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Introduction

In our everyday lives, artificial intelligence (AI) has become deeply ingrained, seamlessly in-

tegrated into various aspects of our routines. From voice assistants guiding us through our

schedules to personalized recommendations shaping our online experiences, AI has become a

ubiquitous presence [6]. This normalization of AI reflects the immense strides we have made in

computing capabilities and the relentless pursuit of scientific advancements.

The rapid evolution of computing power has fueled the curiosity and aspirations of scientists

to develop algorithms and systems that continually push the boundaries of what AI can achieve.

While classical approaches have yielded impressive results, the limitations of conventional com-

puting models have led researchers to explore alternative avenues. It is within this context that

the field of quantum computing has emerged, harnessing the principles of quantum mechanics

to revolutionize AI.

Quantum machine learning (QML) has emerged as a promising paradigm, integrating the

power of quantum computing with the capacity to tackle complex problems. Traditional neu-

ral networks, which form the backbone of classical machine learning, have paved the way for

quantum neural networks (QNNs) that leverage quantum phenomena.

The application of QML extends beyond academic exercises, finding relevance in real-world

challenges. From optimizing material design processes to enhancing financial forecasting , QML

demonstrates its prowess in addressing non-academic problems. One area that holds significant

interest is disease diagnosis. By leveraging the computational advantages offered by quantum

systems, we can develop models capable of analyzing complex medical data with unprecedented

accuracy and efficiency.

The intersection of quantum mechanics, AI, and healthcare opens exciting possibilities for

disease diagnosis. By fusing the cutting-edge techniques of QML with the growing wealth of

medical knowledge, we can develop innovative approaches that have the potential to revolution-

ize healthcare systems. Early and accurate disease diagnosis can significantly impact patient

outcomes, enabling timely interventions and personalized treatment plans.

In this dissertation, we explore the field of quantum machine learning with a practical ob-

jective: to develop models that can classify various activities performed by individuals. The

next step would be to utilize these models for early detection and prevention of muscular dis-

eases, particularly those associated with poor posture, such as sarcopenia. Ultimately, this could

contribute to improving the quality of life for individuals.
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Objectives and outline

The primary objective of this dissertation is to study and implement quantum neural networks

for the development of systems capable of performing machine learning tasks. Specifically, the

focus will be on leveraging quantum neural networks to classify human activities in order to be

able analyze postural abnormalities in individuals, with the ultimate goal of preventing the risk

of associated diseases. By harnessing the power of quantum computing principles and combining

them with machine learning techniques, we aim to create advanced systems capable of accurately

assessing and identifying posture-related issues, leading to improved health and well-being.

To do so, we want to develop a deep understanding of supervised learning techniques through

the utilization of artificial neural networks, while establishing connections with the fundamental

principles of quantum mechanics and the time evolution of a quantum system.

First of all, we aim to gain a thorough understanding of classical neural network models. This

entails delving into the inner workings of classical networks, understanding their mathematical

foundations, and exploring their applications in real-world scenarios.

This research aims to incorporate insights from quantum mechanics into the study of neural

networks, specifically focusing on quantum neural network models. By leveraging concepts from

quantum computing and quantum information theory, we seek to explore how quantum-inspired

architectures can enhance the capabilities of traditional neural networks.

Building upon the knowledge gained from classical and quantum neural network models,

the next objective is to develop a hybrid neural network model. This hybrid architecture will

combine classical and quantum elements to exploit the advantages of both paradigms. By

integrating classical and quantum components, we aim to achieve enhanced performance and

explore the potential for solving complex problems more efficiently.

To validate the effectiveness of the developed hybrid network, real-world datasets will be

employed. The objective is to apply the hybrid model to a problem within a specific domain

and evaluate its performance against established classical models.

Additionally, this research aims to compare two different implementations of neural network

models. In addition to the hybrid network developed by Sebastián Roca [20], a PhD student

working in the group of David Zueco, a model developed by the Instituto Tecnológico de Aragón

(ITAINNOVA) will be utilized for comparative purposes. This comparison will provide valu-

able insights into the strengths and weaknesses of each approach, facilitating a comprehensive

understanding of the hybrid model’s advantages and limitations.

Finally, by integrating all these components, our objective is to derive meaningful conclusions

from the obtained results, providing us with a deeper understanding of the efficacy of the

methods employed in this dissertation. Additionally, potential improvements for the model will

be proposed, aiming to pave the way for future studies in this direction and contribute to the

advancement of artificial intelligence in the context of healthcare.
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By accomplishing these objectives, this dissertation endeavors to contribute to the field

of machine learning by advancing our understanding of supervised learning through artificial

neural networks. Furthermore, it aims to explore the integration of quantum principles into

neural network models, leading to the development of innovative hybrid architectures. The

comparative analysis will provide valuable insights for selecting the most suitable model for

specific applications, and the conclusions drawn will contribute to the broader body of knowledge

in the field.
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1 Time evolution in Quantum Mechanics

The dynamics for any quantum system are governed by a certain Hamiltonian operator, Ĥ [1].

The state of the system can be described using a wavefunction Ψ, and its evolution is given by

the time-dependent Schrödinger equation:

iℏ
∂

∂t
|Ψ(t)⟩ = Ĥ|Ψ(t)⟩, (1)

where t represents time and |Ψ(t)⟩ denotes the state vector of the quantum system.

From here, we would like to define the time evolution operator. We start by considering a

system which at the moment t0 is in the state |Ψ, t0⟩. We suppose that at a later moment t the

system is described by the state |Ψ, t0; t⟩, (t > t0). We now want to see how state vectors evolve

when time goes on, by defining the time evolution operator Û(t, t0):

|Ψ, t0; t⟩ = Û(t, t0)|Ψ, t0⟩, (2)

which must satisfy physically relevant conditions.

The first comes from the normalization of the states, which is independent of time. This

is because in general, we cannot expect the probability for the system being in a specific state

to remain constant. For example, given an observable Â and its set of eigenstates {a′} and

eigenvectors {|a′⟩}, we can expand the state vector at time t0 and time t in terms of them as

follows:

|Ψ, t0⟩ =
∑
a′

ca′(t0)|a′⟩

|Ψ, t0; t⟩ =
∑
a′

ca′(t)|a′⟩,
(3)

where in general |ca′(t)| ≠ |ca′(t0)|. But we know∑
a′

|ca′(t0)|2 =
∑
a′

|ca′(t)|2 = 1, (4)

so the normalization of of states happens to be independent of time, leaving us with the result

that the evolution operator must be unitary:

⟨Ψ, t0|Ψ, t0⟩ = ⟨Ψ, t0; t|Ψ, t0; t⟩
= ⟨Ψ, t0|Û†(t, t0)Û(t, t0)|Ψ, t0⟩

⇒ Û†(t, t0)Û(t, t0) = I

(5)

The second condition is the composition property, which implies the following, for given

times t2 > t1 > t0:

Û(t2, t0) = Û(t2, t1)Û(t1, t0) (6)

4
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Since time is a continuous parameter we obviously have

lim
t→t0

|Ψ, t0; t⟩ = |Ψ, t0⟩ ⇒ lim
dt→0

Û(t0 + dt, t0) = I (7)

So we can assume the deviations of the operator Û(t0+dt, t0) to be of the order dt. We then

set

Û(t0 + dt, t0) = I− iΩdt, (8)

where Ω is a Hermitean operator that must have frequency dimension, so it must be multiplied

by a factor before associating it with the Hamiltonian operator: Ĥ = ℏΩ, or

Û(t0 + dt, t0) = I− iĤdt
ℏ

(9)

Finally, applying the composition property we get

Û(t+ dt, t0) = Û(t+ dt, t)Û(t, t0)

=

(
I− iĤdt

ℏ

)
Û(t, t0),

(10)

and if we reorganise the equation and expand the left hand side as the Taylor series we end up

with the Schrödinger equation for the time evolution operator:

Û(t+ dt, t0)− Û(t, t0) = −i

(
Ĥ
ℏ
dtÛ(t, t0)

)

⇒ iℏ
∂

∂t
Û(t, t0) = ĤÛ(t, t0) ,

(11)

which coincides with the Schrödinger equation for the state vector of the quantum system (Eq.

(1)) if we multiply both sides by the state vector |Ψ, t0⟩.
In quantum computing, when we talk about applying operations to the units of information

(qubits), what is physically happening is that the system is being driven by some Hamiltonian

engineered according to the technological implementation of each laboratory so every gate ap-

plied to any qubit can be described by acting with the time evolution operator onto the state

of the system.
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2 Machine Learning

To solve a problem on a computer, we need an algorithm, which is a sequence of instructions

that should be carried out to transform the input to output. For example, one can devise an

algorithm for sorting. The input is a set of numbers and the output is their ordered list. For

the same task, there may be various algorithms and we may be interested in finding the most

efficient one, requiring the least number of instructions or memory, or both.

For some tasks, however, we do not have an algorithm. For example, to tell spam emails

from legitimate emails. We know what the input is: an email document that in the simplest

case is a file of characters. We know the output should be a yes or no answer indicating whether

the message is spam or not. But we do not know how to transform the input to the output.

What can be considered spam changes in time and from individual to individual.

What we lack in knowledge, we make up for in data. We can easily compile thousands

of example messages some of which we know to be spam and what we want is to “learn”

what constitutes spam from them. In other words, we would like the computer (machine) to

automatically extract the algorithm (learn) for this task [5].

Machine learning approaches are traditionally divided into the three broad categories: su-

pervised learning, unsupervised learning and reinforcement learning. These categories provide a

framework for understanding different approaches to solving learning problems and guiding the

development of algorithms and techniques in the field of machine learning.

• Supervised learning (SL): [6] The available data consists of labeled examples, meaning

that each data point contains features and an associated label. The goal of supervised

learning algorithms is creating a function that maps feature vectors (inputs) to labels

(output), based on example input-output pairs. A supervised learning algorithm analyzes

the training data and produces an inferred function, which can be used for mapping new

examples, called test samples.

• Unsupervised learning: In this case the set of data contains only inputs, and the

algorithms find structure in the data, like grouping or clustering of data points. Instead

of responding to feedback, unsupervised learning algorithms identify commonalities in the

data and react based on the presence or absence of such commonalities in each new piece

of data.

• Reinforced learning: [2] It is concerned with how intelligent agents ought to take actions

in an environment in order to maximize the notion of cumulative reward. It differs from

supervised learning in not needing labelled input/output pairs, and in not needing sub-

optimal actions to be explicitly corrected. Instead, the focus is on finding a balance

between exploration (of uncharted territory) and exploitation (of current knowledge).

6
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2.1 Supervised learning

There is a vast number of algorithms that allow us to carry out supervised learning and the

work they do could be summarised in the way we describe now [11].

Given a set of N training examples of the form (x⃗1, y1), · · · , (x⃗N , yN ) such that x⃗i is the

feature vector of the i-th example and yi is its label, a learning algorithm seeks a function g :

X → Y where X is the input space and Y is the output space.

Although machine learning and in particular supervised learning have been transformative

in some fields, machine learning programs often fail to deliver expected results. Reasons for this

are numerous: lack of (suitable) data, lack of access to the data, data bias, or overfitting are

some examples. This final example merits a more thorough explanation to illuminate certain

challenges that have arisen throughout the project.

2.2 Overfitting

In mathematical modeling, overfitting refers to “the production of an analysis that corresponds

too closely or exactly to a particular set of data, and may therefore fail to fit to additional data

or predict future observations reliably” [18].

Figure 1: Overfitting visualized in su-
pervised training over the number of
training cycles (epochs).

An overfitted model is a mathematical model that

contains more parameters than can be justified by the

data. The essence of overfitting is to have unknowingly

extracted some of the residual variation (i.e., the noise)

as if that variation represented underlying model struc-

ture. In the specific case that concerns us regarding

machine learning, overfitting occurs when a model be-

gins to “memorize” training data rather than “learning”

to generalize from a trend.

Generally, a learning algorithm is said to overfit rel-

ative to a simpler one if it is more accurate in fitting

known data (hindsight) but less accurate in predicting

new data (foresight). The goal is that the algorithm

will also perform well on predicting the output when

fed “validation data” that was not encountered during

its training. As shown in Figure 1, if the validation error increases while the training error

steadily decreases, then a situation of overfitting may have occurred. The best predictive and

fitted model would be where the validation error has its global minimum.

Performing machine learning involves creating a model, which is trained on some training

data and then can process additional data to make predictions. In the field of machine learning,

there are several types of models utilized for various tasks, including decision trees, support-

vector machines, and regression analysis.
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However, one particular model that has garnered significant interest and is especially relevant

to our project is artificial neural networks. These networks have been widely employed and

extensively studied due to their ability to learn complex patterns and relationships in data,

making them a powerful tool in many applications.
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3 Artificial Neural Networks

Artificial neural networks are computational models inspired by the human brain, designed to

process information and perform machine learning tasks, such as capture patterns and relation-

ships in data, allowing them to perform tasks as for example classification or natural language

processing.

The neuron is the fundamental processing unit found within a neural network. Similar to

a biological neuron, these neurons have input connections through which they receive external

stimuli, the input values. With these values, the neuron performs an internal calculation and

generates an output value [8, 10].

(a) (b)

Figure 2: (a) Representation of a neuron and its internal calculations. (b) Sketch of a fully
connected neural network made of several layers.

Internally, the neuron utilizes n input values, which correspond to the number of features of

our dataset, to generate a weighted sum of them. The weighting of each input xi is determined

by the weight ωi assigned to each input connection. In other words, each connection that reaches

our neuron has an associated value that determines how strongly each input variable affects the

neuron. These weights are the parameters of our model. In fact, it can be said that what

the neuron does internally is something like a linear regression model, where we have input

variables that define a line or hyperplane that can be adjusted by varying the inclination using

our parameters.

Additionally, linear regression models, and therefore neurons, include an offset term b that

allows us to vertically shift the lines. This term is called bias and is essentially represented as

another connection to the neuron, but the variable assigned to it is always set to one and can be

manipulated by adjusting the value of b. In this way, our neuron now acts exactly like a linear

regression model.

z = x1 · ω1 + x2 · ω2 + · · ·+ xn · ωn + b = x⃗ · ω⃗ + b (12)

9
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However, the difference comes with one final step, which consists of passing the value of z

defined in Eq. (12) to a non-linear activation function so that the neural network can successfully

approximate functions that do not follow linearity or it can successfully predict the class of a

function that is divided by a decision boundary which is not linear. There are many different

possibilities and they depend on the specific problem. One commonly used example is the

sigmoid or logistic function, defined by

ŷ = σ(z) =
1

1 + e−z
, (13)

where σ denotes the sigmoid activation function and the output we get after the forward propa-

gation is known as predicted value ŷ. Other examples of used activation functions are softmax,

ReLU or tanh.

Continuing on, the learning algorithm can be broken down into two main components: back-

propagation and optimization. These components are essential in the training process of the

model, allowing it to adjust its parameters and improve its performance over time.

Backpropagation is short for backward propagation of errors, and it refers to the algorithm

for computing the gradient of the loss function with respect to the weights and bias. To know

an estimation of how far are we from our desired solution, a loss function is used. For regression

problems, the mean squared error is generally chosen as the loss function. For classification

problems, however, cross entropy is usually chosen.

We use cross entropy loss when adjusting the model weights during training. The aim is to

minimize the loss. The cross entropy function, H can be calculated using the probabilities of

the target distribution, P , and the approximation of the target distribution, Q, as follows:

H(P,Q) = −
∑

x⃗∈classes
P (x⃗) · logQ(x⃗) (14)

Following with our example, in multi-class classification, the raw outputs of the neural

network are passed through the activation function, which then outputs a vector of predicted

probabilities over the input classes. As the labels are one-hot, meaning that each label is

represented by a vector of binary values, where only one element in the vector is set to 1 (hot)

and the rest are set to 0 (cold), only the positive class keeps its term in the loss. In this manner,

we can eliminate the elements of the summation that are zero due to the target labels, resulting

in a simplified form of Eq. (14):

H(x⃗) = −log S(x⃗), (15)

where S(x) refers to the activation function.

The final step is optimization, which is the selection of the best element from some set of

available alternatives, which in our case, is the selection of best weights and bias. One example

of optimization algorithm (we will work with it later on) is the gradient descent, which changes

the weights and bias, proportional to the negative of the gradient of the cost function with

10
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respect to the corresponding weight or bias. Learning rate (α) is a hyperparameter which is

used to control how much the weights and bias are changed.

The weights and bias are updated as follows and the backpropagation and gradient descent

is repeated until convergence:

ωi = ωi − (α · ∂L
∂ωi

),

b = b− (α · ∂L
∂b

),

(16)

where L represents the loss function.

3.1 Convolutional Neural Network

Within neural networks, we find a specialized type called convolutional neural networks (CNNs).

CNNs [12] are architectures specifically designed to process grid-structured data, such as images

or time series data. The distinguishing feature of CNNs is the convolutional layer, which applies

convolution operations using filters to extract local image features, such as edges or textures.

Convolution is a mathematical operation that allows the merging of two sets of information.

In the case of CNNs, convolution is applied to the input data (image) to filter the information

and produce what is called a feature map.

Specifically, each new pixel we generate is created by placing a matrix of numbers (feature

detector or kernel) over the original image, where the values of each pixel of the matrix are

multiplied and summed to obtain a new value for the pixel being filtered. This iterative process

applied to all pixels in the image results in the creation of a feature map. The obtained result

will depend on how we configure the parameters of our filter, allowing us to study a specific

characteristic of the image.

For example in a black and white picture, if we have a 3x3 kernel and multiply each pixel

value, including its neighbors, by 1/9, we will be calculating the average of the colors of the

pixels. This operation, in essence, blurs the original image, a technique commonly used to

implement effects seen in many editing software applications today. A sketch of the process is

shown in Figure 3.

The remarkable aspect of CNNs is that they are capable, through machine learning, of

learning the values of the kernel that enable the network to perform its task more effectively.

3.2 Long Short-Term Memory Network

Long Short-Term Memory (LSTM) networks [3] differ from traditional neural networks in their

ability to handle sequential data and capture long-term dependencies. Unlike standard neural

networks, which process input data independently at each time step, LSTMs introduce memory

cells that can store and access information over multiple time steps.

The memory cells maintain an internal state and utilize various gates (input gate, forget

gate, and output gate) to regulate the flow of information. These gates allow the network to

11
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Figure 3: Visualization of the blurring effect of the shown 3x3 kernel on a picture.

selectively remember or forget information at different time steps, enabling the model to retain

relevant information and discard unnecessary details.

The input data is sequentially processed through the LSTM layers, where each layer updates

its internal state based on the current input and the previous state. This makes them well-suited

for tasks such as speech recognition or time series analysis, among others.

3.3 Quantum Neural Network

As we already know, for supervised learning, given the input data and its labels, some function

maps the input data into some space, usually referred as feature space. In the case of our

quantum neural network, the data is encoded in a qudit together with the variational parameters

that will be optimised in order to minimise a cost function. As in the classical analog, this cost

function typically reflects how much the prediction made by our classifier deviates from the class

to which each data point actually corresponds.

In this work we consider how the evolution of a d-level system can be used in the framework

of supervised learning. Essentially, we will cover the ideas developed in [15, 20].

Our d-level system could be a spin molecular qudit, which can be controlled through resonant

microwave pulses with superconducting resonators [16, 17]. The operations or gates that this

type of architecture allows us to implement are rotations in the (x, y) plane relative to the two

levels resonant with the control pulse, usually contiguous to each other due to selection rules.

That is, using monochromatic pulses, we can control one transition at a time, provided that the

anharmonicity condition is met (each of the transitions has a resonance frequency different from

the others). The mathematical description of this operation is given in Eq. (17):

R̂k,l(θ, ϕ) = exp

(
−iθ

2
(cos ϕ · σ̂xk,l − sin ϕ · σ̂yk,l)

)
, (17)

where the σ̂ matrices represent the Pauli operators for each pair of levels k, l:

σ̂xk,l = |k⟩⟨l|+ |l⟩⟨k|
σ̂yk,l = −i|k⟩⟨l|+ i|l⟩⟨k|,

(18)

where k < l is assumed.

12
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The evolution operator is then parameterized. For each rotation between two levels, we have

two parameters (θ, ϕ) to optimize in order to minimize the cost or loss function. Thus, a layer of

rotations involving all accessible levels in our molecule will comprise np = 2(d− 1) parameters.

The ansatz consists of applying L layers of our rotations with a certain encoding of the

data to be classified and the parameters to be optimised. For each data point, a state will be

generated and compared with reference states, corresponding to each of the different classes.

The reference state with which the generated state has more overlap will correspond to the class

assigned to the data point. The operator corresponding to this ansatz is:

Û(x⃗; φ⃗) =
L∏
l

(
d−1∏
i

R̂l
i,i+1(x⃗; φ⃗)

)
(19)

where the angles (θ, ϕ) from the definition given in Eq.(17) will be in general a function of the

data points, x⃗, and the optimization angles φ⃗.

We can link this section with Section 1 about the time evolution in quantum mechanics.

These ansatz rotations (which are unitary operators as we derived for time evolution operators),

as described in Eq. (19), form the basis for the time evolution of our quantum system. By care-

fully controlling and manipulating the quantum states using these rotations, we can effectively

map the input data into the feature space and optimize the variational parameters to minimize

the cost function. The connection between the time evolution operator and the operations per-

formed on our qudit highlights the fundamental role of quantum mechanics in our approach to

supervised learning.

In this case, our goal is to ensure that points belonging to the same class generate wavefunc-

tions that are close to each other in Hilbert space. To achieve this, we define a reference state

for each class, and the cost function we aim to minimize is defined in Eq. (20).

L(x⃗; φ⃗) =
N∑

n=1

(
1− |⟨ψ(x⃗; φ⃗)n|ψR

n ⟩|2
)
, (20)

where N is the total number of data points, |ψ(x⃗; φ⃗)⟩ = Û(x⃗; φ⃗)|0⟩ and |ψR⟩ is the reference

state corresponding to the x⃗ point.

The problem of finding the reference states consists on finding maximally orthogonal states,

which is not trivial at all. For this purpose, we have resorted to the use of genetic algorithms,

a type of algorithm in which an initial population, in this case a set of states that aspire to be

our desired set, is modified generation after generation according to biological inspired rules. At

the end of this process, the chosen set is the one which presents the best fitness, a function that

measures in our case the orthogonality between all the pairs of states as well as the homogeneity

of these overlaps [4]. This process is described in detail in [20] and implemented in the code

developed by Sebastián Roca. However, it is not something that has been extensively explored

in this study.
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The loss function in Eq. (20) has a physical-geometric interpretation: we want to maximize

the overlap between the state generated by our temporal evolution from a classical data point

and the reference state assigned to the corresponding class. This overlap, also known as fidelity

between quantum states, represents the proximity between both states in Hilbert space.

14
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4 Analysis

4.1 Datasets

In the development of this study, two different datasets have been used. First, we used the

MNIST (Modified National Institute of Standards and Technology) [7] digit set, which consists

of an extensive collection of grayscale images representing handwritten digits. The goal of using

this first dataset was to analyze the impact of the number of quantum layers and the dimension

of the qudit on a dataset covering all digits (from 0 to 9), while verifying the correct functionality

of the code.
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Figure 4: Visualization of some of the input data
points representeing accelerations, for 4 of the activ-
ities found in [19].

Subsequently, we focused on working

with the dataset of greatest relevance for

the study. This dataset was provided by

the ITAINNOVA and was obtained from

[19]. Specifically, from this dataset, we

extracted the data related to the three

angular velocities and the three acceler-

ations (corresponding to the Cartesian

x, y, and z axes) measured by a sensor

positioned on the ankle of a group con-

sisting of 17 distinct young individuals

without any impairments. These sub-

jects performed a total of 11 activities,

with three attempts each. These activi-

ties include walking, jumping, falling in

various forms, lying down, standing up

and sitting down, among others.

The dataset consists of time series

data with varying durations depending

on the performed activity and individual. Activities that are static have a larger number of

temporal sequences. Figure 4 shows the temporal distribution the of accelerations (in units of g,

the acceleration due to gravity), for various activities, highlighting a higher dispersion of points

corresponding to the walking activity compared to the other static activities.

4.2 Hybrid Neural Network

Now we present the hybrid model we have used for the process of supervised learning, which is

summarized in Figure 5. The code by Sebastián Roca has been implemented in Python using

PyTorch, a machine learning framework based on the Torch library.

First of all, the data is passed through three convolutional layers with different input and

output dimensions. In each of them, and for all the remaining layers, the activation function is

the ReLU (Rectified Linear Unit), which consists of a ramp function with unit slope and value
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Readout

Figure 5: Visual depiction of the hybrid neural network structure.

0 for negative values of x, as defined in Eq. (21).

ReLU(x) ≡ x+ = max(0, x) =
x+ |x|

2
=


x if x > 0

0 if otherwise

(21)

After the last convolutional layer, two operations are applied to the output feature map:

dropout and max pooling.

The dropout layer [9] randomly sets a fraction of the input elements to zero during train-

ing. This helps prevent overfitting by reducing the reliance on specific features and promoting

generalization. Dropout acts as a regularization technique, forcing the network to learn robust

representations by randomly “dropping out” some of the information. This helps to prevent the

network from relying too heavily on specific features or correlations that may be present in the

training data but are not representative of the underlying patterns..

Following the dropout layer, max pooling [13] is performed. This operation divides the

feature map into non-overlapping regions and retains the maximum value within each region. By

downsampling the feature map, max pooling extracts the most prominent features and reduces

the spatial dimensions. It helps to capture the most relevant information while discarding less

significant details, leading to more efficient computation and improved spatial invariance.

After the max pooling operation, the output tensor is further processed through subsequent

layers in the neural network. First, the tensor is flattened to a 1-dimensional vector. This step

is necessary to match the dimensions required for the subsequent fully connected layers.

Next, the flattened tensor is passed through two fully connected layers (each neuron in one

layer is connected to every neuron in the subsequent layer), like the ones we introduced in

Section 3 and are sketched in Figure 2. Lastly, the output of the last fully connected layer is

passed to our hybrid layer, which incorporates quantum-inspired techniques we have previously

mentioned in Section 3.3 and further processes the features extracted by the previous layers.

To summarize, the overall purpose of this sequence of operations is to transform the input

data through convolutional layers, apply downsampling through max pooling, and then pass the

processed features through fully connected layers and the hybrid layer.
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Finally, once the data has passed through all the layers of the model, the optimization

process takes place. In this regard, the code implementation utilizes the Adam optimizer, short

for Adaptive Moment Estimation. The underlying principle of Adam is to dynamically adjust

the learning rate for each parameter based on its gradient and the historical gradient magnitudes.

The Adam optimizer combines the strengths of various optimization algorithms, including the

one we described previously.

By adaptively modifying the learning rate, Adam ensures efficient parameter updates that

are tailored to the specific characteristics of each parameter. This adaptability leads to faster

convergence and improved overall performance during the training process.

4.3 Results

As mentioned above, we embarked on simulations using images of the digits 0 to 9. The results

obtained after simulations with the purely classical model were very satisfactory, as can be

seen in Figure 6. In this figure, the confusion matrix reveals a 94.19% accuracy in the test,

highlighting the exceptional performance achieved.

0 1 2 3 4 5 6 7 8 9
Predicted digit

0
1

2
3

4
5

6
7

8
9

R
ea

l d
ig

it

98.50 0.00 0.17 0.00 0.00 0.17 0.83 0.00 0.33 0.00

0.00 98.17 0.50 0.33 0.00 0.00 0.67 0.00 0.17 0.17

0.83 0.17 93.00 1.33 0.83 0.00 0.67 2.00 1.17 0.00

0.17 0.00 1.67 91.33 0.00 2.83 0.00 2.00 1.17 0.83

0.17 0.17 0.17 0.00 90.17 0.00 1.50 0.17 0.17 7.50

0.67 0.17 0.00 1.17 0.00 94.50 0.50 0.50 2.17 0.33

2.00 0.33 0.50 0.00 1.50 3.00 92.50 0.00 0.17 0.00

0.50 1.17 5.00 0.50 0.33 0.00 0.00 86.17 0.33 6.00

1.33 0.67 1.50 2.50 1.00 2.67 0.83 1.33 85.17 3.00

0.83 1.00 1.50 1.67 1.17 0.33 0.17 2.67 0.50 90.17

Figure 6: Classical NN results for MNIST dataset, for α = 1.0 · 10−5, epochs = 150.
The confusion matrix provides insight into the accuracy of predictions for each digit.
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Prior to the analysis of the activity dataset, a study of the effect of quantum layers was

carried out by comparing the classical and hybrid models, varying the number of quantum

layers (L) and the qudit dimension (d).

The results, as evidenced in Figure 7, reveal a clear direct relationship between increasing the

number of quantum layers or the dimension of the qudit and the improvement of the validation

accuracy, although in all cases they do not surpass the results achieved by the purely classical

model. Specifically, it appears that the effect of the qudit dimension enhances the results in a

more noticeable manner.
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Figure 7: Study of the influence of L and d for the MNIST dataset results, for
α = 1.0 · 10−5, epochs = 150. (a) Evolution of the validation accuracy for several values of
d and fixed L = 1. (b) Evolution of the validation accuracy for several values of L and fixed
d = 2.

After verifying the correct functioning of the code, we proceeded to perform machine learning

using the activity dataset. In order to simplify the process, we decided to select only four

activities out of the eleven available in the dataset. The choice was based on those activities

that had a larger number of time sequences, which is equivalent to a larger amount of data, in

the hope of obtaining more optimal results. After analyzing and filtering the dataset, we were

left with the following activities: walking, standing, sitting and lying down.

In addition to reducing the number of classes, we also reduced the number of features and

the time duration of the 4 chosen activities. The features were reduced from six (corresponding

to three angular velocities and three accelerations) to only three accelerations. This decision was

based on the shared characteristic of three out of the four selected activities, namely their static

nature. Consequently, the angular velocities did not provide significant relevant information.

The time duration of the activities that had more time sequences was shortened to ensure that

all the data describing human activity, which would be fed into the neural network, had uniform

length as per the requirement.
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One of our main goals is to compare the results obtained from the hybrid network with those

obtained from the model used by the ITAINNOVA, which was a LSTM network.

In order to do the comparison, we first modified the code provided by the ITAINNOVA to

accept the modified dataset. We conducted tests to find the optimal learning rate for the model

and then visualized the results in a confusion matrix. This matrix, along with the evolution

of metrics for a learning rate of 0.0025, can be observed in Figure 8, where a test accuracy of

83.53% was achieved.
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82.16 10.03 7.75 0.05

4.52 86.19 9.29 0.00

19.82 14.35 65.82 0.00

0.04 0.00 0.00 99.96

(b)

Figure 8: LSTM results for the activity dataset for α = 2.5 · 10−3, epochs = 50.
(a) Evolution of the metrics. (b) Confusion matrix.

Regarding this obtained result, attention should be drawn to Figure 4. In it, it seems clear

that the presented classes are easily separable at first glance. However, it is worth noting that

the image only displays a small subset of temporal sequences compared to the entirety of the

data (more than 850 points per activity and individual, compared to the 30 points per activity

drawn in the Figure). If we could visualize all the data used in the same manner, we would

observe how the points from different classes cluster together more, making the classification

process more challenging.

Also, in that same Figure, it is evident that the “lay” activity is notably separated from the

rest, and this is likely due to the similarity in ankle position among the other three activities,

making recognition more difficult.

Moving on to the hybrid model, similarly to the example of the digits, we conducted a

study on the effect of the qudit dimension and the number of quantum layers on the outcome.

The main challenge we encountered was the limited amount of data compared to the available

MNIST dataset. This resulted in simulations being highly sensitive to repetitions, and the results

differed significantly between two identical configurations. To address this issue, we performed

statistical analysis on the data by repeating the same configuration multiple times.
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We then took the average of these repetitions to obtain the evolution of the metrics, as

implemented in the code provided by the ITAINNOVA. This approach allowed us to mitigate

the variability and obtain a more reliable assessment of the performance.

The next step, once again, involved conducting a learning rate (α) sweep for various (d, L)

pairs in order to find the one that yields the best learning outcome. As shown in Table 1, in all

cases, we obtained lower accuracy compared to the ITAINNOVA results (85.53%).

L d α Accuracy (%)

1 2 1.0 · 10−4 68.33
1 3 7.5 · 10−5 68.33
1 4 6.0 · 10−5 68.33
2 4 5.0 · 10−5 71.67
3 4 5.0 · 10−5 63.33

Table 1: Hybrid NN results for the activity dataset, epochs = 150. List of the best test
accuracies achieved for different L and d combinations, and their corresponding α value.

The hybrid model achieved the best results with a combination of 2 layers and the dimension

of the qudit equal to 4.

Based on the Table, it appears that increasing the dimension of the qudit did not impact

the test accuracy, unlike increasing the number or layers, which did cause and impact, but it

differs from what we could have expected from the results that we got with the MNIST dataset.

The reason for choosing d = 4 to study the accuracy is that 4 is also the number of classes

(activities), and defining maximally orthogonal reference states for each class is straightforward:

if the number of classes matches the number of levels of the qudit, the most immediate option

is to assign each class a basis vector.

0 20 40 60 80 100 120 140
Epoch

0.55

0.65

0.75

Lo
ss

Train
Validation

0.2

0.3

0.4

0.5

0.6

Ac
cu

ra
cy

(a)

Walk Stand Sit Lay
Predicted activity

W
al

k
St

an
d

Si
t

La
y

R
ea

l a
ct

iv
ity

0.00 80.00 20.00 0.00

0.00 80.00 20.00 0.00

0.00 6.67 93.33 0.00

0.00 0.00 0.00 100.00

(b)

Figure 9: Hybrid NN results for the activity dataset for α = 6.0 · 10−5, epochs =
150, L = 1, d = 4. (a) Evolution of the metrics. (b) Confusion matrix.
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Finally, Figure 9 depicts the evolution of accuracies and losses over the epochs, along with

the confusion matrix for a chosen pair (L, d) = (1, 4). The confusion matrix suggests that the

machine learning process may have encountered a local minimum and struggled to accurately

differentiate the “walk” activity, probably due to the big dispersion of the points describing the

acceleration at each time step. However, similar to the results obtained by ITAINNOVA, the

“lay” activity was correctly classified, while the remaining three activities exhibited some degree

of misclassification, indicating promising signs of overall correct classification.

Finally, it is worth noting that the code from ITTAINOVA achieves higher accuracies and

lower losses, and in addition to that, convergence is reached more quickly, placing the hybrid

model behind the LSTM model.
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5 Conclusions

Through the development of this Undergraduate Dissertation we have presented an example of

quantum machine learning on a human activity recognition dataset.

In the first part of the dissertation, we laid the foundation for temporal evolution in quan-

tum mechanics by describing the operator Û(t, t0). We then delved into the popular topic of

machine learning, specifically focusing on supervised learning, which is the main subject of this

dissertation. Next, we explained the theoretical principles of the tool we utilized for this work:

artificial neural networks. We provided an overview of two significant types of neural networks,

CNNs and LSTMs, highlighting their relevance to our work. This led us to the central point of

our study: quantum neural networks. By exploring quantum neural networks, we were able to

establish connections between our previous knowledge of quantum mechanics and the temporal

evolution operator, ultimately creating a powerful tool capable of performing machine learning

tasks.

Finally, we applied the acquired knowledge to a real-world problem: activity recognition

using supervised learning, utilizing data collected by an ankle sensor that captured the move-

ments of multiple subjects. The analysis of the results involved comparing the LSTM model

from ITAINNOVA with our hybrid model for a set of 4 chosen activities. This comparison re-

vealed that the hybrid network performed worse in classifying the different activities. However,

both models demonstrated high accuracy in classifying the “lay” activity compared to the other

three activities (“walk”, “sit” and “stand”). Following this comparison, we conducted a brief

study on the impact of qudit dimension and the number of quantum layers in the hybrid network

on classification accuracy. The best result was obtained for d = 4 and L = 2, likely due to the

ease of creating reference states when the qudit dimension matches the number of classes.

The intersection of the conducted study with advancements in healthcare opens up oppor-

tunities for diagnosing diseases related to postural abnormalities. However, this study merely

serves as a foundational basis that could be further advanced. Possible future advancements in

addressing the problem would involve increasing the dimensionality. As explained in the previ-

ous section, we have limited ourselves to a small portion of the dataset obtained from [19] and

explained in [14]. The next step would be to increase the number of sensors in other parts of

the body and incorporate camera images. All of this could be combined with a more advanced

neural model for time series analysis, with a growing emphasis on quantum aspects as progress

is made in quantum computing.
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[14] José Núñez-Mart́ınez et al. “UP-Fall Detection Dataset: A Multimodal Approach”. In:

Sensors (2019).
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