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Abstract

This work benchmarks Quantum Long Short-Term Memory (QLSTM) against
classical LSTM networks using electrical meter data (KWh) from EPM, a pub-
lic utility company, clients. The results show that QLSTM models learn in half
the epochs compared to LSTM, as measured by the MSE cost function, while
maintaining strong performance with respect to bias (Mean Absolute Percentage
Error, MAPE) and variance (R2) metrics. QLSTM leverages variational quan-
tum circuits (VQC) to replace traditional LSTM cell gates, demonstrating the
potential of quantum-hybrid algorithms in forecasting tasks. This study highlights
the e!ciency and accuracy advantages of quantum machine learning applied to
real-world data from EPM’s electrical metering services.

Keywords: Quantum Machine Learning, Machine Learning, Quantum Computation,
Variational Quantum Circuits, QLSTM, Amplitude Encoding.
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1 Introduction

Forecasting the consumption of public services such as water, electricity, and gas is
critical for decision-making in utility companies. In the electricity sector, the main
goal is to ensure reliable and continuous service; however, predicting electrical loads
has become increasingly complex due to various direct and indirect influencing factors.
Traditional forecasting methods often struggle with this complexity, requiring the
development of reliable and e!cient predictive models. Accurate forecasting helps
companies manage energy transmission, plan resources, and identify potential issues
proactively, which is crucial given the rapid rise in energy consumption [1].

Load forecasting generally focuses on the hourly total electric load but can extend
to predicting hourly, daily, weekly, and monthly system loads, including peak loads.
Forecasts are classified by time horizon: short-term load forecasting (STLF) for up to
one day; medium-term load forecasting (MTLF) for one day to one year; and long-
term load forecasting (LTLF) for one to ten years. For larger systems like regional
or national grids, these classification models achieve relatively high accuracy [2], [3].
This paper shows how the forecasting was addressed over a period of days, specifically
targeting one to two week forecasts. In the existing literature, di”erent investigations
have shown that quantitative forecasting techniques such as moving averages [4], time
series [5] and deep learning methods [6] are employed when the situation is steady
and previous data is available, such as in the case of this work. A research suggests
that traditional time series analysis techniques, such as regression models, ARIMA,
GARCH, and hybrid models combining ARIMA and GARCH with wavelet transforms,
are not suitable for short-term forecasting in high-dimensional or highly volatile data
settings [7] as these methods often struggle with scalability and adaptability in such
contexts. In contrast, artificial neural networks (ANNs) are more adept at handling the
complexities of short-term forecasting. ANNs leverage their hidden layers and learning
capabilities to identify and exploit hidden patterns in time series data, leading to more
accurate forecasts. They are particularly valued for several key features:
1. Robustness: ANNs can generalize well even with incomplete or noisy data.
2. Non-parametric Nature: They do not require predefined assumptions about the

data distribution, making them flexible in various applications. Generally speak-
ing, in data science problems, this is an approximation that is often overlooked,
and that is to assume a normal distribution in the data, which is not true for all
cases.

3. Universal Approximation: ANNs can model any continuous function to a desired
level of accuracy.

Recent advancements in short-term load forecasting have seen the integration of
advanced machine learning techniques. In China, a hybrid model combining varia-
tion mode decomposition (VMD) with long short-term memory (LSTM) networks,
optimized via Bayesian optimization (BOA), demonstrated superior performance,
achieving a MAPE of 0.4186% and an R-squared of 0.9945 compared to other models
like SVR, MLP regression, LR, RF, and EMD-LSTM [8]. Artificial neural networks
(ANNs) have been e”ectively utilized for short-term load forecasting, particularly in
handling non-linear data. For instance, in [9] the authors developed an ANN-based
model to process vast and dynamic datasets, addressing non-linearity challenges in
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historical load data, with validation performed on a real test facility. Other neu-
ral network architectures, including RNNs, CNNs, LSTMs, and deep networks, have
also been employed to improve forecast accuracy [10]. Notably, LSTM networks have
shown to outperform traditional statistical and machine learning approaches in reduc-
ing prediction errors [11], specifically, showing that LSTM models have been proven
e”ective in residential short-term load forecasting, significantly outperforming mod-
els like ELM, BPNN, and k-nearest neighbor regression. In a similar research context
(in which QLSTM is used), such as solar irradiance prediction [12], various recurrent
neural network (RNN) models, including gated recurrent units (GRU) and long short-
term memory (LSTM), have been utilized for forecasting one hour and one day ahead
[13]. To enhance the accuracy of time-series forecasts, some researchers have combined
LSTM with other models to better extract features from the data.

The primary objective of this work was to implement a predictive model and
architecture for EPM, a public utility company in the electricity sector, to deliver mea-
surements and forecasts with optimal accuracy and precision. For EPM, this model
must be highly reliable and fast to proactively identify users who may experience
issues, enabling e!cient reviews and solutions, ideally before network failures occur.
Accurate electricity usage forecasting is crucial for enhancing the intelligence of smart
grids, as it allows utility providers to e!ciently plan resources and take controlled
actions to balance supply and demand. Additionally, metering solutions provide cus-
tomers with insights into their energy consumption and future usage projections,
aiding in better cost management. In this work, we propose a method for precise
short-term electricity load forecasting for the next 24 hours and week, at the individ-
ual household level by social class, and the industry category. This need for rapid and
precise predictions brings quantum machine learning into focus as a cutting-edge solu-
tion. But firstly, as a benchmark, the project began with classical LSTM models to
evaluate their forecasting capabilities across di”erent user groups, and to assess group
dependencies and independencies in time series forecasting. This classical approach
provides a baseline for comparing and guiding the development of quantum-enhanced
LSTM (QLSTM) models.

Recent research and applications on QML have not shown, in some cases, supe-
riority in terms of model accuracy in comparison with the classical counterpart. One
example is the case of study of heart disease in which a quantum machine learning
algorithm in SVM to classify artery disease was made. The results presented [14] show
that QML and tensor network techniques can provide comparable accuracy to classi-
cal methods in noninvasive testing for coronary artery disease for 3 di”erent dataset,
in which the best QML model was for VQC MPS model showing for the best angle
of rotation applied to the input feature space, but the classical counterpart showed
better results (Naive Bayes and XGBoost), those in terms on the following metrics:
accuracy, precision, recall and F1-score. Also, studies in [14] shows good results using
VQC methods for classification problems, achieving more than 70% of accuracy in
terms of classification metrics.

Like ML, QML paradigms are supervised learning or task based, unsupervised
learning or data based, and reinforced learning or reward based. Due to its resilience
to noise, good generalization properties, and in a broad sense, its potential to achieve a
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quantum advantage, supervised learning has received special attention in recent years
[15]. QML algorithms speed up quantum systems to improve ML regression or classi-
fication tasks, for example, through the Quantum Support Vector Machine, Quantum
PCA, Variational Quantum Classifier, Quantum Boltzmann Machine, Quantum Neu-
ral Network (QNN), Quantum Convolutional Neural Network, and Quantum Deep
Neural Network [16].

QNNs refer to the application in a data science problem of parameterized quantum
circuits, which are a sequence of unitary gates acting on the quantum data states, some
of which have free parameters that will be trained to solve a problem. This algorithm
deserves special attention since it is used in all three QML paradigms. For instance,
the goal of a QNN in a supervised classification task may be to map states in di”erent
classes to distinguishable regions of Hilbert space. In the unsupervised learning case,
a clustering task can be mapped to a MAXCUT problem and solved by training a
QNN to maximize the distance between classes; while in a reinforced learning task,
a QNN can be used as a Q-function approximator to establish the best action of an
agent given its current state [15].

In some cases, hybrid approaches are used with models that have classical and
quantum neural networks, which seek to distribute representational capacity and
computational complexity across classical and quantum computing. In other cases,
researchers have proposed quantum versions of kernel methods, which map each input
to a vector and learn a linear function in the reproducing kernel Hilbert space, which
has a dimension that could be infinite and makes the kernel method potent in terms
of its expressiveness [15].

The challenges associated with current quantum computers, particularly noisy
intermediate scale quantum (NISQ) devices, are well-documented. These devices face
di!culties in executing quantum circuits with large number of qubits or extensive
circuit depths due to the lack of e”ective quantum error correction mechanisms
[17]. Addressing this problem, recent work by Chinese researchers introduces a novel
framework utilizing Variational Quantum Circuits (VQC) to implement Recurrent
Neural Networks (RNNs), specifically Long Short-Term Memory (LSTM) networks.
Their approach, termed Quantum LSTM (QLSTM), combines quantum and clas-
sical computing to leverage the expressive power of quantum entanglement while
maintaining practical feasibility for NISQ devices. This hybrid quantum-classical
framework shows promising results, including faster learning and more stable conver-
gence compared to classical LSTMs in several physical applications[17] and in the
prediction of solar irradiance [12]. Additionally, VQC has been demonstrated as a
leading candidate for shallow quantum algorithms, successfully applying to classical
classification, clustering, and even deep reinforcement learning [12]. Building on these
advancements, this paper shows how the QLSTM perform better in terms of loss
function, learning faster, approximately in half of the epochs for the classical LSTM,
in the context of electrical meter forecasting.

This work is organized as follows: in section 2 is reviewed in detail the concept and
context of QML, also each subsection in this chapter shows the theoretical background
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of the LSTM, the importance of the bias-trade o” explaining how a model in the clas-
sical forecasting can be defined as a good model in terms of loss functionals, also the
workflow of a quantum machine learning algorithm is explained and the QLSTM is
briefly explained. In this section the parameter shift-rule used in VQC as the opti-
mization procedure is demonstrated, and a subsection named “a bit of physics” in
which the concept of qubits, superposition and entanglement are reviewed as part of
the explanation of the VQC architecture in each cell memory in the QLSTM. Section
3 contains elements used for this work, such as the embedding process explained in
a deeper way; encoding, which is from utter importance in the quantum computing
world, showing how the classical data is transformed to be used in the QLSTM. Also
metrics performance used in this work are explained. Section 4 has an important part
of this work, data description, preprocessing and feature engineering. This section
describes the data provided by EPM, transformations and feature engineering of the
data. Section 5 shows all the results in terms of clients, loss functions used, clients
groups/categories independence and dependence tests, LSTM and QLSTM models
performance for one client showing the best hyperparameters of each model. Finally
there are two sections, 6 with conclusions of this work and 7 with the acknowledgments
to the people and researchers who were part of this work.

2 Methodology

Since our classical machine learning problem is covered by artificial neural networks
(ANNs), our comparison framework with QML has to be in the quantum version of
ANNs, called Quantum Neural Network (QNN) [16]. It has been demonstrated that
classical neural networks can be embedded into parameterized quantum circuits (PQC)
[15] also known as Variational Quantum Circuit. These are a sequence of unitary gates
acting on the quantum data states |ωj→ some of which have free parameters ε that will
be trained to solve an optimization problem [15]. Fig 1 shows one example of a VQC
[16], we illustrate this later in subsection 2.5. In fig 2, taken from [15], we can see the
schematic version of Feedforward Neural Network FNN in the quantum computation
world in which each node corresponds to a qubit, while lines connecting qubits are
unitary operations. Table 1, taken from [16], summarizes this correspondence between
the quantum world and neural networks.

Fig. 1 Variational Quantum Circuit.[16].
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Fig. 2 Quantum circuit representation of a FNN. The circuit is initialized in a product state. [15].

Quantum Mechanics Neural networks

Wave function Neurons activation functions
Superposition (Coherence) Interconnections (weights)
Measurement (De-coherence) Evolution to attractor
Entanglement Learning rule
Unitary transformation Gain function

Table 1 Correspondence between the quantum mechanics
elements in a VQC with a classical Neural network.

Both in the quantum world and in the classical one, the FNN uses the backprop-
agation algorithm that is based on the gradient descent [18, 19]. It was the aim of
this research to use the back propagation algorithm in the LSTM and the parameter-
shifted rule for QVC in the QLSTM to make a benchmark in terms of complexity
and accuracy in the forecasting problem. In a variational quantum circuit (VQC), the
parameter shift rule is used to compute the derivative of the expectation value with
respect to a parameter ε of a unitary gate. This is achieved by evaluating the circuit
at ε + ω

2 and ε ↑ ω
2 , and then combining these results to estimate the gradient [19].

This process allows for the optimization of the parameters in the VQC, analogue to
how gradients are used in feedforward neural networks (FNNs) to optimize weights
and biases through backpropagation, more precisely in our case of study backpropa-
gation through time (BPTT) [20]. The circuit structure, in this case, is reused with
slightly shifted parameters to find these derivatives, which play a role similar to the
adjustment of parameters in an FNN during training. This demonstration is made on
subsection 2.6 based on the article [19]. Several works, such as [21], use these ana-
lytic gradients on quantum hardware for hybrid quantum-classical algorithm. Given
that quantum algorithms used to estimate the gradient of a model with D parameters
acting on n-qubits require O(

↓
D/ϑ) queries to estimate the gradient within error ϑ

(in the infinity-norm), it implies that with high probability the gradient will require
O(poly(2n)) applications of the model to even learn the sign of any component of the
gradient accurately [18].
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Several researchers have proven the above mentioned, such as Amin et. al [22].
These authors used QNN to classify COVID desease with high accuracy and pre-
cision, implementing 3 dense layers, 500 neurons, ReLU activation, and 02 neurons
with SoftMax for feature mapping with 4 qubits on Pennylane, using COVID 19 Pak-
istani and Chinese patient’s lungs CT images [16]. Also E. El-Shafeiy et. al [23] used
QNN model with 30 nodes getting 92.34% of accuracy in the prediction of severity of
COVID-19 [15].

The following two subsections are intended to set the theoretical background and
the methodology that will be used for each framework: classical forecasting defining
the evaluation metrics of a machine learning model along with a review of FNN net-
works with LSTM, and quantum forecasting in which the hybrid version of LSTM
with VQC (QLSTM) was used. It is important to define now what the di”erences
are between both in terms of the construction steps of a classical machine learning
model and a quantum machine learning model. But firstly, let’s define what Quantum
machine learning (QML) is. QML is the combination between machine learning and
quantum computing. It is based on the next idea: if quantum processors are capable
of producing statistical patterns that are computationally di!cult for a classical com-
puter to produce, then it is very likely that they can also recognize patterns on such
information that are equally di!cult to find classically [15]. The steps and di”erences
in developing a machine learning model and a quantum machine learning model are
detailed in Figure 3.

Fig. 3 Classical and Quantum machine learning models steps [24].
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The main di”erence between classical and quantum machine learning models starts
at how the information is processed by a quantum computer. After the feature engi-
neering process, which is one of the most important steps in a machine learning model
due to its susceptibility with respect to the type of data that is taking to train the
model, i.e, using the most correlated variables/features and the standarization of
the variables, these data and new inputs have to be encoded in the quantum world.
Encoding techniques such as amplitude encoding and basis encoding, are procedures
to transform data stored in a classical memory into a quantum state. For example,
encoding a vector ϖx into a qubit base vector which lives in a Hilbert space. After
the encoding step, it is important to select the proper QML algorithm what will be
applied depending on the machine learning problem [15, 16]. Then, encoded input
passes through a unitary evolution or gates in the quantum computing framework and
finally the measurement of the quantum system [16].

2.1 The bias/variance-tradeo!: the model evaluation in ML

forecasting

In terms of classical machine learning, a supervised learning problem is considered
where we have to infer from historical data the possible nonlinear dependency between
the input, past embedding vector, and the output, future value. See figure 4.

Fig. 4 Supervised classical machine learning scheme.[25].

For the aim of forecasting with this ML technique, it is important to choose a
model complexity that satisfies a good bias/variance trade-o”, which we can see in
figure 5, which refers to a MISE, i.e, mean-integrated-squared-error, decomposed in
three terms [20, 26]:

MISE = ϱ2
w + squared bias+ variance,

Where ϱ represents the noise or random error of the regression model y = f(x+w),
and w is the input’s error. The following task will be choosing the functional f̂(x,ς)
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Fig. 5 Bias/variance trade-o!.[25].

that depends on the degree of the functional (linear or nonlinear), and the hiperpa-
rameters. This decomposition explains how di”erent factors contribute to prediction
errors, particularly in non-parametric regression models. Here, the variance refers of
how much the f̂(x) will move around its mean, and squared bias refers to the dif-
ference between the true model and the model being fitted, i.e, how well the model
approximates the true underlying function.

In this work, the functional used to determine the minimal between f̂(x,ς) and y
was the Mean Squared Error. This, similar to MISE is decomposed as [26]:

MSE = ϱ2
w + squared bias + variance,

For the feature engineering of the data in this forecasting problem, this work was
based on a backward step-wise selection, in which the starting point of the variable
removing began with a correlation of the variables. This process, explained in the
section 4, aims to get the best R2 (variance) for the LSTM models in which the point
that optimizes the bias is precisely in the optimization point to avoid underfitting and
overfitting in terms of the training data set. This can be seen in figure 5.

For this purpose, we firstly have to make the data cleansing in terms of NaN vari-
ables and get the correlations between the variables in order to take into account
endogenous or exogenous variables for the forecasting of the meters in terms of cat-
egories, locations, etc. R2 and MAPE are going to be used as metrics of prediction,
variance and bias metrics respectively. CRISP-DM methodology was applied for our
classical scope, which is a process model that serves as the base for a data science
process and is based on the following steps: business understanding, data understand-
ing, data preparation, modeling, evaluation and deployment. The metrics mentioned
previously are our benchmarking metrics so to speak. This will be explained in detail
in section 4.

2.2 LSTM

Long Short-Term Memory (LSTM) networks were introduced by Sepp Hochreiter
and Jürgen Schmidhuber to address the memory issues inherent in Recurrent Neural
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Networks (RNNs) [27],[20]. RNNs have the ability to maintain a form of short-term
memory, which allows them to process sequences of data. However, they struggle to
retain information over long sequences due to the vanishing gradient problem, which
leads to a loss of important information as it passes through multiple steps. This
makes it challenging for RNNs to learn long-term dependencies in data sequences[20].

LSTMs were developed to alleviate these issues. An LSTM cell is similar to a
standard RNN cell but introduces two separate vectors: h(t), the short-term state,
and c(t), the long-term state. These two vectors work together to selectively retain
and discard information throughout the sequence, enabling the network to learn
dependencies over longer time spans. The structure of an LSTM cell includes three
main components called gates: the Forget Gate, the Input Gate, and the Output
Gate, as seen in Figure 6, where ϱ is the logistic or sigmoid function.

Fig. 6 Components of a Long Short Term Memory (LSTM) cell: forget gate, input gate and output
gate[28].

These gates regulate the flow of information through the cell, deciding what to
keep, update, or forget from the long-term state C(t→1) and the short-term state h(t→1).
We can see that these are the inputs in the cells with X(t), where:

• h(t→1): Short-term state.
• C(t→1): Long-term state.
• X(t): Input data at time t.
C stands for cell and C(t→1) will store the most relevant information for a greater

number of steps and h(t→1) will have in itself more immediate characteristics of the
information contained in such step of the sequence, hence the names given to them.
The vectors h(t→1) and X(t) will feed 4 fully connected layers, which will define in the
context di”erent gates, which will have the functions of learning what information to
save, read and discard. These gates are the following:
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2.2.1 Forget Gate

The Forget Gate determines which information from the previous short-term state
h(t→1) and current input X(t) should be discarded. In this gate we have the calculation
of the term f(t) as follows [20]:

f(t) = ϱ(WT
xf ·X(t) +WT

hf · h(t→1) + bf ) (1)

Where we can see that the activation function is the logistic or sigmoid function,
therefore we will have a restriction of the calculated values between 0 and 1. Thus,
when we do the term-by-term multiplication with C(t→1) those values closer to zero
will be erased and those closer to one will remain.

2.2.2 Input Gate

This is composed of a classic recurrent neuron where its output is given by:

g(t) = tanh(WT
xg ·X(t) +WT

hg · h(t→1) + bg) (2)

This will process the information and obtain certain characteristics of the current
stage of the sequence, which is contained between ↑1 and 1 thanks to the tanh func-
tion; in this way, it will allow us to have controlled values for the outputs. In addition
to a layer whose output is [20]:

i(t) = ϱ(WT
xi ·X(t) +WT

hi · h(t→1) + bi) (3)

These will be joined by a term-by-term multiplication, which will allow, as in the
forget gate, to filter the information according to its relevance. This gate will be in
charge of controlling what information of the current sequence should be stored in the
long-term memory term.

The Input Gate updates the long-term state with new information. It uses a com-
bination of a tanh function and a sigmoid function to control what new information
should be added to the long-term state. The updated information is then combined
using element-wise multiplication to determine what should be added to the long-term
state.

2.2.3 Output Gate

This will be in charge of defining what information will be saved for the short-term
term for the next step in the sequence: h(t→1) and X(t) go through a logistic function,
the result of which will be multiplied by the long-term term that is defined to exit this
step of the process. We will thus have that the output term after the logistic function
is given by:

o(t) = ϱ(WT
xo ·X(t) +WT

ho · h(t→1) + bo) (4)

Which will allow us to make the calculation that will give two of our outputs as
follows:

h(t) = o(t) ↔ tanh(C(t)) (5)
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Where at the end of the sequence step we will have that the long-term term that
carries our information for the longest time is defined as:

C(t) = f(t) ↔ C(t→1) + i(t) ↔ g(t) (6)

Where ↔ denotes element-wise multiplication, and Wxf , Whf , Wxg, Whg, Wxi,
Whi, Wxo, and Who are the weight matrices.

LSTMs e”ectively tackle the vanishing gradient problem present in traditional
RNNs by using their gating mechanisms to control the flow of information. They
maintain a more stable gradient during training, enabling the network to learn long-
term dependencies within the data making LSTMs particularly suited for tasks like
time series forecasting, natural language processing, and other sequence-based tasks
where understanding long-term dependencies is crucial.

By using the Forget Gate, the Input Gate, and the Output Gate, LSTMs selectively
keep relevant information while discarding less important details, much like how the
human brain simplifies and retains essential information while discarding less relevant
details [27].

2.3 Quantum Machine Learning

Quantum Machine Learning (QML) is a research area and a computational paradigm
that takes advantage of quantum Physics and Machine Learning (ML) through the use
of quantum computers, with which it exploits the properties of superposition, quantum
parallelism, entanglement and tunneling, to develop processes with high calculation,
simplicity, fast application of algorithms, and lesser query complexity, in which per-
formance and computational speed are significantly improved compared to classical
computing [16], [15]. It is important to add that unlike the classical information that
is stored in bits, quantum information processing uses superposition states of photons
or atomic particles to process, store, and transmit data; this is summarized in figure 7.
In this figure, quantum states of qubits are schematics drawn in a Bloch Sphere, which
is represented by the basis states |0→, |1→ or a normalized complex linear superposition
of the two [29]:

|ω→ = ς |0→+ φ |1→ (7)

Here, ς and φ are complex numbers that satisfies |ς|2 + |φ|2 = 1. This values, |ς|2

and |φ|2 represents the probabilities of the system in the state |0→ and |1→, respectively.
The qubit exists in a superposition of states |0→ and |1→ until it is observed [29]. In
terms of the angles in the Bloch Sphere and using the normalization |ς|2 + |φ|2 = 1,
the equation 7 can be written as:

|ω→ = cos
ε

2
|0→+ eiε sin

ε

2
|1→ (8)

The states contain information obtained from some physical process such as quan-
tum sensing, quantum metrology [30], quantum networks [31], quantum control [32]
or even quantum analog–digital transduction.
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Fig. 7 (a) classical and a quantum state superposition(b) Entanglement state.[16].

Worth mentioning that classical bit-string can be easily encoded into n qubits,
but the converse is not possible in a e!ciently encoding way due to the fact that n-
qubits system requieres (2n ↑ 1) complex numbers to be specified. Figure 8 shows the
di”erent QML tasks depending on the kind of data and the algorithm to use. The
QML forecasting used on this paper is based on classical data types using a quantum
algorithm, aiming for one of the QML key applications: Classical data analysis, more
precisely, optimization and learning enhancement of the learning rate of the algorithm
used (specifically the hybrid classical-quantum algorithm QLSTM explained in sub-
section 2.5) in a supervised ML task [15]. QML models can be generalized into three
components that are exposed in figure 9:
1. Collection and preparation (encoding) of data - from source to quan-

tum state: The first step in this scope was the transformation of the classical
data x (which represents the measurements of the meters in our time series for
the forecasting) into qubits of information. This is done by encoding this classi-
cal data through an mapping embedding xj ↗ |ω(xj)→, with |ω(xj)→ living in a
Hilbert space H. The encoding or mapping embedding used for this work was the
amplitude encoding, which is explained in detail in section 3.

2. The model, either quantum or hybrid quantum-classical: In this work a
variational quantum circuit is used. This is explained in detail in section 2.5.

3. The optimization, activation and loss: Recent works [12, 17, 33] have shown
these steps performed in a classical device benefit the quantum components.
This component is done by a variational algorithm. Variational algorithms repre-
sent a promising strategy in quantum computing by optimizing a set of classical
parameters, ε, to minimize a given cost function, C(ε). In this approach, a
classical computer interacts with a quantum machine to evaluate di”erent values
of ε, using a parameterized quantum circuit U(ε). This circuit prepares the
quantum state U(ε) |0→ = |ω(ε)→, where measurements on the final state |ω(ε)→
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return estimates of expectation values or specific qubit states. These estimates
are then used in the cost function C(ε), which defines the performance of the
parameter set ε within the given problem. The objective is to find the optimal
values of ε that minimize C(ε). One of the key advantages of this approach is
that when the objective function C(ε) cannot be computed e!ciently on classi-
cal computers—because simulating the quantum circuit U(ε) is computationally
prohibitive—the variational algorithm can provide significant speedup, poten-
tially exponential in some cases.

Fig. 8 QML tasks. This researching will be based on classical data type using a quantum algorithm
type [15].

Several factors make variational circuits especially suitable for near-term
quantum devices:

• Adaptability: Variational circuits can be designed with di”erent implemen-
tations, tailored to specific problems. The depth of the circuit can be adjusted
depending on the device’s ability to handle noise.

• Robustness: The learning process in variational circuits can help mitigate
systematic errors, enhancing the algorithm’s robustness.

14



• Noise resilience: Due to the iterative nature of variational algorithms,
noise does not pose as significant a challenge compared to other quan-
tum algorithms. This makes them particularly promising for current, noisy
intermediate-scale quantum (NISQ) devices.

In summary, variational algorithms leverage the strengths of quantum com-
puting for optimization tasks, especially when classical methods are ine!cient,
making them a key candidate for exploiting the capabilities of near-term quantum
technologies. In this work the QLSTM algorithm is used, an hybrid quantum-
classical algorithm that uses VQC instead of the gates in a classical LSTM and
also two activation functions. Section 2.5 explains this in detail.

Fig. 9 QML models steps diagram [34].

According to [18], a second more ambitious definition of QML focuses on problems
in which data is di!cult to generate or store classically and refers to the use of a
quantum device to classify or extract features from quantum states. The aim of QML,
according to this definition, is to reduce the complexity in terms of either samples
(sample complexity) or the number of operations needed in order to train the model
and classify a test vector [18], something known as quantum supremacy.

2.4 A bit of physics and quantum computing: superposition,

gates and entaglenment

In order to understand the architecture of the QLSTM used for the quantum-classical
electrical meter forecasting we need the illustrate how the phenomenon of superpo-
sition described by equations 7 and 8 are getting in quantum computation, in which
the quantum circuit contains wires and elementary quantum gates to carry around
and manipulate quantum information [29]. In quantum circuits, these phenomena
are manipulated using elementary quantum gates. Let’s delve into some fundamental
gates: the Hadamard gate, rotation gates Ry and Rz, and the CNOT gate, which is
crucial for creating entanglement.

The Hadamard gate (H) is pivotal in quantum computing as it enables the creation
of superposition states. When applied to a qubit in the computational basis states |0→
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or |1→, the Hadamard gate transforms them into a superposition state (using Dirac’s
notation):

H|0→ =
|0→+ |1→

↓
2

, H|1→ =
|0→ ↑ |1→

↓
2

. (9)

Mathematically, the Hadamard gate is represented by the following matrix:

H =
1
↓
2

[
1 1
1 ↑1

]
. (10)

Applying the Hadamard gate to a qubit in state |0→:

H|0→ =
1
↓
2

[
1 1
1 ↑1

] [
1
0

]
=

1
↓
2

[
1
1

]
=

|0→+ |1→
↓
2

. (11)

This transformation puts the qubit into an equal superposition of |0→ and |1→. The
probability of measuring the qubit in either state is 1

2 .
Quantum gates can also rotate qubits around di”erent axes on the Bloch sphere,

crucial for more complex state manipulations. The Ry and Rz gates represent rotations
around the Y and Z axes, respectively.

Ry Gate:

The Ry gate rotates the qubit around the Y-axis by an angle ε:

Ry(ε) =

[
cos

(
ϑ
2

)
↑ sin

(
ϑ
2

)

sin
(
ϑ
2

)
cos

(
ϑ
2

)
]
. (12)

When applied to a qubit |ω→ = ς|0→+ φ|1→, it modifies the probability amplitudes,
influencing the qubit’s superposition state.

Rz Gate:

The Rz gate rotates the qubit around the Z-axis by an angle ↼:

Rz(↼) =

[
e→iε/2 0

0 eiε/2

]
. (13)

This gate a”ects the phase of the qubit’s state without altering the probabilities
of measuring |0→ or |1→.

The CNOT (Controlled-NOT) gate is a two-qubit gate essential for creating entan-
glement. It flips the state of the second qubit (target) if the first qubit (control) is |1→.
Its matrix representation is:

CNOT =





1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0



 . (14)

Consider the initial state of two qubits, |0→↔ |0→ (i.e., |00→). Applying a Hadamard
gate to the first qubit creates a superposition:

16



H|0→ =
|0→+ |1→

↓
2

. (15)

Now, the overall state is:

|0→+ |1→
↓
2

↔ |0→ =
|00→+ |10→

↓
2

. (16)

Applying the CNOT gate on this state:

CNOT

(
|00→+ |10→

↓
2

)
=

|00→+ |11→
↓
2

= |φ00→ . (17)

The resulting state |00↑+|11↑↓
2

is an entangled state, known as the Bell state |φ00→

[29], where the measurement of one qubit instantaneously determines the state of
the other, no matter the distance between them. This phenomenon is at the heart of
quantum computing’s power and underlies many quantum algorithms. Table 2 contains
a summary of these gates.

Name Symbol Matrix Representation Diagonal Representation Description

Identity (I)

[
1 0
0 1

]
|0→↑0|+ |1→↑1| Leaves the qubit state

unchanged.

Hadamard (H) 1→
2

[
1 1
1 ↓1

]
1→
2
(|0→ ↑0|+ |0→ ↑1|+ |1→ ↑0|↓ |1→ ↑1|) Creates a superposition

state.

Ry(ω)




cos

(
ω
2

)
↓ sin

(
ω
2

)

sin
(

ω
2

)
cos

(
ω
2

)



 Complex combination in terms of kets and bras
Rotates the qubit around
the Y-axis by ω.

Rz(ε)

[
e↑iε/2 0

0 eiε/2

]
e↑iε/2|0→↑0|+ eiε/2|1→↑1|

Rotates the qubit around
the Z-axis by ε. Special
case: Pauli-Z when ε = ϑ.

CNOT





1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0



 Complex multi-qubit state representation
Flips the target qubit if the
control qubit is |1→. Creates
entanglement.

Table 2 Quantum Gates: Summary of the gates used in the VQC architecture for the QLSTM.

2.5 QLSTM and VQC architecture

The quantum-hybrid model, that is the counterpart of the LSTM, used in this work
is the Quantum Long Short Term Memory proposed by Samuel Yen-chi et. al in [17]
but following the same architecture by Yunjun Yu et. al in [12]. The infrastructure is
shown in the figure 10. This infrastructure is the same as exposed in figure 6 with
the di”erence that each gate or classical recurrent neural network cell is replaced by
a VQC (Variational Quantum Circuit).

VQC as a component of the variational algorithm used in this work, the QLSTM,
is a quantum circuit that includes adjustable parameters subject to iterative optimiza-
tions [17]. The circuit itself evolves a quantum state, and the parameters typically
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Fig. 10 QLSTM architecture. Similar to the architecture of a classical LSTM illustrated in 6 Func-
tions ϖ and tanh represents the sigmoid and hyperbolic tangent activation function. xt is the input
at time t, ht is the hidden state, and ct stands for the cell state. Here the VQC circuits are shown
for: V QC1 the forget gate, V QC2 the input gate, V QC3 the update gate and V QC4 the output gate.
↔ and ↗ represent element-wise multiplication and addition, respectively [12].

control aspects like gate angles or other tunable elements in the quantum circuit. As
it is illustrated in figure 1, the VQC consists of three parts: data encoding layer Rx,
Ry and/or Rz gates, variational layer V (ε) with learneable parameters ε that are opti-
mized through gradient methods and a quantum measurement layer that could be
done partially (a subset of qubits) or with all the qubits to retrieve a classical output.
The VQC used for this work is described in figure 11 and was proposed in [17].

Fig. 11 VQC architecture proposed by [17] for 4 qubits (N = 24). This architecture consists of
three key layers: the data encoding layer, which uses Hadamard (H), Ry , and Rz gates to encode
classical data into a quantum state; the variational layer (denoted by a dashed box), where the
tunable parameters are optimized to solve a specific problem; and the quantum measurement layer,
which extracts relevant information from the quantum system. Both the number of qubits and the
measurements can be adjusted according to the problem.
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2.5.1 Data Encoding Layer

As it is explained in 3.1, a quantum embedding or encoding represents classical data
as quantum states in a Hilbert space [12]. In this paper amplitude encoding was used.
In this technique, classical data is encoded directly into the amplitudes of a quantum
state. Specifically, a normalized N -dimensional data set x, N = 2n is represented by
the amplitudes of an n-qubit quantum state |ωx→, as |ωx→ =

∑N
i=1 xi |i→, where xi is

the ith element of x and |i→ is the ith computational basis state.The quantum state
then reflects the structure of the classical data. The classical input vector will be
transformed into rotation angles to guide the single-qubit rotations [17]. The initial
state |0→ ↔ · · ·↔ |0→ is transformed into the state:

(H |0→)↔n =
1

↓
2n

(|0→+ |1→)↔n

=
1

↓
2n

(|0→ ↔ · · ·↔ |0→+ · · ·+ |1→ ↔ · · ·↔ |1→)

=
1

↓
2n

2n→1∑

i=0

|i→ , (18)

|i→ is the ith computational basis state and the running index i is the decimal
number for the corresponding bit string. In this approach, 2N rotation angles are
generated from the N-dimensional input vector ϖv = (x1, x2, . . . , xN ) using:

εi,1 = arctan(xi), εi,2 = arctan(x2
i ) for each xi. (19)

The angle εi,1 is applied using the Ry(εi,1) gate, and εi,2 is applied with the Rz(εi,2)
gate. Arctan function is chosen because the input values are from R, not limited to
[↑1, 1]. The resulting quantum state, corresponding to the classical input vector X(t),
is prepared for subsequent layers, with the 2N rotation angles serving solely for state
preparation and not subject to iterative optimization [17].

2.5.2 Variational Layer

The encoded classical data, now represented as a quantum state, undergoes a series of
unitary operations. These operations involve multiple CNOT gates and single-qubit
rotation gates, as illustrated in the dashed box of 11. CNOT gates are applied to adja-
cent qubit pairs in a cyclic manner to create multi-qubit entanglement. The rotation
angles {ςi,φi, ↽i} associated with the single-qubit rotation gates Ri = R(ςi,φi, ↽i)
are not predetermined; instead, they are adjusted during the iterative optimization
process using the gradient descent method. To enhance the layer’s depth and increase
the number of variational parameters, the dashed box can be repeated multiple times,
though this study fixes the depth at 2 for all experiments [17].
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2.5.3 Quantum Measurement Layer

At the conclusion of each variational quantum circuit (VQC) block, a quantum
measurement layer is implemented, where the expectation values of each qubit are
calculated using the Pauli matrix ϱZ , as shown in equation 20. This work was done
using PennyLane, the quantum simulation software from Xanadu, in which these
values were calculated numerically on a classical computer. In contrast, when using
real quantum computers, the expectation values are estimated statistically through
repeated measurements (shots), which should theoretically align with the simulated
values in a zero-noise scenario. Following a series of quantum entanglement opera-
tions, the resulting output is a fixed-length vector that will be further processed on a
classical computer. In the proposed QLSTM architecture, the measured values from
each VQC will be integrated and processed within a QLSTM cell.

ϱZ =

(
1 0
0 ↑1

)
(20)

In a QLSTM unit, there are four variational quantum circuits (VQCs), as illus-
trated in figure 10. The input to each VQC is the concatenation of xt from the current
timestep and ht→1 from the previous timestep. The output is a vector obtained from the
quantum measurement layer, where the measured values are the Pauli Z expectation
values of each qubit. These values then pass through nonlinear activation functions,
such as sigmoid ϱ(x) and tanh(x). All four VQCs are defined based on a basic VQC, as
shown in figure 11. Each VQC includes a trainable fully connected layer that reduces
the dimensionality of the information to match the circuit size. After each VQC, a
quantum measurement of the expectation for each qubit is fed into a trainable fully
connected expansion layer. This expansion layer increases the size back to the required
dimensional space of the classical network, which is subsequently processed using the
classical LSTM method explained in section 2.2.

The QLSTM architecture can be expressed with the following equations:

ft = ϱ(V QC1(vt)) (4)

it = ϱ(V QC2(vt)) (5)

c̃t = tanh(V QC3(vt)) (6)

ct = ft ↘ ct→1 + it ↘ ct (7)

ot = ϱ(V QC4(vt)) (8)

ht = ot ↘ tanh(ct) (9)

This structured approach integrates quantum mechanics with classical LSTM
methodologies, enhancing the capabilities of the model in terms of learning, as is
explained in detail in section 5, in which with less epochs (precisely the half of the
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epochs that the classical LSTM used to train the model) the model that worked with
QLSTM learns faster in terms of the MSE functional in comparison with its classi-
cal counterpart, the classical LSTM, getting similar values in the MSE and MAPE
metrics.

2.6 Optimization: proof of the parameter shift rule in VQC

Similar to the work done by Samuel Yen-chi et. al [17], for the optimization procedure,
the parameter-shift method to compute the analytical gradient of quantum circuits
was used. For instance, given the expectation value of an observable B, the function
f(x; εi), where x is the input value and U0(x) is the state preparation routine that
encodes x into the quantum state, is written as:

f(x; εi) = ≃0|U †
0 (x)U

†
i (εi)B̂Ui(εi)U0(x)|0→ = ≃x|U†

i (εi)B̂Ui(εi)|x→, (21)

where i is the index of the circuit parameter for which the gradient is being calcu-
lated, and Ui(εi) represents the single-qubit rotation generated by the Pauli operators.
The gradient of f with respect to the parameter εi is given by [19]:

⇐ϑif(x; εi) =
1

2

[
f

x; εi +

⇀

2


↑ f


x; εi ↑

⇀

2


. (22)

This method allows us to analytically compute the gradients of expectation values
and apply gradient descent optimization, commonly used in classical machine learning,
to variational quantum circuit-based models. It is important for this work to prove
equation 22.

In order to evaluate the derivative of an expectation by measuring an overlap
of two quantum state, authors as Mitariai et. al in [19] analized gates of the form
G = e→iµϖ, where ϱ is the tensor product of the Pauli operators. The derivative
is computed by what we will call the “parameter shift rule”. The first goal of the
authors in [19], and the proof shown here, is to expand the parameter shift rule for
any gate of the form G = e→iµG where G is an Hermitian generator with at most two
distinct eigenvalues. The gradients of expectation values of quantum measurements
can be estimated using the same architecture that executes the original circuit.

As it is shown in the figure 12, in the context of hybrid optimization that we have,
it is a quantum algorithm that consists of a gate U(ε) that depends on a set ε of m
real gate parameters followed by a measurement of an observable B̂. U(ε) generally
consists of an architecture that is repeated K times, where K is a hyperparameter of
the computation [19]. So, the expectation value of B̂ is given by:

f(ε) = ≃B̂→ = ≃0|U†(ε)B̂U(ε) |0→ , (23)

where the quantum device runs the quantum algorithm several times and averages
measurement results to estimate f(ε), for that very reason is called expectation value.
In order to get the expansion of the parameter shift rule for a hermitian operator
we have to calculate the partial derivative ⇁uf(ε) where µ ⇒ ε is one of the gate
parameters. The gradient ⇐f is formed by the partial derivatives with respect to all
the parameters.
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Fig. 12 Parameter shift rule in the scope of hybrid optimization. In the quantum node the variational
quantum algorithm is executed and it computes the derivatives of its outputs with respect to the gate
parameters by running the original circuit twice but with a shift in the parameter in question [19].

In relation with the computation of the gradients of quantum expectation values,
the authors derive an equation for ⇁uf(ε), where the constituent parts can be evalu-
ated on a quantum computer and then combined on a classical co-processor.

Now, taking into account that the parameter µ ⇒ ε only a”ects a single gate G(µ)
in the sequence, we have that U(ε) = V G(µ)W then we have that equation 23 turns
out in:

f(ε) = ≃B̂→ = ≃0|U†(ε)B̂U(ε) |0→ f(x)

= ≃0|W †
G
†(µ)V †B̂V G(µ)W |0→

= ≃#| G
†(µ)V †B̂V G(µ) |#→ ,

with Q = V †B̂V we have:

f(ε) = ≃#| G
†(µ)QG(µ) |#→ . (24)

Now, calculating ⇁uf(ε) from eq. 24 we have that

⇁uf(ε) = ≃#| ⇁u(G
†(µ))QG(µ) |#→+ ≃#| G

†(µ)Q⇁u(G(µ)) |#→ (25)

= H.C + ≃#| G
†(µ)Q⇁u(G(µ)) |#→ , (26)

in which H.C stands for Hermitian conjugate of G†(µ)Q⇁u(G(µ)), as we can see
that is the first term of equation 25. Now as G(µ) can be generated by an hermitian
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operator, we have that, G(µ) = e→iµG and ⇁µG = ↑iGe→iµG, then replacing in equation
26 we have:

⇁µf = ≃#| G
†(µ)Q(↑iGe→iµG) |#→+H.C (27)

= ≃#| G
†(µ)Q(↑iGG(µ)) |#→+H.C (28)

= ≃#↗
|↑ iQG |#↗

→+H.C. (29)

In the previous line it is used |#↗
→ = G |#→. Now, by rr→1 = 1, these being the

eigenvalues of G and replacing this in equation 29, we have:

⇁µf = ≃#↗
|Q(↑irr→1G) |#↗

→+H.C (30)

= r ≃#↗
|Q(↑ir→1G) |#↗

→+H.C. (31)

Now with B̂ = and Ĉ = ↑ir→1G and using equation 4 from [19], which is
straightforward to proof this equation, we have that:

⇁µf =
r

2
[≃#↗

| ( ↑ ir→1G†)Q( ↑ ir→1G) |#↗
→ ↑ ≃#↗

| ( + ir→1G†)Q( + ir→1G) |#↗
→].

(32)
Now, taking into account the Taylor expansion from [19], i.e., G( ω

4r )( ↑ ir→1G)
and then G(↑ ω

4r )( + ir→1G) because sin(rµ) is an odd function. Then equation 32
turns out in:

⇁µf =
r

!2
[!2 ≃#| G

†(µ)G†(
⇀

4r
)Q̂G(

⇀

4r
)G(µ) |#→ ↑ ≃#| G

†(µ)G†(↑
⇀

4r
)Q̂G(↑

⇀

4r
)G(µ) |#→]

(33)
Now, taking into account that for unitary operators we have that G(a)G(b) =

G(a+ b), then we have in the equation 33 with s = ω
4r :

⇁µf = r[≃#| G
†(µ+ s)Q̂G(µ+ s) |#→ ↑ ≃#| G

†(µ↑ s)Q̂G(µ↑ s) |#→], (34)

and then finally we have that

⇁µf = r[f(µ+ s)↑ f(µ↑ s)]. (35)

Last but not least, equation 35 means that the derivative is obtained using the
product rule by shifting the parameter in each gate separately and summing the result
up. For G being a one-qubit rotation generation then r = 1

2 , s =
ω
2 and µi = εi finally

getting the equation 22.
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3 Elements

3.1 Feature selection: Encoding process.

The first step in our QML forecasting is the step of the encoding. Depending on the
nature of the data, we have to decide wether to encode our classical data into quantum
bits (Qubits) in the two following forms:
1. Bit Encoding. With [vi] representing the bit-string vector of the training vector

this bit vector can be accessed on demand through a self inverse quantum oracle
of the form [18]:

Odata |i→ |b→ = |i→ |b⇑ [vi]→ ,

known as the coherent bit-oracle [18]. With this sort, a superposition of queries
on the training data of the form

Odata


∑

x

ax |x→ |0→


=

∑

x

ax |x→ |[vi]→ ,

which allows the achievement of quantum speedup over the size of the data
[18]. However, being this one the sort of encoding the most similar manner as the
data is provided to most of the classical machine learning algorithm, the number
of qubits necessary to store the information can be prohibited, i.e, for MNIST
data set, a quantum computer with a minimum of 784 qubits is necessary [18].

2. Amplitude Encoding. Amplitude encoding is a method used in quantum
machine learning to e!ciently represent classical data in a quantum state. In this
scheme, the data, i.e., the vectors of the training set, are embedded as unit vec-
tors in the quantum computer [35, 36] from feature vectors of dimension up to
N = 2n which allow for the encoding of an exponentially large amount of infor-
mation using the relatively small number of n qubits. With {vi : i = 1, ..., N}

and vi =
∑

j vij |j→, the encoding is then |vi→ =
∑

j vij/|vi| |j→. There are two
main classes of amplitude encoding: coherent and incoherent encoding. In this
paper, the incoherent version is used since it is the most commonly used in
Quantum Neural Networks (QNN)[18]. This method is particularly useful in
quantum machine learning as it enables the representation of high-dimensional
data in a compact quantum form, leveraging quantum parallelism. Operations
on these encoded states, such as quantum gates or variational quantum circuits,
can process and manipulate the data more e!ciently than classical methods,
especially for tasks involving large datasets. However, preparing the quantum
state with precise amplitudes (state preparation) is a non-trivial task and can be
resource-intensive [18, 35].

3.2 Metrics: Model performance.

As it was exposed in section 2.1 there are two sorts of metrics: one is the variability
metric, such as R2 and the other the bias metric such as MAPE. This two metrics can
be related with the accuracy and precision, in which accuracy relates to bias, which
can be reduced by using only local information, but this can lead to underfitting. This
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means that while the model may seem accurate with training data (low bias), it may
not perform well with new test data, indicating high variance. Precision, on the other
hand, is connected to the variance, and improving it requires gathering data from a
larger sample space. The ideal scenario combines both accuracy and precision by using
broad and representative data [26].

• Mean Squared Error (MSE functional): Measures the average squared
di”erence between the true values yi and the predicted values ŷi:

MSE =
1

n

n∑

i=1

(yi ↑ ŷi)
2 (36)

• R-squared (R2
): Indicates how well the predicted values explain the variability

of the true values:

R2 = 1↑

∑n
i=1(yi ↑ ŷi)2∑n
i=1(yi ↑ ȳ)2

(37)

• Mean Absolute Percentage Error (MAPE): Represents the percentage
di”erence between the true and predicted values:

MAPE =
100

n

n∑

i=1


yi ↑ ŷi

yi

 (38)

4 Data description, preprocessing and feature

engineering

Empresas Públicas de Medelĺın E.S.P., known by its acronym EPM, a Colom-
bian public utility company provided us with a database of a total of 2,765,004
registers divided in 1,975 total clients across Antioquia department in 1,876 loca-
tions as it is shown in figure 13. These clients were divided in di”erent categories
such as RESIDENCIAL (residential), COMERCIAL (commercial), INDUSTRIAL

(industries), OFICIAL (o!cial), ESPECIAL (special) and AUTOCONSUMOS EPM

(self-consumption EPM). Table 3 summarizes the features (columns) of the dataset.
For each of the 1,975 clients the electrical meter records, in terms of the variable
ACTIVA IMP goes from June 06th, 2023 to July 31st, 2023. It was found that the
1.9% of the values for ACTIVA IMP were NaN or missing values, for a total of 54,100
registers in this variable. This variable refers to the electrical energy consumed by
a system or installation, measured in kilowatt-hours (kWh). It is the total energy
received from the grid (imported) over a period of time. Active energy is the energy
that actually performs useful work, such as running machinery, lighting, heating, etc.
The term “imported” in contrast from “exported” active energy, refers to the energy
generated by a user and sent back to the grid (such as from solar panels) [37]. Is the
chosen variable for the forecasting due to the business importance. Figure 14 shows
the hourly distribution of ACTIVA IMP (KWh) for each category.
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Fig. 13 EPM data clients distribution in Colombia. This data was taken from the dataset provided
by EPM, specifically taking the unique values of X and Y of the feature/columns of the dataset, and
located using Folium library in Python.

There are two forecasting approaches for LSTM and QLSTM models: the first only
takes into account the ACTIVA IMP (the forecasting variable y) in terms of the hours,
and the second one takes the ACTIVA IMP forecasting variable in terms of the most
correlated variables. For the latter, it was important to choose the most correlated
variables and also important variables based on the understanding of the electrical
business that has influence in the forecasting variable. In this way, the most correlated
variables were found by a correlation map described in figure 15 which finds the linear
correlation between variables based on the Pearson correlation coe!cient equation

rxy =

∑
(xi ↑ x̄)(yi ↑ ȳ)∑

(xi ↑ x̄)2
∑

(yi ↑ ȳ)2
(39)

Where xi and yi are the individual data points of variables x and y, x̄ and ȳ are
the means of x and y, the numerator represents the covariance of x and y and the
denominator is the product of the standard deviations of x and y. It ranges from -1
to 1, where r = 1 indicates a perfect positive correlation, r = ↑1 a perfect negative
correlation, and r = 0 no linear correlation.

From this correlation map we defined the most correlated variablesto be: V 1, V 2,
V 3, I1, I2, I3, REACTIVA EXP and HORA. Of these, HORA is considered an
exogenous variable because it is an external factor that influences the electrical system
but is not influenced by it. The remaining variables are considered endogenous, as they
are part of the electrical system that generates ACTIVA IMP. These variables were
used for the approach described in sections 5.5 and 5.6. The best hyperparameters for
the LSTM and QLSTM models were selected using time series cross-validation with 3
folds, following multiple train-test splits: 60% train-20% test, 70% train-20% test and
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Fig. 14 Hourly distribution for ACTIVA IMP in each category.

80% train-20% test. After this, a backstepwise selection process was implemented, but
the best model performance was achieved using all the previously mentioned variables.

The dataframe was filtered taken the registers of the clients for the last 16 days
or 384 hours. It was found that for the majority of clients, this action resulted in 408
hours registered for most of the 1,975 clients with 37 clients with counts less than 408
hours. So the dataframe was filtered to contain clients with 408 hours registered leav-
ing us with 1,938 clients. This dataframe was filtered by column SERIE and a new
column Consumption that stores the values of the ACTIVA IMP as a numpy array
or tensor (1938, 408, 1) this aiming to be used by client, category or subcategory.

For each approach that is described in section 5, each dataframe used (depending
on the forecasting scope) had a preprocessing of the data in terms of the normalization
using standard scaler, this for both predictions: LSTM and QLSTM forecasting. This
preprocessing technique removes the mean and scales the variables to unit variance

27



Variable Description Values

SERIE Unique identifier for the electrical meter or client. Numeric (e.g., 18741849)
FECHA Date of the measurement. It goes from 2023-06-01 to

2023-07-31
YYYY-MM-DD

HORA Time of the measurement. It goes from 0 to 23 hour
of the day

0,1, 2...23

SERVICIO SUSCRITO Subscribed service, identified by a numerical code
(e.g., Residential, Industrial)

Numerical (e.g., 130820443 is for Cat-
egoria Industrial with subcategoŕıa 11-
220 Voltios)

ACTIVA IMP Imported active energy (kWh) Numeric (e.g., 0.33)
REACTIVA IMP Imported reactive energy (kVARh) Numeric (e.g., 0.04)
ACTIVA EXP Exported active energy (kWh) Numeric (e.g., 0.53)

REACTIVA EXP Exported reactive energy (kVARh) Numeric (e.g., 0.75)
V1, V2, V3 Voltage phase 1, 2 or 3 (V) Numeric (e.g., 230.5)
I1, I2, I3 Current phase 1, 2 or 3 (A) Numeric (e.g., 15.2)

ALARM NAME Alarm event triggered during the measurement Alphanumeric (e.g., Overload)
CATEGORIA Category of the measurement 1-RESIDENCIAL, 2-COMERCIAL,

3-INDUSTRIAL, 4-OFICIAL, 5-
ESPECIAL, 7-AUTOCONSUMOS
EPM

SUBCATEGORIA Subcategory of the measurement 1-ESTRATO 1, 2-ESTRATO 2, 3-
ESTRATO 3, 4-ESTRATO 4, 5-
ESTRATO 5, 6-ESTRATO 6, 11-220
Voltios, 12-13200 Voltios

X, Y Longitude and latitude coordinate respectively Numeric (e.g., -74.00597, 40.71278)

Table 3 Description of Dataset Variables.

[25, 26]. Machine learning models are sensitive to the di”erent scales of the variables, so
it is important to put all the variables on the same scale. Aiming this, also the variables
used for each model and scope, described in section 5, were scaled furthermore with
Min-Max method and converted in the range of [0, 1] using

Xnorm =
X ↑Xmin

Xmax ↑Xmin
. (40)

5 Results and Discussions

This section contains the results obtained in this work. The first subsection shows
an approach of time series clustering, as the first forecasting attempt, to show the
viability of this approach and the periodicity and patterns of the clusters. The next
subsections have the explanations of the two approaches developed for the LSTM and
QLSTM showing the insights, results and conclusions of the models.

5.1 Clustering approach

Before showing the results of this work, an attempt to construct a forecasting was made
using a clustering technique. To better understand the periodicity of the data, firstly
the number of clusters was found using the elbow method and silhouette scores [26]. As
it is shown in figure 16, the best fit of number of cluster are 2 or 3. Three clusters were
chosen and time series clustering (specifically TimeSeriesKMeans) using the tslearn

library with Soft Dynamic Time Warping (SoftDTW) as the distance metric was done.
PySpark libraries were used for parallelization by the distributed computing power
that this library o”ered. Also TimeSeriesKMeans from tslearn cluster scaled the time
series data using all available CPU cores. The SoftDTW metric is particularly useful
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Fig. 15 Correlation between variables of the dataset provided by EPM.

for handling non-linear alignments in time series data [26]. The results in figure 17
show the prediction of the ACTIVA IMP for the last 200 hours.
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Fig. 16 Elbow method and silohouette scores showing that the best cluster numbers are 2 and 3.

Fig. 17 Clusters using tslearn library with SoftDTW metric.
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As it is shown in this figure 17, we can see a periodicity of the time series in the three
clusters showing similar electrical patterns of consumption in the clusters. We then
implemented an ensemble of clustering techniques, combining both DTW (Dynamic
Time Warping) and SoftDTW (Soft Dynamic Time Warping) metrics to increase the
robustness of time series clustering. DTW captures global changes, while SoftDTW
focuses on local variations, making them complementary methods [26]. We combined
their cluster labels using K-Means clustering, and further refined the clusters through
majority voting and a custom condition to assign the most representative centroids.
This ensemble approach enhances the prediction accuracy by balancing the strengths
of each method, as reflected in the resulting clusters and their respective centroids.
This approach can be seen in figure 18. The metrics of this approach are summarized
in table 4, showing not the best bias metric result: 88% for cluster 0 and 35% for
cluster 1. In the next subsection better metric performances on the classical LSTM
and quantum-hybrid QLSTM forecasting models are shown.

Fig. 18 Ensemble of clustering techniques combining both DTW (Dynamic Time Warping) and
SoftDTW (Soft Dynamic Time Warping).
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Cluster Test MSE Train MAE Train MAPE

0 0.1517555432 0.3109731226 0.8811873999
1 0.0031502763 0.0384015272 0.3507619195

Table 4 Performance metrics for Clusters 0 and 1.

5.2 Tools and approaches used for LSTM and QLSTM

For this work, the classical models were constructed using python 3.11.5, Pytorch
libraries for the LSTM and QLSTM. Pennylane software package was used for the
construction of the VQC circuits and the QSLTM architecture based on the github
repository from Pennylane [38] and the study done on the Stock price prediction using
BERT and GAN developed in the GitHub repository [39]. There are two scopes used
for the LSTM and QLSTM models:
1. Approach 1: The ACTIVA IMP is the only variable taken into account for the

training data Xtraining and Ytraining and test data Xtest and Ytest following the
scope in [40] in which this variable is used for the LSTMmodel, this using the Dat-
aLoader object that handles batching and shu$ing of the dataset. This approach
was used only to show the independence between categories in subsection 5.4 and
the demonstration of the best cost function in subsection 5.3

2. Approach 2: The ACTIVA IMP is the forecasting variable y that has a depen-
dence with the most correlated variables or features described in section 4, which
are V 1, V 2, V 3, I1, I2, I3, REACTIVA EXP andHORA. This approach is based
on [41] where the PyTorch Dataset and DataLoader objects are used in which
for the SequenceDataset in each train and test dataset the features (in this study
the most correlated variables) are set.

5.3 Best functional cost function: MSE vs MAE

In order to show what is the best cost function or error function, the functional
described in subsection 2.1, the forecasting and model performance of one client
(18741848) was made. Aiming at this, the following hyperparameters was chosen for
the LSTM models:

Figure 19 shows that MSE cost function has a better performance as the training
epochs pass. Di”erent from MAE (Mean Absolute Error) cost function in which we
can see from the figure that for both, training loss and test loss, have greater values
(huge values) compared to MSE cost function. Also, we can see that for the first 20
epochs, the test loss is below of the training loss, thus showing underfitting, i.e., the
model may be too simple or not complex enough to capture the underlying patterns
in the training data and it might not be learning e”ectively from the training set,
resulting in a lower test loss but higher training loss.

In figure 20 we can observe that for this client the best fit for the actual values,
KWh of the last 10 hours, is with the MSE cost function having a R2 = 0.9312 and
MAPE = 0.075 which means a 7.5 % for the latter, which is a pretty good error
percentage. For MAE cost function we got a R2 = 0.68 and MAPE = 0.27.
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Hyperparameter Value

Training/Test Split 80% training, 20% testing
Sequence Length (Training) 10
Sequence Length (Testing) 5
Input Size 1
Number of Layers 3
Hidden Size 64
Output Size 1
Batch Size 8
Number of Epochs 50
Forecast Steps 5
Learning Rate 0.0001
Number of Hidden Units 16

Table 5 Hyperparameters used for MSE and MAE LSTM
models.

Fig. 20 Forecasting for client 18741848 using MSE and MAE cost functions.

5.4 Independence between categories using LSTM

Recalling that the aim of this work is to compare the performance of LSTM and
QLSTM models. To achieve this, it is essential to develop our models based on pre-
dictions for individual clients (for business interests) as well as for groups of clients,
as outlined in section 5.1. In this subsection, we demonstrate how certain categories
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Fig. 19 LSTM forecasting model performance is evaluated using MSE and MAE cost functions,
showing that training loss decreases over time, indicating optimization, and remains consistently
below test loss. MSE demonstrates superior performance, with lower training and test loss values
compared to MAE, which exhibits significantly higher losses throughout training.

exhibit low correlation by employing an analytical technique for time series analysis.
This technique uses data from one category as the training dataset and data from
another category as the test dataset. If both models for the categories or subcategories
show strong performance in terms of the cost function (which measures error optimiza-
tion) and the metrics used, such as R2 and MAPE , one can conclude that there is a
correlation between these categories or subcategories. For all the tests done for di”er-
ent subcategories we obtained good performance in terms of the MSE lost function.
The first case was for both clients in the same category (1↑ RESIDENCIAL) and
subcategory 6 -ESTRATO6. We can see in figure 21 a good fit for training and test
dataset and the last 10 values of the ACTIVA IMP for the last 10 hours. For this case
we have R2 : 0.8865 and MAPE : 0.3028472, which are good results. We can infer that
clients in the same subcategory have similar electrical energy behaviour consumption.

However, taking two clients in di”erent subcategory (6 -ESTRATO6 and
2 -ESTRATO2) bad results are obtained as can be seen in figure 22 with R2 :
↑108.014921 and MAPE : 0.3261. With a negative R2 we can conclude an inverse
correlation between these two clients.

Figure 23 is the LSTM model prediction with the training data set for a client
in the subcategory 6 -ESTRATO6 and a the test data set for a client that is the
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Fig. 21 LSTM forecasting using MSE cost function for two clients in the same category and sub-
category.

Fig. 22 LSTM forecasting using MSE cost function for two clients in the same category but
in di!erent subcategory. For training data set the ACTIVA IMP values of a client in subcate-
gory 6 -ESTRATO6 were taken and for test dataset the values of ACTIVA IMP for a client in
2 -ESTRATO2 were taken.

COMMERCIAL category. Bad correlation is observed with R2 = ↑2.16484 and
MAPE = 0.2104.

Fig. 23 LSTM forecasting using MSE cost function for two clients in the same category but in
di!erent subcategories.

Figure 24 is the LSTM model prediction with the training data set for a client
in the subcategory INDUSTRIAL and a the test data set for a client that is the
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COMMERCIAL11-220V category. Bad correlation is observed with R2 = ↑4.4936
and MAPE = 0.3454

Fig. 24 LSTM forecasting using MSE cost function for two clients in the same category but in di!er-
ent subcategory. For training data set the ACTIVA IMP values of a client in category INDUSTRIAL
were taken and for test dataset the values of ACTIVA IMP for a client in COMMERCIAL11-220V
were taken.

5.5 One client forecasting: LSTM vs QLSTM

Our model that was evaluated for the LSTM and QLSTM was for one client. The
client 18741848 was chosen using the approach 2 in which the most correlated variables
were chosen. The two models were taken with the best hyperparameters described in
table 6.

Hyperparameter Value

Training/Test Split 67% training, 33% testing
Sequence Length (Training) 5
Sequence Length (Testing) 5
Input Size 1
Number of Layers 4
Hidden Size 52
Output Size 1
Batch Size 1
Number of Epochs 50
Forecast Steps 5
Learning Rate 0.0001
Number of Hidden Units 52

Table 6 Best hyperparameters for LSTM and QLSTM.

Furthermore, the best hyperparameters for the quantum layer (VQC hyperparam-
eters) that were chosen are exposed in table 7.

As was explained in section 2.5 and in the encoding section 3 three angle rotations
were chosen for the quantum embedding in the quantum layer encoding. Figure 25
shows the performance of the LSTM model in terms of the MSE cost function. The
performance metrics for this model were R2 = 0.8580 and MAPE = 0.1796.
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Hyperparameter Value

Number of Qubits 4
Angle Rotations 3
Quantum Layers 4

Table 7 Quantum Layer
hyperparameters.

Fig. 25 LSTM forecasting model performance in terms of MSE cost function showing that the train
loss as the epochs progress in time is getting lower values showing optimization (learning of the
algorithm) and always being below of the test loss.

Figure 26 shows the performance of the QLSTM model in terms of the MSE
cost function. The performance metrics for this model were R2 = 0.8585 and
MAPE = 0.2217. In terms of the variance metric both models QLSTM and LSTM
for the best hyperparameters have the same results but the classical model wins with
a 3% in the bias metric.
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Fig. 26 QLSTM forecasting model performance in terms of MSE cost function showing that the
train loss as the epochs progress in time is getting lower values showing optimization (learning of the
algorithm) and always being below of the test loss.

Figures 27 and 28 show the comparison between LSTM and QLSTM in terms
of the train and test loss respectively. From figure 27 is possible to observe how the
QLSTM forecasting model learns faster than its classical counterpart, in the half of
the epochs, approximately in the epoch 25, train loss has the same value of the train
loss of the LSTM model in the epoch 50 demonstrating how QLSTM, when using
the VQC shows a better optimization in terms of the angles tuning (deciding which
parameters forget and which to update), that are later used in the activation functions
of a classical LSTM infrastructure.
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Fig. 27 LSTM vs QLSTM in terms of the train loss. In half of the epochs the QLSTM hybrid
algorithm has the same value of the train loss or MSE cost function.

Fig. 28 LSTM vs QLSTM in terms of the train loss.

Finally, figure 29 shows the forecasting for the 408 hours of the electrical meter
consumption (KHh) of the client 18741848 showing how both, classical LSTM model
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and quantum-hybrid model have good fit with respect of the real data. Important to
mention is that the number of parameters, weights of the LSTM, were 1553 and the
parameters of QLSTM were 228, showing how the QLSTM is more e!cient in terms
of parameters to learn.

Fig. 29 Forecasting of ACTIVA IMP for LSTM and QLSTM.

5.6 Subcategory: LSTM

Subcategory 6 -ESTRATO6 was chosen for this part of the work. In this category
there were a total of 221 clients. Same hyperparameters from section 5.5 were chosen.
For this classical LSTM the results for the R2 = 0.6614 and MAPE = 0.30. These
are good metrics of bias and variance taking into account that for this subcategory
we have 221 clients in which many of them have di”erent consumption habits. Even
this value for the classical LSTM for this subgroup is better than the metrics found
for the clustering work shown in section 5.1. Figure 30 shows the performance of the
model in terms of the MSE cost function.

Figure 31 shows the LSTM model forecasting of this subcategory showing a good
fit with the real data.
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Fig. 30 LSTM forecasting model performance in terms of MSE cost function for subcategory
6 -ESTRATO6 showing that the train loss as the epochs progress in time is getting lower values
showing optimization (learning of the algorithm) and always being below of the test loss.

Fig. 31 Forecasting of ACTIVA IMP for subcategory 6 -ESTRATO6 LSTM.
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6 Conclussions and future work

Time series forecasting through clustering can be a viable option when combined
with a distributed computing approach. However, as the bias and variance metrics
suggest, this method may not be the most e”ective. Additionally, the lack of time cor-
relation in certain series, as highlighted in section 5.4, underscores why this approach
may be limited in its applicability.

In contrast, the application of both classical LSTM and quantum-hybrid QLSTM
models for forecasting electrical metrics demonstrated strong performance, particu-
larly in the realm of short-term load forecasting (STLF). These models excel in terms
of learning e!ciency during the optimization of tuning parameters in recurrent neural
networks (RNNs). Notably, the QLSTM model, using the Pennylane simulator, exhib-
ited a faster convergence compared to the classical LSTM. By approximately epoch
25, the QLSTM’s training loss matched the classical LSTM’s performance at epoch
50, demonstrating the QLSTM’s superior parameter optimization, specifically in how
it determines which parameters to retain or update. This optimization is enhanced by
the variational quantum circuit (VQC) and directly impacts the activation functions
within the LSTM framework.

This improvement is particularly relevant in the electricity sector, where accu-
rate short-term load forecasting is crucial for predicting future consumption patterns.
Additionally, the QLSTM’s parameter optimization e!ciency illustrates the ben-
efits of quantum phenomena, such as superposition and entanglement, in hybrid
quantum-classical models.

Future work will focus on applying QLSTM to various subcategories and categories
within the electrical domain, leveraging high-performance computing. Furthermore,
implementing these models on real quantum hardware will allow for a deeper
evaluation of quantum computers’ potential advantages in terms of computation time.
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