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CHAPTER
el

Introduction

In recent years, Machine Learning (ML) has achieved success in many real-world
applications, such as self-driving cars [1], assisting doctors in diagnosing diseases [2],
playing video games [3], recognizing faces [4], translating languages [5], detecting
automatic faults [6], and predictive maintenance [7]. In order to apply ML in
real-world applications, practitioners must select a sequence of machine learning
algorithms (e.g., data preprocessing, feature preprocessing, learning algorithm),
together with their configurations well-suited to the target problem [§]. These
tasks are always challenging due to the plethora of algorithms. Moreover, the
No Free Lunch (NFL) theorem [9], [10] prescribes that there is no universally
best algorithm for all problems. Therefore, the development of high-performance
machine-learning applications requires highly skilled ML experts, data scientists
and domain experts [11], |[12]. Together, these experts attempt further experi-
ments/trials, resulting in the best-performing ML pipeline for the given problem.
In other words, applying ML to a real-world application is challenging, as it requires
considerable human effort and has a strong dependency on data scientists.

The class of Automated machine learning (AutoML) approaches [8] are widely
applied to automatically produce the best machine learning pipeline in order to
minimize reliance on data scientists in the machine learning development cycle for
real-world applications [8]. The domain experts can profit from using AutoML by
automatically choosing a well-performing sequence of ML algorithms and their
optimized hyperparameters, leading to a sensible ML model for their real-work
problems without relying on ML experts.

Initially, AutoML was typically referred to as an optimization process for finding
the optimal ML pipeline (with its tuned hyperparameters) for ML problems [13].
Hence, AutoML is known as a combination of Machine Learning and optimization
for applying machine learning to real-world problems, that is, making ML easier

to use for people without expert knowledge in ML. AutoML research mainly



1. Introduction

focuses on optimization, whereas the ML part is inherited from the well-developed
ML community. From the perspective of the optimization community, the ML
part is treated as an objective configured by various ML algorithms with their
hyperparameters and evaluated by an objective function for resulting in a real-
valued performance, e.g., prediction accuracy or running time. A search space
defines the possible choices among the algorithms and hyperparameters. Different
hyperparameter settings led to different results . Then, a practical optimization
approach is used to find the best setting that maximizes the performance of the
objective function. All the above steps are the core functions of a typical AutoML
framework.

On the other hand, AutoML products are also known as a particular type
of software in a ready-to-use state where the effectiveness in applying machine
learning to real-world problems is the top goal . Thus, modern AutoML
systems incorporate many supportive functions, such as supporting the core part
(e.g., applying meta-learning to find the better candidate earlier) and supporting
humans to increase trust (e.g., explainable ML, visualization), and shortening the

final product development cycle in production (e.g., integrating the low/no code

techniques).
| Search space
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Figure 1.1: AutoML functions

Some of the core functions and support functions of a typical AutoML framework

are summarized in Figure All are discussed in this thesis, where the machine



learning pipeline optimization approaches are discussed in Chapter [3] and the
remaining functions are discussed in Chapter [2] i.e., Meta-learning is discussed
in Section [2:3] code generation and analysis tools for AutoML are presented in
Section [2.4 and Section presents ML pipeline architecture search. However,
this thesis emphasizes the optimization of AutoML, called AutoML optimization,
which is detailed in Section [[.I] Prior to the detailed discussions, we shall give a
brief explanation of some important aspects of the AutoML optimization problem
(the orange cycle in the middle of Figure .

Search space or domain space refers to the set of all possible combinations of
algorithms and the algorithm’s hyperparameters that the optimization algorithm

can choose from. There are four common classes of hyperparameters:
1. Ordinal hyperpammeterﬂ belong to a subset of Z, e.g., [1, 10];
2. Continuous hyperpammeteﬂ is a subset of R, e.g., [0, 1];

3. Nominal hyperparameter is a set of categorical values, e.g., [Linear, RBF,

Poly, Sigmoid];

4. Hierarchical hyperparameter or conditional hyperparameter is a particular
type of hyperparameter, that is used to define the dependencies between

hyperparameters, i.e., a hyperparameter depends on another hyperparameter;

5. In practice, the choice of algorithm is a particular type of nominal hyperpa-
rameter, which is referred to as the algorithm choice |15] and one-of nominal
hyperparameter [16]. The dependent hyperparameters of an algorithm are
mapped to an algorithm by a conditional hyperparameter. In this thesis, each
set of algorithms for an operation function shall be called an "operator”, e.g., a
resampling operator— ([SMOTE [17], SMOTETomek [18], SVMSMOTE [19]]),
learning operator—([k-nearest neighbors [20], Support Vector Machines [21]]).

Without loss of generality, let a machine learning pipeline structure be modeled as
a directed acyclic graph (DAG) which is restricted by implicit constraints [22], [23],
i.e., some operators are optional, which might have a do not use option, but the
learning operator is mandatory and as the last operator. Note that we shall use the
term machine learning pipeline structure and sequence of algorithms over operators
interchangeably in this thesis. The complete machine learning pipeline includes a

sequence of algorithms over operators and their dependent hyperparameters.

1 We note that, ordinal and continuous hyperparameters are typically bounded for practical
reasons.
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In conclusion, the search space defines the range of hyperparameters that the
optimizer can search among to find the best set of hyperparameters (i.e., the best
ML pipeline).

Objective function in AutoML optimization problem is one or more perfor-
mance metrics (e.g., recall, precision rate, accuracy rate), a.k.a., evaluation metrics.
These metrics are used to measure and evaluate the performance of a ML pipeline
(e.g., a sequence of data pre-processing, feature engineering, and a learning algo-
rithm) on a particular task. The optimization problem is called a single-objective
problem if it uses one performance metric. Otherwise, it is called a multi-objective
optimization problem. Throughout this thesis, the objective function is limited to
the single-objective optimization problem. In other words, an objective function
is a real-valued function that measures the performance of the ML pipeline on a
given dataset using a specific performance metric. The objective function can be
constructed using cross-validation, ensemble methods, or other techniques.

Optimization algorithm applied to AutoML is an algorithm that aims to
find the optimal machine learning pipeline on a given dataset using a performance
metric, i.e., objective function. Optimizing the objective function involves a trade-
off between computational complexity and accuracy. The choice of algorithm
depends on the problem’s complexity, the dataset’s size, and the computational
resources available. The literature has highlighted several possible optimization

approaches that can be used for AutoML, such as:

e Bayesian optimization (BO), e.g., Hyperopt [24], SMAC [25], [26], SPO [27],
Spearmint [28], BO4AML [15].

o Grid search [29] and Random search (RS) [30], [31].
o Racing procedure (RP) [32], [33].
o Bandit learning (BL), e.g., Successive Halving [34], HyperBand [35].

o Hybrid approaches, e.g., BOHB [36] and DACOpt [37] hybridize Bayesian
optimization and bandit learning, MIP-EGO [38] hybridizes Bayesian opti-

mization and evolutionary algorithms.

However, Bayesian Optimization is the most commonly used approach in this
domain as it was used in Auto-sklearn [39], Auto-Weka [40], [41] and Hyperopt-
sklearn [42]. Hence, this thesis will review all mentioned approaches but mainly

focus on improving BO and using it to solve the AutoML optimization problems.



1.1 Problem definition

1.1 Problem definition

In this thesis, the discussion is focused on AutoML optimization (AO) problems,
and the ML problem is limited to supervised machine learning fields, i.e., regression
and classification problems. Given a classification problem with a dataset D =
{(x1,91)5- -+, (Xm, Ym)}, where x = {x1,..., 2%} is a vector representation of the
k features x, and y represents a label in classification problem or a continuous
value in a regression problem. Solving an AutoML optimization problem refers
to finding the best ML model P : X — Y that transforms a vector x € X into a
target value y € Y. In AutoML optimization, the ML model refers to as a ML
pipeline model, which can include data pre-processing, encoding, feature selection,
resampling, and learning algorithm. Hence, we shall interchange the terms of ML

model and ML pipeline model in this section.

Sequence of
Operators

Set of
Algorithms

Hyperparameters
spaces

Figure 1.2: The structure of AutoML search space

Let § denote the predicted label calculated by model P for input features x,
ie., § =P(x), and R(g,y) denote a measure of classification accuracy between the
predicted label § and the true label y. Let p be an ML pipeline setting trained on
dataset D to produce the ML model P, i.e., P = (p, D). The performance of p is
then calculated as:

m

Z R(P(Xl)7 y])

Jj=1

1™
75 R 1
m (yjayj)

Jj=

f(pﬂ?):%
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In practice, the predictive performance of ML pipeline p needs to be calculated
based on its prediction on an unseen dataset, i.e., a test/validation set. The
dataset D is then split into non-overlapping training and validation sets: Diyain =
{(x1,91), -+ Xn,¥n)} and Dyatia = {(Xn+1, Ynt1)s -« - s (Xms Ym ) }- Equation
allows calculating performance of the ML pipeline setting p when trained on Diain

and evaluated on D,,);q as:

m—n

R yn+jayn+j) (12)

f(pa Dtraina Dvahd
m—mn “ 1
]:

However, the over-fitting problem is often encountered in applying optimization
approaches [13]. To overcome this problem, the k-fold cross-validation can be
applied to the Equation. which becomes:

?vM—‘

k
f(p7 Dtrain7 Vahd Z tra1n7 f/alid) (13)
where f(p, D ins Dg) is performance of the ML pipeline p when trained and
evaluated on the j** data fold D! . and D’

train correspondingly.
Solving an AutoML optimization problem involves finding the optimal ML

valid’
pipeline p that trains on a dataset D to produce the best-performing ML model
P. Traditionally, the AutoML optimization problem is customarily treated and
solved as a hyperparameter optimization problem (HPO), called the HPO-based
approach, where the target ML pipeline p is constructed as a single algorithm.
An alternate approach is to construct the target ML pipeline p structure as an
ML pipeline of multiple ML algorithms, called ML pipeline-based approach. In
this section, we will first look at solving the problem of AutoML optimization,
also referred to as ML pipeline optimization. This topic is explained in detail
in Section [[.1.1] Afterward, we will briefly discuss the traditional HPO-based
approach, which treats the problem as a hyperparameter optimization problem.

This discussion is covered in Section [[.1.21

1.1.1 Machine Learning Pipeline Optimization

Let O = 01 x ... x O, denote the sequence of operators in the pipeline p, where
each subsequent operator is applied to the output of the previous operator starting
from input x: p(x) = O,(O,_1(...(01(x))...)). The functionality of each such
operator can typically be delivered by one of the multiple available ML algorithms:

herein, we assume O;cq1,.. .1} = {@,A},..., A} for all operators except the

10



1.1 Problem definition

last and O, = {Al,..., A=} for the last operator which defines the learning
algorithm — i.e., unlike the first z — 1 operators, the last operator O, has to be
selected and cannot be @.

Typically, all algorithms have hyperparameters; we denote the domain of the
i-th hyperparameter by ;. Let A = A\; x ... X A be a hyperparameter space
consisting of b hyperparameters of algorithm A°. Let Ap, = A} U...UA be the
hyperparameter space of the operator O; and A = Ap, U...UAp, denotes the
hyperparameter space of all considered algorithms for all considered operators.
Let M denote the search space that includes the sequence of operators O and
its corresponding hyperparameter spaces. The overall structure of the resulting
AutoML search space is illustrated in Figure |1.2

For readability, let A; »; represent algorithm A selected for an operator O; and
configured by a hyperparameter setting A\; € Ap,. Then, we denote a pipeline with
algorithms selected and configured with their hyperparameters for all operators in
the pipeline p as p(4, ,,....4. ,.)- We note that some approaches [43] consider in
finding a suitable order of algorithms in the pipeline, which is called ML pipeline
structure selection [22], [43]. Let the set of valid ML pipeline structures be denoted
by S = {s1,...,$n}, where s € S represents a valid ML pipeline structure that orders
the position of algorithms Aj, ..., A, in the pipeline. The ML pipeline becomes
D(s, A1 5,0 A- 5 )- HoOwever, it is worth noting that most AutoML optimization
approaches do not search for structure, such as Auto-sklearn [39], Auto-weka [40],
Hyperopt-sklearn [42]. Instead, they use a fixed structure, i.e., |S|= 1. This fixed
structure is based on a well-known linear sequence of operators recommended in
literature or based on their experiences. When |S|> 1, it is referred to as the case
of flexible ML pipeline structure search. This thesis limits our discussion to the
fixed ML pipeline structure. Therefore, we will use the notation D(A1ny s Aniny)
to denote the ML pipeline, while the ML pipeline structure will not be further
discussed. However, we will briefly discuss both approaches in Chapter [2] i.e., the
discussion on the Fixed ML pipeline structure in Section 2.2.1] and the Flexible
ML pipeline structure in Section 2:2.2]

To solve the AutoML problem (see Equation and find the best choice of
algorithms and their hyperparameters for the pipeline operators, every such choice
needs to be evaluated. The R(4,y) denotes a metric that returns the accuracy
of value g predicted by the pipeline compared to the real value y. Then, perfor-
mance f of pipeline configuration p(4, .. 4. ) when trained on a training dataset

Dirain = {(x1,¥1)s .- -, (Tm, ym)} and evaluated on a validation dataset Dy,jiq =

11
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{(Tm+1, Ym+1)s - - - » (Tmtt, Ymt) } 18 calculated as: f(p(Al,/\7~~~,Az,/\)7Dtrain’ Dyalid) =
1 22:1 R(Jm+jsYm+;)- Hence, the AutoML optimization problem becomes the

ML pipeline optimization maximizing problem:

(Aingsoo Asn) = argmax  f(peags,don s Dosains Daatia) (1)
At ny e Anixs
where (Aj,...,A,) € X::1 O, are all possible choices of algorithms for all pipeline
operators, {A1,...,A:|A\1 € Aoy, ..., A\, € Ap,} are algorithms’ hyperparameters
and f(p( Ay xyso Az x. ) Derains Dyalid | 18 performance of the sequence operators and
their corresponding hyperparameter choices when trained and evaluated on Dipain
and ’Dvandﬂ correspondingly.

1.1.2 Combined Algorithm Selection and Hyperparameter
Optimization

Traditionally, the AutoML optimization problem is commonly referred to as
Combined Algorithm Selection and Hyperparameter Optimization (CASH) (39|,
[40] or Full Model Selection (FMS) [44] problem, in which the choice of algorithm
is modeled as an additional categorical hyperparameter. Then, the AutoML
optimization problem is treated as a HPO problem. As such, the choice of
algorithms for each operator is modeled as an extra categorical hyperparameter A°.
The search space for the i*" operator is then defined as Ap, = AJUAT UL UAT,
and the entire search space be A = Ag, U...UAg_ Hence, the AO problem becomes
the HPO maximizing problem:

A" = argmax f (A, Derains Dvalid) (1.5)
AEA

where (X, Dirain, Dvalid) is performance of the hyperparameter setting A € A when
trained and evaluated on Diyain and Dyaliq, correspondingly.

In this setting, the categorical hyperparameters after the root of this hierarchical
search space (see Figure are known as the choice of algorithm for an operator.

Consequently, algorithms and their local hyperparameters are treated at the same

2We note that AutoML tools are typically evaluated based on their performance on an unseen
dataset during optimization, e.g., test set or ground truth set. These tools include several
strategies to avoid overfitting together with other setups. These comparisons compare the
performance of the whole AutoML system rather than the optimizer only. However, this thesis
focuses on the optimization process to maximize performance on an unseen dataset for ML
algorithms but known to the optimizer, referred to here as the validation set Dy,1;q. Therefore,
we will not use the term test set Diest in this section. Instead, Diest Will be used in Chapter@
(Section , where we set up benchmarks for comparing different AutoML tools.

12
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level. However, unlike the pure categorical hyperparameter, i.e., choose one in a set
of nominal options, the choice of algorithms heavily affects other hyperparameters,
i.e., once the algorithm is known, only its hyperparameters are relevant.

Another point worth mentioning is that HPO was originally developed to
find the best hyperparameter setting from a single algorithm which is a much
more straightforward problem compared to the AutoML optimization problem. In
addition to HPO, AutoML optimization also searches for an optimized pipeline
of algorithms. In AutoML, multiple algorithms must be considered, and these
algorithms can belong to different phases in the ML pipeline, for example, pre-
processing and learning models. This pipeline is restricted by some constraints,
such as the learning task, i.e., classification and regression for supervised learning

and clustering for unsupervised learning, which is the last step. For example,

o Auto-sklearn [39], [45] has up to six sequence operation steps: categorical
encoder, numerical transformer, imputation transformer, rescaling, feature

preprocessor, and learning operator.

o In comparison, Auto-Weka [40], [41] and Hyperopt-sklearn [42] have only

two operators: preprocessor and learning operator.

Although, in general, AutoML can have different sizes in terms of operators and
algorithms under operators, most operators are optional, and the learning operator
is mandatory.

Furthermore, the algorithms and techniques used in an ML pipeline are tightly
coupled because every operator step is directly affected by the previous step. For
example, the data pre-processing step aims to produce a new dataset (balanced,
reduced-dimensions, etc.), which can change the performance of the subsequent
operator, such as the learning model. Consequently, the traditional approach for
handling the choice of algorithm is a mismatch with the nature of the AutoML

optimization problem.

1.2 Research Questions

In this thesis, we focus on AutoML techniques that aim at shorting the progress of
producing ML applications. Some of the most critical questions that we will try to

address are:

13
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RQ1:

RQ2:

How can we automatically construct high-quality ML pipelines for
imbalanced data with HPO algorithms?

The classification algorithms commonly assume that the input data is equally
distributed between classes. However, the distribution of classes in many
real-world classification problems is ordinarily unequal, which reduces classi-
fication performance. To address this problem, we can apply a well-suited
resampling technique to balance the imbalanced data before passing it to the
classifier for training. There is no universal best algorithm for all problems.
Hence, it becomes the model selection problem of finding the optimal com-
bination of a resampler and classifier for the given problem, each selected
from the sets of existing resampling techniques and classification algorithms.
Besides, both resampling techniques and classification algorithms have lo-
cal hyperparameters that need to be tuned to achieve better performance.
Therefore, the Model selection (MS) and Hyperparameter optimization (HPO)
tasks have to be considered. We note that HPO algorithms are initially
designed for tuning hyperparameters of a single ML algorithm. The Com-
bined Algorithm Selection and Hyperparameter Optimization (CASH) is a
well-known approach for solving those two tasks simultaneously. CASH
converts MS and HPO into a single HPO problem, which HPO algorithms
can solve. Nevertheless, CASH has yet to be studied in detail for imbalanced
class problems. Hence, we explore the potential of applying HPO algorithms
to construct well-performing ML pipelines for imbalanced data automatically.
Study on that problem gives us insights into how to design CASH experiments
for class-imbalanced problems, such as determining applicable resampling
and classification algorithms, constructing search space, and selecting perfor-
mance metrics. The exploration and resolution of this research question are

comprehensively tackled in Chapter [ of this thesis.

What is the most effective CASH optimization approach to achieve
the optimal ML pipeline model for imbalance classification prob-

lems?

The Combined Algorithm Selection and Hyperparameter (CASH) problem
can be addressed by a HPO algorithm. The two well-known HPO algorithms—
Bayesian optimization and random search - are considered in our investigation

to provide insights into choosing appropriate techniques for solving this CASH
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1.2 Research Questions

RQ3:

RQ4:

for class imbalance problems. The comprehensive exploration and resolution

of the research question can be found in Chapter [5] of this thesis.

How to apply the CASH optimization to the steel surface defects
classification problem where the distribution between classes is

imbalanced and has unequal importance?

In collaboration with Tata Steel Europe - The Netherlands in the steel surface
defects detection problem, we address the classification problem where the
distribution between classes is imbalanced and has unequal importance,
i.e., detecting severe defects that might heavily affect the quality of the
final product is more priority than others with lighter affections. In CASH
optimization problems, the proper performance metric is vital for evaluating
ML models to correctly choose the optimal ML model. For the imbalance
problem, several performance metrics (e.g., F1, geometric mean) can be used.
However, those performance metrics treat all classes equally important. Thus,
those metrics’ overall accuracy cannot be used for this situation. In other
words, the required performance metric for this real-world problem has yet to
be. Therefore, to apply CASH to the steel surface defects detection problem,
we need a new performance metric that considers both class imbalanced and
unequal class importance problems. In Chapter [6 we delve into the heart of

the research question, presenting a detailed analysis and solution.

How does maximizing coverage of initial sampling improve BO
performance to AutoML optimization problems? Bayesian optimiza-
tion (BO) is a typical optimization approach that is structured by three
fundamental components: initial sampling, surrogate model and acquisition
function. The initial sampling step is typically restricted to a small budget
since the effectiveness of BO becomes evident mainly in the later stages of
optimization when it learns to produce better ML pipeline configurations.
Another point worth mentioning is that the search space of AutoML is large,

which includes many possible algorithms in the ML pipeline.

Many studies [46]-[48] noted that some algorithms have similar technical
behaviours. To take advantage of this, we explore the potential of sampling
on the group of similar algorithms for maximizing coverage of the AutoML
search space already within a small budget of the initial sampling of BO.
The exploration also provides insights into the effectiveness of optimized

initial sampling to BO to characterize the response surface more accurately
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1. Introduction

RQ5:

RQ6:

and how we can adapt BO to solve the AutoML problems. For a detailed
response to the research question, readers are directed to Chapter [7] where

an exhaustive exploration and conclusion await.

When should we stop tuning in an area of the search space?

As mentioned in RQ4, the AutoML search space is ample; trying every
configuration is costly and typically impossible in practice due to the limited
computation resources. The solution to RQ4 can be adapted to separate
the AutoML search space into multiple search areas (i.e., sub-spaces). Given
limited computational resources for optimization, allocating more resources
to the most promising areas while reducing resources to the unpromising areas
to ensure achieving the best performance accuracy is necessary. Thus, the
question is how to detect unpromising areas early and correctly. Chapter [§|
provides an in-depth examination and resolution of the research question
that guides this study.

How can we efficiently allocate computational resources in the
AutoML search space? The class of multi-fidelity approaches (Chapter
Section aims to maximize the number of configurations to be evaluated
within a limited budget. The central idea is to save computation resources
for ineffective configurations and use them for other configurations. In this
setting, the effective configuration will be tested on more data than the
ineffective one. Racing procedures (Chapter [3| Section and bandit
learning (Chapter Section are the two well-known multi-fidelity
approaches for HPO problems. Adopting their techniques to the AutoML
optimization problem can provide insight into how we can handle resources
efficiently in AutoML optimization. The comprehensive exploration and

resolution of the research question can be found in Chapter 8| of this thesis.

1.3 Outline of the Dissertation

This thesis is organized as illustrated by a high-level overview in Figure [I.3] The

motivation, research questions, and major contributions of each chapter are briefly

introduced.

The relevant technical background for this thesis is split into two chapters where

the AutoML optimization approaches are discussed in Chapter [3]and the relevant
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1.3 Outline of the Dissertation

Comparison of HPO optimization
approaches for imbalanced
binary class problems

An efficient search space for
imbalanced class problem

Chapter 5

A review of AutoML
optimization algorithms
Chapter 3 Chapter 7 (BO4ML)
Optimization algorithm Two new AutoML
optimization algorithms

Search space

Learning
Algorithm

Chapter 4 & Chapter 6

Introduce two sets of Lifecycle of ML A new classification
AutoML benchmarks Development: Preliminaries measurement metric

SElEE ) Literature New method

Figure 1.3: Mapping of chapters of this thesis to the process of development and
life cycle of an AutoML pipeline.

machine learning development life-cycle knowledge provided by existing AutoML
frameworks are discussed in Section 21

Chapter ] aims at introducing two sets of AutoML benchmarks to evaluate
optimization approaches. Both scenarios provide a search space and a set of
corresponding benchmark datasets— the first scenario includes two operators in
the pipeline and 44 binary imbalanced benchmark datasets; the second scenario is
a ML pipeline optimization of a dynamic search space with up to six operators
and 73 AutoML benchmark datasets.

Chapter [5| focuses on the issue of how to apply optimization approaches to class
imbalanced classification problems properly. Optimizer is a core component of an
AutoML framework. In addition, various optimization approaches are compared
in this chapter, where the most efficient approach is discovered.

Chapter [6]introduces a new classification measurement metric for the multi-class
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1. Introduction

classification problem where some classes are more important than others.
Chapter[7]and Chapter [§discuss how to efficiently use BO for AutoML problems.
Chapter [7]introduces a novel initial sampling strategy, Combination-based sampling,
which is particularly designed for using BO for AutoML optimization problems. In
addition, a novel BO approach, BO4ML, is proposed, where the proposed initial
sampling approach is integrated. Chapter [introduces a novel contesting procedure,
Divide And Conquer Optimization (DACOpt), which is an optimization approach
specially designed for dealing with the large and complex search space of AutoML

to help BO focus on promising search area earlier.

1.4 Publications and software packages

This thesis is based on the following peer-reviewed publications and software

packages:

1. Nguyen, D.A., Kong J., Wang H., Menzel S., Sendhoff B., Kononova A.V.
& Bick T.H.W. (2021), Improved automated CASH optimization with tree
parzen estimators for class imbalance problems. In IEEE 8th international
conference on data science and advanced analytics (DSAA), pp. 1-9, DOIL:
10.1109/DSAA53316.2021.9564147.

e Github: https://github.com/ECOLE-ITN/NguyenDSAA2021

2. Nguyen, D.A., Kononova A.V., Menzel S.; Sendhoff B. & Béack T.H.W.
(2021), Efficient AutoML via combinational sampling. In IEEE Symposium
Series on Computational Intelligence (SSCI). pp. 01-10, DOIL: 10.1109/
SSCI50451.2021.9660073.

e Github: https://github.com/ECOLE-ITN/NguyenSSCI2021

o Pypi: https://pypi.org/project/BO4ML

3. Nguyen, D.A., Kononova A.V., Menzel S., Sendhoff B. & Béack T.H.W.
(2022), An Efficient Contesting Procedure for AutoML Optimization, in IEEE
Access, vol. 10, pp. 75754-75771, 2022, DOI: 10.1109/ACCESS.2022.3192036.

o Github: https://github.com/ECOLE-ITN/NguyenIEEEAccess2022

o Pypi: https://pypi.org/project/DACOpt
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1.4 Publications and software packages

4. Nguyen, D.A., Kononova A.V., Kong J., Jonker, K., Pipard, N., Mooi, J. &
Béack T.H.W. (2023), Automated Machine Learning Using Class Importance
Weights For Imbalanced Multi-class Classification Of Steel Coil Defects, in

review.

5. Nguyen, D.A., Kononova A.V., Kong J., Jonker, K., Pipard, N., Mooi,
J. & Bick T.H.W. (2024), Efficient AutoML Optimization for Imbalanced
Multiclass Data: A Case Study on Surface Defect Classification in Steel

Manufacturing, in review.
e Github: https://github.com/anh05/AutoML-Multiclass-Imbalanced
Other work by the author:

1. Kong J., Kowalczyk W.J., Nguyen, D.A. Bick T.HW. & Menzel S.,
(2019), hyperparameter optimisation for improving classification under class
imbalance. In IEEE Symposium Series on Computational Intelligence (SSCI),
pp. 3072-3078, DOI: 10.1109/SSCI44817.2019.9002679.

2. Ullah S., Nguyen, D.A., Wang H., Menzel S., Sendhoff B. & Béack T.H.W.
(2020), Exploring dimensionality reduction techniques for efficient surrogate-
assisted optimization. In IEEE Symposium Series on Computational Intelli-
gence (SSCI), pp. 2965-2974, DOIL: 10.1109/SSCI4 7803.2020.9308465.
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2

Automated Machine Learning: An Overview

CHAPTER

The term machine learning has become highly popular in today’s technology and
is expanding rapidly. Without realizing it, we use machine learning in our daily
lives, such as in self-driving cars [1], medical diagnosis [2], automatic language
translation [5], fraud detection [6], and defect detection [49).

Existing AutoML frameworks aim to automatically build the best ML pipeline
for an arbitrary ML problem. However, applying AutoML to produce a useful ML
product for a real-world problem eventually requires some knowledge of machine
learning and software development. We first discuss some important aspects of the
life cycle of machine learning development in Section Next, this chapter will
discuss all the functions of a typical AutoML tool, as shown in Figure [1.1] except
for the optimization part, which we will discuss in Chapter [2] due to its significance
in this thesis. Specifically, Section provides an overview of commonly used
approaches for determining the optimal ML pipeline architecture. Section [2.3
discusses various applications of meta-learning in AutoML. Section presents

the explainable and low-code techniques utilized in AutoML products.

2.1 Life Cycle of Machine Learning Development

The process of building up a machine learning system can be seen as a combination
of the Software Development workflow [50] and the Data science workflow [51],

which is shown in Figure This workflow contains four main stages:

e Data preparation is the starting point for an ML project where the data is
collected [52]. This will be discussed in Section [2.1.1]

e ML pipeline optimization is handled by the employed optimizer, which will
be discussed in Chapter [3| Hence, Section discusses the topic from the

user’s view rather than the view of an optimizer provider. In this section,
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Figure 2.1: Machine learning development life cycle. This figure takes inspiration
from the software development and data science lifecycles.

we clarify what parts of an ML pipeline can be applied for optimization for
automatic purposes (Section [2.1.2.1)), how we can evaluate an ML pipeline

(Section [2.1.2.2)), and the over-fitting problem in Section a common
problem when applying optimization to AutoML .

o Application Development stage refers to the application development progress,
where the final application is produced [50]. An engineering team typically
does this stage with expertise in developing applications (e.g., software,
web app, embedded application for Computer Numerical Control (CNC)

machines).

e Continuous Improvement indicates the process of making small incremental
changes to the developed application . The ML application development
is not a one-off process. In the ML applications development scenario, the
constant improvement paradigm is more necessary since the data continues to
be updated. The data distribution changes make the ML model’s prediction
performance less accurate. Thus, the deployed ML model must be retrained
to adapt to the updated data. Besides, the selected ML pipeline may no
longer be the best choice for the new data. Therefore, the ML pipeline has
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2.1 Life Cycle of Machine Learning Development

to be re-tuned. We refer the interested reader to the Kaizen model [55] for

this topic.

2.1.1 Data preparation

In practice, the data used for a particular machine-learning project can be collected
from multiple sources, such as Enterprise Resource Planning (ERP), customer rela-
tionship management (CRM), network log files, Microsoft Excel, Microsoft Word,
images, expert suggestions, or external sources. However, a real-life system, such as
an ERP, can have thousands of data tables with complex relationships. Therefore,
choosing the tables and data to use is a challenging question. Additionally, data
from multiple sources (e.g., data crawled from websites, extracted from multiple
internal systems, or gathered end-user working data files) might be incorrectly
labelled or inconsistent in identity, used metric system units (e.g., millimetre (mm),
centimetre (cm), meter (m)), and format (e.g., DateTime). Collecting data and
joining different data sources are important and challenging. Hence, these tasks
are typically performed manually by experts who deeply understand the data. In
general, data preparation [52], [56]-[58] typically involves the following tasks:

1. Data collection: Useful data is obtained from operating systems, data
warehouses, data lakes, and other information sources. During this step, it is
crucial for data scientists, domain experts, members of the ML team, and
end-users to verify that collected data is a good fit for the objectives of the
anticipated ML applications [56].

2. Data discovery and manual cleansing: This step consists in investigating
the gathered data to determine what it includes and what needs to be done
to make it suitable for intended usage [52]. Next, the detected data flaws
and mistakes are fixed to develop comprehensive and accurate data sets. For
instance, faulty data is rectified or removed, missing values are filled in, and

inconsistent entries are merged as part of the data sets clean up [59).

3. Data organizing: At this stage, the data must be modeled and organized
to be suitable for ML [56]. For example, the data stored in comma-separated

value (CSV) files and reorganizing image files.

It is worth noting that the target outcomes of all the above steps should include data
and a set of prepared rules. The rule can be in the form of hard-coding, workflows,

or generic formulas, which can be reused for future data in the production phase.
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2. Automated Machine Learning: An Overview

Apart from the mentioned manual steps, there are two classes of data-cleaning

approaches:

1. Semi-automatic is a class of algorithms/tools that assist scientists in improv-
ing efficiency and reducing human effort during the data preparation phase,
rather than being completely automatic. For instance, KARATA [60] is a tool
that uses knowledge-based [61] and crowd-powered [62] approaches, detecting
both correct and incorrect data to generate possible repairs for the identified
incorrect data. Another class of methods, as exemplified by Krishnan et
al. [63]-]65], involves suggesting cleaning for only a limited portion of the
data while maintaining comparable outcomes to cleaning the entire dataset.
However, these methods require humans to design data-cleaning operations

applied to the dataset.

2. A small class of automatic data cleaning techniques aims to improve the
data quality automatically. It can be applied to various datasets and used
in AutoML frameworks (see Section for an additional discussion).
Nevertheless, they are usually hard-coded and limited to a few specific
functions, such as handling data errors, missing values, redundant records,
invalid values, and outliers |22], [66], [67].

2.1.2 Automated Machine Learning Pipeline

This section’s topic is limited to supervised machine learning fields. This section
focuses on processes that do not involve humans. We first start by listing the
elements of a typical ML pipeline (Section . Second, we present the
standard evaluation measurement metrics (Section . The last sub-section

presents the common over-fitting problems when optimization approaches are

applied (Section [2.1.3).

2.1.2.1 Machine learning pipeline

A generic ML pipeline p : X — Y designed for problem solving P is a sequence
of operators that transforms a vector of features x € X into a target value y € Y
which can be, for example, a predicted value for a regression problem or a label
for a classification problem. Examples of possible pipeline operators depend on
problem P and can include data pre-processing, encoding, feature selection, and

resampling.
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2.1 Life Cycle of Machine Learning Development

In order to analyze this discussion, we need to use the notations introduced
and explained in Chapter [l These notations are crucial for our ongoing analysis,
and we discussed them in detail in their original context in Chapter [I] to ensure a
better understanding. Let O = O; x ... x O, denote the sequence of operators
in the pipeline p, where each subsequent operator is applied to the output of the
previous operator starting from input x: p(x) = 0,(O,_1(...(01(x))...)). Each
operator’s functionality can typically be delivered by one of the multiple available
ML algorithms: here we assume O;eqy,... .1} = {9, Al,... A} for all operators
except the last and O, = {AL,... , A%} for the last operator that defines the
learning algorithm — i.e., unlike the first z — 1 operators, the last operator O, has

to be selected and cannot be &.

ML pipeline structure Although several AutoML frameworks have been re-
leased to date, there are no best practices for ML pipeline structures for all ML
problems in the literature. We only know that the learning algorithm must be at
the end of the pipeline. Thus, an AutoML framework creates an ML pipeline using
either a fixed structure based on the creator’s expertise or a variable structure
(the detailed discussion on ML pipeline structure search is given in Section [2.2)).
We note that the number of operators is flexible, as it highly depends on the ML
problem (i.e., classification, regression), the underlying domain, and the input
data itself (e.g., image, text, and tabulator input require different preprocessing
algorithms).

The considered operators are usually grouped into two main phases:

1. Preprocessing phase includes several preprocessing tasks that can be seen

as an augmentation step adding to the data preparation phase, but it is

automatic. This step includes a sequence of optional steps. For example, a
typical preprocessing sequence for a classification problem includes missing-
value imputation, categorical encoding, data normalization, resampling,
feature extraction, feature generation, and feature selection. Generally
speaking, any data modification before utilizing a learning method is referred
to as the preprocessing step. Note that the input data might be changed

sequentially after processing via preprocessing operators.

2. Learning phase is the last operator in the ML pipeline. It aims to learn
the relation within the dataset D = {(x1,%1), ..., (Xm,Ym)} output from

previous operator O,_1 and able to predict those of unseen dataset Dynseen =
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2. Automated Machine Learning: An Overview

{(Xmt1s Ymt1)y - -« s (Xmtts Ym+t) }- More specifically, the learning algorithm
aims at finding a learning function f : X — Y by generalizing beyond D,
that maps inputs x € X to outputs y € Y, i.e., y = f(x). The learning
function f can be formed by any option from the set of possible learning
algorithms, e.g., linear models [68]—[70], tree-based models [71], [72], support

vector machines [21], k-nearest neighbors [20], etc.

2.1.2.2 Evaluation measurement metrics

Finding the optimal ML model for the target problem is the main task in ML
pipeline optimization. Hence, the vital questions are: How well does the model
perform? Moreover, what is the accuracy of the model? To do so, we need a
performance metric (or evaluation measure) to score the model’s quality. The
performance metric depends on the target problem, i.e., a classification problem or
regression problem. For instance, the accuracy rate is usually used in classification
problems [73]. However, when the classes are imbalanced, the geometric mean (GM)
and F-measure are highly recommended [47], [74], [75] because of their ability to
represent the minority class samples. In contrast, the Mean Absolute Error (MAE),
and Mean Squared Error (MSE) are typically used to score a regression model [76].
Hence, choosing a suitable performance metric is the task given to experts. In
this section, we will present the most commonly used performance metrics for
classification and regression problems. For unsupervised machine learning, we refer
the interested reader to other reviews of evaluation metrics for further discussions
on that domain [77].

Measurement metrics for classification problems Classification algorithms
stand for algorithms that predict label y € Z, i.e., discrete/categorical value such
as Spam/Not Spam in Email Spam Filtering problem [78], based on a vector
of features x € X. Therefore, the accuracy of an individual prediction is either
correct or incorrect by comparing the predicted value and the actual value. By
comparing the predicted and actual values, the accuracy of an individual prediction
is either correct or incorrect. The accuracy rate is most commonly used, as it
simply computes the ratio of the number of samples correctly predicted to the
total number of tested samples. However, the accuracy rate is not the sole metric
to evaluate a classification model. In this section, we will summarize a total of
seven performance metrics that are usually used for classification problems. This

discussion is restricted to binary-classification problems. We refer the interested
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Figure 2.2: Tllustration of confusion matrix. The illustration is inspired by the
work of [79].

reader to Chapter [ (Section [6.2.2)) for multi-class classification problems and other
reviews of evaluation metrics for other types of classification problems , ,
[80]. For binary classification problems, the performance metrics can be defined

based on the confusion matrix. For consistency throughout this section, we use

the confusion matrix example shown in Figure as it can provide intuitive
classification results. The figure on the left shows the distributions of the predicted
and actual classes. The plot on the right shows a confusion matrix for this example.
Using the confusion metric in Figure we summarized several commonly used
performance metrics in Table 21] including Accuracy rate, Error Rate, Specificity
(or True Negative Rate), Sensitivity (or Recall or True Positive Rate), Precision,

Balanced accuracy, Geometric mearﬂ Fg-measure.

1The geometric mean mentioned here follows the work of , which is based on Sensitivity
(accuracy on positive examples) and Specificity (accuracy on negative examples). Some other
studies might be based on precision and recall.
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Name Formula Illustration Referring Description
to Figure
TP
TN
Accuracy % TP - % =0.37 The ratio of cor-
rate FP TN rect predictions
on tested samples
FP
Error aprebrN o Te [ 551 =0.63 The ratio of incor-
Rate FEE TN rect predictions
on tested samples
TN
Specificity % 5% =0.5 The ratio of the
/True FP TN number of cor-
Negative rectly predicted
Rate negative samples
(T Nrate) overall actual neg-
ative samples
TP
Sensitivity TPLEN TP - 727 = 0.22 The ratio of the
/Recall number of cor-
/True rectly predicted
Positive positive samples
Rate overall actual pos-
(T Prate) itive samples
TP
Precision % TP %5 =0.29 The ratio of ac-
FP tual positive sam-

ples among those
predicted as posi-
tive

continued on the next page

Table 2.1: Performance Metrics for Classification Evaluations.

28



2.1 Life Cycle of Machine Learning Development

Name Formula Referring Description
to Figure
Balanced
accuracy Spemﬁmty;Sensmlwty %20'22 =0.36 The arithmetic
mean of class-
wise sensitivity,
i.e.,  Specificity
and Sensitivity
Geometric +/Specificity x Sensitivity V0.5 x0.22 =0.33 The root of the
mean product of class-
wise sensitivity
) . 2y precisionxrecall . g
Fs Fo=(1+8 )ﬁZprecision+recall The Welghted har
measure monic mean of
the precision and
recall .
_ 2\ precisionxrecall 0.29%0.22 _ . . :
F=01+1 )12precisi0n+recall 09022 =020 B = 1 s typ

ically used (i.e.,
F3 becomes F1),
also means the re-
call and the pre-
cision are equally
important. Other-
wise, recall is con-
sidered (3 times as
important as pre-
cision .

Table 2.1: Performance Metrics for Classification Evaluations — continued from

previous page
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Figure 2.3: Example of regression prediction. The illustration is inspired by the
work of [84].

Measurement metrics for regression problems Regression algorithms, as
opposed to classification algorithms, predict a specific numeric value, i.e., y € R.
For instance, weather forecasting [82] and housing price forecasting [83]. Hence,
the accuracy of a prediction becomes the residual between the predicted value
9 and the actual value y, i.e., residual = |y — §| (see Figure for illustration).
The four common measurement metrics for regression problems are summarized in
Table 2:2] For consistency reasons throughout this sub-section, we use the example
shown in Figure 2.3] e.g., each method will be calculated base on that example. In
addition, notations are shared throughout this section: ¢ denotes the total number

of tested samples.
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Name

Formula

Referring

to Figure

Description

Mean
Abso-
lute
Error
(MAE)
Mean
Squared
Error
(MSE)

Root
Mean
Squared
Error
(RMSE)

R? score

% 22:1 lyi — il

1- Z:Zl(yi_.@i)2
> w92

y= %22:1 Yi

0.3+0.140.1 __
1401 — (17

2 2 2
0.3 +0,31 +0.1° _ 4

v/0.04 =0.2

j = 0540255085 _ () 37

R*=1-304 =267

The average of the ab-
solute differences be-
tween the actual val-
ues and the predicted
values.

The average of the
squared differences be-
tween the actual val-
ues and the predicted
values.

The square root of
MSE

The coefficient of de-
termination

31

Table 2.2: Performance Metrics for Regression Evaluations.



2. Automated Machine Learning: An Overview

Training samples
*  Actual value

%  Predicted value
Test samples

e  Actual value
o  Predicted value

. True (unknown) model

— Predicted model

A\ 4

(a) Under-fitting T

(b) Good fit T (c) Over-fitting T

Figure 2.4: Tllustration of Under-fitting (a), Good fit (b), and Over-fitting (c). The
illustration is inspired by the work of [85].

2.1.3 Over-fitting and under-fitting

Generalization is a common problem in AutoML and hyperparameter optimiza-
tion[53], [86]. During the optimization process, the highest-performing configu-
ration is discovered through multiple trials on a training dataset. However, this
optimal configuration may not generalize well to new, unseen data, leading to
what is known as the over-fitting problem. Therefore, addressing over-fitting is an
important concern in AutoML optimization. This section will provide an overview
of the overfitting problem and highlight common practices to avoid overfitting in
AutoML. In supervised machine learning, we have to find the best form of the
function f that minimizes the difference between true value y; and predicted value
9, 1.e., ¥ ~ f(x;), Vx € X. Hence, the learning algorithm aims to produce a model
that fits the data. However, if the model is too fit to the training data, it may
result in the so-called over-fitting problem, in which the model performs well on
the known training set but performs poorly on the unknown test set. In other

words, the model does not have generalization ability. For clarification, Figure 24]
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illustrates under-fitting, good fit, and over-fitting problems. Assuming we have 12
samples, the 6 stars denote training samples, the 6 dots are test samples, the black
colour indicates actual values, and the white colour indicates predicted values. The
dashed curved line indicates the actual model, and the solid curved line indicates
the predicted model. The plot in (a) shows an example of an underfitting. We can
see that the predicted and actual models are completely different; the performance
is poor for both the training and test samples. The predicted model in plot (b)
was similar to the actual model. In this case, the predicted model may be a good
fit. The last case is an example of over-fitting. The predicted model perfectly
models the training samples but lacks generalization ability. Consequently, the
model yielded poor predictions for the test samples. Under-fitting can easily be
detected via performance metrics (see Section .

k-fold cross Performance
validation metric

15t call

ML pipeline configuration
(Acan;)

g
EI
'M*‘

Il
—

P(A Az

Kt call

Validation fold D Function Call
Function Evaluation

Training fold

Figure 2.5: k-fold cross validation.

A common technique for avoiding over-fitting is k—fold cross validation (see
Figure in which the input data is randomly partitioned into k£ independent
folds (also called leave-one-out technique). The average of the k function calls,
computes the performance of one test case; a single fold is kept as a test set, while
the remaining folds are used as the training set. The term function evaluation
(green rounded-box) and function call (purple rounded-box) will be used in future
discussions in this thesis, e.g., Chapter[3] Aside from k—fold cross-validation, there

are several other techniques for preventing over-fitting, such as early stopping ,
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2. Automated Machine Learning: An Overview

regularization [87], [88]. We refer the interested reader to those studies for further

discussions on this topic.

Preprocessing

Training data
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Preprocessing
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odel

?
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Figure 2.6: An example of calculating the validation performance of a typical
Machine Learning pipeline.
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Finally, when training and validating a model, we usually use exactly the
same ML pipeline architecture for preprocessing and learning phases, for example,
encoding categorical data and normalizing data in the same way. However, some
operators in the preprocessing step must not be applied to the validation/test data.
Otherwise, all techniques for overcoming over-fitting are useless. In general, the

preprocessing can be grouped into two groups:

e Impact on the individual sample’s quality, e.g., missing value imputation, cat-
egorical encoding, normalization data, feature extraction, feature generation,

and feature selection.

e Changing the original distribution of the samples, for example, resampling
(e.g., under-resampling, over-resampling, combine-resampling techniques)

and removing outliers.

The first group has to stick to applying precisely the same (i.e., algorithms,
hyperparameter settings, and their order) to both the training and test/validation
sets. In contrast, the second group impacts the sample size to improve the
training model’s generalization and quality. Recall that a model’s test/validation
performance is based on the prediction values and actual values of the entire

test /validation dataset samples — no more or fewer samples. Hence, the quality
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2.2 ML pipeline architecture search

measurement is incorrect when we base it on more or fewer samples’ predictions
than the actual test/validation set.

In other words, no approach that impacts the integrity of samples can be
applied to the test/validation dataset. Figure shows a workflow of a typical
ML pipeline when applied to the training and validation data.

2.2 ML pipeline architecture search

The first step in solving any ML problem is to find a suitable machine learning
pipeline structure. An ML pipeline includes several optional operators (e.g.,
imputation of missing data, encoding, scaling, feature extraction, and feature
selection) and a mandatory learning operator. The generic ML pipeline is shown
in Figure The ML pipeline architecture search aims to answer the following
research question: How many operators are required in the pipeline? Moreover,
how are they ordered? The only known is the last operator, which is a learning
algorithm, that is, classification, regression, or clustering. However, there is no
fixed rule in the early steps, which confuses non-experts when creating their own

ML pipelines.

Machine Learning Pipeline

@—H (O H Oy H ]—)[Learning Algorithm Predictions

Figure 2.7: Prototypical ML pipeline architecture.

In addition, the performance of an ML pipeline is calculated based on its
prediction quality on test data, that is, we only evaluate an ML pipeline when the
input data are past all pipeline operators. Finally, every ML pipeline is unique |15],
i.e., any changes to the ML pipeline lead to a different ML pipeline, which might

change the final performance.

2.2.1 Fixed ML pipeline architecture

Many AutoML frameworks, such as Auto-Weka [40], [41], Hyperopt-sklearn [42],
H20 [89], ATM [90], Auto-Gluon [91], [92] do not directly solve ML pipeline

architecture search to reduce the complexity of determining ML pipeline structure.
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Instead, they have predefined a fixed structure, which closely resembles a well-
known linear sequence of operators recommended in literature or based on their
experiences. Figure shows an example of a commonly used fixed ML pipeline
architecture for class-imbalanced problems, as used by , , , , . A
possible disadvantage of this approach is that it might result in inferior predictive

performance for complex datasets requiring, e.g., multiple preprocessing steps.

Machine Learning Pipeline.

CategorichncodingH Scaling H Resampling HLeaming algorithm Predictions

Figure 2.8: Fixed ML pipeline architecture used by most imbalanced-class classifi-
cation studies.

2.2.2 Flexible ML pipeline architecture

In order to achieve the best performance for a given problem, human experts
usually build highly specialized ML pipelines, i.e., the ML pipeline is adaptable

to a specific task. An illustration on ML pipeline architecture search is shows in

Figure [2.9]
’ [OLeaming ]

Learning Algorithm Predictions

Machine Learning Pipeline

Figure 2.9: Flexible ML pipeline architecture, where the ML pipeline structure is
also searched for.

This flexibility is missing from the fixed ML pipeline structure approach. To
address this issue, one class of AutoML frameworks considers flexible ML pipeline
architecture. AUTO-SKLEARN , can be seen as a semi-flexible approach.
AUTO-SKLEARN predefined a set of fixed structures for ML problems. For a given

ML problem, it generates a pipeline structure using meta-features of the input

36



2.3 Meta Learning

AutoML tool Underlying technique domain

TPOT Genetic programming [102], [103]
ALpHAD3M Reinforcement learning [104]
MLPLAN Hierarchical task networks [105]
MosAIC MonteCarlo tree search [106], [107]
FEDOT Evolutionary algorithms [108]-[110]

Table 2.3: AutoML frameworks support ML pipeline architecture search

data, e.g., the structure for binary and multi-class classification problems might
be different. However, the same structure will be used for the same ML problem
domain. Apart from that if-else style, there is a class of AutoML frameworks that
support ML pipeline architecture search, including TPOT [43|, ALPHAD3M [93],
[94], ML-PrLAN [95], [96], and P4ML [97], Mosaic [98], FEDOT [99]. The main
idea of these approaches is to apply restrictions in the form of ad hoc configuration,
primitive taxonomies, or context-free grammars [100], [L01]. Table provided
the relevant techniques to these AutoML tools.

Lastly, a class of techniques based on meta-learning will be discussed in Sec-

tion 2.3

2.3 Meta Learning

A typical ML pipeline optimization problem consists of three fundamental compo-
nents — a search space, an optimizer, and an objective function. The search space
describes the feasible search domain. The optimizer is used to discover the best
combination of algorithms over operators and their optimized hyperparameters,
thereby maximizing the performance of the objective function. Finally, the objec-
tive function is a child program that evaluates the settings of the ML pipeline,
resulting in a real-valued performance measures, such as accuracy, precision, and
recall rate. In other words, the ML pipeline optimization process aims to find the
most suitable solution from a predefined search space.

Usually, for optimizing a new (unknown) ML problem, the optimizer explores
the search space from scratch. In contrast, ML experts take advantage of previous
tasks (e.g., referring to literature and their experiences so far) to shorten the
optimization process and avoid wasting time on unpromising search areas. Inspired
by the behavior of human experts when dealing with a new ML task, meta-learning

is quite similar to learning from the experiments of previous ML tasks to increase
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2. Automated Machine Learning: An Overview

the efficiency of the search. Meta-learning is the science of learning similar datasets,
which can be characterized by a set of meta-features [111], which might include:

1. Simple features includes the following: number of samples, number of features,
number of classes, number of missing values, number of instances with missing

values, number of numeric features, number of categorical features, number

of binary features.
2. Statistical features: mean, standard deviation, mean skewness, quarterlies.

3. Information-theoretic features: class entropy, mean mutual information.

4. Land-marking [112]: Performance evaluations of some simple classifiers on
the entire data or sub-set of data [113], e.g., performances evaluated by

k-nearest neighbor with 1 neighbor.

Previous ML
projects

Search space filtering
& construction

‘ ©
]
=

Objective .
function J L Optimizer

S

Figure 2.10: Applications of meta-learning. The illustration is inspired by the

work of [114], .

Meta-learning can be applied in many stages of the ML pipeline optimization

process (see Figure [2.10):
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e Search space filtering and reduction: The search space is usually predefined by
the AutoML owners, which is typically large with many possible algorithms
that have been integrated. Furthermore, the hyperparameters of the chosen
algorithms are set by a wide range of values. Nevertheless, the search space
is arbitrarily defined without referencing the given ML problem. Therefore,
meta-learning can be used to reduce the large search space, such as eliminating
unimportant hyperparameters, irrelevant algorithms (e.g., [116]-[121]), and

automatically construct a (minimal) search space (e.g., [101], [122]).

o ML pipeline architecture suggestion: Apart from the mentioned approaches for
flexible ML pipeline architecture in Section Meta-learning is a promising
research domain for identifying ML pipeline synthesis. |[101] proposed a data-
centric approach, called DSWIZARD, that learns from related ML tasks to
construct a suitable ML pipeline for the target problem. Similarly, predicting
the pipeline’s performance and favoring a good pipeline architecture to be
constructed was studied in [94], [97], [98], [111], [123], [124].

o Warm-start for optimizer: Traditionally, the optimization process often starts
from scratch. For example, the initialization step in Bayesian optimization
(Section randomly selects some ML pipeline configurations without
any evaluation of the given dataset, that is, with the same random seed
— the optimizer generates the same set of initialization configurations for
any dataset. On the other hand, by learning from previous tasks, many
studies proposed to start from a set of the best configurations of the related
tasks [39], [120], |[125]-|127]. In this manner, the underlying optimizer can
characterize the search space by focusing on promising areas for the given
data. Consequently, the optimizer maximizes the chance of finding the best
solution early. This is the general idea of a warm-start in ML pipeline

optimization.

Finally, we refer the interested reader to other reviews of meta-learning for

further discussions on this topic [114], [115].

2.4 Explainable and low-code for AutoML

AutoML and optimization studies have been applied in many industrial domains [7],
[128]-[130]. However, the current state of AutoML is only seen as a reference tool

for human experts in real-life application development [131]. From a practitioner’s
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perspective, AutoML is also seen as a black-box, i.e., optimization process, that
optimizes another black-box, i.e., objective function . Also, different frameworks
might lead to different results and suggestions. Many studies have been noted that
users do not trust AutoML systems , 7. Without understanding its
optimization behaviors, users might not confidently decide to use its suggestion
(i.e., the best-found ML pipeline). For instance, has revealed that even though
AutoML might deliver high-quality solutions, practitioners refuse to use them as
they do not want to be held accountable for a model they do not understand. In
addition, concluded that the main reason for the limited trust of practitioners
is the limited explanation and transparency of the outcome of AutoML.

Therefore, establishing trust in an AutoML system is an important motivation
for explainability , that is, explaining in a way that humans can understand
in a reasonable time .

g\ Interpretable ML & Explainable Al
Global explanation
| (HOW & WHAT IF)

Ap Indirect
18 stakeholders
s

@
2 ica
Domain Expert

Software

Data scientist

Visual analytics for the
optimization process

End users

AutoML Optimization

Optimization

Machine Learning

Explainable AutoML
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Data
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Figure 2.11: Requirements analysis of different user groups on their need for
ML explainability. Explainable AutoML is a sub-class of explainable Al that

targets ML high-skill user groups that can read/understand ML algorithms and
visualization techniques.

2.4.1 Stakeholders of AutoML

Stakeholders involved in a ML project can be grouped into three groups:
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2.4 Explainable and low-code for AutoML

e Direct stakeholders: Indicate actors who are directly involved in the whole
process of developing their final ML application with the day-to-day activities,

e.g., data scientists, domain experts, and software engineers.

e Indirect stakeholders: People are not affected by the project but may support
the project in some terms but not focused on the process of finishing it, such
as system infrastructure administrators who may prepare a suitable system
infrastructure and system configuration, legal advisors might be involved in
the term of making the end-users policies, managers who set the business
goals for the project, build the project team, customers (for an internal
project, and the customers can be the board of managers) might approve

the project results.

o End-users: They can be internal or external actors who will use the output

application for their daily work.

2.4.2 Components of an explainable AutoML

Each group of actors had different skill sets, knowledge, and demands. Thus,
the explanation is that adaptability is based on its properties. Figure |2.11| sum-
marizes the requirements analysis of different user groups on their need for ML
explainability. The co-badged guidance [137] defines the explainability of intelligent
systems as a combination of technical (information extraction) and non-technical
(communication method) considerations. Furthermore, recall that AutoML is a
combination of optimization and ML. Hence, the scope of explainable AutoML
includes both aspects. According to the relevant discussions on optimization [13§]
and machine learning [51], we formulate the technical explainability requirements
for AutoML as three complementary approaches that form to increase trust and

transparency:

1. Global explanations on the optimization level aim to explain the decision-
making process of the optimizer. In addition, this level of explainability
provides helpful information on optimizer behavior to illustrate optimization

convergence and how it constructs the pipeline.

2. Global explanations on a particular model level aim to explain the general
model’s decision-making process. This level of explainability is about under-
standing how the model makes decisions and the distribution of the target

outcome based on the features.
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3. Local explanations for a single prediction: Global explainability is more useful
in the research and development phase as it helps project owners determine
how their data distribute and how the ML pipeline transforms the input
data to lead to the final result. The local explainability helps examine what

the model predicts for a particular sample and explains why/ why not.

Those applications of explanation are used for many demands, such as debugging
ML models |139], explaining medical decision-making [140], explaining predictions
for classification problems [141], and explain autonomous agent behavior [142],
[143].

2.4.3 Maturity Levels of Automation Tools

According to Figure 2.11] the optimization and programming phases necessitate a
high level of technical knowledge. The optimization phase requires data science
skills, and the programming phase aims to build the deliverable application, which
requires coding skills. Both target a goal that can be used by the layperson (lay

scientist/ developer). The levels of automation tools for AutoML are summarized

in Figure

2.4.3.1 Tools for data scientist

To be able to understand and be accountable for the outcome of AutoML in
a real-world application, the practitioner usually investigates the optimization
behaviors and its final suggestions. For example, the practitioner may plot several
visualizations of how the data transformed through the pipeline or trace back the
optimizer’s decision-making process by plotting the necessary figures that they
can explain to others (i.e., non-technical users). However, the process of making
figures might be costly, as it depends on how familiar the data scientist is with the
platforms used. Hence, the practitioners must develop practice skills in ML and
coding [132]. That fact limits the usefulness of AutoML and misses the opportunity
to lead toward helping humans apply ML to real-life applications with limited ML
and statistics knowledge.

To overcome these limitations and save time for data scientists, some AutoML
platforms provide an additional set of visualizations to explain the decision-making

process. These can be classified into two main groups:
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Figure 2.12: Automation Maturity levels for AutoML. The Top-bottom arrows
show levels of explainability vs. the data science skill levels that can understand
the corresponding explanation related to data scientists. The left-right arrows
indicate the levels of automation in building an ML application vs. the needed
skill.

1. Command line based (CLB): This set of AutoML platforms provides visual-
izations via built-in functions. The user can plot figures by executing those
functions. However, the user must have a ready-to-use development tool,
such as Jupyter Notebook, Anaconda, or dot Net Visual Studio, as well as
basic coding skills (e.g., Python, R, C#). They mainly focus on satisfying the
global explanations of the optimization level. Their functions provide ways to
visualize historical data over the tuning process regarding the performance
(e.g., [45], [144]), the optimizer behavior for choosing hyperparameter values

(e.g., [144]-[146]), and comparing ML pipeline structures (e.g., [11], [147]).

2. Graphical user interface based (GUI): refers to a group of platforms that work
as standalone software or web apps and is aimed at users who do not have
coding skills. All steps, starting from importing the dataset to tuning and

visualization, are integrated into a single interface. Well-known platforms
are Google Vizier [145], HyperTuner [148], HyperTendril [149], IBM Watson
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Studiﬂ Microsoft Azureﬂ Databricks AutoMIEL Rapid-Minerﬂ They signif-
icantly improved development speed. However, their main limitation is the

limited range of applicability, manageability, and flexibility than the others.

Lastly, visualization is an important component, but it is only considered a
support function in the value chain of AutoML. Therefore, some open-sourced
AutoML platforms might not be interested in developing that function. Fortunately,
several platforms add visualization functions on top of other platforms to create a
new platform that supports explainability well. AuToV1z [150], for example, is
an extended version of AUTOAI [131], ATMSEER [134] extends ATM [90], and
XAuTOML [11] based on five other platforms are — AUTO-SKLEARN [39], [45],
DSWIZARD |[101], SCIKIT-LEARN [151], FLAML [152] and OPTUNA [144]. While
HYPEROPT [153] was used in GOOGLE VIZIER [145], HYPERTUNER |[148] and
HYPERTENDRIL [149].

2.4.3.2 Tools for software engineer

This section reviews the low-code technique used in AutoML products, mainly
supporting the programmer in producing the final ML product rather than the
scientist in the research phase. Low-code and no-code refer to software development
methodologies that indicate the concept of practitioners creating their solutions with
little (or no) technical skills. Technically, the no-code platforms consist of standard
pre-built components and a visual development tool that allows practitioners to use
a graphical interface to build their application in a drag-and-drop (e.g., SWAY AIED
or a wizard-based interface (e.g., AKKICﬂ) styles. However, those platforms are
typically limited to some predefined problems, such as object detection in computer
vision (MAKEMIEI), image classification (LOBEEI). That is to say, the automation
ability (i.e., ready-to-use) is inversely proportional to the range of applicability.
Thus, AutoML platforms that target solving unlimited problems usually stop at
the basic level of low code as they only generate the relevant source code for the
ML model, e.g., Amazon SageMaker Autopilot [154] export ready-to-use Jupyter
notebooks for tested ML pipelines.

%https://www.ibm.com/cloud/watson-studio/autoai
3https://azure.microsoft.com
4https://databricks.com
Shttps://rapidminer.com/

Shttps://sway-ai.com

“https://wuw.akkio.com

Shttps://makeml .app/

9https://www.lobe.ai
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CHAPTER

An In-Depth Review of AutoML Optimization
Approaches

This chapter introduces commonly used optimization approaches for AutoML
optimization problems. We note that our discussion in this chapter will rely heavily
on the problem definition and accompanying notations discussed in Chapter
(Section . These notations are crucial for the ongoing analysis, and we dis-
cussed them in detail in their original context in Chapter [I] to ensure a better
understanding.

All of the approaches presented in this study follow the same principle: finding
the best machine learning pipeline configuration p € M to maximize a measurement
performanceE] for a given machine learning problem with the k-fold cross-validation

technique. They can be divided into two groups:
1. The performance of a particular configuration will be evaluated on all k-folds.

2. They intend to save computational cost by evaluating it on a subset of data,
e.g., on fewer folds, to infer performance on the entire data. Hence, we shall
use the term function call to indicate one-time access to a configuration on

one fold.

The term function evaluation indicates the average performance over k folds, i.e.,
a function call is k times cheaper than a function evaluation in terms of evaluating
data input. The difference between the term function call and function evaluation
in this thesis is shown in Figure

3.1 Black-box optimization approaches

In general, both hyperparameter and AutoML optimization problems are typically

treated as black-box optimization problems for various reasons. For instance, we

1See Section
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cannot access a gradient of the objective function concerning the hyperparameters,
or it is not possible to directly optimize the generalization performance as the
training datasets are of limited size . Generally, every black-box optimization
approach can solve these problems. This section introduces three common opti-
mization approaches, grid search (Section, random search (Section ,
and Bayesian optimization (Section . The working principles of these three
approaches are shown in Figure[3.I] As shown, grid search sequentially evaluates
points individually on a user-defined grid. On the other hand, a random search
evaluates points at random, as the name implies. Bayesian optimization (BO) is
a more complex technique based on advanced probabilistic models that makes it
intelligent for automatically finding suitable configurations in the search space.
In this example, we can see that BO can find more configurations with stronger

results than other approaches. That is, more samples in the purple-filled contours.

Grid Search Random Search Bayesian Optimization

Figure 3.1: An illustration between grid search (left), random search (middle), and
Bayesian optimization (right) for hyperparameter optimization on the McCormick’s
function f(z,y) = —1.52 + 2.5y + (# — y)?> + sin (z + y) + 1 with two continuous
parameters: z € [—1.5,4] and y € [—3,3]. All three approaches used a total of 66
functions evaluations. Purple-filled contours indicate regions with strong results,
whereas yellow ones show regions with poor results.

3.1.1 Grid Search

Grid search is the most basic optimization algorithm. Given a set of hyperparame-
ters, each of which has a (finite) set of values, for instance, continuous hyperparam-
eter, e.g., [0,1] € R, ordinal hyperparameter, e.g., [1, 10] € Z, boolean hyperparam-
eter, e.g., [True, False], nominal hyperparameter, e.g.,[Linear, RBF, Poly, Sigmoid].
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We enumerate all combinations of these sets and create a list of all candidates. Grid
search evaluates each of these candidates and chooses the best configuration among
them — the number of function evaluations is precisely the number of configurations.
However, practitioners are usually restricted by a limited computational budget,
i.e., the number of function evaluations, for hyperparameter optimization and
AutoML optimization problems. Such a limited budget is typically much smaller
than the number of possible evaluation configurations. Thus, a limited budget

restricts the applicability of grid search.

3.1.2 Random Search

Unlike grid search, which assesses all configurations (for continuous hyperparam-
eters based on a sufficiently coarse-grained discretization), random search [30]
evaluates only a subset of available candidate configurations at random until the
given budget runs out and returns the best of the sampled configurations. The
random search for AutoML optimization is summarized in Algorithm [T} it consists

of the following two steps:

o Generate a set of random configurations (line 3): here we adapted random
sampling in unstructured HPO problem to AutoML optimization problem
based on the search space (i.e., operators and hyperparameters space) and
the number of needed configurations. The sampling algorithm is presented
in Algorithm 2]

o Evaluating and selecting configuration: Each setting p; € {p1,...,pp} from
the previous step will be evaluated on the objective function f (line 5). Next,

the current best setting is updated (lines 6-9).

Lastly, when the optimization process is done, the best setting p* is reported.

Random Sampling used in Algorithm [I] is presented in Algorithm [2}

» Random selection of a sequence of operators: All operators Oy ., € O are

randomly sampled to have a sequence of algorithms (line 5).

e Sampling hyperparameters: The corresponding hyperparameters are sampled
randomly (lines 6-7), taking into consideration the selected algorithms in the
previous step. The result is returned as a complete ML pipeline setting p,

i.e., a sequence of ML algorithms and their hyperparameter settings.

e Lastly, the set of sampled configurations is returned.
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Algorithm 1: Random Search
Input: O: sequence of operators, A: hyperparameter spaces, f : objective
function, B : number of iterations
Output: p*: the best found configuration

1p' g

2 A* 0

3 ©={p1,...,pp} < RANDOM SAMPLING (O, A, B) // see Algorithm
4 foreach p; € {p1,...,pp} do

5 A; < f(p;) // evaluate the configuration p;

6 if A; > A* then

7 P i

8 A% — A

9 end

10 end
11 return p*, A* // return the best found setting

Recent studies [8], [13], [30], [47] have noted that random search can perform better
than grid search, particularly when only a few hyperparameters impact the perfor-
mance of the machine learning algorithm. Despite its simplicity, random search
remains a crucial benchmark for evaluating the effectiveness of new optimization

methods.

Algorithm 2: Random Sampling for AutoML optimization

Input: O: sequence of operators, A: hyperparameter spaces, T: number of
configuration
Output: © = {p1,...,pr}: set of T configurations
1t+1
20=0
3 while ¢t < 7T do
4 p— I
5 foreach O; € O do
6 A < U(O;) // randomly choose one algorithm for the ‘"
operator
7 Ai <~ U(A}") // randomly select a hyperparameter setting
for the selected algorithm A"
p < pU{A' N}
9 end
10 © <+ OUp // insert the new configuration p into O
11 t—t+1
12 end
13 return © = {py,...,pr} // return a set of T configurations
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3.1.3 Bayesian Optimization

As the AutoML optimization task is typically time-consuming, it is preferable
to devise/choose an optimizer that delivers a good ML pipeline setting with a
relatively small computational budget. Building upon surrogate models and the
expected improvement criterion, Bayesian Optimization (BO) [155] is designed for
such a scenario. Generally, BO iteratively updates a surrogate model P(f|#H)which
aims to learn the probability distribution of the response value conditioned on
setting p, from the historical information, i.e., the so-far evaluated ML pipeline
settings and the corresponding objective function H = {(p;, A:)!1}. The new
candidate ML pipeline is chosen by optimizing the acquisition function [156], [157],
which is defined over the surrogate model P and often balances the exploration and
exploitation of the search. A detailed outline of the BO is presented in Algorithm
and Figure[3.2]

Many variants have been proposed for BO, including the Sequential Model-
based Algorithm Configuration (SMAC) [25], Sequential Parameter Optimisation
(SPO) [27], Mixed-Integer Parallel Efficient Global Optimization (MIPEGO) [38],
and Tree-structured Parzen Estimator (Hyperopt) [24], [153], [158]. They differ
mostly in the initial sampling method, the probabilistic model, and the acquisition
function. Common choices for the probabilistic model are Random forests (RF) |72],
Gaussian process regression (GP) [159], and TPE [24]. As for the acquisition func-
tion, the Expected Improvement (EI), the Probability of Improvement (PI) [157],
and the Upper Confidence Bound (UCB) [160] are more frequently applied among

many other alternatives.

3.1.3.1 Probabilistic Regression Models

The central idea of BO is to construct a surrogate model from the observed data
points on real-valued objective function f. The surrogate model aims to predict the
performance of untested ML pipeline configurations by modeling the relationship
between the set of evaluated configurations © and their true response value A. In
the following, we will briefly introduce three commonly used surrogate models:
(1) Gaussian processes — the well-known traditional surrogate model, (2) Random
Forest, and (3) Tree-structured Parzen Estimator — two popular surrogate models

for AutoML optimization.
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Figure 3.2: Bayesian Optimization

Gaussian processes

Gaussian processes (GP) [159] is a traditional surrogate model for Bayesian op-
timization. Generally speaking, GP is a generalization of Multivariate Gaussian
distribution , where the mean vector g and covariance matrix ¥ are redefined
by a mean function u(p) and a covariance kernel function K (p,p’) of any two

observationsﬂ The objective function f (expensive) is modeled as a GP, and can

2Note that a function is an infinite vector.
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3.1 Black-box optimization approaches

Algorithm 3: Bayesian Optimization for AutoML optimization

Input: O: sequence of operators, A: hyperparameter spaces f : objective
function, nini: initial sample size,ne;: number of samples to be
sampled in the maximize expected improvement (EI) step, ee:
number of samples to be suggested at each BO’ iteration,

Output: p*: the best ML pipeline configuration

1 © < INIT SAMPLING(Q, A, nipnit) // typically done via Random
sampling in Algorithm

// Evaluate all configurations on the given objective

function f, their performances are saved to A

2 P+ TRAIN P(©,A)
3 while not terminate do
4 Onew — P.MAXIMIZE El(ng, eq) // EI is Expected improvement
Anew — g
foreach p; € ©,., do

A; <+ f(pi)

Anew — Anew U Az
end
10 O < Onew
11 A+ Apew
12 | P« TRAIN P(O,A) // Re-train model
13 end
14 return p* € © // return the best found configuration

© N O o«

be defined as f(p) ~ GP(u(p), K(p,p’)). In other words, for each sample p, a
Gaussian process defines a mean p and standard deviation o within a Gaussian
distribution. The squared exponential function is a commonly used kernel function:
K(p,p') = U}%exp[_(g%fly] where [ denotes the length scal and O'J% denotes the
output variance. Subsequently, the predictive distribution for an unseen configu-
ration P(fnew|O, A, pnew) follows a Gaussian distribution. Hence, the mean and

variance can be computed as follows:
,u(pnew) = k*K_lA; U2(pnew) = k**k*K_lkE (31)

where the covariance matrices are calculated as k. = [k(p1,p*),...,k(pt,p")],

K= [k(pivpj)]‘w,je{l,...,t} and k** = k(pnewapnew)~

3The length scale establishes a point’s area of influence. inside the parameter space, where
the effect of an observation diminishes as one moves away from it.
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Random forests

Random forests (RF) [72], is an algorithm used in Machine Learning for regression
and classification. It is employed in SMAC [25] as the mere surrogate mode]ﬂ
Fundamentally, RF can be considered as a collection of regression (decision) trees.
The historical data (©, A) were randomly divided into multi decision trees with
few features. The trees in the forest individually score the unseen configuration
candidate ppow (Pnew € M), and the final result is based on the majority of the
votes. A major limitation of RF is that it does not provide an estimate of the
variance in its predictions. When adopting it in the BO scenario, SMAC [25] uses
the empirical variance in the predictions of trees in the ensemble. Hence, mean y
and variance o2 for the new candidate pyew are computed as the empirical mean

and variance of each tree r in the forest of B trees:

1 , 1 )
,u(pnew) = E Z T(pnew); g (pnew) = |.B‘7—1 Z (T(pnew) - /L(pnew)) (32)

reB reB
where B denotes a set of trees, r denotes a tree in the forest, i.e., 7 € B. 7(Pnew)

is the predicted value of the new (unseen) configuration pyew by a tree r.

Tree-structured Parzen Estimator

Tree-structured Parzen Estimator (TPE) [24] is another alternative to a GP, which
is a tree-based model by using the Parzen-window density estimators [162], [163].
Instead of modeling the distribution of the true objective function f, TPE models
the likelihood P(H|f) by using the parzen window kernel density estimator. In this
setting, the evaluated configurations are split into two density distributions of a well
I(p) and a badly g(p) performing set depending on whether its performance is below
or above a predefined thresholcﬂ a. We note that I(p) and g(p) probability models
are usually represented by Gaussian Mixture Models (GMMs) or Kernel Density
Estimation (KDE) independently. Hence, we have two means, that is, 1, for the
mean of /(p) and j14(, for the mean of g(p), and two variances, that is, alz(p) for the
variance of I(p) and Ug(p) for the variance of g(p), the computation of these values
depend on the models used. For the detailed discussion and relevant formulas, we
refer the interested reader to [24] for further discussion on the Hyperopt framework,
a well-known implementation of TPE, [164] and [165] for further discussion on

KDE and GMMs.

4Note that the property of regression trees is supported conditional variables domains, while
GP family currently do not.
5By default, o = 25%.
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3.1 Black-box optimization approaches

3.1.3.2 Acquisition Function

Bayesian optimization is designed to find a global optimum for an optimization
problem that may have many local optima. However, as noted in the previous
section, the surrogate model only approximates the true objective function, and
its estimations may be imperfect. This leads to the following question: Should we
exploit the most known search area or explore other areas that are less known? The
so-called Acquisition Function (AF, or infill-criterion) [155] is designed to answer
this question, aiming to achieve a trade-off between exploration and exploitation.
Generally, AF computes the expected improvement value from the mean and
covariance (uncertainty) estimated by a regression model. Therefore, we can
choose a new configuration candidate for evaluation by maximizing the expected
improvement values.

Although many acquisition functions have been proposed [38], [157], [160],
[166]-[172], the Ezpected improvement (EI) [156] is the most popular acquisition
function for BO and remains the default AF in BO packages, such as SMAC |[25],
Spearmint 28], SPO [27] and TPE [24], [158]. EI balances the trade-off between
exploration and exploitation via the expectation of the improvement function over
the best-found value Ay, at time step ¢ as I;(p) = max{0, f(p) - Af,_1y}; where
A?t_l) =max(A°, ..., A1) and f(p) denotes the predicted performance of the
setting p via surrogate model P. The EI is thus defined as:

E[L(p)] = / L) ap (3.3)

B—1) (P)— AL _qy
a—1)(p) )
by taking the expectation via the improvement function I;(p) as:

Let us denote by z = z;_1)(p) = we obtain the closed-form AF

E[Li(p)] = 0¢-1)(P)0(2) + [1ie-1) () — Al —1)]2(2) (3-4)

where p(p) and o(p) denoted the mean and standard deviations; ¢(.) and ®(.) are
the probability density function (p.d.f) and the cumulative distribution function
(c.d.f) of the standard normal distribution. Hence, the next setting is selected by

maximizing the EI:

Pnew = argmax E[I;(p)] (3.5)
peEM

where M denotes the AutoML search space (see Section .

93



3. An In-Depth Review of AutoML Optimization Approaches

3.2 Multi-fidelity approaches

As mentioned in Section the k-fold cross-validation is typically used when eval-
uating a pipeline configuration to avoid the over-fitting problem (see Section .
However, if the performance of a particular configuration is poor when evaluated
on the first folds, it is likely to not perform well on the rest of the cross-validation
fold [173]. Hence, we should not invest further computational resources in this
configuration or redistribute the saved resources to the most promising configura-
tions. A class of optimization methods named multi-fidelity approaches intends to
save computational resources and speed up the optimizing process by evaluating
configurations on a subset of the input data [174], [175], limiting iterations [13], or
using a subset of features [§]. In this study, we use the term k-fold cross-validation
(see Figure for reference), then the multifidelity limits the use of a few folds
of the cross-validation folds, that is, using 4 folds (¢ < k). The configuration
candidates in this class of methods tend to be evaluated faster on fewer folds than
the approaches in Section [3.1] Hence, we use the term function call to indicate a
one-time access to a configuration on one fold.

This thesis reviews two commonly used classes of methods aiming at reducing
computational effort, namely: (1) Racing procedure approaches and (2) Bandit-

based approaches.

3.2.1 Racing procedure

Hoeffding Races [32], |[173] were the first version of the racing procedure. It was
initially designed to find the best machine learning model for a set of problem
instances (here, we use the term k-folds instead) in the supervised machine learning
domain. To reduce the computational cost of poor configurations, a (pairwise)
statistical test (e.g., t-test, Friedman-test [176]) is used to determine poor configu-
rations to be terminated as soon as enough statistical evidence arises against them,
that is, the ones that are significantly worse than the best.

Although a number of racing procedure variants have been developed, such as
F-Race [177], [178], Sampling F-Race [179], and Iterated racing (irace) [33], |180],
[181] ; irace is the most the latest of this class. It is particularly well-suited for
Hyperparameter Optimization [13] and AutoML optimization [182]. Hence, we
present the irace algorithm in greater detail in the following section. For details
on other methods, we refer the reader to Birattari (2009) and the book chapter by
Hoos (2012).
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3.2.1.1 TIterated racing (irace)

In contrast to Hoeffding Races, the later variants of the racing procedure add a
rank-based Friedman test (i.e., Friedman two-way analysis of variance by ranks)
to determine if there is any significant difference between configurations. If
any differences were found, pairwise comparisons were performed with the best
candidate. Irace also followed this procedure. The detailed outline of irace is
shown in Algorithm Irace first initializes parameters (lines 1-2). The first
round uses the random sampling method in Algorithm generates a set of
N;(N; = me configurations (line 5). A racing procedure (line 6) is used
to discard poorly performing configurations, based on their evaluated performance
on THrst folds. This race relies on the Friedman test [176] and Conover post-hoc
test [183] with a significance level o}

After the first race, a new race is initialized by taking the remaining budget
(B — B"*) and the number of remaining races (N'** — j 4 1) (lines 11-12). Next,
ELITEBASEDSAMPLING generates a set of IN; configurations by sampling the set
of surviving configurations ©*, from the previous race. For every new sample, the

sampling procedure repeats as follows:

1. One sequence of operators will be chosen as the parent sequence (A, ..., A, )parent
(see Figure for the used notation) for this new race, with a probability
PPt that is based on its configuration pPAent (pParent — (A; \ A, )P €
©*) and its rank 7P over the surviving set ©*. The probability pParent is

p

computed as follows:

2. I@*‘_,rparel’lt + 1
|©%[-(|6*+1)

parent __

(3.6)

2. The corresponding hyperparameters A to (A1, ..., A,)P**" are sampled by
either a truncated normal distribution for numerical hyperparameters, or a

discrete distribution for categorical hyperparametersﬂ

3.2.2 Bandit-based approaches

The class of bandit-based approaches is similar to the racing procedure in that
they terminate the worst pipeline configurations early. However, compared with

the racing procedure, they differ in two ways:

6By default oo = 0.05.
7Ordinal hyperparameters are considered as numerical.
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Algorithm 4: Iterated racing algorithm

Input: O: sequence of operators, A: hyperparameter spaces, f : objective
function, I: set of problem instances (or set of k folds), T™*: the
number of instances (folds) needed to do the first test, 7°*": the
number of instances (folds) to test on the later round (by default
Te*h = 1), B: total budget (mazimum number of function calls)

Output: O*: set of best configurations

1 NParam « |Q|4|A| // number of parameter spaces equal to the
total number of operators and the total number of
algorithms’ hyperparameters

2 N < |2+ Jog, NP¥*™ | // number of races to be executed

// THE FIRST RACE

3j«1// j=1,... Nites

a4 B < % // compute budget for the first round
5 N; + LTﬁrS‘ﬂimJ // number of configuration to be sampled at

the first race

6 ©7 + RANDOM SAMPLING(Q, A, N;) // see Algorithm

7 O « RACE(O7, B;, Tt 1) // determine the set of good
configurations

8 Bued «+ B, // used budgets

// LATER RACES

9 while not terminate do

10 j—J+1

BiBuse

d
N 11 // compute budgets for the current race

12 N; + |

11 B <

B; N ) ]
- | — number of conf rations
Tﬁrst+Teach><m1n{5"]}J |@ | // igu i

to be sampled for the current race

13 ©7 + ELITEBASEDSAMPLING(O, A, N;, ©%)

14 0 +— /U e*

15 O* «— RACE(O/, B;, T°*1 1) // determine the set of good
configurations

16 Bwed « pused 4 B. // update used budgets

17 end

18 return ©*

1. All configurations were compared directly based on their evaluated perfor-

mance instead of using a statistical procedure.

2. The number of rounds and budget can be estimated based on the input
budgets, that is, the budgets for each round are equally assigned, but later

rounds have fewer candidates than the previous rounds.
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In the following, we present Successive Halving [34] in more detail and outline its
limitations. Next, we discuss two variants of Successive Halving to overcome these
limitations [35], |36].

3.2.2.1 Successive Halving

Jamieson and Talwalkar (2016) introduced Successive Halving as a simple yet
efficient algorithm for multi-fidelity optimization. The outline of Successive Halv-
ing is summarized in Algorithm [5] Here, we slightly adapt the algorithm for
AutoML optimization. That is, we use the term AutoML search space instead of
hyperparameter space, and use it for the k-fold cross-validation scenario, that is,
at least one candidate will be assigned a sufficient budget to evaluate all £ folds,
and no configuration can have more than that budget. It requires a budget (finite
value) B, i.e., the maximum number of function calls, the number of configurations
n, the maximum number of folds that can be used for a single configuration R.
The procedure pre-computes the number of rounds ¢ to be executed (line 1). The
value of t is then recomputed by using line 2 — 7 to find an appropriate value of ¢
for the provided budget B and n when using the discard ratio n. Next, a set of n
configurations is generated randomly and saved to O, (line 3). For each round, the
budget for a configuration is computed in line 13, i.e., either a subset of data or
B, €{1,...,k} folds (B, << k). Herein, we slightly modify to adapt to the above
mentioned scenario to ensure no configuration has more than R folds and less than
1 folds. Next, all configurations p € ©,. are assessed on B, folds. At the end of the
round, we only keep the top % conﬁgurationﬁ based on their performances to go
to the next round (line 16). The successive procedure is then repeated until the

last round is done. Lastly, the best-found configuration is returned (line 19).

3.2.2.2 Hyperband

Successive Halving requires the number of configurations n and budgets B, e.g., the
number of function calls, as input parameters. Assume that we have a fixed budget
B, e.g., total number of function calls, the proportion of % leads to a consideration
of whether we should consider (1) more configurations (large n) in the race with
small average folds or (2) a small number of configurations (small n) with higher
average folds. [35] pointed out that in practice, the problem itself might have some

noise, i.e., the accuracy rate on folds might be significantly different. If the noise is

8We note that the default proportion discard of half was changed to one third with the recent
studies |35]—(37].
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Algorithm 5: Successive Halving algorithm

Input: O: sequence of operators, A: hyperparameter spaces, f : objective
function, I: set of problem instances (or set of k folds), B: total
budget (mazimum number of function calls), n: number of
configurations, n: Proportion discard ratio (n = 2 by default), R:
maximum number of instances (folds) that can be allocated to a
configuration (R = |I|, by default).

Output: O,

1 t < log,(min{R,n}) // pre-compute the number of rounds based on
R,n and n

2 foreach t < log, (min{R,n}) do

3 | if nR(t+1)n~" < B then

4 Evaluate whether the given budget B are sufficient to

5 accommodate the number of rounds ¢.

6 return t // number of rounds to be executed

7 else

8 | | tet—1

9 end

10 end

11 ©, < RANDOM SAMPLING(Q, A,n) // randomly create n
configurations using Algorithm

12 Riemain ¢ R // number of instances/folds remain unevaluated.

137+ 0

14 while r <t do

15 B, + min(max (| (Rn""|,1), Rremain) // Budget for a surviving

configuration in the current round.

16 foreach p € O, do

17 Assess the configuration p on B, folds, which have not been
18 evaluated so far.
19 end

20 ©,41 < SELECT TOP Ll(%lj in