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Professor Dohun Kim’s research team from the Department of Physics and
Astronomy at SNU has successfully extended the applicability of noisy quantum
computers, especially in solving quantum many-body problems, by combining
them with classical Machine learning.

Abstract

Advancements in the implementation of quantum hardware have enabled the
acquisition of data that are intractable for emulation with classical computers.
The integration of classical machine learning (ML) algorithms with these data
holds potential for unveiling obscure patterns. Although this hybrid approach
extends the class of efficiently solvable problems compared to using only
classical computers, this approach has been only realized for solving restricted
problems because of the prevalence of noise in current quantum computers.
Here, we extend the applicability of the hybrid approach to problems of interest
in many-body physics, such as predicting the properties of the ground state of a
given Hamiltonian and classifying quantum phases. By performing experiments
with various error-reducing procedures on superconducting quantum hardware
with 127 qubits, we managed to acquire refined data from the quantum
computer. This enabled us to demonstrate the successful implementation of
theoretically suggested classical ML algorithms for systems with up to 44 qubits.
Our results verify the scalability and effectiveness of the classical ML algorithms
for processing quantum experimental data.

https://www.nature.com/articles/s41467-024-51932-3
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Machine learning on quantum experimental data toward solving

quantum many—body problems

Gyungmin Cho, Dohun Kim
(Nature Communications 15, 7552 (2024))
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