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Abstract. As time series feature unstructured data and unique process-
ing requirements, they do not easily fit conventional approaches to quan-
tum modeling. This paper therefore presents various quantum model ar-
chitectures suitable for encoding and analysis of time series data. In par-
ticular, it investigates their architectural design aspects, such as methods
of encoding and reuploading of temporal data, parameterizing quantum
circuits, controlling the circuit qubit resources and entanglement, and
dealing with issues of state evolution in the Hilbert space, as well as nav-
igability of the classical parameter space by an optimizer. Each approach
enhances or impedes model expressivity, i.e. its ability to effectively rep-
resent time series data in quantum space, as well as its trainability, i.e.
its capacity to learn and generalize for predictive accuracy and efficiency
in the process of model optimization. The paper evaluates different quan-
tum circuit configurations for their impact on the expressivity and train-
ability of the model, and analyzes how these two design qualities influence
model performance in training and testing.

Keywords: Quantum time series analysis - Quantum model architec-
ture - Quantum model optimization - Quantum machine learning.

1 Introduction

Time series (TS) analysis and forecasting is a well-established field spanning
mathematics, statistics, economics, and machine learning (ML). Recent advances
in ML have incorporated concepts from quantum mechanics, giving rise to quan-
tum machine learning (QML). While classical ML has achieved remarkable suc-
cess in TS analysis, particularly through deep learning [7,13], progress in using
quantum methods of time series analysis remains limited. Existing quantum ap-
plications include signal processing [5], time series classification 18], forecasting
[1], and anomaly detection [11].

Unlike tabular data, T'S requires dedicated methods for sequence represen-
tation and processing. Designing quantum models therefore involves selecting



suitable data encoding schemes, circuit architectures, and measurement strate-
gies. In this work, we focus on the predictive capabilities of quantum neural
networks for fitting and forecasting tasks. Specifically, we investigate the effects
of circuit under- and overparameterization [10,6], compare encoding strategies
with and without data re-uploading [15], and evaluate circuit designs capable of
reusing qubits in the encoding pipeline, which we call “overloaded encoding”.

2 QTSA models

This work investigates gate-based quantum neural networks (QNNs) [1] opti-
mized using variational quantum algorithms (VQAs) [16] for predictive quan-
tum time-series analysis (QTSA), specifically curve-fitting and forecasting. While
standard QNNs follow an input-ansatz-output block sequence, we explore archi-
tectural extensions designed to balance model expressivity—its ability to effec-
tively represent and manipulate TS data in quantum space—and trainability—its
capacity to learn and generalize efficiently during optimization.

Enhancing QNNs with auxiliary qubits increases parameter capacity and ex-
pressivity [9], but the resulting excess entanglement induces nonlocal interactions
that impair gradient-based trainability [12]. Furthermore, high-dimensional pa-
rameter spaces can flatten the gradient geometry into barren plateaus [2]. In
contrast, adding parameters beyond a critical threshold leads to circuit over-
parameterization, which can improve learning capacity and trainability [10]. To
further enrich feature representation in high-dimensional Hilbert spaces without
excessive circuit width, architectures can employ sequential data re-uploading
across trainable layers [15]. Additionally, mid-circuit measurements and qubit
reuse can reduce hardware resource demands while limiting entanglement [4].

We evaluate these architectural trade-offs across two predictive tasks:

— Curve-fitting models predict data values at specific timestamps by fitting
a function to the sample data points. We evaluate three data re-uploading
strategies in the following model architectures: single-qubit serial (Eq. 3),
multi-qubit parallel (Eq. 6), and extended multi-qubit zparallel (Eq. 7).

— Forecasting models predict future TS values from a sliding window (SW)
of their historical context. We evaluate two architectural variants: zgnn,
which distributes the input window across dedicated qubits while extending
circuit width for overparameterization (Eq. 11), and ovload, which overcomes
circuit width constraints by splitting long temporal windows into fragments
encoded sequentially between trainable layers via qubit reuse (Eq. 14). A
classical neural network (c¢nn) that uses sliding-window inputs was also in-
cluded to serve as the baseline benchmark.

The majority of the investigated models employ angle encoding [17,16] to
efficiently represent continuous time-series windows without altering the circuit
structures. Also, to isolate architectural effects for this investigation, all QNN
variants apply the same measurement approach, i.e. monitoring only the state of
the qubits involved in data encoding, and omitting the state of auxiliary qubits,
within a noise-free state-vector simulation.



3 Formalization of QTSA architectures

Each QTSA model extends a generic QNN, which is defined as:
U(CE, 0) = Uansatz(e) : Z/{FM(CE), (1)

where Upyr is a feature map encoding data and Upypgat, a trainable quantum
component, taking the classical input data & and a set of trainable parameters
6 ={6,...,0,1}, where each 6;, = (9,(:), Ol(f), 9](6)‘)) provides angles 7, ¢, and A
for the generic rotational operator U, (0x) = Z(v)Y (¢)Z(X), where Z, Y (and
X) are standard Pauli spin operators [14, sect 2.1.3]. The predictions can be
extracted by measuring the expectation value of an observable M:

y= (0" UTMU |0)**, (2)

where ¢ is the number of qubits, and unless specified otherwise, M = Z?Zl Z;.

3.1 Curve-Fitting Models

The QTSA models aim to approximate a continuous function f : R — R to pre-
dict individual values of the time series. These models are reuploading the same
scalar input x € R across the quantum circuit to capture non-linear temporal
dependencies. As discussed above, we consider three architectural variants:

(a) Serial Reuploading (serial). In the single-qubit case (¢ = 1), the circuit
alternates between trainable unitary blocks and repeated data-encoding gates.
Each data-encoding gate is a rotation about the X-axis, while each trainable
gate is a general single-qubit unitary parameterized by three angles.

Given a scalar input z and the number of layers n, and the parameters set
0. The resulting state is:

|'(/J(LI’,‘ 0)> rot n+1 H : T‘Ot(aj)] |O>7 (3>

where Rx (x) = exp(—izX/2) is the data encoding operation.

(b) Parallel Reuploading (parallel). In the multi-qubits case (¢ > 1), this archi-
tecture involves reuploading data to a register of ¢ qubits and encoding the same
scalar input x identically in each:

= QR RY (x). (4)
j=1

Variational layers before and after the encoding consist of trainable entan-
glement blocks Uent(0;):

Uent H CNOTz (¢ mod q)+1 * U (0 ')7 and Uq ® Ug))t 0(2) )

i=1



where each U, (¢ )t represents a trainable single-qubit unitary operator, and each 6y,

consists of a block of ¢ parameter vectors, resulting in a total of 3 x g parameters
for the k-th layer U?(0)) spanning ¢ qubits.
The full quantum state is prepared as:

n

[0(2,8)) = [ UY(On41) [ ] [Uen(8))] | Rk ( ( O i1 H ent 0k> 0)%7,

j=m-+2
(6)

where 6 is the full parameter set and n, m are the numbers of layers after and
before encoding, respectively.

(c¢) Extended Parallel Reuploading (zparallel). This variant interleaves reupload-
ing layers with entangling blocks multiple times, improving capacity to model
long-term dependencies. The prepared state is:

m L
(. 0)) = (Uq<om+1> 11 Uemwk))-(H[Ryx)-vem(en]) 0%, (7)
k=L+1 =1

where L is the number of reuploading layers.

3.2 Forecasting Models

Forecasting QTSA models aim to predict a sequence of future time-series values
from a given input window. These models approximate mappings f : R"* — R¥,
where n is the window size and k is the prediction horizon.

(a) Extended QNN (zgnn) The architecture can be interpreted as an extension
of the formulation given in Eq. (1), where the feature map Upjs(X) encodes the
input vector X = (1131, e ,xn), consisting of n features, into a quantum state.
The employed ZZ feature map spans only n qubits (assuming n < ¢). We
follow the approach introduced by Havlicek et al. [8], where the feature map on
n qubits is defined as:
UFM(X) = U(b(x) . H®n, (8)

where H denotes the Hadamard gate and

Upy =exp (i Y os(x)[[ 2 | - (9)

SCln) =X

Only subsets S with cardinality |S| < 2 are considered. In particular, ¢y (%) =
z; and ¢g; ;3(R) = (7 — a;)(7 — x;). Bach term exp (idy; j1(X)Z;Z;) can be
implemented using a combination of CNOT and Ry gates (see Fig. 1(c) in [8]).

The variational ansatz Uy (0) is a parameterized quantum circuit that acts
on all ¢ qubits. It consists of L4 n layers of trainable unitary blocks Uent (6;) (see
Eq. 5), where each 8; denotes the parameter set for the j-th layer.



The total ansatz unitary is then:

Lan

UAN(B) = H Uent(ak)- (10)
k=1

The resulting quantum state is prepared by applying the feature map followed
by the variational ansatz to the initial state:

[¥(x,6)) = Uan(8) - Urni (x) [0)7. (11)

In this model, we measure only those qubits that were used for data encoding.
The final state of the remaining qubits (when n < ¢), which are used to increase
the dimensionality of the parameter space, is not monitored.

(b) Overloaded QNN (ovload) When the number of input features exceeds the
number of qubits, i.e., n > ¢, the input vector X = (x1,...,x,) is cyclically
assigned to the available qubits. Specifically, features are grouped into [%] seg-
ments, and within each segment, the values are mapped to the corresponding
qubits via repeated applications of the rotation gate Ryx. The feature encoding

is then given as:

[n/ql-1 [ ¢

Re&) = [ | QRY (xrers) | (12)

k=0 j=1
where xz,, = 0 for index m > n to pad the input if n is not divisible by q.
Each entanglement layer is formed by combining two unitary blocks:

Wént(é) = Uq(alJrl) : Uent(el)y (13)

where 6 includes all sets of parameters.
The final quantum state is constructed by repeatedly applying input encoding
and entangling blocks.

w(x.0)) = Whi'(6) (H [RY (&) ant@}) 0. (14
k=1

This “overloaded” structure increases expressivity by coupling each qubit di-
rectly to an input dimension and adding more variational flexibility per layer.

4 Experimental setup

All models were implemented using Qiskit 1.3.2 (Machine Learning 0.8.2) and
PyTorch 2.6.0, executing CPU-based Estimator primitives and state-vector sim-
ulations on Ubuntu Linux 22.04.5 LTS (64GB RAM, 32-core Intel Core i9).



As this study aimed to evaluate quantum model architectures based on their
inherent design rather than real-world performance, consequently, a simple syn-
thetic dataset was sufficient for their training.

To train all models, we used a small synthetic data set 2_sins (see Eq. 15),
which combined trigonometric functions to generate an oscillation pattern of 70
data points, normalized to the value range of (0-1).

sin (5.0 x x) + 0.5 x sin(8.0 * x
fQSins(aj) = ( ) 4 ( )

In data preparation for working with curve-fitting models, the series was
divided into 50 data points for training and 20 data points for testing.

Data for forecasting models were prepared differently, as the 70 2_sins data
points were first converted to sliding windows of 5 data points, the windows were
offset by 1 step, with a horizon of 1, and all incomplete windows were rejected.
The resulting series of 65 windows was subsequently split into 46 windows for
training and 19 windows for testing (see Figures la and 1b). In both cases, data
were divided into training and testing sets in an approximate ratio of 71/29.

Unlike tabular data, time series can present significant challenges for model
training due to the close proximity of its neighboring values. In curve-fitting and
forecasting models, the optimizer will have to deal with groups of very similar
and inter-dependent values provided on input and expected on output. It is
therefore crucial that the model has an architecture that maps these features
effectively into a high-dimensional Hilbert space to support optimization tasks.

When developing QTSA models, many standard data preprocessing tasks
were not required, either due to a small dataset size or the use of noise-free
quantum simulators. These included: dimensionality reduction and time series
compression, imputation of missing values, feature engineering, removal of noise,
outliers and anomalies, dealing with data normality and homoskedasticity, and
data shuffling (not applicable to time series).

+0.5 (15)

5 QTSA models performance

The study focused strictly on the fundamental expressivity and trainability of the
proposed quantum architectures. Expressivity is inherently a geometric property
of the model’s ansatz rather than its execution medium, while trainability chal-
lenges—such as barren plateaus—are primarily governed by initialization, cost
function design, and optimization landscapes. Because hardware noise introduces
unresolvable confounding factors (e.g., state decoherence), physical device exe-
cution and error mitigation were explicitly scoped out to ensure a controlled
baseline evaluation using an ideal statevector simulator.

The effectiveness of each model type was investigated by changing its meta-
parameters, such as the number of qubits and layers, and their roles. This re-
sulted in distinct model architectures. Each architecture was then instantiated
10 times, with each instance pseudo-randomly initialized in a continuous uni-
form distribution in [0, 27| (with seeds generated and saved), and then trained



to achieve a minimum cost (in our case MSE). At each optimization step, the
instance parameters were saved for later scoring in training and testing data par-
titions. The scoring metrics included MSE and R2. The performance of a specific
model architecture was then represented by the instance (among 10 instances)
that resulted in a median test score (maximum R? of all its saved parameters).

All Qiskit QML models were implemented with EstimatorQQNN primitives,
designed to compute the expectation values of quantum observables. The mod-
els were trained using the NeuralNetworkRegressor performing regression tasks
for Qiskit QNNs. The regressor relied on the limited-memory version of the
Broyden-Fletcher-Goldfarb-Shanno (L._BFGS_B) algorithm, designed as an it-
erative method for solving unconstrained, large-scale nonlinear optimization
problems. The optimization process was guided by the L2Loss (MSE cost).

As all quantum models had various number of parameters (N € [12,240]),
they were optimized within maxiter = 60 epochs sufficient for all models to con-
verge on a 10,000-shot statevector simulator. Classical baselines were excluded
because they utilize backpropagation. For finite-difference gradients, total stat-
evector computations scale as Noyal = Niey +60N. With line-search steps capped
at maxls = 20, the strict upper bound is 1200 + 60N computations (1,920 to
15,600). Empirically averaging 2.5 function calls per iteration, the realistic ex-
pected cost was ~ 150 + 60N computations (= 870 to ~ 14,550).

After training, performance measurement involved scoring all models with
MSE and R? statistics on training and test datasets, and then comparing the
models within and across curve-fitting and forecasting groups. It is important
to note that, in general, models of both groups have unique objectives in this
process. Curve-fitting models aim to minimize the error at each specific point
in time. The residuals are directly linked to individual data points. Forecasting
models, on the other hand, aim to predict future values based on a temporal
context of sliding windows. The residuals are measured on the forecasted values,
which is drastically different from the historical points the curve-fitting models
operate on. In both cases, the notions of “data point” and “error” between the
model groups are quite different. It is worth noting that these two notions are
identical for all models in their respective groups, and hence the MSE statistics
were useful for performance comparison within their groups. However, due to
inconsistencies in the fundamental measurement concepts, MSE was not appro-
priate to compare the models and their performance between the curve fitting
and forecasting groups, especially because the forecasting models relied on the
overlapping window data, thus covering a significantly larger set of (repeated)
data points (230) than those of the curve fitting models (70).

Hence, it was decided to compare performance between two groups of models
based on some relative measure between prediction and ground truth, such as
MAPE, sMAPE, NRMSE or R? statistic (coefficient of determination). R? was
selected for its simplicity and widespread use. R2 is a proportion of variance in
the dependent variable that can be explained by independent variables. So, the
R? statistic uses a very simple baseline - the mean of the dependent variable, it
is unit-free and scale independent.



Table 1: Comparison of different QTSA architectures

Training Testing
Model Type | Q# | P# R2 (IQR) R2 (IQR) Specs
serial CF 1 66 | 0.9926 ( 0.0060) | 0.9122 ( 0.1617) | q1 121
serial CF 1 84 | 0.9947 ( 0.0053) | 0.8912 ( 0.1982) | q1 127
parallel | CF 5 | 120 | 0.8620 ( 0.0000) | 0.6939 ( 0.0283) | g5 bl3 al3
parallel |CF | 5 | 90 |0.8620 (0.0001) | 0.7109 ( 0.0374) | g5 bll al3
xparallel | CF 3 81 | 0.9996 ( 0.0002) | 0.9812 ( 0.0254) | g3 bl7 all
xqnn FC 5 90 | 0.9789 ( 0.0087) | 0.5607 ( 0.2022) | g5 in5 fml anz5
xqnn FC 7 84 | 0.9629 ( 0.0205) | 0.8643 ( 0.0844) | 7 in5 fml anz3
ovload FC 4 | 167 | 0.8888 ( 0.0013) | 0.8784 ( 0.0018) | g4 x13 il2
cnn FC 0 | 106 | 1.0000 ( 0.0021) | 0.9684 ( 0.0420) | h1008 005 003
cnn FC 0 | 375 | 1.0000 ( 0.0000) | 0.9771 ( 0.0008) | h1010 015 010
cnn FC 0 | 5950 | 1.0000 ( 0.0000) | 0.9796 ( 0.0010) | hl050 080 020

Note 1: Q# = Qubit Number, P# = Params Number, CF = Curve-Fitting, FC = Forecasting.
Note 2: Figures in bold = best overall, in italic = best for their model architecture.

In summary. To ensure rigorous and unbiased testing, all model variants
were evaluated under a locked optimization protocol utilizing identical data par-
titions and an invariant optimization budget (L-BFGS-B, 60 epochs). Because
no post-hoc hyperparameter tuning or selective model architecture adjustments
were performed on the test set, information leakage during the selection phase
was eliminated. Moreover, to mitigate initialization bias and the multiple com-
parisons problem, we reported the median values with their inter-quartile ranges
across ten independent, randomly initialized instances for each variant. As all vi-
sualizations depict the median-performing instances, this ensured that reported
predictive capabilities reflect typical behavior rather than outliers.

6 Summary of experimental results

Table 1 compares the experimental results of the best models. For each model
architecture, the table reports the highest training and testing score R? achieved
across (in bold) and within (in italic) their own architectures, where the baseline
of each variant was determined by the median performance of its 10 instances.
This approach was preferred over mean-based selection, which was due to the
sensitivity of quantum models to initialization, and the possibility of generating
outliers (e.g., small cnn models) or skewing Gaussian distribution of instance
results. In such circumstances, an effective calculation of their mean is impossi-
ble. The overall spread of the results obtained by all instances is given by their
interquartile range (IQR). The additional advantage is that the median perfor-
mance is attached to a specific model instance, which could be used to visualize
its data fit (for even number of results, the first of the middle pair was used).



Median "xparallel" PQFT model (g3, bl7, all): Function fit (inst #2 @ epoch #31, min MSE=0.000552)

1.0 Train data ~ —O— Train fit (R2=0.99804, MAE=0.00770, MSE=0.000094)
Test data =O— Test fit (R2=0.98227, MAE=0.01626, MSE=0.000552)
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(a) Curve-fitting model (zparallel of median performance).

Median "xgnn_ng" SW model (q7, in5, fm1, anz3): Forecasting (inst #2 @ epoch #67, min MSE=0.00421)

Train data ~ —O— Train forecast (R2=0.9603, MAE=0.0320, MSE=0.0016)
Test data —O— Test forecast (R2=0.8796, MAE=0.0481, MSE=0.0042)
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(b) Forecasting model (zgnn of median performance).

Fig. 1: Data fit of two selected models. Partitions: training - left, test - right.

Among curve-fitting quantum models (serial, parallel and xparallel), reu-
ploading data serially leads to models fitting the synthetic data better (training
R%=0.9947 and testing R?=0.9122) than those reuploading data in a purely
parallel fashion (training R?=0.8620 and testing R?=0.7109).

However, the best model in terms of training and test performance was
xparallel, which incorporates serial and parallel re-uploading methods (training
R2=0.9996, testing R?=0.9812). Although the optimum zparallel model relies on
a smaller number of training parameters than the best parallel model (81 vs 90
parameters), its testing performance was slightly better than the performance of
much larger classical neural networks (for example, at 5950 parameters, testing



R2=0.9796). Figure la illustrates a nearly perfect fit of the data to the z-parallel
model instance of median performance in training and testing.

Forecasting quantum models are represented by two variants of QNNs (zgnn
and ovload). With their ability to overparameterize circuits, the zgnn models
seemed to rapidly overtrain. While adding qubits allowed for expansion of the
model learning capacity, this also resulted in patchy training performance (with
the best R2=0.9789), and yet, with systematic improvement of their test results
(up to R?=0.8643 at 84 parameters with 7 qubits and 3 layers). The ovload
models, which are capable of overloading their qubits with parameters, do not
have the same level of learning capacity (with training R?>=0.8888 only) as xqnn
models. However, they exceeded their test performance (testing R2=0.8734), and
at a reduced number of qubits (only 4 vs 7 qubits), however, at the expense of
doubling the number of model parameters (168 vs. 84). Figure 1b illustrates a
good fit between the data and the median performing model instance of the xgnn
model architecture in the training and testing data partitions.

Among curve-fitting models, the xzparallel models not only achieved the best
test performance, but were also the most stable across their instances (testing
IQR=0.0254), especially against the second best performing serial model (test-
ing IQR=0.1617). The same was observed in the highly stable model ovload
(testing IQR=0.0018) vs. zgnn (testing IQR—=0.0844). The ovload models were
also the most predictable, as their training and test performance scores were very
close (training R2=0.8888 vs. testing R2=0.8734) compared to zqnn, where train-
ing and test performance were widely divergent (training R?=0.9629 vs. testing
R%=0.8643). Classical cnn models demonstrated great stability of results.

Overall, when we exclude the massive cnn model of the 20800 parameters,
the model architecture that performed the best was xzparallel.

7 Analysis and discussion

Critical to this analysis is understanding the relationships between different as-
pects of model design. These aspects include:

— Hilbert space is the quantum realm where the model state evolves (defined
by the circuit) in response to unitary operations (defined by circuit gates);

— data encoding brings in classical data into the Hilbert space as unique and
correlated quantum states during the model execution;

— layers of unitary operations (defined by circuit gates) determine the evolu-
tion of the quantum model’s initial state into its final state;

— trainable parameter space is a classical multi-dimensional space of trainable
parameters (defined by circuit gates), which the optimizer navigates;

— entanglements (defined by CNOT gates) correlate non-separable qubit states,
which alter the parameter space geometry, and thus the cost landscape;

— measurement of individual qubits projects their final quantum states onto
classical outcomes, the probabilities of which reflect their correlation.



Based on earlier discussion (see Section 2), we will apply the following guid-
ing principles: more qubits, higher circuit entanglement, data reuploading, and
overparameterization contribute to model expressivity [9,10,15]; at the same time,
poor data encoding, more layers and parameters, excessive entanglement, and
nonlocal interactions can reduce model trainability [12,2].

Therefore, depending on the adopted model architecture, every aspect of its
ansatz design may have a beneficial or detrimental effect on the expressivity
and/or trainability of its models. The following analysis of experimental results
will explicitly address these aspects. However, in order to isolate the effect of the
ansatz design, we had to standardize circuit measurements, and consequently we
have excluded measurement strategies from consideration—even though they can
influence model trainability (e.g., local vs. global measurements, dimensionality,
sparsity, and precision) [4].

Note that the complete and detailed multi-model comparison tables, featuring
both R? and MSE median scores with IQR, are publicly archived and available
at the authors’ GitHub [3].

7.1 Experiments with curve-fitting models

Serial models. The curve-fitting serial models (see Eq. 3 and [3, table A]) were
unique, since they used only a single qubit (q1), with several layers (1) of data
reuploading and trainable blocks.

Because of repeated data reuploading interleaved with parametrized state
rotations, the circuit implements a high-dimensional parameter-space mapping
that maximizes the expressivity within the single-qubit state space.

As the Hilbert space dimension is strictly bounded at 2D, this single-qubit
architecture is inherently immune to standard qubit-dependent barren plateaus,
contributing to its exceptionally fast and effective optimization, as observed
in training R?=0.8892 (IQR=0.0580) and testing R2=0.5120 (IQR=0.0833) at
9 layers, with gradual improvement in training R2=0.9947 (IQR=0.0053) at
27 layers and testing R?=0.9122 (IQR=0.1617) at 21 layers. By increasing the
number of layers, the serial models seem to approached the training and testing
performance of the c¢nn models (classical neural networks).

However, when the parameter space becomes very large—due to heavy ap-
plication of reuploading layers—single-qubit models do not completely avoid
trainability problems. Instead, they are exposed to spectral dilution, in which
the gradient signal is spread thinly across an increasingly intricate Fourier fre-
quency spectrum. This effect may account for the unstable test performance
(a decline in IQR) despite the models exhibiting strong results during training.
Also, as the system is restricted to a single qubit, it inherently lacks multi-qubit
entanglement and nonlocal effects, limiting its capacity to capture complex tem-
poral data correlations. Furthermore, the two-dimensional nature of the Hilbert
space ensures that the model is likely to be simulable on classical hardware,
offering no asymptotic quantum computational advantage.



Parallel models. In experiments with curve-fitting parallel models (see Eq.
6 and [3, table B|), the circuits were varied by changing the number of qubits
(q), layers of trainable pre-encoding blocks (bl) and post-encoding blocks (al).

The experimental results were structured into four groups, each aimed at
varying the number of qubits as well as the number of pre- and post-encoding
layers, and consequently the number of model parameters. The experiments
demonstrated that, without the benefit of serial data reuploading, narrow circuits
(less than 5 qubits) often produced worse than random performance (negative
R? scores). Hence the subsequent tests focused on 5 qubit models, which had
a higher training performance R?=0.8620 (IQR=0.0000), but sub-optimal test
performance reaching R?=0.7109 (IQR=0.0066) at 1 pre- and 3 post-encoding
layers. It is revealing that repeated layers of added parameters and entangle-
ments, either pre- or post-encoding, had little (or zero) effect on the model
expressivity and trainability, so a simple state preparation and ansatz at five
qubits were the most beneficial for the performance.

While an IQR of 0.0000 typically indicates high training stability, in the con-
text of the parallel models’ suboptimal performance, it instead reveals a hard
learning capacity ceiling. The model consistently converges to the same sub-
par outcome regardless of parameterization or initialization, demonstrating that
adding trainable layers without sequential data re-uploading fails to meaning-
fully increase expressivity.

Xparallel models. Xparallel curve-fitting models were designed to extend
the parallel models by adding sequential data reuploading. Experiments with
these multi-qubit models (see Eq. 7 and [3, table C|) focused on varying the
number of qubits (q) and layers consisting of pairs: parallel reuploading blocks
and parametrized training blocks (bl). The sequence of entangling and reupload-
ing layers ended with optional parametrized entangling blocks (al, limited to 1).
All models had a similar number of trainable parameters (69-84).

As evidenced from the experiments carried out, the zparallel model favored
circuits that are narrow and deep, i.e. 3 qubits and 7 layers that achieved the
best training R2=0.9996 (IQR=0.0002) and testing R?=0.9812 (IQR=0.0254),
and the highest stability (low IQR). The models of this architecture had more
data reuploading blocks when the number of qubits decreased, and fewer when
their circuit increased its depth. With more data reuploading, the circuit cre-
ated an expressive feature map, which compensated for the loss of Hilbert space
dimensionality and expressivity within the ansatz.

A single qubit zparallel model was essentially serial, however, due to a dif-
ferent architecture (with more trainable parameters), it resulted in a slightly
different performance (training R?=0.9963, testing R?=0.9434).

7.2 Experiments with forecasting models

Xqgnn models. X¢nn models provide a small extension to the traditional QNNs
to allow the addition of auxiliary qubits, consequently resulting in the widening
of circuits, thus gaining more rotational parameters and entanglements (see Eq.



11 and [3, table D]). The model encoding adopted a traditional multilayered
Z7 feature map (fm), embedding windows of 5 input values (in), followed by
a post-encoding layer of several trainable blocks (anz), with optional auxiliary
qubits (to a total of q qubits). For consistency with models featuring a fixed
number of qubits, only input encoding qubits were measured. The experiments
with zgnn models aimed to investigate their capacity to overparameterize, which
also increased the model entanglement.

Three groups of experiments were conducted, each varying the circuit width
(number of qubits), depth (number of post-encoding layers), and the complexity
of state preparation (number of encoding layers).

The experiments show that xzgnn models were among the least stable, with
training IQR € [0.0087, 0.1596] and test IQR € [0.0581, 0.3260]. This massive
performance spread and erratic training trajectory highlight a severe optimiza-
tion bottleneck. As time series windows are encoded in a highly entangling ZZ
feature map, and the distinction between neighboring values is inherently small,
this scrambles the closely related states, creating a rugged cost landscape where
training convergence is choppy and heavily reliant on initialization luck.

Conversely, the zgnn models showed a definite, smooth performance pattern
in testing, increasing with the number of layers up to an optimum and then
decreasing. The peak training R2=0.9789 (IQR=0.0087) was achieved at 5 qubits
and 5 ansatz layers, and the best test R2=0.8643 (IQR=0.0844) at 7 qubits and 3
ansatz layers. This indicates that while optimization luck drives training scores,
the true expressivity of the circuit dictates generalizability.

Initially, with the addition of auxiliary qubits, the zgnn model’s Hilbert space
expands exponentially, offering a richer feature space. However, once the archi-
tecture scales past its optimal capacity, excess entanglement completely homog-
enizes and randomizes the feature space. This makes the later state evolution
ineffective, leading to a predictable degradation in test performance even when
training appears successful. This homogenization penalty is distinctly visible in
the model’s response to increased depth of its ZZ feature map: testing perfor-
mance drops sharply from R?=0.8643 (IQR=0.0844) at 1 ZZ layer, down to
R%2=0.2569 (IQR=0.1413) at 3 ZZ layers.

Ovload models. Ovload models adopt the concept of multi-qubit data reu-
ploading technique from the curve-fitting xparallel models. However, they tailor
it to represent sliding TS windows, rather than individual TS values, to reduce
the demand for qubit resources (see Eq. 14 and [3, table E]). This is accom-
plished by splitting longer windows into a number of smaller fragments (il) that
fit the available qubits (q). The ovload layers (x1) are then formed by encoding
all window fragments and interleaving them with trainable blocks. As a result,
the circuit’s qubits are overloading the representational function for the win-
dows sub-sequences, which relies on the continuity of reuploaded consecutive
data points in a TS window (to replace their identity in the zparallel models).
To deal with the threat of homogenization of TS features due to high encod-
ing entanglement (the issue noted in zgnn model), the layers are repeated to
reupload the window’s data, and hence increase the model expressivity.



The experiments vary the number of ovload model qubits (from 1 to 4 <
5, which is the window length) and the number of reuploading layers (from 1
to 3). The results indicate that in narrow circuits (small number of qubits),
the discrepancy in the window values mapped against shared qubits prevents
the model from forming a coherent quantum state, resulting in low training
performance (R%2=0.2321). As the qubit numbers approach those of the QNN
representation (4 qubits to represent windows of 5 values), the model reaches its
performance peak in both training R?=8888 (IQR=0.0013) and testing R2=8734
(IQR=0.0018), the latter is similar to that of zgnn. At the same time, the model
doubled the number of parameters, thus flattening the gradient space, resulting
in less effective model optimization, simultaneously implying inadequate learning
capacity (as evidenced by the suboptimal training R?=0.8888).

Rather than viewing the limited training capacity of the ovload architecture
as a weakness, its behavior highlights a compelling mechanism of structural reg-
ularization. By forcing the temporal data through a constrained Hilbert space—
such as utilizing 4 qubits for a 5 step window—the architecture intentionally bot-
tlenecks expressivity. While this restriction prevents the model from perfectly
memorizing the training set, it effectively guards against the extreme overfit-
ting observed in wider, highly entangled circuits. Consequently, ovlioad achieves
the most stable and highest testing performance among the forecasting variants,
demonstrating that controlled qubit reduction can act as a powerful regularizer
to improve generalizability.

Comparing Quantum and Classical Baselines. While establishing defini-
tive quantum advantage falls outside the scope of this architectural evaluation,
the inclusion of classical CNN baselines provides a valuable reference point for
current QML capabilities (see Table 1 and [3, table E]).

As expected, the classical models exhibited vastly superior trainability and
stability, consistently achieving near-perfect training scores (R? ~ 1, IQR =~ 0)
regardless of initialization.

However, the quantum models demonstrated a notable advantage in pa-
rameter efficiency. The optimal curve-fitting quantum architecture (zparallel)
achieved a test performance of R? = 0.9812 utilizing only 81 parameters. This
generalization capability proved highly competitive with, and in some cases
marginally exceeded, the test performance of small-to-medium classical neural
networks containing up to 5,950 parameters (testing R? = 0.9796).

Therefore, while current QTSA models face significant optimization bottle-
necks, their ability to abstract temporal patterns and generalize efficiently within
a highly constrained parameter space highlights a promising characteristic of
quantum representations.

The analysis reviewed five types of QTSA models within the curve-fitting
and forecasting model groups. It evaluated their architectural variants and their
performance based on their design. Most importantly, it established the connec-
tion of model design to its expressivity and trainability. The following section
provides a synthesis of the insights derived from this research.



8 Conclusions

Time series (TS) data challenges standard quantum machine learning methods
due to high temporal correlation and feature homogenization. Drawing upon
established theoretical principles from prior literature, this paper outlines a
plausible architectural blueprint for predictive Quantum Time Series Analy-
sis (QTSA), mapping how quantum circuit design influences the fundamental
trade-off between model expressivity and trainability.

Our extensive empirical simulations—evaluating 500 model instances—provide
strong indicative evidence that confirms general QML phenomena regarding ex-
cess entanglement, while also yielding insights specifically tailored to the unique
demands of temporal data. Based on these evaluations, we identify three critical
design paradigms for QTSA:

— Combating Feature Homogenization (Novel Insight): Unlike tabular
data, encoding highly correlated temporal sequences into highly entangled
circuits risks randomizing the quantum states. We demonstrate that strate-
gic, repeated data re-uploading (as utilized in our aparallel and ovload ar-
chitectures) appears essential to maintain state discernibility in the Hilbert
space and prevent this homogenization.

— Managing Entanglements (Confirmation and Extension): Aligning
with prior literature, we confirm that expanding ansatz depth and width
to increase expressivity induces excess entanglements and non-local interac-
tions. Our supplementary benchmarks [3] map this directly to QTSA, show-
ing via widening Interquartile Ranges (IQR) that this flattens the cost land-
scape and degrades model stability, indicating that narrower, entanglement-
controlled circuits often outperform wider variants in temporal tasks.

— Overloading vs. Overparameterization (Novel Application): To mit-
igate the trainability penalties of wide circuits without sacrificing learning
capacity, we introduce the overloading of fewer qubits with sequential sliding-
window data features. This approach regularizes the quantum models and
smooths the cost landscape without requiring the excessive auxiliary re-
sources that typically trigger barren plateaus.

Ultimately, this study translates theoretical principles into practical, evidence-
based heuristics for constructing predictive QTSA models. While our supplemen-
tary results offer a robust empirical and indicative foundation, we are currently
undertaking further work to validate these architectural paradigms against rigor-
ous mathematical metrics, such as Krylov expressivity and Effective Dimension.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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