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Quantum data

Experiments Synthetic
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Cold Rydberg-Atom Quantum Simulator

arXiv:1904.08441 (PRL 123, 230504)
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Cold neutral atoms in optical tweezers

Cold Rubidium atoms trapped by tightly-focussed laser beams.

Defect-free arrays by imaging and removing empty traps.
Drive to highly excited Rydberg states (long litetime)

Rydberg Blockade For Rydberg state n=100:
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Rydberg-atom quantum simulator

Ay - g Yo

TiN;+1 = 0

Rydberg Hamiltonan: H Q, A)

i<j

Nearest-neighbour Rydberg blockade:

Adiabatic laser sweep
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Detuning (MHZz) o oo

Rydberg probability

Uo)p =1n);}

Ground state wavefunction:
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Perron-Frobenius:
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Bernien, et al/, Nature (2017)
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Quantum reconstruction

Set of projective measurement data D = {o} with distribution P(g) = |¥(o)|?

Generative modeling with RBMs:
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Training by optimizing the statistical divergence: p(tlo)
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Noise-layer regularization
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Readout measurement error rates are known: p(0|1) =0.04 , p(1]0)=0.01
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Modified network architecture to mitigate measurement noise: 1.00 ,
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8-atom experiment

Rydberg Hamiltonian: H(Q, A) = —A Z i — & Z T Z i ‘6
=]

1<g
Negative detuning A < 0: |¥) =]00000000)
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Neural-network measurements

Diagonal observables
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Neural-network measurements

Off-diagonal observables

o o’ p>\(0')
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Average transverse held:
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GT, ¢t al, Physical Review Letters (2019)



Neural-network measurements

Entanglement entropy

Second Reny1 entanglement entropy: R
A ; I2(pe)
S2(pr) = —log(Tr(py))
= log [<‘I’1, Wo|Swap,|¥1, ‘Ifzﬂ
where pg = Try_o(|¥)(V]))
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Digital Simulation of Quantum Chemistry

arXi1v:1910.07596

Giuseppe Carleo (Flatiron Institute)
Antonio Mezzacapo (IBM)

Guglielmo Mazzola (IBM)




Chemistry simulations on a quantum computer

Second-quantized fermionic Hamiltonian with N orbaitals:
1 N
H = Z taﬁéT g —I- — Z ua575éT 626765
7/8 1 7/87,775 1

Using Gaussian basis set, the Hamiltonian terms scales as O(N 4)

Map electronic orbitals to qubits (Jordan-Wigner, Bravyi-Kitaev, ...):

A=Y aby By e{Ls", 6V, 610N

Ground state simulation: H W) = FEo|Wy)

Quantum phase estimation: precision can be systematically reduced, deep circuits needed.

Variational quantum simulation: hybrid quantum-classical, NISQ-friendly, measurement-intensive.



Variational quantum eigensolver

State preparation

() = U(0)[0)*"

Evaluation of energy

—>  E(6) = (¥(0)|H|¥(6))

—

Circuit Ansatz

Circuit update

AO = —VeE(6)

Beryllium Hydrate
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Intrinsic quantum noise

Consider energy measurement for exact ground state preparation: |¥g)

A

Energy measurement: fy = <\IJO‘PA]|\IJO> o?[H]| = (PA]2> —(H)* =0

Cannot measure 1n the energy eigenbasis!

K K
(H)qe = ¥ cx(Pr) =~ E 0 [Hlge = Y |cnl>0”[Py]
k=1 k=1

B 2
L— (P) S = # samples per Pauli

OQ[P]{] —

Final uncertainty: €qc =

\/ 2k ICkEOQ[Pk]

Strategy: learn the quantum state from the same measurements instead.

var Yo == (H)x = (YalH|Ya) = (H)qc
Neural-network measurement equivalent gathers statistics in the eigen-basis:

2[H] — (H2)x = (H)Y

nmc




Quantum reconstruction of a fermionic wavefunction

Target wavefunction: ¥(o) € C

Neural-network wavefunction: (o) Z —Ex(o,h) AeC

Reconstruction required data from many bases ‘0’ ) = ‘01 : 032, . U?VN )
Optimize an extended statistical divergence: (', = — E  —log [t o.b) ‘2

obeD
Using single-qubit Pauli rotations I/ :

= Z Uy bW Restrict rotation to a set A of Ny qubits:

_ Z H 7o) {@ 00| ® <S|} P2 O(2Nv)

s JEA CE A

For reconstructing energy measurements on the ground state, only Pauli bases in the Hamiltonian are required.



Energy measurements

Dissociation energy profile
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Energy measurements

Energy estimator distribution

p(H gc)

Chemical accuracy probability

GT, Mazzola, Carleo and Mezzacapo, arxiv preprint (2019)
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Neural-network estimators

Experimental VQE data

Reconstruction with 5000 measurements

(out of the 2.5 millions)

GT, Mazzola, Carleo and Mezzacapo, arxiv preprint (2019)



Outlook

Generative Modeling of Experimental Wavefunctions

VOE Embedding Quantum Dynamics
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Entanglement entropy after a quench

scarred

© Learnability theory of quantum states
Sehayek et al, Physical Review B (2019)

© Reconstruction of quantum-supreme wavefunctions (verification?)



