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Solving optimization problems is critical across many re-
search domains, but the high dimensionality of parameter
spaces often poses significant challenges. The Quantum Ap-
proximate Optimization Algorithm (QAOA) has emerged as a
promising approach for accelerating optimization in the Noisy
Intermediate-Scale Quantum (NISQ) era by leveraging both
classical and quantum computational resources. However, its
performance can vary depending on the underlying quantum
hardware architecture. In this work, we evaluate the perfor-
mance of QAOA on different quantum hardware platforms,
specifically, superconducting transmon qubits and trapped-
ion qubits, targetting real-world optimization problems for-
mulated as fully connected Quadratic Unconstrained Binary
Optimization (QUBO) instances. We evaluate both the solution
quality and time-to-solution using dense QUBO matrices.
Furthermore, we show that large-scale problems, such as a
100-bit QUBO instance, can be effectively tackled by inte-
grating quantum computing with high-performance computing
(HPC) resources. This study provides practical insights into
the strengths and limitations of different qubit technologies
and advances the application of quantum computing in solving
real-world optimization problems.

Index Terms—Quantum approximate optimization algorithm,
superconducting transmon qubit, trapped-ion qubit, quadratic
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I. INTRODUCTION

Quadratic Unconstrained Binary Optimization (QUBO) pro-
vides a framework for formulating many real-world combi-
natorial optimization problems. Due to their NP-hard nature,
QUBO problems are often challenging for classical algorithms
to solve [1], [2]. Quantum computing (QC) offers a potential
advantage by enabling alternative approaches to explore large
solution spaces effectively. In particular, hybrid quantum-
classical algorithms, such as the Quantum Approximate Opti-
mization Algorithm (QAOA), have attracted significant interest
for tackling complex optimization problems [3], [4]. However,
QAOA’s performance can vary depending on the underlying
quantum hardware architecture. Their differences, such as
qubit connectivity, gate fidelity, the number of available qubits,
and gate operation times, can significantly affect algorithmic
performance [5].

In this study, we evaluate the performance of QAOA on two
quantum hardware architectures: superconducting transmon
qubits and trapped-ion qubits. We focus on solving fully con-
nected QUBO problems derived from real-world applications,
and compare solution quality and time-to-solution across dif-
ferent backends. Furthermore, we demonstrate the feasibility
of solving large-scale QUBO problems by integrating quantum
computing with HPC through problem decomposition.

II. METHODOLOGY

A. QUBO Generation: We generate QUBO matrices using
machine learning techniques applied to materials science,
specifically, designing planar multilayered structures [6], [7].
We employ a factorization machine to capture both linear
and pairwise interactions among features, where the input
features represent material structural configurations and the la-
bels correspond to performance metrics. The resulting QUBO
problems vary in size, ranging from 4 to 100 binary variables.
These instances are solved using QAOA implemented on
different quantum simulators and hardware backends.

B. QAOA: We construct QAOA circuits using Qiskit
(v1.2.4). Quantum backends include Qiskit-Aer (v0.15.1) for
noiseless simulation, Qiskit-IonQ (v0.5.8) for trapped-ion
hardware and its simulator access, and Qiskit-IBM-Runtime
(v0.32.0) for superconducting transmon qubit hardware.

C. Distributed QAOA (DQAOA): Current quantum hard-
ware and simulators are limited in the number of qubits,
making it infeasible to solve large-scale QUBO problems.
To address this limitation, we adopt a distributed QAOA
framework, which decomposes a large QUBO problem into
smaller sub-problems that are solved independently [8]. Here,
we validate the distributed approach on quantum simulators
using a single-core setup to establish baseline performance.

III. RESULTS

The QUBO problems used in our experiments, representing
real-world optimization, are fully connected (Fig. 1), making
them particularly challenging to solve. We first analyze the
QAOA’s performance on quantum simulators. A simulator
emulating trapped-ion devices exhibits higher approximation
ratios, likely due to their use of arbitrary two-qubit gate
operations [9]. However, this simulator generally requires
longer execution times, especially for larger problems (Fig.



2). This trend is also observed with our evaluation on actual
quantum hardware. A device based on superconducting trans-
mon qubits offers faster execution but lower approximation
accuracies, while trapped-ion hardware provides better solu-
tion quality with longer runtime (Fig. 3). This performance
trade-off arises from the architectural characteristics: trapped-
ion systems feature fully connected qubit topologies, which
reduce or eliminate the need for SWAP gates, but their longer
gate durations impact overall speed compared to supercon-
ducting architectures [5], [10]. However, the approximation
ratio achieved with superconducting qubits is expected to be
significantly improved by employing the DQAOA framework
(Fig. 3) [8].

Fig. 1: QUBO problems representing real-world optimization
tasks. Problem size: (A) 22, and (B) 100.

Fig. 2: Approximation ratio and time-to-solution of QAOA on
different quantum simulators.

Fig. 3: Approximation ratio and time-to-solution of QAOA on
different quantum hardware architecture. The red cross point
data is adopted from [8].

To tackle large-scale dense QUBO problems (e.g., a 100-
bit problem), which remain infeasible for current quantum
devices, we apply DQAOA. As illustrated in Fig. 4, increasing
the number of DQAOA iterations improves the approximation
ratio. Although this leads to longer runtimes in a single-node
setup, the total time-to-solution can be significantly reduced

by parallelizing sub-problem execution across multiple HPC
nodes equipped with quantum resources [8].

Fig. 4: Approximation ratio and time-to-solution of DQAOA
on quantum simulators.

IV. CONCLUSION

Our results highlight the performance characteristics of
QAOA across different quantum hardware platforms: super-
conducting transmon and trapped-ion qubits. While super-
conducting qubit devices benefit from faster gate operations,
trapped-ion systems offer higher accuracy due to their fully
connected architecture. These hardware-specific limitations
can be mitigated through the use of DQAOA. Additionally, we
show the potential to address large-scale optimization prob-
lems using a distributed QAOA framework. These findings
offer practical insights into the suitability of different quantum
hardware for real-world optimization problems.
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