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INTRODUCTION

Brief Description

This course provides a foundational introduction to  with a focus on Machine Learning core 
 into supervised and principles, mathematical understanding, and conceptual insight

unsupervised learning. Students will gain experience in model formulation, evaluation, and 
 through theoretical discussions and applied labs using Python.interpretation

Emphasis is placed on and understanding the mathematics behind algorithms practical 
.problem solving

Course Topics

Introduction to ML: concepts, pipeline, generalization
Probability and statistics for ML
Linear algebra and optimization basics
Regression: OLS, gradient descent, regularization (Ridge, Lasso)
Classification: logistic regression, k-NN, LDA/QDA (concepts)
Model evaluation and cross-validation
Decision trees and ensemble methods (bagging, random forests)
Dimensionality reduction and visualization (PCA, SVD, t-SNE)
Clustering (k-Means, GMMs, hierarchical, DBSCAN)
Interpretability, fairness, and responsible ML

Qualification (Module/Subject):

Ingeniería en Sistemas de Telecomunicación (Bloque Especializado de
Sistemas de Telecomunicación / Teoría de la Señal))

Ingeniería en Inteligencia Artificial (Inteligencia Artificial / Aprendizaje Automático)

Details:

ECTS: 6 ECTS
Year, semester: 2 curso, 2.º semestre.º 
Character: Compulsory
Language: English

Lecturers of the course:

Csiszár, Kara Orsolya / Visiting Professor
Csiszár, Gabor / Professor

LEARNING OUTCOMES

INGENIERÍA EN SISTEMAS DE TELECOMUNICACIÓN

R23 - Conocimiento en materias básicas y tecnológicas, que les capacite para el aprendizaje de
nuevos métodos y teorías, y les dote de versatilidad para adaptarse a nuevas situaciones.

R43 - Capacidad para construir, explotar y gestionar las redes, servicios, procesos y aplicaciones
de telecomunicaciones, entendidas éstas como sistemas de captación, transporte,
representación, procesado, almacenamiento, gestión y presentación de información multimedia,
desde el punto de vista de los sistemas de transmisión.



R45 - Capacidad para analizar, codificar, procesar y transmitir información multimedia empleando
técnicas de procesado analógico y digital de señal.

INGENIERÍA EN INTELIGENCIA ARTIFICIAL

R9 - Aplicar las técnicas de análisis de datos que ayudan a la toma de decisiones.

R10 - Aplicar los algoritmos de aprendizaje automático en la resolución de problemas, evaluando 
su rendimiento en base a las técnicas empleadas, los datos disponibles y el contexto en el que 
se aplica.

PROGRAM

Tentative Syllabus

Week 1: Foundations and Exploratory Data Analysis

Overview of machine learning
Supervised vs. unsupervised learning
Machine learning workflow
Mathematical recap
Data understanding
Exploratory Data Analysis (EDA)

Week 2: The Learning Problem and Statistical Foundations

Learning from data
Formal learning framework
Hypothesis sets, Multiple hypothesis problem
Learning algorithms
Training vs. generalization
Overfitting vs. underfitting

Week 3: Linear Classification and the Perceptron

Linear decision boundaries
Perceptron algorithm
Geometric interpretation
Linear separability
Margin intuition

Week 4: Feature Representation and Feature Engineering

Numerical and categorical features
Feature scaling
Feature engineering
Polynomial features
Feature space transformations

Week 5: Logistic Regression

Logistic function
Binary classification
Maximum likelihood estimation
Log-loss
Gradient descent
Stochastic gradient descent

Week 6: Support Vector Machines



Margin maximization
Support vectors
Soft-margin SVM
Kernel trick and nonlinear decision boundaries

Week 7: K-nearest Neighbors and Multi-Class Classification

K-nearest Neighbors
One-vs-Rest classification
Softmax regression
Decision boundaries
Multiclass learning strategies

Week 8: Neural Networks (Conceptual Overview)

From linear models to nonlinear models
Neural network architecture
Activation functions
Forward propagation
Backpropagation intuition
Relation to logistic regression

Week 9: Linear Regression

Regression setting
Squared loss
Matrix formulation
Least squares solution
Geometric interpretation

Week 10: Revision Week

Week 11: Decision Trees

Tree construction
Recursive partitioning
Impurity measures (Gini, entropy)
Overfitting and pruning
Interpretability

Week 12: Ensemble Methods

Bagging
Random forests
Variance reduction
Feature importance
Conceptual introduction to boosting

Week 13: Unsupervised Learning

Principles of unsupervised learning
k-Means clustering
Gaussian mixture models
DBSCAN
Cluster evaluation (silhouette score)

Week 14: Dimensionality Reduction and ML Pipeline

Principal Component Analysis (PCA)
Explained variance
Connection to SVD



Visualization techniques (t-SNE intuition)

EDUCATIONAL ACTIVITIES

The total student workload for Machine Learning I corresponds to 6 ECTS credits 
(approximately 150–180 hours) and is distributed across the following educational 
activities:

Lectures and Practical Sessions (60 hours)

Theoretical Lectures (40 hours):
Classroom sessions dedicated to the conceptual and mathematical 
development of the course. These lectures emphasize understanding the 
foundations of machine learning, model formulation, generalization, and 
interpretability.
They also include worked examples and in-class discussions aimed at 
connecting theory with applications.
Application Labs (20 hours):
Supervised computer-based sessions using Python and Jupyter 
Notebooks.
Students will apply the learned concepts to real datasets, perform 
exploratory data analysis (EDA), implement models, and interpret their 
results.

Independent Study (111 hours)

Students are expected to engage in independent study outside of class time, which 
includes:

Reviewing and consolidating theoretical content presented in lectures
Working on the Guided Project and Creative Project
Preparing for oral exams and project presentations

Assessment

Assessment activities evaluate both conceptual understanding and practical application, 
and include:

Guided Project
Creative Applied Project
Midterm Test (Multiple Choice)
Oral Exam assessing theoretical understanding, interpretability, and 
reasoning

ASSESSMENT

ORDINARY CALL

Student performance will be evaluated through   and a two projects, a midterm test final oral 
, reflecting both theoretical understanding and practical application.exam



Completion of the midterm test with a minimum score of 50% is mandatory for 
eligibility for the final examination.
Oral Exam – 50%
Individual oral examination covering theoretical concepts, mathematical reasoning, 
and interpretation of results.
The exam evaluates the student’s ability to explain algorithms, discuss trade-offs (e.
g., bias–variance, regularization), and reason about model behavior and ethics.
Guided Project – 20%
Structured individual project focused on applying core ML methods to a defined 
dataset.
Includes a proposal, midpoint review, and final submission.
Evaluation criteria: correctness, methodology, interpretation, and clarity of 
presentation.
Creative Applied Project – 30%
Individual project encouraging exploration and creativity in applying ML concepts.
Students design and justify their own modeling pipeline, emphasizing interpretability 
and responsible AI practices.
Evaluation criteria: originality, sound methodology, analysis depth, and presentation 
quality.
To pass the course, students must obtain at least 50% in each part of the 
assessment.

EXTRAORDINARY CALL

Students who do not pass during the ordinary call may attend the extraordinary evaluation 
.period

The assessment will consist of:

Comprehensive Oral Exam – 70%
Covering both theoretical and practical aspects of the course.
Project Submission – 30%
Students must submit an improved or extended version of their Guided or Creative 
Project, demonstrating understanding of feedback and application of core ML 
concepts.

OFFICE HOURS

Lecturers will be available for individual consultations. It is necessary to request an appointment 
via email in advance.

COURSE MATERIALS

Materials will be released progressively throughout the semester:

Lecture slides will be uploaded week by week after each lecture.
Lab notebooks will be uploaded before the corresponding lab session.
Homework and project assignments will be published when they are assigned, 
with clear deadlines and submission instructions.

A  will also be released progressively during the semester.course script

Students are encouraged to rely primarily on:

lecture slides,
lab notebooks,
weekly materials posted on ADI,
and active participation in lectures and labs.



Additional textbooks and online resources will be suggested as the course progresses. These are 
intended as  and are not required for successful completion of optional supplementary reading
the course.


