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Abstract

Autonomous systems are increasingly being deployed across various real-world
domains, such as fleets of self-driving vehicles, robotic warehouses, and de-
livery services using unmanned aerial vehicles. These systems are required to
operate with high reliability and predictability, to adapt continuously to chang-
ing conditions, and to remain accountable to human supervisors. To achieve
these objectives, autonomous systems need explicit, formal representations of
their behavior that facilitate task planning, system verification, and human
oversight.

In current industrial practice, such representations, whether for task-level
control or action planning, are typically engineered manually. While hand-
crafted representations can be precise, their development is labor-intensive
and difficult to scale. Learning-based approaches offer a promising alternative
by extracting behavioral representations from execution data. However, they
often make unrealistic assumptions, such as access to simulated environments
or large volumes of high-quality training data. Moreover, they fail to simulta-
neously achieve all the three critical objectives, that is reliability, adaptability,
and interpretability. Therefore, there is a clear need for methods capable of
efficiently learning accurate, interpretable representations under realistic con-
ditions.

In this thesis, we address the problem of learning interpretable representa-
tions of system behavior from execution traces - sequences of observed actions
and state transitions generated during the operation of autonomous systems.
Learning from such traces is appealing because they are readily available from
system logs and provide direct evidence of how a system behaves in realistic,
often complex environments. The overarching goal is to derive representations
that not only support automated planning but also enhance human under-
standing and oversight.

Two distinct types of behavior representation are explored: Behavior Trees
(BTs) and STRIPS-style planning domains. For each, a novel method to auto-
matically construct representations from execution traces is proposed. Specifi-
cally, for BTs, we introduce a method that combines Boolean logic, leveraging
algorithms originally developed in circuit theory, with decision tree learning
to induce structured, interpretable behavior representations. To assess the in-
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terpretability of BTs, a user study is conducted to examine how such rep-
resentations are perceived by human users. The study identifies key features
that influence user comprehension, contributing empirical evidence to a space
that has traditionally lacked systematic analysis. Furthermore, a structured
evaluation method for BTs along with quality metrics and design principles
is presented, addressing the current lack of guidance for assessing BT quality
beyond functional performance.

For STRIPS-style domains, we introduce a novel learning framework to
construct symbolic action representations directly from execution traces, even
in the presence of noise. In addition to the learning algorithm, a systematic
methodology is proposed for evaluating learned planning domains through
structural and task-based analysis, thereby addressing a critical gap in cur-
rent practice and thus responding to the growing need for rigorous assessment
methods.

The results demonstrate that it is possible to extract interpretable repre-
sentations of autonomous behavior from noisy data. The proposed methods
enable the transition from raw execution traces to structured representations
that can support planning, validation, and human-in-the-loop systems. By
advancing methods for learning, interpreting, and evaluating learned behav-
ior representations, this work contributes to the development of autonomous
systems that are both operationally effective and intelligible to human stake-
holders.
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Chapter 1

Introduction

1.1 Motivation
Autonomous systems, such as self-driving vehicles, drones, or industrial robots,
are becoming increasingly integrated into a wide range of applications, from
transportation and logistics to manufacturing and environmental monitoring.
Depending on the application, such systems may range from semi-autonomous,
requiring human supervision, to fully autonomous, operating independently by
leveraging sensors, data processing, and algorithmic reasoning to perceive and
act upon their environment. A key enabler of autonomy in such systems is their
ability to make decisions about which actions to perform in order to achieve
given objectives. Within the field of artificial intelligence, this capability is
often achieved through automated planning [52], which involves constructing
plans based on formal representations of the environment, available actions,
and intended goals. Planning capabilities allow autonomous systems to gen-
erate behavior that is not hard-coded in advance, but instead flexibly derived
from symbolic representations of the possible actions. These representations
specify the preconditions that must be satisfied for each action to be appli-
cable, as well as the effects that describe how the environment changes once
the action is executed. This structure enables machines to compute valid plans
using general-purpose algorithms.

Despite their expressive power and theoretical elegance, action representa-
tions are typically crafted manually. This process involves identifying relevant
state variables, defining action schemas, and encoding them in a formal plan-
ning domain language. As a result, it requires significant domain expertise
and is both time-consuming and error-prone, particularly in dynamic envi-
ronments, where models must be frequently revised to reflect changing opera-
tional realities [84]. The difficulty of constructing high-quality domain models
is widely acknowledged in the planning literature [166].
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2 CHAPTER 1. INTRODUCTION

1.1.1 From Data to Action Models
To address the aforementioned challenges, a growing body of research has ex-
plored the application of machine learning techniques to automatically extract
action representations from data [83]. In many autonomous systems, rich op-
erational data is routinely logged during execution in the form of execution
traces, chronological records of system states and actions taken. These traces
provide a valuable source of information for inferring the underlying structure
of system behavior.

However, the challenge extends beyond merely learning action representa-
tions. According to the knowledge representation hypothesis [15], a represen-
tation must serve a dual function: it must act both as a medium for compu-
tational manipulation and as a vehicle for conveying semantic content that is
interpretable by humans. Consequently, action representations should satisfy
this dual requirement. In the context of planning, this means that representa-
tions must not only support the correct generation of plans but also facilitate
human understanding, debugging, and refinement, for instance, through vi-
sualization techniques [10]. This is particularly important in safety-critical or
human-in-the-loop settings, where system transparency and interpretability
are essential. Ensuring that learned representations are intelligible to human
users is thus a key prerequisite for building trustworthy and accountable au-
tonomous agents capable of operating at scale.

These challenges highlight a fundamental gap in the current state of the
art: while significant progress has been made in automating the generation of
plans from symbolic models [7], the acquisition of these models themselves,
particularly in ways that ensure interpretability, remains a major bottleneck.
This thesis aims to address this gap by investigating how action representations
can be learned from data in a manner that supports both automated reasoning
and human understanding.

1.1.2 Industrial Motivation
This research is motivated by a concrete industrial need identified in collabo-
ration with Scania, a global manufacturer of sustainable transport solutions.
Scania’s vision for autonomous transport goes beyond self-driving vehicles,
encompassing intelligent offboard decision-making for logistics coordination,
vehicle-task allocation, and overall fleet orchestration1 . In such systems, scal-
able and adaptable planning capabilities are key to operational efficiency and
system robustness, as they enable the system to dynamically respond to chang-
ing demands, disruptions, and resource constraints across the fleet.

This example serves as an illustration of the broader problem discussed
above: autonomous fleet management requires planning models that are both

1https://www.scania.com/group/en/home/innovation/autonomous-solutions/

hub-to-hub.html
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effective for automated reasoning and intelligible to human stakeholders. Sys-
tems must operate across diverse application domains such as mining, urban
delivery, and long-haul transport, each with its own unique operational charac-
teristics. Manually constructing or adapting symbolic representations for each
context is both labour-intensive and difficult to scale. The ability to auto-
matically learn how systems behave, that is, to infer the underlying structure
of available actions and their interactions from observed operations, offers a
promising alternative. Crucially, however, these learned representations must
remain interpretable and verifiable, so that system designers can understand,
validate, and, when necessary, refine them.

1.1.3 Problem Scope and Research Focus
This thesis addresses the problem of learning abstract action models
from instances of execution traces, where system behavior is captured
in logged sequences of state transitions and actions. The objective is to ex-
tract interpretable symbolic models from these traces, making it possible to
reason about system behavior, generate new plans, and support autonomous
decision-making without requiring hand-crafted models.

This work brings together insights from two different scientific communi-
ties: the planning community, which emphasizes symbolic models with declar-
ative semantics, such as PDDL domains [113], and the robotics community,
which often relies on procedural, interpretable structures such as Behavior
Trees (BTs) [29] to encode agent behavior. Each approach brings distinct ad-
vantages and limitations. PDDL-based models are powerful representations
for decision-making, but difficult to construct and validate. BTs, on the other
hand, are widely used in robotics for their modularity and clarity. However, de-
spite their advantages in terms of modularity and interpretability, BTs lack the
declarative semantics and explicit precondition-effect structure that automated
planning frameworks typically rely on for plan synthesis and verification.

This thesis explores how insights from both communities can be used to
address the challenges of learning behavior models for fleet management appli-
cations. Specifically, it investigates how symbolic models can be induced from
execution traces in a way that remains interpretable, domain-adaptive, and
suitable for human-in-the-loop validation. To this end, the thesis focuses on
three interrelated research challenges:

1. Bridging the abstraction gap between execution traces, which capture
system behavior as low-level, temporally ordered sequences of states and
actions, and symbolic planning representations, which describe behavior
in terms of high-level, declarative action models suitable for reasoning
and generalization.
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2. Supporting human-in-the-loop workflows, where existing experts can in-
spect, guide, and debug the learning process and inject their existing
knowledge.

3. Ensuring interpretability and transparency, so that human operators and
engineers can understand, validate, and refine the learned models.

The methods developed are not tailored to a specific application, but they
are designed to be generalizable across domains where execution traces are
available and planning is beneficial. While the work is motivated by Sca-
nia’s need for scalable autonomy in fleet management, it also contributes to a
broader challenge in artificial intelligence: learning the action representations
required for automated planning and acting directly from observed system
behavior. As such, our work contributes to the development of adaptive and
interpretable planning systems that can be deployed across diverse operational
contexts where hand-crafted models are infeasible or insufficient.

1.2 Research Objective
Overall Objective develop and evaluate methods for learning structured,
symbolic representations of system behavior from execution traces, with a
particular emphasis on interpretability, verifiability, and human-centered inte-
gration.

This objective is pursued through the following four complementary re-
search questions:

RQ1 How can interpretable representations of system behavior be
learned from execution traces in autonomous environments?
This question focuses on the core learning problem: extracting meaning-
ful, structured abstractions from sequential data collected during system
operation, in a way that captures relevant patterns for planning and
reasoning.

RQ2 What forms of representation best support interpretability and
facilitate human understanding of the system behavior?
This question focuses on representational design: identifying symbolic
structures that are not only functionally adequate for planning but also
transparent and accessible to human stakeholders such as engineers and
fleet management experts.

RQ3 How can human users be effectively integrated into the process
of validating, correcting, and refining learned representations?
This question addresses the design of human-in-the-loop workflows, where
expert knowledge and feedback are used to validate learning and ensure
alignment with operational realities.
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RQ4 What metrics and methods can be used to evaluate specific
properties of the learned representations?
This question investigates how to assess the quality and practical utility
of the symbolic representations by identifying relevant properties, such as
correctness, completeness, robustness, and interpretability, and selecting
or designing appropriate metrics and evaluation methods to ensure that
the representations are not only formally sound but also useful in realistic
deployment scenarios.

1.3 Proposed Approach
The approach adopted in this thesis is shaped by a dual objective: first, to learn
a symbolic representation that can be used for automated planning, such as a
PDDL domain model; and second, to ensure that the learned model remains
interpretable and accessible to human stakeholders, in the spirit of behavior
representations such as BTs. This dual aim calls for a learning architecture in
which declarative planning models and procedural structures can be integrated
in a coherent and complementary way. Over the course of the research, the role
of BTs within this architecture underwent significant revision. Early experi-
ments explored the use of BTs as an intermediate representation from which
symbolic models could be derived. However, as the work progressed, this initial
pipeline was adapted to instead learn symbolic models directly from execution
traces, while retaining BTs as a mechanism for human-centred interpretation
and interaction. This evolution in approach reflects a deeper understanding of
the trade-offs between symbolic expressiveness and procedural interpretability,
and led to a revised framework outlined in the remainder of this chapter.

1.3.1 BTs as Intermediate Representations
The approach initially adopted in this research was a two-phase pipeline:

1. Intermediate Representation Learning: Extract an interpretable struc-
ture (a BT) from execution traces that captures the expert decision pat-
terns and control flow logic.

2. Symbolic Model Derivation: Transform the interpretable representation
into a formal planning domain comprising action models defined in terms
of symbolic preconditions and effects.

The justification for this approach was that BTs reduce the abstraction gap
between raw data and symbolic representations, provide a tangible interface
for human validation, and finally, they provide a pathway to symbolic models
suitable for automated planning. Figure 1.1 illustrates this pipeline.

While this approach showed promise, it also revealed significant limitations.
The transition from BTs to planning domains involves significant conceptual
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Figure 1.1: Overview of the initial approach: a two-phase pipeline where Be-
havior Trees (BTs) are first learned from execution traces as interpretable
procedural structures, and then used as an intermediate representation to de-
rive symbolic planning domains. While this approach supported human inter-
pretability, it faced significant challenges in extracting generalisable, causally
grounded action models from control-oriented BT structures.

and technical challenges. Standard BTs, by design, focus on execution control
flow rather than declarative semantics. They represent when and how behav-
iors should be executed, but do not encode states or causal relationships. By
contrast, action models in planning domains explicitly define such elements
through symbolic preconditions and effects, enabling reasoning about causal-
ity and goal-directed behavior. Consequently, inferring a correct and complete
planning domain model from a BT required additional assumptions and com-
plex causal inference techniques.

These challenges revealed fundamental limitations in the initial pipeline
and motivated a shift toward a revised approach that learns symbolic action
models directly from execution traces, without relying on intermediate pro-
cedural representations. This revised approach rests on the assumption that
general causal relationships, essential for constructing planning models, can
be inferred from the original traces themselves, whereas such information is
compiled away in the learned BTs.

1.3.2 Direct Domain Learning with BT Support
The final approach adopted in this thesis, shown in Figure 1.2, reverses the
initial pipeline. Instead of using BTs as intermediates, the system now learns
planning domains directly from trace data, while retaining BTs as interfaces
for human-centered interpretation and validation.

In this revised approach, BTs are no longer used to construct symbolic
models but to visualize and communicate learned behaviors. They serve as a
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Figure 1.2: Overview of the final approach: symbolic planning models are
learned directly from execution traces, while Behavior Trees (BTs) are used
as an interface for human-centred interpretation, inspection, and refinement.
This decoupled strategy preserves the interpretability benefits of BTs without
relying on them as intermediate representations for model induction.

bridge between formal models and human understanding, supporting expert
feedback and refinement.

Although expert feedback via BTs is not currently integrated into the do-
main learning loop, the visual interface enables validation and interpretability.
Importantly, this feedback pertains to specific execution instances or plans
rather than to the general domain model itself. As such, while this approach
brings together domain learning and human-facing interfaces, it stops short
of realizing a fully integrated human-in-the-loop system. Instead, it provides
modular contributions that establish a foundation for future iterative frame-
works, in which expert insight could directly influence model updates.

1.3.3 Validation
The methods proposed in this thesis have been validated through a combina-
tion of experiments targeting both individual components and selected parts
of the overall learning pipeline. This multi-layered evaluation approach allows
for isolating and analysing the behavior of key elements of the system, while
also assessing how components interact.

Each stage of the pipeline has been assessed using a set of evaluation metrics
specifically designed to reflect the assumptions, design goals, and intended
function of that component.
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In many cases, suitable evaluation metrics are not readily available in the
existing literature. Where standard metrics are lacking, this thesis defines new
ones. In doing so, it contributes toward the creation of more systematic eval-
uation practices for learning-based planning systems.

This validation strategy directly supports RQ4, which concerns the evalu-
ation of the correctness and usefulness of learned action models

1.4 Contributions
The overall contribution of this thesis is to investigate how system behavior can
be learned from execution traces in real-world autonomous transport systems,
with a focus on enabling scalable and interpretable decision-making for fleet
management. The unique aspect of this work is to identify representations and
learning methods that are suitable not only for automated reasoning but also
for human inspection, validation, and refinement. The six core contributions
of this thesis are as follows:

C1 A method for learning Behavior Trees by integrating circuit theory
with decision tree learning techniques.
This addresses RQ1, concerning the learning of behavior models, and
it is discussed in Chapter 3.

C2 A method for learning behavioral models in the form of planning do-
mains that can operate effectively in noisy environments, with a view
toward real-world deployment.
This addresses RQ1, concerning model learning in real-world condi-
tions, and it is discussed in Chapter 5.

C3 A framework for human-in-the-loop validation, debugging, and re-
finement of learned behavior models.
This addresses RQ2 and RQ3 regarding interpretability and human
involvement, and it is discussed in Chapters 1 and 7.

C4 A principled evaluation framework for Behavior Trees by providing a
structured guide comprising relevant properties, metrics, and design
guidelines to support model development and analysis.
This addresses RQ4, regarding the evaluation of learned models, and
it is discussed in Chapter 4.

C5 A systematic approach to evaluating learned planning domain mod-
els, encompassing both quantitative metrics and qualitative assess-
ments.
This addresses RQ4, regarding model evaluation, and it is discussed
in Chapter 6.
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Figure 1.3: Interconnections among thesis chapters Ch (green), research con-
tributions C (yellow), and research questions RQ (orange). Arrows represent
direct relationships, where each element supports or informs the one it points
to. This visual structure enables traceability across the thesis: from the struc-
turing of the written document (chapters), through the underlying conceptual
contributions, to the overarching research questions being addressed.

C6 An empirical study on the interpretability of Behavior Trees by con-
ducting a user study.
This addresses RQ2, regarding interpretability, and it is discussed in
Chapter 4.

1.5 Outline
This section provides an overview of the structure of the thesis and clarifies
how each chapter contributes to the overall research goals. The relationship
among research questions (RQ), contributions (C) and thesis chapters (Ch)
is summarised in Figure 1.3. This diagram offers a high-level overview of how
the conceptual contributions are distributed across the thesis and how they
collectively address the core research questions.

For example, Chapter 4 supports Contributions 4 and 6, addressing Re-
search Questions 4 and 2, respectively. This illustrates the logical progression
from method developments and empirical analyses to the broader conceptual
aims of the thesis.

The remaining chapters of the thesis are organised as follows:

Chapter 2 presents the necessary background to support the contributions
of this thesis. It provides an overview of Boolean logic representations for cir-
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cuit theory, decision trees, Behavior Trees (BTs), and automated planning.
This foundational knowledge serves as the basis for the methods and frame-
works proposed in the subsequent chapters.

Chapter 3 presents a novel method to learn BTs. It situates the proposed
method within the existing literature and introduces a novel framework for
constructing BTs by integrating circuit theory with decision tree learning.
This chapter contributes to C1.

Chapter 4 tackles the challenge of evaluating BTs. It introduces a cate-
gorisation of key properties relevant to BT design and execution, along with
corresponding metrics to measure them. Each property is rigorously defined,
clarifying ambiguities found in prior literature. The chapter also provides de-
sign recommendations aimed at improving how BTs satisfy these properties.
In addition, it presents a user study on the interpretability of BTs, contribut-
ing to both C4 and C6. This work was developed in collaboration with David
Caceres Domínguez and Marco Iannotta.

Chapter 5 presents a novel method for learning symbolic planning domains
in noisy environments. It introduces a novel framework for acquiring action
models suitable for real-world deployment, contributing to C2.

Chapter 6 addresses the evaluation of learned planning domain models.
It situates the proposed method within the existing literature and proposes
a systematic evaluation framework for assessing the correctness and utility
of learned domains through a combination of formal metrics and qualitative
considerations, contributing to C5.

Chapter 7 provides a comparative discussion between BTs and planning
domains. It examines the challenges involved in translating BTs into planning
domain representations and reflects on the limitations of planning domains
from the perspective of human usability. This chapter contributes to the syn-
thesis of the thesis and addresses C3.

Chapter 8 concludes the thesis by summarising the main contributions,
discussing its technical limitations as well as its ethical and social implications,
and outlining directions for future research.

1.6 List of Publications
The research conducted in this thesis has also resulted in a number of scientific
publications. The following list includes those who have directly contributed
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to the development of the thesis. Unless stated otherwise, I was the primary
contributor to each publication, responsible for the main research ideas, the
design and execution of experiments, and the majority of the writing.

p1 Gugliermo, S., Learning planning domains for intelligent transport
systems. In Proceedings of the 35th Swedish Artificial Intelligence
Society (SAIS’23) Annual Workshop, 2023. [63]
This extended abstract introduces the scientific and industrial mo-
tivation behind the thesis. It outlines the overarching problem of
automating planning domain acquisition for autonomous transport
systems and presents the initial vision and research direction.
Parts of Chapter 1

p2 Gugliermo, S., Schaffernicht, E., Koniaris, C., Saffiotti, A. Extracting
planning domains from execution traces: a progress report. In Pro-
ceedings of the ICAPS 2023 Workshop on Knowledge Engineering for
Planning and Scheduling (KEPS), 2023. [66]
This workshop paper presents the first learning architecture explored
in the thesis, where Behavior Trees (BTs) are used as intermediate
structures between execution traces and symbolic planning models.
It highlights the conceptual motivations and the challenges of this
approach.
Parts of Chapter 1

p3 Gugliermo, S., Schaffernicht, E., Koniaris, C., Pecora, F. Learning
behavior trees from planning experts using decision tree and logic
factorization. In IEEE Robotics and Automation Letters (RA-L),
8(6):3534-3541, 2023. [65]
This article proposes a method to learn BTs from execution traces
using decision tree induction and logic factorization. It focuses on
capturing expert behavior patterns in an interpretable and struc-
tured format suitable for inspection and reuse.
Chapter 3

p4 Gugliermo, S., Domínguez, D. C., Iannotta, M., Stoyanov, T., Schaf-
fernicht, E. Evaluating behavior trees. In Robotics and Autonomous
Systems, 178, 104714, 2024. [64]
This work systematically defines and analyzes key properties for eval-
uating Behavior Trees, such as modularity, robustness, and reactivity.
Each property is formally characterized, linked to relevant metrics,
and illustrated through practical examples. The paper also provides
design guidelines for improving BTs along these dimensions. This
is the result of collaborative work conducted with David Caceres
Domínguez and Marco Iannotta. David, Marco, and I contributed
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equally to the conceptualization of the evaluation framework, the
formalization of property definitions, and the implementation of the
associated metrics.
Chapter 4

p5 Gugliermo, S., Köckemann U., Schaffernicht, E., Saffiotti. Learning
Lifted Action Models for Planning Domain Acquisition in Noisy En-
vironments. [under review]
This submission extends the scope of planning model acquisition to
settings with noise and partial observability. It proposes a method
for learning lifted representations that generalize across entities and
contexts, enabling model reuse and transferability. In addition, it ad-
dresses the challenge of evaluating the quality of the learned planning
representations.
Chapters 5 and 6

p6 Gugliermo, S., Domínguez, D. C., Schaffernicht, E., Stoyanov, T.,
Renoux, J. BT User Study. [under review]
This study investigates how practitioners interpret and evaluate Be-
havior Trees. This is the result of collaborative work conducted with
David Caceres Dominguez. David and I contributed equally to the
conceptualization of the work, the design and execution of the user
study, data analysis, and the articulation of results and insights re-
garding BT interpretability.
Chapter 4



Chapter 2

Background

In this chapter, an overview of key concepts that are fundamental to the re-
mainder of this thesis is provided. These concepts will serve as the groundwork
for the following chapters, where specialised methods and case studies will be
explored in detail.

2.1 Boolean Logic Representations
Boolean logic is the main formalism underlying the method presented in Chap-
ter 3. It is a fundamental mathematical framework used to represent and ma-
nipulate logical expressions. It serves as the foundation for digital circuits,
computer science, and artificial intelligence. Boolean logic operates on binary
values (true and false, or 1 and 0) and uses logical operations to process and
evaluate expressions efficiently. In this thesis, Boolean logic is specifically dis-
cussed because it provides the necessary formalism for representing and ma-
nipulating preconditions within action models, a core topic of investigation in
the subsequent chapters. Understanding Boolean logic is crucial for express-
ing, analysing, and optimising the logical rules and constraints that govern
autonomous systems.

Moreover, Boolean logic supports advanced techniques such as logic syn-
thesis, minimisation, and optimisation, which are vital for scalable reasoning.
Representational strategies such as algebraic logical trees, factored forms, and
canonical normal forms provide the structural basis for systematic manipula-
tion of Boolean functions, facilitating both theoretical analysis and practical
implementation. In this thesis, the definitions and formal structures introduced
by Wang [170] are adopted as the primary formal basis.

13
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2.1.1 Fundamental Concepts
To facilitate the discussion, several key definitions used in Boolean logic rep-
resentation are introduced:

Definition 2.1.1 (Well-formed-formula). A well-formed formula (wff ) in Boolean
logic is an expression, e.g., a · b + ¬c, where the symbols ·,+,¬ denote con-
junction (AND), disjunction (OR), and negation (NOT), respectively.

Definition 2.1.2 (Literal). A literal is a variable or its negation.

Definition 2.1.3 (Cube). A cube is a set C of literals such that x ∈ C implies
¬x /∈ C (e.g., {a, b,¬c} is a cube), and represents the conjunction of its literals.

Definition 2.1.4 (Expression). An expression is a set f of cubes.

Definition 2.1.5 (Clause). A clause is either a single literal or the disjunction
of two or more literals, e.g., a+ ¬b+ c.

2.1.2 Algebraic Trees and Factorization
An algebraic tree is a hierarchical representation of a Boolean function, where
each node corresponds to an operation (AND, OR, NOT) and the leaves rep-
resent literals or constants. Algebraic trees provide a structured approach to
handling Boolean expressions, enabling efficient manipulation, transformation,
and simplification.

Definition 2.1.6 (Algebraic tree). An algebraic tree is a rooted tree where:

• internal nodes represent Boolean operators (AND, OR, NOT).

• Leaf nodes correspond to Boolean variables or constants (0 or 1).

• Each subtree defines a valid Boolean sub-expression.

For example, consider the Boolean function a · b + a · c. Its corresponding
algebraic tree representation is depicted in Figure 2.1a.

Logic factorization is the process of deriving a factored form from a given
Boolean expression. A factored form is a parenthesized algebraic expression
that represents the logical function in a more compact and structured manner.
Using factorization, the Boolean expression a · b + a · c can be rewritten as
a · (b + c), simplifying the logic representation (Figure 2.1b). Factorization
relies on Boolean algebra rules.

2.1.3 Boolean Algebra
Boolean algebra provides a systematic framework for defining and manipulat-
ing logical expressions. In Boolean algebra, any wff can be stated in standard
forms to facilitate computation and analysis:
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(a) Expanded algebraic tree represen-
tation.
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(b) Factorized algebraic tree represen-
tation.

Figure 2.1: Transformation of an algebraic tree through factorization. The ini-
tial tree (left) directly represents the expression a·b+a·c, while the transformed
tree (right) illustrates its factorized form a · (b+ c).

• Disjunctive Normal Form (DNF): A sum of products representation

• Conjunctive Normal Form (CNF): A product of sums representation

In this thesis, Horn clauses are leveraged to express logical rules in CNF.
Horn clauses are a subset of Boolean logic expressions, particularly useful in
logic programming and automated reasoning.

Definition 2.1.7 (Horn clauses). A Horn clause is a disjunction of literals
with at most one positive (non-negated) literal

For example, the expression ¬ a + ¬ b + ¬ c + d is a Horn clause.
Horn clauses express rules and can be equivalently written in the form of
implications, e.g., a · b · c =⇒ d, which can be interpreted as

if a and b and c all hold, then also d holds.

This describes the structure of a rule in which a, b and c are the conditions to
be met for an action d to be applied.

Boolean algebra consists of several fundamental operations:

• AND (Conjunction): a · b is true only if both a and b are true.

• OR (Disjunction): a+ b is true if at least one of a or b is true.

• NOT (Negation): ¬a inverts the truth value of a.

In this thesis, apart from these operations, a more complex operation will
be leveraged to further manipulate Boolean expressions efficiently.
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Definition 2.1.8 (Division). A division in Boolean algebra is an operation
which, given expressions f and p, finds expressions q and r such that f =
p · q + r.

Note that such a division operation is not unique. Indeed, the resulting q
and r may be dependent upon the particular representation of f and p. In
this thesis, Boolean expressions are treated as polynomials and therefore the
conjunction p · q is seen as an algebraic product.

Definition 2.1.9 (Cube-free expression). An expression is cube-free if no cube
divides the expression evenly.

For example, a · b+ c is cube-free, while a · b+ a · c is not cube-free because
a is a common factor.

2.2 Decision Trees
Decision trees will be used as an interpretable intermediate representation
in the process of learning models of system behavior. They are a fundamental
and widely used model in machine learning and data analysis [115], assisting in
decision-making by structuring data into a hierarchical, tree-like format. They
recursively partition input data based on feature values, facilitating predictions
for classification and regression tasks [17]. Each internal node represents a
decision based on a specific feature, edges denote possible outcomes, and leaf
nodes correspond to predicted values or classes (Figure 2.2).

Decision 
Node

Decision 
Node

Decision 
Node

Decision 
Node

Leaf
Node

Leaf
Node

Leaf
Node

Sub-tree Sub-tree

Leaf
Node

Leaf
Node

Sub-tree

Root Node

Figure 2.2: Example of a decision tree.

Due to their simplicity, interpretability, and efficiency, decision trees are
applied across various domains, including finance, healthcare, and marketing,
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where they handle both categorical and numerical data effectively [67]. In the
context of this thesis, decision trees are introduced because their structure is
directly learned from data and subsequently used as a scaffold for constructing
Behavior Trees (see Section 2.3). Understanding decision trees is, therefore, a
necessary prerequisite for comprehending the methods for behaviour modelling
developed in later chapters.

To illustrate the functionality of decision trees, consider a simple classifi-
cation example in which the goal is to predict whether a person will purchase
a product based on two features: Age and Income. The target variable repre-
sents the purchasing decision (Buy = Yes or No). The corresponding dataset is
presented in Table 2.1. Based on this data, the decision tree may be structured
as shown in Figure 2.3. Initially, the tree splits the data based on the Income
feature. If Income is Low, the decision follows the left branch of the tree. The
next decision is then based on Age, further refining the classification process.

Age Income Buy
25 Low No
31 High Yes
34 Low No
35 Low Yes
45 High Yes
50 Low Yes
55 High Yes

Table 2.1: Example dataset for decision tree learning.

Income

Age Buy = Yes

Buy = No Buy = Yes

Low High

≥ 35< 35

Figure 2.3: Decision tree associated with dataset in Table 2.1.
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2.2.1 Learning of Decision Trees
The primary objective of learning decision trees from data is to construct
a model that accurately predicts the target variable by systematically parti-
tioning the feature space. At each step, the algorithm selects the feature and
corresponding threshold that best separates the data, creating a tree structure
where each internal node represents a decision based on attribute values. This
process continues until a predefined stopping condition is met, such as reach-
ing a maximum tree depth, having too few samples in a node, or when further
splits do not significantly improve predictive performance.

The decision tree learning process is inherently greedy, which implies that
decisions are made based on local optimizations at each node without con-
sidering the overall tree structure. Different decision tree algorithms employ
different criteria to determine the best split at each node. The most common
criteria are based on:

• Gini Impurity: Measures how often a randomly chosen instance would
be incorrectly classified if labeled according to the class distribution in
a given node. It is commonly used in classification trees like CART.

• Information Entropy: Measures the degree of disorder or uncertainty
in the dataset. It is used in decision trees like ID3, C4.5, and C5.0 [136] to
determine which feature provides the most information about the target
variable by reducing entropy.

Despite their tendency to overfit, they offer a powerful means to model
complex relationships in data, especially when combined with other techniques
like pruning, ensemble methods, or boosting.

C5.0 Algorithm

In this thesis, C5.0 [95, 96] is used for decision tree learning. C5.0 evaluates
potential splits in the dataset based on two key measures:

• Entropy: Measures the impurity or randomness of a dataset. A node with
high entropy indicates that the data is not well separated and requires
further splitting. It is defined as:

Entropy(S) = −Σp(i) · log2(p(i))
where S represent the dataset and p(i) is the percentage of data points
belonging to the class i.

• Information Gain: Determines the effectiveness of a feature in reducing
entropy after a split. A higher information gain means the feature is more
useful for classification. It is calculated as:

Gain(S,A) = Entropy(S)− Σ
( |Sv|
|S|

)
· Entropy(Sv)
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where S represent the dataset, A is the feature used for splitting, Sv is
a subset of S corresponding to an attribute value, |Sv| is the number of
data points in Sv and S is the number of data points in S.

C5.0 improves upon information gain by introducing the Gain Ratio,
which normalizes information gain to prevent bias toward attributes with many
distinct values:

Gain Ratio(A) =
Information Gain(A)

Split Information(A)

where Split Information(A) measures the intrinsic uncertainty in an attribute’s
values, and it is computed as the distribution’s entropy for attribute A’s values.
This normalization ensures a more balanced selection of splitting features.

Algorithm 1 shows a simplified pseudocode representation of the C5.0 de-
cision tree algorithm. The decision tree is built recursively by selecting the
attribute with the highest Gain Ratio, partitioning the dataset, and repeating
the process for each subset.

The dataset is recursively divided according to the chosen attribute that
yields the maximum information gain (lines 7-11). At each step, the algorithm
evaluates the remaining data and determines whether further splits are nec-
essary. If all instances in a subset belong to the same class, the algorithm
terminates the partitioning process and assigns a leaf node labeled with that
class (lines 2-3). If no more attributes are available for further splits, the algo-
rithm assigns a majority class label to the subset (lines 4-5). When stopping
conditions are met, the algorithm finalizes the tree structure, ensuring that it
effectively generalizes to new data without excessive complexity.

Algorithm 1 C5.0 decision tree algorithm

1: function C5.0(Data, Attributes)
2: if all examples in Data belong to the same class then
3: return a leaf node with the class label
4: else if Attributes is empty then
5: return a leaf node with the majority class label in Data
6: else
7: Select the best attribute A using Information Gain
8: Create a decision node for A
9: for each value v of A do

10: Create a branch for v
11: Recursively apply C5.0 to the subset of Data where A = v

12: return the decision tree

Once the tree is fully constructed, it can be represented either as a decision
tree or as a set of rules, which offer a more compact and human-readable
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format. In cases where multiple rules apply to the same instance (i.e., all
conditions of more than one rule are met, leading to an implicit conflict), C5.0
resolves conflicts by selecting the rule with the highest confidence. If multiple
rules remain applicable, the algorithm employs a weighted voting mechanism,
where each rule contributes to the final classification based on its confidence
level. If no rule matches an instance, a default class is assigned to ensure full
coverage of all possible cases.

Once the tree is fully grown, C5.0 applies pruning, which eliminates su-
perfluous branches that are less important for overall generalization and more
for fitting the training set. C5.0 uses a cost-complexity pruning strategy to
strike a compromise between the decision tree’s mistake rate and complexity.
It computes the minimal error reduction needed to keep a branch using a confi-
dence factor. If a branch does not meet this requirement, it is pruned from the
tree. By pruning less informative branches, C5.0 produces a more compact and
interpretable model, reducing overfitting while maintaining strong predictive
performance

2.3 Behavior Trees
Behavior Trees (BTs) were the first representation used in this work to learn
system behavior, as described in Chapter 3. BTs are used to describe a pol-
icy of an autonomous agent and are widely applied in robotics, video games,
and AI-driven systems due to their modularity, reactivity, and transparency.
In this thesis, BTs are introduced because their hierarchical and interpretable
structure provides a suitable target for transforming learned decision trees
into behavior models. This transformation enables human-in-the-loop valida-
tion and aligns with the overarching goal of developing transparent and mod-
ular representations for autonomous system behaviour. Formally, a BT is a
directed acyclic graph (DAG) in which the internal nodes, known as control
flow nodes, determine execution logic, while leaf nodes, referred to as execution
nodes, perform specific actions. The root node has no parent, whereas all other
nodes have exactly one. Control flow nodes have at least one child, arranged
graphically below the parent node [29], as illustrated in Figure 2.4.

The execution of a BT begins from the root node, which generates sig-
nals called ticks at a given frequency. These ticks propagate through the tree,
reaching control flow and execution nodes in a depth-first order. A node is
executed only when it receives a tick and returns one of the following statuses
to its parent:

• Success: The node successfully completed its task.

• Failure: The node could not complete its task.

• Running : The node is still executing its task.
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at station 
CHARGE? charge!

Fallback

Sequence battery
level >10?

move to 
CHARGE! charge!

Sequence

Figure 2.4: Example of a Behavior Tree for the battery management of an
autonomous agent. If the robot is at a charging station, it charges its battery.
If it is not at the charging station but the battery level is above 10%, the
condition node returns Success, and the robot continues its current task. If
the battery level drops below 10%, the robot navigates to the charging station
to recharge.

2.3.1 Classical Behavior Tree
This work adopts the standard formulation of BTs, which defines a fixed set
of control flow and execution nodes with deterministic tick-based semantics.
Control flow nodes determine the execution order and the propagation of ticks
according to predefined logic.

The standard control flow nodes are:

• Sequence: Processes ticks by routing them to its children sequentially
from left to right, following a depth-first order. It returns Success only if
all its children return Success. If any child returns Running or Failure, the
Sequence node halts further propagation of ticks to subsequent children.
This behaviour is conceptually similar to the logical AND operator and
is visually represented in this thesis as an orange rectangle.

• Fallback: Processes ticks by routing them to its children sequentially
from left to right, following a depth-first order. It returns a status of
Success as soon as any child returns Success. If a child returns Success
or Running, the Fallback node stops propagating ticks to subsequent
children. Only when all children return Failure it returns Failure. This
behaviour is analogous to the logical OR operator and is visually repre-
sented in this thesis as a blue octagon.
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• Parallel: Routes ticks to its children simultaneously. Its behaviour is
determined by a user-defined parameter M : the node returns Success if
at least M out of the N children return Success. conversely, it returns
Failure if more than N −M +1 children return Failure. If neither condi-
tion is satisfied, the node returns Running. This behaviour can be likened
to the logical operator OR if M = 1, and in this thesis, is graphically
represented as a yellow parallelogram.

It is important to note that the analogies between control flow nodes and
logical operators relate to the execution of logical expressions, where the order
of evaluation proceeds from left to right.

Execution nodes represent the leaves of the BT and are responsible for
performing specific tasks or evaluating conditions. The standard execution
nodes are:

• Action: Represents the system’s capabilities and corresponds to physical
actions or commands that the agent can execute. When an action node
receives ticks, it initiates the execution of its associated command. It
returns Success if the action is successfully completed, Failure if it fails,
and Running while the action is still in process. In this thesis, action
nodes are represented as grey ovals, and their names are followed by an
exclamation mark ("!") to indicate their action-oriented nature.

• Condition: Evaluates logical conditions. Upon receiving ticks, a con-
dition node checks whether a specific condition or proposition holds. It
returns Success if the condition is satisfied and Failure if it is not. Note
that a Condition node never returns a status of Running. In this thesis,
condition nodes are visually represented as grey ovals, and their names
are followed by a question mark ("?") to indicate their evaluative nature.

BTs are particularly effective for representing sequential, conditional, and
parallel behaviors. Sequence nodes enforce a structured execution order, ensur-
ing that tasks are only executed if all preceding ones succeed. This makes them
ideal for modeling workflows that require step-by-step completion. Fallback
nodes, on the other hand, enable the system to attempt alternative strategies,
ensuring robust decision-making in uncertain environments.

A significant advantage of BTs is their reactivity, enabled by the periodic
ticking mechanism. This allows the tree to dynamically adapt to changes in
the environment or system state, ensuring that critical conditions (such as
safety checks or resource availability) are evaluated before executing actions.
The hierarchical arrangement of tasks naturally prioritizes essential operations,
with higher-priority tasks placed on the left and evaluated first.

Additionally, BTs exhibit modularity and transparency, making them highly
scalable and interpretable. Modular subtrees allow for easy extension and reuse
in more complex behavior structures, while the hierarchical execution logic
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ensures that decision-making remains clear and interpretable. This structure
simplifies debugging and enhances the explainability of autonomous agent be-
haviors.

2.3.2 Non Classical Behavior Trees
While this thesis adopts the classical formulation of Behavior Trees (BTs), it
is important to acknowledge the emergence of several non-classical variants
in the literature that extend the expressive power and adaptability of BTs.
Although such variants offer increased flexibility, they often compromise the
modularity and interpretability that make classical BTs particularly suitable
for symbolic reasoning and human-in-the-loop validation.

Dynamic Behavior Trees (DBTs) [12] refer to BT variants that sup-
port runtime modifications to their structure, enabling agents to adapt their
behavior dynamically in response to changing environments or goals. Unlike
classical BTs, which are static once constructed, DBTs can insert, remove, or
reconfigure subtrees during execution. This capability allows for increased flex-
ibility, enabling agents to handle unforeseen situations or evolving objectives
without requiring the entire behavior model to be redesigned. However, this
adaptability comes at a cost: runtime changes can reduce predictability and
complicate formal analysis and verification. Therefore, classical BTs are easier
to analyze and validate due to their fixed structure, while dynamic BTs offer
greater flexibility at the expense of transparency and determinism.

Stochastic Behavior Trees (SBTs) [24] are an extension introduced to
tackle a specific design challenge of classical BTs: the execution order of actions
or conditions in a BT is fixed and must be decided a priori by the designer.
SBTs introduce probabilistic or randomized selection mechanisms into con-
trol nodes, allowing the tree to explore multiple execution paths over time.
This nondeterminism can improve behavioral robustness and long-term per-
formance by mitigating the impact of suboptimal action sequences. However,
the trade-off is reduced predictability: SBTs may yield different outcomes un-
der identical conditions, which can complicate debugging and reasoning about
behavior. Thus, while SBTs enhance expressiveness and adaptability, they sac-
rifice the deterministic execution and ease of traceability characteristic of clas-
sical BTs.

Conditional Behavior Trees (CBTs) introduce preconditions and post-
conditions into the BT framework to improve integration with goal-directed
behavior [54]. However, these extensions remain tightly coupled to specific ex-
ecution contexts, and the conditions they encode are typically hand-crafted
or bound to low-level system states. Consequently, while CBTs enhance the
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structuring of reactive behavior, they do not directly support the kind of ab-
stract, domain-level reasoning required for automated planning. The reliance
on explicit, implementation-specific semantics limits their utility in inferring
generalisable planning models from observed behavior, a central objective of
this thesis.

When comparing classical BTs to these non-classical extensions, a consis-
tent pattern emerges: while dynamic, stochastic, and conditional BTs increase
the expressiveness and adaptability of the framework, they do so at the cost
of added complexity and diminished transparency. Classical BTs remain at-
tractive for tasks where modularity, interpretability, and human-in-the-loop
validation are paramount, making them a compelling foundation for symbolic
reasoning and explainable planning.

2.4 AI Planning
As will be discussed in Chapter 5, the second system behavior representation
adopted in this work is PDDL, the standard formalism in AI planning. Task-
level or high-level planning, also referred to as symbolic Automated Planning
(AI Planning), is a branch of Artificial Intelligence that focuses on automati-
cally generating action sequences to achieve specific goals within a system [51].

Definition 2.4.1 (Planning Problem). A planning problem can be described
as a tuple Π = 〈P, S0, Sg, A〉, where P is a set of predicates used to describe
states, S0 is the initial state, Sg is the goal condition, and A is the set of
available actions in the system S.

The solution to a planning problem is a plan, which is formally defined as
follows:

Definition 2.4.2 (Plan). A plan π is a sequence of actions 〈a0, a1, . . . , an〉
such that if these actions are applied in order from the initial state s0, the
resulting sequence of state transitions s0

a1−→ s1
a2−→ ...

an−−→ sn, satisfying any
relevant constraints and such that sn ∈ Sg

A plan can be viewed as a collection of traces, where each trace captures
the state transitions occurring at each step of the plan.

Definition 2.4.3 (Trace). A trace t is a set of n transitions:

t = {〈si, ai, s′i〉}ni=1

where each transition 〈si, ai, s′i〉 consists of:

• si - The state before executing action ai.

• ai - The action applied in state si.
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• s′i - The resulting state after executing ai, computed as:

s′i = si \ eff−(ai) ∪ eff+(ai)

where eff+(ai) and eff−(ai) are defined formally in Definition 2.4.9.

Given a plan π = (a1, . . . , an), the plan trace of π is a trace:

tπ = {〈si−1, ai, si〉}ni=1

where the transitions are generated by executing π from an initial state s0 to
reach the goal state.

Similarly, a set T of m traces can be defined as the union of individual
traces:

T =
m⋃

i=1

ti

2.4.1 Classical Planning
This thesis primarily focuses on classical planning.

Definition 2.4.4 (Classical Planning). Classical planning involves the offline
generation of action sequences for a deterministic, static, finite system, with
complete knowledge, attainment goals, and implicit time.

Therefore, classical planning operates under a set of assumptions [51]

1. Finite state space: The system S has a finite set of states

2. Fully observable state: The system S is fully observable - the planner
has complete knowledge of the world’s state S.

3. Deterministic actions: Actions have deterministic effects - each action in
a given state leads to at most one resulting state

4. Static world: The system S is static - no exogenous events occur. The
state only changes when the planner’s actions occur. Hence, the system
remains static unless controlled transitions take place

5. Restricted goals: The planner handles only restricted goals that are un-
specified as an explicit goal state sg or set of goal states Sg; the objective
is any sequence of state transitions that ends at one of the goal states.
Extended goals, such as states to be avoided and constraints on state
trajectories or utility functions, are not handled under this assumption.

6. Sequential plans: Plans are sequences of actions with a linear order (no
concurrency)
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7. Implicit time: Actions are instantaneous (no duration), and time is not
modeled explicitly

8. Offline planning: Planning is done in an open-loop manner, before execu-
tion - the planner does not receive feedback or adapt to changes during
plan execution.

Formally, a classical planning problem is defined as follows

Definition 2.4.5 (Classical Planning Problem). A classical planning problem
is a tuple P = 〈Σ, s0, G〉, where Σ is a transition system capturing the dynamics
of the environment, s0 is the initial state, and Sg is a specification of the goal
condition.

Definition 2.4.6 (Transition System). The transition system Σ is a tuple Σ =
(S,A, γ), where S is the (finite) set of all possible states, A is the set of actions
(also called operators), and γ : S × A → S is a deterministic state-transition
function that defines the next state γ(s, a) = s′ resulting from applying action
a in state s.

In classical planning, actions are deterministic; hence, for every (s, a), the
transition function γ produces a single successor state rather than a set of
possible outcomes.

To solve a planning problem, one must formally describe the planning do-
main (the general environment and action dynamics) and the specific problem
instance (the initial state and goal for a particular scenario). When describing
these by using the common planning languages, like STRIPS and PDDL, peo-
ple separate these descriptions into a domain model (defining the actions and
predicates common to all problems in that domain) and a problem specifica-
tion (defining the particular objects, initial state, and goal for the instance at
hand). Together, the domain and problem instance description provide all the
information needed for a planner to search for a solution plan. Most planners
solve planning problems by employing some form of state-space search. In this
model, the initial state serves as the root, and actions are applied to generate
successor states, resulting in a directed graph of possible states. However, in
practice, many search algorithms enforce a tree-like exploration by keeping
track of visited states to avoid redundant expansions. The task of the planner
is then to search this space and identify a path that leads from the initial state
to a state satisfying the goal, ideally with minimal cost or depth. Therefore,
the efficiency of a planner is largely determined by search algorithms, heuristic
strategies, and the representations of planning domains.

Planning Domain Definition

A planning domain describes the general environment, the types of objects
and predicates, and the actions available for all problems within that domain.



2.4. AI PLANNING 27

It provides a structured representation of how the system transitions from one
state to another, enabling the planner to reason about possible future states
and generate appropriate sequences of actions to achieve the desired goal.

A well-defined planning domain is essential for ensuring the applicability,
correctness, and efficiency of the plans generated by the AI planner. It serves as
an abstraction of the real-world system, encapsulating the knowledge required
for planning, without specifying any particular planning problem instance. By
capturing the actions, their preconditions, and effects, the domain provides a
formalized framework that supports reasoning and planning in dynamic envi-
ronments.

Definition 2.4.7 (Planning Domain). A planning domain D is a triple 〈S,A,H〉,
where:

• S is a set of state variables (predicates) that describe the state of the
environment.

• A is a set of action (operator) names, each associated with an arity.

• H is a function mapping each action a ∈ A to its operator specification,
i.e., a pair 〈pre(a), eff(a)〉 defining its preconditions and effects.

Where arity is defined as follows:

Definition 2.4.8 (Arity). The arity of an action or state variable is the
number of arguments it requires. Formally, given an action or state variable p,
its arity is denoted as arity(p) and defines the number of terms that must be
assigned when instantiating p.

State variables and actions of arity n are called n-ary state variables and
n-ary actions.

The key elements of a planning domain include:

• Types: A classification of objects into categories that define their roles
within the domain. For example, in an elevator domain, we may define
types such as elevator, person, and floor.

• Objects: The set of entities that exist in the world. In a typed domain,
each object belongs to a specific type (e.g., floor1 is of type floor).

• Predicates: Boolean-valued functions that describe properties or relation-
ships between objects. Predicates define state descriptions and action
conditions. For instance, At(elevator, floor) denotes that an elevator is
at a certain floor.

• Actions: Formally defined as,
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Definition 2.4.9 (Action). An action is a tuple:

〈par(a), pre+(a), pre−(a), eff+(a), eff−(a)〉

where:

– par(a) is a tuple of variables representing the parameters of the
action.

– pre+(a) is the set of positive preconditions (i.e., state variables that
must be true for the action to be applicable).

– pre−(a) is the set of negative preconditions (i.e., state variables that
must be false for the action to be applicable).

– eff+(a) is the set of positive effects (i.e., state variables that become
true after executing the action).

– eff−(a) is the set of negative effects (i.e., state variables that become
false after executing the action).

A ground action is a fully instantiated version of an action where all pa-
rameters are replaced with specific constants from the domain. Formally,
it is defined as follows:

Definition 2.4.10 (Ground Action). Given an n-ary action a ∈ A and
a set of constants c1, . . . , cn, the grounded action â = op(c1, . . . , cn) is a
4-tuple:

〈pre+(â), pre−(â), eff+(â), eff−(â)〉
where each of pre+(â), pre−(â), eff+(â), eff−(â) is obtained by substitut-
ing every occurrence of a parameter xi ∈ par(a) with the constant ci in
the corresponding position.

This notion of grounding extends naturally to other components of a plan-
ning domain. A ground precondition or ground effect is a set of predicates
in which all parameters are instantiated with specific constants. A grounded
domain is a planning domain in which all actions have been fully instantiated
with all possible combinations of constants from the object set, yielding a finite
set of ground actions.

In contrast, lifted actions, lifted preconditions, lifted effects, and lifted do-
mains retain variables and refer to general object types rather than specific
instances. These lifted representations are more compact and general, allow-
ing planners to reason symbolically and instantiate actions only as needed.
The term lifted reflects the abstraction from concrete instances to reusable,
parameterized templates.

A planning domain is typically defined separately from any specific problem
instance so that the same domain can be reused across multiple problems with
different initial states and goals.
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Planning domains are often represented in a standard language that pro-
vides a structured formalism for defining predicates, actions, and their ef-
fects, allowing planners to operate in a standardized way, making it possible
to benchmark different planning algorithms across various domains.

The Planning Domain Definition Language (PDDL)[113] is a formal lan-
guage designed to represent planning problems. Initially introduced for the
International Planning Competition (IPC), PDDL has become the standard
in AI planning research. Over time, it has evolved through several versions,
each adding features to enhance its expressiveness and applicability.

• PDDL 1.2 [113]: The first version, based on STRIPS and ADL, defined
classical planning problems.

• PDDL 2.1 [44]: Introduced numeric fluents (for resources), durative ac-
tions (for time-dependent effects), and continuous change.

• PDDL 2.2 [41]: Added derived predicates and timed initial literals.

• PDDL 3.0 [50]: Introduced soft goals (preferences) and trajectory con-
straints, allowing for optimization based on preferred goals.

PDDL’s evolution has made it increasingly capable of modelling complex
planning scenarios, making it the most widely used language for defining plan-
ning problems.

Planning Problem Definition

A planning problem is an instance within a given planning domain that spec-
ifies the concrete details of a specific task to be solved. It consists of:

• The Initial State (S0): The fully specified starting configuration of the
world. The initial state is often described as a set of logic atoms consid-
ered true in that state. In an elevator domain, this could be: At(elevator1,
floor4) ∧ At(person1, floor2)

• The Goal Condition SG): A set of logical atoms or logical conditions that
define when the problem is considered solved. Unlike the initial state, the
goal is usually a partial specification, meaning that not all facts need to
be specified, only those that must hold for the problem to be solved. In
an elevator domain, this could be: At(person1, floor1).

Given a well-defined planning domain and a specific problem instance, a
planner searches for a sequence of actions that transforms the initial state into
a state that satisfies the goal condition.
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2.4.2 Non Classical Planning
While classical planning offers formal clarity and algorithmic tractability, it
is limited in its ability to model more realistic scenarios where uncertainty,
hierarchy, or temporal constraints are present. Several non-classical approaches
have been developed to address these limitations.

Hierarchical Task Network (HTN) Planning [177] models complex
tasks as hierarchically structured subtasks, where a high-level task is decom-
posed into simpler ones until reaching primitive actions. HTN planning is par-
ticularly effective for structured problem domains where expert knowledge can
guide the decomposition process. It requires domain-specific knowledge in the
form of decompositions, which cannot easily be inferred from observational
data alone. To support such hierarchical modelling, HTN-specific planning
languages such as HDDL [72], have been developed that extend classical rep-
resentations with decomposition operators. However, the primitive actions in
HTN models (the lowest-level units that are ultimately executed) must be de-
fined using the same formal structures as classical planning. Thus, classical
planning serves as a foundational layer upon which HTN methods are built.
This further motivates the focus of this thesis on classical models, as they con-
stitute the basis for any high-level reasoning or abstraction mechanism that
ultimately requires execution-level semantics.

Temporal Planning [51] extends classical planning to include time con-
straints. Actions have durations, and plans need to satisfy time constraints
while ensuring task feasibility. Temporal extensions introduce significant rep-
resentational and computational complexity. Plans are no longer simple action
sequences but must satisfy a range of temporal constraints, often requiring
explicit handling of scheduling, resource usage, or concurrency. To accommo-
date such features, temporal extensions of PDDL, such as PDDL 2.1 [44], have
been developed. In the context of this thesis, such temporal expressiveness is
not required and would introduce unnecessary complexity. Classical planning,
by contrast, provides a compact, discrete, and semantically transparent frame-
work that is better aligned with the thesis’s focus on symbolic learning, causal
reasoning, and interpretability.

Probabilistic and Stochastic Planning [98, 88] accounts for uncertainty
in action outcomes using probabilistic models such as Markov Decision Pro-
cesses (MDPs) and Partially Observable Markov Decision Processes (POMDPs).
These approaches enable planning in environments where the effects of actions
are not deterministic. This method, while capable of handling uncertainty,
tends to obscure causal structure and hinder symbolic abstraction. Its reliance
on probabilistic inference complicates model interpretability and traceability,
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both of which are essential for symbolic model validation and human-in-the-
loop workflows. Languages such as PPDDL (Probabilistic PDDL) [18] and
RDDL (Relational Dynamic Influence Diagram Language) [148] have been
developed to express stochastic and decision-theoretic planning problems. De-
spite their expressive power, these languages rely on numerical parameters and
statistical inference, which can hinder symbolic abstraction and human-centred
validation. In contrast, classical planning offers transparent and deterministic
semantics that better support causal reasoning and systematic model evalua-
tion.

Conditional planning [55] addresses the challenge of incomplete informa-
tion and the need for plans that include contingent branches depending on the
state of the environment during execution. Unlike classical planning, which
assumes full observability and generates linear plans, conditional planning pro-
duces branching plans that specify actions to take under different conditions.
These plans are often constructed using languages that support sensing and
conditional logic, such as ADL [130]. Managing branches and sensing actions
complicates both the learning process and the interpretability of the resulting
models. Since this thesis focuses on learning action models from fully observed
execution traces in deterministic settings, conditional planning lies outside the
scope of the present work. Nonetheless, it represents an important direction
for future extensions.

Although non-classical planning paradigms offer valuable extensions to
handle uncertainty, hierarchy, and time, this thesis deliberately focuses on clas-
sical planning. Classical planning models offer deterministic semantics, sym-
bolic transparency, and structural simplicity. These properties are critical for
the thesis’s aims: to learn symbolic action models from execution traces and
to support interpretability and human validation. Furthermore, many non-
classical approaches retain classical planning as a foundational layer. HTN
planning depends on classical primitives, probabilistic models often extend
classical syntax, and temporal planning builds on PDDL. By focusing on clas-
sical planning, this thesis establishes a robust and interpretable foundation
upon which more expressive paradigms can later be developed.





Chapter 3

Learning Behavior Trees

A fundamental goal in learning action models is not only to derive accurate
representations of system behavior but also to represent them in a structured
and interpretable manner. The ability to visualize learned action models can
significantly enhance understanding, debugging, and deployment in real-world
applications.

Behavior Trees (BTs) provide a powerful framework for structuring and vi-
sualizing learned action models. Their intuitive, human-readable nature makes
them particularly useful for explicitly representing decision sequences, condi-
tional logic, and action execution flow.

Unlike classical planning representations that rely on symbolic precondi-
tions and effects, such as STRIPS domains, BTs decompose behaviors into a
hierarchical tree structure with explicit control flow. This makes action dynam-
ics transparent and adaptable, particularly in reactive or partially observable
environments. While Hierarchical Task Network (HTN) Planning also supports
structured decomposition of tasks, BTs offer different execution semantics and
a modular, reactive design that is often more intuitive and accessible, especially
for applications requiring runtime adaptability and human interpretability.

This chapter proposes a novel algorithm for learning BTs from observed
system behavior, motivated by the need for interpretable and modular repre-
sentations of action models.

3.1 Related Work
Building on the theoretical foundations introduced in Section 2.3, BTs have
gained prominence in planning contexts due to their modularity and hierarchi-
cal structure, making them well-suited for reactive decision-making tasks [29].
Traditionally, BTs are designed manually [108], requiring expert knowledge to
construct effective behavior models. However, recent research has explored the

33
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integration of learning techniques with BTs to automate their generation and
refinement. Colledanchise et al. [30] were among the first to explore automated
BT construction, introducing a genetic programming approach that initiated
much of the subsequent research on learning BTs. Building on this foundation,
other works investigated Reinforcement Learning (RL) (Mayr et al. [109]),
Genetic Programming (GP) variants (Iovino et al. [81]), and Evolutionary
Learning (Scheper et al. [150]) to generate and refine BT structures. Addi-
tional directions include Case-Based Reasoning (CBR) by Palma et al. [125]
and Learning from Demonstration (LfD) by French et al. [47], both of which
construct BTs from past experiences or expert demonstrations.

Most recently, Lykov et al. [105] and Styrud et al. [162] investigated the use
of Large Language Models (LLMs) for BT synthesis. These works can be cate-
gorized into two main strategies: End-to-End Generation, in which fine-tuned
LLMs create complete BTs from textual input, and BT Expansion, where
LLMs dynamically configure or extend BTs. While LLM-based methods have
demonstrated promise in generating and refining Behavior Trees from scratch,
they often lack grounding in actual system behavior and remain limited in
their ability to learn structured policies from real-world execution data. In con-
trast, this thesis focuses on learning BTs from execution traces collected during
prior system runs. The objective is to infer structured, interpretable behavior
models that reflect how systems operate in practice. Therefore, the discussion
centers on approaches based on Learning from Demonstration (LfD) and De-
cision Tree (DT)-based synthesis. These methods enable structured learning
from observed behavior and align well with the hierarchical and interpretable
nature of BTs. LfD techniques support the derivation of behavior models from
demonstrations or logs, while DT-based methods provide a data-driven way to
capture conditional logic and decision structure. Together, these approaches
serve as a foundation for the symbolic and structured behavior learning pur-
sued in this thesis.

3.1.1 LfD-Based BT Learning
Learning from Demonstration (LfD) has been extensively studied by Argall et
al. [6] as an efficient method for knowledge transfer. In this paradigm, teachers
provide abundant and correct demonstrations, and learners correctly perceive
and reproduce them. In the context of this thesis, LfD is relevant as it enables
the extraction of behavior directly from execution data, an essential objective
of the thesis. While applying LfD to Behavior Tree (BT) learning presents chal-
lenges, particularly in structuring demonstrations into modular and reusable
components, its ability to ground behavior models in real-world traces makes
it a suitable foundation for deriving interpretable and structured BTs.

Some studies have attempted to apply LfD to BT generation. Sagredo-
Olivenza et al. [146] and French et al. [47] proposed approaches in which a
Decision Tree (DT) is first learned as a mapping from state space to action
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space and subsequently converted into a BT. While this leverages the fact that
BTs generalize DTs (Colledanchise et al. [28]), the resulting BTs often become
unnecessarily large and redundant. Further details on DT-based BT learning
and optimization can be found in Section 3.1.2.

Robertson et al. [141] instead encoded demonstrated sequences directly
into BTs without an intermediate DT step, structuring each demonstration as
a sequence node and grouping multiple sequences under a fallback node. This
guaranteed completeness but produced extremely large trees (often exceeding
50,000 nodes) that were difficult to interpret. Furthermore, this approach lacks
dynamic adaptability, as all actions and conditions are executed in a predefined
order, limiting the ability of the learned BTs to react efficiently to environ-
mental changes. A further direction was proposed by Suddrey et al. [163],
who generated BTs directly from natural language task descriptions using a
database of predefined structures. If no relevant BT is found, a new tree is
assembled by matching parsed expressions to predefined primitive structures.
While this approach allows for a broad range of task definitions, it remains
unclear how it would handle tasks requiring precise spatial reasoning, such as
assembly operations where object positions and relations are critical.

This thesis builds on these efforts by introducing BT-Factor, a novel ap-
proach that learns BTs from previously executed plans, using execution traces
rather than relying solely on demonstrations or predefined mappings. Learn-
ing from recorded execution traces of past plans can be viewed as a form of
learning from observations, allowing the system to generalize behaviors and
adapt to similar tasks.

3.1.2 Learning Compact BTs Using DTs
DT-to-BT conversion approach has been applied in different domains. In the
video game context, Sagredo-Olivenza et al. [146] used it to assist game de-
signers in defining behaviors for Non-Player Characters (NPCs). A DT was
trained to map the game’s state to NPC actions, then simplified and con-
verted into a BT. In robotics, French et al. [47] extended this approach to a
mobile manipulator performing a house-cleaning task.

Algorithms such as C5.0 (an extension of C4.5) [135] and CART [17] are
widely used for DT construction. These differ in how they split attributes,
prune trees, and structure the final model. While C5.0 uses Information Gain
(Entropy) for splitting, CART relies on the Gini index. Their pruning strate-
gies also differ, with C5.0 applying Binomial Confidence Limit pruning post-
construction and CART employing Cost-Complexity pruning during tree for-
mation. Additionally, C5.0 allows both multi-way and binary splits, whereas
CART strictly produces binary trees [126].

While DT-to-BT conversion has enabled structured policy extraction, exist-
ing methods often fail to leverage the hierarchical modularity of BTs. One ma-
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jor limitation is that predicates are redundantly evaluated at multiple depths
within the tree, leading to larger and less interpretable BTs [29].

To address this issue, several optimization techniques have been proposed.
Sagredo-Olivenza et al. [146] introduced manual redundancy reduction, whereas
French et al. [47] applied the Espresso logic minimization algorithm [16] to
streamline BT structures. Building on this, Wathieu et al. [171] developed
RE:BT-Espresso, an algorithm that removes redundant logic and identifies
common factors to improve BT compactness and interpretability. However,
these methods remain limited by the simplicity of their logical reduction tech-
niques and fail to fully optimize BT efficiency. More recently, Scheide et al. [149]
introduced a method that uses Boolean algebra simplification, specifically the
Quine-McCluskey algorithm [134], to generate compact BTs.

This thesis addresses these limitations by introducing BT-Factor, a novel
approach that applies logic factorization techniques inspired by circuit design
to the problem of BT optimization. BT-Factor exploits advances in Boolean
expression minimization to produce BTs that are both compact and inter-
pretable, without sacrificing efficiency.

The minimization of Boolean expressions has been extensively studied in
circuit design, where finding an optimal factored form is NP-hard [114]. To
address this complexity, heuristic algorithms have been developed to obtain
efficient representations. Existing strategies include graph partitioning [56],
algebraic division, where Boolean expressions are treated as polynomials over
real numbers, allowing for simplifications through “weak divisions” [170], and
Boolean division, which fully exploits Boolean properties but often incurs
higher computational costs [159]. Building on these insights, BT-Factor adapts
factorization methods from circuit optimization to the synthesis of BTs, reduc-
ing redundancies and improving structural clarity. In doing so, it advances the
interpretability of learned BTs while maintaining their efficiency and compact-
ness.

3.2 BT-Factor
The previous sections have highlighted key challenges in learning Behavior
Trees from demonstrations, particularly issues related to redundancy, scalabil-
ity, and interpretability in DT-based BT conversion. To address these limita-
tions, this thesis introduces BT-Factor.

BT-Factor, illustrated in Figure 3.1, draws inspiration from LfD. Rather
than restricting LfD to natural human demonstrations, the approach extends
the possible input to traces from any executed plans, enabling the utilization of
historical data. The objective is to extract and formalize relationships among
variables and their connections to logical elements within the application do-
main through a BT, which serves as a human-interpretable structure.
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Figure 3.1: BT-Factor inputs historical executed traces to learn the implicit
knowledge of planning experts by using C5.0 and logic factorization methods.
The output is a Behavior Tree, which can be inspected by human experts.

This facilitates human involvement at the final stage of BT generation by
providing a readable and organized output, allowing users to comprehend and
refine the results of the learning process. The approach is based on the premise
that incorporating human knowledge and experience into learning techniques
enhances the overall outcome [173].

To achieve this, the C5.0 decision tree algorithm [95] is used to infer the
knowledge implicitly encoded in previous plans. The underlying logic is repre-
sented using Horn clauses and refined through logic factorization algorithms
[170], ensuring a compact and interpretable BT.

3.2.1 Overview
BT-Factor is a modular method consisting of four core stages: Rule Extrac-
tion, Rule Conversion, Rule Factorization, and BT Conversion. These
modules operate sequentially to extract logical rules from data, refine them
into a structured format, apply factorization to eliminate redundancies, and
ultimately construct a compact BT. Table 3.1 summarizes the main differ-
ences between BT-Factor and RE:BT-Espresso [171], the closest state-of-the-
art method. Unlike RE:BT-Espresso, which employs CART for rule extraction,
BT-Factor uses C5.0. The comparison between C5.0 and CART [126] shows
that the former is more accurate. Indeed, provides better handling of multi-
way splits and more effective pruning strategies, leading to more compact and
structured rules. Additionally, while RE:BT-Espresso represents rules only in
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DNF, BT-Factor allows both CNF (Horn clauses) and DNF, making it more
adaptable to different logic structures. The key improvement lies in the rule fac-
torization approach: while RE:BT-Espresso applies a basic common factoring
technique, BT-Factor leverages GFACTOR, a more advanced logic factoriza-
tion approach, which improves the compactness and efficiency of the generated
BT.

Table 3.1: Overview of BT-Factor core modules

Description BT-Factor RE:BT-
Espresso[171]

Rule
extr.

Learn logic rules
from data C5.0 CART

(scikit-learn)

Rule
conv.

Express the rules
into a canonical

form.

CNF (Horn
clauses) or

DNF
DNF

Rule
fact.

Compact boolean
expressions by

removing
redundancies

GFACTOR Common
factoring

BT
conv.

Replicate the rule
logic into a BT

naive
DT-to-BT naive DT-to-BT

Running Example: Battery Management Scenario

The battery management scenario, used to illustrate BT-Factor, is a simpli-
fied version of a more complex logistics simulation used in the experiments
(Section 3.3.1). It features an autonomous agent (an electric truck) that op-
erates between a charging station (C) and two loading stations (L1, L2). The
primary objective in this scenario is to learn a BT that governs the agent’s
battery-related behavior. To this end, only two actions are considered:

• go to charge: navigate the agent to the charging station C,

• charge: charge the battery agent to 100%

These are the only actions for which decision rules are to be extracted.
The literals (i.e., variables) used in this scenario are:

• battery : a continuous variable representing the current battery level of
the truck, expressed as a percentage (0-100%).

• at : a categorical variable indicating the truck’s current location. Possible
values are the charging station (C) and the two loading stations (L1, L2).
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• weight : a continuous variable representing the current load of the truck,
expressed as a percentage of its maximum transport capacity.

This abstraction allows for a clear illustration of BT-Factor’s learning
stages, without the complexity of full environment variability. Specifically, the
loading stations are treated identically, and the agent’s movement between
locations is abstracted as a single-step action.

The scenario, schematically illustrated in Figure 3.2, serves to demonstrate
each core module of BT-Factor step by step, showing how logical rules are
extracted, refined, factorized, and translated into a compact BT.

C

L1 L2

charge• battery
• at
• weight go to charge

Figure 3.2: Simplified environment with one truck moving between a charging
station (C) and two loading stations (L1, L2).

3.2.2 Rule Extraction
The first step in BT-Factor is Rule Extraction, where executed traces serve
as input to the C5.0 decision tree algorithm, with the executed action used
as the target attribute. C5.0 generates a decision tree classifier, which can be
transformed into a collection of if-then rules. These rules represent the decision-
making logic extracted from historical executions. To enhance compactness and
efficiency, the extracted rules are then expressed in logical form and minimized
using the Espresso algorithm [16], which eliminates redundancies and simplifies
Boolean expressions. Each extracted rule consists of conditions that correspond
to literals j (i.e., atomic logical statements). To quantify the importance of each
literal, we define its frequency fj as the number of occurrences of that literal in
the rule set. For each rule r, the set of literals Lr is identified, and an average
score sr is computed based on the literal frequencies:

sr =

∑
j∈Lr

fj

|Lr|
.
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Rules are then sorted in descending order based on sr, ensuring that higher-
priority rules appear earlier. Since a Behavior Tree (BT) executes its children
in depth-first order, placing the most important rules on the leftmost branches
optimizes execution efficiency by evaluating critical conditions first.

Example: The extracted rules in the battery management scenario are:

• Rule 1: (at L1 ∧ battery≤10) ∨ (at L2 ∧ battery≤10) ∨ (at L1 ∧
∧ weight>50 ∧ battery≤20 ) ∨ (at L2 ∧ weight>50 ∧ battery≤20)→
→go to charge

• Rule 2: at C ∧ battery ≤ 99 → charge

The average scores are computed as:

• s1 = 10
5 = 2

• s2 = 2
2 = 1

Since Rule 1 has a higher score, it is positioned on the left side of the result-
ing BT. This ordering ensures that the decision to move toward charging is
prioritized over the decision to charge at the station.

3.2.3 Rule Conversion
Once logical rules are extracted, they are converted into a conjunction of Horn
clauses (HCs). This transformation preserves the logical structure of the rules
while organizing them into a tree representation where the root is a conjunction
node, and each subtree, rooted in a disjunction, corresponds to a separate
rule. This, in combination with rule ordering, is one key factor in making
the final BT more efficient in execution. To further enhance compactness, the
default action rule is identified and removed from the rule set. Instead, its
corresponding action is added as the last child of the root, ensuring that the
BT remains compact. Note that this step is applicable in the case of mutually
exclusive rules and, therefore, reasonably connected by a disjunction. In the
case of concurrent rules, these can be described in the form of conjunctions
and executed in parallel as proposed by French [47].

Example Applying Horn clause conversion to the battery management sce-
nario yields the following Horn Clauses (HCs):

• HC1: (¬at L1 ∧ ¬at L2) ∨ (battery>10 ∧ battery>20) ∨ (weight ≤50 ∧
∧ battery>10) ∨ go to charge

• HC2: ¬at C ∨ battery>99 ∨ charge
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3.2.4 Rule Factorization
Extracted rules often contain repeated conditional statements, leading to re-
dundancy and inefficiency. To address this, factorization techniques are applied
to simplify logical expressions while maintaining their correctness.

The RE:BT-Espresso algorithm [171] performs factorization via the dis-
tributive law, extracting common conditions and placing them under a Se-
quence node in the BT. However, this approach is limited when repeated
conditions do not appear in every conjunction, resulting in suboptimal fac-
torization. To overcome this limitation, GFACTOR [170] is used. This method
applies a recursive factorization approach where a Boolean expression f is de-
composed into p · q + r where p, q, and r are Boolean expressions treated as
polynomials. The decomposition is recursively applied to p, q, and r, selecting
as heuristic the condition that occurs in the greatest number of conjunctions
as the best one to factor out.

Algorithm 2 describes the GFACTOR method, which systematically re-
duces rule complexity using the following key functions:

• most_common_condition(f) returns the condition that occurs in the
greatest number of conjunctions of f . If there is not a dominant condition
(the number of occurrences of the most common condition is 1), it returns
0.

• divide(f ,d) performs the algebraic division between f and d and returns
the quotient q and the remainder r.

• make_cube_free(f) removes the common cubes from f making it
cube free.

• cube_free(f) returns True if the expression f is cube free, False oth-
erwise.

• common_cube(f) returns the largest common cube of f .

Example Applying GFACTOR to the battery management case leads to:

• HC1: C3(C4 + C5) + (C1 · C2) +A0

• HC2: C6 + C7 +A1

where Ci = ¬ci ∀i and the corresponding literals are listed in Table 3.2.
Note that when applying RE:BT-Espresso, HC1 is not factorized as there

are no common repeated conditions.
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Algorithm 2 Factorizing a Boolean expression f by heuristically minimizing
the number of literals
Require: f � Boolean expression to be factorized
Ensure: Factorized f
1: function GFACTOR(f)
2: d ← most_common_condition(f)
3: if d = 0 then
4: return f

5: q, r ← divide(f, d)
6: if |q| = 1 then
7: return LF(f, q)
8: q ← make_cube_free(q)
9: d, r ← divide(f, q)

10: if d = 0 then
11: return f

12: if cube_free(d) then
13: q ← GFACTOR(q)
14: d ← GFACTOR(d)
15: if r 
= ∅ then
16: r ← GFACTOR(r)
17: return q · d+ r

18: c ← common_cube(d)
19: return LF(f, c)

20: function LF(f, l)
21: q, r ← divide(f, l)
22: q ← GFACTOR(q)
23: if r 
= ∅ then
24: r ← GFACTOR(r)
25: return l · q + r
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Table 3.2: Logical conditions and symbols in battery management example

Symbol Condition
c1 at L1
c2 at L2
c3 battery ≤ 10
c4 battery ≤ 20
c5 weight > 50
c6 at C
c7 battery ≤ 99
A0 go to charge
A1 charge

3.2.5 BT Conversion
The factorized logic rules are converted into a BT by using the naive Decision
Tree to Behavior Tree algorithm proposed by French et al. [47], whereby con-
junctions are encoded as Sequence nodes and disjunctions as Fallback nodes.
When the rules are mutually exclusive, the resulting BT has a Sequence root
node. In this case, the set of expressions forms a tautology, ensuring that only
one path through the logic tree is true at any given time. On the other hand,
if multiple actions can be performed simultaneously, the rules are described in
the form of conjunctions, leading to a BT with a Parallel root node. Applying
BT-Factor significantly reduces the number of nodes in the resulting BT by
eliminating redundant conditions.

Example In the battery management example, BT-Factor produces a tree
with seven fewer nodes than RE:BT-Espresso. Figure 3.3 shows the subtrees
for Rule 1 (go to charge) learned with both methods.

Sequence

Fallback A0

Sequence Sequence  Sequence   Sequence    

c1 c3 c2 c3 c1 c5 c4 c2 c5 c4

(a) RE:BT-Espresso

Fallback

Sequence Sequence A0

C3 Fallback

C4 C5

C1 C2

(b) BT-Factor

Figure 3.3: Learned subtree for the go to charge action with RE:BT-Espresso
(left) and BT-Factor (right). Both encode the same behavior, but BT-Factor
factorizes repeated conditions, resulting in a more compact and readable tree.
Note that the total number of nodes has decreased from 17 to 10.
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Figure 3.4: Simulated environment for Setup I, representing a scenario with an
autonomous agent equipped with a battery, two loading areas (conveyor heavy
and conveyor light), a depot (delivery), and a charging station (charge)

3.3 Experimental Set Up and Results
We have implemented BT-Factor in Python3.8, with the decision tree com-
ponent developed in R. The full source code is available online1 to support re-
producibility. We have conducted an empirical evaluation has been conducted
across multiple experimental setups.

The analysis compares BT-Factor with RE:BT-Espresso [171]. It is impor-
tant to note that RE:BT-Espresso does not determine the appropriate pruning
level of the extracted BT; instead, it generates multiple BTs and requires the
user to manually select the most suitable one. For each experiment, the criteria
for selecting the BT used in the comparison are explicitly defined.

3.3.1 Setup I: Industrially-Relevant Simulation Environ-
ment

Setup I extends the simplified battery management scenario presented ear-
lier (Section 3.2.1) by incorporating additional environment complexity and
a broader set of behaviors. While the basic structure of an agent navigating
between locations and managing its battery is preserved, this setup introduces
new decision points and more realistic operating conditions. In particular, the
environment, shown in Figure 3.4, simulates a logistics scenario inspired by
industrial mining applications2. The agent operates across five locations: two
loading areas (handling heavy and light material), a depot (delivery), and a

1At https://github.com/SimonaGug/BT-from-planning-experts
2Adapted from https://github.com/jstyrud/WASP-CBSS-BT
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charging station. Each loading area is specialized for a specific material type,
which is randomly generated at each time step with probabilities of 12% and
6%. This stochastic process ensures that each simulation instance presents
different conditions for the autonomous agent. Compared to the simplified
version, Setup I includes:

• Additional actions, such as: move to conveyor light, move to conveyor
heavy, move to delivery, pick, place, and idle in addition to the original
battery related actions (move to charge and charge).

• New literals, including: conveyor light and conveyor heavy, representing
the number of boxes on the respective conveyors, as well as the extended
version of at, which now includes the delivery station location, alongside
the previously used battery and weight.

The agent’s battery decreases by one unit per time step, with each action
(except idle) incurring an additional unit cost. A manually designed BT is
used as input to the simulator, generating 100 execution traces, each consisting
of 200 ticks. At each time step t, the BT executes a single tick, and all the
environment variables are updated accordingly. To capture high-level execution
snapshots, all actions and environment state variables are logged in a .csv file
for each tick.

The dataset is processed using the C5.0 rule-based algorithm in R3, employ-
ing default hyperparameters. Extracted rules are stored in a .txt file, which is
used by the pipeline in Python to extract the BT. This setup primarily evalu-
ates the correctness of the learned behavior, the extracted rules’accuracy, and
the performance of the inferred BT.

The evaluation is based on a fitness function, similar to the one defined by
Iovino et al. [81], that measures the efficiency of the BTs in terms of material
delivered. In detail, each delivery of light and heavy material obtains a score
of 1 and 2, respectively. On the other hand, for each time step in which a
loading area is full when the material would be otherwise generated, there is a
negative term of −0.5 for the blocked generation of heavy material and −0.25
for light material.

Correctness is evaluated based on whether the agent successfully executes
a policy during the entire duration of the simulation (200 ticks), regardless of
the performance obtained. In detail, if the agent has zero battery and is not
located at the charging station, the learned rules describing the implicit logic
of the domain action are considered incorrect. The results of 200 simulations
are summarized in Table 3.3.

For each simulation, the fitness values of all trees generated by RE:BT-
Espresso are computed, and the tree with the highest fitness value is selected

3https://CRAN.R-project.org/package=C50
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for comparison. When multiple trees, corresponding to different pruning levels,
have the same highest fitness score, the one with the highest pruning level is
selected. However, the level of pruning can affect the correctness of the learned
behavior. To account for this, correctness is also evaluated for RE:BT-Espresso
BTs without pruning, as shown in Table 3.3.

BT-Factor achieves 100% correct behavior, whereas RE:BT-Espresso ex-
hibits correct behavior in only 62.5% (125 simulations) of cases when selecting
the highest-fitness BT and 72% (144 simulations) when no pruning is applied.
Note that a high fitness score does not imply correctness.

Table 3.3: Correctness experiments. Higher values are better.

Method % correct behavior

BT-Factor 100%
RE:BT-Espresso 62.5%
RE:BT-Espresso (no pruning) 72.0%

Performance is evaluated by comparing fitness scores obtained using BT-
Factor and RE:BT-Espresso in the same 200 simulations used to evaluate cor-
rectness. For each simulation, when running RE:BT-Espresso, the BT with
the best fitness score among all of the generated BTs (at all pruning levels) is
considered. Recall that not all of the BTs obtained by RE:BT-Espresso lead
to correct behavior. Limiting the evaluation to cases where correct behavior
is achieved reveals that BT-Factor outperforms RE:BT-Espresso. As shown
in Table 3.4, BT-Factor achieves higher fitness scores than RE:BT-Espresso.
Moreover, the BTs learned using BT-Factor lead the agent to achieve the
same performance as in the original BT from which the training data was ob-
tained. Furthermore, when considering only the 125 simulations where RE:BT-
Espresso results in correct behavior, the average fitness score is higher and the
performance more stable (lower variance) than when all simulations are con-
sidered, indicating greater stability.

Table 3.4: Performance experiments when using BT-Factor and RE:BT-
Espresso on 200 simulations and when considering only the 125 where RE:BT-
Espresso learned correct behaviors (in parentheses). Higher mean values entail
better performance, lower variance values entail more stability.

Mean Variance

Original BT 38.505 (37.928) 22.642 (24.151)
BT-Factor 38.505 (37.928) 22.642 (24.151)
RE:BT-Espresso 32.433 (36.704) 108.348 (24.084)
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Graph Edit Distance. RE:BT-Espresso uses the Graph Edit Distance (GED)
score to evaluate the quality of the BT by assessing the structural similarity
between learned and reference BTs. In this setup, the GED of the obtained
BTs is computed following the approach outlined by Wathieu et al. [171]. Each
subtree of the learned BT is compared against each of the four subtrees of the
original manually designed BT from which the training data was obtained.
The results are presented in Table 3.5. Notably, the GED score of the BT
learned using Horn clauses is even lower than the BT learned without Horn
clauses, despite the two trees describing the exact same behavior, as the actions
are mutually exclusive. In fact, the GED measures the similarity between two
graphs, regardless of the semantics. However, in this context, the semantics
cannot be neglected as the goal is that the learned tree faithfully reproduces
the behavior, regardless of the similarities with the original graph. Therefore,
GED results are computed and presented for completeness, but caution is ad-
vised against relying solely on GED as a measure of BT quality, as it does not
fully capture correctness, performance, or behavioral equivalence.

Table 3.5: Graph Edit Distance (GED) between original and learned BT with
different methods for each subtree (sub) of the original BT. Lower values are
better.

sub1 sub2 sub3 sub4

BT-Factor (Horn clauses) 12.0 7.0 10.0 11.0
BT-Factor 14.0 7.0 14.0 12.0
RE:BT-Espresso 16.0 9.0 15.0 13.0

3.3.2 Setup II: Synthetic Data Simulator
The factorization algorithm (Algorithm 2) is integrated into a modified version
of the RE:BT-Espresso simulator4, which builds upon the original RE:BT-
Espresso implementation5, including 100 synthetic BTs provided by Wathieu
et al. [171]. Given an input BT, the simulator generates random values with the
range [0.0, 1.0] for each measurable condition, logging all actions and environ-
mental states per tick into a .csv file, thus generating synthetic plan execution
traces. This setup is used to evaluate the effects of the logic factorization on
different BT structures.

A detailed analysis of the tree structure is conducted using this setup.
Since previous results indicate that unpruned BTs better preserve behavior,

4Modified RE:BT-Espresso version with GFACTOR integration and experimental scripts:
https://github.com/SimonaGug/RE-BT-Espresso

5Original RE:BT-Espresso repository by Wathieu et al. [171]: https://github.com/

interaction-lab/RE-BT-Espresso
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comparisons with RE:BT-Espresso are performed using its unpruned BTs. No-
tably, this setup does not provide a direct means to verify correctness, as it
relies on a synthetic benchmark not representing any real-world behavior.

The 100 synthetic BTs5 are used to learn BTs, which are then post-processed
by applying the GFACTOR (Algorithm 2). In one case, the resulting BT had
only one node and was therefore excluded from the analysis. For the remaining
99 synthetic BTs, 11 simulations are run per BT. The evaluation is based on
the following parameters:

Number of total nodes. As stated by Wathieu et al. [171], a reduction in
BT size can contribute to improved interpretability. For this reason, the per-
centage of nodes removed when post-processing learned BTs with the GFAC-
TOR algorithm is measured. Figure 3.5a shows the average percentage of nodes
removed, along with standard deviations, for each learned BT across 11 sim-
ulations. The results indicate that, among all the learned BTs, the size has
been reduced with a mean of 11.63%, thus making the BTs more compact as
a result of using GFACTOR.

Number of Condition nodes vs. Fallback nodes. Given a fixed number
of condition nodes, an increase in Fallback nodes generally leads to fewer (or
equal in the worst scenario) conditions being ticked during execution, improv-
ing efficiency. Therefore, the condition-to-fallback ratio is considered to assess
this, and it is defined as follows:

cf =
num_conditions

num_fallbacks

Lower values of cf indicate higher efficiency, either due to fewer conditions
being checked or the presence of more alternative courses of action. This coef-
ficient is used to compare the structure of the learned tree. In detail, we com-
pute the cf ratio for the tree learned with the original RE:BT-Espresso and the
one learned with RE:BT-Espresso enhanced with the proposed factorization
algorithm. The average percentage reduction in cf when post-processing the
learned BTs with the GFACTOR algorithm is shown in Figure 3.5b. Among
all the learned BTs, the ratio is reduced with a mean of 69.34%. This result,
together with the previous one, shows that the factorization algorithm leads
to a reduction of condition nodes and/or an increase of fallback ones, thus
making the BT execution more efficient.

3.3.3 Setup III: Pick-and-Place Demonstrations
This scenario consists of a workspace where three video demonstrations of a
human performing a pick-and-place task with a cube. The hand pose and the
cube pose are extracted, using MediaPipe and Aruco markers, respectively, as
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(a) Number of total nodes

(b) Condition vs. Fallback

Figure 3.5: Average percentage of node (above) and cf (below) reduction
(red) together with their standard deviations (blue) for each learned BT
when applying GFACTOR. The average percentage of node reduction is com-
puted as Σs

i=0node_reductioni

s , where j is the number of one of the 99 syn-
thetic BTs, s is the total number of simulations (in our experiments 11) and
node_reductioni =

tot_nodes(RE:BT )i−tot_nodes(RE:BT+GFACTOR)i
tot_nodes(RE:BT )i

· 100. The
same reasoning applies to the computation of the cf reduction.

state variables. Each time step t, is manually labeled with the action performed
(pick, move, place). The objective is to learn a BT that can be executed by
a robotic manipulator to perform the Pick-and-Place task. This setup aligns
with Learning from Demonstration (LfD) applications [171].

This setup is used to compare the ability of RE:BT-Espresso and BT-Factor
to generalize the noisy three demonstrations. The main challenge when using
RE:BT-Espresso is to manually select the best BT among all the generated
pruning levels. If pruned too much, the tree oversimplifies and does not reflect
the correct behavior. More conservative pruning leads to significantly more
nodes. To select the best one, we compute the percentage of misclassified cases
of all RE:BT-Espresso trees. We select the BT with the smallest error (3.3%).
However, the BT-Factor generated tree achieves a better result (1%). In this
empirical example, BT-factor’s performance is better than the human-selected
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Espresso tree with a similar number of nodes. In this example, the advantage
of BT-Factor did not come from the factorization as the trees are fairly small,
but from the different decision tree learning algorithm.

Noise Robustness

For BT-Factor to be applicable in real-world scenarios, it must demonstrate
robustness to noisy data, as real-world execution traces are inherently subject
to sensor inaccuracies, environmental fluctuations, and data inconsistencies.

To simulate real-world imperfections, noise was introduced by perturbing
state variables with random deviations, ensuring a realistic representation of
sensor errors and environmental uncertainties. The noise followed a controlled
distribution, progressively increasing to assess the breaking point where the
model’s accuracy begins to decline.

Figure 3.6 illustrates the effect of increasing noise levels on accuracy and the
number of extracted rules. The results show that C5.0 maintains high accuracy
(above 95%) when the signal-to-noise ratio (SNR) exceeds 5, indicating that
the method effectively generalizes under moderate noise conditions. As noise
increases beyond this threshold, accuracy drops sharply, while the number of
extracted rules rises significantly. This suggests that C5.0 discards outliers
effectively when SNR > 5 but begins to overfit when noise becomes dominant,
learning spurious patterns instead of meaningful action rules.
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Figure 3.6: Impact of noise on accuracy and the number of extracted rules.
Accuracy stays above 95% for SNR > 5, but drops sharply with higher noise,
while rule count increases, indicating overfitting. BT-Factor filters out moder-
ate noise but struggles to generalize when noise levels become too high.
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These findings highlight the importance of noise tolerance for deploying
BT-Factor in dynamic, real-world environments, where perfect data is rarely
available.

3.4 Summary and Outlook
This chapter introduced BT-Factor, a novel method for learning BTs from
executed logs. The approach integrates decision tree learning, logic-based rule
conversion, and advanced factorization techniques to produce interpretable
and compact BTs. Through a step-by-step example and evaluation across both
simplified and industrially relevant setups, the method was shown to reduce
redundancy and improve interpretability while preserving decision fidelity.

Importantly, the results also demonstrated BT-Factor’s capacity to handle
noise and variability in execution data, an essential property for real-world
deployment.

While this chapter focused on how to learn Behavior Trees from execution
traces, it has also emphasized the value of BTs as a human-interpretable and
modular representation of system behavior. However, this raises an important
question: how can the quality of learned BTs be evaluated, particularly with
respect to their intended advantages, such as interpretability, modularity, and
correctness?

The next chapter addresses this challenge by critically examining how BTs
can be systematically evaluated. It explores existing gaps in the literature
and proposes both new and adapted metrics to support more rigorous and
meaningful assessment of learned BTs.





Chapter 4

Evaluating Behavior Trees

The previous chapters introduced Behavior Trees (BTs) as a structured, mod-
ular, and interpretable representation of system behavior, and presented BT-
Factor as a method for learning BTs from execution traces. This learning
process is motivated not only by the ability to automate policy acquisition
but also by the claim that BTs, by virtue of their structure and semantics, are
more understandable, adaptable, and suitable for human interpretability and
evaluation than alternative representations. Yet, despite the potential of BTs,
assessing the quality of a learned BT in a principled and meaningful way re-
mains a critical and underexplored challenge. The value of a learned BT is not
limited to whether it executes correctly. Its utility also depends on properties
such as interpretability, reactivity, modularity, and robustness, properties that
are often invoked in literature as key strengths of BTs. Despite the widespread
adoption of BTs in robotics and related fields, there exists no systematic and
widely accepted framework for evaluating these properties. In many cases,
evaluation relies on ad hoc metrics, qualitative judgments, or assumptions
that are not empirically validated. For example, node count is frequently used
as a proxy for interpretability, despite the lack of evidence linking structural
size to human understanding. Similarly, structural similarity metrics such as
Graph Edit Distance (GED) are often used without capturing the functional
behavior or semantic relevance of BT components.

This chapter addresses this gap by conducting a systematic investigation
into how learned BTs can be evaluated in a way that reflects both their func-
tional performance and their qualitative strengths. The goal is to develop a
framework for BT evaluation that is grounded in rigorous definitions, sup-
ported by appropriate quantitative metrics, and aligned with the practical
concerns of using BTs as decision-making policies in real-world systems.

To that end, the chapter begins by identifying and critically reviewing exist-
ing evaluation approaches, including both structural and behavioral metrics. It
then introduces a set of well-defined BT properties drawn from the literature,

53
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followed by corresponding quantitative measures designed to evaluate these
properties in practice. A particular focus is given to interpretability, which is
further investigated through an empirical user study involving human partici-
pants. The findings contribute to a deeper understanding of what makes a BT
“good” from the perspectives of both machine and human interpretability.

Through this work, the chapter aims to provide a foundation for standard-
ized and reproducible evaluation of BTs. This not only supports the validation
of learning methods such as BT-Factor but also contributes to the creation of
behavior models that are transparent, modular, and verifiable, qualities that
are essential for real-world deployment and effective human interaction.

4.1 Related Work
Existing surveys on BTs in robotics [80, 122] and introductory overview texts [29]
primarily focus on formalizing, classifying and categorizing existing works, and
on providing recommendations of best practices when applying BTs to specific
problems. While these works serve an important function in the community,
they do not sufficiently address the questions of measuring, evaluating, and
comparing BT structural and behavioral properties of BTs.

Beyond general overviews, a smaller body of work has attempted to com-
pare BTs to alternative control architectures, most notably Finite-State Ma-
chines (FSMs). Iovino et al. [79] directly compare BTs and FSMs in the context
of mobile manipulation, proposing metrics for properties such as reactivity,
modularity, readability, and design complexity. These metrics are motivated
by the need for fair comparison and are designed to be applicable across ar-
chitectures. In a related contribution, Iovino et al. [78] focused specifically on
quantifying development effort, arguing that the higher modularity of BTs sig-
nificantly reduces the time and operations needed to modify and adapt behav-
iors. They introduced a graphical metric based on counting the modifications
necessary to reflect new requirements, which illustrates how structural flexi-
bility can provide practical design advantages. In a more formal line of work,
Biggar et al. [13] present a theoretical framework for comparing the expres-
sive power of BTs with other action-selection mechanisms, including Decision
Trees (DTs), Teleo-reactive Programs (TRs), and FSMs. These comparisons
underscore the importance of principled evaluation when selecting or designing
policy representations.

While such comparative works provide valuable insights, they primarily
focus on cross-architecture evaluation and often adopt metrics tailored for
that purpose. What remains largely missing is a systematic framework for
evaluating BTs in their own right, based on their internal properties and their
intended advantages.

In the following sections, several individual studies are presented that have
attempted to fill this gap by proposing metrics for specific BT properties. How-
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ever, these works typically focus on a single property at a time, introducing
custom metrics that are rarely validated across contexts or reused by other
researchers. The fragmented nature of these efforts limits their generalizability
and makes it difficult to form a cohesive understanding of BT evaluation. This
lack of standardization is a limiting factor within the community, as different
sub-communities, or sometimes even different research groups, might have dis-
tinct and even irreconcilable definitions for commonly used terms referring to
BT properties. Addressing this gap requires a shift in focus, from surveying
applications and structural variants of BTs to systematically analyzing how
their properties are defined and assessed.

4.2 Metrics
This section provides a comprehensive overview of the metrics employed to
assess BTs, drawing from both existing literature and newly formulated met-
rics. Metrics are categorized into Functional and Non-Functional, each serving
distinct evaluation purposes.

4.2.1 Functional Metrics
Functional metrics assess whether a given BT satisfies the desired requirements
and executes its intended functions.

Use of Resources

This metric evaluates the optimization of resource allocation, management,
and utilization by a robot in the execution of its designated task. One com-
monly considered resource is execution time, which can refer to the overall
duration required for a BT to complete its execution [142, 24] or the duration
of a single node execution. This is particularly useful in assessing the impact
of introducing new specific nodes [25].

Predictability Distance

Originally defined for evaluating parallel behaviors [26, 25], this metric mea-
sures the deviation between expected and actual execution progress. A target
progress value is set, and the metric computes the average deviation between
the expected and the actual time at which the action reaches progress closest
to the desired value.

Success Rate

Success rate can be analyzed in different ways, depending on the level of gran-
ularity desired:
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• Desired Behavior Success Rate evaluates the extent to which the
behavior executed by the BT aligns with the behavior expected by a be-
havior oracle. It focuses solely on the desired behavior while disregard-
ing the internal mechanisms of the BT itself (e.g., return status). For its
flexibility and effectiveness, this metric stands out as the foremost and
prevalent approach when referring to success rates [127, 38].

• Accuracy for behavior usage originally defined by Pereira & En-
gel [132] as the ratio between the correct activations of the inner sub-
behaviors over the total expected activations. BTs typically consist of
multiple modular components, this metric is particularly useful for eval-
uating whether specific branches or behaviors are activated as intended.

• Single Node Success Rate refers to the ratio between the number
of successful completions of a node n ∈ N (i.e., when it returns Success)
and the total number of executions of the node, including both successful
and failed attempts, denoted by nS and nF respectively. Mathematically,
it is expressed as:

SRn =
nS

nS + nF

Unsafe State Count

This metric quantifies the frequency at which an agent enters unsafe states.
According to the definition of safety (Sec 4.3, Def 4.3.3), a state is unsafe if
it leads to irreversible undesired behaviors within a system or environment.
Given a set of unsafe states U , the Unsafe State Count metric is defined as:

USC =
nU

nT

where nU is the number of unsafe state occurrences and nT is the total number
of states visited during execution. A higher USC value indicates that the agent
frequently encounters hazardous states, thus leading to potential safety issues.
This metric does not correlate directly with success rates but rather provides
a complementary safety assessment.

Condition Check Frequency

Condition Check Frequency quantifies the frequency at which a specific Con-
dition Node is evaluated (i.e., ticked) over a given time interval:

CCF =
n_evaluations

ΔT
,

where n_evaluations is the number of times a specific condition is checked
and ΔT is the considered time interval. A higher CCF indicates that a certain
Condition is checked more often, resulting in more timely updates of the BT
decision-making process in response to environmental changes.
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4.2.2 Non-Functional Metrics
Non-functional metrics measure aspects of the BT that are independent of
its functional performance but provide insights into structure, efficiency, and
interpretability.

Tree Dimensions

BT dimensions provide insights into tree structure and complexity. Three key
aspects are:

• Tree Height is the total number of edges from the root node to the leaf
node in the longest path [31].

• Tree Width is the maximum number of nodes that exist at any level
within the tree structure [124].

• Number of Nodes is the total count of individual elements (nodes)
in a BT, often used to evaluate interpretability [171, 141]. Note that
this metric does not distinguish between different types of nodes in a
BT, such as control and execution nodes, and instead provides a holistic
count of all nodes within the BT.

Graph Edit Distance (GED)

It measures the similarity between two graphs, by computing the minimum cost
of transforming one graph into another through node and edge modifications
[147]. Wathieu et al. [171] use GED to evaluate the degree of similarity between
two BTs, while Iovino et al. [78] use it to evaluate the difference in modularity
between a BT and a Finite State Machine (FSM) architecture.

Condition-to-Fallback ratio (CFR)

This has been introduced and used in our prior work (Gugliermo et al. [65]),
which forms part of the contributions of this thesis, as an indicator of the
efficiency of BT execution. It is defined as the ratio between the total number
of condition nodes and the total number of fallback nodes in a BT:

CFR =
num_conditions

num_fallbacks+ ε
,

where ε is an infinitesimal value to prevent division by zero and ensures that
scenarios without fallback nodes are appropriately considered.
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Action Granularity

Action granularity measures the degree to which actions are decomposed into
smaller sub-actions or components. The relative nature of Action Granularity
allows for its application in a comparative manner, enabling the assessment of
multiple BTs to determine which one exhibits a higher level of action decom-
position. In a more granular BT, multiple action nodes can be combined to
create a single action node in a less granular BT. Granularity can be compared
by merging multiple action nodes into a single node and verifying whether pre-
conditions and effects remain unchanged.

4.3 Properties
This section provides a comprehensive overview of the properties commonly
used in the BT community, along with an analysis of their interrelations. Sim-
ilar to the classification applied to metrics, BT properties are categorized into
Functional and Non-Functional properties. Additionally, the relationship be-
tween these properties and evaluation metrics is analyzed, distinguishing be-
tween General (G) and Application-Specific (AS) metrics. General metrics
apply universally to a given property, while Application-Specific metrics are
relevant only in particular contexts.

Table 4.1 summarizes these connections, serving as a key reference for se-
lecting the most appropriate metrics for assessing each property, thus facili-
tating a systematic approach to their evaluation.

4.3.1 Functional Properties
Functional properties refer to the ability to achieve specific goals that depend
on the BT execution.

Reactivity

Colledanchise & Ögren [29] describe reactivity as the ability of a system to
respond quickly and efficiently to changes or perturbations in its environment.
This means that when an unexpected change occurs, the BT halts its current
execution to react accordingly. Based on the broader concept of reactivity in
control architectures, Biggar et al. [12] formally define reactivity as follows:

Definition 4.3.1 (Reactivity). A BT is reactive if its decision-making depends
only on the current state of the environment, regardless of the execution of
the correct action.

Importantly, reactivity pertains solely to the ability to respond to the
change itself and does not encompass the correctness of the subsequent action
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taken, which instead relates to correctness and robustness (see Definitions 4.3.4
and 4.3.5).

In general, reactivity is an intrinsic property of BTs due to their repeated
ticking mechanism, which continuously polls the environment for updated in-
formation. However, the structure and design of a BT significantly influence
its level of reactivity.

Evaluation As shown in Table 4.1, execution time (G) quantifies a BT’s
responsiveness by measuring the delay in reacting to perturbations and initi-
ating actions. A shorter execution time indicates higher reactivity, as demon-
strated by Neufeld et al. [120], who compared BTs and HTN planners in a
planning context.

Condition Check Frequency (G) tracks how often Condition Nodes are
ticked, reflecting how frequently the BT updates decisions based on environ-
mental changes. A higher frequency suggests improved real-time adaptability.

Since robustness combines reactivity and correctness (see Definition 4.3.5),
Behavior Usage Accuracy (AS) and Desired Behavior Success Rate
(AS) can be used when response time is not the focus. Cáceres Domínguez et
al. [38] use the latter to assess reactivity by introducing artificial disturbances
in a pick-place-push task. However, these metrics do not differentiate between
a reactive but incorrect response.

Single Node Success Rate (AS) can be particularly relevant when a BT
includes a critical condition node requiring an immediate response. It evaluates
whether the BT reacts appropriately to specific environmental triggers, mak-
ing it a valuable application-specific metric for assessing reactivity in crucial
decision-making scenarios.

Efficiency

In the BT community, efficiency is often associated with time efficiency [27].
However, a broader definition is adopted in this work, aligning with the in-
terpretation commonly used in software engineering [1], which encompasses
multiple types of resource consumption.

Definition 4.3.2 (Efficiency). The degree to which a Behavior Tree performs
its designated behavior with minimum consumption of resources.

Evaluation As shown in Table 4.1, Use of Resources (G) is the primary
metric for assessing efficiency, measuring how well a BT executes its intended
behavior while minimizing resource consumption. Since efficiency depends on
the specific resource evaluated, its interpretation varies by application. In many
domains, such as swarm robotics [74] and robot manipulation [142, 100], exe-
cution time (measured in seconds) is the most common efficiency indicator.
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Predictability Distance (AS) can be useful, as higher values often cor-
relate with longer execution times, making it relevant for comparing BT effi-
ciency in certain contexts.

Non-functional metrics, such as Tree Size [19] and Condition-to-Fallback
Ratio [65], also aid in efficiency evaluation. While these metrics do not directly
measure BT performance, they serve as design heuristics, guiding the devel-
opment of more efficient structures for specific applications.

Safety

The concept of safety in BTs is defined by Colledanchise & Ögren [29] as:

Definition 4.3.3 (Safety). The ability to avoid specific parts of the state
space that can result in irreversible undesired behaviors.

Ensuring safety in BTs is critical for autonomous systems to operate reli-
ably while avoiding catastrophic outcomes. A BT is considered safe if:

1. All action nodes are safe. That is, if the state s(t) is safe and we execute
action a, we are guaranteed to transition to s(t+1) that is safe. Actions
can be considered safe, given a set of pre-conditions p(s(t)) hold.

2. The BT design guarantees that all actions ai are always executed only
in states that satisfy their pre-conditions.

Hence, the specification of relevant conditions for each action plays a crucial
role in reinforcing the above considerations.

Evaluation Safety is primarily assessed using the Unsafe State Count (G)
and Desired Behavior Success Rate (G) (Table 4.1). The former evaluates
a BT’s ability to maintain safety in scenarios prone to unsafe states, such as
potential human collisions. Colledanchise et al. [23] assess safety by introducing
artificial faults (e.g., low battery levels) to observe system responses in critical
situations. While these metrics do not guarantee absolute safety, they provide
valuable insights into BT reliability under testing conditions.

In application specific contexts, Single Node Success Rate (AS) as-
sesses compliance with safety constraints when a BT includes condition nodes
enforcing such requirements. Similarly, Accuracy for Behavior Usage (AS)
helps assess whether sub-behaviors are expected to adhere to safe execution
patterns.

Correctness and Robustness

In computer science, a program is considered correct if it is “free from faults in
its specification, design, and implementation”[1]. Following the definition by
Manna [107], correctness in BTs is defined as:
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Definition 4.3.4 (Correctness). The correctness of a BT refers to its ability
to exhibit the intended behavior throughout the entire execution.

A BT is considered correct if its execution accurately reflects the intended
behavior, not only in terms of the final outcome but also in how intermediate
steps are carried out. This includes adherence to the correct sequencing and
timing of actions, as well as compliance with any task-specific constraints or
requirements.

In dynamic environments, ensuring correctness under varying conditions is
essential. As a result, the concept of robustness is introduced as a measure of
how well a BT maintains its correctness despite environmental changes.

Definition 4.3.5 (Robustness). A BT is robust if it is correct in the presence
of environmental changes.

The environmental changes considered in this definition can be categorized
into two types: variations in the task domain, such as differences in object
positions or sizes in a pick-and-place scenario (large domain inputs), and mod-
ifications that occur while the BT is already in execution (changes during BT
execution). A BT is considered robust if it maintains its correct behavior under
at least one of these conditions.

The second type of change aligns with the concept of reactivity (see Defi-
nition 4.3.1), as both refer to handling runtime changes. However, robustness
extends beyond mere reactivity; it also requires that the BT executes the cor-
rect action in response to the environmental shift. For this reason, robustness
can be understood as a combination of correctness and reactivity.

In general, the more failure scenarios a BT accounts for, the more robust
it becomes.

Evaluation Correctness and robustness are primarily assessed using De-
sired Behavior Success Rate(G) and Accuracy for Behavior Usage(G)
(Table 4.1). For correctness, a single evaluation run may suffice in deterministic
scenarios to verify BT behavior [82, 172].

Robustness is typically evaluated by testing the BT under varying task
conditions. Large domain inputs can be introduced to assess whether the BT
maintains correct execution across different configurations [61]. Additionally,
artificial perturbations during execution help determine the BT’s ability to
adapt and sustain correct behavior under runtime changes [176, 38].

While Graph Edit Distance (AS) has been used to evaluate correctness
[171], as stated in the previous chapter, its reliability is questionable due to its
emphasis on structural similarity while disregarding BT semantics. Since se-
mantic integrity is crucial for assessing correctness and robustness, this author
does not recommend GED as a definitive evaluation metric.
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4.3.2 Non Functional Properties
Non functional properties are not related to the BT functionality, and they
can be assessed without the need for BT execution.

Modularity

In line with the definition of modularity provided in the IEEE Standard Glos-
sary of Software Engineering Terminology [1], modularity in BTs is defined
as:

Definition 4.3.6 (Modularity). The degree to which a Behavior Tree is com-
posed of decoupled sub-trees, such that a change to one sub-tree has minimal
impact on the others.

This definition aligns with that of Colledanchise & Ögren [29], who empha-
size that independent sub-trees facilitate the separation and recombination of
modular components. Modularity is a property that intrinsically characterizes
BTs, as each sub-tree forms an independent module connected through the
common standard interface of return statuses.

The modularity of a BT is closely related to the granularity of its actions,
which refers to the level of detail in defining or decomposing behaviors. A
higher level of granularity enhances modularity by increasing flexibility and
reusability, allowing individual sub-actions to be combined and rearranged
into different behaviors. Conversely, lower granularity reduces modularity by
tightly coupling actions, making them harder to separate or modify.

Evaluation Action Granularity (G) measures modularity by assessing the
decomposition of actions within a BT. Higher granularity indicates greater
modularity and structural flexibility.

The total number of nodes (AS) can be used as an indicator of modularity,
with higher values suggesting a more modular, component-based structure.
However, this metric alone is insufficient, as modularity also depends on how
behaviors are organized and encapsulated within sub-trees.

Graph Edit Distance (AS) can provide additional insights by evaluating
a BT’s adaptability to structural modifications [78].

Interpretability

The concept of interpretability in BTs was first introduced by Wathieu et
al. [171] based on Post Hoc Interpretation [119]. However, no formal definition
of interpretability for BTs had been established prior to this. To address this,
interpretability is defined as follows:

Definition 4.3.7 (Interpretability). The degree to which the design of the
BT conveys its expected behavior.
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A highly interpretable BT enables users to understand its structure and
predict the agent’s responses to various inputs without requiring prior knowl-
edge of its internal mechanics. In previous literature [47, 155, 85, 128], related
terms such as transparency and readability have also been used to describe
this property.

Evaluation Measuring interpretability remains a challenge across various
fields. Siu et al. [157] conducted a user study to analyze how individuals com-
prehend formal specifications, while Pattaraporn et al. [165] evaluated a BT-
based robot behavior creation system for non-expert users. In alignment with
these studies, interpretability in BTs is best assessed through user studies, as
indicated in Table 4.1. Collecting user feedback provides valuable insights into
design choices that enhance interpretability.
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4.3.3 Design Recommendations
Effective BT design requires a structured approach to optimize performance
across various properties. Table 4.2 outlines key design principles that enhance
these properties, providing a practical reference for BT designers.

Table 4.2: Design recommendations for BT properties

Property Design Recommendations

Reactivity - Place critical conditions near the root to reduce
response time.
- Minimize the number of nodes.
- Use parallel nodes for concurrent execution of
multiple behaviors, provided they do not conflict.

Efficiency - Minimize unnecessary condition checks to re-
duce computation overhead.
- Optimize tree structure to ensure only necessary
evaluations occur.
- Limit excessive parallel execution to prevent re-
source contention.

Safety - Place safety-critical checks near the root to pre-
vent hazardous actions.
- Ensure explicit precondition verification before
executing risky behaviors.
- Increase reactivity to quickly adapt to poten-
tially unsafe scenarios.

Correctness - Ensure the BT follows task constraints, execu-
tion order, and safety protocols.

Robustness - Improve reactivity to enhance adaptability un-
der environmental variations, even when not all
variations are known in advance

Modularity - Decompose actions into independent sub-
behaviors (sub-trees).
- Ensure each sub-tree contains only necessary
conditions.

Interpretability - Clearly define conditions and actions to improve
clarity.
- Organize BTs into a compact, well-structured
format.
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4.3.4 Interrelationship among Properties
Each property plays a significant role in shaping the behavior of the robot and
its performance. However, optimizing one property can potentially compro-
mise another. By gaining a better understanding of how modifications in one
property can influence the others, designers can make well-informed decisions
that align with the specific requirements and objectives of a given system.

Properties can often involve trade-offs that need to be carefully considered
during the design phase. One instance of this is the efficiency-reactivity trade-
off,

Another relevant trade-off is the efficiency-correctness balance, referred to
as effectiveness. While effectiveness has been acknowledged in the literature by
Cai et al. [19], no precise definition has been established. The author defines it
as the degree to which a BT is both correct and efficient. In practical scenarios,
optimizing the execution of a BT by skipping certain evaluations may lead
to erroneous outcomes or failures to fulfill the intended behaviors. On the
other hand, prioritizing correctness without considering efficiency can result
in unnecessarily complex or time-consuming tree evaluations.

A similar trade-off exists between the number of nodes and correctness,
leading to the concept of redundancy [150, 30]. Redundancy refers to the de-
gree to which each sub-tree within the BT is indispensable for achieving the
intended behavior. Evaluating redundancy helps determine whether all sub-
trees are necessary or if certain elements can be removed without affecting
correctness. Additionally, redundancy influences interpretability. The presence
of unnecessary nodes increases complexity, making the BT harder to under-
stand and negatively impacting interpretability.

Accounting for these interdependencies is critical to aligning BT design
with system-specific goals. A well-balanced approach ensures that the result-
ing BT structure remains both functional and optimized for the intended ap-
plication.

4.4 User Study on Interpretability
Understanding and interpreting the behaviour of autonomous systems is cru-
cial for enabling transparency, trust, and human oversight. In this context,
BTs are widely used due to their modular structure and intuitive control flow
semantics. However, as BTs become more complex, their interpretability by
human users may degrade, particularly when non-trivial design patterns and
control structures are involved.

To systematically investigate the factors that affect the interpretability of
BTs, a controlled user study was designed. The study explores how structural
complexity, design patterns, and prior familiarity with BTs influence human
comprehension and confidence when reasoning about tree execution. The study
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was conducted in three main phases: a pre-study with BT experts to ground
the experimental design, the construction and deployment of a Qualtrics1-
based survey, and subsequent data analysis to evaluate a series of predefined
hypotheses.

4.4.1 Experimental Protocol
The experimental protocol consisted of two stages: a qualitative pre-study to
identify common BT design patterns, and the creation of a structured survey
to assess interpretability under controlled conditions.

Pre-study

In order to identify common BT design patterns used in practice, a pre-study
involving six BT experts recruited via academic and industry networks was
conducted. Each expert was asked to construct BTs for three out of six pre-
defined scenarios. These scenarios were accompanied by structured materials:
(1) a textual description of the scenario, (2) a list of permitted action nodes,
(3) a list of available condition nodes, and (4) the set of usable control flow
nodes: Fallback, Sequence, Parallel, and Inverter. Experts were instructed to
model the behavior using only the provided components and were free to use
any graphical tool or to draw by hand.

The scenarios were designed to balance structural complexity and control
flow requirements. Two were intentionally simple (fewer than 4 action and
4 condition nodes), two were more complex (7–9 action nodes and up to 10
conditions), and two were constructed to require inherently parallel behavior,
while maintaining a small number of nodes. The six scenarios were evenly
distributed across three expert groups, ensuring three independent solutions
per scenario.

Following submission, each expert participated in a 30-minute semi-structured
interview to discuss their design rationale.

BT Design Patterns

Based on this qualitative analysis of the pre-study and prior work on BT
modelling idioms [39], four dominant BT design patterns were identified. Each
design pattern aims to highlight a specific modelling strategy.

Fallback-on-top. This design pattern places a fallback node at the root,
whose branches represent mutually exclusive behaviors or recovery strategies.
Each action is typically guarded by a sequence node containing its precondi-
tions. The overall logic can be expressed as “if precondition, then do action”.

1https://www.qualtrics.com/
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This idiom corresponds to the Robust Logical-Dynamical Chain (RLDC) pat-
tern [39] and in this formulation:

1. Actions are listed in reverse execution order, with the final action ap-
pearing first and the initial action last

2. The root is a fallback node.

3. Each action is guarded by a precondition rooted in a sequence.

A representative example of this design is shown in Figure 4.1a.

Sequence-on-top. This design pattern places a Sequence node at the root
and encodes a linear arrangement of actions, each guarded by a conditional
check. Specifically, each child of the Sequence is a Fallback node that first
checks a negated precondition. If the negated precondition fails (i.e., the ac-
tual precondition is true), the Fallback proceeds to execute the corresponding
action. In other words, the action is only executed when its precondition holds.
In this formulation

1. The root node is a Sequence

2. Each child is a Fallback node that first evaluates the negated precondition
of the action; if this check fails (i.e., the actual precondition holds), the
corresponding action is executed.

A representative BT structure is shown in Figure 4.1b.

PPA (Precondition–Postcondition–Action) Patterns. The PPA pat-
tern, initially formalized by Colledanchise & Ögren [29], groups actions that
share a common postcondition but differ in their preconditions. Structurally,
a fallback node is used to coordinate alternative actions; each branch is a
sequence comprising a precondition check and the associated action. This ap-
proach improves robustness by allowing multiple ways to achieve the same goal
and is widely used in BT-based planning systems.

Three variants of this pattern were used in the study:

• PPA: A fallback node is rooted on the desired postcondition. Each
branch checks a specific precondition before attempting the associated
action. This form matches the structure described above and is exempli-
fied in Figure 4.1c.

• PPA Backward: This variant applies the principles of backward chain-
ing [22, 19] to BT construction. Starting from a high-level goal, the tree
recursively expands preconditions into nested PPA subtrees. This results
in a layered structure in which each precondition is backed by an alter-
native plan to achieve it. An illustration is provided in Figure 4.1d.
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• PPA-split: A composite variant combining modularity and backward
chaining. The tree is rooted in a fallback node representing the final post-
condition. Each branch corresponds to a subgoal and is itself structured
as a PPA Backward subtree. This design enables hierarchical refinement
while maintaining interpretability. See Figure 4.1e for an example.

Parallel-on-top. Parallel-on-top pattern was included because it is used in
existing tools such as RE:BT Espresso [47]. Two variants were used:

• Parallel Sequence: A parallel node where all children must succeed
(i.e., success threshold equals the number of branches). This structure
is suitable when multiple independent tasks must be completed jointly
(e.g., navigating while monitoring sensors). Figure 4.1f shows an exam-
ple.

• Parallel Fallback: A parallel node configured to succeed if any branch
succeeds. This form captures opportunistic execution or distributed strate-
gies. An example is provided in Figure 4.1g.

Another modeling pattern identified across all expert participants in the
pre-study was the handling of inverter nodes. Rather than employing inverter
nodes, most experts preferred to encode negation directly within the condition
node names (e.g., not detected, battery not full). This practice is believed to
enhance readability by simplifying tree traversal and reducing the cognitive
effort required for interpretation.

Survey creation

Based on the design patterns identified in the pre-study, a structured online
survey was developed to evaluate BT interpretability across a range of condi-
tions. Participants first answered demographic questions (e.g., education level,
BT familiarity) and completed a brief tutorial on BTs. They were then pre-
sented with eight multiple-choice questions. Each question consisted of a visual
representation of a BT, a textual prompt (e.g., “Given that node X just suc-
ceeded/failed, which node will be executed next?”), and a set of candidate
answers. After each answer, participants rated their confidence from 1 to 7, 1
being “This was a guess”, and 7 being “I am completely sure”.

The BTs presented in the survey were designed based on four scenario
categories: easy, medium, difficult, and parallel. The categorization into easy,
medium, and difficult was determined by structural complexity, defined in
terms of the number of actions: easy scenarios included 1–2 actions, medium
scenarios 3–4 actions, and difficult scenarios more than 4 actions. These thresh-
olds were defined based on the results presented by Eriksson [42]. In the present
study, two easy scenarios with 2 actions, two medium scenarios with 4 actions,
and two difficult scenarios with 9 actions were used.
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Figure 4.1: Overview of BT design pattern examples.

In contrast, parallel scenarios were not defined by action node counts but
rather by their behavioural semantics. These scenarios featured inherently par-
allel tasks, such as concurrent movement and perception, and were designed to
assess interpretability when multiple execution paths are active by default. An
example includes the Pac-Man scenario, where the agent must simultaneously
check its environment and navigate toward objectives. This type of parallelism
introduces unique interpretive challenges, distinct from purely sequential task
structures.

Each participant was randomly presented with one BT per scenario, re-
sulting in eight unique trials per individual. The randomization ensured that
the design patterns were balanced across participants. However, due to limi-
tations of Qualtrics, it was not possible to also randomize the order of ques-
tions. Therefore, participants were presented with the same order of difficulty,
namely “easy”, “medium”, “hard”, “hard”, “easy”, “medium”, “parallel”, “parallel”.
We tested for learning effect (see 4.4.4) before performing the analysis.
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In contrast, parallel scenarios were not defined by node counts but rather
by their behavioural semantics. These scenarios featured inherently parallel
tasks, such as concurrent movement and perception, and were designed to
assess interpretability when multiple execution paths are active by default. An
example includes the Pac-Man scenario, where the agent must simultaneously
check its environment and navigate toward objectives. This type of parallelism
introduces unique interpretive challenges, distinct from purely sequential task
structures.

To comprehensively evaluate interpretability across different types of BT
structures six BT designs were constructed per scenario, including Fallback-
on-top, Sequence-on-top, PPA, PPA Backward, Parallel Sequence, and Parallel
Fallback architectures. For difficult scenarios, an additional Split PPA design
was incorporated to accommodate increased structural complexity.

4.4.2 Hypothesis
Based on the pre-study, the following hypotheses were formulated:

H1 The size of the tree negatively impacts interpretability.

H2 The type of design impacts interpretability, and ppa split design is easier
to interpret.

H3 Wide trees are more interpretable than deep trees.

H4 Familiarity with behavior trees positively impacts interpretability.

Since interpretability cannot be directly observed, it was assessed through
two proxies: response correctness and confidence. Prior work shows that in-
terpretability is typically measured indirectly, e.g., by users’ ability to predict
system behavior [40], or via task performance and self-reported confidence
[76]. In this study, correctness is a binary variable indicating whether each
response was answered correctly, while confidence is an aggregated measure of
participants’ confidence in the correctness of their answer.

4.4.3 Sample
Participants were recruited through online dissemination channels. No prior
knowledge of BTs was required. A total of 235 participants accessed the online
survey. After applying exclusion criteria, the final dataset consisted of 86 valid
and complete responses. Exclusion was based on three criteria: (1) survey
completion status, (2) minimum engagement time (responses completed in
under three minutes were discarded), and (3) entries flagged as fraudulent or
duplicated by Qualtrics’ built-in detection mechanisms.
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4.4.4 Preliminary Analysis
Familiarity with behavior trees

The distribution of self-reported familiarity with behavior trees is presented in
Table 4.3. Given the very low number of participants who had never encoun-
tered behavior trees, the categories “Never heard of them” and “I have heard of
them but I don’t know much” were aggregated into a single “Low Familiarity”
category. The resulting variable, BT Familiarity, is shown in Table 4.4.

Table 4.3: Distribution of answers for familiarity with BTs

BT Familiarity # of Answers Percentage

Never heard of them 3 3.5
I heard of them but I don’t know much 17 19.8
Somewhat familiar 37 43.0
Very familiar 29 33.7

Table 4.4: Aggregated BT familiarity variable

BT Familiarity Level # of Answers Percentage

Low Familiarity 20 23.3
Medium Familiarity 37 43.0
High Familiarity 29 33.7

Learning Effect

Due to the limitations of the tools used for the survey, it was not possible to
randomize the order of the questions, resulting in all participants responding
to the difficulty categories in the same sequence. Prior to conducting the main
analysis, a test for potential learning effects was carried out. Specifically, a
McNemar test for paired samples was applied to each difficulty category. The
results indicated no significant differences across the groups (peasy = 0.105,
pmedium = 0.194, phard = 0.063, pparallel = 0.622). On this basis, it was con-
cluded that no learning effect was present, and each response was subsequently
treated as an independent data point in the remainder of the analysis.

Correlation Between Confidence Level and Response Correctness

Although confidence level and response correctness were used as proxy mea-
sures of interpretability, a correlation between them was suspected and was
therefore examined, specifically with familiarity with BTs as a mediator vari-
able. Pearson’s Chi-Square tests were performed between confidence level and
response correctness, layered by familiarity with BT. Overall, a correlation
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between confidence level and response correctness was observed (χ2 = 71.04,
p < .001) (Table 4.5).

Further analysis explored whether this correlation was moderated by par-
ticipants’ self-reported familiarity with behavior trees. Among participants
with low familiarity, a significant correlation was observed (χ2 = 14.81, p <
.001), with notable deviations for low confidence and incorrect answers (std =
3.52) and high confidence with correct answers (std = 2.86) (Table 4.6). A
similar pattern emerged for participants with medium familiarity (χ2 = 36.18,
p < .001), where low confidence and wrong answers (std = 5.02) and high
confidence with correct answers (std = 5.39) (Table 4.7).

Table 4.5: Chi-Square test for the correlation Confidence - Response Correct-
ness. Significant p-value are highlighted in bold

BT Familiarity Value df p

Low X2 14.812 2 < .001
N 160

Medium X2 36.177 2 < .001
N 296

High X2 4.186 2 0.123
N 232

Total X2 71.047 2 < .001
N 688

Table 4.6: Contingency table - Confidence / Response Correctness for low
familiarity. Significant deviations are highlighted in bold

CorrectAnswer
Confidence Level false true Total

Low Count 33 21 54
Standardized residuals 3.520 -3.520

Medium Count 25 41 66
Standardized residuals −0.859 0.859

High Count 9 31 40
Standardized residuals -2.868 2.868

Total Count 67 93 160
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Table 4.7: Contingency table - Confidence / Response Correctness for medium
familiarity. Significant deviations are highlighted in bold

CorrectAnswer
Confidence Level false true Total

Low Count 35 17 52
Standardized residuals 5.020 -5.020

Medium Count 37 46 83
Standardized residuals 1.727 −1.727

High Count 37 124 161
Standardized residuals -5.392 5.392

Total Count 109 187 296

However, for participants with high familiarity, no significant correlation
was found (p = 0.12). Descriptive statistics revealed that 81% of their re-
sponses were given with high confidence (Table 4.8), suggesting a potential
overconfidence effect.

Table 4.8: Reported confidence levels for participants with a high familiarity
with BTs.

Confidence Level Frequency Percent

Low 15 6.466
Medium 28 12.069
High 189 81.466

4.4.5 Hypothesis Testing
In this section, the tests performed and the results obtained for each of the
hypotheses are reported. Unless stated otherwise, all tests have been done
using Pearson’s Chi-Square test.

H1 - The size of the tree negatively impacts interpretability

No significant correlation was found between tree size and response correct-
ness (p = 0.4), nor between tree size and confidence level (p = 0.7). These
results suggest that overall size, in terms of number of nodes, does not directly
influence interpretability in the experimental conditions tested.

H2 - The design of the tree impacts interpretability

Results showed a significant association between tree design and both response
correctness (χ2 = 16.2, p = 0.04) and confidence (χ2 = 16.8, p = 0.02). Anal-
ysis of the residuals showed a strong deviation of the expected frequencies in
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the parallel fallback and wrong answer (std = 2.60) as well as in the PPA-
split and correct answer (std = 2.51) (Table 4.9). For the confidence level,
analysis of the residuals revealed significant deviations from the expected fre-
quencies in several cases (see Table 4.10). Specifically, deviations were ob-
served for parallel fallback with low confidence (std = 3.60) and with high
confidence (std = −2.26), as well as for parallel sequence with low confidence
(std = 2.47) and with high confidence (std = −2.09). These findings indicate
that the parallel fallback design is associated with fewer correct answers and
lower confidence, whereas the parallel sequence design is characterized by lower
confidence despite the frequency of correct answers aligning with expectations.
In contrast, the ppa-split design shows a higher frequency of correct answers
while confidence levels remain consistent with the expected distribution.

Table 4.9: Contingency table - Design / Response Correctness. Significant de-
viations are highlighted in bold.

CorrectAnswer
Design false true Total

fallback on top Count 43 90 133
Standardized residuals −0.181 0.181

parallel fallback Count 39 47 86
Standardized residuals 2.605 -2.605

parallel sequence Count 28 43 71
Standardized residuals 1.219 −1.219

ppa Count 25 65 90
Standardized residuals −1.129 1.129

ppa split Count 1 17 18
Standardized residuals -2.509 2.509

ppa+backward Count 21 54 75
Standardized residuals −0.975 0.975

pure parallel fallback Count 21 36 57
Standardized residuals 0.645 −0.645

pure parallel sequence Count 17 34 51
Standardized residuals 0.054 −0.054

sequence on top Count 32 75 107
Standardized residuals −0.739 0.739

Total Count 227 461 688
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Table 4.10: Contingency table - Design / Confidence. Significant deviations
are highlighted in bold.

ConfidenceLevel
Design Low Medium High Total

fallback on top Count 17 40 76 133
Standardized residuals −1.621 1.277 0.118

parallel fallback Count 27 20 39 86
Standardized residuals 3.596 −0.560 -2.268

parallel sequence Count 20 19 32 71
Standardized residuals 2.473 0.210 -2.086

ppa Count 12 20 58 90
Standardized residuals −1.137 −0.816 1.593

ppa split Count 1 5 12 18
Standardized residuals −1.359 0.202 0.866

ppa+backward Count 8 23 44 75
Standardized residuals −1.668 1.037 0.367

pure parallel fallback Count 11 17 29 57
Standardized residuals 0.354 0.739 −0.924

pure parallel sequence Count 6 11 34 51
Standardized residuals −1.135 −0.706 1.495

sequence on top Count 19 22 66 107
Standardized residuals 0.050 −1.330 1.135

Total Count 121 177 390 688

H3 - Wide trees are more interpretable than deep trees

The width-to-height ratio was calculated for each of the designed trees and
subsequently categorized according to Table 4.11.

Table 4.11: Categorization of the width-to-height ratio

Ratio Category Width-to-height Ratio Number of trees

Deep 0 ≤ r < 1 6
Balanced 1 ≤ r < 2 12
Wide 2 ≤ r < 6 16
Extra-Wide 6 ≤ r 10

Results showed a significant correlation (chi = 11.8, p = 0.0081) between
the ratio category and response correctness. The analysis of residuals (see Table
4.12) showed a significant deviation from expected frequencies for balanced
trees (std = 2.44), where the frequency of correct answers is higher than
expected, and extra-wide trees (std = 2.82), where the frequency of correct



4.4. USER STUDY ON INTERPRETABILITY 77

answers is lower than expected. However, there was no significant correlation
between the ratio category and the confidence level (p = 0.07).

Table 4.12: Contingency table - Ratio category / Response Correctness. Sig-
nificant deviations are highlighted in bold

CorrectAnswer
Ratio Category false true Total

Deep Count 21 54 75
Standardized residuals −0.975 0.975

Balanced Count 52 147 199
Standardized residuals -2.443 2.443

Wide Count 99 189 288
Standardized residuals 0.654 −0.654

Extra-wide Count 55 71 126
Standardized residuals 2.815 -2.815

Total Count 227 461 688

H4 - Familiarity with behavior trees positively impacts interpretabil-
ity

Results showed a significant correlation (chi = 20.4, p < 0.001) between the
self-reported familiarity with BTs and response correctness. The analysis of
residuals (see Table 4.13) showed significant deviations in low familiarity (std =
2.73), where the frequency of correct answers is lower than expected, and in
high familiarity (std = 4.38), where the frequency of correct answers is higher
than expected.

Table 4.13: Contingency table - Familiarity with BT / Response Correctness.
Significant deviations are highlighted in bold

CorrectAnswer
Familiarity with BT false true Total

Low Count 67 93 160
Standardized residuals 2.727 -2.727

Medium Count 109 187 296
Standardized residuals 1.857 −1.857

High Count 51 181 232
Standardized residuals -4.382 4.382

Total Count 227 461 688

Results also showed a significant correlation (chi = 126.25, p < 0.001)
between self-reported familiarity with BTs and confidence level. The analysis
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of residuals (see Table 4.14) showed significant deviations in the low famil-
iarity group, where the frequency of high confidence scores was significantly
lower than expected (std = −9.23), and in the high familiarity group, where
the frequency of high confidence scores was significantly higher than expected
(std = 9.36).

Table 4.14: Contingency table - Familiarity with BT / Confidence. Significant
deviations are highlighted in bold

ConfidenceLevel
Familiarity with BT Low Medium High Total

Low Count 54 66 40 160
Standardized residuals 6.130 5.128 -9.233

Medium Count 52 83 161 296
Standardized residuals −0.012 1.206 −1.055

High Count 15 28 189 232
Standardized residuals −5.466 −5.846 9.356

Total Count 121 177 390 688

4.4.6 Discussion of the Findings
The results of the user study provide insight into how structural properties
of BTs, design patterns, and individual familiarity influence interpretability,
measured through response correctness and confidence. The following discus-
sion addresses each hypothesis in turn and interprets the observed effects in
the context of human understanding and system design.

H1 - Number of nodes. Contrary to expectations, tree size, measured
by node count, did not significantly affect interpretability or confidence. This
finding suggests that overall size may be less critical than other structural
factors, such as layout or modularity. This result also indicates that visual
complexity alone does not necessarily lead to lower interpretability, provided
the underlying structure remains logically coherent.

H2 - Type of design. The results provide partial support for the claim that
tree design impacts interpretability. Specifically, trees based on the PPA-split
pattern yielded higher accuracy, suggesting that modular designs with explicit
goal decompositions support user reasoning. Conversely, parallel fallback trees
were associated with higher error rates, potentially due to their semantic am-
biguity or non-intuitive control flow. The case of parallel sequence trees is
interesting, as it was not associated with better accuracy, but with higher
confidence. This indicates that this design may seem more understandable by
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users, indicating a decoupling in perceived and actual complexity. These find-
ings reinforce the notion that not all BT idioms are equally interpretable, and
that certain design patterns, especially those grounded in goal structure, are
better suited for human-in-the-loop systems.

H3 - Tree shape. The results provide partial support that the tree shape,
measured by the width-to-height ratio, impacts interpretability, but exclusively
in the response correctness metric. Specifically, balanced trees (ratio between
1–2) were interpreted more accurately than wide (2–6) or extra wide (above 6)
configurations. However, while extremely wide trees were associated with lower
accuracy, deep trees (ratio below 1) did not show any significant association
with accuracy.

No effect of this ratio on confidence was detected, indicating a possible
decoupling between perceived and actual complexity in this case as well. Par-
ticipants did not report higher confidence when facing wider trees, even when
performance degraded, suggesting that users may not consciously perceive in-
creased width as more difficult, even though it negatively impacts their perfor-
mance. This discrepancy between subjective perception and objective difficulty
merits further investigation, especially for tools that automatically generate or
visualize BTs.

H4 - Familiarity and interpretability. The analysis provided strong ev-
idence that familiarity with BTs influences interpretability. Interestingly, the
preliminary analysis showed that among highly familiar users, confidence re-
mained uniformly high regardless of response correctness, revealing a pattern of
overestimation. In contrast, participants with low or medium familiarity exhib-
ited a meaningful alignment between their confidence ratings and performance.
This dissociation in the high-familiarity group suggests that domain expertise
may introduce a bias in self-assessment, potentially reducing vigilance during
error-prone tasks—a critical consideration for interface and feedback design in
expert systems.

Taken together, the findings emphasize that interpretability is not deter-
mined by structural factors alone but emerges from the interaction of design,
complexity, and user experience. Design patterns that align with logical plan-
ning strategies (e.g., PPA) appear to enhance human understanding, while
designs that violate user expectations (e.g., fallback-heavy or extra-wide struc-
tures) reduce interpretability. Familiarity enhances performance but introduces
risks related to overconfidence, particularly in expert users. These insights un-
derscore the need for adaptive interfaces and validation tools that not only
reflect structural complexity but also account for user variability and cogni-
tive heuristics.
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4.5 Summary and Outlook
This chapter addressed the critical but underexplored question of how to eval-
uate the quality of BTs, particularly when they are learned from execution
data. While previous chapters demonstrated how BTs can be automatically
generated in a modular and interpretable format, this chapter introduced a
structured evaluation framework to assess the extent to which those proper-
ties are achieved in practice.

The main contributions of this chapter are threefold. First, it proposed a
taxonomy of key properties relevant to BT evaluation along with a set of well-
defined, quantitative metrics aligned with each property. Second, it offered
design recommendations for BT construction. Third, it presented the results
of a user study aimed at empirically testing the notion of interpretability.

The findings of the user study revealed that interpretability is influenced by
multiple interacting factors, including a user’s familiarity with BTs, BT struc-
ture, and the design pattern used. These factors significantly affect both users’
confidence in understanding the tree and the accuracy of their task-related
responses. These insights reinforce the claim that BTs are a promising repre-
sentation for human-in-the-loop systems, but also emphasize the importance
of structure-aware design and evaluation.

The next chapter turns to a different but complementary challenge: learning
planning domain models directly from logs. These models form the core of
automated planning systems, and the ability to learn them from data, rather
than crafting them manually, extends the thesis’s broader goal of deriving
interpretable, verifiable system knowledge from execution traces.



Chapter 5

Learning Planning Domains

This chapter focuses on the learning of planning domain models, which cap-
ture the relationships between actions, their preconditions, and their effects.
By automating the learning of planning domains, it is possible to enable more
scalable and adaptable decision-making frameworks, particularly in fleet man-
agement for autonomous vehicles. The idea is to extract planning knowledge
directly from experience, improving efficiency and adaptability without requir-
ing manual intervention.

Figure 5.1 provides an overview of this transformation by depicting the
available input and the desired output. The input consists of observed state
transitions and executed actions, capturing how the system evolves over time.
The objective is to derive a structured planning domain representation, where
actions are formally defined through operator schemas that specify their pre-
conditions and effects.
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Figure 5.1: An example of the input and output in the action model learning
process. The left side represents the input, consisting of structured state-action
transitions, where each row captures the values of state variables before and
after an action is executed. The right side illustrates the output, a learned
PDDL domain representation that formalizes the action model derived from
the input data.
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5.1 Related Work
The field of action model learning for domain-independent planning has seen
significant advancements, with various approaches developed to extract struc-
tured planning knowledge from data [7]. These approaches differ in their as-
sumptions and methodologies.

5.1.1 Learning from Deterministic Plan Traces
Early work in action model acquisition typically assumes fully observable,
noise-free state traces and relies on active experimentation or expert guid-
ance to refine models. OBSERVER [170] alternates plan execution with model
refinement to converge on correct preconditions and effects. Building on this,
OpMaker [111], developed within the GIPO framework [156], introduces hi-
erarchical operator induction and interactive assistance to help users specify
more complex operators. EXPO [53] follows the same basic assumptions of
OBSERVER but adds support for conditional effects, allowing richer action
descriptions. TRAIL [11] employs inductive logic programming to learn pre-
conditions from fully observed state transitions.

A second family of methods dispenses with explicit state observations en-
tirely, treating the execution log as a labeled directed graph whose nodes cor-
respond to abstract states. Among these, the LOCM family of algorithms -
LOCM [34, 35] and LOCM2 [33] - represent actions as parameterized finite
state machines. A distinctive feature of these approaches is their ability to
infer state variables without prior knowledge or observable states, relying on
logical induction rather than predefined predicates. However, a key limitation
is that they primarily focus on dynamic properties, neglecting static relation-
ships between objects, such as which places are connected. This limitation
becomes particularly problematic considering that numerous systems rely on
static predicates to define the applicability of actions within the domain.

To address this limitation, NLOCM [60] extends LOCM by inducing static
predicates through a post-processing step. However, this requires additional
structured input, including optimal plans and suboptimal fully observable ac-
tion sequences. In real-world scenarios, obtaining fully observable traces can
be impractical, making this approach less suitable for environments where only
partial information is available.

Moving beyond purely symbolic or graph-based induction, optimisation-
driven learners tolerate partial observability by casting model learning as a
MAX-SAT problem. ARMS [178] reconstructs missing fluents by choosing pre-
conditions and effects that minimize a weighted combination of errors (failing
to explain observed transitions) and redundancies (unnecessary conditions).
LAMP [187] extends ARMS to richer, ADL-style domains, supporting quan-
tifiers and logical implications, by embedding the learning task in a Markov
Logic Network. CAMA [184] instead of relying on domain-specific informa-
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tion such as predicates and types, integrates crowd-sourced knowledge into
the learning process. The algorithm synthesizes soft constraints from both
crowd annotations and plan traces and then resolves these constraints using a
weighted MAX-SAT solver. This underscores the necessity for extensive exter-
nal input, either through simulated crowd-sourcing (which requires parameter
tuning) or through manual labeling by human annotators. However, CAMA
requires a substantial amount of data, with experiments showing strong per-
formance only when at least 75 traces are available. An alternative to these
optimization-driven approaches is SLAF [5], which takes a logic-based perspec-
tive. Rather than optimizing over weighted costs, SLAF encodes observations
into a logical theory and uses constraint propagation to eliminate inconsistent
models. Given partially observed states and action sequences, it incrementally
refines the hypothesis space by retaining only those action models that remain
logically consistent with all observations. This approach avoids the need for
numerical optimization but can be computationally intensive as the number
of possible models grows.

On a similar line, FAMA [4] is designed to work with plan traces where
actions may be partially or fully unobservable. However, it requires an initial
domain model that, while lacking preconditions and effects, includes a compre-
hensive set of state variables and their corresponding types, as well as complete
action signatures (action names and types).

SAM [86] follows a similar “model-skeleton” philosophy, but originates from
the safe action model learning literature [160]. Given fully observed, noise-free
traces plus a domain scaffold (action names, parameter types, and predicate
vocabulary), it builds a lifted action model guaranteed never to over-generalise:
every learned precondition is witnessed in some trace, and every learned ef-
fect is necessary to explain an observed state change. While SAM’s safety
guarantees are appealing, its reliance on a manually specified skeleton again
highlights the trade-off between weaker input assumptions and the complexity
of the learning task.

To further reduce input requirements, Balyo et al. [9] proposed a method
for learning action schemas from state traces that include fully observable state
transitions but provide no information beyond the action name. However, the
approach assumes that traces are noise-free and fully observable, meaning all
state changes are accurate and transitions are reliable.

Recently, several deep learning-based approaches have been explored for
learning planning domains from sub-symbolic or unstructured data. Huo et
al. [75] employed transformer architectures to translate natural language de-
scriptions into planning domains for typhoon prediction. Their method takes
advantage of transformers’ attention mechanisms to model long-range depen-
dencies in sequence-to-sequence data. However, the approach is computation-
ally demanding and depends heavily on the quality of training data, though
the use of pre-trained models alleviates some of these constraints. Kase et
al.[91] utilized Convolutional Neural Networks (CNNs) to generate planning
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domains from image and sensor data in robotic settings. Their approach effec-
tively captures relevant environmental features but is highly domain-specific,
particularly tailored for robotic arms, and thus lacks generalizability to other
domains. Xiao et al.[175] introduced a graph-based approach using Graph
Neural Networks (GNNs) to learn planning domain structures from partially
observed traces. This method leverages the representational power of GNNs for
structured relational data but depends on the availability of graph-based rep-
resentations. Iklassov & Medvedev [77] integrated GNNs with reinforcement
learning to enhance planning robustness in logistics domains. While effective in
complex decision-making environments, their method still requires well-formed
graph-structured inputs, limiting applicability in unstructured settings. Ah-
metoglu et al. [3] propose a neural-symbolic system that learns PDDL oper-
ators from continuous sensor data using a deep encoder-decoder architecture.
Their model, trained on 160,000 out of 200,000 collected samples, is applied
to a tabletop stacking task. While effective, the approach requires substantial
training data for a single domain and relies on simulated sensory traces rather
than symbolic plan traces. Another notable system is LatPlan [8], which learns
grounded PDDL action models from pairs of before and after images using an
unsupervised deep autoencoder framework. While it achieves good results in
simple domains, its performance degrades significantly in complex scenarios
due to poor image reconstruction and incorrect action modeling [101]. Addi-
tionally, LatPlan learns grounded representations, resulting in very long and
complex action schemas that are difficult to interpret and scale. Moreover, be-
cause actions are defined by changes in the model’s latent space, the resulting
PDDL domain is tightly coupled with the model. This limits interpretability
and reusability, as plans cannot be understood outside the model and must be
translated back into sub-symbolic representations for execution, complicating
integration with external planning or control systems.

5.1.2 Learning with Numerical State Variables
Other approaches focus on learning planning models that include numerical
state variables. N-SAM [116] extends SAM by incorporating a dedicated algo-
rithm to handle numerical variables while maintaining the same assumptions
of full, noise-free observability. PlanMiner [152], on the other hand, follows a
distinct multi-step process to derive planning models from plan traces. It first
converts plan traces into structured datasets, then applies symbolic regression
to enrich the extracted information, and finally learns preconditions and effects
by calling NSLV [57], a genetic algorithm for rule extraction. However, solving
a symbolic regression problem is, in general, computationally expensive, which
may limit the feasibility of this approach in real-world applications.
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5.1.3 Learning from Noisy Observations
While many action model learning techniques assume clean and deterministic
plan traces, several methods explicitly focus on handling noise in observed
data. AMAN [185] constructs action models from noisy execution traces using
graphical models, assuming that actions themselves may be affected by noise.
This approach processes plan traces without intermediate states, generating
a set of candidate action models that align with the observed transitions.
However, it does not handle cases where intermediate states are noisy.

Building on this idea, AMDN [186] is designed to handle more complex
noise patterns, including disordered actions, parallel actions, and noisy states.
However, its effectiveness depends on having a large number of plan traces,
with experiments using between 40 and 200 traces per scenario.

Another recent approach is AMLSI [59], which learns PDDL domain mod-
els from partial and noisy observations. AMLSI uses grammar induction over
state-action sequences and constructs a deterministic finite automaton (DFA)
to generalise observed behaviors. However, it requires two training sets: one
containing feasible action sequences and another containing infeasible ones.

Another approach, NOLAM [99], also employs graphical models but ex-
plicitly models uncertainty in noisy states. While effective in handling noise,
NOLAM tends to overconstrain action models by introducing many negative
preconditions, potentially reducing the generalizability of the learned models.
Unlike these probabilistic approaches, Mourão et al. [117] apply a voted Per-
ceptron classifier to learn explicit STRIPS rules from noisy traces, training
classifiers to predict action effects. However, this method requires large train-
ing sets - experiments were conducted with datasets containing 20,000 actions,
making it impractical for real-world applications where only limited traces are
available.

Another method for learning action models from traces with noisy states
is proposed by Rovida et al. [142]. Their approach learns a set of logical rules
associated with preconditions and effects of actions, then incrementally special-
izes or generalizes these rules as new transitions are provided. This incremental
learning strategy allows the method to adapt dynamically to new data, mak-
ing it particularly useful for scenarios where execution traces become available
over time.

Similarly, Agravante et al. [2] propose a neuro-symbolic model that learns
action models from traces with potentially noisy states. This method relies
on inductive logic programming [140], modeling preconditions and effects as
a set of logical rules, which are then translated into a PDDL action model.
However, no experimental analysis has been conducted to evaluate the impact
of noise on its performance, leaving an open question regarding its robustness
in real-world noisy environments.

Finally, an extension of the PlanMiner algorithm, PlanMiner-N [151], in-
troduces noise-handling capabilities for learning numerical planning domains.
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PlanMiner-N preprocesses input data by detecting and filtering out noise be-
fore applying the standard PlanMiner pipeline. After learning preconditions
and effects, it further refines the learned rules through a meta-state refinement
step, identifying and correcting erroneous preconditions and effects caused by
residual noise.

5.2 LAML
This section presents the Lifted Action Model Learning (LAML) algorithm,
which has undergone significant evolution to improve its robustness and appli-
cability in real-world scenarios. Initially, LAML was designed to learn action
models from deterministic datasets by systematically extracting grounded pre-
conditions and effects before generalizing them into lifted operator schemas.

In its initial formulation, LAML processes sequences of state transitions to
learn a set of grounded preconditions for each grounded action using decision
tree learning (C5.0 algorithm [95]). The approach consists of the following
steps:

• Learn Grounded Preconditions: LAML applies C5.0 decision trees
on each state variable to determine which grounded actions require spe-
cific conditions to hold before execution.

• Infer Grounded Effects: Given the deterministic nature of the envi-
ronment, effects are inferred by comparing state variables between con-
secutive states s and s′. Any change in a state variable signifies that the
action has modified it. This process is similar to inductive logic learn-
ing [118], where effects are logically derived from the action’s precondi-
tions.

• Lifting: The learned grounded preconditions and effects are then gener-
alized into lifted operator schemas.

• PDDL Conversion: Operator schemas are used to create a Planning
Domain Definition Language (PDDL) domain model.

The initial version of LAML was evaluated on benchmark domains from
the International Planning Competition (IPC) and compared against state-of-
the-art methods for learning planning domains in deterministic environments.
The results demonstrated that LAML is a valid and effective approach (De-
tailed results are presented in Section 6.4.) However, this approach had no-
table limitations. First, its reliance on a strictly deterministic environment
made action effects inference highly susceptible to noise, reducing its robust-
ness in real-world applications. Second, because the learning process operated
on grounded data, a significantly larger dataset was required to accurately
infer preconditions, making the approach data-intensive and less scalable.
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Figure 5.2: Comparison between the initial learning-then-lifting approach and
the improved lifting-then-learning paradigm. In the original method, LAML
first learns grounded preconditions and effects from state transitions before
generalizing them into lifted operator schemas. The updated framework, how-
ever, begins by lifting the dataset, allowing for direct learning of lifted precon-
ditions and effects.

To address these limitations, LAML was extended into a more advanced
framework that incorporates dataset prelifting, allowing for direct learning of
lifted preconditions and effects. Instead of first learning grounded models and
then generalizing, the updated LAML pipeline first lifts the data and then
applies learning techniques, significantly improving scalability. Additionally,
effect learning follows a frequentist approach, making it more robust to noise
by statistically identifying the most reliable effect patterns.

Figure 5.2 illustrates the transition from the initial learning-then-lifting
paradigm to the improved lifting-then-learning approach.

The next section provides a detailed explanation of the final version of
LAML. To illustrate key concepts, a running example based on a simplified
version of the well-known elevator domain1 will be used throughout the expla-
nation.

Running Example: The Elevator Domain
The elevator domain models an elevator system’s operation, enabling passen-
gers’ movement between different floors. This system is represented by a col-
lection of objects, predicates, and actions, which delineate the potential states
and changes that can occur within this domain. In detail,

• Objects: elevators (e), floors (f), passengers (p).

• State Variables (denoted as the set X):
1Int. Planning Competition https://ipc00.icaps-conference.org/
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– passengerAt(p, f): passenger p is at floor f .
– passengerIn(p, e): passenger p is inside elevator e.
– elevatorAt(e, f): elevator e is at floor f .
– reachable(f , e): floor f is reachable by elevator e.

• Actions (denoted as the set A):

– board(p, e, f):passenger p boards elevator e at floor f , requiring the
passenger p to be at floor f and the elevator e to be present at floor
f .

– disembark(p, e, f): passenger p exits the elevator e at floor f , re-
quiring the passenger p to be inside the elevator e and elevator e to
be at the intended floor f .

– move(e, f1, f2): elevator e moves from floor f1 to floor f2, requiring
the elevator e to be at floor f1, and floor f2 to be reachable with
elevator e.

5.2.1 Data Preprocessing
LAML takes as input a set of state transitions (s, a, s′), where s and s′ rep-
resent current and next states, respectively, and a denotes the action taken.
Each action is labeled with a descriptive identifier and associated grounded
parameters. Each state s consists of N different grounded state variables, rep-
resented as Boolean values, each characterized by a name and a unique set of
arguments composed of grounded symbols. States may also contain unknown
values, denoted as empty within the dataset.

The first step involves data preprocessing of state variables, and it is for-
mally described in Algorithm 3. For each state variable x in the variable set,
a separate dataset is generated. This process involves projecting each vari-
able to reduce the dataset’s dimensionality, resulting in the creation of one-
dimensional datasets, each representing individual state variables. Thus, for
a system comprising N grounded state variables, N one-dimensional datasets
are produced (line 9).

Each row within these datasets represents a Boolean value of the state
variable and its corresponding action. To refine the dataset further, only pairs
(s[x], a) are retained, where s[x] is the value of x in state s, such that the set
of grounded parameters in the action a includes all grounded arguments of the
state variable x (line 8-9). This is done by using the function

Params(x = (name p1 . . . pn)) = {p1, . . . , pn}

which extracts the parameters of a state variable or action x into a set. This
refinement process ensures that only state variables with matching objects are
kept, except for state variables with no arguments, which are always included.
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Note that only the current state s is used in this process; the next state s′ is
ignored. This is because these datasets are used to learn preconditions, i.e.,
the state context when an action is applied, rather than its effects.

Algorithm 3 Data preprocessing state variables

Require: Dataset D consisting of transitions (s, a, s′)
1: Initialize Gs ← []
2: Extract all distinct state variables X from D
3: for each state variable x ∈ X do
4: Dx ← []

5: for each (s, a, s′) ∈ D do
6: for each state variable x ∈ X do
7: if s[x] is not empty and Params(x) ⊆ Params(a) then
8: Dx.append

(
{(s[x], a)|(s, a, s′) ∈ D)}

)

9: Append Dx to Gs

return Gs

Similarly, a dataset is generated for each grounded action, retaining only
the state variables applicable to that action based on their groundings (Algo-
rithm 4). In this case, the entire transition (s, a, s′) is retained in the dataset.
This enables the subsequent extraction of effects by comparing the state before
and after the action. In detail, for every grounded action, all state variables x
from the current state s such that Params(x) ⊆ Params(y), are collected thus
focusing on the context in which y is applied, checking whether all the pa-
rameters in the grounded state variable x are also parameters in the grounded
action y.

Algorithm 4 Data preprocessing actions

Require: Dataset D consisting of transitions (s, a, s′)
1: Initialize Ga ← []
2: Extract all distinct grounded actions Y from D
3: for each action y ∈ Y do
4: Dy ← []

5: for each grounded action y ∈ Y do
6: for each (s, y, s′) ∈ D do
7: if s[x] is not empty and Params(x) ⊆ Params(y) then
8: Dy.append

(
{(s[x], y, s′[x])|(s, y, s′) ∈ D)}

)

9: Append Dy to Ga

return Ga

Example Considering the elevator scenario with 1 elevator, 3 passengers,
and 4 floors, we generate 23 datasets: 12 for grounding the condition passengerAt,
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3 for grounding passengerIn, 4 for grounding elevatorAt, and 4 for ground-
ing reachable. Each dataset contains grounded actions corresponding to the
respective grounded conditions. For instance, the passengerIn p0 e0 dataset
(see Figure 5.3) will exclusively map grounded actions containing both p0 and
e0, alongside their corresponding Boolean values for the passengerIn variable.

passengerIn p0 e0
s action

F board p0 e0 f0

F board p0 e0 f1

F board p0 e0 f2

F board p0 e0 f3

T disembark p0 e0 f0

T disembark p0 e0 f1

T disembark p0 e0 f2

T disembark p0 e0 f3

rechable f0 e0
s action

F board  p0 e0 f0

T board p1 e0 f0

T board p2 e0 f0

F disembark p0 e0 f0

F disembark p1 e0 f0

T disembark p2 e0 f0

F move e0 f0 f1

T move e0 f0 f2

F move e0 f0 f3

T move e0 f1 f0

T move e0 f2 f0

T move e0 f3 f0

Figure 5.3: Illustrative examples of the generated datasets for the grounded
variables passengerIn p1 e0 and reachable f0 e0, within the elevator scenario
with 1 elevator, 3 passengers, and 4 floors. The figure shows the Boolean values
(T for True, F for False) of the grounded state variable when the corresponding
action is applied.

5.2.2 Prelifting
To generalize the datasets, grounded parameters are replaced with generic
placeholders, following a similar approach to PlanMiner [152]. The full proce-
dure is outlined in Algorithm 5. Specifically, in the grounded state variables’
datasets, every parameter is substituted with a generic token arg, while pa-
rameters in actions not appearing in state variables are replaced with a generic
constant const (lines 6-12).

Then, state variables with identical lifted signatures are merged into a
single dataset (line 13), thus creating a dataset for each generic state variable.
Therefore, for a system with M state variables, the output consists of M lifted
datasets.

Similarly, actions are lifted by replacing their arguments with generic to-
kens, and each resulting lifted action dataset La is added to the list LA.
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Algorithm 5 Prelifting state variables
Require: List Gs containing grounded state variable datasets Dx

1: Initialize LS ← []
2: for each dataset Dx ∈ Gs do
3: I ← list(Params(x))
4: C ← []
5: for each (s, a) ∈ Dx do
6: for each parameter p in a do
7: if p ∈ I then
8: Replace p with argi, where i is the position of p in I
9: else

10: if p /∈ C then
11: C.append(p)
12: Replace p with consti, where i is the position of p in C

13: Merge the datasets in Dx into a new dataset if x has identical lifted sig-
natures into a new dataset Ls

14: Append Ls to LS

15: return List LS containing M lifted datasets Ls

Example In the elevator scenario, the state variable elevatorAt(e0, f1),
where (e0 and f1 represent a specific elevator and a specific floor respectively,
is generalized to elevatorAt(arg1, arg2), replacing e0 and f1 with generic ar-
gument tokens (see Figure 5.4. Actions involving this variable are updated ac-
cordingly. For instance, board(p2, (e0, f1) is generalized to board(const, arg1,
arg2), where arg1, arg2 represent generalized placeholders for the elevator and
floor and const represents a generic entity (the passenger). Similarly, the state
variable elevatorAt(e0, f2) is also transformed into elevatorAt(arg1, arg2),
and the associated action board(p1, e0, f2) is converted to board(const, arg1,
arg2). Despite referring to different floors and passengers in their grounded
forms, these actions are combined into a single generalized dataset describing
the predicate elevatorAt.

The same abstraction approach applies to the actions dataset. For exam-
ple, the action move(e0, f1, f2) becomes move(arg1, arg2, arg3). Correspond-
ingly, state variables within this dataset are updated as well; for instance,
reachable(f1, e0) transforms into reachable(arg2, arg1). This procedure en-
sures that state variables and actions are consistently lifted into a generalized
representation.

5.2.3 Learn Lifted Preconditions
Once the datasets have been prelifted, the C5.0 decision tree algorithm is used
to learn classification rules for each lifted state variable (Algorithm 6). Unlike
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elevatorAt e0 f1
s action

T board  p0 e0 f1

T board p1 e0 f1

T board p2 e0 f1

T disembark p0 e0 f1

T disembark p1 e0 f1

T disembark p2 e0 f1

F move e0 f0 f1

T move e0 f1 f2

T move e0 f1 f3

T move e0 f1 f0

F move e0 f2 f1

F move e0 f3 f1

elevatorAt arg1 arg2 

s action

T board  const arg1 arg2
T board const arg1 arg2
T board const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
F move arg1 const arg2
T move arg1 arg2 const

T move arg1 arg2 const

T move arg1 arg2 const

F move arg1 const arg2
F move arg1 const arg2

elevatorAt e0 f2
s action

T board  p0 e0 f2

T board p1 e0 f2

T board p2 e0 f2

T disembark p0 e0 f2

T disembark p1 e0 f2

T disembark p2 e0 f2

F move e0 f0 f2

F move e0 f1 f2

T move e0 f2 f3

T move e0 f2 f0

T move e0 f2 f1

F move e0 f3 f2

elevatorAt arg1 arg2 

s action

T board  const arg1 arg2
T board const arg1 arg2
T board const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
F move arg1 const arg2
F move arg1 const arg2
T move arg1 arg2 const

T move arg1 arg2 const

T move arg1 const arg2
F move arg1 const arg2

elevatorAt arg1 arg2 

s action

T board  const arg1 arg2
T board const arg1 arg2
T board const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
F move arg1 const arg2
T move arg1 arg2 const

T move arg1 arg2 const

T move arg1 arg2 const

F move arg1 const arg2
F move arg1 const arg2
T board  const arg1 arg2
T board const arg1 arg2
T board const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
T disembark const arg1 arg2
F move arg1 const arg2
F move arg1 const arg2
T move arg1 arg2 const

T move arg1 arg2 const

T move arg1 const arg2
F move arg1 const arg2

Figure 5.4: Illustrative examples of the lifting process in the elevator domain.
The left side shows grounded state-action transitions, where specific elevators
and floors are explicitly referenced (e.g., e0, f1). The right side displays the
generalized representation, where specific entities are replaced with generic
argument tokens (arg1, arg2). This transformation allows for a unified dataset
that abstracts similar actions across different instances.

simpler methods such as rule-based heuristics or naive classifiers, decision trees
can capture complex dependencies between state variables while remaining
computationally efficient. Additionally, C5.0 offers robustness to noise, making
it particularly effective given the noisy, real-world nature of our input data.
The input to this learning phase is the list LS = [Ls1 , Ls2 , ..., LsM ] of lifted
state variable datasets generated in the prelifting stage. Each Ls corresponds
to a specific state variable s ∈ M and contains tuples of the form (s[x], a),
where a is the lifted action taken, represented by its name and list of lifted
parameters (e.g., board(p, e, f) and s[x] ∈ {true, false} is the Boolean
value of the state variable s in the state where a is applied.

However, a limitation of C5.0 is its inability to learn from static state
variables or those that remain unchanged across the entire dataset. To ad-
dress this, an additional step is introduced in the data preprocessing to ensure
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that decision tree learning captures meaningful patterns. Specifically, a small
amount of synthetic noise is injected by randomly flipping a single value in
any constant grounded variable. This prevents the variable from being entirely
uninformative, allowing the model to consider it during rule induction.

More in detail, for a system with M state variables, the learning process
involves training M decision trees Ts using the C5.0 algorithm. Each resulting
tree consists of a root node and one additional level of child nodes (i.e., 1-level
decision trees) (line 2): the root node represents the state variable s, the edges
denote the possible actions and the leaf nodes correspond to the predicted value
of the state variable x when the actions on the edge are applied (see Figure 5.5).
This process identifies which actions require specific state variables to hold for
their execution. Since the state variables are binary, the learning problem is
framed as identifying in which actions each specific condition is true.

To convert the decision tree into a set of grounded preconditions, the fol-
lowing steps are applied:

• Each decision tree is traversed from the root to every leaf that corre-
sponds to the true class, indicating the actions where the condition holds
(lines 5-7).

• For each action, a conjunction of all true state variables associated with
it is formed (lines 8-9).

Through this method, all the conditions that must be met to perform an action
are systematically identified.

Algorithm 6 Learn lifted preconditions
Require: List LS of lifted state variable datasets Ls

1: Initialize an empty set T to store decision trees
2: T ← {C5.0(Ls)|Ls ∈ LS} //Train a set of decision trees
3: ∀a∈A : Pa ← ∅
4: for Ts ∈ T do
5: for each leaf node i in Ts do
6: if true class then
7: Extract the set of actions As leading to i
8: for each action a ∈ As do
9: Pa ← Pa ∪ {s} //add s as a precondition of a

return {Pa|a ∈ A}

Example In the elevator scenario, four sets of rules are derived, correspond-
ing to the four state variables. For the state variable passengerAt(arg1, arg2),
the relevant lifted action where it holds true is board(arg1, const, arg2). Sim-
ilarly, for the state variable elevatorAt(arg1, arg2), the lifted actions where
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it holds true include move(arg1, arg2, const), board(const, arg1, arg2), and
disembark(const, arg1, arg2).

To determine the preconditions of an action, all conditions where the
corresponding state variable holds true are considered. The generic action
board(arg1, const, arg2) appears in the rule set of passengerAt(arg1, arg2),
while board(const, arg1, arg2) appears in the rule set of elevatorAt(arg1, arg2).
By merging these rules and mapping their arguments, the lifted preconditions
of the action board(arg1, arg2, arg3) are identified as: passengerAt(arg1, arg3)
and elevatorAt(arg2, arg3)

elevatorAt arg1 arg2 

True False

board  const arg1 arg2
disembark const arg1 arg2
move arg1 arg2 const

move arg1 const arg2

passengerIn arg1 arg2 

True False

rechable arg1 arg2 

True False

disembark const arg2 arg1
board  const arg2 arg1

move arg2 const arg1
move arg2 arg1 const

passengerAt arg1 arg2 

True False

board arg1 const arg2 disembark arg1 const arg2

board arg1 arg2 constdisembark arg1 arg2 const

Figure 5.5: Decision trees used for precondition learning in the elevator domain.
Each tree represents one state variable (elevatorAt, passengerIn, reachable,
passengerAt) and identifies the lifted actions where the variable holds true
(left branch) or false (right branch). The highlighted nodes correspond to
actions influenced by each state variable, and merging these rules leads to the
generalized lifted preconditions of actions.

5.2.4 Learn Lifted Effects
State variable changes caused by actions are determined using frequency anal-
ysis, as outlined in Algorithm 7. The input to this process is the set of lifted
action datasets LA. For each action, and for each state variable within its
context, the value of the variable is tracked to determine whether it remains
consistently true or false, or if it changes during action execution and the
occurrences of each case are counted (lines 4-13).

Given the noise in the data, the effect is determined using an argmax
function to identify the most frequent change pattern (line 15):



5.2. LAML 95

• If the most frequent pattern is no change, the variable is not considered
an effect of the action.

• If the most frequent change is to true, the variable is marked as a positive
(add) effect (lines 16-17).

• If the most frequent change is to false, the variable is marked as a negative
(delete) effect (lines 18-19).

This statistical approach accounts for noise and mitigates uncertainty.

Algorithm 7 Learn lifted effects
Require: List LA of La lifted action datasets
1: E ← {∀a ∈ A,Ea ← ∅}
2: for each La in LA do //for each action a
3: F [x, c] ← 0 ∀ x ∈ X, c ∈ {const+, const–, eff+, eff–}
4: for each transition (s, a, s′) ∈ La do
5: for each state variable x in s do
6: if s[x] = s′[x] and s[x] = true then
7: F [x, const+]+ = 1
8: else if s[x] = s′[x] and s′[x] = false then
9: F [x, const–]+ = 1

10: else if s[x] = false and s′[x] = true then
11: F [x, eff+]+ = 1
12: else if s[x] = true and s′[x] = false then
13: F [x, eff–]+ = 1

14: for each x ∈ F do
15: f ← argmaxc F [x, c]
16: if f = eff+ then
17: Ea ← Ea ∪ {x+} //add x as an positive effect of a
18: else if f = eff– then
19: Ea ← Ea ∪ {x−} //add x as an negative effect of a
20: E ← Ea

return E

Example: In the elevator running example, consider the action board(arg1,
arg2, arg3). When this action is executed, the state variable passengerAt(arg1,
arg3) typically transitions from true (before the action) to false (after the
action). On the other hand, passengerIn(arg1, arg2) changes from false to true.
These transitions happen consistently when the data are noise-free. However,
due to noisy data, there might be instances where these state variables do not
change as expected. To handle this, we count occurrences of each possible state
transition and select the most frequent one, ensuring robustness against noise.
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5.2.5 Generate PDDL Domain
The learned action models are translated into PDDL format, assuming prior
knowledge of the action signature, that is, the names of actions and their
argument types, but not their preconditions or effects. This assumption is
necessary to correctly structure actions within the PDDL domain. In practice,
it remains a lightweight assumption, as action names and argument types
are typically available from domain specifications, execution logs, or system
documentation.

Unlike many existing methods that require a full domain skeleton, which is
a predefined domain containing object types, predicates, and action schemas
with empty preconditions and effects, this approach does not depend on addi-
tional structured knowledge beyond the observed actions themselves.

This translation enables seamless integration with AI planners, allowing
the learned action models to be directly utilized for automated planning tasks.
The encoding follows PDDL2.0, though other representation languages could
be adopted with minimal modifications.

The final representation of the learned action models is illustrated in Fig-
ure 5.6, demonstrating how preconditions and effects are structured within the
domain.

(define (domain elevator)
(:requirements :strips)
(:types e f p) 
(:predicates
(elevatorAt ?e - e ?f - f)
(reachable ?f - f ?e - e)
(passengerAt ?p - p ?f - f)
(passengerIn ?p - p ?e - e)

)
(:action move
:parameters (?e - e ?f0 - f ?f1 - f)
:precondition (and (elevatorAt ?e ?f0) (reachable ?f1 ?e))
:effect (and (not (elevatorAt ?e ?f0)) (elevatorAt ?e ?f1))

)
(:action board
:parameters (?p - p ?e - e ?f - f)
:precondition (and (elevatorAt ?e ?f) (passengerAt ?p ?f))
:effect (and (not (passengerAt ?p ?f)) (passengerIn ?p ?e))

)
(:action disembark
:parameters (?p - p ?e - e ?f - f)
:precondition (and (elevatorAt ?e ?f) (passengerIn ?p ?e))
:effect (and (not (passengerIn ?p ?e)) (passengerAt ?p ?f))

)

Figure 5.6: Example of the LAML learned PDDL domain in the elevator do-
main
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5.3 Comparison with NOLAM
While both LAML and NOLAM aim to learn planning domain models from
noisy execution traces, their fundamental assumptions and learning mecha-
nisms are quite different.

NOLAM is based on a Bayesian probabilistic framework. It models the
uncertainty in observations by treating the truth value of each possible pre-
condition and effect as a random variable. A graphical model is constructed
over these variables, and learning is achieved by computing the posterior prob-
ability of each condition being part of an operator’s definition. This allows
NOLAM to reason explicitly about uncertainty and noise in the input traces.

However, to perform this inference, NOLAM requires the noise level to be
known and specified as a parameter. The method assumes that sensor noise
can be modeled as a Bernoulli process with a fixed probability e, and this
probability must be provided by the user. The model uses this parameter
to reason about the likelihood of observed state transitions being flipped or
corrupted. Incorrect assumptions about this noise parameter can reduce the
accuracy of the learned model.

In contrast, LAML follows a frequentist approach that does not require
any prior knowledge of the noise level. Instead of modeling uncertainty prob-
abilistically, LAML learns from consistent patterns in the data. Preconditions
are extracted using decision tree learning, and effects are inferred through fre-
quency analysis of observed state changes. This makes LAML more flexible in
situations where the characteristics of the noise are unknown or variable across
the dataset.

This subsection provides the conceptual backdrop for the more detailed
evaluation in Chapter 6.

5.4 Summary and Outlook
This chapter introduced LAML, an approach for learning lifted planning do-
mains from execution traces in noisy environments. The method operates by
analyzing sequences of state transitions and identifying preconditions and ef-
fects that explain observed action behavior. The resulting action models are
intended to support automated planning and enable further analysis of system
behavior.

The next chapter addresses this challenge by examining the evaluation of
learned planning domains, a task that lacks standardized metrics and method-
ologies. It begins with a review of the key difficulties in assessing learned plan-
ning domain quality and then introduces the multi-faceted evaluation strat-
egy applied in this thesis. This provides a structured basis for analyzing the
strengths and limitations of LAML and contributes to a broader understanding
of how to assess learned planning models in practice.





Chapter 6

Evaluating Learned Planning
Domains

The evaluation of learned models is a fundamental yet challenging aspect of
knowledge engineering. While Chapter 4 addressed the evaluation of Behavior
Trees (BTs), the focus here shifts to assessing the learning algorithm respon-
sible for learning planning domains. In this context, the planning domain is
not the ultimate target of evaluation, but rather the output artefact through
which the quality and generalizability of the learning process is inferred.

This distinction is crucial: whereas the BT evaluation was focused on how
well a synthesised BT fulfilled its task-oriented role, the present evaluation
seeks to answer a different question: how well does the learning algorithm re-
construct a planning domain model that generalises correctly and supports ef-
fective planning?. Thus, the quality of the learned domain serves as a proxy for
evaluating the efficacy and reliability of the underlying learning mechanism.

Evaluating planning domains remains a complex problem due to the ab-
sence of universally accepted metrics. Different evaluation approaches offer
distinct insights, yet each comes with inherent limitations, making it difficult
to establish a single, definitive metric. A comprehensive assessment of planning
domains extends beyond structural correctness to encompass their functional
performance, particularly their ability to generate valid and effective plans.
A learned domain must accurately represent the planning environment while
supporting the derivation of valid plans.

This chapter explores the key challenges in evaluating learned planning do-
mains and reviews the state of the art on the difficulties associated with their
assessment. It then introduces the evaluation methods applied in this thesis,
each targeting a distinct aspect of domain quality. These include comparison
with reference domains, plan generation feasibility, comparison with histor-
ical plans, simulation-based evaluation, plan validation, and human expert
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evaluation. Each method is analysed in terms of its applicability, strengths,
and limitations, providing a structured perspective on how to evaluate learned
planning models in practice.

6.1 Related Work
Evaluating the quality of planning domain models has been approached from
multiple perspectives, ranging from structural comparison to semantic vali-
dation and human interpretability. Each of these approaches contributes to
a more comprehensive understanding of how learned models align with real-
world applications and theoretical expectations. In this thesis, however, the
primary goal is not to evaluate the learned domain as an artefact in itself,
but to use it as a means to assess the performance of the learning algorithm
that produced it. The planning domain is treated as the output of a learning
process, and its quality is interpreted as indicative of how well the underlying
algorithm has captured the structure and dynamics of the environment.

A foundational line of research focuses on defining general criteria for as-
sessing the quality of planning knowledge models. McCluskey et al. [112] for-
malise semantic quality in terms of correctness, completeness, and adequacy,
emphasising the need for models that not only capture the domain structure
but also function effectively within a planner. Vallati & McCluskey [167] ex-
tend this framework by distinguishing syntactic, operational, and pragmatic
quality. These frameworks provide formal guidance for evaluating planning
domain models.

To improve domain quality, other methods focus on refining domain mod-
els based on execution data. Machine-learning-based approaches detect dis-
crepancies between expected and observed outcomes in execution traces and
revise models accordingly [102]. This aligns with historical plan comparison,
where learned models are validated against real-world execution data. These
techniques inform evaluation strategies that assess a model’s ability to gener-
ate plans that match historical records. From the perspective adopted in this
thesis, such evaluations contribute directly to diagnosing the accuracy and
robustness of the learning process.

Understanding how humans interpret planning domain models is another
important aspect of evaluation. Studies on hierarchical planning domains in-
vestigate the role of preconditions and effects in aiding user comprehension,
demonstrating that providing inferred conditions for compound tasks improves
comprehension of learned models [123]. Similarly, Poels et al. [133] develop a
Perceived Semantic Quality (PSQ) measure for evaluating how well a model
conveys real-world semantics. These insights suggest that expert evaluation
should consider not only structural and functional correctness but also model
interpretability. In the present work, such human-centered evaluations are used
not only to assess usability but also as an indirect indicator of the quality of
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the learning algorithm itself, based on how intuitive and coherent the resulting
domain appears to domain experts.

A central challenge in this thesis is evaluating how learned models compare
to existing ones. Several approaches focus on structural comparison to measure
similarity between domain models. Methods based on Answer Set Program-
ming (ASP) [21] formalise domain model similarity as a graph edit distance
problem, enabling the identification of structural deviations. Shoeeb & Mc-
Cluskey [154] define weak and strong equivalence to formally assess domain
model similarity. Strong equivalence ensures logical identity up to naming, re-
quiring that every corresponding grounded instance of two strongly equivalent
lifted domain models also exhibits strong equivalence. However, as generat-
ing all possible grounded problems is infeasible, they define weak equivalence,
which considers two models functionally identical if they produce the same
valid plans. These methods establish a formal foundation for evaluating learned
models in relation to reference domains, aligning with structural correctness-
based evaluation metrics.

6.2 Evaluation Methods
Building upon the challenges outlined in the previous sections, this work in-
vestigates a range of evaluation methods designed to assess different aspects
of learned planning domain models. Each evaluation method provides insights
into different aspects of a learned planning domain, and its applicability de-
pends on the available resources and conditions, such as the presence of a
simulator or past execution data.

The evaluation methods considered include:

• Comparison with reference domain

This method evaluates how well the learned domain aligns with an exist-
ing reference model, such as International Planning Competition (IPC)
benchmark domains. The structural accuracy is assessed using precision
and recall, measuring the extent to which the learned model correctly
captures preconditions and effects present in the reference domain. How-
ever, reference domains are often unavailable in real-world applications,
limiting the generalizability of this approach.

• Plan generation feasibility This approach assesses whether the learned
model can generate plans for given problems. This can be assessed by
computing the ratio of problems for which a solution can be generated us-
ing the learned model. A high ratio suggests broad applicability, though
it does not guarantee the correctness or executability of the generated
plans.
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• Comparison with historical plans By comparing generated plans
with previously executed real-world plans, this method evaluates how
closely a learned domain aligns with historical decision-making. Distance
between the two plans, such as graph edit distance or other plan simi-
larity metrics, can quantify deviations between generated and historical
plans. However, historical plans may not always be optimal, and multiple
valid solutions may exist for the same problem.

• Simulation-Based Evaluation In this approach, the learned domain is
tested by executing generated plans in a simulated environment, assess-
ing whether they achieve their intended goals. The success ratio of plans
reaching their goal states is used as a key metric. Beyond binary success
rates, simulation environments can provide domain-specific metrics that
offer deeper insights into model quality. For example, in robotic domains,
these may include energy consumption, time to goal, number of collisions,
or safety constraint violations. In logistics settings, simulation may track
resource utilization, delivery time, or throughput. By tailoring evalua-
tion metrics to domain requirements, simulation-based assessments can
more accurately reflect operational performance and trade-offs. However,
the accuracy of this evaluation depends on the fidelity of the simulator,
which may not perfectly reflect real-world conditions.

• Plan validation Plan validation ensures that a generated plan is valid
when executed under the constraints of the domain. This is measured by
computing the ratio of valid plans generated by the learned model that
remain executable in the reference domain. This method relies on plan
validation tools, but is limited by the availability of reference domains
for comparison.

• Human expert evaluation Human experts manually assess the learned
domain and its generated plans for correctness and relevance. While this
method accounts for real-world nuances and domain-specific expertise,
it is time-consuming, subjective, and lacks scalability. Expert evalua-
tion is most useful in scenarios where automated validation methods are
insufficient.

• Real-World Execution Evaluation In scenarios where system de-
ployment is feasible, plans generated from the learned domain can be
executed directly in the real world, with outcomes monitored to assess
correctness and effectiveness. This form of evaluation shares similarities
with reinforcement learning, where agents iteratively improve through
real-world interactions. Metrics may include task completion rate, exe-
cution time, error frequency, or human intervention needs. However, this
method is associated with higher cost, risk, and limited scalability, par-
ticularly during early model development or in safety-critical domains.
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Despite the availability of various evaluation techniques, several challenges
continue to hinder the effective assessment of learned planning domains. Ear-
lier methods [4, 117] relied on reference domain evaluation, but more recent
approaches [116, 152] have integrated plan validation to assess functional cor-
rectness. However, reference-based methods remain limited by the availability
of predefined domains. NOLAM [99] further incorporates plan generation fea-
sibility, allowing evaluation without a reference domain by testing the model’s
ability to generate plans for new problems. Table 6.1 provides a structured
comparison of the evaluation methods discussed, outlining their key charac-
teristics, associated metrics, advantages, and limitations. This serves as a valu-
able reference for selecting the most suitable evaluation approach based on the
specific requirements and constraints of a given planning domain.

6.3 Evaluation Metrics
The evaluation of learned planning domains requires well-defined metrics that
quantitatively assess different aspects of model quality. This work employs a
selection of metrics that address both structural accuracy and practical ap-
plicability, ensuring alignment with the evaluation methods discussed in the
previous sections. In practice, domain validation is performed over a set of
problems, not just a single instance. Consequently, some computed metrics
are normalized to provide a more representative assessment of model perfor-
mance.

Comparison with Reference Domain
To determine how well a learned domain structure aligns with an established
reference model, precision and recall are employed as key metrics. Precision
measures how accurately the learned conditions match the ground truth, while
recall assesses how comprehensively the learned domain captures the bench-
mark domain. Precision and recall can be computed for preconditions and
effects. Additionally, they can be defined separately for positive preconditions
(Pre+), negative preconditions (Pre–), positive effects (Eff+), and negative ef-
fects (Eff–), as well as for the entire action model, considering all preconditions
and effects together. Mathematically, precision is defined as:

p =
c

(c+ l)
,

where c is the number of conditions in both the learned and the benchmark
domains, and l is the number of conditions in the learned but not in the
benchmark domain. On the other hand, recall is defined as:

r =
c

(c+ b)
,
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where b represents the number of conditions in the benchmark domain but not
in the learned domain.

These definitions ensure that evaluation accounts for both the accuracy of
learned conditions and the coverage of reference conditions, offering a measure
of structural alignment.

Plan Generation Feasibility
Plan generation feasibility evaluates whether the learned domain can success-
fully generate valid plans for a given set of planning problems. This metric
assesses the model’s ability to produce solutions across different problem in-
stances, providing insight into its general applicability. The feasibility of plan
generation is measured using the ratio of solvable problems, defined as:

SRp =

∑N
i=1 1(Pgi 
= ∅)

N
, (6.1)

where N represents the total number of evaluated planning problems, Pgi

is the generated plan for the ith problem, and 1 is an indicator function that
returns 1 if a plan was successfully generated and 0 otherwise.

A higher ratio suggests that the learned model is capable of generating
solutions for a larger set of problems. However, this measure does not assess the
correctness, optimality, or executability of the generated plans, necessitating
further validation.

Comparison with Historical Plans
Evaluating a learned model’s consistency with real-world decision-making re-
quires comparing its generated plans against historical execution data. The
similarity between these plans is measured using plan distance metrics in or-
der to quantify how much a generated plan deviates from a historical plan.

The similarity between these plans can be assessed using two complemen-
tary metrics:

• A binary metric, which assesses whether a generated plan exactly matches
the corresponding historical plan, computed as:

SRb
m =

N∑

i=1

1(Pgi 
= ∅) · 1(Pgi = Phi)

1(Pgi 
= ∅) (6.2)

where N is number problems, Pgi and Phi
are the generated and his-

torical plans for the ith problem respectively, 1 is an indicator function
that returns 1 if a plan was successfully generated and 0 otherwise and
1(Pgi = Phi) is an indicator function that returns 1 if the plans are
identical and 0 otherwise.
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An SRb
m = 1 signifies that all generated plans are identical to histor-

ical executions, whereas a value near 0 indicates substantial deviation.
Therefore, SRb

m measures how often exact matches occur.

• A quantitative distance metric, which captures how much a generated
plan deviates from the corresponding historical plan. The distance func-
tion D(Pgi , Phi) can be computed using various methods:

– Edit Distance: The number of insertions, deletions, or substitutions
required to transform one plan into another.

– Action Overlap Ratio: The fraction of shared actions between the
generated and historical plans.

– Execution Cost Difference: The difference in cumulative execution
cost between the two plans.

The normalized plan distance metric is computed as:

SRq
m =

N∑

i=1

1(Pgi 
= ∅) ·D(Pgi , Phi
)

1(Pgi 
= ∅) (6.3)

where D(Pgi , Phi) represents the distance between the generated and
historical plans, normalized to a range of [0, 1], with 0 indicating an
exact match and 1 representing maximum divergence.

A lower value of SRq
m signifies stronger alignment with historical plans,

whereas a higher value indicates greater deviations. Therefore, SRq
m

quantifies deviations when exact matches do not occur.

Plan Validation
Plan validation assesses whether the plans generated using the learned domain
are valid. A plan is considered valid if executing its actions sequentially from
the initial state leads to a final state that matches the objective state. The
validation ratio is defined as:

SRv =
N∑

i=1

1(Pgi 
= ∅) · Valid(Pgi)

1(Pgi 
= ∅) (6.4)

where N is the number of problems, 1 is an indicator function that returns
1 if a plan was successfully generated and 0 otherwise, and Valid(Pgi) is a
binary function that returns 1 if the generated plan is valid and 0 otherwise.

While this metric ensures the validity of generated plans, its effectiveness
depends on the availability of reference domains.
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Table 6.1: Comparison of advantages (+) and limitations (-) of evaluation
methods.

Method Description Metric Remarks
Comparison
with
Reference
Domain

Assesses the
similarity between
the learned domain
and a predefined
reference domain.

Precision
and Recall

(+) Enables objective comparison;
supports reproducibility; facilitates
benchmarking
(–) Does not ensure functional validity;
reference domains may be unavailable;
may not guarantee plan correctness;
may miss real-world complexity

Plan
Generation
Feasibility

Tests whether the
learned domain can
generate a valid plan
for a given problem
and goal.

Ratio of
solvable
problems

(+) Verifies basic functionality; identifies
missing elements; computationally
lightweight
(–) Does not assess plan correctness or
quality; cannot detect flawed constraints

Comparison
with
Historical
Plans

Evaluates generated
plans by comparing
them to previously
executed real-world
plans.

Edit
distance,
deviation

(+) Uses real-world data; compares new
plans to past decisions; measures
planning consistency
(–) Historical plans may not be optimal;
multiple valid plans may exist; errors in
historical data can mislead evaluation;
limited ability to generalise to new
scenarios

Simulation-
Based
Evaluation

Evaluates whether
generated plans
successfully achieve
the goal in a
simulated
environment.

Ratio of
successful
goal
completions
in
simulation

(+) Assesses goal achievement; enables
large-scale testing; supports tailored
evaluation
(–) Depends on simulator fidelity; may
not reflect real-world execution; may
miss real-world unpredictability

Plan
Validation

Checks if a
generated plan
remains valid when
compared to a
reference domain,
without actual
execution.

Ratio of
valid
solutions
relative to
the
reference
domain

(+) Ensures plan validity, consistency,
and executability; scalable automation
(–) Requires a reference model; does not
assess efficiency or optimality; cannot
guarantee completeness or absence of
biases

Human
Expert
Evaluation

Experts manually
assess the
correctness of the
learned domain and
generated plans.

Qualitative
expert
judgment

(+) Accounts for real-world
complexities; identifies errors overlooked
by automated methods; works when
formal references or simulations are
unavailable
(–) Time-consuming and costly;
subjective; not scalable or reproducible

Real-World
Execution
Evaluation

Executes generated
plans in the physical
world to assess
actual outcomes.

Task
success
rate;
runtime
metrics

(+) Captures real-world complexity and
unforeseen interactions; supports
iterative refinement
(–) Resource-intensive; may be risky or
unsafe; difficult to repeat and scale
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6.4 LAML Evaluation
The implementation of LAML was developed using Python 3.8 for the core
functionality, with the C5.0 decision tree algorithm provided via the C5.0
package1 in R.

The evaluation is designed to assess both the structural accuracy of the
action models learned by LAML under varying levels of noise in the input
traces and their practical effectiveness in solving planning problems. Accu-
racy is measured against a reference model using standard structural metrics,
namely precision and recall. In addition, planning performance is evaluated
through metrics that capture plan generation success, similarity to historical
plans, and validation success rates.

The results are compared against NOLAM [99] using the exact same exe-
cution traces2 to learn planning domains to ensure consistency in the exper-
imental setup. These traces are derived from 23 classical planning domains
featured in past International Planning Competitions (IPCs), as summarized
in Table 6.2.

Trace generation follows the method described by Lamanna & Serafini [99].
For each planning problem, a solution plan was computed using the ground-
truth action model provided by the IPC domain. Planning was performed using
FastDownward [69], configured with a lazy greedy best-first search strategy
guided by the context-enhanced additive heuristic [43] and the FastForward
heuristic [71]. Each computed plan was then executed from the initial state
to obtain a set T of 10 execution traces per domain. The generated traces
span a wide range of complexity, containing between 1 and 70 transitions, 3
to 58 objects, and 8 to 687 ground atoms. To simulate varying levels of noise,
the traces were further modified by randomly flipping the truth value of each
ground state variable with probability p ∈ {0, 0.1, 0.2, 0.3, 0.4}. While the
domain learning is conducted using plan traces, this is not a requirement of
the method. LAML is designed to operate on any form of state-action-state
sequences, including those produced by random action walks or real-world
execution logs. The method does not assume access to goals, plan optimality,
or known domain structure. What is required is that transitions between states
are observed, so that action effects and preconditions can be inferred. In this
sense, LAML is agnostic to how the data is generated and can be applied
in both synthetic and realistic data collection settings. To evaluate planning
performance (plan generation success, comparison with historical plans, and
plan validation), we used the same set of 10 test problems per domain that were
randomly generated in the NOLAM study3. These problems are distinct from
those used to produce the training traces, ensuring that the evaluation reflects

1https://CRAN.R-project.org/package=C50
2https://github.com/LamannaLeonardo/NOLAM/tree/main/Analysis/Input%20traces/

NOLAM
3Available as additional material at https://openreview.net/forum?id=nSGl4pICyD
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generalization beyond the data seen during learning. Each test problem was
solved using the learned action models, with a CPU time limit of 60 seconds
per problem. This time limit was sufficient to solve all problems using the
ground-truth action model.

The results reported for NOLAM were successfully replicated and used as
a baseline for comparison. This choice provides an indirect benchmark against
other approaches, such as PlanMiner [152], ALICE [117], and a frequentist
baseline, all of which were evaluated in the original NOLAM publication. As
NOLAM has been shown to consistently outperform these approaches, ad-
ditional comparisons were deemed unnecessary. An intuitive summary of the
conceptual differences between LAML and NOLAM is presented in Section 5.3.

Domain #objects |S| |A| max arity S max arity A
driverlog 6 6 6 2 4
n-puzzle 2 1 3 1 2
transport 7 5 3 2 3
tpp 8 7 3 3 7
hanoi 3 3 1 2 3
gripper 4 4 3 2 3
elevators 6 6 5 2 4
floortile 4 10 7 2 3
zenotravel 6 4 5 2 4
depots 10 6 5 2 4
ferry 2 3 3 1 2
satellite 6 10 6 3 3
spanner 6 6 3 2 3
gold-miner 1 2 7 2 2
nomystery 6 6 3 3 2
blocksworld 1 5 4 2 3
barman 10 15 12 2 4
parking 2 5 4 2 2
rover 7 25 9 3 5
matching-bw 2 10 10 2 2
sokoban 3 5 2 2 2
grid 3 9 5 2 4
miconic 6 4 2 2 2

Table 6.2: Details of the IPC classical planning domains used for the LAML
evaluation. For each domain (1st column), the table reports: the number of
object types (2nd column), the number of predicate (state variable) names (3rd
column), the number of action schemas (4th column), the maximum predicate
arity (5th column), and the maximum action arity (6th column).
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6.4.1 Comparison with Reference Domain

Figure 6.1: Overall precision and recall metrics for LAML and NOLAM at
different noise levels. The left (right) plot illustrates the trend of precision
(recall) as noise increases.

Noise Precision Pre+ Recall Pre+ Precision Eff+ Recall Eff+ Precision Eff- Recall Eff- Overall Precision Overall Recall
LAML NOLAM LAML NOLAM LAML NOLAM LAML NOLAM LAML NOLAM LAML NOLAM LAML NOLAM LAML NOLAM

0 0.79 0.83 1.00 0.97 0.99 0.97 1.00 0.97 0.90 0.90 0.92 0.92 0.84 0.53 0.99 0.97
0.1 0.80 0.81 0.99 0.96 0.98 0.96 1.00 0.97 0.89 0.88 0.91 0.91 0.84 0.52 0.99 0.95
0.2 0.79 0.81 0.99 0.94 0.94 0.93 0.98 0.95 0.86 0.83 0.91 0.88 0.81 0.51 0.98 0.94
0.3 0.75 0.78 0.90 0.82 0.80 0.82 0.95 0.90 0.76 0.75 0.85 0.83 0.69 0.49 0.91 0.85
0.4 0.63 0.68 0.74 0.71 0.53 0.56 0.76 0.64 0.50 0.48 0.67 0.62 0.49 0.42 0.75 0.68

Table 6.3: Precision and recall metrics for different noise levels

The performance metrics, averaged across the 23 benchmark domains from the
IPC, are reported in Table 6.3, with the overall trends of precision and recall
shown in Figure 6.1. The results show that LAML excels in recall for both pos-
itive and negative preconditions (Pre+ and Pre–), as well as for the precision
of positive effects (Eff+). However, precision for positive preconditions (Pre+)
is slightly lower compared to NOLAM, primarily due to LAML’s tendency to
include some additional (not strictly necessary) positive preconditions. In com-
parison, NOLAM tends instead to learn many unnecessary negative precondi-
tions that lead to a significant drop in overall precision. To further investigate
this effect, LAML is also compared against a variant of NOLAM (denoted
NOLAM+) in which negative preconditions are excluded, as NOLAM’s au-
thors consider them to be often implicitly defined by positive preconditions
and typically not present in IPC domains. When excluding negative precondi-
tions, LAML continues to outperform NOLAM+ at intermediate noise levels
(0.1-0.3), while NOLAM+ performs slightly better under noise-free (0.0) and
high-noise (0.4) settings. However, NOLAM+ represents an artificial setting,
as the removal of negative preconditions alters the learned model’s structure
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Figure 6.2: Problem resolution success rate across noise levels

in a way that may not be applicable in real-world scenarios. While this adjust-
ment simplifies the model, it does not necessarily reflect a realistic learning
process.

6.4.2 Plan Generation Feasibility
The problem resolution success rate (SRp) reflects the proportion of planning
problems successfully solved using the learned action models. Figure 6.2 shows
the average success rate SRp across different noise levels for both LAML and
NOLAM. The results reflect the trade-off between precision and robustness
to noise that LAML has been designed to make. In the noise-free setting,
NOLAM exhibits a higher success rate (∼0.83) compared to LAML (∼0.61)
due to the latter’s reduced precision in preconditions. This occasionally leads
to over-constrained actions that prevent valid plan generation. For instance,
in the Blocks domain, LAML erroneously learns that a block must be on the
table before stacking, even though this is not always true. This is because,
in the training data, block2 is more frequently on the table during the stack
action, leading LAML to incorrectly learn this as a necessary precondition.
This prevents LAML from generating valid plans, causing a drop in success
rates. However, as noise increases, LAML demonstrates greater robustness. Its
success rate decreases only slightly at moderate noise levels, whereas NOLAM’s
success rate deteriorates more significantly. At noise level 0.4, both methods
show reduced performance, though LAML maintains a higher success rate.

These findings illustrate that LAML sacrifices some accuracy in noise-free
conditions to ensure stability and robustness under noisy conditions, a trade-
off that is particularly beneficial in real-world applications where noise is in-
evitable. Alternatively, the reduced accuracy in the absence of noise may also
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Figure 6.3: Plan comparison success rate across noise levels

reflect a need for larger or more diverse training data to fully capture the
underlying domain dynamics.

6.4.3 Comparison with Historical Plans
The binary plan comparison success rate quantifies the proportion of generated
plans that exactly match the corresponding ground truth plans. It is computed
as the ratio between the number of successful matches and the total number of
generated plans. Importantly, this metric excludes instances where the domain
fails to generate any plan, focusing solely on the generated outputs. Figure 6.3
shows SRm for both LAML and NOLAM across different noise levels, provid-
ing insight into how well the learned action models can generate plans that
closely match the ground truth. The results indicate that LAML maintains a
higher plan comparison success rate across increasing noise levels compared
to NOLAM, up until 0.3 noise. At 0.4 noise, NOLAM’s plan comparison suc-
cess rate is slightly higher, but this is due to the very few problems solved
at this high noise level. Specifically, for 0.4 noise, SRp,NOLAM = 0.1, while
SRp,LAML = 0.2. For the limited number of problems that NOLAM is able to
solve, it is more efficient in terms of plan comparison success rate. LAML, on
the other hand, solves more problems, but the success rate for those plans is
lower. It is important to consider that in real-world scenarios, the noise level
rarely reaches such extreme values as 0.4, where each sensor reading has a
40% probability of being incorrect. In the more typical conditions, where noise
levels are generally lower, LAML tends to perform better than NOLAM.

Once more, these results may seem contradictory when compared with the
trends in Figure 6.2, where NOLAM shows better performance at lower noise
levels. As in the previous discussion, this apparent contradiction is resolved by
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Figure 6.4: Validation success rate across noise levels

considering the differing definitions and denominators of the metrics. In par-
ticular, while the problem resolution success rate is computed over all problem
instances, the binary plan comparison success rate considers only those in-
stances where a plan is generated. As a result, SRm focuses on the accuracy
of generated plans, not on their overall coverage. Therefore, the increase in
SRm for LAML should be interpreted in the context of this restricted subset
of problems.

Finally, while the plan comparison metric offers a useful approximation of
model fidelity, it does not account for plan equivalence: two plans can both be
correct even if they are not identical. In practical applications, comparisons to
historical plans are common, as these often serve as the only available reference.
Therefore, although SRm is informative, it should be interpreted cautiously
and considered alongside more holistic evaluation measures.

6.4.4 Plan Validation
The validation success rate (SRv) represents the proportion of plans that were
deemed valid by the evaluation tool VAL [73]. Figure 6.4 shows the validation
success rate across different noise levels for both LAML and NOLAM. Note
that the validation success rate is computed only for the cases where a plan
could be successfully generated. In other words, the instances where neither
method is able to produce a valid plan are considered.

In the absence of noise, both methods achieve a perfect validation success
rate, indicating that when a plan is generated, it is always valid. However,
as noise levels increase, the success rate for both methods declines. NOLAM
experiences a deeper drop, while LAML maintains relatively higher success
rates, demonstrating its superior robustness in the face of increasing noise.
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This pattern continues up to 0.3 noise, where LAML still outperforms NOLAM
in terms of validation success rate.

At the highest noise level (0.4), the performance of both approaches drops
significantly. However, this decline should be interpreted with caution, as it
is primarily driven by the very small number of problems that can be solved
under such severe noise.

Note that when the noise level is 0.4 NOLAM solves only 10% and LAML
20% of the evaluation problems, respectively. In these rare cases, NOLAM
shows a slightly higher validation rate per generated plan, but this is achieved
over a narrower and more selective subset of problems. In contrast, LAML
produces a greater number of plans overall, despite a slightly lower per-plan
validation ratio.

However, such extreme noise levels, where each sensor reading has a 40%
probability of being incorrect, are highly unlikely in realistic applications. In
more typical scenarios with lower noise levels, LAML consistently demonstrates
better validation performance, confirming its robustness and practical reliabil-
ity.

At first glance, these results may appear contradictory when compared to
the trends in Figure 6.2, where NOLAM shows better performance at lower
noise levels. This apparent contradiction is resolved by considering the differing
definitions and denominators of the metrics. In particular, while the problem
resolution success rate is computed over all problem instances, the validation
success rate considers only those instances where a plan is generated. As a
result, SRv focuses on the validity of generated plans, not on their overall cov-
erage. Therefore, the increase in SRv for LAML should be interpreted should
be understood in light of the metric’s definition.

6.5 Summary and Outlook
This chapter examined the evaluation of learned planning domains, a task that
presents significant challenges due to the absence of standardized metrics and
the multifaceted nature of domain quality. The evaluation framework devel-
oped in this thesis incorporates both structural and functional criteria, using
methods such as comparison with reference domains, plan generation feasibil-
ity, validation success rates, alignment with historical plans, simulation-based
analysis, and human expert review. This comprehensive approach enables a
nuanced assessment of how well learned models represent planning environ-
ments and support practical planning tasks.

Applying this evaluation framework to the LAML algorithm revealed sev-
eral important findings. Across multiple metrics, LAML consistently outper-
formed the state-of-the-art. It achieved higher overall precision and recall, and
demonstrated superior robustness to noise, a critical property for real-world
deployment, where data is often incomplete or imperfect.
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However, this robustness has trade-offs. LAML occasionally introduces su-
perfluous preconditions, which can over-constrain the model and reduce its
ability to generate plans in clean, noise-free settings. Despite solving fewer
problems, the problems it does solve are addressed with higher-quality plans
and greater validation reliability compared to the state-of-the-art. This behav-
ior aligns with the demands of real-world scenarios, where safety and correct-
ness often take precedence over coverage. In such contexts, it is more accept-
able to refrain from planning than to produce invalid plans, making LAML’s
conservative bias a desirable feature.

These results highlight the importance of tailoring evaluation strategies to
the operational context in which a learned planning domain will be used. They
also suggest that the utility of a learned model cannot be fully captured by
structural accuracy alone; practical performance under real-world conditions
plays an equally important role.

The next chapter presents a reflective discussion of the key lessons and
decisions made throughout the course of this thesis. It revisits the shift in per-
spective regarding the roles of behavior trees and planning domains, explores
their representational differences, and addresses the challenges of interpretabil-
ity and generalization. These reflections aim to situate the contributions of this
work within the broader landscape of learning symbolic behavior models and
provide guidance for future research directions.



Chapter 7

Discussion

The previous chapters have examined two complementary methods for repre-
senting the behavior of autonomous systems: Behavior Trees (BTs) and Plan-
ning Domains (PDs). Each of these representations has been studied in depth,
both in terms of how it can be learned from data and how it supports plan-
ning and interpretability. This chapter adopts a different perspective. Rather
than introducing new methods or results, it reflects on the methodological and
conceptual choices that shaped the trajectory of the thesis. The purpose is
to identify the key lessons learned during the course of this work, explain the
rationale behind certain decisions, and offer a broader view of the implications
for future research and industrial applications.

7.1 Topics for Discussion
This discussion is necessary for two reasons. First, several of the decisions
taken during the development of this thesis represent a departure from the
original research plan. As outlined in the introduction (Section 1.3), the ini-
tial approach was to learn planning domain representations, using BTs as an
intermediate layer to structure and simplify the learning process. However,
as the investigation progressed, it became increasingly clear that this assump-
tion introduced new challenges rather than resolving existing ones, particularly
regarding representational mismatch and the loss of procedural information.
These challenges, which ultimately prompted a shift toward treating the learn-
ing of BTs and PDs as distinct problems, will be further examined in this
chapter.

Second, this shift in perspective revealed important insights into the nature
of the two representations themselves. BTs and PDs, although both intended
to capture system behavior, differ in a fundamental way, not only in syntax and
semantics, but also in their roles within autonomous systems. These differences
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have direct consequences for the kinds of models that can be learned, the kinds
of reasoning they support, and the extent to which they are amenable to human
understanding and validation. It is precisely these consequences that motivate
the present discussion.

Third, this thesis has been motivated from the outset by a concrete indus-
trial context, namely Scania’s vision for autonomous fleet management. While
much of the work has been conducted at the level of methodological and rep-
resentational analysis, it is equally important to reflect on the extent to which
the proposed methods can be applied in real-world scenarios.

The chapter is structured around four key reflections.

• Section 7.2 discusses the essential representational differences between
BTs and PDs. While BTs model behavior as a reactive control structure
with explicit execution flow, PDs describe a declarative model of action
preconditions and effects. This divergence affects how goals are repre-
sented, how learning can be approached, and how each model scales to
complex or multi-agent environments.

• Section 7.3 addresses the difficulties of translating from a learned BT to
a generalizable PD representation. While the initial assumption was that
BTs could provide a scaffold for inferring symbolic planning models, em-
pirical findings and theoretical considerations revealed intrinsic obstacles
to this approach. These challenges stem largely from the representational
mismatch between procedural semantics (in BTs) and declarative seman-
tics (in PDs), and they raise broader questions about the limits of hybrid
modeling.

• Section 7.4 considers the issue of interpretability and human accessibility.
One of the motivations for using symbolic representations is to support
human understanding, debugging, and refinement. The work presented
in this thesis has shown that BTs, when properly organized, can support
these goals (see Section 4.4). By contrast, PDs, even when learned from
well-structured data, pose significant challenges to human interpretabil-
ity. This section explores the structural and semantic reasons for these
differences and considers their implications for the design of interactive
systems and tools.

• Finally, Section 7.5 returns to the industrial motivation, reflecting on
the current distance to real-world applicability. It discusses the practical
preconditions for testing the proposed methods in industrial contexts,
considers proxy examples such as mining and hub-to-hub transport, and
highlights the expected impact if the identified gaps in data can be ad-
dressed.

These reflections are not intended to offer final answers, but rather to high-
light conceptual and practical challenges that emerged during the research.
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They aim to contribute to a more nuanced understanding of how symbolic
behavior models can be learned, interpreted, and applied in real-world au-
tonomous systems.

7.2 Behavior Trees vs Planning Domains
Throughout the development of this thesis, it became increasingly clear that
BTs and PDs are not simply two representations for the same kind of behavior
model, but instead reflect fundamentally different assumptions about control,
reasoning, and abstraction. This section examines the most significant repre-
sentational contrasts, which are summarized in Table 7.1, and discusses how
these differences shaped the learning approaches presented in earlier chapters.

Representation BTs are procedural structures that define behavior as a
hierarchy of tasks and control nodes. In BTs, control flows from the root node
down the tree, determined by node types (e.g., fallback, sequence) and run-
time success/failure feedback. The tree structure explicitly encodes control flow
logic, allowing designers to specify how an agent should act in different situ-
ations. Crucially, BTs do not model the state of the world explicitly. Instead,
they rely on immediate execution feedback, such as action or condition success
or failure, to guide behavior. Thus, the notion of state in BTs is implicit and
procedural, emerging from the current status of nodes and the traversal logic
of the tree itself.

By contrast, PDs adopt a declarative representation, typically formalized
in languages such as the Planning Domain Definition Language (PDDL). In
this paradigm, the state of the world is modeled explicitly as a set of symbolic
variables or grounded predicates. Actions are defined by preconditions and
effects, which describe transitions between states. PDs describe the building
blocks from which plans that achieve a specified goal from a given initial state
can be composed.

Therefore, BTs act as directly executable policies, whereas PDs require
planning systems to synthesize behavior before execution. This distinction mo-
tivated the separation of learning strategies: while BTs can be inferred directly
from observed execution sequences, learning a PD requires constructing an ab-
stract model of environment dynamics

Reactivity BTs are designed to be reactive: they can re-evaluate and re-
execute subtrees in response to failures or changing conditions. By contrast,
classical planning approaches based on PDs typically involve compiling the
domain model into a plan for a specific goal, given a specific initial state. If
conditions change during execution, replanning is typically required, a pro-
cess that can introduce latency and computational cost. While some planning
frameworks incorporate plan repair or partial replanning, these techniques are



118 CHAPTER 7. DISCUSSION

generally less responsive than the built-in reactivity of BTs. This difference
shaped the evaluation methods in this thesis. In the case of PDs, evaluation
focused on structural correctness and plan validity, using techniques such as
comparison with historical plans, plan validation tools, and reference domain
alignment. The emphasis was on whether the learned domain could reproduce
or support the generation of plausible, executable plans under deterministic
assumptions.

In contrast, the evaluation of BTs centered on runtime behavior and goal
achievement, reflecting their reactive nature. Learned BTs were assessed using
a fitness function that measured behavioral success in dynamic environments.
The performance-based evaluation also captures the ability of BTs to adapt at
runtime, which is not easily captured by static plan comparison or structural
metrics.

Thus, the divergent assumptions about reactivity not only reflect differ-
ent modeling philosophies but also necessitate distinct evaluation strategies
aligned with the operational semantics of each representation.

Goal Handling BTs encode goals implicitly within their structure. They are
tailored to execute specific behaviors and do not separate goal specification
from execution logic. As a result, adapting BTs to new goals often requires
structural redesign, as there is no notion of “goal satisfaction”.

Conversely, PDs are explicitly goal-driven. Goals are represented indepen-
dently of the domain model, allowing the same set of actions to be used for a
wide range of objectives. The planner synthesizes plans based on the difference
between the current state and the goal state. This makes PDs more versatile
in goal-driven contexts, but also more abstract and harder to validate.

Expressivity BTs are effective in constrained or well-defined environments
but lack the representational expressivity required for complex, object-rich,
or multi-agent domains. They do not support object parameterization or in-
stantiation, meaning each agent usually has its own copy of the tree, and
coordination must be manually engineered. PDs, on the other hand, support
object-centric modeling through parameterized action schemas and object in-
stantiation. A single domain model can represent a fleet of agents by instanti-
ating different objects and reasoning over their interactions during plan gener-
ation. This enables centralized or distributed planners to coordinate multiple
agents more efficiently. As such, PDs are more suitable for large-scale and het-
erogeneous environments, whereas BTs are best suited for individual agents
with fixed roles and behaviors.

This difference proved to be one of the most significant practical challenges
encountered during the thesis. In particular, it raised a fundamental modeling
question: in multi-agent scenarios, should one learn a separate BT for each
agent, or a single BT that captures the behavior of the entire system? The
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former approach leads to duplication and overlooks shared structure, while the
latter quickly becomes unmanageable in size and complexity. To mitigate this,
it became necessary to explore techniques for generalization and abstraction, a
form of “lifting” for BTs, that could encode parameterized behavior or capture
repeated patterns across agents.

This tension between modularity and generality, and the lack of native
parameterization in BTs, highlighted a key limitation of the formalism when
applied to domains beyond single-agent, fixed-role tasks. These insights di-
rectly informed the decision to treat the learning of BTs and PDs as two
distinct challenges, and they motivated the pursuit of lifted representations in
the context of planning domain learning.

Interpretability A recurring theme in this thesis has been human verifica-
tion, validation, and debugging. As discussed in Section 4.4, BTs are generally
considered interpretable due to their explicit control flow and modular, graph-
ical structure. The user study confirms this assumption, but with important
qualifications. Interpretability was not uniformly observed across all tree struc-
tures. Rather, it was contingent on specific design choices, BT structure, and
user characteristics. Nevertheless, BTs appear to require minimal learning ef-
fort: users with no prior knowledge performed well on compact, well-structured
trees, reinforcing BTs’ accessibility. In contrast, PDs, though formally well-
defined, require familiarity with planning languages such as PDDL, resulting
in a steeper learning curve and reduced interpretability for users without a
background in automated planning.

However, in multi-agent scenarios, BTs face a significant scalability chal-
lenge. Representing separate trees per agent can lead to redundancy, while
consolidating multiple behaviors into a single tree risks combinatorial growth
and loss of clarity. PDs, despite their abstraction, provide a parameterized and
scalable representation more appropriate for such domains, though this comes
at the cost of reduced transparency and accessibility.

These trade-offs between interpretability and scalability contributed di-
rectly to a key methodological decision in this thesis: to pursue the learning
of BTs and PDs as distinct and complementary problems. While BTs support
intuitive, human-facing models of system behavior, PDs offer generality and
abstraction necessary for complex, multi-agent planning, highlighting the need
for dedicated learning strategies and evaluation criteria for each representation.

7.3 Converting Behavior Trees to Planning Do-
mains

This section revisits the first methodological approach introduced in Sec-
tion 1.3.1, which proposed to extract planning domain models from existing
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Table 7.1: Comparison between Behavior Tree (BT) and Planning Domain
(PD) representations

Aspect BT PDs

Representation Procedural; behavior
encoded as tree structures
with explicit control flow;
state is implicit via node
status

Declarative; domain
dynamics defined using
formal languages (e.g.,
PDDL); state is explicitly
modeled

Reactivity High; supports runtime
adaptation to failures or
changing conditions

Limited; typically requires
replanning

Goal Handling Goals are embedded in the
structure; adapting to new
goals often requires
modifying or redesigning
the tree

Goals are specified
independently from the
domain; the same domain
can support a wide range
of goals through plan
generation

Expressivity Low; no native support for
object parameterization or
multi-agent abstraction

High; supports
parameterized actions and
reasoning over many
agents or objects

Interpretability Generally high due to
graphical structure and
explicit control flow,
though unbalanced trees
may be complex

Varies; individual
operators are
interpretable, but plans
can be opaque

BTs. The underlying motivation was to leverage the structured procedural
knowledge encoded in BTs as a source of prior information for planning do-
main learning. Since BTs explicitly encode control flow and task structure, it
was initially hypothesized that a suitable transformation could yield a declar-
ative planning domain capturing the agent’s behavior in a form amenable to
classical planning.

Such a conversion appeared promising for two reasons. First, BTs are com-
monly used in industrial and robotic applications, meaning they could serve
as a rich, interpretable source of expert behavior. Second, reusing BTs to de-
rive planning models would allow bootstrapping planning-based approaches
without starting from raw data or manually crafted domain models.

Significant conceptual and technical obstacles make the transformation
from BT to PD inherently non-trivial, due to fundamental mismatches in rep-
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resentation paradigms and modeling assumptions. These difficulties prompted
a shift in the approach: rather than converting from BTs to PDs, the revised
approach focused on learning PDs directly from execution traces, while us-
ing BTs as a complementary representation to support interpretability and
human-in-the-loop validation.

The remainder of this section elaborates on the challenges encountered dur-
ing the attempted conversion and situates them within the broader literature
on BT-PD transformations.

Challenges of Conversion
Transitioning from BTs to PDs involves converting the procedural, hierarchical
constructs of BTs into the declarative, state-based representations character-
istic of PDs. Furthermore, BTs encode goals within their structure, whereas
PDs separate goal specification from execution logic. This structural difference
necessitates rethinking goal representation during conversion [139]. A deeper
challenge arises when attempting to extract the action models required for
planning. While preconditions can sometimes be inferred by examining the
structure of the BT (e.g., what must succeed before an action is executed),
postconditions are rarely made explicit. BTs typically encode success or failure
outcomes but omit detailed state change information. This omission makes it
extremely difficult, and in many cases infeasible, to infer the declarative effects
needed to define planning operators, a challenge that reflects the broader dif-
ficulty of extracting explicit causal relations from data [14]. Without explicit
annotations or external semantic models, there is no reliable basis for deriving
how a successful action transforms the world state. This asymmetry between
preconditions and postconditions poses a fundamental obstacle to converting
BTs into PDs.

Another significant challenge lies in the representational mismatch. BTs are
often designed for a specific scenario, with actions applied to concrete entities
or locations. This propositional encoding is inherently limited in scope and
generality. In contrast, PDs are designed to operate over lifted action schemas,
using variables that can be instantiated to different objects, agents, or roles at
planning time. As such, a direct translation from a BT to a PD often yields only
a single, grounded instance of behavior, rather than a generalizable model. This
limits the scalability and reuse of the resulting domain and undermines one of
the key advantages of planning frameworks: their ability to reason over multiple
agents and varying contexts through variable binding and parameterization.

While converting a BT into a PD presents considerable challenges, the
inverse process, deriving BTs from planning-based representations, has been
more extensively studied. One line of research, presented by Martin et al. [139],
proposes systematic algorithms to transform PDDL action plans into equiva-
lent BT structures, preserving the logical execution order while enabling re-
activity during runtime. In the same vein, Zapf et al. [182] introduce formal
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algorithms for converting temporal plans into BTs that respect time-based
constraints, ensuring correct sequencing and synchronization in domains where
temporal requirements are critical. In the domain of game AI, hybrid frame-
works have emerged in which Hierarchical Task Network (HTN) planners gen-
erate task decompositions that are subsequently mapped onto BTs. Neufeld
et al. [120] replace the lowest-level HTN methods with BTs that execute the
corresponding tasks, noting that HTN decompositions map naturally to BT
subtrees (e.g., ordered HTN subtasks map to BT sequence nodes). Also in
task and motion planning (TAMP), integrated pipelines have been developed
by Verma et al. [169] to convert a plan into a BT. Further research has fo-
cused on optimizing the construction of BTs from planning models by lever-
aging control-flow patterns to enable parallel execution and increased runtime
adaptability [22].

Hybrid architectures combining BTs and PDs have also been studied. For
instance, a two-tiered system has been proposed by Liu et al. [103] in which
a PDDL planner decomposes high-level goals into intermediate tasks, while
individual BTs executed on each robot carry out these tasks and monitor for
failures.

Asymmetry and Expressiveness
These studies demonstrate that the transformation from planning models to
BTs has proven to be a productive and versatile strategy across a variety of
domains. However, the reverse process, from BT to PD, remains significantly
more complex. This asymmetry arises, in part, from fundamental differences
in expressiveness. Conceptually, BTs can be seen as representing a more con-
strained subset of the behaviors that PDs can express. While it is often possi-
ble to compile a PD into a corresponding BT, albeit sometimes with increased
complexity or reduced generality, the reverse is not true. BTs are limited in
their ability to capture the abstract, goal-directed reasoning and flexible object
manipulation that planning domain models support. As a result, certain high-
level strategies and generalizations inherent to planning frameworks cannot be
fully captured within the BT formalism.

7.4 Humans and Planning Domains
The development and maintenance of planning domains remain a challeng-
ing task, particularly when considered in real-world contexts where domain
complexity and operational variability are significant. Despite the extensive
formalism and precision underlying planning languages such as PDDL, hu-
man involvement in the validation and debugging of these domains is both
indispensable and profoundly limited [104]. These limitations likely stem from
cognitive, representational, and methodological mismatches between human
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reasoning and the abstract, formal models employed in automated planning
systems. At the core of this difficulty is the symbolic and highly formal nature
of planning domains. These models require domain engineers to explicitly en-
code all relevant actions, preconditions, and effects that capture the dynamics
of the environment. However, such representations do not align naturally with
the way humans conceptualize tasks or domain behavior. As a result, errors in
model specification, whether due to omissions, misrepresentations, or incorrect
causal structures, often go unnoticed until they manifest as planning failures.

Challenges of Human Validation
Validation of planning domains typically involves ensuring that a domain ac-
curately captures the intended behavior and that generated plans are feasible
and appropriate. However, this task becomes increasingly difficult as the com-
plexity of the domain increases. The combinatorial nature of planning models
implies that even minor changes in preconditions or effects can lead to signif-
icant shifts in plan structure, which may not be easily anticipated by human
designers.

Another complicating factor is the general lack of intuitive feedback mech-
anisms, such as visual or semantic representations of planning logic, which
further hinders effective human debugging. Although simulators for plan trace
visualization exist, they often assume a high level of familiarity with planning
formalisms, limiting their accessibility to non-expert users or domain stake-
holders. Vaquero et al. [168] present an extensive study of planning knowledge
engineering tools and approaches. It is noteworthy that there is a multitude of
tools aimed at verification of PDDL, such as VAL [73] or PDver [137]. How-
ever, at some point in the knowledge engineering workflow, direct inspection
and manual editing of PDDL remain necessary. The challenges associated with
this process have driven interest in developing human-in-the-loop frameworks
that enable systematic, iterative refinement of plans. Rather than viewing do-
main modeling as a static, front-loaded process, these approaches emphasize
continuous human engagement throughout the planning pipeline.

Human-in-the-Loop Approaches
A pivotal conceptual shift in this direction was introduced by Kambham-
pati [89] through the notion of model-lite planning, which reframed the re-
lationship between humans and AI in domain modeling. Rather than requir-
ing a complete and correct domain model upfront, model-lite planning toler-
ates incompleteness and allows missing components to be resolved dynami-
cally through interaction with a human or external knowledge sources. This
paradigm positions human users as active collaborators during planning exe-
cution, supplying missing preconditions, clarifying intended effects, or revising
the model as needed.
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Several frameworks have been proposed to more tightly integrate human
feedback into planning workflows, such as RADAR [153] that incorporates au-
tomated planners within decision-making processes to assist human experts
in refining and executing plans. In the area of mixed-initiative planning, Cox
& Zhang [32] enable users to influence and steer goal formulations to improve
plan quality. Collaborative planning approaches, exemplified by Kim et al. [92],
allow humans to supply high-level guidance in the form of soft preferences to
shape the planner’s low-level search. Finally, Kulkarni et al. [97] explore plan-
ning support in environments where humans and AI agents coexist, focusing
on synthesizing proactive assistance behaviors that reduce task costs while
remaining transparent to the human.

More recently, the advent of Large Language Models (LLMs) in planning
has opened a new frontier for human-in-the-loop. LLMs can generate candidate
PDDL models from high-level descriptions or even auto-complete parts of a
domain. However, as recent studies highlight [62, 58], LLM-generated domains
often suffer from structural and semantic inconsistencies, such as undefined
predicates, logically incoherent actions, or unrealistic causal chains. Moreover,
LLMs do not inherently reason about domain correctness; they generate syn-
tactically plausible outputs, but lack the capability to explain or validate do-
main behavior. Consequently, human intervention remains necessary to review,
correct, and ensure the validity of the resulting models. All of these approaches
aim to reduce the cognitive burden on users by allowing them to express con-
straints, preferences, or high-level guidance in more natural and intuitive ways.
While they represent significant progress in human-AI collaboration for plan-
ning, most continue to focus primarily on plan-level interaction, rather than
enabling robust human oversight of the domain model itself. As a result, do-
main representations often remain opaque and difficult to inspect or refine
manually, particularly for non-expert users.

In response to this persistent transparency problem, Fox et al. [45] intro-
duced the field of explainable planning, framing it as a means to provide human
understandable, context-sensitive explanations of planner behavior and deci-
sion making. Explainable planning methods improve interpretability at the
level of individual plans by explaining why a given plan was chosen, what al-
ternatives were considered, or why a goal is unreachable. However, they do
not fully address the validation of the underlying domain model, nor do they
offer mechanisms for guiding humans in systematically debugging or correcting
domain errors. As such, the gap between improving plan comprehension and
enabling effective domain model validation remains.

Hence, while human involvement remains essential in the development and
oversight of planning domains, the current methods and tools fall short in
supporting effective human validation and debugging. The symbolic, abstract
nature of planning models, combined with the lack of intuitive interfaces and
real-world variability, poses significant cognitive and practical challenges. Fu-
ture work should aim to better integrate domain learning, visualization, and
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explainability techniques in ways that align with human reasoning processes.
This includes developing domain-level feedback systems, integrating naturalis-
tic model representations, and fostering cross-disciplinary collaborations that
draw from human-computer interaction, cognitive systems engineering, and
formal methods. Addressing these gaps is crucial for the reliable deployment
of planning systems in complex, real-world settings.

7.5 Applicability to Real-World Scenarios
This thesis has been motivated by Scania’s vision for intelligent offboard
decision-making in autonomous fleet orchestration (Section 1.1.2). It is there-
fore important to reflect on how the proposed contributions could be applied
in real-world scenarios, what conditions would be required for such an appli-
cation, and what impact could be expected once these conditions are met.

Challenges and Proxy Scenarios
At present, applying the developed methods directly to Scania’s industrial
settings is not feasible. The main obstacle is the lack of sufficiently detailed
execution traces. Although large volumes of operational data are produced
in industrial contexts, they are rarely available in a form suitable for learning
symbolic behavior models. What is typically accessible are low-level logs, which
require substantial post-processing in order to obtain cleansed and conformed
data. In particular, what is missing are clear mappings between task-level ac-
tions and system states, as well as time-stamped action labels, and snapshots of
relevant state variables before and after execution. Without this level of detail,
the learning methods cannot be meaningfully applied to real-world traces.

It is important to emphasise, however, that this limitation is not inherent
to the methods themselves but rather a matter of data availability and anal-
ysis. If richer execution traces could be collected, the contributions presented
here would become directly testable. In such a setting, Behavior Tree learn-
ing through BT-Factor could be used to generate compact and interpretable
structures for vehicle-level tasks such as loading, unloading, or dispatch, while
planning domain learning through LAML could support higher-level fleet co-
ordination, for example, in resource allocation. In detail, the LAML approach
explicitly accounts for noise in the data, which means that industrial traces
would not need to be perfectly clean. Noisy or partially inconsistent logs could
still be exploited to infer robust models, provided the essential structural in-
formation is present.

Instead of real-world traces, this thesis has relied on illustrative scenar-
ios that serve as proxies for real-world problems. The simulation experiments
used to evaluate BT-Factor (Section 3.3.1) reproduce the dynamics of a logis-
tics hub, where an autonomous agent operates across multiple locations. This
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scenario is inspired by Scania’s autonomous mining applications1, where fleets
of trucks must be coordinated across interdependent tasks such as loading,
hauling, and dumping under resource constraints. In such a context, learned
BTs can capture robust and compact local behaviors, while planning domains
can coordinate multi-vehicle allocation, for instance, sequencing departures
under changing demands or rerouting vehicles in response to delays.

A further source of insight comes from the International Planning Compe-
tition (IPC) domains, which provide abstracted but challenging environments
in which planning domain learning is usually tested. For example, the Driver-
Log domain, used in the Third IPC (2002) and applied here to evaluate the
LAML method, involves transporting packages between locations using trucks
and drivers navigating road networks. This benchmark closely resembles Sca-
nia’s long-haul hub-to-hub logistics scenario2, where autonomous trucks oper-
ate continuously between hubs. In both cases, the challenge lies in coordinating
vehicles across a network under constraints, making the domain an effective
testbed for developing noise-tolerant planning models.

Path to Deployment and Impact
Taken together, these reflections highlight both the promise and the distance to
real-world applicability. The core contributions demonstrate that it is possible
to learn structured and interpretable behavior models from execution data,
and that such learning can tolerate noise and imperfections in the data. To
realise their industrial potential, however, targeted steps are required in data
collection and preprocessing. If these conditions are met, the picture changes
substantially: planning for autonomous fleets can shift from handcrafted, static
models toward data-driven, auditable representations that combine operational
efficiency with human transparency.

Reflecting on these examples also clarifies what a plausible path to de-
ployment would look like. The first step would be the definition of a logging
contract in which a core set of predicates, actions, and event outcomes are
systematically recorded during operations. Once such a schema is in place, an
initial dataset could be collected over a representative period, capturing both
routine operations and typical disturbances.

This would provide the input for running the learning pipeline: BTs could
be extracted and compacted through BT-Factor, while planning domains could
be learned and validated under noise-tolerant assumptions using LAML. Hu-
man operators would then review the resulting models, supplying missing
causal links or correcting mis-specified effects, before the models are tested
in simulation or shadow mode alongside baseline heuristics. In this way, each

1https://www.scania.com/group/en/home/innovation/autonomous-solutions/

mining.html
2https://www.scania.com/group/en/home/innovation/autonomous-solutions/

hub-to-hub.html
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stage of deployment (data collection, model learning, human validation, and
simulated trials) builds constructively towards eventual use in live operations.

From today’s perspective, it is clear that several gaps still separate this
work from real-world applications. The main barriers are the absence of stan-
dardised logging, the limited visibility of key fleet-level states, and the lack
of an integrated simulation environment for testing. Data sparsity and shifts
in operating conditions present further risks, since rare events and changing
operational contexts may undermine generalization. Yet these limitations also
suggest the concrete steps needed to move forward, namely improving data
collection, enriching trace annotations, and developing reliable environments
in which learned models can be simulated and tested. With these conditions
in place, the methods presented in this thesis could be validated end-to-end in
realistic, controlled trials.

The expected impact of such an integration is considerable. Learning from
execution traces would enable planning to become both more efficient, through
compact and reactive behavior Trees, and more applicable, through validated
and noise-tolerant planning domains. For industry, this would mean a shift
away from handcrafted, static models toward data-driven, auditable represen-
tations. For practitioners, it would provide tools that are transparent and open
to inspection, thereby enhancing trust and accountability. Ultimately, if the
outlined preconditions can be met, the contributions of this thesis would help
bring industrial fleet management closer to realising Scania’s vision of scalable,
efficient, and safe autonomous transport.





Chapter 8

Conclusions

This thesis tackles the challenge of learning interpretable and actionable mod-
els of system behavior from execution traces in autonomous environments.
The key contributions of this work include new methods for learning behavior
representations from noisy and realistic data, a formal framework for human-
in-the-loop validation and refinement, and evaluation strategies tailored to the
specific properties of different representations. Together, these contributions
address core challenges in learning behavior representations from real-world
data, an area where existing approaches often rely on handcrafted representa-
tions or fail to support robust human oversight. We address the challenges by
reducing reliance on manual domain engineering, supporting user interaction
during model refinement, and introducing targeted evaluation techniques.

The remainder of this chapter revisits the four research questions that
guided the thesis, outlining the main contributions associated with each. It
then discusses the limitations and assumptions of the approach, reflects on the
ethical, social, and economic implications, and concludes with directions for
future research.

8.1 Summary of the Contributions
The central goal of this thesis was to explore how symbolic representations
of system behavior, specifically action models, can be learned from execution
traces in real-world environments. In doing so, it addressed four core research
questions, each representing a critical aspect of the learning pipeline: from
data acquisition to representation, validation, and evaluation. In this section,
each contribution is explicitly tied to the corresponding research question(s)
and contextualized in terms of its novelty and significance. Taken together,
these contributions address the dual requirement of action representations,
as originally framed by the knowledge representation hypothesis [15]: they are
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designed to support automated reasoning while remaining accessible to human
understanding and validation.

RQ1: How can interpretable representations of system behavior be
learned from execution traces in autonomous environments?

This question has been addressed through two complementary methods pre-
sented in Chapter 3 and Chapter 5. First, a novel approach was introduced
for learning Behavior Trees (BTs) by combining circuit theory with decision
tree induction techniques. This method enables the automatic generation of
models of behavior that are both expressive and compact. Compared to prior
approaches that treat BTs as handcrafted or heuristically constructed arti-
facts, this contribution provides a data-driven, principled framework for their
compact synthesis from execution logs.

Second, a method was developed for learning planning domain models, in
the form of PDDL operators, from execution traces. This method is tailored
to operate under realistic conditions that include sensor noise. It advances the
field by demonstrating the feasibility of learning symbolic planning models di-
rectly from raw logs, thereby reducing the reliance on hand-engineered domain
knowledge. By incorporating techniques such as decision tree learning on state
variables, the approach ensures robustness to noise.

These two methods enable the automatic induction of behavior represen-
tations from raw execution data, even in the presence of noise and without
prior domain knowledge, thereby addressing RQ1. By bridging the gap be-
tween low-level observations and high-level models, they make it possible to
derive structured, interpretable representations that can be directly used for
analysis, explanation, or planning, while differing in their assumptions and
applicability as discussed in Chapter 7. This opens up new opportunities for
applying automated planning in domains where manual modeling would be
infeasible, and lays the groundwork for integrating learned behavior models
into broader autonomous system architectures.

RQ2: What forms of representation best support interpretability
and facilitate human understanding of system behavior?

Two principal contributions address this question by advancing the inter-
pretability of symbolic representations. Chapter 1 introduces a framework for
human-in-the-loop validation, debugging, and refinement of learned behavior
models. This framework formalizes the ways in which users, such as engineers,
operators, or domain experts, can interact with symbolic models to inspect,
correct, or guide their evolution. Chapter 4 reports findings from a user study
investigating the interpretability of BTs.

These two contributions together offer both a conceptual foundation and
empirical support for the role of BTs as human-aligned representations of au-
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tonomous behavior, and therefore propose BTs as a justified answer to the
question posed in RQ2.

By identifying BTs as both operationally effective and cognitively accessi-
ble, these contributions clarify the design space for representations that can
be inspected, edited, and trusted by human users. This enables a meaningful
connection between system transparency and usability, offering direct benefits
to those who develop, deploy, or oversee autonomous systems.

RQ3: How can human users be effectively integrated into the process
of validating, correcting, and refining learned representations?

This question is addressed through the aforementioned framework for human-
in-the-loop interaction with symbolic behavior models, presented in Chapter 1.
Unlike previous approaches that incorporate human feedback in an ad hoc or
informal manner, this framework provides structured interfaces and workflows
that guide user involvement in a principled way.

A mixed-initiative paradigm has been proposed in which model correct-
ness and usability emerge from collaboration between human and machine,
extending the scope of symbolic learning beyond automation.

By formalizing the space of possible user interactions and demonstrating
their effect on model improvement, this contribution advances the field’s un-
derstanding of how human expertise can be systematically integrated into sym-
bolic learning pipelines, providing an answer to RQ3.

This work creates the conditions for integrating domain experts more ef-
fectively into the model development cycle, not as passive evaluators, but as
active participants in shaping system behavior. By shifting their role from
low-level specification to higher-level guidance and oversight, the framework
allows organizations to continue leveraging expert knowledge while increasing
the efficiency, consistency, and scalability of symbolic model development.

RQ4: What metrics and methods can be used to evaluate specific
properties of the learned representations?

Two evaluation frameworks have been introduced in Chapter 4 and Chapter 6,
tailored to different types of symbolic representations: one for BTs, and one
for learned planning domain models.

For BTs, a structured evaluation guide has been developed that includes a
set of design principles, metrics, and properties that support both functional
performance and human usability. This framework enables systematic compar-
ison between BTs, helps identify structural weaknesses, and supports iterative
refinement during model development. It fills a gap in the literature by offer-
ing a comprehensive and interpretable set of evaluation criteria beyond task
success or execution efficiency.



132 CHAPTER 8. CONCLUSIONS

For learned planning domain models, a systematic evaluation framework
has been presented that combines quantitative metrics (e.g., precision and
recall) with qualitative assessments (e.g., alignment with expert models). This
dual approach ensures that learned models are not only functionally sound but
also interpretable and trustworthy. The framework also incorporates different
evaluation techniques, such as model-based simulation and expert review, to
validate symbolic accuracy under real-world constraints.

These evaluation contributions provide the field with robust tools to assess
the correctness, usefulness, and interpretability of learned symbolic models in
both academic and operational settings, thus answering RQ4.

By providing representation-specific evaluation strategies that go beyond
task success, it is possible to systematically assess the reliability and usabil-
ity of learned symbolic models. These methods benefit both researchers and
practitioners by enabling more rigorous model validation, facilitating human
understanding, and supporting continuous improvement in safety-critical sys-
tems.

8.2 Industrial Relevance
This thesis was originally motivated by an industrial need identified in collabo-
ration with Scania, which envisions autonomous transport systems that extend
beyond onboard autonomy to include intelligent offboard decision-making for
fleet orchestration and logistics coordination. The methods developed here,
particularly for learning interpretable behavior models and integrating human
oversight, lay critical groundwork toward this vision by enabling data-driven,
modular, and inspectable representations of system behavior. These contribu-
tions support the automation of planning and decision-making tasks in dy-
namic and resource-constrained environments.

However, to fully realize Scania’s vision, further developments are required.
As highlighted in Section 7.5, real-world deployment will require access to
larger volumes of high-quality execution data, ideally collected across diverse
vehicle types, operational conditions, and task scenarios. Second, the current
methods operate at a mid-level of abstraction; for practical integration with
fleet-level decision-making, they must be extended to capture higher-level plan-
ning logic, such as task interdependencies, resource allocation constraints, and
strategic scheduling objectives. Finally, the robustness of learned models un-
der partial observability, asynchronous data, and evolving environments must
be further developed, alongside seamless integration with existing planning
and operations infrastructure. Addressing these gaps is essential for transi-
tioning from proof-of-concept models to deployable decision-support systems
in autonomous fleet management.
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8.3 Limitations and Assumptions
While the contributions of this thesis advance the state of the art in learning
interpretable behavior representations for autonomous systems, several limita-
tions and assumptions must be acknowledged. Each presents both a constraint
on the current work and a potential direction for future research.

Dependence on high-quality, temporally annotated execu-
tion traces
The learning methods assume access to structured, time-ordered traces that
reflect system execution over time. In practice, such traces may be incomplete
or inconsistently logged, particularly in legacy systems or those with limited
instrumentation. While this assumption is reasonable in well-instrumented de-
velopment settings, it presents a barrier in operational or resource-constrained
environments. Relaxing this assumption would require developing methods
that can reconstruct or infer missing temporal structure. There is active work
in this area in process mining [37, 131] communities, which could offer promis-
ing foundations for generalization.

Assumptions of deterministic dynamics and full observ-
ability
This thesis assumes that the system operates under deterministic dynamics
and that the execution traces provide full observability over relevant state
variables. This does not imply that the observed system is fully determinis-
tic in practice; rather, it is assumed that non-deterministic effects, such as
those arising from stochastic processes, environmental variability, or unmod-
eled interactions, manifest as observational noise. Under this interpretation,
the learning problem is framed as recovering a deterministic model that best
approximates the system’s behavior, with non-determinism treated as irregu-
larities in the data rather than as intrinsic features of the system model.

Accordingly, the learning methods are designed to tolerate sensor noise and
imperfect data, and have been validated under such conditions. However, the
assumption remains that all the key aspects of system state are, at least in
principle, observable: there is no support for latent state inference or reasoning
under occlusion or missing-state dimensions.

In practical applications, this assumption is moderately limiting. Many
real-world systems operate under partial observability due to occluded sen-
sors, asynchronous data streams, or internal system variables that are not
externally visible. Relaxing this assumption would require new methods that
infer latent states, perform belief tracking, or operate over abstracted rep-
resentations learned from incomplete data. While the challenge of planning
in partially observable stochastic domains has been investigated for several
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decades [88], and recent work has begun to explore behavior model learning
in such settings [87], the development of interpretable models that support
human-in-the-loop validation in these contexts remains an open and signifi-
cant research challenge.

Limited empirical validation of interpretability claims
The thesis includes a user study and qualitative analyses to evaluate the inter-
pretability of BTs, but the scale and diversity of participants and tasks were
limited. While initial results are promising, more extensive empirical work is
needed to generalize findings across domains, user expertise levels, and repre-
sentation types. In practical terms, this is a moderate limitation: the proposed
models are interpretable by design, but their usability in collaborative, safety-
critical, or regulated environments has yet to be fully validated. Addressing
this would require large-scale human-subject evaluations, potentially including
comparative studies with alternative representations such as finite state ma-
chines, or measuring trust, task accuracy, and error detection. Insights from
human-computer interaction (HCI) and cognitive science could guide the de-
sign of such evaluations.

Preliminary state of the human-in-the-loop refinement frame-
work
The human-in-the-loop approach proposed in this thesis offers structured ways
for users to validate and refine learned models, but the framework remains an
early prototype. It currently lacks formal modeling of cognitive load, error re-
covery, or task-specific guidance. This is a significant limitation for deployment
in real-world settings where users must interact with learning systems under
time pressure or with limited training. Overcoming this would involve design-
ing and evaluating user-centered interaction models, potentially drawing from
explainable AI [121] or mixed-initiative planning [90] literature. Future work
could explore interface design patterns, adaptation to user expertise, or even
collaborative learning protocols that explicitly balance machine and human
contributions.

8.4 Ethical, Social, Economic impact
This thesis contributes to the responsible development of AI systems by fo-
cusing on transparency, interpretability, and human oversight. These concerns
align closely with the ethical requirements outlined in the European Com-
mission’s Ethics Guidelines for Trustworthy AI (2019) [70], which emphasize
the importance of human agency, technical robustness, and explicability in AI
systems.
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From an ethical standpoint, the emphasis on human-in-the-loop valida-
tion supports accountability and mitigates risks associated with autonomous
decision-making. A key concern, however, is the dependence of the proposed
methods on the quality and provenance of execution logs. If these logs reflect
biased or discriminatory practices, then the learned models may inadvertently
reproduce and legitimise such patterns. By allowing domain experts to inspect
and influence symbolic models, the approach reduces the likelihood of opaque
or misaligned system behavior. This work also contributes to the broader goal
of value alignment, ensuring that AI systems act in accordance with human
intentions and societal norms [144].

Socially, the ability to learn and validate interpretable representations
opens new possibilities for transparency in the operation of autonomous sys-
tems. This responds to growing public and institutional demands for algo-
rithmic accountability and explainability. The capacity to justify AI behavior
is essential not only for fostering user trust but also for meeting regulatory
requirements and supporting democratic oversight. By producing structured,
symbolic models that can be inspected and revised by humans, this work pro-
motes the socially responsible deployment of AI in safety-critical and ethically
sensitive domains. Crucially, the emphasis on interpretability is not intended
to replace human operators, but to transform their role: instead of engaging
in low-level, manual specification of behavior, human experts are repositioned
as supervisors and decision-makers who guide, monitor, and refine system be-
havior. Their domain expertise remains essential, but is leveraged at a higher
level of abstraction, enabling more effective and accountable integration of AI
into human-centered workflows.

From an economic standpoint, the proposed methods reduce the reliance on
manually specified behavior models, lowering the development costs associated
with deploying AI systems in complex environments. By enabling automated
yet interpretable model acquisition, the approach supports greater scalability
and responsiveness to change, which is particularly valuable in dynamic or
resource-constrained domains. Moreover, rather than displacing human labor,
the approach redistributes expertise: human operators are transitioned into
roles that emphasize oversight, strategic guidance, and model auditing. This
not only preserves domain knowledge but also creates economically sustainable
roles that combine technical supervision with decision-making authority. As
such, the methods proposed here offer a pathway toward economically efficient,
yet human-centered, AI integration.

More broadly, this work situates itself within ongoing debates about the
balance between automation and human control in AI system design. It offers
an alternative to end-to-end black-box learning by advancing methods that
foreground symbolic structure, traceability, and human involvement. In doing
so, it contributes to a growing body of research advocating for AI systems
that are not only intelligent and efficient, but also interpretable, corrigible,
and aligned with human values.
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8.5 Future Work
This thesis lays a foundation for learning and validating symbolic models of
system behavior in real-world environments. Nevertheless, as discussed in Sec-
tion 8.3, several avenues for future research remain open, both to extend the
theoretical contributions and to enhance the practical applicability of the pro-
posed methods.

Regardless of limitations and assumptions, an extension of this work con-
cerns the development of continual and online learning techniques for symbolic
behavior representations. The methods proposed in this thesis operate under
a batch learning paradigm, where models are induced from complete execu-
tion traces collected offline. While effective for initial model acquisition, this
setting can be insufficient for real-world deployments where systems operate
over extended periods, undergo updates, and encounter novel situations. In
such contexts, the ability to incrementally revise the learned representations
based on newly observed behavior, without retraining from scratch or forget-
ting prior knowledge, becomes essential. The techniques introduced in this
thesis offer a promising basis for such extensions. In particular, the operator
learning method is structured around variable-wise analysis of preconditions,
which supports modularity and localized revision. When previously unseen
state variables are encountered, the learning process could be selectively reap-
plied to those variables. This property facilitates efficient adaptation while
preserving existing knowledge.

There is also significant potential for expanding the human-in-the-loop
framework introduced in this thesis. The current approach formalizes mech-
anisms for symbolic model inspection and correction, assuming a domain ex-
pert capable of interacting with representations such as BTs or planning do-
mains. Building on this foundation, future research could investigate adaptive
and personalized interaction strategies that better accommodate variation in
user expertise, cognitive load, and task complexity. For example, the inter-
pretability and modular structure of the learned models developed in this the-
sis could support the design of interfaces that dynamically tailor the level of
detail presented, or prioritize specific components for user attention based on
past correction patterns. While the current implementation assumes a static
interaction protocol, extensions could introduce adaptive elements such as
explanation-based feedback, natural language querying, or visual analytics to
enhance accessibility. Furthermore, incorporating personalization mechanisms,
where the system learns from user interactions over time, would require relax-
ing current assumptions about one-off model validation and instead supporting
iterative, collaborative refinement. Such directions build on the transparency
and editability established in this work, while requiring new methods for feed-
back integration and adaptive interface design.

Another critical area for future exploration is large-scale evaluation and
benchmarking. While this thesis proposes principled evaluation frameworks
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and reports empirical findings, broader validation across domains and user
populations is needed to generalize the results. Future work could include the
creation of standardized datasets, executed traces, and benchmark tasks for
behavior learning.

Finally, if behavior representations are to be used in safety-critical appli-
cations, the need for formal verification and safety analysis becomes increas-
ingly important. Ensuring that learned models satisfy correctness constraints,
support goal achievement, and avoid unintended behavior is a non-trivial chal-
lenge. Future research could explore how to verify structural properties of be-
havior models, assess robustness under perturbations, and integrate behavior
learning with formal methods for safety assurance. Such developments would
be essential for the trustworthy deployment of symbolic AI in domains such
as autonomous vehicles, robotics, and critical infrastructure.
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