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Abstract: Rydberg atom arrays are programmable quantum simulators capable of preparing interacting qubit systemsin a variety of quantum states.
However, long experimental state preparation times limit the amount of measurement data that can be generated at reasonable timescales, posing a
challenge for the reconstruction and characterization of quantum states. Over the last years, neural networks have been explored as a powerful and
systematically tuneable ansatz to represent quantum wavefunctions. These models can be efficiently trained from projective measurement data or
through Hamiltonian-guided variational Monte Carlo. In this talk, | will compare the data-driven and Hamiltonian-driven training procedures to
reconstruct ground states of two-dimensional Rydberg atom arrays. | will discuss the limitations of both approaches and demonstrate how
pretraining on a small amount of measurement data can significantly reduce the convergence time for a subsequent variational optimization of the
wavefunction.
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» well-controlled experimental
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BUT: long state preparation times
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Data based Rydberg state reconstructlon
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_ Data based Rydberg state reconstructlon
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Data based Rydberg state reconstructlon
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Varlatlonal Monte CarIo
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Varlatlonal Monte CarIo

pw(ai)  pwl(oit1)  pwl(odit2)

"+ Find ground state via energy minimization

h; W_-“hrH—l MW hi2
e Training:
Minimize local energy Hynn = (Vop | H | Woy) = T T
evaluated on N, RNN samples V3 (0) = (Yo |6) = \/Prun(0: 7))

10,000 iterations

A Q o N e ¢‘
H=-—D 88 it ) Vs, z %
~ T & A A A A
i=1 2= ij i L B B B O
7 21072
i = 6 Q=6=1 mo. Nh - 2L
|7~ ril lz
210
3 @ L=4 ¢ L=12
L=8 ®» =16
0 1000
Ns
Stefanie.Czischek@uOttawa.ca [SC, et al., PRB 105, 205108 (2022)]

Pirsa: 22050042 Page 13/19



Varlatlonal Monte CarIo

Find ground state via energy minimization
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Limited by convergence times...
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Data enhanced varlatlonal Monte Carlo
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Data enhanced varlatlonal Monte Carlo
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Data enhanced varlatlonal Monte Carlo
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Summary & Outlook

» Data-driven training: large amount of data
e Hamiltonian-driven training: slow convergence

» Data-enhanced VMC gives significant
improvement with limited data
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