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Deploying an autonomous robot into a dynamic environment can lead to actions be-
coming unreliable over time, producing unexpected outcomes that were unforeseeable
before runtime. Most agent programming languages, commonly used for high-level
control of autonomous robots, do not support the adaptation of agent programs at run-
time to deal with changes in an environment. In addition, modifying an agent program
at runtime can be dangerous due to the unpredictable consequences.

These limitations present significant challenges for autonomous systems, as envi-
ronmental changes can render pre-programmed behaviours ineffective or even coun-
terproductive. As a result, an agent-controlled autonomous robot may be left without
a viable plan and forced to abort the mission.

This thesis aims to provide a comprehensive framework for creating more adap-
tive and resilient autonomous agents, capable of operating effectively in dynamic and
unpredictable environments. In pursuit of this aim, this thesis makes four main contri-
butions. A formal semantics for actions with explicit durations, pre-conditions, post-
conditions, and terminating conditions; a method for detecting persistent action fail-
ures using a recorded history of action execution outcomes; a method for learning new
action descriptions; and a cohesive implementation that combines these three contri-
butions with a framework for reconfiguring agent plan libraries.

Together, these extensions to agent programming languages enable agents to moni-

tor actions during missions, detect when actions are no longer performing as expected,



learn updated action descriptions from data gathered during action executions, and then
use these new descriptions to repair plans that contained failing actions.

An implementation of the extensions was written for the GWENDOLEN program-
ming language and combined with an existing framework for reconfiguring agent plan
libraries. The integration of these components creates a comprehensive framework that
can adapt to unexpected action failures at runtime whilst prioritising safety. The imple-
mentation was then validated with an evaluation in simulated dynamic environments,
demonstrating a 55% average increase in agents completing their assigned missions
after experiencing failures on every available action.

The extension of agent programming languages to enable graceful degradation and
long-term autonomy in dynamic environments is an important foundation for the future
development of reliable and resilient robotic systems that can operate entirely without

human intervention.
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Chapter 1
Introduction

This thesis aims to provide a comprehensive framework for creating more adaptive
and resilient autonomous agents, capable of operating effectively in dynamic and un-
predictable environments. In this chapter, the research motivation, questions and ob-
jectives are introduced, the structure of the thesis is outlined, and the contributions

made as a result of this research are detailed.

1.1 Motivation

For robotic systems to pursue long-term autonomy in unpredictable environments, they
must be able to adapt to unforeseen changes and continue functioning effectively. Un-
foreseen changes in the environment can lead to actions becoming unreliable over time,
producing unexpected outcomes that can cause mission failure. This poses a significant
challenge to the operation and deployment of autonomous robots.

Most agent programming languages, commonly used for the high-level control of
autonomous robots, do not support the adaptation of agent programs at runtime, which
can be problematic when deploying autonomous robots in dynamic environments. On
top of this, modifying an agent program during operation carries significant risks, as
the consequences of such modifications can be unpredictable, potentially leading to
mission failure. The lack of adaptability in existing agent programming languages
presents a significant obstacle to the realisation of long-term autonomy in robotic sys-

tems.

[Beliefs-Desires-Intentions (BDI)| agents offer a promising paradigm for achieving

adaptability in robotic systems. agents are built upon the principles of practical

reasoning (Rao & Georgeft]1991), modelled after human cognitive processes (Bratman

15



16 CHAPTER 1. INTRODUCTION

1987). These agents possess beliefs about their environment, desires (goals) that they
strive to achieve, and intentions (plans) that guide their actions to fulfil those goals.
This framework makes agents well-suited to navigate dynamic and unpredictable
environments.

There are several key advantages of the [BDI| model that contribute to the devel-
opment of adaptable agents. [BDI| agents maintain a clear separation between their
knowledge about the world (beliefs) and the procedures for acting upon that knowl-
edge (plans) (Rao & Georgeff]|1991). This declarative representation allows for easier
modification and updating of an agent’s understanding of the environment as changes
occur. An agent’s beliefs encapsulate its understanding of the environment, which can
be readily updated in response to perceived changes (Wooldridge |1999). This flexi-
bility is important in dynamic environments where unforeseen events may invalidate
prior knowledge. agents exhibit goal-directed behaviour, as they constantly work
towards achieving their desires. This behaviour is determined by a dynamic selection
of plans based on the agent’s current beliefs and goals (Wooldridge 2001)). This flex-
ibility allows agents to readily adapt to changes in their environment or goals,
making them suitable for pursuing long-term autonomy in unpredictable settings. [BDI
agents can also reason about their actions and plans. This reasoning ability is based on
the agent’s beliefs about the world and its understanding of the effects of its actions.
The capacity for reasoning could enable agents to handle unexpected situations. For
instance, if an action deviated from its anticipated outcome, the agent could reassess
the situation, considering alternative plans to reach its goals.

While agents are a good starting point for developing adaptable autonomous
systems, there are several limitations of languages which need to be addressed to
enable the development of mechanisms for adaptation in dynamic environments.

Many languages represent actions as atomic (Meyer et al.|2015), and assume
they execute instantaneously. This simplification doesn’t reflect the reality of real-
world actions, which often have durations. Without explicitly accounting for action
durations, agents risk becoming unresponsive to dynamic events while awaiting action
completion.

While some [BDI|languages have more complex action representations that state the
conditions required for execution, and the outcome that the action should achieve (Das-
tani et al. 2005, |[Hindriks 2009), they lack methods for detecting when actions consis-
tently fail to achieve their intended effects. Agents that are capable of adapting to

changes in their environment need to identify action failures and distinguish whether
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those failures are transient or persistent.

Traditional agents rely heavily on pre-programmed plans and action descrip-
tions, limiting their flexibility in dynamic environments. The ability to adapt existing
action descriptions or learn new ones as the environment changes is critical for extend-
ing an agent’s operational lifetime.

There have been research efforts to address these limitations, each with strengths
and shortcomings. Work by Harland et al. (2014)) on goal life-cycles in BDI agents
offers a theoretical basis for managing goals with changing states throughout their life-
times. Their framework introduces the concept of suspending goals while actions are
executing, however, this work lacks a specific focus on individual action monitoring,
focusing primarily on the effects of action outcomes on goal status. |Dennis & Fisher
(2014) extend |[Harland et al. (2014)’s life-cycle concept to apply states and life-cycles
to actions. Their extended operational semantics provide a theoretical foundation for
improved action monitoring, though it does not provide mechanisms for acting on the
action outcomes, such as detecting recurrently failing actions.

Research on plan failure in[BDI|agents predominantly centres on goal-level failures
(Bordini & Hiibner |2010, [Sardina & Padgham|2007). This research concentrates on
mechanisms for dropping or re-planning goals when plans fail to achieve their objec-
tives. While essential, this focus on goal-level failure overlooks action-level failures,
where the specific post-conditions of an action might not be met, even if the overarch-
ing goal is achieved. This distinction is important for identifying the root cause of plan
failures and enabling more targeted adaptation strategies.

The limitations in existing[BDI|languages highlight the need for more robust mech-
anisms for representing action with durations, detecting action failures, and learning
new action descriptions that are accurate to their perceived effect on the environ-
ment. These limitations must be addressed to enable the development of adaptable
BDI| agents capable of pursuing long-term autonomy without human intervention in

dynamic and unpredictable environments.

1.1.1 Research Questions and Objectives

The limitations of autonomous agents, particularly concerning their ability to adapt to
dynamic environments where actions may become unreliable and produce unexpected
outcomes, have motivated this research. These limitations informed four key research
questions and eight corresponding research objectives. By addressing these research

questions and objectives, the thesis aims to provide a comprehensive framework for
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creating more adaptive and resilient agents, capable of operating effectively in
dynamic and unpredictable environments.

Many real-world robotic tasks involve actions that take time to complete. How-
ever, many traditional languages often operate under the assumption that actions
are near-instantaneous. Research Question I asks how BDI|languages could handle ac-
tions that have pre-conditions, post-conditions, durations, and terminating conditions.
Objective 1.a focuses on the development of this theory, whilst Objective 1.b calls for
an implementation to recognise the theory, to lay the foundation for further research
and development into adaptable agents.

Many agent programming languages do not support the adaptation of agent
plans during execution. Research Question 2 asks how extended action theory can
help to enable plan reconfiguration for [BDI| agents. Objective 2.a aims to build on the
extended action theory, developing the concept of an “Action Log”, to allow agents
to track the performance of actions over time. Objective 2.b subsequently builds on
the capabilities unlocked by the extended action theory, by using the Action Log to
determine when actions are no longer consistently achieving their post-conditions.

Machine learning algorithms have demonstrated their ability to identify recurring
patterns in datasets (Mitchell [1997). Research Question 3 asks how machine learning
could be used to update action descriptions to more accurately reflect an action’s effect
on the environment. Objective 3.a addresses the research question directly by calling
for a method to update action descriptions using the data collected in the Action Log.
Objective 3.b aims to integrate the learned action descriptions into the agent’s planning
process, using an existing framework for reconfiguring agent plan libraries, allowing
agents to use the updated knowledge to continue operating after experiencing failure.

Research Question 4 seeks to evaluate the feasibility and effectiveness of the pro-
posed extensions for agent architectures. Objective 4.a involves designing and
conducting experiments in simulated environments to assess how well the modified
BDIlagent performs in different domains, particularly when action failure rates are in-
creased. Objective 4.b covers the analysis of the experiment results based on metrics
relevant to pursuing long-term autonomy, such as success rate, robustness to action

failures, and computational efficiency.
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1.2 Thesis Structure

In this section, the structure of this thesis is outlined, with a description of the content

of each chapter, and the first-author publications that each chapter’s content informed.

Chapter [I] - Introduction

The research motivation is presented, describing the research problem that this thesis
aims to solve, the current state of adaptable reasoning research, and what is pro-
posed to address the research problem. A summary of the thesis structure is then given
before the novel contributions of the thesis are presented.

The high-level concepts and research outline from this chapter were published as

part of the following papers:

Adaptable and Verifiable Reasoning
(Stringer et al. 2020)

Peter Stringer, Rafael C. Cardoso, Xiaowei Huang, Louise A. Dennis
AREA 2020, First Workshop on Agents and Robots for reliable Engineered Autonomy.
Volume 319 of Electronic Proceedings in Theoretical Computer Science, pp. 117-125

Personal contributions to this publication include: high-level foundational concepts, a
research outline, and an initial system architecture for autonomous agents capable

of adapting to changes in dynamic environments.

Adaptable and Verifiable Reasoning - Extended Abstract

(Stringer, Cardoso, Huang & Dennis|2021)

Peter Stringer, Rafael C. Cardoso, Xiaowei Huang, Louise A. Dennis

AAMAS 2021, 20th International Conference on Autonomous Agents and Multiagent
Systems. ACM, pp. 1835—-1836

This extended abstract is an adapted version of the previous publication (Stringer et al.
2020).

Chapter 2| - Background

The adaptability of autonomous agents, specifically those that follow the [BDI| model
of agency, is discussed. The mechanisms behind actions in [BDI| agent programs are
described, and the semantics of the GWENDOLEN agent programming language are
explained. The importance and applications of BDI agents in various domains are
highlighted, and the action theory of Al planning is explored, focusing on STRIPS
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and PDDL languages and the integration of action learning from Al planning into BDI

agents.

Chapter [3] - Related Work

This chapter examines related research in four key areas that form the foundations
of the contributions in this thesis. Firstly, foundational action theories are analysed,
highlighting semantics for goal and action management but identifying gaps in ex-
plicit failure handling. Next, approaches to durative actions in agent frameworks and
planning systems are reviewed, though these lack mechanisms to monitor runtime fail-
ures. Then, failure recovery methods are critiqued for focusing on goal-level responses
rather than action failure logging. Finally, learning techniques for action descriptions

are assessed, emphasising the risks of trial-and-error exploration.

Chapter 4] - A Framework for Adaptive Cognitive Agents

The approach of the research proposed in Section [I.1] of this chapter is presented,
supported by illustrations of the newly proposed extensions and their position in the
existing architecture. A walk-through of the proposed system is then given, using a di-
agram of the new system architecture and a pseudo-code algorithm. This chapter aims
to situate each of the proposed extensions together in a cohesive system architecture,

to aid the explanations of the extensions in the subsequent chapters.

Chapter [5] - Durative Actions

This chapter sets the foundational action theory required by the mechanisms for failure
detection and learning action descriptions. The necessity of incorporating durations
into actions within BDI languages is discussed, with a focus on agents deployed in
physical systems where actions may take considerable time to complete. The chap-
ter begins by justifying the introduction of durative actions and outlining the required
mechanisms for integrating durations into existing action semantics. Key concepts
such as terminating conditions (success, failure, and abort) are defined and explained.
The details of an extended action theory are provided alongside operational semantic
rules for actions with explicit durations, pre-conditions, post-conditions and terminat-
ing conditions. An example is then used to demonstrate how the extended semantics
operate in practice, including the use of an action log to track action outcomes. Fi-
nally, the chapter details the implementation of these concepts in the GWENDOLEN
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programming language, extending the underlying Java code.

The extended operational semantics were published as part of the following paper:

Implementing Durative Actions with Failure Detection in GWENDOLEN
(Stringer, Cardoso, Dixon & Dennis 2021)

Peter Stringer, Rafael C. Cardoso, Clare Dixon, Louise A. Dennis

EMAS 2021, 9th International Workshop on Engineering Multi-Agent Systems. Volume
13190 of Lecture Notes in Computer Science, Springer, pp. 332351

Personal contributions to this publication include: An extension of the action execution
semantics in the GWENDOLEN programming language. A theory for actions that
have durations, with a method for detecting action failures. An implementation of the

extension with a simple case study.

Chapter [6]- Detecting Failures and Learning New Action Descriptions

In this chapter, a method for detecting action failures using the Action Log is presented.
The necessity of failure detection in dynamic environments is highlighted, emphasising
its role in enabling autonomous agents to adapt to unforeseen circumstances. The
mechanisms underlying failure detection are then discussed with an example scenario
to illustrate its application.

The process of learning new action descriptions to replace failing ones is then ex-
plored. Several learning algorithms were evaluated for their suitability, leading to the
selection of a hybrid algorithm combining supervised learning, rote learning, and rank-
ing. The hybrid algorithm uses historical data from the Action Log to identify the most
likely outcomes for actions and update their descriptions accordingly. Implementation
details are then provided, showing how the learning algorithm is integrated into the
GWENDOLEN programming language. The details of how the new action descriptions
are used in conjunction with a framework for reconfiguring agent plan libraries are
then presented.

The mechanisms for detecting persistent failures and learning new action descrip-

tions were published as part of the following papers:

Updating Action Descriptions and Plans for Cognitive Agents - Extended
Abstract (Stringer et al. 2023b)

Peter Stringer, Rafael C. Cardoso, Clare Dixon, Michael Fisher, Louise A. Dennis
AAMAS 2023, 22nd International Conference on Autonomous Agents and Multiagent
Systems. ACM, pp. 2370-2372
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Personal contributions to this publication include: an integration of the work from
the previous paper, ‘Implementing Durative Actions with Failure Detection in GWEN-
DOLEN, with a method for learning new action descriptions, encapsulated in a practical

implementation.

Chapter [7]- Evaluation

In this chapter, a suite of simple tests is used to test the implementation of the learning
algorithm proposed in Chapter 6| against a set of defined requirements, confirming core
functionality like handling action failures and partial successes. Then, two simulated
environments are introduced with visual representations, along with the experiment
scenarios used to test the system proposed in Chapter [4] against a set of evaluation
criteria. Additional experiments that compare time and memory costs were also per-
formed using the outputs of the simulated environment experiments, to isolate the Al
planner’s time and memory costs for an evaluation of the computational efficiency of
single-plan patching against full re-planning of the plan library. Finally, the results of
the experiments are presented and analysed against the evaluation criteria, highlighting
the system’s adaptability in learning action descriptions and computational efficiency.

The waypoints environment experiments, and the implementation of the system
used to perform the evaluation were published in the following paper as an extended
version of the previous paper, ‘Updating Action Descriptions and Plans for Cognitive

Agents’:

Adaptive Cognitive Agents: Updating Action Descriptions and Plans
(Stringer et al.|2023a)

Peter Stringer, Rafael C. Cardoso, Clare Dixon, Michael Fisher, Louise A. Dennis
EUMAS 2023, 20th European Conference on Multi-Agent Systems. Volume 14282 of
Lecture Notes in Computer Science, Springer, pp. 345-362

Personal contributions to this publication include: more detailed theoretical mecha-

nisms, a practical implementation of the mechanisms, and an evaluation of the system.

Chapter [§]- Conclusions

This chapter revisits the research questions and objectives outlined in Section [I.1.1]
of this chapter, and the contributions made to adaptable reasoning research are
detailed. The strengths, weaknesses, and limitations of the research are also discussed.

Additionally, future work is suggested, focusing on improving the system’s scalability,
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enhancing failure detection, and exploring real-world practical implementations. The
chapter concludes by summarising the research’s impact, highlighting the successful
extension of agent programming languages to adapt to dynamic environments, thus

increasing the operational lifetime of autonomous agents.

1.3 Contributions

Operational semantics, theoretical mechanisms and practical implementations were
developed to address the research questions and objectives raised by the motivation of

this thesis, forming four novel contributions to [BDI| agent research.

An extended formal semantics for actions with explicitly defined durations, pre-
conditions, post-conditions, and terminating conditions for BDI agents. An ex-
tension of existing action theory was developed to consider actions with explicit
success, failure, and abort conditions, and durations, along with the addition of an Ac-
tion Log that acts as a record of all action executions. The semantics are general to
[BDI|languages that have actions with explicit pre-conditions and post-conditions. This
extended formal semantics is presented in Chapter [3

Failure detection for agents. To effectively handle unreliable actions, this the-
sis introduces the Action Log, a data structure for tracking action performance. The
Action Log records the outcomes of executed actions, noting whether they successfully
achieve their intended post-conditions or fail to do so. The Action Log is then used to
identify consistently failing actions, and can trigger mechanisms for failure recovery.
The Action Log is introduced in Chapter [5| and its role in failure detection is detailed
in Chapter|[6]

Learning new action descriptions. A mechanism for learning updated action de-
scriptions was implemented into an existing[BDI programming language. Recognising
the need for dynamic adaptation in unpredictable environments, this thesis explores the
use of machine learning to update action descriptions based on the agent’s action ex-
ecution experiences. By leveraging the information gathered in the Action Log, the
thesis proposes a machine-learning mechanism that can learn new action descriptions

to replace action descriptions that are no longer accurate. The data collected in the
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Action Log is used as input for a hybrid machine learning algorithm that can deter-
mine a set of post-conditions that better reflect the effect of the action on the agent’s
environment. The mechanism for learning updated action descriptions is presented in
Chapter [0

Integration of action failure detection and a mechanism for learning updated ac-
tion descriptions with a plan repair framework. The novel contributions of this
thesis, including the extended representation of actions with explicit durations and
terminating conditions, the Action Log, and the machine learning mechanism for up-
dating action descriptions, were integrated with Cardoso et al.| (2019)’s plan library
reconfiguration framework that can repair agent plans from existing plans. This in-
tegration provides a comprehensive framework for |[BDI| agents that can adapt their
actions and plans in response to changes in dynamic environments. The integration
of action failure detection and a mechanism for learning updated action descriptions
with a plan repair framework is detailed in Chapter|[6] and followed by an experimental
evaluation in Chapter



Chapter 2
Background

In this chapter, the ability of autonomous agents to adapt to changes in their environ-

ment is discussed, specifically, agents that follow the [Beliefs-Desires-Intentions (BDI)|

model of agency. Next, the mechanisms behind the actions in [BDI| agent programs
are described, before detailed semantics of the GWENDOLEN agent programming lan-

guage are explained.

2.1 Agents and the Beliefs-Desires-Intentions paradigm

This thesis studies the ability of agents, specifically those that follow the |[BDI model

of agency, to adapt to changes in their environment.

2.1.1 Agents

An ‘agent’ is an abstraction developed to capture autonomous behaviour within com-
plex, dynamic systems (Wooldridge 2002). It is defined by Russell & Norvig (2020)
as something that “can be viewed as perceiving its environment through sensors and
acting upon that environment through effectors”. Agents are frequently considered
a suitable paradigm for decision-making in autonomous systems because of their en-
capsulation of the Sense-Reason-Act cycle. This cycle describes the process by which
an agent observes its environment (sense), processes this information to make deci-
sions (reason), and acts upon the environment to affect a desired change (act). The
Sense-Reason-Act model is highly suited to dynamic decision-making systems where

adaptive responses to real-time data are required.

25
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The importance of agents in Computer Science and specifically |Artificial Intel-
research is evident from their widespread applicability over several do-

mains: autonomous vehicle navigation, where agents process vast amounts of sensory

data to make real-time driving decisions (Kuutti et al.|2021); healthcare, particularly
in robotic surgery, where precision and adaptability of agents lead to enhanced surgi-
cal outcomes (Yu et al.[2024); financial markets, where trading agents automatically
execute trades based on dynamic market conditions (Bahoo et al.[2024)); and in smart
grids, where agents can manage the demand and supply of electricity in an efficient

and sustainable manner (Omitaomu & Niul[2021)).

2.1.2 BDI Agents

Cognitive agents (Bratman| 1987, Rao & Georgeft [1992, Wooldridge & Rao||1999)
have explicit reasons for the choices they make. These are often described in terms
of the agent’s beliefs and goals, which in turn determine the agent’s intentions. This
view of cognitive agents is encapsulated within the BDI|model (Rao & Georgeff]|1991],
1992)). Beliefs represent the agent’s (possibly incomplete, possibly incorrect) infor-
mation about itself, other agents, and its environment, desires represent the agent’s
long-term goals while intentions represent the goals that the agent is actively pursuing
(the representation of intentions often includes partially instantiated and/or executed
plans and so combines the goal with its intended means).

[BDI|agents, with their high-level and declarative representation of concepts such as
beliefs and goals, are an attractive paradigm where the control over agent behaviours
and decision-making processes needs to be amenable to analysis (e.g., for assurance
purposes (Dennis et al.|2012)). Accordingly, this research is focused on the use of
agent programming languages (Mascardi et al. 2005, Rao & Georgeft |1992) for the
high-level control of autonomous robotic systems and particularly in providing support
at the agent level for long-term autonomy. In this context, long-term autonomy refers
to the capability of agents to operate reliably over extended periods without human
intervention. Whilst ‘extended periods’ is an undefined length of time, one of the
objectives of the research in this thesis is to maximise this undefined length of time.

The future of agent architectures has been thoroughly discussed (Bordini et al.
2021} \Cardoso & Ferrando 2021, De Silva et al.|2020, Logan/[2018). In (Logan/2018),
the limited impact of research on Al and industrial applications is explored. Lo-
gan’s manifesto states that a key factor behind the poor uptake is due to a lack of

incentive to switch to agent programming languages from mainstream programming
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languages. As a result, expanding the feature set of architectures is heavily en-
couraged by Logan| (2018)), with a focus on encapsulating complex behaviours that are
not easily replicated in mainstream languages.

The current state of research has been assessed by De Silva et al.|(2020), high-
lighting that the synergy of languages and other areas such as Machine Learning,
Hierchical Task Network (HTN)| planning, and [Natural Language Processing (NLP)|is
an important direction for the future of agent architectures. |De Silva et al.| (2020)
specifically highlight a renewed interest in applying planning to BDI agents, driven by
advances in logic-based planning algorithms and planning. It is stated that the
integration of |Al| planning algorithms with languages can expand the set of plans
that are available to agents to help them cope with environmental changes.

The current state-of-the-art[BDI|architectures are evaluated by Bordini et al.| (2021).

It is stated that Al capabilities, such as machine learning and automated planning, can
enhance the decision-making and reasoning abilities of agents. The integration of
these capabilities could enable [BDI|agents to learn from experience, adapt to changing
environments, and make more informed and intelligent decisions.

Cardoso & Ferrando| (2021)) conducted a survey of current and ‘veteran’ lan-
guages. In the discussion, Cardoso and Ferrando also consider why agents are
not as broadly used as they could be. It is concluded that the lack of implementations
and practical evaluations of languages could be a factor, in addition to the fac-
tors presented in Logan’s agent manifesto (Logan|2018]), namely the comparative ease
of implementing the desired agent behaviour in a mainstream programming language
instead.

There are alternative architectures for practical reasoning agents that differ from
agent architectures, each with their own assumptions, strengths, and limitations.
Wooldridge| (2001)) discusses four architectures for implementing practical reasoning
agents: Logic-based, Reactive, Layered, and [BDI| architectures.

Logic-based agents use symbolic representations and logical deduction to make
decisions. This type of architecture is capable of modelling complex environments
and behaviours using formal logic, though logical deduction can be computationally
expensive, leading to slow decision-making which is not suited to dynamic environ-
ments. Oppositely, reactive agents directly map situations to actions rather than using
an internal model of the world. This type of agent prioritises fast reaction times and
simple implementation, but lacks long-term planning capabilities and has difficulty

implementing goal-directed behaviours. Layered architectures combine reactive and
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deliberative behaviours in multiple interacting hierarchical layers, allowing this type
of agent to reason at different levels of abstraction. However, the interaction between
layers needs to be managed, increasing design and implementation complexity. Also,
if not managed correctly, this inter-layer interaction can introduce even more compu-
tational complexity.

While each of these architectures has its own strengths, the [BDI| model offers a
structured approach that balances reactivity and deliberation, and has a high-level
declarative representation of reasoning, which provides an ideal framework for inte-
grating a wide range of [Al] capabilities, including machine learning, reasoning, and

planning (Bordini et al.[2021)).

2.1.3 Programming BDI Agents

There are many different agent programming languages and agent platforms based, at
least in part, on the approach (Bordini et al.| 2021, Cardoso & Ferrando|[2021,
Logan|2018)). Most languages typically operate within a reasoning cycle that
captures the agent Sense-Reason-Act cycle. Agents programmed in these languages
commonly contain a set of beliefs, a set of goals, and a set of plans. Plans determine
how an agent acts based on its beliefs and goals and form the basis for practical rea-
soning (i.e., reasoning about actions) in such agents. Many plans are expressed
in terms of some guard, which can be considered a pre-condition for the whole plan,
and a goal which can be considered a goal state for the plan. As a result of executing
a plan, the beliefs and goals of an agent may change, and actions may be executed.

The [BDI model is commonly referred to in this thesis, and some languages
are specifically referred to when discussing individual mechanics and semantics.

* [Procedural Reasoning System (PRS)| (Georgeft & Lansky |1987) is the first im-

plementation of a architecture. It was presented as a system for reason-
ing about and performing complex tasks in dynamic environments. The first
major application of was for monitoring and fault detection in the NASA
Space Shuttle’s reaction control system. This implementation ran on a LISP ma-
chine, using multiple PRS instances to manage over 1000 facts about the system
(Georgeftf & Ingrand||1989).

* AgentSpeak (Rao [1996) is a programming language for agents, based on
the [PRS|architecture. AgentSpeak(L) aimed to bridge the gap between the theo-
retical specification of agents and practical implementations like
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* |An Abstract Agent Programming Language (3APL)[(Hindriks et al.|1999) is also

a programming language for [BDI| agents, and focuses on more complex reason-
ing and agent adaptability. combines imperative and logic programming
paradigms, allowing agents to have belief or knowledge bases and use practical

reasoning rules to monitor and revise their goals.

* Jason (Bordini et al.|2005) is an open-source Java-based extension of the AgentS-
peak(L) language. It enhances AgentSpeak by adding new features and tools for

agent development, including debugging and simulation environments.

* GWENDOLEN (Dennis & Farwer 2008) was originally developed from the Ja-
son agent programming language, with the intention of addressing the absence
of agent programming languages with the capability to formally verify agent

programs.

* |Goal-Oriented Agent Language (GOAL)| (Hindriks |2009) is an agent program-

ming language focused on goal-directed behaviour, where goals are declarative

and only describe the state in which the agent desires to be in, rather than how

to achieve them.

2.1.4 Practical Applications

The deployment of autonomous robots is increasingly becoming the best solution in
scenarios where there is a possibility of danger to human life (Evertsz et al. [2014).
However, autonomous robot control systems do not have the same cognitive capabil-
ities as humans yet, despite the human-like reasoning achieved by the [BDI| model of
agency (Adam & Gaudou 2016)). Nevertheless, in some scenarios, autonomous robots
are the only means for achieving a goal. For example, space exploration: where it is
not yet feasible to send human operators to remote destinations due to the physical
limitations of a human body.

agents have been proposed to control an array of cyber-physical autonomous
systems such as autonomous vehicles, spacecraft and robot arms (e.g., Mars Rover (Car-
doso et al.2020), earth-orbiting satellites (Dennis & Fisher|2023| [Dennis et al.[2010)
and robotic arms for nuclear waste-processing (Aitken et al. 2018)). In addition, de-
spite the obvious need to avoid detailed explanation of operations, agents have
also been deployed into various military environments and have been responsible for

high-stakes decision-making in world-leading commercial companies. Examples for
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the applications of agents include fault diagnosis in spacecraft (Ingrand et al.
1992)); the OASIS aircraft management system (Rao & Georgeff| 1995)); simulating air
mission dynamics and pilot reasoning (SWARMM) (Tidhar et al.|1995); decision sup-
port for human operators at the largest retail supplier of petroleum, Equinor (@lmheim
et al.|[2010); managing UK Ministry of Defence [Unmanned Aerial Vehicles (UAVs)|

to complete various missions (Remote control: remotely piloted air systems - current

and future UK use|2014); and simulating enhanced behavioural realism for live fire

training (Evertsz et al. [ 2014).

2.1.5 Limitations of BDI

Traditional agents (Rao|1996) rely on the programmers to predict, at design time,
all eventualities that an agent will encounter during their deployment. Agents that are
designed using this approach have limited flexibility at runtime (Meneguzzi & Luck
2008)). By allowing plans and actions to be adapted to better reflect the outcomes they
achieve or do not achieve in their environment, agents can operate using plans and
actions that are more accurate to the reality of their environment when compared to
using static plans and actions.

In (Dennis & Fisher|2014), Dennis and Fisher highlight two problems with the way
languages typically handle actions. Firstly, it is claimed that in some languages
“execution of the BDI program waits for the action to complete before processing other
intentions, goals and plans” — in robotic systems, where an action such as moving be-
tween two waypoints in a map may take some time to complete can prevent the agent
from monitoring the environment for other events (for instance, the need to avoid ob-
stacles during movement). It should be noted that the assumption of BDI programs
waiting for actions to complete before processing other intentions, goals and plans is
only true for some BDI languages and there are notable exceptions to this assump-
tion (Boissier et al.[ 2020, [Howden et al. [2001). In JaCaMo (Boissier et al.[[2020),
which integrates Jason (Bordini et al.2005) agents with CArtAgO (Ricci et al.|2011)
environments, agents can handle asynchronous operations allowing them to remain re-
sponsive through the duration of action executions. While JACK (Howden et al.[2001)
agents can handle parallel action execution and multi-threading to perform multiple
tasks simultaneously.

Secondly, many languages lack principled mechanisms within their semantics for
detecting whether an action has succeeded and reacting appropriately to failure if it

has not. Dennis and Fisher addressed both of the highlighted problems by proposing a
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generic semantics inspired by the concept of goal lifecycles (Harland et al. 2014,
2017) to allow for actions with durations and failures, although they did not provide an
implementation of this semantics (Dennis & Fisher|2014). However, Dennis & Fisher/s
semantics did provide a most suitable foundation for the further extended semantics
founded in this thesis, that not only support actions with durations and failures, but
also integrates the concept of failure detection.

This research focuses primarily on action failures, with an emphasis on failure
detection. Robotic autonomous systems operating in real-world environments may en-
counter intermittent failures of actions. Sometimes these failures will be transitory and
can be ignored in terms of the long-term operation of the system, such as momentary
spikes in temperature sensors or brief losses of GPS signal. In other situations failures
may be persistent indicating some change in the robot or its environment which must
be compensated for. For example, permanently damaged sensors, faulty actuators, or
an environmental change; a Martian dust storm could completely change the terrain of
a previously planned route. In Chapter [5the semantics from (Dennis & Fisher|[2014)
are integrated with the concept of failure detection, and implemented in the GWEN-

DOLEN agent programming language.

2.1.6 Actions in BDI Programs

Many languages represent environmental interaction as an atomic action (Meyer
et al. 2015). Atomic actions are assumed to execute immediately and complete in a
single step from the perspective of the BDI reasoning cycle. When an action is invoked
it executes some low-level code invisible at the level or interacts directly with the
external world. Such an action is often an atomic command, and its effect is judged
via agent perception, though it may have an explicit return value (typically, ‘success’
or ‘failure’). Languages that treat interaction in this way include Jason (Bordini et al.
2021) and GWENDOLEN (Dennis|[2017)).

Interaction may also be modelled as capabilities. Languages that treat interac-
tion in this way include GOAL (Hindriks| 2009) and 3APL (Dastani et al. 2005).
These have explicit pre-conditions and post-conditions such that the interaction is ex-
ecuted only if the pre-conditions are true and, after the interaction has concluded, the
post-conditions are asserted explicitly by the language. Other effects may be subse-
quently observed via perception mechanisms. Non-deterministic actions, that have
more than one possible outcome, can be modelled by defining more than one set of

post-conditions for a single action (Yao et al.|2016), where the action outcome is
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judged via agent perception. However, it should be noted that the most widely used
languages that model interaction as capabilities cannot handle non-determinism
in action specifications.

It is possible that a capability executes no low-level code, particularly when an
agent is executing in some simulated setting where it is considered sufficient to use
just the post-conditions to represent the result of the interaction. In this thesis, atomic

actions are represented in the format:
action(terms) (2.1)
Capabilities are represented in the format:
{pre — conditions}action(terms){ post — conditions} (2.2)
Durative actions are represented as:
{pre — conditions}action(terms){ post — conditions} [duration] (2.3)

Action representations like capabilities and durative actions contain mechanisms
like pre-conditions and post-conditions which can aid the detection of action fail-
ure, however, most language semantics do not support these mechanisms yet.
Vikhorev et al. (2011)’s AgentSpeak(RT) supports the use of deadlines which specify
the time by which the agent should respond to an event, though the temporal constraint
applies specifically to intentions rather than to individual actions.

languages with consideration for failures also already exist, such as Sardina
& Padgham (2011)’s CANPIlan, and Bordini & Hiibner| (2010)’s Jason, though these
languages do not distinguish goal failure from action/capability failure, whereby the
postconditions stated in the action description are not believed to have been achieved
after execution.

In (Dennis & Fisher|2014)), Dennis and Fisher propose a generic framework for in-
tegrating durative actions (represented in Expression [2.3)) with failure modes into [BDI
programming languages. This proposal builds on work on Goal life-cycles for
languages (Harland et al.[2014)) that have active, suspend, and abort stages. Dennis &
Fisher (2014) propose that actions be associated with success, failure, and abort con-

ditions; the abort condition is intended to handle situations where the action execution
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is deemed to have continued for “too long” without either success or failure being de-
tected. When an action is executed as part of a plan, the corresponding goal for which
the plan was formulated is temporarily suspended until the action is completed. This
suspended state allows the processing of other goals to occur. If the action’s success
condition is met then the goal is returned to the active state and the plan continues

processing, otherwise the goal is returned to a pending state for re-planning.

2.2 The GWENDOLEN Programming Language

The GWENDOLEN programming language (Dennis & Farwer|2008]) is used for the im-
plementation of this research for two main reasons. Firstly, GWENDOLEN provides
a high-level agent reasoner in a number of autonomous robotic applications. Sec-
ondly, GWENDOLEN'’s link to the|Agent JavaPathFinder (AJPF)model-checker (Den-

nis|2018) enables the possibility of incorporating formal verification processes in fu-
ture research.

The GWENDOLEN programming language was originally developed from the Ja-
son programming language. Jason is an open-source Java-based interpreter for an ex-
tended version of AgentSpeak, and as such reflects the semantics of AgentSpeak. As
AgentSpeak is based on the architecture (the first implementation of a lan-
guage), much of its semantics are also seen in other BDI|languages. Consequently, the
theories discussed in this thesis are deliberately kept general to as many concepts
as possible to maximise their applicability across various language semantics.
Furthermore, the specific implementation in GWENDOLEN is designed to be largely
translatable to other languages.

The development of GWENDOLEN addressed the absence of agent programming
languages with the capability to formally verify agent programs, using a formal veri-
fication technique called model checking. Model checking (Clarke| 1997) is the veri-
fication of properties of finite-state systems. Model-checking agent programs before
deployment can offer guarantees about safety that otherwise would not be possible.
The verified agent programs are mathematically proven to solely operate within a pre-
defined specification, enabling agents to work in safety-critical environments without
the risk of performing unpredictable and potentially dangerous actions.

The importance and relative absence of robust verification techniques integrated

with agent programming languages has since been highlighted by Doan et al. (2014).
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By developing the theoretical concepts from this thesis in GWENDOLEN, the require-
ments for verifying agent programs with similar semantics can be identified for future

integration.

2.2.1 Operational Semantics for GWENDOLEN

This research primarily aims to expand upon the capabilities of existing program-
ming languages. Throughout this thesis, an operational semantics for the chosen repre-
sentativelanguage, GWENDOLEN, is used as a means to communicate the existing
capabilities for most programming languages. With this formal specification for
the underlying implementation, the research contributions can be highlighted without
disseminating many lines of uncompiled Java code.

A version of the full operational semantics for the GWENDOLEN programming
language can be found in Appendix |A]of this thesis, or alternatively, in (Dennis|2017).

Its key components are, for each agent:
* B, a set of beliefs that are ground first-order formulae.
e ], a set of intentions that are stacks of deeds associated with some event.

Deeds can be the addition or deletion of beliefs, the adoption of new goals, and the
execution of primitive actions. A GWENDOLEN agent may have several concurrent
intentions and will, by default, execute the first deed on each intention stack in turn.
GWENDOLEN is event-driven and events include the acquisition of new beliefs (typi-
cally via perception), messages and goals. A programmer supplies plans that describe
how an agent should react to events by extending the deed stack of the relevant inten-

tion. These plans contain actions for execution.

Intentions in GWENDOLEN

Intentions are used in languages to describe a sequence of deeds for achieving a
goal. A sequence of deeds in GWENDOLEN is called a deed stack. For each deed, there
is an associated event which is responsible for the deed’s addition to the deed stack,
these events are stored in the event stack. At the implementation level, an intention is a
collection of tuples, with each tuple containing an event, a deed, and a unifier (unifiers
are ignored in this thesis as they are an added complexity which has been left to further

work).
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Example The following table shows the structure for a single intention to perform a

route navigation task:

event deed

+!route | +!at (1)

+!route | +!at (0)

The intention is represented as a table containing a heading for the events and a
heading for the deeds. Rows in the table associate a particular deed with the event that
has caused the deed to be placed on the intention, for example, +!route in the ‘event’
column is the event responsible for the addition of +!a#(1) to the ‘deed’ column. These
columns form an event stack and a deed stack. Standard BDI syntax is followed: !g is
used to indicate a goal, and +!g signifies the commitment to achieve that goal (i.e., a
new goal that g becomes true is adopted).

The route navigation intention, represented by the table, has been triggered by the
route goal, which aims to perform a maintenance task. The commitment to the route
goal can be seen in the table as the trigger event for both rows in the intention. An
intention is processed from top to bottom; it can be seen here that the agent first intends
to commit to the goal af(1). Once it has committed to that goal it then commits to the
goal at(0).

In GWENDOLEN the process of committing to a goal causes an expansion of the
intention stack, first making the goal into an event which has yet to be planned (so is
associated with the empty deed €) and then selecting a plan to execute which replaces
€ and pushes the deeds from the selected plan onto the intention stack to be processed.

Goals can be defined as “achieve” goals or “perform” goals in GWENDOLEN. The
goal type handles the commitment assigned to the goal: an achieve goal’s plans are
re-planned until the goal is believed to have been achieved, a perform goal’s plans are
always triggered but are not re-planned if they fail to achieve the goal state.

If ar(1) is an achievement goal then the intention is expanded before the agent
commits to at(0). If the agent commits to the ar(1) achievement goal, that has a plan

containing two actions, move(0, 1) and printlogs, the above intention becomes first:

event deed
+lat (1) €
+!route() | +!'at (1)
+!route () | +!at (0)
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and then becomes:

event deed

+lat (1) move (0, 1)
+lat (1) printlogs
+!route() | +'at (1)
+!route() | +'at(0)

At any moment outside of the initial state, it is assumed that there is a current
intention which is the intention being processed at that time. The stacks that form the
intention are further paired with two booleans, which indicate the intention’s status:
suspended, meaning that by default it is not selected at the intention selection phase
of the agent’s reasoning, and locked, meaning the intention has been forced to remain
current until it is unlocked, which could be used to allow a complete sequence of belief
changes to be processed before any other reasoning takes place (Dennis/2017).

Because intentions are stacks, the top row of the intention is often of most interest:
the head, written hd; (i), and the rest of the intention, the tail, written t1;(i). Sometimes
it is only the top event on the intention, hd, or the top deed on the intention, hd,, that
is of interest.

Figure [2.1]represents an example of a GWENDOLEN agent program.
GWENDOLEN

:name: Rover
:Initial Beliefs:

:Initial Goals:
route [perform]

:Plans:
+lroute() : {True} <- +!at(1l), +'at(0);
+lat(l): {B at(0)} <- move(0, 1), printlogs;
+lat (0): {B at(l)} <- move(l, 0), printlogs;

Figure 2.1: Example GWENDOLEN program for a route navigation task

In this agent program, the agent begins with no initial beliefs, and only one initial
goal: to perform the ‘route’ goal. The agent’s plan ‘library’ contains three plans that
follow the syntax:

event : {guard} < body



2.2. THEGWENDOLEN PROGRAMMING LANGUAGE 37

The event is the trigger for the the plan, which can be matched to the top event of an
intention. In the example, the trigger event for +!az(1) and +!az(0) was the initial
goal, +!route. The guard is the condition that is checked against the agent’s beliefs to
determine whether the plan is applicable or not. The body is the deed stack that the

plan proposes to execute.

The GWENDOLEN Reasoning Cycle

Reasoning in the context of cognitive agents refers to the process of drawing infer-
ences, making decisions, and formulating plans based on the agent’s knowledge, be-
liefs, and perceptions of the environment. Reasoning in cognitive agents is generally
governed by a reasoning cycle. GWENDOLEN reasoning follows a six-stage cycle,
shown in Figure

Stage A Stage B

Yes —| Find all Plans Applicable
to the Current Intention

Any unsuspended
Select a Current Intention non-empty intentions?
or Sleep the Agent

Stage F Is the top deed
of the Current

Intention empty?

Stage C

Process New Messages Pick a Plan and Apply it

Yes No \
Stage E Stage D
Get new Perception Execute the Top Deed
and Messages on the Current Intention

Figure 2.2: GWENDOLEN Reasoning Cycle

The reasoning cycle begins with Stage A, where the agent either selects a current
intention or goes into a sleep state. This decision depends on the status of the agent’s
intentions; if all are empty or suspended, the agent will sleep. The sleep state can
be overturned by new perceptions or messages that wake the agent and continue the
cycle. After Stage A, the agent evaluates whether there are any unsuspended, non-
empty intentions. If unsuspended intentions are present, the agent moves to Stage B.
Here, the agent identifies all plans that apply to the current intention, storing them as

applicable plans. Once applicable plans are identified, Stage C involves selecting and
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applying one of these plans to the current intention. After executing a plan, the agent
checks if the current intention is empty. If the current intention is not empty, the agent
proceeds to Stage D, where the top deed of the current intention is executed. If either
the current intention is empty or after Stage D is completed, the agent moves to Stage
E. Here, new perceptions and messages are gathered from the environment. Finally,
in Stage F, any new messages received during Stage E are processed. After this, the

cycle loops back to Stage A.

Action Theory in GWENDOLEN

In GWENDOLEN actions are treated as atomic actions. When an action appears in a
plan, it is placed on an intention as a deed, then when the processing of the intention
reaches the action, it is executed and all other processing ceases until execution has
completed. As a result of the issues with this style of action execution (particularly
that no further perception takes place and so new events can not be reacted to), it
has become typical in GWENDOLEN programs to treat the execution of actions as the
initiation of the action. A specialised “wait for” construction is then used to suspend
the intention containing the action until some success criterion is perceived. This is
analogous to the “suspend” state in the Goal-lifecycle literature (Dennis & Fisher[2014,
Harland et al. 2014) since intentions are often created by the acquisition of a goal.
Thus, GWENDOLEN loosely supports the concept of actions with durations by making
use of this “wait for” command.

The way in which GWENDOLEN handles and executes actions is described by a set
of operational semantics (Dennis |2017)). These operational semantics are subdivided
into transition rules that govern each individual operation. Specific rules are selected
at each stage of the reasoning cycle, which cause transitions on the agent. Table [2.1]
shows the commonly used notational conventions in these transition rules from the
GWENDOLEN semantics.

In the representation of the GWENDOLEN operational semantics presented here,
references to unifiers, edge cases, and some specialised action types have been re-
moved for simplicity. It should be noted that unifiers are a commonly used concept
in language semantics and are used to match abstract plans to specific situations,
reducing the need for context-specific plans (Rao/1996). Agents can ‘apply’ their con-
text to applicable abstract plans by using a unifier to bind a known value to a variable
defined in a plan. However, the extended semantics proposed in this thesis do not di-

rectly affect the operation of unifiers. Therefore the transition rules in this thesis have
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Symbol Explanation

a An action performed by the agent.

€& The agent’s state before and after an action, respectively.

i The current intention of the agent.

hd, (i) The top deed of the current intention stack.

t1;(i) The tail of the intention stack, excluding the top element.

do(a) Represents the execution of an action.

—>action Denotes the transition of the agent’s state as a result of per-
forming an action.

*...b Represents the instruction to wait for a belief to become
true.

BED Expresses that the formula b is a logical consequence of the
agent’s belief base.

+b Represents the addition of a belief to the belief base.

new(+b,¢€) | Creates a new intention from an event and a deed.

BU{b} Adds a new belief to the belief base.

Table 2.1: GWENDOLEN Notation conventions

been simplified by removing all reference to unifiers.

The operation of action execution is represented by Rule (2.4).

hdg(i)=a § dola), &
(€, (...i...)) —action (&, (... tLi(i)...))

The state of the system is represented by an environment, &, coupled with a large

(2.4)

tuple containing the components required by the agent to function, of which the current
intention, i, is most important. As noted above intentions represent a stack of deeds to
be executed in order to handle some event (e.g., to achieve a goal). hd,(i) is used to
represent the top (head) deed (hd,) on this intention stack (7). a is used to represent an
action, and t1;(i) to represent the tail (t1;) of the intention stack (i) after the top deed
is removed]

Thus Rule (2.4) states that when the top deed on the intention is flagged as an
action, hd,(i) = a, and the outcome of that action is to change the environment, &, to
become &', represented by & dola), &/, then performing the action transforms the pair of
the environment and the tuple of agent components by changing the environment and
removing the top of the current intention, i, (i becomes t1;(i)). The other items in the

agent’s tuple remain unchanged (represented by *...").

IFor simplicity of presentation, the intention is treated as a stack of deeds but it should be noted that
more information, such as the goal to be achieved, is also included in the full semantics.
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The “wait for” command is governed by Rules and (again these have
been simplified to remove unifiers, edge cases and references to Prolog-style reasoning
rules). Here *...b represents the instruction “wait for b to become true”, B |= b,
expresses that the formula b is a logical consequence of the agent’s belief base, B.

While the instruction: suspend(i), suspends the intention, i.

hd,(i)==%...b BEDb
(€,(...i...B...)) =yait_for (&, (...t1;(i)...B...))
hd,(i)==%...b B}b
(€,(...1...B...)) —yait_for (€, (...suspend(i)...B...))
Rules and[2.6|handle the two cases for the “wait for” instruction (x...b) when

it appears as the top deed of an intention. In Rule (2.5]), when the condition b is true in

(2.5)

(2.6)

the agent’s belief base (B |= b), the instruction to wait for the belief to become true is
removed and the intention continues processing. In Rule (2.6]), when the condition is
not true (B [~ b), the intention is suspended (suspend(i)) until the condition becomes
true.

Lastly, existing intentions are unsuspended when new beliefs are added, as shown
in Rule This can happen either as a result of perception or as deeds that appear in

plans, in both cases the new beliefs appear on the top of some intention:

hd, (i) = +b

<§, < .. i,I,B. . >> —>add_belief
(€,(...t1;(i),unsuspend(/,b) Unew(+b,e),BU{b},...))

2.7)

Here unsuspend(/,b) unsuspends all suspended intentions in / (the agent’s intention
set) that are waiting for the belief, b, to be perceived by the agent. Whilst new(+b,¢€)
creates a new intention from an event, +b, and a deed, € (in this case, an ‘empty’
deed). Therefore this rule adds a new belief, +b, to the belief base, B, and a new
intention noting the appearance of the new belief. At the same time, all intentions that
are waiting for b to be achieved as part of their suspend condition are unsuspended.
The work in this thesis attempts to merge the processes described in these semantic
rules into more principled extended semantics that consider actions with durations and

terminating conditions.
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2.3 Automated Planning

Automated planning (also called [Al| planning) is an area of [Al| research that focuses
on developing and optimising algorithms that can find sequences of actions that will
take an agent from an initial state to a goal state. Al planning can be categorised into
several different types based on the representation of the environment, the available
actions and information, and the planning methodology.

The work in this thesis is integrated with a framework for reconfiguring agent plan
libraries (Cardoso et al.|2019) that can use the updated action descriptions produced
by the algorithm in Chapter [6] to repair plans that contain failing actions, prolong-
ing the effective lifetime of the agent. The framework proposed by (Cardoso et al.
(2019)) uses existing plans in the plan library to find alternative solutions to achieve the
post-conditions of capabilities that no longer achieve their post-conditions. The recon-
figuration framework works in conjunction with the method for learning new action
descriptions presented in this thesis. If a new action description is learned, it is avail-
able to the reconfiguration framework, meaning that the Al planner will have more
plans available to attempt a reconfiguration with.

To find the alternative solutions, (Cardoso et al. (2019) used a classical planning
algorithm. In a classical planning problem, the goal is to find a sequence of actions
that leads from an initial state to a desired goal state. Classical planning algorithms
operate in a deterministic fully-observable environment, meaning that the solution that
is produced will only be correct if actions achieve their stated post-conditions. In
classical planning, actions also have defined pre-conditions and ‘effects’, similar to the
pre-conditions and post-conditions used in the [BDI| action theories. Although in the
case of classical planning, the action theories are used to construct plans directly from

actions.

2.3.1 STRIPS and PDDL

The [Stanford Research Institute Problem Solver (STRIPS)| (Fikes & Nilsson[1971) is a

foundational representation language that influenced many modern planning languages

in the[Al| Planning domain. The language’s name was inherited from the popular plan-
ner that uses the language. Planners that can solve problems defined in this language

or a subsidiary of the language are referred to as STRIPS-like planners.

The planning language used in this research is the [Planning Domain Definition|
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[Language (PDDL)[2.1 (Fox & Long/|2003). A planning language is required by |Car-

doso et al.[s (2019) plan library reconfigurability framework to define GWENDOLEN
plans and the agent’s environment in a language that can be interpreted by an[Al]
planner. 2.1 is part of the (Mcdermott et al.|[1998) family, originally
developed to improve upon the language, by allowing greater expressiveness
in domain descriptions and problem definitions. There are six generally recognised
evolutions of the family, but 2.1 is favoured by |[Cardoso et al. (2019) as
this iteration specifically introduced time, pre- and post-conditions, and numeric flu-
ents (to express resource levels). This version of PDDL is also particularly suited to
the research in this thesis as it supports the concept of actions with durations, and can
also manage the expression of actions with pre-conditions and post-conditions, which

are relied upon in this thesis to allow action descriptions to be updated.

2.3.2 Action learning in Al planning

Features of the learning algorithms used in the [All Planning domain have influenced
the method for learning updated action specifications in this research. There is a con-
siderable body of work on learning action specifications from an environment in the[Al]
planning domain, however, the solutions often depend upon exploration of the environ-
ment to allow the discovery of new solutions, which may have negative implications

for safety critical scenarios.

Mugan & Kuipers|(2011) introduced the|Qualitative Learner of Action and Percep-|
When deployed in an unknown, continuous, and dynamic environment,

QLAP|constructs a hierarchical structure of possible actions in an environment based

upon the consequences of actions that have happened before.

Pasula et al.|(2007) explored the use of Machine Learning and probabilistic plan-
ning in complex environments to cope with unexpected outcomes. A learning algo-
rithm is used to determine an action model with the greatest likelihood of attaining the
perceived action effects of another different set of actions. The method is discussed in
full in Chapter 6]



Chapter 3

Related Work

In this chapter, related research is examined and evaluated against the research in this
thesis. Similarities found in other works are highlighted, and the advantages and disad-
vantages of each are outlined. This chapter is divided into four sections covering action
theory, actions with durations, failure handling, and learning action descriptions. These
sections were identified in the research questions and objectives in Chapter|[I], and help

to categorise the related works.

3.1 BDI Action Theory

Harland et al.’s operational semantics for goal life-cycles in|BDI|agents (Harland et al.
2014)) formed the theoretical foundation for Dennis and Fisher’s (Dennis & Fisher
2014)) actions with durations and failures. Harland et al.’s operational semantics allow
agents to activate, abort, suspend, and resume goals based on their current state and
the agent’s perceived knowledge. For example, if an agent’s goal is not consistent with
its knowledge, then it can be suspended or aborted. If the agent’s knowledge changes,
and makes a goal valid again, the goal can be resumed.

Dennis and Fisher adapted Harland et al.’s semantics to treat actions as capabilities.
These capabilities contain a reference to the original action but also pre-conditions
and post-conditions, and three terminating conditions that describe the beliefs that are
expected when that action has: succeeded, failed, or requires an abort. The research on
durative actions and failure detection in this thesis is based on the semantics introduced

in these two works.
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3.2 Actions with Durations

In general BDI languages do not explicitly treat actions as having durations. A notable
exception is the Brahms language (Sierhuis 2001, Sierhuis et al.[|2007) in which ac-
tions, called activities, explicitly involve durations. Brahms was originally developed
as a simulation language and its focus was upon answering questions about whether
human-agent teams could complete tasks within particular times. The simulation lan-
guage has been used to model the work practices of air traffic controllers in air traffic
management, and the activities of the Apollo astronauts on the surface of the moon.
In its original presentation, Brahms had no formal semantics. However, one was later
provided by Stocker et al. (2011), although these semantics are primarily concerned
with the effect of activity duration on simulations with mechanisms for monitoring
the behaviour of an activity during its execution. Nonetheless, the formal semantics
provided a definition of the Brahms language containing 41 rules that capture its oper-
ational behaviour, enabling formal reasoning about Brahms models.

There has been more recent works on actions with durations in the domain
(Traldi et al. 2022)) that highlight the importance of an explicit representation of time.
Traldi et al.’s work aims to improve upon the scheduling process of agents, allow-
ing agents to also reason about the temporal implications of each action, in an effort
to prioritise actions that may be otherwise delayed. This is particularly useful in sce-
narios where there is inherent risk if important actions are delayed and are blocked
by a queue of less critical actions. [Traldi et al.[s (2022) introduction of durative ac-
tions here is concerned with avoiding failure, rather than considering how failure has
occurred and how a subsequent recovery could be managed.

The modelling of actions with durations has also been considered in recent ver-
sions of the GOAL programming language (Hindriks 2021), with ‘timers’ allowing
programmers to generate percepts at predefined time intervals. Whilst this concept
does not directly support actions with explicitly defined durations, the implementation
of ‘timers’ introduces a notion of time to GOAL, allowing agents to perform time-
sensitive reasoning about ‘action-selection’. For example, if a timer was used to gen-
erate a percept that states that it has been 24 hours since the plants in a greenhouse
have been watered, and this percept is a precondition for an action to water the plants
in the greenhouse, the agent’s rule-based action-selection will now see that the pre-
conditions have been met for this action and can be selected for execution. Whilst the
consideration for actions with durations allows GOAL agents to handle time-sensitive

tasks, there is no support for failures and dealing with failures.
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Vikhorev et al. (2011)’s developed a ‘real-time’ extension of the AgentSpeak pro-
gramming language, AgentSpeak(RT), which supports the use of deadlines and prior-
ities. With AgentSpeak(RT), goals can specify a deadline by which the goal should be
achieved, and a priority to indicate their relative importance with higher-priority goals
taking precedence over lower-priority goals. The temporal constraint and importance
only applies specifically to intentions rather than to individual actions. These addi-
tions enable the concurrent execution of multiple intentions, using a more intelligent
scheduler that only commits to a set of intentions that is maximally feasible.

Ferber & Miiller|(1996) highlighted poor domain specification as an issue in multi-
agent systems and subsequently considered an extension of action theory to account
for a more dynamic environment. Their approach recognises that actions may not al-
ways affect their environment in the predefined and intended way. To address this,
they defined a formalism that separated actions into two phases: the ‘influences’, the
intended consequence of an action, and the ‘reaction’, the actual outcome of the ac-
tion’s influences on the agent’s environment given its previous state.

Ferber and Miiller stated that there was a lack of a formal specification for agent
architectures based on mental states, such as the [BDI| agent architecture, which was
correct at the time of writing, although now there are many formal specifications (Bor-
dini & Hiibner[2010, Dennis et al.[2007, d’ Inverno et al.[2000, {1997, [Hindriks|2021)). It
was also stated that agent architectures that are based on mental states have an inability
to take into account “reactive agents”, which are agents that are not characterised by
their mental states but rather by their perception and action capabilities with respect to
the environment. This statement has also since been rectified as agents following the
BDI| model are now widely capable of reacting to their environments through percep-
tion (Mascardi et al.[[2005)).

The task of defining and deploying durative actions has also been well explored in
the multi-agent systems research area (Ferber & Miiller| 1996, Helleboogh et al.[2007,
Riccr et al. 2010). A formalism for modelling dynamic environments is proposed
by Helleboogh et al. (2007)) with specific consideration for actions that might not be
achieving expected outcomes, however, the formalism focuses on defining the effects
of environmental interference on actions rather than detecting failures. Whilst the
research considers many of the issues encountered whilst deploying an agent into a
dynamic environment, it concentrates specifically on defining a formalism for multi-
agent simulation (as intended by the authors) rather than implementation.

Work by [Ricci et al.| (2010) critiques the modelling of actions in BDI languages,
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outlining not only the inadequacy of current action theory for use in a dynamic en-
vironment but also the additional facets of feedback for actions that can be exploited
whilst using a dynamic environment. Specifically, the ability to consider an action’s
success or failure from environment perceptions. The focus of Ricci et al.| (2010) was
to provide an improved action and perception model for complex endogenous envi-
ronments and takes a different research direction to that which is considered by the
research in this thesis. The added complexity introduced by Ricci et al. (2010)’s action
and perception model could lead to scalability issues when deployed in large-scale en-
vironments due to the increasing number of artefacts required to define and manage
actions and perceptions in the environment.

The approach taken in this thesis for defining and deploying durative actions is
presented in Chapter [3]

The field of Al Planning has invested considerable effort in the modelling of actions
and capabilities with durations and stochastic outcomes, both theoretically as variants
on Markov Decision Procedures (Mausam & Weld/[2008| 'Younes & Simmons|[2004)
and practically capturing the concepts of actions and capabilities with durations and
stochastic outcomes in planners (e.g., (Cirillo et al.|2010)) and domain description
languages such as the 2.1 extension of (Fox & Long/[2003). In this
domain, the effect of the action duration is of most importance during the generation
of the plan, rather than its execution. In automated planning, executable plans are
represented as sequences of actions and lack the manipulation of mental states which
is the defining feature of BDI approaches.

Epistemic planning enriches the automated planning process with the epistemic
notions of knowledge and beliefs (Bolander|2017/)). The introduction of knowledge and
beliefs allows the planner to reason with more context about the agent’s environment.
However, the greater level of expression needed for state representation in epistemic
planning significantly increases the complexity of the planning problem as the state
space increases, requiring greater computational power and time (Hu et al.[[2022).

The modelling of actions with durations has been considered in logics for agency.

Troquard & Vieu (2006)) represent these using continuations within [Seeing To It That|
(STIT)| logic. The logic does not explicitly link the issue of durations with aborts,

nor does it adequately account for the need to suspend working on a goal while wait-

ing for an action to complete. As such this work was a less attractive influence for a
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GWENDOLEN implementation than Dennis & Fisher| (2014)’s abstract formal seman-
tics, where there is already consideration for actions that do not complete instanta-
neously, and semantics for goal suspension whilst actions are executing.

Whilst the concept of durative actions has been adequately explored in the men-
tioned works, there has not been an implementation that focuses on monitoring indi-

vidual actions for failure.

3.3 Failure Handling

There has been a great deal of work on plan failure in BDI programming languages
(e.g., (Bordini & Hiibner|2010, Sardina & Padgham|2007, Sardina & Padgham|2011)).
This has not distinguished goal failure from action/capability failure, whereby the post-
conditions stated in the action description are not believed to have been achieved after
execution. This is understandable considering that when an action fails its most impor-
tant effect is on the goal which may need to be dropped or re-planned. As a result, work
has focused on goal-dropping and re-planning mechanisms, which are captured in the
work on BDI goal life-cycles by Harland et al. (2014) upon which much of the work
in this thesis is also based. In Chapter [f] the integration of an action failure logging
mechanism with mechanisms for goal dropping and re-planning is discussed, which
addresses the need for a distinction between goal and action or capability failures.

Yao, Logan and Thangarajah (Yao et al.|2016) developed a method for recovering
from plan execution failures that identifies and exploits positive interactions between
an agent’s intentions. They leveraged the effects of performing action(s) from other in-
tentions that bring about the conditions required to progress intentions with previously
failing plans. The method focused on the development of a Monte-Carlo Tree Search
scheduler with an extended selection phase, whereupon plan failure, the scheduler at-
tempts to find an execution order that can re-establish the context or pre-condition of
the next step in the intention. This work provides a more flexible and robust procedure
for plan execution, however, if an intention cannot be progressed by the scheduler, the
plan is dropped and regular backtracking occurs to find an applicable plan. The failing
plan is left in the library for future selection, where failing actions may derail plan
execution again.

Cardoso et al. (Cardoso et al.[|2019) have developed a method for reasoning about
replacing malfunctioning actions with alternate existing actions to achieve the same

desired goal, reusing the domain entities and predicates that are already available.
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The formal framework is implemented into the GWENDOLEN programming language,
using an agile Al planner to identify viable replacements for failing actions, before
merging the replacement plan into the plan library. The work in this paper provided a
significant base for the research in this thesis.

While the integration of [A]] planning into [BD]| architectures is an active area of re-
search, with various frameworks focusing on plan adaptation, evolution, and execution
monitoring (Meneguzzi & de Silva|2015)), only Cardoso et al.[(2019) have developed a
method for finding plan replacements for plans containing failing capabilities for [BDI
agents at runtime using an Al planner. Without this framework, there would be a re-
quirement for three additional mechanisms to enable the work proposed in this thesis.
A mechanism for translating agent capabilities and environments to an |Al| plan-
ning domain and planning problem, a method for specifying plans containing a failing
capability, and a method for running an[Al|planner on demand when capability failures
are detected.

Whilst Cardoso et al.[|(2019)’s framework addresses these requirements, there were
two assumptions stated for its implementation: firstly, the availability of a method for
identifying capability failures, and secondly, a method for parsing plans from the Al
planner back to the GWENDOLEN plan library. A method for identifying capability
failure is required as this acts as the trigger for a plan library reconfiguration. Further-
more, if a valid plan is found to replace plans containing the failing capability, then
a method for parsing STRIPS-like plans, generated by the Al planner, is required to
translate the new plan back to a format that is comprehensible to the agent. This thesis
addresses both of these assumptions, by introducing a method for identifying capabil-
ity failures in Chapter[6] and by implementing a STRIPS-like plan parser that translates
the output of Cardoso et al. (2019)’s framework back into a GWENDOLEN plan library,
as part of the cohesive GWENDOLEN implementation evaluated in Chapter [7]

Recent work by [Ferrando & Cardoso (2022) has introduced an automated failure
handling mechanism for [BD]| agents. The mechanism is enforced at runtime to ensure
that agents perform within a formal safety specification. Every event in a ‘shielded’
plan is checked before its execution, and if an event leads to violating a safety speci-
fication, then the shield can intervene. This mechanism would be highly effective in
safety-critical environments, although it could also limit the flexibility and longevity of
agents in dynamic environments if deployed without an efficient method for recovery.

Research in runtime verification has taken a different approach to implementing

failure detection. Runtime monitors (Ferrando & Cardoso|[2022, [Ferrando et al.|[2020,
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Salfner et al. 2010) are generated from formal properties to ensure system traces do
not violate the given formal specification. If a property is in danger of being vio-
lated by an action, the action can be stopped or flagged as a violation. Using this
mechanism, runtime verification aims to completely avoid failure. However, when ap-
plied practically, there can be limitations that are difficult or even impossible to over-
come: poor scalability in large distributed systems, limited observability of full system
states, and performance overhead. Runtime verification can also struggle with rapidly
changing and complex environments, making comprehensive monitoring difficult to
achieve (Sanchez et al.|2019)).

3.4 Learning Action Descriptions

There have been efforts towards introducing explicit mechanisms to allow agents
to be able to learn (Guerra-Hernandez et al. 2004, Phung et al.|2005), however, other
research areas such as Al planning have considerably more experience in applying
learning algorithms to existing systems (Arora et al.|2018). In this domain, reinforce-
ment learning has been used to learn the ‘rules’ of an unknown environment. The
general method centres on allowing agents to explore the environment by executing
actions available to them, collecting the resulting sensor data from the outcomes, and
subsequently using the data from action executions to infer the pre-conditions and
post-conditions for each.

Reinforcement learning is evidently the leading method for learning action de-
scriptions in the Al planning domain (Arora et al.|[2018] |Celorrio et al.|2012), which
is likely due to their complementary use cases (Lee et al.[|2022). Al planning focuses
on finding high-level plans to solve problems based on defined domain knowledge,
whereas reinforcement learning is able to learn lower-level actions through interac-
tion with the environment (Sutton & Barto/|2018). However, the safety implications
of trial and error exploration used by reinforcement learning algorithms meant that a
different, more safety-focused approach was taken for the research in this thesis. The
exploration requirement for these algorithms is driven by their narrow use case: learn-
ing rules from a completely unknown and previously unvisited environment (Grounds
& Kudenko|[2007). In the applications considered by the research in this thesis, the
agent has access to historic action outcomes, and this allows for a safer approach to be
taken, without the need to perform actions in an unknown environment with no prior

knowledge of the consequences.
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Learning algorithms have been extensively implemented and explored for their
ability to adapt to unknown environments, including inductive learning (Mitchell|1997),
genetic algorithms (Goldberg 1989), transfer learning (Pan & Yang|[2010), and super-
vised learning (Cunningham et al.[2008). However, these methods each face individ-
ual challenges surrounding their requirements for high-quality data, potentially unsafe
exploratory behaviour, noise sensitivity, and computational complexity. In Chapter [6]
these challenges are discussed and a hybrid learning algorithm is introduced, tailored to
meet the specific requirements of the proposed system. This algorithm integrates fea-
tures from supervised learning, rote learning, and ranking techniques to ensure safety,

efficiency, and effective use of the available historical data from an action log.



Chapter 4

A Framework for Adaptive Cognitive

Agents

This chapter presents an overview of the approach of the research in this thesis, sup-
ported by illustrations of the newly proposed extensions and their integration into the
existing architecture. A walk-through of the proposed system is then given, using a
diagram of the updated system architecture and a pseudo-code algorithm. The novel
contributions outlined in this chapter are discussed in detail in subsequent chapters:
Chapter [5] presents the integration of durative actions, while Chapter [6] addresses ac-

tion logging, failure detection, and the learning of action descriptions.

4.1 The Reasoning Cycle for Cognitive Agents

The Sense-Reason-Act cycle, shown in Figure is the fundamental process used by
cognitive agents (Millican & Wooldridge 2014)). Agents sense their environment, rea-

son about it, and then act accordingly by performing an action based on the reasoning.

| Sense |—>| Reason |—>| Act

Figure 4.1: Generic Sense-Reason-Act cycle

The |BDI| model operates by using this process. agents are programmed to
behave rationally based on their beliefs about the environment, their desires (goals),

and their intentions (plans) to achieve those goals (Rao & Georgeff|[1995). However,
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the standard model, cannot account for changes experienced in dynamic envi-
ronments if the available actions to ‘act’ with are static for the duration of execution
(Archibald et al.|2024)). In this context, ‘static’ means that the agent’s understanding
of the effect of the action can not change even if the effect of the action is changing.
Agents therefore need a mechanism for detecting failure, and learning from it, to adapt
their behaviour accordingly.

In a BDI| architecture, mechanisms for detecting failures, learning from failures,
and adapting behaviours, belong in the reason stage of the Sense-Reason-Act cycle.

For BDI| agents, reasoning is generally governed by a reasoning cycle.

4.2 Introducing a Framework for Adaptive Cognitive

Agents

This thesis proposes a framework to extend theory. The proposal is illustrated in
Figures 4.2]and [4.3] Each extension is discussed in this thesis.

| Sense |—>| Reason |—> ACt

L3 oy § (Section [5.1)

! S :
________ 1'_______::\ § Log outcome
! s : .
' Reconfigure | .. ; of action
. o3 | N SO e NSRRI
: (Section /6.3 : No :
! Patch plans ! RN X
1 ~o P LN
""""" . S~ L AR

1 So , ’ ~ N

: A ~ -7 ’ s ~
_________ e o e e — 4 S L7 ~

> So
| Learn | e Detect .
! . ! i . ~
! (Section [6.2) ! v . (Section [6.1) .
' } <----m--- €s ~~------~ <. ) L
! New Action | ~. Has an action -
1 ~ -

' Description ' <. become deprecated? .-~
| s Modified ----- Addition |

Figure 4.2: Extended Sense-Reason-Act cycle to account for action deprecation, syn-
thesis of new action descriptions, and the patching of plans.

In Figure 4.2] a Sense-Reason-Act cycle is depicted with the additional processes

required by the proposed extension. There are four notable additions:

* The act phase now requires the agent to log the outcome of each action execution;
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* The agent now also checks to see if the executed action is deprecated by com-

paring the expected outcome with the actual outcome;
* Two new phases were also added:
— In the synthesis phase, new action descriptions are learned from the data

collected from action executions;

— In the patch phase, if a new action description is learned, the affected plans
in the plan library are reconfigured using the updated descriptions of the

existing actions.

Stage A Stage B

Yes —>| Find all Plans Applicable
to the Current Intention

Any unsuspended
Select a Current Intention non-empty intentions?

or Sleep the Agent

Stage F

Is the Current Stage C

No ? . .
Process New Messages Intention empty? Pick a Plan and Apply it
Yes No \
Stage E ’/,b Has an action d‘7\\\ Stage D
Get new Perception ~ [<~No-- RN ec?gl;tiggﬁte P . Execute the Top Deed
and Messages N o i on the Current Intention :
7y So . . P - L P
' Yes
s Cmmmeeee el | S,
Stage D, E Stage D; (Learn)

Reconfigure Plans E Update Action Description « | ===~ Addition

E (Section [6:32) mm e e - a (Section [6.2) N A Modified

Figure 4.3: GWENDOLEN reasoning cycle with additional stages showing the proposed
extension.

In Figure the proposed extension has been mapped onto the existing reasoning
cycle, that was mentioned in Section[2.2.1] In particular, ‘Stage D’, the stage where the
top deed on the current intention is executed, has been expanded. In the original rea-
soning cycle, ‘Stage D’ is solely responsible for executing the top deed on the current

intention.
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After executing the top deed on the current intention, a check for deprecated actions
is made. The last entry of the action log is checked: if it is an entry for anything other
than an action failure then nothing further happens. No action becomes deprecated,
and the cycle continues to Stage E. However, if it is an entry for an action that has
failed, the number of entries containing a failure for this specific action is checked
against a failure threshold. The use of a failure threshold enables the failure detection
method to distinguish between transient failures and persistent failures. The threshold
ensures that actions will not have their descriptions immediately replaced with a new
set of post-conditions based on a single failure, unless the threshold is set to 1, as
the post-conditions logged from a single failure may be anomalous to the true action
post-conditions. Different actions may be executed in varying frequencies depending
on their usage in the plan library, and as a result, the threshold value of an action is
context-specific, and must be defined prior to execution in this implementation. In any
case, if the threshold has been reached, the reasoning cycle moves to the new Stage
D in which a new action description will be learned, and then moves onto Stage D,
where plans will be patched using Cardoso et al.|(2019)’s reconfiguration mechanism.

This extracts all the action descriptions from the agent and translates them into
STRIPS operators (Fikes & Nilsson [1971). It should also be noted that the pre-
conditions and post-conditions used in the agent program examples in this thesis are
stated in absolute terms, i.e., af(0), rather than in relative terms such as ar(X + 1), for
compatibility with Cardoso et al. (2019)’s reconfigurability framework. Let the old
action description for the failed action a be:

{Pre}a{Post}[n]

The reconfiguration mechanism computes initial and goal states for a planning problem
from {Pre} and {Post}. This planning problem is then given to a STRIPS planner
together with the STRIPS operators of the agent’s plan descriptions. If the planner
computes a new plan this is translated into a sequence of GWENDOLEN actions, ay,
and this sequence replaces a everywhere it appears in the agent’s plans. Algorithm I]
shows this process. The extended ‘Stage D’ is shown on lines 10-18, with lines 13-16
representing the implementation of |Cardoso et al.| (2019)’s framework as ‘Stage D;’.
Starting on line 1 of Algorithm I} the loop is initiated and continues as long as the
agent is active. On line 2 Stage A is executed, where a currentlntention is selected, or
if all intentions are empty or suspended then the agent’s sleep flag will be set to true.

New perceptions and messages can change this flag to false to ‘wake’ the agent and
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Algorithm 1: Gwendolen Reasoning Cycle with Extended Stage D

1 while Agent is active do
Stage A: Select a currentIntention or Sleep the Agent;
if unsuspended non-empty intentions exist then
Stage B: Find all applicablePlans to the currentlntention;
Stage C: Pick a plan and Apply it;
if currentIntention empty then
\ Stage E: Get new perceptions and messages;
else

(R RS - WL N N R )

Stage D: Execute the topDeed on the currentlntention;
if lastActionLogEntry == failure then
if actionFailureCount > actionFailureThreshold then
Stage D: Learn(action);
Stage D;: Reconfigure(action);
i: Translate action descriptions to STRIPS operators;
ii: Compute initial and goal states for planning;
iii: Execute planning algorithm;
if newPlan exists then
L Replace action a with sequence a; in agent’s plans;

L < =
N SN N R W N =D

ot
x®

19 Stage E: Get new perceptions and messages;

20 else
21 L Stage E: Get new perceptions and messages;

22 Stage F: Process new messages;

continue the cycle. If no unsuspended non-empty intentions existed when executing
line 3 of the algorithm, Stage B, Stage C, and Stage D are skipped, and instead Stage
E gets all new messages and perceptions from the environment (line 20 and 21) before
continuing to Stage F (line 22), where these are processed.

If any unsuspended intentions do exist and have deeds to perform then Stage B is
executed. In Stage B (line 4) all of the plans that apply to the currentIntention are
found and stored in the agent’s applicablePlans. Once this has been done, on line
5 Stage C is started, where a plan from the applicablePlans is chosen and applied.
From here if the currentIntention is empty, then Stage E gets all new messages and
perceptions from the environment.

If the currentIntention is not empty, then Stage D (line 9) executes the topDeed
on the currentintention. After this stage, the lastActionLogEntry is checked. If the
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log entry contains a failure then the actionFailureCount is checked against the action-
FailureThreshold for that action (lines 10 and 11). If the count is above the threshold
then Stage D is started (line 12), where the action is passed to the ‘Learn’ rule for a
new action description to be learned. Next, the action log entries for the deprecated ac-
tion are filtered into a separate log in reverse order in preparation for the ranking policy.
Each variation of post-conditions in the separate log is assigned a weight, calculated by
their index position (representing recency with linear decay) and the frequency of that
variation. The variation with the highest weight is assigned as the new success post-
conditions for this action. This process is discussed in more detail in Section[6.3.1]
Once the new set of success post-conditions has been learned, Stage D, (line 13)
is started, where the ‘Reconfigure’ rule is executed on the action. The ‘Reconfigure’
rule is broken into four parts i, ii, iii, and a final stage is performed if a new plan is
found. In part i on line 14, the action descriptions of all of the actions are converted to
STRIPS|operators. In part ii (line 15), the initial state and the goal state of the planning
domain are created from the failing action’s old pre-conditions and post-conditions
(from before Stage Dy). In part iii (line 16), these states and the actions are passed to
the planning algorithm to find a sequence of actions that solves the planning problem.
If a sequence is found, a newPlan is produced (lines 17), then any plans containing
the failing action description are patched using the replacement sequence of actions
found by the planning algorithm (line 18). Stage E (line 19) now gets any new per-
ceptions and messages before Stage F (line 22) processes any new messages received

during Stage E.



Chapter 5
Durative Actions

In this chapter, the introduction of durations for actions is justified, the required mech-
anisms for integrating durations into existing action semantics are provided alongside
an example use case. Lastly, details of the implementation of the extended action the-

ory are given.

5.1 Terminating Conditions

Dennis & Fisher| (2014) advocated associating actions not only with pre- and post-
conditions containing durations but also with explicit success, failure and abort con-
ditions (an abort is used if the action is ongoing but needs to be stopped) and suggest
goals be suspended while an action is executing and then the action’s behaviour be
monitored for the occurrence of its success, failure or abort conditions. When one of
these occurs the goal then moves to the Active or Pending (where re-planning may be
required) part of its life-cycle as appropriate.

In the proposed mechanism, the terminating conditions of actions can be defined.
There are three sets of conditions that can be defined: Success, Failure, and Abort.
Each of these sets of conditions is associated with a set of operational rules, defined in
Section [5.2.1] that manage the processes that are invoked when an action is executed
and one of the conditions is subsequently believed to be true.

Conditions for Success, Failure, and Abort are especially useful in detecting per-
sistent failure and driving algorithmic learning. In the proposed mechanism, an action
log is kept, containing a historical log of action outcomes for each action and a record

of the change in beliefs from before execution compared to after execution.
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Action Logging

To assess an action’s status (i.e. Active, Pending, or Deprecated), a historical record
of all action executions must be kept, alongside the condition under which they were

terminated and the beliefs held by the agent both before and after the execution.

(T ActionLog |- -------------- -~ \‘
Capability Change in beliefs Action Outcome
i {at(0)} {move(0, 1)}{at(1)} -at(0), +at(1) Success ‘
{at(0)} {move(0, 1)}{at(1)} -at(0), +at(3) Failure

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 5.1: Action log for a GWENDOLEN agent

Figure|5.1|is a visual representation of a Java ArrayList containing two Action Log
Entry objects. The Action Log Entry object holds a Capability, a list of the difference
in beliefs before and after the action executed, and finally the outcome for that action
once it terminated. The action shown in the figure was programmed to move the agent
from a waypoint 0 to another waypoint 1. In the first entry, the action is believed to have
succeeded as the change in beliefs results in the agent believing that it is at waypoint 1,
matching the expected post-conditions for that action. In the second entry, the change
in beliefs results in the agent believing that it is not at the expected waypoint, producing
a failure as the action outcome.

The action log is represented in the implementation as an Array List, with a fixed
size defined before execution. There is no default value as it should be calculated for
each deployment. The fixed size should consider the number of actions available to
the agent and the classification of these actions (i.e., navigation, activating effectors,
recording from sensors). The fixed size should also be a balance between keeping
enough entries to make informed learning decisions, but also to discard ageing entries.
More available actions requires a larger size as more actions will be sharing space in
the same log. Special consideration should be taken for actions that may be executed
more frequently.

When a new entry is created for the log, if the size limit has been reached the oldest
entry in the log is removed before adding the new entry. With the action log acting as
a queue, entries can be treated with various weights dependent on their index position:

with more recent entries representative of more up-to-date data. Data obtained from
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repeated patterns in the action log is also given more value in the learning process by
individually weighting each entry at first, then summing the weights of entries with
the same post-conditions. Additional data points are important when constructing a
dataset that is suitable for machine learning and have consequently been considered in

the design of the Action Log data structure.

5.2 [Extending Action Theory

The action theory presented in this chapter extends beyond existing approaches high-
lighted in Chapter [3| by allowing for the definition of actions with explicit notions of
durations, pre-conditions, post-conditions, and terminating conditions, while incorpo-
rating an action log for action monitoring and failure detection. Specifically, an imple-
mentation in the GWENDOLEN programming language leverages existing semantics
for goal suspension whilst actions are executing, meaning agents can continue operat-
ing throughout the duration of action executions.

Following Dennis & Fisher (2014), actions are associated with three terminating
conditions: Success, Failure, and Abort. These conditions are represented in an ex-

tended action notation as:

a: (¢s,¢f,¢a)

In this extended action notation, a is an action, ¢y is the success condition, ¢ is the
failure condition and ¢, is an abort condition after which the action should be aborted.
The agent has also been extended to maintain an action log that tracks action suc-
cesses, failures and aborts. It is used to determine when an action is Suspect or Depre-
cated (Stringer et al. 2020).

When an action is executed, either it is an instantaneous action (in which case one
of its termination conditions is either instantly or trivially true), or it has a duration and
the current intention is suspended. This follows Dennis & Fisher’s semantics where
the goal is suspended since GWENDOLEN’s intention life-cycles map onto the goal-
lifecycles of Harland et al. (2014)).

5.2.1 Managing actions with terminating conditions

In the following sections, operational semantic rules for actions with durations and
terminating conditions are presented. These semantics extend the abstract semantics

presented by |Dennis & Fisher (2014) and have been applied to the operational semantic
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rules of the GWENDOLEN programming language with the intention of implementa-

tion. In the extended semantics, actions with explicitly defined durations that also have

terminating conditions are considered, and the concept of an action log is introduced.

The notational conventions used in the rules are presented in Table for refer-

ence.

Symbol Explanation

a: (05, 07,04) An action a with success condition ¢y, failure
condition ¢ ¢, and an abort condition ¢,.

a An action performed by the agent.

O The success condition for an action.

o The failure condition for an action.

0, The abort condition for an action.

i The current intention of the agent.

g & The agent’s state before and after an action, re-
spectively.

B The belief base of the agent.

suspend(executing(a) : t1;(i))

The suspension of an intention with an action
marked as executing.

executing(a : (05,07,0,))

An action that is currently being executed.

do(abort(a)) The aborting of an action a.

L The action log.

@ Used to denote appending a new element (such
as a tuple) to a list.

A(B,B') The difference in beliefs in the belief base be-
fore and after an action.

t1;(i) The tail of the intention stack, excluding the top
element.

hd,(i) The top deed of the current intention.

—>action Denotes the transition of the agent’s state as a
result of performing an action.

B = ¢ The belief base contains the beliefs stated in the

success conditions of an action

Table 5.1: Notation conventions for Action Theory Extensions

Executing actions with terminating conditions

When an action with an expected duration is executed, it is likely that none of the

termination conditions are believed instantaneously. In this case, the intention with the

action marked as executing is suspended, as shown in Rule (5.1).




5.2. EXTENDING ACTION THEORY 61

do(a)

hd,(i) = executing(a : (¢5,07,04)) & & B0, B¢y
(€,(...1,B...)) —action (&, (...suspend(executing(a) : t1;(i)),B...))

(5.1)

The top deed on the intention stack, hd,(i), is an action with a success, failure and
abort condition, a : (¢y,07,0,), which has been executed in the current state, £. In
this case, the agent does not believe the success, B [~ ¢y, and failure conditions for the
action, B |~ ¢ - It should be noted that in this set of rules, only the intention, i, and
belief base, B, are shown, with unused agent features represented by “...°. A tuple
containing the current state of the environment and a tuple that represents the agent’s

state,

(€,(...i,B...))

describes the current state of the system. After the agent’s state has been changed
by performing the action, —,ction, the intention containing the executing action is
suspended by performing the suspend operation on the intention that contains the
executing action. The notation, :, used in the intention, indicates the concatenation of

a deed to the top of an intention stack:
suspend(executing(a) : t1;(i)).

A suspended intention is, by default, not selected at the intention selection phase of
the agent’s reasoning (Dennis|2017)). Following the original GWENDOLEN semantics,
an intention will remain suspended until some belief condition occurs, normally that a
belief is acquired via perception or from the receipt of a message. In the case of actions
with terminating conditions, their intention is unsuspended if any of the termination
conditions are perceived.

When success, failure, and abort conditions are encountered, for any action execu-
tion, an entry containing the action, a, the difference in beliefs from before and after
the action execution, A(B,B’), and the type of action outcome (‘success’, ‘failure’, or

‘abort’) is added to the action log. This is shown in the semantics by:

L& (a,A(B,B'), ‘outcome’)
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Where the action log is represented by L, and an action log entry is represented as:
{a,A(B,B'), ‘outcome’)

The notation, &, signifies a new entry being appended to the action log.

In the case of failure conditions, once the outcome has been logged, the action is
retried. The transition rule for unsuspending intentions from the original GWEN-
DOLEN semantics (see Appendix [A)) is left unchanged, and is shown in Rule (5.2)), for

reference.

hd,(i) = +b
<§, < .. i,I,B. . >> —add_belief
(€,(...t1;(i),unsuspend(I,b) Unew(+b,€),BU{b},...))

After this, Rules (5.3), (5.3) and (5.7), described below, are used to process the
rest of the intention and update the action log. In the case of failure terminations, the

(5.2)

action is attempted again, and in the case of abort terminations, the action execution is
aborted in the environment.

Abort conditions are intended to stop the agent from retrying actions when an ac-
tion fails significantly enough to be deemed unsafe to reattempt. Failure conditions can
then be used to define conditions that represent a tolerance for what is considered ac-
ceptable performance, allowing the agent to continue if the action still performs within
an acceptable range. Success conditions are then used to explicitly define when an ac-
tion has achieved its intended outcome, ensuring the agent can recognise and confirm
successful execution. A richer set of tools for reacting to failures and aborts, involving
the analysis of the action log, is discussed in Chapter@

Section works through an example that follows the operational semantics pre-

sented in this section, including example action logs for successes, failures and abort

outcomes in Figures[5.2][5.3] and 5.4

Terminating with success

In Rule (5.3)), a durative action is executing, and the agent believes the success condi-

tion.

hda(i) = executing(a  (05,05.00)) B =0,
(€,(...0,B,...,L)) —action (&, (...t1;(i),B,...,L® (a,A(B,B’), ‘success’))

(5.3)

Rule (5.4) shows the case where the success condition is believed to be true at the
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point of action execution, such as when an instantaneous action is executed e.g. taking
a picture. Rule (5.4)) is very similar to Rule (5.3)), as both are concerned with the suc-
cess condition of the action being believed to be true, the difference between the two
rules is the time frame in which the conditions are believed: in Rule (5.3)), the agent
believes the success conditions during the execution of the durative action, whereas in
Rule (5.4), the agent believes the success conditions immediately, at the point of action
execution. Both transitions result in the same outcome. Rule (5.4) also behaves simi-
larly to Rule (2.4)), since the situation where an action achieves its expected outcome
is analogous to action execution in the existing GWENDOLEN semantics, but with the
addition of an action log. In Rule (5.4), the top deed of the intention stack is an ac-
tion, and performing the action transforms the pair of the environment and the tuple
of agent components by changing the environment and removing the top deed of the

current intention.

do(a)

hdg(i) = a: (95,97,0a) & & B
(€, (...0I,B,..., L)) —action (€, (... t1;(i),B,...,L&® (a,A(B,B’), ‘success’))

(5.4)

Terminating with failure

In Rule (5.5)), a durative action is executing, and now the agent believes the failure
conditions. The action failure is recorded in an entry in the action log, then the action
is concatenated to the tail of the intention stack to be re-attempted. Rule (5.5)) is similar
to Rule in that the agent believes in a terminating condition during the execution
of a durative action, and both record the outcome and the change in conditions they
experienced during execution in the action log. However, as the agent believes the
failure conditions have been met in Rule (5.3), instead of removing the top deed of the
intention like when the agent believes in the success conditions of an action, the failed

action is concatenated to the tail of the intention stack to be re-attempted.

hdy (i) = executing(a : (95,95,9a)) B = 0y
(€,(...i,B,...,L)) —action
(€, (...a: (¢s5,07,0q) : t1;(i),B',...,LP (a,A(B,B’), failure’))

In Rule (5.6), the failure condition is believed to be true at the point of action

(5.5)

execution. The same operation as in Rule (5.3) is performed. The failure is logged in

the action log and pushed onto the tail of the intention stack to be re-attempted.
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do(a)

hdy(i) = a: (¢5,907,0a) & § BE
(€,(...0,B,...,L)) —action
(€, (...a: (95, 07,9q) : t1;(i),B',...,L P (a,A(B,B’), failure’))

(5.6)

Terminating with the abort condition

Rule (5.7) shows the case where an action is executing, and now the agent believes
that the abort condition is true. In this case, the action is immediately aborted in the
environment, do(abort(a)), the abort outcome is logged in the action log, and the

action is not attempted again.

hd,(i) = executing(a : (¢S7¢f7¢a)) B = ¢,
&_, do(abort(a)) &I

(€,(...i,B,...,L)) —action
(€ (...t1(i),B,...,L® (a,A(B,B'), ‘abort’))

(5.7)

In Rule (5.8), the abort condition is believed to be true at the point of action execution.

hdg(i) = a: (05,07,00) &2%E B0,
(...0,B,...,L)) —action

(€, (.
(€,(...t1(i),B,...,L® {a,A(B,B’), ‘abort’))

(5.8)

In this case, the action cannot be aborted as it completed instantaneously and is
not still executing in the environment, though the action’s deed is removed from the
current intention to prevent the action from being re-attempted. The abort outcome
is then logged in the action log. Rule handles all other cases where an agent

believes an action’s abort conditions and the action has not completed instantaneously.

5.3 Example

The operation of the semantics presented in this chapter can be illustrated in a simple
example. In this example, a wheeled inspection robot is tasked to navigate around a
space represented as a topological map and take images at specific locations in that
map. Specifically, this example considers a robot moving through a hallway towards a
fire exit, where it is supposed to log an image of the fire exit (for later human inspection

to verify that the fire exit is clear). However, the hallway is constructed in such a
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way that, particularly at times when many people are moving through it, the obstacle
avoidance behaviour of the robot means it sometimes ends up at the wrong location
— the entrance door, at the opposite end of the hallway, and sometimes the movement
takes far longer than the expected duration (5 minutes) of the move.

Therefore two actions are considered, one with a duration (move_to_fire_exit) and
one without (take_image). Their success, failure, and abort conditions and durations

move_to_fire_exit : ({at(fire_exit) },{—(at(fire_exit) }, {time(a,t) > 300} )[300]

take_image : ({T},{L},{L})[0]

The definition of their terminating conditions follows the format:
action : ({success_condition}, {failure_condition}, {abort_condition})|duration]

The success condition for the move _to_fire_exit action is met if at(fire_exit) is believed,
the failure condition is met if —(at(fire_exit) is believed, the abort condition is met if the
time taken ¢, to execute the action a, is over 5 minutes (300 seconds), time(a,t) > 300,
and the expected duration is set to 300 seconds. The terminating conditions for the
take_image action are trivial placeholder conditions as it is an instantaneous action.
In the description of the conditions, the success condition is set to True, T, the fail-
ure condition is set to False, L, the abort condition is set to False, L, and the action
duration is set to 0.

The agent’s intention stack is represented as a stack of deeds, ignoring some of the
other information GWENDOLEN stores in intentions which is irrelevant here. At the
point where it starts traversing the hallway, it has two deeds on the stack — the action to
move to the fire exit, followed by the action to take an image. These deeds were trig-
gered by the commitment to a maintenance goal, which is shown in the corresponding
event stack, and is indicated by the standard syntax for committing to achieve a
goal: +!g.

event deed
+!maintenance () | move_to_fire_exit
t+!maintenance () | take_image

The agent attempts to execute move_to_fire_exit. At this point, the agent is nei-

ther at the fire exit nor at the entrance meaning neither the success or failure conditions
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are believed for the move_to_fire_exit action. As neither the success or failure con-
ditions are believed, the process described by Rule (5.1)) is followed: the intention is

suspended and the move_to_fire_exit action is marked as executing). The intention

becomes:
event deed
Suspended: +!maintenance () | executing(move_to_fire_exit)
Suspended: +!maintenance () | take_image

Three things may now happen.

1. Firstly, the robot may reach the fire exit. The agent perceives at (fire_exit) and
the intention is unsuspended. At this point the agent makes a transition in accor-
dance with (5.3) and the intention becomes:

event deed

t+!maintenance () | take_image

The agent may then execute take_image. This is an instantaneous action with a
trivial success condition. A transition occurs according to (5.4)) and the intention

becomes:

event | deed

This intention is now complete and will be cleared away as part of the rest of
the reasoning process. The resulting action log is shown in Figure [5.2] with two
entries, where a green background represents a success entry. Each action that
was performed during maintenance has been logged, with the change in beliefs
from before the action executed compared to after execution and the outcome of

the action.

2. Secondly, the robot may reach the entrance. The agent perceives at(entrance)
and the intention is unsuspended following the process of Rule (5.2). At this
point the agent makes a transition in accordance with (5.5)) and the intention

becomes:

event deed

+!maintenance () | move_to_fire_exit

+!maintenance () | take_image
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R ActionLog |- -------------------- -
} Capability Change in beliefs Action Outcome

i move_to_fire_exit +at(fire_exit) Success

} take_image T Success
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Figure 5.2: Action log for an inspection robot in a hallway environment with successful

actions

At the same time,

the failure log is updated to note the failure of

move_to_fire_exit. The original state has been reached again and the action

will be re-attempted. Figure shows an example of the log from this action

outcome, with a blue background representing a failure entry.

———————————————————————————— Action Log

Capability

Change in beliefs

Action Outcome

move_to_fire_exit

+at(entrance)

Failure

14
|
|
|
!
|
|
|
|
|
|
!
\

Figure 5.3: Action log for an inspection robot in a hallway environment with a failed

action

3. Thirdly, after five minutes the robot may have reached neither the fire exit nor

the entrance and may still be attempting to move through the hallway. The agent

receives the percept time(move_to fire exit,n) where n > 300, meaning that

the time that the move_to_fire_exit action has been executing has surpassed

the expected duration of the action, and the intention is unsuspended. At this

point, the agent makes a transition in accordance with (5.7)). The agent performs

the action, abort(move to fire exit) and the intention becomes:

event

deed

+!maintenance ()

+!maintenance ()

move_to_fire_exit

take_image

At the same time,

the abort log is updated to note the abort

of



68 CHAPTER 5. DURATIVE ACTIONS

move_to_fire_exit. Figure shows an example of the log from this action

outcome, with a red background to represent an abort entry.

fmm e ActionLog |----------------o \
l l
| |
} Capability Change in beliefs Action Outcome l
1 move_to_fire_exit time(move_to_fire_exit, n) Abort i
|

| |

Figure 5.4: Action log for an inspection robot in a hallway environment with an aborted
action

5.4 Implementing Durative Actions

The semantics presented in this chapter show the operations of actions with terminat-
ing conditions and durations as applied to the existing GWENDOLEN semantics. To
integrate the extended action theory with the Java implementation of GWENDOLEN,

extensions to the underlying Java code were required. It should be noted that GWEN-

DOLEN is distributed as part of the Model-Checking Agent Programming Languages|

framework, and the most recently available distribution of GWEN-

DOLEN supports Capabilities (actions with defined pre-conditions and post-conditions).

The Capabilities class was extended to support durations, and extended further
to handle defining success, failure, and abort conditions. The standard environment
class was extended to handle actions with defined durations, and finally, the reasoning
rule for handling standard instantaneous actions was extended to handle actions with

defined durations.

Durative Actions Class This class is an extension of an existing Capabilities class
in the distribution of GWENDOLEN, which is an extension of the Action
class. Figure [5.5] shows a partial class diagram indicating the relationship between
these classes. Three member variables were added to the standard Capabilities class;
the three variables can be used to define the belief conditions for successes (success),
failures (failure), and aborts (abort) for each action.

Durative Actions hold three more member variables, in addition to the Capability
class: duration, which is filled with an integer value for the expected duration of the

action; threshold, which holds an integer value representing the number of failures for
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that action in the Action Log which will trigger the next stage of failure detection; and
actionstate, a byte value which is updated automatically to represent when the action

is executing or not executing in an environment.

Action

+ predicate: Predicate

A
I

<exténds>>

|
1

Capability

+ precondition : GLogicalFormula
+ postcondition : GLogicalFormula
+ success : GLogicalFormula

+ failure : GLogicalFormula

+ abort : GLogicalFormula

A
I

<extends>>

1

DurativeAction

+ duration : Double
+ threshold : Integer
+ actionstate : Byte

Figure 5.5: Durative Action - Partial Class Diagram

Durative Action Environment For action durations to be honoured by agents, con-
siderations for time must be added to the default environment. A percept for time is

kept in this environment and is updated automatically.

Handle Action Operational Rule In Stage D of the GWENDOLEN reasoning cycle
(see Figure [4.3)), the operational rule for handling actions can be selected and exe-
cuted. Within the body of this rule, the method for executing actions in the environ-
ment is called. Before introducing the concept of Durative Actions with terminating
conditions, actions were considered to complete instantaneously and could not fail.
To manage various action outcomes, each action is now executed and followed until

termination.
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In Figure[5.6] the process for resolving each of the three action outcomes is shown.
If the action execution terminates with failure, and the threshold number of failures
has been reached for that action, then the learn rule is applied in the following stage in
the reasoning cycle. See Chapter [6] for more details about the learn rule. Once a new

action description is learned, the agent plans must be reconfigured before continuing

Execute Action

Abort Terminating

w Success

Failure

normal action execution.

Over failure
threshold?

No

Yes

Learn

( Terminate ) Reconfigure Plans ~ ———f Continue )

Figure 5.6: Handle Action Operational Rule




Chapter 6

Detecting Failures and Learning New

Action Descriptions

Dynamic environments introduce uncertainties that can disrupt the operation of au-
tonomous agents: obstacles may appear, environmental conditions may change, or the
agent’s own hardware may experience degradation. These unforeseen circumstances
necessitate a mechanism for adapting to change. Recognising when an action is no
longer consistently achieving its intended outcome is the first step towards enabling
agents to adapt to dynamic environments. A system that is capable of detecting failure
can flag deprecated actions and trigger corrective measures. New action descriptions
that more accurately reflect the action’s affect on the environment can be learned by
leveraging the information recorded in the Action Log, and agent plan libraries can be
reconfigured to ensure that agents can remain operational without intervention.

In this chapter, a method for detecting action failures is introduced, in Section
The underlying mechanisms are then detailed in Section [6.1.1] and the method is
demonstrated using the running example in the waypoints environment. A method
used for learning new action descriptions to replace failing action descriptions is then
detailed in Section [6.2] The influences and origin of the chosen algorithm are also
given. Lastly, specific details of the algorithm and its related mechanisms are justified

and explained.

6.1 Failure Detection

Failure detection within the context of this research can be described as the monitoring

of outcomes for individual action executions to keep an updated record of all recent
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results with the ability to autonomously flag characteristic patterns of action deteriora-
tion. It follows that the ability to detect failure is a prerequisite for adapting to failure
itself (Cardoso et al.|[2019)), as the failure must be identified in order to resolve it. In
this research, the detection of failure relies upon comparing the actual outcomes with
expected outcomes.

Identifying failures in robotic systems is important for maximising longevity. Fre-
quently identifying and resolving issues through failure detection can prevent them
from escalating into major problems that could terminate a robot’s operational lifetime
earlier than expected. Above this, detecting and diagnosing failures in any system has
clear advantages over a system that does not. Failure detection can be most helpful
when a system is subject to conditions that can not be predicted before deployment.

In this research, failure detection has been designed to run ‘quietly’ alongside nor-
mal agent execution so that it can be applied to existing systems without causing dis-
ruption to the agent’s execution. Logs must be gathered through monitoring as it is
not possible to collect detailed information on action execution in any other way. The
value is seen when the collected data is used, not gathered. The collected data is used
when enough entries that match certain criteria exist in the data set. The criteria are
discussed in Section

Whilst reasoning systems can replicate human decision-making, the resultant deci-
sions are subject to two major assumptions: perceptions of the agent environment are
always assumed to be accurate, and actions are assumed to perform as described before
execution (Wooldridge|1999). If a human was tasked to detect failures in the operation
of an autonomous agent, they would monitor the interaction between the agent’s ac-
tions and the environment, keeping a note of past interactions and identifying emerging
patterns of change. This behaviour can be reproduced programmatically by adding en-
tries to a data structure containing the changes from before and after action executions.
These entries can then be monitored after each action execution for patterns of change.

In this chapter, the concept of action logging and monitoring for failure detection
is expanded and discussed. The explanation builds upon two previously discussed

requirements from Chapter[5} actions with durations, and actions with post-conditions.

6.1.1 Failure Detection Method

Two prerequisites for detecting failing actions were considered in Chapter [5| Specifi-

cally, actions can have durations that ‘time out’, and actions can have conditions that
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trigger their termination. Action durations and post-conditions are used when compar-
ing the expected outcome of an action compared to the actual outcome after execution.
The baseline comparison between the expected outcome and the actual outcome of an
action execution is used to determine whether actions have succeeded or failed, and
consequently failures cannot be detected without it. In Section .2} all requirements
for the proposed extension and their positions in the current system architecture are ex-
plained. To make use of the action outcomes, a log of the action outcomes is collected.

The ‘Action Log’ is the final prerequisite for failure detection.

Detecting Failures in the Action Log

At Stage D in the reasoning cycle, once the top deed on the current intention has been
executed, the last entry of the action log is evaluated, to see if an action has become
deprecated. If the last entry of the action log is an entry for anything other than an
action failure, then the cycle continues to the next stage. However, if the last entry on
the action log is an entry for an action that has failed, then the number of entries in
the action log containing a failure for this specific action is compared with the failure
threshold that has been defined for that action (in the action’s description). If it is
determined that the threshold has been reached, the action is considered deprecated,
and the cycle continues to the Learn rule in Stage D of the reasoning cycle.

In Figure [6.1] five entries in an action log can be seen. An example that could pro-
duce this action log is given below. When a new entry is made by an agent following an
action execution, the size of the log is recorded, and measured against the predefined
size limit. In this case a single action success has been experienced for the move(0, 1)
capability, followed by four failures. For this capability, in this case, the failure thresh-
old is four. The learning algorithm will now consider the frequency, similarity and age
weights to calculate a new action description to represent the consistent result seen in

the recent executions.

Example

A scenario using the Mars rover agent presented by |Cardoso et al.| (2019) is used in
this example to illustrate how Action Log entries are recorded. In the scenario, there
is an autonomous rover navigating a topological map of Mars that contains waypoints.
The goal in this scenario is for the rover to reach a specific waypoint on the topological
map, and when it reaches the goal waypoint, the agent navigates back to waypoint

0, before another waypoint goal location is provided. If an action failure occurs, the
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(T ActionLog |------------------- |
Capability Change in beliefs Action Outcome
{at(0)} {move(0, 1)}{at(1)} -at(0), +at(1) Success
{at(0)}{move(0, 1)}{at(1)} -at(0), +at(3) Failure
{at(0)}{move(0, 1)}{at(1)} -at(0), +at(3) Failure
{at(0)}{move(0, 1)}{at(1)} -at(0), +at(3) Failure
{at(0)}{move(0, 1)}{at(1)} -at(0), +at(3) Failure

Figure 6.1: Detecting Failures in an Action Log

agent has been instructed to return to it’s original state from before the failing action
was executed.

During execution, the rover produced an action log. In Figure[6.1] a filtered version
of the action log containing only the move(0, 1) action is displayed, showing the change
in the action’s outcomes over time. The action log shows the logs recorded by the rover
at the point where the move(0, 1) action has reached the action failure threshold of four.

In the first row of the action log, the rover tried to navigate to waypoint 1 by exe-
cuting the action move(0,1). It successfully moved and updated its belief to indicate
that it was at waypoint 1 (—at(0),+at(1)). The action was marked as a “Success”, and
the rover continued on with its journey to the goal waypoint on the map.

In the second row of the action log, the rover had completed the previous mission
to reach the goal waypoint and was back at waypoint 0. The new goal waypoint was
assigned and the rover executed the move(0, 1) action to start the route. This time, it
encountered an obstacle. Due to its obstacle avoidance override behaviour, it moved
to waypoint 3 instead (—az(0),+ar(3)). This action execution was marked as a “Fail-
ure” in the action log as the action did not achieve its postconditions. The rover then
returned to grid space 0, its original state from before the action failure.

In the third row of the action log, the rover, in it’s original state from before action
failure, made another attempt to get to waypoint 1, by executing the move(0, 1) action.
It still encountered the obstacle and ended up at waypoint 3 again (—at(0),+at(3)).
The action was marked as a “Failure” and the rover returned to waypoint O again.

In the fourth row of the action log, the rover made yet another attempt to move
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to waypoint 1 (move(0, 1)), resulting in a failure due to the same obstacle. The rover
found itself at waypoint 3 (—at(0),+at(3)) again, and the action was marked as a
“Failure”, before the rover returned to waypoint O once again.

In the last row of the action log, the rover made a final attempt to move to waypoint
1 with the move(0, 1) action. It still could not move past the obstacle and ended up at
waypoint 3 (—at(0),+at(3)). The action was marked as a “Failure” in the action log.

Whilst the obstacle avoidance behaviour in this example is intentional, the action
executions are marked as failures due to the actions not achieving their post-conditions.
This approach ensures that any deviation from the expected outcome, even if intended
and safe, is flagged and analysed. In this example, if the obstacle does not move
and the obstacle avoidance behaviour is consistently taking the agent to grid space 3
when executing the move(0, 1) action, the action log will reflect that this action now
consistently takes the agent to grid space 3 instead.

The action log can then be used to inform the learning algorithm, in Stage Dy of
the reasoning cycle, so that the action description can be updated to accurately reflect

its effect on the environment.

6.2 Stage D;: Learning New Action Descriptions

Whilst considering the issue of learning new action descriptions, six existing types of
learning algorithms were evaluated, in addition to learning methods developed for the
Planning domain (Mugan & Kuipers| 2011, Pasula et al.|[2007). Algorithms were
selected for consideration based on their suitability for learning action descriptions.
Each of the selected algorithms is listed in Table 6. 1| and then further analysed on their
suitability for learning action descriptions in Section The table headings were
influenced by the comparison table from Arora et al.’s survey of learning algorithms in
the Al planning domain (Arora et al.[2018]).

In Table the Input and Output columns state the required inputs for the algo-
rithm, and the product that is generated by each. The Technigque column states a short
description of the method that is used by each algorithm. A list of benefits and limita-
tions are then summarised in the Benefits and Limitations columns. Finally, the Robust
to Noise column refers to the algorithm’s ability to maintain performance despite the
presence of noise in the data. In this context, noise can be defined as any random error
or variance in the data that can potentially mislead the learning process (Arora et al.

2018)). For instance, random errors can be caused by readings from sensors that are
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temporarily disturbed by dust or electromagnetic interference.

6.2.1 Algorithm Selection

The algorithm selection process was guided by three general requirements: the limited
available data collected from failure detection, the requirement to prioritise safety, and
keeping the computational complexity as low as possible.

The input data that is available for the learning algorithms to use is constructed
from the entries in the Action Log. The Action Log contains an action description with
pre-conditions and post-conditions, the outcome of the action execution determined by
the action’s stated terminating conditions, and the difference in beliefs from before and
after the action’s execution.

Some learning algorithms may employ exploratory behaviours to collect additional
data although this could pose safety risks to the agent through the execution of actions
where the outcomes are not yet known. There is a large range of inputs required
by different learning algorithms to operate effectively. Unfortunately, the limited data
collected by the system in this thesis reduces the number of algorithms that are suitable
for the required application.

As the primary goal of this research is to achieve long-term autonomy, safety is
considered a priority, and therefore features as a requirement for algorithm selection.
Performing unsafe operations to learn new action descriptions could put agents in
an unrecoverable state, consequently ending their autonomy. On the requirement of
safety, it should be noted that actions always have the possibility of failing in unsafe
ways, even when their expected outcome is known. In the system proposed in this
thesis, it is assumed that the abort conditions stated in each action’s description are
defined to cover any condition that is deemed unsafe to continue from.

The third requirement of computation complexity refers to the amount of compu-
tational resources (time and memory) required to execute the algorithm. There is a
balance between the output accuracy and the algorithm’s resource requirements that
is considered in this algorithm selection. For this reason, the resulting system should
not be bound to the requirement of high-performance hardware to perform as intended,

and should keep computational complexity as low as possible.

Inductive Learning Inductive learning uses pattern recognition to create generalis-

able rules from specific examples so that the rules can be applied to new and unseen
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situations. Inductive algorithms are good at finding underlying patterns in data (Rus-
sell & Norvig 2020), and they require less computational power compared to more
complex algorithms (Mitchell 1997) such as genetic algorithms.

Inductive learning algorithms are also susceptible to over-generalisation, which
could lead to the algorithm generating vague action descriptions if the input data is not
diverse enough (Mitchell |1997). The results produced by this algorithm also heavily
depend on the quality of the historical data (Russell & Norvig|2020). However, most
of the algorithms discussed in this chapter are subject to the same limitation of being
highly dependent on the quality of the historical data. Inductive learning algorithms
are able to handle some level of noise by identifying consistent patterns, but excessive
noise can lead to incorrect generalisations (Mitchell|1997).

An inductive learning algorithm may not be appropriate due to its dependence on
high-quality and diverse data, which may not be available from the historical action

log data in the case of the system proposed in this thesis.

Reinforcement Learning Reinforcement learning agents typically learn through trial
and error, making decisions and receiving rewards and penalties for the outcomes of
those decisions. Reinforcement learning is adaptive to dynamic environments and con-
tinuously improves with more data (Sutton & Barto|[2018). However, learning through
trial and error, and executing actions when the post-conditions are not already defined,
could be dangerous for an agent in a safety-critical scenario, or lead to unpredictable
results in a remote deployment. The reliance on a reward system severely limits the
algorithm. Reinforcement learning algorithms struggle to learn when rewards are in-
frequent (Ng et al.|[1999), such as in maintenance missions where an agent may only
operate for short periods at a time to perform a maintenance route, then lying dor-
mant for the rest of the time. The design of the reward function is also very impor-
tant and must be designed and used to train the agent prior to execution, meaning the
agent is susceptible to over-fitting to the specific reward structure they were trained
with (Nguyen et al.[2020). Reinforcement learning can tolerate some noise in the in-
put data by averaging over multiple trials, although significant noise can mislead the
learning process when rewards are sparse.

If the environment could be simulated or a safe level of exploration could be guar-
anteed, then reinforcement learning could be applicable in this work. However, this
would introduce even more computational overhead making it unsuitable for the pro-

posed system requirements.
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Genetic Algorithms Genetic learning algorithms mimic natural evolution, selecting
and combining the best of a collection of solutions to produce a new generation of so-
lutions until all of the solutions are considered to represent the same solution. Genetic
algorithms are good at exploring a wide state space, making them effective in complex
domains (Goldberg|1989). They are capable of optimal or near-optimal solutions by
combining the best characteristics of existing solutions (Holland||1992). However, this
type of algorithm works most effectively on large data sets, and are therefore compu-
tationally expensive if the optimal results are to be found (Goldberg 1989). Genetic
algorithms handle noise effectively because they rely on population-based search and
multiple generations to filter out the noise (Holland||1992). As state space exploration
is the core mechanic in this algorithm, the agent may perform undefined experimen-
tal actions in order to find a solution. Executing actions where the consequences are
not known can be dangerous. For example, if a genetic algorithm was used to dis-
cover the post-conditions of an action that is used to control a robotic arm in a nuclear
power plant’s waste categorisation room, the agent’s exploration behaviour could lead
to the robotic arm colliding with radioactive containers or causing a spill of hazardous
materials, resulting in severe contamination and safety risks.

If the agent was in a position where it held little information about a very large and
complex domain, and safety is not a priority, a genetic algorithm would be suitable.
Though outside of these conditions, the safety implications and increased computation

costs would outweigh the potential benefits.

Transfer Learning Transfer learning applies knowledge gained in one domain to
a different, but related domain. It uses data from related tasks to inform knowledge
applicable to new actions. Transfer learning speeds up learning on new tasks by lever-
aging existing knowledge (Pan & Yang 2010). It also makes efficient use of existing
data from related domains (Weiss et al.|[2016). This could mean that transfer learn-
ing would operate well in a safety-critical domain, as action descriptions would only
be learned from existing and presumable safe knowledge. However, this method is
only appropriate for scenarios where the algorithm has access to relevant data from the
source domain (Pan & Yang|2010). The algorithm is not robust to noise, as the output
of this algorithm is directly tied to the source domain’s knowledge. If the source data
is noisy, it will be unintentionally transferred to the target domain (Weiss et al.|2016).

Considering the primary aim of the extension presented in this thesis is to allow

agents to be able to adapt to dynamic environments, it is assumed that the agent will
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encounter and be able to deal with unknown action post-conditions. This is clearly
not the intended use of this learning algorithm and is therefore not appropriate for the

proposed system.

Supervised Learning Supervised learning involves creating models from complex
datasets to predict the output of future inputs. This type of algorithm achieves high
accuracy with sufficient labelled data, although they struggle to generalise learned poli-
cies to new data, which can limit their effectiveness in dynamic environments (Cun-
ningham et al. 2008). Input noise can also degrade the performance of supervised
learning algorithms, although noise filtering and regularisation techniques can be ap-
plied to reduce the effect (Zhang & Zhu|2019).

Supervised learning requires large labelled datasets to train a model effectively (Al-
loghani et al.[2020). The action log automates the data collection and labelling process,
as the action terminating conditions and agent perception are used to categorise and la-
bel the action execution data. However, despite this automation, the agent would need
to operate for a period long enough to collect enough data to train models with before
they can be used. Considering this, there would likely not be enough data for each
action, at least initially, to adequately inform a supervised learning algorithm without
augmenting the existing data, which can lead to over-fitting to the augmented data (Li
et al. 2019, Wong et al.[|2016).

Rote Learning Rote learning could be considered the most simple implementation
of machine learning when compared to the algorithms considered in this section. The
learning technique simply involves keeping a record of historic data for a required ap-
plication, and recalling the most appropriate record based on a set of selection criteria.
For instance, for a customer service chatbot, rote learning could be used to store and
recall standard responses to frequently asked questions, quickly providing users with
relevant information without the need for repeating the complex language processing.
Rote learning is highly robust to noise because it simply recalls exact matches based
on selection criteria, unaffected by variations unless the noise level is extreme (Cohen
& Feigenbaum|1982).

The technique is aimed at minimising processing time and cost for previously en-
countered scenarios, which is not the desired output for an action description learning
algorithm. However, the action log provides a considerable record of historical data for

a required application, and with the addition of a ranking policy, this learning method
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could be applied to the proposed system.

Learning Algorithm Categorisation

The learning algorithm used by the system proposed in this thesis is a hybrid algo-
rithm, combining features from supervised learning, rote learning, and ranking, which
is a commonly used technique used by many machine learning algorithms (Chen et al.
2009). The action log, in this context, acts as the labelled data required by a supervised
learning algorithm (Cunningham et al.[2008), and the memorised historical action out-
comes required by rote learning (Cohen & Feigenbaum||1982). To determine the most
suitable action description from the historical log, a weighting policy is used to rank
the candidate action descriptions.

The hybrid algorithm described here minimises computational overhead and priori-
tises safety unlike the learning algorithms presented in the related works in Chapter
The hybrid algorithm does so without compromising on the quality of the outcome.

The developed algorithm is described in the next section.

6.3 Machine Learning with GWENDOLEN

The GWENDOLEN programming language was used as a foundation for implementing
the selected learning algorithm. In GWENDOLEN the operational semantics are de-
fined by ‘rules’. These rules are separated into different stages of the reasoning cycle,
depending on their operation. When a stage has been reached, the preconditions of
each rule that has been assigned to that stage are examined, to check that the condi-
tions for the rule to be executed have been met. If the preconditions for a rule are met,
the logic in the rule is executed. If the preconditions for are not met, the cycle proceeds
to the next stage.

To allow the agent to reason about learning new action descriptions for failing ac-
tions, the implementation of the learning algorithm is contained within an operational
rule class that is assigned to stage D; of the proposed extended reasoning cycle. Sim-
ilarly to the existing rules, the ‘Learn’ rule class implements two main methods that
are required by the reasoning cycle. Most importantly, a method that is used to verify
that the prerequisites to the rule have been met, and secondly, a method that applies
the logic stated in the rule. The implementation of these two methods are described in

the following section.
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6.3.1 Agent learning process

Check Preconditions As previously stated, there are prerequisite processes that need
to be performed before the learning algorithm can be executed. Firstly, the current
state of the agent is recorded, and compared with the preconditions required to start
the learning process. The action log is retrieved and the latest entry in the log is noted.
If the latest entry in the action log meets the following criteria, then the learning al-
gorithm is executed: the action recorded in the entry is a durative action, the action
outcome is not a success, and the number of entries in the action log for that action is
over the action’s threshold value. If the latest entry in the action log does not satisfy

the criteria, then the reasoning cycle continues onto the next stage.

Applying the rule Once the prerequisites have been met, three variables are ini-
tialised. A clone of the agent’s environment is taken, and two sets of literals are estab-
lished: one set holding the success conditions for the failing action, which are used as
the goal state for the plan library reconfiguration described in Section [6.3.T} the other
set of literals is populated later with the newly generated post-conditions.

The action log entries for the deprecated action are filtered into a separate log in
reverse order in preparation for the ranking policy, and the failing action is recorded.

If all of the failure entries in the filtered action log are exactly equal (e.g., the
action failed with exactly the same postconditions for every failure in the action log),
then the next stage is skipped, as the post-conditions from one of the failure entries can
be assigned as the new success post-conditions for this action and do not need to be
ranked.

If the failure entries in the filtered action log are not exactly equal, each variation of
action post-conditions is extracted into a new array list and assigned a weight, calcu-
lated from the index position in the single action log (representing recency with linear
decay) and the frequency of that variation. The variation with the highest weight is
assigned as the new success post-conditions for this action.

In either case, the learning outcome is stored, and the action’s failure count is reset.
If the action starts failing again, and the number of action failures in the action log
is over the action’s failure threshold, then the learning process is triggered again. If
the learning process has been successful, the environment’s capability library requires
updating with the latest action description. The old description is removed and the new

version is added.
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Algorithm for Learning New Action Descriptions

Algorithm 2] presents the pseudo-code for applying the ‘Learn’ rule described above,
whereby a new action description is synthesised by taking all the failed instances of the
deprecated action from the action log, and determining which of their post-conditions
most accurately reflect the actual action outcome.

A list (probably containing duplicates, as can be observed from Figure of new
candidate post-conditions for the deprecated action is produced by extracting all of the
post-conditions from its action failure entries in the action log. The new candidate post-
conditions consist of the changes in beliefs from before the action executed compared
to after the action executed. Each item in this list is assigned a weight score based on
how recent the item is. The weights for identical items are then summed and that with
the highest score selected as the new post-condition for the action. Pseudo-code for
this process is shown in Algorithm

Algorithm 2: Algorithm for synthesising post-conditions when an action is
detected to be deprecated.

1 if action is deprecated then

2 n<+1;

3 | post_scores < {} // map of post-conditions to scores

4 action_log <— reverse(action_log(action))

5 for entry caction_log do

// NB. the action log consists of tuples (action,
change in beliefs, outcome)

6 if (entry[0] = action) & (entry|2] = Failure) then
7 post _scores|entry[1]] < post_scores|entry[1]] + n;
8 n<n+1

9 best + 0;

10 for post € keys(post _scores) do

11 if post_scores|post] > best then
12 L L best < post

Line 2 instantiates the initial weight score (n) to 1, and in Line 3 it sets post _scores
to an empty map. In Line 4, the action log is reversed to ensure the entries are processed
from oldest to newest. Lines 5-8 will loop through every entry in the action log to find
entries that match with the deprecated action (same action) and where the outcome
of the entry was reported as a failure. When this happens, the post-conditions of the

action are added to the post_scores map along with the weight score, which is then
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incremented by one for future iterations of the action log. In line 9, best is initialised
as 0. Lines 10-12 iterates over the keys in the post_scores map to select the candidate
post-condition with the highest weight score.

If the action log in Figure[6.1]is considered and the failure threshold is four, then the
agent’s ‘act’ phase should now attempt to synthesise a new action description from the
log. It extracts the list of failures which, in the action log in Figure [6.1] contains four
items all of which have identical new post-conditions — namely {—at(0),+ar(3)}.
This therefore becomes the new post-condition for the action move(0, 1).

However, consider an example where the action log is more variable, such as in
Figure 6.2

(T ActionLog |------------------- - |
Action Change in Beliefs Action Outcome
{at(0)} {move(0, 1)}{at(1)} -at(0), +at(1) Success
{at(0)}{move(0, 1)}{at(1)} -at(0), +at(3) Failure
{at(0)}{move(0, 1)}{at(1)} -at(0),+at(3) Failure
{at(0)} {move(0, 1)}{at(1)} Failure
{at(0)}{move(0, 1)}{at(1)} Failure

Figure 6.2: Example of an action log with variable post-conditions for the same action
(move(0,1))

For example, the agent may have employed an obstacle avoidance algorithm to
circumnavigate the obstacle between waypoint 0 and 1 but this has resulted in the agent
arriving at waypoint 3 instead, but suppose the obstacle has become more serious —
perhaps sand and debris is piling up as the result of storms — and now the low-level
movement behaviour causes a failure that returns the agent to waypoint 0. This would
result in the action log shown in Figure where in the last two entries there is no
perceived change in beliefs, as the agent has stayed at its original state, or returned to
its original state from before the action had been executed. This could be the result of
encountering an obstacle that cannot be circumnavigated by obstacle avoidance.

Table @ shows a list of candidate post-conditions, extracted from the action log,
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Candidate Post-Condition | Weight
{—at(0),+at(3)} 1
{—at(0),4at(3)}
{}
{1

~ W

Figure 6.3: Post-conditions extracted from Figure added with their respective
weights which are calculated based on how recent they are.

weighted by how recent they are. Identical post-conditions in the table are individu-
ally weighted first and then summed to make a total weight, to consider the entry’s
frequency in the action log in the ranking policy. Entries in the action log are ex-
tracted from the oldest entry first, into the candidate post-condition table, and assigned
a weight value that is incremented by 1 for each entry that is extracted.

Of the two candidate post-conditions {—at(0),+ar(3)} has a total weight of 3,
while {} (no change) has a total weight of 7. Therefore, for the action log presented in

Figure[6.2]the empty post-condition, {}, is selected for the new action description.

6.3.2 Plan Library Reconfiguration with Learned Action Descrip-

tions

Once a new action description is stored, a plan reconfiguration mechanism can be used
to patch any plans containing the action. [Cardoso et al.| (2019) describe how an Al
planning problem can be extracted from two inputs: the failing action description,
and a list of action descriptions for all actions in the domain (including learned action
descriptions and excluding the failing action description). The Al planning process is

constructed by a process of:

1. using the failed action’s pre- and post-conditions as initial and goal states respec-

tively for the planning problem; and
2. using the set of all other action descriptions as an action model for the planner.

This planning problem can then be solved to create a “patch” for any plan con-
taining the failed action. The proposed framework uses this mechanism by supplying
the action description of the action that has been flagged as deprecated after some pre-

defined number of failures. The set of action descriptions sent to the planner is then
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+lat (1) : {at(0)} <- move (0, 1), +!at(2);
+lat (2): {at(l)} <= move(l, 2), +!at(3);
+lat (3): {at(2)} <- move (2, 3), +!at(0);
+lat (0): {at(3)} <- move(3, 0), +!at(l);

Figure 6.4: Four GWENDOLEN plans for a patrolling robot

created from the agent’s current set of action descriptions, including the newly learned
description of the deprecated action.

The action log from Figure is used to show the base process of reconfiguring
the plan library when an action description is learned that can be used in a replacement
patch. In this example, the move(0,1) action has become deprecated. Attempts to
move from waypoint O to waypoint 1 now result in the agent arriving at waypoint 3
(based on the action log from Figure [6.I). A STRIPS-type planner (Fikes & Nilsson
1971)) is called with the updated action descriptions and an initial planning state —
at(0) (the agent is at waypoint 0) — and goal state — ar(1) & — ar(0) (the agent
should end up at waypoint 1) — created from the pre-conditions and post-conditions
of move(0, 1). Along with the action descriptions for the unchanged move actions, the

planner has the new description for move(0, 1) available:
{at(0)}move(0,1){—at(0),4at(3)}.

An action describing a move from waypoint 3 to waypoint 1 is also available:
{at(3)}move(3,1){—at(3),4at(1)}.

In this case, it is straightforward for the planner to create the plan move(0, 1), move(3,1)
to solve this problem (note that move(0, 1) now takes us to waypoint 3, not waypoint
1). If plans similar to the GWENDOLEN plans in Figure 6.4 were used, this means that
the plan

+lar(1) : {at(0)} <~ move(0,1),+'ar(2)

contains the deprecated action and will not succeed in moving the agent to waypoint
1. This patch produced by the planner, replaces the appearance of move(0,1) in the
original plan, now that move(0,1) results in the robot ending up at waypoint 3. This

produces the new plan:

+lat(1) : {at(0)} < move(0,1),move(3,1),+!at(2)
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which is stored for reuse.

If the same plans from Figure [6.4] were available to the planner, but instead a new
action description with no post-conditions has been learned using the action log from
Figure the planner cannot find a viable patch for the action as there is no sequence
of other actions in the plan library that can navigate through any path to waypoint 1

from waypoint 0. However, if additional actions were available, such as:
{at(0) }move(0,2){—at(0),+at(2)}

{at(2)}ymove(2,1){—at(2),+ar(1)}

The failing plan could be patched to produce the following reconfigured plan:
+lat(1) : {at(0)} <— move(0,2),move(2,1),+!at(2)

This patched plan is then added back to the plan library, allowing the agent to
navigate to waypoint 1 from waypoint 0.



Chapter 7
Evaluation

In this chapter, a suite of simple tests is used to validate the implementation of the
learning algorithm proposed in Chapter [f] against a set of requirements, listed in Ta-
ble confirming core functionality like handling action failures and partial action
successes. Then, in Sections and two simulated environments are introduced
with visual representations, along with the experiment scenarios used to test the system
proposed in Chapter 4| against the evaluation criteria outlined in Section|/.1.3

Additional experiments that compare time and memory costs were also performed
using the outputs of the simulated environment experiments, to isolate the Al planner’s
time and memory costs for an evaluation of the computational efficiency of single-plan
patching against a full re-planning of the plan library.

Finally, in Section the findings of the simulated experiment scenarios are pre-
sented, before the results of the reconfiguration cost experiments are discussed. Both
sets of experiment results are then analysed against the evaluation criteria, highlighting
both the system’s adaptability in learning action descriptions and streamlined compu-

tational efficiency.

7.1 Methodology

The methodology for evaluation was framed around assessing a fundamental set of five
criteria: success rate, robustness, scalability, time cost, and memory cost. The formal
evaluation was preceded by simple testing, executed throughout the implementation
process to ensure the implementation operated as described in the theory before it was

evaluated with simulated environments.

88
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7.1.1 Simple Testing

Throughout the implementation discussed in Chapters [5 and [6] a suite of trivial tests
was used to ensure the correct operation of the underlying code when compared to
the theory. Each test was designed to check the outputs of different components in
the agent source code. The simplest model of each scenario was constructed and the
testing data was kept trivial for each; the pass or fail outcome of the tests quickly
diagnosed any failing components. The combined suite of tests only covered the core
use cases of the system during implementation, as intended. Whereas the simulation
experiments covered a wider range of scenarios, in more realistic environments.

Each test is shown in Table with a description of the scenario that is being
tested; the original action description before any change occurs; the expected action
description replacement from the learning algorithm; and finally, an explanation of
the expected result. Action descriptions in Table are represented in the format
described in Section

{pre — conditions}predicate(terms){ post — conditions }|duration|

In Table scenario 1 describes a situation where an action no longer produces
the expected result, specifically where the post-condition p2 is not detected by the
agent after the action’s duration has lapsed. Scenario 2 addresses the case of a partially
successful action after the action duration has completed, where the agent detects some
but not all of the expected post-conditions. In scenario 3, after action execution, the
agent believes that a different outcome has been achieved compared to the outcome that
was expected. Scenario 4 describes the case for actions that fail under certain variable
conditions. Here the action a(N) now affects pl by N/2 instead of N. Scenario 5
highlights the issue of timing out, where an action takes longer than expected. Lastly,

Scenario 6 considers actions resulting in values outside the expected range.

7.1.2 Experimental Evaluation

The majority of the evaluation for the system created in this thesis was based on the
results of experiments performed in two simulated domains: the waypoints environ-
ments, where an agent must navigate through a series of waypoints on a topological
map; and the hallway environment, where an agent must navigate a route through a
number of ‘rooms’ to reach a final area to take a picture of an emergency exit, repre-

senting the actions of a maintenance robot. The two experiment domains were chosen
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No. | Name Original Description Failure Description Change
1 | Action no longer {p1}ta{p2}[1s] {pl}a{}[1s] p2 no longer de-
has result tected by the agent
after duration
2 | Action is partially {p1}a{p2,p3}[1s] {p1}a{p2}[1s] p3 no longer detec-
successful tion by the agent
after duration
3 | Action has a differ- {p1}a{p2}[1s] {p1}a{p3}[1s] p2 no longer de-
ent outcome tected by the agent,
p3 is believed by
the agent after du-
ration
4 | Action fails for | {p1(X,Y)}aN){pl(X, (Y + N)}[10s] | {p1(X,Y)}aN){pl(X, (Y + N/2)}[10s] | a(N) now affects
some variables pl by N/2
5 | Action times out {p1}a{p2}[1s] {p1}a{p2}2s] a now takes 2s to
achieve p2
6 | Action result {p1}a{p2(N)}[1s] {p1}a{p2(N +X)}() a results in a value
outside  expected outside of the ac-
range cepted range for p2

Table 7.1: Table of simple test scenarios for agile development.
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to test against rising failure rates. A simulated environment with a navigation task pro-
vides a basic benchmark for measurements, whilst allowing random and varied failures
to be introduced in a controlled and reproducible manner.

The waypoints environment was inspired by a ‘gridworld’ domain with an agent-
controlled Mars rover, proposed by (Cardoso et al. (2019), and designed to assess an
agent’s ability to overcome action failures.

The hallway environment builds on the waypoints environment by decreasing the
connectivity between the available states, allowing for a comparison of how the pro-
posed system handles reduced domain connectivity.

Both simulated environments were also designed with the intention of developing
physical counterparts using real sensor data to validate system performance in real-
world conditions.

Each experiment covered different evaluation criteria and is discussed in the corre-

sponding experiment descriptions.

7.1.3 Evaluation Criteria

The full list of evaluation criteria were:

Success Rate: The average completion percentage, measuring successful executions

over the total number of executions.

Robustness Robustness is assessed as the ability to manage reduced domain connec-

tivity, and high failure rates.

Scalability Scalability is assessed as the system’s ability to remain functional and
maintain performance when handling larger domains. In this case, scalability is mea-
sured by comparing the success rate, time cost and memory cost between differently

sized domains.

Time Cost Time cost is measured as the amount of time, measured in milliseconds,

taken by the Al planning algorithm to generate a solution.

Memory Cost Memory cost is measured as the overall amount of computer memory,

in Kilobytes, (KB), used by the Al planning algorithm.
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7.2 Experiment Domains

A series of environments modelling plausible real-world examples were created to sur-
vey interactions with the existing GWENDOLEN mechanics in more realistic scenarios.
Software-breaking edge cases that passed the simple tests, discussed in Section|/.1.1],
were identified and fixed in this stage. Whilst breaking down testing and evaluation
with simple and context-less unit tests is useful for development, the scenario-based
experiments were important for validating and analysing the theory under increased
complexity, as well as ensuring the implementation remained robust for contextual

inputs.

7.2.1 Simulated Environments

The simulation environments used for this research are listed below, the rules for each

environment are stated alongside a diagram representing the Java environment code.

Waypoints Environment

This environment was originally based on the ‘Mars Curiosity rover’ example used in
Cardoso et al.’s work on plan library reconfigurability (Cardoso et al.|2019). In the
paper, Cardoso et al. evaluate their implementation by deploying an agent with the
goal of navigating through a predetermined route of waypoints on a topological map
of Mars. Given that the framework created in this thesis incorporated Cardoso et al.’s
work on plan library reconfiguration, it was expected that this example was also used
in the overall evaluation.

In this environment, there is a single agent and a number of ‘waypoints’, which are
posed as locations on a topological map. A four-waypoint variant of this environment,
with the agent starting at waypoint ‘A’, is illustrated in Figure

Another iteration of this environment contains nine waypoints, with the agent also
starting at waypoint ‘A’. The nine-waypoint environment is also represented in Fig-
ure There are 12 available actions in the 4-node environment, and 40 available
actions in the 9-node environment. The available actions in the 4-node environment
are represented by the capabilities shown in Figure

As the original example used in this research, the waypoints environment was sub-
jected to the most rigorous experimentation. A Python script was written to produce
uniquely random scenario files based on a set of two criteria: the number of generated

examples, and the number of failing actions. For example, assuming the number of
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4-Node 9-Node

Figure 7.1: 4-Node and 9-Node Waypoints Environments. Dotted lines represent the
actions that can be performed to traverse between waypoints.

{at (A)} move (A, B) {at(B)}
{at (B) } move (B, A) {at(A)}
{at (A)} move (A, C) {at(C)}
{at (C)} move(C, A) {at(A)}
{at (B) } move (B, D) {at(D)}
{at (D) } move (D, B) {at(B)}
{at (C)} move(C, D) {at (D)}
{at (D)} move (D, C) {at(C)}
{at (A)} move (A, D) {at (D)}
{at (D) } move (D, A) {at(A)}
{at (B) } move (B, C) {at(C)}
{at (C)} move(C, B) {at (B)}

Figure 7.2: Available capabilities in the 4-node waypoints environment

failing actions has been set to 8, the script would randomly select 8 different actions
from the available actions in the environment and change the result of their execution
in the environment. If the action was intended to take the agent from waypoint 1 to
waypoint 2, then the script would have changed the destination of that action to be any
waypoint other than waypoint 2, to ensure an unexpected result. In total, 1200 sets of
synthetic experiment files were deployed into the waypoints environment, ensuring a
thorough spread of scenarios over this domain.

An example plan library for this experiment domain is shown in Figure|7.3| where
each action is used in a plan to take the agent to each waypoint, and a plan called
‘route’ has been generated that takes the shortest path through a set of four randomly
selected waypoints (B, D, C, B), starting and ending at waypoint A.

The ‘connectivity’ of the two different-sized domains was calculated as the average
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+lat (A) {B at (B)} <- move(B,A);
+lat (A) {B at (C)} <- move(C,A);
+!lat (A) {B at (D)} <- move (D,A);
+!lat (B) {B at (A)} <- move (A,B);
+!at (B) {B at(C)} <- move(C,B);
+!at (B) {B at (D)} <- move (D, B);
+lat (C) {B at (A)} <- move(A,C);
+!lat (C) {B at (B)} <- move (B, C);
+!lat (C) {B at (D)} <- move(D,C);
+!lat (D) {B at (A)} <- move(A,D);
+!at (D) {B at (B)} <- move(B,D);
+!at (D) {B at (C)} <- move(C,D);
+!route : {B at(A)} <= +!at(B), +!at (D), +'at(C), +!at(B), +!at(A);

Figure 7.3: Available plans in the 4-node waypoints environment

number of waypoints that can be reached in one direct action from another waypoint,
and is used to quantify the scale difference between the domains. For the 4-node en-
vironment, the average connectivity was 3 nodes, and for the 9-node environment, the
average connectivity was 4.4 nodes. The ‘average journey length’ is also used for this
purpose, and was calculated by finding the average length of the shortest path journey
from each waypoint to every other waypoint in the domain. The 4-node environment
has an average journey length of 1, as all of the waypoints are directly connected,
whereas the 9-node environment has an average journey length of 1.47 as some way-
points need more than one action to reach other waypoints.

By comparing the results of a 4-node variant with a 9-node variant of the waypoints
environment, the effects of increased domain connectivity and longer average journey

lengths can be considered (see Section|/.5.1)).

Hallway Environment

The hallway environment is similar to the waypoints environment, in that they are both
grid environments and only movement actions can fail, although the hallway environ-
ment has more complex connections between the available actions, due to the reduced
connectivity between the available rooms. The similarity of the environments allows
for a direct comparison of how reduced connectivity affects the performance of the
proposed system.

In this environment, the agent is tasked to perform a routine inspection, where it

must take a picture of the emergency exit in a hallway (highlighted in red in Figure[7.4)).
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However, it can be seen that not all of the rooms are directly connected, and the agent

@
/N

Room 1

>

N

Hallway

Room 2

Room 3

Figure 7.4: Hallway Environment

O

>

Room 4

must be located in a predefined area to take the picture. This creates a chain of actions

that is more sensitive to failure as there is only one viable action that will move the

agent to the location to take the picture from the hallway and only one action to leave

this location to get back to the hallway. There are two possible actions to leave each

room, meaning that the agent may need to find an alternative route to reach the hallway

if one of these actions is not performing as expected. There are 15 available actions in

the hallway environment which are represented by the capabilities shown in Figure[7.5]
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Figure 7.5: Available capabilities in the hallway environment

{at (hallway) }
{at (picture_location)}

An example plan library for this experiment domain is shown in Figure where
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each action is used in a plan to take the agent to the desired location, and a plan called
‘route’ has been generated that takes the shortest path to the ‘picture_location’ to take

a picture, starting and ending at a randomly selected room.

+!at (roomé) {B at (rooml)} <- move (rooml,roomd);

+!at (room3) {B at (room2)} <- move (room2,room3);

+!at (room?2) {B at (room3)} <- move (room3,room2);

+lat (rooml) {B at (room4)} <- move (room4,rooml);

+!lat (rooml) {B at (hallway)} <- move (hallway,rooml);

+!at (room?2) {B at (hallway)} <- move (hallway,room2);

+!at (room3) {B at (hallway)} <- move (hallway,room3);

+lat (room4) : {B at(hallway)} <- move (hallway,roomd);

+!lat (hallway) {B at (rooml)} <- move (rooml,hallway);

+lat (hallway) : {B at(room2)} <- move (room2,hallway);

+!lat (hallway) {B at (room3)} <- move (room3,hallway);

+!at (hallway) {B at (room4)} <- move (room4,hallway);

+!lat (picture_location) : {B at(hallway)} <- move (hallway,picture_location);
+lat (hallway) : {B at(picture_location)} <- move (picture_location,hallway);

+!take_picture : {B at(picture_location)} <- take_picture;

+!lroute : {B at(room4)} <- +!at (hallway), +'at(picture_location),
+!take_picture , +!at(hallway), +'at(room4);

Figure 7.6: Available plans in the hallway environment

The hallway environment can also be used to evaluate the overall success rate of
the system. The success rate can be measured by the percentage of routes that are com-
pleted by each agent as the percentage of action failure is increased. The robustness
of the system can be evaluated by assessing the difference in results compared to the
waypoints environment. The hallway environment contains an action to traverse the
hallway to the site marked for taking a picture. This action is critical for completing
the mission and is therefore more sensitive to higher action failure rates, due to the in-
creased likelihood of the critical action failing, and this is expected to negatively affect

the performance of the agent in this environment.

Time and Memory Cost Experiments

To discover an accurate time and memory cost for running the Al planning algorithm
to re-plan a GWENDOLEN plan library, the re-planning mechanism of the system was

evaluated in isolation. The experimentation process is illustrated in Figure (/.7
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Generate Inputs

Run waypoints scenario
to create inputs (failing
action, list of actions from
the capability library)

Generate Domain File

Create the domain file
using the actions in

the capability library

Generate Problem File
Create the problem file
using the failing action’s
pre- and post-conditions

Al Planning Mechanism

Run and record
the logs of the re-

planning mechanism

Repeat

Repeat the process,
using input files from

scenarios with different
levels of action failure

Figure 7.7: Time and Computational Costs Experimentation Process

The mechanism requires two inputs to operate: the failing action description, and
a list of action descriptions for all actions in the domain (including learned action de-
scriptions and excluding the failing action description). The required inputs for the
re-planning mechanism experiments were generated by running a waypoints environ-
ment scenario, up to the point at which re-planning would be performed. This means
that the list of action descriptions given to the planner would contain a learned action
description. A set of input files was generated for every action in the capability library
so that the planner could be evaluated against a range of learned action descriptions.
This process was repeated three times for three different levels of failure in the domain,
to generate input files for a domain with one failure, a domain where half of the actions
are failing, and a domain where all of the actions are failing. This experiment was per-
formed using the 4-node waypoints environment and then repeated using the 9-node

environment, to assess the mechanism’s performance when handling more complex
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plans.

The re-planning mechanism was manually executed via terminal commands using
the input files. This isolated execution ensured that only the planner’s time and memory
costs were measured, independent of external system interactions. By decoupling the
planner from the rest of the system, the experiment produced results that could be
used to evaluate how reducing the planning problem size (i.e., replacing a single failed
action versus re-planning the entire library) impacts computational costs. For each
set, the planner’s output was recorded; the results included the action failure identifier,
overall outcome, peak memory usage and the duration of processing.

For comparison, this experiment was also run as an ‘optimal’ agent where the
whole plan library is re-planned, producing the optimal plan library using the available
capabilities. The same domain file is used, but the planner was asked to re-plan each of
the plans from scratch. The time and memory costs to find the solutions were recorded
and used to compare the cost of completely re-planning the plan library against the
cost of finding just one replacement plan for a single action, as required by the recon-

figuration framework proposed by (Cardoso et al. (2019).

7.2.2 Generation of Experiment Files

Each execution of a GWENDOLEN program requires an agent program, an environ-
ment, and an agent infrastructure layer file.

To create a large number of random inputs, Python scripts were written to generate
and run the required files. For each domain, 50 trials were conducted to cover action
failure levels ranging from 0% to 100% failure rates. The number of available actions
influenced the action failure percentages in the experiments. In the 4-node waypoints
environment with 12 actions and the hallway environment with 14 actions, each failure
level was created by setting one additional action to fail per category. For instance, in
the 4-node environment, the failure rates increased from 0% to 8.3% by setting one
more action to fail out of the available 12 (ﬁ). The 9-node waypoints environment
had 40 available actions, meaning the failure rates could be set at intervals that allowed
close comparison to the other environments.

Once the files had been generated, 650 scenarios were executed in the 4-node way-
points environment, 550 scenarios in the 9-node waypoints, and 750 scenarios were
executed in the hallway environment. Each execution of the agent programs produced
output based on the agent’s experience, this was saved alongside the scenario files for

each execution in aid of repeatability and to allow further interpretation of results.
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Another Python script was written to extract the success rates and learning out-
comes of the recorded outputs. This script verified if the agent completed the assigned
route and recorded the number of new action descriptions learned for each.

The use of synthetic experiments significantly increased the total number of ex-
periments performed: 1950 scenarios were executed in total, with each agent given a

randomised route through the environment, and experiencing varying action availabil-

ity.

7.3 Experiment Scenarios

The experiment scenarios used in this evaluation are described in this section. A di-
agram representing the plan that the agent will attempt to perform is given for each
experiment, along with an explanation of the scenario. Then the method for introduc-
ing failures into the scenario is described, with an accompanying diagram showing an
example of a failure as well as the action that could be produced after learning a new
action description for the failing action. The expected outcome for the experiment,
detailing how the proposed system should respond to the failure in the scenario is then

justified, including an example of a re-planned route.

7.3.1 Waypoints Environment

4 Nodes

Figure 7.8: 4 Node: Route Patrol Example

Scenario In this example the agent, named rover, performs a patrol starting at way-
point A and visits four other waypoints (these can be waypoints that have been visited
before, just not waypoint A) before posting the journey’s action log. The route is per-
formed until the agent is stopped. In the experiments for 4 node and 9 node maps, the

agent is given a list of four waypoints to visit to standardise the experiments between
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all maps. An example route is shown in Figure [7.8] where solid lines represent the
actions used to traverse the waypoints in the agent’s planned route, and dotted lines
represent the available actions for traversing between waypoints, some of which are
covered by the agent’s planned route.

The GWENDOLEN plan body for the route that starts and ends at waypoint A and
visits four other waypoints: B, D, C, and B again, is shown in Equation (/.1).

move(A,B), move(B,D), move(D,C), move(C,B), move(B,A); (7.1)

Failure A predefined percentage of randomly selected actions in the environment
are modified. This is done without informing the agent via the capability library or
changing the agent’s plan itself. To do this, the post-condition for the action is changed
from at(X) to at(Y) in the environment, to represent an external issue with that action,
originating in the environment. The actions that are modified to simulate failure will
take the agent to the location of the modified post-conditions every time it is used by
the agent for that trial. The same action may fail in a different way in other trials, but
each failure remains static once it has been selected to simulate failure for the trial.
Action failures are treated in this way for all of the experiments in the evaluation.

For the scenario given in Figure where the agent follows a route to visit four
predefined waypoints, the move(B, D) capability described in Equation (7.2), is now
failing, and navigates the agent to waypoint C, as defined in Equation (7.3).

{at(B)}move(B,D){at(D)} (7.2)

{at(B)}move(B,D){at(C)} (7.3)

The result is illustrated in Figure[7.9] with a red arrow indicating that the move (B, D)
action now takes the rover to waypoint C.

Figure 7.9: 4 Node: Route Patrol with Failure

The green arrow indicates an action in an example replacement route (shown in
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Equation (7.4)) that would achieve the original action’s postconditions, created by

learning a new action description and reconfiguring the rover’s plans.

Expected Outcome The agent will execute the failing action and believe the new
post-condition once the action duration has elapsed. If the failure threshold has been
set to 1 failure, the learning and reconfiguration process are triggered after one failure
is detected for that action, and the agent will replace the action’s post-condition with
the newly believed post-condition. As there is only one failure in the agent’s action log,
the replacement is not weighted or scored against other entries in the log. The plans
containing the replacement action description are then reconfigured using the new set
of available actions.

An example replacement route written as a GWENDOLEN plan body is:
move(A,B), move(B,D), move(C,D), move(D,C), move(C,B), move(B,A); (7.4)

The action in red has a new learned action description to reflect the new post-condition
in Equation (7.3)), and the plan has been reconfigured using this action in addition to
the action in green to complete the route requirement. For this specific scenario, the
agent performed the action move(B, D) but ended up at waypoint C. This resulted in
the action being flagged as deprecated, which required the agent to learn a new action
description to reflect the change in destination for that action (removing the deprecated
flag in the process). However, to achieve the desired result from the original action, the
plan was reconfigured to include the action move(C, D) to take the agent from waypoint
C back to the desired waypoint from the original route, waypoint D. The action that
failed (with its new action description) is retained in the new route plan in this case as
it was used by the planner to find a replacement plan with the fewest actions. In other

cases, different actions could have been used to patch the route.

9 Nodes

Scenario In this example, the rover is given four waypoints to visit, that are not
necessarily the same as in the 4-node grid variant, before posting the journey’s action
log. As before, once the four defined waypoints have been visited, the rover navigates
back to the start of the patrol and repeats the same route again until instructed to stop.

In Figure the agent starts at waypoint A, before following a route to visit the
waypoints B, D, H, and D, and then returning to waypoint A. The GWENDOLEN plan
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Figure 7.10: 9 Node: Route Patrol Example

body for the route shown in Figure is represented as:

move(A,B), move(B,F), move(F,H), move(H,D), move(D,A); (7.5)

Failure Action failures are introduced using the same method as in the 4-node en-
vironment: a predefined percentage of randomly selected actions in the environment
are modified. This is done without informing the agent via the capability library or
changing the agent’s plan itself. To do this the post-condition for the action is changed
from at(X) to at(Y), to represent an external issue with that action, originating in the
environment.

For the scenario given in Figure the capability shown in Equation could
return the results expected from the capability defined in Equation|(/.7, where an empty
post-condition shows that the action is no longer achieving any post-conditions after

execution.

{at(F)}move(F,H){at(H)} (7.6)
{at(F)}move(F,H){} (7.7)

Figure shows the replacement actions with green arrows, and a no-entry sym-
bol represents the blockage that caused the failure. The replacement actions move(F,I)
and move (I, H), are shown in the patched plan in Equation

Expected Outcome The expected outcome should be similar to the 4-node variant’s
expected outcome, as the learning and reconfiguration mechanisms should perform the
same in both environments. Some improvement is expected due to the greater number

of available actions, as this will increase the number of possible routes available to the
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Figure 7.11: 9 Node: Route Patrol with Failure

103

planning algorithm to reconfigure plans. However, as the 9-node environment is larger,

the agent often requires two actions to traverse between two waypoints instead of just

one action. This increases the number of actions required to complete the route and

subsequently increases the likelihood of encountering a failing action. An example

replacement route for the route in Figure[7.10] written as a GWENDOLEN plan body is:

Patrol

move(A,B), move(B,F), move(F.,I), move(I,H) ,move(H,D), move(D,A); (7.8)
7.3.2 Hallway
/.\’\ Room 1 >
(@ Room 4

N

Room 2

Room 3

Hallway

Figure 7.12: Hallway Patrol Example

>
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Scenario In this example, illustrated in Figure the agent navigates an environ-
ment to reach an endpoint where a picture is to be taken. The agent starts in any of
the rooms, but never the hallway. Any route may be taken by the agent to reach the
hallway to take a picture, after which the agent should return to its original room. An
example GWENDOLEN plan body for a possible route when the agent starts in ‘Room
1’ is shown in Equation

move(Room1,Hallway), take_picture, move(Hallway, Room1); (7.9)

Failure A randomly selected action that appears in the route goal’s plan is modified,
without informing the agent or changing the agent’s plan itself, similar to the way-
point environment experiments. In the example plan shown in Equation the action
move(Room1,Hallway) is changed to no longer have any post conditions, meaning
the agent remains in Room1 after execution. The post-condition for this action was
changed in the environment which presents as an unknown change in that action to the

agent.

{at(Room1)}move(Room1,Hallway){at(Hallway)} (7.10)

{at(Room1)}move(Room1,Hallway){} (7.11)

Expected Outcome The expected outcome of this experiment is illustrated in Fig-

ure

/\’\ Room 1

N (D] | room:
Room 2 Room 3 )

</

/

Figure 7.13: Hallway Patrol Action Failure

The agent will attempt to execute the first action in the plan body, but will remain
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in ‘Room1’. The agent will log this as a failure, shown by the red arrow, and initi-
ate the learning and reconfiguration process as the failure threshold has been set to 1
for this example. The new post-condition found in the failure log then replaces the
action’s deprecated post-conditions, shown by the green arrow in the Figure A
new plan body is reconfigured using the available actions, and the failing action has
been replaced by a different route to the location required for the take_picture action,
described in Equation (/.12

move(Room1,Room4), move(Room4,Hallway), take_picture, move(Hallway,Room1); (7.12)

7.3.3 Reconfiguration Timing and Memory Cost

The reconfiguration timing and memory cost experiments use the waypoint environ-
ment’s capability library. Two PDDL files are supplied to the Al planner at the point
where reconfiguration commences, one describes the domain which contains all of the
available actions, and the other describes the problem. In this case, the problem is
a definition of the action that requires re-planning or reconfiguring. Every action in
the capability library was given as a problem to the planner, totalling 12 actions in
the case of the 4-node map, and 40 actions in the case of the 9-node map. The re-
configuration timing and memory cost experiments were based on the experiment data
from the waypoints environment experiments, and not on the hallway environment.
The waypoints environment, with its two differently sized maps, allowed for a close
comparison of the effects of map size and scale on the costs of the planning algorithm,
without introducing different metrics from another domain into the comparison.

The cost of generating a patch for the failing action was recorded along with the
cost of re-planning the full plan library, to represent the costs induced by an ‘optimal’
agent. The integration of failure detection with (Cardoso et al.| (2019)’s reconfigurabil-
ity framework allows the planner to selectively re-plan only the affected plans in the
plan library. The planner only needs to find a single plan to take the agent from the pre-
condition state, to the post-condition state of the failing action, in order to patch every
plan that the failing action featured in, as this patch is then applied to all of the affected
plans. As a result, the time and memory cost of the plan reconfiguration system used
in this thesis is measured by recording the time and memory cost for reconfiguring
this single plan. The time and memory costs induced by an optimal agent were also
recorded to generate a comparison. This agent does not isolate the plans containing the

failing action, and instead re-plans the entire plan library to produce the optimal plan
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library rather than patching the failing action.
To illustrate the comparison, if the original plan for a route that starts and ends at

waypoint A and visits the four waypoints B, F, H and D was:
move(A,B), move(B,F), move(F,H), move(H,D), move(D,A);

and the action move(F,H) was seen to be failing consistently and the new action de-

scription was found to be:
{at(F)}move(F,H){at(I)}

then the planner in the system proposed in this thesis would generate a single plan,
such as:
move(F,H ), move(l,H)

which can then be used to replace the failing action in the route plan, to produce:
move(A,B), move(B,F), move(F,H), move(I,H), move(H,D), move(D,A);

In this example, the optimal agent’s planner would have produced a route plan with
the same cost - as most optimal route that visits all of the required waypoints, where

the action move(F,H) is failing, will always be 6 actions in length.

4 Node Map

Scenario The 12 actions in the agent’s capability library for the 4-node map are
used to generate problem files for the Al planner to ingest. The problem files are
individually processed by the planner, and the planner attempts to find viable plans that
will navigate from the initial state (action pre-conditions) to the goal state (action post-
conditions) stated in the problem file using the remaining 11 actions in the capability

library.

Failure The percentage of actions that have failed (and have different post-conditions
to the actions in the original plans) in each capability library was varied to represent
three levels of degradation. The levels are: one failure, 50% failure and complete

failure.
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Expected Outcome The planner uses the actions provided in the capability library
to find a plan that achieves the failing action’s post-conditions, starting from the initial

state described by the failing action’s pre-conditions.

9 Node Map

Scenario This scenario is identical to the four node map timing scenario, although
the capability library has been scaled up to account for the additional actions required
for movement between nine nodes. There are 40 actions in the capability library for

this scenario.

Failure The percentage of actions that have failed in each capability library was also
varied over three levels of degradation for this map size. As before, the levels are: one

failure, 50% failure and complete failure.

Expected Outcome The planner uses the actions provided in the capability library
to find a plan that achieves the failing action’s post-conditions, starting from the initial

state described by the failing action’s pre-conditions

7.4 Experiment selection

Table shows which criteria each experiment is designed to evaluate. A tick (V')
indicates that the criterion was evaluated in that experiment, while a cross (X) indicates

that it was not.

Criteria

Environment Experiment Success Rate | Robustness | Scalability | Time Cost | Comp. Cost
Waypoints 4-Node 4 X 4 X X

9-Node 4 X 4 X X
Hallway 4 Rooms 4 4 X X X
Reconfiguration Timing | Patch X X 4 4 X

Full Plan Library X X 4 4 X
Reconfiguration Cost Patch X X v X v

Full Plan Library X X v X v

Table 7.2: Table of experiment relation to evaluation criteria
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In the waypoints environment, both the 4-node and 9-node experiments aim to
test the success rate of the system - measuring successful plan completions as the
percentage of randomly selected failing actions is increased. The systems ability to
scale can also be evaluated as the success rate of the agent can be compared to the size
of the environment.

In the hallway environment, the success rate is evaluated in the same way as the
waypoints experiments. Additionally, the hallway environment’s rooms are consider-
ably less connected, meaning that the number of connections between different nodes
or rooms is significantly less than in the waypoints environment - which helps to eval-
uate how the system performs when the pool of available actions for repairing plans is
decreased. This is used to assess the robustness of the system in this evaluation.

The reconfiguration timing and memory cost experiments measure the costs of
replanning a patch for a failing action compared to the cost of replanning the full plan
library from scratch, from the plan libraries taken from the waypoints environment
experiments.

Measuring the differences in cost between replanning patches and full plan libraries
enables a comparison of the system presented in this thesis, against a system that re-
quires the full plan library to be replanned. As the timing and memory cost experiments
use the plans from the 4-node and 9-node experiments, an evaluation of how well the
system scales was made by comparing the costs between these different environment

sizes.

7.5 Results

In this section, the results of the experiments described in Section are discussed.
There is a tabulated summary of the results for each experiment, with units and mea-

surements standardised across the experiments where possible.

7.5.1 Waypoints
4 Node Map

Summary A summary of action failure rates for 4 node waypoint environments is
shown in Table [Z.3]

A total of 50 tests were performed for each level of action failure (from 0% to
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Action Failure (%) | Average Completion (%) | Average Actions Learned
0 100 0.00
8 100 0.32
17 100 0.60
25 100 0.98
33 100 1.16
42 100 1.50
50 100 1.54
58 100 1.90
67 100 1.96
75 100 2.16
83 99 2.35
92 97 2.51

100 99 2.61

Table 7.3: Summary of Action Failure Rates for 4 Node Waypoint Environments

100% action failure), with 650 tests overallm From the values shown in the second
column (Average Completion(%)) in Table it is clear that the average completion
rate for a map of this size is very high. In the line graph presented in Figure the
average success rate shown in the Average Completion (%) column of each agent over
50 tests is plotted against the percentage of failing actions in the environment. It can be
seen that the success rate does not go below 97% for any level of action failure in this
domain, which shows the proposed system’s resilience to all levels of action failure.
The high success rate in this domain is likely due to the greater connectivity of a
map with 4 nodes arranged in a square arrangement: each node has three connections
and can therefore continue to operate until all paths are no longer traversable. The
average number of actions learned, shown in the Average Actions Learned column
in Table ranges from O to 2.61, with a steady increase from 0% action failure to
100% action failure. This is shown in the line graph presented in Figure where the
average number of action descriptions learned (from the data in the Average Actions
Learned column in Table is plotted against the percentage of failing actions in the
environment (from the data in the Action Failure(%) column in Table [7.3).

IThe files and results for all experiments are available at: https://github.com/peterstringer/
experiment-files


https://github.com/peterstringer/experiment-files
https://github.com/peterstringer/experiment-files
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Figure 7.14: Action Failure Rate (%) against Success Rate in 4 Node Waypoint Envi-
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Figure 7.15: Action Failure Rate (%) against Average Action Descriptions Learned in
4 Node Waypoint Environments

The average number of actions learned increases from 0.00 to 2.61 as action failure

increases from 0% to 100%. When considered alongside the plot shown in Figure[7.14]

it can be determined that the agent can still complete 99% of the assigned routes despite

needing to learn an average of 2.61 new action descriptions and reconfigure the plan

library with patches for those actions.
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Action failure ranged from 0% to 100% in this experiment. For each level of action
failure, the corresponding percentage of the available actions will not achieve their
expected post-condition, and will instead navigate a randomised waypoint that is not
the same as the expected waypoint. For example, at 50% action failure, 50% of the
actions available to the agent in the environment will navigate to a different waypoint
than the waypoint in the action description in the agent’s capability library.

The relation is linear in this experiment, although this relationship would not hold
for longer routes as more failures are discovered on the map. However, the relation
would not differ considerably: when over two actions are learned on a route, there is

only a 3% decrease in the average completion rate, as seen in Table

9 Node Map

Summary A summary of action failure rates for 9 node waypoint environments is
shown in Table A total of 50 tests were performed for each action failure category,
with 550 tests overall. As there were 12 actions available in the 4-node waypoint envi-
ronment, the percentages do not directly translate to the 9-node waypoint environment

where there are 40 actions available to the agent.

Action Failure (%) | Average Completion (%) | Average Actions Learned
0 100 0.00
10 96 0.50
20 85 0.86
30 84 1.74
40 78 1.68
50 82 2.20
60 62 1.92
70 70 2.58
80 62 2.48
90 69 2.86

100 58 2.84

Table 7.4: Summary of Action Failure Rates for 9 Node Waypoint Environments

There is significantly reduced connectivity in this domain when compared to the

4-node map. Whilst all nodes still have at least three connections, the average journey
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length between nodes is 1.47 actions compared to 1 action on a 4-node map. The effect
of the longer average journey can be seen in both the average completion rate shown
in the Average Completion (%) column in Tables [/.3|and and the average actions
learned (shown in the Average Actions Learned column).

The average completion rate drops by a maximum of 3% in the 4-node environ-
ment, whereas in the 9-node environment, the completion rate drops by a maximum of
42%. The average number of actions learned also remains lower on the 4-node envi-
ronment at every failure rate when compared to the 9-node environment. However, as
the agent is travelling further on average, requiring more actions, a greater number of
failing actions are encountered, suggesting that the average number of actions needing
to be learned would increase as more failing actions need to be replaced. The effect
is rather noticeable on the average completion rate, with only 58% of routes still be-
ing completed at 100% action failure in the 9-node environment, compared to 99% of
journey still being completed at 100% action failure in the 4-node environment.

However, despite a 47% increase in average journey length in the 9-node envi-
ronment, the average number of actions learned increased less than expected. An
additional average of 0.47 more action failures are encountered per waypoint in the
9-node environment due to the increased average journey length. The increased av-
erage journey length results in an average of 5.88 actions being required to visit the
four randomly selected waypoints specified in the scenario description, compared to a
4 action journey length on average in the 4-node environment.

Accordingly, the average actions learned was expected to increase by the additional
average journey length multiplied by the chance of encountering an action failure (Ac-
tion Failure %). For 9-nodes at 100% failure, this would be 0.47 (0.47 x %) additional
actions learned on average. Despite this, the relation between the average number of
actions learned and action failure percentage remains similar to the 4 node map, peak-
ing only 0.23 average actions learned higher at 100% action failure, as shown in the
Average Actions Learned columns in Tables and

In Figure the average success rate shown in the Average Completion (%)
column of each agent over 50 tests is plotted against the percentage of failing actions
in the environment. As the percentage of failing actions increases, the average success
rate decreases. However, from the last row in Table it can be seen that the agents
still managed to maintain an average success rate of 58% even when all of the available
actions directed the agent to a different waypoint than expected or didn’t move the

agent at all, at 100% action failure.
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Figure 7.17: Action Failure Rate (%) against Average Action Descriptions Learned in
9 Node Waypoint Environments

In Figure the average number of action descriptions learned is plotted against
the percentage of failing actions in the environment. The average number of actions
learned increases from 0.00 to 2.84 as action failure increases. The relationship be-

tween the average number of action descriptions learned and the percentage of failing
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actions begins to show an exponential pattern, as the rate at which new action descrip-

tions are learned slows down as the action failure rate gets closer to 100%.

7.5.2 Hallway

Summary A summary of action failure rates for hallway environments is shown in

Table A total of 50 tests were performed for each action failure category, as in the

Action Failure (%) | Average Completion (%) | Average Actions Learned
0 100 0
7 94 0.27
14 86 0.37
21 72 1.02
29 62 1.31
36 58 1.51
43 42 2.00
50 32 1.84
57 34 2.37
64 12 2.39
71 18 2.88
79 12 3.08
86 22 3.24
93 10 3.73

100 8 3.88

Table 7.5: Summary of Action Failure Rates for Hallway Environments

previous examples, resulting in 750 tests overall. There were 14 levels of failure in this
domain, as there were 14 available actions that could be set to fail, with one additional
action failing for each level.

The effect of a different domain can be clearly noticed in the summary table; the
average completion percentage falls considerably with every additional action failure.
Despite this, the agent still completes the route at least 8% of the time, even at 100%
failure, showing the agent can still find viable solutions to complete the route even
when all actions are taking the agent to unexpected waypoints. This is also illustrated
in Figure where the average success rate of each agent over 50 tests is plotted

against the percentage of failing actions in the environment.
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Figure 7.18: Action Failure Rate (%) against Success Rate in Hallway Environments

In the hallway domain, described in Section the availability of some actions
is more important for route completion than others: only two actions are responsible for
moving the agent to and from the hallway to the site P, where the agent is required to
take a picture. If either of these two actions were selected during the random allocation
of failing actions, the agent would have no route to complete the mission. The lack of
flexibility in the plan library is manifested in heavily increased failure rates.

In Figure the average number of action descriptions learned is plotted against
the percentage of failing actions in the environment. There is a range of an average of
0 actions learned at 0% action failure, to an average of 3.88 actions learned on routes
at 100% action failure. When this is compared to the equivalent experiment data from
the 4-node and 9-node waypoints environments, where the maximum range of average
actions learned was a minimum of 0 actions and a maximum of 2.84, it can be seen that
the agent is required to learn more action descriptions in a less connected environment.

Directly comparing the Average Actions Learned against the Action Failure per-
centages for the 9-node waypoints environment and the hallway environment (Ta-
bles [7.17] and [7.19), the rate at which action descriptions are being learned in the
9-node environment decreases as the action failure rate approaches 100%, whereas
the rate that action descriptions are being learned in the hallway environment consis-
tently increases at a steady rate up to 100% action failure. This suggests that the agent
is encountering comparatively more failures on routes in the hallway environment as

the action failure rate increases above 50% action failure. This is likely due to the Al
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Figure 7.19: Action Failure Rate (%) against Average Action Descriptions Learned in

Hallway Environments

planner having access to fewer direct routes to the desired goal state when patching the

plans containing the newly learned action description. Consequently, the plans contain

more actions, which increases the likelihood of encountering another action failure.

7.5.3 Reconfiguration Timing

4 Node Map

Table[7.6|presents the timing costs associated with re-planning in the context of varying

failure rates, ranging from one failure to 100% failure. The values shown in rows

one and two are identical, showing that there is no additional planning time cost for

patching a single plan when up to 50% of the plan library contains failing actions (that

have different post-conditions to the actions in the original plans)

The varying failure rates presented in Table[/.6|are based on the failure rates of the

experiment data that was used to generate the inputs for the planning algorithm.

Specifically, the table compares the time required for finding a plan to patch a single

failing action (as required by the system proposed in this theses) with the time required
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Experiment Type | Time(s) for Patch (ms) | Time(s) for Full Replan (ms) | Scaled
1 Failure 0.071 0.93 2.93
50% Failure 0.071 0.93 2.93
100% Failure 0.074 0.97 3.06

Table 7.6: Replanning Timing Costs for 4-node Waypoint Environments

for re-planning all plans from scratch (described as the optimal agent in the experiment
description). It should be noted that in both cases, even when only one action has been
affected, the planner is called upon to maintain a correct plan library. The difference
between the two costs in the experiment is that in one case only one plan needs to be
found by the planner to patch a failing action, whereas in the other case, the whole
contents of the plan library are re-planned.

The ‘Scaled’” column in the reconfiguration cost tables provides normalised values
to compare costs between the two differently sized plan libraries (4-node and 9-node).
This normalisation accounts for differences in scale by calculating a per-plan cost and
extrapolating it to the size of the opposite library. Specifically, the scaled value is

calculated as follows:

Total Re-planning Cost

Scaled Cost = ( ) x Plans in Opposite Library

Plans in Original Library
For example, if the 4-node library contains 12 plans and the 9-node library contains 40
plans, the scaled cost for the 4-node library would estimate its total cost as if it had 40
plans. This allows a direct comparison of reconfiguration efficiency, independent of
library size.

For the first two experiments on the 4-node map size, the time needed for replan-
ning a single plan remains constant at 0.071 seconds, as does the time for a full replan,
which stays at 0.93 seconds. These consistent results lead to a scaled timing cost of
2.93, the time for finding a patch marginally increases to 0.074 seconds, and the time
for a full replan rises to 0.97 seconds, resulting in a slightly elevated scaled timing cost
of 3.06 seconds.

Whilst the Al planner handles increases in failure well in this scenario, it can be
seen that only re-planning a single patch takes less time than re-planning full plan
libraries. It can be argued that the experiment domain is very limited, although the
cost of re-planning a patch remains the same for larger domains, as it is still only a

single plan that requires re-planning, even when the domain is larger. Plan libraries
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do not have a size limit, and the larger a plan library grows, the longer it will take to
re-plan all of the plans in the library. This does not bode well for agents that require a

full re-plan of their plan library in a large and complex domain.

9 Node Map

Table showcases the replanning timing costs in a larger context, specifically for
9-node waypoint environments, across the same three experiments: 1 failure, 50%
failure, and 100% failure.

Experiment Type | Time(s) for Patch (ms) | Time(s) for Full Replan (ms) | Scaled
1 Failure 0.075 3.09 0.98
50% Failure 0.073 3.00 0.95
100% Failure 0.074 3.05 0.97

Table 7.7: Replanning Timing Costs for 9-node Waypoints Environments

This table gives a comparison for replanning timing costs detailed in Table [7.6
The ‘Scaled’ column in each table calculates the value of the full replanning time on
the opposite domain.

In the 9-node environment, the time required for replanning a patch for the failing
action remains relatively stable across all failure levels, ranging from 0.073 to 0.075
seconds. Similarly, the time required for replanning from scratch demonstrates a slight
increase compared to Table with values from 3.00 to 3.09 seconds. Consequently,
the scaled timing costs in Table also display a narrow range, fluctuating between
0.95 and 0.98 seconds.

Comparing the results of Table to Table[/.7] it is evident that the Al planner
is able to maintain efficient replanning timing costs even when scaling up to a larger

9-node waypoint environment.

7.5.4 Reconfiguration Cost
4 Node Map

Table [/.8| shows the memory costs for re-planning 4-node waypoint plans, comparing
the cost to find a patch for a failing action against the costs for replanning a full plan

library.
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Experiment Type | Patch(KB) | Full Replan(KB) | Usage Rate(KB/s) | Scaled(KB)
1 Failure 10536 136670 148394 431036
50% Failure 10536 136670 148394 431036
100% Failure 10536 137252 142378 432872

Table 7.8: Memory Cost for Replanning 4 Node Waypoint Plans

It is important to reiterate that the system being evaluated only needs to re-plan one
plan using an Al planner, which is different from systems that are not using incremental
planning algorithms or those that choose to re-plan the full plan library.

In this experiment, the memory costs for finding a patch and replanning a full plan
library do not increase over the first two experiment types: 1 failure and 50% failure,
with values of 10,536 KB and 136,670 KB. This shows that an increase in failure from
a single failure to 50% failure on a 4-node map size does not increase the memory costs
for replanning. The usage rate also remains the same at 148,394 KB/s, resulting in a
scaled memory cost of 431,036 KB. However, at 100% failure in the capability library,
there is a small increase in the memory cost for replanning all of the library from
scratch, reaching 137,252 KB. At the same time, the usage rate decreases to 142,378
KB/s, leading to a slightly higher scaled memory cost of 432,872 KB.

9 Node Map

Table shows the memory costs for re-planning 9-node waypoint plans.

Experiment Type | Patch(KB) | Full Replan(KB) | Usage Rate(KB/s) | Scaled(KB)
1 Failure 10536 429166 140480 136077
50% Failure 10536 431973 144328 136967
100% Failure 10536 433398 142378 137418

Table 7.9: Memory Cost for Replanning 9 Node Waypoint Plans

In this experiment, the memory cost for finding a patch plan remained constant
across all three experiment types: 1 failure, 50% failure, and 100% failure, with a
value of 10,536 KB. It is worth noting that the full replan memory costs and usage
rates fluctuate as the failure rate varies, which impacts the resulting scaled memory
Ccosts.

A key observation from Table [7.9]is the increase in memory costs for fully re-

planning when compared to the 4-node waypoint plans (Table [7.8)), highlighting the
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challenges that emerge with larger domains. Whilst the increase is marginal, plan li-
braries can increase in size considerably when more nodes are required, with 4 nodes
requiring 13 plans and 9 nodes requiring 41 plans. In a fully connected map, 13 plans
increases to 73 plans for 4 to 9 node maps. Nonetheless, the Al planner efficiently han-
dles the increased complexity of a capability library for a 9-node domain. It remains
clear that the size of the plan library is the largest unavoidable factor responsible for

increased planning cost.

7.5.5 Ciriteria Satisfaction

Revisiting the evaluation criteria from Section [7.1.3] the complete system’s perfor-
mance can be judged against the factors discussed in the original specification: success

rate, robustness, scalability, time cost, and memory cost.

Success Rate

The success rate is the average completion percentage, measuring successful execu-
tions over the total number of executions. The success rate revealed the system’s per-
formance when faced with increasing action failure rates.

In both waypoint environment variants, the system continues to complete a sig-
nificant percentage of tests even when the action failure rate increases, highlighting
its adaptability to varying conditions. However, it was noted that in less connected
domains like the hallway environment, which contained actions that could not be re-
configured, the success rate declined significantly regardless of the agent’s attempts to
continue. Whilst this was not an ideal outcome, the agent still completed routes, albeit

not many with an 8% completion rate being achieved at 100% failure rate, shown in

Figure

Robustness

Robustness is assessed as the ability to manage reduced domain connectivity, and high
failure rates. In the series of experiments performed in the evaluation, the system
was subjected to varying levels of domain connectivity and high failure rates. The
system managed this increased complexity well, although there was no evaluation of
its performance when handling noise.

Further experimentation is required here, ideally with real sensor data from a phys-

ical deployment. From the behaviours exhibited in the existing evaluation, if noise
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resulted in an action description and plan update, the system would right any ‘wrong’
action descriptions and plans when the agent’s failure threshold is breached for the af-
fected action(s). If the noise is consistent over many action executions, then it would be
accounted for in the action description after being learned, and this would remain until

any changes occur. This would be the desired behaviour in a dynamic environment.

Scalability

Scalability is assessed as the system’s ability to remain functional and maintain per-
formance when handling larger domains. In this case, scalability is measured by com-
paring the success rate, time cost and memory cost between differently sized domains.
As this system only needs to find a single plan to patch all of the plans for the failing
action in order to continue with routes, scalability is already improved against systems
that need to re-plan the entire plan library to continue. This advantage is particularly
evident when comparing the 4-node and 9-node waypoints environments, where the
system still exhibits strong performance despite some decrease in success rate and an

increase in the number of actions learned.

Time Cost

Time cost is measured as the amount of time, measured in milliseconds, taken by the Al
planning algorithm to generate a solution. The system as a whole maintains consistent
and efficient time costs across various action failure rates for the 4-node and 9-node
waypoint environment experiments. When compared to the optimal agent that replans
the full library from scratch, an average of 2.98 seconds is saved every time the agent
encounters failure in a 9-node waypoints environment, and 0.87 seconds is saved in a

4-node waypoints environment.

Memory Cost

Memory cost is measured as the overall amount of computer memory, in Kilobytes,
(KB), used by the Al planning algorithm. The system efficiently manages memory
costs by reducing the re-planning workload for the Al planner. Memory costs remain
lower compared to the costs of re-planning a full-plan library, even as complexity
grows. When compared to the optimal agent that replans the full library from scratch,

there is an average reduction of 420,976 kilobytes of memory used every time the agent
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encounters failure in a 9-node waypoints environment, and a reduction of 126,976

kilobytes in a 4-node waypoints environment.



Chapter 8
Conclusions

In this chapter, the research questions and objectives from Chapter [I] are revisited
and the contributions made to adaptable [BDI| reasoning research are detailed. The
strengths, weaknesses, and limitations are also discussed. Areas of future work are
identified, including suggested approaches for each area. Lastly, a final summary con-

cludes the research presented in this thesis.

8.1 Contributions, Research Questions, and Objectives

Returning to the initial research questions and objectives outlined in Chapter (1| helps
to reflect on the significance and impact of the contributions made in this thesis. In this
section, the contributions are presented by chapter, showing how they address the four

research questions and eight objectives.

8.1.1 Chapter[5: Durative Actions

This chapter introduces the first novel contribution of the thesis:

An extended formal semantics for durative actions with explicit success and fail-
ure conditions in BDI languages. An extension of existing action theory was
developed to consider actions with explicit success, failure, and abort conditions, and
durations, along with the addition of an action log that acts as a record of all action
executions. The semantics are general to[BDI|languages that have actions with explicit

pre- and post-conditions.

123
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Research Question I asked how languages can handle actions that have pre-
conditions, post-conditions, durations, and terminating conditions. This prompted Ob-
jective 1.a to develop a theory of durative actions for languages and Objective
1.b to evaluate the developed theory through an implementation in an existing
language.

The requirements to implement actions that have durations into languages
were thoroughly explored in this chapter. Additionally, a theory of actions with pre-
conditions, post-conditions, durations, and terminating conditions for languages
was developed, which firmly addresses Objective 1.a.

The process for modifying existing action handling mechanisms in the GWEN-
DOLEN programming language to support actions with pre-conditions, post-conditions,
durations, and terminating conditions was documented in Chapter[5| The process was
then used to implement a complete system capable of running in simulated dynamic
environments. The implementation was subjected to experiments hosted in the simu-
lated environments, allowing the extended action theory to be recognised in practice,
and subsequently addressing Objective 1.b.

In response to Research Question 1, it can be concluded that languages can
effectively handle actions that have durations. This was demonstrated through both
the theoretical extension of semantics to support pre-conditions, post-conditions,
durations, and terminating conditions presented in Chapter [5]and its successful imple-
mentation and experimental validation in the GWENDOLEN agent programming lan-

guage.

8.1.2 Chapter |6 Detecting Failures and Learning New Action

Descriptions
Two more novel contributions were developed in this chapter:

BDI Agent failure detection. A theory and implementation for detecting failures

during execution for|[BDI|agents was developed and analysed.

Learning new action descriptions. A mechanism for learning updated action de-
scriptions was developed and implemented into an existing programming lan-

guage.
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The content and contributions of this chapter address both Research Question 2 and
Research Question 3.

Research Question 2 asked how additional action theory for [BD]| languages could
enable plan library reconfiguration. Objective 2.a suggests the development of an “Ac-
tion Log” to allow the system to track the performance of actions throughout their
life-cycle. Objective 2.b aims to use the “Action Log” with a method for detecting
recurrent failures.

The concept of the “Action Log” was introduced in Chapter[5|and further developed
in Chapter [6] addressing both Objective 2.a and the failure detection mechanism’s
requirement of a system to track the performance of actions. The Action Log uses the
extended action theory proposed in Chapter [5|to keep a record of the action outcomes
and the change in beliefs before and after execution. The log enables the detection of
failure and provides the necessary inputs for learning new action descriptions.

A method of detecting persistent action failures was developed using the Action
Log data, addressing Objective 2.b. The method is primitive, relying upon fixed
thresholds to trigger failure, although the evaluation experiments show that this sim-
ple method is effective in the scenarios considered, and does not require any greater
complexity.

In answer to Research Question 2, the extended action theory proposed in this
thesis enabled a method for tracking the performance of actions, detecting failures,
and learning new action descriptions, that could be used to inform a framework for
reconfiguring agent plans. These extensions required extended action theory to operate
and they provided the necessary additions to perform agent plan reconfiguration.

Research Question 3 asks how machine learning can be used to update action de-
scriptions. Objective 3.a aims to directly address this question by calling for the devel-
opment of a machine learning algorithm to construct action descriptions. Objective 3.b
aimed to build upon this algorithm, integrating the action description learning method
back into the reconfiguration framework for which the failure detection method was
developed.

Objective 3.b also called for the integrated system to preserve safety properties
during the learning and reconfiguration process. Concerning this requirement, it was
identified that action failure caused by unforeseen circumstances might have already
violated safety properties. Whilst this objective was not entirely satisfied, the deci-
sion to prevent potentially unsafe and unverified explorative behaviour whilst learning

updated action descriptions maintains the theme of prioritising safety, and encourages



126 CHAPTER 8. CONCLUSIONS

efforts made in future works to continue with this theme.
In answer to Research Question 3, machine learning can be used to learn new action
descriptions, using extended BDI]action theory, a historical log of action outcomes, and

triggered by a method for detecting persistent failure.

8.1.3 Chapter[7: Evaluation

The extensions proposed in this thesis were integrated into a cohesive system, detailed
in Chapter ] allowing for a meaningful evaluation. The fully integrated system formed

the fourth novel contribution of this thesis:

Integration of action failure detection and a mechanism for learning updated ac-
tion descriptions with a plan repair framework. An implementation of an action
failure detection method and a mechanism for learning updated action descriptions was
integrated with |Cardoso et al.| (2019)’s plan library reconfiguration framework that can

repair agent plans from existing plans.

This contribution represents the culmination of all of the extensions proposed in this
thesis, and the evaluation of the resulting system directly addresses Research Question
4.

Research Question 4 asks how a system with the proposed extensions in this thesis
would perform. Objective 4.a states that experiments should be performed in simu-
lated environments to measure the performance, and Objective 4.b seeks to use the
performance measurements to evaluate the system against selected criteria.

In the results of Chapter|/| the proposed system was evaluated using simulated en-
vironments against five criteria to measure its performance across success rate, time
cost, memory cost, robustness, and scalability. The experiments performed in Chap-
ter [7 generated the measurements of performance required by Objective 4.a. The pro-
posed system demonstrated an increase in the operational lifetime of agents after en-
countering failure, with an overall average of 55% of agents still managing to complete
their assigned missions after experiencing failure on every available action. The exper-
iment results were then used to evaluate the performance of the system against the five
selected criteria, satisfying Objective 4.b. The challenges, weaknesses and limitations

of the system were identified during this evaluation and are discussed in greater detail
in Sections and
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8.1.4 Challenges

During the course of this research, three main challenges for current and future work in
adaptable [BDI| reasoning were identified. Specifically, finding a consistent definition
of failure, writing and implementing extended operational semantics to be applicable
for all BD]| languages, and verifying machine learning algorithms for safety-critical

systems.

Defining Failure Whilst the term “failure” has maintained a strong link to its ety-
mological origin (primarily used to describe a lack of success), it could be considered
unwise to use such a term to define a problem in a system. This becomes clear when
a “failure” could merely describe an inconvenience to an agent whilst simultaneously
representing another problem in the same system that is a danger to human life if left

unchanged.

Integrating with BDI languages As part of the research in this thesis, an opera-
tional semantics was developed to extend current [BDI| action theory to handle actions
that have explicit durations, pre-conditions, post-conditions, and terminating condi-
tions. It should be stated that the operational semantics were intended to be widely
applicable to languages, yet the semantics assumed an action representation with
explicit pre-conditions and post-conditions as a foundation, which is not the case for
some languages. However, this assumed action representation enabled the failure
detection method to detect recurrent action failure, the machine learning algorithm to
learn new action descriptions, and the Al planner to reconfigure the plan library using
the PDDL] action specification. It is clear that there was a necessary balance between
supporting more languages and expanding the system to support more extensions.
It cannot be guaranteed that an extended operational semantics integrates fully with all
existing languages. Although future integration can be aided by clearly defining
the requirements needed for a compatible language, and remaining as general to most

[BDI|theory as possible when defining new semantics.

Verifying Machine Learning The verification of agent programs generated by ma-
chine learning algorithms was not evaluated in the scope of this work. Nevertheless, the
semantics and implementation proposed in this thesis were applied to GWENDOLEN,
a language that is integrated with a framework that is capable of verifying agent

programs. Accordingly, research into the verification of agent programs produced by
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machine learning algorithms is considered as a logical next step for future work. How-
ever, the introduction of increasingly complex machine learning algorithms presents
great difficulty for verification as some algorithms cannot (currently) be directly veri-
fied (Van Wesel & Goodloe|2017)). As a consequence, it should be noted that solutions
with complex machine learning algorithms could be unsuitable for scenarios where
learning from failure is not safe (e.g., autonomous drones), where it would be safest to
execute a controlled stop to the system rather than attempting a recovery. For example,
assume an autonomous drone is experiencing persistent rotor failures that are causing
a navigation action to lose an extra 10 metres in altitude. Triggering an exploratory
machine learning algorithm to learn a new action description for this action could re-
sult in the drone losing all of its altitude and causing significant damage to itself and

its surroundings when it hits the ground.

8.2 Future Work

A major aspect of future work will be adapting the framework to enable the usage
of action descriptions containing variables. A key feature of many languages
is the use of variables and unification in plans, to enable one plan to apply in many
different situations depending upon the instantiation of its parameters. There are two
aspects to this challenge. Firstly, when an action is executed in a language, it is
almost always the case that its variable parameters are instantiated (Dennis et al.[2007).

Meaning that although an action description of the form
{at(X)}move (X, Y){—at(X),+at(Y)}

where X and Y are variables, it is only ever called as, move (0, 1) or move (1, 2).
Consequently, the process of synthesising new descriptions from the action log will
need to make use of generalisation techniques to identify the relevant abstract action
description from the instantiated action descriptions recorded in the action log so that
the updates to the action description will be applied to all of the instantiated versions.
It may also be necessary to split action descriptions by synthesising new pre-conditions
indicating that, in some situations, the action still behaves as originally assumed, but
in others, it does not.

Secondly, STRIPS-type planners, while they frequently use action descriptions that
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contain variable parameters, do not generally plan using initial and goal states that con-
tain variables. This includes the Al planner embedded in the implementation from |Car-
doso et al.|(2019) — therefore, this planner would need to be replaced with one capable
of handling variables in initial states and goals.

It should be noted that synthesising entirely new actions is considered a separate en-
deavour from splitting action descriptions and synthesising their pre-conditions. How-
ever, future work could investigate action description synthesis by safely incorporating
exploratory learning algorithms into the system proposed in this thesis.

A further improvement to the integration of |Cardoso et al. (2019)’s framework
would be to implement caching for plans that have been translated to the Al planner’s
domain definition language. Whilst the individual memory time and cost for translating
a single plan library might not be significant, the translation process is invoked every
time an action breaches its failure threshold and there is no limit to the number of times
this can happen.

The implementation of the Action Log, discussed in Chapter [5] currently relies
on a fixed-size array list to record action outcomes. This approach is straightforward
and performed effectively in the scenarios presented in the evaluation. However, the
fixed length of the array results in older entries being discarded when new entries are
added, potentially losing valuable historical data. To address this, a dynamic array list
structure could be used instead, allowing for more comprehensive logging, though if
actions are executed with high frequency this could generate a very large list which
will affect memory time and costs. Alternatively, a fixed-size list for each action, with
the size determined by the failure threshold, could be implemented. This approach
keeps the log manageable and efficient whilst increasing the amount of historical data
that can be used for learning new action descriptions.

The algorithm for learning new action descriptions, presented in Chapter [6) would
benefit from more sophistication. At present the algorithm treats all changes in belief
after an action execution as one group. For example, consider a situation where two
robots are both working in an area. Sometimes, after moving between waypoints (e.g.,
from waypoint 0 to waypoint 1) the agent also perceives the presence of the second

robot. In this case, the current action log would sometimes record

{+at(1),—at(0),+second _robot }
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as the belief change and sometimes record
{+at(1),—ar(0)}.

Currently, Algorithm [2| treats these two sets of post-conditions entirely separately and
is unable to recognise that +ar(1) and —ar(0) occur in both sets. This could be ad-
dressed by weighting each term appearing in the set of belief changes individually,
rather than as a group, which could enable the construction of post-conditions that
better reflected the actual action behaviour.

At present the planning problem that is sent to the STRIPS planner is formulated
from the description of the failed action alone and does not account for the context
in which the action appears. As stated in Section [2.1| of Chapter [2, many plans
are expressed in terms of some guard, which can be considered a pre-condition for
the whole plan, and a goal which can be considered a goal state for the plan (Cardoso
et al. 2019, Dennis & Farwer 2008). Techniques such as regression planning (Russell
& Norvig|2020) could be used to infer from the plan’s guard and goal, and the pre-
conditions and post-conditions of any other actions in the plan, what the actual state
of the agent is likely to be at the point the failed action was executed and which of
the failed action’s post-conditions were necessary to achieve the goal of the plan. This
could be computed offline and stored as part of the plan description which would intro-
duce more flexibility into the patching mechanism, allowing plans to be patched even
if an exact replacement for the failing action could not be found. It will also reduce the
risk that the computed patch might contain additional post-conditions that will break

the plan — for instance, suppose the failed action is:
{pri}ai{+po:2}
and the computed patch is ap,as where a3’s post-condition is:
{+po2,+pos}

Now consider a plan:

e:quard < aj,a4

where the description of a4 is:

{—=pos}as{+pos}.
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If a; is replaced in this plan with the patch then a4 will no longer be applicable and the
plan will break. More context-sensitive construction of the planning problem should
be able to account for this and avoid creating a patch that will break the plan. There is
existing work on context-sensitive plan repair in the Al planning domain (der Krogt &
de Weerdt 2005)), although this was not considered within the scope of this thesis.

The use of the GWENDOLEN language which is linked to the[AJPFmodel-checking
tool and the framework (Dennis|[2018)), opens the possibility of verifying the
patched plans produced by the framework. However, the AJPF model-checker ordi-
narily performs verification slowly. If the agent existed in an environment where there
were periods of inactivity, then it would be possible for re-verification to take place to
ensure that the agent’s plans continued to adhere to any specified properties, but in an
environment where patching needs to occur quickly then this may not be feasible. If
the reconfiguration mechanism was adapted to be sensitive to the context in which an
action was invoked then it should be possible to establish idealised results about the
safety of patches, at least in environments where the only things changing the environ-
ment are the agent’s own actions. It might also be possible to treat actions appearing
in plans as sequences of abstract actions of length up to /, with the abstract actions
having no specified behaviour during verification, forcing the verification to consider
all possible action outcomes. This is how the verification of abstract actions is handled
by the[AJPF model-checking tool used in the MCAPL distribution of GWENDOLEN. If
the verification is successful, this would allow plans to be patched with any sequence
of actions of length less than /, but the resulting state space for verification is likely
to be unwieldy and include consideration of many action outcomes that are either un-
likely or impossible, forcing, in turn, the inclusion of fail-safe plans within the agent
to handle behaviour that can never occur, resulting in “crufty” code. A solution to this
could be to pre-verify a set of possible repairs based on anticipated failure modes, and
if possible, the approach should choose one of these pre-verified repairs.

A physical implementation of the waypoints environment would enable testing
with exposure to realistic noise, complementing the evaluations performed in the simu-
lated environments. The framework presented in this research is designed to cope with
unplanned changes to action descriptions in dynamic environments. Whilst simple in-
puts used in the example reflect the same inputs expected from sensors mounted on a
robot, it would be naive to assume that a comprehensive evaluation has been performed
without considering the effect of noise in a real-world environment. It is important for

a system designed for failure recovery to remain robust in all conditions.
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The extent to which long-term autonomy can be achieved through the generation
of amended action descriptions and the patching of plans is an open question. Sce-
narios similar to the evaluation scenarios in Chapter [/, involving navigation around
waypoints linked in a graph structure, are relatively common (Roh et al.|2020), and it
is reasonable to suppose that over time paths between waypoints might alter. Similarly,
it is easy to imagine some actions, over time, exhibit partial success. For example, not
as much material is moved, or things are not moved as far, or as fast when compared to
the original action descriptions. Therefore modified action descriptions may be useful
in patching plans by repeating actions or combining them with other compensatory
actions. Case studies could be undertaken to assess how common it is for action degra-
dation to result in mission failures, and if patching plans or combining actions with
compensatory actions could improve the chances of mission success. The framework
presented in this research could be combined with mechanisms for weakening mis-
sion specifications (D’Ippolito et al.[20135} |Ingrand & Ghallab2017), for instance, by
dropping some goals that were no longer obtainable, while continuing to pursue others.

Conducting experiments in a physical environment would have provided a more
realistic benchmark for agent performance, where the effect of noisy inputs could have
been evaluated. However, progress was hampered by the restrictions made during a
global pandemic. Physical experimentation could have unveiled bugs, weaknesses, and

limitations earlier in the process, allowing more time for debugging and improvements.

8.2.1 Limitations

The limitations of the approach followed in this thesis are: the domain specificity
of the resulting implementation; the requirement to manually program initial action
descriptions; the inheritance of safety guarantees; and finally, the inherent uncertainty
of agent perception from undetected environmental changes. Each of these limitations

and their implications were identified and do not present major issues.

Domain Specificity When compared to exploratory agent programs, designed to
navigate and map unknown domains, this system would not be able to operate with the
same behaviour in its current implementation. The environment must be programmed
to include the expected pre- and post-conditions for each action, as these are used in
the specification of success, failure and abort conditions. This may not be a significant

limitation, as actions for [BDI| agent programs are already required to be programmed
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before execution, although this additional requirement has to be considered in the de-
sign of agent programs that make use of these extensions. Actions could be specified
differently to address this limitation. For example, instead of defining actions using
static beliefs, where pre-conditions and post-conditions rely on fixed absolute values,

such as:
{at(0,0) }{move(5,5)}{at(5,5)}[5s]

Pre-conditions and post-conditions could be constructed using relational expressions,
where the same action could be redefined with variables representing the agent’s start-
ing position (X,Y), enabling the action to describe the effect of multiple similar actions

at once by removing the static reference to the agent’s starting location:
{at(X,Y){move(5,5) Har (X +5),(Y +5)) }[5]

This relational specification avoids hardcoding static values, making action descrip-

tions reusable for multiple scenarios without reprogramming.

Scalability Due to the environment requiring manually pre-programmed actions and
action descriptions, the size of the environment would be limited by the availability of
development time. This is a problem that applies generally to hierarchical Al planning
algorithms (Silver et al. 2023), as they require domain-specific abstractions to oper-
ate. These abstractions are usually manually programmed and therefore this limitation
cannot be avoided without using an alternative method of planning. Silver et al.| (2023)
tackled this limitation by performing bilevel planning combined with a method for

learning predicates in the domain during other objectives.

Inheriting Safety Guarantee Caveats The safety guarantees of the proposed system
are based on several assumptions made about the relationship between Al planning,
action descriptions, and the learning process.

Concerning the generated patch from the Al planner, if the action descriptions are
correct at the time of creating the domain for the Al planner, the system will generate
plans that achieve the desired goal. This assumption stems from the principle of Al
planning where plans are created based on accurate models of actions and their effects.

In this system, as long as the number of action failures remains below the action
failure threshold for each action, the algorithm will not modify the action description.

This requires failure thresholds and failure conditions to be set appropriately for each
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action, so that unexpected behaviours are acknowledged, and so that the action de-
scriptions can be kept accurate to the action’s effect on the environment. If the failure
thresholds and conditions are not set properly, this could lead to situations where the
system continues to use an outdated action description, potentially impacting safety.
The opposite case can also cause issues: stating thresholds that are too low, or con-
ditions that are too close to the success conditions, could trigger failure detection to
learn new action descriptions for actions that aren’t truly exhibiting patterns of persis-
tent failure.

Whilst the assumptions inherited from the Al planning domain cannot be entirely
circumvented, the assumptions and weaknesses associated with defining failure thresh-
olds and conditions could be addressed by using more intelligent methods for defining

them, with scaled and dynamic values and conditions.

Inherent Uncertainty Failure detection heavily depends on agent perception. If ac-
tions are failing due to unknown factors, undetected by the agent, then new action
descriptions cannot be learned. It is likely impossible to predict the origin of all poten-
tial failures, resulting from the lack of appropriate sensors. Even when equipped with
all of the available sensors for all foreseeable circumstances, sensor failures can occur.
If sensor failure occurred in the current implementation, the agent would just learn
that the action no longer achieves any post-conditions. Which could still be viewed as
learning a new action description. However, this would likely make the reconfiguration
of plans more difficult, and possibly affect the success rate of the resulting plan library
as the updated action description(s) would be using perceptions reported by a failing
sensor rather than from a working sensor that would report what is actually happening

in the environment.

8.2.2 Weaknesses

The weaknesses of this research are minor in contrast to the benefits. These include
a reliance on accurate failure detection; having a limited scope for learning; and its

susceptibility to noise.

Incomplete failure detection Agents using this system rely on the accurate detection
of failure to operate successfully. This concerns the accuracy of both detecting what
has happened and then detecting failure as soon as it has happened. The use of action

durations limits how frequently potential failure can be detected, meaning failures will
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not immediately trigger detection unless additional ‘abort’ conditions are stated. The
accuracy of failure detection is directly tied to the accuracy of the perceptions received
by the agent, which is reliant upon accurate and reliable sensor data that cannot be
directly improved by extending the agent’s underlying software. However, the method
for detecting failures proposed in this thesis could be extended to let agents flag action
executions as failures immediately after the failure conditions are believed, instead of

after the action’s duration has lapsed.

Limited learning scope The post-conditions in action descriptions can only be dis-
covered if the agent experiences them during the execution of the action. The ex-
ploration of new actions is not encouraged in this system, due to the implications for
safety and possible violations of the verified program specification. Due to this, the
learning behaviour of this system is not entirely comparable to other methods of ma-
chine learning, e.g. reinforcement learning, where exploration is actively incentivised
to maximise the reward potential. The extent of the safety implications introduced by
using exploratory machine learning algorithms has not been fully explored in the scope

of this thesis, and is considered to be part of future work.

Fixed failure thresholds There is considerable reliance on the pre-programmed fail-
ure thresholds for actions - which are not updated alongside the process of learning ac-
tion descriptions. This could result in a disparity between the confidence in the action
and how often it should be allowed to fail before triggering the learning process. To
address this concern, failure thresholds could become dynamic: updating as part of the
action’s description. If a level of confidence can be calculated for the solution found
by the learning process, using a comparison of the weights assigned to the candidate

post-conditions, this could be used to inform a new failure threshold.

It is important to note that these weaknesses and limitations impact only the pro-
posed extensions and do not affect the core functionality of the base agent architecture,
which continues to operate effectively without disruption from these issues. Neverthe-
less, the extensions proposed in this research, whilst bearing weaknesses and limita-
tions, only present improvements to the performance of agents programmed using the

original implementation.
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8.3 Conclusion

The primary focus of this research was to enable autonomous agents to adapt to changes
in dynamic environments. The research found that agent programming languages can
be extended to enable this. When tested in simulated dynamic environments, the exten-
sions demonstrated an increase in the operational lifetime of agents after encountering
failure, with an overall average of 55% of agents still managing to complete their as-
signed missions after experiencing failure on every available action. As part of the
language extensions, the research confirmed during the evaluation presented in Chap-
ter [/, that languages can effectively handle actions with durations, and existing
mechanisms can be adapted to consider action durations without major reconstruction
as presented in Chapter[5] Additional mechanisms were required for detecting failures
from action execution logs, although only a simple implementation of this was required
to allow the machine learning algorithm to operate effectively. The algorithm used
these additional mechanisms to create weighted collections of post-conditions, favour-
ing recency and frequency, to rank and select the most appropriate action description
from a list of action post-conditions, as presented in Chapter [0 The experimentation
results confirmed that this implementation was an effective solution that avoids the use
of more complex machine-learning algorithms.

In conclusion, the feasibility and efficacy of extending agent programming lan-
guages to handle online adaptation to dynamic environments has been explored. Three
extensions to programming languages were developed; theory for the underlying
mechanisms of each extension was created; a methodology for the implementation of
the extensions was detailed; and the theory was evaluated by subjecting the resulting
implementation to a large number of inputs using simulated dynamic environments.
Finally, the evaluation results highlighted a clear increase in the operational lifetime of
BDI| agents when using the extensions developed in this research, compared to agents
operating without them. This thesis provides an important foundation for creating more
adaptive and resilient autonomous agents, capable of operating effectively in dynamic

and unpredictable environments.
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Appendix A

GWENDOLEN Semantics

This chapter duplicates the operational semantics for GWENDOLEN presented in (Den-
nis|2017)).

A.1 Intentions

Intentions are crucial to understanding GWENDOLEN. BDI languages use intentions
to store the intended means for achieving goals — this is generally represented as some
from of deed stack (deeds include actions, belief updates, and the commitment to
goals). Intention structures also maintain information about the (sub-)goal they are
intended to achieve or the event that triggered them. GWENDOLEN aggregates this
information: an intention becomes a stack of tuples of an event, a deed, and a unifier.
This tuple is most simply viewed as a matrix structure consisting of three columns in
which we record events (new perceptions, goals committed to and so forth), deeds (a
plan of future actions, belief updates, goal commitments, etc.), and unifiers. These
columns form an event stack, a deed stack, and a unifier stack. Rows associate a par-
ticular deed with the event that has caused the deed to be placed on the intention, and

a unifier. New events are associated with an empty deed, €.

Example The following shows the full structure for a single intention to clean a
room. We use a standard BDI syntax: !g to indicate the goal g, and +!g to indicate
the commitment to achieve that goal (i.e., a new goal that g becomes true is adopted).
Constants are shown starting with lower case letters, and variables with upper case

letters.
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event deed unifier
t+!clean() | +!goto (Room) Room = rooml
+!clean() +!vacuum (Room) Room = rooml

This intention has been triggered by a goal to clean — the commitment to the goal
clean() is the trigger event for both rows in the intention. An intention is processed
from top to bottom so we see here that the agent first intends to commit to the goal
goto(Room), where Room is to be unified with rooml. Once it has committed to
that goal it then commits to the goal vacuum(Room). In GWENDOLEN the process of
committing to a goal causes an expansion of the intention stack, pushing more deeds on
it to be processed. So goto(Room) is expanded before the agent commits to vacuuming

the room and the above intention becomes

event ‘ deed ‘ unifier

+!goto (Room) +!planRoute (Room, Route) Room = rooml
+!goto(Room) | +!follow(Route) Room = rooml
+!goto(Room) | +!enter (Room) Room = rooml
+!clean() +!vacuum (Room) Room = rooml

At any moment, we assume there is a current intention which is the one being
processed at that time. The stacks that form the intention are further paired with two
booleans, suspended, and locked which indicate the intention’s status. A suspended
intention is, by default, not selected at the intention selection phase of the agent’s
reasoning. Typically an intention will remain suspended until some belief condition
occurs, normally that a belief is acquired via perception or from the receipt of a mes-
sage. If an intention is locked, conversely, then it must be selected at the intention

selection phase.

A.2 Plans, Applicable Plans and Intentions

A GWENDOLEN agent also has a plan library which is an ordered list of plans. Plans
are matched against intentions and manipulate them. There are three main components

to a plan,
1. A trigger event which may match the top event of an intention.
2. A guard: the guard is checked against the agent’s state for plan applicability.

3. A body which is the new deed stack that the plan proposes for execution.
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We use the syntax trigger : {guard} < body to represent plans.
Plans only match intentions which contain unplanned goals (i.e., those associated
with the “no plan yet” deed, €). For instance after a commitment to goto (Room) the

above intention might appear as:

event ‘ deed unifier

+!goto(Room) | € Room = rooml
+!clean() +!goto (Room) Room = rooml
+!clean() +!vacuum (Room) | Room = rooml

which would match the plan

+!goto(Room) : {upstairs(Room)} <— +\goto(stairs);+!goto(Room)
This plan says that in order to achieve the goal goto(Room) in the case where the room
is upstairs, (upstairs(Room)), first the goal goto(stairs) must be achieved and then the
goal goto(Room) achieved.

This would transform the intention to:

event ‘ deed ‘ unifier

+!goto(Room) | +!goto(stairs) | Room = rooml

+!goto(Room) | +!goto (Room) Room = rooml
+!clean() +!goto (Room) Room = rooml
+!clean() +!vacuum (Room) Room = rooml

A.2.1 Applicable Plans

Applicable plans are an interim data structure that describe how a plan from an agent’s
plan library changes the current intention. An applicable plan describes the new rows
that will replace the top row of the intention. The new rows are generated from an
event, a unifier and a stack of deeds. The new intention rows are generated by creating
a row for each deed and associating the event and unifier with each of those rows (so
the event and unifier are duplicated several times).

Therefore, an applicable plan is a tuple, (pe, pas, Po), of an event p,, a deed stack

Pas, and a unifier pg. The applicable plan in the example above would be
(4+!goto(Room), [+!goto(stairs);+!goto(Room)|,{Room = room1}) (A.1)

Applicable plans are used because GWENDOLEN first determines a list of applicable
plans and then picks one plan to be applied. The function Sy, is used to select one
applicable plan from a set. By default, this treats the set as a list and picks the first

plan, but it may be overridden by specific applications.
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Applicable Plan Generation Method The function appPlans, generates a set of
applicable plans from the current intention, i, and an agent’s internal state.

There are two cases. In the first case the top deed on the intention is not € (i.e., no
planning is needed). In this case the set of applicable plans is for continuing to process
intention { without any changes (i.e., it represents the top row of the intention). So the

set of applicable plans is the singleton:

{(nde(i),nda(i),6™) | hdy(i) # €} (A2)

where hd, (i) is the top event in i, hd,(i) is the top deed, and 0hd() i the top unifier.

In the case where the top deed on the intention is €, appPlans generates the set

{(Pe,pa, 6™ LIB) |

\ (i) / / (A.3)
Pe : {Pgu} < pa € P A\ 'hd,(i)6 = pe,0' Nag = paud',0}

where P is the agent’s library of plans. hd,(i) = pe,0 means that the plan’s trigger
event follows from the top event on the current intention returning a unifier, ©’. This
allows for Prolog-style reasoning on plan triggers.

The notation ag = g, 0 means that the guard, g, is satisfied by agent ag given unifier
0. Again this allows Prolog-style reasoning. Plan guards may refer to the agent’s belief
base, goal base or outbox. For instance Bb means some belief, b should follow by
logical inference from the agent’s belief base and Gg means that some goal g should
follows by logical inference from the goal base.

The notation 70 indicates the application of unifier 0 to term ¢. So, for instance,

hd,(i)0P4() is the result of applying the unifier 8*4(9) to the top event on the intention.

A.3 The Environment

A feature of BDI agent programming languages is that BDI programs do not, in gen-
eral, stand alone but exist within a computational environment. GWENDOLEN pro-
grams expect to interact with environments programmed in JAVAwhich implement a
specific interface. This means the semantics of some rules will depend upon the envi-
ronment used. Environments offer various functions — executing agent actions, supply-
ing sets of perceptions etc. The execution of these functions may also induce a change
in the environment itself according to its own semantics.

We represent the environment as &. Table summarises the functions that all
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Notation Description

€.do(a) Executes an action. Returns a unifier.

E.getmessages(ag) Returns a set of new messages for agent ag.

&.Percepts(ag) Returns a set of new perceptions (logical formulae) for
agent, ag.

E.done True if the environment is incapable of

further independent action.

Table A.1: Methods implemented by GWENDOLEN Environments

environments are required to offer by the GWENDOLEN semantics. Some environ-
ments only change when one of these functions is called but others may be inde-
pendently dynamic (e.g., because other agents, not programmed in GWENDOLEN are

acting in them). We therefore also allow a transition relation on environments &:

d
§ —¢ &' and represent the transitions caused by the functions in table|A.1|as § —0@—>§ &,

etmessages Percepts(ag .
€ uﬂu’ & and § Ag &'. done does not change the environment.

A.4 Multi-Agent System Semantics, Scheduling, Rea-
soning Cycle

A GWENDOLENagent is executed as part of a multi-agent system which includes an
environment and a scheduler. The scheduler is specific to the application and so its
policy for the order in which agents (and where relevant the environment) are executed
varies.

We represent the operational semantics of the multi-agent system a set of transition
rules. The first rules, — operate on tuples of the environment, a set of agents and the
scheduler and represents how the scheduler chooses the next agent for execution. The
agent then transitions through stages in a reasoning cycle (represented with —,). At
each stage in the reasoning cycle specific rules are selected which cause transitions on
the agent (and sometimes also on the environment).

We assume the existence of the following functions: next_job(s) returns a tuple of
an agent (or the environment) and an updated version of the scheduler depending on the
scheduler policy; sleeping(a, s) returns true if the scheduler lists a as asleep; sleep(a)
returns true if the agent’s status is that it has no further reasoning at the moment and
sleep(a,s) returns an updated scheduler that lists a as sleeping. — represents the tran-

sitive closure of the semantics on an agent’s reasoning cycle so (§,a,A) =% (€/.d' | F)
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represents the effect of a run of the agent’s reasoning cycle (from stage A to F — see
below) on both the agent and the environment. & — &' represents an update of the
environment according to its own semantics (not considered here).

The following rules represent the operation of the scheduler.

—&.done next_job(a) = (§,s') &—¢ &

A4
EAos) = (€A o
Jda € A.—sleeping(a,s) next_job(s) = (a,s’)
(€,a,A) =7 (&.d F) —sleep(d’)
A5
&hos) = AT N
Jda € A.—sleeping(a,A) next_job(s) = (a,s’)
G aA) = 6.0 F)  steep(d) e

(E,A,5) = (E/ Ala\d'],sleep(d,s"))

It should be noted that, among other things, next_job(s) can change the internal state of

the scheduler, for instance altering the set of agents marked as sleeping if, for instance,

new perceptions are available in the environment that might mean the agent now has
something to do.

The GWENDOLEN reasoning cycle is a set consisting of size stages (A, B, C, D,

E, and F). Each stage is a list of rules which are discussed in section [A.5] The agent

reasoning cycle transitions, —,, by picking the first applicable rule, r, from the list

in the current reasoning stage, RS, transitioning the agent (and in some cases environ-

ment) according to the rule —, and then moving the reasoning cycle on according to
the function next (see (A.9)).

Ir € rules(RS). (§,a) —, (€,d)

(€,a,RS) —, (E/,d’ ,next(a’,RS)) (A7)

—3r € rules(RS). (§,a) —, (€,d’)
(€,a,RS) —, (€,a,next(a,RS))

A GWENDOLEN agent is a tuple (ag,i,I,P,Pl,B,R,In,Out,S) of an identifier, cur-

(A.8)

rent intention, intention set, plan library, applicable plan set, belief base, rule base,
inbox, outbox and sleep flag (more in this in section [A.5). The definition of next
in (A.9) sometimes uses the current intention, i, and intention set, /, to compute the
next reasoning stage. In these cases we represent the agenta as (...i...) or (...i,1...)

as appropriate.



AS.

STAGE RULES: THE AGENT REASONING CYCLE 157
E i=[ AV €l is_suspended(i’
next({...i,I...),A) = i=lnvi P (F)
B i+#[]Vv3i el —is_suspended(i’)
next(a,B) = C (A.9)
E i=]]
next({...i...),C) =
D i#]
next(a,D) = E
next(a,E) = F
next(a,F) = A

where is_suspended (i) is true if the intention, , is suspended.

A.S Stage Rules: The Agent Reasoning Cycle

We represent an agent as a tuple (ag,i,I,P,Pl,B,R,In,Out,S) where:

ag is a unique identifier for the agent (it’s name);

i is the current intention (see section [A.T)); Note that there can be no current

intention which we will indicate with the expression i = null.
I is a stack of intentions {i,7,..};

P is an ordered list of the agent’s plans (see section [A.2));

Pl s a set of currently applicable plans (see section[A.2);

B is a set of the agent’s beliefs which are pairs of ground first-order formulae
and a string indicating the source of the belief. In GWENDOLEN all beliefs are
automatically assigned the source self unless they are acquired by perception

in which case they are assigned the source percept;
R is a set of Prolog-style rules used in reasoning;

In is the agent inbox. Elements of inbox have the form [ m where id is
the identifier of the sender, ilf is the illocutionary force of the message and can
be tell, perform, or achieve, and m is the message content, a ground first-order

formula.
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a An action.

b A belief.

+b A belief addition.

—b A belief removal.

b{source} A belief, from source source.
g A goal of type 7.

+!zg A goal addition.

—lzg A goal drop.

X lzg A goal which can’t be planned.
lock An lock.

unlock An unlock.

ailf 1 A message m sent to ag.

T g 8

1984l A message m received from ag.

T An structure who’s logical content is trivially true.

€ A special marker indicating that some event has no plan yet.

Table A.2: Notations for deed type checks

* Out is the agent outbox. Messages in this set have the format 14 m where id is
the identifier of the recipient, ilf is the illocutionary force and m is the message

content, a ground first-order formula.

* S is a boolean indicating whether the agent should be slept by the scheduler or

not.

In its initial state the current intention is nul/, the intention set consists of one intention
for each of the initial goals provided by the programmer. These intentions are of the
form (start,+!s,g,0) where start is a special event used for intentions with no spe-
cific trigger. Its plan library is a set of plans provided by a programmer. The applicable
plans are empty. The belief base and rule base are as defined by the programmer. The
inbox and outbox are empty and the sleep flag is false.

Many of the transition rules make a check on a deed to see what type it is (e.g.
the addition of a belief, the deletion of a goal). We represent these checks implicitly
using the notation shown in table Many of the rules also check intentions for
various properties and manipulate them. Table [A.3]summarises various operations on
intentions that are used in the rules.

It is generally unwieldy to present the full agent tuple in the description of a transi-
tion rule. As aresult we restrict ourselves to presenting only those parts of the intention
that are changed by the rule as we did in (A.9).

We now discuss each stage of the reasoning cycle in turn.
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Notation Description
Up Compose a unifier with the top unifier on the intention.
empty(i) The deed stack of the intention is empty.
events(i) The stack of events associated with intention i.
hd, (i) The top event on the intention.
hd,(i) The top deed on the intention.
phd() The top unifier on the intention.
@ Add a new event, deed stack, and unifier
to the top of the intention.
3p Add a new event, deed, and unifier
as the top row of the intention.
t1;(i) Drop the top row of the intention.
dropg(e,i) Drop all rows in the intention above and including the
first appearance of e as a trigger.
lock(i) Mark the intention as locked.
locked(i) The intention is locked.
suspend(i) Mark the intention as suspended.
is_suspended(i) The intention is suspended.
unlock(i) Mark the intention as unlocked.

Table A.3: Operations on Intentions

A.5.1 Stage A

Stage A of the GWENDOLEN reasoning cycle consists of a list of three rules which are

focused around managing intention selection:

[select_intention,sleep,drop_intention]

Select Intention (select_intention)

—empty(i) —locked(i) 3" elU{i}.—is_suspended(i”)
Sin(TU{i}) = (I', ') hde(i') # —'e,gVhdy(i') # €

A.10

<§7<"'i71--->> ~7select_intention <§7<"'i/71/“'>> ( )
—empty(i) locked(i) hd,(i) # —!r,gVhdy(i) #¢

3i" € TU{i}. —is_suspended (i) ALl

<§7 < e i7l- : >> —7select_intention <E_,, < e i,I- . >>

where empty(i) is true if intention i has an empty deed stack, locked(i) is true if
intention i is locked, and is_suspended (i) is true if intention i is suspended. Table[A.3|

summarises all the operations on intentions.

This rule has two cases, one for when the current intention isn’t locked and one
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for when it is. When the intention isn’t locked the system uses the application specific
selection function S, to pick a new current intention (by default this treats the intention
set I as a LIFO queue and selects the first unsuspended intention from the queue). The
rule is inapplicable if the current intention is empty or the selected intention’s trigger

is a drop goal event.

Sleep (sleep)

(i = null V empty(i) Vis_suspended(i)) Vi € I.is_suspended(i’)
(€, (...0i,1,...8)) —s1eep (& (... 0 1,... T))
Table summarises all the operations on intentions such as empty etc,.

(A.12)

This rule sets an agent’s sleep flag if all its intentions are empty or suspended. The
agent will then be marked as sleeping by the scheduler once the reasoning cycle is

concluded.

Drop Intention (drop_intention)

i #null empty(i) I#0 Spnd= (1)
<§7 < o ial- : >> _>drop,intention <§, < .. i,,I, .. >>

Table [A.3]summarises all the operations on intentions such as empty etc,.

(A.13)

This rule drops the intention i if it is empty and selects a new current intention from
the intention set. The additional i # null is necessary since a few rules can leave the

agent state with no current intention.

A.5.2 StageB

Stage B of the GWENDOLEN reasoning cycle consists of a list of two rules based on

generating a set of applicable plans: [generate_plan,no_plan]

Generate Plan (generate plan)
appPlans(i) # 0

. . . (A.14)
(€,(...i,Pl...)) —generateplan (&, (...i,appPlans(i)...))
appPlans is as described in section[A.2]
No Applicable Plans (no_plan)
appPlans(i) =0 hd,(i) = +!:g (A15)

(€ (- i, PL..)) =m0 pran (€, (-1, [(x!eg, [€],624)]..))
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appPlans(i) =0 —hd,(i) = +!1g
(€, (- 1,PL...)) —noplan (& (.--i, [(hde(i), [1,0)]...))

appPlans(i) is empty if there is no plan applicable to the current intention. This

(A.16)

rule differentiates between whether the intention trigger is a goal commitment (in
which case the rule creates an applicable plans consisting of an unplanned “problem
goal” event (x!rg) (which might, for instance, be responded to by suspending the in-
tention until the agent’s beliefs have changed and some plan does become applicable).
Otherwise it generates an applicable plan with an empty deed stack. This will have
the effect of removing the top row of the intention and replacing it by nothing — i.e., it
ignores the event that had no applicable plan for handling it. The reasoning behind this
is that such events (notifications of beliefs acquired or dropped generally only require

a planning response in special cases and can normally be ignored).

A.5.3 Stage C

Stage C of the GWENDOLEN reasoning cycle consists of a list of a single rule for
modifying the current intention according to the applicable plan: [apply_plan]

Apply Plan (apply_plan)
(e,Ds,0) = 5plan(Pl)
(€, (...i...PL...)) = (€,(...(e,Ds,0) @ t1;(i)...0...))

where t1;(i) represents intention, i, with its top row removed and (e, Ds,0) @ t1;(i)

(A.17)

represents the applicable plan (e, Ds, 0) expanded and added to the top of the intention,
i in place of its top row as described in section Table summarises all the
operations on intentions such as empty etc,.

This rule selects a plan from the agent’s applicable plans as determined by the
application specific Spian (by default this is the first applicable plan found in the plan
library and, where a unifier is required, this is the first returned by checking against the
agents internal state (this lists beliefs and goals, etc., in alphabetical order)). The plan
is represented as a tuple of the trigger event, the plan’s deed stack and unifier. The top

row of the current intention is dropped and the applicable plan is “glued” in its place.
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A.5.4 StageD

Stage D of the GWENDOLEN reasoning cycle consists of a list of rules for processing

the top deed on the current intention:
[empty,add achieve goal,add perform goal,drop_goal,add belief,

drop_belief,lock_unlock,wait_for,problem_goal,action,send,
null]

Handle Empty Deed Stack (empty)
empty(i)

(€, (..i...) =empty (,(-.0...))

Table summarises all the operations on intentions such as empty etc,.

(A.18)

This rule does nothing if the current intention’s deed stack is empty (which can
occur if there is no plan for handling the intention’s trigger event). This leaves the
intention unchanged and it will be removed during the select intention phase (Stage
A).

Handle Add Achieve Goal (add_achieve_goal)
hd,(i)8") = +1,¢ B.R|=g,0,

. (A.19)
(E,(...i...B,R...)
_>add,achieve,goa1
(€,(...£1;(i)UgO,...B,R...))
~\ghd(i) —
hdd(l)e +!42¢ B,R % g (A.20)

(,(...i...B,R...))

_>add,achieve,goal
(€ (.. (+ag,e,0840); i BR...))

where B,R |= g,0, means that the formula g (which is the goal with the top unifier
from the intention applied to it) follows using Prolog-style reasoning from the agent’s
belief base when the additional unifier 6, is applied. t1;(i) Ug 0, indicates the union
of unifier 6, with the unifier on the top of the intention t1;(i). (e,d,8);,i represents
the addition of a row (e,d, 0) to the top of an intention i. Table summarises all the
operations on intentions such as empty etc,.

GWENDOLEN recognises two types of goal, achieve goals and perform goals (goal
types a and p respectively). This rule handles the commitment to an achieve goal.

An achieve goal is one that triggers a plan if it not already believed but does no more
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than set a unifier if it is. If it is to trigger a plan, then we register the commitment to
planning the goal as an event on the top of the intention stack. In this case the top row
of the intention is not dropped so the deed intending a commitment to the goal remains.
This means that if, after execution of the plan, the goal is not achieved then it will be

replanned.

Handle Add Perform Goal (add_perform_goal)
hd,(i)0R0) = +1,¢

(E,(.i..))

— add_perform_goal

(&, (oo (+!pg,€,020); (hd, (i), null,8%0); £1,(i)...))

(A.21)

where (e,d,0);,i represents the addition of a row (e,d, 8) to the top of an intention i.
Table summarises all the operations on intentions such as 8840 etc,.

Perform goals always trigger planning but are not replanned if they fail to achieve
some state of the world. This being the case we replace the top deed (the request to
commit to the goal) on the intention with null so that this is automatically processed
once the system reaches that row of the intention. We then add a new top row with the

trigger event of the new goal and a no plan yet deed.

Handle Drop Goal (drop_goal)

hd,(i)0Rd() = —!r,g Je € events(i).unify(e, +!r,g)
(E,(...i...)) —drop goa1 (&, (...t1li(dropg(e,i))...))

where unify(e;,e;) indicates that two events can be unified. dropg/(e,i) is a function

(A.22)

that recurses through an intention dropping every row after the first occurrence of e —
i.e. it prunes the intention back to the point where the event first occurred. Table
summarises all the operations on intentions such as events etc,.

This rule searches the current intention for the most earliest add goal event that
unifies with the goal to be dropped and then deletes all rows on the intention above
that. It then deletes the new top row which will be he one that contains the instruction

to commit to the goal (if an achieve goal) or null (if a perform goal).
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Handle Add Belief (add_belief)
hd,(i)0r4) = 4-b

(€, (...i,I,B...)) —add beliet
(€,(...t1;(i) Ug 84 unsuspend(/,b) Unew(+b,e,0),

BU{b},...))

where unsuspend(/,b) unsuspends all suspended intentions in / that are waiting for b

(A.23)

to become true. new(e,d,0) creates a new intention from an event, deed and unifier.
Table summarises all the operations on intentions such as o) etc,.

This rule adds new belief to the belief base and a new intention noting the appear-
ance of the new belief. At the same time it unsuspends all intentions which are waiting

for b to be achieved as part of their suspend condition.

Handle Drop Belief (drop belief)

hdy(i)6™0) = —p B! = {V'|b’ € B Aunify(b',b)}

(A.24)
<§a < e i,I,B. . >> —>drop,belief

(€,(...t1;(i) Up 874) T Unew(—b,e,0),B\B',...))

where unify(b’,b) means that b’ and b unify with each other. new(e,d,0) creates a new
intention from an event, deed and unifier. Table [A.3]summarises all the operations on
intentions such as 684() etc,,

This rule drops a belief from the belief base. At the same time it generates a new
intention containing the event that the belief has been dropped. Appropriate handling

of this event can allow the agent to form plans in reaction to it.

Handle Lock and Unlock (1ock_unlock)

hdy(i)8*4) = 1ock
<&, < .. >> —1ock.unlock <§, < cey lOCk(tli(i) Ug Ghd(i)) .. >>

(A.25)

hd,(i)6*4) = unlock
(€, (...i...)) =1lockunlock (€, (... unlock(t1;(i)UgBd(d)) ..))

(A.26)

Table summarises all the operations on intentions such as phd() e,
This allows an intention to be “locked” as the current intention, for instance to
allow a complete sequence of belief changes be processed before any other reasoning

takes place. Once finished the intention has to be unlocked.
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Handle Wait For
hd, ()04 =«...b B,RE=b,6, A2
(&, (...i...B,R...)) = uait tor '
(€,(...t1;(i)Ug (6" UBY)...B,R...)))
hd, ()04 =x...b B,RWb,0, 3/’ €. —is_suspended(i) (A.28)
(E,(...0,],B,R...)) —yait for '
(&,(...suspend(i6™®)) I BR...))
hdy(i)0™M0D =« .. b B,R}~b,0, Vi € Lis_suspended (i’
a(i) % b,6p p (i) (A29)

(€, (i, ,B...In...S)) —uait for
(&, (...null,1U{suspend(i6"?))} B,R... T))

where B, R |= b, 0, means that the formula b follows using Prolog-style reasoning from
the agent’s belief base and Prolog rule-base when the additional unifier 0, is applied.
£1;(i) U (674 UB,) indicates the union of unifier (6*4() U6),) with the unifier on the
top of the intention t1,(i). suspend(i) suspends an intention. Table summarises
all the operations on intentions such as 6*4() etc,.

If an intention is waiting for some belief, b, to become true then if that belief is
now true the intention continues processing. Otherwise the intention is suspended. If

all intentions are suspended then the agent is told to sleep at the next opportunity.

Ignore Unplanned Problem Goal (problem_goal)
<§7 < i >> _>problem,goa1 <§, < .. >>

Table summarises all the operations on intentions such as o) etc,.

(A.30)

This rule ignores an unplanned problem goal. It simply does nothing but allows the
reasoning cycle of the agent to continue processing on the assumption that planning of

the goal may become possible later.

Handle General Action (action)

ndy (10240 =a & 2% e Edo(a) =6, a1 m

(€ (i) —action (&, (... t1;(i) Ug (6240 UB,)...))

(A31)
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hdy (16240 — g &2 e £ do(a) hd,(i) = +lr,g

A.32
E (i )) —acrion (& ( (xle 8,6, 6890 U6,): 7)) (A.32)
hd ()00 =a &2 E “Edo(a) hd,(i) £ +1r8
ag.ilf
il " (A.33)

(€, (.. i...)) —action (&, (... t1;(i) UgORA() )
where &.do(aehd(i)) = 0, means that the environment successfully executes a returning
unifier 6,. t1;(i) Ug 0, indicates the union of unifier 6, with the unifier on the top of
the intention t1;(i). (e,d,8);,i represents the addition of a row (e,d, 8) to the top of an
intention i. Table summarises all the operations on intentions such as 8840 etc,.

In this rule, the agent attempts the action (unless it is a send action — 1% m). If
the action succeeds it returns a unifier and the environment updates. Otherwise, if the
trigger event at the top of the intention is a goal then this is generates a problem goal

event for handling by some plan.

Handle Send Action (send)

ag' ilf
e S g a0 =1 ol W ) =0,
(€,(ag,i,I...0ut...)) —sena .
(€, (ag, t1i(i) Up (0240 UB,), 1 U {new(+19" ¥ m.e,0)},
. Out U {198l ;)| ))
do (1€ U, ) ¢
hd,(i)0P40) = 1ag"ilf -y —E do(198l m hd, (i) = +!
a(i) =1 E.do(™ ag) (i) %8 (A35)
(€,(ag,i,I...0ut...)) —send
(&',(ag,(xltgg,e,ehd(i)Uehd(i));pi,l...Out...>)
dO(Tag/"i[fmag) il
hdy(i)0rd) =498 & .do(1%6" Y m,,) —hd,(i) = +!
a(i) =71 &-do(1 ¢) (i) 1,8 (A36)

(€,(ag,i,I...0ut...)) —sena
(& (ag,t1;iUg 0P I Out...))
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where &.do (148l m,,) is the environment executing the sending of a message, m,
from ag to ag’ with illocutionary force ilf. new(e,d,0) creates a new intention from
an event, deed and unifier (in this case the event is the sending of a message to ag’).
t1;(i) Ug O, indicates the union of unifier 6, with the unifier on the top of the intention
t1;(i). Table summarises all the operations on intentions such as 624() etc,.

This rule behaves much as the rule for handling general actions with the exception
that when a send action succeeds a new intention is generated registering the event that

a message was sent and the message itself is added to the agent’s outbox.

Handle Null (null)

hd,(i)0P40) = null
€, (i) = €, (.. t1;(i) Ug ORa() | L))
where t1;(i) Up 6, indicates the union of unifier 8, with the unifier on the top of the
intention t1,(i). Table summarises all the operations on intentions such as 6*()
etc,.

(A.37)

The null action is used as a place holder to note, when a perform goal has been
committed to, a record of the relevant trigger event in an intention stack. This rule
simply ignores the null action when it is encountered and deletes that row from the

intention.

A.5.5 Stage E

Stage E of the GWENDOLEN reasoning cycle consists of a list of a single rule for

handling perception: [perceive]

Perceive

Percepts(ag
—

) £&1 &
P = &.Percepts(ag)
OP = {b | b € B\P N\ source_of (b) = percept}
P\BUOPUE.getmessages(ag) # 0

<E", <...1,B...II’L...S>> %perceive

(&, (...
IU{new(start,+b,0) | b € P\B}U{new(start,—b,0) | b € OP},
B...InU&.getmessages(ag)...T))

getmessages(ag)

g e &

(A.38)
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Percepts(ag
e

) £&1 &
P = &.Percepts(ag)
OP = {b | b € B\P A\ source_of (b) = percept}
P\BUOPUE.getmessages(ag) = 0
(€, (...I,B...In...)) —perceive (€', (...[,B...In...))

where &.Percepts(ag) returns a set of new beliefs to the agent which are all annotated

getmessages(ag)

3 e &

(A.39)

as coming from the source percept. source_of (b) returns the source of a belief b.
E.getmessages(ag) returns a set of new messages to the agent. new(e,d,0) creates
a new intention from an event, deed and unifier. In this case the event is a special
distinguished event start which is used to indicate an intention with no trigger.

This rule adds all messages to the inbox. It also creates new intentions, each trig-
gered by the event of acquiring or losing a percept. A key part of the working of the
rule depends on AIL’s annotation of all beliefs in the belief base with a source and its
use of a special annotation for beliefs whose source is perception. If some change is
bought about either to the agent’s inbox or to its intentions then the agent’s sleep flag
is set to true (i.e., the agent will not sleep at the end of this reasoning cycle).

Note that in the EASS variant of GWENDOLEN the perception rule also updates
the belief base directly, unlike this rule which creates intentions to update the belief

base and leaves these to later reasoning cycles for execution.

A.5.6 StageF

Stage F of the GWENDOLEN reasoning cycle consists of a list of a single rule for

processing messages in the inbox: [messages]

Handle Messages (messages)

(A.40)
(€,(...1...In...)) —nessages

(€, (... IU{new(+received(ag,ilf,m),e,0) | [ mecm}...[]...))

where new(e,d,0) creates a new intention from an event, deed and unifier. In this
case the event is a belief that the agent has received message m from agent, ag with
illocutionary force, ilf. It is up to the programmer to decide how messages should
be handled, there is no default mechanism for handling messages of any particular

illocutionary force (unlike many BDI languages which give a specific semantics to
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such constructs).

This rule does not poll the environment for messages. It takes all messages cur-
rently in an agent’s inbox and converts them to intentions (triggered by a perception
that the message has been received), emptying the inbox in the process. It should be
noted that it does not store the message anywhere once the inbox is emptied. It as-
sumes that some plan will act appropriately to the message received event. If this does

not happen then the message content may be lost.
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