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Abstract

Quantum optimization has become a leading application for near-term quan-
tum computing, and yet many publications compare algorithms against idealized
assumptions and small toy benchmarks. This limits the interpretability, repro-
ducibility, and practical relevance of reported performance gains, particularly
in the noisy intermediate-scale quantum (NISQ) era. In this work, we present
a systematic literature review that investigate quantum optimization beyond
toy benchmarks. Following established SLR protocols, we analyze the litera-
ture along multiple methodological dimensions, including algorithmic approach,
benchmark realism, encoding strategies, hybrid quantum-classical workflows,
hardware and noise modeling, evaluation metrics, and reporting practices. We
introduce a unified taxonomy that captures the interaction between problem
formulation, encoding overhead, noise-aware execution, and hybrid optimization
loops. In addition, we propose a reproducibility checklist and scoring rubric to
assess reporting completeness and experimental rigor across studies. Instead of
developing new quantum optimization algorithms or making theoretical quan-
tum advantage claims, the main contribution of this work is that it provides
a methodological analysis on benchmarking realism and encoding or evaluation
practices as well as reproducibility rigor in NISQ-era quantum optimization stud-
ies. Our review uncovers a continued chasm between algorithmic innovation and
evaluation maturity, with the number of publications and diversity of meth-
ods growing without corresponding growth in standardized benchmarks, strong
classical baselines, noise-consistent evaluation, or reproducibility.

Keywords: Quantum Optimization, Noisy Quantum Devices, NISQ, QAOA,
Quantum Annealing, Toy Benchmark, Benchmarking

1 Introduction

Quantum computing has been developed as a promising paradigm to solve computa-
tional problems that are classically intractable, especially in the field of combinatorial
and continuous optimization [1], [2] [3]. Problems which underlie well-known scientific,
engineering, and industrial problems (like scheduling, routing, portfolio optimization,
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and resource allocation) are at the heart of science and could achieve significant prac-
tical impact even from marginal performance gains [4],[5],[6],[7]. As such, quantum
optimization has emerged as one of the most actively investigated application areas
in the NISQ era of quantum computing.

Modern quantum hardware, in fact, works in the so-called Noisy Intermediate-Scale
Quantum (NISQ) devices with a limited qubit counts and short coherence times, gate
errors, and few connectivity [8],[9],[10]. These limitations impose severe restrictions
on the depth and reliability of quantum circuits, leading to fundamental questions
about the practical benefits of quantum optimization algorithms on actual devices
[11]. Despite rapid growth in the literature, there remains considerable uncertainty
regarding what has genuinely been achieved beyond proof-of-concept demonstrations

This systematic literature review provides an in-depth look at the landscape of
quantum optimization research beyond toy benchmarks paying particular attention to
how noise, scalability, and benchmarking choices impact claims around performance.

1.1 Background and Motivation

Optimization has been considered an obvious target for quantum advantage since the
early days, with early suggestions like quantum annealing and adiabatic quantum
computation, through algorithms based on gates, like QAOA. Theoretically, these
approaches propose alternative ways to navigate through energy landscapes complex
enough to preclude navigation by classical heuristics [12].

In reality, however, the ability of a quantum optimization device is severely
restricted by the limitations of NISQ-era hardware [13]. Noise builds up quickly against
circuit depth, going through variational optimization landscapes becomes progressively
hard to train, and algorithmic behavior is often dominated by hardware-specific effects.
Therefore, most of the reported successes are for very small-scale, highly structured,
or artificially simplified problems, commonly known as toy benchmarks [14],[15].

The growing gap between theoretical promise and experimental reality motivates
a careful reassessment of the field. Rather than asking whether quantum optimization
will eventually outperform classical methods, a more immediate and practical question
must be addressed: What has actually been demonstrated under realistic noise and
scaling conditions, and how meaningful are these results for real-world optimization
problems?

1.2 Limitations of Existing Studies

Although the quantum optimization literature is extensive, there are several system-
atic limitations of previous studies. First, a heavy dependence on toy benchmarks,
such as small size Max-Cut graphs, random instances of the QUBO, hand-crafted
problems to advantage some quantum algorithms. Although helpful for early test-
ing, such benchmarks are typically unable to reflect the complexity, constraints and
heterogeneity involved in practical optimization problems. Second, the noise assump-
tion in many studies is idealized or incomplete. The reported results are often coming
from noiseless simulators or simplified noise models that do not truly capture device-
specific error mechanisms such as correlated noise, crosstalk, and measurement bias.
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This curtails the generalizability of performance improvements reported. Third, scala-
bility analysis is often missing or superficial. Evaluation of performance often involves
small fixed-sized problems, with little discussion on how algorithmic behavior evolves
as a function of the number of variables, constraints, and circuit length. The lack of
such an analysis makes it hard to examine whether observed advantages remain or dis-
appear when increasing problem sizes. Finally, there are significant variations in the
reporting of outcomes among studies, which makes comparisons difficult. Key details
such as encoding strategies, hardware parameters, optimization budgets, and evalua-
tion metrics are frequently under-specified. This paper does not propose new quantum
optimization algorithms but rather fosters a systematic categorization of such tech-
niques, reflects on encoding and benchmarking practices, and seeks out methodological
gaps that hinder the interpretability and reproducibility of existing work.

1.3 Research Objectives and Contributions

Unlike prior surveys that emphasize idealized simulations or small toy instances, this
PRISMA-guided systematic literature review focuses on quantum optimization stud-
ies evaluated under NISQ-relevant conditions, including explicit noise models and/or
hardware-informed constraints. We introduce a multi-axis taxonomy covering:

• Problem realism and instance scale
• Encoding strategy (QUBO/Ising/CQM)
• Noise/hardware treatment
• Hybrid quantum–classical workflow design. Beyond descriptive synthesis

we extract standardized fields and conduct longitudinal trend analysis and a
reproducibility audit (classical baselines, metrics definitions, hardware/noise details,
repetitions, and artifact availability), identifying concrete methodological bottlenecks
and evidence gaps that currently limit practical claims of advantage.

2 Fundamentals of Quantum Optimization

This section review is used to offer a brief concept introduction to optimization in the
quantum world, which does not repeat standard textbook knowledge but is enough to
put into necessary perspective literature being reviewed. The emphasis is on problem
definition, algorithmic positions of strength, and the hardware limits that condition
realizable performance in the NISQ era.

2.1 Optimization Problems in Classical vs. Quantum
Computing

As in many real-world optimization problems, including scheduling, routing, graph
partitioning, and resource allocation, belong to the class of combinatorial optimization
problems where the goal is to find an optimal assignment of discrete variables sub-
ject to a set of constraints. Quantum optimization algorithms are not a direct solver
for general optimization problems; rather, they solve only select classes of problems.
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Rather, the instances of classical problems have to be expressed in mathematical for-
mats that can run on quantum hardware, such as Ising or more generally Quadratic
Unconstrained Binary Optimization (QUBO) [16] [17]. In these formulations, the prob-
lem variables are embedded as binary or spin variables, constraints are enforced by
adding penalty terms and the objective function is associated with an energy land-
scape such that its ground state corresponds to the solution [18]. This translation
allows quantum execution but imposes concrete limitations. The process of coding
constraints can vastly enhance problem density and distance between energy scales,
leading this way to a much stronger influence of noise and detuning on the system. As
a result, the quality of the problem encoding is an important factor influencing the
success of quantum optimization techniques, and this theme reappears in many of the
papers we review.

A common approach to bridge classical problems with quantum hardware is to
reformulate optimization tasks into standard mathematical forms such as Quadratic
Unconstrained Binary Optimization (QUBO) and Ising Hamiltonians. In the QUBO
formulation, the objective function is expressed as:

min
x∈{0,1}n

xTQx,

where Q is a real-valued matrix encoding linear and quadratic interactions between
binary variables. Similarly, the Ising formulation represents problems using spin
variables si ∈ {−1, 1}:

H(s) =
∑
i

hisi +
∑
i<j

Jijsisj ,

where hi and Jij denote local fields and coupling strengths, respectively. These
formulations enable direct implementation on quantum annealers and gate-based
quantum devices.

2.2 Quantum Optimization Algorithms

There have been multiple algorithmic paradigms proposed for quantum optimiza-
tion, reflecting different viewpoints in terms of assumptions about capabilities, noise
tolerance and scalability.

2.2.1 Quantum Approximate Optimization Algorithm (QAOA)

The Quantum Approximate Optimization Algorithm (QAOA) is one of the most
widely studied gate-based quantum optimization methods [19],[20],[21]. It is a varia-
tional method that iteratively applies problem and mixer Hamiltonians with adjustable
parameters optimized in a classical outer loop [22]. Nevertheless, its implementable
performance on NISQ machines is limited by the circuit depth, the optimization chal-
lenge on parameters and the accumulation of noise [23]. As problem sizes grow, useful
levels of performance are often only achievable with even deeper circuits that soon
run beyond the coherence window of current hardware[24]. As a result, many QAOA
studies remain limited to shallow depths and small-scale benchmarks. It alternates
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between applying a problem Hamiltonian and a mixing Hamiltonian, parameterized
by angles γ and β:

|ψ(γ,β)⟩ =
p∏

k=1

e−iβkHM e−iγkHC |+⟩⊗n.

2.2.2 Quantum Annealing

In contrast, quantum annealing is an alternative approach based on a different
computational model and usually executed on dedicated analog hardware [6],[25].
Optimization problems are translated into an Ising Hamiltonian, and the system
evolves adiabatically from an initial Hamiltonian to a problem Hamiltonian with slow
rates in ideal case up to its ground state. Some of the annealing-based techniques have
the advantage of relatively low control resources, and they have been realized on a
larger number of qubits than gate-based techniques [13]. However, they provide only
a small degree of flexibility in terms of how intermediate states are affected and are
more specifically focused than other reconfiguration schemes [1]. Furthermore, discern-
ing true quantum effects from classical thermal behavior is an outstanding challenge
in presence of realistic noise. Quantum annealing (QA) is an analog quantum opti-
mization approach that solves Ising-formulated problems by adiabatically evolving a
quantum system from an initial Hamiltonian to a problem Hamiltonian:

H(t) = A(t)H0 +B(t)HP ,

where H0 is a transverse-field Hamiltonian and HP encodes the optimization
objective.

2.2.3 VQE-based and Hybrid Algorithms

Beyond QAOA and annealing, a growing body of work explores hybrid quan-
tum–classical optimization frameworks, often inspired by the Variational Quantum
Eigensolver (VQE) [26] [27]. These approaches mix parametrized quantum circuits
with classical optimizers and often rely on problem-specific heuristics, decomposition
techniques or even classical preprocessing [28] [29]. Hybrid schemes are typically less
sensitive to noise and hardware limitations, as they delegate much of the computational
load to classical resources. Yet, this robustness is achieved at the expense of additional
classical overhead, which makes it hard to determine if any observed improvements
are due to quantum or classical contributions [30]. Such ambiguity provides an addi-
tional challenge to claims of quantum advantage and underscores the need for rigorous
benchmarking and reporting.

2.3 NISQ Hardware Characteristics

The practical behavior of all quantum optimization algorithms is fundamentally
shaped by the characteristics of NISQ hardware [31]. Current devices are limited
by gate errors, decoherence, measurement noise, and device-specific effects such as
crosstalk. These errors grow too quickly with the depth of circuits, which would cap
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the complexity of the algorithm that can be executed [32] [33]. Furthermore, non-
trivial overhead due to qubit connectivity restrictions is introduced in the encoding of
the problem and circuit compilation processes, recurrently involving extra swap oper-
ations that contribute more exposure to noise [34]. Thus, nominal problem size does
not necessarily equate to actual computing capabilities.

Finally, the presence of challenging gate depth and execution time limitations ham-
pers the practical feasibility of deep variational circuits and long annealing schedules.
Together, these limitations account for why many studies of quantum optimization are
restricted to small or highly structured problems and why exceeding toy benchmarks
continues to be a fundamentally unsolved problem.

3 Methodology

This study adopts a Systematic Literature Review (SLR) methodology to ensure an
objective, repeatable, and bias-free summary of the state of quantum optimization
beyond toy problems. Due to varied methodologies and the fast pace of development
in NISQ-era research, a review protocol is necessary to systematically find, evaluate,
and classify the relevant work.

The overall process adheres to the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines, which have been considered a
standard of high-impact review articles [35].

3.1 Review Design and PRISMA Framework

The review was performed by applying a four-step strategy according that followed the
PRISMA flow diagram: identification, screening, eligibility, and inclusion. Every step
was described explicitly such that it can be traceable and reproducible independently
[36].

Identification: Academic databases were searched using predefined search ques-
tions to identify appropriate records for review.

Screening: Duplicates were removed, and title/abstract screening was applied to
eliminate obviously irrelevant studies.

Eligibility: Languages Eligible for Full-Text Assessment (Explicit Inclusion and
Exclusion Criteria)

Inclusive criteria: Studies that met all of the criteria were included for qualitative
synthesis and synthesis.

A flowchart of the process, with the number of records retained and reasons for
exclusion at each stage is shown in Figure 1(PRISMA flow diagram). This structured
approach ensures that the final study set is both comprehensive and methodologically
defensible.

3.2 Data Sources and Search Strategy

3.2.1 Databases and Publishers

To obtain a wide representative sample of the quantum optimization literature and
minimize search bias, searches were performed in multiple data sources, including

6



PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

*Consider, if feasible to do so, reporting the number of records identified from each database or register searched (rather than the 
total number across all databases/registers). 

**If automation tools were used, indicate how many records were excluded by a human and how many were excluded by 
automation tools. 

 

 

 
 
 
 
 
 
 
 
 
 
 
Source: Page MJ, et al. BMJ 2021;372:n71. doi: 10.1136/bmj.n71. 
 
This work is licensed under CC BY 4.0. To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/  
 

Records identified from*: 
Databases (IEEE, ACM, 
ScienceDirect, Springer 
Nature, Wiley, Taylor & 
Francis, MDPI) n = 1236 
Registers (arXiv) n = 06 

Records removed before screening: 
Duplicate records removed (n = 456) 
Records marked as ineligible by 
automation tools (n = 0) 
Records removed for other reasons 
(n = 82) 

Records screened (title & 
abstract) 
(n = 704) 

Records excluded** 
(n = 548) 
(Not optimization-focused, purely 
theoretical, non-NISQ, surveys/tutorials) 

Reports sought for retrieval 
(n = 156) 

Reports not retrieved 
(n = 35) 
(Paywall-only, incomplete metadata, 
withdrawn preprints) 
 

Reports assessed for eligibility 
(n = 121) 

Reports excluded: 
Reason 1 (Toy benchmarks only, no 
scalability discussion) n = 05 
Reason 2 (Ideal/noiseless 
assumptions only) n = 21 
Reason 3 (Insufficient experimental 
or methodological detail) n = 10 
etc. 

Studies included in review 
(n = 85) 
Reports of included studies 
(n = 85) 

Identification of studies via databases and registers 

Id
en

tif
ic

at
io

n 
Sc

re
en

in
g 

 
In

cl
ud

ed
 

Fig. 1 PRISMA flow diagram

both peer-reviewed articles and high-quality preprints. Specifically, the following were
searched: IEEE Xplore (journals and conferences in quantum computing, optimiza-
tion and engineering), ACM Digital Library (algorithmic or computer science-focused
literature), ScienceDirect/Elsevier (interdisciplinary journals covering quantum infor-
mation, optimization and applied physics), SpringerLink (journals and edited volumes
in quantum technologies and applied mathematics), Wiley Online Library (interdisci-
plinary work related to quantum science and optimization research), Taylor & Francis
Online (quantum computing as well as optimization studies), MDPI (Journals of
Quantum Physics are available at MDPI), and arXiv (to include emerging and rapidly
evolving research not yet formally published).

3.2.2 Search Strings and Time Span

Search queries were composed by combining Boolean operators, specific keywords and
domain terminology on the topics of quantum optimization, NISQ devices, bench-
marking methodologies, and noise-aware evaluations. Keywords were mapped to titles,
abstracts, and author-assigned keywords as appropriate depending on the function-
ality of the database. The search was restricted to papers in 2019 and onward, due
to this being the time when NISQ machine became practical accessible, and exper-
imental analysis paid more attention on hardware. This time frame accommodates
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modern capabilities of quantum computing, while minimizing over-representation of
early entirely theoretical work. Table 1 shows the publisher names and their corre-
sponding search strings for quantum optimization literature, formatted across multiple
lines for readability.

Table 1 Search strings for Quantum Optimization Literature by publisher.

Publisher Search String
IEEE "All Metadata":quantum optimization AND

"All Metadata":NISQ OR "All Metadata":noisy

intermediate-scale quantum AND

"All Metadata":Noisy Qubits

ACM [All: "quantum optimization"] AND [All: nisq] OR

[All: "noisy intermediate-scale quantum"]

ScienceDirect "quantum optimization" AND ("NISQ" OR "noisy

intermediate-scale quantum") AND "Noisy Qubits"

Springer "quantum optimization" AND ("NISQ" OR "noisy

intermediate-scale quantum") AND "Noisy Qubits"

Wiley "quantum optimization" AND (NISQ

OR "noisy intermediate-scale

quantum") AND ("real-world" OR "practical")

AND "QAOA" AND ("toy problem" OR "toy benchmark")

OR "hard problem" AND ("real-world" OR scalability)

Taylor & Francis [All: quantum optimization] AND

[All: noisy qubits] AND [All: nisq]

MDPI "quantum optimization" AND ("NISQ" OR "noisy

intermediate-scale quantum") AND "Noisy Qubits"

3.3 Inclusion and Exclusion Criteria

Table 2 presents the inclusion and exclusion criteria for quantum optimization studies.
It includes criteria such as the requirement for studies to focus on quantum opti-
mization algorithms, incorporate assumptions about noisy intermediate-scale quantum
(NISQ) devices, and include performance evaluation or benchmarking. Studies that
are excluded are those that focus solely on pure quantum physics without an optimiza-
tion focus, rely on ideal, noise-free hardware, lack experimental or simulation results,
or deal only with toy problems (10 variables). Additionally, studies published before
2015 or in non-English languages are excluded from the selection.

3.4 Screening and Selection Process

The process of screening and selection of studies involved multiple stages to ensure
methodological quality and reduce the bias. After the initial searching of databases
and registers, 1242 records were sourced. After removing duplicate records and records
being excluded for irrelevance or document type, 704 records were included in the
screening process. Title and abstract screening then excluded 548 records that were
evidently not the target type of study in quantum optimization in the NISQ era.
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Table 2 Inclusion and Exclusion Criteria for Quantum Optimization Studies

Inclusion Criteria Exclusion Criteria
Studies on quantum optimization algorithms Pure quantum physics without optimization focus
NISQ or noisy quantum device assumptions Ideal, noise-free hardware only
Benchmarking or performance evaluation No experimental or simulation results
Real-world or scalable problem instances Only toy problems (¡10 variables)

Published 2019–present Non-English publications

Full text of the 156 articles was requested, and 121 were successfully retrieved
and included in the assessment of eligibility resolved. Full texts were screened against
predefined inclusion and exclusion criteria, focusing in particular on benchmark real-
ism, noise and hardware constraints accounted for, and the amount of methodological
details provided. At this level, 36 papers were rejected, as they relied only on toy
benchmarks, idealized no-noise assumptions, or their experiments, and their writing
was not clear enough.

Finally, a total of 85 studies met all the inclusion criteria and were included in
the qualitative synthesis. The entire process of screening and study selection and the
number of studies at each stage are presented in the PRISMA flow diagram (Figure 1).

3.5 Data Extraction and Analysis Procedure

A structured data extraction framework was utilized on each of the final set of stud-
ies in order to facilitate systematic analysis and minimize subjective interpretation.
For each study, relevant information was consistently collected: optimization problem
domain, algorithmic paradigm, problem encoding mechanism (QUBO or Ising formu-
lation), benchmark properties, noise and hardware model assumptions, and the chosen
performance metrics. Further experimental details on setup, choice of parameters and
evaluation method were also taken from the source where provided.

Since we have a significant heterogeneity in studied problems, hardware platforms,
benchmark designs and evaluation criteria among those studies, it was not possi-
ble to perform a meta-analysis using numerical summaries of performance estimates.
Rather than being statistically pooled, the data were synthesized in a qualitative nar-
rative way utilizing straightforward subject summation, comparative subgroups, and
thematic analysis. The studies were classified according to the proposed taxonomy
dimensions, allowing structured analysis and comparison of algorithms, noise mod-
els, and benchmark classes. The findings of this analysis are the foundation for the
comparative tables, taxonomy figures and gap identification as presented below.

A structured data extraction form was designed to capture relevant information
from each selected study. Extracted data were synthesized using qualitative and quan-
titative methods. Cross-study comparisons were conducted using the (Table 3). This
systematic approach ensures that the review provides a comprehensive and unbiased
assessment of quantum optimization beyond toy benchmarks.

The methodological quality of the selected publications was thoroughly evaluated
based on a predefined scorecard assessing problem clearness, benchmark realism, noise
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Table 3 Extracted attributes from selected quantum optimization studies

Attribute Observed Values
Algorithm type QAOA, VQE, QA, EA-QC, Bayesian QAOA
Hardware used IBM, Rigetti, IonQ, D-Wave, simulators
Noise model Depolarizing, readout, crosstalk
Error mitigation DD, ZNE, pulse optimization
Problem class Max-Cut, SVP, TSP, portfolio
Benchmark type Toy / Hard / Real-world
Dataset Synthetic, finance, energy
Evaluation mode Hardware / simulator
Encoding method QUBO, PUBO, CQM
Optimizer COBYLA, SPSA, Bayesian optimization
Scalability test Qubit / variable growth
Reporting quality Partial / complete
Baseline used Classical heuristics, tensor networks
Hardware control Default / pulse-level
Integration level HPC / standalone
Multi-objective Yes / No
Constraint handling Penalty / native
Reproducibility Open / partial
Cost model Reported / missing

model availability, scalability and reproducibility. For each of the criteria, a three-
point scale (ranging from 0 to 2) was used to maintain consistency, objectivity and
transparency when assessing the strength of the reviewed evidence shown in table 4.

Vague problem definition
Toy instances without disclosure

Encoding and overhead disclosed
Qubit, depth, penalty costs

Explicit problem formulation
Real vs synthetic stated

Weak or outdated baselines
Single-metric evaluation

QUBO encoding without overhead
No qubit or penalty reporting

Strong classical baselines
Multi-metric, statistical analysis

Poor Reporting Good Reporting

Fig. 2 Illustrative comparison of poor versus good reporting practices in quantum optimization
studies

Figure 2 provides an illustrative comparison between poor and good reporting
practices in quantum optimization studies. On the left, poor reporting is characterized
by vague problem definitions, toy instances without proper disclosure, and incomplete

10



Table 4 Quality Assessment (QA) rubric used to evaluate the rigor and reliability of quantum
optimization studies.

QA ID Assessment Criterion Scoring

QA1 Problem clearly defined (objective, constraints,
problem class explicitly stated)

0 = No, 1 = Partial, 2 = Clear

QA2 Problem scale reported (original size + post-
encoding size)

0 = No, 1 = Partial, 2 = Full

QA3 Algorithm and encoding fully described (repro-
ducible formulation)

0 = No, 1 = Partial, 2 = Full

QA4 Hardware / simulator details reported (backend,
noise model, calibration)

0 = No, 1 = Partial, 2 = Full

QA5 Noise treatment addressed (noise model, mitiga-
tion, or resilience by design)

0 = No, 1 = Aware, 2 = Mit-
igated

QA6 Baseline comparison included and fairly config-
ured

0 = Weak, 1 = Reasonable, 2
= Strong

QA7 Evaluation metrics comprehensive (quality + cost
+ variance)

0 = Single metric, 1 = Lim-
ited, 2 = Multi-metric

QA8 Scalability evidence provided (trend, asymptotic,
or large instance)

0 = None, 1 = Limited, 2 =
Clear

QA9 Reproducibility enabled (code, seeds, configs avail-
able)

0 = No, 1 = Partial, 2 = Full

QA Total Maximum Score 18

details on QUBO encoding, qubits, and penalty reporting. Furthermore, weak or out-
dated baselines and the use of single-metric evaluation are common in studies with
poor reporting. On the right, good reporting practices emphasize explicit problem
formulation, the distinction between real and synthetic datasets, and the full disclo-
sure of encoding and overhead costs, including qubit, depth, and penalty costs. Strong
classical baselines and a multi-metric statistical analysis are also key components for
high-quality reporting in quantum optimization research. This comparison provides an
example of how transparency and rigor could be enhanced in quantum optimization
research.

4 Results and Synthesis

4.1 Temporal and Topical Trends

In this subsection, we study the temporal trends of the number of studies in recent
years and identify the key topics that have emerged within the field of study. From 2019
to 2025, the overall number of studies has also seen a dramatic increase, indicating
that research on this area is attracting more interest. The trend does over time show a
regular increase, with particularly large jumps in 2023 and 2025. This trend should be
better over the temporal scaling, meaning that the field has been receiving more and
more attention, possibly driven by changes in research needs, technology developments
or societal priorities.

Most of the studies concerning subject trends, look to focus on a few topics that
are popular for some years. The sudden increase in the number of studies post 2022
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however may suggest that those issues became more prevalent. Therefore researchers
have been more involved with those topics. By comparing the data on topical trends
with the temporal pattern, it is possible to gain some valuable insights into how various
concepts have evolved over time in this field. And reveal where the gaps are in current
research and suggest areas for future investigation. The temporal trends observed in
the number of studies from 2019 to 2025 are summarized in Table 3

Fig. 3 Temporal Distribution of Studies from 2019 to 2025

4.2 Taxonomy of Quantum Optimization Beyond Toy
Benchmarks

In this subsection, we explore the taxonomy of quantum optimization, categorizing
it into three major dimensions: Noise, Algorithms, and Benchmarks. This classifica-
tion goes beyond toy benchmarks and attempts to structure the various factors and
components that influence the development and effectiveness of quantum optimization
techniques.

• Noise: Quantum algorithms are often limited by noise, a feature that is present in
quantum systems. Several kinds of noise such as readout errors, gate errors, crosstalk
decoherence (T1/T2), deteriorate the precision and accuracy of quantum operations
[37] [38] [39]. To counteract these challenges, noise mitigation and design tech-
niques, including noise-aware design and mitigation strategies, are employed [40].
State Preparation and Measurement Errors (SPAM) occur during the preparation
and measurement phases of quantum algorithms and can significantly impact the
accuracy of results [41]. Effective noise management is critical for scaling quantum
optimization algorithms beyond toy problems and for achieving practical real-world
solutions.

• Algorithms: Quantum optimization is powered by several distinct algorithmic
approaches. Notable among these are
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– Quantum Annealing: A quantum computational method for optimization
problems seeking the minimum energy configuration [25].

– Variational Quantum Algorithms (VQAs): These types of algorithms merge
classical optimizers and quantum resources for tackling optimization problems.
Some of the most important methods include the Variational Quantum Eigen-
solver (VQE) and Quantum Approximate Optimization Algorithm (QAOA)
[42].

• Benchmarks: Benchmarking quantum optimization is crucial for assessing the
algorithm’s performance across various scales:

– Toy Benchmarks: These are small-scale models used to test basic optimization
tasks, helping researchers understand algorithmic behavior and identify potential
improvements.

– Real Benchmarks: These focus on large-scale, real-world applications and
application domains such as energy, finance, and telecommunications, which are
illustrative rather than exhaustive examples of potential real-world optimization
settings.

– Scaled Benchmarks: This category involves problems scaled by factors such as
the number of variables, qubits, circuit depth, runtime, or approximation ratios
to better represent real-world complexity.

The taxonomy presented in this section helps in understanding the different factors
that contribute to quantum optimization, highlighting areas where research is focused
on overcoming noise challenges, refining algorithmic approaches, and testing them in
increasingly complex benchmarks. The detailed taxonomy figure 4 provides a visual
summary of these key elements. The diagram below offers a comprehensive look at
the interrelations among Noise, Algorithms, and Benchmarks, allowing for a deeper
understanding of the current landscape of quantum optimization beyond simple toy
problems.

Fig. 4 Taxonomy of Quantum Optimization Beyond Toy Benchmarks
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4.3 Classification by Algorithmic Approach

Quantum optimization is studied within the considered corpus of work using a wide
variety of algorithmic paradigms, each corresponding to distinct assumptions regarding
controllability, noise immunity and scaling in the NISQ regime [43] [44]. The following
subsection seeks to categorize the reviewed studies according to their underlying algo-
rithmic strategy and to compare and contrast their common usages, claimed benefits
and potential methodological weaknesses.

The gate-based variational approaches, in particular the QAOA and related VQAs,
represent the predominant class of methods in the reviewed works [45] [46]. These
algorithms intersperse parameterized quantum circuits with classical optimizers to
iteratively minimize a problem-dependent cost function [47] [48]. The majority of
studies using gate-based techniques have considered low circuit depths due to con-
straints on NISQ hardware [49]. Shallow-depth realizations suppress decoherence and
gate error accumulation but restrict expressivity, and performance plateaus with the
increasing problem size or complexity. Gate-based methods are usually tested on
small- and medium-sized combinatorial optimization problems in idealized or, at best,
noise-adapted simulations [50] [51].

Quantum annealing stands as a unique optimization paradigm, which encodes
problems into Ising Hamiltonians and applies analogue quantum dynamics to locate
low-energy solutions [1] [52]. In the corpus, annealing methods continue to be pri-
marily used for combinatorial optimization with QUBO or Ising problems. One of the
strengths of such annealing approaches is the fact that they can tackle bigger nominal
problems than gate-model devices [53].

Hybrid quantum-classical algorithms have become a practical solution to the chal-
lenges faced by existing quantum technologies [54]. They combine the QC subsystem,
like variational circuits or annealing steps with more extensive classical optimiza-
tion flows as shown in Fig. 5. Classical components solve problem decomposition,
preprocessing, or constraint handling (post-optimization refinement) in the tested
studies and quantum components solve a restricted subproblem (for instance, provid-
ing heuristic guidance) [55] [56]. This sharing of tasks helps in making the system
more robust against noise and opens possibilities for running experiments on larger
problem instances. But hybrid approaches make it difficult for you to assign blame. A
number of the works demonstrate enhancement over classical baselines, but without
a well-defined definition for the quantum component [57].

Table 5 provides a summary and a comparison among some quantum optimization
algorithms (with also details of the main typical use cases and known limitations).
It contains well-known algorithms such as the Quantum Approximate Optimiza-
tion Algorithm (QAOA), Variational Quantum Eigensolver (VQE), and Quantum
Annealing (QA) among others. We provide a brief description of the respective fields
of applications: combinatorial optimization, molecular optimization, and large-scale
QUBO optimization, underlining their potentiality to tackle real-world problems in
different contexts such as financials, logistics, and scheduling. The table also gives an
idea about the weaknesses of their algorithms in terms of scaled benchmark.

Figure 5 depicts the general procedure for runtime variational quantum opti-
mization workflow, consisting of a fixed-problem encoding and iterative parameter
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optimization. The problem is then encoded to a quantum cost representation (such as
QUBO or Ising), for which the parameterized quantum circuit ansatz is created. The
circuit is compiled down and executed on a quantum device or simulator, potentially
including error mitigation methods. Measurement results are fed to a classical opti-
mizer that performs parameter updates. If this stopping criterion is not satisfied, then
the optimized parameters are returned to the circuit, enabling a closed-loop hybrid
quantum–classical optimization workflow. Hybrid quantum-classical methods are con-
sidered as a workflow pattern throughout this work and not as an isolated algorithmic
class. More precisely, the name denotes optimization pipelines that include quantum
subroutines as part of a classical control loop or pre/postprocessing heuristics.

Table 5: Comparison of quantum optimization algorithms

Study Algorithm Typical Use Case Key Limitations
[16,
24, 34,
58–60]

Quantum Approxi-
mate Optimization
Algorithm (QAOA)

Combinatorial opti-
mization (Max-Cut,
MIS, TSP, scheduling)

Noise sensitivity;
parameter scaling;
QUBO overhead

[4, 9,
15, 22,
26, 61]

Variational Quantum
Eigensolver (VQE)

Molecular optimiza-
tion and variational
formulations

Circuit depth growth;
classical optimization
cost

[20,
62]

Fixed-Angle / Shallow
QAOA

Noise-aware optimiza-
tion on NISQ devices

Reduced expressibility

[15,
60]

Noise-Mitigation-
Enhanced
VQAs

Accuracy improvement
under hardware noise

High sampling over-
head; limited scalabil-
ity

[12,
63]

Constraint-Preserving
VQAs

Optimization with
strict feasibility
constraints

Problem-specific
design; limited
portability

[13,
25]

Quantum Annealing
(QA)

Large-scale QUBO
optimization (finance,
logistics, MIMO)

Restricted to
Ising/QUBO; analog
noise

[6, 64] Hybrid Quantum
Annealing Workflows

Industry-oriented opti-
mization with classical
preprocessing

Vendor dependence;
tuning complexity

[5, 65] Coherent / Analog
Ising Machines (CIM)

Industrial Ising opti-
mization (energy
systems, unit
commitment)

Non-universal; special-
purpose hardware

[66,
67]

Hybrid Quantum–
Classical
Optimization

Real-world opti-
mization via
decomposition

Classical overhead
dominates runtime

[68] Distributed Quantum
Optimization (Multi-
QPU)

Scaling variational
optimization beyond
single QPU

Communication noise
and latency

Continued on next page
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Table 5 – continued from previous page
Study Algorithm Typical Use Case Key Limitations
[69,
70]

Evolutionary Algo-
rithms with Quantum
Operators

NP-hard problems
(TSP, scheduling)

Marginal quantum
advantage at small
scales

[71,
72]

Grover-Based Search Exact or approxi-
mate solutions to
NP-complete problems

Extremely fragile
under noise

[73–
76]

Quantum Neural Net-
works (QNNs)

Optimization-inspired
learning and decision
tasks

Barren plateaus; noise
sensitivity

[77] Quantum Support
Vector Machine
(QSVM)

Kernel-based classifi-
cation in optimization
pipelines

Quantum advantage
degrades under noise

[78,
79]

Fault-Tolerant
Optimization
Algorithms

Logical-level optimiza-
tion and cryptography

Require millions of
physical qubits

[1, 24] Higher-Order (PUBO
/ HOBO) QAOA

Reduced qubit count
via expressive encod-
ings

Higher circuit depth;
measurement cost

[80] Tensor-Network-
Assisted Quantum
Optimization

Structured polynomial
optimization problems

High classical compu-
tational overhead

Problem
(Objective & Constraints)

Quantum Execution
(Shots on device/sim)

Encoding
(QUBO/PUBO/Ising/CQM)

Ansatz / Circuit
Design (θ)

Measure
(Cost / Samples)

Compile & Map
(Topology-aware)

Stop? 
(Convergence OR Budget

Exhausted)

Optional: Error Mitigation
(DD/ZNE/Readout)

Classical Optimizer
(Update parameters)

Yes NO (update θ)

Domain Problem
(real constraints)

Mathematical Model
(variables, objective)

Feasibility & Scaling
(qubits, terms)

Variable Mapping (Binary /
One-hot / Gray)Problem Reformulation

(discretization, relaxation,
reduction)

Quantum Encoding
(QUBO/PUBO/Ising/CQM)

Constraints Handling
Penalty / Native / Preserving

Circuit-ready Form
(Hamiltonian / Cost)

Report Encoding
(assumptions, overheads)

Classical Baseline
(MILP / CP-SAT / SA)

Variational Optimization Loop

Fig. 5 Hybrid quantum–classical workflow for NISQ-era quantum optimization
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4.4 Classification by Hardware and Noise Model

4.4.1 Simulator-based Studies

Many studies rely on noise-free or noisy simulators to evaluate algorithmic behavior.
Simulations are, however, commonly known to better perform in comparison to the
actual hardware. Noise models usually incorporated depolarizing noise, readout errors,
and crosstalk estimates. However simulator has quite low fidelity compared to real
device behavior [40] [26] [20] [22] [81].

4.4.2 Real NISQ Hardware Experiments

Experiments are carried out on IBM, Rigetti, IonQ, and D-Wave machines. These
experiments offer realistic insight into the performance, subject to restrictions in
qubit numbers, connectivity, and calibration variation. Hardware experiments typi-
cally exhibit worse solution qualities than simulations, due to the introduced noise
and compilation overhead [31] [32] [61].

4.4.3 Noise-aware vs Noise-agnostic Approaches

Noise-independent works are based on the case of perfect implementation and neglect
hardware noise. In contrast, noise-aware approaches incorporate:

• Error-mitigation procedures (ZNE, dynamical decoupling),
• Noise-adaptive parameter tuning,
• Compilation-aware circuit optimization.

The noise-aware designs consistently outperform the noise-agnostic counterparts
on real hardware, validating the importance of hardware-adaptive optimization [82]
[83] [84] [85].

4.5 Encoding Strategies and Problem Mapping

Encoding the problem is the most important interface between an abstract optimiza-
tion model and an implementable quantum program. In the NISQ era, therefore, the
choice of encoding strategy directly impacts scaled benchmark optimization beyond
toy benchmarks [86] [87] [88]. This subsection consolidates encoding techniques found
in the SLR corpus and discusses their consequences with respect to problem realism
and experimental veracity.

4.5.1 Problem Reformulation and Discretization

Unfortunately, most of the optimization problems encountered in practice are not
defined in quantum-compatible expressions. Therefore, the reviewed literature often
starts with problem reformulation, which can include the discretization of continuous
variables, the relaxation of hard constraints, or a reduction to canonical optimization
representations [89]. Although these reformulations allow for a quantum implemen-
tation, they generally lead to either approximation errors or exponential blowup of
the problem size. There are a few studies that recognize that the granularity of dis-
cretization is in fact a trade-off that exists between solution accuracy and hardware
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practicality. The downside of this trade-off is seldom studied in a systematic way,
which makes it hard to interpret advances that are claimed.

4.5.2 QUBO and Ising Encodings

The encoding landscape is dominated by Quadratic Unconstrained Binary Optimiza-
tion (QUBO) and Ising model formulations, as both are directly compatible to be
solved on gate-based variational algorithms or quantum annealers [60]. These encod-
ings offer a common mathematical language but often need to add auxiliary variables
for higher-order terms or constraints. The literature surveyed indicates that the
QUBO/Ising encoding may require significant qubit overhead, particularly for con-
strained or structured problems [90] [2]. Furthermore, tuneability of the successive
penalty parameter is a common issue, and various studies have reported sensitiv-
ity towards penalty weights, which may severely influence solution quality as well as
convergence characteristics [91].

4.5.3 Constraint Handling Strategies

Handling constraints is a major difference between toy benchmarks and real-life opti-
mization problems. Over the SLR corpus, trade-offs are handled through penalization
(also through slack terms or classical preprocessing hybrid). Penalty-based encoding is
still the most popular because it is easy to implement, but the noise sensitivity and the
ruggedness of the energy landscape are amplified [92]. Mixed approaches, where con-
straint satisfaction is shifted to classical solvers before a quantum optimization step,
lead to slightly better stability at the expense of transparency between the two contri-
butions. This tension emphasizes the necessity of constraint-aware quantum encodings
of higher principles.

4.5.4 Encoding Pipeline and Execution Flow

The basic encoding process, as reported by the reviewed studies, was described in
Figure 6. It is not just a linear development but the mapping between classical and
quantum variables, and handling constraints can be fed directly to quantum encoding
stage as well as refined by feedback from classical evaluation in multiple rounds of
feedback influencing reformulation choice.

This pipeline serves to highlight that encoding decisions are not just technical
details but key design choices with a formative impact on the results of one’s experi-
ments. Research that more directly traces this pipeline is also more easily reproduced
and interpretable.

Figure 5 illustrates the iterative runtime interaction between classical optimization
routines and quantum executions, whereas Figure 6 focuses on the offline problem
formulation and encoding pipeline that precedes any algorithmic execution.

4.5.5 Comparative Analysis of Encoding Strategies

Table 6 presents a comparison of different types of encoding in the context of quan-
tum optimization. Encoding plays a vital role in transcribing classical problems to
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Problem
(Objective & Constraints)

Quantum Execution
(Shots on device/sim)

Encoding
(QUBO/PUBO/Ising/CQM)

Ansatz / Circuit
Design (θ)

Measure
(Cost / Samples)

Compile & Map
(Topology-aware)

Stop? 
(Convergence OR Budget

Exhausted)

Optional: Error Mitigation
(DD/ZNE/Readout)

Classical Optimizer
(Update parameters)

Yes NO (update θ)

Domain Problem
(real constraints)

Mathematical Model
(variables, objective)

Feasibility & Scaling
(qubits, terms)

Variable Mapping (Binary /
One-hot / Gray)Problem Reformulation

(discretization, relaxation,
reduction)

Quantum Encoding
(QUBO/PUBO/Ising/CQM)

Constraints Handling
Penalty / Native / Preserving

Circuit-ready Form
(Hamiltonian / Cost)

Report Encoding
(assumptions, overheads)

Classical Baseline
(MILP / CP-SAT / SA)

Variational Optimization Loop

Fig. 6 Encoding pipeline for quantum optimization beyond toy benchmarks

quantum devices, impacting the performance and scalability of the quantum optimiza-
tion algorithms. Various encoding methods and their characteristics, advantages and
disadvantages are summarized in the following table. We hope to shed some light on
these strategies and their associated advantages, trade-offs and how they respond to
different quantum optimization problems.

Table 6: Encoding strategies for quantum optimization

Study Encoding
Strategy

Description Advantages Limitations
/
Trade-offs

Used In

[6, 13,
16, 25,
58–60]

QUBO /
Ising

Quadratic
uncon-
strained
binary opti-
mization
mapped to
Ising Hamil-
tonians

Compatible
with most
NISQ
devices and
anneal-
ers; mature
tooling

High qubit
and con-
straint
overhead;
scalability
limits

QAOA,
QA, hybrid
annealing

[1, 24,
34]

Higher-
Order
Binary Opti-
mization
(PUBO /
HOBO)

Direct
encoding
of higher-
order cost
functions

Lower qubit
count;
preserves
structure

Deeper
circuits;
complex
measure-
ments

HOBO-
QAOA,
polynomial
optimization

Continued on next page
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Table 6 – continued from previous page
Study Encoding

Strategy
Description Advantages Limitations

/
Trade-offs

Used In

[12,
63]

Constraint-
Preserving
Encoding

Feasibility
encoded
directly into
ansatz or
Hamiltonian

Eliminates
penalties;
guarantees
feasibility

Problem-
specific;
limited
generality

Routing,
scheduling

[73–
76]

Angle / Fea-
ture Map
Encoding

Real-valued
features
mapped to
rotation
angles

Compact;
efficient for
ML-style
optimization

Noise sen-
sitivity;
limited
expressibil-
ity

QNNs,
QSVM

[93] Graph-
Based
Encoding

Graph
embeddings
tailored to
hardware
topology

Reduced
SWAP
overhead;
hardware-
aware

Topology-
dependent;
poor
portability

Graph
QAOA

[8, 65] Physical /
Analog Ising
Encoding

Variables
mapped to
physical
degrees of
freedom

Noise-
tolerant;
naturally
scalable

Non-
universal;
limited
flexibility

CIMs,
photonic
solvers

[69,
70]

Hybrid
Classical–
Quantum
Encoding

Problem
decomposed
into clas-
sical and
quantum
parts

Scales to
real-world
instances

Classical
prepro-
cessing
dominates
runtime

Hybrid TSP

[66,
68]

Distributed
Encoding

Problem
partitioned
across
multiple
QPUs

Scales
beyond
single-device
limits

Communication
noise;
orches-
tration
cost

Distributed
QAOA

[79,
94]

Logical
/ Fault-
Tolerant
Encoding

Encoded at
logical qubit
level

Asymptotic
noise
robustness

Infeasible on
near-term
hardware

FT
optimization

[80] Tensor-
Network
Encoding

Mapped
to tensor-
network
structures

Efficient cor-
relation cap-
ture

High classi-
cal computa-
tional cost

Tensor-
QAOA
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4.6 Comparative Analysis Across Studies

Table 7 8 9 provides a comparison of several quantum optimization works, discussing
main performances characteristics, hardware configurations and problems-solving
techniques. The table categorizes and arranges the studies according to problem,
encoding approach, baseline methodology, and related hardware employed. In addition,
we show the particular metrics tested for in each work, like cost function, accuracy, low
power (LP), and speed computation, to give an overall picture of the variety of methods
developed so far. This comparison involves studies using various quantum algorithms
such as QAOA, QNN, and VQE and experiments with simulators or real quantum
devices. In a nutshell, the table provides valuable information for both strengths and
limitations of different classes of quantum optimization algorithms across different
areas, from small-molecule-scale to network-based large-scale problems.

The overall synthesis across the three comparison dimensions shows that it is the
methodological choices rather than the novelty of the algorithm that have a significant
impact on reported performance. If studies involve realistic encoding-based noise-aware
evaluation and strong baselines, one often observes a more conservative but solid result.
On the other hand, optimistic statements often accompany unrealistic assumptions
and little to no benchmarking stringency. This integrative scoping review serves as the
empirical basis for identifying research needs and formulating pragmatic directions of
future research, which are outlined in the next section.
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4.7 Classification by Benchmark Type

Benchmark selection plays a central role in shaping the interpretation and general-
izability of results in quantum optimization research. In the studies reviewed, the
literature surveys show that the choice of benchmarks shapes not only enacted perfor-
mance results, but it also embodies assumptions about scalability, noise tolerance, and
applicability. This subsection classifies the benchmarks employed in the SLR corpus
and analyses how the realism of the benchmark influences methodological strength
and comparative credibility.

4.7.1 Toy vs. Beyond Toy Benchmarks

Many papers still rely on toy benchmarks, like small Max-Cut instances, randomly
generated QUBO problems, or low-dimensional synthetic data sets [24][97]. They are
appealing because they are easy to understand, analytically tractable, and run on sim-
ulators or even limited hardware illusions. Accordingly, toy problems have served as a
useful mechanism for algorithm development and methodology investigation. Nonethe-
less, statistical comparison shows that many overrely on benchmarks and hence lack
external validity in their claimed performance. Toy domains typically don’t have real
constraint structures, diverse costs, and the scaling behavior that is found in actual
optimization problems [53]. Further, as they are relatively small, classical solvers can
easily find near-optimal solutions with a fully exhaustive search, making the reported
quantum speedups less relevant.

In contrast, benchmarks that move beyond toy settings—including scaled synthetic
instances and application-inspired problems—introduce additional complexity through
larger problem sizes, structured constraints, and noise sensitivity [98]. Indeed, experi-
ments with such benchmarks tend to result in more cautious performance reports but
provide stronger evidence about practical feasibility. Of particular relevance to the
work described here, beyond-toy simulations often require hybrid quantum–classical
algorithms that typically combine advanced encoding techniques and measurement-
level noise-aware simulations. The review also suggests that the move from toy to
beyond-toy benchmarks is somewhat lopsided among algorithmic paradigms. However,
current gate-based variational methods are mostly evaluated on toy or weakly scaled
instances, while hybrid and annealing-based approaches often interact with structured
benchmarks [99] [46]. This imbalance highlights the importance of greater usage of
beyond-toy benchmarks across all algorithmic classes. In total, the dichotomy of toy
versus beyond-toy benchmarks is a key dimension along which to evaluate the state of
maturity and trustworthiness of quantum optimization research. Advancing towards
realistic benchmarking is important for bridging the gap between theoretical promise
and practical usability in the NISQ era.

Table 10 summarizes the ”toy vs. beyond-toy” benchmarks that appear in quantum
optimization research. It classifies various studies according to the size of instances,
having realistic constraints (or not) and hardware/noise evaluation. The table dif-
ferentiates small-scale problems, which are mostly based on synthetic data sets and
idealized models, from large-scale ones with real-world challenges involving hard con-
straints and hardware considerations. Works with quantum simulators or real quantum
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processors are compared considering their evaluation of noise and use of error miti-
gation tools. The table evidences the evolution of quantum optimization computation
from toy problems (small instances with few constraints) to large-scale, real-world
applications, showing the growing complexity and inclusion of noise-aware protocols
and error mitigation techniques in deployed quantum hardware.

Table 10 Toy vs. Beyond-Toy Benchmarks in Quantum Optimization

Study Instance Size
Threshold

Presence of Real-
istic Constraints/-
Datasets

Hardware/Noise Evalua-
tion

[11],
[14],
[43]

Small (≤ 50 vari-
ables/qubits)

Synthetic datasets,
idealized problems

Simulated, no hardware or
noise evaluation

[46],
[77],
[86]

Small (≤ 50 qubits) No constraints or ideal-
ized constraints

Simulated models only, no
noise mitigation

[40],
[74]

Small to medium (≤ 50
qubits)

No hard constraints Simulated, no noise considera-
tions

[61],
[65],
[66]

Medium to large (≥
100 qubits)

Real-world constraints
(e.g., resource limits)

Evaluated on real quantum
hardware (IBM QPU, D-
Wave) with noise model

[68],
[76]

Medium to large (≥
100 variables)

Hard constraints (bud-
get, resource alloca-
tion)

Hardware-based testing, noise
mitigation techniques included

[15],
[20],
[59],
[100]

Large (≥ 100 qubits) Real datasets from
industry or academia
(e.g., finance, logistics)

Tested on quantum hardware,
noise-aware evaluation

[9],
[25],
[28]

Large to very large (≥
100 qubits)

Real-world datasets,
industry-standard con-
straints

Hardware evaluation with
error mitigation and noise
management

[6],
[12],
[13]

Very large (≥ 100
qubits)

Real-world complex
problems with hard
constraints

Extensive hardware testing,
noise-aware protocols, scalable
to large instances

4.8 Evaluation Metrics and Benchmarking

Benchmarking quantum optimization algorithms in the NISQ era is heavily dependent
on the choice of performance metrics and benchmark protocols. In contrast to classical
optimization, where uniform metrics and benchmark suites are well accepted now,
the literature covered varies significantly in terms of performance measurements and
reporting and interpreting results.

There is a large variety of metrics used for good performance in the reviewed stud-
ies. The common objectives are quality of the solution (such as approximation ratio
or optimality gap), success probability, average energy value, and runtime or circuit
depth in scaled benchmark [101]. In hardware experiments, other metrics such as the
shot count, the execution time or the error rates are sometimes provided. Benchmark-
ing methodologies are highly disparate in the literature. Toy benchmarks and instances
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generated at random are still highly prevalent, especially for simulation-based research.
Although these benchmark problems allow for controlled experimentation, they are
standardly structurally simple to be representative of real-world optimization. Clas-
sical baselines are included inconsistently. Some also compare quantum algorithms to
classical state-of-the-art heuristics, while some use very basic baselines or do not even
consider a classical comparison. Lack of strong classical baselines undermines the inter-
pretability of observed enhancement and complicates interpretation of true quantum
contribution [81]. There is an important difference between noise-aware and idealized
evaluation methods. Noise-aware works explicitly include hardware noise models, error
mitigation protocols, or runs on actual NISQ machines [102] [100]. Contrary, idealized
evaluations consider noise-free or simplified error models.

The choice of classical baseline is crucial for shaping the achieved performance
improvement. Comparing weak or non-competitive classical heuristics can significantly
inflate a claimed quantum advantage, while the best-known classical solvers might be
able to obtain comparable or better results. Therefore, any claims of advantage or
efficiency should be taken in the context of how impressive the baseline being compared
to is and a rigorous comparison with classical optimization techniques.

Table 11 summarizes the key performance metrics commonly used in quantum
optimization studies, categorized into five main areas: solution quality, computational
cost, hardware efficiency, Robustness, and scalability. The table tabulates other met-
rics like approximation ratio, energy error, number of shots, circuit depth fidelity,
and problem size along with a brief description and the typical usage in areas like
quantum optimization. Those metrics are essential to assess the performance of quan-
tum optimization algorithms and hence their fitness for various application contexts,
such as combinatorial optimization, scheduling, facility location, or quantum chem-
istry. Sample studies for each type of metric are also given to illustrate their utility in
the quantum optimization landscape. This extensive comparison is intended as a road
map for furthering quantum algorithms with the specific aspiration to optimize based
on such parameters.

Table 11: Performance metrics used in quantum optimization
studies.

Category Metric Description Used For Representative
Studies

Solution
Quality

Approximation
ratio

Ratio between
obtained and
optimal solution

QAOA, QA Max-Cut; portfolio
optimization

Energy error Deviation from
ground-state
energy

VQE, QAOA Quantum chem-
istry; Ising
models

Objective
value

Final cost-function
value

QUBO /
PUBO

Scheduling; routing

Continued on next page
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Table 11 continued from previous page

Category Metric Description Used For Representative
Studies

Constraint
violation
rate

Fraction of infeasi-
ble solutions

Constrained
optimization

Facility location;
finance

Computational
Cost

Number of
shots

Circuit execution
count

Hardware
experiments

NISQ studies

Wall-clock
runtime

End-to-end execu-
tion time

Hybrid
workflows

HPC–QC integra-
tion

Classical
optimizer
calls

Number of
optimization
iterations

Variational
algorithms

QAOA; VQE

Hardware
Efficiency

Circuit
depth

Number of gate lay-
ers

Noise sensi-
tivity analy-
sis

Hardware
benchmarks

CNOT /
SWAP count

Two-qubit gate
overhead

Compilation
analysis

Mapping optimiza-
tion

Qubit count Number of active
qubits

Scalability
analysis

Clique; SVP

Robustness Fidelity Correctness of
quantum state

Error mitiga-
tion

Dynamical decou-
pling

Success
probability

Probability of cor-
rect outcome

Search and
annealing

Grover; QA

Output vari-
ance

Stability across
repeated runs

Noisy execu-
tion

NISQ hardware

Scalability Problem size Number of decision
variables

Benchmarking TSP; Max-Cut

Qubit
scaling

Growth of qubits
with problem size

EFTQC
analysis

Large circuits

Compilation
time

Preprocessing over-
head

Compiler
evaluation

QAOA compilers

5 Discussion and Future Research Directions

A dominant gap across the literature is the continued reliance on toy or weakly
scaled synthetic benchmarks. Although they provide a suitable platform for extensive
experimentation, these benchmarks do not capture the structural richness, diverse
constraints, and sensitivity to noise of real-life optimization problems. Furthermore,
due to the lack of a set of standard benchmark suites, it is not easy to compare dif-
ferent approaches across studies. Noise and the importance of its modelling Despite
noise directly being part of the NISQ regime, it is ignored or oversimplified in many
reviewed works. This discrepancy between assumptions made in evaluation and real

28



hardware behavior introduces overly optimistic performance claims that do not hold
for practical devices. The problem of encoding becomes a major barrier for the scal-
ability of quantum optimization. To the contrary, many investigations underestimate
qubit overhead, penalty parameter sensitivity and constraint-driven landscape distor-
tion. Constraint handling is often treated as an implementation detail rather than
a core research challenge. Hybrid quantum–classical approaches are more commonly
deployed, but the performance gains reported on them often rely on classical prepro-
cessing or postprocessing modifications. In a lot of cases, the marginal gain from the
quantum element is unknown or unmeasured.

The community could benefit from the creation of open, standardized, and
application-driven benchmark repositories with reference to classical baselines and
well-established evaluation protocols. It would be desirable for future works to employ
hardware-compatible noise models, provide calibration details of the used device,
and test robustness under different levels of noise. Simulator-to-hardware benchmark-
ing should become part of common practice. Constraint-aware and resource-effective
encoding schemes are necessary, which directly trade off expressivity, qubit cost, and
noise resilience. There is a dearth of comparative studies that examine encoding trade-
offs among different classes of problems. Transparency in performance attribution
whilst highlighting the contribution of quantum subroutines should be given priority
in future work, including ablation studies. Accurate representation of classical and
quantum computational difficulty is crucial to soundly assessing performance. The
roadmap outlined in this section targets improvements in methodological rigor, bench-
marking realism, and evaluation maturity, rather than near-term claims of quantum
advantage.

Table 12 summarizes the map from identified research gaps in quantum opti-
mization to associated future research directions and expected impacts. These gaps
are classified into different research areas like standard benchmarks, multi-objective
optimization and noise handling in the table. Each gap is coupled with a forward-
looking proposal, including the creation of open benchmark suites, the development
of Pareto-aware quantum solvers and the standardization of APIs for quantum com-
puting accelerators. The anticipated effects of these directions are discussed as well,
drawing again the importance not only towards solution quality but also robustness,
scalability and fair comparisons. This mapping serves as a road map for address-
ing current challenges in quantum optimization, promoting large-scale adoption, and
advancing the field toward more effective and reliable solutions.

Filling this gap is crucial in taking quantum optimization from adventurous demon-
strations to work of practical relevance with a sound scientific basis. If algorithmic
innovation, realistic benchmarking and transparent reporting are successfully aligned
in future work, the extent to which quantum methods deliver advantages for hard
optimization problems within NISQ constraints can be more credibly assessed.

6 Threats to Validity

This section discusses potential threats that may affect the validity of the findings
reported in this systematic review.
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Table 12 Mapping of research gaps to future research directions

Gap
ID

Research Gap Future Research Direction Expected
Impact

G1 Lack of standardized hard
benchmarks

Create open benchmark suites
with noise profiles

Comparable evalu-
ation

G2 Missing full cost models Define cost-per-solution metrics Realistic perfor-
mance claims

G3 Fragmented noise handling Unified noise-aware optimization
stacks

Robust perfor-
mance

G4 No co-design of compila-
tion and tuning

Joint compiler-optimizer frame-
works

Higher solution
quality

G5 Limited multi-objective
optimization

Develop Pareto-aware quantum
solvers

Industrial rele-
vance

G6 Weak baseline comparisons Mandatory quantum-inspired
baselines

Fair advantage
claims

G7 Poor HPC integration Standard QC accelerator APIs Large-scale adop-
tion

G8 Underreported control
effects

Open calibration datasets Reproducibility

G9 Weak NISQ to FTQC
transition path

EFTQC readiness levels Roadmap to scal-
ing

G10 Encoding sensitivity
ignored

Encoding benchmarking protocols Fair comparisons

6.1 Selection Bias

Bias of selection itself may be introduced from digital libraries used, search strings
applied and inclusion criteria. Despite the use of several large databases (ACM, IEEE,
SpringerLink, ScienceDirect, arXiv and Google Scholar), it is likely that relevant stud-
ies were not included due to variations in indexation or terminology as well as access
issues. We thus used:

• Broad keyword combinations,
• Boolean search operators,
• Backward and forward snowballing.

However, the final set of selected papers may not represent the complete body of
existing research.

6.2 Publication Bias

Publication bias is a recognized issue in systematic reviews whereby studies with
positive outcomes are more likely to be published than those showing no or ambigu-
ous results. The claimed speedup in quantum computing (quantum hypothesis) may
therefore be exaggerated. A part of the conflict was mitigated by:

• Including arXiv preprints,
• Based on the results of studies with potential bias or false-negative findings,
• Avoiding venue-based filtering.

30



Nonetheless, unpublished negative findings and industry survey results are not well
represented.

6.3 Reproducibility Concerns

Reproducibility is a major concern in quantum computing research due to:

• Rapidly evolving hardware,
• Calibration-dependent performance,
• Limited availability of source code,
• Incomplete reporting of experimental parameters.

Many studies do not provide sufficient details regarding:

• Qubit layout,
• Noise profiles,
• Shot counts,
• Compilation strategies.

This limits the ability to independently reproduce results and validate claims.

7 Conclusion

This systematic review examined the current status of quantum optimization research
by this community, with particular emphasis on works that go beyond toy benchmarks
and idealized assumptions. An analysis of a number of works allowed us to systematize
the synthesis with algorithmic methodologies, benchmark types, encoding techniques,
hybrid quantum-classical routines, evaluation choices and reproducibility patterns.
Unlike previous surveys that predominantly focus on algorithmic advancement, the
focus of this survey is the methodological settings under which performance gains are
reported and how much such gains carry over to practical NISQ regimes.

Our findings suggest a discrepancy between practice and research: Hybrids and
quantum optimization algorithms are well represented in our collected works, while
simultaneously they appear unevenly considered by prospective evaluation. A large
percentage of papers still depend on small-scale or artificial benchmarks, simplified
noise models, non-robust classical baselines, and incomplete experimental details. The
reproducibility estimation we propose in this work extends the observation that impor-
tant information encoding parameters, optimizer configuration, random seeds, and
code is often not reported all over again (preventing validation by a third party) and
are not commonly available among studies.

The taxonomy and the comparative synthesis synthesized in this review clarify
how benchmark realism, encoding overhead, noise sensitivity, and hybrid execution
interact to influence reported results. Crucially, approaches that use more realistic
baselines and account for the noise in evaluation results often produce conserva-
tive but believable estimates of performance, reiterating how methodology is above
all essential when taking into account isolated performance claims. The identified
research gaps indicate the usefulness of standardized benchmarks and resource-aware
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encoding frameworks, transparent performance attribution in hybrid approaches and
community-driven reproducibility standards.

By consolidating evidence across algorithmic paradigms, encoding strategies,
benchmark types, and evaluation practices, our review establishes a methodology
toward the quantification of quantum optimization research beyond toy benchmarks.
Emphasizing benchmarking realism, reproducibility, and evaluation rigor, the pro-
posed taxonomy and synthesis aim to support more transparent, comparable, and
practically grounded studies, thereby contributing to a more credible assessment of
quantum optimization methods in the NISQ era.
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