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Abstract

While autonomous robot systems are becoming increasingly common,
their usage is still mostly limited to rather simple tasks. This primarily re-
sults from the need for manually programming the execution plans of the
robots. Instead, as shown in this thesis, their behavior can be automatically
generated from a given goal specification. This forms the basis for providing
formal guarantees regarding optimality and satisfaction of the mission goal
specification and creates the opportunity to deploy these robots in increas-
ingly sophisticated scenarios. Well-defined robot capabilities of comparably
low complexity can be developed independently from a specific high-level goal
and then, using a behavior planner, be automatically composed to achieve
complex goals in a verifiably correct way.

Considering multiple robots introduces significant additional planning com-
plexity. Not only actions need to be planned, but also allocation of parts of
the mission to the individual robots needs to be considered. Classically, either
are planning and allocation seen as two independent problems which requires
to solve an exponential number of planning problems, or the formulation of a
joint team model leads to a product state space between the robots. The re-
sulting exponential complexity prevents most existing approaches from being
practically useful in more complex and realistic scenarios.

In this thesis, an approach is presented to utilize the interplay of alloca-
tion and planning, which avoids the exponential complexity for independently
executable parts of the mission specification. Furthermore, an approach is
presented to identify these independent parts automatically when only being
given a single goal specification for the team. This bears the potential of
improving the efficiency to find an optimal solution and is a significant step
towards the application of formal multi-robot behavior planning to real-world
problems. The effectiveness of the proposed methods is therefore illustrated in
experiments based on an existing office environment and in realistic scenarios.
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Sammanfattning

Även om autonoma robotsystem blir allt vanligare är deras användning
fortfarande mestadels begränsad till ganska enkla uppgifter. Detta beror främst
på att manuell programmering av robotarnas exekveringsplaner behövs. Istäl-
let, som det visas i denna avhandling, kan deras beteende genereras automa-
tiskt från en given målspecifikation. Detta utgör fundamentet för att ge en
formell garanti att det resulterande beteendet är optimalt och uppdragsmål-
specifikationen är uppfylld. Därför skapar det möjlighet att använda dessa ro-
botar i alltmer sofistikerade scenarier. Väldefinierade robotkompetenser med
relativt låg komplexitet kan utvecklas oberoende av ett specifikt mål på hög
nivå och sedan sammansättas automatiskt med hjälp av en beteendeplanerare
för att uppnå komplexa mål på ett verifierbar korrekt sätt.

Om det handlar om flera robotar så introduceras ytterligare planerings-
komplexitet som är betydande. Inte bara åtgärder behöver planeras, men även
fördelning av uppdragets olika delar till de enskilda robotarna måste hanteras.
Traditionellt anses planering och allokering som två oberoende problem som
kräver att man löser ett exponentiellt antal planeringsproblem, eller så leder
formuleringen av en gemensam modell för hela gruppen till ett produkttill-
ståndsutrymme mellan robotarna. Den resulterande exponentiella komplexi-
teten förhindrar att de flesta befintliga metoderna är praktiskt användbara i
mer komplexa och realistiska scenarier.

I denna avhandling presenteras ett tillvägagångssätt för att utnyttja sam-
spelet mellan allokering och planering, som undviker exponentiell komplex-
itet för oberoende exekverbara delar av uppdragsspecifikationen. Dessutom
presenteras ett tillvägagångssätt för att automatiskt identifiera dessa obero-
ende delar när endast en enda målspecifikation ges för arbetslaget. Detta har
potential att förbättra effektiviteten för att hitta en optimal lösning och är
ett viktigt steg mot tillämpningen av formell multi-robot-beteendeplanering
för realistiska problem. Effektiviteten av de föreslagna metoderna illustreras
därför i experiment baserade på en befintlig kontorsmiljö och i realistiska
scenarier.



v

Acknowledgements

Several people have contributed to the success of this thesis and supported
me during the last two years.

First and foremost, I would like to thank my supervisor Dimos Dimarog-
onas for his constant feedback and support. As an industrial PhD student, a
close connection to the university cannot be taken for granted. Even more do
I thank Dimos for establishing and keeping such a close connection despite
the distance, as well as for his persistent collaboration, the weekly calls, and
his hospitality during my extended stays at KTH.

Second, I would like to thank Mathias Bürger for his great support as
my industrial supervisor at the Bosch Center for Artificial Intelligence and
especially for all the insights both from an industrial and from an academic
perspective. Also, I would like to extend my thanks to Yasser Jadidi for his
help to make the close collaboration with KTH possible and also to the rest
of the BCAI leadership team for providing us with such a research-oriented
and trustful working atmosphere.

I would like to thank my colleagues at the BCAI and at Bosch Corporate
Research for the collaboration, foremost all current and past colleagues of
the ITA project. This collaboration clearly contributed to the significance
of the results presented in this thesis and I appreciate the constant feedback
regarding the developed methods and the software framework as well as the
ideas and motivation for possible extensions. In particular, I would like to
thank the ITA team for providing the robot platforms and for taking good
care of the robots.

Also, I would like to thank my fellow PhD students at the BCAI for inter-
esting discussions, motivating table soccer games, and the common activities.
I would like to extend my thanks to all of the PhD students active in the
organization of the Bosch PhD program and the DAK Intelligent Systems,
not only for their initiative in the organization of great activities, but also for
their significant contribution to the success of the Bosch PhD program.

I would like to thank my colleagues at the Automatic Control group at
KTH for their valuable support, both during my stays at KTH and while
not being there in person. Especially, I would like to thank Meng Guo and
Jana Tumova for extended discussions, interesting ideas, and constructive
collaboration. Finally, I would like to thank the administrative staff at KTH
Automatic Control for their support in managing the organizational difficul-
ties while not at KTH and for their help and hospitality during my visits.





Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Problem Assumptions . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.4 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Robot Behavior Synthesis 11
2.1 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.1 Temporal Logic Planning . . . . . . . . . . . . . . . . . . . . 13
2.1.2 Logic-Based Planning . . . . . . . . . . . . . . . . . . . . . . 14

2.2 Temporal Logic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.1 Linear Temporal Logic . . . . . . . . . . . . . . . . . . . . . . 15
2.2.2 Further Temporal Logics . . . . . . . . . . . . . . . . . . . . . 17

2.3 Automaton Construction . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4 System Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4.1 Agent Description . . . . . . . . . . . . . . . . . . . . . . . . 21
2.4.2 Planning Model . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.4.3 Behavior Description . . . . . . . . . . . . . . . . . . . . . . . 23

2.5 Action Planning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.6 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3 Mission Decomposition 29
3.1 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.1.1 Multi-Agent LTL . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.1.2 Task Allocation . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2 Closure Labeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.3 Decomposition Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.1 Explicit Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.3.2 Automated Decomposition . . . . . . . . . . . . . . . . . . . 39
3.3.3 Corner Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.4 Team Model Construction . . . . . . . . . . . . . . . . . . . . . . . . 45
3.4.1 Model Properties . . . . . . . . . . . . . . . . . . . . . . . . . 46

vii



Contents viii

3.4.2 Complexity Discussion . . . . . . . . . . . . . . . . . . . . . . 47
3.5 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4 Multi-Robot Planning 53
4.1 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.1.1 Multi-Robot Path Planning . . . . . . . . . . . . . . . . . . . 55
4.1.2 Multi-Objective Search . . . . . . . . . . . . . . . . . . . . . 55
4.1.3 Resource Constraints . . . . . . . . . . . . . . . . . . . . . . . 56

4.2 Cost Representation . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.3 Resource Constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3.1 Resource Transformations . . . . . . . . . . . . . . . . . . . . 58
4.3.2 Resource Propositions . . . . . . . . . . . . . . . . . . . . . . 59

4.4 Multi-Objective Action Planning . . . . . . . . . . . . . . . . . . . . 60
4.4.1 Planning Algorithm . . . . . . . . . . . . . . . . . . . . . . . 61
4.4.2 Planning Properties . . . . . . . . . . . . . . . . . . . . . . . 64
4.4.3 Planning Complexity . . . . . . . . . . . . . . . . . . . . . . . 69

4.5 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5 Experiments 75
5.1 Software Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.1.1 Model Specification . . . . . . . . . . . . . . . . . . . . . . . 77
5.1.2 Planning System . . . . . . . . . . . . . . . . . . . . . . . . . 78
5.1.3 Execution and Simulation . . . . . . . . . . . . . . . . . . . . 79
5.1.4 Robot Platform . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.2 System Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
5.3 Scenario Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

6 Conclusion 93
6.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

Bibliography 97



CHAPTER 1

Introduction

Application of robots became increasingly successful during recent years. In a
variety of use cases, automating work by an autonomously operating robot system
has shown to be both useful and feasible. For example, some indoor transportation
systems in warehouses effectively utilize a fleet of autonomous transport units.
Also service robots have shown to be useful in various use cases such as for outdoor
delivery tasks, for guiding in museums, for room service in hotels, for elderly care,
and for assistance in hospital environments, although their use is still limited by
today.

More noticeably, robots in consumer applications like vacuum cleaners or lawn
mowers are becoming increasingly successful and mature. For example, it is stated
by the European partnership in robotics, SPARC1 that the market for robots in do-
mestic appliances will significantly grow in the coming years and, more specifically,
they state that:

“The current expectation is that a new wave of smarter cleaning
machines based on improved technology will significantly grow the mar-
ket taking it beyond current sales of low millions of units per annum.”
[SPARC, 2017, p. 144]

Indeed, the recently presented vacuum cleaning robot Roxxter2 follows this trend of
smarter consumer robots. It is the first vacuum cleaner to provide integration with
home automation systems and Amazon’s Alexa system combined with advanced
localization and mapping techniques including semantic annotations. This enables
to control the robot with high-level voice commands like “clean the kitchen”.

Also in other areas of robotics, the trend points towards more intelligent robots
in the sense that the robots can be instructed by rather high-level commands instead
of explicitly programming the specific behavior of the system. For example in the
area of rescue robots, previous work of the author in the DARPA Robotics Challenge

1About SPARC: https://www.eu-robotics.net/sparc
2Press release (German): http://www.bosch-home.com/de/pressecenter/pressrelease-4288

1

https://www.eu-robotics.net/sparc
http://www.bosch-home.com/de/pressecenter/pressrelease-4288
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Figure 1.1: Examples for autonomous systems as discussed in the text.

indicated the need for expressive robot-operator interaction, see e.g. Romay et al.
[2017], Kohlbrecher et al. [2016]. Automatically generating behaviors from logic-
based goal instructions as presented in Maniatopoulos et al. [2016] has shown to
be a promising step in this direction. The approach deals with an only partially
known environment, as typical in rescue scenarios. Based on assumptions about
the behavior of the environment, reactions of the robot can be generated such the
desired goal will be reached.

Even in areas beyond the scope of classical robotics, the ability of generating
verifiably correct behavior from given specifications receives increasing attention.
For example regarding autonomous driving, Wongpiromsarn et al. [2013] conclude
from their participation at the DARPA Urban Challenge that such an approach
is particularly useful to reliably incorporate traffic rules. Coogan et al. [2016]
illustrate the use of formal methods for generating a traffic light controller to provide
performance guarantees in traffic networks.

The work presented in this thesis follows these lines and extends the current state
of research towards more expressive and temporally extended high-level instructions
to robotic systems, especially concerning the integration of multiple autonomous
agents in the execution of given specifications. As more closely discussed in the
following, such extensions impose significant additional computational complexity
in the synthesis of behaviors. The particular problem formulation addressed in this
thesis can thus be summarized as follows.

Problem 1.1. Given a single temporally extended high-level goal specification and
a system of multiple autonomous robotic agents, automatically find actions for these
agents to optimally achieve the specified goal while guaranteeing that all rules and
constraints are respected.

An illustration of such a problem formulation is given by Figure 1.2. For exam-
ple, the specification may require a robotic transportation system to provide goods
at a particular room. While doing so in an efficient way requires the system to
decompose the request in involved subtasks to be distributed to available robots,
additional constraints might need to be respected. This can involve access restric-
tions, safety rules, or environment-specific human expectations on the behavior of
robots.
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Figure 1.2: Vision for service robots in a hospital. While the nurses care for their
patients, a fleet of robots autonomously carries out required transportation tasks
in the background.

In the following chapters of this thesis, subproblems of Problem 1.1 and related
research questions are identified, discussed, and a respective solution approach is
proposed. Chapter 5 then combines the results and illustrates the practical appli-
cation of a multi-robot system in an existing office environment.

1.1 Motivation

Automated generation of behaviors not only receives increasing attention, the abil-
ity to flexibly plan intelligent behavior can indeed significantly improve the quality
of numerous systems involving autonomous agents.

For example in the area of industrial robotics, collaboration with human co-
workers not only requires additional safety measures to avoid injuries, it also in-
troduces additional uncertainty regarding execution of the desired robot behavior.
This motivates a more flexible specification of how the robotic system should react
to such disturbances.

Mobile robots extend the industrial use of autonomous systems beyond static
application at designed work benches. Especially for the use in indoor logistics, a
robotic fleet is suitable to carry out numerous transportation tasks as for example
required for so-called milk runs or point-of-use delivery in factories. Independently
of using autonomous transportation vehicles, efficient planning of transportation
tasks even if carried out by human workers bears a significant potential of reducing
the operating costs in factories.

In intralogistics, a large number of mobile transport units need to be coordinated
and it needs to be planned which tasks are best carried out by which unit. Along
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with coordination, rules and requirements have to be followed closely to ensure
a safe operation of the system and a seamless interplay between the individual
autonomous agents. Since there is a wide range of various intralogistics use cases,
for example in factories, offices, hotels, and hospitals, suitable planning methods can
significantly improve the quality and efficiency of such systems. Similar challenges
arise as well in many other applications.

This motivates our research leading to recent results in action planning for
multi-agent systems, enabling to efficiently find the optimal actions for all agents
while providing a guarantee that all specifications are correctly addressed. Belta
et al. [2007] state that the symbolic planning of robot motion control is one of the
grand challenges in robotics. While significant progress has been made in this area
during recent years, the problem remains to be subject to further research. This
is even more the case when extending symbolic planning to incorporate more than
solely motion, to consider a system of multiple robots instead of only one, and to
scale planning to problems of real-world complexity.

1.2 Problem Assumptions

Throughout this thesis, we make specific assumptions about our problem class.
These assumptions are primarily resulting from the service robot use case and are
motivated as discussed in the following.

• State Space: Discrete ↔ Continuous
We assume a discretized state space instead of a continuous one. Actions are
modeled as transitions and can be taken to change the state. Nevertheless,
in Chapter 4, we additionally assume continuous domains in order to express
resource constraints such as the battery level of the robots. Actions can affect
these resources, which is as well incorporated in the planning framework.

• Actions: Deterministic ↔ Nondeterministic
Because the environment is mostly known and actions are considered on a
level of abstraction which allows for local recovery, we assume actions to
be deterministic. This allows to design a set of capabilities of the robots,
which are much simpler than the finally generated behaviors, but still more
complex than, for example, pure double integrator dynamics. Based on these
capabilities, complex behaviors can be composed as presented in this thesis.

• Specifications: Finite ↔ Infinite
We limit the mission specifications to goals which can be satisfied in finite
time. This includes tasks like those discussed in Section 1.1, but excludes tasks
like infinite patrolling. There are two reasons for this limitation. First, finite
tasks naturally admit a notion of task completion, which will be discussed
in detail in Chapter 3. Second, an infinite task can often be expressed by
repeating a finite one.
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• Agents: Single ↔ Multiple
Most systems benefit from using multiple agents to split the work. While
considering multiple agents significantly increases the planning complexity,
some relevant challenges arise in this problem area. Specifically, it has to be
determined how the work can be decomposed and how to optimally distribute
it. Furthermore, efficiency is a critical factor for multi-agent systems in or-
der to avoid exponential complexity. The approach presented in this thesis
addresses all of these problems.

• Algorithm: Centralized ↔ Distributed
We assume a central planning server. On the one hand, the robots need to
communicate with a central server anyway when ready for a new mission. On
the other hand, a central server can usually have much more computational
power than a fleet of mobile robots. While decentralized methods are well-
suited to address issues resulting from the increasing complexity, the presented
approach relies on an efficient algorithm for multi-objective planning and
constructs a model of linear size with respect to the number of agents to
address this issue. After the initial centralized planning and allocation, no
further communication is necessary during the distributed execution.

• Solutions: Feasible ↔ Optimal
The behaviors found by the approach presented in this thesis are optimal with
respect to the defined cost function, instead of solely being feasible for the
given specification. Although finding a feasible plan can often be done more
efficiently than guaranteeing optimality, the results can be inefficient. This
is even more critical for multi-agent systems, where suboptimal behavior of a
single agent can significantly impact the performance of the other agents.

1.3 Contributions

This thesis proposes a framework for automatically generating the behavior of a
multi-robot system in order to satisfy a given formal goal specification in an op-
timal way and while considering resource constraints. In particular, an approach
is presented for Simultaneous Task Allocation and Planning (STAP) in order to
combine the planning of tasks with their allocation to agents. Our results show
that this leads to a more efficient solution than ignoring the interplay of planning
and allocation by threating them as separate problems.

In detail, the contributions of this thesis are as follows.

1. We propose an approach to automatically decompose a single finite Linear
Temporal Logic (LTL) goal formulation given to a team of agents into inde-
pendently executable tasks which can be distributed among the agents. Con-
sequently, a goal specification can be formulated irrespectively of the available
team of agents.
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Figure 1.3: Robot platforms used for evaluation of the presented work. The left
picture shows the robots in an existing Bosch office environment, where real-scale
experiments presented in this thesis have been conducted.

2. We present construction of a team model with state space complexity only
linear in the number of agents by utilizing possible decomposition choices.
This allows to consider significantly larger teams than possible with other
approaches that often scale exponentially in the number of agents.

3. We propose an efficient optimal multi-agent planning algorithm inspired by
classical multi-objective search in the area of Operations Research. This en-
ables to optimize the maximum agent cost, which is particularly useful for
minimizing the total makespan of a mission involving multiple agents.

4. We present a way to efficiently incorporate continuous constraints into discrete
graph-based action planning. Such constraints are, for example, implied by
available resources or physical limitations. Their explicit consideration makes
it possible to optimize long-term operation of the system and increases the
expressiveness of the presented planning framework.

5. We evaluate a ROS implementation of the proposed framework in an existing
Bosch office environment based on various realistic service robot use cases.
This provides an insight into the characteristics of the problems. Especially,
it highlights the scalability and practical usefulness of the presented work.

The rest of this thesis is organized as follows. In Chapter 2, we present an
approach for generating verifiably correct and optimal behavior for a robot system,
given a description of the system and a formulation of the goal as LTL formula.
In Chapter 3, we propose a formalism for decomposition of finite LTL mission
formulations into a set of implied, independently executable tasks and construct
a planning model for multi-robot teams based on these results. In Chapter 4, we
combine the results of the previous chapters to generate verifiably correct behavior
for a system of multiple robots, still guaranteeing optimality. In Chapter 5, we
present a ROS implementation of our approach and show experiments based on an
existing Bosch office environment to emphasize the applicability of the proposed
theoretical methods. Chapter 6 concludes with a discussion of the results and
indicates areas for future work.
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1.4 Publications

This thesis is based on the following publications and contains material of which
parts have been published previously in the documents stated below.

• Philipp Schillinger, Mathias Bürger, and Dimos V Dimarogonas. Decom-
position of finite LTL specifications for efficient multi-agent planning. In
Distributed autonomous robotic systems (DARS). Springer, 2016.
“Generating verifiably correct execution strategies from Linear Temporal Logic
(LTL) mission specifications avoids the need for manually designed robot be-
haviors. However, when incorporating a team of robot agents, the additional
model complexity becomes a critical issue. Given a single finite LTL mission
and a team of robots, we propose an automata-based approach to automat-
ically identify possible decompositions of the LTL specification into sets of
independently executable task specifications. Our approach leads directly to
the construction of a team model with significantly lower complexity than
other representations constructed with conventional methods. Thus, it en-
ables efficient search for an optimal decomposition and allocation of tasks to
the robot agents.”

• Philipp Schillinger, Mathias Bürger, and Dimos V Dimarogonas. Multi-
Objective Search for Optimal Multi-Robot Planning with Finite LTL Spec-
ifications and Resource Constraints. In IEEE International Conference on
Robotics and Automation. Singapore, 2017.
“We present an efficient approach to plan action sequences for a team of
robots from a single finite LTL mission specification. The resulting execu-
tion strategy is proven to solve the given mission with minimal team costs,
e.g., with shortest execution time. For planning, an established graph-based
search method based on the multi-objective shortest path problem is adapted
to multi-robot planning and extended to support resource constraints. We
further improve planning efficiency significantly for missions which consist of
independent parts by using previous results regarding LTL decomposition.
The efficiency and practicality of the ROS implementation of our approach is
demonstrated in example scenarios.”

• Philipp Schillinger, Mathias Bürger, and Dimos V Dimarogonas. Simulta-
neous task allocation and planning for temporal logic goals in heterogeneous
multi-robot systems. The International Journal of Robotics Research, 2017.
submitted.
“This paper describes a framework for automatically generating optimal action-
level behavior for a team of robots based on Temporal Logic mission specifica-
tions under resource constraints. The proposed approach optimally allocates
separable tasks to available robots, without requiring a-priori an explicit rep-
resentation of the tasks or the computation of all task execution costs. In-

http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-199915
http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-199915
https://doi.org/10.1109/ICRA.2017.7989094
https://doi.org/10.1109/ICRA.2017.7989094
https://doi.org/10.1109/ICRA.2017.7989094
http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-214835
http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-214835
http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-214835
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stead, we propose an approach for identifying sub-tasks in an automaton rep-
resentation of the mission specification and for simultaneously allocating the
tasks and planning their execution. The proposed framework avoids the need
of computing a combinatorial number of possible assignment costs, where each
computation itself requires solving a complex planning problem. This can im-
prove computational efficiency compared to classical assignment solutions, in
particular for on-demand missions where task costs are unknown in advance.
We demonstrate the applicability of the approach with multiple robots in an
existing office environment and evaluate its performance in several case study
scenarios.”

Furthermore, a discussion of behavior synthesis for multi-agent systems has
been topic of the following workshop talk. The referenced summary focuses on
a discussion of different approaches for the problem of allocating parts of a given
mission while still needing to plan how these parts can be executed by the individual
agents.

• Philipp Schillinger, Mathias Bürger, and Dimos V Dimarogonas. Simulta-
neous Task Allocation and Planning. In The What without the How (Work-
shop), Robotics: Science and Systems (RSS), Cambridge, USA, July 2017
“When planning behaviors for a multi-robot system based on a Temporal
Logic specification of the mission, not only actions need to be planned, but
also allocation of parts of the mission needs to be considered. Classically,
this is seen as two independent problems. However, utilizing the interplay of
allocation and planning bears the potential of improving the efficiency to find
an optimal solution.”

In addition, the following co-authored publications are not part of the work
presented in this thesis, but have significantly influenced and motivated the material
presented here.

• Philipp Schillinger, Stefan Kohlbrecher, and Oskar von Stryk. Human-
Robot Collaborative High-Level Control with Application to Rescue Robotics.
In IEEE International Conference on Robotics and Automation, Stockholm,
Sweden, May 2016.
“Motivated by the DARPA Robotics Challenge (DRC), the application of
operator assisted (semi-)autonomous robots with highly complex locomotion
and manipulation abilities is considered for solving complex tasks in poten-
tially unknown and unstructured environments. Because of the limited a
priori knowledge about the state of the environment and tasks needed to
achieve a complex mission, a sufficiently complete a priori design of high
level robot behaviors is not possible. Most of the situational knowledge re-
quired for such behavior design is gathered only during runtime and needs
to be interpreted by a human operator. However, current behavior control

http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-210775
http://urn.kb.se/resolve?urn=urn%3Anbn%3Ase%3Akth%3Adiva-210775
http://dx.doi.org/10.1109/ICRA.2016.7487442
http://dx.doi.org/10.1109/ICRA.2016.7487442
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approaches only allow for very limited adaptation at runtime and no flexible
operator interaction. In this paper an approach for definition and execution
of complex robot behaviors based on hierarchical state machines is presented,
allowing to flexibly change the structure of behaviors on the fly during run-
time through assistance of a remote operator. The efficiency of the proposed
approach is demonstrated and evaluated not only in a example scenario, but
also by application in two robot competitions.”

• Spyros Maniatopoulos, Philipp Schillinger, Vitchyr Pong, David C Con-
ner, and Hadas Kress-Gazit. Reactive high-level behavior synthesis for an
atlas humanoid robot. In IEEE International Conference on Robotics and
Automation, pages 4192 – 4199. 2016.
“In this work, we take a step towards bridging the gap between the theory of
formal synthesis and its application to real-world, complex, robotic systems.
In particular, we present an end-to-end approach for the automatic genera-
tion of code that implements high-level robot behaviors in a verifiably correct
manner, including reaction to the possible failures of lowlevel actions. We
start with a description of the system defined a priori. Thus, a non-expert
user need only specify a highlevel task. We automatically construct a formal
specification, in a fragment of Linear Temporal Logic (LTL), that encodes the
system’s capabilities and constraints, the task, and the desired reaction to low-
level failures. We then synthesize a reactive mission plan that is guaranteed to
satisfy the formal specification, i.e., achieve the task’s goals or correctly react
to failures. Lastly, we automatically generate a state machine that instanti-
ates the synthesized symbolic plan in software. We showcase our approach
using Team ViGIR’s software and Atlas humanoid robot and present lab ex-
periments, thus demonstrating the application of formal synthesis techniques
to complex robotic systems. The proposed approach has been implemented
and open-sourced as a collection of Robot Operating System (ROS) packages,
which are adaptable to other systems.”

• Stefan Kohlbrecher, Alexander Stumpf, Alberto Romay, Philipp Schillinger,
Oskar von Stryk, and David C Conner. A comprehensive software framework
for complex locomotion and manipulation tasks applicable to different types
of humanoid robots. Frontiers in Robotics and AI, 3:31, 2016.
“While recent advances in approaches for control of humanoid robot sys-
tems show promising results, consideration of fully integrated humanoid sys-
tems for solving complex tasks, such as disaster response, has only recently
gained focus. In this paper, a software framework for humanoid disaster re-
sponse robots is introduced. It provides newcomers as well as experienced
researchers in humanoid robotics a comprehensive system comprising open
source packages for locomotion, manipulation, perception, world modeling,
behavior control, and operator interaction. The system uses the Robot Op-
erating System (ROS) as a middleware, which has emerged as a de facto

https://doi.org/10.1109/ICRA.2016.7487613
https://doi.org/10.1109/ICRA.2016.7487613
https://doi.org/10.3389/frobt.2016.00031
https://doi.org/10.3389/frobt.2016.00031
https://doi.org/10.3389/frobt.2016.00031
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standard in robotics research in recent years. The described architecture and
components allow for flexible interaction between operator(s) and robot from
teleoperation to remotely supervised autonomous operation while considering
bandwidth constraints. The components are self-contained and can be used
either in combination with others or standalone. They have been developed
and evaluated during participation in the DARPA Robotics Challenge, and
their use for different tasks and parts of this competition are described.”

• Alberto Romay, Stefan Kohlbrecher, Alexander Stumpf, Oskar von Stryk,
Spyros Maniatopoulos, Hadas Kress-Gazit, Philipp Schillinger, and David
C Conner. Collaborative Autonomy between High-level Behaviors and Hu-
man Operators for Remote Manipulation Tasks using Different Humanoid
Robots. Journal of Field Robotics, 34(2):333 – 358, 2017.
“Team ViGIR and Team Hector participated in the DARPA Robotics Chal-
lenge (DRC) Finals, held June 2015 in Pomona, California, along with 21
other teams from around the world. Both teams competed using the same
high-level software, in conjunction with independently developed low-level
software specific to their humanoid robots. On the basis of previous work on
operator-centric manipulation control at the level of affordances, we devel-
oped an approach that allows one or more human operators to share control
authority with a high-level behavior controller. This collaborative autonomy
decreases the completion time of manipulation tasks, increases the reliability
of the human-robot team, and allows the operators to adjust the robotic sys-
tem’s autonomy on-the-fly. This article discusses the technical challenges we
faced and overcame during our efforts to allow the human operators to inter-
act with the robotic system at a higher level of abstraction and share control
authority with it. We introduce and evaluate the proposed approach in the
context of our two teams’ participation in the DRC Finals. We also present
additional, systematic experiments conducted in the lab afterward. Finally,
we present a discussion about the lessons learned while transitioning between
operator-centered manipulation control and behavior-centered manipulation
control during competition.”

http://dx.doi.org/10.1002/rob.21671
http://dx.doi.org/10.1002/rob.21671
http://dx.doi.org/10.1002/rob.21671


CHAPTER 2

Robot Behavior Synthesis

Robots are complex systems which combine a multitude of different capabilities.
Programming such a system by hand in order to coordinate all of these capabilities
to achieve a specific behavior is often a highly non-trivial task.

On the one hand, a programmer needs to make sure that no inconsistent be-
havior is specified. For example, an action of the robot is commanded although the
prerequisites for the desired action are not fulfilled at this specific point during ex-
ecution. Such cases cause a failure of the robotic system, usually requiring manual
recovery.

On the other hand, specific rules and requirements to be obeyed by the robotic
system are formulated in many environments, especially when interaction with ex-
ternal systems or users is part of the operation. For example, some actions of a
robot might be forbidden under specific circumstances in order to reduce the risk
of harm to humans. If the programmer fails to ensure this at any point during
execution, severe consequences might happen.

In addition, it is often not even practically possible to design a specific behavior
implementation by hand. This is especially the case when the robot operates in a
changing environment and the tasks to be executed by the robot can change flexibly.
Then, the robot is required to not only autonomously execute certain actions, but
also generate these actions first.

Generating the robot behavior automatically from a given goal specification
comes with significant advantages. First, it can be guaranteed that the constructed
behavior implementation is correct in the sense that it follows all the requirements
formulated in its goal specification. Second, changes to the environment, the sys-
tem, or the specification are automatically incorporated. Manual corrections to
make sure that the requirements still are obsolete. Third, planning the behavior
allows for optimization with respect to a certain objective. Consequently, it can be
guaranteed that no better implementation exists to fulfill the specification.

However, automatically generating the behavior from a specifications requires
a few assumptions in order to be solved. First, any specification language has a

11
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certain expressiveness. For example, natural language is very expressive, but both
its complexity and its ambiguity usually make natural language an infeasible choice
as formalism. In contrast, geometric planning problems such as path planning
typically assume a well-defined, but very limited specification format by stating a
certain goal pose.

Second, it must be possible to formulate an adequate model of the system. The
above guarantees can only be given within the scope of the model and if this model
is incorrect or too limited, such guarantees become less useful.

Third, the planning problems quickly become computationally hard. In order
to still be able to generate behaviors, careful simplifications usually have to be
made. If this is only possible up to a certain degree for preserving correctness of
the results, optimality can be sacrificed to at least get a feasible solution even if it
is not necessarily the best one.

All of the above considerations lead us to the following problem definition which
we address in this chapter.

Problem 2.1 (Behavior Synthesis). Given the specification of a mission goal that
should be satisfied and the description of an autonomous system, generate a behavior
for the system to guarantee satisfaction of the mission in an optimal way.

Specifically, we employ temporal logics in order to specify the desired temporal
behavior of the robotic system. This allows us to not only define a goal which
should be fulfilled in the end, but also to specify additional logical constraints on
the action sequence to achieve this goal. For example, it can be specified that
a certain region should always be avoided or only be visited after a requirement
condition has become true.

Indeed, a formulation similar to Problem 2.1 is stated as one of the expected
step changes regarding action planning by the European partnership in robotics,
SPARC1, in their most recent version of the Robotics 2020 Multi-Annual Roadmap.

“Formal methods are needed to specify and synthesize robot control
systems starting from rich models of the robot, of the environment and
of the task. [...] Tools like temporal logics and description logics have
reached a good degree of maturity, and are good candidate to create such
methods.” [SPARC, 2017, p. 299]

The remainder of this Chapter is structured as follows. Section 2.1 summa-
rizes and discusses existing research related to formal behavior generation for au-
tonomous systems with a particular focus on methods incorporating temporal log-
ics and single robots. Section 2.2 introduces the temporal logic formalism used
throughout this thesis and defines both syntax and semantics of finite Linear Tem-
poral Logic as usual in related work. Section 2.3 presents a state-of-the-art method
for constructing an automaton representation from the given specifications in order

1About SPARC: https://www.eu-robotics.net/sparc

https://www.eu-robotics.net/sparc
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to incorporate it in the action planning. Section 5.2 provides formal definitions
for the models we will use throughout this thesis to describe the underlying phys-
ical robotic system. Section 2.5 relates classical results in shortest path search to
Problem 2.1 in order to solve the synthesis problem for a single robot. Section 2.6
concludes with an illustrative case study problem and a discussion thereof.

2.1 Related Work

Behavior synthesis from a given formal specification enables to deploy robots in in-
creasingly sophisticated scenarios while being able to provide guarantees regarding
correctness and optimality, see for example the books by Baier and Katoen [2008]
and Belta et al. [2017]. Especially when incorporating temporal requirements in
such a specification, the expected behavior of a robot system can be expressed in
a way both meaningful and distinct. As for example summarized by Belta et al.
[2007], this simplifies behavior design by shifting the focus away from explicitly
programming execution plans in order to reach a goal. In the following, we discuss
previous work related to planning the behavior of an autonomous system from given
specifications. The focus is on temporal logic, which is addressed first, but then also
other logic-based approaches are discussed.

2.1.1 Temporal Logic Planning
As an extension to specifying a goal condition which can be evaluated at a single
point in time, a temporal logic additionally allows to specify temporal relationships
evaluated over the full sequence of actions Kress-Gazit et al. [2009]. This allows
more sophisticated applications of robots, such as presented by Wolff et al. [2014],
Lacerda et al. [2014a], and Lahijanian et al. [2016]. For example, Smith et al. [2011]
plan surveillance paths for a vehicle in a road network. Luna et al. [2015] synthesize
a control policy for navigation under uncertainty in a warehouse scenario.

Starting from a temporal logic goal specification, different ways exist to synthe-
size behaviors. Wolff et al. [2014] propose a Mixed-Integer Linear Program (MILP)
formulation of the motion planning problem under temporal logic constraints. Sim-
ilarly, Karaman and Frazzoli [2008] propose an extension of the MILP formulation
for the classical Traveling Salesman Problem (TSP) to incorporate additional tem-
poral constraints. Instead, Fainekos et al. [2006], Saha and Julius [2016] synthesize
continuous-state and hybrid feedback controllers. Cowlagi and Zhang [2016], for
example, use a method based on constructing a lifted graph representation of the
system.

Linear Temporal Logic (LTL) is a specific temporal logic, often used in model
checking and behavior synthesis. LTL extends the classical Boolean operators by
qualitative temporal relations such as “next”. As shown by Büchi [1990] and more
closely investigated for example by Gerth et al. [1995], Vardi [1996], and Gastin and
Oddoux [2001], a property of LTL is that discrete automata can be constructed in
order to evaluate if a specific temporal sequence fulfills a specification. This also
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provides a basis to effectively plan valid actions of a system by combining the
automaton of the specification with the system model, see for example Lacerda
et al. [2014b], Guo and Dimarogonas [2015], or Tumova and Dimarogonas [2016].

In the general case, constructing an automaton from an LTL specification is
exponential in the length of the formula, see Pnueli and Rosner [1989]. Sampling-
based approaches like Vasile and Belta [2014] and Li and Fu [2017] approximate
the optimal solution while ensuring that only valid states are sampled. In Vasile
et al. [2017b], the authors demonstrate application in the domain of mobility on
demand. A receding horizon planner samples feasible driving paths based on a set
of traffic rules represented as co-safe LTL formulas.

Another approach to reduce the complexity of automaton construction is to as-
sume only a limited subset of LTL for which specialized and more efficient methods
exist. A common example is the GR(1) fragment of LTL, which allows automaton
construction in polynomial time, see Piterman et al. [2006], Ehlers [2011], Bloem
et al. [2012]. For example, Kress-Gazit et al. [2009] synthesize symbolic controllers
for a robotic system from specifications limited to this GR(1) fragment. This work
is extended in Raman et al. [2012] to incorporate temporally extended actions which
can be activated and later be completed. Raman and Kress-Gazit [2014] extend
this approach to multi-agent systems. Maniatopoulos et al. [2016] apply GR(1)
synthesis in the context of rescue robotics where the reactive nature of GR(1) is
used to synthesize valid reactions to an environment which is not known in detail.

2.1.2 Logic-Based Planning
STRIPS Fikes and Nilsson [1971], standing for Stanford Research Institute Prob-
lem Solver, was one of the first and most successful attempts to general purpose
logic-based planning. Similarly, the Action Description Language (ADL) Pednault
[1989] describes a state-transition model of actions with the goal to improve the
expressiveness of planning models as opposed to STRIPS. The Planning Domain
Description Language (PDDL) McDermott et al. [1998] is nowadays an established
framework for specifying planning problems. Cashmore et al. [2015] present a soft-
ware framework to integrate PDDL planning, in particular the method proposed
by Coles et al. [2010], in the commonly used robot middleware ROS. Carlucci et al.
[2015] incorporate additional social norms for human-robot interaction in the be-
havior planning of a mobile robot.

LTL as formalism for goal specifications has also been adapted in classical plan-
ning frameworks such as PDDL. Bacchus and Kabanza [1998] present with TLPlan
an effective logic-based planner which incorporates temporal logic for goal specifi-
cations. Similarly, Cresswell and Coddington [2004] and Baier and McIlraith [2006]
propose different approaches for incorporating LTL specifications in the PDDL
planning domain. In the opposite direction, Mayer et al. [2007] present an approach
to convert domain specifications given as PDDL actions into LTL constraints. Since
the PDDL 3.0 format, specification of temporally extended goals is officially sup-
ported Gerevini et al. [2009].
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2.2 Temporal Logic

Classical Boolean logic allows to formulate specifications ϕ over a set of proposi-
tions Π. Each proposition π ∈ Π can either be true > or false ⊥. A temporal logic
extends the Boolean logic by operators with temporal semantics. Consequently,
specifications can be expressed over a sequence of propositions instead of a single
set. This additional expressiveness makes temporal logics useful for specifying the
desired behavior of autonomous systems, effectively capturing the temporal evolu-
tion of these systems.

There exist multiple variations of temporal logics. The one which is most com-
monly used in the context of robot behavior synthesis is Linear Temporal Logic
(LTL). A reason for the widespread use of LTL is that relatively efficient methods
exist to plan in the space of satisfying sequences. This often makes LTL a good
compromise between expressiveness of the specification and efficiency of planning.

Originally resulting from the field of model checking and verification, see Baier
and Katoen [2008], LTL applied to robotic behavior planning provides a formalism
to specify the expected behavior in an unambiguous way. As such, an LTL speci-
fication can be used to describe the result of an expected behavior, while the way
to achieve this result is automatically derived by the system.

2.2.1 Linear Temporal Logic
An LTL formula φ is recursively defined by the syntax

φ := > | π | ¬φ1 | φ1 ∧ φ2 | ©φ1 | φ1 U φ2 | φ1 R φ2

with LTL formulas φ1, φ2, propositions π ∈ Π, and the Boolean constant > “true”.
The syntax includes the Boolean operators ¬ “not” and ∧ “and”, as well as the
temporal operators© “next”, U “until”, and R “release”. In addition, the following
derived operators are defined to extend the above operators.

• “or”: φ1 ∨ φ2 := ¬(¬φ1 ∧ ¬φ2)

• “implies”: φ1 =⇒ φ2 := ¬φ1 ∨ φ2

• “eventually”: ♦φ1 := > U φ1

• “always”: �φ1 := ⊥ R φ1

LTL formulas are defined over a sequence σ of atomic propositions Π, given by
σ : N→ 2Π. At each discrete point in time t ∈ N, a set of propositions π ∈ Π given
by σ(t) denotes which propositions are true π ∈ σ(t) or false π /∈ σ(t). A sequence
is called finite if it is bounded by a maximum time T and then we say that the
sequence has length T .

The semantics of the satisfaction relation � for the above operators and a se-
quence σ are recursively defined as follows. Specifically, for any LTL formulas ϕ1
and ϕ2, the following semantics hold.
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• σ(t) � π iff π ∈ σ(t)

• σ(t) � ¬φ1 iff σ(t) 2 φ1

• σ(t) � φ1 ∧ φ2 iff σ(t) � φ1 and σ(t) � φ2

• σ(t) �©φ1 iff σ(t+ 1) � φ1

• σ(t) � φ1 U φ2 iff ∃t2 ≥ t such that σ(t2) � φ2 and ∀t1 ∈ [t, t2) it holds that
σ(t1) � φ1

• σ(t) � φ1 R φ2 iff t1 = ∞ or ∃t1 ≥ t such that σ(t1) � φ1 and ∀t2 ∈ [t, t1) it
holds that σ(t2) � φ2

A sequence σ is said to satisfy an LTL formula ϕ, denoted by σ � ϕ, according
to certain semantics as for example presented in Baier and Katoen [2008]. A special
case of the satisfaction relation σ � φ where σ has length one and φ only contains
Boolean operators is called Boolean satisfaction.

Example 2.1 (LTL Satisfaction). Consider the LTL formula φ defined over the
propositions Π = {π1, π2, π3}, given by

φ = (π1 ∨©π2) ∧ ♦π3.

In natural language, φ could be stated as “Either π1 needs to be true now or π2 in
the next time step. Also, π3 should become true at any time from now on.”

Next, consider the following example sequences, all of length two.

σ1 = {π1}{π3}
σ2 = {π2}{π1, π3}
σ3 = {π3}{π2}

σ1 satisfies φ since the first clause of the “or” condition is true and there exists an
instance where π3 is true. σ2 in contrast does not satisfy φ because neither is π1
true in the first instance, nor π2 in the second one. σ3 again satisfies φ because
the “eventually” operator does not preclude π3 from being true already at the first
instance. •

In general, LTL is defined over infinite sequences. To decide whether a given
LTL formula is satisfied, the respective sequence might need to be checked for
infinitely many time steps.

Example 2.2 (Infinite Sequence). Consider the following LTL formula.

φosc = ♦π1 ∧�¬(π1 ∧ π2)
∧�(π1 =⇒ ♦π2) ∧�(π2 =⇒ ♦π1).
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φosc requires that π1 is true at some time step and that π1 and π2 are never true
at the same time. Furthermore, it requires that any π1 is followed by a π2 and
similarly, every π2 is followed by a π1. In fact, this formula describes an oscillation
between π1 and π2 and consequently, cannot be satisfied by any finite sequence. •

In the case that there exists a finite sequence which satisfies an LTL formula,
this formula is called finite. There are several fragments and interpretations of LTL,
e.g., co-safe LTL by Kupferman and Vardi [2001] and LTLf by De Giacomo and
Vardi [2013], which ensure that specified LTL formulas are finite. See also Belta
et al. [2017] for finite temporal logic fragments. In the following, we only address
finite LTL formulas since this is sufficient for our considered use cases.

Remark. Note that an LTL formula containing the “always” operator could,
strictly speaking, never be satisfied by a finite sequence and thus, is for example
not allowed in co-safe LTL. Since we only address finite LTL here and to preserve
the expressiveness of the “always” operator, we follow the idea of De Giacomo et al.
[2014]. Consequently, we introduce an artificial “end” proposition, in the following
denoted by Ω, and define the “always” operator instead as

• “always”: �φ1 := Ω R φ1

for the remainder of this thesis. Ω is considered to be false for all instances during
a given sequence, but can be assumed true for all instances afterwards. Informally,
the operator � can then be understood as “always during the given sequence”.

2.2.2 Further Temporal Logics
In addition to LTL, other temporal logics exist which either extend the formalism of
LTL or, similar to the previously mentioned finite subset of LTL, identify fragments
of LTL for which the computational efficiency of model checking can be improved.

The generalized reactivity GR(1) fragment of LTL as proposed by Piterman
et al. [2006] admits efficient specialized synthesis strategies and is inspired by a
two-player game. In the GR(1) fragment are formulas of the structure

φGR(1) = ϕei ∧ φet ∧ φeg =⇒ ϕsi ∧ φst ∧ φsg

where the superscript e denotes formulas describing the uncontrolled environment
and s formulas describing the controlled system. In particular, ϕi are Boolean
formulas which describe the initial state, φt =

∧
x�φx describe safety assumptions

and requirements while φx can only contain Boolean operators and “next”, and
goals φg =

∧
x�♦ϕx describe liveness assumptions and requirements as Boolean

formulas ϕx. This idea can be summarized by saying that if the environment
satisfies all assumptions ϕei ∧ φet ∧ φeg, then the system is guaranteed to fulfill its
requirements ϕsi ∧ φst ∧ φsg.

Popular extensions of LTL include Metric Temporal Logic (MTL), proposed by
Koymans [1990]. MTL adds real-valued timing constraints to the temporal opera-
tors. Metric Interval Temporal Logic (MITL), see Alur et al. [1996], requires these
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timing constraints to be non-singular intervals to avoid the issue of undecidability
due to infinite precision. For example, the formula

φMITL = π1 UI π2, I := (t1, t2)

is satisfied at time t if π2 is true at any time t′ ∈ I and π1 holds during the interval
(t, t′). Accordingly, a sequence is augmented by a real-valued distance measure
between its instances. Signal Temporal Logic (STL) by Maler and Nickovic [2004]
extends MITL by considering continuous real-valued functions instead of Boolean
propositions. Instead of πi ∈ {>,⊥}, STL considers a proposition fi(t) > 0 as
true. This admits the notion of a robustness measure for the satisfaction of an STL
formula, see for example Fainekos and Pappas [2009].

Several specialized variations of the above logics exist. For example, Real-time
Temporal Logic (RTL) by Reynolds [2001] allows no time windows on temporal
operators but already incorporated functions as propositions similar to STL. Trun-
cated Linear Temporal Logic (TLTL) by Li et al. [2016] is similar to RTL and
proposed to be used as a reward function formulation for reinforcement learning.
Time Window Temporal Logic (TWTL) was introduced by Vasile et al. [2017a] to
describe time bounded specifications for which time relaxations can be calculated.
As a last example, Geometric Linear Temporal Logic (GLTL) by Littman et al.
[2017] parametrizes temporal operators with random variables following geometric
distributions.

A different direction is given by Computation Tree Logic (CTL), see Clarke et al.
[1986], originally proposed for specifying the behavior of concurrent systems. CTL
extends the temporal operators of LTL with the set-theoretic quantifiers “exists” ∃
and “for all” ∀. The semantics of CTL are defined over a non-deterministic graph,
which can as well be seen as a tree rooted at the initial state and describing possible
paths in the graph. Also for CTL, a wide variety of extensions exists. A wide-spread
example is Probabilistic real-time Computation Tree Logic (PCTL) as proposed by
Hansson and Jonsson [1994]. It extends CTL to incorporate uncertainty thresholds
in specifications which enables an interpretation of PCTL over discrete-time Markov
chains instead of purely non-deterministic graphs.

2.3 Automaton Construction

An important and useful property of LTL specifications is the fact that they can
be translated into an equivalent automaton representation of the specification. In
this context, equivalence is to be understood as identifying the same sequences σ to
satisfy the respective specification. First, we define the automaton to be constructed
as for example described by Baier and Katoen [2008].

Definition 2.1 (NFA). A nondeterministic finite automaton is given as the tuple
F := (Q,Q0, α, δ, F ) consisting of
(1) a set of states Q,
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Figure 2.1: Automaton representation of the LTL formula φ = (π1∨©π2)∧♦π3 as
stated in Example 2.1. The double border of q1 denotes that this is an accepting
state.

(2) a set of initial states Q0 ⊆ Q,
(3) a set of Boolean formulas ϕ over π ∈ Π,
(4) transition conditions δ : Q×Q→ ϕ,
(5) a set of accepting (final) states F ⊆ Q.

Note that our notation of the transition relation is non-standard in order to
simplify notation throughout this thesis. For two states qi, qj ∈ Q, there exists a
transition if δ(qi, qj) 6= ⊥ and the Boolean function δ(qi, qj) denotes the transition
condition. Accordingly, we denote the absence of a transition by δ(qi, qj) := ⊥.
Illustratively speaking, this means the transition condition is constantly false and
can thus never become true to allow a transition from qi to qj .

A sequence σ over propositions describes a sequence of states q ∈ Q, called
a run ρ : N ∪ {0} → Q. A run ρ is called feasible if it starts in an initial state
ρ(0) = q0 with q0 ∈ Q0 and if all transition conditions are satisfied along the run
σ(t) � δ(ρ(t − 1), ρ(t)) for all t where � denotes Boolean satisfaction as defined
above. A run ρ is called accepting if it is feasible and ends in an accepting state
qn ∈ F .

If σ does not describe a feasible run, we say σ violates the LTL specification.
If σ describes an accepting run, we say σ satisfies the LTL specification. Given by
the construction of F from an LTL specification φ, it can be shown that σ indeed
describes an accepting run if and only if σ � φ, see for example Baier and Katoen
[2008].

In the case that σ describes a feasible but not an accepting run, it does not
satisfy the LTL specification. But under the assumption that F does not contain
dead ends except for accepting states, σ forms a prefix of an accepting run and can
be extended to a sequence satisfying the specification. Thus, we refer to this case
by saying that σ partially satisfies φ.
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Example 2.3 (Automaton Representation). Figure 2.1 depicts the NFA F equiv-
alent to the LTL specification φ from Example 2.1 given by φ = (π1 ∨©π2)∧♦π3.
Let us now consider again the sequences σ1, σ2, and σ3 as discussed in Example
2.1. The statements made there about which sequence satisfies φ and in particular
why those which not satisfy φ fail to do so, can formally be checked with F .

First, we construct a feasible run ρ1 from σ1 = {π1}{π3} as follows. The first
state ρ1(0) = q0 is the initial state q0 by definition. Then, any transition δ(q0, qi)
can be taken if it is the case that σ1(1) � δ(q0, qi). Here, for σ1(1) = {π1}, only q3
is suitable as the next state and consequently, ρ1(1) = q3. This procedure can be
repeated for the rest of the sequence. In particular, it can immediately be seen at
q3 that we stay as long at q3 as π3 does not appear in the sequence, and continue
otherwise to q1. The complete run ρ1 is here given by

ρ1 = q0q3q1.

It is feasible by construction and accepting since q1 ∈ F . Consequently, the sequence
σ1 satisfies the specification φ.

In contrast, now consider σ2 = {π2}{π1, π3}. The only first transition which is
feasible is δ(q0, q4). But at q4, σ2(2) then violates both of the possible transition
conditions for the reason that π2 /∈ σ2(2). Consequently, σ2 does not describe a
feasible run in F and thus, violates the specification φ.

Finally, consider σ3 = {π3}{π2}. Interestingly, there are two transitions feasible
from the initial state. Given by π1 /∈ σ3(1), a feasible next state of ρ3 would be q4.
However, it becomes apparent that taking this transition does in fact not describe
an accepting run since σ3(2) would only lead to q3 /∈ F . Still, there exists a run ρ3
described by σ3 which is indeed accepting, given by

ρ3 = q0q2q1.

This observation results from the fact that F is, in general, non-deterministic. Nev-
ertheless, it would be possible here to make F deterministic by defining δ(q0, q4) =
¬π1 ∧ ¬π3. •

In summary, it can be stated that an NFA not only provides an illustrative way
of checking if the corresponding LTL formula is fulfilled, but also indicates possible
alternative sequences to fulfill the formula. In the following, we will refer to the set
of alternative accepting sequences as strategies.

In general, constructing an NFA from an LTL formula has worst-case time and
space complexity exponential in the length of the formula |φ| as, for example, shown
by Baier and Katoen [2008]. The actual complexity might be lower depending on
the specific formula. However, this construction complexity is usually still a limiting
factor in many applications.
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2.4 System Description

The system description provides a model of the physical capabilities of the robot
system and its effects. This model is labeled with atomic propositions, which in turn
can be used to specify mission goals as LTL formulas. Furthermore, the semantics
of the propositions are defined for the respective system.

2.4.1 Agent Description
The environment in which the robot operates is given by a topological map, modeled
as a transitions system.

Definition 2.2 (Environment Model). The environment model is given by a labeled
transition system defined as

E = (VE , EE ,ΠE ,ΛE)

consisting of
(1) a set of vertices VE ,
(2) a set of edges between locations EE ⊆ VE × VE ,
(3) a proposition alphabet ΠE ,
(4) a labeling function ΛE : VE → 2ΠE assigning atomic propositions to locations.

Vertices VE represent locations of interest in the environment. For example, a
vertex can denote an area or specific position. The edges EE represent navigation
actions in order to change the location to a different one. An edge exists between
two vertices if there is a navigation action between the respective locations such
that no other location is crossed on the way.

The atomic propositions assigned to locations by the labeling function denote
particular properties of these locations. For example, rooms in a building can be
identified by their room number and room type, as well as locations of docking
stations for charging of the robots can be marked as such.

Furthermore, the robot itself is described by a labeled transition system corre-
sponding to its capabilities.

Definition 2.3 (Robot Model). The robot model is given by a labeled transition
system defined as

R = (SR, AR,ΠR,ΛR)

consisting of
(1) a set of states SR of the robot,
(2) a set of available actions AR ⊆ SR × SR,
(3) a proposition alphabet ΠR,
(4) a labeling function ΛR : SR → 2ΠR assigning atomic propositions to states,
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States SR denote an internal, potentially virtual state of the robot, such as “car-
rying” or “charging”. The actions AR denote potential actions the robot can take
to change its state. For example, the robot might have a “deliver” action available
when in state “carrying”. Similar as for the environment model, the labeling func-
tion in the robot model identifies states with certain properties and makes them
referable in mission specifications.

A robotic agent is then described by a combination of its external environment
and its internal state model. This combination can be done automatically from the
two models given above and is defined as follows.

Definition 2.4 (Agent Model). An agent model is given as a product transition
system

A = E ⊗R = (SA, AA,ΠA,ΛA)

consisting of
(1) a set of states SA = VE×SR combining location and internal state of the agent,
(2) a set of actions AA ⊆ SA × SA as described in detail below,
(3) a proposition alphabet ΠA = ΠE ∪ΠR,
(4) a labeling function ΛA : SA → 2ΠA .

The set of actions AA is given by the environment edges EE and the robot
actions AR as follows. To enable a more expressive model, we additionally define
a requirement function Φ : AA → ϕ which labels actions with Boolean formulas ϕ
defined over the propositions ΠA. Then, AA is given by

AA = {a = ((v, s), (v′, s′)) ∈ SA × SA :
(v, v′) ∈ EE ∧ (s, s′) ∈ AR ∧ ΛA((v, s)) � Φ(a)}

(2.1)

where the set of actions is limited to being only available at states which fulfill the
respective requirement condition.

2.4.2 Planning Model
Based on the agent model A and the NFA representation F of the mission specifi-
cation, the planning model can automatically be constructed as follows.

Definition 2.5 (Product Model). A product automaton P is a tuple

P = F ⊗A = (SP , S0,P , AP)

consisting of
(1) a set of states SP = Q× SA,
(2) a set of initial states S0,P = {(q0, s) ∈ SP : q0 ∈ Q0},
(3) a set of actions AP = {((q, s), (q′, s′)) ∈ SP×SP : (s, s′) ∈ AA∧λ(s) � δ(q, q′)},
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This resulting product automaton combines properties of both the agent model
and the NFA. Agent states are augmented with information about the mission
progress given by the NFA and actions are restricted such that only actions which
do not violate the mission specification are present in the automaton. Thus, the
only influence of F in this regard is the limitation of AP to actions compliant to
φ. Furthermore, states implicitly inherit properties of the BA, such as that a run
ending in a state sP = (q, s) with q ∈ F is an action sequence which leads to an
accepting run in F and thus, fulfills φ. Consequently, a product automaton can be
used to actively generate runs which are both realizable with respect to the agent
model and satisfying the given mission specification.

The set of possible initial states S0,P is determined by the NFA component
q0 ∈ Q0 of the respective states. However, in extension to Definition 2.5, S0,P is
usually further restricted. Given a specific state s0 ∈ SA describing the physical
initial state of the agent, possible initial states are more restrictively given by
S0,P = {(q0, s0) ∈ SP : q0 ∈ Q0}.

In addition, we define a cost function C : AA → R+ assigning positive costs to
actions, for example their respective execution time.

2.4.3 Behavior Description
The behavior of the robot is described as an action sequence, defined as follows.

Definition 2.6 (Action Sequence). An action sequence β is given by

β = (s0, a1, s2, ..., an, sn)

with si ∈ SP , s0 ∈ S0,P , and aj = (sj−1, sj) ∈ AP .

The action sequence β describes a path along the product model P, containing
planned actions and the states in which the robot will be during execution. The
cost of β is given as the cumulative cost of taken actions Cβ =

∑
a∈β C(a).

An action sequence is called correct if it ends in an accepting state.

2.5 Action Planning

In the following, we investigate planning methods to guarantee that a constructed
action sequence is correct. To achieve this, observe the following relation. According
to the above model definitions, Problem 2.1 can now in fact be formulated as a
shortest path problem as follows.

Problem 2.2 (Shortest Path Problem). Given the product automaton P, find the
path β with minimal cost cβ which leads to an accepting state sn ∈ FP .

Indeed, finding such an action sequence β guarantees that β is correct and the
respective LTL specification φ is satisfied.
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Algorithm 1 Optimal Forward Search
Input: Automaton P, cost function C : AP → R+
Output: Optimal satisfying action sequence β
Notation Remarks:
T ⊆ SP – set of possible next states to expand
cβ : SP → R+ – optimal cost of reaching a given state
B : s 7→ β – Action sequence β to reach state s with costs cβ(s)
1: T ← S0,P
2: cβ(s)←∞,∀s ∈ SP \ S0,P
3: cβ(s0)← 0,∀s0 ∈ S0,P
4: B(s0)← (s0),∀s0 ∈ S0,P
5: while T 6= ∅ do
I Select state s with lowest cost-to-come
6: s← argmins∈T {cβ(s)}
7: T ← T \ {s}
I Terminate search if any final state is reached
8: if s ∈ FP then return β ← B(s)

I Update costs for all successor states
9: for all s′ ∈ SP : a = (s, s′) ∈ AP do
10: cnew(s′)← cβ(s) + C(a)
11: if cnew(s′) < cβ(s′) then
12: T ← T ∪ {s′}
13: cβ(s′)← cnew(s′)
14: B(s′)← B(s) ∪ (a, s′)
15: return no solution

Theorem 2.1 (Correct-by-Construction). A solution to Problem 2.2 is guaranteed
to satisfy the given LTL specification φ.

Proof. While β is defined as a path in the product automaton P = N × A, it
can be projected onto N . Given by the construction of the set of actions AP in
Definition 2.5, this projection always forms an accepting run on N if β leads to an
accepting state sn ∈ FP .

There exist many established algorithms to solve shortest path problems, as for
example summarized in LaValle [2006], Kleinberg and Tardos [2006], and Ghallab
et al. [2016]. The underlying principle is similar for most of the basic path planners.
Starting from an initial vertex in the graph, the set of reachable vertices is iteratively
expanded and associated path lengths are updated until the goal vertex belongs as
well to the reachable set. Depending on the particular algorithm, the strategy with
which the set of reachable vertices is expanded is chosen such that it guarantees
that associated paths are always the shortest ones leading to their respective vertex.
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Figure 2.2: Topological map of the environment.

For example, the well-known algorithm by Dijkstra [1959] achieves this by ex-
panding in each iteration the reachable and not-yet considered vertex with shortest
path length. Extensions like the A∗ algorithm allow to incorporate additional do-
main knowledge in the selection of vertices, given by so-called heuristics. Such
heuristics provide a trade-off between optimality (in the case of admissible heuris-
tics) and planning performance.

A different class of planning algorithms origins in the work of Bellman [1958]
and Ford Jr [1956]. Instead of updating reachable vertices from an initial one,
the shortest known distances of all vertices to the goal vertex are updated in each
iteration. This extends the set of application, for example to graphs including
edges with negative weights. Also, there is a close correspondence to optimization
problems formulated as Linear Programs (LP), see for example Papadimitriou and
Steiglitz [1998].

Specifically, Algorithm 1 summarizes an algorithm which solves Problem 2.2.
A set of reachable states is maintained by the set T and the optimal costs cβ and
action sequences B are stored to reach those states. In line 6, the state in T with
lowest path costs is selected in each iterations and, in lines 9-14, neighbors are added
to T in case they improve the costs of the neighbor states. This is repeated until
either the goal state is found (line 8) or no further states are reachable, indicating
that no solution exists.

2.6 Case Study

To illustrate the ideas and the approach presented in this chapter, consider the
following simple lab demo example. As shown in Figure 2.2, the environment
model E as in Definition 2.2 is given by a topological map containing a set of
waypoints. The waypoints can be labeled with atomic propositions to identify
specific properties of the respective regions. For example, the two locations x and
y are identified respectively and one of the areas is marked as “restricted”, as well
as one labeled with “light”. These atomic propositions by itself have no meaning,
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Lightring

off

red

lightlight

Figure 2.3: Robot model to describe the lightring. The labels at the transitions
denote the requirement functions Φ by stating that the light can only be changed
at a particular location (c.f. Fig. 2.2).

but can be used in goal specifications to achieve the desired behavior of the robot.
During execution, the propositions are considered to be true when a robot is in the
respective area or location.

In addition, a robot model R as in Definition 2.3 can be specified as shown in
Figure 2.3. In this case, the model only has two states. One default state labeled
with off when the lightring of the robot is turned off, and one state labeled with red
representing a state where the robot shows red light. As indicated by the transition
labels light in the model, the transitions are conditioned on the proposition light
being true.

Combining these two models leads to an agent model A as presented in Defini-
tion 2.4 and illustrated in Figure 2.4. The upper part corresponds to the red light
being turned on and the lower part to the default state of the robot. It can be seen
that a change of light state is only possible at one specific location on the map.

Based on this description of the robot system, a mission specification can now
be given as LTL formula. In this case study, the goal for the robot is to visit the
two locations labeled with x and y at some time in future and in any order. As an
additional safety constraint, the area marked as “restricted” may only be entered
with red light being turned on. Formally, this specification can be stated as follows.

φ = ♦x ∧ ♦y ∧�(restricted =⇒ red)

From this specification, a DFA can be constructed and combined with A to
form a product model P, which contains the system description as well as the
mission specification and is used as the planning model to find suitable actions.
In particular, note that a transition in the DFA component of P is only made
when visiting one of the remaining target locations x and y. Also, note that no
valid action exists to enter the restricted area without turning on red light, as
indicated by the state . Strictly speaking from Definition 2.5, the action to enter
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x
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Figure 2.4: Agent product resulting from the map (Fig. 2.2) and the robot model
(Fig. 2.3).

the state would still be in the model, but then no actions exist to leave it since
a self-transition in the DFA component requires ¬restricted ∨ red. Consequently,

cannot be part of any solution.
The optimal action sequence β to satisfy φ first goes to y in order to visit y

as given by ♦y. Since x cannot be reached directly, the robot then turns on its
red light at the location to reach state . This allows the robot to cross the
restricted area with red light turned on and finally visit x as well at state x 2.
As indicated by the double border, the last state of β is accepting.

2For a video recording of this demonstration see https://youtu.be/Boor9kW44ko?t=3m start-
ing at minute 3:00.

https://youtu.be/Boor9kW44ko?t=3m




CHAPTER 3

Mission Decomposition

A mayor inefficiency in many multi-robot systems is that the consideration of mul-
tiple robots involves to construct a product between the states of the single robots.
This is necessary if the actions allowed or required for one of the robots depend
on the state or history of the other robots. In general, this is also the case when
considering planning based on LTL specifications.

When being given a single LTL goal specification, it is not sufficient to solely
plan with which actions this goal can be achieved, as done for a single robot in the
previous chapter. It is also required to decide which of the robots has to do which
part of the mission and, even more fundamentally, in which parts such a mission
can be formally decomposed.

At least the decomposition and allocation problems can be circumvented by
requiring local task specifications. Instead of a single team goal, each of the available
robots needs to receive a particular LTL goal of how it is expected to participate
in the mission. However, this implies a significant amount of planning by the user
who provides these specifications since the steps have to be done manually. Even if
the allocation can be automated based on a set of robot-independent specifications,
an exponential (in the amount of tasks) number of planning problems has to be
solved because in order to solve the allocation problem, execution costs for all task
combinations and all robots have to be known.

This chapter presents an automated way of decomposing a single LTL goal
specification, given to the team as whole. Decomposition is done in the automaton
representation of the LTL formula and provides the basis for the construction of an
efficient planning model. Instead of forming a product state space of the robots,
the presented planning model is linear in the team size and can be used to allocate
the identified parts of the mission to the robots at the same time as planning their
individual actions.

The proposed decomposition formally identifies independently executable parts,
called tasks in the following, of the full specification, referred to as mission. While
the tasks are identified in the automaton representation, an LTL formulation for

29
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each of them exists in principle. Consequently, the decomposition can be seen as
constructing a set of LTL task formulations to be given to the individual robots
based on a single LTL mission formulation, although this is only done implicitly.
Nevertheless, speaking of a set of task formulations is useful to illustrate and better
understand the process.

Specifically, a decomposition of the mission specification φ into a set of task
specifications φ1, . . . , φn implies two so-called decomposition properties to be fulfilled
by all of the tasks.

Definition 3.1 (Decomposition Properties). A set of tasks φ1, . . . , φn is considered
to be the decomposition of a mission φ if and only if the following two properties
hold.

• Independence – Executing or not executing one of the task φi must not
violate another task φj.

• Completeness – Completion of all tasks φ1, . . . , φn must imply completion
of the mission φ.

While the second property is rather intuitive, the first one is motivated by
the fact that an independently acting robot cannot rely on what others do and
especially, without any coordination, execution cannot assumed to be synchronized
between the robots.

Consequently, the problem solved in this chapter can be summarized as follows.

Problem 3.1 (Mission Decomposition). Given a team of robots and a finite LTL
mission specification φ, identify decomposition choices of φ to construct a planning
model for the team. Action sequences in this planning model should decompose the
mission into independent tasks such that φ is fulfilled by the team.

The remainder of this chapter is structured as follows. Section 3.1 summarizes
and discusses existing research related to LTL planning for multi-robot systems, as
well as a more general view on the task allocation problem and involved complex-
ity. Section 3.2 introduces the closure labeling as a more detailed formalism for the
semantics of LTL and presents the terminology we use here. Section 3.3 forms the
main part of this chapter and defines how a decomposition can be represented and,
in Subsection 3.3.2, how such a decomposition can be automatically constructed.
Section 3.4 builds upon these results and presents the construction of an efficient
team model for planning the allocation of identified decomposition choices. Sec-
tion 3.5 concludes with a case study of decomposing and allocating single missions
to multiple robots.

3.1 Related Work

Extending behavior synthesis from LTL specifications to consider multiple robots
creates additional challenges which need to be addressed, see for example Durfee
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and Zilberstein [2013]. In the following, we review existing approaches to transfer
results from the previously presented single-robot synthesis to multiple robots.

In particular, this chapter presents a way to decompose a single LTL specifi-
cation into multiple independently executable tasks in order to optimally allocate
these tasks and consequently, we discuss previous work on task allocation in general.
A known decomposition of a mission into tasks also allows to employ, for example,
bundling strategies like presented by Nam and Shell [2016] for sequentially and
stochastically arriving tasks. Miller and How [2017] estimate best positioning for
vehicles in a fleet for mobility on demand.

3.1.1 Multi-Agent LTL
Approaches for multi-agent task planning include Mixed-Integer Linear Program
(MILP) formulations Karaman and Frazzoli [2008], Wolff et al. [2014], dynamic
programming Turpin et al. [2015], or automata-based path planning Kloetzer and
Belta [2010]. However, these approaches involve forming a team product or re-
quire separate cost calculation for all combinations of allocation options, given that
these options are explicitly known. For example, the automata-based approach as
proposed in Kloetzer and Belta [2010] assumes synchronous team motions to plan
motion sequences from an LTL specification. This assumption is relaxed in Tu-
mova and Dimarogonas [2015] by a two-phase model reduction approach, and in
Ulusoy et al. [2012], Chen et al. [2012] by employing trace-closed languages Ste-
fanescu [2006] to abstract over asynchronous motions of the agents. However, these
approaches only decompose the LTL specification into independent tasks in the
special case of disjoint agent alphabets. Tumova and Dimarogonas [2016] propose
the construction of a reduced product model where only cooperative actions need
to be synchronized under the assumption that task allocation is already known.

If task allocation to the agents is explicitly provided, approaches like Raman
and Kress-Gazit [2014] and Guo and Dimarogonas [2015] take communication and
motion coordination between the agents into account; Lacerda and Lima [2011],
Kloetzer and Mahulea [2015] choose a Petri-Net based approach for explicit coor-
dination whereas Fu et al. [2015] uses a game theoretic approach for negotiation,
able to consider adversarial agents. However, we cannot make the assumption here
that such an allocation is already known and the optimal allocation in fact depends
on the ability of each of the robots to realize the potentially allocated tasks.

Another aspect relevant to multi-agent LTL planning is the reconfiguration of
the system during runtime. While this is not in detail considered here, approaches
exist to adjust the initial plans of the robots to changes. For example, Lacerda et al.
[2014b] consider the incremental addition of tasks to the already planned behavior
of a robot, which can be a useful combination with task allocation approaches.
In the case of arising conflicts between the robots due to decentralized execution,
Wong and Kress-Gazit [2015] present an adaptation approach. Similarly, Guo et al.
[2014] consider the adaptation of previously planned behaviors in order to react to
assistance requests of other robots.
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3.1.2 Task Allocation

When a set of explicitly defined tasks is known, assignment algorithms can be used
to optimize the allocation of these tasks to the available robots. Such an allocation
typically requires knowledge about the execution costs of a specific combination of
tasks by a particular robot. To retrieve these costs, the potential action sequences
for execution need to be planned in advance. In the general case of considering
tasks given by LTL specifications, all combinations of tasks need to be planned
explicitly, resulting in an exponential number of planning problems to be solved
before an allocation approach can be applied.

Pentico [2007] provide a survey of approaches to the assignment problem. In
addition, Burkard and Cela [1999] explicitly consider different team objective func-
tions in the assignment, resulting from the individual allocation costs of the tasks.
Gerkey and Matarić [2004] analyze the complexity of allocation problems and pro-
vide a taxonomy.

Assuming known costs and a given task structure, Gombolay et al. [2013] pro-
pose a scheduling approach based on an MILP formulation of the allocation prob-
lem. Also Zlot and Stentz [2005] assume a given task structure, here defined as trees,
and propose a market-based approach which allows the robots to sub-contract parts
of their tasks. Similarly, Shiroma and Campos [2009] propose an auction-based ap-
proach which is able to incorporate resource capacity constraints applicable to the
individual agents. Agarwal et al. [2014] propose an evolutionary algorithm for al-
location of tasks which require specific capabilities. Such an approach is especially
useful when considering large teams of robots with a wide range of distinct capa-
bilities. Gombolay et al. [2013] and Mudrova and Hawes [2015] propose specialized
scheduling algorithms for manipulation and mobile robots, respectively, considering
spacial and temporal constraints in the task allocation.

3.2 Closure Labeling

As presented in Section 2.3, an LTL formula can be translated into an equivalent
NFA. While details were skipped there of how to construct such an NFA, we now
take a closer look. This will provide the basis for automatically decomposing the full
LTL mission specification into a set of independently executable task specifications
as discussed above.

In order to decide if a sequence σ fulfills an LTL specification φ, a closure
labeling τ : N → 2cl(φ) corresponding to σ can be constructed, see Wolper [2001].
The closure of φ is the set of its subformulas, given by cl(φ) with φ ∈ cl(φ).
The closure is constructed recursively for all operations by applying the following
recursion scheme as defined in Baier and Katoen [2008].

• ©φ1 =⇒ φ1 ∈ cl(φ)

• φ1 ∧ φ2 ∈ cl(φ) =⇒ φ1, φ2 ∈ cl(φ)
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• φ1 ∨ φ2 ∈ cl(φ) =⇒ φ1, φ2 ∈ cl(φ)

• φ1 U φ2 ∈ cl(φ) =⇒ φ1, φ2 ∈ cl(φ)

• φ1 R φ2 ∈ cl(φ) =⇒ φ1, φ2 ∈ cl(φ)

The closure labeling enables to formally capture requirements imposed by the
part of a sequence σ from 1 to t, in the following denoted by σ(1, ..., t). Following
the intuition of Gerth et al. [1995], we divide the construction of τ into two parts,
one defining expectations τe from the previous step and one consequently required
observations τo. Then, τ is given by τ(t) = τe(t) ∪ τo(t).

Definition 3.2 (Expectations). Expectations τe(t + 1) on the next time step are
constructed such that:

• if ©φ1 ∈ τ(t) then φ1 ∈ τe(t+ 1)

• if φ1 U φ2 ∈ τ(t) and φ2 /∈ τ(t), then φ1 U φ2 ∈ τe(t+ 1)

• if φ1 R φ2 ∈ τ(t) and φ1 /∈ τ(t), then φ1 R φ2 ∈ τe(t+ 1)

Definition 3.3 (Observations). Observations τo(t) on the current time step are
constructed such that:

• ⊥ /∈ τo(t)

• if φ1 ∧ φ2 ∈ τ(t) then φ1 ∈ τo(t) and φ2 ∈ τo(t)

• if φ1 ∨ φ2 ∈ τ(t) then φ1 ∈ τo(t) or φ2 ∈ τo(t)

• if φ1 U φ2 ∈ τ(t) then either φ2 ∈ τo(t), or φ1 ∈ τo(t) and φ1 U φ2 ∈ τe(t+1)

• if φ1 R φ2 ∈ τ(t) then φ2 ∈ τo(t), and either φ1 ∈ τo(t) or φ1 R φ2 ∈ τe(t+1)

Requirements on observations τo(t) at time t initially come from the expec-
tations τe(t) on this time step. Thus, starting from t = 1, the closure labeling
τ can be constructed consecutively. In particular, starting with the expectation
τe(1) := {φ} allows to construct τo(1), which then implies τe(2), and so on.

Finally, the following rules regarding propositions need to hold true for all π ∈ Π
with respect to σ. If π ∈ τ(t) then π ∈ σ(t) and if ¬π ∈ τ(t) then π /∈ σ(t).
Otherwise, we say that σ violates the LTL specification φ.

By this construction of τ , σ(t, ..., T ) fulfills all ϕ ∈ τ(t) if and only if τe(T +
1) ∩ cl(ϕ) = ∅. In particular, we can check if σ � φ by constructing τ from the
expectation τe(1) = {φ} and then check if τe(T+1) = ∅ where T denotes the length
of σ. Note that Wolper [2001] additionally requires that there exists a t′ ≥ t such
that ϕ2 ∈ τ(t′) for the until operation ϕ1 U ϕ2 ∈ τ(t). However, this requirement
is already covered in our extended acceptance condition τe(T + 1) = ∅ and does
not need to be explicitly required here.
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Illustratively speaking, observations τo formally describe what needs to be ob-
served at a given time, while expectations τe specify expected future observations.
Intuitively, if not all observations are fulfilled at a certain time, the corresponding
LTL formula is violated. If this is not the case and at some point, there are no
implied expectations anymore, the LTL formula is satisfied.

Example 3.1 (Closure Labeling). For illustration of the procedure described above,
consider the LTL formula φ over the alphabet Π = {π1, π2, π3} as follows.

φ = ♦π1 ∧ ♦π2 ∧�(π2 =⇒ π3)

φ can be expressed by only using the basic operators over which the above rules
are formulated:

φ = > U π1 ∧ > U π2 ∧ Ω R (¬π2 ∨ π3).

This leads to the closure of φ being given by

cl(φ) = {φ, φ1, φ2,> U π1 ∧ > U π2,> U π1,> U π2,Ω R (¬π2 ∨ π3),
¬π2 ∨ π3, π1, π2,¬π2, π3,Ω,>}

with φ1 = > U π1 ∧ Ω R (¬π2 ∨ π3) and φ2 = > U π2 ∧ Ω R (¬π2 ∨ π3).
Now, assume a sequence σ given by

σ = {π3}{π1}{π1}{π2, π3}.

In order to check if σ � φ, we start constructing the closure labeling τ by setting
τe(1) = {φ}. In other words, we expect φ to be fulfilled by σ starting at the first
step and check if this implies a contradiction.

From the above τe(1) = {φ}, τo(1) can be constructed by application of the
rules stated in Definition 3.3. In the following, all elements of cl(φ) are stated
which belong to τo(1) according to these rules.

• “and”-rule: φ1, φ2,> U π1 ∧ > U π2,> U π1,> U π2,Ω R (¬π2 ∨ π3) ∈ τo(1)

• “release”-rule: ¬π2 ∨ π3 ∈ τo(1)

• “or”-rule ¬π2 ∈ τo(1) or π3 ∈ τo(1)

• “until”-rule: > ∈ τo(1)

We see that there is no contradiction at step t = 1 because π3 ∈ σ(1), π2 /∈ σ(1).
In fact, either of these two would already be sufficient here due to the “or”-rule.
Consequently, φ is not violated in the first step.

For the next time step, τe(2) can be constructed from τ(1) = τe(1) ∪ τo(1)
according to Definition 3.2 as follows.

• “until”-rule: > U π1,> U π2 ∈ τe(2)
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• “release”-rule: Ω R (¬π2 ∨ π3) ∈ τe(2)

Since τe(2) 6= ∅, we see that φ is not fulfilled after the first step and continue with
constructing τo(2) from τe(2) by the same procedure as above.

This can be repeated until τe(5) = {Ω R (¬π2∨π3)} which is empty for Ω = >.
Thus, we see that the given sequence σ fulfills φ in finite time with T = 4. •

As will be shown in more detail in the next section, there is in fact a close
relation between constructing a feasible run in the NFA of φ and constructing its
closure labeling. Similarly, the acceptance condition τe(T + 1) = ∅ for some T is in
some sense equivalent to the requirement that a run is only accepting if it leads to
an accepting state in the NFA.

3.3 Decomposition Set

Based on insights from the closure labeling, it is possible to formally define the
decomposition of a finite LTL formula into independent subformulas as introduced
by Definition 3.1. This decomposition can be done in the automaton representation
of the LTL formula and is presented in the following. A decomposition based on the
automaton representation of an LTL formula is beneficial for mainly two reasons.

First, the automaton representation is independent of the particular formula-
tion of a specification. When assuming a syntax-based decomposition, the way how
the LTL formula is stated would directly influence the resulting tasks. This would
defeat the purpose of automated decomposition as it requires the user to already
incorporate possible decomposition choices in the initial specification. Instead, the
automaton-based decomposition is oriented on the semantics of the specification
and leads to the same results independently of how exactly the specification is for-
mulated. Note that, while this is true from a formal perspective, it is not necessarily
true when practically applying the decomposition to a physical system, mainly due
to model limitations. However, this aspect is deferred to Chapter 5 for a detailed
discussion there.

Second, an automaton-based decomposition allows us to construct an efficient
planning model instead of considering atomic tasks. This is primarily relevant for
allocation of the identified decomposition choices and in this regard, avoids the
need to solve an exponential amount of planning problem corresponding to all task
combinations. Instead, action planning and task allocation can be coupled more
tightly and efficiently. This aspect is more closely discussed in Chapter 4.

Notation Remark. The following conventions are used throughout the rest
of this chapter. To better distinguish between missions and tasks, the LTL mission
specification φ is denoted byM while the task specifications are instead identified
by Ti. For the mission M, σ is a sequence such that σ � M and τ the closure
labeling of σ. A different σ will have a different τ . Furthermore, for tasks Ti, σi
is a sequence such that σi � Ti and τi the closure labeling of σi. Note that τi is
defined over the closure cl(Ti) ⊂ cl(M) while τ is defined over cl(M). Accordingly
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to τ and τi, T and Ti denote the ending times, τe and τei the expectations, and so
on.

The independence requirements imposed by Definition 3.1 are captured more
formally as follows.

Definition 3.4 (Finite Decomposition). Let Ti with i ∈ {1, ..., n} be a set of finite
LTL task specifications and σi denote any sequence such that σi � Ti. These tasks
are called a decomposition of the finite LTL mission specificationM if and only if:

σj1 ...σji
...σjn �M

for all permutations of ji ∈ {1, ..., n} and all respective sequences σi.

Consider the following example for an illustration of this definition.

Example 3.2 (Decomposition). Given the LTL mission specification

M = ♦π1 ∧ ♦π2 ∧�(π2 =⇒ π3).

In this simple case, as will be more clear at the end of this section, a possible
decomposition ofM is given by

T1 = ♦π1 ∧�(π2 =⇒ π3)
T2 = ♦π2 ∧�(π2 =⇒ π3).

For example, the sequence σ = σ1σ2 with

σ1 = {π3}{π1}
σ2 = {π1}{π2, π3}

would fulfillM, and also the permutation

σ2σ1 = {π1}{π2, π3}{π3}{π1}

would be valid.
In contrast, a modification of the above solution such that T ′1 = ♦π1 would not

constitute a valid decomposition. In this case, for example, σ′1 = {π2}{π1} � T ′1
would satisfy T ′1 and still, σ2 � T2 satisfies task T2, but the combination σ′1σ2 2M
would not satisfy the missionM. •

For more complex LTL formulas, the explicit LTL formulation of a decomposi-
tion can be significantly different from simply splitting the mission specification or
replicating some parts. However, a boolean conjunction of all tasks Ti always gives
the complete specificationM.

Using the terminology introduced in Section 2.3, the above properties can be
expressed by saying that any strategy for a strict subset of tasks T⊂ ⊂ {T1, . . . , Tn},
i.e., satisfying φ(i) for all tasks Ti ∈ T⊂, partially satisfies φ. A strategy for the full
set of tasksM = {T1, . . . , Tn} satisfies φ.

As shown by the following Lemma, a decomposition according to Definition 3.4
guarantees the decomposition properties stated in Definition 3.1.
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Lemma 3.1 (Decomposition Properties). Tasks T1, . . . , Tn denoting a decomposi-
tion according to Definition 3.4 fulfill the decomposition properties independence
and completeness regardingM.

Proof. Assume there would be a task Ti depending on a previous execution of Tj ,
then the condition in Definition 3.4 would be violated and Ti would not be part of
a decomposition. The same holds true when Ti depends on non-execution of Tj .
Similarly, if execution of all tasks T1, . . . , Tn would not fulfillM, then the sequence
σ1 . . . σn would not satisfy φ as required by Definition 3.4.

In order to efficiently determine a valid LTL decomposition as discussed above,
note the following observation.

Theorem 3.1 (Transitivity). If T1, T2 is a decomposition of M and T3, T4 is a
decomposition of T2, then T1, T3, T4 is a decomposition ofM.

Proof. We need to show that all six permutations of the sequences σ1, σ3, σ4
fulfillM. Four of them are rather trivial by substitution of σ2 with σ3σ4 or σ4σ3.
However, for proving σ3σ1σ4 �M and σ4σ1σ3 �M, the closure labeling is used.
Specifically, we need to show that we can construct a closure labeling τ ofM from
the closure labelings τi of the tasks Ti, i ∈ {1, 3, 4}, such that τe(1) = {M} and
τe(T + 1) = ∅ for completion time T = T1 + T3 + T4.

For this purpose, we construct a candidate τ with τe(1) = {M} from the given
set of τi, and then show that this always leads to τe(T + 1) = ∅. Since T1, T2
are a decomposition of M, following Definition 3.4, τe(1) = {M} is equivalent to
τe(1) = {T1, T2}, which itself is equivalent to τe(1) = {T1, T3, T4} for T3, T4 being
a decomposition of T2. Consequently, we have τ(1) = τe(1) ∪ τo(1) with τo(1)
following Definition 3.3.

We start by considering the permutation σ3σ1σ4. For the first part, t ∈ [2, T3],
we construct the candidate τ from τ3 such that τ(t) = τ3(t)∪ (τ(1) \ cl(T3)). From
using τ3 we get that this part fulfills T3, and extend τ3 by all requirements which
are not covered by T3, i.e., which are not in cl(T3). τ is still valid because the tasks
are decomposition pairs as stated in the Theorem. Specifically, σ2,1 = σ2σ1 �M
implies T1 ∈ τ2,1(t) with t ∈ [1, T2+1] for the closure labeling τ2,1 of the permutation
σ2σ1. This means that the requirement T1 cannot be violated at any time during
execution of σ2 = σ3σ4, and thus, also during σ3.

We can repeat this construction for the remaining two parts, continuing with
τe(T3 + 1) = {T1, T4}. Finally, this leads to τe(T3 + T1 + T4 + 1) = ∅, meaning
thatM is fulfilled. Thus, we see that the constructed candidate is a valid closure
labeling respecting all requirements and consequently, σ3σ1σ4 �M. The proof for
the last permutation σ4σ1σ3 �M follows accordingly.

Theorem 3.1 has especially two consequences. First, only n specific permuta-
tions instead of all n! permutations need to be checked in order to decide if a set
of n tasks {T1, . . . , Tn} is a valid decomposition ofM. This is achieved by forming
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=⇒

Figure 3.1: Illustration of how the automaton-based decomposition choices can
be imagined. Assuming a decomposition at the highlighted state can be seen as
splitting the automaton in two. The first part leads to this decomposition state,
the second part finishes from there.

pairs, each of one task Ti ∈ {T1, . . . , Tn} and the combination of the other n − 1
tasks, for example by a conjunction. Then, it is sufficient to check the decom-
position condition stated in Definition 3.4 only for these n permutations in order
to decide if these tasks form a decomposition of M. Illustratively, the specific n
permutations individually separate tasks Ti from the rest to decide whether Ti is
independent.

Second, it is not required to find a complete set of tasks decomposing M at
once. Instead, it is possible to step-wise identify individual parts to be isolated into
a separate task Ti of the final decomposition and continue with the rest ofM. This
progress can be repeated until no further task is found to be isolated. Specifically,
this enables automata-based approaches for finding possible decompositions.

Consequently, completing a set of tasks can be associated with reaching a certain
state in the mission NFA F . However, not every state implies completion of a set of
tasks when requiring the decomposition properties of Definition 3.1. For this reason,
we define a decomposition set of states as follows and say that decomposition at
state q is possible if and only if q is in the decomposition set.

Definition 3.5 (Decomposition Set). The decomposition set D ⊆ Q of the NFA
F contains all states q which can be associated with completing a set of tasks such
that these tasks are a subset of the decomposition T1, . . . , Tn.

Based on this decomposition set, the final planning model can be augmented
to contain all possible decomposition choices. This can then be used for efficiently
planning the optimal decomposition and corresponding allocation of tasks to agents
at the same time as planning action sequences to execute the mission.

The specific construction of D is discussed in the following two subsections for
two different cases. First, we assume that a set of LTL tasks T1, . . . , Tn which
definesM is explicitly given and show how to use simultaneous task allocation and
planning instead of planning all allocation options separately. Second, we show how
simultaneous task allocation and planning can even be used in the case that no set
of tasks is given, but only the single LTL mission specification φ.
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3.3.1 Explicit Tasks
First, we assume the simplified case that a set of tasks T1, . . . , Tn is explicitly given.
Then, we can construct a product of the NFAs F (1), . . . ,F (n) from tasks T1, . . . , Tn.
Note that a product of NFAs is the equivalent automaton of the conjunction of their
LTL formulas φ = φ(1) ∧ . . .∧φ(n). Consequently, the decomposition properties are
guaranteed by constructing the NFA product.

Definition 3.6 (NFA Product). The product of two NFAs F = F (i) ⊗ F (j) :=
(Q,Q0, α, δ, F ) is constructed as
(1) a set of states Q = Q(i) ×Q(j),
(2) a set of initial states Q0 = {(qi, qj) ∈ Q : qi ∈ Q(i)

0 , qj ∈ Q(j)
0 },

(3) a set of Boolean formulas α = {ai ∧ aj : ai ∈ α(i), aj ∈ α(j)},
(4) transition conditions δ : Q×Q→ α defined as below,
(5) a set of accepting states F = {(qi, qj) ∈ Q : qi ∈ F (i), qj ∈ F (j)}.

The transition conditions of the product F need to capture the conditions of
both NFAs F (i), F (j) and thus, are given by δ : ((qs

i , q
s
j), (qt

i , q
t
j)) 7→ δ(i)(qs

i , q
t
i) ∧

δ(j)(qs
j , q

t
j). Specifically, a transition in F requires that there is a transition in both

included NFAs, since otherwise, δ(i) = ⊥ implies that δ = ⊥.
Furthermore, note that a product of multiple NFAs can be constructed by ap-

plying Definition 3.6 iteratively. In this case, for simplicity of notation, we refer
to a state as the n-tuple q := (q1, . . . , qn) ∈ Q for qi being the state component of
NFA F (i).

Finally, the decomposition set D from Definition 3.5 can be constructed as
follows:

D := {q ∈ Q : qi ∈ Q(i)
0 ∪ F (i),∀qi}. (3.1)

According to Equation (3.1), decomposition at a state is possible if and only if
all tasks are either not yet started or already finished. Essentially, this prevents
splitting of single tasks and preserves them as indivisible units, but enables to assign
different tasks to different agents.

3.3.2 Automated Decomposition
In many applications, the set of tasks {T1, . . . , Tn} is either not explicitly given or
can be partitioned further. Therefore, we describe here a method to automatically
compute D from a single LTL mission specificationM. The automated decompo-
sition is essentially the opposite direction of the case described in Section 3.3.1 and
gives a non-trivial solution, i.e., more than one task, ifM implicitly contains parts
which can be executed independently.

In general, different decompositions of M can exist and a task Ti does not
need to be minimal in the sense that it cannot be further decomposed. Thus,
we propose an efficient automata-based approach to identify all possible choices of
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decomposition as shown in the remainder of this section. First, note the following
relation between states q ∈ Q of the NFA F constructed from the LTL mission
specificationM and the closure cl(M).

Lemma 3.2 (Subformula Labeling). Each state q ∈ Q of the NFA F constructed
from M can be labeled with subformulas Φq ∈ 2cl(M) which are required to be true
at this particular state.

We refer the interested reader to Wolper [2001], Section 4.4, for a detailed proof,
covering the more general case of infinite sequences. In summary, F is explicitly
constructed from M such that its state space Q is given by 2cl(M) as discussed
in Section 2.3, and there is a transition if and only if the successor state fulfills
the requirements of the closure labeling of its predecessor. In particular, note that
M∈ Φq for all q ∈ Q0 and Φq = ∅ for all q ∈ F . Lemma 3.2 shows the connection
between the NFA F and the closure labeling τ , since τ is as well defined over the
subformulas 2cl(M) and construction of F respects the requirements imposed by τ .

Furthermore, we introduce the following notion of essential sequences to gener-
alize over sequences by associating them with runs ρ in the NFA.

Definition 3.7 (Essential Sequence). A sequence σ is called essential for an NFA
F if and only if it describes a run ρ in F and σ(t) \ {π} 2 δ(ρ(t− 1), ρ(t)) for all t
and propositions π ∈ σ(t), i.e., σ only contains required propositions.

This notation is motivated by the closure labeling τ of σ. By restricting σ to
satisfy only the conditions explicitly required by τ , we get the following property.

Lemma 3.3 (Closure Coverage). Let τ denote the closure labeling of a sequence σ.
If σ is an essential sequence, any other τ ′ satisfied by σ is at most as restrictive as
τ , in the sense that τ ′(t) ∩Π ⊆ τ(t) ∩Π for every t and the set of propositions Π.

Proof. Assume there would be a π ∈ Π such that π ∈ τ ′(t) and π /∈ τ(t). τ ′ would
then require that π ∈ σ(t). However, this cannot be the case since σ is essential.

This property ensures that if an essential sequence describes a run in one part
of the NFA corresponding to τ as well as one corresponding to τ ′, any other non-
essential sequence conforming with τ will not violate τ ′ neither. This can be used
to generalize over sequences without explicitly constructing the closure labeling,
but instead finding an essential sequence.

Finally, we can associate a pair of tasks T q
1 , T q

2 with a state q ∈ Q of F . Every
sequence σ1 describing a run ρ1 from an initial state q0 ∈ Q0 to q satisfies T q

1 ,
specified by the set of fulfilled subformulas Φq0 \ Φq. T q

2 is given accordingly by
Φq \ ΦqF = Φq with qF ∈ F and represents the rest ofM not fulfilled by T q

1 .
It remains to decide if the pair T q

1 , T q
2 resulting from a split forms a valid

decomposition ofM, and we define the decomposition set of F as follows.
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Definition 3.8 (Decomposition Set). The decomposition set D ⊆ Q of the NFA F
constructed fromM contains all states q for which the pair of tasks T q

1 , T q
2 defines

a valid decomposition ofM according to Definition 3.4.

This decomposition set can then be constructed as follows, giving all possible
decomposition choices of the finite LTL mission specificationM.

Theorem 3.2 (Decomposability). Let q ∈ Q be a state in the NFA F constructed
from M, and σ = σ1σ2 be an essential sequence such that σ1 describes a run from
an initial state to q and σ2 describes a run from q to an accepting state of F . Then,
q ∈ D if and only if σ̂ = σ2σ1 describes an accepting run in F .

Proof. The “only if”-part follows directly from the decomposition condition in Def-
inition 3.4. For the “if”-part, it remains to show that σ generalizes over all possible
σ′1 � T

q
1 and σ′2 � T

q
2 , i.e., all pairs of sequences describing a run through q. Note

that, given that σ = σ1σ2 is an essential sequence, also σ1 and σ2 are essential.
First, we show that the essential sequence σ1, generalizes over σ′1 � T

q
1 . This

means, if σ̂ = σ2σ1 describes an accepting run, then also any other σ2σ
′
1 describes an

accepting run. According to Lemma 3.3, the closure labeling τ̂(t), t ∈ [T2+1, T2+T1]
of σ̂ is at most as restrictive as τ(t), t ∈ [1, T1] of σ. This means that no sequence
can violate τ̂ if it conforms with τ .

Next, following Lemma 3.2, we can retrieve the closure labeling τ ′ of a sequence
σ′1 from a run ρ′ described by σ′1, given by τ ′(t) = Φq for q = ρ′(t). By construction
of the NFA and T q

1 , all sequences leading to the respective last state ρ′(T ) fulfill
all requirements imposed by ρ′(0). Although these sequences may have a different
closure labeling τ ′, this always satisfies the same requirements as τ , given by σ′1 �
T q

1 = Φq0 \ Φq with q0 = ρ′(0) = ρ(0) and q = ρ′(T1) = ρ(T1) where ρ is described
by σ1. Consequently, σ′1 cannot violate τ̂ as shown by Lemma 3.3.

Finally for the permutation σ2σ
′
1, this gives that any σ′1 � T

q
1 applied to the

same state as σ1 leads to an accepting state and thus, σ2σ
′
1 describes an accepting

run if σ̂ = σ2σ1 does, i.e., the essential sequence σ1 indeed generalizes over possible
different realizations of T q

1 . The same then holds true accordingly for σ2 and thus,
we get σ′2σ′1 �M if and only if σ2σ1 �M, given that σ1 and σ2 are essential.

Theorem 3.2 only requires to check one essential sequence, which is much more
efficient than the requirement to check every single possible sequence. Furthermore,
an essential sequence σ to a specific state q can be easily constructed from an NFA
F , for example by representing the set of transition conditions α of F in disjunctive
normal form (DNF). Then, the essential sequence to q is given by the propositions
which are true in one of the conjunctive clauses along the path to q. By step-
wise constructing these sequences σ for all states first, all essential sequences can
be found in linear time with respect to |Q|, which is non-critical compared to
constructing F .

Example 3.3 (Essential Sequence). To illustrate how the essential sequences can
efficiently be constructed for a given NFA F , let us again consider the mission
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q0

q3

q2 q1

{{π1, π2, π3}}

{{π1,¬π2}}

{{π2 , π3}}

{{π2, π3}}

{{π1,¬π2}, {π1, π3}}

Figure 3.2: Automaton representation of the missionM = ♦π1 ∧ ♦π2 ∧�(π2 =⇒
π3) as given in Example 3.2. Transition conditions are stated in a set representation
corresponding to their disjunctive normal form, self-transitions are omitted here.

M = ♦π1 ∧ ♦π2 ∧ �(π2 =⇒ π3) as given in Example 3.2. The corresponding
automaton is depicted in Figure 3.2 and simple enough to construct the sequences
manually here.

First, observe the notation of the transition conditions in the automaton. In-
stead of Boolean formulas, they are here given in a set notation to represent the
formulas in their disjunctive normal form. The propositions in the inner sets each
correspond to one conjunctive clause and these clauses are combined with a disjunc-
tion. For example, the transition condition δ(q3, q1) = π1∧¬π2∨π1∧π3 corresponds
to the given the set {{π1,¬π2}, {π1, π3}}.

Then, the essential sequences can be constructed as described above. To do this
in an efficient way, we first run a breadth-first search on F starting from the initial
states Q0, which is only q0 here. Along the paths, one of the conjunctive clauses
(inner sets) of each transition is stored, resulting here in

σ
(2)
1 = {π1,¬π2}

σ
(3)
1 = {π2, π3}

where the superscript (i) denotes the respective DFA state qi and both sequences
are of length 1.

Afterwards, we repeat this procedure, but now invert the direction of the edges
of F and start with the accepting states F , which is only q1 here. The resulting
sequences are stored in reverse order to account for the fact that the edges are
inverted and we get

σ
(2)
2 = {π2, π3}

σ
(3)
2 = {π1,¬π2}.

Finally, we can check the decomposability of each state qi according to Theo-
rem 3.2 with the sequences σ = σ

(i)
1 σ

(i)
2 and the permutation σ̂ = σ

(i)
2 σ

(i)
1 . •

Note that initial and accepting states are trivially contained in the decomposi-
tion set. This reflects the decomposition into one part consisting of doing nothing
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q0

q6

q7

q5 q2

q3

q4

q1

Figure 3.3: Automaton representation of the mission MTSP = ♦π1 ∧ ♦π2 ∧ ♦π3.
For space reasons, transition conditions and self-loops are not shown.

and the other part of doing the whole mission, indicating that the mission is not
split. In the following, we denote these trivial states by Qtriv := Q0 ∪ F and say
that a mission is decomposable only if D \Qtriv 6= ∅.

3.3.3 Corner Cases
There are two types of mission specifications which can be seen as corner cases with
respect to the decomposition of the mission.

The first case is that a mission might require a team of robots to visit a set of
locations in any order. This is essentially a multi-agent traveling salesman problem
(TSP) and can be expressed in LTL by the mission formulation

MTSP = ♦π1 ∧ ♦π2 ∧ . . . ∧ ♦πn.

In fact, this is as well an example for the exponential complexity of constructing
the NFA FTSP of MTSP. The resulting NFA has 2n states where n is the length
of the mission formula n = |MTSP|. Each of the states can be seen as having
visited a particular subset of locations and there exist 2n possible combinations.
Since visiting one of the locations is always independent of the others as long as all
locations are visited, all 2n states are in the decomposition set.

Example 3.4 (Decomposability). The NFA of an instance of MTSP for n = 3 is
depicted in Figure 3.3. Transition conditions and self-loops are not shown here for
space reasons, but the states are organized from left to right in increasing order
of visited locations. For example, no location has been visited in the initial state,
π3 has been visited at q5, π3 and π2 at q2, and all three locations in the accepting
state q1. It can be seen that there are in fact three paths leading to q2. One via q5
indicating that π3 is visited first, one via q6 indicating that π2 is visited first, and
one directly to q2 indicating that the locations are visited simultaneously.
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q0

q3

q2

q1

{{π1, π2, π3}}

{{π1, π2,¬π3}}

{{π1 ,¬π2 }}

{{π3}}

{{π2, π3}}{{π2,
¬π3}}

{{¬π1}}

{{¬π2}}

{{¬π3}}
{}

Figure 3.4: Automaton representation of the missionMSeq = ♦(π1 ∧♦(π2 ∧♦π3)),
including determinized transition conditions in the DNF set notation and self-loops.

Now, let σ(2)
1 = {π3}{π2} denote an essential sequence leading to q2 and accord-

ingly, σ(2)
2 = {π1} denote an essential sequence from q2 to the accepting state q1. To

check if q2 ∈ D, we construct the permuted sequence σ̂ = σ
(2)
2 σ

(2)
1 = {π1}{π3}{π2}

and check if it describes an accepting run. Indeed, σ̂ here describes a run ρ =
q0q7q3q1 and ρ is accepting. Consequently, it holds that q2 ∈ D and this procedure
can be repeated for each of the states. •

In contrast, the second case is a mission that requires the visits to occur in a
specific order and can be expressed by the mission

MSeq = ♦(π1 ∧ ♦(π2 ∧ ♦(. . .))).

By definition, requiring the visits to occur in a specific order does not allow to visit
them independently. The NFA FSeq ofMSeq has n+ 1 states to resemble that any
number of locations up to a certain one have been visited, including no locations for
the initial state and all locations for the accepting state. For FSeq, only the trivial
states given by the initial state and the accepting state are in the decomposition
set. For all other states, no decomposition is possible.

Example 3.5 (Non-Decomposability). Figure 3.4 shows the complete NFA of an
instance ofMSeq for n = 3 locations in the sequence. We can now check for any of
the states, for example consider q2, if the respective state is in the decomposition
set. An essential sequence is given by σ = σ

(2)
1 σ

(2)
2 with σ(2)

1 = {π1,¬π2}{π2,¬π3}
and σ

(2)
2 = {π3}. Note that we chose the essential sequence corresponding to a

run passing q3, but, as can be easily checked here and as shown in Theorem 3.2 in
general, also the choice of σ(2)

1 = {π1, π2,¬π3} leads to the same following result
regarding q2 ∈ D or not.

To decide if q2 ∈ D, we can now check if σ̂ = σ
(2)
2 σ

(2)
1 = {π3}{π1,¬π2}{π2,¬π3}

describes an accepting run. The only feasible run described by σ̂ is given by ρ =
q0q0q3q2 and is not accepting. Consequently, we get that q2 /∈ D and can repeat
this procedure for the remaining states. In the end, we get that D \Qtriv = ∅, i.e.,
the specificationMSeq is not decomposable. •
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P1

P2

P3

Figure 3.5: Structure of G for three agents. It has one initial state (bottom left
corner) and three final states (right side). Between the agent automata, directed
switch transitions to the next agent connect states of the decomposition set.

For both cases, specialized solutions exist to solve problems of this type. How-
ever, in general, LTL mission formulations are a combination of dependent and
independent parts. By using Theorem 3.2, it can automatically be identified which
of these parts correspond to independent ones.

3.4 Team Model Construction

In order to combine multiple agents, a team model can be constructed from the
individual product models. While there are different ways of defining this com-
bination, we choose an approach based on the decomposition set discussed in the
previous section. Individual agents are assumed to act independently and based on
the decomposition set, special transitions indicate the options to split a mission at
some states and allocate the rest to a different agent. Consequently, the resulting
team model can be used for simultaneous task allocation and planning.

Definition 3.9 (Team Model). The team model automaton G is a union of the N
local product models P(r) with r ∈ {1, ..., N} and given by G := (SG , S0,G , FG , AG)
consisting of
(1) a set of states SG = {(r, q, s) : r ∈ {1, ..., N}, (q, s) ∈ S(r)

P },
(2) a set of initial states S0,G = {(r, q, s) ∈ SG : r = 1}
(3) a set of final states FG = {(r, q, s) ∈ SG : q ∈ F},
(4) a set of actions AG =

⋃
r A

(r)
P ∪ ζ which include switch transitions ζ as defined

below.

In Definition 3.9, P(r) is the product automaton modeling agent r according to
Definition 2.5. A switch transition is only present at a state s ∈ SG if M can be
decomposed at s according to the following conditions.

Definition 3.10 (Switch Transition). The switch transitions in G are given by
ζ ⊂ SG × SG. A transition ς = ((rs, qs, ss), (rt, qt, st)) belongs to ζ if and only if it
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(i) connects different agents: rs 6= rt,
(ii) preserves the NFA progress: qs = qt,
(iii) points to the next agent: rt = rs + 1,
(iv) points to an initial agent state: st = s

(rt)
0,A,

(v) represents a decomposition choice: qs ∈ D.

Note that staying in one state of the NFA as specified in condition (ii) requires
that qs has a self-transition and that the respective condition is fulfilled. An example
for the structure of the team model G is depicted in Figure 3.5.

Finally, an action sequence β := s0a1s1 . . . ansn is a run in G such that si ∈ SG ,
and ai ∈ AG , similar to the single-robot case as given by Definition 2.6. In order to
distribute β among the involved agents, β(r)

P for agent r can be formed by projecting
β onto P(r). Note that, due to the characteristics of G, subsequent actions in β
either refer to the same agent or are separated by a switch transition ai = ςi ∈ ζ.
In the second case, si−1 is the final state of one agent and si the initial state of
another one. These properties of G are more closely discussed in the following.

3.4.1 Model Properties
The team model G as defined above has a set of relevant properties which are
discussed in the following. Specifically, these properties are required to ensure that
a planning algorithm can guarantee to find the optimal allocation of the given LTL
mission specification and the optimal sequence of actions for each agent to fulfill
the specification.

Lemma 3.4 (Correctness). If there exists an action sequence β = s0a1s1 . . . ansn
in G such that s0 ∈ S0,G and sn ∈ FG, the corresponding mission specification φ is
satisfied by β.

Proof. Due to the construction of G, every state s = (r, q, sA) ∈ SG has a component
q ∈ Q in the NFA F constructed from φ. Besides the switch transitions, which do
not change the NFA component, but only model considering a different agent, no
new transitions are added to G. Consequently, s0 is projected onto q0 ∈ Q0, sn
onto qn ∈ F , and any ai ∈ β is projected onto an existing transition in F . Thus,
the projected β forms an accepting run in F and consequently, satisfies the mission
specification φ.

In the case that Lemma 3.4 holds for an action sequence β, we call β a satisfying
action sequence or, more specifically, a solution to the mission M which given by
the mission specification φ. As will be shown in the next Lemma, such a solution
can be distributed to different agents.

Lemma 3.5 (Independence). Assume that the solution β = β(1)ςβ(2) in G to a
decomposable mission φ(1) ∧ φ(2) := φ is allocated to two different agents. Then,
both agents can execute β(1), β(2) independently from each other.
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Proof. The switch transition ς = ((rs, qs, ss), (rt, qt, st)) can only connect β(1) and
β(2) if the respective NFA state qs = qt ∈ D is in the decomposition set D. As
shown for the respective construction rules of the decomposition set in Section 3.3,
only states indicating a split into two independent parts are in D and thus, φ can
be written as φ(1) ∧ φ(2).

By introducing a cost for actions to express the desirability of a solution, it is
possible to show that any preferred solution can be constructed from the model G
resulting from the independence shown above.

Lemma 3.6 (Completeness). Given any action sequence βopt with minimal costs
c∗, which satisfies an LTL mission φ with respect to the system model and where
actions ai ∈ βopt are in an arbitrary permutation regarding the agents. Then, there
exists a β with ordered actions, i.e. ri ≤ ri+1, r ∈ {1, . . . , N} for ri referring to one
of the N agents executing action ai, such that its costs cβ = c∗ are optimal as well.

Proof. As shown in Lemma 3.5, different agents can execute their parts indepen-
dently from each other. Consequently, actions ai, ai+1 ∈ βopt with ri 6= ri+1 can
be swapped without affecting the cost or correctness. Thus, it is possible to swap
actions in βopt with ri > ri+1 until the condition ri ≤ ri+1 is satisfied for all
actions.

Furthermore, the team model has additional properties which can be utilized
for more efficient planning. In the following, we discuss the most important one in
preparation for the planning algorithm presented in the next section.

Lemma 3.7 (Ordered Sequence). For any action sequence β with actions ai, ai+1 ∈
βopt resulting from the team model G, it holds that ri ≤ ri+1, r ∈ {1, . . . , N} for ri
referring to one of the N agents executing action ai.

Proof. According to condition (iii) in Definition 3.10, it holds that rs < rt for
all switch transitions ς = ((rs, qs, ss), (rt, qt, st)) ∈ ζ. Similarly, according to the
construction of G in Definition 3.9, all actions a ∈

⋃
r A

(r)
P are associated with a

single agent r. Consequently, ri ≤ ri+1 holds for all transitions AG =
⋃
r A

(r)
P ∪

ζ.

Specifically, note that an immediate consequence of Lemma 3.7 is that, starting
in a state associated with agent r, no state associated with an agent r′ < r can be
reached by any path in G.

3.4.2 Complexity Discussion
The cardinality of the state space SG is given by

|SG | =
N∑
r=1
|S(r)
P | = |Q|

N∑
r=1
|S(r)
A | ∈ O(N) (3.2)
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where N is the number of agents, Q the state space of the NFA and S(r)
A the state

space of the respective agent model of agent r ∈ {1, . . . , N}.
Classically, a team model is often formulated as a product between the individual

agents. In the following, we denote the complete agent product by C := P(1)⊗ . . .⊗
P(N) = (SC , S0,C , AC). The set of states SC is given as the product of states of
the individual automata SC = S

(1)
P × . . . × S

(N)
P and for each state s ∈ SC , the

state of each of the agents is fully defined. This leads to a state space complexity
exponential in the number of agents. Consequently, the inherent complexity of this
model formulation makes it computationally infeasible to be used to model larger
teams.

In particular, constructing the team model as a classical product between the
robots would result in a state space complexity exponential in the number of agents,
given by

|SC | =
N∏
r=1
|S(r)
P | = |Q|

N∏
r=1
|S(r)
A | ∈ O(cN ). (3.3)

Since the constant c is usually large, only a small N is feasible in practice for the
product approach. More specifically, c is given by the size of the system model of
the individual robots, for example c = |SA| if all robots have the same model. The
effects of this complexity difference are more closely investigated in the following
case study.

3.5 Case Study

To evaluate applicability in scenarios as motivated in Chapter 1, we assume a
hospital environment, depicted left in Figure 3.6, and form the agent model A as
the product between this topological map (left) and a transition model of robot
actions (right).

The set of states SA is given as the product between the map locations and
the robot states. Propositions Π according to the state labels describe specific

d
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s2 s3

a
s5 p
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d n

“normal”

c
“carrying”

e
“equipped”

w
“soiled”

{p} {p}

{s}
{s}

{d}

{d}

Figure 3.6: Map (left) and robot capabilities (right) used in the scenarios. State
labels denote propositions which are true at this state, transition labels denote
requirements for performing an action.
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Proposition Description
si Station rooms 1-5
s Any station room, s := s1 ∨ . . . ∨ s5
p Pick-up location
d Drop-off location
a Public area
r Reception
n Robot is in its normal state
c Robot carries an object
w Robot carries waste
e Robot has medical equipments

Table 3.1: Description of the propositions used in the hospital case study.

properties of locations and robot states, e.g., p for pick-up locations, s for station
rooms, c for carrying an object. A full overview of the used propositions is given
by Table 3.1.

The actions AA consist of navigation actions according to the undirected edges
in the map and further robot actions according to the robot model. These robot
actions are limited to certain locations such that an action is only feasible if the
respective state contains the propositions listed by the transition label, e.g., the
transition from “normal” to “carrying” is only possible at pick-up locations p. Fi-
nally, action costs CA are chosen to approximately represent the execution times
of actions.

In the following, we consider three scenarios with different characteristics in the
presented hospital environment to represent the most common use cases. Teams
consist of three robots, although also the performance for varying team sizes is
investigated at the end of this section.

Scenario 3.1 (Station Tour). “Visit station rooms 1-5 while only entering these
rooms when carrying medical equipment. Only cross the waiting area when not being
equipped.”

M1 = ♦s1 ∧ ♦s2 ∧ ♦s3 ∧ ♦s4 ∧ ♦s5 ∧�(s =⇒ e) ∧�(e =⇒ ¬a)

Initial configuration:

S3.1a – All robots at indicated locations, being in their default state.

In this first scenario, the robots are required to visit all five station rooms. In
addition, a robot needs to carry medical equipment (proposition e) in order to be
at any station room s and should avoid the public area a while being equipped. As
presented before, robots know from the agent model A that equipment can only be
picked up at pick-up locations p. This mission is similar to a constrained TSP, but
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tG |SG | tCProd |SCProd |
S3.1a 0.965 6,912 1.71× 104 1.19× 107

S3.2a 0.946 9,504 1.52× 104 1.64× 107

S3.3a 2.908 13,824 >4.32× 104 2.39× 107

Table 3.2: Analysis of the evaluation scenarios for teams of three agents, time given
in seconds.

requires robots to perform additional actions before visiting a room, regardless of
which room they would choose to visit first.

Scenario 3.2 (Room Cleaning). “Pick up waste in rooms 3-5 and dispose it.
Only enter rooms when not already carrying waste from another room.”

M2 = ♦(s3 ∧©δ) ∧ ♦(s4 ∧©δ) ∧ ♦(s5 ∧©δ) ∧�((¬s ∧©s) =⇒ n)
δ := w U (d ∧©(d U ¬w))

Initial configuration:

S3.2a – All robots at indicated locations, being in their default state.

The robots need to pick up waste w at three of the rooms. In this scenario,
robots are only required to be in “normal” state n in order to enter a state room
s. But in addition, they are required to visit a dispose location d as consequence
of visiting a room, given by δ. Again, this combines goal allocation with sequential
action planning as consequence of servicing one of the goals.

Scenario 3.3 (Medication Delivery). “Deliver medication to rooms 1-5 and
only enter these rooms when carrying the required medication.”

M3 = ♦(s1 ∧ n) ∧ ♦(s2 ∧ n) ∧ ♦(s3 ∧ n) ∧ ♦(s4 ∧ n) ∧ ♦(s5 ∧ n)
∧�((¬s ∧©s) =⇒ c)

Initial configuration:

S3.3a – All robots at indicated locations, being in their default state.

The robots need to deliver medication to all station rooms. They can only
enter a room s when carrying medication c and need to deliver it by switching
back to their default state n. Consequently, robots need to repeatedly visit pick-up
locations.

Table 3.2 summarizes our performance results for the three scenarios, each ran-
domly initialized. t is the average planning time in seconds, including model con-
struction, calculation of the decomposition set and planning, and |S| the total
number of states in the model. We compare the team model G as presented in
Definition 3.9 with the conventional complete product model CProd. Already for
the small team of three robots, our proposed approach is much more efficient.
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Figure 3.7: State space complexity of the team model in scenario S3.1a for the
conventional agent product CProd and the proposed, layered team model G with
respect to the team size N .

Furthermore, Figure 3.7 and Table 3.3 provide an analysis of how both ap-
proaches scale with an increasing number of agents, evaluated for scenario S3.1a.
The significantly increasing planning times on the product model CProd reflect the
exponential growth of its state space. In contrast, the team model G scales well
with increasing team size and produces reasonable results even for large teams.
In particular, it can be seen that tG = 92.46 seconds for 100 agents is similar to
tCProd = 94.75 for only 2 agents, resulting from the significant difference in com-
plexity.

team size tG |SG | tCProd |SCProd |
1 0.324 2.3× 103 0.342 2.3× 103

2 0.525 4.6× 103 94.75 1.6× 105

3 0.965 6.9× 103 1.7× 104 1.2× 107

6 2.324 1.4× 104 n/a 4.5× 1012

10 3.896 2.3× 104 n/a 1.2× 1019

100 92.46 2.3× 105 n/a 1.7× 10187

Table 3.3: Complexity analysis with respect to the team size, performed for scenario
S3.1a. The planning times are given in seconds. Entries denoted by “n/a” exceeded
the maximum planning time of 8 hours and indicate computational infeasibility.





CHAPTER 4

Multi-Robot Planning

When planning behaviors for a multi-robot system based on a Temporal Logic spec-
ification of the mission, not only actions need to be planned, but also allocation of
parts of the mission needs to be considered. Classically, this is seen as two inde-
pendent problems While state-of-the-art approaches exist to solve each of these two
problems, the computational complexity for finding an optimal solution becomes
significant for larger instances. Instead, utilizing the interplay of allocation and
planning bears the potential of improving the efficiency to find an optimal solution.

The computational inefficiency of considering task planning and allocation sep-
arately primarily results from the combinatorial number of planning problems im-
plied by the allocation choices. In particular, each of the robots needs to plan all
possible task combinations, resulting in a number of problems exponential in the
number of tasks. Each of these planning problems is one instance of Problem 2.1
in order to calculate the respective assignment costs.

The team objective to optimize allocation can be defined in different ways. In
the simplest case, the team objective is to minimize the sum of all individual robot
costs. However, depending on how the robot costs are defined, this might not
always be desirable. For example, assume that the robot costs indicate the time
required to execute the tasks assigned to the respective robot. Since the robots can
operate in parallel, the total time then required to complete the full mission is not
given by the sum of the individual costs, but instead by the maximum cost among
the robots. In the following, we focus on this definition of the team objective.

Planning in real-world systems often involves additional resource constraints.
While a single robot as well needs to consider such resources, a multi-robot team
needs to account for these constraints even more carefully in advance. For example,
if external resources are required for some of the tasks, the robots need to coordinate
not only task allocation, but also allocation of these resources to avoid conflicting
execution plans for the individual tasks.

As another example, the robots need to consider internal resources such as their
battery level when allocating tasks. For a single robot, it might be sufficient to

53



Chapter 4. Multi-Robot Planning 54

only react to a low battery level during task execution because the task has to be
executed even if it requires charging. However, in multi-robot systems, task allo-
cation provides an additional degree of freedom such that robots with low battery
can be assigned less tasks, allowing them to charge their batteries without delaying
task execution.

Addressing all of the above concerns, we propose here an approach for Simulta-
neous Task Allocation and Planning (STAP) based on the team model defined in
the previous chapters. Specifically, the following planning problem is solved in this
chapter while considering efficiency of the solution approach.

Problem 4.1 (Simultaneous Task Allocation and Planning). Given a finite LTL
mission specification φ and a multi-robot system which is modeled such that decom-
position choices of φ are identified. Further, given action costs, initial resources,
and continuous resource modifications by actions. Find action sequences for all
robots such that φ is satisfied, no resource constraints are violated at any time, and
the maximum robot cost is minimized.

In fact, Problem 4.1 implies a multi-objective planning problem. As will be
discussed in detail in Section 4.2, a planning algorithm like the one presented in
Section 2.5 is not applicable here.

The remainder of this chapter is structured as follows. Section 4.1 summarizes
and discusses research related to multi-robot and multi-objective planning, as well
as approaches to consider continuous resource constraints. Section 4.2 introduces
the cost definition which will be used throughout this chapter and presents a way
to efficiently represent costs when minimizing the maximum agent cost. Section 4.3
introduces a definition for resource constraints and relates these continuous con-
straints to the LTL formalism. Section 4.4 then presents the particular STAP
algorithm and closely discusses its properties including proofs for termination and
optimality. Section 4.5 concludes with an illustrative case study of STAP under
consideration of resource constraints.

4.1 Related Work

There exist other approaches in the direction of STAP. Chen et al. [2012], Ulusoy
et al. [2013] construct a team model and use the formalism of trace-closed languages
to identify the individual tasks by projecting the solution onto each of the agents.
Nikou et al. [2016] augment agent-specific goals with a global goal specification to
be satisfied by all agents. These approaches construct a product model of the team
which has two relevant drawbacks. First, the team model size grows exponentially
with the number of agents and second, actions of the agents need to be synchronized
during execution. Nissim and Brafman [2014] present an efficient approach to solve
multi-agent planning problems based on the MA-STRIPS formulation Brafman
and Domshlak [2008] by a distributed, privacy-preserving version of the heuristic
forward search based on Helmert [2006].
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Also, the available robots change often. Consequently, it is not possible to follow
a bottom-up approach for mission specifications and manually assign local tasks to
specific robots in advance, as for example done by Guo and Dimarogonas [2015]
and Tumova and Dimarogonas [2016].

4.1.1 Multi-Robot Path Planning

Planning paths for a team of robots such that the individual robots do not block
each other is a subset of multi-robot planning which has received significant atten-
tion during recent years. While most approaches are not trivially transferable to
optimal planning and abstract actions, the approaches discussed in the following
provide useful insights into the problem characteristics.

Silver [2005] presents several approaches based on the A* planning algorithm to
plan cooperatively for multiple robots. Yu and LaValle [2015] solve an anonymous
version of the multi-robot path planning problem based on posing the problem as
a network flow problem.

Wagner and Choset [2011] Sharon et al. [2015] plan the paths for all robots inde-
pendently and account for conflicting solutions afterwards. In consecutive planning
phases, conflicts are removed by adding specific constraints. This requires a num-
ber of planning phases exponential in the number of conflicts since each conflict
involves at least two robots and can thus solved in at least two different ways.

Cohen and Koenig [2016] propose the definition of highways for multi-robot path
planning where a highway constraints the direction of motion in particular regions.
This removes some degrees of freedom, but helps to reduce the number of potential
conflicts. In Cohen et al. [2016] the authors apply an extension of this approach to
route planning in robotic warehouses.

Instead, Turpin et al. [2015] formulate a dynamic programming algorithm to
solve the navigation problem to multiple targets based on a multi-agent extension
of the Traveling Salesman Problem.

4.1.2 Multi-Objective Search

In this chapter, we discuss a multi-robot LTL planning approach with costs and
resource constraints by formulating it as a multi-objective search problem Ehrgott
[2006]. Multi-objective planning is well established in the area of operations re-
search and includes search methods based on label setting Paixão and Santos [2013],
Gandibleux et al. [2006] and label correcting Bertsekas et al. [1996]. An established
method, which can be used to find all Pareto optimal solutions of a multi-criteria
search problem, is Martins’ algorithm Martins [1984]. In this context, resource
constraints can be modeled efficiently as additional objectives of the search Irnich
and Desaulniers [2005], Boland et al. [2006].
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Figure 4.1: Two-robot example showing why minimizing the maximum cost requires
multi-objective search. The optimal path from A to D goes via C, while instead
the optimal path from A to E goes via B.

4.1.3 Resource Constraints

We explicitly consider required resources and resource consumption of actions. Shi-
roma and Campos [2009] consider shared resources such as limited communication
bandwidth, but do not model resource consumption. Leahy et al. [2016] incorporate
battery constraints and include charging actions for surveillance tasks. Irnich and
Desaulniers [2005] address resource constraints for general shortest path problems.
In the case of uncertain action outcomes, de Nijs et al. [2017] provide guarantees
on constraint satisfaction.

4.2 Cost Representation

In order to select the optimal satisfying action sequence, actions AG are associated
with non-negative costs C : AG → R≥0. A special case are the switch transitions
ζ ⊂ AG and we define C : ς 7→ 0 for all ς ∈ ζ. This reflects the fact that switch
transitions are purely virtual and will not appear in any of the action sequences
β

(r)
P executed by the agents.
Since the goal is to minimize the maximum agent cost instead of sum of agent

costs, a single-objective search like the one presented in Section 2.5 is not viable. In
particular, see the example of planning for two robots as illustrated in Figure 4.1.
Depending on whether going to state D or E after starting at A, the solution is
different. However, this violates the assumption of single-objective path planners
that each subpath of an optimal path is optimal as well.

To account for this multi-objective character of costs, we extend the cost C(a)
of an action a ∈ AG to an N dimensional vector ca ∈ RN≥0 where each agent
r ∈ {1, . . . , N} represents one dimension. Since each action with non-zero cost is
associated with a particular agent by the fact that AG \ ζ =

⋃
r A

(r)
P , we can define
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for each a ∈ AG

ca,i =
{
C(a) if i = r

0 otherwise
(4.1)

and cζ = 0. Consequently, the costs cβ ∈ RN≥0 of an action sequence β are given by
cβ =

∑
a∈β ca.

The Pareto front of all cost vectors cβ for satisfying action sequences then forms
the set of potential optimal solutions. In order to prioritize these solutions, we define
the overall team cost κ : RN≥0 → R≥0 as

κ(cβ) = (1− ε) · ‖cβ‖∞ + ε · ‖cβ‖1. (4.2)

with ε ∈ (0, 1]. This reflects the objective to minimize the maximal agent cost
‖cβ‖∞, e.g., minimizing the completion time of the mission, with a regularization
term ‖cβ‖1 to avoid unnecessary actions of the agents.

However, based on Lemma 3.7 and given the definition of κ in Equation (4.2), it
is possible to choose a more compact representation for cβ , in the following denoted
by ĉβ . Specifically, we utilize the fact that given a particular agent r, the team cost
κ of the action sequence β can already be evaluated for all agents r′ < r since no
action associated with any r′ will occur in a continuation of β. Consequently, it is
sufficient to define ĉβ ∈ R3

≥0 irrespectively of the team size N as a three-dimensional
cost vector such that

ĉβ =

‖(cβ,1, . . . , cβ,r−1)T ‖∞
‖(cβ,1, . . . , cβ,r−1)T ‖1

cβ,r

 . (4.3)

Accordingly, the team cost κ̂ : R3
≥0 → R≥0 is adjusted such that

κ̂(ĉβ) =(1− ε) · ‖(ĉβ,1, ĉβ,3)T ‖∞ + ε · ‖(ĉβ,2, ĉβ,3)T ‖1 (4.4)

with ĉβ,i denoting the i-th component of ĉβ . Not only does this compact rep-
resentation remove a dependency of cβ on the team size N , it is also more efficient
to use this representation during planning. However, we defer a detailed discussion
of this aspect until Section 4.4.2.

4.3 Resource Constraints

In addition to the LTL mission specification, which allows to model discrete con-
straints, it is often required to also consider constraints of the agents in continuous
domains, in the following referred to as resource constraints. As resources, we
capture continuous domains which are not explicitly modeled in the discrete state
space SG of the system, but might change as the consequence of executing an action
a ∈ AG . This change is denoted by Γ: AG → RM where M is the total amount of
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resource dimensions. In contrast to costs, which can only be increased, resources
can be modified in both directions.

For an action sequence β, the resulting status of resources γβ ∈ RM is given by

γβ = γ0 +
∑
a∈β

Γ(a) (4.5)

where γ0 ∈ RM≥0 denotes the initial resources. We constrain the set of satisfying
action sequences to sequences β such that at any state si ∈ β it holds for β′ =
s0a1 . . . aisi that γβ′,i > 0 for each component i ∈ {1, . . . ,M}.

Example 4.1. Limited Battery The assumption that the robots only have a limited
battery capacity can be modeled as one resource constraint per robot. γβ,r provides
a measure of how much battery power is left for robot r and consequently, γβ,r > 0
guarantees that the robots do not get depleted at any time during the mission.
Each robot has an initial battery level γ0,r and each action a affects the battery
level by Γ(a). In particular, we set Γ(a) < 0 for all actions which consume battery
and Γ(a) > 0 for charging actions. •

Note that modeling agent-specific resources as described in the above example,
while intuitive, again implies a dependency of the resource vector γβ on the team
size N = M . Similar to changing the cost representation, we can also model agent-
specific resources in a more compact way given Lemma 3.7. More precisely, it
suffices to have a single dimension γβ,i of γβ tracking the resource status. Whenever
a switch transitions ς = ((rs, qs, ss), (rt, qt, st)) is taken, γβ,i is set to the initial
resource status γ0,i of agent rt to which ς leads.

4.3.1 Resource Transformations
As mentioned before, we assume that resource constraints are of the form γβ,i > 0.
In the rest of this section, we present several other types of constraints which can
be reformulated as γβ,i > 0 as well.

First, for completeness, recall the trivial relationships

γβ,i > c⇔ γβ,i − c > 0
γβ,i < 0⇔ −γβ,i > 0.

Also constraints of the form γβ,i ≥ 0 can be expressed. To include the case of
equality, one can add a small offset ε to the resources and formulate it as strict
inequality constraint. A sufficiently small ε is derived as follows. Given by the
finiteness of the set of actions, there is a smallest possible change of γβ,i for each
resource, given by

γ∆,i = min
(aj ,ak)

|Γ(aj)i − Γ(ak)i| (4.6)
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for actions aj , ak ∈ AG and resource modifiers Γ. Thus, it suffices that ε ≤ γ∆,i and
consequently we get that

γβ,i ≥ 0 ⇐= γβ,i + γ∆,i > 0.

Interval constraints of the form γβ,i ∈ I = (c, C) can most easily be captured
by the set of two inequality constraints γβ,i > c and γβ,i < C. However, this would
be inefficient in practice as will become more clear in Section ??. Instead, it is
usually appropriate to prefer solutions further away from the interval boundaries,
given equally high costs, as they are more likely to satisfy the interval constraint
in the future. Thus, interval constraints can be expressed as

γβ,i ∈ I ⇔ γβ,I −
C − c

2 > 0

where γβ,I =
∥∥C−c

2 + c− γβ,i
∥∥ denotes a distance measure of γβ,i from the center

of the interval I.

4.3.2 Resource Propositions

Combining both the LTL specifications on a discrete state space SG and the con-
tinuous resource constraints in fact allows for a more expressive perspective on
the resource constraints. Indeed, it is possible to model a resource constraint as a
proposition

πi := γβ,i > 0. (4.7)

Then, including the constraints in the LTL mission specification would be given
by the extended formulation

φ = φgoal ∧�
∧
i

πi

stating that the LTL goal φgoal needs to be satisfied and all resource constraints πi
always have to hold.

Based on conventional LTL semantics as summarized in Section 2.2.1, resource
propositions πi can then as well be used as part of the mission specification φ the
same way as atomic propositions π ∈ Π. This allows to express more complex
resource constraints, for example:

• ♦�πi – “at some point, reach and keep a certain threshold for resource i”

• ¬πi =⇒ ♦φj – “violation of constraint i requires to execute φj”

• πi U φj – “respect resource constraint i until satisfaction of φj”
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Remark. In the latter case of the above examples, πi := ti − γl,i > 0 could
represent a resource like time. Then, the expression can be interpreted as “satisfy
φj before time ti”. This highlights the close connection of interpreting LTL over
resource domains with existing temporal logics like MITL, see Alur et al. [1996],
and STL, see Maler and Nickovic [2004]. While the same expressiveness as in these
logics is not achieved here, planning can be done more efficiently as presented in
the following sections.

Until now, only agent-specific resources have been considered. However, for
some scenarios, it is helpful to also model agent-independent, global resource con-
straints. Consider for example the scenario that some supplies need to be re-
filled. The most straight-forward way would be to specify φ = ♦πi with πi :=
γβ,i − cthresh ≥ 0 for some resource threshold cthresh. In this case, γβ,i is a global
resource.

Since, by construction of the team model G, we assume the agents to act indepen-
dently, it is not immediately clear how to consider global resources. Nevertheless,
it is possible to model global resources in the following special cases and we limit
usage of global resources to these cases.

Lemma 4.1 (Global Resources). Consider the global resource γβ,i and assume
that all of its modifications Γ(a)i for a ∈ AG are non-positive. Then, the LTL
specifications ♦¬πi and �πi, including their Boolean combinations, can be expressed
for πi := γβ,i > 0.

Proof. For monotonically decreasing resources γβ,i, it is apparent that the propo-
sition γβ,i > 0 either does not change its truth value, or there exists exactly one
transition from true to false. Consequently, �πi is fulfilled in the former case, ♦¬πi
in the latter case. In the case that there is a transition, this transition exists inde-
pendently of the order in which the resource modifications Γ(a)i are applied due to
monotonicity.

4.4 Multi-Objective Action Planning

When generalizing the single-objective path search to a multi-objective one, there
can exist multiple paths to reach a particular goal while each of the paths can be
optimal depending on which objective is considered to be more important. Only
if a solution is at most as good as another one in all of the objective dimensions,
this solution cannot be optimal. This notion is commonly referred to as Pareto-
dominance.

Formally, the operator <P denotes a “less than”-relation in the Pareto sense:

(a1, . . . , an)T <P (b1, . . . , bn)T ⇔ a 6= b ∧ ai ≤ bi,∀i ∈ {1, . . . , n} (4.8)

for two n-dimensional vectors a and b. The operator ≤P relaxes this relation and
also allows a = b. In the following, we prefer smaller entries and consequently use
the term a dominates b in the case that a <P b. The vectors a and b are called
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Pareto-equal in the case that neither dominates the other, given by a ≮P b and
b ≮P a. Note that Pareto-equality does not imply a = b. Instead, it holds that
∃i, j ∈ {1, . . . , n} such that ai < bi and aj > bj .

To address the multi-agent planning problem stated in Problem 4.1, we pro-
pose an algorithm based on the Martins’ algorithm Martins [1984], an established
label-setting approach used for multi-objective planning in operations research. We
transfer this algorithm to constrained multi-agent mission planning by choosing a
suitable cost function and allowing early termination since only the solution opti-
mal with respect to the team cost function κ̂ is of interest. In addition, the original
algorithm is extended to support continuous resource constraints and, in particular,
resource propositions as presented in Section 4.3.2.

The idea of the classical Martins’ algorithm is similar to the single-objective
shortest path search proposed by Dijkstra. But instead of operating directly on the
states of the graph, each state is assigned a set of labels of which the cost vectors
are all Pareto-optimal and the classical Martins’ algorithm finds all Pareto-optimal
paths described by these labels.

In the following, each label of a state s ∈ SG is given by

l = (ĉ(l), γ(l), v, iv) (4.9)

and depends on the action sequence β leading to s. ĉ(l) denotes the cost of β
as defined in Equation (4.3) and γ(l) the respective resource status as defined in
Equation (4.5). v ∈ SG is the predecessor state in β and iv ∈ N the index of the
respective predecessor label.

Notation Remark. Since each label l specifies its predecessor label given
by v and iv, the action sequence β leading to l can be uniquely reconstructed.
Consequently, the notations ĉ(l), γ(l) and ĉβ , γβ are equivalent given that β is the
action sequence reconstructed from l. In this Section, the former notation will be
used.

Integration of γ(l) into the labels is an extension of the standard label-setting
approach and is required to handle resource constraints. Considering the resource
status of a label prevents this label from being dominated due to higher costs while
having more resources. These additional resources could be required in continua-
tions of the action sequence to meet the constraints.

The construction of a set of labels for each state s ∈ SG forms an extension of SG
to a higher dimensional, infinitely large label space LG . Each label l ∈ LG,s ⊂ LG
of state s instantiates one possible resource configuration in the continuous domain
of γ and transitions between the labels are described by their predecessor relations.
In the following, we denote by LG,s the set of instantiated, i.e., feasible, labels at
state s and by LG =

⋃
s∈SG LG,s ⊂ LG the set of all feasible labels.

4.4.1 Planning Algorithm
An outline of our proposed approach for constrained optimal STAP is given by
Algorithm 2. The purpose of the algorithm is to find the label lfin of an accepting
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state with minimal team cost κ̂(ĉ(l)). Consequently, finding lfin is equivalent to
finding the respective action sequence βfin which leads to an accepting state and
thus, satisfies the given mission.

In order to find lfin, a reachable set of temporary labels Lt,s is constructed
for each state and a set of permanent labels Lp,s denotes Pareto-optimal labels at
s. As usual for a label-setting approach, only optimal labels are made permanent
and consequently, the temporary label with minimal team cost is selected in each
iteration (line 5). This requires non-negative action costs in order to guarantee that
no label with lower team cost will be added to the set of temporary labels in later
iterations.

For each selected label l, a set of consecutive labels is constructed by extending
the action sequence associated with l by all available actions (line 9) and adding the
resulting labels to the reachable set (line 15). To improve efficiency, only actions
resulting in Pareto-optimal labels at their target state are added. Since these labels
are only in the reachable set instead of the permanent set, it can be the case that
a better label is found later during planning before the label is made permanent.
Consequently, when adding a new temporary label, existing temporary labels are
again checked for Pareto-optimality (line 14).

Depending on whether a certain action a = ((rs, qs, ss), (rt, qt, st)) ∈ AG is a
switch transition, the costs of the label ĉnew after action execution are updated
based on the costs ĉ(l) of the current label l.

ĉnew :=


‖(ĉ

(l)
1 , ĉ

(l)
3 )T ‖∞

‖(ĉ(l)2 , ĉ
(l)
3 )T ‖1

0

 if a ∈ ζ

ĉ(l) + (0, 0, C(a))T otherwise

(4.10)

In the case a ∈ ζ, i.e., that a is a switch transition, the maximal and summed costs
are updated and the new agent rt is initialized with zero cost by setting the third
component ĉnew,3 = 0.

Similarly, resources γnew are updated as follows based on γ(l).

γnew :=


(
γ

(l)
global
γ0,rt

)
if a ∈ ζ

γ(l) + Γ(a) otherwise
(4.11)

where γ(l)
global is the part of γ(l) denoting global, i.e., agent-independent, resources

and γ0,rt are the initial resources of agent rt, the agent associated with the target
state of a.

Furthermore, selecting the available actions requires to ensure that the new
resource status satisfies all constraints, which can be encoded in the LTL mission
specification as discussed above. For this purpose, we define ∆: AG × RM → B
with B := {>,⊥} as an extension of the transition function δ of an NFA F such
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Algorithm 2 Constrained Optimal STAP
Input: Team model G, team cost function κ̂, resources γ0
Output: Optimal final label lfin to construct actions βfin

Notation Remarks:
l = (ĉ(l), γ(l), v, iv) ∈ LG – label, see Equation (4.9)
Lt,s (Lp,s) – set of temporary (permanent) labels at state s ∈ SG
l <P ` – short notation for (ĉ(l),−γ(l)) <P (ĉ(`),−γ(`)), see Equation (4.8)
∆(a, γ) – indicates if γ > 0 holds for a, see Equation (4.12)
1: Lt,v ← {(0, γ0,∅,∅)},∀v ∈ S0,G
2: Lt,s ← ∅,∀s ∈ SG \ S0,G
3: Lp,s ← ∅,∀s ∈ SG
4: while ∀s ∈ SG : Lt,s 6= ∅ do
I Find label l with lowest costs and make it permanent
5: (s, l)← argmins∈SG ,l∈Lt,s

{κ̂(ĉ(l))}
6: Lt,s ← Lt,s \ {l}
7: Lp,s ← Lp,s ∪ {l}
I Terminate search if any final state is reached
8: if s ∈ FG then return lfin ← l . Best found first
I Calculate labels for all successors v of s
9: for all v ∈ SG : a = (s, v) ∈ AG do
10: ĉnew ← updateCost(a, ĉ(l)) . Equation (4.10)
11: γnew ← updateRess(a, γ(l)) . Equation (4.11)
12: `← (ĉnew, γnew, s, is) with is = card(Lp,s)
I Only add and keep non-dominated temporary labels
13: if ∆(a, γnew) ∧ (@l ∈ Lt,v ∪ Lp,v : l ≤P `) then
14: Lt,v ← Lt,v \ {l ∈ Lt,v : ` <P l}
15: Lt,v ← Lt,v ∪ {`}
16: return lfin ← ∅ . No final state reachable

that

∆: (a, γ) 7→ λ(ss) ∪Πγ � δ(qs, qt) (4.12)

for a = ((rs, qs, ss), (rt, qt, st)) and Πγ is the set of all propositions πi according to
Equation (4.7). Illustratively speaking, ∆ extends the set of state propositions as
defined by the proposition labeling function λ of the agent model A by the set of
all resource propositions based on γ and only permits a transition if this extended
set fulfills the transition condition δ of F .

In addition to not considering actions which would violate the resource con-
straints, only actions leading to labels with minimal cost will be considered as
continuations of an action sequence. To achieve this, a label ` is only added to the
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set of temporary labels if it is non-dominated (line 13), meaning that there does not
exist another label l at the same state such that (ĉ(l),−γ(l)) ≤P (ĉ(`),−γ(`)). Note
that we consider cost with a positive sign since smaller cost values are preferred.
In contrast, resources are considered with a negative sign to prefer larger values,
which more robustly satisfy the resource constraints γ(l) > 0.

4.4.2 Planning Properties
In the following, we investigate more closely the required assumptions on the model
G and the costs C for Algorithm 2 to terminate. However, before analyzing the algo-
rithm itself and proving its correctness, consider the cost representation presented
in Section 4.2.

In fact, it can be shown that the compact cost representation as given by Equa-
tion (4.3) is not only more efficient given by its fixed dimensions, but also because it
enables to eliminate additional suboptimal labels. Specifically, we utilize the switch
condition (iii) from Definition 3.10 to observe the following. Let r denote the agent
associated with a certain state s ∈ SG . All states v ∈ SG reachable from s can only
be associated with agents ρ1 ≥ r, but it is not possible to consider any of the agents
ρ2 < r again in the planning process. The following example illustrates a situation
where it is efficient to eliminate a presumably non-dominated label.

Example 4.2. Consider a system with four agents {1, 2, 3, 4}. Assume that the
labels l and ` have been found by Algorithm 2 to reach a certain state s associated
with agent r = 3 with the cost vectors c(l) = (3, 4, 1, 0)T and c(`) = (5, 2, 1, 0)T .
Neither c(l) nor c(`) dominates the other, so neither of the labels would be elimi-
nated.

However, preserving both labels is too conservative when considering the struc-
ture of the team model G. Specifically, one can see that ‖c(l)‖1 = ‖c(`)‖1 and
‖c(l)‖∞ < ‖c(`)‖∞. Furthermore, only entries c(l)ρ1 , c

(`)
ρ1 with ρ1 ≥ r can change in

possible continuation of the action sequences. In particular, c(l)2 = 4 is greater than
c
(`)
2 = 2, but still less than c(`)1 = 5 and cannot increase anymore. Consequently, a
continuation of the action sequence described by the label ` cannot lead to a lower
maximum agent cost than the one described by l.

In contrast, we can write c(l) as ĉ(l) = (4, 7, 1)T and c(`) as ĉ(`) = (5, 7, 1)T
according to Equation (4.3). In this case, ĉ(l) <P ĉ(`) immediately indicates that `
is a suboptimal label. •

The following Lemma generalizes this observation and shows that we can use
the compact cost definition ĉ instead of c.

Lemma 4.2 (Cost Dominance). For all states s ∈ SG and a pair of labels l and `
at s, it holds that
(1) c(l) <P c

(`) only if ĉ(l) <P ĉ
(`) and

(2) if ĉ(l) <P ĉ
(`) while c(l) ≮P c

(`), there exists an optimal action sequence βopt of
which construction does not include `.
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Proof. Let r denote the agent to whose partition state s belongs and note that in
both cases ĉ(l) <P ĉ(`) implies that ĉ(l) 6= ĉ(`) and consequently c(l) 6= c(`). Also
recall that c(l)R , c

(`)
R = 0 for all R ∈ {r + 1, . . . , N}, given by the switch condition

(iii) from Definition 3.10.
(1) From c(l) <P c(`) follows that c(l)i ≤ c

(`)
i for all i and there exists a j such

that c(l)j < c
(`)
j . Consequently, we get for the components of ĉ(l) and ĉ(`) that

ĉ
(l)
1 ≤ ĉ

(`)
1 , ĉ(l)2 < ĉ

(`)
2 , and ĉ(l)3 = ĉ

(`)
3 for j 6= r as well as ĉ(l)1 ≤ ĉ

(`)
1 , ĉ(l)2 ≤ ĉ

(`)
2 , and

ĉ
(l)
3 < ĉ

(`)
3 for j = r, which shows that ĉ(l) <P ĉ

(`).
(2) For c(l) ≮P c(`) and ĉ(l) 6= ĉ(`), there needs to exist at least one k such that

c
(l)
k > c

(`)
k . In addition, ĉ(l) <P ĉ

(`) implies that k < r. Furthermore, ĉ(l)1 ≤ ĉ
(`)
1 and

ĉ
(l)
2 ≤ ĉ

(`)
2 following from ĉ(l) <P ĉ(`) show that all components k where label l is

worse than ` are non-critical. Non-critical means that sum and maximum over all
agents 1, . . . , r−1 for l are still at least as good as for `. Now consider continuations
L of l and L of ` in the sense that constructing an action sequence from L includes l.
Again given by the switch condition (iii), no entry c(L)

ρ , c
(L)
ρ with ρ ∈ {1, . . . , r− 1}

can change. This implies that the components where L is worse than L will remain
non-critical. Consequently, either ` is not part of constructing an optimal action
sequence or there is another optimal action sequence of which construction instead
includes l.

In case (2) of Lemma 4.2, the label ` is as well called dominated and can be
eliminated in the planning process. Next, we show that κ̂(ĉ(l)) with ĉ(l) calculated
from a certain c(l) always equals κ(c(l)).

Lemma 4.3 (Team Cost Equivalence). For ĉ(l) and κ̂ as defined in Equations (4.3)
and (4.4), we get κ̂(ĉ(l)) = κ(c(l)) for all possible c(l) on G.

Proof. From the fact that c(l)ρ2 = 0 for all ρ2 ∈ {r + 1, . . . , N} it follows that
‖c(l)‖∞ = ‖(c(l)1 , . . . , c

(l)
r )T ‖∞ and ‖c(l)‖1 = ‖(c(l)1 , . . . , c

(l)
r )T ‖1. Consequently,

κ̂(ĉ(l)) = (1− ε) · ‖(ĉ(l)1 , ĉ
(l)
3 )T ‖∞ + ε · ‖(ĉ(l)2 , ĉ

(l)
3 )T ‖1

= (1− ε) · ‖(c(l)1 , . . . , c(l)r )T ‖∞ + ε · ‖(c(l)1 , . . . , c(l)r )T ‖1
= (1− ε) · ‖c(l)‖∞ + ε · ‖c(l)‖1
= κ(c(l))

for all labels l ∈ LG .

Optimality

Based on these results, the properties of Algorithm 2 can be discussed more closely.
Since the presented algorithm belongs to the class of label-setting algorithms, it is
crucial that temporary labels l ∈ Lt,s are selected in the correct order. Specifically,
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it is required that l is only made permanent (line 7) if it is guaranteed to be Pareto-
optimal. Given a certain cost function, in the following denoted by h : RN → R,
Paixão and Santos [2013] define two properties of h to decide if h selects labels in
the correct order. First, dominance defined as c(l) <P c(`) =⇒ h(c(l)) < h(c(`))
and second, monotonicity defined as h(c(l)) ≤ h(c(`)) for all ` referring to l as
predecessor label. Theorem 4.1 in Paixão and Santos [2013] then state that h
selects labels in the correct order if it fulfills both properties.

In the following, we discuss our adaptations to the classical Martins’ algorithm.
First, we choose the cost function h := κ̂ (line 5) to minimize our team cost function
and show that κ̂ is a valid choice.

Lemma 4.4 (Team Cost Optimization). κ is a cost function which selects labels
in the correct order for ε ∈ (0, 1] and non-negative action costs.

Proof. As shown by Paixão and Santos [2013] for non-negative costs, ‖c(l)‖1 fulfills
both dominance and monotonicity while ‖c(l)‖∞ fulfills monotonicity. ‖c(l)‖∞ does
not satisfy dominance since a dominated cost vector c(l) <P c(`) could lead to the
same ‖c(l)‖∞ = ‖c(`)‖∞. However, c(l) <P c(`) implies that ‖c(l)‖1 < ‖c(`)‖1 and
consequently κ(c(l)) = (1−ε)·‖c(l)‖∞+ε·‖c(l)‖1 < (1−ε)·‖c(`)‖∞+ε·‖c(`)‖1 = κ(c(`))
for ε > 0 and (1− ε) ≥ 0 fulfills both dominance and monotonicity.

Theorem 4.1 (Label Ordering). Given any two labels l, ` ∈ LG such that κ̂(ĉ(l)) <
κ̂(ĉ(`)). Then, ` ∈ Lp =⇒ l ∈ Lp with the set of permanent labels Lp defined as
Lp :=

⋃
s∈SG Lp,s.

Proof. It can be shown that the above ordering holds if κ̂ fulfills the two properties
dominance, ĉ(l) <P ĉ(`) =⇒ κ̂(ĉ(l)) < κ̂(ĉ(`)), and monotonicity, κ̂(ĉ(l)) ≤ κ̂(ĉ(`)).
κ, as defined here in Equation (4.2), fulfills these properties. Finally, it can be
shown that κ(c) = κ̂(ĉ) holds for the team model G.

As a consequence of Theorem 4.1, note that the iterations of the while-loop
(line 4) in Algorithm 2 can be seen as increasing a cost threshold, which provides
at any time a lower bound on the optimal feasible value κ∗ := κ̂(ĉ(l∗fin)). This
interpretation is expressed by the function κLB : N→ R where

κLB(i) := min
s∈SG ,l∈Lt,s

{
κ̂(ĉ(l))

}
(4.13)

denotes the lower cost bound after i iterations (c.f. line 5). Then, Theorem 4.1
states that κLB is non-decreasing.

The second adaptation concerns that we terminate the search (line 8) as soon as
an accepting state is reached. This is possible because we are only interested in an
accepting path βfin which minimizes κ̂(ĉ(lfin)) instead of finding all Pareto-optimal
paths.

Lemma 4.5 (Early Termination). The first feasible solution lfin found by Algorithm
2 has minimal team cost κ̂(ĉ(lfin)).
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Proof. Consider iteration i ∈ N which terminates Algorithm 2 with team cost
κ̂(ĉ(lfin)) = κLB(i) and where κLB(i) is given by Equation (4.13). Resulting from
Theorem 4.1 it holds that κLB(j) ≥ κLB(i) for all following iterations j > i. Con-
sequently, κ̂(ĉ(lfin)) gives the minimal team cost value.

Correctness

As a third extension to the classical Matins’ algorithm, we consider constraints γβ
and update γβ for each action similar to updating the costs cβ . Also, we extend
the check for Pareto optimality l <P ` := (c(l),−γ(l)) <P (c(`),−γ(`)) in lines 13
and 14 by −γβ .

Lemma 4.6 (Resource Constraints). All action sequences βfin to lfin found by
Algorithm 2 respect the resource constraints γβ > 0. Additionally, any Pareto-
optimal action sequence βfin which respects γβ > 0 can be found.

Proof. Labels ` are only added if no constraints are violated, given by γnew > 0
(line 13). Consequently, all sequences β can only contain actions that do not violate
any constraints.

Furthermore, extension of the Pareto optimality check of labels by −γβ ensures
that no label l is considered to be dominated by another label ` in the case that
c(`) <P c(l), but with −γ(l) <P −γ(`). If c(`) = c(l) while still −γ(l) <P −γ(`), l
dominates ` because γ(`) > 0 only if γ(l) > 0.

While this guarantees that all resource constraints are satisfied, it finally needs
to be shown that also the mission specification φ itself is fulfilled by Algorithm 2.

Theorem 4.2 (Correctness). Given mission specification φ for which the team
model G is constructed and the non-empty action sequence βfin found by Algorithm
2. Then, βfin fulfills φ.

Proof. First, recall Lemma 3.4 stating that if there exists a β in G which leads to
an accepting state s ∈ FG , then β fulfills φ. Since Algorithm 2 only terminates
with a non-empty result upon reaching an accepting state s ∈ FG (line 8), the proof
follows immediately.

Termination

In order to investigate which assumptions are required to ensure that Algorithm
2 terminates, first assume that an optimal solution β∗fin with cost κ∗ exists, i.e.,
Problem 4.1 is solvable. It remains to show that there exists an i∗ such that
κLB(i∗) = κ∗.

Lemma 4.7 (Zero-Cost Cycles). Assume there exists a β∗fin with cost κ∗. Then,
κLB(i) < κ∗ for all i only if the planning model G contains cycles with zero cost.
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Proof. Assume that β∗fin is not found, i.e., there exists an i such that κLB(j) ≤
κLB(i) < κ∗ for all j > i. Since κLB is non-decreasing by Theorem 4.1, equality
κLB(j) = κLB(i) needs to hold. This means, after i iterations, all actions must have
zero costs. Since j ∈ N is not bounded above, a cycle formed by actions which all
have zero costs needs to exist.

Note that the existence of zero-cost cycles is only a necessary, but not a sufficient
condition for non-termination. In fact, if a zero-cost cycle is only reachable with a
cost κ̂ > κ∗, Algorithm 2 will not reach this cycle before termination. Furthermore,
as given in line 13 of Algorithm 2, a zero-cost cycle is only considered by the
planner if it increases resources such that the label after traversing the cycle is
non-dominated.

Usually, it is not known in advance if a solution β∗fin exists. Considering now
the case that no solution exists for Problem 4.1, we get from line 4 in Algorithm
2 that the set of temporary labels Lt as defined above needs to become empty in
order to terminate the algorithm.

Lemma 4.8 (Bounded Resources). Assume there exists an upper bound γmax ∈
RM≥0 on the resources γ such that γi ∈ [0, γmax,i] for all resources i ∈ {1, . . . ,M}.
Then, the set of feasible labels LG ⊂ LG is finite.

Proof. First, recall that LG is defined as LG =
⋃
s∈SG LG,s where the set of states SG

is finite. As shown above in Equation (4.6), given by the finite set of actions AG and
consequently, the finite amount of possible resource modifiers Γ, there is a minimal
resource difference γ∆,i for each resource dimension i ∈ {1, . . . ,M} with which a
state can be reached. Consequently, given an upper bound γmax on resources, the

cardinality of LG is bounded by |LG | ≤ |SG |
M∏
i=1

γmax,i

γ∆,i
and thus, LG is finite.

Bounding the resources is only required in the case that no solution exists since
otherwise, the solution will eventually be found. However, requiring such an upper
bound, which is usually not a problem in practice, also has implications in the case
that a solution exists. As discussed before, a zero-cost cycle is only considered by
the planner if it improves resources. Now, given by Lemma 4.8, resources can only
be improved a finite amount of times. Thus, κLB(i) will always converge to κ∗ if
the resources are bounded and κ∗, denoting the lowest cost of any feasible solution,
exists.

The above results are summarized in the following proposition.

Proposition 4.1. Algorithm 2 solves Problem 4.1 in the sense that it provides the
optimal solution β∗fin if one exists and terminates with an empty result otherwise
under the assumption that
(1) all action costs are non-negative: C(a) > 0,∀a ∈ AG,
(2) there exists an upper bound γmax ∈ RM≥0 on resources such that γi ∈ [0, γmax,i],∀i ∈
{1, . . . ,M}.
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4.4.3 Planning Complexity
As shown in the proof of Lemma 4.8, an upper bound on cardinality of the label
space LG is given by

|LG | ≤ |SG |
M∏
i=1

γmax,i
γ∆,i

(4.14)

with |SG | =
N∑
r=1
|S(r)
P | = |Q|

N∑
r=1
|S(r)
A | where N is the number of agents, Q the state

space of the NFA and S(r)
A the state space of the respective agent model of agent r,

see Equation (3.2). This is only an upper bound on |LG | since not all theoretically
possible labels are necessarily reachable depending on the available actions.

The amount of actions in the team model G including the artificial switch tran-
sitions is given by

|AG | = |ζ|+
N∑
r=1
|A(r)
P | (4.15)

with |ζ| = (N − 1) · |D| since for each state in the decomposition set D, one switch
transition to the initial state of the next agent is constructed. The set of actions
A

(r)
P of each agent r is bounded by |A(r)

P | ≤ |Q|2 · |A
(r)
A |. The factor |Q|2 results

from the fact that each action in the mission-independent agent model A can, in
theory, connect any two states of the mission NFA. However, since usually several
of the transitions conditions δ(qs, qt) are constantly false or not allowed given the
labels λ(ss) with a = (ss, st), this is only an upper bound. Note that, in the case of
a deterministic automaton, the above bound in fact reduces to |A(r)

P | ≤ |Q| · |A
(r)
A |

because then, one action cannot lead to multiple different states q ∈ Q.
As discussed in the introduction of this chapter, the multi-agent planning prob-

lem is often separated into an allocation problem and a number of planning problems
corresponding to the available allocation choices. The inefficiency of this separa-
tion is that an exponential number of such planning problems need to be solved. In
particular, a bound on the cardinality of the label space of all planning problems
is given by

|Lcomb| ≤
N∑
r=1

Nalloc∑
j=1

(
|Qj | · |S(r)

A |
M∏
i=1

γmax,i
γ∆,i

)
(4.16)

with Nalloc denoting the number of possible mission allocations where the NFAs of
the respective tasks j can have different state spaces Qj. Note that the power set
of the set of tasks needs to be constructed since every task combination needs to
be planned.

While one could argue that solving a number of smaller problems is often com-
putationally preferable to solving one big problem, this is not the case here in
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Figure 4.2: Topological map of the environment to represent navigation actions,
while nodes are labeled with atomic propositions.

practice. On the one hand, it is rather computationally efficient to re-use interme-
diate results as possible here, and on the other hand, not all theoretically possible
combinations of assignments actually need to be planned in practice. These effects
are more closely investigated in the experiments in Chapter 5.

4.5 Case Study

This case study is inspired by a multi-robot system with three robots in a hotel
setting. A topological map of the considered environment is given by Figure 4.2.
The robots start at the indicated positions in their default state, each with an agent
model formed as the product of both their location and their location-independent
state as given by Figure 4.3. A description of the used propositions is given in
Table 4.1.

First, we consider a scenario where the robots need to deliver drinks to four of
the hotel rooms. These drinks can be picked up at room service locations denoted
by s as specified by the transition condition of “pick-up” in Figure 4.3. In addition,

c

carrying

x

default

w

soiled

“pick-up” {s}

“deliver” {h} “clean” {h}

“dispose” {s}

Figure 4.3: Location-independent states of a robot. Each action, modeled as a
transition, has propositional conditions, for example “pick-up” is only possible at
room service locations (proposition s = {s1, s2}).
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Proposition Description
hi Hotel room 1-6
si Room service location 1-2
mi Maintenance location 1-2
p Public area
l, o, b Special purpose rooms, not considered here
x Robot is in default state
c Robot is carrying an object, e.g., a drink
w Robot is carrying waste after cleaning a room

Table 4.1: Description of the propositions used in the hotel case study.

robots should avoid public areas p while carrying a drink.
Scenario 4.1 (Deliver Drinks). “Deliver drinks to hotel rooms 1-4. While

carrying a drink, avoid any public area.”

φdeliver =

 ∧
i∈{1,2,3,4}

♦(hi ∧ c ∧©¬c)

 ∧�(c =⇒ ¬p)

Initial configuration:

S4.1a – All robots available at indicated locations, no resources considered.

Resulting from the constraint, robot R3 cannot pick up a drink at s2, but needs
to go to s1. As a consequence, R3 only serves h3, which is close to s1. The complete
result is shown in Figure 4.4 (left) and has the cost vector cβ = (29, 26, 28)T .

As a variation of S4.1, we assume S4.2 with additional resource constraints as
follows. Each robot has a battery level and can repeatedly recharge 5% battery
at maintenance locations m1,m2 if not carrying a drink. Any action other than
charging decreases the battery level by a certain amount and, for simplicity, we
assume here that this amount is proportional to the action costs. Furthermore,
the public area constraint is removed and instead, the amounts of drinks at s1 is

Resource Description
γbattery ∈ [0, 100] Battery level of the robot (in percent)
γdrinks ∈ [0, 2] Drinks available at location s1

Table 4.2: Description of the resources considered in the hotel case study.
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Figure 4.4: Localization recordings of a simulation run, left Scenario S4.1a and right
Scenario S4.2a.

limited to only two drinks by introducing an additional global resource constraint.
An summary of the resource constraints is given in Table 4.2.

Scenario 4.2 (Limited Resources). “Deliver drinks to hotel rooms 1-4. Never
run out of battery and consider the limited amount of drinks at s1.”

φlimited =

 ∧
i∈{1,2,3,4}

♦(hi ∧ c ∧©¬c)

 ∧�(γbattery > 0)

∧� ((s1 ∧ ¬c ∧©c) =⇒ (γdrinks > 0))

Initial configuration:

S4.2a – All robots available. R1 has 65% battery, R2 has 58%, and R3 has
53%. Drinks at s1 are limited to two.

S4.2b – Like S4.2a, but no limitation of drinks considered.

S4.2c – Like S4.2a, but no battery level considered.

S4.2d – Like S4.2a, but no resources considered.

The initial conditions described in Scenario S5a are reflected by the initial re-
source vector γ0 = (65, 58, 53, 2)T . The result of S5a is as well depicted in Figure
4.4 (right) with costs cβ = (42, 40, 28)T and final resources γβ = (5, 4, 2, 0)T . All
three robots need to charge during the mission1.

Table 4.3 lists experimental results regarding planning performance for the two
missions and additional variations of M2 to illustrate the effect of resource con-
straints on planning performance. Label updates is the number iterations of the
while-loop in Algorithm 2. The increased planning time for M2 results from the
additional Pareto optimal labels, caused by resource consumptions and recharging
actions. Especially recharging, inversely proportional to costs, appears to signifi-
cantly impact planning time since many more Pareto optimal choices need to be
explored.

1A video of the simulated Scenario S4.2a is available at https://youtu.be/Boor9kW44ko

https://youtu.be/Boor9kW44ko


73 4.5. Case Study

tplan (sec) label updates
S4.1a 0.378 2,474
S4.2a 3.804 19,248
S4.2b 2.358 12,409
S4.2c 0.428 2,999
S4.2d 0.265 1,825

Table 4.3: Planning time in seconds and number of label updates for the two
Scenarios S4.1 and S4.2, as well as for variations of Scenario S4.2b−d.

Besides the considered resources, also the complexity of the mission influences
planning time. Primarily, this results from constructing F from M, which has
a worst-case complexity exponential in the length of the formula Baier and Ka-
toen [2008]. This is inherent from the expressiveness of LTL, e.g., consider that
a traveling salesman problem can be formulated in LTL. Resulting from the early
termination of Algorithm 2 in line 8, planning time is reduced if a solution can
be found early. This explains for example the significant planning time difference
between S4.2a and S4.2b. Although the constrained amount of drinks only adds a
small set of additional Pareto optimal labels, a solution is found much later in the
planning process.

Figure 4.5 depicts the planning time for S4.1a with different team sizes. Ten
robots need roughly 1 second planning time and one hundred robots around 40
seconds. This scalability mainly results from the model representation as presented
in Section 3.4 and the planning adaptations discussed in Section 4.4.2. Variations in
the planning time for the same team size mainly result from the different, randomly
chosen initial positions. A more detailed analysis of the effect of different initial
conditions, especially regarding resources, on the variability of the planning time is
deferred to Chapter 5.
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Figure 4.5: Average planning time for Scenario S4.1a with respect to the team size
and random initial positions. In total, more than 1,000 runs have been recorded.
Error bars indicate minimal and maximal values.





CHAPTER 5

Experiments

Scalability of multi robot planning algorithms, in particular with complex goals
like LTL specifications, is often a limiting factor for using literature approaches on
real world problems. Still, most research typically focuses on toy examples. While
such examples are useful for explaining the methods and following the results,
the performance cannot easily be generalized to more realistic problems. In fact,
theoretical methods often fail due to computational limitations when applied to
problems of practically relevant scale or due to assumptions which cannot easily be
ensured in practice.

To show that the presented approach scales well and is applicable to realistic
use cases, the experiments presented in this chapter are based on a real-world
setting. This complements the case studies provided in the previous chapters by a
meaningful evaluation regarding the performance of a system implementation based
on the proposed theoretical methods.

For this purpose, an existing Bosch office environment forms the basis for the
following experiments. The scenarios described in this chapter are exemplary for
typical missions which an operating robot system will likely face in such an indoor
office environment. Also, note that the individual scenarios are not modeled in-
dependently of each other. Instead, a single system is defined, viable to serve all
the different scenarios. Although this impacts planning performance of the individ-
ual scenarios, it highlights the fact that a real system which can dynamically plan
actions for the controlled agents will not only serve a very specific type of mission.

Implementation of the system and the planning framework is done based on
the Robot Operating System (ROS), the de-facto standard in robot programming.
The interfaces are designed to enable re-use of existing ROS components in order to
implement the individual capabilities of the robots and then automatically compose
these capabilities based on the provided planning results.

75
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5.1 Software Framework

There exist general purpose model checkers such as SPIN 1 Holzmann [2003], PRISM 2

Kwiatkowska et al. [2011], and Slugs3 in order to verify if a system fulfills a given
specification. If this cannot be verified, a counter-example is usually provided.
This can be utilized by inverting the mission specification φ and consequently find
a counter-example to ¬φ. This counter-example is then in fact one solution to
satisfy the original specification φ.

Several frameworks as well exist for planning the behavior of robotic systems
when given LTL specifications. LTLMoP4 is a synthesis framework based on the
GR(1) fragment of LTL. By, for example, using the tool ReSpeC 5, a set of reactive
LTL formulas can be constructed to specify the desired behavior of the system.
The application of this framework is for example presented in Maniatopoulos et al.
[2016]. TuLiP6 is particularly useful for the correct-by-construction synthesis of
hybrid controllers, as well based on the GR(1) fragment.

LOMAP7 plans action sequences for robot teams modeled as transition systems
by forming a product between the individual robot models. Given a general LTL
specification, the team behavior is planned based on the formalism of trace-closed
languages, see for example Ulusoy et al. [2013]. P_MAS_TG8 as well assumes
a team of robots modeled as transition systems and implements methods to plan
their respective behaviors on locally assigned LTL specifications, see for example
Guo and Dimarogonas [2015].

Independent of LTL, additional software frameworks exist to plan the behavior
of robot systems. Most notably, ROSPlan9 Cashmore et al. [2015] integrates action
planning based on PDDL into ROS. Assuming given tasks, the STRANDS sched-
uler10 Mudrova and Hawes [2015] provides an efficient single-robot task scheduling
framework.

However, to the best of our knowledge, no software framework exists to plan
the optimal behavior of multi-robot systems from formal specifications including
temporal logics and accounting for continuous resource constraints, all while scaling
to larger teams of robots and providing an integration into ROS to utilize existing
robot capabilities.

In the following, we present such a software framework developed in the course
of this thesis for application of the theoretical results to real-world robotic systems.

1See http://spinroot.com
2See http://www.prismmodelchecker.org
3See https://github.com/VerifiableRobotics/slugs
4See http://ltlmop.github.io
5See https://github.com/VerifiableRobotics/ReSpeC
6See http://tulip-control.sourceforge.net
7See http://sites.bu.edu/hyness/lomap
8See https://github.com/MengGuo/P_MAS_TG
9See http://kcl-planning.github.io/ROSPlan

10See http://strands.readthedocs.io/en/latest/strands_executive/scheduler.html

http://spinroot.com
http://www.prismmodelchecker.org
https://github.com/VerifiableRobotics/slugs
http://ltlmop.github.io
https://github.com/VerifiableRobotics/ReSpeC
http://tulip-control.sourceforge.net
http://sites.bu.edu/hyness/lomap
https://github.com/MengGuo/P_MAS_TG
http://kcl-planning.github.io/ROSPlan
http://strands.readthedocs.io/en/latest/strands_executive/scheduler.html
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5.1.1 Model Specification
In the following, we explain a ROS implementation of our presented STAP ap-
proach. The framework accepts a mission specification as LTL formula and auto-
mates all required steps to fulfill the given specification. This includes not only mis-
sion decomposition, model construction, and action planning, but also autonomous
execution of the generated actions by all involved robots.

Before being able to accept an LTL formula, the software framework requires a
definition of the system for which should be planned. We assume that the required
model definitions are given as text files in the YAML11 format and are manually
defined, for example by using available tools such as a map editor. Although it
would be possible to incorporate automatically generated models, this is out of the
scope of this paper. The following models are required for a specific system.

• Topological map – Associates regions and points of interest (together re-
ferred to as nodes) with location information and discretizes the environment.
Each node is labeled with a set of propositions which hold true there. For
example, desks are labeled to identify to whom they belong.

• Robot models – Similar to the topological map, a transition system models
the robot’s capabilities such that transitions from a state describe possible
actions. For example, a bin can be picked up in the default state of the robot
and results in changing the robot state to carrying.

• Resource definitions – Defines which resource variables γ0 are available,
for example robot-specific resources such as their battery level or robot-
independent resources such as paper supplies in the printer room or coffee
in the kitchen. In addition, technical properties such as a dependency on
action costs can be specified. For example, it can be defined that the battery
level decreases depending on the costs of an action.

Both the topological map, which can be different for each robot, and one of the
robot models form the agent model A of the respective robot as given in Definition
2.4. A is given by the product of the two transition systems with the additional
constraints that each action can specify conditions for being applicable. For ex-
ample, a charging action can be restricted to locations labeled as charging station.
Action costs as presented in Section 4.2 and resource modifications as introduced
in Section 4.3 are as well annotated to actions in these models.

Usually, a time-consuming and error-prone task when setting up a new environ-
ment is the creation of the topological map. For this reason, we provide an editor
based on RViz and RQT for creating and modifying topological maps as shown in
Figure 5.1. The resulting map can then directly be used by the planning framework.
Different kinds of nodes with individual properties can be defined as building blocks
for a map and edges between the nodes can refer to different navigation behaviors.

11The definition for the YAML format can be found at http://www.yaml.org/start.html

http://www.yaml.org/start.html
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Figure 5.1: Editor for creating topological maps which can be used in the imple-
mented planning framework.

5.1.2 Planning System
The planning system runs on a central synthesis server which accepts new mission
requests from a user interface, for example by subscribing to a ROS topic on which
given LTL formulas are sent. As described in the following in detail, the robots
connect to this central server and receive their instructions from there.

Robots register themselves at the central synthesis server when available for
executing missions and provide their agent model based on the above mentioned
YAML files. When the synthesis server receives a new mission specification given
as a string containing the LTL formula, it plans for the currently available team
and distributes the resulting action sequences to all involved robots. We imple-
mented the ROS system as a multi-master setup where each robot runs on its own
ROS network and only communicates with the synthesis server to notify it about
availability and to receive its generated action plan.

For translating the given LTL formula into an automaton, we use the tool Spot12
Duret-Lutz et al. [2016]. To integrate it with the planning framework, we added a
ROS action interface which accepts an LTL formula string as input and returns a
description of the automaton in the standard HOA13 format. Consequently, also
other LTL to NFA translators can be used if they offer such an interface.

The planner itself is written in Python by following the previously presented
Algorithm 2. While the manually provided models E and R are constructed from
the provided YAML files and the NFA F as described by the HOA file, the derived
models are not constructed explicitly. Instead, we use iterators according to the
model definitions to dynamically query the required parts of the models, such as
the neighbors of a specific state. While this has a slightly negative effect on the

12Spot is a library for LTL and model checking, see http://spot.lrde.epita.fr
13The definition for the HOA format can be found at http://adl.github.io/hoaf

http://spot.lrde.epita.fr
http://adl.github.io/hoaf


79 5.1. Software Framework

Figure 5.2: Behavior used for executing the synthesized actions, shown in the
statemachine editor of FlexBE.

required planning time compared to constructing the derived models explicitly in
advance, it allows the system to handle much larger models.

5.1.3 Execution and Simulation

In order to execute the action sequence found by the planner, we use the behavior
framework FlexBE14 Schillinger et al. [2016b]. FlexBE’s graphical editor can be
used to define the specific robot capabilities, such as navigation to a waypoint or
picking up a bin. These capabilities, including their parameterizations, are then
annotated to transitions in the topological map and the robot model in order to
provide the implementation for these abstract actions. Since also the FlexBE editor
itself provides an interface for behavior synthesis, we provide an offline synthesis
option to integrate with the editor and automate development of more complex
behaviors, which can in turn be manually adjusted and used itself as capabilities.
Similar to the LTL translator, also the behavior executive can be exchanged if
desired.

Using a dedicated behavior framework such as FlexBE for execution provides
an additional layer of abstraction. This is especially useful to integrate a variety
of robot capabilities and re-use parts of them. Annotating these capabilities to the
model specifications according to the FlexBE synthesis interface15, not only allows
an automated composition of the individual actions, but also provides the planning

14FlexBE is a user-friendly behavior engine for ROS, see http://flexbe.github.io
15See http://wiki.ros.org/flexbe/Tutorials/Behavior%20Synthesis%20Interface

http://flexbe.github.io
http://wiki.ros.org/flexbe/Tutorials/Behavior%20Synthesis%20Interface
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Figure 5.3: Demonstration of the Gazebo simulation with five robots showing the
visualization by RViz (left) and the Gazebo client (right).

framework with a way to automatically parametrize the actions in a well-defined
way, for example depending on the overall plan.

To integrate multiple individual robotic systems and distribute their respective
generated behaviors, a ROS multi-master system is set up where each robot forms
its own ROS network. Then, a multi-master framework like Rocon16 is employed to
connect the robots to a central server whenever they are available for consideration
in the next mission. The central server is a ROS network itself and accepts LTL
mission specifications.

A simulation of the system has been implemented based on the simulators
Stage17 and Gazebo18 available for ROS. Stage is a simplified 2D simulator use-
ful for high-level planning in multi-robot systems. Gazebo, see Figure 5.3 for an
example, is a full 3D physics simulator useful for simulating more complex robot
systems with a wider range of capabilities such as grasping. Using these simulation
frameworks allows to simulate multi-robot systems in well-defined and reproducible
scenarios.

5.1.4 Robot Platform

In addition to simulation experiments, the developed software framework supports
execution on existing robot platforms for real-world experiments. The Intelligent
Transport Assistant (ITA) has been used for the experiments and case studies pre-
sented in this thesis. ITA is a research prototype built and used by Bosch. Purpose
of this platform is the development and evaluation of methods regarding robust
navigation in dynamic human environments, indoor transportation, multi-robot
coordination, human-robot interaction, learning of the environment, and formal be-

16See http://wiki.ros.org/rocon
17See http://rtv.github.io/Stage
18See http://www.gazebosim.org

http://wiki.ros.org/rocon
http://rtv.github.io/Stage
http://www.gazebosim.org
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Figure 5.4: External sensors and displays of the ITA platform. The top cap is
exchangeable to mount additional sensors or other experimental hardware.

havior synthesis. This usage includes field tests and user studies. Multiple robots
of this platform are available at the Bosch Research Campus.

An overview of the hardware details of the platform is given in Figure 5.4. The
removable back cover allows to easily access the inner electronic of the robot in
the case that temporary modifications are required. Similarly, the top cap can
be removed and allows to mount additional hardware, such as specific sensors or
actuators, on top of the robot if required.

The available sensors provide the robot with useful data about its environment,
most suitable for navigation in dynamic environments and for learning. In addition,
the robot provides interfaces for human-robot interaction. A touch display is used
to communicate important information to a human and can in turn receive spe-
cific instructions and feedback. A 360 degree lightring comprising 30 individually
controllable RGB LEDs additionally allows the robot to communicate its status to
surrounding people, based on the insights of conducted user studies. The ITA robots
can be charged by using a charging station and are able to do so autonomously.
Consequently, an autonomous long-term use of the system is possible.

The robot provides two onboard computers where one usually runs the local-
ization and navigation components and the other one is used for sophisticated
processing of sensor data, especially image and pointcloud data provided by the
RGB-D camera, and for high-level decision making algorithms. Communication
between the onboard computers is primarily realized as a local ROS network and
each robot provides a wifi network to connect additional computers. Alternatively,
the robots can connect to an infrastructure wifi and run a ROS multi-master setup,
best suitable for multi-robot applications and remote access.
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Figure 5.5: Topological map of the environment to represent navigation actions,
while nodes are labeled with atomic propositions. Six robots R1,...,R6 are available
in the marked locations. The background shows the map of an existing Bosch office
environment, recorded with a usual SLAM procedure. Annotations refer to the
case study scenario.

5.2 System Description

In order to illustrate the application of our proposed planning framework, we define
an environment based on an existing Bosch office. The topological map of the
office environment is depicted in Figure 5.5 and is the same for all robots. Costs
are defined as the approximate travel times with the only exception that the costs
for edges drawn bold are lower by a certain factor, i.e., navigation in the corridor
is preferred. The basis for this map is an office floor accommodating around one
hundred employees and including several meeting rooms. Two of the meeting rooms,
located at the top right and top left of the map, have been declared as storage rooms
including charging stations for the robots.

Points of interest in the map are labeled with atomic propositions according
to Table 5.1. The desk spaces d1, . . . , d14 are defined to allow navigation close to
particular desks, although it has been shown sufficient to not necessarily identify
every single desk individually for practical applications. Located near the center of
the map are a kitchen and a printer room, which will be used more extensively in
some of the evaluation scenarios.

Figure 5.6 illustrates the robot capabilities as defined in the robot model. For
simplicity, we assume for now that all robots have the same model, although this
is not required. Central to this model is the default state of the robot which allows
to switch to different operation modes such as visitor guidance or floor cleaning. If
docked in a charging station, an action to charge the battery of the robot becomes
available.

Of particular interest for the case study is the lower part of Figure 5.6, illus-
trating the capability of the robot to carry and empty paper bins. Specifically, the
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Proposition Description
desk Location where the bin should be collected.
service Location where garbage can be disposed.
storage Location where empty bins might be stored.
public Location with public access.
d1, . . . , d14 Desk areas 1 to 14.
m1, . . . ,m6 Meeting rooms 1 to 6.
c Locations of charging stations.
sk Storage for kitchen supplies.
sp Storage for office/printer supplies.
k Coffee kitchen.
p Printer room.
g Garbage room, g := service ∧ storage.
e Elevators.

Table 5.1: Overview of propositions used in the topological map of the office sce-
narios.

robot cannot be in multiple states at the same time and consequently, by labeling
the states with their respective propositions as listed in Table 5.2, it is specified
that default and carrybin cannot be true at the same time.

While in the default state, the robot can pick up or deliver supplies like paper
or coffee. This does not change the operation mode under the assumption that
the robot can carry multiple supplies, but affects the robot-specific resource status.

gguiding c carrying

x

default

d
docked

a
camera

bf

carrybin

be

emptybinbd

disposingcharge

pick up paper
deliver paper

pick up coffee
deliver coffee

photo

Figure 5.6: Location-independent states of a robot. Self-transitions at states denote
actions which do not change the state of the robot. However, actions can still have
effects on resources (effects are not depicted here).
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Proposition Description
default Normal robot state, not carrying anything.
carrybin Robot carrying a full paper bin.
emptybin Robot equipped with an empty paper bin.
dispose Robot successfully disposed garbage.
guiding The robot guides a person.
carrying A document or anything similar is carried.
docked The robot is docked in a charging station.
camera The camera of the robot is turned on.

Table 5.2: Overview of propositions used in the robot model of the office scenarios.

For example, picking up a paper pack increases the number of packs carried by the
robot by one and is only possible below a certain capacity. Similarly, delivering
this paper at the printer room decreases the resources of the robot, but at the same
time increases the paper supplies of the printer.

Finally, a summary of the resource definitions is given by Table 5.3. For each
of the resource dimensions, we prefer larger values in order to reflect the benefit
of spending the costs for, e.g., picking up an object. Furthermore, we specify
a proportional cost dependency of γbattery. In addition, battery consumption of
actions can also be defined individually as for any other resource.

5.3 Scenario Definitions

Based on the described environment, we define a set of goal specifications and initial
conditions as scenarios for the performed experiments. First, we consider the goal
to empty a paper bin. In particular, the specification requires the robot to be next
to the target desk while not carrying anything. Then, the robot should dispose
garbage in the bin and afterwards, put the empty bin away by again reaching its

Resource Description
γcoffee ∈ [0, 1] Amount of coffee carried.
γpaper ∈ [0, 2] Amount of paper packs carried.
γbattery ∈ [0, 100] Battery level (in percent).
γkitchen ∈ [0, 1] Amount of coffee in the kitchen.
γprinter ∈ [0, 3] Amount of paper packs at the printer.

Table 5.3: Resource variables used for planning. The first three rows are robot-
specific, the rest are global resources.
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default state. Also, an empty paper bin should be placed next to the target desk
during the mission. Note that this part is, for example, fulfilled by returning the
emptied bin back to the desk, but also a different bin could be provided. Finally, a
constraint is specified which requires the robot to always avoid public areas while
carrying a bin.

Scenario 5.1 (Empty Bin). “Empty a paper bin at the desk d5. Avoid the
public area while carrying a bin.”

φbin = ♦(d5 ∧ default
∧©((carrybin U dispose) ∧ ♦default))

∧ ♦(d5 ∧ emptybin ∧©(d5 ∧ default))
∧�(carrybin =⇒ ¬public)

Initial configuration:

S5.1a – All six robots available, no resources considered.
S5.1b – Only R5 is available, no resources considered.
S5.1c – Only R1 is available, no resources considered.

Note that we select d5 as the target desk in this scenario since, from looking at
the map in Figure 5.5, the shortest direct path between d5 and the garbage disposal
location g would go through the public area. Consequently, we expect the robots to
take a detour while carrying a full bin in order to satisfy the additional constraint.
In contrast, we would expect the robots to cross this public area when providing
the empty bin to d5 since then, it is on the shortest path and not restricted.

For a more detailed evaluation of the planning performance, specification ex-
pressiveness, and the flexibility in terms of scenario variations, we additionally use
the following mission specifications. These specifications are chosen to represent
missions which will typically be executed by a fleet of indoor service robots.

Scenario 5.2 (Supplies). “Refill supplies at the printer room and the kitchen,
ensure that sufficient battery is available.”

φsupplies = ♦(γprinter ≥ 2) ∧ ♦(γkitchen ≥ 1)
∧�(γbattery > 20)

Initial configuration:

S5.2a – All six robots available, each robot has full battery. Supplies are both
empty.

S5.2b – Like S5.2a, but R5 starts with reduced battery γ0,battery = 60.
S5.2c – Like S5.2b, but R2 also starts with reduced battery γ0,battery = 70.
S5.2d – Like S5.2c, but R4 also starts with reduced battery γ0,battery = 60.
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This scenario represents a common use case where the robots are required to
refill some supplies. The additional battery constraint ensures long-term usage and
forces the robots to charge if they run out of battery. For better illustration, we
assume that actions have a higher battery consumption than usual.

Scenario 5.3 (Printer). “Distribute printed copies of a document to the desks
d10, d7, d5, and avoid public areas while carrying the document. Make sure that
there is sufficient paper left at the printer.”

φprinter = ♦(p ∧ carry U (d10 ∧©¬carry))
∧ ♦(p ∧ carry U (d7 ∧©¬carry))
∧ ♦(p ∧ carry U (d5 ∧©¬carry))
∧�(carry =⇒ ¬public)
∧ ♦(γprinter > 0)

Initial configuration:

S5.3a – All six robots available, no paper left at the printer.

We assume that each robot can only serve one desk at a time, which is defined
by the requirement that the carry state needs to be left at each desk. This scenario
is primarily used for comparison between STAP and a classic allocation approach
for which the costs of task combinations need to be calculated first.

Scenario 5.4 (Video). “Take a photo in the meeting rooms m1, m4, and m6.
Furthermore, deliver a document from desk d5 to d3 and guide a person waiting at
desk d11 to meeting room m6. The camera has to be turned off for privacy reasons
while not in meeting rooms and the document is internal such that it should not be
delivered through any public areas.”

φvideo = ♦(m1 ∧ photo) ∧ ♦(m4 ∧ photo)
∧ ♦(m6 ∧ photo)
∧�(¬meeting =⇒ ¬camera)
∧ ♦(d5 ∧ carry U (d3 ∧©¬carry))
∧�(carry =⇒ ¬public)
∧ ♦(d11 ∧ guide U (m6 ∧©¬guide))

meeting := m1 ∨ . . . ∨m6

Initial configuration:

S5.4a – All six robots available, no resources considered.

S5.4b – Only R1 and R2 available, no resources considered.
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S5.1a S5.2a S5.4a S5.4b

explored labels 7519 30 835 47 233 36 530
label cardinality 3.2×104 5.6×107 3.7×105 1.2×105

non-dom. actions 8264 40 919 54 099 40 408
dominated actions 17 032 71 278 95 078 55 753
switch transitions 3872 24 192 27 651 2892
planning time (s) 2.7 16.5 194.7 113.1

Table 5.4: Overview of labels explored before finding the solution (required itera-
tions of Algorithm 2), worst-case cardinality of the label space (given by Equation
4.14), considered non-dominated actions (passing line 13 of Algorithm 2), consid-
ered dominated actions (not added due to line 13 of Algorithm 2), considered switch
transitions (both added and dominated), approximate planning time in seconds
(Intel® Xeon® E5-1620 v3, single-thread).

The last scenario consists of a composition of different tasks to represent a more
complex mission. For further illustration, we provide a video showing the execution
of configuration S5.4b of this scenario on the real system19.

5.4 Results

Figure 5.7 (top) shows the robot paths for executing the resulting plan for satisfying
the mission in scenario configuration S5.1a. The specification φbin is decomposed
by the STAP planner and allocated to two different robots. R5, which is close to
the desk d5, picks up the full bin while at the same time R2 already delivers a new
empty bin to the desk. In contrast, when only robot R5 is available as in Scenario
S5.1b, the robot needs to return the empty bin to the desk by itself as depicted in
Figure 5.7 (mid). As a third variation, we assume that only R1 is available as given
by Scenario S5.1c. In this case, R1 first delivers the empty bin before it picks up
the full bin and finally disposes the garbage as shown in Figure 5.7 (bottom).

Table 5.4 provides an overview of the complexity of the planning algorithm for
some of the scenario variations. For all of the considered scenarios, the amount of
explored labels is orders of magnitude less than the worst-case label space complex-
ity. Consequently, these problems can be solved in reasonable time. For example,
Scenario S5.2a only requires approximately 3.1× 104 iterations as opposed to around
5.6× 109 iterations when assuming γ∆,battery = 0.01. This can be explained by the
following two reasons. First, only a small subset of the theoretically possible labels
are actually feasible in the model by following the available actions and second, a
significant amount of actions is identified as dominated such that no suboptimal
labels are added.

19The video of S5.4b is available at https://youtu.be/0neaDCi7v9I

https://youtu.be/0neaDCi7v9I
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Figure 5.7: Localization recordings of simulating the variations of Scenario S5.1
with (top) all robots, (mid) only R5, (bottom) only R1 available. When all robots
are available, parts of the mission are allocated to R2 and R5.
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Figure 5.8: Distribution of the states having a certain amount of permanent labels
after planning. Scenario S5.2a has additional 769 states with more than 12 labels
and at most 68 labels per state, S5.3a has 253 states with more than 12 labels and
at most 29 labels per state.

Furthermore, note the qualitative difference of the scenario variations S5.4a and
S5.4b regarding the switch transitions. In S5.4b with only two robots available, most
of the planning time is spent on finding rather long action sequences to satisfy
combinations of the tasks. In contrast, when all six robots are available as in S5.4a,
more planning time is used on allocation of the single tasks. In fact, the longest
action sequences for individual robots considered during planning of S5.4a have less
than half of the cost compared to the result of S5.4b.

Figure 5.8 shows the distribution of the amount of states which have a certain
amount of permanent labels after termination of Algorithm 2. Most of the states
only have a few Pareto-optimal labels after planning, mainly resulting from different
task allocation options. For example, Scenario S5.4b does not consider resources,
but still has states with more than one label. In contrast, Scenario S5.2a has a
mission which is much simpler, but primarily requires to plan for resources. Taking
a closer look at the label distribution, it turns out that especially the states around
docking stations where the robots can charge their battery have the most labels.
This appears reasonable since charging has costs, but also improves the battery
resource, resulting in a more diverse Pareto front. Regardless of the scenario, a
significant fraction of states has zero labels, indicating that these states did not
need to be considered during planning.

For Scenario S5.2, we vary the initial configuration to investigate how the STAP
planner adjusts its solution. The resulting cost vectors are summarized in Table
5.5. First, in Scenario S5.2a, the mission is solved by R1 refilling the coffee and R4
and R5 each picking up a paper pack at the storage near room m2. Note that we
set the cost of both picking up paper and delivering it to 2.0 each. Consequently,
letting either R4 or R5 take both paper packs would result in a higher team cost.

As a first variation, we change the initial battery level of R5 to a value low
enough such that it is not sufficient to stay above 20% as required by the constraint.
Now, the solution found by the planner uses R2 instead to pick up the second paper
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S5.2a S5.2b S5.2c S5.2d

R1 49.4 49.4 49.4 49.4
R2 0.0 50.9 0.0 0.0
R3 0.0 0.0 0.0 0.0
R4 47.7 47.7 51.7 57.7
R5 48.9 0.0 0.0 58.9
R6 0.0 0.0 0.0 0.0

Table 5.5: Cost vectors of the optimal solutions for all variations of Scenario S5.2.
Zero cost for a robot indicates that this robot does not participate in executing the
mission.

pack at the storage near room m1, which is still cheaper than letting R4 carry the
paper alone. For S5.2c, we also reduce the initial battery of R2 below the level
sufficient for this mission and now, R4 is indeed assigned with picking up both
paper packs on its own. Finally, also the initial battery for R4 is reduced in S5.2d.
Since R3 and R6 are far away from any storage location, it is now cheaper to let
both R4 and R5 briefly charge their battery in order to complete the mission.

In order to compare simultaneous task allocation and planning (STAP) with
a classical approach of planning task costs first and then using a task assignment
algorithm (COMB), we compare both approaches for Scenarios S5.3 and S5.4. For a
better comparison, we only consider the planning part of COMB and assume that
the assignment problem afterwards is trivial given its small size. Table 5.6 provides
an overview of the required planner iterations where the number for planning all
combinations is given by the sum of the individual planning runs. Even under
the assumption that the robots can plan their task costs in parallel, the maximum
across the single robots is already significantly higher than STAP for the whole
team in both cases.

S5.3a S5.4a

STAP for team 61 776 47 233
COMB for R1 351 937 82 315
COMB for R2 273 181 82 232
COMB for R3 228 825 80 224
COMB for R4 164 516 67 838
COMB for R5 193 792 68 032
COMB for R6 139 309 73 186

Table 5.6: Explored labels (required iterations of Algorithm 2) for a comparison of
STAP with planning all task combinations explicitly for the individual robots.
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Figure 5.9: Average planning time (in seconds) for S5.1a (left) and S5.2a (right) with
different team sizes. For each planning run, the respective number of robots was
instantiated at random positions (uniformly distributed) in the default state and
with random battery values (uniformly distributed in the range [50,100]). Error
bars indicate the range within one standard deviation. Shown as dashed line is a
linear approximation.

Figure 5.9 shows the scalability of STAP to a larger team, up to one hundred
robots. As can be seen, planning time scales roughly linearly in practice with an
increase of approximately 0.58 seconds (Scenario S5.1a) or 3.69 seconds (Scenario
S5.2a) per additional robot. For Scenario S5.2a, variability of the required planning
time is relatively high, indicating a significant dependency of the planning time on
the initial conditions. For example, finding the optimal solution for 50 robots can
take longer than for 100 while still being within one standard deviation from the
average. A reason for this observation might be that S5.2a highly depends on the
battery level of the robots, including planning of which to charge, while S5.1a does
not consider resources.





CHAPTER 6

Conclusion

In this thesis, an approach has been proposed to efficiently plan action sequences
for multi-robot systems. The generated actions guarantee satisfaction of complex,
temporally extended formal mission specifications posed to the multi-robot team
as a whole. Furthermore, these actions are optimal in the sense that the maximum
robot cost is minimized. In addition, continuous resource constraints like battery
levels of the robots or external supplies are considered. The theoretical results have
been applied to real-scale problems in an existing office environment to demonstrate
suitability of the proposed methods.

To enable the multiple robots in the system to contribute to the mission in
parallel, the formal specification is automatically decomposed as a first step in the
behavior generation process. In particular, identification of decomposition choices
is performed on a semantical level of the mission specification. Tasks, to be un-
derstood as a subset of the overall mission, are identified such that they can be
executed independently of the remaining ones. This enables a distribution of the
mission among the available robots, which then are able to execute their assigned
tasks without any further coordination.

Optimizing the allocation of identified tasks classically involves two subprob-
lems. First, the costs of executing a particular combination of tasks by a particular
robot needs to be planned for all allocation choices. Second, allocation then needs
to be optimized based on the calculated assignment costs. However, especially the
first part is computationally expensive. A number of planning problems exponen-
tial in the number of identified tasks needs to be solved, where each of the planning
problems itself is computationally hard, resulting from the complex, temporally
extended goal specification.

Instead, the presented framework follows an approach of Simultaneous Task
Allocation and Planning (STAP), which is shown to outperform the conventional
combinatorial approach. This approach is enabled by augmenting the constructed
planning model of the multi-robot team with the identified decomposition choices
in the form of so-called switch transitions. These additional, virtual transitions in

93
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the planning model can be seen as transferring a specific task progress between the
robots. Consequently, allocation of the identified tasks can be optimized efficiently
and, resulting from the independence of identified tasks, an exponential state space
complexity of the planning model with respect to the number of robots can be
avoided.

Determining the optimal execution plan in such a multi-robot planning model
inherently poses a multi-objective optimization problem, where each of the robots
can be considered as one of the objective dimensions. However, considering the spe-
cific structure of the constructed planning model in fact enables to re-define these
objective dimensions to a number constant in the team size. This results in addi-
tional elimination of sub-optimal partial solutions and in consequence, effectively
improves the planning performance, especially for larger teams.

In addition to minimizing the objective function, also additional continuous
constraints need to be considered at this point. While a lower objective function is
clearly preferable, also a larger distance to the constraints is desirable. Ignoring this
aspect can otherwise lead to the elimination of feasible solutions. However, adding
the continuous constraints to the objective dimensions preserves completeness and
optimality of the planner.

To conclude this thesis, the results shown in both the theoretical contributions
and the presented experiments are discussed with respect to the initial motivation
and problem assumptions. Finally, future work is motivated to extend the results
of this thesis to a broader scope of problems.

6.1 Discussion

As initially motivated in Chapter 1, the automated synthesis of robot behaviors
from given specifications, including for example safety requirements, provides a
useful tool to not only guarantee satisfaction of these specifications, but also to
allow optimization of the chosen actions. Especially when coordinating a larger
team of robots, such guarantees are usually not easy to obtain in the general case
and would otherwise require a careful development process of the system. However,
this is not practically feasible when the system is required to execute missions on
demand, which cannot be programmed explicitly in advance.

The STAP framework presented in this thesis has shown to be useful for such a
usage in realistic scenarios. As shown in the experiments in Chapter 5, the planning
system scales to tens of robots with only an approximately linear increase of the
required planning time. This makes the proposed framework suitable for large-scale
applications like initially motivated.

For example, an indoor transportation system incorporating tens of autonomous
vehicles can be modeled. Then, complex transportations requests including safety
rules and conditional access restrictions can be specified as LTL formulas and given
to the system whenever required. Either for every single request or by bundling a
set of potentially unrelated transportation tasks, the STAP framework can iden-
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tify which parts of each specification can be distributed to the different, currently
available vehicles and optimizes the service time of the requests.

Similarly, consumer robots such as an intelligent vacuum cleaning robot and
other home automation systems can be modeled. Then, a user is able to specify
high-level goals, for example by using a natural language interface. Indeed, ap-
proaches exist to convert structured natural language or similar instructions into
LTL formulas, which have a close correspondence to naturally expressible specifica-
tions. Again, the STAP framework can then determine the optimal way to combine
available devices in order to satisfy the given specification.

6.2 Future Work

While the results presented in this thesis indicate that the proposed methods are
already useful in relevant scenarios, their application is still limited by the assump-
tions discussed in Section 1.2. In particular, future work is required to address the
following extensions.

One limitation of the approach is that its planning algorithm is centralized.
While the availability of a central server can often be assumed, even in these cases
a decentralized planning method can be useful to reduce planning complexity.

A further limitation by the framework is given by the fact that a mission can
only be decomposed into independently executable tasks. While this ensures cor-
rect execution without further coordination between the robots, it prevents mis-
sions consisting of only dependent tasks from being distributed among a team of
robots. Instead, an approach would be to automatically identify necessary points
of synchronization and distribute tasks to the robots conditioned on these synchro-
nizations with other robots during execution.

Another aspect is that action sequences are solely planned before execution and
in the expectation that all actions will result in the considered outcomes. Deviations
from the initially assumed system model are not yet addressed in the presented
framework.

In addition to solely reacting on unexpected events, it is indeed often possible
to model potential outcomes of actions, even if the exact outcome is not known in
advance. Consider for example a navigation action through a door. While it is not
known in advance if the door is open or closed, it can be assumed that either one
of the cases will be encountered during execution. A more expressive model would
allow to express such non-deterministic action outcomes.

Specifically, the probability of such observations can often be quantified in prac-
tice, resulting from long-term operation in a particular environment. Consequently,
learning an improved and more accurate model of the environment would be desir-
able for robotic systems applied in real-world systems.

Finally, for a practical system, it needs to be considered that robots might
fail during execution. This results in the need to replan a particular part of the
mission. Indeed, by a decomposition into independent tasks, execution plans of the
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other robots would not necessarily be affected by such a robot failure. However,
the missing robot might require a re-allocation of the tasks and might also require
some of the operative robots to additionally execute the remaining tasks of the
failed robot. This as well requires to determine task progress of the failed robot in
order to know which part of its assigned tasks still need to be completed and which
has already been done.
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