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Advanced Computing
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Reaches the Top

T

Installed in 2008, the Jaguar supercomputer is
named the world's most powerful computer.
Supercomputer Kraken is named third most
powerful in the TOP500 ranking.
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We're #1,
Again

The Titan supercomputer replaces the Jaguar
supercomputer at ORNL. For a time, it ranks first
in the TOP500 as the world's fastest
supercomputer and consistently ranks as
America's fastest supercomputer.

Reaching the
Summit

ORNL launches Summit, its third supercomputer
in a row to reach #1 in the Top500. Compared
with Titan, Summit moves data 5 to 10 times
faster and stores 8 times more data.

Breaking
Exascale

The Frontier supercomputer debuts as the world’s
fastest. It is the first to achieve an unprecedented
level of computing performance known as

exascale, a threshold of a quintillion calculations
per second.




Advanced Computing for Solving Big Problems

= e B B ST

SOLVING
PROBLE

%OAK RIDGE

National Laboratory



Advanced Computing for Optimization Challenges
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Materials Optimization Challenges
Electromagnetic Spectrum MAMMIV\N\/\/\/\/\/\N\/W\
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Quantum Computing in Material Science

Optimization Landscape:
Hamiltonian
or
0 state 1 state Superposition of 0 or 1 state l
Lowest energy state
Classical computer - Bit Quantum computing (QC) — Qubit _, Solution
Material structure A
Energy
[000...000] ~~. (Performance, figure-of-merit)
000...101] ~=o_ ==~
[ ] e . O o
[001...010] @
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Quantum Computing in Material Science

or

0 state 1 state

Classical computer - Bit

Datasets (sparse points)

Material structures

(binary vectors) (FOMSs)
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Optimization Landscape:
Hamiltonian
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Lowest energy state

Superposition of 0 or 1 state

Quantum computing (QC) — Qubit _, Solution

Hamiltonian
(cover whole design space)

>

>

000...000 «+« 001...101 111...111 Design space



Quantum Computing in Material Science

or

0 state

1 state

Classical computer - Bit

Datasets (sparse points)

Material structures
(binary vectors)
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Optimization Landscape:
Hamiltonian

l

Lowest energy state
Quantum computing (QC) — Qubit _, Solution

Superposition of 0 or 1 state

Hamiltonian
(cover whole design space)
. — Surrogate model representing design space
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Machine Learning Model for Hamiltonian

Factorization machine (FM): Supervised learning model

Model equation

k

n n n
y = Wg + Z w;X; + Z Z (v,-, ‘Uj) Xi, Xj (vi, v]-) = Z Vif - Vjk
i=1 f

Quadratic
Coefficients (pairwise
interactions, v;  v; )

1 Simple form for reducing computation

n

n k n 2
) 1 2 .2
y=wp+ Z w;X; + 3 Z Z VifXi | — Z Vi x|
i=1 f=1 i=1

i=1

1 Training with dataset {x, y} = {Metamaterials, FOMs} Zeros

Model parameters x;: binary variable

wy: global bias

Wo, Wi, Vi 7, Uj
00 Wi Vi fr Yk wj: models the strength of the i™ vaiable

Hamiltonian (quadratic unconstrained
binary optimization; QUBO)

{vi, vj): models the interaction between the i™ and j™ variabls

Steffen Rendle. 2010 IEEE International conference on data mining, 995 (2010) Surrogate mOdeI representing design Space
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Machine Learning Surrogate Model for Hamiltonian

Factorization machine (FM): Supervised learning model

N Hamiltonian
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Xm
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80 Prediction

100 Xm (new structure)
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Hamiltonian
Wo, Wi, Vi £, Vj k _‘

0 25 50 75 100 125 150 lPrediction

120

140

. . . . ym (predicted values)
Hamiltonian (quadratic unconstrained

binary optimization; QUBO)
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Machine Learning Surrogate Model for Hamiltonian

Factorization machine (FM): Supervised learning model

N Hamiltonian
0
20
40 R
X Best

60

80 Prediction

100 Xm (new structure)

1
Hamiltonian
Wo, Wi, Vi £, Vj k _‘
l Prediction

Ym (predicted values)

120

140

0 25 50 75 100 125 150

Hamiltonian (quadratic unconstrained
binary optimization; QUBO)
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Inverse design

Xpest (best structure)

t

Hamiltonian
|( Wo, Wi, Vi £, Uj k _‘

Ygest (ground state)

Pixels = 100 : 2190 ~ 1.26x103°




Active Learning for Material Design (Al+HPC+QC integration)

/%at%\
FonP___ FouP

Foue

\_ structures / FOMs /

QC optimization Simulation
FM QuBO | QC-predicted

training o\_? ’|Hamiltonian materlal 18(1)1(1)
—(dBE=> 3
(. )
% 6 c
L

% "+ + Binaryvector - Calculated FOM
Predicted material structure + calculated FOM |

Active learning algorithm using machine Learning and quantum computing to find optimal material structures with low FOM

1. Inilial dala sel is generaled: {25 malerial slruclures, 25 FOMs} which are calculaled by simulalion

2. FM is trained with a dataset {x:FOM},, — Hamiltonian

3. QC predicts an optimal structure(x,,) with the lowest FOMqga.,, based on the given QUBO surrogate

Xpo May nol be lhe rue oplima! slale due lo (he limiled exlrapolalive abilily of (he FM model lrained on limiled dala.

4. Simulation takes the x,, and calculates FOM (FOMg;myiation:po)

5. The data set is updated by adding x,o:FOMgimuiation:po t0 {X:FOM}, — {x:FOM} .,

v’ lterate 1 -5
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Design Space

Dataset QC optimization Simulation
PP LY o '
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Designed Metamaterials

Transparent Radiative Cooler

Metamaterial Optical Diode
x =0010 0011 0100 1000

Tso Backward [sio,=0 | [Ar=0] [Ae=i]

I Case ,/
/
/
n1 (Air) /
1 1 AG I Ag
i Bi /\
7~ 7280 ~ SR N
NG HEE [~ |UN(VER
i o ) NOTRE
n2 (SIOz) U t e" UNIVERSITY k%l/
/
i i i ERSITY OF
/ l M phel Siop f  F 4 CTRE DAME o
TF'1 T, +1 ¢ > UNIVER
’ ! KYUNG HEE (5] {5
Tro Forward Case Ag by KYUNG HEE (75) NOTRE

: '@ KYT
UN

Kim et. al., ACS Energy Letters, 2022, 7, 4134—4141
Kim et. al., Nano Convergence, 2024, 11, 16
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Designed Metamaterials

Wide-Angle Spectral Filter

Solar
spectrum

uv i

NIR fj

Thermal
radiation

Visible

Building

Energy saving window

Performance Evaluation

0

TiN

Metamaterial Solar Absorber
500 nm

d1
dz2

d3

¥ 8i0o, TiN

Pattern

X

O

Kim et. al., ACS Applied Materials & Interfaces, 2023, 15, 40606-40613

Kim et. al., Cell Reports Physical Science, 2024, 5, 101847

6 Forward case Ao=800nm  Backward case

1000

»
800 £ -
= 00 05 10 15 20 00 05 10
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Q

400 § A0=1000nm  Backward case
E
3\«

Ref 1 O Perfect reflector
r 0 m lzef2 W Reflective cooler
o
°
- - =]
©
- Ref3 Ref4 21;,-
O a ] ° £
i Ref 5 2
O UV-fusedsiica ® Refe Ref7
O 50% tinting ) [
-® TRC
. * 06:00 19:00
® Energy-saving glass This Work
% This work s wo Apr. 21

Refs: Nat. Nanotechnol. 2021, 16 (12), 1342, EcoMat. 2022, 4 (1),e12153,

OAK RIDGE Adv. Opt. Mater. 2021, 9 (13), 2002226, Adv. Mater. Interfaces 2021,2201050,

National Laboratory

Adv. Funct. Mater. 2022, 32 (1), 2105882, Nano Energy 2021, 89, 106440,
Int. J. Appl. Glass Sci. 2010, 17 (1),118
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Gate-Based Quantum Computing to Solve QUBO Surrogates

Dataset

Fone

o

\_ Structures / FOMs /

/%%\

FouP

A

FM QUBp
training ? P Hamlltonlan
A —o
— o S| O
%6

QcC optimization

QcC- predlcted

Predicted meta

erial + calculated FOM

N\
« Binary vector

Simulation

metanmaterlal 10011
_—y

Calculated FOM

Quantum Approximate Optimization Algorithm (QAOA)

Update Variational Parameters (y, )

do
q1
Ucly) Rx(B)
qz
Gt ™
¥0AK RIDGE
National Laboratory

Classical
Optimizer

3000

2500

N
o
o
o

Number of Gates

500+

=N N
o (6]
o o
o o

| ——#Layer=1
——# Layer=2
——# Layer=3

- - - Single-Qubit Gates
—— Two-Qubit Gates

Time-to-Solution (s)
2 3

. 2
4 8 12 16
Problem Size

10’
0 —— Hardware
1071 —— Emulator
_ —— Simulator
30 10 > 16 o
4 8 12 16 22 30

Problem Size

Kim & Suh, arXiv preprint arXiv:2407.20212, 2024



Distributed QAOA (DQAOA) on HPC-QC Integrated Systems

Large QUBO Problem Sub-QUBO Problems DQAOA Sub-Solutions Optimal Solution
8 decisions
28 interactions 5 decisions (3 fixed) HPC/QC system Solved decisions

10 interactions b
E S1:Xq Xp X3 X4 X5 Xg X7 Xg

QAOA S0 X1 Xg X3 X4 X5 Xg X7 Xg

N

¥

QAOA S3. X1 Xz X3 X4 X5 Xg X7 Xg

2
¥
B85

QAOA Sy X4 Xg X3 X4 X5 Xg X7 Xg

QAOA S50 X1 Xg X3 X4 X5 Xg X7 Xg

X Xy Xp X3 X4 Xg Xg X7 Xg

QAOA SpI Xy X X3 X4 X5 Xg X7 Xg Xg: X1 X3 X3 X4 X5 X X7 Xg

N ) -
Target decisions to solve Fixed decisions - <Q Fixed decisions
SLi - N8y
f Xg,i < SiLi 4

lterations K Kim & Suh, arXiv preprint arXiv:2407.20212, 2024

=l
)
2

Why DQAOA?

* Optimizing metamaterials for continuous variables makes a very large QUBO (10,000 x 10,000)

v' Large QUBO (size: 10,000) requires large sub-QUBOs (size: ~100)

— QAOA (optimized algorithm with advanced simulators on HPC) shows great potential in solving QUBOs

* Higher-order interactions (not just pair-wise inleraclions) should be considered for melamaleria! oplimizalion (HUBO)
v QAOA is the best for higher-order optimization problems

— QAOA shows a much better performance than other solvers Shaydulin et. al., Science Advances, 2024, 10, 6761

%OAK RIDGE Bucher et. al., arXiv preprint arXiv:2405.07624, 2024

National Laboratory



Decomposition Policy

/ S 1
b-Problem
u »

Large Problem \ :}

Sub-Problem 2

Large Problem

%OAK RIDGE Sub-Problem 2

National Laboratory

Large QUBO

Sub-QUBO 1
Zeros

Sub-QUBO 2

Large QUBO

Large QUBO

Sub-QUBO 1

— [l [ ——————

... Sub-QUBO p

Sub-QUBO 2




Performance Analysis of dg-QAQOA (single core)

. 700
1.00 Problem size: 30
o - 600
& 0.96 - 500 g
c —
S 400 &
© |
E0% - 300 2
o o
5 0.88 2002
< —— Approximation Ratio |- 100~
0.84 —— Time-to-Solution Lo
5 300 600 1000 2000 3000
Number of Iterations
1.0
o 0.9- H
&
0.8+
5 1.00 4 QAOA
T 0.7 —— dg-QAOA
g 0.92
o 0.6
o 0.84
< 054
0.76
04 0 16 22 30
6 16 30 50 100 150
Problem Size

Approximation Ratio

Time-to-Solution (s)

1.004 2000
0.96 - 1500
0.92 - 1000
0881 - 500
—— Approximation Ratio
0.84 + —— Time-to-Solution Lo
4 5 6 7 8 9 10
Sub-QUBO size
1600 1 —— QAOA
—— dg-QAOA
1200 100
90
800 + 80
70
400 &
50
6 30 50 100 150
O B T T T T T
6 16 30 50 100 150
Problem Size

*+  QAOA on a single core (dg-QAOA) can efficiently solve QUBO problems (size: up to 150)

* Hyperparameter tuning (number of iterations, and sub-QUBO size) can improve the global

solution quality, but increase time-to-solution a lot

%OAK RIDGE
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(s) uoinjog-o}-awi ]

B Approximation Ratio

Problem size: 100 I Time-to-Solution

1.00 3000
0 0.95 2500 _,
s 5
@ 0.90 2000 ®
p A
S Q
© 0.85 1500 §
£ s
X =
S 0.80 1000
o
o3 o
<075 I I 500 ~

0.70 8= 0
ABCD
Problem size: 150
1.00 3000
0095 2500
T 5
X 0.90 2000 3
S g
‘g 0.85 1500 §
S 0.80 1000 8
o —
= @
<0.75 I I 500
0.70 8= 0
ABCD

A: 300 iterations, 4 subQUBO size
B: 3000 iterations, 4 subQUBO size
C: 300 iterations, 8 subQUBO size
D: 1000 iterations, 8 subQUBO size



Performance Analysis of DQAOA (multi-cores/nodes)

0.98 | . I 60 0.98 | 500
Problem size: 150 5
L i F90 4 L i =
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a S a S
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40

18500
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Problem Size

18000 -

2000
1500 -
1000 -

500 +

10 16 22 30 50 100 150
Problem Size

»  DQAOA running on multi-cores/nodes can solve large QUBO problems (size: up lo 1,000) wilh high accuracy and low lime-to-solution

+  DQAOA shows the highest accuracy and shortest time-to-solution (>7 times than dg-QAOA, and >160 times than QAOA)

technology continues to evolve

%OAK RIDGE

National Laboratory

DQAOA nol only addresses lhe limilalions of currenl guanlum lechniques bul also sels a foundalion for fulure advancemenls as quantum



DQAOA on Quantum-Centric Supercomputer Architecture

e

= 4

o«

A

Sub-QUBOs

S

Quantum Hardware

Device 1

Device p

o o o =
~N ® © =)

Approximation Ratio

o
o

Problem size: 22

10°

- -
(=} o
w e

Time-to-Solution (s)
2

Problem size: 100

o o =
® © o
1 1

o
]
1

Approximation Ratio
o
o
1

©o ©
N
1

—— DQAOA - QCsC
——dg-QAOA - QCSC
- - -~ DQAOA - emulator
- - - dg-QAOA - emulator

-
o

20 30 40
Number of Iterations

+ DQAOA on QCSC (IBM-Strasbourg & IBM-Kyiv) achieves a high approximalion ralio (~0.97) for a problem of size 22

+ llalso successfully solves a larger problem (size: 100) wilh a high approximalion ralio (~0.94)

+ Increasing lhe number of ileralions is expecled lo furlher improve lhe approximalion ralio
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Active Learning using DQAOA (AL-DQAOA) for Material Design

Dataset DQAOA
—| HPC/QC system '—
FOM, QMZ QyjUE
=/ " :
FOM4"'= K QEUE
FOM, N
Structures / FOMs gl erioh

s |

Solution »~
(predicted structure) ,

_______________________________

Update dataset (+ Predicted structure & calculated FOM)

Evaluation

Calculated FOM
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Optimization Results

Benchmarking Study
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Optimization Results

AL-dg-QAOA 50-bits system 100-bits system
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Optimization Results

Optical Properties
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Future Work

DQAOA with Quantum Devices

Large QUBO Problem

8 decisions
28 interactions

X Xq Xy X3 X4 Xs Xg X7 Xg

N
Target decisions to solve

Sub-QUBO Problems

DQAOA

Sub-Solutions

5 decisions (3 fixed)
10 interactions

e % |
S

N
Fixed decisions

HPC/QC system

Solved decisions

s1:x)1'x2 X3 X4 X5 Xg X7 Xg

Xy Xy X3 X4 X Xg X7 Xg
S3i X1 Xp X3 Xg Xg
X4 X5 Xg X7 Xg
S5 X

SN Xy X3 X4 Xs

Optimal Solution

1t
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Q3 ©

0-0-2-0-0-0-0-6-0-0-0-0-0-0-
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@

v Integrate HPC nodes and qubit clusters (hardware-hardware integration)

v' Solve large-scale & higher-order problems (> 1,000) on HPC-QC integrated

system to demonstrate ‘Quantum Advantage’

%OAK RIDGE
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Conclusion

28 interactions 5 decisions (3 fixed) HPC/QC system Solved decisions
1 10 interactions

$1:Xq Xz X3 X4 X5 X5 X7 Xg
S5 X; Xp Xa X4 X5 Xg X7 Xg
i-QAOA » $3: X1 X2 X3 X4 X5 X5 X7 Xg
S4 X1 X X3 X4 X Xg X7 Xg
S5 X4 X X3 X4 X Xg X7 Xg

X: X4 Xy X3 X4 Xs Xg X7 Xg i-QAOA S X4 Xo X3 Xy X5 Xg X7 X Xg' X1 Xg X3 X4 X5 Xg X7 Xg

Target decisions to solve Fixed ;J‘emswons lm‘ Fixed decisions
%OAK RIDGE Ty s
National Laboratory Iterations ITI

10 Hamiltonian

QUBO surrogales can be generaled using Faclorizalion Machine

Quanlum compuling (annealing) can be used lo solve QUBO problems

Funclional malerials (melamalerials) are designed and fabricaled using lhe
QC optimization Simulation

proposed active learning algorithm QuBO QC-predicted

|
?° i i i 10011
Hmﬂtoma; metamaterial a
Efficiency of the active learning algorithm is demonstrated Tl : Q
. . . . structures / FOMs T Bi A l
Performance of lhe designed malerials is experimenlally demonslraled T°0 Binaryveclor =ee Calculated FOM

Predicted metamaterial + calculated FOM

DQAOA algorithm working on the HPC-QC integrated system is proposed to tackle

large-scale oplimizalion problems using (he currenl guanlum compuling syslems

Papers, Profile

Active learning algorithm with DQAOA can solve large-scale

real_world Optimization problems Large QUBO Problem Sub-QUBO Problems DQAOA Sub-Solutions Optimal Solution

8 decisions
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Thank you!

Questions?
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Appendix

a Initialization

Sub-QU Boinim:
Sub-QU Boinit‘z:
Sub-QU Boinit‘g,:

SUb'QU BOinit‘n_kﬂ:
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Fixed decisions

\

X1 X2 X3 X4 X5 Xg X7 Xg
X4 X2 X3 X4 X5 Xg X7 Xg
X4 X2 X3 X4 X5 Xg X7 Xg

X4 X2 X3 X4 X5 Xg X7 X8

/

Target decisions

b Iteration

SUb'QUBOitem .
SUb'QUBOiterlg:
SUb'QUBOiter’:),:

éUb'QUBOiter’b:

X1 Xo X3 X4 X5 Xg X7 Xg
X1 X2 X3 X4 X5 Xg X7 Xg
X1 Xo X3 X4 X5 Xg X7 Xg

X1 Xo X3 X4 X5 Xg X7 Xg



Abstract

In this tutorial, we provide an overview of distributed variational optimization algorithms designed to harness the
power of integrated quantum-HPC ecosystems for solving large-scale combinatorial optimization problems. We
focus on the Distributed Quantum Approximate Optimization Algorithm (DQAOA), a scalable quantum-classical
hybrid algorithm that distributes quantum workloads across multiple QPUs or simulators, coordinated via classical
HPC infrastructure.

A key of the tutorial is the application of DQAOA to materials optimization problems, which are naturally formulated
as large and densely connected quadratic unconstrained binary optimization (QUBO) problems. These QUBO
instances often exceed the capacity of current quantum hardware or simulator. We will present real-world case
studies involving high-dimensional materials design problems, showcasing how distributed quantum resources can
accelerate the search for optimal material configurations.
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