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Kach, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023). Adversarial Bucko, J., Schéfer, F., Harman, F., Garrels, R, Tong, C, Kurzmann, A, lan T,, &
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint EG. (2023). Automated reconstruction of bound states in bilayer graphene
arXiv:2304.10852. quantum dots. Physical Review Applied 19, 024015 (2023).
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Fast feature analysis in the measured quantum data Learning parameters governing underlying physics
Durrer, R., Kratochwil, B., Koski, J. V., Landig, A. J., Reichl, C., Wegscheider, Valenti A Ji i H D. &E labl
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Hamiltonian Learning as a ML Problem

Koch, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023).
Adversarial Hamiltanian learning of quantum dots in a minimal
Kitaev chain. arXiv praprint arkiv:2304.10852.

Dubois, A. E. E., Broadway, D. A, Stark, A., Tschudin, M. A., Healey, A.
J., Huber, 3. D., . .[EG & Malatinsky, P. (2022). Untrained physically
informed neural network for image reconstruction of magnetic field

10 sources. Physical Review Applied, 18(8), 0640786.
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Bucko, J., Schifer, F, Harman, F., Garrels, R, Tong, C, Kurzmann, A, lan T., & EG. (2023).
Automated raconstruction of bound statas in bilayer graphena quantum dots. Physical Faview
Applied 19, 024016 (2023).
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Kitaev Chain Bilayer graphene

Superconductor

Kach, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023). Adversarial Bucko, J., Schéfer, F., Harman, F., Garreis, R, Tong, C, Kurzmann, A, lan T,, &
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint EG. (2023). Automated reconstruction of bound states in bilayer graphene
arXiv:2304.10852. quantum dots. Physical Review Applied 19, 024015 (2023).

Dvir, T., Wang, G., van Loo, N. et al. Realization of a minimal Kitaev chain in coupled
quantum dots. Nature 614, 445-450 (2023). https://dol.org/10.1038/
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Kach, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.

Dwvir, T., Wang, G., van Loo, N. et al. Realization of a minimal Kitaev chain in coupled

quantum dots. Nature 614, 445-450 (2023). https://dol.org/10.1038/
341586-022-05585-1
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Bilayer graphene
Custom Global Optimizer

Bucko, J., Schéfer, 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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Kach, R., van Driel, D., Bordin, A, Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.
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Part 1: Tuning Engineered Kitaev Mini-Chain
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Kach, R., van Driel, D, Bordin, A, Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of gquantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.
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Part 1: Tuning Engineered Kitaev Mini-Chain
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Kach, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.
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Dvir, T., Wang, G., van Loo, N. et al. Realization of a minimal Kitaev chain in coupled
quantum dots. Nature 614, 445-450 (2023). https://doi.org/10.1038/
541586-022-05585-1

Kaoch, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.
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Kach, R., van Driel, D., Bordin, A, Lado, J. L., & EG. (2023). Adversarial
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Discriminator prediction
distributions for
excremental data

GAN correctly identified
measurements with wrong
experimental label!

Kach, R., van Driel, D., Bordin, A, Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.
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Part | Conclusion: Adversarial Hamiltonian
Learning in a minimal Kitaev chain
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Kach, R., van Driel, D., Bordin, A., Lado, J. L., & EG. (2023). Adversarial
Hamiltonian learning of quantum dots in a minimal Kitaev chain. arXiv preprint
arXiv:2304.10852.
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Part lI: Automated reconstruction of bound
states In bilayer graphene quantum dots
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Part lI: Automated
reconstruction of bound states In
bilayer graphene quantum dots
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Bucko, J., Schiifer, 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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Nano Lett. 2019, 19, 8, 5216-5221
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0 Peak conductance (e”/h) 0.5

Is there a theory that fits
this data?
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Phys. Rev. X 8, 031023 (2018)
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Bucko, J., Schiifer, 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).

Physical Review B 79, 085407 (2009)

Pirsa: 23060033 Page 26/39



5
QMAI | TU Delft

Confining potential

Gapping potential

r|¥(r/R)[?

Valley number

Angular momentum

/R

Bucko, J., Schiifer, 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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Goal: Find the
parameters that best fit
the experimental data

Bucko, J., Schifer, 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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Bucko, J., Schiifer, 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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t-SNE clustering: experiment
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Bucko, J., Schéfer, F., Harman, 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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Bucko, J., Schiifer, 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).

Pirsa: 23060033 Page 31/39



7
iltonian dri QMA
Hamiltonian driven random search | TUDelft

95 fI

=9 | Lo
Step 1. o .
“Use the simple o i
model to calculate S 10
gradients £ 70 8 .
analytically and S oA
identify the valley % i -

Gapping potential V' (meV)

Bucko, J., Schiifer, 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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Precision on simulated data

« U/V fitting precision ~ 0.2 %

*m/T found in 100% of cases

Bucko, J., Schifer, 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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Bucko, J., Schifer, F., Herman, ., Garreis, R, Tong, C, Kurzmann, A, lan T,, &
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Part Il Conclusion: Automated reconstruction of
bound states in bilayer graphene quantum dots
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Perspective:

© Machine learning can generalize to experiment in a powerful ways
© Way to make the toy models immediately experimentally useful
© Narrow the gap between theory and experiment

© New way to collaborate
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THE END
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