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Abstract

Feature construction, encompassing both feature engineering, which involves the manual
design of features by domain experts, and representation learning, which refers to the auto-
mated discovery of useful data representations during model construction, is a fundamental
aspect of machine learning. Its goal is to transform raw data into a more suitable form
that can be exploited by machine learning approaches. While feature construction is well-
explored in domains like natural language processing and computer vision, where it has
been used in many applications, it has not been explored to the same extent in time-series
analysis and remains largely unexplored in single-objective optimization.

In the domain of single-objective continuous optimization, only a handful of approaches
exist. The primary goal of feature construction in this context is to generate features that
capture properties of the objective function, such as the number of optima or the difficulty
of finding them. Another important application of feature construction in optimization is
algorithm selection, where the properties of the objective function are used to recommend
the most suitable optimization algorithm for a given optimization function. While existing
approaches in this area are capable of capturing some underlying properties of objective
functions, they fall short, particularly in the task of recommending the most suitable
optimization algorithm for a given objective function. This thesis proposes two new feature
construction approaches. The first approach utilizes topological data analysis to extract
features from samples drawn from a given objective function. This method captures various
topological rotation and translation invariant properties that serve as descriptors of the
objective function. The second proposed feature construction technique also uses samples
drawn from the objective function, but applies random transformations to obtain a high-
dimensional representation of the objective function. Both approaches are evaluated across
multiple tasks, including differentiating between objective functions, predicting high-level
properties, and algorithm selection. While these approaches demonstrate effectiveness
for differentiating between problems and high-level property prediction, some limitations
remain, particularly in algorithm selection.

The second part of the thesis focuses on feature construction techniques for time series
data. We explore two tasks. The first is investigating the importance of time series features
when used for selecting the most suitable forecasting algorithm. In this context, there are a
handful of research approaches that have explored algorithm selection, but unfortunately,
most of the proposed techniques only show that such techniques can be used for algorithm
selection but do not provide explainability on how and why the most suitable algorithms
are selected. We show that an explainable algorithm selection pipeline can be constructed,
which provides consistent explainable decisions across different pipeline configurations. In
the second task, we address the robustness of constructed representations for the task of
classification. Time series classification has been largely explored, but there are still some
challenges, such as how robust the constructed features are to various distortions and how
this affects the accuracy of downstream classifiers. We explore the topic of robustness and
provide some explanations as to why certain representations are more robust than others.
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Povzetek

Gradnja značilk, ki vključuje tako ročno zasnovo s strani domenskih strokovnjakov kot tudi
avtomatizirano učenje uporabnih predstavitev podatkov, je ključen vidik strojnega učenja.
Glavni cilj je pretvoriti surove podatke v obliko, ki jo lahko učinkoviteje izkoristimo s
pristopi strojnega učenja. Čeprav je gradnja značilk dobro raziskana na področjih kot
sta obdelava naravnega jezika in računalniški vid, je na področju analize časovnih vrst
raziskana v nekoliko manjši meri, medtem ko na področju enokriterijske optimizacije ostaja
večinoma neraziskana.

Področje enokriterijske optimizacije ponuja le peščico pristopov za gradnjo značilk.
Glavni cilj raziskovanja gradnje značilk v tem kontekstu je ustvariti značilke, ki opisujejo
osnovne lastnosti optimizacijske funkcije, kot sta število ekstremov ali zahtevnost njiho-
vega iskanja. Druga pomembna aplikacija gradnje značilk v optimizaciji je takoimenovana
izbira algoritmov, kjer se lastnosti funkcije uporabljajo za priporočanje najustreznejšega
optimizacijskega algoritma. Medtem ko obstoječi pristopi na tem področju sicer zajamejo
nekatere osnovne lastnosti funkcij, imajo v veliki meri še vedno številne pomanjkljivosti,
zlasti pri izbiri algoritmov. V okviru disertacije sta razviti dve novi metodi gradnje značilk.
Prva metoda uporablja pristope topološke analize podatkov, kjer z vzorci, pridobljenimi
iz optimizacijske funkcije, pokažemo, da je možno zgraditi značilke, ki so invariantne na
rotacije in translacije v prostoru. Drugi pristop gradnje značilk temelji na uporabi naključ-
nih transformacij, pri čemer so pridobljeni vzorci pretvorjeni v večje število značilk. Oba
pristopa sta ovrednotena na različne načine, kot so razlikovanje med funkcijami, napove-
dovanje lastnosti funkcij in izbira algoritmov.

Drugi del te disertacije se osredotoča na tehnike gradnje značilk za podatke časovnih
vrst. Prvi sklop se nanaša na pomen značilk časovnih vrst pri izbiri najustreznejšega napo-
vednega algoritma. Na tem področju obstaja nekaj raziskovalnih pristopov, ki naslavljajo
izbiro algoritmov, vendar večina teh pristopov zgolj pokaže, da lahko značilke uporabimo za
izbiro algoritmov, vendar brez poglobljene analize, zakaj je bila izbrana posamezna metoda.
V okviru te disertacije pokažemo, da je mogoče zasnovati razložljiv način izbire algoritmov,
ki omogoča transparentne odločitve. Drugi sklop pa se nanaša na vprašanje robustnosti
grajenih predstavitev pri klasifikaciji časovnih vrst. Čeprav je področje klasifikacije ča-
sovnih vrst dobro raziskano, ostajajo odprta vprašanja, kot so vpliv različnih deformacij
na značilke ter kako te vplivajo na delovanje končnih klasifikatorjev. V disertaciji zato
raziskujemo robustnost značilk in ponudimo razlago, zakaj so nekatere predstavitve bolj
odporne na deformacije kot druge.
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Chapter 1

Introduction

1.1 Motivation

In the �eld of machine learning, the quality of the input data and its transformation
into meaningful features play a critical role in determining the success of predictive mod-
els (Zhong et al., 2016). For that reason, feature construction, which includes both feature
engineering (where features are manually crafted by domain experts) and representation
learning (where useful representations are typically learned during model construction,
most often through gradient descent), is a crucial aspect to consider when modeling a
problem. Essentially, it involves transforming raw data into a form that is better suited
for machine learning algorithms. Feature construction thus plays a key role by helping to
connect unprocessed data with the advanced algorithms built to analyze it. This transfor-
mation is vital because it allows algorithms to identify patterns and insights more e�ciently,
thereby improving their predictive power and ability to make sense of the data.

When constructing features, there are several key requirements that must be met to
ensure they are e�ective. First, they must be useful for the task at hand, providing rel-
evant information that aids in solving the problem and improving model performance.
They should also be meaningful, with a clear relationship to the target variable and the
problem domain, ensuring they add value. It is bene�cial if features are explainable or
interpretable (Linardatos et al., 2020), as this helps humans in understanding them, in-
creasing transparency and trust in the model's decisions. Features should also be scalable,
computationally feasible even with large datasets, and non-redundant, avoiding high cor-
relation between features that could undermine model performance and interpretability.
Additionally, they should be aligned with domain knowledge to re�ect the true underlying
structure of the data, ensuring they are relevant and contribute meaningfully to the task.
Finally, other properties are also sometimes desirable, such as invariance (H. Zhao et al.,
2019), where features remain stable across di�erent domain-speci�c transformations, as
this can help improve generalization while respecting the problem's characteristics.

Feature construction has been extensively explored in domains such as computer vi-
sion (Bengio et al., 2013; Jiang, 2009) and natural language processing (Z. Liu et al.,
2023), where there is a large number of established techniques for extracting and engineer-
ing informative features from data. These �elds have developed sophisticated methods to
capture key patterns and structures that can improve the performance of machine-learning
models. However, representation learning and, to some extent, feature engineering remain
comparatively underdeveloped and less extensively studied in the �elds of time series anal-
ysis and continuous single-objective optimization. In time series analysis, where the data
often exhibits complex temporal dependencies, the challenge of constructing relevant and
useful features becomes more intricate. Similarly, in single-objective optimization, feature
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construction can play a crucial role in improving the search process and solution quality
of optimization algorithms, yet it remains underexplored. The main topic of this thesis,
therefore, is the development of new feature construction approaches tailored to these ar-
eas, as well as a detailed analysis of the behavior and e�ectiveness of di�erent feature
construction techniques. Through this work, the thesis aims to �ll the gap in the literature
and provide novel insights into how feature construction can enhance models in time series
analysis and optimization tasks.

1.2 Problem Statement

This section provides a brief overview of some open questions in the �eld of feature con-
struction for time series analysis and single-objective continuous optimization, and how
these are addressed in our thesis. Much more thorough de�nitions are subsequently pro-
vided in the respective sections in later chapters.

1.2.1 Single-Objective Continuous Optimization

In single-objective continuous optimization, there are two key reasons for developing feature
construction approaches.

The �rst reason is that feature construction can reveal additional insights into opti-
mization functions (Mersmann et al., 2011). By constructing meaningful features that
characterize the underlying properties of the objective function, researchers and practi-
tioners can gain a deeper understanding of its behavior. For example, such features may
uncover patterns like regions of local minima, the function's smoothness, or the presence
of high-level characteristics such as multimodality, global structure, or funnel-shaped land-
scapes. Additionally, one might be interested in how far apart objective functions are
embedded in the feature space and whether it is possible to di�erentiate between dis-
similar functions. Understanding the features of objective functions can also aid in the
development of more informative benchmarks for evaluating optimization algorithms. The
ability to describe an objective function in terms of its features improves the comparability
of di�erent optimization tasks, enabling more systematic analysis.

The second, and perhaps even more important, reason for the need for feature con-
struction in this context is the concept of optimization algorithm selection (AS) (Muñoz
et al., 2015), a concept known as meta-learning (Vanschoren, 2019). Given a speci�c ob-
jective function, the goal is to select the most appropriate optimization algorithm that
will perform best based on the characteristics of the objective function. Feature construc-
tion plays a pivotal role here by providing a structured way to capture the properties of
the objective function. The most common approach involves generating a set of samples
from objective functions, extracting features from them, and evaluating the performance of
various optimization algorithms. A meta-model is then trained to map the extracted fea-
tures to the best-performing algorithm. The main goal is for the meta-model to learn how
properties such as search space complexity, noise levels, and landscape smoothness can be
used to select the most suitable optimization algorithm for a given problem. By selecting
optimization algorithms based on these features, it is possible to improve the e�ciency
and e�ectiveness of the optimization process, ultimately leading to better performance in
terms of speed, accuracy, and robustness.

However, both of the listed reasons for feature construction are still largely unexplored.
In terms of characterizing objective functions, existing approaches (with the best-known
example being Exploratory Landscape Analysis (Mersmann et al., 2011) features) are not
always su�cient. Existing features are often not invariant to transformations such as
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translations, scaling, and rotation, meaning that simple transformations, which generally
do not in�uence the di�culty of the objective function, can still alter some features (’kvorc
et al., 2020). Additionally, some feature sets contain highly correlated features, which can
lead to reduced interpretability if not mitigated properly with techniques such as feature
selection or ranking. For the task of algorithm selection, the need for quality features
and representations is even greater. Features should be informative enough to enable the
recommendation of the best-performing optimization algorithm based on the computed
features. However, it has been demonstrated that optimization algorithm selection only
works if the new functions are extremely similar to those already observed during the train-
ing phase. If the functions deviate too much from the training set, machine learning models
for algorithm selection fail to accurately choose the best optimization algorithm (Petelin
& Cenikj, 2024a). It is, therefore, crucial to address the generalizability of newly proposed
features.

1.2.2 Time Series Analysis

For time series analysis, feature engineering and representation learning have been explored
more extensively compared to the optimization domain, though there are still signi�cant
opportunities for further research and improvement (Meng et al., 2023). There are quite a
few feature construction approaches that have been developed to extract meaningful fea-
tures from time series data. These techniques focus on transforming raw temporal data
into more structured representations that can reveal patterns, trends, and seasonality,
which are crucial for understanding the underlying processes. Various statistical meth-
ods, domain-speci�c heuristics, and even machine learning models have been employed to
design features that can e�ectively represent the temporal dynamics of the data. These
approaches have shown considerable success in recent years for a multitude of tasks, such
as classi�cation (Middlehurst, Schäfer, & Bagnall, 2024), forecasting (N. K. Ahmed et al.,
2010), extrinsic regression (Tan et al., 2021), and even algorithm selection. As part of the
thesis we mainly focus on two challenges of feature construction for time series analysis.

The �rst challenge we address is related to explainability in algorithm selection for fore-
casting. Over the years, numerous forecasting methods have been proposed, each with its
own set of advantages and disadvantages. As a result, selecting the most suitable algorithm
for a given forecasting task is not always straightforward. In practice, one way to address
this is by training a machine learning meta-model to perform forecasting algorithm selec-
tion based on features extracted from a given time series. The goal of the meta-model is
to learn the relationship between time series properties and the performance of forecasting
algorithms. Once an appropriate algorithm is selected, it is then used to generate forecasts.
While such approaches have been proposed, they often lack a focus on the explainability
of the ML models responsible for making decisions about which forecasting algorithm to
choose. This lack of transparency raises concerns about how and why particular algorithms
are selected. Therefore, there is a need to better understand how ML models select the
base forecasting algorithms based on time series features and, more importantly, to iden-
tify which features are most signi�cant in guiding these decisions. Gaining this insight
can improve the training of models for algorithm selection and help uncover areas where
forecasting models might be performing poorly, thus highlighting potential weaknesses in
existing approaches. Such knowledge is essential for re�ning forecasting models and algo-
rithms, ultimately contributing to more robust and e�ective algorithm development in the
�eld of time series forecasting.

The second challenge related to time series that we address in this thesis is the ro-
bustness of feature construction techniques and the models that utilize these features for
classi�cation. In this context, robustness refers to how features and the subsequent clas-
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si�cation models respond when exposed to various naturally occurring distortions in the
data, such as noise, missing values, or outliers. This is an important aspect for two key
reasons. First, it enables us to gain a deeper understanding of the behavior of feature
construction techniques, providing insights into how di�erent types of distortions a�ect
the quality and reliability of the features. By examining the impact of these distortions,
we can better assess how well the features generalize across di�erent conditions and how
they in�uence the performance of downstream classi�ers. Second, robustness is critical
because it directly in�uences the performance of classi�cation models in real-world scenar-
ios. In many practical applications, data can be noisy or incomplete, and ensuring that
features and classi�ers can maintain their accuracy despite these challenges is essential for
developing reliable, real-world models. Addressing the robustness of feature construction
techniques allows us to create more robust models that perform consistently, even under
less-than-ideal conditions.

1.3 Aims and Hypotheses

This thesis addresses open questions raised in the previous section and outlines the hy-
potheses used to guide the research. The �rst part explores novel approaches for feature
construction in the continuous single-objective optimization domain. We propose two new
methods for constructing features from samples of an objective function. These features can
then be used for further downstream tasks. The second part of the thesis focuses on feature
construction techniques in time series analysis. Speci�cally, we evaluate the explainability
of meta-models for forecasting algorithm selection in terms of feature importance and the
robustness of features to distortions in time series classi�cation.

The �rst single-objective feature construction technique we propose draws on concepts
from topological data analysis (TDA), a sub�eld of applied mathematics that uses tech-
niques from topology to analyze datasets. TDA o�ers a variety of tools that extract
topological properties, such as the appearance of holes, noise, and other structures, from
samples of points. The proposed feature extraction techniques are evaluated on the tasks
of problem di�erentiation, high-level property prediction, and algorithm selection. To
evaluate the method, the following two hypotheses are proposed:

H1a: Using insights from topological data analysis, it is possible to construct rotation and
translation invariant features that di�erentiate between single-objective optimization
problems and capture their high-level properties.

H1b: Performance of predictive models for optimization algorithm selection based on such
topological features is comparable to the performance of models based on existing ex-
ploratory landscape analysis features.

The second feature construction approach involves applying a set of random transfor-
mations or functions. Each random function maps samples obtained from the objective
function into a corresponding set of features. The proposed random mapping technique
works based on the distances between samples, mapping them into a high-dimensional
space that can be used to represent objective functions. Similarly to the �rst approach,
we evaluate this feature construction method on the tasks of problem di�erentiation, high-
level property prediction, and algorithm selection. To evaluate the method, the following
two hypotheses are proposed:

H2a: Features based on randomly initialized �lters calculated using distances between op-
timization problem samples are able to di�erentiate between distinct single-objective
optimization problems and capture their high-level properties.
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H2b: Performance of predictive models for optimization algorithm selection based on such
features is comparable to the performance of models based on existing exploratory
landscape analysis features.

The next topics we explore are related to algorithm selection in the time series forecast-
ing domain. While the use of feature representations of time series data to aid in selecting
the most suitable forecasting model has been studied before, most approaches treat the
algorithm selection model as a black box. In contrast, we explore how the algorithm selec-
tion model makes decisions and which features it considers important. We investigate the
constructed features and their signi�cance in successfully performing algorithm selection.
Additionally, we evaluate the feature agreement between di�erent algorithm selection mod-
els, as well as the agreement between individual forecasting algorithms. The hypothesis is
de�ned as:

H3: Meta-models for selecting time series forecasting algorithms are able to be explained
using feature scoring techniques.

The last topic that falls under the scope of this thesis is the evaluation of the robustness
of representations to naturally occurring distortions in the context of time series classi�-
cation. Similar to the previous hypothesis, where it is bene�cial to have interpretable
features, it is also important to understand how such features react to various distortions.
For this reason, we explore the sensitivity of time series distortions on the constructed
features and the subsequent accuracy of time series classi�cation models. The hypothesis
we propose is as follows:

H4: By simulating the most frequent types of distortions, it is possible to empirically eval-
uate the robustness of di�erent time series classi�cation algorithms in terms of their
classi�cation accuracy in the presence of various data distortions.

1.4 Scienti�c Contributions

Scienti�c contributions are grouped based on the hypotheses we proposed in the previous
section. These correspond to new feature representations for single-objective optimization
functions, as well as the explainability and robustness of features in the time series domain.

SC1: A new feature extraction approach based on topological data analysis is proposed
for constructing representations of single-objective continuous optimization functions.
These representations can be used for various tasks, such as problem di�erentiation,
high-level property prediction, and optimization algorithm selection.

SC2: A new feature extraction approach based on randomly initialized functions is pro-
posed for constructing representations of single-objective continuous optimization
functions. These representations can be applied to various tasks, including problem
di�erentiation, high-level property prediction, and optimization algorithm selection.

SC3: Explainability techniques are applied to the forecasting algorithm selection pipeline
to make it more transparent regarding how decisions are made, and to identify which
time series properties have the most substantial e�ect on the performance of time
series forecasting algorithm.

SC4: Di�erent naturally occurring time series distortions of increasing magnitudes are
simulated and evaluated on how they a�ect constructed feature representation and
how this in�uences the behaviour of downstream classi�ers in terms of classi�cation
accuracy.
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1.5 Thesis Structure

The introductory chapter of this thesis provides general information on the topic of feature
construction and discusses its impact on the �eld of machine learning. This is followed
by a description of the open problems and the problem de�nition of feature construction
in the domains of continuous single-objective optimization and time series analysis. Next,
the hypotheses explored in this thesis are presented. Finally, a separate section outlines
the scienti�c contributions of the thesis.

This is followed by Chapter 2, where we discuss two newly proposed approaches for fea-
ture construction in representing continuous single-objective optimization functions. The
�rst approach employs techniques from topological data analysis to describe optimization
functions in terms of features. This is followed by another approach that uses random
functions to map samples obtained from objective functions to their representations.

Chapter 3 focuses on the explainability and robustness of feature construction ap-
proaches in the domain of time series analysis. The �rst part of the chapter discusses
forecasting algorithm selection and explores ways to enhance the explainability of this ap-
proach. It highlights how making forecasting algorithm selection more interpretable can
reveal more information about features used to perform selection. The chapter then ex-
plores how the constructed features respond to naturally occurring distortions in time series
data, such as noise and missing data. It further explores the impact of these distortions on
the downstream task of classi�cation, analyzing how the robustness of features in�uences
the overall performance and reliability of classi�cation models.

Lastly, Chapter 4 concludes our work by reviewing the scienti�c contributions of the
thesis and discussing the key �ndings. This chapter also outlines potential directions for
future research, highlighting areas where further investigation could build upon the current
work and address existing challenges in the �eld.
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Chapter 2

Feature Construction in Continuous
Single-objective Optimization

Representing optimization problems in terms of features that can be used by machine learn-
ing models is crucial for tasks such as algorithm selection and con�guration, performance
prediction, high-level property prediction, and, in general, for understanding similarities
between optimization problems. This section presents two di�erent approaches for fea-
ture construction for single-objective optimization problems, primarily through the use of
topological data analysis and the construction of randomly initialized �lters/functions that
transform samples into numerical features.

The �rst approach introduces TinyTLA features detailed in the paper TinyTLA: Topo-
logical landscape analysis for optimization problem classi�cation in a limited sample setting
published in the Swarm and Evolutionary Computation (Petelin et al., 2024). Based on
current knowledge, this is one of the �rst papers to introduce topological concepts into
the optimization domain. Such concepts are highly relevant in the �eld of optimization
as they capture various properties of samples from an objective function, such as holes,
toruses, valleys, and more. The paper further introduces concepts from topological data
analysis, exploring how they can be used to construct features and whether those features
are su�ciently discriminative to di�erentiate between problems with di�erent properties.

The second approach for feature extraction, known as Random Filter Mappings, was
published in a paperRandom Filter Mappings as Optimization Problem Feature Extrac-
tors in IEEE Access (Petelin & Cenikj, 2024b). This paper introduces a novel method
for extracting features by mapping objective function samples through random transfor-
mation functions. Similar techniques have been explored in other �elds, such as computer
vision and time series classi�cation. Methodologically, this approach occupies a middle
ground between manual feature engineering and deep-learning based feature construction,
balancing aspects of both.

Note that the proposed approaches di�er slightly in computational e�ciency, memory
usage, and the maximum number of samples from the objective function they can e�ectively
process. For this reason, one must be cautious when comparing results, as the method-
ologies vary slightly. This is primarily due to the fact that computing the topological
properties of a point cloud grows exponentially with sample size and problem dimension.
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2.1 TinyTLA: Topological Landscape Analysis for Optimiza-
tion Problem Classi�cation in a Limited Sample Setting

Topological Data Analysis is a sub�eld of applied mathematics that utilizes tools from
topology to extract meaningful information from high-dimensional data. Due to its ability
to handle complex, multi-dimensional structures, TDA can be well-suited for applications
in various �elds, including continuous single-objective optimization. This section explores
the use of TDA as a tool for constructing features from samples obtained through opti-
mization functions. In the paper TinyTLA: Topological landscape analysis for optimization
problem classi�cation in a limited sample setting, we introduce the TinyTLA approach, a
novel feature extraction method that leverages TDA to derive topological features from
optimization problems. TinyTLA focuses on distances between sample points obtained
from the optimization function. These distances are used to capture persistent topological
structures representing geometric formations in the optimization landscape. Proposed fea-
tures are invariant to rotation and translation, making them unique compared to existing
feature extraction methods.

The paper explores hypothesesH1a and H1b and highlights two key contributions:
�rstly, demonstrating that topological features provide complementary insights to tradi-
tional landscape analysis; and secondly, o�ering a sensitivity analysis that shows the ro-
bustness of these features in scenarios with limited sample sizes. The results con�rm that
TinyTLA's topological features are e�ective in classifying optimization problems. The sub-
sequent section also presents an additional analysis of the features' success in high-level
property prediction and algorithm selection that was not included in the original paper.
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