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Applications
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Quantum Optimization

Combinatorial optimization: Minimization of a single valued function of discrete variables
o "
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Quantum Optimization

2 AZAZ
HZ = Z Jijaiaj
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Approximate ground state |/, ,,nq)?

Analog quantum optimization Digital quantum optimization
Review: T. Albash and D. A. Lidar, Rev. Mod. Phys. (2018) [E. Farhi, et al, arXiv:1411.4028 (2014)]
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Example: guantum search

Grover’s problem

Search an item in an unsorted list of n = 2% items

Database: binary strings (classical spin configurations) of length N

1 1
. - Z) = Apin =426 =7) =—
Marked item:eg. [Z) = [t | Tt 0 ||| D 2/
Runtime of classical sequential search:(t x n 1.0]
E Elex
Quantum Annealing for Grover’s problem 0.5- [ A
~ » » Egs
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|
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The key role of s(?)

Grover’s problem

Search an item in an unsorted list of n = 2% items

1.0

| inear

mme  Roland-Cerf

Optimal control of the schedule is crucial!

0.0 0.5 1.0

0.51 | Awin

Optimal control of the schedule required
spectral information

0.01 | .
0.0 0.5 1.0 [Z Jiang, et al PRA (2017)]

How do we do it in general,
when spectral information is not available?

[Cubitt et al., Undecidability of the spectral gap”, Nature (2015)]
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Quantum Approximate
Optimization



Quantum approximate optimization algorithm

N
Uy,(y) =e |  H =H, = Z 6%6°,

QAOA Ansatz

digitized-QA
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classical optimization of parameters
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Barren plateaus in quantum neural networks
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Barren plateaus in quantum neural network training Cost function dependent barren plateaus in shallow
landscapes parametrized quantum circuits
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QAOA as Markov decision process

Reward 741

' Agent
Q_, g (a|O—1)

()
Observable
Action
State St—l = |1."|"",t—1> at = (A!"t'.,dt)
S, |
‘ Environment
“ _iﬁtf{a: —i’YtI:Iz
“r € € |Ye—1) (a)

episode  — |y,) through |yp)
state S — instantaneous |y,)
observable O  — (y,|O|y,)

actionA - (.5,
reward R = r=- 5t,P<l//t| Htargetll//t>

[Wauters, et al., Phys. Rev. Res. (2020)]

Proximal Policy Optimization (PPO)

RL library:
https://spinningup.openai.com

Quantum env:
https://github.com/mwauters92/QuantumRL

-

Two Observables A

0% = (y,| H.|y,)
O™ = (w,| H |w)

Require multiple quantum
measurements!
_ »
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https://spinningup.openai.com/
https://github.com/mwauters92/QuantumRL

Quantum Ising Chain/Ring of disagrees
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(relative error)
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Translationally invariant Ising Chain

Analyze action choice

1.0

continuous-QA

}/m S P =28 . '

B+ Vm o

S

0.0
0

-—=- step-QA —-F-

2 4 6 8
t

Allows comparison with digital-QA schedule

H (Sm) = Sm H target +(1 - Sm) H driving

I. Random action choices

II. Large trajectory dispersion. RL+LO
fall on the same smooth minimum
(iterative LO)

III. RL converges to QAOA iterative
solution

syosoda buluieu} |ejol

-=—- RL + LO
o |terative LO

0.1
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0.3 0.4 0.5 0.6 0.7 0.8 0.9

m/(P+ 1)
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Random Ising Chain

1072 -
| —— N =32 RL

| —&— N =32 RL+LO
| —— N =128 RL

| === N =128 RL+LO
103 L

1 —— N =8 RL

—e— N =8 RI+1.0

100 101

P

J: Uniformly disturbuted in [0,1]

Makes the problem harder

Same phenomenology of uniform
TFIM: Local optimization leads to
lower energy for P > 6

Open 1ssues:
» No analytical result

»Is solution optimal?
» Better than QA?
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Random Ising Chain (transferability)

. Policy transferability:
. [. Train a small system
(N = 8) on single disorder
Sm 0.7 -
Instance
0.6 +
II. Get approximate solution
5 - * *
0> —e— N =128 RL 7™ P ) n=s
0.4 - — RLy=g + LON=128 *x Ak
O iterative LO M1 USC (7 ’ﬁ )N=8 to
0.3 1 | | , initialize a local
02 04 /P 016 08 optimization on larger
m/(P + 1) system (N = 128)
III. RL converges to QAOA iterative Reduces used quantum
solution resources
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Construction of digitized-QA schedules

Barren plateaus problem

N N N
<
J

=Y 6

z AX A7
Cj+1 8,67~ & o

> Gradients vanish exponentially (flat landscape)

Smooth schedules
[Mele, et al, PRA (2022)]

[Torta, et. Al PRB (2022)]

» Gradients in a neighbourhood of radius €

» Transferred smooth schedule avoids barren plateaus

[McClean, et al, PRA (2018)]
[Larocca, et al, Quatum (2022)]
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Enhancing the counterdiabatic rotated ansatz for quantum annealing
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Hardware challenge:
Connectivity



Parity Architecture

[Lechner, Hauke, and Zoller, Sci. Adv. 1, (2015)]
S S
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< The LHZ architecture maps an all-to-all
connected spin model to a spin model
with only quasi-local interactions.

+ The physical qubits encode the parity of
the logical qubits.

A

Hc

+ No long-range interactions but only
local 3- or 4-body couplings are
necessary.

< The parity architecture requires nearest-
neighbour interactions on a square
lattice, regardless of the qubit platform.
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Parity compilation

Sparse graphs

Hypergraphs

©J§c) ‘o Mollo

[Ender, et al, Quantum (2023)]
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Parity based QAOA

[Lechner, IEEE Trans. Quantum Eng. (2020)] ~ O D
[Fellner, et al., PRL (2022)] UC(}/) =€ ZQHC
[Ender, et al. arXiv (2021)] - ) [:[
. U — e_l}/ P
Parity QAOA ansatz: ~p(7/) o
(b1 Q) = UB)Tar)TAQ) - Tp0aT@lyy =11
w(p,7, = U,(B,)Up(r,)U (L2, LBOUp(r)UL(L2) [y |
J
* Fully parallelizable 4-qubit gates 1) @ o
e Generalisation to k-body terms e—i95f5§5§5i _ 2) ® P
* Uses fewer CNOT gates 3) —p P
e Universal quantum computing 4
Decoding step: high chance of measuring invalid states
DPOPDODOD
1 2 3 4 5 6
e o o :
O=00 O=-0D ’ 1 2 3 4 5 6

Te LD

5]
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Performance of parity QAOA

[Weidinger, et al PRA 2023]
[Weidinger, et al arXiv 2024]

1.0
0w =081 ° ° e 1, = 6 classical variables
N — 6]
b, 0.6 .
O & o e m = 6 spanning trees
8 Q 0 4_-. .a._..:.:_-‘ .........................................
O — e <«<_  Imperfect quantum gates
U) ~ O
Q 02 o parity Tr—ae
ol % rerouting T e 1,/ny = 2.5 copies for rerouting
3 100 107
CNQT gate error
(a) --4-- LB Parity (best) —@— Parity (best) —&— vanilla
1.00 fesve—a= - Frmmm
e Search is restricted to Clifford circuits : M
c ¥
e Computable lower bound on perfromance 0.95 - I +++‘++
N="7 N =21
50 100 ( 100 200
CNOT depth CNOT depth
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Gate sequence

classical optimization of

What is the optimal gate sequence?

[+)
I+)
I+)
I+)

parameters
7 7, Al
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measure
l
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Ul . ('T’I(”l) s e_’.l[l:]""]:]::
Uy : Uy(ag) = e~ 2lHa Aol

Us : Us(az) = e o3HeHe,[Ha Hel]]
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RL for gate sequences

[Haslingler, et al, ongoing work]

Problem configuration:
e 10 parity qubits
e Localfields J; € {—1,1}

e Learning curves averaged over

10 agents for three gate pools 0.6

| =0: {X,Z,C} ; 0.5
. g

|=1 {X723C7U17U2} ;04-
G vl e =

| = 2 {X,Z,C,Ul,U2,U3,U4,U5,U6,U7} g 0.3
o
g,
=

S
b

e Max. gatelengthg =6

S
—_—

e Energy of discovered sequence

is stored 0 500 1000 1500 2000
episodes
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Performace across different istances

0.7 trivial seq. ZXZXAX
b N . o0 | standard seq. 7CXFCX
e 15 hard problem instances : found seq. G0, GO
g 05
e 100 random QAOA initializations i
S 0.4
4+
=
§0.3
— Found sequence outperforms &
i 0.2
standard sequence in 11 out of 15
problem instances 0.1
0.0 - - Y e 2
1234567891112131415
instance index # L
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The presence of barren plateaus hinders the performance of QAOA

The reinforcement learning optimization converges to smooth optimal
schedules, avoiding barren plateaus

Few observables needed for the learning process

Optimal gates and parameters can be transferred among different
system sizes
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