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INAF Quantum Computing Workgroup 

• INAF contributed to Spoke 10 (Quantum Computing) of the ICSC, Italian

Research Center on High Performance Computing, Big Data and Quantum 

Computing 

• We have recently established a Quantum Computing Thematic Group within

INAF USC-C.

• Goal: Developing and benchmarking Quantum Algorithms to tackle 

computational challenges in Astrophysics and Cosmology. 

• We are developing algorithms using simulators to be ready for real hardware.
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Benchmarking Quantum Convolutional Neural Networks for Signal Classification

in Simulated Gamma-Ray Burst Detection

Cherenkov Telescope Array Observatory

Simulated Dataset:  GRB Signal and Background noise

Parametrised Quantum Circuit in Qiskit

F.Farsian et al, 2025
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• Test on Quantum Neural Network performance and number of Qubits

NN model Num of Qubits Num of parameters Accuracy on Train 

set

Accuracy on Test set Time

Classical CNN - 56 99.7% 97.35% 21s

Quantum NN 4 8 Doesn’t learn - -

Quantum NN 6 12 90.3% 87.7% 89s

Quantum NN 12 24 99.38% 97.5% 713s

• Test on Sample complexity and Quantum Generalization Advantage (on 20 input samples)

NN model Num of Qubits Num of parameters Accuracy on Train 

set

Accuracy on Test set Time

Classical CNN - 56 55% 52.22% 91s

Quantum NN 6 24 95% 98.33% 23s

F.Farsian et al, 2025

Tests on Classical and Quantum Convolutional Neural Networks
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• Quantum Neural Network performance on two types of Data Encoding

Data Encoding Num of Qubits Num of parameters Accuracy on Train set Accuracy on Test set

Amplitude Encoding 7 14 76.56% 66.67%

Data Reuploading 7 63 91.13% 88.12%

• QNN performance on Real Data from AGILE satellite

NN model Num of Qubits Num of parameters Accuracy on Train set Accuracy on Test set

Classical CNN - 56 96.55% 93.91%

Quantum NN 7 14 91.17% 90.72%

F.Farsian et al, 2025

• The performance of QCNN in terms of accuracy is equal or better than the classical CNN in a specific case.

• Generalization power of QML in case of very few training dataset and its advantage respect to classical ML.                              

In this case we have only 20 light curves as the training set

• In this study we reach Quantum Advantage in terms of sample complexity.
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Comparing Classical and Quantum Deep Learning 
Techniques for Anomaly Detection of Short-Duration 
Gamma-Ray Signals

● Goal → Compare the detection capabilities of short GRBs 

in the COSI BGO light curves using machine learning and 

quantum machine learning anomaly detection techniques.

● Anomaly detection task → Detect anomalies (short GRBs) 

from COSI BGO background light curves → An anomaly

might indicate a GRB.

● Reproduce neural networks developed by AGILE team to 

compare quantum and classical machine learning 

algorithms. (Parmiggiani et al., 2023)

● A key focus is comparing perfomance under resource-

contrained scenarios such as limited training data and fewer

trainable parameters

Rizzo et al., 2026
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• Classical: Excellent with large data and many parameters, but it drops significantly when data or parameters are limited.

• Quantum: Strong results with 10 parameters and robust on small datasets, outperforming the classical approach there.

• QML is well suited to resource-constrained settings, either with data scarcity or when simple

models are needed.

Rizzo et al., 2026

Results – Comparison between Classical and Quantum Approaches
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Quantum Annealing for Gamma-ray Source Detection and 

Localization with AGILE Data

• Goal → Reformulate the maximum-likelihood

analysis for gamma-ray source detection and 

localization as a Quadratic Unconstrained

Binary Optimization (QUBO) problem

• Estimated parameters: source flux, 

background, source position, and detection

significance

• 200 simulated sky maps at extragalactic

latitude (AGILE Science Tools)

• Solved with Simulated Quantum Annealing

(SQA)

• Benchmarked against the classical AGILEpy

maximum-likelihood pipeline
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• Both classical and quantum approaches recover the source flux

accurately: systematic error of −0.3% (QUBO) and +2.8% 

(classical AGILEpy)

• The isotropic background is estimated with a mean residual of 

−0.87 (QUBO) and −0.58 (classical), in units of the background 

coefficient

• The QUBO identifies the correct source position among 81 

candidates on a 0.5°-spaced grid in 90% of the maps

• The QUBO reproduces the classical estimates, showing that

quantum annealing can be applied to gamma-ray source 

analysis without loss of accuracy

• Future work: deploy the QUBO on real annealer hardware (D-

Wave), tackling embedding and noise.

Conclusions - Classical Maximum Likelihood Estimation and Quantum 

Annealing
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