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Abstract

Scheduling satellite operations is crucial for meeting mission requirements and objec-
tives, but as the demand for larger constellations or more advanced onboard or ground-
based capabilities grows, traditional management practices are becoming inadequate.
To meet emerging needs, there is increasing motivation to automate systems and pro-
cesses to leverage the latest Artificial Intelligence (AI) technology; however, the nature
of space operations necessitates absolute trust in calculations and decisions. The hid-
den reasoning of Al systems makes it difficult to validate such solutions as satellite
scheduling, reducing the opportunity for highly automated and capable systems.

A new field of Al study, eXplainable Artificial Intelligence (XAI), aims at solving
this problem by providing automated systems with the ability to communicate ex-
planations to users so insight into the decision-making process is possible. Through
integrating with systems and models, XAl techniques assist with validating or correct-
ing system behaviour, which can substantiate trust and grant assurances that training
and model configuration are functioning as designed. Various approaches for XAI can
generate textual and visual-based explanations, utilising argumentation and Knowl-
edge Graph (KG) concepts to quantify explanations and ensure good interpretability
for users.

This research introduces several novel approaches to meeting XAl requirements, es-
tablishing model-agnostic benchmarks in explainability for scheduling systems through
the integration of Large Language Model (LLM)s, KGs, and Argumentation Frame-
work (AF)s. An example satellite schedule was derived using a Constraint Programming
(CP) Solver to facilitate experimentation of targeting and replanning capabilities, au-

tomated tabular data extraction from a database, and query generation and answering
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Chapter 0. Abstract

to produce explanations for scheduling decisions with all data made available for re-
production. The results from experiments were evaluated for performance in response
accuracy, comprehension, and language quality to demonstrate the current capabilities
for generating explanations without dedicated model pre-training or extensive optimi-
sation techniques. This thesis concludes with summarising the findings and proposing

future research opportunities to leverage the benchmark approaches established here.
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Chapter 1

Introduction

Do you trust Artificial Intelligence (AI)? A question that is frequently asked as the
era of Al becomes increasingly pervasive. With the expansion of technology in our
daily lives, Al is seamlessly being integrated, from autonomous vehicles [1] and medical
services [2], to personalised recommendations [3], and smart home assistance [4]. The
notion of trust in AI transcends mere technological expertise, and in the domain of
satellite scheduling, this question couldn’t be more applicable where the reliability
and efficiency of Al-driven decisions can directly impact the mission critical devices
we might no longer physically come in contact with after launch; missions that may
influence decisions impacting human life, such as natural disaster response.

In order to establish trust, you must first understand what Al is and how it makes
decisions. However, the definition of Al has been subject to much debate and con-
tention, with one current modern definition stated as:

Artificial Intelligence is the study of how to make computers do things at which, at
the moment, people are better [5].

This definition lacks technical specificity and excludes the beyond-human capabil-
ities that have been demonstrated presently. By contrast, and in proof of the multi-
faceted nature of the field of Al, an alternative modern definition divides AI into four
related but distinct categories, namely Thinking Humanly, Thinking Rationally, Acting
Humanly, and Acting Rationally, as shown in Figure 1.1 [6].

While these definitions may still be lacking in specificity, combined, they cover the
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Thinking Humanly

“The exciting new effort to make comput-
ers think ... machines with minds, in the
full and literal sense.” (Haugeland, 1985)

“[The automation of] activities that we
associate with human thinking, activities
such as decision-making, problem solv-
ing, learning . ..” (Bellman, 1978)

Thinking Rationally

“The study of mental faculties through the
use of computational models.”
(Charniak and McDermott, 1985)

“The study of the computations that make
it possible to perceive, reason, and act.”
(Winston, 1992)

Acting Humanly

“The art of creating machines that per-
form functions that require intelligence
when performed by people.” (Kurzweil,
1990)

“The study of how to make computers do
things at which, at the moment, people are

Acting Rationally

“Computational Intelligence is the study
of the design of intelligent agents.” (Poole
et al., 1998)

“Al ...is concerned with intelligent be-
havior in artifacts.” (Nilsson, 1998)

better.” (Rich and Knight, 1991)

Figure 1.1: Different categories and definitions of AT [6]

near totality of the field of AI. The mere fact that no single definition for Al as a means
of research or system development can be agreed upon speaks volumes to the depth
and breadth of capabilities of Al systems and the variety of solutions it can offer.

The recent rapid growth of Al technologies could suggest that Al as a whole is still
in the early stages of research, yet the formal concept of Al emerged in the mid-20th
century. The term AI was coined by John McCarthy [7], rooted in the groundwork
established by E. Berkley [8], A.Turing [9] and A.L. Samuel [10] in the years previous.

E. Berkley, in 1949, endeavoured to expose the revolutionary work on creating
‘mechanical brains’ to the general public, stating their importance in facilitating such
technologies as an automatic address book, an automatic library, an automatic stenog-
rapher, and an automatic recogniser [8]. These visions of future applications of auto-
mated systems may seem quaint and archaic by modern standards, but these aspirations
were what drove the creation of modern-day computers and smartphones.

For A. Turing, arguably the best-known name associated with the field of Al, his

publication, Computer Machinery and Intelligence, Turing introduced the ‘Imitation
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Game’, which was later simply referred to as the Turing Test [9]. The outline of the
test is to have a series of questions presented by an independent judge to two entities,
the identity of which is unknown to the judge. One entity will be a human, the other
will be an AT system, with the goal of the Al system to mislead the judge into believing
their responses are from a human. The test served as a benchmark for evaluating
the performance of Al systems for decades, but in recent years, it has seen reduced
relevance in research and systems evaluation [11]. Even so, no Al system is yet to score
perfectly in these tests, and the methodology presented by Turing fueled the invention
of many new ways to assess the performance of Al systems, such as accuracy, F1 score,
and error rate to name but a few [12].

Shortly after A. Turing’s publication, A.L. Samuel [13] published his work on de-
signing Machine Learning (ML), the first to introduce this term, procedures to enable a
system to learn the game of checkers. Through iterative steps, the study demonstrates
that the system is able to consistently outperform the average person in the game,
winning more than it would lose, though A.L. Samuel does state that the scale of the
experiment is limited. Regardless, the paper theorised the future capabilities of the
principles established within the study, which was later developed into what is now
known as alpha-beta pruning. A.L. Samuel’s studies were foundational for the more
recent developments in ML, allowing for the formulation of Reinforcement Learning
(RL) and paving the way for modern Al techniques and capabilities [14]

The history of Al and humans’ investigation into our solar system and space both
began in the 1950s, with our first exit from Earth’s atmosphere achieved in 1961 [15].
Naturally, it was some years later before the two fields combined, as both underwent
a significant journey of maturity and technological advancement. The first Al system
introduced for a space mission was Remote Agent Experiment (RAX) for the Deep
Space 1 mission, in 1999 [16]. This mission focused on testing the system’s capabil-
ities in flight management through tests over multiple days, where the system would
be required to complete such tasks as navigating the craft, taking images of a specific
location and responding to an unexpected component failure. The results of the exper-

iment proved RAX successful in every objective and outlined the potential for future
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autonomous systems being utilised in spacecraft and missions [17].

However, despite these initial encouraging results, wide adoption of Al systems and
solutions for spacecraft and missions has not been achieved. Further research into
applications within the space industry have explored the capabilities across satellite
and ground operations, including GPS systems [18], Low Earth Orbit (LEO) networks
[19], onboard decision making systems [20], and distributed satellite systems [21], yet
these studies highlight the limited scope for real-world implementation that is currently
present.

One of the critical factors that is influencing hesitation in broadly adopting Al
systems into space missions and operations is the lack of trust that operators and
organisational leaders have in such systems. As Al systems are not designed to explain
the reasoning used in determining a decision, being able to identify why a system
is behaving or performing in a particular way has been a challenge. Therefore, the
adoption of such systems into an environment with high cost (both financial and human-
life) is slow and cautious, with further research into how systems derive their decisions
being required to enable trust in Al solutions [22], [23], [24].

The need to better understand the inner workings of Al has driven forward a new
area of research, eXplainable Artificial Intelligence (XAI), which focuses on enabling
autonomous systems with the ability to provide clear explanations to why a decision was
made and what influenced the decision [25]. The experience of the human operators and
their ability to comprehend responses from an autonomous system, typically provided
through the utilisation of Natural Language Processing (NLP), is crucial to fulfilling
the goal that XAl principles aim to deliver [26]; and as Al systems and models become
more complex and capable in making and executing decisions, the need for transparent
and interpretable interactions becomes ever greater, with XAI aiming to enable access
into the reasoning of the system [27].

Hence, XAI studies and experiments are seen as critical in facilitating the broad
adoption of autonomous systems in a wide variety of industries, such as education,
transport, manufacturing, and business operations [28], [29]. Yet, the area of greatest

need for XAI are also the most sensitive and challenging, where life and livelihood is at
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stake, namely healthcare [30], finance [31], autonomous vehicles [32], and satellite oper-
ations [23], [33], [34]. The investigations into the real-world potential for autonomous
systems demonstrate keen interest in making the most of the capabilities of Al mod-
els, but developing trust in how the systems determine their decisions requires XAl to
make it possible and, therefore, must become a fundamental part of system design and
configuration.

So, do you trust AI? Lee et al. defined trust in automation as the attitude that an
agent will help achieve an individual’s goals in a situation characterized by uncertainty
and vulnerability [35], however, while Kohn et al. agree with the definition they also
affirm that trust is often earned over time and not something that is granted immedi-
ately and freely, so it is relatable that the same would apply to non-human entities as
well [36]. Given the relatively sudden emergence of new and highly capable AI systems,
it seems only natural not to trust the system, as not enough time and evidence exist
to provide assurance that the system is trustworthy. XAI opens the door and enables
dialogue with a system, which grows the evidence that a system can (or cannot) be
trusted; because, how can you trust what you do not understand? As Al and XAI
models mature over time, coupled with the growth of interactions and understanding,
trust, even if fragile, feels inevitable, which sets the foundations for the implementation

of autonomous systems into an ever-increasing number of applications.

1.1 Aims and Objectives

The aim of this thesis is to focus on the development and applications of XAI con-
cepts for Robust and Explainable Mission Planning and Scheduling (REMPS) with a
particular focus on the intricacies of satellite planning and scheduling to enhance trans-
parency and build trust through human interpretability and interactivity in using Al
implemented schedulers. This research is applicable to any kind of schedule and does
not focus on the robustness of the scheduling, meaning the schedules capacity to react
and handle unplanned changes, but on the XAI aspects of an automated system, with

the goal of enabling decision insight and developing trust in system-made decisions.
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To achieve this, the lead research question is: How can XAI be utilised to enhance
human trust, interpretability, and interactivity in autonomous satellite planning and
scheduling systems?

This question is broken into three component parts to best address the issues raised:

o Q1: What is required to establish trust in autonomous decision-making scheduling

systems?
e Q2: What techniques exist to facilitate XAl interactions with human operators?

e Q3: Can XAI deliver insight into decisions made by an autonomous scheduling

system?

This thesis aims to answer the above questions by delivering on these five objectives:

» Establish a formulation of a simplified Earth Observation (EO) satellite schedul-
ing problem by analysing the constraints of benchmark schedules and satellite
scheduling concepts, covering both ground-based and onboard scheduling scenar-

ios.

e Develop innovative theoretical and computational frameworks, combining mathe-
matical modeling with simulation algorithms , that leverage state-of-the-art XAI

techniques for evaluating and interpreting benchmark and satellite schedules.

e Formulate a novel computational approach to compare and explain the rationale

behind scheduling decisions through in-depth conflict analysis.

e Create an original dataset of question-and-answer templates tailored to bench-
mark and the derived satellite schedules, enabling a system to respond to operator

natural language queries with contextually relevant and explainable information.

« Propose a novel interactive methodology focused on explainability for both bench-
mark and derived satellite schedules to provide interpretable insight for scheduling

decisions.
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1.2 Research Contributions

This thesis is comprised of recent publications through journals and conference pro-

ceedings:

1. 2021, ‘Towards explainability of on-board satellite scheduling for end user interac-
tions’, Paper presented at 72nd International Astronautical Congress (IAC) [37].
This paper introduces the application of Constraint Programming (CP) tech-
niques applied to satellite scheduling. It is the foundation for this research where
XATI techniques will be applied. It also introduces Singular Comparative Anal-
ysis (SCA) and argumentation, where computational approaches are taken to
detect the differences between schedules. The details of this paper are discussed

in Chapters 3 and 5.

2. 2022, ‘On-board re-planning of an earth observation satellite for mazximisation
of observation campaign goals’, Paper presented at 73rd IAC [38]. This paper
discusses the recovery procedures when an action stochastically fails, leading to
recalculating the next opportunities for the failed actions while considering con-
straints and rescheduling opportunities. The details of this paper are introduced

and discussed in Chapter 3.3.2 and applied in Chapter 6.

3. 2023, ‘Abstract argumentation for explainable satellite scheduling’, Paper pre-
sented at 2022 IEEE 9th International Conference on Data Science and Advanced
Analytics (DSAA) [Peer-reviewed] [39]. Talks about the application of Abstract
Argumentation (AA) concepts with satellite scheduling, using two techniques
Single Exchange Property (SEP) and Pairwise Exchange Property (PEP), where
visual representations are produced in developing XAI concepts. This paper is

used in two chapters, Chapters 5 and 6.

4. 2023, ‘Natural language processing for explainable satellite scheduling’, Paper
presented at SPACEOPS [40]. Introduces the application of Large Language
Model (LLM)s with SEP of AA for satellite scheduling and is discussed in Chapter
6.
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5. 2023, ‘Question answering over knowledge graphs for explainable satellite schedul-
ing’, Paper presented at 74th TAC [41]. This paper expands on the use case of
Knowledge Graph (KG)s with satellite scheduling but also investigates applying
LLM within an automated system to retrieve queries from end users, create code
and provide answers to the end user (operator). This paper received the best
interactive presentation award for the Applications and Operators category at

TAC. It is discussed in Chapters 4 and 7.

6. 2024, ‘Explaining Al Decisions in Autonomous Satellite Scheduling via Compu-
tational Argumentation’, Paper presented at SPAICE [Peer-reviewed] [42]. This
paper introduces the concept of applying Tripolar Argumentation Framework
(TAF) to a satellite schedule via a technique influenced by a decision-making al-
gorithm briefly discussed in Chapter 3, where conflicts between influencing factors

are assessed. This is explained in Chapter 5.3.3

7. 2025, ‘Question answering over knowledge graphs for explainable satellite schedul-
ing’, an extended [Peer-reviewed] journal paper published in the Journal of Aerospace
Information Systems in the American Institute of Aeronautics and Astronautics
society [43]. This paper contains a very detailed analysis of exploring KGs with
LLMs that is also used in chapters 4 and 7.

8. 2025, ‘Generating Textual Explanations for Scheduling Systems Leveraging the
Reasoning Capabilities of Large Language Models’, Paper published in the [Peer-
reviewed| Journal of Intelligent Information Systems: Integrating Artificial Intel-
ligence and Database Technologies [44], chosen due to the field-agnostic nature
of this study. This paper delves into investigating the capabilities of two differ-
ent LLMs in and assessing benchmark schedules in tabular form, and answering

queries accordingly. This is discussed in Chapter 8.
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Figure 1.2: A representation of the flow of this thesis.

1.3 Research Funding

This study was half-funded by ESA under the OSIP Co-Sponsored PhD activity: “Ro-
bust and Explainable Mission Planning and Scheduling (REMPS)”
No. 4000132894 /20/NL/MH /hm; and half funded by the Strathclyde Center for Doc-

toral Training in Explainable AI for industrial decision support.

1.4 Thesis Structure

The layout of this Thesis is shown in Figure 1.2, with an overview describing each

chapter, which, including this chapter, is as follows:

o Chapter 1 introduces the purpose of this thesis, outlining the research questions,

objectives and published contributions by the author.

e Chapter 2 provides a background of all the necessary knowledge required to
achieve a baseline understanding of planning and scheduling concepts for schedul-

ing systems, including satellite scheduling systems, AI scheduling techniques,

9
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LLM applications, followed by XAI techniques and their applications.

e Chapter 3 discusses the simple EO satellite scheduling problem that is used
throughout this thesis. This chapter introduces the approach to solving the prob-
lem via a CP technique based on the defined constraints considered for the prob-
lem and a sample solution. This chapter also investigates how the system may

recover due to a stochastic failure introduced in the schedule during a mission.

e Chapter 4 introduces the application of KG with satellite scheduling, detailing
how the KG schemas for the satellite schedules may be derived and examples
of how queries may be written to retrieve data and interconnected properties

between the factors used within the scheduling problem.

e Chapter 5 introduces SCA and Argumentation concepts and how they were ap-
plied to the satellite scheduling problem via a computational approach. Initially,
SCA is assessed in Chapter 5.2, followed by the application of argumentation in
Chapter 5.3, broken into two subchapters, Chapter 5.3.2 utilising two argumenta-
tion techniques SEP and PEP. While the concept of TAF introduced in Chapter
5.3.3 is applied to a RL derived schedule to assess its capabilities in generating

data required for providing explanations, aligned with Contribution 6.

e Chapter 6 combines the concept of AA utilising SEP with LLMs to investigate
how they may be integrated into a system with queries received, followed by the
analysis of the extraction of data from the AA layer to provide answers to the

end user.

o Chapter 7 utilises LLMs with KGs for exploring the abilities of LLMs within an
automated developed system for this research to understand user queries to create
code for the extraction of data from the KG to provide relevant explanations to

the user.

o Chapter 8 talks about an in-depth analysis of the capabilities of applying two
different LLMs to scheduling, using 10 benchmark schedules for extracting tabular

data, understanding queries and providing explanations to the end user.

10
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o Lastly, Chapter 9 provides the concluding remarks of this thesis, summarising
all the findings of the research aims and objectives and proposals for future work

where this research may be enhanced and used in more complex real-time systems.

11



Chapter 2

Background

2.1 Chapter Overview

This chapter contains the foundation of the concepts required for achieving XAI for
satellite scheduling. This will entail the basic requirements for scheduling concepts and
methodologies, that can be applied to satellite scheduling. The concepts of Al and
their applications to scheduling will be addressed, as well as explainability and how it

may be applied to scheduling.

2.2 Foundations of Planning and Scheduling Systems

2.2.1 Concept of Planning

The difference in function that planning and scheduling perform can be difficult to
discern, with some studies and industries having blurred or mixed lines between each
concept [45,46]. However, in simple terms, within this thesis, planning is considered
responsible for determining What needs to be done, while scheduling determines When
the activities should be completed [47,48].

Exploring the concept of planning first, a singular definition for the practice of
planning has proven to be a challenge for researchers and business leaders over the
years [49]. In 1981, Henry Mintzberg, who is still considered a leading voice in business

management today, highlighted this very issue and asserted that a single definition

12
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needed much more investigation, and in the meantime, proposed four conceptual def-
initions for planning instead, each intended to be an improvement over the previous.

These were:

Planning as future thinking - considering the future in allocating resources, build-

ing relationships, and assessing and actioning situations

o Planning as integrated decision-making - a conscious attempt to integrate deci-

sions across different areas

e Planning as formalised procedure and articulated result - formalise procedures to

make and integrate decisions and articulate the result.

e Planning as programming - performing activities for the future on instinctual

reasoning

Mintzberg outlined the vagaries in these definitions, considering each and collec-
tively inadequate as a formal definition. The planning thought leaders joined the open
discussion, with Synder responding on the need for evaluation in planning [50], but it
was not until 1994 that Mintzberg felt satisfied with a complete definition, presenting
the following in his seminal book ‘The Rise and Fall of Strategic Planning’:

Planning is a formalised procedure to produce an articulated result in the form of
an integrated system of decisions.

By Mintzberg’s intent, this definition captures the core essence of planning as an
action and a thought process. However, in the author’s opinion, this definition lacks
functional directness and therefore finds Harold Kerzner’s description of planning much
more satisfactory and actionable [51]. Kerzner wrote plainly in the 2007 publication
‘Project Management: A Systems Approach to Planning, Scheduling, and Controlling’:

Planning is the function of selecting objectives and establishing the policies, proce-
dures, and programs mecessary for achieving them.

This succinctly captures the intent and purpose of planning more directly, aligning
better with the process required before scheduling can be completed. Considering

the separation of planning and scheduling activities, W.A. Moylan aligned with the

13
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above definition of planning, following that scheduling is the conversion of plans into

an executable timetable of activities [52].

2.2.2 Concept of Scheduling

Across many domains, scheduling systems are critical in ensuring tasks are completed
within an allotted time, efficiently utilising the limited available resources for specified
jobs by optimising one or more objectives [53]. These domains range from manufactur-
ing and production [54,55], which is the main focus of this paper, to transportation [56]
and healthcare [57], to space operations [58], each entailing a series of tasks for opti-
misation of costs and other objectives. As the number of tasks increases, so do the
constraints and resources, increasing the complexities of creating optimal and near-
optimal solutions.

Within manufacturing, scheduling problems usually consist of a set of machines
with a definite set of tasks, also known as jobs, to be executed on these machines. Each
job contains a start, processing, and end time, including times required for setting up
the job and the weight of the job with respect to others [53]. The conditions required to
schedule certain jobs may depend on the industry in which the schedule is based, with
these conditions also known as constraints. Constraints vary based on job precedence,
resource requirements, routing, and other conditions [53,59]. In solving constraint-
based schedules, all conditions must be satisfied for all tasks on every machine, equating
to a feasible solution where an objective function is sometimes defined to minimise or
maximise the function [60].

There are several approaches towards achieving an optimal solution, one of which is
a heuristic approach, derived from the Greek word heuriskein, meaning to discover and
explore; in modern language refers to a method that produces a feasible but not nec-
essarily an optimal solution within a timely manner for specific problem. The method
is frequently used to solve combinatorial problems such as the travelling salesman
problem, which involves route finding to ensure all destinations have been visited and
returned to the starting point while keeping the distance travelled to a minimum. This

approach can be achieved in several ways, such as local search, branch and bound
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search, to name a few [61,62].

Expanding on the problem specific approach in finding optimal scheduling solutions,
a meta-heuristic approach is flexible and can be applied to any problem, which is
effective for solving flexible job shop scheduling problems that are usually large-scale
manufacturing systems [63-65]. These can be solved in several different ways, including
but not limited to tabu search, neighbourhood search, simulated annealing, Greedy
Randomized Adaptive Search Procedure (GRASP), repeated random search, and Ant
Colony Optimization (ACO) [61,62,66].

For simulated annealing, this approach uses a stochastic algorithm that searches the
solution space with a stochastic hill-climbing technique [67]. A tabu search approach
uses three distinct strategies for managing the search: a forbidding strategy, which
controls what is considered in the search; a freeing strategy, which releases elements
from the search; and a short-term strategy, which manages the relationship between
the other strategies. In more advanced implementations, a learning strategy can also
be added to build iterative improvement in longer searches [68]. In neighbourhood
searching, the approach targets the nearest neighbour nodes or entities to search for
the solution [61]. With GRASP a construction algorithm is used whereby a new solution
is built one element at a time, utilising a selection rule focused on the best additions
to the solution [61]. For ACO the approach adapts the naturally observed path-finding
abilities of ants by developing a series of agents that function like ants. The agents build
solutions using probabilistic greedy algorithms, with probabilities of two components:
a greedy factor which evaluates the short-term cost of a decision, and a trail factor that
measures the quality of solutions which included that decision before [61].

In seeking optimal solutions heuristic and meta-heuristic approaches can be either
exhaustive/enumerative, to find an exact solution, or random to find a near-optimal or
approximate solution, as shown in Figure 2.1. Xhafa et al. discussed the classification
highlighting the decision required between choosing a random, inexact but efficient
approach and a costly yet definitive one [69].

When scheduling problems are solved, they are often represented in Gantt charts,

which are generally shown in the form of machines or people with scheduled jobs or
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Figure 2.1: Heuristic and Meta-heuristic optimisation search methods [69]

jobs with assigned machines or people [70]. Figure 2.2 represents two ways in which

Gantt charts may be shown for schedules.

M
M,
M,

Ji
Ty
J3
Jy

(b)

Figure 2.2: Example of Gantt chart output for completed schedule where (a) is from
the perspective of M (Machine), and (b) is from the perspective of J Job [70]

Every schedule, however, has its own specific classification upon which a schedule

is assessed and solved.

2.2.3 Overview of Scheduling Systems

The classifications of scheduling systems are divided into two categories: deterministic
and non-deterministic, based on the problem’s criteria [71].
Non-deterministic scheduling is where an optimal solution in polynomial time is not

guaranteed and is undetermined. Heuristic and meta-heuristic methods are often asso-
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ciated with this term, where a good enough solution is sought rather than a confirmed
optimal solution. The theoretical concept of non-deterministic polynomial time is also
referred to as NP [72,73].

Uncertain scheduling, a type of non-deterministic scheduling, occurs when there is
incomplete data or unexpected changes occurring within the schedule, which may result
in partial or non-quantifiable information [72]. When these unexpected changes (un-
certainties) occur due to randomisation exposed to one or more parameters in various
conditions, such as machine breakdowns, processing times, and delays in the start and
end times of jobs, this also results in stochastic scheduling [74].

Deterministic scheduling, by contrast, is defined by having no unknown or proba-
bilistic variables, even where certain variables may be dynamic [71]. While deterministic
scheduling is performed in a wide variety of methods, such as round robin schedul-
ing [75], critical path methodology [76], assembly line scheduling [77], and employee
shift scheduling [78], by far the most prevalent problem is job shop scheduling [79, 80]
(although job shop scheduling itself is not always deterministic). The key character-
istics of job shop scheduling are the utilisation of either single or multiple machines
with a set of assigned jobs to be processed and the optimisation of the performance
measures, where computational resources are not a limiting factor [81-83]. Addition-
ally, all performing operations within the system are fixed, and a specific outcome is
guaranteed [72].

One of the most influential studies into job-focused scheduling was published by
E. Taillard in 1992 [84], establishing 260 benchmark scheduling problems using heuris-
tic methods based on tabu search techniques to generate solutions. With the aim of
computing a lower-bound makespan, they derived solutions for flow-shop, job-shop and
open-shop schedules.

In 1995, Nagar et al. [82] developed a classification scheme for multiple and bi-
criteria scheduling for a deterministic approach, highlighting the shop configuration for
single and multiple machines and the applied solution methodology. They discovered
conventional techniques were not successful, and therefore meta-heuristic approaches

would need to be considered [62,82].
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Nagar et al. [82] classified job-shop scheduling as deterministic only when all param-
eters are known with certainty. In any other case the problem is considered stochastic.
The classification was later broadened by Lin et al, as seen in Figure 2.3, adding the
concepts of static (where no parameters change during the schedule) and dynamic

(where parameters can change during the schedule) scheduling problems.

Scheduling problem

Static scheduling Dynamic scheduling

II
I

Proactive scheduling Real time scheduling

Deterministic
scheduling

Stochastic
scheduling

Adaptive scheduling

Fuzzy scheduling Reactive scheduling

Robust scheduling

Figure 2.3: Schedule classification overview [85]

The classification of scheduling problems presented by Lin et al helped Amjad et al.
to classify the machine based scheduling problems, such as the variations of job shop
and flow shop, as shown in Figure 2.4.

Flow-shop scheduling is the serial arrangement of jobs with respect to machines
for production flow with the aim of satisfying the criteria by finding the sequence
of jobs [74,87,88]. Additionally, Assembly Flow-shop scheduling is an expansion of
Flow-shop scheduling into two components: jobs during manufacturing can have more
components in the machining stage, and jobs combined during the assembly stage [87].

Job-shop scheduling is more complex than flow-shop scheduling and is the assign-
ment of a set of jobs, each with its own uninterruptible operation sequence, are assigned
to specific machines for production [84,89]. They are of high complexity due to their
NP-hard combinatorial nature. In addition to this, flexible job-shop scheduling evolved
when operations sequences are fixed but may be assigned to any machine that does

not already have the job assigned, adding more challenges to solving the problem and
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Figure 2.4: Classification of machine-based schedules, including the variations of job
shop schedules [86]

resulting in alternate approaches being required. [80,90].

Open-shop scheduling, as shown in Figure 2.4, is a higher level from job-shop or
flow-shop, where the sequencing of operations for the job is not predetermined, and the
jobs must still be processed on different machines [86,91].

The evolution of these scheduling problems, shown by the Nagar et al. classification
[82] being updated by Lin et al. [85] seen in Figure 2.3, has demonstrated them to
be both deterministic and non-deterministic; based on the size and definition of the
problem, and approach (or algorithm) used to solve the problem [74,80,91].

As the complexities of these scheduling problems increase, more constraints and op-
timisation criteria will be invoked. Purasevi¢ et al. discuss the machine environment
(), constraints (f) and optimisation criteria () for different variants of scheduling

problems, collating expanded research building on Graham et al. [88] original classifi-
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cations [92]. Figure 2.5 contains the overview of classifications of scheduling problems
with respect to the machine environments, adding constraint and optimisation criteria
to the outline provided by Amjad et al. in Figure 2.4 [86]; the full, extensive detail of the
classification will not be discussed in this literature but can be reviewed in Purasevi¢
et al’s original work [92].

Depending on the availability and state of the variables, it may incur one of the two
conditions for scheduling: offline scheduling, when all parameters are known in advance
of the system operation, and online scheduling, where variables become available during
the execution of the system [92].

The principles of the foundations of planning and scheduling systems are used
throughout the derivation of satellite planning and scheduling systems. However, only
an overview will be applied as the main focus of this thesis is on explainability and not

scheduling.

2.2.4 Satellite Planning and Scheduling Systems

The general principles of planning and scheduling apply to space missions as much as
they do in any other industry, ensuring that objectives are defined, stakeholders are
identified, responsibilities are assigned, and activity requirements are outlined [93,94].
The scope of planning and scheduling processes can apply to both on-board and ground-
based teams and systems, producing a combined Sequence of Events (SoE) maximising
resource utilisation and free of conflicts [95]. While generalised planning and schedul-
ing principles are commonly applied, there are also often mission-specific processes em-
ployed for such missions as International Space Station (ISS)-based, manned missions,

space debris collection, and earth observation satellites [96-99].

2.2.4.1 Overview of Satellite Planning

Within the domain of satellite mission planning, it has been reported that it can take
up to 7 years to plan and launch a satellite; however, most are planned and launched
within 3 years [100]. Elsewhere, it has been presented that the satellite pre-execution

planning lifecycle can take up to 12 months to complete, including specific functions
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such as selecting the launch vehicle, determining payload dynamics, trajectory and
safety calculations [101].

An important distinction must be made between mission planning and satellite
planning, as these terms have been observed to be used interchangeably in research
[102]. Mission planning considers the full extent of requirements to achieve the mission,
including but not limited to launch planning, the requirement for external resources,
and human resource coordination [93]. Satellite planning is focused on the operation of
the satellite system itself to achieve the mission and its objectives, including activities
such as sensor calibration, position analysis, and power management [103].

Although for each mission, organisations may have their own definitions and plan-
ning parameters, there is a generally accepted principle approach of defining planning
requirements by timescale, namely long-, medium-, and short-term [93]. Long-term
planning establishes the primary objectives and the initial framework of requirements
necessary to achieve the objectives, usually 20 weeks (or more) ahead of the expected
execution. Medium-term planning builds on and refines the long-term plan(s), adding
relevant details and validating previous calculations or decisions, usually around 8 weeks
before execution. Short-term planning is performed about 7 days before the execution
of the plan, completing the final verification of data and requirements and making any
necessary last-minute adjustments [93,102].

The fundamentals of satellite planning naturally aligns with the individual tasks
that satellites are required to complete during a mission and operation. Therefore,
satellite planning is often referred to as satellite task planning [104]. With the growth
in popularity and capability of Al systems, this has been an area of increasing research,
initially considered with Automated Scheduling/Planning ENvironment (ASPEN), in-
troduced in 1997 [105,106].

Since then, many more research initiatives have been explored, investigating the
capabilities for specific satellite operations such as imaging, multiple-satellite systems
(MSS), and communications [107-109].

Given the symbiotic relationship between planning and scheduling, the principles

directly lead to satellite scheduling.
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2.2.4.2 Overview of Satellite Scheduling

Satellite scheduling is a complex optimisation problem that utilises planning when
allocating resources such as power, memory, and other requirements to achieve specified
objectives. These objectives can range from missions for EO [110], communications
[111] to deep space climate observation [112] missions. When comparing to Earth-
bound manufacturing scheduling, additional constraints must be accounted for, such as
visibility windows, orbital dynamics, and unpredictable environmental conditions of the
satellite. As a result, minimising the operational cost while also maximising the satellite
capabilities within these conditions is vital for the longevity of the mission [113-115].

As a critical factor for mission operations, satellite scheduling directly impacts the
efficiency and effectiveness of satellite utilisation. When performed effectively, satellite
scheduling ensures its tasks, some of which may include observation durations and
downlink opportunities, are executed at optimal times to establish continuous coverage,
maximising data acquisition, and conserving resources while also achieving mission
objectives and keeping risk conflicts to a minimum [69,110, 115].

Every task allocation for a satellite scheduling problem requires resources to operate
(including the allocation of the payload resources), and based on the mission objectives,
some tasks are prioritised over others, having an influence on the results, especially those
of emergency importance that would require a near real-time to real-time resolution
which requires a ground management, daily maintenance and control of resources [114,
116].

As the scale of satellite missions increase, so do the satellite scheduling problems,
which, therefore, require scheduling systems to aid in the development of space missions
through ground stations. One of the core challenges with communication between the
ground station and the satellite is the optimisation of traffic, which is said to be NP-
hard with the aim to minimise the total data downloaded [114].

Applications of satellites vary based on their mission objectives and payloads, some
of which are multipurpose and used to accommodate different customers’ needs [117].
Large-scale satellite missions would involve projects from large organisations such as

European Space Agency (ESA), National Aeronautics and Space Administration (NASA),
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Japan Aerospace Exploration Agency (JAXA), Canadian Space Agency (CSA), each
with their own and shared ground stations [69].

Satellite scheduling missions can include EO missions that cover a wide range of
projects and scientific missions, two of which are weather monitoring (Meteosat Second
Generation (MSG) for cloud cover forecasting [118,119]) and land observation (Land-
sat for land monitoring some of which are the detection of wildfires, biomass changes,
land change [120]) [69]. Another example is the Observatory mission, used for ex-
ploring space environments such as the Deep Space Climate Observatory (DSCOVR)
that monitors solar wind [121]. The mission objectives will determine the path of the
satellite for example, an EO satellite may be in LEO for Advanced Land Observing
Satellite (ALOS) [122], Geostationary Orbit (GEO) for Geostationary/Low-Earth Or-
biting Radar Image Acquisition System (GLORIA) [123], Medium Earth Orbit (MEO)
for weather and environmental forecasting [124], and High Earth Orbit (HEO) for GPS

operations [125] [126,127], as some examples.

2.2.4.3 Overview of Satellite Scheduling Software Approaches

There is computational complexity in solving satellite schedules, and thus, there is
a probability that these may not be solved optimally due to their NP-hard nature.
Therefore, as mentioned previously, heuristic or meta-heuristic methods may be used
more for deriving feasible optimal solutions [69)].

Utilising the Rolling-Horizon Optimization (RHO) strategy, Wu et al. [116] pro-
posed a scheduling model, priority model and scheduling algorithms for prioritising
tasks. Their scheduling model was constructed with several constraint conditions while
the priorities of tasks were focused on targets, imaging, Track, Telemetry & Con-
trol (TT&C) and data transmission. Within their task scheduling model, a satellite
scheduling problem process under the multiple constraint conditions was represented
as a cyclical process shown in Figure 2.6. Additionally, their task priority model is
based on the order of importance of the target images to be acquired through their
determined weight coefficient and calculated quantitative values. Algorithmically, the

RHO strategy involves a rolling window that determines the response of the scheduling
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system. It also includes a periodic triggering mode, with static and dynamic schedul-
ing processes, to account for fixed and emergency conditions. For the proposed task
scheduling problem, three techniques were applied, namely heuristic, Non-Dominated
Sorting Genetic Algorithm I (NSGA-II), and a Genetic Algorithm (GA). Their results

were shown to be effective with their proposed model and RHO strategy.

Task status Data downlnk
Submit ) . Instructions
requirement Tmaging task Imaging plan
Manage S Track, telemefry & control iran
reguirement Mgk Data transmission ) sl
Information Task status Task status
Data
. Develop and process data
Distribute data products deeply Process data

Figure 2.6: Satellite scheduling process [116]

ASPEN, developed for NASA, is an object-oriented software that is configurable,
reusable, and also an application framework for planning/scheduling for rapid devel-
opment of automated scheduling systems to allow for the execution of low-level ac-
tion instructions. This reusable task scheduling system allows coding for flight rules,
operable constraints, scientific experiment objectives, and other operational proce-
dures [105,128,129].

The activity database is created, and its structure represents an activity entailing
a start, an end, and a duration, allowing a hierarchical relationship between activities
and enabling activities to use the required resources. Between activities, temporal and
resource constraints are taken into account, and despite being done by other modules,
a search algorithm is implemented [105,128].

Satellite Tool Kit (STK), a 2-D and 3-D simulation software, is used for space
missions’ life cycle, including testing, manufacturing, operations, design, and other
applications. It is effective for assessing the solution to the problem, and its main
functions entail calculating the attitude of the satellite, orbit generations, and accessi-

bility windows for land-bound objects and other airborne crafts and objects, including
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physical constraints of the satellite [114,129].

Through the lens of traditional scheduling, an example of the flow shop scheduling
concept was applied in two stages using the Mixed Integer Linear Programming (MILP)
for the Multi-Satellite Observation and Data-downlink Scheduling Problem (MSODSP)
for a data downlinking and multi-satellite EO problem. This problem entailed three
objective functions to minimise the makespan, the total weighted completion time and
the success rates of all tasks while considering uncertain weather conditions. With
scheduling constraints, each satellite can only observe one target at a time within the
available window for observation, followed by data transmission and a data downlink
that can only be scheduled within the available window for transmission. Using sim-
ulated data of real LEO satellites, the designed model with up to 20 tasks spanning
across 8 days successfully solved the scheduling problem [130].

An example of applying the concepts of the flexible job-shop problem to satellite
scheduling by deriving a mathematical model, including its constraints for activity
onboard planning, was investigated by Liang et al [131]. A heuristic approach was taken
to achieve the order of precedence for real-time planning, referred to as the scheduling
process. Based on the sequential logic constraints, scheduling activities onboard due
to their resources represents a similarity to the flexible job shop problem, where the
conditions must be satisfied at any point in time concerning the limitations of machines.
Figure 2.7 shows an example of the activities with their respective resource and logic
constraints arranged with respect to time.

The search methods shown in Figure 2.1 are based on the objectives of the mission,
which may be either deterministic or non-deterministic according to the problem and
whether it needs to be resolved online or offline may require a more complex approach

to solving the problem which may include Al tools to assist.

2.3 Advanced Scheduling Techniques

Advanced scheduling techniques, including AI, have fundamentally changed how schedul-

ing is done through the introduction of empowering automated tools. Vassev et al. [132]
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Figure 2.7: Onboard activity planning with respect to scheduling [131]

explored the differences between automation and autonomy, stating that automation
is the process of software/hardware used step-by-step to replace a manual routine pro-
cess. By contrast, autonomy is emulating human procedures instead of executing a
sequential process. Laborie et al. [133] developed new algorithms to solve the chal-
lenges between resource and precedence constraints of activities versus their tempo-
ral positions for constraint-based scheduling. They analysed existing approaches used
for timetabling and interaction techniques between activities through disjunctive con-
straints by analysing each pair of activities, edge finding that may be for both discrete
and unary resources, and energetic reasoning involving the comparisons of energy re-
source requirements during a specified time interval. The new algorithms presented are
energy precedence constraints, which focus exclusively on discrete resources and can
adapt to dynamic resources during a search, and balance constraints, which consider
the reservoir resource and calculate an upper and lower bound for the reservoir level
immediately before and after each event in the precedence graph.

Constraint Handling In Prolog (CHIP), is a type of logic programming language
that utilises constraint-solving techniques in tandem with Prolog (a tool created in
1975 for logic programming to solve small combinatorial problems [134,135]) [135] was
extended for the first time for tasks without fixed durations, and resource allocations

to find an optimal solution for a 10 jobs x 10 machines problem while also ensuring
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there was no overlap of jobs. [136]. Additionally, a well-known CP solver for over
20 years, used for solving scheduling problems, is the IBM ILOG solver, a part of
the IBM ILOG CPLEX Optimisation Studio suite. Its performance is utilised across
several industries: transportation, manpower scheduling, manufacturing, and network
scheduling. It may entail piecewise-linear and step functions, with logical, sequence, re-
source no-overlap temporal, span, and alternative constraints. RL was utilised to build
on the principles of CP to achieve encouraging results when solving various benchmark
job shop scheduling problems [137]. It has also been noted to be used with satellite
communication scheduling and EO Satellite scheduling [138]. When solving scheduling
problems, the choice of search methods includes Blind Search, Stochastic Local Search,
Algorithm A* and Variations [139], Large Neighbourhood Search, Depth First Search,
and Random Seed [138].

2.3.1 AI Techniques for Satellite Planning and Scheduling

As AT solutions have advanced research has begun to determine the capability and suit-
ability for AI techniques to support space missions and operations, including satellite
planning and scheduling.

The high degree of complexity, dynamic nature and the need to derive optimal
solutions through autonomous decision-making in satellite planning and scheduling
have led to AI becoming an essential tool [132]. Currently, AI techniques have efficiently
handled uncertainties, including large search spaces and dynamic environments [140].

Four autonomy levels of execution were explored for ESA mission operations for
the autonomicity problem, real-time ground control, pre-planned mission operations
onboard, adaptive mission operations onboard, and goal-oriented mission operations
onboard. [132].

Zheng et al. presented a solution to execute onboard re-planning during poten-
tial observation and communication emergencies for a Multi-Satellites System (MSS)
through implementing a Hybrid Dynamic Mutation Genetic Algorithm (HDM-GA) and
combining it with other techniques used in unmanned aerial and underwater vehicles

that handle the insertion, deletion and modification of data [141]. The authors used a
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reference mission for Orbit Low-Frequency Antennas for Radio Astronomy consisting of
one primary (Mother Satellite (MS)) and eight secondary (Daughter Satellites (DS));
they considered three re-planning scenarios where an architecture was developed to
solve the problem. The first scenario (A) considered the space environment that could
impact the size of the fleet through physical impact from meteoroids and other objects.
In contrast, scenarios two (B) and three (C) focused on the malfunction of components
resulting in observation and communication issues. They initially generated a general
planner, followed by a decision maker that enables the MS to examine the conditions
of the DS through an emergency communication channel due to an error signal re-
ceived. During recovery, the replanner uses a Cyclical replanning and a near-real-time
planning method developed from a GA, which are utilised based on the time required
for replanning and scheduled tasks that will be executed in the future, reducing the
reliance on ground station operative intervention. An overview is shown in Figure 2.8.

Heuristic algorithms have also been applied to an Agile EO Satellites scheduling
problem based on the Temporal Conflict Network (TCN). This model detected and
resolved conflicts between tasks where overlaps and temporal constraints were identi-
fied. The heuristic algorithm also prioritised high-value tasks, thus resolving schedules
by adjusting them where necessary. The basic TCN was constructed using a Node,
representing the visible time windows, and an edge, represented as a weight, where two
would exist between nodes with an overlap of windows. This helps calculate a path
for related tasks to be completed in sequence and maximise schedule efficiency. The
study introduced an improved TCN which includes additional exclusive relationships of
the same tasks with different time windows that are more pronounced and, therefore,
include more edges that allow for longer, more efficient paths [142]. A comparative

representation is shown in Figure 2.9.

2.4 eXplainable Artificial Intelligence

As AT over the years has created remarkable results, becoming a frequently used tool for

solving complex problems through techniques such as LL.Ms, decision-making, schedul-
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Figure 2.8: Overview of an onboard decision maker and re-planner between the mother
and daughter satellite [141].

ing and image recognition. A lack of transparency often leads to trust, accountability
and interpretability concerns [143,144], leading to the emergence of XAI. XAI is de-
fined as a collection of ML techniques aimed towards enhancing models to be more
interpretable while maintaining high-performance levels for prediction accuracy. Addi-
tionally, it enables users to understand, trust and manage their interactions effectively
with increasingly Al systems. XAI incorporates insights from the psychology of expla-
nations from social sciences to improve and achieve its approach to interpretability and
user understanding [145].

Explainability, however, aims towards achieving the reasoning behind ML models,

making them understandable and transparent with a focus on uncovering the logical
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(a) Basic TCN (b) Improved TCN

Figure 2.9: A visual representation of 50 nodes representing the basic and the improved
Temporal Conflict Network (TCN) [142]

processes of why the system has arrived at a decision [146]. Explainability is often used
interchangeably with interpretability [147-149]. Despite the close relationship in their
definitions, these concepts differ. Interpretability is defined as the “ability to explain
or to present in understandable terms to a human” [144,150].

To understand explanations, it was highlighted that they must be social and require
interactive communication with users [148]. Four maxims, quality, quantity, relation,
and manner, were established to effectively exchange information for explanations re-
garding logic and conversation. Quality is necessary to ensure the explanations are
high-quality and supported by robust evidence. Quantity, however, ensures the right
amount of information is provided, striking a balance without overwhelming the users.
Additionally, the Relation is based on only relevant information regarding the current
discussion. Finally, Manner focuses on how the information is delivered versus its

content [151].
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2.4.1 A brief overview of Machine Learning

ML is achieved through algorithms that enable data and its properties to be anal-
ysed and its actions or predictions determined through statistical tools without being
programmed to do so. Therefore, computers are trained to “learn” and “think” like hu-
mans with the introduction of more data, making these algorithms dynamic [152-154].
With a broad classification into four categories, ML algorithms consist of supervised,
unsupervised, semi-supervised, and RL [152].

Supervised Learning involves the process of learning and mapping between the input
and output variables according to the sample input-output pairs where, the output is
predicted for the unseen data by applying the mapping [152,155].

Unsupervised Learning, however, is the method of receiving and analysing unla-
belled inputs without receiving target outputs or rewards. [152,156].

Meanwhile, Semi-supervised learning is considered a hybrid of both supervised and
unsupervised learning, which aims to improve the prediction results rather than only
using the data from the model [152,157].

Lastly, RL is developed where perception and action establish a connection between
an agent and its environment. Therefore, an agent’s training occurs in an interactive
environment where a reward and/or punishment is received based on whether or not

the attempts are successful [153,158].

2.4.2 Trustworthiness

The advancements in Al and ML have brought forward human trust in AT (Human-AT)
interfaces. However, one of the key factors is how much trust a human has in these
types of systems [159]. Trust is examined around how humans trust each other, known
as interpersonal trust, a bi-directional transaction between two parties [160]. Human-
AT trust, highlighted by Jacovi et al., is established when the human has developed
confidence in an Al system’s capabilities to perform to specific expectations, includ-
ing uncertain situations. When trustworthiness is attained in the model fulfilling the
contract, individuals willingly accept vulnerability to the model’s response [159, 160].

Additionally, trust in Al systems is warranted when the Al has demonstrated reliability
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and trustworthiness through its ability to uphold its responsibilities, resulting in the
human’s trust evolving. However, where the trust isn’t based on reliability, it is deemed
unwarranted. The authors later highlighted that “ Trust in the AI model based on trust
in the Al developer is an instance of interpersonal trust by proxy, and not Human-Al
trust” [160].

This statement does not highlight the importance of transparency, which is crucial
in trustworthy Al systems, by clearly providing information on how decision-making
processes operate, including their data [161]. A system is therefore considered trans-
parent if the model itself is understandable [145]. Despite the growth of these complex
systems that may lead to enhanced performance, there is often a cost of transparency.
Keeping this in mind during the development of the design principles can drive more
equitable decision-making, ensuring developers use crucial variables to generate model
predictions [162].

To build and maintain trust relies on our ability to receive and interpret an expla-
nation, which makes interpretability a crucial factor in establishing trust, especially for

systems where the internal calculations and decisions are not accessible.

2.4.3 Interpretability

ML models, when deployed in the real world, interpreting their decisions becomes a
critical component, as their role is to ensure the models are accurate and understand-
able [147]. Research has shown interpretability may not be required or possible for
some ML models; for example, Doshi-Velez et al. stated Ad servers do not require in-
terpretability [144], while Czerwinska stated certain models such as Supported Vector
Machines (SVM) or highly complex Neural Network (NN) may be uninterpretable [163].
Conversely, alternative research has called out the importance of interpretability, even
within complex models, particularly for mission-critical fields such as medicine, automa-
tion, and finance, where understanding a system’s decisions and reasoning is crucial for
enabling adoption, trust, and accountability [164-166]. Rudin champions the devel-
opment of interpretable AI models for these high-stakes areas, stating that reliance

on post-hoc methods for traditional models may prove inadequate in achieving ethical
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AT implementations and applications [167]. When working with Deep Learning (DL)
methods, Chakraborty et al. discussed the existence of a complementary relationship
between the elements of Bayesian reasoning and Deep Learning (Bayesian DL) within
a uniform probabilistic framework towards achieving interpretability for NN [168].

There are two major types of interpretability: Perceptive interpretability, which is
most relevant to this thesis, and interpretability by mathematical structures [147].

Perceptive Interpretability is the ability to provide interpretive data of ML models
through means of observing neuron activation patterns (signal interpretability); input
features highlighted related to their respective outputs (saliency) [169], and logical
explanations formulated that may indicate causality (verbal interpretability). This
approach enhances clarity by emphasising visual evidence. Saliency methods, however,
quantify the importance of input features through probabilities, heatmaps or super-
pixels. Overall, perceptive interpretability focuses on abstracting tasks, highlighting
the most relevant aspects that explain the solution [147,170].

Interpretability by mathematical structures involves mathematical models or data-
oriented approaches that analyse clustering, dependencies and perturbations. This
generated output necessitates deeper cognitive data and background knowledge for ac-
curate interpretations. It combines various methods that explain mechanisms within
deeper layers of NN algorithms. These would include testing techniques like t-Distributed
Stochastic Neighbour Embedding (t-SNE) and Singular Vector Canonical Correlation
Analysis (SVCCA), which help in achieving accurate predictions by identifying relevant
subspaces [147,170].

Taxonomies of interpretability are essential for understanding the trade-offs between
various interpretability methods. These methods vary based on the type of algorithm
and may be model-specific if there is a restriction in the application to a specified
family; otherwise, they are model-agnostic [150]. Despite this, it has also been noted
that explainability is often referred to as being model-specific, while interpretability
refers only to model-agnostic methods due to the limited consensus in the research field
[149]. Another factor to consider is the data type format (images, text, or tabular, for

example) where these methods may be used. Figure 2.10 represents an overview of the
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interpretability methods, including model-specific methods, highlighting the objectives

they were designed to fulfil and steps taken to achieve them.
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Figure 2.10: Taxonomy overview for interpretability [150]

2.4.4 Techniques and Applications

XAT has three main purposes: (i) Justification, providing the rationale behind decisions
made; (ii) Control, to sanction identification and correction of inaccuracies, and (iii)
Improvement, enabling the refinement of Al models to improve performance. May
either be done independently or combined to enhance the overall capability of an Al
system and ultimately build trust with users [171]. The conceptualisation of trust in
Al has been seen as a contract with its users, where trust is maintained, where the
system behaves as expected; otherwise, it is lost [172]. Therefore, XAI techniques
can be instrumental in verifying Al performance and ensuring that satellite scheduling
systems operate within expected parameters.

XAI contains a wide range of techniques targeted towards achieving more inter-

pretable and transparent Al systems to users, building trust, especially in high-stakes
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domains [144,173,174]. While some techniques have matured and are widely used in

various domains, others are innovatively evolving to enhance model interpretability.

Each XAI technique is categorised to represent different aspects of explainability.

1. Model-Agnostic Techniques - These techniques for interpretability are model-free

and independent of the internal structure of the model. They may also be local

(to explain specific decisions or instances within a specified range of data [175]) or

global explainers (a rational overview for the entire dataset [175]) and are used to

interpret Artificial Neural Network (ANN)s [148]. They are used for a post-hoc

approach and may be applied to any trained model as it is not related to any

architecture [145,176]. Some of these techniques are shown in Table 2.1:

Table 2.1: Examples of Model-Agnostic XAI Techniques

Technique

Description

Example Use Case

Local Interpretable Model-

agnostic Explanations (LIME)

SHapley Additive
tions (SHAP)

exPlana-

Counterfactual Explanations
(or Contrastive Explanation)

Partial Dependence Plots
(PDPs)
Accumulated Local Effects

(ALE)

Individual Conditional Expec-
tation (ICE)

Feature Importance

Sensitivity Analysis

Anchors

Provides predictions of any classifier by learning an interpretable
model around the prediction locally [145,177)

Based on Shapley values (present in game theory) and calculates con-
tributions of every feature for a specific prediction [179]

show how modifications in input features impact the output, estab-
lishing the decision boundaries [181]

Depict the relationship between features and produced outcome, with-
out altering any other features [183]

Aim to build and improve on PDPs by incorporating the effects be-
tween the features as well, providing more holistic results [185]

Depict how changes to features affect the individual responses [187]
Assesses the model-wide impact of each feature by measuring their
respective contribution

Focuses on the uncertainty in a model and how sensitive the model is
to variances, which can be applied both globally and locally [189]

Build on the LIME technique, aimed at providing greater precision
and contextual awareness in explanations [191]

Patient diagnosis [178]
Financial Credit Scoring
[180]

Fraud Detection [182]

House pricing [184]

Customer purchase pat-
terns [186]

Quality assessment [187)

Housing  data

sis [188]

analy-

Genetic Testing [190]

Image Labelling [191]

2. Model-Specific Techniques are designed to be used with specific ML models, and

are also referred to as intrinsic methods [148]. This means the technique is imple-

mented within or as part of the model during the training process [176]. Example

techniques are shown in Table 2.2.

3. Rule-Based and Symbolic Techniques leverage logic-based systems, symbolic rea-
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Table 2.2: Examples of Model-Specific XAI Techniques

Technique

Description

Example Use Case

Saliency Maps

Gradient-weighted Class Acti-

vation Mapping (Grad-CAM)

Layer-wise Relevance Propa-

gation (LRP)

Deep Learning Important Fea-

Tures (DeepLIFT)

Decision Tree Explanations

Random Forest Feature Im-

portance

Used in computer vision, extract the input features of interest and
visualise them in a model’s predictions [192]

Creates heatmaps on feature importance and is commonly used to
interpret Convolution Neural Networks (CNN)-based models, as they
enable insight into which input areas are most influential in predic-
tions [193]

Applies to structured NNs to understand classification decisions that
redistribute the models’ output back into the NN through purposely
designed local propagation rules [194]

Interpretable technique proposed by [197] that explains the predic-
tions of Deep Neural Networks

Used for decision tree models to aid interpretability [199)]

Non-linear classification and regression technique which is centred on
constructing groups of decision trees [201,202]

Computer vision [192]

Medical
[193]

Data Analysis

Multi-dimensional ~ data

analysis [195,196]
Medical Modelling Assess-
ment [198]

Medical diagnosis models
[200]

Cybersecurity protection
[203]

soning, and decision trees to provide explanations interpretable by humans, driven
by knowledge or data [204-206]. These techniques are flexible and can be adapted
to integrate with many varieties of models and provide global and local explana-

tions [207,208], with some examples shown in Table 2.3.

Table 2.3: Examples of Rule-Based and Symbolic XAI Techniques

Technique Description Example Use Case

Decision Rule Extractions

Neuro-Symbolic Reasoning

Fuzzy Rule-Based Explana-

tions

Captures decision points within a system to help provide insight into
the influencing factors to a particular decision [209]

ToT device analysis [210]

Builds on Neuro-Symbolic Computing to utilise neural networks to
reveal logic from within the model [211,212]

Next-generation networks
[213]

Unmanned aerial vehicles
[214]

Multi-valued approach to logic statements from linguistic variables
[214]

4.

Contrastive Explanations focus on answering the question ‘why P instead of )7’
and can be supplemented with a counterfactual approach, which considers the
outcome of taking an alternative decision by analysing data inputs and the resul-

tant output [215]. Table 2.4 highlights some examples.

Visualisation Techniques can be a means of visualising system data, as well as pro-
viding explanations for visual outputs [219]. A varied approach can be taken to
graphically represent data or image-based explanations, with the benefit of mak-

ing explanations independent of language and highly interpretable [220]. Some
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Table 2.4: Examples of Contrastive Explanation XAI Techniques

Technique Description Example Use Case
Contrastive Explanations Compares outcomes to derive the reasoning behind selecting one over Investigation of Explain-
another [216] able AI Planning (XAIP)
[217]

Counterfactual Explanations Explore the decisions not made a system to build justification for the Medical prediction and di-
selected outcome [216] agnosis models [218]

examples of these techniques are shown in Table 2.5.

Table 2.5: Examples of Visualisation XAI Techniques

Technique Description Example Use Case

t-SNE Adapts the Stochastic Neighbour Embedding (SNE) technique to Medical imagery [222]
utilise simpler gradients and a Student-t distribution instead of a
Gaussian to calculate similarities [221]

Uniform Manifold Approxima- Similar to t-SNE, used to capture low-dimensional information from Customer data analysis
tion and Projection (UMAP)  raw datasets without following linearity assumptions [219, 223] [224]

Model Debugging Tools Applies different techniques to create visual explanations, including, Medical diagnosis [226]
but not limited to, sample generation and weight comparison, feature
contribution assessment, and global average pooling (GAP) [225]

6. Argumentation-Based Techniques, sometimes referred to as computational argu-
mentation, is built on the principle of supporting or attacking conditions that
influence decisions and outcomes [227]. By identifying and quantifying these
conditions, explanations can be formed from the insights gained [228]. Example

approaches are shown in Table 2.6.

Table 2.6: Examples of Argumentation-Based XAI Techniques

Technique Description Example Use Case

Argumentation Frameworks Analyses the influencing factors of a decision or outcome, often assign- Medical support models
ing weights and quantitative values to determine the relative strength  [231]
of a decision [229,230]

Dialogical Explanations Allows for an interactive approach for users to have conversational Understanding recom-
explanations provided [232,233] mender systems [233]

7. Natural Language Explanations techniques aim to create human-like written or
graphical explanations, which can be conversational and easily understandable
to users at all levels of expertise. There is a broad range of versatile approaches
that can be utilised in almost all areas of Al application and research, building

on decision tree, rule-based, salient mask, feature importance, and probing tech-
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niques [234,235]. The use of Natural Language Explanations has been applied
directly to LLMs to help develop trust and transparency, with applications across
many industries and interests, including robotics, fake news detection, and time

series forecasting [234,236,237].

8. Knowledge Graph-Based Techniques create relational connected node graphs of
datasets to facilitate explanations, which can be used for both visual and textual
explanations. Data and information can be gathered from multiple sources to
build large, interconnected graphs to support models in explaining the influencing
factors to decisions and outcomes [238,239]. These techniques have been explored
for their capability of enhancing performance for business process analysis, drug

repurposing, and recommender systems [240-242].

2.5 Overview of Large Language Models

AT systems have become more prevalent for businesses and personal users alike, none
more so than the field of NLP, where LLMs have rapidly become one of the most
well-known capabilities of Al. High-profile systems, such as ChatGPT from OpenAl or
Large Language Model Meta Al (LLaMA) from Meta, have become household names
in recent years, with thousands of research papers exploring the systems’ capabilities
for real-world applications.

Fundamentally, NLP was first explored during the birth of Al systems themselves,
with the creation of the Enigma machine and it’s later decrypting counterpart, Colossus;
although it was not until 1957 that NLP as we might know it today was established,
when Noam Chomsky developed syntactic structures. The next major breakthrough
occurred in the 1980s, with research up until this point focusing on such utility as
machine translation and object or token-based sentence structuring, as the increased
utility and capability of ML paved the way for more advanced and effective research
on NLP techniques [243,244].

The critical outcome from the breakthrough in the 1980s was the development of

Language Models (LMs), which aim to predict word and phrase structure based on an
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unannotated history [245-247]. As the understanding of LMs and system performance
advanced, the use of neural network technologies and deep learning techniques led
to increasingly large datasets and training regimes [248], building on the capabilities
enabled through the development of Long Short-Term Memory (LSTM) [249].

All the research on NLP over the last few decades culminated in two breakthrough
developments from Google, the first being Google Neural Machine Translation (GNMT),
which built on the capability of LSTM and utilised Recurrent Neural Network (RNN)s
with 8 layers to foster gradient flow, with training datasets containing many millions of
sentence pairs [250,251]. The second was the creation of the Transformer model, which
was the first language model that solely utilised the concept of attention mechanisms
within the system to generate even more performant results [252].

The advent of the Transformer model was the catalyst for the most recent major
revolution in NLP, as the introduction of Generative Pre-trained Transformer (GPT)
by OpenAl in 2018 paved the way for what is now known as LLMs, which are trained
on and have access to huge amounts of words and phrases, and are able to respond to
vastly varied natural language tasks and queries. [253]. The introduction of different
LLMs in the last 6 years is succinctly summarised in Figure 2.11, noting that GPT-1
was the first, initially introduced in 2018 [254]. As of August 2025, there are more
than 10 actively available and high-performing LLMs, many of which have undergone
multiple iterations, with ChatGPT and GPT-4 arguably being the most well-known
and utilised [255].

To assess the effectiveness of LLMs, several evaluation metrics have been estab-
lished, as shown in Table 2.7, centred around core principle measures of accuracy, pre-
cision, and recall, with many specific metrics derived into three categories of Multiple-
Classification, Token-Similarity, and Question-Answering [256]. Within the Multiple-
classification category, Accuracy measures the percentage of true responses from a
system as a direct indication of the model’s capability [257]; Precision measures the pro-
portion of relevant components within the returned response [258]; and Recall measures
the percentage of positive predictions made, based on all available positive examples

within the dataset [259].
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Figure 2.11: Growth of LLMSs in recent years [254]

The measures of precision and recall are also combined to give an F1 score, which
provides a balanced representation of response quality [256]. F1 scores, and the pre-
cision and recall components, can be further classified into two separate sub-metrics
of Micro-F1 (assigning equal weight to every instance) and Macro-F1 (assigning equal
weight to each class) [256]. The precision and recall measures are then combined to

generate the F1 score using Equation 2.1 [260]:

P xR
F1=2
P+ R

(2.1)

The result is scored between 0 and 1, where 0 is considered completely unrelated
and useless as a response, and 1 is perfectly aligned with reference material and, as a
result, human-like.

For Token-Similarity metrics, which are focused on assessing performance at the
token level, build on the combinatorial metrics of precision, recall, and F1 by adding
the criteria of n-grams. An n-gram is a reorganisation of token sequences to assess the
co-occurrences of tokens [256]. Several variations of the approach have been introduced,
namely BLEU, ROUGE, and METEOR. BLEU advances on the metric of precision and

excludes the measure of recall, returning high scores even for partial results. ROUGE
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Table 2.7: Most popular LLM evaluation metrics by summary category

[256].
Metric Purpose
Multiple-Classification

Accuracy Measures the number and percentage of correct responses or predic-

tions
Recall Measures a model’s ability to return phrases from example datasets
Precision Measures a model’s ability to return relevant individual components
F1-Score Combines Recall and Precision to provide an overall language quality

score
Micro-F1 Combines Recall and Precision with equal weight for each instance
Macro-F1 Combines Recall and Precision with equal weight for each class

Token-Similarity

Perplexity Measures the appearance probability of a reference sequence

Bilingual Evaluation Under-
study (BLEU)

Expands on Precision to measure generated tokens from reference
material

Recall-Oriented Under-
study for Gisting Evaluation

Applies n-gram at the F1 level for determine alignment with reference
material

(ROUGE)
Metric for Evaluation of Derived from ROUGE, aiming to remove the negative impact of syn-
Translation with  Explicit onyms and word variants

Ordering (METEOR)

Bidirectional Encoder Repre-
sentations from Transformers

(BERT)score

Combines Recall and Precision with pre-trained BERT embeddings
to score against reference material

Cosine similarity

Measures the similarity between responses and/or reference material

Question-Answering

Strict Accuracy

Measures the proportion of entirely correct predictions

Lenient Accuracy

Measures the top 5 responses for correct predictions

Mean Reciprocal Rank

Measures the average of both optimal and suboptimal correct predic-
tions

applies n-gram at the F1 level and therefore includes the recall component, favouring

more complete responses. METEOR is derived from ROUGE, aiming to remove the

negative impact of synonyms and word variants on the performance measure [256,257].

Additionally, within the Token-Similarity category is BERTscore, which also builds

on the measures of precision, recall, and F1, but instead of utilising n-grams draws on

pre-trained BERT embeddings. The embeddings are initially loaded, and a fixed-length

vector is found between each token of LLM returned texts and the reference material.

A similarity measure is performed based on a combined sequence of vectors to calculate

the BERT F1 score [256,257].
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Cosine similarity is also used to determine the amount of similarity between state-
ments Xg and X4, measuring the dot product of two texts, represented as vectors,

divided by the product of their magnitudes, as shown in Equation 2.2 [261]:

g _ Xg-Xa
(@4 ™ [ Xa| XAl

(2.2)

The cosine similarity scores will range between -1 (no similarity whatsoever) to 1
(completely identical) [261].

The Question-Answering metrics are derivatives of accuracy, defined as Strict Ac-
curacy, Lenient Accuracy, and Mean Reciprocal Rank [256]; however, in many cases of
research, the assessment of accuracy is measured and presented as a singular specific
metric [257]. These metrics are all scored from 0 (worst) to 1 (best), except for Lenient
Accuracy (which should be less than 5) [256].

Although the aforementioned metrics cover a broad spectrum of aspirational qual-
ities of an LLM, the use of human-centric metrics, such as Likert scales, is prevalent
in the domain-specific fields, such as healthcare and legal services [262-264]. More-
over, the evident need for human expert evaluation and validation of LLM responses
led to the investigation of how this could be provided as a framework to enable more
consistent and less performance-impactful results [265].

By aggregating massive amounts of data and parameters (in the hundreds of bil-
lions) an LLM is able to facilitate more sophisticated tasks, consistently outperforming
smaller-scale Language Model (LM)s [266]. The models are enabled by the Trans-
former architecture [252] and deep neural networks comprising multi-faceted attention
layers. Two alternative Transformer scaling laws have been presented by two of the
leading institutes in LLM development; KM scaling by OpenAl, [267], and Chinchilla
scaling by Google [268]. Each law presented the relational performance and scalability
in association with model size, dataset size, and amount of training compute. While
both laws conclude an increase in performance as the allocated resources increase, KM
scaling favours an increase in model size over increasing the dataset size, whereas the
Chinchilla law asserts that the two sizes should be increased by equal scales [266].

Recent research has highlighted emergent abilities of LLMs, which separate them
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from smaller models where these abilities are not observed, identifying capabilities with
in-context learning, instruction following, and step-by-step reasoning [266,269]. In-
context learning is the ability for the LLM to gain additional insight from the provided
prompt query, which has been sub-categorised into zero-shot, one-shot, and few-shot
learning (or prompting), dependent on the number of demonstrations given at that time
[270]. Instruction following or tuning, also called fine-tuning or Finetuned Language
Net (FLAN), is achieved by providing additional tuning datasets to the LLM that aim
to enhance zero-shot performance [271]. Step-by-step reasoning, such as the Chain-of-
Thought (CoT) approach, adds additional thought process steps, such as breaking down
the steps in math problem solving, to natural language queries as a form of prompt
optimisation to facilitate more accurate responses from the LLM [272].

Consequently, LLMs are seen as generalised problem solvers, while also exhibiting
the capability to handle specialised tasks as well (through such techniques as CoT) [266].
Additionally, LLM are being further enhanced through the integration with calcula-
tors [273] and internet search engines [274] to overcome challenges with advanced cal-
culations or for accessing unknown information. However, due to the extensive amount
of pre-training data involved, there remain concerns that accidental or inevitable low-
quality training data will result in biased or harmful responses, which is currently being
mitigated by implementing human feedback within the learning loop [275].

The broad and generalized capabilities of LLMs have drawn a lot of interest from
both the commercial, civil, and academic communities with extensive research being
conducted in the medicine, education, agriculture, finance, engineering, entertainment,
legal, and marketing industries [254,276-291]. The discussed research findings and
purported performance of LLMs provide credible reason to investigate the ability for
such models to support the advancement of scheduling systems and provide human

language explanations for scheduling decisions.

2.5.1 Large Language Models with scheduling

With the wide utility of LLMs has shown, exploring how this could be applied to the

advancement of scheduling techniques in various domains has been researched.
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A comprehensive survey was conducted, assessing over 100 research papers on the
capabilities of LLMs for the use in and advancement of Automated Planning and
Scheduling (APS). The results of the survey found that the most common purpose
for the research was plan generation, which 53 (42%) papers investigated, with more
complex concepts of multi-agent planning or heuristics optimisation only featuring in 4
and 8 studies, respectively. The authors concluded that in order to realise the potential
of LLMs for APS, more targeted research into training plans and datasets, integration
with specialist language and concepts, and establishing suitable performance metrics
to facilitate enhancements and innovation [292].

The use of LLMs for manually operated, non-automated scheduling systems has
also been investigated for such functions as conference [293], construction [294], and
systems task scheduling [295]. In every case, the research underlined the potential that
LLMs represented through greater or comparable performance to existing methodolo-
gies, while acknowledging the results were modest and further research is required to
build on the initial results.

The Job Shop Scheduling Problem, as mentioned previously, was applied to a pur-
posefully pre-trained and fine-tuned LLM in one study to compare results to other
neural approaches. The results demonstrated that the performance was consistent with
other techniques; however, they highlighted the current limitations with the require-
ment for dedicated pre-training and the lack of interpretability that the experiment

offered [296].

2.6 Background Conclusion

The background considered the difference between planning and scheduling, outlining
that, in general terms, planning is focused on what activities need to be completed
and scheduling will determine when the activities will be performed. The purpose of
scheduling was found to be calculating the optimal solution to the required activities,
based on the available resources and timescales; however, if an optimal solution cannot

be derived, the best feasible solution can be selected. Schedules can be solved through
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such techniques as tabu search, simulated annealing, or GRASP.

Schedules were found to be either deterministic, containing no variable constraints
or resources, or non-deterministic, which contain variable conditions. One of the most
prevalent scheduling problem examples is the job shop scheduling problem, which is
characterised by the definition of machine environment, job constraints, and the opti-
misation criteria. The flexibility and broad use case of scheduling problems principles
were found to generally fit with applications in satellite scheduling requirements.

Satellite planning and scheduling were examined, where planning will outline the
overall mission requirements, while scheduling will focus on managing available re-
sources to maximise mission objectives. Different approaches have been investigated to
develop a satellite scheduling model, including RHO and ASPEN, with both heuristic
and meta-heuristic also being explored for MSODSP and an onboard real-time schedul-
ing which applied the concept of flexible job shop.

More advanced scheduling techniques were examined for their capability, with CP
solver, RL, and stochastic local search solutions discovered to show promise for en-
abling more complex scheduling in future applications. These advances were seen to be
important in meeting the growing demand for capable automated solutions to satellite
scheduling, as bespoke algorithms like HDM-GA for a MSS are gaining interest for
real-world implementation.

The rapidly growing field of LLMs, from the roots of NLP, have increased in popu-
larity and capability, with industry-leading models of ChatGPT and LLaMA containing
billions of words and phrases. The measuring of effectiveness of LLMs has been widely
explored, adopting assessments of accuracy (also referred to as correctness), precision
(selecting the right words), and recall (putting the words in the right order). Pre-
cision and recall can also be combined to give an overall language quality measure
known as F1, which is the basis for many automated language assessment models, such
as BertScore, ROUGE, and BLEU. However, in many cases, human experts are also
included in performance assessments of LLMs to provide adequate insight to domain-
specific areas, such as medicine. Developing even more accurate and reasoned responses

from LLMs has also been considered through such approaches as CoT prompting or
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dedicated pre-training.

The overall performance of these models has established them as generalised problem-
solving and question answering, and they are being investigated for solutions within
conference schedules, construction projects, and IT system scheduling. However, trust
and transparency of automated systems have been highlighted as a barrier to adoption,
which has led to the field of XAI to facilitate understanding in how and why AI make
decisions and choose outcomes. Explainability and interpretability were discovered to
sometimes be used interchangeably; however, these are distinct terms; explainability
is the extent to which an explanation can be provided, while interpretability is the
extent to which a response can be understood. Both of these concepts are required
for effective XAl, along with system transparency, which is the measure of information
made available on decision-making and reasoning. Many differing techniques of XAI
can be implemented to generate explanations, with some specialised for visual-based
explanations and others designed to examine decision trees.

Upon completion of this background, while there is research investigating the use
of Al systems for satellite missions, operations and scheduling, no existing research (at
the time of writing) was found to be examining the use of XAI within these systems.
This gap allows for novel study into the potential capabilities, challenges and benefits
of developing XAI for satellite scheduling models. For this research, a combination
of example-driven, local, and post-hoc techniques in natural language explanations
(achieved through the integration of an LLM), argumentation frameworks, and knowl-
edge graphs was applied in novel methodologies to examine the performance in accu-
racy, comprehension, and quality of language. The aim is to provide explanations for

a satellite scheduling problem that can assist in building trust with human operators.
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Satellite Scheduling Problem

3.1 Chapter Overview

This Chapter focuses on utilising concepts mentioned in Chapter 2 in deriving a satellite
schedule used throughout the rest of this thesis, where X AT techniques will be applied.
Therefore, it is not focused on creating a novel solution to scheduling problems nor
to test the depth of the schedule proposed in this chapter; it is aimed at creating a
baseline for an autonomous decision solution to build an explanation layer.

This chapter is separated into four sections:

e The literature review introduces the implications of constraints for mission objec-
tives and CP solving techniques applied in achieving the satellite schedule used

throughout this thesis.

e The satellite schedule problem was defined using a specified time period, which
included tasks, constraints, and an objective function to generate a simple satellite

schedule.

e Complexities were added to the definition of this baseline satellite schedule, where

specific targeted areas with additional constraints were included.

e Further analysis was then explored to assess the recovery of a schedule where

stochastic failures occurred during execution of a predefined task.
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The first two points were used to assess the potential of XAl techniques when
applied.

The schedule was created using a heuristic approach, followed by using a CP solver
to develop a more feasible solution. The satellite’s recovery was then assessed through
a scholastic failure of a task. The methodology, results, discussions and applications
were adapted from C. Powell and A. Riccardi, “Towards explainability of on-board
satellite scheduling for end-user interactions” [37] as well as C. Powell and A. Riccards,
“On-board re-planning of an earth observation satellite for maximisation of observa-
tion campaign goals” [38] published in the proceedings of International Astronautical

Congress (IAC) 2021 and 2022.

3.2 Literature Review

As explored in Sections 2.2.3 and 2.2.4.2, all methods of solving a satellite schedule
require the identification and inclusion of constraints that determine the parameters
by which a satellite must operate. For example, some constraints will restrict when
certain activities can be executed, or how often they can be executed, in support of
maximising delivery on campaign goals [297]. The mission objectives for each satellite
will determine the tasks to be executed, the resources required, the respective orbit
and the opportunities for data retrieval by ground stations in fixed locations [298-
300]. Schedules are derived by Ground Station Operators (GSO) and are uploaded
to the orbiting platform; however, manually generated mission schedules have their
limitations, as they can be labour-intensive. Satellite scheduling problems are often
aligned with industry agnostic scheduling problems, such as job shop scheduling [301,
302].

Consequently, different scheduling techniques are being investigated to assist with
scheduling, to reduce human intervention and enhance the robustness in responding to
unexpected events, with one of the leading areas of research being on CP [137,303-305].
CP has resulted in the development of CP solvers, which have shown to be capable of

producing higher quality results when compared with alternative methods in recent
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studies for EO satellites [305,306]. Replanning in the event of randomised failure has
seen studies utilise advanced genetic algorithms to meet near real-time responsiveness,
potentially suitable for both small and larger scale satellite systems [141]. The pro-
jection of research in the field of satellite operations reveals a growing demand for
automated solutions and, therefore, facilitating an XAI solution to validate system rea-
soning and develop trust is critical for assuring real-world applications in such satellite

missions as distributed constellations and space communications [307-309].

3.3 Satellite Schedule problem definition

A simple EO satellite schedule was created using 5-second intervals across 24-hour time
horizons to reflect an offline (on-ground) heuristic and job-shop scheduling approach,
followed by the implementation of a CP-SAT solver from OR-Tools [310] reflecting an
online scenario to optimise this solution and later investigate how XAI could be applied.
In creating the schedule, constraints and realistic assumptions were made around the
actions shown in Table 3.1.

Mathematical formulations were created using the constraints and assumptions with
the following constants of the memory profile shown in Table 3.2.

Across the scheduling discretised time horizon T, any possible action {ay, a,, aq4, a.} €
A is represented in a binary decision matrix X shown in (3.1) where a, represents tak-
ing an image, a, for processing an image, a4 for downlinking an image, and a. for idle

time in all actions A.

X e {0,1}7>4 (3.1)

The constraint equations were formulated as follows:

d Xia<1 Viel,..T (3.2)
a€A
7 7 D
pi = Z;me -~ Z;ija”: Viel,..,T (3.3)
Jj= Jj=
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Table 3.1: Overview of simple satellite schedule constraints

Constraints

Action Symbol
Taking of

o ap
images

Processing ay

of images

Downlinking aq

Taking an image utilises approximately 2.6 GB of memory to accommodate all
thirteen channels combined, with each requiring a size of 200 MB of Sentinel-2A’s
instrument utilizing it’s swathe width.

An image will take 5 seconds to be taken, which includes instrument setup or
movements prior to taking the image.

Images can only be taken during sunlight exposure when over land and a field of
view is greater than 100km?2.

The maximum number of images cannot exceed 80% of the satellite’s onboard
total memory.

Onboard processing rate per image is assumed to be 50 MB/s and therefore
utilises onboard memory.

For every instance of processing, due to the processing rate, it will only process
a fraction of an image.

Image processing may only take place when there is at least 1 unprocessed image
onboard and, therefore, must not process any more images than what has been
taken at any point.

During processing, the memory utilised for image taking will not be removed and
is therefore reserved to allow re-processing.

The downlink data rate used for this research is 280 MB/s (half of that used on

of images Sentinel 2).

to ground ) o

stations The process of downlinking images must not exceed the number of processed
images.
Downlinking must only occur when there is access to the ground station
During the execution of downlinking, the onboard memory of the specific image
taken and the image processed is released from memory and, therefore, will only
downlink an equivalent amount of processed data, removing twice as much mem-
ory onboard.

Idle Qe Has no constraints and only occurs when no other action can be scheduled.

Additional Constraints
Action L L
. Only one action is to be executed each time interval.
Limit
Memory M At any point in time, the overall memory must not be saturated with a saturation point

of 80% to leave the remaining 20% for instrument calibration.
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Table 3.2: Memory profile for actions

Name Symbol Description Memory
if;}s:;um Mnax  Maximum available memory onboard (80% of the available 1920 GB
b4 memory).
Image memory Iy Memory required to store an image. 2.6 GB
il;(irclzismg R, Memory utilised at every time instance during the processing 250 MB
Y of an image in the considered unit of time (5s).
zzzlr(l)ll:nkmg Dy, memory released for downlinking of processed images at every 1400 MB
Y time instance. Each occurrence equates to a fraction of an
image in the considered unit of time (5s).
m m
T = Z Xjar I Z Xjaq 1 (3.4a)
j=1 o=t "
r; < Pi Vi = 1, ..,T (34b)
! D
m
d’i = Z Xj:ad 7[ (353,)
. m
Jj=1
dz‘ <r; Vi = 1,...,T (3.5b)
m; = Ln(pi + 1) Vi=1,..T (3.6a)
mi < Momas Vi=1,..T (3.6b)

Equation (3.2) represents that only one action can be executed at any time instance

i across the time horizon T. Variables p;, r;, d;, m; were created to represent the total

number of remaining images taken in memory (3.3), processed images in memory (3.4a)
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and (3.4b), and images downlinked (3.5a) and (3.5b); and the total memory used at
any instance m; (3.6a) and (3.6b). Additionally, it is important to note that (3.5a) is
substituted in (3.4a) and (3.3) to remove the total number of images downlinked up to
the specified instance in time.

An objective function (3.7) was created using equations (3.3) - (3.5a) to generate
the schedule, with a focus on maximising the sum of the three actions at any instance
i

T T T
mazx (Z Xiay + > Xia, + Y Xi,ad> (3.7)
i=1 =1 i=1

This objective function was designed to minimise idle activity, ensuring that the
schedule prioritises any of the other actions to maximise the amount of images taken,
processed, and downlinked aligning with the primary purpose of an EO satellite.

An example of how schedules are created, Figure 3.1a, represents all the possible
execution times for the respective actions prior to the application of the constraint
equations, only considering the environmental conditions. While in Figure 3.1b is a
reflection of the Job-shop concept showing where actions a,, a,, a4, and a. do not

overlap while also emphasizing the constraints that:

e ap (shaded red) is possible with sunlight exposure (yellow) and land visibility

(green).

e a, (shaded blue) may happen anytime.
e ag (shaded orange), only occurs with the line of sight with ground stations (grey).

e a. should happen when no other action occurs, as shown in Figure 3.1a, a. wasn’t

scheduled as a, can be seen to be in execution across the time horizon.

3.3.1 Satellite Schedule Expanded Problem

The derived satellite schedule was later expanded to include predefined N areas of
interest on Earth from the mission objectives that need to be observed, processed and

downlinked to simulate real-world requirements. These areas are randomly selected
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(a) An example schedule showing the possible action exe-
cutions considering the environmental conditions.
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(b) An example schedule generated using the environmen-
tal conditions and constraints applied to each action.

Figure 3.1: A reflection on the implications constraints have on a satellite schedule

to add complications to the problem. Additionally, constraints for power and image
quantity requirements for each area of interest were also introduced.

Furthermore, the consideration of different onboard satellite architectures should be
applied to examine different memory profiles and functionality, along with the targeted
downlinking of specific images.

Each possible action is aligned with the originally derived satellite schedule, with
constraints taken from Table 3.1 that must be satisfied before it can be executed. To

reiterate, these are:

o Image-taking (a,) - can only take place when the satellite is within light range

(LR), has visibility of the target (VVT'), and has enough onboard memory (M).

o Process (a,) - can only take place when there is an unprocessed image in memory

(]}neﬂq)-

o Downlinking (ag) - occurs when access to the ground station (GS) is possible and
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there is a processed image (Anpen,) in memory.

o Idle (a.) - has no constraints and only occurs when no other action can be sched-

uled.

Each action, except idle, consumes onboard power P, which requires an execution
time; however, during idle, it allows for power to be restored. In line with this, each
mission goal (G) determines how many images are required from each area of interest,
which corresponds to the total number of downlinked images required for each area of

interest.

3.3.2 Satellite Schedule Action Recovery

Enabling satellite image recovery due to an anomaly occurring onboard relies on short-
term scheduling to reduce the compromise of the mission’s goals. Based on the random
events that occur during a scheduled execution, the amount of computing resources
would be based on the mission goals and the duration required for recovery from the
anomaly, on the condition that recovery is possible.

For example, if an incident occurs during orbit B, cancelling an action a, where the
following scheduled actions are independent of that cancelled action and can execute
for the rest of the orbit, this will allow time for recovery on board to take place.
However, if action a in orbit B at time instance ¢ is critical for the next action, the
demand for computing resources is increased until a solution is derived. If this is not
solvable within the time for the next action, based on the criticality of this action for
the mission, the system will then seek the next opportunity for that affected action
to be re-executed by the satellite and, in return, have time to compute for the next
opportunity of this activity to take place. When replanning occurs on board, the mid-
term schedule will be updated, resulting in a short-term schedule. Here, the short-term
schedule would attempt to recover from the failed action. Figure 3.2 shows a scenario
where action ¢ (highlighted yellow) failed during the execution of the mid-term schedule,
resulting in the short-term schedule generated before later recovering the same action

¢ and attempting to match the mid-term schedule by resuming to action b (highlighted
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green). This means when action c¢ is cancelled, the satellite schedules other actions

until it can reschedule the cancelled action before continuing to action b (highlighted

green).

" action a M
! action b
: action ¢

Mid Torm | ] ] [0
1

shortTorm | [ 1} —
1
1

I Action ¢ cancellation | time

Figure 3.2: Short-term schedule created to recover from the cancellation of action ¢
(yellow) during the execution of the mid-term schedule.

The cancellation of an image processing action is simulated due to the unusability
of the captured image, necessitating a retake of the original image. The satellite’s orbit
must be calculated to determine the next viable opportunity. Using this information,
the system predicts the satellite’s path to estimate when the area of interest will be
revisited, creating a short-term schedule for executing the action. This process is not
limited to a single instance but can accommodate future occurrences, progressively
building a database of opportunities for re-executing previously cancelled actions. As a
result, 20% of the system’s overall memory is temporarily reserved for recovery until the
action is completed, after which a regenerated schedule of actions utilises the remaining
80% of the memory.

The area of interest based on the satellite’s field of view, swathe, and path may not
always be fully visible. An assumption was therefore made to ensure that a minimum
of 50% coverage is attainable for the removed image to constitute a viable opportunity
to schedule the task for re-execution. Therefore, recording the date, time, and satellite
coordinates when the image was taken is crucial. Here is an example in Figure 3.3
illustrating the satellite’s position at different times. The processed instance is cancelled
at position a on day n and is traced back to the time t when the satellite was at
position b on day n — dt, capturing the initial image over the area of interest. The
corresponding coordinates are extracted and stored. The satellite’s onboard system

then calculates a predicted path starting from day n, identifying future opportunities.
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When the satellite, at position ¢ on day n + 6t, has a field of view overlapping the
area of interest by approximately 50%, the deleted image can be scheduled for retaking

while considering constraints such as sunlight and shadow conditions.

Figure 3.3: Illustration of image processing cancellation at position a on day n, showing
the corresponding field of view. A pink arrow indicates the backtracked position of the
satellite at b on day n — dt. The future predicted opportunity for image retaking is
represented by the satellite at position ¢ on the predicted day n + dt.

Due to the constraints, to process an image a,., requires the occurrence of this action
across several instances using the satellite schedule problem outlined in Chapter 3.3,
equation (3.4a). To determine how many instances (Ryum) need to be deleted from
memory if the processing at time instance i was impacted. Equation (3.8) was created
with the assumption that each processing stage contains sequential steps in analysing
an image. This enables the calculation of the memory value of each image at each

instance 7.

Ti — [T .

Im
3.4 Methodology

This section outlines the procedures taken using the information from Chapters 3.3,
3.3.1, and 3.3.2 in achieving a simple heuristic schedule, a feasible towards optimal

solution, the capturing of targetted locations, and the process of deriving a schedule
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through replanning due to a stochastic failure of the processing task.

3.4.1 Heuristic Schedule Creation

For the simple satellite schedule, its locations were consolidated and organised into a
table under the assumption that image processing occurs when the satellite is positioned
over the sea or over land in shaded conditions. It is therefore essential that image
capture occurs when the satellite is over land and not in shade, while downlinking
occurs when connections to ground stations are available.

Image capture and downlinking actions were prioritised in relation to processing,
ensuring that these actions occurred sequentially without overlapping. This approach
enabled the development of a heuristic method to calculate the memory requirements
for each action, starting from the first image capture.

Memory requirements were calculated based on the sequence of actions. If the
memory usage approached its limit, further image capture or processing actions were
halted until a downlink occurred to free up space. Conversely, if the memory level
dropped below zero, downlinking would be paused until a new image was captured
and its processing completed. Algorithm 1 illustrates the heuristic approach used to

calculate memory requirements under these constraints.

Algorithm 1 Heuristic approach for memory calculation

1: while Search through list of actions do
2:  Look for the first image to be taken
3:  if image has already been taken then

4: calculate how many images are required to be processed (using equations 3.3
and 3.4)

5: if images have been processed then

6: calculate how many downlinks can occur (using equations 3.4 and 3.5)

7 else

8: Look for the next instance for image processing

9: end if

10: else

11: Do not start the calculation until the image is taken

12:  end if

13: end while
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3.4.2 Solver Schedule Creation

The heuristic schedule was combined with environmental conditions (shade, land, and
ground station visibility) derived from the collected data for each day from STK. This
dataset was expanded to uniform time intervals, using the minimum start and maximum
end times of all daily activities as the time horizon. Boolean encoding was applied to
represent actions over time, as detailed in Chapter 3.3. The data from the heuristic
schedule was provided as a first guess despite the feasibility to the solver in deriving
the schedule to assess if the solver is capable of improving what was provided.

The objective function was formulated to maximise the number of actions completed
onboard, thereby optimising the frequency of each action. Due to computational re-
source limitations, out of over 15000 time instances for every 24 hours, the total dataset
was processed in sequential batches of 3000 time instances.

Integer variables, representing images taken and processed, were derived from their
respective Boolean variables and used to calculate memory allocation. The integer
variable for downlinking was employed solely to track the number of images downlinked
and the corresponding memory freed. An overview of the process is shown in Figure

3.4

3.4.3 Targeted Areas of Interest

Building on the schedule generated during Chapter 3.4.2, additional and modified con-
straints were added to generate a more detailed and realistic schedule, which targets
specific areas of interest for multiple observations through the taking of images based
on the defined goals of each targeted area. An external decision support system was
used to supplement the schedule with probabilistic weights for every possible action
across each time interval.

The conditions for the execution of each of the actions remained identical to the
originally derived schedule, with the exception of the additional conditional constraint
for the visibility of a specified target for image-taking. The coordinates of N tar-
gets were randomly selected for a generalised approach and then fixed throughout the

schedule generation.
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Figure 3.4: Schedule generation and solving process overview, where initial actions are
optimised through the solver and further calculated for processing data.

Power consumption was added for each action, where a, consumes 6% of available
power for each execution, a, consumes 5%, aq consumes 6%, and the remaining a.
recovers 1% of power provided the satellite is within the light range; with the schedule
starting with the satellite at 100% power.

In line with the power consumption, each action requires a fixed number of time
intervals to complete execution. a, and ag both require 10 intervals to fully execute,
while a, requires 25, with a. lasting 1 single time interval for each scheduled occurrence.
It is important to note that the execution of any action by the satellite cannot be
interrupted in any way and will always complete after the required time intervals.

Satellite mission objectives were also simulated through the addition of a required
quantity of images for each of the areas of interest set as a mission Goal (G). The
number required for each Goal was randomised between 0 and 10 for each targeted area

of interest during the schedule generation. Once an image was downlinked, following
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being taken and processed, the corresponding Goal number would reduce by 1, until
reaching 0, at which point no further images for that area of interest are required.

The calculation of memory allocation upon the completion of each of the actions was
implemented on a slot-based approach. Two sets of 30 independent memory slots were
made available for both image-taking and processing actions, where images are stored
until they can be downlinked. Once an image-taking action has been completed, a
single memory slot for taken images is consumed, allowing for the satellite to schedule a
processing action on that image, upon the completion of which leads to a single memory
slot for processing to be consumed. After a processed image has been downlinked, both
memory slots are cleared and made available for use again. If all available memory slots
are consumed, then no further image-taking or processing action can be completed until
a downlinking action is completed to make memory slots available again.

All other conditions, as presented in Chapter 3.4.2, remained the same to generate

the schedule.

3.4.4 Rescheduling from a stochastic failure

A solution was implemented for the mid-term schedule to simulate the effects of can-
celled actions being recovered in a short-term schedule. This involved introducing a
random chance of image loss during execution to account for potential issues such as
data corruption, cloud coverage, or other image quality problems. Figure 3.5 outlines
the steps for the algorithm’s recovery before generating the short-term schedule.

Fig. 3.5 details a summary of the processes of the algorithm involved with recovery
before the short-term schedule can be generated.

The key steps in the recovery process are:

1. Cancellation Identification and Memory Update - On day n, a cancelled processed
action is identified at instance ¢ for image Imy. A backwards search removes

subsequent processed instances from memory unless it was the first for that image.

e An additional search identifies and removes the corresponding image taken

previously on day n — dt, marked in red.
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Figure 3.5: Steps required to recover when the next opportunity for an image can
be retaken. Red represents changes that have negatively impacted the schedule; blue
represents already executed tasks, and green represents the steps for recovery by the
system that positively impacted the schedule, creating the short-term schedule.

2-3. The memory profile and objective function are updated, highlighting executed
actions (shown in blue) with corresponding timestamps for streamlined tracking

of future cancellations.

4. Flagging for Traceability - A flag is placed in memory to record the time and
location of the cancelled instance. This flag is carried forward to the short-term

schedule for day n, depicted with a red arrow, enabling traceability.

5. Future Search for Re-execution Opportunities - The time and coordinates for
the cancelled image Imy are extracted, and a forward search (FS) is conducted
along the satellite’s predicted path. Using a swathe value of 290 km (e.g., Sentinel-
2) [311], the search ensures the satellite will pass within 145 km of the area of

interest, covering at least 50% of the original image.

6—7. Feeding Data to the Solver - Once the next opportunity is identified, the solver

integrates this information.
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 For specific intervals Y (where a,, is possible for execution), the solver uses

an adapted objective function (3.10) to prioritise the retake task.

o For other intervals where i ¢ Y, the default objective function (3.7) applies.
Sufficient memory must be available onboard to retake the image unless the

ground station operator deems the area of interest unnecessary.

Y
max (Z me> (3.10)

€Y
Algorithm 2, based on the steps shown in Figure 3.5, generates the short-term
schedule. During the execution of future actions, any cancelled instances trigger the

algorithm to repeat, creating a closed-loop system for dynamic re-planning and recovery.

Algorithm 2 Recovery for task execution

1: while Search through the list of processed actions for the respective image. do
2:  Remove each processed action from memory, locate the original image with co-
ordinates and delete the raw image from memory.

3: end while

4: Update the memory and objective profile.

5: while Search through the calculated predicted path for coordinates. do

6:  calculate the overlap distance for every future coordinate with the coordinate of

the removed image.

7. if Coordinates overlap by at least 50% then

8: Check that they satisfy environmental constraints.

9: if Coordinates are in light and over land. then

10: Store time as an opportunity for retaking and feeding to the solver with the
updated objective.

11: else

12: Continue to search.

13: end if

14: else

15: Continue searching for predicted coordinates.

16: end if

17: end while
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3.5 Results and Discussion

3.5.1 First Guess vs Solver

To best reflect a real-world scenario in creating an EO satellite schedule, five months
of Sentinel-2A’s data (the dates of December 1, 2020, at 11:00:00.000 to May 18 2021,
at 11:00:00.000) were collected using AGI-STK [312]. This was used to identify the
orbit frequency of 14.3 orbits per day at a rate of 100 minutes, a revisit frequency of
ten days, and an altitude of 786 km. The duration of exposure and access to several

key factors were:

Satellite coordinates - both latitude and longitude on a second interval.

Penumbra start and stop times - for light and shade exposures.

Land visibility - to record all durations land is visible to the satellites’ instruments.

Ground Station access - the durations for ground stations within a line of sight

for the satellite. The considered ground stations and communications were:

XBand to EUMETSAT Maspalomas (27°45’48”N latitude, 15°38’01”W lon-
gitude)

XBand to Matera Station (40.6486°N latitude, 16.7046°E longitude)
— XBand to PrudhoeBay (70°1824”N latitude, 148°43’57”W longitude)

— XBand to Svalbard_STDN__ S22S (78.22875°N latitude, 15.39964°FE longi-
tude)

Using the coordinates and revisit frequency of ten days of Sentinel-2A in sun-
synchronous orbit, fixed time intervals for light/shade exposures, land visibility, and
communication access to ground stations were computed.

Initially, the schedule was calculated using the heuristic approach starting with Day
1 (1% of December 2020) midday with an assumed initial memory of 0 GB, which was
hinted to the solver with all the constraints to optimise the schedule. Figures 3.6a and

3.6b represent the distinction between the two schedules for the first two days with the
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respective environmental constraints. The top four rows of the Gantt chart contain
the schedule using the heuristic approach, namely, downlink, idle, process, and take of
images. Secondly, the next three rows represent penumbra/shade, land visibility and
ground station access; and last, the final four rows are represented in the same order

as the heuristic schedule but were solved using Google OR-Tools [310].
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(b) Action instance comparison between both schedules for Day 2

Figure 3.6: Action instance comparison between both schedules for Days 1-2

The variances between the heuristic and solver-based approach, shown in Table 3.3,
represent a seven-day scheduling period (1%¢ of December 2020 - 7** of December 2020),
highlighting the differences in the actions, image taking, processing and downlinking of

images, and instances where idleness occurs.
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Table 3.3: Results for Days 1-7

Days Total Img Taken | Total Img processed | Total Img Downloaded | Total Idle Instances
Heur Solver Heur Solver Heur Solver Heur Solver

1 910 691 295 656 277 622 4746 416

2 280 1299 144 1224 215 1020 15029 851

3 209 1124 113 1204 176 1167 15511 956

4 235 1195 112 1166 170 1421 15511 816

5 238 1336 129 1262 184 1234 15294 0

6 205 1114 122 1211 172 1080 15428 1063

7 228 1241 106 1164 168 1133 15588 1342
Total | 2305 8000 1021 7887 1362 7677 97107 5444

3.5.1.1 Image Acquisition

The heuristic approach across the seven days was scheduled to capture 2305 images
while the solver has a total of 8000 images, resulting in a 247% increase. Looking at
Day 1, though the solver took fewer images than the heuristic approach, this would be
due to maximising the schedule period holistically rather than maximising the image
acquisition per day, which could lead to bottlenecks in achieving the scheduling of the
other actions, processing and downlinking. Therefore, reducing the number of images
taken on this day would allow for smoother operations across the entire horizon and
ensure that memory is not depleted.

On Day 2, there was a 364% increase in images scheduled to be acquired using the
solver, resulting in 1299 images as opposed to 280 images scheduled to be taken from
the heuristic approach. Similarly to Day 5, the numbers taken were 238 for the heuristic
and 1336 for the solver. Overall, across all the remaining days, is a reflection of the
solver’s capabilities in improving the initial state of the schedule from the heuristic

level.

3.5.1.2 Image Processing

Looking into image processing for this satellite scheduling problem and comparing the
heuristic with the solver shown in Table 3.3, represents a bottleneck in maximising the
objective function, a total of 1021 images were processed out of a total of 2305 images

taken using the heuristic approach. Additionally, 7887 images were processed of the
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8000 images taken from the solver (which is 98.5% of all images taken). For the total
images taken across the seven days, resulting in a 673% improvement when compared to
the heuristic method. From observing the trends, Day 3 presents the largest difference
of the other days when comparing 113 images scheduled to be processed as opposed to
1204 from the solver, reflecting a 967% increase. The heuristic method may have either
failed to schedule sufficient processing time or not optimised the sequence of image

processing tasks.

3.5.1.3 Image Downlinking

One of the aspects of mission success is the downlinking of required data, where the
solver’s approach over a seven-day period has an increase of 464% with a value of 7677
versus the heuristic with a value of 1362. The most notable difference in scheduled
images to be downlinked is on Day 4, where the solver has 1421 images scheduled
compared to 170 for the heuristic. It can be noted that the solver maximises data
transfer opportunities, ensuring that the captured and processed images are successfully

transmitted to the ground.

3.5.1.4 Reduction in Idle Instances

A large number of idle instances is reflected in the heuristic approach, where scheduled
opportunities were underutilised. With a total of 97107 instances with heuristic and
5444 using the solver, this represents an overall 94% reduction. The most outstanding
improvement was observed on Day 5, where 0 idle instances occurred, thus further
proving the solver approach is more efficient than a heuristic method.

A visual representation of the heuristic and solver results from Days 1 and 2 is shown
in Figures 3.7 and 3.8. These graphs represent the memory being utilised (on the right)
in purple, with the number of images taken, processed and downlinked at every instance
(using the left of the graph) in colours blue, orange and green respectively. This means,
when images are taken and processed, the downlink remains stagnant while the memory
increases in line with the utilisation of these actions. Additionally, when downlinking

occurs, the memory reduces while the number of images taken and processed remains
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stationary. It can be observed that the heuristic approach attempted to capture as
many images as possible, which then plateaued throughout the rest of the schedule,
with few opportunities for processing and downlinking due to memory saturation. The
solver showed an enhancement in system efficiency across all key performance indicators

and, therefore, is considered a more global, mission-optimised strategy across all days.
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Figure 3.7: Day 1 Memory allocation comparison between the two methods. The
number of images taken, processed and downlinked is on the left with respect to the
memory utilised, shown on the right.
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Figure 3.8: Day 2 Memory allocation comparison between the two methods. The
number of images taken, processed and downlinked is on the left with respect to the
memory utilised, shown on the right.

Overall, the solver has demonstrated a strong ability to dynamically adapt to
scheduling constraints, significantly enhancing the satellite’s operational efficiency.
Compared to the heuristic approach, the solver achieved a 247% increase in total
images taken, a 673% increase in images processed, and a 464% increase in images

downloaded while successfully reducing idle instances by 94%. This led to the question
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of what would happen if one of these actions were to fail due to an anomaly occurring

on board.

3.5.2 Targeted Areas of Interest

This section discusses the results utilising an alternate approach that focuses on specific
targets of interest, with additional constraints applied to observe the variances between
the two types of schedules created. The areas of interest are pre-selected as opposed to
the previous subsection, where any land greater than 100km? is observed.

Initially, ten targets of interest were selected, with each target given a goal of n
number of images to be acquired. Each image of each target must then be processed
before being downlinked, followed by the goal number being updated. With a separate
memory slot to record the number of images taken and the processed images in memory,
these are cleared after the downlinking of the processed image has occurred.

It was required that 31 actions be created, where each of the ten targets is assigned
three actions, with the addition of an idle period where the satellite is unable to execute
any alternative action. Figure 3.9 represents a snippet covering a 14-minute window
showing the environmental conditions and the respective actions. All targets were
grouped, followed by their respective scheduled actions of taking images, processing
and downlinking. It can be observed that a. occurred quite frequently throughout the
selected time period, which is due to the specified targets limiting the frequency for
image taking to be executed. These Targets are not represented individually, as there
were instances where two or more were visible at the same time; thus, for simplicity,
one colour (yellow) was selected, representing where at least one Target is visible.
In this scenario, it can be seen that processing and downlinking occurred at various
instances during the shade, and downlinking only occurred when a ground station was
visible, as per the action constraints. Similarly, image taking only occurred when in
sunlight exposure (the gaps between shade), thus complying with the constraint from
the problem definition.

In support of Figure 3.9, Figure 3.10 represents the memory slots utilised and the

recorded power consumption for the same duration. From analysing the patterns of the
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Use Case

Ground_Station
Targets
Shade }
Downlink_image+ I { B
Process_image ’— —} == —|— _4 ]
Taking_image } }
el i I J‘ } }
00:06:00 00:08:00 00:10:00 00:12:00 00:14:00 00:16:00 00:18:00 00:20:00

Figure 3.9: Schedule snippet representing targets of interest with all actions shaded
blue, and environmental factors shaded green, yellow and orange.

memory utilisation, it was observed that when the images were taken and the memory
increased, the power gradually decreased, with a similar pattern seen with processed
images in memory. Likewise, when the memory values were reduced by means of
downlinking, this action also utilised power, and the value gradually decreased. It is
important to note the durations required for each action to complete execution, as prior
to the memory increasing by one, the action will have already started executing, thus
utilising the power before the image or process acquisition is completed, reflected in

the memory slot once finished.

3.5.3 Rescheduling

This section presents an in-depth evaluation of the scheduling behaviour when process-
ing tasks are interrupted, removed, or rescheduled due to stochastic failure using the
initial schedule created by the solver. The memory profile and database updates in
different scheduling scenarios were analysed, as well as the proposed recovery approach
for image retakes and the subsequent schedule regeneration.

A short-term schedule during the simulation was created for the mid-term sched-
ule for days n — 0t and n as shown in Figure 3.5 to allow for data comparability and
traceability. Consequently, a file summarising future opportunities for image reacqui-

sition was created, listing the corresponding dates and times for prioritisation based
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Figure 3.10: Corresponding Memory and Power plot for Figure 3.9

on the objective functions 3.10 and 3.7. These opportunities extended from at least 24
hours to several days into the future, achieving approximately 100% full coverage by
the tenth day for an Earth observation (EO) satellite in a sun-synchronous orbit, with
a 90-minute orbital period and an altitude of 786 km.

Additionally, since each instance ¢ was set to 5-second intervals according to the
satellite’s orbital path, the field of view could overlap the area of interest across multiple
instances, resulting in several opportunities being considered along the same path. A 1-
second interval was considered for improved accuracy; however, this would significantly

increase computational demand and resource requirements.

3.5.3.1 Impact of Processing Cancellation on Memory Profile and Database

To illustrate the impact of task cancellations on onboard memory and scheduling, Table
3.4 presents a comparison between two datasets for day n: the mid-term and short-
term schedules. It highlights the transition of task execution states and the subsequent
updates to memory and processed instance values. Initially, all processed actions were
scheduled for execution. However, at a randomly selected start time of 71 seconds
(outlined in a red box), a processed instance was cancelled, resulting in the removal

of the memory profile for previously successful processed actions of the same image.
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This changed their task execution states from ‘Y’ to ‘N’ (also outlined in red), which is
shown in the short-term schedule. The short-term schedule was generated with updated
values for onboard memory, processed instances in memory, total processed instances,
and the image number being processed (outlined in blue). Equation 3.8 was used as
a reference to determine the number of processed instances that needed removal, as
described in Section 3.3.2. These results were explored to represent an example of the

method and were not executed as an exhaustive testing of the methodology.

Table 3.4: A representation of the day n memory profile and the effect in the database
when a processed instance was cancelled from the mid-term schedule during execution
at 71 seconds, creating an updated list, deleting the previous instances related to the

image.

Time On-board  Images Total Processed Total Image _ Total Total

Stamp Task memory in number instances  processed lluII}bCI downlinked  downlinked Task
(s) (MB) memory of images in memory  instances being instances images Executed

processed
Mid Term Schedule

41 Process | 1581796 351.91 1992 2571.6 20234 1881.88 3154 1642.7 Y
46 Process 1582046 351.91 1992 2572.6 20235 1881.97 3154 1642.7 Y
51 Process | 1582296 | 351.91 1992 2573.6 20236 1882.06 3154 1642.7 Y
56 Process | 1582546 | 351.91 1992 2574.6 20237 1882.16 3154 1642.7 Y
61 Process | 1582796 | 351.91 1992 2575.6 20238 1882.25 3154 1642.7 Y
66 Process | 1583046 | 351.91 1992 2576.6 20239 1882.34 3154 1642.7 Y

Process | 1583296 | 351.91 1992 2577.6 20240  1882.44 3154 1642.7 Y

Short Term Schedule

41 Process | 1579108 350.91 1991 2571.6 20234 1881.88 3154 1642.7 Y
46 Process 1579358 350.91 1991 2572.6 20235 1881.9 3154 1642.7 Y
51 Process | 1579358 | 350.91 1991 2572.6 20235 1881.9 3154 1642.7 N
56 Process | 1579358 | 350.91 1991 2572.6 20235 1881.9 3154 1642.7 N
61 Process | 1579358 | 350.91 1991 2572.6 20235 1881.9 3154 1642.7 N
66 Process | 1579358 | 350.91 1991 2572.6 20235 1881.9 3154 1642.7 N

Process | 1579358 | 350.91 1991 2572.6 20235 1881.9 3154 1642.7 N

3.5.3.2 Effects of Image Removal from Mid-Term Schedule

Following the removal of the processed task, the system conducted a backwards search
to identify the image that had been deleted during processing and remove its associ-
ated memory from the onboard storage and historical records. In this instance, image
number 1883 was located at an execution timestamp of 79,441 seconds on Day n — 0t
and subsequently removed from the mid-term dataset. This modification was reflected
in the short-term schedule, as shown in Table 3.5 (outlined in red). To maintain consis-

tency in future tracking, the next executed image was relabelled, ensuring synchronisa-
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tion with the number of processed instances. As a result, the removed image memory
was cascaded throughout the previously executed schedule until the cancellation. This
forward-tracking adjustment is evident in Table 3.4, where the number of images in
memory and the total number of processed images are reduced by one compared to
the initial dataset, along with their corresponding memory values (outlined in orange).
Notably, in both Tables 3.4 and 3.5, the downlinked data profile remained unaffected.
Table 3.5: A representation of day n — 0t depicting what happens in the database when

the located scheduled image has been removed from the mid-term data, represented in
the short-term data.

Image

Time On-board  Images Total Processed Total b Total Total Task
Stamp  Task memory in number instances  processed nun.l ?r downlinked  downlinked as
- . . being . . Executed
(s) (MB) memory of images in memory instances instances images
processed

Mid Term Schedule
79436 I:l;?;(;e 1103916  265.83 1882 1585.2 18990 1766 3108 1618.8 Y
79441 Iﬁl;:e 1106604 266.83 1883 1585.2 18990 1766 3108 1618.8 Y
79446 IrTna;:e 1109292 267.83 1884 1585.2 18990 1766 3108 1618.8 Y

Short Term Schedule
79436 I;Fna;{gee 1103916  265.83 1882 1585.2 18990 1766 3108 1618.8 Y
79441 IE;; 1103916  265.83 1882 1585.2 18990 1766 3108 1618.8 N
79446 I};:(gee 1106604  266.83 1883 1585.2 18990 1766 3108 1618.8 Y

3.5.3.3 Recovery Algorithm for Image Retake Opportunities

The recovery algorithm proposes alternative retake opportunities based on coverage
feasibility to mitigate image loss. Table 3.6 presents an example of the output data,
indicating potential opportunities for image reacquisition along with their respective
coverage percentages based on the predicted satellite path and operational constraints.
The results show that the earliest opportunity to retake the image occurred on the
same day (n) that the processing failure was detected, corresponding to day 3 in this
simulated scenario. Over a 10-day period from the initial image acquisition on day 2 (n—
0t), a total of 92 potential opportunities were identified for reacquisition. Among these,

three opportunities provided coverage exceeding 99% of the area of interest. Given the
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extensive dataset, only a representative subset of these opportunities is presented for

clarity.

Table 3.6: Proposed times for image retake opportunities from the recovery algorithm.

Image retake times
day Time stamp (s) Coverage %

3 16846 50.20
) 19216 55.66
) 19251 68.65
5 19256 57.95
6 17451 65.49
6 17456 60.19
8 19821 60.92
8 19826 66.05
9 18026 69.97
9 18031 79.05
12 79436 99.54
12 79441 99.54

3.5.3.4 Regenerated Schedule from the Solver

After executing the solver with the variable objective function, the short-term schedule
was analysed to verify whether the scheduler implemented the output from the recovery
algorithm. As shown in Table 3.7, the solver successfully processed the instructions and
rescheduled the prioritised task for both suggested time intervals, with comparisons
highlighted in red boxes.

Figure 3.11 compares the mid-term and short-term schedules generated by the
solver. Prior to process cancellation, the data remained consistent across both sched-
ules. However, after cancellation, Figure 3.11a illustrates variations in the plotted
values, despite some similarities. In this figure, the blue line represents images in
memory; the yellow line denotes processed images in memory, the green line indicates
downlinked images (which reset due to continuous accumulation), and the purple line

represents total memory at any given time. Fig. 3.11b highlights the point where the
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Table 3.7: Section of regenerated schedule from the solver due to the predicted coordi-
nates from the recovery algorithm.

Time On-board  Images Total Processed Total Image Total Total
. . number R R Task
Stamp Task memory in number instances  processed bei downlinked ~ downlinked
. . . eing . . Executed
(s) (MB) memory of images in memory instances instances images
processed

Mid Term Schedule
16836 I}:;(; 1907986  369.63 2147 3688.2 22829 2123.2 3418 1780.2 N
16841 I}:?;;C 1907986  369.63 2147 3688.2 22829 2123.2 3418 1780.2 N
16846 I;rrij{; 1907986  369.63 2147 3688.2 22829 2123.2 3418 1780.2 N
16851 IE;; 1907986  369.63 2147 3688.2 22829 2123.2 3418 1780.2 N
16856 Ii‘?j;e 1907986  369.63 2147 3688.2 22829 2123.2 3418 1780.2 N

Short Term Schedule
16836 Process 1524574  422.95 2348 1583.8 22315 2075.4 3702 1928.15 Y
16841 I;a:;e 1527262  423.95 2349 1583.8 22315 2075.4 3702 1928.15 Y
16846 szf; 1520950 424.95 2350  1583.8 22315 207542 3702 1928.15 Y
16851 I;I:;:e 1532638  425.95 2351 1583.8 22315 2075.42 3702 1928.15

16856  Process 1532888  425.95 2351 1584.8 22316 2075.52 3702 1928.15

image was rescheduled for retaking on the same day, with variations in the plotted data

resulting from the earlier process cancellation.

3.6 Conclusion

This research explored CP techniques for generating offline schedules for short-term and
mid-term planning of an EO satellite in a sun-synchronous orbit. A heuristic schedule
was created as an initial input to the CP solver, which then optimised the sequence
of imaging, processing, and downlinking tasks while considering environmental and
operational constraints.

The solver was able to make effectiveness and efficiency improvements in all ar-
eas, increasing the number of images taken, processed and downlinked, in addition to
minimising the amount of idle time scheduled. This was also achieved through a more
consistent and manageable use of resources, proving that the CP solver was proficient in

producing more productive schedules, which can generate more output from a satellite
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Figure 3.11: Day 3 before and after the process task removal, and image retaken on
the same day. Purple - overall memory, Blue - Images in memory, yellow - Processed
images in memory, green - Downlinked images in memory (frequently resets to zero)

schedule.

This was then built upon to create an expanded schedule for capturing specific
areas of interest from across the globe. Targets with a randomised number of required
images were added to the schedule, along with additional constraints for satellite power
and an alternate memory management approach, used to generate a solution. The
additional constraints and requirements created a unique schedule, which demonstrated
the challenges with adding complexity to a scheduling problem. The results revealed
a high amount of idle time being scheduled when alternative actions may have been
possible, suggesting that even sophisticated solvers may require further research and
enhancement to appropriately handle highly detailed and real-world mission goals and
requirements. The schedule, however, was able to identify when the targeted areas of
interest were available and avoid overutilisation of memory to ensure satellite operations

continued without bottlenecking resources.
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Additionally, this Scheduling Problem (SP) was simulated as an existing EO mid-
term satellite schedule to evaluate a recovery algorithm’s performance. When a process-
ing task was randomly cancelled, a backwards and forward search algorithm identified
the affected images and predicted future opportunities for retaking them. The recovery
algorithm autonomously generated an updated short-term schedule, prioritising image
retakes through an adaptive objective function. Compared to the mid-term schedule,
the recovered schedule achieved the objectives while ensuring efficient and autonomous
decision-making without human intervention. This demonstrates the system’s capabil-
ity in fault or failure tolerance, reducing the risk that mission goals and objectives are
missed or under-delivered, allowing for missions to operate successfully for longer and

with greater confidence.
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Chapter 4

Explainability - Knowledge
Graphs

4.1 Chapter Overview

This chapter explores the application of KGs to the satellite scheduling problem intro-
duced in Chapter 3, assessing their suitability as an X AI technique. It details the design
and implementation of a KG, followed by an analysis of the results. This Chapter is

separated into three sections:

e The literature review discusses the applications of KGs with Al systems and their

applications for XAl techniques.

e A thorough overview of the KG schema is provided, along with how it is created

for the simple EO satellite scheduling problem.
o Followed by an evaluation of the application of the schema and how it is used.

The findings presented in this chapter are based on research published in“Question
Answering Over Knowledge Graphs for Explainable Satellite Scheduling”, by C. Powell,
and A. Riccardi, which appeared in the proceedings of the International Astronautical
Congress (IAC) 2023 [41], as well as an extended version published in the Journal of
Aerospace Information Systems of the American Institute of Aeronautics and Astro-

nautics (ATAA) in 2025 [43].
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4.2 Literature Review

Integrating KGs with Al systems has become very useful in augmenting decision-making
processes demonstrated across various industries. Their adaptability establishes seman-
tic reasoning, contextual understanding, and improved data organisation, making them
valuable when complexities in relationships are required to be modelled and interpreted.

In the medical domain, KGs are used for building awareness by structuring patients’
details to model drug interactions and assist in clinical decision-making. They allow
for automated reasoning of medical diagnosis and provide visualisation of patients’
histories, explain drug-drug interactions, and thus reduce errors in healthcare systems
[313].

In marketing focusing on travel planning for tourism businesses and travellers, KGs
have been adapted to support structuring and integrating tourism-related content and
service packages. This would enable businesses to enhance content discoverability and
improve direct booking channels by generating structured data for search engines [314].

In Additive Manufacturing (AM), KGs have been used with ML for extracting
predictive AM based insights to improve manufacturability through constructing design
rules. KGs facilitate knowledge extraction that is automated, where large-scale datasets
are analysed by ML algorithms [315].

Additionally, in electrical grid control systems, KGs support the automation grid
management through the grid day-ahead scheduling. They facilitate collecting, or-
ganising, and visualising large-scale grid data, enabling knowledge extraction, domain-
specific phrase mining, entity recognition, and equivalent mapping to enhance decision-
making and operational efficiency [316].

Though these applications display an accomplished use in KGs with domain-specific
knowledge for enhanced decision-making, their application to planning and scheduling,
particularly for satellite operations, remains under-explored. The increased demand
for satellite data and autonomous space operations has triggered the need for onboard
reasoning using the information extracted from a KG containing specific mission details

to determine mission specification suitability based on its hardware characteristics [317].
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An emerging area of research is the integration of KGs with XAI to attain effective
results in data insights. XAl aims to provide information on AI models’ decision-making
processes by generating recommendations and ensuring interpretability for human op-
erators. A survey on the use of KGs for XAl was explored, where 40 articles between
2018 and 2021 were focused on healthcare applications, with most Al methods focused
on NN, followed by NLP driven models [318].

Another research explored how KGs in applying different XAl methods, discussing
the challenge, approaches, limitations, and opportunities. The study concluded that
KGs could be utilised to make XAI more adoptable for large-scale systems, specifically
calling out the opportunity in the area of automated planning and scheduling to provide

greater context to complex terms and actions [319].

4.3 Knowledge Graph Schema

A satellite schedule is made of several interconnected components that influence the
ability of tasks to be scheduled for specified timelines. To better represent these com-
ponents, a structured data modelling framework known as a KG was explored. KGs
are generally made up of three fundamental elements: Entities, Relations, and At-
tributes, to organise the linked data systematically. For this scheduling problem, the
environments, events, objects or components are represented as Entities that make
the foundation of the KG. Relations, however, define the relations between two or
more entities, classifying their associations, while Attributes record specific data points
as values related to both Entities and Relations. These elements are interconnected
through edges, representing relationships between nodes, such as ownership, usage,
access, containment, etc. [320]

To structure the onboard data of the satellite schedule as a KG, each action is
defined as an entity that is paired with its respective attributes and relations. Five
primary entities were created to represent not only the actions but also the environment,
coordinates, and memory unit, representing the information stored in the memory at

each instance in time ¢ across the schedule horizon.
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Satellite - The primary entity, containing an ID number (traceable to time in-

stances), is connected to all the other entities through their respective relations:

— Installation - linked to the Memory Unit entity
— Schedule - linked to the Action entity

— Localisation - linked to the Environment entity, which contains its’ own

attributes start and end.

Action - Provides information on the scheduled action and the time instance of
execution 7. Which includes attributes such as the name of the action sched-
uled (image taking, processing, downlink, including idle), memory_requirement
that represents the memory used or released for the scheduled action, and the

scheduled execution time a_ timestamp.

Memory Unit - Represents the status of the hardware memory onboard at the
current moment at time step ¢; two attributes represent the memory status, one
for the maximum capacity (80%) of the overall memory and one for the current

capacity.

Environment - Responsible for the state of the environmental conditions at the
current time, and includes four attributes: status of land_ visibility, sunlight illu-

mination (Daylight), latitude and longitude coordinates.

Ground Station - Overlaps with the Environment entity through the Station Ac-
cess relation, is necessary for tracking the relative position between the satellite

and the ground station at the currently scheduled instance 7.

The Memory__Unit entity has a relationship with four additional entities designed

to model the information stored in memory from previous time instances. They are:

Image - models the images saved in memory (im__size) and encompasses several
attributes, including the number of images ready to be processed and the total

number of images captured up to time instance i.
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e Processed - models the processed images still in memory and encompasses several
attributes, namely the memory usage for each processed image (pr_size) and the

total completed at time instance 1.

e Downlinked - models the number of images scheduled to be downlinked and en-
compasses several attributes, namely the memory freed after each completed
downlink (dl_size) and the overall number of images transmitted up to time

instance 1.

o Idle - models the idle action (this is created in the schedule when no other action
can occur), it includes a single attribute representing the cumulative instances of

idle actions (total_idle) up to time instance i.

Following the definition of the KG schema, the population of the database with the

satellite schedule data containing all actions across the time horizon is required.

4.3.1 Population of the Schema

To populate the KG with the satellite schedule data, the data must be arranged in
accordance with the predefined KG schema. Each entity is assigned its respective
attributes, and relationships between entities are established accordingly. The process
was implemented using Algorithm 3 with each schedule data entry mapped to the

schema shown in Table 4.1.

Algorithm 3 Schedule data migration to KG

Identify the entity to populate

Insert data to attributes within each entity

if State conditions are required and met then
Move state values to attributes

else
Set alternate value to attribute

end if

if Relationship exists then
Create the containment relationship type with all entities or attributes within
the relationship itself

10: else

11:  Proceed to the next entity

12: end if
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Table 4.1: Table Representing the scheduled data points mapped to each KG attribute
at every time instance.

KG Attribute ID latitude longitude land_ visibility
Scheduled data, n latitude longitude land__ access

KG Attribute daylight name a_ timestamp pr_in memory
Scheduled data day access extracted action & action_ possible start_ time processed _instances in_memory
KG Attribute total processed total__sent im_ size pr_size

Scheduled data | total processed images total downlinked images im_ size pr_size

KG Attribute dl_size total idle memory__requirement im_in_memory
Scheduled data, dl_size total_idle_instances action_memory pics_in_memory

KG Attribute im_ total_taken current_ capacity start, end

Scheduled data total pics count memory_used start_time end time

Once the satellite-scheduled data has been migrated, the retrieval process depends
on the nature of the queried data. The data type and the required information extrac-

tion method determine the specific querying approach.

4.4 Results

This section presents the findings in creating the schema for the KG, the efficiency of

the data migration and the query performance.

4.4.1 Validating the schema

The populated KG was validated against the schema as defined in Chapter 4.3 to en-
sure the satellite data was accurately represented. Figure 4.1 represents a visualised
reflection of the KG schema within TypeDB studio [321]. It correctly shows the in-
terconnection between the edges of the components with their respective relations,
entities, and attributes. The entities are pink rectangles, while the relations are orange
diamonds, and the attributes are blue ovals. This means that a schema is initially re-
quired before data can be migrated. The data is categorised into groups for the schema,
where, at any point in time, there is an overlap or similarity in value, which will be
represented as a connection.

Statistical analysis was done to verify the data stored within the KG. To do this, an
entire dataset for a day (17277 time instances) were migrated from a 24 hr period (Day
3) through the execution of a migration code. A query was then executed to retrieve

all data, resulting in a total of 155493 entities, 75213301 relations and an average of

83



Chapter 4. Explainability - Knowledge Graphs

Longitude
total-idle @
¢}

WS Owns OW’\‘S Owns Owns

Owns
. Ground_ Own
Environment Station
Owns Environmen

Station Owns

Environment f
Land_Visibility) Current_
Station_Access Capacity
‘Container

Localisation O
wns
Owns 4 Owns

Satellite
2 Satelite
Owns
Satellite Satellite
Owns
Owns. Installation

Max_Capacity g
downlinked
Requiremen
Scheduled_Action guns
Owns Owns

Figure 4.1: KG schema created, displaying an overview of the satellite scheduling prob-
lem at time instance ¢ with entities as pink rectangles, relations as orange diamonds,
and the attributes as blue ovals.

149661 attributes. These include overlapped variables such as the same memory values
at different time intervals, containing overall memory, images, and processed image in
memory, as well as all downlinked related activities.

Therefore, after the schema was created, the scheduled data was migrated to the
KG followed by code executions to explore how it may be used for satellite scheduling

and how the data may be retrieved.

4.4.2 Retrieval of data from the schema

Various codes were created and executed to analyse and test key aspects of the KG of
all the components. These codes focused on including entity retrieval, complex pattern
matching and relationship traversal, enabling in-depth exploration to answer queries or
concerns on the stored information. The data retrieved from the KG may be used for,

but not limited to:

o Retrieval of actions for specific time instances ¢ and time ranges.
o Exploring the memory usage trends with respect to time 1.

o Assessing the visibility of ground stations with coordinates between specified time
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intervals.
o Assessing shared data between the interconnected properties across different times.

o Evaluating the relationships between different scheduling activities

Tables 4.2 and 4.3 represent types of queries that could be asked of the system, and
their corresponding KG based solutions. The queries and codes created were manually
done to initially assess the possibilities of whether the queries can be answered through
code.

In Table 4.2, the first query involves one of the fundamental questions around
retrieving an action for a particular time, this four line code, looks directly for the
time $at and the action $a with its attributes name ($n), and action time stamp
(a__timestamp, $at) followed by the retrieval of the name of the scheduled action. In
response, this generated the action scheduled to be processed. Note: The symbol ‘$’
represents a variable which is a requirement for the correct syntax in TypeDB.

To assess the memory profile (the second question), all actions contained within the
Contents of the Memory_unit were called with all other interconnected properties to
retrieve all data related to the queried time. The generated KG in Figure 4.2 shows
an image taken from typeDB studio, where the memory profile of the action process
overlaps with itself, where the images in memory were the same. It can be seen that
the contents only represent the memory state and the relationships within the memory
itself, where the connections are indirectly linked to the scheduled time, but the status
of the memory profile.

The third question inquires about a time range, two environmental conditions, and
its coordinates. The code, similar to that of question 2, now has a time range for
start time $st followed by a different ‘get’ statement while keeping all the relationships
defined for the schema the same. Shown in Figure 4.3 contains three images taken
from TypeDB studio; Figure 4.3a shows the full results representing the daylight and
ground station conditions to be true, while land visibility for 3 instances is False and the
other True with their coordinates at each time instance. Two zoomed images, Figures

4.3b and 4.3c contains the details showing land visibility to be False with 3 branches
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Table 4.2: Example 1 for KG code for types of queries

Number

Query

Code - Solution

1

What action was sched-
uled at time 05 : 41 : 467

What action is sched-
uled at time 01:23:21, and
what other action did
the memory profile over-
lap with?

Was the ground station
accessible and land visible
between times 20 : 48 :
46 and 20 : 49 017
Also, what were the coor-
dinates?

match

$at = 2020-12-03T05:41:46;

$a isa action, has name $n, has a_ timestamp $at;

get $n;

match

$st = 2020-12-03T01:23:21;

$a isa action, has name $n, has a__timestamp $at;

$ret isa $ret-type;

{$n contains ‘processed’; $x isa processed, has $ret;} or

{$n contains ‘image’; $x isa image, has $ret;} or

{$n contains ‘idle’; $x isa idle, has $ret;} or

{$n contains ‘downlink’; $x isa downlinked, has $ret;};
$pt($x,3mem) isa contents;

$g isa ground_ station, has access $ac, has $id;

$env isa environment, has land_ visibility $lv, has daylight
$d, has latitude $lat,

has longitude $lon; $sat isa satellite;

$mem isa memory_unit, has current_ capacity $cc, has $id,
has max_ capacity $max;

$t($a,$sat) isa schedule;

$1($mem,$sat) isa installation;

$sa($g,$env) isa station_access;

$loc($sat,$env) isa localisation, has start $st, has end $en;
get $n, $at, $ret, $pt, $ac, $lv, $d, $lat, $lon, $1, $sa, $t, $loc,
$id, $mem, $g, $cc, $st, $en;

match

$st >= 2020-12-03T20:48:46;

$st<= 2020-12-03T20:49:01;

$a isa action, has name$n, has a_ timestamp$at;

$ret isa $ret-type;

{$n contains ‘processed’; $x isa processed, has$ret;} or

{$n contains ‘image’; $x isa image, has $ret;} or

{$n contains ‘idle’; $x isa idle, has $ret;} or

{$n contains ‘downlink’; $x isa downlinked, has $ret;};
$pt($x,$mem) isa contents;

$g isa ground_ station, has access $ac, has $id;

$env isa environment, has land_ visibility $lv, has daylight
$d, has latitude $lat,

has longitude$lon;$sat isa satellite;

$mem isa memory_ unit, has current_ capacity $cc, has $id,
has max_ capacity $max;

$1($mem,$sat) isa installation;

$sa($g,$env) isa station access;

$loc($sat,$env) isa localisation, has start $st, has end $en;
get $ac,$lv,$d,$lat,$lon,$loc,$env,$st,$en, $g;
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Figure 4.2: KG displaying the overlapping of actions with respect to the memory profile
taken from typeDB studio for question 2.

pointing to the respective times 20 : 48 : 51, 20 : 48 : 56, and 20 : 49 : 01; and land
visibility as True for time 20 : 48 : 46.

Similarly shown in Table 4.3 are two further queries with their respective code ex-
amples. Question 4 inquires about the overall memory and the actions scheduled during
those times, like question 3 in Table 4.2, a range is provided in the code; however, a
new value (7valuel) is created and used for the lower range of ‘Current_Capacity’
($cc) with ‘$max’ as the upper range (as max is the 80% limit of the overall onboard
memory). Based on what the user would like to see would determine the retrieve func-
tion, therefore Option 1 provides only the actions with their respective time stamps as

requested by the question shown in Figure 4.4a, while Option 2 provides more details
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(a) KG displaying the environmental factors with the satellite’s coordinates.

Figure 4.3: KG displaying the detailed environmental factors with the satellite’s coor-
dinates for question 3. (Figures b and ¢ are on the next page)

on the interconnected properties for the solution, enabling the user to see what action

and respective time is connected to the specified memory with its value. This generated

a much larger graph, as shown in Figure 4.4b, showing two separate sets of intercon-

nected properties. It was observed that two actions were scheduled: downlinking and

processing, each occurring at 4 times ( 21:58:41, 21:58:46, 21:58:51, and 21:58:56 ) for
downlinking and (21:58:21, 21:58:26, 21:58:31, and 21:58:36) for processing.

Finally, question 5 inquires about the number of instances the downlinking has

occurred within a specified time range and what was the onboard memory $cc at those
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Table 4.3: Example 2 for KG code for types of queries

Number

Query

Code - Solution

4

Between times 21 : 58 :
21 and 21 : 59 : 00 at
what times was the mem-
ory within 79% — 80% ca-
pacity (1896 — 1920 GB)
and what were the sched-
uled actions?

How many instances of
downlinking occurred be-
tween times 20:32:00 and
20:33:50 and what was the
onboard memory?

match

$st >= 2020-12-03T21:58:21;

$st<= 2020-12-03T21:59:00;

$a isa action, has name $n, has a_ timestamp $at;

$ret isa $ret-type;

{$n contains ‘processed’; $x isa processed, has $ret;} or
{$n contains ‘image’; $x isa image, has $ret;} or

{$n contains ‘idle’; $x isa idle, has $ret;} or

{$n contains ‘downlink’; $x isa downlinked, has $ret;};
$pt($x,$mem) isa contents;

$g isa ground_ station, has access $ac, has $id;

$env isa environment, has land_ visibility $lv, has daylight
$d, has latitude $lat,

has longitude $lon; $sat isa satellite;

$mem isa memory_ unit, has current_ capacity $cc, has $id,
has max__capacity $max;

?valuel = 1896000;

$cc >= ?valuel;

$cc <= $max;

$t(%a,$sat) isa schedule;

$1($mem,$sat) isa installation;

$sa($g,$env) isa station_access;

$loc($sat,$env) isa localisation, has start $st, has end $en;
Option 1: get $at,$a, $n;

Option 2: get $at,$a, $n, $cc, $mem, $id, $sat, $t;

match

$at >= 2020-12-03T20:32:50;

$at<= 2020-12-03T20:33:50;

$a isa action, has name $n, has a_ timestamp $at;

$n == ‘downlinked’;

$g isa ground_ station, has access $ac, has $id;

$env isa environment, has land_ visibility $lv, has daylight
$d, has latitude $lat,

has longitude $lon; $sat isa satellite;

$mem isa memory_ unit, has current_ capacity $cc, has $id,
has max_ capacity $max;

$t($a,$sat) isa schedule;

$1($mem,$sat) isa installation;

$sa(8g,$env) isa station access;

$loc($sat,$env) isa localisation, has start $st, has end $en;
get $at,$a, $cc,$mem,$id,$sat,$t,$n;

times. Only ‘downlinked’ was inquired with the respective time range in this case.
Figure 4.5 provides a KG representation of downlinking occurring 3 times, represented
as branches (20 : 33 : 01, 20 : 33 : 11, and 20 : 33 : 21), showing the primary

interconnected properties.
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(b) KG representing Option 2 results for question 4.

Figure 4.4: KG showing result options for question 4. (Figure a on the previous page)

The results of the executed queries are tabulated and presented in Table 4.4 to
facilitate comparison and validation of the data and graph with the original schedule.

The overall data accurately reflects the results retrieved from the KGs generated by
the executed queries. Through careful comparison of the original data from the schedule
with the generated results, the information from each question, along with the code for
each KG, was aligned with expectations. This, therefore, means the capabilities of the
KG for the scheduling data, including constraints such as memory and environmental
relations, have been validated. The graphs visually reinforce the consistency between

tabular data, query execution, and the migrated satellite schedule data.
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4.5 Conclusion

This section explored the existing research and capabilities of KGs to determine the po-
tential use case for satellite schedules and the benefits it may bring. The study demon-
strated the capabilities of using KGs for satellite scheduling data and highlighted its
ability to show meaningful insights from complex relationships through interconnected
properties of nodes such as entities, relationships, and attributes. The example sched-
ule used proved the capacity to map, display and report at least hundreds of thousands
of data points, which would greatly benefit real-world investigations of satellite sched-
ule data and displaying the interconnection nature of different resources and mission
objectives or actions.

Through exploring the KG schema, example codes were tested and validated for
memory trends and visibility conditions, showcasing the KG’s effectiveness in struc-
turing and accessing relevant information. This would enable operators to pinpoint
particular times or data points of interest and construct adaptive maps to review nec-
essary details, as well as being able to combine this with additional KGs to compare
the results from other schedules to identify patterns of behaviour or potential issues to
investigate.

The integration of tabular data with graphical representation further confirmed the
reliability of the retrieval process, which supplements the graphical output well when
presenting a very high number of nodes or data points. This enables KGs the flexibility
to connect with external systems through different information formats and meet the

needs of operators and any systems in use.
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Chapter 5

Explainability - Comparative

Analysis and Argumentation

5.1 Chapter Overview

This chapter represents the application of SCA, the concept of single instance compara-
tive analysis introduced here, and Argumentation for XAl to simple satellite scheduling.
Two variations of satellite scheduling are explored here, one outlined in Chapter 3 and
the other described in this chapter is derived through a RL technique by [322]. This

chapter is separated into three main sections:

e Chapter 5.2 for SCA is based on the publication “Towards explainability of on-
board satellite scheduling for end-user interactions from the proceedings of the

International Astronautical Congress (IAC) 2021 [37]. It contains three sections:

— The Literature Review discusses the comparisons of data formats across
different scheduled data and how its use can be useful in contributing to

XAL

— The methodology outlines how the comparisons between data are formu-

lated.

— Lastly, the results demonstrate its use case for comparing schedule data.

e Chapter 5.3 details the use of Computational Argumentation Techniques, where
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AA is applied to the simple satellite schedule outlined in Abstract argumentation
for explainable satellite scheduling published in IEEE 9th International Confer-
ence on Data Science and Advanced Analytics (DSAA) 2022 [39] [peer-reviewed],
and “Ezplaining Al Decisions in Autonomous Satellite Scheduling via Compu-
tational Argumentation” published in the proceedings of SPAICE 2024 [42] that

investigates TAF application to the RL derived schedule [peer-reviewed].

This is made of three sections:

— The Literature Review is an expansion on Argumentation techniques where

principles were applied in this thesis.

— Exchange of properties for the Abstract Argumentation Framework (AAF),
where two concepts SEP and PEP were applied to the satellite schedule

derived in Chapter 3.3 followed by a discussion of the results.

— Following AAF previously mentioned, TAF is then used but applied to the
expanded satellite scheduling problem initially introduced in Chapter 3.3.1,

upon which results are discussed.

e Chapter 5.4 summarises the findings of the chapter, concluding what has been

learnt and any limitations or considerations identified through the experiments.

5.2 Singular Comparative Analysis

This section briefly explores the use of SCA to assess and compare the variances between
two satellite schedules based on the heuristic approach, and the schedule generated by

the solver explained in Chapter 3.

5.2.1 Literature Review

Satellite scheduling involves the allocation of limited resources considering constraints
such as communication windows, power consumption, and orbital constraints stated in
the Literature Chapter 2.2.4 and established in Chapter 3, where efficiency is crucial

in maximising task allocation. The maximisation of resource utilisation has naturally
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led to the investigation of automated capabilities, which could efficiently and rapidly
manage satellite operations without GSO supervision or interaction, as examined in
studies into satellite constellations and intelligent satellite operations [323-325].

However, the ability to prove that automated systems produce more effective and
efficient results than manual methodologies has been an area of research recently, with
investigations comparing the autonomous capabilities in generating design documenta-
tion and high school essay scoring [326,327]. These studies utilise comparative analysis,
which is the formal practice of comparing the differences in performance between two
or more approaches to a problem or area of study, used to derive explanations from
the similarities and separations observed [328].

The approach of comparative analysis has been applied to compare results to
scheduling problems in cloud computing [329, 330], energy management systems [331],
and EO satellites [332] utilising graphical. tabular and textual representations of the
comparisons to observe the results.

A single study was identified to conduct a comparative analysis for satellite schedul-
ing, assessing different RL approaches to producing schedules [332]. However, the study
did not explore the explainability capabilities of comparative analysis, instead focusing
only on the performance capabilities of the RL models, therefore highlighting a gap in
existing research scopes.

The explanation capabilities of comparative analysis aim to enable insight between
differing schedules, which can be conducted on singular time instances or across time
horizons, by exposing distinctions and the benefit or disadvantage of making different
decisions [328]. This can be investigated to aid explainability and interpretability of
an automated system, utilising the principles of eXplanation User Interface (XUI) as
explored in a recent study to help users better engage with and understand automated

systems [333].

5.2.2 Methodology

SCA, applied across different satellite schedules for a single time instance, focuses on

four main factors through mathematical expressions that examine which schedule is
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more efficient under the constraints criteria. The comparison may be between two de-
cisions at a single moment in time or an overall comparison. To compare the four factors
of total images taken, processed instances, idle time, and total downlink instances, three

equations were derived in support of generating explanations.

5.2.2.1 Comparison of the number of Images

Image acquisition for this satellite scheduling problem is key to achieving the mission
objective. The number of images captured indicates the efficiency of utilising the ob-
servation windows. Equation 5.1 provides the comparison between two schedules where

the number of images from schedule 1 (X (1) is compared with schedule 2 (X ).

- (1) - ()
YIRS SR .
i=1 i=1

The first schedule is preferred if the number of images from X exceeds X,

otherwise, Schedule 2 is favoured.

5.2.2.2 Comparison of Processed instances

Processing of images ensures data is prepared before downlinked to the ground station.
This stage is known to be the bottleneck as the downlinking is unable to proceed
without any processed images. Due to the constraints, processing may occur at any
time once there is enough onboard memory. Thus to assess and compare the differences
between the two schedules, similarly to Equation 5.1, Equation 5.2 reflects the process

in achieving the comparison.

T

T
SNoxi S x2 > (5.2)

i=1 =1
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5.2.2.3 Comparison of Idle instances

As stated previously in chapter 3, idle time is a representation of no other actions
scheduled, which leads to an underutilization of the satellite’s resources where an exe-
cutable action may be possible. Therefore, an optimised schedule would minimise idle
instances for operational efficiency. Equation 5.3 compares two schedules where the

lower value indicates a better performance.

T A T A
SN x-S x® >0 (5.3)

i=1 ae i=1 ae
Using the objective function 3.7, the fewer idle instances the better; therefore, if
Schedule 1 has less idle time, it is more feasible over the other. Likewise, if Schedule 2

has fewer idle instances than Schedule 1, this means Schedule 2 is preferred.

5.2.2.4 Comparison of Downlink Instances

Downlinking transmits data to the ground station when there is a line of sight, thus
freeing memory onboard and increasing the capacity for other actions to be scheduled.
A higher frequency of downlink events would be required to improve data throughput.

Equation 5.4 provides the comparison of the downlinking events between two schedules.

d (1) a (2)

1 2
ZXi,ad o ZXi,ad >1 (5.4)
i=1 i=1

Therefore, a schedule with a higher number of downlinks represents a better utili-
sation of the available opportunities.

By combining the four performance metrics, the quality of two schedules was as-
sessed, reflecting the instantaneous results through a visual and graphical representa-
tion aimed towards developing a user interface to enable intuitive comparison, enhanced

interpretability, and informed decision-making for scheduling optimisation.
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5.2.3 Results

Two schedules were created under identical operation constraints (Chapter 3), where
a comparative framework was developed to analyse the schedules based on their to-
tal number of images, idle instances, and downlink activities using the equations from
Chapter 5.2.2. As shown in Chapter 3, there were significant differences and improve-
ments made to the original schedule, which need to be interpreted and presented to an
end-user to inform them of which schedule is closer to an optimal solution.

A proposed solution for representing these differences is shown in Figure 5.1, where
a Gantt chart with potential operational decision support visualisation is presented
that can be automatically generated. The user would be allowed to select any point on
the schedule chart, and an immediate comparison would take place between the two
schedule options, including textual statements and data to the user summarising the
states of all actions and memory status at that selected time instance. The panel to
the right of the figure provides the selected action and time along with the memory
status, while the left panel contains the summary of schedule status (whether optimal or
only feasible), the memory changes as a result of the scheduled action (in this example
process__image), whether any instrument failure or memory saturation has occurred,

and the next possible opportunity to downlink.

man_ci- [ (N [ Schedule status - Feasible/Optimal - o
oads Tmbes pichs Action Selected: process_image Tl
e Time Selected: 20:41 Memory before: - 1838418
wan_Process_ing Constraints: Images left in memory: -683 .96 (Ml ]
Solver_ldle time < Idle time_ manual processed left in memory: - 0.54
man Du| 1464 instances (7320s) 2616 instances (13080s) ]
Solver Down-link = manual Downlink Memory after - 1838668
352 182 Images left in memory: -683.96
processed left in memory: - 0.63 STR
L
Solver_memory < Memory_manual Instrument failure? -
Ground_stet 1910020MB 1919916MB Is memory saturated? -
Lo Memory 1= Memory 2
Optm_ TR T Next opportunity to downlink = 21:19 I
oo ewes UL 0 WM W T ' Il
optm_Process_image [T DO |1 ] DN N 7 . Nmma .Ig T |
optm_Dump 1l ! | Il O n I I Il i ]

Figure 5.1: End User Interactions

The process of determining the best choice at any given point in the schedule out-

lined through this analysis of two different schedules led to the consideration of argu-
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mentation as a means of performing deeper analysis and insight into which decision

may be better or best.

5.3 Argumentation

This section explores the application of Argumentation techniques to two variations of
schedules. Argumentation, as defined in Chapter 2.4.4, provides a structural approach
to evaluating and explaining scheduling decisions. This technique is used to establish
the reasoning behind the choices made, making them more transparent, interpretable,

and justifiable. The schedule types and argumentation techniques applied are:
« Simple satellite schedule as defined in Chapter 3 with AA.

e A satellite schedule derived by a RL technique outlined in this chapter with the

application of a TAF

5.3.1 Literature Review

As mentioned in Chapter 2.4.4, argumentation is the principle of analysing a decision
or outcome to determine what influenced, whether positive, negative, or neutral, com-
prised of mathematical models [334] that have been defined around the objectives, con-
taining elements of the problem presented as an Argumentation Framework (AF) [335].
An AF can be shown in different forms of logic, which facilitates both a graphical and
quantifiable representation of the decision-making process, allowing for the examina-
tion of reasoning logic and is naturally effective as a means of explaining the reasoning
for one choosing one activity over another [334-338|.

The arguments within an AF can have the conditions of their acceptability grouped
together as sets, the most commonly used groups being cores and remainders. The set
of cores for an argument is the set of arguments required to be accepted to satisfy the
original argument. Conversely, the set of remainders for an argument is the arguments
required to reject the original argument [339].

The detected conflict relations, known as AA, can influence the conditions to either

be improved or changed depending on the properties of the system. This can therefore
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help explain how the conditions are affected [340], and thus an AAF has been stated to
be created as pairs, containing both arguments and binary relations, where a relation
is known as an attack [334-336,341-343]. Rago et al. also stated standard labelling

)

for attacks being ‘—’, with supports labelled as ‘+’, and neutral relations labelled as
‘0’ [344].

In addition to the AAF, there are several other types of AF, some of which are:
Bipolar Argumentation Framework (BAF) - where attack and support relations oc-
cur [334, 343,344 with two extensions: Quantitative Bipolar Argumentation Frame-
work (QBAF) and Probabilistic Bipolar Argumentation Framework (PBAF) [334];
Structured Argumentation Framework (SAF) - where constraints are introduced in
the form of preferences between arguments in accordance with the order of these ar-
guments [334, 345]; and Abstract Dialectical Framework (ADF) that specifies the ex-
act conditions by which an argument is accepted (or rejected) through the linking
of dependencies, depicted as a directed graph [346]; and Incomplete Argumentation
Framework (iAF) which introduces the possibility of unknown factors influencing ar-
guments [347]; and TAF - where attack, support, and neutral relations occur to enable
interactive recommendations, which allows for more complex and relatable argument
structures [344, 348]. These relations were extracted to address the logical require-
ments based on how the predicted ratings for items and aspects impact each other.
This synchronisation, in the Modgil et al. study [345], between the Recommender
System (RS) and the explanations was considered an advantage with their approach,
as users can trust explanations that detail how recommendations were created. Ar-
gumentative explanations involve, but are not limited to, conversational and visual
explanations. These explanations form the foundation for interactions with users to
explain recommendations and gain feedback, which can be accounted for in the RS to
enhance its behaviour. Therefore, not only were the explanations varied and diverse,
they also enable (to a limited degree) adaptable recommendation responses through
extended use [344].

Furthermore Rago et al. [344] mathematically defined TAF as:

A tuple (X, L=, L*, L% where X is a set of arguments, and L, LT, L°
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are binary relations over X. For x,y € X, we say that x attacks y if
(z,y)L~ , x supports y if (z,y)LT, and x neutralises y if (z,y) € L°.
With x as any of —, + or 0, for any x € X , we will use L*(x) to denote

lyX|(y,z) € L*| the attackers, supporters or neutralisers, resp., of .

This means whenever there is a conflict between x, and y (a set of arguments X), L
is a binary relation produced based on whether there is an attack or support. To date,
and to the best of the authors’ knowledge, there are no applications of AA to real-life
engineering problems, with several PhD research projects investigating the potential use
cases of argumentation for XAI. [349] enriched AFs, by adding an additional support
relation, to enable greater interpretability in visual explanations. Another project
applied abductive explanations to sample instances, instead of the complete feature
space, with the aim to improve the correctness and validity of generated explanations
[350]. While the implementation for autonomously generated AAF-based view of a ML
model’s processes has also been explored, to assist with understanding reasoning and
improving the model’s performance [351].

The application of AAF allows for the examination of supporting and attacking
conditions to an action within a schedule; however, to understand the overall impact of
this or any alternative decision requires a calculation of the exchange of properties [352].
The exchange can be applied to a single exchange (SEP), where any one critical job
is exchanged with another at any time within the schedule, or as a multiple exchange
(PEP) in which any number of critical jobs can be exchanged [352]. The exchange of
jobs has been applied to optimisation problems in scheduling, whether to reduce the
makespan or increase the output, as studied for variations of the flow shop and job
shop problems such as Mixed No-Idle Flow-shop Scheduling Problem (MNIFSP) [353],
Distributed Job Shop Scheduling Problem (DJSSP) [354], and Distributed Permutation
Flow Shop Scheduling Problem (DPFSP) [355].

To assess the XAI capabilities of AAF through the calculations of SEP and PEP
for the EO satellite schedule defined in Chapter 3, the following questions were created

as a benchmark for the scheduling system to answer:
o Is it better to interrupt sequences of repeated actions or maintain the sequence?
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For example, should processing occur in the middle of an image-taking sequence

or after?
e Is the time critical for task ‘x’, or is task ‘x’ critical for a certain time?
¢ Does the onboard memory impact the criticality of a task?

e« Why execute an action over another, for example, take images vs down-linking

vs processing on-board?
e Can the memory limit be relaxed for critical actions?

o If the conditions have been changed, how different will the revised schedule be?

5.3.2 Exchange of Properties

Two applications were investigated in assisting the generation of an AAF for satellite
scheduling. These were SEP and PEP that have been adapted from Cyras et al, as
mentioned in Chapter 5.3.1. [352] research that focused on minimising the last machine
completion time to determine the minimum makespan of a schedule and the application
to a nurse roster. SEP is defined as a single exchange of any critical job with another
job between machines throughout a schedule to improve the given schedule. PEP,
however, entails an exchange of multiple critical jobs with other jobs between machines
to gain improvements. Equation 5.5 was created to enable both concepts by Cyras et

al. scheduling problem [352] and the satellite schedule defined in Chapter 3.

* = mi 9.5
v' = minve (5.5)

The memory value required by any action a (v,) during any time instance results
in the smallest memory value v* by the considered scheduled action (as there is only
one action requirement per instance). Due to a. having no value, unless otherwise
undergoes an attack from another action through SEP or undergoes a PEP scenario
where it is exchanged with another action from another time interval. This means the
smallest value is the value scheduled at that time instance to determine if an exchange

due to an attack is possible based on the following definitions.
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Definition 5.3.1 An action a € A is said to be critical at time interval i € {1,...,T}
if:

Xi,a =1A Mmaz —v* <m; < Mma;t

This means that an action is considered critical to a specified instance, where if
replaced with any other action and propagated throughout the schedule would violate

the onboard maximum memory constraint.

Definition 5.3.2 SEP is satisfied by a schedule S iff for every critical action a € A

instance 1, it holds that, for any a’ # a
mig —mh > vy —ve A m; < Mpaz, Vi > 1

Where m] and m;- represent the value of memory at their respective time instances
i and j, respectively, if action @’ is chosen instead of action a at time instance i.
Additionally, when an action v, has been replaced by any of the other three actions v/,
an alternate memory m, is created at that instance, and therefore, an alternate memory
m; following this action is generated throughout the schedule, and while within M4,

will satisfy SEP.

Definition 5.3.3 PEP is satisfied by a schedule S iff for every critical action a € A

at instance i, it holds that, for any o’ # a, and any j # i:
m; —m; > Uy — Vg A my < Mpag, Vk

Therefore, when an action v, is exchanged with one of the three actions v, at a
different instance j, this results in two alternate memory values: m; reflects the memory
state after the exchange and mj, which is iteratively updated throughout each of the
following actions to ensure M, is satisfied, thereby satisfying PEP.

Overall, SEP ensures that substituting action a with a’ at time interval ¢ does not
negatively impact the feasibility or criticality with respect to the memory constraint,

for both at that instance and throughout subsequent time intervals. Similarly, PEP
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guarantees that replacing a critical action with another does not violate the memory
constraint across the entire time horizon.

In addition to SEP and PEP concept application from Cyras et al. [352], both
negative and positive decision sets are defined as a subset of the decision space T'x A (as
previously defined in Equation 3.1 in Chapter 3.3 ), created using the action constraints

from the satellite scheduling problem.

Definition 5.3.4 The negative fized decision set D™ is defined as:
D =T xA CTxA
such that a feasible schedule S satisfies:
(1,a) e D™ = X;,=0

This definition can also detect extreme scenarios such as memory saturation during
time ¢ with the next available downlink opportunity to occur at 5 > i. In this situation,

the negative decision set is transformed into:

D™ =T x A" U{(k,a):i<k<j}

The positive fixed decisions can also be applied to this use case and may be actions

implemented by the GSO in achieving an EO campaign goals.

Definition 5.3.5 The positive fized decision set DT is defined as:
DF =TT xATCTxA
such that a feasible schedule S satisfies:
(i,a) e DT = X;,=1

Using these principles, a feasible schedule is derived from the existing schedule

created by the solver in Chapter 3.
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5.3.2.1 Abstract Argumentation (AA) with Exchange of Properties

In the concept of applying AA to satellite scheduling, where AA analyses the conflicts
between two or more arguments [335,336,343], these arguments represent a particular
reasoning of decisions within a schedule. The dynamic changes within a schedule due
to AA occurring can influence the execution timing of scheduled activities, resulting in
more arguments and attacks, creating a structured argument [356].

Integrating the principles SEP, PEP, and AA theory, an attack in this process is
derived when an exchange occurs between two or more actions. The constraints created

are therefore:

e Any action may attack another except itself.

o With SEP, the action a. cannot attack another action but may be attacked by

another action.
o With PEP, the action a. can attack another action.

o For PEP, exchanges occur only between two distinct actions within the schedule,

excluding self-substitutions.

Figure 5.2 represents an attack occurring on a scheduled action during a specific
time period ¢ with a current memory state of m;; in schedule S. The individual memory
values Vg, Vir, and V4 with arrows coloured pink, blue and green, representing actions
ap, ar, and ag respectively. Using the memory constraints from Equation 3.6a to
ensure there is no breach in M,,,; due to the change at m;;, thereby complying with
SEP. Consequently, an alternate memory m; is generated, cascading into future time
steps updating the memory values of m; for instances (mjo, M3, Mia...m;) resulting in
(Mg, Mz, Miy...m}) stated in Definition 5.3.2.

To reiterate, when action a. is scheduled for example, resulting in m;, only actions
ap, ar, and agq containing Vi, Vi, and Vg may attack this action as shown in Figure
5.2. Otherwise, in the condition where another action a,, a,, or a4 is scheduled, only
any two of those actions may attack this action. For example, if a, is scheduled, this

will incur an attack from a,, or aq.
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Ve ) % ) Ve ]

Figure 5.2: An overview of the argumentation process across one-time instance repre-
senting the occurrence of a single exchange of an action with memory variables V),
Var, and Vg within a schedule S to alter the memory m;; at that instance.

However, for PEP, a representation shown in Figure 5.3 is an overview of how a pair-
wise exchange may occur in schedule S between two non-identical actions scheduled for
execution at two different time intervals. The original memory states (mj2, mi3, mis...m;)

remain unchanged before the action exchange, following which alternate memory states

/!

m;

and m;g defined in Definition 5.3.3, are generated on the condition M,,,, remains
satisfied as stated in Equation 3.6b. As shown in the figure, what occurs during a pair-
wise exchange between actions within a Schedule S, impacting the existing memory
m;1, M2, M;3, M4, and m;s, on-board a satellite by the respective memory values Vg,
Viar, Vag and Ve of an action following an attack. This means following the interchange
of the scheduled action a at ¢ with another scheduled action will create the alternate
memory m;-; the possibilities of exchanges are shown in colours pink, blue, green, and
brown for values Vip, Vir, Vud, and Ve respectively. Therefore, an attack condition
was created, leading to a decision Xj,, the memory profile m; Vj > 4, and the final
objective function value.

When an action is considered to replace an existing scheduled action at a specified
instance, it is known as a binary attack represented as (~-). This occurs only when the
satellite coordinates, position and onboard memory are satisfied, which will determine
the action exchange feasibility. A representation of this exchange is shown in Figure
5.4 where action a, if scheduled at i is explored for attacks by a,, aq and a.; whereby
a, is analysed for attacks from a,, aq and ae; aq by ap, a,, and ae; and a. by ap, ar,
and ag with all actions are shown shaded in grey circles.

Additionally, shown in Figure 5.4, there is a differentiation between negative and
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Figure 5.3: An overview of the argumentation process across each time interval repre-
senting the values (Vap, Var, Vad, and Vo) of actions ap, ar, aq, and a. are exchanged
with each other via bi-directional arrows in colours teal and purple, based on the action
scheduled at ¢
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Figure 5.4: Conditions involved with attacks a, (Image taking), a, (Image Processing),
aq (Down-linking), and a. (Idle time) during time i and the conditions affecting ‘—’
and supporting ‘4’ these actions from occurring.

positive arguments, where blue-shaded circles with arrows pointing away with negative
‘—’ symbols represent attack conditions that will hinder the execution of the action.
Meanwhile, the arrows pointing towards the yellow shaded circles are considered sup-
portive ‘4’ conditions that will encourage the action to be executed at the scheduled
time due to the exception of the idle instance a,. that does not affect the onboard mem-
ory’s state as it has no value and is only scheduled when no other actions are feasible as
stated in Chapter 3. This interplay of conflicts and support is derived from the BAF,

as discussed in Chapter 5.3.1. The additional constraints, known as environmental

factors, such as land visibility, ground station access, and sunlight exposure, dictate
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which actions can be executed. Overall, this figure provides a structured visualisation

of how external factors may influence the action execution in the schedule.
Combining the constraints with SEP and PEP, it can be noted, a;; with the ar-

gument “An assignment of an action at instant j to time instant i”, by applying the

principles of AA to feasibility, the following definition is:

Definition 5.3.6 The feasibility AF, (Argsp,~>p) is defined as:
o Argsp ={a;j: (i,5) € (T x A)\D™}
o aijrEag ffjFLi=k

o a;j ~F gy iff mg > Myae for g >k if k<1, or for g > 1 if l <k.

This, therefore, means that in addition to the action assignment within the decision
matrix (first point), the second point indicates an action is competing for the same time
slot due to the constraint of only one action allowed at each time interval. The third
point signifies that an action challenges another only when the memory is breached,
either if the duration k is insufficient for the action completion while it is already
scheduled to be executed before time ¢ or if the action is scheduled to complete before
the allocated duration of k while it has occurred before ¢. In such scenarios, an alternate

action would be preferred to prevent the memory breach and optimise time utilisation.

5.3.2.2 Results and Discussion

Utilising one day’s worth of data from the satellite schedule created in Chapter 3, the
concepts of SEP and PEP were applied to evaluate their impact on memory constraints
and feasibility. This section is separated into two sections SEP and PEP, with each pre-
senting the analysis of how the framework can influence schedule optimisation, conflict
resolution, and overall mission performance. These findings were discussed, showing
the effectiveness in maintaining feasibility while complying with the operational con-

straints.
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5.3.2.2.1 SEP

Each action scheduled was attacked by another action except itself and a.. During
the event of an attack, the memory profile was altered from that point onward, and
therefore depending on the alternate memory with respect to the memory constraint
at j/ may be either feasible (in support of SEP) or infeasible (a violation of SEP) as
stated in Definition 5.3.2.

A two-hour period was selected from the day (equating to 1440, 5-second interval
data points), and shown in Figure 5.5 to produce a visual of a Gantt chart where actions
(ap, ar, aq, ac) are scheduled. These actions were attacked by the other actions, and
where feasible and infeasible are also shown. Each infeasible action exchange is a result
of a breach in M,,,, due to the cascade of the effect of the attack, thus a violation of
SEP. Additionally, action feasibility is also shown where all constraints were met and
the exchange was possible. It can be noted that there were no aq infeasible results
during this period, meaning that, outside of the opportunities where it was possible, it
was unable to attack due to no visible ground stations. This also means that during
this period, whenever it had the opportunity to downlink, it did, as it had no other
constraints apart from ground station visibility and therefore unsaturating the onboard
memory.

This time period is also reflected in the shaded region of Figure 5.6, representing the
total memory utilised to the right with the number of images retained in the memory
to the left for a,, and a, and also the number of images in memory after aq has
been executed. At 21 : 04 hrs, an attack occurred where action a, was replaced by a,,
highlighted in the blue shaded region, which led to a memory breach at mg marked by a
broken vertical line intercepting masq, (a horizontal green line). It was observed earlier
in the schedule that memory approached saturation; however, downlinking (coloured
red) immediately followed, reducing the stored images and preventing this breach from
happening. Due to the downlinking action always incrementing, this variable resets
after 3000 instances to improve the readability of the graph.

As the existing scale makes it difficult to see the variance following the attack

leading to the breach, Figure 5.7 provides a magnified view highlighting the moment of

111



Chapter 5. Explainability - Comparative Analysis and Argumentation

=ap "ar =ad = ae * ap_Infeasible = ap_feasible = ar_Infeasible
= ar_feasible = ad_Infeasible = ad_feasible

ap 1 1 ! i
ar
adms I
ae—H-——H AL H
ap_Infeasible # wm
ap_feasible Hi—

ar_Infeasiblei®

ar_feasible
ad_Infeasible

ad_feasible B

'21:00" '21:15" '21:30" '21:4%5" '22:00" '22:15'" '22:30' '22:45'
Time

Figure 5.5: Summary of feasible and infeasible solutions when an action attack occurs
on the original schedule for a,, a,, aq4, a.

the attack at i. The infeasibility of action exchanges was quantified over the period of
the same day against each scheduled action that was individually attacked (excluding
itself). This was taken across 17278 data points with the infeasible attack percentages

shown in Table 5.1 with the following observations.

o When a,, ag and a. were attacked by a,, this generated 74% (2897) infeasible
cases with a,, 16% (630) cases for a4, and 6% (244) cases for a., out of the 3921

exchange possibilities with the remaining 4% returning feasible solutions.

« During the attack of a, by a,, all exchanges were possible resulting in a 0% in-
feasibility. When attacking ag and ae, however, infeasibility occurred 44% (1923)
instances for aq, and 10% (821) instances for a. of the 4324 exchange possibilities

remaining 37% feasible options.

e Lastly, when a4 attacked all actions, there were no infeasible solutions as the
memory was always reduced by V,4 at every opportunity. This means an exchange

was possible at any of the 2082 instance opportunities.
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Figure 5.6: Results of a, attack on a, resulting in an alternate memory m/ at time
instance ¢ at 21 : 04 hrs, followed by the updated memory m; exceeding the available
memory on-board M, ., shown as the horizontal green line on the right with all memory
profiles referring to the axis on the right and action son the left.

Table 5.1: Percentages of action exchange infeasibilities over a period of 1 day

Scheduled Actions
Action Exchanges | a, a, aq Qe
% % % %
ap — 74 16 6
ar 0 — 44 19
aq 0o 0 - 0

5.3.2.2.2 PEP

Further investigations proceeded with PEP to determine the impact on the feasibility of
the same schedule. An n x m matrix of the schedule was created to allow the exchange
of actions at different time intervals. This matrix is represented in Figure 5.8 covering
a range of 70 seconds in 5-second intervals (times 02 : 12 : 31 — 02 : 13 : 41 hrs),
taken from the day. With both time ranges represented in n rows by m columns, a
grid of cells was created representing the actions (a,, a,, aq, and a.) as (0, 1, 2, —1)
respectively. These actions would overlap, creating an attack of each action on the

other for its respective time slot and triggering a pairwise exchange.
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Figure 5.7: A magnified view of Fig. 5.6 showing where memory at time instance j’
breached the maximum on-board memory M, following an attack at instance 1.

Where the overlapped actions were the same, they were shaded purple; however,

where they were different, a feasibility check was performed at the first action’s in-

/

stance, generating a revised memory state, m;

. The change in this instance was cas-
caded throughout, similarly to SEP, until the second action at the second time instance
has been approached by the system on the condition that there has not been a breach in
memory up to that point. Once the assessment of the memory of the second action was
completed and deemed appropriate, this additional change was again carried through-
out the rest of the schedule. When there was a breach in memory at any point and
deemed infeasible, a violation in PEP occurred, and the cell was immediately shaded
red, and the next exchange scan began. However, when the scan was successfully com-
pleted with both actions exchanged, this resulted in a cell shaded green, confirming
feasibility satisfying PEP.

Shown in Figure 5.9, an extended time range (02 : 03 : 31 —02 : 20 : 06) was selected,
covering a total duration of 995 seconds encompassing the 70 second window shown in
Figure 5.8. Within the expanded range, 20092 exchange opportunities of 5 second indi-

vidual time instances were analysed. Among these instances, a total of 19509 involved

an overlap of the same actions (shaded purple), 13286 infeasible exchanges (shaded
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Figure 5.8: An example showing the implications of pairwise exchange occurring be-
tween any two actions within a 70 seconds window of a satellite schedule.

red) and 6806 feasible exchange opportunities (shaded green). It further shows the ef-
fectiveness and scalability of PEP in evaluating exchange opportunities. Additionally,
it should be noted that the computation of these possibilities and graphical display
was resource-heavy; therefore, consideration of available resources should be taken into
account for replication.

These results were analysed based on the question raised in Chapter 5.3.1, and
the findings have revealed the practical applications of PEP would be based on the
hardware capabilities of the satellite as well as the level of autonomy allowed by the
GSO. This flexibility could enhance and redefine the constraints of operation, especially
for dynamic mission scenarios.

SEP and PEP applications provided insights into how alternative actions within a
schedule could impact its feasibility and also the scenarios where this exchange might be
necessary for changes in critical conditions. Though this study focused on EO satellite
with a limited set of actions, the framework is extendable to more complex systems.

XAI may be enhanced with the AA approach by:

e Providing a user interface with the generated schedule to the end user, allowing
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Figure 5.9: An example showing the implications of pairwise exchange occurring across
a 16.58-minute window, highlighting where the 70-second window fits within.

them to interact and query the system.
e Providing computational results of the reasoning behind the generated schedule.

e Providing detailed conditions representing conflicts with the environment and

conditions on board a satellite, as shown in Fig. 5.4.

o Providing an instantaneous reflection of the exchange properties of SEP and/or

PEP, as shown in Fig. 5.2 and Fig. 5.3, based on the users queries.

o Lastly, generating a representation of a decision matrix enables the user to see

the decisions that were influenced by the conditions.
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Overall, AA serves as an effective layer in explainable scheduling, providing trans-
parency in mission planning without compromising operational feasibility.

The application of AA for an EO satellite scheduling was investigated to achieve
feasibility by enabling scheduled actions to be substituted by other actions in the form
of relational attacks at different time intervals throughout the day. Each action within
the schedule was subject to attacks that needed to satisfy the constraints. Following
the attacks, they were immediately assessed and compared for their memory profile
when SEP was applied. Meanwhile, when PEP was applied, this enabled an exchange
of two actions at two independent time intervals on the condition the onboard memory
remained within its limit. In the scenarios where a breach in memory occurs, based
on the exchange property, visual illustrations were provided to show the effect of the
schedule. In summary, AA has demonstrated the potential to be useful in assisting in
improvements of satellite scheduling and thus could be integrated into an explainable
layer within an autonomous scheduling system. In addition, the enhanced capabilities
of a TAF were later explored with the expanded satellite scheduling problem defined
in Chapter 3.5.2.

5.3.3 Tripolar Argumentation for the Expanded satellite schedule

Satellite scheduling requires balancing many varied and sometimes conflicting con-
straints to maximise mission objectives; in this section, the expanded satellite schedule
developed in Chapter 3.5.2 was used to successfully create a more complex schedule,
aligned with real-world requirements for specific areas of interest. The schedule was
used to employ a TAF to explore the potential for the argumentation framework to fit
XATI needs.

Through applying a Tripolar Argumentation (TA) layer to this schedule, as outlined
in Chapter 5.3.1, the study explores how argumentation for XAl may provide insight
into decision-making trade-offs by facilitating conflict resolution for each action, im-

proving the interpretability of scheduling processes in autonomous mission planning.
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5.3.3.1 Methodology

Applying the concept of argumentation to this satellite scheduling problem, all relevant

)

factors must be considered to establish the support ‘+’ and attack ‘-’ conditions for
each action. With this scheduling problem, power consumption P was integrated with
the existing constraints, including memory availability and satellite position.

The argumentation layer examines the feasibility of every action a for all targets
to be scheduled across every time interval. It was formulated based on the weighted
relationships between competing actions, as only one action can be executed per time
step. This establishes the potential replacements for any scheduled action at time
instance i, by considering the conditions that exist during the specified time.

For example, if an image-taking action for a specific target that is visible (VT
was scheduled at i, the argumentation layer would evaluate all attack conditions to

the target and the actions related to all other observation targets to discern why the

decision maker has assigned the action of observing VT'. This involves:

o Attacks from N — 1 other image-taking actions (one for each alternative observa-

tion target, where N represents the total possible image-taking actions).
o Attacks from all N alternative actions (processing, downlinking, and idle).

o Environmental constraints affecting both the visibility of the target (VT) and

competing actions.

Figure 5.10 represents an overview of the argumentation structure, illustrating the
actions’ interconnected nature and their respective conditions. Each action is associ-
ated with a goal (G) that defines the number of images requested for the observation
target (V'T,). Additionally, the probability (PR) of any action occurring influences
the decision makers’ output, reflecting the likelihood of the specific actions and targets
impacting the scheduled action.

Through the process of evaluating the scheduling decisions, each possible action was
assigned a weighted value based on its constraints and feasibility. These weighted values

represent the influencing factors such as available onboard memory, power consumption,
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Figure 5.10: An overview of the argumentation structure for supports and attacks for
all actions within the schedule as well as the environmental conditions and impact on
all actions

Target visibility, and ground station access. The weighted values associated with image

taking action a, were calculated by:

W =1 (7or ) (5.6a)

Tot,
Wr n€{-5,1} (5.6b)
Wrr € {51} (5.6¢)

where W), in Equation 5.6a represent the weight associated with the onboard mem-
ory (M), and Tot, denotes the total number of images currently in memory. In Expres-
sions 5.6b, and 5.6c; Wy ,, and WpR respectively are the weights governing whether
target (V'T),) is visible or within light range (LR). The —5 negates all possible positive
supports when the critical conditions are not met, as the actions are unable to be exe-
cuted without these conditions. For example, a target may be visible, adequate memory

and sufficient power may be available, but light is out of range (not present), and there-

119



Chapter 5. Explainability - Comparative Analysis and Argumentation

fore the action must not be scheduled to execute. However, when the conditions are
met, a 1 is applied to allow for execution.

For image processing a,., based on the constraints of images in memory, the weight
is associated with the unprocessed images in memory Ip,em. Therefore, the weight is

calculated by:

Wi mem € {—1,1} (5.7)

Where 1 in Expression 5.7 stands for the presence of a specified unprocessed image of
the target that would support the action to be scheduled, while —1 would imply there
are no unprocessed images of the target available for processing, which would hinder
the action from being scheduled. For example, if the image of one target is in memory,
and the processing of the image related to another target is being considered to be
scheduled, this won’t be possible. Thus, —1 is applied.

Similarly to a,, the weight relations for downlinking of images a4 are reliant on pro-
cessed images of the target in memory as well as ground station access. The expressions

are as follows:

WAnimem € {_17 1}1 (58&)

Was € {-5, l}i (5.8b)

In Expression 5.8a, W4y, mem relies on whether or not there is a processed image
of the target available in memory for download. Likewise, in Expression 5.8b, Wgg
is solely based on ground station accessibility at i. A —5 value is used to negate all
positive supports with no ground station, as it would not be possible to execute.

When no other actions are possible, there is idle, which also has its own weight to

be calculated. These are:
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1
WGiae - - <T0ta) (59&)
P—-1
WP_ae =1- ( 100 > (59b)

Equations 5.9a and 5.9b reflects the relationship between idle (a.) and the mission’s
goal (G) for W 4¢; and the relationship between power (P) and a. for Wp 4 respec-
tively. Considering the satellite’s power level, the likelihood of idling increases with a
decrease in power.

In addition to the expressions and equations mentioned, there are two additional

weighted calculations used across actions a (a,, a,, and a4). These are:

PC’ * Lo dur
a = P — _— .1
Ve ( 100 ) (5.10a)
Wae o€ {-1,1} (5.10b)

Wp 4 in Equation 5.10a represent the argument weight between the power level P and
action execution, where Pc stands for the power consumed with ¢,_4,, action duration.
Wa o Expression 5.10b, however, assesses the weight between the goal G' and any action
based on the specified requirements of the number of images to be retrieved.

An overall weight is calculated for the specific target with the respective scheduled
time. The total weight for any action scheduled, including idle time, was calculated by
summing all weights. This means the larger weighted value, based on the attacks of all
actions for all targets, would determine the direction of the attack, leading to the action
being scheduled. The probability (PR) values were created to reduce computational
complexity and resources due to the exponential growth in required calculations for the
alternative actions.

A representation of the overview of the combined attack variations with actions and

their respective environmental conditions is shown in Table 5.2
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Table 5.2: An overview of each action and condition attack required for every action
type.

Action Action and Condition Attacks
aq P, G, PR ANpem GS ag'™ apl‘N a™N a,
ar P, G, PR I,em a, TN apl‘N ag'™N  a.
ap | P. G, PR M VT, LR a,N &N @'V a.
e P, G; PR a TN, gt

5.3.3.2 Results and Discussion

Every action at every time interval following the methodology was computed and anal-
ysed to assess the capabilities of argumentation for the derived schedule. With a
schedule of 9000 scheduled actions across the time horizon, a sample of three actions
(ap, ar, and aq) taken at different time intervals was evaluated and shown in Table 5.3.
The closest alternative action to be selected based on the probability and argument
weight (provided as an input to the problem) was also included to provide additional
context. The table outlines the action scheduled with its respective time and weight
values for each argument condition based on Table 5.2. As there are 10 targets that
each action has to be applied to, for simplicity of data display, only the total attack
value for reaction type is displayed for clarity, as there were over 3500 calculations per
time interval that would otherwise be required.

Action agq (downlink for target 4) at time 208 was scheduled with a total argument
weight of 4.0126, primarily influenced by the high probability score PR returned by
the decision maker. In addition, PR also received strong support from the processed
images in memory (An,em) and ground station access (GS) that was similarly provided
to ag7, which was the next best option. The variance in this was linked to the PR score
and attacks from the other options, leading to a total weight of 2.1247, which was
lower than the scheduled action, confirming that the decision-maker made a justifiable
selection, prioritising agy over its alternative. Looking into a,; (processing the image
of target 1) that is scheduled at time 480, achieved a total argument weight of 3.9029.
This was also justified by the high PR score and the available unprocessed images of

that target in memory I,,er,. The next best option, aqro (processing of the image taken
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Table 5.3: Example calculations of argumentation weights for each action type and the
closest probable alternative, except Idle. *Please note, the total of all attacking actions
is presented here.

Time (s) | Action Action and Condition Attacks Total
aq P G PR Anmem GS ag* ay* a,* Qe

208 Qg4 0.7300 1.0000 0.9715 1.0000  1.0000 - -0.0273  -0.0000 -0.6614 -6.5974¢%° | 4.0126

208 aq7 | 0.7300 1.0000 0.0276 1.0000  1.0000 - -0.9715  -0.0000 -0.6614 -6.5974e’% | 2.1247
ar P G PR Lnem a, ay* aqg* Qe

480 ar 0.9500 1.0000 0.9764 1.0000 - - -0.0235 -0.0000 -0.0000 -5.2090¢% | 3.9029

480 ar2 0.9500 1.0000 0.0200 1.0000 - - -0.9799  -0.0000 -0.0000 -5.2090e°% | 1.9901
ap P G PR M VT LR a, a,* aqg* Qe

696 ayr | 0.7250 1.0000 0.9983 0.7667  1.0000 1.0000 -0.0000 -0.0001 -0.0000  -0.0006 | 5.4893

696 ap1o 0.7250 1.0000 0.0000 0.7667 -1.0000 1.0000 -0.9983 -0.0001 -0.0000 -0.0006 1.4927

of target 2), also had an unprocessed image in memory; however, it received a lower
weighted score of 1.9901. The decision maker, therefore, made a reasonable choice as
it ensured optimal scheduling based on the available conditions.

During the time interval of 696, a,7 (the image taking action for target 7) was
scheduled with a score of 5.4893. Again, this was due to the PR score in conjunction
with the visibility of target 7 (7%) and light exposure (LR). In contrast to the next
alternate option of apio with an argument weight of 1.4927 due to the absence of the
observation target at that time and a probability of 0.0000, this is an implication that
the decision-maker selected the correct action.

A visual was created for this problem, using the Figure 5.10 and applying the scores
from Table 5.3 for a4y at time 208, Figure 5.11 was created presenting the complete sup-
port (single arrows), attack (double-headed arrow), and neutral (bidirectional arrows)
conditions. The figure represents the outcome of the action attacks for the specific

targets:

e ari0 (processing of the image of target 10), attacking ag4, ac, and a,1 producing

a weighted score of 0.4025.
o a. (idle action) attacking aqs, aqr10, and a,1 with a score of -1.4734.

o and a,; (image processing for target 1) attacking aq4, ae, and a,4 with a score of

-4.0636.

These actions for the targets were selected to see the conflicts within the system

under the scenario of the user wanting to schedule another action for a different target
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Figure 5.11: A Tripolar argumentation representation of arguments between 4 main
actions (ar10, a4, Ge, apl) and environmental conditions at time 7 = 208s.

instead of the same target. It was observed that a,1 was not possible due to the absence
of light and target (77) visibility, which had the lowest score despite memory availability,
power and goal alignment. For a,1¢, it was not scheduled due to no available images in
memory for target 10, which negatively influenced its feasibility despite the probability,
power, and goal. Likewise, a. was less favourable than a,10 but more favourable than
ap1; overall, this concept applied to all other competing actions at this time step and
all other times. It can also be observed that all other actions (image taking - a,2, a,3,
apd, a,b, apb, a,7, ap8, ap9, and a,10; image processing - a,1, a,2, a,3, a,4, a,5, a,6,
a,7, a;8, and a,9; and downlinking - ag4l, a42, ag3, agb, aqb, a48, aq9, aq10) all carried
a weight of 0; where a47 had a weight of +0.0273. This means all environmental factors
were attacking each action as well as all actions attacking each other except themselves
at this time; however, the 3rd-dimensional visualisation is not represented here, but is
calculated.

The principles of TA were applied to a satellite schedule derived via a RL ap-
proach. The results demonstrated how argumentation can calculate, visualise, explain

and validate the decisions made by autonomous systems through the assessments of
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all contributing conditions. The satellite scheduling problem contained numerous vari-
ables that needed to be evaluated to justify the decision-making system. This approach
captured the relevant information and successfully executed the calculations while also
considering the values for each condition, clearly illustrating why the scheduled actions
were chosen over alternate options.

This provides transparency to users on influencing factors for the decisions and
enables informed interventions to modify system behaviour in validating the system’s
effectiveness in generating the desired outcome. Careful consideration must be given
when designing and implementing AFs due to the potentially large datasets that would
contain a vast number of variables with their respective conditions and constraints that
may require performing complex calculations. If the framework developed is computa-
tionally heavy, it will utilise the time and computing resources needed to perform these

calculations.

5.4 Conclusion

This chapter initially introduced a SCA framework for evaluating satellite schedules
based on three key criteria: total images captured, idle time, and downlink efficiency.
By applying mathematical formulations, the analysis provides a transparent method-
ology for selecting and investigating optimal schedules based on mission-specific objec-
tives, which aids operators in making informed decisions on which schedules are more
effective than others. Future work in this area can explore additional metrics, such as
energy consumption and dynamic reconfiguration under uncertainty. Additionally, the
application of Multiple Comparative Analysis (MCA) may be used to compare different
schedules at once or multiple comparisons across several instances at once.

Following the SCA study, different approaches of argumentation explored in these
studies demonstrated their potential uses for explainability of automated systems, and
can provide significant detail and insight to the factors that support or challenge the
allocation of tasks and resources in a schedule. The AA approach showed promise
in evaluating and improving satellite scheduling when combined with SEP and PEP

techniques, where fine-tuning schedule improvements could be identified. The informa-
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tion gathered on the impact of switching the positions of one or more actions across
the schedule would greatly support system operators in confirming or modifying auto-
mated scheduling decisions and provide transparency on system functionality and logic,
enabling informed decisions and aiding in the building of trust.

The TA methodology used with the expanded satellite schedule was able to add a
more granular and quantifiable response to evaluating the scheduling decisions. Through
the ability to calculate and present weighting scores for each of the possible actions a
system operator would be able to clearly identify the strongest and most effective
choice for each time interval, as well as being able to review how the weighting was
calculated resulting leading to informed knowledge and decision-making capabilities.
Both approaches allow for enhanced interaction and transparency to an automated
systems decision-making which can assist with validation of systems to allow for adop-
tion in stringent industries, such as space operations, with the opportunity to develop
evidence-based trust in system decisions. Consideration, however, must be given to
the resourcing requirements necessary to complete argumentation calculations on large
datasets as this may be time or cost prohibitive for certain missions or projects. Fu-
ture research should explore the most cost-effective and resource efficient methods for
performing calculations, as well as applying the principles outlined in these studies to
larger or more complex systems to observe performance and accuracy when used at
scale. Argumentation can also be combined with other techniques, such as NLP, to

form part of a holistic solution to variable datasets and automated systems.
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Chapter 6

Large Language Model

application to Argumentation

6.1 Chapter Overview

This chapter looks into the application of utilising LLMs with SEP and AA techniques
for an EO satellite schedule, followed by assessments of the results as explained in
Chapter 2.5. The type of satellite cheduling applied here is that described in Chapter
3 with the extension of the SEP argumentation concept from Chapter 5.3.2 where
NLP techniques defined in Chapters 8.2, and 2.5 are applied. This chapter was created
from “Natural language processing for explainable satellite scheduling”, Paper presented
at SPACEOPS 2023, by C. Powell, A. Riccardi, and A. Berquand [40], “Abstract
argumentation for explainable satellite scheduling”, Paper presented at DSAA 2022 [39]
[Peer-reviewed| as well as “On-board re-planning of an earth observation satellite for
mazimisation of observation campaign goals”, Paper presented at 73rd International
Astronautical Congress (IAC) 2022, both papers authored by C. Powell, A. Riccardi
[38].

The chapter is broken into four sections:

o The Literature Review (6.2) contains a background on LLMs use with differ-
ent XAl techniques, as well as their application with argumentation techniques

explained in Chapter 5.3.
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o The Methodology (6.3) outlining the application of an LLM with the concept of

SEP, defined in Chapter. 5.3.2, and the metrics used to evaluate performance.

o The Results (6.4) are examined to assess and compare the performance of the

different approaches outlined in the Methodology (6.3).

o The Conclusion (6.5) discusses the findings from the results and observed capa-

bility, as well as the future opportunities that exist for further research.

6.2 Literature Review

As identified in Section 2.4 LLMs are evolving in sync with intentions to incorporate
XAI techniques, aimed at improving the interpretability and transparency of these mod-
els. By embedding XAI methods, researchers strive to gain insights into the decision-
making processes of autonomous systems and enable users to understand and trust
their outputs [357, 358].

There are a multitude of different approaches in development for XAI, as shown
in recent studies [359,360], each designed to address particular details within an Al
system. Most XAI techniques identified do not utilise an LLM and instead directly
interface or integrate into the AI model to extract the explanatory information. For
instance, Exploratory Data Analysis (EDA) tools aim to extract significant features of a
domain-specific model, where feature engineering is in place. Alternatively, a Teaching
Explanations for Decisions (TED) framework could be applied, to supplement training
data with user-based reasoning on a particular decision, which can then be combined
with the output from the model; or, for post-hoc approaches, a Local Rule-Based
Explanation (LORE) can be implemented that extracts a decision tree from the model
to infer the explanation by establishing the rules for what causes the decision to be
made along with the conditions for a reversal of the decision. These techniques either
return quantitative-based explanations or are built to be model-specific and do not
offer easily understandable, human-language responses. Additionally, the explanations
generated are single executions without the means of feedback or interaction, which

gives inherent benefits of using an LLM for XAI for a model-agnostic and language-
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based approach. The most prominent disadvantage of implementing an LLM, especially
a publicly accessible model, is the lack of insight into the training of the model and
where bias or fairness concerns may not be known or corrected prior to implementation.

One of the critical aspects to maximise the potential of LLMs is to optimise prompt-
ing, with a leading technique being chain-of-thought prompting. The technique involves
a series of structured textual reasoning steps that result in the final output [361]. The
intent of this process is to refine the performance from an LLM and generate better-
reasoned results, with the capacity for the LLM to synthesize its own chain-of-thought
prompting following an initial guiding prompt [362]. However, research into the so-
cial bias of LLMs has also shown that chain-of-thought generated explanations can
appear well-reasoned but actually contain misleading information, which inhibits the
establishment of transparency and trust [363].

Techniques like LRP as introduced in Chapter 2.4.4, Table reftab: Model-S Techs
provide explanations from the predictions of neural networks by assigning relevance
scores to the input features. It aims to understand the importance of each input
feature in contributing to the final prediction made by the model [194]. LRP works
by attributing the model’s predictions back to individual input features, providing
insights into which parts of the input are most and least relevant for making a particular
decision [364].

Researchers are exploring methods to build interpretable models by leveraging the
knowledge learned from LLMs. Augmented Interpretable Models (Aug-imodel), a re-
cently introduced technique that uses a LM to build an interpretable model but doesn’t
rely on the LLM during inference, ensuring transparency and efficiency gains in terms
of speed and memory [365]. It addresses limitations in existing transparent models
by incorporating world knowledge from modern LLMs, such as feature correlations.
The method includes two approaches: Aug-GAM, which enhances a generalised addi-
tive model with LLM-based decoupled embeddings, and Aug-Tree, which improves a
decision tree by generating enhanced features using an LLM.

Prototype networks for transformer language models, referred to as Prototypical-

Transformer Explanation (Proto-Trex), have the aim of providing explanations for the
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network’s decisions [366]. The study demonstrated that these prototype networks per-
formed on par with non-interpretable baselines for classification tasks across various
architectures and datasets. To enhance prototypical explanations, they presented a
novel interactive prototype learning setting named iProto-Trex, which took into ac-
count user feedback certainty.

The paper “Attention is not Explanation” discussed how attention mechanisms,
commonly used in transformer-based models, do not serve as adequate explanations
for model predictions [367]. Their results suggested that relying solely on attention
weights to interpret model behaviour may not provide meaningful insights into how
the model arrives at its decisions. Meanwhile, a paper by response, “Attention is not
not Explanation”, presents a counterargument to this claim, where they proposed four
alternative tests to assess when and whether attention can be used as an explanation.
These tests included a simple uniform-weights baseline, variance calibration based on
multiple random seed runs, a diagnostic framework using frozen weights from pre-
trained models, and an end-to-end adversarial attention training protocol. The authors
aim to gain meaningful interpretations of attention mechanisms in RNN models [368].

For XAI in recommender systems, research was conducted with the aim to provide
users with insights into product recommendations [369]. Their work emphasised the
need for a unified explanation method centred around the human perspective. They
later investigated user-centred explainability components, such as scope (global/local)
and format (text/visualisation), using a conjoint survey. Results showed a preference for
local explanations and visualisations over global ones, while lengthy textual interfaces
were disliked.

These examples represent the ongoing efforts to make LLMs more explainable and
interpretable. By incorporating XAl techniques, researchers are working towards en-
suring transparency and building trust in LLMs.

LLMs adoption for space applications has demonstrated their capabilities in several
research; one such experiment considered the capabilities of a Vision-Language Model
(VLM) through the comparison of different pertaining methodologies of a fine-tuned

Large Language and Vision Assistant (LLaVA) model against that of a zero-shot ap-
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proach through the generalist LLM GPT-4 and the original LLaVA model. It was
observed the LLaVA model outperformed GPT-4 and the base LLaVA model consis-
tently in visual problem-solving tasks, such as navigation pathfinding, highlighting the
advantage of tuning generalist models for domain-specific applications [370].

Another study implemented an LLM-based solution to the Kerbal Space Program
Differential Games (KSPDG), which is a competition for manoeuvring satellites au-
tonomously within a game engine. The KSPDG comprises three challenge scenarios:
Pursuer-evader, Target guarding, and Sun-blocking, requiring commands to be given
to a craft to achieve the objectives to minimise the distance to an evader craft or to
position the craft between the Sun and the evader. Using prompt engineering, few-shot
prompting, and fine-tuning techniques to maximise the performance of the LLM using a
GPT-3.5 approach at completing the challenge, achieving second place overall. Through
the experience of utilising the combined optimisation techniques, the study proposes
that generalist Large Language Models (LLMs) can outperform RL approaches as they
can thrive on limited data and simulations, which could be well suited to applications
within the space industry [371].

The potential impact space debris can have on future operations has been a grow-
ing concern and has resulted in the creation of inventories of objects in space, where
an investigation has undergone the use of LLMs in answering queries of these space
object catalogues. A recent study has evaluated six LLMs, including both GPT-4 and
ChatGPT-3.5, and investigated their ability to answer expert-derived queries on space
debris and objects utilising a bespoke dataset combining KQA Pro Dataset and ESA’s
DISCOS Database [372].

Additionally, data retrieval from the ESA Astronomy Science Archives was explored
by the ESA using ESA Virtual Assistant (EVA), an in-house developed LLM and
through the adoption of the Retrieval-Augmented Generation (RAG) architecture; their
search performance improved to near 100% accuracy as compared to zero and few-
shot techniques. As EVA is not open-source, its applicability must be validated using
generalist LLMs to determine the broader feasibility of RAG-based architectures in

space applications [373].

131



Chapter 6. Large Language Model application to Argumentation

LLMs have also been proposed for use in space medicine by combining healthcare
and space exploration interests. An article discussed the use of ChatGPT’s poten-
tial role in emergencies to provide medical advice in distant space environments where
expert consultation is unavailable. Through this experiment, the limitations were ac-
knowledged for being a generalist model in domain-specific expertise and, therefore,
would need to be fine-tuned to become a viable solution [374]. This notion is not
limited to healthcare but extends beyond to include other areas such as scheduling
updates, automating tasks, and operational decision support.

Despite the extensive research into the potential applications of Al systems in satel-
lite operations and task scheduling [307,375-379], explaining and validating AI deci-
sions within spacecraft operations remains a significant gap. Therefore, XAl is crucial
in addressing this issue, making it more transparent, interpretable, and trustworthy.

Bridging the gap between Al automation and human interpretability for satellite
scheduling, Computation Argumentation, as stated in Chapter 5, focuses on logical
reasoning through analysing and structured decision-making processes and identifying
relationships between influencing variables, such as time, available resources, and en-
vironmental conditions [380]. The frameworks developed to formalise argumentation
such as AAF, BAF, TAF [344,348,380], iAF [347], SAF [381] provide enhanced capabil-
ities for handling real-time scheduling constraints. However, for NLP based methods,
enabling semantic understanding of scheduling decisions and enhancing explainabil-
ity [382], complementing argumentation techniques is an underexplored area, leading

to the research within this chapter.

6.3 Methodology

Utilising the principles and constraints outlined in Chapters 3 and 5.3.2, a day was
randomly selected, excluding the first day when all variables were initialised. An argu-
mentation layer SEP was used to assess the capabilities of initially integrating LLMs
with this concept.

An overview of the process is shown in Figure 6.1, illustrating the role of NLP in

establishing communication between the end user and the system. This enables the
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user to submit a query related to the schedule, where the argumentation layer extracts
the relevant information from the scheduler. To provide a response to the user, the
data is initially structured in a list of arguments and passed to the LLM combined with

the query to generate an explanation.

Query .
End User > | CanAreplace B » | Argumentation
Y P
. P at time ¢ t, A Conflicts t, B Scheduler
= Arguments ' 20/10/2021
B Explanation ‘ . Enﬁgm Aattacks B [BP[Acion swr T o
b — No, it is not feasible for conditions at time t A 20/10/2014 08:00
; Z 20101 :
<= [Action A to replace actlon« Language « ~Memory after B is « g g?ng;gm ?? gg
Battime t. As the Model N N T /
- - Action A tried to ime t B 23/10/2014 12:00
J_ environmental conditions replace B -
are not suitable at the - Memory after A is ‘H
time for execution

Figure 6.1: The use of NLP in the system.

6.3.1 SEP application with the schedule

To provide a visual of the SEP concept with satellite scheduling for each time instance,
Figure 6.2 represents an overview of the memory profile across three different time
intervals (min, Mint+1, Min+2) and how the change works within an existing schedule.
In this figure, green denotes the scheduled action, while grey represents the actions
trying to take its place (attack). Additionally, the attacking actions are also under the
influence of constraints and external factors, shaded in blue for attacks and yellow for
supports.

At the time my;,, if a query was asked if an action could replace the scheduled action

ar, the potential attacks would be a,, and a4 based on whether there is:
1. enough memory onboard, enough visibility of land, and exposure to sunlight for
ap.
2. Access to the ground station and enough processed images in memory for ag.
As mentioned in Chapter 5.3.2, the replacement is only feasible on the condition
the memory profile hasn’t been exceeded at any point, and in this case, along branch a,
memories (Mjgn+1, and Mmjqnt2) respectively. This is similarly applied to m;gn+1, where

action a. is challenged by a4, a,, and a, once all the constraints and future memory

states are met for branch b for m;p,12, and m;p,43. Likewise for mjy, 4o for branch c.
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Figure 6.2: The functionality of SEP applied in 3 scenarios resulting in 3 different
memory branches with the initially scheduled actions (a, b and ¢) on the conditions
that the attacks are successful.

In the scenario where a, was to be replaced, the satellite coordinates and field of
view would be retrieved, using the methodology from Chapter 3.3.2, to determine the
next opportunity to recapture the image, enabling the system to inform the user when

this will be.

6.3.2 LM selection and hyper-parameters

At the time of this experiment, several LMs were investigated, such as Pathways Lan-
guage Model (PaLM), BLOOM, and GPT-3. PaLM was found to be cost prohibitive
and BLOOM was primarily focused on multi-linguistic capability, as such GPT-3 pro-
vided the most suitable results as a generalised LLM at the time of this experiment,

based on the literature and was therefore chosen with the following parameters:

Table 6.1: Hyperparameters used for GPT-3

hyper-parameters Values

model text-davinci-003
temperature 0.7
max_tokens 256

top_p 1
frequency_penalty 0
presence_penalty 0
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The parameters selected represent the configuration settings to alter the output
behaviour of the LLM. These parameters were chosen to achieve the best results through

iterative testing for interfacing with the SEP layer created.

6.3.3 Prompting approach

Implementing the prompting approach (the input text to the model), every prompt
consists of a query such as: Can action A replace action B at time T7 Here, the list
of arguments based on the constraints and the query is prompted to the LLM. Shown
in Figure 6.3 is a representation of the decision flow, where the query is processed by
the argumentation layer, where the conditions are verified, and where the conditions

are met, a revised memory profile is checked for the rest of the scheduled actions.
Query

—— Can A replace B at
time #?

[ _ v —
/ Argumentation N

Is the
environment e

for A at Schedule N
t satisfied?

Is memory at ¢ ves
satisfied if A is used-—
no instead?

Will there be a
breach in memory

at th?

o / I"\ L

Summary of status yes
- Maximum memaory
- Memory after B is

- sunlight/land/ground
satisfied
- Memaory after A is

>(Prompt))

-

NLP Layer - Explanations provided

Figure 6.3: Decision flow based on the constraints and environmental conditions for
generating prompts from the AA layer to establish an explanation based on the query
from the user
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Within Table 6.2, a few examples include user queries with the corresponding list
of example arguments provided, which is the baseline prompt used in this Chapter,
forming a Zero-Shot Learning (ZSL) approach (introduced in Chapter 2.5, where no
examples or guidance is provided). The LLM analyses the arguments with the query,
determines if an exchange is possible, and provides a justifiable explanation. Following
this, Few-Shot Learning (FSL) (also introduced in Chapter 2.5, where a small number
of examples are provided), was investigated with three and ten examples created by
the authors in the format of query, arguments, examples to provide a reference for the

model to improve explanation accuracy.

Table 6.2: Argumentation Prompt Examples

Query Arguments

- The Processing action was initially scheduled
- Processing image number 2928.29
- Memory for the scheduled action is 1804098 MB

Can the Image taking action - Image taking action tried to replace Processing action

replace the Processing action - Land is satisfied

at time 747017 - Sunlight is satisfied

- The memory after Image taking at time 74701 would be 1806536 MB
- The memory would have exceeded at time 79106 with a value of 1920094 MB
- Maximum memory is 1920000 MB

- The Processing action was initially scheduled

- Processing image number 3012.56

- Memory for the scheduled action is 1391638 MB

- Down-linking action tried to replace Processing action
- No access to the ground station

- Maximum memory is 1920000 MB

Can the Down-linking action
replace the Processing action
at time 817527

- The Processing action was initially scheduled
- Processing image number 2216.8
- Memory for the scheduled action is 1232350 MB

Can the Image taking action - Image taking action tried to replace Processing action
replace the Processing action - Land is satisfied
at time 276467 - Sunlight is satisfied

- The memory after Image taking at time 27646 would be 1234788 MB
- The memory would have exceeded at time 79106 with a value of 1920094 MB
- Maximum memory is 1920000 MB

6.3.4 Dataset and Evaluation Metrics

Fifty queries were created, each with its own set of arguments and answers created by
the authors as a ground truth response to evaluate the LLMs output. For FSL, ten

additional queries with their arguments and answers were generated.
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To evaluate the response from the LLM, five metrics were applied:

« BLEU: A precision-oriented score that measures n-gram overlap between gener-

ated and reference text [383].
o ROUGE: A recall-oriented metric assessing n-gram and sequence overlaps [384].

e« BERTScore: A token-level similarity measure using contextual embeddings and

summing their cosine similarities [260].

o Sentence-BERT (SBERT) Score: A sentence-level similarity metric using cosine

similarity between embeddings [385].

e Human Evaluation: Three annotators assessed generated explanations for correct-

ness and completeness using a rating scale adapted from best practices in [386].

Where BLEU and ROUGE both focus on syntactic matches, where two transformer-
based measures were applied based on token-level and sentence-level embedding [384].
Human evaluation, however, analyses the data more in depth for the quality of the
response. In [387], four annotators assessed the factual accuracy of 30 generated facts,
where the mean of these scores was correlated to the ROUGE and internal evaluation
metric. These metrics have a similar score where 1 represents the highest and best
results, while 0 represents the lowest and worst results.

The data evaluated by humans were under the following criteria shown in Table
6.3 according to best practices mentioned in [386], which were modified for this chap-
ter. The quality of the text was based on the accuracy and the quality of the model

deduction.

Table 6.3: Scoring scale (end result: normalise average score)

Points Justification

3 The model’s deduction is correct, and its explanation leverages all relevant
environmental and memory parameters.

2 The model’s deduction is correct, but its justification is partial and lacks ref-
erence to all the relevant parameters.

1 The model’s deduction is correct but its justification is wrong, it either lacks
to reference the relevant parameters or makes a faulty usage of them.

0 The model’s deduction is incorrect.
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6.4 Results

Scores were obtained for the three different prompting approaches: ZSL, few-shot with 3
(FSL-3) and 10 examples (FSL-10) and shown in Table 6.4. For the different prompting
approaches, a trend was observed that as the number of provided examples increases

for FSL, so does the performance across all evaluation metrics.

e Human evaluation assessment demonstrated an increase in explanation quality
between the ZSL and FSL approach, with the highest mean score of 0.84 for
FSL-10 as opposed to ZSL with a score of 0.53.

o BERTScore, and SBERT (Semantic Metrics) showed that the semantic richness
was better captured as more examples were provided, even though the increase is
marginal, suggesting the semantic similarity stabilises within a certain range of

examples.

o BLEU, and ROUGE (Syntactic Metrics) produced the lowest scores across all
settings (except SBERT for FSL-10 compared to BLEU). These performance
gaps indicate that the metric was less reliable for evaluating explanation quality.
This is due to the text generated by the LLM often using synonyms or different

words to the ones found in the target text.

Table 6.5 displays the explanations automatically generated with FSL-10, and their
respective scores, for the prompts presented in Table 6.2. As shown in this table,
the syntactic metrics reflect poorly on the quality as their scores depend on the tokens
contained in the target text, and not on the meaning of the target explanation. Overall,
the BERTScore and SBERT align more closely with the human evaluation metric,
showing a more trustworthy assessment of informativeness. The human evaluation
remained the most reliable, though it may be time-consuming as opposed to automated
metrics.

While GPT-3 demonstrated factual accuracy of 90% of the queries with ZSL by
correctly stating if the exchange of actions was feasible, it showed an accuracy rise to

96% with the FSL method. The model exhibited an impressive understanding of the
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Table 6.4: Average scores and standard deviation (subscript) obtained for each evalu-
ation metric and prompting approach.

Approach BLEU ROUGE BERTScore SBERT Human
ZSL 0.560.14  0.370.11 0.830.03 0.730.1  0.530.08
FSL-3 0.68¢.15 0.41p.12 0.850.03 0.720.12 0.830.12
FSL-10  0.74912  0.43009 0.860.02 0.7301  0.84000

Table 6.5: Examples of explanations generated by the GPT-3 model with the few-shot
learning 10 examples approach

uer, Target Text Generated Text Scores
Yy g
Th ) aql . 3 7as Y
be (;ep rlzzz;&];lg i?r?ztxlogl t:i:nitt:;;ﬂi(ﬁ tfn No, the image taking action cannot
. . p s .y g¢ taking, . & replace processing at time 74701 BLEU: 0.65
Can the Image taking a violation of the memory constraint
action replace the with a saturation at time 79106 because the memory after ROUGE: 0.34
P . . . . the action would exceed the BERTScore: 0.83
Processing action thus meaning processing was critical .
. s . maximum memory at a later SBERT: 0.5
at time 747017 for this time. The two constraints at . .
. s e time. Therefore, the processing Human: 0.78
the time of the attack were initially satisfied, L .
P action is not feasible to be replaced.
but the exchange was infeasible.
No, it is not feasible to replace
the Processing action at time 81752
with a Dowl%—hnkln.g actlon: . No, the down-linking action cannot
The Processing action was initially . .
s . replace the processing action BLEU: 0.40
Can the Down-linking scheduled for Processing image .
. . . at time 81752 as there ROUGE: 0.51
action replace the number 3012.56 and with a scheduled .
. . o is no access to the ground BERTScore: 0.88
Processing action memory of 1391638 MB. With no X .
R . station. Therefore the processing SBERT: 0.90
at time 817527 access to the ground station and . . .
action will continue to Human: 1
no change to the scheduled memory, rocess image nimber 3012.56
it would not be possible to replace p & o
the Processing action with a
Down-linking action.
At time 27646, the memory
It is not feasible for image taking to after the image aking action
replace processing at time 27646. would be 1234788 which is BLEU: 0.81
Can the Image taking It is initially possible with both below the maximum memory. ROU GE 0.42
action replace the sunlight and land satisfied, however, However, later at time 79106, BERTSc.or(; 084
Processing action due to the memory being exceeded the memory would be exceeded SBERT' 0 7'4 ’
at time 276467 later at time 79106, it is resulting in an infeasible result Human'. 0489

no longer possible for this
action to take place

which means, image taking cannot
replace the processing action
at time 27646.

domain-specific terminology despite the variations in the quality of the explanations,

as shown in Tables 6.6 and 6.7.

The main observations from the three human evaluators are:

e Temporal Reasoning: Due to the FSL approach demonstrating a greater under-

standing of the concept of time, including whether memory constraints will be

violated and image retaking opportunities.

e Linguistic Complexity: ZSL and FSL-3, they revealed an inclination to reuse the
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Table 6.6: Examples of text generated by the GPT-3 model with different learning
approaches .

Query Arguments Approach Outputs Score
The down-linking action can replace image taking at
time 56661. The ground station is accessible, thus
Target: enabling the downlinking of image 254063 to take
Can the . ) . place. If down-linking was to take place instead, the
Downlinking . The 1lllage—taklng action was image retake times would be on day 6 at 57251 and
action replace initially scheduled. 57256 to retrieve the image that was replaced.
Image taking o Land satisfied for the scheduled
action at time action Yes, the Down-linking action can replace the Im-
566617 « Sunlight satisfied for the age taking action at time 56661. The memory af-
scheduled action ter downlinking at time 56661 would be 724210 MB BLEU: 0.58
i and the image number that would be downlinked ROUGE: 0.33
° Mcmory for the scheduled action  zgy, is 2540.63. The satellite coordinates are latitude BERTScore: 0.82
is 729698 MB 67.027671, longitude -60.361479 and the image re- SBERT: 0.74
« Down-linking action tried to take times are day:6 time: 57251 and day:6 time: Human: 1
replace Image taking action 57256. The maximum memory available is 1920000
o Ground station access MB.
° Thc. memory after Down-linking Yes, the down-linking action can replace the image-
at time 56661 would be 724210 taking action at time 56661 as the memory would BLEU: 0.72
MB not be saturated, and ground station access is avail- ROUGE: 0.39
« The image number that would FSL 3: able. The image number that would be downlinked BERTScore: 0.87
be down-linked is 2540.63 is 2540.63 and the next opportunity for image retake SBERT: 0.64
+ The satellite coordinates are: at latitude 67.027671, longitude -60.361479 is on day ~Human: 0.89
latitude 67.027671, longitude 0 at thme 57251
-60.361479’, and image retake
21;121;(;?6(‘(112?66 . ti:ig:e‘57256’). AIt is feasible for down-linking toAreplace image tals- E{I(S%Iéé)z)s 41
) ) FSL 10: ing, as the memory would remain below the maxi- BERTScore: 0.92
o Maximum memory is 1920000 mum memory. The next opportunity for this image
MB to be retaken is on day 6 at time 57251. SBERT: 0.72
Human: 0.78
Target: The exchange was initially possible at time 33816
Can the Image « The Processing action was but the memory would later be exceeded at time
taking action initially scheduled 79106 therefore making it infeasible to do the ex-
replace the N change.
Processing o Processing image number
action at time 2297.53
338167 « Memory for the scheduled action No, the Image taking action cannot replace the Pro- BLEU: 0.53
is 1198358 MB cessing action at time 33816. The memory after In- ROUGE: 0.34
ZSL: age taking at time 33816 would exceed 1920000 MB BERTScore: 0.84
+ Image taking action tried to after 79106, which exceeds the maximum memory SBERT: 0.71
replace Processing action allowed. Human: 0.33
o Land is satisfied
« Sunlight is satisfied No, the image taking action cannot replace process- BLEU: 0.69
« The memory after Image taking ing at time 33816 because the memory would exceed ROUGE: 0.40
at time 33816 would be 1200796  FSL 3: the maximum allowed at time 79106. Therefore, it BERTScore: 0.80
MB is not feasible for the image taking action to replace SBERT: 0.67
the processing action. Human: 0.67
o The memory would have
exceeded at time 79106 with a
value of 1920094 MB At time 33816, the memory after the image taking
action would be 1200796 which is below the max- BLEU: 0.75
+ Maximum memory is 1920000 imum memory. However, later at time 79106, the ROUGE: 0.44
MB FSL 10: memory woulll be exceed,ed resulting in an irléeasi— BERTScore: 0.83
° SBERT: 0.73

ble result which means, image taking cannot replace
the processing action at time 33816.

Human: 0.67

arguments in their explanations as opposed to FSL-10, where the approach effec-

tively captured and reformulated the arguments with more complex vocabulary

and varied phrases.
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Table 6.7: Continuation of examples of text generated by the GPT-3 model with dif-
ferent learning approaches.

Query Arguments Approach Outputs Score
Target: Image taking cannot replace processing at time 7416.
Can the Image « The Processing action was This is due to sunlight not being satisfied, as a result,
taking initially scheduled leaves the memory is the same and no changes made
action replace to the scheduled action.
the o Processing image number
Processing 2000.28
action « Memory for the scheduled action No, Athe Imz?ge takm‘g action cannot replace tl}e Pro-
at time 74167 . cessing action at time 7416. The Processing ac-
is 1674702 MB . R . BLEU: 0.59
tion was initially scheduled and the memory for the ROUGE: 0.39
« Image taking action tried to scheduled action is 1674702 MB, which is greater —
ZSL: R . BERTScore: 0.84
replace than the maximum memory of 1920000 MB. Addi- SBERT: 0.75
Processing action tionally, although the land is satisfied, the sunlight H man'v 03;)
. . is not, which may prevent the Image taking action u o
o Land is satisfied - N . .
from replacing the Processing action.
o Sunlight is not satisfied
o Maximum memory is 1920000 BLEU: 0.65
MB No, the image taking action cannot replace process- ROUG‘E'A 037
ing at time 7416 because sunlight is not satisfied o
FSL 3: A . . BERTScore: 0.83
which is a requirement for the action to be executed. SBERT: 0.66
Therefore memory is the same. Human: 0.78
No, the image taking action cannot replace the pro- BLEU: 0.66
cessing action at time 7416, because even though ROUGE: 0.38
FSL 10: land is satisfied, sunlight is not which is a require- BERTScore: 0.85
ment for the action to be executed. Therefore mem- SBERT: 0.68
ory will be unaffected. Human: 1
Target: It is not feasible to replace the processing action at
Can the « The Processing action was time 7271 with the down-linking action, as there is
Down-linking initially scheduled no access to the ground station. Therefore, the mem-
action replace ’ ory remains the same, and the initial action will pro-
the o Processing image number ceed.
Processing 1997.58
action + Memory for the scheduled action - .
at time 72717 o ; No, the Down-linking action cannot replace the Pro-
is 1667452 MB . . . . . BLEU: 0.52
cessing action at time 7271. The Processing action .
S . . . S ROUGE: 0.36
o Down-linking action tried to requires 1667452 MB of memory, which is greater .
. . ZSL: . . BERTScore: 0.85
replace Processing action than the maximum memory available (1920000 MB). SBERT: 0.76
. . Additionally, the downlinking action cannot be per- e
« No access to the ground station . . Human: 0.33
formed without access to the ground station.
« Maximum memory is 1920000
MB o )
No, 'the DQWn-llnlflng action cannot replaFe the Pro- BLEU: 0.71
cessing action at time 7271 because there is no access ROUGE: 0.43
FSL 3: to the grgul}d station and the fnemory ‘1s already sat- BERTScore: 0.86
urated. This means that the image will not be able SBERT: 0.74
to be downlinked and the memory will remain the o
Human: 0.33
same.
L 075
No, the down-linking action cannot replace the pro- g?)%lé}g 'T; 16
FSL 10 cessing action at tl.mc 7271 as thcr40 is no access proma 089
to the ground station. Therefore, image number SBERT: 0.70
1997.58 will proceed to be processed. L
Human: 1

e Conceptual understanding: The FSL-10 approach effectively captured subtleties

of constraints such as resource availability and revisit times as compared to ZSL

and FSL-3.

e Ambiguities: The ZSL approach often generated confused statements regarding
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the processing action (a,), with the allocated memory.

Three tables, 6.8, 6.9, and 6.10, further represent the average scores obtained for
each learning method per type of query. The queries involved replacing Processing
(ar) with Downlinking (a4) generated the lowest scores for ZSL and FSL-3 as shown
in the fourth example of Table 6.7 due to the memory triggered in the model by the
word processing. It was observed that the overall average score for ZSL was 1.64,
2.68 for FSL-3, and 2.52 for FSL-10. This demonstrates that providing even a small
number of examples does improve the overall performance of a model, but increasing
the number of examples may not continue to improve performance. Furthermore, ZSL
narrowly out performed FSL-10 in 3 of the 9 query categories (replacing imaging with
down-linking or processing, and replacing idle with processing), which highlights the
inherent capabilities of a model to interpret data and queries without guiding examples,

albeit unreliably.

Table 6.9: Average score per user query

Table 6.8: Average score per user query with the Few-Shot (3 examples) ap-

with the Zero-Shot approach

proach
With . . .
Replace Tmaging Down-linking Processing With Imaging Down-linking Processing
Imaging - 2.2 23 Replace
Down-linking 1 - 1.9 Imaging - 2.8 2.7
Processing 1.6 0.9 - Down-linking 2.9 - 2.9
1dle 1 1 2.9 Processing 2.5 1.9 -
Idle 2.7 2.7 3

Table 6.10: Average score per user query with the Few-Shot (10 examples) approach

Replace With Imaging Down-linking Processing
Imaging - 2.1 21
Down-linking 2.6 _ 21
Processing 2.7 2.6 _
Idle 27 3 9.8

6.5 Conclusion

Using AA and NLP for XAI for implementation on an EO Satellite Scheduling system
has demonstrated significant potential for explaining scheduling decisions. Initially,

when a query is retrieved by the system from the end user, a list of arguments is gener-
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ated by the AA from SEP. A list summarising the schedule constraints and the status
of the schedule for the query, along with the query itself, was prompted to the LLM
(GPT-3 at the time of this study) within the NLP layer with no examples (ZSL). The
conditions of the AA layer were also prompted with the examples using a FSL approach
with three examples (FSL-3) and ten examples (FSL-10). The model responded by pro-
viding both an answer to the query and an explanation, demonstrating its ability to
process space systems-related queries despite being developed on the general corpus.
The results for FSL-3 and FSL-10 produced contextually rich and more accurate
explanations than ZSL. Overall, the approaches achieved high accuracy in answering
the questions about the feasibility of an exchange of actions. Therefore, confirming the
capabilities of NLP driven methods in enhancing decision transparency, especially when
combined with information from an AA for decision context. This research has opened
future opportunities in exploring more AFs to expand the diversity and complexity
of queries for different datasets, enhancing explanation depths and creating a more

detailed analysis of explanation quality for XAl for satellite schedules.

143



Chapter 7

Large Language Model
application to Knowledge Graphs

7.1 Chapter Overview

This chapter is focussed on the use of KGs with LLMs for satellite scheduling derived
in Chapter 3, it evaluates LLMs compatibility with KGs for generating executable code
through understanding queries of different categories and data extraction from tabular
results returned from the KG to then generating an appropriate response to the query.
This chapters contents were adapted from “Question answering over knowledge graphs
for explainable satellite scheduling” from the proceedings proceedings of the Interna-
tional Astronautical Congress (IAC) 2023 [41], and the extended version published in
the Journal of Aerospace Information Systems of the American Institute of Aeronautics
and Astronautics (AIAA) in 2025 [43] [Peer-reviewed].

The chapter consists of four sections:

o The Literature Review (7.2) contains a brief review of the research on KGs used

with LLMs and the broad range of applications.

o The Methodology (7.3) outlines the process for the experiment, including the
configuration of the LLM and KG along with the design of the prompts used to

generate results. The metrics used to evaluate performance are also explained.
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o The Results (7.4) are examined to assess for capabilities and patterns in perfor-
mance, in addition to considering the difference when including examples within

the query prompt.

o The Conclusion (7.5) discusses the findings from the results and observed capa-

bilities, as well as the future opportunities that exist for further research.

7.2 Literature Review

As described in Chapters 2 and 3, satellite scheduling is a crucial aspect of designing
and implementing a successful mission for any satellite. As the operation and schedul-
ing for satellites becomes more complicated, the potential benefit of implementing Al
solutions to supplement or replace manual processes becomes greater as well. There-
fore, as identified in Chapter 2.3.1, research has begun to explore the capabilities of Al
for satellite missions, investigating where more data or faster solutions can be achieved;
however, the use of LLMs to assist with interface and explanation has seen little atten-
tion. Other disciplines have investigated the potential capabilities and enhancements
to LLM reasoning by integrating KGs into the approach, namely open-domain question
answering [388], link prediction [389], and recommendation generation [390].

Liu et al. investigated a novel framework called Dual-Reasoning [388], combining
the explicit reasoning of KGs and the implicit reasoning of LLMs. This was achieved
through an integration process linking a dedicated Graph Neural Network (GNN) with
an LLM to enhance question answering capabilities for any query domain. The study
tested the performance with 3 different LLMs (Llama2, ChatGPT, and GPT-4) and
found that performance improved unilaterally across the 5 tested datasets, enabling
much more accurate and consistent responses when compared to stand-alone LLMs.

A study by Shu et al. explored how KGs influence link prediction by directly com-
bining KGs and LLMs into a single model, introduced as KG-LLM [389]. The approach
was tested with 3 different LLMs (Flan-T5, Llama2, and Gemma) and demonstrated
that a KG-LLM would outperform other LLMs in F1 and AUC metrics, emphasising
the potential benefits of combining KGs with an LLM.
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Another study, from Rasheed et al. [390], took a simply yet effective approach
of supplementing GPT-4 prompts with contextual and structural information from a
KG. Even without technical integration between the the KG system and the LLM,
the contextualised prompts produced better scores for F1, Precision, and Recall then
the LLM without the support from the KG. This highlights that sophisticated or deep
integration between systems may not be necessary to improve response performance
and minimise technical overhead.

Various techniques have been employed in research to combine KGs with LLMs,
including Knowledge-Enhanced Prompting (as outlined in the studies by Rasheed et
al. [390] and Li et al. [391]); dynamic adaptation multi-hop link predictions, which was
applied by Wang et al. by initially using Markovian searching to identify temporal
logical rules from KG data that was then supplied to the LMM to generate a ruleset.
The dynamic adaptation was achieved by prompting the LLM to challenge the ruleset
and update any low-quality rules followed by the model producing two candidate re-
sponses - one based on the ruleset and the other based on the KG data, which are then
aggregated and the LLM selects the best response to the query [392]; dual-reasoning,
introduced in the study by Liu et al as explained above, combining the strongest rea-
soning capabilities of both KGs and LLMs to produce more accurate responses [388];
and beam search process as examined in the study by Cao et al, which explains their
process as the LLM determining the most appropriate path for reasoning logic based
on information provided by KGs. The LLM will iteratively prune and progress through
the available KG data in answer a query, conducting multiple searches whenever ad-
ditional information is required [393]. As one of the fundamental challenges with Al
solution adoption for space mission applications is developing trust and interpretability,
the creation of an XAI solution, through the utilisation of an LLM, was necessary to
facilitate interaction between Al systems and human operators, which can be enhanced
through the introduction of KG data.

Using the problem introduced in Chapter 3, a study was conducted to measure
the performance of a generalist LLM in answering questions on satellite schedule data

and logic, through self-extracting tabular data from a KG. The structure, schema, and
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function of the KG are fully explained in Chapter 4. Many studies have investigated
the benefits of pre-training, prompt optimisation, and model fine-tuning; therefore, this
experiment intends to document the performance of a non-specialist and non-optimised
LLM to provide insight into what can be achieved with minimal development and prepa-
ration. Additionally, the approach was designed to maximise the number of automated
steps that could be implemented to establish a self-contained processing capability with
minimal requirements for human intervention for effectiveness. The LLM in this chap-
ter was used for the generation of queries, the extraction of data from a KG, and the
answering of queries on a satellite schedule. The results and performance were then
assessed for correctness, similarity, validity, and language quality. This provided a
broad analysis of how generalist LLMs can perform on domain-specific topics, without

conducting optimisation or fine-tuning techniques.

7.3 Methodology

A methodology was designed to derive textual explanations on schedule data instances
from user questions in natural language. Figure 7.1 depicts a graphical overview of
the proposed approach, broken into three main modules (A, B, and C), followed by an
assessment of the generated results.

LLMs have three applications in the method proposed here: for creating a bench-
mark of natural language queries to use as prompts for the generation of the expla-
nations, to generate code for each query for the creation of the knowledge graph and
last, to derive the requested explanations using the output from the queries created,
and the generated KG incorporating the constraints of the problem (that have been
introduced in Chapter 3.3). OpenAl’'s GPT-4 was selected as the LLM model due to its
ability to generate a sufficient number of tokens. The few-shot learning approach was
chosen as the prompting strategy, alongside an established API connector to facilitate
the streamlined execution of the experiment. All prompts used through the experiment
are located in Tables 7.1, 7.2, 7.3.

Algorithm 4 outlines the automated Python-based process, aligned with Figure 7.1,
that combines GPT-4, Google Sheets API, and a local TypeDB server to process the
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Figure 7.1: Overview of the experiment approach showing LLM use in KG query cre-
ation (A), code generation for data extraction (B), and explanation assessment (C),
with colour-coded shading.

graph generation of all results. The results were documented in individual sheets of

the Google Sheets file, each specific to every query category, code iteration, prompting

approach, and extracted tabular data.

Algorithm 4 Process for generating questions and answers using KGs with LLMs for
satellite scheduling

1:

11:

Prompt the LLM with satellite schedule and example queries for query creation
(outlined in Section 7.3.1).
while Query is invalid ! do
Provide human feedback to update the prompt
end while
Prompt the LLM with coded examples, and the generated Query for code generation
(outlined in Section 7.3.2).
while Code inexecutable do
Provide error to update the prompt with an optional human input
end while
Generate the KG and tabular results
Prompt the LLM with the combined tabular results, problem constraints and query
(outlined in Section 7.3.3).
Generate and assess the response (outlined in Section 7.3.4)

'Incorrect data that isn’t reflected in the schedule. For example, the LLM selects actions for

specific times that have not been scheduled for those times or suggested times that aren’t correct in
the schedule.

Initially, human interaction, also known as human in the loop, was necessary to
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assist in creating relevant and suitable queries for the scheduling requirements. Once the
schedule conditions were achieved, these queries were translated into executable code.
This ensured the queries were accurate and aligned with the scheduling constraints and
would produce data to allow for explanations.

Following the code creation by the LLM for the generation of the KG, in the event
the code was identified as non-executable, an automated feedback loop was triggered,
prompting further refinement and adjustments to ensure executability. This loop had
the option to return the output error to the LLM for code regeneration or for the human
to intervene and customise feedback in order to regenerate the code. Furthermore, the
authors manually validated the LLM generated executable code to ensure the necessary
data was available to answer the query. This iterative code generation and feedback
process was required to develop a robust and reliable process.

The results are organised and populated in tabular form once the KG has been cre-
ated. This data was then interpreted by the LLM, including the initial query and prob-
lem constraints. Two different prompt approaches were used to generate explanations
for the query, one of which included an example human-written answer, and the other
did not include any example answers. The LLM’s explanations and interpretations,
categorised as example-driven local post-hoc natural language explanations [394, 395];
this was determined by the example-based prompting approach, applied to this specific
model. The responses underwent an assessment process to measure the correctness,
validity, BERTscore, and cosine similarity, which is explained in detail in Section 7.3.4;
the approach in assessment combines both human and machine-derived analysis, ad-
vancing on previous natural language explanation assessments [396]. An example of

the overview of this process is presented in Figure 7.2

7.3.1 Query Creation

A benchmark of queries in natural language needed to be created to effectively validate
the method proposed. This was to create a simulation of real-world queries that GSOs
could ask but was chosen to be generated through the LLM to remove unconscious bias

the authors could introduce in manually written queries, and therefore, the accurate
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Figure 7.2: An example process for prompting an LLM to generate executable code for
retrieving data to facilitate an explanatory response to a decision query.

interpretation of data by the LLM is essential for generating questions pertinent to the
satellite schedule. The tabulated scheduled data encompassed over 17,000 distinct time
intervals across a 24 hr time period, each associated with corresponding actions, and was
provided to the LLM to ensure the types of questions created correlated to the schedule.
A categorisation strategy was employed, where four distinct categories of questions were
defined for the scheduling problem at hand. For each category, explicit prompts, along
with two illustrative query examples, as shown in Table 7.1, were provided as few-shot
learning mechanisms to learn the task of paraphrasing alternative queries from the
same family.

The process was conducted under supervision to generate 20 questions for each
category, creating a total of 80 across all categories. In instances where the authors
expressed dissatisfaction in the generation, where a misunderstanding of the scheduled
data occurred, constructive feedback was provided. This feedback mechanism enabled
the LLM to refine or recreate the questions, aligning them more closely with the sched-
ule. This iterative feedback loop was aimed at enhancing the precision and relevance
of the generated questions in accordance with the satellite schedule. An overview of
this process is shown in Figure 7.1, module A.

The four query categories are:

e Swap actions - For any replacement of a scheduled action with one of the other

possible actions.
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Table 7.1: Table reporting example queries used in the prompt as a few-shot learning

strategy.

Prompt used across all categories

Query
Categories

Few-shot Learning Queries

e There are 3 actions:
Taking of images, Processing of
images, Downlinking of images, and
‘idle’ is created when no other
actions can occur.

e Any of these actions can replace
another within a satellite schedule
apart from itself; the start times are
shown in the file provided
schedule__data.

¢ Note that idle cannot replace
another action, but can be replaced.

¢ The column titled “Scheduled
action” represents the actions
scheduled with
the respective time shown in the
column labelled start time.

e The numbers for the Scheduled
actions represent: 1 for processing, 2
for downlinking, 0 for taking of
images, and -1 represents idle.

e Here are 2 examples of types of
questions
See Query Categories

e Can you make 20 questions similar
to the example questions
using actual times and actions?

Swap actions

e Can A replace B at time ¢7

¢ What would happen if C' was sched-
uled instead of B at time ¢7

Create questions for the exchange of actions
in a single satellite schedule

ingl
Sn.lg e. e Can action A be added at time ¢ after
Substitution . ¥
action B?
e Is it possible for action C to be re-
moved at time ¢?
Create questions for the addition or removal
of any action to the schedule.
Verification o Is it possible for action A to occur at

time 7

o How many times is action B scheduled
up to time t?

Create questions to verify actions in a
schedule for a satellite.

Forward and
Backward
analysis

e Will the memory capacity be ex-
ceeded at time ¢17

¢ What happened after action C at
time ¢-1 with the memory?

Create questions for analysing historical
and predictive data in a schedule for a satel-
lite.

e Single Substitution - For the addition or removal of any action in the schedule.

e Verification - For validating the possibility of an action being executed.

o Forward and Backward analysis - For analysis of past or future conditions.

The prompt statement for generating the queries was shared across all query cat-

egories, with the exception of the inclusion of the few-shot learning examples that are

tailored for each category. These query categories were selected to represent real-world

queries an operational system may be asked by a human operator to help understand

why particular decisions were made or could not be made.
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7.3.2 Code Generation

To ensure the relevant information is available for extraction from the KG by the LLM,
a universal prompt was applied across all query categories to assist the LLM in creating
executable code to generate the KG. This prompt is detailed in Table 7.2, where sample
queries were provided with the respective code and syntax necessary to generate the
representative KG that includes the data required to answer the query (note: symbols
such as ‘$” are used as variables, a requirement for TypeDB as stated in Chapter 4.4).
The type of KG used in this thesis is TypeDB, as this KG format was found to provide
a balance between graphical clarity and data provision [321,397].

The returned code was automatically used to generate the KG, and the data was
extracted in tabular form and provided to the LLM to complete the query response.
However, where the generated code was not executable, an error message was collected
and fed back to the LLM as an additional prompt with an optional human intervention
to provide feedback, and an updated code was requested; this process (highlighted green
in Figure 7.1, module B) would continue until an executable code was returned, with
each iteration step recorded. The code generation for all questions across all categories
was completed three times to observe the pattern and consistency in the performance

of the LLM.

7.3.3 Explanation Generation

After retrieving the tabulated data from the KGs, an extensive process was undertaken
to incorporate the various constraints of the scheduling problem into the question-
answering framework, enabling the LLM to effectively address the original queries.
These constraints encompassed conditions such as light exposure, available onboard
memory, access to ground stations, and land visibility. Additionally, precise definitions
of all acronyms and the standardised format of time were included in the prompts to
ensure consistency and clarity.

The alignment process involved synchronising the KG outputs with the generated
queries, ensuring that the prompts accurately reflected the necessary constraints and

conditions. This step was required for guiding the LLM to understand not only the
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Table 7.2: Few-shot data sample used for GPT-4 for code generation

1
Prompt used across all categories Zir;gez Few-shot Learning Sample Answers
‘What would match $st = 2020-12-03T00:00:26;
e This is a template code using TypeDB to ex- | happen if tak- $a isa action, has name $n, has a_ timestamp $at;
tract and get all data from a dataset created | ing of images $ret isa Sret-type;
for a schedule to create a knowledge graph. | was scheduled {$n contains ‘processed’; $x isa processed, has $ret;

If there is a question asking for an explana-
tion, only create a code for the Knowledge
Graph. This template is fixed and only the
variable definition and the ‘get’ statement can
be amended

but must maintain the same variable labels.

o All variables in the questions should be defined
at the beginning, after the “match” clause:
For example. What would happen if time was
26 seconds?

Time would be written like this 2020-12-
03T00:00:26;

Using the same year-month-day and time for-
mat.

* Note:

$st should only be used if the question specifies
it, otherwise it should be removed. Addition-
ally, if there are any questions with a range of
variables (you should use the start time ($st)),
the same variable should be used and written
like this:

$st >= a; $st <= b;

e Also if there is a question stating how many
times it is possible for ‘a’, the “count” state-
ment should be written after the “get” state-
ment for example, how many times is the
ground station accessible?
$g isa ground_ station, has access $ac;
get $ac; count;

¢ Additionally, when asked about MB, multiply
by 1000000.

o All times requested are in seconds for the fixed
day of 2020-12-03, so they must be converted
to the correct format for example time 2251 is
written as 2020 12-03T00:37:32

o If there is a question about swapping actions,
at a specific time, only consider the conditions
for that specific time by using the exact exam-
ple below.

o Create a knowledge graph based on the ques-
tion and the code template provided.
If you need to check other times, feel free to
do so and include it in the range.

instead of pro-
cessing of images
at the time of 26
seconds?

$ret-type type pr_in_memory;} or

{$n contains ‘image’; $x isa image, has $ret; $ret-
type type im in memory;} or

{$n contains ‘idle’; $x isa idle, has $ret;} or

{$n contains ‘downlink’; $x isa downlinked, has $ret;
$ret-type type total sent;};

$pt($x,$mem) isa contents;

$g isa ground__station, has access $ac, has $id;
$env isa environment, has land_visibility $lv, has
daylight $d, has latitude $lat, has longitude $lon;
$sat isa satellite;

$mem isa memory_ unit, has current_ capacity $cc,
has $id, has max_ capacity $max;

$t($a,$sat) isa schedule;

$1($mem,$sat) isa installation;

$sa($g,$env) isa station access;

$loc($sat,$env) isa localisation, has start $st, has
end $en;

get $n, $at, $ret, $pt, $ac, $lv, $d, $lat, $lon, $1, $sa,
$t, $loc, $id, $mem, $g, $cc, $max, $st, $en;

Can taking of im-
ages be added at
38 seconds after
processing at 26
seconds?

match $st >= 2020-12-03T00:00:26;

$st <= 2020-12-03T00:00:38;

$a isa action, has name $n, has a_ timestamp $at;
$ret isa Sret-type;

{$n contains ‘processed’; $x isa processed, has S$ret;
$ret-type type pr_in_memory;} or

{$n contains ‘image’; $x isa image, has $ret; $ret-
type type im_in_memory;} or

{$n contains ‘idle’; $x isa idle, has $ret;} or

{$n contains ‘downlink’; $x isa downlinked, has $ret;
$ret-type type total sent;};

$pt($x,$mem) isa contents;

$g isa ground_station, has access $ac, has $id;
$env isa environment, has land_ visibility $lv, has
daylight $d, has latitude $lat, has longitude $lon;
$sat isa satellite;

$mem isa memory unit, has current_ capacity $cc,
has $id, has max__capacity $max;

$t($a,$sat) isa schedule;

$1($mem,$sat) isa installation;

$sa($g,$env) isa station_access;

$loc($sat,$env) isa localisation, has start $st, has
end $en;

get $n, $at, $ret, $pt, $ac, $lv, $d, $lat, $lon, $1, $sa,
$t, $loc, $id, $mem, $g, $cc, $max, $st, $en;

nature of the query correctly but also to consider the context and limitations within

which the scheduling operates. The comprehensive set of constraints provided a sys-

tematic framework for the LLM to analyse the data and generate informed responses.

The detailed list of constraints is located in Table 7.3.
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To further evaluate the influence of example-based prompting, the LLM was prompted
to answer each query twice - once with a human-written example answer and once
without any example answer given, generating two responses for every query. The
human-written examples were specific to each query category and are listed in Table
7.3. This was performed to measure the influence that providing example answers can
have on the performance and comprehension of the LLM. The queries and categories
remain the same for both approaches, with an overview reflected in Figure 7.1, module
C. The prompt was designed by providing an outline of the problem and purpose of the
query with the necessary constraints of the schedule, with the addition of an instruction

to be brief to avoid unnecessarily long or repetitive responses.

7.3.4 Assessment Metric

The assessment approach combined expert human analysis with automated quality
scoring to calculate a single overall score for each query performance. Once the expla-

nation response from the LLM was produced, it was assessed on the following criteria:

o Correctness: evaluating if the overall affirmative or negative answer to the query

is correct.
o Validity: the response is valid based on the schedule constraints.

e BERTscore: structure of the explanation evaluating the semantic completeness

and complexity of the generated explanation.

Fach was evaluated individually and then averaged to calculate a single final score
for overall performance. In addition to analysing the LLM’s responses, the generated
queries were assessed for similarity by calculating the cosine similarity between each
query. This was calculated using the queries within their own category, as well as those
from the other categories, providing a score between -1 (completely unidentical) and 1
(completely identical). These metrics were chosen to assess all aspects of a response to
allow for holistic and targeted analysis. The results will offer insight into the LLM’s
ability to generate unique yet thematically identifiable queries and reveal any challenges

with word or phrase repetition.
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Table 7.3: Prompts containing constraints for answering questions with tabular results
retrieved from the Knowledge Graph with human responses for additional responses

Prompts containing constraints of the prob-
lem

Query
Categories

Few-shot Learning Queries with Answers

This is a problem for a satellite schedule. That has
several constraints for executing actions on a
satellite.

There are 3 actions:

1. Image taking, can only occur when there is
enough available memory onboard, when land
is visible, and when there is sunlight
exposure.

2. Processing, can only happen when there is
enough available memory and when there are
unprocessed images in memory.

3. Downlinking can only happen when there is
access to a ground station and there is at
least 1 processed image in memory.

Idle, only occurs when no other action can take
place.

pr_in_memory means processed instances in
memory, the number of images processed =

pr_in memory/10.57.

Likewise for total processed, means the total
processed images up to that point (some may have
been downloaded already).

im_in_mem means “images in memory” This
means that some of these images may be processed,
so to determine the unprocessed images, it would
be “im in mem - (pr_in memory/10.75)".
current__capacity represents the current memory
used, im__total_taken is the total number of
images that have been taken up to that point (some
may have been processed and downloaded already).
Maximum memory (max_capacity) cannot be
exceeded at any point in time which is 1920000.
“daylight”, “land_ visibility”, and “access” are
represented as only True or False.

Taking of images is independent of images in
memory as images in memory is only required for
downlinking. Only the current_ capacity and
maximum memory, along with land visibility and
sunlight can impact when images can be taken.
Only 1 action can be executed at each start time.
Each action only lasts for 1 time interval.

The time is in hh:mm:ss, so it is the same as the
question just a different format.

Please provide a direct and short answer to the
question based on these conditions and using the
support file.

Swap actions

Question: What would happen if the taking of
images was scheduled instead of the processing
of images at the time of 26 seconds?

Answer: The criteria for the taking of images
action to be scheduled are for land to be
visible and in sunlight, as well as enough
available memory to complete the action. At
time 26, land is not visible, and therefore, the
taking of images action cannot be scheduled
in place of the processing of images.

Single
Substitution

Question: Can taking of images be added at 38
seconds after processing at 26 seconds?

Answer: Referring to the schedule data, the ‘idle’
action is currently scheduled at time 38 sec-
onds. In order for the taking of images action
to be scheduled memory must be available, in
addition to land being visible and in sunlight.
As all conditions are met at time 38, the
taking of images action can be scheduled in
place of idle; however, consideration of the
future impact on the schedule should be taken
into account before adding the action, as
memory utilisation will increase.

Verification

Question: How many times is action downlinking
of images scheduled up to time 6079 seconds?

Answer: The downlinking action is scheduled to
occur 187 times up until time 4411 seconds,
according to the provided data.

Forward and
Backward analysis

Question: Will the memory capacity be exceeded
at time 92767

Answer: Yes, based on the provided schedule data
and the calculation of consumed memory up
to time 9276, which is 1,965 Gb, the memory
capacity is exceeded at this time.

The correctness of the answers was assessed and scored simply as either 0 (Incorrect)
or 1 (Correct), based on the responses judgement of the submitted query. This was
conducted by human assessors with an expert understanding of the satellite scheduling

problem, ensuring accuracy in establishing if the response aligned with the query and
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available data.

Every explanation response was also assessed for the validity in respect to the sched-
ule constraints. The assessment needed manual verification by human assessors, due
to the automated extraction of pertinent schedule data elements and the association
with the constraint function being considered outside of the scope of this study. This
was scored using a Likert 5 scale, as discussed in Section 2, with the following grades:
Completely invalid (Score - 0), Mostly invalid (Score - 0.25), Partially valid (Score -
0.5), Mostly valid (Score - 0.75), Completely valid (Score - 1).

An answer scored as ‘Completely invalid’ will be entirely impossible for the schedule
to tolerate, whether the result of misunderstanding the constraints, returning an invalid
time interval, or any other breach of the schedule’s rules and structure. A ‘Mostly
invalid’, ‘Partially valid’, or ‘Mostly valid’ response will consist of both valid and invalid
statements, where responses with the fewest errors will score higher. A response rated
as ‘Completely valid’ would contain only valid judgements and calculations.

The quality of language utilised in each explanation response was also assessed
through the BERTscore process [398], which returns a score between 0 and 1, where 0
is considered completely unrelated and useless as a response, and 1 would be perfectly
aligned with reference material and, in effect, human-like. To calculate the BERTSscore,
each response is compared against a dataset of human-written phrases and statements,
with several generalist datasets available for completing scoring exercises. However,
as no benchmark dataset for satellite scheduling or operations exists for evaluation,
the explanation generated by the model was compared to one manually produced by
an expert human annotator. This human answer dataset was comprised of a human-

written answer to each question in every category, totalling 80 answers.

7.3.4.1 Final Score

The Final Score (F'S) was calculated through taking the mean of the BERTscore, cor-

rectness (C), and validity (V) score as below:

_ BERT+C+V

F
5 3

(7.1)
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The FS will return a result between 0 and 1, with 0 being a completely ineffective
response and 1 being a perfect response, which will provide insight to the overall level
of understanding and accuracy the LLM demonstrated in the responses.

All assessment scores were analysed for comprehension and any patterns that were

observed from the responses and discussed in Section 7.4.

7.4 Results

The hyperparameters used for GPT-4 are shown in Table 7.4. These parameters were
used for all prompts and applications as described in the previous section. The code
used to complete the experiment is located within the GitHub Repository, 2 and the
full record of results is available in the supplemental materials, and the University’s

Knowledge Research Portal. 3

Table 7.4: Hyper-parameters used for GPT-4

hyper-parameters Values

temperature 1
max_ tokens 1400
top 1

frequency_ penalty 0
presence_penalty 0

7.4.1 Query Creation

The 80 queries were generated utilising the tabulated schedule data for each category
through an API connection to OpenAIl’s GPT-4. Reviewing the responses showed the
LLM correctly retrieved the respective time intervals from the tabulated schedule in
every case and accurately generated relevant paraphrased questions from the examples
provided in the prompt. Table 7.5 represents two examples of the queries automatically
generated for each category. Additionally, it was noted that the example questions
provided in the prompt gave no indication of which actions were to be queried and

served only as a guideline for the generation of queries.

2https ://github.com/strath-ace/smart-xai/tree/main/Earth_Observation_Satellite_Case_
Study/Knowledge_Graphs
Shttps://doi.org/10.15129/a1ec351d-70bc-4cde-9994-dddcfe9323d5
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Table 7.5: Table reporting for each query’s category two examples of automatically

generated questions

Family Query Category

Queries generated

Swap actions

Single Substitution

Verification

Forward and Backward

-Is it feasible for image processing to take over the time slot allotted for downlinking
at 14067

-What kind of impact would result from scheduling image downlinking over image
capturing at 14367

-Given that image processing is currently scheduled to start at time 20656 seconds, can
the downlinking of images be added at time 20661 seconds without disrupting the existing
schedule?

-Considering there is processing at 3171 followed by taking of images at 3191, could
downlinking be scheduled at 31917

-Up to time 3201 seconds, how many intervals of idleness are observed in the satellite’s schedule?
-What is the earliest time after 4096 seconds at which the satellite can commence the processing
of images, given that each action takes 5 seconds to execute and the schedule follows

the same pattern observed in the excerpt?

-Based on the predictive scheduling, how many more image-processing actions can be
accommodated before reaching the memory capacity limit, starting from time 4221 seconds?
-After the taking of images at time 3511, how many consecutive processing actions

occurred before the next different action was scheduled, and what was that action?

Table 7.6: Cosine Similarity between each question for each category and across each
category (Standard deviation in subscript)

Query Categories

Swap actions Single Substitution Verification Forward and Backward

Swap actions

Single Substitution
Verification

Forward and Backward

0.5640.036 0.5730.029 0.5320.030 0.4500.022
0.4710.064 0.4760.051 0.537¢.043 0.5030.013
0.4470.015 0.4060.021 0.484¢.029 0.5350.019

After all queries were generated, each query category was assessed for language sim-

ilarity with the cosine similarity metric, as mentioned in Section 7.3.4. Table 7.6 shows

the cosine similarity scores ranging from 0.406 to 0.619, with each category achieving

the highest similarity score for queries within the same category. Little variation was

seen in the scores, as a very small standard deviation was recorded, which means the

degree of similarity was consistent and predictable. It was expected that the queries

within the same category would be more similar, though the middling scores are encour-

aging for the LLMs ability to generate queries that are not too similar as to become

repetitive, while still similar enough to align with a specific theme. The Forward-

Backward category presented the lowest overall similarity across all categories, which

was understandable as this category has the most varied and complex queries.
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Table 7.7: The average number of iterations for each run for each query category

Code Generation Run

Query Category 1 2 3

Swap actions 1.70  1.50 1.25
Single Substitution 1.80 1.95 1.70
Verification 1.85 1.90 1.90
Forward and Backward 3.95 3.80 4.20

7.4.2 Query Translation and Code generation

As a result of the closed-loop cycle of code regeneration, the few-shot learning approach,
which included only two coded examples, led to multiple iterations of code being re-
quired for some of the prompts. The average iterations required to generate successfully
executable code, presented by query category, are shown in Table 7.7, where the process
was performed in three independent runs to observe consistency. The runs were limited
to three to avoid excessive resource consumption; 240 sets of code were generated in
total to ensure sufficient iterations were assessed.

All categories required less than two iterations of code to be generated, as an over-
all average, with the exception of the Forward - Backward category, which averaged
between 3.80 and 4.20 across the three runs. This was expected, as the complex nature
of the Forward-Backward queries serves as a greater challenge for the LLM to produce
correct code and retrieve the appropriate data.

Although the number of necessary iterations was low, potential improvements may
be achieved by altering the hyperparameters, introducing additional prompts or prompt
optimisation techniques, and including more examples combined with their respective
code snippets. Taking one query from each category of queries, Table 7.8 presents
examples of the results generated by the LLM for automatic code generation.

To illustrate an example, the code produced for query 1 from the Swap actions cat-
egory retrieved data featuring the action’s name ‘$n’, the action execution timestamp
‘$at’, the scheduled memory retrieval action ‘$ret’, the contents relation ‘$pt’, ground
station access ‘$ac’, land visibility ‘$lv’, daylight conditions ‘$d’; the satellite coordi-

nates: latitude ‘$lat’, and longitude ‘$lon’, installation relation ‘$I’, station access re-
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Table 7.8: Queries with their respective code generated

Queries

Generated code

Swap actions

Is it feasible for

image processing to take
over the time

slot allotted for
downlinking at 14067

Single Substitution

Given that image
processing is currently
scheduled to start at
time 20656 seconds,
can the downlinking
of images be added at

match

$st = 2020-12-03T00:23:26;

# Convert 1406 seconds to the correct time format

$a isa action, has name $n, has a_timestamp $at; # Action entity
$ret isa $ret-type; # Type of result

$n contains ‘processed’; $x isa processed, has $ret; or

$n contains ‘image’; $x isa image, has $ret; or

$n contains ‘downlink’; $x isa downlinked, has $ret;; # Action types
$pt($x, $mem) isa contents; # Contents related to memory

$g isa ground_station, has access $ac, has $id; # Ground station
$env isa environment, has land visibility $lv, has daylight $d, has latitude $lat,
has longitude $lon; # Environmental conditions

$sat isa satellite; # Satellite

$mem isa memory unit, has current capacity $cc, has $id, has max_capacity $max; # Memory unit

$t($a, $sat) isa schedule; # Schedule relation

$1($mem, $sat) isa installation; # Installation relation

$sa($g, $env) isa station access; # Station access relation

$loc($sat, $env) isa localisation, has start $st, has end $en; # Localisation with start and end times
get $n, $at, $ret, $pt, $ac, $lv, $d, $lat, $lon, $1, $sa, $t, $loc, $id, $mem, $g, $cc, $max, $st, $en;

match

$st >= 2020-12-03T05:44:16; # Start time queried
$st <= 2020-12-03T05:44:21; # End time queried

$a isa action, has name $n, has a_ timestamp $at;
$ret isa $ret-type;

$n contains ‘processed’; $x isa processed, has $ret; or
$n contains ‘image’; $x isa image, has $ret; or

$n contains ‘downlink’; $x isa downlinked, has $ret;;
$pt($x,$mem) isa contents;

$g isa ground_ station, has $ac, has $id;

$env isa environment, has land_visibility $lv, has daylight $d, has latitude $lat,
has longitude $lon; $sat isa satellite;

time 20661 seconds without
disrupting the existing schedule?

$mem isa memory unit, has current capacity $cc, has $id, has max capacity $max;
$t($a,$sat) isa schedule;

$1($mem,$sat) isa installation;

$sa($g,8env) isa station access;

$loc($sat,$env) isa localisation, has start $st, has end $en;

get $n, $at, Sret, $pt, Sac, $lv, $d, $lat, $lon, $1, $sa, $t, $loc, $id,

$mem, $g, $cc, $st, $en;

match

$at <= 2020-12-03T00:53:21; # Time queried

$a isa action, has name $n, has a_ timestamp $at;
$n contains ‘idle’; $x isa idle, has $ret;;

get $n, $at;

count;

Verification

Up to time 3201 seconds,
3 how many intervals of

idleness are observed

in the satellite’s schedule?

match
$st = 2020-12-03T01:10:21; # Start time queried is 4221 seconds, converted to the correct format.
$a isa action, has name $n, has a_ timestamp S$at;
$ret isa $ret-type;
$n contains ‘processed’; $x isa processed, has $ret;; # Checking for processing actions
Forward and Backward $pt($x,$mem) isa contents;
Based on the predictive scheduling, = $g isa ground station, has access $ac, has $id;
how many more image-processing $env isa environment, has land_visibility $lv, has daylight $d, has latitude $lat,
actions can be accommodated before has longitude $lon; $sat isa satellite;
reaching the memory capacity limit, $mem isa memory unit, has current capacity $cc, has $id, has max_ capacity $max;
starting from time 4221 seconds? # Memory unit to check the capacity limit
$t($a,$sat) isa schedule;
$1($mem,$sat) isa installation;
$sa($g,Senv) isa station_access;
$loc($sat,Senv) isa localisation, has start $st, has end $en;
get $n, $at, $ret, $pt, $ac, $lv, $d, $lat, $lon, $1, $sa, $t, $loc, $id, $mem, $g, $cc, $st, $en;

lation’$sa’, schedule relation ‘$t’ (facilitating visualisation of connected components in
the graph), localisation ‘$loc’, id ‘$id’, memory ‘$mem’ ,current memory capacity ‘$ec’,
maximum memory ‘$maz’, followed by start ‘$st” and end ‘$en’ times respectively. This

signified the LLM successfully inferred the requisite attributes and relations necessary
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for generating a graph suitable to answer the query and be represented in TypeDB
Studio. The LLM would also occasionally add explanatory comments to the code to
convey the purpose of the next line of code.

Likewise, looking at the generated code for the second and fourth questions in Table
7.8, the LLM again understood the time range needed, suggesting the prompts were in-
terpreted correctly. This included the request to retrieve the names of the actions, with
their respective relations and entities. For the third question, the generated code was
formatted differently from the other examples, whereby only the names of the actions
were retrieved, combined with the execution time, followed by the ‘count’ function to
satisfy the requirements of the query.

Once the code was executable, the results from the generated KG were stored for
the next stage of generating explanations. Examples of the tabular data extracted from
the KG are shown in Table 7.9, presenting all the data extracted by the code for the
queries shown in Table 7.8, which was made available to the LLM. The full extraction
of a specific time interval is recorded over three rows of the table, as seen with the
data for Swap actions, Single Substitution, and Forward and Backward categories.
Each retrieval provided a unique combination of available data, ensuring the relevant
data was available for the LLM to answer the query, with a clear separation with the
Verification category as only a single count was required to answer the query in the
example. These results represent the capability the LLM had to produce executable
code for curated data extraction, demonstrating comprehension of the original query

and the necessary attributes to answer the question successfully.

7.4.3 Question and Answering over Tabular Data

Following the code execution, the results from TypeDB (such as the examples included
in Table 7.9) were used to prompt the LLM in combination with the corresponding
query to create a response and an explanation from the LLM; once with a human
written example explanation, and once without. The results from the four example
questions, for both approaches, are reported in Tables 7.10, 7.11, 7.12 and 7.13.

The response to the Swap Actions query, without an explanation example, in Table
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Table 7.9: Tabular

results for the query categories

Swap actions

name a__timestamp total__sent contents access land__visibility daylight
downlinked 2020-12-03 00:23:26 1670.833333 1670.833333 True False True
latitude longitude id current__capacity max__capacity start end
58.696137 -42.600072 281 1485346.0 1920000 2020-12-03 00:23:26  2020-12-03 00:23:31
pr_in_memory total processed im_ total taken dl__size im__in__memory
2488.2 1902.250744 1992 560 323.83
Single Substitution
name a__timestamp pr__size access land__visibility daylight latitude
processed 2020-12-03 05:44:16 250 False True True 52.638976
longitude id current__capacity start end total__sent pr_in__memory
82.768199 4131 1291900.0 2020-12-03 05:44:16  2020-12-03 05:44:21 1898.958333 2468.4
total__processed im__total_taken im__in__memory
2128.534226 2150 254.07
name a__timestamp total__sent access land__visibility daylight latitude
image 2020-12-03 05:44:21 1898.958333 False True True 52.349975
longitude id current__capacity start end im__in_memory im_ total__taken
82.628301 4132 1294588.0 2020-12-03 05:44:21  2020-12-03 05:44:26 255.07 2151
total__processed pr__in__memory im__size
2128.534226 2468.4 2688
Verification
Total
0
Forward and Backward
name a__timestamp total__sent access land__visibility daylight latitude
processed 2020-12-03 01:10:21 1715.625 False False True -46.979413
longitude id memory__unit current__capacity start end pr_in__memory
130.69365 844 memory__unit 1483258.0 2020-12-03 01:10:21  2020-12-03 01:10:26 2434.6
total__processed pr__size im__total_taken im__in__memory
1942.057292 250 2041 328.11

7.10 initially mentions the feasibility of the action exchange and assesses the available

memory required for the action to be executed, as well as after the downlinking action

has been executed. However, the LLM did not account for whether the downlinking

action was replaced with image processing; it should have considered the memory before

the downlinking action and not after, as it would not have executed. Furthermore,

as there was enough memory available onboard, it would have been feasible for the

processing action to proceed; therefore, the LLM answered correctly.

For the response when the human example answer is included, also shown in Table

7.10, the LLM again deduced that the replacement of the downlinking action with image

processing is feasible, with the response containing similar details on all the satisfied

constraints that would allow the swap to take place.

The explanation provided for the Single Substitution category query, without the

example explanation, in Table 7.11 only made mention of 1 action when 2 were in

fact scheduled. The LLM accurately assessed that the processing action would start at

time 5:44:16. However, an image-taking action was scheduled to begin next at 5:44:21,

after the processing action finished. This data was overlooked by the LLM, although it
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Table 7.10: Explanation created by the LLM for Question 1 (Swap Actions) with and
without an explanation example

Example provided Output to user

Based on the provided information, the feasibility of image processing taking over the
time slot allotted for downlinking at 1406 can be determined by checking if there is
enough available memory onboard for image processing.

According to the data, the current memory capacity (current_ capacity) is 1,485,346.0,
and the maximum memory capacity allowed (max_ capacity) is 1,920,000.

To perform image processing, we need to consider the memory requirements.

The processing action uses 250 units of memory.

Therefore, to determine if image processing is feasible at 1406, we need to check

if the available memory after downlinking is enough for processing.

The available memory after downlinking at the specific time will be computed as the
current capacity minus the memory used for downlinking (current_ capacity - 2800).

Without an
explanation example
Is it feasible for

image processing to take
over the time

slot allotted for
downlinking at 14067

If the available memory after downlinking is greater than or equal to the memory
required for image processing (250), then it is feasible for image processing to take
over the time slot allotted for downlinking at 1406.

Let’s perform the calculation:

Available memory after downlinking = current__capacity - 2800

1,485,346.0 - 2800

1,482,546.0

Since the available memory after downlinking (1,482,546.0) is greater than the
memory required for image processing (250), it is feasible for image processing to
take over the time slot allotted for downlinking at 1406.

Therefore, the answer is yes, it is feasible for image processing to take over the
time slot allotted for downlinking at 1406.

With an
explanation example

Is it feasible for

image processing to take
over the time

slot allotted for
downlinking at 14067

The scheduling of image processing instead of downlinking at the time of 1406 seconds
depends on certain conditions being met. Image processing can only happen if there is
enough available memory and there are unprocessed images in memory that need to be
processed. Let’s examine the conditions at 1406 seconds.

According to the data, at this time, “pr_in_memory” is 2488.2, which means there are
approximately 232 processed images in the memory (2488.2 / 10.75). The “im in memory”
value is 323.83, meaning there are about 323 total images in the memory, both processed
and unprocessed.

Therefore, the number of unprocessed images can be calculated as approximately 92 (323.83 -
232). This ensures that there are unprocessed images in memory, which is a necessary
condition for processing an image.

The other condition that needs to be met is that there is enough available memory for
processing. The current capacity in memory, according to the data, is 1485346.0 and the
maximum capacity is 1920000. Processing an image will only take 250 of memory, which

is less than the available memory at this time (1920000 - 1485346.0).

So, looking at these conditions, it is feasible to replace the downlinking with image
processing at 1406 seconds, as there are unprocessed images in memory and there’s enough
memory space to process an image.

appropriately applied the constraints for the downlinking action required for scheduling
and identified that the ground station was not accessible. Therefore, the LLM correctly
concluded that the action for downlinking at the requested time was not possible.
The answer given when including the human example answer in the prompt, also
shown in Table 7.11, provided a similar response and, likewise correctly asserting the
constraints could not support the scheduling of the downlinking action and failing to

acknowledge the taking of images was already scheduled at the queried time.
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Table 7.11: Explanation created by the LLM for Question 2 (Single Substitution) with
and without an explanation example

Example Provided

Output to user

Without an
explanation example
Given that image
processing is currently
scheduled to start at

time 20656 seconds,

can the downlinking

of images be added at

time 20661 seconds without
disrupting the existing
schedule?

Starting with image processing at 20656 seconds (5:44:16), it is scheduled to end at

20661 seconds (5:44:21). According to the generated results, if we insert the downlinking at 20661
seconds, there would be no interference with the existing schedule.

However, for downlinking to occur, certain conditions need to be met:

- There should be access to a ground station at that time, and

- There should be at least one processed image in the memory.

From the provided results, we see that:

1. The access to the ground station, represented by the value “access”, is false at

time 20661, meaning there is no access to the ground station. Therefore, downlinking cannot occur.
2. There are 2468.4 units of memory allocated to processed images in memory

(“pr_in_ memory”) at the start of the proposed downlinking period.

Since each image uses 10.57 units of memory, there are about 233 processed images in memory.
Thus, the condition of having at least one processed image ready for downlinking is satisfied.
Summarising, although there are processed images ready for downlinking,

the lack of access to a ground station at the proposed time (20661 seconds or 5:44:21)

means that downlinking cannot be scheduled at that time without disrupting the existing schedule.

With an
explanation example

Given that image
processing is currently
scheduled to start at

time 20656 seconds,

can the downlinking

of images be added at

time 20661 seconds without
disrupting the existing
schedule?

The downlinking of images scheduled at time 20661 seconds after image processing at 20656

seconds cannot be accommodated without disrupting the existing schedule. This is because the action
of downlinking can only occur when there is access to a ground station and at least one processed image
in memory.

The satellite currently has an action scheduled for every second, so adding an additional downlinking
action would disrupt this schedule. To accommodate the downlinking action, the schedule would need to
be altered to ensure there is sufficient time and memory available on the satellite.

Additionally, any changes to the schedule would also need to account for the memory usage of
downlinking, which is significant. The downlinking action reduces the memory by 2800, so sufficient
memory needs to be available to allow for this reduction without exceeding the maximum

capacity of 1920000.

Also considering the impact of the change to other planned actions or operations should also

take into consideration. Any disruption might lead to delays or cancellation of other planned actions or
operations. Hence this action of scheduling downlinking cannot be added immediately after

processing without disrupting the current schedule.

Table 7.12 reports the explanations in response to the third question. These results,
for both approaches, provided a direct and succinct explanation reiterating the time
from the query to further explain that no idle action was scheduled before 00:53:21. The
LLM continued to explain it was not scheduled due to the conditions met for the other
actions, despite not having any information from the results, as it only produced an
integer (‘0’) in this case. This meant the LLM was capable of applying the conditions
stated in the prompt to deduce this conclusion.

Analysing the responses presented in Table 7.13, the query was on predictive schedul-
ing, specifically regarding the potential for accommodating additional image processing
actions. The LLM’s response without an explanation example showcased a methodi-
cal approach, beginning with an assessment of the memory, which involved identifying
both the maximum capacity and the remaining available memory. Subsequently, the

LLM calculated the unprocessed images in memory and correctly selected the lower
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Table 7.12: Explanation created by the LLM for Question 3 (Verification) with and
without an explanation example

Example provided Output to user

Without an The satellite’s schedule did not have any period of idleness up to time 3201 seconds.
explanation example This means that during the given duration, the satellite was always occupied with one of the

Up to time 3201 seconds, three actions - Image taking, Processing, or Downlinking.

how many intervals of There was always sufficient memory, appropriate

idleness are observed conditions, and tasks (such as images to be processed or downlinked) that kept the satellite busy.

in the satellite’s schedule? Hence, no intervals of idleness were observed.

With an

explanation example
Up to time 3201 seconds,
how many intervals of
idleness are observed

in the satellite’s schedule?

The satellite schedule does not have any idle intervals up until time 3201

seconds. The term “idle” refers to periods where the satellite is not performing any

operation. In this case, it means that the satellite is either capturing images, processing

them, or downlinking them to a ground station throughout this duration. Hence, the number of
idle intervals is 0.

value between the remaining memory and the number of unprocessed images, factoring
in the assumption of no additional images being taken or downlinked after the time
4221 (01:10:21) as stated in the query. From this analysis, the LLM accurately de-
rived the maximum number of feasible actions and correctly asserted that, based on
predictive scheduling from time 4221 seconds, approximately 97 more image-processing
actions could be accommodated before running out of unprocessed images in memory,
with no risk of hitting the memory capacity limit. This proficient response underscores
the LLM’s effectiveness in handling intricate queries related to predictive scheduling
and resource constraints.

The answer provided from the prompt including the human-written example, did
not achieve the same comprehension of the scenario constraints, claiming that the image
processing action could be executed 1746 times before reaching the memory limit. This
demonstrates that prompt engineering, by including human-derived answer examples,
is not infallible and further pre-training or prompt optimisation may be required to

improve accuracy overall.

7.4.4 Question and Answering Assessment

Each response from all query categories was assessed individually and independently by
two human assessors, who completed the manual assessments of correctness and validity

simultaneously, with separate and independent scores. The average correctness (C) and
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Table 7.13: Explanation created by the LLM for Question 4 (Forward and Backward)
with and without an explanation example

Example provided

Output to user

‘Without an
explanation example

Based on the predictive scheduling,
how many more image-processing
actions can be accommodated before
reaching the memory capacity limit,
starting from time 4221 seconds?

Based on the given information, at the start time of 4221 seconds, the current

memory capacity is 1483258.0 and the maximum memory capacity is 1920000.

To determine how many more image-processing actions can be accommodated before

reaching the memory capacity limit, we need to consider the following constraints:

1. Available Memory: Each image processing action uses 250 units of memory.

Therefore, the remaining available memory can be calculated as:

Remaining Memory = Maximum Memory - Current Capacity = 1920000 — 1483258.0 = 436742.0
2. Unprocessed Images: To determine the number of unprocessed images in memory,

we need to subtract the processed images from the total images in memory.

The number of processed images can be calculated as:

Number of Processed Images = pr_in_memory/10.57 = 2434.6/10.57 ~ 230.39

Therefore, the number of unprocessed images can be calculated as:

Number of Unprocessed Images = im__in_mem - (number of processed images) = 328.11 — 230.39 =~ 97.72
3. Image-Processing Actions: Each image-processing action can process one image.

Therefore, the maximum number of image-processing actions that can be accommodated

is limited by either the remaining memory or the number of unprocessed images, whichever is smaller.
The maximum number of image-processing actions can be calculated as:

Maximum Number of Image-Processing Actions =

min(Remaining Memory / Size of Each Image Processing Action, Number of Unprocessed Images)
= min(436742.0/250,97.72) ~ min(1746.97,97.72) ~ 97.72

Therefore, based on the predictive scheduling, starting from time 4221 seconds,

approximately 97 more image-processing actions can be accommodated before

reaching the memory capacity limit.

With an
explanation example

Based on the predictive scheduling,
how many more image-processing
actions can be accommodated before
reaching the memory capacity limit,
starting from time 4221 seconds?

The current memory capacity at the starting time of 4221 seconds

(or 01:10:21) is 1483258.0Gb. Each image processing action takes up 250 Gb of memory.

The maximum memory capacity is 1920000 Gb. Therefore, the remaining available memory
at time 4221 seconds is 1920000 - 1483258.0 = 436742.0 Gb.

Now, we need to calculate how many more image-processing actions can be accommodated
without exceeding the memory capacity limit. To do this, we divide the remaining memory
by the amount of memory each action takes, which gives us 436742.0 / 250 = 1746.97 roughly.
Thus, approximately 1747 image-processing actions could be accommodated before

reaching the memory capacity, starting from time 4221 seconds, however only whole actions
can be performed so the answer is 1746 actions can be performed.

validity (V) scores were calculated from the combined assessor scores, with the addition

of the BERTscore (F1) (BrtF1) and the subsequent aggregated Final Score (FS), which

were computed for each query and their average reported per query category in Table

7.14.

Table 7.14: The mean values and standard deviation scores for all question families
with and without example explanation

Without Explanation Example With Explanation Example

Question Family C \% BrtF1 FS C \% BrtF1 FS
Swap Actions 0-4250.482 0.7810(259 0.450 0.552 047000,458 0.8130,242 0.520 0.677
Single Substitution 0-9250.238 0.8560,263 0.527 0.769 0.9000,300 0.7750,295 0.560 0.745
Verification 0.6500.443  0.7199.369  0.542 0.637 0.6500.477  0.6949333  0.578 0.641
Forward and Backward 0.3000_430 0.45004317 0.545 0.432 0.4000.490 0.4500_327 0.589 0.480
Overall Average 0.598 0.636

Only one of the explanation responses failed to provide a correct answer, with all

others demonstrating a high level of comprehension with ‘Mostly correct/valid’ or ‘Com-

pletely correct /valid’ scores across all queries, with the exception of the human example
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prompt answer in Table 7.13. Overall, the results outline the potential for a generalist
LLM to communicate in detail on domain-specific topics without dedicated specialist
pre-training or prompt optimisation. Notably, the response to the Forward and Back-
ward example query, from the prompt without the example explanation, demonstrated
the LLM’s ability to understand the context of the schedule and data by recognising
that in addition to calculating the available memory, the question also required calcu-
lating the remaining unprocessed images in memory to provide the most accurate and
factual answer.

Although a high standard deviation was seen for all correctness and validity scores,
the ‘Single Substitution’ query category achieved a significantly higher average scoring
of 0.925 and 0.900 for correctness, in addition to the highest (0.856) and second-highest
(0.775) in validity, for the responses without and with the human example answer,
respectively. The LLM outperformed the correctness results (referred to as accuracy
in the study) in previous similar assessments, albeit outside of the domain of satellite
scheduling, where the best-observed scores (without pre-training) were 0.816 and 0.794,
respectively [399,400].

The variance in assessment scoring between the prompt including the human-
written example answer and the prompt without was not found to be significant, with
the overall final score average improving to 0.636 from 0.598 (an increase of 6.4%) when
including the example explanation. However, noteworthy increases in the performance
of responses to the Swap Actions and Forward and Backward query categories were ob-
served. The Swap Actions category had a significant increase in average accuracy (from
0.425 to 0.700 (64.7% increase)), while the Forward and Backward category showed a
more modest increase (from 0.300 to 0.400 (33.3% increase)). One possible reason for
the increase may be the outcome of inferred context to queries and schedule data by
the LLM from analysing the provided example answer. Furthermore, the BertScore
(F1) increased for all query categories by an average of roughly 8%, which, while not a
substantial increase, does indicate the LLM interpreted the example explanation and
returned a response more closely aligned to human-written responses.

The standard deviation for correctness, accounting for the binary scoring, resulted
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in the highest observed standard deviation. As the generalist LLM was not pre-trained
on satellite scheduling concepts, it demonstrated gaps in comprehension that can occur
through a few-shot prompting process, even when examples are included. Overall, the
Single Substitution and Verification query categories scored highly in both correctness
and validity on average, confirming that the LLM was capable of interpreting complex
data and concepts with frequent accuracy, as shown by comparing the average assess-
ment whisker plots for each query category in Figures 7.3a, 7.3b, 7.3c, and 7.3d where
the mean is represented with broken green lines and the median as a solid red line. In
each plot, S_a is the Swap Actions query category, S_s is Single Substitution, V is
Validation, and F_ B is Forward and Backward.

Conversely, as stated previously, the ‘Single Substitution’ query category scored
the highest for Correctness and Validity, shown in Figures 7.3a and 7.3c, with 90%
being correct with only two scores returning an average of 0.5 and 0 (as there were two
assessors) and 70% scoring full validity. However, the ‘Forward and Backward’ query
category recorded the lowest scores for both correctness and validity, with averages of
0.300 and 0.450, respectively. This was significantly lower than other query categories,
demonstrated through the ‘bottom-heavy’ nature of the distribution in Figures 7.3a,
7.3c, and 7.3d. There appears to be a relation with the context of the ‘Forward and
Backward’ queries, which were often centred around broad temporal considerations.
This could have caused difficulty for the LLM in generating an effective code to extract
the information necessary to construct a fully informed answer and explanation. Even
in instances where the full and correct information was successfully extracted from
the KG for these queries, the LLM still had challenges comprehending the correct
explanation.

The patterns in assessment scoring for the responses, including the example expla-
nation, were very similar to the response without, as shown in Figures 7.4a, 7.4b, 7.4c,
and 7.4d. Verification and Single Substitution query categories both scored highly again
(it can be noted that Single Substitution also achieved a percentage of 90% being cor-
rect, with the remaining 10% scoring 0), with the addition of Swap Actions now scoring

0.700 on average for correctness as mentioned previously. Forward and Backward also
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Figure 7.3: Average Assessment scores for Validation, Bert, Correctness for each query
category, including final score without explanation examples provided. S_ a is the Swap
Actions query category, S_ s is Single Substitution, V is Validation, and F_ B is Forward
and Backward.

improved, by a smaller degree, suggesting that including an example explanation can
improve correctness, though validity scores were largely unaffected.

Despite the variance observed in the quality of explanations, the LLM demonstrated
consistent accuracy and capability with interpreting the provided data. The responses
demonstrated both correctness and validity, with scores of 0.58 and 0.7 without the
example provided, and 0.66 and 0.68 with the example provided, respectively, partic-
ularly with the more direct and structured questions, matching, if not exceeding, the
performance of open-domain studies as highlighted earlier in this Section. There was

also no compelling separation between the scores of correctness or schedule validation
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Figure 7.4: Average Assessment scores for Validation, Bert, Correctness for each query
category, including final score using the provided explanation example with explanation
examples provided. S_ a is the Swap Actions query category, S_ s is Single Substitution,
V is Validation, and F__B is Forward and Backward.

from either approach, revealing that the LLM was able to, in most cases, comprehend
the context of the question, the rules and constraints required by the schedule and the
available data extracted from the KG.

Though the LLM responses had broad distribution in correctness and validity scores,
the BERTscore (F1) assessment returned a largely consistent result, with the majority
of scores between 0.4 and 0.6, regardless of prompting approach; as the overall average
scores were 0.562 and 0.516 for the prompts with and without the example explanation

respectively, visible from the plots in Figures 7.3b and 7.4b. This outlines that, on
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average, the LLM was generating explanation responses containing around 50% of the
language and phrases used in the human explanations reference material, which is
positive given no pre-training was performed.

The responses from the LLM were often exhaustive and verbose in their use of
language, however, even where the question required minimal exploratory analysis.
As the human responses were more concise, this was likely the main cause for the
scores for BERTscore that the responses achieved. Several responses, however, did
score significantly higher than the overall average for BERTscore (0.539 combined for
both prompting approaches), with 8 answers achieving scores between 0.667 and 0.855.
Notably, seven of these answers were responses from the prompt, which included the
example explanation; four from the Verification query category and three from ‘Forward
and Backward’. This aligns with the observation that all query categories produced a
small improvement in BERTscore for the prompt including the example explanation,
with the average increasing from 0.516 to 0.562, suggesting that providing an example
in a prompt can assist the LLM in generating more humanlike responses.

The density of the word count plots for both prompt approaches and each query
category, shown in Figure 7.5, conveys that the average human-written explanations
were consistently shorter than the LLM explanations, with the average word count for
the human explanations being 48 across all categories. Whereas the average word count
for the LLM was 188 and 134 for the prompt approach without and with the example
explanation, respectively. The most closely aligned LLM responses were those in the
Single Substitution and Forward and Backward query categories. However, the separa-
tion from human-written answers demonstrates the overuse of language and irrelevant
detail in responses from the LLM, even if they are correct and valid. Ultimately, the
length of a response from the LLM appeared to be uninfluential on the accuracy and
quality of an explanation.

In Table 7.15, is a presentation of the scored results for the responses in Tables 7.10,
7.11, 7.12, and 7.13 for the four respective queries. These scores contain a reflection
on the LLM’s use of language for the explanations of these questions. Regardless of

the prompt approach, they were fairly even across the query categories, except for the

171



Human vs LLM word count Swap_actions

0.025
—— Human

LLM_without_human

0.020 1 —— LLM_with_human

0.0154

Density

0.0104

0.005 -

0.000

100 0 100 200 300 400 500 600

Word Count
(a) Word count comparison between the
Human and GPT-4 for the Swap-actions
category.

Human vs LLM word count Verification

0.025
—— Human

LLM_without_human

0.020 4 —— LLM_with_human

0.015 4

Density

0.010 4

0.005 4

0.000 T T T 7 T T
-100 0 100 200 300 400 500 600

Word Count

(c) Word count comparison between the
Human and GPT-4 for the Verification cat-

egory.

Chapter 7. Large Language Model application to Knowledge Graphs

Human vs LLM word count Single_Substitution

0.025
—— Human

LLM_without_human

0.020 4 —— LLM_with_human

0.0154

Density

0.0104

0.005

0.000 T T T T T T
—100 0 100 200 300 400 500 600

Word Count
(b) Word count comparison between the
Human and GPT-4 for the Single Substi-
tution category.

Human vs LLM word count Forward_Backward

0.025
—— Human

LLM_without_human

0.020 4 —— LLM_with_human

0.015 4

Density

0.010

0.005 4

0.000 T T T T T T
-100 0 100 200 300 400 500 600

Word Count

(d) Word count comparison between the
Human and GPT-4 for the Forward and
Backward category.

Figure 7.5: Word count of Human vs GPT-4, with and without explanation prompt
examples of the four categories

Swap Action questions, with both prompting approaches, which scored considerably
lower than the other areas. In these specific cases, this was the result of a significant
mismatch between the human reference explanation and the LLLM generated response.
Though the differences between the BERTscores are very minor across the question
categories, the more complex questions of the Verification and Forward and Backward
categories lent themselves better to the lengthy automated responses from the LLM,
as the human explanations were also longer, so scored slightly better on average, as
shown in Table 7.14.

Given the reliance on reference material unique to this study, which did not in-

clude the human answers to the queries used in the experiment, for the calculation of
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Table 7.15: Assessment of the four exemplary questions for responses in Tables 7.10,
7.11, 7.12, and 7.13

Without Explanations With Explanations
Queries C SV BrtF1 FS C SV BrtF1 FS
Swap actions
Is it feasible for image
1 processing to take over 1.000 0.875 0.419 0.765 1.000 1.000 0.464 0.821
the time slot allotted for
downlinking at 14067

Single Substitution

Given that image processing

is currently scheduled

to start attime 20656 seconds,
can the downlinking

of images be added at

time 20661 seconds without
disrupting the existing schedule?

1.000 0.750 0.583 0.778 1.000 0.375 0.567 0.647

Verification
Up to time 3201 seconds,
3 how many intervals of 1.000 1.000 0.547 0.849 1.000 1.000 0.568 0.856
idleness are observed
in the satellite’s schedule?

Forward and Backward
Based on the predictive
scheduling, how many more
4 image-processing actions can be  1.000 1.000 0.599 0.866 0.000 0.375 0.667 0.347
accommodated before reaching
the memory capacity limit,
starting from time 4221 seconds?

BERTscore and the lack of any domain-specific reference text, there were no reasonable
means of comparing these results with the performance observed in previous studies.
The results described here highlight the capability of a generalist LLM to understand
and produce domain-specific responses effectively and consistently, although there is
room for improvement to better align with the author-derived reference material.

The responses in the Single Substitution category achieved the highest average final
score for both prompting approaches (0.769 with the example explanation and 0.745
with, as shown in Table 7.14), primarily due to the strong human assessment scoring.
Conversely, the Forward and Backward query category recorded the lowest average
final scores (0.432 and 0.480, respectively), due to the low human assessment perfor-

mance. The structure and wording of queries could be investigated in future research
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to determine the impact on performance and examine opportunities for improvement.

The final score results overall, shown in the plots within Figures 7.3d and 7.4d,
establish that the LLM, for most query categories, is capable of interpreting complex
and technical data and concepts, with the ‘top-heavy’ distribution of scores, regard-
less of prompting approach. Except for the predictive nature of questions within the
Forward and Backward category, the majority of responses from the LLM were accu-
rate, well-written, and technically valid, demonstrating a useful foundation on which
further development and research can build and challenge on broader domain-specific

requirements.

7.5 Conclusion

The purpose of this experiment was to examine how effective the combination of KGs
and LLMs was at facilitating XAI for a satellite scheduling problem. Initially, the
generation of suitable queries was achieved by using LLMs to create queries assigned
to different categories under the supervision of the authors, utilising GPT-4.

The critical aspects of the satellite scheduling data were detailed utilising the frame-
work of a KG, proceeded by the adoption of the few-shot prompting method, which
allowed the model to respond with executable code to produce the KG containing the
necessary data to answer the query.

The results from the generated KG were supplied as tabular data, enabling the LLM
to analyse the information in conjunction with additional prompts entailing constraints
for the satellite scheduling problem and the question to create explanation responses.
Two prompts were used to request the explanation, one including a human-written
example explanation and one without any examples.

When analysing the results, the LLM was found to be proficient in generating ap-
propriate questions related to each category, though this did require repeated iterations
to produce completely accurate responses, which was identified as an area for future
improvement. Reviewing the code produced and executed, the KGs displayed and gen-
erated relevant information required for answering the questions, even where multiple

codes were necessary for a single question. The LLM proved to have capability, as well
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as further potential, for providing explanations through understanding the extracted in-
formation, the context of the question, and the constraints of the schedule. There were
variances in correctness, validity, and use of language that introduced inconsistency into
the results, but given that the LLM is not domain-specific, this was expected. Addition-
ally, including a single example explanation did not significantly improve performance,
although it encourages further investigation into more expanse use of examples or alter-
native prompt optimisation approaches to determine if a greater improvement can be
achieved. Allowing for corrective prompting and multiple explanation iterations would
possibly mitigate this limitation, even without dedicated pre-training, which should be
considered for future work.

The overall findings have demonstrated significant potential and current ability
in generalist LLMs and KGs to generate both basic and complicated questions, and
graphical interfaces for satellite schedule data, with the added capability to answer and
justify responses accurately. Considerable flexibility and scalability were observed by
the KGs, which were able to produce graphs from single-field extractions to several
hundred connected data points without impacting interpretability. Assessors were able
to narrow or increase query sizes easily, driving enhanced context that enables more
informed choices when considering an update to the schedule. When aligned with the
LLM generated explanations, substantial knowledge is accessible to users, providing a
deep comprehension of why scheduling decisions were made and the consequences of
altering, which allows both proactive and reactive engagement. These results enable
examination in real-world applications of Al systems for satellite scheduling (and overall
operations) situations and will provide developers and quality assurance officers a direct
means of understanding the system’s decisions, which facilitates the application in real-

world satellite missions.
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Chapter 8

Generalisation of Large Language

Model Applications to Scheduling

8.1 Chapter Overview

This chapter provides a detailed study and analysis of using LLMs with benchmark
schedules in tabular form and assessing the capabilities in answering different cate-
gories of queries to determine their capabilities for use in XAI applications with differ-
ent schedules. The benchmark scheduling datasets, LLMs choices and applications were
taken from C. Powell and A. Riccardi, “Generating Textual Explanations for Schedul-
ing Systems Leveraging the Reasoning Capabilities of Large Language Models” [44]
published in the Journal of Intelligent Information Systems [peer-reviewed].

The chapter is made up of five sections:

o The Literature Review (8.2) contains a review of the research on XAI techniques

for the application to scheduling problems.

o The Schedule Benchmark Set (8.3) outlines the details of the selected benchmark

scheduling problems.

o The Methodology (8.4) sets out the approach for the experiment, including the
configuration of the LLM, query creation, prompting technique, and the metrics

used to assess performance.
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o The Results (8.5) explore how the differing sizes and complexities of scheduling
problems impact the performance of the LLM in answering queries, and consider

any potential connection between observed metrics.

o The Conclusion (8.6) summarises the findings from the results and observed pat-
terns in behaviour, determining the effectiveness of the approach for real-world

applications.

8.2 Literature Review

In selecting the best approach for this study, the ten strategies outlined in a recent
study were considered (some of which are Explainability for Trustworthy LLMs and
Human Alignment, LLM Enhancement via Explainable Prompting, and Generating
User-Friendly Explanation for XAI) [401]. As the goal of this study is to establish a
benchmark approach for generating textual explanations, the user-friendly explanation
approach was selected as the most appropriate. The authors encourage alternative
approaches in future experiments.

There are valuable applications of XAI in the domain of scheduling, offering trans-
parent and comprehensible insights into the decision-making process behind scheduling
tasks; however, research and development in this area are still emerging. Through the
application of XAl techniques, users will gain a detailed understanding of the underly-
ing logic of the scheduling model and the key factors that influence the generation of
schedules [380,402,403].

In the context of ML, taking a specific classifier and point in the feature space,
applying a rule-based explanation algorithm creates a rule that holds to the features of
the classifier, covering the given point and enabling classification. These explanations
are robust in the context of the surrounding area in the feature space [404]. Considering
this concept for scheduling, human-readable rules are extracted from the scheduling
model to provide understandable decision guidelines. Users can gain insights into how
certain scheduling decisions are made based on these rules.

Integrating XAI with the scheduling model to incorporate user inputs and feedback
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may provide a clear understanding of how they influence the final schedule. By con-
sidering users’ requirements, the scheduling algorithm prioritises tasks or resources in
alignment with individual choices, allowing users to comprehend the rationale behind
the prioritisation of specific elements in the schedule [405].

A comprehensive survey by Gajane et al. discusses practical applications of RL
methods to achieve fair solutions with high accuracy. The survey reviews the theory
of fair reinforcement learning, including single-agent RL, multi-agent RL, long-term
fairness via RL, and offline learning. Additionally, Gajane et al. highlight key issues
to explore for advancing fair-RL, such as correcting societal biases, evaluating the
feasibility of group fairness or individual fairness, and enhancing explainability in RL
known as eXplainable Reinforcement Learning (XRL) [406]. XRL is aimed at providing
clear and transparent insights into the decision-making process of learning agents, in
particular for systems performing sequential decision-making [407].

The study by Puiutta et al. observes the potential of fair XRL for scheduling by
incorporating fairness considerations into scheduling algorithms, users can gain trans-
parent insights into how resources, including time, are allocated, leading to equitable
distribution and mitigating biases [407]. Further research on fair-RL and XRL tech-
niques for scheduling is considered necessary for building trustworthy and inclusive
scheduling systems that cater to diverse user needs.

Another approach is that of Counterfactual (CF) explanations for XAI. These are
considered to be five deficits related to psychological and computational evaluations in
CF XAI. These deficits include neglecting users, grounding of plausibility with psychol-
ogy, considering sparsity based on feature differences, evaluating coverage for plausible
explanations, and performing comparative testing [408]. To apply CF explanations to
scheduling, further research can explore XAl techniques that prioritise user-centric ex-
planations, generate plausible and interpretable scheduling decisions, address resource
allocation, ensure a comprehensive evaluation of explanations for coverage and trust-
worthiness, and conduct comparative testing to identify the most effective CF XAI
methods for scheduling applications.

By integrating XAI into scheduling, users can leverage various XAl techniques and
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tools, such as classification methods for job scheduling problems, customizable rules,
textual descriptions, pseudo-code, decision trees, and flowcharts. Additionally, job
sequencing and scheduling problems, frequently formulated as mathematical program-
ming models, can be optimised using Al technologies, with a particular focus on the
application of GA for finding optimal solutions in the scheduling process. This integra-
tion enhances the transparency and interpretability of scheduling decisions, allowing
users to better understand the reasoning behind decisions, leading to more informed
and beneficial scheduling outcomes [409].

Limited research exists regarding the use of LLMs and XAl in the context of schedul-
ing, resulting in minimal scope for meaningful comparison of the proposed techniques
in this chapter. This section outlines the potential of using both LLMs and XAI to
enhance transparency and interpretability in the decision-making process of scheduling.
A recent study, building on the understanding that scheduling data is often in a tabu-
lar structure [410], was conducted to determine the potential of LLMs in their ability
to understand tabulated data. The research explored using GPT-3 providing several
challenges to the model [411]. This produced varying outputs based on the choice of
inputs, including table formats, prompts, partition masks, and role prompting. The
paper proposes self-augmentation for effective structural prompting, leveraging LLMs’
internal knowledge for tasks like critical value/range identification. As illustrated in
Figure 8.1, the LLM can extract significant values from the table using self-augmented

prompting, which aids in generating improved answers for downstream tasks.

Intermediate Output

The table contains... Antoine Salamin's
results in... from 1983 to 1989. The most

Title: Antoine Salamin critical values in the table are the number of
races. The range of races is from 1 to 4....
Year Team  Driver Races .. Pos The range of podiums is from 0 to 3... The
range of points is from 3 to 42...

Final Output
In 1989, Antoine Salamin drove a Porsche
962C for the Swiss Team Salamin, powered
by a Porsche turbo Flat-6 engine. He
competed in two races, achieving one
podium and 17 points, finishing 7th overall.

o

1989 | Swit... | Antoine...

w | 7th S ,
E—  E—
Table & Other info

1st <request> 2nd <request>
Identify critical values and ranges of the table

1983 | Swit.. | Antoine.. |1 . | 20t

Generate NL description for highlighted parts

Figure 8.1: Illustration of self-augmented prompting [411].
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Therefore, in the context of scheduling, this demonstrates that LLMs can process
volumes of tabular and textual data, including scheduling rules, constraints, and re-
quirements to assist in automating the scheduling process. These models can also
interpret and extract relevant information from unstructured text, facilitating better
decision-making and proficient scheduling. Another study analysed tabulated data
from a scheduler based on fixed and structured queries. These queries were targeted at
specific scheduled tasks and assessed the feasibility of replacing them with alternative
tasks without impacting the schedule, known as a SEP concept. The generated prompts
were fed to the LM along with the initial query to aid with generating an appropriate
response [412].

This outlines the current known capability for the use of LLMs with XAI for solving
and explaining queries on scheduling data and problems, signalling the emergent nature
of this combination of techniques.

The task-based nature of satellite activities as part of achieving mission objectives,
the scheduling technique would need to facilitate this inherent requirement; therefore,
Job Shop Scheduling was found to fit the requirements best. As such, the history of Job
Shop scheduling was examined, which identified the extensive research by E. Taillard
on job shop scheduling, in which 260 benchmark scheduling problems of varying sizes
were defined. These benchmark schedules have been utilised in research for over 30
years with over 3,000 citations [80], building a well-established baseline that can be
applied to any task-based, job-shop-aligned scheduling problem. Because of this, a
selection of differently sized schedules was selected from the original research, where
the schedule data was available, to form the basis of an XAl experiment to demonstrate
the capabilities in a neutral, non-domain-specific setting for a baseline of results to

compare against future research experiments.

8.3 Schedule Benchmark Set

The framework problems outlined by E. Taillard provided the means of generating
solver results for a set of benchmark schedules, where the number of jobs (n) and the

number of machines (m) can be altered to control the size of the schedule. Within
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the schedule, each job has an uninterruptible duration (or processing time), randomly
determined between 1 and 99 [84,413], that must be completed for the job to finish,
and machines can only process one job at a time.

The objective in solving the scheduling problem is to find the arrangement of jobs
that returns the shortest makespan, which is the time required for all jobs to complete.
In E. Taillard’s original job shop benchmark set of scheduling problems, the varied
combination of jobs and machines was between 15 and 100 and between 15 and 20,
respectively (ensuring there are never more machines than jobs). The collective per-
formance of research for solving E. Taillard’s benchmark has been summarised from
dozens of different research studies to document the lower and upper bounds of solu-
tions [414]; where the lower bound represents the optimal solution, and the upper bound
represents the current best feasible solution, with the goal of optimisation matching the
bounds together through exhaustive solving [415]. From the presented information, at
the time of writing, of the 80 Job-Shop Scheduling benchmark problems, 21 remain
with non-optimal upper bounds [414].

As previous research in this thesis had explored schedules with non-optimised fea-
sible solutions, the decision was made to use a mixture of optimal and non-optimal
feasible solutions to experiment with the benchmark schedules. Ten schedules were
selected from E. Taillard benchmarks, which were solved by different schedulers and
researchers, where 80% of the schedules had optimal solutions, and the remaining 20%
were feasible solutions.

The optimal solutions selected were TA03 through TAO09, derived by [416], with
makespans between 1175 and 1274, where each schedule consisted of 15 jobs and 15
machines. An optimal solution with 20 jobs and 15 machines, and a makespan of 1342,
from benchmark TA13 was also selected, solved by [417]. The same source was used
for the first feasible solution from benchmark TA26, formed of 20 jobs and 20 machines
and a makespan of 1647. Finally, a feasible schedule for benchmark TA48, containing
30 jobs and 20 machines, was selected from the solution found by [414]. The selections
are summarised in Table 8.1 and as a visual representation of one of the schedules, the

Gantt chart for schedule TA13 is displayed in Figure 8.2.
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While these solved schedules were presented as the best available solutions to the
benchmarks, even for the non-optimal solutions, additional research was conducted to
validate the selections. Experiments by [418] matched the optimal results for bench-
marks TAO1 through TA10, however, was unable to achieve optimality for the bench-
marks in the range TA21-TA30. Similarly, [419] was able to match much of the
smaller benchmarks optimal solutions with their Hybrid Particle Swarm Optimisation
approach, and although they completed solutions for all 80 Jop-Shop benchmarks by E.
Taillard, the results did not consistently achieve optimality. Tests were also conducted
to complete the set of benchmarks [420], yet their solver was unable to match any of
the known optimal or best solutions. A Genetic Algorithm approach was applied to
the solver [421], but achieved an optimal solution with only 2 of the 30 (TA01-TA30)
benchmarks used in their experiments. As the available research could not demonstrate

improved solutions as an alternative, the selected benchmark solutions were used.

Table 8.1: Schedules used with their respective makespans [414,416,417,422]

Schedule Schedule Type Makespan Optimised
Label  jobs j by machines m Solution
TA03 155 x 15m 1218 Yes
TAO4 155 x 15m 1175 Yes
TAO5 155 x 15m 1224 Yes
TAO06 155 x 15m 1238 Yes
TAO7 155 x 15m 1227 Yes
TAO8 155 x 15m 1217 Yes
TA09 155 x 15m 1274 Yes
TA13 205 x 15m 1342 Yes
TA26 205 x 20m 1647 No
TA48 307 x 20m 1956 No

8.4 Methodology

Once the benchmark schedules were selected as the baseline data for the experiment
in testing LLM explainability, a series of assessments were designed to measure the
comprehension, reasoning, consistency, completeness, and conciseness of responses.

The LLM-based approach was designed to answer questions on 3 separate and in-
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Figure 8.2: A representation of schedule TA13 derived by Henning et al. [417] proposed
by E. Taillard [422].

dependent categories of questions, to understand the capacity for analysing differing
tabular data from the solved benchmark job shop schedules. The answers to the ques-
tions returned by the LLM must adhere to the constraints by which the schedule data
is derived; as such, no job sequencing rules were enforced, and jobs were free to be po-
sitioned in any order on the machine. However, the same job cannot occur on different
machines at the same time, and only one instance of any job will be processed at any
one time.

The supplied scheduled data was split into two sets of categorisation: Optimised
and Non-Optimised, and Smaller and Larger. The Optimised schedules are those that
have an available optimal solution, whereas the Non-Optimised schedules only have a
feasible solution available. The Smaller schedules are variants of the 15jx15m sized
benchmarks of which there are 7 in total, with the Larger schedules being 1 instance

of each of the following benchmark sizes: 20jx15m, 205x20m, and 305x20m; where j
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stands for jobs and m represents machines.

OpenAl’s GPT-4 and Meta’s LLaMA were introduced as generalist LLMs, to assess
the feasibility of amending the jobs within the schedule, where all unique questions are
derived from the questions presented in Table 8.2, along with the question prompt in
Table 8.4. Generalist LLMs, as opposed to specialised or pre-trained models, were cho-
sen to explore the capabilities of these emergent tools in domain-specific and technical
problems. In Figure 8.3, the overview of the approach for the experiment to provide
data to the LLMs and how the returned answers were evaluated is shown. The ap-
proach makes use of the schedule data from which the questions from each category
were created, as explained in Section 8.4.1, which are then combined with the prompt
text and schedule data, as shown in Section 8.4.2 before being issued to the LLMs.
With every answer, from all question categories, returned by the LLMs, five assess-
ments were conducted as outlined in Section 8.4.3, including comparative analysis of

any relations.

8.4.1 Query Creation

Three query categories were decided upon, each including variants of a fixed number
of unique questions, listed in Table 8.2. To ensure that a suitably broad range of ques-
tions was created within each category, while not becoming repetitive, every element
determining the position and timescales of a job was considered. All jobs within the
schedule data have a start time, processing time (duration), finish time, job number,
and machine number. Queries were created to alter at least one of these elements,
with the freedom given to the LLM to make further alterations in order to satisfy the
request within the question, such as changing the position/start time of a job. Further-
more, each question is designed to facilitate a yes or no answer, which facilitates the

unambiguous record of the correctness of the answer. The categories are defined as:

e Swap - Considers the exchange of the processing times, start times, or identical job
numbers across different machines. There are seven unique benchmark questions

in this category.
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e Increase - Involves any queries on postponing the start of a job, delaying the
finish of a job, extending the processing duration of a job on any machine, or
extending overall machine run time. There are four unique benchmark questions

in this category.

e Decrease - The inverse of increase, entails the reduction of job start, finish, or
processing duration, processing time of a job or overall machine run time. It also

has four unique benchmark questions.

Table 8.2: Table displaying the unique questions for each of the query categories

uer; .
C(a:ztego);y Queries
1. Could the start time of job a be exchanged with the start time of job b on machine ¢?
Swap 2. Is it possible for the end time of job a to be exchanged with the end time of job b on machine ¢?
3. Is the exchange of job a and job b on machine c feasible?
4. Can job a be exchanged between machines ¢ and d?
5. Can the processing times of job a on machine ¢, be exchanged with the processing times of job a
on machine d?
6. I'm considering swapping the start time of job a on machine ¢ with the start time of job a on
machine d. Is this possible?
7. Suppose I swapped the end time of job ¢ on machine ¢ with the start time of job a on machine d,
is this possible?
Increase 1. Can the duration of job a on machine ¢ be increased by z minutes?
2. Can machine ¢ overall running time be increased by z minutes without impacting the overall
scheduled run time?
3. Is it possible for the start time of job a on machine ¢ to be increased by z minutes?
4. If T increased the end time of job a by z minutes on machine ¢, would that be feasible?
Decrease 1. Is it possible for the duration of job a on machine ¢ to be reduced by z minutes?

2. Can machine ¢ overall running time be reduced by z minutes without impacting the overall sched-
uled run time?

3. I need to know if the start time of job a on machine ¢ can be reduced by z minutes

4. Would reducing the end time of job a on machine ¢ by z minutes, be possible?

More queries were yielded from the Swap category as the number of unique con-
ditions was greater due to the opportunity to exchange the same job numbers across
machines while ensuring all jobs remained scheduled across every machine. Addition-

ally, different job numbers can be position swapped on the same machine, along with
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exchanging the start or processing times.

For the Increase and Decrease categories, four unique questions were created for
each, as these questions focused on altering the time-based elements, and the moving
of jobs within or across machines was not a possible line of query. Within each question,
the job and machine numbers are varied and then sent to the LLM for a response.

Every query in each category was repeated a set number of n times, with each
repetition containing different job and machine numbers, and time elements for the
Increase and Decrease category questions. The purpose of generating variants to the
unique questions is to assess the LLM’s consistency in response, while not asking an
identical question repeatedly. All numbers for jobs, machines and timings were gener-
ated randomly within the constraints of the schedule, ensuring that all numbers were
in range for the number of jobs and machines in that given schedule.

The questions were pre-generated and recorded to ensure all questions met the
parameters. The recorded questions were then included with the schedule data and
prompt for the LLMs to respond to, where both LLMs were sent identical question

variants to ensure consistency for comparison of performance.

Table - Schedule

Category of Questions
 — | — — | S—  — | —
[ Swap ] [ Increase ] [ Decrease ] S | — | — | S—  — | —
S | — — | S—  — | —
LLM
______________________________________________________ B
Assessments
Algorithm Algorithm
v Y Assessment ‘ ‘ Assessment
orts] GauTh Qo;lnt_e for correctness for completeness
Similarity
Response Bert Score

Precision
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> F

Cross category comparison and
Assessment Relations

|

|

|

|

|
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Figure 8.3: Overview of LLM analysis on scheduled data and user queries
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8.4.2 Answering benchmark schedule queries

The scheduled data required preparation before being supplied to the LLM with the
question prompt; therefore, every schedule had 2 text files created, each containing
tabular data. The first file consisted of a table of the processing times for all jobs
across each machine, in j rows by m columns. The second file contained a table of the
solved schedule start times for each job on every machine, in j rows by m columns.
These text files were pre-generated and necessary for providing the scheduled data
in tabular format to the LLM and supplemented the prompt to generate the answer
responses.

The template prompt, as shown in Table 8.4, was combined with the schedule
data files and the questions created in Section 8.4.1 to provide the LLM with all the
necessary information to generate an answer to the questions asked. The complete
experiment procedure adopted an example-based few-shot approach with the supplied
data and information, utilising the API connector to both GPT-4 and LLaMA-3.1.
Although the prompt includes a single example question and answer pair from each of
the question categories, the approach is recognised as few-shot learning (rather than
one-shot learning) as the LLMs do not know the question categories and will therefore
apply all the examples when generating an answer. This is an important consideration
as it should allow the LLMs more freedom in how to respond and generate more rounded
answers, noticeably independent of the directional examples provided.

An additional consideration was to not implement any known prompt optimisation
techniques, such as chain-of-thought [362] or ReACT [423], which could be applied to
influence performance, as the intention of this novel experiment aimed to establish a
baseline of performance with a public, generalist LLMs which could serve as a marker
for future research and optimisation techniques.

The results, which included assessments on all question variants in each category,
were analysed for their performance in correctness, cosine similarity, completeness,
response length, and use of language to evaluate the quality of the LLM responses in
answering the questions. FEach area of performance measurement was calculated as

described in the following Sub-Sections.
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8.4.3 Performance measure

For the creation of a baseline performance measure of this novel approach, the per-
formance of the LLM responses must be measured and evaluated. The results from
the proposed methodology were assessed for response accuracy, consistency, and in-
terpretability across all question categories and question variants. Furthermore, the
potential trends and patterns between the assessment measurements and the question
category or schedule size were analysed, detailing the effectiveness of the LLMs in

handling varying levels of complexity and questioning tactics.

8.4.3.1 Correctness

Arguably, the most important measure of a successful response generated by the LLMs
is whether it is correct or not, and this measure has been widely adopted in research for
measuring LLM performance. To accurately capture this, the yes/no responses returned
by the LLMs were assessed, creating a binary value to identify the correctness of the
answer. This was achieved algorithmically to independently validate the feasibility of
the questioned alterations, which were then compared against the answer provided by
the LLM. If the changes queried in the question were feasible and matched the yes
response, a score of 1 was given; conversely, if the changes queried were not feasible
and the answer given was no, a score of 1 was also recorded to validate the response as
correct; otherwise, in the event of any other result, a score of 0 was recorded.

An additional consideration was required for questions that necessitate answers
with two components for correctness, for example, when exchanging processing times
between two jobs (from the Swap question category), which can be achieved by either
altering the end time or the start time. On the basis that the experiment algorithm
produces a result for two decisions, where at least one coincides with the answer from
the LLMs, a score of 1 was recorded to consider the response correct.

Given the direction provided in the prompt, and the deliberate wording of the ques-
tions, all answers from the LLMs should return a yes/no response; therefore, no other

keywords or conditions were assessed to evaluate correctness in the LLM responses.
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8.4.3.2 Cosine Similarity

The ability for the LLMs to produce contextually consistent responses is also important,
as this demonstrates the ability to adhere to an understanding without simply being
repetitive. Within the context of LLM responses, cosine similarity is the measure of
how identical two textual statements are.

The cosine similarity was calculated by computing, following the method presented
by [424], the similarities between the answers created by the LLMs across each repeated
unique question, excluding itself. This means for the n answers generated for each
question within each category, and each of these answers (from Table 8.2) was computed
for the cosine similarity against the others generated for that question. The returned
values were averaged across all responses to the question and recorded.

The cosine similarity scores range from -1 to 1, where -1 represents no similarity
whatsoever, and 1 would be an identical response. It is worth noting that, unlike other
metrics, achieving a ‘perfect’ score of I in cosine similarity is not desirable, as answers
should not be identically worded when the question or details are changed between the
question variants. Assessing the Cosine similarity allows for a measure of consistency
in language, tone, and response structure, which promotes familiarity with users in

real-world applications.

8.4.3.3 Response Completeness

The Completeness of a response is a measure of the LLM’s ability to identify and
reference key elements of the question and return these in the response. In the context of
this experiment, these key elements include the job number(s) and machine(s) specified,
as well as the similarity of the response to the question asked, to evaluate how much
common language and terminology was used by the LLMs.

To calculate the completeness of the answer from the LLMs, two steps were followed:

1. Check if the job and machine numbers given in the question were mentioned
within the response. Score values were assigned, based on the response returned,

ranging from 0 to 1, where a score of 0 means no mention of the jobs or ma-
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chines within the explanatory answer and I represents 100% of the noted jobs

and machines mentioned.

2. Calculate the cosine similarity between the question and answers generated to

assess the use of common words and terminology.

The resultant values from these calculations are averaged to generate the response
completeness, which will attain a value between 0 and I; where a score of 0 means
the response excludes all relevant information provided in the question and holds no
similarity with the original question, and a score of I perfectly evidences the relevant
information from the question and the greater comprehension the LLM exhibits, while
also providing an identically worded response to the question (which should not be
possible). As cosine similarity is included within the calculation of completeness, as
mentioned above, a ‘perfect’ score of 1 is not expected or desirable, but near I scores

will demonstrate high performance in comprehension from the LLMs.

8.4.3.4 Word count

Response conciseness is measured to understand the LLM’s response to the constraints
in the token limit (as defined in Section 8.5), as well as exploring any relationship
between the brevity of response and the scores in other performance measurements.
Assessing for any correlation with other measurements and question categories will
provide insight for further investigations and research to explore identified relationships

further.

8.4.3.5 BERTScore

BERTScore is a commonly used measurement for evaluating the natural use of language
by an LLM, by assessing the precision and recall of a response against reference material.
Within this experiment a sample of benchmark questions and answers (including both
yes and no responses), as shown in Table 8.3, was created for each question category
by the authors of the study. Each sample was mapped to the list of answers generated

by the LLM to return the BERTScore (F1), which measured the quality of language
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used in each response in relation to the samples provided.

The BERTScore (F1) is the average of two-component values:
1. Precision - measures the accuracy of words within the response; and
2. Recall - measures the quality of phrases used within the response.

All three scores were calculated and recorded; however, the results focused on
analysing the BERTScore (F1) values. The calculation method follows the instruc-
tions provided in [425] and is scored between 0 and 1, where 0 has no resemblance to

the reference material and ! is identical to a statement in the reference material.

8.4.3.6 Comparative Performance Analysis

Following the completion of all other performance measurements for all questions from
all categories and for all schedules, the collated results were analysed for correlation in
performance between each question category. To assist with the analysis, graphs were
plotted for every performance metric to visualise the results and observe any patterns
or trends. The comparative performance was discussed, detailing relevant insights and

reasoning gained from the experiment.

8.5 Results

The results are presented in two sections: Chapter 8.5.1 for the individual query cate-
gories, namely Swap, Increase and Decrease; and Chapter 8.5.2 for the cross-category
comparison across all schedules and categories. The average performance metrics for
all queries for each category have been discussed, evaluating where the LLMs per-
formed well and where any difficulties were experienced. The LLM’s answers to all
fifteen unique questions, created through the process detailed in section 8.4.1, were
assessed with five variations of each question for ten schedules, totalling 750 questions.
The results from the question variants averaged and presented in combined Tables
8.6 through 8.17, collected and represented throughout Chapter 8.5.1, along with Fig-
ures 8.4a through 8.13d throughout Chapter 8.5.2, depicting the averaged performance
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Table 8.3: Benchmark answers for each query category

Query
Category

YES

NO

Swap

Increase

Decrease

-

'S

-

—

w

'S

-

w

. Yes, an exchange of the start times of job 7 with job 12 on

machine 5 can take place. There will not be any overlap or
conflict with other jobs and rescheduling would not be required.

. Yes, it is possible to exchange the end times of job 7 with job

12 on machine 5. There will not be any overlap or conflict with
other jobs and rescheduling would not be required.

. Yes, it can be considered feasible to exchange jobs 9 and 14

on machine 12, as there are no conflicts or overlaps that would
prevent this from occurring.

. Yes, it appears possible to exchange job 7 between machines 8

and 11. This will not cause any overlaps or scheduling conflicts
with other jobs or machines.

. Yes, there is no reason the exchange of processing times of Job

6 on machine 12 with Job 9 on machine 9 cannot be completed,
as there are no identified conflicts preventing this action.

. Yes, it would be allowable and possible to swap the start times

of jobs 8 and 4 on machines 2 and 12, respectively. There are
no overlaps with other jobs that would prevent this from being
possible.

. Yes, swapping the end times of job 9 on machine 11 with job 4

on machine 7 can be done, as there are no issues with other jobs
that could stop this from happening.

. Yes, it would be possible to increase the duration of job 8 on ma-

chine 4 by 10 minutes, as there is sufficient slack in the schedule
to allow this without issue.

. Yes, the overall running time of machine 7 can be increased by

12 minutes without impacting the overall scheduled completion
time, as its increased finishing time does not exceed the sched-
uled completion time.

. Yes, it is possible for the start time of job 9 on machine 14 to

be increased by 20 minutes, as this increase does not affect the
start or completion of other jobs within the schedule.

. Yes, it is feasible to increase the end time of job 5 on machine

6 by 12 minutes, as there is adequate capacity for the schedule
to tolerate this without requiring a complete reschedule.

. Yes, there is the possibility to decrease the duration of job 8 on

machine 5 by 13 minutes as this will not cause any conflict with
other jobs or breach scheduling rules.

. Yes, the overall run time of machine 7 can be reduced by 17

minutes without impacting the overall schedule, as this change
keeps the maximum schedule run time the same.

. Yes, the start time of job 2 on machine 14 can be reduced by 18

minutes, as this does not cause any overlap with existing jobs
nor break any of the scheduling rules.

. Yes, it would be possible to reduce the end time of job 17 on

machine 12 by 14 minutes as this will not have an impact on
any other jobs or the operation of the schedule overall.

ot

=3

. No, the exchange of start times for job 12 and job 3 on machine

9 cannot be done as this would cause a conflict with other jobs
within the schedule. To make this exchange possible, it would
be required to reschedule all activities.

. No, it is not possible to exchange the end times of job 6 with

job 13 on machine 1 as there would be a conflict with other jobs
in the schedule.

. No, there is no feasible option in the current schedule to ex-

change jobs 11 and 2 on machine 3. If the exchange took place,
there would be overlaps with other jobs and would require a
complete reschedule to find a feasible solution.

. No, it does not appear possible to exchange job 9 between ma-

chines 1 and 5, as doing so would cause a conflict with other
jobs in the schedule. Jobs cannot overlap when being processed
on machines, and therefore, this exchange cannot be completed.

. No, this exchange of processing times between job 11 on machine

3 with job 2 on machine 13 is not possible, as this would lead
to an overlap with other jobs in the schedule and would require
rescheduling in order to make this possible.

. No, the start times of job 5 on machine 7 and job 14 on machine

2 cannot be swapped as this will cause overlap and conflict with
other jobs within the schedule. The schedule would need to be
completely modified to allow this to happen.

. No, the swapping of the end times of job 6 on machine 13 with

job 15 on machine 15 is not achievable due to the conflicts and
overlaps this would trigger with other jobs within the schedule.
A full reschedule would be required to make this possible.

. No, it wouldn’t be possible to increase the duration of job 3

on machine 14 by 11 minutes, as this would cause an overlap
with the jobs starting later on this machine and would therefore
require a complete reschedule.

. No, the overall schedule run time will be impacted by increasing

the running time of machine 13, as this will exceed the current
schedule completion time, and therefore, the increase is not pos-
sible.

. No, it’s impossible to increase the start of job 11 on machine 1,

as the consequence of this would trigger conflicts and overlaps
with other jobs within the schedule and therefore a complete
reschedule would be required.

. No, increasing the end time of job 2 on machine 3 is not feasible

as this would conflict with the start time of other jobs within
the schedule and would therefore require a complete reschedule
to satisfy this requirement.

. No, the duration of job 10 on machine 15 cannot be decreased

by 16 minutes, as this will cause the job to breach scheduling
rules or conflict with other jobs within the schedule.

. No, this is not possible as the overall schedule run time is im-

pacted by reducing the overall running time of machine 9 by 16
minutes and therefore cannot be achieved without a complete
reschedule.

. No, the start time of job 18 on machine 3 cannot be reduced by

16 minutes, as this would cause an overlap with an existing job
or breach the scheduling rules.

. No, the end time of job 15 on machine 6 cannot be reduced by

14 minutes, as this would breach the scheduling rules defined
for the problem.
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Table 8.4: Table displaying the prompts used to answer each of the query categories

Prompt used across all categories for answering queries

This is a schedule for a job shop problem.

Each row labelled J# represents the job across each machine except the first row, and each column except the first
represents a machine number.

The scheduling of jobs and machines is not sequential and can be in any order; however, a machine can only run one job
at a time, and the same job cannot run at the same time on different machines.

Jobs are never to be repeated on the same machine, and there are no sequencing or dependency rules for jobs on each
machine; for example, job 5 can occur before job 4.

The schedule data provided below is not in order of the schedule and must be restructured to be sequential.

When answering questions on the schedule, please consider all the data available and the potential knock-on impact or
conflict with other machines, reviewing all possible or necessary adjustments to fully answer the query. There are also no
deadlines for jobs or the schedule.

Every Answer MUST start with a yes or no, followed by the explanation.

Three examples of answering questions are below:

1. Could the start time of job 9 be exchanged with the start time of job 15 on machine 27

answer: Yes, the start time of job 9 can be exchanged with job 15 on machine 2, as there are no overlaps of the
same jobs on the other machines.

2. Can machine 11 overall running time be increased by 15 minutes?

answer: No, machine 11 overall run time cannot be increased by 15 minutes as there would be an overlap in other
jobs.

3. I need to know if the start time of machine 15 can be reduced by 13 minutes.

answer: Yes, the start time of machine 15 can be reduced by 13 minutes, as there is availability within the time
requested.

scores for each schedule size. The dataset containing the results is available a the
University’s Knowledge Research Portal. !

Section 8.5.1.1 discusses the results from the Swap question category, where all ten
benchmark schedule size formats were analysed, namely seven schedules of 155x15m
(represented as schedules 1 - 7), one schedule 20jx15m, one schedule 20jx20m, and
finally, schedule 30jx20m. All the performance metrics were assessed for insights into
the LLM’s capabilities in individual criteria and collectively across all measurements.

Likewise, Section 8.5.1.2 illustrates the performance of the generated answers and
results of the four questions asked within the Increase category for the ten benchmark
schedules. After which, Section 8.5.1.3 contains the assessment of average performance
for the results for the Decrease category, consisting of all variants of the four unique
questions.

Finally, section 8.5.2 contains an overview comparing the performance metrics be-

"ttps://doi.org/10.15129/2cf£603d-d504-4d9d-8f54-a66a2a72a835
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Table 8.5: Model configuration to generate answers

Model configuration

temperature 1
max tokens 100
top_p 1

frequency penalty 0
presence penalty 0

tween each of the question categories with their respective Figures, where each schedule
isrepresented as 15_15_1to 15_15_ 7 for all schedules of 155x15m, 20_15_ 1 for sched-
ule 205x15m, 20_20_1 for schedule 205x20m, and 30_20_1 for schedule 30jx20m.
Additionally, the overall performance is compared with the limited relevant results
observed in other studies to determine the performance and success of this experiment.

The analysis conducted within each section provided valuable insight into the appli-
cation and performance of this novel LLM approach for distinct scheduling problems,
which can aid further research to explore and advance capabilities.

Using GPT-4 and LLaMA-3.1 required hyperparameters to determine the perfor-
mative configuration while completing the answer responses. An iterative approach was
taken for the model hyperparameters to ensure both LLMs produced timely and eligible
responses. Upon finding the most suitable settings, shown in Table 8.5, this remained
unchanged throughout the experiment to ensure fair and consistent assessment across

all responses.

8.5.1 Individual Query Categories
8.5.1.1 Swap Query Category

For the Swap query category, Tables 8.6 and 8.8 present the average correctness scores
ranging between 0.57 and 0.80 across all schedule sizes for GPT-4, with over 74% of
queries achieving an average correctness score of 0.60 or higher. However, Tables 8.7,
and 8.9 show the LLaMA responses achieved averages between 0.00 and 0.29, as 40%
of queries returned an average of 0.00. The GPT-4 performance is presented in Figure

8.4a, where the scores were relatively high across all schedule variants. While LLaMA’s
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results shown in Figure 8.5a visualise the low scores for all schedules.

The average cosine similarity scores for GPT-4 ranged between 0.78 and 0.82,
demonstrating consistent similarities between answers without being identical, which
was closely matched by LLaMA with scores between 0.77 and 0.83. A density plot
was created showing where GPT-4 and LLaMA had only slight variations for cosine
similarity, shown in Figures 8.6a and 8.7a, where all 15jx15m schedules represented
with solid lines were compared with 207x15m, 205x20m, and 305x20m as broken lines.

With the completeness assessment, the average scores measured between 0.93 and
0.955 for GPT-4, and between 0.94 and 0.96 for LLaMA, representing a high degree
of recall from the elements provided within the query by both LLMs. Looking at
Figure 8.8a for GPT-4, each schedule was plotted against their average scores taken
from each question, with schedule 5 of 15jx15m, showing the lowest reading 0.8153
taken from query 7 shown in Table 8.6. Schedule 20jx15m, however, shows the second
lowest reading of 0.8531, also taken from query 7 in Table 8.8. The plot for LLaMA,
in Figure 8.9a, reveals less variance, with all schedules closely aligned in average score
distribution.

The average word count was calculated as between 59 and 73 words per response
from GPT-4, and between 54 and 66 from LLaMA, which suggests a high degree of
consistency in responses from both LLMs. However, when looking closely at the indi-
vidual query responses from both LLMs, there were noticeable variances in the length
as shown in Figures 8.10a and 8.11a, which infers that particular wording of a query
can greatly influence the length of the response.

For BERTscore (F1), the average scores for GPT-4 ranged between 0.61 and 0.66,
with LLaMA achieving between 0.59 and 0.64, which shows the quality of the responses
provided by both LLMs had a high degree of consistency with the human sample
responses, with minimal fluctuation shown in the scores, while also low enough to
suggest they do not align too closely with the reference material. The consistency of
these scores was very similar across both LLMs and is shown in Figures 8.12a and

8.13a, representing a density violin plot of these values.
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Table 8.6: Average results for the Swap category Table 8.7: Average results for the Swap category

15jx15m all schedules for GPT-4 15jx15m all schedules for LLaMA-3.1
15jx15m schedule 1 15jx15m schedule 1
Qq Correct- Cosine  Response Word  Bert Correct- Cosine  Response Word Bert
A e £ Q#
ness Similarity Completeness Count Score f1 ness Similarity Completeness Count Score f1
1 06 07827  0.9600 50.2  0.6085 1 02 07999 09604 502 0.6727
2 0.8 0.8169 0.9482 68.2 0.6726 2 0.0 0.7719 0.9025 80.2 0.6057
3 04 07818 09305 50.0  0.6600 3 02 7081 9381 14 0.5872
106 076 09123 624 06l 3 0> ososT 09wl o4 0540
5 08 08300  0.9631 52.8  0.6711 5 04 08572  0.9736 392 0.6751
6 08 08308 0.9682 652 0.6288 6 02 07776 09566 62.0 06212
7 1.0 08205  0.9670 67.2  0.6066 700 08216 09579 714 05371
Avg 0.71 0.8092 0.9542 60.7 0.6370 Avg 0.17 0.8050 0.9436 61.7 0.6069
15jx15m schedule 2 15jx15m schedule 2
1 0.6 0.8074 0.9593 57.0 0.6801 1 0.0 0.8190 0.9600 63.0 0.6165
2 06 0828 09501 710 0.6188 2 02 08443 09625 704 0.5843
3 08 0.7610 0.9228 64.8  0.5861 302 0.7926 0.9310 62.0 0.6005
4 04 08086 09320 63.2 06324 10 ‘81 902 10 o
5 02 078AT 0958 386 06504 5 04 o7 09530 098 068l
6 0.6 0.8751 0.9733 68.4 0.6310 6 0.4 0.8310 0.9596 54.8 0.6156
7 1.0 0.8231 0.9584 74.2 0.6281 7 02 0.7990 0.9649 74.4 0.5932
Avg 0.60  0.8127  0.9506 65.3  0.6326 Avg 0.20  0.8122  0.9484 65.1  0.5947
15jx15m schedule 3 15jx15m schedule 3
1 04 0.8380 0.9614 54.6  0.6604 100 0.8092 0.9586 65.4  0.6057
2 1.0 0.8000 0.9441 72.2  0.5953 2 0.0 0.8291 0.9544 80.4 0.5822
308 07774 09149 774 05721 3 00 07926 09310 534 0.6358
4 0.8 0.7428 0.9237 78.6 0.6062 4 0.0 0.7647 0.9179 60.2 0.6203
5 04 0.8425 0.9563 69.8  0.6149 5 0.4 0.8590 0.9676 54.8  0.6163
6 1.0 08235  0.9740 70.6  0.6139 6 02 07628 09266 482 0.6700
7 0.8 0.8595 0.9299 81.2 0.6133 7 0.0 0.8122 0.9518 57.4 0.6232
Avg 0.74  0.8120 0.9435 72.1 0.6109 Avg 0.09  0.8042  0.9440 60.0  0.6219
15jx15m schedule 4 15jx15m schedule 4
1 08 08279 09610 63.2 0.5962 1 02 8171 9662 348 0.684
2 1.0 0.8278 0.9527 72.0  0.6478 2 8,0 824;8 832?3 27.% 8.2?2?
3 08 08010 09154 63.0 0.6214 3 00 0812 09540 436 0.6845
4 1.0 07924 09376 62,4 06104 400 08108 09242 66.6  0.6048
5 04  0.8420 0.9698 452 0.6712 5 0.6 08297 09609 572 05912
6 06 08130 09313 60.8 0.6301 6 02 08623 0.9724 55.8  0.6183
7 1.0 08404  0.9659 77.6  0.6062 700 07999  0.9680 616 0.6175
Avg 0.80  0.8206 0.9477 63.5  0.6262 Avg 0.14  0.8257 0.9584 55.2  0.6305
15jx15m schedule 5 15jx15m schedule 5
1 06 08040 00537 504 0.6417 1 02 08139 09591 564 0.6510
2 1.0  0.8228  0.9550 72.0 0.6721 2 04 08423 09638 656 0.5982
3 08  0.7990  0.9207 74.4 0.5621 3 00 08257 09516 528 06046
406 07460  0.9430 546 0.6607 4 02 07264 09221 53.4 - 0.5971
5 04 08080  0.9620 60.2  0.6464 g g'g 8'??471? 8'5773145 gé‘g g'g(%?’
6 04 08194  0.9722 50.0  0.6653 . : : S0
7 1.0 08218 08153 710 0.6285 7 00 08500 0.9639 73.2 05640
Avg 0.60  0.8030  0.9317 64.4  0.6395 Avg 029  0.8001  0.9436 8.1 06116
15jx15m schedule 6 15jx15m schedule 6
1 06 08096  0.9640 58.4  0.6369 10007909 0.9608 43.0 - 0.6479
2 08 08097 09567 652 0.6548 2 00 07829  0.9480 72.4 05712
3 08 08258 09264 744 0.5651 3 00 07548  0.9339 594 0.5795
4 04 07981  0.9490 186 0.6583 4 00 07276 0.9054 62405422
5 06 07703  0.9670 532 0.6544 5 04 07924 09799 344 0.6718
6 1.0 08201  0.9627 63.4 0.6163 6 02 0.8326 09727 45.0 - 0.6624
7 1.0 08056  0.9527 80.8 0.5848 702 07408 09533 628 0.5574
Avg 0.74  0.8056  0.9541 634 0.6244 Avg 0.11 07746  0.9506 542 0.6046
15jx15m schedule 7 15jx15m schedule 7
1 06  0.8443 09579 504 0.6473 1 02 08445 09694 41.0 -~ 0.6662
2 08 07771  0.9389 702 0.6620 206 0894 09620 74.4 05703
3 04 07765  0.9259 574 0.6572 3 02 07561  0.9252 656 0.6183
1 02 08326 09128 192 0.6802 4 04 07994 0.9097 558 0.6185
5 06 07626  0.9681 49.0  0.6490 5 04 07722  0.9702 56.20.6282
6 04 08123  0.9734 61.6  0.6452 6 02 08050  0.9673 522 0.6334
7 1.0 08249  0.9644 79.2  0.6205 700 07955 09631 594 0.6279
Avg 0.57  0.8043  0.9488 506 0.6516 Avg 0.29 08008  0.9524 578 06233
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Table 8.8: Average results for the Swap category for Table 8.9: Average results for the Swap category for

20jx15m, 20jx20m and 30jx20m for GPT-4 20jx15m, 20jx20m and 30jx20m for LLaMA-3.1
20jx15m 20jx15m
Q# Correct- Cosine Response Word Bert Q# Correct- Cosine Response Word Bert
ness Similarity Completeness Count Score f1 ness Similarity Completeness Count Score f1
1 0.4 0.8527 0.9698 37.0 0.6957 1 0.0 0.8284 0.9547 52.8  0.6430
2 1.0 0.8176 0.9456 74.0 0.6510 2 0.0 0.8516 0.9537 73.0 0.5414
3 06 0.7662 0.9302 55.2  0.6266 3 0.0 0.7884 0.9257 67.8 0.5702
4 04 0.7486 0.9450 65.4  0.5990 4 0.0 0.7794 0.8911 64.6 0.5971
5 0.0 0.8104 0.9704 53.8 0.6514 5 0.0 0.8088 0.9725 47.2 0.6576
6 06 0.8167 0.9686 67.2  0.6509 6 0.0 0.8390 0.9723 57.2  0.6443
7 1.0 0.8386 0.8531 66.6 0.6294 7 0.0 0.7979 0.9237 71.0 0.5509
Avg 0.57 0.8073 0.9404 59.9 0.6434 Avg 0.00 0.8133 0.9419 61.9 0.6006
20jx20m 20jx20m
1 0.4 0.8017 0.9612 59.2  0.6497 1 0.2 0.7636 0.9592 63.4 0.6438
2 06 0.7709 0.9551 59.2  0.6377 2 0.6 0.8165 0.9608 68.4 0.5780
3 06 0.7613 0.9371 59.8  0.6100 3 02 0.8061 0.9327 64.6  0.5445
4 06 0.7302 0.9379 57.8 0.6534 4 02 0.7802 0.9082 69.0 0.6168
5 06 0.8242 0.9609 69.0 0.6234 5 04 0.8233 0.9666 50.8 0.6376
6 1.0 0.8394 0.9710 74.8 0.6114 6 0.0 0.8256 0.9720 57.0 0.6181
7 1.0 0.7932 0.9594 81.6 0.6303 7 02 0.7885 0.9618 68.4 0.6138
Avg 0.69 0.7887 0.9547 65.9 0.6308 Avg 0.26 0.8006 0.9516 63.1 0.6075
30jx20m 30jx20m
1 08 0.7872 0.9512 68.0 0.6153 1 0.2 0.7734 0.9602 57.4  0.6357
2 0.8 0.8102 0.9454 63.8 0.7231 2 0.2 0.8279 0.9627 60.0 0.6327
3 06 0.7535 0.9399 58.0 0.6353 3 00 0.7565 0.9396 60.0 0.5856
4 06 0.7417 0.9393 62.0 0.6713 4 00 0.7503 0.9191 76.4 0.5795
5 04 0.7949 0.9714 57.4  0.6499 5 0.2 0.8232 0.9702 43.6 0.6538
6 02 0.8040 0.9683 57.8  0.6633 6 0.2 0.7981 0.9630 63.8  0.6080
7 1.0 0.8054 0.9580 82.4 0.6176 7 0.2 0.8057 0.9647 66.0 0.6048
Avg 0.63 0.7853 0.9533 64.2  0.6537 Avg 0.14 0.7907 0.9542 61.0 0.6143

8.5.1.2 Increase Query Category

The results for GPT-4 from the Increase query category are shown in Tables 8.10, and
8.12, where the average correctness scores were between 0.4 and 0.75, and over 62% of
queries scored an average of 0.6 or higher. The responses from LLaMA shown in Tables
8.11, and 8.13, achieved an average correctness between 0.25 and 0.45, with 12% of
answers scoring 0 and 13% scoring 0.6 or higher across all variations. The fluctuations in
these scores were reflected in Figures 8.4b and 8.5b for GPT-4 and LLaMA, respectively.
Schedule 4 of 155x15m stands out for having the lowest correctness score from GPT-4,
along with schedule 7 from 155x15m, which has a very broad distribution due to both
fully incorrect and fully correct answered questions, whereas the scores from LLaMA
were consistently distributed.

The average cosine similarity scores for GPT-4 ranged between 0.80 and 0.855, pre-
senting a high degree of consistency in the LLM responses, with LLaMA achieving very
similar results, scoring between 0.79 and 0.84. The density plots are shown in Figures
8.6b and 8.7b (GPT-4 and LLaMA), identified schedule 5 of 15jx15m from GPT-4 as

the highest density with a value around 0.83 when compared with the other schedules,
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while schedules 20jx15m, 205x20m, and 30jx20m represented a lower overall density
range. The distribution of cosine scores from LLaMA was similar for all schedules, with
the exception of schedules 1 of 155x15m and 305x20m with scores ranging from 0.72
to 0.90 and 0.72 to 0.84, respectively, exceeding the average range.

The average completeness was scored between 0.95 and 0.965 for both GPT-4 and
LLaMA, demonstrating the LLMs were both able to identify relevant information from
the queries in almost every case. The very narrow range in scores can be seen in Figures
8.8b and 8.9b, emphasising how consistently the LLMs referenced the correct job and
machine numbers.

Considering the average word count, which ranged between 51 and 66 for GPT-4 and
between 53 and 71 for LLaMA, it can be observed that the length of responses was fairly
concise, with neither of the LLLMs using the full token limit on average. It can be noted,
from GPT-4, that queries 1 and 3 from 15jx15m schedules 5, 6, and 3, respectively,
had significantly lower than average word counts, visible in Figure 8.10b (also shown in
Table 8.10). However, the nature of the queries within the category means, at times, the
LLM can answer sufficiently well with very few words. This pattern was not shared by
the responses from LLaMA, which had a more even distribution of length in response,
as shown in Figure 8.11b.

For the average BERTscore (F1), this category for GPT-4 achieved scores between
0.64 and 0.70, which represents that the LLM consistently used language aligned to
human reference material, as shown by the minimal fluctuation in Figure 8.12b. LLaMA
scored between 0.63 and 0.665, demonstrating very similar performance, as shown in

Figure 8.13b.
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Table 8.10: Average results for the Increase category Table 8.11: Average results for the Increase category
15jx15m all schedules for GPT-4 15jx15m all schedules for LLaMA-3.1
15jx15m schedule 1 15jx15m schedule 1
Q# Correct- Cosine Response Word Bert Q# Correct- Cosine Response ‘Word Bert
ness Similarity Completeness Count Score f1 ness Similarity Completeness Count Score f1
1 1.0 0.8489 0.9707 49.0 0.7076 1 0.0 0.8179 0.9620 61.6 0.6366
2 04 0.8146 0.9567 56.0 0.6582 2 0.6 0.7216 0.9290 76.4 0.6021
3 02 0.8915 0.9615 51.0 0.6796 3 04 0.8970 0.9678 62.4  0.6286
4 0.6 0.8567 0.9575 59.4 0.6817 4 0.8 0.7895 0.9454 55.4 0.6526
Avg 0.55 0.8529 0.9616 53.9 0.6818 Avg 0.45 0.8065 0.9511 64.0  0.6300
15jx15m schedule 2 15jx15m schedule 2
1 0.8 0.8313 0.9512 62.0 0.6666 1 0.6 0.7938 0.9503 58.4 0.6382
2 04 0.7833 0.9534 60.4  0.6540 2 0.6 0.7759 0.9567 53.4 0.6813
3 1.0 0.8580 0.9610 73.8 0.6241 3 0.2 0.8460 0.9674 51.2 0.6988
4 0.6 0.8547 0.9514 67.0 0.6303 4 0.0 0.8620 0.9514 56.6  0.6029
Avg 0.70 0.8319 0.9543 65.8 0.6437 Avg 0.35 0.8194 0.9564 54.9 0.6553
15jx15m schedule 3 15jx15m schedule 3
1 0.6 0.8183 0.9601 49.8 0.7426 1 0.2 0.8297 0.9725 60.0 0.6595
2 0.6 0.8682 0.9651 67.0 0.6700 2 0.2 0.8563 0.9697 56.4 0.6415
3 0.8 0.8507 0.9741 354 0.7202 3 0.0 0.8477 0.9703 50.2  0.7090
4 0.6 0.8385 0.9521 74.6 0.6200 4 0.6 0.8154 0.9453 57.4  0.6288
Avg 0.65 0.8439 0.9628 56.7 0.6882 Avg 0.25 0.8373 0.9645 56.0 0.6597
15jx15m schedule 4 15jx15m schedule 4
1 0.4 0.8181 0.9537 59.8 0.6636 1 0.4 0.8526 0.9693 454 0.7102
2 0.4 0.8040 0.9548 62.8 0.6742 2 0.6 0.7926 0.9495 72.6 0.6489
3 02 0.8556 0.9674 472  0.7361 3 00 0.8557 0.9633 65.2  0.6459
4 0.6 0.8451 0.9588 63.0 0.6586 4 04 0.7970 0.9557 50.4  0.6290
Avg 0.40 0.8307 0.9587 58.2  0.6831 Avg 0.35 0.8245 0.9595 58.4  0.6585
15jx15m schedule 5 15jx15m schedule 5
1 1.0 0.8338 0.9748 384 0.7758 1 0.2 0.8181 0.9710 47.8 0.6713
2 04 0.8021 0.9655 73.8 0.6407 2 0.4 0.7739 0.9602 67.8 0.5981
3 08 0.8353 0.9585 57.6 0.6498 3 0.6 0.8357 0.9608 52.4 0.6810
4 08 0.8302 0.9452 67.2 0.6446 4 04 0.8011 0.9507 55.6  0.6627
Avg 0.75 0.8254 0.9610 59.3  0.6777 Avg 0.40 0.8072 0.9607 55.9  0.6533
15jx15m schedule 6 15jx15m schedule 6
1 0.8 0.8504 0.9614 35.0 0.7752 1 0.2 0.8252 0.9592 59.8  0.6123
2 04 0.7640 0.9543 51.6 0.6689 2 0.8 0.7900 0.9538 63.0 0.6204
3 06 0.8340 0.9647 49.8  0.6777 3 02 0.7968 0.9555 61.8 0.6708
4 0.8 0.8765 0.9606 67.6 0.6371 4 0.0 0.8317 0.9471 64.2 0.6010
Avg 0.65 0.8312 0.9602 51.0 0.6897 Avg 0.3 0.8109 0.9539 62.2  0.6261
15jx15m schedule 7 15jx15m schedule 7
1 0.6 0.8456 0.9524 54.4 0.6935 1 0.4 0.8324 0.9661 48.4 0.6787
2 0.0 0.7803 0.9575 59.0 0.6637 2 0.8 0.7985 0.9612 69.0 0.6134
3 0.4 0.8714 0.9553 57.4 0.6687 3 0.0 0.8502 0.9594 62.4 0.6849
4 1.0 0.8356 0.9494 72.4 0.6206 4 00 0.8189 0.9542 53.0 0.6519
Avg 0.50 0.8332 0.9536 60.8 0.6616 Avg 0.30 0.8250 0.9602 58.2  0.6572

8.5.1.3 Decrease Query Category

In the Decrease query category results, Tables 8.14, and 8.16 for GPT-4 showed the
correctness score ranged between 0.3 and 0.8, outlining the variance in correctness
scores and where 42% of answers were above a score of 0.6. While Tables 8.15, and
8.17 represent the responses from LLaMA which scored between 0.45 and 0.75, with
40% of answers scoring above 0.6. For GPT-4 it was observed that the larger schedules
performed below the average score ranges of the 155x15m schedules, as shown in Figure
8.4c, with overall average correctness scores ranging from 0.30 to 0.40. This may be

the result of the comprehension necessary to successfully answer these query types in
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Table 8.12: Average results for the Increase category Table 8.13: Average results for the Increase category
for 20jx15m, 20jx20m and 30jx20m for GPT-4 for 20jx15m, 20jx20m and 30jx20m for LLaMA-3.1
20jx15m 20jx15m
Q# Correct- Cosine Response Word Bert Q# Correct- Cosine Response ‘Word Bert
ness Similarity Completeness Count Score f1 ness Similarity Completeness Count Score f1
1 0.6 0.7880 0.9626 56.4 0.7113 1 0.4 0.8000 0.9671 64.0 0.6345
2 06 0.8071 0.9586 64.4 0.6539 2 0.4 0.8156 0.9638 73.0 0.6772
3 0.8 0.8367 0.9616 56.2  0.6778 3 02 0.8323 0.9585 69.6 0.6739
4 04 0.8243 0.9414 73.4 0.6769 4 00 0.8407 0.9461 75.8 0.6258
Avg 0.6 0.8140 0.9560 62.6  0.6800 Avg 0.25 0.8221 0.9589 70.6  0.6529
20jx20m 20jx20m
1 0.8 0.8073 0.9635 55.2  0.6986 1 0.2 0.8048 0.9629 62.0 0.6392
2 02 0.7911 0.9674 574 0.6779 2 0.8 0.7653 0.9607 73.8 0.6043
3 0.6 0.8698 0.9657 45.2  0.7148 3 0.2 0.8610 0.9725 44.2  0.6903
4 1.0 0.7970 0.9482 62.2 0.6983 4 0.0 0.7972 0.9416 50.2  0.6649
Avg 0.65 0.8163 0.9612 55.0 0.6974 Avg 0.30 0.8071 0.9594 57.6  0.6497
30jx20m 30jx20m
1 1.0 0.8214 0.9657 48.4 0.7555 1 0.2 0.8333 0.9742 40.4 0.7343
2 0.4 0.7704 0.9646 44.8 0.6813 2 0.4 0.8006 0.9674 55.6  0.6579
3 0.4 0.8382 0.9586 58.6 0.6550 3 0.4 0.8349 0.9621 56.8 0.6492
4 04 0.7989 0.9470 58.4 0.6863 4 0.4 0.7257 0.9309 62.6 0.6047
Avg 0.55 0.8072 0.9589 52.6 0.6945 Avg 0.35 0.7986 0.9586 53.9 0.6615

addition to assessing larger and more complex datasets; the results fluctuated, and
further experiments could be conducted to validate the pattern. This was not the case
with LLaMA, where the larger schedules achieved the same levels of performance as
the smaller variants, as shown in Figure 8.5¢, which demonstrated the difference in
comprehension that different LLMs can have.

For the cosine similarity assessment, the scores ranged between 0.78 and 0.83 for
GPT-4 and between 0.79 and 0.84 for LLaMA, maintained a consistent measure of
similarity across all queries and schedule sizes from both LLMs. Given the average
scores for each query of schedule 4 of 155x15m from GPT-4 contain the lowest values
in this category, the scores from all other schedules, however, were very closely aligned
as presented in the density graph in Figure 8.6c. The distribution of similarity scores
from LLaMA was more varied, with schedules either aligning to the bottom or the top
of the score range, seen in Figure 8.7c, albeit with relatively small differences.

With the average completeness scores that ranged between 0.90 and 0.965 for GPT-
4 and between 0.94 and 0.965 for LLaMA, a greater variance was observed from GPT-4
in this category. However, it can be seen in Figure 8.8c how closely aligned complete-
ness scores are for schedules 1 and 2 of 155x15m, and schedule 20jx15m, while the
others had much larger score ranges. Conversely, outside of schedule 5 of 155x15m,

the completeness scores for LLaMA were evenly and closely distributed, as shown in
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Figure 8.9c, highlighting the ability for the LLM to return relevant information, even
if the assessment may be incorrect.

For the word count, GPT-4 returned responses that ranged between 48 and 66 words
on average, which was the largest range of all the query categories. LLaMA returned
responses between 62 and 70, towards matching the ranges from other query categories,
emphasising the consistency in responses from this LLM. Considering Figure 8.10c for
GPT-4, there was a clear pattern of query 1 having significantly fewer words (11 words
less per response) on average when compared with the overall schedule averages. This
appears to be due to the straightforward nature of the question: Is it possible for the
duration of job X on machine Y to be reduced by Z minutes?, which the LLM is able
to answer very concisely. Whereas LLaMA in Figure 8.11c showed no distinguishing
pattern or irregular response.

Finally, for the BERTscore (F1) assessment, the scores from GPT-4 in this category
ranged between 0.67 and 0.72, which was observed to be the highest range of scores for
all the query categories. For LLaMA, the F1 scores ranged from 0.61 to 0.65, which
aligned with the previous scores from the other query categories. The consistency from
both LLMs can be seen in Figures 8.12¢ and 8.13c where there was a close similarity of
distribution across all schedules, with the exception of schedules 4 and 6 of 155x15m
for LLaMA which were densely distributed in the scores. The uniformity seen in the
results also showed that increasing the data size and complexity does not have an

adverse impact on the LLMs interpretation and style of responses.
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Table 8.14: Average results for the Decrease category Table 8.15: Average results for the Decrease category

15jx15m all schedules for GPT-4 15jx15m all schedules for LLaMA-3.1
15jx15m schedule 1 15jx15m schedule 1
Q# Correct- Cosine Response Word Bert Q# Correct- Cosine Response ‘Word Bert
ness Similarity Completeness Count Score f1 ness Similarity Completeness Count Score f1
1 0.6 0.8120 0.9608 43.2  0.7437 1 0.8 0.8207 0.9662 56.6  0.6471
2 02 0.7668 0.9651 52.6 0.6770 2 06 0.7796 0.9593 66.4 0.6713
3 1.0 0.8386 0.9478 49.2  0.7222 3 02 0.8118 0.9530 62.2 0.6564
4 0.6 0.8529 0.9740 49.4  0.7282 4 0.8 0.8113 0.9564 66.4 0.6169
Avg 0.60 0.8176 0.9619 48.6 0.7178 Avg 0.60 0.8058 0.9587 62.9 0.6479
15jx15m schedule 2 15jx15m schedule 2
1 04 0.8028 0.9589 51.0 0.7308 1 0.8 0.7917 0.9536 70.0 0.6548
2 02 0.8205 0.9670 77.4 0.6338 2 04 0.8054 0.9645 75.0 0.5981
3 1.0 0.8606 0.9436 60.6 0.6870 3 0.4 0.8346 0.9423 66.4 0.6118
4 0.6 0.8278 0.9646 65.6 0.7163 4 0.8 0.8051 0.9633 65.8 0.6581
Avg 0.55 0.8279 0.9585 63.7 0.6920 Avg 0.60 0.8092 0.9559 69.3 0.6307
15jx15m schedule 3 15jx15m schedule 3
1 02 0.7991 0.8327 54.0 0.6915 1 04 0.8161 0.9727 60.2 0.6394
2 0.4 0.8044 0.9605 78.4 0.6347 2 0.8 0.8386 0.9661 67.4 0.5927
3 1.0 0.8238 0.9414 64.2 0.6809 3 0.0 0.8591 0.9546 66.8 0.6422
4 0.4 0.8783 0.9639 64.8 0.6934 4 0.8 0.8578 0.9626 73.2 0.5753
Avg 0.50 0.8264 0.9246 65.4 0.6751 Avg 0.50 0.8429 0.9640 66.9 0.6124
15jx15m schedule 4 15jx15m schedule 4
1 0.4 0.7861 0.8371 51.0 0.7013 1 0.8 0.7986 0.9617 53.2  0.6292
2 0.2 0.7592 0.9646 50.6  0.6960 2 0.6 0.7832 0.9564 71.4 0.6361
3 1.0 0.8137 0.9405 50.0 0.7150 3 00 0.8508 0.9574 60.2 0.6345
4 04 0.7842 0.9589 66.8 0.6506 4 06 0.7527 0.9444 63.4 0.6184
Avg 0.50 0.7858 0.9252 54.6  0.6907 Avg 0.50 0.7963 0.9550 62.1 0.6296
15jx15m schedule 5 15jx15m schedule 5
1 0.2 0.7691 0.7342 39.6 0.7102 1 1.0 0.7593 0.8927 64.0 0.6410
2 00 0.8259 0.9653 80.2 0.6178 2 08 0.7845 0.9646 62.0 0.5492
3 1.0 0.8686 0.9507 52.0 0.7196 3 00 0.8543 0.9576 50.0 0.6703
4 04 0.8246 0.9649 62.2 0.6786 4 08 0.7984 0.9574 75.8 0.5672
Avg 0.40 0.8220 0.9038 58.5 0.6815 Avg 0.65 0.7991 0.9431 63.0 0.6069
15jx15m schedule 6 15jx15m schedule 6
1 04 0.8011 0.8409 47.8 0.7155 1 1.0 0.8174 0.9572 61.0 0.6308
2 02 0.7955 0.9687 61.8 0.6525 2 1.0 0.7867 0.9596 69.6  0.6398
3 038 0.8275 0.9422 59.4 0.6866 3 02 0.8172 0.9567 60.2 0.6400
4 0.4 0.8477 0.9730 47.0 0.7193 4 0.8 0.7993 0.9566 77.8 0.6340
Avg 0.45 0.8179 0.9312 54.0 0.6935 Avg 0.75 0.8051 0.9575 67.2 0.6362
15jx15m schedule 7 15jx15m schedule 7
1 06 0.7770 0.8405 41.6  0.7400 1 06 0.8062 0.9702 47.6  0.6710
2 08 0.8250 0.9652 56.0 0.6669 2 02 0.8160 0.9623 74.6  0.6413
3 1.0 0.8497 0.9493 60.2 0.6874 3 0.2 0.8494 0.9631 53.2  0.6584
4 0.8 0.8230 0.9664 65.2 0.6759 4 0.8 0.7846 0.9551 76.6 0.6078
Avg 0.80 0.8187 0.9303 55.8 0.6926 Avg 0.45 0.8141 0.9627 63.0 0.6446

8.5.2 Cross Category Comparison and Performance

To garner deeper insight from the results, the assessment measures for each query
category across both LLM responses were further compared against each other to reveal
any correlations or significant differences in performance when considering schedule size
or query category. The results were also collated for each schedule variant, in Tables
8.18 and 8.19, to assess if the scheduling size or complexity has any influence on LLM

performance.
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Table 8.16: Average results for the Decrease category
for 20jx15m, 20jx20m and 30jx20m for GPT 4

20jx15m

Q# Correct- Cosine Response Word Bert
ness Similarity Completeness Count Score f1
1 02 0.8341 0.9545 40.6  0.7033
2 00 0.7824 0.9688 494 0.6852
3 08 0.8564 0.9528 46.8 0.7478
4 06 0.8196 0.9643 66.2 0.6734
Avg 0.40 0.8231 0.9601 50.8 0.7024
20jx20m
1 02 0.8052 0.8492 38.8 0.7107
2 0.0 0.8004 0.9621 73.6 0.6494
3 0.6 0.8349 0.9422 72.8  0.6897
4 0.4 0.8753 0.9681 54.0 0.7052
Avg 0.30 0.8290 0.9304 59.8 0.6887
30jx20m
1 04 0.7849 0.8473 62.4 0.7044
2 0.2 0.7770 0.9589 70.0 0.6610
3 0.6 0.8135 0.9426 56.2 0.7138
4 0.2 0.8318 0.9656 71.2  0.6607
Avg 0.35 0.8018 0.9263 65.0 0.6850

Table 8.17: Average results for the Decrease category
for 20jx15m, 20jx20m and 30jx20m for LLaMA-3.1

20jx15m

Q# Correct- Cosine

ness

Response

‘Word Bert
Similarity Completeness Count Score f1

1 06 0.8184 0.9659 66.2  0.6528
2 1.0 0.7590 0.9522 72.0 0.6426
3 00 0.8420 0.9519 68.8 0.6652
4 08 0.8173 0.9641 62.6 0.6303
Avg 0.60 0.8092 0.9585 67.4  0.6477
20jx20m
1 0.8 0.8354 0.9676 54.4  0.6253
2 06 0.8180 0.9660 70.6 0.6453
3 00 0.8657 0.9614 58.2  0.6437
4 06 0.8424 0.9621 69.0 0.6032
Avg 0.50 0.8404 0.9643 63.1 0.6294
30jx20m
1 0.8 0.8242 0.9648 66.8  0.6291
2 04 0.7836 0.9637 68.2 0.6073
3 0.0 0.8141 0.9505 67.0 0.6195
4 0.8 0.7857 0.9608 52.0 0.6544
Avg 0.50 0.8019 0.9600 63.5 0.6276

Table 8.18: Average results across all categories for each schedule (GPT-4)

Cosine Response Word Bert

Correctness Similarity =~ Completeness Count  Score f1
15jx15m_ 1 0.62 0.8266 0.9593 54.4 0.6788
15jx15m_ 2 0.62 0.8241 0.9545 64.9 0.6561
15jx15m_ 3 0.63 0.8274 0.9436 64.7 0.6581
15jx15m_ 4 0.57 0.8124 0.9439 58.8 0.6667
15jx15m_ 5 0.61 0.8168 0.9321 60.7 0.6663
15jx15m_ 6 0.61 0.8182 0.9485 56.1 0.6692
15jx15m_7 0.62 0.8187 0.9443 58.7 0.6686
20jx15m_ 1 0.52 0.8148 0.9522 57.7 0.6753
20jx20m_1 0.55 0.8113 0.9487 60.2 0.6723
30jx20m__1 0.51 0.7981 0.9462 60.6 0.6777

Table 8.19: Average results across all categories for each schedule (LLaMA-3.1)

Correctness C.osi.ne . Response Word Bert

Similarity =~ Completeness Count  Score f1
15jx15m_1 0.41 0.8058 0.9511 62.8 0.6283
15jx15m_ 2 0.38 0.8136 0.9536 63.1 0.6269
15jx15m_3 0.28 0.8281 0.9575 61.0 0.6313
15jx15m_ 4 0.33 0.8155 0.9576 58.6 0.6395
15jx15m_5 0.45 0.8021 0.9491 59.0 0.6239
15jx15m_6 0.39 0.7969 0.9540 61.2 0.6223
15jx15m_7 0.35 0.8131 0.9584 59.7 0.6417
20jx15m_ 1 0.28 0.8149 0.9531 66.6 0.6337
20jx20m__1 0.35 0.8160 0.9584 61.2 0.6289
30jx20m__1 0.33 0.7971 0.9576 59.5 0.6345

8.5.2.1 Optimal Vs Non-Optimal Schedule Solutions

The overall results were assessed for performance between optimal solution schedules

and non-optimal schedules, as mentioned and selected in Section 8.3. Reviewing the

overall average performance for the optimal and non-optimal schedules, as shown in
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Tables 8.20 and 8.21, revealed there was no significant difference between the sets of
schedules and therefore found that the optimality of the schedule solution does not
influence the LLMs ability to explain decisions or answer questions. This is useful
for real-world applications, as LLMs can assist with system explainability even where

optimal scheduling solutions may not be available or possible.

Table 8.20: Average results for Optimal and Non-Optimal Schedules (GPT-4)

Cosine Response Word Bert
C t
Orrectiess Similarity ~ Completeness Count  Score f1
Optimal 0.60 0.8199 0.9473 59.5 0.6674
Non-Optimal 0.53 0.8047 0.9475 60.4 0.6750

Table 8.21: Average results for Optimal and Non-Optimal Schedules (LLaMA-3.1)

Cosine Response ‘Word Bert
C t
OTTeCHness Similarity = Completeness Count  Score fl1
Optimal 0.36 0.8113 0.9543 61.5 0.6310
Non-Optimal 0.34 0.8065 0.9580 60.3 0.6317

8.5.2.2 Average Correctness

The overall average correctness for the Swap category from GPT-4 was 0.67, while the
Increase and Decrease categories scored 0.60 and 0.49, respectively, presented in Table
8.22, LLaMA scored 0.17, 0.33, and 0.57 respectively, as shown in Table 8.23. It is worth
noting that in Figures 8.4a, 8.4b, and 8.4c, from the GPT-4 results, the deviation range
in correctness averages increased from the Swap category to the Increase category and
then again to the Decrease category, with the same pattern observed in the LLaMA

results, seen in Figures 8.5a, 8.5b, and 8.5c.

Table 8.22: Average results for all categories across all schedules (GPT-4)

Cosine Response ‘Word Bert
C t aQ
OTTectiess Similarity =~ Completeness Count  Score f1
Swap 0.67 0.8049 0.9479 63.9 0.6350
Increase 0.60 0.8287 0.9589 57.6 0.6798
Decrease 0.49 0.8170 0.9353 57.6 0.6919
Overall Total 0.59 0.8169 0.9473 59.7 0.6689

GPT-4 performed well and consistently with correctness scores for Swap, underpin-

ning this LLMs ability to interpret the queries in this category. The Increase category
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Table 8.23: Average results for all categories across all schedules (LLaMA-3.1)

Cosine Response Word Bert
C t
Orrectiess Similarity =~ Completeness Count  Score fl
Swap 0.17 0.8027 0.9489 59.8 0.6116
Increase 0.33 0.8159 0.9583 59.2 0.6504
Decrease 0.57 0.8124 0.9580 64.8 0.6313
Overall Total 0.35 0.8103 0.9551 61.3 0.6311
Average Correctness for Swap Average Correctness for Increase
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Figure 8.4: Average Correctness across all query categories for all schedules for GPT-4

was less consistent and therefore less reliable as responses returned a drop in the over-
all average correctness, although some of the schedules matched the performance seen
within the Swap category. With the Decrease category, there was consistently lower
performance across all schedules, with the clear exception of schedule 7 of 155x15m,
which alone matched the level of performance of Swap.

The reduction in average correctness for Increase and Decrease query categories,

from GPT-4, was most likely due to two conditions: firstly, by requiring calculations to
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3.1

modify the time by z minutes, and secondly, the openness of query 2 leaving room for
different interpretations for a generalist LLM. This brings the requirement on the LLM
to understand the queries and utilise deeper comprehension in analysing the schedule
data to determine the feasibility of the change. Additionally, with the Swap category,
the queries were more direct and closed and may be resolved easily without calculations
on the schedule data, and therefore, a deep comprehension may not be required.
Interestingly, the average correctness scores from LLaMA presented the reverse pat-
tern, with the Swap category returning the lowest scores, with improvements seen in the
Increase and improved further in the Decrease category; the responses from LLaMA in
the Decrease category outperformed GPT-4, the only area where this model performed

better. This underpins the importance of assessing different LLMs, even without pre-
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training; certain models can perform better under certain conditions. LLaMAs capa-
bility with the Decrease query category should be explored further in future studies to
better understand why these queries are better comprehended.

Furthermore, in line with the reduction in overall correctness averages from GPT-4,
and increases seen with LLaMA, the increased complexity of the queries also introduced
more variability in the correctness scores, which signifies that both LLMs are more
inconsistent in comprehending the necessary data and details. This raises an important
question: does the LLM understand the rules required for a job shop schedule? Pre-
training or chain of thought prompting techniques may be able to boost the performance
of generalist LLMs in these domain-specific experiments and possibly narrow the gap
in overall correctness.

It is worth noting, in Figures 8.4d and 8.5d when considering the collected average
scores by each schedule, the density distribution is near-identical across all schedules,
with all schedules except 30jx20m having a median correctness of 0.60 for GPT-4,
underlining that the schedule size and complexity have little to no influence on accuracy

in assessing scheduling data and queries.

8.5.2.3 Average Cosine Similarity

Reviewing the overall average scores of cosine similarity Figures 8.6a, 8.6b, 8.6¢, 8.7a,
8.7b, and 8.7c show that the density of scores for each query category was closely aligned
for both LLMs, with only one individual stand-out schedule. Schedule 5 of 15jx15m for
GPT-4, within the Increase query category, had a particularly narrow density, resulting
in the clear separation from the other schedules, although this outcome was coincidental,
was not matched by LLaMA, and does not offer any insight into the operations of the
LLM or the performance of other schedules or query categories.

The observed close alignment across the schedules and query categories, visualised
in Figures 8.6d and 8.7d, demonstrates that both LLMs used very similar language in

responses, regardless of the type of query or the size of the dataset.
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Figure 8.7: Average Cosine Similarity across all query categories for LLaMA-3.1

8.5.2.4 Average Response Completeness

Considering the average scores for completeness, as shown in Figures 8.8a, 8.8b, and
8.8c for GPT-4, the scores achieved in each of the query categories were closely aligned
on average, with total averages of 0.9479, 0.9589, and 0.9353 for Swap, Increase, and
Decrease respectively, shown in Table 8.22. For LLaMA the total averages were 0.9489,
0.9583, and 0.9580 for Swap, Increase, and Decrease respectively, shown in Table 8.23,
with the distribution plotted in Figures 8.9a, 8.9b, and 8.9c.

The responses in the Swap and Increase query categories were the most consistent
for GPT-4, with minimal variance and exceptional results, while the distribution of
the LLaMA scores was very even across all schedules and query categories, collectively
shown in Figure 8.9d. The responses returned in the Decrease query category, for

GPT-4, had the most variance and outlying responses, which impacted the overall
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Figure 8.8: Average Response Completeness across all query categories for GPT-4

average, being the lowest of all the average scores; however, the completeness scores
overall were consistent throughout the experiment for all categories and schedule sizes,
as shown in Figure 8.8d for GPT-4, with closely similar density (excluding the observed
outlier results). This proves that both LLMs were able to interpret and return valid,
relevant information, regardless of query type or data complexity, even when referencing

domain-specific concepts.

8.5.2.5 Average Word Count

Looking into the average word count scores for GPT-4, depicted in Figures 8.10a, 8.10b,
and 8.10c (where the spokes of the plots are the question numbers), the average word

count for responses in the Swap query category was 64, with Increase and Decrease both
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Figure 8.9: Average Response Completeness across all query categories for LLaMA-3.1

returning 58 words on average; rounded up from results in Table 8.22. The responses
from LLaMA averaged 60, 59, and 65 for the Swap, Increase, and Decrease query
categories, respectively (after rounding), as shown in Table 8.23, with the distributions
plotted in Figures 8.11a, 8.11b, and 8.11c.

In addition to writing responses of similar size from both LLMs, there is also a
shared pattern of occasional outlying short responses, as seen through the schedules
and query categories. While assessing the word count by the schedule size presents
a marginally larger variance in length, as shown in Tables 8.18 and 8.19 and Figures
8.10d and 8.11d (where the spokes of the plots are the different schedules), these results
provide predictability to the operation of both LLMs as users can expect to receive

responses of similar length, regardless of the style of query asked or the size of the data
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within the schedule.

8.5.2.6 Average BertScore F1

Assessing the average BertScore density plots in Figures 8.12a, 8.12b, 8.12¢, 8.13a,

8.13b, and 8.13c, there is a high level of consistency with the average BertScores across

all schedules from both LLMs. In the Swap category, the GPT-4 responses achieved

an average BertScore of 0.6350, with LLaMA achieving 0.6116, and the categories of

Increase and Decrease achieved average scores of 0.6798 and 0.6919 for GPT-4, and

0.6504 and 0.6313 from LLaMA respectively, detailed in Tables 8.22 and 8.23.

With the best overall average BertScore being achieved by GPT-4 in the Decrease

query category, it is evident that these responses best aligned with the human sample

references, although there is no significant difference in the performance across the query
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Figure 8.11: Average Word Count across all query categories for LLaMA-3.1

categories, with LLaMA only scoring 5% lower overall. This is also the observation in
Figures 8.12d and 8.13d, where there is a highly similar spread of scores across all
schedule variants.

Given the generalist LLMs used in this experiment, these results are encouraging,
as the queries and data were specialist and domain-specific. A larger sample size of
reference answers would likely improve the observed BertScores, and this should be

considered for any future experiments of this type.

8.5.2.7 Performance Discussion

As mentioned in Section 8.2, there is limited published research in this area of study
at the time of writing, which means there is no available data for direct comparison

of performance results. The two identified isolated examples with sufficient similarities

213



Chapter 8. Generalisation of Large Language Model Applications to Scheduling

09 Average Bert Score F1 for Swap 09 Average Bert Score F1 for Increase
0.8 1 0.8 1
: ‘ ®00 . @
o 0.6 S 0.6
R ‘ 3
0.5 0.5
0.4 4 0.4

0.3

T T 0.3 T T T T T T T T T T
Yo o> N I

5. 0. 0. O~ - \- O~ - \ 5. 5 0 0
2T ¥ ¥ IO SIS S giS SIS SIS TS SUEN'S Sl Wy 2
Bert Score F1 Bert Score F1

b3 1 5 & b © 1
¥ A I 5. 5 \- P 5.
[CEAEUS S TS SIS SIS S §

(a) Average BertScore F1 across the (b) Average BertScore F1 across the In-

Swap query category for GPT-4. crease query category for GPT-4.

09 Average Bert Score F1 for Decrease 09 Average Bert Score F1 across all Categories
0.8 4 0.84

e o

o 0.6 S 0.6

& &
0.5 05 -
0.4 4 0.4 4
0.3 0.3

20 N

b3 b3 2 > 13 4 © 1 b3 b3
0 5 - ¥ 5 - 5 - 5 5~ 5 - 5. 0/
¥ I3 AECS S S SIS SIS IS SIS A Wy

%
Bert Score F1 Bert Score F1

b3 2 3 13 b © 1 b3 b3
& 7 5 -2 5 - P S ~ 5 - 5. 0/
RIS S S SIS SIS SIS S S g

(c) Average BertScore F1 across the De- (d) Average BertScore F1 across all
crease query category for GPT-4. query categories for GPT-4.

Figure 8.12: Average BertScore F1 across all query categories for GPT-4

offer some insight into how the experimental results of this study compare to existing
research.

For correctness measures (referred to as Accuracy in the referenced study), in the
study assessing MaScQA, the GPT-4 model achieved accuracy scores of 60.15 for the
zero-shot approach and 62.0 for the chain-of-thought method, which very closely aligns
with the GPT-4 results generated through the experiment in this study (overall average
of 59) [426]. The narrow margin of difference is encouraging as the results generated for
this study did not follow any extensive prompt optimisation techniques and, therefore,
opens the opportunity for further investigation. It should be expected that the LLaMA
results would improve with prompt optimisation or pre-training as well, as the overall
results were considerably lower than GPT-4.

Another study focused on assessing the BertScore achieved by GPT models in an-
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Figure 8.13: Average BertScore F1 across all query categories for LLaMA-3.1

swering domain-specific queries on Microsoft products and technical IT problems. The
results of the study returned an overall BertScore of 56.91 from the GPT-4 model, which
is significantly lower than both sets of results achieved in this experiment (overall aver-
age of 0.6689 for GPT-4, and 0.6311 for LLaMA) [427]. The performance demonstrated
in this study shows what can be achieved without dedicated pre-training and additive
information to an LLLM, underpinning the inherent capabilities of generalist LLMs and
the approach introduced in this experiment. Furthermore, the authors acknowledge
that unintended bias may be introduced to a small, self-written set of reference mate-
rial and that future studies should consider using publicly maintained reference material
or one generated from a broader range of authors.

No suitable comparative research could be found for the completeness and cosine

similarity scores, and the limited value that could be derived from comparing the word
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count of responses was recognised.

The results are suitable for setting a solid performance basis from which more in-
depth or targeted research can build on. The model devised in this study can help
form the framework for enabling human-machine interactions or feedback to auto-
mated systems through an LLM (or integrated LM), which can add the introduction
of AI solutions in task-based scheduling industries, such as manufacturing, logistics,
construction, and shift workers. It is important to note that the involvement of human
operators or workers is critical to the adoption and success of automated systems (as
highlighted in [428]), which will facilitate the correction or mitigation of ethical con-
cerns in task assignment and scheduling, avoiding such issues as worker overload or

gender-bias.

8.6 Conclusion

This experiment focused on exploring the capabilities of generalist LLMs in answering
queries, with explanations, on a benchmark schedule to determine the potential for
enabling trust in automated systems for the future. A survey of existing research
exposed the limited number of studies investigating the use of generalist LLMs to
advance the understanding of automated scheduling systems and establish a means of
XAL

Benchmark schedules were selected to create a baseline dataset of varying sizes and
complexity derived from the Job Shop concept of scheduling to set out the novel exper-
iment. Query categories were defined to challenge the LLMs with different temporal
and logical considerations for swapping or modifying elements of the provided schedule
datasets. A single, common prompt was designed to trigger the question-answer with a
single example query provided for each query category as a few-shot learning approach
for the LLMs. The method of analysing the answer responses to the varied sizes of
benchmark schedules was introduced along with several assessment criteria calculating
the number of correct responses, as well as the use of language within each response.

The results showed that GPT-4 was correct more often than not, with more in-

accurate responses from LLaMA, and the language used throughout the experiment
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was largely concise, complete, consistent, and aligned to human interpretation. While
there were clear fluctuations in the assessment of some of the LLMs responses, the
performance of the LLMs was not influenced by the size or complexity of the schedule
datasets, highlighting the potential for this approach to be introduced to real-world
applications, such as construction planning or manufacturing scheduling, and much
larger schedules. The performance is also encouraging as the generalist LLMs from this
experiment were not pre-trained or supplemented with specialist knowledge, presenting

the opportunity for further enhancement of the success achieved in this experiment.
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Conclusion

9.1 Chapter Overview

This closing chapter summarises the contributions of this thesis and explains the ap-
proaches taken in achieving the research aims and objectives. The findings are critiqued,
highlighting the limitations and challenges faced throughout the research, where solu-

tions and different approaches may be considered for future work.

9.2 Review of Objectives and Contributions

This research focused on investigating and developing X Al solutions for satellite schedul-
ing through a variation of three different techniques: Computational Argumentation,
KGs, and LLMs for onboard and ground segment systems. Many novel and adapted
approaches were created during the course of the research to develop solutions and
baseline capabilities for XAI utilising emergent technologies. This research’s objectives
were outlined in Chapter 1.1 and the achievement against each is discussed in this
chapter.

Objective 1: Establish a novel formulation of a simplified EO satellite
scheduling problem by analysing the constraints of benchmark schedules
and satellite scheduling concepts, covering both ground-based and onboard
scheduling scenarios.

The Background, in Chapter 2, examined the underlying principles of planning and
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scheduling, subsequently identifying several benchmark scheduling problems, which
established job shop scheduling as the most prevalent, with one benchmark definition
being cited over 3,000 times alone. This benchmark set of job shop schedules consisted
of varying sizes of schedule problems, for some of which optimal solutions have been
discovered. Job shop schedules are characterised by their management of constraints
on available resources and optimisation criteria, for any number of machines or jobs.

Reviewing satellite scheduling specifically revealed a wide number of constraints
that can be required for effective satellite schedules, based on the objectives of the mis-
sion. Onboard resourcing, visibility windows, memory utilisation, and orbital dynam-
ics were highlighted as some of the common important constraints influencing satellite
scheduling. Chapter 3 identified CP and job shop scheduling were found to be effective
methods of deriving satellite schedules, which would be utilised for the generation of
EO satellite schedules, some of which were designed for onboard generation.

Constraints on land and sunlight visibility, ground station access, and onboard
memory utilisation were designed for the schedule to find feasible solutions over a 6-
month period, at 5-second action intervals. Four actions were available for selection
throughout the schedule, namely ‘Image Taking’, ‘Image Processing’, ‘Image Downlink-
ing’, and ‘Idle’, which was only selected when no other action was possible.

Expanded and more complex schedules were also examined in Chapter 3 to inves-
tigate potential real-world use cases of an EO, including the requirement to record a
particular area of interest, whether by choice or by fault recovery.

Objective 2: Develop innovative theoretical and computational frame-
works that leverage state-of-the-art X AI techniques for evaluating and in-
terpreting benchmark and satellite schedules.

The Background, in Chapter 2, also examined the extensive options for implement-
ing XAI with a mix of model-specific and model-agnostic techniques, which included
argumentation-based approaches such as AAF, visualisation techniques such as UMAP,
rule-based explanations using fuzzy logic, and natural language explanations through
LLMs, to name but a few. The core purposes for XAl were defined as Justification,

Control, and Improvement to assist in building confidence and trust in AI models and
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systems.

As the main focus of this thesis is to facilitate XAl and trust in automated satellite
scheduling, a combination of approaches was selected to explore multiple options for
an implementable solution, which is model-agnostic and scalable. AA, KGs, and LLMs
were selected for experiments throughout this thesis, often used in a mix of unified
approaches, though AA was also used in early singular experiments to develop the
approach over time.

AA was implemented, in Chapters 5 and 6, to present information on the selection
process within the schedule and provide quantitative analysis of the influencing factors
supporting or attacking a decision. KGs were used in Chapters 4 and 7 to visually rep-
resent tabular schedule data within the structure of a relational schema, demonstrating
the connected relationship of constraints and schedule data. Lastly, LLMs, specifically
differing versions of OpenAT’s ChatGPT and Meta’s LLaMA (as investigated in Chap-
ters 6, 7, and 8), were implemented to primarily generate natural language explanations
to queries, but were also used for the generation of randomised queries and code for
data extraction in building a more automated assessment approach.

Assessment metrics were reviewed with the most appropriate options selected as
correctness (also referred to as accuracy), F1 score, cosine similarity, BERT Score, and
completeness or validity. Together, these evaluate the model’s performance in returning
correct answers to queries, using human-like language (without being repetitive or
verbose), and comprehension of the query’s context (utilised in Chapters 4 through 8).

Objective 3: Implement scheduling algorithms to enhance existing satel-
lite schedules, coupled with a novel computational approach to compare and
explain the rationale behind scheduling decisions through in-depth conflict
analysis.

The selected CP-Solver, OR-Tools, was used to improve the efficiency of the orig-
inal heuristic schedule, in Chapter 3, which covered a period of 7 days. The solver
was able to increase the images taken by 247%, the number of images processed by
673%, the number of downlinked images by 464%, and reduce the amount of idle in-

stances by 94%, significantly improving the balance of activity within the schedule.
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This demonstrated how CP can move schedules towards optimal solutions and more
effective feasible options.

The CP-Solver was also utilised to perform adaptive replanning in the event of
stochastic failure. The solver proved that a simple onboard system would be capable
of replanning schedule activities to maintain mission goals without the need for human
intervention.

The AA techniques of SEP and PEP were applied to another derived satellite sched-
ule, in Chapter 5, to identify potential improvements through exchanging single or
multiple actions, respectively. An objective function based on the mission objective of
downlinking processed images from the EO satellite was used as a means of measuring
the potential benefit, or loss, from performing the exchange, which is useful in both
reactive and proactive schedule adjustments. The results from the SEP and PEP as-
sessments were graphically presented to clearly highlight which exchange of actions was
possible and potentially beneficial, and which would put the schedule at risk of resource
constraint breach or underperformance. These insights, which would be presented to
end-users, can be supplemented with the details on reasoning, such as the memory value
in present and future instances, or the overall gain in the objective function score.

Taking the argumentation concept further, in Chapter 6, a TAF was applied to
an expanded satellite schedule, including additional constraints and a probability of
execution. The schedule was based on capturing specific targeted areas across the time
horizon, resulting in 31 unique actions that could attack each other throughout the
schedule, leading to over 3500 calculations for determining the weighted value of every
action against every other action at each time interval. Although this modified schedule
resulted in more idle instances, applying TA produced a quantitative weighting calcula-
tion for every action, which could be mapped and presented as a node graph depicting
all the attacks and supports that influence the weight for any action at any time in-
stance. The high level of quantitative detail provided by the TA weighting calculations
provided significant insight and information into which actions were possible and ben-
eficial to achieving schedule optimality, as well as those which would cause inefficiency

or failure. As each attacking and supporting condition was calculated individually,

221



Chapter 9. Conclusion

an end-user would be able to know exactly what influenced a scheduling decision and
use this information to validate the reasoning for the existing schedule and make more
informed decisions for future schedules.

Objective 4: Create an original dataset of question-and-answer templates
tailored to benchmark and the derived satellite schedules, enabling a system
to respond to operator natural language queries with contextually relevant
and explainable information.

Three datasets of queries were created to be used in different experiments and dif-
ferent schedules. The largest question dataset was created in Chapter 8 and included
750 manually created unique queries used for assessing the answering and comprehen-
sion capabilities of two LLMs (GPT-4 and LLaMA-3.1). Three query categories were
used, with seven unique queries for the Swap category, and four each for the Increase
and Decrease categories. Each query had 5 variations of the job, machine and any
temporal conditions included in the query to make unique variations, which were then
applied to 10 job shop schedule types to observe the LLMs performance in handling
differing schedule data across the query categories. The results showed that GPT-4 had
an overall average correctness score of 0.59, while LLaMA achieved 0.35, proving that
LLMs do comprehend and respond to the same query and available data differently,
which can greatly influence accuracy.

Next, in Chapter 6, a set of 50 queries was written manually by the author to be
answered by various LLMs, utilising argumentation explainability on the CP-Solver
derived satellite schedule. The LLMs were able to return factual accuracy of 96% in
responses to the queries, demonstrating the success and capability of the approach and
the LLMs used.

Finally, in Chapter 7, a set of 80 queries was created through an automated prompt-
ing configuration with GPT-4 through a few-shot learning approach, which included
template examples of queries. This approach was combined with the extraction of data
from a KG to provide the LLM with sufficient information to answer the query. The
LLM was able to successfully create appropriate queries for four distinct categories

(Swap Actions, Single Substitution, Verification, and Forward and Backward) with
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minimal corrective action required by the author. In the results, the LLM achieved
an average Final Score (FS) of 0.598 without including an explanation example within
the query prompt, and 0.636 when including an example explanation, highlighting that
generalist LLMs are proficient in generating and answering queries on specialist topics.

Objective 5: Propose a novel interactive methodology focused on ex-
plainability for both benchmark and derived satellite schedules to provide
interpretable insight for scheduling decisions.

Three approaches for enabling explainability-focused interactivity (simulating ex-
planation generated based on operator inputs) were established, each adapted to in-
terfacing with specific data forms or models. Two LLMs (GPT-4 and LLaMA-3.1),
in Chapter 8, were integrated into the querying of benchmark schedules through the
use of API connectors. The LLMs were able to answer queries using natural language,
with a high degree of quality and a reasonable level of accuracy - though it should be
noted that the LLMs were not subject to prompt optimisation or pre-training, which
could improve the correctness results (Overall correctness of GPT-4 with 0.59, and
LLaMA3.1 with 0.35). Nonetheless, the LLMs demonstrated very consistent capabil-
ity in interpretability with near-perfect completeness scores and encouraging Bert F1
scores, showing the human-like nature of the responses generated.

A SEP argumentation approach, in Chapter 6, was combined with LLMs (GPT-3,
BLOOM, and PaLLM) to evaluate a zero-shot and two few-shot approaches for answer-
ing queries on the derived satellite schedule. The zero-shot approach did not include
any context examples to guide the response from the LLM, whereas the two few-shot
approaches included 3 and 10 human-written examples, respectively. In the results,
it was found that the few-shot approaches of both example sizes were more accurate
than the zero-shot method, which achieved 96% and 90% accuracy, respectively. This
affirmed the ability for generalist LLMs to understand and correctly answer queries for
specialist and domain-specific topics, using argumentation conditions to supplement
the prompting.

An LLM was also combined with KGs, in Chapter 7, as part of a near-complete

autonomous structure to extract relevant data and answer queries on the derived satel-
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lite schedule. A human operator is able to select queries from the dataset and generate
a response through an API connector, with human-in-the-loop controls to ensure data
extraction code is valid before proceeding. Two few-shot prompting approaches were
implemented, with identical prompt structure except one prompt included a human-
written example response from each query category, regardless of the query asked. The
LLM generated responses that scored 0.575 and 0.663 in overall average correctness
for the prompt without and with example explanation, respectively, showing a marked
improvement in accuracy when providing examples. This experiment proved the ca-
pability of an LLM to extract data from an external source and combine that with a
structured prompt and accurately answer domain-specific queries.

All approaches demonstrated the capability to answer user queries in an accurate
and interpretable manner, establishing the baseline for operator interactivity of an
automated decision-making or scheduling system.

The work documented in this thesis has met all the objectives of the research and
answered the lead research question, through the introduction of multiple approaches
to address the concerns and needs of XAl in satellite scheduling systems. This has
furthered the research of XAI by focusing on natural, human-like language expla-
nations that are easily interpretable and informative of the deep reasoning within a
decision-making model. Furthermore, the research has demonstrated the capabilities
of integrating specialist data sources (argumentation frameworks, tabular data, and
knowledge graphs) and established that different data sources can be successfully im-
plemented within a single model. While some experiments have exclusively investigated
the performance on derived satellite schedules, the methodology has been designed in
a way that is model and field-agnostic and can be applied to any field of application of
scheduling, enabling further research in a broad range of areas. The results represent
a baseline of performance in accuracy, interpretability, and model comprehension that
can be utilised in future research to drive improvements to the concepts and imple-

mented designs of XAI solutions.
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9.3 Limitations

Generating scheduling systems to be executed onboard in real-world scenarios is more
complex than the scheduling systems derived in Chapter 3 of this research. It is noted
that this research primarily focused on the application of XAI techniques to explain
decisions within schedules and scheduling systems, and not the derivation or optimi-
sation of the schedules themselves. The applicability of XAl in hardware-constrained
environments remains a challenge, with some examples of power limitations, commu-
nication latency, and computer processing efficiency being complexities that would
need to be considered for real-time systems. Ensuring XAI capabilities are sophis-
ticated yet lightweight to execute their procedures, while also being able to monitor
the processes, depending on the model implemented, would require additional process-
ing power. Therefore, the size of the model would need to be assessed and tested in
advanced simulated conditions before use in real-world applications.

The scheduled data developed in Chapter 3 of this research was also aimed at offline
scheduling, using predefined datasets, with the proposal for recovery from stochastic
failures during a simulated event, therefore, limiting the ability to assess XAI methods
in real-time operational contexts. In real space environments, scheduling must dynam-
ically adapt to new constraints, conditions, and conflicts with other missions. Due to
the limited access to real-time data, the XAI techniques proposed in this thesis are
designed to scale for more dynamic and complex systems, but this would require coor-
dination with specialist resources to facilitate access to real-world system configuration
and designs.

One limitation of this study was also the involvement of real-world scheduling pro-
fessionals and experts. While the developed XAI methods were designed with human
operators in mind, working directly with professionals who interact with scheduling
systems on a daily basis was limited, which would have been particularly insightful for
the experiments conducted in Chapters 6, 7, and 8. Therefore, allowing for end users,
with field specialist knowledge and experience, to test and assist in the development

of a functional prototype XAI version should be considered to ensure their needs and
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expectations are met.

This research used generalist LLMs, without fine-tuning or pre-training, rather than
domain-specific models. This decision, which impacted the direction of Chapters 6, 7,
and 8, was made to make the research as accessible to other researchers as possible
so the approaches and principles here can be adapted to any environment and model.
However, it should be noted that measured performance may have been improved if a
specialist or suitably pre-trained model were used, though this would make the results
less reproducible for future researchers.

The investigations during this research identified dozens of different XAl techniques
and tools, which were not examined for their capabilities to meet the objectives of the
research. Other techniques could have been explored, either in addition or as an alter-
native to the chosen techniques, which would have fundamentally changed the direction
of Chapters 4, 5, 6, and 7. The decision to focus on a limited number of techniques
was made to more deeply assess some of the more accessible and seemingly capable
technologies, especially when adhering to a model-agnostic approach. Multiple gener-
alist LLM models were assessed to compare the performance of different models, but
alternative techniques, such as SHAP, LIME, decision rule extraction, or counterfac-
tual explanations, could have been introduced instead; however, responses may not
be in human-like language and therefore potentially less interpretable and valuable as

explanations.

9.4 Future Research

As part of this research was to provide a benchmark level in approach and performance,
there is an extensive opportunity to reproduce and further investigate the field of XAI.

More advanced scheduling techniques could be investigated, than those conducted
in Chapter 3, to enhance the efficiency and optimality of offline and flexible schedules.
This could include defining adaptive weighted objective functions based on onboard
memory status and mission priorities. Furthermore, advanced recovery strategies in-
corporating ML and Predictive Solving (PS) techniques [429,430] could be explored,

leveraging historical data on weather patterns, component calibrations, and power con-
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sumption. These enhancements to the schedule capabilities may also require a revised
application of XAI to ensure the reasoning behind reactive decisions is made available
to system operators. However, complex and detailed schedules could potentially reduce
the quality of explanations and responses, which may be mitigated by pre-training or
iterative prompt improvements. The combination of argumentation with ML tech-
niques, creating a hybrid solution, may also improve the system’s performance and
adaptability, creating a more robust decision support across many applications. Fur-
ther alternative XAI techniques could also be explored to identify performance gains
or losses when compared with the approaches outlined here.

Additionally, introducing prompt optimisation techniques, such as CoT or conversa-
tional iteration [271,431,432], could be explored to assess the potential improvements
in overall accuracy and performance. In some of the experiments, there were iden-
tifiable query and response pairs that performed exceptionally, either negatively or
positively, when compared to the others in the same query category. This could be
captured and introduced as a feedback loop to improve overall performance as part of
a human-in-the-loop approach to response enhancement.

Where LLMs are implemented, altering the model hyperparameter settings, as
shown in Chapters 6, 7, and 8, could also impact overall performance, while also con-
sidering expanding the number of models assessed for greater comparative analysis.
Furthermore, in the event of a domain-specific scheduling management trained LLM
is developed and made publicly available, the approaches established in this research
should be investigated for performance differences and improvements.

Finally, testing the approaches developed in this research with real-world appli-
cations and data, integrated with an automated and/or real-time scheduling system,
could directly prove the capability of XAl for scheduling decision explainability and
greater trust in wider adoption. Systems to target could be robotic control systems,
communication satellites or autonomous navigation guidance. These deeper investiga-
tions for real-world systems could add scope to develop a functional XUI prototype,
which would measure the effectiveness of visual displays and prompts, how to pro-

vide XAI for different implementations of scheduling solvers, and the use of NLP for
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facilitating interactions between the user and the system.

With the expanded knowledge and data available, KG frameworks can also be ex-
panded to account for larger and more complex scenarios, enabling real-time adaptabil-
ity for scheduling changes or handling unstructured or missing data. A more in-depth
incorporation with predictive analysis could assist in task optimisation through en-
hanced decision-making processes and highlighting areas of conflicts within a schedule
through multi-graph visualisation to enable comparative analysis before committing to

execution, which would further aid users in making informed decisions.
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