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Abstract. The search for new energy-efficient algorithms has recently
gained attention as the energy consumption of machine learning (ML)
workloads continues to increase. In this article, we provide an initial
comparison between two efficient ML models based on quantum systems.
The first approach is a quantum reservoir computing (QRC) model based
on driven spin dynamics, while the second approach is a parameterized
tensor network (TN) model, specifically a Matrix Product State (MPS)
architecture. These models are evaluated on two forecasting tasks of a
different nature: autonomous forecasting of the chaotic Mackey–Glass
time series, and direct hourly electrical-load forecasting. The QRC model
exhibits lower execution times while preserving competitive predictive
performance in both tasks, highlighting its energy efficiency; whereas
the MPS model provides greater stability across random seed initializa-
tions while also achieving accurate forecasts. The results show that the
proposed methods are efficient quantum and quantum-inspired machine
learning alternatives for time series forecasting. We expect this compar-
ative study to stimulate further development, scaling and benchmarking
against a broader range of more complex ML tasks.

Keywords: Quantum Reservoir Computing · Tensor Networks · Time
series forecasting · Quantum Machine Learning.



1 Introduction

The amount of data generated and processed using machine learning (ML) mod-
els is increasing rapidly. Recent studies suggest that ML-related electricity de-
mand could double by 2030, reaching approximately 945 TWh (slightly exceeding
Japan’s energy consumption today) [6]. This growth is driven not only by the
increasing volume of data being stored, but also by the large-scale ML models
currently in use, which require substantial computational resources, energy con-
sumption, and training time. In this context, the search for efficient quantum
machine learning (QML) algorithms that consume less energy, memory and time
has attracted increasing attention.

In this article, our main contribution is a comparison of two methods based on
quantum systems and their intrinsic properties applied to time series forecasting.
We evaluate the proposed methods on two tasks of a fundamentally different
nature: one derived from a chaotic mathematical system, and the other based
on a real-world energy consumption dataset. We do not aim to compare them
to classical state-of-the-art baselines. The proposed methods were designed to
offer a tradeoff between performance, parameter count and training time, rather
than to be optimal on any single one of these axes, and an unbiased comparison
is beyond the scope of this article.

The first model is a spin-based Quantum Reservoir Computing (QRC) al-
gorithm. This paradigm is a supervised neuromorphic algorithm that uses a
quantum system complex evolution to produce a non-linear high-dimensional
representation of the data whose measurements are later processed using an
efficient classical linear regression [16].

The second method is a Matrix Product State (MPS) model, a widely used
Tensor Network (TN) architecture [4]. TN methods comprise a collection of
architectures and techniques that enable the decomposition of high-order tensors
into networks of lower-rank tensors, and have recently found applications in ML,
giving rise to the field of Tensor Network Machine Learning (TNML).

This article is organized as follows. In Sec. 2 we describe the selected QRC
and TN models. In Sec. 3 we present and compare the results obtained for the
two ML tasks considered. Finally, conclusions and future research directions are
discussed in Sec. 4.

2 Models

2.1 Quantum Reservoir Computing

QRC extends the classical reservoir computing framework to quantum systems.
This paradigm uses a complex dynamical evolution that maps inputs into a high
dimensional feature space. The exponential Hilbert space and the highly com-
plex non-linear dynamics characteristic of many quantum systems present them
as an interesting platform for this framework. In recent years, these algorithms



Fig. 1: Quantum Reservoir Computing illustration for an all connected
Ising spin system with continuous driving as input method. The input is
encoded through a local coherent driving on all qubits, then the system is evolved
for a time dt and afterwards a set of observables is measured. The measured
outcomes are used to predict the output using an efficient classical regression.

have attracted increasing attention as an alternative to variational quantum algo-
rithms for QML applications because they do not suffer from vanishing gradients
(barren plateaus).

In this article, we implement the continuously driven fully connected spin
Ising model of N = 5 qubits proposed in ref. [21], whose Hamiltonian is
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∑
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where sk ∈ [0, 1] is the k-th value of the normalized input series s = (s0, s1, ..., sl),
σa
i (a = x, y, z) are the Pauli matrices on the i-th qubit, Ji,j are the coupling

weights between atoms i, j and hi is the external magnetic field related to site
i . Local dissipation is also considered for this system, resulting in a dynamical
map defined by the following Gorini-Kossakowski-Lindblad-Sudarshan (GKLS)
Master equation [12]
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where γ is the local decay rate of the spins. The optimal hyperparameters found
in [21] are: dt = 0.1, γ = 10, h = 0.1 and Ji,j are uniformly sampled from[
− 1

2 ,
1
2

]
.

As depicted in Fig. 1, each input of data is evolved following equation 2 and
at the end of this evolution a selected set of observables is measured. These
measured observables are appended to a matrix x that contains the measured
results for inputs of the training set of the dataset. This vector is then used to
train a linear regression that performs the desired task.

This proposed model has the universal approximation property if the follow-
ing conditions are satisfied [21]: echo state property (ESP) [27], fading memory
property (FMP) [5], and input separability.

Why should we use QRC for ML applications? On the one hand,
QRC has very few trainable parameters and a fast inference and training pro-
cess performed by an efficient classical regression. Moreover, it requires very



Fig. 2: Matrix Product State (MPS) representation with open bound-
ary conditions. Each site is associated with a tensor containing one physical
index of dimension d and up to two virtual (bond) indices of dimension D. The
bond indices connect neighboring tensors and encode the correlations captured
by the network, whereas the physical indices represent the local feature spaces
associated with the input data. In addition to the input tensors, the network
includes an output tensor (in green) that maps the encoded representation to
the target prediction.

low memory to just store the trained parameters of the regression. On the
other hand, the dynamical and quantum properties of the selected reservoir
let us interpret how the information is being processed. As an example, the
ergodic chaotic dynamical regime has been found to be better than the many-
body-localized phase for QRC [13]. Apart from classical state-of-the-art tools
to explain the predictions of the model, the use of quantum information tools
is an interesting alternative that may provide some insight into information or
correlations that classical tools are not able to obtain.

2.2 Tensor Networks

Tensor Networks have recently emerged as a promising alternative to state-
of-the-art neural networks for developing computationally efficient and inter-
pretable ML models [25]. TNs provide compact representations that reduce the
number of trainable parameters while preserving expressive power, offering a
scalable and computationally efficient framework for ML, with quantum infor-
mation theory providing valuable tools to analyze and interpret learned repre-
sentations [20].

TNs comprise several architectures distinguished by their connectivity pat-
terns and correlation structures. Among the most widely used in ML are MPS,
a one-dimensional tensor network (see Figure 2) whose expressive power is con-
trolled by the bond dimension D, which determines the amount of correlations
that can be represented (analogous to the role of entanglement in quantum
many-body systems)[19]. Although exact representations may require exponen-
tially large bond dimensions, many physical systems and ML datasets exhibit
structured correlations that can be captured accurately with relatively small val-
ues of D. Recent work has demonstrated the applicability of TNs to supervised
[24], unsupervised [23], and reinforcement learning [14], as well as neural-network



compression [17]. In tasks such as anomaly detection [26], sequence modeling [15],
and constrained generative modeling [10], MPS-based models have achieved com-
petitive, and in some cases superior, performance compared with conventional
approaches.

Why should we use TN for ML applications? The analogous growth
in the dimensionality of vector spaces encountered in both quantum many-body
physics and ML has motivated the use of tensor networks as compact represen-
tations of high-dimensional data, improving the trade-off between model expres-
siveness and computational cost. By mitigating the “curse of dimensionality”,
TNs can substantially reduce the number of trainable parameters, leading to
lower computational and energy requirements during both training and infer-
ence. In the case of MPS, a key ingredient underlying this efficiency is the ex-
istence of canonical forms and the use of singular value decompositions (SVDs).
By truncating the smallest singular values, MPS can be compressed through op-
timal low-rank approximations, reducing the bond dimension and the number of
model parameters while preserving the most relevant information encoded in the
data. Although some information may be discarded during this process, SVD-
based truncation has been shown to provide the optimal compression strategy
[3]. Beyond efficiency, TNML also offers a promising route toward more inter-
pretable ML models. While a significant performance gap often exists between
interpretable probabilistic (“white-box”) approaches and state-of-the-art deep
neural networks, tensor networks provide access to a rich mathematical frame-
work inherited from quantum information theory. Quantities such as reduced
density matrices, von Neumann entropy, and mutual information can be em-
ployed to characterize correlations, quantify information content, and analyze
the internal representations learned by the model [20,1]. As a result, TNs not
only enable efficient representations of complex datasets, but also provide prin-
cipled tools for understanding how information is encoded and processed within
the network.

3 Results and Discussion

We begin by introducing the benchmark tasks. Next, we describe the model
configurations adopted for each task. Finally, we present and discuss the results
obtained by the different approaches.

3.1 Tasks

We test both models on predicting the Mackey-Glass (MG) [11] chaotic time
series and the PJM energy consumption dataset [9].

Mackey-Glass. The MG chaotic time series is a widely used benchmark
for time series predictions in both ML and QML [18]. The MG function u(t) is
obtained by numerically solving the following delay-differential equation

du(t)

dt
= −0.1u(t) +

0.2u(t− τ)

1 + u10(t− τ)
. (3)



This delay-differential equation generates chaotic dynamics when τ > 16.8 [11],
therefore we use τ = 17 as most of the studies regarding QRC. We remark that
t is dimensionless. The values are obtained by numerically solving equation 3
and sampling the values using a time resolution tr of 3. We discard the first
1000 values, use the next 1000 as training and the following 150 as test. The
aim of this task is to perform autonomous recursive prediction, where the
predicted value is used as input for the next step in the test phase.

PJM Energy Consumption database. This database contains time-series
describing the hourly electricity consumption of the Eastern Interconnection
grid, as reported by PJM Interconnection LLC [9]. Unlike the Mackey–Glass
benchmark, these series exhibit less chaotic dynamics. For simplicity, we fo-
cus exclusively on the PJME time series, one of the many datasets within this
database. The objective of this task is to evaluate the ability of the models to
predict electricity demand 24 hours in advance.

The selected metrics to compare the results are the normalized mean absolute
error (NMAE), the normalized mean squared error (NMSE), the normalized
root mean squared error (NRMSE), the trainable parameter count and the
training time.

3.2 Ising Quantum Reservoir

We expand the results of the reference article [21] by considering the following
observable sets:

– O1 = ⟨σa
i ⟩

⋃
⟨σa

i σ
a
j ⟩, with a = x, y, z and 1 ≤ i, j ≤ N , i ̸= j. Used in the

reference article.
– O2 = ⟨σa

i ⟩
⋃
⟨σa

i σ
b
j⟩, with a, b = x, y, z and 1 ≤ i, j ≤ N .

The presented results are obtained by integrating the GKLS equation 2 using
the mesolve function from the QuTip package in Python [8].

The autonomous prediction method for Mackey-Glass enables us to study
not only how the reservoir learns the internal dynamics of the time series, but
also how it behaves against the accumulated error that expands through the
prediction. We depict the results in Figure 3 and in Table 1. Since the defined
reservoir depends on random sampling from a uniform distribution, we averaged
over 100 random initializations of the reservoir.

The larger observable set (O2) returns the best (lowest) mean result in all
prediction metrics at the cost of more training and execution time compared to
the O1 set.

The direct prediction method implemented for the PJME dataset uses one
input to predict the energy consumption 24 hours later. The large size of the
dataset and the stochastic nature of the reservoir make it necessary to average
over seeds to extrapolate reliable results. Consequently, training the QRC model



Fig. 3: Autonomous prediction of the MG timeseries for the QRC
model. The predictions for both observable sets are averaged over 100 ran-
dom initialization of the reservoir. The shaded regions cover the one standard
deviation taken as statistical measure.

using large percentages of the dataset is not viable within a reasonable execu-
tion time. Alternatively, we randomly select a starting month from the dataset
and use it as washout period, allowing it to satisfy the necessary conditions for
universality [22]. The next 10 or 15 months are used for training, after which the
model directly predicts each of the 24 hourly load values for the following day,
one horizon at a time, rather than recursively.

In this way, we compare two observable sets and two different training sizes.
The results are presented in table 1 and a visualization of the O1 prediction
for both training sizes is displayed along the MPS predictions in figure 5. As
expected, the biggest training size yields better results for both observable sets.
In contrast with the results obtained for the MG task, we find that the O1

observable set performs better for the direct prediction setting.

3.3 Tensor Networks

The proposed model for both MG and PJME consists of a sliding-window MPS
architecture. The window size and bond dimension were determined through a
hyperparameter search aimed at maximizing predictive accuracy while maintain-
ing feasible training and inference costs for each task.

The specific model implemented for Mackey-Glass prediction employs a
window size of 227, corresponding to an MPS with 227 input tensors, 1 output
tensor, and a bond dimension of 100. A linear local feature map is used to
encode the inputs, mapping each time-series value x onto the three-dimensional
vector (1, x, 1 − x). The physical dimension of the feature map, together with
the selected bond dimension and window size, leads to a comparatively large
number of trainable parameters. Nevertheless, the relatively small size of the
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Fig. 4: Autonomous prediction of the MG time series using the MPS
model. Predictions are averaged over 10 random initializations of the MPS. The
barely visible shaded regions represent one standard deviation.

dataset (1000 training samples and 300 test samples) keeps both training and
inference times within reasonable limits.

We observed little variation across random seeds in the recursive forecast-
ing task; therefore, all reported results were averaged over only 10 independent
random initializations. As shown in Table 1, the MPS model achieves predic-
tive performance comparable to that of the QRC approach, with an NRMSE of
approximately 0.1. Nevertheless, this performance comes at the cost of a consid-
erably larger model size and parameter count. This reflects the complexity of the
Mackey–Glass forecasting problem, which requires the model to capture long-
range temporal correlations and highly nonlinear dynamics in order to achieve
accurate predictions from a relatively small dataset. The autonomous prediction
produced by the MPS model is illustrated in Figure 4.

For the PJME forecasting task, there are two key differences with respect to
the QRC-based approach. First, the full dataset is utilized in this setting, with
the data split into training, validation, and test sets comprising 75%, 12.5%,
and 12.5% of the samples, respectively. Second, and perhaps most importantly
when interpreting the reported performance metrics, the MPS model is trained
to predict the entire 24-hour load profile, whereas the QRC-based approach
predicts only a single value corresponding to the load 24 hours ahead. This
distinction substantially changes the forecasting task and should be taken into
account when comparing the results obtained with both approaches.

Here, we employ a sliding-window MPS architecture with a window size of
168 sites, corresponding to one week of hourly electrical load measurements.
The bond dimension was also selected through hyperparameter optimization
and set to 16. Although larger bond dimensions could be considered, the size of
the dataset makes them significantly more demanding in terms of both training
and inference costs, while providing only limited performance improvements. In
addition, a quadratic local feature map is used to encode the inputs, mapping
each value x onto the three-dimensional vector (1, x, x2).



Table 1: Results for both considered tasks and ML models. We remark
that the PJME MPS results are not averaged over seeds because of its stability.

N-RMSE N-MSE N-MAE #PARAMS

MG
MPS 0.1001± 0.0083 0.0101± 0.0017 0.0635± 0.0082 6820200

QRC O1 0.145± 0.065 0.025± 0.023 0.096± 0.044 45
QRC O2 0.095± 0.084 0.016± 0.039 0.056± 0.044 105

PJME

MPS Baseline 0.040 0.0017 0.029 135200
MPS Compressed 0.041 0.0018 0.030 116318

QRC 10 month O1 0.036± 0.026 0.0020± 0.0033 0.031± 0.024 45
O2 0.050± 0.032 0.0035± 0.0046 0.041± 0.028 105

QRC 15 month O1 0.031± 0.019 0.0013± 0.0017 0.027± 0.018 45
O2 0.041± 0.022 0.0023± 0.0024 0.036± 0.020 105

The results obtained with the MPS model are presented in Table 1. Although
these results are not competitive with the current state-of-the-art in short-term
electrical load forecasting (see [2] for instance), they remain competitive with a
range of classical ML approaches (see [7]). Moreover, this performance is achieved
using a relatively compact model, highlighting the ability of TNs to provide effi-
cient representations with reduced memory requirements and parameter count.

We further compress the model by applying an SVD-based truncation scheme
to reduce the bond dimension and, consequently, the number of network param-
eters. Although this compression leads to some degradation in predictive perfor-
mance, it provides an interesting opportunity to explore the trade-off between
model accuracy, memory requirements, and computational cost. The results ob-
tained with the SVD-compressed model are also reported in Table 1. This com-
pression was performed by retaining the singular values accounting for 99% of
the total singular-value weight, after which the model was fine-tuned for an ad-
ditional five epochs. Figure 5 presents the predictions of all considered models.
The predictions labeled "MPS retrain" are the compressed and fine-tuned MPS.

3.4 Discussion

The models under comparison are fundamentally different: QRC is a neuro-
morphic computing method while the MPS approach is closer to conventional
neural-network models, both in terms of its architecture and its training proce-
dure. In both tasks the MPS model contains substantially more parameters than
the QRC model. In the following discussion we take this into account as well as
the previously defined metrics in order to draw conclusions.

We compare the overall results for both tasks in Table 1. For MG, both
models achieve similar performance metrics, so it could be said that they ap-
pear to capture the underlying dynamics of this chaotic time series. The MPS
model shows stable behavior, with low variability across random initializations.
As expected in the QRC method, the larger observable set yields the best perfor-
mance, indicating that a richer readout from the system improves autonomous
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Fig. 5: 24 hour predictions for the PJME task for the MPS and QRC
model. We include the two MPS models and the two considered training sizes
for the O1 observable set.

prediction. Another observed result is that the QRC execution time (simulated
training and inference) is shorter than the MPS execution time. This increased
computational cost is consistent with the considerably larger number of param-
eters employed by the MPS architecture for this task. The mean execution time
for simulated QRC is around 45 seconds, while the mean execution time for the
MPS model exceeds 110 seconds.
Table 1 also displays the best results for the direct prediction of the PJME
dataset. A direct comparison between both architectures should be avoided,
since the training and inference protocols and the evaluation methodology are
not equivalent: QRC results are averaged over 50 randomly selected time periods
and the model predicts only a single value corresponding to the load 24 hours
ahead (24-hour-ahead-forecasting), whereas the MPS uses 75% of the dataset for
training and aims to predict the entire 24-hour load profile (24-step forecasting).
Both models perform well within their respective forecasting settings. The QRC
model’s high standard deviation suggests that the prediction difficulty depends
on the selected time window, possibly due to seasonal effects or abrupt changes in
demand. The TN addresses a more demanding forecasting task while its struc-
ture enables systematic compression through SVD-based truncation, allowing
the bond dimension and parameter count to be reduced with only a limited
impact on predictive accuracy.

4 Conclusion

This work explores two distinct ML approaches inspired by quantum systems,
briefly reviewing the state-of-the-art and examining their predictive capabilities,
computational efficiency, and interpretability and explainability properties. We
evaluate these models on two forecasting tasks of interest: MG chaotic time-series



prediction and hourly electrical load forecasting (PJME), obtaining comparable
predictive performance with both approaches. Specifically, we found the QRC
paradigm to be more efficient, both in terms of parameter count and training
time, than the MPS model, while the MPS model exhibits greater stability across
random initializations and appears better suited to learning from larger datasets.

While this modest reservoir worked quite well on these tasks, the imple-
mentation of larger reservoirs and their benchmark against other datasets is
an interesting study to conduct in the future. Additionally, the study of quan-
tum properties as explainability tools for time series prediction is an intriguing
question.

For TNML, future work could systematically analyze the trade-off between
bond dimension, model size, and predictive performance for forecasting tasks;
explore more expressive architectures (such as Tree Tensor Networks); and lever-
age quantum-information-theoretic tools to better understand learned represen-
tations and use these insights to design better architectures.
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