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Abstract

Edge artificial intelligence (Edge Al) requires real-time inference under stringent constraints
on computation, memory, energy, and connectivity. Although training can be offloaded to
servers, efficient, high-capacity inference and rapid on-device adaptation remain central
challenges. Cloud-based inference offers substantial computational power but depends
on connectivity, latency, privacy, and reliability conditions that edge deployments cannot
always guarantee. Classical model-compression methods—including quantization, prun-
ing, distillation, and neural architecture search—have extended the feasibility of on-device
inference, yet they leave largely unchanged the fundamental cost of the linear-algebraic,
sampling, and optimization primitives that dominate modern deep learning. Quantum
computing has therefore been proposed as a complementary accelerator for selected Al
workloads, with theoretical advantages in linear systems, singular value decomposition,
sampling, kernel evaluation, and optimization. This review surveys the emerging field
of quantum-accelerated Al for edge systems under a hybrid architectural premise: edge
devices remain classical, while quantum processors operate as remote, cloud, MEC, or
near-edge accelerators. We synthesize advances across quantum learning models, hybrid
optimization methods, hardware and deployment architectures, and quantum-inspired ap-
proaches suitable for constrained devices. We also assess the practical barriers that currently
separate asymptotic quantum advantage from deployable edge intelligence, including data
loading, measurement overhead, noise, latency, and benchmarking gaps. Finally, we out-
line a staged research roadmap from near-term hybrid workflows to fault-tolerant and
integrated quantum-edge architectures.

Keywords: quantum computing; edge Al; quantum machine learning; quantum
neural networks; variational quantum circuits; quantum data encodings; hybrid
quantum-—classical algorithms; noisy intermediate-scale quantum (NISQ); quantum

federated learning; quantum-inspired classical algorithms; TinyML; edge computing

1. Introduction

Edge devices are computing systems that operate close to where data are generated,
rather than relying entirely on distant cloud servers. Smartphones, wearables, smart cam-
eras, industrial sensors, autonomous vehicles, and other Internet of Things (IoT) systems
increasingly perform recognition, prediction, and decision making locally [1-3]. Running
artificial intelligence (AI) at the edge can reduce latency, bandwidth use, cloud dependence,
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and privacy exposure, but it also imposes stringent limits on computation, memory, energy,
and connectivity [4,5].

Classical edge-Al techniques have made substantial progress under these constraints.
Mobile SoCs, embedded GPUs, FPGAs, and microcontrollers can now execute quantized,
pruned, and otherwise compressed neural networks within tight power budgets [6-11].
These methods have expanded the range of models that can run on-device, but they do not
remove the fundamental cost of the operations that dominate modern deep learning: matrix
products, singular value decompositions, attention inner products, softmax normalization,
sampling, and gradient-based optimization. In practice, compression often trades accuracy,
capacity, robustness, or design complexity for efficiency, while on-device training and
continual adaptation remain difficult on the most constrained platforms [8,9].

Quantum computing offers a distinct, complementary route to acceleration. Quantum
algorithms use superposition, entanglement, and interference to reduce the asymptotic cost
of several primitives relevant to machine learning, including linear-system solving [12], sin-
gular value transformation [13], inner-product estimation [14], and sampling from complex
distributions [15]. Since these primitives underlie many learning, inference, and optimiza-
tion tasks, quantum subroutines may eventually improve selected Al workloads associated
with edge systems [16,17]. However, present quantum hardware remains in the noisy
intermediate-scale quantum (NISQ) regime: available devices contain limited numbers of
noisy qubits, have short coherence times, and lack full error correction [18,19]. Accordingly,
near-term quantum machine learning (QML) is expected to operate primarily through
hybrid quantum-—classical workflows, in which quantum circuits or quantum models are
embedded within classical optimization and deployment pipelines [20-23].

Within this hybrid view, quantum computing does not replace edge computing; it
modifies a few specific stages of the edge-Al pipeline that are currently performed in
the cloud. Concretely, we expect quantum and quantum-inspired methods to influence
edge Al in four ways. First, they can change how off-device training and adaptation are
performed, by accelerating selected linear-algebraic and sampling primitives that dominate
retraining and personalization loops [12,13,20]. Second, they can change how features
and kernels are constructed for compact on-device models, through variational feature
maps and quantum kernels whose outputs are deployed as classical artifacts [24-26]. Third,
they can change how distributed and federated learning is coordinated, by introducing
quantum-assisted aggregation, blind delegated computation, and post-quantum-secure
communication across many edge clients [27-30]. Fourth, they can change what runs
on the device itself, but only through quantum-inspired classical methods such as tensor-
network compression, low-rank factorization, and shadow-style monitoring, which import
structural ideas from quantum information into ordinary classical hardware [31-34]. We
use the term “quantum-accelerated” edge Al in this broad sense throughout the paper;
“quantum-assisted” and “quantum-inspired” are used as more specific labels when only
certain stages are offloaded or when no quantum hardware is involved at all.

The combination of quantum computing and edge computing also introduces distinct
challenges that classical edge-Al engineering has not previously had to absorb. These
include the cost of preparing classical sensor data as quantum states, the latency and queue-
ing overhead of cloud or MEC-mediated quantum calls, the measurement-shot budget
required to estimate expectations or sample from a target distribution, the bias introduced
by gate, decoherence, and readout errors, the trainability obstacles posed by barren plateaus
in deep parameterized circuits, the difficulty of constructing fair end-to-end benchmarks
that include both classical and quantum costs, and the security implications of future
cryptanalytically relevant quantum computers for long-lived IoT deployments [29,35-39].
Each of these issues is examined later in the paper. We list them here to flag, at the outset,
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that the practical viability of a quantum-assisted edge workflow must be judged against a
system-level accounting of these costs, not against the asymptotic complexity of a quantum
subroutine in isolation.

A central point of clarification, which determines the scope of this review, is that
quantum-accelerated edge Al does not require quantum processors to be embedded inside
edge devices. This review adopts a hybrid architectural premise: edge devices remain
classical, while quantum processors act as specialized accelerators accessed through cloud
services, multi-access edge computing (MEC) nodes, near-edge gateways, or, in longer-
term scenarios, co-located photonic or spin-based modules [19,40]. In this model, edge
devices continue to perform real-time sensing, preprocessing, inference, and control locally.
Quantum resources are instead assigned to tasks that can tolerate communication delay or
batch execution, such as training, model compression, kernel construction, optimization,
calibration, sampling, and periodic model updates. Their outputs return to the edge
as classical artifacts, including weights, thresholds, codebooks, policies, or compressed
representations. Figure 1 illustrates this system-level organization.

Under this premise, the relevant question is not whether an edge device can execute a
quantum circuit. Rather, it is whether a hybrid workflow that invokes a quantum subrou-
tine can reduce total system cost relative to a purely classical baseline. The relevant costs
include latency, energy, memory, model size, communication overhead, sample complexity,
and accuracy under deployment constraints. For latency-tolerant or intermittently con-
nected workloads, this question is technically meaningful. For hard real-time control loops,
remote quantum acceleration is generally unsuitable.

This framing also determines the scope of the review. We focus on quantum methods
that could support edge-Al workflows through acceleration, compression, optimization,
training, adaptation, or model construction. This includes quantum data encodings, quan-
tum neural models, variational quantum circuits, quantum kernel methods, quantum-
assisted optimization and sampling, and quantum-inspired classical algorithms that can
run directly on edge hardware. We also consider the systems layer required to connect
these methods to practical edge deployments, including cloud quantum services, MEC-
based architectures, near-edge accelerators, federated and split learning, and hardware
platforms such as superconducting, trapped-ion, photonic, spin, and neutral-atom devices.
Concrete edge-Al tasks in which quantum or quantum-inspired methods may matter in-
clude anomaly detection in industrial and biomedical sensing, compressed sensing and
feature extraction for low-bandwidth links, route and policy optimization for autonomous
platforms, federated personalization of mobile and wearable models, and quantum-assisted
training or compression of TinyML networks. We return to these use cases in Section 8.

At the same time, we treat claimed quantum advantages critically. Many proposed
speedups are asymptotic and depend on assumptions that are difficult to satisfy in edge
settings, including efficient state preparation, low measurement cost, sufficient circuit depth,
low noise, and favorable communication latency. Moreover, the field lacks standardized
benchmarks that jointly measure quantum runtime, classical preprocessing, data-loading
overhead, communication cost, energy use, and edge-level task performance. A major goal
of this review is therefore to distinguish plausible hybrid opportunities from claims that
are unlikely to survive full system-level accounting.

Table 1 consolidates representative prior work that explicitly considers quantum
computing in the context of edge, 10T, or distributed-learning settings. The table is intended
as an orientation aid: it groups studies by the layer at which quantum or quantum-inspired
methods enter the edge-Al workflow, summarizes their main contribution, and indicates
whether the contribution is primarily algorithmic, architectural, or quantum-inspired-
classical. The remainder of the paper expands on each of these threads with a unified, edge-
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aware perspective. We note that this review focuses on quantum computation in the qubit,
photonic, and spin-based senses, and does not survey related but distinct nano-electronics
paradigms such as quantum-dot cellular automata, which have been proposed for low-
power IoT logic and signal processing at the device level rather than for AI workload
acceleration [41].

Table 1. Representative prior works that consider quantum computing in edge, IoT, or distributed-
learning settings, organized by the workflow layer at which the quantum or quantum-inspired
component enters the system.

Workflow Layer Representative Works  Quantum/Quantum-Inspired Role Type
Quantum kernels and fea- [24-26] Embed classical features in a quantum Hilbert space; ~ Algorithmic
ture maps train a classical model on quantum kernel matrices
Variational quantum models  [20,22,23,42] Parameterized circuits as trainable modules within ~ Algorithmic
hybrid training loops
Quantum [43-47] Quantum analogues of structured neural layers for ~ Algorithmic
CNN/RNN/attention feature construction and compression
Quantum federated and [27,28,30,48,49] Quantum-assisted aggregation, blind delegation, Architectural
split learning or quantum-capable clients/servers for distributed
edge learning
OML for IoT and edge [40,50,51] Surveys and case studies that map quantum methods  Architectural
applications onto IoT anomaly detection, sensing, and lightweight
inference
Tensor-network compression  [33,52,53] Matrix-product-state and tensor-train decomposi- Quantum-inspired
tions used as classically deployable compression
primitives
Dequantization/sampling [32,34] Classical algorithms that match QRAM-based quan- Quantum-inspired
tum speedups under sampling-access models, de-
ployable on edge hardware
Randomized/shadow-style  [31] Few-measurement state and feature estimation usable =~ Quantum-inspired
estimation as compressed monitoring on constrained devices
Post-quantum security for [29,54-56] Migration of edge cryptography, firmware sign- Architectural
edge/IoT ing, and federated communication to post-quantum-
secure primitives
MEC and edge—cloud [1-5,57] Classical MEC, edge—cloud coordination, and re- Architectural
orchestration source allocation frameworks that hybrid quantum-

classical edge Al inherits and must extend

Contributions and Organization

This paper reviews the emerging field of quantum-accelerated Al for edge systems. Its
contributions are threefold. First, it consolidates the quantum primitives, data encodings,
learning models, and training methods most relevant to edge Al, including their cost
profiles and theoretical limitations. Second, it develops a systems-level view of hybrid
quantum-edge architectures, covering cloud quantum services, MEC nodes, near-edge
modules, quantum federated and split learning, and quantum-inspired classical methods
suitable for constrained devices. Third, it critically assesses the gap between asymptotic
quantum speedup claims and NISQ-era deployment realities, with emphasis on state-
preparation bottlenecks, readout cost, noise, barren plateaus, communication latency,
benchmarking gaps, and energy accounting. Throughout, the review separates theoretical
or asymptotic quantum advantages from near-term practical ones, and treats the transition
from small NISQ demonstrations to industrial-scale edge deployments as a problem of
quantum many-body physics, hardware fidelity, and end-to-end systems engineering rather
than as routine architectural scaling.

The remainder of the paper is organized as follows. Section 2 provides background
on edge computing and edge Al, summarizing the local execution model and the classi-
cal compression techniques on which on-device inference depends. Section 3 provides
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background on quantum computing, hybrid quantum—classical execution, and quantum
machine learning, and presents a working taxonomy of quantum-native, quantum-assisted,
and quantum-inspired methods used throughout the paper. Section 4 presents a represen-
tative edge device and its hybrid interaction with quantum resources. Section 5 surveys
quantum data encodings and their cost profiles, with emphasis on edge-relevant con-
straints. Section 6 reviews quantum algorithms for neural-network acceleration, including
quantum perceptrons and multilayer networks, quantum analogues of convolutional, re-
current, and attention architectures, and training, sampling, and optimization subroutines.
Section 7 addresses expressivity, trainability, and generalization theory for quantum mod-
els. Section 8 discusses hardware platforms, cloud quantum services, hybrid architectures,
and use cases across IoT, mobile, wearables, drones, and autonomous systems, including
quantum federated and split learning and quantum-inspired classical methods. Section 9
examines open challenges, including hardware immaturity, data-loading bottlenecks, inte-
gration overheads, security implications, benchmarking gaps, and energy accounting. It
also outlines near-, mid-, and long-term research directions. Section 10 concludes.
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Figure 1. System-level view of quantum-accelerated edge Al The edge device remains classical and
performs real-time inference and control locally, while quantum resources are accessed remotely
as specialized accelerators within a hybrid quantum-—classical workflow. Forward requests carry
compressed features to the gateway and onward to the quantum service, where a hybrid loop
alternates variational circuit evaluations with classical optimizer updates. Returned artifacts such as
model updates, compressed models, and calibration parameters are deployed back to the edge device.

2. Background on Edge Computing and Edge Al

This section summarizes the edge-Al setting and the classical techniques used to
deploy neural networks on constrained devices. Section 3 will then introduce the quantum-
computing model, the hybrid quantum-—classical execution paradigm, and the quantum
machine learning methods relevant to edge systems. These two background sections are de-
liberately kept separate, since the two communities have largely independent assumptions
about data, models, and deployment.

2.1. Edge Computing and Edge Al

Edge computing moves data processing closer to the source of data generation instead
of relying exclusively on centralized cloud servers. Edge devices include IoT sensors,
smartphones, wearables, embedded controllers, smart cameras, industrial systems, and au-
tonomous platforms. Local processing reduces latency, bandwidth use, cloud dependence,
and privacy exposure, and it improves operation when connectivity is intermittent or
unavailable [1-4].

Edge Al refers to the execution of Al workloads on or near these devices. In practice,
most edge-Al workloads use compact deep neural networks for tasks such as keyword spot-
ting, visual detection, anomaly monitoring, predictive maintenance, biomedical sensing,
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and local decision support [5,11]. These workloads run on heterogeneous platforms, includ-
ing microcontrollers, mobile system-on-chips (SoCs), embedded GPUs, neural processing
units (NPUs), and FPGAs.

The central constraint is that edge devices must deliver useful inference under tight
limits on computation, memory, energy, and latency. Microcontroller-class systems may
have only tens to hundreds of kilobytes of SRAM and operate under milliwatt-level power
budgets. Mobile and embedded platforms provide more capacity, but they still face thermal,
battery, and real-time constraints. These limits shape the models that can be deployed,
the precision they can use, and the extent to which training or continual adaptation can
occur locally.

2.2. Classical Edge-Al Acceleration

Classical edge-Al acceleration relies mainly on compression, efficient model design,
and hardware-aware execution. Quantization reduces the numerical precision of weights
and activations from floating point to INT8, INT4, binary, or other low-precision formats.
Pruning removes redundant weights, channels, or structures. Knowledge distillation
trains a compact student model to imitate a larger teacher. Efficient architectures such
as MobileNets, EfficientNets, MicroNet, and MobileViT reduce computation by design.
TinyML runtimes such as TensorFlow Lite Micro and CMSIS-NN combine these methods
with kernels optimized for constrained hardware [4,8,10,58-65].

These techniques have made edge inference practical across many applications. They
can reduce model size, memory traffic, and inference energy by large constant factors. How-
ever, they do not change the primitive operations that dominate modern deep learning [66].
Matrix products, attention inner products, softmax normalization, sampling, singular value
decompositions, and gradient-based optimization remain costly. Compression improves
implementation efficiency, but it often trades accuracy, capacity, robustness, or design com-
plexity for lower resource use. This is why quantum acceleration is of interest in this review.
It does not merely offer another compression method. It targets selected linear-algebraic,
sampling, and optimization primitives that underlie learning and inference.

Table 2 summarizes the main classical techniques and their limitations.

Table 2. Classical techniques for edge-Al deployment and their main limitations.

Technique Purpose Limitation

Quantization Lowers numerical precision to May reduce accuracy or ro-
reduce memory, bandwidth, bustness, especially at very
and arithmetic cost. low precision.

Pruning Removes redundant weights, Requires sparse or structured
channels, or structures. execution support to realize

speedups.
Knowledge distilla- Transfers behavior from a large Depends on teacher quality
tion teacher to a compact student. and may lose capacity on dif-

Efficient architec-
tures

TinyML runtimes

Designs models with fewer opera-
tions and better hardware fit.

Provide optimized kernels and de-
ployment tools for small devices.

ficult tasks.

Often requires task-specific
search or architecture engi-
neering.

Improve execution efficiency
but do not alter algorithmic
complexity.

2.3. Recent Advances in Edge and MEC Systems

Beyond compression at the model level, recent work on edge and mobile-edge com-

puting (MEC) has expanded the system-level toolbox on which a future quantum-assisted
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edge architecture would build. Comprehensive surveys document how on-device Al is
converging with MEC, federated learning, and energy-aware scheduling [3-5,10], and they
highlight the importance of coordinated resource allocation and task offloading between
many edge clients and a shared infrastructure. Game-theoretic and multi-agent alloca-
tion frameworks, for example the Stackelberg-game-based scheme of Zhang et al. for re-
source allocation and task offloading in MEC-enabled connected intelligent transportation
systems [57], are directly relevant here: the same kind of mechanism is needed to decide,
in a hybrid quantum-classical edge system, when a quantum subroutine is worth invoking,
how to allocate classical preprocessing and queueing among devices, and how to amortize
the fixed costs of a remote quantum service across many lightweight clients. We treat these
MEC and orchestration techniques as the classical substrate on which quantum-assisted
edge Al will sit; the role of quantum computing is then limited to specific, latency-tolerant
subroutines invoked through this substrate, rather than to a redesign of the edge layer itself.

3. Background on Quantum Computing and Quantum Machine Learning

Building on the edge-Al background above, this section summarizes the quantum-
computing concepts used in the rest of the paper: the basic qubit/circuit model, the hybrid
quantum-—classical execution paradigm, and the main QML method families. We close
with a working taxonomy that separates quantum-native, quantum-assisted, and quantum-
inspired approaches; this taxonomy is used throughout the paper to keep the discussion
honest about which techniques actually need quantum hardware and which do not.

3.1. Quantum Computing Basics

Quantum computing represents information using quantum states. The basic unit is
the qubit, whose pure state is

[p) =al0)+B[1), |«*+][B*=1, (1)

where ¢, € C. An n-qubit register occupies a 2"-dimensional complex Hilbert space.
This exponential state space does not mean that a quantum computer simply performs 2"
classical computations in parallel. A measurement returns a classical outcome sampled
from the final probability distribution. Quantum advantage arises when a circuit uses
superposition, entanglement, and interference so that useful outcomes become more likely
and uninformative outcomes cancel [67,68].

Entanglement allows multi-qubit states to contain correlations that cannot be writ-
ten as products of single-qubit states [69]. Interference allows amplitudes to combine
constructively or destructively. Measurement converts the quantum state into classical
information, but it also limits what can be extracted from the state. These features make
quantum computing powerful for some structured problems, but they also make data
loading, measurement, and circuit design central bottlenecks.

Current devices operate in the noisy intermediate-scale quantum (NISQ) regime [18].
They contain limited numbers of noisy physical qubits, have finite coherence times, and can-
not yet support large-scale fault-tolerant computation. Gate errors, readout errors, deco-
herence, and restricted circuit depth limit the size and reliability of present quantum
algorithms [19,70]. As a result, near-term quantum computing is best understood as a
specialized accelerator model rather than a standalone replacement for classical computing.
The depth, fidelity, and coherence properties of present hardware are not engineering
details that will be removed by routine scaling; they reflect open problems in quantum
many-body physics, materials science, and quantum error correction [19,70,71]. For this
reason, we treat the gap between toy demonstrations and industrial-scale quantum-assisted
edge Al as physics-bounded rather than purely software- or architecture-bounded.
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3.2. Hybrid Quantum—Classical Computing

Hybrid quantum-—classical computing is the dominant near-term execution model. A
classical processor prepares inputs, selects circuit parameters, submits circuits to a quantum
processor, collects measurement outcomes, and updates the parameters or downstream
model. The quantum device is used only for subroutines that may benefit from quantum
state evolution or quantum sampling [19,20].

This model is especially relevant to edge Al because it is compatible with the archi-
tectural premise of this review. The edge device remains classical and handles real-time
sensing, inference, and control. Quantum resources are invoked remotely or near the edge
for tasks that can tolerate communication delay, such as training, optimization, kernel
evaluation, compression, calibration, sampling, or periodic model updates. The result re-
turned to the edge is classical, such as a set of weights, parameters, thresholds, codebooks,
or model updates.

Important hybrid algorithms include the Variational Quantum Eigensolver (VQE), the
Quantum Approximate Optimization Algorithm (QAOA), variational quantum classifiers,
and quantum neural networks. VQE minimizes the expectation value of a Hamiltonian over
circuit parameters [72]. QAOA alternates problem and mixing operations to approximate
solutions to combinatorial optimization problems [73]. Variational quantum classifiers and
quantum neural networks use parameterized circuits as trainable models whose losses are
estimated from measurements and optimized by a classical routine [21-23]. These methods
are shallow enough to be plausible on NISQ hardware, but their usefulness depends on
noise, data encoding cost, measurement overhead, optimization difficulty, and the full
communication cost of the hybrid loop.

3.3. Quantum Machine Learning Overview

Quantum machine learning applies quantum computation to learning, inference,
optimization, and data representation [51,74]. The methods most relevant to edge Al fall
into four broad groups. Quantum neural networks use parameterized quantum circuits as
trainable models. Classical data are embedded into quantum states through feature maps,
and trainable gates define the model. Gradients can be estimated by parameter-shift rules
or related techniques [22,23,42].

Quantum kernel methods map classical data into a quantum Hilbert space and esti-
mate inner products between quantum feature states. The resulting kernel matrix can then
be used by classical methods such as support vector machines [24-26]. These methods
are attractive because they separate quantum feature evaluation from classical learning,
but they still face data-loading, measurement, and scaling costs.

Quantum-enhanced classical training uses quantum subroutines inside otherwise
classical pipelines. Examples include linear-system solving, singular value transformation,
sampling, gradient estimation, and optimization [12,13,17]. This family is particularly
aligned with the focus of this review because it treats quantum computers as accelerators
for selected primitives rather than as replacements for complete edge models.

Quantum generative models use quantum circuits to represent or sample from com-
plex distributions. Examples include quantum circuit Born machines, quantum Boltzmann
machines, and quantum generative adversarial networks [75,76]. These models may be
relevant to edge settings that require compact generative representations, uncertainty esti-
mation, synthetic data, or anomaly detection, although most demonstrations remain small.
Recent work continues to improve the flexibility and controllability of such models; for
example, QuanFlex-GAN combines parameterized quantum circuits for noise and label in-
formation with a lightweight classical network to synthesize images, and reports improved
image quality and training robustness over classical CGANs and earlier QGANs [77].
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Hybrid generators of this kind are of interest at the edge mainly as quantum-assisted
offline tools—for example for on-device data augmentation or the density component of
anomaly detection under resource constraints—while the artifact deployed on the device
itself remains classical.

Overall, QML is still an emerging field. Most results are theoretical, simulated,
or demonstrated on small hardware instances. Its edge relevance should therefore be
judged at the workflow level rather than by asymptotic speedups alone. A useful quantum-
assisted edge-Al method must improve an end-to-end metric such as latency, energy,
memory, model size, sample efficiency, accuracy, privacy, or adaptation cost after account-
ing for data preparation, measurement, noise, communication, and classical preprocessing.

3.4. Taxonomy: Quantum-Native, Quantum-Assisted, and Quantum-Inspired Methods

To keep the rest of the paper precise, we distinguish three classes of methods. The dis-
tinction is not merely terminological; it determines which hardware is actually required,
which workflow layer is affected, and which “quantum advantage” claims are even mean-
ingful for edge deployment.

Quantum-native methods require execution on a quantum processor and have no effi-
cient classical equivalent under standard assumptions. Examples include Shor’s factoring
algorithm [35], Grover-style search [78], the HHL linear-system algorithm under its access
assumptions [12], and quantum-kernel separations based on intrinsically quantum feature
maps [24,26]. For edge Al, these methods are mainly theoretical references: they delineate
where a real advantage could exist if data loading, state preparation, depth, and readout
could all be paid for at the assumed rates. Most known speedups in this class are highly
specialized and depend on specific mathematical structures [39,79].

Quantum-assisted methods use a quantum processor as a subroutine inside an other-
wise classical pipeline. The classical system handles data ingest, preprocessing, optimizer
state, and deployment; the quantum device is called only for parameterized circuit evalua-
tions, expectation estimation, or sampling. Variational quantum eigensolvers, the quantum
approximate optimization algorithm, variational quantum classifiers, quantum convolu-
tional and recurrent modules, and quantum federated learning with a quantum-capable
server all sit in this category [22,27,30,43,45,72,73]. This is the class with the most plausible
near-term edge relevance, because the quantum component returns a compact classical
artifact that can be deployed on a classical edge device.

Quantum-inspired methods use no quantum hardware at all. They borrow structural
ideas from quantum information, such as tensor-network factorizations, amplitude-style
sampling access, or randomized measurement sketches, and implement them entirely on
classical processors [31-34,52,53]. For edge Al, these methods are the most immediately
deployable, because they require neither quantum hardware nor a network connection
to a quantum service. Their limitation is also clear: once a method has been reduced to
classical operations, the achievable speedup is governed by classical complexity, and no
NISQ-specific benefit remains.

This taxonomy is used throughout the remainder of the paper. When we discuss
algorithms or systems, we identify which class they fall into and which edge-Al workflow
stage they affect.

4. Edge-Quantum System Architecture: A Representative Device and Its
Hybrid Workflow

This section grounds the system-level premise of the paper in a representative edge
device. The goal is not to prescribe a single hardware design, but to make clear how
quantum resources would enter an edge-Al workflow in practice. The edge device remains
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a classical system. It performs sensing, preprocessing, real-time inference, and control
locally. Quantum computation appears only as a remote or near-edge accelerator for
selected tasks that can tolerate communication delay.

4.1. Representative Classical Edge Node

A useful reference case is an Al-enabled IoT sensor node used in industrial monitoring,
smart infrastructure, healthcare wearables, or mobile sensing. Such devices operate close
to the data source and must often run continuously under strict limits on energy, memory,
computation, and latency [3,11]. Figure 2 illustrates this class of system and its interaction
with external quantum resources.

Remote acceleration
Edge Al loT Sensor Node (Classical Device) (not on-device)
Sensors &1/0 g::(r:r;pute (U Memory el ol
i elemetr secure |
smoleamers L alecpuarM) e SR APIcals. |
« IMU / biomed « Flash G / calls || Quantum Service
@R * DSP/NPU (opt.) « buffers requests Y > P+ o
* RTOS / drivers » Cloud APl | @ classica
¥ (classical) model 7| control)
| l artifact: |
Power Mgmt EocalAI Runflme Connectivity CO’EP[esseﬁi l T
« battery - ouamizea « BLE/ Wi-Fi/LTE varams | AvbrigL
* duty-cycle X « secure link [ OTA update / ams, | ybrid Loop
* sleep states GEEnEe « API client deploSment calibration | | « VQA/ QNN eval
¢ control/ alerts " | » classical
i | optimizer
Real-time loop stays local: sensing > inference > 1 P
actuation

Figure 2. Hybrid workflow for quantum-accelerated edge Al. The edge device remains classical
and performs real-time inference and control locally. Latency-tolerant tasks are routed through a
gateway or MEC node to remote quantum resources, and the resulting classical artifacts are returned
for deployment on the edge device.

A typical node contains sensors, a low-power processor, limited memory, a connectiv-
ity module, and power-management circuitry. The processor may be a microcontroller or
mobile-class system-on-chip, sometimes assisted by a small DSP or neural processing unit.
The memory subsystem usually includes constrained SRAM for runtime buffers and flash
memory for firmware and model storage. The sensor interface may connect to microphones,
cameras, inertial sensors, industrial probes, or biomedical sensors. Connectivity may be
provided through Bluetooth Low Energy, Wi-Fi, LTE, or a gateway link. Power is managed
through battery operation, energy harvesting, duty cycling, and sleep states.

The local Al workload is entirely classical. Sensor signals are filtered, normalized,
segmented, and passed to compact models such as quantized CNNs, small recurrent
models, or other TinyML networks. The device then produces a local decision, alert,
control signal, or compressed representation. This local loop is essential because many
edge applications cannot depend on round-trip communication with a cloud service.
Autonomous control, medical monitoring, safety-critical vision, and low-latency audio
processing require predictable timing and local reliability.

The same constraints that make local inference valuable also limit what the device
can do. The node can execute a compact model, but it usually cannot support large-scale
retraining, expensive hyperparameter search, high-dimensional kernel evaluation, large
matrix decompositions, or complex optimization. These tasks are therefore performed
off-device when the application can tolerate delay or intermittent connectivity [5]. This
division between local real-time execution and off-device adaptation is the opening through
which quantum acceleration may enter the system.
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4.2. Hybrid Interaction with Quantum Resources

Quantum computing enters this architecture at the workflow level rather than the
device level. The edge node communicates with a classical gateway, mobile edge computing
node, or cloud backend through secure APIs. That backend prepares the job, manages
classical preprocessing, submits circuits or subroutines to a quantum service, collects
measurement results, and returns a classical artifact to the edge system. The artifact may
be a compressed model, updated weights, optimized thresholds, calibration parameters,
a control policy, a codebook, or a feature representation.

This interaction matches the dominant NISQ-era execution model. Present quantum
processors are not general replacements for edge hardware. They are specialized acceler-
ators that may be useful for selected subroutines such as optimization, sampling, kernel
evaluation, or parts of training and compression [18,19,40]. For example, a hybrid quantum
algorithm could be used periodically to tune anomaly-detection thresholds, optimize pa-
rameters of a control policy, evaluate a quantum kernel for feature construction, or assist in
compressing a model that is later deployed on the edge device. In each case, the deployed
model or parameter set remains classical.

The crucial boundary is latency. Real-time sensing, inference, and actuation remain
local. Quantum resources are invoked only for tasks whose value exceeds their communi-
cation, queuing, data-loading, measurement, and postprocessing costs. This means that
quantum acceleration is not relevant to every edge-Al task. It is most plausible for periodic,
batch, latency-tolerant, or connectivity-aware workloads where improved optimization,
representation, sampling, or compression could reduce total system cost.

This framing also clarifies the practical implication of quantum-accelerated edge
Al The edge device does not need quantum hardware, cryogenics, or quantum control
electronics. Its hardware and real-time operating behavior remain classical. The research
question is instead whether a hybrid system that includes remote quantum subroutines can
improve end-to-end metrics such as accuracy, model size, energy use, memory footprint,
sample efficiency, adaptation cost, or deployment latency when compared with a fully
classical edge-cloud baseline.

5. Quantum Data Encodings for Edge AI: Cost Profiles and Trade-Offs

Every quantum machine-learning pipeline begins with an encoding map x — |¢(x))
that embeds classical data into a quantum state. This choice is not a minor implemen-
tation detail. It determines the number of qubits, circuit depth, preparation cost, noise
sensitivity, measurement burden, and class of functions that the downstream model can
represent [80-82]. For edge-Al workflows in particular, the encoding step is also the
boundary at which classical sensor data leave the edge device and become a quantum-
side cost: it determines how much classical data must be transmitted to the gateway or
quantum service, how the resulting state-preparation circuit interacts with NISQ noise,
and how aggressively the device-side feature extractor must compress before transmission.
For edge A, where input dimensionality, latency, bandwidth, and energy are binding
constraints, the encoding can dominate the total cost of the hybrid workflow. This section
reviews the main encoding families relevant to edge-oriented QML and emphasizes their
practical trade-offs.

5.1. Encoding as the Cost Driver

The appeal of quantum machine learning often comes from the size of the quantum
state space. An n-qubit register lives in a 2"-dimensional Hilbert space, so some encodings
can represent high-dimensional vectors using few qubits. However, this compact represen-
tation is useful only if the state can be prepared, used, and measured efficiently. For edge
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applications, this condition is especially important because the full workflow includes clas-
sical preprocessing, network transmission, quantum execution, readout, postprocessing,
and deployment of a classical artifact back to the device.

Thus, the relevant cost is not only the complexity of the quantum algorithm after the
data have been loaded. It is the end-to-end cost of obtaining a useful output from classical
edge data. Encodings that are shallow, robust, and compatible with NISQ hardware may
be more valuable in practice than encodings that are asymptotically compact but expensive
to prepare. This distinction is central to the edge setting.

5.2. Near-Term Encodings for NISQ Workflows

The most practical near-term encodings are those that can be implemented with
shallow circuits and modest qubit counts. Basis, unary, angle, phase, Hamiltonian, and IQP
encodings fall into this broad category, although they serve different purposes.

In basis encoding, a binary vector x € {0,1}" is stored directly in the computa-
tional basis:

[p(x)) = |x1x2- - 2n) - )

The preparation cost is O(n), since the circuit applies X gates to the qubits for which
x; = 1. This encoding is simple and robust, but its expressiveness is limited. Distinct
inputs are mapped to orthogonal basis states, and simple readouts recover only limited
Boolean structure [81]. Unary, or one-hot, encoding maps a categorical valuei € {1,..., N}
to a state with a single active qubit. It is natural for small categorical variables, routing
decisions, token indices, or attention-head selection, but it uses N qubits for a variable with
N categories and is therefore costly for large vocabularies.

Angle encoding is often the default NISQ feature map for real-valued data. A vector
x € R" is loaded through single-qubit rotations:

n

p(x)) = éRy(xi) 10) = @|cos(x;/2) [0) +sin(x;/2) [1)]. ©)
i=1

i=1

This uses n qubits for n features and can be prepared in depth one. Phase encoding uses
rotations such as R;(x;), often after a Hadamard layer:

9(x)) = ) Re(x)H [0) @

i=1

Angle and phase encodings are periodic, so classical inputs are usually rescaled to a
bounded interval such as [—7t, 7]. Their main advantage is that they are shallow, hardware-
friendly, and compatible with repeated data injection. In the data re-uploading construction,
the same input is encoded multiple times between trainable layers. A circuit with L such
repetitions can represent a truncated Fourier series whose order grows with L [80,83]. This
makes angle and phase encodings among the most important near-term tools for expressive
QML models on noisy hardware.

Hamiltonian encoding loads data through the parameters of a Hamiltonian H(x) and
prepares an evolution of the form e~ (¥)t0). This encoding is natural when the problem
already has physical or combinatorial structure, such as molecular property prediction,
control, or optimization. It also appears in VQE-style workflows and in quantum kernels
constructed through trotterized dynamics. Its cost depends on the structure of H(x),
the simulation method, and the required evolution time.

IQP encodings provide another important NISQ-compatible family. They use
Hadamard layers together with diagonal entangling gates to produce feature maps of
the form
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|p(x)) = Uigp(x)H®" [0),  Usqp(x) = exp <i;¢5(x) sz>- (G))

keS

These circuits are used in quantum-kernel methods and are connected to sampling problems
that are conjectured to be classically hard in certain regimes [24]. They also underlie
separation results for specific data distributions [26]. For edge-Al workflows, their appeal
is that they provide structured nonlinear feature maps with relatively shallow circuits. Their
limitation is that the depths required for strong theoretical separations may be sensitive
to noise.

5.3. Compact Encodings and the Data-Loading Bottleneck

Amplitude encoding is the most compact standard encoding in qubit count. It stores a
normalized vector x € RY in the amplitudes of a log, N-qubit state:

N
() =Y xili), xl2=1. 6)
i=1

This representation is exponentially compact and is assumed by many quantum linear-
algebra algorithms, including HHL, quantum PCA, and related methods based on singular
value transformation. It is therefore central to many claimed exponential QML speedups.

The main caveat is state preparation. Without exploitable structure or quantum ran-
dom access, exact amplitude encoding requires ®(N/ log N) gates in the worst case [36,81].
This cost can erase the apparent logarithmic advantage of downstream quantum linear
algebra. In edge-Al settings, where the original data are classical and often produced by sen-
sors, the loading problem cannot be ignored. Any claimed advantage must count the cost
of preparing the amplitude-encoded state, transmitting the relevant data, and extracting
useful classical information from the result [36,39].

Quantum random access memory (QRAM) is often proposed as the mechanism that
would make amplitude encoding practical at scale. In the ideal model, QRAM maps a
superposition of addresses to a superposition of stored data:

Y li) 0) > L i) ) @)

After an O(N) loading phase, this access is assumed to take O(log N) time [84]. If such a de-
vice were available at scale, it would support many of the strongest quantum linear-algebra
speedups. At present, however, large-scale fault-tolerant QRAM has not been realized,
and proposed architectures require substantial ancillary hardware and are sensitive to
noise [19,36]. For edge Al, QRAM should therefore be treated as an enabling assumption
for long-term or asymptotic analysis rather than as a near-term deployment resource.

5.4. Structured and Non-Qubit Encodings

Some encodings are important because they exploit structure in the data or because
they point beyond standard qubit-based NISQ workflows. Tensor-network encodings
represent classical data through matrix-product states, tree tensor networks, or related
low-entanglement structures [33,52]. When the relevant data have limited correlations,
a matrix-product-state representation with bond dimension x can often be prepared with
depth scaling as O(nlog x). These encodings are especially relevant to edge Al because
they connect quantum models to quantum-inspired classical algorithms. If the required
bond dimension is small, the same tensor-network structure can often be simulated effi-
ciently on classical hardware, including edge hardware. In that case, the practical benefit
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may come not from executing a quantum circuit, but from importing quantum-inspired
representations into deployable classical models.

Continuous-variable encodings arise primarily in photonic quantum hardware. In-
stead of qubits, these systems use modes with continuous quadratures. Classical data may
be loaded as displacement amplitudes of coherent states,

|a(x)) = D(a(x))[0), ®)

or through squeezing parameters and interferometer phases [85]. Continuous-variable
encodings are attractive for signal processing, optical sensing, and possible near-edge
photonic accelerators because photonic systems can operate at room temperature and
integrate naturally with fiber and optical communication infrastructure. Their algorithmic
model is different from the qubit model, since measurements are typically homodyne
or heterodyne rather than projective, and the operators are unbounded. For this reason,
continuous-variable QML should be viewed as a distinct hardware and algorithmic path
rather than as a direct substitute for qubit encodings.

5.5. Cost Summary and Edge Relevance

Table 3 summarizes the main encoding choices and their edge relevance. The practical
implication is that encoding must be treated as part of the system cost rather than as a
formal preprocessing step. Amplitude encoding is qubit-efficient, but its state-preparation
cost often removes the advantage of downstream quantum linear algebra unless QRAM
or exploitable data structure is available. Angle, phase, and IQP-style encodings are more
realistic near-term choices because they use shallow circuits and integrate naturally with
NISQ hardware. Tensor-network and continuous-variable encodings provide alternative
paths that may be especially relevant to edge systems, either through quantum-inspired
classical deployment or through photonic hardware closer to the network edge.

Table 3. Quantum data encodings and their suitability for edge-Al workflows. n denotes the
number of features, N = 2" the dimension of the classical feature space, and ) the tensor-network
bond dimension.

Encoding Qubits or Modes  Preparation Cost Edge Role
Basis/unary nor N O(n) gates Categorical features, binary inputs, and small
vocabularies
Angle/phase n O(n) gates, depth 1 Default NISQ feature maps; compatible with data
re-uploading
Amplitude log, N O(N/ log N) without QRAM Useful mainly with structured data or strong
loading assumptions
QRAM-based log, N plus auxil- O(log N) amortized after loading Long-term enabling assumption; not NISQ-ready
iaries
Hamiltonian Problem- Depends on H(x) and simulation ~ Physics-structured data, control, and VQE-like
dependent depth workflows
IQP n Polynomial depth, often shallow Quantum-kernel methods and structured nonlin-
in practice ear feature maps
Tensor network/MPS 7 or log, N Often O(nlog x) Bridge to quantum-inspired classical deployment
Continuous- Modes Hardware- and circuit-dependent  Photonic near-edge hardware and signal-

variable/displacement

processing workflows

6. Quantum Techniques for Neural-Network Acceleration in Edge Al

The relevant question for edge Al is not whether quantum models can replace classical

neural networks. Rather, it is whether quantum subroutines can improve selected stages of
a learning pipeline whose outputs are returned to the edge as compact classical artifacts.
These stages include training, compression, optimization, sampling, kernel evaluation,
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calibration, and model adaptation. This framing is essential because real-time inference
and control must remain local, while quantum resources are useful only when the task can
tolerate communication delay and hybrid execution.

Quantum acceleration is therefore best understood at the level of computational
primitives. Modern neural networks rely heavily on linear algebra, similarity estimation,
sampling, normalization, and optimization. Dense layers, convolutional operations, atten-
tion mechanisms, recurrent updates, implicit layers, and training routines all reduce in part
to these operations. Quantum algorithms have been proposed for several of them, including
linear-system solving, singular value transformation, inner-product estimation, sampling,
and expectation estimation. Their relevance to edge Al depends not only on asymptotic
complexity but also on data-loading cost, readout cost, noise, communication overhead,
and whether the quantum output can be used without extracting a full classical vector.

Throughout this section we distinguish two regimes for each candidate technique. The-
oretical (asymptotic) advantages are speedups that hold under idealized assumptions such as
efficient state preparation, QRAM access, low noise, sufficient circuit depth, and acceptable
readout cost. They describe where a real benefit could exist if these assumptions could be
paid for. Near-term practical advantages, by contrast, are improvements that remain meaning-
ful when classical preprocessing, data loading, queueing, shot budgets, error mitigation,
and communication are explicitly costed. The near-term picture is far more conservative
than the asymptotic one: many widely cited quantum speedups do not currently translate
into near-term practical edge-Al gains, and the goal of the present section is to identify the
subset that plausibly does [36,39,79].

6.1. Primitive-Level Acceleration

Linear algebra is the most developed point of contact between quantum computing

and neural-network acceleration. The Harrow-Hassidim-Lloyd (HHL) algorithm solves a
linear system

Ax=Db )

by preparing a quantum state proportional to the solution,
|x) « A7 |b), (10)

under assumptions on sparsity, conditioning, precision, and efficient state preparation [12].
In ideal settings, the dependence on the matrix dimension can be polylogarithmic. This
makes HHL conceptually important for inverse problems, least-squares regression, implicit
layers, kernel methods, and second-order optimization. It does not, however, directly
produce a full classical solution vector. Extracting all entries would remove the advantage.
HHL is therefore most relevant when the downstream task requires expectation values,
overlaps, classifications, or other low-dimensional summaries of |x) rather than a complete
classical reconstruction [16].

A broader modern framework is provided by block-encoding and quantum singular
value transformation (QSVT). Given a matrix A, block-encoding embeds A into a larger
unitary Uy such that

A = a{0[Ual0), (11)

for a normalization factor a. QSVT then applies polynomial transformations to the sin-
gular values of A [13,86]. This framework unifies many quantum linear-algebra routines,
including matrix inversion, spectral filtering, low-rank approximation, and matrix-function
evaluation [87]. In neural networks, these operations are relevant to model compression,
regularization, low-rank attention, kernel methods, and optimization. Their practical
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usefulness depends on whether the matrix can be accessed or block-encoded efficiently.
For classical edge data, this access assumption is often the bottleneck.

Similarity estimation is another recurring primitive. Attention layers, kernel methods,
clustering, nearest-neighbor search, and metric learning all depend on inner products or
distances. Quantum circuits can estimate overlaps between states, for example through
swap-test-style procedures or related inner-product estimation methods [14,88]. In princi-
ple, this can reduce the cost of computing similarities in high-dimensional spaces. In prac-
tice, the benefit depends on how the vectors are encoded, how many shots are required,
and whether approximate similarities are sufficient. For edge workflows, the most plausible
role is not direct on-device attention computation, but remote construction or compression
of similarity structures that are later deployed as classical models.

Sampling is equally important. Many learning systems require sampling from prob-
ability distributions, including Bayesian models, generative models, stochastic policies,
uncertainty estimators, and approximate attention mechanisms. Quantum circuits naturally
produce samples from measurement distributions, and quantum generative models such as
circuit Born machines, quantum Boltzmann machines, and quantum generative adversarial
networks exploit this property [75,76,89]. These methods may be useful when the target
distribution is difficult to sample classically or when a compact generative representation
can improve an edge model. The challenge is that quantum samples must still be validated,
trained, and converted into a form that improves the deployed system.

6.2. Quantum Neural Architectures

Beyond primitive-level subroutines, several quantum models have been proposed as
analogues of classical neural architectures [90,91]. These models are best viewed as hybrid
components rather than replacements for complete neural pipelines.

The quantum perceptron is the simplest example. Classical perceptrons compute a
weighted sum followed by a nonlinear activation [92],

y=c(w'x+b). (12)

Quantum versions differ in how they represent the inner product and the activation [93,94].
Phase-kickback perceptrons encode binary inputs and weights through sign-flip operations
and estimate an overlap through an ancilla measurement [95]. Unitary perceptrons treat
trainable circuit parameters as weights and realize the output by measurement in a chosen
basis [96]. Continuous-variable perceptrons use photonic linear transformations and non-
Gaussian operations to approximate the linear and nonlinear stages of a neuron [85]. These
constructions show that quantum circuits can reproduce neuron-like behavior, but they
also expose a central difficulty: nonlinearity usually enters through measurement, and
measurement disturbs the quantum state.

As a result, multilayer quantum networks require special composition mechanisms.
One approach measures intermediate outputs and re-encodes them into later layers. An-
other uses ancilla systems and partial tracing to induce nonlinear effective behavior. A third
and more practical approach combines small quantum blocks with classical layers, produc-
ing a hybrid quantum-—classical model whose parameters are trained end to end [42,83,97].
For edge Al this hybrid pattern is the most plausible. Quantum circuits act as feature
maps, kernels, or compact trainable modules, while the classical system provides depth,
regularization, deployment tooling, and real-time execution.

Quantum convolutional neural networks extend this idea to spatial or structured data.
A classical convolution computes local weighted sums, for example

Yij = Zwm,nxi+m,j+n- (13)

mn
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A quantum convolutional layer instead applies a parameterized circuit to local patches
encoded as quantum states,

|l[)> = uconv(()) |(P(x)> . (14)

Pooling can be implemented through measurement, tracing out qubits, or retaining a subset
of the register [43,44]. QCNNs may provide expressive local feature maps and parameter-
efficient representations, but current hardware limits them to small inputs and shallow
circuits. Their near-term edge relevance therefore lies mainly in offline feature construction,
model compression, or hybrid training rather than direct replacement of deployed CNNs.

Quantum recurrent models apply parameterized unitaries to sequential data. A classi-
cal recurrent update has the form

hy = f(Waxt + Wyhy 1), (15)
whereas a quantum recurrent model evolves a quantum hidden state,
|h) = U(xt,0) [he-1) - (16)

Such models can represent temporal correlations through quantum state
evolution [45,46,98]. Their limitations are the same ones that affect other NISQ mod-
els: repeated state preparation, finite coherence, noisy measurements, and unstable training.
They may be useful for compact sequence representations, but not for hard real-time
sequence processing on edge devices.

Transformer architectures are a particularly important case because they are dominated
by attention, similarity estimation, normalization, and large embedding operations [99].
Classical scaled dot-product attention computes

Attention(Q, K, V) = softmax QiKT \% (17)
7 4 \/@ .

Quantum methods have been proposed for overlap estimation, low-rank spectral filtering,
and sampling-based approximations to attention [47]. For example, if an attention matrix
admits a low-rank approximation

.
QK" ~ Y oo/, (18)
i=1

QSVT-style methods could in principle amplify, suppress, or truncate singular compo-
nents [13]. This aligns with classical efficient attention methods, which already use sparsity,
low-rank structure, and random features to reduce complexity. The quantum role would be
to assist in producing or optimizing the compressed attention structure, not to run attention
directly on a sensor node.

Softmax illustrates both the promise and the caveat. Given logits z € R",

e

softmax(z;) = ———. (19)
j=1¢"
A quantum sampler could produce outcomes with probabilities
Pr(i) = |a;[? (20)

if the amplitudes satisfy a; « e%/2. This would replace explicit normalization by mea-
surement sampling. However, preparing such a state from classical logits generally re-
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quires knowledge of the normalization constant, which is precisely the quantity softmax
computes [36,81]. A quantum advantage is therefore plausible only when the amplitudes
arise naturally from a quantum subroutine, or when approximate preparation, QRAM,
or structured access is available. For edge Al, the more realistic use is remote approxima-
tion, sparsification, or compression of attention distributions whose reduced form is then
deployed classically.

6.3. Training, Optimization, and Gradients

Training remains one of the most plausible places for quantum resources to enter
an edge-Al workflow, because training and adaptation are often performed off-device.
A learning model minimizes a loss of the form

N
L£(0) = % Y U(fo(xi), vi)- (21)

i=1

Variational quantum algorithms use parameterized circuits to minimize measured expecta-
tion values,
min (ojut(e)HU(6)|0), (22)

with a classical optimizer updating the parameters [20,72]. This template includes the
Variational Quantum Eigensolver, the Quantum Approximate Optimization Algorithm,
variational quantum classifiers, and many quantum neural-network models.

Gradients of circuit expectations can often be estimated using the parameter-shift rule:

55:(0) = 3[{0be, = (O3] 23)

This enables hybrid backpropagation-like training through quantum modules [42]. Other
quantum or quantum-inspired optimization methods, including QAOA, quantum natural-
gradient methods, and quantum sampling procedures, may support hyperparameter search,
combinatorial model selection, threshold tuning, or policy optimization.

For edge systems, the key point is that the trained output is classical. A remote hybrid
loop may optimize weights, thresholds, codebooks, feature maps, or compressed model
structures. These artifacts can then be deployed to a classical edge device. This fits the
edge constraint that real-time inference must remain local while expensive adaptation can
occur asynchronously.

6.4. Complexity, Noise, and Edge Relevance

The apparent advantage of quantum acceleration must be assessed through the full
system cost. Idealized asymptotic complexity is informative, but it is not sufficient for edge
Al Data must be loaded, circuits must be executed, results must be measured, classical
postprocessing must be performed, and the output must be transmitted back to the edge
system. A useful hybrid workflow must satisfy a practical inequality of the form

Tquantum + Tcommunication + Toverhead < Tclassical/ (24)

for the target workload and accuracy requirement.

Table 4 summarizes the main neural-network bottlenecks, candidate quantum tech-
niques, intended benefits, and primary caveats. The table emphasizes that quantum
methods target modules within a classical learning pipeline rather than entire edge models.
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Table 4. Representative neural-network bottlenecks and candidate quantum-assisted techniques,
classified by whether the advantage is currently theoretical /asymptotic (T) or plausibly near-term

practical (NT) under NISQ constraints.

Target Quantum Technique Potential Benefit Horizon Main Caveat
Linear solves and im- HHL, block-encoding, Structured linear-algebra T State preparation, condi-
plicit layers QSVT acceleration tioning, readout
Low-rank compression  SVE, QSVT, quantum PCA  Spectral filtering and T Efficient matrix access re-
model compression quired
Similarity and kernels ~ Swap test, quantum kernels Nonlinear feature maps NT Shot cost and kernel concen-
and kernel evaluation tration
Attention and softmax  Quantum sampling, low- Approximate attentionor T Normalization and loading
rank quantum methods sparsification costs
Training and optimiza- VQA, QAOA, quantum gra- Hybrid optimizationand NT Barren plateaus and noise
tion dients parameter search
Probabilistic inference ~ Quantum sampling, Born Sampling from complex NT Verification and hardware
machines distributions scale
Tensor-network com- MPS/tensor-train factoriza- Classical model com- NT (classical) Depends on data-structure

pression (on-device)

tion (quantum-inspired)

pression and structured

low-rankness

weight representations

Noise is the main near-term limitation. NISQ devices suffer from gate errors, readout
errors, decoherence, restricted connectivity, and limited circuit depth. Variational algo-
rithms also face noise-induced bias and barren plateaus, where gradients become too small
to estimate reliably [37,100]. Error-mitigation methods such as zero-noise extrapolation,
probabilistic error cancellation, and measurement-error mitigation can improve estimates,
but they increase sampling overhead [101,102]. This overhead is acceptable only when the
quantum routine is used sparingly, asynchronously, or offline.

These constraints sharpen the edge-Al design rule. Quantum acceleration is most
plausible for coarse-grained, latency-tolerant tasks such as periodic retraining, calibration,
compression, kernel construction, feature selection, model adaptation, and distributed
optimization. It is not plausible for fine-grained real-time inference loops that require
deterministic local response. Even in a fault-tolerant future, quantum processors are more
likely to become components of heterogeneous cloud, MEC, or near-edge infrastructure
than components of small edge devices themselves.

The conclusion is therefore modular and conditional. Quantum techniques may reduce
training cost, improve compression, support richer feature maps, or enhance sampling and
optimization for models that are ultimately deployed on classical edge hardware. They
are unlikely to replace classical edge-Al pipelines directly. Their value must be demon-
strated through end-to-end improvements in latency, energy, memory, model size, sample
efficiency, robustness, or adaptation cost after all loading, communication, measurement,
and postprocessing overheads are included.

7. Expressivity, Trainability, and Generalization

The preceding section identified quantum techniques that may accelerate selected
parts of a neural-network pipeline. Whether these techniques can improve an edge-Al
system depends on more than circuit complexity. Like any learning model, a quantum
model must represent useful functions, be trainable with finite resources, and generalize
from finite data. These three properties define the theoretical filter through which proposed
quantum advantages must pass.

7.1. Expressivity

Expressivity concerns the class of functions a model can represent. In QML, it is not
enough to say that an n-qubit state occupies a 2"-dimensional Hilbert space. Measure-
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ment returns limited classical information, and useful expressivity depends on the input
encoding, trainable circuit, measurement rule, and observable being estimated [80,103].
For variational circuits with angle encoding and intermediate trainable layers, data
re-uploading provides a precise expressivity result. Repeating the encoding layer L times
allows the circuit to represent functions that can be written as truncated Fourier series,

fo(x) = Y cw(B)e ™. (25)

wI<L

The accessible frequencies are determined by the spectrum of the encoding unitary, while
the coefficients are controlled by the trainable circuit parameters [80,83]. This gives a
concrete link between circuit architecture and function class. It also explains why re-
peated shallow encodings can be more useful in NISQ workflows than a single deep
expressive circuit.

Kernel-based QML provides a second expressivity route. A quantum feature map
|¢(x)) defines a kernel through overlaps such as | (¢(x)|¢(x")) |2, which can then be used
by classical kernel methods [25]. Havli¢ek et al. demonstrated such a circuit-based kernel
on IBM hardware [24], and Liu, Arunachalam, and Temme proved a polynomial separation
for a discrete-log-based learning problem under standard cryptographic assumptions [26].
Such results are important because they provide rare end-to-end evidence that a quantum
model can define a classically hard feature space. They also show the limitation: the
strongest theoretical advantages usually require specially structured data distributions, not
arbitrary classical sensor streams.

7.2. Trainability

A circuit that is expressive may still be impossible to train. The central obstacle is
the barren plateau phenomenon. For sufficiently random or deep parameterized circuits,
the variance of the loss gradient can decay exponentially with the number of qubits,

Var[dg L] ~ 27", (26)

for some « > 0 [37]. In such regimes, gradient-based optimization becomes infeasible
because the true gradient is hidden beneath measurement noise. Later work identified
several sources of barren plateaus, including excessive entanglement, global cost functions,
noise, and overly expressive random ansatze [38,100].

The barren plateau phenomenon has important implications for the “small-models-to-
industrial-scale” transition that motivates much of the optimism around QML. The scaling
is not a routine engineering hurdle. The exponential suppression of gradient variance is
rooted in the concentration of measure on the unitary group and is therefore tied to the
physics of how high-dimensional quantum states distribute their amplitude [37,38,100].
As the number of qubits grows and the ansatz becomes more expressive, the signal that
drives classical optimization vanishes faster than measurement budgets can compensate.
Combined with the additional noise-induced variant of the plateau [100] and with the
requirement that the readout precision € scales the measurement budget as O(1/¢€?) [104],
this means that simply increasing qubit count and circuit depth does not move a small
NISQ demonstration toward industrial-scale deployment. The credible path is the opposite
one: keep circuits shallow, restrict the ansatz to problem-informed structure, and reserve
quantum modules for subroutines whose useful output is low-dimensional. Any roadmap
that assumes barren plateaus will be “scaled away” by hardware improvements alone is
physically over-optimistic.
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Trainability can be improved by restricting the circuit and cost structure. Shallow,
problem-informed ansétze often have more favorable gradient scaling than random deep
circuits. Local cost functions can avoid the exponential suppression associated with global
observables. Layerwise training and warm starts reduce the effective dimension of the
optimization problem during early training. Tensor-network initializations can place
the circuit in a low-entanglement region where gradients remain tractable [52]. These
strategies are particularly relevant to edge Al because edge-oriented workflows favor
small models, compact outputs, and limited training budgets. They also support the
broader design principle of this paper: quantum modules should be shallow, structured,
and tied to specific subroutines rather than used as large unstructured replacements for
classical networks.

Noise further complicates trainability. Gate errors, decoherence, and readout errors
bias loss estimates and increase the number of measurements required for reliable gradi-
ents. Error mitigation can reduce this bias, but at the cost of additional circuit executions.
Consequently, a quantum-assisted edge workflow should avoid designs whose benefit
depends on deep circuits, large numbers of parameters, or highly precise gradient esti-
mates. The most plausible designs are small hybrid models, quantum kernels, structured
ansdtze, and quantum-assisted optimization routines whose outputs remain useful despite
moderate noise.

7.3. Generalization

Generalization asks whether a trained quantum model performs well on unseen
data. In classical machine learning, generalization depends on data size, parameter count,
hypothesis-class capacity, and regularization. Similar considerations apply to quantum
models. Caro et al. showed that QNNs with T parameterized gates can generalize from
O(T/€?) training examples to error €, which is broadly comparable to classical models of
similar parameter count [105]. This suggests that quantum models do not automatically
escape standard sample-complexity constraints.

Other work has proposed quantum-specific capacity measures. Abbas et al. introduced
an effective dimension based on the Fisher information of the model distribution and
observed that some QNNs can have higher effective dimension than classical networks
with comparable parameter counts [103]. This may correlate with improved data efficiency
when the encoding and circuit are well matched to the task. However, greater effective
dimension is not automatically beneficial. If the model becomes too expressive relative to
the data, it may overfit or become harder to train.

A further limitation comes from classical learnability. Huang et al. argued that for
many QML tasks based on classical data, a classical learner can often use the available
data to match the predictions of the quantum model [79]. In this view, quantum advan-
tage is most plausible when the data are generated by an intrinsically quantum process,
or when the feature map induces structure that is classically hard to simulate, as in certain
cryptographic kernel separations [26]. For edge Al, where inputs are usually classical
sensor measurements, this is an important caution. Quantum advantage is more likely to
appear as a system-level gain in training, optimization, compression, or sampling than as a
universal improvement in predictive accuracy.

7.4. Implications for Edge Al

The theoretical picture reinforces the engineering argument of the previous sections.
Quantum models are most promising for edge workflows when they are small, shallow,
structured, and connected to a specific computational bottleneck. Angle, phase, IQP,
and kernel-based encodings are plausible near-term choices when they provide useful
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representations without excessive data-loading cost. Deep unstructured circuits are less
plausible because trainability and noise will dominate before any expressive advantage can
be realized.

Theory also clarifies when quantum-inspired classical methods may be preferable. If
the useful structure of a quantum model can be captured by a tensor network, low-rank
representation, or other classically simulable approximation, then the best edge deployment
may be entirely classical. This is not a failure of the quantum approach. It is a practical
route by which quantum theory can inform models that run on constrained hardware.

For this review, expressivity, trainability, and generalization serve as a filter. A quan-
tum acceleration proposal is credible for edge Al only if it represents the required func-
tion class, can be trained under realistic noise and sampling budgets, and improves an
end-to-end deployment metric after accounting for communication, data preparation,
readout, and classical postprocessing. This filter motivates the systems-level analysis
in Section 8, where hardware platforms, cloud quantum services, hybrid architectures,
and edge-relevant use cases are considered together.

8. Integration with Edge Platforms

The preceding sections identified quantum techniques that may accelerate selected
learning, optimization, sampling, and compression tasks. Their relevance to edge Al,
however, depends on system integration. In edge settings, quantum computing is useful
only when the quantum processor can be treated as a remote or near-edge accelerator whose
output is compact, classical, and valuable enough to justify communication, queueing,
measurement, and postprocessing overhead. This section examines the hardware, access
models, deployment patterns, quantum-inspired alternatives, and benchmarking criteria
that determine whether such integration is credible.

8.1. Hardware and Access Models

Quantum hardware is not expected to reside on ordinary edge devices. Current
quantum processors require specialized control, calibration, isolation, and in many cases
cryogenic or optical infrastructure. Superconducting qubits offer fast gates and mature
tooling, but they require millikelvin cooling and are therefore confined to data-center
or cloud environments [18,106,107]. Trapped-ion systems provide long coherence times
and high-fidelity operations, but they depend on complex optical control and are also
unsuitable for direct edge deployment [108]. Neutral-atom devices offer large arrays
and analog-programmable dynamics, but their integration requirements remain closer to
laboratory or data-center settings than to embedded systems [71,109].

Photonic and spin-based platforms are more compatible with edge-proximate de-
ployment in the long term. Photonic systems can operate at or near room temperature
and integrate naturally with optical communication and sensing infrastructure [110,111].
Spin-based and solid-state approaches, including nitrogen-vacancy centers and silicon
spin qubits, may eventually support compact quantum modules, although they remain
experimental for the purposes considered here [112]. Even for these platforms, the more
realistic near- and mid-term location is a gateway, mobile edge computing (MEC) node,
on-premise server, or specialized network facility rather than a sensor, wearable, drone,
or microcontroller-class device.

The practical access path today is therefore cloud or cloud-like execution. Quantum
providers expose hardware through classical APIs and software development kits, while
hybrid frameworks such as Qiskit, PennyLane, Strawberry Fields, TKET, Braket, and related
tools allow circuits to be embedded in classical workflows [113-115]. These frameworks
are important because they make the quantum processor appear as a callable accelerator
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inside a larger classical pipeline. For edge-Al workflows, the relevant distinction is not
the provider name, but the access model, latency regime, and kind of workload that can
tolerate it.

Three access patterns deserve to be considered separately because they have qual-
itatively different latency, privacy, and amortization profiles. First, cloud quantum access
routes a hybrid job from an edge device through the public internet to a quantum ser-
vice operated by a provider. The round-trip time is dominated by wide-area network
latency and provider queueing; it is suitable for retraining, kernel construction, and model
compression performed at hour-to-day timescales, but unsuitable for any task that must
complete within a single edge inference interval. Second, MEC-mediated access places a
classical coordinator inside the operator network, close to the edge, and routes the heavy
classical preprocessing, batching, and orchestration there; the quantum service is still re-
mote, but the MEC node can aggregate updates from many edge clients, schedule quantum
calls efficiently, and cache returned artifacts. This pattern fits federated aggregation, per-
sonalization, and anomaly-threshold tuning for fleets of edge devices. Third, near-edge
quantum acceleration would place a small photonic or spin-based quantum module at a
gateway, on-premise server, or specialized network facility. This pattern would reduce
round-trip latency relative to cloud access and could in principle support more frequent
quantum calls in privacy-sensitive deployments, but it depends on hardware [110-112]
that is still maturing. Figures 1 and 2 should be read with this distinction in mind: the
“Quantum Service” block in those figures may represent any of the three patterns above.

Table 5 summarizes the main access models. Cloud access is suitable for tasks whose
timescale is seconds, minutes, or hours, such as training, calibration, model compression,
or kernel construction. Reserved capacity can reduce queueing effects but does not remove
the need for communication and orchestration. MEC-mediated access is a natural systems
direction because it places the classical coordinator closer to the edge and can amortize
quantum calls across many devices. Near-edge quantum modules remain speculative,
but photonic and spin-based hardware make this pathway more plausible than direct
quantum deployment on ultra-constrained devices.

Table 5. Access models for quantum-assisted edge AL

Access Model

Typical Location

Suitable Tasks

Main Limitation

Cloud quantum ser-
vice

Reserved cloud capac-
ity

MEC-mediated
access

Near-edge photonic
or spin module

On-device quantum
hardware

Remote data center
Remote data center

Gateway, edge server, or cellu-
lar MEC node

Gateway, on-premise server,
or specialized network facility

Sensor, wearable, mobile de-
vice, or embedded controller

Training, compression, kernel
construction, calibration
Repeated hybrid optimization
and parameter search
Federated aggregation, near-
edge adaptation, workload or-
chestration

Sampling, optical feature
processing, signal-processing
workflows

Not realistic for near-term
edge Al

Queueing, wide-area  latency,
and limited scheduling control

Cost, availability, and provider de-
pendence

Experimental integration and uncer-
tain latency guarantees

Hardware immaturity and limited al-
gorithmic maturity

Power, cooling, control, and reliabil-
ity overhead

8.2. Hybrid Edge—Quantum Architectures

A practical edge—quantum architecture separates real-time execution from latency-
tolerant acceleration. The edge device performs sensing, preprocessing, inference, and con-
trol locally. A gateway, MEC node, or cloud backend aggregates data or model statistics,
prepares quantum jobs, submits them to a quantum service, processes the measurement
results, and returns a classical artifact to the edge system. This artifact may be a com-
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pressed model, updated weights, optimized thresholds, feature maps, kernel parameters,
calibration constants, control-policy parameters, or codebooks.

The feasibility condition is system-level rather than purely algorithmic. A hybrid
workflow is useful only if

Tuplink + Tquantum + Taownlink + Toverhead < Tclassicals (27)

where Tyyerhead includes queueing, state preparation, measurement, error mitigation, post-
processing, and orchestration. This inequality is rarely satisfied for real-time inference
because the local device must meet strict timing requirements. It is more plausible for
asynchronous workloads such as retraining, hyperparameter search, model compression,
kernel evaluation, federated aggregation, anomaly-threshold tuning, simulation-based
policy optimization, and periodic calibration.

Noise also enters the architecture through this inequality. If O is an observable esti-
mated by a quantum circuit, a noisy device produces

<O>HOiSy - <O>ideal + Enoise/ (28)

where €ppise depends on circuit depth, gate errors, decoherence, connectivity, and readout
error. In hybrid learning, this noise can bias gradients, destabilize optimization, and reduce
the reliability of sampling-based approximations. Error mitigation methods such as zero-
noise extrapolation, probabilistic error cancellation, measurement-error mitigation, and
shallow problem-informed ansétze can improve reliability [101,102,116,117]. They also
increase sampling and execution cost. For this reason, error mitigation is compatible with
edge integration only when the quantum routine is used sparingly, asynchronously, or in
batch mode.

The resulting design principle is simple. Quantum processors should not sit in the
real-time loop. They should support coarse-grained tasks whose outputs are small enough
to transmit and stable enough to deploy. This division of labor is compatible with NISQ
hardware and with existing edge—cloud systems, but it requires careful accounting of
communication, measurement, and postprocessing costs.

8.3. Edge Workloads and Deployment Patterns

Different edge domains expose different opportunities for quantum-assisted
workflows [50]. Ultra-constrained IoT sensors and embedded devices benefit mainly indi-
rectly. They cannot host quantum circuits and usually cannot send raw high-dimensional
data continuously. A backend may instead use aggregated statistics or representative
samples to optimize anomaly-detection thresholds, compress a model, construct a kernel,
or periodically update a lightweight classifier. The deployed model remains classical and
small enough for the local memory and energy budget.

Mobile and wearable devices provide more compute and better connectivity, so they
can support periodic personalization, privacy-aware adaptation, and federated learning.
Quantum resources, if useful, would operate at the server or MEC layer. Their cost
would be amortized across many clients, while each device receives only compact model
updates. This is a natural fit for health monitoring, activity recognition, keyboard prediction,
and other workloads where local data are private but periodic global adaptation is valuable.

Autonomous systems such as drones, vehicles, and robotic platforms impose the
strictest real-time constraints. Perception, control, collision avoidance, and safety-critical
decision making must remain entirely local. Quantum acceleration is relevant only outside
the control loop, for example in mission planning, simulation-based training, route opti-
mization, policy search, or post-mission model refinement. In these settings, the benefit
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is not lower per-frame inference latency, but better models or policies produced during
non-real-time phases.

Federated and split learning provide especially natural deployment patterns because
they already separate local execution from server-side coordination. Federated learning
trains a shared model without centralizing raw data. Each client computes a local update
from private data, and a server aggregates the updates into a global model:

N k+1
0+ = Y w0, Y =1, (29)
i=1 i

Quantum federated learning has been proposed in several forms, including quantum clients
with variational models, blind delegated quantum computation, decentralized quantum-
capable clients, and classical clients with a quantum-assisted server [27,28,30,48,49,118].
For the edge premise of this review, the most relevant form is the last one. Edge devices
remain classical, and quantum processing is invoked at the aggregation or optimization
step, where the cost can be shared across many devices and where inter-round timescales
can tolerate latency.

Split learning offers a related pattern. A client runs the early layers of a model on
private data and transmits an intermediate activation to a server. The server completes
the remaining layers and returns gradients or predictions [119]. A quantum version can
place a quantum feature map, kernel evaluator, or variational block on the server side
of the cut. The edge device transmits a compact activation vector rather than raw data,
while the server uses quantum resources to enrich the representation or perform the final
classification. This pattern is most plausible for workloads with small feature vectors,
moderate latency tolerance, and strong privacy or bandwidth constraints.

MEC testbeds are the systems bridge between these ideas and practical deployment.
A MEC node can aggregate data from many local devices, decide when a quantum call is
worth making, cache quantum-derived artifacts, and schedule hybrid jobs across classical
and quantum resources. Such testbeds remain experimental, but they are important because
they expose the real trade-offs among latency, queueing, accuracy, model size, privacy,
and resource use.

8.4. Concrete Edge-Al Use Cases for Quantum-Assisted and Quantum-Inspired Methods

To make the preceding discussion concrete, we list a small set of edge-Al tasks in
which quantum-assisted or quantum-inspired methods are plausibly useful. These tasks
share three features: their training, optimization, or representation step is not bound to
the real-time inference loop; they admit compact classical artifacts that can be deployed
back to the device; and they benefit from improvements in linear algebra, sampling, kernel
construction, or compression. We give the candidate method family in parentheses and
refer to the relevant references already in the bibliography.

Industrial and biomedical anomaly detection. Threshold tuning, density estimation,
and one-class learning over telemetry or biomedical sensor streams can be offloaded to a
hybrid loop that uses variational classifiers, quantum kernels, or quantum-Born-machine-
style generative models for the density component; the deployed model is a small classical
thresholder or classifier (quantum-assisted) [22,24,50,75-77].

Compressed sensing and feature extraction for low-bandwidth links. When raw
sensor data are too large to transmit, randomized projections and shadow-style sketches
inspired by quantum information can be used directly on the edge device to produce
compact summaries, and tensor-network compression can shrink the model that consumes
them (quantum-inspired) [31,33,53].
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Route, schedule, and policy optimization for autonomous systems. Drones, robots,
and vehicles often perform mission planning, routing, or scheduling outside the real-time
control loop. QAOA, variational optimization, and quantum sampling have been proposed
for related combinatorial and policy problems, and their outputs are compact classical
policies or schedules that can be deployed locally (quantum-assisted) [20,73,88].

Federated personalization for mobile and wearable models. Health monitoring,
activity recognition, and on-device keyboard or speech models benefit from periodic
personalization with privacy guarantees. Quantum federated learning with a quantum-
assisted server and post-quantum-secure communication is a natural fit, because the edge
clients remain classical and the quantum work is amortized across many devices (quantum-
assisted, with quantum-cryptographic security) [27-30,57].

TinyML training, compression, and architecture search. Hyperparameter search,
architecture selection, and quantization-aware training can be reformulated as combina-
torial or variational optimization problems suitable for QAOA, hybrid VQE-like loops,
or quantum-sampling search; the resulting compact classical model is then deployed on a
microcontroller-class device (quantum-assisted) [10,20,22,65,73].

In each case, the edge device itself is unchanged: it remains a classical sensor, mobile,
or embedded system running compact inference. The contribution of quantum or quantum-
inspired methods is restricted to the off-device or device-side classical parts of the workflow
that prepare, compress, or update that model.

8.5. Quantum-Inspired Methods on Edge Hardware

Quantum-inspired classical methods are the most immediate way in which quantum
ideas can affect real edge deployments. They borrow mathematical structures from quan-
tum information, such as tensor networks, low-rank factorizations, amplitude-inspired
sampling, and randomized measurement ideas, but implement them entirely on classi-
cal hardware [32,34]. This makes them compatible with disconnected, private, battery-
powered, and microcontroller-class environments.

Tensor-network compression is the clearest example. Matrix product states, tree tensor
networks, and tensor-train decompositions can represent neural weights or activations with
fewer parameters when the relevant correlations are structured or low-rank. These methods
originated in quantum many-body physics and have been adapted to supervised learning
and neural-network compression [33,52,53]. For edge Al, their value is practical: they
can reduce memory footprint and multiply-accumulate cost without requiring quantum
hardware, quantum networking, or NISQ error mitigation.

Quantum-inspired sampling provides a second route. Dequantization results, begin-
ning with Tang’s work on recommendation systems, showed that some QRAM-based quan-
tum speedups can be matched by classical algorithms given analogous sampling access [32].
For edge workloads, the lesson is constructive rather than negative. Importance-sampled
approximations to SVD, regression, kernel evaluation, and low-rank updates may be im-
plementable on ordinary edge hardware and may capture much of the practical value of
the quantum formulation when the data structure is favorable.

A third route is randomized projection and shadow-style diagnostics. Ideas related
to classical shadows and randomized measurement [31] can be adapted to estimate fea-
ture statistics, activation summaries, drift indicators, or model health metrics from small
sketches. Such techniques are useful for edge monitoring because they reduce mem-
ory and communication while preserving enough information for periodic calibration or
anomaly detection.

These methods should not be viewed as a fallback. They are a realistic path by
which quantum theory can influence deployed edge systems before quantum hardware is

https:/ /doi.org/10.3390/ electronics15132832


https://doi.org/10.3390/electronics15132832

Electronics 2026, 15, 2832

27 of 39

mature. Their limitation is also clear. Once the method is reduced to classical operations,
the achievable speedup is governed by classical complexity. If the problem lacks exploitable
low-rank, sparse, tensor-network, or sampling structure, quantum-inspired methods will
not create an advantage.

8.6. Benchmarking and Design Principles

Because quantum-assisted edge Al is a system-level claim, it must be benchmarked
with system-level metrics. Isolated circuit runtime or asymptotic quantum complexity is not
enough. A meaningful benchmark should include classical preprocessing, data movement,
quantum queueing, state preparation, circuit execution, measurement, error mitigation,
postprocessing, downlink transmission, and the performance of the final deployed edge
model. The relevant metrics include end-to-end latency, energy, memory footprint, model
size, accuracy under fixed resource budgets, robustness, privacy exposure, communication
cost, and adaptation cost.

Simulation remains essential because current quantum hardware is limited. Classical
simulators can evaluate algorithmic scaling, sensitivity to noise, and integration overhead
for small and moderate circuit sizes. In general, exact state-vector simulation scales as

Csim (1) = O(2"), (30)

which limits the number of qubits that can be studied directly. Nevertheless, simulation is
valuable for screening designs before hardware execution. A credible workflow should first
show an advantage over strong classical baselines in simulation, then test noise sensitivity,
and only then justify execution on a quantum backend.

Several design principles follow. Real-time and safety-critical inference should remain
local on classical edge hardware. Quantum resources should be invoked for offline, periodic,
asynchronous, or aggregated tasks. Quantum algorithms should be selected when they
return compact classical outputs rather than full high-dimensional states or parameter
tensors. Gateways, MEC nodes, and federated servers should be used to amortize quantum
execution across many devices. Circuits should be shallow, problem-informed, and robust
to noise. Benchmarks should compare against optimized classical and quantum-inspired
baselines, not against naive classical implementations.

The overall conclusion is that integration, not algorithmic novelty alone, determines
the value of quantum acceleration for edge Al Direct quantum hardware on edge devices
is not required and is not realistic in the near term. Cloud, MEC, and near-edge quantum
resources may support edge Al indirectly by improving training, compression, adapta-
tion, sampling, or optimization. In the near term, quantum-inspired classical methods
may provide the most immediate on-device gains. The viability of any proposed system
should therefore be judged by whether it improves an end-to-end edge metric after all
communication, noise, energy, and orchestration costs are included.

9. Challenges, Limitations, and Research Roadmap

The preceding sections show that quantum acceleration for edge Al is best understood
as a hybrid systems problem rather than as a direct replacement for classical edge inference.
This framing also clarifies the main limitations. Practical progress depends on quantum
hardware maturity, efficient data loading, manageable integration overhead, secure de-
ployment, and credible benchmarking. This section summarizes these challenges and uses
them to define a staged research roadmap.
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9.1. Hardware Maturity

The most immediate limitation is the state of present quantum hardware. Con-
temporary processors operate in the noisy intermediate-scale quantum (NISQ) regime,
with limited numbers of physical qubits, imperfect gates, finite coherence times, restricted
connectivity, and no large-scale fault tolerance [18,19]. These constraints directly limit
the depth, width, and reliability of quantum circuits that can be used inside hybrid
learning workflows.

Many quantum algorithms proposed for neural-network acceleration assume logical
qubit counts, circuit depths, and error rates that are not yet available. Even when a device
contains many physical qubits, connectivity restrictions can increase compilation overhead
because nonlocal interactions must be decomposed into additional gates. This increases
circuit depth and amplifies noise. The maximum usable circuit depth is bounded by the
ratio between coherence time and gate duration,

T
Dimax S %‘ (31)
gate

but in practice the usable depth is also shaped by readout error, calibration drift, crosstalk,
and the sampling cost required to estimate expectations.

For edge Al this means that near-term quantum routines must be shallow, structured,
and tolerant of noisy estimates. Deep unstructured quantum neural networks are unlikely
to be useful in the NISQ era. More plausible candidates are small quantum kernels, low-
depth variational circuits, sampling routines, and optimization subroutines whose outputs
are compact classical artifacts.

9.2. Data Loading and Readout Bottlenecks

A second major limitation is data movement between classical and quantum represen-
tations. Many quantum algorithms assume that classical data can be efficiently prepared as
quantum states. For example, amplitude encoding maps a normalized vector x € R into

N
x) =) xii). (32)
i-1

Without structure or quantum random access memory, preparing such a state can require
O(N) operations [36]. This cost can remove the advantage of algorithms that become
polylogarithmic only after the state has already been prepared.

Quantum random access memory is often invoked to address this issue, but scal-
able, fault-tolerant QRAM remains theoretical. It would require substantial additional
hardware, control, and error management. For edge Al, where data are often classical,
high-dimensional, streaming, and noisy, the loading problem is especially severe. Near-
term workflows should therefore avoid sending raw sensor streams to a quantum backend.
They should operate instead on reduced representations, aggregated statistics, compact
embeddings, model parameters, or already compressed data.

Readout creates a complementary bottleneck. Quantum algorithms usually return a
state or a distribution, not a full classical vector. Extracting detailed classical information re-
quires repeated measurements, and estimating an expectation value to precision € typically
requires sampling overhead that scales as O(1/€?) without amplitude-estimation-type
speedups [104]. This reinforces the design principle used throughout this review: quantum
subroutines should produce low-dimensional summaries, rankings, parameters, kernels,
thresholds, or compressed models rather than full high-dimensional outputs.
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9.3. Hybrid Integration Overheads

Even if a quantum subroutine is algorithmically attractive, it must improve the end-
to-end system. In an edge—quantum workflow, total cost includes local edge processing,
communication, queueing, quantum execution, measurement, error mitigation, postpro-
cessing, and deployment of the returned artifact. A simplified latency model is

Ttotal = Tedge + Teomm + Tquantum + Toverhead' (33)

The quantum component is useful only when the reduction in computation or model cost
exceeds the additional communication and orchestration burden.

This condition is rarely satisfied for latency-critical inference. In autonomous systems,
medical monitoring, industrial control, and interactive mobile applications, the real-time
loop must remain local. Hybrid quantum execution is more credible for periodic retraining,
calibration, kernel construction, compression, federated aggregation, simulation-based
policy search, and other asynchronous tasks. These tasks can tolerate delay and can
amortize quantum execution across many devices or many future inferences.

Hybrid orchestration also introduces reliability risks. A production edge-Al system
must handle network outages, cloud queue delays, quantum-service unavailability, noisy
results, and versioning of returned model artifacts. These issues are not secondary. In safety-
critical edge systems, added complexity can outweigh any theoretical computational gain.
Robust fallback paths and classical baselines are therefore necessary components of any
realistic deployment.

Latency under realistic network conditions deserves explicit attention. Edge ap-
plications typically require per-inference budgets in the millisecond range for control,
perception, or interactive workloads; mobile and IoT applications routinely demand sub-
second total response. Wide-area access to a cloud quantum service, with its provider
queueing, scheduling, and shot aggregation overhead, currently operates at second-to-
minute timescales in the best case and at hour-to-day timescales when significant compute
is requested [20,114,115]. Even MEC-mediated access cannot bring round-trip times into
the per-inference latency budget of a real-time controller. The honest implication is that
quantum-assisted edge Al cannot satisfy hard real-time inference constraints in the foresee-
able future, regardless of underlying algorithmic speedup. Its realistic operating regime
is the periodic, batch, or asynchronous one: retraining cycles measured in hours or days,
federated rounds measured in minutes, calibration and threshold updates measured in tens
of seconds. Privacy arguments must be similarly conservative. Hybrid execution that sends
features, gradients, or kernel queries through a public network can leak information about
local data, and the privacy budget of the resulting workflow must be modeled explicitly.
Blind quantum computation, federated aggregation, and post-quantum secure transport
reduce but do not eliminate this risk [27-29,54].

9.4. Security and Privacy

Quantum technologies affect edge-Al security in two directions. On the positive
side, quantum key distribution can support secure key exchange over appropriate optical
links, quantum random number generators can strengthen cryptographic entropy sources,
and blind quantum computation can allow a client to delegate certain computations with-
out revealing inputs or outputs [28,54,55,120-122]. These capabilities may be useful in
distributed and adversarial edge environments, although QKD is currently more realistic
for backhaul or infrastructure links than for leaf-edge devices.

On the negative side, scalable quantum computers threaten the public-key cryp-
tography used in today’s edge systems. Shor’s algorithm breaks RSA, Diffie-Hellman,
and elliptic-curve cryptography in polynomial time [35], while Grover’s algorithm gives a
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quadratic speedup against symmetric primitives [78]. Firmware signing, secure boot, TLS
or DTLS handshakes, model-update authentication, and over-the-air updates all depend
on cryptographic mechanisms that must be made post-quantum-secure. The harvest-now,
decrypt-later threat is especially relevant for long-lived IoT deployments.

The practical response is migration to post-quantum cryptography. NIST has standard-
ized lattice-based, hash-based, and code-based schemes through its PQC process [29,56].
For edge Al this means that model updates, firmware updates, federated-learning com-
munication, and any quantum-assisted training loop should use post-quantum-secure
authentication and key exchange. The cost of these primitives must be included in edge
deployment budgets, especially for microcontroller-class devices.

9.5. Benchmarking and Evaluation

A major barrier to progress is the absence of standardized benchmarks for quantum-
assisted edge Al Classical edge Al has mature reference points such as MLPerf Tiny,
which provides workloads for keyword spotting, visual wake words, anomaly detection,
and image classification with latency, accuracy, and energy accounting on constrained
hardware [123]. Toolchains such as TensorFlow Lite Micro and TinyML frameworks provide
reproducible baselines [65,124]. No comparable benchmark suite exists for quantum-
enhanced edge workflows.

Current QML evaluations vary widely in dataset choice, circuit family, simulator
precision, noise model, hardware backend, and classical baseline. Some studies use small
MNIST subsets, synthetic Gaussian data, or physics-inspired tasks, while others report
simulator-only results or small hardware demonstrations. This makes it difficult to deter-
mine whether an observed improvement comes from the quantum component, the feature
map, the optimizer, the data split, or an unfair classical comparison.

For edge Al, benchmarking must go beyond circuit runtime. A meaningful eval-
uation should measure end-to-end task completion time, energy, communication cost,
memory footprint, model size, accuracy, robustness to sensor noise and drift, reliabil-
ity under quantum-service delays, and the performance of the final model on the target
edge platform. Quantum execution should be treated as a remote accelerator whose costs
include uplink, queueing, state preparation, execution, measurement, error mitigation,
downlink, and postprocessing. Without this accounting, claims of quantum advantage are
not actionable for edge deployment.

To make this concrete, we sketch a fair-benchmarking protocol that we recommend
for quantum-assisted edge-Al studies. (i) Fix the edge target. Specify the device class (micro-
controller, mobile SoC, embedded GPU), memory and energy budget, and the deployed
task and metric of interest. (ii) Use a strong classical baseline. Compare against an optimized
quantized, distilled, or compressed classical model trained with current TinyML best prac-
tices and reported on the same hardware [10,64,65,123]. (iii) Also report a quantum-inspired
classical baseline. If the quantum workflow uses kernels, tensor structure, or sampling,
report what a classical algorithm using analogous structure or dequantized access achieves
on the same data and device [32-34]. (iv) Account for the full hybrid loop. Report uplink
and downlink latency, MEC or cloud queueing time, state preparation, shot count, error
mitigation overhead, and classical postprocessing alongside the quantum runtime. (v) Use
realistic noise and access models. Distinguish simulator-only results from hardware results,
and from cloud-hardware results under realistic queue delays; explicitly state the noise
model used in simulation. (vi) Report robustness under degraded conditions. Include results
when the quantum service is briefly unavailable, when network latency spikes, and when
noise rates drift; report whether a classical fallback path is invoked. (vii) Disclose privacy
and security overhead. If the workflow relies on federated, split, or delegated computation,
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report the cost of post-quantum-secure communication and any privacy leakage from the
quantum-side computation. A claim of quantum advantage for edge Al is only actionable
when these elements are all visible to the reader.

The same protocol clarifies the limitations of current evaluations. Many published
QML results either compare a small quantum model to an unoptimized classical baseline,
omit the cost of cloud access or state preparation, or report only simulator results that
exclude noise and queueing. Under the protocol above, the realistic question for edge Al is
not whether the quantum algorithm has a favorable asymptotic complexity, but whether the
full hybrid pipeline delivers a measurable improvement in latency, energy, memory, model
size, or accuracy under deployment constraints. Until this is demonstrated, quantum-
assisted edge Al should be reported as a research direction with specific candidate use
cases, not as a ready-to-deploy technology.

9.6. Research Roadmap

The limitations above suggest a staged roadmap. It is helpful to be explicit about
which kind of progress we expect in each horizon, because the current evidence base
for QML on edge tasks consists almost entirely of small-scale proof-of-concept demon-
strations on few-qubit hardware or on simulators with synthetic or low-resolution
datasets [22,24,27,30,43,95]. Generalizing from these demonstrations to fleets of indus-
trial edge devices is not a routine engineering exercise; it depends on improvements in
hardware fidelity, coherence, connectivity, and error correction that are themselves bounded
by quantum many-body physics [19,70,71]. The roadmap below therefore reflects that con-
straint: near-term gains rely primarily on quantum-inspired and small hybrid methods,
while quantum-native edge integration is positioned as a long-term goal whose viability
ultimately depends on physical breakthroughs in qubit hardware and control.

Short-term milestones (next several years; NISQ era). Progress will come primarily
from hybrid and quantum-inspired methods that respect NISQ constraints. Quantum-
inspired classical algorithms are especially important because they can run directly
on edge hardware. Tensor networks, low-rank factorizations, randomized projections,
and sampling-based approximations can improve compression, sparsification, monitoring,
and approximate inference without requiring quantum data loading or remote quantum
execution [32-34]. Small-scale QNN and quantum-kernel demonstrations also remain
useful, but their role should be to test integration patterns, noise sensitivity, and end-
to-end workflows rather than to claim immediate superiority over optimized classical
baselines [22]. Concrete short-term milestones include reproducible quantum-inspired
compression of TinyML models on commodity edge hardware, fair end-to-end benchmarks
for at least one canonical edge-Al task, and the demonstration that a hybrid retraining
pipeline using cloud-accessible NISQ devices can match or exceed a strong classical baseline
on a non-toy problem under the protocol of Section 9.5.

Figure 3 summarizes this staged trajectory, emphasizing that near-term progress
is likely to come from quantum-inspired and hybrid workflows, while deeper inte-
gration depends on improved hardware, lower-latency access models, and system-
level benchmarking.

Medium-term milestones (post-NISQ, error-mitigated or early fault-tolerant era).
In the mid term, the key opportunity is tighter integration of quantum modules into the
edge—cloud continuum. Fault-tolerant or error-mitigated quantum processors are more
likely to appear first in cloud data centers, mobile edge computing nodes, or on-premise
industrial servers than on edge devices themselves. In this regime, quantum routines could
support more reliable linear algebra, optimization, sampling, and probabilistic inference
for fleets of edge devices. Local inference would remain classical, but model training,
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compression, personalization, and federated aggregation could become more tightly cou-
pled to quantum accelerators. Concrete medium-term milestones include the first MEC
testbeds that route federated rounds through an error-mitigated quantum service, standard-
ized benchmark suites that include both classical and quantum-assisted edge baselines,
and demonstrated end-to-end gains on at least one production-scale edge workload after
all loading, communication, and security costs are included.

" + "
t t t
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to near term integration systems
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post-quantum-secure updates, and end-to-end evaluation in latency, energy,
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Figure 3. Staged research roadmap for quantum-accelerated edge Al. Near-term progress is expected
from quantum-inspired classical methods, small hybrid QML demonstrations, and edge-aware
benchmarks. Mid-term progress depends on more reliable quantum modules integrated through
cloud, MEC, or on-premise infrastructure. Long-term progress may come from photonic, spin-based,
and hybrid-chip modules deployed near the edge rather than inside ordinary edge devices. Across
all stages, progress requires efficient data encoding, noise-resilient circuits, strong classical baselines,
secure update paths, and end-to-end evaluation under edge-system constraints.

Hardware—-software co-design will be essential at this stage. Encoding schemes must
minimize data movement. Circuits must be shallow or error-corrected enough to pro-
duce reliable outputs. Classical preprocessing must reduce raw edge data to compact
representations suitable for quantum subroutines. Edge software stacks must support
versioned model artifacts, fallback paths, secure update channels, and fair comparison
against classical and quantum-inspired methods.

Long-term milestones (fault-tolerant era). In the long term, photonic, spin-based,
and hybrid quantum-—classical chips may enable quantum acceleration closer to the network
edge. Photonic platforms are especially relevant because they can operate at or near room
temperature, integrate with optical communication infrastructure, and naturally support
sampling and kernel-style operations [110]. This does not imply that every sensor or wear-
able will contain a quantum processor. A more credible long-term vision is quantum-native
edge-adjacent intelligence, where specialized quantum modules at gateways, MEC nodes,
or local servers support large populations of classical edge devices. Even at this horizon,
the practical viability of quantum-native edge integration depends on improvements in
physical qubit fidelity, error-corrected logical-qubit overhead, room- and fiber-temperature
compatibility, and integration with optical and electronic infrastructure [19,70,71,111].
These are physics-level prerequisites rather than software ones.

Across all horizons, four priorities stand out. First, data encoding must become
more efficient, especially for streaming and incremental edge data. Second, noise-resilient
circuits and training strategies must be designed around realistic hardware rather than
idealized models. Third, benchmarks must measure complete edge workflows and in-
clude strong classical baselines. Fourth, application design must be concrete. The most
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useful studies will focus on specific edge tasks such as anomaly detection, distributed
sensing, adaptive control, biomedical monitoring, privacy-preserving personalization,
and simulation-based planning.

The roadmap is therefore cautious but constructive. Quantum acceleration is
not ready to transform edge inference today, and direct quantum hardware on edge
devices is not a near-term requirement. The plausible path runs through quantum-
inspired classical methods, hybrid quantum-classical workflows, standardized system-
level benchmarks, and eventually quantum modules integrated into cloud, MEC, or edge-
adjacent infrastructure.

10. Conclusions

This review has examined quantum-accelerated Al for edge systems from an archi-
tectural, algorithmic, and systems perspective. The central conclusion is that quantum
computing is not a near-term replacement for classical edge Al, nor does it require quantum
processors to be embedded in edge devices. The credible model is hybrid. Edge de-
vices remain classical and continue to perform sensing, preprocessing, real-time inference,
and control locally. Quantum processors, when useful, act as remote or near-edge accel-
erators for selected tasks whose outputs return to the edge as compact classical artifacts,
such as weights, kernels, thresholds, calibration parameters, codebooks, or compressed
models. We use “quantum-accelerated” as a general label for this class of hybrid workflows,
but caution that for most near-term tasks “quantum-assisted” or “quantum-inspired” more
accurately describes the role of the quantum component, since the quantum subroutine sits
inside a classical pipeline (or, in the inspired case, runs entirely classically).

Under this premise, the relevant question is not whether an edge device can execute
a quantum circuit. It is whether a hybrid quantum-—classical workflow can improve an
end-to-end edge-Al metric relative to a strong classical baseline. That metric may be latency,
energy, memory footprint, model size, sample efficiency, adaptation cost, accuracy under
resource constraints, or robustness. A quantum subroutine is useful only if its benefit
survives the full cost of data preparation, communication, queueing, circuit execution,
measurement, error mitigation, postprocessing, and secure deployment.

The current evidence supports a cautious but constructive view. Quantum data encod-
ings define much of the practical cost. Amplitude encoding provides the most attractive
asymptotic story, but without efficient QRAM or exploitable structure, state preparation
can erase the downstream advantage. Angle, phase, IQP, and data re-uploading schemes
are more realistic near-term choices because they are shallow, expressive, and compatible
with NISQ hardware. Quantum neural architectures, including quantum perceptrons,
variational quantum circuits, quantum convolutional models, recurrent models, and quan-
tum attention constructions, are best understood as modular components rather than full
replacements for classical networks. Their most plausible role is in feature construction,
kernel evaluation, sampling, optimization, compression, and periodic adaptation.

Theory further narrows the field of credible proposals. Structured variational circuits
can define useful hypothesis classes, and quantum kernels provide some of the clearest cases
of provable separation. At the same time, barren plateaus, noise, readout cost, and classical
learnability results limit the range of classical sensor-data tasks for which quantum models
should be expected to outperform well-designed classical ones. For edge Al, the strongest
case for quantum acceleration is therefore not universal predictive superiority. It is system-
level improvement in workflows where training, compression, aggregation, or optimization
can be offloaded and amortized.

The systems analysis leads to the same conclusion. Cloud quantum services, mo-
bile edge computing nodes, and future near-edge modules may support latency-tolerant
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workloads such as retraining, calibration, kernel construction, federated aggregation,
and simulation-based policy search. They are not suitable for hard real-time inference loops.
Quantum federated and split learning are promising precisely because they preserve classi-
cal edge execution while allowing quantum resources to operate at synchronization points
or server-side model partitions. In the near term, quantum-inspired classical methods may
be the most immediately deployable outcome of this field. Tensor-network compression,
low-rank approximations, randomized projections, and sampling-inspired algorithms can
run directly on edge hardware and provide a practical route from quantum theory to
constrained-device deployment.

Several barriers remain decisive. NISQ hardware limits circuit size, depth, and re-
liability. Data loading and readout often dominate the cost of algorithms with favor-
able asymptotic complexity. Hybrid integration introduces communication, orchestration,
scheduling, and failure-mode overheads. Security must be handled in both directions:
quantum technologies may strengthen some protocols, while future quantum adversaries
require migration of edge-Al infrastructure toward post-quantum cryptography. Finally,
the field lacks standardized benchmarks that evaluate complete edge workflows rather
than isolated quantum circuits.

Progress will depend on research that is both algorithmically rigorous and systems-
aware. The most important priorities are efficient encodings for classical and streaming edge
data, shallow and noise-resilient ansitze, quantum-inspired methods that deliver immedi-
ate on-device gains, reproducible benchmarks with strong classical baselines, and hardware—
software co-design for cloud, MEC, photonic, spin-based, and hybrid quantum-—classical
platforms. Claims of quantum advantage should be evaluated in wall-clock time, joules
per task, memory footprint, communication cost, and deployed-model performance.

The long-term promise of quantum-accelerated edge Al is real, but it is conditional. It
will not be realized by placing quantum processors inside every edge device or by replacing
classical inference pipelines wholesale. It will be realized, if at all, through carefully
engineered hybrid systems in which quantum resources improve specific bottlenecks and
classical edge devices retain the real-time responsibilities for which they are best suited.
This systems-level view provides the most credible path from the theory of quantum
machine learning to practical edge intelligence.
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