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ABSTRACT TheQuantumApproximate Optimization Algorithm (QAOA) is a leading candidate for solving
combinatorial optimization problems on near-term quantum hardware. However, its practical deployment
remains severely limited by hardware-induced noise and decoherence. In the absence of full fault tolerance,
Quantum Error Mitigation (QEM) techniques offer a viable approach to enhance QAOA performance on
noisy intermediate-scale quantum (NISQ) devices. In this work, we present a unified classification of QEM
strategies specifically tailored for QAOA, systematically categorized into preprocessing, during execution,
and post-processing phases. We further classify QAOA deployment settings—such as hardware-constrained
devices, stochastic noise-dominated environments, and dense graphs problem—and recommend appropriate
QEM techniques for each. A comparative analysis highlights the trade-offs among mitigation accuracy,
resource overhead, and robustness to different noise types. By synthesizing recent advances and identifying
open challenges, our paper provides both a comprehensive survey and a practical framework for designing
robust, noise-resilient QAOA pipelines on near-term quantum platforms.

INDEX TERMS Combinatorial optimization, noisy intermediate-scale quantum (NISQ), noise resilience,
quantum approximate optimization algorithm (QAOA), quantum computing, quantum error mitigation
(QEM), variational quantum algorithms (VQAs).

I. INTRODUCTION
The advent of Variational Quantum Algorithms (VQAs)
marks a promising frontier in quantum computing, particu-
larly for the current generation of Noisy Intermediate-Scale
Quantum (NISQ) devices [1]. VQAs operate in a hybrid
quantum–classical fashion, where a parameterized quantum
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circuit is executed on quantum hardware, and a classical opti-
mizer updates the parameters to minimize a problem-specific
cost function [1], [2], [3]. This approach is well-suited
for NISQ systems due to their shallower circuit depth and
tolerance to limited qubit counts [4].

Among the most prominent VQAs is the Quantum
Approximate Optimization Algorithm (QAOA), introduced
by Farhi et al. [5]. QAOA is designed to solve combinatorial
optimization problems [6], [7], such as MaxCut [8] and

216916

 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 13, 2025

https://orcid.org/0009-0009-5907-8869
https://orcid.org/0009-0001-5670-7481
https://orcid.org/0000-0002-7258-0521
https://orcid.org/0009-0008-5240-015X
https://orcid.org/0000-0001-9962-1066
https://orcid.org/0000-0001-7712-2514
https://orcid.org/0000-0003-0360-7919


K. Chiv et al.: Strategies for Noise-Resilient QAOA: A Review and Classification of Error Mitigation

other Quadratic Unconstrained Binary Optimization (QUBO)
instances [9], by alternating between two types of Hamil-
tonians: a cost Hamiltonian that encodes the problem and a
mixer Hamiltonian that promotes exploration of the solution
space [10]. The depth of the circuit, defined by the number of
alternating layers p, controls the expressiveness of the ansatz.
In theory, higher p leads to better approximation quality [11];
however, this also increases the vulnerability to hardware
noise [12].
Despite QAOA’s promise, its effectiveness on real devices

is significantly hindered by decoherence, readout errors,
crosstalk, and other noise sources that plague current
quantum processors [13]. These noise processes distort
the energy landscape, impair parameter optimization, and
degrade the final solution quality. Increasing circuit depth
further exacerbates these issues, creating a trade-off between
algorithmic power and hardware robustness.

To combat this, QEM has emerged as a practical
solution [14]. Unlike Quantum Error Correction (QEC),
which requires significant overhead in the form of ancillary
qubits and fault-tolerant operations, QEM techniques are
lightweight and hardware-compatible. They are especially
suited for NISQ-era applications, offering accuracy improve-
ments without requiring full-blown error correction [15].
A variety of QEM techniques have been proposed—

ranging from ZNE [16] and symmetry verification [17]
to readout error mitigation [18], [19], circuit compilation
[20] and more [14], [21]. However, these techniques are
often studied in isolation and lack a cohesive framework
that integrates them into QAOA workflows across different
scenarios and noise models.

This review addresses this gap by presenting a unified clas-
sification of error mitigation techniques specifically designed
for QAOA based on the recent published paper between
2020 to 2025. We aim to provide a structured understanding
of how QEM methods can be categorized, deployed, and
optimized based on their placement in the QAOA pipeline
(preprocessing, execution, or post-processing). Furthermore,
we evaluate their trade-offs in terms of accuracy gains, noise
resilience, and resource efficiency.

Our paper makes the following key contributions:
• Classification of QEM Techniques for QAOA: We
present a comprehensive, stage-wise classification of
QEM techniques specific to the QAOA, organized
across preprocessing, circuit execution, and post-
processing stages.

• Prescriptive QEM Pipelines for QAOA: We recommend
tailored, multi-stage QEM pipelines aligned with three
distinct QAOA deployment archetypes.

• In-depth Comparative Analysis of Trade-offs: We
provide a structured comparison of QEM techniques,
analyzing the critical trade-offs between mitigation
accuracy, resource overhead, and robustness to differ-
ent noise models. This analysis serves as a practi-
cal decision-making guide for practitioners deploying
QAOA on real hardware.

• Synthesis of Literature with Practical Implementation
Insights: This contribution goes beyond a simple, direct
comparison of individual methods. We bring together
findings from a wide range of recent studies to identify
major patterns, extract practical advice for implemen-
tation, and create a clear story about the challenges
and solutions for noise-resilient QAOA. This overview
provides the big-picture understanding needed to design
effective, layered strategies for error mitigation.

• Discussion of Future Research Directions: We out-
line key limitations in current QEM approaches and
identify promising future directions, including adaptive
mitigation strategies, compiler-level integration, and
ML-driven noise-aware pipelines.

This paper is organized as follows. Section II provides
an essential background on the QAOA and noise-resilient
quantum optimization. In Section III, we propose a classifi-
cation of error mitigation strategies for QAOA, dividing them
into preprocessing, circuit execution, and post-processing
techniques, while also discussing their benefits and imple-
mentation contexts. Following this, Section IV classifies
different QAOA settings—such as hardware-constrained,
dense-graph, and general NISQ use cases—and maps them to
suitable QEM strategies. Section V then offers a comparative
analysis of these QEM methods in terms of their accuracy
gains, resource efficiency, and scalability. Subsequently,
Section VI outlines open challenges and future research
directions, emphasizing the need for adaptive, compiler-
integrated, and machine learning-assisted QEM solutions.
Finally, Section VII concludes the paper with a summary
of key insights and presents a vision for noise-resilient
QAOA as a critical enabler of near-term quantum
optimization.

II. BACKGROUND
This section provides the foundational knowledge required
to understand the challenges of implementing QAOA on
near-term quantum hardware. We first review the structure
and components of the QAOA algorithm and then discuss
the broader context of noise-resilient quantum optimization
techniques.

A. QUANTUM APPROXIMATE OPTIMIZATION ALGORITHM
(QAOA)
The QAOA is a hybrid quantum-classical algorithm designed
for solving combinatorial optimization problems. This sec-
tion details the operational principles of QAOA, from its
Hamiltonian formulation to its variational structure and
sensitivity to hardware noise.

1) OVERVIEW OF QAOA
TheQuantumApproximateOptimizationAlgorithm (QAOA),
introduced by Farhi et al. [5], is a prominent variational quan-
tum algorithm designed to solve combinatorial optimization
problems. QAOA operates in the quantum-classical hybrid
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paradigm, a process clearly illustrated in Figure 1. In this
loop, a quantum computer prepares a parameterized quantum
state, and a classical optimizer updates the parameters to
minimize a given cost function. The algorithm is particularly
effective for problems that can be expressed in Quadratic
Unconstrained Binary Optimization (QUBO) form. Given a
cost function C(x) : {0, 1}n→ R, the goal is to find a binary
string x∗ that minimizes or maximizes C(x). As shown in
the ‘‘Problem Input’’ section of Figure 1, the QAOA process
begins by constructing a quantum circuit from the problem’s
Hamiltonian. This involves two key components
• Cost Hamiltonian ĤC : Encodes the classical objective
function. For instance, in the MaxCut problem, it takes
the form

ĤC =
1
2

∑
(i,j)∈E

wij(I − ZiZj),

where ZiZj is the Pauli-Z operator acting on qubit i
and j, respectively. wij denotes the edge weight between
vertices i and j.

• Mixer Hamiltonian ĤM : Drives transitions between
computational basis states, typically defined as

ĤM =
n∑
i=1

Xi,

where Xi is the Pauli-X operator on qubit i.
The QAOA ansatz, depicted in the central part of Figure 1,

applies the unitaries derived from these Hamiltonians in
alternating layers:

|ψp(γ ,β)⟩ =

( p∏
k=1

e−iβk ĤM e−iγk ĤC
)
|ψ0⟩,

where |ψ0⟩ = |+⟩
⊗n is the equal superposition over all basis

states, and (γ ,β) are variational parameters to be optimized.
Following the flowchart, after the circuit is executed,

a measurement is performed to estimate the expectation value
of the cost Hamiltonian:

Fp(γ ,β) = ⟨ψp(γ ,β)|ĤC |ψp(γ ,β)⟩.

A classical optimizer is used to iteratively update the
parameters (γ ,β) to maximize (or minimize) Fp, depending
on problem formulation. This hybrid loop continues until
a target is reached, and a final solution is output. The
quality of the QAOA solution is typically measured via the
approximation ratio [22]:

α =
Fp(γ ,β)
Cmax

.

QAOA is flexible and extensible, and several variants have
been proposed to improve performance:
• Warm-start QAOA leverages classical approximations
as initializations [23].

• Multi-angleQAOA assigns different parameters to each
gate instance [24].

FIGURE 1. Quantum approximate optimization algorithm process
flow.The figure illustrates the hybrid quantum-classical loop where a
quantum computer executes the ansatz and a classical optimizer updates
the variational parameters to minimize the cost function.

• Adaptive QAOA (ADAPT-QAOA) iteratively builds
the circuit based on gradient feedback [25].

• Fermionic QAOA and Constraint-preserving Mixers
target domain-specific constraints and quantum simula-
tion [26].

• Multiscale QAOA (MQAOA) improves performance
by combining shallow QAOA runs with a real-space
renormalization group method in a feedback loop. [27].

• Adaptive-Bias QAOA (ab-QAOA) modifies the stan-
dard mixer Hamiltonian by incorporating iterative,
local longitudinal fields (biases). This approach has
been shown to yield notable reductions in the circuit
depth p required to achieve high accuracy, effectively
mitigating noise by shortening the total execution
time [28], [29].

2) QAOA PERFORMANCE AND NOISE SENSITIVITY
In the ideal (noiseless) setting, QAOA’s performance
improves with increasing circuit depth p. As p→∞, QAOA
theoretically approaches the performance of adiabatic quan-
tum computation [5]. However, practical implementation on
NISQ hardware introduces several challenges.

a: IMPACT OF CIRCUIT DEPTH
Deeper circuits suffer from greater decoherence, gate infi-
delity, and readout noise. As each QAOA layer increases
the number of quantum gates, especially entangling gates,
the cumulative noise can significantly reduce fidelity. While
larger p may improve expressivity, empirical results indicate
diminishing returns due to hardware noise [30].

b: NOISE MODELS AND HARDWARE LIMITATIONS
NISQ devices experience various types of noise that impact
the reliability of quantum computations [4]. Depolarizing and
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FIGURE 2. Noise-induced corruption of the QAOA optimization landscape
for a 2-Qubit system. The figure contrasts the ideal, noiseless
landscape (a), which has distinct peaks and valleys, and
the noisy landscape (b), where noise flattens the features
and obscures the path to the optimal solution.

dephasing noise affect both gate operations and idle qubits
by introducing random errors and phase shifts, respectively
[31]. Crosstalk leads to unintended interactions between
neighboring qubits, often causing correlated errors during
multi-qubit operations [31]. Additionally, readout errors
introduce bit-flip inaccuracies during measurement, further
degrading the fidelity of computational outcomes [31]. These
noise effects corrupt the cost expectation values, which
the classical optimizer uses for parameter updates. As a
result, optimization may stagnate or converge to suboptimal
solutions.

c: EFFECT ON OPTIMIZATION LANDSCAPE
The optimization process is most critically undermined by
the severe distortion of the cost function landscape due to
accumulated noise. A direct visual comparison is provided
in Figure 2, which contrasts the ideal computational space
with one compromised by real-world hardware effects.
Figure 2(a) presents the pristine, theoretical landscape for
a 2-qubit MaxCut problem, where prominent features and
steep gradients create a clear path to the optimal solution.
The corrosive effect of noise is starkly evident in Figure 2(b),
where the landscape is visibly flattened and its features
are suppressed. This not only blurs the distinction between
superior and inferior solutions but also gives rise to the
barren plateaus phenomenon, where gradients disappear
across large areas of the parameter space [32]. Consequently,
the optimizer is left to navigate an uninformative, featureless
terrain, leading to stagnation or convergence to a poor-quality
solution.
Classical Optimization Strategies: The choice of clas-

sical optimizer plays a pivotal role in navigating this
noise-corrupted landscape. Gradient-free methods (e.g.,
COBYLA [33], Nelder and Mead [34]) are generally
preferable for shallow circuits (p = 1) or environments
dominated by stochastic noise, as they tolerate measurement
fluctuations without the costly overhead of parameter-shift
gradient calculations [35]. However, they scale poorly
with dimensionality. Conversely, gradient-based methods
become essential for deeper circuits (p ≥ 2) where the
parameter space is large, though they must contend with the
phenomenon of barren plateaus [32]. While susceptible to

these plateaus, stochastic gradient techniques like SPSA are
particularly effective in NISQ settings because they approxi-
mate the gradient using a constant number of measurements
regardless of dimension [13], [36]. Recent innovations in
this domain include Quantum Natural Gradient (QNG)
approaches that leverage the Hilbert space geometry to
accelerate convergence [37], and sophisticated initialization
strategies (e.g., warm-starting [23]) designed to bypass barren
plateaus entirely.

d: EMPIRICAL EVIDENCE
Several studies have benchmarked QAOA on hardware and
simulators, showing that even moderate noise levels can
negate quantum advantage in realistic settings [22], [30].
For example, numerical simulations of QAOA on MaxCut
instances under realistic noise indicate rapid degradation of
the approximation ratio beyond p = 1 or p = 2 without error
mitigation [38].

To address these limitations, recent research has focused on
error mitigation techniques, which aim to reduce the impact
of noise without requiring full QEC. These include strategies
such as zero-noise extrapolation (ZNE) [15], symmetry
verification [39], and hardware-aware compilation [40], all
of which are further discussed in Section III.

B. NOISE-RESILIENT QUANTUM OPTIMIZATION
TECHNIQUES
The practical implementation of quantum algorithms on
NISQ devices is fundamentally constrained by hardware-
induced noise. As such, enhancing the noise resilience of
quantum optimization algorithms—particularly QAOA—is
essential to extract meaningful performance on current and
near-term quantum systems.

A variety of strategies have been developed to enable
noise-resilient quantum optimization, broadly falling into
three categories: (i) algorithm-level robustness, (ii) quantum
error mitigation (QEM), and (iii) hardware-aware circuit
optimization. Each of these approaches is designed to
improve the fidelity of outcomes without relying on the full
overhead of fault-tolerant QEC, which remains out of reach
for most current hardware platforms.

1) ALGORITHM-LEVEL ROBUSTNESS
Some approaches aim to improve intrinsic robustness to noise
by modifying the structure of the algorithm. For instance,
variants of QAOA such as warm-start QAOA [23], adaptive
ansätze [25], and low-depth QAOA (LD-QAOA) [22] attempt
to reduce circuit depth while maintaining performance. These
techniques mitigate the need for long coherent evolutions by
leveraging classical priors or optimizing ansatz design.

In particular, LD-QAOA modifies parameter schedules
to reduce entangling gate count, thereby suppressing error
accumulation while preserving approximation ratios on
specific problem classes. Similarly, constraint-preserving
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mixers [41] eliminate invalid state transitions and reduce the
state space, leading to less noisy expectation evaluations.

2) QUANTUM ERROR MITIGATION (QEM)
QEM refers to a set of techniques that reduce the impact
of noise without requiring ancilla qubits or fault-tolerant
encoding [15], [21]. QEM is particularly relevant to varia-
tional quantum algorithms such as QAOA and VQE, where
the objective function is estimated via repeatedmeasurements
of noisy quantum states [13], [42].

Several notable QEM techniques include:

• Zero-Noise Extrapolation (ZNE): Involves executing
circuits at scaled noise levels and extrapolating to zero
noise using Richardson or polynomial fitting [16],
[43], [44].

• Readout Error Mitigation: Uses calibration matrices
to correct classical bitstring measurement biases [18],
[19], [45].

• Symmetry Verification: Projects the final state onto the
subspace satisfying known symmetries, removing errors
that violate conservation laws [17], [39].

• Probabilistic Error Cancellation (PEC): Uses knowl-
edge of noise channels to statistically invert their effect,
at the cost of increased sampling overhead [15],
[46], [47].

These techniques have been integrated into software
frameworks such as Mitiq [48] to support automated and
backend-aware QEM application.

3) HARDWARE-AWARE CIRCUIT OPTIMIZATIONS
Finally, certain mitigation techniques involve tailoring quan-
tum circuits to the characteristics of the underlying hardware.
These include:

• Gate compilation and layout-aware transpilation:
Reducing SWAP gates and exploiting connectivity maps
to minimize error-prone operations [20], [49].

• Crosstalk-aware scheduling: Avoiding simultaneous
operations on physically adjacent qubits to suppress
correlated noise [40].

• Qubit remapping: Assigning logical qubits to physical
qubits with lower error rates, based on calibration
data [50].

These approaches, while not strictly algorithmic or varia-
tional, are indispensable for deploying QAOA effectively on
real devices.

4) SYNERGISTIC APPROACHES
Importantly, many of these techniques are complementary
rather than mutually exclusive. For example, applying
symmetry verification during circuit execution and ZNE dur-
ing post-processing can yield compounded benefits. When
integrated coherently, such techniques enable variational
algorithms like QAOA to achieve higher fidelity with limited
circuit depth and measurement shots.

In summary, noise-resilient quantum optimization hinges
on the interplay between algorithmic innovations, error
mitigation, and hardware-aware execution strategies. The
classification of QEM techniques introduced in Section III
will further categorize these strategies in a structured manner
for QAOA-specific deployments.

III. CLASSIFICATION OF QUANTUM ERROR MITIGATION
TECHNIQUES FOR QAOA
Given the inherent susceptibility of QAOA to noise and deco-
herence, an effective strategy involves implementing QEM
techniques throughout the algorithmic pipeline. We present a
structured classification of these techniques, categorized into
three principal stages: preprocessing, during execution, and
post-processing. It is important to recognize that several key
techniques are not monolithic but form a complete workflow
across multiple stages. For instance, the full ZNE pipeline
involves running noise-scaled circuits during execution and
then fitting the results in post-processing. These conceptual
links are visually highlighted by the dashed frames in
Figure 3, which provides a comprehensive overview of the
QEM landscape. Table 1 provides a consolidated overview of
this framework, outlining the specific techniques, their key
benefits, and foundational papers for each stage. This section
then systematically examines these approaches, highlighting
their roles, benefits, and practical considerations within
QAOA workflows.

A. PREPROCESSING TECHNIQUES
Preprocessing techniques are implemented prior to executing
the quantum circuits. Their primary goal is to enhance noise
resilience by optimizing circuit architecture, gate sequences,
and qubit assignments. This approach, visually summarized
in Figure 3(a), minimizes error accumulation from the outset
and directly influences subsequent QAOA performance.

1) ANSATZ DESIGN OPTIMIZATION
Ansatz design optimization offers a proactive, preprocessing
strategy for enhancing noise resilience by fundamentally
re-engineering the QAOA circuit’s structure [51], [52]. These
methods modify the circuit based on the problem’s topology
or its underlying mathematical properties to reduce depth,
gate count, or sensitivity to specific types of errors [51], [52].

a: SPANNING TREE HEURISTICS FOR DEPTH REDUCTION
A significant challenge in ansatz design is balancing the
reduction of CNOT gates with the resulting increase in circuit
depth [51]. Majumdar et al. [51] address this by proposing
a greedy heuristic that constructs a low-depth spanning tree
of the problem graph. Previous methods could reduce CNOT
count by n − 1 but often created deep circuits by following
a Depth First Search (DFS) tree, making them prone to
decoherence [51]. The key innovation is a cost function,
shown in Equation (1), that guides the tree’s construction
to favor branching at lower levels, creating a trade-off
between the tree’s height and its branching factor to minimize
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Algorithm 1 Cost Function Based Rooted Spanning Tree
Generation [51]
Require: A Graph G = (V ,E), maximum branching factor

B.
Ensure: A Rooted Spanning Tree T of the Graph G.
1: T ← {}
2: ubf← 0 for all vertex u.
3: r ← randomly selected start vertex.
4: Visited← {r}
5: rbf← rbf + 1.
6: edges_to_add← neigh(r).
7: while |Visited| < n do
8: e← edges_to_add[0].
9: c← 0

10: for all edge = (u, v) ∈ edges_to_add do
11: cost← (n− lu) · (B− ubf).
12: if cost > c then
13: c← cost.
14: e← edge.
15: T ← T ∪ {e}.
16: Visited← Visited ∪ {y}, where e = (x, y).
17: xbf← xbf + 1.
18: Remove all edges of the form (∗, y) from

edges_to_add.
19: for all edge = (p, q) ∈ neigh(y) do
20: if q /∈ Visited then
21: edges_to_add← edges_to_add ∪ {edge}.

‘‘delayed starts’’ in the circuit schedule [51].

Cv = (n− lv) · (B− vbf) (1)

Here, n is the number of vertices, lv is the level of vertex
v, vbf is its current branching factor, and B is the maximum
allowed branching factor. Algorithm 1 by Majumdar et al.
[51] details the procedure for generating the rooted spanning
tree using this cost function. By optimizing the tree structure,
this method retains the n − 1 CNOT gate reduction while
significantly reducing the circuit depth, leading to amore than
10-fold increase in success probability in noisy simulations.

b: PARITY ARCHITECTURE RE-ENCODING
A distinct paradigm demonstrated by Weidinger et al. [52]
is to re-encode the entire optimization problem using the
parity architecture (also known as the Lechner-Hauke-Zoller
or LHZ scheme). This technique transforms a problem with
all-to-all connectivity among N logical qubits into a larger,
planar layout of K = N (N − 1)/2 physical qubits with
only local interactions. This fundamental alteration of the
ansatz obviates the need for complex SWAP networks that
add noise and gate overhead [52]. The central contribution is
an error mitigation strategy that modifies the QAOAobjective
function itself. Instead of minimizing the energy of the
physical qubits, the algorithm minimizes the average energy
of decoded logical states [52]. The cost function is computed

by taking the trace of the problem Hamiltonian Hp with the
decoded density matrix, averaged over a set of M spanning
trees T , as shown in the equation below [52]:

C(T )(β, γ,�) =
1
M

M∑
m=1

Tr(HPDtm [ρ̃(β, γ,�)]) (2)

This approach exploits the redundancy of the parity encoding;
errors that violate the encoding’s constraints are detected and
corrected during the decoding step, making the optimization
process itself robust to noise [52]. This method achieves
a higher success probability than standard QAOA in noisy
simulations, even when requiring more CNOT gates, because
the ansatz is inherently more resilient [52].

c: ADAPTIVE-BIAS ANSATZ CONSTRUCTION
Within the scope of ansatz design, modifying theHamiltonian
structure itself serves as a potent error mitigation strategy.
The Adaptive-Bias QAOA (ab-QAOA) [28], [29] modifies
the standard transverse mixer HM =

∑
Xj by incorporating

iterative, local longitudinal fields (biases) to steer the evolu-
tion more effectively. Mathematically, the mixer Hamiltonian
at layer l is transformed to:

H (l)
M =

n∑
j=1

(
Xj + hj,lZj

)
(3)

where hj,l represent adaptive bias parameters that are updated
based on the gradients or measurement outcomes of previous
steps [28], [29]. This modification breaks the symmetry
constraints that often trap standard QAOA in local minima
and significantly reduces the required circuit depth p to
achieve a target approximation ratio. In our classification, this
fits as a preprocessing technique because it fundamentally
alters the ansatz definition to be inherently more robust
to decoherence—by minimizing the gate count and total
execution time required to reach solution convergence.

2) GATE REORDERING AND COMPILATION
Effective gate reordering and compilation are pivotal prepro-
cessing steps explicitly designed to minimize depth and noise
susceptibility through intelligent circuit transformations and
execution scheduling [53], [54]. Given the significant error
contributions from two-qubit operations, reordering gates
to exploit parallelism and commutativity is particularly
beneficial for QAOA [53], [54].

a: EQUIVALENT CIRCUIT AVERAGING FOR COHERENT
ERROR MITIGATION
A key challenge in compilation is that systematic coherent
errors can interfere constructively, leading to worse perfor-
mance than predicted by randomized benchmarking [53].
To address this, Hashim et al. [53] introduced Equivalent
Circuit Averaging (ECA), a technique that randomizes the
circuit implementation to suppress such errors. The core of
the method is to generate a set of logically equivalent but
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physically distinct circuits by sampling from the various
degrees of freedom available during compilation—such as
different decompositions for the ZZ-SWAP gate. By execut-
ing each of these unique circuit variants for a fraction of the
total shots and averaging the results, the systematic errors are
effectively ‘‘washed out,’’ leading to an incoherent, stochastic
error channel that is easier to predict and manage [53].
This randomization is performed intelligently to preserve
gate-level optimizations as much as possible, achieving
an average error reduction of approximately 60% in total
variation distance for p = 1 QAOA on a four-qubit
superconducting processor [53].

This approach is particularly advantageous in regimes
dominated by coherent noise sources, where fixed sys-
tematic errors would otherwise accumulate constructively.
Functionally, ECA serves as a specific instance of noise
tailoring: by averaging over logically equivalent implemen-
tations, it converts coherent systematic errors into incoherent
stochastic noise [53]. However, this fidelity gain comes
with an overhead in terms of compilation complexity
(generating N unique circuit variants) and potentially the
total number of shots required tomaintain statistical precision
given the reduction in success probability. Recent work by
Marshman et al. [55] has formalized this behavior within
the broader framework of unitary averaging. Mathematically,
if one averages over N noisy implementations Ûj = ÛT + Êj
(where ÛT is the target unitary and Êj is the error), the
effective transformation Û becomes:

Û(N ) =
1
N

N∑
j=1

Ûj = ÛT +
ϵ̂(N )
N

(4)

where ϵ̂(N ) represents the stochastic error contribution.
This relationship explicitly demonstrates that while the
target unitary is preserved, the error amplitude scales as
1/N [55]. Marshman et al. further note that while this
averaging suppresses errors, it inherently requires a trade-
off, potentially resulting in a finite decrease in the probability
of success or necessitating increased resource redundancy to
maintain fault tolerance [55].

b: VARIATION-AWARE REORDERING FOR CIRCUIT SUCCESS
PROBABILITY
The commutativity of CPHASE gates in the QAOA cost
Hamiltonian provides a powerful degree of freedom for
compilation [54]. Alam et al. [54] leverage this property with
a hardware-aware, multi-stage compilation policy designed
tomaximize the Circuit Success Probability (CSP) on devices
with known gate-fidelity variations. Their procedure involves
two main stages:

• Instruction Parallelization: First, the commutative
CPHASE gates are grouped into the minimum pos-
sible number of parallel layers. This is framed as
a bin-packing problem and solved using a first-fit
decreasing heuristic, which sorts the logical qubits

Algorithm 2 Factoring Out Semi-Symmetries [56]
Require: QUBO matrix Q, numAncillas, penalty z.
1: nnew← n
2: cL← getConflictList(Q, nnew)
3: while len(cL) > 0 do
4: syms, (i, j)← getMostSymQubits(Q, nnew, cL)
5: if len(syms) < 3ornnew == n+ numAncillas then
6: break
7: nnew← nnew + 1
8: Q← enhance(Q, nnew, (i, j), syms)
9: cL← getConflictList(Q, nnew)
10: return Q

by their degree (number of CPHASE operations) and
schedules the gates accordingly [54].

• Variation-aware Iterative Mapping (VIM): After
parallelization, the VIM procedure iteratively reorders
these layers to find the sequence that yields the
highest CSP. Starting with an initial layer order,
the algorithm explores all possible two-layer swaps,
compiles the circuit for each new order using a
standard backend compiler, and calculates the result-
ing CSP based on hardware calibration data. The
order that provides the best improvement becomes
the new ‘‘root’’ for the next iteration. This pro-
cess repeats until no further improvement in CSP is
found [54].

This two-stage process, combined with an intelligent initial
qubit placement (VQP), was shown to improve the circuit
success probability by an average of 8.408X compared to the
baseline compiler for a set of QAOA-MaxCut problems [54].
It should be noted that such substantial gains were specif-
ically reported for circuit success probability on the 15-
qubit ibmq_16_melbourne superconducting processor, using
QAOA-MaxCut instances on 15-node erdos-renyi random
graphs where gate error rates exhibited significant spatial
variability [54].
However, the effectiveness of these compilation strategies

strongly depends on hardware-specific features such as native
gate sets, coherence times, and connectivity, thus requiring
adaptive compilation strategies that dynamically consider
real-time calibration data and hardware constraints [53], [54].
A critical limitation remains: optimal compilation typically
demands significant classical pre-processing computational
resources, potentially undermining scalability for larger-scale
problem instances [54].

3) SYMMETRY EXPLOITATION
Symmetry exploitation has emerged as a compelling prepro-
cessing strategy, leveraging inherent problem symmetries to
achieve profound circuit simplifications and noise reductions
before execution [56]. The central premise is that by identi-
fying and factoring out these symmetries, the complexity of
the quantum implementation can be drastically reduced [56].
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A prime example of this is the constructive approach
introduced by Nüßlein et al. [56], which simplifies the
QUBO matrix itself by identifying and factoring out a novel,
weaker form of symmetry called ‘‘semi-symmetries’’ [56].
Two conflicting qubits (i, j) are defined as semi-symmetric if
they share identical non-zero couplings to a shared subset U
of at least three other qubits [56]. This relationship is formally
defined as:

∃U ⊆ {1..n} \ {i, j} ∧ |U | ≥ 3 : ∀k ∈ U : Qi,k = Qj,k ̸= 0
(5)

The method, detailed in Algorithm 2, iteratively finds the
qubit pair with the largest semi-symmetry and modifies the
QUBO matrix by introducing an ancilla qubit [56]. This new
ancilla effectively absorbs the shared couplings, which are
then removed from the original qubits [56]. The ‘enhance‘
function in the algorithm details how the QUBO matrix is
rewritten to enforce the constraint that the ancilla is active if
either of the original qubits is active [56]. This preprocessing
technique directly reduces the number of non-zero couplings
in the QUBO matrix, which in turn decreases the CNOT
gate count and depth of the QAOA circuit [56]. Experiments
demonstrated reductions in circuit couplings by up to 49%
and circuit depth by up to 41% across a range of standard
optimization problems [56].
While this symmetry-based preprocessing method has

proven impactful, it requires a sophisticated classical algo-
rithm for symmetry detection and introduces additional
quantum resources in the form of ancilla qubits, thus posing
resource overhead considerations in hardware-constrained
contexts [56].

4) QUBIT MAPPING AND ROUTING OPTIMIZATION
Qubit mapping and routing optimization techniques are
essential for addressing the limited qubit connectivity on
current NISQ hardware, which often necessitates excessive
SWAP gate insertions—greatly increasing circuit depth and
cumulative noise [54], [57], [58]. These constraints severely
impact the success probability of quantum algorithms such as
QAOA [57], [58].

Recent advancements have focused on finding optimal
initial mappings of logical qubits to physical qubits to mini-
mize this overhead. A highly scalable approach, presented by
Matsuo et al. [57], formulates the initial mapping problem as
a Boolean Satisfiability (SAT) problem [57]. This technique
determines whether a program graph P = (V ,E) can be
embedded into a hardware connectivity graph Cl , which is
the effective graph after applying l layers of a predetermined
swap strategy [57]. The problem is translated into a SAT
instance using boolean literals xi,j, where xi,j is true if
program qubit i is mapped to physical qubit j. The mapping
is constrained by three conditions [57]:
1) Each program qubit must be assigned to exactly one

physical qubit. This is enforced by clauses ensuring

Algorithm 3 Binary Search for Optimal Initial Mapping [57]
Require: Program graph P = (V ,E), swap strategy S.
Ensure: Initial layout that minimizes the number of swap

layers.
1: lL ← 0
2: lR← |V | − 2
3: while lL < lR do
4: l ← ⌊(lL + lR)/2⌋
5: Create connectivity graph Cl from S
6: Create SAT instance SATembed(P,Cl)
7: if SATembed(P,Cl) is satisfiable then
8: lR← l
9: else
10: lL ← l + 1

each program qubit is assigned to at least one physical
qubit,

|Vl |−1∨
j=0

xi,j = 1, (6)

and to at most one physical qubit,∧
j>k

(¬xi,j ∨ ¬xi,k ) = 1. (7)

2) Each physical qubit can be occupied by at most one
program qubit.∧

i>j

(¬xi,k ∨ ¬xj,k ) = 1. (8)

3) Adjacent program qubits must be mapped to adjacent
physical qubits in the effective graphCl . For every edge
(i, j) ∈ E , this is expressed as:

¬xi,k ∨ (
∨

(k,k ′)∈El

xj,k ′ ). (9)

By leveraging powerful classical SAT solvers, this formula-
tion can efficiently determine if a valid mapping exists for
a given number of swap layers, l [57]. To find the minimum
required l, Matsuo et al. employ a binary search algorithm,
shown in Algorithm 3, which solves O(log n) SAT instances
to find an optimal initial mapping. This technique achieved a
remarkable 65% reduction in CNOT gate count for 500-node
random regular graphs [57]. Note that such high reduction
factors are specific to sparse graph topologies (e.g., 3-regular
graphs) where the initial mapping significantly influences
the swap overhead, and gains may diminish for denser
or fully-connected problem instances [57]. The practical
utility of this method was later demonstrated by Sack and
Egger [58], who applied it to successfully execute large-scale
QAOA on nonplanar graphs with up to 40 qubits, a task that
would have been infeasible otherwise.
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FIGURE 3. Overview of QEM techniques for the QAOA. The diagram
classifies QEM strategies into three distinct stages: a) Preprocessing
techniques, b) During execution techniques, and c) Post-processing
techniques. The dashed frames highlight how specific techniques are
conceptually linked and applied across multiple stages, illustrating the
complete workflow for methods such as ZNE, Readout correction, and
Symmetry-based filtering.

Other approaches, such as those introduced by Alam et
al. [54], utilize variation-aware compilation methodologies
that embed hardware-aware logic directly into the QAOA
transpilation flow to improve circuit reliability under noisy
conditions. Despite the success of these various methods,
practical deployment of routing strategies remains challenged
by the substantial classical overhead required for the
optimization and the need for frequent recalibration due to
hardware drift.

B. DURING EXECUTION TECHNIQUES
Circuit execution techniques, situated in the workflow as
shown in Figure 3(b), aim to directly address and mitigate
errors that arise during the physical execution of QAOA
circuits on NISQ hardware. Unlike preprocessing strategies,
these methods actively intervene or calibrate operations
executed during runtime to maintain computational fidelity.
They are critical in ensuring that quantum states prepared
and manipulated in hardware closely match the intended
theoretical quantum states.

This section critically examines four primary circuit
execution-based QEM techniques: Zero-Noise Extrapolation

(ZNE), Readout Error Mitigation, Crosstalk Mitigation, and
Symmetry Verification.

1) ZERO-NOISE EXTRAPOLATION (ZNE) FOLDING
Zero-Noise Extrapolation is a prominent QEM technique
explicitly designed to reduce the systematic errors of quantum
circuits by artificially amplifying hardware noise to multiple
levels and subsequently extrapolating to estimate the zero-
noise limit [43]. The ‘‘folding’’ stage of ZNE occurs during
circuit execution and does not require additional qubit over-
head, making it particularly attractive for resource-limited
NISQ devices. The core method involves evaluating multiple,
logically equivalent copies of the quantum circuit, each with
an increased depth to amplify the noise intensity; this noise
scaling is often achieved through techniques such as gate
folding [59]. After collecting the noisy expectation values at
these various noise levels, a classical extrapolation function
is applied to the data points to predict the ideal, zero-
noise expectation value [59]. Venere et al. [59] rigorously
analyzed the effects of different gate-folding strategies within
a QAOA workflow, illustrating how this controlled noise
insertion, when combined with extrapolation models like
Richardson extrapolation, can yield robust, noise-resilient
expectation values. However, their study also noted the
practical challenges of ZNE, including the optimal selection
of scaling factors and extrapolation models, as well as
sensitivity to coherent noise sources, which can undermine
its effectiveness for complex QAOA circuits [59].

A significant practical challenge identified in the literature
remains the optimal selection of extrapolation models and
scaling factors, as overly simplistic extrapolations might
underestimate noise, while overly complex extrapolations
risk introducing additional numerical instability into the
mitigation procedure.

2) READOUT CORRECTION: CALIBRATION
Readout errors, which arise during quantum state mea-
surement, substantially impact the accuracy of results from
QAOA circuits by distorting the final probability distribution
of outcomes [60].

Readout Correction techniques are classified as circuit
execution methods because they require active intervention
at runtime. Specifically, they involve executing dedicated
calibration circuits on the quantum hardware to characterize
the measurement noise in real-time, distinguishing them from
purely classical post-processing methods. The relationship
between the ideal (noiseless) probability distribution pideal

and the experimentally measured noisy distribution pnoisy can
be described by a linear transformation involving a stochastic
noise matrix 3 [60]:

pnoisy = 3pideal (10)

The core mitigation strategy involves first characterizing the
matrix 3 and then applying its inverse to the measured data
to recover an estimate of the ideal distribution [60]. However,
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since the direct application of 3−1 may yield unphysical,
negative probabilities, a common practice is to find the closest
valid probability distribution p via an optimization [60]:

p = argmin
q
||q−3−1pnoisy||22 (11)

where the minimization is over all valid probability distribu-
tions q. The main challenge is that characterizing a general3
for N qubits requires a number of measurements that scales
exponentially, O(2N ) [60].
To address this scalability bottleneck, recent approaches

utilize tensored calibration methods that assume noise
locality [61]. By characterizing the readout error of individual
qubits or small disjoint clusters (e.g., via the M-matrix
approach), the full calibration matrix3 can be approximated
as a tensor product of smaller, tractable matrices. This
reduces the calibration overhead from exponential to linear
or polynomial in the number of qubits, making readout
mitigation feasible for large-scale QAOA instances on current
hardware [61].

3) CROSSTALK MITIGATION
Crosstalk Mitigation is classified as a circuit execution
technique because it relies on active, real-time charac-
terization of the hardware to build an accurate model
of these correlated errors [60]. The process begins by
explicitly modeling the correlated noise, going beyond
the assumption of independent noise channels to capture
local and multi-qubit correlations that arise from physical
coupling [60]. A key method for this was proposed by
Maciejewski et al. [60], who use a technique called Diagonal
Detector Overlapping Tomography (DDOT) to efficiently
characterize these correlations during runtime.

From the DDOT data, a correlation metric cj→i is
calculated to quantify how strongly the state of qubit j affects
the measurement noise on qubit i [60]:

cj→i =
1
2
||3

Yj=′0′

Qi −3
Yj=′1′

Qi ||1→1 (12)

where 3
Yj=′s′

Qi is the single-qubit noise matrix for qubit
i conditioned on qubit j being in state s. Based on this
metric, qubits are assigned to ‘‘clusters’’ (strongly correlated
groups) and ‘‘neighborhoods’’ (qubits that weakly influence a
cluster) [60]. By calibrating and correcting for these modeled
correlations, the fidelity of measured expectation values is
substantially improved, with experiments on IBM hardware
showing an error reduction by a factor of over 22 [60]. It
is important to note that this magnitude of improvement is
setting-dependent, specifically observed on the 15-qubit IBM
Melbourne superconducting processor where significant
non-local readout crosstalk was present, and actual gains
may vary depending on the device’s connectivity and noise
profile [60]. However, comprehensive crosstalk mitigation
remains challenging, as capturing these errors requires exe-
cuting large sets of calibration experiments whose complexity
can scale unfavorably with system size [60].

4) SYMMETRY FILTERING: VERIFICATION
The Symmetry Filtering workflow begins with a verification
step during circuit execution to detect quantum states that
have been corrupted by noise [62], [63]. This verification
stage leverages known problem-specific or algorithmic
symmetries. If an error pushes the quantum state outside the
valid symmetry subspace, a verification procedure can project
it back, thereby enhancing the final state fidelity [62]. For a
noisy state ρ and an ideal noiseless state |ψ⟩ that lies within
the symmetry subspace, the fidelity of the post-projection
state ρs is guaranteed to be greater than or equal to the original
fidelity, as shown below [62]:

Tr[|ψ⟩⟨ψ |ρs] ≥ Tr[|ψ⟩⟨ψ |ρ]. (13)

This projection can be implemented intermittently
between QAOA layers using mid-circuit measurements [63].
Botelho et al. [63] propose two distinct strategies to realize
this:

• Ancilla-Based Filtering: This approach uses an ancilla
qubit to check if a symmetry is preserved [63].
A controlled operation, corresponding to the symmetry
operator, is applied from the main register to an ancilla
qubit. The ancilla is then measured mid-circuit. If the
measurement outcome indicates that the symmetry has
been violated, the entire computation is discarded, and
the qubits are reset for the next run [63]. This method,
also foundational to the post-processing technique
in [62], becomes a runtime technique when applied
between QAOA layers.

• Ancilla-Free Compression: As a more resource-
efficient alternative, this method avoids the need for
extra ancilla qubits [63]. It uses a unitary transformation,
Ucompress, which is designed to map the entire valid
subspace S to a smaller, known subspace, whilemapping
invalid states elsewhere. For example, it can map the
valid subspace to states where a subset of qubits is
always in the |0⟩ state, as shown in Equation 14 from
the paper [63]:

Ucompress|s⟩ =

{
|φs⟩, s ∈ S
|ψs⟩, s /∈ S

(14)

A mid-circuit measurement is then performed on the
qubits expected to be |0⟩. If any of these qubits are
measured as |1⟩, the state is identified as invalid and the
run is discarded. If the check passes, the compression
is reversed with U†

compress before the computation
continues [63].

Despite their promise, these methods introduce additional
complexity and overhead. They require sophisticated hard-
ware capabilities, such as reliable mid-circuit measurements
and qubit reset, and reduce the effective throughput of the
quantum computer by discarding a subset of the executed
runs [62], [63].
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C. POST-PROCESSING TECHNIQUES
Post-processing techniques focus on improving the output of
quantum computations after circuit execution has concluded.
As illustrated in Figure 3(c), these methods operate entirely
on collected measurement data or optimized parameters,
aiming to correct or refine the final results without requiring
additional quantum operations. In QAOA, where expectation
values derived from measurements are central to opti-
mization, post-processing techniques play a crucial role in
reducing error accumulation and enhancing solution quality.
This section reviews four major post-processing strategies:
ZNE fitting, Result filtering via symmetry constraints,
Expectation value correction, and Digitization of variational
parameters.

1) ZERO-NOISE EXTRAPOLATION (ZNE) FITTING
ZNEfitting is the crucial post-processing step that follows the
collection of noisy measurement data at different, artificially
amplified noise levels [59]. After gathering circuit outputs
at scaled noise settings (e.g., via gate folding), a classical
extrapolation algorithm is applied to predict the zero-noise
limit of the expectation values [59].
Venere et al. [59] systematically demonstrated ZNE fitting

within a QAOA workflow, primarily using Richardson
extrapolation. This method fits a polynomial model to the
data points (ci,Ei), where ci is the noise scale factor and
Ei is the measured expectation value at that noise level.
The goal is to evaluate this model at the zero-noise point
(c = 0) to estimate the ideal, error-free expectation value. For
a set of noisy expectation values {E(c1),E(c2), . . . ,E(ck )},
the extrapolated zero-noise value E(0) is found by solving
a system of linear equations derived from the polynomial
ansatz, effectively finding the y-intercept of the fitted curve.
By applying this technique, Venere et al. [59] successfully
improved QAOA approximation ratios even on noisy hard-
ware.

However, ZNE fitting is sensitive to the number of
noise-scaled data points collected and to the choice of
extrapolation model (e.g., Richardson vs. Linear) [59]. Poor
fitting can introduce numerical instabilities, particularly
when using high-degree polynomials or when extrapolating
far from the available data points [59]. Thus, careful model
selection is critical for the reliable application of ZNE fitting
in practical QAOA deployments.

2) SYMMETRY FILTERING: RESULT FILTERING
This is the second stage of the Symmetry Filtering workflow,
where the information from the verification step is used to
classically filter the final data [62]. Result filtering leverages
known symmetries to selectively discard measurement out-
comes that have been corrupted by noise. By post-selecting
results that preserve symmetries such as bit-flip invariance,
overall measurement fidelity can be improved [62].

This method, implemented for QAOA by Shaydulin and
Galda [62], involves applying symmetry checks post hoc to

the collected measurement data. In practice, a verification
circuit is appended to the main QAOA evolution, which uses
an ancilla qubit to check if a symmetry is violated. After
running the circuit for a total of Nshots, the mitigation is
performed by classically filtering the results. The mitigated
expectation value, ⟨C⟩mitigated, is then calculated as the
sample mean over only the valid outcomes where the
symmetry check passed:

⟨C⟩mitigated =
1

Nvalid

∑
xi∈Xfiltered

f (xi) (15)

Here, Xfiltered is the subset of measurement outcomes {xi}
for which the corresponding ancilla measurement indicated
that the symmetry was preserved, and Nvalid = |Xfiltered|
is the total number of such valid shots. While this filtering
effectively boosts fidelity, it introduces a trade-off between
error robustness and measurement efficiency, as it reduces
the number of usable samples and thus may require
an increased number of total shots to achieve statistical
precision [62].

3) EXPECTATION VALUE CORRECTION
Expectation value correction is a post-processing technique
that directly adjusts the measured observables to account
for known systematic errors, typically arising from gate
inaccuracies or decoherence effects [58]. Unlike filtering
methods, this approach enhances result fidelity without
discarding any measurement samples [58].

A powerful implementation of this technique, demon-
strated by Sack and Egger [58], uses a trained neural
network to map noisy expectation values to their corrected
counterparts. The method involves training a feed-forward
neural network (FFNN) on a dataset of classically simulable
circuits. The FFNN learns a function that takes a vector
of noisy observables (e.g., all single- and two-qubit
Pauli-Z expectation values, ⟨σ zi ⟩N and ⟨σ zi σ

z
j ⟩N ) as

input and outputs a vector of error-mitigated correlators,
⟨σ zi σ

z
j ⟩M, corresponding to the edges in the problem

graph [58].
Once the FFNN is trained, it is used as a classical

post-processing step during the QAOA optimization loop.
After each circuit execution, the noisy observables are
measured and fed into the trained FFNN. The corrected cost
function, E(β, γ )M, is then constructed by summing the
network’s outputs [58]:

E(β, γ )M =
∑

(i,j)∈E

⟨σ zi σ
z
j ⟩M (16)

This mitigated energy value is then passed to the classical
optimizer. This data-driven approach was shown to suc-
cessfully correct noise distortions in real-time QAOA runs,
enabling improved convergence and the execution of circuits
on an unprecedented scale of up to 40 qubits [58]. However,
the success of this method depends critically on the quality
of the training data and the ability of the chosen circuits
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to accurately represent the noise characteristics of the target
QAOA circuits [58].

Complementing neural network approaches, regression-
based strategies such as Clifford Data Regression (CDR)
[64] and its variable-noise variant (vnCDR) [65] have also
been developed. CDR operates by constructing a linear error
model derived from a dataset of training circuits that are
structurally similar to the target circuit but computationally
tractable to simulate (typically Clifford-dominated circuits)
[64]. By comparing the noisy quantum measurements of
these training circuits (x train) against their exact classical
values (ytrain), a regression function is learned to map noisy
observables to their ideal counterparts via a linear ansatz:

f (xnoisy) = αxnoisy + β (17)

where α and β are fitted parameters minimizing the training
loss. vnCDR extends this by incorporating training data
collected at multiple variable noise levels (e.g., via pulse
stretching or identity insertion) [65]. Unlike CDR’s scalar
correction, vnCDR learns a multi-dimensional predictor:

f (xvec) = w · xvec (18)

where xvec is a vector of noisy expectation values measured
at different noise scales (c1, c2, . . . ) and w is the learned
weight vector [65]. In the context of the QAOA pipeline,
these methods plug in as a hybrid post-processing step.
Since the QAOA ansatz consists of non-Clifford rotations
parameterized by γ and β, training data is generated by
temporarily replacing these continuous parameters with
Clifford angles (e.g., multiples of π/2) [64]. The quantum
hardware executes these ‘‘near-Clifford’’ QAOA instances to
gather noisy data, which is then regressed against the classical
ground truth to learn the error model parameters, which are
finally applied to mitigate the actual QAOA run.

Finally, a distinct approach to correcting expectation values
involves targeting algorithmic errors rather than just hardware
noise. Variance-Based Extrapolation [66] is a post-processing
technique that exploits the physical relationship between
the energy expectation value E and the energy variance
12
H = ⟨H

2
⟩ − ⟨H⟩2. Since the energy of a variational

state scales linearly with its variance near an eigenstate, one
can measure E and 12

H at different parameter settings and
linearly extrapolate to the zero-variance limit (12

H → 0)
to recover the corrected ground state energy. Crucially, this
method has been shown to remain robust even in the presence
of hardware noise [66], offering a complementary correction
path that requires no additional quantum resources beyond
the measurement of variance.

4) DIGITIZATION OF VARIATIONAL PARAMETERS
Digitization of variational parameters is a technique designed
to mitigate the effects of analog control noise, such as
the limited precision in setting gate rotation angles [67].
As analyzed by Quiroz et al. [67], this method directly
addresses the finding that stochastic precision errors can
cause an exponential degradation in QAOA performance.

The strategy involves a post-processing step where the con-
tinuous parameters, γ and β, found by the classical optimizer
are quantized into a discrete binary representation before
being implemented in the circuit. A unitary operator like
e−iγHC is then compiled into a product of smaller, discrete
gate operations corresponding to this binary expansion [67].
For an Nγ -bit representation of the angle γ , the unitary is
decomposed as follows:

UC (γ ) = e−iγHC ≈
Nγ∏
j=1

[
exp

(
−i

2π

2Nγ
2j−1HC

)]Aj
(19)

where Aj ∈ {0, 1} are the bits of the binary representation of
γ . This approach makes the algorithm robust against random,
time-varying precision errors, which are otherwise difficult to
correct [67].

While this technique improves the stability of the
algorithm, it introduces a critical trade-off. The primary
cost of digitization is an increase in circuit depth [67].
Quiroz et al. show that achieving a desired parameter
precision for a p-layer QAOA requires a number of bits
that grows logarithmically with p and the target accuracy,
ϵ. Consequently, the circuit depth increases proportionally,
balancing the benefit of noise resilience against the potential
for increased decoherence in a deeper circuit [67].

D. IMPLICATIONS OF THE CLASSIFICATION
The classification of QEM techniques for QAOA circuits,
as outlined in Sections III-A through III-C and summarized
in Table 1, offers a structured framework for systematically
analyzing and deployingmitigation strategies based on circuit
characteristics, hardware constraints, and optimization goals.
This classification has several important implications for both
researchers developing new error mitigation methods and
practitioners applying QAOA to real-world problems.

1) GUIDING TECHNIQUE SELECTION BASED ON CIRCUIT
AND HARDWARE PROPERTIES
One major benefit of the classification is that it enables
targeted selection of QEM techniques according to the
specific features of a given QAOA instance. For example:

If circuit depth is the primary limitation due to deco-
herence, preprocessing techniques such as ansatz design
optimization or gate reordering (Section III-A) should be
prioritized.

If measurement fidelity is the bottleneck, circuit execution
techniques like readout calibration or crosstalk mitigation
(modeling)(Section III-B) become critical.

If classical post-processing resources are abundant and
quantum resources are scarce, post-processing techniques
such as ZNE fitting or expectation value correction (Sec-
tion III-C) can offer significant improvements with minimal
hardware demands.

Thus, the classification offers a context-aware decision
map that allows practitioners to align mitigation choices
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TABLE 1. Classification of error mitigation techniques for QAOA.

with the noise profiles and resource limitations of specific
quantum hardware platforms.

2) COMPOSABILITY AND SYNERGY OF TECHNIQUES
Another important implication is the composability of
error mitigation techniques across different stages. Many
QEM strategies are not mutually exclusive; they can be
combined synergistically to yield greater improvements. For
instance:

A hardware-optimized ansatz from preprocessing can be
combined with mid-circuit symmetry verification and subse-
quently enhanced with ZNE fitting during post-processing.

In [58], large-scale QAOA runs combined mapping opti-
mizations, machine-learning-based expectation correction,
and calibration-based readout mitigation to successfully
execute circuits beyond naïve noise thresholds.

Understanding where each technique fits in the classifica-
tion promotes layered QEM strategies, enabling practitioners

to incrementally add robustness without overburdening any
single mitigation layer.

3) TRADE-OFF AWARENESS: ACCURACY VERSUS OVERHEAD
The classification also clarifies the trade-offs inherent to
different classes of techniques:

Preprocessing techniques reduce error at the cost of
increased classical compilation complexity or the need for
problem-specific structural knowledge.

Circuit execution techniques (e.g., readout calibration,
crosstalk modeling) often require substantial real-time cali-
bration and may impose significant runtime overhead.

Post-processing techniques like result filtering or ZNE
fitting improve fidelity but may discard samples (for result
filtering) or introduce extrapolation errors (for ZNE) if
improperly configured.

This trade-off awareness enables researchers and engineers
to make informed decisions based on available computational
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FIGURE 4. Illustration of SWAP gate overhead due to limited hardware
connectivity. The diagram shows how a dense problem graph requiring an
all-to-all interaction (a) must be compiled with additional SWAP gates
(c) to execute on hardware with limited, linear connectivity (b).

resources, target error thresholds, and application-specific
requirements. For example, in resource-constrained devices,
lightweight post-processing may be preferable to heavy
calibration-intensive methods.

4) ENABLING BENCHMARKING AND STANDARDIZATION
Finally, the classification provides a foundation for
systematic benchmarking of QAOA error mitigation strate-
gies. By categorizing techniques along the preprocessing–
execution–post-processing pipeline, comparative studies can
be structured around:
• Where the mitigation acts (circuit stage),
• How it affects resource usage (time, qubits, classical
post-processing),

• What impact it has on solution quality (e.g., approxima-
tion ratio, optimization convergence rate).

• Such benchmarking would facilitate the standardization
of QAOA error mitigation evaluation, a crucial step
for advancing toward robust, reproducible, and scalable
quantum optimization pipelines.

IV. CLASSIFICATION OF QAOA SETTINGS WITH ERROR
MITIGATION STRATEGIES
The performance of the QAOA is highly sensitive to both
hardware constraints and noise characteristics inherent to
near-term quantum devices. Consequently, the effectiveness
of QEM techniques is not uniform across all QAOA
deployments but must instead be tailored to the specific
setting in which the algorithm is applied.

In this section, we classify QAOA settings into three pri-
mary categories—hardware-constrained QAOA, noisy NISQ
QAOA, and QAOA for all-to-all or dense graphs—and
critically analyze the most appropriate QEM strategies for
each category. This classification provides practical guid-
ance for researchers and practitioners seeking to maximize
QAOA performance under different noise models and device
architectures.

A. HARDWARE-CONSTRAINED QAOA
Hardware-constrained QAOA arises when the quantum
device exhibits restricted qubit connectivity, hardware-native
gate set limitations, or short coherence times. This setting is
typical for many current superconducting qubit architectures
(e.g., heavy-hex or linear lattices) and certain trapped-ion
layouts where non-local qubit interactions are not naturally
supported. The primary challenge in this setting is the

significant overhead introduced during the compilation,
or transpilation, of the quantum circuit. When the required
interactions of the problem graph do not match the physical
qubit connectivity of the hardware, the compiler must insert
additional SWAP operations to move logical qubit states
around the processor. This process is visually demonstrated
in Figure 4. The figure shows that to map a dense, all-
to-all problem graph (a) onto a device with simple linear
connectivity (b), multiple SWAP gates must be added to the
circuit just to perform a single logical interaction between
non-adjacent qubits (c). So there will be large overhead
of SWAP gates required to execute interactions between
non-adjacent qubits, which dramatically increases circuit
depth and exposure to noise. Preprocessing techniques that
optimize the circuit before execution are paramount.
Example 1 (Hardware-Constrained Setting): Consider a

scenario where the task is to solve a MaxCut problem on a
16-qubit graph with a high average degree, using a quantum
processor limited to a linear qubit connectivity chain. In this
hardware-constrained setting, the primary challenge is the
excessive circuit depth and error accumulation caused by the
large number of SWAP gates needed to implement the cost
Hamiltonian.

For this situation, a recommended QEM pipeline would
be a two-stage process. First, during the Preprocessing stage,
a sophisticated Qubit Mapping and Routing Optimization
algorithm [54], [57] should be employed as the most critical
step to minimize the SWAP overhead. Once the circuit
structure has been optimized, the Execution stage should
incorporate Readout Correction [60]. This is achieved by
running calibration circuits to build a noise model that
corrects for final-step measurement noise, serving as a
crucial, low-overhead method to improve the final data
quality.
Justification for Pipeline in Example 1: In the scenario
described in Example 1, the recommended pipeline pri-
oritizes tackling the most dominant source of error first.
For a problem with a high-degree graph on hardware with
limited connectivity, the primary challenge is structural,
as the required SWAP operations significantly increase the
overall circuit depth. Therefore, Qubit Mapping and Routing
Optimization is selected as the initial step because it directly
minimizes this SWAP overhead at the compilation stage.
Research has demonstrated that hardware-aware compila-
tion can achieve significant gate count reductions, with
some methods reporting up to a 65% decrease for large
graphs [57]. After the circuit depth has been optimized,
Readout Correction is chosen as a complementary second
step. This technique addresses a different, independent source
of error—bit-flip inaccuracies during measurement—and
does so withmanageable overhead, making it an efficient way
to enhance the fidelity of the already-optimized circuit.

B. NOISY NISQ QAOA
This setting describes deployments where stochastic (ran-
dom) errors are the dominant performance limiters. The
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primary challenge is that the quantum state is continuously
corrupted by random noise, leading to a flattened and
distorted energy landscape. A combination of execution-time
and post-processing techniques is most effective.
Example 2 (Noisy NISQ Setting): Consider where a 50-

qubit QUBO instance for portfolio optimization running on
a general-purpose quantum computer. This device may have
sufficient qubit connectivity but only moderate gate fidelities
(e.g., 99.5%). The primary challenge here is not structural,
but rather the continuous corruption of the quantum state
by random, stochastic errors, which leads to a flattened and
distorted energy landscape.

In this scenario, a powerful QEM pipeline would combine
execution and post-processing techniques. The ideal first-line
defense is ZNE [59], implemented by executing the circuit
at scaled noise levels and extrapolating the results back to
the zero-noise limit. As a second step, a Machine Learning-
based Expectation Value Correction model [58] can be
applied in post-processing. This advanced technique provides
a final layer of data-driven refinement on the ZNE-mitigated
results, correcting for complex noise correlations that simple
extrapolation might miss.
Justification for Pipeline in Example 2: For the 50-qubit
portfolio optimization problem in Example 2, the challenge
is not excessive SWAPs but the aggregate impact of random
noise from a high volume of gates. ZNE is the ideal first-line
defense because it is specifically designed to mitigate errors
that scale with gate count by extrapolating to the zero-
noise limit. Venere et al. has shown ZNE can successfully
recover a significant portion of the ideal performance
in noisy QAOA workflows [59]. While powerful, ZNE’s
extrapolation may not capture all complex noise correlations.
Therefore, a Machine Learning-based Expectation Value
Correction model is added as a second step. This advanced
technique provides a final layer of data-driven refinement,
as demonstrated by Sack and Egger, who used a neural
network to infer and correct noise distortions, leading to
improved convergence in large-scale QAOA runs [58].

C. QAOA FOR ALL-TO-ALL OR DENSE GRAPHS
This setting involves problems requiring O(n2) entangling
gates. The primary challenge is the sheer number of gates,
leading to extremely deep circuits. Techniques that exploit
the problem’s inherent structure are essential.
Example 3 (Dense Graph Setting): The third setting

involves problems with dense or all-to-all connectivity, such
as finding the MaxCut on a 20-vertex complete graph.
If run on a device with full connectivity, like a trapped-ion
quantum computer, the challenge is not qubit routing but the
immense circuit depth from the sheer number of entangling
gates required, as well as the significant degree of problem
symmetry.

For this type of problem, the most effective QEM
pipeline leverages the inherent structure of the graph. During
Preprocessing, Symmetry Exploitation [56] should be used
to simplify the problem by factoring out the permutation

symmetries of the complete graph. This can fundamentally
reduce the complexity and depth of the required circuit. As a
complementary second step, Result Filtering [62] can be
applied in Post-processing. This technique leverages the same
symmetries to validate the final measurement outcomes,
discarding any results that noise has pushed out of the valid
solution subspace. It is worth noting that related symmetry
verification methods [63] can also be implemented during the
execution stage using mid-circuit measurements.
Justification for Pipeline in Example 3: The pipeline recom-
mended for Example 3 is tailored for a dense, complete graph
where the primary challenges are immense circuit depth and
a high degree of symmetry. On a fully-connected device,
Qubit Mapping is unnecessary. Symmetry Exploitation is the
most potent strategy because it can achieve ‘‘profound circuit
simplifications’’ by fundamentally reducing the problem’s
complexity. For example, factoring out ‘‘semi-symmetries’’
has been shown to reduce two-qubit couplings by up to
49% and circuit depth by up to 41% [56]. The choice of
Result Filtering via Symmetry Constraints as a second step
is a natural complement. This post-processing technique
leverages the same symmetries used in preprocessing to
validate the final measurement outcomes, discarding any
results that noise has pushed out of the valid solution
subspace [62].
This classification illustrates that no single error mitigation

strategy universally optimizes QAOA performance. Instead,
effective deployment requires careful alignment of QEM
techniques with hardware capabilities, noise characteristics,
and problem-specific demands. By tailoring mitigation
strategies to the dominant challenges of each QAOA setting,
researchers and practitioners can substantially enhance
scalability, accuracy, and robustness of QAOA workflows on
near-term quantum devices.

V. COMPARATIVE ANALYSIS AND TRADE-OFFS
The selection and deployment of an effective QEM strategy
for the QAOA is not a monolithic decision but rather a
nuanced exercise in balancing performance gains against
resource overhead. As systematically detailed in Table 2,
each QEM technique presents a unique profile of benefits
and costs, which can be holistically analyzed across the
preprocessing, circuit execution, and post-processing stages
of a QAOA workflow. This section provides a compar-
ative analysis of these methods, elucidating the critical
trade-offs that practitioners must navigate when designing
noise-resilient quantum optimization pipelines.

The primary trade-off observed in preprocessing tech-
niques is the investment of substantial classical (and some-
times quantum) computational resources to generate quantum
circuits that are inherently more robust and hardware-
efficient. For instance, Qubit Mapping & Routing Optimiza-
tion leverages powerful classical SAT solvers to achieve
remarkable gate count reductions—such as a 65% decrease
for 500-node graphs —at the cost of significant classical pre-
processing [57]. Similarly, Symmetry Exploitation requires
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O(n3) classical computation to identify semi-symmetries but
also introduces quantum overhead in the form of additional
ancilla qubits to deliver its impressive reductions in gate
couplings (up to 49%) and depth (up to 41%) [56]. Ansatz
Design Optimization pushes this trade-off further, with meth-
ods like the Parity Method demanding a quadratic increase in
qubit overhead to enable amore noise-resilient encoding [52].
These strategies are therefore most suitable for scenarios
where the primary limitation is the quantum circuit’s depth
and susceptibility to decoherence, justifying a heavy upfront
investment to simplify the subsequent quantum execution.
Similarly, Adaptive-Bias ansatz construction reduces the
circuit depth required for convergence, effectively trading
quantum gate depth for increased complexity in the classical
optimization loop to update the bias parameters [28].
In contrast, circuit execution techniques shift the resource

burden to the quantum runtime, requiring additional cali-
bration circuits, ancillary logic, or repeated executions to
actively manage errors as they occur. A clear illustration of
this trade-off is seen when comparing Readout Calibration
with advanced Cross-Talk Modeling. Standard Readout
Calibration offers a moderate performance improvement but
relies on an exponentially costly characterization requiring
O(2N ) circuits [60]. However, recent scalable approaches
utilizing tensored calibration matrices can mitigate this
overhead to linear scaling by assuming noise locality [61].
In contrast, explicitly modeling crosstalk via DDOT achieves
superior error reduction—improving outcomes by a factor
of over 22 on IBM hardware—with a much more scalable
characterization overhead of onlyO(k ·2k logN ) circuits [60].
It is important to note that this magnitude of improvement is
setting-dependent, specifically observed on processors with
significant readout crosstalk. This highlights a key trend: as
QEM techniques become more sophisticated, they can offer
greater performance with more efficient overhead. Other
methods in this category, such as Symmetry Verification [63],
introduce ancilla-based or compression circuits directly into
the QAOA workflow, adding to the gate depth and overhead
in exchange for the ability to filter corrupted states during the
evolution.

Finally, post-processing techniques provide a flexible
alternative by moving the mitigation workload entirely
into the classical domain after measurement data has been
collected. ZNE Fitting, for example, requires no modification
to the quantum circuit itself but instead relies on classical
modeling to extrapolate noisy data points to the zero-noise
limit, successfully recovering a significant portion of the
ideal performance (e.g., improving the approximation ratio
from 0.58 to over 0.75) [59]. Result Filtering similarly
operates on classical bitstrings, achieving a notable 23%
average improvement in fidelity by discarding invalid
outcomes, albeit at the cost of increased measurement
shots to ensure statistical convergence [62]. However, this
improvement was demonstrated on small-scale benchmarks
(up to 5 qubits) on the 7-qubit ibmq_jakarta processor; for
larger systems, the exponential reduction in valid sample

yield may limit practical scalability. Similarly, Expectation
Value Correction strategies present a trade-off between
computational overhead and specific error targeting. Data-
driven methods such as neural networks or CDR rely on
generating classical training data, effectively shifting the cost
to offline simulation [58], [64]. In contrast, Variance-Based
Extrapolation does not require training data but instead incurs
a real-time measurement overhead to estimate the energy
variance 1var, offering the distinct advantage of mitigating
algorithmic errors alongside hardware noise [66]. A unique
case is the Digitization of Parameters, which mitigates analog
control noise by trading circuit depth for robustness; this
method requires a depth increase that scales as log2

(√
ϵ

p

)
to achieve the desired precision [67]. These post-processing
strategies are particularly valuable when quantum resources
are the primary bottleneck and classical computational power
is readily available.

In summary, the comparative analysis reveals a clear
spectrum of strategic choices. Preprocessing techniques
are indispensable in hardware-constrained settings where
minimizing circuit depth and SWAP overhead is critical.
During execution stage methods offer the highest-fidelity
corrections for specific, dominant noise sources like readout
errors, provided the calibration overhead is manageable.
Post-processing offers a versatile and low-quantum-overhead
solution that is ideal for refining results classically. The
most effective noise-resilient QAOA pipelines will ultimately
employ a synergistic combination of these strategies, creating
a multi-layered defense against noise that is tailored to the
specific problem instance and hardware platform.

VI. OPEN CHALLENGES AND FUTURE DIRECTIONS
While significant progress has been made in developing
and applying QEM techniques to QAOA, several open
challenges remain. These challenges limit the scalability, gen-
eralizability, and long-term robustness of current mitigation
approaches, especially as quantum devices evolve in size
and architecture. Addressing these challenges is critical for
transitioning QAOA from controlled experimental studies to
real-world quantum applications.

A. LIMITATIONS OF CURRENT QEM METHODS
Many existing QEM techniques have been designed for
small- to medium-scale systems and are not directly scalable
to high-qubit-count architectures. For example, methods
such as symmetry verification or readout calibration become
increasingly expensive as the number of qubits grows, due
to exponential increases in calibration experiments or the
complexity of symmetry checks. Additionally, techniques
like ZNE and circuit averaging rely on repeated circuit
evaluations, which may become infeasible in low-latency or
high-throughput settings.

Moreover, the assumptions underlying some mitigation
techniques—such as static noise models or idealized symme-
try constraints—may not hold on fluctuating or dynamically
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TABLE 2. Comparative analysis of QEM techniques for QAOA.
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calibrated hardware. These limitations highlight the need for
more adaptive, efficient, and scalable QEM strategies that can
generalize beyond small-scale benchmarks.

B. ADAPTIVE AND DYNAMIC ERROR MITIGATION
A key direction for future research is the development of
adaptive QEM techniques that can respond dynamically to
real-time hardware noise conditions. This includes strategies
that monitor device performance during execution and adjust
parameters, calibration routines, or error models on-the-fly.
A promising approach in this area is pulse-based adaptive
mitigation, which uses a specific pulse-level inverse of the
circuit to probe the noise strength and adjust mitigation
coefficients accordingly, without requiring complex tomog-
raphy or a machine-learning stage [68]. Such methods are
designed to handle time-dependent noise and have been
shown to be robust to calibration drifts over long experi-
mental runs, allowing circuits to maintain fidelity despite
hardware fluctuations [68]. Other promising examples
include dynamic symmetry detection, real-time fidelity-
aware qubit remapping, or online ZNEfitting using streaming
measurements. These techniques would benefit from tighter
integration between QEM modules and quantum runtime
systems or cloud-based quantum platforms.

C. INTEGRATION WITH QUANTUM COMPILERS AND
SCHEDULERS
Many QEM strategies—especially in the preprocessing
category—can be enhanced through deeper integration with
quantum compilers and hardware-aware schedulers. For
example, compiler-level gate synthesis and routing can
incorporate noise-aware metrics, such as error rates or
crosstalk profiles, to automatically generate more robust
QAOA circuits.

Currently, such integration remains limited or ad hoc.
Future QAOA pipelines could benefit from standardized
QEM-aware compilation frameworks that seamlessly com-
bine qubit mapping, gate ordering, and symmetry exploitation
with circuit-specific error profiling.

D. STANDARDIZATION AND BENCHMARKING OF QEM
TECHNIQUES
A significant challenge facing the QEM community is
the lack of standardized benchmarks for evaluating miti-
gation techniques across QAOA settings. Most studies test
techniques on specific problems (e.g., Max-Cut, portfolio
optimization) under unique hardware conditions, making
direct comparison difficult.

To advance the field, there is a pressing need for:

• Standardized datasets and QAOA benchmark instances.
State-of-the-art research demonstrating quantum utility
has been required to develop its own rigorous, large-
scale benchmarking protocols to validate its claims [69].
The absence of a community-wide standard neces-
sitates such complex, resource-intensive efforts on

a case-by-case basis, highlighting the need for more
universal evaluation frameworks.

• Unified metrics for accuracy, noise resilience, and cost
efficiency.

• Cross-platform experimental protocols for evaluating
QEM effectiveness.

Such efforts would enable more reproducible research and
guide the development of generalized QEM strategies that are
effective across architectures and applications.

E. MACHINE LEARNING AND DATA-DRIVEN FOR QEM
Machine learning (ML) offers a promising pathway to
transcend the limitations of static error models by learning
noise patterns directly from data. While early ML techniques
demonstrated success in mapping noisy measurement dis-
tributions to their ideal counterparts via Artificial Neural
Networks (ANNs) [70], recent advancements have addressed
the critical challenges of scalability.

1) SCALABILITY AND EFFICIENCY
A key limitation of traditional error mitigation is the
exponential cost of characterizing noise on larger devices.
Recent work by Tu et al. [71] and Cantori [72] has
introduced scalable deep learning frameworks that exploit the
synergy between noisy quantum hardware and classical high-
performance computing. By training on efficiently simulable
‘‘Clifford-heavy’’ or smaller-scale circuits, these models can
generalize to larger, relevant quantum instances without the
overhead of full tomography, making them highly promising
for near-term scaling.

2) OVERHEAD ANALYSIS
Regarding computational cost, a major advantage of these
strategies is their impact on circuit repetitions. Unlike
standard techniques like ZNE or PEC which incur a
multiplicative overhead in measurement shots (often scaling
exponentially with noise strength), ML surrogates shift the
overhead from the quantum processor (QPU) to the classical
training phase. As demonstrated by Liao et al. [73], classical
learning surrogates allow for sample-efficient mitigation:
once themodel is trained, the inference cost is negligible. This
makes them the most computationally efficient strategy for
runtime-constrained QAOA workflows where reducing QPU
latency is paramount, provided the one-time classical training
cost can be amortized.

VII. CONCLUSION
As NISQ-era quantum hardware continues to evolve, the
development of effective and efficient error-mitigation
strategies is essential to realizing the practical potential
of quantum optimization algorithms. This paper addressed
that need by presenting a comprehensive classification of
QEM techniques for QAOA, organized across the stages of
algorithm execution. By classifying techniques into prepro-
cessing, during execution, and post-processing categories,
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we have created a structured framework for understanding the
landscape of mitigation approaches.

Furthermore, we moved beyond a simple survey by
establishing a prescriptive framework that maps tailored,
multi-stage QEM pipelines to distinct QAOA deploy-
ment archetypes—hardware-constrained, noise-dominated,
and dense-graph settings. Each recommendation is supported
by an evidence-based rationale, providing practitioners with
actionable guidance for their specific use cases. This frame-
work is supported by an in-depth comparative analysis of
the trade-offs amongmitigation accuracy, resource efficiency,
and noise resilience, synthesized from a holistic review of the
state-of-the-art literature.

While significant progress has been made, our discussion
of open challenges highlights the ongoing need for scalable,
adaptive, and compiler-integratedQEMapproaches.We envi-
sion future QAOA pipelines that leverage dynamic error
tracking, machine learning-based mitigation, and standard-
ized benchmarking to improve robustness and reproducibil-
ity.

In summary, this work not only organizes existing
knowledge but also provides actionable insights to support
the design of robust QAOA implementations on today’s
imperfect quantum devices. By making informed choices
about when and how to mitigate errors, researchers and
practitioners can move closer to achieving meaningful
quantum advantage in real-world optimization tasks.
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