantum phase information
during the autoencoder’s decoding process. While the classical output
is derived from the amplitudes of the final quantum state, these depend
on relative phases between the components of the state. Consequently,
the decoder, in addition to having to reproduce the correct amplitudes
for the individual bins, also faces the task of recreating the necessary
phase coherence for signal reconstruction. Even subtle inaccuracies in
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this process can lead to interference at later moments, which in this
case are represented as an echo in later bins.

Fig. 17 instead shows the distribution of absolute differences be-
tween the original curves and the reconstructed ones for each different
dataset, similarly to the classical approach. The plot clearly reveals
that the GRB dataset occupies a region of higher reconstruction errors,
separated from the largely overlapping distributions of the train and
test datasets, concentrated at lower error values.

Regarding the case with 100 samples, compared with the results
obtained with 5000 data points, the reconstruction errors are very
similar, again indicating the ability of the quantum model to generalize
effectively even from significantly limited training datasets. We also
obtain similar results with 1000 samples, where again we can notice
how the differences are minimal across all metrics.

Table 9 shows the percentage of GRBs detected in the test set and
in the GRB set. This quantum approach performs well across all dataset
sample sizes. The threshold to find the anomalies has been computed
following the approach described in Section 3.2.2.

The ROC curve in Fig. 18 shows good classification performance,
suggesting that the quantum model is effective at distinguishing be-
tween normal and GRB instances across various classification thresh-
olds.

Table 10 details the quantum models’ classification performance,
revealing consistently high Fl-scores, especially for the Efficient SU2
ansatz. Also in this case, it is important to note how the quantum ap-
proach shows minimal performance degradation even with significantly
reduced training data.

Table 11 shows the number of trainable parameters for each pos-
sible configuration. It is easy to notice how this number increases
significantly as the depth grows, and consequently, also the training
time. The main difference between quantum models lies in architec-
tural choices, such as rotation strategies or the specific entanglement
mechanisms. Nevertheless, we can observe that all these models have
a significantly lower number of parameters compared to the classical
ones.

Finally, Table 12 shows the difference between the MAPEs com-
puted on different quantum configurations after we trained the model,
as described in Section 3.3.3, similarly as we did for the classical model.
What is particularly noteworthy here is the quantum models’ consistent
performance on the test set, irrespective of the number of training
samples used. For instance, the MAPE on the test set is approximately
7% whether the model was trained on only 100 samples or on a
larger dataset. This phenomenon suggests that the quantum approach
is capable of learning generalizable features for reconstructing normal
background-like signals even when provided with very limited training
data, unlike classical models that show a more pronounced degrada-
tion in performance as data becomes scarce. This characteristic points
towards a potential advantage of quantum models in scenarios where
obtaining large, labeled datasets is challenging, as discussed in the
following Section 4.3.
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Fig. 16. Original and reconstructed light curves composed of 32 features, for the quantum model.
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Table 9

Comparison of percentage of light curves flagged as anomalies in the GRB and test datasets for different quantum

model sizes and dataset configurations.

Number of Samples Ansatz GRBs detected (Test set) GRBs detected (GRB set)
100 Real Amplitudes 9.00% 91.36%
Efficient SU2 6.00% 93.44%
1000 Real Amplitudes 10.00% 86.71%
Efficient SU2 8.00% 92.92%
5000 Real Amplitudes 9.00% 91.13%
Efficient SU2 7.00% 92.11%

Normalized Distribution of Absolute Reconstruction Errors
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Fig. 17. Histograms of absolute differences for the 32-bin case and 5000
samples as input dataset, for the quantum autoencoder.

Table 10
Performance metrics for the quantum model with 100, 1000, and 5000 samples
in input.

Dataset configuration Ansatz Precision Recall F1-Score
P
e
T

14

ROC Curve - Quantum
Ansatz: Real Amplitudes, Layers: 1, Features: 32, N_Qubits: 4, K_Qubits: 1
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Fig. 18. ROC Curve showing the quantum model’s performance in detecting
GRBs in the test set. The specific model used is denoted by Ansatz, the network
depth by Layers, and the number of light curve bins by Features. For the
autoencoder, the number of latent and trash qubits are represented by N_qubits
and K_qubits, respectively.

Table 11
Number of trainable parameters for each model. Q indicates the
number of qubits of the circuit, while L means the number of

layers.
Model 5q, 1L 7q, 1L 5q, 3L 7q, 3L
Efficient SU2 20 28 40 56
Real Amplitudes 10 14 20 28
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Table 12
MAPE on the test set obtained by the quantum approach.
Dataset configuration Ansatz Mean absolute error percentage
) Efficient SU2 6.98%
100 Samples - 32 Bins Real Amplitudes 6.75%
. Efficient SU2 6.84%
1000 Samples - 32 Bins Real Amplitudes 6.96%
. Efficient SU2 6.90%
5000 Samples - 32 Bins Real Amplitudes 7.05%

4.3. Comparison between classical and quantum approaches

In this section, we compare the obtained results by the classical
model with those of its quantum counterpart. In particular, we focus on
the performance achieved by both approaches in scenarios with limited
resources, such as the number of trainable parameters, the dataset size,
and the dimensionality of the input data.

We have seen how classical models with larger datasets generally
achieve superior results, as can be seen from the comparison between
Tables 2 and 8. However, the quantum approach has demonstrated
a clear advantage in resource-limited scenarios. When compared to a
classical autoencoder with fewer trainable parameters, the quantum
model achieves better results and outperforms the classical version
by more than one order of magnitude. As we have pointed out, the
quantum model can achieve an optimal MSE with only 10 trainable
parameters, while the classical model struggles with 705, proving the
quantum strength in these scenarios.

This efficiency also extends to settings with limited data, such as the
100-sample case. In fact, the results in Table 5 for the classical approach
and Table 8 for the quantum one show again that the latter outperforms
the former by one order of magnitude on the test set, demonstrating
that the quantum approach is more robust and efficient at learning from
small datasets.

It is interesting to note that the quantum model offers consistent
performance, especially with limited datasets. This is related to the
advantages offered by quantum mechanics, discussed in Appendix B.
For example, the ability to encode information in superpositions allows
for excellent efficiency in extracting data patterns, while quantum
entanglement enables the creation of non-classical relationships be-
tween features. These properties permit the model to explore a vast
computational space with very few parameters, suggesting the potential
that quantum approaches have for domains where data collection is
limited or costly. However, this quantum advantage is still limited by
the current hardware, even on simulators. We have seen, in fact, how
a classical model operating at full capacity remains superior.

The practical impact of these quantum advantage and current lim-
itations on the model’s performance is clearly illustrated by the re-
construction plots in our work. For instance, Figs. 12 and 16 show a
direct comparison of reconstruction quality. The former achieves a bet-
ter data reconstruction, matching the original signal more accurately.
The latter, in contrast, shows greater differences between the original
and reconstructed curves. These discrepancies are emphasized in the
difference plots, which give an example of high error peaks for the
quantum model, especially for the test set. On the other hand, if we
consider the plots in Fig. 13, we notice how a smaller classical model
struggles significantly to reconstruct the curves, yielding poorer results
than the quantum autoencoder. This is an important observation since
it confirms that, when operating with fewer parameters, a quantum
model can indeed outperform a classical counterpart in reconstruction
tasks. These findings are also summed up in Table 13, which illustrates
the mean absolute error percentage (MAPE) on the test set for the
best classical and quantum models across different dataset configu-
rations. This table confirms the quantum model’s advantages in two
resource-constrained areas: data scarcity and parameter efficiency. In
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the 100-sample scenario, the quantum approach, using only 10 param-
eters, achieves a MAPE of 6.75%, performing similarly with the best
classical model that requires 6.5x 10° parameters. This efficiency is fur-
ther highlighted when compared to the smaller 705-parameter classical
model, which struggles significantly in the same low-data environment,
obtaining a MAPE of 34.77%. This advantage is maintained across all
dataset sizes, as seen even in the 5000-sample case where the quantum
autoencoder achieves a 6.73% MAPE compared to the classical model’s
9.90%. However, the table also confirms the superiority of the classical
architecture when it can operate at full capacity. As the number of
training samples increases from 100 to 5000, the high-capacity classical
model’s performance scales impressively, with its MAPE dropping to
0.82%.

It is interesting to note that, as also mentioned in Section 4.2,
the MAPE of the quantum models does not significantly decrease as
the number of input samples increases. This suggests that, due to
the limited number of trainable parameters and computational con-
straints, the models quickly reach their maximum expressive potential.
As introduced in Section 4.2, we increased the depth of the circuit,
but this did not lead to performance improvements. Instead, it con-
tributed to optimization problems, such as barren plateaus, pointing
to a computational limitation in the quantum architectures. However,
the stability of the results across varying dataset sizes confirms the
efficiency of the quantum models in generalizing information patterns,
achieving near-optimal performance even with a limited number of
training samples.

It is worth mentioning how the simulated quantum models proved
to be significantly slower than their classical counterparts. Regarding
the 5000-sample case, the larger classical algorithm achieved conver-
gence in only 47 s. On the other hand, the quantum architecture
utilizing the Real Amplitudes ansaetze required 27 min and 52 s to com-
plete training. The memory increment during the training process for
the classical model is 513.82 MB, while for the quantum architecture is
only 28 MB. This is given by the lower number of trainable parameters
employed in the quantum models. Instead, for the 100-sample case,
the quantum model only takes 1 min and 27 s, while its classical
counterpart requires a training time similar to the 5000-sample case
result, indicating that the classical model’s primary bottleneck in this
case is the number of trainable parameters, given that even the larger
dataset size implemented in this work is modest compared to typical
deep learning standards. In summary, the classical models converge
faster, particularly as the input data size increases. For the quantum
models, the main bottleneck remains the data encoding process. This is
not surprising and considered to be expected, as also further discussed
in Bowles et al. (2024).

5. Conclusion & final discussion

In this work, we outlined a comparative study between classical and
quantum autoencoders for the task of detecting GRBs within simulated
COSI BGO shield data. Our goal was to compare a quantum approach
with a classical one, in order to verify whether the former could
offer advantages over classical machine learning techniques already
widely used with excellent results in the field of astrophysical anomaly
detection.

We confirmed that classical autoencoders are very effective in de-
tecting GRB anomalies, achieving an optimal light curve reconstruction
and high accuracy. However, their performance decreases when the
amount of input data or the number of trainable parameters is limited
and reduced by several orders of magnitude. This helped us establish
a baseline for classical models and allowed us to compare them with
their quantum counterparts, implemented with parameterized quantum
circuits composed of a limited number of qubits and layers due to
computational limitations.

Under the same resource-constrained scenarios, the quantum coun-
terpart required fewer trainable parameters to outperform the classical
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Table 13
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Comparative analysis of MAPE on the test set: classical vs. quantum autoencoders.

Dataset configuration Approach Model details Mean absolute percentage error
Classical 6.5 x 10° Parameters 6.87%
100 Samples - 32 Bins Classical 705 Parameters 34.77%
Quantum Real Amplitudes (10 parameters) 6.75%
Classical 6.5 10° Parameters 2.29%
1000 Samples - 32 Bins Classical 705 Parameters 19.72%
Quantum EfficientSU2 (20 parameters) 6.84%
Classical 6.5x 10° Parameters 0.82%
5000 Samples - 32 Bins Classical 705 Parameters 9.90%
Quantum EfficientSU2 (20 parameters) 6.73%

approach. Similarly, we demonstrated how the quantum autoencoder
performs better than the classical model with only 100 input data
points. We also found that our quantum models produced more stable
training and better results using lower-dimensional input data, such
as light curves composed of 32 bins. This is related to the reduced
complexity and depth of the quantum circuits needed to process this
data, which are therefore less susceptible to potential training issues.

However, when operating at full capacity, the classical autoencoder
still achieves higher reconstruction accuracy than quantum circuits
based on metrics such as mean squared error (MSE) and mean absolute
percentage error (MAPE). In fact, the quantum model only showed an
advantage in contexts with limited resources, suggesting a theoretical
efficiency in the way quantum circuits can process information.

This finding suggests a promising application of quantum machine
learning, particularly in environments where data is exceptionally
scarce or where lightweight models are required. However, these
results are currently limited by the computational cost in developing
quantum models, even when simulated, which proved to be a major
obstacle, thus limiting the scale of the models in this study.

Therefore, the path toward using quantum-based architectures in
astrophysics remains challenging. If we want to test these models
on real quantum processors, and not only simulators, we must take
into account the presence of hardware noise, which will require the
implementation of quantum error mitigation and correction techniques,
making the implementation of these architectures even more difficult.
However, in light of recent developments in quantum hardware, this
direction remains rich with possibilities. With improvements in coher-
ence, QEC techniques, and the capacity of quantum computers, the
exploration of more complex quantum architectures will become in-
creasingly feasible. A possible additional exploratory phase of this work
could involve the use of more sophisticated quantum data encoding
techniques, in addition to the use of more complex ansaetze. Hybrid
quantum-classical models combining the strengths of both categories
could also be implemented. The first intended step towards using a real
quantum computer is to simulate noise inside the quantum network
to mimic the imperfections of current NISQ devices. This can be done
directly on a classical computer using Qiskit Aer. In fact, to obtain a
realistic baseline of our quantum models’ performance, we first need
to understand how gate infidelity and decoherence could affect the
autoencoder’s reconstruction capability, helping to establish whether
the implemented architectures can maintain the obtained accuracies
in a noisy environment as well. A more comprehensive exploration
of quantum variational architectures is required to address this path,
which will be the primary goal of upcoming research.

To perform inference on our trained models, we employed data
augmentation techniques based on the original GRB template. It is
worth recalling that this research is intended as an exploratory study,
for this reason, the current dataset was sufficient to establish the
models’ baseline performance. Future work will expand the dataset
with more real-time observations to further validate the efficacy of the
proposed methodology.

Future investigations might also extend this research to the classi-
fication and detection of additional source models. We have outlined
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a GRB detection technique based on the analysis of background input
sources. However, in addition to these events, there are various possible
anomalies, such as soft gamma repeaters, solar flares, and terrestrial
gamma-ray flashes. This is because GRB monitors trigger on a variety
of signals, making their distinction an important part of GRB detection.

In conclusion, classical autoencoders managed to achieve excellent
input curve reconstruction and very high signal recognition. For this
reason, they remain the best choice for this anomaly detection task.
However, if we reduce the size of the input data and the capacity of the
trained models, the performance of classical architectures deteriorates
significantly. It is precisely in this context that quantum autoencoders
seem to offer advantages, especially when input data is scarce or it is
important to implement computationally lightweight models. Although
they are not yet able to completely replace their classical counter-
parts, their efficiency in extracting information from limited resources
highlights their great potential. As quantum hardware advances, these
models will find new ways to solve complex data analysis problems in
astrophysics and related fields.
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Appendix A. Classical autoencoder

This appendix provides an overview of the classical autoencoder,
which served as the baseline model for comparison with the quantum
approach in our study.

Autoencoders use unsupervised machine learning to compress input
data into a lower-dimensional latent space, defined during a training
process that minimizes the reconstruction error between the original in-
put and its output. Every autoencoder is built around three fundamental
elements, represented in Fig. A.19:

+ The encoder creates a compressed representation of the input data
by reducing its dimensionality. This is achieved through a series
of hidden layers where each subsequent layer has fewer nodes
than the one before it.

The bottleneck holds the most compressed form of the data. This
layer serves as the output of the encoder and the input for the de-
coder. This stage performs the main objective of an autoencoder,
which is to isolate the most important features of the input data,
which will be essential for the reconstruction step.

The decoder takes the compressed data from the bottleneck layer
and reverses the process, using a series of hidden layers with
an increasing number of nodes to expand the data back to its
original size. This final output is then compared against the initial
input, or ground truth, and the resulting difference is known as
the reconstruction error.

More details on this neural network can be found in Hinton and
Salakhutdinov (2006) or Goodfellow et al. (2016).

Appendix B. Quantum computing basics

This appendix details the theoretical foundations of our quantum
model, from the basic principles of quantum computation to their
practical application in machine learning. We begin with an overview
of fundamental concepts such as the qubit, superposition, and entan-
glement. We then build upon this foundation to explain the hybrid
quantum-classical approach and the variational algorithms that are
central to this work. For more detailed information about quantum
computing and quantum artificial intelligence in general, the reader can
refer to Klusch et al. (2024).

Quantum computing leverages the principles of quantum mechanics
to process information and perform computations. Among the vari-
ous models, gate-based quantum computing is considered the most
promising, using quantum gates to process quantum information in-
puts. This model allows for the implementation of complex quantum
circuits, which act as quantum analogues of Boolean circuits in classical
computing.

A single bit, represented by the integers O or 1, is the fundamental
building block of classical information processing. Bits can exist in only
one of two states, so n bits can be described as 2" unique values, with
the bit register being in only one of these possible states. A quantum bit,
or qubit, is the quantum analog of a classical bit and can be represented
by the two basis states [0) = () and [1) = (). According to the laws
of quantum mechanics, qubits can be implemented using a variety of
physical systems, including neutral atoms, ion traps, superconducting
circuits, and the spin states of subatomic particles.
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Fig. A.19. Representation of a classical autoencoder structure.
Source: Taken from (Alaghbari et al., 2023).
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Fig. B.20. Representation of a quantum state |y) on the Bloch sphere. The
state is described by the angles 6 and ¢, where 6 defines the polar angle from
the z-axis and ¢ defines the azimuthal angle in the xy-plane. The Bloch sphere
offers a geometric representation of the pure states of a qubit, where |0) and
|1) correspond to the poles of the sphere.

Source: Figure adapted from Klusch et al. (2024).

The ability of qubits to exist in a superposition of both states at once,
|0) or |1), is one of their most important characteristics that sets them
apart from their classical equivalent. An arbitrary single-qubit state can
be expressed as:

p (B.1)
where the coefficients @ and # are complex numbers that satisfy the
normalization condition |«|> + |§|*> = 1. Fig. B.20 shows the visual
representation of a qubit. In a multi-qubit system, an n-qubit register
creates a computational space with 2" dimensions, known as Hilbert
space, where any pure quantum state of the system is defined as:

) = al0) + A1) = (”‘) :

[w) = col0 - 0) + ;[0 1) + -+ + cyu_y |1 -+ 1), (B.2)

with ¢; € C and Zia "le;/* = 1. The multi-qubit basis states, e.g.,
[0--1)=]0)®|0)® - ®|0)® |1), are tensor products of the individual
qubits. The state |y) — [cy,c;,...,cy_;]" consists of N = 2" complex
amplitudes, that must satisfy the condition that the sum of their squared
absolute values equals one. Thus, based on the superposition principle,
an n-qubit system is able to encode information that scales as 2", while
classical systems are limited to n. If the component qubits of a multi-
qubit state cannot be independently described as a tensor product,
we say that it is entangled. This very important quantum mechanism
enables non-local correlations, where the operation on one qubit alters
the state of others instantaneously and independently of their separate
locations. An example of this phenomenon is the entangled 2-qubit Bell
states.

Computing requires the manipulation of quantum states. This is
accomplished by operators that outline the evolution of a closed quan-
tum system using unitary transformations. These must be unitary and
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reversible in order to maintain the normalization of the original quan-
tum state. This means that for a quantum operator U must hold that
U'U = I. It follows that any operation on qubits can be described as
a matrix operator. This is one of the main differences with classical
computing, where operations can also be non-unitary or reversible.

Another significant distinction between classical and quantum com-
puting is the ability to access information after it has been processed. In
classical computing, it is easy to find the state of each bit without any
disturbance since we can directly observe it at any time in a state of 0
or 1. However, we have seen how a qubit can exist simultaneously in a
combination of 0 and 1, as it is often in a superposition of different
states. To obtain information from any quantum system, we need a
measurement of an observable physical quantity, which, from now on,
we assume to be the binary number associated with the computational
basis states. This measurement process collapses the quantum system
from its superposition state to one of the possible definite states. This
is a probabilistic process, in fact, one cannot predict the outcome of this
measurement since it follows the amplitudes of the quantum state. It is
also important to note that after performing the measurement process,
it is no longer possible to retrieve the original superposition state of the
system. This is an important distinction from the classical approach,
where observation is non-intrusive and reversible, and does not alter
the state of the system in any way.

Given the quantum state in Eq. (B.1), the measurement will result
in one of the basis states |0) or |1) with classical output O or 1, respec-
tively. The probability of observing |0) is |«|?, while the probability of
observing |1) is |8°. The total probability must sum to 1 (la)®>+181%> = 1.
After measurement, the qubit will be found in the state corresponding
to the measurement outcome. For the state described in Eq. (B.2), the
measurement outcome will be one of the 2" possible basis states, as
introduced above. The probability of observing a particular multi-qubit
state |y) = |b by -+ b,) is given by |cindex|?, Where index represents the
binary number corresponding to the combination b,b, --- b,, and the
total probability must sum up to 1, (E,Zzna Ye 2 = 1).

Following the measurement, the quantum system collapses into the
observed state, determined by the result of the measurement itself. This
is the only non-unitary, or irreversible, operation in an ideal quantum
computer. For this reason, unlike classical computing, it is impossible
to generate an identical copy of an arbitrary quantum state, according
to the no-cloning theorem of quantum computing (Wootters and Zurek,
1982).

It should be noted that squaring the amplitude relative to proba-
bilities leads to negative and arbitrary amplitudes with complex val-
ues, which are responsible for destructive interference, an advantage
of quantum algorithms used to omit unwanted solutions. This phe-
nomenon is a fundamental difference between quantum and classical
stochastic algorithms. Another interesting detail concerns the norm that
the quantum state vector must respect, which is linked to the physical
principle of conservation of total probability and is the reason why
quantum operations must be unitary.

The fundamental concepts of quantum computing mentioned above
are direct consequences of the principles of quantum mechanics and
form a basis for exploring how these principles can be applied in
practice through quantum circuits, which function as the quantum coun-
terpart of classical algorithms.

The execution of a quantum circuit starts with a defined initial state,
which is followed by the implementation of quantum gates that perform
computation and transformations on these states. A measurement ends
the circuit, extracting classical information by collapsing the qubits
into definite classical states. More information about this can be found
in Appendix B.1. Quantum algorithms can be visualized via quantum
circuit diagrams. Horizontal lines represent individual qubits, while the
sequence of operations, or gates, is indicated by their position along
these lines. An example of a simple quantum circuit is depicted in Fig.
B.21.
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0) = H X A

Fig. B.21. A simple quantum circuit demonstrating the combination of basic
quantum gates. The circuit starts with a qubit in the |0) state. The Hadamard
gate (H) is applied first, creating a superposition of |0) and |1). Following this,
a Pauli-X gate (X) is applied, flipping the qubit’s state. The circuit concludes
with a measurement, represented by the meter symbol, which collapses the
qubit’s state into either |0) or |1), producing a classical output.

Quantum computing can mimic classical computing via a universal
set of quantum gates, and the opposite is also true (Eisert and Wolf,
2006). However, for problems that can be solved in polynomial time
by a probabilistic quantum Turing machine with bounded error (error
probability less than or equal to 1/4), quantum computing solutions
belong to the complexity class of bounded-error quantum polynomial-
time. In addition to the P class, this also intersects with NP and
PSPACE. This motivates exploration that goes beyond algorithms that
already have a proven significant speed-up over their classical counter-
parts, such as quantum prime factorization (Shor, 1997) and quantum
search (Grover, 1996; Pokharel and Lidar, 2024).

B.1. Quantum machine learning with hybrid computation

Quantum algorithms based on the gate model have demonstrated
theoretical speedups compared to their classical counterparts in certain
types of problems, especially when considering worst-case complex-
ity (Deutsch and Jozsa, 1992; Shor, 1997; Arute et al., 2019). However,
the obtained results are based on theoretical cases, such as the avail-
ability of accessing large-scale quantum computers with extremely
low logical error rates. The construction of these devices necessitates
the implementation of quantum error correction techniques to pro-
tect the input information from noise, decoherence, and hardware
imperfections. The implementation of such processes remains a major
engineering challenge.

In machine learning, VQAs are used to train parameterized quantum
models to approximate functions, make predictions, or encode and
compress data. These models are implemented through PQCs, or varia-
tional quantum circuits (VQCs), whose trainable gates are composed of
parameters that are optimized using classical algorithms. The structure
of a quantum machine learning model is divided into two main parts:
an encoding circuit Ug and a variational circuit U(6). The former is
responsible for mapping classical input data x to a quantum state. This
step is referred to as feature encoding or quantum embedding, and
is fundamental to defining the expressive power of the model. There
are several encoding strategies: basis encoding, amplitude encoding, or
more complex feature maps. The choice of encoding affects both the
model’s performance and the depth of the circuit required to implement
it (Weigold et al., 2021). Amplitude encoding is the technique adopted
in this research, given its computational potential. This method encodes
a classical vector x of length N into the amplitudes of a normalized
n-qubit quantum state, where n = [log,(N)]:

N-1
)= Y xili),
i=0

where |i) denotes the computational basis states. Since the classical
data becomes the amplitude vector of the quantum state, it must satisfy
the normalization condition ||x||> = 1. This encoding allows for an
exponential compression of information, representing high-dimensional
data using a logarithmic number of qubits, and this is particularly
advantageous when working with large-scale datasets.

Once the input encoding is complete, the variational unitary U ()
applies a series of parameterized quantum gates, initialized with ran-
dom parameters 6. To calculate an output f(x; ), we must first measure
the quantum result and process it classically. This output is then eval-
uated using a cost function that is used to train the model parameters.

(B.3)
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Fig. B.22. A Hybrid Quantum-Classical Optimization Workflow (adapted from Macaluso et al. (2022)). The diagram illustrates a hybrid quantum-—classical
optimization process. The quantum part is composed of three main steps. State Preparation: An initial quantum state is prepared using the unitary operator
Ug. Computation: The prepared state is processed by a parameterized quantum circuit U(O) to search for the optimal solution x based on the parameters 6.
Measurement: The quantum state is measured to obtain the expectation value (M). The classical part is also composed of three stages. Post-Processing: The
measured expectation value (M) is processed to extract the classical variable x. Evaluation: The function f(x) is evaluated based on the classical variable x.
Update: The parameters © are updated using classical optimization algorithms to improve the search in the next iteration. The process iterates, with the updated
parameters ©,,, being fed back into the quantum circuit, forming a closed-loop optimization cycle between the quantum and classical computations.

This is a hybrid cycle that continues iteratively until we reach con-
vergence or a desired performance threshold. The trainable parameters
within the PQC can be optimized for a wide range of machine learning
tasks, while the classical optimization level ensures compatibility with
current hardware limitations, making this architecture adaptable to
every kind of problem. This process is shown in Fig. B.22

Appendix C. Quantum autoencoder

This appendix provides a comprehensive analysis of our quantum
autoencoder model. We begin by detailing the model’s fundamental
architectures and its operational principles. We then describe the SWAP
test, and, finally, we introduce the Feature Vector Encoding implemen-
tation, a method that makes the quantum circuit informed of classical
features from the input data.

This quantum network can be represented graphically as an inter-
connected group of nodes, where each one of these nodes corresponds
to a qubit in the system. We achieve the structure of an autoencoder
when some of the input nodes are discarded after the initial encoding
step, and this is done by tracing over the qubits that correspond to
these nodes. Then, additional qubits, initialized in a given reference
state, are prepared and utilized for the final decoding stage, the result
of which is then compared with the original state. The learning task of a
quantum autoencoder is therefore to identify a unitary transformation
that preserves the input’s quantum information as it passes through the
intermediate latent space, when the input nodes are discarded. For this
reason, it is important to quantify the deviation from the initial input
state |y;) to the output state p*’. In the original work (Romero et al.,
2017), it is used the expected fidelity F(|y;), p™) = (w;|poylw;) (Wilde,
2012). Therefore, a successful autoencoding is described as one in
which F(ly;),p?") =~ 1 for all the input states. However, we also
explored different metrics, as illustrated in Section 3.3.3.

The circuit’s architecture consists of different stages. First, at the
input layer, we introduce the initial quantum state |y ), which we want
to compress. This is followed by the encoder layer, realized as a param-
eterized circuit that acts on the input state. The encoder compresses the
quantum state, reducing its dimensionality to n — k qubits, yielding a
new state of the form |y,,,,,)® |0)®%, where |y,,,, ) Contains n—k qubits.
This parameterized circuit depends on a set of trainable parameters that
represent the nodes of the quantum autoencoder, which are updated
during the training process to optimize the loss function.
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The next stage is the bottleneck layer, where we disregard the re-
maining k qubits for the remainder of the circuit. The input state is now
compressed. The final step is the decoder, where we add k new qubits
to the circuit, all initialized in the |0) state. This layer is composed of a
second parameterized circuit that is applied to the compressed state and
these new qubits, decompressing the information and reconstructing
the original input state. After the decoding is complete, the resulting
output state is ideally a reconstruction of the initial input.

However, in a practical implementation, we cannot simply add or
discard qubits in the middle of a quantum circuit. For this reason,
we must include a reference state as well as some auxiliary qubits at
the beginning of this model. We use the reference state as a known
quantum state that serves as a baseline during the encoding process,
allowing the quantum circuit to measure how closely the input has
been transformed and reconstructed. This is initialized to |0), or ground
state. Instead, the auxiliary qubit, or ancilla qubit, is used for the SWAP
test, discussed in Appendix C.1. This specific qubit is measured to
find the overall fidelity of the trash and reference states to guide the
optimization process. In the end, the full input state is a combination
of the original state, a reference state, an ancilla qubit, and a classical
register for performing measurements (see Fig. C.23).

It is important to note that the training loss is computed on the
bottleneck layer, rather than on the output layer. This approach is given
by the fact that to measure the fidelity score on the trash space, we
only need to perform a SWAP test between the k trash qubits and
the reference state. This requires substantially fewer computational
resources compared to evaluating the whole output, which is composed
of n+k qubits. Moreover, preparing multiple copies of a fixed reference
state is more feasible than preparing multiple identical copies of a
complex quantum state required for output verification. Romero et al.
(2017) mathematically proves that this is equivalent to measuring
fidelity on the final output. However, this equivalence is intuitive
because a successful compression should leave the trash qubits with
minimal information, making them equivalent to a fixed reference
state. For this reason, measuring their fidelity to this reference state
directly quantifies the compression quality.

C.1. SWAP test

The SWAP Test (Barenco et al., 1996; Buhrman et al., 2001) is used
to evaluate how well the autoencoder reconstructs quantum states by
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Fig. C.23. Representation of the input layer of the quantum autoencoder.
Source: Image adapted from https://qiskit-community.github.io/qiskit-
machine-learning/tutorials/12_quantum_autoencoder.html.
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Fig. C.24. Representation of the SWAP test. The top qubit represents an
ancilla qubit initialized to |0), the middle one represents the first quantum state
|¢), and the bottom one represents the second quantum state |y). Hadamard
gates (H) are applied to the ancilla before and after the controlled-SWAP
operation to create interference that reveals the similarity between the two
states.

comparing the original input state to the reconstructed one, estimating
how similar two quantum states are.

This operation can be executed on both a quantum simulator and a
real quantum computer. The primary difference between the two setups
is the presence of noise and quantum errors within real controlled gates,
which can affect the accuracy of the measurements. To perform a SWAP
test, as discussed in Section 2.2.2, we need to introduce an ancilla qubit
at the start of the circuit, initialized in the state |0). Then, we apply a
Hadamard gate on the ancilla qubit, which creates the superposition
state Lz( [0) + |1)) and enables interference between the two quantum
states under comparison. We then use the ancilla as the control qubit
for a SWAP operation on the two states |y) and |¢). If the ancilla is
|1), then the two states are swapped. Finally, we reapply a Hadamard
gate to the ancilla, and we measure it. This second gate converts the
interference information into measurable probabilities to obtain the
similarity of the two states. This is illustrated in Fig. C.24.

In a quantum autoencoder, the initial state |y;,) is processed
through the encoder and the decoder, producing a reconstructed state
[W,u)- The SWAP test then compares these two states by placing them
in separate quantum registers and performing the interference-based
measurements. The probability of measuring the ancilla in |0) directly
corresponds to the fidelity between |y;,) and |y,,,), serving as the cost
function for training the network. The goal is to maximize fidelity so
that the model learns to optimize its encoder and decoder, leading to
an improvement in the final reconstruction.

C.2. Feature vector encoding

In order to potentially improve the training quality and compression
capabilities of this quantum approach, we adopt the Enhanced Feature
Quantum Autoencoder (EF-QAE) strategy introduced in Bravo-Prieto
(2021). This framework modifies the standard QAE by incorporating
classical information directly into the PQC, as shown in Fig. C.25. In
this case, the unitary evolution U(0,x) applied to the initial quantum
state depends not only on a set of trainable parameters ¢ associated
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with the ansatz gates but also on a classical feature vector x. This serves
to characterize the input state, potentially providing context based on
the original data source or its properties. In our specific case, x is
derived from the original time series data w corresponding to the input
quantum state |y;,), and consists of statistical features such as the mean
and standard deviation of w computed after scaling.

The mechanism of this approach consists of encoding the feature
vector x into the angles of the single-qubit rotation gates within the
variational ansatz, achieved using a linear function that mirrors the
input modulation in classical neurons. For each rotation gate / in the
ansatz (e.g., an R, gate), a unique subset of d, + 1 trainable parameters
(w;, b)) is allocated from the main parameter vector 0. Here, d, is
the dimension of the feature vector x = (xl,...,xdx), while w;, =
(wy, ..., w4 ) are trainable weights and b, is a trainable bias. The
rotation angle ¢, for that gate is then computed dynamically based on
the current sample’s feature vector x:

d

by =W X+b =) wx, +b (C.1)

This calculatefﬂ :mgle ¢, is then used in the corresponding rotation
gate, e.g. R (¢,). The entire set of parameters 6 (comprising all w, , and
b, for all rotations /) is adjusted during the training loop via a classical
optimizer, driven by minimizing a cost function C(6) evaluated through
measurements or simulation of the quantum circuit’s output. The use
of a feature vector as input to this parameterized transformation is
inspired by classical feed-forward networks. In fact, this encoding
strategy is similar to how classical neural networks work: the assigned
parameters w;, and b, can be seen as trainable weights and biases,
respectively, while the rotation gate itself acts similarly to a non-linear
activation function applied to the linearly computed angle ¢,. This
approach gives the quantum circuit the ability to respond to the input’s
context, adapting its transformation based on the classical features x
associated with the quantum state being processed.

C.3. Local cost function

This appendix provides a detailed description of the local cost
function used to train the quantum autoencoder, as mentioned in Sec-
tion 3.3.3 and further discussed in Cerezo et al. (2021) and Bravo-Prieto
(2021).

The principle behind this metric is the strong connection between
quantum data compression and decoupling. To achieve lossless com-
pression, the autoencoder must decouple the trash qubits by completely
isolating them from the rest of the system. During training, we monitor
the state of these qubits to measure how effectively this decoupling
occurs. The goal is to minimize the probability of measuring any state
other than the target state, typically the |0)®" state, where n, is the
number of trash qubits. At the end of the compression stage, all trash
qubits should be in the |0) state.

This process of decoupling is achieved by training the circuit using
a local cost function, instead of a global one, in such a way as to avoid
the training issues often associated with the latter, particularly in noisy
or shallow quantum circuits. This strategy penalizes the measurement
outcomes on individual trash qubits based on their distance from
the target |0) state. Specifically, the Hamming distance (d H/) in the
computational basis represents the number of symbols that are different
in the binary representation between the measured string and the target
string, and it is used to quantify this disparity.

The local cost function C, which the optimization process aims to
minimize, is therefore defined as the weighted sum of measurement
probabilities on the trash qubits:

C= ZdeMkA,j’
k.j

(C.2)

where M, ; represents the outcome of the jth measurement on the
kth trash qubit in the computational basis, and dy, is the corre-
sponding Hamming distance from the |0)®" state. In the original
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Fig. C.25. Representation of the Enhanced Feature Quantum Autoencoder (Bravo-Prieto, 2021). The system starts with a set of initial quantum states (p™), a
feature vector x that defines these states, and a shallow quantum circuit U. This feature vector, along with a set of variational parameters 6, is built into the
circuit’s logic, and these are updated through a quantum-—classical optimization cycle that works to minimize a local cost function C(#). Once we identified the

optimal parameters 6,,,

states are decompressed by applying the adjoint circuit U*(6,,,

Table C.14

the resulting circuit U(6,,,x) produces compressed quantum states |¢) representing the specific model. Subsequently, these compressed
x), yielding an output p° that closely approximates the original input p™.

MAPE on the test set obtained by the classical and quantum approaches for 128 bins.

Dataset configuration Approach Model details Mean absolute percentage error
Classical 1081 Parameters 13.57%
1000 Samples - 128 Bins Classical 705 Parameters 14.00%
Quantum Real Amplitudes (10 parameters) 13.12%
Classical 1081 Parameters 6.87%
5000 Samples - 128 Bins Classical 705 Parameters 9.05%
Quantum Real Amplitudes (10 parameters) 11.72%
Table C.15
Results using the SWAP test as loss metric.
Qubits Number of bins Layers Ansatz Reconstruction train Reconstruction test
4+1 32 1 Real Amplitudes 220x 1074 220x 1074
4+1 32 1 Efficient SU2 220x 1074 2.19x 1074
4+1 32 3 Real Amplitudes 7.78 x 10~* 7.77 x 107

paper (Bravo-Prieto, 2021), it is demonstrated that this cost function
can be equivalently expressed using local Pauli-Z operators:
K

1
C=320=(Z),

k=1

(C.3)

where (Z,) is the expectation value of the Pauli-Z operator measured
on the kth trash qubit. This formulation is particularly advantageous
because (Z;) = + 1 if the qubit is in the |0) state and —1 if it is in
the |1) state. Consequently, perfect compression and decoupling are
achieved if the cost function C reaches its minimum value, obtained
when all the trash qubits collapse to the |0) state. This local approach
can be advantageous because it provides direct information about the
compression process, as well as more robustness against issues such as
barren plateaus and resilience to certain types of noise, for instance,
global depolarizing noise.

Appendix D. Additional results

This appendix presents additional experimental results that provide
further context for the findings discussed in Section 4.

As illustrated in Table C.14, in the case of 128-bin light curves,
and therefore higher dimensionality, the quantum model struggles to
outperform even classical models with fewer parameters. This is due to
the greater complexity of the input data, which translates into deeper
and more elaborate quantum circuits and encoding processes. These
networks are harder to optimize and implement, even when running
on a simulator.

Table C.15 shows the result obtained with the loss computed using
the SWAP test as highlighted in Section 3.3.3, using 5000 samples. We
can notice how the results tend to be very similar to the other cases
we illustrated. However, the alternative cost function we employed
significantly reduced training times. This efficiency comes from its de-
sign, which is based on measuring local observables on specific qubits,
thereby eliminating the need for the more resource-intensive SWAP
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test in each iteration. When used for direct fidelity estimation, the
latter increases the depth of the quantum circuit and overall complexity
due to its need for an auxiliary qubit and controlled multi-qubit gates,
resulting in longer execution times for each fidelity estimate.
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