Quantum Optimization: from origins to current challenges and future perspectives
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Abstract

Quantum optimization has emerged at the intersection of quantum computing and operations research, driven by the prospect of ad-
dressing challenging combinatorial optimization problems through quantum and quantum-inspired computational approaches. This
paper provides a structured review of the field from a past, present, and future perspective. We first trace the evolution of quantum
optimization from the early development of quantum annealing and quantum adiabatic approaches to the emergence of gate-based
quantum algorithms and quantum-inspired optimization methods. We then examine the current state of the field, focusing on
the main algorithmic paradigms, their applications, and the practical challenges that currently limit their effectiveness. Particular
attention is devoted to the reformulation of optimization problems, the use of quadratic unconstrained binary models and Ising
formulations, embedding and connectivity requirements, noise and limited circuit depth, parameter training, and the computational
overhead associated with hybrid quantum-classical workflows. Finally, we discuss the future of quantum optimization and identify
research directions that may contribute to its practical development, including decomposition-based hybrid methods, cutting-plane
strategies, warm-start techniques, problem-specific quantum circuits, tensor-network approaches, and quantum-inspired dynamical
systems. Across these three perspectives, the review emphasizes the importance of evaluating quantum optimization through end-to-
end computational workflows rather than isolated algorithmic or hardware metrics. Future progress will depend on the coordinated
development of mathematical modelling, optimization algorithms, quantum hardware, and rigorous benchmarking against strong
classical methods. This perspective identifies the conditions under which quantum computing may deliver measurable, practically
relevant benefits for operations research.

Keywords: Quantum Optimization; Quantum Computing; Quantum Annealing; Quantum Approximate Optimization Algorithm;
Quantum-Inspired Optimization; Combinatorial Optimization; Hybrid Quantum-Classical Algorithms.

1. Introduction cation, and portfolio management, combinatorial growth fre-
quently leads to computational hardness and NP-hardness.
Quantum Computing (QC) has emerged as a computational ~ Qver decades, OR has developed mature methodologies, such

paradigm based on the principles of quantum mechanics, ex- as mathematical programming, exact algorithms, branch-and-
ploiting qubits and phenomena like superposition, entangle- bound, heuristics, and metaheuristics, that modern solvers opti-
ment, and interference to offer fundamental alternatives to con- mize extensively. Consequently, any alternative paradigm must
ventional digital architectures 1, [2]. While interest stems from  be evaluated against these robust classical standards rather than
solving complex tasks such as search, simulation, and cryptog- simplified benchmarks.

raphy, current processors face structural bottlenecks including
noise, finite coherence times, gate errors, and restricted connec-
tivity, defining the Noisy Intermediate-Scale Quantum (NISQ)
era [3, 4l]. This regime relies on shallow circuits and hybrid
procedures, making overall workflow efficiency the true metric
of interest rather than qubit count alone.

Optimization is a cornerstone of Operations Research (OR),
seeking high-quality decisions among alternatives defined by
decision variables, objective functions, and constraints. Ar-
riving in contexts like vehicle routing, scheduling, facility lo-

Quantum Optimization (QO) is the use of QC techniques to
solve optimization problems by exploiting quantum phenom-
ena such as superposition, entanglement, and quantum interfer-
ence. The goal is to identify high-quality or optimal solutions
among a potentially large set of feasible solutions, potentially
achieving computational advantages over classical optimization
methods for certain problem classes. Combinatorial challenges
are typically transcribed into Quadratic Unconstrained Binary
Optimization (QUBO) forms or equivalent Ising spin-glass rep-
resentations [} 16].

Current QO approaches are largely characterized by hybrid
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associated with circuit compilation, qubit mapping, and rout-
ing. Although numerous proof-of-concept studies have demon-
strated the technical feasibility of QO across a broad range
of OR problems, such demonstrations do not, by themselves,
establish a computational advantage over classical approaches
[7, 18]. A meaningful assessment of QO therefore requires an
end-to-end evaluation of the complete computational workflow,
from problem formulation and circuit compilation to quan-
tum execution, sampling, and classical post-processing, against
strong state-of-the-art classical baselines.

Motivated by these challenges, this paper provides a struc-
tured analysis of QO from an OR perspective, examining the
transition from feasibility-oriented demonstrations toward rig-
orous performance evaluation. Specifically, the paper addresses
three main research questions:

1. What are the main computational, hardware, and method-
ological limitations currently affecting the development of
QO for OR?

2. How can quantum and quantum-inspired approaches be
classified and evaluated according to their role within op-
timization processes, rather than solely according to their
underlying computational paradigm or hardware architec-
ture?

3. Under which conditions can quantum resources provide
measurable computational value beyond state-of-the-art
classical optimization methods?

To address these questions, the paper reviews theoretical
foundations, computational paradigms, hardware platforms,
and benchmarking challenges. It is organized around three
complementary perspectives: the historical evolution and the-
oretical foundations, the present state and limitations of com-
putational paradigms, and the conditions needed for future
progress through rigorous, workflow-level evaluation in real-
istic OR settings.

The remainder of the paper is organized as follows. Sec-
tion[2]explores the historical origins and theoretical foundations
of QO. Section [3] examines the current QO landscape, analyz-
ing the three main computational paradigms across application
domains, identifying current hardware, modeling, and algorith-
mic limitations, and highlighting hybrid integration method-
ologies. Section [] discusses future perspectives, detailing in-
dustrial technology roadmaps, suitable application domains,
emerging professional roles, and essential solution methods re-
quired to achieve practical quantum advantage. Finally, Sec-
tion [5] concludes the paper by summarizing key insights and
outlining the evolving role of OR in future quantum computa-
tional ecosystems.

2. Past: the Emergence of QO

The development of QO is rooted in the broader develop-
ment of QC. The first major milestones in QC demonstrated
that quantum-mechanical principles could be exploited to per-
form computational tasks for which classical approaches face
fundamental or computational limitations. Among the most in-
fluential results are Shor’s algorithm for integer factorization

and discrete logarithms and Grover’s algorithm for unstructured
search. Shor showed that factoring and discrete logarithms can
be solved on a quantum computer in polynomial time [9]], while
Grover introduced a quantum search algorithm requiring only
o( \/N) queries for an unstructured search problem [10]. These
results provided some of the first concrete demonstrations of
the potential computational power of quantum systems and mo-
tivated the investigation of quantum algorithms for a broader
range of computational problems.

As QC developed, research progressively moved from gen-
eral computational tasks towards problems with a strong com-
binatorial and optimization structure. Optimization represented
a natural application area because many combinatorial prob-
lems involve discrete decision variables and can be formulated
in terms of finding low-energy configurations of interacting sys-
tems. In particular, the Ising model provided an important
mathematical connection between combinatorial optimization
and physical energy minimization, allowing a broad class of
optimization problems to be represented through spin variables
and an associated energy function [11].

From this development, two main paradigms of QC for op-
timization progressively emerged: Quantum Annealing (QA)
and Gate-Based Quantum Optimization (Gate-based QO).
Alongside these quantum-computing approaches, Quantum-
Inspired Optimization (QIO) developed as a distinct paradigm
that draws inspiration from quantum-mechanical principles
without relying on quantum hardware. Although all three ap-
proaches aim to explore complex solution spaces efficiently,
they differ substantially in their computational principles, im-
plementation, and reliance on quantum mechanics.

The three paradigms can be distinguished as follows:

¢ QA is an optimization-oriented QC paradigm in which
quantum fluctuations are exploited to explore a com-
plex energy landscape and guide the system towards low-
energy configurations corresponding to high-quality solu-
tions. Optimization problems are typically encoded us-
ing Ising models or their equivalent QUBO formulations,
where the objective function is mapped onto an energy
function to be minimized. The quantum evolution then
provides the mechanism for exploring the space of candi-
date configurations, with the annealing process gradually
modifying the system so that it evolves towards favorable
regions of the solution landscape. In this framework, quan-
tum effects such as tunneling and superposition can con-
tribute to the exploration of the energy landscape, particu-
larly when the landscape contains local minima or narrow
energy barriers [[12, 13| [14].

o Gate-based QO follows a fundamentally different com-
putational model, in which optimization is performed
through programmable quantum circuits composed of el-
ementary quantum gates. Rather than relying on a con-
tinuous annealing process, the algorithm encodes the opti-
mization problem and manipulates quantum states through
a sequence of discrete operations. In the NISQ regime, this
paradigm is particularly associated with variational and



hybrid quantum—classical algorithms, where a parameter-
ized quantum circuit is executed on a quantum processor
and its output is evaluated according to a problem-specific
objective function. A classical optimizer then updates the
circuit parameters based on the measured results, and the
quantum circuit is repeatedly evaluated until a suitable so-
lution is obtained. This hybrid interaction between quan-
tum and classical computation allows Gate-based QO to
operate within the limitations of current quantum hard-
ware while providing a flexible framework for implement-
ing different optimization strategies [[15, [16].

e QIO represents a third and conceptually distinct direc-
tion within the broader landscape of quantum-related op-
timization. Unlike QA and Gate-based QO, QIO does
not require the use of quantum hardware or the execu-
tion of genuinely quantum computations. Instead, these
methods translate concepts, mathematical representations,
or computational mechanisms inspired by quantum me-
chanics into classical optimization algorithms. Such ap-
proaches may exploit quantum-inspired representations of
states, amplitudes, interference-like mechanisms, or other
principles derived from quantum computation while being
implemented on conventional classical or specialized com-
putational architectures. QIO methods have developed
in parallel with genuine quantum approaches and can be
used as independent optimization techniques for solving
complex combinatorial and numerical problems. They are
also particularly relevant for assessing the potential advan-
tages of QO, since they provide classical reference meth-
ods that can reproduce or approximate certain quantum-
inspired mechanisms without requiring access to quantum
hardware [17,18]].

Figure[I| presents the technological taxonomy adopted in this
review. It separates approaches that rely on genuine quantum
computation, namely QA and Gate-based QO, from QIO meth-
ods that adopt formulations, search mechanisms, or architec-
tural principles derived from QO while operating without quan-
tum computational resources.

QA Gate-based QO

:
.
\ |

Figure 1: Taxonomy of the computational approaches considered in this re-
view. QO includes genuine quantum-computing methods, represented by QA
and Gate-based QO, as well as QIO approaches.

The historical development of these three paradigms can
therefore be summarized as the transition from the general
foundations of QC to optimization-oriented quantum computa-
tion and, in parallel, to quantum-inspired classical approaches.

2.1. QA

The first major approach to emerge was QA. An early for-
mulation of QA was introduced in [19] as an extension of clas-
sical simulated annealing in which quantum effects are used to
explore the energy landscape and reduce the probability of be-
coming trapped in local minima. Their approach was applied to
the minimization of multidimensional functions, including the
search for low-energy configurations of Lennard—Jones clus-
ters. A more formal framework for QA was subsequently de-
veloped by [20]] through the transverse Ising model. Their ap-
proach introduced quantum fluctuations into the annealing pro-
cess and interpreted the transverse field as a mechanism for
inducing transitions between configurations. The aim was to
drive the system towards the ground state of the problem Hamil-
tonian, thereby establishing a direct connection between quan-
tum dynamics and optimization. In parallel with the develop-
ment of QA, the idea of using adiabatic quantum evolution for
solving computational problems was pioneered by [21], who
introduced a quantum algorithm designed to solve instances of
the satisfiability problem through the adiabatic evolution of a
time-dependent Hamiltonian. The central idea was to construct
an initial Hamiltonian whose ground state is easy to prepare
and evolve it gradually into a final Hamiltonian whose ground
state encodes the solution of the computational problem. This
concept was subsequently applied directly to randomly gener-
ated instances of an NP-complete problem. In their 2001 paper,
the authors further investigated the performance of this quan-
tum adiabatic evolution algorithm on small problem instances,
providing numerical evidence that the approach could success-
fully find solutions for the cases that could be simulated. This
work established an important connection between Adiabatic
Quantum Computation and combinatorial optimization. The
relationship between quantum adiabatic evolution and classical
optimization was further investigated by [22] through a direct
comparison with simulated annealing. Their analysis showed
that quantum adiabatic evolution and simulated annealing can
behave similarly for certain classes of cost functions, while dif-
ferences can emerge for other problem structures. This compar-
ison was an early example of the broader question that would
subsequently become central to QO: whether the use of quan-
tum resources can provide a computational benefit compared
with strong classical optimization methods. The theoretical de-
velopment of QA was followed by the development of pro-
grammable quantum hardware. A major experimental mile-
stone was obtained by [23]], who demonstrated QA in an artifi-
cial Ising spin system composed of eight superconducting flux
qubits with programmable spin—spin couplings. This experi-
ment represented an important transition from theoretical for-
mulations of QA towards programmable superconducting hard-
ware and provided an experimental basis for the subsequent de-
velopment of dedicated QA processors.

2.2. Gate-based QO

A second branch of QO stems from programmable gate-
based QO. Gate-based QO can be implemented using differ-
ent physical hardware technologies, differing in qubit encoding,
control, connectivity, gate fidelity, and scalability:



e Superconducting qubits: encode information in super-
conducting circuits, offering fast gate speeds.

e Trapped-ion qubits: use internal electronic states of
electromagnetic-confined ions, providing high gate fideli-
ties.

¢ Topological qubits: aim for fault tolerance through topo-
logically protected states.

¢ Silicon spin qubits: utilize electron/nuclear spins in semi-
conductors, leveraging existing industrial fabrication.

e Photonic QC: encodes quantum information in photons
and can use measurement-based approaches to perform
quantum computation.

Hardware platforms are distinct from the software paradigms
they run. A major milestone in this domain was the introduc-
tion of Variational Quantum Algorithms (VQAs), which opti-
mize parameterized quantum circuits via a classical feedback
loop. [24] introduced the Variational Quantum Eigensolver
(VQE) in 2014 for eigenvalue estimation, establishing the hy-
brid quantum—classical framework central to near-term QO. In
the same year, [25]] introduced the Quantum Approximate Opti-
mization Algorithm (QAOA), directly applying gate-based hy-
brid circuits to combinatorial optimization. [26] later explored
QAOA’s complexity and classical simulability in shallow cir-
cuits. The paradigm was further expanded by [27]] with the
Quantum Alternating Operator Ansatz, generalizing mixing op-
erators to incorporate hard problem constraints. Techniques
such as Quantum Imaginary Time Evolution [28] further ex-
panded gate-based QO toward broader ground-state search and
energy minimization strategies on noisy hardware.

2.3. QIO

A third research direction developed in parallel with the
genuinely quantum approaches: QIO. Unlike QA and Gate-
based QO, QIO does not require a quantum processor. Instead,
it translates concepts originating from quantum mechanics, QO,
or quantum computational models into classical or specialized
computational procedures. One of the early examples of this di-
rection was introduced by [29] through their work on Quantum-
Inspired Genetic Algorithms. The authors proposed a classi-
cal evolutionary method in which concepts and principles in-
spired by quantum mechanics were used to construct an alter-
native genetic algorithm, including an application to the travel-
ling salesperson problem. This work represents an early foun-
dation of the quantum-inspired family and illustrates the funda-
mental idea that quantum concepts can be transferred into clas-
sical computational methods without requiring quantum hard-
ware. The quantum-inspired direction subsequently evolved to-
wards specialized optimization mechanisms derived from phys-
ical models. A representative example is Simulated Bifurca-
tion and related approaches. [30] proposed a high-performance
combinatorial optimization method based on classical mechan-
ics, modifying the previously introduced simulated bifurcation
approach and exploiting massively parallel classical computa-
tion. The method demonstrated that mechanisms inspired by

quantum bifurcation can be reformulated into classical dynam-
ical systems and used to solve large combinatorial optimiza-
tion problems.This development is particularly relevant because
it demonstrates that quantum-inspired approaches can consti-
tute independent computational paradigms rather than merely
simplified simulations of quantum hardware. They can ex-
ploit specialized classical architectures and alternative dynami-
cal mechanisms to explore large combinatorial solution spaces,
while remaining fully classical from the hardware perspective.
More recently, the quantum-inspired direction has expanded be-
yond quantum-annealing-inspired dynamical systems towards
generative approaches. [31] investigated the use of classical
and quantum generative models for combinatorial optimiza-
tion, including tensor-network-based approaches. This repre-
sents a broader interpretation of QIO, in which ideas originat-
ing from quantum information and quantum generative models
can be transferred to classical optimization workflows. A re-
lated development in the gate-based field was the use of Quan-
tum Imaginary Time Evolution for finite-temperature systems.
[32]] extended the QITE framework to the computation of finite-
temperature static and dynamical properties of spin systems,
demonstrating the approach on digital quantum hardware. Al-
though this work is primarily concerned with quantum simu-
lation rather than combinatorial optimization, it illustrates the
broader development of quantum variational and imaginary-
time techniques that emerged during the NISQ period.

The optimal choice among QA, Gate-based QO, and QIO
is fundamentally dictated by mathematical problem structure,
variable constraints, and latency requirements. Table[I|provides
a structured synthesis of their domain alignments.

2.4. Past Literature Reviews

To further explore the field, several key reviews offer com-
plementary perspectives on QO foundations, paradigms, appli-
cations, and current bottlenecks.

A broad overview is provided by [33]], who analyze computa-
tional complexity, algorithmic building blocks, and conditions
for quantum advantage. [34] complement this by examining
quantum algorithms across practical domains such as finance,
logistics, and production planning.

Regarding QA, [35] supply foundational references, while
[36] examine recent hardware developments and problem for-
mulations for combinatorial optimization.

For gate-based approaches, [37] review VQAs and their hy-
brid structures, while [38]] provide a comprehensive analysis of
the QAOA, its variants, and noise impacts. [39]] further connect
problem formulation with near-term algorithm implementation.

In QIO, [40] review advances focusing on QUBO and PUBO
formulations, and [41] present a scientometric analysis of
quantum-inspired metaheuristics.

3. Present: the current QO landscape

The current landscape of QO is characterized by the co-
existence of three main computational paradigms: QA, Gate-
based QO, and QIO. Although these approaches differ in their



Feature QA Gate-based QO QIO
Physical Quantum System v 4 X
Universal Computation X v/ X
Native Representation Ising / QUBO Cost Hamiltonian / QAOA Ising / QUBO

Search Mechanism Analog / Fluctuations

Constraint Handling Penalties
Critical Resource Connectivity / Chains
Hardware Bottleneck Analog Noise / Embedding

Documented Scale > 10° Qubits

Maturity Level Commercial

Primary OR Use Pure Binary Combinatorics (VRP,
Packing, Location)

Optimality Guarantee X

Parameterized Interference Stochastic / Bifurcation

Penalties / Mixers Penalties

Circuit Depth Memory / Precision
Decoherence / Gate Noise Memory Bandwidth
Small (NISQ) > 10* Variables
Early-Stage / NISQ Commercial

Multi-Body Simulation and Real-Time, Zero-Latency and
Continuous Constraints Deterministic Edge

X X

Table 1: Structural comparison of the main computational paradigms. Scale and maturity reflect current hardware limits and do not imply overall performance

superiority.

computational principles and in the role of quantum mechanics,
current research increasingly considers them within broader op-
timization workflows rather than as isolated quantum solvers.

This section examines the current QO landscape from four
complementary perspectives: the application of the main com-
putational paradigms across different optimization domains, the
current challenges and limitations affecting their practical use,
and the methodological strategies developed to address these
limitations.

3.1. Quantum Paradigms Across Application Domains

QO has been investigated across several OR domains, with
different computational paradigms being adopted depending on
the available hardware, algorithmic formulation, and character-
istics of the application. The three QO paradigms have been
investigated across a broad range of practical optimization do-
mains, covering a wide range of applications across different
problem structures and operational contexts.

¢ QA: has been explored across a wide range of combinato-
rial optimization problems, including scheduling [42) 43|
44, routing [435) 146l 47], facility location [48, 49], pric-
ing [50, 51]], and packing [52}53]]. Beyond general prob-
lem formulations, real-world case studies have also been
investigated across diverse application domains. Notable
examples include urban traffic flow optimization [54]],
complex scheduling problems in healthcare and educa-
tional timetabling [S5, 56|, large-scale operational plan-
ning [57]], and facility planning in the public sector [S8]].

o Gate-based QO: approaches have been explored for com-
binatorial optimization problems arising in scheduling 59,
60, 61]], routing [62} 63| 164], portfolio optimization [65,
66! [67]], graph optimization [68] |69} [70], resource alloca-
tion [[71} [72} [73], and energy systems [[74, (75, [76]. These
approaches generally encode the optimization problem
into a parameterized quantum circuit and employ a classi-
cal optimizer to determine the circuit parameters. Beyond

theoretical formulations and benchmark instances, QAOA
has also been investigated in real-world and industrially
relevant settings. Examples include industrial schedul-
ing [[77, [78]], portfolio optimization based on real financial
data [79, 180], energy resource management [81} I82], and
logistics and transportation applications [83} 84! [85]].

e QIO: has been applied to a broad range of OR appli-
cations, including scheduling [86, 87, I88]], routing [89],
portfolio selection [90l |91} 92]], production planning [93|
94, [95]], and resource allocation [96, 97, 98]]. Beyond
these general applications, QIO has also been investigated
in several real-world and industrial case studies. Exam-
ples include industrial scheduling [99], production plan-
ning [93]], logistics and delivery planning [[100], energy
management and microgrid optimization [101], and finan-
cial portfolio optimization [91].

3.2. Current Difficulties and Limitations

Despite the increasing number of QO algorithms and appli-
cations, current QO remains constrained by limitations arising
at different levels of the computational workflow. These limi-
tations are not restricted to quantum hardware, but also involve
problem formulation, algorithmic trainability, model size, and
the evaluation of computational performance.

e At the hardware level: current quantum processors are
characterized by limited qubit connectivity, noise, gate er-
rors, finite coherence times, and non-negligible compila-
tion and embedding costs. These constraints directly affect
the size and structure of optimization models that can be
executed on quantum devices.

o At the modelling level: the translation of an OR problem
into a quantum-compatible representation can introduce
additional binary variables, auxiliary variables, dense in-
teractions, and penalty terms. Consequently, a mathemati-
cally valid QUBO formulation may still be unsuitable for
execution on current quantum hardware.



o At the algorithmic level: VQAs introduce further chal-
lenges related to circuit depth, parameter initialization,
ansatz design, classical optimization, and trainability.
These factors can substantially affect the quality and sta-
bility of the obtained solutions.

e At the evaluation level: demonstrating that a quantum
method can solve an optimization instance is not sufficient
to establish a computational advantage. Meaningful eval-
uation requires comparisons with strong classical methods
and consideration of the complete computational work-
flow, including preprocessing, encoding, quantum execu-
tion, sampling, and classical post-processing.

3.3. OR methodologies for QO

OR methodologies play an increasingly important role in ad-
dressing the limitations of current quantum hardware. Clas-
sical optimization techniques such as problem reduction, de-
composition, and iterative solution strategies can help adapt
complex optimization problems to the restricted computa-
tional resources of quantum processors, leading to the de-
velopment of increasingly integrated and problem-specific
hybrid approaches. Because current quantum hardware is
severely resource-constrained, bridging abstract OR problems
with quantum processors requires paradigm-specific reduction
and decomposition techniques. Rather than applying a single
uniform workflow, optimization strategies are tailored to the
architectural and mathematical nature of each computational
paradigm: QA, Gate-Based optimization, and QIO.

3.3.1. QA

To fit large-scale OR problems onto limited hardware graphs
with strict qubit connectivity and embedding limits, rigorous
classical reduction and decomposition are mandatory:

e Preprocessing and Model Reduction: several studies
have proposed preprocessing and model reduction tech-
niques aimed at reducing the size and complexity of
optimization models before their execution on quantum
hardware. These approaches include variable fixing and
persistency detection, probing, decomposition, and other
reduction techniques that can simplify QUBO formula-
tions and reduce the number of variables required for
QO [102] 103} [104].

e Column Generation and Decomposition: for problems
with an exponentially large number of variables column
generation can be integrated with QA. Classical master
problems generate promising columns or variables itera-
tively, while a quantum annealer can be used to solve the
resulting pricing or separation subproblems [105) [106]].
Similarly, decomposition methods such as Benders de-
composition can separate a discrete master problem, which
can be formulated as a QUBO and solved using QA,
from continuous subproblems that are handled classi-
cally [107,1108,[109].

e Cutting-Plane / Iterative Methods: rather than encod-
ing a massive or complex system of constraints all at once
into a single quantum model, which may quickly exceed
current hardware capacity, cutting-plane approaches oper-
ate iteratively. Classical algorithms solve a relaxation and
identify violated constraints, which are then added dynam-
ically to generate updated subproblems for the quantum
annealer [110} [111]]. This iterative strategy can reduce the
size of the quantum models while progressively tightening
the feasible region and improving the quality of the result-
ing solutions.

3.3.2. Gate-based QO

Gate-based optimization relies on programmable circuits and
variational algorithms. Because hardware noise, limited qubit
counts, and barren plateaus severely limit scalability and circuit
depth, optimization methods focus on reducing circuit com-
plexity and improving trainability:

o Warm-Start Strategies: classical relaxations (e.g., linear
programming or semidefinite programming relaxations)
are used to initialize quantum parameters or states, ef-
fectively providing a more informed starting point for the
variational search. Warm-start strategies have been inves-
tigated for QAOA in problems such as Max-Cut and port-
folio optimization, where solutions obtained from clas-
sical relaxations are incorporated into the initial quan-
tum state and, in some cases, into the mixer Hamilto-
nian 112} (113} 114].

e Problem-Specific Ansiitze and Custom Mixers: rather
than using generic circuits, problem structure and con-
straints can be exploited to design custom mixing opera-
tors and problem-specific ansitze that restrict the quantum
evolution to the feasible subspace and can reduce imple-
mentation overhead. Such constructions have been de-
veloped for a variety of constrained optimization prob-
lems and can incorporate problem-specific symmetries
or feasibility-preserving operations into the QAOA cir-
cuit [27, 115, [116].

o Hybrid Iterative Refinement: objective functions or ex-
pectation values are evaluated on the quantum circuit,
while classical optimizers iteratively update the varia-
tional parameters, balancing quantum state exploration
with classical optimization. This hybrid quantum-classical
structure is a defining feature of VQAs and has been em-
ployed to iteratively refine circuit parameters based on
measurements obtained from the quantum processor [24]
25 [116].

3.3.3. QIO

QIO bypasses physical quantum hardware limitations by
utilizing classical algorithms and specialized architectures in-
spired by quantum mechanics (such as tensor networks, simu-
lated bifurcation, or coherent Ising machine simulations):



e Tensor-Network Methods and Scalability: provide a
classical framework for representing and optimizing struc-
tured combinatorial problems, particularly when the un-
derlying interactions or correlations can be captured by
low-dimensional tensor representations. These approaches
avoid the physical-qubit connectivity and hardware-error
constraints of quantum processors while enabling the
treatment of relatively large optimization instances [117,
118L[119].

e Large-Scale Classical Decomposition Integration: can
be integrated with classical decomposition and local-
search strategies to address large combinatorial opti-
mization problems by dividing the original problem into
smaller subproblems that can be solved and recombined
iteratively. ~ Such approaches have been investigated
for large-scale QUBO formulations using decomposition
schemes, parallel subproblem solving, local search, and
population-based mechanisms [[120} [121}99].

e Benchmarking and Algorithmic Validation: provide
useful reference points for evaluating whether quantum-
inspired search mechanisms and algorithmic modifica-
tions, such as decomposition, variable reduction, or al-
ternative problem encodings, provide measurable bene-
fits relative to established classical optimization meth-
ods. Several studies systematically benchmark quantum-
inspired solvers against classical algorithms in terms of
solution quality, computational time, and scalability [121]
122/ (1181 [123].

4. The future: future perspectives in QO

The future development of QO is transitioning from proof-
of-concept demonstrations to the systematic establishment of
measurable computational advantage over classical baselines.
As highlighted in recent literature, quantum advantage must
be evaluated at a system-wide level, taking into account end-
to-end workflows including mathematical formulation, variable
embedding, execution overhead, and classical post-processing.

This section explores the evolutionary outlook of the three
main QO paradigms, QA, Gate-based QO, and QIO, by exam-
ining industry roadmaps, promising application domains, and
critical future methodologies.

4.1. Industrial Roadmaps and Technology Trajectories

The future development of QO is closely connected to the
technology roadmaps pursued by the main industrial and re-
search actors in the QC ecosystem. These roadmaps differ sub-
stantially across computational paradigms, reflecting different
hardware architectures, scalability strategies, error-correction
approaches, and integration models. In particular, current tra-
jectories range from the continued scaling of dedicated quan-
tum annealing systems, to the development of increasingly reli-
able gate-based processors and fault-tolerant architectures, and
to the advancement of quantum-inspired computational sys-
tems capable of addressing large-scale optimization problems

on classical hardware. The following discussion summarizes
the main announced technology trajectories of the main actors
associated with QA, Gate-based QO, and QIO.

4.1.1. QA

QA is currently supported by a relatively mature industrial
ecosystem, with D-Wave representing the main commercial ac-
tor pursuing dedicated annealing hardware. The future trajec-
tory of QA is primarily concerned with increasing the scale and
connectivity of quantum annealing processors, improving co-
herence and analog control, reducing embedding overhead, and
strengthening the integration between quantum processors and
classical hybrid solvers.

D-Wave’s current roadmap extends the Advantage?2 architec-
ture while simultaneously expanding the company’s activities
towards gate-model QC. The Advantage2 system is designed
around a higher-connectivity architecture and is intended to re-
duce the overhead associated with embedding large and densely
connected optimization problems. In January 2026, D-Wave
reported a 314% year-over-year increase in usage of Advan-
tage2 systems and announced additional developments in hy-
brid quantum-classical optimization, including the integration
of machine-learning models into optimization workflows [[124].
These developments indicate a transition from quantum anneal-
ing as a standalone computational resource towards increas-
ingly integrated optimization platforms.

An additional direction concerns the scaling of quantum an-
nealing hardware itself. D-Wave has announced plans for a
scalable input/output architecture targeting systems with up to
approximately 100000 qubits, while attempting to limit the in-
crease in the number of required I/O connections relative to
current systems. Such developments are particularly relevant
for optimization because increasing qubit count alone does not
guarantee that larger optimization models can be efficiently em-
bedded. Connectivity, chain length, embedding overhead, and
classical control therefore remain central components of the fu-
ture QA roadmap [[125]].

D-Wave is also expanding beyond annealing through a paral-
lel gate-model roadmap. The company has announced interme-
diate milestones including a 17-physical-qubit system in 2026,
a49-qubit system in 2027, and a 181-qubit system in 2028, with
the latter intended to provide a scalable architecture for fault-
tolerant development [126]]. This dual-platform strategy is par-
ticularly relevant to QO because it illustrates the increasing con-
vergence between specialized annealing architectures and more
general-purpose gate-based QC.

4.1.2. Gate-based QO

The future trajectory of Gate-based QO involves a broad
ecosystem of companies pursuing different hardware technolo-
gies, including superconducting qubits, trapped ions, topolog-
ical qubits, silicon spin qubits, and other emerging architec-
tures. Despite these differences, the main industrial roadmaps
increasingly converge towards higher-fidelity processors, log-
ical qubits, error correction, and fault-tolerant QC. The main
trajectories can be summarized as follows:



e IBM. IBM is pursuing a roadmap based on superconduct-

ing processors, modular quantum systems, and quantum-
centric supercomputing. Its Nighthawk processor provides
120 programmable qubits and has demonstrated the exe-
cution of circuits exceeding 7500 gates. Looking ahead,
IBM targets the deployment of IBM Quantum Starling in
2029, with approximately 200 logical qubits and the capa-
bility to execute around 100 million quantum gates. The
subsequent Blue Jay architecture is planned to scale to-
wards approximately 2000 qubits and one billion quan-
tum operations [127, [128]. In parallel, IBM is developing
a quantum-centric supercomputing architecture in which
quantum processors are integrated with CPUs and GPUs,
supporting heterogeneous workflows in which quantum
resources operate as specialized computational compo-
nents [[129].

Google. Google Quantum Al is focusing on superconduct-
ing quantum processors and, in particular, on quantum er-
ror correction as the main route towards fault-tolerant QC.
The Willow processor demonstrated below-threshold error
correction, providing an important step towards the devel-
opment of reliable logical qubits [130]. The longer-term
roadmap focuses on progressively increasing the number
and lifetime of logical qubits and ultimately developing a
large-scale error-corrected quantum computer capable of
executing computationally demanding algorithms [131].
For QO, this trajectory could enable deeper and more re-
liable optimization circuits than those currently feasible in
the NISQ regime.

Microsoft. Microsoft is pursuing a topological-qubit strat-
egy based on Majorana states, with the objective of de-
veloping inherently more robust qubits and reducing the
overhead associated with quantum error correction. Its
roadmap progresses from foundational physical-qubit sys-
tems towards resilient logical qubits and, ultimately, scal-
able quantum supercomputers. The development of Majo-
rana 2 represents a further step in this direction, while the
company’s roadmap targets a practical quantum computer
by 2029 [132, [133]]. For Gate-based QO, the relevance of
this trajectory lies in the possibility of supporting deeper
variational circuits and more computationally demanding
optimization algorithms once fault-tolerant operation be-
comes available.

IonQ. IonQ is developing trapped-ion quantum comput-
ers, with a long-term objective of achieving scalable, fault-
tolerant QC. The company’s technology roadmap focuses
on improving system scalability, modularity, and quantum
error correction, with the aim of progressively overcoming
the limitations of current quantum processors [134]. In
September 2026, IonQ announced its Superion 256 plat-
form as part of this longer-term development trajectory
[135)]. The company is also exploring the integration of
quantum processors with high-performance computing in-
frastructure through its collaboration with NVIDIA, re-
flecting the broader interest in hybrid quantum-classical

computing architectures [[136]]. For Gate-based QO, these
developments may facilitate the implementation of in-
creasingly complex variational circuits and hybrid opti-
mization workflows. However, their practical benefits
must be established through end-to-end benchmarking
against competitive classical optimization methods.

Quantinuum. Quantinuum is pursuing trapped-ion QC
with a strong focus on high-fidelity operations and fault-
tolerant architectures. Its current hardware roadmap in-
cludes the 98-qubit Helios system, while longer-term ob-
jectives include scaling towards thousands of physical
qubits and hundreds of logical qubits, with universal fault-
tolerant QC targeted for 2030 [137]]. Future developments
also emphasize the integration of quantum hardware, soft-
ware, and error-correction technologies, creating an en-
vironment in which increasingly complex variational and
hybrid optimization algorithms can be executed with im-
proved reliability [138]].

Rigetti. Rigetti is developing superconducting proces-
sors through a modular, chiplet-oriented architecture. Its
108-qubit Cepheus-1-108Q system represents a step to-
wards scaling superconducting processors while main-
taining high gate fidelity and fast operation [139]. The
company’s future activities focus on increasing processor
scale, improving manufacturing capabilities, and expand-
ing customer access to quantum systems. These develop-
ments are relevant to QO because modular architectures
may provide a route towards larger processors while main-
taining the control and fabrication requirements needed for
increasingly complex gate-based optimization workflows
[140].

Amazon Web Services. AWS is pursuing a cloud-
centered strategy that combines quantum hardware access
with classical cloud and high-performance computing re-
sources. Through Amazon Braket, different quantum tech-
nologies can be incorporated into hybrid computational
workflows. A major future direction is the integration of
fault-tolerant QC into the cloud: AWS has announced col-
laboration with QuEra to provide access to the Libra fault-
tolerant system through Amazon Braket, with initial appli-
cations targeted for 2028 and a planned scale of hundreds
of logical qubits and approximately one million quantum
operations [141]]. In parallel, AWS is developing its own
superconducting cat-qubit architecture through the Ocelot
program, with particular emphasis on scalable error cor-
rection [142]. This ecosystem-oriented strategy is particu-
larly relevant to QO because it facilitates the integration of
quantum processors with classical optimization and HPC
resources.

Fujitsu. Fujitsu is pursuing a multi-stage superconduct-
ing quantum-computing roadmap in collaboration with
RIKEN and other Japanese research institutions. Fol-
lowing the development of a 256-qubit system, the com-
pany is targeting a 1000-qubit processor and, in the longer



term, a superconducting system exceeding 10000 qubits
by fiscal year 2030 [143]]. Fujitsu is also investigating
diamond-spin QC, with a prototype multi-module system
targeted for 2027 and longer-term objectives involving
hundreds of logical qubits [[144]. These activities indicate
a broader strategy combining hardware scaling, alternative
qubit technologies, and system-level integration.

e Intel and Hitachi. Intel and Hitachi are investigating
silicon-based QC as a potential route towards scalable
and manufacturable quantum processors. Intel’s Tunnel
Falls platform is based on silicon spin qubits and leverages
semiconductor manufacturing technologies [145]. In par-
allel, Hitachi and Intel have established a joint R&D pro-
gram with AIST targeting the development of technolo-
gies for 100-qubit silicon quantum processors and sub-
sequent three-dimensional integration towards the 1000-
qubit scale. Hitachi also targets cloud-accessible experi-
mental infrastructure and error-corrected silicon quantum
systems at the 100- and 1000-qubit levels by 2028 and
2030, respectively [146]. These roadmaps emphasize the
importance of semiconductor fabrication, packaging, in-
terconnects, and cryogenic integration in the future scaling
of Gate-based QO.

e PsiQuantum. PsiQuantum is pursuing a photonic ap-
proach to fault-tolerant QC, encoding quantum informa-
tion in single photons and exploiting integrated silicon
photonics and semiconductor manufacturing processes to
support large-scale system integration [147]. In 2025, the
company introduced Omega, a photonic chipset integrat-
ing key components for generating, manipulating, detect-
ing, and networking photonic qubits. Experimental results
demonstrated high-fidelity quantum operations and chip-
to-chip interconnects, although the reported performance
metrics do not by themselves establish the feasibility of
a complete, utility-scale quantum computer [[148]]. The
company’s long-term roadmap focuses on integrating large
numbers of photonic chips into modular, fault-tolerant QC
systems. For Gate-based QO, photonic QC represents an
alternative hardware approach that may eventually sup-
port complex quantum algorithms and hybrid optimization
workflows. However, the realization of practically use-
ful, large-scale systems remains a substantial engineering
challenge, and any potential advantage for optimization
over state-of-the-art classical methods will require rigor-
ous end-to-end benchmarking.

4.1.3. QIO

The future trajectory of QIO differs fundamentally from that
of physical QC because it does not depend on scaling quantum
hardware or achieving fault tolerance. Instead, the main devel-
opment directions concern the scalability of classical architec-
tures, specialized accelerators, algorithmic improvements, and
the integration of quantum-inspired optimization with artificial
intelligence and real-time decision systems.

Toshiba represents one of the most prominent industrial ac-
tors in this area through its Simulated Bifurcation Machine

(SBM) and the associated SQBM+ optimization platform. In
2026, Toshiba introduced a third-generation simulated bifur-
cation algorithm that modifies the control of the bifurcation
parameters to improve the ability of the optimization process
to escape local optima. On a fully connected 2000-spin Ising
problem, the company reported a success probability close to
100% and performance improvements of approximately 100x
relative to previous generations [[149]].

More recent developments have extended this direction
towards dynamic optimization. Toshiba has developed
a quantum-inspired framework that combines SBM with
optimization-control Al and Ising-model compression. The
framework is designed to adapt algorithm parameters and com-
putational resources according to the characteristics of dynam-
ically changing optimization problems, with applications in-
cluding wireless communication and automotive environments.
This represents an important evolution of QIO from static
combinatorial optimization towards continuous and real-time
decision-making.

Toshiba has also announced further scaling of its SQBM+
platform, with support for optimization problems involving up
to approximately 1 billion variables. The company identifies
applications in finance, logistics, drug discovery, and other
large-scale optimization settings. These developments illustrate
a different form of scalability from that pursued by quantum
hardware: instead of increasing the number of physical qubits,
QIO aims to increase the size of the optimization problems that
can be processed using classical or specialized architectures.

Overall, the roadmaps of the main actors reveal three com-
plementary technological trajectories. QA is primarily evolv-
ing through increased connectivity, system scale, and hybrid
solver integration; Gate-based QO is moving towards higher-
fidelity processors, logical qubits, error correction, and fault-
tolerant architectures; while QIO is progressing through spe-
cialized classical hardware, algorithmic scaling, and increas-
ingly adaptive optimization systems. These trajectories suggest
that future QO systems are likely to remain heterogeneous, with
the appropriate computational approach depending on problem
structure, hardware availability, latency requirements, and the
degree of quantum resources required by the target application.

4.2. Methodological Strategies for Future QO Development

To bridge abstract OR models with resource-constrained
quantum hardware, algorithm design must focus on systematic
decomposition and hybrid integration.

e Preprocessing and Model Reduction: preprocessing
techniques aim to reduce the size and complexity of op-
timization models before their execution on quantum or
quantum-inspired architectures. These approaches include
variable fixing, persistency detection, probing, presolving,
and other reduction procedures that eliminate redundant
variables or constraints and simplify the resulting problem
representation. Such techniques are particularly important
for resource-constrained quantum hardware, where reduc-
ing the number of variables and interactions can directly
alleviate qubit, connectivity, and embedding requirements.



e Hybrid Quantum-Classical Decomposition: for large-
scale OR problems exceeding available quantum re-
sources, classical decomposition methods can separate
the original problem into smaller components that can be
handled through complementary computational resources.
In Column Generation, for example, a classical master
problem iteratively generates promising variables, while
a quantum processor can be employed to solve selected
pricing subproblems. Similarly, Benders Decomposition
can separate discrete binary master problems, potentially
formulated as QUBO and solved through QA, from con-
tinuous subproblems handled classically.

o Iterative Cutting-Plane Frameworks: rather than em-
bedding dense constraint systems into a single QUBO
formulation through large penalty terms, cutting-plane
methodologies introduce constraints iteratively. A classi-
cal algorithm first solves a relaxed problem and identifies
violated constraints, which are then added as cuts to pro-
gressively refine the feasible region. This approach can re-
duce the size and complexity of the quantum subproblems
while avoiding the need to encode all constraints simulta-
neously.

e Warm-Starting and Problem-Specific Custom Mixers:
warm-start strategies exploit information obtained from
classical relaxations to initialize QO procedures from
more informed states or parameter configurations. In vari-
ational algorithms such as QAOA, classical solutions or
relaxations can therefore provide a starting point for the
QO process. In parallel, problem-specific mixers can re-
place generic mixing operators and restrict the quantum
evolution to feasible or structurally relevant regions of the
solution space, potentially reducing circuit complexity and
improving trainability.

e Tensor Networks and Dynamical Bifurcation Systems:
within QIO, tensor-network methods provide classical
representations capable of compressing structured high-
dimensional solution spaces, while avoiding the physi-
cal noise and connectivity constraints of quantum proces-
sors. In parallel, dynamical approaches such as Simulated
Bifurcation exploit nonlinear classical dynamics inspired
by quantum or physical systems to explore large com-
binatorial solution spaces. These approaches represent
complementary directions for improving the scalability of
quantum-inspired optimization without requiring physical
quantum resources.

5. Conclusions

QO has rapidly evolved from a predominantly theoretical
research area into a dynamic, interdisciplinary field at the
intersection of OR and QC. In its foundational stages, re-
search focused heavily on proving computational feasibility,
demonstrating that classical combinatorial optimization prob-
lems could be mapped onto Ising or QUBO models and exe-
cuted on early quantum hardware. As both hardware technolo-
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gies and optimization methodologies have matured, the funda-
mental paradigm has shifted. The central question is no longer
whether a problem can be solved on a quantum device, but
whether quantum resources can deliver a measurable, repro-
ducible, and practically relevant computational advantage over
competitive classical baselines.

This review demonstrates that QO cannot be analyzed as a
monolithic computing model. Instead, it represents a multi-
faceted ecosystem encompassing QA, Gate-Based VQAs, and
an increasingly class of QIO methods. These paradigms differ
substantially across computational mechanics, scalability, noise
sensitivity, and hardware readiness. Consequently, evaluating
performance through isolated metrics, such as raw QPU exe-
cution time or qubit count, is fundamentally insufficient. The
primary bottlenecks to practical QO extend far beyond phys-
ical quantum processors, as significant overheads and failure
modes emerge throughout the full optimization pipeline, in-
cluding mathematical reformulation, variable encoding over-
heads, constraint penalty calibration, embedding chain breaks,
barren plateaus, and classical-quantum communication latency.
Practical quantum advantage must therefore be assessed as an
emergent property of the overall computational system, inte-
grating mathematical formulation, algorithmic design, physical
architecture, classical co-processing, and experimental proto-
cols.

A major contribution of this analysis is detailing the evolu-
tion of the relationship between OR and QC. Initially relegated
to a source of benchmark application instances, OR is now
positioned at the methodological core of QO research. Tech-
niques from Mathematical Programming, such as decomposi-
tion frameworks like Benders Decomposition and Column Gen-
eration, cutting-plane cuts, primal-dual bounds, and systematic
relaxations, are indispensable for bridging abstract OR mod-
els with resource-constrained quantum hardware. Rather than
replacing classical algorithms, quantum processors are most ef-
fectively integrated as specialized subroutines, pricing workers,
or heuristics within master classical OR frameworks.

Looking ahead, progress in QO will not depend on hardware
scaling alone. True technological readiness requires a holistic
hardware-software-algorithm co-design. Mathematical formu-
lations must naturally reflect hardware connectivity topologies
to minimize graph-embedding distortions, custom mixers and
warm-start protocols must be developed to restrict state evolu-
tion strictly to feasible subspaces, and standardized benchmark-
ing suites must evaluate total system runtime, time-to-solution,
energy consumption, and solution quality against state-of-the-
art classical solvers. Ultimately, the future of QO will be de-
fined not by whether quantum hardware can operate indepen-
dently, but by how seamlessly quantum resources can be em-
bedded within heterogeneous computing ecosystems. In this
emerging paradigm, advances in mathematical modeling, de-
composition techniques, and rigorous evaluation methodolo-
gies will be fully as decisive as breakthroughs in physical quan-
tum hardware.
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