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1 Introduction and motivation

» Quantum machine learning (QML) is expected to surpass classical machine learning in a wide range of instances.
» For example, when dealing with highly energetic jet images, classical convolutional neural networks (CNNs) fall short in classification accuracy.
» In this study, we use a quantum convolutional neural network (QCNN) and compare its classification accuracy with CNN using a classical simulator.

2 Methods 3 Results
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Dimensional expressivity analysis! (work in progress)

» SU(4): > FOOL: Dimgnsional expre_ssivity_ ar_lalysi_s (DEA) performed to get optimal
maximally expressive circuit with the least number of trainable
parameters.
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4 Conclusions

» All QCNN setups conveyed faster convergence compared to CNNs.

» Higher params-size indicated better accuracy of CNN compared to QCNN.

» QCNN showed better accuracy at the level of low params-size (e.g. SO(4) and DEA circuit).

» Further DEA studies are undergoing trials to reduce the run-time before performing real hardware runs.
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