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1  Introduction

In the rapidly advancing field of quantum technologies and 
quantum information processing, Noisy Intermediate-Scale 
Quantum (NISQ) devices have emerged as a key area of 
focus, demonstrating quantum supremacy in a limited num-
ber of applications (Madsen et al. 2022). Although NISQ 
devices are not yet capable of performing fully error-cor-
rected quantum computations, they represent a significant 
milestone in quantum technology development. How-
ever, their limitations–such as short coherence times and 
high error rates–have led to the creation of specialized 
algorithms, including Variational Quantum Algorithms 
(VQAs), designed to be resilient against NISQ hardware 
imperfections.

The interplay between the physical constraints of NISQ 
devices and innovative design of VQAs is a crucial area of 
research in quantum computing. VQAs are hybrid quantum-
classical algorithms that integrate parameterized quantum 
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In Variational Quantum Algorithms (VQAs), circuit parameters are typically re-optimized from scratch for each new data-
set, an approach that becomes inefficient in continuous computation settings where data arrive incrementally and statistical 
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tion, enabling richer transformations than conventional phase-based designs. The framework operates in two modes: direct 
parameter transfer to unseen data and prediction-driven initialization to accelerate subsequent optimization. Validation on 
real-world binary classification tasks with hybrid classical–quantum models shows that quantum-enhanced LSTMs fre-
quently outperform classical counterparts, highlighting their ability to preserve non-linearity through quantum encoding 
and measurement, and demonstrating the effectiveness of QURIOSO in generalizing across parameter trajectories within 
continuous quantum learning scenarios.
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circuits (PQCs) with optimization techniques. PQCs consist 
of single- and multi-qubit gates characterized by tunable 
parameters, which are adjusted by classical or quantum opti-
mizers, similarly to the construction of weights for neural net-
works. Optimization techniques typically follow a multi-step 
process that begins with initialized parameters and iteratively 
tunes them based on input data, minimizing (or maximizing) 
an objective function until refinement is achieved.

The effectiveness of VQAs depends heavily on how the 
parameters are initialized and optimized. Indeed, PQCs are 
susceptible to the barren plateau (McClean et al. 2018), 
which is the effect of exponentially vanishing gradients, 
with flattening of the optimization landscape. This makes 
the refinement of the circuit parameters extremely diffi-
cult and training process significantly hindered. The prob-
lem impacts also on the design of quantum circuits. The 
access to real quantum computers, which could guarantee 
the speeding-up of the VQA executions, is limited, often 
handled by large corporations which provide only an usage 
controlled by job queuing mechanisms, resulting in long 
wait times and high costs (Liang et al. 2024). Therefore, 
the development of VQAs very often resorts to simulated 
quantum machines, which lack the full computational capa-
bilities of real quantum hardware. As a result, the optimiza-
tion process typically dominates the computational cost of 
the execution of VQAs. Given these challenges, effective 
strategies for refining parameters and and driving to con-
vergence become crucial. Starting the optimization from an 
informed initial point–rather than from a random or uniform 
distribution–can significantly improve VQA performance. 
Indeed, one could steer the process toward promising 
regions of the parameter space, while increasing the chances 
of convergence. To achieve that, computational approaches 
must be capable of making non-intuitive decisions, explor-
ing complex high-dimensional spaces, and uncovering pat-
terns or correlations that are not immediately obvious. They 
should also be robust to noise and errors while reducing the 
reliance on empirical trial-and-error methods (Falla et al. 
2024). This is where machine learning (ML) algorithms can 
play a decisive role. ML models can systematically estimate 
parameters, efficiently search for optimal values, and sig-
nificantly improve the execution of quantum algorithms.

Only recently this topic has gained significant attention, 
with most efforts focusing on the use of models to initialize 
quantum-classical optimizers (Meng and Zhou 2024; Liang 
et al. 2024). To cite someone, Sauvage et al. (2021) intro-
duce a meta-learning strategy that trains neural networks on 
families of PQCs to enable effective parameter initializa-
tion for previously unseen, structurally diverse circuits. An 
agnostic encoding–decoding scheme supports generaliza-
tion across variations in circuit depth and parameter count. 
While Moussa et al. (2022) adopt an unsupervised approach 

to parameter initialization, deriving starting values from 
clusters built on QAOA (Quantum Approximate Optimi-
zation Algorithm) execution-related data. Leveraging the 
concentration property of QAOA parameters, this method 
identifies suitable initializations by using centroids derived 
from various representations of QAOA problems.

However, these approaches operate within the classical 
paradigm of batch processing, where all data are available 
at once. This is the typical scenario where most research 
in quantum computing for accelerating computational solu-
tions has been focused. In these cases, VQAs are executed 
on the entire dataset at once, and PQC parameters remain 
fixed once estimated. In contrast, many real-world appli-
cations involve data that are not accessible all at once but 
arrive incrementally over time. This necessitates continuous 
processing rather than batch-mode execution. Furthermore, 
the system or domain generating the data may evolve, mean-
ing that the statistical properties of the data can change over 
time. As a result, data samples may exhibit time-varying 
dependencies or correlations with previously observed data 
samples (Homayouni et al. 2020; Parisi et al. 2019). This 
raises an important challenge: PQC parameters optimized on 
data available at one point in time may become suboptimal 
or even obsolete as new data–potentially with different char-
acteristics–arrive. This issue has significant implications for 
various applications of VQAs. For instance, in real-world 
applications such as continuous biomedical monitoring or 
sensor-based rehabilitation, patient-specific patterns evolve 
gradually over weeks; in personalized recommendation 
systems, user preferences drift over time; and in financial 
time-series analysis, market regimes may change abruptly. 
In all these settings, PQC parameters cannot be regarded as 
static, but must be continually adapted to track the under-
lying time-varying data distribution; otherwise, the pre-
dictive performance of the VQA will inevitably degrade. 
More generally, in quantum machine learning tasks, PQC 
parameters tuned to the data acquired at a given moment 
may later lead to degraded performance and reduced model 
accuracy as data properties evolve. Thus, it becomes nec-
essary to rethink the parameter optimization process when 
data are not fully available at once but are accessed progres-
sively over time. Indeed, the choice of repeatedly executing 
the costly operation of parameter tuning is impractical and 
counterproductive, while, we have to update the parameters, 
in order to account for the properties of newly incoming 
data. Consequently, ML algorithms, which could support 
this process, must also be designed from scratch, as those 
available in the literature–originally tailored for batch pro-
cessing–would not be adequate for the challenges at hand. 
It is also reasonable to expect that studies on this kind of 
problem could broaden the range of application domains for 
QC approaches.
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In this paper, we investigate the problem of tuning the 
parameters of PQCs operating within a Continual learning 
paradigm (Parisi et al. 2019; Van De Ven and Tolias 2019). 
Here, incoming data must be processed continuously, and 
optimized parameter configurations–based on data acquired 
up to that point–must be returned simultaneously. In such a 
scenario, PQCs could underpin the application of quantum 
circuits, for instance, in quantum machine learning tasks 
within lifelong learning paradigms (Homayouni et al. 2020). 
We propose a ML-based method, named as QURIOSO 
(QUantum gate parameteR predictIOn through quantum-
enhanced long-Short term memOry), to estimate param-
eters and support the optimization process both to refine 
parameters and reach convergence. The high-level purpose 
is to reduce the workload of the iterative procedure of the 
optimizer. To do that, our method learns the behavior of the 
optimization function when operates near the convergence, 
enabling it to predict promising parameters based on pre-
viously observed configurations. Thus, instead to explore 
the parameter space, the method uses learned predictions 
of the parameters, obtained through a supervised learning 
approach, to guide the search more efficiently.

The method relies on Sequence modeling techniques 
(Xie et al. 2023). because parameter data are inherently 
sequential. Indeed, at each execution the PQC proceeds 
through a series of iterations returning parameter con-
figurations. Also, PQC operates in a continuous compu-
tations and therefore may be repeatedly executed over 
time. Therefore, Sequence modeling is well-suited for this 
problem. By guiding the optimizer with learned insights, 
the method aims to accelerate convergence, reducing the 
number of iterations required. This enhances the practical-
ity and effectiveness of VQAs and opens new possibilities 
for NISQ devices, pushing the boundaries of what can be 
achieved in this emerging field.

The remaining sections of this paper are organized as 
follows: In Section 2, we discuss the motivation behind 
QURIOSO and draw the main contributions, both technical 
and methodological. In Section 3, through the workflow of 
QURIOSO, we explain the methodological decisions and 
algorithmic details. Specifically, in Section 3.1 we report the 
notions and notations adopted and introduce the scientific 
problem at hand. Section 3.2 provides a detailed description 
of three algorithms that define the workflow. Section 3.2.1 
discusses the QURIOSO procedure. Section 3.2.2 provides 
details on the procedure of generation of the input data of 
the LSTM architectures. Section 3.2.3 presents the LSTM 
architectures which build the forecasting model utilized. 
Section 4 proposes experimental evaluation of QURIOSO 
in a real-world scenario and provides discussions on the 
performances. Section 5 offers an overview of the related 
literature, and finally, Section 6 concludes the paper.

2  Overview and contribution

In this paper, we study the design and application of VQAs 
within a Continual learning, a topic that, to the best of our 
knowledge, has not yet been explored in the literature. In 
Continual learning, the task remains fixed (in the sense 
that the output space, loss function, and input–output map-
ping are invariant over time), while the input distribution 
changes, requiring the model to adapt to successive distribu-
tion shifts without forgetting what previously learned ones 
(Van De Ven and Tolias 2019). In this context, VQAs are 
required to operate continuously, minimizing a cost func-
tion over a flow of data that arrives without a predefined 
endpoint. These data are inherently ordered due to their con-
stant generation, making the computational setting intrinsi-
cally sequential.

The central challenge lies in continuously tuning the 
parameters of the PQCs underlying the VQAs, regardless 
of the specific optimization method used (e.g., gradient-
based or gradient-free). In a continuous computation 
setting, this tuning process should be performed unceas-
ingly in order to adapt the model to the new data. As a 
result, a refined PQC configuration may never be ready 
for deployment, since it is constantly subject to refine-
ment, potentially limiting the usefulness of the VQA. 
Another issue arises from the rate of data generation, 
which may surpass the ability of the VQA to process pre-
viously acquired data samples.

In response to these challenges, we introduce a para-
digm shift: a machine learning (ML)-assisted framework 
to support VQAs operating on sequential data. Specifi-
cally, we propose QURIOSO, an ML model designed 
to simulate the behavior of the optimization process as 
it approaches convergence. Near convergence, the opti-
mizer identifies promising PQC parameter values and 
local minima of the objective function. These parameters 
represent a valuable source of information, which we use 
to train a predictive model capable of estimating future 
parameter values. This predictive model inherently acts 
as a forecasting tool, estimating future PQC parameters 
based on historical data.

Without loss of generality, in QURIOSO (Fig. 1) we 
assume that data samples can be processed in consecutive 
data blocks. Data samples can either have binary labels 
or be unlabelled. The VQA is embedded within a binary 
classification model trained on the sole labeled samples 
in each data block. The binary classifier addresses the 
domain-specific ML task. After processing a data block, 
the VQA produces a sequence of refined PQC parameters 
that serve as training data to learn the forecasting model. 
This is subsequently used to estimate the PQC parameters 
for the next data block. Specifically, QURIOSO supports 
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the forecasting model can be potentially trained only 
once– from the training data blocks of the binary classi-
fier–and is then queried to provide predictions on subse-
quent data blocks. This one-time training approach offers a 
distinct efficiency advantage over re-running the optimizer 
for each new block.

To build the forecasting model in QURIOSO, we resort 
to sequence learning task, where the input becomes the 
time series of optimized parameter sub-sequences. Each 
sub-sequence encodes the local data distribution within 
each data block, and, considered all together, trace the 
the trajectory of the optimizer toward convergence. These 
sub-sequences capture the temporal evolution of the opti-
mization trajectory, reflecting how the PQC parameters 
adapt to changes in the input data distribution across con-
secutive data blocks.

Sequence modeling techniques, such as LSTM (Long 
short term memory) (Hochreiter and Schmidhuber 1997a) 
are well-suited to learn temporal evolution across such 
ordered inputs. By leveraging historical sequences, 
they are specifically able to accommodate two statisti-
cal properties of the time-series we find in parameter 

two modes of operation: (i) forecast deployment, where 
parameters are first refined through optimization and 
then passed to the forecasting model, which provides 
new parameter estimations; and (ii) forecast refinement, 
where parameters are refined through an initial optimiza-
tion process, input to the forecasting model to generate 
new estimations, and subsequently refined again through 
a final optimization step. While mode (i) ensures rapid 
processing and immediate utilization for the binary clas-
sifier, mode (ii) enables a tighter adaptation to the char-
acteristics of the next data block. In both cases, the goal 
is to assist the VQA in handling the labeled samples by 
providing informed parameter estimates, thereby reduc-
ing the number of optimization iterations required for 
convergence on the current data block. This becomes 
especially valuable when designing PQCs for continu-
ously incoming data, where performing full optimization 
from scratch on every data block would be prohibitively 
time-consuming.

It should be clarified that the forecasting model also 
relies on optimization techniques. However, unlike the 
repeated execution of an optimizer for every data block, 

Fig. 1  A high level representation of QURIOSO. The workflow begins 
with continuously arriving data, partitioned into consecutive data 
blocks. Each block is processed by a VQA, embedded within a binary 
quantum classifier, to produce a sequence of optimized PQC parameter 
sub-sequences. These sub-sequences are fed into a forecasting model 

learning component which exploits temporal correlation to forecast the 
parameter configuration of the next block. As a result, we have a binary 
classifier adapted to the current data block thanks to the predicted VQA 
parameters produced for the same block
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3  Quantum gate parameter predictIon 
through sequence modeling

In this section, we introduce basic concepts and notations 
and then we provide the algorithmic details of the workflow 
of QURIOSO represented in Fig. 1.

3.1  Concepts and notations

QURIOSO faces a binary classification problem in the set-
ting of domain-incremental learning (Loglisci et al. 2024). 
Specifically, we have data samples described by X ∪ y, X are 
values of the set X of descriptive features or attributes, and 
y ∈ {+1, −1} denotes the class label. Domain-incremental 
learning is a machine learning paradigm within the broader 
field of lifelong learning. It refers to a scenario where the 
distribution of the class label y remains unchanged, while 
the domains of X shift over time. This justifies the adapta-
tion of a PQC-based classifier to new parameter settings that 
mirror new data samples, while using the same objective 
function for the VQA.

The data samples arrive individually, one after another, 
without a predefined order between labeled and unlabeled 
samples. They are collected into equally-sized data blocks, 
which include both labeled data (where y is provided) and 
unlabeled data (where the to-be-estimated label is denoted 
as ŷ). This aligns with the realistic assumption that the 
distribution of labeled and unlabeled data samples is not 
known a priori.

We denote the h-th data block as DBh, the portion of 
labeled samples as Lh, the portion of unlabeled samples 
as Uh. Each data block DBh is used to run the VQA 
process for a fixed number of iterations I, effectively 
training the binary classifier on that block. We consider 
S consecutive data blocks to train the classifier. The 
execution of the VQA solves an optimization problem 
formulated as:

min
θh

E(X,y)∼DBh
L (y, f(X; θh))

where:

	● DBh =
{(

X(i), y(i)
)}|DBh|

i=1
, where X(i) is a classical 

input encoded into a quantum state |ϕ(X(i))⟩, and y(i) is 
the corresponding label.

	● θh ∈ Rd: trainable parameters of the quantum circuit at 
the data block DBh

	● L(y, ŷ): loss function defined as cross-entropy
	● f(X; θh): prediction function defined as an expectation 

value 

sub-sequences, temporal proximity and temporal recur-
rence (Rossi 2018). In temporal proximity, nearby param-
eter configurations tend to be more strongly correlated 
than distant ones because the optimization landscape 
shifts incrementally as new data arrive. The memory 
units of the LSTMs intrinsically considers these short-
term dependencies, allowing it to capture gradual changes 
in PQC parameters from one data block to the next. In 
temporal recurrence, Similar patterns of parameter evolu-
tion can reappear whenever the data distribution exhib-
its repeated behaviors. The ability of the LSTM to retain 
long-term memory enables it to recognize and leverage 
these replicated segments, even if they occur many data 
blocks apart. For experimental purposes, we propose two 
alternative implementations, one based on purely classi-
cal-computing layers, the other one enhanced by quantum 
layers, where the canonical gates of forget, input and out-
put are determined by quantum measurement outcomes 
instead of classical nonlinear activations.

To sum up, the methodological and technical contribu-
tion which this manuscript aims to provide:

	● Machine learning supporting Quantum Computing. 
We present a concrete application of Artificial intelli-
gence in support of Quantum computing by designing 
an LSTM-based forecasting model. This model predicts 
VQA parameters, accelerating the optimization process 
within VQAs by reducing the number of iterations need-
ed for convergence.

	● VQA in lifelong/continual learning. We explore the 
deployment of VQAs within a lifelong/continual 
learning (a machine learning paradigm withing con-
tinuous computation)– an underexplored scenario in 
which data arrive in an unbounded flow. We highlight 
the specific challenges posed by this setting, includ-
ing incremental parameter tuning and real-time model 
adaptation.

	● A multi-approach quantum-classical architecture. QU-
RIOSO integrates a sequence modeling approach to per-
form domain-specific binary classification. Moreover, 
the strategy of constructing PQCs through predictive 
forecasting is quite general and can be adapted to other 
machine learning tasks that leverage VQAs.

	● Comparative evaluation of alternative forecasting 
models. We evaluate both conventional LSTM and a 
quantum-enhanced counterpart. While the classical 
LSTM captures intrinsically non-linearity via activa-
tion functions, the quantum-enhanced version achieves 
similar abilities by using measurement outcomes of 
quantum circuits–which naturally encode non-linear 
transformation.
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For illustrative purposes, the model F is trained on the 
time series of length M=5

[θ11 , θ12 , θ13 , θ14 , θ21 ]
[θ12 , θ13 , θ14 , θ21 , θ22 ]
[θ13 , θ14 , θ21 , θ22 , θ23 ]
[θ14 , θ21 , θ22 , θ23 , θ24 ]

to be queried on the time-series [θi1 , θi2 , θi3 , θi4 ] of length 
M − 1 to provide the estimation F([θi1 , θi2 , θi3 , , θi4 ])=θ̂iM

3.2  Algorithms

QURIOSO has been designed as a hybrid framework that 
combines classical and quantum techniques. The control of 
the whole workflow and execution of the VQA over data 
blocks are handled by classical computing. The VQA itself 
is hybrid as well, since it relies on a classical iterative pro-
cessing aimed at refining the parameters. Hybrid is also 
the design of a crucial component of QURIOSO, namely 
the learning of the forecasting model. As we will explain 
later, the forecasting model resorts to a LSTM architec-
ture enhanced with two quantum mechanisms: quantum 
measurements, used to inject non-linearity produced by 
quantum circuit evolution into the neural architecture, and 
entanglement-based gates, used to accommodate correla-
tions between time steps.

    f(X; θh) = ⟨ϕ(X)|U†(θh)ÔU(θh)|ϕ(X)⟩

	● Ô: observable defined as Pauli-Z operator measured at 
the end of the circuit U(θh)

For each data block DBh (and specifically for the por-
tion Lh), the VQA produces I consecutive parameteriza-
tions [θh1 , . . . , θhI

]1 (each resulting from one iteration) 
and the corresponding sequential values of L(y, ŷ). From 
these, we select a subsequence of k values of local minima 
[lh1 , . . . , lhk

] (h=1,...,S), and we trace back the correspond-
ing parameters [θh1 , . . . , θhk

].
At the end of the binary classifier training, we will have S 

subsequences, each of dimension d and length k. These sub-
sequences are concatenated to construct multivariate time 
series of length M, which become inputs for the forecasting 
model.

We define them as the set W :

W =
{

[θh1 , θh2 , . . . , θhM
]
∣∣∣ 1 ≤ j ≤ (S × k) − M + 1

}
.

each θhj  denotes the j-th parameter in the time-series of 
length formed by concatenating the subsequences of length 
k (of consecutive data blocks) with a slide of one step.

For illustrative purposes, we consider S=2, k=4, M=5. 
Given the subsequences:

[θ11 , θ12 , θ13 , θ14 ],
[θ21 , θ22 , θ23 , θ24 ],
[θ31 , θ32 , θ33 , θ34 ],
[θ41 , θ42 , θ43 , θ44 ].

the set W becomes

[θ11 , θ12 , θ13 , θ14 , θ21 ]
[θ12 , θ13 , θ14 , θ21 , θ22 ]
[θ13 , θ14 , θ21 , θ22 , θ23 ]
[θ14 , θ21 , θ22 , θ23 , θ24 ]

When M < k the forecasting model learns the progres-
sion of the parameters within the same data block. When 
M > k, it learns what happens across consecutive data 
blocks.

In light of these concepts, the problem investigated by 
QURIOSO can be stated as follows:

1  The notation [ i1, . . . , in] refers to a sequence of n values resulting 
from n consecutive processes.
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refinement process that gradually incorporates the properties 
of incoming data. Thus, when new labeled samples arrive, 
existing quantum models can be adapted by updating their 
parameters, ensuring adaptability and extensibility without 
requiring retraining from scratch. Moreover, the unitary 
nature of quantum circuits allows quantum states to evolve 
reversibly, meaning that updates do not erase previously 
acquired knowledge unless a measurement is performed.

Preliminarily, under the assumption that the descriptive 
features remains the same in domain-incremental learning, 
Algorithm 1 selects the subset X from the descriptive fea-
tures to be used for all the subsequent data blocks (line 1). 
To this end, it considers the mutual information between the 
class labels (Ross 2014; Loglisci and Malerba 2023), which 
measures the degree of relatedness between pairwise vari-
ables. Each execution of the VQA (lines 3, 8) solves an opti-
mization problem (as formulated in Section 3.1) and returns 
a sequence of parameterizations [θh1 , . . . , θhI

] . Except for 
the first execution, corresponding to L1 (line 3), where the 
parameters are initialized with uniform values (θinit), in the 
subsequent calls the parameters are set (line 8) as the last 
parameterization θhI  produced by the previous call on the 
samples Lh−1. This design ensures adaptability and exten-
sibility without requiring retraining from scratch. Then, 
Algorithm 1 selects a set of k parameterizations (lines 4,9) 
based on the corresponding local minima, through the func-
tion extract_points() which we will explain later. Once a 
set of S labeled samples has been processed, the algorithm 
has accumulated into W as many subsequences of k-parame-
terizations [θh1 , . . . , θhk

] (lines 5, 10). Next, the forecasting 
model is trained on the sequences of length M created on 
W, as described at Section 3.1, using the quantum/classical 
LSTM-based architectures which we will explain later.

So far, after a phase of construction of the binary classifier 
(underlying the VQA) and forecasting model F, Algorithm 1 
uses only labeled samples. In the data blocks subsequent to 
DBS , however, it processes both labeled samples and unla-
beled samples. The former are used as an adaptation step 
to the new data blocks. In this phase, the VQA is launched 
for a number of iterations (JP and JS) smaller than I (lines 
15,19). The unlabeled samples, instead, are the target of the 
binary labeling, once the parameters of the PQC have been 
tuned through the optimizing iterations (JP and JS) and esti-
mations provided by the model F. This reflects the core idea 
of this manuscript: the few VQA iterations of the VQA on 
Lh (h > S) aim to inject the properties of newly incoming 
samples into the parameters of PQC, while the predictions 
of F inject the capability to converge learned by F on past 
samples with similar properties. The model F is built over 
sequences of parameterizations because it has to learn the 
behavior of the optimization function from "instances of 
converging processes". Conversely, F is queried on a single 

In this section, we report the algorithms that define 
QURIOSO (Fig. 1) and provide the pseudo-code represen-
tation and procedural details. Algorithm 1 enacts the work-
flow illustrated in Fig. 1. It handles the generation of the 
sequential data from each execution of the VQA and the 
learning process of forecasting model, respectively. For 
clarity, all symbols and indices used in the pseudo-code are 
summarized in Table 1.

3.2.1  The procedure of QURIOSO

Algorithm 1 processes data blocks individually by solving a 
binary classification problem on each of them. The classifier 
is designed in the form of the PQC embodied in the VQA. 
Specifically, Algorithm  1 operates in Domain-incremental 
learning (a sub-task of Continual learning Van De Ven and 
Tolias 2019) such that the classifier is trained on the por-
tions of labeled samples Lh of S of data blocks. That is, it is 
trained from scratch on L1 and subsequently updated on the 
labeled samples Lh as they arrive. PQCs offer model adapt-
ability and therefore align well with domain-incremental 
learning. Indeed, the parameter values are tuned through a 

Table 1  Notation used in QURIOSO (Algorithm 1)
Symbol Description
Lh Labeled samples in the h-th data block
Uh Unlabeled samples in the h-th data block
S Number of initial data blocks used for 

QURIOSO setup
T Number of subsequent data blocks used for 

evaluation
θinit Uniform initial PQC parameters
θh PQC parameters at block h
I Number of full optimisation iterations
JP Number of partial optimization iterations
JS Number of refinement iterations
k Number of extracted PQC parameterizations
θh1 , . . . , θhk

Extracted parameters from PQC

θh1 , . . . , θhM−1 Sequence of previously extracted PQC param-
eters used as input to the forecasting model

θ̂hJP +1
Parameters predicted by the forecasting model F 
after JP partial optimization iterations

W Training set of parameter sequences for the 
forecasting model

M Multivariate time series length
F Forecasting model
X Fixed feature representation shared across data 

blocks
CS Criterion for extracting relevant local minima
L Sequence of cost function values (loss history) 

used to extract local minima
Ŷ Predicted labels for the unlabeled samples Uh

h Index of the current data block
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inherits symmetries. For example, swapping θ(1) ↔ θ(L) 
might not change the value of the objective function. This 
can lead to the existence of equivalence classes, where the 
parameters at the first and last layers behave similarly (Cer-
ezo et al. 2021). Furthermore, during the optimization pro-
cess, for instance based on gradient descent, the gradient 
at layer 1 indirectly influences the parameters of the sub-
sequent layers. Specifically, updating θ

(1)
i  alters the state 

for layers 2, 3, . . . , L, meaning that the refinements at layer 
L are dependent on the earlier modifications (Schuld et al. 
2020; Pesah et al. 2021).
Algorithm 1  QURIOSO

3.2.2  Generation of training data from parameterizations

QURIOSO constructs the training data for the forecast-
ing model by using the sequences of parameterizations 
[θh1 , . . . , θhI

] produced by the VQA while building the 
binary classifier on the training data blocks. For each 
sequence θh, it selects a subset of k d-dimensional 
parameterizations, on the basis of the characteristics 
of the associated loss values L (Algorithm  1, lines 4, 
9, and 16). This selection is performed using the algo-
rithm extract_points() (Algorithm 2), specifically 
designed to identify "instances of optimization conver-
gent processes." As known, the completion of the optimi-
zation step does not necessarily imply the determination 
of the local minima. Indeed, these could be identified 

parameterization (produced after a few iterations) in order 
to guide it toward convergence. In particular, F is queried 
to both refine the parameters generated by the VQA (after 
JP iterations) and guide to convergence (after JS itera-
tions). This behavior corresponds to the lines 14–25, where 
F is used to handle the two modes introduced in Section 
2– i) forecast deployment and ii) forecast refinement. The 
number of optimizer iterations predefined in the mode i) is 
constrained by the input threshold JP. Thus, for each pair 
(Lh, Uh), the VQA is executed for JP iterations (JP < I) to 
obtain an initial sequence of configurations compatible with 
the M-long sequences learned by F (lines 15,16). Indeed, 
the line 17 returns the estimation θ̂hM  corresponding to 
the predicted parameterization following θ̂hM−1  which is 
appended to the last generated one, namely θ̂hJP . The mode 
i) is completed with the deployment of θ̂hJP +1 to the binary 
classifier, which therefore can provide the binary labels Ŷ  
for Uh (line 22).

While the mode i) is predefined in the workflow of 
QURIOSO, the mode ii) is optional. It can be activated by 
setting a non-zero value for the threshold JS, which deter-
mines the number of optimizer iterations performed after 
querying F. In this case, the VQA further refines the esti-
mation θ̂hJP +1 while still operating on Lh. The mode ii) 
is completed with the deployment of θ̂hJS+1 to the binary 
classifier, which therefore can provide the binary labels Ŷ  
for Uh (line 20).

The design of QURIOSO is intentionally general with 
respect to the underlying VQA, and the implementation of 
Algorithm 1 is independent on the specific PQC used, mak-
ing the approach broadly applicable across different PQCs. 
The VQA presents the usual structure with two main con-
stituents, that is, i) encoding circuit designed with quan-
tum gates at fixed parameters and responsible for mapping 
classical data into quantum states; ii) composite gate-block 
consisting of parameterized gates, whose parameters are 
iteratively refined by an optimization algorithm. Numer-
ous alternatives can be considered for each of these com-
ponents, however, for the purpose of this work, it suffices 
to employ standard circuit patterns from the literature. The 
sole choice we make is to replicate the same circuit pat-
tern along the PQC. Consequently, the total number of the 
parameters amounts to d (Section 3.1).

Although this choice can exacerbate decoherence issues 
on real quantum machines, it provides a suitable founda-
tion for the forecasting model to learn from the optimiz-
ing function when tuning related parameters. Indeed, if the 
same parametric gate U(θ) is applied at every layer, the full 
sequence

U(θ(L)) U(θ(L−1)) . . . U(θ(1))
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regulate information flow, and outputs updated versions of 
the hidden state and cell state. This enables the model to 
maintain both short and long term memory.

Each LSTM cell maintains a hidden state nt and a 
cell state ct, which are propagated along the sequence. 
Three gates control how the information is handled, that 
is, forget, which controls the information to be discarded, 
input, which controls the information to be stored, and 
output, which controls the information to be returned. 
The input gate works in tandem with a candidate memory 
vector c̃t, which encodes new information potentially 
useful for the cell state. The cell state acts as long-term 
memory, while the hidden state reflects short-term mem-
ory for prediction. The gating operations implement the 
following equations:

ft = σ(Wf θht
+ Uf nt−1 + bf ) , � (1)

it = σ(Wiθht
+ Uint−1 + bi) , � (2)

c̃t = tanh(Wcθht
+ Ucnt−1 + bc) , � (3)

ct = ft ⊙ ct−1 + it ⊙ c̃t, � (4)

ot = σ(Woθht
+ Uont−1 + bo) , � (5)

nt = ot ⊙ tanh(ct), � (6)

where ⊙ denotes element-wise multiplication.
where,

	● δ is the hidden dimension of the LSTM cell, that is, di-
mensions of the hidden state and cell state;

	● θht
∈ [0, 2π] is the input at time t ;

	● σ(z) = 1
1+e−z  is the sigmoid activation function;

	● tanh(z) = ez−e−z

ez+e−z  is the hyperbolic tangent activation 
function;

	● ft, it, ot ∈ (0, 1)δ; c̃t, nt ∈ (−1, 1)δ; ct ∈ Rδ;
	● Wf , Wi, Wo, Wc ∈ Rδ×1 are input weight matrices;
	● Uf , Ui, Uo, Uc ∈ Rδ×δ  are recurrent weight matrices;
	● bf , bi, bo, bc ∈ Rδ  are bias vectors.

The submodel for one parameter is queried on the previous 
M − 1 values of that parameter to predict the M-th value 
θ̂hM

∈ [0, 2π] by applying a linear transformation to the 
final hidden state nM−1:

θ̂hM
= WynM−1 + by,� (7)

where Wy ∈ R1×δ  and by ∈ R are the output weight and 
bias, respectively.

even during the process, at the intermediate iterations 
and not necessarily at final iterations. To cope with these 
eventualities, the Algorithm  2 implements two alterna-
tive modes, each activated with the option CS . When it 
is being chosen (line 1), the algorithm constructs a set of 
k parameterizations whose associated losses better repre-
sents a converging process. Specifically, it first generates 
all subsequences of L of length k, and, for each subse-
quence, it computes the sum of absolute gradients (differ-
ences) between consecutive iterates. Then, it selects the 
subsequence with the smallest total gradient, indicating 
the most stable region near convergence, and return the 
corresponding k values of θh. When CS is not activated, 
the algorithm works under the hypothesis that the losses 
have a decreasing tendency and therefore extracts the last 
k points from the initial set of m losses to construct a 
sequence denoting a converging process.
Algorithm 2  extract_points()

3.2.3  Sequence modeling through LSTM architectures

The training data produced by Algorithm 2 feeds the learn-
ing process of the forecasting model F (line 13). The fore-
casting model consists of d LSTM-based submodels, each 
assigned to one parameter and trained to estimate its value 
in the range [0, 2π]. Each submodel receives, as input, a 
time-series of length M − 1 and predicts the M-th value, as 
also formulated in Section 3.1:

[θh1 , θh2 , . . . , θhM−1 ] �→ θhM
,

where θht  is a scalar representing the parameter value at 
time step t.

We implement F with two variants inspired by LSTM 
networks, a class of recurrent neural networks specifically 
designed to capture long-range dependencies in sequen-
tial data while mitigating the vanishing gradient prob-
lem (Hochreiter and Schmidhuber 1997a). The first variant 
is inspired to the design of the LSTM in classical comput-
ing. An LSTM network processes a sequence over time 
and consists of a chain of LSTM cells. At each time step 
t, an LSTM cell receives the current input θht  and the pre-
vious hidden and cell states, applies gating operations that 
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four circuits. The advantage of this technique is two-fold, one 
representational , the other computational. First, it allows 
the model to build a unified dense feature representation 
that captures joint temporal patterns between the input and 
the past hidden state, providing informative elements to all 
gates. Second, a unique embedding block guarantees fewer 
weights than four distinct embeddings, resulting in gains in 
terms of efficiency and in terms of overfitting, each avoid 
embedding specialized for each of the the tree gates. As to 
the decode, the intermediate mapping serves to project the 
measurement outcomes (determined on the 2n basis states, n 
as number of qubits of the four circuits) into the real-valued 
space of the activation functions. However, considering the 
peculiarities of the different gating mechanisms, the choice 
of using a unifying mapping could not be appropriate, so 
we argue in favor of gate-specific mappings that would 
facilitate the transformation of the outcomes in the form and 
scale needed for each gate of the LSTM cell. The advantage 
is that a dedicated embedding can learn the precise mapping 
from quantum outputs to the LSTM vectors, while a single 
embedding could to be too generic, incurring in the risk 
of degrading the performances. The gating operations can 
be adapted in order to integrate parameterized quantum 
circuits and embedding classical blocks (Cao et al. 2023). 
Thus, we can reformulate the equations (1)–(6). At each 
time step t, we have

zt = E(nt−1 ⊕ θht
) � (8)

ft = σ (E (QG(zt))) � (9)

it = σ (E (QG(zt))) � (10)

c̃t = tanh (E (QG(zt))) � (11)

ct = ft ⊙ ct−1 + it ⊙ c̃t � (12)

ot = σ (E (QG(zt))) � (13)

nt = ot ⊙ tanh(ct) � (14)

It can be see that the same design of quantum circuit (QG) 
is used to generate the arguments of the activation func-
tions σ() and tanh(). The same mapping (E) is used for the 
forget, input and output gates, and candidate memory. The 
intermediate mapping E compresses classical data (nt−1, 
θht ) which are encoded into quantum states prepared for the 
QG. The resulting basis states probabilities feed the same 
block E.

The formulation of the QG is reported below:

The second variant explores a quantum-enhancement of 
the LSTM, that retains the gating operations-based structure 
and anticipates each gate with equally-sized quantum cir-
cuits (Chen et al. 2020). These circuits are arranged within 
the LSTM structure to ensure the transmission of a classi-
cal long- and short-term memory state between consecutive 
cells. The goal is to leverage quantum properties, such as 
superposition and entanglement, to represent and process 
information more efficiently, In fact, empirical studies have 
already proven improvement in terms of accuracy over the 
classical LSTMs, also thanks to representational power of 
the Hilbert space.

However, in the original design, the size of the qubit 
register dictates the dimensions of the input vector and 
hidden state, in fact the total dimensionality of both has 
to equal the number of qubits. Thus, to match the dimen-
sions of the hidden layer and the cell state, only a subset of 
the qubits is measured, resulting in a significant quantum 
information loss. Such a “partial” read-out is performed at 
each optimization iteration and therefore limits the expres-
sive capacity of the whole qubit register. Several strategies 
can deal with issue. One is the use of the amplitude encod-
ing, which eliminates the forced one-to-one association 
between classical features and qubits. This could require 
re-sizing the qubits or preliminary operations for state 
preparation. An alternative involves the insertion of entan-
glement between the qubits encoding the hidden states and 
those encoding input vector, and then, keeping the latter, 
since would convey the information of the former. This 
could necessitate re-designing the data encoding and using 
a larger qubit register.

A particularly promising solution is to detach the 
dimension of the LSTM states from the number of the 
qubits, leaving the four circuits anticipating the three 
gates and candidate memory (Cao et al. 2023). This 
allows to set one independently from each other and 
opens to the possibility to design better the quantum 
circuits (avoiding large number of qubits) and devise the 
gating mechanisms closer to the forecasting problem and 
input sequences.

To implement that, we introduce intermediate 
representational mappings which i) encode input sequences 
and LSTM states into subspaces of Hilbert space defined by 
the quantum circuits and ii) decode measurement outcomes 
into the LSTM vector space. In particular, as to the encode, 
since the input and hidden state are given with the same 
representation to the three gates and candidate memory 
(namely, a concatenating vector), we propose using a unified 
embedding block which compresses the concatenation " ⊕ 
" of the two vectors nt−1 and θht  (nt−1 ⊕ θht ) to a lower-
dimensional space, sized as the number of the qubits of the 
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It is noteworthy for the purposes of training and fore-
casting that the capacity of unearthing complex rela-
tionships of the classical LSTMs is preserved and even 
emphasized along “distributed contributions” in the 
quantum-enhanced variant formulated in the equations 
(8)–(14), although the evolution of the quantum state 
along the circuit (until the measurement) is linear in 
itself, operating always in Hilbert space. In fact, the work 
of “squashing” that the two activation functions between 
their unbounded arguments and bounded ranges (that is, 
[0,1] for σ(), [-1,1] for tanh()]) is unrolled by the quan-
tum data encoding, parameter-tunable gates of QG and 
measurements. Indeed, the parameterized gates Ry  and 
Rz  introduce a sort of non-linear dependence between 
the real-valued classical data and magnitude and phase 
resulting from the rotations along the Y and Z axis of 
the Bloch sphere. Clearly, this holds on the relationship 
between the quantum states produced through the refine-
ments of the parameters of the tunable gates and classical 
data. Additionally, at the end of the circuit, the measure-
ment of the the expectation value of the observable of 
the quantum state produces a non-linear function on the 
parameters due to the quantum amplitudes and interfer-
ence effects.

4  Experiments

We conducted an evaluation of QURIOSO using two 
classical datasets. The first dataset is the Spambase3 
dataset (Hopkins et al. 1999), which consists of 
approximately 4600 samples described by 57 real-
valued features derived from timestamped emails. 
These features include word and character frequencies, 
accompanied by binary labels that indicate whether the 
messages are classified as spam or non-spam. The second 
dataset is Ozone4 (Zhang et al. 2008), notable for its 
temporal structure and class imbalance. To ensure a fair 
evaluation in this sequential context, we implemented a 
balancing procedure to achieve an approximately equal 
distribution of classes within each fold prior to training 
and evaluation.

3  https:/​/archiv​e.ics.u​ci.ed​u/ml/datasets/Spambase
4  https:​​​//archi​ve.​ics​.uc​​i.edu/d​ata​set/172/ozone+level+detection

QG(Ω, Λ) =
[
H⊗4

Ry
⊗4

(arctan(Λ))Rz
⊗4

(arctan(Λ2))|0⊗4
⟩
]

[
CRY 1,2(Ω0) ⊗ I⊗2

CRY 1,3(Ω1) ⊗ I⊗2
CRY 1,4(Ω2) ⊗ I⊗2]

[
CRY 2,3(Ω3) ⊗ I⊗2

CRY 2,4(Ω4) ⊗ I⊗2
CRY 2,1(Ω5) ⊗ I⊗2]

[
CRY 3,4(Ω6) ⊗ I⊗2

CRY 3,2(Ω7) ⊗ I⊗2
CRY 3,1(Ω8) ⊗ I⊗2]

[
CRY 4,3(Ω9) ⊗ I⊗2

CRY 4,2(Ω10) ⊗ I⊗2
CRY 4,1(Ω11) ⊗ I⊗2]

� (15)

with CRY control,target2 denoting the two-qubit controlled 
gate with a rotation gate Ry() operating on the control 
qubit, Ω denotes the parameter set of the circuit (one param-
eter for each controlled rotation-x gate CRY()). The block 
H⊗4

Ry
⊗4

(arctan(Λ))Rz
⊗4

(arctan(Λ2)) represents 
the encoding of the vector Λ denoting the projection of zt 
through E. The proposed QG is shown in Fig. 2.

As proposed in Cao et al. (2023), we introduce two inno-
vations compared to Chen et al. (2020), i) the explicit imple-
mentation of all the connections between qubits explicit, ii) 
the use of these connections to enable a wider exploration of 
the Hilbert space. The first point is addressed by introducing 
two qubit gates on pairs of qubits, specifically controlled-
gates. Indeed, they establish relationships between the base 
state |1⟩ of the control and the quantum state of the target. 
The second point is addressed with controlled-rotational 
gates, which better tune the dependence between target and 
control through a condition.

Differently to what presented in Cao et al. (2023), we 
conjecture the use of controlled-rotational gate on the 
Y-axis, with respect to the Z-axis. The rotation gate RY () 
combines the amplitudes of |0⟩ and |1⟩ states using cos() 
and sin(), therefore the controlled-rotational gate on Y-axis 
performs this operation upon a condition, that is, only when 
the control is in the state |1⟩. This allows both dependence 
and amplitude modulation be injected into a single gate, 
resulting in a richer transformation than the rotation gate 
RZ(). In fact, the controlled-rotational gate on Z-axis modi-
fies only the phase between the basis states. While this is 
sufficient for entanglement, it often requires additional gates 
(e.g., Hadamard) to convert phase information into measur-
able amplitude changes. In contrast, the controlled-rotatonal 
gate on Y-axis directly changes the magnitude and conse-
quently the measurement probabilities, enabling the explo-
ration within a wider space.

2  The notation CRY c,t indicates that the superscript c denotes the 
index of the control qubit, while t denotes the index of target qubit of 
the controlled-not gate.

Fig. 2  QG: Encoding block H⊗4R⊗4
y (arctan(Λ))R⊗4

z (arctan(Λ2)) followed by parametrized controlled CRY c,t(λ) rotations, where Ω 
denotes the trainable parameters of the circuit

 

1 3

Page 11 of 47     35 

https://archive.ics.uci.edu/ml/datasets/Spambase
https://archive.ics.uci.edu/dataset/172/ozone


Quantum Machine Intelligence            (2026) 8:35 

VQA(Ω, Θ) =
[
R⊗8

y (Ω)
]

[
CNOT 7,8 ⊗ I⊗6][

CNOT 6,7 ⊗ I⊗6]
[
CNOT 5,6 ⊗ I⊗6][

CNOT 4,5 ⊗ I⊗6]
[
CNOT 3,4 ⊗ I⊗6][

CNOT 2,3 ⊗ I⊗6]
[
CNOT 1,2 ⊗ I⊗6][

R⊗8

y (Θ)
]
|0⊗8

⟩

� (16)

This formulation represents the circuit structure used for the 
VQA, developed over a depth of 3. It is composed by mul-
tiple layers of parameterized single-qubit rotations around the 
Y-axis, interspersed with entangling operations. The entangle-
ment follows a reverse order with CNOT gates applied from 
the last qubit to the first, thereby creating a directed chain of 
entanglement in reverse order. It presents two set of parame-
ters, Ω and Θ, both having 8 parameters each. Thus, the VQA 
presents a total number of 32 parameters, considering that the 
set Θ is replicated in the circuit depth (Kandala et al. 2017). 
The proposed VQA is shown in Fig. 3.

Although QURIOSO offers generality with respect to the 
relative variational circuit, for experimental purposes, we 
have adopted the same choices done for the baseline VQA. 
As to the forecasting model, the Adam optimizer has been 
used, featuring a learning rate of 0.001, over a number of 
200 epochs, for the LSTM model (Hochreiter and Schmid-
huber 1997b) we use Tensorflow (Singh and Manure 2019) 
for the building, proposing a very simple model the LSTM 
cell and a dense layer for the prediction, instead, regarding 
the quantum-enhanced version, the model used is described 
in the Section 3.2.3, and is implemented using Torch 
(Imambi et al. 2021) and Pennylane (Bergholm et al. 2018).

4.2  Experimental setting and performance 
measures

The performances have been evaluated following a scheme 
adequate for the lifelong learning scenario. By the principle 
of the sequential data, where labeled and unlabeled data are 
not available as a batch, but become available incrementally 
and without a predefined order, we considered the Prequen-
tial Evaluation (Gama et al. 2013), which is an approach 
very often used for the evaluation of classical computing 

QURIOSO has been implemented utilizing Python 3.10 
in conjunction with the IBM Qiskit SDK version 1.0.2 (Anis 
et al. 2021), an extension designed for quantum machine 
learning applications within the Qiskit framework (Sahin et 
al. 2025). The implementation was evaluated using the Aer 
simulator. The following libraries were employed: Scikit-
learn version 1.4.2 (Pedregosa et al. 2011), as well as Torch 
version 2.3.0, TensorFlow version 2.16.1 and PennyLane 
version 0.35.1.

4.1  Evaluated algorithms

We have evaluated several variants of QURIOSO, each 
designed on different architectural and methodological deci-
sions introduced in Section 3.2. Specifically,

	● type of forecasting model, either the classical neural 
network architecture of Section 3.2.3, named as LS, 
or the quantum-enhanced version of Section 3.2.3, 
named as QY

	● selection of the k parameterizations used to train the fore-
casting model, either the generation of the subsequence 
of k losses with the smallest total gradient (CS–lines 4,9– 
Algorithm 1), here named as ks, or the generation of the 
subsequence with the last generated k losses, here named 
as kn.

Hence, four alternative variants have been drawn. We name 
LSks and QY ks the variants that combine the forecasting 
model with CS, while LSkn and QY kn are the variants 
with CS inactivated, respectively. The implementation of 
the option CS when training of the forecasting model opens 
up an additional category of variants, the one which uses 
CS to query the model F (Algorithm 1–lines 16,17). In fact, 
once F has been trained (line 13), it is being consulted on a 
sequence of M − 1 points extracted from those of JP itera-
tions. We refer to these variants with the superscripts sJ and 
nJ, respectively.

The several variants of QURIOSO have been compared 
against the baseline designed by a conventional VQA archi-
tecture with COBYLA as optimization technique and the 
parameterized quantum circuit here formulated:

Fig. 3  VQA circuit with depth 3, consisting of alternating blocks of parametrized single-qubit RY  rotations and reverse-ordered CNOT entangling 
operations. The architecture uses two parameter sets, Ω and Θ, for a total of 32 trainable parameters, with Θ replicated across the three layers
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Regarding performance measures, we collect the following:

	● moving average accuracy, which explains how the stan-
dard accuracy runs over the unlabelled data portions. It 
is re-calculated once a data block has been processed. 

  
MAA(h) = 1

h − S + 1

h∑
j=S

Acc(Uj), h = S, . . . , S + T,

� (17)

 where Acc(Uh) is the accuracy on an unlabeled portion Uh.

	● mean accuracy, which is the accuracy averaged over the 
set of all unlabeled data portions. This metric tends to 
approximate the final moving average closely, given that 
the incremental mean is derived from a comparatively 
limited number of data portions 

  
MeanAcc = 1

T + 1

S+T∑
h=S

Acc(Uh).� (18)

	● running time required to complete the overall process il-
lustrated in Algorithm 1, comprising the operation of train-
ing of the forecasting model (over labelled data portions) 
and operation of querying (over unlabelled data portions).

4.3  Results

The experimental results have been collected and presented 
in order to give empirical evidence to the following research 
questions:

RQ1: Does QURIOSO achieve an accuracy comparable 
to or higher than that of the baseline VQA?
RQ2: How does the moving average accuracy evolve 
across the data blocks, and how it changes in compari-
son to the baseline VQA?
RQ3: How are the execution times of QURIOSO across 
data blocks, and how does it compare to the baseline?
RQ4: What is the relationship between PQC depth and 
parameterisation?

4.3.1  RQ1: Does QURIOSO achieve an accuracy comparable 
to or higher than that of the baseline VQA?

The first research question (RQ1) examines whether the 
QURIOSO framework can achieve a mean accuracy that is 
comparable to or exceeds that of the baseline model (VQA). 
Given that the datasets under consideration exhibit distinct 
characteristics, we present and discuss the results separately 
for each dataset.

learner performances. Prequential evaluation sequentially 
combines training data (labeled data used during train-
ing sessions) and testing data (labeled data with hidden 
labels during prediction sessions). This approach allows us 
to assess the reliability and generality of the classifier on 
unseen data that has not yet been acquired. Applied to this 
manuscript, the binary classifier is trained on S labeled data 
portions. Then, when the portions Uh of unlabeled samples 
are ready, the predictions commence. The classifier pro-
vides estimations on binary labeling, while the ground-truth 
labels are hidden and retained for evaluation. In essence, for 
experimental purposes, unlabeled data samples are gener-
ated from labeled data with label being hidden. Once pro-
cessed, the information on the hidden labels is discarded 
and not used for updating the classifier or subsequent evalu-
ations. This evaluation approach enables us to assess the 
classifier performance as it encounters new unlabeled data, 
and ensures that the model performance is evaluated on data 
that closely reflects its operational environment. The over-
all collection of data samples has been split into 60 equally 
sized data blocks, following the chronological order of the 
samples. The first 12 data blocks have been used to built 
the S data blocks (Algorithm 1, lines 1–13). The remaining 
48 have been used to query the forecasting model (Algo-
rithm 1, lines 14–25) and provide the binary labeling. More 
precisely, for each of such data blocks, a portion of 70% has 
been used to execute the VQA (lines 15,19) and query the 
forecasting model (line 17), while the remaining portion of 
30% is the target of the binary classifier (lines 20,22), once 
the parameters have been estimated (line 17).

The experimental setting also concerns the determina-
tion of user-defined thresholds of the baseline VQA and 
QURIOSO (Algorithm  1). For VQA, the number of the 
iterations I is fixed to 100. While, for QURIOSO, in order to 
fully leverage the design of QURIOSO compared to VQA 
in terms of number of optimizing iterations, JP is set to 40, 
which is less than half of I. The remaining thresholds are 
configured as follows:

	● k, number of the extracted parameterizations, set to 5, 
10, 15

	● M, length of the input sequences to train the model F, 
takes 4 distinct values dependently on the values of k

	● JS, number of the refinement iterations once F has been 
queried, set to 0, I

2 − JP , I − JP . The value 0 implies 
that the parameters are estimated by sole contribution 
of F. The value I

2 − JP  implies that the parameters are 
estimated by combined effect of F and a few iterations 
of the variational circuit of QURIOSO (still lower than 
the half of I). The value I − JP  has been considered to 
evaluate how QURIOSO perform by working on I itera-
tions, the same as the baseline VQA.
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For the largest context size, k = 15 (Table  4), the per-
formance differences among models become more subtle. 
Although the baseline remains competitive, certain QY con-
figurations continue to achieve accuracies that meet or exceed 
the baseline for intermediate and large values of M . In con-
trast, most LS variants show a gradual decline in performance, 
confirming their limited capacity to sustain effectiveness as 
both context size and temporal aggregation increase.

RQ1 – Ozone. We now direct our focus to the findings 
derived from the Ozone dataset. As outlined in the respective 
results tables (Tables 5, 6, and 7), the baseline VQA model con-
sistently attains a mean accuracy of 0.808 across all sequential 
folds, thereby establishing a robust reference point for the eval-
uation of the proposed QURIOSO variants within this dataset.

The performance of QURIOSO on the Ozone dataset shows 
a narrower margin compared to the baseline, in contrast to the 
broader margin seen in the Spambase dataset. Such behavior 
is anticipated, given the heightened variability introduced by 
artificial class balancing, in conjunction with the more hetero-
geneous nature of the data distribution. Nonetheless, several 
configurations of QURIOSO demonstrate the capability to 
match or even exceed baseline accuracy across varying values 
of k and M , thus affirming the competitiveness of the proposed 
methodology, even within this more challenging context.

In particular, for smaller context sizes (k=5), both classi-
cal (LS) and quantum-enhanced (QY) forecasting variants 

RQ1 – Spambase. To address RQ1 for the Spambase data-
set, we assess whether the proposed QURIOSO framework 
can achieve aggregate classification accuracy that is com-
parable to or exceeds that of the VQA. The findings for the 
Spambase dataset are summarized in Tables 2, 3, and 4, which 
correspond to increasing values of the extracted context size k.

For k = 5 (Table 2), QURIOSO variants based on quan-
tum-enhanced forecasting (QY) consistently outperform the 
baseline across all tested values of M . Notably, configura-
tions that utilize slope-based extraction (QY sJ

ks ) achieve the 
highest accuracies for small to moderate values of M , indi-
cating that quantum-enhanced forecasting is particularly 
effective in short-context scenarios. In contrast, classical 
forecasting variants (LS) occasionally reach baseline-level 
performance but display higher variability and demonstrate 
greater sensitivity to the choice of refinement strategy.

As the context size increases to k = 10 (Table 3), the 
advantages of QY models become more evident for larger 
values of M . While several LS configurations experience 
a noticeable decline as the temporal window expands, 
various QY variants maintain or surpass baseline per-
formance, with optimal results arising in settings where 
forecasting is paired with moderate refinement. These 
observations imply that quantum-enhanced forecasting 
offers enhanced robustness as the optimization landscape 
becomes more complex.

Table 2  Mean accuracy values obtained on the Spambase dataset for the different evaluated algorithms (M ∈
(

k
2 , k, 2k

3 , 2k
)

), with k = 5
Algorithms M=3 M=5 M=8 M=10
VQA 0.730 0.730 0.730 0.730
LSsJ

ks
JS = 0 0.700 0.698 0.613 0.572

JS = I
2 − JP 0.655 0.668 0.700 0.717

JS = I − JP 0.721 0.725 0.710 0.715

LSsJ
kn

JS = 0 0.745 0.710 0.686 0.712

JS = I
2 − JP 0.730 0.714 0.698 0.695

JS = I − JP 0.723 0.719 0.715 0.717

LSnJ
kn

JS = 0 0.702 0.721 0.696 0.720

JS = I
2 − JP 0.725 0.728 0.718 0.718

JS = I − JP 0.722 0.740 0.732 0.706

QY sJ
ks

JS = 0 0.774 0.737 0.742 0.743

JS = I
2 − JP 0.698 0.719 0.731 0.731

JS = I − JP 0.700 0.722 0.704 0.722

QY sJ
kn

JS = 0 0.721 0.724 0.728 0.717

JS = I
2 − JP 0.711 0.722 0.723 0.716

JS = I − JP 0.707 0.711 0.739 0.725

QY nJ
kn

JS = 0 0.709 0.736 0.715 0.725

JS = I
2 − JP 0.730 0.699 0.721 0.732

JS = I − JP 0.735 0.737 0.724 0.713
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Table 3  Mean accuracy values obtained on the Spambase dataset for the different evaluated algorithms (M ∈
{

k
2 , k, 2×k

3 , 2 × k
}

) with k = 10
Algorithms M=5 M=10 M=15 M=20
VQA 0.730 0.730 0.730 0.730
LSsJ

ks
JS = 0 0.708 0.683 0.499 0.570

JS = I
2 − JP 0.690 0.671 0.632 0.658

JS = I − JP 0.709 0.738 0.704 0.715

LSsJ
kn

JS = 0 0.734 0.735 0.662 0.726

JS = I
2 − JP 0.727 0.716 0.702 0.714

JS = I − JP 0.732 0.727 0.716 0.712

LSnJ
kn

JS = 0 0.730 0.725 0.650 0.688

JS = I
2 − JP 0.730 0.705 0.667 0.691

JS = I − JP 0.710 0.717 0.730 0.709

QY sJ
ks

JS = 0 0.646 0.660 0.681 0.751

JS = I
2 − JP 0.675 0.698 0.711 0.735

J+(I - J) 0.712 0.701 0.716 0.706
QY sJ

kn
JS = 0 0.710 0.683 0.701 0.736

JS = I
2 − JP 0.694 0.723 0.718 0.715

JS = I − JP 0.726 0.709 0.717 0.717

QY nJ
kn

JS = 0 0.719 0.710 0.697 0.733

JS = I
2 − JP 0.714 0.709 0.730 0.723

JS = I − JP 0.721 0.727 0.723 0.730

Table 4  Mean accuracy values obtained on the Spambase dataset for the different evaluated algorithms (M ∈
{

k
2 , k, 2×k

3 , 2 × k
}

) with k = 15
Algorithms M=8 M=15 M=23 M=30
VQA 0.730 0.730 0.730 0.730
LSsJ

ks
JS = 0 0.666 0.715 0.567 0.657

JS = I
2 − JP 0.687 0.714 0.725 0.679

JS = I − JP 0.717 0.720 0.721 0.699

LSsJ
kn

JS = 0 0.703 0.648 0.710 0.704

JS = I
2 − JP 0.721 0.675 0.705 0.701

JS = I − JP 0.730 0.714 0.719 0.704

LSnJ
kn

JS = 0 0.714 0.721 0.730 0.673

JS = I
2 − JP 0.722 0.709 0.714 0.712

JS = I − JP 0.728 0.730 0.720 0.722

QY sJ
ks

JS = 0 0.727 0.685 0.738 0.731

JS = I
2 − JP 0.712 0.733 0.712 0.722

JS = I − JP 0.713 0.721 0.703 0.721

QY sJ
kn

JS = 0 0.699 0.699 0.734 0.712

JS = I
2 − JP 0.750 0.702 0.734 0.724

JS = I − JP 0.708 0.729 0.726 0.706

QY nJ
kn

JS = 0 0.721 0.701 0.705 0.731

JS = I
2 − JP 0.694 0.716 0.722 0.712

JS = I − JP 0.719 0.732 0.734 0.725
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Table 5  Mean accuracy values obtained on the Ozone dataset for the different evaluated algorithms (M ∈
(

k
2 , k, 2k

3 , 2k
)

), with k = 5
Algorithms M=3 M=5 M=8 M=10
VQA 0.808 0.808 0.808 0.808
LSsJ

ks
JS = 0 0.792 0.806 0.633 0.811

JS = I
2 − JP 0.799 0.810 0.503 0.806

JS = I − JP 0.803 0.807 0.713 0.718

LSsJ
kn

JS = 0 0.803 0.806 0.807 0.807

JS = I
2 − JP 0.796 0.803 0.810 0.811

JS = I − JP 0.806 0.803 0.804 0.806

LSnJ
kn

JS = 0 0.797 0.806 0.804 0.807

JS = I
2 − JP 0.796 0.804 0.804 0.806

JS = I − JP 0.807 0.808 0.804 0.804

QY sJ
ks

JS = 0 0.804 0.696 0.742 0.810

JS = I
2 − JP 0.792 0.721 0.808 0.804

JS = I − JP 0.807 0.808 0.804 0.807

QY sJ
kn

JS = 0 0.808 0.806 0.806 0.767

JS = I
2 − JP 0.807 0.808 0.807 0.800

JS = I − JP 0.808 0.807 0.803 0.807

QY nJ
kn

JS = 0 0.793 0.804 0.810 0.810

JS = I
2 − JP 0.806 0.808 0.803 0.810

JS = I − JP 0.800 0.804 0.804 0.808

Table 6  Mean accuracy values obtained on the Ozone dataset for the different evaluated algorithms (M ∈
{

k
2 , k, 2×k

3 , 2 × k
}

) with k = 10
Algorithms M=5 M=10 M=15 M=20
VQA 0.808 0.808 0.808 0.808
LSsJ

ks
JS = 0 0.801 0.542 0.487 0.726

JS = I
2 − JP 0.804 0.525 0.717 0.696

JS = I − JP 0.808 0.767 0.772 0.799

LSsJ
kn

JS = 0 0.804 0.810 0.804 0.800

JS = I
2 − JP 0.801 0.806 0.807 0.800

JS = I − JP 0.804 0.807 0.811 0.799

LSnJ
kn

JS = 0 0.803 0.799 0.803 0.806

JS = I
2 − JP 0.792 0.808 0.806 0.806

JS = I − JP 0.803 0.808 0.801 0.804

QY sJ
ks

JS = 0 0.743 0.807 0.797 0.790

JS = I
2 − JP 0.771 0.810 0.811 0.797

J + (I − J) 0.804 0.807 0.806 0.806

QY sJ
kn

JS = 0 0.810 0.792 0.797 0.794

JS = I
2 − JP 0.804 0.786 0.790 0.803

JS = I − JP 0.812 0.807 0.807 0.807

QY nJ
kn

JS = 0 0.801 0.814 0.806 0.807

JS = I
2 − JP 0.797 0.808 0.815 0.810

JS = I − JP 0.808 0.812 0.803 0.811
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across folds. In this context, QURIOSO generally achieves 
performance levels that are comparable to the baseline, with 
noticeable improvements arising only in specific configurations. 
These findings suggest that while forecasting remains advanta-
geous, its impact is inherently limited by the noisier optimiza-
tion landscape created by heterogeneous data distributions.

A consistent trend emerges across both datasets: QY tend 
to demonstrate greater robustness compared to LS, particu-
larly as M increases. However, the extent of the improvement 
is heavily influenced by the interaction between forecasting 
and refinement. While minimal refinement is typically suf-
ficient for Spambase, Ozone benefits from more carefully 
balanced update strategies to avoid performance degradation.

Overall, the findings of RQ1 indicate that QURIOSO is 
capable of matching or surpassing the static baseline across 
diverse settings, with its benefits becoming more evident 
in scenarios where the optimization process can effectively 
leverage structured temporal signals.

4.3.2  RQ2: How does the moving average accuracy 
evolve across the data blocks, and how does it change in 
comparison to the baseline VQA?

To address RQ2, we examine the progression of moving 
average accuracy (MAA) throughout the sequential data 
portions Uh with the aim to experimentally verify whether 

sporadically surpass the baseline; importantly, no single fam-
ily consistently outperforms across all configurations. As the 
context size increases (k=10 and k=15), the performance 
differences exhibit a more structured pattern: select QY vari-
ants maintain accuracies that are comparable to, or slightly 
exceed, the baseline, especially when refinement strategies 
are carefully combined with forecasting techniques.

Contrasting with the Spambase results, where quantum-
enhanced forecasting manifested a distinct advantage, the 
outcomes on the Ozone dataset underscore a more balanced 
scenario wherein refinement assumes a pivotal stabilizing 
role. In this context, QURIOSO benefits less from relying 
solely on forecasting. Instead, it excels through a care-
ful balance of forecasting and parameter refinement. This 
approach allows the model to adapt effectively while mini-
mizing the noise caused by changes in the data distribution.

RQ1 – Discussion The results associated with RQ1 pro-
vide a comprehensive overview of the static performance of 
QURIOSO across datasets with distinctly different characteris-
tics. On the Spambase dataset, the proposed framework, espe-
cially when integrated with quantum-enhanced forecasting, 
consistently outperforms the static VQA baseline. This under-
scores the effectiveness of forecasting-driven parameter updates 
within relatively stable and structured data distributions.

In contrast, the Ozone dataset poses a more challenging sce-
nario due to artificial class balancing and heightened variability 

Table 7  Mean accuracy values obtained on the Ozone dataset for the different evaluated algorithms (M ∈
{

k
2 , k, 2×k

3 , 2 × k
}

) with k = 15
Algorithms M=8 M=15 M=23 M=30
VQA 0.808 0.808 0.808 0.808
LSsJ

ks
JS = 0 0.799 0.596 0.782 0.751

JS = I
2 − JP 0.803 0.782 0.782 0.753

JS = I − JP 0.810 0.808 0.794 0.797

LSsJ
kn

JS = 0 0.803 0.806 0.803 0.799

JS = I
2 − JP 0.801 0.803 0.803 0.804

JS = I − JP 0.800 0.803 0.812 0.800

LSnJ
kn

JS = 0 0.800 0.806 0.804 0.808

JS = I
2 − JP 0.800 0.806 0.803 0.806

JS = I − JP 0.808 0.804 0.804 0.807

QY sJ
ks

JS = 0 0.740 0.714 0.740 0.804

JS = I
2 − JP 0.771 0.733 0.792 0.768

JS = I − JP 0.810 0.804 0.808 0.803

QY sJ
kn

JS = 0 0.796 0.776 0.782 0.793

JS = I
2 − JP 0.810 0.793 0.771 0.794

JS = I − JP 0.810 0.806 0.808 0.803

QY nJ
kn

JS = 0 0.808 0.801 0.799 0.804

JS = I
2 − JP 0.807 0.804 0.803 0.807

JS = I − JP 0.810 0.806 0.803 0.806
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Page 17 of 47     35 



Quantum Machine Intelligence            (2026) 8:35 

sequence, which corroborates the competitive nature of the 
proposed framework even under more challenging condi-
tions. Within this context, the significance of refinement 
is accentuated: whilst certain QY configurations maintain 
stable performance in the absence of refinement, others 
demonstrate improved outcomes with the implementation 
of suitable refinement strategies, thereby mitigating perfor-
mance degradation across successive folds.

A particularly noteworthy case arises with the QY sJ
ks  

configuration on the Ozone dataset, where both the 
absence of refinement (JS = 0) and partial refinement 
(JS = I

2 − JP ) result in a gradual decline in perfor-
mance. However, the application of full refinement 
(JS = I − JP ) allows this configuration to regain 

the proposed framework sustains or enhances the predictive 
performance during sequential learning, and to compare 
the behavior against the static baseline (VQA), specifically 
focusing on a representative configuration with k = 5 and 
M = 5. Detailed findings for additional configurations can 
be found in the Appendix A. This configuration provides a 
balanced setting for evaluating both short-term adaptability 
and constrained temporal aggregation.

In our analysis of the Spambase dataset (Fig. 4 is accom-
panied by the legend provided in Table 8), we observe 
that QURIOSO variants utilizing QY consistently exhibit 
greater stability and enhanced average performance when 
contrasted with both the VQA and classical forecasting 
methods LS. Notably, the QY configurations are capable 
of exceeding baseline performance without necessitat-
ing extensive refinements, thereby indicating an effective 
leveraging of the forecasting signal to guide parameter 
adaptation throughout the sequential learning process.

Conversely, on the Ozone dataset (Fig. 5 is accompanied 
by the legend provided in Table 8), the moving average 
accuracy tends to remain relatively close to the baseline 
across most configurations, reflecting the increased vari-
ability introduced by artificial class balancing. Neverthe-
less, several QURIOSO variants still manage to meet or 
surpass baseline performance in specific regions of the 

Table 8  Summary of the QURIOSO variants used across all moving–
average–accuracy plots. Each variant corresponds to a different choice 
of the sequential coupling term JS, while the baseline is given by the 
static VQA. Colors match those used consistently throughout all fig-
ures in the paper
Variant Color Description
VQA Blue Baseline
QURIOSO V1 Orange JS = 0
QURIOSO V2 Green JS = I

2 − JP

QURIOSO V3 Red JS = I − JP

Fig. 4  Moving average accuracy for k = 5 and M = 5 for spambase 
dataset. The blue line denotes the VQA baseline, while the colored 
lines correspond to the QURIOSO variants defined in Table  8. The 

x-axis reports the sequence of incoming data blocks and the y-axis the 
moving average accuracy
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In contrast, the QURIOSO framework employs the fore-
casting model F , which is trained exclusively during the 
initial phase. This trained model is subsequently utilized to 
direct the parameter updates of the VQA as new data blocks 
are introduced. This architectural design significantly alle-
viates the computational burden that typically arises from 
repeated full optimizations. Following an initial peak in 
training time, all QURIOSO variants are observed to exhibit 
systematically reduced execution times relative to the base-
line, thereby underscoring the effectiveness of the proposed 
methodology in mitigating unnecessary computations dur-
ing the adaptation process.

Notably, an exception is seen in configurations where 
JS = I − JP ; in these cases, the inclusion of an additional 
refinement phase escalates the computational demands, 
resulting in execution times that may occasionally match 
or exceed those of the baseline. This behavior is antici-
pated due to the extra optimization steps necessitated by the 
extended refinement of the VQA.

When comparing the various QURIOSO variants, it 
is evident that models leveraging classical LSTM archi-
tectures consistently achieve lower execution times than 
their quantum counterparts. This disparity is indicative of 
the additional overhead entailed in simulating quantum 
circuits on classical hardware, encompassing state-vector 

performance levels commensurate with the baseline, 
underscoring the stabilizing influence of refinement amid 
heterogeneous data distributions.

In summary, this comprehensive analysis reveals that 
QURIOSO effectively maintains predictive performance 
throughout Continual Learning across a variety of data 
characteristics. While the Spambase dataset underscores 
the intrinsic benefits of quantum-enhanced forecasting, 
the Ozone dataset highlights the critical need to balance 
forecasting efforts with appropriate refinement strategies 
to uphold stability. Collectively, these findings affirm the 
robustness and adaptability of the proposed framework in 
diverse Continual Learning scenarios.

4.3.3  RQ3: How does the execution time of QURIOSO 
evolve across data blocks, and how does it compare to the 
baseline?

To address RQ3, we conduct an analysis of the execution 
time associated with the QURIOSO framework in compari-
son to the baseline VQA model, with particular focus on 
the evolution of runtime across sequential data blocks. The 
baseline VQA model performs a comprehensive adaptation 
at each data block, resulting in consistently elevated execu-
tion times throughout the sequence.

Fig. 5  Moving average accuracy for k = 5 and M = 5 for the ozone 
dataset. The blue line denotes the VQA baseline, while the colored 
lines correspond to the QURIOSO variants defined in Table  8. The 

x-axis reports the sequence of incoming data blocks and the y-axis the 
moving average accuracy
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4.3.4  RQ4: What is the relationship between PQC depth 
and parameterization?

To address RQ4, we analyze how varying the depth of the PQC 
impacts performance while keeping the circuit architecture 
fixed. In QURIOSO, the PQC consists of a parametric block 
with a consistent encoding and entangling pattern, repeated 
along the depth dimension. The repetition factor, denoted as 
"reps," controls the circuit depth and thus the number of train-
able parameters, without changing the underlying architecture.

For this analysis, we focus on a representative configuration 
with k = 5 and M = 3, progressively reducing the circuit depth 
from three to two and one repetition. This controlled approach 
allows us to isolate the effects of parameterization while main-
taining consistency across the other components of the pipeline.

The results for the Spambase and Ozone datasets are pre-
sented in Tables 9 and 10, respectively. Across both datasets, 
increasing the number of repetitions generally leads to improved 
performance for the baseline VQA and several QURIOSO 
variants. This suggests that a higher expressive capacity can be 
advantageous. The trend is particularly noticeable when mov-
ing from one to two repetitions, whereas the performance gains 
from additional depth tend to be more moderate.

manipulations and unitary transformations. Nevertheless, 
it is important to note that classical models also impose 
substantial computational resource requirements, including 
GPU acceleration for both LSTM training and inference, 
rendering them not entirely cost-free.

Furthermore, we observe minor fluctuations in execu-
tion times across data blocks within the Ozone dataset, par-
ticularly where artificial class balancing is implemented. The 
resultant heterogeneity across these blocks can induce vari-
ability in the optimization process, even with a fixed num-
ber of optimization iterations. Such variability is expected in 
sequential contexts and does not undermine the overarching 
trend, which consistently favors QURIOSO in terms of com-
putational efficiency.

In summary, the QURIOSO framework demonstrates a 
more efficient runtime profile than the baseline VQA, par-
ticularly when JS is selected closely to the predictive index. 
Classical forecasting models provide lightweight and stable 
performance; however, quantum-enhanced variants incur a 
moderate additional cost that is offset by increased model-
ing flexibility and expressiveness.

All execution running times plots are presented in Appen-
dix B.

Table 9  Accuracy obtained by varying the number of repetitions (reps) of the PQC, which controls circuit depth and the number of trainable 
parameters while preserving the same PQC architecture on the Spambase dataset. The notation of LS and QY variants is consistent with that used 
in the moving average accuracy plots
Configuration 1 rep 2 reps 3 reps
Number of parameters 16 24 32
VQA 0.706 0.727 0.730
LSsJ

ks
JS = 0 0.578 0.710 0.700

JS = I
2 − JP 0.607 0.695 0.655

JS = I − JP 0.659 0.727 0.721

LSsJ
kn

JS = 0 0.686 0.728 0.745

JS = I
2 − JP 0.714 0.725 0.730

JS = I − JP 0.691 0.726 0.723

LSnJ
kn

JS = 0 0.710 0.726 0.702

JS = I
2 − JP 0.719 0.713 0.725

JS = I − JP 0.716 0.722 0.722

QY sJ
ks

JS = 0 0.368 0.717 0.774

JS = I
2 − JP 0.700 0.693 0.698

JS = I − JP 0.707 0.717 0.700

QY sJ
kn

JS = 0 0.649 0.692 0.721

JS = I
2 − JP 0.699 0.707 0.711

JS = I − JP 0.718 0.724 0.707

QY nJ
kn

JS = 0 0.718 0.725 0.709

JS = I
2 − JP 0.733 0.725 0.730

JS = I − JP 0.715 0.725 0.735
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5  Related Work

The widespread use of the VQAs, especially on NISQ devices, 
passes also through the reduction of the computational cost of 
the refinement of the parameters. Many efforts have been done 
through the integration of classical computing techniques in 
the VQA loop. Ravi et al. (2022) proposes a classical simula-
tion approach to bootstrap the parameters. The estimations are 
determined through an efficient classical search over the Clif-
ford gate parameter space. Although Clifford gates are not uni-
versal and cannot fully explore quantum state space, they can 
still be used to generate high-quality, noise-free initial states, 
which is especially valuable in the NISQ era. Numerous stud-
ies in the literature have instead explored the applicability of 
machine learning algorithms. These algorithms demonstrate 
the ability to estimate parameters and uncover latent correla-
tions within the data. A distinguishing factor of such methods 
is their inherent robustness to noise and error. For example, in 
Sauvage et al. (2021), the authors introduce a meta-learning 
approach that utilizes a neural network-based model trained 
on families of PQC problems. This strategy is designed to gen-
eralize across related PQC tasks, enabling the initialization of 
parameters for new PQC instances. Its flexibility lies in the 

Moreover, increasing the circuit depth expands the dimen-
sionality of the parameter space explored by the optimizer 
within a fixed optimization budget. This leads to richer and 
more diverse parameter trajectories. Since QURIOSO trains 
its forecasting component on sequences derived from these 
trajectories, deeper circuits typically provide more param-
eters to predict, resulting in a greater number of forecasting 
models. In contrast, shallower circuits reduce the number 
of trainable parameters and may produce less diverse tra-
jectories, limiting the availability of informative sequential 
data for training the prediction phase. This effect may lead 
to more stable optimization behavior, even as the overall 
diversity of the trajectories diminishes.

The observed variability between the LS and QY variants 
and their sensitivity to the chosen refinement strategy further 
reflects these dynamics. Overall, our results confirm that 
performance differences arise from changes in parameter-
ization and optimization behavior induced by circuit depth, 
rather than modifications to the PQC architecture itself. 
This analysis supports the design decision in QURIOSO to 
consider circuit depth as a tunable parameter that influences 
expressivity and the richness of the forecasting signal while 
maintaining a fixed architectural template.

Table 10  Accuracy obtained by varying the number of repetitions (reps) of the PQC, which controls circuit depth and the number of trainable 
parameters while preserving the same PQC architecture on the Ozone dataset. The notation of LS and QY variants is consistent with that used in 
the moving average accuracy plots
Configuration 1 rep 2 reps 3 reps
Number of parameters 16 24 32
VQA 0.554 0.806 0.808
LSsJ

ks
JS = 0 0.512 0.788 0.792

JS = I
2 − JP 0.531 0.783 0.799

JS = I − JP 0.561 0.806 0.803

LSsJ
kn

JS = 0 0.532 0.808 0.803

JS = I
2 − JP 0.537 0.806 0.796

JS = I − JP 0.567 0.803 0.806

LSnJ
kn

JS = 0 0.565 0.807 0.797

JS = I
2 − JP 0.531 0.807 0.796

JS = I − JP 0.547 0.806 0.807

QY sJ
ks

JS = 0 0.492 0.810 0.804

JS = I
2 − JP 0.504 0.806 0.792

JS = I − JP 0.550 0.807 0.807

QY sJ
kn

JS = 0 0.472 0.803 0.808

JS = I
2 − JP 0.512 0.811 0.807

JS = I − JP 0.531 0.806 0.808

QY nJ
kn

JS = 0 0.517 0.811 0.793

JS = I
2 − JP 0.526 0.794 0.806

JS = I − JP 0.535 0.808 0.800
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2021; Wang et al. 2021). While there is a consolidated research 
of meta-learning in classical computing, we could not register 
the same on quantum solutions. Sauvage et al. (2021) is prob-
ably the notable attempt, which however cannot work on the 
lifelong learning that has been studied in classical computing, 
but there are not quantum counterparts yet.

6  Conclusions

We investigated the problem of efficient parameter tuning for 
VQAs operating in a continuous computation (lifelong learn-
ing) setting, where data arrive incrementally and data distribu-
tions may evolve over time. In such non-stationary scenarios, 
repeatedly re-optimizing PQC parameters by means of batch 
methods is computationally expensive and may show ineffi-
ciency and sub-optimality as the scenario changes.

To address this challenge we proposed QURIOSO, a 
hybrid machine-learning framework that leverages sequen-
tial modeling to forecast PQC parameter trajectories and 
thus reduce the cost of iterative optimization procedure. 
QURIOSO supports two practical modes of operating. First, 
it applies predicted parameters directly to incoming data, 
and second, it refines predictions with a short optimization 
step. The forecasting model is trained on sequences of opti-
mized parameter sub-trajectories (extracted from the data 
blocks previously processed) and can be implemented with 
classical LSTMs or a quantum-enhanced QLSTM variant 
that uses VQCs to generate gate activations. This design 
detaches long-term forecasting from frequently executed 
and costly optimization, enabling prompt processing of new 
data blocks and reducing iterative optimizer workload.

Experimental evaluation on a binary classification task pro-
vides arguments in favor of QURIOSO across three research 
questions. First, QURIOSO matches or surpasses the baseline 
VQA accuracy across a variety of configurations. Quantum-
enhanced variants often outperform the baseline. The results 
also highlight the role of sequence input length. Second, the 
design of the forecasting model is decisive. In fact, configura-
tions using a QLSTM forecasting model consistently capture 
both short and long-range dependencies, while preserving 
stable mean average accuracy. Third, QURIOSO generally 
exhibits lower execution times than the baseline after the initial 
training peak, since the forecasting model is trained once and 
VQA parameters are incrementally updated. The main run-
time exception occurs in the refinement step where complex 
internal-state updates can increase post-update cost. While 
classical LSTM models train faster than quantum-enhanced 
variants under quantum simulation, this observation reflects 
the overhead of simulated quantum execution rather than a 
definitive comparison on real quantum hardware. Neverthe-
less, the expressivity and adaptability of quantum-enhanced 

ability to make predictions for PQCs that differ from the train-
ing set in terms of qubit count, circuit depth, and number of 
parameters. This is made possible through a model-agnostic 
PQC encoding-decoding scheme that can represent param-
eter values, circuit structure, and optimization objectives. The 
PQC families are generated either by varying circuit sizes with 
a fixed cost function, or by modifying the cost function while 
keeping the ansatz fixed. The goal is to identify and exploit 
recurring patterns in the parameter space, particularly in the 
context of QAOA applied to max-cut problems.

Similarly, in Moussa et al. (2022), the authors exploit the 
concentration effect, that is, the phenomenon where optimal 
parameters from one QAOA instance have good generaliza-
tion properties. They adopt an unsupervised learning approach 
involving clustering, using as input the angle values from train-
ing QAOA problems, their graph-based features, and represen-
tations derived from a graph autoencoder. Clusters are defined 
with fixed cardinality, and their centroids are used as initializa-
tion indications for solving new QAOA instances. The results 
show that machine learning techniques can effectively predict 
suitable QAOA parameters, significantly reducing the number 
of required optimizer evaluations while incurring only minor 
degradation in the approximation ratio. These outcomes are 
comparable to those obtained via exhaustive angle optimiza-
tion, offering a substantial reduction in the overall number of 
circuit evaluations. Jain et al. (2022) proposes Graph Neural 
Networks (GNNs) as a warm-starting method, showing that 
combining GNNs with QAOA leads to better performance 
than using either approach alone. Notably, GNNs enable gen-
eralization across different graph instances and sizes, offering 
an advantage over traditional warm-start techniques.

Another perspective of the problem is provided by meth-
ods designed to determine model parameters from instances of 
models, which is the view of meta-learning (Vanschoren 2019). 
Meta-learning frameworks operate at a higher level of abstrac-
tion and returns learners trained by leveraging the experience 
from multiple learning tasks. Meta-learners have been studied 
also in the paradigm of lifelong learning. Son et al. (2025) 
present a comprehensive work that categorizes the relationship 
between meta-learning and continual learning along several 
learning frameworks. The meta-learner sets initial parameters 
to enhance the optimization process, applicable to both meta-
online and meta-continual learning. Additionally, sequential 
Bayesian updates use the Bayesian rule to update beliefs based 
on new data and prior knowledge. Sequence modeling uses 
recurrent or autoregressive models to learn from a continuous 
flow of information, encoding the learning trajectory in evolv-
ing hidden representations. Additionally, meta-learning is being 
used to refine the optimization process itself, employing archi-
tectures like LSTMs to create adaptive optimizers that utilize 
past optimization trajectories. These models are more resilient 
to noise and improve generalization to new tasks (Wilson et al. 
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Appendix A Detailed Moving Average 
Accuracy Analysis

A.1. Spambase

the computational cost of the proposed approach is sensitive 
to the number of forecasting models required: if each PQC 
parameter trajectory is learned by an independent forecasting 
model, overall training and inference cost may grow linearly 
(or worse) with the number of considered parameters. This 
scaling can increase memory usage and runtime, particularly 
for large PQCs or high-dimensional parameter spaces. Finally, 
the runtime measurements reported in this work were obtained 
on simulators, noise was not modeled. Therefore, the observed 
execution-time gains should be interpreted as indicative of 
orders of magnitude rather than exact time differences on real 
hardware, where compilation, parallel execution, and noise can 
alter performances.

To mitigate this issue, future work will investigate strat-
egies such as forecasting multiple parameters jointly or 
multi-output forecasting algorithms, and model compres-
sion techniques. Scaling to larger PQC designs, eventually 
with HPC infrastructures, and deployment on real NISQ 
devices remain our objectives.

models frequently compensate in terms of predictive perfor-
mance. A thorough assessment of runtime behavior on real 
quantum hardware is left to future work, as it depends on 
device-specific characteristics and noise properties.

An additional conceptual contribution of this work is the 
demonstration of a bi-directional Artificial intelligence–Quan-
tum computing loop. On the one hand, sequence modeling 
supports quantum computing by forecasting PQC param-
eters and thus accelerating VQA optimization. On the other 
hand, quantum-enhanced components, both quantum LSTM 
versions and quantum data embedding, feed back into the 
machine learning pipeline, improving the task performance. 
This mutual reinforcement highlights a productive synergy: 
AI can make quantum algorithms more practical in non-sta-
tionary environments, while quantum-enhanced modules can 
enrich AI models with novel and expressive representations.

We acknowledge several limitations. Not all configurations 
of QURIOSO guarantee improvements, motivating a study of 
multivariate parameter interactions and robustness. Moreover, 

Fig. 6  Moving average accuracy for k = 5 and M = 3. MAA for confiThe blue line denotes the VQA baseline, while the colored lines correspond 
to the QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 7  Moving average accuracy for k = 5 and M = 8. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 8  Moving average accuracy for k = 5 and M = 10. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 9  Moving average accuracy for k = 10 and M = 5. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 10  Moving average accuracy for k = 10 and M = 10. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 11  Moving average accuracy for k = 10 and M = 15. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 12  Moving average accuracy for k = 10 and M = 20. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 13  Moving average accuracy for k = 15 and M = 8. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 14  Moving average accuracy for k = 15 and M = 15. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 15  Moving average accuracy for k = 15 and M = 23. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 16  Moving average accuracy for k = 15 and M = 30. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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A.2. Ozone

 

Fig. 17  Moving average accuracy for k = 5 and M = 3. MAA for confiThe blue line denotes the VQA baseline, while the colored lines correspond 
to the QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 18  Moving average accuracy for k = 5 and M = 8. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 19  Moving average accuracy for k = 5 and M = 10. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 20  Moving average accuracy for k = 10 and M = 5. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

1 3

   35   Page 30 of 47



Quantum Machine Intelligence            (2026) 8:35 

Fig. 21  Moving average accuracy for k = 10 and M = 10. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 22  Moving average accuracy for k = 10 and M = 15. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 23  Moving average accuracy for k = 10 and M = 20. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 24  Moving average accuracy for k = 15 and M = 8. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Fig. 25  Moving average accuracy for k = 15 and M = 15. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 26  Moving average accuracy for k = 15 and M = 23. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy
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Appendix B Running Times

B.1. Spambase

Fig. 27  Moving average accuracy for k = 15 and M = 30. The blue line denotes the VQA baseline, while the colored lines correspond to the 
QURIOSO variants defined in Table 8. The x-axis reports the sequence of incoming data blocks and the y-axis the moving average accuracy

 

Fig. 28  Running times for k = 5 and M = 3. The blue line corre-
sponds to the baseline (VQA), the orange line to JS = 0, the green 
line to JS = I

2 − JP , and the red line to JS = I − JP . The X-axis 

represents the sequence of incoming data blocks, while the Y-axis 
reports the running times on a logarithmic scale
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Fig. 29  Running times for k = 5 and M = 5. The blue line denotes the 
VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 30  Running times for k = 5 and M = 8. The blue line denotes the 
VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 31  Running times for k = 5 and M = 10. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 32  Running times for k = 10 and M = 5. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 33  Running times for k = 10 and M = 10. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 34  Running times for k = 10 and M = 15. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 35  Running times for k = 10 and M = 20. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 36  Running times for k = 15 and M = 8. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 37  Running times for k = 15 and M = 15. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 38  Running times for k = 15 and M = 23. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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 B.2. Ozone

Fig. 39  Running times for k = 15 and M = 30. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 40  Running times for k = 5 and M = 3. The blue line denotes the 
VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 41  Running times for k = 5 and M = 5. The blue line denotes the 
VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 42  Running times for k = 5 and M = 8. The blue line denotes the 
VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 43  Running times for k = 5 and M = 10. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 44  Running times for k = 10 and M = 5. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 45  Running times for k = 10 and M = 10. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 46  Running times for k = 10 and M = 15. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 47  Running times for k = 10 and M = 20. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 48  Running times for k = 15 and M = 8. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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Fig. 49  Running times for k = 15 and M = 15. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale

 

Fig. 50  Running times for k = 15 and M = 23. The blue line denotes 
the VQA baseline, while the colored lines correspond to the QURIOSO 
variants defined in Table  8. The X-axis represents the sequence of 

incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​
r​g​​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.
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incoming data blocks, while the Y-axis reports the running times on 
a logarithmic scale
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