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Abstract 

Extended finite state automata are a powerful formalism that can model many complex 
systems in a finite representation and remain amenable to analysis. A wide variety of 
algorithms interacts with these automata: for example, automata learning algorithms derive 
them from black-box systems, while model checking algorithms can verify their properties. 
When developing such algorithms, it is essential to perform benchmarking, i.e., analyze the 
algorithm’s performance on models of such machines. The choice of benchmark directly 
impacts the quality of the evaluation, with better benchmarks allowing for well-founded 
conclusions that are not restricted to, e.g., models of specific types of system. 

However, sources for benchmarks for extended finite state automata are limited. Only a single 
benchmark library and only simple synthesis algorithms are described in the literature. It 
is not clear what, given these restrictive circumstances, a good selection of benchmarks for 
a study is and to what extent choice of benchmarks ultimately impacts the strength of the 
study’s results. 

This thesis addresses this problem by analyzing limits in the availability and use of benchmarks 
in both extended finite state automata and finite state automata research and identifying the 
causes of these limits. We then address these causes and improve upon the current state of the 
art in benchmarking by defining two synthesis algorithms for extended finite state automata. 
We also tackle the lack of benchmark libraries by introducing recombinable benchmarks and 
tools, which simplify the creation and reuse of such libraries. 

By analyzing prior works and reflecting on the benchmarking performed in four case studies, 
we argue that the optimal approach to benchmarking is the combination of synthetic automata 
with well-curated, constantly-updated benchmark libraries. We successfully apply two novel 
synthesis algorithms in case studies and show that their benchmarks enable well-founded, 
strong conclusions. Finally, we retroactively analyze our approach to recombinability on our 
case studies and show its practicality in terms of effort required. 

Keywords Automata Synthesis • Benchmarks • Empirical Content • Evaluations • Extended 
Finite State Automata • Finite State Automata • Metascience • Register Automata • Timed 
Automata 
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Chapter 1 

Introduction 

When interacting with a computer system controlled by a computer, we often want to 
understand its behavior to ensure that is meets our expectations regarding, e.g., correctness. 
However, to perform the necessary tests, we require both access to the system and a way to 
analyze it. For example,1 assume we are setting up an account on an XMPP-based [Sai11] chat 
server. On a basic level, we want to be sure that after we have created an account, we can 
then log in using our chosen username-password combination. Since the software is running 
on a remote server and may only be available as a compiled binary, we lack both access and 
an easily-analyzable representation. 

Automata learning encompasses a set of methods that take a black-box system and derive an 
automata representation modeling the system’s behavior. This problem was first studied by 
Gold as “language identification in the limit” [Gol67]. By now, many learning algorithms have 
been published in the literature, with Angluin’s L* [Ang87] and Biermann and Feldman’s 𝑘-
tails [BF72] being seminal works in the field. In our example, the automata learning algorithm 
should recover a model close to the one shown in Figure 1.1 if the server is implemented 
correctly. 

We usually differentiate active learning methods that interrogate the black-box system and 
passive learning methods that infer the system’s behavior by generalizing from a set of traces 
of the system’s inputs and outputs. In our example, an active learning algorithm would 
actively interact with the server sending and receiving XMPP messages, while a passive 
algorithm would only require a set of message protocols. 

Having learned a model, we can then proceed to analyze it. Depending on the property we 
are interested in examining, we may select one from a variety of different algorithms. When 
interested in the correctness of a system, we will usually employ a model checker to verify (or 
falsify) that a certain property is maintained by the model. In our example, we would verify 
that the input register(𝑢, 𝑝), login(𝑢, 𝑝) leads to a logged-in location (marked as accepting 
in the model). Under the assumption that the model is an accurate representation of the 

1This example is based on a running example by Cassel et al. [Cas+15]. 



delete() ∣ true 
– 

𝑞0 𝑞1 𝑞2 

register(𝑝1, 𝑝2) ∣ true 

𝑥1 ≔ 𝑝1, 𝑥2 ≔ 𝑝2 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– 

logout() ∣ true 

pw(𝑝1) ∣ true 

𝑥2 ≔ 𝑝1 

– 

Figure 1.1: A register automaton modeling the single-user account management behavior of 
XMPP 

2 Chapter 1: Introduction 

original black-box system, we can then conclude that the results of the analysis also applies 
to the original black box. Such approaches to checking properties of black-box systems were 
named black-box checking by Peled et al. [PVY99]. 

Simple systems can usually be described by automata operating on a finite state space, i.e., a 
finite state automaton (FSA). On the other hand, systems interacting with humans or cyber-
physical systems often operate on an infinite state space to model, e.g., the storage of user 
inputs (such as username and password in the XMPP example) or the passage of time. Many 
of these more complex systems can, however, still be described in a finite model as an extended 
finite-state automaton (EFSA) [CK98]. EFSAs combine a finite location space with an additional 
data storage. Transitions between locations can depend on, read, and update the data storage. 
For example, register automata [KF94] form a subset of EFSAs that can remember input 
symbols from an infinite domain (e.g., strings) and check subsequent symbols for (in-)equality. 
Figure 1.1 shows a register automaton in the succinct formalism defined by Cassel et al. 
[Cas+15]. In general, most types of EFSA are far more expressive while still remaining 
algorithmically analyzable, although with higher algorithmic complexity that FSAs. 

1.1 Benchmarking 

When developing novel algorithms for learning or analyzing automata, evaluation is usually 
performed empirically by applying the algorithm to a set of benchmarks, i.e., automata that 
are representative of the expected target domain (usually, some class of real-world systems). 
While some theoretical results w.r.t. to, e.g., complexity bounds are described in the literature, 
these are usually complemented by an empirical study. For example, an active learning 
algorithm could be benchmarked by trying to learn the model of a network protocol and 
counting the number of queries required. However, when evaluating a passive learning 
algorithm instead, a benchmark would usually include both inputs for the algorithm, i.e., 
a set of network traces, and a “correct” automaton serving as ground truth to measure the 
correctness of the learning result. We can formalize this term: 



3 1.1 Benchmarking 

Definition 1 (Benchmark). Assume that we want to evaluate one or more algorithms in a 
study. We therefore select a set of measurements we want to conduct. A benchmark usable 
for that combination of algorithms and measurements combines 

– an input that can be used to execute all algorithms and 
– additional data needed to conduct the desired measurements. 

Historically, a the term described reference programs used to judge system performance 
[Jos65]. Lewis and Crews give a wider perspective on the history of benchmarking [LC85]. 
These historic definitions also consider benchmarks as sets of inputs to drive measurements, 
however, since they only consider timing measurements, they do not consider the need for 
additional data to perform an evaluation. The term “benchmark” is used in other domains as 
well, e.g., in business [Cam24]. We solely focus on its meaning w.r.t. computing. 

The results of an evaluation using only a single benchmark would be very limited: we 
could only support claims about the performance of the algorithm in this specific case with 
confidence. Were we to add more network protocol benchmarks (i.e., a representative selection), 
we can generalize the result to all network protocols. We can repeat this step for models of 
different systems, until we might arrive at an unqualified statement about the algorithm’s 
performance, i.e., predict its performance in all scenarios. 

This intuition is formalized by Popper as empirical content [Pop02]: the more predictions a 
theory (here, the claimed results of a study) makes, the better it is. The “amount” of predictions 
is in turn influenced by the qualifications (i.e., constraints to applicability) attached to the 
result. In our example, the result’s empirical content would increase not primarily with the 
number of benchmarks, but their diversity. Applied to the choice of benchmarks, this means 
that a good benchmark selection is one that results in a high empirical content of the study’s 
results. 

Empirical content is related to the notion of external validity [Win99] (cf. Shadish et al.’s 
textbook [SCC02]). However, external validity focuses on the correspondence between 
claimed and actual empirical content when generalizing results – a result can be externally 
valid, but can have low empirical content. A lack of the former results in an unsound result, 
the latter may only be undesirable. 

In this thesis, we consider – similar to Stol and Fitzgerald’s ABC framework for Software 
Engineering research [SF18] – five categories of automata benchmark. Each category uses 
different types of data and can support different types of evaluation with varying threats to 
validity. The first three categories are benchmarks that are manually defined or curated. 

Case Study When research is performed to address a particular use case (e.g., to learn and 
analyze a model for a specific piece of hardware), benchmarking on the use case is a 
natural choice. In other works, realistic applications are explicitly sought out. We call 
such benchmarks case studies. While these automata are representative for systems in 
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the target domain, they also impose inherent limits: first, results from a single case 
study may not generalize well, second, they may masque “overfitting” of an algorithm to 
the case study, and third, depending on the case study, a ground truth – i.e., a “correct” 
automaton – may not be available at all, precluding some forms of evaluation altogether. 

We define case studies to be benchmarks that either model or are real-world systems 
that address a realistic issue outside the control of the researcher conducting the 
evaluation. Crucially, they inherit the complexity characteristic of the real world 
without any interference by the researcher. Our definition is similar to that of Runeson 
et al. [Run+12, Section 2.2]. However, Runeson et al. use the term for an entire study, 
while we only consider a single input. As a result, we do not require “multiple source 
of evidence”, but agree that a case study analyzes “a contemporary […] phenomenon 
within its real-life context”. In addition, we focus on the lack of influence over the 
investigated system, while Runeson et al. do not. 

We can divide case studies into several subcategories depending on the exact na-
ture of the case study. In the literature, common types are black-box systems (e.g., a 
closed-source software or a hardware device), white-box systems (e.g., open-source 
applications), and models derived from specifications (e.g., network protocols can be 
formalized into state machines and then used). The amount of information available 
also influences the degree to which an algorithm can be adapted to a case study. 

An example of a case study on a closed-source system is Aarts et al.’s work [ASV10] on 
a novel learning approach to infer a model of a biometric passport. The algorithm was 
then benchmarked on said passport. Since the passport is a real-world system outside 
the author’s influence, we classify this as a case study. 

Toy Example Often, an algorithm’s correctness is tested by executing it on small, manually 
defined examples. While these are frequently inspired by real-world issues, they are 
usually less complex. Alternatively, such examples may have been developed for 
didactic purposes or designed to show a particular shortcoming of existing algorithms 
that is addressed by the authors’ work. We call such benchmarks toy examples. They are 
usually not defined by a domain expert and are not intended to be fully representative 
of the target domain. In addition, they may be prone to bias if the authors choose 
models particularly suitable for their work. On the positive side, they can be defined in 
the target automaton model, enabling analyses not possible with some case studies. 

In our taxonomy, toy examples encompass all benchmarks that are either manually 
defined by the researchers performing the evaluation, even if they are intended to 
mimic a real-world system, or reuse a selected toy example from another work. While 
the term is occasionally used in the literature, it is rarely defined. Shaw notes that 
“toy and textbook examples often fail to provide persuasive validation” [Sha03], while 
Runeson and Höst mentions “mere toy examples”, setting them apart from case studies 
[RH09]. Both agree that they are less suitable for evaluation purposes. 
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Case studies that are simplified by a researcher may occupy a gray area between case 
studies and toy examples, depending on the nature of the simplification. For example, 
the technique of removing encryption when learning network protocols will usually 
not remove any complexity, but this may not be the case for other alterations such as 
removal of sequence numbers. 

Examples include the brick sorter [Ive+00] for Uppaal [LLN18a; LLN18b], a model of 
a very simplistic brick sorting robot. While the problem is inspired by a real-world 
model, the authors have full control over the model and its complexity, making this a 
toy example instead of a case study. 

Benchmark Library In many fields of research, attempts have been made to collect bench-
marks into benchmark libraries, i.e., collections of benchmarks that were judged to be 
of interest by human curators. Often, these stem from previous case studies or are 
adapted from specifications, however, other libraries may be the result of synthesis for 
e.g., a competition. Use of a well-curated library both ensures some generalization and 
ensures that the selection of benchmarks is not inadvertently tuned to the study. 

Formally, a benchmark library is any selection of benchmarks that was curated and 
made accessible outside the scope of the study. While they may contain benchmarks of 
all other categories, the curation process is not in the researcher’s hands. The need for 
such libraries is well-documented, with Conti’s call for the creation of such a library 
being an early example from performance benchmarking [Con79]. 

Internal libraries collected be research groups, such as early versions of the Automata 
Wiki [Nei+19], may again occupy a gray area, since curators and researchers may easily 
overlap. Without any outside publication and release process, it becomes difficult to 
define when a collection of, e.g., case studies becomes a benchmark library. 

The Automaton Wiki [Nei+19] is an example of a benchmark library primarily collecting 
case studies, while the PAutomaC benchmark set [VEH14] was synthesized to be used 
in the eponymous competition. 

An alternative approach is the synthesis of automata, i.e., the automated generation of a 
benchmark set matching some predefined criteria. While synthesis includes purely random 
generation, some synthesis methods add logic beyond mere randomness. In general, two 
approaches to synthesizing automata-like structures are described in the literature. While in 
some cases (e.g., passive learning) no automaton is required to run the learner, a meaningful 
evaluation requires a ground truth (i.e., a canonical automaton corresponding to the inputs). 
As a result, all synthesis processes observed in our literature survey (cf. Section 4.1) did 
generate automata 

Structural Synthesis Intuitively, automata can be synthesized by creating the automaton’s 
graph structure, i.e., defining locations and transitions between them according to a rule-
based process. Most simply, this can be done by randomly creating transitions over a set 
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of locations. We call these processes structural synthesis. Such techniques are suitable 
to generate families of automata differing in graph-related properties such as transition 
density. However, these approaches tend to yield automata defining simple languages, 
i.e., accept relatively similar inputs without complex semantic features. Additionally, 
for algorithms that do not directly access the graph structure (e.g., active automata 
learning algorithms), any complexity solely present in the transition structure can not 
impact the algorithm at all. This approach is therefore more suitable for algorithms 
operating on the graph structure. 

In our definition, automata generation via structural synthesis includes all algorithms 
that operate by creating an automaton’s graph structure and can be parameterized in 
terms of graph properties (number of locations, transition density, etc.). A generation 
campaign using a structural synthesis algorithm could e.g. synthesize 𝑘 automata with 
𝑛 locations and 2𝑛–4𝑛 transitions. The language properties of the resulting automata, 
however, would be emergent; a user can not directly control these during generation. 

An example for structural synthesis are techniques based on the random graph genera-
tion defined by Erdős and Rényi [ER60]. This algorithm randomly assigns transitions 
to states, i.e., operates on the graph structure. 

Semantic Synthesis Alternatively, we can leverage the fact that automata can be defined 
by their accepted language. We first synthesize a language that is expressible by our 
target automaton and then derive a matching automaton. Using this approach, the 
creation of semantically equivalent automata can be avoided. We therefore categorize 
these methods as semantic synthesis techniques. Here, it becomes possible to vary 
properties of the automaton’s language; usually, the resulting automaton model is a 
close-to-minimal model for that language. This technique is therefore more suited to 
algorithms operating on the automaton’s behavior, not the graph structure. 

For this taxonomy, semantic synthesis algorithms do not operate on an automaton’s 
graph structure. As a result, they can likely be configured using parameters closer to 
the language’s properties. Such properties encompass a wide set of possible parameters, 
which we do not attempt to restrict for this definition. For example, a synthesis process 
could be parameterized via the minimum number of locations or the nesting level of 
Kleene stars in an equivalent regular expression. The graph properties of the final 
automaton are therefore emergent. 

An example is the random generation process for DFAs described by Champarnaud 
and Paranthoën [CP05], which is parameterized number of unique locations, identified 
by their access strings. While this also allows for some control over the automaton’s 
size, we consider the property to be a semantic one, since it is close to a (subjective) 
notion of “language complexity”. 
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For various types of finite-state automata, sizable collections of benchmarks exist. Examples 
include the Automata Wiki [Nei+19] or the RERS competition’s challenges [How+21].2 In 
addition, synthesis of such models has been studied in detail (cf. the survey by Nicaud [Nic14]). 
As a result, most works developing algorithms on finite-state automata are free to employ all 
types of benchmark described above. 

However, this is not the case for extended automata. To the best of our knowledge, only the 
Automata Wiki’s collection of succinct register automata exists, while for timed models, no 
collection is available. For synthesis of EFSAs, only random approaches are described in 
the literature and are used sparingly. As a result, empirical evaluations of EFSA algorithms 
are frequently performed on a narrow set of benchmarks and benchmark categories. In our 
informal survey of the literature3, less than 10 % of the works used a benchmark library, ca. 
15 % used synthesis, while while almost half used only one or more case studies. Of the works 
using only case studies, slightly less than 50 % base their findings on only a single case study 
(e.g., Aarts et al. [ASV10] consider only a biometric passport). In recent works, the use of 
multiple benchmarks has become more common (e.g., Vaandrager et al. [VBE21] evaluate on 
four case studies, two of which are sourced from a previous work.) and increasingly, studies 
combine multiple categories of benchmark. 

1.2 Research Problems and Contributions 

We will now describe the research problems addressed by the thesis and summarize the 
contributions made. Considering the lack of readily-available benchmarking options available 
for algorithms operating on EFSAs, our motivating question is: 

How can we benchmark algorithms operating on 
extended finite state automata to obtain results 

with high empirical content? 

This thesis focuses on four research problems, each of which contributes to answering this 
question in part. 

RA Benchmark Transformation As discussed above, the only benchmark library con-
taining EFSAs is the Automata Wiki’s [Nei+19] collection of register automata. The 
collected automata use the succinct register automaton formalism [Cas+15], a highly 
expressive variant of register automata. However, more restrictive formalisms (e.g., 
Kaminski and Francez’s seminal definition [KF94]) are described in the literature. To 

2We offer a more comprehensive overview in Section 4.1. 
3The full survey is introduced in Section 4.1. 
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benchmark algorithms operating on restrictive formalisms via Automata Wiki bench-
marks, we would need to “downcast” the algorithms into the more restrictive formalism. 
However, most publications only ensure that their formalism of choice subsumes prior 
ones, but does not defined an inverse mapping. In addition, such a transformation 
may alter the automaton’s properties or introduce considerable overhead in terms of 
automaton size. 

In Chapter 3, we will survey register automaton formalisms from the literature and 
define a comprehensive set of transformations between the formalisms. These not 
only enable the use of the Automata Wiki benchmarks in contexts requiring other 
formalisms, but allow for transformations between all models surveyed by us. We will 
also consider the overhead induces by the transformation and show that most reduc-
tions in expressiveness carry an exponential overhead, making the use of “downcast” 
benchmark libraries in benchmarking impractical. These results are based on Paper I 
[DH21]. 

Benchmarking in Practice The empirical content generated by a study’s conclusions is 
highly dependent on the benchmarks employed to support said conclusions. However, 
little guidance for benchmark use in EFSA research exists, and the current state of the 
art may not reflect best practices. Identifying such best practices requires multiple 
steps. First, we need to estimate the impact of benchmark choice on empirical content 
by examining applications of benchmarking. We can then make recommendations for 
benchmarks or benchmark combinations that yield a high empirical content. 

Where we find the status quo to be unsatisfactory, we can identify inhibitors to the 
adoption of best benchmarking practices. In addition, we will consider other undesirable 
trends in benchmarking and speculate on how to counteract them. The results will 
inform the following to research questions. 

In Chapter 4, we therefore survey both FSA and EFSA research to obtain an overview of 
the state of the art in benchmarking for both fields. We will show that many desirable 
practices common in FSA research have not yet been adopted in EFSA research. Most 
notably, use of benchmark libraries and synthesis methods is prevalent in FSA, but 
not EFSA research, with deprecation of benchmark libraries also being a common 
phenomenon. 

We will then consider four case studies in which algorithms operating on EFSAs were 
developed and evaluated empirically. For each, we will examine the benchmarks used 
and the results obtained. We will then consider the impact of benchmark choice for 
the respective study’s empirical content. This is based on Paper II [DH22a], Paper III 
[Die+23a], Paper IV [Die+24; Die+26a], and Paper VI [Die+26b]. 

Then, we will summarize the individual results to conjecture that the combined use of 
benchmark libraries and synthetic automata is desirable for empirical evaluations, but 
is not prevalent in EFSA research. We will also support our assumption that inhibiting 
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factors are the lack of bespoke, nontrivial EFSA synthesis algorithms and the difficulty 
inherent to using EFSA benchmarks. 

Benchmark Synthesis To benchmarks algorithms on very large sets of automata (i.e., thou-
sands and more), there exists no feasible alternative to synthesis. Synthesis algorithms 
can create targeted families of automata (e.g., increasing in size or transition density), 
enabling the targeted evaluation of the scaling behavior of algorithms. While synthesis 
of “regular” FSAs has been extensively studied, the synthesis of EFSAs beyond random 
generation remains a mostly open problem. In Chapter 5, we describe a structural and 
a semantic synthesis algorithm for register automata and discuss how to apply them to 
synthesize other EFSA types. 

The former avoids the creation of dead transitions and can be configured to confirm to 
various automaton properties, e.g., size or guard complexity. This is based on Paper II 
[DH22a]. 

Next, we adapt the semantic DFA synthesis algorithm of Champarnaud and Paranthoën 
[CP05] to generate deterministic register automata. We implement this algorithm in 
the RAGe tool that allows for the automated combination of synthesized automata 
with manually-defined fragments to enable the synthesis of register automata with 
user-defined substructures. This contribution is based on Paper IV [Die+24; Die+26a]. 

Recombinable Benchmarks and Tools Both increasing the number of EFSA benchmarks 
curated in libraries and being able to execute them on competing tools is key to more 
comprehensive evaluations. However, the collection of benchmarks is often inhibited 
by the difficulty of using a given benchmark with a novel software tool. Conversely, 
the use of existing tools with novel benchmarks is also a largely unsolved problem in 
automata learning and analysis. 

To address this issue, a standardized interface between benchmarks and software is 
required. In Chapter 6, we introduce the concept of recombinable tools and benchmarks 
to establish a path towards the development of large and easily-usable benchmark sets 
and ease evaluations against competing algorithms. This is based on Paper V [DH25]. 

In summary, we will both outline the limits of currently available benchmarks and show a 
path forward. For the former, we show the limits of existing register automata benchmarks 
w.r.t. reductions in expressiveness and the limits of benchmarking in EFSA algorithm research. 
For the latter, we define synthesis methods for register automata and sketch an approach to 
define tools benchmarks that can easily be used in downstream research. 
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1.3 Structure 

In Chapter 2, we will give an overview over related work w.r.t. the individual contributions of 
this thesis. Chapter 3 tackles the first research question. We define transformations between 
register automaton formalisms and show that in general, they are not feasible in terms of 
overhead. We address the second research question in Chapter 4 by performing both a 
literature review and a retrospective on four case studies. We identify trends and limits in 
both FSA and EFSA benchmarking, define good benchmarking approaches, and outline the 
contributions needed to address the current limitations in EFSA benchmarking. Chapter 5 
describes the first contribution towards this goal by defining two synthesis algorithms for 
register automata, one structural and one semantic. The second contribution is presented 
in Chapter 6, in which we introduce the concept of recombinability as an avenue to highly-
reusable benchmarks and algorithm implementations. We show that the concept can be easily 
adopted and may help in the creation of EFSA benchmark libraries. Finally, Chapter 7 will 
summarize the results and contributions of this thesis and provide an outlook on future work. 



Chapter 2 

Related Work 

In this chapter, we will consider related work. For works related to the algorithmic contribu-
tions of Papers II to IV and VI [DH22a; Die+23a; Die+24; Die+26a; Die+26b], we refer to the 
respective publications. For an overview of FSA and EFSA algorithm research in general, we 
refer to the surveys in Section 4.1. 

Benchmarking Jackson et al. develop a guideline for experimental evaluations [Jac+90]. 
They differentiate between different types of test sets (i.e., benchmarks) and note potential 
deficiencies of both libraries and synthetic data. Also, they consider the relation between a 
paper’s claims and the necessary experiments. The same notion motivates our introduction 
of empirical content. Seepersad et al. also consider the problem of generalizing results in 
Design Science Research [See+06]. In their Validation Square process, they consider that 
while support for generalization can be built experimentally, it ultimately has to be a “leap of 
faith.” 

Benchmarking and research design in (Empirical) Software Engineering has been studied 
with a focus on human experimentation, such as usability studies. Perry et al. discuss the 
use of empirical studies and disambiguate some types of studies, including studies based 
on synthetic data [PPV00]. Sim et al. discuss benchmarking as a technique [SEH03]. They 
compare benchmarks to case studies with human subjects, noting they are similar in lack 
of researcher control over the scenario, but add the ability to replicate results. Empirical 
methodologies are also discussed in passing in Shaw’s tutorial [Sha03] and Runeson et 
al.’s guidelines on case studies [Run+12]. Stol and Fitzgerald’ ABC of Software Engineering 
research [SF18] provides both a taxonomy, an overview of approaches, and a survey on related 
literature. However, this taxonomy cannot be applied to algorithm research as-is. Several of 
the core factors influencing human participants (e.g., lab setting versus observation studies) 
are irrelevant to benchmarking of algorithms. Our taxonomy is therefore inspired by the 
ABC, but can not simply adapt it. 

In other fields of Informatics, benchmarks are frequently considered to be a desirable evalua-
tion method. In Machine Learning, benchmarks are both commonly used and the subject of 
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ongoing research: Thiyagalingam et al. gives an overview over benchmarks [Thi+22], while 
Hardt seek to develop a “science of machine learning benchmarks” to address shortcomings 
of current, more ad hoc approaches [Har26]. In Robotics, Amigoni et al. investigate the use 
of competition data as benchmarks [Ami+15]. More recently, Mendling et al. provide an 
in-depth overview of Algorithm Engineering methodologies, including empirical work using 
benchmarks [Men+25]. They stress the importance of selecting appropriate benchmarks, but 
do not attempt to taxonomize them. 

Outside of Informatics, Pinquié et al. discuss the need for benchmarks in Engineering Design 
research [Pin+24]. In Catalysis Science, Bligaard et al. also consider benchmarks a benefit for 
both computer-based and experimental research [Bli+16]. As a final example, Sharma and 
Raju survey benchmarks for metaheuristic optimization methods and collect a large selection 
of well-established benchmark problems [SR24]. 

Recently, Aichernig et al. performed a large-scale retroactive benchmark of various active 
FSA learning algorithms [ATW24]. While not explicitly considering the impact of benchmark 
choice, the study nonetheless improves upon previous evaluation results and shows that the 
“best” algorithm is (partially) determined by the setting and oracle used, i.e., no clear ranking 
can be made. This highlights the importance of comprehensive benchmarking. A similar 
observation for optimization algorithms was made by Fister et al.: even well-established 
benchmark libraries did not yield consistent results in identifying the best available algorithm 
[Fis+21]. In the field of security research, Kouwe et al. identify a set of “benchmarking flaws” 
that may threaten a study’s results’ validity, including selective choice of benchmarks or the 
use of benchmarks inappropriate for the study [Kou+19]. They note that even high-impact 
flaws are widespread in the literature, highlighting a need for best practices. 

For a discussion of the limits of benchmarking vs. theoretical results in Informatics, we refer 
to the pair of papers on the subject by Mitzenmacher [Mit15] and Ullman [Ull15]. Kriegel et al. 
consider possible pitfalls in empirical studies, including limitations imposed the benchmark 
sets used and unsound comparisons resulting from badly-implemented comparators [KSZ17]. 

For a general overview of benchmarking, we refer to Lewis and Crews’s survey for an 
overview over benchmarking history [LC85]. For more recent works, we refer to Zhan’s call 
for establishing a science of benchmarking [Zha21] and Zhan et al.’s attempt to formalize of 
“Evaluatology” and “Benchmarkology” [Zha+24]. Both works pursue a holistic approach in 
describing evaluations and benchmarking, but do not attempt to taxonomize benchmarks in a 
manner comparable to ours. 

Register Automata In the works introducing their respective formalisms, Neven et al. 
[NSV04], Segoufin [Seg06], Demri and Lazić [DL09] show or assert equivalence of their RA 
formalism to the seminal finite memory formalism [KF94]. Murawski et al. introduces the 
notion of register disciplines [MRT17], which categorizes formalisms into the same complexity 
groups as our taxonomy. However, transformations are never specified in detail. Most notably, 
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none of the works specifies translations into the finite memory formalism. For further reading 
on the subject, we refer to the general surveys on register automata by Segoufin [Seg06] and 
Kara [Kar16]. 

Algorithms on Automata While not the subject of the thesis, we consider a large selection 
of works introducing or evaluating algorithms that either learn or analyze automata in 
Section 4.1. In addition to that section, we refer to the vast amount of surveys on the subject, 
shown here in chronological order. For a survey of learning algorithms defined prior to the 
seminal L* algorithm [Ang87], see Angluin and Smith’s survey [AS83]. Next, an overview of 
theoretical results was given by Pitt [Pit89]. Murphy surveys algorithms that are mostly of 
historical interest [Mur95]. 

Later surveys give an overview over current approaches. Balcázar et al. surveys active learning 
algorithms [Bal+97]. Higuera [Hig05] and Leucker [Leu07] provide more recent overviews, 
with the former focusing on grammar learning and the latter on learning and verification. 
Higuera’s textbook gives a broad overview over the field [Hig10]. For an introduction into 
applying active learning algorithms, we refer to Howar et al.’ paper [How+12b]. 

Recent overviews and surveys include Vaandrager’s overview article [Vaa17], Bennaceur and 
Meinke’s more general overview of machine learning [BM18], Howar and Steffen’s survey of 
works between 2011 and 2016 [HS18], and the recent surveys by Wang et al. [Wan+20] and 
Ali et al. [ASZ21]. 

Automata Synthesis Champarnaud et al. compare two structural synthesis approaches to 
generate random NFAs, one by creating a random transition function and one that begins 
with a connected structure [Cha+04]. The former approach tends to result in unreachable 
locations, the second approach is similar to the structural synthesis employed by us. Some 
other structural synthesis approaches are also essentially random, but create nontrivial 
automata. Hanneforth et al. define an random algorithm that nonetheless generates nontrivial 
automata through a well-designed process [HMQ13]. The generation automaton used for 
the PAutomaC competition also operates using mostly-random process [VEH14]. Héam and 
Joly define a structural synthesis algorithm for pushdown automata that is biased towards 
creating useful automata through generation of intermediate structures [HJ15]. 

Alternative approaches to structural synthesis include sampling random transition systems 
until one matches the desired criteria [CN12a], using a Markov chain to generate the final 
automaton, resulting in a uniform distribution of created automata [CD12], and randomly 
creating an intermediate transducer [HNS10]. 

Other approaches operate by enumerating intermediate structures. A random number can 
then be transformed into the structure, which, in turn, it transformed into the target automaton. 
If these transformations are bijective, the automaton is unique. This results in a semantic 
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synthesis procedure. An example is Champarnaud and Paranthoën’s DFA generator (using 
generalized tuples and trees as intermediates) [CP05], which forms the basis of our semantic 
synthesis framework. Other works in this family generate DFAs via boxed diagrams [BN07; 
BDN08], initially-connected DFAs using a custom string representation [AMR07], unary DFAs 
via regular expressions [ZR08], and a subtype of NFAs using direct enumeration [FMR18]. 

For a general overview on automata synthesis, we also refer to Raitt’s thesis [Rai06] and a 
survey by Nicaud [Nic14]. 

Recombinable Artifacts Our notion of recombinability bears resemblance to technical 
interoperability as defined by the EOSC framework [Dir+21]. The EOSC framework, however, 
focuses on the exchange of data between systems, while we are interested in the loading of 
data at rest. Collberg and Proebsting introduce the notion of repeatability as the ability to 
execute research code and find that, for about half of publications presented at a set of 2012 
and 2013 conferences, the corresponding research software could not be accessed, compiled, 
or does not work [CP16]. 

Examples of attempts at standardizing exchange formats and creating libraries of automata 
models include the Automata Wiki [Nei+19], AutomatArk [DAn24], as well as the other 
libraries mentioned in Section 4.1. In other fields, SMT-Lib [BFT25] defines both a standard 
format for SMT programs and aggregates a large benchmark suite, while the OWASP bench-
mark [OWA25] is a staple benchmark collection in security research. The SAT Competition 
[Cod+25] standardizes input and output formats for participating solvers, but does not pre-
scribe a tool format. While LearnLib [FHS25] does not aggregate benchmarks, it collects most 
algorithms developed for automata learning, i.e., is an example of a tool library. 

The idea of recombinable tools has roots in the ETI platform [Bra+99], which intended to 
make research software available over a web interface instead of distributing executable 
files. A more recent, but field-specific example of recombinability is SV-COMP [BS25], which 
prescribes formats for both benchmarks and tools. The tool format, however, is only designed 
to work on the competition machines and not any system. In Bioinformatics, the bio.tools 
project aggregates both data sets and tools, but does not collect tool artifacts, instead linking 
to artifacts provided by the project developers [Iso+20]. 



Chapter 3 

RA Benchmark Transformation 

The Automata Wiki [Nei+19], to our knowledge the only benchmark library containing 
extended finite state automata, expresses its collection of register automata using the succinct 
RA formalism described used by Cassel et al. [Cas+15]. However, less expressive formalisms, 
including Kaminski and Francez’s seminal finite-memory formalism [KF94], are also described 
in the literature. These formalisms may be the subject of algorithms – e.g., Demri and Lazić’s 
LTL model checking algorithm [DL09] operates on a more restrictive formalism – which 
cannot be benchmarked with the Automata Wiki benchmarks without converting them to 
the correct formalism. We will consider if this issue can be addressed by transforming the 
benchmarks into more restrictive or incompatible formalisms. 

In this chapter, we will first introduce the succinct RA formalism in Section 3.1. Then, in 
Section 3.2, we will define a taxonomy of formalisms by defining four features of register 
automata and variants of each feature. For each feature, we will propose transformations 
between all variants and consider their impact on the automata w.r.t. size and semantics. In 
Section 3.3, we will apply this taxonomy to formalisms from the literature to determine the 
overhead of transformations between formalisms, i.e., if benchmarks can easily be converted 
into another formalism. We will show that for almost all formalisms described in the literature, 
conversion is not a feasible approach. We will summarize the results in Section 3.4. 

This chapter is based on Paper I [DH21], but focuses on the reductions’ impact on the 
automaton, i.e., the benchmarks themselves. For details of the transformations and complexity 
proofs, we refer to the paper. 

3.1 Register Automata 

First, we will shortly introduce the syntax and semantics of register automata (RAs). These 
definitions are based on those used by Cassel et al. [Cas+15]. In the following section, we will 
introduce more restricted formalisms in terms of these definitions. 
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Register automata are a type of extended finite state automata that extends FSAs to languages 
over infinite alphabets (e.g., strings or numbers). However, they are restricted to storing 
these values in registers and comparing registers and input values for equality. We begin by 
defining the type of language accepted by register automata. 

Definition 2 (Data Universe, Symbol). A data universe is a tuple 𝑈 = (Λ, 𝐷, 𝔞), comprising 

– a finite label alphabet Λ, 
– a possibly infinite data alphabet 𝐷, and 
– an arity function 𝔞 ∶ Λ → ℤ≥0. 

A data symbol in this universe is of form 𝜆(𝑑1, … , 𝑑𝔞) for 𝜆 ∈ Λ and 𝑑1, … , 𝑑𝔞 ∈ 𝐷. In an abuse 
of notation, we also refer to the set of such symbols as 𝑈 . 

For 𝜆 ∈ Λ, we denote the parameter set {𝑑1, … , 𝑑𝔞(𝜆)} by 𝑃𝜆. 

For a given 𝜆(𝑑1, … , 𝑑𝔞(𝜆) ∈ 𝑈 , we define the parameter valuation 𝜇 ∶ 𝑃𝜆 → 𝒟 by 𝜇(𝑝 𝑖 ) ↦ 𝑑 𝑖 . 

Register automata attach guards to transitions between locations. A guard is an (in-)equality 
condition over variables. This leads to the following definition. 

Definition 3 (Guard). Given a set of variables 𝑉 , the set of guards over 𝑉 is the set of 
propositional logic formulas over (in-)equalities over 𝑉 defined by the grammar 

𝔊(𝑉 ) ∷= true ∣ false ∣ 𝔊(𝑉 ) ∧ 𝔊(𝑉 ) ∣ 𝑉 = 𝑉 ∣ 𝑉 ≠ 𝑉 . 

If, for a set 𝐷, a guard 𝑔 ∈ 𝔊(𝑉 ) is satisfied by an interpretation 𝑣 ∶ 𝑉 → 𝐷 under propositional 
logic rules, we write 𝑣 ⊧ 𝑔. For example, {𝑣1 ↦ 1, 𝑣2 ↦ 2} ⊧ 𝑣1 ≠ 𝑣2. 

If, for a guard 𝑔′ and any interpretation 𝑣 , the proposition 𝑣 ⊧ 𝑔 ⟹ 𝑣 ⊧ 𝑔′ holds, 𝑔′ is 
implied by 𝑔 and we write 𝑔 ⊢ 𝑔′ . For example, 𝑣1 = 𝑣2 ∧ 𝑣2 ≠ 𝑣3 ⊢ 𝑣1 ≠ 𝑣3. 

Finally, we can define register automata themselves. An RA is based on an FSA-like structure 
with a finite number of locations and transitions, but adds registers to store variables from 
the data alphabet and extends transitions to store and compare values from the data alphabet. 

Definition 4 (Register Automaton). Given an input data language 𝑈 = (Λ, 𝐷, 𝔞), a register 
automaton is a tuple (𝑄, 𝑋 , 𝑆0, 𝑄+, Γ) comprising 

– a set of locations 𝑄, 
– a set of registers 𝑋 , 
– an initial state 𝑠0 = ⟨𝑞0, 𝜒0⟩ ∶ 𝑄 × (𝑋 → 𝐷 ∪ {#}) for an empty value # ∉ 𝐷, 
– a set of accepting locations 𝑄+ ⊆ 𝑄, and 
– a set Γ of transitions ⟨𝑞, 𝜆, 𝑔, 𝑢, 𝑞′⟩, each defining 
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• a source location 𝑞, 
• a label 𝜆 ∈ Λ, 
• a guard 𝑔 ∈ 𝔊(𝑃𝜆 ∪ 𝑋), 
• a register update 𝑢 ∶ 𝑋 → 𝑃𝜆 ∪ 𝑋 , and 
• a target location 𝑞′ , 

which we conventionally render as 

𝜆(𝑝1, … , 𝑝𝔞(𝜆)) ∣ 𝑔 
, 

𝑥1 ≔ 𝑢(𝑥1), … , 𝑥|𝑋 | ≔ 𝑢(𝑥|𝑋 |)

with self-assignments being implicit, i.e., we omit assignments of form 𝑥𝑖 ≔ 𝑥𝑖. 

The states of the automaton are defined by the current location and the register valuation, i.e., 
the mapping from registers to data values. Formally, the set of states is 𝑆 = 𝑄 ×(𝑋 → 𝐷∪{#}]). 

Semantically, a register automaton operates on values from the data universe 𝑈 . For each 
state ⟨𝑞, 𝜒⟩ ∈ 𝑆 and input symbol 𝜆(𝑑1, … , 𝑑𝔞(𝜆)), we define the current valuation 𝜈 ∶ (𝑋 ∪ 𝑃𝜆) 
as 

𝜒(𝑧) 𝑧 ∈ 𝑋 
𝜈(𝑧) ↦ {

𝜇(𝑧) 𝑧 ∈ 𝑃𝜆 

We can now define the nondeterministic transition function 𝛿 ∶ 𝑆 × 𝑈 → 2𝑆 as follows: 

𝛿(⟨𝑞, 𝜒⟩, 𝜆(𝑑1, … , 𝑑𝔞(𝜆))) ↦ {⟨𝑞′, 𝜈 ∘ 𝑢⟩ ∣ ⟨𝑞, 𝜆, 𝑔, 𝑢, 𝑞′⟩ ∈ Γ, 𝜈 ⊧ 𝑔}, 

i.e., the successors of a state are defined by all outgoing transitions with matching labels 
where the current valuation satisfies the guard. The new register valuation is computed by 
applying the update function to “look up” the new value sources and then using the current 
valuation to resolver them. 

We can define a transitive transition function 𝛿∗ as the repeated application of 𝛿 . 

Figure 1.1 shows an example for an RA, first used by Cassel et al. [Cas+15, Figure 1], that 
models the user management subset of XMPP [Sai11] for a single user and accepts if a user is 
currently created and logged in. 

There are two common definitions of determinism for register automata. All demand that 
each input word induces at most one path through the automaton (this can be strengthened 
to be exactly one by introducing a sink state), i.e., for all 𝑤 ∈ 𝑈 ∗ , |𝛿∗(𝑠0, 𝑤)| ≤ 1. However, 
they differ w.r.t. their restrictions on guards. Assume two transitions with identical source 
locations and labels ⟨𝑞, 𝜆, 𝑔 ′

1, 𝑢1, 𝑞1⟩ and ⟨𝑞, 𝜆, ′  𝑔2, 𝑢2, 𝑞2⟩. The stronger definition is mutual 
exclusion of guards with the same label, i.e., 𝑔1 ∧ 𝑔2 ⊢ ⊥. The weaker definition demands 
that for all reachable states and subsequent inputs, the current valuation 𝜈 ⊧ ¬𝑔1 ∨ ¬𝑔2, 
i.e., there is never a choice between transitions. An even weaker constraint is determinacy 



𝑞0 𝑞1 

register(𝑝1, 𝑝2) ∣ true 

𝑥1 ≔ 𝑝1, 𝑥2 ≔ 𝑝2 𝑞0 𝑞′ 1 𝑞1 

1register (𝑝) ∣ true 

𝑥𝐶1 ≔ 𝑝 

2register (𝑝) ∣ true 

𝑥1 ≔ 𝑥𝐶1 , 𝑥2 ≔ 𝑝 

(a) labeled variadic (b) labeled unary 

𝑞0 𝑞′1

𝑝𝑝 ∣ 𝑝 = 𝑥register  ∣ true 

𝑞″ 
1

𝑝 ∣ true 

– 𝑥𝐶 
1 ≔ 𝑝 𝑥1 ≔ 𝑥𝐶 1 , 𝑥2 ≔ 𝑝 

𝑞1 

(c) unlabeled 

Figure 3.1: XMPP registration in all data universe variants 
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[Cas+15]. In a determinate register automaton, transitions may be ambiguous, but acceptance 
behavior must be consistent between all choices. Formally, for every input word 𝑤 ∈ 𝑈 , let 
𝑄𝑤 = {𝑞 ∣ ⟨𝑞, 𝜒⟩ ∈ 𝛿∗(𝑠0, 𝑤)}. Then, either 𝑄𝑤 ⊆ 𝑄+ or 𝑄𝑤 ∩ 𝑄+ = ∅. 

All three definitions are semantically equivalent, i.e., strongly deterministic, weakly determin-
istic and determinate automata can be converted into each other [Cas+15]. However, the set 
of data languages that can be recognized by deterministic register automata is a strict subset 
of those recognized by nondeterministic ones [KF94]. 

3.2 Taxonomy and Reductions 

In this section, we will describe the four features we use to taxonomize register automata for-
malisms. For each feature, we will introduce its variants, sketch transformations between them 
and outline the impact on the resulting automata. However, in Paper I [DH21], we focused 
on reductions of the Membership and NonEmptiness problems, i.e., “live” transformations 
that can operate on both the automaton and inputs. 

Here, we focus on conversions “at rest” that keep the automaton “mostly intact”, i.e., the 
system modeled by the automaton should ideally bear some resemblance to the original 
and the inputs should be similar to the ones processed by the original automaton. This is 
motivated by the idea of transforming a benchmark – if the new system is different, we may 
lose a relevant property or a model’s realism. All transformation we introduce will preserve 
an automaton’s NonEmptiness property, however, they may require some alterations to the 
input language. We will discuss these when introducing each transformation. 
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3.2.1 Data Universe 

As the first feature, we will consider restrictions on the automaton’s input language. We 
call this feature data universe. When surveying the literature, we identified three variants, 
examples of which are shown in Figure 3.1 as applied to the XMPP example RA’s register 
transition. 

Labeled Variadic The most permissive variant is the one introduced in Definition 2 without 
any further restrictions. Here, an arbitrary number of labels can be used and their arity 
can be arbitrary. We therefore call this variant labeled variadic. An example is shown 
in Figure 3.1a. 

Labeled Unary Some formalisms define an RA’s input language as tuples of a label and 
exactly one data value, i.e., for all labels 𝜆, the arity 𝔞(𝜆) = 1. We therefore call this 
variant labeled unary. It defines a strict subset of labeled variadic. Figure 3.1b shows 
a possible conversion of the register transition into two transitions, each of which 
reads one of the required data values. The parameters are cached and all guard and 
assignments are deferred until the last transition. 

Unlabeled Unary Some formalisms are defined on the most restrictive variant, in which 
no label alphabet is used. To match our definition, we assume a single “dummy” label 
which we omit from the transition notation, and call the variant unlabeled unary. This is 
a strict subset of labeled unary. Since labels must now be read as data values, Figure 3.1c 
shows the transition decomposed into three steps that read label and the two data 
parameters. 

Transformation from variadic into unary changes the input language of the automaton by 
splitting symbols with arity > 1 into multiple steps and caching all intermediate values [DH21, 
Theorem 1]. To preserve determinism, redundant intermediate states are merged. For symbols 
with arity zero, an unused parameter can simply be added. This conversion results in the 
addition of at most ∑⟨𝑞,𝜆,𝑔,𝑢,𝑞′⟩∈Γ 𝔞(𝜆) − 1 new transitions and locations and max𝜆∈Λ 𝔞(𝜆) − 1 
new registers. The input language is changed in a relatively natural fashion: symbols with 
arity ≥ 2 are split into multiple symbols with arity one. 

Removal of the label from a labeled unary RA is more complex: the automaton must define 
constants for each label [DH21, Theorem 2]. These constants can be set as initial register 
values. Again, transitions are split, but redundant intermediate states can be merged. The 
transformation adds at most |Γ| new intermediate states. Additionally, |Λ| new registers are 
added. This also makes relatively superficial changes to the input language: instead of labels 
with data values, the input is now a sequence of interleaved label constants and values. 

Transformation into more permissive variants is automatic, since the variants are included in 
each other. 



reregister(𝑝1, 𝑝2) ∣ true 

𝑥1 ≔ 𝑝1, 𝑥2 ≔ 𝑝2 

𝑞0𝑥1 ≔ #; 
𝑥2 ≔ # 

𝑞2 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– 

(a) initialized or empty 

reregister(𝑝1, 𝑝2) ∣ true 

𝑥1 ≔ 𝑝1, 𝑥2 ≔ 𝑝2 

𝑞0 𝑞1 𝑞2 

reregister(𝑝1, 𝑝2) ∣ true 

𝑥1 ≔ 𝑝1, 𝑥2 ≔ 𝑝2 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– 

(b) update-activated 

reregister(𝑝1, 𝑝2) ∣ 𝑝1 ≠ 𝑥𝐷 ∧ 𝑝2 ≠ 𝑥𝐷 

𝑥1 ≔ 𝑝1, 𝑥2 ≔ 𝑝2 

𝑞0 

#login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 ∧ 𝑝1 ≠ 𝑥 ∧ 𝑝2 ≠ 𝑥# 

𝑥1 ≔ default; – 
𝑥2 ≔ default;
𝑥# ≔ default 

𝑞2 

(c) initialized 

Figure 3.2: Modified XMPP registration and login in all register availability variants 
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3.2.2 Register Availability 

As the second feature, we will consider if and when registers can be used in a guard or update 
and how the empty value # may be used. We call this feature register availability. When 
surveying the literature, we identified three variants. As an example, consider a variant of the 
XMPP example in which the the register operation has been replaced with a reregister 
operation that unconditionally overwrites the previous registration. Logins are only possible 
if at least one user was registered and the last provided username and password are used for 
the login. Figure 3.2 shows the resulting reregister and login transitions in each variant. 

Initialized or Empty In this variant, registers can be initialized as empty and the empty 
value can be “seen” by transitions. Note that since # ∉ 𝐷, it will compare negatively to 
any possible input value. We call this variant initialized or empty. Figure 3.2a shows 
an example. Note that the login transition can only be taken if the username and 
password registers are set to a non-# value. 
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Update-Activated Here, all registers are initialized to the value # and may only be used in a 
transition if they have previously been overwritten. More formally, we can define active 
registers 𝑋𝑞 for each location 𝑞 that may be used in outgoing transitions, with 𝑋𝑞0 

= ∅. 
We therefore usually omit the initialization and call the variant update-activated. This 
is a strict subset of initialized or empty. In Figure 3.2b, we can that this requires the 
introduction of an additional location: in 𝑞0, no registers are active and the login 
transition may not originate there. 

Initialized Under this variant, all registers must be initialized to a data value. We call this 
initialized ; it also is a strict subset of initialized or empty. Figure 3.2c shows an example 
in which we have selected a value default from the alphabet to represent #, store it in 
𝑥#, and, during each transition, check for its presence to avoid logins using the default 
value. 

A transformation from initialized to update-activated RAs can be done by adding an initial-
ization to the RA that occurs before the initial location [DH21, Theorem 6]. If registers 𝑥1 
and 𝑥2 are assigned to non-equal values, this would result in a transition 

init(𝑝1, 𝑝2) ∣ 𝑝1 ≠ 𝑝2 .
𝑥1 ≔ 𝑝1; 𝑥2 ≔ 𝑝2 

All registers can now be initialized to empty; one transition and location are added. Addition-
ally, the input language is changed substantially: each input must begin with the constant 
values. Additionally, these values now can be changed at “runtime”: each input that retains 
the original’s relation between values and constants is now accepted by the RA. The reverse 
operation is simple: the initial valuation can be set to arbitrary values, since all registers are 
guaranteed to be overwritten before use [DH21, Theorem 3]. 

Converting initialized or empty to initialized automata employs the technique seen in Fig-
ure 3.2c: a dummy value is selected to stand in for # [DH21, Theorem 4]. This adds a single 
register and increases the complexity of guards. Additionally, it again changes the input 
language, since the selected dummy value can no longer be used, i.e., inputs including it 
are no longer accepted. This does not influence the reachability of locations (and therefore 
NonEmptiness), since the data alphabet is infinite and for each input containing #, an infinite 
number of alternative inputs with identical behavior can be used. 

A conversion from initialized or empty to update-activated automata is possible by chaining 
both conversion methods. However, this conversion chain is not possible in some restrictive 
variants introduced in the next section; in Paper I [DH21], we show that in general, a efficient 
conversion with runtime in NL is impossible unless NL = NP [DH21, Theorem 5]. Conversions 
into initialized or empty are automatic by virtue of inclusion. 



un(𝑝1) ∣ true 

𝑥1 ≔ 𝑝1 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– pw(𝑝1) ∣ true 

𝑥2 ≔ 𝑝1 
𝑞1 𝑞2 

logout() ∣ true 

– 

(a) per transition 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– 

𝑞1 

𝑞2 

𝑞′ 2 

pw(𝑝1) ∣ true 

𝑥2 ≔ 𝑝() ∣ true 1logout

– 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– un(𝑝1) ∣ true 

𝑥1 ≔ 𝑝1logout() ∣ true 

– 

(b) per location 

Figure 3.3: Modified XMPP account management in both update granularity variants 
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3.2.3 Update Granularity 

The third feature we consider is the definition of updates. In some formalisms, updates are 
mandated by the location, not the transition, i.e., each transition must either use the location’s 
update or not change the register valuation. We call this update granularity. When surveying 
the literature, we identified two variants. As an example, assume that in the XMPP example, 
we can also change our username using the un operation when logged in. Figure 3.3 shows 
the resulting automaton fragment in each variant. 

Per Transition In this variant, transitions are free to define their own updates, as described 
in Definition 4. We call this per transition; Figure 3.3a shows an example. 

Per Location Under this variant, for each location, there exists a canonical update function 
𝑢 such that each outgoing transition’s update must either be the identity function or 
𝑢. This is a strict subset of per transition, which we call per update. Figure 3.3b shows 
an example: here, we have two logged-in locations, depending on the subsequent 
modification operation. Logout transitions are available on both, since they do not alter 
the registers. 

Transforming from per transition to per state can be done using two approaches. First, the 
idea shown in Figure 3.3b, i.e., splitting each location by the outgoing transition’s registers, 
can be applied. While this keeps the input language unchanged, this results not only in a 



𝑞1 𝑞′ 2 𝑞2 

1loginAdmin (𝑝) ∣ 𝑝 = 𝑥1 ∧ 𝑥1 = 𝑥3 

– 

2loginAdmin (𝑝) ∣ 𝑝 = 𝑥2 

– 

(a) conjunction of comparisons 

𝑞1 𝑞′ 2 𝑞2 

1loginAdmin (𝑝) ∣ 𝑝 = 𝑥1 ∧ 𝑝 = 𝑥3 

– 

2loginAdmin (𝑝) ∣ 𝑝 = 𝑥2 

– 

(b) no register-register operations 

2loginAdmin (𝑝) ∣ 𝑝 = 𝑥1 ∧ 𝑝 = 𝑥2 ∧ 𝑝 = 𝑥3 

– 

2loginAdmin (𝑝) ∣ 𝑝 = 𝑥1 ∧ 𝑝 = 𝑥2 ∧ 𝑝 ≠ 𝑥3 
1loginAdmin (𝑝) ∣ 𝑝 = 𝑥1 ∧ 𝑝 = 𝑥2 ∧ 𝑝 = 𝑥3 – 

– 
𝑞1 

1loginAdmin (𝑝) ∣ 𝑝 = 𝑥1 ∧ 𝑝 ≠ 𝑥2 ∧ 𝑝 = 𝑥3 
2loginAdmin (𝑝) ∣ 𝑝 ≠ 𝑥1 ∧ 𝑝 = 𝑥2 ∧ 𝑝 = 𝑥3 

𝑞2𝑞′ 2 

– 
– 

2loginAdmin (𝑝) ∣ 𝑝 ≠ 𝑥1 ∧ 𝑝 = 𝑥2 ∧ 𝑝 ≠ 𝑥3 

– 

(c) full guard with single update 

Figure 3.4: Modified XMPP login in guard-update models admitting duplicate values 
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polynomial increase in size, but also removes an automaton’s determinism: in our example, 
the next input must be guessed when reading login. 

The second option makes a notable change to the input language by duplicating all inputs 
and inserting an intermediate location into all transitions [DH21, Theorems 7 and 8]. The 
first transition will only check label and guard, while the second transition will be a copy of 
the original one. This requires only up to |Γ| new locations and transitions, but substantially 
changes the input language. However, NonEmptiness remains unchanged. 

In Paper I [DH21], we show that all transformations that preserve data language and deter-
minism must cause an exponential increase in automaton size [DH21, Theorem 9]. Backwards 
transformations are again automatic. 

3.2.4 Guard-Update Model 

Finally, we consider restrictions on the expressiveness of guards and updates. We call this 
feature guard-update model. Here, we identified five models in the literature, with almost 



𝑞0 𝑞1 

1register (𝑝) ∣ true 

𝑥1 ≔ 𝑝 

(a) conjunction of comparisons 

1register (𝑝) ∣ 𝑝 = 𝑥1 

– 1register (𝑝) ∣ 𝑝 ≠ 𝑥2 

𝑥1 ≔ 𝑝 
𝑞0 𝑞1

𝑞′ 1

1register (𝑝) ∣ 𝑝 ≠ 𝑥1 ∧ 𝑝 ≠ 𝑥2 

𝑥1 ≔ 𝑝 

1register (𝑝) ∣ 𝑝 = 𝑥2 

𝑞0 𝑞1

𝑞′ 1

1register (𝑝) ∣ 𝑝 = 𝑥2 

– – 

(b) update-if-absent (c) update-or-present 

Figure 3.5: XMPP registration step in guard-update models forbidding duplicate values 
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all formalisms using a custom model. Here, we consider two examples based on the XMPP 
example: first, a split loginAdmin transition in Figure 3.4 that requires the username to match 
a predefined admin username in 𝑥3 and second, the first half of a split register transition in 
Figure 3.5. 

Conjunction of Comparisons In this variant, we place no restrictions on the definition of 
guards and updates from Definitions 3 and 4. Since the guard may combine comparisons 
of arbitrary values, we call this variant conjunction of comparisons. Examples are shown 
in Figure 3.4a. 

No Register-Register Comparisons Here, we forbid comparisons and assignments be-
tween registers, i.e., clauses such as (𝑥𝑖 = 𝑥𝑗) may not be used in a guard and 𝑥𝑖 ≔ 𝑥𝑗 
may not be used in an update. We call this variant no register-register comparisons; it is 
a strict subset of above variant. Note that in the presence of variadic data symbols, the 
restriction can be circumvented by introducing additional witness parameters to a sym-
bol and checking, e.g., (𝑥𝑖 = 𝑝) ∧ (𝑥𝑗 = 𝑝) instead. Figure 3.4b shows an example: here, 
we can not check that the stored username is correct, but can compare the parameter 
instead (i.e., we use 𝑝 = 𝑥3 instead of 𝑥1 = 𝑥3). 

Full Guard with Single Update This variant is only defined for unary data universes and 
demands that during each transition, the parameter must be compared to all registers 
and may subsequently be stored in a single register. No other updates can be made. 
We call this full guard with single update; it is a strict subset of the second variant. 
Figure 3.4c shows an example of the downsides: the first transition must be doubled 
and the second quadrupled to account for all necessary comparisons. 
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Update-if-Absent This variant ensures that no duplicate values can be stored in registers 
and is only defined for unary data universes. Here, we can only employ two forms of 
transition: 

𝜆(𝑝) ∣ 𝑝 = 𝑥𝑖 𝜆(𝑝) ∣ ⋀𝑥∈𝑋 𝑝 ≠ 𝑥 
and . 

– 𝑥𝑖 = 𝑝 

We call this update-if-absent ; it is a strict subset of no register-register comparisons. 
Figure 3.5b shows an example of a conversion from Figure 3.5a: here, we need to account 
for registrations in which the selected username is already stored in the password 
register and transition to a different state to remember this fact. Handling an already-
stored username is comparatively simple, but requires an additional transition. 

Update-or-Present This variant, too, ensures that no duplicate values can be stored in 
registers and is only defined for unary data universes. Here, we can only employ two 
slightly different forms of transition: 

𝜆(𝑝) ∣ 𝑝 = 𝑥𝑖 𝜆(𝑝) ∣ ⋀𝑥∈𝑋∖{𝑥𝑖} 𝑝 ≠ 𝑥 
and . 

– 𝑥𝑖 = 𝑝 

We call this update-or-present ; it too is a strict subset of no register-register comparisons. 
The example in Figure 3.5c is similar to the previous variant, but we can avoid the 
duplicate transition for pre-stored usernames. 

Transformations in this feature are only meaningful without variadic data symbols. To 
transform conjunction of comparisons into no register-register comparisons, we can replace 
each guard of form 𝑥𝑖 = 𝑥𝑗 with an additional transition with guard (𝑥𝑖 = 𝑝) ∧ (𝑥𝑗 = 𝑝) and 
each assignment of form 𝑥𝑖 ≔ 𝑥𝑗 with a transition of form 

𝜆(𝑝) ∣ 𝑝 = 𝑥𝑖 [DH21, Theorem 13]. 
𝑥𝑗 ≔ 𝑝 

This converts transitions into location-transition chains of length polynomial in |𝑋 | and 
substantially alters the input language by introducing symbol repetitions dependent on the 
structure of the guards. Still, this method preserves NonEmptiness. 

To convert no register-register comparisons into full guard with single update, we can apply 
the transition duplication technique shown in Figure 3.4c and “fill in” all missing comparisons 
[DH21, Theorem 14]. While this keeps the input language intact, this results in an exponential 
increase in the number of transitions. 

In Paper I [DH21], we show that no computationally efficient (i.e., polynomial-time) conversion 
from full guard with single update to update-if-absent can exist unless NP = PSPACE [DH21, 
Theorem 15]. 

To convert conjunction of comparison to update-or-present, we have to effectively “virtualize” 
the automaton’s registers [DH21, Theorem 12]. Virtualization information is a mapping from 
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𝑋 to 𝑋 and describes, e.g., “register 𝑥3 contains the value of 𝑥1 and 𝑥2, register 𝑥1 that of 
𝑥3.” Using this, we can simulate the effect of register-register assignments, duplicate values, 
etc. and evaluate register-register comparisons by considering the virtualization information. 
However, we can only store this information in locations, i.e., we need to duplicate each 
location for each possible mapping, causing an exponential blowup in locations and transitions. 
This method does not change the input language. 

Converting update-or-present into update-if-absent can easily be done by splitting assigning 
transitions into a transition for new values and one for already-stored ones, as shown in 
Figure 3.5b [DH21, Theorem 10]. This can create |Γ| transitions at most. For the inverse 
operation, we can relax guards to not check the target register (since the effect of overwriting 
a value with itself is non-observable), however, this may make an automaton nondeterministic 
[DH21, Theorem 16]. This approach, too, preserves the automaton’s input language. 

Finally, update-if-absent can efficiently be converted into full guard with single update without 
altering the language: since no duplicate values can exist, we can extend each guard with the 
missing inequalities [DH21, Theorem 11]. All remaining transformations now follow from 
inclusions or can be expressed as conversion chains. 

3.3 Application to Existing Models 

In this section, we will apply the taxonomy to six formalisms described in the literature and 
discuss the overhead of conversions between them. The formalisms are: 

Succinct RAs are the most permissive formalism [Cas+15], combining labeled variadic data, 
update-activated registers, per-transition updates, and conjunction of comparisons. 

Demri-Lazić automata are less permissive [DL09], combining labeled unary data, initial-
ized registers, per-transition updates, and no register-register comparisons. Note that 
the automata described by Demri and Lazić must be converted into our formalism. 

Segoufin automata are again less permissive [Seg06], combining labeled unary data, ini-
tialized registers, per-transition updates, and full guards with single update. 

Neven-Schwentick-Vianu automata are very restrictive [NSV04], combining unlabeled 
data, initialized or empty registers, per-transition updates, and update-if-absent transi-
tions. These, too, require conversion. 

Finite-memory automata are the restrictive, seminal formalism by Kaminski and Francez 
[KF94], combining unlabeled data, initialized or empty registers, per-state updates, and 
update-or-present transitions. 

Initialized finite memory automata are the least permissive [MRT17], combining unla-
beled data, initialized registers, per-state updates, and update-or-present transitions. 

Using the conversion steps described above, we can “downcast” succinct RAs to Demri-Lazić 
automata by transforming variadic into unary symbols, selecting random initial values, and 
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using proxy values to replace register-register actions. This results in polynomial blowup, 
changes to the input language, and the creation of long transition chains in the automaton 
structure. 

To convert Demri-Lazić to Segoufin automata, we need to create full guards, necessitating 
the creation of an exponential number of transitions. In Paper I [DH21], we describe an 
alternative, efficient reduction that preserves some automaton properties, but completely 
changes the input language. 

To transform succinct RAs to finite-memory automata, we need to convert per-transition 
into per-state updates, sacrificing either determinism, language, or polynomial size, convert 
variadic to unlabeled symbols, then perform register virtualization to simplify the guards. 
This inevitably causes exponential blowup and changes the input language. 

The conversion of Neven-Schwentick-Vianu automata into finite-memory automata requires 
converting per-transition into per-state updates and transformation from update-if-absent to 
update-or-present. This transformation removes determinism. 

Finally, transforming finite-memory into initialized finite-memory automata requires the 
replacement of # with a proxy value. Since the proxy value technique for this requires a rich 
guard-update model, we have to “upcast” the automaton to conjunction of comparisons and 
then virtualize registers, causing exponential blowup. 

“Upcasting” can usually be performed without drastic changes to the automaton. Initialized 
finite-memory automata satisfy the constraints for finite-memory automata. These can be 
converted into Neven-Schwentick-Vianu automata by converting update-or-present to update-
if-absent (i.e., splitting transitions). These, in turn, can be converted to Segoufin automata 
by adding inequalities to all guards and initializing registers to random values. Segoufin 
automata satisfy the constraints for Demri-Lazić automata, which can be converted into 
succinct RAs by converting constants into an initialization operation. 

3.4 Summary 

In summary, the conversion of the succinct models found in the Automaton Wiki [Nei+19] into 
other formalisms is not feasible in almost all cases. The only conversion that does not cause 
exponential blowups is that to Demri-Lazić automata. Additionally, even the seemingly simple 
conversion from Neven-Schwentick-Vianu to finite-memory automata removes determinism, 
which is a substantial change in model. 

While hypothetical benchmarks in a restrictive formalism may be usable in more bench-
marking scenarios, this comes at the cost of containing either extremely simple or very large 
models. In the XMPP example, modeling only registration in the initialized finite-memory 
formalism would require the automaton partially shown in Figure 3.6. Here, we construct 



𝑝 ∣ 𝑝 = 𝑥𝑟1 
𝑝 ∣ ⋀𝑥∈𝑋∖{𝑥1} 𝑝 ≠ 𝑥 
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𝑝 ∣ 𝑝 = 𝑥𝑟1 
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𝑝 ∣ 𝑝 = 𝑥𝑟2 
𝑝 ∣ 𝑝 = 𝑥𝑟2 

– … –  

Figure 3.6: The XMPP register transition in the initialized finite memory formalism, with 
redundant parts omitted 
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additional locations for each possible value duplication that can occur. It is apparent that 
in this case, the exponential blowup caused by storing equality information is unavoidable. 
Such a blowup would, of course, persist after transforming back to a richer formalism. 

In conclusion, RA benchmark libraries need to be defined per formalism at differing levels 
of semantic complexity, further restricting the already limited availability of such libraries. 
While we have not repeated this analysis for other types of EFSAs, this may well be an issue 
for libraries of those, too. E.g., in general, timed automata [AD94] can not be converted into 
Mealy machines with one timer [VBE21] at all, since their semantics are not fully expressible 
in that restricted automaton type. 



Chapter 4 

Benchmarking in Practice 

Benchmarking is an essential step in most research on algorithms operating on (extended) 
finite state automata, with the choice of benchmarking method influencing the empirical 
content of the study’s conclusions as described in Section 1.1. In practice, a wide variety of 
benchmarks is used in the literature, with no clear overview of their impact w.r.t. a study’s 
empirical content and little guidance to suitable choices for benchmarking. We will therefore 
first survey the state of the art in benchmarking and then retroactively examine benchmarking 
in four research projects in detail. This will allow us to identify current shortcomings and 
make suggestions for improvement. 

In the chapter, we will first survey existing publications on both FSA and EFSA algorithms in 
Section 4.1 to obtain an overview of the adoption of benchmarking methods, the availability 
and use of benchmark libraries, and the results obtained using the individual methods and their 
combinations. Next, in Sections 4.2 to 4.4, we will recapitulate the benchmarking performed in 
support of four research projects developing algorithms operating on EFSAs. For each project, 
we will shortly summarize the background and algorithmic contributions. Then, we will 
describe the choice of benchmark in detail, discuss the evaluation and its results, and consider 
the impact of the benchmark method on the results’ empirical strength. We will combine the 
survey and the case studies’ results in Section 4.6 to obtain a general view of the impact of 
benchmark selection, current limits of benchmarking in EFSA research, recommendations for 
method choice, and an outlook. 

4.1 Existing Works 

To establish an overview on the use of benchmarking techniques outside of the case studies 
described next, we conducted an informal survey of existing works. As starting points, 
we used our previous works in automata learning, including those used as case studies in 
Sections 4.2 to 4.5, the survey papers mentioned in Chapter 2, bibliographies of well-known 
researchers in the field, and Google Scholar searches for related keywords (e.g., “automata 
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learning”). From these works, we performed forwards and backwards searches. We ignored 
works that were not accessible digitally (pre-1990 works, mostly conference papers), as well 
as publications that did not describe algorithms on automata. In general, our search focused 
on automata learning, with some consideration for model checking. 

For each discovered work, we assigned it to FSA or EFSA research. As a further subdivision, 
we separate the publications into works on passive learning algorithms, active learning 
algorithms, and other algorithms (including hybrid passive-active algorithms). Next, we 
categorized the benchmarks used therein according to our taxonomy. Note that in the 
following tables, works may occur multiple times, once for each category. We describe works 
that do not contain any empirical evaluation as (purely) theoretical. We will first summarize 
our observations on finite state automaton research to establish a baseline in Section 4.1.1 
and then survey works on extended finite state automata in Section 4.1.2. 

This section contains novel work. 

4.1.1 Finite State Automaton Research 

In FSA algorithm research, purely theoretical works usually describe theoretical analyses 
of algorithms, usually containing correctness proofs or asymptotic runtime bounds. They 
are common in the seminal works of each sub-field, such as Angluin’s work on L* for the 
field of active automata learning. Most recent such publications are focus on a theoretical 
contribution. E.g., while CALF [HSS17] contains algorithmic implementations, the central 
contribution is the category-theoretic view on learning. Table 4.1 shows an overview of all 
works in this group. The work on OSTIA-D [OV96] is an outlier: its predecessor OSTIA 
[OGV93] was evaluated empirically, while it is only analyzed from a theoretical perspective. 

Works using case studies become common around 2000, with passive learning algorithms 
using this benchmark category slightly earlier. This may be due to the increase in available 
compute power to conduct such studies, as well as the availability of optimized algorithms 
that can address complex use cases. In most passive learning publications and later active 
learning works (ca. after 2010), case studies are usually complemented with other benchmark 
categories. Tables 4.2 to 4.4 show all works classified in this category. The passive learning 
algorithm ISM [KF94] is an exceptional case: all categories of benchmark were used in its 
empirical evaluation. 

Toy examples are a common feature of early works in passive learning and less common for 
active learning algorithms. While early toy examples often are bespoke constructions that do 
not resemble any real-world system, more recent examples usually attempt to model simplified 
“real” systems. Frequently, toy examples are used in conjunction with other benchmarks. In 
these studies, the toy examples are often designed to show a novel algorithm’s improvements 
(e.g., a system that can not be learned with previous approaches), while other benchmarks 
are employ to add context to this result. For example, Product-L* [Moe19] outperformed TTT 
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Year Algorithm / Authors 

1972 Gold [Gol72] 
1987 L* [Ang87] 
1992 Tzeng [Tze92] 
1994 Kearns-Vazirani [KV94] 
1995 Maler-Pnueli [MP95] 
2012 Leucker et al. [LN12] 
2014 Jacobs et al. [JS14] 
2017 CALF [HSS17] 
2020 Generalized L* [US20] 
2021 FunL* [CPS21] 

Year Algorithm / Authors 

1959 Paull et al. [PU59] 
1965 Grasselli et al. [GL65] 
1971 Kella [Kel71] 
1972 𝑘-Tails [BF72] 
1973 Pfleeger [Pfl73] 
1991 Porat et al. [PF91] 
1996 OSTIA-D [OV96] 
2024 CALF for EDSM [Vil24] 

(a) passive automata learning (b) active automata learning 

Year Algorithm / Authors Field 

1994 Lee et al. [LY94] state identification 

1998 IID [PNH98] hybrid learning 

(c) other fields 

Table 4.1: Purely theoretical works in FSA research by field 
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Year OBT Algorithm / Authors Case Studies 

1984 T successor method [RV84] handwriting recognition 

1994 Ahonen et al. [AMN94] part of a Finnish dictionary 

1994 T B S ISM [Kam+94] intermediate synthesis steps and outputs of other algo-
rithms 

1995 B Ron* [Ron95] text correction, DNA, and handwriting recognition 

1998 B Markov [CW98] industrial change request system 

2001 Reiss et al. [RR01] 3 Java and 3 C++ applications of varying complexity 

2002 Ammons et al. [ABL02] 17 X11 client programs 
2009 Prospex [Com+09] SMTP [Kle08], SMB [Mic25], and SIP [Sch+02] imple-

mentations 
2014 Buzhinsky et al. [Buz+14] maneuvers in a flight simulator 
2018 S Avellaneda et al. [AP18] flight simulator components 
2018 T S Ulyantsev et al. [UBS18] 2 Java applications 
2019 T App. IOalergia [AT19] MQTT [OAS19], TCP [Edd22], and the shared coin 

consensus protocol [AH90] 
2019 App. 𝑘-Tails [GDS19] hardware driver 
2020 T Jeppu et al. [Jep+20] 3 emulator components and the Linux kernel 

OBT: other benchmark types used T: toy examples B: benchmark libraries S: synthesis 

Table 4.2: Use of case studies in passive FSA learning 
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Year OBT Algorithm / Authors Case Studies 

2003 L*opt [HMS03] complex industrial telephony system 

2004 L*i/o [Nie03] complex industrial telephony system 

2004 L*Mealy [Mar+04] complex industrial telephony system 

2007 QSM [Wal+07] Java framework example application 

2010 T Aarts et al. [AV10] smart passport and SIP [Sch+02] 
2012 RALT [SSE12] embedded car software 

2013 T B Neider et al. [NJ13] token ring protocol [LAN99] 
2014 S Z-Quotient [Pet+14] 1 open- and 1 closed-source SIP [Sch+02] implementation 

2014 Shahbaz et al. [SG14] Java reservation software and a home automation system 

2019 𝜕L*M [DMS19] multiple OpenSSL versions 
2019 S ADT [Fro19] conference management software and a printer controller 
2020 Duhaiby et al. [DG20] X-ray machine 

2021 T L*MDP [Tap+21] coin consensus protocol [AH90] 
2022 B TTT/ik [KKG22] 5 embedded system controllers 
2024 T L*SMM [Muš+24] MQTT [OAS19], TCP [Edd22], and Bluetooth Low Energy 

[Cor25] 
2025 B AL# [KJR25] multiple OpenSSL versions and evolutions of legacy code 

OBT: other benchmark types used T: toy examples B: benchmark libraries S: synthesis 

Table 4.3: Use of case studies in active FSA learning 

Year Algorithm / Authors Case Studies Field 

2002 AMC [GPY02] a cache coherence protocol hybrid learning 

2008 Chaki et al. [Cha+08] IPC protocol implementation versions correctness checking 

2008 PassiveInfer [WB08] 2 Java applications hybrid learning 

2013 ACQC [Win+13] conference management software hybrid learning 

2019 Yang et al. [Yan+19] industrial machine controller hybrid learning 

2022 Aichernig et al. [AMP22] Bluetooth Low Energy [Cor25] and comparative study 
MQTT [OAS19] 

Table 4.4: Use of case studies in other FSA research fields 
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Year OBT Algorithm / Authors Toy Examples 

1971 Hopcroft [Hop71] bespoke 

1980 Tail-Clustering [Mic80] bespoke 

1981 Modified 𝑘-Tails [Ito81] from previous work 

1984 C Successor [RV84] challenging tasks 
1988 Partial Similarities [KS88] challenging tasks 
1991 B FSMRED [KS91] textbook examples 
1993 DOLCE [DM93] from previous work 

1993 RPNI [OG93] divisibility of numbers 
1993 OSTIA [OGV93] Roman and plain-English number decoding and string 

reversal 
1993 B Puri et al. [PG93] textbook examples 
1994 C B S ISM [Kam+94] challenging tasks 
1996 DDDI [HOV96] from previous work 

2004 B HSM2 [HXB04] textbook examples 
2006 DEES [HDE06] bespoke 

2008 S MSM [LDD08] train controller 
2011 Tsarev et al. [TE11] elevator 
2018 C S Ulyantsev et al. [UBS18] alarm clock, elevator, and ATM 

2019 C App. IOalergia [AT19] slot machine and robot navigation 

2020 C Jeppu et al. [Jep+20] counter and integrator 
2022 S Tappler et al. from previous work 

OBT: other benchmark types used C: case studies B: benchmark libraries S: synthesis 

Table 4.5: Use of toy examples in passive FSA learning 
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Year OBT Algorithm / Authors Toy Examples 

1993 Rivest-Schapire [RS93] 3 robot navigation scenarios 
1994 Rivest et al. [RS94] 5 robot navigation scenarios 
2008 B S App. QSM [Dup+08] train controller and phone 

2010 C Aarts et al. [AV10] bespoke 

2011 IKL [MS11] cruise controller and elevator 
2011 L*M [SHM11] coffee machine 

2012 Active IOalergia [CN12b] slot machine 

2012 S L1 [IGO12] coffee machine 

2013 C B Neider et al. [NJ13] modulo counter 
2019 B product-L* [Moe19] 𝑛-bit register machines 
2021 Frohme et al. [FS21] palindrome 

2021 C L*MDP [Tap+21] robot mazes and a slot machine 

2022 Bainczyk et al. [BSH22] cruise controller 
2024 C L*SMM [Muš+24] robot mazes and a slot machine 

OBT: other benchmark types used C: case studies B: benchmark libraries S: synthesis 

Table 4.6: Use of toy examples in active FSA learning 
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Year OBT Algorithm / Authors Benchmark Libraries 

1991 STAMINA [Hac+91] MCNC [Yan91] 
1991 T FSMRED [KS91] MCNC [Yan91] 
1993 T Puri et al. [PG93] MCNC [Yan91] 
1994 ALERGIA [CO94] Reber grammar [Reb67] 
1994 App. OSTIA [CGV94] Miniature Learning Acquisition [Fel+90] 
1994 C T S ISM [Kam+94] MCNC [Yan91] 
1995 C Ron [Ron95] TIMIT [ZSG90] 
1995 Sánchez et al. [SGL95] MCNC [Yan91] 
1996 SLIM [HM96] ISM [Kam+94] and MCNC [Yan91] 
1998 C Markov [CW98] IPSW 6/7 process problem [Kel+90] 
1998 EDSM [LPP98] Abbadingo One [LPP98] 
1998 DD-OSTIA [Onc98] Miniature Learning Acquisition [Fel+90] 
1999 exbar, ed-beam [Lan99] extended BIC [OS98] 
1999 bica [PO99] ISM [Kam+94] 
2000 MDI [TDH00] ATIS corpus [Hir+93] 
2001 VOID [AD01] MCNC [Yan91] 
2002 (Blue-)Malergia [KD02] Reber grammar [Reb67] 
2004 T HSM2 [HXB04] MCNC [Yan91] 
2006 MDL [AJ06] Abbadingo One [LPP98] 
2007 chesmin [GF07] ISM [Kam+94] 
2010 Heule et al. [HV10] extended BIC [OS98] 
2013 cosme [AS13] ISM [Kam+94] 
2013 MuACOsm [CU13] artificial ant problem instances [Jef+92] 
2013 DFASAT [HV13] StaMinA [Wal+13] 
2013 Klimowicz et al. [KS13] MCNC [Yan91] 
2015 MeMin [AR15] ISM [Kam+94] and MCNC [Yan91] 
2019 S Petrenko et al. [Pet+19] Automata Wiki [Nei+19] 
2021 DISC [Shv+21] ALFRED [Shr+20], Crystal Island [Ha+11], malware 

[Ber+19], MIT-AR [TIL04], StarCraft [KOG19] 
2026 Lutz et al. [Lut+26] ALFRED [Shr+20], HDFS [Xu+09], Blue Gene/L [OS07] 

OBT: other benchmark types used C: case studies T: toy examples S: synthesis 

Table 4.7: Use of benchmark libraries in passive FSA learning 
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Year OBT Algorithm / Authors Benchmark Libraries 

2008 B S App. QSM [Dup+08] mine pump specification [Jos01] 
2009 S LM

+ [SG09] Edinburgh Concurrency Workbench [MS99] 
2012 Observation Pack [How12] Edinburgh Concurrency Workbench [MS99] and 

CADP [Gar+13] 
2013 C T Neider et al. [NJ13] FASTer [BFL04] and T(O)RMC [Leg08] benchmarks 
2014 TTT [IHS14] Edinburgh Concurrency Workbench [MS99] 
2019 T product-L* [Moe19] LGSynth’91 [Yan91] 

2022 Lλ [HS22] Automata Wiki [Nei+19] 
2022 C TTT/ik [KKG22] Automata Wiki [Nei+19] 
2022 L# [Vaa+22] Automata Wiki [Nei+19] 
2023 CL* [Lab+23] Body Comfort System case study [Lit+17] 
2024 Active RPNI [ATW24] Automata Wiki [Nei+19] 
2024 Baumgartner et al. [BV24] CTU-13 [Gar+14], HDFS [Xu+09], and Blue Gene/L 

[OS07] 
2025 S Henry et al. [Hen+25] 2019 Model Checking Contest [Amp+19], Zuberek’s 

Petri net library [Zub99], and the Hippo-CPS collec-
tion [Wiś+23] 

2025 C AL# [KJR25] Automata Wiki [Nei+19] 
2025 S SCL* [SBH25] Body Comfort System case study [Lit+17] 
2025 S L# for DFAs [VS25] Automata Wiki [Nei+19] 

OBT: other benchmark types used C: case studies T: toy examples S: synthesis 

Table 4.8: Use of benchmark libraries in active FSA learning 

Year OBT Algorithm / Authors Benchmark Libraries Field 

2005 Damas et al. [Dam+05] mine pump specification [Jos01] hybrid learning 

2015 S Hierons et al. [HC15] LGSynth’91 [Yan91] distinguishing seq. 
2024 CASTLE [Tap+24] OpenAI Gym [Bro+16] hybrid learning 

OBT: other benchmark types used S: synthesis 

Table 4.9: Use of benchmark libraries in other FSA research fields 



39 4.1 Existing Works 

Year OBT Algorithm / Authors Cat. Synthesis Approach 

1994 C T B ISM [Kam+94] Str. random automata 

1997 sk-strings [RP97] Str. random automata 

1998 BIC [OS98] Str. random automata 

2002 W-EDSM [CK02] Str. Abbadingo One [LPP98] 
2004 DeLeTe2 [DLT04] Both random DFAs, random NFAs, and random regu-

lar expressions 
2005 Smart [LR05] Str. Abbadingo One [LPP98] 
2008 T MSM [LDD08] Str. random automata 

2015 DFA-Inductor [UZS15] Str. random automata 

2018 C Avellaneda et al. [AP18] Str. random automata 

2018 C T Ulyantsev et al. [UBS18] Str. random automata 

2018 DFA-Inductor [ZSU18] Str. random automata 

2019 B Petrenko et al. [Pet+19] Str. random automata 

2019 DFA-Inductor 2 [Zak+19] Str. random automata 

2022 T Tappler et al. [TAL22] Str. random automata 
OBT: other benchmark types used C: case studies T: toy examples B: benchmark libraries 
Cat.: Synthesis Category Str.: structural 

Table 4.10: Use of synthetic benchmarks in passive FSA learning 
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Year OBT Algorithm / Authors Cat. Synthesis Approach 

2008 T B App. QSM [Dup+08] Str. modified Abbadingo One [LPP98] 
2009 NL* [Bol+09] Both random DFAs, random NFAs, and random regular 

expressions 
2009 B L+

M [SG09] Str. random automata 

2012 T L1 [IGO12] Str. random automata 

2014 C Z-Quotient [Pet+14] Str. random automata 

2015 NL*, UL*, AL* [AEF15] Str. random automata 

2018 Groz et al. [Gro+18] Str. random automata 

2019 C ADT [Fro19] Str. random automata with optional added loops 
2022 Ferreira et al. [FHS22] Str. random automata 

2025 B Henry et al. [Hen+25] Str. random automata 

2025 B SCL* [SBH25] Str. reflects real network topologies 
2025 B L# for DFAs [VS25] Str. random automata 

OBT: other benchmark types used C: case studies T: toy examples B: benchmark libraries 
Cat.: Synthesis Category Str.: structural 

Table 4.11: Use of synthetic benchmarks in active FSA learning 

Year OBT Algorithm / Authors Cat. Synthesis Approach 

2009 Hierons et al. [Hie+09] Str. strongly connected automata 

2012 Güniçen et al. [Gün+12] Str. strongly connected automata 

2015 B Hierons et al. [HC15] Str. selected random automata 
OBT: other benchmark types used B: benchmark libraries Cat.: Synthesis Category Str.: structural 

Table 4.12: Use of synthetic benchmarks in FSA distinguishing sequence generation 
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[IHS14] on the toy examples used by the authors, but not (consistently) on the benchmark 
library used in conjunction with them. In a more unusual case, Neider and Jansen [NJ13] 
needed to augment their benchmark library to show scaling effects using additional toy 
examples. Tables 4.5 and 4.6 list all works in this category. 

Benchmark libraries are a staple of passive learning research since 1990 and active learning 
since ca. 2010. Especially in passive learning, they are often used standalone (i.e., without 
other categories of benchmark). When correlating libraries and publications’ dates, it becomes 
apparent that benchmark libraries seem to be eventually replaced with newer, more complex 
alternatives. In passive learning, MCNC [Yan91] was last used in 2013, while newer works 
use larger data sets such as ALFRED [Shr+20]. A list of all works is shown in Tables 4.7 to 4.9. 
L# for DFAs [VS25] is of particular interest, since the algorithm works well on synthetic 
automata, but the addition of a library showed severe scaling problems not apparent from the 
synthetic automata. 

Finally, the use of synthesized automata is becoming increasingly common in recent years. 
Almost all works employ structural synthesis by simple random generation (i.e., generate 
a number of states, randomly assign transitions, etc.). Occasionally, established generation 
algorithms are used. DeLeTe2 [DLT04] and NL* [Bol+09] are exceptions and use both random 
generation and semantic synthesis. Their method generates an automaton’s language via 
random regular expressions. Synthesis is mostly used in conjunction with other approaches, 
likely due to the well-known downsides of random generation such as limited language 
complexity. Tables 4.10 to 4.12 show an overview of all works in this category. 

In all categories, combining multiple benchmark categories is becoming increasingly common. 
Most works published since 2020 use two or more categories of benchmark in their evaluation. 

A visualization of these trends can be seen in Figure 4.1. Here, the chronological progressions 
described above are easily visible. Toy examples replace theoretical works and are then 
replaced or augmented by case studies and benchmark libraries. Synthetic benchmarks are 
a more recent trend, but still less common, as is the use of multiple benchmark categories. 
Since FSA research is a more mature field and – as opposed to EFSA research – has mostly 
settled on a fixed set of automaton models, we expect these observations to be typical of a 
well-developed research field. 

4.1.2 Extended Finite State Automaton Research 

Research into EFSAs from an algorithmic perspective with a focus on learning and model 
checking began in the 2000s, so we expect a less developed field w.r.t. benchmarking. Addi-
tionally, EFSAs are not interchangeable based on the model: for example, timed automata and 
register automata are fundamentally different and the results shown in Chapter 3 demonstrate 
the limits of transformations even between RA formalisms. We retain the categorization used 
for FSA research in the previous section. 
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Year Algorithm / Authors 

2006 Grinchtein et al. [GJP06] 
2010 TL* , TL* , TL* [GJL10]sg nsg s 

2011 TL* [Lin+11] 
2011 ID_1-DTA [VWW11] 
2015 Mens et al. [MM15] 
2020 Henry et al. [HJM20] 
2025 Lα [Fra+25] 

Year Algorithm / Authors 

2009 Demri et al. [DL09] 

(a) active automata learning (b) model checking 

Table 4.13: Purely theoretical works in EFSA research by field 

Year OBT Algorithm / Authors Case Studies 

2002 Missing-Data EM [WWT02] TCP [Edd22] and HTTP [TB22] networking 

2008 GK-tail [LMP08] 5 Java applications 
2011 Synoptic [Bes+11] reverse trace-route and a university course 

2011 jMiner [LCR11] 4 Java SE packages 
2011 BUTLA [Mai+11] miniature smart factory 

2012 Matos Pedro et al. [MCS12] multi-processor scheduler 
2014 OTALA [Mai14] miniature smart factory 

2014 T Perfume [Ohm+14] RADIUS [Rub+97], browser caching, TCP [Edd22], 
and web application usage 

2016 MINTm [WTD16] 2 Erlang applications and 3 Java SE classes 
2017 GK-tail+ [MPS17] 3 Java libraries 
2017 eRTI+ [WKK17] ATM logs 
2018 ReHMM [EM18] 3 Erlang applications and 4 Java SE classes 
2019 T S Tappler et al. [Tap+19] car alarm and particle counter 
2022 S TAG [Cor+22] TV broadcast information 

OBT
2022 T𝑘T [Pas+22] 4 algorithm implementations and 3 Java libraries 

: other benchmark types used T: toy examples S: synthesis 

Table 4.14: Use of case studies in passive EFSA learning 
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Year OBT Algorithm / Authors Case Studies 

2006 PSYS [BJR06] proprietary network protocol 
2010 Aarts et al. [AJU10] TCP [Edd22] and SIP [Sch+02] 
2010 App. Aarts et al. [ASV10] biometric passport 
2013 App. Aarts et al. [ADP13] bank card 

2013 T B Isberner et al. [IHS13] biometric passport 
2014 App. Aarts et al. [Cha+14] card reader 
2014 App. Aarts et al. [FJV14] TCP [Edd22] stacks 
2015 App. Aarts et al. [RP15] TLS [Res18] stacks 
2015 App. Aarts et al. [Sme+15] printer controller 
2016 T SL* [Cas+16] 1 Java SE data structure and TCP [Edd22] 
2016 App. Aarts et al. [FJV16] TCP [Edd22] stacks 
2017 App. Aarts et al. [Fit+17] SSH [LY06] implementations 
2017 App. Aarts et al. [TAB17] MQTT [OAS19] implementations 
2018 App. Aarts et al. [DPR18] OpenVPN 

2018 App. various [MCR18] 802.11 handshakes [LAN25] 
2019 App. Aarts et al. [RAR19] QUIC [IT21] implementations 
2020 S DOTAL [An+20] TCP [Edd22] 
2020 App. Aarts et al. [Fit+20] DTLS [RTM22] stacks 
2020 T B Garhewal et al. [Gar+20] 2 Python data structures 
2021 App. Aarts et al. [PA21] Bluetooth [Cor25] devices 
2021 Vaandrager et al. [VBE21] car alarm, particle counter, TCP [Edd22], and Android 

WiFi key management 
2022 App. Aarts et al. [PA22] Bluetooth [Cor25] devices 
2022 S SL [XAZ22] car alarm, particle counter, TCP [Edd22], and Android 

WiFi key management 
2023 T MMLT [KKG23] car alarm, particle counter, TCP [Edd22], SCTP 

[STN22], and Android WiFi key management 
2024 T MMLT/ik [KSG24] car alarm, particle counter, TCP [Edd22], SCTP 

[STN22], and Android WiFi key management 
2025 B Dengler et al. [DAH25] PostgreSQL 

OBT: other benchmark types used T: toy examples B: benchmark libraries S: synthesis 

Table 4.15: Use of case studies in active EFSA learning 
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Year OBT Algorithm / Authors Case Studies Field 

2020 S Aichernig et al. [APT20] smart light switch, car alarm, and 
a particle counter 

comparative study 

2024 T Klein et al. [KKG24a] various industrial software, TCP 
[Edd22], SCTP [STN22], and An-
droid WiFi key management 

state estimation 

OBT: other benchmark types used T: toy examples S: synthesis 

Table 4.16: Use of case studies in other EFSA research fields 

As was the case with FSAs, purely theoretical works are only common in seminal works 
(e.g., TL* [Lin+11]) and papers describing a theory-centric contribution (e.g., Demri and Lazić 
[DL09]). However, they are less common; we are not aware of any such work in passive EFSA 
learning. Table 4.13 shows an overview of all works in this group. 

Case studies are an extremely common benchmark category in EFSA research, with roughly 
half the works in this survey being pure case studies. This is primarily due to the large 
number of publications in which the abstraction-based learner pattern by Aarts et al. [AJU10] 
is applied to learn models of various systems, mostly network protocols, in order to perform 
security-related analyses. Recent works in this category tend to employ other benchmark 
categories in conjunction with case studies. Tables 4.14 to 4.16 list all works in this category. 

Toy examples are far less common in EFSA research and are almost never used standalone. 
This indicates that the use of toy examples in FSA research may be typical for an intermediate 
time period before case studies were commonly available around 2000. Since EFSA research 
started only then, toy examples were less needed. All toy examples are clearly real-world 
inspired (e.g., an oven or an alarm clock) and are often reused. They usually act to supplement 
case studies with simpler examples in an evaluation. Table 4.17 lists all works using toy 
examples. 

The use of benchmark libraries in EFSA research is extremely uncommon, with all but one 
work using the Automata Wiki [NJ13]. The remaining work uses benchmark libraries that do 
not contain extended FSAs to establish a performance baseline. A list of all relevant papers is 
shown in Table 4.18. 

Synthesis is more common than the use of benchmark libraries, but also rather limited and 
usually used in conjunction with other approaches. With the exception of NRTALearning 
[An+21], which also uses random regular expressions (i.e., semantic synthesis), only random 
structural synthesis was used. Table 4.19 names all works using synthesis. 

Except for a large set of standalone case studies, the use of multiple benchmarks is relatively 
standard in EFSA research. Especially recent works almost uniformly use multiple approaches. 
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Year OBT Algorithm / Authors Toy Examples 

2012 S Ulyantsev et al. [UT12] alarm clock 

2014 C Perfume [Ohm+14] network connection tester 
2016 IOalergia [Mao+16] slot machine and a workstation cluster 
2019 C S Tappler et al. [Tap+19] smart light switch and a train controller 

OBT: other benchmark types used C: case studies S: synthesis 

(a) passive automata learning 

Year OBT Algorithm / Authors Toy Examples 

2012 L*RMM [How+12a] 3 data structures 
2013 C B Isberner et al. [IHS13] calling code, file system navigation, and bespoke 

2016 C SL* [Cas+16] alternating bit communication, 2 number sequences, 
timeouts, and a prepaid card 

2017 νL*, νNL* [Moe+17] queue and bespoke 

2020 C B Garhewal et al. [Gar+20] combination lock and bespoke 

2021 S NRTALearning [An+21] machine scheduling 

2023 C MMLT [KKG23] wireless device and oven 

2024 C MMLT/ik [KSG24] wireless device, oven, HVAC controller, and washing 
machine 

OBT: other benchmark types used C: case studies B: benchmark libraries S: synthesis 

(b) active automata learning 

Year OBT Algorithm / Authors Toy Examples Field 

2024 C Klein et al. [KKG24a] test scheduling, oven, and a HVAC con-
troller 

state estimation 

2024 Klein et al. [KKG24b] cloud system, medical software, sensor 
mesh, and an ATM 

opacity verif. 

OBT: other benchmark types used C: case studies 

(c) other fields 

Table 4.17: Use of toy examples in EFSA research by field 
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Year Algorithm / Authors Benchmark Libraries 

2018 Smetsers et al. [SFV18] Automata Wiki [Nei+19] 

(a) passive automata learning 

Year OBT Algorithm / Authors Benchmark Libraries 

2012 Tomte [Aar+12] predecessor of Automata Wiki [Nei+19] 
2013 C T Isberner et al. [IHS13] Edinburgh Concurrency Workbench [MS99] and CADP 

[Gar+13] 
2015 Tomte [Aar+15] predecessor of Automata Wiki [Nei+19] 
2020 C T Garhewal et al. [Gar+20] Automata Wiki [Nei+19] 
2025 C Dengler et al. [DAH25] Automata Wiki [Nei+19] 

OBT: other benchmark types used C: case studies T: toy examples 

(b) active automata learning 

Table 4.18: Use of benchmark libraries in EFSA research by field 
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Year OBT Algorithm / Authors Cat. Synthesis Approach 

2010 RTI+ [VWW10] Str. random automata 

2012 T Ulyantsev et al. [UT12] Str. random automata 

2012 RTI [VWW12] Str. random automata 

2014 CSP+MuACOsm [CUS14] Str. random automata 

2019 C T Tappler et al. [Tap+19] Str. random automata 

2022 C TAG [Cor+22] Str. random automata 
OBT: other benchmark types used C: case studies T: toy examples 
Cat.: Synthesis Category Str.: structural 

(a) passive automata learning 

Year OBT Algorithm / Authors Cat. Synthesis Approach 

2020 C DOTAL [An+20] Str. random automata 

2021 T NRTALearning [An+21] Both random NRTAs and random regular expressions 
2022 C SL [XAZ22] Str. random automata 

OBT: other benchmark types used C: case studies T: toy examples 
Cat.: Synthesis Category Str.: structural 

(b) active automata learning 

Year OBT Algorithm / Authors Cat. Synthesis Approach 

2020 C Aichernig et al. [APT20] Str. random automata 
OBT: other benchmark types used C: case studies Cat.: Synthesis Category Str.: structural 

(c) comparative studies 

Table 4.19: Use of synthetic benchmarks in EFSA research by field 
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The results are shown in Figure 4.2 (using the same grouping as previously). As opposed to 
FSA research, we see no “toy example phase” prior to adoption of case studies; toy examples 
are rarely used at all. The large number of case studies is due to the large number of works 
applying abstraction-based learning Aarts et al. [AJU10]. Use of benchmark libraries is 
extremely rare, and library-synthesis combinations were never used in the surveyed body of 
work. 

4.2 Case Study I: Reach via Backwards Propagation 

The first case study considered here concerns model checking of register automata, i.e., proving 
or falsifying statements about a given register automaton. The most basic question for register 
automata is that of reachability, i.e., if a given location in an RA can be reached via an input. 
Reachability testing can be used to answer further questions, e.g., non-emptiness (can an 
accepting state be reached) or more complex model checking question via the construction of 
product automata. 

Our algorithm introduces a transformation into history independent register automata, which 
preserves an RAs semantics while ensuring that reachability can be trivially decided. We then 
evaluated this algorithm on a benchmark library and structurally synthesized automata to 
consider its performance on average automata as opposed to the worst case. In Section 4.2.1, 
we summarize the algorithmic approach, in Section 4.2.2, analyze the choice of benchmark 
approach, and in Section 4.2.3, recap the evaluation results and review the impact of benchmark 
selection w.r.t. the study results’ empirical content. 

This section is based on Paper II [DH22a], but considers its results from a benchmarking 
perspective, focusing on benchmark selection and its impacts. We also provide revised 
evaluation results that address an error in the original implementation which degraded the 
apparent performance of our approach. 

4.2.1 Background and Approach 

Our approach is motivated by Murawski et al.’s register disciplines [MRT17]: the source of 
complexity for deciding reachability is the amount of “hidden” state that is stored in the 
automaton’s registers and can be used to reject transitions. This includes initializing registers 
to # (if a guard demands an equal value, it cannot be satisfied) and, more critically, using 
equality relations between registers in a guard (if they are not, guard is effectively disabled). 
However, storing information and checking it “after the fact” is an unusual pattern: e.g., the 
XMPP automaton in Figure 1.1 does not exhibit it. Our approach transforms automata into a 
semantically equivalent representation in which this pattern does not occur. 



motd(𝑝1) ∣ 𝑥1 = 𝑥3 

𝑥4 ≔ 𝑝1 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– pw(𝑝1) ∣ true 

𝑥2 ≔ 𝑝1 
𝑞1 𝑞2 

logout() ∣ true 

– 

(a) history dependent 

motd(𝑝1) ∣ 𝑥1 = 𝑥3 

𝑥4 ≔ 𝑝1 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 ∧ 𝑝1 = 𝑥3 

– 

𝑞1 

𝑞2 

𝑞′ 2 

pw(𝑝1) ∣ true 

𝑥2 ≔ 𝑝() ∣ true 1logout

– 

login(𝑝1, 𝑝2) ∣ 𝑝1 = 𝑥1 ∧ 𝑝2 = 𝑥2 

– pw(𝑝1) ∣ true 

𝑥2 ≔ 𝑝1logout() ∣ true 

– 

(b) history independent 

Figure 4.3: Modified XMPP operations with and without history independence 
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First, we formalize a property of register automata in which no such “after-the-fact” checking 
happens. This is closely related to the notion of right-invariance [Cas+15]. 

Definition 5 (History Independence). Given a register automaton (𝑄, 𝑋, 𝑠0, 𝑄+, Γ) over 𝑈 , 
we define the set of reachable states for a location 𝑞 ∈ 𝑄 by 

𝑆𝑞 = {⟨𝑞, 𝜒⟩ ∣ ∃𝑤 ∈ 𝑈 ∗ ∶ ⟨𝑞, 𝜒⟩ ∈ 𝛿(𝑠0, 𝑤)}. 

A transition ⟨𝑞, 𝜆, 𝑔, 𝑢, 𝑞′⟩ is history independent if for all reachable states ⟨𝑞, 𝜒⟩ ∈ 𝑆𝑞 , there 
exists at least one data symbol 𝜆(𝑑1, … , 𝑑𝔞(𝜆)) ∈ 𝑈 such that the combined current valuation 
𝜈 ⊧ 𝑔, i.e., the transition’s guard can be satisfied. 

If all transitions in Γ are history independent, we call the register automaton history indepen-
dent. 

An example of this can be seen in the modified XMPP example in Figure 4.3 that adds an 
administrative operation: if the user is an administrator (i.e., the name matches the one stored 
in 𝑥3), they may set the message of the day. In Figure 4.3a, this operation is not implemented 
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history-independently, since we can reach states in 𝑞2 in which the motd transition can not 
be taken for any input. The version in Figure 4.3b, on the other hand, is history independent. 

In a history independent RA, for each path trough the automaton, a matching sequence 
of input symbols can be constructed. As a result, reachability of location follows from 
reachability in the graph structure and can be checked in NL. However, since the reachability 
of states in succinct RAs is a PSPACE-complete problem [DL09], any transformation must be 
FPSPACE-complete, i.e., not efficiently computable in all cases under common complexity 
assumptions. 

In this case study, we developed an algorithm operating on succinct RAs that converts an RA 
into a semantically identical, history independent version. We will only discuss the intuition 
behind the method and refer to Paper II [DH22a] for the detailed description and correctness 
proofs. 

Conceptually, we track invariants for each location that define relations between registers. 
For example, in Figure 4.3b, state 𝑞2′ maintains the invariant 𝑥1 = 𝑥3. The algorithm operates 
incrementally. During each step, we ensure that each location claims a sufficient invariant 
to a) ensure that each outgoing transition is available and b) afterwards, each successor 
location’s invariant is maintained. For each location, we compute the necessary invariants 
for each outgoing transition and split the locations into one version per invariant (plus 
one “terminal” version without invariants). The process is repeated until no new locations 
are created; we then discard all locations that have a contradictory invariant (i.e., 𝑥𝑖 ≠ 𝑥𝑖) 
or become unreachable. The resulting automaton is history independent and retains the 
original’s behavior. 

4.2.2 Benchmark Selection 

A theoretical analysis shows that our algorithm will perform badly in some cases. The driving 
question of the evaluation therefore is the algorithm’s performance on real-world automata 
and its scaling behavior to estimate how “common” automata that do require a large amount 
of new locations are. For example, the XMPP automaton in Figure 1.1 is already history 
independent and would remain untouched by the algorithm. 

Since this work was not motivated by a case study, we did not use one for evaluation. While 
toy examples were used during the development and implementation of the algorithm for unit 
testing, they are not suitable for answering the evaluation question, since they are neither 
representative of the real world nor sufficiently large to analyze scaling effects. 

We therefore conducted a first round of benchmarking on the only suitable library of succinct 
RA benchmarks, the Automata Wiki [Nei+19]. It contains mostly real world or real world-
inspired automata, answering the question if such automata can be efficiently transformed. 
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Figure 4.4: Backwards vs. forwards propagation performance on Automata Wiki data structure 
automata 

To analyze scaling effects, we turned to synthesized automata. Since the algorithm operates 
on the automaton structure, we developed the structural synthesis method described in 
Section 5.1. This method guarantees that guards do not contain direct contradictions and 
can scale most properties, including size, number of registers, and guard complexity. In the 
evaluation, we analyzed scaling effects on the former two. 

4.2.3 Evaluation Results 

In the evaluation, we used three analysis scenarios: direct application of backwards propaga-
tion to the automaton (BP 𝑄), backwards propagation on the cross product of the automaton 
with itself (BP 𝑄2, simulating a more complex model checking scenario), and, as a baseline, 
the forwards propagating equivalence checker bundled with RALib4 [CFJ15] that uses SMT 
solving. This checker was also used to check the equivalence of the automaton with itself. 

The Automata Wiki library contains two classes of RA models. First, it contains families of 
models of data structures, namely stacks, queues, and FIFO-sets (queues with a uniqueness 
guarantee) with increasing maximum storage (corresponding to the number of registers). 
The evaluation results on these are shown in Figure 4.4. Since these automata are history-
independent by design, our algorithms only needs to prove this fact. They were able to do 
substantially faster than the forwards-propagating analyzer, which timed on all analyses but 

4https://github.com/LearnLib/ralib 

https://github.com/LearnLib/ralib
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Automaton BP 𝑄 BP 𝑄2 FP 𝑄2 

Name |𝑄| |Γ| 𝑄-BU Γ-BU Time 𝑄-BU Γ-BU Time Time 

ABP Channel 5 8 200 % 188 % 0.04 s 143 % 150 % 0.13 s DNF 

ABP Output 30 50 100 % 100 % 0.03 s 80 % 92 % 0.12 s DNF 

ABP Receiver 3 6 13 383 % 292 % 0.04 s 1 083 % 426 % 0.90 s DNF 

FWGC 18 43 289 % 179 % 0.09 s 782 % 374 % 1 098.30 s 0.40 s 

Login 12 20 125 % 115 % 0.03 s 250 % 223 % 0.07 s 0.29 s 
Map 17 28 135 % 136 % 0.04 s 98 % 100 % 0.49 s 0.57 s 
Overwriting Map 15 24 153 % 158 % 0.03 s 77 % 88 % 0.24 s 0.65 s 
Passport 35 82 129 % 112 % 0.07 s 157 % 122 % 0.26 s 0.71 s 
Repdigit Palindrome 6 23 400 % 178 % 0.04 s 1 033 % 192 % 0.12 s 0.31 s 
SIP 27 65 100 % 100 % 0.03 s 113 % 93 % 0.07 s 25.90 s 

BP: Backwards Propagation BU: Blowup FP: Forwards Propagation DNF: Execution failed with an 
error 

Table 4.20: Backwards vs. forwards propagation performance on non-family Automata Wiki 
automata 

stacks up to size 20. Self-products of FIFO-sets form an exception: here, we could observe 
blowups and backwards-propagating analyses timed out for sizes 10 and more. 

Second, the Wiki contains a set of (non-family) automata mostly derived from real-world 
scenarios. The results on these are shown in Table 4.20. In three cases, the RALib-based 
tool failed to load the automaton. In all but two of the remaining scenarios, both approaches 
required less than one second of wall clock time, however, our approach was slightly faster. 
In the farmer-wolf-goat-cabbage puzzle5 (FWGC), backwards propagation is substantially 
slower, while on the SIP [Sch+02] model, forwards propagation is slower. 

Finally, we applied our approached to synthesized automata. Since they do not follow the 
input-output alternation required by the RALib model checker, we only performed simple 
transformations on them and did not create self-products. The results are shown in Figure 4.5 
and mostly confirmed our expectations w.r.t. scaling. When scaling up the number of registers 
(cf. Figure 4.5a), analysis time grows polynomially and the blowup increases linearly, which 
seems tolerable in practical use. When fixing the number of states and adding registers, this 
does not happen (cf. Figure 4.5a); blowup remains constant and analysis time scales linearly. 

We can conclude that the backwards-propagating approach is superior in almost all observed 
scenarios. Since the Automata Wiki systems are derived from real-world systems, we can 
expect this to hold true for unknown systems, as well. Using synthetic automata, we can show 

5A classic puzzle also known as, e.g., the river crossing puzzle [PS89]. 
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that our algorithm can handle even very large systems. This conclusion can not be made 
using the Wiki automata, since the scaling examples do not exhibit any history dependence, 
i.e., are outliers in favor of our approach. 

In summary, the benchmarking methods worked complementarily, each supporting a different 
aspect of the evaluation’s empirical content. While the Wiki automata enable comparisons to 
the baseline and predictions about the behavior on automata encountered in the future, the 
synthesized ones enable predictions w.r.t. scaling effects and behavior on large models. 

4.3 Case Study II: SLλ Learning Algorithm 

The second case study we examine concerns active register automata learning, i.e., deriving 
an automaton from an oracle that answers queries about membership (“is input 𝑤 accepted?”) 
and equivalence (“is RA 𝐴 equivalent to the ground truth?”). The second oracle can be 
implemented in terms of the former by comparing the results of random walks. This method 
can be applied to derive a model of a black-box system that can then be reviewed by a human 
or subjected to model checking. The best known algorithm for this is SL* [Cas+16], which 
operates similar to the L* algorithm [Ang87]. As a result, it does not implement several active 
learning optimizations that are present in the Lλ algorithm [HS22]. 

This case study combines the two lines of work into the SLλ algorithm, which enhances SL* 
with the optimizations from Lλ plus an additional optimization. To compare its performance 
to the SL* baseline, we evaluated it on a case study, a benchmark library and structurally 
synthesized automata. We also measure the individual optimizations’ contribution to the 
result. Similar to the previous section, in Section 4.3.1, we will sketch the optimizations’ 
central ideas, in Section 4.3.2, we will analyze the choice of benchmark approach, and in 
Section 4.3.3, we will summarize the evaluation results and review the impact of benchmark 
selection w.r.t. the study’s empirical content. 

This section is based on Paper IV [Die+24; Die+26a], but considers its results from a bench-
marking perspective, focusing on benchmark selection and its impacts. 

4.3.1 Background and Approach 

In active learning of register automata, the SL* algorithm [Cas+16] is the state of the art, 
being the first active algorithm that learns register automata without abstraction.6 It is a 
relatively straightforward port of L* [Ang87] to a symbolic setting, the main change being 
the introduction of symbolic tree queries as an intermediate query formalism. 

6While Aarts et al.’s earlier method can learn models of such systems, it yields a Mealy machine plus a 
abstraction layer that reduces infinite alphabets to finite symbol sets [AJU10]. 
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In FSA learning, several optimizations that result in an immense increase in performance 
have been developed, with Lλ [HS22] combining most of these optimizations. SLλ “ports” Lλ 

for register automata learning, combining symbolic tree queries with the learner architecture 
and optimizations of Lλ. Additionally, SLλ adds the novel restricted suffix optimization. We 
will give an intuition for all three optimizations, but refer to Paper IV [Die+24; Die+26a] for 
the detailed algorithms and proofs. 

Learning algorithms using the minimum adequate teacher framework pioneered by Angluin 
for L* [Ang87] operate by building a set of prefixes and a set of suffixes corresponding to the 
algorithm’s current hypothesis of the “correct” automaton. Prefixes correspond to locations 
of the automaton and define an input word that can be used to reach the locations. Ignoring 
parameters, in the XMPP example (cf. Figure 1.1), 𝑞0 could be identified by the empty word 
𝜀, while 𝑞1 could be reached by register. Suffixes help distinguish locations by acceptance 
behavior: e.g., the word login leads to an accepting location starting in 𝑞1, but not 𝑞0. In the 
case of register automate, we maintain symbolic suffixes that contain variables instead of data 
values. In general, the algorithm’s performance hinges on keeping both prefixes and suffixes 
as short as possible. 

The short prefix optimization designates a representative prefix for each hypothesized location. 
For example, in the XMPP automaton7,both the prefixes 

register(user, pass), login(user, pass), logout(), register(user, pass) 

and register(user, pass) refer to the same location. Using the latter is preferable, since 
it shortens queries. The data structure responsible for maintaining this information is a 
classification tree, a technique established by Kearns and Vazirani [KV94]. 

A short suffix optimization was already performed by L* [Ang87], however, we need to 
adapt it by analyzing counterexamples obtained in response to incorrect hypotheses. A 
counterexample is split into a prefix and suffix. We then find the longest prefix such that the 
suffix (which is then the shortest suffix) is still a counterexample and only include that into 
the tree. The prefix will then be replaced by the representative prefix of its location in the 
future. 

The third optimization is the restrictive suffix optimization and is specific to symbolic suffixes. 
For example, the suffix register(𝑝1, 𝑝1), login(𝑝1, 𝑝1) would suffice to differentiate 𝑞0 from 
other states. However, it omits the information that the username and password parameters 
are independent. We therefore add additional information to suffixes by designating fresh 
values (that are chosen to be different from all other values) and necessarily equal values. For 
example, the username chosen for registration is fresh, while the one passed to login must 
be equal to it. This, again, serves to reduce the number of queries. 

7As defined, SLλ does not handle automata with variadic inputs. Gayda [Gay24] shows that it can be extended 
to efficiently handle these, however. 
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4.3.2 Benchmarking Method 

The case study analyzes the worst-case runtime of the algorithm theoretically, but we also 
want to evaluate its performance empirically. The evaluation question here is not only if SLλ 

performs better than the baseline, i.e., SL*, but what the impact of its individual optimizations 
is. 

While the Automata Wiki benchmark library [Nei+19] is a suitable choice, the models are 
sufficiently simple that the state-of-the-art SL* algorithm [Cas+16] can already solve most of 
them in sub-second time, i.e., we have “outrun” the benchmark set. 

We therefore added a case study based on DTLS-Fuzzer [Fit+22], a learner for DTLS implemen-
tations, by extracting all intermediate models produced by the software. These are sufficiently 
difficult to observe effects from the optimizations. 

Finally, to analyze scaling effects more precisely, we added synthesized automata. Since the 
automaton’s graph structure is invisible to the learner and most structurally synthesized 
automata are semantically simple, i.e., easy to learn, we instead employed the semantic 
synthesis approach described in Section 5.2. This allows us to tune various semantic properties 
of the automaton and introduce sub-automata that can contribute to the complexity of the 
learning problem. 

4.3.3 Evaluation Results 

To track the impact of each optimization, the evaluation adds the SLCT algorithm, which is 
essentially SLλ without the short suffix optimization, and adds a unrestricted suffix mode that 
disables the respective optimization, which is otherwise applied to all three algorithms. The 
short prefix optimization is intrinsic to the algorithm design and cannot be disabled. 

During the evaluation, we tracked the algorithm’s number of operations, i.e., the number 
of queries posed to each oracle. This is a standard technique for evaluating active learning 
automata which makes the results robust to optimizations, CPU speed, etc. However, we 
also tracked the wall clock time required for executing the algorithm. We will present only a 
subset of data obtained that is representative for the key results and refer to Paper IV [Die+24; 
Die+26a] for more details. 

The timing and operation results on a subset of Automata Wiki benchmarks are shown in 
Tables 4.21 and 4.22, respectively. With respect to timing, no clear picture emerges, since, 
with the exceptions of the larger queue automata, all algorithms require less than one second 
to learn the benchmark to completion. On the largest benchmark, SLλ shows a notable 
improvement over SL*, which is in turn faster than SLCT. The time required for testing the 
models is negligible; the remaining evaluation steps will only focus on learning time. 
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Automaton 

Name 

ABP Channel 
ABP Output 
ABP Reciever 3 

Login 

Repdigit Palindrome 

SIP 

Queue (size 3) 
Queue (size 5) 
Queue (size 7) 

|𝑄| 

5 

30 

6 

12 

6 

30 

12 

18 

24 

|Γ| 

8 

50 

10 

19 

15 

72 

16 

24 

32 

|𝑋 | 

3 

1 

3 

4 

4 

2 

4 

6 

8 

Time (Learn) Time (Test) 

SLλ SLCT SL* SLλ SLCT SL* 

0.04 s 0.04 s 0.05 s 0.29 s 0.29 s 0.30 s 
0.15 s 0.70 s 0.14 s 0.18 s 0.15 s 0.26 s 
0.07 s 0.25 s 0.15 s 0.28 s 0.26 s 0.26 s 

0.05 s 0.07 s 0.09 s 0.30 s 0.31 s 0.30 s 

0.05 s 0.05 s 0.07 s 0.40 s 0.40 s 0.41 s 
0.35 s 0.35 s 0.37 s 0.15 s 0.16 s 0.19 s 

0.11 s 0.11 s 0.11 s 0.64 s 0.56 s 0.55 s 

1.14 s 1.45 s 1.30 s 0.60 s 0.58 s 0.58 s 

279.89 s 346.90 s 317.44 s 0.59 s 0.58 s 0.59 s 

Table 4.21: Time required by SLλ, CT SL , and SL* on the Automata Wiki 

When examining the number of operations, the picture is clearer: the number of queries 
during learning is noticeably less for SLλ, while the performance of SLCT and SL* is close to 
identical. This reduction comes at the cost of requiring more counterexamples (which are 
generated using queries). In some cases, the reduction in learning queries outweighs the ones 
required for counterexample generation, but not on all benchmarks. 

On the DTLS case study, the three algorithms are differentiated far more clearly, both in time 
and in number of learning queries. The number of counterexamples required is similar for 
all three algorithms and is not shown here. Figure 4.6 shows the time required for learning, 
plotted against the number of transitions in each model. Consistently, SLλ is slightly faster 
that SLCT, which is much faster than SL*. The former two scale better, with SL* appearing 
to require time linear to the number of transitions, while the time required for the others 
remains roughly constant. 

Next, we consider the number of operations shown in Figure 4.7. When using the restricted 
suffix optimization (cf. Figure 4.7a), SLλ and SLCT require a similar amount of operations, 
while SL* requires more. If the optimization is disabled, however (cf. Figure 4.7b), the number 
of operations is massively increased for all three algorithms: with restricted suffixes, SL* 
required less than 30 000 operations at worst, without, it needs over 180 000 in one case. In 
general, SLλ now outperforms SLCT, which strongly outperforms SL*. All these observations 
are consistent with all three optimizations being beneficial, suffix restriction being the most 
impactful. 

Finally, we consider the results on the semantically synthesized automata, shown in Figure 4.8. 
While the algorithms are not well-differentiated w.r.t. time, the number of operations relative 
to the number of transitions shows a differentiation both when using restricted (cf. Figure 4.8a) 
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Automaton Queries (Learn) Queries (Total) Counterexamples 

Name SLλ SLCT SL* SLλ SLCT SL* SLλ SLCT SL* 

ABP Channel 11 15 11 28 32 24 2 2 1 

ABP Output 208 311 363 4 552 6 151 590 11 11 5 

ABP Reciever 3 88 466 489 249 610 614 4 4 4 

Login 244 433 436 300 512 509 2 3 3 

Repdigit Palindrome 358 476 479 384 504 508 5 5 5 

SIP 233 345 487 3 633 2 772 934 15 16 9 

Queue (size 3) 24 23 29 202 209 212 5 5 5 

Queue (size 5) 55 60 66 434 468 435 7 7 6 

Queue (size 7) 96 123 118 839 989 738 8 9 7 

Table 4.22: Operations generated by SLλ, SLCT      , and SL* on the Automata Wiki 

and unrestricted (cf. Figure 4.8b) suffixes. Again, removing the optimization results in an 
increase in the number of queries (here, by a factor of ca. 2). SLλ slightly outperforms SLCT 

in the unrestricted case, SL* requires far more operations in all cases. While consistent 
with our hypotheses, the lack of differentiation between SLλ and SLCT may be due to to 
limitations of the synthesized automata, which do not substantially benefit from the short 
suffix optimization. 

We can infer that not only is SLλ superior to the baseline, SL*, but can estimate the impact of 
the three optimizations: suffix restriction appears to be most impactful, followed by short 
prefixes, followed by short suffixes. Suffix restriction appears to “drown out” the benefits 
of short suffixes in some cases. While the results on the Automaton Wiki automata were 
somewhat inconclusive, they are consistent on all larger scenarios considered. 

In summary, the benchmark library contributed least to the empirical content due to the 
simplicity of its examples. Since the baseline was already capable of solving most examples 
near-instantly, the observations on relative performance were not highly significant. This 
highlights the relevance of maintaining such libraries at an appropriate “difficulty level” to 
avoid becoming too simple for current algorithmic advances. The case study and synthetic 
automata resulted in similar data due to the extensive size of the case study, which allowed the 
observation of scaling effects. Their consistency, however, still strengthens the conclusion’s 
empirical content by indicating that the results generalize to many types of models. 
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Figure 4.6: Learning time required by SLλ CT      , SL , and SL* on the DTLS case study 

4.4 Case Study III: Intersection Controller Learning 

Our third case study studies passive timed automata learning, i.e., derivation of an automaton 
from traces. This study was motivated by a specific use case: reverse-engineering of the 
control software for a smart intersection near Vejle, Denmark. However, we only had access 
to a single, multi-day log of the control software’s inputs and outputs. This can not be handled 
using existing passive learning algorithms that require either negative examples or a large set 
of inputs. 

We addressed this by implementing an abstraction layer over the trace that facilitated the 
use of existing learning technologies, both active and passive, resulting in four different 
learning pipelines. We evaluated these pipelines using the case study at hand as well as a toy 
example. Like in the previous sections, in Section 4.4.1, we will outline the learning pipelines’ 
architectures. Next, in Section 4.4.2, we will analyze the choice of benchmarks, and finally, in 
Section 4.4.3, we will summarize the evaluation results and review the impact of benchmark 
selection w.r.t. the study’s empirical content. 

This section is based on Paper III [Die+23a], but considers its results from a benchmarking 
perspective, focusing on benchmark selection and its impacts. 
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Figure 4.7: Resets generated by SLλ, SLCT      , and SL* on the DTLS case study 
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Figure 4.8: Resets generated by λ SL , SLCT, and SL* on semantically synthesized automata 
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4.4.1 Background and Approach 

As opposed to the previous case studies, a register automaton is not a suitable model for 
representing the controller. There is neither an infinite alphabet, not are the semantics 
defined by remembering inputs. Instead, we know that the control software changes the 
signal configuration based on traffic detected via radar and elapsed time. Such a model can 
be represented using a Mealy machine with one timer [VBE21], which combines a Mealy 
machine [Mea55] with an internal state for tracking time. We use a slightly different notation 
than Vaandrager et al. and omit some technical aspects. The full definition is given in Paper III 
[Die+23a]. 

Definition 6 (Mealy Machine with One Timer). Given an input alphabet Σ and an output 
alphabet Ω, a Mealy Machine with One Timer (MM1T) is a tuple (𝑄, 𝑞0, 𝑡0, Γ), comprising 

– a set of locations 𝑄, 
– an initial location 𝑞0 ∈ 𝑄, 
– an initial timer value 𝑡0 ∈ ℤ≥0 ∪ ∞, and 
– a set Γ of transitions ⟨𝑞, 𝜎, 𝜔, 𝑟 , 𝑞′⟩, each defining 

• a source location 𝑞 ∈ 𝑄, 
• an input symbol 𝜎 ∈ Σ ∪ {timeout} for a timeout value timeout ∉ Σ, 
• an output symbol 𝜔 ∈ Ω ∪ {−}, for an no-output value − ∉ Ω, 
• a reset 𝑟 ∈ Z≥0 ∪ {∞, ⊥}, for a no-reset value ⊥, and 
• a target location 𝑞′ ∈ 𝑄, 

which we conventionally render as 𝜎/𝜔, 𝑟 . 

Intuitively, a MM1T contains a timer that is constantly counting down to zero. If it is set 
to ∞, it is disabled. The MM1T is given input with a certain delay between symbols. If the 
next symbol arrives before the timer elapses, the MM1T behaves like a Mealy machine and 
selects the appropriate transition. If not, it takes the timeout transition. Additionally, each 
transition defines a reset that either sets the timer to the defined value or leaves it as-is on 
reset ⊥. 

Figure 4.9 shows an example of a MM1T based on to the Uppaal brick sorter [Ive+00], a toy 
example used previously to evaluate the verification of LEGO® MINDSTORMS™ programs. 
This is a system for sorting toy bricks placed on a conveyor belt. A sensor registers red or 
black bricks via the respective inputs. Three time units later, a robotic arm physically kicks 
red bricks from the belt into a collection bucket; black bricks pass into a different bucket at 
the belt’s end. Note that the system is intentionally defective: feeding bricks into the system 
too fast overwrites the “stored” classification and mishandles the brick on the belt. 

Three major approaches for learning the MM1T exist. However, each approach cannot be 
applied to the scenario at hand. Active learning is impossible, since there exists no membership 
oracle. For passive learning, approaches like RPNI [OG93] require both positive and negative 
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Figure 4.9: A MM1T for the Uppaal brick sorter example 

examples. Since we can not meaningfully create examples of incorrect behavior, these can 
not be applied, either. Finally, passive approaches like evidence-driven state merging [LPP98] 
need only positive examples, but require larger input sets to properly differentiate locations. 

We enable use of the first and third approach by constructing a symbolic abstraction over the 
long trace that can be used to answer queries by finding “sufficiently similar” runs in the trace. 
This can be used to drive active learning. Alternatively, all runs can be enumerated to drive a 
positive-example passive learner. We will sketch the learning pipelines constructed using 
this approach and give intuitive explanations for their components, but refer to Paper III 
[Die+23a] for the implementation details and formalisms. 

Since the real controller is adaptive, i.e., continuously updates its internal logic, it is impossible 
to learn a static automaton model compliant with the trace. Instead, we created a digital twin 
of the intersection by modeling a controller using Uppaal8 [LLN18a; LLN18b]. Then, as a first 
step in all pipelines, we reprocessed the real traffic data by using it as an input for the twin 
controller . The resulting trace combines real traffic data and the digital twin’s signal settings. 

The second step of all learning pipelines applies domain knowledge of the intersection: if 
the signals are in a certain state and no vehicles have recently been detected, it is in a base 
state; we can split off a run there. Additionally, we expect the intersection to ignore repeating 
signals, since, e.g., if one or more vehicles are present, it has to permit them to pass. This 
allows us to create the trace database, an abstraction over the trace that a) splits data into runs 
starting in the same internal state and b) can answer queries using sufficiently similar runs. 

Instead of querying the database for a specific word with concrete timings, we define a 
symbolic query language that can be used to retrieve “similar” runs from the database. While 
a normal oracle would be queried using input symbols with concrete timestamps, the trace 
database accepts inputs and outputs with symbolic timestamps (i.e., variables) instead. In 

8https://uppaal.org/ 

https://uppaal.org/
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addition, the asker can specify a constraint over the symbolic timestamp. For example, the 
query ⟨black, 𝑡0⟩, ⟨red, 𝑡1⟩ with constraint 𝑡0 < 𝑡1 could be answered by ⟨black, 0⟩, ⟨red, 2⟩. 

Since a MM1T learner will pose concrete, not symbolic queries, we require a symbolic ora-
cle that converts concrete membership queries to symbolic ones. The oracle caches prior 
answers and queries in a tree structure (this is, again, a MM1T) and will only extend this 
tree when the need arises. If the trace database can not find an empty for a query, the oracle 
will instead assume that the automaton under learning does not have the corresponding 
transition to ensure that some answer is given. For example, when posed the concrete query 
⟨black, 0⟩, ⟨red, 1⟩, ⟨timeout⟩, we would discover that the first two symbols can already be 
answered from result of the symbolic query above. We would therefore extend it with the 
wildcard ∗ to ⟨black, 𝑡0⟩, ⟨red, 𝑡1⟩, ⟨∗, 𝑡2⟩ with 𝑡0 < 𝑡1 ∧ 𝑡2 = 3. The timeout of 3 would have 
previously been discovered by the learner. The answer would then be −, −, eject. 

We can now apply the combination of trace database and symbolic oracle to construct four 
learning pipelines plus one “baseline” pipeline, an overview of which is shown in Figure 4.10. 

(a) The first pipeline performs active learning by applying the TTT algorithm [IHS14]. 
TTT’s counterexample analysis results in shorter queries than, e.g., L* [Ang87], mitigat-
ing issues with missing information in the trace database. TTT’s membership queries 
can directly be answered by the symbolic oracle and we simulate the equivalence oracle 
by testing random runs. 

(b) The second pipeline extends the first by refining the resulting model using the Paull-
Unger minimization algorithm [PU59].9 Since our implementation considers missing 
transitions to be compatible to existing ones for purposes of merging locations, this 
may slightly alter the automaton’s accepted language. 

(c) The third pipeline applies passive learning instead of active learning. The tree main-
tained by the symbolic oracle is, by design, a prefix tree acceptor-like structure, which 
can be extracted from the oracle by brute-force enumeration. Most passive learning 
algorithms operate by first consolidating their observations into a prefix tree acceptor, 
which is then generalized by merging locations. We can therefore apply the latter step 
to the oracle’s tree. In this pipeline, we use the same Paull-Unger minimizer [PU59] as 
in the last approach. 

(d) Finally, the fourth pipeline only exchanges the learning algorithm, using an adapted
𝑘-Tails algorithm [BF72] instead of Paull-Unger. Since 𝑘-Tails infers a nondeterministic 
automaton, we determinize the learned automaton afterwards. 

(e) As a baseline for the evaluation, we also implemented a simplified version of the T𝑘T 
algorithm [Pas+22] that does not consider operation durations and therefore can not 

9While optimized versions such as Hopcroft’s [Hop71] exist, this is sufficiently fast for our experiments. 
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infer clock resets. This algorithm creates a timed automaton without resets and can 
operate directly on the runs split by the symbolic oracle. 

4.4.2 Benchmarking Method 

The case study’s algorithmic contribution is a novel method to handle unstructured data. The 
evaluation therefore focuses on showing the method’s feasibility in the specific case and is 
not concerned with showing competitiveness. 

Since the research project was motivated by a specific case study, its use in the evaluation is a 
natural choice. Since we had created a digital twin to reprocess the trace, we also had access 
to a ground truth model. This would not be the case for the original data. We augmented the 
case study with a relatively complex toy example for UPPAAL, a brick sorter [Ive+00], for 
which we also had access to a ground truth automaton we could use for benchmarking. 

To the best of our knowledge, no benchmark libraries for MM1Ts existed at that point. While 
libraries of timed traces, e.g., the LogHub [Zhu+23] Hadoop server log collection [Lin+16] 
exist, these do not have a ground truth automaton, contain extremely large logs, and would 
additionally have required a domain-specific reimplementaion of the segmentation logic. 

We did not attempt to synthesize any automata for this project. Because the evaluation is 
not focused on scaling behavior, the need for such benchmarks is lessened. Also, we are not 
aware of any suitable synthesis techniques for MM1Ts aside from random generation. 

4.4.3 Evaluation Results 

To compare the five pipelines, we executed them on traces generated on the brick sorter toy 
example and the (reprocessed) trace obtained from the case study. To observe some scaling 
effects, we also generated reduced versions of the latter that only considered a subset of the 
lanes and signals. Approach (e), the T𝑘T learner, can not be easily applied to the reduced 
versions. 

For all traces, we considered the accuracy of the final model w.r.t. the symbolic tree (i.e., how 
many runs in the tree are accepted by the final model) as well as the human-readability of the 
model via manual inspection. Since approach (e) is a state-merging algorithm that generalizes 
from the inputs, it cannot misclassify them and will always achieve a perfect accuracy. 

We show the quantitative results in Table 4.23. It is apparent that with increasing size and 
complexity of the system under test, the accuracy of all approaches decays, while the model 
size increases. For the brick sorter, approaches (a)–(d) perfectly recovered the MM1T model, 
including the classification bug present in it. On both models, pipeline (e) generates far larger 
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Data Set Accuracy |𝑄| 

Name |Σ| LST (a) (b) (c) (d) (e) (a) (b) (c) (d) (e) 

Brick Sorter 2 139 100 % 100 % 100 % 100 % 100 % 3 3 3 3 7 

Intersection I 3 638 99 % 99 % 86 % 100 % n/a 2 2 19 4 n/a 

Intersection II 4 581 97 % 98 % 99 % 98 % n/a 5 2 2 6 n/a 

Intersection III 5 970 86 % 83 % 81 % 97 % n/a 9 7 29 11 n/a 

Intersection IV 8 1 351 93 % 93 % 77 % 97 % n/a 7 3 37 10 n/a 

Intersection All 11 1 839 81 % 81 % 77 % 94 % 100 % 13 13 50 23 749 
LST: leaves in the symbolic tree n/a: T𝑘T cannot be used in this scenario 

Table 4.23: Accuracy and result automaton size of all intersection learning pipelines 

models than pipelines (a)–(d), which also were far less human-readable on manual inspection 
due to size and the lack of reset information. 

Among the remaining four approaches, pipeline (c), the Paull-Unger minimized symbolic 
tree, performs noticeably worse than the other three on all but the Intersection II data set 
(which was learned very well by all approaches), yielding larger but inaccurate models. The 
performance of pipelines (a) and (b) is similar, with (b) yielding slightly smaller models 
without accuracy loss. Between the pipelines (b) and (d), there is a visible trade-off between 
smaller, less accurate models produced by active learning and larger, more accurate models 
produced by 𝑘-Tails. 

We can conclude that for the given examples, pipeline (d) (and, to a lesser extent, (b)) are 
feasible approaches to learning from a single, unstructured trace. The scaling behavior 
matches expectations, giving rise to some confidence in the results. However, it is not clear 
to what extent the result holds for other scenarios. 

In summary, the benchmarks are sufficient to show the feasibility of the approach and its 
susceptibility to scaling. The addition of the brick sorter toy examples helps show that the 
result is not restricted to the intersection example. Still, the benchmark combination severely 
limits the empirical content, since strong predictions about other scenarios cannot be made 
from the limited data. Such conclusions would require future work on more benchmarks. 

4.5 Case Study IV: Heat Pump Learning 

The fourth case study also concerns use-case driven passive learning from real-world data. In 
this study, we reverse-engineered a model of a domestic heat pump from a single log spanning 
multiple days. As opposed to the intersection controller, these logs contain continuous-valued 
data, e.g., temperature readings. Such a model could then be used to predict, e.g., good 
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opportunities for running a defrosting cycle. As opposed to the previous study, however, we 
did not use domain-specific information in developing the learning approach. 

We developed a learning pipeline that is parameterized using a metaheuristic, eliding the need 
for domain-specific parameter selection. Since no suitable evaluation metric for our chosen 
model exists, we additionally provide a novel similarity metric for traces and automata. We 
evaluated the evaluation metric using synthetic automata and the learning pipeline on both 
the motivating case study and a toy example. As in previous case studies, we first outline 
our learning pipeline and the novel metric in Section 4.5.1. We then discuss the choice of 
benchmarks in Section 4.5.2 and will summarize the evaluation results and review the impact 
of our chosen benchmark types in Section 4.5.3. 

This section is based on Paper VI [Die+26b], but considers its results from a benchmarking 
perspective, focusing on benchmark selection and its impacts. 

4.5.1 Background and Approach 

In this case study, we learned from a mixture of series of both continuous- and discrete-valued 
time series. We identify each series by a variable (e.g., temperature data). However, our 
ultimate model used discrete data only to allow for the less complex automata. The full model 
therefore consists of a set of discretization rules to convert continuous values and an discrete 
model for these. While this combination is capable of recognizing continuous-valued series, 
it is incapable of generating them. 

In summary, we require an automaton modeling timing semantics over a finite domain. As 
opposed to the previous case study, the data also contains the results of (nondeterministic) 
human interactions; additionally, the discretization step will likely introduce ambiguities. As 
a result, we have to infer a probabilistic automaton model instead of a deterministic one. We 
chose (deterministic) continuous-valued Markov chains [Mao+16] as a formalism. As opposed 
to MM1Ts, these do not have a global timer, but a per-location one. They do not accept inputs, 
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but generate a stream of outputs with delays defined by the timers. We simplify some aspects 
of this definition and refer to Paper VI [Die+26b] for the full version. 

Definition 7 (Continuous-Timed Markov Chain). Given an output alphabet Ω, a continuous-
timed Markov chain (CTMC) is a tuple (𝑄, 𝑞0, 𝜆, 𝑝, 𝑡), comprising 

– a set of locations 𝑄, 
– an initial location 𝑞0 ∈ 𝑄, 
– an output function 𝜆 ∶ 𝑄 → Ω, 
– a transition probability function 𝑝 ∶ (𝑄 × 𝑄) → [0, 1], and 
– a average exit time function 𝑡 ∶ 𝑄 → ℝ≥0. 

We require that for all locations 𝑞 ∈ 𝑄, 

– the sum ∑ ′
𝑞′∈𝑄 𝑝(𝑞, 𝑞 ) = 1 and 

– for all outputs 𝜔 ∈ Ω, at most one location 𝑞′ with output 𝜔 has transition probability 
𝑝(𝑞, 𝑞′) > 0, i.e., successors are deterministic w.r.t. their outputs. We call CTMCs 
meeting this criterion deterministic. 

Intuitively, a CTMC produces an infinite stream of timed outputs. In each location, the output 
symbol is emitted. The CTMC then waits a period of time determined by the location’s average 
exit time, nondeterministically selects a successor according to the probability function, and 
repeats this process. Additionally, a sequence of timed outputs can be unambiguously fitted 
to a sequence of CTMC locations, since each location can transition to at most one successor 
for any given subsequent output. 

Figure 4.11 shows an example of a CTMC modeling a slightly biased coin flip. On average, 
the coin is retained in the thrower’s hand for 2.5 time units. In 51 % of cases, the coin shows 
heads and is picked up in 1.1 time units on average, in 49 %, it shows tails and is picked up in 
1.2 time units. Note that a sequence such as hand, heads, tails is not admitted by the model. 

Before we can attempt infer a CTMC, we need to transform the continuous-valued inputs 
into a finite output language using a discretizer. We apply the established PELT algorithm 
[KFE12] to independently segment each continuous-valued variable’s series into segments 
with “similar” behavior (e.g., “value oscillating between 3 and 5”). Each behavioral class then 
corresponds to a output symbol. PELT requires several parameters to be set depending on 
the data analyzed. 

Next, we add an additional simplification step to remove redundant (e.g., the readings from 
multiple temperature sensors) or irrelevant (e.g., network diagnostics) variables from con-
sideration and merge the remaining variables’ discretized data into combined traces. If the 
previous step has identified likely reset points, we can use these to segment the merged trace, 
alternatively, we can segment by time or generate a single, long trace. The choice of variables 
is passed as a parameter to this component. 
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Figure 4.12: Learning pipeline for reverse-engineering CTMCs from arbitrary systems 

Finally, we can learn an automaton from the discretized and merged data. The timed IOalergia 
[Mao+16] is an established approach for learning CTMCs from traces. Algorithms in the 
Alergia family are built on the notion of similarity: starting from a prefix tree acceptor, two 
locations are merged if a) their outputs are identical, b) their timing and transition probability 
behavior are sufficiently similar and c) for all outputs, the respective successor locations are 
eligible for merging, too. 

Intuitively, sufficient similarity is defined based on the number of observations: for example, 
probabilities of 20 % and 25 % are similar when based on four and five observations, respec-
tively, but likely dissimilar when based on a million observations each. This intuitions is 
formalized by applying the Hoeffding [Hoe63] and F-tests [Cox64] to transition probabilities 
and timings, respectively. Each test yields a similarity score, which can then be compared 
against a threshold chosen by the user. We additionally define three extensions for IOalergia: 

Merged data IOalergia, as defined by Mao et al., performs all stochastic tests on the 
observations in the prefix tree acceptor and does not consider “merged-in” data. This is 
necessary for proofs of convergence behavior to hold. When using very sparse data, 
i.e., in this case study, this effectively disables all tests. Based on a suggestion by Mao 
et al. [Mao+16], we allow using the merged data instead. 

Test depth Demessance et al. [Dem+21] define the relaxed Alergia algorithm that does not 
recursively perform the stochastic tests. We extend the approach to define a test depth 
that, similar to 𝑘-tails [BF72], only performs tests to a defined recursion depth. 
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Threshold decay Generalizing from this idea, we also allow for threshold decay. By select-
ing a decay factor for a type of test, the threshold for that test is exponentially decayed 
in each recursion step. 

Finally, we need to evaluate the resulting model’s quality. Unfortunately, the literature only 
describes algorithms that compare two CTMCs (requiring a “ground truth” for the input trace) 
or cannot be applied in a continuous-timed scenario. We define the revision score metric to 
fill this gap. It compares a set of traces to a given CTMC and yields score in [0, 1]. Intuitively, 
it “replays” the trace against a CTMC learned using IOalergia and computes the Hoeffding 
and F-test scores between the observations in the trace and those resulting from IOalergia’s 
merging from the prefix tree acceptor.10 We can then average these scores to a single value. 

We define three versions of this score. The single initialized mode replays each validation 
trace individually, starting in the initial location. All scores are then averaged. The single best 
mode tries every location as a starting location instead, selects the best score per-trace and 
averages these. Finally, the global mode replays all validation traces from the initial state and 
then performs the stochastic tests once. 

All of the learning steps require parameters that are highly domain-dependent. Instead 
of setting them manually (and requiring domain knowledge to do so), we integrate the 
learning process into a metaheuristic optimization process. The resulting pipeline is shown 
in Figure 4.12. We use two loops of particle swarm optimization [KE95] as an optimization 
algorithm, with the outer loop parameterizing the discretizer and the inner loop the two other 
steps. The revision score is used as a cost function. 

4.5.2 Benchmarking Method 

The main algorithmic contribution of the case study are two methods: the learning pipeline 
and the revision score. Similar to the previous case study, the pipeline enables learning in 
cases that could previously not be handled and is consequently only evaluated for feasibility 
and not competitiveness. It was therefore evaluated using the motivating case study, however, 
in this case, no ground truth model was available. We therefore have to use the limited data 
set for both learning and validation. We also added a toy example, this time modeling a 
buck-boost converter without having access to a suitable ground-truth model. 

However, the evaluation of the revision score requires showing a similarity to established 
CTMC comparison metrics for automaton-automaton comparisons, We therefore require 
ground truth models and sufficient samples to show a correlation, i.e., the motivating case 
study and the toy example are insufficient for this task. To obtain two ground-truth models 
and a larger data set, we used structural synthesis to generate CTMCs for this evaluation step. 
10This requires storing the relevant information in addition to the probabilities. We always use the merged 

observations in this step. 
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The generation uses a naïve structural synthesis approach, since more complex generation 
approaches do not exist to the best of our knowledge. Since the learning pipeline requires 
continuous-valued data as input, however, the generated CTMCs can not be used in the 
pipeline’s evaluation. 

Similar to the intersection case study, we did not use benchmark libraries like LogHub 
[Zhu+23]. Without a ground truth, the evaluation results are difficult to interpret and ex-
ecution of the pipeline in large datasets is highly time-consuming. We instead focused on 
performing a rigorous evaluation on the case study and toy example described above. 

4.5.3 Evaluation Results 

To establish the use of revision scores in the learning pipeline, we first compared this metric 
to the one proposed by Mao et al. for timed IOalergia [Mao+16]. They first define a property 
using subCSL, a linear fragment of CSL [Bai+03]. Starting from two CTMCs, they generate a 
large set of random traces for each and measure the share of traces satisfying the property. If 
the shares are similar, the CTMCs are. We extend this approach to the average satisfaction 
difference for a large number of random properties, which we call subCSL score. Note that the 
number of traces required exceeds the data available in the case study by far. 

For pairs of random automata and traces generated from them, we compared the subCSL 
score of the trace pairs and the revision score of between one CTMC’s trace and the other 
automaton. We expect these values to correlate to show the feasibility of the revision score 
metric. The results of the experiment are shown in Figure 4.13 for two output alphabet sizes. 
The results from both single modes are identical and hint at a linear correlation between 
revision score and subCSL score. The global mode appears to be less useful, with values 
close to zero in many cases. We conclude that single-mode revision scores seem suitable as a 
similarity metric in our use case. 

We then evaluated the learning pipeline using both the heat pump case study and the buck-
boost toy example. We tested all modes for the revision score metric and use the score of the 
metaheuristic’s final output as a measure of success. The results are shown in Table 4.24. In 
general, the single best mode shows the best test performance on the heat pump data set and 
a good correspondence between training and test scores on all data, outperforming the single 
initialized mode. The global score yields perfect scores on the heat pump training set which 
are not achieved in the test set, raising doubts about its suitability on realistic data. Scores on 
the test data set were highly satisfactory for the heat pump, falling between 80 and 85 % for 
the single best mode. On the buck-boost toy example, the single mode scores were exactly 
two thirds for both single modes, which is also acceptable. 

Our observations w.r.t. the choice of benchmarks are similar to those in previous case studies: 
to show a correlation between two measures, synthesis is a suitable approach, while case 
studies and toy examples can serve to establish an algorithmic approach’s feasibility. However, 
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Figure 4.13: subCSL vs. revision scores on synthetic automata 
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Traces Rev. Score 

Data Set Variables Events Train Test Train Test RS Mode 

Buck-Boost Converter 3 186 727 7 3 57 % 67 % Single Best 
Buck-Boost Converter 3 186 727 7 3 57 % 67 % Single Initialized 

Buck-Boost Converter 3 186 727 7 3 100 % 100 % Global 
Buck-Boost Converter 3* 186 727 7 3 57 % 48 % Single Best 

Heat Pump 10 332 412 4 1 85 % 80 % Single Best 
Heat Pump 18 332 412 22 11 79 % 83 % Single Best 
Heat Pump 18 332 412 22 11 72 % 60 % Single Initialized 

Heat Pump 18 332 412 22 11 100 % 77 % Global 
*: no variable removal 

Table 4.24: Best revision scores on non-synthetic models 

both results have only limited empirical content due to missing benchmarks of the other type: 
the revision score result is not established on any real-world data, while the pipeline is only 
evaluated on two use cases, showing neither generalization nor scaling effects. Here, too, 
more benchmarks would be needed to address this gap. 

4.6 Discussion 

Existing Works In research on FSAs, a clear evolution of benchmarking can be seen. 
Initially, only theoretical works were created that set the foundation of the field. Next, case 
studies started being used to perform empirical evaluations and compare the individual 
algorithms. This progression is apparent for both active and passive automata learning. Case 
studies supplant toy examples around the year 2000, which may be indicative of increased 
availability of both processing power and systems usable as case studies. Around the same 
time, synthetic benchmark start being used, perhaps also due to the increase in available 
processing power. Benchmark libraries merit a closer examination: while they start being 
created and used in the 1990s, a lifetime of benchmark libraries becomes apparent, with each 
library eventually disappearing from the literature. However, their use appears to be the 
norm in recent work. Combined approaches are also being used increasingly often. 

EFSA research seems to have skipped the first two stages of this evolution, seeing almost no 
use of toy examples and very few theoretical works. This may be attributable to the field being 
established after 2000, when toy examples appear to have been obsoleted in FSA research. 
However, we can not observe substantial use of benchmark libraries, with the Automata Wiki 
[Nei+19] being the only library containing EFSAs at all (namely, succinct RAs). This may 
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be caused by the plethora of EFSA models that are not convertible between each other (see 
Chapter 3 for an example). Synthesis is also used sparingly, mostly to augment case studies 
and toy examples. A reasons for this might be the lack of synthesis algorithms for EFSA 
beyond naïve random generation. In summary, EFSA research appears to be somewhat “stuck” 
in a case study phase, inherently limiting the empirical content of evaluations performed 
there. 

In both lines of work, comparative evaluations are often somewhat limited. Benchmarking is 
usually performed against a state-of-the-art algorithm, however, the benchmark set used may 
be fundamentally different than the one used for that algorithm’s claims. In the benchmarking 
of product-L*, it became apparent that the authors’ claimed improvements did only consistently 
manifest on toy examples, but not a benchmark library, showing the potential threats to 
validity of that approach. This can also be seen in the comparison study by Aichernig 
et al. [ATW24], where differences between learning algorithms were shown to be highly 
dependent on the learning setup and not only – as indicated by some previous publications – 
the algorithms themselves. 

Threats to Validity The validity of this analysis is potentially limited by two factors: 
the informal nature of the literature survey and the approach to coding, i.e., assignment of 
benchmark categories to the surveyed publications. The survey was created using an informal 
approach, starting with publications known to us and focusing on the field of automata 
learning. Ideally, the structured literature review method (cf. Carrera-Rivera et al.’s method 
overview [Car+22]) would be used to ensure a better coverage. Since backwards search ceased 
to yield any unknown publications, we are fairly confident that our coverage of automata 
learning-related works is good, however, this is likely not to be the case for automata-related 
work in other fields. This may limit the external validity of our conclusions w.r.t. other fields. 

The second issue stems from the fact that benchmarking categories were defined from sub-
jective experience and then assigned to publications by us. This approach to coding may 
introduce researcher bias, which could be reduced by, e.g., employing independent coders. 
For an in-depth discussion of coding methods, we refer to Seaman’s method overview [Sea99] 
and Miles et al.’ textbook [MHS20] on the subject. However, in the vast majority of cases, we 
found the assignment of categories to be extremely clear-cut. Still, reliance on this subjective 
observation may pose threats to the internal validity of the results. 

Case Studies The case studies we conducted support both our observations and concerns 
and indicate a possible way forward. We can also make observations about benchmarks’ 
impact on empirical content. The first study (backwards propagation) used both a benchmark 
library and synthesis, with the combination being essential to the results’ empirical content. 
While the benchmark library was used for its realistic content, synthesis showed scaling 
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effects we could not reliably observe on the library. In combination, they support the claim 
that the approach is efficient on realistic data and scales well to large models. 

In the second study (SLλ), our use of a benchmark library was less helpful, since all algorithms 
we considered were able to learn the automata with ease. This might indicate a reason for 
the library lifetimes we observed on FSAs: eventually, a library’s contents may become too 
trivial due to improvements in algorithms, making the library obsolete. In the SLλ case study, 
we addressed this issue by including an additional case study benchmark that was complex 
enough to yield significant results on realistic data. Synthesis again served to complement 
these results with observations on scaling effects. The impact on empirical content is similar 
to the first case study: in combination, they show that (and why) the algorithm outperforms 
the state of the art on realistic and large automata. 

The third and fourth case studies (intersection and heat pump) show the limits imposed by 
a lack of benchmarks. In both cases, we only had access to a single case study and one toy 
example. As a result, the study mostly shows the feasibility of the proposed approach and 
cannot make general claims of performance or quantify scaling behavior on large systems. In 
the heat pump case study, the evaluation metric was instead evaluated on synthetic automata 
only, leaving questions about its performance on more realistic models open. 

Conclusion We can make some conclusions on the impact of benchmarks. First, case 
studies and toy examples are insufficient to support claims with high empirical content, since 
too little data is created. Toy examples are subject to unintended biases by the researchers (by 
favoring cases in which their approach performs best) and the limits in complexity resulting 
from their manual creation. Case studies, on the other hand, can not support claims of 
generalization well. For EFSA research, this means that many evaluations also can only make 
conditional predictions. Second, synthetic and realistic benchmarks are complementary, with 
the former excelling at supporting claims of scaling and the latter supporting claims of realism. 
In isolation, each claim’s empirical content is low: either the results are predicated on the 
synthesis’ realism or on the complexity of benchmarks present in the library. When combined, 
the empirical content effectively becomes the product of its parts’ content. Therefore, the 
combination of benchmark libraries and synthetic benchmarks can be defined as the “gold 
standard” of benchmarking. 

In EFSA research, we only see limited adoption of this combination in the past. Addressing 
these issues requires two lines of work. First, we have observed that benchmark libraries are 
subject to decay, likely due to advances in algorithms. To keep benchmark libraries relevant, 
they need to be “living” entities, with new benchmarks representing the current complexity 
“frontier” being added to the library. This requires adoption of standardized formats and 
collection of benchmarks in suitable, easily-used libraries. Second, synthesis algorithms for 
EFSAs are still in their infancy. Here, further algorithmic development is needed. In Case 
Studies I and II, we have already made progress along this line of work. 





Chapter 5 

Benchmark Synthesis 

As established in the previous chapter, synthesis of EFSAs is still a mostly open question 
and benchmarking techniques are rarely used in the evaluation of algorithms operating on 
such automata. Structural synthesis approaches are limited to fully random generation, while 
semantic algorithms do, to our knowledge, not exist. We close this gap by defining both a 
structural and a semantic synthesis algorithm for one type of EFSA, namely register automata. 

In this chapter, we present two algorithms for synthesizing register automata. In Section 5.1, 
we present the structural algorithm developed for the benchmarking of Case Study I (cf. 
Section 4.2) and in Section 5.2, the semantic algorithm developed for Case Study II (cf. Sec-
tion 4.3), plus its accompanying RAGe framework. We will describe each algorithm in detail 
and consider if and how it could be applied to other types of EFSA. 

5.1 Structural Synthesis 

First, we will present a structural synthesis algorithm for RAs. This algorithm was devel-
oped to support the evaluation of the history independence algorithm shown in Section 4.2, 
which operates on the automaton’s graph structure. Since the goal of the evaluation was 
to measure the impact of automaton features without semantic impact, the synthesis was 
intentionally developed to generate semantically “inefficient” register automata, i.e., RAs that 
have superfluous locations, overwrite registers without ever reading them, etc. 

In the synthesis of RA guards, a central challenge is to avoid the generation of unsatisfiable 
guards. In Section 5.1.1, we will discuss an approach to representing RA satisfiable guards. 
Next, in Section 5.1.2, we will apply this representation to construct a highly-configurable 
synthesis algorithm for RAs. In Section 5.1.3, we will draw a short conclusion and discuss if 
the approach is usable for other types of EFSA. 

This section is based on Paper II [DH22a], however, the design of the synthesis algorithm 
was not described in that publication. We have added some clarifications to the algorithm 
over the version used. 
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Figure 5.1: Graph representation of the guard (𝑣1 = 𝑣2) ∧ (𝑣2 = 𝑣3) ∧ (𝑣3 ≠ 𝑣4) ∧ (𝑣4 = 𝑣5) 

5.1.1 Guard Representation 

When constructing a register automaton, its transitions need to be equipped with a guard, 
i.e., we need a process to generate a guard statement (cf. Definition 3) over a defined set 
of variables. This process must never yield a guard that is unsatisfiable (i.e., implies 𝑣 ≠ 𝑣 
for a variable) and should not accidentally generate semantically equivalent guards (e.g., 
𝑣 = 𝑤 ∧𝑤 = 𝑥 is equivalent to 𝑣 = 𝑤 ∧𝑣 = 𝑥 . The excludes the naïve approach to constructing 
a guard, i.e, randomly select registers and parameters and combine them with equalities and 
inequalities. Instead, we define a guard representation that is both canonical and satisfiable 
and can be algorithmically synthesized. 

We begin by defining a representation for equalities in a guard 𝑔. Assume a set of variables 
𝑉 . Then, the (undirected) equality graph 𝐺= = (𝑉 , 𝐸=) is defined by {𝑣1, 𝑣2} ∈ 𝐸= ⟺ 𝑔 ⊢ 
(𝑣1 = 𝑣2). This can be constructed by computing the (unique) transitive closure over a guard’s 
equality statements. This graph now defines a partition over 𝑉 into cliques; in each clique, all 
variables must be equal. We call the set of partitions 𝒫= ⊂ 𝑉 2. 

Next, we can observe that inequalities are transitive via equality. Instead of considering 
inequalities between variable, we can consider inequalities between the partitions induced 
by 𝐺=. We can define the (undirected) inequality graph 𝐺≠ = (𝒫=, 𝐸≠) by {𝑃1, 𝑃2 ∈ 𝐸≠} ⟺ 
𝑔 ⊢ 𝑣1 ≠ 𝑣2∀𝑣1 ∈ 𝑃1, 𝑣2 ∈ 𝑃2. This can be created by transitive closure over the inequalities. 
Note that if and only if a loop {𝑃, 𝑃} ∈ 𝐸≠, the guard is unsatisfiable. 

In summary, this graph representation is canonical, i.e., equivalent satisfiable guards have the 
same representation and it is trivial to recognize unsatisfiable guards. If we forbid self-loops 
on 𝐺≠, only satisfiable guards can be described. An example of a graph representation is 
shown in Figure 5.1 for the formula (𝑣1 = 𝑣2) ∧ (𝑣2 = 𝑣3) ∧ (𝑣3 ≠ 𝑣4) ∧ (𝑣4 = 𝑣5) over the 
variables 𝑣1, … , 𝑣7. Note that introducing, e.g., (𝑣1 = 𝑣3) into the formula will not change the 
graph representation. 



81 5.1 Structural Synthesis 

Input: data universe (Λ, 𝐷, 𝔞) 
Input: number of locations |𝑄|, registers |𝑋 |, accepting locations |𝑄+| ≤ |𝑄|, and transitions 

|Γ| ≤ |𝑄|(|𝑄| − 1) 
1 begin 
2 generate |𝑄| states, of which |𝑄+| (uniformly chosen) are accepting 
3 generate |𝑋 | registers 
4 𝑇 ← a minimum spanning tree over 𝑄, rooted in 𝑞0 

5 𝐴 ← |Γ| − |𝑇 | random pairs of locations not in the spanning tree 
6 convert all edges in 𝑇 ∪ 𝐴 into transitions using Algorithm 5.2 
7 return the generated automaton 

Algorithm 5.1: Structural synthesis algorithm for register automata 

Input: data universe (Λ, 𝐷, 𝔞) 
Input: a cluster size distribution 𝔇 
Input: number of equality partitions 𝑛=, inequalities 𝑛≠, and assignments 𝑛≔ 

1 begin
2 𝜆 ← a random label from Λ 
3 𝒫= ← 𝑛= partitions of 𝑃𝜆 ∪ 𝑋 of size 𝔇 
4 assign all remaining elements of 𝑃𝜆 ∪ 𝑋 as single-size partitions to 𝒫= 

5 𝐸≠ ← 𝑛≠ non-loop edges over 𝒫= 

6 𝑔 ← (⋀ )) ∧ (⋀ ′
𝑃∈𝒫=,𝑣∈𝑃,𝑣 ′∈𝑃 (𝑣 = 𝑣 ′ {𝑃,𝑃 ′}∈𝐸 ,𝑣 (𝑣 ≠ 𝑣 )) 

≠ ∈𝑃,𝑣 ′∈𝑃′

7 𝐴 ← a random subset of 𝑋 
8 𝑆 ← 𝑛≔ random elements of 𝑋 ∪ 𝑃𝜆 

9 𝑎 ← [𝑥 ≔ 𝑥 ∣ 𝑥 ∈ 𝑋 ∖ 𝐴]; [𝑥 ≔ 𝑠 ∣ (𝑥, 𝑠) ∈ 𝐴 zip 𝑆] 
10 return the transition ⟨𝑞, 𝜆, 𝑔, 𝑎, 𝑞′⟩ 

Algorithm 5.2: Structural synthesis algorithm for register automaton transitions 

5.1.2 Synthesis Algorithm 

We can now define a synthesis algorithm for register automata over a given data universe. 
The algorithm operates in two phases: first, the automaton graph structure is generated. 
To allow high flexibility, most sizes can be defined by the user to define certain aspects of 
complexity. The algorithm is shown in Algorithm 5.1. We begin by constructing locations 
and registers to the desired specification. The graph structure is generated by first creating 
a spanning tree starting at the initial location to ensure that all locations are theoretically 
reachable, then “filling in” the remaining edges at random. 

In the second phase, we convert the edges created in the previous step into transitions using 
Algorithm 5.2. We begin by choosing a random label 𝜆 (either uniformly, or the user could 
provide a biased distribution). Now, we can create a guard in graph representation over 𝑃𝜆 ∪𝑋 . 
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We begin by creating 𝑛= equality graph clusters. For each cluster, we sample a user-provided 
distribution to obtain its size and pick the corresponding amount of variables at random. All 
non-selected variables are assigned to clusters of size 1. Next, we create 𝑛≠ random edges 
between clusters to form the inequality graph. We can then transform the graph into a guard. 
In the next step, we create the assignment by selecting 𝑛≔ targets from the register set at 
random and assigning each a random source from 𝑃𝜆 ∪ 𝑋 . All non-selected registers keep 
their value. Finally, we assemble the transition and add it to the register automaton. 

Note that the numeric parameters of the second phase (e.g., 𝑛=) can be passed to the first 
phase as stochastic distributions, i.e., the number of equality partitions can be varied for each 
edge that is translated to a transition. As a result, the generation is highly configurable. 

5.1.3 Conclusion 

We have defined a bespoke structural synthesis algorithm for register automata. Its application 
in Case Study I showed the benefits of its high degree of configurability: evaluations with 
increasing register and location sizes could be defined and the use of stochastic distributions 
as parameters allowed variation within the respective automata. The synthesis itself is 
sufficiently fast to cause no noticeable overhead relative to the algorithm itself. 

The structure of the algorithm’s first phase is applicable to synthesis of all EFSA models (and 
FSA models, too). However, the graph-based representation that forms the core of the second 
phase is highly specific to synthesis of propositional logic expressions and has little relevance 
to the synthesis of timed automata, for example. It should be possible to apply the method to 
richer formalisms of register automata, e.g., those over ℝ with the less-than relation. Here, 
contradictions can still be recognized, since, e.g., a loop of strictly-less-than relations also 
implies non-satisfiability. 

5.2 Semantic Synthesis 

In this section, we will present the Register Automaton Generator (RAGe)11 semantic synthesis 
framework for RAs. This algorithm was developed to support the evaluation of SLλ shown 
in Section 4.3, which – as an active learning algorithm – does not benefit from structural 
synthesis. Instead, the evaluation requires automata accepting complex languages. To achieve 
this goal, the synthesis framework combines an established semantic synthesis technique 
for DFAs with the ability to enrich the generated automaton with structures intended to be 
difficult to learn. 
11https://aqua.tools/rage 

https://aqua.tools/rage
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The framework consists of three components, which we will introduce in the following 
sections. In Section 5.2.1, we will introduce the synthesis algorithm that is used to create 
simple register automata of used-defined size. Next, in Section 5.2.2, we will introduce 
a domain-specific language for defining RAs programmatically using a simple syntax. In 
Section 5.2.3, we then discuss the combination operators that can be used to combine RAs, e.g., 
to introduce a programmatically-defined RA into a generated one. Finally, in Section 5.2.4, 
we will draw a short conclusion and discuss how the approach can be applied for other types 
of EFSA. 

This section is based on Paper IV [Die+24; Die+26a], however, the design of the synthesis 
framework was not described in that publication. 

5.2.1 Synthesis Algorithm 

Our synthesis approach is based on enhancing a suitable FSA with register features. By 
selecting a suitable synthesis algorithm for DFAs, we can retain its central properties in the 
final RA, but do not have to build our approach from the ground up. However, the register 
features we can add using this approach are limited. 

We base our algorithm on the Champarnaud-Paranthoën algorithm that semantically synthe-
sizes DFAs [CP05]. This algorithm generates semantically unique DFAs by first creating a 
tree of states with unique, lexicographically smallest access strings, and then inserting other 
transitions that do not violate access string order. At three or more alphabet symbols, the 
languages created by the algorithm are almost certain to be unique unless almost all (or no) 
generated states are set to accepting. 

We then post-process the generated DFAs12 with input alphabet Σ into RAs without registers. 
We define a data universe (Λ, 𝐷, 𝔞), a symbol mapping 𝑚 ∶ Σ → Λ, and a used-defined guard 
𝑔̂. ̂We then replace each DFA transition ⟨𝑞, 𝜎, 𝑞′⟩ with the RA transition ⟨𝑞, 𝑚(𝜎), 𝑔, ∅, 𝑞′⟩. 
While the result is a simple register automaton, the uniqueness of the DFA’s language should 
translate to the RA, i.e., we are unlikely to generate RAs with identical languages during a 
synthesis campaign. 

5.2.2 Domain-Specific Language 

While the RAs synthesized using the approach described above are non-trivial, they do not 
exhibit the complex register operations that would be needed to cleanly differentiate the 
algorithms considered in the case study. However, it is relatively simple to define toy examples 
exhibiting these features. We therefore provide a domain-specific language to create such 
register automata. 
12The actual implementation uses a modified algorithm that directly generates the specified RAs. 
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1 val xmpp = ra<String, String, InequalityGuard<String>> { 
2 val x1 by register() 

3 val x2 by register() 

4 

5 val register by symbolOfArity(2) 

6 val login by symbolOfArity(2) 

7 val pw by symbolOfArity(1) 

8 val logout by symbol() 

9 val delete by symbol() 

10 

11 val q2 by location() 

12 val q3 by location(accepting=true) 

13 

14 transition(initial, register, True, assignments(x1 from register[0], x2 from 

↪ register[1]), q2) 

15 transition(q2, login, (x1 eq login[0]) and (x2 eq login[1]), assignments(), q2) 

16 transition(q3, logout, True, assignments(), q2) 

17 transition(q3, pw, True, assignments(x2 from pw[0]), q3) 

18 transition(q3, delete, True, assignments(), initial) 

19 } 

Listing 5.1: The XMPP register automaton defined via the RAGe DSL 

For the DSL, we leverage the fact that the framework is implemented using the Kotlin pro-
gramming language13, which offers excellent support for internal domain-specific languages. 
We use this to define a register automaton DSL that enables the programmatic creation of 
RAs while maintaining a high degree of readability. E.g., Listing 5.1 shows code equivalent to 
the XMPP register automaton in Figure 1.1. Since this is an internal DSL, a user can also mix 
static definitions with normal Kotlin language features. This enables the dynamic creation of 
repetitive features since, e.g., a long list of locations can be created using a for-loop. 

5.2.3 Combination Operators 

The third component enables the fusion of register automata using combination operators. 
This is intended to include toy-example sized, manually defined RAs that exhibit difficult-
to-learn features into large, synthesized automata that can be scaled easily. However, the 
operators are capable of combining any two register automata, independent of their origin. 
We implement three combination operators: concatenation, partial replacement, and splitting 
by discriminator, each combining two register automata into one. The register sets of both 
automata are matched by name, so users can control the degree of shared registers. Examples 
13https://kotlinlang.org/ 

https://kotlinlang.org/
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𝑞0 

𝑞1 

𝑞2 

𝑞3 

𝑞𝑎 𝑞𝑏 𝑞𝑐 

(a) automaton 𝒜 (b) automaton ℬ 

𝑞0 

𝑞1 

𝑞2 

𝑞3,𝑎 𝑞𝑏 𝑞𝑐 

(c) concatenation of 𝒜 and ℬ 

𝑞0,𝑎 

𝑞𝑏 𝑞𝑐,1 

𝑞2,𝑎′ 𝑞𝑏′ 

𝑞𝑐′,3 

(d) partial replacement of 𝒜 ’s 𝑞0-𝑞1- and 𝑞2-𝑞3-transitions with ℬ 

𝑞0 

𝑞1,𝑎 𝑞1,𝑏 𝑞1,𝑐 

𝑞2 

𝑞1′,𝑎 𝑞1′,𝑏 𝑞1′,𝑐 

𝑞3 

(e) split of 𝒜 ’s 𝑞1 location with discriminator ℬ 

Figure 5.2: Examples of combinator application 
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for all operator applications are shown in Figure 5.2. In all cases, automata 𝒜 and ℬ (shown 
in Figures 5.2a and 5.2b, respectively) are combined. The examples omit transition labels for 
brevity. 

Concatenation This operator places the second automaton “behind” the first automaton. 
To do this, it designates one of the locations most distant from the initial location of 
the first RA as the most distant location. It is then replaced with the initial location of 
the second RA. As a result, the automata are chained, but the distance heuristic forbids 
“shortcuts” around the first automaton. 

An example of this is shown in Figure 5.2c: 𝑞3 was selected as the most distant state 
and is replaced with 𝑞𝑎. The remainder of the automata is kept intact. 

Partial Replacement This operator is intended to include the second automaton into the 
first multiple times by replacing transitions with the automaton. It randomly selects a 
defined share of independent transitions in the first RA. Transitions are independent if 
they share neither sources nor targets. Each transition is then replaced with a copy of 
the second RA, with the initial location corresponding to the transition’s source and 
its most distant location corresponding to the transition’s target. This can be used to 
insert a “difficult” example into a large, but “simple”, synthesized structure. 

Figure 5.2d shows an example: one third of 𝒜 ’s transitions are replaced. We have 
selected the transitions from 𝑞0 to 𝑞1 and from 𝑞2 to 𝑞3 fro replacement. Each transition 
is replaced with a copy of ℬ, whose 𝑞𝑎 and 𝑞𝑐 locations are removed during the 
combination. 

Splitting by Discriminator This operator is intended to facilitate the evaluation of active 
learners. It is designed to hinder the disambiguation of two locations, i.e., a learning 
algorithm can not easily find a disambiguating suffix. The operator selects a location 
in the first RA and splits it into four new locations: incoming left, incoming right, 
outgoing left, and outgoing right. The original location’s incoming and outgoing 
transitions are randomly distributed between the two new incoming and outgoing 
locations, respectively. As a result, the outgoing locations are (with high probability) 
not equivalent. Then, the second RA is inserted twice, once between both left and 
once between both right locations, using partial replacement. This means that the 
incoming states can only be disambiguated after exploring the second RA, which may 
be challenging to some MAT-style algorithms. 

For an illustrative example, see Figure 5.2e. Here, the 𝑞1 location has been selected for 
splitting. 𝑞1,𝑎 is the incoming left location and is assigned the 𝑞0-𝑞1 transition. 𝑞1′,𝑎 
is the incoming right location and obtains the 𝑞2-𝑞1 transition. 𝑞1,𝑐 and 𝑞1′,𝑐 serve as 
outgoing left and right and are assigned the transitions to 𝑞2 and 𝑞3, respectively. Next, 
the automaton ℬ is inserted between each incoming-outgoing pair, merging them with 
its initial and most distant locations. 
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5.2.4 Conclusion 

We have constructed a semantic synthesis algorithm for register automata by “piggybacking” 
on an existing approach for DFAs and introducing a mechanism for adding user-defined 
register automata using combination operators. Its application in Case Study II was success-
ful, with the automata exhibiting the expected features and the DSL design enabling quick 
iterations on the generated models. The synthesis is fast; very large campaigns can be created 
in less than an hour. 

Due to its current architecture, most components are interchangeable. The DFA synthesis 
algorithm can be exchanged for a different approach without compromising any other compo-
nent. On the other hand, creating a different type of EFSA is also possible by defining a new 
enhancement mechanism, ensuring the combination operators work correctly (the difficulty 
of this is model-dependent), and optionally creating an appropriate DSL. 

Using the approach of Champarnaud and Paranthoën to directly create RAs is likely not 
possible. A central part of the algorithm relies on building a tree of access strings (i.e., the 
lexicographically smallest inputs learning to a location). This requires the fan-out of each level 
to be fixed (for DFAs, it is the input alphabet size). However, for register automata, this is not 
the case for data parameters: on the first level, only a fresh value can be selected, on the second, 
the value can be repeated or a fresh value selected etc. This breaks a fundamental assumption 
of the algorithm. Admitting multiple parameters would address the issue, however, since the 
sequences 𝑝1𝑝2 and 𝑝2𝑝1 are functionally identical for a register automaton, this would cause 
redundancies in the generated automata. 





Chapter 6 

Recombinable Benchmarks and Tools 

In Chapter 4, we have established both the need for benchmark libraries as “living” entities and 
noticed that in benchmarking, works other than the state of the art are often not considered. 
Both are detrimental to the empirical content of results. Reasons for the phenomenon likely 
include hurdles in using benchmarks and issues with acquiring implementations of exiting 
algorithms. We propose the idea of recombinable benchmarks and tools that addresses both 
of these issues in tandem. 

In this chapter, we will describe the concept of recombinability in Section 6.1. Then, we will 
sketch our proposed specification for recombinable artifacts in Section 6.2. In Section 6.3, 
we will apply our approach to three sets of case studies. First, we will create recombinable 
benchmarks for passive learning algorithms, second, we will build recombinable tool and 
benchmark packages from the replication packaged constructed from the first three case 
studies in Chapter 4, and third, we will discuss the “native” creation of recombinable tools 
and benchmarks in the fourth case study (cf. Section 4.5). In Section 6.4, we will summarize 
the results to estimate the effort required to adopt this approach. 

This chapter is based on Paper V [DH25]. For this thesis, we will focus on the application to 
EFSA benchmarks and have added the applications on Case Studies I–III. 

6.1 Recombination 

In current algorithmic research on FSAs and EFSAs, most evaluations are custom-crafted for 
the study at hand. Researchers collect a set of benchmarks they intend to use, convert them 
– if necessary – into a common format, and write an importer for the format. The algorithms 
that are benchmarked are implemented in software as a tool. Ideally, when benchmarking 
against a competitor, a software implementation compatible with the benchmarks is available. 
If not, the competitor must be re-implemented to enable a comparison. 

We therefore propose the creation of separate, recombinable benchmark libraries and tool 
packages during research as shown in Figure 6.1. In it, an evaluation of a passive learning 
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Figure 6.1: A recombinable learning tool and benchmark are integrated for an evaluation 

algorithm using a benchmark library is shown. The algorithm is implemented in a tool package 
(i.e, a container) that contains the algorithm implementation, all necessary dependencies, 
and adapters for starting the implementation and converting data formats, if necessary. This 
ensures that no setup is required to use the tool package. The tool’s configuration is not 
“baked in”, but are loaded through an interface provided by the package. In a similar vein, the 
data interface is used for loading the benchmark itself and exfiltrating outputs. 

Since we want to generate long-lived benchmarks that can be used in many studies, benchmark 
libraries need to aggregate as much information as possible. In the example, a benchmark 
might contain a ground truth automaton in addition to its traces. While the former may be 
useful in a subsequent evaluation step, it is irrelevant to the learner. Tools therefore must be 
able to ignore parts of a benchmark they do not care about. We therefore segment benchmark 
libraries into facets, each of which describes some form of data present in the benchmark. 

Finally, we want to ensure compatibility between benchmarks and tools. We therefore need to 
describe each tool’s requirements w.r.t. the accepted benchmark format (e.g., an XML [WF04] 
document) and contents, i.e., the list of facets satisfied by it. Mirroring this, each benchmark 
must specify its format and the facets provided by it. Note that a compatible benchmark must 
exactly match the prescribed format, but can provide a superset of facets. 

Such recombinable artifacts could then be combined “just in time” for an evaluation. Since 
setting up each combination requires little work, evaluations using this approach can be 
performed “at scale.” The more benchmarks and tools are included, the more exhaustive the 
evaluation can be, ultimately leading to a high empirical content. In addition, recombinable 
artifacts are suitable for long-term archival using a service such as Zenodo.14 By adding 

14https://zenodo.org/ 

https://zenodo.org/
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machine-readable descriptors for benchmark contents and tool requirements, we can enable 
the discovery of usable benchmark libraries and relevant competitors.15 

6.2 Descriptors and Tool Format 

We propose an abstract specification for three aspects of recombinable benchmarks. In 
it, we define a container format for tools, a description for benchmark contents and tool 
requirements, and a descriptor language for artifacts. We do intentionally not define a 
data format for benchmarks, since these are likely to be research community-specific. The 
specification therefore needs to be instantiated for each domain in which it is applied by 
defining formats and facets relevant for that domain. We will only outline the central aspects 
of the specification and refer to Paper V [DH25] for a more detailed presentation. 

Our specification mandates the use of a single container format, namely Singularity16 [KSB17]. 
Singularity is an established container solution in high-performance computing and offers the 
“usual” benefits of containers, i.e., no need for setup or compilation of software. Singularity 
offers two advantages over other container ecosystems such as Docker. First, Singularity 
containers are designed to be shared as files, simplifying archiving and sharing. Second, 
Singularity enables direct access to the host file system, which addresses our need to load 
configuration files, load benchmarks, and extract result files.17 

To describe a benchmark’s contents and a tool’s requirements (as well as possible outputs), 
we also utilize existing specifications. We describe a benchmark’s file format using media 
types18 [FB96]. If possible, we advocate the use of a structured data format such as JSON 
[Bra17] or XML [WF04]. This, in turn, enables us to rely on another common format to 
describe the facets offered or required by an artifact by describing them via JSON Schema 
[Wri+22]. Contrary to its name, it can describe most structured data formats and can define 
non-exhaustive schemata that ignore the presence of additional data. This enables a file to 
satisfy multiple schemata. We define one schema per facet and can thereby obtain a both 
machine-readable and machine-checkable description of a benchmark. 

In some domains, established formats that do not allow additional data are used. For example, 
the Automata Wiki [Nei+19] RA format is an XML dialect, but it is not possible to attach 
additional data to an automaton. In these cases, we recommend only specifying a proprietary 
media type that mandates both file format and contents. 

15Such benchmarks and tools meet both the interoperable and reusable principles of the FAIR [Wil+16] and 
FAIR4RS [Bar+22] criteria, respectively. 

16https://sylabs.io/singularity/
17This is possible using other containers, but requires extra setup. 
18Also commonly called MIME types. 

https://sylabs.io/singularity/
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Features Size 

Data Set Classified Normalized TVT Time Logs Entries 

Abbadingo One ✔ 440 000 8 390 011 

ALFRED ✔ 7 080 53 094 

DISC ✔ ✔ 106 620 5 371 800 

LogHub Hadoop ✔ ✔ ✔ 978 179 994 

MIT-AR ✔ ✔ 425 3 652 

Table 6.1: Trace benchmarks libraries converted into a recombinable format 

Both benchmarks and tools can then be described via descriptor files in YAML [YAM21] 
syntax. Benchmark descriptors describe the format and contents using media types and JSON 
Schema, while tool descriptors use the same notation for input and output formats. Both also 
contain metadata such as license information. Being plain text files, these descriptors can be 
archived alongside tool containers and benchmark files. 

6.3 Application 

We applied our specification in three scenarios. First, we instantiated our specification for 
benchmarks for passive automata learning and converted a set of established benchmark 
libraries to the new format. The results are described in Section 6.3.1. Second, we attempted 
to convert the replication packages from Case Studies I–III into recombinable artifacts and 
describe the results in Section 6.3.2. Third, we “natively” used our proposed format in Case 
Study IV to package both data and software tools. This is discussed in Section 6.3.3. For 
additional case studies in other domains, we refer to Paper V [DH25]. 

6.3.1 Trace Benchmarks 

The first scenario is motivated by work in passive automata learning and is designed to 
measure the effort required to instantiate the specification, i.e., define a benchmark format 
and facets. We will describe the instantiation steps and measure the effort required for 
adapting existing benchmarks to the format by using lines of code as a proxy. 

To benchmark passive learners, we only require a selection of traces that contain enough 
information for the learner to infer an automaton. An evaluation can then be performed by, 
e.g., splitting the traces into a training and validation set and learning an automaton on the 
former and measuring its performance on the latter. Since traces are also useful in a variety 
of other research fields and are, on occasion, produced as a side effect of other work, many 
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trace libraries exist that can be used as benchmarks. However, they all provide different types 
of data and are stored in different formats. We selected five libraries used in the literature. 

Abbadingo One was an automata learning competition [LPP98] for which the training data 
is publicly available. Each trace defines a series of abstract input symbols and a classifier 
(accepted or rejected). 

ALFRED is a benchmark for implementing domestic robots [Shr+20]. While it focuses on 
natural-language instructions and computer vision, it also contains machine-readable 
tasks and solution strategies. These can be used as traces to, e.g., learn Moore machines 
[Moo56] that recognize the robot’s task by the steps performed. Each trace then contains 
the list of steps, while the task can be used as a classifier. 

DISC is a replication package by Shvo et al. that contains benchmarks for the referenced 
publication [Shv+21]. In addition to the trace data itself, this including the authors’ 
train-validate-test split. 

LogHub Hadoop is a set of system logs from an Hadoop server [Lin+16] that was integrated 
into the LogHub trace collection [Zhu+23]. The logs are classified by the system’s mode 
of operation (i.e., did an error occur) and also contain the original timestamps for each 
event. Since this is a real system log, it contains arbitrary strings such as host names 
or IP addresses, however, we can use filters from the LogHub-2.0 data set [Jia+24] to 
discretize the logs. 

MIT-AR is a collection of sensor data from two homes designed for activity recognition 
[TIL04]. The data contains trigger information for sensors installed in each apartment 
as well as information of the activities performed by its inhabitant (e.g., “watching TV”). 
The traces also contain time information. 

From these libraries, we identified five facets that can be used to describe each library’s 
contents. An overview of the benchmarks and the facets satisfied by each is given in Table 6.1. 

Base Trace The base facet of all traces. It mandates only the presence of a list of strings and 
can be combined with the remaining four facets. 

Classification This facet requires that each trace is annotated with an additional class (e.g., 
the domestic tasks in the ALFRED and MIT-AR data sets). It is a prerequisite for 
learning Moore [Moo56] or Mealy [Mea55] machines. While it was present in each 
benchmark surveyed, this information is not required by, e.g., positive-example learners. 
We therefore did not include it in the base facet. 

Normalization This facet was informed by register automata learning and the LogHub 
Hadoop traces. Since the log messages in this library are created from templates, they 
combine a (finite) set of templates with an (infinite) set of parameters for, e.g., host 
names. This transformation can be performed by normalization. The resulting trace 
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Artifacts Lines of Code 

Conversion Packaging Runtime Data Set Benchmarks Tools 

Abbadingo One 16 0 37 ⋮ ⋮ 0 

ALFRED 1 0 75 ⋮ ⋮ 0 

DISC 120 0 53 68 (58) 0 

LogHub Hadoop 2 0 101 ⋮ ⋮ 0 

MIT-AR 1 0 183 ⋮ ⋮ 0 

CS I: Backwards Propagation 64 2 0 134 (124) 20 

CS  II: SLλ 2 119 1 0 2 146 (27) 2 

CS III: Intersection 0 1 0 17 (17) 0 

CS IV: Heat Pump 1 2 35 38* (38)* 0 
*: not including packaging code shared with the benchmark sets 

Table 6.2: Artifacts created and code required for recombinability case studies 

is defined over the (finite) template set, but each trace element additionally contains 
the parameters and the original value. Since this is an additional facet, use of the base 
value in FSA learning is also possible. 

TVT-Splits Some data sets, especially those used in machine learning, define the training-
validation-test split used for a study. Retaining this information is important to ensure 
reproducibility and perform comparable research. The facet mandates that each trace 
is annotated with its role: training, validation, or testing. 

Timing This facet is motivated by the Hadoop and MIT-AR traces and is relevant for timed 
automata learning. We specified the facet loosely to model both data sets, since they 
contain different amounts of information. The facet mandates that each trace element 
contains a start time relative to the trace’s start. Optionally, a trace can also define 
relative end times for each entry, a relative end time for the trace, and an absolute start 
date. This can, e.g., model cases like “three seconds after boot”, but also describe data 
with precisely known absolute start and end dates. 

Next, we formalized these facets as JSON schemata and decided on (compressed) JSON as 
the basic data format due to its wide adoption for storing structured data. Although JSON 
is not primarily designed for human-readability, we did not consider this to be essential for 
benchmark data containing millions of entries. We then developed a conversion framework in 
Kotlin that transforms each benchmark’s original format to our proposed JSON-based format 
and creating packaging scripts that handle the fully automatic conversion of the original files 
into our format. 
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An overview over the effort required is shown in the upper block of Table 6.2. Very little code 
is necessary for both conversion and packaging. Note that packaging code is shared between 
all five benchmarks; the number in brackets indicates lines of code without the enumeration 
of all benchmark names. Anecdotally, development of all converters took a few hours at most, 
including time spent for looking up documentation, integrating parser libraries etc. The most 
complex converter is the MIT-AR converter, mostly due to the complexity of reading the 
benchmark’s Matlab file format. 

6.3.2 Case Study I–III Replication Packages 

The second scenario retroactively applies the approach to Case Studies I–III (cf. Sections 4.2 
to 4.4). Here, we do not instantiate a benchmark format, but instead split each case study’s 
replication package into tool(s) and benchmark set to measure the effort required in converting 
existing bundles. We did not utilize source code or similar artifacts. 

Case Study I: Backwards Propagation Here, a replication package in the form of a Docker 
container [DH22b] was provided. We created two tools, our backwards-propagating 
converter and the baseline RALib-based forwards-propagating model checker, and one 
benchmark set containing all automata used for benchmarking. 

Conversion was hampered by the fact that the backwards-propagating tool expects to 
be bundled with its benchmarks. We had to adapt its startup script to load benchmarks 
from an externally-accessible path and write a wrapper that copies user-provided 
automata to said path and renames them to the expected format. For the RALib-based 
tool, an existing wrapper script could be adapted with less effort. 

Case Study II: SLλ For this case study, the replication package [Sag+23] used the format 
mandated by TACAS, i.e., a ZIP archive designed to be used on a specific virtual machine. 
Since all three learning algorithms are bundled in a single application, we created a 
single tool. Additionally, we constructed a large benchmark set of all automata present 
in the replication package. 

This conversion was relatively simple, since the learner already provided facilities for 
building a standalone application that just requires a Java runtime. We could install it 
into a vanilla JVM container and added a trivial wrapper script. 

Case Study III: Intersection This case study also used a Docker-based replication package 
[Die+23b]. Since each benchmark requires programmatic setup, it is impossible to 
separate benchmarks and tools in it. We therefore only repackaged the full replication 
package into a tool container that does not accept any inputs. 

For the first two case studies, even conversion from a format not designed for recombination 
was relatively simple. An overview is shown in the middle block of Table 6.2, with very little 
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code being required. Note that the packaging code needs to enumerate every benchmark, 
inflating the lines of code. Therefore, the number in brackets is a more accurate representation 
of the real effort. Anecdotally, each package required only a few hours of work. The stronger 
the integration between tool and benchmark, the more code was necessary, with the backwards 
propagating tool requiring the most effort. 

The third case study showcases the approach’s inevitable shortcomings for use-case specific 
applications. Here, it is not possible to easily separate tools and benchmarks. An architecture 
more amenable to recombination could split the learner into separate trace database com-
ponents and the remaining application. The trace databases could then be bundled with the 
benchmark, although it is questionable if they can meaningfully be used in other work. 

6.3.3 Case Study IV Tools and Data 

In the third scenario, we applied our format during the development of the learning pipeline 
in Case Study IV (cf. Section 4.5) to measure the overhead incurred when using the proposed 
format during a study. The case study’s work was conducted in collaboration with another 
team. While we implemented the select & merge and learning steps, our collaborators 
implemented the discretizer and the metaheuristic optimization framework. The pipeline 
uses two data formats: a CSV-based format used by the discretizer and our proposed trace 
format for our tools. In addition to the converters described in Section 6.3.1, we therefore 
developed a conversion tool for the CSV-based format. Due to it being completed last, we did 
not package the metaheuristic. 

Since our steps were designed to “natively” support our proposed tool format in their build 
system, the packaging code only needs to invoke its build script. We additionally implemented 
packaging for the discretizer based on its source code distribution. However, this was also 
simple to implement, requiring only few lines of code. Finally, data format conversion for 
the CSV-based format was easier to implement than that for the established benchmarks, 
requiring less lines of code than any of these. A summary is shown in the final block of 
Table 6.2. 

This experiment showcases the benefits of constructing tools and benchmarks for recom-
binability during development. Conversions into the proposed format were simpler than 
the retroactive conversions for Case Studies I–III. Since each step in the pipeline can be 
packaged as either a separate tool or invoked in separation from a combined tool executable, 
the resulting recombinable tools are more versatile than those built from replication packages. 
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6.4 Summary 

In conclusion, our approach can be applied to the domain of EFSA algorithm research with 
reasonable effort. While adaption of existing tools and benchmarks is not entirely trivial, 
we were able to adopt five benchmark libraries and two of three replication packages to 
a matching format with limited overhead. Only bespoke algorithms designed for a single 
case study could not be meaningfully represented using this approach. “Native” use of the 
proposed format seems even more promising, with very little adaptation overhead required. 

Looking to the future, adoption of this approach may address two of the issues we identified 
concerning the current state of EFSA benchmarking. First, the creation and use of recombin-
able tool packages enables evaluations comparing a novel algorithm against a large set of 
competitors instead of only a few or one. Second, building recombinable, “living” benchmark 
libraries that can be used with such tools may avoid deprecation of benchmark libraries, 
incentivize their use in studies, and support the creation of more and larger EFSA benchmark 
libraries. 





Chapter 7 

Summary 

In this chapter, we will first summarize the contributions made by this thesis for each of 
the four research questions and highlight key results in Section 7.1. Then, we will offer an 
outlook on possible future work in Section 7.2. 

7.1 Conclusion 

In this thesis, we have tackled the problem of benchmark selection in algorithms research 
for extended finite state automata. To this end, we have created a taxonomy of benchmarks 
that can be used to describe categories of benchmark used in empirical evaluations. We then 
established limits in the availability and use of benchmarks and identified their causes. Finally, 
we improved upon the current state of the art in benchmarking in both synthesis algorithms 
and benchmark formats. We will now discuss the contributions in detail. 

We have shown that register automaton benchmarks, such as those contained in Automata 
Wiki benchmark library [Nei+19], can not feasibly be used to perform benchmarks in other 
register automaton formalisms. Converting into almost all more restrictive formalisms causes 
exponential size increases or, in one case, loss of determinism. Removing restrictions is 
possible, but models in the most restrictive formalism are far larger than this in less restrictive 
ones. This shows the limitations of libraries in EFSA research, where conversions between 
formalisms is usually difficult or impossible. 

By surveying existing world and applying our benchmark taxonomy, we have obtained an 
overview of the evolution of benchmarking approaches in EFSA and FSA research. We have 
observed a natural progression from theoretical works over works benchmarking on toy 
examples to benchmarking using case studies. We also found evidence of three challenges in 
benchmarking that are addressed in the thesis. For benchmark libraries, we have observed 
a life cycle of adoption, in which libraries eventually stop being used. Another common 
issue in benchmarking is the limited number of comparators used for evaluation, with many 
publications only benchmarking against a single competitor. Comparing FSA and EFSA 
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research, can observe that benchmark libraries and synthesis have become established in FSA, 
but not EFSA research. 

Using four case studies with different approaches to benchmarking and different empirical 
content, we have established that synthetic and real world-inspired benchmarks complement 
each other. Synthetic benchmarks excel at demonstrating scaling effects on algorithms 
by allowing studies in which a specific property, e.g., automaton size, is set to arbitrary 
levels. However, they usually lack realism, which can be provided using real-world inspired 
benchmarks. Using only these, however, cannot establish scalability. By combining both 
approaches, we can support statements with a high empirical content. 

The same case studies also demonstrate that in general, case studies and toy examples do 
not serve to support conclusions with high empirical content. A research project using both 
could only make weak conjectures about the algorithm’s performance on unknown models, 
while benchmark libraries allow for stronger conclusions. However, we also encountered the 
issue of “outrunning” a benchmark library (i.e., the baseline comparator could already solve it 
satisfactorily), which shows the need to grow benchmark libraries with the state of the art. 

We have described a structural synthesis approach for register automata that can avoid the 
creation of dead transitions and unreachable locations, which remaining highly configurable. 
We successfully applied the algorithm to support one of the case studies. This lays groundwork 
for structural synthesis of register automata and other EFSAs operating on guards expressed 
in propositional logic. 

We also define a semantic synthesis framework for register automata that extends the DFA 
synthesis algorithm of Champarnaud and Paranthoën [CP05]. The framework enables combi-
nation of synthetic automata with toy examples to ensure semantic properties of the resulting 
automata and was successfully used in a case study. This is the first algorithm to enable 
semantic synthesis of EFSAs with storage. 

Finally, we have introduced the notion of recombinable tools and benchmarks and defined 
a specification for the creation of these. Adoption of such techniques simplifies the use of 
benchmarks and the use of algorithm implementations as comparators and may incentivize 
the creation and maintenance of long-lived benchmark libraries, both in EFSA research and 
adjacent fields. 

In summary, we have identified the combination of well-maintained benchmark libraries and 
synthetic automata as the “gold standard” of algorithm research on EFSAs. We were able to 
both identify and address key inhibitors to the adoption of this approach, both in the research 
forming part of this thesis and future studies. 
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7.2 Future Work 

Many of the contributions made in this thesis give rise to further questions and lines of work. 
We will outline these in the sequence of contributions used in the previous section. 

While we have considered transformations between a large portion of register automata 
present in the literature, the results do not cover extended types of register automata such 
as pushdown RAs [MRT17] or other types of automata for words over infinite alphabets 
such as data automata [Boj+06]. An investigation intro conversions between those would 
provide insight into both the models and the benchmarking landscape for these. Beyond 
these, transformations for completely different types of EFSA, e.g., timed automata [AD94], 
are also important to understand both the models and the potential for reusing benchmarks. 

In this work, our taxonomy of benchmarks has only been applied to an informal survey 
and four case studies. In future work, both a structured literature survey and more case 
studies could sharpen the insights gained in this thesis and allow for a structured theory of 
benchmarking in Software Engineering research. Also, our survey hinted at patterns of reuse 
of benchmarks and competitor choice in evaluations, with some publications intentionally 
reusing benchmarks from competitors. An investigation into the “genealogy” of benchmarks 
might yield new insights into research techniques. 

This thesis has made first inroads into both structural and semantic synthesis of EFSA bench-
marks. However, both algorithms are limited to generating register automata; in addition, the 
semantic synthesizer is hampered by the transformation from the underlying DFA synthesizer. 
Open questions include a “native” semantic synthesis approach for RAs, as well as synthesis 
of other EFSA models (e.g., those mentioned above). 

While our proposed recombinability standard is intended to be universally usable, it has so 
far only been employed in the works contributing to this thesis. More case studies on its 
use are needed to identify its strengths and weaknesses. In addition, our specification for 
tool packages could be extended to cover more complex use cases, such as tool pipelines or 
repeated invocation of the same tool (e.g., an oracle for learning). In a similar vein, fully 
formalizing interactions with tools (e.g., how to pass CLI parameters) could reduce the effort 
required to set up an evaluation to virtually zero. Both proposals are likely to increase 
adoption of the format, indirectly contributing to benchmark availability. 
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