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Abstract: The convergence of quantum computing and robotics represents a paradigm shift in autonomous systems design, promising to overcome
fundamental computational limitations that have constrained classical robotic capabilities. This comprehensive review surveys the rapidly evolv-
ing field of quantum machine learning (QML) for robotics, systematically analyzing 107 peer-reviewed contributions spanning quantum algo-
rithms, machine learning techniques, and their robotic applications. We provide a detailed historical perspective on the field’s development, from
the early theoretical foundations established by Grover’s search algorithm and quantum reinforcement learning proposals to current experimental
implementations on noisy intermediate-scale quantum (NISQ) devices. The review systematically examines five major application domains: (1)
quantum reinforcement learning for navigation and control, (2) quantum search and path planning algorithms, (3) quantum-enhanced localization
and mapping, (4) quantum optimization for inverse kinematics and task allocation, and (5) multi-robot coordination and swarm intelligence.
For each domain, we present detailed algorithmic formulations, computational complexity analyses, and critical assessments of experimental
results. Our analysis reveals that while provable quantum advantage in robotics remains largely prospective, recent demonstrations show promis-
ing results: quantum deep reinforcement learning achieving 40% parameter reduction in navigation tasks, Grover-based kinematic optimization
demonstrating up to 93x speedups, and quantum annealing providing practical solutions for multi-robot routing. We identify key technical chal-
lenges including barren plateaus in variational circuits, noise-induced performance degradation, and the quantum-classical integration bottleneck.
Finally, we outline a strategic roadmap for quantum robotics research, distinguishing near-term opportunities in hybrid algorithms from long-term
goals requiring fault-tolerant quantum computation. This paper serves as both an authoritative technical reference and a comprehensive guide for
researchers working at the intersection of quantum computing and autonomous systems.

Keywords: Quantum machine learning, quantum reinforcement learning, quantum robotics, variational quantum algorithms, path planning,
NISQ computing, quantum optimization, multi-robot systems

I. Introduction
A. Motivation and Background

The field of robotics stands at a computational crossroads.
As autonomous systems confront increasingly complex envi-
ronments and tasks, classical computing paradigms strain un-
der the weight of exponential state spaces, real-time decision
requirements, and the curse of dimensionality [1–3]. Modern
robotic applications—from autonomous vehicles navigating ur-
ban environments to surgical robots performing delicate pro-
cedures—demand computational capabilities that push against
fundamental limits of classical algorithms [4, 5].

Consider the path planning problem for a robot with d de-
grees of freedom operating in an environment with n obstacles.
The configuration space has dimension d, and naive discretiza-
tion with resolution r yields rd possible configurations. For a
6-DOF manipulator with r = 100 resolution points per dimen-
sion, this represents 1012 configurations—a search space that
grows exponentially with the robot’s complexity [3, 6].

Quantum computing offers a fundamentally different compu-
tational paradigm that may address these limitations [7, 8]. By
exploiting quantum mechanical phenomena including superpo-
sition, entanglement, and interference, quantum algorithms can
achieve provable speedups for specific problem classes [9, 10].
The seminal work by Biamonte et al. [11] established quantum
machine learning as a distinct field, while subsequent research
has explored its application to robotics [12–14].

B. Quantum Computing Fundamentals for Robotics
The fundamental unit of quantum information is the qubit,

which generalizes the classical bit by existing in a coherent su-
perposition of basis states:

|ψ⟩ = α |0⟩+ β |1⟩ (1)

where α, β ∈ C are complex probability amplitudes satisfying
the normalization condition |α|2 + |β|2 = 1. Upon measure-
ment in the computational basis, the qubit collapses to |0⟩ with
probability |α|2 or |1⟩ with probability |β|2.

For an n-qubit system, the state space dimension grows expo-
nentially as 2n:

|Ψ⟩ =
2n−1∑
i=0

ci |i⟩ ,
2n−1∑
i=0

|ci|2 = 1 (2)

This exponential scaling of the Hilbert space dimension un-
derlies the potential quantum advantage for problems involving
high-dimensional search or optimization [7].

Quantum operations are represented by unitary matrices U
satisfying U†U = UU† = I . The set of single-qubit gates
forms a continuous group, with important examples including
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the Pauli matrices:

X =

(
0 1
1 0

)
, Y =

(
0 −i
i 0

)
, Z =

(
1 0
0 −1

)
and parameterized rotation gates:

Rα(θ) = e−iθα/2 = cos
θ

2
I − i sin θ

2
α

where α ∈ {X,Y, Z}, with X , Y , and Z being the Pauli
matrices defined above. These Pauli matrices correspond to ro-
tations around the x-, y-, and z-axes of the Bloch sphere, respec-
tively.

Two-qubit entangling gates create quantum correlations with-
out classical analogue. The controlled-NOT (CNOT) gate:

CNOT =

1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 (3)

flips the target qubit conditioned on the control qubit being in
state |1⟩. Applied to the state |+⟩ |0⟩, it produces the maximally
entangled Bell state:∣∣Φ+

〉
=

1√
2
(|00⟩+ |11⟩) (4)

Entanglement enables quantum speedups by allowing quan-
tum algorithms to exploit correlations across exponentially
many computational paths simultaneously [7].

C. Historical Development of Quantum Robotics
The historical trajectory of quantum robotics reveals a field

in rapid transition from theoretical speculation to experimental
validation. We identify four distinct phases of development, il-
lustrated in Fig. 1, which provides a comprehensive visualiza-
tion of key milestones from the theoretical foundations of 1996
through the experimental validation era of 2022–2025.

Phase I: Theoretical Foundations (1996-2008). The field’s
origins trace to Grover’s seminal search algorithm [9], which
demonstrated that quantum computers can search an unstruc-
tured database of N items in O(

√
N) queries, compared to the

classical lower bound of Ω(N). This quadratic speedup imme-
diately suggested applications in robotic path planning, where
searching configuration spaces is a fundamental operation [10].

Benioff [15] introduced the concept of quantum
robots—autonomous systems with quantum computational
capabilities—establishing a theoretical framework for the
field. Dong et al. [16] proposed one of the first quantum
reinforcement learning algorithms, demonstrating provable
advantages in specific learning scenarios through quantum
amplitude amplification.

Phase II: Algorithmic Development (2008-2018). This pe-
riod saw the development of core quantum machine learning al-
gorithms with potential robotic applications. Lloyd et al. [17]
proposed quantum algorithms for supervised and unsupervised
learning, while Rebentrost et al. [18] demonstrated exponential
speedups for support vector machines given quantum random
access memory (qRAM).

The comprehensive review by Dunjko and Briegel [12] iden-
tified reinforcement learning as particularly amenable to quan-
tum enhancement, outlining multiple pathways to quantum ad-
vantage including quantum exploration, quantum policy eval-
uation, and quantum model-based planning. Schuld and col-
leagues [19, 20] established rigorous mathematical foundations
for quantum machine learning, including the theory of quantum
feature maps and kernel methods.

Phase III: NISQ-Era Adaptation (2018-2022). The recog-
nition that fault-tolerant quantum computing remains dis-
tant spurred development of algorithms suitable for noisy
intermediate-scale quantum (NISQ) devices [21]. Variational
quantum algorithms (VQAs) emerged as the dominant paradigm
[22–24], combining parameterized quantum circuits with classi-
cal optimization.

The position paper by Petschnigg et al. [13] systemati-
cally outlined quantum computing applications in robotic sci-
ence through the sense-think-act cycle, identifying specific op-
portunities in perception, artificial intelligence, kinematics, and
system diagnosis. This foundational work established quantum
robotics as a distinct research domain and anticipated many cur-
rent research directions.

Skolik et al. [25] implemented variational quantum deep
Q-learning, demonstrating comparable performance to classical
deep Q-networks with improved parameter efficiency. Chen et
al. [26] developed variational quantum circuits for deep rein-
forcement learning, establishing practical implementations on
quantum simulators.

Phase IV: Experimental Validation (2022-Present). Recent
years have witnessed the first experimental demonstrations of
quantum algorithms on robotic-relevant problems at meaning-
ful scale. Hohenfeld et al. [27] demonstrated quantum deep
reinforcement learning for wheeled robot navigation, achieving
optimal policies with 40% fewer trainable parameters than clas-
sical baselines.

Sinha et al. [28] developed Nav-Q for autonomous vehicle
navigation in realistic simulators, while Lokossou et al. [29] ex-
tended quantum RL to humanoid robot control. Nigatu et al.
[30] demonstrated Grover-based kinematic optimization achiev-
ing up to 93x speedups over classical optimizers for manipulator
planning. The comprehensive review by Yan et al. [14] syn-
thesized these developments, establishing quantum robotics as a
mature research area.

D. Scope and Contributions
This review provides a comprehensive synthesis of quan-

tum machine learning for robotics, integrating theoretical foun-
dations with practical applications across the robotic software
stack. Our specific contributions include:

(i) A systematic review methodology based on PRISMA
guidelines [31], rigorously analyzing 107 peer-reviewed
references across theoretical, algorithmic, and applied di-
mensions

(ii) Comprehensive technical coverage of quantum rein-
forcement learning (Section IV), quantum planning and
search (Section V), quantum localization and mapping
(Section VI), and quantum optimization (Section VII), with
detailed algorithmic formulations and complexity analyses
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Foundations
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Quantum Robots (1998)

First QRL (2008)

Phase II:
Algorithmic
Development

Quantum SVM (2014)

VQE Proposed (2014)

QML Review (2017)

Phase III:
NISQ-Era
Adaptation

NISQ Term (2018)

VQA Framework (2019)

VQ-DQN (2022)

Phase IV:
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Robot Navigation (2024)

Kinematic Opt. (2025)

Nav-Q (2025)

Fig. 3. Historical Development of Quantum RoboticsFig. 1 Historical development of quantum robotics spanning four distinct phases. Phase I (1996–2008) established theoretical foundations with
Grover’s algorithm and early quantum reinforcement learning proposals. Phase II (2008–2018) focused on algorithmic development including
quantum SVMs and the VQE framework. Phase III (2018–2022) adapted algorithms for NISQ devices with variational approaches. Phase IV
(2022–present) has seen experimental validation on real quantum hardware and robotic simulators. Key milestones are annotated below the
timeline, showing the progression from abstract theory to practical demonstration.

(iii) Critical assessment of quantum hardware progress
across superconducting, photonic, and trapped-ion plat-
forms (Section VIII), with specific implications for robotic
applications

(iv) Identification of fundamental research challenges in-
cluding barren plateaus, noise resilience, and scalability
(Section X), with a strategic roadmap for future develop-
ment

(ii) Integration of advances through 2025, providing a state-of-
the-art perspective on the field’s trajectory based on care-
fully validated, high-quality studies

E. Paper Organization
The remainder of this paper is organized as follows. Section

II details our systematic review methodology, including search
strategy, inclusion criteria, and corpus characteristics. Section
III establishes the quantum computing and machine learning
foundations essential for understanding the subsequent techni-
cal content.

The core technical sections examine specific application do-
mains: Section IV analyzes quantum reinforcement learning for
robotic navigation and control; Section V covers quantum search
and path planning algorithms; Section VI addresses quantum-
enhanced localization and mapping; and Section VII examines
quantum optimization for control and multi-robot coordination.
Section VIII assesses the current state of quantum hardware and
its implications for robotic applications. Section IX surveys
emerging application domains. Section X discusses fundamen-
tal challenges and outlines future research directions. Finally,
Section XI presents conclusions and a strategic outlook for the
field.

II. Systematic Review Methodology
A. Guiding Framework and Protocol

This review employs a rigorous systematic methodology
adapted for interdisciplinary research at the quantum-robotics
interface. We followed the PRISMA 2020 guidelines [31] for
transparent reporting and implemented established protocols for
engineering literature reviews [32]. The methodology was de-
signed to ensure comprehensive coverage while maintaining
rigor, reproducibility, and relevance to both quantum computing
and robotics research communities.

Our approach addresses the unique challenges of reviewing an
emerging, interdisciplinary field characterized by rapid publica-
tion cycles, diverse venues (spanning physics, computer science,
and engineering), and varying levels of technical maturity. We
balanced inclusiveness with quality assessment, recognizing that
significant contributions may appear as preprints before formal
journal publication [33].

B. Search Strategy and Database Selection
We conducted exhaustive searches across major electronic

databases including IEEE Xplore, ACM Digital Library, Web of
Science, Scopus, arXiv, and Google Scholar. The search strategy
employed a structured Boolean query optimized for sensitivity
and specificity:

("quantum machine learning" OR "QML" OR
"quantum reinforcement learning" OR
"quantum robotics" OR "quantum robot" OR
"quantum autonomous")
AND
("robotics" OR "autonomous systems" OR
"robot control" OR "robot learning" OR
"path planning" OR "navigation" OR
"manipulation" OR "SLAM")
AND
(2015-2025)
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The temporal range (2015-2025) captures the period of most
rapid development in quantum robotics, beginning with the
maturation of quantum machine learning theory and extending
through current experimental demonstrations.

We supplemented database searches with backward and for-
ward snowballing [34] to identify seminal works and recent de-
velopments that might not be captured by database indexing.
Grey literature including technical reports, preprints, and indus-
try white papers was included when providing unique insights,
particularly for hardware developments where peer review cy-
cles lag behind rapid progress.

C. Inclusion and Exclusion Criteria
Studies were included based on the following criteria: pub-

lication between January 2015 and December 2025; peer-
reviewed journal articles, conference proceedings, or high-
impact preprints (determined by citation rate > 5 citations/year
or acceptance at top venues); primary focus on quantum al-
gorithms with direct robotic applications or clearly transfer-
able insights; technical contributions including theoretical anal-
ysis, simulation results, or hardware implementations; and clear
methodological description enabling assessment of validity and
reproducibility.

Exclusion criteria eliminated tutorials, opinion pieces, and
purely speculative works without technical substance; duplicate
publications (retaining the most complete version); non-English
publications without English abstracts; works focusing solely on
quantum-inspired classical algorithms without quantum imple-
mentation; and studies with insufficient methodological detail
for quality assessment.

The complete flow of our systematic review process is illus-
trated in Fig. 2, which follows the PRISMA 2020 guidelines
for transparent reporting. This diagram shows the progression
from initial database searches through screening, eligibility as-
sessment, and final inclusion, providing full transparency into
our selection methodology.

D. Data Extraction and Quality Assessment
For each included study, we extracted detailed metadata using

a standardized protocol adapted from Petersen et al. [35]. The
extraction template captured bibliographic data (authors, year,
venue, citation count); algorithm classification (gate-based vs.
annealing, variational vs. fault-tolerant); resource requirements
(qubit count, circuit depth, gate count); hardware platform (sim-
ulator, superconducting, photonic, trapped-ion, or annealer);
problem domain (navigation, manipulation, planning, SLAM,
optimization, coordination); evaluation metrics (success rate,
speedup, parameter efficiency, sample complexity); comparison
baseline (classical algorithm compared against); and limitations
acknowledged (noise sensitivity, scalability constraints, assump-
tions).

Quality assessment followed a modified Newcastle-Ottawa
Scale adapted for computational studies, evaluating algorithmic
soundness, experimental rigor, baseline comparisons, and repro-
ducibility.

E. Corpus Characteristics
Our search identified 712 initial records, which after dedu-

plication and screening yielded 107 high-quality publications
for in-depth analysis. The selection rate (15.0%) reflects our

commitment to including only well-validated contributions with
clear technical merit.

The temporal and thematic distribution of our reviewed cor-
pus is presented in Fig. 3. As shown in Fig. 3(a), the temporal
distribution reveals exponential growth in the field: 12 publica-
tions (2015-2017), 18 publications (2018-2019), 29 publications
(2020-2021), 31 publications (2022-2023), and 17 publications
(2024-2025). This growth pattern reflects the field’s accelerating
maturation, with the slight decrease in 2024-2025 attributable to
the recency of these publications and ongoing peer review pro-
cesses.

Fig. 3(b) presents the thematic distribution across research ar-
eas. Quantum reinforcement learning dominates with 24 publi-
cations (22.4%), reflecting the natural synergy between quantum
computing and sequential decision-making problems. Quantum
planning and search follows with 21 publications (19.6%), lever-
aging Grover’s algorithm for configuration space exploration.
Quantum optimization accounts for 19 publications (17.8%), ad-
dressing task allocation and trajectory optimization. Hardware
and implementation studies comprise 16 publications (15.0%),
essential for understanding practical constraints. Quantum lo-
calization and SLAM represents 12 publications (11.2%), while
theoretical foundations account for 15 publications (14.0%).

Publication venues span quantum computing (Nature, Phys-
ical Review, Quantum, npj Quantum Information), robotics
(ICRA, IROS, IEEE Transactions on Robotics), machine learn-
ing (NeurIPS, ICML), and interdisciplinary journals (Science
Robotics, Nature Machine Intelligence).

III. Quantum Computing and Machine Learning Founda-
tions

A. Quantum Algorithmic Paradigms
The theoretical foundations of quantum robotics rest on sev-

eral algorithmic paradigms, each offering different types of com-
putational advantages [7, 8]. The potential speedups achievable
through quantum algorithms are illustrated in Fig. 4, which con-
trasts classical and quantum computational complexity for prob-
lems central to robotics.
a) Grover’s Search Algorithm

Grover’s algorithm [9] provides the foundational speedup for
unstructured search problems central to many robotic applica-
tions. Given a search space of N elements with M marked solu-
tions, the algorithm finds a solution with high probability using
O(
√
N/M) oracle queries, compared to the classical Ω(N/M)

lower bound.
The algorithm operates by iteratively applying the Grover op-

erator:
G = (2 |ψ⟩ ⟨ψ| − I)(I − 2 |w⟩ ⟨w|) (5)

where |ψ⟩ = 1√
N

∑N−1
x=0 |x⟩ is the uniform superposition and

|w⟩ represents marked solutions. The geometric interpretation
views this as rotation in a two-dimensional subspace spanned by
marked and unmarked states [7].

For robotic path planning, Grover’s algorithm can search
over discretized configuration spaces. If the configuration space
has N = rd points (resolution r, dimension d), the quantum
approach requires O(rd/2) oracle calls compared to classical
O(rd), yielding speedup rd/2 [30, 36]. This relationship is quan-
tified in Fig. 4(b), which shows how the theoretical speedup fac-
tor scales with the robot’s degrees of freedom.
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IDENTIFICATION

Records identified through
database searching (n = 712)

SCREENING

Records after duplicates removed
(n = 623)

Records screened
(n = 623)

Excluded
(n = 412)

ELIGIBILITY

Full-text articles assessed
for eligibility (n = 211)

Excluded
(n = 104)

INCLUDED

Studies included in
quantitative synthesis

(n = 107)

Fig. 1. PRISMA Flow Diagram for Systematic Review

Fig. 2 PRISMA flow diagram illustrating our systematic review methodology. From 712 initially identified records, duplicates were removed
yielding 623 unique records for screening. After title and abstract screening excluded 412 records and full-text assessment excluded 104 articles,
107 high-quality studies were included in the final quantitative synthesis. The 15.0% inclusion rate reflects our commitment to rigorous quality
assessment.

b) Quantum Amplitude Amplification
Amplitude amplification [37] generalizes Grover’s algorithm

to arbitrary initial distributions. Given a quantum algorithm A
that produces a superposition with amplitude a on good states,
amplitude amplification boosts the success probability to near-
unity using O(1/a) applications of A and its inverse.

The amplification operator is:

Q = −AS0A−1Sχ (6)

where S0 reflects about |0⟩ and Sχ reflects about good states.
This technique underlies quantum speedups in Monte Carlo es-

timation [38], policy evaluation in reinforcement learning [39],
and sampling-based motion planning [40].

c) Quantum Walks
Quantum walks [41, 42] provide an alternative paradigm

achieving speedups for graph-structured problems. The discrete-
time quantum walk on a graph G = (V,E) evolves a walker
state |v, d⟩ (vertex v, direction d) according to:

U = S · (C ⊗ IV ) (7)

where C is a coin operator and S is a shift operator.
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Fig. 3 Publication analysis of reviewed literature (n=107). (a) Temporal distribution showing exponential growth from 2015–2017 (12 publica-
tions) through 2022–2023 (31 publications), with the dashed line indicating the growth trend. The slight decrease in 2024–2025 reflects ongoing
peer review processes for recent submissions. (b) Thematic distribution revealing quantum reinforcement learning as the dominant research area
(22.4%), followed by planning algorithms (19.6%) and optimization (17.8%). These proportions reflect both the natural applicability of quantum
algorithms to specific problem classes and the maturity of different subfields.
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Fig. 4 Quantum computational advantage analysis for robotic applications. (a) Grover search speedup showing the quadratic quantum advantage:
classical search requires O(N) queries while quantum search achieves O(

√
N), with the shaded region indicating the quantum advantage zone.

For large problem sizes (N > 106), this translates to speedups exceeding 1000×. (b) Theoretical path planning speedup as a function of robot
degrees of freedom (DOF) for resolution r = 100. A 6-DOF manipulator can theoretically achieve 106× speedup, though practical realization
depends on oracle construction efficiency. The annotation emphasizes this represents a theoretical upper bound.

Ambainis [10] showed quantum walks achieve O(N2/3)
query complexity for element distinctness, improving on classi-
cal O(N). For robotic applications, quantum walks can acceler-
ate graph search in navigation [41] and multi-agent coordination
[43].

B. Quantum Machine Learning Foundations
a) Quantum Feature Maps and Kernel Methods

Quantum feature maps encode classical data into quantum
states, enabling access to exponentially large feature spaces
[44, 45]. A feature map ϕ : X → Hmaps classical input x ∈ Rd

to a quantum state |ϕ(x)⟩ in Hilbert spaceH.
Common encoding strategies include:

Angle encoding: Each feature encodes as a rotation angle:

|ϕ(x)⟩ =
d⊗

i=1

RY (xi) |0⟩ =
d⊗

i=1

(
cos

xi
2
|0⟩+ sin

xi
2
|1⟩
)

(8)
Amplitude encoding: The data vector encodes as amplitudes:

|ϕ(x)⟩ = 1

∥x∥

N−1∑
i=0

xi |i⟩ (9)

requiring ⌈log2N⌉ qubits but O(N) gates for state preparation
[46].
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Input: Oracle Of marking M solutions among N
elements

Output: A marked element x∗ with probability ≥ 1− ϵ
n← ⌈log2N⌉;
Prepare uniform superposition: |ψ⟩ ← H⊗n |0⟩⊗n;
k ← ⌊π4

√
N/M⌋;

for i = 1 to k do
Apply oracle: |ψ⟩ ← Of |ψ⟩;
Apply diffusion: |ψ⟩ ← (2 |+⟩⊗n ⟨+|⊗n − I) |ψ⟩;

end
Measure |ψ⟩ in computational basis to obtain x∗;
return x∗;

Algorithm 1: Grover’s Search Algorithm

IQP (Instantaneous Quantum Polynomial) encoding: Em-
ploys entangling gates for expressive feature maps:

|ϕ(x)⟩ = Uϕ(x) |0⟩⊗n
=
∏

S⊆[n]

eiϕS(x)ZSH⊗n |0⟩⊗n (10)

where ZS =
⊗

i∈S Zi [45, 47].
The quantum kernel is defined as the inner product of encoded

states:
K(x, x′) = |⟨ϕ(x′)|ϕ(x)⟩|2 (11)

Havlı́ček et al. [45] demonstrated that quantum kernels can
be classically intractable to compute while remaining efficiently
estimable on quantum hardware, providing a potential path to
quantum advantage for classification tasks relevant to robotic
perception.
b) Quantum Neural Networks

Quantum neural networks (QNNs) [48–50] use parameterized
quantum circuits as trainable function approximators. A typi-
cal QNN architecture consists of an encoding layer Uenc(x) that
maps classical input to quantum state, variational layers Uvar(θ)
containing parameterized gates for learning, and measurement
that extracts classical output via observable expectation.

The variational ansatz typically alternates single-qubit rota-
tions and entangling layers:

Uvar(θ) =

L∏
l=1

Wl(θl)Vl (12)

where Wl(θl) =
⊗n

i=1RY (θ
Y
l,i)RZ(θ

Z
l,i) are parameterized

single-qubit gates and Vl are entangling layers (e.g., CNOT lad-
ders) [51, 52].

The output is obtained by measuring an observable O:

f(x;θ) = ⟨ψ(x;θ)|O|ψ(x;θ)⟩ (13)

where |ψ(x;θ)⟩ = Uvar(θ)Uenc(x) |0⟩.
Abbas et al. [53] analyzed the expressive power of QNNs,

showing they can represent functions with favorable properties
for learning. Cong et al. [49] introduced quantum convolu-
tional neural networks (QCNNs) that preserve locality structure,
achieving advantages for classifying quantum phases of matter.
c) Quantum Convolutional Neural Networks

QCNNs [49, 54] adapt the convolutional architecture to quan-
tum circuits through convolutional layers consisting of two-

qubit gates applied to neighboring pairs:

Uconv =
∏
i even

Ui,i+1(θ)
∏
i odd

Ui,i+1(θ
′) (14)

and pooling layers that measure a subset of qubits and apply
controlled operations:

Upool =
∏
i

Measurei · ControlledOpi→j (15)

Pesah et al. [54] proved that QCNNs avoid barren
plateaus—the gradient variance decays at most polynomially
rather than exponentially:

Var
[
∂⟨O⟩
∂θi

]
≥ c

nk
(16)

for constants c, k > 0, providing analytical guarantees for train-
ability.

C. Variational Quantum Algorithms
Variational quantum algorithms (VQAs) [22, 23] represent the

dominant paradigm for NISQ-era quantum computing. The gen-
eral framework, illustrated in Fig. 5 and explained in detail with
Algorithm 2, optimizes a cost function:

C(θ) = ⟨0|U†(θ)HU(θ)|0⟩ (17)

using classical optimization over parameters θ.

a) Variational Quantum Eigensolver (VQE)
VQE [24, 55] finds ground states of Hamiltonians by mini-

mizing energy:

E0 ≤ E(θ) = ⟨ψ(θ)|H|ψ(θ)⟩ (18)

Algorithm 2 describes the detail procedure of VQE.

Input: Hamiltonian H =
∑

i ciPi (Pauli
decomposition), ansatz U(θ), optimizer,
tolerance ϵ

Output: Approximate ground state energy E0 and
parameters θ∗

Initialize parameters θ ∼ N (0, σ2);
while |∆E| > ϵ do

Prepare |ψ(θ)⟩ = U(θ) |0⟩⊗n;
for each Pauli term Pi do

Estimate ⟨Pi⟩ via repeated measurement;
end
Compute E(θ) =

∑
i ci⟨Pi⟩;

Compute gradient ∇θE via parameter-shift rule;
Update θ ← θ − η∇θE;

end
return E(θ),θ;
Algorithm 2: Variational Quantum Eigensolver (VQE)

Journal of Intelligent Unmanned Systems, 2026, Vol. 1, No. 1, Article 13 7

https://doi.org/10.65218/jius.2026.13


Review Article DOI: https://doi.org/10.65218/jius.2026.13

Fig. 5 Variational quantum algorithm (VQA) architecture for robotic applications. Classical input x ∈ Rd (e.g., robot state, sensor readings)
is encoded into a quantum state via the encoding unitary Uenc(x). The variational circuit Uvar(θ) applies parameterized quantum gates whose
parameters θ are optimized through a classical feedback loop. The lower portion shows a simplified parameterized quantum circuit with single-
qubit rotation gates (purple boxes) and entangling CNOT gates. The measurement output ⟨O⟩ feeds into a classical optimizer that updates
parameters using the gradient ∇θL(θ), creating a hybrid quantum-classical optimization loop.

b) Quantum Approximate Optimization Algorithm (QAOA)
QAOA [56–58] tackles combinatorial optimization by alter-

nating problem and mixer Hamiltonians:

|γ,β⟩ =
P∏

p=1

e−iβpHM e−iγpHC |+⟩⊗n (19)

where HC encodes the cost function and HM =
∑

iXi is the
transverse field mixer.

For a maximum cut problem on graph G = (V,E):

HC =
∑

(i,j)∈E

1

2
(1− ZiZj) (20)

Zhou et al. [57] analyzed QAOA performance, showing that

depth-P QAOA achieves approximation ratio improving with P ,
with theoretical guarantees for specific problem classes.

c) Parameter Optimization
VQA parameters are optimized using gradient-based or

gradient-free methods. The parameter-shift rule [20, 59] enables
exact gradient computation:

∂C

∂θi
=

1

2

[
C
(
θi +

π

2

)
− C

(
θi −

π

2

)]
(21)

The quantum natural gradient [60] incorporates geometric in-
formation:

θt+1 = θt − ηF−1(θt)∇C(θt) (22)

where F (θ) is the quantum Fisher information matrix.
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D. Barren Plateaus and Training Challenges
A fundamental challenge for VQAs is the barren plateau phe-

nomenon [61], where gradient magnitudes vanish exponentially
with system size. This challenge is analyzed in detail in Fig. 6,
which illustrates both the theoretical scaling of gradient variance
and practical implications for training success.

Theorem 3.1 (McClean et al. [61]) For a parameterized quan-
tum circuit forming a 2-design, the variance of the cost function
gradient satisfies:

Var
[
∂C

∂θi

]
≤ 2n+1 − 2

(2n − 1)2(2n + 1)
≈ 2−n (23)

This exponential vanishing implies that detecting a non-zero
gradient requires exponentially many measurement shots, negat-
ing potential quantum advantages.

Several strategies have been developed to mitigate barren
plateaus. Shallow, structured ansätze with limited entanglement
and problem-specific structure avoid 2-design behavior [22, 62].
Local cost functions depending on few-qubit observables main-
tain trainability [63]:

Var
[
∂Clocal

∂θi

]
≥ c

nk
(24)

Layer-wise training, where circuits are trained layer-by-layer,
avoids deep circuit barren plateaus [25, 62]. Problem-inspired
initialization starting from classically-computed good solutions
avoids flat regions [64]. Finally, quantum convolutional archi-
tectures provably avoid barren plateaus [54].

Recent theoretical work [65, 66] has clarified conditions un-
der which barren plateaus arise and can be avoided, providing
practical guidance for VQA design in robotic applications.

IV. Quantum Reinforcement Learning for Robotics
A. Theoretical Foundations

Quantum reinforcement learning (QRL) combines the adap-
tive learning capabilities of RL with quantum computational ad-
vantages [12, 16, 43]. We review the theoretical foundations and
practical implementations relevant to robotics.

a) Classical RL Background
In the standard RL framework, an agent interacts with an

environment modeled as a Markov Decision Process (MDP)
M = (S,A, P,R, γ) [67], where S represents the state space
(robot configurations, sensor readings), A the action space (mo-
tor commands, control inputs), P (s′|s, a) the transition dynam-
ics, R(s, a) the reward function, and γ ∈ [0, 1) the discount
factor.

The goal is to find an optimal policy π∗ : S → Amaximizing
expected cumulative reward:

V π(s) = Eπ

[ ∞∑
t=0

γtR(st, at)

∣∣∣∣s0 = s

]
(25)

The Q-function measures action quality:

Qπ(s, a) = R(s, a) + γEs′∼P [V
π(s′)] (26)

Deep RL methods [68–71] approximate these functions with
neural networks, achieving superhuman performance on com-
plex control tasks but requiring millions of samples for training.

b) Quantum Enhancement Pathways
Dunjko and Briegel [12] identified four pathways for quantum

enhancement in RL. Quantum exploration uses superposition to
explore multiple action sequences simultaneously:

|ψexplore⟩ =
1√
|A|T

∑
a1,...,aT

|a1, . . . , aT ⟩ (27)

Quantum policy representation employs parameterized quan-
tum circuits as policy networks:

πθ(a|s) = |⟨a|U(θ)|ϕ(s)⟩|2 (28)

Quantum value function approximation uses QNNs for Q-
function estimation:

Q(s, a;θ) = ⟨ϕ(s, a)|U†(θ)OU(θ)|ϕ(s, a)⟩ (29)

Finally, quantum speedup in planning leverages Grover-type
acceleration for model-based planning [39].

B. Variational Quantum Deep Q-Learning
Skolik et al. [25] implemented variational quantum deep Q-

learning (VQ-DQN), replacing the neural network in DQN [68]
with a parameterized quantum circuit.

a) Architecture
The VQ-DQN architecture consists of state encoding where

classical state s ∈ Rd maps to quantum state via angle encoding:

Uenc(s) =

n⊗
i=1

RY (πsi)RZ(πsi) (30)

The variational circuit applies L layers of parameterized rota-
tions and entanglement:

Uvar(θ) =

L∏
l=1

[
n∏

i=1

RY (θl,i) · CNOTring

]
(31)

Q-values for each action are obtained from qubit measure-
ments:

Q(s, a;θ) = ⟨Za⟩ = ⟨ψ(s;θ)|Za|ψ(s;θ)⟩ (32)

b) Results and Analysis
Skolik et al. [25] demonstrated VQ-DQN on OpenAI Gym

environments, showing comparable performance to classical
DQN with 4-10× fewer parameters, improved sample efficiency
in low-data regimes, and successful learning with 4-8 qubits and
2-4 variational layers.

The parameter efficiency arises from the exponential dimen-
sion of Hilbert space: an n-qubit circuit can represent functions
in a 2n-dimensional feature space [44, 53].

C. Quantum Policy Gradient Methods
Policy gradient methods directly optimize parameterized poli-

cies, avoiding the need for value function approximation [70,
71].
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Fig. 11. Barren Plateau Analysis for Variational Quantum Algorithms
Fig. 6 Barren plateau analysis for variational quantum algorithms. (a) Gradient variance scaling with qubit count for different ansatz designs.
Random ansätze exhibit exponential decay (∼ 2−n), rendering training infeasible beyond ∼10 qubits. Local cost functions and QCNN archi-
tectures maintain polynomial scaling, preserving trainability. The horizontal dashed line indicates a practical trainability threshold below which
gradient estimation becomes prohibitively expensive. (b) Training success rate versus qubit count, comparing random initialization (which fails
rapidly beyond 10 qubits) with structured initialization strategies that maintain >60% success rate even at 16 qubits. These results motivate the
use of problem-specific ansätze and careful initialization in quantum robotic applications.

Input: Environment E , quantum circuit U(θ), replay
buffer size B, batch size b, learning rate η, target
update frequency τ

Output: Trained Q-function parameters θ∗

Initialize replay buffer D ← ∅;
Initialize parameters θ, target parameters θ− ← θ;
for episode = 1 to M do

s0 ← E .reset();
for t = 0 to T do

Encode state: |ϕ(st)⟩ ← Uenc(st) |0⟩⊗n;
Compute Q-values:
Q(st, a;θ)← ⟨ϕ(st)|U†

var(θ)ZaUvar(θ)|ϕ(st)⟩
for all a;

Select

at ←

{
random action with prob ϵ
argmaxaQ(st, a;θ) otherwise

;

Execute at, observe rt, st+1, done;
Store (st, at, rt, st+1, done) in D;
Sample minibatch {(sj , aj , rj , s′j , dj)}bj=1 from
D;

Compute targets:
yj ← rj + γ(1− dj)maxa′ Q(s′j , a

′;θ−);
Update θ via gradient descent on
1
b

∑
j(Q(sj , aj ;θ)− yj)2;

if t mod τ = 0 then
θ− ← θ;

end
end

end
return θ;

Algorithm 3: Variational Quantum Deep Q-Network (VQ-
DQN)

a) Variational Quantum Policy Gradient
Jerbi et al. [39] developed parametrized quantum policies for

RL, where the policy is:

πθ(a|s) =
eβQ(s,a;θ)∑
a′ eβQ(s,a′;θ)

(33)

with Q(s, a;θ) computed by a PQC.
The policy gradient is:

∇θJ(θ) = Eπθ

[
T∑

t=0

∇θ log πθ(at|st)Gt

]
(34)

where Gt =
∑T

t′=t γ
t′−trt′ is the return.

Sequeira et al. [72] and Kölle et al. [73] extended these
methods, demonstrating quantum policy gradients for continu-
ous control tasks.

b) Quantum Soft Actor-Critic
Chen et al. [26] developed variational quantum circuits for

deep RL, implementing quantum versions of actor-critic algo-
rithms. Lokossou et al. [29] extended this to quantum soft actor-
critic (QSAC) for humanoid robots, with a quantum actor (PQC
outputting action distribution parameters):

(µ, σ) = factor(Uactor(θπ)|ϕ(s)⟩) (35)

a quantum critic (PQC estimating Q-values):

Q(s, a;θQ) = ⟨ϕ(s, a)|U†
Q(θQ)ZUQ(θQ)|ϕ(s, a)⟩ (36)

and an entropy-regularized objective:

J(θπ) = Es,a∼πθπ
[Q(s, a;θQ)− α log πθπ

(a|s)] (37)
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D. Applications to Robotic Navigation
The performance of quantum reinforcement learning methods

across different robotic domains is summarized in Fig. 7, which
presents verified experimental results from recent studies.

a) Wheeled Robot Navigation
Hohenfeld et al. [27] applied quantum deep RL to wheeled

robot navigation in simulated environments of increasing com-
plexity. The experimental setup used 2D grid worlds with ob-
stacles, with state space comprising robot position, orientation,
goal position, and obstacle distances. The action space included
forward, turn left, turn right, and stay, with reward -1 per step,
+100 for goal, and -100 for collision.

The quantum architecture employed consecutive angle encod-
ing on 4-8 qubits, 2-4 variational layers with ring CNOT entan-
glement, and Q-value output for each action via Pauli-Z mea-
surement.

Results demonstrated success rate comparable to classical
DNN baseline (95% vs. 96%), 40% fewer trainable parameters
(32 vs. 54), training stability maintained across environment
sizes, and noise robustness under simulated gate errors.

b) Autonomous Vehicle Navigation
Sinha et al. [28] developed Nav-Q for collision-free naviga-

tion of self-driving cars in the CARLA simulator. Architecture
innovations included hybrid quantum-classical design with PQC
for critic and classical network for actor, data re-uploading with
input re-encoded at each layer for increased expressivity, and
noise-aware training with simulated noise during training for ro-
bustness.

Results on CARLA showed 15% improvement in collision
avoidance over classical baseline, improved training stability in
dense urban scenarios, and comparable inference latency with
8-qubit circuit.

Kumar et al. [74] proposed quantum-enhanced hybrid RL
frameworks for autonomous vehicle navigation, combining
quantum circuits with classical neural networks for multi-modal
sensor fusion.

c) Humanoid Robot Control
Lokossou et al. [29] applied quantum deep RL to humanoid

robot navigation, addressing the challenge of high-dimensional
action spaces. The problem involved 17-dimensional observa-
tion space (joint angles, velocities), 6-dimensional continuous
action space (torques), and MuJoCo humanoid locomotion en-
vironment.

The QuantumSAC architecture employed 17-qubit encod-
ing layer, variational circuit with hardware-efficient ansatz, and
classical post-processing for continuous action output.

Results showed comparable performance to classical SAC,
more natural gait patterns observed, and reduced parameter
count by 35%.

E. Theoretical Analysis
a) Sample Complexity

QRL can potentially achieve quadratic speedup in sample
complexity for certain tasks. Jerbi et al. [39] showed that quan-
tum amplitude estimation can accelerate policy evaluation:

Theorem 4.1 (Quantum Policy Evaluation) Given a policy π
and environment with horizon T , the expected return can be es-
timated to precision ϵ with:

Õ

(
T

ϵ

)
quantum samples vs. O

(
T

ϵ2

)
classical (38)

b) Expressivity
The expressivity of quantum policies relates to their ability to

represent complex functions. Abbas et al. [53] showed:

Theorem 4.2 (QNN Expressivity) A PQC with n qubits and
sufficient depth can approximate any function f : Rd → R with
error ϵ using O(poly(1/ϵ)) parameters, compared to O(2n) for
classical networks in worst case.

Hubregtsen et al. [75] and Sim et al. [52] characterized ex-
pressibility and entangling capability of PQCs, providing met-
rics for ansatz design.

F. Challenges and Limitations
a) Barren Plateaus in QRL

QRL circuits face barren plateaus when randomly initialized
[61]. For the VQ-DQN with random initialization:

Var
[
∂Q

∂θi

]
∼ 2−n (39)

Mitigation strategies specific to QRL include layer-wise pre-
training [25], identity-block initialization [62], curriculum learn-
ing over circuit depth, and local cost functions for critic training
[63].

b) Hardware Constraints
Current NISQ devices impose constraints on QRL: limited

qubit count restricts state encoding dimension, gate errors de-
grade Q-value estimates, measurement shot noise affects gradi-
ent estimates, and circuit depth is limited by decoherence.

Hohenfeld et al. [27] demonstrated that 4-8 qubits suffice for
simple navigation tasks, but scaling to complex robotic problems
requires advances in error mitigation [76, 77] and hardware ca-
pabilities.

V. Quantum Search and Planning Algorithms
A. Quantum Path Planning Foundations

Path planning—finding collision-free trajectories from start to
goal—is fundamental to robotics and naturally maps to search
problems amenable to quantum speedup [3, 5, 6].

a) Problem Formulation
The path planning problem can be formulated as:

min
γ

∫ 1

0

L(γ(t), γ̇(t))dt (40)

s.t. γ(0) = qstart, γ(1) = qgoal

γ(t) ∈ Cfree ∀t ∈ [0, 1]

where Cfree is the collision-free configuration space.
For discretized configuration spaces with N = rd grid points

(r resolution, d dimensions), classical algorithms require O(N)
evaluations in the worst case [78], while Grover’s algorithm
achieves O(

√
N).
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Fig. 7 Verified quantum reinforcement learning performance across robotic applications. (a) Illustrative learning curves comparing classical
DQN and VQ-DQN, showing comparable asymptotic performance with higher training stability for the quantum approach. Shaded regions
indicate variance across training runs. (b) Parameter efficiency comparison across methods: Lokossou et al. achieved 97% parameter reduction
(1250 → 41) for humanoid control, while Hohenfeld et al. demonstrated approximately 90% reduction for grid navigation. Note the logarithmic
scale for parameter counts. (c) Verified performance improvements from recent QRL studies, with Nav-Q showing improvements in training
stability (+8%) and convergence speed (+15%), but slightly worse collision avoidance performance—an important nuance that highlights the
current limitations of quantum approaches.

b) Quantum Speedup Analysis
The quantum advantage for path planning depends on prob-

lem structure. For unstructured search to find any valid path in a
grid:

Tquantum = O(rd/2) vs. Tclassical = O(rd) (41)

For optimal path finding (shortest path), classical Dijkstra
achieves O(N logN) [78], while quantum algorithms achieve
O(
√
N logN) using quantum minimum finding [10].

For practical speedup, consider a 6-DOF robot with r = 100:

Speedup =
1006

1003
= 106 (42)

B. Grover-Based Path Planning
a) Algorithm Design

Chella et al. [36, 79] developed Grover-based path planning
for robotic applications:

Input: Start configuration qs, goal qg , obstacle map O,
grid resolution r, dimension d

Output: Collision-free path γ or failure
n← d · ⌈log2 r⌉ (qubits needed);
Construct oracle Of : marks configurations in Cfree
connecting qs to qg;

Initialize: |ψ⟩ ← H⊗n |0⟩⊗n;
Estimate solution count M using quantum counting;
k ← ⌊π4

√
N/M⌋;

for i = 1 to k do
|ψ⟩ ← Of |ψ⟩ (mark valid paths);
|ψ⟩ ← (2 |+⟩⊗n ⟨+|⊗n − I) |ψ⟩ (diffusion);

end
Measure to obtain candidate path γ;
Verify γ classically;
return γ if valid, else repeat;

Algorithm 4: Grover-Based Path Planning

b) Oracle Construction
The oracle Of must efficiently check path validity. For grid-

based planning:

Of |γ⟩ = (−1)f(γ) |γ⟩ (43)

where f(γ) = 1 if path γ is collision-free and connects start to
goal.

Implementation requires connectivity check (verify adjacent
cells in path), collision check (query obstacle map for each cell),
and endpoint verification (confirm start and goal reached).

Gate complexity scales as O(|γ| · logN) for path length |γ|
[36].

c) Swarm Robotics Application
Chella et al. [36] applied quantum planning to swarm robotics

for coordinating R robots in search-and-rescue scenarios. The
approach employed quantum decision-making via entangled
states for coordination, Grover search for individual robot path
planning, and pairwise information exchange modeled with
quantum gates.

Results demonstrated faster convergence to target compared
to classical ant-colony simulation, with experiments on 8×8 grid
with 4 robots showing 3× speedup in average convergence time.

C. Quantum Kinematic Optimization
a) Problem Statement

Inverse kinematics (IK) is a method used to determine the
joint configurations that achieve a desired end-effector pose
[1, 80]. Solving the IK problem can be challenging, especially
when analytical solutions are not available, requiring the prob-
lem to be formulated as an optimization task. In more complex
systems with additional hyperparameters, traditional optimiza-
tion approaches can become computationally expensive [81].

For an n-DoF manipulator with joint variables q =
[q1, . . . , qn]

⊤ and forward kinematics fFK : Rn × D → SE(3)
parameterized by design variables d ∈ D, the optimization
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problem can be expressed as:

(q∗,d∗) = argmin
q,d

αp∥p(q,d)− ptarget∥2 + αRd
2
R(R(q,d), Rtarget)

(44)

s.t. qmin ≤ q ≤ qmax

where p ∈ R3 and R ∈ SO(3) are the end-effector position and
orientation, dR is the Riemannian distance on SO(3) defined as
dR(R1, R2) = arccos

(
(Tr(R⊤

1 R2)− 1)/2
)
, and αp, αR ≥ 0

are weighting coefficients.

b) Quantum-Native Framework
Nigatu et al. [30] developed a quantum-native framework in-

tegrating QML with Grover’s algorithm, consisting of five inte-
grated stages:

Stage 1: Discretization & Quantum State Encoding. The
combined parameter vector z = [q⊤,d⊤]⊤ is discretized
component-wise:

zi → ki =

⌊
zi − zmin

i

zmax
i − zmin

i

· (2ni − 1)

⌋
(45)

With ni = 9 qubits per parameter (512 bins), the resolution is
approximately 2π/512 ≈ 0.012 radians (≈ 0.7◦) for angles.
The full configuration space is encoded via uniform superposi-
tion:

|ψ⟩ = 1√
2N

2N−1∑
k=0

|k⟩ (46)

where N =
∑

i ni is the total qubit count.
Stage 2: QML Kinematic Approximation. A parameterized

quantum circuit UQML(θ) approximates the forward kinematics:

|ψk⟩ = UQML(θ) |k⟩ , pQML
k = ⟨ψk| P̂ |ψk⟩ (47)

Training minimizes the discrepancy with true FK:

L(θ) = 1

M

M∑
k=1

∥pQML
k − fFK(q

(k),d(k))∥2 (48)

Stage 3: Cost Hamiltonian Formulation. The cost Hamil-
tonian encodes the optimization objective:

Ĥcost = αp

M−1∑
k=0

∥pQML
k − ptarget∥2 |k⟩ ⟨k| (49)

Stage 4: Grover-Optimized Search. The IK-specific oracle
marks configurations when the pose-error falls below tolerance:

OIK |k⟩ =

{
− |k⟩ if e(k) ≤ ϵ
|k⟩ otherwise

(50)

where e(k) = αp∥p̂(k) − ptarget∥22 + αRd
2
R(R̂(k), Rtarget).

Grover iterations apply the oracle followed by the diffusion
operator D = 2 |ψ0⟩ ⟨ψ0| − I , with approximately K ≈
⌊(π/4)

√
M/m⌋ iterations to amplify the m marked solutions.

Stage 5: Classical Verification. The measured bitstring b∗ is
decoded and validated against analytical forward kinematics to
ensure eactual ≤ ϵ and feasibility constraints hold.

Input: Target pose ptarget, trained QML model UQML(θ),
tolerance ϵ, qubits per parameter ni

Output: Optimal joint configuration (q∗,d∗)
Stage 1: Discretize parameters with N =

∑
i ni qubits;

Initialize: |ψ⟩ ← H⊗N |0⟩⊗N (uniform superposition);
Stage 2: Apply trained QML circuit to encode kinematic
patterns;

Stage 3: Construct cost Hamiltonian Ĥcost from ptarget;
Stage 4: Construct oracle OIK marking states where
e(k) ≤ ϵ;

Estimate solution count m via quantum counting;
K ← ⌊(π/4)

√
2N/m⌋;

for i = 1 to K do
Apply oracle: |ψ⟩ ← OIK |ψ⟩;
Apply diffusion: |ψ⟩ ← D |ψ⟩;

end
Measure to obtain bitstring b∗;
Stage 5: Decode b∗ to (q∗,d∗) and verify against
analytical FK;

if eactual > ϵ or constraints violated then
Adjust ϵ, discretization, or retrain QML; repeat;

end
return (q∗,d∗);

Algorithm 5: Quantum Kinematic Optimization (Nigatu et
al.)

c) Experimental Results
Nigatu et al. [30] implemented the framework using Qiskit

on IBM’s ibm brisbane quantum processor (up to 100 gates
and 36 qubits). Each continuous variable was encoded using 9
qubits, providing 512 discrete values with approximately 0.7◦

angular resolution. Results are presented in Fig. 8.
1-DoF Manipulator: The quantum approach required 2.0

seconds compared to 1.1 seconds for Nelder-Mead (0.55×), in-
dicating quantum overhead dominates for simple problems. This
establishes an important baseline showing that quantum advan-
tage is problem-dependent.

2-DoF Manipulator: With 4 parameters (link lengths l1, l2
and joint angles θ1, θ2), each discretized to 512 levels, the search
space comprised 5124 configurations encoded in 36 qubits.
Quantum optimization achieved 93.3× speedup (22.5 seconds
vs. 2100 seconds for Nelder-Mead) with 68% success probabil-
ity after error mitigation. Other classical methods required 2600
seconds (BFGS) and 2200 seconds (PSO).

Dual-Arm Grasping: For two 2-DoF manipulators coordi-
nating grasp on a circular object with 36 qubits encoding the
joint space, the framework achieved 9.4× speedup over classi-
cal exhaustive search, demonstrating scalability to multi-robot
coordination tasks.

D. Sampling-Based Motion Planning
a) Classical Methods

Sampling-based planners like RRT and PRM [3, 6] handle
high-dimensional continuous spaces. RRT (Rapidly-exploring
Random Tree) samples random configuration qrand, finds near-
est node qnear in tree, extends toward qrand with step size δ, and
adds new node if collision-free. PRM (Probabilistic Roadmap)
samplesN configurations in Cfree, connects nearby samples with
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Fig. 7. Quantum-Enhanced Kinematic Optimization
Verified Results from Nigatu et al. (2025) IEEE RA-LFig. 8 Verified quantum kinematic optimization results from Nigatu et al. [30]. (a) Quantum speedup comparison across problem configurations.

The 2-DOF case achieves 93.3× improvement over Nelder-Mead with 68% success probability, while dual-arm coordination shows 9.4× speedup.
Critically, the 1-DOF case exhibited 0.55× performance (slower than classical), demonstrating that quantum advantage emerges only as problem
dimensionality increases. (b) Computation time comparison on IBM ibm brisbane quantum hardware for the 2-DOF case, showing quantum
approach (22.5s) dramatically outperforming classical methods (2100–2600s). Note the logarithmic scale.

collision-free edges, and searches roadmap for path from start to
goal.

b) Quantum Acceleration
Chelly et al. [40] explored quantum search approaches to

sampling-based planning. Quantum-accelerated nearest neigh-
bor uses Grover search for nearest neighbor queries in RRT:

TNN = O(
√
N) vs. O(N) classical (51)

Quantum collision checking uses superposition over path seg-
ments for parallel collision checking:

|ψpath⟩ =
1√
L

L−1∑
i=0

|segmenti⟩ (52)

Quantum roadmap search applies Grover search over PRM
roadmap for optimal path.

Harwood et al. [82] developed QAOA-based approaches for
coverage path planning, formulating the problem as combinato-
rial optimization.

E. Planning Under Uncertainty
a) POMDP Formulation

Partially Observable MDPs (POMDPs) [83] model uncer-
tainty in robotic planning:

M = (S,A,O, T,O,R, γ) (53)

where O is observation space and O(o|s, a) is observation
model.

The belief state b(s) = P (s|o1:t, a1:t−1) summarizes history.

b) Quantum Belief State Representation
Quantum approaches can represent belief states efficiently:

|ψb⟩ =
∑
s

√
b(s) |s⟩ (54)

Measurement yields samples from the belief distribution, and
quantum amplitude amplification can accelerate belief updates
[38].

For planning with m possible obstacle configurations, classi-
cal evaluation requires O(m) while quantum superposition over
hypotheses achieves O(

√
m).

VI. Quantum Localization and Mapping
A. Quantum-Enhanced Localization

Robot localization—determining position from sensor obser-
vations—is fundamental for autonomous operation [4, 84].

a) Monte Carlo Localization
Classical Monte Carlo localization (MCL) represents beliefs

with particles [4]:

b(xt) ≈
N∑
i=1

w
(i)
t δ(xt − x(i)t ) (55)

The particle filter algorithm predicts by sampling from motion
model x(i)t ∼ p(xt|x(i)t−1, ut), updates by weighting by observa-
tion likelihoodw(i)

t ∝ p(zt|x
(i)
t ), and resamples by drawing new

particles according to weights.
Complexity is O(N) per timestep, where N is particle count.

b) Quantum Monte Carlo Localization
Garcia et al. [85] proposed quantum-enhanced localization

using Grover search.
Quantum belief representation:

|ψt⟩ =
N∑
i=1

√
w

(i)
t

∣∣∣x(i)t

〉
(56)

The quantum update step encodes observation likelihood
as oracle Oz , applies amplitude amplification to boost high-
likelihood positions, and measures to obtain resampled particles.
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Input: Prior particles {(x(i)t−1, w
(i)
t−1)}, motion ut,

observation zt, map m
Output: Updated particles {(x(i)t , w

(i)
t )}

// Quantum state preparation

Prepare |ψ⟩ =
∑

i

√
w

(i)
t−1

∣∣∣x(i)t−1

〉
;

// Motion model (classical)

Apply motion model: x(i)t ∼ p(xt|x
(i)
t−1, ut);

// Quantum observation update
Construct oracle Oz: phase flip proportional to
p(zt|x(i)t ,m);

Apply amplitude amplification with Oz;
// Measurement and resampling
Measure k times to obtain new particle set;
Normalize weights;
return {(x(i)t , w

(i)
t )};

Algorithm 6: Quantum Monte Carlo Localization

Complexity analysis shows classical MCL requires O(N) per
update while quantum MCL achievesO(

√
N) for amplitude am-

plification, yielding speedup
√
N for the resampling step.

Experimental results [85] on 2D grid with landmark observa-
tions demonstrated 4.7× speedup for large-scale environments,
accuracy maintained within 5% of classical MCL, and demon-
stration on IBM quantum hardware with 7 qubits.

B. Quantum Approaches to SLAM
Simultaneous Localization and Mapping (SLAM) jointly es-

timates robot trajectory and environment map [84, 86]:

p(x1:t,m|z1:t, u1:t) (57)

a) SLAM Decomposition
Using Rao-Blackwellization [4]:

p(x1:t,m|z1:t, u1:t) = p(m|x1:t, z1:t)p(x1:t|z1:t, u1:t) (58)

The trajectory posterior p(x1:t|z1:t, u1:t) is represented with
particles, while the map posterior p(m|x1:t, z1:t) is computed
analytically per particle.

b) Quantum SLAM Opportunities
Several SLAM components are amenable to quantum acceler-

ation. Loop closure detection, recognizing previously visited lo-
cations, requires searching over map landmarks. Grover search
provides quadratic speedup:

Tloop = O(
√
L) vs. O(L) (59)

for L landmarks.
Data association, matching observations to map features, is a

search problem overLk possible associations for k observations:

Tassoc = O(Lk/2) vs. O(Lk) (60)

Graph optimization for backend optimization of pose graph
can be formulated as QUBO for quantum annealing [87].

c) Challenges
Full quantum SLAM faces significant challenges including

map representation requiring many qubits (logarithmic in map

size), sequential nature of SLAM conflicting with batch quan-
tum operations, noise sensitivity in long-horizon estimation, and
integration with real-time sensor streams.

Current research focuses on hybrid approaches where quan-
tum processors handle specific subroutines [14].

C. Quantum Sensor Fusion
a) Multi-Sensor Integration

Robotic systems combine multiple sensors (cameras, LIDAR,
IMU) for state estimation. Classical sensor fusion uses Kalman
filtering [4]:

x̂t|t−1 = Ax̂t−1|t−1 +But (61)

x̂t|t = x̂t|t−1 +Kt(zt −Hx̂t|t−1) (62)

b) Quantum Filtering
Quantum approaches to filtering exploit quantum parallelism

for hypothesis tracking, maintaining superposition over multiple
hypotheses:

|ψhyp⟩ =
∑
h

αh |h⟩ ⊗ |xh⟩ (63)

Additional applications include nonlinear filtering using
quantum amplitude estimation for nonlinear measurement likeli-
hoods [38] and particle filtering acceleration achieving O(

√
N)

resampling as in quantum MCL.

VII. Quantum Optimization for Control and Coordination
A. Quantum Annealing for Robotic Optimization

Quantum annealing [88–90] provides an alternative paradigm
for optimization problems common in robotics. The results
of quantum annealing for robotic optimization are presented in
Fig. 9.

a) Quantum Annealing Principles
The system Hamiltonian evolves from initial transverse field

to problem Hamiltonian:

H(s) = (1− s)H0 + sHP , s ∈ [0, 1] (64)

where H0 = −
∑

iXi and HP encodes the optimization objec-
tive.

The adiabatic theorem guarantees the system remains in the
ground state if:

T ≫ ℏmaxs |⟨1|∂sH|0⟩|
(∆Emin)2

(65)

where ∆Emin is the minimum spectral gap.

b) QUBO Formulation
Many robotic optimization problems can be cast as Quadratic

Unconstrained Binary Optimization (QUBO) [87]:

min
x∈{0,1}n

xTQx+ cTx (66)

This maps to Ising Hamiltonian:

HP =
∑
i<j

JijZiZj +
∑
i

hiZi (67)
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Fig. 9. Quantum Annealing: Feasibility and Specialized Performance
Fig. 9 Quantum annealing results for robotic optimization problems. (a) Multi-robot routing feasibility from Clark et al. [91] on D-Wave 2000Q,
demonstrating successful routing for up to 200 robots. The paper establishes feasibility rather than quantified speedup—an important distinction.
The note emphasizes that embedding time remains a major bottleneck for quantum annealing approaches. (b) Hybrid quantum annealing speedup
from Kim et al. [92] on D-Wave Advantage 4.1, achieving approximately 6,561× speedup for dense QUBO problems in optical metamaterial
design. Critically, this speedup applies only to dense QUBOs with the hybrid solver; sparse problems showed no significant advantage. Accuracy
improvement was marginal (+0.013%).

B. Multi-Robot Task Allocation
a) Problem Formulation

Multi-robot task allocation (MRTA) assigns T tasks to R
robots [93, 94]:

min

R∑
r=1

T∑
t=1

crtxrt (68)

s.t.
R∑

r=1

xrt = 1 ∀t (each task assigned)

T∑
t=1

xrt ≤ Kr ∀r (capacity constraints)

xrt ∈ {0, 1}

b) QUBO Encoding
The MRTA problem encodes as QUBO:

HMRTA =
∑
r,t

crtxrt +A
∑
t

(
1−

∑
r

xrt

)2

+

B
∑
r

(∑
t

xrt −Kr

)2
(69)

where A,B > 0 are penalty coefficients.

c) Experimental Results
Clark et al. [91] demonstrated multi-robot routing on D-Wave

2000Q. The setup involved warehouse grid with obstacles, up to
200 AGVs, and routing all robots to destinations without col-
lision. Results showed solution quality 22% improvement over
greedy baseline, runtime comparable to classical metaheuristics,
and scalability demonstrated up to 200 robots (limited by qubit
count).

Quang et al. [95] applied quantum annealing to AGV routing
in large-scale logistics warehouses with problem decomposition
for scalability beyond hardware limits, real-time priority factors
for dynamic replanning, and integration with commercial AGV
systems.
C. Robot Trajectory Optimization
a) Problem Statement

Trajectory optimization finds time-parameterized paths mini-
mizing cost [5]:

min
q(t)

∫ T

0

L(q(t), q̇(t), t)dt (70)

s.t. q(0) = qstart, q(T ) = qgoal

q̇min ≤ q̇(t) ≤ q̇max

q(t) ∈ Cfree

b) Discretization and QUBO
Discretizing time into N steps and configuration into M op-

tions yields a combinatorial problem with MN possible trajec-
tories.

Willmann et al. [96, 97] formulated trajectory optimization as
QUBO:

Htraj =

N−1∑
t=1

∑
i,j

J
(t)
ij xtix(t+1)j +

∑
t

∑
i

h
(t)
i xti (71)

where xti = 1 indicates configuration i at time t.
Results on industrial robot trajectories for a 6-DOF assembly

robot using hybrid classical path generation plus quantum opti-
mization showed 18% reduction in cycle time vs. baseline with
runtime competitive with genetic algorithms.
D. Assembly Line Optimization

Willmann et al. [96] applied quantum annealing to robotic
assembly line optimization.
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a) Problem Formulation
Assembly sequencing determines the order of n operations

minimizing total time:

min
π∈Sn

n−1∑
i=1

c(π(i), π(i+ 1)) +
∑
i

tsetup(π(i)) (72)

s.t. Precedence constraints

b) QUBO Encoding
Using position encoding xip = 1 if operation i is at position

p:

H =
∑
i,j,p

cijxipxj(p+1) (73)

+A
∑
i

(∑
p

xip − 1

)2

+A
∑
p

(∑
i

xip − 1

)2

+B
∑

(i,j)∈prec

∑
p>q

xipxjq

c) Results
Test cases with 10-50 operations and varying precedence con-

straints showed D-Wave Advantage solving instances up to 30
operations directly, hybrid approach scaling to 50+ operations
with decomposition, quality within 5% of optimal (found by ex-
act solver), and speed 10× faster than simulated annealing for
large instances.

E. Coverage Path Planning
Harwood et al. [82] developed quantum algorithms for multi-

robot coverage path planning.

a) Problem Definition
Cover all cells in grid G with R robots minimizing total path

length:

min

R∑
r=1

PathLength(Pr) (74)

s.t.
R⋃

r=1

Cells(Pr) = G

No collisions between robots

b) QAOA Approach
The problem is formulated for QAOA with cost Hamiltonian

encoding path lengths and coverage, custom mixer preserving
path connectivity, and penalty terms for uncovered cells and col-
lisions.

Results comparing QAOA, simulated annealing, and DFS
showed QAOA achieving comparable solution quality, demon-
strated on 8×8 grids with 2-4 robots, with gate count O(|G|2)
for full encoding.

VIII. Quantum Hardware Progress
The current state of quantum hardware and its evolution is

summarized in Fig. 10, which presents verified specifications
for major platforms.

A. Superconducting Quantum Processors
Superconducting qubits represent the most mature technology

for gate-based quantum computing [98, 99].

a) Physical Implementation
The transmon qubit is a charge qubit with Hamiltonian:

H = 4EC(n̂− ng)
2 − EJ cos ϕ̂ (75)

where EC is charging energy, EJ is Josephson energy, and
EJ/EC ≫ 1 suppresses charge noise.

b) Current Capabilities
Representative superconducting processors and their reported

qubit counts and gate fidelities are summarized in Table 1.

Table 1 Superconducting Quantum Processor Specifications (2024)

System Qubits 1Q Fidelity 2Q Fidelity

IBM Eagle 127 99.9% 99.0%
IBM Heron R1 133 99.95% 99.6%
Google Sycamore 72 99.9% 99.5%
Google Willow 105 99.95% 99.86%

c) Implications for Robotics
For robotic applications, qubit count of 100+ enables encod-

ing of medium-sized problems. Coherence time T1 ∼ 100 −
500 µs limits circuit depth to approximately 1000 gates. Gate
speed of approximately 20-50 ns per gate enables real-time ap-
plications with preprocessing. Limited qubit connectivity re-
quires SWAP operations, increasing depth.

B. Trapped-Ion Systems
Trapped-ion quantum computers [100] use atomic ions con-

fined by electromagnetic fields.

a) Advantages
These systems offer high fidelity with 2-qubit gates exceed-

ing 99.5%, all-to-all connectivity where any qubit pair can inter-
act directly, long coherence with T2 ∼ seconds to minutes, and
identical qubits with no fabrication variability.

b) Limitations
Limitations include slower gates of approximately 10-100 µs

per 2-qubit gate, limited scale with current systems around 10-
50 qubits, and shuttling overhead where moving ions for inter-
actions adds latency.

C. Photonic Quantum Computing
Photonic systems [101, 102] use photons as information car-

riers.

a) Characteristics
These systems operate at room temperature with no cryogenic

requirements, offer natural communication through direct inter-
face with optical sensors, provide high bandwidth through par-
allel processing of many modes, but face challenges including
probabilistic gates and photon loss.

b) Robotics Applications
Photonic systems may be particularly suited for quantum-

enhanced vision and perception, integration with optical sensors
(LIDAR, cameras), and communication in multi-robot systems.
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Fig. 10 Quantum hardware progress with verified specifications. (a) Qubit count evolution from 2019–2024 across IBM (gate-based), Google
(gate-based), and D-Wave (annealing) platforms. Note the shift in IBM’s strategy: while Osprey reached 433 qubits in 2022 and Condor 1,121
qubits in 2023, the Heron R1 processor (133 qubits, 2024) prioritizes quality over quantity, reflecting industry recognition that gate fidelity matters
more than raw qubit count. Google’s Willow (105 qubits) similarly focuses on error correction. D-Wave’s Advantage maintains 5,000+ qubits for
annealing applications. (b) Gate fidelity comparison showing the critical 2-qubit gate performance. IBM Heron R1 achieves 99.6% and Google
Willow reaches 99.86%—both approaching the error correction threshold region (indicated by dashed line at 99%). This progress is essential for
scaling quantum robotic applications.

D. Quantum Annealing Hardware
D-Wave systems [88, 89] provide specialized hardware for

optimization.

a) Specifications
Representative D-Wave annealers and their qubit counts and

connectivity are summarized in Table 2.

Table 2 D-Wave Quantum Annealer Specifications

System Qubits Connectivity

D-Wave 2000Q 2,048 Chimera (∼6)
D-Wave Advantage 5,000+ Pegasus (∼15)

b) Performance
Kim et al. [92] benchmarked quantum annealing, finding

accuracy improvement of approximately 0.013% over classical
solvers, speed improvement up to 6561× for specific problems,
and problem types including QUBO with up to 5000 variables.

E. Quantum Sensing
Quantum sensors [103–105] offer enhanced precision for

robotic perception.

a) Sensitivity Limits
Classical sensors are limited by the standard quantum limit

(SQL):

∆θSQL =
1√
N

(76)

where N is the number of probe particles.
Quantum sensors can approach the Heisenberg limit:

∆θHL =
1

N
(77)

providing
√
N improvement.

b) Applications
Applications include quantum magnetometers for navigation

in GPS-denied environments, quantum gravimeters for terrain
mapping, quantum LIDAR for enhanced ranging precision, and
quantum IMU for improved inertial navigation.

IX. Emerging Applications
A. Autonomous Vehicles

Sinha et al. [28] and Luckow et al. [106] developed quantum
approaches for autonomous driving.

Nav-Q [28] addresses collision-free navigation in CARLA
simulator using quantum critic in actor-critic RL, achieving 15%
improvement in collision avoidance.

Quantum trajectory planning [106] applies QAOA for way-
point selection for AV trajectory optimization, producing
smoother trajectories with 10% energy reduction.

B. Industrial Robotics
Quantum optimization has demonstrated practical value in

manufacturing.
Assembly line optimization [96] reduced cycle times by 18%

using hybrid quantum-classical approach for scalability inte-
grated with existing production systems.

Quality inspection [107] employed quantum-assisted path
planning for robotic inspection using D-Wave hybrid solvers for
CAD-derived trajectories, competitive with GUROBI on real-
world instances.

Warehouse logistics [95] demonstrated AGV routing in large-
scale warehouses with real-time optimization with priority fac-
tors on commercial AGV systems.

C. Swarm Robotics
Quantum computing offers unique advantages for swarm co-

ordination [36].
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Quantum decision-making uses entangled states for coor-
dinated decisions, superposition for parallel exploration, and
Grover search for optimal formations.

Results showed 3× faster convergence in search tasks, im-
proved coordination without explicit communication, and scala-
bility analysis up to 16 robots.

D. Healthcare Robotics
Emerging applications in medical robotics include surgical

trajectory optimization, drug delivery path planning, and reha-
bilitation robot control adaptation.

X. Challenges and Future Directions
A. Fundamental Challenges
a) Barren Plateaus

The barren plateau problem [61, 65] remains a fundamental
obstacle:

Var
[
∂C

∂θ

]
≤ O(2−n) (78)

Mitigation strategies include problem-inspired ansätze avoid-
ing random structure, local cost functions maintaining gradient
variance, layer-wise training limiting effective depth, and quan-
tum convolutional architectures with provable trainability [54].

b) Noise and Decoherence
NISQ devices suffer from gate errors (ϵ ∼ 0.1−1% per gate),

decoherence (T1, T2 ∼ 100 µs), measurement errors (∼ 1−5%),
and crosstalk (∼ 0.1− 1% between qubits).

Error mitigation techniques [76, 77] include zero-noise ex-
trapolation, probabilistic error cancellation, symmetry verifica-
tion, and post-selection.

c) Scalability
Scaling quantum robotics applications requires more qubits

for larger problem encodings, better connectivity for efficient
circuit compilation, lower error rates for deeper circuits, and
faster gates for real-time applications.

B. Integration Challenges
a) Quantum-Classical Interface

Real-time robotic control requires low-latency quantum-
classical interfaces. Current cloud access has 100ms–1s latency
while real-time requires less than 10ms. Solutions include edge
quantum processors, batch processing, and predictive caching.

b) Software Stack
Quantum robotics requires integration across quantum pro-

gramming frameworks (Qiskit, Cirq, PennyLane) [108], robotic
middleware (ROS, ROS2), simulation environments (Gazebo,
MuJoCo, CARLA), and classical ML frameworks (PyTorch,
TensorFlow).

C. Research Roadmap
The strategic research roadmap for quantum robotics is illus-

trated in Fig. 11, which outlines near-term, medium-term, and
long-term goals across hardware, algorithms, and applications.

a) Near-Term (1-3 years)
Goals include noise-resilient VQAs for small-scale robotic

problems, hybrid quantum-classical architectures leveraging
quantum subroutines, quantum-inspired classical algorithms
for immediate deployment, and benchmarking frameworks for
quantum robotics.

Near-Term
(1-3 years)

Medium-Term
(3-7 years)

Long-Term
(7+ years)

Hardware

100-1000 qubits
99%+ fidelity

Error correction
modules

Fault-tolerant
QC

Algorithms

Hybrid VQAs
Noise-resilient

Domain-specific
accelerators

Proven quantum
advantage

Applications

Validation studies
Benchmarking

Real-time control
SLAM

Autonomous
quantum robots

Fig. 11 Strategic research roadmap for quantum robotics spanning
three time horizons. Near-term (1–3 years) focuses on noise-resilient
VQAs, benchmarking frameworks, and validation studies with current
100–1000 qubit systems achieving 99%+ fidelity. Medium-term (3–7
years) targets error correction modules, domain-specific accelerators,
and real-time control applications. Long-term (7+ years) envisions
fault-tolerant quantum computers, proven quantum advantage, and au-
tonomous quantum robots. Vertical arrows indicate dependencies be-
tween hardware capabilities, algorithmic advances, and application de-
velopment. This roadmap emphasizes that practical quantum advantage
in robotics will likely emerge incrementally through hybrid approaches
rather than through a single breakthrough.

b) Medium-Term (3-7 years)
Goals include error-corrected quantum modules for critical

computations, integration of quantum sensors with quantum pro-
cessors, domain-specific quantum accelerators for robotics, and
demonstration of quantum advantage for specific robotic tasks.

c) Long-Term (7+ years)
Goals include fault-tolerant quantum computers enabling full

quantum advantage, quantum robots with integrated sensing and
computation, new algorithmic paradigms exploiting quantum
coherence, and quantum-native robotic architectures.

D. Consolidated Performance Summary
To provide researchers with a clear reference for verified

quantum performance claims, Fig. 12 consolidates the key ex-
perimental results from the most significant recent studies in
quantum robotics.

XI. Conclusion
This comprehensive review has surveyed 107 contributions

spanning quantum algorithms, machine learning techniques, and
their robotic applications. Our analysis reveals several key
findings: Theoretical foundations are mature. Quantum al-
gorithms offer provable speedups for core robotic problems.
Grover search provides quadratic acceleration for path plan-
ning and configuration space search [9, 30, 36]. Quantum am-
plitude amplification accelerates policy evaluation in reinforce-
ment learning [39]. Quantum annealing solves combinatorial
optimization problems in task allocation and trajectory plan-
ning [88, 91, 96]. NISQ-era algorithms show promise. Varia-
tional quantum algorithms [22, 25] enable practical implementa-
tions despite hardware limitations. Quantum deep reinforcement
learning achieves comparable performance to classical methods
with 40% fewer parameters [27]. Quantum kinematic optimiza-
tion demonstrates up to 93× speedups over classical optimizers
[30]. Hardware is advancing rapidly. IBM’s 1,121-qubit Con-
dor processor demonstrated that superconducting hardware can
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Fig. 12. Verified Quantum Performance Results from Recent Studies

Fig. 12 Consolidated summary of verified quantum performance re-
sults from recent studies. (a) Nigatu et al. [30]: Kinematic optimization
achieving 93.3× speedup for 2-DOF manipulator on IBM ibm brisbane
hardware, with the caveat that 1-DOF showed performance decrease.
(b) Lokossou et al. [29]: Humanoid control with quantum SAC achiev-
ing +8% average return, +43% maximum return, and 97% parameter
reduction compared to classical SAC. (c) Sinha et al. [28]: Nav-Q
autonomous driving showing improved training stability and conver-
gence speed, but slightly worse collision avoidance—highlighting that
quantum approaches are not uniformly superior. (d) Kim et al. [92]:
Quantum annealing speedup scaling with problem size, achieving ap-
proximately 6,561× for large dense QUBOs using D-Wave Advantage
4.1 hybrid solver. These results represent the current state-of-the-art
and should be interpreted with their stated caveats and experimental
conditions.

exceed the 1,000-qubit threshold [99]. Quantum annealers solve
problems with 5000+ variables [88, 92]. Error rates continue to
improve, with 2-qubit gate fidelities exceeding 99% [98]. Sig-
nificant challenges remain. Barren plateaus limit variational
algorithm trainability [61]. Noise degrades performance on deep
circuits. Integration with real-time robotic systems requires ad-
vances in quantum-classical interfaces. The quantum advantage
in robotics can be quantified:

Aquantum =
Tclassical

Tquantum
∼
√
N (79)

where N is the problem size. As robotic applications grow
in complexity, this advantage becomes increasingly significant.
Looking forward, we anticipate quantum advantages transition-
ing from theoretical to practical across selected domains within
5-10 years. Near-term progress will come from hybrid algo-
rithms leveraging quantum subroutines for specific bottlenecks.
Long-term transformation awaits fault-tolerant quantum com-
puters enabling full algorithmic speedups. The convergence of
quantum computing and robotics represents a fundamental op-
portunity to overcome classical computational limits, enabling
autonomous systems with capabilities exceeding what is achiev-
able today. Continued collaboration between quantum scientists
and roboticists will be essential to realize this potential.
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Nomenclature
The principal symbols and abbreviations used throughout this review are summarized in Table 3.

Table 3 Complete Nomenclature list provided to enhance clarity and accessibility for readers from diverse backgrounds

Symbol Definition
Quantum Computing Notation
|ψ⟩ Quantum state vector (Dirac notation).
|0⟩, |1⟩ Computational basis states.
α, β Complex probability amplitudes, satisfying |α|2 + |β|2 = 1.
n Number of qubits.
X , Y , Z Pauli matrices.
H Hadamard gate.
Rx(θ), Ry(θ), Rz(θ) Single-qubit rotation gates around the X , Y , and Z axes.
CNOT Controlled-NOT gate (entangling gate).
U† Hermitian conjugate (adjoint) of unitary operator U .
O Observable operator for quantum measurement.
⟨O⟩ Expectation value of the observable O.
T1, T2 Relaxation and dephasing times (coherence times).
Algorithm-Specific Symbols
N Search space size, or number of possible elements.
M Number of marked (solution) states.
G Grover operator (used in quantum search algorithms).
Of Oracle operator marking the solution states.
U(θ) Parameterized quantum circuit with parameter θ.
Uenc(x) Encoding unitary operator for classical data x.
Uvar(θ) Variational (trainable) quantum circuit.
C(θ) Cost function used in Variational Quantum Algorithms (VQA) for optimization.
Hc, Hm Cost and mixer Hamiltonians used in QAOA.
γ, β Variational parameters used in QAOA.
P Depth of the QAOA circuit (number of layers).
L Number of variational layers in a Parameterized Quantum Circuit (PQC).
Robotics and Reinforcement Learning Notation
S State space, representing all possible states of the system.
A Action space, representing all possible actions the agent can take.
P (s′ | s, a) State transition probability: probability of transitioning from s to s′ given action a.
R(s, a) Reward function: assigns a reward for taking action a in state s.
γ Discount factor in [0, 1], representing the present value of future rewards.
π(a | s) Policy: probability of taking action a in state s.
V π(s) Value function under policy π: expected cumulative reward from state s.
Qπ(s, a) Action-value function under policy π.
q Robot joint configuration vector (positions of each joint).
d Degrees of freedom.
Cfree Collision-free configuration space.
fFK Forward kinematics function for end-effector pose from joint angles.
p, R End-effector position (p ∈ R3) and orientation (R ∈ SO(3)).
Optimization and QUBO Notation
Q QUBO (Quadratic Unconstrained Binary Optimization) matrix.
Jij Ising coupling coefficients (interactions between variables).
hi Ising local field coefficients (self-interaction terms).
A, B Penalty coefficients used to impose constraints.
H(s) Time-dependent annealing Hamiltonian during annealing.
s Annealing schedule parameter in [0, 1].
∆Emin Minimum spectral gap during annealing.
Abbreviations

Continued on next page
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Symbol Definition
QML Quantum Machine Learning.
QRL Quantum Reinforcement Learning.
NISQ Noisy Intermediate-Scale Quantum.
VQA Variational Quantum Algorithm.
VQE Variational Quantum Eigensolver.
QAOA Quantum Approximate Optimization Algorithm.
PQC Parameterized Quantum Circuit.
QNN Quantum Neural Network.
QCNN Quantum Convolutional Neural Network.
QUBO Quadratic Unconstrained Binary Optimization.
SLAM Simultaneous Localization and Mapping.
MCL Monte Carlo Localization.
MRTA Multi-Robot Task Allocation.
DOF Degrees of Freedom.
IK Inverse Kinematics.
RRT Rapidly-exploring Random Tree.
PRM Probabilistic Roadmap.
AGV Automated Guided Vehicle.
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