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Advanced Computing
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Advanced Computing for Solving Big Problems
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Materials Optimization Challenges
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Quantum Computing in Material Science 
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Quantum Computing in Material Science 



8

Quantum Computing in Material Science 
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Machine Learning Model for Hamiltonian
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Machine Learning Surrogate Model for Hamiltonian
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Machine Learning Surrogate Model for Hamiltonian
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Active Learning for Material Design (AI+HPC+QC integration)
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Designed Metamaterials
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Designed Metamaterials
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Gate-Based Quantum Computing to Solve QUBO Surrogates
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Distributed QAOA (DQAOA) on HPC-QC Integrated Systems
Optimal Solution
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Decomposition Policy
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Performance Analysis of dq-QAOA (single core)
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Performance Analysis of DQAOA (multi-cores/nodes)
Problem size: 150
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DQAOA on Quantum-Centric Supercomputer Architecture
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Active Learning using DQAOA (AL-DQAOA) for Material Design

FOM1 FOM2

FOM3

FOM4
FOMn

Dataset FM

U

U

DQAOA Evaluation

Calculated FOM

Update dataset (+ Predicted structure & calculated FOM)

QUBO QAOASub-QUBO Solution
(predicted structure)Structures / FOMs

ML

HPC/QC system

Q1

Qb

SiO2

Si3N4

Al2O3

TiO2

: 00

: 01

: 10

: 11Substrate

PDMS
PML

Visible

UV NIRSunlight



23

Optimization Results
Benchmarking Study
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Optimization Results
AL-dq-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
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Conclusion
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Thank you!

Questions?
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Appendix
a b

c
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Appendix

Target decisions

a  Initialization b  Iteration

Sub-QUBOinit,1:       x1 x2 x3 x4 x5 x6 x7 x8
Sub-QUBOinit,2:       x1 x2 x3 x4 x5 x6 x7 x8
Sub-QUBOinit,3:       x1 x2 x3 x4 x5 x6 x7 x8
…
Sub-QUBOinit,n-k+1:  x1 x2 x3 x4 x5 x6 x7 x8

Fixed decisions

Sub-QUBOiter,1:    x1 x2 x3 x4 x5 x6 x7 x8
Sub-QUBOiter,2:    x1 x2 x3 x4 x5 x6 x7 x8
Sub-QUBOiter,3:    x1 x2 x3 x4 x5 x6 x7 x8
…
Sub-QUBOiter,b:    x1 x2 x3 x4 x5 x6 x7 x8
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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.


