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Inspired from “Z. Minev, Superconducting Qubits,
Introduction to Circuit Quantum Electrodynamics"

Superconducting Qubit System

Highly hierarchical digital-analog hybrid system
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Proposal
Co-design near-term quantum architecture for HEP applications
“HEP-motivated” data encoding
and learning model

Speciﬁc hardware
architecture for scientiﬁc
applications in long-term?

“HEP-desired” implementation
for near-term device

Work on both aspects for a representative ML task in HEP
(e.g., classiﬁcation, reconstruction, simulation)
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Co-design near-term quantum architecture for HEP applications
suggested as possible means to achieve learning advantages. Yet, our understanding of how these
quantum machine learning models compare, both to existing classical models and to each other,
remains limited. A big step in this direction has been made by relating them to so-called kernel
methods from classical machine learning. By building on this connection, previous works have shown
that a systematic reformulation of many quantum machine learning models as kernel models was
guaranteed to improve their training performance. In this work, we first extend the applicability of
this result to a more general family of parametrized quantum circuit models called data re-uploading
circuits. Secondly, we show, through simple constructions and numerical simulations, that models
defined and trained variationally can exhibit a critically better generalization performance than
their kernel formulations, which is the true figure of merit of machine learning tasks. Our results
constitute another step towards a more comprehensive theory of quantum machine learning models
next to kernel formulations.
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0 have been shown
of these methods involve the specification of a quantum
circuit Ansatz, optimized in a classical fashion to solve
specific computational tasks. Next to variational quantum eigensolvers in chemistry [4] and variants of the
quantum approximate optimization algorithm [5], machine learning approaches based on such parametrized
quantum circuits [6] stand as some of the most promising practical applications to yield quantum advantages.
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Improved learning architecture for HEP:
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machine learning tasks. In the domain of quantum machine learning [9, 10], an emerging approach for this type
of problem is to use parametrized quantum circuits to
define a hypothesis class of functions [11–16]. The hope
is for these parametrized models to o↵er classification
power beyond what is possible with classical models, including the highly successful deep neural networks. And
indeed, we have substantial evidence of such a quantum
learning advantage for artificial problems [16–21], but the
next frontier is to show that quantum models can be advantageous in solving real-world problems as well. To
achieve this, we first need a deeper understanding of these
quantum methods and how they relate.
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Eﬃcient hardware implementation for HEP algorithm:

•
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Gate synthesis/optimization for developed data encoding or ansatz
Noise mitigation and error detection/correction
Custom pulse control for parametrized gates
Optimization of data & parameter loading sequence
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