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Quantum State Tomography

= reconstruction of quantum states
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from measurements

- use neural networks!
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G. Torlai, G. Mazzola, J. Carrasquilla, M. Troyer, R. Melko, and G. Carleo (2018)

1. Carrasquilla, G. Torlai, R. G. Melko, and L. Aolita (2019)
G. Torlai and R. G. Melko (2021)

J. Carrasquilla and G. Torlai (2021)

S. Czischek et al. (2022), ...
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Neural-network based QST using Restricted Boltzmann Machines (RBMs):
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Neural-network based QST using Restricted Boltzmann Machines (RBMs):
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— Similar to the Ising model in statistical physics, we

can assign a probability distribution
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— Similar to the Ising model in statistical physics, we
can assign a probability distribution

Pwb.c)(¥) = Ty e Ewrah) to this system

— train the RBM = adjusting pyw ¢} S-t. Djwp,ey @nd q
become very close (minimize Kullback-Leibler
divergence)
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Neural-network based QST using Restricted Boltzmann Machines (RBMs):

— Similar to the Ising model in statistical physics, we
can assign a probability distribution

Pwb.e)(¥) = Ty e Ewrah) to this system

— train the RBM = adjusting pyw ¢} S-t. Djwp,ey @nd q
become very close (minimize Kullback-Leibler
divergence)

- QST: two RBMs (following G. Torlai et al. (2018)):

a. for learning the amplitude of the state

b. for learning the phase structure of the state
-> (local) rotations to different measurement configurations are needed!
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Neural-network based QST using Restricted Boltzmann Machines (RBMs):

— Similar to the Ising model in statistical physics, we
can assign a probability distribution

Pw.bey(V) = Zh% e Ewpa®h) o this system

— train the RBM = adjusting pyw p.c; S-t. Djwp,ey @nd q
become very close (minimize Kullback-Leibler
divergence)

- QST: two RBMs (following G. Torlai et al. (2018)):

a. for learning the amplitude of the state Vi be) s c,}(x) =

b. for learning the phase structure of the state
-> (local) rotations to different measurement configurations are needed!
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* G. Torlai et al. (2018): reconstruction of highly entangled
states with up to 80 qubits with extremely high fidelity Oy, !
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Neural-network based QST using RBMs:

* G. Torlai et al. (2018): reconstruction of highly entangled
states with up to 80 qubits with extremely high fidelity Oy, !

* and: its already implemented and can directly used by
downloading the python package QuCumber (Beach et al.) !
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Neural-network based QST using RBMs:

* G. Torlai et al. (2018): reconstruction of highly entangled « BUT: when | want to do this...
states with up to 80 qubits with extremely high fidelity Oy, ! =
* and: its already implemented and can directly used by 151 ¢ spinsup ¢ equalprob ¢ GHZ
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Look at phases and amplitudes of all RBMs
separately:

if var(amplitudes) > var(phases):
request samples from the reference
configuration

else: rotate ¥, , (x) for all RBMs to
different measurement configurations and

select the one where RBMs disagree most
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DMRG Simulations: 2) Z, Lattice Gauge Model [Borla et al., Phys.Rev.Lett. (2018)]
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DMRG Simulations: 2) Z, Lattice Gauge Model [Borla et al., Phys.Rev.Lett. (2018)]
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DMRG Simulations: 2) Z, Lattice Gauge Model [Borla et al., Phys.Rev.Lett. (2018)]
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DMRG Simulations: 2) Z, Lattice Gauge Model [Borla et al., Phys.Rev.Lett. (2018)]
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- RBMs as building blocks of our adaptive scheme
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(active learning = smartly choosing the measurement configurations) compared to a RBM
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» representations with more efficient sampling? [e.g. Hibat-Allah et al. (2020), Czischek et al. (2022),...]
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» representations with more efficient sampling? [e.g. Hibat-Allah et al. (2020), Czischek et al. (2022),...]
» Extensions to finite temperatures, fermionic systems...
» mixed states [e.g. Torlai (2018)]

» antisymmetric wavefunctions [e.g. Humeniuk et al. (2021), Moreno et al. (2022),
Inui et al. (2021), ...]
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Matjaz Kebric Fabian Grusdt Annabelle Max Buser
Bohrdt Schollwock
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