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Abstract

Linear Temporal Logic (LTL) is a formal behavioral specification language that offers a
mathematically unambiguous and succinct way to represent operating requirements for a
wide variety of systems, including autonomous and robotic systems. Traditional methods
in this domain rely on model-checking approaches to ensure that a devised policy adheres
to the provided specification. However, these methods are limited in the scope of problems
they can solve and often lack generalizability to novel specifications and environments.
Despite progress in synthesizing satisfying policies for LTL specifications under different
operating conditions, learning policies that reliably satisfy complex LTL specifications
in challenging environments remains an open problem. With the emergence of Machine
Learning (ML) approaches, researchers have explored the use of ML-based techniques with
LTL policy synthesis. Among the various approaches investigated, Reinforcement Learning
(RL) has garnered particular attention for this task.

While LTL specifications are evaluated over infinite-length trajectories, this work fo-
cuses on satisfying a class of specifications within a finite number of steps, as is to be
expected in most real-world applications involving robotic or autonomous systems where
the run-time of the robot is limited before it needs to recharge itself, e.g., a robot vacuum
which has to perform certain cleaning tasks before recharge. Therefore, in this work, an
RL-based technique is developed for the problem of generating trajectories of a system that
satisfy a given LTL specification in a system with finite (discrete) states and actions and
a priori unknown transition probabilities modeled as a Markov Decision Process (MDP).
The proposed approach builds upon the popular AlphaGo Zero Reinforcement Learning
(RL) framework, which has found great success in the two-player game of Go, to learn
policies that can satisfy an LTL; specification given a limit on the trajectory duration.

In this thesis, first the motivation and the necessary background on the problem are
provided, followed by a brief overview of existing methods. Then the problem statement is
introduced, the proposed methodology and its variants are presented, and extensive sim-
ulations of complex robot motion planning problems are conducted and their results are
explained. These simulations demonstrate how the approach achieves higher success rates
under time constraints compared to state-of-the-art methods. The thesis concludes with a
section discussing potential directions for future work and examining the results and their
implications for the work completed.

Key words: Reinforcement Learning (RL), Monte Carlo Tree Search (MCTS),
Linear Temporal Logic (LTL), Planning, Robotics
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Chapter 1

Introduction

This chapter provides an informal overview of the main problem this thesis aims to address.
In it Reinforcement Learning (RL) is proposed as a potential framework that could provide
a solution for the problem at hand. The conclusion highlights the main contributions of
this research and outlines a roadmap for the remainder of the thesis.

1.1 The Problem at a High Level

LTL [77] provides a concise and expressive language to formally express objectives, con-
straints, and temporal requirements in a broad range of applications, including autonomous
systems [54,57,111]. That is why it has become a popular choice for high-level task speci-

fication for agents for tasks such as planning, robot control, and navigation, especially in
recent years (see chapter 2 for more details).

Although the current work explores applications of LTL in the mentioned domains,
historically, its applicability has not been limited to them. LTL first gained popularity in
the field of formal verification of software [17,22,44,77], where it was used to specify and
verify properties of systems that evolve over time, such as ensuring that a particular state
is eventually reached or that certain conditions always hold throughout the execution of a
program. LTL has been used in a variety of other areas, providing a robust framework for
formal verification, control synthesis, and the specification of system behaviors in many
engineering and computer science disciplines [13,416,100] (see chapter 2 for more examples).

This thesis addresses the challenge of solveing task specifications using LTL within a
system where states and actions are finite and discrete (the case study systems in this
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work have been implemented as grid-world environments which have these characteris-
tics). The primary goal is to develop a method by which an agent can effectively generate
trajectories— sequences of visited states —such that the corresponding behavior satisfies
the specified LTL tasks. Later chapters present detailed discussions on the strategies and
methodologies employed to achieve this goal.

Example 1.1.1 Consider Fig. 1.1 inspired by the craft-worlds in [5]. The objective of the
robot is to collect wood and iron (in order) and take them to the factory to build a bridge.
This task can be formally written at a high level in LTLy: O(wood\Q(ironAQfactory)) or in
English: (eventually) gather wood, and then (eventually) gather iron and then (eventually)
wisit the factory.

The symbols used in the above example and the syntax of LTL are defined in detail in
section 3.2. The primary research problem in this thesis is that of finding a behavioral pol-
icy for the robot (autonomous agent) to navigate a discrete abstraction of an environment
and take actions such that it satisfies an objective specified using LTL.

nﬁg{ "R oy
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Y ¢
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Figure 1.1: An example for a task of gathering wood, iron, and taking it to a factory, in
the craft-world (see Sec. 5.1.2 for more details about the craft-world environment) and a
suggested trajectory that satisfies it. See Example 1.1.1 for more details on this example.




1.2 RL for LTL

The problem of synthesizing satisfactory policies for LTL specifications has a long history
[1]. As a formal language capable of expressing a wide range of system behaviors and re-
quirements, LTL has become increasingly relevant in the fields of robotics and autonomous
systems [54,57, 111]. Traditionally, model cheking approaches have dominated this domain
due to their ability to devise precise policies for given specifications [91,102,104]. However,
these methods often struggle with generalizability and scalability when facing stochastic
or complex environments [30, 103]. One of the objectives of the current work is to solve
such cases.

With the rise of advanced ML techniques, researchers have begun integrating these
methodologies into the policy synthesis process. RL in particular, has shown significant
promise in policy generation [12,13,15,16,62,100], largely due to its adaptability and robust
learning capabilities.

There is a growing body of work that applies Markov Decision Processes (MDPs) to
account for the uncertainty in both the agent and the environment when solving LTL
tasks [30,50, 58,59, 110]. MDPs provide a structured way to model decision-making in
uncertain environments, capturing the complexities of both the agent’s behavior and the
stochastic nature of the environment [28,37]. However, solving LTL can be challenging,
especially when transition probabilities are not known in advance and must be learned
through interaction with the environment.

RL methods are particularly well-suited for this task, as they excel in scenarios where
the MDP’s transition probabilities are unknown [96]. RL algorithms can effectively learn
these probabilities through sampling and experience [109], adapting the agent’s policy over
time to better satisfy the LTL specifications. This combination of MDPs and RL methods
offers a powerful approach to handle the complexities and uncertainties inherent in LTL
tasks, making it a promising area of exploration.

At the core of RL is the concept of the reward function, which is pivotal for guiding
the learning process toward desirable behaviors. The integration of LTL into RL presents
a promising approach to defining reward functions. Specifying LTL objectives as reward
functions offers distinct advantages and challenges. The primary advantage lies in the
precision of the reward specification. Typically, crafting a reward function that accurately
encapsulates the desired requirements is challenging [1,38]. Reward functions are often dif-
ficult to define because they must succinctly express complex objectives, and inadvertently
overlooking certain aspects of a problem can lead to undesirable behaviors. However, by
employing LTL as a means to defining rewards, it becomes possible to align the reward



mechanism closely with specific behavioral requirements [62]. This alignment ensures that,
as long as the LTL specification is correctly formulated, the resultant behaviors of the sys-
tem will closely match the intended outcomes.

Moreover, the use of LTL in RL leverages its strength in expressing temporal and logical
constraints, providing a structured and formal method to encapsulate long-term goals and
complex conditions [17]. This is particularly useful in environments where the sequence and
timing of actions are crucial, and where traditional reward functions might fail to capture
the nuances of such requirements [11]. However, this approach is not without its challenges.
One of the primary challenges in utilizing LTL for reward function specification in RL is the
precision required in writing LTL specifications [15]. Crafting accurate LTL formulations
demands meticulous attention to details, as the omission or misplacement of even a single
element can lead to specifications that fail to capture the intended objectives [3]. This
sensitivity makes it imperative that specifications are developed with careful analysis to
ensure that they truly reflect the desired system behaviors [70].

Another significant challenge when employing LTL-specified reward functions is the
issue of sparse rewards [0, 09, 75]. In the context of RL, sparse rewards indicate that
rewards are not distributed across all visited states within an episode but are awarded
only at the end [95]. This reward structure can severely hinder the learning process and
complicate the convergence of the learning algorithm. Because the agent receives feedback
infrequently, it struggles to recognize which actions are beneficial towards achieving the
long-term goal, thus prolonging the training phase and potentially leading to suboptimal
policy development.

Another challenge in this domain is the substantial increase in the number of samples
needed for accurate reward propagation and estimation of states, particularly over extended
horizons [10,67,76, 1 14]. However, the exploration will focus on how a sampling method
such as Monte Carlo Tree Search (MCTS) significantly enhances both the efficiency of
policy learning and the performance of the learned policy. [113]. When combined with
a guiding heuristic, such as a neural network, MCTS has proven capable of remarkable
performance in numerous tasks [11]. Drawing inspiration from how AlphaGo Zero [90]
employs the same technique, this thesis has crafted a solution for satisfying LTL objectives
in even stochastic environments.

These challenges underscore the need for careful integration of LTL within RL frame-
works, ensuring that LTL specifications are not only precise but also conducive to effective
learning and policy synthesis.



1.3 Linear Temporal Logic over Finite Traces (LTLy)

The semantics of LTL are built on the assumption that the system will generate an infinite
sequence of states. However, in practice, this assumption often does not hold true. For
physical systems like robots, resource limitations are a reality. That is why the current
work focuses on a fragment of LTL which accounts for a finite duration for traces by default.
By combining RL techniques with LTL; policy synthesis, this work aims to address the
challenge of developing robust policies capable of satisfying LTL specifications in finite-
duration trajectory settings.

Time, in particular, serves as a valuable proxy for other limited resources, such as energy
and equipment durability, and can be directly related to the battery life of a robot. This
makes it a practical choice for modeling constraints imposed on the system. By limiting
the maximum duration of a trajectory, the current work treats time as a limited resource
in the policy synthesis process.

Most work in this domain traditionally assumes infinite time when devising solutions.
However, as will be demonstrated in the results sections of this thesis, such methods ex-
hibit lower success rates when applied within finite trajectory lengths. This discrepancy
highlights the importance of integrating realistic constraints like time into the policy syn-
thesis process to ensure that the resulting policies are not only effective in theory but also
in actual operational environments.

Using LTL with infinite traces also introduces another issue. Evaluating a finite trace
becomes challenging because LTL evaluation inherently assumes infinite traces. Conse-
quently, in practical scenarios, it becomes difficult to calculate metrics such as success
rates, necessitating the development of alternative metrics, such as accumulated rewards,
to assess the performance of the solution. However, these alternative metrics do not di-
rectly convey how well the agent performs. Success rate, measured in percentage, provides
a clear and intuitive understanding of performance, making it a more expressive and useful
metric in the context of satisfying an LTL task.

1.4 AlphaGo Zero and LTL; Synthesis

AlphaGo Zero [90] is an artificial intelligence program developed by DeepMind, which
achieved significant acclaim by mastering the game of Go. Go is a two-player zero-sum
board game, notable for its complex strategic elements and vast number of possible posi-
tions. The game is played on a 19x19 grid where players alternately place black or white



pieces on the board with the objective of claiming the most territory and capturing the
opponent’s pieces. Go has historically been a challenging domain for AI due to the high
degree of human intuition and in-game search it required, which AlphaGo Zero managed
to navigate successfully through advanced ML techniques including deep neural networks
and Monte Carlo Tree Search.

The problem setup for Go and our research share several similarities, including both
being episodic and discrete, with outcomes known only at the completion of an episode.
This aligns the structural framework of Go with the challenges addressed in synthesizing
policies under LTL specifications. However, notable differences exist between the two
(explained in section 4.1.1). While AlphaGo Zero tackles a two-player competitive game,
our setup is oriented around a single-player scenario. Even when considering a multi-agent
setup, the interaction between the agents is not competitive like Go. This distinction
introduces numerous implications, which are discussed in detail in section 4.1.

Furthermore, the inherent nature of the tasks within these domains differs significantly.
In Go, players strategically place pieces on a board, aiming to surround more territory
than the opponent. In contrast, robot navigation involves moving one or more agents
across a static map to achieve specified goals. The contrasts between these setups and
their implications for policy synthesis and system behavior are covered in section 4.1.

Contributions

The primary contribution of this thesis is a novel Monte Carlo-based RL methodology
for generating trajectories that satisfy LTL; specifications for systems described as MDPs
within a designated number of timesteps where:

1. The method uses a generative model of the environment to produce MCTS samples
but does not directly use the MDP transition probabilities in its learning process.

2. The two-player AlphaGo Zero framework is adapted to that of a single agent tasked
with satisfying an LTL; specification.

3. The MCTS execution is modified to account for the unique challenges involved in
the task of satisfying LTL; specifications in an MDP.

4. Optionally, a reactive policy can be extracted from the learned MCT'S statistics which
allows for the execution of the policy with significantly less overhead.

Extensive simulations demonstrate that the proposed approach can successfully learn
robust policies for scenarios characterized by complex formulas, even in stochastic envi-
ronments where there is a high risk of specification violations. Crucially, this is achieved



without any prior knowledge of the transition probabilities of the MDP that defines the
environment dynamics. Most importantly where existing state-of-the-art methods fail even
in deterministic settings, the developed approach can generate trajectories that satisfy the
specification fully in the deterministic setting, and with a high probability (reported as
success rates as seen in section 5.2) in stochastic settings.

These contributions underscore the potential of integrating Monte Carlo methods with
RL techniques for enhancing policy synthesis for LTL specifications.

1.5 Outline of the Thesis

The outline of the thesis is structured as follows:

Chapter 2: This chapter reviews the previous work done in the domain of LTL policy
synthesis. It first looks at the origin use cases of LTL, then shifts to discuss traditional LTL
task satisfaction methods. After going over some famous methods, it focuses particularly on
works that integrate LTL and RL, providing a comprehensive overview of the current state
of research in this area. Having reviewed the work done in this domain along with their
shortcomings, the necessity of the current work is explained in the end and its groundwork
is described in the following chapter.

Chapter 3: This chapter introduces the necessary background knowledge required to un-
derstand the proposed approach. It details the fundamental concepts of LTL, RL, MCTS,
among others, and then presents the problem formulation. Once all the required compo-
nents are defined, the proposed method can be explained.

Chapter 4: The proposed method is discussed in detail in this chapter. Beginning with
the challenges of LTL; objective satisfaction and how they are dealt with. The rest of the
chapter explains the overall algorithm and the details of its components, elaborating on
how the Monte Carlo-based RL approach is applied to satisfy LTL; specifications.

Chapter 5: This chapter presents the results obtained from the extensive simulations of
three case studies with multiple environments in both deterministic and stochastic settings.
Simulations are conducted on various environment settings in terms of size and complexity
to test the performance and robustness of the proposed method.

Chapter 6: This chapter starts by reviewing two lines of work for the future that
could potentially extend the current work. Then the chapter discusses the implications of
the results, interpreting their significance and limitation in various scenarios, and finally
concludes the thesis.



Chapter 2

Literature Review

LTL [77] has been a cornerstone in formal specification languages since its inception, of-
fering a robust framework for defining system behavior over time [21,23, 30]. Researchers
have continuously explored methodologies to satisfy LTL specifications, reflecting the lan-
guage’s importance and versatility in various domains. This chapter aims to survey the
landscape of these methodologies, highlighting both historical approaches and contempo-
rary advances. The objective is to go over what has been accomplished and to identify
promising directions that sparked this thesis, and possible future research.

Initially, this review will explore the diverse applications of LTL, illustrating its utility
in specifying complex system behaviors across different domains. Following this, the discus-
sion will pivot to traditional approaches for LTL task satisfaction, outlining the standard
techniques and their limitations. As the chapter progresses, the integration of MCTS with
neural networks will be discussed. This combination has gained popularity in recent years
due to its effectiveness in handling complex decision-making tasks and large space states
that require balancing exploration and exploitation [112]. Finally, and most critically, this
chapter will delve into research that specifically employs RL for synthesizing policies that
satisfy LTL specifications. This segment will not only cover the technical methodologies
but also discuss the nuances and challenges encountered in this specialized intersection of
LTL and RL, and how the current work addresses them. By providing a comprehensive
overview of these areas, this chapter sets the foundation for understanding the current
state of research and the novel contributions of this thesis in leveraging RL and LTL for
effective policy synthesis.



2.1 Requirement Specification and Verification via LTL

In the year 1977, the foundational paper [77] introduced LTL for specifying and verify-
ing the correctness of programs, marking the beginning of LTL’s application in system
specification. As we move forward in time, [13] provides an extensive overview of using
LTL and other formal methods for the specification, verification, and analysis of real-time
systems, offering practical insights into handling timing constraints. Furthermore, [I1]
delves into the nuances of real-time systems, arguing that not all Temporal Logics are apt
for these systems due to their unique constraints and requirements. It introduces a set
of criteria designed to assess the suitability of various temporal logics for the specifica-
tion, validation, and verification of real-time systems. Other notable works in this domain
include [11,34,99].

The paper [18], investigates the application of propositional LTL as a specification lan-
guage for planning problems. They argue that LTL is well-suited for these purposes due
to its rich expressive power and its straightforward model of time and actions, which can
accurately capture the dynamics of planning scenarios. The paper demonstrates how dif-
ferent planning problems can be effectively encoded, showing LTL’s capability to represent
complex planning tasks in a structured and clear manner.

LTL is a popular formal method for system verification. Examples in this domain in-
clude air traffic control, autopilot, airplane separation, CPU design, automated warehous-
ing, automotive safety and many more. [31] is a survey that goes over a comprehensive list
of aerospace systems where L'TL is used to define the working conditions of the systems.

In the discussion of reactive systems, which include entities like operating systems, pro-
cess control programs, and seat reservation systems, [78] offers a comprehensive overview
of how temporal logic is applied to their specification and verification. These systems are
characterized by their ongoing operations—they are not designed to terminate but instead
continuously interact with and respond to their environment. Real-time systems are ex-
amples of reactive systems and [2,53, 71, 73] explore the use of formal methods and LTL
in particular for system’s safty verification. The primary goal of using temporal logic in
this context is to ensure that throughout their perpetual operation, these systems behave
correctly and maintain the desired interaction with their environment

2.2 Traditional LTL Task Satisfaction Methods

Traditional methods for satisfying Linear LTL tasks primarily involve formal verification
techniques that ensure a system’s behavior conforms to specifications.



Model checking [21] is a formal verification technique used to systematically check
whether a finite-state model of a system meets certain specifications or properties. It
involves a thorough exploration of all possible states of a system to verify whether these
states adhere to the given specifications [19]. LTL is often employed with model checking to
specify properties of systems, particularly those involving sequences of events that unfold
over time [22]. LTL allows for expressing complex temporal behaviors, such as safety
(something bad never happens), liveness (something good eventually happens), and fairness
conditions, in a formal and precise manner [91]. As mentioned above, [31] discusses many
aerospace systems where LTL specifications are analyzed via model checking.

An example work that utilizes an automata-based approach for solving LTL tasks
is [92] which discusses methods for translating LTL formulas into efficient Biichi automata.
Biichi automata are a type of automaton used for modeling systems that perform infinite
sequences of actions [16]. Biichi automata are widely used in formal verification to check

whether the behaviors of such systems satisfy specifications expressed in temporal logics
like LTL [85,87, 101].

Other works explore synthesis from LTL specification directly. As an example [(7]
presents an approach for synthesizing reactive systems directly from LTL specifications
using the Spot [29] framework, a library for LTL formulas manipulation and automata-
based operations. The authors demonstrate how to convert LTL formulas into deterministic
automata that can then be used to synthesize controllers or software that automatically
satisfies the given LTL specifications. Another similar example is [30].

Runtime verification is another technique used in the verification of systems, where
LTL can be used to define the desired requirements. [2, 9, 12] discuss the use of LTL
for runtime verification, presenting techniques for monitoring running systems to check
compliance with LTL specifications. They highlight the use of LTL as a specification
language in runtime verification frameworks and demonstrate how these can be effectively
applied to ensure system reliability in real-time.

The work [60], introduces the Temporal Logic of Actions (TLA), an extension of LTL
that is specifically tailored for specifying and reasoning about concurrent systems. While
TLA itself is a broader framework, the methodology it employs is deeply rooted in the
principles of theorem proving for temporal logic [$1]. The paper lays out a comprehensive
method for using TLA to specify system behaviors and subsequently prove properties about
these behaviors using theorem-proving techniques. Other works like [52] use algorithmic
approaches for verifying properties specified in LTL.
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2.3 MCTS and Neural Networks

The combination of Monte Carlo Tree Search (MCTS) with Neural Networks (NNs), often
abbreviated as MCTS+NN, has gained significant popularity in the field of Al, particularly
following the groundbreaking success of AlphaGo [89]. MCTS excels in exploring potential
future states, while neural networks provide accurate evaluations of those states, improving
the overall efficiency and effectiveness of the search process [33]. This integration not
only enhances the speed and accuracy of decision-making but also significantly boosts
the system’s ability to generalize across different scenarios, making MCTS+NN a highly
effective tool in advancing AT applications [72]. Here, a brief discussion will cover some of
the work that applies the same principle in solving similar problems.

Two-player games like Go: [31] and their subsequent work [32] managed to apply
the MCTS+NN strategy to the game of Hex, a two-player zero-sum game that involves
players placing colored pieces on a hexagonal grid to connect opposite board edges. This
approach led them to surpass the then state-of-the-art solutions. Similarly, [115] employed
MCTS+NN in the game of Dots and Boxes, where players draw lines to form boxes,
achieving superior performance. [20] also used this strategy for Othello, noting a slight im-
provement in performance against the previous best solutions. These examples underscore
the effectiveness of MCTS+NN in various two-player games, enhancing strategic depth
and decision-making prowess beyond conventional methods. However, it’s also valuable
to explore scenarios where the problem does not conform to a two-player game format,
highlighting the versatility and potential limitations of the MCTS+NN approach.

The Binpacking Problem: In their study, [01] applied the same MCTS+NN ap-
proach to the NP-hard problem of bin packing, specifically aiming to minimize the surface
area used in a single bin. This adaptation showcases the versatility of the MCTS+NN
combination beyond multiplayer scenarios, as they developed a near-optimal solution for
this complex single-player problem. The paper highlights that their method outperforms
several alternatives, including a solely neural network-based agent, a supervised learning
agent, and a traditional MCTS agent with Monte Carlo rollouts for state-value estimation.
Adapting MCTS+NN to such problems demonstrates the challenges and innovations re-
quired in tailoring these two components with modified algorithms, parameters and cost
functions to fit specific single-player contexts.

Neural Architecture Search (INAS): Authors of [108] introduce AlphaX, a neural
architecture search engine that leverages the MCTS+NN framework to optimize network
architectures for specific tasks. By exploring the design space through actions such as
adding layers and blocks, AlphaX efficiently identifies promising architectures based on
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model accuracy. Drawing on methodologies akin to AlphaGo Zero, the MCTS compo-
nent evaluates each architecture by training and assessing its performance on the desig-
nated task. AlphaX demonstrates a significant improvement in sample efficiency—being
three times more efficient than random search and 1.5 times more than e-greedy based
Q-learning. Additionally, its distributed search capability greatly accelerates the architec-
tural optimization process, showcasing the adaptability and effectiveness of MCTS+NN in
automating and enhancing neural network design.

2.4 LTL and Policy Synthesis via RL

Policy synthesis for systems with LTL specifications has been extensively explored in re-
search, especially in recent years. This section focuses on methods that utilize RL to
address LTL objectives. RL algorithms have demonstrated their efficacy in solving a broad
spectrum of complex problems across domains such as control, robotics, and gaming. In
these applications, the behavior of an agent is dictated by a policy, which is essentially a
mapping from states to actions. The primary goal in RL is to discover an optimal policy
that maximizes the expected cumulative reward.

Model-Free Q-Learning for LTL Specifications: In [12], the authors approach
the synthesis of control policies for LTL-specified problems using a model-free Q-learning
framework. The strategy involves constructing a product MDP by integrating the envi-
ronmental MDP with a Limit Deterministic Biichi Automata (LDBA) derived from the
LTL formula. Details of these constructs are elaborated in the preliminary chapter 3.
Through Q-learning, the optimal Q) action values are determined, focusing on maximizing
the likelihood of satisfying the LTL specifications over the long term. However, as noted
in section 5.2, this approach, while effective in many scenarios, does not always succeed in
finding policies that satisfy certain specifications, such as those in section 5.2.1, where the
proposed approach in this thesis provides a solution.

Game-Theoretic Approach in Model-Based RL: [13] frames the satisfaction of
LTL formulas as a two-player zero-sum game between the agent and a dynamic environ-
ment, contrasting with the static or probabilistic environments considered in this work.
The methodology employs minimax-Q learning, operating within a product game con-
struction. This construction includes the deterministic Rabin Automaton (DRA) of the
LTL formula combined with the environmental MDP. However, in this setting the envi-
ronment can dynamically react to the agent’s actions, which is not the case in the current
work where only a a non-reactive (but possibly probabilistic) environment is considered.
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Both [12] and [13] base their reward propagation on the Bellman equation, which can
result in slow reward distribution if the product system either lacks sufficient states offering
positive rewards or if such states are rarely reached, as seen for the sequential delivery case
study with multiple unsafe zones in Sec. 5.2.1. Additionally, similar to other studies in
this field, both papers assume an infinite time horizon for addressing their tasks, which
tends to yield lower success rates in finite scenarios as highlighted by the results in this
thesis. Such scenarios demonstrate the limitations of traditional approaches when adapted
to tasks with bounded durations, underscoring the contributions of the current work.

Reward Machines for LTL Tasks: Addressing the challenge of sparse rewards in
this domain, [15] introduced the concept of Reward Machines (RMs), which was further
developed in [16]. These RMs form the foundation of their proposed Q-learning for Reward
Machines (QRM) framework. RMs provide a structured way to map states and actions
to rewards, making it easier to handle complex specifications and collect rewards for each
step in an environment that would otherwise result in sparse rewards.

Despite their effectiveness in mitigating the sparse rewards problem, RMs come with
certain limitations that have not been addressed in these works. Primarily, the construction
of RMs is a manual process that requires expert knowledge to build appropriate machines
for specific LTL tasks. This necessity for expertise can be a barrier to scalability and
flexibility in diverse applications. The current thesis work addresses this limitation by
utilizing product systems that can be automatically constructed without requiring expert
knowledge, enhancing the applicability and accessibility of the approach. Moreover, the
QRM framework does not naturally generalize to stochastic environments for the same
problem it was originally designed to solve in a deterministic setting. This shortcoming
highlights the need for approaches that can adapt to varying degrees of environmental
uncertainty and dynamics without the need of hand-crafting new reward structures.

Additionally, the original frameworks proposed in [15] and [16] do not inherently take
time constraints into account, which can be a problem in real-world scenarios where deci-
sions must be made within finite time frames.

Generalization in LTL Policy Synthesis: The study conducted by [100] represents
a significant advancement in the field of LTL policy synthesis by leveraging the composi-
tional syntax and semantics of LTL to learn policies that can generalize to specifications
unseen during training. This is achieved through the innovative use of Graph Neural Net-
works (GNNs), which encode LTL formulas and facilitate the learning process across varied
and new (unseen) LTL tasks.

Their framework offers a robust approach to handle dynamically generated LTL speci-
fications, showcasing the potential of neural architectures in extending the applicability of
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policy synthesis methods. However, despite these advances, the study restricts itself to a
context-free fragment of LTL, which is notably less expressive than LTL; which is used in
this work (see section 3.2 for more details). This limitation is evident in their case studies
where complex tasks such as the office-world task discussed in Section 5.1 of this thesis,
cannot be adequately represented within their system’s capabilities.

Geometric LTL for Finite Time Steps: In addressing the complexities associated
with loop-requiring specifications (objectives which necessitate the system to repeatedly
visit the same set of states) within finite time steps, [(4] introduces a novel task-specification
language known as Geometric LTL. it integrates the concept of time windows, providing
a structured method to manage tasks that traditionally require looping behaviors to be
expressed within a finite sequence of actions. Geometric LTL is designed to simplify the
specification and verification of behaviors that must conclude within specific time frames,
making it well-suited for environments where traditional LTL might struggle to provide
clear guidance due to its infinite horizon assumptions. Despite its promising framework,
the application of Geometric LTL in the studies conducted by [(4] is limited to relatively
simple scenarios. The case studies presented in their research involve environments that
are significantly less complex than those considered in this thesis, both in terms of envi-
ronmental complexity (size, number of items, and levels of stochasticity) and the richness
of the LTL specifications used.

Truncated Linear Temporal Logic: The study by [62] introduces Truncated Linear
Temporal Logic (TLTL) as a novel specification language specifically tailored for robotic
applications. TLTL is designed to provide a more practical framework for specifying and
evaluating the performance of robotic tasks, which often require precise control and timing.
This specification language allows for the expression of time-bounded properties, making
it highly suitable for scenarios where tasks must be completed within a specific timeframe.

To optimize policies under TLTL specifications, [62] employs Relative Entropy Policy
Search (REPS), a method known for its effectiveness in policy refinement and exploration.
REPS is utilized to maximize a robustness degree introduced by the authors, which quan-
tifies how well an agent fulfills the TLTL specifications. This robustness degree serves as a
crucial metric, guiding the policy search towards solutions that not only meet the specified
requirements but do so in a manner that enhances the overall reliability and performance
of the robotic system.

The efficacy of this approach is demonstrated through evaluations in both simulated
and real-world environments, specifically in the context of robot arm manipulation tasks.
By assessing the robustness degree, [62] showcases the success of their methodology, high-
lighting its potential to achieve high precision and reliability in robotic operations. The
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integration of TLTL with advanced policy search methods like REPS offers a promising di-
rection for further research and application, particularly in complex robotic systems where
timing and precision are paramount.

Consideration of MDP Costs in LTL Task Solutions: In a deviation from the
approaches typically discussed, the research presented in [105] introduces a method that
incorporates the MDP costs associated with the movement of a robot into the solutions for
LTL tasks. This focus on cost optimization aligns with the theme of resource limitation,
similar to the assumptions about limited resources integral to the current thesis work. By
factoring in the costs of actions within the MDP, their approach strives to achieve a more
holistic optimization, balancing task satisfaction with cost efficiency.

However, their methodology requires prior knowledge of a lower bound on the transition
probabilities of the underlying MDP. This requirement can restrict the applicability of
their approach in environments where such probabilistic bounds are unknown or difficult
to estimate. In contrast, the approach developed in this thesis does not depend on such
specific information.

Trajectory Transformers for LTL ~-Specified Tasks: recently, [97] introduced the
use of trajectory transformers for achieving tasks specified by LTL; in mini-grid environ-
ments. This method employs DFA to manage the issue of sparse rewards, which is a
common challenge in RL-based methods dealing with logical specifications.

The use of trajectory transformers represents a significant step forward in the integra-
tion of advanced ML techniques with formal methods for policy synthesis. By mapping
LTL; specifications to DFA, the approach ensures that the rewards are distributed in a
manner that directly supports the satisfaction of the specified tasks, thereby enhancing
learning efficiency and policy effectiveness.

However, while the methodology proposed by [97] is promising, the complexity of the
LTL/ specifications and the environmental challenges addressed in their work are relatively
modest compared to those examined in this thesis. The mini-grid environments and LTL;
tasks they tested involve simpler dynamics and less stochasticity than those considered
here. Such simplifications may limit the direct applicability of their findings to more
complex or realistic scenarios, where the environmental unpredictability and specification
complexity significantly increase. The work undertaken in this thesis provides a more
rigorous test of policy synthesis under conditions that better mirror real-world applications.

Goal-conditioned RL for LTL objectives: In the work [79], the authors pro-
pose a framework for optimally solving LTL objectives, even in previously unseen cases.
The framework consists of two key phases. First, they introduce the concept of a Task-
Augmented MDP, where the agent is assigned a single goal (state) to reach in the envi-
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ronment. The agent is trained on simple goals, such as moving from one label to another,
covering all possible movements in the environment. Through this training, the agent ac-
quires the basic knowledge necessary to achieve these simple goals. In the second phase,
the Biichi automaton of the LTL specification is converted into a graph, and Dijkstra’s
algorithm is used to find the shortest paths to an accepting state. This path provides the
sequence of labels to be visited but not the method to achieve them. By combining the
knowledge gained in the first phase with the sequence of labels determined in the second
phase, the agent is able to solve the task. Notably, this approach extends to new LTL
tasks; as long as the agent knows how to navigate the environment to reach simple goals,
it can solve unseen tasks by computing the required sequence of labels. A drawback of the
approach in [79] is that the number of labels in the task specification leads to an exponen-
tial increase in the number of goal value functions the agent must learn during the first
phase. In contrast, our approach is not affected in this manner by the number of labels in
the specification.

2.5 Proposed Model-Free RL Method for LTL,; Spec-
ifications

Building on the insights gained from previous research and avoiding the limitations ob-
served in the discussed approaches, this thesis proposes a novel model-free RL: method that
is capable of handling any LTL; specification, while not requiring prior knowledge of the
MDP transition probabilities.

The versatility of the proposed RL approach is demonstrated through extensive sim-
ulations, which show that it can scale effectively to a diverse range of complex problems.
These simulations provide evidence that the method can learn robust policies across various
tasks, even in environments characterized by significant stochasticity. This shows not only
the adaptability of the method to different situations but also its capability to maintain
high levels of policy robustness, ensuring reliable task completion under diverse conditions.

Before delving into the formal problem formulation and exploring how the current work
addresses this challenge, it is essential to first establish a solid foundation through a review
of relevant preliminaries in the next chapter. This preparatory step will cover the fun-
damental and theoretical concepts that are critical for understanding and developing the
proposed method. By examining these key preliminaries, it is ensured that the methodolo-
gies and solutions presented later are well understood and clear for an effective discussion
of the problem-solving techniques employed in this thesis.

16



Chapter 3

Preliminaries

This chpater discusses the foundational elements of our problem setup and subsequently
provides a formal definition of the problem formulation. By laying out the core concepts
and theoretical frameworks first, a clear understanding of the background necessary for
comprehending the complexity of the issues addressed is aimed to be established.

3.1 Markov Decision Processes (MDPs):

The environments discussed throughout this work, more specifically the grid-world sce-
narios, are modeled as MDPs. In these models, the agent does not directly utilize the
transition probabilities or the expected rewards associated with the states of the MDP to

make decisions during training or testing, including the online deployment of the policy.
An MDP is formally defined as a tuple (S, sq, A, P, R) where:

e S is a finite set of states,

e 5 is the initial state (or a probability distribution over states),

A is a finite set of actions,

e P:SxAxS — [0,1] is the state transition probability function, satisfying the
property > .o P(s' | s,a) =1 forall s € S and a € A,

R:S5xAxS — Ris the reward function.
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Figure 3.1: A simple 3-cell environment and its MDP. Actions are going up, right, down
and left and are shown on the arrows in the MDP.

Fig. 3.1 server as an illustrative example of a 3-cell environment modeled as an MDP.
Transition probabilities of this system are implicitly shown as arrows, where each arrow
corresponds to a change of state with probability 1. If there is no arrow for an action
between two states, the probability of that transition is 0.

MDPs are used to keep track of the location of the agent in the environment, while
its inner state with regard to the specification at hand is tracked using another construct
called Limit Deterministic Biichi Automata (LDBA) (explained in the rest of this chapter).
Modeling grid-worlds as MDPs is advantageous because it simplifies the representation of
the environment’s dynamics, where the outcome of actions in each state follows Markovian
properties. This ensures that the future state depends only on the current state and the
executed action, not on the sequence of events that preceded it.

Given a set of atomic propositions AP, where each member represents a statement
about the state of the system (for example being at a tree location in Example 1.1.1),
an MDP could be augmented by a labeling function L : Lay(s) — {True, False}. This
labeling function maps each atomic proposition ap to a boolean value for an input state s of
the MDP, which specifies whether or not that atomic proposition holds in the given state.
For example, assuming the atomic proposition wood in Example 1.1.1 stands for being at
a tree location, in that case, wood = True when the agent is at any cell with a tree, and
wood = False otherwise. By adding L and AP to the MDP it becomes a labeled MDP
The labeling function is essential for evaluating LTL specifications over trajectories, i.e.,
sequences of MDP states. A trajectory of visited (labeled) MDP states can be evaluated
via an LTL; specification by checking the sequence of observed labels (true or false) for
each AP against the LTL formula by examining the sequence of labels (true or false) for
each atomic proposition along the trajectory to determine if the observed behavior satisfies
the specified temporal logic requirements. More detail on the evaluation of a trajectory
over LTL; formulae is provided in the next section.

This work does not require the MDP transition probabilities for solving the problem
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directly but needs them to run simulations during MCTS rollouts (see section 4.3). Unlike
common model-based RL methods that utilize transition probabilities to update param-
eters, transition probabilities are only used here to simulate the environment and gather
samples. This eliminates the need to know the transition probabilities in advance, offer-
ing flexibility when dealing with environments with unknown or complex dynamics. This
distinction allows the benefits of sample-based planning without explicitly learning the
transition model.

3.2 Linear Temporal Logic over Finite Traces (LTLy):

LTL; [25] is a variant of the formal language LTL [77] used to express temporal constraints
for a syste. From a syntactic point of view, LTL; and LTL are similar. The only difference
is in their semantics and how they are interpreted over a given trajectory. LTL assumes
the trajectory to be infinite, while LTL; takes a finite trajectory [20].

Syntax of LTL:

@ == true [false [ p |~ | o1 A2 | 01V oo | o1 = @2 | 01 <> 2
| O | O | Op | prildps | 1R,

Where:

e p is an atomic proposition from a set of atomic propositions AP.

- is the negation of formula .

e 1 A 9 is the conjunction (and) of formulas p; and ¢s.

1 V s is the disjunction (or) of formulas p; and .
e 1 — ¢y is the implication (if...then) where (; implies .

e ) <> ¢y is the equivalence (if and only if) between p; and ¢s.

(O is the next operator, which means ¢ holds in the next state.

e Oy is the eventually operator, which means ¢ will hold at some future state.
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e [y is the globally operator, which means ¢ holds in all future states.
o o1Up, is the until operator, which means ¢; holds until ¢, holds.

e 1Ry, is the release operator, which means ¢; releases 5.

3.2.1 LTL; Semantics

The semantics of LTL¢ are defined in terms of interpretations over finite traces, representing
sequences of states over a finite set of time instants [25]. These interpretations are modeled
as finite words 7 over the alphabet of 27, where P is the set of atomic propositions, where
each member represents a statement about the state of the system.

The following notation is used:

e The length of a trace 7 is denoted as length(r).

e Positions, or instants, on the trace are denoted as m(i) for 0 < i < last, where
last = length(7r) — 1.

e Segments of the trace from position ¢ to j are denoted as 7(i, j), where 0 < i < j <
last.

Given an LTL; interpretation m, the truth of an LTL; formula ¢ at an instant ¢ (for
0 < < last) is defined inductively as follows:

o mil=Afor Ae Piff Aen(i).

o i =g iff m i b p.

o T i1 AN iff m i f= ¢ and 7,0 = .
o T, i1 Vo iff mil= @ or i | .
e i = Qpiffi <last and 7,1+ 1 = .

o 7,1 |= @1 U s iff there exists j such that i < j <last, 7, j = @9, and for all k where
i <k<yj,mkE @
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A formula ¢ is true in a trace m, written 7 = ¢, if 7,0 = . A formula ¢ is satisfiable
if there exists an LTL¢ interpretation m such that = = . Logical implication and validity
follow from these definitions [25].

In this work, the terms LTL formula, specification, task, and objective are used in-
terchangeably, but they all refer to the same concept: an LTL formula that defines the
requirement specification of the desired behavior.

LTL; is designed to be evaluated over finite trajectories, while focusing on the logical
ordering of events rather than time constraints. To explicitly include time in an LTL;
task, a central clock would need to be introduced, incrementing with each time step. This
would require defining a new atomic proposition that signals when the clock exceeds a
specified time limit. However, incorporating such time-tracking mechanisms is not typical
in LTL; task specifications, as LTL; is primarily concerned with event sequences, leaving
time constraints to be handled by other parts of the solution.

3.2.2 Evaluating Trajectories of Labeled MDP States

When an agent navigates through the environment, it traverses a sequence of labeled MDP
states. At these labeled states, each atomic proposition (events possible in the environment)
is realized as a Boolean value. Evaluating these sequences against an LTLf formula involves
a recursive process.

Given an LTL formula ¢ and a trajectory o = s, s1,...,Sy_1 comprising N visited
states of an MDP, the sequence of evaluations eg, eq, ..., ex_1 is computed recursively using
the MDP’s labeling function L : L,,(s) = True/False, which maps an atomic proposition
ap to a Boolean value for a state s of the MDP.

The recursive evaluation is defined as follows:

E(p,0,L) :={eo,e1,...,e,} where each e; is evaluated based on the following cases:
Return L, (0;), if p is a label
Evaluate each operand Op in ¢ as F(Op, o, L) then apply ¢, if ¢ contains an operation

Each e; in the sequence indicates whether ¢ holds from the i** state onward. For
instance, an evaluation sequence ¢ = {False, True, True} indicates that the trajectory
satisfies the LTLf specification starting from the second state.
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To determine if the entire trajectory adheres to the LTL formula, one needs to inspect
the first element in the sequence, Eo(p,0,L) = eo. If eq is True, the trajectory fully
complies with the formula; if False, it indicates a violation at some point in the trajectory.

It is worth noting that the length of the evaluation sequence may not necessarily match
the length of the trajectory. This discrepancy arises because certain temporal operations,
such as the Next operation (), require information from future states to evaluate the
current state.

3.3 Limit Deterministic Biichi Automata (LDBA):

Limit Deterministic Biichi Automata (LDBA), a variant of deterministic Biichi automata,
plays a crucial role in formal verification and model checking, particularly due to its ability
to express properties involving repeated patterns of behavior. LDBA extend standard
deterministic Biichi automata by incorporating a concept of limit, which enables them to
handle properties that require recurring behavior patterns effectively.

Translating an LTL formula into an LDBA can be systematically achieved through
techniques outlined in significant works such as [39, 88]. These translations are key to
leveraging the strengths of LDBA in model checking, allowing for a more robust evaluation
of system behaviors against the specified LTL properties.

The evaluation of a trajectory against an LDBA involves checking if the sequence
of states produced by the trajectory satisfies the LDBA’s acceptance condition. This
acceptance condition, characterized as a Biichi condition, specifies the infinite sequences (or
trajectories) that are accepted by the LDBA, thereby making the verification of compliance
with the LTL specifications more feasible.

Formal Definition: An LDBA can be formally defined as a tuple (Q, qo, 2, 0, F'), where:

@ is a finite set of states in the LDBA,

qo € @ is the initial state,

Y represents the alphabet used by the LDBA,

§:Q x ¥ — 29 is the transition function dictating the state transitions,

I is a set of acceptance states.
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Figure 3.2: The LDBA of the LTL formula: [J-=d A Qa. Double circles indicate accepting
states. Arrow labels indicate input alphabets to the LDBA.

Deriwation from LTL Formulas: The process of deriving an LDBA from an LTL for-
mula involves constructing a deterministic framework that can capture the infinite behav-
iors specified by the LTL. This often requires the formula to be decomposed into simpler
components that can be directly translated into states and transitions of the LDBA. Each
component of the LTL formula corresponds to specific states and transitions in the LDBA,
ensuring that every valid model of the formula is a valid trace in the LDBA, and vice versa.

Intuitively, LDBAs provide a structured way to evaluate how well a trajectory aligns
with the specified LTL formula, thereby offering valuable insights into the system’s behavior
in its operational environment. The ability to systematically translate LTL formulas into
the framework of LDBA significantly enhances the applicability and effectiveness of formal
methods in real-world scenarios, where ensuring adherence to behavioral specifications is
critical. Further details of the LDBA structure are available in [33].

Fig. 3.3 server as an illustrative example for the LTL; formula: O-d A Qa. The formula
asks to eventually reach a state with label a while avoiding the label d at all times.

In this work, a tool called Rabinizer 4 [50] is utilized. (https://rabinizer.model.
in.tum.de), which is a toolkit for generating compact deterministic w-automata from LTL
formulas. Rabinizer 4 supports the translation of LTL into various types of automata,
facilitating the automatic conversion of LTL formulas into LDBA.

3.4 The Product MDP

The product MDP is an essential construct in the synthesis of controllers from LTL; spec-
ifications, representing the Cartesian product of a LDBA and an MDP. This combination
encapsulates states from both the MDP and the LDBA, thereby integrating the dynamic
behavior of the MDP with the specification requirements encoded in the LDBA.
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Given a labeled MDP and an LTL; formula, along with its corresponding LDBA, the
product MDP can be formally constructed as follows:

e S* =95 x(@Q - The set of all possible pairs of MDP states and LDBA states, where S
is the set of states in the MDP and @ is the set of states in the LDBA.

o s; - The initial state of the product MDP, typically a combination of the initial states
of both the MDP and the LDBA.

e A* - The action set of the MDP, potentially augmented with epsilon transitions from
the LDBA to model silent moves that do not affect the state of the MDP but may
transition the state of the LDBA.

o ™ - A set of accepting states within S*, which are crucial for satisfying the acceptance
conditions of the LDBA.

e P* - The transition function mapping each pair of state s¥ = (s;,¢;) in S* to another
pair s; = (s5,q;) based on the selected action a* and the labeling function L(s;).

In the current approach, the exploration is conducted within the space of the product
MDP rather than solely within the MDP state space. As the agent interacts with this
augmented environment, it effectively navigates through both the state space of the orig-
inal MDP and the specification constraints imposed by the LDBA. This dual exploration
ensures that the learned policies not only aim to optimize the expected rewards but also
conform to the behavioral norms dictated by the LTL formula. This setup allows for the
straightforward extraction of corresponding labeled MDP states from a sequence of product
MDP states, which are essential for evaluation purposes (as explained in section 3.2.2).

Fig. 3.4 server as an illustrative example of the product MDP of the MDP in Fig. 3.1
and the LDBA in Fig. 3.3.

In this work, the implementation of [12] is utilized for constructing the product MDP
from a specified MDP (the map of the environment) and the LTL formula.

Many of the works in the domain of policy synthesis rely on a notion of a product MDP
to solve their problems [12,13,105]. Although having access to the product MDP simplifies
solving an LTL task, there is a significant challenge when the transition probabilities of the
underlying MDP are unknown. Without access to these probabilities, finding the optimal
policy becomes problematic. The transition dynamics of the environment, such as how the
agent moves or how obstacles affect movement, are not directly encoded in the product
MDP. This means that while algorithms like Dijkstra’s may compute an ”"optimal” path
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Figure 3.3: Tlustrative example of the product MDP of the LDBA of the LTL specification
[—d A Qa corresponding to the example in Fig. 3.3, and the MDP in Fig. 3.1

based on the available structure, this path might not be feasible in the actual environment.
For instance, without the transition probabilities, the product MDP might overlook critical
details, such as obstacles, making it impossible to guarantee that the computed solution is
truly applicable in practice. Therefore, learning the transition probabilities or estimating
them is necessary to properly account for environmental constraints and dynamics.

Estimating transition probabilities in MDPs often requires a number of samples that
grows exponentially with the size of the state-action space [24], particularly in environments
with high stochasticity where there is a tradeoff between exploration and exploitation
[93,91]. As a result, learning or solving MDPs by estimating these transition probabilities
is not generally feasible in polynomial time [51].

3.5 AlphaGo Zero And The Game of Go

AlphaGo Zero has been a groundbreaking advancement in the field of artificial intelligence.
The game of Go, which is a two-player board game where the aim is to control more territory
on a 19x19 grid (look at Fig. 3.4) by placing black or white stones, serves as the domain
in which AlphaGo Zero has demonstrated its prowess.

From a black box perspective, evaluating a trajectory against a set of LTL specifications
to obtain a Boolean reward can be viewed as a win/lose scenario, similar to the game of Go.
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Figure 3.4: A game of Go being played on a grid board.

The resemblance becomes more profound considering that both involve discrete states and
a discrete set of available actions, with moves occurring in episodic sequences. However, a
key distinction lies in the absence of a second player in the LTL policy synthesis problem,
necessitating a reformulation of the self-play setup utilized in AlphaGo Zero.

To adapt AlphaGo Zero’s methodology for LTL policy synthesis, a modified version of
the original framework must be employed. This involves tailoring the self-play mechanism
to operate within a single-agent context, where the agent’s objective is to satisfy the LTL
specifications rather than competing against an opponent. This adaptation retains the
core strengths of AlphaGo Zero, such as its ability to learn effective policies through its
use of Monte Carlo Tree Search (MCTS) combined with Neural Network (NN) for state
evaluation and action selection. The next chapter discusses the details of how the current
work addresses these issues. However, before that, the problem to be solved can now be
formally defined. This is essentially the same problem briefly discussed in the introduction
(section 1.1). Once the problem formulation is laid out, the proposed method to solve it
will be reviewed. By leveraging these techniques, the modified AlphaGo Zero framework
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provides a robust foundation for solving LLTL policy synthesis problems.

3.6 Problem Formulation

Having discussed the fundamental concepts involved in the problem setup, the problem
can now be formally defined:

Problem 1 For an environment represented via a labeled MDP M with its labeling func-
tion L, and initial state so, with a priori unknown transition probabilities, an LTLy formula
@ describing the task specification, and a time horizon T': find a sequence of labeled MDP
states o = {sg, S1,...,S7—1} such that their corresponding observed labels satisfies p, or:

Generate o ={sq, $1,...,s7_1} from M such that Eq(p, o, L) = True (3.1)

Reminder that Fy(p, o, L) was defined in section 3.2.2. Problem 1 is defined assuming
that the environment in question is deterministic since achieving task satisfaction cannot
be guaranteed in a stochastic environment. For stochastic environments, the problem
formulation requires a modification. This modification would change the objective to the
following:

Given all the assumptions in Problem 1 the goal is to: find a sequence of labeled MDP
states o = {so,51,...,S7_1} such that their corresponding observed labels mazximize the
probability of satisfying ¢.

As discussed in section 3.1, in order to solve the above problem, the agent does not
require any prior knowledge of the transition probabilities of the underlying MDP governing
the environment, as long as it can interact with and obtain samples from the environment.
In other words, the agent interacts with the environment dynamics as a black box, meaning
it can run simulations and generate samples from the environment without needing explicit
transition probabilities.

The following chapter explains how the proposed approach solves Problem 1. At the
end of the chapter (section 4.4), it will be shown that once such sequences are generated,
a policy that significantly speeds up the sequence generation process can be obtained.
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Chapter 4

Methodology

In this chapter, the details of the proposed method are explored. The differences between
the game of Go and the current problem setup are discussed first. Following this, the issues
arising from these differences are addressed, and an in-depth explanation of the proposed
approach is provided.

4.1 From the Game of Go to LTL; Tasks

Our proposed method is inspired by AlphaGo Zero [90], yet it diverges significantly because
fulfilling an LTL task fundamentally differs from playing a game of Go. Here, the principal
distinctions are outlined, and the adaptation of MCTS for specific needs is described. The
details of the MCTS implementation are then discussed in the following sections.

Revisiting States Within a Run: A key difference between Go and the instances of
Problem 1 is the uniqueness of state visits within each episode of Go. In Go, each state
in a game is unique in that game, preventing repetitive state visits. Contrarily, in tasks
like robot navigation, an agent may repeatedly encounter the same states. This tendency
can cause issues as the agent might explore these repetitive states without progressing
meaningfully within the product MDP state space.

AlphaGo Zero leverages a variant of the PUCT algorithm [33] to balance exploration
and exploitation during MCTS search. However, with binary evaluations over finite traces,
if MCTS fails to find a satisfactory trajectory after initial samples, revisiting identical
states will lead to similar rewards to that of visiting new states that do not satisfy the
specification. Therefore the MCTS search might get stuck in redundant and unproductive
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explorations. In other words, it would not matter which states the agent explores, new
or not, since it is receiving similar rewards for them. FEarly experiments demonstrated
that after a few iterations MCTS tended to oscillate among a few repetitive states without
gaining new insights, indicating a need for modifications to handle LTL; tasks effectively.

Lack of a Second Player: Unlike Go, which is played within a self-play framework,
our setup lacks an adversarial component where learning occurs from both winning and
losing scenarios. In Go, if an agent loses, the opposing agent—which is itself in another
instance—gains a win, providing a continuous learning opportunity. In our scenario, merely
receiving zero rewards (i.e., failing to solve the task) offers limited guidance for achieving
the LTL; specifications.

The absence of a second player removes the natural foundation for self-play, which is a
powerful tool in RL, particularly evident in two-player competitive games. In these settings,
competition inherently drives the evolution of strategies, as each player continually adapts
to outperform the other. However, in our single-agent setup, this competitive mechanism is
absent, making it challenging for the agent to incrementally learn and improve its strategies.
There is no ever-improving adversary to provide a benchmark against which the agent can
measure and enhance its performance. This lack of competitive self-play means there is no
dynamic, escalating standard of challenge, which can weaken the agent’s ability to discover
and refine more effective strategies for fulfilling the task. Therefore the primary goal of
the agent is to find at least one trajectory that satisfies the task specification.

4.1.1 Adapting MCTS for LTL; Objectives

Here, modifications to MCTS are discussed to address these unique challenges:

1. Leaf Node Encounters: If the agent encounters a new state (leaf node) and has
satisfied the specification at least once thus far during training, the network predicts
a value. If not, it receives a baseline positive reward to encourage exploration of new
states.

2. Depth Limit Reached: When the search depth limit is reached, the trajectory
is evaluated. If it fulfills the specification, a positive reward, larger than the previ-
ous baseline value, is assigned; otherwise, it returns zero. This setup ensures that
satisfying trajectories are prioritized and more likely to be revisited, enhancing the
effectiveness of subsequent searches.
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For the first point, if no satisfying trajectories have been encountered during training,
the network lacks exposure to meaningful positive feedback, causing it to output arbi-
trary, uninformative values. Therefore, until a satisfactory trajectory is found, MCTS
consistently returns a minor positive reward for new nodes, encouraging the exploration of
unvisited states. Once a satisfying path is found, the algorithm consults the network for
value predictions, improving search efficiency.

The second point underscores how MCTS values complete rollouts. The reward for
finding a satisfactory rollout not only ensures that such paths are highly valued but also
that they are more frequently sampled, addressing the challenge posed by the lack of
competition in our problem setup.

4.1.2 Overall View of the Proposed Method

Stage 0 Stage 2 Stage 0
l@l I@I
(=) =
run MCTS run policy new state 0
— — — |2 S
keep

Figure 4.1: A single iteration of stages in Fig. 4.4 depicted for better visualization. At each
step, the agent gathers many MCTS samples and chooses its next move from the result of
these samples. This process continues until either the task is solved or time has run out.

As mentioned in the previous chapter, the RL framework in this work integrates Monte-
Carlo rollouts (i.e., trajectory samples from a given state) with a neural network to enhance
action selection, aiming to increase the likelihood of task satisfaction. Overall, the neural
network guides the MCTS by pinpointing promising actions, thus reducing the need for
extensive sampling. Conversely, MCTS helps train the neural network by refining policies
for each state and providing the agent with better action choices at each state.

These components and their adaptations for solving Problem 1 are detailed in this
chapter, with figures 4.1 and 4.4 depicting the proposed framework and Alg. 1 elaborating
on the overall procedure in greater depth while Alg. 2 describes the details of stage @ in
Fig. 4.4 (the MCTS component).
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In short, in each episode (one full run of the agent in the environment trying to satisfy
the specification), the agent begins at a specific state of the grid-world (stage 0 in Fig. 4.4).
It then collects many MCTS samples from that state (stage 1 in Fig. 4.4) and gets a policy
that tells it what to do as its first action. Sampling from this policy, the agent makes its
move in the environment (stage 2 in Fig. 4.4) and observes the next state. Having taken
one step, the agent repeats the same procedure again until the end of the episode. Alg. 1
describes this procedure.

Algorithm 1 generating a trajectory to satisfy a LTL; formula

Input: Trajectory duration 7', The product MDP, LTL; formula ¢, labeling function
L, the network net(0), MCTS #samples S, and search_depth
Initialize @, N, P, W, with zero, and with appropriate dimensions
Initialize o, 11 as empty lists > Observed MDP states and their MCTS policies
Sample sy and append it to o > s; is initialized based on s
for each t € {0,...,T} do
7 <— MCTS(net(0), s;, ¢, Q, N, P,W, S, search_depth)
a;y < sample from
57,1 < observe from product MDP transition > Next product MDP state
append s;1 to o, and m; to II
end for
Calculate ryrr,, by evaluating o against ¢

- sf is the product MDP state of the tt" step, while s; is the corresponding MDP state

The details of the parameters and components in Alg. 1 are now explained, with a
focus on how they work, presented in two sections for the neural network and MCTS.

4.2 Neural Network for Policy and Value Function
Estimation

The actions selected by MCTS during its rollouts are informed by a neural network. This
network processes an encoded product MDP state, s* € S*, which it receives as a multi-
channeled matrix (explained in section 4.2.1) It then computes through several Conv2D
and Dense layers (explained in section 4.2.2) to produce:
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1. A probability distribution p over the action set, serving as the prior policy for nodes
yet to be explored in MCTS.

2. A real value v, indicating the probability of task satisfaction starting from state s*.

Contrary to AlphaGo Zero, our network does not utilize a history of visited states for its
inputs. The network’s loss function, adapted from [90], for input s* is given by:

L(encoded(s*)) = (ryrr, —v)* —« logp + ¢/|6]|? (4.1)

In this equation, v € (0, +1) represents the network’s predicted value, and p € R4m(4")
is the suggested policy. 7 : S* — A* is the improved MCTS policy, detailed in the
subsequent subsection. ryry,, is the Boolean reward Eo(p, 0, L) for the entire episode o

(corresponding to stage @ in Fig. 4.4), and the final term, c||@]|?, is the L2 regularization
for the network parameters @, where c¢ controls the regularization strength during the
training of network weights.

4.2.1 Network Input Format

The input to the network should be the product MDP state of the desired state. A
product MDP incorporates information about the state of both the MDP and the LDBA.
This information can be represented in a channeled format of the grid world.

Assuming the robot is navigating a grid world of shape m x n, this grid world can be
represented as a matrix of shape m x n, where each element encodes the position of the
robot, labels of cells (e.g., a, b, ¢, .. .), and the existence of obstacles using numbers. Empty
cells can be represented by zeros. A simple example is shown in Fig. 4.2, illustrating the
grid world and its encoding.

To incorporate LDBA information into this single matrix, it can be augmented with
zero matrices k — 1 times, where k is the total number of LDBA states. The state of the
LDBA can then be represented by placing the non-zero matrix (the encoded MDP state)
in the i-th channel, where ¢ corresponds to the current LDBA state among all k states.
The figure below also depicts a channeled version of a grid world with £ LDBA states,
assuming the robot is in the i-th state.
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Figure 4.2: Illustrative example of the encoding of an MDP state for a simple 4-celled
environment, and its channeled format for the network
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4.2.2 Network Architecture

The architecture of the network in this work is as follows. The input to the network, as
discussed above, is a matrix of shape (m,n, k), where m and n are the number of rows
and columns of the grid world, and k is the number of LDBA states. The two subsequent
layers are Conv2D layers with 32 and 8 kernels of shape (2,2) respectively, each with one
zero padding, and Rectified Linear Unit (RELU) activation functions. After flattening the
resulting (m,n,8) matrix into a vector of size (n x m x 8), two consecutive Dense layers
are applied with 32 and 16 outputs respectively, both using RELU activation functions.
The final 16-element vector is then processed by:

1. A Dense layer of size [, where [ is the number of possible MDP + LDBA actions,
with a softmax activation function to produce the action probability distribution (the

policy).

2. A Dense layer of size one, with a Sigmoid activation function to give the predicted
success probability as a real number € (0, 1).

The loss function for these two outputs is categorical crossentropy for the policy and mean
squared error (MSE) for the success probability (based on equation 4.1). The optimizer
used for the network is Adam, with Keras’s default parameters for its implementation. See
the following plot (Fig. 4.3) for an example of the neural network architecture for a 10 x
10 grid-world when there are 7 LDBA states.
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input_3 input: | [(None, 10, 10, 7)]
InputLayer | output: | [(None, 10, 10, 7)]

convZd 4 | input: (None, 10, 10, 7)
Conv2D | output: | (None, 10, 10, 32)

conv2d 5 | input: | (None, 10, 10, 32)
Conv2D | output: | (None, 10, 10, 8)

flatten 2 | input: | (None, 10, 10, 8)
Flatten | output: (None, 800)

dense 8 | input: | (None, 800)
Dense | output: | (None, 32)

dense 9 | input: | (None, 32)
Dense | output: | (None, 16)

dense 10 | input: | (None, 16) dense 11 | input: | (None, 16)
Dense output: | (None, 11) Dense output: | (None, 1)

Figure 4.3: Example network architecture for a 10 x 10 grid-world, with a hypothetical
LTL; specification that results in 7 LDBA states

4.3 MCTS for Policy Improvement

In this work, the agent and its internal MCTS explore the same product MDP state space.
MCTS maintains a tree where nodes represent the product MDP states, and edges denote

possible transitions to subsequent states.

The results of MCTS rollouts from each state s* are stored in its corresponding node
within a set of parameters. These parameters include:

e N(s*): visit counts of the node’s children during the rollouts,
e W (s*): accumulated backed-up rewards through the node’s children,

o Q(s*) =W(s*)/N(s*): average backed-up rewards through the node’s children, and

e P(s*): the prior policy for the node (used later on).
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Figure 4.4: The overall procedure of how the proposed method works. At each state,
actions are sampled from the improved policies gathered via MCTS, then used to train the
network which in turn helps the MCTS with better rollouts later on.

Whenever MCTS encounters a new node, which is called a leaf node, it queries the network
to obtain this prior policy, possibly along with a value (see Sec. 4.1.1), and updates the
rest of the parameters as it gathers more samples.

Assuming a particular state s; (reminder, superscript * means s is a product MDP
state and the subscript ¢ indicates the " time step), according to Alg. 1, the agent starts
gathering MCTS samples. These samples traverse the same product MDP state space as
the one the agent is exploring while actually performing moves in the environment. If
the agent were deployed in a real-world scenario, you can think of the MCTS samples as
simulations conducted internally by the robot to help it decide on the best course of action.

As the agent is in state s}, it starts collecting these samples from the same s}, which
is the root of the search tree (refer to Fig. 4.5). MCTS actions are selected based on the
following equation [33]:

Plroot]

Move < Argmax(U[root] + Q[root]) ; U =C'"- 1+ Nroot]

Nlroot] (4.2)

The different parts of this equation can now be examined to understand how exploration
of the state-space works and why modifications are needed. MCTS chooses its moves at
each node in the tree based on the argmax over the U + ) vector. The argmax operation
selects the action with the highest Ulroot]a] + Q[root][a]. These two vectors adjust the
balance between exploration and exploitation. U is responsible for exploration, while @)
focuses on reselecting actions that have yielded the best results so far. As observed, @ is
the average of the returned values throughout the MCTS.

Examining the equation for U reveals the following insights:
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Figure 4.5: Illustration of how MCTS works. On the left a single rollout has unfolded,
while on the right the result of many such rollouts has resulted in a probability distribution
over the next immediate actions, i.e., a policy.

e (' is a constant that defines the importance placed on U overall. Generally, a higher
constant value results in greater exploration and slower convergence of the number
of MCTS visits to nodes.

e P is the prior probability for a node, as output by the network when the node was
first expanded by MCTS.

e N is the number of times the node has been visited throughout MCTS.

This framework is designed so that as more samples are gathered, the agent increasingly
relies on the ) values (exploitation). This reliance is reflected in the node visit counts N.
These visit counts will converge as MC'TS selects moves with higher expected values, which
leads to more focused exploration and exploitation. The converging visit counts are also
the same parameters used for extracting the policy for each state.
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However, as the next section (4.1) of this chapter explains, the MCTS framework em-
ployed is different than the one used in AlphaGo Zero. Here, some of the reward functions
tested for the problem setup are discussed.

The following (Alg. 2) describes the MCTS algorithm used in this work for a single
rollout on the product MDP space.

Algorithm 2 A single MCTS rollout

Input: N,Q,W, P, Trajectory o, LTL formula ¢, labeling function L, the network
net (), list of visited, nodes, search_depth, constant C', NN_output_active
if len(o) > search_depth then
return Fy(p, 0, L)
end if
if root not in visited then
add root to visited
Plroot] < net(root) policyOutput
if INN_output_active then
return 0.6 > 0 < positive value < 1
end if
value < net(root)yaueoutput
return value
end if
Uli] = C x Plroot][i] x (\/N[root[i])/(1 + Nroot][i]) > for each available action ¢
Move + Argmazx(U + Q[root])
Observe 700t ., based on Move
append new MDP state of root,,,, to o
value < MCTS(root,ey, 0, ..., search_depth + 1) > recurrsion
Nlroot|[move]+ =1
W root][move]+ = value
Qlroot|[move] <— W root][move] /N [root|[move]
return value

Once a number of samples are collected, the policy is calculated based on Eq. 4.3:

policy © = (N[root]'/7)/ Z NTroot]"/™ (4.3)

Where 7 is a hyperparameter to adjust how deterministic the resulting policy should be
(higher means more deterministic). Different values for 7 and C' (see Alg. 2) were tested,
and final chosen values were 7 =1,C = 3
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As described in Alg. 1, at each step of the episode with the agent in state s; (stage
(0) in Fig. 4.4), S number of MCTS rollouts are performed (stage (1)), resulting in a
probability distribution over the possible actions (i.e., a policy) m; for that state. This
policy is typically superior to the prior policy suggested by the network for sy, so the agent
samples from this policy at the t** step to select an action (stage @) The chosen action
is then stored in a buffer as the target for training the network’s policy output for s; based
on Equation 4.1.

4.3.1 Reward Function Engineering

This subsection describes experiments with various reward functions and explains why
they did not yield satisfactory results. The section begins with the default AlphaGo Zero
framework.

AlphaGo Zero’s default framework: In this framework, each episode unfolds to com-
pletion, and the game (or run of the experiment in our case) is evaluated in its entirety.
The network is queried whenever MC'TS visits a new node during its search. It is important
to reiterate that using the same reward propagation framework as AlphaGo Zero does not
encourage exploration, as previously discussed.

LDBA rewards: A second reward mechanism that was tested was to use the LDBA
rewards. Although LDBA state rewards were not discussed in our setup and when defining
the LDBA since they are not used in the proposed method, they were considered at the
beginning of this research. The LDBA reward of a state ¢ can be defined as Reward(q) = 0
if ¢ ¢ F and a positive number if ¢ € F. By associating the LDBA reward of a product
MDP state to it, the problem can be reframed within a standard RL algorithm, where the
rewards of desirable states propagate through the product MDP state space. However, this
framework does not work well with our problem due to the way LDBA transitions operate.

To transition to an accepting state, the LDBA must follow an ordering of MDP and
LDBA e-actions. In particular, the LDBA must first choose the e-action and then visit the
appropriate labels in the MDP. The e-actions do not advance the robot’s position in the
MDP but only change its internal LDBA state. Therefore, from an external perspective,
the order of the LDBA and MDP actions should not matter, but it does from the LDBA
perspective. This means there could be trajectories that satisfy the specification and
produce a positive reward at the end of the episode, but their history of observed rewards
would be all zeros. This confuses the agent because, in MCTS, it is not being rewarded
for certain trajectories, yet the network is being trained to favor these trajectories based
on the episode’s final outcome.
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Combining LTL evaluations with accumulating LDBA rewards: To counter the
above issue, I developed a reward mechanism that incorporates both the LDBA and LTL
evaluations when assigning rewards to MCTS rollouts and completed episodes. The fol-
lowing reward functions were introduced for this purpose. For each rollout of the MCTS,
if the resulting rollout did not trigger a safety violation or end up at an explored state, and
observed at least one positive reward in the path, the scalar reward of that MCTS rollout
is calculated as follows:

1
ReWMCTS = Racc (R_ + Rlmc TTl) (44)

where R,.. is the summation of all the rewards observed in that rollout:
Racc = T (45)

Ry is the coefficient used in MCTS rewards.

For evaluating a complete episode, a sequence of rewards was generated for each visited
product MDP state as follows:

Rewep = Rep 771 I+ [ro, 71, -y 7] (4.6)

where Rep, is a coefficient for determining the importance of ending up in an accepting
state, and 1 is a vector of size T where each element is 1. Rew,, effectively adds a scalar
(the product of Re, and r7_1) to all elements in the sequence of observed rewards.

The intuition behind this reward function was to enable the agent to handle infinite
interpretations of a specification (in LTL) that would allow it to satisfy specifications
requiring loop behaviors (such as indefinitely visiting two states). However, this reward
mechanism suffered in these scenarios and resulted in lower success rates compared to the
final version of our reward mechanism. In the end, the procedure discussed in Section 4.1.1
outperformed all other tested methods.

4.4 Training the Network and Extracting a Policy

So far in this chapter, the conduct of MCTS rollouts and the collection of results for each
state during a run have been explored. At the end of the run, the sequence of visited
product MDP states is evaluated using the task specification (as described in Section

39



3.2.2), and the resulting Boolean rurL, is recorded as the outcome or reward of that run.
In summary, after each run, two key pieces of information are generated and kept in a
buffer:

e A sequence of improved policies.

e The result of the run (ryrp, in Alg. 1).

The latter is then repeated for all visited product MDP states so that the value target for
the network for each state is the result of the game.

During training, generated trajectories (sequences of {sj, s3,...} in Alg. 1) along with
their rewards (rprr,) and sequences of MCTS policies (IT in Alg. 1) are stored in a buffer.
The network’s weights are then updated on a number of random samples after each run.

Due to the computational intensity of MCTS samples, Alg. 1 can be slow at runtime.
To address this, a simple method is proposed to extract a policy from the MCTS parameters
after training using equation 4.7.

7(s*) = argmax, N(s*,a) (4.7)

Training stops once the agent can fully solve the task from all valid initial states or after
a maximum number of iterations. Deploying the agent with this policy is computationally
much more efficient, enabling us to test our method across a wide range of simulation-based
experiments, as presented in the next chapter.
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Chapter 5

Simulation Studuies

In this section, the proposed approach, specifically the extracted policy from Equation 4.7
following the agent’s training via Alg. 1, is evaluated and compared against a state-of-the-
art Q-learning based method known as CSRL [12] across three distinct case studies.

Additionally, the performance of another method, Q-learning with counterfactual ex-
periences for RMs (CRM) [16], is included for comparison within the relevant case study.
Initial experiments demonstrated that the extracted policy (Equation 4.7) achieves per-
formance very close to that of Alg. 1 after training, while offering significantly greater
computational efficiency.

All experimental evaluations were conducted on a desktop computer featuring an AMD
Ryzen 7 6800H processor (3.2 GHz, 8-core, 16-thread), an RTX 3070ti GPU, and 16 GB
of RAM. The implementation of the proposed approach and the comparative methods was
carried out using Python. The complete source code is available at https://github.com /CL2-
UWaterloo/RL-LTL.

5.1 Environment Dynamics

The dynamics of the environments are consistent across all case studies. The robot has
four MDP actions to choose from: moving up, right, down, or left. The robot may or may
not have access to LDBA e-actions, depending on the structure of the LDBA. Taking an
e-action only changes the LDBA state of the product MDP, without altering the robot’s
location in the environment (i.e., the MDP state).
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The environments can be deterministic or stochastic. In the deterministic case, the
robot always moves in the desired direction. In the stochastic environment, the robot has
a probability p of moving in the intended direction. For the experiments, p was fixed at
0.8, meaning there is an 80% chance the robot will move in the desired direction. There
is a 10% chance it will move to the left and a 10% chance it will move to the right of the
intended direction. In general, when there is a p chance of performing the intended action,
there is a 1 — p chance that a random move to the left or right might happen.

Upon collision with a wall (outer layer of the environment) or an obstacle (represented
as grey areas), the robot simply remains in its location, rendering the movement ineffective.

As a reminder, the dynamics of the environment carry over to the MCTS component.
In other words, The MCTS component of the algorithm generates samples by simulating
possible trajectories within the environment, utilizing the generative model to explore
different states and outcomes. However, the learning component of the approach, which
involves training the neural network and updating the policy, does not explicitly rely on
knowing the exact transition probabilities between states. This characteristic makes the
approach semi-model-free within the context of RL, as it combines model-based sampling
for exploration with model-free learning for policy improvement.

Success rates, defined as the probability of satisfying the task starting from a random
initial position, are reported for the evaluations. All reported success rates are measured
by running 1000 runs from 10 independent experiments. The robot did not start any runs
from cells where it was impossible to satisfy the formula.

Next, the case studies are discussed.

5.1.1 Case 1 - Sequential Delivery with Varying Number of Un-
safe Zones

This case study involves a robot navigating an environment with the goal of completing a

sequential delivery task. The environment, as depicted in Fig. 5.1a, can contain up to six

unsafe zones labeled as d, as shown in Fig. 5.1c. The task requires the robot to satisfy the
following LTL formula:

¥ sequential delivery — U—d A (_'CU b) A (_‘bu CL) A\ ODC (51)
This formula specifies that the robot must:
e Avoid unsafe zones d at all times.
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e First visit location a, then location b, and finally location ¢, strictly in this order.

The agent must adhere to this sequence without visiting these locations in any other
order; failure to do so results in an unsuccessful task. As the number of unsafe zones
increases, the difficulty of the task escalates due to the higher risk of violating the safety
constraints. This makes the sequential delivery task a challenging benchmark for evaluating
the robustness of the proposed approach.

In environments with a higher number of unsafe zones, the likelihood of the agent
accidentally entering an unsafe zone increases, presenting a significant challenge for the
agent to navigate safely while adhering to the required sequence of locations. As demon-
strated in Section 5.2, when the number of unsafe zones exceeds a certain threshold, the
Q-learning method (CSRL) is unable to find a feasible solution to the problem, highlighting
the limitations of traditional approaches under stringent safety constraints.

a a

d

®@e ee

c (d)(d) c (d
b d)(d)b did

(a) Zero unsafe zones (b) Four unsafe zones

¢) Six unsafe zones

(
Figure 5.1: Environmets for the sequential delivery case (Fig. 5.1a), with up to six unsafe
zones (Fig. 5.1c).

5.1.2 Case 2 - Craft-world

The Craft-world environment (see Fig. 5.2), includes ten distinct tasks borrowed from [7]
that have been adapted here as LTL; objectives. Each task in the Craft-world environment
involves navigating a grid-world to collect specific resources and achieve predefined goals,
represented by LTLy formulas below. The LTL; objectives for these tasks are designed to
test the agent’s ability to plan and execute complex sequences of actions in a large and
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complex environment. For instance, tasks may involve collecting resources in a particular
order or avoiding certain areas while gathering items needed to craft tools or complete
objectives. In this study, the agent is required to complete these tasks without the special
use action that was available in the original implementation by [5].
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Figure 5.2: The 10x10 craft-world, as implemented for this work. The tasks to carry out
for this environment were borrowed from [5].

The following are the ten tasks with their respective LTL; formulas:

@ Sike plank = Q(tree A Otoolshed) A D(—river V bridge) (5.2)

In this task, the agent must first reach a tree and then visit the toolshed to make a
plank, while avoiding the river unless a bridge is available.

© fﬁ;ke sick = O(tree A Qworkbench) A O(—river V bridge) (5.3)

For this task, the agent needs to collect wood from a tree and then use the workbench
to make a stick, ensuring to avoid the river unless a bridge is present.
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@ fi;ke aoth = Qlgrass A O factory) A O(—river V bridge) (5.4)

Here, the agent must gather grass and subsequently visit the factory to produce cloth,
while avoiding the river unless a bridge is accessible.

@ = O(grass A Qtoolshed) N O(—river V bridge) (5.5)

¥ make rope

In this task, the agent is required to collect grass and then visit the toolshed to make
rope, ensuring to avoid the river unless a bridge is available.

@ S);ke pridge = Q((tree A Q(iron A O factory)) V (iron A Q(tree A O factory))) (5.6)
AO(=river V bridge)

For this task, the agent must either collect wood from a tree and then iron to visit the
factory, or collect iron first and then wood to visit the factory to make a bridge, all while
avoiding the river unless a bridge is accessible.

09 = Otree A O(toolshed A O(grass A Gworkbench))) A O(—river V bridge) (5.7)

In this task, the agent must collect wood from a tree, visit the toolshed, gather grass,
and finally use the workbench to make a bed, while avoiding the river unless a bridge is
present.

(0 = O(tree A O(workbench A O(iron A Otoolshed))) A D(—river V bridge)  (5.8)

% make axe —
For this task, the agent needs to collect wood from a tree, use the workbench, gather

iron, and visit the toolshed to make an axe, ensuring to avoid the river unless a bridge is
available.

© Eﬁ;ke shears = Q(tree A O(workbench A §(iron A Qworkbench))) A O(—river V bridge)
(5.9)
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In this task, the agent must collect wood from a tree, use the workbench, gather iron,
and then use the workbench again to make shears, while avoiding the river unless a bridge
is present.

gogé)t gold = O((iron A O(wood A Q( factory A Ogold)))V

5.10
(wood A O(iron A Q( factory A Ogold)))) A O(—river V bridge) (5.10)

For this task, the agent must either collect iron first and then wood to visit the factory
and get gold, or collect wood first and then iron to visit the factory and get gold, all while
avoiding the river unless a bridge is available.

e = O(tree A O(workbench A Q(iron A (toolshed A Qore))))

get gem (511)
AO(=river V bridge)

In this task, the agent must collect wood from a tree, use the workbench, gather iron,
visit the toolshed, and finally collect ore to get a gem, while avoiding the river unless a
bridge is present.

This case study evaluates the effectiveness of the proposed approach in handling multi-
ple, varied tasks within the Craft-world environment, demonstrating the agent’s capability
to generalize across different LTL; specifications.

5.1.3 Case 3 - Office World

In this case study from [16], the robot must navigate within the office world environment
depicted in Fig. 5.3. The objective is to satisfy the following LTL; formula:

office-world = Id A O((m A OO(c A O00)) V (e A OO(m A (O0o))) (5.12)

In plain English, this formula dictates that the robot must avoid the decoration locations
(d) at all times and eventually reach the main office (0) after visiting the coffee location
(¢) and the mail location (m) in any order. The office-world environment, as implemented
in [40], includes additional cells on each axis to simulate walls. The hardest task defined
in their study, represented by the formula above (Eq. 5.12), is used for this case study.
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Figure 5.3: Environment for the office-world (see Sec. 5.1.3).

5.2 Simulation Results and Discussion

In this section, the results of the experiments conducted to evaluate the proposed approach
are presented and discussed. The performance of the extracted policy is compared to state-
of-the-art Q-learning based methods across various case studies. Each subsection details the
findings for specific scenarios, highlighting the strengths and limitations of the approaches
tested.

5.2.1 Sequential Delivery with Varying Number of Unsafe Zones

In the deterministic setting, the proposed approach successfully solves the task in all seven
environments within 30 steps. As a reference, the minimum number of steps required to
solve the task from any starting position is 25. The Q-learning baseline (CSRL) manages
to solve the task only in the first four environments (up to three unsafe zones) but fails to
find a solution in cases with four or more unsafe zones, regardless of the trajectory length.

In the stochastic setting, the average success rates are presented in Fig. 5.4, where the
agent’s trajectory length is fixed at 50 steps. In this comparison, CSRL was trained for
three million iterations for each environment, allowing for two orders of magnitude more
training time than our approach requires to solve the problems.
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Figure 5.4: Results for the sequential delivery case study in stochastic environments.

The inability of CSRL to solve three of the environments is likely due to the difficulty of
reaching the LDBA accepting states. In the sequential delivery case, the LDBA generates
very sparse rewards. Upon closely examining the LDBA| it becomes evident that there
is only one state providing positive rewards. In contrast, due to the high number of
unsafe zones, there are numerous death states, which are states from which the agent
cannot recover. This imbalance means that while the accepting state is unlikely to be
discovered, the death states are much more likely to be visited. As a result, no positive
reward is propagated through the LDBA, hindering the Q-learning process as it relies on
the propagation of positive rewards from these accepting states. One potential way to
address this issue could be to assign negative rewards to these death states, but the effect
of such an approach remains to be explored.

On the other hand, MCTS coupled with a neural network can still find satisfying trajec-
tories in such challenging scenarios. The combination of MCTS with a neural network helps
overcome the sparsity of rewards by effectively exploring the state space and identifying
trajectories that satisfy the LTL; specifications.

48



5.2.2 The Craft-World Tasks

In the deterministic setting, the proposed approach successfully solves all ten tasks within
40 steps from any starting position. As a reference, the minimum number of steps required
to solve the hardest task from any starting position is 29. The CSRL method cannot be
tested on the ninth task (Eq. 5.10) due to its implementation constraints which do not
allow the agent to know when a bridge is made. It is also not possible to encode this
requirement in the LTL; specification in a way that would account for if statement that
states the bridge is made if its materials are gathered and brought to the correct location.
However, it successfully solves the remaining nine tasks within 40 steps.

In the stochastic environments, the proposed approach eventually achieves perfect suc-
cess rates given sufficient time steps, and CSRL does too for nine of the tasks (aside from
the one that it cannot be tested on). The following covers the results obtained from all
ten tasks, including the one where CSRL could not be tested.

Task 1 in the stochastic craft-world Task 2 in the stochastic craft-world

A 100 - A 100
& &
o 90 A . 90 1
o 801 o 801
© e /i
o 7104 o 10
g g
S 60+ —— Our method S 604 —— Our method
3 Qlearning (CSRL) 3 Qlearning (CSRL)

50 50

10 20 30 40 50 60 70 10 20 30 40 50 60 70
Trajectory length (timesteps) Trajectory length (timesteps)
(a) Task 1 (b) Task 2

Figure 5.5: Results for the Craft-World Tasks in the Stochastic Setting (Part 1)
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Figure 5.5: Results for the Craft-World Tasks in the Stochastic Setting (Part 2)
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Figure 5.5: Results for the Craft-World Tasks in the Stochastic Setting (Part 3)
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Figure 5.5: Results for the Craft-World Tasks in the Stochastic Setting (Part 4)
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Figure 5.5: Results for the Craft-World Tasks in the Stochastic Setting (Part 5)
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5.2.3 The Office-World Task

In the deterministic setting, both the proposed approach and CSRL fully solve the task
within 70 steps. In the stochastic setting, the proposed approach achieves a higher success
rate when the agent is given a short trajectory length to solve the task, while CSRL
outperforms the proposed method when allowed longer trajectories (see Fig. 5.6).

As mentioned in chapter 2, CSRL assumes an infinite horizon when learning its policies,
which leads to performance degradation when limited to short trajectory lengths. However,
when permitted longer trajectories, its policy can eventually solve the task.

CRM [10], the source of this case study, demonstrates task completion in the deter-
ministic setting starting from one initial state. In this evaluation, CRM was tested in a
stochastic environment starting from random initial states, with average results reported
across 60 independent runs, similar to their methodology.

o) 70 1 —— Our method
G 60 Q-learning (CSRL)
— —— CRM
41207
3 40
©
& 30_
O
2 10
0 .

60 80 100 120 140 160 180 200
Trajectory length (timesteps)

Figure 5.6: Results for the office world in the stochastic environment.

As observed in Fig. 5.6, CRM, with the reward machine designed for the task, does
not perform as well in the stochastic environment as it does in the deterministic setting.
This performance discrepancy is likely due to the reward machine being tailored for a

deterministic environment, which may not provide suitable signals for effective learning in
a stochastic setting.
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5.3 Time Analysis of the Different Approaches

This section presents a time analysis of the proposed approach compared to other methods
across different tasks (averaged across 10 runs). The analysis highlights the training time
differences for each method and discusses how our approach performs in relation to CSRL
and CRM in various settings. Note that running tests is done very quickly since the policies
are learned (recall section 4.4) and is mostly done in a matter of seconds.

Starting with the first case (the sequential delivery case), Table 5.1 shows the compari-
son of training times between the proposed method and CSRL across different environments
with varying numbers of danger zones.

# of Danger Zones | Our Training Time (+ std) | CSRL Training Time
0 21lm=+1.1m 4.5 m
1 3.3m=+ 1.5 m 4.5 m
2 29m+ 1.3 m 4.5 m
3 5.7m £ 1.9m 4.5 m
4 6.1m + 1.8 m >6 h
) 74m =+ 23 m >6 h
6 82m £+ 2.9 m >6 h

Table 5.1: Training time comparison between our method and CSRL for different numbers
of danger zones. In this table, m stands for minutes and h stands for hours.

Table 5.2 provides the training time comparison between our method, CSRL, and CRM
for the office-world task, demonstrating the performance of each method in this specific
environment.

Method | Training Time (+ std)
Our Method 1183 £ 31.2m
CSRL 183.5 m
CRM 39.3 £ 23.6 m

Table 5.2: Training time comparison for the office-world task (m stands for minutes).

Finally, table 5.3 presents a comparison of training times between our method and
CSRL across ten craft-world tasks. These results show how our approach scales as task
complexity increases.
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Craft-World Task | Our Training Time (+ std) | CSRL Training Time
1 6.2m £ 21m 15 m
2 8.6m £ 2.3 m 15 m
3 7.1m £ 2.8m 15 m
4 8.8m £ 3.1 m 15 m
) 412 m + 145 m 1h
6 47Tm + 182 m 1h
7 50.9m £ 18.5 m 1h
8 56.3 m £ 24.8 m 1h
9 127.8 m £ 49.6 m —
10 116.3 m £ 45.9 m 1h

Table 5.3: Training time comparison for craft-world tasks between our method and CSRL.
The CSRL training time for the ninth task is not available. In this table, m stands for
minutes and h stands for hours.

5.3.1 Summary of Results

The proposed approach excels in solving complex tasks within environments that have a
high probability of violating safety specifications, as seen in Fig. 5.1c. In these challenging
scenarios, the baseline method struggles to find solutions even in deterministic settings. By
treating time, specifically the allowed trajectory length, as a constrained resource, the pro-
posed method consistently achieves higher success rates compared to existing approaches,
particularly when tasked with solving problems within a short duration in stochastic envi-
ronments, such as the one described in Sec. 5.1.3.

Additionally, the method was evaluated on a series of tasks from [5], demonstrating its
ability to tackle complex specifications that require intricate levels of planning in stochas-
tic settings. The results show that the proposed approach is not only robust but also
versatile, capable of addressing a wide array of challenges across various environments.
This highlights its potential for broader applications where traditional methods fall short,
reaffirming the effectiveness and reliability of the proposed solution.
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Chapter 6

Extensions for the Current Work and
Conclusion

In this section, two lines of work that have been undertaken to extend the current re-
search will first be reviewed. Following this, the results obtained will be discussed and
summarized, highlighting their implications and significance. Finally, the section will be
concluded by reflecting on the overall contributions and future directions of the work.

There are many avenues to extend the current work, potentially involving various as-
pects such as dealing with dynamic worlds (where labels in the environment move), ex-
panding the action space of the agent, working in continuous state spaces, attempting to
solve new tasks in a zero-shot manner, and more. In this chapter, two specific ideas that
were investigated will be explored and their results reviewed. Following this, we will discuss
the limitations of the current approach and propose potential solutions to address some of
them.

The first extension focuses on improving the learning phase for new environments by
leveraging training on similar ones. The second extension expands the setup to work with
multiple agents. While these ideas are not fully mature, they shed light on additional
possibilities that can be built upon the current work.
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6.1 Improved Performance for New Environments via
Pre-Training

If the problem is examined from a high level, it becomes evident that there are two main
components: the task specification and its corresponding LDBA, and the MDP of the
environment. One limitation of the proposed approach is that training on a product MDP
is not transferable to other problems. In other words, if the product MDP changes, the
MCTS parameters for its states change and are no longer applicable to a new problem
setup. This significantly constrains the training process because even a small change in
either the MDP (e.g., relocating a label) or the task specification necessitates restarting
the training from scratch.

However, by making certain assumptions, it is possible to enhance the training process
for a new problem (i.e., product MDP). The idea revolves around fixing the task specifica-
tion and changing the MDP by relocating the labels in the environment (without altering
the size of the grid-world). Let’s explore this approach further.

If the LTL formula remains fixed, the LDBA associated with it also remains unchanged.
Similarly, if the size of the grid-world does not change, the input shape to the network
remains consistent. This is because the input format of the network (see Sec. 4.2.1) depends
on i) the shape of the environment, and ii) the number of LDBA states. Consequently,
training the network on a specific problem and then altering the grid-world by relocating
the labels allows the new product MDP states to be fed into the network to obtain outputs.

Although the product MDP has changed, necessitating the re-learning of MCTS pa-
rameters, the network may retain useful information from the previous grid-world. For
instance, it may learn about the dangers of unsafe zones or the importance of destination
labels. This retained knowledge can help provide better policy priors to the MCTS earlier
in the training process, thereby accelerating the training for the new environment.

To test this idea, the LTL; formula was fixed as the sequential delivery task. A set of
ten random 10x10 test grid-worlds was implemented to benchmark the effect of training
the network on similar worlds. Fig. 6.1 is an example of the ten grid-worlds included in
the test set. Additionally, a set of 500 similar random grid-worlds was created for training.

First, to establish a baseline, the agent was tasked with solving each of the test set
grid-worlds independently, without any pre-training on similar worlds from the training
set. The success rate of the agent was recorded after each iteration of the training on
the test set worlds, up to 11 iterations. Each world was trained independently ten times.
The average success rates for each iteration of the training were recorded as the success
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Figure 6.1: An example of the random 10x10 grild-world created.

trend (with training iterations) for each world. Table 6.1 shows these average values. The
average of all the ten worlds (last row of the table) was used to measure the improvement
In success rates.

A second table was produced for the test set worlds, but this time, the network was
pre-trained on a training set of 500 random worlds similar to the test set. The weights
of the network were carried over from the training on the 500 training worlds to the test
worlds. The success rate per iteration over the test set, using the pre-trained model, is
shown in Table 6.2.

To measure the effect of pre-training, two metrics were developed to compare the se-
quences of success rates with and without pre-training. The first metric is the performance
metric, which essentially measures the blue area between the success rate curves (see Fig.
6.2). This metric evaluates whether the success rates were above the baseline after pre-
training. A positive value in this metric indicates that pre-training resulted in faster
learning and better initial performance compared to the baseline. This value in Fig. 6.2

57



Table 6.1: Average Success Rates for Each Iteration of Training on Test Set Worlds

Iteration 1 2 3 10 11
World 1 | 0.0652 | 0.0656 | 0.2148 | ... | 0.7012 | 0.7010
World 2 | 0.3184 | 0.4340 | 0.5752 | ... | 0.8084 | 0.8046
World 3 | 0.1096 | 0.2284 | 0.2440 | ... | 0.7260 | 0.7372
World 4 | 0.0000 | 0.0832 | 0.2672 | ... | 0.6240 | 0.6204
World 5 | 0.0996 | 0.4336 | 0.5184 | ... | 0.7436 | 0.7380
World 6 | 0.2080 | 0.4076 | 0.4384 | ... | 0.7844 | 0.8122
World 7 | 0.0000 | 0.0900 | 0.2060 | ... | 0.6496 | 0.6506
World 8 | 0.0348 | 0.0608 | 0.1748 | ... | 0.6232 | 0.6472
World 9 | 0.0168 | 0.0572 | 0.0656 | ... | 0.5004 | 0.5464
World 10 | 0.1096 | 0.3336 | 0.4776 | ... | 0.8392 | 0.8366
Average | 0.0964 | 0.2192 | 0.3184 | ... | 0.6953 | 0.7091

is equal to 0.9869. divided by 11 (number of iterations) it suggests we gain ~ 9% higher
success rates per iteration.

The second metric involves comparing the success rates after the same amount of train-
ing iterations. By examining the final values of each success rate sequence (red dotted
line in Fig. 6.2), this metric shows how much better the agent performs on average after
a fixed training period with and without pre-training. This value is 0.0773, meaning we
gain a 7.7% higher success rate if we used the pre-trained model. This comparison helps
determine the overall effectiveness of pre-training in improving the agent’s performance
over the same training duration.

These metrics provide insights into both the initial acceleration of learning due to pre-
training and the final performance improvement achieved through pre-training.

6.2 Scaling to Multiple Agents

Introducing multiple agents to our problem setup can add many layers of complexity and
can be approached in various ways. Decisions such as whether the state space of the
agents is joint or independent, whether the agents share information, whether they have
independent tasks or a common task to achieve together, and whether they are competing
or cooperating are all factors that can significantly affect the complexity of the problem.
Additionally, the existence of multiple agents imposes constraints on runtime and compu-
tational resources. This avenue of research is extensive, and The motivation behind this
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Table 6.2: Average Success Rates for Each Iteration with Pre-trained Model

Iteration 1 2 3 10 11
World 1 | 0.2952 | 0.2995 | 0.3460 | ... | 0.8953 | 0.8460
World 2 | 0.3380 | 0.3980 | 0.6019 | ... | 0.9616 | 0.9809
World 3 | 0.3122 | 0.3401 | 0.3103 | ... | 0.8164 | 0.9226
World 4 | 0.2800 | 0.2823 | 0.2943 | ... | 0.7532 | 0.7480
World 5 | 0.2794 | 0.5079 | 0.4799 | ... | 0.8036 | 0.6958
World 6 | 0.3161 | 0.4006 | 0.5084 | ... | 0.7384 | 0.8074
World 7 | 0.2800 | 0.2930 | 0.3073 | ... | 0.7222 | 0.6282
World 8 | 0.2876 | 0.2765 | 0.2663 | ... | 0.7318 | 0.6659
World 9 | 0.2798 | 0.2872 | 0.2800 | ... | 0.5606 | 0.5733
World 10 | 0.2956 | 0.3463 | 0.6360 | ... | 0.7889 | 1.0000
Average | 0.2964 | 0.3431 | 0.4030 | ... | 0.7772 | 0.7868

section is to explore the possibility of applying the same technique at a larger scale and
understand the challenges and potential solutions in a multi-agent setup.

In this section, a basic version of the problem with multiple agents will be considered.
The setup will be described, followed by a discussion of the results obtained using the
proposed approach. So far, the focus has been on a single-agent setup, where the agent is
given a task to solve in a labeled MDP. This setup can be extended to multiple agents who
are attempting to solve the same task, with the added constraint that they must avoid
collisions with each other.

This setup inherently limits the types of tasks that can be designed for the agents.
Specifically, tasks requiring agents to remain at a certain location indefinitely cannot be
satisfied if agents are prohibited from occupying the same position simultaneously due to
collision avoidance constraints. To extend the current approach to multiple agents, the
agents can be initialized in the environment. According to Alg. 1, each agent would run
many MCTS samples to help decide its next move. However, this would require the agent
to have some understanding of the behavior of other agents to accurately simulate the
environment.

Adding other moving agents essentially transforms the environment into a dynamic one.
As discussed at the beginning of this chapter, the current approach cannot handle dynamic
environments because changes in the MDP also change the product MDP. However, it is
possible to separate the agents’ locations from the MDP and treat them as separate entities.
These entities affect the behavior of the agent purely by enforcing a negative reward if a
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Figure 6.2: Compariosn of average success rates for the ten test worlds.

collision occurs. Therefore, MCTS samples can be run either by having all agents share
the same joint policy, which they can use for other agents in their MCTS simulations, or
by having independent policies, where each agent has an internal belief about the behavior
of other agents.

The first approach has the advantage of accuracy, as each agent has access to the latest
state of other agents’ policies. However, it also has drawbacks, such as difficulty in training
agents separately in a decentralized manner and potential overhead on the communication
channel, which may not be feasible if the communication channel is limited. The second
approach avoids these drawbacks but may degrade the overall system’s quality due to each
agent’s internal estimates.

In the proposed setup for this section, the agent’s belief about other agents is simplified.
Since all MCTS samples are gathered for the next immediate actions, the agent can assume
that all other agents are static while planning its next move. This assumption is inaccurate
for future timesteps, as other agents will move, but it is reasonable for the next immediate
action if agents take turns selecting their next moves. On the other hand, the assumption
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of sequential decision-making over agents lengthens the decision-making process, as each
agent must wait its turn to run its simulations and make its move. This is not the ideal
setup. A more appealing setup is where all agents run their MCTS simulations in parallel,
but this introduces challenges in modeling other agents’ actions when each agent is running

its MCTS.

Therefore, each agent has its own internal state of the environment, similar to the
single-agent setup, but the overall state of all agents is a product of all their states. There
is no need to track the progress of the overall state directly; keeping track of individual
agent states is sufficient and simpler to implement. The task is considered solved if all
agents satisfy it. As a consequence of our setup, the state-space of the problem grows
by an order of O(k™) where n is the number of agents and k& is the multiplication of the
number of LDBA states and the grid-world dimensions.

b

)

Cc

Figure 6.3: Environment for the multi-agent setup.

Let’s quickly review the characteristics of the multi-agent setup:

There can be n number of agents simultaneously in the MDP.

All agents are solving the same LTL task.

There is an additional constraint preventing agents from colliding (i.e., being at the
same location simultaneously).

Agents take turns choosing their moves and assume other agents are static labels in
the environment during MCTS sampling.
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e If agents collide, a negative reward is immediately produced, and the MCTS /run
terminates.

e A positive reward is only given to a run of the environment if all agents satisfy the
task.

To test the above setup, a simple grid-world was created (Fig. 6.3). The agents were
given a simple task of eventually visiting a, b, and ¢ (in any order) while avoiding hitting
each other and the danger zones d at all times. This task can be written as an LTL; task
as follows Where n is the number of agents, and ’A; at &’ means the event that agent 7 is
at label x:

¥ multi-agent task =
(O, at d) A (A at ) A (0A; at b) A (04 at €)) Aiy Tm(A;at A)) (6.1)
i#]

With the above setup, it is no longer possible to extract a fixed policy like in Eq. 4.7 and
the only way to produce a trajectory for all the agents is to run Algorithm 1. Algorithm 1
is slow on its own, but it becomes even slower when used for multiple agents since the
number of agents has increased and the state space of the problem has expanded. This
makes it difficult to train and test the agents, especially when there are more than two
agents in the environment.

Figure 6.4 shows the results for running the above scenario with 2, 3, and 4 agents over
different time lengths. This setup was only tested in the deterministic environment. For
each configuration with a fixed number of agents and a fixed trajectory length, 10 sets of
10 runs (for a total of 100 runs) were conducted, and their success rates were averaged and
recorded. The locations of the agents were chosen randomly for each run.

As seen in Fig. 6.4, as the number of agents increases, the success rate drastically
decreases. The reason for this is most likely because navigating the environment with
multiple agents makes it difficult to avoid collisions. Expanding the size of the environ-
ment could help mitigate this issue, but it also increases the state space, making it more
challenging to explore and solve. Another observation was that the main reasons for task
failure were either not completing the task within the given time (agents got stuck in
loops that did not accomplish the task) or colliding with each other. The danger zone was
almost always avoided by all agents. This suggests, as expected, that dealing with fixed
labels in the environment is easier for the proposed algorithm, while handling moving labels
(agents) requires further modifications to address this problem. This becomes more pro-
nounced considering that solving this environment almost perfectly in both deterministic
and stochastic setups is straightforward for one agent with the current algorithm.
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Success rate vs trajectory length
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Figure 6.4: Success rates for the multi-agent setups with different number of agents.

6.3 Discussion and Conclusion

The proposed approach effectively utilizes the combination of a neural network and MCTS
to generate trajectories that satisfy LTL specifications in discrete state and action systems.
The achievement of perfect success rates in all deterministic scenarios with limited trajec-
tory lengths demonstrates that this method can confidently and quickly identify promising
moves to satisfy complex LTL; specifications in various environments. This is particularly
valuable in time-constrained environments, where efficient sampling is critical.

Moreover, the higher success rates observed in comparison to state-of-the-art approaches,
particularly in environments with numerous unsafe zones (case 5.2.1) and stochasticity
in robot movements, underscore the robustness of the proposed method. The ability to
maintain performance in challenging environments highlights the approach’s potential for
real-world applications, where unpredictability and risk are often present.

However, certain trends in the results warrant further discussion. For instance, some of
the plots (e.g., Fig. 5.6 and 6.4) exhibit a plateau in success rates after a certain trajectory
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length. This phenomenon suggests that while the proposed approach excels in scenarios
with time constraints, it may encounter limitations in situations where time is not a critical
factor. Specifically, the method may struggle to find the optimal policy (in terms of the
length of the found trajectory) when the problem demands exhaustive exploration and long
trajectories to achieve the desired outcome.

These observations indicate that while the proposed approach performs well in many
cases, its design may inherently favor scenarios where decision-making within limited time
frames is crucial. This trade-off, though advantageous in many applications, points to
potential areas for improvement, particularly in refining the method for environments where
time is abundant and the optimality of the policy is paramount.

6.3.1 Limitations and future work

While the simulation studies illustrate the applicability and performance of this approach
across a range of problems, the proposed method does have limitations. primarily, un-
like [12], the current approach does not provide theoretical guarantees for maximizing the
probability of satisfying the LTL specification. Additionally, this approach lacks complete-
ness guarantees, meaning it may fail to find a trajectory that satisfies a specification, even
when one exists.

Despite the absence of theoretical soundness guarantees, rigorous simulation evalua-
tions demonstrate practical success in scenarios where even state-of-the-art methods fail.
This approach is well-suited for static environments where the locations of items in the
environment do not change over time (with the exception of the agent). Testing this ap-
proach with multiple agents reveals its potential to solve the same LTL specifications in
systems with more agents. However, the increase in state-space and the addition of dy-
namic elements make the problem more challenging. While the proposed approach can
still address these cases, further modifications are necessary for optimal performance.

One significant challenge in dealing with larger problems is the exponential growth of
the state space, particularly when working with the product MDP. As the size of the MDP
and the number of states in the LDBA increase, the current approach may struggle to scale
efficiently. This is especially true when the specification results in an enormous LDBA,
leading to a dramatic increase in the state space to be explored. To address this issue,
one potential solution would be to replace the tables used for storing MC'TS statistics with
function approximators, which can estimate values for each state dynamically. Another
approach could be inspired by AlphaGo Zero, where only nearby states of the problem are
tracked, instead of the entire state space, while employing a receding horizon strategy to
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update and discard state statistics as needed. Nevertheless, it should be emphasized that
the current method does face limitations when applied to problems of larger scale.

Additionally, one of the key findings of this research is that the agent struggles when
tasked with satisfying specifications that require navigating through several sequential
steps before reaching the final goal. Specifications that involve checking a sequence of
conditions, particularly those requiring around five or more tasks (based on experience)
to be completed in order, proved challenging. In such cases, the agent had difficulty
identifying the correct sequence of actions without intermediate rewards. This type of task
is especially hard for the current setup, as it lacks intermediate guidance. Introducing
some form of intermediate reward system could significantly aid the agent in discovering
the correct sequence of actions required to satisfy the specification.

The overall solution described in this work operates in a simulated environment, which
assumes perfect inputs and outputs. In the real world, noise, imperfect sensor inputs, and
actuator inaccuracies are common challenges. These factors can significantly impact the
performance and reliability of the approach. Therefore, deploying this solution in real-
world settings would require additional efforts to account for and mitigate these issues,
ensuring that the system performs to the same standard. Experimenting with stochastic
environments, as has already been done, represents a step forward toward real-world im-
plementation, addressing some of the uncertainties present in practical scenarios. Future
work could focus on integrating robust control techniques to handle noise and uncertainties
in sensor inputs and actuators, as well as testing the approach in real-world environments
to assess its performance under practical conditions.

6.3.2 Conclusion

In this work, an RIL-based method was proposed to solve LTL specifications in a system
with finite states and actions, modeled as an MDP with a priori unknown transition prob-
abilities. Our approach first employs a neural network combined with MCTS to generate
runs that satisfy the task. A policy is then extracted from the MCTS parameters to enable
online deployment and testing.

Extensive simulations demonstrate that this approach can successfully learn policies to
satisfy complex LTL specifications within a maximum number of steps (e.g., corresponding
to robot battery life or a time limit). This method learns robust policies for the stochastic
cases studied, where either a state-of-the-art approach could not satisfy the specification
of interest or performs better when constrained by a limited trajectory duration.
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