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Comparing quantum and classical machine learning for Vector
Boson Scattering background reduction at the Large Hadron Collider
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We report on a consistent comparison between techniques of quantum and classical machine learning applied to the classification of signal and background events for the
Vector Boson Scattering (VBS) processes, studied at the Large Hadron Collider installed at the CERN laboratory [1]. Quantum machine learning algorithms based on variational
quantum circuits are run on freely available quantum computing hardware, showing very good performances as compared to deep neural networks run on classical computing
facilities. In particular, we show that such kind of quantum neural networks is able to correctly classify the targeted signal with an Area Under the characteristic Curve (AUC) that
Is very close to the one obtained with the corresponding classical neural network, but employing a much lower number of resources, as well as less variable data in the training
set. Albeit giving a proof-of-principle demonstration with limited quantum computing resources, this work represents one of the first steps towards the use of near term and noisy
quantum hardware for practical event classification in High Energy Physics experiments.
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Variables dependence

Results from (a) classical DNN and (b) QML classification methods, respectively,
reporting the AUC as a function of the number of variables associated to each
event [1]. Each classical result has been obtained varying the DNN architecture.
Differently, the results corresponding to any fixed number of variables concern the
same quantum circuit that was trained and tested different times. The best
performance associated to each quantum circuit is explicitly highlighted in the plot.

LEARNING APPROACHES

Training set dependence

Results from (a) classical DNN and (b) QML classification methods, respectively,
quantified using the AUC and obtained with different number of events during the
training phase [1]. Each color is associated to a different structure of the classical
DNN or the QML approach. The best performance associated to each quantum
circuit is explicitly highlighted in the plot.
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We have reported on a systematic comparison between classical and quantum machine learning approaches applied to a signal and background classification problem example
from the collider physics domain, studying the Vector Boson Scattering processes. We have shown that a hybrid quantum-classical approach based on parametrized quantum
circuits is able to reach performances similar to classically trained deep neural networks. Moreover, it has been shown that the QML algorithm requires a limited number of
variables to be successfully trained, still giving good classification performances as compared to the fully classical approach. Hence, this hybrid algorithm can be envisioned for
actual applications to the problem of HEP events classification already at the level of current noisy quantum hardware.
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