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Quantum S_USing e programmable Solving the Sampling Problem of the Sycamore Quantum Circuits
Superconductlng processor Feng Pan, Keyang Chen, and Pan Zhang

Phys. Rev. Lett. 129, 090502 - Published 22 August 2022
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Gidney, Marissa Giustina, Rob Graff, Keith Guerin, ... John M. Martinis®&  + Show authors We study the problem of generating independent samples from the output distribution of Google’s

Sycamore quantum circuits with a target fidelity, which is believed to be beyond the reach of classical
supercomputers and has been used to demonstrate quantum supremacy. We propose a method to

Nature 574' 505-510 (2019) ’ Cite this article classically solve this problem by contracting the corresponding tensor network just once, and is

massively more efficient than existing methods in generating a large number of uncorrelated samples

with a target fidelity. For the Sycamore quantum supremacy circuit with 53 qubits and 20 cycles, we
have generated 1 x 10° uncorrelated bitstrings s which are sampled from a distribution P(s) — |¢)(s) 2
Article | Open aCCess | Published: 14 June 2023 , where the approximate state 1 has fidelity I = 0.0037. The whole computation has cost about 15 h

on a computational cluster with 512 GPUs. The obtained 1 x 10° samples, the contraction code and

contraction order are made public. If our algorithm could be implemented with high efficiency on a
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Efficient tensor network simulation of IBM's Eagle kicked Ising experiment

105k Accesses | 18 Citations | 947 Altmetric | Metrics Joseph Tindall, Matt Fishman, Miles Stoudenmire, Dries Sels
We report an accurate and efficient classical simulation of a kicked Ising quantum system on the heavy-hexagon lattice. A simulation of this system was recently performed on
. - . ) ) a 127 qubit quantum processor using noise mitigation techniques to enhance accuracy (Nature volume 618, p.500-505 (2023)). Here we show that, by adopting a tensor
ComPUtatlonal In quantum simulation network approach that reflects the geometry of the lattice and is approximately contracted using belief propagation, we can perform a classical simulation that is significantly
Andrew D. King, Alberto Nocera, Marek M. Rams, Jacek Dziarmaga, Roeland Wiersema, William Bernoudy, Jack Raymond, Nitin Kaushal, Niclas Heinsdorf, Richard more accurate and precise than the results obtained from the quantum processor and many other classical methods. We quantify the tree-like correlations of the wavefunction
Harris, Kelly Boothby, Fabio Altomare, Andrew J. Berkley, Martin Boschnak, Kevin Chern, Holly Christiani, Samantha Cibere, Jake Connor, Martin H. Dehn, Rahul in order to explain the accuracy of our belief propagation-based approach. We also show how our method allows us to perform simulations of the system to long times in the
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thermodynamic limit, corresponding to a quantum computer with an infinite number of qubits. Our tensor network approach has broader applications for simulating the
dynamics of quantum systems with tree-like correlations.

Comments: 18 Pages. 10 Figures. Updated to include improved BP-TNS data, simulation of the infinite system and improved error quantification

Subjects:  Quantum Physics (quant-ph)
Quantum computers hold the promise of solving certain problems that lie beyond the reach of conventional computers. Establishing this capability, especially for impactful and

meaningful problems, remains a central challenge. One such problem is the simulation of nonequilibrium dynamics of a magnetic spin system quenched through a quantum phase Cite as: arXiv:2306.14887 [quant-ph]
transition. State-of-the-art classical simulations demand resources that grow exponentially with system size. Here we show that superconducting quantum annealing processors (or arXiv:2306.14887v2 [quant-ph] for this version)
can rapidly generate samples in close agreement with solutions of the Schrodinger equation. We demonstrate area-law scaling of entanglement in the model quench in two-, https://doi.org/10.48550/arXiv.2306.14887 @

three- and infinite-dimensional spin glasses, supporting the observed stretched-exponential scaling of effort for classical approaches. We assess approximate methods based on
tensor networks and neural networks and conclude that no known approach can achieve the same accuracy as the quantum annealer within a reasonable timeframe. Thus quantum
annealers can answer questions of practical importance that classical computers cannot.

Subjects: Quantum Physics (quant-ph); Disordered Systems and Neural Networks (cond-mat.dis—nn); Statistical Mechanics (cond-mat.stat-mech)
Cite as:  arXiv:2403.00910 [quant-ph]
(or arXiv:2403.00910v1 [quant-ph] for this version)
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Philips, Stephan GJ, et al. "Universal control of a six-qubit
quantum processor in silicon." Nature 609.7929 (2022):

919-924.

Unseld, F.K., Meyer, M., Madzik, M.T., Borsoi, F., de Snoo, S.L.,
Amitonov, S.V., Sammak, A., Scappucci, G., Veldhorst, M. and
Vandersypen, L.M., 2023. A 2D quantum dot array in planar 28Si/

SiGe. Applied Physics Letters, 123(8).
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Substrate

Andersen, Borregaard, Kjaergaard, Zinner, in preparation



Automated calibration,
control and readout
of quantum systems




“3
Tuning Engineered Quantum Materials QMAI | TUDelft

EG. "Solving optimization tasks in condensed matter." Nature Machine Intelligence 2.10 (2020): 557-558.
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MACHINE LEARNING MODEL

Wetzel, Sebastian J. "Unsupervised learning of phase transitions: From principal component analysis to variational autoencoders." Physical Review E 96.2 (2017): 022140.
Van Nieuwenburg, Evert PL, Ye-Hua Liu, and Sebastian D. Huber. "Learning phase transitions by confusion." Nature Physics 13.5 (2017): 435-439.
Carrasquilla, Juan, and Roger G. Melko. "Machine learning phases of matter." Nature Physics 13.5 (2017): 431-434.

Greplova, E., Valenti, A., Boschung, G., Schafer, F., Lorch, N., & Huber, S. D. (2020). Unsupervised identification of topological phase transitions using predictive models. New Journal of Physics, 22(4), 045003.



o]
. . QMAI
uning Runs on the Device | TUDelft

Al gpc /dVps
(a) __ : [arb. units]

2

= Ti¢12):

E 204« = : " 0
>§ 104+ II' : 2
0,074 (L1 (21
0 - ] | n
0 25 50 75 100

31gpc /3Vpe
(b) [a?b. units]
'|.r'1' I. s ""!l'. —_L
L FUIC F |T Md (M v . 2
%40 et 0 i) SR I RECY (16V5 e )
Sl (- O i & P

.
(11628
0 l | A
0 50 100
Vpg1 [MV]

R Durrer, B Kratochwil, JV Koski, AJ Landig, C Reichl, W Wegscheider, T Ihn, EG, Phys. Rev. Applied 13, 054019 (2020)


https://www.google.com/url?q=https%3A%2F%2Fjournals.aps.org%2Fprapplied%2Fabstract%2F10.1103%2FPhysRevApplied.13.054019&sa=D&sntz=1&usg=AFQjCNFqlVLIwl86J7tG4Svn7ulqMXROKQ

2]
QDsim: Simulator of arbitrary geometries GMAI T TUDelft

Physical device

CSD, Sensor 1 CSD, Sensor 0
® Dot -0.0 20 -0.0 20
=4 - w0 V¥ Sensor S 3.0 s & 3 30- 5 8
© ' & = .
Sy ol 4 8 g 08 = 10 &
S q @3 &7 Pl Pl4 5 9.0 B o 901 T
— Q i = 9 _ =
> 0 - &6 &10 013 OIS 5 12,0 5 g 5 12,0 - 5 g
-15.0 . 0 -15.0 . . - - 0
' i é ' -15.0-12.0 -9.0 -6.0 -3.0 -0.0 -15.0-12.0 -9.0 -6.0 -3.0 -0.0
0 3 Gate 4 Voltage (au) Gate 0 Voltage (au)
X Location (au)
CSD, Sensor 0 CSD, Sensor 0
Physical device g 1.0 -
® Dot ) ) S 0.52 - E)
L L e 2 8
%\ w0 V¥ Sensor y — © b
= "4 3 2 0.04 - 3
o) o - —~ -
S o Q ) 1 @
S > i = 0.44 - e
~ 1 2 ® o P o
> 0 - ¢° &b & % g % 0.9 - -0 g
O O O . | O
9 J > (1.4 ST R L Wikt o) | 1.4 LR T T, -1
X Location (au) -1.4 -0.92-0.44 0.04 0.52 1.0 -1.4 -0.92-0.44 0.04 0.52 1.0
Gate 0 Voltage (au) Gate 0 Voltage (au)

Gualtieri, Valentina, Hernandes, Vinicius, Renshaw, Charles and EG. “QDSim: Quantum Dot Array Simulation package.” arXiv:2404.02712(2024), to appear in SciPost Physics.
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Gualtieri, Valentina, Hernandes, Vinicius, Renshaw, Charles and EG. “QDSim: Quantum Dot Array Simulation package.” arXiv:2404.02712(2024), to appear in SciPost Physics.
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“Can we move beyond direct ML image
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De Smet, M., Matsumoto, Y., Zwerver, A.M.J., Tryputen, L.,
de Snoo, S.L., Amitonov, S.V., Sammak, A., Samkharadze,
N., Gul, O., Wasserman, R.N. and Rimbach-Russ, M.,
2024. High-fidelity single-spin shuttling in silicon. arXiv
preprint arXiv:2406.07267.

Unseld, F.K., Meyer, M., Madzik, M.T., Borsoi, F., de Snoo, S.L.,
Amitonov, S.V., Sammak, A., Scappucci, G., Veldhorst, M. and
Vandersypen, L.M., 2023. A 2D quantum dot array in planar 28Si/

SiGe. Applied Physics Letters, 123(8).
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Voltages and ramp times as optimisation parameters
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The algo: CMA-ES

Covariance matrix adaptation evolution strategy

Generation 1 Generation 2

Generation 3

O Global optimisation
O Gradient free genetic algorithm
o Covariance matrix stores correlations

By Sentewolf (talk) (Uploads) - Transferred from en.wikipedia to Commons.,
Public Domain, https://commons.wikimedia.org/w/index.php?curid=48100101
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Optimising visibility
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Optimising visibility
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We can frequently finetune PSB readout
visibility from 90% to >98% within one hour.
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SCALE Polytope finding in I:{> Automated operation

multidimensional CSDs
IZ:> optimized readout + gates

1 - visibility

QDsim released generation
PSB readout

BETTER INDIVIDUAL CONTROL

Gualtieri, Valentina, Hernandes, Vinicius, Renshaw, Charles and EG. “QDSim: Quantum Dot Array Simulation package.” arXiv: 2404.02712 (2024).
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DEEP FEED-FORWARD NETWORKS

Valenti, A., Jin, G., Léonard, J., Huber, S. D., & EG.
(2022). Scalable Hamiltonian learning for large-scale
out-of-equilibrium quantum dynamics. Physical Review
A, 105(2), 023302.

. b B
Field e Magnetic

flake

Magnetisation (u,nm?) Magnetic Field (mT) Sensing plane

-30 . 30 04 o4

(c)

Output source image

Input image Convolutional neural network

-~

simulated data

conditions

-
experimental data

Hamiltonian

t  parameter

grid

GENERATIVE MODELS

training

discriminator

[ ]
D-rating function

Hamiltonian parameter grid

Koch, R., van Driel, D., Bordin, A., Lado, J. L., & EG.

Adversarial Hamiltonian learning of quantum dots in a
minimal Kitaev chain. Phys. Rev. Applied 20, 044081 (2023)

Dubois, A. E. E., D. A. Broadway, A. Stark, M. A. Tschudin, A. J.

Healey, S. D. Huber, J-P. Tetienne, EG, and P. Maletinsky. "Untrained

physically informed neural network for image reconstruction of
magnetic field sources." Physical Review Applied 18, no. 6 (2022):

064076.

CONVOLUTIONAL U-NETWORKS
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CUSTOM OPTIMIZERS

Bucko, J., Schéafer, F., Herman, F., Garreis, R,
Tong, C, Kurzmann, A, lan T., & EG. (2023).
Automated reconstruction of bound states in
bilayer graphene quantum dots. Physical Review
Applied 19, 024015 (2023).
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