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ABSTRACT

The domain of Prognostics and Health Management (PHM) targets accurate prediction of remaining useful life
(RUL), efficient estimation of state of health (SoH), and assessment of anomaly indicators from multivariate
data emanating from systems under functional as well as structural degradation that are prevalent across
various engineering areas. Proactive assessment of SoH and prediction of RUL are core objectives of PHM
and remain challenging as degradation dynamics is commonly nonlinear, (plausibly) non-stationary, multi-
sensor based, often data-limited, and frequently affected by changing operating conditions. Quantum Deep
Neural Networks (QDNNs), typically implemented through parameterized quantum circuits within hybrid
quantum-classical workflows, have recently emerged as a potential alternative or complement to classical deep
models due to their compact parameterization and expressive quantum feature spaces. This article presents a
tutorial-style review of QDNNs for PHM. We first summarize the quantum-computing foundations required to
interpret such models, including qubits, measurement, data encoding, parameterized quantum circuits, gradient
estimation, and hybrid optimization. We then organize the PHM literature by architecture family: feedforward,
recurrent, convolutional, generative, and attention-based quantum models. We discuss, for each family, its
mathematical principle, typical encoding choices, datasets, reported metrics, and comparison baselines. The
current evidence suggests that QDNNs can be competitive and sometimes more parameter-efficient than
selected classical baselines; however, the literature remains heterogeneous, often simulator-dominated, and
insufficient to establish systematic quantum advantage. We conclude by identifying the main open challenges
as well as emerging opportunities for quantum enhanced prognostics.

1. Introduction

especially influential. Convolutional Neural Networks (CNNs) introduce
convolutional filters and weight sharing to capture local structure and

Over the past decade, deep neural networks (DNNs) have emerged
as a prominent family of approaches in artificial intelligence leading
to fundamental and applicative breakthroughs in computer vision,
speech processing, natural language understanding, and predictive ana-
lytics (Goodfellow et al., 2016). The success of DNNs stems from hierar-
chical representation learning, wherein convolutional (CNN), recurrent
(RNN/LSTM), and attention-based transformer architectures automati-
cally extract multiscale and temporal correlations from data (Vaswani
et al., 2017; He et al., 2016). Several architectural families have proven

exploit translation equivariance, making them highly effective for grid-
structured data such as images and spectrograms (Goodfellow et al.,
2016; He et al., 2016). For sequential and time-series data, recurrent
neural networks (RNNs) model temporal dependencies by updating
a hidden state over time; however, vanilla RNNs can suffer from
vanishing/exploding gradients when learning long-range dependencies.
Long short-term memory (LSTM) networks address this limitation by
introducing gating mechanisms that regulate information flow and
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stabilize learning over long horizons (Hochreiter and Schmidhuber,
1997). More recently, transformers have emerged as a general-purpose
sequence modeling framework. They replace recurrence with self-
attention, a mechanism that computes context-dependent interactions
between all positions in a sequence, enabling efficient parallel train-
ing and strong performance in language and other sequence-learning
problems (Vaswani et al., 2017). Despite their broad applicability, the
growing accuracy of deep models has often been accompanied by rapid
increases in parameter count, training compute, and memory/commu-
nication demands, raising concerns regarding scalability, accessibility,
and energy efficiency (Talaei Khoei et al., 2023). Empirical studies have
quantified substantial financial and environmental costs associated
with training large deep learning models, motivating the development
of more compute- and energy-aware training practices (sometimes
summarized under the umbrella of Green AI) (Schwartz et al., 2020;
Patterson et al., 2021).

Quantum computing offers a fundamentally different computational
paradigm in which information is encoded in quantum states, processed
by unitary evolution, and extracted by measurement (Biamonte et al.,
2017; Nielsen and Chuang, 2010; Preskill, 2018). For certain problems,
quantum algorithms provide provable asymptotic speedups; the best-
known examples are Shor’s factoring algorithm and Grover’s unstruc-
tured search (Shor, 1994; Grover, 1996). More generally, complexity-
theoretic separations have also been established for certain sampling
and adiabatic settings, although evidence for broadly useful practi-
cal advantage in generic optimization and machine learning remains
problem-dependent and actively debated (Abbas et al., 2024). Impor-
tantly, access to exponentially large Hilbert spaces does not by itself
imply computational advantage; any useful speedup must arise from al-
gorithmic exploitation of interference, entanglement, and measurement
structure.

The convergence of quantum computing and artificial intelligence
has led to the emergence of a new paradigm, Quantum Machine Learn-
ing (QML), in which quantum resources such as superposition, en-
tanglement, and interference are exploited to enhance learning and
inference capabilities (Biamonte et al., 2017). QML promises algorith-
mic and representational advantages over classical models by encoding
data in exponentially large Hilbert spaces and executing computa-
tions in superposition (Cerezo et al., 2021; Dunjko and Briegel, 2018).
Among the broad landscape of Quantum Machine Learning (QML)
approaches, a particularly active and practical family is formed by
Quantum Deep Neural Networks (QDNNs). In this review, we use
“QDNN” to denote layered quantum (or hybrid quantum-classical)
models in which trainable quantum subroutines play the role of learn-
able layers, in close analogy to classical deep networks. In near-term
settings, these layers are most commonly implemented as Parameter-
ized Quantum Circuits (PQCs) or Variational Quantum Circuits (VQCs),
i.e., circuits whose gates depend on a set of real-valued trainable
parameters and are optimized through a classical outer-loop optimizer
using measurement-derived loss values (Benedetti et al., 2019; Cerezo
et al., 2021).

This variational (hybrid) workflow is attractive because it can be
executed on Noisy Intermediate-Scale Quantum (NISQ) hardware (term
to denote pre—fault-tolerant quantum processors with limited qubit
counts and imperfect gates (Preskill, 2018)) and because it supports
end-to-end training in applications where classical data are encoded
into quantum states (via an embedding/feature map) and processed by
PQC layers (Schuld et al., 2015; Havlicek et al., 2019). A recurring
motivation for QDNNs is parameter efficiency relative to the expo-
nential dimension of the underlying quantum state space. An n-qubit
register is described by a state in a 2"-dimensional complex Hilbert
space, but a PQC with p tunable parameters explores only a restricted
family of states generated by its circuit ansatz (a fixed gate template
and entangling pattern).

Whether and when such models can offer a genuine quantum ad-
vantage remains an open and nuanced question. In this review, we use
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“quantum advantage” in the broad sense of a demonstrable benefit of
quantum computation over the best-known classical alternatives under
comparable resource assumptions (e.g., runtime, sample complexity, or
model size), noting that the appropriateness of this goal in data-driven
learning has been explicitly debated in the QML community (H.-Y.
Huang et al., 2021). Nevertheless, several well-studied routes by which
quantum models may yield advantage have emerged: (i) sampling
and generative modeling tasks where certain PQC-generated distribu-
tions are conjectured (under complexity-theoretic assumptions) to be
hard to reproduce classically (Du et al., 2020); (ii) kernel/feature-map
methods in which a quantum embedding yields a similarity kernel
that may be expensive to compute classically for carefully chosen
feature maps (Havlicek et al., 2019); and (iii) variational learning and
optimization settings that leverage PQCs as trainable models, whose
practical performance hinges on NISQ trainability, error mitigation,
and careful benchmarking against strong classical baselines (Cerezo
et al., 2021; Benedetti et al., 2019).

Table 1 presents the list of abbreviations and acronyms used
throughout the article.

Quantum mechanics also permits entanglement i.e., non-classical
correlations between qubits that cannot be factorized into independent
states. Entanglement is the essential resource enabling non-local cor-
relations and the enhanced expressive power of Quantum Neural Net-
works (QNNs) (Biamonte et al., 2017; Abbas et al., 2021; Bharti et al.,
2022). Quantum entanglement provides intrinsic multi-feature corre-
lation without explicit weight matrices, plausibly improving learning
efficiency. Whether such expressivity translates into improved sample
efficiency or generalization (i.e., performance on unseen data) is an
active research topic.

Parallel to advances in quantum computing, Prognostics and Health
Management (PHM) has emerged, in the past decade, as a core domain
that enables predictive maintenance through proactive estimation of
a system’s Remaining Useful Life (RUL) (Sikorska et al., 2011). This
task of predicting RUL is referred to as prognostics and constitutes a
core objective of PHM. It shapes a predictive maintenance strategy by
integrating the latter for decision support and automation (Sikorska
et al., 2011; Jha et al., 2016a; Kanso et al., 2022). Within industrial
machinery context, diagnostic functions include fault detection, isola-
tion, and identification (Jha et al., 2016a). While fault detection and
isolation (FDI) identifies abnormal operation by comparing measured
signals (e.g., pressure, temperature, vibration) against expected behav-
ior (Jha et al., 2016b; Jardine et al., 2006), PHM is distinguished by
its focus on forecasting RUL (preferably) under uncertainty (Jha et al.,
2016a; Kanso et al., 2022). Prognostic methods are commonly grouped
into model-based, data-driven, and hybrid approaches (Sikorska et al.,
2011). Hybrid schemes fuse online measurements with a priori physics
using observers/estimators and often infer state of health (SoH) before
propagating it to predict RUL; however, they typically require degrada-
tion models (Chelouati et al., 2021; Thuillier et al., 2024; Kanso et al.,
2022).

Within PHM, three task families are especially relevant to this re-
view. Remaining Useful Life (RUL) prediction aims to estimate the time,
cycles, or usage horizon remaining before a defined failure threshold is
reached. State of Health (SoH) tracking instead estimates a continuous
health variable that summarizes the current degradation level of the
asset relative to healthy and end-of-life conditions. While SoH and RUL
are related, they are not identical, in that SoH is a present-state descrip-
tor, whereas RUL is a future-oriented prognostic quantity that depends
on both current health and future operating conditions (Sikorska et al.,
2011; Jha et al., 2016a; Kanso et al., 2022).

Anomaly detection also requires careful interpretation in PHM. A
data-level anomaly refers to an abnormal observation in the measured
signal itself, such as an outlier, missing segment, calibration drift, trans-
mission artifact, or sensor corruption. By contrast, an equipment-level
anomaly refers to a physically meaningful deviation in system behavior
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Table 1

List of abbreviations and acronyms used throughout the article.
Abbreviation Description
ANN Artificial Neural Network
CNN Convolutional Neural Network
QCNN Quantum Convolutional Neural Network
RNN Recurrent Neural Network
QRNN Quantum Recurrent Neural Network
LSTM Long Short-Term Memory network
QLSTM Quantum Long Short-Term Memory network
GRU Gated Recurrent Unit
QWGRU Quantum-Weighted Gated Recurrent Unit
QBiILSTM Quantum Bidirectional LSTM
QConvLSTM Quantum Convolutional Long Short-Term Memory network
QNN Quantum Neural Network
QDNN Quantum Deep Neural Network
QGAN Quantum Generative Adversarial Network
QBM Quantum Boltzmann Machine
QVAE Quantum Variational Autoencoder
QREDNN Quantum Recurrent Encoder-Decoder Neural Network
QAREDNN Quantum Attention Recurrent Encoder-Decoder Neural Network
QTransformer/QTrans Quantum Transformer network
SAA-QCNN Siamese Attention-Augmented Quantum Convolutional Neural Network
HQRNN Hybrid Quantum Recurrent Neural Network
PQC Parameterized Quantum Circuit
VQA Variational Quantum Algorithm
VQE Variational Quantum Eigensolver
NISQ Noisy Intermediate-Scale Quantum
PHM Prognostics and Health Management
RUL Remaining Useful Life
SoH State of Health
HI Health Indicator
RMSE/MAE Root-Mean-Square Error/Mean Absolute Error
XJTU-SY Xi’an Jiaotong University — SY bearing degradation dataset
PEMFC Proton Exchange Membrane Fuel Cell (stack degradation dataset)
GAN Generative Adversarial Network
VAE Variational Autoencoder
Adam/SPSA Adaptive Moment Estimation/Simultaneous Perturbation Stochastic Approximation
POVM Positive Operator-Valued Measure
CNOT Controlled-NOT gate
C-MAPSS Commercial Modular Aero-Propulsion System Simulation

caused by abnormal operation, incipient fault development, or degrada-
tion. The two should not be conflated: a model may detect anomalous
data without the asset being faulty, and conversely an incipient fault
may initially manifest only through subtle distributional changes rather
than obvious signal outliers. This distinction is especially important for
unsupervised and generative QDNNs, whose outputs may otherwise be
interpreted ambiguously by cross-disciplinary readers.

Over the past decade, DNN-based approaches have emerged as
powerful tools for modeling nonlinear and non-stationary machin-
ery degradation dynamics (Fink et al.,, 2020). In prognostics, DNN-
based approaches differ fundamentally from physics-based and hybrid
schemes in that they directly learn the mapping between multivari-
ate sensor measurements and the desired RUL target, without relying
on explicit physical or empirically derived degradation models (de
Beaulieu et al., 2022a, 2024), enabling end-to-end mappings from
multivariate time-series measurements to RUL without explicit physics
or empirically derived degradation models (Schmidhuber, 2015; Fink
et al., 2020; de Beaulieu et al., 2022a, 2024). CNN-based regression
and recurrent architectures (notably LSTMs) have been extensively
studied for RUL prediction on C-MAPSS and battery datasets, with
subsequent CNN refinements, CNN-LSTM hybrids, and attention mech-
anisms improving performance, particularly under varying operating
conditions and long sequences (Babu et al., 2016; Yuan et al., 2016;
de Beaulieu et al., 2022b; Zheng et al., 2017; Wu et al., 2018; Wang
et al., 2018; Liu et al., 2017; Li et al., 2018; An et al., 2020; Bahdanau
et al,, 2014; da Costa et al., 2019; H. Zhang et al., 2020; Z. Chen
et al.,, 2020; Xiang et al., 2020). This end-to-end learning capability
has enabled accurate health-state estimation and long-horizon RUL
prediction even under complex degradation patterns, paving the way
for fully data-driven PHM frameworks. While effective, these data-
driven approaches typically require substantial historical data, careful

pre-processing, robust target construction, and strong controls against
leakage and operating-condition shift, which motivates exploration of
alternative compact and potentially data-efficient learning paradigms
such as quantum deep learning.

Fig. 1 presents an illustration of the core tasks of PHM and workflow
under DNNs, encompassing raw data acquisition and preprocessing,
feature extraction, and subsequent input to DNNs, leading to SoH
estimation through single-step and multi-step forecasting and/or RUL
prediction.

From an application standpoint, PHM offers a particularly meaning-
ful setting in which to test hybrid quantum models. First, many PHM
tasks rely on multivariate sensor signals whose degradation signatures
are nonlinear, often non-stationary and strongly coupled across time,
sensors, and operating regimes. Second, labeled run-to-failure trajec-
tories are often scarce or expensive to obtain, which makes compact
models and data-efficient feature mappings attractive. Third, PHM
decisions ideally require not only a point estimate, but also some notion
of confidence or uncertainty. These characteristics do not prove that
quantum models are preferable, but they do explain why QDNNs have
attracted attention in PHM: the combination of quantum feature maps,
entangling transformations, and measurement-based outputs offers a
potentially compact route for modeling complex degradation patterns
within hybrid classical-quantum pipelines (Abbas et al., 2021; Bharti
et al., 2022; Caro et al., 2021).

In this context, QDNNs have begun to emerge as compact hybrid
alternatives for selected PHM tasks. Early work by Silva and Droguett
(2022) presented one of the first PHM-oriented hybrid quantum-
classical frameworks, exemplified on a ball-bearing health-state diag-
nosis problem. Subsequent studies explored battery health prediction
with shallow feedforward quantum regressors and hybrid sequential
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Fig. 1. Illustration of core tasks of PHM and work-flow with DNNs.

models; for example, Ngo et al. (2023) modeled lithium-ion battery
capacity degradation with a PQC-based regressor, while Soon and
Soon (2025) proposed a sequential QNN-GRU architecture for bat-
tery aging. More recent works have introduced quantum recurrent
architectures (QLSTM, QGRU), QCNN-based models, and attention-
based quantum sequence models for bearings, batteries, PEMFCs, and
turbofan engines (Tsurkan et al., 2025; Wang et al., 2024; Xiang et al.,
2018; Liang et al., 2025; Zaid et al., 2024; Y. Chen et al., 2020).
Collectively, these studies suggest that QDNNs are a promising PHM
research direction, particularly in relation to compactness and hybrid
composability, although systematic superiority over strong classical
baselines remains unestablished.

Before reviewing various QDNNs that are being developed for prog-
nostics, we underline the relevance of the former for the latter using
a unifying mathematical view. Let X;.; = (x,...,Xy) denote a multi-
variate degradation trajectory and let y denote a PHM target such as
remaining useful life (RUL), state of health (SoH), anomaly score, or a
health-state label. A generic hybrid QDNN can be written as

P =he(neXi:1)), €8]
o (X,:1) = [Tr(01po (X 1), - Tr(O,po (i1 ©)

where pg(X;.r) is the quantum state prepared by the chosen encoding
and trainable circuit, {O ; };_"=1 are measured observables, and A,(-)
denotes optional classical post-processing. In other words, the quantum
module learns a structured transformation from encoded degradation
data to measurement statistics, which are then mapped to the desired
PHM output. The architectural families reviewed in this paper differ
primarily in the structure imposed on pg(X;.7). For example, Feedfor-
ward QNNs apply a one-shot transformation to a fixed feature vector or
short temporal window, recurrent models reuse a shared quantum cell
over time, QCNNs impose locality and hierarchical pooling, generative
models learn a density or latent representation of healthy/degrading
behavior, and attention-based models perform context-dependent mix-
ing across time-steps or sensor channels. Their differences are therefore
not merely taxonomic; they correspond to different inductive biases
about how degradation information is organized. This distinction is es-
pecially important in PHM because prognostic tasks are heterogeneous.
When the input is a compact set of health indicators, a feedforward
QNN may be sufficient. When degradation unfolds over long horizons,
recurrent or attention-based quantum hybrids are more natural. When
local correlations dominate, e.g., across neighboring time windows or
time-frequency patches, QCNN-type locality becomes relevant. When
the goal is anomaly detection or rare-fault modeling rather than direct
RUL regression, generative architectures become more appropriate. The
motivation for QDNNs in PHM therefore comes from a potential match
between architecture-specific inductive bias and problem structure,

rather than from any assumption that a quantum model is automatically
superior to a classical one.

The literature at the intersection of QML and PHM is evolving
rapidly. General QML surveys continue to emphasize algorithmic, theo-
retical, or physics-oriented aspects rather than PHM applications (Dun-
jko and Briegel, 2018; Cerezo et al., 2021; Schuld et al., 2015). More
recently, battery-centered reviews of quantum machine learning for
energy-storage health prediction and optimization have begun to ap-
pear (Khakpour Komarsofla and Kiani, 2026), confirming the growth of
the area but also highlighting its current fragmentation around specific
asset classes.

However, a tutorial-style comprehensive review explicitly organized
by QDNN architecture and PHM task is still lacking in the literature.
In particular, what is still needed is a unified comprehensive summary
that simultaneously explains the mathematical foundations of QDNNs,
differentiates their architectural families, and critically evaluates their
usefulness for RUL prediction, SoH estimation, anomaly detection, and
degradation forecasting across heterogeneous PHM settings. To address
this need, the present work offers a structured, tutorial-style review of
quantum deep learning architectures for prognostics, with the following
main contributions:

* a concise introduction to basic quantum computation concepts
and their correspondence with classical deep learning structures
covering qubits, quantum measurement, data encoding, PQCs,
and hybrid quantum-classical training, to help new researchers
rapidly build intuition in quantum DNN;

a systematic survey of all proposed QDNNs based approaches for
prognostics, including feedforward, recurrent, convolutional, gen-
erative, and attention-based architectures, summarizing datasets,
circuit designs, and empirically reported improvements (perfor-
mance gains or/and parameter efficiency) under specific encod-
ings/ansatze;

precise identification of standing scientific gaps, challenges and
open research opportunities to guide future developments in
quantum-enhanced PHM.

This paper identifies in a precise manner existing scientific gaps and
proposes future research directions in the domain of quantum enhanced
prognostics. Through this work, we aim to equip readers from both
the PHM and quantum computing communities with the conceptual
tools necessary to understand, design, and evaluate quantum-enhanced
prognostic systems. It is noted that this work does not assume a priori
that quantum models are superior to classical deep networks for PHM
tasks. Rather, it examines the current literature through three comple-
mentary questions: (i) which QDNN architectures have actually been
explored for PHM-relevant tasks; (ii) under what encoding, dataset, and
benchmarking conditions they have reported competitive behavior; and
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(iii) what remains missing before stronger claims regarding robustness,
scalability, or quantum advantage can be made. This distinction is
essential because the current evidence base is heterogeneous and still
largely shaped by the constraints of NISQ-era implementations.

The remainder of this paper is organized as follows. Section 2
introduces fundamental quantum computing concepts required for un-
derstanding QDNNSs, Section 3 reviews the major QDNN model families
and training principles, then Section 4 reviews the prognostics works
based on the previously presented QDNN models and summarizes
representative studies. Further, Section 5 discusses standing challenges
in quantum enhanced prognostics, and Section 6 outlines emerging op-
portunities and future directions. Finally, Section 7 draws conclusions.

2. Fundamentals of quantum computing for deep learning

Quantum computing differs from classical computation in three
fundamental aspects: (i) representation via quantum states (qubits)
rather than bits; (ii) evolution via reversible unitary operations (and,
in practice, noisy quantum channels) rather than irreversible Boolean
logic; and (iii) measurement, which yields probabilistic outcomes and
expectation values rather than deterministic output. The following
subsections present these principles that determine the algorithmic
foundations of quantum deep learning, where information is encoded,
transformed, and inferred through quantum state manipulation.

2.1. Qubits, superposition, and entanglement

At the core of quantum computing lies the qubit the quantum
analogue of a classical bit, which can occupy the basis states |0) and |1),
or any linear superposition thereof, thus providing exponentially richer
representational capacity than binary logic (Preskill, 2018). A single
qubit is described by a normalized state vector in the two-dimensional
Hilbert space H, spanned by the orthonormal basis {|0),|1)}:

lw) = al0) + p[1),

where |y) denotes the pure state of the qubit, and « and g are the
complex probability amplitudes whose squared magnitudes |a|*> and
|B]? correspond to the probabilities of measuring the qubit in states
|0) and |1), respectively. Neglecting the global phase (which has no
observable effect), any qubit state can equivalently be parameterized
by two real angles 9 and ¢ as

|w>=cos(§)|0>+ei“’sin(§>|1), “4)

where 9 € [0,x] and ¢ € [0,27) define the polar and azimuthal
coordinates of the state on the Bloch sphere (Nielsen and Chuang,
2010).

For a system of n qubits, the composite state lies in the 2"-
dimensional Hilbert space = (C?)®" and can be expressed as

GeC Ylgl=1,
i

where {|i)} denotes the computational basis and the coefficients c;
represent the corresponding probability amplitudes.

In QDNNs, entanglement plays a central representational role. En-
tanglement refers to non-separable correlations in a composite quantum
state, i.e., the joint state of multiple qubits cannot be written as a tensor
product of independent single-qubit states. A pure n-qubit state |¥)
is called (fully) separable if it can be written as a tensor product of
single-qubit states,

1) = Qlw))-
j=1

If no such factorization exists, the state is entangled. In the two-qubit
case, this reduces to the condition |¥) # |y;) ® |w,). A canonical
example is the two-qubit Bell state

a,peC, la*+ 6> =1, 3)

2"-1

17y =3 ¢li),

i=0

&+ = -1 (100) +111)),
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which exhibits maximal entanglement. When an ansatz includes en-
tangling gates (e.g., CNOT/CZ patterns), measurement outcomes can
depend on joint, higher-order interactions among the features encoded
across different qubits. From a machine-learning perspective, this pro-
vides a mechanism for modeling multivariate dependencies without
explicitly constructing large classical weight tensors that enumerate
pairwise or higher-order feature couplings. The extent to which a
parameterized circuit can explore correlated (entangled) regions of
Hilbert space is closely tied to its expressibility and entangling capabil-
ity, which can be quantified and compared across circuit templates (Bi-
amonte et al., 2017).

2.2. Quantum measurement

Quantum computation differs from classical computation not only
in how states are represented but also in how information is extracted.
Measurement forms the interface between the quantum and classical
worlds: it converts quantum amplitudes into classical probabilities and
expectation values that can be processed by classical optimizers, closing
the feedback loop in hybrid training schemes (Cerezo et al., 2021;
Benedetti et al., 2019). A general quantum measurement is character-
ized by a set of operators {M,,} acting on the system’s Hilbert space #,
satisfying the completeness relation

Y MM, =1, (5)

where M,’;, is the Hermitian conjugate of M,,, and I is the identity
operator on H. For a state |y ), the probability of obtaining outcome
m is

p(m) = (w| M M,,|y). (©)
and the corresponding post-measurement state is
M, |y)

v p(m)

On current NISQ devices, the hardware does not directly return an
exact expectation value. The readers are referred to Section 2.5 for
more details on the term NISQ, that is popularized by Preskill to denote
pre—fault-tolerant quantum processors with limited qubit counts and
imperfect gates (Preskill, 2018). Instead, one performs repeated pro-
jective measurements, often of Pauli observables or Pauli strings, and
estimates expectation values from the resulting shot statistics (Preskill,
2018; Cerezo et al., 2021). If an observable has spectral decomposition
O =Y, mll,, then for state p the Born rule gives p(m) = Tr(I1,,p) and
the corresponding expectation is

(0) =Tr(0p) = Y’ m p(m), ©)

(W) = @)

which is estimated empirically from repeated circuit executions. This
scalar quantity serves as the output of a parameterized quantum cir-
cuit (PQC) and feeds into a classical optimizer for learning. More
generally, measurements are described by a Positive Operator-Valued
Measure (POVM) (Heinosaari and Ziman, 2010), defined by positive
semi-definite operators E, = M, M, satisfying > En = 1. POVMs
extend projective measurements to account for noise and partial de-
tection, providing a realistic framework for measurement modeling in
NISQ-era quantum learning. More generally, for a POVM {E,} with
assigned outcome values o,, € R, one has E[o] = Y., 0, Tr(E,,p) for a
(possibly mixed) state p. In most QML studies, the measurement map
is fixed in advance, typically through Pauli observables such as Z or
tensor products of Pauli operators. However, the choice of observable
is part of the effective hypothesis class after measurement, because it
determines which statistics of the final quantum state are exposed to
the classical optimizer. Recent work has therefore begun to treat the
observable itself as a learnable or input-adaptive object, showing that
jointly optimizing the circuit and the measurement rule can improve
task performance in some settings (Chen et al., 2025a,b).
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2.3. Data encoding and quantum feature maps

Once measurement extracts information from quantum states, the
next step toward learning is to embed classical data into quantum
states. This process, also known as data encoding or state prepara-
tion, forms the interface between classical information and quantum
computation (Schuld and Killoran, 2019; Mitarai et al., 2018; Abbas
et al., 2021; Schuld, 2022). Given a classical feature vector xeR?, data
encoding maps it into a quantum state within an n-qubit Hilbert space
as

(X)) = Uy(x) [0)8", ©

where [0)®" denotes the ground state of all n qubits and Uy(x) is a
unitary encoding operator that embeds x into quantum amplitudes,
phases, or gate parameters. The mapping x — |¢(x)) defines a quantum
feature map whose similarity measure is given by the (fidelity) kernel

k(x,x') = (¢, (10)

representing the squared overlap between encoded states |¢(x)) and
|¢(x’)). This kernel acts as the quantum analogue of feature-space
similarity in classical kernel methods, capturing nonlinear correlations
through the geometry of the Hilbert space. The geometry of this feature
map determines the expressive capacity and separability of the model
in Hilbert space. Common encoding schemes include: basis encoding,
mapping binary inputs to computational basis states (x; € {0,1} —
|x;)); amplitude encoding, embedding normalized features as state
amplitudes, achieving exponential compression but requiring complex
preparation; angle (rotation) encoding, where data modulate gate ro-
tations, e.g., Ry(x;) = e"*Y/2 widely used on NISQ devices (Schuld,
2022; Preskill, 2018); phase encoding, using phase shifts to represent
data; and hybrid/entangling encodings, which combine local rotations
with controlled gates to capture nonlinear correlations (Abbas et al.,
2021; Havlicek et al., 2019).

While quantum evolution is linear in the state vector, the induced
input-output map x + (O),, is generally nonlinear in x due to
the data-dependent unitary U,(x) and the Born rule used to extract
observables. Quantum feature maps can induce very high-dimensional
feature spaces, and for certain encoding families the effective feature
dimension or Fourier spectrum can grow rapidly with qubit number
and circuit structure (Mitarai et al., 2018; Schuld, 2022; Havlicek
et al., 2019). However, this growth is strongly encoding-dependent and
should not be conflated with an automatic practical advantage.

2.3.1. Encoding choices in current quantum prognostics studies

In the prognostics literature reviewed here, angle or rotation encod-
ing is by far the most common choice. The reason is primarily practical
in that, rotation-based encoding is shallow, hardware-friendly, and nat-
urally compatible with multivariate health indicators, cyclic features,
spatio-temporal indicators. In such schemes, each feature (or a subset
of features after classical compression) modulates one or more single-
qubit rotations such as Ry(x;) or R,(x;) (Silva and Droguett, 2022).
This makes angle encoding particularly attractive for NISQ imple-
mentations, where circuit depth must remain small. Several reviewed
prognostic studies therefore adopt a pipeline in which handcrafted or
compressed features are first normalized classically and then embedded
through rotation gates before variational processing by a PQC (Silva
and Droguett, 2022). For example, Silva and Droguett (2022) employs
angle encoding of five normalized bearing features into a five-qubit
pipeline. A second recurrent pattern is classical compression followed
by quantum encoding (Wang et al., 2024). This is especially impor-
tant in PHM because raw multivariate sensor streams are often too
high-dimensional to be embedded directly into the limited number of
available qubits. In such cases, classical pre-processing layers, statistical
feature extraction, or learned embeddings reduce dimensionality before
the reduced representation is encoded into the quantum circuit. This
design improves implementability, but it also raises an interpretive
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issue, if most of the task-relevant structure is already extracted classi-
cally, the contribution of the quantum layer must be assessed carefully.
More expressive alternatives include entangling feature maps and re-
peated data re-uploading, which can encode cross-feature interactions
more richly than purely local rotations. These strategies may increase
representational power by allowing the encoded state to capture non-
linear correlations already at the embedding stage. However, they also
increase circuit depth, sensitivity to noise, and optimization difficulty.

By contrast, amplitude encoding is attractive in principle because it
can represent 2" amplitudes using only n qubits, but generic state prepa-
ration is typically more demanding than angle encoding and is there-
fore less common in current PHM-oriented QDNN implementations.
Hence, for near-term quantum prognostics, the dominant trade-off
is clear: angle-based and hybrid encodings are preferred for imple-
mentability and trainability, whereas more compact or more expres-
sive encodings are attractive theoretically but often harder to realize
reliably on NISQ hardware.

From a PHM perspective, encoding should not be viewed as a purely
technical preprocessing step. It directly determines what degradation
structure becomes accessible to the quantum model. Encodings that
preserve monotonic health evolution, regime dependence, cross-sensor
coupling, or local temporal signatures are likely to be more meaningful
than generic embeddings that ignore degradation semantics.

2.4. Parameterized quantum circuits and quantum neural networks

PQCs constitute the trainable core of quantum machine learning,
implementing differentiable quantum operations through tunable gates.
A PQC is composed of a sequence of L unitary blocks acting on an initial
n-qubit state |0)®":

U©) =U,(8;) - Uy(0,)U,(6)), U, (0,) = e OHi/2, 11D

where 6 = (9, ...,0;) are trainable parameters and H, are Hermitian
generators, commonly chosen from the Pauli basis

0 1 0 —i 1 0

A (I E I R
ensuring unitary, norm-preserving evolution. In particular, for Pauli
rotations U, (6)) = e~"%P/2 with P € {X,Y, Z}, the generator has eigen-
values J_r% and the standard shifts +Z apply. Parameterized rotations
such as Ry(0) = e~®X/2 and Ry (§) = eY/2 act as trainable feature
transformations in Hilbert space; effective nonlinearity enters through
measurement statistics and classical post-processing.

Given classical input x, a fixed encoding map U, (x) embeds the data
before the trainable PQC:

ly(x,0)) = U(6) Uy(x)0)®". 12

Task-specific objectives are defined as expectation values of observables
O measured on the output state,

C(x.0) = (w(x.0)| O ly(x.0)) (13)
= (0®"|U,(x) U"(0) OU(0) Uy(x)|0%"), a#

optimized via hybrid quantum-classical feedback. For gates whose

generators have an appropriate two-eigenvalue spectrum, derivatives

of exact expectation values can be expressed by the parameter-shift

rule (Mitarai et al., 2018; Cerezo et al., 2021):

0C(x,0) _
0,

where e, is a unit vector selecting parameter 6,. On hardware, these
shifted expectations are themselves estimated from finite shots. The op-
timization typically employs algorithms such as Adam, stochastic gra-
dient descent (SGD), or quantum natural gradient (Stokes et al., 2020).
When measurement noise or finite sampling (shot noise) increases
variance, derivative-free optimizers like SPSA (Spall, 1992) or Bayesian
strategies (Ostaszewski et al., 2021), combined with techniques such as
adaptive shot allocation or zero-noise extrapolation (Endo et al., 2021;
Bharti et al., 2022), help stabilize convergence.

%[C(x,9+ %ef)—C(x,G— ;ﬁef)] R (15)
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Fig. 2. Quantum Neural Network (QNN).

Remark 2.1. The shifts +Z apply to gates of the form U(6) = ¢ /0C
when G has two distinct eigenvalues +r and the gate is parameterized
such that r = % (e.g., G = P/2 for Pauli P). More generally, the shift
depends on the generator spectrum and may require generalized shift

rules.

A QNN, as illustrated in Fig. 2, is a variational quantum model in
which a parameterized quantum circuit (PQC) implements a trainable
mapping from an input to one or more classical outputs obtained by
measurement. In the most common (NISQ) setting, a classical feature
vector x is first embedded into an n-qubit quantum state |p(x)) via a
data-encoding circuit U,(x), after which a layered ansatz U(), typ-
ically composed of alternating blocks of parameterized single-qubit
rotations and entangling two-qubit gates, acts on the register. The
model output is then defined through the expectation value(s) of cho-
sen observable(s), e.g., (O)yp = (w(x,0)|0 |y(x,0)), which can be
interpreted (possibly after additional classical post-processing) as a
regression score, class logit, or learned feature embedding (Benedetti
et al., 2019; Tacchino et al., 2019; Beer et al.,, 2020; Schuld and
Killoran, 2019). Although the circuit evolution is unitary (and hence
linear at the level of state vectors), the overall input-output map is
generally nonlinear in both x and 6 because it is mediated by the
Born rule (measurement probabilities) and any subsequent classical
nonlinearities. PQC-based QNN modules therefore serve as trainable
primitives that constitute several quantum deep-learning architectures,
including QCNNs, quantum recurrent models (e.g., QLSTMs/QGRUs),
and attention-based quantum transformer variants. Fig. 3 shows the
flow of information through a typical variational quantum circuit also
referred to as QNN where the classical data are encoded by feature
map into a quantum state which, in turn, evolves under a parameter-
ized quantum circuit (PQC). The measurement of the state leads to a
classical output inform of expectation value or prediction

Like classical neural networks, QNNs are trained by minimizing a
task loss (e.g., Eq. (14)) using a hybrid quantum-—classical optimization
loop. However, gradient-based training can be hindered by barren
plateaus, i.e., regions of the optimization landscape where gradients
concentrate around zero and the variance of dC/00, becomes expo-
nentially small with increasing system size for broad classes of highly
expressive or randomly initialized circuits (McClean et al., 2018; Cerezo
et al., 2022). Practical mitigation strategies include restricting circuit
depth/expressibility via shallow or problem-inspired ansétze, adopting
local cost functions that depend only on small subsystems, and using
structured initialization or layer-wise/warm-start training to preserve
usable gradient signal (Cerezo et al., 2022; Cunningham and Zhuang,
2024; Kashif and Al-kuwari, 2023). In particular, locality-preserving
constructions have been reported to improve trainability by stabi-
lizing gradient flow and reducing sensitivity to global concentration
effects (Beer et al., 2020).

Remark 2.2. Classical networks propagate gradients via differen-
tiable activations, whereas QNNs estimate them from expectation-value
differences because unitaries are non-commuting and measurement-
defined. Despite this, both paradigms share an iterative gradient-
descent structure, forming a direct analogue of classical backpropaga-
tion.

PQCs are not only the core building blocks of QNNs, but also
the standard computational primitive underlying variational quantum
algorithms (VQAs) (Cerezo et al., 2021). A VQA is a hybrid quantum—
classical optimization procedure in which a parameterized quantum
circuit prepares a trial state |y (0)), and a classical optimizer itera-
tively updates the circuit parameters 6 to optimize an objective writ-
ten as an expectation value of a Hermitian operator (observable) O,
ie., C(O) = (y(0)|0O|y(0)). Because the objective is estimated from
measurement statistics, VQAs naturally match the capabilities of near-
term (NISQ) devices, where one can reliably execute only relatively
shallow circuits while delegating optimization and control to classical
hardware (Preskill, 2018; Cerezo et al., 2021). Two canonical examples
illustrate the VQA paradigm. The variational quantum eigensolver
(VQE) (Peruzzo et al., 2014) targets ground-state properties of a prob-
lem Hamiltonian H (e.g., in quantum chemistry or materials modeling)
by minimizing the energy expectation E(0) = (y(6)|H|w(0)). This
is justified by the variational principle: among all physically valid
trial states, the minimum achievable expectation value upper-bounds
the true ground-state energy, and increasingly expressive ansétze can
systematically improve the approximation.

On the other hand, the quantum approximate optimization algo-
rithm (QAOA) (Farhi et al.,, 2014) is designed for discrete/
combinatorial optimization. It encodes an objective function into a cost
Hamiltonian H. and alternates between unitary evolutions generated
by H. and by a mixing Hamiltonian Hy (which promotes exploration
of the solution space):

P
Ugaon (- B) = [ [ et iritic,

k=1
where the angles (y, B) are optimized to maximize (or minimize) the
expected cost ( H.). After optimization, measuring the final state yields
candidate bitstrings, with high-probability samples corresponding (ide-
ally) to near-optimal solutions.

From the perspective of quantum deep learning, VQE and QAOA
are important because they formalize the same measurement-driven,
hybrid training loop used to train QNN/QDNN models: a PQC defines a
differentiable hypothesis class, the learning objective is an expectation
value (or a function thereof), and a classical optimizer updates circuit
parameters based on measurement feedback (Cerezo et al., 2021).
Moreover, many QDNN ansitze borrow architectural motifs from VQAs
(e.g., alternating structured layers and hardware-efficient entangling
patterns), reinforcing the role of VQAs as a conceptual and practical
foundation for trainable quantum models.

2.5. Hybrid quantum-classical approach

Hybrid quantum-—classical workflows form the computational back-
bone of modern quantum machine learning and VQAs (McClean et al.,
2016; Cerezo et al., 2021). They are particularly well matched to the
NISQ era (Preskill, 2018), in which programmable quantum processors
provide noisy physical qubits, currently ranging from tens to more than
a thousand, depending on platform, but still operate without scalable
fault-tolerant error correction. NISQ devices are therefore constrained
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Fig. 3. Information flow through a Quantum Neural Network (QNN): Classical data are encoded by feature map into a quantum state which, in turn, evolves
under a parameterized quantum circuit (PQC); measurement leads to a classical output inform of expectation value or prediction.

by decoherence, imperfect gate operations, and crosstalk. Neverthe-
less, they can support meaningful computation through shallow cir-
cuits executed in a hybrid loop, where quantum hardware evaluates
PQCs while classical hardware performs optimization, control, and data
handling (Bharti et al., 2022; Endo et al., 2021).

A typical hybrid training (or optimization) iteration alternates be-
tween classical and quantum stages (illustrated in Fig. 4):

1. Classical proposal: a classical optimizer selects circuit param-
eters 0 (and, in learning from classical data, specifies the data-
encoding circuit Uy(x) for an input x);

2. Quantum evaluation: the quantum processor executes the PQC
(often U(0)U(x)) and performs repeated measurements;

3. Classical update: measurement outcomes are aggregated into
estimates of expectation values (O) (from a finite number of
circuit executions, or shots), a scalar objective C(0) is computed,
and 6 is updated to reduce (or maximize) this objective.

This feedback loop is repeated until convergence. In practice, the shot
budget controls the variance of (O) estimates, introducing a trade-off
between statistical accuracy and runtime.

Hybrid execution is supported by software ecosystems that provide
circuit programming, simulator/hardware backends, and (often) opti-
mization and differentiation utilities, including PennyLane (Bergholm
et al., 2018), Qiskit Machine Learning (Sahin et al., 2025), Cirq (Omole
et al., 2020), and CUDA-Q (Li et al., 2025). Because hybrid training
may require many circuit evaluations per iteration (especially for gra-
dient estimation), runtime optimizations and near-hardware execution
strategies such as batching, reduced host-device round trips, and tighter
integration of classical control with quantum execution, are increas-
ingly important for practical scalability (Matsuo et al., 2022; Shaydulin
et al., 2023).

In QDNNs, this hybrid loop plays a role analogous to
backpropagation-based training in classical deep learning: parameter-
ized unitaries implement trainable feature transformations in Hilbert

space, while effective nonlinearity typically arises from the measure-
ment map (state to classical statistics) and any classical post-processing
layers (or, where supported, mid-circuit measurement and classical
feed-forward control). Circuit parameters are updated by classical op-
timizers using gradient estimators such as the parameter-shift rule (Mi-
tarai et al., 2018) (or gradient-free methods when shot noise and device
noise dominate). Hybrid training thus provides a practical route to im-
plementing QCNNs, quantum recurrent models (e.g., QLSTMs/QGRUs),
and attention-based quantum transformer variants on NISQ hardware,
while leaving fault-tolerant implementations as a longer-term objective.

Recent studies report robustness to noisy training data in some
QNN architectures and structured approaches that improve trainability
relative to random deep circuits (Beer et al., 2020; K. Zhang et al.,
2020). Separately, theoretical work has derived encoding-dependent
generalization bounds for variational quantum models (Caro et al.,
2021; Abbas et al., 2021). More recent studies further analyze how
robustness and generalization are interrelated in variational quantum
learning models (Berberich et al., 2024).

Importantly, while stochasticity can sometimes behave like a reg-
ularizer, device noise can also fundamentally hinder optimization:
rigorous results show that realistic noise can induce barren plateaus,
regions where gradients vanish exponentially with system size, thereby
making training increasingly difficult as circuits scale (Cerezo et al.,
2021). This trade-off is central in the NISQ setting. Consequently, NISQ-
oriented QDNN designs typically emphasize shallow, hardware-efficient
ansitze, local cost functions, and noise-aware training and mitigation
strategies (Cerezo et al., 2021).

Finally, it is crucial to distinguish representational capacity from
computational advantage. Although an n-qubit state lives in a 2"-
dimensional Hilbert space, merely accessing large superpositions does
not by itself imply a speedup. Any genuine quantum advantage requires
algorithmic structure, typically interference patterns and entanglement
to amplify the probability of correct outcomes under measurement, and
these effects can be fragile in the presence of noise and finite-sampling
uncertainty (Preskill, 2018; Cerezo et al., 2021).
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Fig. 4. Hybrid quantum-—classical optimization loop. The classical processor encodes input data and proposes parameters 6, the quantum processor executes
a parameterized circuit and returns measured observables (O), and the classical optimizer updates 6 to minimize the cost function C(6). This feedback loop
underpins all variational algorithms and quantum deep-learning models on NISQ hardware.

Table 2
Various structures for QDNNs in PHM.

PHM setting Most suitable QDNN

family

Typical data form

Why this family is a natural choice Main caution

Low-dimensional feature
vectors, short windows

Compact health indicators
or handcrafted features

Feedforward QNN

Direct nonlinear mapping from reduced health
representation to SoH, RUL, or health-state
label; simple and parameter-efficient

Weak modeling of long temporal
dependencies

Long degradation Windowed multivariate QRNN/QLSTM/QGRU Shared recurrent quantum cell can model High circuit-evaluation cost across
sequences time series temporal evolution and sequential memory timesteps; trainability under noise
Locally structured signals Spectrograms, QCNN Locality, pooling, and parameter sharing are Qubit-layout and pooling design

time—frequency patches,
neighboring windows

natural when degradation signatures are can be restrictive

spatially or temporally localized

Rare faults, anomaly Unlabeled or imbalanced Quantum generative

Density learning, reconstruction, and PHM evidence still sparse,

detection, unsupervised data models latent-state modeling are natural for anomaly especially for QGANs and QBMs
monitoring scoring and data augmentation
Long-range multivariate Multi-sensor sequences Quantum Context-dependent mixing is attractive when Higher circuit and qubit

attention/transformer-
style models

dependencies with operating-condition

shifts

distant timesteps or sensor channels interact
strongly

complexity; limited PHM evidence
to date

3. Quantum deep neural network architectures

QDNNs integrate PQCs with classical preprocessing and post-
processing components, yielding hybrid architectures that can be
trained end-to-end via the variational optimization workflow intro-
duced earlier. This section provides a concise yet comprehensive
overview of the principal QDNN architectures, elucidating their opera-
tional principles and drawing parallels with their classical counterparts.
Furthermore, it reviews existing prognostics-oriented studies employing
each respective structure, emphasizing their applicability, relevance,
and effectiveness for RUL prediction and broader prognostic objectives.
Before we review various QDNN structures, we give below in Table 2
the intuition behind various structures and why they are relevant to
PHM tasks.

3.1. Quantum perceptrons and feedforward quantum neural networks

In classical deep learning, a perceptron applies an affine transfor-
mation followed by a nonlinear activation function. Quantum systems,
however, evolve under unitary dynamics that preserve norm and linear-
ity. Nonlinearity emerges indirectly through the probabilistic nature of
quantum measurement. The Quantum Neural Networks (QNNs), extend
classical dense-layer operations into the Hilbert space of quantum
states (Beer et al., 2020; Tacchino et al., 2019). A quantum perceptron
can be interpreted as a parameterized unitary transformation acting on
one or several qubits, followed by measurement that maps amplitudes
to probabilities (Tacchino et al., 2019). Let & = (0,,...,0;) denote

the vector of trainable gate parameters. A general perceptron block is
represented by a composite unitary
L
uo =JJue). U@y =e2, 16)
I=1
where H, are Hermitian generators, typically chosen from the Pauli
set {X,Y,Z}. When applied to a data-encoded input state |¢(x)) (see
Section 2.3), the circuit produces the variational state |y (x;0)) =
U(0)|¢(x)). The model output is given by the expectation value of a
chosen observable O, C(x;0) = (y(x;0)|O |y(x;0)), which serves as
the perceptron activation or regression score. For binary observables
such as the Pauli-Z operator, the measurement outcomes {+1, —1} yield
class probabilities p(y|x) = 1+Cx9 A basic QNN layer consists of
parameterized single-qubit rotations and entangling gates,

1 2 3 .o
Utayer = [ [ R20] Ry (67)R 0] >>( HE CNOT(. j),
i i.j))E

a7

where E defines the set of connected qubit pairs (entanglement topol-
ogy). The CNOT(;, j) gates act between a control qubit /i and target
qubit j, introducing correlations among qubit amplitudes analogous
to weighted interconnections in classical dense layers. Without these
entangling operations, the model reduces to independent single-qubit
rotations and loses expressive power. Heuristically, one may view each
qubit as playing a neuron-like role: local rotations encode feature-
dependent transformations, while entangling gates establish higher-
order correlations (Beer et al., 2020). Training follows hybrid quantum—
classical optimization, with gradients obtained through the parameter-

shift rule (Section 2.4), % = % [C(e, + ’2—”) - C6, — g)], and parameters
1
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updated using classical optimizers such as Adam or stochastic gradient
descent (SGD). Because expectation values are estimated from finite
measurement samples, the training process is inherently stochastic,
similar to mini-batch learning in classical deep networks (Benedetti
et al., 2019; Cerezo et al., 2021).

Data-reuploading circuits admit rigorous approximation results in
restricted settings. In particular, repeated data re-uploading enables
a single-qubit circuit to realize a universal quantum classifier with
classical post-processing (Pérez-Salinas et al., 2020), and single-qubit
native QNNs have been shown to approximate broad classes of univari-
ate functions through Fourier representations (Yu et al., 2022). These
results are important, but they do not by themselves imply that generic
deep QNNs provide universal approximation with favorable scaling
for multivariate PHM tasks. More generally, certain carefully designed
quantum kernels or model classes may be hard to reproduce classically
under specific assumptions, but such hardness claims are highly model-
and data-dependent (Havlicek et al., 2019; H.-Y. Huang et al., 2021).

It should be noted that among QDNN families, feedforward QNNs
constitute the most direct quantum analogue of classical dense net-
works and therefore appeared first in early PHM-oriented studies. Their
appeal is both conceptual and practical. Conceptually, they imple-
ment a compact parametric map from engineered health features or
short temporal windows to a scalar diagnostic or prognostic output
through a shallow PQC and measurement (Benedetti et al., 2019).
Practically, they are compatible with the qubit and depth limitations
of NISQ devices, since they do not require persistent temporal memory
or repeated circuit unfolding across long sequences, unlike recurrent
or attention-based models. As a result, feedforward QNNs are often
used either as quantum feature extractors followed by a classical pre-
dictor, or as shallow end-to-end quantum regressors/classifiers (Silva
and Droguett, 2022). At the same time, this architectural simplicity
also defines their main limitation in prognostics. Most feedforward
quantum models operate on precomputed statistical descriptors, health
indicators, or compressed cycle-level features rather than on raw long-
horizon sensor trajectories (Ngo et al., 2023). Consequently, they are
well suited to compact nonlinear regression/classification on reduced
representations, but less naturally suited to modeling degradation his-
tories with long temporal dependencies. This limitation partly explains
the subsequent shift toward hybrid quantum recurrent, convolutional,
and attention-based structures in the PHM literature.

3.2. Quantum Recurrent Neural Networks (QRNNs) and quantum LSTMs

In classical deep learning, temporal dependencies are modeled by
recurrent architectures such as the RNN, LSTM, and GRU. Their quan-
tum counterparts QRNNs and QLSTMs, exploit superposition and en-
tanglement to encode temporal correlations within a compact, high-
dimensional Hilbert space (Chen et al.,, 2022; Wang et al.,, 2023;
Tsurkan et al., 2025; Wang et al., 2024). While a classical RNN propa-
gates a hidden vector h,, a quantum recurrent model evolves a joint
quantum state that entangles memory and input qubits across time.
In an idealized coherent quantum-memory formulation, the recurrent
update at each time step 7, the input x, is first encoded into a quantum
state |¢p(x,)), which interacts with the previous memory state |y,_;)
through a parameterized unitary transformation:

lw,) = UO)(I¢x)®w;_1)).

where U(0) denotes the variational evolution operator at step ¢, pa-
rameterized by 0. Expectation values (O;), = (y;|0;|w,) of selected
observables O; define the recurrent outputs, while the memory register,
represented by the unmeasured qubits, retains temporal information
through entanglement. This mechanism allows long-term dependencies
to persist without explicit recurrent weight matrices. In most practical
hybrid QRNN/QLSTM implementations on current hardware, however,
the circuit is reinitialized at each timestep and the recurrent memory
is maintained partly or entirely in classical form.

(18)

10
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A QLSTM (Chen et al., 2022) extends this framework by introducing
the integration of QNNs with the classical gating mechanism in LSTM,
as illustrated in Fig. 5. The linear operations of an LSTM (originally
implemented by classical deep neural networks) are replaced by pa-
rameterized quantum circuits acting on the vector v, = [h,_lx,],
representing the concatenation of input x, at time-step ¢ and the hidden
state h,_; from the previous time-step ¢ — 1. Mathematically, the QLSTM
can be described as follows,

fi =0 (QNN;(v))) (19a)
i, = 6 (QNN,(v))) (19Db)
C, = tanh (QNN;(v,)) (19¢)
¢ =fi*xe+i xC (19d)
0, = o (QNN4(v,)) (19e)
h; = o, * tanh () (199

The original QLSTM architecture can be extended by incorporating
additional classical operations to handle input dimensionalities beyond
the constraints of current quantum devices and simulation platforms,
such as when angle encoding is applied and the input dimension
exceeds the number of available qubits. In particular, classical neural
networks may be employed as preprocessing modules before the VQC
or as postprocessing components after the quantum circuit to improve
predictive performance (Cao et al., 2023).

In many hybrid QRNN/QLSTM implementations, the quantum cir-
cuit is reinitialized at each timestep and outputs gate values, while
recurrent memory is maintained classically; fully coherent quantum-
memory variants exist but are more hardware-demanding (Tsurkan
et al., 2025; Wang et al., 2024).

Analogously, QGRUs or QWGRUs encode gating coefficients
through rotation gates whose expectation values determine the up-
date strength. These architectures are typically parameter-efficient
because the same compact PQC structure (and often shared parameters)
is reused across time-steps; fully coherent variants may additionally
reuse a qubit register as quantum memory, but are more hardware-
demanding. Training follows the hybrid variational loop (Section 2.5),
where gradients are obtained via the parameter-shift rule and opti-
mized using Adam or SPSA. Backpropagation through time aggregates
gradients across timesteps; within each timestep, PQC parameter gra-
dients can be obtained via the parameter-shift rule (or SPSA under
high shot noise) and then accumulated by the classical optimizer.
To mitigate decoherence and vanishing gradients, implementations
employ shallow circuits and truncated sequences. Some empirical
studies like Chen et al. (2022) report faster convergence or competitive
performance for QLSTM variants relative to classical LSTMs on selected
tasks, although the extent to which this is attributable specifically to
quantum correlations, circuit inductive bias, or implementation choices
remains unresolved.

In practice, quantum analogues of LSTM/GRU gates are realized
as variational sub-circuits. Gating coefficients are often derived from
measured expectation values and then used (classically) to control
subsequent unitaries. In coherent quantum-memory formulations, long-
term information is preserved by maintaining a subset of qubits as
an unmeasured memory register across timesteps; output qubits may
be measured while memory qubits are re-used to sustain temporal
coherence (Tsurkan et al., 2025; Wang et al., 2024).

3.3. Quantum Convolutional Neural Networks (QCNNs)

QCNNs extend classical convolutional architectures to quantum in-
formation processing by combining local unitary filters with
measurement-based pooling operations (Cong et al., 2019; Pesah et al.,
2021; Mari et al., 2020; Chen et al., 2023). Originally proposed by
Cong et al. (2019) for classifying topological phases of quantum matter,
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Fig. 5. Quantum Long Short-term Memory (QLSTM).

QCNNSs pursue the same goals as classical CNNs: parameter reduction,
spatial locality, and hierarchical feature extraction. Unlike fully con-
nected QNNs, where all qubits interact, QCNNs restrict entanglement to
neighboring qubits, yielding shallower circuits, reduced gate overhead,
and improved noise tolerance on NISQ hardware. Each QCNN layer
alternates between: (i) a convolution stage, where parameterized two-
qubit unitaries act on adjacent qubits to extract local correlations:
Ueonv = Ilujjen Uij(0;;), and (i) a pooling stage, where selected
qubits are measured or traced out to reduce dimensionality: p’ =
Tt pooted | Upool? U;ool] . Stacking several convolution—pooling pairs yields
a hierarchical quantum representation analogous to classical feature
maps, with final qubit measurements producing the network output.
With hierarchical pooling and weight sharing, the number of trainable
parameters can scale as O(logn) with the input size n. When weights
are shared across positions, the number of trainable parameters per
layer remains constant, improving trainability and noise robustness on
NISQ devices (Pesah et al., 2021; Cong et al., 2019). Their locality also
mitigates the barren plateau problem where the gradients vanish less
rapidly since cost functions depend only on small subsystems (Pesah
et al.,, 2021). Consequently, QCNNs require fewer circuit evaluations
than global variational ansétze. Modern adaptations include the quan-
volutional network (Mari et al., 2020), where classical data patches are
embedded into quantum circuits whose expectation values serve as clas-
sical feature maps, successfully applied to image and signal-processing
tasks (Chen et al., 2023).

3.4. Quantum generative models: QBMs, QGANs, and quantum autoen-
coders

In classical deep learning, generative models approximate a data
distribution py,,(x) using a parameterized model py(x). Quantum com-
puting naturally supports generative modeling since a quantum state
inherently defines a probabilistic distribution over exponentially many
outcomes. Quantum mechanics generalizes this concept by encoding
probabilities in the amplitudes of a quantum state,

lve)= Y, web)Ib),

be(0.1}"

(20)

where |yg(b)|> denotes the probability of observing outcome b. Since
an n-qubit system encodes 2" amplitudes, Quantum Generative Models
(QGMs) can represent complex, high-dimensional distributions com-
pactly. The main quantum generative model paradigms of interest in
PHM are: Quantum Boltzmann Machines (QBMs), Quantum Genera-
tive Adversarial Networks (QGANSs), and Quantum Variational Autoen-
coders (QVAEs) (also referred to simply as quantum autoencoders,
QAESs). These models are generative in that they learn the underlying
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probability distribution or latent representation of data, which can be
used to detect anomalies or generate synthetic samples. As such, QGMs
could address PHM challenges such as limited failure data (by synthetic
data generation) and high-dimensional sensor streams (by exploiting
quantum Hilbert spaces for efficient representation).

3.4.1. QBMs

Quantum Boltzmann Machines (QBMs) are quantum generalizations
of energy-based Boltzmann models in which the learned distribution
is defined by a thermal state of a parameterized Hamiltonian. Un-
like classical Boltzmann machines, the non-commuting terms in QBMs
allow the model to represent distributions shaped by coherence and
entanglement, thereby enlarging the accessible hypothesis class (Amin
et al.,, 2018; Kieferova and Wiebe, 2017). However, the additional
expressivity comes at a computational cost. In general, estimating the
partition function, the model expectations, and the gradients of the
likelihood is harder than in classical restricted Boltzmann machines,
precisely because the Hamiltonian terms do not necessarily commute.
Practical QBM training therefore relies on approximations such as
bound-based likelihood optimization, tomography-inspired methods, or
variational Gibbs-state preparation on NISQ hardware (Amin et al.,
2018; Kieferova and Wiebe, 2017; Zoufal et al., 2021). Recent the-
oretical work further suggests that certain visible-unit QBMs admit
favorable sample-complexity guarantees under relative-entropy train-
ing, although such results currently pertain primarily to fault-tolerant
rather than near-term settings (Coopmans and Benedetti, 2024). From a
PHM perspective, QBMs are most naturally interpreted as probabilistic
models of healthy and degraded operating regimes, where likelihood
or free-energy scores could support anomaly detection, rare-regime
modeling, or uncertainty-aware health-state representation.

3.4.2. QGANs

QGANs combine the adversarial training paradigm of GANs with
quantum circuit models (Lloyd and Weedbrook, 2018). In a classical
GAN, a generator neural network tries to produce fake data that mimic
the real data distribution, while a discriminator network tries to dis-
tinguish fake from real. In a QGAN, one or both of these components
are implemented with quantum circuits (or hybrid quantum-—classical
models). The QGAN (Lloyd and Weedbrook, 2018) adapts adversarial
learning to quantum systems: a quantum generator G(6;) produces
states approximating a target distribution, while a discriminator D(6p)
(quantum or classical) distinguishes real from generated samples via
the objective

(21)

min max
¢ Op

[Exwpm log Dy, (x) + E, ., log(1 — Dy (G, (z)))] .
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where p, denotes the prior distribution of latent variables and Dy (-)
outputs the discriminator’s estimate that a sample is drawn from the
data distribution. In practice, Wasserstein and related adversarial ob-
jectives are also frequently used to improve stability. Through iterative
measurement and feedback, both networks co-evolve toward equilib-
rium. The scientific interest lies in the fact that a quantum generator
can exploit quantum superposition to generate more diverse or complex
data patterns, potentially addressing issues like mode collapse in classi-
cal GANs (Lloyd and Weedbrook, 2018), plausibly leading to a form of
quantum advantage by representing probability distributions that are
hard to sample classically. Moreover, QGANs naturally suit scenarios
with limited data: prior studies suggest that QGANs can generalize
well in small-sample learning and might offer speedups in generating
high-dimensional data (Z. Zhang et al., 2025).

From a modeling perspective, QGANSs can operate in several regimes
depending on whether the data, the generator, and the discriminator
are classical or quantum. In the most PHM-relevant near-term set-
ting, classical sensor windows or health indicators are first encoded
into quantum states, after which a PQC-based generator learns to
reproduce the target data distribution and the discriminator may be
either a classical network or another PQC. When the training data
themselves are quantum states, both the generator and discriminator
can be defined entirely in the quantum domain, and discrimination
may be performed through trainable measurements, state overlaps,
or fidelity-based tests (Lloyd and Weedbrook, 2018; Dallaire-Demers
and Killoran, 2018; Hu et al., 2019; K. Huang et al., 2021). Training
still follows the alternating min-max procedure of adversarial learn-
ing, but the quantum setting introduces additional practical issues:
loss estimates are shot-limited, gradients may be obtained through
parameter-shift or finite-difference rules, and adversarial imbalance can
be amplified by device noise, mode collapse, or vanishing gradients.
Consequently, practical QGAN implementations often rely on shallow
circuits, Wasserstein-type objectives, patch-wise generation, label con-
ditioning, or multiple discriminator updates per generator update to
stabilize optimization (Dallaire-Demers and Killoran, 2018; Hu et al.,
2019; K. Huang et al., 2021).

Importantly, QGANs have already been demonstrated on quantum
and hybrid datasets. Proof-of-principle experiments on superconducting
platforms trained a quantum generator to reproduce the statistics of
single-qubit mixed states with high average fidelity, while later multi-
qubit implementations learned arbitrary mixed states and simple logic
distributions using quantum gradients (Hu et al., 2019; K. Huang et al.,
2021). QGAN-based image generation has also been demonstrated ex-
perimentally on handwritten-digit and grayscale-bar datasets, showing
that adversarial quantum models can move beyond purely synthetic
toy states (H.-L. Huang et al., 2021). For PHM, these developments
are relevant because if degradation data are encoded into quantum
states, or if quantum latent states are learned from sensor sequences,
QGANSs could in principle generate rare-fault quantum states, augment
under-represented degradation regimes, or simulate short degradation
trajectories for data-scarce monitoring problems. At present, however,
such use in PHM remains prospective rather than established, and
direct benchmark studies on standard PHM datasets are still missing.

3.4.3. QVAEs

In a classical variational autoencoder (VAE), an encoder ¢, (z|x)
maps an input x to a latent distribution, while a decoder p,(x|z)
reconstructs the data from the latent variable z. Training maximizes
the evidence lower bound (ELBO),

Lrrpo(@: ¢:%) = Ey 1) [log py(x|2)] = Dy (44(z1%) Il p(2)). (22)

which balances reconstruction quality against regularization of the
latent space (Goodfellow et al., 2016). Quantum extensions of this
idea split into two related but conceptually distinct families. The orig-
inal Quantum Variational Autoencoder (QVAE) formulation proposed
by Khoshaman et al. (2019) places a QBM in the latent generative
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process, leading to a quantum analogue of the variational lower bound
in which the latent prior is sampled from a quantum Hamiltonian
rather than from a simple classical distribution. This is the closest
quantum counterpart to a genuine probabilistic VAE, and its motivation
is that a quantum latent prior may capture multimodal correlations
more compactly than a factorized or RBM-based classical prior. A
second line of work, more common in the NISQ setting, uses quan-
tum autoencoders (QAEs) or hybrid classical-quantum autoencoders,
where a parameterized quantum circuit is placed in the encoder, the
decoder, or the bottleneck to learn a compressed latent representa-
tion (Romero et al., 2017; Bondarenko and Feldmann, 2020; Sakhnenko
et al.,, 2022). Unlike a strict VAE, such models do not necessarily
enforce an explicit probabilistic latent prior; instead, they are optimized
for compression, reconstruction, denoising, or anomaly scoring. This
distinction is important for PHM, in that full QVAE formulations remain
rare, whereas hybrid QAEs are already relevant to anomaly detection,
health-indicator construction, and unsupervised feature learning from
high-dimensional sensor data.

3.5. Quantum transformers and attention mechanisms

In classical transformers, attention mechanisms compute similarity
between query-key pairs to reweigh value representations,

T
0K )V’
Vi

where Q, K,V € R™ are the query, key, and value matrices obtained
from linear projections of the input, and d, is the feature dimension.
Quantum attention generalizes this operation through unitary evolu-
tions that entangle the quantum states encoding Q, K, and V. Param-
eterized entangling unitaries can approximate attention-like, context-
dependent mixing across query-key—value registers. These circuits do
not implement the classical softmax dot-product exactly, but can learn
analogous reweighting via interference and entanglement. Cha et al.
(2022) pioneered a quantum Transformer for quantum state reconstruc-
tion. Their quantum transformer model uses a Transformer’s attention
mechanism to learn the probability distribution of quantum measure-
ment outcomes, enabling accurate reconstruction of noisy quantum
states. Notably, quantum transformer model outperformed prior neural-
network approaches to quantum state tomography and the authors
attributed its success to the ability to model quantum entanglement
across the entire system, much like classical self-attention captures
long-range word dependencies.

Li et al. (2024) introduced a Quantum Self-Attention Neural Net-
work (QSANN) for Natural Language Processing (NLP) tasks, marking
an early attempt to incorporate self-attention into quantum machine
learning. Their QSANN replaces classical attention with a variational
quantum circuit, using a Gaussian projected quantum self-attention
mechanism. In text classification experiments, QSANN achieved better
accuracy than both a classical self-attention network and previous
syntax-based Quantum NLP models. Importantly, QSANN was designed
for near-term hardware, demonstrating scalability on larger datasets
and robustness to quantum noise

Shi et al. (2023) proposed a simplified quantum self-attention that
forgoes explicit score matrices: a single parameterized circuit is applied
to each query, key, and value register, directly producing weighted
output states. This design avoids auxiliary qubits and mirrors the effect
of attention entirely within the quantum circuit, yielding effective
results on small-scale data. However, it requires encoding all Q-K-V
pairs simultaneously, incurring a high qubit count for larger sequences.
These NISQ-oriented studies demonstrate viable quantum attention
loops and quantum recurrent-attention hybrids.

Quantum Transformer models have also expanded into vision and
unsupervised learning. Kerenidis et al. (2024) proposed a Quantum Vi-
sion Transformer (Quantum Compound Transformer) that implements
global attention via quantum linear algebra.
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Attention(Q, K, V) = softmax(
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Table 3
Comparison between classical and QDNNs across key aspects.
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Aspect Classical DNNs

QDNNs

Representation space
(weights) scaling with model size.

Activations in R™ (or C™) with explicit parameters

States in C*" with correlations represented via
superposition/entanglement; model parameters scale with circuit
ansatz and depth.

Information encoding

Inputs represented as numeric vectors or tensors.

Inputs encoded into quantum states via angle, phase, or amplitude
encoding schemes.

Computation model
nonlinear activations.

Layered matrix multiplications followed by

Evolution of quantum states under parameterized unitary
transformations U (6).

Nonlinearity/Activation

Explicit nonlinear functions (ReLU, sigmoid, tanh).

Implicit nonlinearity through quantum measurement and
expectation values.

Training mechanism

Gradient backpropagation using the chain rule.

Hybrid optimization using parameter-shift or stochastic gradient
estimation; measurements introduce sampling noise.

Convolutional architectures
and pooling.

Spatial feature extraction via kernel convolutions

Local entangling unitaries emulate convolution; qubit measurement
acts as pooling (QCNN).

Recurrent architectures (LSTM/GRU)

Temporal memory via gated additive updates.

Memory realized either via classical recurrent states with quantum
gate subcircuits (hybrid QLSTM/QGRU) or, in coherent variants, via
entanglement between input and memory qubits..

Generative models (GAN/VAE)

networks.

Learn data distributions via differentiable
generator—discriminator or encoder—decoder

Generator or discriminator implemented as PQCs; sampling
determined by quantum measurement statistics (QGAN, QVAE).

Attention/Transformer models
products.

Attention weights computed via query-key dot

Quantum self-attention via entangling unitaries acting on query-key
subspaces (QTransformer).

Regularization/Noise
weight decay).

Explicit techniques (dropout, batch normalization,

Noise and finite-shot sampling introduce stochasticity; they
generally degrade fidelity but can sometimes act as implicit
regularization.

Liu et al. (2024) investigated a quantum-entangled self-attention
network by leveraging entangled states for encoding, showing quantum
attention can capture complex correlations in spatio-temporal data that
classical models might overlook.

Table 3 summarizes the key contrasts between classical and quan-
tum deep networks across representative architectural families pre-
sented above. The comparison illustrates how quantum models gen-
eralize classical deep learning into exponentially large Hilbert spaces
while introducing new challenges in data encoding, training stability,
and interpretability.

4. Prognostics using various QDNNs

This section reviews PHM-relevant QDNN studies by architecture
family. Depending on the task, the inputs may be low-dimensional
health indicators, handcrafted feature windows, or multivariate tempo-
ral sequences, while the outputs may be health-state labels, SoH trajec-
tories, RUL estimates, degradation-trend forecasts, or anomaly scores.
Consequently, not all studies reviewed here share the same mathe-
matical form: feedforward and recurrent quantum models are typically
used in supervised regression or classification settings, whereas QBM-
, QGAN-, and QVAE-based approaches are primarily unsupervised or
generative. When a quantum model produces one or more expectation
values as intermediate outputs, a convenient generic form is

(x;0) = g(Tr[0 pyp])

where py 4 is the encoded and processed quantum state, O is a measured
observable, and g(-) denotes optional affine scaling or classical post-
processing. For direct feedforward regressors, g may simply rescale
a scalar expectation value to the target range; in other studies, g
may represent a classical classifier, recurrent head, or probabilistic
refinement module. This distinction is important because the litera-
ture reviewed below spans diagnosis, SoH estimation, RUL prediction,
degradation forecasting, and anomaly detection rather than a single
unified prognostic task.

Fig. 6 illustrates a comparative schematic of classical and quantum-
enhanced PHM pipelines. As shown in Fig. 6(a) classical models process
real-valued features through successive parameterized (weighted) lay-
ers leading to health states (estimation or prediction) as outputs. On

(24)
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the other hand, as shown in Fig. 6(b), in QDNNs, PHM features are
first encoded into quantum states, propagated through trainable unitary
transformations implemented by PQCs. These states evolve under the
PQCs and are subsequently measured. Measurement of the resulting
state yields classical outputs, typically in the form of expectation values
or predicted health states.

4.1. Prognostics using quantum perceptrons and feedforward QNNs

A useful way to interpret the current feedforward-QNN literature
for PHM is through three recurring design patterns. The first pattern
uses a quantum feature extractor followed by a classical predictor.
In this setting, the PQC acts as a nonlinear embedding module that
transforms low-dimensional health descriptors into a compact latent
representation, while the final regression or decision stage remains
classical. The second pattern uses a direct feedforward quantum regres-
sor/classifier, where the PQC output itself is mapped to SoH, RUL, or a
health-state label. The third pattern consists of enhanced feedforward
hybrids, where shallow quantum layers are combined with classical
preprocessing, dimensionality reduction, or post-processing blocks to
balance expressivity with implementability on near-term hardware.
This classification is useful for PHM because it reveals that most early
feedforward studies did not attempt full end-to-end sequence learning
directly on raw sensor streams. Rather, they targeted reduced repre-
sentations of degradation, such as statistical descriptors of vibration
signals, cycle-level summaries of electrochemical behavior, or health
indicators obtained from classical preprocessing. Feedforward QNNs
are therefore best interpreted as compact nonlinear estimators operat-
ing on compressed health representations. Their main strengths lie in
parameter efficiency, architectural simplicity, and ease of deployment
in hybrid quantum-—classical loops, whereas their main weakness is
the limited ability to represent long-range temporal structure without
additional recurrent or attention mechanisms.

Silva and Droguett (2022) presented one of the earliest PHM-
oriented hybrid quantum-—classical learning frameworks. Their study
is best interpreted as a health-state diagnosis proof-of-concept rather
than a direct RUL regressor: using the MFPT ball-bearing dataset, the
authors segmented the vibration signal into windows, extracted five
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Fig. 6. Comparative schematic of classical and quantum-enhanced PHM pipelines. (a) Classical models transform real-valued features through explicit weighted
layers, whereas (b) QDNNs first encode data into quantum states, evolve them through trainable unitaries, and extract outputs through measurement.

handcrafted statistical features (average, variance, maximum ampli-
tude, peak-to-peak, and RMS), angle-encoded these features into a small
PQC, and used a classical feedforward head for final classification.
The reported mean testing accuracy was 97.4 + 1.3%, showing that
compact quantum feature extraction can be effective on reduced health
representations. A second feedforward line is illustrated by Ngo et al.
(2023), who formulated lithium-ion battery capacity degradation as a
supervised regression problem from operational cycle index to remain-
ing capacity and evaluated a QNN regressor on NASA battery datasets
(BO5, B06, B18, and B56). Their implementation used angle encoding,
a hardware-inspired variational circuit, and a Qulacs simulator, with
RMSE and MAPE as the main evaluation metrics. As such, this work
should be interpreted primarily as a simulator-based proof-of-concept
showing that shallow QNNs can model nonlinear battery degradation
trajectories, rather than as a definitive demonstration of superiority
over strong classical prognostic baselines. Liu et al. (2025) proposed
a hybrid enhanced quantum neural network (EQNN) framework for
rolling-bearing RUL prediction on the PRONOSTIA benchmark. The
method combines dynamic complexity characteristic entropy, health-
index construction through PCA-VAE, and an EQNN predictor, and
is presented as a hybrid enhanced-QNN approach for improving ro-
bustness and real-time prediction accuracy under complex degradation
conditions.

A recent extension of this feedforward-hybrid line is the QNN-
GPR framework proposed by Lee et al. (2025) for lithium-ion battery
SoH prediction. In that model, three battery health indicators are
first extracted, a QNN performs nonlinear feature transformation in
quantum feature space to produce intermediate SoH estimates, and
a Gaussian Process Regression layer subsequently refines these esti-
mates probabilistically. This design is noteworthy because it couples
a compact quantum predictor with an uncertainty-aware classical re-
gressor, illustrating how feedforward QNN modules can be embedded
into probabilistic PHM pipelines rather than used only as standalone
regressors.
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4.2. Quantum recurrent models for prognostics

For most prognostics applications, multivariate time-series signals
(e.g. vibration, voltage, temperature) are first normalized and seg-
mented into temporal windows x,. Each window is then encoded as
a quantum state |¢(x,)) via angle or phase encoding on n qubits.
For high-dimensional sensor inputs, a classical feature embedding (of-
ten Fourier or wavelet-based) is used to compress the input into a
lower-dimensional representation before quantum encoding. Temporal
dynamics across these encoded sequences are modeled by a recurrent
quantum cell. Most current designs use a hybrid quantum-—classical ap-
proach: a parameterized quantum circuit (PQC) produces the recurrent
cell’s gating values or state updates, while the memory (hidden state)
is maintained (or partially maintained) in classical form between time
steps. In more experimental proposals, a coherent quantum memory is
used; for example, by reusing the same qubit register across timesteps to
entangle past and present states; but noise and decoherence make this
approach challenging on today’s hardware. Almost all implementations
so far are trained in a supervised manner for RUL regression: a classical
output layer reads the quantum recurrent state and predicts the RUL
at the current time ﬁ,. Some architectures also jointly learn a time-
varying health index trajectory, using the quantum recurrent branch as
a sequence encoder for the degradation process.

Several QRNN variants have been explored in recent studies. Wang
et al. (2024) proposed an embedding-layer QLSTM with transfer learn-
ing for proton-exchange membrane fuel cell (PEMFC) stacks. A classical
embedding compressed voltage sequences before feeding a QLSTM
implemented as PQCs, yielding 1.3% higher mid-life RUL accuracy
than a classical LSTM and demonstrating strong cross-stack transfer-
ability. Tsurkan et al. (2025) developed a Hybrid Quantum Recurrent
Neural Network (HQRNN) that integrates quantum-enhanced LSTM
gates with classical dense layers for turbofan-engine RUL prediction
(NASA C-MAPSS). Despite fewer parameters than a deep LSTM, the
HQRNN achieved approximately 5% lower RMSE/MAE and outper-
formed CNN, Multiple Layered Perceptrons (MLPs), and random-forest
baselines.
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Xiang et al. (2018) proposed a quantum-weighted gated recurrent
unit neural network (QWGRUNN) for performance degradation trend
prediction of rotating machinery. The method was validated on full-life
vibration data of rolling bearings collected by the University of Cincin-
nati and was reported to achieve higher prediction accuracy, faster
convergence, and lower computation time than a classical GRUNN
baseline. Conceptually, the work is important because it illustrates an
early recurrent quantum design in which the update mechanism is
structured to retain historical degradation information while improving
nonlinear approximation.

Recent battery prognostics work also extends the recurrent-hybrid
direction. Soon and Soon (2025) proposed a sequential QNN-GRU
architecture in which a QNN based on Pauli feature maps, varia-
tional quantum circuits, and measurement first learns nonlinear feature
transformations, after which a classical GRU models the temporal
evolution of battery aging. The study benchmarks the proposed model
against LSTM, GRU, and hybrid deep-learning baselines, and comple-
ments the predictive analysis with SHAP-based feature attribution. This
line of work is important because it illustrates a pragmatic NISQ-era
design pattern for PHM, i.e., usage of the quantum module where
nonlinear representation learning is most valuable, while retaining
classical recurrent dynamics for temporal stability and implementation
efficiency.

4.3. QCNNs for prognostics

Convolutional architectures are key to extracting spatial and local
features from complex signals such as vibration spectra, voltage curves,
or health indicators. While classical CNNs are widely used in RUL pre-
diction, they often require large parameter counts to capture nonlinear
degradation correlations. QCNNs present a compact alternative when
degradation signatures exhibit local temporal or spatial structure. In
idealized QCNN constructions with locality, pooling, and weight shar-
ing, the number of trainable parameters can scale favorably, sometimes
logarithmically with input size in theory, although the practical benefit
remains architecture- and task-dependent.

Liang et al. (2025) provides one of the clearest PHM examples:
the authors proposed a QCNN for stochastic lithium-ion battery SoH
estimation and evaluated it on four heterogeneous datasets (CALCE,
TJU, XJTU, and MIT), comprising 272 cells under multiple chemistries
and operating conditions. Their model used only 39 trainable param-
eters and reported strong performance in terms of R?> and RMSE,
highlighting the potential of QCNNs for compact feature fusion in
battery prognostics. Zaid et al. (2024) introduced a Siamese Attention-
Augmented QCNN (SAA-QCNN) for aircraft-engine RUL estimation on
NASA C-MAPSS. At the level of this review, the study is best interpreted
as an early conference proof-of-concept demonstrating that siamese
processing, quantum convolution, and attention can be combined in
a prognostics setting; exact metric-level claims relative to all classical
baselines should be checked directly against the original conference
paper before being stated in detail. As such, QCNNs are attractive for
PHM when degradation signatures exhibit local temporal or spatial
structure, because locality and pooling can yield compact models with
fewer trainable parameters than fully connected variational circuits.

4.4. QBMs for prognostics

To our knowledge, no peer-reviewed paper has yet demonstrated a
QBM trained on a mechanical system’s sensor data for PHM. However,
analogous work in anomaly detection suggests the viability of QBMs
for PHM. Stein et al. (2023) presented one of the first unsupervised
anomaly detection approaches using a QBM focused on cybersecurity
endpoint detection logs rather than a dynamical system. A QBM was
implemented on a D-Wave quantum annealer to model normal versus
anomalous computer events. Their results showed that the QBM could
outperform a classical Restricted Boltzmann Machine in certain cases,
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achieving better detection quality and requiring fewer training steps.
This highlights that quantum annealing-based QBMs can learn com-
plex data distributions and potentially generalize better than classical
models.

4.5. QGANs for prognostics

The literature on QGANs for PHM is still very limited. However,
a few pioneering works give clue on how QGANs can be applied to
anomaly/fault detection as well as prognostics contexts. Herr et al.
(2021) introduced a variational quantum-—classical Wasserstein GAN
for anomaly detection, using a PQC-based generator and a classical
discriminator. Although the application domain was credit-card fraud
rather than PHM, the study is relevant because it showed that hy-
brid QGANS can be trained stably for anomaly-detection pipelines and
achieved performance on par with classical methods in terms of F1
score.

Hammami et al. (2025) proposed a QGAN architecture for multi-
variate time-series anomaly detection in a network-intrusion setting,
using variational quantum circuits, data re-uploading, and successive
data injection. While not a PHM study, its setup is structurally close to
sensor-based anomaly detection and therefore provides useful method-
ological insight for future PHM applications.

4.6. QVAE;s for prognostics

There are only a few published PHM-adjacent studies involving
quantum autoencoding ideas. Pramanik and Chandra (2021) proposed
a possible quantum variational autoencoder circuit at the method-
ological level, but did not provide a direct PHM case study. Its rele-
vance to PHM is therefore conceptual rather than empirical. A more
concrete predictive-maintenance example is provided by Sakhnenko
et al. (2022), who developed a Hybrid Classical-Quantum Autoencoder
(HAE) for anomaly detection. In their framework, a classical encoder
first compresses the input, a 4-qubit parameterized quantum circuit
serves as the bottleneck, and a classical decoder reconstructs the signal.
The model was tested both on standard benchmarks and on a gas-
turbine sensor dataset relevant to predictive maintenance, where the
addition of the quantum bottleneck improved precision, recall, and
F1 score relative to a purely classical autoencoder. This makes hybrid
QAE-type models the most mature PHM-relevant branch of the broader
QVAE/QAE family at present.

4.7. Quantum transformers for prognostics

Transformers and attention mechanisms are attractive for prognos-
tics because they model long-range dependencies across time-steps and
sensor channels. In the current quantum-prognostics literature, how-
ever, the evidence base is still small and is better described as a family
of attention-inspired quantum sequence models rather than mature
transformer architectures. Y. Chen et al. (2020) proposed a quantum
recurrent encoder—decoder neural network (QREDNN) with attention
for performance degradation trend prediction of rotating machinery.
Their model uses denoised fuzzy entropy extracted from vibration
acceleration signals as the degradation feature and was validated on
full-life rolling-bearing data from the University of Cincinnati.

4.8. Summary

Beyond the strict QDNN families above, closely related hybrid
quantum-classical prognostics models are also beginning to appear. For
example, Soon et al. (2025) proposed a quantum-enhanced ensemble
for battery SoH forecasting under varying discharge loads, combining
quantum support vector regression, a classical GRU, and Gaussian
Process Regression. Although such an ensemble is not a pure QDNN
in the architectural sense adopted in this review, it is relevant because
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Table 4
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Representative QDNN studies relevant to prognostics and PHM. Reported qubit count is included when explicitly stated in the source paper; N/R denotes not
explicitly reported. In the implementation column, “no hw.” indicates that no hardware-level result was reported, even if the study is conceptually hardware-

compatible.
Ref. Architecture PHM task Dataset Qubits  Impl. Primary metrics Baseline(s) Contribution
Silva and Hybrid PQC feature  Bearing health-state MFPT ball-bearing 5 no hw. Accuracy; cross-entropy Proof-of-concept setting Early PHM-oriented hybrid
Droguett (2022)  extractor + classical  diagnosis dataset quantum/classical demonstration using
classifier five angle-encoded handcrafted features
Ngo et al. Feedforward QNN Battery capacity NASA battery dataset N/R Qulacs sim. RMSE; MAPE Limited classical Shallow angle-encoded QNN models
(2023) regressor degradation/SoH- comparison nonlinear battery capacity-aging
related regression trajectories on a simulator
Wang et al. Embedding-layer PEMFC stack RUL IEEE PHM 2014 PEMFC  N/R no hw. RUL accuracy; absolute Classical LSTM-family Feature compression plus transfer learning
(2024) QLSTM with transfer prediction (FC1, FC2) error; transferability predictors improves cross-stack PEMFC prognostics
learning
Tsurkan et al. HQRNN Turbofan RUL NASA C-MAPSS 4 no hw. RMSE; MAE; parameter RF, LASSO, SVM, KNR, Hybrid quantum recurrent model improves
(2025) prediction count GB, MLP, CNN, stacked over simple classical baselines while
LSTM remaining below some advanced joint
classical architectures
Xiang et al. QWGRUNN Bearing University of Cincinnati N/R no hw. Prediction accuracy; Classical GRUNN Faster convergence and improved
(2018) degradation-trend full-life rolling-bearing convergence speed; degradation-trend prediction compared
prediction data computation time with GRUNN
Liang et al. QCNN Battery stochastic CALCE, TJU, XJTU, MIT N/R cloud-comp.; R? ; RMSE; parameter MLP, CNN, recurrent Compact 39-parameter QCNN with strong
(2025) SoH estimation no hw. count baselines SoH estimation across heterogeneous
battery datasets
Zaid et al. SAA-QCNN Aircraft-engine RUL NASA C-MAPSS N/R no hw. Comparative forecasting Conventional deep RUL Conference proof-of-concept combining
(2024) prediction performance baselines siamese quantum convolution and
attention for aircraft-engine prognostics
Liu et al. (2025) EQNN + PCA-VAE Bearing RUL IEEE PHM N/R no hw. RUL prediction accuracy; Existing RUL prediction Combines dynamic complexity entropy,
health-index prediction 2012/PRONOSTIA comparative performance methods latent health-index construction, and
construction EQNN for bearing RUL prediction
Y. Chen et al. QREDNN Rotating-machinery University of Cincinnati N/R no hw. Prediction accuracy; Existing trend-prediction ~ Uses denoised fuzzy entropy and a
(2020) degradation-trend rolling-bearing full-life computational cost; methods recurrent-attention quantum architecture
prediction vibration data generalization for compact degradation forecasting
Lee et al. (2025) Hybrid QNN-GPR Battery SoH NASA battery aging N/R no hw. Prediction error; Classical GPR and neural Feedforward quantum feature learning
estimation datasets probabilistic refinement predictors followed by probabilistic regression for
data-constrained SoH forecasting
Soon et al. Quantum-enhanced Battery SoH NASA battery datasets N/R no hw. Average prediction error; Conventional ML and Illustrates expansion from pure QDNN
(2025) ensemble (QSVR + forecasting under correlation recurrent baselines blocks toward heterogeneous
GRU + GPR) varying loads quantum-—classical ensembles

it shows that PHM-oriented quantum learning is expanding beyond
standalone PQC layers toward more heterogeneous quantum-—classical
compositions.

Table 4 summarizes the quantum and hybrid DNN structures that
have been presented so far, applied to prognostics. A direct quantitative
comparison across the studies in Table 4 remains difficult because
the datasets differ substantially in modality, realism, scale, and target
definition. For instance, NASA C-MAPSS is a widely used benchmark
for multivariate RUL prediction and enables relatively standardized
algorithmic comparison, but it is simulated and therefore does not
fully capture all forms of sensor non-idealities and real operational
variability. PRONOSTIA and XJTU-SY provide real bearing degradation
trajectories and are therefore valuable for studying degradation trends
and run-to-failure prediction under experimental conditions, but they
remain component-specific and comparatively limited in scale. Public
battery-aging datasets, such as NASA, CALCE, and Oxford, are highly
relevant for SoH/RUL studies, yet they differ in chemistry, proto-
col, and end-of-life definitions, which complicates strict cross-paper
comparison. Consequently, claims regarding superiority of one QDNN
family over another should be interpreted with caution unless they are
established under a common dataset, target definition, preprocessing
pipeline, and baseline-tuning protocol.

It is important to note that contemporary classical models remain
highly competitive and, in many cases, more accurate than current
QDNNs . For battery prognostics, recent classical hybrid models such as
BiGRU-Transformer and hybrid attention-based networks report strong
accuracy, robustness, and generalization on public aging datasets (Jia
et al, 2023; Zhao et al, 2023). In PEMFC prognostics, a recent
transformer-based study reported coefficients of determination of 97%
and 99% for two stacks (Giirsoy, 2025). For rolling-bearing RUL pre-
diction, a TCN-Transformer model reduced RMSE and MAE by 14.62%
and 9.26%, respectively, while improving SCORE by 13.04% (Jin et al.,
2025). Even within the quantum literature, the recent HQRNN study
on C-MAPSS improves over stacked LSTM and other conventional
baselines, yet explicitly remains below some advanced joint classical
architectures (Tsurkan et al., 2025). Therefore, the most justifiable
present interpretation is that QDNNs are promising mainly for com-
pactness, parameter efficiency, hybrid composability, and possible
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small-data benefits, rather than for uniform dominance in absolute
predictive accuracy.

5. Standing challenges in quantum prognostics

As of today, Quantum prognostics is best viewed as a NISQ-era
instantiation of variational quantum machine learning for multivariate,
sequential, and often safety-critical reliability data. It is attractive due
to compact parameterizations, expressive feature maps, and inherently
probabilistic outputs. The latter must be weighed against bottlenecks
that are more severe than in many small QML benchmarks. In PHM, en-
coding, trainability, noise, runtime, and evaluation protocol are tightly
coupled, in that the choice of data interface shapes the effective hy-
pothesis class; noise and finite-shot estimation perturb optimization;
and weak benchmarking can obscure whether an observed gain comes
from the quantum component, the classical preprocessing, or simply
unequal model-selection effort (Preskill, 2018; Cerezo et al., 2021; H.-
Y. Huang et al., 2021). The following subsections summarize the main
existing challenges to scalable, reproducible, and practically useful
quantum-enhanced PHM.

5.1. NISQ hardware constraints and system-level feasibility

Most published quantum prognostics models are designed for Noisy
Intermediate-Scale Quantum (NISQ) processors, where limited coher-
ence times, imperfect two-qubit gates, readout errors, crosstalk, and
restricted qubit connectivity constrain both circuit depth and qubit
layout (Preskill, 2018; Cerezo et al., 2021). These hardware-level limi-
tations are especially acute for PHM because many target problems are
sequential, in that, QRNN/QLSTM cells, attention blocks, and repeated
data re-uploading can require numerous circuit evaluations per sample
and repeated measurements across time. Even when an individual
circuit is shallow, the cumulative cost of state preparation, repeated
shots, transpilation to hardware-native gates, and classical outer-loop
optimization may dominate runtime. As a result, most current studies
remain (non-quantum) simulator-based or limited to few-qubit proof-
of-concepts, and the gap between algorithmic feasibility and deploy-
able industrial inference remains substantial. For operational PHM,
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additional system-level constraints must also be considered, including
latency of remote QPU access, calibration drift across acquisition cy-
cles, and the need for stable performance under real-time monitoring
conditions (Matsuo et al., 2022; Shaydulin et al., 2023).

5.2. Data interface and encoding bottlenecks for high-dimensional sensor
streams

The data interface is arguably the central bottleneck in practical
quantum prognostics. PHM datasets such as NASA C-MAPSS, PRONOS-
TIA, XJTU-SY, and public battery degradation datasets are high-
dimensional, multivariate, and sequential; mapping them into n-qubit
states therefore requires design choices that determine both expressiv-
ity and feasibility. In supervised QML, this is not a peripheral issue in
that, the encoding largely defines the effective feature space and, in
many settings, the resulting model is best understood through a kernel
perspective (Schuld, 2021, 2022). Angle and phase encodings are
attractive on NISQ hardware because they are shallow and hardware-
friendly, but they scale linearly with feature dimension and therefore
often require classical compression, windowing, or handcrafted health
indicators before quantum processing. More compact encodings, such
as amplitude encoding, are qubit-efficient in principle but can incur
substantial state-preparation overhead. Data re-uploading and entan-
gling feature maps can increase expressive power, yet they also deepen
circuits and can worsen trainability (Pérez-Salinas et al., 2020; Havlicek
et al., 2019). For PHM, this creates a methodological tension in that, if
most of the degradation structure is already extracted by classical pre-
processing, any observed gain becomes difficult to attribute specifically
to the quantum component (H.-Y. Huang et al., 2021).

5.3. Training instability: barren plateaus, noise, and shot-limited gradients

Hybrid training of PQCs is sensitive to optimization pathologies.
Barren plateaus (exponentially vanishing gradients) can occur for deep
or poorly structured ansatze, making convergence slow or unreli-
able (McClean et al., 2018; Cerezo et al., 2022). Moreover, realistic
noise can further suppress gradients and amplify optimization variance,
while finite-shot estimation injects stochasticity into both loss values
and gradient estimates. For sequence models, the challenge compounds
in that backpropagation-through-time translates into repeated circuit
evaluations across timesteps, multiplying shot cost and sensitivity to
noise. Thus, trainability constraints often force shallow circuits and
small models, limiting the ability to represent long-horizon degradation
dynamics.

Although a dedicated PHM-specific optimizer benchmark for
QDNNSs is not yet available, empirical QML studies provide a use-
ful practical guide. On ideal or mildly noisy simulators, Adam- or
AMSGrad-type updates combined with analytic or SPSA-based gradi-
ents often converge faster and to lower losses than standard SPSA.
Under shot noise and noisy backends, however, SPSA remains attrac-
tive because it requires only two objective evaluations per update,
irrespective of parameter dimension, and therefore scales more favor-
ably when circuit evaluation is expensive (Wiedmann et al., 2023;
Spall, 1992). For PHM, this trade-off becomes concrete: feedforward
or QCNN models trained on short windows can often exploit Adam-
like optimizers on simulator-based gradients, whereas long-sequence
QRNN/QLSTM models and hardware-in-the-loop execution may prefer
SPSA-like methods to control the circuit-evaluation budget. Barren
plateaus further complicate this choice, especially for long temporal
contexts or deeper ansétze, because gradient variance can decay rapidly
with system size and noise (McClean et al., 2018; Cerezo et al., 2022).

Table 5 presents optimizer selection rationale for different kinds of
PHM oriented QDNNs scenarios that are generally possible.
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5.4. Error mitigation overhead and the accuracy-runtime trade-off

Meaningful learning on near-term hardware often requires error-
mitigation techniques such as readout-error mitigation, zero-noise ex-
trapolation, probabilistic error cancellation, or symmetry-based post-
selection (Endo et al., 2021; Cai et al., 2023). These methods can
substantially improve the fidelity of measured expectation values, but
they introduce a nontrivial accuracy-runtime trade-off: many miti-
gation strategies amplify sampling variance, increase the number of
circuit executions, or require additional calibration experiments. In a
PHM context, this overhead matters on two fronts. During training, mit-
igation can slow every loss or gradient evaluation and alter optimizer
behavior through higher-variance estimates. During deployment, it can
compromise the low-latency inference demanded by online monitoring,
control, or edge-device settings. Consequently, the relevant question is
not only whether mitigation improves predictive accuracy, but whether
the improvement persists once shot budget, wall-clock time, and oper-
ational reliability are treated as part of the PHM objective (Endo et al.,
2021; Cai et al., 2023).

5.5. Benchmarking and reproducibility

A major obstacle to credible claims in quantum prognostics is the
absence of standardized benchmarking and reporting. Current studies
vary widely in data splits, target definitions, leakage control, prepro-
cessing pipelines, shot budgets, noise models, transpilation settings,
optimizer choices, and the strength of classical baselines. This makes
cross-paper comparison unreliable, even before accounting for whether
a model was evaluated on noiseless simulators, noisy simulators, or
real hardware. The need for careful benchmarking is not unique to
PHM: recent QML benchmark studies on standard datasets have shown
that outcomes can be highly sensitive to feature-map choice, hyper-
parameterization, and baseline fairness, and that additional quantum
cost does not automatically translate into better generalization (H.-Y.
Huang et al., 2021; Alvarez-Estevez, 2025). For PHM, reproducibility
additionally requires domain-specific reporting items such as the run-
to-failure split protocol, operating-condition shift, uncertainty metrics,
shot budget, noise model, and wall-clock cost per forecast. Without
such standards, it remains difficult to determine whether reported gains
reflect genuine methodological progress or experimental confounding.

5.6. Defining and demonstrating “quantum advantage” in PHM tasks

Even when a quantum or hybrid model improves accuracy on a
benchmark, a rigorous claim of advantage is subtle and debatable.
A central difficulty in quantum prognostics is that quantum advan-
tage is not a single, universally accepted notion. In the PHM set-
ting, advantage may refer to at least five distinct aspects: (i) pre-
dictive advantage, i.e., lower RMSE/MAE or higher R?> on held-out
data; (ii) sample-efficiency advantage, i.e., attaining comparable pre-
dictive quality from fewer run-to-failure trajectories or fewer labeled
degradation histories; (iii) model-efficiency advantage, i.e., achiev-
ing comparable performance with fewer trainable parameters or a
more compact latent representation; (iv) computational advantage,
i.e., lower time-to-solution, runtime, or energy cost under comparable
resource accounting; and (v) reliability-oriented advantage, i.e., im-
proved robustness, calibration, or stability under noise and domain
shift. Accordingly, a claim of advantage is scientifically meaningful
only when the specific notion of advantage is made explicit and the
comparison is conducted against carefully tuned classical baselines
under matched preprocessing, hyperparameter effort, and evaluation
protocol. This distinction is particularly important in QML because
improved performance on a learning task does not automatically imply
a genuine quantum computational advantage. In data-driven settings,
apparent gains may arise from confounding factors such as stronger
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Table 5
Optimizer-selection for representative PHM-oriented QDNN scenarios.
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Representative PHM scenario Dominant bottleneck

Optimizer preference

Rationale

Short-window
feedforward/QCNN regression
on simulators

Smooth optimization,
moderate parameter count

Adam/AMSGrad +
parameter-shift

Exact or low-variance gradients are available;
fast convergence is usually more important than
minimizing the number of objective evaluations.

Long-sequence QRNN/QLSTM
training (e.g., C-MAPSS or
battery-cycle histories)

Repeated circuit evaluations
across timesteps

Adam/AMSGrad with truncated
sequences and shallow circuits

Stable gradient accumulation is helpful early in
training, but the total circuit-evaluation cost
grows quickly with sequence length and circuit
size.

Measurement variance and
expensive gradient estimation

Noisy hardware or
shot-limited execution

SPSA or other two-point
stochastic methods

Requires only two loss evaluations per update,
independent of parameter dimension; often more
practical when shot cost dominates.

Distribution shift between
ideal and noisy execution

Simulator-to-hardware transfer

Warm-start with Adam on
simulator, then SPSA-style
fine-tuning on hardware

A practical compromise: low-noise pretraining
accelerates convergence, while stochastic
fine-tuning adapts more robustly to hardware
noise.

classical preprocessing, different model capacities, unequal hyperpa-
rameter budgets, or differences in evaluation setup. Moreover, the large
Hilbert-space dimension of an n-qubit state should not be conflated
with practical learning advantage. In the absence of careful benchmark-
ing, statements such as “more expressive” or “higher-dimensional”
remain insufficient to establish superiority over strong classical alter-
natives. Viewed through this lens, the current PHM literature provides
encouraging but still task-specific evidence rather than a conclusive
demonstration of quantum advantage. Several reviewed studies report
competitive predictive performance with reduced parameter count or
compact circuit structure, which may be interpreted as early evidence
of model-efficiency advantage under specific encodings and datasets.
Other studies suggest improved robustness or transfer behavior, which
may be viewed as tentative reliability-oriented gains. However, there
is currently no broadly accepted PHM study demonstrating end-to-end
computational quantum advantage under matched classical baselines
and comparable hardware-level resource accounting. A rigorous future
benchmark for quantum prognostics should therefore report, at mini-
mum, the task definition, dataset split protocol, preprocessing pipeline,
quantum and classical model capacities, hyperparameter search budget,
shot budget, runtime or wall-clock cost, and uncertainty or robustness
metrics whenever relevant.

5.7. PHM-specific requirements: uncertainty and interpretability

PHM decisions are safety and cost-critical, so point predictions alone
are insufficient. Models must provide calibrated uncertainty (prediction
intervals or distributions), behave robustly under operating-condition
shifts, and be testable in failure analysis. Quantum models naturally
produce measurement distributions, but converting these into cali-
brated epistemic/aleatoric uncertainty for RUL/SoH and validating
reliability under shift remains largely open.

Interpretability is particularly challenging in QDNN-based PHM
because the internal representation is a quantum state rather than a di-
rectly inspectable feature vector. Intermediate amplitudes are not fully
observable without state tomography, measurement itself is stochas-
tic and potentially destructive, and entanglement induces nonlocal
correlations that make single-feature attribution less straightforward
than in classical models. As a result, explanations based only on final
expectation values can obscure how information from different sensors,
timesteps, or operating regimes is actually combined inside the circuit.
Recent QML work has begun to adapt classical explainability tools to
this setting, including local explanation methods such as Q-LIME and
feature-based or example-based interpretation strategies for QNNs (Pira
and Ferrie, 2024; Tian and Yang, 2024). However, these methods have
not yet been systematically translated to PHM-oriented tasks. This
limitation matters more in PHM than in many generic benchmarking
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problems because maintenance decisions are safety- and cost-critical. A
useful explanation in PHM should ideally answer at least four questions:
which measurements or operating conditions drove the prediction,
whether the explanation is consistent with known degradation mecha-
nisms, how reliable the prediction is under uncertainty or distribution
shift, and what action should follow operationally. Consequently, inter-
pretability in quantum PHM is not only about feature attribution, but
also about traceability to physical mechanisms, trust calibration, and
compatibility with engineering failure analysis.

5.8. Resource estimation and long horizon temporal modeling

Resource estimation remains underdeveloped in quantum prognos-
tics. A meaningful estimate should include not only qubit count and
circuit depth, but also the number of measurements required per loss
or gradient evaluation, the cost of gradient estimation, transpilation
overhead, and the classical optimization loop (Cerezo et al., 2021).
At present, the literature rarely presents scaling laws that relate these
resources to dataset size, prediction horizon, or target accuracy, making
near-term feasibility hard to assess beyond proof-of-concept settings.
This is particularly problematic for PHM because degradation trajec-
tories in batteries, turbines, and fuel cells often span hundreds to
thousands of timesteps. Existing quantum recurrent and attention-based
models therefore rely on truncated windows, compressed embeddings,
or shallow temporal modules rather than full long-context sequence
modeling (Bausch, 2020; Li et al., 2023). Developing temporally ef-
ficient architectures, whether through structured recurrence, local at-
tention, tensor-network compression, or problem-informed memory
mechanisms, remains a prerequisite for applying quantum models to
realistic long-horizon prognostics.

6. Emerging opportunities and future directions

Despite the challenges discussed in Section 5, quantum prognostics
remains a scientifically fertile area because the field is still at an early
stage of co-evolution between hardware capability, model design, and
PHM evaluation practice. In the near term, the most credible advances
are unlikely to come from wholesale replacement of classical PHM
pipelines by fully quantum ones. Rather, progress is more likely to arise
from co-designed hybrid workflows in which the quantum component,
the PHM task, and the benchmarking protocol are matched deliberately
to one another. In the longer term, continued progress in logical qubits
and fault-tolerant architectures may open qualitatively different algo-
rithmic regimes, but the relevance of those regimes to PHM will still
depend on whether they improve practically meaningful quantities such
as forecasting accuracy, uncertainty quality, robustness under shift,
and inference feasibility. The following directions appear especially
consequential for moving quantum prognostics from proof-of-concept
studies toward deployable methodology (Preskill, 2018; Cerezo et al.,
2021; Bharti et al., 2022; Salinas-Camus et al., 2025).
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6.1. Hardware progress and the path to fault tolerance

From a PHM standpoint, the most relevant hardware quantity is not
merely the number of physical qubits, but the amount of reliable logical
computation that can be executed per prediction. Recent advances
in quantum error correction, including the demonstration that logical
performance can improve with increasing surface-code distance and the
more recent observation of below-threshold logical memories, indicate
that the field is beginning to transition from isolated NISQ demon-
strations toward early fault-tolerant operation (Google Quantum Al,
2023; Google Quantum AI and Collaborators, 2025). If this trajectory
continues, quantum prognostics could eventually exploit circuit depths
and memory mechanisms that are currently inaccessible, including
deeper temporal models, repeated mid-circuit measurements with feed-
forward control, and coherent latent memory across multiple sensing
windows.

For PHM, such progress would be especially relevant to tasks that
are currently depth-limited, such as long-context degradation fore-
casting, multi-sensor temporal fusion, or uncertainty-aware sequence
modeling. However, the existence of better logical qubits does not
automatically imply a practical advantage for PHM. What will matter
is whether the additional reliable depth can be converted into better
predictive quality, better-calibrated uncertainty, or more informative
decision support under realistic latency and cost constraints. Thus, a
key future research question is not only how hardware improves, but
which PHM subroutines would genuinely benefit from the transition
from shallow NISQ circuits to logically protected computation.

6.2. Hybrid design patterns

The most promising near-term direction remains principled hy-
bridization. In practice, the relevant design question is not whether to
use a quantum model somewhere in the PHM pipeline, but where to
place a quantum subroutine so that it contributes the most value per
qubit, per shot, and per unit runtime. Several insertion points appear
particularly plausible: (i) quantum feature-map or kernel layers for non-
linear sensor fusion; (ii) compact recurrent or attention-style quantum
blocks for temporally compressed sequence encoding; (iii) quantum
autoencoding bottlenecks for anomaly detection and latent health-
indicator construction; and (iv) probabilistic or generative quantum
modules for rare-fault augmentation and density modeling. The com-
mon principle is selective use of quantum resources at the stages where
classical models are either parameter-hungry, weakly calibrated, or
sensitive to small-data regimes (Cerezo et al., 2021; Bharti et al., 2022;
H.-Y. Huang et al., 2021).

This modular perspective is also more scientifically testable than
end-to-end claims of superiority. It naturally supports ablation studies
in which the quantum block is inserted, removed, or repositioned while
keeping the rest of the PHM pipeline fixed. More broadly, recent task-
specific demonstrations outside PHM suggest that targeted quantum
subroutines are more plausible than wholesale replacement of mature
classical architectures, especially when the quantum component is
aligned with the structure of the underlying learning problem (Yin
et al, 2025). A major research opportunity is therefore to derive
theory- and hardware-guided rules for hybrid placement: for example,
determining when a quantum feature map is more useful than a quan-
tum temporal block, or when a probabilistic classical head should be
preferred after a quantum latent representation.

6.3. Beyond current PQC-centric QDNNs

Although the present review focuses on PQC-based QDNNs and
closely related hybrid models currently explored in PHM, several ad-
jacent directions deserve explicit attention because they may shape the
next stage of quantum-enhanced prognostics.
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A first direction, evidently, is the development of fully quantum
models, in which the data transformation and learning pipeline are
implemented as entirely quantum operations, with minimal reliance
on classical hidden layers or classical post-processing. Recent work has
begun to explore fully quantum neural architectures trained through
fidelity-driven objectives and quantum-native gradient surrogates
(Ewald, 2025). While such approaches remain early-stage and are cur-
rently demonstrated on small benchmark tasks, they are conceptually
important because they probe the limit of how much of the learning
stack can migrate from hybrid to genuinely quantum execution.

A second direction in this area concerns tensor-network-based quan-
tum learning. Tensor networks such as matrix product states, tree tensor
networks, and MERA provide structured low-entanglement representa-
tions that can be mapped naturally to quantum circuits (Rieser et al.,
2023). Their relevance to PHM is potentially high: long degradation
trajectories and multiscale sensor dependencies often demand compres-
sion, locality, and controllable correlation structure, all of which are
natural strengths of tensor-network models.

A third potential direction is quantum reinforcement learning
(QRL). While QRL is not primarily a direct RUL predictor, it is highly
relevant to the decision layer of PHM, where the objective is not only
to estimate health but also to optimize maintenance scheduling, inspec-
tion timing, sensing policy, or control actions under uncertainty. Since
PHM is increasingly viewed as a coupled design—-development-decision
process, QRL may eventually become relevant at the interface between
prognostics and maintenance decision-making (Hu et al., 2022; Wu
et al., 2025).

Finally, quantum diffusion models constitute a promising generative
direction beyond QGANSs. Diffusion-based generative models are attrac-
tive because they often provide more stable training than adversarial
methods, and early quantum versions have already been explored for
few-shot learning and image generation (Wang et al., 2025; J. Zhang
et al., 2025). In the PHM context, such models could become relevant
for synthetic degradation generation, rare-fault data augmentation, or
learning latent health distributions under limited labeled data.

6.4. Quantum generative modeling for rare-fault data and unsupervised
monitoring

Generative modeling aligns naturally with PHM needs because la-
beled failure data are scarce and failure modes are diverse. Although di-
rect applications of quantum generative models to PHM remain limited,
their relevance becomes clearer when viewed through the roles already
played by classical generative models in PHM. In the classical literature,
generative and reconstruction-based models are mainly used in three
ways: (i) for anomaly detection, by learning the distribution of healthy
operation and flagging low-likelihood or poorly reconstructed obser-
vations; (ii) for latent health representation learning, by compressing
high-dimensional sensor measurements into lower-dimensional indica-
tors that can later be used for degradation monitoring or prognostics;
and (iii) for data augmentation, especially when failure trajectories are
scarce, imbalanced, or costly to acquire. Quantum generative models
inherit these same potential roles. Consequently, even when direct
prognostics demonstrations are still sparse, their PHM relevance should
be evaluated according to whether they can improve density model-
ing, reconstruction fidelity, latent-state compactness, or data efficiency
under realistic sensor and hardware constraints.

Direct applications of QBMs to PHM tasks are still nascent. In the
PHM context, the most plausible near-term role of a QBM is therefore
not yet long-horizon RUL regression, but rather probabilistic modeling
of normal and abnormal operating regimes. Such a model could, in
principle, assign low probability to emerging degradation patterns be-
fore failure labels become available, thereby supporting early-warning
anomaly detection or health-state discrimination. Hence, QBMs should
currently be viewed as an early-stage probabilistic modeling direction
for PHM rather than as a mature prognostic tool.
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At the time of writing, no published study has specifically applied a
QGAN to a PHM dataset. For PHM, QGANs could be used to augment
scarce fault data (by generating synthetic sensor signals for rare failure
modes) or to perform anomaly detection by learning the distribution
of normal system behavior and identifying out-of-distribution samples.
The major role of QGANS is likely to arise in rare-fault and imbalanced-
data regimes. In such cases, the objective is not merely to generate
plausible signals, but to improve downstream diagnosis or prognostics
by enriching under-represented degradation patterns. This is directly
analogous to the role played by classical adversarial models for fault-
data augmentation and anomaly detection. However, until QGANSs are
evaluated on standard PHM datasets with explicit downstream gains
in SoH/RUL estimation or fault detection, their value for prognostics
should be regarded as promising but still preliminary. The potential
use-cases here are numerous. One likely application is data augmenta-
tion for predictive maintenance: QGANs can generate realistic synthetic
sensor signals to supplement limited real failure examples. (In classical
PHM, GAN-based augmentation has been used to create additional
vibration signals for rare gearbox faults, for example. A QGAN could
fulfill a similar role with possibly better fidelity or requiring fewer
training samples.) Indeed, recent research on QGANs for data aug-
mentation in other fields shows promising results. Herr et al. (2021)
and Hammami et al. (2025) provide early evidence that quantum
generative-adversarial approaches can detect anomalies comparably
(or even superiorly) to classical methods. The key contributions of
these works are showing how to integrate quantum generators into
anomaly detection pipelines and illustrating the parameter efficiency
and stability benefits. As quantum hardware scales, one can anticipate
seeing QGANs applied to PHM use-cases such as tool wear monitoring,
where they could generate tool-failure signals to train predictors, or
to semi-supervised fault detection where the QGAN learns the nominal
equipment behavior and flags deviations. The field is poised for growth,
with QGANSs offering a novel way to model the probabilistic patterns
of machine health data in a quantum-enhanced manner.

6.5. QBILSTM for prognostics

Beyond unidirectional QLSTMs, Wang et al. (2023) proposed a
QBiLSTM with attention to capture dependencies in both temporal
directions, for sequence classification in a different domain (adverse
drug reaction detection), an approach yet to be explored for prognostics
tasks. By leveraging information from both directions in the sequence,
this bidirectional quantum model improved detection accuracy over
a classical BiLSTM. While QBiLSTM architectures have not yet been
applied to prognostics, they present an immediate opportunity to model
degradation processes that have temporal dependencies in both direc-
tions (for instance, when future operating conditions might influence
the interpretation of past degradation). Implementing such quantum
bidirectional networks for SoH forecasting especially in a multiple steps
ahead manner, is yet to be explored.

On the other hand, while QBiLSTM-style models may be useful
for offline degradation assessment, retrospective sequence labeling, or
fixed-window health-state inference, their role in online causal RUL
prediction is less direct because future context is not available at
inference time. Exploring how bidirectional quantum sequence models
can be adapted to sliding-window or retrospective PHM tasks therefore
remains an open research direction.

6.6. QCNNs and hybrid ensembles for prognostics

Xu et al. (2024) proposed the QConvLSTM, embedding quantum
convolutional filters within LSTM cells; although validated on Moving-
MNIST data, the concept readily extends to RUL prediction through
joint spatial-temporal encoding. When combined with quantum recur-
rent or classical modules, as in QCNN-QLSTM or hybrid ensembles,
they unify local feature extraction, temporal modeling, and classical
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numerical stability, providing a compact and interpretable framework
for industrial prognostics. A recent work in the classical domain (Jha
et al., 2025), has shown the effectiveness of such an approach for long
term prognostics.

6.7. QVAE;s for prognostics

Among the quantum generative families reviewed here, autoencoder
type models presently appear to be the most mature from a PHM stand-
point. The reason is that their objective aligns naturally with a central
PHM need: extracting compact latent structure from high-dimensional
sensor data while preserving degradation-relevant information. This
makes QAEs and QVAEs particularly attractive for anomaly detection,
health-indicator construction, and unsupervised representation learn-
ing. By contrast, QBMs and QGANs remain at an earlier stage, with
fewer direct PHM demonstrations and less standardized evaluation.
However, there are only two existing works that involve QVAE for
PHM. Of the two, Sakhnenko et al. (2022) demonstrates the success of a
QAE on gas turbine data and is a strong proof-of-concept that quantum
autoencoders are viable for real-world predictive maintenance. There
are multiple potential possibilities here including extension of quantum
autoencoder techniques to other PHM settings: for instance, a QVAE
could be trained on normal vibration signals of a rotating machine
and then used to detect anomalous vibration patterns indicating an
impending bearing failure (much like classical VAEs have been used).
Another possibility is using QVAE-derived latent features as health
indicators for RUL prediction - i.e. compressing each time-step of a
degradation process into a quantum latent vector and then modeling
the trajectory of that latent vector over time to predict when it crosses a
failure threshold (like in the classical unsupervised/supervised case de
Beaulieu et al., 2022a, 2024). No published work has accomplished this
yet, but it is an intriguing direction given that classical autoencoder-
based health indices are common in RUL literature. QAEs offer a route
to combine classical sensor data with quantum computing in a hybrid
model that can be deployed on NISQ machines. As larger quantum
computers become available, one could envision full QVAEs where
both encoder and decoder are quantum, potentially encoding richer
probability distributions over the latent space.

6.8. QBM:s for probabilistic generative modeling

As noted earlier, no peer-reviewed study has yet established QBMs
as a mature tool for machinery prognostics. Nevertheless, they remain
an intellectually important direction because they address a different
objective from most current PHM QDNNs: “probabilistic modeling
of operating regimes” rather than direct point prediction. Since a
QBM represents a Gibbs state of a trainable Hamiltonian, it can in
principle capture correlated healthy and degraded behaviors through
non-commuting interactions and quantum correlations that are absent
from simpler classical energy-based priors (Amin et al., 2018; Kieferova
and Wiebe, 2017; Zoufal et al., 2021). In PHM, this makes QBMs partic-
ularly attractive for density estimation of nominal behavior, anomaly
scoring via low-likelihood regions, and latent probabilistic modeling of
rare degradation states.

At the same time, the main obstacle is computational rather than
conceptual. QBM training requires repeated estimation of model expec-
tations and partition-function-related quantities, which remains expen-
sive even in small systems and becomes substantially more demanding
on near-term hardware (Kieferova and Wiebe, 2017; Zoufal et al.,
2021; Coopmans and Benedetti, 2024). Consequently, the most realistic
near-term PHM role of QBMs is likely as compact probabilistic models
of normal versus abnormal regimes, rather than as full long-horizon
predictors of RUL. A critical next step for the field would be the first
dedicated PHM case studies in which QBMs are evaluated not only by
detection accuracy, but also by likelihood-based criteria, calibration,
and comparison against strong classical generative baselines.



M.S. Jha et al.

6.9. Encoding and physics informed feature-map design

Encoding is not a mere implementation detail; it largely determines
the effective hypothesis class of the quantum model. A major future
opportunity is therefore to move beyond generic embeddings toward
problem-structured feature maps tailored to PHM. For prognostics,
relevant structure includes monotonic health evolution, periodicity and
harmonics in rotating machinery, regime-dependent dynamics, cross-
sensor coupling, and multiscale temporal signatures. This direction is
consistent with broader results in QML showing that generalization and
practical model behavior depend strongly on how classical data are
embedded into the circuit (Caro et al., 2021; Schuld, 2022; Havlicek
et al., 2019; Abbas et al., 2021). In other words, for PHM, encoding
design should be viewed as part of the model itself rather than as a
preliminary technical step.

A second, closely related direction is the development of physics-
informed quantum models. In condition monitoring and reliability
more broadly, physics-informed machine learning has already shown
that incorporating governing structure, expert constraints, or mechanis-
tic priors can improve robustness and interpretability (Wu et al., 2024).
By contrast, physics-informed QML remains embryonic and has so far
been explored mainly in PDE-oriented settings, where hybrid quantum—
classical PINN-type models have recently begun to appear (Berger
et al., 2025). Translating this philosophy to PHM suggests several con-
crete possibilities: embedding degradation monotonicity or operating-
envelope constraints in the loss, assigning qubit groups to physically
meaningful sensor subsets, or coupling observer-based latent variables
with PQC layers. A general framework for physics-informed quantum
prognostics is still absent, but its development could substantially
improve the trustworthiness and domain relevance of future QDNN
models.

6.10. Uncertainty-aware quantum prognostics

Uncertainty quantification is one of the most important open direc-
tions for making QDNN s relevant to PHM practice. In real deployment,
point accuracy alone is insufficient. A useful prognostic models must
provide calibrated predictive intervals or confidence bounds around
the prediction (for instance, RUL prediction), distinguishing epistemic
from aleatoric uncertainty, whilst remain trustworthy under distribu-
tion shift and changing operating conditions. Recent PHM reviews
and benchmarks increasingly emphasize that uncertainty, together with
robustness, interpretability, and feasibility, should be treated as a first-
class evaluation dimension rather than an optional add-on (Salinas-
Camus et al., 2025; Basora et al., 2025). For quantum-enhanced PHM,
this requirement is even stronger because safety-critical maintenance
decisions depend not only on the expected forecast, but also on the
confidence attached to that forecast.

Quantum models create both an opportunity and a complication.
On the one hand, measurement outputs are intrinsically probabilistic
and may offer natural access to distribution-valued predictions. On the
other hand, measurement variance, shot noise, and hardware noise
are not themselves equivalent to predictive uncertainty about future
degradation. A major research problem is therefore to separate useful
uncertainty about asset health from variability induced by finite sam-
pling or imperfect hardware. Emerging QML work has begun to adapt
Bayesian, dropout, and ensemble-style uncertainty methods to hybrid
quantum-classical models (Wendlinger et al., 2025). The next PHM-
specific step is to translate these ideas into actionable outputs such as
calibrated RUL intervals, anomaly-risk scores, and decision thresholds,
and to evaluate them with metrics that matter operationally, includ-
ing calibration error, interval coverage, sharpness, and cost-sensitive
maintenance utility.
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6.11. Interpretable and trustworthy quantum prognostics

A major future direction is the development of interpretable and
trustworthy quantum prognostics pipelines. One promising route is to
move beyond purely post-hoc explanation and instead design circuits
whose structure already reflects PHM priors, for example by assign-
ing qubit groups to sensor subsets, degradation stages, or operating
regimes. Another route is to develop explanation methods directly
at the level of observables, qubit groups, and entangling blocks, so
that prediction-relevant interactions can be related back to physical
degradation mechanisms. Such methods could be combined with coun-
terfactual analyses (e.g., how the prediction changes if a sensor trend is
removed), concept-bottleneck health indicators, or physics-constrained
anséitze.

For PHM deployment, interpretability should also be coupled with
uncertainty and decision relevance. A transparent QDNN should not
only indicate which measurements mattered, but also communicate
whether the prediction is stable under realistic perturbations, missing
data, or hardware noise, and whether the explanation aligns with
known failure signatures. Developing such trustworthy quantum PHM
models will likely require joint advances in circuit design, explainabil-
ity, calibration, and human-centered maintenance analytics.

6.12. Toward a prognostics oriented metrics for quantum advantage evalu-
ation

Unlike the prognostics metrics as established in Saxena et al. (2008),
specifically designed to assess the efficiency of prognostics process and
prediction accuracy, there are currently no existing metrics to assess
the so called quantum advantage in the area of quantum prognostics.
As such, this presents an important possibility.

Here, we discuss, in a very general manner, some standing possibil-
ities in this direction toward establishing such metrics that can assess
the quantum advantage. In this context, we believe that a useful future
benchmark for quantum prognostics should move beyond broad quali-
tative claims and adopt a PHM-oriented metric for quantum advantage.
In our view, the most informative formulation is vector-valued rather
than scalar:

AQPHM = (Apred’ Aunc’ Amodel’ Alat’ Arob’ Acosl) ’ (25)

where each component compares a quantum or hybrid model against a
strong, carefully tuned classical baseline under matched preprocessing
and evaluation conditions. For example, for a regression task one may
define

inf
Tian’ Arop = l_j_Q’
TC c

RMSE,

Apeg =1 - =——=,
pred RMSE,

Ay =1-— (26)
where RMSE, and RMSE denote the quantum and classical prediction
errors, T denotes per-window inference latency (including queue
overhead if cloud QPUs are used), and 4 denotes the performance
degradation under a specified perturbation such as hardware noise,
operating-condition shift, or missing data. Analogous definitions can be
used for R?, AUROC, calibration error, or coverage-based uncertainty
metrics, depending on the task.

The remaining components should capture engineering constraints
that are particularly relevant in PHM: A, may reflect trainable
parameters, qubit count, circuit depth, and shot budget; A4, may
reflect calibration quality, interval coverage, or decision-oriented risk
measures; and A, may reflect QPU time, monetary cost, or energy
cost per fixed number of inferences. We emphasize that Eq. (25) is
best interpreted as a reporting framework or benchmark dashboard, not
as a single universal number. Different PHM applications may assign
different priorities to accuracy, latency, robustness, or interpretability,
and the benchmark should reflect those priorities explicitly.

Table 6 provides in a concise manner a qualitative mapping between
the main standing challenges in Section 5 and the corresponding future
directions in Section 6.



M.S. Jha et al.

Table 6
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Mapping between the main standing challenges in Section 5 and the corresponding future directions in Section 6.

Challenge in Section 5

Matching future direction in Section 6

Example technical lever

NISQ hardware constraints and feasibility

Hardware progress and the path to
fault tolerance

Better qubit quality, deeper executable circuits,
lower calibration drift

Encoding bottlenecks for high-dimensional

sensor streams

Encoding and physics-informed
feature-map design

Problem-structured feature maps, compression
with degradation priors

Training instability, barren plateaus, and

shot-limited gradients

Hybrid design patterns

Shallow circuits, local costs, module placement,
optimizer choice

Error-mitigation overhead

Hardware progress and hybrid design
patterns

Runtime-aware mitigation, selective mitigation,
simulator-to-hardware transfer

Benchmarking and reproducibility

PHM-oriented scorecard for quantum
advantage

Standardized reporting of qubits, depth, shots,
runtime, and robustness

Uncertainty, domain shift, and
trustworthiness

Uncertainty-aware and interpretable
quantum PHM

Calibration metrics, shift tests, explainability,
decision relevance

Long-horizon temporal modeling and
resource estimation

QCNN/QLSTM hybrids, tensor
networks, and quantum transformers

Structured sequence encoders, low-entanglement
compression, sparse attention

7. Conclusions

This work presents a tutorial-style review of Quantum Deep Neural
Networks (QDNNs) for Prognostics and Health Management (PHM),
structured around the mathematical primitives of hybrid quantum
learning and the main architecture families that currently appear in
PHM: feedforward QNNs, quantum recurrent models, QCNNs, quantum
generative models, and attention-based quantum architectures. The
original contribution of the review lies in its tutorial style, cross-asset,
architecture-centered perspective. Unlike general QML surveys, the
present work jointly connects quantum learning fundamentals, QDNN
architectural design, and PHM tasks across bearings, batteries, PEMFCs,
turbofan engines, and anomaly-detection settings.

Clearly, QDNNs are scientifically relevant to PHM because their
structured quantum feature maps, entangling transformations, and
measurement-based outputs provide compact ways of modeling non-
linear couplings, temporal dynamics, and probabilistic outputs. How-
ever, the current evidence is promising but not yet definitive, in
that, several studies report competitive accuracy and reduced param-
eter count, yet the literature remains heterogeneous, dominated by
simulator-based experiments, and highly sensitive to encoding choice,
classical preprocessing, and benchmarking protocol. Further, system-
atic quantum advantage in PHM has not yet been established. In
many benchmark settings, strong classical recurrent, convolutional,
and transformer-based models still achieve equal or better predictive
accuracy.

The present review also has clear scope limitations. It focuses
primarily on PQC-based QDNNs and closely related hybrid architec-
tures; adjacent QML paradigms such as pure quantum kernel methods,
annealing-based approaches, and quantum-inspired optimization were
discussed only when directly relevant to PHM. Moreover, the available
evidence base is still too small and heterogeneous to support a formal
meta-analysis. Further, this work identifies the standing scientific chal-
lenges and proposes future research directions in a precise manner.
Future work should involve physics-aware encoding design, rigorous
comparison against strong classical baselines, reproducible hardware-
in-the-loop studies, uncertainty-aware evaluation, and resource ac-
counting in terms of qubits, circuit depth, shot budget, and runtime.
Under these conditions, QDNNs may evolve from promising exploratory
models into practically useful components of next-generation PHM
systems.

As quantum hardware continues to advance, QDNNs are expected
to evolve into practical tools for predictive maintenance, bridging the
gap between quantum computation and classical PHM community.
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