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“We often focus so much on the tiny details we don't like that we forget to step back
and look at the bigger picture. Little mistakes get lost in the details and nobody else
is looking as closely as you, so instead of getting caught up in perfection, enjoy the
process a little more and don't let these little moments ruin your enjoyment of the
rest of your piece.”

— Sarah Renae Clark






ABSTRACT

Variability-intensive Systems (VISs) are software-based systems whose character-
istics and behaviour can be modified by the activation or deactivation of some
options. Addressing variability proactively during software engineering (SE) activi-
ties means shifting from reasoning on individual systems to reasoning on families
of systems. Adopting appropriate variability management techniques can yield
important economies of scale and quality improvements. Conversely, variability can
also be a curse, especially for Quality Assurance (QA), i.e., verification and testing of
such systems, due to the combinatorial explosion of the number of software vari-
ants. Indeed, by combining only 33 Boolean options, we can define more variants
of a system than the number of people on Earth. Verifying or testing each variant
individually is thus impossible in most practical cases.

About a decade ago, Featured Transition Systems (FTSs) were introduced as
a formalism to represent, and reason on, the behaviour of VISs. Instead of repre-
senting each variant by a (classical) transition system, an FTS bears annotations
that relate transitions to options through feature expressions. FTSs thus make it
possible to reason at the family level by modelling all the variants of a system in
a single behavioural model. FTSs have been shown to significantly improve the
possibilities and execution time of automated QA activities such as model-checking
and model-based testing. They have also shown their usefulness to guide design
exploration activities. Yet, as most model-based approaches, FTS modelling requires
both strong human expertise and significant effort that would be unaffordable
in many cases, in particular for large legacy systems with outdated specifications
and/or systems that evolve continuously.

Therefore, this thesis aims to automatically learn FTSs from existing artefacts,
to ease the burden of modelling FTS and support continuous QA activities. To answer
this research challenge, we propose a two-phase approach. First, we rely on deep
learning techniques to locate variability from execution traces. For this purpose,
we implemented a tool called VaryMinions. Then, we use these annotated traces
to learn an FTS. In this second part, we adapt the seminal L* algorithm to learn
behavioural variability. Both frameworks are open-source and we evaluated them
separately on several datasets of different sizes and origins (e.g., software product
lines and configurable business processes).

Keywords: Variability-intensive Systems, Software Product Line, Featured Tran-
sition Systems, Reverse Engineering, Active Automata Learning, Variability Mining






RESUME

Les Systemes hautement configurables (SHC) sont des systémes logiciels dont les
caractéristiques et le comportement peuvent étre modifiés par I'activation ou la dés-
activation de certaines options. Aborder la variabilité de maniere proactive lors des
activités de génie logiciel (GL) signifie passer d'un raisonement basé sur un seul sys-
teéme, a un raisonnement au niveau d'une famille de systemes. Adopter les bonnes
techniques de gestion de la variabilité entrainent d'importantes économies d’échelle
et améliorent la qualité du systéme. A I'inverse, la variabilité peut également étre une
malédiction, en particulier pour ’Assurance Qualité (AQ), c’est-a-dire la vérification
et le test de tels systémes, en raison de I’explosion combinatoire du nombre de
variants logiciels. En effet, en combinant seulement 33 options booléennes, on peut
définir plus de variants d'un systeme que le nombre de personne sur Terre. Véri-
fier ou tester chaque variant individuellement est donc impossible dans la grande
majorité des cas pratiques.

Il'y a plus d’'une dizaine d’années, les Featured Transition Systems (FTSs) ont
été introduits comme un formalisme pour représenter et raisonner sur le comporte-
ment des SHC. Au lieu de représenter chaque variant par un systeme de transition
classique, un FTS est doté d’annotations qui relient les transitions aux options via
des feature expressions. Les FTSs rendent ainsi possible la réflexion au niveau de la
famille en modélisant tous les variants d'un systeme dans un seul modele comporte-
mental. Les FTSs ont montré qu’ils améliorent considérablement les possibilités
et le temps d’exécution des activités automatisées d’assurance qualité telles que la
vérification et les tests basés sur les modeles. IlIs ont également montré leur utilité
pour guider les activités d’exploration de conception. Cependant, comme la plupart
des approches basées sur les modéles, la modélisation de FTSs nécessite a la fois
une grande expertise humaine et un effort significatif qui serait prohibitif dans
de nombreux cas, en particulier pour les grands systémes avec des spécifications
obsoletes et/ou des systemes qui évoluent en continu.

Par conséquent, cette these vise a apprendre automatiquement des FTSs a par-
tir d’artefacts existants, afin de faciliter la modélisation et de soutenir les activités
d’AQ continue. Pour répondre a ce challenge, nous proposons une approche en deux
phases. Tout d’abord, nous nous appuyons sur des techniques d’apprentissage pro-
fond pour localiser la variabilité a partir de traces d’exécution. A cette fin, nous avons
implémenté un outil appelé VaryMinions. Ensuite, nous utilisons ces traces annotées
pour apprendre un FTS. Dans cette deuxiéme partie, nous adaptons l'algorithme
fondateur L* pour apprendre la variabilité comportementale. Les deux frameworks

vii



sont open-sources et ont été évalués séparément sur plusieurs ensembles de don-
nées de tailles et d’origines différentes (par exemple, des lignes de produits logiciels
et des processus business configurables).

Mots clés: Systemes hautement configurables, Lignes de produits logiciels, fea-
tured transition systems, rétro-ingénierie, Apprentissage actif d’automates, extrac-
tion de variabilité
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PREFACE

Reuse has been a common practice in Software Engineering (SE) since the 1970s (see
Figure 1). About twenty years later, practitioners began to not only reusing existing
code and design, but also developing new software with variability in mind. This led
to the formalisation of the concept Variability-Intensive Systems (VISs). A VIS can
be viewed as a family of systems with different specificities, while sharing a common
purpose. Each individual member of this family is referred to as a variant or a
product, which is defined by a combination of features (i.e., specific characteristics).
VISs encompass a wide range of applications, including Software Product Lines
(SPLs), configurable systems or adaptive systems.

70's
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'90 ICSR

80's : 90's

A4

v
'87 Object-Orignted Library (e.g., The
Booch C++ Component, libg++, etc.)
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'
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»
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'76 David Parnas - Program Families

Figure 1: Evolution of Reuse Concepts, by Kyo Chul Kang (SPLC Jubilee Celebra-
tion) [129]

For Quality Assurance (QA) activities, such as verification and validation, one
of the challenges posed by VIS lies the combinatorial explosion of variants. Even
with a relatively modest number of Boolean features (i.e., options that can be either
activated or deactivated), such as 33, the number of possible variants exceeds the
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population of the Earth. With 320 features, the number of variants surpasses the
number of atoms in the universe. To provide a comparison, the Linux Kernel counts
approximately 7000 distinct features, which are not limited to Boolean values but can
have different types or attributes. When considering the verification and validation
of each product configuration individually, tackling the problem becomes practically
infeasible. One solution to mitigate the impact of combinatorial explosion is to
reason on family models. Model-based approaches facilitate the automation of
numerous QA tasks, offering a viable approach to address this challenge.

Feature Modelling [45, 53, 128, 159, 185, 186] is the most popular approach to
model structural variability, i.e., modelling the feature and constraints describing
valid products. Feature models (FMs) are a compact representation, taking the
graphic form of a tree structure. They are used for a large variety of automated tasks,
such as variant counting or variant sampling.

On the other hand, several approaches have been defined to model the be-
haviour of VISs. Classen et al. [46, 48, 51] defined Featured Transition Systems
(FTSs) as a way to represent an entire SPL in a compact way. FTSs represent the
behaviour of an SPL by a Labelled Transition System [20, 81], whose labels are called
Feature expressions. Feature Expressions relate structural variability (i.e., SPL fea-
tures) to behaviour, specifying which subset of products is able to execute each
transition. Thus, FTSs take advantage of shared behaviour and allow substantial
scale economies to perform analysis tasks, such as testing and model checking.

Context and Problem Statement

Modelling the behaviour of VISs is essential for their verification and validation. Yet,
VIS are rarely shipped with such models. Engineers usually provide these models by
hand, which is time-consuming, error-prone and does not scale to complex VISs.
Current inference approaches [54, 56,63, 201] either suffer from scalability issues
(enumerative, variant-based learning) or lack of automation (manual feature an-
notation). These existing approaches often overlook the key strength of variability
models, which is their capability to express shared behaviour among different prod-
ucts. Hence, the main objective of this research is to tackle these limitations and
automate the creation of FTSs, to alleviate the burden associated with modelling
FTSs and enhance continuous Quality Assurance (QA) activities. By harnessing
the power of automated learning techniques, this research aims to unleash the full
potential of variability models in expressing shared behaviour. This, in turn, will
enable more streamlined and effective verification and validation processes, leading
to improved software quality.

To address the current automation and scalability issues identified in the state-
of-the-art, we take commonalities between variants into account right from the
early stages of learning. As FTS is a fundamental formalism that can serve as a
semantics for other VIS modelling languages such as UML State Diagrams (e.g., via
flattening [60]), the results are intended to be generic and therefore have a profound
impact on behavioural inference and automation. To answer this research question,
we propose a three-step approach.

xxii
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In Part II, we first formalise some concepts such as FM, FTS and a new family
of models, inspired by FTS, that we called Featured Deterministic Finite Automa-
ton (FDFA). Then, we adapt the Angluin’s L* learning algorithm [9] to learn the
behaviour of systems in a family-based and symbolic manner, treating feature ex-
pressions as first-class citizen. The L* algorithm follows a simple metaphor where a
Learner component constructs a model iteratively. The Learner make queries to an-
other component known as the Teacher, which acts as a proxy for the system we want
to model. If the learned model is incorrect, the Teacher provides counterexamples
to guide the learning process.

Learning the VIS in a family-based fashion requires to relate Angluin’s queries
and counterexamples to configurations. However, since the Teacher only knows
about previously observed variants, the existing mappings are incomplete as they
rely on partial observations of the system. Consequently, any new configurations
that arise are considered unknown to the Teacher. This discrepancy necessitates the
development of a configuration prediction technique capable of bridging this gap
effectively. By accurately associating queries and counterexamples with their respec-
tive configurations, we can overcome the limitations posed by partial observations
and enable a comprehensive family-based learning approach for the VIS. Being able
to locate variations is also an essential part of any re-engineering endeavour [15]
and is naturally useful for testing techniques, notably to sample which variants
should be tested [107]. Existing variant analysis [204] techniques rather focus on the
differences between identified variants than identifying which variant(s) may have
produced a given trace.

To address these challenges, in Part III, we leverage deep learning techniques to
develop an efficient approach for variability localisation. By harnessing the power
of deep learning, we aim to enhance the capability of accurately identifying and
localising variations within the VIS, thus contributing to improved understanding
and testing of software variants. For this task, we tailor two architectures of Recur-
rent Neural Networks (RNNs): Long Short Term Memory (LSTMs) [119] and Gated
Recurrent Units (GRUs) [41]. These kinds of models are well-known in other contexts
such as Natural Language Processing (NLP), to deal with long input sequences.

In order to focus on the behavioural aspects, we assume that the FM either
already exists or has been learned in some way(e.g., [4,5,145,152,155,191]). Indeed,
several ways to learn a FM have been studied by the community, depending on the
source of information available.

Contributions

Research Questions. This manuscript aims to answer the following research ques-
tions:

RQ; How to automatically learn FTSs in order to ease the burden of modelling
FTSs and support continuous VIS QA activities?

RQ;.; What amount of time does a variability-aware learning approach re-
quires?

xXxiii
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RQ; 2 Does variability-aware learning lead to fewer membership queries than
the state-of-the-art approaches?

RQ; 3 Does variability-aware learning lead to fewer learning rounds and equiv-
alence queries than the state-of-the-art approaches?

RQ;.4 Does variability-aware learning lead to fewer resets than the state-of-the-
art approaches?

RQ: How can we classify previously unseen behaviour to multiple variants of a
VIS?

RQ2,; How accurately can we identify process variants based on their traces?
RQ22 What is the performance of LSTMs versus that of GRUs for process traces
classification?

To address these research questions, we propose a two-phase framework. Fig-
ure 2 is used throughout this manuscript as a guide, and will be detailed step by step.
Our contributions are divided into two parts: Variability-L* and VaryMinions.

hy

4

— =% VaryMinions —¢ = 3

*
mMQ R :
N Feature @
Expression / No .
Learner Teacher
EQ (H) R @@@
Yes /
CE + Feature Expression
Membership query: Equivalence query:
(p.fe)-se Lsu? L(H) = Lsu?

Figure 2: LiFTS General Framework

we make the following contributions:

Variability-L* Contributions.

(i) Featured Deterministic Finite Automaton (FDFA), as a variation of Featured
Transition Systems (FTSs), allowing finite behaviour and deterministism by
construction;

(ii) Featured— L*(FL*), a new variation of the L* algorithm, to automate the
behavioural modelling of an SPL, considering variability from the early stage
of learning;

Xxiv
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(iii)

(iv)

W)

LiFTS, an implementation of FL*, which successfully learns 5 distinct case
studies (with 5 to 24 input symbols) within a short time frame, ranging from a
few seconds to less than two hours for each case study;

a first comparison with the original algorithm and the latest state-of-the-art
approaches, demonstrating a significant reduction in the number of queries
when variability is handled explicitly;

a procedure to ease FTS and FDFA visualisation, by leveraging the capabilities
of a Neo4] graph database.

VaryMinions Contributions.

0

(ii)

(iif)

(iv)

the first family-based approach, which we called VaryMinions, to map execu-
tion traces to variants of a system. We showed empirically that VaryMinions
can distinguish 50 variants from 5,000+ event traces per variant;

a detailed account on the usage of LSTMs and GRUs on six different datasets,
describing business processes and course management system variants, show-
ing that we can identify the variant(s) producing an event trace with high
accuracy (> 80%);

four datasets openly available and based on Claroline [61, 64, 65] and contain-
ing 2 % 10 and 2 * 50 configurations with 5,000 traces per configuration;

a characterisation of the learning difficulty based on the behaviour shared
amongst event traces.

Open Science Policy. We also provide replication packages [83,87] with an imple-
mentation of FL* and VaryMinions, as well as presenting all our datasets and results
of our experiments.

Thesis Outline

This thesis is divided in five parts:

Part1I provides the background of this thesis. Chapter 1 introduces
VISs and how we can model them. Chapter 2 focuses on various techniques
of model inference. Then, in Chapter 3, we present some machine learning
techniques and establish their connections to VIS engineering.

PartII offers an adaptation of the L* algorithm, to learn variability-
aware behavioural models (answering RQ;). We present an overview of our
solution in Chapter 4. Chapter 5 formalises essentials concepts required
by Chapter 6 to present the new algorithm we propose. Chapter 7 presents
different case studies. Chapter 8 is dedicated to the implementation of the
algorithm and its evaluation on the case studies. We discuss amelioration
perspective in the algorithm and threats to validity in Chapter 9.

PartIII leverages ML techniques to map variability and behaviour (an-
swering RQ). Chapter 10 motivates VaryMinions and gives an overview of its
architecture. Chapter 11 describes the implementation of VaryMinions, which
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is evaluated on several datasets in Chapter 12. Chapter 13 discusses some
threats to validity and possibilities for future work.

Part IV concludes this thesis and presents future research perspectives
in Chapter 14.
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CHAPTER

MODELLING VARIABILITY-INTENSIVE SYSTEMS

Over the years, systems with a single purpose tend to disappear in favour of con-
figurable systems. Many software applications are designed to answer a common
objective but within a different socio-technical environment. Required function-
alities, hardware configurations, running operating systems, local legislation, and
availability of external components, are some of the common sources of software
variability. Variability-Intensive Systems (VISs) are software-based systems whose
purpose is to address this diversity of customer needs and usage contexts. VISs have
the ability to be customised according to specific needs, through the (de)activation
of different options. We call these options features. The activation of features
change the structure of the system and can affect its behaviour by adding, modifying
or suppressing some functionalities [237]. An assignment of all features create a
software variant. Features can be assigned to different types of values, for example
integers denotes a feature in a certain quantity. In this thesis, we focus on Boolean
assignment, suggesting that a feature can either be activated or deactivated.

Addressing variability proactively during software engineering (SE) activities
means shifting from reasoning on a single system to reasoning on a family of systems.
Using an appropriate variability approach can yield important economies of scale
and quality improvements [177].

Conversely, variability can also be a curse, especially for Quality Assurance (QA),
i.e., verification and testing of such systems. VIS QA activities must ensure that
each variant behaves correctly, which is challenging since their number grows expo-
nentially with the number of features. In practice, companies have limited budget.
For example, in a study of JHipster (a Web development stack) [107], developers
could only test 12 configurations due to budget limitations. Verifying or testing each
variant is therefore impossible in most practical cases [107]. The VIS community
tackled this combinatorial explosion issue by providing efficient model-based QA
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techniques. Model-driven Engineering (MDE) [132] is a powerful SE paradigm advo-
cating the use of models to face software complexity by abstraction and separation
of concerns. The more formal the models, the more automation possibilities. For VIS
modelling, we rely on compact structural models that describe valid combinations
of features (i.e., with respect to the system constraints) and behavioural models that
describe shared behaviours among variants.

The following section introduces different application domains of software vari-
ability. Then, we present the structural and behavioural modelling of VIS.

1.1 Variability-Intensive Systems

Variability can be defined in terms of space (e.g., different components with a com-
mon purpose but different implementations) and time (e.g., different versions of the
same component) altogether. Variability-intensive systems include, for example,
operating systems kernels [162, 190], code generators [30,206], or web-based frame-
works [107, 183]. In this thesis, we will focus on three application domains of VIS:
software product lines, configurable processes and adaptive systems.

1.1.1 Software Product Lines

To facilitate the design, development and QA of VISs systems, we can use structured
approaches like Software Product Lines (SPLs) [10,177]. The concept of SPLs draws
inspiration from mass customisation engineering combined and a shared develop-
ment platform. This combination not only enables the efficient reuse of technology
and facilitates large-scale production, but also empowers the customisation of prod-
ucts to meet the specific needs of individual customers. SPLs consider a global base
of software artefacts for a family of software systems and allow deriving variants
through the (de)activation of features. SPL engineering separate two concerns:
domain engineering (Definition 1) and application engineering (Definition 2). The
main artefact produced by the domain engineering is the feature model of the SPL.
The FM is then exploited to derive products in the application engineering phase.
Figure 1.1 gives an overview of the complete SPL framework, as defined by Pohl
et al. [177]. Apel et al. [10] introduce another representation (Figure 1.2), where
they distinguish between the problem space, which involves analysing the domain
and determining requirements, and the solution space, which encompasses the
generated artefacts, such as models and derived products.

Definition 1 (Domain Engineering). Domain engineering is “the process of software
product line engineering in which the commonality and the variability of the product
line are defined and realised” [177].

Definition 2 (Application Engineering). Application engineering is “the process of
software product line engineering in which the applications of the product line are
built by reusing domain artefacts and exploiting the product line variability” [177].
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Figure 1.1: Software product lines engineering framework [177]

Software product line engineering has many benefits such as reduced develop-
ment costs, reduced time to market and reduced maintenance effort, since error
corrections are propagated throughout the whole family. Customers have access to
customised products for a lower price. Moreover, new products have similar look
and feel, which can help overcome resistance to change. Figure 1.3 highlights that
the extra effort required for SPL development pays off quickly with the growing
number of products.

However, validating these systems is generally difficult because enumerating all
variants, whose number grows exponentially with the number of options, is gener-
ally infeasible. Validation is costly and for most SPLs, practitioners need to carefully
select what they want to test. For example, JHipster is an open-source generator
for Web applications with 48 features and more than 26,000 variants. However,
the development team of JHipster only have budget to test 12 products [107]. This
problem amplifies in context of continuous development, when product releases
are closed.

Being able to locate variations is also an essential part of any re-engineering
endeavour [15] and is naturally useful for testing techniques, notably to sample
which variants should be tested [107].
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1.1.2 Configurable Processes

Business processes [219, 220] capture the activities of every profit or charitable,
public or private organisation, coordinating humans and software to collectively
deliver value. As organisations evolve, new needs appear depending on environ-
mental and human factors. For instance, a university needs to handle a change in
the law about reimbursing travel expenses or an insurance company must adapt
to cover electric vehicles. Therefore, organisations must adapt their processes and
sometimes, act with several processes in parallel (e.g., changes are progressive and
not applied everywhere at the same time). These needs lead to the emergence of
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process variants or configurations, differing in their control flow or performance
while having commonalities with the original processes. Analysing the specificities
and commonalities of process variants allows scale economies and helps practition-
ers to define new custom variants or maintain existing ones [204]. It can also help to
improve the general business process. For example, this analysis can lead to a better
management of shared resources. Similar process variants gather into Process Lines
or process families and can be modelled using different formalisms [181]. In this
study, they catalogued 23 variability mechanisms for configurable process modelling.
They proposed a taxonomy composed of four groups:

e Node configuration: the behaviour of nodes tagged as “configurable” can be
restricted at customisation-time (e.g., removing activity or turning an “OR”
gateway into a “XOR” gateway);

e Element annotation: annotations (i.e., Boolean properties over a feature
model) can be attached to elements of the configurable process model;

o Activity specialisation: a conceptual process model contains abstract activi-
ties which can be specialised to restrict the process behaviour;

e Fragment customisation: change operations (groups into sequences) can
be applied to the configurable process model to add, delete or modify the
process.

Node configuration, element annotation and activity specialisation are restrictive
approaches, in the sense that they define a general (abstract) model whose be-
haviour is restricted. Fragment customisation allows both behaviour restrictions
and behaviour extensions.

1.1.3 Adaptive Systems

To adapt to evolutions occurring at runtime, e.g., in user needs or in evolving re-
source constraints, Self-adaptive systems (SASs) change their behaviour and struc-
ture dynamically according to reconfiguration plans and goals. For example, SASs
are often used in internet-of-things (IoT) and Smart Homes environments to face
problems of limited connectivity, hardware heterogeneity, changes of user prefer-
ences, etc. Dynamic Software Product Line (DSPL) [25, 36] engineering implements
SAS by combining different architectural fragments via feature binding/unbind-
ing at runtime [192]. DSPLs are challenging to validate because the number of
possible configurations grows exponentially with the number of features, and this
problem is worse if the DSPL can self-update (e.g., , by downloading new features
to interface with a sensor newly plugged into the system) [37]. Particular runtime
conditions may provoke unwanted interactions amongst features at the behavioural
level [17,49, 196] and the combinatorial explosion of variants (w.r.t. the number
of features) makes these unwelcomed interactions difficult to detect. While the
feature interaction problem is well-studied for systems where features are bound
at specification or design time [11,17,18,47,49,108,157], runtime interactions are
less explored [37,175]. The (re)configuration process may also negatively impact the
system’s architectural qualities, exhibiting architectural bad smells (ABS), implying a
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reduction of the system maintainability [57,150]. Moreover, some smells may appear
only in particular runtime conditions. Since SAS do not document these features
in their source code, design time smell detection ignores them and risks reporting
smells that are different than those observed at runtime.

1.2 Structural Models

Various approaches exist to model the structural variability of VISs. A very popular
one, defined in the SPLs community, is Feature Models (FM). FMs were introduced
30+ years ago [128] and later formalised by the SPL community (e.g., [45,53,159,185,
186]). They equipped FMs with automated analyses [24] and comprehensive tool
support [178]. Over time, more sophisticated FM dialects were proposed [22,75].

An FM declares the features of a VIS at a very abstract level and constrains how
they can be combined to form valid system variants. As such, it does not aim at
modelling the behaviour of a VIS, only the authorised combinations of features,
i.e., structural variability. Visually, FMs are tree-like diagrams where nodes rep-
resents features and edges are cross-tree constraints. Features are decomposed
hierarchically: leaf of the tree are concrete features and upper nodes are usually
abstractions. Constraints are defined using typical Boolean operators (“AND”, “OR”
and “XOR”). Each branch of the tree can be marked as mandatory or optional.

Example 1.2.1 (Feature Model of a Coffee Vending Machine). Suppose we are in-
terested in providing to various institutions customised coffee vending machines,
catering to the unique preferences of their employees. Each institution has its own
beverage options, which can include tea, coffee, cappuccino, or a combination of
these. The vending machines should support payment in either euros or dollars
(but not both). Optionally, the machines can be equipped with a ring that signals
when the drink is ready. Figure 1.4 presents the FM of this simple configurable
beverage vending machine. Nodes “VendingMachine”, “Beverages” and “Currency”
are abstract features (used for decomposition purpose), while the remaining nodes
represent concrete features.

As the number of possible variants increases exponentially with the number of
options available, such compact representation of the variability of a VIS enables
various kinds of analysis, including counting the number of possible variants, de-
tecting that can never be selected (a.k.a. dead options), etc. For instance, the coffee
vending machine of Figure 1.4 counts already 28 possible (distinct) configurations,
yet it only contains 6 features. This number is very small compared to real-world
VISs. For example, Claroline (the course management system used in the University
of Namur) has more than 5 million possible configurations for 44 options.

More than a decade of effort has been devoted to extracting options from VIS
artefacts. Various studies have attempted to learn structural variability, e.g., feature
models. We can highlight different methods, such as natural language analysis [145]
or static analysis of variant configurators [191]. Other studies learned FM from
variant catalogues (product tables), either using data mining [4, 5] or evolutionary al-
gorithms [152]. These techniques were summarised in a recent systematic literature
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Figure 1.4: Feature Model of a coffee vending machine [44, 55, 78]

review [155]. Besides, Ramos-Gutiérrez et al. [180] use process mining to retrieve the
process of configuring an SPL.

There also exist model-based approaches to recover an architectural model of a
VIS (e.g., [14,133,147]). This can be useful when the system was not designed using
the SPL development approach from the onset (but e.g., by using a clone-and-own
approach) and when we want to perform complex maintenance or evolution tasks.

1.3 Behavioural Models

When it comes to model-based testing and formal verification of VISs, modelling
structure is insufficient. The behaviour of the system must also be accurately cap-
tured. One of the key challenges for behavioural modelling of VISs is to avoid
modelling each variant separately, as this can lead to a combinatorial explosion
caused by feature combinations. However, by adopting a family-based reasoning
approach, we can overcome this challenge. This approach allows us to test each
behaviour only once, regardless of the number of variants that exhibit the same
behaviour, while still ensuring efficient testing coverage. Moreover, in the event of
bugs, any necessary corrections can be directly propagated to all relevant products,
streamlining the debugging process. To this end, several state-based languages were
proposed to model all the variants of a system into a single behavioural model. The
powerful combination of feature models and state-based representations supported
efficient and scalable QA tasks for VIS, including model-checking and model-based
testing.

1.3.1 Modal Transition Systems

At the origin, Larsen et al. [141] introduced Modal Transition Systems (MTSs) as
an extension of process algebra to handle nondeterministic and concurrent pro-
cesses. They enable the expression of loose or partial specifications within a process
algebraic framework. They offer an operational interpretation that restricts the
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transitions of possible implementations, distinguishing between necessary and ad-
missible transitions. MTSs provide a powerful mean to express and analyse the
behaviour of complex systems with nondeterminism and concurrency. In 2006,
Fischbein et al. [81] proposed to model the behaviour of an SPL with an MTS. For
the first time, the behaviour of a complete family of products is expressed within a
single unified representation.

An MTS is a Labelled Transition System [131] where each transition can be
labelled either with “may” or “must”. A behaviour shared by all configurations is then
mandatory and is represented with “must” transition. A “may” transition depicts
a variation point of the system: the transition can optionally be taken (or not).
Figure 1.5 shows an example of MTS, depicting a family of coffee machines (based
on the FM example depicted in Figure 1.4). Mandatory and optional transitions are
shown with plain and dotted arrows respectively. MTSs have been used to model
and verify behavioural properties over the products of a SPL [13, 70, 213], which
cannot be addressed by a (static) feature model.
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Figure 1.5: Modal Transition System of a coffee machine family [44,78,213]

1.3.2 Featured Transition Systems

About a decade ago, Featured Transition Systems (FTS) [48,51] were introduced as a
formalism to represent, and reason on, the behaviour of SPLs. An FTS is a transition
system [131] where each transition is labelled using annotations called feature ex-
pressions. Feature expressions are logical formulae referring to structural variability
of the FTS, a.k.a. its feature model. They indicate which valid configurations of the

10
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VIS can execute each transition. For instance, Figure 1.6 presents the FTS of the
coffee vending machine described in the previous section (whose FM is presented in
Figure 1.4). As can be seen from the feature expressions, only specific configurations
can execute some transitions: e.g., only vending machines with the ringtone option
enabled (TON) can execute the ring transition from state 13 to state 12. FTS have
been shown to significantly improve the possibilities and execution time of auto-
mated QA activities such as model-checking and model-based testing [46,50,68,212].
Thanks to the refinement degree of feature expressions, FTSs are more expressive
than MTSs [26, 226]. The transformation from FTS to MTS is thus only possible if
additional constraints are added [210,211]. By adding these constraints however,
MTSs became equally expressive as FTSs. Another approach consist in transforming
an FTSs into a set of MTSs [226].
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Figure 1.6: Featured Transition System of a coffee vending machine [44]

1.3.3 Featured Finite State Machines

A Featured Finite State Machine (FFSM) [88] is an extension of a finite state ma-
chine [98] for a complete SPL. As FTSs, FFSMs add feature constraints to specify
subsets of products. Figure 1.7 depicts an example of an FFSM for a variant of
the beverage vending machine, whose FM is shown by Figure 1.4. While we can
compare MTS and FTS in terms of expressiveness, it is not possible to compare
FTS and FFSM [88]. FFSMs have been used for model-based testing and model
checking in several studies [88,90]. Fragal et al. [89] introduced a significant im-
provement in the modelling of large SPLs by incorporating the concept of hierarchy.
This approach greatly simplifies the modelling process, as each component can be
represented as a separate FFSMs, which then contributes to the overall structure of
the general FFSM. This hierarchical organisation enhances the management and
comprehension of complex SPLs, leading to more efficient modelling and analysis.
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In comparison, modelling large SPL with MTS or FTS is more challenging, due to
their lack of hierarchy.
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CHAPTER

BEHAVIOURAL MODEL INFERENCE

Model-based approaches for VIS quality assurance activities are only as good as the
models they rely on [20]. Moreover, they require a significant amount of human effort
and expertise to provide models in the first place. This effort may be unbearable
for large legacy VIS and may yield outdated models if these systems continuously
evolve. While this issue is not specific to VIS, it is further aggravated by the fact that
we need to recover the models for the whole family of systems.

Behavioural modelling has proven valuable in the context of model checking and
testing VISs (see Section 1.3). Several semantics for behavioural modelling of VISs
already exist, highlighting the significance of this subject within the research com-
munity. Yet, until very recently, researchers primarily focused on learning structural
aspects (Section 1.2). As a result, we have identified a gap in the literature regarding
the learning of behavioural models for VISs. In this chapter, we present state-of-
the-art techniques to automatically learn a behavioural model for single systems
(i.e., without variability). Subsequently, we delve into the few recent approaches
that address the specific challenges associated with learning behavioural models for
VISs.

2.1 Single Model Inference

According to Vaandrager [216], the problem of inferring behaviour from software
artifacts is an active research area since 1956 and Moore’s work. Model learning
techniques fall into two categories: white-box approaches exploit source code while
black-box approaches do not and rather exploit execution traces, which can either
be obtained via active interaction with the systems or mined passively from logs.
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2.1.1 Black-Box Approaches

Black-box approaches regard the system as an entity whose internal details remain
unknown, making observation of its execution the sole means of harnessing its
potential. For instance, by providing inputs and monitoring the corresponding
responses (assuming observability in the form of a response or a set oflogs), these
real-time observations can be leveraged through active learning and interactions.
This enables real-time control or guidance of inputs, with the objective of diversi-
fying system behaviour. Alternatively, a passive approach relies on pre-generated
observations, where requesting new observations on-the-fly is not feasible.

Active Learning

Black-box approaches have been significantly influenced by the seminal L* algo-
rithm, which was introduced by Dana Angluin in 1987 [9]. This algorithm is specifi-
cally designed to actively learn a model that represents an unknown regular language.
The resulting model can be represented by various types of data structures dedicated
to language recognition, including finite state machines (FSMs) or automata. The
L* algorithm abstracts the learning process using a simple metaphor that defines
two main components: the Learner and the Teacher. The Learner’s objective is to
progressively construct an automaton that accurately represents the system under
learning (SUL). The Teacher acts as a middleware between the Learner and the SUL,
facilitating communication between them. The Learner and the Teacher exchange
information through queries, as illustrated in Figure 2.1.

There are two distinct types of queries serving different purposes. Membership
queries are used to determine if a word (i.e., a sequence of actions, belonging to the
system’s alphabet) belongs to the language being learned. Based on the observa-
tions, the algorithm can assess the soundness of the constructed hypothesis. If the
hypothesis seems reasonable, the algorithm can then request an Equivalence query
from the Teacher. This query enables the algorithm to validate its hypothesis against
the actual system behaviour and ensure the correctness of the learned model. If the
hypothesis and the SUL are not equivalent, the Teacher provides a counterexample
(i.e., aword that is in the language but not accepted by the hypothesis automaton, or
vice versa). The Learner can then use this counterexample to explore a new portion
of the system and repeat the whole process until equivalence is achieved. In practice,
counterexamples can be obtained through conformance testing and monitoring.

Since the teacher is able to directly interact with the SUL, it requires no further
access to the source code. The approach relies solely on test executions: input
sequences are generated and the algorithm computes output sequences on-the-fly.
Due to these two characteristics, L* is classified both as a black box and an active
approach.

Angluin’s algorithm is a powerful theoretical framework that has given birth
to numerous optimised versions and extensions. For example, the algorithm has
been adapted for the learning of nondeterministic finite automata [28], mealy ma-
chine [144, 169, 189], register automata [1, 2, 38, 39], input-output transition sys-
tems [230] or probabilistic subsequential transducers [6]. The LearnLib frame-
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work [158,179], widely used in the research community, provides various Java imple-
mentations of L* and its extensions. AALpy [163] is another framework for active
automata learning, implemented in Python.

MQ o
" Yes/No
Learner Teacher
- EQ (H) >
Yes/CE
Membership query: Equivalence query:
p-seLlsu? L(H) = Lsu?

Figure 2.1: L* algorithm

Passive Learning

In passive approaches, the learning component exclusively uses existing execution
traces. In this case, the model is incomplete and can only contain the observed
behaviour of the system [214].

Directly influenced by L* algorithm, the Regular Positive and Negative Inference
(RPNI algorithm) [74, 140, 172] operates within a passive setting, relying solely on
pre-existing examples. Similar to L*, RPNI consider both positive inputs (i.e., words
from the language being learned) and negative inputs (i.e., words not belonging to
the language). In fact, Gold [100] demonstrated that positive examples alone are
insufficient for learning regular languages.

Evidence-driven state merging algorithm [116, 138] is another approach that
has gained interest, by winning several automata learning competitions (e.g., Ab-
badingo [139] and STAMINA [232]). State merging algorithms work by reducing
execution trees into smaller graphs, using merging and mappings. Verwer et al.
provide a tool, Flexfringe [229], implementing this idea. There also exists statistical
methods based on N-Grams [215] and usage-based model [115,198] (i.e., model
representing the usage of a system as a Discrete-Time Markov Chain). Process dis-
covery algorithms studied by the process mining community [143, 218] also fall into
the category of passive approaches.

2.1.2 White-Box Approaches

White-box approaches rely on program analysis. They allow learning enriched
automata by retrieving more precise and complete information (e.g., value of state
variables). Shoham et al. use static analysis to mine Internet API specifications [193];

17



CHAPTER 2. BEHAVIOURAL MODEL INFERENCE

Fraser et al. also use static analysis to infer object usage and thereby generate more
meaningful tests [91].

Black-box and white-box approaches are complementary and can be orches-
trated in a grey-box fashion. For example, Howar et al. use a mix of static, dynamic
and concolic analysis (a mix of symbolic and concrete execution) to learn safe inter-
faces for critical embedded systems [120]. In a recent article, Howar et al. suggest
a gray-box scenario where predicates or guards are exploited to guide black-box
learning [121].

2.2 Variability-Aware Behavioural Inference

In contrast to FM learning, learning behavioural models of VIS (i.e., at the family
level) is still in its infancy. In different contexts, related approaches are that of Buijs
et al. [34] which use genetic algorithms to combine process models mined from
event logs of (a few) different variants, and that of Greenyer et al. [103, 104] to check
and synthesise controllers for VIS from scenarios (message sequence charts). In the
literature, only two distinct contributions really attempt to learn the behaviour of an
entire SPL.

Usage Models

In 2015, Devroey et al. [63,65] designed the first approach to retrieve a behavioural
model of an SPL. They aimed to perform statistical prioritisation of FTS-based
tests. Their technique, based on usage models (Markov chains) inferred from logs,
learns the structure of an FTS. Then, they manually annotate the FTS with feature
expressions, requiring significant human effort and expertise. Despite their use of
Markov chains to automate the learning of the FTS structure, these annotations still
require a lot of time for reasonable-size systems.

Partial-Dynamic L}, and FFSMp; ¢

Damasceno et al. [54] proposed an approach to keep VIS models up-to-date. They de-
fined an adaptation of the classical learning algorithm Lx* [9], called Partial-Dynamic
LL (OL;,[). In 0L7,, the algorithm is instrumented to merge individual models of
each variant into a single family model (i.e., an FFSM [106]).

Based on this idea, they learned featured finite state-machine models from indi-
vidual models [56]. While FFSMp; ffis fully automated, their approach requires
learning each product model separately with a modified version of Angluin’s algo-
rithm, called 0L},. This approach requires to merge the individual models of each
product. Since the number of products is exponential over the number of features,
FFSMpjyy is therefore limited to a few sampled variants.

More recently, Tavassoli et al. [201] improved the algorithm by reusing not only
the previous model but also internal data structures (that we will describe in Chap-
ter 5). They thus take variability into account at a previous stage, but they still need
to consider each variant separately.
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In Section 6.5, we will compare classical L*, the approach by Tavassoli, Damas-
ceno et al. [54,56,201], and our approach.
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CHAPTER

MACHINE LEARNING AND VARIABILITY

Machine Learning (ML) algorithms are statistical approaches that leverage patterns
and relationships in previous data to make predictions or classifications. These
algorithms learn from a training dataset, which consists of input data along with
their corresponding labels or outcomes. By analysing the patterns in the training
data, ML algorithms infer a model that can generalise and make predictions on
new, unseen data. In a classification task, for example, an ML algorithm can learn
to categorise new data points into different predefined categories based on the
similarities it has identified from the training data. The algorithm looks for common
features ! or characteristics shared by the instances within each category and uses
them as indicators to classify new instances. Different families of machine learning
algorithms exist, such as decision trees, random forests, support vector machines,
linear regressors, efc.

Raw training data usually contains noise and non-relevant information for accu-
rate prediction. To address this, it is common to extract a new, compact representa-
tion of the data before applying ML approaches. This process involves identifying
and selecting predefined features (or characteristics). This feature extraction step
plays a crucial role in enhancing the performance and predictive capabilities of ML
algorithms. Historically, ML features are defined by domain experts.

Example 3.0.1 (Iris dataset). The Iris dataset 2 contains 150 instances of iris plants.
Domain experts have classified the iris plants into three distinct classes based on

1Here, we are discussing the concept of an ML feature, which refers to a property that characterises
an entity, rather than a VIS feature, which pertains to the functionality of a software system. It is important
to differentiate between these two types of features in order to avoid confusion and ensure clarity in our
discussion. The distinction is further elaborated upon by Temple et al. [208], where they delve deeper into
this subject, providing valuable insights into the significance and implications of such differentiation.
Zhttps://archive.ics.uci.edu/ml/datasets/iris
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distinguishing attributes, including the length and width of their sepals and petals.
Other characteristics of the iris plant, such as its colour, were intentionally ignored
as they are not relevant for determining the iris species. Therefore, the input dataset
for iris plant classification is structured as tabular data with 150 rows representing
the instances and 4 columns representing the features. Each row corresponds to
an iris plant, and the columns contain the measurements of sepal length, sepal
width, petal length, and petal width, respectively. These four features provide the
necessary information for training machine learning models to accurately classify
the iris plants into their respective classes.

In contrast, a subset of ML techniques called Deep Learning (DL), can automati-
cally infer complex features while training, but at the cost of more computational
resources and time. Figure 3.1 depicts a Venn diagram illustrating the relationship
between DL, ML and Al, along with a representative applications for each. Over
the past decade, DL techniques have outperformed traditional ML algorithms in
different tasks (e.g., image processing, text processing, sound processing), but also
demonstrated remarkable achievements in new applications (e.g., assistance in driv-
ing autonomous vehicles, playing Go, automatic translation). Temple ez al. [208]
compared the explicit (traditional ML) and implicit (DL) feature management in the
context of VISs. Thanks to their capability to model and handle complex relations,
neural networks are at the centre of attention of DL techniques. Different neural net-
work architectures exist, each tailored to specific tasks. For instance, convolutional
neural networks (CNNs) excel at image processing while recurrent neural networks
(RNNs) [182,187] are better at handling sequential data (such as text or speech).

In the context of VISs, the number of possible variants grows exponentially with
the number of options. Similarly, the number of traces a system can generate is
supposed to be infinite. To reason on VISs artefacts (e.g., products or execution
traces), manual inspections are intractable. Instead, we can automate reasoning
by relying on machine learning and deep learning techniques. In the remainder of
this chapter, we introduce Recurrent Neural Networks (RNN) in general and related
work of ML applied to software engineering.

3.1 Recurrent Neural Networks

An RNN is a sequence of multiple units (sometimes referred to as cells) which can
convey data from one to another. Typically, RNNs start with an embedding layer
that transforms input data into multi-dimensional vectors. However, when data
sequences are too long, vanilla RNNs may face the so-called vanishing or explod-
ing gradient problem [118]. This issue arises due to the nature of RNNs and their
back-propagation mechanism during training. In the training process, prediction
errors are propagated backward through the network from the output layer to the
input layer. However, when sequences are too long, the errors tend to diminish expo-
nentially as they move backward, causing the gradients to become extremely small,
and as a result, the weights of the earlier layers may barely be updated or remain
unchanged, leading to the vanishing gradient problem. Conversely, the gradient can
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Figure 3.1: A Venn diagram illustrating the relationship between deep learning,
representation learning, machine learning and artificial intelligence [102].

grow exponentially, yielding intractable computations, a.k.a. the exploding gradient
problem. To address these issues and enable RNNs to handle longer sequences and
long-term dependencies more effectively, two specialised RNN architectures have
been introduced: LSTM [119] and GRU [41].

3.1.1 Long-Short Term Memory

LSTMs alleviate gradient issues [43, 118] by using gates to regulate the data flow
and keep specific long-term data in memory. Figure 3.2 depicts an example of an
LSTM unit. Inside one unit, gates regulate the data flow, deciding what data to keep
and what to forget. Mathematically, gates are functions (e.g., sigmoid or hyperbolic
tangent) expressing the amount of data to keep. We can define several types of
internal gates for different purposes. An LSTM unit (Figure 3.2) is composed of
three different state variables and three different gates. The variables represent
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respectively the input of the unit (i.e., the matrix computed by the embedding layer,
called x; in the figure), the output (called &), and the unit state (called ¢;). The latter
acts as the long-term memory of the network, registering data from previous units
to pass through to the next ones. Forget gates (on the left of the Figure) are used to
convey data from the previous unit directly to the next one. In particular, it may set
some values from the input (x;) or from the memory (c;—;) to 0, making the network
forget this data. The input gate (in the middle) defines how much of the input data
should be treated in the current unit. The final output of a unit travels through the
output gate (on the right of the Figure). To avoid gradient explosion, LSTM units
use a tanh function (above the output gate) to keep data in a small range of values
(i.e., between —1 and 1).
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Cell Forget Gate LSTM Cell Cell
= Ci.1 =» > T » Ci =>
| o)o[S|o |
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Figure 3.2: A Long-Short Term Memory Unit

3.1.2 Gated Recurrent Unit

Similarly to LSTMs, GRUs use gates to avoid gradient issues. In comparison with
LSTM, GRU input and forget gates are merged together (Figure 3.3, on the right) and
there is no output gate. Consequently, the output and unit state variables are also
combined to a unique variable (named #; in the Figure). GRU also offers a new type
of gate (in the middle of the figure) expressing how relevant data from previous unit
is for the current unit.

3.1.3 RNNs for software specifications

While RNNs are usually good fits to work on NLP tasks (e.g., text classification [135,
151]), there is little work trying to use RNNs in the context of technical documents
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Figure 3.3: A Gated Recurrent Unit

or software specifications. Li ef al. conducted a systematic literature review on
extracting variants from text specifications [145].

To the best of our knowledge, none of the related works relied on RNNs but
used other classification models (such as decision trees and association rules). Re-
cently, Arganese et al. investigated ambiguity in natural requirements as variability
points [12], with a mapping on words rather than complete sequences.

Nevertheless, we can compare technical documents to natural language. For
example, execution traces are succession of events occurring in a specific order.
In this context, an event does not appear randomly but depend on the previous
succession of events. Sometimes directly from the few previous ones, sometimes
because of an event that occurs way earlier in the trace. As such, we can consider
them as text, i.e., an ordered sequence of symbols that follows a given grammar.
Thus, we can consider RNNs as an appropriate tool to treat them.

3.2 Machine Learning for VISs

ML techniques have been used in conjunction with business processes and SPLs for
very different purposes. This section gives an overview of existing approaches where
both ML and variable systems meet.

3.2.1 Machine Learning for Process Monitoring and Mining

Machine learning, in particular deep learning, has been notably used in business
process monitoring. For instance, ML models can use past observations to predict
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the next event in a process [69,156,203,205,228], the outcome of a process [31,76,136,
233], the remaining time [200, 236], vulnerabilities and anomalies [29,112,168,170,
171] or even performance [173]. This vast research area, called predictive business
process monitoring, attracted several literature reviews (e.g., [111,167]). ML can
also be used to optimise existing processes [79] or to get a compact representation
of traces [32, 33]. Recently, there has been interest in the interpretability of RNN
models, specifically in a process mining context [110].

Han et al. [109] use LSTM to discover automatically business processes from
textual documentation. However, their work is focused on single processes and does
not highlight variability.

3.2.2 Engineering Configurable Processes

When trying to (reverse-)engineer configurable processes or even perform mainte-
nance and/or evolution, some of the reported techniques rely on grammar-based
or evolutionary algorithms, while others are machine learning (ML) oriented. The
latter mostly consider tasks like clustering traces (e.g., [197]). However, few tech-
niques allow for retrieving a complete configurable process from event logs. Some
approaches use genetic algorithms [34, 137], but they are limited to a small number
of variants. Another option is to use (configurable) process fragments to re-build
the configurable model [16]. Sikal et al. propose a pattern for variability discovery
during process mining, but this approach is only methodological at this stage [195].

In our case, we focus on the classification task. Bobek et al. [27] offer recom-
mendations to configure variability-aware business processes at design time with
Bayesian Networks. Clustering techniques have also been used [58, 153,225] to per-
form classification tasks in an unsupervised way;, i.e., without knowing the classes
to learn. Song et al. use dimensionality reduction techniques to improve trace
clustering [197]. In our context, we want to specify the variants (i.e., the classes)
to learn. Finally, Hinkka et al. [117] aim at categorising traces into classes, using
LSTMs and GRUs. However, their approach differs from ours on several points: (i)
they define artificial classes, and (ii) they focus on binary classification.

3.2.3 Machine Learning for Variability-Intensive Systems

While there is a growing interest to employ ML techniques for VIS engineering [80,
174], to the best of our knowledge, classification of variants from behavioural traces
using ML techniques has not been studied yet. ML approaches have been used to
support performance prediction (e.g., [7,19,105,127,194,217,238]), performance
optimisation (e.g., [71, 154,227,234, 235]), to improve the search for good and
acceptable configurations (e.g., [165,207,209]), and to predict unwanted feature
interactions [134, 146]. While some of these works target classification tasks, where
configurations are the main focus, they do not take the behaviour of the studied
systems into account. In such cases, configurations are treated as input parameters,
and the primary objective is to find the most suitable configuration based on specific
criteria, rather than understanding how structural variability impact the system’s
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behaviour. In contrast, in this thesis, we take a different approach by using ML
techniques to thoroughly analyse the system’s behaviour. Our objective is to gain a
comprehensive understanding of the intricate relationships between configurations,
feature interactions, and system behaviour. ML also supports usability predic-
tion [231], attacks and vulnerabilities detection [3], and defect prediction [8,199]. In
particular, Striider et al. demonstrated that artificial neural networks were suitable
for this last task [199].

While ML can support VIS engineering, the converse, i.e., applying variability-
aware techniques to neural networks is also possible. For example, Ghofrani et
al. [96,97] proposed a new approach to reuse modules of deep neural networks
without additional training. Along the same lines, Ghamizi et al. developed a
framework to explore variability amongst different neural networks architectures and
automated search-based techniques to find the optimal one for a given task [94, 95].

To conclude, we have discussed in Sections 1.2 and 2.2 various attempts to re-
verse engineer VIS from different artefacts, utilising ML techniques or other methods.
These techniques operate at different levels, such as learning a variability model
(Sections 1.2) and learning VIS behavioural models (Sections 2.2).

Another task in VIS reverse engineering is feature location, which involves map-
ping between options and VIS artifacts. Cruz et al. [52] categorise feature location
techniques into three categories: static (based on source code), dynamic (based
on execution traces), and textual (based on NLP). Some approaches even combine
multiple techniques to enhance their accuracy and effectiveness, such as the hy-
brid approach proposed by Michelon et al. [160], which combines static analysis
of source code with dynamic analysis of execution traces. It is important to note
that feature location techniques differ in nature from the black-box approaches
discussed earlier. While black-box approaches focus on understanding the sys-
tem’s behaviour without relying on internal details, feature location techniques are
white-box approaches that primarily aim to map features with corresponding source
code artifacts, often achieved through source code annotations. These techniques
are commonly used for maintenance and evolution purposes, assisting developers
in managing and modifying software systems. Notably, classical feature location
techniques (e.g., [52,160]), do not use recurrent neural networks (RNNSs).

Furthermore, model-based approaches have been proposed to recover the ar-
chitectural model of a VIS [14, 133, 147]. These approaches are useful in scenarios
where the system was not originally designed with the Software Product Line (SPL)
paradigm in mind, but rather developed using a clone-and-own approach. In such
cases, model-based techniques can facilitate complex maintenance and evolution
tasks.
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CHAPTER

VARIABILITY L* OVERVIEW

In Chapter 2, we have explored the existing literature on inferring behavioural mod-
els for individual systems and shown that several techniques have been developed
in this domain. However, we identified a significant gap in the state-of-the-art when
it comes to VISs. Existing techniques for VISs have not fully leveraged the power of
variability mechanisms, leaving room for improvement and innovation in this area.

Given the access to a VIS running system and its feature model, the question
we want to answer is thus how can we accurately learn a model of its behaviour,
without requiring learning separate variants or merging? (RQ;). To address it,
we propose the first technique to learn the behaviour of a VIS which integrates
variability at each stage of the learning process (See Figure 4.1).

More specifically, we divide this task in four research questions:

® RQ;.; What amount of time does a variability-aware learning approach
requires? This question addresses the feasibility, efficiency and scalability of
our approach.

® RQ; 2 Does variability-aware learning lead to fewer membership queries
than the state-of-the-art approaches? By limiting the number of queries, the
learning process becomes more efficient and faster, thereby allowing better
scaling on large systems.

® RQ; 3 Does variability-aware learning lead to fewer learning rounds and
equivalence queries than the state-of-the-art approaches? Equivalence
queries are typically very expensive in a learning algorithm, requiring signifi-
cant computational resources and time. Therefore, it is crucial to minimise
their number whenever possible.

® RQ; 4 Does variability-aware learning lead to fewer resets than the state-of-
the-art approaches? Resets allow a system to come back to its original state,
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Figure 4.1: LiFTS overview: the FL* algorithm

as if we had just restarted it. Resets are difficult to avoid during the learning
process, but they are time-consuming and should be avoided.

In this part, Chapter 5 explains L* algorithm in details. Then in Chapter 6, we
propose FL*, a variant of L*, that treats feature expressions as first-class citizen.
We present different case studies in Chapter 7 and we evaluate our implementa-
tion of FL* (LiFTS) on these in Chapter 8. Finally, we discuss potential further
improvements (Chapter 9).
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CHAPTER

GENERAL CONCEPTS AND NOTATIONS

In order to develop RQ;, we need to formally define fundamental concepts, a.k.a. the
building blocks of our contributions. To begin with, this chapter presents the feature
model, featured transition systems and a variant of FTS, suitable for learning. Then,
we describe Angluin’s theoretical framework, such as principal definitions and data
structures, and how we adapt them to cope with variability.

5.1 Feature Models

When considering each product configuration individually, verification and valida-
tion of VIS is an intractable approach. Some VIS like the Linux kernel having several
thousands of features, and the number of possible variants grows exponentially
with the number of features. Therefore, classical modelling approaches should be
avoided, in the benefice of family-based approach. To model the structure of a
product line, software engineers typically rely on feature modelling [128, 185]. A
feature model (noted FM) captures the technical and business/application domain
constraints specifying which combinations result in valid products (or configura-
tions) 1. These constraints are defined over (a set F of) features of the product line.
Formally, an FM is a Directed Acyclic Graph. Nodes either represents concrete fea-
tures, i.e., they reflect an actual feature from F, or abstract features, i.e., intermediate
nodes used for decomposition purposes. Edges are split into two categories: “decom-
position” edges relate a node bearing an operator (e.g., “AND”, “OR”, “XOR”, etc.) to
(one of) its operands; while “constraint” edges impose a constraint (e.g., mandatory
or optional) between nodes. Semantically, an FM specifies a set of valid products,

IThe visual tree-like representation of feature models are feature diagrams. In the remaining of the
thesis, feature models and feature diagrams will be used interchangeably since we are not interested on
visualisation issues.
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noted traditionally [FM]: this set represents which (combinations of) features result
in valid products or, alternatively, the sets of features, resulting in valid products,
that satisfy the constraints expressed by the FM. Let us take a concrete example.

Example 5.1.1 (Feature Model for Soda Vending Machines). Suppose we want to
reason on a family of systems that share common functional features, but some
products may have specific functionalities. In this case, we are interested in provid-
ing various institutions with Soda Vending Machines that are tailored to the needs
of the institution’s employees. For the sake of simplification, suppose that each
institution offers either tea, soda or both beverages and that some institutions may
offer free beverages. Vending machines accept payments in euros or dollars. In
order to design and reason about a family of such systems, we need to define the
characteristics of the vending machine hosted in each institution, captured by an
FM.

Legend:

( OR ‘Q,\' XOR

CancelPurchase

—® Mandatory —o0 Optional Soda
Tea
SodaVendingMachine ]
FreeDrinks
Dollar
Euro

Figure 5.1: Feature model FM,,, (F,,,) of a soda vending machine, relying on the

set of features Fg,,, [46,61].

Figure 5.1 depicts an FM, named FM,,,, (F,,,), for a family of Soda Vending
Machines (SVM) based on a set of features encoded FSVM . The family of soda vending
machines provides two types of beverages (soda or tea), with the possibility to
cancel an ongoing purchase. Optionally, it is possible to obtain free drinks. The
vending machines can accept either euros or dollars. FM,,, (F,,,,) is composed of
six concrete features, and three abstract features. Node Beverages is associated with
an OR operator (depicted by an empty curved zone between the edges): it indicates
that a given vending machine product may provide one (or both) beverage options.
Node Currency is associated with a XOR operator (visually depicted by plain curved
zone between the edges): it indicates that for a given vending machine product,
one and only one currency must be selected. When clear from context, we drop the
subscripts associated with features’ and feature models’ names: we would simply
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note FM the feature model for the soda vending machines. FM,,,, (Fs,,,) defines 24
different, valid products (i.e., |[FMg,,, (Fs,,)11 = 24).

FMs have already been equipped with formal semantics [45,53,128,159,185,186],
allowing various analyses (e.g., consistency checking and counting cf. [24] for a
survey on available analyses and related techniques). In this thesis, we assume
that the FM of the system is already provided. Moreover, many approaches have
already been defined for learning FMs, as previously stated (see Section 1.2). This
assumption allows us to focus solely on behaviour.

5.2 On Featured Transition Systems’ Infiniteness

Complementary to FM, we can compactly represent the behaviour of a VIS with a
Featured Transition System (FTS) [48,51]. An FTS captures the behaviour of an
entire family of products (therefore relying on a feature set F) in a compact and
concise way. To do so, they take advantage of their shared behaviour, specified by
a set A of actions that the products may perform. Syntactically, FTSs extend the
classical formalism of Transition Systems [20]: a transition describes an execution
step between states, triggered by an external event that shall match the transition’s
label [81]. For FTSs, transitions are additionally annotated with feature expressions
(i.e., logical formulae over F) that denote the exact subset of features appearing in
the valid products that may execute it.

Definition 3 (Feature Expression). Let F = {fi,..., fir/} be a set of features and
associated to an FM. We denote by B(F) the set of propositional logic formulee
obtained from features as propositions, and with the classical Boolean operators.
Each variable corresponds to a unique element of F whose semantics is a function
2F — {1 (false), T (true)}.

Each feature expression b € B(F) semantically represent a subset of products
‘P < [FM]. We say that P satisfies b, noted P |= b, when:

b=\ (Afr N\ -g)

peP fep geF\p

Before giving a formal definition of an FTS, let us take our previous Vending Ma-
chines example, whose FM (i.e,, its structural variability) is presented in Figure 5.1.

Example 5.2.1 (A Soda Vending Machine’s FTS). As expected, all products in a
product line behave globally the same (e.g., all soda vending machines deliver a
beverage to a customer). Still, each particular vending machine may have a slightly
different behaviour due to its specific combination of features. For example, a
vending machine providing free beverages requires no payment before selecting a
beverage.

Now, we can specify the behaviour of the soda vending machine hosted in
each institution through an FTS, as presented in Figure 5.2. As it can be seen from
the feature expressions, only specific configurations can execute some transitions:
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return/c cancel /¢
soda/s @ serveSoda /s

Cchange/—'f open/f
free / f tea/t @/S:eTea/t

take/-f

O—0

A

pay/-f

take / f

close/~f

Figure 5.2: Featured Transition System for the Soda Vending Machines [46, 61].

e.g., only the vending machines with the free (f) option enabled can execute the
free transition from state 1 to state 3.

Our initial goal was to learn FTSs according to their original definition by Cordy et
al. [48,51]. However, our primary source of information is finite execution traces,
while TS [20] and FTS are representing infinite behaviour. This tension motivates us
to propose a new formalism, more adequate for representing finite behaviour. In the
soda vending machine example (see Figure 5.2), the return, take (the one indicated
in blue) and close transitions mimics a reset of the system. More precisely, when
we take those transitions, we need to “forget” the feature expressions, as if we had
shut the system down and restarted it. For convenience, we address this by learning
final states. This solution does not require simulating any reset of the system. In
fact, this is not really a hard constraint since it is always possible to add empty
transitions from final states back to the initial state afterwards, thereby restoring
the infinite (F)TS. For this reason, the subsequent section will introduce a novel
type of behavioural model, based on automata rather than transition systems. The
definition of featured deterministic finite automaton (FDFA) is very similar to the
classical FTS definition [48, 51], but has finite semantics.

5.3 Featured Deterministic Finite Automaton

Definition 4 recalls the typical definition of a Deterministic Finite Automaton (DFA).

Definition 4 (Deterministic Finite Automaton). A deterministic finite automaton
(DFA) is a tuple (A, Q, go, F, 6) where:

e Ais a set of actions, also called the alphabet;

e (Qis a finite set of states named the state space;
® gp € Q is the initial state;

e F c Qis a set of accepting (or final) states;

® §:Qx A— Qis the transition function.
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5.3. Featured Deterministic Finite Automaton

Note that 6 being a function, this definition ensures that the automaton is determin-
istic: for a given state and action, the targeted state is unique.

Now that we have defined them, we can combine FM, feature expressions and
DFA to finally define the cornerstone of the thesis: Featured Deterministic Finite
Automaton (FDFA). An FDFA models the behaviour of a complete family of software
products in one single model.

Definition 5 (Featured Deterministic Finite Automaton). A featured deterministic
finite automaton is a tuple FDFA = (FM, A, Q, qo, F,5)? where

e FM is a feature model over a set of features F;
e A is a set of actions, also called the alphabet;

e Qs a finite set of states named the state space;
® o € Q is the initial state;

e Fc Qis a set of accepting (or final) states;

® 5:QxA— B(F) x Q is the transition function, where 6 (q, a) = (f, ¢’) (usually
noted ¢ alf, q') means that there is a transition from state g to state g’

labelled with action @ and guarded with a feature expression F over F.

The guarding feature expression defines which subset of products is allowed to
perform a given action in a certain state.

To derive the DFA for a specific product, the FDFA is projected on this product by
pruning the transitions whose feature expressions are not satisfied and by removing
all feature expressions. This process is analogous to the one performed on FTS to
obtain the TS of a product [48, 51].

Formally, the projection operator is defined as follows:

Definition 6 (Projection operator). Let FDFA = (FM, A, Q, qo, F,8) be an FDFA, and
p € [FM] be a product of the feature model FM. The projection of FDFA onto p,
denoted FDFA,, is the DFA(A, Q, qo, F, ') where

6':{qa—[ﬂ>q'€6|p|:f}.

We require all transitions of an FDFA to be deterministic w.r.t. the features, in the
sense that if we take the projected automaton of each of the n products, we obtain n
deterministic automaton. We define this determinism in Definition 7.

Definition 7 (Featured determinism). A transition ina FDFA = (FM, A, Q, qo,F,6) is
said deterministic if there is only one possible output transition for an action and a
specific configuration in each state:

Vg, f,q), (qaf,.qdVed:1fInlf1#£8=>4q =q".

The non-empty intersection ensures that if at least one product exists satisfying both
fand f’, then both transitions have the same target.

2In the original definition of FTS [48,51], they also define a labelling function that associates every
state with the set of atomic propositions satisfied by this state. In our context, this function is not needed
but can be computed by walking through the graph and accumulating feature expressions in each state.
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As for simple DFA, determinism is ensured by the uniqueness of the targeted
state in the § function.

We denote by L(FDFA) the language accepted by the FDFA automaton. In other
words, L(FDFA) is the set of all accepting runs (Definition 8) on FDFA. A word of £
is thus a sequence of actions from A combined with a feature expression on F.

Definition 8 (Run). Arunonan FDFA = (FM, A, Q, qo, F,8) is a non-empty and finite
sequence of transitions, beginning from the initial state:

ay [fi] az [f2] An-1 [fn-1] an [fn
0 —— qi LR qn-1——qn
Where qo, g1, ---» Gn-1, Gn € Q. Only the products satisfying all the feature expres-
sions (fi, ..., fn) € B(F) can execute this run. A run is called accepting if it ends in a
finite state (f;, € F). If not, the run is rejecting.

Definition 9 (Featured language). The language £(FDFA) defined by FDFA can be
seen as the union of all the languages accepted by each projected TS:

L(FDFA) = U E(FDFA|p).
pelFM]

To highlight this union, we can refer to L(FDFA) as a featured language.

Definition 10 (Word). For each accepting run g @Al an L, gn over FDFA,

we can define a word of the language £(FDFA). A word w is a sequence of actions
associated with a feature expression:

w=a;-az-...-ay [fl € L(FDFA)

where f= fiA fa A A fu1 A frand a; - a; denotes the concatenation operation
over A. This operator is often omitted when non-ambiguous and clear from the
context. Moreover, Seq(A*) is a sequence of words from A* and w; ® w, denotes
the concatenation of the two words w; and w;.

5.4 L* Algorithm

According to Frits Vaandrager [216], the problem of inferring behaviours from soft-
ware artefacts is not new. Back in 1956, Moore [161] already proposed the first
approach to infer finite machines. Since then, the field of behavioural inference and
more precisely automata learning has kept on expanding. One major contribution
in this area remains the L* algorithm proposed by Dana Angluin in 1987 [9].

The L* algorithm is defined as a black-box approach, meaning that it learns
a model of a system exclusively from execution traces (i.e., without requiring any
access to its source code). The traces are obtained via active interaction with the Sys-
tem Under Learning (SUL). This algorithm aims at actively learning the automaton
of an unknown regular language, a finite state machine (FSM) for example. The main
idea is an abstraction of the learning process where a Learner tries to progressively
build a model of the SUL by sending two types of queries to a Teacher (as shown

38



5.4. L*Algorithm

in Figure 5.3). It uses Membership Queries (MQ) to know if a sequence (a word)
belongs to the language to learn. Once the Learner found a valid hypothesis model
(as defined in Section 5.4.2), it uses Equivalence Queries (EQ) to ask the Teacher if it
is Equivalent to the SUL. If not, the Teacher sends a counterexample (i.e., a word
that is in the language but not accepted by the hypothesis automaton, or vice versa).
Then, the Learner can use this counterexample to explore a new part of the SUL
and repeat the whole process until equivalence is achieved. The LearnLib frame-
work [158], widely used in the research community, implements these concepts.
More recently, Muskardin et al. [163] proposed another implementation named
AALpy.

MQ S
Yes/No
Learner Teacher
EQ(H)
F Yes/CE
Membership query: Equivalence query:
p-s eLsu? L(H) = Lsu?

Figure 5.3: Classical L* algorithm

L* can be divided into three phases, summarised as follows:

(i) The observation table (O7) construction where the learner sends member-
ship queries and builds an Observation Table, based on the Teacher’s answers;
(ii) The hypothesis validation where the learner constructs a hypothesis automa-
ton from the Observation Table and sends it to the teacher for equivalence
query;
(iii) The counterexample analysis where the learner refines the hypothesis, by
analysing the counterexample.

This process is iterative and monotonically adds states and transitions to the hypoth-
esis automata until the Teacher is no longer able to provide a counterexample. We
detail these three phases below, referring to lines in Algorithm 1. In parallel, we show
the different steps in an example based on the soda vending machine depicted in
the previous sections.

Example 5.4.1 (Product selection). The original version of L* algorithm allows us to
learn a single product. To show how the algorithm work, we thus need to select this
product from the FM presented in Figure 5.1. We have chosen the vending machine
with the options CancelPurchase, Euro and Soda, activated. The other unneces-
sary features are deactivated. By projection of the FTS presented in Figure 5.2, we
obtain the behaviour depicted by Figure 5.4.
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return

“a_ pay change Soda serveSoda, open_
e
cance ﬂ

Figure 5.4: Transition system of a specific vending machine obtained through pro-
jection.

1 P—{e}
2 S—{e} l>(QT initiali-
3 PT—{} sation

4 Tle,e] — MOQ(e,e);
while 3 ce do

5
6 while !closed Vv Iconsistent do
7 Pt —ptuP-A; > (7 Extension
8 VpeBVseS, Tip,sl — MQ(p,s); oo
9 Vpte Pt VseS, THp*, sl — MO(p*, s); }DFlllmg o1
10
11 if!closed then
12 ‘ Move extended prefixes to (closed) prefixes; Making OT
13 end > closed and
14 iflconsistent then )
15 | Add new suffixes; consistent
16 end
17
18 end
19 H — MakeConjecture(T,T*); > Building Hypothesis automaton
20 ce — EQ(H); £Q and counterexample
21 P — PUprefixes(ce); analysis
22
23 end

24 return #H
Algorithm 1: Pseudo-code of L* algorithm
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5.4.1 Building an Observation Table

An Observation Table is an intermediate data structure which stores the answers to
the membership queries. The hypothesis automaton is built upon the observation
table. It is made of sequences of actions called prefixes and suffixes. Prefixes label
table rows while suffixes are labels of columns. When we combine a prefix with a
suffix, we obtain a word. If the membership query for this word is positive, then the
word belongs to the language described by the SUL. T'[p, s] represents the cell of
the table corresponding to prefix p and suffix s. The cell contains true if the word
w = p- s is accepted by the SUL and false otherwise.

The observation table can be divided into two parts, defined on the same set S
of suffixes. The upper part registers a set P of closed prefixes, while the lower part
registers extended prefixes, noted P*. An extended prefix p™ is a one-step extension
of a closed prefix p: p* = p- a where a € A (alphabet of actions from the SUL). To
denote the set of all values for a specific prefix (w.r.t. each suffix), we use rows.

Definition 11 (Row). Let p be a closed-prefix in PUP™,
row(p) ={MQ(p,s)ls€ S}

In the algorithm (see Algorithm 1), 1lines 1 — 3 initialise the O7 with the silent
prefix, the silent suffix and an empty set of extended prefixes (as shown in Exam-
ple 5.4.2). Then, we start the iterative process described earlier. Lines 5 —7 extends
the table by adding new extended prefixes and filling the cells with associated M Q
(Example 5.4.3).

Example 5.4.2 (Table Initialisation). After initialisation, we obtain Table 5.1.

Table 5.1: Initialisation of an Observation Table

S

oT

P

P+

Example 5.4.3 (Table Extension). Since we only have the silent prefix in the table,
we can extend it by adding each action from the alphabet to the list of extended
prefixes, as in Table 5.2.

Then, we can fill the cells with the result of the membership queries to obtain
Table 5.3. For this example, each query returns false because a single action
suffixed by the silent prefix is not a complete valid word: M Q(pay,e) — false

5.4.2 Hypothesis Construction & Validation

A hypothesis automaton H is a candidate automaton build from the Observation
Table once it is closed and consistent. The hypothesis is sent to the teacher and is
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Table 5.2: Initialisation of an Observation Table

S
oT -
€
€
P
pay
change
P | cancel
return

Table 5.3: OT Filling
S

oT

€ false

pay false
change | false
P" | cancel | false
return | false

compared to the SUL through an equivalence query (Algorithm 1, 1ines 19 — 20).
Definitions 12 and 13 respectively define the closedness and consistency properties.
Examples 5.4.4 and 5.4.5 show how to transform the table to make it closed and
consistent.

Definition 12 (Closedness). An O7 is closed if and only if:
VpteP*, ApeP:row(p*)=row(p)

Conceptually, for each row in the lower part of the OT, there exists an equivalent
row in the upper part. If the OT is not closed, we need to move p* from P* to P.
Closedness ensures that all transitions have a target location.

Example 5.4.4 (Closing the Table). The last row in Table 5.4 was not matching the
unique row of the upper table: one accepted the € suffix, the other did not. To close
the table, we move this prefix from the lower to the upper part of the table. Now,
every extended prefix has a match in the upper part.

Definition 13 (Consistency). An O7 is consistent if and only if:
Vp1,p2€P row(p)) =row(py) =VaeA: row(p;-a)=row(p:-a)

If the OT is not consistent, we need to add a - s to S. Consistency ensures that
whenever a product accepts the prefix p - @, it also accepts the prefix p. Note that

42



5.4.2. Hypothesis Construction & Validation

Table 5.4: OT closing

oT I
€
p € false
pay-change-cancel-return | true
pay false
change false
p+ cancel false
return false
2 —Erue

such a definition of consistency is inline with the notion of determinism as defined
in7.

Example 5.4.5 (Making the Table Consistent). in Table 5.5, we find two different rows
(framed in blue and green respectively) which have the same value for each suffix.
However, when we look one return further (prefixes highlighted by an arrow of the
right colour), we obtain a different value for the suffix €. This is an inconsistency.

Table 5.5: OT consistency

S
oT c L
€ false
p pay-change-cancel-return | true [
pay-change-cancel false
pay false
change false
Pt cancel false
return

To solve it, we need to add return as a new suffix and fill the table with the cor-
responding membership queries. Table 5.6 is now consistent: the two problematic
rows are differentiated.

To build the automaton from the O7T, each prefix is transformed into an au-
tomaton state and suffixes define the next transitions from each state, like in Exam-
ple 5.4.6.

Example 5.4.6 (Building Hypothesis). From the closed and consistent Table 5.7, we

43



CHAPTER 5. GENERAL CONCEPTS AND NOTATIONS

Table 5.6: OT consistency

or S |
€ | return ‘
€ false false
P pay'change-cancel‘return| true \ false ‘
pay-change-cancel (false  true |
pay false | false
change false | false
Pt cancel false | false
return false | false
Table 5.7: Building hypothesis from OT
oT S
€ return
€ false false
pay false | false
P pay-change false | false
pay-change-cancel false true
pay-change-cancel-return | true false
P+

can define a new DFA as following:

DFA(A, Q) C70:F,5) :
A={pay,change,..}

Q =14, Adpay>9pay-changes .

qo = qe
F= {(hmy-changecancel-retur

6(qe, pay) = qpay, 6(qpay,change) = qpay.changer -

n}

5.4.3 Counterexample Analysis & O Refinement

(6.1)
(5.2)
(5.3)
(5.4)
(5.5)
(5.6)

By sending an equivalence query to the Teacher, the Learner asks if the hypothesis
automaton # is equivalent to the SUL. If the hypothesis is considered equivalent,
the Teacher terminates the execution and returns 7 as an adequate model for the
SUL. Otherwise, the Learner receives a counterexample. The counterexample is a
sequence of actions that are not accepted by H whereas accepted by the SUL or

vice-versa.

Definition 14 (Counterexample). A counterexample is a word which is accepted
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(resp. rejected) by the H hypothesis but rejected (resp. accepted) by the system
under learning.

If the equivalence query returns a counterexample, the learner has to adapt the
Observation Table in consequence, as shown in Example 5.4.7. Counterexamples
allow the algorithm to explore new parts of the language by adding new prefixes
(Algorithm 1,1ine 21). These changes concretely impact the hypothesis automaton
by adding new states and transitions.

Example 5.4.7 (Counterexample Analysis). Suppose the equivalence query returns
the following counterexample: pay-change-cancel - return. We need to add four
new prefixes in our table, resulting in Table 5.8. After this step, we can pursue the
learning by extending the table and making it closed and consistent again.

Table 5.8: Updating OT with counterexample

oT S
€
€ false
pay false
P pay-change false
pay-change-cancel false
pay-change-cancel-return | true
P+
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CHAPTER

FEATURED-L* SPECIFICATION

To answer RQy, we chose to adapt L* to take variability into account. Unlike previous
approaches (e.g., [54,56,63,201]), we aim to treat a feature expression as a first-class
citizen during learning. Our new algorithm, called Featured-L* (FL"), aims to build
an FDFA for some unknown featured language, with a limited number of queries to
the SUL.

As for L* and all active learning approaches, FL* requires access to the system
to be able to execute sequences of actions or a simulator of the system (e.g., another
behavioural model). It is also assumed that the Feature Model of the system is given.
This assumption ensures that we consider only valid products.

Figure 6.1 illustrates the additions we proposed to the classical L* algorithm.
To learn an FDFA, we need to infer transitions, states and feature expressions over
transitions. FL* follows the same 3-phase iterative structure as L*: hypothesis
construction, hypothesis validation, and counterexample processing. A complete
example of learning, displaying all the important data structures can be found in
Appendix A.

In classical active learning algorithms such as L*, prefixes are used to identify
potential states. The Learner sends membership queries to the Teacher and com-
pares the answers to determine when prefixes should correspond to the same state.
If two prefixes have equivalent rows, meaning they exhibit the same behaviour for
all possible suffixes, they are either both accepted or both rejected by the SUL. In
this case, the prefixes are considered isomorphic and can be merged into a single
state, resulting in a more compact representation of the system’s behaviour. This
approach avoids redundancy and improves the efficiency of the learning process.

In an FDFA, each state can still be identified by a (featured) prefix, but things are
a bit more complicated to decide if two prefixes lead to the same state. Adding the
same suffix and comparing the two words’ behaviour is not sufficient for this task.
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Figure 6.1: FL* algorithm, with adaptations from classical L* in red

Two equivalent prefixes could describe the behaviour of disjoint sets of products
and thereby describe different states. To solve this issue, we aim to take feature
expressions into account, specifying the right subset of product for each prefix.
We adapt membership queries to deal with feature expressions. Thereby, instead of
answering a simple yes or no, membership queries will provide a feature expression !
representing the subset of products accepting each word. It also associates each
counterexample with a feature expression !, providing the list of products for which
behaviour do not match: behaviour is either accepted by the hypothesis or the SUL,
but not both.

The remaining of this chapter is dedicated to the description of FL*, our new
algorithm that learns an FDFA for a whole SPL. Algorithm 2 presents the general
structure of the algorithm, that we refer to when we detail each step. We exemplify
each step with the soda vending machine presenting earlier (see FM in Figure 5.1
and FTS in Figure 5.2). Then, we use these concepts and definitions to provide
a complete version of the algorithm. To conclude this chapter, we compare our
approach with three related state-of-the-art algorithms.

6.1 Learning the Observation Table
As we have seen, an observation table is the key data structure to build a hypothesis

automaton. An observation table is a double-entry table. An O7 cell is defined by
both a prefix key and a suffix key. While in L* we stored true or false values, here

IThe hypothesis that the Teacher is able to relate queries with structural variability is non-trivial and
its implications will be further discussed in Section 9.3.
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1 P—{(,FM)};

2 S—{e}; o O7 initiali-
3 Pt —{} sation

4 T[{e,FM), €] — MO({e, FM), €);

while 3 (ce,fe) do

o

6 while !closed Vv Iconsistent do
7 Pt —PtuP-A; > (7 Extension
8 VpeBVseS, Tlp,s] — MQ(p,s); oo
9 Vp*e Pt ¥seS, T [p*,sl — MQ(p*, s); }DFlllmg o1
10
11 if!closed then
12 ‘ Move extended prefixes to (closed) prefixes; Making OT
' end > closed and
14 iflconsistent then )
15 | Add new suffixes; consistent
16 end
17
18 end
19 H —MakeConjecture(T,T*); > Building Hypothesis automaton
20 (ce,fe) — EQ(H); £0 and counterexample
21 P—PuU{{p,fe)|peprefixes(ce)}; analysis
22
23 end

24 return #H
Algorithm 2: General pseudo-code of FL* algorithm

a cell contains a feature expression specifying which subset of products accept the
word defined by the prefix and suffix keys.

In the context of FL*, a prefix is always associated with a feature expression.
Suffixes are “free”, in the sense that they are not restricted to a subset of products.
This idea was inspired by Cassel et al. [38,39] and concolic testing approaches [99,188]
where“free” variables are opposed to “bounded” variables. The latter is a technique
mixing concrete and symbolic execution. In concolic testing, we use a theorem
prover and constraint logic programming to generate test cases that achieve good
program coverage. The former is an application of L* to Extended Finite State
Machine learning. They define symbolic suffixes as ‘a sequence of symbols with
uninstantiated data parameters” and Symbolic Decision Trees which models how
data parameters in a given set of suffixes affect whether continuations of a given
prefix should be accepted by the automaton or not. So, in this sense, prefixes are
seen as a concrete, instantiated part of a word whose suffixes are the symbolic part.

Definition 15 (Featured Prefix). A featured prefix p € P is a pair composed of a
sequence of actions and a feature expression: (seq, fe) € Seq(A*) x B(F).

Definition 16 (Featured Extended Prefixes). The set of featured extended prefixes
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can be defined as:
P ={(seq-a,fe)|(seq,fe) € Pa € A*}

For simplification, (seq-a, fe) can bereplaced by p-a when extending an existing
featured prefix p = (seq,fe) € P.

Definition 17 (Suffix). A suffix s € S is a sequence of actions: Seq(A*).

Definitions 15, 17 and 16 respectively define simple featured prefixes, suffixes
and featured extended prefixes. Definition 18 captures the notion of the observation
table. Note that in the rest of this thesis, we will generally omit the term “featured”
when we are talking about featured prefixes and extended featured prefixes.

Definition 18 (Observation table). An observation table OT is a pair of functions
that associates a feature expression to a pair of an (extended) prefix/suffix:

OT = (T, T%) with: (6.1)
T=(PxS) — B(F) (6.2)
T =@P" xS —BF) (6.3)

T is usually called the upper part and T* the lower part of the table. The upper
part contains short prefixes while the lower part contains extended prefixes. Note
that T and T share the same set S of suffixes. Since we only manipulate (partial)
functions, we adopt an array-like notation: for p € P and s € S, we note T[p, s]
instead of T(p, s).

The function row: PU Pt — B(F) x ... x B(F) returns the set of values contained
by a specific row. By definition,

Vpe PUPY, rou(p) = {fe|T(p,s) =fe, s€S}

In FL*, we initialise the O7 with a prefix composed of the empty sequence
(denoted by the € symbol) and the feature model, as shown in Example 6.1.1. The
set of suffixes only contains the empty sequence and the set of extended prefixes
is empty. Since we have one short prefix and one suffix, we can execute our first
membership query to fill the only cell of O7 (see Definition 19). We will repeat this
operation each time we add an (extended) prefix or a suffix to the table (i.e., each
time we create more cells).

Example6.1.1 (Table Initialisation). After initialisation, we obtain Table 6.1. Changes
form the original algorithm are highlighted in green.

Definition 19 (M Q). The function MQ : P x S — B(F) corresponds to a mem-
bership query sent by the Learner to the Teacher. Intuitively, the Learner ask if
concatenating the prefix and the suffix defines a valid word (i.e., accepted by the
SUL):

w=(p,fe)-s€Lsyr?
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6.1. Learning the Observation Table

Table 6.1: Initialisation of an Observation Table

or | S|
€

(e,FM)

P+

The Teacher should answer by a formula (fe € B(F)) specifying the conditions under
which the trace is accepted. If the word is invalid for all products, then it returns
false.

Until the algorithm completes (i.e., while there exists some counterexample), we
loop to extend the table. First, we extend all short prefixes by adding one action to the
short prefix, preserving the associated feature expression (as in Example 6.1.2). After
extension, we check if the table respects two properties: closedness (Definition 20)
and consistency (Definition 21). Compared to the classic version of L*, closedness
is equivalent (see Example 6.1.3). New featured (extended) prefixes are added to the
table only if i) they are not already present and ii) they are not a combination of other
prefixes in the table. This particularity ensures that closedness is “safe” regarding
feature expressions and does not require any modification compare to its original
definition. Nevertheless, consistency is modified to take feature expressions into
account (Example 6.1.4). More specifically, when we add one symbol to a short
prefix, it can lead to more than one extended prefix. To ensure that every product is
considered, we need to consider the union of all those prefixes. We loop until both
properties are respected.

Example 6.1.2 (Table Extension). Since we only have the silent prefix in the table, we
can extend it by adding each action from the alphabet to the list of extended prefixes,
as in Table 6.2. We now have featured (extended) prefixes instead of classical prefixes.
Note that when we combine all feature expressions (i.e., by a disjunction) associated
with one prefix, we should always obtain the FM. It means that if we add a prefix
associated with £ AFM to the table, we need to ensure that -f AFM is also in the
table. This is very important to ensure feature determinism. At this stage of our
example however, the only feature expression in the table is FM, whose negation
FM-FM = false can be ignored.

Then, we can fill the cells with the result of the membership queries to obtain
Table 6.3. For this example, each query returns false because a single action
suffixed by the silent prefix is not a complete valid word. In the general case, we can
obtain any feature expression w.r.t. the FM.

Definition 20 (Closedness). An OT is closed if and only if:

VpteP*, ApeP:row(p”) =row(p)
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Table 6.2: Initialisation of an Observation Table

oT )
€
p (e, FM)
(pay,FV)
(change,Fl)
P* | (cancel FI)
(return,FM)
Table 6.3: OT Filling
oT S
€
{e,FM) false

(pay,FM) false
(change,FM) | false
P* | (cancel,FMy | false
(return,FM) | false

Conceptually, for each row in the lower part of the OT, there exists an equivalent
row in the upper part. If the OT is not closed, we need to move p* from P* to P.
Closedness ensures that all transitions have a target location.

Example 6.1.3 (Closing the Table). To close Table 6.4, we move the prefix (pay -
change-cancel-return,C) from the lower to the upper part of the table. Now, every
extended prefix has a match in the upper part. Note that for readability purpose we
omit the restriction to the FM in the table (e.g., C instead ofC A FM).

Table 6.4: OT closing

oT S
€

p {¢,FM) false
(pay-change-cancel-return,C) C

(pay,FM) false

(change,FM) false

(cancel,FM) false

Pt (return,FM) false
{H%j 9%5!"2%9 f‘f”‘lf‘?l FE?HH‘H,(?) _e

(pay-change-cancel-return,—C) | false
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Definition 21 (Consistency). An OT is consistent if and only if:

Y p1, p2 € PUPT such that p; = (seq1,fe1), p» = (seqz, fes):

rou(py) =row(py) =>VseS, Vae A, \/ Tip,sl= \/ Tlp,s
peCy peCs

where
Ci={pePuPt|p=(seq-a,fe), fe e B(F)}
Co={pePuUPt|p=(seq:-a,fe), fe e B(F)}

If the OT is not consistent, we need to add a - s to S. Consistency ensures that
whenever a product accepts the prefix p - a, it also accepts the prefix p.

Table 6.5: OT consistency

S
oT c L
(e,FM) false
p | (pay-change-cancel-return,C) ‘ C [
(pay-change-cancel,C) false
(pay,FM) false
(change,FM) false
p {cancel,FM) false
(return,FM)
(pay-change-cancel-return,—C) | false

Example 6.1.4 (Making the Table Consistent). Applying Definition 21 on Table 6.5,
we can find p; in blue and p; in green whose rows are equals. Then, we can look
one return further and compare all matching prefixes. For p;, we obtain only one
extended prefix, highlighted by the blue arrow. For p,, we obtain two prefixes with
different feature expressions, as shown by green arrows. Thus, we obtain:

Ci1 = {return,FM)}

Co ={{pay-change-cancel-return,C),(pay-change-cancel-return,—C)}
Since we have one single suffix, we have one single comparison to make:

T[(return,FMy,e] =false# \/ T[p,e]=(Cvfalse)=C
peCa

To solve this inconsistency, we need to add return as a new suffix and fill the
table with the corresponding membership queries. Table 6.6 is now consistent: the
two problematic rows are differentiated.
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Table 6.6: OT consistency

or s
€ | return |
(e,FM) false false
p (pay-change-cancel-return,C) | C \ false ‘
(pay-change-cancel,C) ((false c )
(pay,FM) false false
(change,FM) false | false
p+ (cancel,FM) false | false
(return,FM) false | false
(pay-change-cancel-return,—C) | false | false

6.2 Hypothesis Construction and Validation

A hypothesis automaton # is a candidate FDFA build from the Observation Table
once it is both closed and consistent. Algorithm 3 details how a hypothesis FDFA
‘H is created from the observation table. Example 6.2.1 highlight this procedure.
Each state of the automaton (g, € Q) is defined by a minimal prefix (p € P). This
procedure depends on the Targets function, which defines the set of targeted
states 2 for a transition from a specific state and with specific actions:

Targets:Px A— P  defined by:
Targets((seq,fe),a) = {(seq’,fe'y e P|seq' =seq-a, |= (fe' Afe) #false} U

pEP|Iseq' fe'y e P*, row(p) = row(seq’,fe’),
seq' =seq-a, |= (fe' Afe) # false

Example 6.2.1 (Building Hypothesis). From the closed and consistent Table 6.7, we
can define a new FDFA as following:

FDFA(FM, A,Q,qo,FEo0): (6.4)
FM=FMgyum (6.5)
A={pay,change,..} (6.6)
Q=1qerm), 9ipay,c), dpay-changer -} (6.7)
qo = qeFm) (6.8)
F=1{qpay-change-cancel-return,c} (6.9)
0(qermy, pay) = (C, qpay,c))s
6(qipay.c),change) = (C,qpay-changec)),-  (6.10)

2Remember (from Definition 7) that an FDFA is deterministic when the behaviour of every single
product is deterministic. Thus, from one state, we can have multiple transitions with the same action if,
and only if, their feature expressions are mutually exclusive.
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1 Q—{qplpeP};
2 4o — G, Fmy € Q;
F—{q,€QIT[p,e] # false};
for p = (seq,fe) € P do
fora e Ado
for p' = (seq’,fe') € Targets((seq,fe), a) do
‘ 5(6],;,(!) — (e, qp);
end

© a9 e G s w

end

10 end
1 return FDFA = (FM, A, Q, qo, F,0)
Algorithm 3: MakeConjecture(FM,A, T, T™)

Table 6.7: Building hypothesis from OT

oT S

€ return
(e,FM) false | false
(pay,C) false | false
(pay-change,C) false | false

P (pay-change-cancel,C) false C
(pay-change-cancel-return,C) C false
p+ (pay-change-cancel-return,—C) | false | false

6.3 Counterexample Analysis and Refinement

We can send the hypothesis FDFA to the Teacher through an equivalence query
(€ Q, Definition 22). The role of £Q is to compare the hypothesis with the SUL. If the
hypothesis matches the system to learn, the execution terminates and returns the
FDFA. If not, the teacher sends a counterexample and the learner will pursue the
learning. In that case, we extract all prefixesof the counterexample sequence (Def-
inition 23). By associating each of them with the feature expression, the algorithm
creates new short prefixes for the O7, as shown in Example 6.3.1.

Definition 22 (£ Q). The function £Q: LFTS — (Seq(A*) x B(F)) returns the result
of an equivalence query sent by the Learner to the Teacher. Intuitively, the Learner
asks if the hypothesis automaton H is equivalent to the SUL:

L(H)=Lsyr?

The Teacher answer either by (e, T) if the model is equivalent, or by sending a
counterexample ce € Seq(A*) associated with a condition fe € B(F). In the latter
case, the counterexample is a sequence of actions that are not accepted by H whereas
accepted by the SUL under the condition fe.
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Definition 23 (prefixes). The function prefixes : Seq(A*) — Seq(A*) x ... x
Seq(A*) returns all the prefixes of a counterexample 3. For example,

prefixes(abcd) ={a,ab,abc,abcd}.

Example 6.3.1 (Counterexample Analysis). Suppose the equivalence query returns
the following counterexample: (pay-change-cancel-return,C). We need to add
four new prefixes in our table, resulting in Table 6.8. As stated previously, we also
need to ensure determinism by adding the prefixes associated with the negation of
the feature expression. After this, we can pursue the learning by extending the table
and making it closed and consistent again.

Table 6.8: Updating OT with counterexample

oT S
€
(e,FM) false
(pay,C) false
P (pay-change,C) false
(pay-change-cancel,C) false
(pay-change-cancel-return,C) C
(pay,~C) false
(pay-change, ~C) false
Pt (pay-change-cancel, ~1C) false
(pay-change-cancel -return,—C) | false

Analysing counterexamples directly impacts the Observation Table (i.e., by
adding new prefixes) and thus, leads to the construction of a new hypothesis pro-
posal.

6.4 Complete Algorithm

In the previous sections, we have described in detail all the different parts forming
our new algorithm FL*. Once we put those parts together, we obtain Algorithm 4.
In the produced automaton, each transition guard is a feature expression only
composed of conjunctions (A). It means that from one state, we can have multiple
transitions with the same action but with distinct and disjoint feature expressions.
This ensures determinism throughout the learning. However, once the algorithm
completes, the resulting automaton tends to be unnecessarily large. To address this,
we have defined a procedure to reduce its size, by merging states targeted by a set
of such transitions. Currently, our procedure allow to add disjunctions (v). In the

3We omit the empty sequence € which is already in the table, from the initialisation step. Moreover,
the empty prefix is always (e, FM) since it defines the initial state, which is part of any behaviour respecting
the FM.
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1 P—{(e,FM}; S—1el; Pt —1} }> OT initiali-

2 T, FM), €] — MQ((e, FM), €); sation

3 whiled (ce, fe) do

4 while !closed Vv Iconsistent do

5 Pt —PtuP-A; o

6 VpeBVseS, Tlp,sl — MQ(p,s); > T .

7 Vp*t e P+ VseS, T p*, sl — MQ(p*, s); Extension

8 if 3p* € P* suchthatVpe Prow(p*) # row(p) then

9 P—Puip™}

10 PT — P\ {p*}; Making OT
> >

11 else closed

12 ‘ Mark as closed;

13 end

14
15
16
17
18
19
20

if 3p1, po € PU P* such that:
p1 = (seqi,fe1), p2 = (seqa, fez), (row(p:) = row(ps)
A3seS, Fae A, Vpee, TIp, s1 # Vpec, TIp, s1)
with
Ci={pePUP*|p=(seq-a,fe), fecB(F)}
Co={pePUP"|p=(seq,-a,fe), fe e B(F)}

then

)

- Making OT

o1 S—Sufa-sk consistent
22 VpePB Tip,a-s] — MQ(p,a-s);

23 VptePt, T [p* a-sl—MQ(pt, a-s);

24 else

25 Mark as consistent;

26 end )

27

28 end

2 | Q—{gplpeP} )

30 | qo— GieFm) €Q;

31 F—1{qpeQIT[p,e] # false};

32 for p = (seq,fe) e P do

33 for a € Ado Building
34 for p’ = (seq’,fe') € Targets((seq,fe),a) do > > Hypothesis
35 | 8(gp, ) — (fe/,qp); automaton
36 end

37 end

38 end

39 ‘H — FDFA(FM, A, Q, g0, F,0); )

10 (ce,fe) — EQ(H); £Q and counterexample
11 P—Pu{{pfe)lpeprefixes(ce)}; } analysis

42

43 end

44 return H

Algorithm 4: Detailed pseudo-code of FL* algorithm
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future, one could imagine a more elaborate simplification mechanisms, allowing
higher level connector (e.g., ®, the XOR operator).

Rather than travelling through the automaton itself, we directly modify the
observation table. This approach eliminates the need for an expensive merging
automaton algorithm. Additionally, since the table already encompasses all the
necessary information in a more compact data structure, it is easier to manipulate.

In Algorithm 5, we create a new observation table by merging closed prefixes
(i.e., future states). First, we select all the prefixes with the same associated sequence
(in Algorithm 5, this set is noted C). Then, we take the disjunction of all the associated
feature expressions (V< seqsimpte)eC fe). The initial sequence and this new feature
expression form the new prefix, merged from the set C of prefixes. A similar treatment
is applied on the table cells to fill the new row: for each suffix, we take the disjunction
of all corresponding cells (\/ pec T1p, s]). For extended prefixes, we only copy rows
defining a transition (i.e., we suppress entire lines of false values). This new table is
now complete and we can apply Algorithm 3 as previously to transform the table into
an automaton. An example of the result of this procedure is presented in Appendix B.

-

Ssimp =S

[\

Psimp — {psimp = (seqsimp,fesimp)Eesimp =V (seqgimp te)eC fe} with
C = {(sedsimp, te) € P| fe € B(F)}

for psimp = (seqsimp,fesimp) € Psimp do

4 | forseSgipmpdo

Tst’mp[p”mp’s] —Vpec Tlp,s]  with

C ={(seqsimp,fe) € P, fe e B(F)};

w

6 end

7 end
P;.mp —{pteP*3seS, T*[p*,s] #false};
9 for p* e P;’imp do
10 | forse Sy do
11 \ T P* sl = T p*,sl;
12 end
13 end
14 return O7 gipp = (Tsimp, T;imp)

Algorithm 5: Simplify(OT (T, T*))

6.5 Adaptive Learning versus Variability-Aware Learning

In this section, we present the related work of Tavassoli, Damasceno, et al., which
is closely aligned with our research. We discuss their approaches in chronological
order, with each section focusing on one of their contributions [54, 56, 201]. We
wrap-up this section by discussing points of comparison with our new algorithm,
FL*.
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6.5.1 Learning to Reuse

Adaptive learning is a variant of model learning that aims to accelerate the learning
process by leveraging pre-existing models from previous or alternative versions,
rather than starting from scratch. Adaptive learning is commonly employed in
scenarios characterised by time-variability, where the goal is to compare different
versions of the same system captured at different timestamps. In 2019, Damasceno
et al. [54] propose a new algorithm for adaptive learning called partial-Dynamic L},
(0L},). The novelty of this approach lies in the reusability of the learned compo-
nents. By leveraging the adaptability of the models and their shared components, it
becomes possible to reuse and transfer knowledge across different product variant.
This reusability aspect adds significant value to the overall approach, as it promotes
efficiency and reduces redundancy in the learning process. As a matter of course,
0L}, is well suited for individually learning SPL products (product-based approach).

The key feature of 0L}, is its ability to explore observation tables on-the-fly to
eliminate redundant prefixes and deprecated suffixes. This approach significantly
reduces the number of membership queries required for learning a new variant.
Additionally, by bypassing the initial rounds of learning, it reduces the number of
equivalence queries needed. Through the efficient pruning of unnecessary queries,
0L}, accelerates the learning process and improves overall efficiency.

State-of-the-art adaptive learning algorithms often struggle with software evo-
lutions. As the states of a SUL is altered, the number of suffixes with good quality
decreases. Therefore, when older versions are reused, a higher number of irrelevant
queries is expected. However, an evaluation on 18 distinct FSMs representing dif-
ferent versions of the OpenSSL server-side demonstrated that 0L}, exhibited less
sensitivity to software evolution. Moreover, it showcased greater efficiency and
required fewer membership queries compared to other state-of-the-art adaptive
learning algorithms.

6.5.2 Learning by Sampling

1- wise FFSMp [EPPT————
4 O Product (2) Diff Partial family model FF ¢
(Feature-wise) ] )_ Sampling E ; E m e
2.wise - 1) " Wdath] (4) ..
(Pair-wise) = o v —

IDE
eature

\ Legend:

IlReused Artifacts
[JCustom Artifacts
[]Generated Artifacts
—>» Automatic Step

Configuration 1

ot |
*e Configuration n

Figure 6.2: Adaptive learning of SPL: the FFSMp, ¢ ¢ framework [56]

All-valid

(Exhaustive) = O

To the best of our knowledge, the first attempt to learn a family-based be-
havioural model for a VIS was born in 2021. Damasceno et al. [56] presented
FFSMp;r which aims to abstract an FFSM from individually learned or hand-crafted
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product models to learn the behaviour of succinct family model. They rely on L* to
learn individual product models (a.k.a. FSM), that are progressively merged to the
family model (a.k.a. FESM). Their process relies on the following steps, summarised
in Figure 6.2:

(i) Usingthe FM, sample SPL products for a maximum feature coverage;
(ii) Apply L* on product p; and p; to learn a first FFSM;
(iii) Iteratively include behaviour of products ps, ...p,, into the existing FESM.

The FFSMp; ¢ algorithm is implemented on top of the LearnLib framework [179].
Damasceno et al. also analyse the effect of T-wise sampling [126, 176] to efficiently
select individual products, comparing results for T € {1,2,3,4}. Figure 6.3 presents
the number of variants included in the learning process, for each evaluated case
study and sampling criterion.

SPL Size of the sampled subset generated by T-wise
Feature-wise Pair-wise 3-wise 4-wise All-valid

AGM 3 6 6 6 6

VM 2 6 13 19 20

WS 2 5 8 8 8
AEROUCS 3 6 9
CPTERMINAL 3 8 16 24 30
MINEPUMP 3 7 13 24 32

Figure 6.3: Number of sample variant generated by each sampling criterion [56]

While sampling techniques are commonly used when the budget is limited to the
coverage of a few variants, it is important to emphasise that these techniques solely
rely on structural variability (i.e., the FM). While sampling ensures dissimilarity
among features, it does not guarantee dissimilarity at the behavioural level [67].
Moreover, these techniques operate under the assumption that exhaustive learning
may be feasible for small product lines but becomes impractical for larger ones.
This hypothesis may hold true for FFSMp; ¢ since, despite learning a family model,
it fundamentally follows a product-based approach. In other words, products are
learned individually and subsequently merged. However, this approach may appear
to contradict the core essence of the SPL paradigm, where the family is the central
aspect and should be treated as such. In SPL, the emphasis is on capturing the
commonalities and variabilities across the entire product line, rather than treating
each product as an isolated entity. Therefore, an approach that treats products
individually and later merges them may not fully align with the holistic nature of
SPL.

6.5.3 Adaptive Behavioural Model Learning

Recently, Tavassoli et al. [201] introduced the PL* algorithm. PL* novelty lies in its
ability to store previous observation tables into a repository. Figure 6.4 represents
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the following process:

Initialisation for product p;:

(i) Apply learn p; FSM (M;). For this step, initialising the initial set of
suffixes with the alphabet of the product is the only optimisation from
the original L*.

(ii) Initialise the repository by adding the learned table: O7 repository =
{OT1}.

Loop and apply PL* over product p;, Vi€ {2,...,n}:

(iii) Initialise OT ; using OT repository = 10T 1,...OT i—1}:
(@) Defines the set of prefixes S; = Ujeq,...,i-1; S;, restricted to prefixes
that solely comprises input symbols from the alphabet of p;;
(b) Initialise the set of suffixes E; with the alphabet of p;;
() Add Ujeq,...i-1y Ej, restricted to suffixes that solely comprises input
symbols from the alphabet of p;, to the set of suffixes E;.
(iv) Obtain M;, the FSM of (p;).
(v) Add OT; to the repository: OT repository = {OT1,... OT i}.

Sampled
Product P1 P2 P3
Ordering

~ A
MQ, EQ MQ, EQ MQ, EQ

Models
M1

Learning
Steps PL* PL* pL*

Repository

Observation Table Repository

»  Time

Figure 6.4: Adaptive learning of SPL: the PL* framework [201]

Compared to FFSMp;¢, PL* leverages the commonalities between variants
at an earlier stage of the learning process. It considers products individually and
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incorporates the reuse of previous artifacts when learning subsequent products.
However, it is important to acknowledge that this approach still maintains a product-
oriented perspective. Furthermore, while FFSMp; ¢ generates a single FFSM as its
output, PL* produces a collection of FSMs. In this sense, PL* can be seen as an
improvement over L}, rather than FFSMp;. It aims to enhance the capabilities
of 0L}, by taking advantage of the commonalities between variants earlier in the
process, while still preserving the individual FSM representation for each product.

6.5.4 Comparison with FL*

Although Tavassoli, Damasceno, et al. [54, 56, 201] are interested in learning be-
havioural model(s) of an SPL, their methods differ from ours in several ways.

Different output models. While our focus has been on FTSs (and FDFAs), the ex-
isting work primarily revolves around (F)FSMs. As discussed in Section 1.3, (F)FSMs
and (F)TSs exhibit different expressive capabilities, which prevents a thorough com-
parison between FL* and the different algorithms presented in Sections 6.5.1 to 6.5.3.
In FL*, we adopt a different approach by not considering separate input and output
alphabets. Instead, we employ a unified alphabet of actions that the system can
either accept or reject. To put it simply, although we have a complete input alphabet,
the output alphabet is limited to two values: “accept” or “reject”.

Model collection versus unified model. Moreover, in two out of the three ap-
proaches, the objective slightly differs. Instead of learning a single model, where
behaviour is linked to structural variability, L}, [54] and PL* [201] learn a collection
of individual FSMs. Although it is still possible to merge them subsequently, this
process requires an additional and relatively expensive step.

Product versus family. Finally, there is a fundamental difference between FL*
and these works. As we discussed in Section 6.5.2, those three approaches are in
fact product-based approach that leverage commonalities. In contrast, FL* aims to
present a more comprehensive and integrated approach, where feature expression
are treated as first-class citizens. The notion of software family becomes the core
of our framework, emphasising the importance of considering the relationships
between features.
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This chapter presents a new tool, called LiFTS, implementing FL*. We present its
architecture and how to use it. Then, we describe the different case studies used to
assess LiFTS. We consider models from different sources with varying characteristics.
These systems were mostly described in previous work on FTS [44,61].

7.1 LiFTS

LiFTS is a Java implementation of the FL* algorithm. It is designed as a Maven
project and reuses the VIBeS framework [62, 66], for specific FM, FTS and feature
expressions utilities. To get a unique representation of FMs and feature expressions,
we represent them as Binary Decision Diagrams (BDDs), implemented by the
JavaBDD library !. Uniqueness is the key to compare feature expressions and check
for equality.

7.1.1 Architecture

Figure 7.1 presents the general architecture of LiFTS, composed of two root classes
(Main and Learner) and three primary packages:

e data package: contains the data structures used in FL*, such as Observa-
tionTable, Prefix, Suffix, and others.

e io package: contains the SUL interface, but also utilities to interact with input
and output files, in XML or CSV format;

e vibes_mock package: contains extensions and modifications of the VIBeS
library.

Uhttps://github.com/com- github-javabdd/com.github.javabdd
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7.1.1. Architecture

During execution, the main function (in the Main class) instantiates a Learner
which maintains an Observation Table. The 1earn function implements the algo-
rithm presented in Chapter 6, making calls to makeClose, makeConsistent and
makeHypothesis functions. Once it terminates, it performs makeHypothesisWith-
Simplification to obtain the final FDFA.

In the data package, the ObservationTable stores Prefixes and Suffixes in a
Guava Table. To enhance its functionality, we have introduced the AutoComplete-
dOT class, which extends this structure to support automatic membership queries.
This enables the table to be automatically completed with feature expressions when-
ever a prefix or suffix is added, ensuring that both rows (in the case of prefixes) and
columns (in the case of suffixes) are fully populated with the necessary information.

In the io package, CSV utilities allow to store and load ObservationTable,
while XML utilities interact with the FM and the FTS. The abstract class SUL facili-
tates generalisation by separating the rest of the implementation from the specific
implementation of the system or from the system simulator. In L* metaphor, this
class plays the role of the Teacher. The SUL provide interfaces for memberships
queries and equivalence queries. Currently, there is only one concrete implementa-
tion of SUL, which simulates the system based on an FTS.

Example generation The FTSSimulatorSUL is an implementation of the SUL
based on a reference FTS 2. During its initialisation, it generates random examples
(i.e., execution traces) which are used for equivalence query (i.e., they are potential
counterexamples). The FTSSimulatorSUL requires an FM, an FTS and a number of
positive (i.e., accepted by the SUL) and negative examples (i.e., rejected by the SUL).
Figure 7.2 presents a generalisation of this counterexample generation, apply to the
soda vending machine example.

S— 4 Uniform
: -
Generate
o
€
g
L T ]
Project “a, pay ghangg sota S¥eSof oren,
cose
PO
<z ® Lo e Generate Random Trace
o LY e ‘
N //' adoTea T (&) / Pay-Change-Cancel-Return

getFrocBeverage /1

Collect Feature Expression

CE = (Pay-Change-Cancel-Return,C)

Figure 7.2: Generalisation of the counterexample generation process

2This hypothesis is non-trivial and its implications will be further discussed in Section 9.3.
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To generate positive examples, the simulator execute the following steps:

(i) Generate a product configuration from the FM, using a uniform sampler
(CMSGen ®).

(ii) Derive the product TS through projection;

(iii) Start from the initial state of the TS;

(iv) Randomly choose an outgoing transition, until either returning to the initial
state (as TSs are infinite, Devroey [61] indicates that the last transition of a
valid trace must always end up in the initial state) or reaching a trace length
threshold.

The trace length threshold serves as a safeguard against infinite loops, where the
system continuously takes the same branch within a loop. When the threshold is
reached, we initiate a search for a new trace starting from the same initial product.
On the other hand, if the threshold is not reached, we consider the generated positive
example as valid and return it for further use. This mechanism ensures that we can
generate diverse and representative positive examples while avoiding scenarios
where the system gets trapped in endless loops. Note that a reset is required each
time we reach the threshold or for each new counterexample.

To generate negative examples, the procedure follows a similar approach:

(i) Generate a product configuration from the FM, using a uniform sampler
(CMSGen %);
(ii) Derive the product TS through projection;
(iii) Randomly select a number 7 of actions within the maximum trace length
threshold;
(iv) Start from the initial state of the TS;
(v) Randomly choose an outgoing transition, until either returning to the initial
state or reaching n actions.

To ensure that the negative examples exhibit invalid behaviour, we impose that
the generated example is only considered if the final state (after performing n ac-
tions) differs from the initial state. If the final state matches the initial state, we
return to step iii to generate a new negative example. This iterative process guar-
antees that the negative examples demonstrate the absence or deviation from the
expected behaviour, providing valuable counterexamples that contribute to the
learning algorithm’s understanding of the SULs limitations and failure cases. Here
again, it requires frequent resets of the system.

Memberships query A Word is composed of a pair of Prefix and Suffix. The
FTSSimulatorSUL concatenates the action sequences from both of them and tries
to execute the resulting sequence on the FTS. During this process, it collects the
feature expression of the generated trace. If the sequence is not accepted or does
not end in the initial state (indicating an incomplete word), the membership query

3https://github.com/meelgroup/cmsgen
“https://github.com/meelgroup/cmsgen
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7.1.2. Usage

returns false. Otherwise, it returns the conjunction between the collected feature
expression and the feature expression of the prefix.

Equivalence query The CounterExample class already contains the result for the
SUL indicating whether the example is accepted or refused by the system. Con-
sequently, the equivalence query function aims to execute the example on the
hypothesis and check whether the results match. If the results are divergent, indicat-
ing a difference between the hypothesis and the SUL, the example is returned as an
actual counterexample. Alternatively, if the results match, the example is ignored,
and the next example is considered. The execution stops when all the examples have
been considered.

Feature expression In the vibes_mock package, we have introduced a new class
to handle feature expressions that better aligns with our requirements. The existing
FExpression class in VIBeS was not suitable for our needs due to the following
reasons:

(i) The original FExpression class allowed the definition of feature expressions
that did not adhere to the FM, requiring manual checks for FM satisfiability
whenever the expressions were used.

(ii) Additionally, the FExpression class relied on the Jbool Expressions library 5,
which determined equality based solely on syntax. This meant that feature
expressions constructed in different ways, such as having operators added in
a different order, were considered different even when they represented the
same logical expression.

The issue mentioned in point ii was particularly problematic because it could
lead to the addition of prefixes that already existed in the table but in a different
form. This violated determinism and caused inconsistencies. To address this, we
developed a new class that constructs feature expressions directly from the FM,
using a Binary Decision Diagrams (BDD) internal representation °.

Using a BDD structure allows better comparison of feature expressions. Each
feature expression is assigned a unique representation based on its semantics, which
corresponds to the set of products it represents. Importantly, this uniqueness is
maintained for a given feature order. We currently assume that the feature order is
provided by domain experts, whose mental representation of the FM is a tree-like
structure. Our heuristic is based on the assumption that the experts have selected a
convenient feature order that leads to interesting simplifications when branches are
cut in the BDD representation.

7.1.2 Usage

LiFTS can be executed from the command line. After downloading the sources, we
can build with Maven:

Shttps://github.com/bpodgursky/jbool_expressions
6https://github.com/com-github-javabdd/com.github.javabdd
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[ mvn clean validate compile test package ]

If we do not want to execute the test, we can add the -DskipTests option. Once
the build is completed, LiFTS can be launched and parameterised as described by
Table 7.1.

Table 7.1: Usage of LiFTS.

usage: java -jar
target/LiFTS-1.0-SNAPSHOT-jar-with-dependencies. jar -help |
-d | -sul (-ex)? (-0)?

-d Specify we want to use all predefined models with default
number of counterexamples and output directory.
-ex <nbPosExamples>  Specify the number of traces used to generate positive and

<nbNegExamples> negative counterexamples. Default values are 200 for both
positive and negative counterexamples.

-help Prints this help message.

-0 <outputDir> Specify the output directory. If this option is not provided,
target/output/ is used as default.

-sul <sulName> Specify the name of the SUL. This name should correspond
to two files:

e sulName. fts: an XML file storing an FTS used as
a simulator and which is placed under src/main/re-
sourcesl/fts/;

e sulName.dimacs: a DIMACS file storing the FM of
the system and which is placed under src/main/re-
sources/fmi.

7.1.3 Automaton Visualisation

XML files are convenient to generate and to use as software input, but they can be
challenging to handle when it comes to manual comparison. As our models quickly
grow in size, visualisation becomes a concern. We require a tool that can read
XML input files and convert their content into an automaton with states (without
specifying exact coordinates for each node) and labelled transitions, while also
displaying feature expressions. We chose the platform Neo4] *, which fulfills (almost)
all our requirements. Neo4] is a a graph database management system, implemented
in Java, which allows us to interact with it using the Cypher query language 8. It is
widely used by many prominent companies worldwide.

https:/ /neodj.com/product/neo4j- graph-database/
8https://neodj.com/product/ cypher- graph- query-language/
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WITH "filePath.fts" AS uri

CALL apoc.load.xml(uri) YIELD value

UNWIND value._children AS fts

WITH fts

UNWIND fts._children AS states

CALL apoc.create.node(['State’,states._id], {name:states.id}) YIELD
node

MERGE (s:State {name: node.name})

WITH s, states._children AS tr_list

UNWIND tr_list AS transition

WITH s, transition

MERGE (st:State {name: transition.target})

WITH s, st, transition

CALL apoc.merge.relationship(s, transition.action, {fexpression:
transition.fexpression}, {}, st) YIELD rel

RETURN s, st, rel

Listing 7.1: Load an FTS in a Neo4] Database with Cypher

We have defined a Cypher procedure (Listing 7.1) to load an FTS (or FDFA)
into a graph database. This procedure represents states as nodes, transitions as
relationships and feature expressions as properties of these relations. We can now
visualise and interact with our automaton, such as moving nodes, renaming or
removing elements, changing colours and styles, and more. This capability provides
a clear understanding of the model and facilitates comparison between different
versions. One minor issue is that relation properties cannot be directly displayed on
the edges themselves. To access the feature expression associated with a transition,
we first need to select the transition (see an example in Figure 7.3). In practice, this
limitation does not significantly affect our work. However, it is worth noting that in
this thesis, we will settle down for the structure of the automaton, without including
annotations of feature expressions. Readers who desire the complete FDFA are
encouraged to refer to the supplementary materials.

7.2 Case Studies

7.2.1 Forum

The first example was created specifically for the purpose of LiFTS and helped in the
definition of our algorithm. We required a system with few features, but also few ac-
tions (in order to limit the size of the input alphabet). This ensures that the learning
converges within a few rounds. We thus defined an FM (Figure 7.4) composed of 5
features (including 2 abstract ones). A Forum is a place for Anonymous or Registere-
dUser to exchange messages. The system may have a Cancellation functionality to
suppress messages that have not yet been submitted on the platform.
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// Load Desktop FTS WITH "file:///Users besktop/Ou put/fts/svn_fts_simplified. fts" AS

serveTea

SreTeq

Q12
- take .
Qs

S, s,
Sogg

Figure 7.3: Select a transition to get the associated feature expression

Figure 7.5 shows the automata corresponding to the Forum behaviour. Before
sending a message, users should either log in to the platform through their creden-
tials or choose a temporary pseudo. After they typed their message, they can either
cancel (if the Forum allows it) or send their message.

Legend:

( OR ‘:3: XOR

—=& Mandatory —— Cptional

Forum

RegisteredUser

Authentication

Anonymous

Figure 7.4: Forum FM

7.2.2 SodaVending Machine

The Soda Vending Machine SPL (SVM), as described by Classen et al. [44,61], is a
traditional vending machine for beverages. The corresponding FM can be seen in
Figure 7.6. It offers soda and tea, in either euro or dollar currency. Additionally, it
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Figure 7.5: Forum FTS

may provide free drinks or may allow users to cancel an ongoing purchase. The
behaviour of the SPL is captured by the FTS shown in Figure 7.7.

Legend:

( OR Q: XOR
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CancelPurchase
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< Tea

FreeDrinks
<<Dnllar
Eurg

Figure 7.6: Soda Vending Machine FM [44, 61]

SodaVendingMachine
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Figure 7.7: Soda Vending Machine FTS [44, 61]

7.2.3 Minepump

The Minepump model [44, 61] is a product line of pumps designed for keeping mine
shafts clear of water and preventing the danger of a methane explosion. Figure 7.8
displays the FM of this SPL. Each pump in the system is equipped with a water
regulator that can detect the water level in the shaft. Additionally, it may include
a methane concentration sensor and a command interface that enables manual
control of the pump’s start and stop functions. The system should activate the
pump once the water level surpasses a predetermined threshold, but only if the
methane concentration remains below a critical limit. The minepump operates
in a distributed manner, where the controller and sensors function as individual
subsystems that communicate through message passing. The behaviour of the
pumps is described by the FTS depicted in Figure 7.9.

7.2.4 Card Payment Terminal

The Card Payment Terminal (CP Terminal) [61] describes a card payment machine
based on the Eurocard-Mastercard-Visa system. Payments can be done through
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Legend:
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Figure 7.8: Minepump FM [44, 61]

debit or credit. The terminal can access the Internet using different connectivity
options or work in an offline mode. It can read cards with their chip, their magnetic
strip or through near field contact (NFC). Users should authenticate using their
signature or possibly their PIN code. The Card Payment Terminal FM is presented in
Figure 7.10 and its behaviour is described by the FTS shown in Figure 7.11.

7.2.5 Sferion™ Landing Symbology Function

Sferion™ is a project of a pilot assistance system from Airbus Defence and Space.
Sferion™aims to protect helicopters operating in restricted visibility conditions,
such as fog, snowstorm or rain. During the landing, the landing symbology function
marks the intended landing position on the ground to help the pilot. This functional-
ity uses a head-tracked Helmet Mounted Sight and Display (HMS/D) and Hands-On
Collective And Stick (HOCAS). SI_sensor_based or SI_from_DB can provide slope
indication for landing position. An Obstacle Warning System (OWS) uses sensors to
detect the ground and other obstacles in the landing area: either ELOP or HELLAS
sensors. The helmet can also provide visual 3D cues with optionally real reference
to the object to enhance spatial awareness. As an additional safety measure, the
co-pilot of the helicopter can also validate the marked position for landing. An FM
(Figure 7.12) and an FTS (Figure 7.13) was proposed by Devroey [61] to model the
Sferion™ landing symbology function.
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Figure 7.9: Minepump FTS [44, 61]

Table 7.2: Characteristics of the FM for each case study

Model Features | Mandatory | Optional | Constraints | Products
Forum 5 1 1 0 6
SVM 9 2 2 0 24
Minepump 9 2 4 0 32

CP Terminal 21 4 2 4 4,774
Sferion™ 25 10 2 7 64

7.2.6 Models Characteristics

To conclude this chapter, Table 7.2 presents the main characteristics of the different
FMs we just described. For each FM, we give the number of features (Features), the
number of mandatory (Mandatory) and optional (Optional) features in the model,
the number of additional constraints (i.e., that are not displayed in the feature
diagram, Constraints) and the number of valid products (Products) defined by this
FM. Except for the Forum case study, all metrics were computed by Devroey [61].
Similarly, we presented the characteristics of each FTS in Table 7.3. We detail the
number of states (States); the number of transitions (Transitions); the number of
actions (Actions) for each model. The average degree (Avg. degree) corresponds to
the average number of incoming/outgoing transitions per state (i.e., the number
of transitions divided by the number of states). BFS height is the maximal number
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Figure 7.10: Card Payment Terminal FM [61]

Table 7.3: Characteristics of the original FTS for each case study

Model States | Transitions | Actions | Avg. degree | BFS height
Forum 5 5 5 1 2
SVM 9 13 13 1.44 5
Minepump 25 41 24 1.64 15
CP Terminal 11 17 16 1.54 7
Sferion™ 25 46 12 1.84 16

of states between the initial state and another state when traversing the FIS in a
breadth-first manner.
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CHAPTER

EMPIRICAL EVALUATION

This chapter is dedicated to the evaluation of the FL* algorithm. We answer RQ; ;
to RQ; 4 and each of its sub-questions. We have executed LiFTS on the 5 datasets
presented in Section 7.2 and computed different metrics. All experiments have been
executed on a virtual machine with 16 Go of memory and 4 Intel CPU (2 core, 2
sockets).

Table 8.1 presents the characteristics of the final observation tables resulting
from the execution of LiFTS. Columns contains the number of short featured pre-
fixes and extended featured prefixes, before (Not S.) and after (Simp.) applying the
simplification algorithm (Algorithm 5). The last column gives the number of suffixes
(which is the same before and after simplification).

Table 8.2 presents the characteristics of the learned FDFA, for each case study
before and after simplification (Not S. and Simp. respectively). Given characteristics
are the number of states, the number of transitions, the average degree (i.e., the
average number of incoming/outgoing transitions per state) and the breadth-first
search height (i.e., the maximal number of states between the initial state and any
other state).

Table 8.1: Characteristics of the learned OT for each case study

Model Prefixes Ext. Prefixes Suffixes
NotS. | Simp. | NotS. | Simp.

Forum 8 8 70 0 7

SVM 73 24 1,029 0 18

Minepump 288 56 8,616 120 21

CP Terminal 98 40 1,891 32 20

Sferion™ 129 129 1,420 228 47
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Table 8.2: Characteristics of the learned FDFA for each case study

Model States Transitions Avg. degree BFS height
NotS. | Simp. | NotS. | Simp. | NotS. | Simp. | NotS. | Simp.
Forum 8 8 7 7 0.875 | 0.875 3 3
SVM 73 24 77 23 1.055 | 0.958 7 7
Minepump 282 56 369 58 1.309 | 1.036 9 9
CP Terminal 97 39 123 46 1.268 | 1.179 8 8
Sferion™ 129 129 356 356 2.760 | 2.760 35 35

Table 8.3: Learning Times (in milliseconds)

Model Setup | Learning | Simplification Total
Forum 786 358 24 1,168
SVM 882 7,834 98 8,814
Minepump 436 528,127 311 528,874
CP Terminal 324 1,001,398 46,008 1,047,730
Sferion™ 83,004 | 6,815,125 136,973 7,035,102

Execution times (RQ; ;) We have measured the execution times, which are re-
ported in Table 8.3. The Setup phase corresponds to the generation of counterexam-
ples, as described in Section 7.1.1. In general, this phase takes less than a second,
except for Sferion™, which takes about a minute. The Learning phase, during which
the observation table and hypothesis automaton are constructed, varies in duration
depending on the size of the system. The time required to find a valid hypothesis
is less than a second for the forum case, 7.8 seconds for the soda vending machine,
8.8 minutes for the minepump, 16.69 minutes for the payment terminal and 113.59
minutes for Sferion™. For the smaller examples (forum, vending machine, and
minepump), the simplification process takes less than a second, while for the card
payment example, it takes 46 seconds, and for Sferion™, a little over 2 minutes.

Answer to RQ; ; (execution times): Execution times for the proposed frame-
work vary depending on the specific case study being considered, ranging
from just a few seconds to nearly 2 hours. These times are considered accept-
able given the diversity of the case studies and the absence of any extraordi-
nary execution infrastructure. Despite the variability in execution times, the
framework is able to handle a range of examples within a reasonable time-
frame, demonstrating its practicality and effectiveness in real-world scenarios.

Queries and Learning Rounds (RQ; 2 and RQ; 3) The number of membership
queries for each case study, shown in Table 8.4, varies between 546 and 186,984. For
equivalence queries, we have generated 200 positive and 200 negative examples,
with a maximal depth (a.k.a. length threshold) of 35 actions. When we remove
duplicates among produced traces, we obtain 7 to 363 examples. The number of
learning rounds corresponds to the instances that we effectively need to address
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Table 8.4: Characteristics of learning

Model Counterexamples Queries Rounds Resets
Positive | Negative MQ EQ

Forum 4 3 546 7 3 15,596

SVM 6 17 19,836 | 23 6 219,460

Minepump 19 35 186,984 | 54 11 2,934,811

CP Terminal 14 19 39,780 33 9 436,942

Sferion™ 194 169 72,803 | 363 6 57,057,295

because they have not yet been modelled in the hypothesis.

The analysis of learning rounds in relation to the number of equivalence queries
reveals the FL* learning productivity. In the case of the Forum case study, the
number of learning rounds is approximately half of the number of equivalence
queries. This indicates that, on average, for every observed behaviour, LiFTS can
infer a second distinct behaviour without the need for additional measures. Similarly,
for the soda vending machine, the mine pump, and the card payment terminal, 70
to 80% of the total behaviour can be inferred this way. In Sferion™, this number
increases up to 98% of inferred behaviour.

These findings underscore the effectiveness and efficiency of LiFTS in exploring
the behaviour space of the system. By inferring additional behaviours from the
observed ones, LiFTS demonstrates its capability to capture and model system
dynamics without relying on extensive testing or exhaustive equivalence queries.
This productivity is particularly valuable as it reduces the effort required to uncover
a significant portion of the system’s behaviours, providing valuable insights and
contributing to the overall understanding of the system’s behaviour.

Comparing the numbers obtained from our approach with those from state-of-
the-art approaches [54,56,201] can be challenging due to an evaluation performed
on different case studies, but mostly for the reasons mentioned in Section 6.5. To
provide a more accurate evaluation of our algorithm, further analysis should be
pursued. Conducting a comprehensive statistical analysis would enable a com-
parison between learning the products individually or as a family. This would in-
volve comparing the learning curves for each case study, determining at what point
family-based learning becomes more advantageous than product-based learning. By
considering factors such as reusability and the associated costs of the family-based
approach, we can determine the optimal approach for each scenario. Automating
the computation of comparison metrics between the SUL and the learned model,
such as Precision, Recall, and F1-score, would also be valuable. These metrics have
been previously used by Damasceno et al. [56] to validate their approach and can
provide a quantitative evaluation of the learned model’s performance. By comparing
these metrics, we can assess the accuracy and reliability of our approach in capturing
the behaviour of the system.

By undertaking these additional analyses, we can obtain a more comprehensive
and meaningful evaluation of our algorithm. This will facilitate a more accurate
comparison with state-of-the-art approaches and provide deeper insights into the
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strengths and limitations of our approach in relation to different evaluation criteria.

Answer to RQ; » (membership queries): The number of membership queries
ranges from 546 for the Forum case to 186,984 for Sferion™. Comparing the
numbers with state-of-the-art approaches is challenging due to an evaluation
on different case studies and other reasons discussed in Section 6.5.

Answer to RQ; 3 (equivalence queries): For each case study, we executed
7 to 363 equivalence queries, depending on the VIS complexity. FL* learn-
ing productivity is examined by comparing this number with the number
of the learning rounds required to consider all the generated counterexam-
ples. The results show that a significant portion (57% to 98%) of the system’s
behaviour can be inferred from previous observations, reducing the effort
required for learning the system. To provide a comprehensive assessment of
the algorithm’s strengths and limitations, it is necessary to conduct a quantita-
tive, statistical evaluation, allowing for a more thorough understanding of its
performance across various metrics and in comparison to other approaches.

Resets (RQ; 4) Resets are the nightmare of learning algorithms. They allow the
system to get back to its original state, for example by restarting it. This is often
mandatory to execute membership and equivalence queries from the right context.
However, resets are expensive operations and may not be realistic for certain systems
(e.g., embedded system). As a result, minimising resets is typically a desirable goal.

In LiFTS, the number of resets for the evaluated case studies ranges from 15,000
to 57,100,000, as indicated in the last column of Table 8.4. Although these numbers
may appear significant, it is important to note that the majority of these resets are
aresult of counterexample generation. Therefore, improving the counterexample
generation process could have a significant impact on reducing the number of resets.
This would make the approach more practical for systems where resets are expensive,
contributing to the applicability of LiFTS in a wider range of domains.

Moreover, it is worth mentioning that for learning 15 sampled products of the
minepump SPL (the only common system between the two approaches), Tavassoli
et al. [201] reported 3,838,078 resets, while LiFTS achieved 2,934,811 resets. This
comparison shows promising results and suggests that LiFTS is able to achieve a
comparable or even lower number of resets for identical systems, which is encourag-
ing.

Answer to RQ; 4 (resets): The number of resets observed in our evaluation of
the 6 case studies ranges from 15,000 to 57,100,000. By way of comparison,
Tavassoli et al. [201] reported about 900,000 more resets than LiFTS when
learning the minepump SPL in a product-based approach based on 15 sam-
pled products. It is all the more encouraging that addressing counterexample
generation has the potential to considerably decrease the number of resets.
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DISCUSSION

This chapter identifies threats to validity. Then, we suggest some new research
direction. We conclude the chapter with a discussion about one specific hypothesis
of FL*.

9.1 Threats to Validity

Internal validity. To provide a more comprehensive evaluation of our approach,
it is crucial to conduct a thorough statistical analysis to assess the impact of ran-
domness, particularly in the order of counterexample generation. Additionally,
evaluating the order of features given to the BDDs, which is currently determined by
domain experts, is important. Furthermore, we should explore the effect of different
parameters, such the number of positive and negative counterexamples (currently
set to 200) and the length threshold for trace generation (set to 35).

We made the assumption that the FM was pre-existing, allowing us to focus
on behavioural aspects. While this assumption may seem strong at first glance,
we have shown that FM learning was a subject already treated in the literature.
There exists several dedicated methods, such as natural language analysis [145],
static analysis of variant configurators [191], variant catalogues (product tables),
data mining [4, 5], evolutionary algorithms [152], efc.. Until now, we only consider
systems with Boolean features. Learning systems with different types of features is
still an open research question. Mapping the behaviour with the relevant structural
information is another assumption we make (i.e., associate specific products and
behaviour). We develop that subject in Section 9.3.

For LiFTS, we chose Java as a programming language. This popular language
allows us to interact with the VIBeS framework [62,66] to reuse FTS utilities and with
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the JavaBDD library ! to manipulate feature expressions. Otherwise, we develop a
completely new framework. Not relying on an existing framework, like e.g., Learn-
Lib [158, 179], implies more freedom in the architecture and a simpler code (fully
dedicated to our task). However, we missed the generalisation of a popular frame-
work, with many contributors. LearnLib proposes lots of optimisations, several
implementations for different types of target models (e.g., Mealy Machines, DFA,
NFA, etc.), active and passive algorithms (e.g., L*, RPNI, efc.) and different types
of equivalence queries (e.g., conformance testing, search-based, etc.). It could be
interesting, now that F* is validated, to integrate it into such a framework.

Framework integration will also help optimising equivalence queries. First, we
chose to focus on membership queries and the core of L*, to ensure our algorithm
was suitable. The way we implemented equivalence queries is thus very naive and
could be improved. We could explore other techniques to generate counterexam-
ples, like conformance testing or search-based. Adapting these techniques to take
variability into account is one of our future research directions.

External Validity. Validating an automata learning approach can be quite challeng-
ing. The simpler way, used in most automata learning contest is to use a pre-existing
model as a benchmark. The model is hidden and the result of each approach is
compared to it. This is the method we used here to simulate equivalence queries. In
practice however, the approach exhibits some disadvantages. First, it requires such a
model which is not always easy to provide (especially in our case, see the dedicated
challenge [202] to obtain similar benchmark). Moreover, the validation can be bi-
ased. If the learning approach is tuned specifically for one automata contest, it can
pass all tests successfully but fail to learn a new model. In that case, the proposed
learning approach lacks generalisation.

We consider models from various sources [44, 61], each possessing different
characteristics such as the number of features, type of feature constraints, number
of states, transitions from the original FTS, etc.. While we cannot guarantee generali-
sation to all product lines, a benchmark comprising six diverse datasets (including
five from the literature and one homemade dataset) seems reasonable to demon-
strate the viability of our approach. However, it is crucial to extend our analysis
to larger and more complex datasets, such as industrial cases and those involving
non-Boolean features. Nonetheless, working with extensive input alphabets and
large datasets may not be feasible in the near future. To quote Frits Vaandrager [216]:

“As a result, model learning currently can only be applied if there are
less than, say, 100 inputs.”
— Frits Vaandrager [216]

This statement highlights the current limitations of model learning and reinforces
the need for further research and advancements to handle larger and more complex
datasets.

Ihttps://github.com/com- github-javabdd/com.github.javabdd
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9.2. Other Research Directions

To evaluate our approach in more realistic use cases, it is essential to extend the
SUL interface by enabling interaction with a real system, rather than relying on a sim-
ulator. It would significantly enhance the realism and practicality of our approach,
enabling us to assess its effectiveness in real-world scenarios. This extension would
allow us to evaluate the accuracy and robustness of our method when confronted
with real-time inputs, providing an opportunity to identify any limitations and refine
our approach based on real-world observations. Overall, incorporating the SUL
interface with a real system is a crucial step towards validating and enhancing the
practical value of our approach.

9.2 Other Research Directions

Equivalence queries As mentioned previously, equivalence queries should be
thoroughly studied in the context of variability. An equivalence query compares
the hypothesis to the system or to a simulator of the system to check if they are
equivalent. Usually, the simulator is defined as another hidden model, as we did
in this thesis. The only possibility to decide if two models are truly equal is to use
bi-simulation. Bi-simulation algorithms for FTS [23] are already very costly. Besides
that, capitalise on a hidden model has two major flaws. Firstly, it is as good as the
model corresponds to the real system. Secondly, it means having access to another
behavioural model, which is exactly chat we want to learn in the first place. For all
these reasons, hidden models are interesting in development process (as we did
here), but are not realistic in a concrete case.

Therefore, we can approximate the equivalence by interacting with the system,
through counterexamples. Counterexamples define the way we travel through
the (very large, sometimes infinite) space of behaviour. Since it is not possible
to explore the full state space, it is thus mandatory to have a good prioritisation
technique, allowing us to explore a maximum state space in a minimum number of
counterexamples. In practice, counterexamples can be efficiently obtained through
conformance testing and monitoring, but these techniques have not yet been studied
for variability contexts.

Framework optimisations To evaluate the effectiveness of FL*, we conducted
experiments using SPL with a limited number of features and actions. In order to
apply the algorithm to larger benchmarks, improvements to LiFTS are necessary.
While the current implementation performs acceptably within acceptable time limits
(all case studies were learned in less than 2 hours), it is likely that it will not scale
well for larger systems. One possible optimisation would be to leverage parallelism
to expedite the learning process. However, considering integration into another
framework offers additional advantages. By integrating a widely-used framework like
LearnLib [179], we can benefit from better generalisation, code optimisations, and
the development of additional functionalities, such as enhanced equivalence queries.
Figure 9.1 presents the various learning options implemented within LearnLib.
Furthermore, integrating with LearnLib would enhance the visibility of the algorithm,
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attracting interest from researchers beyond the SPL community and potentially get
advice from a wider audience.

Learning Algorithms

Data Structures
Counterexample
Analysis
Automata

Figure 9.1: Principal features of LearnLib [179]

In addition to execution times, another crucial aspect to consider is memory
usage. Currently, the observation table is stored in memory throughout the entire
learning process. However, when dealing with large systems, the size of the table
can become a limiting factor. To address this issue, we are interested in exploring
alternative approaches, such as using external database storage. By leveraging an
external database, we can potentially increase the model’s resilience and enhance
its learning capacities. Storing the observation table in a database allows for effi-
cient management of large-scale data, enabling more scalable and robust learning
processes.

Combining with FM Learning Instead of relying on a pre-existing FM, we could
investigate learning structural and behavioural aspects jointly. Models are often
outdated, if at all existing. Since FMs are not an exception to the rule, this scenario
is probably more realistic. Moreover, by reusing the same artefacts, we could benefit
from scale economies. Yet, the road is not straightforward and the potential costs
could be superior to the benefits we derive from it.

9.3 Structural vs. Behavioural Variability

In the previous chapters, we provide an algorithm that learns an FDFA for a complete
SPL. This algorithm is based on Angluin’s L* approach and treated feature expres-
sions as first-class citizens. We modify the classical data structures to take variability
into account and we rely on modified queries. However, this approach requires
a strong hypothesis: we assume that behaviour can be associated to structural
variability (i.e., feature expressions). More precisely, the Teacher should be able
to tell what are the products that can and cannot accept a given word (i.e,, if the
product automaton accepts the corresponding run). This requirement is mandatory
for both membership and equivalence queries. This hypothesis is not trivial and
should be explored carefully.

86



9.3. Structural vs. Behavioural Variability

First, we suggest a simple static mapping. In that scenario, each action from
the input alphabet could be statically associated with a feature or a feature expres-
sion. This simple solution seems however too restrictive: what if we have the same
action, with different constraints depending on dynamic constraints? Or a feature
expression which is specific to a sequence of actions rather than a unique action? In
consequence, we decided that a static mapping seemed too restrictive for such an
inherently dynamic task as behaviour learning.

Then, we consider the specific ordering of actions to map feature to behaviour.
Our goal was to keep the same hypothesis we used for developing FL*. Thus, we
can use the FM of the system and can generate and/or run execution traces. Quite
naturally, we turned to supervised machine learning techniques. In particular, the
domain of NLP brought our interest. In NLP, the order of events (e.g., the order of
words in a sentence) is of crucial importance. Like natural language, execution logs
follow a kind of grammar and use a specific vocabulary (i.e., the actions permitted by
the system). Thus, in the last part of this thesis (Part III), we apply NLP techniques
to learn a mapping between features and execution traces.
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CHAPTER

VARYMINIONS OVERVIEW

In the context of maintaining VISs, such as business processes and SPLs, examining
behaviours is essential for accurate diagnosis. When managing multiple process
variants, it becomes essential to identify the subset of variants that directly relate
to the behaviour being investigated. This knowledge allows us to concentrate our
analysis efforts on the relevant variants, thereby streamlining the diagnostic process.

In this part, we consider process/product executions stored in event logs, where
an event trace (or trace) is an ordered sequence of events. Event logs do not usually
contain information about which specific variant (or set of variants) could have pro-
duced each event trace. However, being able to locate variations is an essential part
of any reengineering endeavour [15] (e.g., debugging an anomalous execution or ex-
ploring refactoring opportunities). Identifying which variant(s) may have produced
a given trace is also naturally useful for testing techniques, notably to sample which
variants should be tested [107]. However, existing variant analysis [204] techniques
do not answer this question but rather cover the inverse operation, i.e., focusing on
the differences between identified variants.

To support these activities, we train Recurrent Neural Networks (RNNs) [182,187]
architectures with different hyperparameters (loss and activation functions among
others) to predict the candidate variant(s) that could have produced a given event
trace. We make the following contributions:

(i) the first family-based approach, which we called VaryMinions, to map execu-
tion traces to variants of a system. We showed empirically that VaryMinions
can distinguish 50 variants from 5,000+ event traces per variant;

(i) adetailed account on the usage of LSTMs [119] and GRUs [41], two RNN archi-
tectures, on six different datasets, describing business processes and course
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management system variants, showing that we can identify the variant(s)
producing an event trace with high accuracy (> 80%);

(iii) four datasets openly available and based on Claroline [61, 64, 65] and contain-
ing 2 % 10 and 2 * 50 configurations with 5,000 traces per configurations;

(iv) a characterisation of the learning difficulty based on the behaviour shared
amongst event traces.

(v) an implementation of our approach using two common Python frameworks

reusing RNNs implementations (namely Tensorflow [59] and Keras [42]) and
its evaluation on the different datasets.

In this chapter, we motivate the need for a tool like VaryMinions, then we give
an overview of the proposed solution. Chapter 11 presents the datasets and the
experimental setup with more details. Chapter 12 gives the results of our evaluation.
Finally, Chapter 13 discusses certain factors influencing our experiments, such as
hyperparameter variability and alternate labelling of variants.

10.1 Motivation

Two problems motivated the design of VaryMinions: i) locating bugs in VISs; ii)
reverse engineering the behaviour of an entire SPL.

10.1.1 Testing and Bug Localisation Techniques

Modern SPLs incorporate many options to match the specific user needs. They have
a common code base which interacts with the optional features’ implementation
depending on user needs. A high number of options prevents testing all the possible
configurations of modern SPLs. For instance, the estimated number of configura-
tions of the Linux kernel is about 26°°°, This number is orders of magnitude beyond
the estimated number of particles in the universe (2329).

Let us consider the following case study to illustrate the difficulty of testing
VIS. JHipster is a configurable framework allowing to build full-stack web applica-
tions [184]. Halin et al. studied JHipster version 3.6.1, providing a feature model
composed of 48 features and set up an exhaustive testing environment to build all
the 26,256 configurations of this version [107]. This effort took eight man-months
of engineering and more than 3,500 CPU hours of computations. Additionally, the
authors interviewed JHipster’s developers who acknowledged that they only fully
tested 10 configurations. To select these 10 configurations, they focused on the
most popular ones. Yet, 10 configurations could not cover the feature interaction
bugs. This experiment shows that even when the system’s size is modest enough for
exhaustive coverage, the cost is prohibitive, especially for open-source communities.

A limited testing budget for huge configuration spaces implies that logs are
necessarily incomplete and may miss important information for debugging, such as
the mapping between traces and configurations. Besides the variability dimension,
storing detailed information on the system’s behaviour is costly. Candido et al. [35]
reported that logging preventively such detailed information would end up in large
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logs (several terabytes) hindering analysis. However, to understand interaction
bugs, we must observe the configurations impacted by these bugs. Predicting which
configurations belong to a given trace gives the context for bug understanding while
keeping a manageable log size.

10.1.2 Behaviour Reverse-engineering

In Part II, we have introduced a new adaptation of Angluin’s algorithm, known
as FL*, to consider variability aspects. The FL* algorithm focuses on learning a
VIS in a family-based fashion. However, to accomplish this, it requires relating
Angluin’s queries and counterexamples to the configurations of the system. While
the Teacher only knows about previously observed behaviours, it must be able to
associate a new, unseen trace with the corresponding subset of system variants. As
a result, a prediction technique is required to establish the relationship between
unseen behaviours and the relevant system’s variants (or their associated features,
as discussed in Section 13.3).
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Figure 10.1: LiFTS overview: interaction with VaryMinions

In the core framework of this thesis, as illustrated in Figure 10.1, VaryMinions
plays a key role by directly interacting with both the SUL, to make predictions, and
the Teacher, to handle queries and counterexamples. Interactions can be separated
into two scenarios:

(i) Inthe first scenario, instead of generating separate membership queries for
each system variant, FL* formulates a single query and determines the subset
of variants that accept this query. In this scenario, VaryMinions takes the query
as input and returns the corresponding subset to the Teacher.

(i) The second scenario involves equivalence queries. The Teacher provides a
counterexample for a specific variant. In this case, VaryMinions generalises
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the counterexample to encompass all configurations that may be related to
the counterexample, completing the Teacher’s answer.

10.1.3 VaryMinions’ Research Question

These examples illustrate the need to map execution traces (present in logs or
derived on-the-fly via active learning) to VIS configurations. More precisely, given
a set of event logs from different variants of a VIS, how can we classify previously
unseen traces to multiple variants? To answer this question (RQz), we propose
VaryMinions, an implementation described in the next section.

10.2 Architecture

With VaryMinions, our objective is to establish a mapping between execution traces,
which represent a series of events occurring in a specific order, and system configu-
rations capable of generating these traces. In this context, events are not randomly
generated but rather depend on the previous succession of events. Some events
are directly influenced by the preceding events, while others may be influenced by
events that occurred much earlier in the trace. Chapter 3 demonstrated the effec-
tiveness of LSTMs and GRUs as efficient text classifiers (e.g., [135,151]), highlighting
their potential to handle textual data and ordered sequences of events. Notably,
these architectures address issues like exploding or vanishing gradients that tra-
ditional RNN models suffer from [43, 118], making them well-suited for our task.
Although their application in the domain of technical documents or software specifi-
cations is still relatively unexplored, LSTM and GRU architectures are well-suited for
associating behaviours with variants. Furthermore, considering the sequential de-
pendency of events, we treat traces as text, interpreting them as ordered sequences
of symbols that adhere to a specific grammar.

Figure 10.2 provides an overview of VaryMinions’ architecture. The input data
(a) are a set of available execution traces. For training, traces are associated with
the set of system variants that can produce them. The inputs first pass through
an Embedding layer (b) that transforms the sequences of events into a vector of
indexes (to make the representation more compact and to ease their processing).
The embedding layer creates a structured space in which indexes that occur in a
similar context are close. In this new representation space, indexes become vectors,
and initial traces become tensors composed of numerical weights. This homoge-
neous representation allows performing mathematical operations on those weights
through the rest of the network.

The embedding layer is also configurable, e.g., we need to specify the number
of dimensions of the representation space and the number of dimensions in the
output tensors. We keep the number of dimensions the same in input and output to
avoid combining different input dimensions into one output dimension. We then
link this layer to the RNN layer (c), which is instantiated with either LSTM or GRU
units to learn the relationships between elements of the tensors. Again, this layer is
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configurable, in particular with the number and usable kinds of units (detailed in
Section 11.3).

There exist unidirectional and bidirectional [187] units. Unidirectional layers
only consider the processing of the sequence in one direction (from start to end).
In contrast, bidirectional layers also handle the other direction (from end to start),
which can be helpful in language processing. In our case, traces are fully available
at training time. Reading them forward and backwards can help grasp long-term
relations between events. Because of our analogy with text, we use bidirectional
units [187] only.

Then the network continues with one Dense layer (d) preparing for classifica-
tion. We made the number of units in this layer the same as the number of classes
(i.e., configurations). The output of the network (e) is a vector of 1s and 0s whose
number of elements is equal to the number of configurations of the system. This
vector classifies the trace into one or more configuration(s). In this vector, 1s state
that associated configurations can generate the input trace and 0s that they cannot.

For instance, let us take a simple system with three configurations. The output
vector is thus of size three. If our prediction model outputs the vector [1,1,1], it
predicts that all the configurations can execute the input trace. In another case, the
output vector is [0, 1,0]. Then, only the second configuration is able to produce the
input trace, etc.. One should note that our models cannot provide the output vector
[0,0,0] since the RNN selects at least the configuration with the highest score.

Configurations
R““&——x, ‘
race?
>
a) Input b) Embedding c) RNN d) Dense e) Output

Figure 10.2: Description of the VaryMinions architecture
Unlike FL* (Part IT), VaryMinions does not necessarily require a complete feature

model but rather a set of variants, which can be sampled from a feature model or
obtained through product descriptions.
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EVALUATION PROTOCOL AND IMPLEMENTATION

In the following, we describe our evaluation protocol to validate that we can learn
which variants of a system may have produced an execution trace. First, we state the
research questions that drive this experimentation before describing the creation
and annotation of our datasets. Then, we explain how we instantiated VaryMin-
ions regarding our specific context. Finally, we present the running setup and the
evaluation metrics.

11.1 Research Questions

We state the following research questions concerning the multi-classification of
execution traces among the different VIS variants (RQ2):

® RQ ; How accurately can we identify process variants based on their traces?
This question addresses the efficiency of our approach. To the best of our
knowledge, this is the first attempt to use RNNs to learn such a mapping, we
cannot compare it with the state of the art. Instead, we expect the RNNs to be
at least better than random classifiers (accuracy higher than > 50%).

® RQ2 2 What is the performance of LSTMs versus that of GRUs for process
traces classification? We would like to know which model architecture is the
most appropriate for this task, if any.

11.2 Datasets Selection and Preprocessing

We use six different datasets that we divide into two groups. The first group contains
the 2015 and 2020 editions of the Business Process Intelligence Challenge (BPIC).
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Each dataset contains event logs, describing different executions of configurable
processes:

e BPIC15 (DS1) represents building permit applications in five municipalities,
each one corresponding to a process variant [222]; and

e BPIC20 (DS2) gathers data from the travel reimbursement process at the
Eindhoven University of Technology (TU/e), where variants correspond to
different kinds of documents to be managed [223].

The second group consists of four datasets containing event logs describing
executions of different variants of Claroline [61,64], an online course management
system used at the University of Namur until 2018. Claroline was the main commu-
nication channel between students and lecturers, with approximately 7,000 users.
Its architecture is plugin-based. Depending on needs, one can deploy new variants
at runtime.

11.2.1 Business Process Intelligence Challenge (BPIC)

The original BPIC datasets (from [222,223]) contain only valid and complete traces,
together with other information. We prune the logs to keep only the process variant
id, the trace id and the sequence of events. To cope with different trace lengths, we
apply padding (i.e., filling traces with other meaningless events and using a mask to
know where the processing should stop). Trace duplicates are removed and since
multiple variants can produce the same trace, we encode the variants into a binary
vector (where the size matches the number of variants) that serves as a label. A value
of one at the i-th index of the vector denotes that we observed at least once the trace
associated with variant i. Traces associated with all variants have thus a vector full of
ones. In the end, each trace is associated with one or more variants (i.e., classes) and
we expect the RNN models to learn these associations to predict the variant(s) for an
unlabelled trace. We wrote this preprocessing procedure in Python and it is part of
VaryMinions’ implementation [87].

As described in Table 11.1, DS1 contains 5,542 traces after preprocessing, with
a maximum of 154 events per trace. The five process variants are fairly equally
represented since they contain 1,108 traces on average, with a minimum of 828 and
amaximum of 1,350. DS1 is therefore well balanced. DS2 contains 2,074 traces after
preprocessing, with 5 process variants and a maximum of 90 events per trace. The
least and most represented process variants contain 89 and 1,478 traces respectively,
with an average of 415 traces per variant. Therefore, the dataset is imbalanced,
suggesting it is more difficult to learn accurately.

To better characterise the learning complexity, Table 11.1 shows the number of
traces per class (i.e., variant) and the overlap (i.e., percentage of variant-specific and
shared behaviour) between classes. The number of traces provides a first indication
of the learning difficulty: more traces generally yield a more accurate network once
trained. DS1 contains equally represented classes with limited overlap (< 0.5% in
the last column), while DS2 is less balanced in how classes are represented and how
they are interleaved, denoting a shared behaviour between multiple variants. In
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Table 11.1: Overview of the preprocessed datasets used in our experiments. Class-
specific metrics (cols 3-5) represent: (i) the number of traces per class, (ii) the
percentage of traces assigned specifically to this variant in the dataset, and (iii) the
percentage of traces shared by this variant and at least another one.

Dataset Class Id # Traces % Varlant-.spemﬁc % Sha‘red
behaviour behaviour
Munic. 1 1170 99.658 0.342
DS1 Munic. 2 828 99.638 0.362
(BPIC15) Munic. 3 1350 99.778 0.222
5,542 traces Munic. 4 1049 99.905 0.095
Munic. 5 1153 99.827 0.173
Int’l Decl. 753 30.013 69.987
DS2 Dom. Decl. 99 100 0.0
(BPIC20) Permit Req. 1478 64.344 35.656
2,074 traces Prepaid 202 90.099 9.901
Req. For Pay. 89 77.528 22.472
DS3 Variant 1 5000 100 0
(Clar. Dis. 10)
50,000 traces Variant 10 5000 100
DS4 Variant 1 5000 100
(Clar. Rand. 10)
50,000 traces Variant 10 5000 100
DS5 Variant 1 5000 100
(Clar. Dis. 50)
250,000 traces Variant 50 5000 100
DS6 Variant 1 5000 100
(Clar. Rand. 50)
250,000 traces Variant 50 5000 100 0

particular, for DS2, there is a big overlap between the International Declaration and
the Permit Request variants, and between the Prepaid Travel Cost and the Request For
Payment variants, while the Domestic Declaration variant is completely separated.

11.2.2 Claroline

Claroline is a highly configurable web-based system whose behaviour depends on
a set of activated options. In total, Claroline contains 44 options leading to more
than 5,406, 700 unique variants. Handling such a large configurable system is not
trivial as it requires deriving different variants and executing them in various ways
to trigger different behaviours and collect, format, and process the corresponding
event logs. Setting up such pipelines is hard and outside the scope of this thesis.
For those reasons, we decided, instead of executing the actual system, to simulate
executions of different variants using an FTS capturing the behaviours of different
configurations of Claroline. The FTS was reverse-engineered by Devroey et al. [61,64]
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from a 5.26 Go Apache web-server log containing 45,210,987 entries collected from
January 2013 to September 2013 using a bigram inference method. The final FTS
consists of 106 states and 2,053 transitions.

Simulations. The simulation of a given Claroline configuration works as follows.
First, the FTS is projected on the configuration (i.e., pruned) to keep only the subset
of behaviours that can effectively be executed by the configuration. The result of
that process is a classical transition system, describing a subset of the behaviours
of Claroline. Second, the traces associated with the configuration are produced
using random walks through the transition system. We generated 5,000 traces per
configuration. To avoid infinite traces (e.g., in case of a loop in the transition system),
we also limited the size of a trace to 300 events. We relied on VIBeS [62, 66], a model-
based testing tool for highly-configurable systems, to project the FTS and generate
the traces.

We relied on two different strategies to select the different simulated Claroline
configurations: random selection and dissimilarity-based selection. The random se-
lection consists in selecting a set of (valid) configurations using a dedicated generator
ensuring a random distribution of the selection. In our case, we used CMSGen [101],
a fast uniform-like sampler. CMSGen comes with a default parameterisation that
we reused as is.! Unlike random, dissimilarity-based selection [113] picks config-
urations in such a way that they are as dissimilar as possible when considering
their selected options. For our evaluation, we used PLEDGE [114], a search-based
dissimilarity-driven configuration selection tool. We selected the default parame-
terisation of PLEDGE, with one minute per generation. We have set the number of
configurations to two different values: 10 and 50. This way, we can go beyond the
difficulty provided by the BPIC datasets and check that our method can run when
the number of configurations is higher. While 50 is still small compared with the
number of possible unique variants of Claroline (i.e., > 5,000,000), it is closer to a
realistic setting.

Event logs datasets. We have derived the four different event logs datasets based
on the following sets of configurations of Claroline:

e Claroline Dissimilar 10 (DS3) regroups execution traces of 10 different con-
figurations of Claroline, selecting the most dissimilar sets of options. This
dataset should lead to more discriminated traces and better classifications.

e Claroline Random 10 (DS4) gathers traces from 10 different instances of
Claroline, randomly chosen to have a more realistic dataset.

e Claroline Dissimilar 50 (DS5) is similar to DS3, but with 50 configurations to
allow more diversity.

e Claroline Random 50 (DS6) is similar to DS4, but with 50 configurations.

For each of these datasets (DS3 to DS6), the output of this generation process
is a file containing 5,000 traces per configuration that we can use as an input for

ISee https://github.com/meelgroup/cmsgen for details.
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VaryMinions. In our case, we thus have either 50,000 traces per file (for 10 configura-
tions) or 250,000 traces per file (for 50 configurations), as shown in Table 11.1. The
last two columns of this table show systematically 100% of variant-specific behaviour
and 0% of shared behaviour for Claroline datasets, meaning that for each trace, at
least one action is specific to one variant of Claroline. This is due to the use of a
sampler for selecting the configurations, giving very little control over the traces
overlap. Due to the huge amount of possible variants (i.e., > 5,000, 000), the chance
to find any shared behaviour between multiple variants is almost zero.

11.3 RNN Parameterisations

As we said before, because we use sequences of events, we investigate the use of
RNNSs to learn to which configuration(s) we can associate a trace. More specifically,
we focus on LSTMs and GRUs. As for many DL models, hyperparameters must be
defined. Because there are so many, we decided to vary only a few of them to try
to understand how much impact they may have on learning. We focused on the
functions that are used inside the networks and that may impact the quality of the
predictions. We also manually selected a subset of hyperparameters that we fixed to
a specific standard value. Hyperparameters and their values are described in detail
hereafter and summed up in Table 11.2.

Number of hidden layers. One specific aspect that impacts the learning capabili-
ties of neural networks is their topology. Since the traces are short compared to text
documents, we decided to use networks with only one hidden layer. It may avoid
potential overfit, that can emerge from more complex structures (e.g., auto-encoder),
while offering satisfactory prediction performance.

Units. In earlier experiments [86], we used different numbers of units regarding
the RNN layer (c¢). This number affects the topology of the network and may help to
grasp more complex concepts if this number increases. Yet, having too many units
on a layer may lead to dealing with redundant information that will deteriorate the
final prediction performance of the network [93]. On the contrary, a layer with a
smaller number of units may not have the capability to grasp interesting information
which may also harm the prediction performance [93]. Based on our previous
experiences, we decide to set the number of units to 30 which has shown relatively
good performances while limiting the training time.

Training set, batch size and epochs. Other hyperparameters can be set affecting
the training time and the optimisation of the many different parameters (e.g., weights
between layers and units) of the networks. Common hyperparameters to set are the
ratio of data used to train the model and those used to evaluate the performance of
the model; the size of the batch of data that the model will have to deal with during
training, which may mitigate overfitting; and the number of time the model will
optimise parameters over the whole training set (i.e., the number of epochs). Each
of these hyperparameters was set as follows:
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(i) the percentage of data used for training is set to 66% of the whole dataset
which is a common value in the community, the remaining traces are used in
the test set to assess the generalisation performances of the trained models;

(ii) we set the batch size to 128, which is adapted to the dataset size;

(iii) we set the number of epochs to 20 to avoid overfitting. In our preliminary
evaluations (evaluated between 10 and 50 epochs), a plateau was reached after
approximately 15 epochs. We finally set the number of epochs to 20, to allow
for small increases in accuracy.

Activation functions. Activation functions are defined at the level of units (i.e., neu-
rons) and respond to an input signal. If the signal is strong enough, the neuron is
activated and the output is also high. Though different activation functions can be
used for each neuron, it is common to define an activation function for an entire
layer. We have used a Rectified Linear Unit (ReLU) function on the hidden layer RNN
layer (i.e., (c) in Figure 10.2) to alleviate the vanishing gradient problem. Regarding
the Dense layer (d), we experimented with two common activation functions which
are sigmoid and hyperbolic tangent (tanh). Both are shown in Figure 11.1. The main
difference between both is their definition domain which affects how they handle
negative input values. The sigmoid function is defined over [0; 1] meaning that as
the values get closer to —oco the neuron is closer to being non-activated at all (i.e., the
output signal is 0) while as the input values are getting larger the response is also
getting larger. When the input value is 0, the response is 0.5. On the other hand, tanh
is defined over [—1;1]. It may be useful to take into account negative correlations
and when the input value is 0, the response is also 0. Using one or the other may
affect the “strength” of the signal that will reach the last layer for classification in
turn affecting which class (i.e., configuration) will be recognised.

—— sigmold function
Tanh functien

—

Figure 11.1: Sigmoid (blue) and tanh (orange) function responses represented by
the Y-axis depending on the input signal (X-axis).
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Loss functions. Loss functions are used during training to optimise the weights of
the networks by back-propagating errors. We have used three loss functions already
implemented in tensorflow 2, namely Binary Cross-Entropy (with and without logits,
respectively named hereafter Bin-CE and Bin-CE logits) and the Mean Squared Error
(MSE). Logit is defined as the inverse function of the sigmoid. We also implemented
two custom loss functions: a variant of the Jaccard distance [124] (named Weight_-
Jaccard hereafter), and the Manhattan distance between two vectors. The motivation
for these two last functions is that because a single trace might be assigned to
different process variants, thus the error should be defined considering a comparison
of elements of vectors but not from a single value. This difference between two
vectors should define a distance score. The Manhattan distance (sometimes called
L1 norm) computes the sum of absolute differences between each element of the
two vectors (i.e., , in this case, the process variants). The Jaccard distance assesses
how many equal elements of two vectors are over their size. We have implemented
a variant of the Jaccard distance to cope with floating-point values generated by
the networks. The Jaccard distance was employed to evaluate trace dissimilarity
in variability-intensive systems (e.g., [67]). Further discussions about the use and
characteristics of these loss functions are provided in Section 13.2.

Table 11.2: Hyperparameters settings

Hyperparameter Considered values
Type of Classifier GRU, LSTM
# Units 30
% Training Set 66%
Batch Size 128
# Epochs 20
Activation Function sigmoid, tanh
Loss Function Bin-CE, Bin-CE logits, MSE,
Weight_Jaccard, Manhattan

11.4 Model Training

We decided to use only a training set and a test set in our evaluation due to the
number of available execution traces. The training and performance evaluation
process is done as follows: i) the entire dataset is randomly split into training and
test sets. We have used the Keras function train_test_split 3 that ensures the data
distribution of classes among the two sets are similar. ii) a model is trained using
the training set. iii) its prediction performances are evaluated on the test set. To
mitigate biases in our analyses we decided to train and evaluate the performance of
each parameterisation ten times on each dataset. For each run, the whole training
and performance evaluation process is started again (i.e., splitting into training and

Zhttps:/ /www.tensorflow.org/api_docs/python/tf/keras/losses
3https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_test_split.html
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test sets, training the model, and evaluating its performance). The fact that the splits
are done each time mitigates the chances to train and evaluate a model on the best
sets solely. Not only that it may change the data used for training the model but it
may change the order of appearance too, which may have an impact on the trained
model.

11.5 Evaluation Metrics

This work is the first attempt to use RNNs to classify execution traces among variants
of a system. One of our goals is to evaluate if such a DL technique is appropriate
for this task. We thus computed four different standard metrics that are Accuracy,
Precision, Recall, and F1-score.

Accuracy. To evaluate the quality of the models that have been learnt, the usual
metric is the Accuracy measure. Accuracy is defined as

Number of correct predictions
Acc = — (11.1)
Total number of predictions

It is a standard measure in the ML community to assess how well a model performs
from a high-level point of view. It has the advantage to be easily computable and it
can also be used to refer to the number of wrong predictions (i.e., 1 — Accuracy).

However, when classes are not well balanced (i.e., the number of traces is way
more important for at least one class than for others), Accuracy may hide some
important information such as the number of correct predictions for the classes
with more data may take the lead on the number of wrong predictions of the others
resulting in a high ratio. To mitigate this aspect from our analysis, we only consider
other measures.

Precision. One usual metric to account for the performance of a prediction model
is its precision. It can be calculated for each class as follows:

Number of correct predictions

Precision =
Number of predictions for the class

(11.2)

where Number of predictions for the class is the number of correct predictions
and the number of additional data that are wrongly predicted to belong to the class
(i.e., false positives).

We gathered all these individual precision measures into a global one using a
weighted average:

¢ _Precision; * supp;
Prec= ==L i* SUPPi (11.3)
Number of data

where c is the number of classes, Precision; the precision measure for class i, and
supp; the number of data with label i.
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Recall. Similarly to the precision, the recall is also standard to report on the
predictions of a model. It can also be calculated for each class and it is defined as

follows: o
Number of correct predictions

Number of labelled data for the class

where Number of labelled data for the class is the number of data labelled
with the class under consideration.

Similarly to the precision, we computed a weighted average to get an overall
recall measure for the model:

Recall =

(11.4)

¢_,Recall; * supp;

Rec=
Number of data

(11.5)

where c is the number of classes, Recall; the recall measure for class i, and supp;
the number of data with label i.

Fl-score. The F1-score is obtained through the harmonic mean of precision and
recall to get an overview of the global performance of the model in one single
measure. The F1-score in the case of two classes is defined as:

precision xrecall
precision+recall

F1l-score=2 (11.6)
Again, we can apply this calculation on each class and average with a weight
equal to the proportion of data of each class in the (test) set to get an overall value
for the model. The three last metrics were computed by the precision_recall_-
fscore_support * function in Scikit Learn before being averaged. Also, we computed
confusion matrices ° for each class. They are available in our replication package.

11.6 Running Infrastructure

Finally, Table 11.2 shows: 2 models x 1 #unitsx 1 %training set x 1 batch size x
l1#epochsx2 activation funtions x5 loss functions = 20 different parameter-
isations of RNNs. We conducted these experiments on three different HPC facilities
hosted by the CECL® On the first cluster, called Dragon1, we used 1 CPU with 8
cores per task (Intel Sandy Bridge, E5-2650 processors at 2.00GHz) with a Tesla Ke-
pler accelerator (K20m, 1.1 Tflops, float64). For runs on Dragon2, we used 1 CPU
with 12 cores (Intel SkyLake, Xeon 6126 processors at 2.60 GHz ) associated with
an NVidia Tesla Volta V100 accelerator (5120 CUDA Cores, 16GB HBM2, 7.5 TFlops,
double precision). On the third cluster, Hercules, we had access to 1 CPU with 8
cores per task (Intel Sandy Bridge, Xeon E5-2660 processors at 2.20 GHz) with an
NVidia GeForce accelerator (RTX 2080 Ti, 7.5 TFlops, double precision). Each CPU

4https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_recall_fscore_
support.html

Shttps://scikit-learn.org/stable/modules/generated/sklearn.metrics. precision_recall_fscore_
support.html

6http:/ /www.ceci-hpc.be/
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has been allocated 3 GB of RAM. All our scripts are written in Python 3, with the
Keras and Tensorflow frameworks for deep learning. In total, we ran our 20 different
network parameterisations with 10 repetitions on the six different datasets, resulting
in 20 x 10 x 6 = 1,200 runs and more than 151 days of execution. The time needed
for a single execution varies between 44 seconds and 13 hours depending on the
dataset and the GPU type.
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CHAPTER

EVALUATION RESULTS

In this chapter, we answer our two research questions separately based on:

® box-plots presented in Figures 12.1 to 12.4, showing accuracy, precision, recall
and F1-score for each parameterisation of each dataset;

e a multi-comparison statistical analysis (see Figure 12.5), using Friedman’s test
with Nemenyi'’s post-hoc analysis;

o Tables presented in Appendix C, with average and standard deviation for the
four computed metrics.

All the results (i.e., for each execution of each parameterisation) are also available
in our replication package [87], including the code to compute the metrics, box-plots
and statistical tests.

12.1 Performance (RQ> )

Table 12.1: Number of RNN parameterisations reaching predefined accuracy thresh-
olds. We take into account 120 parameterisations. Accuracies are averaged over
10 runs on each dataset. Each cell indicates the number of times a given RNN
model type (column) reaches the threshold (row). The last column gives the total
(LSTM+GRU) per accuracy range.

Accuracy LSTM | GRU | Total
accuracy > 70% 23 21 44
50 < accuracy < 70% 8 7 15
accuracy < 50% 29 32 61
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Table 12.1 reports the averaged accuracy (over 10 runs) of the 20 considered
parameterisations of RNNs, over the 6 datasets (i.e., 120 models). The columns
group results based on the used model (LSTM or GRU), while the rows group them
depending on the average accuracies. We define three categories according to a
predefined threshold: i) below 50% where we consider models as performing worst
than a random assignment to system variants and thus useless; ii) between 50% and
70% where we consider models as being slightly better than random assignments;
iii) over 70% where we consider the models as performing well. Out of the 120
models, 44 RNNs parameterisations (first row) yield an accuracy higher than 70%,
15 are between 50% and 70%, and the remaining 61 have an accuracy below 50%.
It means that nearly half of the considered models perform better than a random
guess, a majority of which (i.e., 44 parameterisations out of 59%) performs well in
our context.

The highest averaged accuracy for datasets BPIC15 and BPIC20 (top of Fig-
ure 12.1, or Tables C.1 and C.2 in Appendix) is 88% and 87% respectively with high
stability (i.e., low standard deviation). On BPIC20, only five parameterisations out of
twenty do not reach 50%. Even better, for BPIC15 only five parameterisations are
lower than 70% of accuracy. Top of Figures 12.2, 12.3 and 12.4 confirm these results
by giving similar values for precision, recall and F1-score respectively.

Despite the size complexity of the Claroline datasets, at least one parameterisa-
tion obtains an averaged accuracy of 80% for each dataset. For Claroline Dissimilar
10 (middle left of Figure 12.1 and Table C.3 in Appendix), the top parameterisation
reaches 99.6% and 4 different parameterisations are above 85%. Claroline Random
10 and Random 50 (middle and bottom right of Figure 12.1, or Tables C.4 and C.6 in
Appendix) also have several parameterisations above 80%, and their top one gets
over 95% of accuracy. Claroline Dissimilar 50 (bottom left of Figure 12.1, or Table C.5
in Appendix) has only one row with an averaged accuracy of 80% and only two other
rows above 70%. Among the remaining, 15 rows are below 30%.

Note that, for Claroline Dissimilar 50, boxplots are either spread out or centred
on low values (bottom left of Figure 12.1). Moreover, the top three rows also report
a high standard deviation for the accuracy (i.e., higher than 0.13 and up to 0.38,
in Table C.5 in Appendix). It highlights that the results lack stability: at least one
execution out of ten does not belong to the same values range. Regarding Claroline
Random 10 and Claroline Random 50 (middle and bottom right of Figure 12.1), the
top three parameterisations show very compact boxplots with few outliers. This
suggests a more stable accuracy, as confirmed by a standard deviation between
0.03 and 0.11 for the accuracy (Table C.4 and Table C.6 in Appendix). The top two
parameterisations of Claroline Dissimilar 10 (Table C.3) both show an accuracy
higher than 0.99 and a standard deviation lower than 0.001, demonstrating very
stable results.

Overall, the number of configurations of the Claroline system (10 or 50) neither
influences averaged accuracy nor the standard deviation. Similarly, how we sample
(random-based or dissimilarity-based) configurations does not impact accuracy. As
for BPIC15 and BPIC20, the other metrics (precision, recall and F1-score presented
respectively in Figure 12.2, 12.3 and 12.4) only confirm this analysis as they follow
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Figure 12.1: Boxplots showing the Accuracy over 10 runs for each parametrisation of
each dataset.

the same tendencies.

Answer to RQ;; (performance): we were able to train RNNs providing an
accuracy above 70% (and even above 80%) for each dataset. On Claroline
Dissimilar-10 the accuracy can reach 99.6%. The associated standard devia-
tions can be small (i.e., < 0.01) but they are usually higher with the Claroline
datasets, regardless of the number of configurations used or the way we select
them. Yet, these results suggest there is potential to use RNNs to automatically
classify newly generated execution traces among the variants of a system
rather than trying to do it manually.
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Figure 12.2: Boxplots showing the Precision over 10 runs for each parametrisation of
each dataset.

12.2 LSTMvs. GRU (RQ2)

Our second RQ is about the prevalence of each type of RNN. Can LSTM or GRU be
considered better and should it be preferred in this context? To answer this question,
we hypothesise that one kind of RNN prevails over the other one and perform a multi-
comparison statistical analysis of each 20 RNN parameterisations on all 6 datasets.
We used Friedman'’s non-parametric test [92] with a significance level a = 0.05. This
test ranks parameterisations over accuracy and then determines if the differences
between parameterisations are significant. We further complete this result with Ne-
menyi’s post-hoc procedure [125,166] indicating the statistical differences between
parameterisations. This procedure can determine equivalence classes, regrouping
parameterisations that are statistically similar in regarding accuracy.

Figure 12.5 show the results of Nemenyi'’s test. After executing Friedman’s test, we
obtain a p-value under 0.001, meaning that there is a statistical difference between
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Figure 12.3: Boxplots showing the Recall over 10 runs for each parametrisation of
each dataset.

the accuracy of some of the parameterisations. Nemenyi’s post-hoc procedure

shows that the minimum distance between two statistically different groups of

parameterisations (i.e., the critical distance) is 3.828. The bottom of Figure 12.5

shows the seven best parameterisations over all the datasets. Statistically, they are
equivalent and perform better than the remaining ones (belonging to a different

group).

Four pairs of loss and activation functions out of ten seem to stand out from the

test. They are:

e MSE and sigmoid

e binary cross-entropy and sigmoid

e binary cross-entropy with logits values and sigmoid
e MSE and tanh (with LSTM only)

For most datasets, these parameterisations can predict the right set of variants

111



CHAPTER 12. EVALUATION RESULTS

BPIC15 BPIC20
1.00 -

e * L L =T AT é$ o P
w2 EaRRl EipRanrunst innans

]
2
0.25- é 1 = ===
=
0.00-
claroline-dis_10 claroline-rand_10
1.00-- o — D B ?l
o o
o 0.75- . Q .
=
8 3 .
¢ 0.50-
i
e .
L 0.25- + g
L]
é ] ¢ D T =) ij
0.00 - — —_— _— — _—— — s - o _— —_ — - —
claroline-dis_50 claroline-rand_50
1.00 - =
. E
0.75- .H é O g
L] L] . L]
== —
0.50 - o T
L]
0.25- Q Lf—l
L]
L] L]
000- 12 e =Ll o+ _ee__ S == - -.JJZ_'———
R R R T T T T T T T S S A S A I
kel 2 - kel 2 -
= ke o < 8 = ke o < o
[SpE=1 = = °
kel (o= k=] c 8 o £ b=l [ = il c O o <
2.EGScEED ocgEOEE%TQ 2-.EGScEcED OS%EOEE%P
EC o R ECOEB0CESDYEGD2C2E ECFLECDECCESTByERGDE Q£
< 258G cecol8 , 2098 vcEC o] 2585 cegcol8  , 2080 cEg
D 0 GG S5 oLOnoc 8O 2 gFH TS5 oL noc S8
5 02 Droc 82D g grpclO Do Qo cITOSD Q@ LB SEG
20D ETEB 0 T3 2R8ET2Y 028 5800992928882 Q
S 2 d 508 C 029 /2883 GEY S 2 o508 020 /2883 ®EY
= S8 © 3 E IEH OGO c o E = g 8 © 3 EIELHO YO c o E
58988 E5EE S8 o8 € E 5389385 ESco8 I88EGE
£20 g =¢c 235 IE8S8E<=Z 55985 o3 IE88E<=
o5 1E® T £ = s o5 "1E® © £ = =S
a2 o ca cE==F g =2 o c 0 cE==F
o3 DIIEDII(DE'(BLE§§'— SEN o g 3m8310255§§»— SE®n
EOSRZOoE0 [ASELAER2” BOSRE02E0 ASEL2ELS"
© BGO %5© S EnaT g3 © RGO %50 S EgadT g3
[O) 4] - [9) 4] -

RNN Configurations

Figure 12.4: Boxplots showing the F1-Score over 10 runs for each parametrisation of
each dataset.

with an accuracy greater than (or very close to) 70% (confirmed by Figure 12.1 and
Appendix C). However, sometimes a combination also gives bad results. This is
the case for MSE and sigmoid, both with LSTM and GRU, where accuracy does not
exceed 0.25 for Claroline Dissimilar 50 (Table C.5).

We can observe that the dedicated loss functions (Manhattan and Jaccard dis-
tance) give discouraging results compared to the other “classical” loss functions.
Nemenyi’s procedure (Figure 12.5) assigns them the highest mean ranks. For all
Claroline datasets, the accuracy is always under 30%. On BPIC15 and BPIC20, they
give better results (respectively up to 82% for BPIC15 and up to 58% for BPIC20) but
still lower than the other loss functions.

Regarding the activation functions, our statistical analysis shows that 6 out of
the 7 best parameterisations use sigmoid instead of tanh.

Nemenyi’s procedure shows that LSTMs are present in 4 of the top parameterisa-
tions and GRUs in 3 of them. However, these parameterisations are indistinguishable
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Friedman: 0.000 (Ha: Different)
Critical distance: 3.828

GRU manhattan sigmoid - 16.48 — —=e—o
LSTM manhattan sigmoid - 16.22 — ——o o
GRU jaccard sigmoid - 15.52 — —o o
LSTM jaccard sigmoid - 15.06 — ——o—o
LSTM jaccard tanh - 13.70 — —=e—o
LSTM bin_ce-logits tanh - 13.62 — —o—o
GRU bin_ce-logits tanh - 13.51 — —o—o
GRU manhattan tanh - 13.47 — —o o
GRU jaccard tanh - 12.87 — —o—o
LSTM manhattan tanh - 12.13 — —e—o
GRU bin_ce tanh - 12.08 — ——o—o
LSTM bin_ce tanh - 12.01 — ——o—o
GRU mse tanh - 10.78 — —=o—o
GRU mse sigmoid - 5.97 — —e—o
LSTM mse sigmoid - 5.30 /| e—e@—
LSTM bin_ce-logits sigmoid - 4.84 —| e—e—
GRU bin_ce sigmoid - 4.38 - «—0—
LSTM mse tanh -4.14 — e—0—
LSTM bin_ce sigmoid - 4.12 | «—e—
GRU bin_ce-logits sigmoid - 3.83 —(«—e—-

Mean ranks

Figure 12.5: Result of Friedman’s statistical test along with Nemenyi’s post-hoc
analysis over all datasets and parameterisations

regarding accuracy (i.e., critical distance < 3.823). Appendix C shows that the best
parameterisation is an LSTM for BPIC15, BPIC20 and Claroline Dissimilar 50, but
itis a GRU for the three other datasets. GRU is also the model giving the best accu-
racy amongst all datasets with up to 99,6% for Claroline Dissimilar 10 (Table C.3).
Moreover, the count of LSTMs and GRUs in each category of Table 12.1 shows similar
numbers and indicates that using GRU or LSTM does not influence the results.
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Answer to RQ; ;> (classifiers): In the top combinations of all six datasets, we
observed a mixed performance of LSTMs and GRUs, with no absolute winner.
A statistical comparison showed that 4 out of 7 parameterisations use LSTMs,
without any significant difference between the 3 parameterisations using
GRUs. Moreover, GRU gives better results on 3 of the datasets (Claroline
Dissimilar 10, Claroline Random 10 and Claroline Random 50). Hence, we
cannot conclude the prevalence of one over the other for these six datasets.
Moreover, our results suggest using the sigmoid activation functions rather
than tanh.
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CHAPTER

DISCUSSION

This chapter discusses threats to validity that we identified and other aspects driving
our future work.

13.1 Threats to Validity

Internal validity. The datasets we used contain clean and consistent traces (i.e., they
omit inconsistent traces when the system crashes or an unexpected event occurs).
The BPIC community ensures this property for BPIC15 [222] and BPIC20 [223]. For
the Claroline datasets, trace consistency is ensured by construct, withe the use of an
FTS model and the VIBeS framework [62, 66] as a trace generator (for Claroline). For
anew VIS, a preprocessing step should take care of trace consistency (i.e., a trace
should capture a complete user session). It does not entail that the dataset captures
the whole system’s behaviour. Indeed logs and models inferred from them represent
a partial view of it.

The deep learning community is very active, producing new types (or com-
binations of types) of models every few months, especially for image processing
tasks, where competition is fierce. It is less so regarding models dedicated to time
sequences. We selected LTSMs and GRUs for their ability to deal with temporal
sequences and to evade the vanishing or exploding gradient issue.

We evaluated 20 distinct parameterisations of RNNs over six datasets. We de-
signed them regarding our goal, based on our previous work [86]. However, since
exhaustive coverage of the hyperparameter space is impossible, we may have missed
some relevant parameterisations. Dealing with the inherent variability of hyperpa-
rameters is a research challenge per se.

A way to optimise the parameterisations is to use hyperparameter tuning tech-
niques such as random search or auto-ML [164]. We did not use any in this work
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but tried to scope the parameterisation space with a manual approach similar to
a grid search approach [86]. One motivation for this choice is that VaryMinions is
the first effort to use RNNs to classify execution traces for variants of systems. Thus,
we were not primarily interested in finding the best-performing model (aka the goal
of hyperparameter tuning). Rather, we show that, with reasonable effort, finding a
well-performing RNN model parameterisation is possible.

External Validity. Although our method applies to two different application do-
mains (SPLs and configurable processes), we cannot ensure that it generalises to
all types of VIS. We used six different datasets having different characteristics to
mitigate the risk that our method may work only on simple datasets. Among the ones
we have used, some were taken from existing competitions (BPIC), and some were
generated from scratch (Claroline) allowing us to vary and control the complexity
of the learning by modifying the amount of traces available and/or the number
of configurations to deal with. Let us note that reverse-engineered models from
logs necessarily form an incomplete representation of the behaviour of the system.
Indeed, logs cannot capture all execution traces that are often infinite for any real-
world system. Besides, we do not guarantee that our cases cover the whole spectrum
of VIS, given their diversity and spread.

A problem when using DL techniques in such a context is imbalanced repre-
sentations in the training set. The training set may contain fewer occurrences of a
configuration of a system or a process (e.g., because of lower popularity or fewer
actions need to be performed) with the risk that the trained model may neglect
classification errors involving these configurations since they can be considered as
rare events. While the Claroline datasets were generated in such a way that imbal-
ance representations were limited, we had no control over the BPIC datasets. They
exhibit configuration imbalance but our RNN models coped with it (i.e., successfully
classified traces belonging to these configurations). Thus, we took no further actions
to mitigate this risk. Of course, class imbalance impact is case-specific.

13.2 Hyperparameter Variability

The use of RNNs in this context requires carefully dimensioning the network and
considering many parameterisations that can influence classification performances.
In what follows, we discuss two elements that may influence them.

Loss functions. We use the mean squared error (MSE) to evaluate prediction errors
while training a network, which is traditionally preferred when tackling a regression
problem. However, Hui and Belkin [122] showed that this assumption lacks solid
theoretical foundations and that MSE is suitable for classification. In particular for
NLP applications, where MSE usually outperforms cross-entropy.

The choice of the loss function is tricky since we need to take care of multiple
aspects: the formalisation of the problem (e.g., single or multi-label, regression
or classification) or the way to compute errors. Even when trying to choose the
loss function according to these points (e.g., Jaccard distances have been used to
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solve SPL problems, as in [67]), our results indicate that the MSE works surprisingly
well. Given the importance of a loss function on the observed performance, experi-
menting with additional loss functions appears promising. For example, the focal
loss [149], which penalises more misclassified instances than well-classified ones,
offers a perspective that we aim to follow.

The interplay of Losses and Activations. We deliberately chose to explore custom
loss rather than activation functions. Loss functions are easier to adapt to the
problem at hand (by quantifying how far we are from the true label) acting on the
network output. Yet, activation functions and loss functions have distinct roles in the
network, and they should be considered complementary and not independent. Both
are important in the learning process. Activation functions come after every layer
inside the network and, together with the weights, set the importance of a specific
neuron through the propagation of the network. Loss functions are defined at the
end of the network and are used to provide the final class(es). Loss functions are also
used to back-propagate the classification errors through the network to optimise the
weights in the training phase. From this short description, it is clear that activation
and loss functions’ interactions affect the model performance. The former may block
or lower the importance of discriminative information if incorrectly set while the
latter defines the distance from the labels, from which the network optimises itself.
Hence, assessing the impact of one type of function alone is not possible. Further
investigations on which combinations would be best suited are needed. Defining
new custom activation functions for this specific context is a possible option.

Complexity of the neural networks We argued that learning a trace-to-variant
mapping was feasible due to the number of traces w.r.¢. the limited number of pro-
cess variants. Generally, the challenge lies in the fact that having temporal sequences
forces dependencies between elements that are usually learned separately. We sup-
pose that deeper RNNss (i.e., increasing the number of hidden layers) may have a
positive impact. Adding more layers increases the complexity of the model (as well
as requiring more resources for training), but allows for a more accurate mapping
between traces and variants. Yet, the risk of overfitting must not be neglected. In
the future, we will also consider architectures such as auto-encoders to produce a
compact intern representation of traces, that could be more efficient in discriminat-
ing them according to the process variants. Similarly to other application domains
(e.g., image or speech processing), learning more compact representations could
rely on new feature descriptors instead of only considering events of a trace.

13.3 Variant-based vs. Option-based Labelling

Our results indicate that applying classification techniques on a variant-based ap-
proach (i.e., identify the variants producing a specific trace) using RNNs is promising.
However, it has a major drawback: being able to predict that a trace is generated by
a variant requires seeing at least one (usually much more) trace(s) generated from
this variant. Said differently, enumerating all the variants and executing them all
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at least once is required for further predictions. If in our evaluation the number of
variants was limited, the combinatorial explosion problem inherent to VISs may
prevent us from applying these techniques to larger configurable processes like, for
instance, continuous integration workflows with hundreds of options, leading to an
intractable number of possible variants.

One future possibility to address this limitation is to work on data representation.
Indeed, a variant is formed by a combination of (Boolean) options, corresponding
to a configuration of the system. If we cannot enumerate variants, enumerating
options is possible. In this case, we need a new representation which can depict the
three states of each option: activated, deactivated or undetermined (i.e., the presence
of the option is not relevant for the current context). The use of three-valued logic to
represent valid products in SPLs and its consequences have already been studied, for
instance in [21]. The neural network will learn a partial configuration allowing for a
more fine-grained mapping. This would be useful to locate precisely a combination
of options yielding a given anomalous event trace. One can use such learned models
in fault localisation and repair techniques [77].

13.4 Data Availability

As for any DL technique, the issue of data availability is also present in this work.
We managed to train our models with few execution traces (i.e., thousands) com-
pared to the potentially infinite number of traces that the considered systems can
produce. However, VaryMinions remains a supervised machine-learning technique
and requires a set of execution logs, labelled with the variants of the system that
have produced them.

To reduce the labelling effort, the recent field of semi-supervised learning [40]
techniques seems interesting. Semi-supervised learning takes place when, in the
training set, some data have labels but a majority of them are unlabelled (e.g., due to
the prohibitive cost of labelling). The goal is thus to learn a model while being able
to label automatically the unlabelled data. In this area, label propagation [123,142]
automatically assigns a new label via propagating the label of already known similar
data. We envision using the same technique (or an adapted version) to reduce the
labelling effort while being able to take into account more and more execution logs
which may improve the prediction performances of VaryMinions models.
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CHAPTER

CONCLUSION AND FUTURE RESEARCH
DIRECTIONS

Quality assurance is a complex, yet essential, part of any software engineering
endeavour. For VIS systems, the challenge becomes even more significant, due to
the combinatorial explosion of the number of variants. To cope with variability
efficiently, we can rely on family-based modelling approaches. While structural
variability models, such as FM, can help achieve tasks related to product validity,
verification and testing require a behavioural model of the SPL. Nonetheless, creating
these models manually is a laborious and costly process, requiring a high level of
expertise.

In this thesis, we present a model-based behavioural SPL learning framework.
Our approach relies on an adaptation of L* active automata learning algorithm,
where feature expressions are treated as first-class citizens. Taking variability into
account throughout the whole learning process allows scale economies compared
to classical product-based approaches. However, this solution requires to build a
mapping between features and behaviour. To address this challenge, we explore
the use of RNNs to learn this mapping from a collection of annotated traces. By
leveraging RNNs, we aim to automate and enhance the process of learning the
intricate relationships between behaviour and their corresponding software variants
within the VIS context.

14.1 Summary of Contributions

This thesis aims to study the relationship between VIS features and behaviour. We
propose the LiFTS framework (Figure 14.1) to answer the two following research
questions:
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RQ; How to automatically learn FTSs in order to ease the burden of modelling

FTS and support continuous VIS QA activities?

RQ2 How to classify previously unseen behaviour to multiple variants of a VIS?

hy

*

=3 =% VaryMinions =% -

Expression / No
Learner Teacher
op @@@

MQ

Feature

K

Yes /
CE + Feature Expression
Membership query: Equivalence query:
(p.fe)-se Lsu ? L(’J‘()= Lsu?

Figure 14.1: LiFTS General Framework

To better apprehend the challenges of these tasks, we address them separately

and we propose the following improvements:
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e Variability-L*: To address RQ;, we introduce a novel model called Featured
Deterministic Finite Automaton (FDFA), which serves as a finite and deter-
ministic version of FTSs. We then present a new algorithm, Featured — L*,
that fundamentally differs from previous approaches. We also provide the
implementation of FL* called LiFTS, which successfully learns five distinct
case studies within a short time frame ranging from a few seconds to less than
two hours. Furthermore, we highlight the unique aspects of FL* compared to
previous approaches. Additionally, we define a visualisation aid for FTS/FDFA
models.

e VaryMinions: To address RQ2, we draw inspiration from NLP techniques.
We establish an analogy between an NLP sentence and an execution trace,
where words or actions are arranged into valid sentences based on a specific
grammar. Leveraging this analogy, VaryMinions utilises two types of RNNs,
namely Gated Recurrent Units (GRUs) and Long Short Term Memory (LSTM)
networks. These RNN architectures enable the classification of VIS behaviour
among different variants that can reproduce them. By utilising GRUs and
LSTMs, which overcome the vanishing or exploding gradient problem, our
multi-classification technique proves effective. We evaluate VaryMinions on
six diverse datasets, encompassing both SPL and business process domains.



14.2. Perspectives and Future Work

Each dataset consists of up to 50 variants and 5,000 event traces per variant.
Throughout the evaluation process, we execute 120 distinct RNN parameteri-
sations over approximately 150 days.

By combining VaryMinions to Variability-L*, we could ensure that the Teacher
is able to predict which part of the VIS is concerned for each query and counter-
example.

Replicability. To prevent potential replicability issues, we provide a replication
package for each contribution, openly available online [83,87].

14.2 Perspectives and Future Work

This section aims to present our perspectives and outline potential research di-
rections for enhancing variability-aware automata learning and the association of
behaviour with VIS configurations. By exploring these new challenges, we can ulti-
mately advance the field and enable a more efficient and reliable development of
VIS systems.

14.2.1 Integrated Approach

We aim to explore an integrated approach for the LiFTS project, which focuses on
studying the relationship between VIS features and behaviour. While addressing the
research questions individually has led to significant progress, there is an opportu-
nity to further improve the effectiveness and efficiency of the overall approach by
integrating key components together. Specifically, we propose investigating the joint
learning of structural and behavioural aspects, as well as integrating VaryMinions
into the LiFTS framework.

Integration of VaryMinions into LiFTS VaryMinions has demonstrated promising
results in classifying VIS behaviour among different variants. Currently, the LiFTS
framework relies solely on a FTS simulator of the SUL. However, our ultimate goal is
to integrate VaryMinions directly into LiFTS, thereby enhancing the capabilities of
the Teacher. By seamlessly integrating VaryMinions, we can leverage its advanced
classification techniques and eradicate the unrealistic assumption of the existence
of a hidden model of the SUL. By combining this integration with the establishment
of a direct access to the SUL, the overall approach can achieve a more realistic
and accurate analysis of VIS behaviour. To achieve this, we need to align the data
representations, designing appropriate interfaces, and ensuring compatibility with
the existing framework.

Learning Structural and Behavioural Aspects Jointly The current assumption
of a pre-existing FM in LiFTS has limitations, as FMs are often outdated or non-
existent. To address this, we propose investigating the joint learning of structural
and behavioural aspects, enabling the approach to align with real-world scenarios.
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By learning both structural and behavioural aspects from the same artefacts, we can
achieve economies of scale and improve the accuracy of capturing system character-
istics. However, learning structural and behavioural aspects jointly poses challenges
such as developing suitable algorithms, handling complex feature dependencies,
and ensuring scalability.

Development of a Comprehensive Platform To further enhance the capabilities
of the LiFTS project, we envision the design of a complete platform that enables the
generation, visualisation, and editing of FTSs. FeatureIDE [130] is a framework for
feature-oriented software development, relying on FMs. We could consider a similar
platform but focusing on the behavioural aspects rather than structural modelling.
By providing comprehensive support for FTS manipulation, the platform would
facilitate the modelling, analysis, and transformation of FTSs. This would empower
researchers and practitioners to effectively work with FTSs, generate code from FTSs,
and visualise the relationships between features and behaviour.

By integrating VaryMinions into the LiFTS framework and exploring the joint
learning of structural and behavioural aspects, we anticipate significant advance-
ments in capturing and analysing VIS behaviour. However, this integrated approach
poses challenges that require careful consideration and further research. The poten-
tial benefits, including improved accuracy, scalability, and real-world applicability,
justify the exploration of this integrated approach in future work. Additionally, the
development of a comprehensive platform for FTS manipulation would provide a
valuable resource for the research community and SPL engineers.

14.2.2 Scalability and Interfacing

The study of equivalence queries in the context of variability is essential for achiev-
ing a faster and more scalable implementation of FL*, but it presents several chal-
lenges. When using a simulator, the most straightforward approach to determine the
equivalence between a hypothesis and the SUL is bi-simulation. Yet, bi-simulation
algorithms are computationally expensive. Furthermore, relying on a hidden model
as areference introduces additional flaws in the learning process. Requiring a model
beforehand undermines the fundamental purpose of learning, since it implies that
we already know the model we are targeting. Using a simulator is thus an acceptable
alternative to check the correctness of our approach, but is not applicable in real-life
scenarios. In practice, the learning process should be capable of accommodating
without relying on pre-existing knowledge. To address these limitations, it becomes
necessary to approximate equivalence through interactions with the system using
counterexamples. However, efficiently exploring the vast space of behaviour re-
quires effective prioritisation techniques. Currently, there is a lack of research on
conformance testing and monitoring techniques specifically tailored to the context
of variability, offering opportunities for future exploration and advancements in the
field.
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To assess the effectiveness and practicality of our approach in real-world scenar-
ios, it is crucial to extend the SUL interface to interact directly with a real system,
rather than relying solely on a simulator. This extension would provide a more realis-
tic environment for evaluating our approach and allow us to gauge its accuracy and
robustness when exposed to real-time inputs. By integrating the SUL interface with
a real system, we can gain valuable insights into the limitations of our approach and
make necessary refinements based on observations and feedback from real-world
use cases. Ultimately, this step is vital for validating and enhancing the practical
value and applicability of our approach in real-world settings.

In addition to execution times, memory usage is a significant consideration.
Storing the observation table in memory can become problematic for large systems.
Using external database storage may turn out to be a more scalable and robust solu-
tion. Storing the table in a database, allows us to handle the memory requirements
more effectively and opens up possibilities for tackling larger and more complex
systems.

Optimisations are necessary for applying the FL* algorithm to larger bench-
marks. Leveraging parallelism and integrating with widely-used frameworks like
LearnLib [179] or Aalpy [163] would enhance performance, generalisation, and
provide additional functionalities like enhanced equivalence queries.

Overall, these aspects offer promising directions for scaling LiFTS to larger
variability-intensive systems.

14.2.3 Other Learning Approaches

In this thesis, our focus is on adapting Angluin’s L* algorithm [9] as the central
learning approach to obtain a behavioural model of a VIS. However, it is worth noting
that there exist other relevant learning approaches that could be considered for this
task. Exploring these alternative approaches could potentially provide valuable
insights and complement the effectiveness of our learning approach.

One such approach is grey-box learning, which combines elements from both
white and black-box learning to leverage the advantages of each. Popular static
analysis frameworks like Java Pathfinder !, SootUp 2, or Infer ® can be particularly
valuable in this context, fostering the extraction of essential information from the
source code. Shoham et al. [193] use static analysis to mine Internet API specifi-
cations. Fraser et al. [91] also use static analysis to infer object usage and thereby
generate more meaningful tests. By delving into white-box learning, we can enhance
the learned FTS structure with feature expressions and state variable values that are
not easily accessible in a complete black-box scenario. For instance, by employing a
mix of concrete and symbolic analysis, also known as concolic execution, we could
extract valuable insights on variable assignments and interactions between features.
Leveraging concolic execution would allow us to infer feature expressions, providing
valuable insights into the intricate relationships between features and their impact

Lhttps://github.com/javapathfinder/jpf-core/
Zhttps:/ /soot-oss.github.io/SootUp/
3https://fbinfer.com/
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on system behaviour. Howar et al. use a mix of static, dynamic and concolic analysis
to learn safe interfaces for critical embedded systems [120]. They also suggest a
grey-box scenario where predicates or guards are exploited to guide black-box learn-
ing [121]. Moreover, white-box learning also facilitates the collection of additional
information, such as probabilities, weights, and other relevant quantities, which
can extend the FTS formalism to be more expressive and provide a more nuanced
representation of system behaviour.

Another intriguing avenue is process mining, which involves tailoring the pro-
cess mining workbench ProM [221, 224] to discover VIS models. ProM excels at
discovering Petri net models from event logs without any a-priori information. As
an open-source tool framework, ProM supports various process mining techniques
through plug-ins and warmly welcomes contributions of new plug-ins. Buijs et
al. [34] use genetic algorithms to combine process models mined from event logs of
different variants, in a variant-based fashion. Adapting ProM to discover VIS models
in a family-based perspective in mind could be an interesting avenue.

By exploring and integrating these other learning approaches, such as white/grey-
box learning and process mining, we can enrich the analysis of VISs and gain a more
comprehensive understanding of their behaviour. Therefore, future work should
investigate the potential benefits of these alternative approaches and compare their
effectiveness in learning variability-aware behavioural models. Such comparisons
will contribute to a more thorough evaluation of the learning process and its appli-
cability to different types of VISs.

14.2.4 Feature-based Mapping

Our research has shown promising results in using classification techniques with
RNNs for trace-to-variant mapping in a variant-based approach (i.e., when be-
haviour is related directly to the system variants). However, the requirement of
observing traces from each variant poses a significant limitation, as it may be im-
practical to enumerate and execute all variants, especially in large-scale configurable
processes.

To address this limitation, one potential future direction is to focus on data
representation. Instead of enumerating variants, we can focus on enumerating
features to describe the different system configurations. By representing each option
with three states (activated, deactivated, or undetermined), we can train neural
networks to learn partial configurations, allowing for a more fine-grained mapping.
This approach enables precise identification of feature combinations that lead to
specific behaviour. Such learned models can be valuable in fault localisation and
repair techniques, where pinpointing the specific combination of features causing
an issue is important.

By exploring alternative data representations and leveraging the flexibility of
neural networks, we can potentially overcome the challenge of enumerating all
variants and extend the applicability of classification techniques to larger VISs. This
opens up opportunities to tackle the combinatorial explosion problem inherent in
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such systems and enhance the analysis and prediction of system behaviour based
on traces.

14.2.5 Neural Network Architecture

To optimise the classification performance in trace-to-variant mapping, it is crucial
to carefully consider several aspects of RNNs. Specifically, attention should be given
to the following factors:

Loss functions: The choice of an appropriate loss function is critical for train-
ing the RNN model effectively. While MSE is commonly used for regression
problems, it has also shown promising results for classification tasks, even
outperforming cross-entropy in certain NLP applications. However, the ex-
ploration of alternative loss functions, such as the focal loss, which prioritises
misclassified instances, holds potential for further enhancing performance.
Experimenting with different loss functions can help determine the most
suitable one for trace-to-variant mapping.

e Activation functions: Both activation functions and loss functions play dis-

tinct but complementary roles in the neural network. Activation functions
determine the importance of neurons through network propagation, while
loss functions quantify the distance from the true labels and optimise the
network weights during training. The interaction between these functions
influences the overall model performance, and their combination should be
carefully considered. Assessing the impact of one type of function alone is not
sufficient, and exploring the use of custom activation functions specific to this
context is worth exploring.

Network complexity: The complexity of the RNN architecture can signifi-
cantly affect the model’s ability to learn the trace-to-variant mapping accu-
rately. Deeper RNNs with increased numbers of hidden layers can potentially
capture more intricate dependencies and improve the mapping performance.
However, increasing network complexity also comes with the risk of overfitting
the data, where the model becomes too specialised to the training set and per-
forms poorly on unseen data. Therefore, striking a balance between network
complexity and generalisation capability is crucial. Additionally, exploring
alternative architectures, such as auto-encoders, can provide compact repre-
sentations of traces and enhance discrimination based on process variants.
Data Labelling: To alleviate the labelling effort, we propose exploring the
field of semi-supervised learning techniques. Semi-supervised learning is
applicable when a training set contains labelled data, but the majority of the
data remains unlabelled due to the high cost of labelling. The objective is to
develop models that can automatically label the unlabelled data while learning
from the labelled examples. Label propagation techniques can be employed
to automatically assign labels to unlabelled data by propagating labels from
similar known instances. By leveraging these techniques, we can reduce
the labelling effort while incorporating a larger number of execution logs,
potentially enhancing the prediction performance of VaryMinions models.
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CHAPTER 14. CONCLUSION AND FUTURE RESEARCH DIRECTIONS

By carefully considering these aspects of RNNs researchers and practitioners can
optimise the classification performance in trace-to-variant mapping tasks. It is essen-
tial to experiment with different configurations and conduct thorough evaluations
to identify the most effective choices for improving the accuracy and robustness of
the model.

14.3 Final Remarks

In 2010, Classen et al. [48] recognised the need for a formal verification technique
tailored to software product lines. However, they faced a significant challenge due to
the combinatorial explosion of variants in SPLs, where the number of potential con-
figurations grows exponentially with the number of features. This made it difficult
to model SPL behaviour and apply classical model checking techniques effectively.
To address this issue, Classen et al. [48] introduced a novel formalism called FTS.
FTSs represent SPL behaviour by employing transition systems labelled with feature
expressions. This new approach allowed for more efficient modelling and analysis of
SPL behaviour, overcoming the limitations posed by combinatorial explosion [48].

Several years later, from 2014, Devroey et al. [65] built upon the concept of
FTSs and extended their application to the field of software testing. They proposed
coverage criteria and mutation testing analysis techniques that leveraged FTSs
to define test suites specifically designed for SPLs. This work demonstrated the
practical benefits of using FTSs in the context of software testing and highlighted
the potential for more advanced testing methodologies in SPLs.

Since their introduction, FTSs have made significant contributions to the field of
SPLs. Their ability to address the combinatorial explosion challenge and provide a
more efficient approach to modelling SPL behaviour has been widely acknowledged
and appreciated by researchers and practitioners in the SPL community. FTSs have
proven to be a valuable tool for formal verification [46,48,50,51] and testing [63-66,
68] in the context of SPLs, enabling more effective analysis and quality assurance.

The recognition of the original paper with the Most Influential Paper award
at SPLC 2020 reflects the impact and significance of FTSs in the SPL domain. It
highlights the pioneering nature of the work and its lasting influence on subsequent
research and developments in the field. The validation of FTSs by the SPL community
underscores their importance as a fundamental technique for addressing the unique
challenges posed by SPLs.

In the present work, we complete the cycle by introducing the missing piece in
the process: a reengineering process to obtain the FTS model required for formal
verification and testing techniques. Our contribution focuses on developing a sys-
tematic approach to derive the FTS model from existing artifacts, such as execution
traces. This reengineering process closes the loop and enables the seamless inte-
gration of formal verification and testing techniques within the SPL development
lifecycle.

By bridging the gap between formal verification, testing, and the reengineering
process, LiFTS provides a comprehensive solution for addressing the challenges of
modelling SPL behaviour, verifying its correctness, and ensuring effective testing.
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14.3. Final Remarks

This holistic approach enhances the reliability and quality of SPLs and opens up
new avenues for research and advancements in the field of SPL engineering.
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APPENDIX

LEARNING A FORUM SPL

This appendix gives the different artefacts produced while learning the Forum SPL
(described in Section 7.2.1).

A.1 Input Feature Model

¢ 1 Forum

¢ 2 AuthenticationMethod
¢ 3 Cancellation

¢ 4 Anonymous

¢ 5 RegisteredUser

p cnf 5 4

10

20

450

-310

Listing A.1: FM of the Forum case study in Dimacs format

A.2 Artefacts Obtained the First Learning Round

Figure A.1 is the observation table obtained after the first round of learning. The
FDFA obtained is described by the Listing A.2 XML file and can be visualised as
Figure A.2.

<?xml version="1.0" encoding="UTF-8"?>
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APPENDIX A. LEARNING A FORUM SPL

table_0

ot [e]

(Q_0) [€] - && && Forum) || icati && i Jser && && Forum)) false
[abort] - && && Forum) || icati && Regi Jser && && Forum)) false
[send_msg] - icati &8 && Forum) || icati && Regi Jser && && Forum)) false
[log_in] - icati && && Forum) || icati &3 Regi Jser && && Forum)) false
[choose_pseudo] - icati && && Forum) || icati && Regi Jser && && Forum)) | false
[enter_c ial] - icati && && Forum) || icati && i Jser && && Forum)) | false

Figure A.1: Forum case study: observation table after the first learning round

<fts>
<start>Q O</start>
<states>
<state id="Q_0"></state>
</states>
</ fts>

Listing A.2: Forum case study: FDFA in XML format after the first learning round

Figure A.2: Forum case study: FDFA visualisation after the first learning round
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A.3. Artefacts Obtained the Second Learning Round

A.3 Artefacts Obtained the Second Learning Round

After 1 counterexample, the table has evolved in Figure A.3. The FDFA is updated to
Listing A.3 XML file, with its visualisation in Figure A.4.
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table_1

ot 2] [abort] [send_msg]
@.0)[e]- && && Forum) || && & && Forum)) false false false
(Q_1) [choose_pseudo] - (AuthenticationMethod && Anonymous && Forum) false 8& Cancellation && && Forum) && Anonymous && Forum)
(@_2) [choose_pseudo, send_msg] - (AuthenticationMethod && Anonymous && Forum) (AuthenticationMethod && Anonymous && Forum) false false
(Q_3) [choose_pseudo, abort] - (AuthenticationMethod && Anonymous && Forum) (AuthenticationMethod && Cancellation && Anonymous && Forum) | false false
[abort] - & && Forum) || & && && Forum)) false false false
[send_msg] - i a8 && Forum) || icati && Regi 8& && Forum)) false false false
[log_in] - icatic && && Forum) || icati && Regis &8 && Forum)) false false false
[enter_credential] - icati & && Forum) | icati & Reg && && Forum)) | false false false
[choose_pseudo] - 2& &8 && Forum) false false false
[choose_pseudo, send_msg] - icati 8& Regis 3& && Forum) false false false
[choose_pseudo, abort] - icati 82 Regi & && Forum) false false false
[choose_pseudo, log_in] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, log_in] - a8 8& && Forum) false false false
[choose_pseudo, choose_pseudo] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, choose_pseudo] - i & Regi 8& && Forum) false false false
[choose_pseudo, enter_credential] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, enter_credential] - && 8& && Forum) false false false
[choose_pseudo, send_msg, abort] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, send_msg, abort] - i & Regi 8& && Forum) false false false
[choose_pseudo, send_msg, send_msg] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, send_msg, send_msg] - a& a& && Forum) false false false
[choose_pseudo, send_msg, log_in] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, send_msg, log_in] - i & Regi & && Forum) false false false
[choose_pseudo, send_msg, choose_pseudo] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, send_msg, choose_pseudo] - 8& 8& && Forum) false false false
[choose_pseudo, send_msg, enter_credential] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, send_msg, enter_credential] - icati & Regi 8& && Forum) false false false
[choose_pseudo, abort, abort] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, abort, abort] - 8& a8 8& Forum) false false false
[choose_pseudo, abort, send_msg] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, abort, send_msg] - i & Regi && && Forum) false false false
[choose_pseudo, abort, log_in] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, abort, log_in] - 8& 8& 8& Forum) false false false
[choose_pseudo, abort, choose_pseudo] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, abort, choose_pseudo] - icati 8& Regi & && Forum) false false false
[choose_pseudo, abort, enter_credential] - (AuthenticationMethod && Anonymous && Forum) false false false
[choose_pseudo, abort, enter_credential] - 8& a8 && Forum) false false false

Figure A.3: Forum case study: observation table after the second learning round

TdS WNY0] V ONINYVET "V XIANZddY



A.4. Artefacts Obtained After the Third Learning Round

<?xml version="1.0" encoding="UTF-8"?>

<fts>
<start>Q_O</start>
<states>
<state id="Q_1">
<transition target="Q 3" action="abort"
fexpression="(AuthenticationMethod &amp;&amp
; Anonymous &mp;&amp; Forum) "></transition>
<transition target="Q 2" action="send msg"
fexpression="(AuthenticationMethod &amp;&amp
; Anonymous &amp;&amp; Forum) "></transition>
</state>
<state id="Q 0">
<transition target="Q_1" action="choose_pseudo"
fexpression="(AuthenticationMethod &amp;&amp
; Anonymous &amp;&amp; Forum) "></transition>
</state>
<state id="Q_3"></state>
<state id="Q_2"></state>
</states>
</fts>

Listing A.3: Forum case study: FDFA in XML format after the second learning round

Q0 = choose_pseudo=>| Q 1

Figure A.4: Forum case study: FDFA visualisation after the second learning round

A.4 Artefacts Obtained After the Third Learning Round

After the third learning round, no more counterexamples can be found. Figure A.5
describes the final observation table, which can be simplified in the table from
Figure A.6. The resulting FDFA is presented in Listing A.4 and Figure A.7.
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Figure A.5: Forum case study: observation table after algorithm completion
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APPENDIX A. LEARNING A FORUM SPL

<?xml version="1.0" encoding="UTF-8"?>

<fts>
<start>Q_0O</start>
<states>
<state id="Q_1">
<transition target="Q 3" action="abort" fexpression="
(AuthenticationMethod &amp;&amp; Anonymous &amp
;&amp; Forum) "></transition>
<transition target="Q 2" action="send msg"
fexpression="(AuthenticationMethod &amp;&amp;
Anonymous &amp;&amp; Forum) "></transition>
</state>
<state id="Q 0">
<transition target="Q_1" action="choose_pseudo"
fexpression="(AuthenticationMethod &amp;&amp;
Anonymous &amp;&amp; Forum) "></transition>
<transition target="Q_ 4" action="enter_credential"
fexpression="(AuthenticationMethod &amp;&amp;
RegisteredUser &mp;&amp; Forum) "></transition>
</state>
<state id="Q 3"></state>
<state id="Q_2"></state>
<state id="Q 5">
<transition target="Q_7" action="abort" fexpression="
(AuthenticationMethod &amp;&amp; RegisteredUser
&amp;&amp; Forum) "></transition>
<transition target="Q_6" action="send_msg"
fexpression="(AuthenticationMethod &amp;&amp;
RegisteredUser &mp;&amp; Forum) "></transition>
</state>
<state id="Q 4">
<transition target="Q 5" action="log in" fexpression=
" (AuthenticationMethod &mp;&amp; RegisteredUser
&amp;&amp; Forum) "></transition>
</state>
<state id="Q 7"></state>
<state id="Q 6"></state>
</states>
</fts>

Listing A.4: Forum case study: FDFA in XML format after algorithm completion
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A.4. Artefacts Obtained After the Third Learning Round

Figure A.7: Forum case study: FDFA visualisation after algorithm completion
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APPENDIX

EXAMPLE OF FDFA SIMPLIFICATION

Figure B.1 presents the FDFA obtained after learning the soda vending machine case
study (see Section 7.2.2) but before applying the simplification algorithm. Figure B.2
presents the same FDFA after this simplification.

Figure B.1: Learned FDFA of the Soda Vending Machine without simplification
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APPENDIX B. EXAMPLE OF FDFA SIMPLIFICATION

Figure B.2: Simplified FDFA of the Soda Vending Machine
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APPENDIX

VARYMINIONS METRICS

This appendix contains 6 tables (one per dataset) representing the average and
standard deviation for four metrics computed on 10 iterations. Accuracy, precision,
recall and F1-score were computed based on definitions provided in Section 11.5.
The first three columns of the tables show the hyperparameter values for each
of the RNNs’ parameterisations. For conciseness, we do not report in these tables
hyperparameters that were fixed to a single value, such as the batch size or the
number of epochs. Indeed, we discussed them in Section 11.3. The other columns
report the average and standard deviation of accuracy, precision, recall and F1-score.
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C.1 BPIC15

Table C.1: Results for dataset BPIC15: Averaged and standard deviations of different metrics over 10 runs. Each line corresponds to a

parameterisation of a RNN.

Dataset | Model Loss Activation Accuracy Precision Recall F1Score
Avg Sd Avg Sd Avg Sd Avg Sd

BPIC15 | LSTM mse tanh 0.8848 | 0.0074 | 0.8854 | 0.0074 | 0.8848 | 0.0074 | 0.8845 | 0.0078
BPIC15 | LSTM bin_ce sigmoid | 0.8806 | 0.0062 | 0.8818 | 0.006 | 0.8806 | 0.0062 | 0.8804 | 0.0064
BPIC15 | LSTM mse sigmoid 0.8783 | 0.0069 | 0.8796 | 0.0064 | 0.8783 | 0.0069 | 0.8782 | 0.0068
BPIC15 | GRU mse tanh 0.8741 | 0.007 | 0.8747 | 0.0071 | 0.8741 | 0.007 | 0.8733 | 0.0075
BPIC15 GRU | bin_ce-logits sigmoid 0.8733 | 0.0097 | 0.8738 | 0.0103 | 0.8733 | 0.0097 | 0.8728 | 0.0101
BPIC15 | GRU bin_ce sigmoid | 0.8677 | 0.0126 | 0.8683 | 0.0117 | 0.8677 | 0.0126 | 0.8672 | 0.0125
BPIC15 GRU mse sigmoid 0.8623 | 0.0077 | 0.863 | 0.0081 | 0.8623 | 0.0077 | 0.8619 | 0.0079
BPIC15 | LSTM | bin_ce-logits | sigmoid | 0.8571 | 0.0095 | 0.8597 | 0.0095 | 0.8571 | 0.0095 | 0.8566 | 0.0099
BPIC15 | LSTM manhattan tanh 0.8257 | 0.0145 | 0.8311 | 0.0155 | 0.8257 | 0.0145 | 0.8228 | 0.0147
BPIC15 | GRU | bin_ce-logits tanh 0.7937 | 0.0596 | 0.7502 | 0.1143 | 0.7937 | 0.0596 | 0.7676 | 0.0902
BPIC15 GRU bin_ce tanh 0.7898 | 0.021 | 0.7889 | 0.0206 | 0.7898 | 0.021 | 0.7841 | 0.0224
BPIC15 | GRU manhattan tanh 0.7858 | 0.0092 | 0.7896 | 0.0109 | 0.7858 | 0.0092 | 0.7739 | 0.0105
BPIC15 | LSTM jaccard sigmoid 0.7858 | 0.0447 | 0.8072 | 0.0581 | 0.7858 | 0.0447 | 0.7541 | 0.0666
BPIC15 | LSTM bin_ce tanh 0.7724 | 0.0778 | 0.7864 | 0.0625 | 0.7724 | 0.0778 | 0.7666 | 0.0839
BPIC15 | LSTM | bin_ce-logits tanh 0.7436 | 0.1165 | 0.7129 | 0.1585 | 0.7436 | 0.1165 | 0.6944 | 0.1604
BPIC15 GRU jaccard sigmoid 0.6962 | 0.0583 | 0.706 | 0.0696 | 0.6962 | 0.0583 | 0.6566 | 0.0861
BPIC15 | LSTM jaccard tanh 0.6098 | 0.0438 | 0.588 | 0.0276 | 0.6098 | 0.0438 | 0.5416 | 0.0565
BPIC15 GRU jaccard tanh 0.5529 | 0.0244 | 0.5832 | 0.0511 | 0.5529 | 0.0244 | 0.4847 | 0.042
BPIC15 | GRU manhattan sigmoid | 0.2538 | 0.0585 | 0.1223 | 0.0912 | 0.2538 | 0.0585 | 0.1194 | 0.0627
BPIC15 | LSTM manhattan sigmoid 0.2313 | 0.0552 | 0.0893 | 0.0776 | 0.2313 | 0.0552 | 0.0926 | 0.0505
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C.2 BPIC20

Table C.2: Results for dataset BPIC20: Averaged and standard deviations of different metrics over 10 runs. Each line corresponds to a

parameterisation of a RNN.

Dataset | Model Loss Activation Accuracy Precision Recall F1Score
Avg Sd Avg Sd Avg Sd Avg Sd

BPIC20 | LSTM mse sigmoid 0.8744 | 0.0397 | 0.8876 | 0.0279 | 0.8744 | 0.0397 | 0.8716 | 0.0424
BPIC20 | LSTM mse tanh 0.8585 | 0.0375 | 0.8764 | 0.0261 | 0.8585 | 0.0375 | 0.8539 | 0.0416
BPIC20 | LSTM | bin_ce-logits sigmoid 0.8541 | 0.0714 | 0.8736 | 0.0499 | 0.8541 | 0.0714 | 0.8425 | 0.0852
BPIC20 | LSTM bin_ce sigmoid 0.8397 | 0.0642 | 0.8598 | 0.0485 | 0.8397 | 0.0642 | 0.8308 | 0.0744
BPIC20 | GRU mse sigmoid | 0.8258 | 0.0897 | 0.829 | 0.0997 | 0.8258 | 0.0897 | 0.8148 | 0.1086
BPIC20 GRU mse tanh 0.8198 | 0.0489 | 0.8508 | 0.0287 | 0.8198 | 0.0489 | 0.8094 | 0.0574
BPIC20 | GRU | bin_ce-logits | sigmoid | 0.7895 | 0.0617 | 0.8229 | 0.0499 | 0.7895 | 0.0617 | 0.7722 | 0.0728
BPIC20 GRU bin_ce sigmoid 0.7758 | 0.0428 0.81 0.0338 | 0.7758 | 0.0428 | 0.758 0.054
BPIC20 | LSTM | bin_ce-logits tanh 0.7569 | 0.072 | 0.7797 | 0.0806 | 0.7569 | 0.072 | 0.7284 | 0.0924
BPIC20 GRU bin_ce-logits tanh 0.7303 | 0.1003 | 0.7828 | 0.0714 | 0.7303 | 0.1003 | 0.6852 | 0.1422
BPIC20 | LSTM bin_ce tanh 0.6469 | 0.126 | 0.6276 | 0.2199 | 0.6469 | 0.126 | 0.5695 | 0.1876
BPIC20 GRU bin_ce tanh 0.5918 | 0.041 | 0.5966 | 0.205 | 0.5918 | 0.041 0.478 | 0.0642
BPIC20 | LSTM | manhattan tanh 0.5878 | 0.0332 | 0.5173 | 0.1275 | 0.5878 | 0.0332 | 0.4707 | 0.0459
BPIC20 GRU manhattan tanh 0.5826 | 0.0458 | 0.6858 | 0.0653 | 0.5826 | 0.0458 | 0.4506 | 0.0629
BPIC20 | GRU jaccard sigmoid | 0.5449 | 0.0139 | 0.3075 | 0.0176 | 0.5449 | 0.0139 | 0.3898 | 0.0165
BPIC20 | LSTM jaccard tanh 0.4661 | 0.0236 | 0.2321 | 0.0435 | 0.4661 | 0.0236 | 0.2995 | 0.0278
BPIC20 | LSTM | manhattan sigmoid | 0.4629 | 0.0115 | 0.2144 | 0.0107 | 0.4629 | 0.0115 | 0.293 | 0.0123
BPIC20 GRU jaccard tanh 0.4602 | 0.0229 | 0.2362 | 0.0367 | 0.4602 | 0.0229 | 0.2933 | 0.0242
BPIC20 | GRU manhattan sigmoid | 0.4584 | 0.0217 | 0.2105 | 0.02 | 0.4584 | 0.0217 | 0.2884 | 0.023
BPIC20 | LSTM jaccard sigmoid 0.4576 | 0.0144 | 0.2096 | 0.0132 | 0.4576 | 0.0144 | 0.2875 | 0.0152
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C.3 Claroline Dissimilar 10

Table C.3: Results for dataset Claroline Dissimilar 10: Averaged and standard deviations of different metrics over 10 runs. Each line
corresponds to a parameterisation of a RNN.

Dataset Model Loss Activation Accuracy Precision Recall F1Score
Avg Sd Avg Sd Avg Sd Avg Sd

claroline-dis_10 GRU bin_ce sigmoid 0.9968 | 0.0006 | 0.9968 | 0.0006 | 0.9968 | 0.0006 | 0.9968 | 0.0006
claroline-dis_10 | GRU | bin_ce-logits | sigmoid | 0.9964 | 0.0003 | 0.9965 | 0.0003 | 0.9964 | 0.0003 | 0.9964 | 0.0003
claroline-dis_10 GRU mse sigmoid 0.9064 | 0.1868 | 0.8842 | 0.2111 | 0.9064 | 0.1868 | 0.8905 | 0.2059
claroline-dis_10 | LSTM mse tanh 0.8536 | 0.2532 | 0.8181 | 0.3077 | 0.8536 | 0.2532 | 0.8245 | 0.2977
claroline-dis_10 | LSTM mse sigmoid 0.7458 | 0.2554 | 0.6726 | 0.3102 | 0.7458 | 0.2554 | 0.6913 | 0.2986
claroline-dis_10 | LSTM | bin_ce-logits sigmoid 0.6885 | 0.217 | 0.6007 | 0.2605 | 0.6885 | 0.217 | 0.6147 | 0.2531
claroline-dis_10 | LSTM bin_ce sigmoid 0.6871 | 0.3138 | 0.6213 | 0.3627 | 0.6871 | 0.3138 | 0.6258 | 0.362

claroline-dis_10 | LSTM bin_ce tanh 0.3592 | 0.2734 | 0.2388 | 0.27 | 0.3592 | 0.2734 | 0.2636 | 0.2772
claroline-dis_10 | LSTM manhattan tanh 0.2687 | 0.0785 | 0.1686 | 0.0583 | 0.2687 | 0.0785 | 0.1767 | 0.0732
claroline-dis_10 | GRU bin_ce tanh 0.2599 | 0.3392 | 0.1774 | 0.3597 | 0.2599 | 0.3392 | 0.1875 | 0.3619
claroline-dis_10 GRU jaccard tanh 0.1998 | 0.1043 | 0.0595 | 0.0644 | 0.1998 | 0.1043 | 0.0843 | 0.079

claroline-dis_10 | LSTM jaccard tanh 0.1796 | 0.0786 | 0.0552 | 0.0564 | 0.1796 | 0.0786 | 0.0728 | 0.0643
claroline-dis_10 | GRU manhattan sigmoid | 0.1012 | 0.0015 | 0.0103 | 0.0003 | 0.1012 | 0.0015 | 0.0186 | 0.0005
claroline-dis_10 GRU bin_ce-logits tanh 0.1006 | 0.0012 | 0.0101 | 0.0002 | 0.1006 | 0.0012 | 0.0184 | 0.0004
claroline-dis_10 | GRU mse tanh 0.0998 | 0.0017 | 0.01 0.0003 | 0.0998 | 0.0017 | 0.0181 | 0.0006
claroline-dis_10 | LSTM | bin_ce-logits tanh 0.0997 | 0.0019 | 0.0116 | 0.005 | 0.0997 | 0.0019 | 0.0181 | 0.0007
claroline-dis_10 | LSTM | manhattan sigmoid | 0.0996 | 0.0016 | 0.0099 | 0.0003 | 0.0996 | 0.0016 | 0.018 | 0.0006
claroline-dis_10 | LSTM jaccard sigmoid 0.0995 | 0.0016 | 0.0099 | 0.0003 | 0.0995 | 0.0016 | 0.018 | 0.0006
claroline-dis_10 | GRU manhattan tanh 0.0991 | 0.0022 | 0.0098 | 0.0004 | 0.0991 | 0.0022 | 0.0179 | 0.0007
claroline-dis_10 GRU jaccard sigmoid 0.0989 | 0.0022 | 0.0098 | 0.0004 | 0.0989 | 0.0022 | 0.0178 | 0.0008
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C.4 Claroline Random 10

Table C.4: Results for dataset Claroline Random 10: Averaged and standard deviations of different metrics over 10 runs. Each line corresponds
to a parameterisation of a RNN.

LI

Dataset Model Loss Activation Accuracy Precision Recall F1Score
Avg Sd Avg Sd Avg Sd Avg Sd
claroline-rand_10 GRU bin_ce sigmoid 0.9861 | 0.0321 | 0.9811 | 0.0482 | 0.9861 | 0.0321 | 0.9828 | 0.0428
claroline-rand_10 | GRU | bin_ce-logits sigmoid 0.9664 | 0.0947 | 0.9548 | 0.1317 | 0.9664 | 0.0947 | 0.9581 | 0.1211
claroline-rand_10 GRU mse sigmoid 0.9154 | 0.1063 | 0.8869 | 0.1355 | 0.9154 | 0.1063 | 0.8945 | 0.1292
claroline-rand_10 | LSTM mse tanh 0.8886 | 0.1639 | 0.859 | 0.2065 | 0.8886 | 0.1639 | 0.8619 | 0.1999
claroline-rand_10 | LSTM bin_ce sigmoid | 0.7678 | 0.2389 | 0.7068 | 0.2775 | 0.7678 | 0.2389 | 0.7211 | 0.2713
claroline-rand_10 | LSTM mse sigmoid 0.7352 | 0.2056 | 0.6751 | 0.2397 | 0.7352 | 0.2056 | 0.6863 | 0.2358
claroline-rand_10 | LSTM | bin_ce-logits | sigmoid | 0.7183 | 0.1685 | 0.6454 | 0.2028 | 0.7183 | 0.1685 | 0.6573 | 0.2015
claroline-rand_10 | LSTM bin_ce tanh 0.4748 | 0.1905 | 0.3559 | 0.2044 | 0.4748 | 0.1905 | 0.382 | 0.2052
claroline-rand_10 | GRU jaccard tanh 0.2099 | 0.2221 | 0.1228 | 0.2179 | 0.2099 | 0.2221 | 0.1342 | 0.2249
claroline-rand_10 | LSTM manhattan tanh 0.1902 | 0.0734 | 0.1045 | 0.0698 | 0.1902 | 0.0734 | 0.1076 | 0.0661
claroline-rand_10 | GRU bin_ce tanh 0.1793 | 0.2517 | 0.0928 | 0.2621 | 0.1793 | 0.2517 | 0.1023 | 0.2661
claroline-rand_10 | LSTM jaccard tanh 0.1385 | 0.0696 | 0.0271 | 0.0311 | 0.1385 | 0.0696 | 0.0426 | 0.0441
claroline-rand_10 | LSTM | manhattan sigmoid | 0.1012 | 0.0017 | 0.0102 | 0.0003 | 0.1012 | 0.0017 | 0.0186 | 0.0006
claroline-rand_10 GRU manhattan tanh 0.1007 | 0.0015 | 0.0101 | 0.0003 | 0.1007 | 0.0015 | 0.0184 | 0.0005
claroline-rand_10 | GRU | bin_ce-logits tanh 0.1007 | 0.0013 | 0.0101 | 0.0003 | 0.1007 | 0.0013 | 0.0184 | 0.0005
claroline-rand_10 | LSTM | bin_ce-logits tanh 0.1004 | 0.0019 | 0.0101 | 0.0004 | 0.1004 | 0.0019 | 0.0183 | 0.0007
claroline-rand_10 | GRU mse tanh 0.1001 | 0.0018 | 0.01 | 0.0004 | 0.1001 | 0.0018 | 0.0182 | 0.0006
claroline-rand_10 | GRU manhattan sigmoid | 0.0991 | 0.0018 | 0.0098 | 0.0004 | 0.0991 | 0.0018 | 0.0179 | 0.0006
claroline-rand_10 | LSTM jaccard sigmoid | 0.0989 | 0.0016 | 0.0098 | 0.0003 | 0.0989 | 0.0016 | 0.0178 | 0.0005
claroline-rand_10 | GRU jaccard sigmoid | 0.0983 | 0.0014 | 0.0097 | 0.0003 | 0.0983 | 0.0014 | 0.0176 | 0.0005
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C.5 Claroline Dissimilar 50

Table C.5: Results for dataset Claroline Dissimilar 50: Averaged and standard deviations of different metrics over 10 runs. Each line
corresponds to a parameterisation of a RNN.

Dataset Model Loss Activation Accuracy Precision Recall F1Score
Avg Sd Avg Sd Avg Sd Avg Sd
claroline-dis_50 | LSTM bin_ce sigmoid 0.8001 | 0.1387 | 0.7631 | 0.1562 | 0.8001 | 0.1387 | 0.7603 | 0.1532
claroline-dis_50 | LSTM | bin_ce-logits | sigmoid | 0.7833 | 0.2161 | 0.7367 | 0.2528 | 0.7833 | 0.2161 | 0.7403 | 0.25
claroline-dis_50 GRU bin_ce-logits sigmoid 0.7225 | 0.381 | 0.6943 | 0.3834 | 0.7225 | 0.381 | 0.7002 | 0.3848
claroline-dis_50 | LSTM mse tanh 0.6211 | 0.0379 | 0.5221 | 0.045 | 0.6211 | 0.0379 | 0.5373 | 0.0374
claroline-dis_50 GRU bin_ce sigmoid 0.5256 | 0.4459 | 0.4901 | 0.4408 | 0.5256 | 0.4459 | 0.4975 | 0.4442
claroline-dis_50 | LSTM mse sigmoid 0.2437 0.25 0.197 0.223 | 0.2437 0.25 0.1983 | 0.2226
claroline-dis_50 GRU mse sigmoid 0.2089 | 0.2153 | 0.1375 | 0.1617 | 0.2089 | 0.2153 | 0.1507 | 0.1747
claroline-dis_50 | GRU bin_ce tanh 0.1015 | 0.2253 | 0.0761 | 0.2231 | 0.1015 | 0.2253 | 0.0781 | 0.2257
claroline-dis_50 GRU jaccard tanh 0.0778 | 0.0386 | 0.0209 | 0.0217 | 0.0778 | 0.0386 | 0.026 | 0.0251
claroline-dis_50 | LSTM jaccard tanh 0.0389 | 0.0131 | 0.0019 | 0.0011 | 0.0389 | 0.0131 | 0.0036 | 0.002
claroline-dis_50 | LSTM jaccard sigmoid | 0.0273 | 0.01 0.0013 | 0.0016 | 0.0273 | 0.01 0.0024 | 0.0026
claroline-dis_50 | GRU manhattan sigmoid 0.0201 | 0.0003 | 0.0004 0.0 0.0201 | 0.0003 | 0.0008 0.0
claroline-dis_50 GRU manhattan tanh 0.0201 | 0.0008 | 0.0004 | 0.0001 | 0.0201 | 0.0008 | 0.0009 | 0.0002
claroline-dis_50 | LSTM | bin_ce-logits tanh 0.0201 | 0.0004 | 0.0004 0.0 0.0201 | 0.0004 | 0.0008 0.0
claroline-dis_50 | LSTM | manhattan sigmoid | 0.0201 | 0.0006 | 0.0004 0.0 0.0201 | 0.0006 | 0.0008 0.0
claroline-dis_50 GRU mse tanh 0.02 0.0004 | 0.0004 0.0 0.02 0.0004 | 0.0008 0.0
claroline-dis_50 | GRU | bin_ce-logits tanh 0.02 | 0.0004 | 0.0004 0.0 0.02 | 0.0004 | 0.0008 0.0
claroline-dis_50 | LSTM manhattan tanh 0.0199 | 0.0004 | 0.0004 0.0 0.0199 | 0.0004 | 0.0008 0.0
claroline-dis_50 | GRU jaccard sigmoid | 0.0192 | 0.0002 | 0.0004 0.0 0.0192 | 0.0002 | 0.0007 0.0
claroline-dis_50 | LSTM bin_ce tanh 0.0158 | 0.0078 | 0.001 | 0.0009 | 0.0158 | 0.0078 | 0.0014 | 0.0012
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C.6 Claroline Random 50

Table C.6: Results for dataset Claroline Random 50: Averaged and standard deviations of different metrics over 10 runs. Each line corresponds
to a parameterisation of a RNN.

671

Dataset Model Loss Activation Accuracy Precision Recall F1Score
Avg Sd Avg Sd Avg Sd Avg Sd
claroline-rand_50 GRU bin_ce sigmoid 0.9562 | 0.0785 | 0.9442 | 0.1023 | 0.9562 | 0.0785 | 0.9475 | 0.0953
claroline-rand_50 | GRU | bin_ce-logits sigmoid | 0.9498 | 0.1013 | 0.9368 | 0.1304 | 0.9498 | 0.1013 | 0.939 | 0.1238
claroline-rand_50 | LSTM | bin_ce-logits sigmoid | 0.9197 | 0.1032 | 0.9085 | 0.1109 | 0.9197 | 0.1032 | 0.9041 | 0.1209
claroline-rand_50 | LSTM bin_ce sigmoid 0.8855 | 0.0936 | 0.8607 | 0.1175 | 0.8855 | 0.0936 | 0.8631 | 0.1106
claroline-rand_50 | LSTM mse sigmoid 0.698 | 0.221 | 0.6235 | 0.248 | 0.698 | 0.221 | 0.6429 | 0.2421
claroline-rand_50 | LSTM mse tanh 0.6136 | 0.0387 | 0.5077 | 0.046 | 0.6136 | 0.0387 | 0.5289 | 0.0372
claroline-rand_50 | GRU mse sigmoid | 0.5852 | 0.3281 | 0.5186 | 0.322 | 0.5852 | 0.3281 | 0.5331 | 0.324
claroline-rand_50 GRU mse tanh 0.4372 | 0.288 | 0.3482 | 0.2402 | 0.4372 | 0.288 | 0.3691 | 0.2544
claroline-rand_50 | GRU bin_ce tanh 0.3667 | 0.1106 | 0.3056 | 0.1063 | 0.3667 | 0.1106 | 0.3179 | 0.1041
claroline-rand_50 | GRU jaccard sigmoid 0.2623 | 0.2071 | 0.1773 | 0.186 | 0.2623 | 0.2071 | 0.1923 | 0.1943
claroline-rand_50 | LSTM jaccard sigmoid | 0.1028 | 0.0811 | 0.0373 | 0.0467 | 0.1028 | 0.0811 | 0.0464 | 0.0546
claroline-rand_50 GRU jaccard tanh 0.0981 | 0.0224 | 0.0305 | 0.0166 | 0.0981 | 0.0224 | 0.0375 | 0.0185
claroline-rand_50 | LSTM jaccard tanh 0.0745 | 0.0282 | 0.0135 | 0.0215 | 0.0745 | 0.0282 | 0.0186 | 0.0227
claroline-rand_50 | LSTM bin_ce tanh 0.0395 | 0.0262 | 0.0205 | 0.0247 | 0.0395 | 0.0262 | 0.0195 | 0.0258
claroline-rand_50 | GRU manhattan tanh 0.0394 | 0.0094 | 0.0232 | 0.0146 | 0.0394 | 0.0094 | 0.0205 | 0.0095
claroline-rand_50 | LSTM manhattan tanh 0.0202 | 0.0004 | 0.0004 0.0 0.0202 | 0.0004 | 0.0008 0.0
claroline-rand_50 | LSTM | manhattan sigmoid | 0.0199 | 0.0003 | 0.0004 0.0 0.0199 | 0.0003 | 0.0008 0.0
claroline-rand_50 | GRU | bin_ce-logits tanh 0.0198 | 0.0004 | 0.0007 | 0.0007 | 0.0198 | 0.0004 | 0.0008 0.0
claroline-rand_50 | LSTM | bin_ce-logits tanh 0.0198 | 0.0005 | 0.0004 0.0 0.0198 | 0.0005 | 0.0008 0.0
claroline-rand_50 | GRU manhattan sigmoid | 0.0197 | 0.0006 | 0.0004 0.0 0.0197 | 0.0006 | 0.0008 0.0
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