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ABSTRACT

To make predictions on the future states of engineering sys-
tems, prognostics has been increasingly relying on data-driven
models and machine learning. Recent work has also looked
at the potential of quantum machine learning to provide in-
sight on the health state of systems. Nevertheless, these ap-
proaches treated the quantum component only as a determin-
istic predictor, in fact disregarding the uncertainty informa-
tion. In this work, we propose a different approach to exploit-
ing quantum circuits in prognostics. We focus on Bayesian
learning of neural networks for Remaining Useful Life (RUL)
prediction and uncertainty quantification. Here, the quantum
circuit is introduced not as a data-driven model, but as a gen-
erator of neural network weights. Using Variational Infer-
ence, the quantum circuit can be trained to approximate the
true posterior of the classical machine learning predictor. The
overall method retains the data-processing ability of state-of-
the-art machine learning models, while exploiting the quan-
tum circuit to introduce uncertainty by sampling the model
space from a distribution that is classically nontrivial. We
validate our approach on the task of predicting the End of Dis-
charge of Li-ion batteries, using data generated from a sim-
ulator with tunable process uncertainty, and we compare the
predictions obtained through quantum sampling with those
from Flipout Bayesian neural networks, heteroscedastic neu-
ral networks and Monte Carlo Dropout. The results show that
our quantum circuits learn to approximate the weight poste-
rior and that the resulting data-driven models demonstrate ac-
curacy and uncertainty quantification that is comparable if not
superior to the baselines. Overall, our work demonstrates the
potential of quantum computing for uncertainty-aware prog-
nostics, and sets the stage for further investigations in this
area.

Giorgio Tosti Balducci et al. This is an open-access article distributed un-
der the terms of the Creative Commons Attribution 3.0 United States Li-
cense, which permits unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are credited.

1. INTRODUCTION

Prognostics is concerned with predicting the future health
state of engineering systems and, in particular, their remain-
ing useful life (RUL). Accurate RUL estimates are a prerequi-
site for condition-based maintenance decisions, enabling op-
erators to intervene before failure while avoiding unneces-
sary downtime (Sikorska, Hodkiewicz, & Ma, 2011; Lei et
al., 2018). Because prognostic predictions deals with future
events, uncertainty quantification is as important as the pre-
dictions themselves (Sankararaman & Goebel, 2015).

In order to achieve accurate and reliable RUL predictions, the
field has adopted a broad range of data-driven approaches,
also thanks to the availability of run-to-failure sensor data
(Ferreira & Gonçalves, 2022). These include the early recur-
rent neural networks (Heimes, 2008), modern deep convolu-
tional architectures (Li, Ding, & Sun, 2018) and lately atten-
tion mechanisms (Zhang et al., 2022) and physics-informed
machine learning (Shi, Rivera, & Wu, 2022).

Despite the importance of quantifying uncertainty in prognos-
tics, most machine learning techniques showcase improve-
ments in accuracy, but they do not provide uncertainty es-
timates (Salinas-Camus, Goebel, & Eleftheroglou, 2025a).
Nevertheless, the framework of Bayesian Neural Networks (Mac-
Kay, 1992) and heuristics such as Monte Carlo Dropout (Gal
& Ghahramani, 2016) and deep ensembles (Lakshminarayanan,
Pritzel, & Blundell, 2017) allow machine learning models
to predict distributions rather than single point estimates and
have seen a growing interest in PHM (Nemani et al., 2023).
Accurate uncertainty quantification depends then not only on
the expressive power of the data-driven model, but also on the
choice of the distribution used to approximate the true pos-
terior of the model’s parameters. Whereas choices such as
mean-field Gaussian distributions (Blundell, Cornebise, Ka-
vukcuoglu, & Wierstra, 2015) are simple and computation-
ally efficient, they may not be flexible enough to capture the
true posterior, which can be highly complex and multi-modal.
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In this work, we propose to use quantum circuits as a way to
represent complex distributions over the weights of a classi-
cal data-driven model. We do this in the context of Variational
Inference (Jordan, Ghahramani, Jaakkola, & Saul, 1999; Blei,
Kucukelbir, & McAuliffe, 2017), which consists in approxi-
mating the weight posterior with a tractable parametric distri-
bution and to learn its parameters within a training loop. In
our approach, a parametrized quantum circuit (PQC) defines
the shape of the variational distribution and its free param-
eters are trained to minimize the Kullback-Leibler (KL) di-
vergence with respect to the true posterior (Benedetti, Coyle,
Fiorentini, Lubasch, & Rosenkranz, 2021). A similar tech-
nique was proposed for the task of medical image diagno-
sis (Sakhnenko, Sikora, & Lorenz, 2024).

We remark that other studies have investigated the applica-
tion of quantum computing to PHM, focusing specifically on
quantum machine learning (Biamonte et al., 2017; Schuld
& Petruccione, 2021) in PHM. In particular (Maior, Araújo,
Lins, Moura, & Droguett, 2023; Martı́n Silva & López Dro-
guett, 2024) demonstrated a hybrid workflow where a quantum-
classical neural network is used to classify the health state of
bearings. However, the rationale of such an approach can
be questioned from two main standpoints. First, because the
quantum circuit is used as a deterministic predictor, no uncer-
tainty information is produced. Therefore it is impossible to
assess the reliability of the model. Second, routing condition-
monitoring data (CMD) through near-term quantum hardware
is challenging due to the constraints of current quantum de-
vices in terms of qubit count and coherence time. On the
other hand, the design we propose consists in delegating to
the quantum circuit only the task of representing the weight
distribution, which can be achieved with limited quantum re-
sources and without the need of processing large amounts of
data on the quantum hardware. In this way, we preserve the
data-processing ability of classical machine learning models,
while exploiting the quantum circuit to introduce uncertainty
by sampling the model space from a distribution that is clas-
sically nontrivial.

We validate the proposed approach on the task of predict-
ing the time to End of Discharge (EoD) of lithium-ion bat-
teries, using data generated from a circuit-equivalent simu-
lator with tunable process uncertainty. The accuracy of the
RUL estimates and the quality of the uncertainty quantifi-
cation are compared against established techniques, namely
Heteroscedastic Neural Networks (Zhao, Wu, Wong, Sun, &
Yan, 2020), Bayesian Neural Networks with Flipout (Blundell
et al., 2015; Wen, Vicol, Ba, Tran, & Grosse, 2018) and
Monte Carlo Dropout (Gal & Ghahramani, 2016).

2. BACKGROUND

In the following the essential concepts of Bayesian neural
networks, variational inference and quantum circuits, which

constitute the main components of the proposed method, are
briefly reviewed.

2.1. Bayesian Neural Networks

Rather than learning a single point estimate of the network
weights, a BNN places a prior distribution p(w) over the wei-
ght spaceW and updates it according to the knowledge gained
from the observed data D. The predictive distribution for a
new input x∗ is obtained by marginalising over the posterior
distribution of the weights:

p(y∗|x∗,D) =

∫

W
p(y∗|x∗, w)p(w|D)dw. (1)

The weight posterior p(w|D) is given by Bayes’ theorem:

p(w|D) =
p(D|w)p(w)

p(D)
, (2)

where p(w|D) is the likelihood of the weights given the data,
and p(D) is the marginal likelihood, computed by integrating
over the entire weight space:

p(D) =

∫

W
p(D|w)p(w)dw. (3)

Direct sampling of the posterior distribution is unfeasible in
practice, due to the impossibility of computing the integral in
Eq. (3). Markov Chain Monte Carlo (MCMC) methods (Neal,
1996) which cover the posterior by sampling high probabil-
ity regions, are also not a viable alternative when the weight
space is very high-dimensional, as it is the case for neural
networks. Variational inference and Monte Carlo Dropout,
reviewed in the following subsections, offer scalable alterna-
tives by replacing the exact posterior with a tractable approx-
imation.

2.2. Variational Inference

Variational inference (VI) introduces a parametric family of
distributions q(w|θ) and seeks the member closest to the true
posterior (Jordan et al., 1999; Blei et al., 2017):

q(w|θ) ≈ p(w|D). (4)

The optimal variational parameters θ∗ are found by minimis-
ing the Kullback–Leibler (KL) divergence between the ap-
proximate and true posteriors:

θ∗ = arg min
θ

KL[q(w|θ)||p(w|D)]. (5)

A common simplifying assumption is the mean-field factori-
sation, in which each weight is treated as independent with its
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Figure 1. Schematic representation of mean-field variational
inference (MFVI) for Bayesian neural networks.

own variational distribution:

q(w|θ) =

N∏

i=1

q(wi|θi). (6)

When each factor is chosen to be Gaussian, the resulting scheme
is known as mean-field variational inference (MFVI) (Blundell
et al., 2015):

q(wi|θi) = N (µi, σ
2
i ). (7)

Figure 1 illustrates the concept of Bayesian neural networks
with mean-field variational inference.

Because the KL divergence in Eq. (5) requires the knowledge
of the true posterior, it cannot be computed directly. Instead,
minimising the KL divergence is shown to be equivalent to
maximising the Evidence Lower Bound (ELBO), which de-
composes into a data-fit term and a regularisation term penal-
ising the deviation from the prior:

L(θ) = Eq(w|θ)[log p(D|w)]−KL[q(w|θ)||p(w)]. (8)

A different and often more popular choice in PHM is Monte
Carlo Dropout (MCD), which can be interpreted as a par-
ticular case of variational inference in which the approxi-
mate posterior consists a of Bernoulli mask over the network
weights (Gal & Ghahramani, 2016). In practice, this tech-
nique averages over an ensemble of sub-networks with some
of the weights switched off, and therefore it embeds in stan-
dard training procedures and it only requires to run the model
multiple times at inference time.

2.3. Quantum Computation

Quantum computation describes how to operate on quantum
bits (qubits) to implement algorithms. Thanks to the prin-
ciples of superposition and entanglement, quantum comput-
ers can represent and process information in ways that are
fundamentally different from classical computers (Nielsen &
Chuang, 2012).

A state of Q qubits is represented as a vector in a 2Q-dimen-
sional complex Hilbert space, where the basis states are the
set of all possible binary strings of length Q. The generic
quantum state |ψ〉 can be prepared by applying a unitary trans-
formation U to the reference state |0〉, corresponding to the
all-zero binary string:

|ψ〉 = U |0〉 . (9)

The braket notation |·〉 and 〈·| is used to denote quantum
states, where |ψ〉 is a column vector and 〈ψ| is its conjugate
transpose (a row vector).

Because the information in the quantum state cannot be di-
rectly accessed, it is necessary to perform a measurement,
which collapses the state to one of the basis states with a prob-
ability given by the squared amplitude of the corresponding
state vector component:

p(b) = | 〈b|ψ〉 |2, (10)

where |b〉 is a basis state. Because of the probabilistic nature
of the wave function, repeated measurements can can yield
statistics about the state, such as its expectation value with
respect to an observable O:

E(O) = 〈ψ|O|ψ〉 . (11)

Thanks to the above principles and to the possibility of pa-
rametrizing the unitary transformations, quantum circuits can
be designed to represent continuous functions, as it is com-
monly done in quantum machine learning (Schuld & Petruc-
cione, 2021). Therefore, a parametrized quantum circuit (PQC)
can be used to model a function ξ(x; θ), where x is the input
and θ are circuit parameters that are usually learned in an op-
timization loop. The output of the function is obtained by
measuring an observable O on the state prepared by the cir-
cuit:

ξ(x; θ) = 〈ψ(x; θ)|O|ψ(x; θ)〉 , (12)

where
|ψ(x; θ)〉 = U1(θ)U0(x) |0〉 . (13)

Figure 2 shows a generic PQC for representing continuous
functions, where the input x is encoded in the state through
the unitary U0(x), and the tunable parameters are applied
through the unitary U1(θ). Furthermore, Fig. 3 gives an ex-
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Figure 2. Generic parametrized quantum circuit for repre-
senting continuous functions.

U0(x) U1(θ)

Z

Z

Z

|0〉 Ry(x0) Ry(θ0) Rz(θ3)

|0〉 Ry(x1) Ry(θ1) Rz(θ4)

|0〉 Ry(x2) Ry(θ2) Rz(θ5)

Figure 3. Quantum circuit with expanded unitary operations
for representing continuous functions.

ample of the elementary gates that can compose the parame-
trized unitaries, such as rotations and two-qubit gates and of
the choice of measurement operator. The interested reader is
referred to standard quantum computing textbooks (Nielsen
& Chuang, 2012) for more details on quantum operations and
the quantum circuit formalism.

3. QUANTUM ADVERSARIAL VARIATIONAL
INFERENCE

The main idea of the proposed method is to use a parametrized
quantum circuit to approximate the weight posterior of a clas-
sical neural network. Despite the fact that quantum circuits
are inherently stochastic, they are limited to sample from dis-
crete distributions, whereas a generator for the weights of a
regression model is required to produce continuous values.
The approach proposed in (Romero & Aspuru-Guzik, 2021)
is followed, in order to fit a quantum circuit within a generator
of continuous weight values.

The stochasticity of the generator is delegated to a classical
noise variable z, which is chosen to be uniformly sampled
from the interval [0, 2π]:

z ∼ U(0, 2π). (14)

A parametrized quantum circuit maps the noise variable to a
quantum state |ψ(z; θ)〉 as in Eq. (13), where θ are the tunable
parameters of the circuit, and therefore also of the variational

weight distribution. Depending on the number of weights re-
quired by the classical data model, a set of observables must
be chosen as one of the hyperparameters of the method:

{O0, O1, . . . , O|w|−1}, (15)

where |w| is the number of weights in the data-driven model.

For observable Oi, the output of the generator corresponding
to a sample z will be the continuous random variable obtained
as the expectation value of Oi in the state |ψ(z; θ)〉,

ξi = 〈ψ(z; θ)|Oi|ψ(z; θ)〉 , (16)

whereas the vector of all outputs correponding to the weights
will be

ξ = [ξ0, ξ1, . . . , ξ|w|−1]>. (17)

Because the output of the quantum circuit is limited to the
range of the expectation value of the chosen observables, a
classical post-processing step maps the observed vector ξ to
the weight spaceW through a trainable linear transformation

w = Wpp ξ + bpp. (18)

The overall quantum-enhanced generator is schematically il-
lustrated in Fig. 4. The weights θ need to be learned to best
represent the true weight posterior. Unlike the case where
the generator distribution has a closed form expression, like
in the mean-field Gaussian case, the quantum generator does
not have an explicit density function that can be evaluated.
Therefore, the KL divergence in Eq. (5) cannot be computed
directly and the ELBO in Eq. (8) is not a viable objective
function for training. A way to learn distributions with only
the possibility of sampling the generator is to use adversarial
learning. This idea was proposed for general quantum varia-
tional inference in (Benedetti et al., 2021) and it is formalized
here for the task of Bayesian regression with a data-driven
model.

In essence, a generative learning task can be rephrased as
an adversarial game between a generator and a discrimina-
tor. The generator needs to produce samples that are indistin-
guishable from those of the true data distribution, while the
discriminator is trained to classify real and generated sam-
ples. The discriminator can be any model able to perform bi-
nary classification, for example a neural network with a final
sigmoid layer.

In the following, the probability distribution of the generator
is referred to as pg(w|Θg), where Θg = {θ, Wpp, bpp} are
the parameters of the generator, including both the quantum
circuit parameters and the post-processing parameters. The
discriminator is a function d(x, ŷ|Θd), where Θd are the dis-
criminator parameters, x is the input to the data-driven model
and ŷ is either the true label or the predicted label obtained
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Figure 4. Overall structure of the weight generator with quantum feature transformation.

by feeding x through the data-driven model f with weights
sampled from the generator distribution, thus

ŷ =

{
y, (true RUL)
f(x|w), (predicted RUL).

(19)

The discriminator works to assign high probability to the true
RUL labels and low probability to the generated ones. There-
fore, it tries to maximize the following objective function:

Ld(Θd) = Ep(x,y)[log d(x, y|Θd)]

+ Ep(x)pg(w|Θg)[log(1− d(x, f(x|w)|Θd))], (20)

where p(x, y) is the true data distribution and p(x) is the
marginal distribution of the inputs. The generator, on the
other hand, pursues two objectives, expressed conventionally
as a minimization problem. First, it tries to minimize the suc-
cess rate of the discriminator and then it works to reduce the
error between the generated samples and the true data, which
corresponds to the likelihood term in Eq. (8). The generator
loss can therefore be expressed as

Lg(Θg) = Ep(x)pg(w|Θg)[logit d(x, f(x|w)|Θd)]

− Ep(x,y)pg(w|Θg)[log p(y|x,w)], (21)

where p(y|x,w) is the likelihood of the data given the weights,
which is usually expressed as a Gaussian distribution in re-
gression tasks. The logit terms expands as

logit d(x, f(x|w)|Θd) = log
d(x, f(x|w)|Θd)

1− d(x, f(x|w)|Θd)
, (22)

and it is used to avoid vanishing gradients of the generator
early in training (Goodfellow et al., 2014).

In conclusion, the quantum generator learns to approximate
the true weight posterior by playing the following minimax

game with the discriminator:

min
Θg

Lg(Θg)

max
Θd

Ld(Θd),
(23)

a process which we refer to as Quantum Adversarial Varia-
tional Inference (QAVI).

4. CASE STUDY

To study the ability of the proposed method to predict and
quantify the uncertainty of the remaining useful life of a sys-
tem, the task of predicting the End of Discharge (EoD) of
lithium-ion batteries is considered. For this particular prob-
lem, the RUL is intended as the time to EoD, that is the time
after which the battery voltage drops below a known thresh-
old VEoD. The following sections elucidate the details of the
battery model, data generation and machine learning tech-
niques used as benchmarks and finally present and discuss
the results of the case study.

4.1. Battery Model

In order to produce the discharge voltage hisories, the Thévenin-
equivalent circuit model in Fig. 5 is employed. The model
consists of an open circuit voltage (OCV) source, function of
the state of charge (SoC) of the battery and a resistor R. The
readout voltage V of the circuit is used as the input condition-
monitoring data for the RUL prediction task.

The SoC is updated at each time step according to the con-
stant loading current I , negative during discharge, as

SoCt+1 = SoCt +
I∆t

Q
+ εSoC , (24)

where ∆t is the time step, Q is the constant battery capacity
and the process uncertainty is modeled as a Gaussian noise
term εSoC . The open-circuit voltage VOC follows the follow-
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Figure 5. Equivalent circuit model used to generate the dis-
charge voltages.

ing empirical law (Bustos et al., 2025):

VOC(SoCt) = vL

+ (v0 − vL) exp [γ(SoCt − 1)]

+ αvL(SoCt − 1)

+ (1− α)vL

(
exp(−β)− exp

(
−β
√

SoCt

))
,

(25)

Finally, the readout voltage V is given by

Vt = VOC(SoCt) +RI. (26)

The EoD is defined as the time step at which the voltage V
drops below a known threshold VEoD. Both the battery model
and the discharge simulation parameters are available in the
Appendix at the end of the paper.

4.2. Design of Experiments

The battery model described in Section 4.1 is used to gen-
erate training and test data histories. Operatively speaking,
the simulator is initialized with a SoC value and then runs the
SoC and Vt updates until reaching tEoD, which is the time
when Vt < VEoD. The generated voltage history is then used
as the input for the data-driven model, while the RUL labels
are obtained following a linear degradation model,

RULt = tEoD − t. (27)

For the training set, 100 discharge histories are generated.
Each simulation is initialized with a SoC value sampled uni-
formly from the interval [0.05, 1.0], which ensures that the
dispersion of remaining useful life narrows down towards the
end of the discharge. For testing the models, ten different
battery discharges are simulated from a full charge state. In
order to obtain the target RUL distributions for later assessing
the epistemic uncertainty of the models, 100 simulations are
run from 200 decreasing SoC values, picked along the SoC
profile of each test case. Training and testing sets are gen-
erated with the same simulator and battery parameters, same
amplitude of the process noise, but different random seeds.

4.3. Data-Driven Model and Uncertainty Quantification

The case study compares together four different uncertainty
modeling techniques for the same data-driven model. The
latter consists of a convolutional neural network (CNN) with
one convolutional layer of four filters and kernel size of 5, a
global average pooling layer and a final fully-connected layer
with two outputs. The CNN takes as input a time-window of
voltage data of duration of roughly 10% of the total simula-
tion time and it predicts the RUL of the battery at the last time
step of the window. As output, the CNN returns the predicted
mean RUL and the predicted variance, which represents the
heteroscedastic aleatoric uncertainty coming from the process
noise of the battery data.

In terms of modeling uncertainty, the following techniques
are compared:

• Heteroscedastic neural network (HNN): the data-driven
model is trained with a negative log-likelihood loss, which
encourages the model to learn the variance of the data
distribution as well as the mean. This method accounts
for aleatoric but not for epistemic uncertainty.

• Monte Carlo Dropout (MCD): the data-driven model is
trained with dropout and the epistemic uncertainty is ob-
tained by performing multiple forward passes with dropout
at inference time.

• Bayesian neural network with Flipout (BNN): the mean-
field variational Gaussian distribution learns the weight
posterior by minimizing the ELBO loss in Eq. (8) and the
Flipout weight update (Wen et al., 2018) rule stabilizes
the training by decorrelating the weight perturbations.

• Quantum Adversarial Variational Inference (QAVI): the
proposed method, detailed in Section 3. For sampling of
the weights, one generator of the type illustrated in Fig. 4
is used for each filter of the convolutional layer.

Both for the maximum likelihood estimators (HNN and MCD)
and for the variational inference methods (BNN and QAVI),
the likelihood term is given by the negative log-likelihood of
a Gaussian distribution, expressed as

LNLL =
1

N

N∑

i=1

[
(yi − ŷi)2

σ2
i

+ log σ2
i

]
, (28)

where yi is the RUL label, ŷi is the predicted mean RUL and
σ2
i is the predicted variance.

4.4. Results

All models were trained for a maximum of 500 epochs, using
the Adam optimizer with a cosine annealing schedule. Early
stopping with a patience of 50 epochs monitored the training
in case of increasing loss over a validation set.

Figure 6 shows the RUL predictions and the Continuous Ran-
ked Probability Score (CRPS) (Hersbach, 2000) over time for
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Figure 6. RUL predictions and CRPS over time for the test discharge history. The true RUL corresponds to the single simulated
discharge path, while the predicted RUL is the mean-predicting output of the CNN. 95% confidence intervals are shown for
both ground truth and predictions.

the first test discharge histories among those generated. Three
more test cases are available in the Appendix of this paper and
confirm the findings reported here.

Some general observations help with the interpretation of the
results. First, it is important to notice that the CRPS values
are obtained as the integrated square difference of the cumu-
lative distribution functions (CDFs) of the predicted and true
RUL distributions, therefore,

CRPS =

∫ ∞

−∞
[Fŷ(r)− Fy(r)]

2
dr. (29)

It was possible to compute this quantity since the true RUL
distribution could be reconstructed by following the discharge
path and running Monte Carlo simulations from intermediate
states. Furthermore, it can be observed that all predictions
start from a later time than the beginning of the discharge,
due to the fact that the CNN is trained on time windows of
data and it cannot output a prediction before the first time
window is filled. Also worth mentioning is the fact that all
models have a roughly symmetric confidence interval around
the predicted mean, which is a consequence of the fact that the
output of the CNN is a Gaussian distribution by construction.
Finally, it should be kept in mind that, because HNN only
accounts for aleatoric uncertainty, the width of its confidence
interval is expected to be smaller than the other methods, and
it acts as a lower bound for the overall uncertainty.

It can be noticed by the RUL plots that the QAVI method
achieves good accuracy and that its confidence intervals are
well-calibrated, in the sense that they contain the true RUL
values for most of the discharge time. Its mean prediction
is also slightly more accurate than HNN and MCD even if
the true RUL is away from the median of the distribution.
While HNN, MCD and QAVI follow the RUL trend and pro-
gressively shrink their confidence intervals, the BNN method
seems to struggle in learning the weight posterior, as the RUL
is significantly underestimated in the early discharge and the
uncertainty remains almost constant over time. The CRPS
trend over time confirms the previous analysis and it high-
lights how QAVI compromises best between accuracy and
uncertainty especially away from the end of discharge.

An even more comprehensive comparison of the CRPS is

Figure 7. Box plot of the CRPS values for different methods.

shown in Fig. 7, where a box plot shows the CRPS statistics
across 10 different test cases and over time. The results are
consistent with the previous ones and show that QAVI scores
comparably with HNN, hinting at the fact that this technique
achieves the lowest epistemic uncertainty among the methods
compared. Interestingly, the dispersion of outliers for QAVI
is even smaller than that of HNN, which might be a sign of
robustness of the method that should be investigated in future
work.

5. CONCLUSIONS

This paper presented the QAVI method for uncertainty-aware
RUL prediction, which performs variational inference with
quantum-enhanced generators. The technique was validated
on a RUL-estimation problem for simulated lithium-ion bat-
teries, where the remaining useful life was meant as the time
to end of discharge. In this context, QAVI was also bench-
marked against state-of-the-art uncertainty quantification sche-
mes for machine learning models, namely heteroscedastic neu-
ral networks, Monte Carlo Dropout and Mean-Field Varia-
tional Inference. The results show that QAVI can be a promis-
ing approach for uncertainty-aware prognostics, as it achieves
good accuracy and well-calibrated uncertainty ranges, while
it keeps the epistemic uncertainty comparable or lower than
those produced by the more established techniques.
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It is important to stress, however, that the results of this paper
constitutes only a proof of concept for QAVI and that future
work in multiple directions can help establish the value of this
method for real-world prognostic applications. In this sense,
QAVI should be further characterized according to a set of
key criteria for data-driven models in prognostics, such as
those identified in (Salinas-Camus, Goebel, & Eleftheroglou,
2025b).

The robustness of the method should be assessed from a few
different angles. It would be instructive to see how QAVI
scores on out-of-distribution data, such as unseen loading cur-
rent profiles in the case of battery modeling. Furthermore, fu-
ture investigations should explore the sensitivity of the method
to the choice of hyperparameters, such as the number of qubits
and the structure of the quantum circuit. Both in terms of ro-
bustness, but also flexibility of the methods, it should be seen
how QAVI performs on standard PHM benchmarks, such as
the C-MAPSS dataset for turbofan engines (Saxena, Goebel,
Simon, & Eklund, 2008) and real-world datasets.

Especially important would be to assess the feasibility of de-
ploying QAVI on online systems. We remark here that un-
til the quantum circuit resources are small, there might not
be a need of quantum hardware to run the generator, as the
quantum circuit can be simulated classically. In terms of on-
line service, this might be beneficial, as there would be no
need for the asset to exchange information with a quantum
server, which might cause an unacceptable latency for some
real-time prognostic scenarios. Naturally, this aspect would
need to be addressed when the quantum resources required
do not allow for simulation anymore.

A final important question concerns the interpretability of the
method. Because of the complexity of the quantum-enhanced
generator, it might be difficult to understand how the genera-
tor is learning to represent the weight posterior. Future work
should explore techniques for interpreting the QAVI predic-
tions, for example following interpretable machine learning
settings that incorporate Bayesian learning (Kraus & Feuer-
riegel, 2019).
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APPENDIX

Table 1 lists the parameters of the battery model and of the
simulation used to generate the data for the case study and
Fig. 8 shows the RUL predictions and CRPS over time for
three additional random discharge histories.
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Figure 8. Additional test discharge histories comparing the four approaches of the case study.

Table 1. Battery and simulation parameters of the case study.

Parameter Symbol Value
Battery model

Battery capacity Q 2.8 A h
Internal resistance R 0.1 Ω
OCV lower asymptote VL 1.3553 V
OCV reference voltage V0 4.1202 V
OCV shape parameter γ 0.1329
OCV shape parameter α 0.1695
OCV shape parameter β 2.3454

Discharge simulation
Discharge current amplitude I −2.1 A
Cut-off voltage VEoD 2.5 V
Simulation time step ∆t 20 s
Process noise std. dev. σω 3× 10−3
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