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The textbook:

On the one hand:

A complex quantum system
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The textbook:

On the one hand: On the other hand:

A complex quantum system A complex... artificial... quantum system
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The textbook:

On the one hand: On the other hand:

A complex quantum system A complex... artificial... quantum system

2P _ g

If H ~ H, we learn something about |¥) by measuring |P)!

Exponential advantage for quantum dynamics (Lloyd ‘96)
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Materials science and chemistry: low-energy states

Ground state search:

H|¥Y) = E|¥)



Materials science and chemistry: low-energy states

Ground state search:
H|¥) = E|¥)

Quantum phase estimation (QPE) algorithm
(Kitaev 95)
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Large Scale Quantum: Tomorrow

Quantum error corrected computers
A lot (millions) of high-quality qubits




Materials science and chemistry: low-energy states

Ground state search:
H|¥) = E|¥)

Quantum phase estimation (QPE) algorithm
(Kitaev 95)
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with U = e~iit/h

/" Large Scale Quantum: Tomorrow

Quantum error corrected computers
A lot (millions) of high-quality qubits

Most advanced experiments (Rydberg,

lons, superconducting qubits):

Only 10-100 physical qubits,
Jjust below threshold
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Materials science and chemistry: low-energy states

/ Noisy Intermediate Scale Quantum: Toda%

* Small number of qubits (10-1000 today)
» High error rates (100-1000 gates)

Limited depth T

33
a3
E

Exponential
decay of fidelity:

F = e_pNg

Limited
width

9[9[9]9[9[9]9]9

Number
of gates

Error
per gate

\
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Large Scale Quantum: Tomorrow

Quantum error corrected computers
A lot (millions) of high-quality qubits

Most advanced experiments (Rydberg,

lons, superconducting qubits):

Only 10-100 physical qubits,
just below threshold
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Too long... also without noise? Louvet, TA, Waintal, 2306.02620

Ground state search: Key point: role of overlap

2
Q= [(P b Y
H|W) = E|®) [(Wguess o)

1 oy
Quantum phase estimation (QPE) algorithm Need 0(5) repetitions of QPE!

(Kitaev 95)
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Too long... also without noise? Louvet, TA, Waintal, 2306.02620

Ground state search: Key point: role of overlap

2
Q= [(P b Y
H|W) = E|®) [(Wguess o)

1 ey
Quantum phase estimation (QPE) algorithm Need 0(3) repetitions of QPE!

(Kitaev 95)
We found a formula to assess Q given the energy +
|0) . variance of Wgess (+ estimate of Ej).
|0) L .
P Applied it to advanced classical methods.
B H
Outcome:
Q decreases exponentially with molecule size!
|Lpguess>
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What can one do with today’s processors?



The bread-and-butter NISQ algorithm: the variational quantum eigensolver

=VIDEN

Initial
guess

6o

Final
energy

quantum processor

(QPU) =
: 0*
state preparation
|¥5) = Usldo)
energy evaluation
Eg = (Y5lHIYz )
Classical Variational
parameters energy

-

On+1 n

classical processor
minimizer
(COBYLA, BFGS, etc)

© Eviden SAS

(Peruzzo et al 2014)
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The bread-and-butter NISQ algorithm: the variational quantum eigensolver

Parametric circuit Uyt
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Final
energy

quantum processor

Initial (QPU) _
*
gu_e:ss state preparation 6
6, [g) = Ugldo)
energy evaluation
Eg = (bglHIY5 )

Variational
energy

On

Classical

parameters
=

On+1

classical processor
minimizer
(COBYLA, BFGS, etc)

Idea: try to minimize use of quantum resources
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(Peruzzo et al 2014)
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Known issues with the variational quantum eigensolver

Parametric circuit Uyt

Final
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Interesting variational
circuits are still too long!
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Known issues with the variational quantum eigensolver

Parametric circuit Uyt

Final
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Known issues with the variational quantum eigensolver

Parametric circuit Uyt

. , Final
| quantum processor energy
Initial (QPU)

- guess . l;zj*
' rl @ N state preparation

g 6, [4) = Uglpo)

o energy evaluation

[0)]

Classical Variational
. .. ener
Interesting variational parimeters ay
circuits are still too long! -
9 9n+1 On

F = e_pNg
classical processor
minimizer
(COBYLA, BFGS, etc)

Number
of gates

Error

per gate

‘ Can we shorten
circuits?

17



Known issues with the variational quantum eigensolver

Parametric circuit Uyt
Einal Electronic structure Hamiltonian:
quantum processor energy .
Ir:;fsl (QPU) a* H = Z hpqCa €q + 2 Z RpqrsCyCy CrCs
‘n'—? g = state preparation pq pars
@ 90 lr5) = Ugldo)
o energy evaluation
0 E5 = (Y5lHIY5 ) Fermion antisymmetry:
a
wn

¢110010) = —|0011)

Classical Variational
Interesting variational parimeters energy vs. qubits:

. 3 °o ' g
circuits are still too long! 0, 0510010) = |0011)

On+1

F = e_pNg
classical processor
minimizer
(COBYLA, BFGS, etc)

Number
of gates

Error

per gate

‘ Can we shorten
circuits?
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Known issues with the variational quantum eigensolver

Parametric circuit Uyt
Electronic structure Hamiltonian:

Final
quantum processor energy 1
Initial (QPU) . H = Z hoach ca + 5 z hyqrscicl cyc
@ gu_e:ss state preparation 6 Pq pars
: 6, ) = Usldo)
o energy evaluation
g Ez = (Y5lHIY5) Fermion antisymmetry:
0

¢110010) = —|0011)

Variational
energy

On

Classical
parameters

-

On+1

Interesting variational vs. qubits:

circuits are still too long!

F = e PNg

¢710010) = |0011)

classical processor
minimizer
(COBYLA, BFGS, etc)

Number
of gates

.I.
Hence longer circuits!

Error

per gate

‘ Can we shorten
circuits?
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Known issues with the variational quantum eigensolver

Parametric circuit Uyt
Einal Electronic structure Hamiltonian:

Measure quantum processor energy 1
Initial (QPU) -, H= Z hpch gt 5 Z hpqrscgc; C,Cs
Ll,_? gu_e:ss state preparation 6 Pq pars
: 6, [¥) = Uglbo)
o energy evaluation
g Ez = (Y5lHIY5) Fermion antisymmetry:
0

o c;10010) = —|0011)
Variational
energy

On

Classical
parameters
-

On+1

Interesting variational vs. qubits:

circuits are still too long!

¢710010) = |0011)

F = e_pNg
classical processor
minimizer
(COBYLA, BFGS, etc)

Number
of gates

Error T
CpCq l€eads to X, 7y . Zg_1 X,

Hence longer circuits!

Can we shorten ‘ Can we even avoid
fermionic rules?

circuits?
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Outline

Can we shorten circuits?

Can we even avoid fermionic rules?

Hybridizing tensor networks and quantum algorithms

Could we use quantum noise to our advantage?

21



=VIDEN

Outline

Can we shorten circuits?

Can we even avoid fermionic rules?

Hybridizing tensor networks and quantum algorithms

Could we use quantum noise to our advantage?
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The importance of the orbital basis

Consider

1 bt
H = Z hpq p Cqg T > hpqrsCpCq CrCs

pqrs

Hartree-Fock method: define

ol = 2 Vs

Find orbital transformation V s.t HF wavefunction
W) = ¢ ¢, 100...0)

minimizes (¥(V)|H|¥P(V))



The importance of the orbital basis

Consider Quantum computer representation?
1 In &t I | rbital) basis: [¥(V)) = ¢l 100...0
H= zhpq o Cqt 5 Z hpqmc;rc;r ¢, Cq ¢; (molecular orbital) P (V)) = c = iy | )
pqrs

1) 10)

«t 1) |0)

Hartree-Fock method: define Ci L3 1 |1)

iy 1 [1)

Z v i 4 1)

Find orbital transformation V s.t HF wavefunction
W) = ¢ ¢, 100...0)

minimizes (¥(V)|H|¥P(V))
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The importance of the orbital basis

Consider

1 bt
H = hpq » Cq T > hpqrsCpCq CrCs

pqrs

Hartree-Fock method: define

ol = 2 Vs

Find orbital transformation V s.t HF wavefunction
W) = ¢ ¢, 100...0)

minimizes (Y (V) |H|¥(V))
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Quantum computer representation?

In 6:r (molecular orbital) basis: |[¥(V)) = c "l-TNeIOO .. 0)
1 10)
4 o)
Ci L3 ) |1)
2 a1
iy ) 1)

In e.g original basis... |[¥(V)) much more complicated!

Cf Arute et
al 2021

. . 1 .
en ene Givens rotations ~e"¢'¢.. aka Gaussian gates 25



Beyond Hartree-Fock?

In original basis:

non Gaussian gates

Can we find a (the?) basis that most simplifies the
circuit?
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Beyond Hartree-Fock?

In original basis: The natural orbital basis

The basis with fewest Slater determinants,
hence shortest circuit!

non Gaussian gates
How to compute it ?
Can we find a (the?) basis that most simplifies the
circuit?

Diagonalize
Dypq = (Lplcz;rcqltp) = VpiniViJcrl

HONNNN
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Besserve, TA, PRB 22
Iterative rotation to the natural orbital basis Besserve, Ferrero, TA, 2406.14170

|¥) is unknown! Determine RDM iteratively

(Grimsley 2019)

=VIDEN eevidensas  See also: Koridon et al 2021 for orbital optimization 28



Besserve, TA, PRB 22
Iterative rotation to the natural orbital basis Besserve, Ferrero, TA, 2406.14170

|¥) is unknown! Determine RDM iteratively

1-RDM

Dij(é) cPU

— t Diagonalization

= (¥g-|ci ¢j[wg)) D = Vnyt Natural

orbital basis V

(Grimsley 2019)
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Iterative rotation to the natural orbital basis

|¥) is unknown! Determine RDM iteratively

1-RDM

Dij(é) cPU

— t Diagonalization

= (¥g-|ci ¢j[wg)) D = vyt Natural

orbital basis V

(Grimsley 2019)
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Besserve, TA, PRB 22
Besserve, Ferrero, TA, 2406.14170

hopping
Application: S, —tee
Hubbard model e ¢ o °
o ® o*

(here N=2 sites):

Simplest model for high-temperature
superconductors

v, 4 R

* Cu o] [
s i A CuO, layer

o1
0 y1047
oY | @ B
® B ,- :.:: B CuQ, planes
- ,,f"'"
19q 19|

© Eviden SAS See also: Koridon et al 2021 for orbital optimization 30



Iterative rotation to the natural orbital basis

|¥) is unknown! Determine RDM iteratively

1-RDM

Dij(é) cPU

— t Diagonalization

= (¥g-|ci ¢j[wg)) D = Vnyt Natural

orbital basis V

-1.5
Energy -:o

=25

(Grimsley 2019)
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Application:
Hubbard model
(here N=2 sites):

Besserve, TA, PRB 22
Besserve, Ferrero, TA, 2406.14170

hopping
—te

Noiseless,

Large number of gates no interaction

Small nungber of gate

:\f%

=359

See also: Koridon et al 2021 for orbital optimization

MOization step #1
MNOization step #2
NQization step #3
MOization step #4
HOization step #5
- ED

- 4mm Quite poor estimate

[

0 1

. 4mm Accurate estimate

4 5 3 7 8 9

Number of operators

3

2
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Conclusions of Part 1

One method to reduce sensitivity to decoherence.

Still many issues with VQE (even without noise!)



Conclusions of Part 1

One method to reduce sensitivity to decoherence.

Still many issues with VQE (even without noise!)

« Measurement problem: (g |H|YPg) kNnown only up
to statistical error

H
L

Nsamples
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Conclusions of Part 1

One method to reduce sensitivity to decoherence.

Still many issues with VQE (even without noise!)

« Measurement problem: (g |H|YPg) kNnown only up
to statistical error

|H]l, == Ha
\ Nsamples

=> | ots of samples (days/months)

MHa === AE ~

(Wecker 2017)
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Conclusions of Part 1

One method to reduce sensitivity to decoherence. * Barren plateau problem (McClean 2018)

Still many issues with VQE (even without noise!)

« Measurement problem: (g |H|YPg) kNnown only up
to statistical error

|H]l;, == Ha

\ Nsamples

MHa === AE ~

2
=> | ots of samples (days/months) Ways OUt°, S
« Clever initialization
(Wecker 2017) « Change way of optimizing
« (etc)



Find zeroes instead of minimizing:
the projective quantum eigensolver (PQE)

Chemistry: Unitary Coupled Cluster ansatz U(§)|HF)
VQE: minimize (HF|Ut(8)HU(6)|HF)

PQE: find zeros of ‘residues’ Stair et al 22
() = (Ex, Ut (6)HU(6)IHF)

with |EXu) = c;rciIHF), c;rc;rcichHF), etc

Plazanet, TA, 2410.15129



Find zeroes instead of minimizing:
the projective quantum eigensolver (PQE)

Chemistry: Unitary Coupled Cluster ansatz U(§)|HF)

VQE: minimize (HF|U*(§)HU(§)|HF) Very similar

to projective
CC equations

PQE: find zeros of ‘residues”: Stair et al ‘22
n(6) = (Ex, Ut (6)HU(6)HF)

with [EX,) = ¢l ¢;|HF), clc}cic;|HF), etc

Plazanet, TA, 2410.15129
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Find zeroes instead of minimizing: Plazanet, TA, 2410.15129
the projective quantum eigensolver (PQE)

Chemistry: Unitary Coupled Cluster ansatz U(§)|HF)
VQE: minimize (HF|Ut(8)HU(6)|HF)

PQE: find zeros of ‘residues’” Stairetal 22
() = (Ex, Ut (6)HU(6)IHF)

with |EXu) = c;rciIHF), c;rc;rcichHF), etc

Root finding: Newton-Raphson algorithm

« Convergence guarantees! (Newton-Kantorovitch
theorem)

* Residues -> upper bound energy error (Temple
iInequality)



Find zeroes instead of minimizing: Plazanet, TA, 2410.15129
the projective quantum eigensolver (PQE)

. . - 10° 4 —
Chemistry: Unitary Coupled Cluster ansatz U(9)|HF) o >pnaard aptmization MAS | New hybrid update
L > S %= VQE \ rule (GD+Newton)
VQE: minimize (HF|UT(9)HU(9)|HF) 11 { 777 Chemical Accurey
BeH ™~
2

= Better convergence
than standard PQE

- = Similar to VQE (but
with error
estimation)

-
o
A8

PQE: find zeros of ‘residues'”: Stair et al 22

Energy Error (Ha

._.
9
L

() = (Ex, Ut (6)HU(6)IHF)

1074 4

with |EXH) = c;rciIHF), c;rc;rcichHF), etc R R e

Root finding: Newton-Raphson algorithm

« Convergence guarantees! (Newton-Kantorovitch
theorem)

* Residues -> upper bound energy error (Temple
iInequality)



Find zeroes instead of minimizing:
the projective quantum eigensolver (PQE)

Chemistry: Unitary Coupled Cluster ansatz U(§)|HF)
VQE: minimize (HF|Ut(8)HU(6)|HF)

PQE: find zeros of ‘residues’:

with |EXH) = c;rciIHF), c;rc;rcichHF), etc
Root finding: Newton-Raphson algorithm

« Convergence guarantees! (Newton-Kantorovitch

theorem)

* Residues -> upper bound energy error (Temple

iInequality)
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Stair et al ‘22

() = (Ex, Ut (6)HU(6)IHF)

© Eviden SAS

Number of measurements

Energy Error (Ha

Plazanet, TA, 2410.15129

100 q

107" 5

-
o
A8

._.
9
L

1074 4

=¥== Standard optimization Y
== This work

New hybrid update

—¥— VQE \ rule (GD+Newton)

——=- Chemical Accuracy

BeH,

N

= Better convergence
than standard PQE

- = Similar to VQE (but
with error
estimation)

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
dge - (A)

35000 ~1

30000 ~

25000 A

20000 A

15000 A

10000 A

5000 A

v ¥ Standard optimization
¥ This work
¥ VQE

(14 perfect qubits)

v
v ¥
v A/
- Y w¥ vY vw v o _
v vV vy v' v
v vv v
w 7"1'""’ 7"’"
v AAJ
v
- L AAAA o S
v VY

e L AAS Yvv,

YWY VyyvvrvvvyvyY' v

= Much fewer
measurements
than VQE.

/

= Can it help mitigate
barren plateau
issue?

Yyvv VyvyyyYYYVVVYVYYY

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
dge-n (A)
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Outline
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Can we shorten circuits?

Can we even avoid fermionic rules?
Hubbard physics with Rydberg processors

Hybridizing tensor networks and quantum algorithms

Could we use quantum noise to our advantage?
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Mott physics in the Hubbard model

2D Hubbard model

hopping
interaetion —t
. L ] L]
UC)'. , e
4 o

Typical evolution of the spectral function:

3
. - U/W=0.8 i arti
Quasiparticle
Ferml B 2 B weight Z
iquid <, A
0[— I J1 .
- U/W=1.2
More @“2_
interactions z l_—
0_ | |
) U/W=1.6 U
Mott 3
. < L
insulator I
) i/ T I i W | \ I
-0.8 -06 -04 -02 0 0.2 04 0.6
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Mott physics in the Hubbard model

2D Hubbard model

intcrasitiﬂn

hopping
—t
) ]
UE®, o, “ex
»

Typical evolution of the spectral function:

3
. - U/W=0.8 . -
Quasiparticle
Ferml B 2 B weight Z
liquid <L
0[— L L .
- U/W=1.2
More @“2_
interactions z l_—
0_ [l | I | Il Il
5 U/W=1.6 U
Mott 87
. < L
insulator I
0 A I N YA S I I N
0.8 -0.6 04 -02 0 0.2 0.4 0.6 0.8
o
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Equilibrium properties:
Mott transition

weight Z

DMFT

\Georges et al ‘96

Quasiparticle

1.0

0.8 [

.6 [

=

04
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Gutzwiller

’/ —]
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Mott physics on spin-based quantum processors  ichel Henriet, Domain, Browaeys, T4,

PRB 24
. . . . ¢ Dy
Goal: avoid overhead of fermion-to-qubit translation & “® nsTITUT i "/
@ N | dJdOPTIQUE
ED GRADUATE SCHOOD PASQAL
H=-t Z C;racjg + Uz nitny, i
& i Interacting electrons (Hubbard model)
hopping
de' Med|C| 2005 in‘tcragtign —t
“Slave-spin theory”: decompose Ruegg et al 2010 2 UC)'_ . & z
+ + Hassan 2010
Cic = Zifia 4 »
. pseudo-
spin fermion



Mott physics on spin-based quantum processors /"' fenriet bomain Browaeys TA

L] * L] L] ‘ -/ \.I

Goal: avoid overhead of fermion-to-qubit translation ® = nsTiTur = /
@ W | dOPTIQUE

eD GRADUATE SCHOOU PASQAL

Parislech

H=-t Z C;racjg + Uz nitny, i
& i Interacting electrons (Hubbard model)
hopping
de’ Medici 2005 interaction —t
“Slave-spin theory”: decompose RUegg et al 2010 2 UC)'. . o
o + Hassan 2010
Cic = Zifia 4 .

Larger Hilbert space: only a smaller subspace is physical:

— 4+ 4+ &
fo— dod Jog todp D
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Mott physics on spin-based quantum processors /"' fenriet bomain Browaeys TA

1 o1
& »| |nsTITUT i ,
N d'OPTIQUE

eD_ GRADUATE SCHOO L PASQAL

Goal: avoid overhead of fermion-to-qubit translation

Parislech
H=-t Z C;racja + Uz nitny, i
& l_ Interacting electrons (Hubbard model)

hopping

de’ Medici 2005 interaction —t
“Slave-spin theory”: decompose RUegg et al 2010 2 UC)'. . o
o + Hassan 2010

Cic = Zifia 4 .

Larger Hilbert space: only a smaller subspace is physical:

— 4+ 4+ &
fo— dod Jog todp D

Approximation: Mean-field decoupling:
ZiZifik fie ® AZiZ) ) fio + ZiZiAfiL fio) + comst.
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Mott physics on spin-based quantum processors

Goal: avoid overhead of fermion-to-qubit translation

H=-t Z Cl:I-O.CjO- + Uz nitn;,
(ij)o [
de’ Medici 2005

RuUegg et al 2010
Hassan 2010

“Slave-spin theory”: decompose
Cl:I-O' = Zifig

Larger Hilbert space: only a smaller subspace is physical:

+ 4+
to— Job ot tohe

Approximation: Mean-field decoupling:
ZiZifik fie ® AZiZ) ) fio + ZiZiAfiL fio) + comst.
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Michel, Henriet, Domain, Browaeys, TA,

PRB 24
¢ N
& | nsTiTUT i v
@ N | dJdorTQuE * -— -
GRADUATE SCHOOD
epp o) PASQ
/ Interacting electrons (Hubbard model) \
hopping
interaction —t
L L ] L
UC)'. . ™
1 o
Slave spin mapping @
Interaction
o (f*f)r'.n -' j ~ _t(ifff)nn
& L
R N ¢
(Y ' ¥ [ ‘. s \ — FI—Uft'l.

hopping i 4 1t gt 1=
Q=—-t{z77 }n&,\( dan transverse field

Free, renormalized

Interacting H=-/ ) ZZ,+h) X;
electrons 2 ZZ+h)

spins (i) i

- J
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Mott physics on spin-based quantum processors

Goal: avoid overhead of fermion-to-qubit translation

H=-t Z Cl:I-O.CjO- + Uz nitn;,
(ij)o [
de’ Medici 2005

RuUegg et al 2010
Hassan 2010

“Slave-spin theory”: decompose
Cl:I-O' = Zifi-g

Larger Hilbert space: only a smaller subspace is physical:

+ 4+
to— Job ot tohe

Approximation: Mean-field decoupling:
ZiZifik fie ® AZiZ) ) fio + ZiZiAfiL fio) + comst.
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Michel, Henriet, Domain, Browaeys, TA,

PRB 24
¢ By
& | nsTiTUT i v
@ N | dJdorTQuE
@pF i) PASQAL
/ Interacting electrons (Hubbard model) \
hopping
interaction —t
L L ] L
UC)'. . ™
1 o
Slave spin mapping @
Interaction
o (f*f)r'.n ' j ~ _t(“fff)nn
& L
SR "
147 Iy = U/

hopping LA N A N
Q=—-t{z77 }n&,\( - transverse field

Free, renormalized

Interacting H=-J ) ZZ+h) X;
electrons -

spins (i) i
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Using Rydberg atoms to deal with the spin model

Effective model: Transverse Field Ising model
(TFIM):

HS =) J;S7S; + v > SE+Y hiSt
i,jeC 4 ieC ieC

... very close to Rydberg atom Hamiltonian!

ﬁRydberg - Z Lﬁ?ﬁj—l— hQ(T) Z g:-ﬁ(? (T) Z 'TAZ.@‘,

2

1

Review: Browaeys & Lahaye 2020

Michel, Henriet, Domain, Browaeys, TA,
PRB 24



Using Rydberg atoms to deal with the spin model

Effective model: Transverse Field Ising model
(TFIM):

HS =) J;S7S; + v > SE+Y hiSt
i,jeC 4 ieC ieC

... very close to Rydberg atom Hamiltonian!

IA{R_}rdberg = Z &-ﬁiﬁjﬁ— A7) Z g.f—ﬁc?(ﬂ Z i

2

1

Review: Browaeys & Lahaye 2020

Main challenges:
« Optimize atoms positions to reproduce J;;

« Check robustness to decoherence

Michel, Henriet, Domain, Browaeys, TA,
PRB 24



Using Rydberg atoms to deal with the spin model

Effective model: Transverse Field Ising model
(TFIM):

HS =) J;S7S; + v > SE+Y hiSt
i,jeC 4 ieC ieC

... very close to Rydberg atom Hamiltonian!

H Rydberg — E %’TI.—;?Z. J‘i‘

1

Review: Browaeys & Lahaye 2020

Main challenges:
« Optimize atoms positions to reproduce J;;

« Check robustness to decoherence
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Rydberg algorithmics:

* Equilibrium: annealing algorithm to prepare ground
state
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Michel, Henriet, Domain, Browaeys, TA,

Using Rydberg atoms to deal with the spin model

PRB 24
Effective model: Transverse Field Ising model Rydberg algorithmics:
(TFIM):
U ) * Equilibrium: annealing algorithm to prepare ground
HSC = Z J?jS;’S; + Z Z S;C + Z ]?,@S;', state

i,jec ieC ieC

... very close to Rydberg atom Hamiltonian! 10r==

. C h{2 A
HRydberg = Z —Gf\l?ﬁj—i— 2(7-) Z Sf—ﬁ(? (T) Z 'TAZ-@‘,

= == Perfect slave-spin method
."'"h.. . . . .
NN —4§— Realistic numerical simulation
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Using Rydberg atoms to deal with the spin model

Effective model: Transverse Field Ising model
(TFIM):

HS =Y J;S7 5 4 % > OSP4+ hiSt

i,jec ieC ieC

... very close to Rydberg atom Hamiltonian!

2

ﬁRydberg - Z Lﬁ?ﬁj—l— hQ(T) Z g:-ﬁ(? (T) Z 'TAZ.@‘,

1

Review: Browaeys & Lahaye 2020

Main challenges:
« Optimize atoms positions to reproduce J;;

« Check robustness to decoherence
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Michel, Henriet, Domain, Browaeys, TA,
PRB 24

Rydberg algorithmics:

* Equilibrium: annealing algorithm to prepare ground
state

1.0===
§~. === Perfect slave-spin method

~ -~y - . . .
RIS —4§— Realistic numerical simulation

(.81
6 sites
12 sites
[nsulator

P e

\ p S N
\\ LS S .

0.61

L
4
047 ¢+4-+¢
Lo |

2 4 6 8 10 12 14 16 18 20

U/t

(Can also do dynamics: quench of U is a Rabi quench!)

Ongoing experimental realization @Pasqal!
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Can we shorten circuits?

Can we even avoid fermionic rules?
Hubbard physics with Rydberg processors

Hybridizing tensor networks and quantum algorithms
Jump-starting quantum computations

Could we use quantum noise to our advantage?
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Google’s and IBM’s quantum advantage claims

Google supremacy?

. (Arute et al '19)
Sycamore, 53 qubits

Pr

Sampling from random circuits

200 seconds! (and F = 0.2%!)

classical emulation: 10,000 years
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Google’s and IBM’s quantum advantage claims

Google supremacy?

. (Arute et al '19)
Sycamore, 53 qubits

| 2 A
& Sampling from random circuits

200 seconds! (and F = 0.2%!)

classical emulation: 10, ears

What
Exp 1 amp. 1 million noisy samples happened?
' FLOPs | FLOPs | XEB fid. | Time TA et al
SYC-53 [9] [6.44 - 10'7[2.60 - 10'7]2.24 - 10*[ 6.18 s | PRXQ 2023

Morvan et al 23
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Google’s and IBM’s quantum advantage claims

Google supremacy?

. (Arute et al '19)
Sycamore, 53 qubits

| 2 A
b Sampling from random circuits

200 seconds! (and F = 0.2%!)

classical emulation: 10, ears

What
Exp 1 amp. 1 million noisy samples happened?
' FLOPs | FLOPs | XEB fid. | Time TA et al
SYC-53 [9] [6.44 - 10'7[2.60 - 10'7]2.24 - 10*[ 6.18 s | PRXQ 2023

Morvan et al 23

IBM useful advantage?

Eagle, 127 qubits

(Kim et al '23)
Quench on transverse Ising model

H=-] ) ZZ;+h} X,

(i} i
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Google’s and IBM’s quantum advantage claims

Google supremacy?

. (Arute et al '19)
Sycamore, 53 qubits

BT,

Sampling from random circuits

200 seconds! (and F = 0.2%!)

classical emulation: 10, ears

What
Exp 1 amp. 1 million noisy samples happened?
' FLOPs | FLOPs | XEB fid. | Time TA et al
SYC-53 [9] [6.44 - 10'7[2.60 - 10'7]2.24 - 10*[ 6.18 s | PRXQ 2023

Morvan et al 23
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IBM useful advantage?
(Kim et al '23)

Eagle, 127 qubits

Quench on transverse Ising model

| E N
H=-J Y ZZ+hY X,
(g i

O = (Xar 41,5056 57,58,62,79 27 Y 35 40,42.63,72,30.00,01 )

— A
1.0 o Eagle Processor Classical emulation:

MPS y = 1204 Tindall et al '23
—— BP-TNS, x = 256

(also Begusic & Chan 23,
Kechedzhi et al '23, Dalla Torre
& Roses 23)
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Google’'s and IBM’s quantum advantage claims

Google supremacy? IBM useful advantage?
, (Arute et al '19) , (Kim et al '23)
Sycamore, 53 qubits Eagle, 127 qubits
— —
o Sampling from random circuits Quench on transverse Ising model
200 seconds! (and F = 0.2%!) H=-J Y ZZ;+h > X,
(i ) i
classical emulationw
Oi(/X 47,41,52,56,57,58,62. 79275 Y 38,40,42.63,72,80,90.01 )
What ’ . .
Exp 1 amp. 1 million noisy samples happened? 1.0{ ©  EagleProcessor C.IaSS|caI em’ulatlon.
. FLOPs | FLOPs | XEB fid | Time TA et al MPS x = 1204 _ Tindall et al 23
et al, —=— BP-TNS, y = 256
SYC-53 [9] [6.44 - 10'7[2.60 - 10'7]2.24 - 10*[ 6.18 s | PRXQ 2023 0.5 (also Begusic & Chan '23,
Kechedzhi et al '23, Dalla Torre
Morvan et al 23 & Roses '23)
(0.0 e
— A T T
0 m/4 9,37/8 /2

Method to beat the exponential wall?
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Basics of tensor networks (matrix product states)

Generic wavefunction: V) = Z l/}b1b2 b. |b1, v, byy)
s n
byb,...by
- R I
Representation: ¢b1b2b3 = )
Vbyyb, = |
If no entanglement, Y, 1,5, = ¥b, Db, Pb, b1b;b3 )
[

If some entanglement: ¥y, p,, = Tr(Ap, By, Cp,) Vb, bybs = &);D;(b

Bond dimension y

No free lunch: if entanglement S, need
x = 2°

Storage cost

Zn

2n

2ny



1 exponential wall + 1 exponential wall < 2 exponential walls?

Tensor network (TN) showstopper:
Need y = 2°

with S : entanglement entropy



1 exponential wall + 1 exponential wall < 2 exponential walls?

Tensor network (TN) showstopper:
Need y = 2°
with S : entanglement entropy

Hard example: quench of Ising model

H=-] } ZZi+h} X,

(i) i

S\'N

|
tM FS f

max

SVIDEN Classical cost « e*!!
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1 exponential wall + 1 exponential wall < 2 exponential walls?

Tensor network (TN) showstopper: Quantum computation (QC) showstopper:
Need y = 25 Fidelity reduction F « e PNt
with S : entanglement entropy Large N, for accurate Suzuki-Trotter time evolution:
—iHt Ne R .. R (i 0 t 2
Hard example: quench of Ising model ¢ B Hk (ij) zz(Yj) l_L (D) + (N_t)

H=-] } ZZi+h} X,

(i) i

S\'N

|
t MPS f

max

SVIDEN Classical cost « e*!!
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1 exponential wall + 1 exponential wall < 2 exponential walls?

Tensor network (TN) showstopper:
Need y = 2°
with S : entanglement entropy

Hard example: quench of Ising model

H=-] } ZZ;+h} X,

() i
SVN
logz x S
s
s t
SVIDEN Classical cost x e*!!

Quantum computation (QC) showstopper:

Fidelity reduction F « e PN¢

Large N, for accurate Suzuki-Trotter time evolution:

e = [T, R [ [ Rxto+0 ()

© Eviden SAS 68



Hybridizing tensor networks and quantum computation Anseime-Martin, TAetal, PRA 24

See also Causer et al 23
Hyapo yapo
A

| —

NMPS '

A

Formal target: fine-grained ’ )
Suzuki-Trotter time evolution:
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Hybridizing tensor networks and quantum computation Anseime-Martin, TAetal, PRA 24

See also Causer et al ‘23
Thapro Thapro
r e

%ﬁ% bt s

NnPs

Formal target: fine-grained
Suzuki-Trotter time evolution:

(classical) TEBD computation:

nnPs ,

A
'3 Bl
maximize

QMPS circuit ansatz:
overlap

|
= S

Depth NP8 Yarps = 2T
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Hybridizing tensor networks and quantum computation Anselme-Martin, TAetal, PRA 24

See also Causer et al ‘23

nnMPs AP P
r e

%5& TR R

Formal target: fine-grained
Suzuki-Trotter time evolution:

(classical) TEBD computation: (classical) TEBD computation:

LS|

nyPs )

A
'3 Al -
maximize maximize

QMPS circuit ansatz: overlap QMPO circuit ansatz: overlap

% g to find to find
o _ /

Depth ."?VL\'IPS XMPS = QNE.MJS
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Hybridizing tensor networks and quantum computation Anseime-Martin TAetal, PRA 24

See also Causer et al ‘23
nypPs PO PO
r e

%ﬁ% R

Formal target: fine-grained
Suzuki-Trotter time evolution:

(classical) TEBD computation:

LS|

(classical) TEBD computation:

nyPs

A
'3 Al
maximize maximize

QMPS circuit ansatz: overlap QMPO circuit ansatz: overlap

to find to find
S & .

. MPS —r— —M —
Depth ."?VL\IP& XMPS = thﬂb rus was wee

Run circuit:
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Hybridizing tensor networks and quantum computation Anseime-Martin, TAetal, PRA 24

See also Causer et al 23
nurs

Formal target: fine-grained r - ‘ 1. - _

Suzuki-Trotter time evolution:
(classical) TEBD computation:

LS|

pro Tharo
r e A

|
|
I r
|
|

(classical) TEBD computation:

nnPs ,

A
r k]
maximize maximize

. . I . .
QMPS circuit ansatz: overlap QMPO circuit ansatz: overlap

to find to find
. - -/ ” Jn{ElPH - ;.I.;'E-i P w _I?ﬁer-[PO . /
Depth N, XMPS = NI

Run circuit:
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Anselme-Martin, TA et al, PRA 24
See also Causer et al 23

Experimental proof of concept on IBM
quantum computers

Look at magnetization for quenched Ising
H=-] ) ZZ;+h} X,
() i

« 10 spins/qubits (toy model)

« Assume fixed RAM, hence max bond dim
—max time to keep MPS ‘exact’



Experimental proof of concept on IBM

quantum computers

Look at magnetization for quenched Ising
H=- ¥ 2Z;+h 3 X,
() i

+ 10 spins/qubits (toy model)

« Assume fixed RAM, hence max bond dim
—max time to keep MPS ‘exact’
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Anselme-Martin, TA et al, PRA 24
See also Causer et al 23

Classical

Classical Quantum +

Exact only only (IBM) quantum
~ MPS QC Trotter QMPSO o0
W W ] '
] 0.75
g |
] - (.50
L 0.25

] B —
] ﬁ : - 0.00 5\3
—_ ' | T

- —0.25

—(1.50

—0.75

0.5 1

0123456789

0123456789

0123456789

position 7

TTTTTTTTTT

0123456789
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Anselme-Martin, TA et al, PRA 24
See also Causer et al 23

Experimental proof of concept on IBM
quantum computers

Classical
Classical Quantum +
) ) ) Exact only only (IBM) quantum
Look at magnetization for quenched Ising
exact MPS QC Trotter QMPSO 100
H=-J Y ZZ+hY X, " !
(g i - ]
; 0.75
+ 10 spins/qubits (toy model) .l ; _5
] (.50
2 _ 3
+ Assume fixed RAM, hence max bond dim I I ; f | L 0.25
—max time to keep MPS ‘exact’
0.00 :&‘
* Hybrid approach outperforms both others ] ] —
; L —0.25
i1 R
] E —10.50
1.0-_ i i : l
: —0.75
D.a] I ] I I E
(L0 T rrrTrT ~TTTTrTITrT ~TITTrTITIT ~TTTTorrroTT —1.00
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Conclusions of Part 3

Double role of tensor networks:

« Often the most advanced classical algorithm:

a yardstick for quantum advantage
(deflate quantum advantage claims)

« Can jump-start a guantum computation!
(Here, limited to 1D TN... true challenge: 2D)
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Conclusions of Part 3

Double role of tensor networks: Not mentioned here... a third role:

« Tensor networks are also powerful tools to

- Often the most advanced classical algorithm: emulate execution of quantum circuits!
a yardstick for quantum advantage
(deﬂate quantum advantage C|aims) ® He|p intel’pl’et results of QCS with T00-1000 ﬂOisy
qubits!

Key advantage: decoherence reduces entanglement

« Can jump-start a guantum computation!
JLMP “ ¥ S..and recall: y = 2%

(Here, limited to 1D TN... true challenge: 2D)

= Noisy QCs are easier for TNs!

— Eviden develops QC emulators with 100s qubits!

See Muller, TA, Bertrand, 2403.00152
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Can we shorten circuits?

Can we even avoid fermionic rules?
Hubbard physics with Rydberg processors

Hybridizing tensor networks and quantum algorithms
Jump-starting quantum computations

Could we use quantum noise to our advantage?
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Can we use qubit noise to simulate a thermodynamical bath?

Bertrand, Besserve, Ferrero, TA, in preparation

Noisy quantum computer Many-body system + thermodynamic bath

Dissipative processes: Dissipative processes:
«  Amplitude damping = S~ = |0)(1| formally the same * Creation of particle > ¢t
* Dephasing 2 Z * Annihilation of particle 2 ¢

EVH D E N o Eviden SAS Slide courtesy of Corentin Bertrand



Dynamical mean field theory, an ideal playground
From a lattice problem to an atomic problem coupled to a bath

Bertrand, Besserve, Ferrero, TA, in preparation

O— Material

(crystalline solid)
_C\ { PN . A C
J N ./ p—y \/
e-ggiulbbard -O—O—0O—0
Moae
-O—0O—0O—0—0O0—0O—=0 e
=) :
O—O—O—O—O—O—0- Environment
J p— W/ ./ h—y / \.
O—O—O—O—0O—0O—0O
_Q N ) ' T ' Q_
Yo Y

GCeorges et al ‘96
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Dynamical mean field theory, an ideal playground
From a lattice problem to an atomic problem coupled to a bath

O—

Material

(crystalline solid)
N e
O—(——
e.g Hubbard - O O O
model
-O—O—0O—@—0O—0O—<
S\ T\ VUV \
-O—0O e e N
S U —
-O—O—0O—0 N (N
S\ U/ (AN
_q; e W o N e e (P_
DA A A A

GCeorges et al ‘96
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Bertrand, Besserve, Ferrero, TA, in preparation

Alw)

Alw)
—-_ NS = NS = N W

A(w)

(=}
T

08 -06 -04 -02 0 02 04 06 08
[0]
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Bertrand, Besserve, Ferrero, TA, in preparation

A workflow to leverage noisy qubits

Strongly correlated material Fermionic impurity model Qubit model with noise*

Simulate on noisy QC
with dissipation

*Amplitude damping only, for now

L]
;((:Ju T’}‘,i_.‘_'._{“\CuO,Iaver g _E E_
®y ‘.Jo_"_:'_!'_'x , % E
@82 | [@]7 Cuo,planes —TE‘ TT ‘
Yerr = T \ i
et =

IL‘ T’—__ﬁ,/ Cu0, layer

|

Arrigoni 13 This work This work
Dorda 14 ‘15 17
Schwarz 17
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Bertrand, Besserve, Ferrero, TA, in preparation

A workflow to leverage noisy qubits

Strongly correlated material Fermionic impurity model Qubit model with noise* Simulate on noisy QC

with dissipation c *Amplitude damping only, for now g-

® Cu ! ]
- .\ CuO, layer

® 0 1%

oy o] Tl

® Ba ,:é:: . Cu0, planes
o

o0

& - &_—Cu0, layer

[ C

Arrigoni 13 This work This work
Dorda 141597 N
Schwarz 17 mpuier —JIH T
bath i : = E
ancilla 1 : _— :
bath i : i j
ancilla 2 : :
bath :. - D ‘ : .:
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Bertrand, Besserve, Ferrero, TA, in preparation

What is the advantage of noise?
Coupling to a dissipative bath

« Alleviates finite-size effects (dissipation stems
from large systems):



Bertrand, Besserve, Ferrero, TA, in preparation

What is the advantage of noise?

Green'’s function computation:

Coupling to a dissipative bath 0.75 {(ciosed bath)
Np=50 —Np=100 — Np=150
0.50 |
« Alleviates finite-size effects (dissipation stems = A \
— B A
from large systems): x 02 [ A S
. . LD. | \\ I’ - }
v/ Can reach longer times (smaller energies) g 0007 1 J -
\
0254} [ V¥
\V
VI
—0.50 -I L T T T T
0 20 40 60 80



What is the advantage of noise?

Coupling to a dissipative bath

Alleviates finite-size effects (dissipation stems
from large systems):

v’ Can reach longer times (smaller energies)
v Need fewer qubits

=VIDEN
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Re[G ~ (t)]

Re[G ~ ()]

Bertrand, Besserve, Ferrero, TA, in preparation

Green'’s function computation:

0.75 7 (closed bath)
Np=50 —N, =100 — N, =150
0.50 A
0254 [\ \
I\ |
0.00 4 l, \\ II W = ‘}
\ I \ /
—0.254) { V¥
VI
V!
-0.50 1 ¥ | | | |
0 20 40 60 80
t
050" —--- exact
r* e
0.25 - / \ e?<athW|th fit
\ 2N e circui
000 | | Il/. LN N S
) ‘ L 4 \ 7 \o ¥ -_¥ . _a- -
| ‘_"’ \ J -
-0.259} o/
\ I
I
~0.50 { '\ Closed bath w/ 120+ qubits
' ! ! I T % T
0 10 20 30 40 50 60
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What is the advantage of noise?

Coupling to a dissipative bath

« Alleviates finite-size effects (dissipation stems

from large systems):

v’ Can reach longer times (smaller energies)

v Need fewer qubits

« Speeds up state preparation (dissipation helps

reach steady state)

100 .

10—2 |

Error on G~ (t)

10—4 .

-- exp(—trelax rrela;) .

=VIDEN

0

T T

5 10

trelax I_rela)(

© Eviden SAS

Re[G ~ (t)]

Re[G ~ ()]

Bertrand, Besserve, Ferrero, TA, in preparation

Green'’s function computation:

0.75 1 (closed bath)
Np,=50 —Np=100 — N,p=150
0.50
0254 [\ \
| ‘\ ,\ \
0.00 4 l, \‘ II W = ‘}
WAV
-0.254} | S
\ I
\/
—0.50 -I < T T T T
0 20 40 60 80
t
0.50 1 -—- exact
0.25 Ir’\_ exact with fit
. . \
I\ PN e circuit
0.00 A ’I * Il }\ /‘-3\ SO -~
' i ? ) \o ¥ ¥ s )
| \ -
~0.254} | e/
\ I
[
—0.50 - ‘\.l Closed bath w/ 120+ qubits
] ] I I I % I
0 10 20 30 40 50 60
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What prospects for today’s processors?

Today, many-body platforms with 100-1000
particles/qubits.
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What prospects for today’s processors?

Today, many-body platforms with 100-1000
particles/qubits.

« Dynamics is hard to simulate classically

« But quantum has decoherence...

Probably enough to understand exotic
phenomena beyond classical reach!

(& NISQ is for niche applications!)

Crucial: smart combination with classical
methods.
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Can we use NISQ beyond quantum many-body
dynamics (e.g ground state search)?

VQE or beyond?
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What prospects for today’s processors?

Today, many-body platforms with 100-1000
particles/qubits.

« Dynamics is hard to simulate classically

« But quantum has decoherence...

Probably enough to understand exotic
phenomena beyond classical reach!

(& NISQ is for niche applications!)

Crucial: smart combination with classical
methods.

=VIDEN

Can we use NISQ beyond quantum many-body
dynamics (e.g ground state search)?

VQE or beyond?

Today's examples:

« Shorter circuit with natural orbitals

« Better convergence properties of PQE than VQE?
» Slave-spin to short-circuit fermionic overhead

« MPS to jump start QC

« Use noise to our advantage?

© Eviden SAS
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Known issues with the variational quantum eigensolver

Interesting variational
circuits are still too long!

Final
energy

quantum processor

Initial (QPU) E_’
guess : o*
- state preparation
9, [¥5) = Uz o)
energy evaluation
Ez = (Y5lHIYg)

Variational
energy

Classical
parameters
=1

9n+1

0
E
@
o)
<
1]
8]
&
)

Noisy hardware... Better hardware

. . classical processor
or shorter circuits

minimizer
(COBYLA, BFGS, etc)

Fermion antisymmetry:
Cle-Cj leads to XiZi+1 Z]—1X]
Hence longer circuits!

Better encodings or
shortcut antisymmetry?

Is it hopeless?

Use QC for dynamics!

© Eviden SAS
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Measurement of (P, |H|Yg):
statistical error AE ~ —2h

\/Nsamples
Typically, ||H||; = 10 Ha, AE = 1mHa...

=> 108 samples / 10 kHz = 3 hours
(x number of optimization steps!)

Don’t measure (Y, |H|Y,), just sample!
Use VQE as input to LSQ algorithms

Barren plateau problem
E(0)

Adaptive ansatz construction
Smarter initial starting point
Don’t minimize E(0)

(find zero residues (cf coupled
cluster), ...)
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Should we directly turn to error-corrected QCs?
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Even if we had enough good qubits... Louvet, TA, Waintal, 2306.02620

Orthogonality catastrophe in quantum phase estimation

QPE run time: x 1/Q
with Q: overlap of input state with solution
Estimate of Q.
QO ~ela
with

Energy error

_ (E—Ep)?
P

B arance
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Even if we had enough good qubits...

Orthogonality catastrophe in quantum phase estimation

QPE run time: x 1/Q
with Q: overlap of input state with solution
Estimate of Q.
O ~elo
with

Energy error

_ (E—Ep)?
P

B arance

=VIDEN

Louvet, TA, Waintal, 2306.02620

Test on state-of-the-art classical methods:

10°1 e Chain e TEIM —_—
O Rectangular &  Heisenberg B D
o & Triangular o -5 - _,_;?EW
oy _2 &= - ™ -V T
E 10 . Elagonal : fH . . E‘EE’?%?
- agﬂm& HnDar i __.L_"" i
= <&  Pyrochlore _':';ﬂ’t: 2
=L| y . . AT
=10~ rf,:f’”gﬁ"
[ i =,
F] prg FJI—‘
5 ...r-‘lr_‘,,- -ﬁ 5!]
e Fit: I « |[E — Eg| x N
10—6 ,,;:.' r,

T
Energy error |E — Epl [units of J or t]

Therefore: Q ~ e 2N

* Better inputs?
« Better phase estimation algorithms?

© Eviden SAS
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