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“You could sell basic robots designed for instruction; robots that could be

modelled to a job, and then modelled to another, if necessary. Robots

would become as versatile as human beings. Robots could learn! ”

Isaac Asimov, “Lenny”, The Complete Robot.
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Abstract

Spacecraft guidance, navigation, and control systems need to operate under substan-

tial uncertainties. This presents challenges when designing these control systems using

conventional methods that require a certain level of knowledge of the system being

controlled. Intelligent control systems have emerged as a means of addressing these

challenges. These systems combine theories from automatic control, operations re-

search, and artificial intelligence to derive controllers that can deal with different types

of uncertainty. Various methods from the field of artificial intelligence can be used to

develop intelligent control systems, however these are often computationally expensive

which limits their applicability in spacecraft control problems. A key feature of intel-

ligent control is the ability to adapt the control system online, which presents further

difficulties when this must be done onboard a spacecraft. This thesis explores the use of

reinforcement learning techniques for intelligent control applied to spacecraft powered

descent. The proposed approach combines a reinforcement learning agent for handling

uncertainties with conventional optimisation methods to improve the agent’s perfor-

mance. In addition, the agent updates its control policy online using a novel update

mechanism called Extreme Q-Learning Machine, which allows the control system to

operate in a changing environment. To demonstrate the potential for this method to

be implemented onboard spacecraft, results are shown from running online updates on

flight suitable hardware. This work provides one possible avenue for increasing the level

of intelligence of spacecraft control systems.
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ā normalised action
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Chapter 1

Introduction

Over the past century, more advanced methods have become necessary to handle

an increase in the complexity of control problems. We now require control systems

to operate autonomously in very challenging environments where the consequences of

failure can be significant. Perhaps no other field embodies this better than spacecraft

Guidance Navigation and Control (GNC). These control systems must deal with sub-

stantial uncertainties that are inherent to space missions and often without any possi-

bility of human intervention. As humanity’s ambitions in space exploration grow bigger,

there will be a need for new approaches to GNC that can safely operate in previously

unexplored environments.

Despite the relatively short history of spaceflight, there are still many notable success

stories to date. In terms of missions beyond geocentric orbits, humanity has success-

fully landed multiple spacecraft on the planets Venus and Mars [1], landed and returned

humans from Earth’s Moon [2], visited and returned samples from multiple extraterres-

trial bodies [3], captured images of the Sun’s poles [4], and sent probes beyond the solar

system into interstellar space [5], among other achievements. Alongside the successes of

spaceflight, there are failures from which lessons must be learnt. The ExoMars Schia-

parelli lander is one such example where the spacecraft GNC failed during the mission’s

entry, descent, and landing phase [6]. An investigation into this incident concluded that

larger than anticipated angular accelerations resulted in erroneous measurements from

a sensor, which caused large errors in the altitude estimation that ultimately led to
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Chapter 1. Introduction

the hard landing of the spacecraft. While a human operator might have noticed and

managed to account for these errors, the lander’s control system could not and instead

executed its planned sequence of events based on unrealistic data. This case represents

just one example of the difficulties in designing effective autonomous control systems

for space missions.

Most spacecraft GNC systems are designed based on what will be referred to here

as “conventional” control theories. These have a strong grounding in the mathemat-

ical analysis of dynamical systems that can guarantee a desired level of performance

from a control system under certain conditions. However, when operating in uncertain

environments, many conventional control approaches require limiting assumptions on

the uncertainties to hold true. When discussing uncertainties in control systems, these

are typically divided into epistemic and aleatoric uncertainties. Epistemic uncertain-

ties are due to a lack of system knowledge and these uncertainties can be reduced by

gaining more information about the system. Aleatoric uncertainties come from inherent

stochasticity in the system. In conventional control approaches, the aleatoric uncertain-

ties are often assumed to be bounded or to come from a fixed, known distribution. In

situations outside of these, they are more likely to fail. One class of methods that has

emerged to deal with these scenarios is Intelligent Control.

Intelligent Control (IC) combines theories from artificial intelligence, operations re-

search, and automatic control systems to achieve control systems that can handle sub-

stantial uncertainties [7]. Automatic control refers to the study of control systems that

operate with minimal human intervention. Operations research in the context of IC

is mainly concerned with activity planning for highly autonomous systems that decide

their own tasks. The field of Artificial Intelligence (AI) has been an area of active re-

search since the mid 20th century, but still the term “AI” lacks a single agreed upon

definition [8]. Nevertheless, as it pertains to IC, AI can be understood as a collection

of methods that are often referred to as “AI” methods. At the time of writing, AI is

most often used to refer specifically to Large Language Models (LLMs) that generate

synthetic text and images [9]. However, these models only represent a subset of the

broader research field of AI.

2



Chapter 1. Introduction

A key marker of human intelligence is the ability to learn from experience. This

is the fundamental idea behind Reinforcement Learning (RL), which refers to a group

of problems and associated AI methods for solving them. These methods learn how

to control a system through interaction and optimise their behaviour with respect to

a reward function specified by the designer [10]. In the 2010s, RL methods achieved

significant breakthroughs in learning to play games [11–13]. Following this, RL has been

applied to a variety of challenging control problems such as navigating stratospheric

balloons [14], protein engineering [15], control of quantum information processors [16],

and controlling nuclear fusion processes [17, 18]. This accordingly generated research

interest in RL, alongside other AI methods, for spacecraft GNC problems [19]. Although

RL can be applied to many different control problems in aerospace, spacecraft powered

descent emerged as a popular test case for applying these methods [20–25]. This is due

partly to the problem being well-suited to the RL paradigm of learning through repeated

interactions. Furthermore, it requires the control system to operate autonomously in an

uncertain environment, which also motivates the use of IC methods more broadly. For

these reasons, the research presented here focusses on applying IC, via RL methods, to

spacecraft powered descent, but the same methods are applicable in many other GNC

problems.

The title of this thesis refers to the question posed by Alan Turing in his seminal

work in which he proposed a game that came to be known as the “Turing Test” [26].

He begins the paper by asking the question “can machines think?”, but later admits he

believes this question to be “too meaningless to deserve discussion”. Instead, he changes

the question to ask if a “thinking machine” can win his proposed imitation game—the

rules of which are well known. The goal then is not to create a machine that can

think, but one that can imitate a human sufficiently well that it can deceive a human

interrogator. Similarly, the question “can spacecraft think?” can be changed to consider

if a spacecraft can imitate some aspect of human intelligence and, crucially, could this

be useful? This is the question that will be explored in this thesis.
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1.1 Research Objectives

The primary objective of this research was to investigate the potential for Intelligent

Control (IC) methods to be used onboard spacecraft. This first required a firm grasp

on the definition of IC, which is not a trivial task due to the extensive use and abuse of

the term in literature. As a result, this motivated additional research into how control

systems are classed as “intelligent” control with the aim of creating a formal system of

classification. This highlighted the importance of the adaptive and learning capabilities

of IC systems as well as their ability to deal with uncertainties.

Although RL methods have been applied to many control problems including space-

craft GNC, most of these applications do not incorporate online learning. This is an

important characteristic of IC systems that fits well within the framework of RL prob-

lems. Therefore, the scope of this research was narrowed by focussing on new RL

approaches to IC. Within the field of spacecraft GNC there are also many conventional

(as opposed to intelligent) control approaches that have been well studied. RL meth-

ods can learn to control a system without any prior knowledge, but some methods can

also incorporate knowledge, for example, from conventional control approaches. It is

therefore sensible to try to leverage the capabilities of conventional approaches when

training IC systems via RL.

As a final barrier to demonstrating the feasibility of onboard IC, it was necessary to

consider the computational requirements of spacecraft hardware. Any IC method that

should run onboard a spacecraft needs to be sufficiently small in terms of memory size

and run quickly enough to allow online updates. This can be demonstrated by running

hardware-in-the-loop simulations of the controller with online updates.

To summarise, given the primary objective stated above, the following specific ob-

jectives to achieve this were defined:

1. Develop a taxonomy for classifying intelligent control approaches that is agnostic

to the specific control method used and quantifies how intelligent the control

system is.
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2. Develop a method to exploit conventional optimal control approaches in reinforce-

ment learning when training a control system.

3. Develop a method for online reinforcement learning updates of an intelligent con-

trol system that can learn in uncertain environments.

4. Demonstrate online reinforcement learning updates of a control system using

flight-suitable hardware.

With respect to each of these objectives, the main contributions of this thesis are

as follows:

1. A novel taxonomy of intelligent control that identifies the three main dimensions

of intelligence in these control systems and quantifies the level of intelligence in

each dimension.

2. A framework for incorporating demonstrations in an off-policy reinforcement learn-

ing algorithm. Demonstration data can be provided by conventional optimal

control approaches to improve the learned policy while also learning to handle

uncertainties.

3. A novel method for online reinforcement learning updates based on theories from

Extreme Learning Machines (ELMs) that can deal with online changes in the

environment.

4. Results of online reinforcement learning updates run on Jetson Nano hardware

that demonstrate the potential for this approach to run onboard spacecraft.

1.2 Research Output

Much of the work presented in this thesis is taken directly or adapted from previous

publications produced as part of the PhD research. These publications are listed below

along with the relevant chapters in which their content is used. Where applicable, the

author’s contributions are noted.
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1.2.1 Peer-reviewed Journal Publications

• C. Wilson, F. Marchetti, M. Di Carlo, A. Riccardi, and E. Minisci, “Classifying

Intelligence in Machines: A Taxonomy of Intelligent Control,” Robotics, 2020.

[27] (Chapter 3) CW: Conceptualisation, Methodology, Investigation, Writing -

Original draft, Writing - Review and editing, Visualisation.

• C. Wilson and A. Riccardi, “Enabling intelligent onboard guidance, navigation,

and control using reinforcement learning on near-term flight hardware,” Acta As-

tronautica, 2022. [28] (Chapter 6) CW: Conceptualisation, Methodology, Soft-

ware, Validation, Formal analysis, Writing - Original draft, Writing - Review and

editing, Visualisation.

• C. Wilson and A. Riccardi, “Improving the efficiency of reinforcement learning

for a spacecraft powered descent with Q-learning,” Optimization and Engineering,

2023. [29] (Chapter 4) CW: Conceptualisation, Methodology, Software, Valida-

tion, Formal analysis, Writing - Original draft, Writing - Review and editing,

Visualisation.

1.2.2 Peer-reviewed Conference Publications

• C. Wilson, F. Marchetti, M. D. Carlo, A. Riccardi, and E. Minisci, “Intelligent

Control: A Taxonomy,” in 8th International Conference on Systems and Control

(ICSC). IEEE, 2019. [30]

• C. Wilson, A. Riccardi, and E. Minisci, “A Novel Update Mechanism for Q-

Networks Based On Extreme Learning Machines,” in 2020 International Joint

Conference on Neural Networks (IJCNN). IEEE, 2020. [31]

1.2.3 Conference Publications

• C. Wilson and A. Riccardi, “Leveraging Optimal Control Demonstrations in Re-

inforcement Learning for Powered Descent,” in 8th International Conference on

Astrodynamics Tools and Techniques (ICATT), 2021. [32]

• C. Wilson and A. Riccardi, “Enabling intelligent onboard guidance, navigation,

and control using near-term flight hardware,” in 72nd International Astronautical

Congress, 2021. [33]

6



Chapter 1. Introduction

1.3 Thesis Organisation

Chapter 2 gives the main theoretical background that is not novel but foundational

for the work presented here. The primary areas covered are RL and Extreme Learn-

ing Machines (ELMs). In addition to the background presented in this chapter, it is

recommended for readers of this thesis to have some knowledge of control systems and

particularly optimal control. Chapter 3 briefly describes the evolution of modern control

systems and defines IC based on literature. Given this context in the development of IC

and its definition, a taxonomy is devised with the goal of classifying levels of intelligence

in control systems. Results are shown for the application of this taxonomy to various

IC systems.

Chapter 4 introduces the spacecraft powered descent problem that is used as a test

case for all the methods presented in this thesis. This chapter shows how this problem is

formulated as a RL problem that can be solved using existing state-of-the-art methods.

Compared to previous works, the method used in this chapter aims to reduce the nec-

essary training time to solve the problem. The results show that depending on how the

state representation is defined in this problem, the learning process may fail to converge

on a desirable policy. Chapter 5 proposes an approach for mitigating this behaviour

using demonstrations. Data for these demonstrations come from running conventional

optimal control approaches under some nominal conditions in the environment. The

results illustrate that combining the optimal control demonstrations with RL can help

to avoid learning undesirable policies. Chapter 6 adds online learning capabilities to

the methods introduced previously such that they can handle more substantial uncer-

tainties. Results are shown for cases where the environmental disturbances are different

to those used in training, which demonstrates the effectiveness of online learning in

adapting to such changes. Furthermore, results show that incorporating the optimal

control approaches described previously for part of the descent greatly improves the

soft-landing performance of the method. Chapter 7 concludes with recommendations

for future work.
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Background

This chapter describes the relevant theoretical background for the content covered in

the remainder of the thesis. Section 2.1 introduces the underlying theory of RL for op-

timal control. Following this, Section 2.2 describe more modern approaches to RL that

incorporate function approximators. Finally, Section 2.3 presents an update mechanism

for Neural Networks (NNs) called Extreme Learning Machine (ELM) that represents

an alternative to gradient descent methods.

2.1 Reinforcement Learning for Optimal Control

Thanks to several major advancements in the 2010s, RL received a great deal of re-

newed interest. However, this subset of machine learning has a longer history dating

back to the mid-20th century. The field of RL is considered to begin with Bellman’s

work on optimal control via dynamic programming [34]. This gave rise to the Bellman

equation for optimality in sequential decision problems, which can be solved via RL.

In 1998, Sutton and Barto published the seminal work “Reinforcement Learning: An

Introduction” which describes in detail the theory behind RL [10]. This section provides

the relevant background to RL and the approaches used to apply RL in this work.
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2.1.1 Reinforcement Learning Problems

Reinforcement Learning can refer to certain types of problems, methods used to solve

such problems, and the broader field of research into these problems. Here, RL shall

refer to problems that are solved in a certain manner. RL problems consist of an agent

that interacts with an environment with the goal of maximising its total reward. “Agent”

refers to the machine that can take control actions and is analogous to a conventional

“controller”. As with many conventional control systems, “environment” refers to that

which is being controlled.

The three key components of a RL problem are:

• State: what the agent observes from the environment, e.g. sensor measurements,

images, or extracted features such as positions and velocities.

• Action: how the agent affects the environment. Similarly to conventional control

problems, examples of actions include applied forces, movement directions, or

binary decisions.

• Reward : what the agent aims to maximise. Certain problems have clear rewards,

such as a win or loss in a game, but others can be more challenging to define the

reward.

The state space refers to all possible environment states and the action space refers to

all possible actions the agent can take in the environment. In most RL problems, the

agent observes states and takes actions in a sequential manner at discrete timesteps,

denoted t. The reward function defines the reward received by the agent at a given

timestep. Figure 2.1 illustrates this agent-environment interaction. At each timestep,

the agent takes an action at based on the current state st and then receives a reward

rt+1 and observes the new state st+1.
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Agent

Reward
State

Environment

Action

Figure 2.1: Agent-environment interaction in reinforcement learning. The agent ob-
serves a state and reward signal from the environment and uses this information to
select an action that affects the environment.

The agent’s goal is to maximise its return, or specifically its total (cumulative)

discounted reward Gt following time-step t, where

Gt = rt+1 + γrt+2 + γ2rt+3 + ...

=

∞∑
k=0

γkrt+k+1.
(2.1)

The discount factor, γ controls the priority given to longer term rewards and has a value

0 ≤ γ ≤ 1. As γ → 1, longer term rewards have more effect on the return and when

γ = 0 only the reward at the following timestep influences the return.

In some environments, there are terminal states that indicate success or failure of a

task. For example, games that can end in either a win or loss for the agent. Problems in

such environments are referred to as episodic tasks. These episodes run from timestep

t = 0 to t = T , at which point the environment may reset to an initial state, like starting

a new game. The terminal state is denoted sT . Other problems that do not have defined

terminal states are called continuing tasks. In this case, the return in Equation 2.1 is

finite only when γ < 1 and the reward is bounded. All the environments investigated

here are considered episodic and have defined terminal states.

As stated above, RL problems typically involve sequential decision making processes

where actions influence the reward received and the following state. In a Markov De-

cision Process (MDP), the probability that the next state st+1 following state st is

state s and the next reward rt+1 is r depends only on the current state st and the
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action at taken by the agent. This is called the Markov property and can be expressed

symbolically as

Pr {st+1 = s, rt+1 = r|st, at} . (2.2)

The assumption that this property holds underlies much of the fundamental analysis

of RL algorithms. However, when using RL with function approximators, as will be

introduced later, the Markov property is not necessarily required [10].

2.1.2 Policies and Value Functions

A policy, denoted π, defines the agent’s mapping from states to actions. As the agent

interacts with the environment, it updates its policy depending on the observations from

the environment. In a MDP, the agent’s actions affect the immediately observed reward

and can also affect the availability of future rewards. As stated above, the agent’s goal

is to maximise cumulative reward and not only individual rewards. Therefore, assessing

how desirable a certain state is to the agent requires determining the expected return

when in this state. This concept is captured in the value function, which is the expected

return in a given state from following a policy. The state value function vπ of policy π

is defined as

vπ(s) = Eπ [Gt|st = s]

= Eπ

[ ∞∑
k=0

γkrt+k+1|st = s

]
,

(2.3)

where Eπ denotes the expected value when following policy π. Similarly, the action-

value function is the expected value of taking an action in a state. This is denoted qπ

and defined as

qπ(s, a) = Eπ [Gt|st = s, at = a]

= Eπ

[ ∞∑
k=0

γkrt+k+1|st = s, at = a

]
.

(2.4)

A policy that maximises return is an optimal policy, denoted π∗. By definition, the

value function of an optimal policy is greater than or equal to that of any other policy
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for all states. The optimal policy is not unique for a given RL problem and there may

be several optimal policies for one problem. On the other hand, the optimal state-value

function v∗ is unique for a given problem and is the value function of an optimal policy.

The optimal state-value function can be expressed as

v∗(s) = max
π

vπ(s). (2.5)

Likewise, the optimal action-value function q∗ is unique for a given problem and can be

expressed as

q∗(s, a) = max
π

qπ(s, a). (2.6)

Agents store estimates of the value function or action-value function that are de-

noted V (s) and Q(s, a) respectively. If the optimal action-value function is known,

i.e. Q(s, a) = q∗(s, a), the optimal policy can be found by always taking actions that

maximise the action-value function for any state. This is referred to as taking “greedy”

actions.

While the agent is still learning and does not know the optimal action-value function,

it is beneficial to experiment with different actions to see which gain more reward.

However, this conflicts with the agent’s overall goal of maximising its cumulative reward,

which motivates taking more greedy actions. This conflict is commonly referred to as the

problem of exploration versus exploitation. Exploration is where an agent takes random,

exploratory actions to find better policies and exploitation is taking greedy actions to

maximise reward. One class of policies that can be used to balance exploration and

exploitation is ε-greedy policies. These use a parameter ε, where 0 ≤ ε ≤ 1, to control

the amount of exploration. At each timestep the agent will take a random action with

probability ε, otherwise it takes a greedy action. Usually, random actions are sampled

with equal probability from the action space, but this can be adjusted in cases where

random actions could be detrimental to the agent.

Most RL approaches to solve a MDP involve two main processes: policy evaluation

and policy improvement. Policy evaluation refers to an agent updating its value function

to be consistent with the true value function of the current policy. Policy improvement
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is how an agent updates its policy towards the optimal policy via greedy actions with

respect to the value function. The use of these two processes in an alternating fashion is

referred to as Generalised Policy Iteration (GPI). To some extent, like with exploration

versus exploitation, these compete with each other; updating the policy creates a moving

target for value function updates. Nevertheless, this is a key concept underpinning most

algorithms in RL.

Approaches to GPI fall into two broad classes of on-policy and off-policy. In an

on-policy algorithm the agent updates estimated value functions (policy evaluation)

directly for the policy being followed. This has the drawback that, while the agent is

learning, the policy takes exploratory actions that are not optimal. As a result, the

policy evaluation will always occur for a sub-optimal policy. Instead, policy evaluation

for off-policy algorithms can use any arbitrary policy. In practice, this can also be the

agent’s current policy as with on-policy. However, off-policy methods lend themselves

well to incorporating demonstrations from other policies when training.

2.1.3 Q-Learning

One of the significant early developments in RL research was the Q-learning algo-

rithm developed by Watkins [35]. This is a type of Temporal Difference (TD)-learning

algorithm—a class of methods that are well suited to RL problems. In TD-learning,

the agent updates estimates of the value function, V (s) or Q(s, a), based on experi-

ence, i.e. the sequences of states, actions, and rewards observed by the agent. The

Q-learning algorithm directly approximates the optimal action-value function q∗ in the

policy evaluation.

In its original form, Q-learning updates action-value estimates for the immediately

observed state transition consisting of the state st, action at, observed state st+1, and

observed reward rt+1. This is called one-step Q-learning. The update rule for one-step

Q-learning can be expressed as

Q(st, at)← Q(st, at) + α
[
rt+1 + γmax

a
Q(st+1, a)−Q(st, at)

]
. (2.7)
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In this equation, α is a step size parameter that controls the rate of updates to Q. This

is necessary since the “max” operator can lead to over-estimation of action-values. The

expression in square brackets is referred to as the Temporal Difference (TD)-error. The

TD-error at timestep t is denoted δt and defined for Q-learning as

δt = rt+1 + γmax
a

Q(st+1, a)−Q(st, at), (2.8)

where Q(sT , a) = 0 for all a. Through the process of GPI, the agent aims to reduce

the TD-error to zero over the course of training. In practice, TD-learning methods can

store estimates of action values in a table with an entry for each state or state-action

pair. Tabular Q-learning updates the action-value estimates in its table via Equation

2.7. Work by Watkins and Dayan proved that the action-value estimate Q(s, a) in

Q-learning converges to the optimal action-value q∗ provided every state-action pair

updates throughout training [36]. The policy used for training can therefore be any

policy derived from Q that allows exploration, such as an ε-greedy policy. Another

important feature of Q-learning is that it is an off-policy method. This means that the

policy evaluation (Equation 2.7) is independent from the agent’s own policy and can

therefore use an arbitrary policy.

2.2 Reinforcement Learning with Function Approximation

Tabular methods of solving RL problems described above have several limitations. Since

they require a discrete state space, the state space size increases dramatically with the

dimensionality of the state. This is known as the curse of dimensionality. Problems with

high dimensional states therefore require large tables for storing values or action-values.

This also has implications for the agent’s exploration, since in such problems there are

many states to explore and it is difficult to visit all of them regularly. The main approach

used to overcome these limitations is the use of function approximators [37]. These can

work with continuous state spaces thereby reducing the need for large tables. Moreover,

this allows the agent to exploit similarities in regions of the state space to learn more

efficienctly. The main drawback of using function approximators is that these do not
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always possess the same guarantee of convergence as with tabular methods. In addition,

they have many additional hyperparameters that must be carefully selected to obtain

desired performance. Nevertheless, approaches to RL with function approximation have

proven to be very powerful in many challenging environments.

2.2.1 Policy and Value Gradient Methods

A function approximator has a parameter vector denoted θ that determines the map-

ping from inputs to outputs. Instead of storing value estimates in a table, function

approximators can express the relationship between states and values in terms of its

parameters. Qθ denotes the estimated action-value function for parameters θ. This

function can also be expressed as

Qθ(s, a) = q̂(s, a,θ), (2.9)

where q̂ is a function in terms of the state, action, and parameters θ. Value gradient

methods aim to minimise the TD-error (Equation 2.8 for Q-learning) by taking the

gradient of the parameters θ with respect to the TD-error, or some function of this, and

performing gradient descent on the parameters. Gradient descent refers to updating

the parameters by moving them in a direction with negative gradient. This simple idea

is very effective for training function approximators in supervised learning and has also

found utility for RL.

An alternative to parameterising the value function is to use function approximation

to express the policy π in terms of the parameters θ. In this case, as with general

approaches to RL, the policy aims to maximise its return and so performs gradient

ascent in terms of the parameters θ. These methods are referred to as policy gradient

methods. Some policy gradient algorithms will also use a value function estimate to

update the policy, which are commonly known as actor-critic methods. Both policy- and

value-gradient methods remain widely used for tackling RL problems. Other methods

also combine the concepts of policy and value gradients for a more general approach to

solving RL via gradient descent [38].

15



Chapter 2. Background

2.2.2 Q-Networks

Most state-of-the-art approaches to RL use Neural Networks (NNs) for function approx-

imation. This is partly due to the significant developments in NNs in other supervised

learning applications. Since NNs can approximate any nonlinear function, this makes

them suitable for estimating value functions [37]. The term “Q-network” refers here to

a NN that approximates an action-value function for Q-learning. The parameters θ of

a Q-network are all the parameters that can be updated when training the network.

Improvements in computational power for running large models gave rise to “deep-

learning” methods that take raw, unprocessed inputs, such as images, and create ab-

stract representations of these by passing through a multi-layered NN, also known as

a Deep Neural Network (DNN). This idea of taking raw inputs and using DNNs for

function approximation saw a breakthrough in RL with the development of the Deep

Q-Networks (DQN) algorithm from DeepMind [11]. This uses image pixels as state in-

puts to estimate action-values with a DNN. By training on these “raw” states of images

without feature extraction, DQN showed state-of-the-art performance in the benchmark

Atari games environments [39].

In addition to the use of larger networks, the DQN algorithm incorporates several

features to improve its performance. One-step Q-learning only performs updates on the

most recently observed state transition at every timestep. This has the limitation of

rarely updating the policy from infrequent state transitions that could contain useful

information for the agent. Furthermore, it is data inefficient to perform only one update

at each timestep. These issues are addressed in DQN by storing “experiences” of state

transitions in an agent’s replay memory. The agent then updates using minibatches of

experiences sampled from this memory. This concept is known as “experience replay”

and is useful for off-policy RL methods.

The agent’s replay memory is denoted D and contains for each timestep, t, tuples of

(st, at, rt+1, st+1), or experiences, that define a state transition. To update the network

parameters θ, the agent samples a minibatch of k experiences
(
sj , aj , rj , s

′
j

)
, j =

1, 2, . . . , k, where for each sampled transition sj = st, aj = at, rj = rt+1, and s′j = st+1.

In DQN, experiences are sampled with equal probability, however new approaches to
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prioritised sampling have also been proposed [40]. The parameters update based on

the gradient of the squared TD-error for each state transition. To avoid the replay

memory becoming too large, its size is limited to a maximum number of experiences.

Old experiences are then removed on a first-in-first-out basis.

Another limitation of Q-networks is that they are inherently unstable and weight

updates tend to diverge causing an “explosion” in weights. DQN mitigates this issue

by using a separate network for approximating target action-values that is referred to

as a “target network”. The target network’s parameters are initially identical to the

“prediction” Q-network then held constant while the prediction network updates. As

the prediction network updates, the agent periodically copies its parameters to the

target network. This means the target network also tends towards the optimal action-

value function while the weight updates are decoupled from the target prediction. The

parameters of the target network are denoted θ−. The TD-error used to update the

Q-network from Equation 2.8 can then be written as

δj = rj + γmax
a

Qθ−(s′j , a)−Qθ(sj , aj), (2.10)

for transition j in a minibatch where as before, Q(sT , a) = 0 for all a.

The final notable feature of the DQN is how it trades off exploration and exploitation

using an ε-greedy policy. It is sensible for an agent to explore more at the start of its

training and decrease the amount of exploration as its Q estimates get closer to the

optimal action-value function. This can be achieved by decreasing the exploration

probability ε as the number of episodes (or timesteps for continuing tasks) increases. A

simple way to do this is to linearly decrease ε from an initial value of ε0 to εf over Nε

episodes after which point ε = εf . The value of ε after ep episodes is then given by

ε = max

{
ε0 −

ep

Nε
(ε0 − εf ) , εf

}
. (2.11)

Deep Q-Networks Algorithm

Algorithm 1 shows pseudocode for an implementation of the DQN algorithm. As stated

above, the policy π can be any policy that allows exploration and is usually an ε-greedy
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policy. The hyperparameter C controls how often the prediction network parameters

are transferred to the target network.

Algorithm 1 Deep Q-Networks algorithm
Inputs: number of training episodes Nep, agent hyperparameters

1: initialise network parameters θ with random weights
2: for ep = 1 to Nep do
3: initialise state st ← s0
4: while state st is non-terminal do
5: select action at according to policy π
6: execute action at and observe rt+1, st+1

7: update memory D with (st, at, rt+1, st+1)
8: select random minibatch of k experiences (sj , aj , rj , s

′
j) from D

9: δj = rj + γmaxaQθ−(s′j , a)−Qθ(sj , aj) ∀ j in minibatch
10: update parameters θ using TD-error δj for each experience
11: after C time-steps set θ− ← θ
12: end while
13: end for

2.3 Extreme Learning Machines

Despite the wealth of research and growing interest in NNs, most applications use the

same underlying principle of gradient descent for training. This is an optimisation

procedure that minimises a cost by following a negative gradient. When training a NN,

this cost is often related to the difference between the predicted and desired output.

While this simple idea of gradient descent has proven to be powerful, it has limitations.

Most notably, gradient descent is very susceptible to converging on local minima and

requires many iterations of training.

A proposed alternative to iterative methods of tuning NN weights is Extreme Learn-

ing Machine (ELM) [41]. In this method of updating, weights are calculated using an

algebraic method instead of calculating gradients. ELM has several advantages over

other update rules for certain types of problems. The main advantage is that it can

be considerably faster than iterative methods for optimising network weights since they

are instead calculated analytically. The ELM algorithm has seen many improvements

and adaptations since its inception that have occurred alongside broader developments
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in neural network architectures. For example, ELM has been applied to training deep

networks [42] and convolutional networks [43]. More recent work has combined theories

of ELMs with those of physics informed neural networks [44] and their Bayesian vari-

ants [45]. This section describes the underlying theory of ELM and its developments

that are relevant in the remainder of this thesis.

2.3.1 Extreme Learning Machine Theory

In its most widely used form, ELM is an update method for Single-Layer Feedforward

Networks (SLFNs) that are initialised with random input weights and biases. The

equations in the following derivation of ELM come from [41] with some notational

changes for consistency. Consider an arbitrary set of N samples of training data (xj ,yj)

where xj = [xj1, xj2, . . . , xjn], yj = [yj1, yj2, . . . , yjm], and n and m are the input and

output sizes respectively. A SLFN can be mathematically modelled as

Ñ∑
i=1

βig (wi · xj + bi) = oj , j = 1, 2, . . . , N, (2.12)

where Ñ is the number of hidden nodes, βi = [βi1, βi2, . . . , βim]> is the output weight

vector which connects the ith hidden node to the output nodes, g is the activation

function, wi = [wi1, wi2, ..., win]> is the input weight vector which connects the ith

hidden node to the input nodes, bi is the bias of the ith hidden node, and oj is the

output of the SLFN for input xj . Figure 2.2 shows this transformation from input to

output in a SLFN graphically. In this example, the network has an input size of m = 3,

an output size of n = 2, and Ñ = 4 hidden nodes in the hidden layer.

The error between the output oj and the targets yj is denoted ej and defined by

ej =

Ñ∑
i=1

βig (wi · xj + bi)− yj , j = 1, 2, . . . , N. (2.13)
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Input

Hidden
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Output

input
weights

output
weights

bias,
activation

Figure 2.2: Diagram of a single-layer feedforward network indicating the relevant pa-
rameters defining the transformation.

In the case where the network output oj has zero error compared to the targets yj

for all N samples, i.e.
∑N

j=1 ‖ej‖ = 0, it can be written that

Ñ∑
i=1

βig (wi · xj + bi) = yj , j = 1, 2, . . . , N. (2.14)

Writing this in a more compact form gives

Hβ = T, (2.15)

where H is the hidden layer output matrix, β is the output weight vector matrix, and

T is the target matrix. These are defined as shown:

H =


g(w1 · x1 + b1) · · · g(wÑ · x1 + bÑ )

... · · ·
...

g(w1 · xN + b1) · · · g(wÑ · xN + bÑ )


N×Ñ

, (2.16)
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β =


β>1
...

β>
Ñ


Ñ×m

, (2.17) T =


y>1
...

y>N


N×m

. (2.18)

ELM calculates the output weight matrix by solving the linear system defined in

Equation 2.15 for β. The calculated weights, denoted β̂, are given by

β̂ = H†T, (2.19)

where H† denotes the Moore-Penrose generalised inverse of H, defined as shown:

H† =
(
HH>

)†
H>. (2.20)

This is used since, in general, H is not a square matrix and so cannot be inverted

directly.

The approach of ELM for calculating output weights has some benefits compared

to other gradient-based methods of updating neural networks. It is proven in [41] that

β̂ is the smallest norm least squares solution for β in the linear system defined by

Equation 2.15, which is not always the solution reached using other updates. ELM also

avoids several common issues in gradient descent such as converging to local minima

and improper learning rates.

2.3.2 Regularized Extreme Learning Machine

In the statistical learning theory of Vapnik [46], there are two different forms of “risk”

minimisation: Empirical Risk Minimisation (ERM) and Structural Risk Minimisa-

tion (SRM). ERM refers to reducing the prediction error between the output of a

model and training data. On the other hand, the principle of SRM creates a trade-off

between the model’s prediction accuracy and complexity. The standard form of ELM

detailed above considers only ERM. Later work extended the theories of ELM to bal-

ance ERM and SRM [47]. The resulting algorithm, Regularized ELM, is less sensitive to

outliers in training data and not as prone to overfitting as ELM. The equations in the
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following derivation of Regularized ELM come from [47] with some notational changes

for consistency.

The empirical risk is quantified by the sum of errors squared ||e||2, where e is defined

as in Equation 2.13. The structural risk is quantified by ||β||2. Regularized ELM solves

the optimisation problem

minimise
β

1

2
||β||2 +

1

2
γ̄||e||2

subject to ej =

Ñ∑
i=1

βig (wi · xj + bi)− yj ,

j = 1, 2, . . . , N,

(2.21)

where γ̄ is a regularisation parameter that controls the balance of ERM and SRM. The

approach to solve 2.21 uses the following Lagrangian:

L(β, e,α) =
1

2
γ̄||e||2 +

1

2
||β||2 −

N∑
j=1

λj

 Ñ∑
i=1

βig (wi · xj + bi)− yj − ej


=

1

2
γ̄||e||2 +

1

2
||β||2 − λ (Hβ −T− e) ,

(2.22)

where λj ∈ R, j = 1, 2, . . . , N is the Lagrangian multiplier. Finding the points at which

the gradients of L with respect to β, e, and λ are zero gives the following optimality

conditions for 2.21:

∂L

∂β
= β> − λH = 0, (2.23)

∂L

∂e
= γ̄e> + λ = 0, (2.24)

∂L

∂λ
= Hβ −T− e = 0. (2.25)

Substituting 2.25 into 2.24 gives

λ = −γ̄(Hβ −T)> (2.26)

and then substituting 2.26 into 2.23 gives the solution for the output weights

β =

(
I

γ̄
+ H>H

)†
H>T. (2.27)
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When γ̄ → ∞, Equation 2.27 becomes the conventional ELM as in Equation 2.19.

Compared to conventional ELM, regularized ELM has an extra hyperparameter to tune,

γ̄, but still maintains many of the advantages of ELM over gradient-based updates.

2.3.3 Incremental Extreme Learning Machine

Solving for the output weights via ELM or Regularized ELM requires all the training

data to be available at once. More often, training samples arrive sequentially in “chunks”.

Such is the case for RL, which often uses regular updates performed on minibatches

of data. A further enhancement to the ELM algorithm proposes incremental updates

[48]. This is suitable for sequential training data and, therefore, RL updates. The

algorithm used is referred to as Least Squares Incremental Extreme Learning Machine

(LS-IELM). The equations in the following derivation of LS-IELM come from [48] with

some notational changes for consistency.

Sequential updates occur at discrete timesteps t. From Equation 2.27, the output

weights β at timestep t can be expressed as

βt =

(
I

γ̄
+ H>t Ht

)†
H>t Tt, (2.28)

where Ht and Tt are given by Equations 2.16 and 2.18. These are the hidden layer

output matrix and target matrix for all data up to time t. To simplify the notation,

define At as

At =
I

γ̄
+ H>t Ht (2.29)

such that Equation 2.28 can be rewritten as

βt = A†tH
>
t Tt. (2.30)

At time t = 0, the algorithm initialises βt with an initial set of training data. These

training data give the initial hidden layer output matrix, Ht=0 and initial target matrix

Tt=0 from which βt and At are initialised by the equations

βt=0 = A†t=0H
>
t=0Tt=0, (2.31)
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At=0 =
I

γ̄
+ H>t=0Ht=0. (2.32)

Suppose new sets of training data arrive in chunks of k samples. Let N denote the

number of training samples used to update the network up to timestep t. The hidden

layer output matrix and targets for a new set of k samples are denoted HIC and TIC

and defined as

HIC =


g(w1 · xN+1 + b1) · · · g(wÑ · xN+1 + bÑ )

... · · ·
...

g(w1 · xN+k + b1) · · · g(wÑ · xN+k + bÑ )


k×Ñ

, (2.33)

TIC =


y>N+1

...

y>N+k


k×m

. (2.34)

The matrices Ht+1 and Tt+1 can then be written as

Ht+1 =

 Ht

HIC


(N+k)×Ñ

, (2.35)

Tt+1 =

 Tt

yIC


(N+k)×m

. (2.36)

From Equation 2.30, the output weights β at timestep t+ 1 can be expressed as

βt+1 = A†t+1H
>
t+1Tt+1, (2.37)

where

At+1 =
I

γ̄
+ H>t+1Ht+1. (2.38)

Substituting Equation 2.35 into Equation 2.38 gives

At+1 =
I

γ̄
+
[
H>t H>IC

] Ht

HIC

† . (2.39)
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Following matrix multiplication this becomes

A†t+1 = (At + H>ICHIC)†, (2.40)

which can be expanded to

(At + H>ICHIC)† = A†t −A
†
tH
>
IC

(
HICA

†
tH
>
IC + Ik×k

)†
HICA

†
t . (2.41)

This allows Equation 2.37 to be rewritten as

βt+1 =

[
A†t −A

†
tH
>
IC

(
HICA

†
tH
>
IC + Ik×k

)†
HICA

†
t

] [
H>t H>IC

] Tt

TIC

 . (2.42)

To further simplify the notation, define Kt as

Kt = I −A†tH>IC
(
HICA

†
tH
>
IC + Ik×k

)†
HIC (2.43)

then substitute Kt into Equation 2.42 and expand to give the following:

βt+1 = KtA
†
t

[
H>t H>IC

] Tt

TIC


= KtA

†
tH
>
t Tt +KtA

†
tH
>
ICTIC (2.44)

Substituting βt from Equation 2.30 into this expression gives

βt+1 = Ktβt +KtA
†
tH
>
ICTIC (2.45)

and substituting Kt from Equation 2.43 into Equation 2.41 gives

A†t+1 = KtA
†
t . (2.46)

Equations 2.45 and 2.46 describe the weight updates for LS-IELM. This method of

updating allows sequential updates instead of training on all observed data at each

timestep.
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2.4 Summary

This chapter introduced the fundamental concepts for RL that are relevant to the meth-

ods applied in later chapters. The DQN algorithm shown in Algorithm 1 forms the basis

for these methods. As will be shown in Chapter 4, its discrete action space and use of

replay memory means it can learn effective policies in fewer environment interactions

compared to other methods. Since DQN is an off-policy algorithm, this also allows

it to incorporate demonstrations as shown in Chapter 5. Sequential forms of ELM

as described above are an alternative method of updating Q-networks. Compared to

conventional gradient-based updates, EQLM provides an efficient approach to update

online in response to a changing environment as will be shown in Chapter 6.

26



Chapter 3

A Taxonomy of Intelligent Control

Intelligent Control (IC) has received a great deal of attention in many control applica-

tions since the term was first coined by Fu [49]. Due to its wide use, a “terminology

war” ensued where there were several competing definitions for different concepts within

IC—especially “adaptive” and “learning” control [50]. The works of Saridis and Antsaklis

provided clear definitions of IC and established what control systems can, and cannot,

be classified as “intelligent” [51, 52]. Under these definitions, there are still many dif-

ferent types of control systems that fall under the category of IC with varying levels of

complexity. The goal of the work presented in this chapter is to quantify the similari-

ties and differences between these control systems by categorising the different levels of

intelligence of IC systems.

When considering the intelligence of machines, it is clear that “intelligence” can-

not be a binary label but rather a scale from non-intelligent to highly-intelligent. As

pointed out in [50], it is hard to strictly define a threshold for something to be consid-

ered intelligent, as for some definitions even a thermometer could be classed as intelli-

gent. Obviously, in this extreme example a thermometer possesses a very low level of

intelligence—if any. The problem then becomes quantifying the level of intelligence of

a control system.

From the initial development of control theory up to the present day, one key concept

in control has been uncertainty. This is where some aspect of a system is unknown due

to lack of knowledge or stochastic behaviour. As control systems developed over the past
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century they have expanded their ability to autonomously deal with uncertainties to a

point where they require human-like behaviours such as reasoning and learning. This

can be considered a marker of intelligence [53]. A control problem where everything

about the system is known can be very simple to solve using well established methods.

Accounting for uncertainties makes this more difficult. This work suggests that the level

of intelligence of a control system is related to the level of uncertainty at design time:

more intelligent controllers cope with greater levels of uncertainty.

This chapter presents a review of literature related to IC, starting with a background

to the evolution of control theories that results in IC. The existing literature establishes

the scope of IC and how it relates to uncertainty in control systems. This gives rise to

the view that the level of intelligence of a control system can be described in terms of

levels of uncertainty within the control system. This is formalised in a taxonomy that

can be applied to existing control systems.

Previous works have created other classifications of IC such as that of Krishnaku-

mar [54]. This has four levels of intelligence that focus on a controller’s ability to

self-improve where each level in the classification is additive to the previous. In con-

trast, the taxonomy proposed here allows for different levels of intelligence in each of

the dimensions of IC, which gives a more descriptive classification of these systems. An

aerospace industry survey from the American Institute of Aeronautics and Astronautics

defined six “stages of intelligent reasoning” for spacecraft [55]. These classifications are

specific to spacecraft operations. The examples presented here demonstrate that the

proposed taxonomy can be applied to any field that uses IC. One of the motivations

for developing this taxonomy was to identify gaps in existing applications where future

work should investigate to improve the level of intelligence in IC. Where existing clas-

sification methods fall short in this respect is the lack of a multidimensional view of

“intelligence”. As will be shown in later examples, some IC systems can have varying

levels of intelligence in each dimension of the proposed taxonomy and some dimensions

remain less explored than others.

Classifications of systems within the broader field of AI have received greater at-

tention recently both for regulatory purposes and to aid discussion of different types of
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intelligent systems [56]. For example, in 2024 the European Union passed into law the

AI Act which specifies a hierarchy of AI systems that depends on their level of risk1.

Whereas these classifications aim to measure the societal impacts of AI, the taxonomy

presented here considers a more technical hierarchy for intelligent systems.

This chapter describes a novel taxonomy of IC methods. The main contributions

presented here are:

• A unique view of IC in multiple dimensions that considers the level of uncertainty

in different aspects of the control system.

• A taxonomy based on this multi-dimensional view of IC that categorises how

intelligent a control system is in each dimension.

• Examples of the application of this taxonomy to highlight its applicability to

different types of IC system.

The remainder of this chapter is organised as follows. Section 3.1 describes the

development of control systems towards intelligent control with a particular focus on

the ability to handle uncertainties. Based on definitions from literature, Section 3.2 de-

scribes key aspects defining IC and intelligent systems, from which the main dimensions

of IC are extracted. These dimensions form the basis of a taxonomy of IC introduced

in Section 3.3. Finally, Section 3.4 demonstrates the application of the taxonomy to

relevant examples of IC systems.

3.1 Path to Intelligent Control

Control of dynamical systems has been of fundamental importance in engineering for

centuries and remains a widely studied field. There are some historical examples of what

can be considered “control systems” from as early as 2000 years ago that use instruments

such as water level devices to control some aspect of a system [57]. However, the

application often considered to be the earliest example of a control system that made

the first step towards modern control theory is Watt’s flyball governor. This device
1https://artificialintelligenceact.eu/the-act/
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was conceived in the late 18th century to regulate the pressure in a steam engine by

means of rotating masses. Later, Maxwell analysed these types of governor systems via

their mathematical models expressed as differential equations [58]. This gave rise to the

important concept in control theory of stability. Following these initial steps towards

understanding how to control a system, in the early 20th century modern control theory

developed rapidly and has continued to be expanded since. This section describes the

progression of control systems over this time and how it leads towards the current

definition of intelligent control.

At its most fundamental, a controller makes a system behave in a desired manner. To

achieve this, a controller takes actions on the system through potentially several types

of actuator. Clearly, a concept this broad is applicable to many different systems, such

as electrical, economic, political, and even human systems. All share the characteristic

of having some goal, defined abstractly or more concretely, and taking actions to achieve

this. The simplest type of control system, illustrated by the block diagram in Figure

3.1, does not observe measurements from the system and decides what actions to take

based only on the desired system state. This is called open-loop control. Prior to

the development of more advanced systems, many controllers took this form of what

Mayr refers to as “control by rigidly predetermined program” [59]. As suggested by

this description, such systems have control laws entirely defined prior to operation. In

general, this results in a controller that cannot cope with any uncertainties and would

not be referred to as “intelligent”.

desired
state plantcontroller

Figure 3.1: Open loop control system.

In most real systems, their mathematical models are imperfect. Where this is the

case, it is difficult or impossible to design an open-loop control system that gives sat-

isfactory performance. Therefore, most controllers use measurements of the system’s

state to dictate their control actions. This is feedback control, also known as closed loop

control, as shown by the block diagram in Figure 3.2. Although control systems using
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feedback existed for thousands of years, the formalisation of this kind of system did

not happen until the early 20th century with the work of Nyquist [60]. Feedback is the

foundation of most modern control systems. Of the many forms of feedback controller

created, PID control remains one of the most common architectures that came to exis-

tence around the start of modern control theory [61]. Having feedback from the system

can remove the requirement for a precise model and better handle uncertainties than

an open-loop controller.

plantcontrollerdesired
state

-

+

Figure 3.2: Feedback control system.

Within the realms of feedback control there are many different methods and archi-

tectures for designing controllers. In engineering this naturally leads to the question

of how to create the “best” control system. The concept of creating a controller with

the quantifiably best performance is encapsulated in the field of optimal control. Tech-

niques from optimal control solve the problem of maximising or minimising a measurable

characteristic of a dynamical system. This field has its origins from Bellman whose pi-

oneering work in dynamic programming defined criteria for optimal systems [62]. In

his work describing the development of optimal control, Bryson refers to it stemming

from improvements in conventional control systems, where feedback control gains were

optimised with respect to some cost function [63]. Figure 3.3 shows a block diagram of

an optimal control system where, at this stage of development, the optimisation of the

control system does not occur online using feedback from the real system.
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plantcontrollerdesired
state

-

+

optimiser

Figure 3.3: Optimal control system.

The types of control systems described above only deal with epistemic uncertainties

that are due to a lack of knowledge of the system. Additional methods are required for

control systems with aleatoric uncertainty that behave in a non-deterministic manner.

These fall into the class of control systems known as stochastic control. In this case,

uncertainties about the system are modelled as probability densities and cannot be

specified as exact values [51]. As shown in Figure 3.4, uncertainties can be associated

with different parts of the control system, such as disturbing forces or sensor noise.

plantcontrollerdesired
state

-

+

unknown
disturbances

sensor
noise

+
+

+
+

Figure 3.4: Stochastic control system.

At this point in the development of control systems, lack of system knowledge be-

comes a more significant issue. Most stochastic control systems still require reasonable
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knowledge of the system dynamics and quantifiable uncertainties. Beyond such systems

that can be modelled, there are classes of systems where the dynamics may change over

time, which degrades the controller’s performance. Furthermore, for certain systems the

dynamics may be entirely unknown or incompletely known and so the methodologies

discussed so far cannot be used. Approaches to solving these problems are referred to

as Self-Organising Control (SOC) systems, which are simply defined as any system with

features “beyond stochastic control systems” [7].

Adaptive control methods handle changing environments by adjusting the control

scheme online. This means the controller maintains a favourable performance even as

the environment varies. Adaptive controllers broadly fall under two categories: direct

and indirect. Indirect adaptive control schemes do not alter the controller directly, but

instead adapt other components that affect the control scheme, such as a system model.

Direct adaptive control schemes adapt the controller parameters themselves. These can

also be referred to as Parameter-Adaptive (indirect) or Performance-Adaptive (direct)

SOC. Online adaptation is not only desirable in changing environments. Where the

system being controlled is deterministic and “static”, adaptive control can also be used

to improve the controller performance online. Most often, however, adaptive control is

used where the environment behaviour is broadly understood at design time, but subject

to significant uncertainties, for example, in parameters of the mathematical model.

Learning control is the final step towards intelligent control methods. This can be

seen as a more specific form of SOC where the controller retains information pertaining

to the system’s operation and uses this knowledge to alter its control scheme. The

distinction between adaptive and learning control is often unclear in literature. This

work considers the distinction that a learning system stores information about the

system being controlled, whereas an adaptive learning system does not and instead

adapts directly to observations. At this level, control systems can incorporate planning,

where future actions are selected by the system in advance based on its knowledge.

In addition, learning control represents a more behavioural approach towards control

that aims to mimic human problem solving. Since learning is a fundamental aspect

of human intelligence, the ability to learn about a system demonstrates a degree of
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intelligence in that control system. Learning can occur offline such that the control

system is trained before operation, or online where knowledge is accumulated during its

operation. This distinction is important when it comes to intelligent control systems,

as will be discussed. Figure 3.5 shows a block diagram for a generic SOC system where

the adaptive or learning process occurs online.

plantcontrollerdesired
state

-

+

unknown
disturbances

sensor
noise

adaptation/learning
mechanism

+
+

+
+

Figure 3.5: Adaptive or learning control system.

3.2 Defining Intelligent Control

As with many new concepts, since its introduction, the term “Intelligent Control” very

quickly became widely used and often abused by many scholars both from the control

community and wider fields. This made it difficult to create a suitable definition for

IC since it was so commonly used to describe disparate concepts. As a result, in

1993 the IEEE Control Systems Society designated a task force to research and define

“Intelligent Control” [52]. In their report they gave the following defining characteristics

of IC systems:
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“An intelligent control system is designed so that it

can autonomously achieve a high level goal, while its

components, control goals, plant models and control

laws are not completely defined, either because they

were not known at the design time or because they

changed unexpectedly.”

This importantly shows that IC systems deal not only with uncertainties in the envi-

ronment, or “plant models”, but also cases where the controller does not have specifically

defined goals or structures. Saridis gives a more general definition of IC as an interaction

between three fields: Artificial Intelligence, Operations Research, and Automatic Con-

trol Systems (Figure 3.6) [7]. This builds on the definition given by Fu, who originally

described IC as the “intersection of artificial intelligence and automatic control” [49].

Intelligent  

Control 

Artificial 

Intelligence 

Automatic 

Control 

Operations 

Research 

Figure 3.6: Intelligent control is the interaction between Artificial Intelligence, Opera-
tions Research, and Automatic Control Systems.

An often overlooked aspect of Fu’s original definition is that IC lies at the intersec-

tion of these fields. This means that, on their own, theories from automatic control or

artificial intelligence would not be classed as “intelligent” control. It is in their combina-

tion, potentially with theories from operations research, that IC is found. Considering
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the definitions of conventional control methodologies presented previously, adaptive con-

trol systems and learning control systems can be classed as IC where they incorporate

theories from AI. The task force report goes on to give the following definition of an

intelligent system [52]:

“An intelligent system must be highly adaptable to

significant unanticipated changes, and so learning is

essential. It must exhibit high degree of autonomy

in dealing with changes. It must be able to deal

with significant complexity, and this leads to certain

sparse types of functional architectures such as hier-

archies.”

This definition highlights another essential aspect of IC systems, which is that they

must adapt or learn from changes in the environment. Therefore, control systems that

use theories from automatic control and AI may not be considered “intelligent” control

without some means of updating the control system. This definition also makes reference

to the fact that hierarchical structures are common in IC systems, as will be shown in

later examples.

3.2.1 Methods for Intelligent Control

The methods comprising the three fields of artificial intelligence, operations research,

and automatic control systems are broad ranging. Nevertheless, there are certain AI

techniques that are most commonly used for IC. These are Machine Learning (ML),

Evolutionary Computing (EC), and Fuzzy Logic (FL). Other methods from AI do have

applications in control systems, however these three methods are seen most frequently

in the literature. Furthermore, there are significant synergies between these methods,

which means they are often combined in control systems, as shown schematically in

Figure 3.7.

Given below is a brief description of how ML, EC, and FL can be incorporated

into IC systems. This is not an exhaustive list but demonstrates the most common

architectures of intelligent controllers.
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Evolutionary 

Computing 

Machine 

Learning 

Fuzzy Logic 

Figure 3.7: Intersections of AI techniques commonly used in IC systems.

Machine Learning

Since these techniques are by definition used to learn, they are well suited to being used

in IC. Of all the techniques classed as ML, Neural Networks (NNs) are by far the most

common, both within IC and in AI methods more broadly. These architectures can be

used as nonlinear function approximators, which has several applications in control. For

example, NNs can approximate uncertainties, model entire systems, or be incorporated

directly as a controller [64].

Evolutionary Computing

This broad field of AI encompasses Evolutionary Algorithms (EAs), Genetic Algo-

rithms (GAs), and Genetic Programming (GP). While these have subtle differences in

their implementation, they are all based on biological evolution and develop solutions

by “evolving” populations of potential solutions that are evaluated based on a fitness

function. They are often very computationally expensive, which can be prohibitive for

online learning, however there are still several applications where EC is used for online

parameter adjustment in IC [65].
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Fuzzy Logic

The name of this field reflects its main characteristic of dealing with partial truth

to develop reasoning. One of the advantages of FL is its ability to incorporate expert

knowledge when designing a controller, thus improving the interpretability of the derived

control scheme. FL controllers are commonly used in a conventional manner where

its control scheme does not update online, but can also be used for IC by adjusting

parameters while operating [66].

Hybrid Methods

Due to the different strengths and weaknesses of each of the methods presented above,

they are often combined to exploit the advantages of each method. For example, a NN

can be used to approximate parts of a FL controller, or EC can update the structure

of a NN. Any IC method that employs multiple AI techniques is here referred to as a

“hybrid” method.

3.2.2 Dimensions of Intelligent Control

As discussed above, a defining characteristic of IC systems is their ability to deal with

substantial uncertainties. Therefore, it is sensible to define the level of intelligence

of a controller in terms of the level of uncertainty it experiences. In the task force

characterisation of IC systems, there are three clear dimensions where uncertainty can

be present: the environment, the controller laws and components, and the control goals.

In more abstract terms, this is what is being controlled, how it is being controlled, and

why it is being controlled.

Environment

Knowledge of an environment can be classed as the ability to express a model of the

environment mathematically, where the environment includes both the system being

directly controlled and any external effects. The design of a control system convention-

ally requires such a model and the level of uncertainty in this model affects the level of
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intelligence necessary in the controller. Equation 3.1 shows the mathematical form of a

generic system being controlled.

ẋ = f (x, u) , (3.1a)

y = h (x) , (3.1b)

where y is the system output, u is the system input, x denotes the system’s state

variables, and the functions f and h are mappings from their inputs to appropriately

dimensioned vectors. The following equations only show expressions for ẋ for simplicity.

The environment model may also contain some parameters, ζ(t) ∈ Rnζ , which vary with

time. In this case the deterministic mapping from current state and control action to

system output in Equation 3.1 no longer applies and now becomes time dependent.

This case is shown in Equation 3.2.

ẋ = f (x, u, ζ(t)) (3.2)

The above models assume the function f is known to a precision that allows reasonable

tracking accuracy between the model and real environment. This is not possible when

the environment’s dynamics are poorly understood. This is expressed in Equation 3.3

with the function f̂ representing an uncertain mapping.

ẋ = f̂ (x, u, ζ(t)) (3.3)

Controller

Similarly to the environment, a controller can be mathematically modelled with varying

levels of knowledge about its components. More intelligent controllers are more flexible

and have less precise knowledge of their control laws at design time. A general feedback

controller is described as

u = g (e) , (3.4)
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where e = yd − y is the error between the desired system output, yd and actual system

output. This represents a controller with fixed parameters that are selected at design

time. A general adaptive controller has control parameters K ∈ RnK , which can vary

depending on any inputs to the controller. Such a controller is described in Equation

3.5.

u = g (e,K(·)) (3.5)

The error e between desired and true system output can also be uncertain due to the

behaviour of sensors and actuators. Even if the environment itself is well modelled, there

may be errors, for example, in the measurements or unmodelled actuator dynamics. This

case can be expressed as

u = ĝ (ê, K(·)) , (3.6)

where ê = yd− ŷ is the measured error given the measured and uncertain state variables

ŷ and ĝ denotes uncertain actuator response. More sophisticated controllers can vary

more in their structure than just the control parameters. In this case, there may be

multiple different control laws to select based on observations, or new control laws may

be derived online. A general form of such a controller is

u = ĝi (ê, Ki(·)) , i = 1, 2, . . . , ng, (3.7)

where ng is the number of different control schemes.

Goals

Compared to the other two dimensions, goals are more abstract in general and less

rigorously mathematically defined. The level of knowledge of goals can then be thought

of as how simply a goal can be expressed mathematically, as well as the level of aware-

ness of goals in the controller. In most cases a controller’s goal is defined as fulfilling

some stability criterion or maintaining some performance measure across its operating

range. In this case, the goal is entirely defined at design time and the controller has no

awareness of this goal.
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Another approach to defining control goals is to have some cost function that gives

the controller an indication of its performance in a task. The controller then seeks to

minimise this cost function with its control policy. In this case, the controller has some

awareness of its goals and must find ways to achieve them instead of following prescribed

routines to achieve a predetermined level of performance.

Beyond control systems with defined goals or cost functions, the goals become more

abstract and defined in high level language rather than mathematically. In some cases,

specific short-term goals may change over time as determined by the controller’s internal

planning. This is done with respect to some global goal, which remains constant. In

cases where a global goal cannot be defined mathematically and the controller can

only be given high level goals, this requires an intelligent system to deduce how to act

appropriately and achieve such goals.

3.3 Taxonomy

IC methods are used where there is a substantial lack of knowledge at design time. This

lack of knowledge comes under three main categories: the environment, the controller,

and the goals. Within each of these categories, any controller, including conventional

ones, can have a varying degree of uncertainty at design time. This section presents

a classification scheme for control systems, which is based on the level of knowledge

present in the control system at design time. Higher levels of uncertainty require a

greater level of “intelligence” in the control system.

3.3.1 Environment Knowledge

0. Complete and precise environment model:

If the environment is precisely known (where Equation 3.1 captures all dynamics),

an open loop controller could be used, thus requiring no degree of intelligence. In

reality there are often aspects of the system that are not perfectly modelled or

subject to uncertainties. This then requires a more sophisticated controller.
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1. Complete environment model subject to minor variations:

Any real system can only be modelled to a certain degree of precision. This level

of environment knowledge consists of only minor, bounded uncertainties. These

uncertainties are small enough such that simple feedback controllers are sufficient

to control the system without significant adaptation. These controllers are not

necessarily intelligent, since they only require low levels of adaptation for dealing

with slight uncertainties and do not learn online. There are still some examples of

intelligent controllers within this category.

2. Environment subject to change during operation:

At this level the environment has time-varying parameters that describe its be-

haviour (Equation 3.2). Now a higher degree of intelligence is required, since

substantial changes in the environment cannot always be predicted or may be too

complex to model. At this level of uncertainty, some conventional adaptive control

methods can still perform sufficiently as well as intelligent ones.

3. Underlying physics of environment not well defined:

Denoted here as an uncertain mapping from states and actions to future states as

in Equation 3.3. This is an uncommon scenario for Earth applications where it is

possible to reduce environmental uncertainty at design time. However, this can be

an issue in applications such as space exploration. In this case, some information

about the environment is known, but there are still substantial knowledge gaps

requiring an intelligent controller.

4. No knowledge of environment:

Where no model exists for the environment and the control designer cannot incor-

porate any environmental knowledge into the controller, this requires an intelligent

control system to safely explore and create its own model of the environment online.
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3.3.2 Controller Knowledge

0. Stationary, globally stable controller:

Most feedback controllers have guarantees of stability and maintain a certain level

of performance under given assumptions. In simple cases, these assumptions allow

the control system to perform well with a fixed set of parameters without any need

for adaptation (Equation 3.4).

1. Varying controller parameters:

There are many examples of intelligent and non-intelligent applications that vary

some control parameters online (Equation 3.5). This accounts for a lack of knowl-

edge in the controller parameters, where fixed parameters at design time are insuf-

ficient to cover the entire operating range of the system.

2. Unknown sensor/actuator behaviour:

This comes under the broad category of fault tolerant control, which itself has many

dimensions. In this classification, fault tolerance represents a level of uncertainty

in the controller, where measurements may be erroneous and actions may not

create the predicted effect (Equation 3.6). Some fault tolerant systems use simple

thresholds for indicating faults that are specified at design time, but since these

are known at design time this does not fall under this category. Instead, this level

of knowledge refers to a control system that must deal with unknown faults.

3. Varying controller configurations:

At higher levels of intelligence, a controller can alter its own control structure online

(Equation 3.7). This is commonly done offline using techniques such as EC to define

the controller structure. An intelligent controller requires online adaptation and

therefore an efficient means of adjusting its configuration while operating.

4. No known controller structure:

The controller itself designs the control system from scratch using, for example,

mathematical operations, control blocks, and intelligent architectures. An intel-
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ligent controller must be able to do this online, but perhaps with a rudimentary

initial controller to give a stable starting point.

3.3.3 Goal Knowledge

0. Goals entirely predetermined by designer:

Most control systems, including intelligent systems, have a clearly defined goal that

entirely shapes the control system design. In this case the control system is not

“aware” of its goals and is therefore unable to update them or deliberately improve

its performance with respect to the current goals. An example of such systems

are those where the tracking error between a reference state and the current state

must be reduced to zero.

1. Goal specified implicitly, for example, as a reward function:

Many optimal control problems come under this category, since the aim of the

controller is often to minimise or maximise a defined cost function when the means

of optimising this function are not specified. The high level goal of the controller

is then to derive a control policy that achieves optimal control with respect to this

cost function. This is also the case where the controller is punished for detrimental

actions and must find a control policy which avoids such actions. These examples

fit well into the framework of Reinforcement Learning (RL), where an agent learns

by interacting with the environment and observing its state and a reward.

2. Specific goals subject to change during operation with a globally defined goal:

In a dynamic environment, the definition of specific goals may depend on contingent

events and observations. Moreover, if the allocation of goals is performed remotely

from the control system, such as in a space mission, the controller will have to

wait for new instructions every time a new, unforeseen event occurs or a new set

of observations is available. This requires an intelligent goal planner to elaborate

new specific goals based on changes in the environment.
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3. One or several abstract goals with no clear cost function:

There are cases where the goals cannot be easily defined mathematically and so

the controller requires an understanding of high level goals. At this level, goals are

much broader in scope and defined in less machine-friendly formats, such as using

natural language. For example, a controller’s goal might be “safely navigate this

environment and capture images of scientifically interesting events”. The controller

must be able to deduce how to navigate “safely” and what events are “scientifically

interesting”.

4. No knowledge of goals:

The controller has to deduce what actions to take when, to begin with, it has no

knowledge or indication of what actions are favourable.

3.4 Classification of Relevant Examples

This section gives some examples of intelligent controllers and their classification ac-

cording to the taxonomy presented above. The following notation is used in the classi-

fications below:

• E: Environment Knowledge

• C: Controller Knowledge

• G: Goal Knowledge

The methods presented here illustrate the applicability of the taxonomy to a range of

IC techniques with varying levels of intelligence. The applications of these methods

come from various engineering domains that require some level of autonomy, where the

control system must achieve its goals without human intervention.

• E-1, C-1, G-0: Ichikawa and Sawa give an early example of NNs being used as

direct controllers [67]. In their paper they combine a direct NN controller with

genetic model reference adaptive control, which trains the NN based on a model
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of the ideal system dynamics. This system is designed to deal with changing envi-

ronment dynamics and continually updates its network to optimise performance.

• E-1, C-2, G-0: A common hybrid architecture for IC and particularly Fault De-

tection, Isolation, and Recovery (FDIR) is the Adaptive Neuro-Fuzzy Inference

System (ANFIS), which was developed by Jang [68]. An example IC application

of ANFIS is presented by Wang et al. [69]. Their system comprises an adaptive

backstepping sliding mode controller augmented with an ANFIS FDIR system that

controls a robotic airship. The ANFIS observer predicts the environment state at

each time step. If these values disagree with those from the sensors, then a sensor

fault is declared and the ANFIS output is used as input to the controller. The

Goal classification is 0 since the goal of the control system is to minimise a tracking

error following a predetermined trajectory.

• E-1, C-3, G-0: The NN controller proposed by Wu et al. [70] has a unique feature

which makes its classification C-3. The controller can change the network topol-

ogy and its parameters online based on the output of a learning algorithm. Such

a change in the topology requires a trade-off between maintaining sufficient com-

putational speed for online usage and the required precision in its output values.

• E-2, C-2, G-0: Another example of FDIR in IC systems is presented in [71].

Here a fault tolerant control scheme based on a backstepping controller integrated

with a NN recognises unknown faults, with online adaptation of the NN weights.

The overall system uses two networks to approximate unknown system faults and

compensate for their effect. NN weights are updated online using a modified back-

propagation algorithm.

• E-3, C-1, G-0: Such an uncertain environment as a Mars entry vehicle benefits

from having an intelligent control system [72]. In this paper the authors develop

a NN based sliding-mode variable structure controller. This controller has a fast

loop, which is a conventional PID controller, and a slow loop, which contains the

adaptive NN element. Their model of the environment also includes aerodynamic
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terms that are difficult to model precisely. The goal is completely defined by the

user through the definition of a nominal entry trajectory.

• E-1, C-1, G-1: Handelman et al. developed a hybrid IC architecture that com-

prises a Knowledge Based System (KBS) for devising learning strategies and a

NN controller, which learns the desired actions and performs these consistently

in real-time [73]. This is designed to mimic human learning by combining rule

based initial learning and fine tuning by repetitive learning. The environment and

controller considered here have low levels of uncertainty, and the control goals are

only implicitly defined.

• E-1, C-4, G-1: An example of the use of Genetic Programming (GP) for IC is

presented in [74], where it is used to derive a control law for a mobile robot moving

in an environment with both known and unknown obstacles. The use of GP to

create a control law gives this system a controller classification of C-4 since it

derives the control law only using predefined mathematical functions without any

prior knowledge of the controller structure. The environment has slight uncertainty

from the unknown obstacles.

• E-3, C-4, G-1: An approach similar to [74], which also uses GP, is proposed by

Marchetti et al. [75]. Here, GP generates a control law online and the controller

is tested on different failure scenarios. In addition to these, they consider the case

of an unknown environment model at design time.

• E-1, C-1, G-2: The Autonomous Sciencecraft Experiment onboard NASA’s Earth

Observing One is one of the most advanced satellite IC systems operated to date

[76]. The control system has a hierarchical structure which is common in IC

systems that incorporate planning. The highest level in the control hierarchy is

the CASPER planner, which uses information from the onboard science to plan

its activities. This is fed to the spacecraft command language, which then carries

out the plan using lower level actions. This level can also adapt to environmental

changes and make control adjustments as necessary. Below this level is conventional

software, which simply carries out control actions as instructed by higher levels.
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While this system does not operate in a substantially varying environment, it alters

its controller parameters online and contains highly autonomous decision making

and goal updating.

• E-2, C-1, G-2: WISDOM is a control system for rovers that is capable of high level

planning and adaptive control [77]. This is another example of an IC system with

a hierarchical structure. The top layer is responsible for generating plans, which

are fed to the adaptive controller at a lower level. The adaptive system deals with

immediate changes in the environment and gives instructions to the lowest level

in the hierarchy, which is connected directly to the actuators. This system adapts

to changing or uncertain environments and has varying parameters. The goals are

also evolved over time in the system’s planner.

The above examples demonstrate how the taxonomy can be applied to a range of

fields and applications involving IC. From these examples, it can be seen that different

AI techniques can perform similar tasks within an IC system, such as FDIR or planning.

Although the AI approaches are different, the overall IC systems can be grouped under a

certain classification, which highlights the consistency of the taxonomy. A few examples

are listed below.

• Robotic navigation and manipulation—E-2 : Robotic systems that operate in the

presence of unknown obstacles or environment characteristics are classified as E-

2. Under this category fall control systems that deal with uncertainties in the

dynamic model, such as random disturbances [78], and robotic exploration in an

uncertain environment, as with WISDOM [77].

• Adaptive intelligent control—C-1 : Where the system is not subject to unknown

faults, all control systems that adapt their parameters online are classified as C-

1. This can be achieved with various AI techniques, but the common aspect

within this category is some adaptation mechanism that updates the control law

parameters. Examples in this category include adaptive NN control [67], adaptive

fuzzy logic control of an electric motor with nonlinear friction [79], and neuro-fuzzy

model-reference adaptive control of another electric drive system [80]. Although
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each system employs different AI techniques, they are all classified as C-1 since

they adjust control law parameters online.

• Fault Detection, Isolation, and Recovery (FDIR)—C-2 : This encompasses control

systems that can deal with failures in sensors or actuators in addition to an adap-

tation mechanism as in C-1. An often used technique in this category is ANFIS as

in [81] for fault detection and diagnosis of an industrial steam turbine and in [69]

where a controller is designed to reliably track the trajectory of a robotic airship

in the presence of sensor faults. Other approaches typically use NNs, which can

be incorporated for FDIR alongside a conventional control system, such as in [71]

and [82].

• Activity planning—G-2 : Systems that incorporate planning and reasoning are clas-

sified as G-2. These also use a variety of AI techniques to choose the desired states

and how to achieve them. For example, in [76] the control system uses informa-

tion from the onboard science subsystem to plan its activities. In [83] a reasoning

strategy based on forward chaining is adopted to find optimal concentrations of

chemicals for an electrolytic process.

Figure 3.8 shows the distribution of classifications of IC applications that were pre-

viously surveyed along with the year of publication of each application [27]. The line

colour for each classification indicates the number of applications with the correspond-

ing classification. It is clear from this figure that most surveyed applications have a

modest level of intelligence with classifications of E-1, C-1, G-0. Uncertainties in the

goal dimension are the least explored in these applications, whereas the control system

dimension has some applications at the highest level of C-4.

3.5 Summary

It is clear that the use of Intelligent Control covers many classes of systems that re-

quire various levels of intelligence. Simpler environments can benefit from low levels

of intelligence to tune their performance online, whereas more complex and uncertain
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Figure 3.8: Parallel coordinates plot showing the number of applications of each IC
classification previously surveyed.

environments require much higher levels of intelligence to operate effectively. This level

of intelligence can be related to the extent to which the control system deals with

uncertainties.

This chapter introduced a taxonomy of IC that classifies control systems based on

their level of knowledge in three dimensions: environment, controller, and goals. The

taxonomy can be applied to any control system to give a measure of its ability to

handle uncertainties. From the applications studied, most of the IC systems focus on

uncertainties in the environment and controller dimensions, which tend to have higher

levels of intelligence than the goal dimension. This is to be expected since most control

systems are designed with a very specific goal in mind, however there are still some

examples of higher levels of intelligence with respect to goals.

Future applications of IC will likely continue to benefit from control systems with

lower levels of intelligence. In addition, the development of more autonomous ma-

chines will require higher levels of intelligence. As progress continues towards more

general purpose AI systems, this motivates more research in improving the level of goal

intelligence in control systems, since the most general goals cannot be easily defined

mathematically. An important compromise in online adaptive and learning IC systems

is their high computational cost, which can limit their feasibility in resource-constrained

systems such as space missions. Nevertheless, there are already examples of IC systems
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running onboard spacecraft that handle uncertainties in all three dimensions. The fol-

lowing chapters will present another possible approach for creating IC systems that can

learn online and run onboard a spacecraft.
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Q-Learning for Spacecraft Powered

Descent

Chapter 3 described intelligent control systems as capable of handling large uncertainties

in control problems. This chapter introduces an example control problem in aerospace

that has several uncertainties: spacecraft powered descent. These uncertainties include

atmospheric models, spacecraft aerodynamic coefficients, and initial conditions, among

others [84,85]. Although the model of the spacecraft dynamics used here is a simplifica-

tion of the real environment, it still incorporates some uncertainties and demonstrates

the applicability of intelligent control. The nature of this problem lends itself well to the

RL paradigm of learning through interaction and observing rewards as introduced in

Chapter 2. When treating this problem as a RL problem, the agent is usually trained

entirely offline. This would not be classified as “intelligent” in the same way online

adaptive intelligent controllers are, but can still be useful for uncertain environments.

For example, by incorporating uncertainties into the training process, a controller can

learn how to handle uncertainties when deployed.

As with many machine learning problems, one bottleneck to the use of RL in practice

is training times [86]. This is especially the case for more complex problems that require

larger DNN architectures, such as in DQN learning to play Atari-2600 games from image

inputs [39]. While these environments have high-dimensional state spaces, they benefit

from a discrete action space. This allows efficient computation of action values via

52



Chapter 4. Q-Learning for Spacecraft Powered Descent

Q-networks with one output per action. Many continuous action problems can also

be simplified by appropriately discretising the action space, which allows the use of

methods such as DQN to solve the problem.

Another limitation of certain RL algorithms is their sensitivity to hyperparame-

ters [87]. Since some of the update rules used for training agents are inherently unsta-

ble, this means their hyperparameters require careful selection to avoid converging on

poor solutions. This is commonly done using rules of thumb or trial and error [88]. Al-

ternatively, optimising hyperparameters more methodically can improve the resulting

performance. This is not a trivial task due to the high dimensionality of hyperpa-

rameter search spaces but is not intractable with current computational methods and

capabilities.

This chapter shows how the spacecraft powered descent problem can be formulated

in such a way that is is solvable using DQN. The main contributions presented here

are:

• Application of the state-of-the-art RL method DQN to the spacecraft powered de-

scent problem, which differs from other approaches of applying RL to this problem

(see below).

• A detailed hyperparameter study to both find the best performing hyperparame-

ters and show the effect of changing hyperparameters on the agent’s performance

in this problem. Furthermore, this study uses two different optimisation crite-

ria representing different high level goals and shows how these affect the best

hyperparameters and corresponding performance.

• Comparison of results for different state representations, which demonstrates the

importance of properly defining the RL problem to avoid undesirable solutions.

The remainder of this chapter is organised as follows. Section 4.1 gives an overview of

relevant literature in spacecraft powered descent. Section 4.2 describes the formulation

of the environment as a RL problem. Finally, Section 4.3 presents results from applying

DQN to the powered descent environment.

53



Chapter 4. Q-Learning for Spacecraft Powered Descent

4.1 Relevant Literature

Autonomous GNC for extra-terrestrial landing is a well studied problem dating back to

the Apollo lunar missions [89]. Following the success of these missions, there have been

great advancements both in the computational capabilities onboard spacecraft and the

methods for autonomous GNC. This is now an important area of research as further

missions to the Moon and Mars are planned [85]. Existing approaches to powered de-

scent guidance use a variety of methods spanning conventional control theories, optimal

control, and ML [89].

The earliest landing GNC systems of the Apollo missions had to rely on conventional

control methods. These missions had tight constraints on computing power which neces-

sitated simple and robust control algorithms to generate feasible trajectories online [90].

Specifically, the onboard GNC used polynomial guidance algorithms that find analytical

expressions for the spacecraft’s acceleration in time that are used to control its thrusters.

The Apollo guidance algorithms remained popular long after the Apollo missions, with

some recent works aiming to expand on its capabilities [91, 92]. Another class of algo-

rithms referred to as Zero Effort Miss (ZEM) and Zero Effort Velocity (ZEV) uses a

similar set of assumptions to Apollo guidance and calculates analytical expressions for

thrust commands [93]. Such methods have been applied to Mars powered descent [94,95]

and other more general spacecraft control problems including asteroid intercept [96].

Optimal control approaches are also commonly applied to spacecraft powered de-

scent to make best use of a spacecraft’s highly constrained resources. These approaches

mostly aim to minimise fuel consumption (or control effort), subject to constraints on

the lander’s final position and other aspects of the trajectory and actions [97]. There are

various optimisation methods that can solve the minimum fuel powered descent prob-

lem offline for specific initial conditions. Some of the earlier research into this problem

derived certain characteristics of the optimal descent trajectories, including the “bang-

bang” thrust profile, and used Non-Linear Programming (NLP) approaches to find opti-

mal solutions [98]. When designing control systems that are to be optimised online, there

are additional challenges. As with intelligent control methods, computational resources
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onboard spacecraft are a significant limitation. In addition, some optimisation methods,

such as NLP approaches, are not guaranteed to converge on a solution, which is neces-

sary for mission critical operations [89]. For these reasons, another class of approaches

for optimal powered descent guidance uses convex programming methods [99]. These

approaches solve the optimal control problem online by convexifying any nonconvex

constraints, such as thrust and glideslope requirements [100–103]. Convex program-

ming approaches are suitably efficient and lightweight to be implemented on spacecraft

hardware—as demonstrated by terrestrial flight-tests using a vertical-takeoff/vertical-

landing rocket [104, 105]. A hybrid approach to find optimal solutions for powered

descent has also been proposed to combine the convergence guarantees of convex pro-

gramming with the accuracy of solutions of NLP approaches [106]. To account for more

general nonconvex problems, such as the nonlinear relationships between aerodynamic

disturbances and the spacecraft state, methods of successive convexification are also

used. In this case, the optimisation algorithm iteratively generates solutions to con-

vex approximations of the nonconvex problem using linearization [107–109]. Similarly,

another approach based on Model Predictive Control (MPC) uses piecewise affine ap-

proximations of the lander’s dynamics to find optimal solutions in an efficient manner

without requiring nonlinear MPC [110].

One of the main issues with optimal control problems is they assume a deterministic

environment and are often not robust to substantial uncertainties inherent in powered

descent. Other work has explicitly included uncertainties in the optimal control problem

using a method called covariance steering [111]. In this approach, a feedback controller

is designed to control the state covariance, i.e. the uncertainty in the state. This method

has also been used to adapt convex programming approaches to handle uncertainties

[112]. Although such methods effectively deal with uncertainties along the spacecraft’s

trajectory, they still require certain assumptions on the system, such as on the initial

magnitude of the state covariance and the mass profile over the trajectory.

Due to its performance in other domains, RL has also gained a lot of interest as

an approach to many spacecraft GNC problems. The most commonly used method

for these application is Proximal Policy Optimisation (PPO), which performs well in
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high-dimensional tasks with continuous actions but requires longer training times than

similar discrete-action methods. RL has been used to solve a variety of trajectory

optimisation problems, including interplanetary trajectories and orbit transfers. These

aim to provide greater robustness to uncertainties compared to non-ML methods, such

as in [113] where the authors include noise in various aspects of a low-thrust Earth-Mars

trajectory problem. Other works also investigate using RL for low-thrust manoeuvres

applied to transfers in the Earth-Moon system [114–117]. As well as training directly

on the problem without prior knowledge, RL can also be used effectively in combination

with conventional control methods, such as by feeding velocity commands from a RL

agent to lower-level controllers for proximity operations [118], deriving optimal “Q-laws”

for spacecraft transfers with PPO [119, 120], and relative motion guidance via RL and

ZEM/ZEV [121].

Recent work has explored the possibility of incorporating Large Language Model

(LLM)-based agents into IC systems for a spacecraft. One of the earliest examples

of this approach fine-tunes a language model to for use as a controller in a variety of

spacecraft control problems including powered descent [122]. In this example the LLM

directly outputs control actions, such as 3D thrust vectors, based on textual input.

Similarly, other work has applied LLMs to the problem of manoeuvring satellites in

non-cooperative scenarios [123]. Again this system uses textual inputs and outputs

where the inputs consist of real-time telemetry and outputs are commanded actions.

Compared to most of the other AI approaches described here, LLMs are some of the

most computationally heavy AI systems. Although they can be used in offline training,

this makes them less suitable for online updates on spacecraft hardware. However, this

area of research is still in its infancy and simultaneous advances in hardware and the

efficiency of language models could make such approaches suitable for online IC systems.

Previous works have also investigated the application of RL to spacecraft powered

descent. The Farama Foundation’s Gymnasium1 software is a set of benchmark envi-

ronments for testing RL agents that has a highly simplified 2D lunar lander environ-

ment [125]. This environment only starts from a small range of initial conditions and
1Formerly OpenAI Gym [124].

56



Chapter 4. Q-Learning for Spacecraft Powered Descent

incorporates limited uncertainties. When considering a larger problem space, training

agents from scratch becomes more challenging as they might never reach the desired

final state. This makes careful tuning of the reward function necessary as demonstrated

in [23] where the authors train an agent on a 6-Degrees-of-Freedom (DOF) Mars lander

problem using PPO. Other approaches to training agents for powered descent also com-

bine RL with previously described analytical methods such as ZEM/ZEV guidance. In

this framework, RL has been used to adapt parameter values [24] and also to guide the

spacecraft between determined waypoints [21]. Another work combines pseudospectral

optimisation methods with RL for determining the “handover” point where a space-

craft switches from entry-phase to powered descent-phase [22]. In this case the action

space of the RL agent is very limited since it is only used for determining a switching

point. LLMs have also been incorporated into training via RL for spacecraft powered

descent [126]. This work extracts information from an example lunar landing “manual"

and uses this to inform the design of the lander’s reward function. The reward function

is further refined during training based on information from the training process.

Most applications listed above use PPO, which is an effective method for solving

RL problems in continuous action spaces. However, since it is on-policy it requires

optimisation over trajectories which is not as data efficient as many alternative off-

policy approaches. This work aimed to show that DQN is capable of solving spacecraft

powered descent in a discrete action space.

4.2 Powered Descent Problem

The goal of spacecraft powered descent is to achieve a pinpoint soft landing, as defined

by limits on the terminal state, while minimising fuel consumption or control effort.

This section describes the main elements of powered descent as a RL problem. First,

the environment dynamics are described, which define the state transition probabilities

in a classical MDP. Then the reward function is defined with a sparse component

to reward successful episodes and a shaped component to guide the agent. The final

parts of the problem are the state space and action space, which represent what the

agent observes of the environment along with the reward and how the agent affects the
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environment. This formulation of the problem comes from previous work by Gaudet et

al [23].

4.2.1 Environment Dynamics

The lander’s position is denoted r =
[
rx ry rz

]
and similarly the velocity is v =[

vx vy vz

]
. The forces acting on the lander are gravitational force, engine thrust

FT =
[
Tx Ty Tz

]
and disturbance forces FD =

[
Fx Fy Fz

]
. This disturbance

force represents lumped uncertainties in the system due to wind, changes in atmo-

spheric density, and uncertainties in thrust magnitude. Initially, this disturbance force

is excluded from the simulations, i.e. FD =
[
0 0 0

]
at each timestep, and these will

be included in results presented in later chapters.

O 
gslim 

lander initial state 

target landing site 

x 

y 

z 

Figure 4.1: Illustration of the lander powered descent frame of reference and glideslope
limit.

Figure 4.1 shows the surface fixed frame of reference used to define the lander’s

equations of motion. Positions r are defined relative to the origin at the target landing

location on the surface. Equations 4.1 to 4.3 give the 3-DOF equations of motion of

a lander of mass m subject to gravitational acceleration g in the surface fixed frame

of reference. This form of the equations assumes a uniform gravitational field strength
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over the duration of the powered descent, which is g =
[
0 0 −3.7114

]
N/kg for Mars.

ṙ = v, (4.1)

v̇ =
FT + FD

m
+ g, (4.2)

ṁ = −αT ‖FT ‖, (4.3)

where αT = 1
Ispgref

defines the fuel consumption rate, Isp is the specific impulse of the

engine and gref = 9.81N/kg is the reference gravitational field strength. The value

of Isp = 210s is the same as used in previous works to represent typical performance

of a lander’s thruster [23]. In this 3-DOF formulation, only the lander’s translational

dynamics are considered without the coupled attitude dynamics. The sampling time

used for transmitting data to the agent is 0.2s.

One of the important considerations for powered descent guidance and control is the

range of initial conditions for the lander’s position, velocity, and mass. This uncertainty

is incorporated into the training process by sampling uniformly over a wide range of

initial conditions in training episodes. The range of possible initial values for each

uncertain variable are shown in Table 4.1, which are also the same as used in previous

works [23]. These values give a reasonable range of initial conditions for the powered

descent phase for which the controller should be expected to perform.

Table 4.1: Range of initial conditions in the Mars lander powered descent environment.

Parameter Min. Value Max. Value

Downrange position, rx (m) 0 2000
Crossrange position, ry (m) -1000 1000
Elevation position, rz (m) 2300 2400
Downrange velocity, vx (m/s) -70 -10
Crossrange velocity, vy (m/s) -30 30
Elevation velocity, vz (m/s) -90 -70
Mass, m (kg) 1900 2100
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4.2.2 Shaped Reward Function

Powered descent can be readily formulated as a sparse reward problem where all state

transitions except to a terminal state yield zero reward. The terminal reward indicates

either success or failure of the task, for example as a positive or negative reward respec-

tively. These problems are particularly challenging for RL agents since they must first

explore the environment to “find” the correct terminal state which can take many trials.

The additional goal of minimising control effort or fuel consumption can be incorpo-

rated as a reward at each step that is inversely proportional to the level of thrust at that

timestep. However, this would discourage the agent from exploring the environment and

therefore decrease the likelihood of achieving a desired terminal state.

One way of dealing with this problem as presented in [23] is to use a shaped reward

function that guides the learning towards the goal. Although this can cause a loss in

optimality with respect to minimal fuel consumption, this vastly speeds up the learning

by avoiding excessively long periods of exploration. The reward function for this envi-

ronment combines a sparse reward for a successful landing and a shaped reward that

penalises control effort while motivating the agent to move towards the desired landing

site. Numerically, the reward is defined as

r = α ‖v − vtarg‖+ β
‖FT ‖
Fmax
T

+ η

+ κ ((rz < 0) ∧ (‖r‖ < rlim) ∧ (‖v‖ < vlim) ∧ (gs ≥ gslim)) , (4.4)

where vtarg is a target velocity defined below, Fmax
T is the maximum thrust magnitude,

and the coefficients α, β, η, and κ weight different parts of the reward. The α term

is a negative reward that penalises deviation from a defined target velocity. The β

term is also a negative reward for the control effort normalised with respect to the

maximum thrust. η is a positive constant that motivates the agent to keep advancing

in the environment. Finally, κ is the positive reward gained for a successful landing

within defined limits on the terminal state. rlim and vlim are limits on the magnitude

of the terminal position and velocity respectively. gslim defines the minimum allowable

glideslope angle. The glideslope gs is then the maximum glideslope angle over the

60



Chapter 4. Q-Learning for Spacecraft Powered Descent

trajectory:

gs = max
t

arctan
rz√
r2x + r2y

 , t = 0, 1, ..., T − 1 (4.5)

The experiments shown in this chapter do not consider this constraint on the trajectory,

i.e. gslim = 0, but this constraint will be included in later results. Figure 4.1 also

illustrates this glideslope limit, which effectively defines a cone of allowable states with

vertex at the target landing site.

The target velocity is defined as shown:

vtarg = −v0
(

r̂
‖r̂‖

)(
1− exp

(
− tgo
τ

))
(4.6)

v0 = ‖v0‖ (4.7)

tgo =
‖r̂‖
‖v̂‖

(4.8)

r̂ =


r− [0 0 15] , if rz > 15

[0 0 rz] , otherwise
(4.9)

v̂ =


v− [0 0 − 2] , if rz > 15

v− [0 0 − 1] , otherwise
(4.10)

τ =


τ1, if rz > 15

τ2, otherwise
(4.11)

This motivates the agent to follow a velocity pointing towards 15m above the desired

landing location which decreases exponentially as it approaches this point. Then over

the final 15m of descent the target velocity is entirely normal to the surface in the

z-direction. The values of constant terms in the reward function are shown in Table

4.2. These were originally defined in [23] with the aim of balancing each component to

achieve desirable learning performance.
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Table 4.2: Values of terms defining the powered descent reward function.

Parameter Value

α -0.01
β -0.05
η 0.01
κ 10
rlim 5m
vlim 2m/s
τ1 20s
τ2 100s

4.2.3 State Space

Like the reward function, careful selection of the state representation can assist the

agent in learning an effective policy. The results presented here compare two different

state representations referred to as a “shaped” state and a “raw” state. The shaped

state is closely related to the shaped reward function and is shown in Equation 4.12.

This state includes terms for the error between the spacecraft’s velocity and the target

velocity in each direction. It also includes the parameter tgo from Equation 4.8 which

gives a crude estimate of the remaining time before landing based on the position and

target velocity. The final term in the shaped state is the altitude, rz, which is the most

useful distance measure for deciding actions.

sshape =
[
vx − vtargx vy − vtargy vz − vtargz tgo rz

]
(4.12)

Unlike the shaped state representation, the raw state does not include information

on the target velocity. Equation 4.13 shows the terms used for the raw state. These

are simply the position, velocity, and mass of the spacecraft at the current timestep.

The values in the raw state are also scaled by a constant factor sscale to avoid having

excessive values input to the agent.

sraw =
[
rx ry rz vx vy vz m

]
· sscale, (4.13)

with the values for scaling each term defined as

sscale =
[
0.01 0.01 0.01 0.1 0.1 0.1 0.005

]
. (4.14)
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4.2.4 Action Space

The actions taken by the agent for powered descent are commanded thrusts: at = FT

at timestep t. The implementation of DQN used here requires a discrete action space.

For a typical powered descent problem, commanded thrusts are defined on a continuous

space of R3 with limits on the maximum thrust in each direction. In this discrete action

formulation, there are a number of potential commanded thrust magnitudes in each

direction. For the z-direction, since the acceleration due to gravity acts in the negative

direction, the commanded thrusts in this axis are all in the positive z-direction.

The simplest way to discretise the action space is to allow a maximum, minimum,

or zero commanded thrust in each direction. Although there are no negative thrusts in

the z-direction, a midpoint thrust magnitude allows better control of vertical speed. In

the case where three discrete values are defined in each direction, the action space is

at =
[
Tx Ty Tz

]
, (4.15)

Tx ∈ {−Tmax
x , 0, Tmax

x } , (4.16)

Ty ∈
{
−Tmax

y , 0, Tmax
y

}
, (4.17)

Tz ∈
{

0, Tmid
z , Tmax

z

}
, (4.18)

where Ti is the commanded thrust in the i-direction, Tmax
i is the maximum possible

thrust in the respective direction, and Tmid
z is the midpoint thrust magnitude in the

z-direction. 3 dimensions with 3 possible actions gives an action space size of 33 =

27, assuming each commanded thrust is controlled independently of the others. The

default values for maximum thrust were initially specified as Tmax
x = Tmax

y = 5kN and

Tmax
z = 12kN based on values used in previous works to represent typical performance

of a lander’s thruster [23]. In addition, the midpoint thrust magnitude was initially

set as Tmid
z = 0.5T zmax. As discussed in the following section, these values were further

tuned to improve the agent’s performance.

63



Chapter 4. Q-Learning for Spacecraft Powered Descent

4.3 Results of DQN Applied to Powered Descent

This section demonstrates the application of the DQN algorithm described in Chapter

2 to the 3-DOF lander powered descent problem. These results are presented in four

main parts. First is the procedure for optimising hyperparameters with two different

loss functions. Second is action magnitude selection, i.e. selecting an appropriate value

for Tmax
i and observing the effect its value has on certain performance measures. Third,

results of training DQN with a shaped state representation are compared to those

obtained using PPO in a continuous action space. Finally, results are shown from

applying the method with a raw state representation. Unless otherwise stated, for all

the results presented in this thesis, simulations ran on an Ubuntu 18.04 computer with

a 3.6GHz Intel i7-4790 CPU and 8 GB RAM.

4.3.1 Hyperparameter Study

One of the main difficulties in optimising hyperparameters is the search space, which

can contain mixtures of real, integer, and categorical values. In addition, the number

of hyperparameters can be large resulting in a high-dimensional search space that is

difficult to optimise. The simplest approach to the problem of automatically select-

ing hyperparameters is to perform a random search and select the best configuration,

which can be surprisingly effective [127]. Improvements to the random search include

Hyperband, which uses a bandit based approach to speed up evaluation [128]. This

method assumes that an algorithm’s performance in early training epochs can be used

to indicate later training performance, which does not always hold well when training

RL agents. Other automated hyperparameter search methods incorporate Bayesian op-

timisation methods, such as Spearmint [129], Tree of Parsen Estimators (TPE) [88], and

SMAC [130]. The optimisation presented here uses TPE since this method has been

applied successfully in computer vision tasks which possess the problems previously de-

scribed. The implementation of TPE is from the Python library “hyperopt”, which is

designed for application to machine learning models [131].
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Each trained Q-network has 3 hidden layers, which is sufficiently deep to learn useful

representations for DQN. The optimisation controls the number of hidden nodes in each

layer, denoted Ñl, l = 1, 2, 3. The other hyperparameters related to the Q-network are

the learning rate, α and target network update steps, C. There are 4 additional hyper-

parameters for DQN: initial exploration probability, ε0; number of episodes to decrease

ε, Nε; discount factor, γ; and minibatch size, k. The final exploration probability εf is

fixed as 0. In all cases the network activation function is tanh and the weight updates

use RMSprop optimisation as implemented in the TensorFlow Python library [132].

To select an appropriate number of training episodes Nep, an initial training run

of 10,000 episodes was performed. This used an untuned, but stable, hyperparameter

configuration as follows: Ñ1 = 100, Ñ2 = 150, Ñ3 = 100, α = 2e− 5, C = 65, ε0 = 0.5,

Nε = 2000, γ = 0.95, k = 100. Figure 4.2 shows the learning curve with these settings.

Over the first 1000 episodes the reward oscillates before rapidly increasing. After around

1500 episodes the rate of increase is more gradual and remains so for the rest of the

episodes. To strike a balance between maximising performance and minimising training

duration, Nep = 4000 episodes was chosen as the duration for training agents.
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Figure 4.2: Initial agent learning curve to establish the number of training episodes.

In the context of RL problems there are several ways to define optimisation criteria

for hyperparameter selection. Since the agent’s main goal is to maximise its total reward,

one possible criterion is the cumulative reward at the end of training. An additional
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goal explored here is to minimise the time required to learn a near-optimal policy.

This can be achieved by maximising the area under the learning curve. These criteria

are referred to as reward-optimisation and area-optimisation respectively. Letting Ri

denote the cumulative reward received in episode i, the area and reward loss functions

are defined as

Larea = − 1

Nep − 1

Nep−1∑
i=1

(Ri +Ri+1)

2
, (4.19)

Lreward = − 1

500

Nep∑
i=Nep−499

Ri, (4.20)

where the optimisation seeks to minimise the loss. The area loss is the negative area

under the learning curve, which is calculated via trapezoidal integration. The reward

loss takes the average reward over the last 500 episodes of training. Due to the stochastic

nature of the environment and agent, each evaluation takes the average loss over 8 runs

with different random seeds. The combined loss for a single evaluation is then the

upper 95% bootstrapped confidence interval in the average across runs. This is to

give an indication of worst-case average performance such that evaluations with high

variance in loss have a higher loss than those with lower variance.

Table 4.3 shows the selected hyperparameters based on the reward-optimised and

area-optimised losses. Figures 4.3 and 4.4 show the results of the hyperparameter op-

timisation as parallel plots. Each line in the plot represents one evaluation in the

optimisation and the magnitude on each axis shows the value for its respective hy-

perparameter. Darker lines indicate a lower value of the respective loss. Note that

the ranges of each parameter are different between the two loss functions. This is due

to adjustments made on the limits while running evaluations to increase the range of

certain parameters being trialled.

For both of the loss functions, the optimised Q-network structure has fewer hidden

nodes in the middle layer than the outer two layers. The parallel plots highlight this

tendency towards such a structure, with many darker lines in a v-shape for both opti-

misations. The area-optimised network is also larger than reward-optimised, with every

layer containing more hidden nodes than the corresponding reward-optimised layer.

66



Chapter 4. Q-Learning for Spacecraft Powered Descent

Table 4.3: Selected DQN hyperparameters when optimising for area under learning
curve and final reward.

Parameter Area-optimised Reward-optimised

Ñ1 212 150
Ñ2 80 65
Ñ3 218 165
α 3.96× 10−5 2.08× 10−5

C 70 65
ε0 0.367 0.269
Nε 300 2700
γ 0.914 0.926
k 58 104

It is expected that the learning rate would be higher when optimising for area under

learning curve such that the algorithm converges more quickly on a solution. This is

the case for the optimised values for α, which is nearly 2 times larger in the area-

optimised case. Another significant difference in the optimised hyperparameters is for

those affecting exploration. The value of Nε for area-optimised is 9 times smaller than

that of reward optimised, which is also expected since the area-optimised agent aims to

exploit greedy actions as quickly as possible. While the initial exploration probability

ε0 is larger in the area-optimised case, its exploration probability will quickly decrease

to less than the reward-optimised agent. From the parallel plots, it is clear that the

best evaluations for the reward loss had a wide range of values for ε0, however the

best for the area loss are clustered around lower values. This is also the case for Nε,

where the best values for the reward optimisation tend to occupy a higher range of

values. The final notable difference is in the minibatch sizes, which are 58 and 104

for area-optimised and reward-optimised respectively. The reason for this is unclear

but, as can be seen from the parallel plots, this trend was shown across all evaluations

with the reward loss favouring larger minibatch sizes and area loss having lower values

near k = 58. Results in the remainder of this section use both the area-optimised and

reward-optimised hyperparameters to compare their performance.
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Figure 4.3: Parallel plots showing hyperparameter optimisation evaluations for area.
Colour indicates loss normalised via a power norm for clarity.

4.3.2 Action Size Selection

In addition to the agent’s hyperparameters, the magnitude of commanded thrusts can

be tuned to improve the agent’s performance. Altering the value of Tmax
z did not

noticeably affect performance and so this value was fixed as Tmax
z = 12kN . Given

the rotational symmetry of the environment about the z-axis, the selection of action

magnitudes can be simplified by setting Tmaxx = Tmaxy , such that only a single value

needs to be determined for both directions.

To examine the effect of changing Tmax
i in the x- and y-direction, agents were trained

for 4000 episodes with each magnitude and tested for 500 episodes without further up-

dates. Values of action magnitude were varied in the range [5kN, 12kN ] in steps of 1kN .

The performance metrics examined in the testing episodes were the fuel consumption

and the cumulative reward as shown in Figure 4.5, where it is desired to minimise fuel

consumption and maximise cumulative reward. Values shown are the average across

testing episodes along with the standard error, since it is also desired to minimise vari-

ance in performance between episodes. One important observation from these figures is

that the trend in fuel consumption does not match that of the total reward, despite the

fact that control effort is part of the reward function and related to fuel consumption.

This is due to the landing bonus and velocity tracking terms in the reward function
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Figure 4.4: Parallel plots showing hyperparameter optimisation for reward. Colour
indicates loss.

which can be more fuel intensive to achieve but produce larger rewards. Both fuel

consumption and average total reward vary considerably across action magnitudes and

occasionally have large peaks and troughs, for example when the magnitude is 11kN

for the area-optimised agent.
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Figure 4.5: Change in performance with varying values of action magnitude for the
powered descent problem. Error-bars denote one standard error.

Considering first the reward-optimised agent, its best performance in terms of re-

ward is at 9kN , but this also has the third highest fuel consumption across its range.

Furthermore, the reward shows higher variance at 9kN relative to other values. The

action magnitude for the reward optimised agent was therefore set as Tmax
i = 11kN
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which gives the second highest reward and median fuel consumption. This differs sig-

nificantly for the area-optimised agent for which 11kN is notably the worst performing

value. Peak reward for this agent is at 10kN which does also show favourable fuel

consumption. However, as before the point that has lower variance in reward is more

beneficial and so the action magnitude for the area-optimised agent was selected as

12kN .

As stated previously, the midpoint thrust in the z-direction was initially fixed at half

the maximum thrust. Further tests were carried out to examine the effect of varying

this magnitude on performance. Using the action magnitudes for the x- and y-directions

specified above, the value of Tmid
z was varied between 0.3Tmax

z and 0.7Tmax
z . For this

analysis a single agent for each set of hyperparameters was trained with Tmid
z = 0.5Tmax

z

and then tested for 500 episodes. The results are shown in Figure 4.6 with the same

performance metrics as above of fuel consumption and cumulative reward.
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Figure 4.6: Change in performance with varying mid-points of z-direction action for the
powered descent problem. Error-bars denote one standard error.

Both metrics occupy a much narrower range of values in these tests compared to

those in Figure 4.5. In particular, the cumulative reward for each set of optimised

hyperparameters remains nearly constant across the values of the midpoint thrust. As

expected, the fuel consumption tends to increase with the midpoint thrust, especially

for the area-optimised agents. However, values below 0.5 show very little improvement

in the fuel consumption for both agents. Since all of these agents were trained using the

same midpoint action of 0.5Tmax
z , testing performance could still be improved for other
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values by also training the agent using these action magnitudes. Nevertheless, the results

shown here suggest tuning this action has little effect on the resulting performance and

so this midpoint action was kept fixed at half the maximum magnitude.

4.3.3 Training and Testing Agents

Using the two sets of hyperparameters and action magnitudes defined above, multi-

ple agents were trained in the powered descent environment. 50 training runs of 4000

episodes were carried out for each set of hyperparameters to assess their learning per-

formance across different random seeds. The mean cumulative rewards across runs for

both hyperparameters are shown in Figure 4.7.
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Figure 4.7: Learning curves averaged over 50 runs for each agent. Shaded area indicates
+/- one standard deviation. Uniformly filtered (average) over 120 episodes for clarity.

The area-optimised and reward-optimised learning curves are both similar with a

sharp increase in average reward over the first 300 episodes before gradually plateauing

at their maximum average reward. As would be expected, the area-optimised curves

reach this maximum more quickly than the reward-optimised. Considering the stan-

dard deviation, there is little variance in performance over most of the training period.

In both cases the highest variance occurs in the initial episodes when more random

actions are taken. There is also a slight increase in variance over the final 500 episodes

for both hyperparameters, but most notably in the reward-optimised curves. This is
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Figure 4.8: Mean and worst performing learning curves for the reward-optimised agent.

highlighted in Figure 4.8 which shows the learning curve for a reward-optimised agent

that performs poorly towards the end of training, thus causing the standard deviation of

reward-optimised runs to increase. Although the optimisation metric for hyperparame-

ters aimed to encourage robustness in the solution, achieving a more robust solution that

is less susceptible to diverging performance would require more training runs per eval-

uation. However, most of the trained agents showed favourable learning performance

and can be successfully applied to this problem.

The following results use the optimal trained agents from the area-optimised and

reward-optimised runs with respect to their respective loss functions (Equations 4.19

and 4.20). The individual learning curves from each agent and the number of steps

per episode are shown in Figure 4.10. For comparison, a learning curve obtained from

training an agent using PPO, as demonstrated in previous work [23], is shown in Figure

4.9. Note that vertical axis scales are identical in both Figures, however the horizontal

scale shows the difference in the number of training episodes between DQN and PPO,

which are an order of magnitude less when training with DQN. The policy trained

using PPO does converge on a higher average reward than either of the DQN agents,

which could be a result of the discretised action space causing a loss in optimality of the

learned policy. This suggests a necessary trade-off between performance and learning

time when choosing a RL algorithm to train an agent. While the average total reward is
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different at the end of training, the number of steps per episode of every trained agent

is consistently close to 300. This is likely a result of the shaped reward function, which

specifies the target velocity for all states and therefore will tend to cause similar episode

lengths.
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Figure 4.9: Average reward and steps per episode over a training run of the PPO agent.
Data from [23].

Each of the best trained agents carried out 5000 testing episodes with varying initial

conditions. These initial conditions are distributed over the same range as in training.

Figure 4.11 shows the distributions of terminal velocity and position for both the reward-

optimised and area-optimised agents, as well as the fuel consumption. Numerical results

are shown in Table 4.4. In these and all further tabulated results, terminal xy-position is

calculated as ‖
[
rx ry

]
‖, terminal xy-velocity as ‖

[
vx vy

]
‖, and terminal z-velocity

as |vz|. Both agents consistently achieve x- and y-velocities within the desired range,

however the area-optimised agent has slightly higher variance in the x-velocity. While

both agents mostly reach the desired landing region within a 5m radius, there are several

trajectories for both agents that do not satisfy this requirement. The most significant

difference in performance between the agents is in the terminal z-velocity. The magni-

tude of the mean z-velocity of the reward-optimised agent is 1.827m/s whereas for the

area-optimised agent it is 3.927m/s. This means the area-optimised agent is consis-
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Figure 4.10: Average reward and steps per episode over a training run of DQN for two
different sets of hyperparameters. Uniformly filtered (average) over 120 episodes for
clarity.

tently unable to achieve the soft landing requirement, but the reward-optimised agent

shows much better performance in achieving a soft pinpoint landing.

As a comparison to the above results, Table 4.5 shows the same statistics over 5000

testing episodes for an agent trained with PPO. This agent achieves a more precise

landing with a maximum distance from the desired landing position of only 1.2m, com-

pared to 7.918m for the reward-optimised agent and 10.798m for the area optimised.

Furthermore, the terminal velocity magnitudes are lower for the PPO agent. These dif-

ferences can be attributed in part to the coarse discretisation for the DQN agents which

limits their ability for finer control. This is particularly important for achieving the pin-

point landing over the final few metres of descent, and so training a separate controller

for this final phase could improve the overall performance. In addition, increasing the

action space size with more discrete magnitudes could improve the agent’s landing pre-

cision, but at the expense of increased problem complexity. Finally comparing the fuel

consumption, the averages for each agent are very similar: 291.1kg for PPO, 295.5 for

area-optimised DQN, and 306.4 for reward-optimised DQN. The area-optimised agent

has both the highest maximum fuel consumption at 408.8kg and the lowest minimum
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with 254.9, however this is likely due to this agent rarely achieving a soft landing and

therefore consuming less fuel to decelerate. Although the reward-optimised agent con-

sumes more fuel than the area-optimised, it clearly shows superior landing performance

and achieves comparable fuel consumption to the PPO agent.
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Figure 4.11: Scatter and KDE plots showing distributions of terminal landing states for
each agent.
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Table 4.4: Comparison of test results from both agents trained with DQN. Statistics
shown for terminal state over 5000 test episodes.

Area-optimised Reward-optimised

Mean Min. Max. STD Mean Min. Max. STD

xy-position (m) 2.501 0.032 10.798 1.228 3.09 0.082 7.918 1.422
xy-velocity (m/s) 0.709 0.007 1.958 0.373 0.591 0.011 1.393 0.267
z-velocity (m/s) 3.927 1.865 6.029 0.659 1.827 0.714 2.647 0.361
Fuel (kg) 295.5 254.9 408.8 18.1 306.4 267.4 376.1 17.3

Table 4.5: Test results for agent trained with PPO. Statistics shown for terminal state
over 5000 test episodes.

PPO

Mean Min. Max. STD

xy-position (m) 0.744 0.318 1.2 0.16
xy-velocity (m/s) 0.254 0.228 0.295 0.008
z-velocity (m/s) 0.719 0.107 0.913 0.12
Fuel (kg) 291.1 262.1 353.6 14.4

Figures 4.12 and 4.13 show an example trajectory of the area-optimised and reward-

optimised agents. These show the position, velocity, and commanded thrust of a lan-

der over the course of one episode. Both trajectories have an initial state of r0 =[
1.5 −0.5 2.5

]
km and v0 =

[
−70 −30 −90

]
m/s with an initial mass of m0 =

2000. In both cases the position and velocity show an expected tendency towards zero

with a low velocity in the z-direction over the final seconds of the episode. The reward-

optimised agent has a terminal position 2.1m from the desired landing site with a

terminal velocity of 2.4m/s and total fuel consumption of 316.7kg. The area-optimised

agent has a similar terminal position 1.3m from the desired landing site, but with a

greater terminal velocity of 4.4m/s and total fuel consumption of 304.2kg. This shows

that the reward-optimised agent achieves a softer landing with lower vertical velocity

than that of the area-optimised agent, which was common across testing episodes. For

both agents the thrusts in the x- and y-directions show similar behaviour with a small

difference in their magnitude as specified previously. On the other hand, while the

reward-optimised agent frequently uses the midpoint action in the z-direction, the area-
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optimised agent tends to switch between zero and its maximum thrust in this direction.

It is possible that this represents a local minimum solution that the area-optimised

agent quickly converged on, but with worse performance than the policy found after

more exploration by the reward-optimised agent.
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Figure 4.12: Trajectory of the area-optimised agent over a sample episode with com-
manded thrusts.

4.3.4 Training with Raw State Representation

Applying the same methodology as the above results for the shaped state, other agents

were trained using a raw state representation (Equation 4.13). The same procedure

for tuning hyperparameters was used with both area-optimised and reward-optimised

losses. These gave the optimised hyperparameters as shown in Table 4.6. The action

magnitudes used were the same as for the shaped state, with Tmax
x = Tmax

y = 12kN for

the area-optimised agent and Tmax
x = Tmax

y = 11kN for the reward-optimised agent.
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Figure 4.13: Trajectory of the reward-optimised agent over a sample episode with com-
manded thrusts.

These hyperparameters do not have the same patterns as those of the shaped state

problem (Table 4.3). In particular the DNN structures do not have a more sparse

middle hidden layer as with the shaped state hyperparameters. Furthermore, the values

of ε0 and Nε show the opposite behaviour of what is expected, with reward-optimised

favouring lower values for both compared to the area-optimised.
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Table 4.6: Selected DQN hyperparameters when optimising for area under learning
curve and final reward with a raw state representation.

Parameter Area-optimised Reward-optimised

Ñ1 105 120
Ñ2 150 200
Ñ3 165 130
α 4.67× 10−5 3.89× 10−5

C 65 65
ε0 0.441 0.316
Nε 1850 900
γ 0.941 0.923
k 95 120

Both sets of hyperparameters were used for a training run of 4000 episodes. Figure

4.14 shows the learning curves for these agents trained using each set of hyperparameters

with the raw state representation. These do not converge on as high a cumulative

reward as the shaped state agents, with a cumulative reward of around −40 per episode

towards the end of training. Nevertheless, both agents appear to “learn” as their learning

curves increase sharply throughout the early episodes. Despite the lower exploration

probabilities for the reward-optimised agent, its initial cumulative reward decreases

more sharply than the area-optimised agent.
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Figure 4.14: Learning curves for agents trained with a raw state representation.
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Figure 4.15: Scatter and KDE plots showing distributions of terminal landing states for
each agent trained with a raw state representation. The z-velocity axis is truncated for
clarity.

Testing both agents trained with a raw state representation revealed that their

performance in terms of achieving a pinpoint soft landing is very poor. Table 4.7 sum-

marises the performance of both agents over 5000 test episodes in terms of the terminal

state, which have very large mean and maximum values across all measurements. This

is highlighted in Figure 4.15, which clearly shows the larger spread of horizontal posi-

tions and velocities in the x- and y-directions compared to the agents using the shaped

state. Although some terminal states are clustered near the desired values of 0, in both

the x- and y-positions and velocities there are several outliers far away from this desired

state. In addition, the z-direction velocity magnitude is very high with both agents

mostly having terminal z-velocities of magnitude greater than 15m/s. This is likely due
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Table 4.7: Comparison of test results from both agents trained with a raw state repre-
sentation. Statistics shown for terminal state over 5000 test episodes.

Area-optimised Reward-optimised

Mean Min. Max. STD Mean Min. Max. STD

xy-position (m) 48.15 0.681 2473 89.02 40.52 0.423 895 28.09
xy-velocity (m/s) 8.457 0.26 79.8 3.877 10.1 0.314 29.68 3.956
z-velocity (m/s) 23.02 1.898 79.46 1.749 27.38 15.74 89.82 2.86
Fuel (kg) 312.6 248.7 551.6 24.9 300.8 180.8 364.0 20.6

to the nature of the reward function, which rewards the agent for following a target

velocity. While the agent has learned to follow this velocity over the start of the tra-

jectory, to avoid receiving the negative rewards over the final descent, where the target

velocity decreases more sharply, it accelerates towards the end instead of decelerating.

This behaviour is commonly referred to as “reward-hacking” where an agent exploits

the reward function to converge on an undesirable policy [133].

4.4 Summary

This chapter described the general procedure for applying RL to a spacecraft powered

descent problem. First the problem is defined in terms of its state space, action space,

and reward function. To select appropriate hyperparameters for the agent, they undergo

a tuning process which can consider different objectives. In this example, two different

objectives related to the cumulative reward in training episodes were used. Multiple

agents were trained with tuned hyperparameters to assess learning performance across

random seeds and the best performing agents then carried out many test episodes.

The results shown highlight the need to appropriately define the RL problem to

avoid behaviour such as reward-hacking shown by the agents trained with a raw state

representation. Furthermore, the choice of optimisation criteria for tuning the agent’s

hyperparameters affects the performance of the trained agent. Tuning for hyperparam-

eters that prioritise speed of learning as well as longer term performance resulted in less

effective policies. The following chapter will introduce another approach for improving

an agent’s policy that can also prevent reward-hacking behaviour.
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Learning with Demonstrations

As discussed in Chapter 2, RL has its roots in optimal control theory. However, current

state-of-the-art RL approaches, through their use of function approximators, mostly

do not have the guarantees of optimality that are given by traditional optimal control

approaches. It is also typical to consider RL problems in a “learning from scratch”

manner where the agent has no prior knowledge of the environment. In many problems

of practical interest, this is not the case. For example, traditional optimal control can

find solutions for many systems under certain assumptions. Therefore, an agent could

exploit such knowledge while learning to control the system. This is the idea behind

learning with demonstrations.

In situations where demonstrations are available, this raises the question of why it is

necessary to then train a separate agent. One potential reason is execution speed. If the

process to generate demonstration data is computationally expensive, it may be advan-

tageous to train an agent offline that can approximate the process used to generate the

demonstrations online more quickly. Another reason is to deal with uncertainties. For

example, if it is possible to generate demonstrations given certain limiting assumptions

on an environment, a RL agent could use these demonstrations plus learning from inter-

action to find a near-optimal policy that handles uncertainties that are not considered

in the demonstrations.

There are several methods for finding optimal solutions to the spacecraft powered

descent problem—see Section 4.1. These solutions may not be robust to environmental
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uncertainties, which is the motivation for applying RL to this problem. Furthermore,

demonstrations are particularly useful in tasks with sparse rewards. Without demon-

strations, an agent may need to explore for a very long time before finding the desired

state. In the case of powered descent, the positive reward given for a successful landing

is a sparse reward. Although there are approaches to define a shaped reward function

that guides the agent to the desired terminal state, these might not be sufficient to learn

an effective policy as shown in the previous chapter. Optimal control demonstrations

could, therefore, be beneficial in training a RL agent for powered descent.

This chapter presents a method for exploiting optimal control demonstrations in

RL, with the following main contributions:

• A heuristic method to discretise actions in optimal control problems to create

trajectories suitable for use as demonstrations.

• A novel approach for incorporating demonstrations in off-policy RL algorithms.

• Application of this method to spacecraft powered descent to show how it can

overcome reward-hacking.

The remainder of this chapter is organised as follows. Section 5.1 describes relevant

literature in the area of RL with demonstrations. Section 5.2 introduces the proposed

method of incorporating optimal control demonstrations into RL. The method for

creating optimal trajectories in the powered descent problem is shown in Section 5.3.

Results of the optimal trajectories and training with demonstrations are presented in

Section 5.4.

5.1 Relevant Literature

There are many existing approaches for combining optimal control with various ML

techniques to exploit the benefits of each. In most cases, a ML method aims to directly

approximate optimal control solutions without needing to run a potentially expensive

optimisation. This will often follow the same general procedure of generating a number

of optimal trajectories, training a model such as a NN on these in a supervised manner,
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then using this model to directly output new trajectories. This gives the advantage of

not only being faster but also potentially more robust to uncertainties. For example,

in [134] the authors train a NN to approximate optimal control actions for planetary

landing without the need to run online optimisations. Similarly, in [135] they reduce the

optimal control problem to defining a small set of parameters that vary based on the

initial conditions. Again, NNs are trained to learn the mapping from initial conditions

to optimal control policy. Other more advanced deep learning architectures such as

transformers have also been applied to the powered descent problem [136]. In this

case, the attention mechanism in the transformer allows it to predict long sequences

of time-series data. As well as providing the mapping from states to optimal actions,

in [137] NNs are also used to model the gravity dynamics of an asteroid for generating

optimal trajectories. Since the performance of many optimisation algorithms is sensitive

to the initial guess, NNs can also learn to generate suitable initial guesses. This is

the approach employed in [138] for generating optimal asteroid landing trajectories.

Another example application in proximity operations compares training via PPO to

a deep-learning approach that trains on optimal control demonstrations [139]. These

approaches to including demonstrations only learn in a supervised manner without any

further training via interaction with the environment.

RL methods that aim to mimic expert demonstrations are broadly referred to as

imitation learning [140]. This has a similar motivation to the ML approaches described

above, where the agent’s goal is to imitate the demonstration policy. In addition to

learning from demonstration, RL methods also benefit from their self-learning capabil-

ity. One of the early examples of such an approach that combines an expert and self

learning is the algorithm DAGGER [141]. This is designed to avoid costly mistakes

by the agent while learning by including demonstrations from an “expert” that guaran-

tees a certain performance by the RL agent. Later work extended this to RL methods

using DNNs [142]. In both these methods, the agent requires expert demonstrations

throughout its training which may be limiting in applications where these demonstra-

tions are difficult to obtain. Another approach similar to the method proposed here is

Deep Q-learning from Demonstrations [143]. In this case, the agent uses a potentially
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small set of demonstrations to initialise its policy in a supervised manner. Following

this initialisation, the RL updates use a combination of loss functions that aim to give

greater weight to the expert demonstrations. This concept of using demonstrations to

prime a RL agent in a supervised manner is well studied and most often applied to

robotics problems [140,144,145].

Similar approaches of including demonstrations in RL have also been applied to

problems in astrodynamics. The authors in [146] use such an approach for trajectory

generation. An initial policy is generated using solutions to a deterministic optimal

control problem to train an agent in a supervised manner. This agent then learns a

policy that is designed to be robust against missed thrust events. Other work uses

demonstrations from optimal control to initialise an agent for powered descent [20].

This method uses pseudospectral optimisation to generate the demonstrations and only

uses these demonstrations for initialisation prior to training via RL.

The methods described above for combining optimal control demonstrations with

RL use some form of supervised learning alongside the RL updates. This differs from

the method proposed here which foregoes any supervised initialisation and only uses

TD-based updates. Similarly to Deep Q-learning from Demonstrations, the proposed

method uses demonstration data for updates throughout training but does not require

generation of new trajectories by an “expert” throughout training. Despite the relative

simplicity of the proposed approach compared to other methods of including demonstra-

tions, as will be shown it can still learn policies that avoid reward-hacking behaviour.

5.2 DQN with Optimal Demonstrations

This section describes the method for incorporating demonstrations from optimal con-

trol trajectories into DQN. It is applicable to any RL problem that can be solved as a

discrete-time optimal control problem assuming deterministic dynamics.
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5.2.1 Optimal Control Problem

The goal of a general optimal control problem is to minimise a cost function J subject

to constraints on the state x and control actions u. This can be expressed as shown in

Equations 5.1 - 5.5 [147].

minimise J(x) =

∫ tf

t0

L (t,x(t),u(t)) dt (5.1)

subject to ẋ = f(t,x(t),u(t)), (5.2)

u(t) ∈ U ∀t ∈ [0, tf ], (5.3)

x(t) ∈ X ∀t ∈ [0, tf ], (5.4)

x(0) = x0, x(tf ) = xf , (5.5)

where tf is the final time, L is a function that represents the optimisation objective,

f is a mapping defining the system dynamics, U is the space of possible actions, X is

the space of allowable states, and x0 and xf are the specified initial and final states

respectively. Importantly, the dynamics represented by f are considered deterministic.

The general form of an optimal control problem shown above represents an infinite-

dimensional problem. This problem can be discretised in the time domain to give a

finite-dimensional problem that can be solved with numerical optimisation procedures.

Discrete timesteps are denoted tk and are separated by a constant step size ∆t. The

state and action constraints of Equations 5.3 and 5.4 are applied at each timestep tk. In

addition, the dynamics are adjusted to account for the discrete time control inputs, for

example by applying a zero-order hold to the commanded actions between timesteps.

The output of this optimisation is a series of real-valued control commands at each

discrete timestep, which forms the basis for the optimal control demonstrations.

5.2.2 Demonstrations from Optimal Trajectories

The DQN algorithm operates over discrete action spaces. Therefore, the continuous

actions generated via the optimal control problem must be converted into a discrete

action space. One simple way to compute the corresponding discrete action is to round
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the action to the nearest discrete magnitude. However, this accumulates errors over

time and results in trajectories far from the optimal trajectory. This can be remedied

by using a heuristic action selection that rounds the action up or down depending on

the velocity error as shown below.

For each direction, let n denote the number of discrete actions in that direction, ā∗

denote the optimal continuous action normalised between 0 and 1, and ā denote the

discrete action. Equation 5.6 shows the heuristic action selection method that uses the

error between the spacecraft’s current velocity and the velocity at the next timestep in

the optimal trajectory.

ā =
bā∗(n− 1)c+ 1

2(sgn(δv) + 1)

n− 1
, (5.6)

δv = ẋ∗(t+ 1)− ẋ(t), (5.7)

where δv and ā are calculated separately for each direction. At the end of the trajectory

where the agent is close to the landing region, ẋ∗(t + 1) is held constant at zero in

all directions. Although this improves the resulting trajectories compared to simply

rounding the actions, the final state may still not be in the desired landing region.

To ensure the trajectory with discretised actions reaches the desired terminal state,

the initial state can be adjusted using an approach similar to Hindsight Experience

Replay (HER) [148]. This is where the final state in the trajectory is assumed to be

the goal and the states over the course of the trajectory are updated accordingly. In

practice for this problem, this is achieved by updating in turn the initial velocity and

position as shown in Equations 5.8 and 5.9.

ẋ0 = ẋ∗0 − ẋ(tf )|x(0)=x∗
0, ẋ(0)=ẋ∗

0
, (5.8)

x0 = x∗0 − x(tf )|x(0)=x∗
0, ẋ(0)=ẋ0

, (5.9)

where x∗0 and ẋ∗0 are the initial position and velocity used in the optimal control problem.

Provided the position and velocity error at the terminal state are not too large, this

results in a full trajectory that approximates the optimal trajectory with discrete actions

that can be used as demonstrations.
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5.2.3 Demonstration Experience Replay

DQN is an off-policy RL algorithm that can learn from experiences generated using

arbitrary policies. For this reason, optimal control demonstrations can be incorporated

into training a DQN agent along with its own experience. As described in Chapter 2, in

the standard DQN algorithm, experiences are stored in the replay memory, D up to a

certain maximum capacity on a first-in-first-out basis. During training, experiences are

randomly sampled uniformly from the replay memory in batches of size k. The demon-

stration experience replay, denoted Ddemo, contains experiences from the discretised

optimal trajectories. These take the same form as in D of tuples of (st, at, rt+1, st+1)

that define a state transition. When updating the agent, in addition to the k samples

from D, kdemo state transitions are sampled uniformly from Ddemo and are also used to

update the agent.

Algorithm 2 shows pseudocode for DQN with demonstrations. First, the demonstra-

tion trajectories are generated for a set of initial states defined by the initial positions x∗0

and velocities ẋ∗0. These are used to create the demonstration experience replay Ddemo
which are then used along with the agent’s own experience to update the network pa-

rameters as in the conventional DQN algorithm.

5.3 Powered Descent Optimal Control Problem

This section describes the method for generating optimal trajectories in the powered de-

scent problem. First, the general dynamics and constraints for powered descent optimal

control are described, followed by the convexification of this problem.

5.3.1 Optimal Control Problem

The dynamics of the environment are the same as presented in Chapter 4 (Equations 4.1

to 4.3). The optimisation aims to minimise fuel consumption while achieving a pinpoint

landing defined by r(tf ) = ṙ(tf ) = 0. In addition to constraints on the final position

and velocity of the lander, several other constraints on the state and control actions

are often defined. These additional constraints may represent physical limitations of
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Algorithm 2 Deep Q-Networks with optimal control demonstrations
Inputs: initial states x∗0, ẋ∗0 for running optimal trajectories, number of training
episodes Nep, agent hyperparameters
Optimal control demonstrations

1: for each initial state x∗0, ẋ∗0 do
2: calculate optimal actions for all discrete timesteps tk
3: discretise optimal actions according to Equation 5.6
4: adjust initial velocity and position according to Equations 5.8 and 5.9
5: add all state transitions (st, at, rt+1, st+1) to demonstration memory Ddemo
6: end for

DQN with demonstrations
7: initialise network parameters θ with random weights
8: for ep = 1 to Nep do
9: initialise state st ← s0

10: while state st is non-terminal do
11: select action at according to policy π
12: execute action at and observe rt+1, st+1

13: update memory D with (st, at, rt+1, st+1)
14: select random minibatch of k experiences (sj , aj , rj , s

′
j) from D

15: select random minibatch of kdemo experiences (sj , aj , rj , s
′
j) from Ddemo

16: δj = rj + γmaxaQθ−(s′j , a)−Qθ(sj , aj) ∀ j in minibatches
17: update parameters θ using TD-error δj for each experience
18: after C time-steps set θ− ← θ
19: end while
20: end for

the lander or mission requirements. Relevant constraints on the lander’s position and

commanded thrusts are defined numerically below.

The glideslope constraint specifies a cone of valid positions for the spacecraft with

vertex at the landing site, r =
[
0 0 0

]>
. This ensures the lander will not go sub-

surface and remains a safe distance from the ground until landing. This is expressed

as

‖Ar(t)‖ − c>r(t) ≤ 0 ∀t ∈ [0, tf ], (5.10)

where

A =

1 0 0

0 1 0

 , (5.11)

c> =
[
0 0 1/ tan(gslim)

]
, (5.12)
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and gslim is the minimum glideslope angle as in Equation 4.4. In addition to limits on

the maximum thrust available, there may be a minimum thrust limit for the lander.

The thrust magnitude constraint is

0 < ρ1 ≤ ‖FT (t)‖ ≤ ρ2, (5.13)

where ρ1 and ρ2 are the minimum and maximum thrust magnitudes, respectively. As

will be shown, for the purposes of generating useful demonstration trajectories it is

beneficial to constrain the maximum thrust magnitude in the normal (z) direction.

This is given by
|Tz| ≤ Tmaxz , (5.14)

There may also be constraints on the lander’s attitude to ensure navigation equipment

points in the correct direction. In this 3-DOF formulation, this is represented by a

constraint on the angle of the thrust vector. This thrust pointing constraint is given by

n̂>FT (t) ≥ ‖FT (t)‖ cosφ, (5.15)

where n̂ is a unit vector specifying the reference thrust direction and φ is the maximum

angle difference between the reference and true thrust directions.

Using the constraints specified above, Equations 5.16 - 5.20 define the minimum-fuel

powered descent optimisation problem. The dynamics shown in Equation 5.17 do not

include disturbance forces.

max
tf ,FT (·)

m(tf ) = min
tf ,FT (·)

∫ tf

0
‖FT (t)‖ dt (5.16)

subject to r̈ = g +
FT (t)

m(t)
∀t ∈ [0, tf ], (5.17)

ṁ(t) = −αT ‖FT (t)‖ ∀t ∈ [0, tf ], (5.18)

constraints given by 5.10, 5.13, 5.14, 5.15,

m(0) = m0, r(0) = r0, ṙ(0) = v0, (5.19)

r(tf ) = v(tf ) = 0. (5.20)
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This optimisation can be solved via nonlinear methods. However, the minimum

thrust magnitude constraint of Equation 5.13 is nonconvex and the thrust pointing

constraint of Equation 5.15 is also nonconvex when φ > π/2. Furthermore, the mass

consumption defined by Equation 5.18 results in a nonconvex constraint when the prob-

lem is discretised. Therefore, the optimisation problem as expressed above is not solv-

able via efficient convex programming methods.

5.3.2 Convexification of the Optimal Control Problem

As discussed previously, there are several approaches to convexifying this problem to

allow fast computation of optimal trajectories. The following method comes from the

work of Açikmeşe et al, where they define a convex relaxation of control constraints

[100,102]. A change of variables gives new control inputs σ and u:

σ =
Γ

m
and u =

FT
m
, (5.21)

where Γ is a slack variable used to convexify the thrust constraints. To deal with the

nonlinearity resulting from the mass profile m(t), an additional variable z is defined as

z = lnm. Equations 5.22 and 5.23 give a linear approximation of the thrust magnitude

constraint in terms of the control variables σ and u:

‖u(t)‖ ≤ σ(t) ∀t ∈ [0, tf ], (5.22)

ρ1e
−z0(t)

(
1− δz(t) +

δz(t)2

2

)
≤ σ(t) ≤ ρ2e−z0(t) (1− δz(t)) ∀t ∈ [0, tf ], (5.23)

where

δz(t) = z(t)− z0(t), (5.24)

z0(t) = ln(m0 − αTρ2t). (5.25)

The maximum thrust constraint is defined in terms of the control variables as

uz(t) ≤
σz(t)

ρ2
Tmaxz . (5.26)
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The final constraint to convexify is the thrust pointing constraint, which is then ex-

pressed as
n̂>u(t) ≥ σ(t) cosφ. (5.27)

Using these convex constraints and the new control variables, Equations 5.28 - 5.33

define a new optimal control problem that is a convex relaxation of the problem pre-

sented above.

min
tf ,u(·),σ(·)

∫ tf

0
σ(t)dt (5.28)

subject to r̈ = g + u(t) ∀t ∈ [0, tf ], (5.29)

ż(t) = −αTσ(t) ∀t ∈ [0, tf ], (5.30)

constraints 5.10, 5.22, 5.23, 5.26, 5.27, (5.31)

z(0) = ln(m0), r(0) = r0, ṙ(0) = v0, (5.32)

r(tf ) = ṙ(tf ) = 0. (5.33)

To solve this convex problem numerically requires discretising the time domain into

Nt intervals with timestep ∆t such that the time of flight is given by tf = Nt∆t.

This results in a finite-dimensional problem of optimising the control actions at each

timestep. The total time at each timestep is given by

tk = k∆t, k = 0, . . . , Nt. (5.34)

Each of the constraints defined above must be satisfied at each timestep. The continu-

ous actions are approximated as a zero-order hold between timesteps and the discrete

dynamics of the problem are calculated via Euler integration. Given state variables x

defined as

x(tk) =

r(tk)

ṙ(tk)

 (5.35)

the discrete dynamics can be expressed as

x(tk+1) = x(tk) + ẋ(tk)∆t (5.36)

= x(tk) + (Ax(tk) + B(g + u(tk)) ∆t (5.37)
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with the matrices A and B defined as

A =

0 I

0 0

 , (5.38) B =

0

I

 . (5.39)

Similarly, the discrete mass depletion dynamics are

z(tk+1) = z(tk)− αTσ(tk). (5.40)

This defines the discrete-time powered descent optimal control problem for a fixed

time-of-flight tf . To solve for the optimal time-of-flight, a line search is performed for

values of tf ∈ [tmin, tmax] and the value with the lowest loss following optimisation is

selected.

5.4 Results of DQN with Demonstrations Applied to

Powered Descent

5.4.1 Optimal Trajectories

Table 5.1 shows the minimum and maximum initial positions and velocities for which

optimal trajectories were generated, which are near the extremes of the initial conditions

for training the agent. These were computed for all combinations of the minimum and

maximum values of each variable, plus the midpoint of all variables. This gives a total

of 33 initial conditions from which optimal trajectories were generated. The initial mass

is 2000kg and the initial altitude is 2.4km across all runs. Parameters defining the state

and action constraints are as follows: ρ1 = 0N , ρ2 = 19.2kN , gslim = 30◦, φ = 90◦,

Tmaxz = 12kN . Except for the maximum Tz thrust, these parameters are the same as

defined in other works which are intended to be representative of the constraints on

a real lander [102]. The value of Tmaxz was chosen to give a suitable thrust profile as

shown below.

Figure 5.1 shows a histogram of minimum glideslope angle for the optimal trajec-

tories. Due to the constraint defined in Equation 5.10, the glideslope must be greater

than gslim = 30◦ for the whole trajectory. All of the trajectories satisfy this constraint,

but 10 of the trajectories come within 2◦ of the glideslope limit.
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Table 5.1: Range of initial conditions for generating optimal trajectories.

Parameter Min. Value Max. Value

Downrange position, rx (m) 1000 2000
Crossrange position, ry (m) -1000 1000
Downrange velocity, vx (m/s) -70 -10
Crossrange velocity, vy (m/s) -30 30
Elevation velocity, vz (m/s) -90 -70
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Figure 5.1: Histogram of minimum glideslope angle over optimal trajectories starting
from different initial conditions.

Figure 5.2 shows an example optimised trajectory where the initial state is r0 =[
2 −1 2.4

]
km and v0 =

[
−10 30 −70

]
m/s. In this case the thrust in the z-

direction gradually increases to near its peak value and remains there for the duration

of the trajectory. The velocity profile in each direction tends to increase to a maximum

magnitude before decreasing almost linearly to zero.

For comparison, Figure 5.3 shows the trajectory from the same initial state without

the constraint on Tmaxz . This has a bang-bang control profile where the thrust mag-

nitude varies between the maximum magnitude and zero. The mean fuel consumption

across the trajectories is 241kg without the Tmaxz constraint compared to 340.1kg with

this constraint. Although it has lower fuel consumption, the thrust profile without the

Tmaxz constraint is more difficult to discretise and consequently less suitable for use as
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Figure 5.2: Example optimal trajectory with constraints on the maximum z-direction
thrust.

demonstrations. On the other hand, the smoother control profile of the trajectory in

Figure 5.2 can used as demonstrations following discretisation.

5.4.2 Discretised Optimal Trajectories

The action space size is the same as defined in Chapter 4 with 3 discrete actions in

each direction (Equations 4.16-4.18). Since the z-direction only has positive thrusts,

this action space satisfies the thrust pointing constraint of Equation 5.15 when φ = 90◦.

Based on the results of the optimal control problem, the value of Tmaxz = 12kN can also

be used to define the discrete action space with the midpoint thrust Tmidz = 6kN . Given

the maximum total thrust magnitude, the thrust magnitudes in the x- and y-directions

can be selected as

Tmaxx = Tmaxy =

√
1

2
((ρ2)2 − (Tmaxz )2). (5.41)
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Figure 5.3: Example optimal trajectory without constraints on the maximum z-direction
thrust.

This results in a value of Tmaxx = Tmaxy = 10.59kN .

Table 5.2 presents statistics of the discretised trajectories, where the position and

velocity errors are the norm of the terminal values as shown in Equations 5.9 and

5.8. These discretised trajectories result in a lower mean fuel consumption than the

continuous ones due to the change in their initial state. All of the changes in initial

position and velocity to achieve the pinpoint soft landing are sufficiently small relative

to their initial value such that the new initial states are near the original initial states

used for optimisation.
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Table 5.2: Results of discretised optimal trajectories.

Mean Min. Max. STD

Position error (m) 68.22 28.03 154.82 35.2
Velocity error (m/s) 4.86 3.41 7.06 1.1
Fuel (kg) 286 240.3 335.8 27.1

Although all the discretised trajectories achieve the desired pinpoint soft landing,

some of them violate the glideslope constraint. This is shown in Figure 5.4, which is

a histogram of minimum glideslope angle for the discretised trajectories. Compared to

the optimal trajectories shown in Figure 5.1, the minimum glideslope tends to be lower

for the discretised trajectories as indicated by the lower mean. As a result, 6 of the

trajectories have glideslopes less than 30◦ and therefore do not achieve a positive reward

at the end of the episode. Since most of the discretised trajectories are successful, they

can still be used as demonstrations.
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Figure 5.4: Histogram of minimum glideslope angle over discretised optimal trajectories
starting from different initial conditions.

Figure 5.5 shows an example discretised trajectory. The adjusted initial state is r0 =[
1.764 −0.987 2.291

]
km and v0 =

[
−5.77 29.64 −66.68

]
m/s, with the optimal

initial state being the same as shown in Figure 5.2. The effect of action discretisation is

clear when looking at the thrust profile which oscillates between discrete magnitudes in
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Figure 5.5: Example optimal trajectory following discretisation of the actions.

each direction. Despite the noticeably different thrust profile, the position and velocity

trajectory are similar to that of the continuous action trajectory shown in Figure 5.2.

5.4.3 Training Agents with Demonstrations

Using the demonstrations described above, a DQN agent was trained on the lander

environment. The state representation is the raw state representation of Equation 4.13

with scaling as defined by Equation 4.14. The mass consumption rate αT is defined as

above and all other parameters of the environment and reward function are the same

as used in Chapter 4.

Table 5.3 shows the hyperparameters used for training. These are the same as the

reward-optimised agent trained with a shaped state representation described in Chapter

4 since this agent had the best performance. The best performing hyperparameters for

DQN with demonstrations will likely be different to these, however these still achieve
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reasonable performance as will be shown. The only difference in hyperparameters is the

minibatch size, k which is split between the agent’s own memory and demonstrations

such that the total minibatch size is k + kdemo = 104. The agent was trained using a

range of sizes of kdemo, where 0 indicates training without demonstrations and 104 is

training with only demonstration data. As before, the activation function of the DNN

is tanh and weight updates are performed using RMSProp optimisation with learning

rate as shown.

Table 5.3: Hyperparameters for training DQN with demonstrations.

Parameter Value

Ñ1 150
Ñ2 65
Ñ3 165
α 2.08× 10−5

C 65
ε0 0.269
Nε 2700
γ 0.926
k 104− kdemo
kdemo {0, 26, 52, 78, 104}

The ranges of initial conditions used in training and testing are the same as previ-

ously defined in Table 4.1. For each value of kdemo, 8 agents were trained with different

random seeds for 6000 episodes. The longer training time compared to the agents

trained in Chapter 4 allows more interactions for the agent in the larger state space

resulting from the raw state representation.

Figure 5.6 shows the learning curves averaged across runs for each value of kdemo.

The agent trained without demonstrations has the highest average reward at the end

of training and the lowest variance across runs for most of the episodes. The learning

curves with demonstrations show similar trends to each other except for that of entirely

demonstrations, shown separately in Figure 5.6b. In this case the agent begins with

a higher average reward than the other agents for the earliest episodes. However, its

learning quickly stagnates and then diverges after around 800 episodes causing large

variations in the total reward. This shows that the method proposed here is not suit-
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able for directly imitating the optimal trajectories without additional learning, since

the demonstrations do not have the required diversity of states for the agent to learn

successfully.
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Figure 5.6: Learning curves averaged over 8 runs for different values of kdemo. Shaded
area indicates +/- one standard deviation. Uniformly filtered (average) over 150
episodes for clarity.

5.4.4 Testing Agents

To select the agent to test for each value of kdemo, the runs with the highest average

cumulative reward at the end of its training were used. In this case the average was

calculated over the last 100 episodes. This was chosen instead of 500 as in Equation 4.20

since, as highlighted in Figure 5.6, the total reward varied substantially for some agents

over the last 500 episodes and so 100 episodes gives a better estimate of performance

after training. The best agents carried out 5000 test episodes without updating to

assess their performance over a wide range of initial conditions. Figure 5.7 shows the

learning curves and number of steps over training for the best performing runs. As

with the mean learning curves, the agent trained without demonstrations has the most

consistent learning curve across training.
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Figure 5.7: Average reward and steps per episode over best performing training run for
different values of kdemo. Uniformly filtered (average) over 150 episodes for clarity.

Figure 5.8 shows the distribution of terminal states for each of the trained agents

over the 5000 test episodes. The terminal position is calculated as
∥∥∥[rx ry

]∥∥∥ and the

terminal velocity is calculated as
∥∥∥[vx vy vz

]∥∥∥. Most of the agents have a large range

of terminal states, with some terminal positions as high as 10km and terminal velocities

over 100m/s. This is from cases where the agent does not successfully land and instead

the episode terminates after the maximum 500 timesteps. The agent trained without

demonstrations shows the least variation in its terminal velocity, but its velocity is

always over 10m/s as a result of the reward-hacking behaviour discussed in Chapter

4. Of the agents trained with demonstrations, the value of kdemo = 26 shows the best

performance on average and in terms of its worst-case terminal state. This would suggest

that it is still beneficial for the agent to train on mostly its own experiences, while a

smaller amount of demonstration experiences is useful for preventing reward-hacking.

Table 5.4 compares the best performing agents trained with no demonstrations and

with kdemo = 26. Although the mean velocity tangential to the surface is 4.063m/s

for the agent trained without demonstrations, the minimum normal velocity in the z-

direction is 8.562m/s. The large value of the maximum terminal position is due to

cases where the agent does not land. While the agent trained with demonstrations has

a higher mean terminal position, its terminal velocity is consistently lower—especially

in the z-direction. This shows that the use of demonstrations can mitigate the reward-

hacking seen in this problem. Considering the fuel consumption, in the cases where
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Figure 5.8: Box plots of the terminal position and velocity of the trained agents over
5000 test episodes. Coloured line indicates median and whiskers indicate minimum and
maximum values.

the agent trained without demonstrations does not land, it has a much higher fuel

consumption as indicated by the maximum value. However, this agent has a lower mean

fuel consumption. This is to be expected since the agent trained with demonstrations

uses more fuel towards the end of the descent to achieve a softer landing.

Table 5.4: Comparison of test results from agents trained with and without demonstra-
tions. Statistics shown for terminal state over 5000 test episodes.

Mean Min. Max. STD

kdemo = 0

xy-position (m) 20.425 0.156 7406.891 246.288
xy-velocity (m/s) 4.063 0.073 73.315 2.83
z-velocity (m/s) 16.119 8.562 41.112 1.569
Fuel (kg) 300.0 254.8 563.6 19.2

kdemo = 26

xy-position (m) 29.4 0.113 115.603 15.161
xy-velocity (m/s) 2.353 0.027 8.727 1.235
z-velocity (m/s) 1.466 2.88× 10−5 8.717 1.738
Fuel (kg) 338.8 275.0 433.3 32.0

Figure 5.9 compares the distribution of terminal states for the best agents graph-

ically. These only include terminal states where the altitude rz ≤ 0.01m to allow for

better comparison. For the agent trained with demonstrations, all terminal states fulfil

this requirement and for the agent trained without demonstrations, 8 episodes did not

perform a landing. It is clear that the agent with demonstrations has a greater spread of
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terminal positions in these cases and the terminal velocities in the tangential direction

are distributed similarly for both agents. The main difference is in the z-velocity distri-

butions, which is much closer to 0 for the agent trained with demonstrations. Although

this agent achieves much softer landings than without demonstrations, its distribution

of terminal positions is larger than desired. However, including demonstrations still

results in much better performance in terms of achieving a soft landing.
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Figure 5.9: Scatter and KDE plots showing distributions of terminal landing states for
best agents trained with and without demonstrations, where rz ≤ 0.01m.

Figure 5.10 shows an example trajectory using the agent trained with kdemo = 26.

This trajectory has an initial state of r0 =
[
1.131 −0.510 2.389

]
km and v0 =[

−29.94 20.06 −73.98
]
m/s with an initial mass of m0 = 1936kg. Its terminal posi-

tion is 2.0m from the desired landing site with a terminal velocity of 1.8m/s and the
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total fuel consumption is 304.6kg. Even without the shaped state representation, this

trajectory clearly shows the effect of the shaped reward function that follows a certain

velocity profile with gradually decreasing magnitude over the course of the trajectory.

0 10 20 30 40 50 60
Time (s)

500

0

500

1000

1500

2000

2500

Po
sit

io
n 

(m
)

rx ry rz

(a) Position

0 10 20 30 40 50 60
Time (s)

60

40

20

0

20

Ve
lo

cit
y 

(m
/s

)

vx vy vz

(b) Velocity

0 10 20 30 40 50 60
Time (s)

15

10

5

0

5

10

15

20

Th
ru

st
 (k

N)

FT
max

Tx Ty Tz FT

(c) Thrust

Figure 5.10: Trajectory of the agent trained with optimal control demonstrations.

5.5 Summary

This chapter presented a method for incorporating optimal control demonstrations into

RL. The proposed method is applicable to off-policy RL algorithms that can learn

from arbitrary policies. In this case, DQN was used as the RL algorithm, which has the

additional requirement of demonstrations with discrete actions. Although the process of

discretisation results in a loss of optimality and, in some cases, violations of constraints,

the discretised trajectories are still suitable for use as demonstrations. The results of this

method applied to the powered descent problem show that it is capable of mitigating
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against reward-hacking behaviour from training without demonstrations.

As well as their use for demonstrations, trajectories obtained via optimal control

approaches can inform the reward shaping. Appendix A shows some preliminary results

from creating a shaped reward in this manner. In the results shown here, the only

uncertainties considered are in the initial conditions. The following chapter shows how

this method can be extended to dealing with further uncertainties in a way that brings

RL into the realm of intelligent control.
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Online Updates for Continuous

Learning

The RL approaches described in previous chapters all assume that the agent training

occurs entirely offline prior to running in the environment. This is common practice

when training RL agents—as is the case in many of the examples of related work shown

previously. Although agents trained in this manner can learn near-optimal solutions

to control problems, this would not be classed as Intelligent Control (IC) as defined in

Chapter 3 since the agents do not have the capacity to update online. These agents

can still be trained to be robust to uncertainties by incorporating uncertainty into their

training. However, this does not exploit the adaptive and learning capabilities of IC

systems that are designed to handle substantial uncertainties online.

The work presented in this chapter aims to extend the RL approaches described

previously into the domain of IC by incorporating online updates. This is useful in situ-

ations where the environment may change or contain uncertainties that were unmodelled

when the agent was trained offline. The proposed method of updating agents online uses

a novel update mechanism referred to as Extreme Q-Learning Machine (EQLM) [31].

This is based on the paradigm of Extreme Learning Machines (ELMs) described in

Chapter 2 that is an alternative to gradient-based updates of NNs. As will be shown,

EQLM can change weights more substantially in online updates than gradient-based

methods. The approach introduced here is similar to fine-tuning, which is often used to

106



Chapter 6. Online Updates for Continuous Learning

improve task-specific performance of LLMs [149]. This is where, following initial train-

ing on a large dataset, a DNN performs smaller updates on its weights to “fine-tune”

its performance. Similarly, the proposed method of online updates uses observed data

to “fine-tune” the agent’s performance.

One of the barriers to implementing IC onboard spacecraft historically has been

hardware limitations. Modern deep learning systems typically use very computationally

intensive architectures that require large datasets for training. While these systems

can be trained offline, online updates for spacecraft place stricter limits on available

computational power. Advances in computing edge hardware have now made it more

feasible to run ML models onboard spacecraft. In addition to introducing a method

of updating online, this chapter demonstrates the possibility of running this onboard

spacecraft using suitable hardware. The specific hardware used is the Jetson Nano

Developer Kit, which is designed to test edge AI applications. The Nvidia Jetson

architecture has flight heritage onboard the La Jument mission, which was developed

by Lockheed Martin and the University of Southern California [150]. More recently, a

cubesat built by Aethero was launched with a radiation hardened Nvidia Jetson Orin

NX GPU [151].

This chapter introduces a method for applying RL with online updates. The main

contributions of this work are:

• An alternative update mechanism for Q-networks based on ELM that does not

use gradients.

• Application of this update mechanism to online updates, which allows an agent

to continue learning following its initial training and adapt to changes in the

environment online.

• Results of online updates running onboard flight suitable hardware to demonstrate

its potential for use onboard spacecraft.

The remainder of this chapter is organised as follows. Section 6.1 presents literature

related to RL with online updates, use of ML on edge hardware, and applications of
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ELM in RL. Section 6.2 introduces the method for applying online updates and Section

6.3 shows results of this method applied to spacecraft powered descent.

6.1 Relevant Literature

The general approach of training a system offline and deploying it online without further

updates is not unique to RL. Indeed, many other ML methods are often used in such

a manner. The alternative approach of having a ML system continue to learn after

initial training is commonly referred to as “lifelong learning” or “continual learning”

[152]. Within this paradigm, many approaches have been proposed with the aim of

alleviating the issue of the system “forgetting” information learned earlier in training

[153–156]. This is commonly referred to as “catastrophic forgetting”. In the context

of RL, including online updates has been shown to improve performance even where

the environment does not change [157, 158]. One example online updating approach

called “policy finetuning” was introduced with the aim of unifying the main ideas of

both offline and online RL [159]. In this approach, an agent starts with a reference

policy that performs reasonably well and can further improve the policy via online

interactions. This is similar to the approach of online updates described here, but with

a different method for applying online updates. A common problem with online RL is

that the best performing policy when pretrained offline may not be the best performing

for online updates. In [160], the authors aim to remedy this by enforcing conservative

value estimates in offline pretraining. This idea is further developed in “Cal-QL”, where

the conservative offline value estimates are calibrated to that of a reference policy [161].

The results shown in this chapter also illustrate the discrepancy in performance between

offline and online updates. However, the proposed approach does not change the method

of offline pretraining, as will be shown.

One of the key challenges in deploying RL for real-world problems is that of sim-

to-real. This is where an agent is trained offline in a simulated environment, but must

operate online in the real environment that might be imperfectly modelled. Approaches

to solving this problem typically also involve some form of online updates [162]. Al-

though the results presented here do not directly address the sim-to-real problem, the
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idea of testing an agent in a different simulated environment to which it is trained has

similar issues to sim-to-real.

Another issue with deep-learning based RL methods is the lack of stability guar-

antees, which is especially important in systems that update online. There are efforts

to mitigate this by incorporating stability theories from conventional control methods

into RL controllers. A relevant example of this investigates the stability of a spacecraft

attitude control system [163]. The proposed method analyses the learned value function

to ensure during and after training that it satisfies criteria to achieve a stable system.

Agent training is performed via a modified PPO algorithm which includes a critic loss

for penalising Hamilton-Jacobi-Bellman equation violations.

Another paradigm in ML that allows for online learning is meta-learning, where a

ML algorithm aims to quickly learn to solve a new task by training on related tasks [164].

This can also be viewed as a process of learning a model representation that allows for

fast online updates, similarly to the online learning discussed above [165]. In meta-RL,

the agent’s learning procedure can be parameterised as a Recurrent Neural Network

(RNN) such that its policy depends on the history of transitions it has viewed [166].

This results in fast updates of the policy in response to changes in the MDP with which

the agent interacts, which is necessary for certain nonstationary environments [167].

Meta-RL has been applied to many different spacecraft control problems, including

exoatmospheric interception [168], interplanetary and cislunar guidance [169–171], lunar

landing [172], and near asteroid GNC [173–175]. In [25], the authors compare the

performance of RL and meta-RL in planetary powered descent problems. They find

that meta-RL that has an adaptive policy performs better than fixed policy RL not

only in off-nominal conditions, but also under nominal operating conditions.

Some methods of updating online also require a model of the environment that

updates in response to observations. In conventional control schemes, Model Predictive

Control (MPC) uses a model of the system dynamics to select actions, which can also be

updated [176]. These methods are also common within IC, such as with fuzzy models

[177] and NN models [178]. Model-based RL incorporates a system model to allow

the agent to plan its future actions [179]. An environment model can also be used for
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additional online updates aside from direct observations. This has been demonstrated

for Meta-RL in [180], where the agent has a model of the distribution of problems on

which it is trained. Reinforcement Learning with Context Detection (RL-CD) is a RL

algorithm that was introduced specifically to handle nonstationary environments using a

set of “partial models” of the environment [181]. The agent’s policy in RL-CD depends

on its current partial model of the environment, which is derived based on observed

transitions. It detects changes in “context”, where the environment dynamics switches

between discrete contexts of stationary dynamics that can be learned. In the approach

of online updates introduced here, it is assumed the agent has access to a model of the

environment for updating, as well as updating based on new observations. As described

above, there are many suitable approaches for deriving such a model, but this will not

be addressed here.

Section 2.3 discussed ELM as another approach to update SLFNs. ELM has been

employed in a wide range of ML applications [182], however it has seen limited use

within RL. One example application uses tabular RL to provide training data for a

more efficient representation of the action-value function using ELM [183]. Another

method uses ELM theory to derive an analytical solution for weight updates based on

the loss function of gradient-based updates [184]. ELM has also been used as the update

mechanism for Least Squares Temporal Difference (LSTD), which is a general approach

to solving RL problems via temporal difference learning [185, 186]. In previous work,

EQLM was proposed as an alternative approach for updating Q-networks [31]. Using

ELM in this manner does not necessarily give the same benefits of increased speed as in

other applications due to the iterative nature of updates in policy iteration. However,

it can still show some advantages to gradient descent for performing updates online as

will be demonstrated.

New advances in edge hardware for AI have increased the possibility for spacecraft

onboard intelligence. Several manufacturers now produce high performance GPUs that

are optimised for running AI algorithms while remaining computationally and physi-

cally lightweight. For example, companies such as NVIDIA [187] and Intel [188] have

invested substantial resources in developing edge AI capabilities. Due to the availability
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of this hardware, applications of onboard intelligence are now growing, with most be-

ing related to image processing. These are particularly beneficial for high-dimensional

data that may be difficult to downlink, such as synthetic aperture radar images [189]

and hyperspectral images [190]. The ESA mission Φ-sat-1 was intended as a demon-

stration mission for onboard AI capabilities that flew in 2020 [191]. It was successful

in demonstrating autonomous classifications of images with and without clouds via an

onboard DNN. Φ-sat-1 featured an Intel Movidius Myriad 2 processor, which has also

been used for further demonstrations of potential onboard applications. One such ex-

ample uses flight tested hardware to create segmentation maps of floods with the goal

of spacecraft being able to downlink these maps in real time to enable quicker disas-

ter response [192]. These results demonstrate the feasibility of using onboard AI for

processing high-dimensional data, which shows promise for the potential of onboard IC.

6.2 DQN with Online EQLM Updates

Figure 6.1 shows a schematic of the proposed approach of online updates, which can be

divided into three main parts. The first two parts occur offline for initialising the agent

and the final part occurs online. First an agent is trained using conventional gradient

descent methods to determine initial weights for the Q-network. The weights learned

from this part are then used to initialise offline the matrix used for EQLM updates.

Finally, the agent updates its output weights online.
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Figure 6.1: Schematic illustration of the three main phases in the proposed method of
online updates.
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6.2.1 Offline Agent Pretraining

The initial offline agent pretraining uses the approach described in Chapter 5 to train an

agent using optimal control demonstrations. Following pretraining, all the Q-network

parameters are fixed except for the output weights which will be updated online. This

initial training using gradient descent allows EQLM updates to be performed on just

the output layer and instead of random initial weights, the other network parameters

are tuned to give a useful representation to the final layer. The output of this step is

the pretrained agent’s parameters, i.e. the NN weights.

6.2.2 Offline EQLM Initialisation

Sequential ELM-based updates as described in Section 2.3 define a matrix A†t that is

used in updating the output weights. Prior to applying EQLM online, it is first necessary

to initialise this matrix and the values of the output weights. The initialisation uses a

sample of k experiences using actions from the pretrained agent, optimal demonstration

actions, and a random agent. The experiences from a random agent are included to

improve the diversity of states used in the initialisation and subsequent updates.

The input to the Q-network, denoted x, is the environment state. The output of

the ith hidden layer, denoted hi, is:

hi = (fi ◦ fi−1 ◦ · · · ◦ f1) (x) (6.1)

where fi is a nonlinear function of the previous layer’s output resulting in each output

being a composite function of all previous layers. For the initial minibatch of k inputs

(s1, . . . , sk), the matrix H is defined as the output of the final hidden layer (denoted h

for simplicity) for each of the inputs as shown:

H =


h>|x=s1

...

h>|x=sk


k×Ñ

(6.2)

where Ñ denotes the number of nodes in the final hidden layer. Each row of H contains

112



Chapter 6. Online Updates for Continuous Learning

the final hidden layer output h for each of the inputs (s1, . . . , sk). The target matrix T

is then defined as the corresponding target action-values:

T =


y>1
...

y>k


k×m

. (6.3)

Targets yj for each experience are equal to the network output Qθ(sj , a) for all

a 6= aj . For the relevant action aj in each experience, the target action-value is

yj,aj = rj + γmax
a

Qθ−(s′j , a), (6.4)

which comes from the TD-error defined in Equation 2.10. As with gradient based Q-

network updates, θ− denotes the target network weights. During online updates, the

target network weights remain constant to avoid potentially large divergences in target

action-values.

Following pretraining only the output weights β are updated as shown in Figure 6.2.

In this example, the network has three hidden layers each with 4 hidden nodes. Only

the output weights connecting the final hidden layer to the output are updated online.

Input

Hidden
layer

Output

Hidden
layer

Hidden
layer

parameters fixed
in pretraining parameters

updated online

Figure 6.2: Diagram of a deep feedforward network indicating the relevant parameters
that are fixed following pretraining and output weights that are updated online.
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In the case where EQLM is used without pretraining, network parameters are ran-

domly assigned and the output weights are initialised via Equations 2.31 and 2.32.

However, following pretraining the output weights of the Q-network have already been

trained. Therefore, the matrix A† can instead be initialised based on the pretrained

weights by rearranging Equation 2.31 as shown:

A†t=0 = βt=0

[
H>T

]†
, (6.5)

where βt=0 are the optimised output weights.

H and T are both calculated for a large batch of experiences to perform this step.

Similarly to the pretraining, these experiences are sampled from two replay memories:

one obtained using the pretrained agent’s policy and one using a random policy. The

total minibatch size for initialisation is then k = kagent + kdemo + krandom where kagent,

kdemo, and krandom are the number of experiences sampled from the agent’s replay

memory, optimal demonstrations, and random replay memory, respectively.

6.2.3 Online EQLM Updates

With the weights and matrix for updating weights initialised, the agent can update its

weights online. As with the initialisation part, the online updates use data from agent

demonstrations, optimal demonstrations, and random actions. In addition to these

replay memories, the experiences observed online by the agent also make up the data

used to update. These experiences are all fed to the agent in minibatches, whose size is

again denoted k. If the agent has already updated from N experiences and samples a

new batch of k experiences
(
sj , aj , rj , s

′
j

)
, j = N + 1, . . . , N + 1 + k for updating, the

new incremental matrices HIC and TIC can be defined as follows:

HIC =


h>|x=sN+1

...

h>|x=sN+1+k


k×Ñ

, (6.6)
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TIC =


y>N+1

...

y>N+1+k


k×m

. (6.7)

Using these matrices, EQLM updates weights according to the update rules defined by

Equations 2.45 and 2.46. These updates occur after a certain number of timesteps,

nstep in the environment. At each update, the agent’s previous nstep experiences are

all used to update. This gives a total minibatch size for online updates of k = nstep +

kagent/demo + krandom, where kagent/demo denotes the number of samples taken from the

combined agent demonstrations and optimal control demonstrations. These updates

combine “new” experiences in the environment and “old” experiences from the agent’s

pretraining, which is a potential issue if the environment changes online. However, as

will be shown, even when using old experiences the agent’s policy can still adapt based

on the new ones. As an additional step prior to deployment of the agent and following

initialisation, the agent carries out further training episodes with online updates. These

update the output weights β and matrix A† before they are used on the hardware with

the goal of improving the online agent’s performance.

Algorithm 3 shows the general procedure for updating a pretrained agent via EQLM

updates. This algorithm takes as input the pretrained network parameters and matrix

for updating as well as replay memories with experiences from the agent, optimal control

demonstrations, and random actions. For Nep episodes the agent interacts with the

environment and updates every nstep timesteps according to the update rules defined

above. This is the process used for both the offline and online EQLM updates.

6.3 Results of DQN with Online Updates Applied to

Powered Descent

This section presents the results from each stage of training the online updating agents.

First, multiple agents were trained offline with optimal demonstrations. Following pre-

training, each of these agents ran multiple offline initialisations and training episodes

with online EQLM updates. Results are then shown for the best performing of these
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Algorithm 3 Agent training with EQLM updates

Inputs: pretrained parameters θ, initialised matrix A†t=0, combined agent and
optimal control demonstration replay memory Dagent/demo, random replay memory
Drandom, number of training episodes Nep, agent hyperparameters

1: set target network parameters θ− ← θ
2: for ep = 1 to Nep do
3: initialise state st ← s0
4: stepcount← 0
5: while state st is non-terminal do
6: select action at according to policy π
7: execute action at and observe rt+1, st+1

8: update online memory D with (st, at, rt+1, st+1)
9: stepcount← stepcount+ 1

10: if stepcount = nstep then
11: select nstep most recent experiences (sj , aj , rj , s

′
j) from D

12: select random minibatch of kagent/demo experiences (sj , aj , rj , s
′
j) from

Dagent/demo
13: select random minibatch of krandom experiences (sj , aj , rj , s

′
j) from

Drandom
14: calculate HIC and TIC according to Equations 6.6 and 6.7
15: update output weights β and matrix A†t according to Equations 2.45 and

2.46
16: stepcount← 0
17: end if
18: end while
19: end for

agents with online updates in response to changes in the environment. Finally, re-

sults from running online updates on edge hardware demonstrate the potential for this

process to run onboard spacecraft.

6.3.1 Offline Pretraining

The environment dynamics in these experiments were as defined in Chapter 5, but with

the disturbance force FD included (Equation 4.2). The disturbance force is randomly

sampled from a normal distribution with mean 0N and standard deviation 100N in

each direction. This magnitude of disturbance is based on the values used in other

works [23]. Samples are taken at 1s intervals and linearly interpolated for timesteps

between samples. The hyperparameters used for both pretraining and online updates
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are based on those used in previous work [28], which were found to give suitable levels

of performance without the need for further tuning. This is also the case for the initial

training time, which was 10, 000 episodes. Table 6.1 shows the hyperparameters that

were used in all pretraining runs.

Table 6.1: Hyperparameters for agent pretraining.

Parameter Value

Ñ1 300
Ñ2 200
Ñ3 300
α 1× 10−5

C 65
ε0 0.8
Nε 4000
γ 0.926
k 78
kdemo 26
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Figure 6.3: Learning curves averaged over 8 pretraining runs. Shaded area indicates
+/- one standard deviation. Uniformly filtered (average) over 150 episodes for clarity.

8 separate agents were trained with different random seeds. Figure 6.3 shows the

average learning curve from all of the pretrained agents. As with the learning curves

shown in previous chapters, the cumulative reward varies across each run as indicated
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by the standard deviation. The average curve decreases slightly at around 1000 episodes

along with an increase in the variance, but then increases steadily until around 5000

episodes. The final half of the training time sees only a slight increase in the average

reward, but with an increase in variance towards the end of training.

Figure 6.4 shows the average total reward and number of steps per episode for the

best performing pretrained agent in terms of the mean reward over the final 100 episodes.

Both curves show similar trends of gradually increasing over the initial training episodes

and then levelling off. Although there are fluctuations in the average total reward, for

this learning curve it still slightly increases over the latter half of the training episodes.

As will be shown in the following section, this set of pretrained weights resulted in the

best performing agent following EQLM updates.

0 2000 4000 6000 8000 10000
Episode

120

100

80

60

40

20

0

Av
er

ag
e 

To
ta

l R
ew

ar
d

Reward
Steps

0

50

100

150

200

250

300

350

400

Nu
m

be
r o

f S
te

ps

Figure 6.4: Average reward and steps per episode over an offline pretraining run of
Q-learning. Uniformly filtered (average) over 150 episodes for clarity.

6.3.2 Testing Initialisation Random Seeds

In addition to the set of pretrained weights, both the initialisation of the matrix A†t=0

and the EQLM updates involve a stochastic process that affects the final performance

of the agent. Therefore, to obtain the best performing online updating agent requires

testing a number of agents using the same set of pretrained weights but with different
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random seeds for initialisation and EQLM updates. The initial minibatch size k used

to initialise A†t=0 was fixed at 3000 for all experiments with 1000 experiences sampled

from the agent demonstrations, 1000 from random actions, and 1000 from the optimal

control demonstrations. The range of initial conditions used for training and testing

with EQLM updates were the same as in pretraining.

Prior to the agent testing, each of the agents ran with EQLM updates for 500

episodes. Similarly to the initialisation described above, the EQLM updates use a com-

bination of data from new observations, agent memory, optimal control demonstrations,

and random memory. The agent demonstrations are combined with the optimal demon-

strations and equal numbers of samples are taken from this memory and the random

memory, such that kagent/demo = krandom = 0.5(k − nstep). Based on the results of

previous work that studied the effects of these parameters [28], these values are se-

lected as k = 40 and nstep = 4, resulting in demonstration data minibatch sizes of

kagent/demo = krandom = 18.

Agents were evaluated over 500 test episodes based on the mean terminal position

and velocity of all episodes. Each of the 8 pretrained agents ran 8 initialisations of A†t=0

which were each trained with EQLM updates with 8 different random seeds. This gives a

total of 8×8×8 = 512 trained agents. Table 6.2 shows a summary of the performance of

the pareto-optimal agents in terms of their terminal position and velocity. The indicated

“Pre. Run”, “Init. Run”, and “Seed” numbers are arbitrary to refer to the respective

pretraining run, initialisation, and EQLM update seeds.

Table 6.2: Summary statistics of terminal position and velocity for the pareto optimal
pretrained weights, initialisations, and EQLM update seeds over 500 test episodes.

Pre. Init. Seed xy-position (m) xy-velocity (m/s) z-velocity (m/s)

Run Run Mean Max. Mean Max. Mean Max.

0 1 2 22.854 115.086 1.992 5.736 1.641 4.361
0 1 3 17.001 81.445 2.735 7.864 2.484 6.935
0 1 4 18.101 83.713 2.049 7.791 1.963 18.184
0 1 5 17.760 120.774 1.993 14.138 2.919 19.226
0 6 5 13.088 63.668 2.138 12.450 6.082 21.504
6 4 6 42.751 380.856 2.117 58.829 1.034 79.114
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Of the 6 pareto-optimal agents, five of them use the pretrained weights of run 0

and four of these are from initialisation run 1. The one other pareto-optimal set of

pretrained weights from run 6 shows worse performance in terms of the maximum

values of terminal state than those of run 0. The pareto-optimal agent with pretrained

weights of run 0 and initialisation run 6 performs better in terms of terminal position,

but notably worse in terms of the terminal z-velocity than the other agents. For these

reasons, the pretrained weights from run 0 and offline initialisation run 1 were used for

further training.

With the pretrained weights andA†t=0 initialisation defined, more agents were trained

with EQLM updates over 32 different random seeds. This was done over this many seeds

to find the best performing agent with this configuration. For these runs, the aim was

to optimise for the worst-case performance of the agent and so the maximum terminal

position and velocity across testing episodes was considered. Table 6.3 shows the sum-

mary statistics for the performance of the three pareto-optimal agents. As above, the

“Seed” is arbitrary to refer to the seed number of the respective agent.

Table 6.3: Summary statistics of terminal position and velocity for the pareto optimal
EQLM update seeds over 500 test episodes.

Seed xy-position (m) xy-velocity (m/s) z-velocity (m/s)

Mean Max. Mean Max. Mean Max.

1 20.834 100.412 2.441 6.414 1.986 4.742
3 23.100 94.679 2.865 11.803 2.232 6.167
25 19.068 96.925 1.746 4.873 1.315 10.232

In terms of mean and maximum terminal position, all of the pareto-optimal agents

perform very similarly. Seed 25 gives the smallest mean velocities, but also the largest

maximum z-velocity. Since the mean terminal z-velocity of this agent is substantially

lower than the others—34% smaller than seed 1 and 41% smaller than seed 3—this

maximum z-velocity is likely to be an outlier in the agent’s distribution of terminal

states. Therefore, this agent was chosen as the best performing agent to use for further

testing.
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6.3.3 Online Updates

The following results use the best performing agent with EQLM updates as described

above. When running test episodes, this agent also performs online updates using the

same parameters as before of k = 40 and nstep = 4. Table 6.4 compares the performance

of the pretrained agent and the best performing agent with EQLM updates over 5000

test episodes. In terms of the terminal position and fuel consumption, the pretrained

agent with fixed weights performs better on average than the agent with EQLM updates.

However, the pretrained agent performs worse in terms of the terminal velocity. This is

particularly the case for the terminal z-velocity, which is 8.443m/s on average for the

pretrained agent compared to 1.317m/s in the case of the EQLM agent. This is likely

the reason for the larger fuel consumption of the EQLM agent, since it uses more fuel

to achieve a softer landing than the pretrained agent.

Table 6.4: Comparison of test results from the pretrained agent and the best performing
agent with EQLM updates. Statistics shown for terminal state over 5000 test episodes.

Mean Min. Max. STD

Pretrained

xy-position (m) 10.198 0.028 103.439 5.795
xy-velocity (m/s) 1.824 0.055 14.032 0.887
z-velocity (m/s) 8.443 6.48× 10−3 22.355 3.155
Fuel (kg) 317.4 263.2 440.3 21.8

EQLM Updates

xy-position (m) 18.840 1.352 98.932 12.672
xy-velocity (m/s) 1.761 0.031 10.713 0.911
z-velocity (m/s) 1.317 1.16× 10−3 18.389 0.932
Fuel (kg) 393 324.1 530.6 32.8

Figure 6.5 shows plots of the distribution of terminal states for both agents in the

test episodes. The scatter of terminal positions shows that both agents have a long tail

of points in the negative x- and y-directions, but more so for the agent with EQLM

updates. In terms of x- and y-velocities both agents have a similar distribution that

is clustered near the desired velocity of 0. Where their distributions show the most

substantial variation is in the terminal z-velocity. Although both agents have similar

maximum z-velocities as indicated in Table 6.4, the pretrained agent has a much higher

variance in terminal z-velocity as its values are more spread over the range. On the
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other hand, the distribution of the agent with EQLM updates has the highest density

much closer to 0. This shows that EQLM updates can improve the overall landing

performance of an agent that was initially trained with only gradient-based updates.
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Figure 6.5: Scatter and KDE plots showing distributions of terminal landing states for
the best agents before and after EQLM updates.

Although the EQLM agent improves on the performance of the pretrained agent,

the overall velocity magnitude is still larger than desired. This is partly due to the

limitation of the discrete action space, which lacks the finer control required to slow

the lander to zero velocity. One approach to remedy this would be to use the optimal

control approach presented in Chapter 5 with continuous actions at the end of the

descent to achieve a soft landing. This combines the benefits of using the agent to deal
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with uncertainties over most of the trajectory with the improved landing performance

of optimal control.

The following results show how the agent’s performance can be improved using

optimal trajectories for the final part of the descent. Instead of terminating the episode

at an altitude of rz = 0, the agent’s terminal state is set at rz = 10m. The optimal

control procedure described in Chapter 5 then controls the agent for the final 10m of the

descent. 10m was chosen as a suitable altitude such that the disturbance forces do not

substantially affect the optimal trajectory, but also where the optimisation can converge

to a soft landing in most cases. Although the optimal trajectories could also be used to

achieve terminal positions nearer the desired landing location, the main goal of these

trajectories is to reduce the terminal velocity. Therefore, the target terminal position

for the optimisation in the x- and y-directions is also set as the terminal position of the

agent in these directions. Starting from an initial position of
[
0 0 rz(t = T ) + 10

]
m

and an initial velocity of vt=T , the optimisation finds a trajectory that terminates at

r = v = 0 while keeping all the relevant constraints described in Chapter 5.

Table 6.5 compares the terminal states of the agent with EQLM updates and a

10m optimal descent to those of the full optimal trajectories. The results shown for

the EQLM updates used the same trajectories as shown in Table 6.4 with the terminal

state adjusted as described above for the optimal descent. In the case of the full optimal

trajectories, the initial conditions were the 33 initial states described in Chapter 5 but

with disturbances included. Each of the initial states ran the corresponding optimal

trajectories 100 times with different random disturbances.

Since the optimal descent does not adjust the agent’s terminal xy-position, the

distribution of this value is similar for the agent with optimal descent to that shown

in Table 6.4. However, the mean terminal velocities are substantially reduced by the

optimal 10m descent. In some cases, the agent’s terminal velocity was still too large

for the optimisation to converge to a soft landing, which is the reason for the relatively

large maximum velocity magnitudes. These cases were rare though as indicated by the

relatively low standard deviation of terminal velocities for this agent.
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Table 6.5: Comparison of test results from the agent with EQLM updates + 10m
optimal descent and the full trajectory optimisation with disturbances. Statistics shown
for terminal state and fuel consumption over 5000 test episodes for the EQLM agent
and 100 test episodes for each of the 33 initial states of the optimal trajectories.

Mean Min. Max. STD

EQLM Updates
+ 10m Descent

xy-position (m) 18.789 1.379 99.065 12.733
xy-velocity (m/s) 0.153 0.067 7.018 0.108
z-velocity (m/s) 0.103 1.61× 10−4 17.063 0.383
Fuel (kg) 404.2 334.7 590.1 33.7

Full Optimal
Trajectories

xy-position (m) 11.733 0.171 38.487 6.516
xy-velocity (m/s) 1.601 0.010 14.509 2.572
z-velocity (m/s) 1.807 3.80× 10−4 13.222 2.373
Fuel (kg) 258.6 189.9 356.7 33.9

The optimal control trajectories also achieved a better distribution of terminal posi-

tions than the agent with optimal 10m descent. However, in terms of terminal velocity,

the full optimal trajectories performed worse on average than the agent with optimal

10m descent and also show a higher standard deviation. This shows that without some

feedback mechanism, the optimal trajectories could not achieve a soft landing in the

presence of environmental disturbances. Considering the fuel consumption, the fully

optimal trajectories with continuous actions show substantially lower fuel consump-

tion than the agent. In addition, including the optimal 10m descent results in a slightly

higher average fuel consumption for the agent compared to without the optimal descent.

This indicates a necessary trade-off between how robust the agent is to disturbances

and the optimality with respect to minimising fuel.

At this point it is necessary to revisit the original goal of the powered descent

problem as defined in Chapter 4. With the optimal 10m descent, the agent achieved

the desired maximum velocity magnitude of 2m/s in 99.9% of the testing episodes. On

the other hand, in terms of terminal position the agent only achieved a maximum value

of less than 5m in 1.48% of the testing episodes. As shown in the results over multiple

random seeds, there was a performance trade-off between the terminal position and

velocity in which velocity was prioritised. In addition, the optimal 10m trajectory did

not also optimise for the terminal position, which could allow further improvements.
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Considering the minimum glideslope, this goal was achieved in 84.58% of the testing

episodes. Although the agent does not perform as well in the goal of a pinpoint landing,

by combining the agent’s policy with a short optimal trajectory it can effectively realise

the soft landing requirement in most cases.

6.3.4 Online Updates with a Changing Environment

The previous results show the case where the environmental uncertainties, in the form

of the disturbance forces, have the same distribution in testing as in training. In re-

ality, this may not be the case. When this occurs, the control system must either be

sufficiently robust to handle new uncertainties or it must have an adaptive mechanism

that can adjust its control policy online. The following results show how the system

described above can update to improve its performance where the uncertainties are

different in operation compared to in training.

Table 6.6 describes the distribution of initial conditions and disturbance forces used

in the following tests. The initial position and velocity are sampled from a normal dis-

tribution with parameters as shown in the table. The mean values of initial position and

velocity were chosen to be near the extreme of the initial conditions in training and their

standard deviations are based on the values used in [193]. In this case, as with previous

results, the agent is assumed to know the lander’s position and velocity precisely and

the initial conditions are sampled from a normal distribution. The disturbance force has

the same standard deviation as before, but now has a mean of −500N in each direction.

This value was chosen to give a significant change in the agent’s performance, as will

be shown. The change in the disturbance forces could represent certain changes in the

environment dynamics such as the lander’s thrust profile or atmospheric disturbances.

Initially, the same agent was tested in the environment with the same disturbances

and updated disturbances to show how this affects the agent’s performance. Figure

6.6 shows the distributions of terminal states for both cases using the best performing

agent described above without online updates. These results clearly show the change in

distribution of terminal states resulting from the change in environmental disturbances.

The distribution of terminal velocities in the x- and y-directions is spread over a wider
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Table 6.6: Initial conditions and uncertainties for the environment with new distur-
bances.

Parameter Value

Downrange position, rx (m) 1800
Crossrange position, ry (m) -900
Elevation position, rz (m) 2390
STD position (m) 5
Downrange velocity, vx (m/s) -60
Crossrange velocity, vy (m/s) -25
Elevation velocity, vz (m/s) -85
STD velocity (m) 1.67
Mass, m (kg) 2000
FD mean (N) -500
FD STD (N) 100

range of values with the new disturbances and has a larger average magnitude in the

z-direction.

The following results use online updates to improve the agent’s performance with

new disturbances. This assumes the agent has access to a model of the environment

onboard that correctly models the new disturbances. In practice, this would require

model identification where the environment model updates based on observed data.

For the purposes of this work, the onboard model available to the agent is assumed to

be updated without considering the mechanism for how it updates.

Based on the updated model and a known initial state with variance, the agent

performs EQLM updates for a number of online training episodes. Results are shown

for the number of online training episodes Nep = 2i, i = 1, 2, . . . , 7. All of these runs

used the best performing agent as above following offline EQLM updates. As with

offline updates, the agent’s memory consisted of state transitions from a random agent,

the optimal control demonstrations, and the agent itself. Since it would be expensive

to update all the replay memory with the new model, these state transitions still use

the original environment model on which the agent was trained. In addition to these,

agent updates include new observations from the updated environment model. For each

number of training episodes, agents were trained with 10 different random seeds and

tested for 500 episodes for a total of 5000 testing episodes in each configuration.
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Figure 6.6: Scatter and KDE plots showing distributions of terminal landing states with
the original training environment and environment with new disturbance magnitudes.

Figure 6.7 shows the mean terminal states and fuel consumption across the range

of number of training episodes Nep, where Nep = 0 corresponds to the agent without

updates. All of the values shown tend to decrease with increasing number of training

episodes after 24 episodes. The mean terminal xy-velocity shows only a minor improve-

ment compared to the position and z-velocity. Noting the truncated y scale in Figure

6.7d for clarity, although the relative change in mean fuel consumption is modest, there

is still a difference of approximately 25kg between the fuel consumption without up-

dates and with Nep = 27. The fuel consumption is also greater for Nep = 28 than when

Nep = 27. This could be due to the lower z-velocities requiring more control effort to

achieve.
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Figure 6.7: Variation in mean terminal states and fuel consumption with number of
online EQLM training episodes. Shaded area indicates +/- one standard deviation.

The following results consider the agent trained forNep = 64 online training episodes

as a reasonable compromise between the agent’s performance and training time re-

quired. Table 6.7 shows statistics of the terminal state and fuel consumption for the

agent trained with only offline updates and with online updates. The online updated

agent performs better on average for all of the values shown. However, this agent has

a slightly larger variance in its performance compared to the offline updated agent. In

addition, the worst-case performance as shown by the maximum values of each metric

is larger for all but the z-velocity with the online updated agent. This highlights the ad-

ditional potential for performance variations brought about by including online updates

that are stochastic in nature. Nevertheless, including online updates for the changed

disturbances results in better performance on average than without online updates.
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Table 6.7: Comparison of test results in the environment with disturbance changes for
agents with and without further online updates. Statistics shown for terminal state and
fuel consumption over 5000 test episodes.

Mean Min. Max. STD

Offline Updated

xy-position (m) 11.865 2.972 18.114 2.112
xy-velocity (m/s) 2.742 0.950 4.755 0.822
z-velocity (m/s) 3.042 0.623 4.490 0.574
Fuel (kg) 465.9 424.6 491.6 10.5

Online Updated

xy-position (m) 9.646 1.102 30.835 3.541
xy-velocity (m/s) 2.460 0.498 6.595 0.785
z-velocity (m/s) 2.305 0.437 4.418 0.668
Fuel (kg) 441 408.2 493.2 11.1

Figure 6.8 shows the distribution of terminal states for each of the agents over the

5000 testing episodes. The distributions of terminal z-velocities clearly show how the

online updates improve the controller’s performance by shifting the distribution closer

to 0m/s. Although the maximum xy-positions and velocities are larger for the agent

with online updates, Figures 6.8a and 6.8b highlight that this is due to outliers in the

distribution. Overall, the distribution of points moves closer to the desired terminal

state with updates as indicated in the average values.

Figure 6.9 shows an example trajectory from the online updated agent along with

the commanded thrusts and environmental disturbances. The initial state is the mean

initial state as shown in Table 6.6. Its terminal position is 10.6m from the desired

landing site with a terminal velocity of 1.7m/s and it consumes 435.14kg of fuel over

the trajectory. Although the disturbance forces have a considerably larger magnitude

than those used in the initial training, the agent still effectively controls the lander to

a soft landing at a short distance from the desired landing site.

As with the agent results in the unchanged environment, the terminal velocity distri-

bution can be improved by including an optimal 10m descent. The agent with EQLM

updates was tested with the updated disturbances the same as previously with the

terminal state adjusted by 10m followed by the optimal descent. Table 6.8 shows a

comparison of the terminal states of this agent with the full optimal trajectories with

updated disturbances. Clearly, when the mean disturbance force is this large, the open-
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Figure 6.8: Scatter and KDE plots showing distributions of terminal landing states for
agents with and without further online updates in the environment with new disturbance
magnitudes.

loop optimal trajectories are no longer effective and result in consistently large terminal

velocities and positions. On the other hand, the agent with optimal 10m descent has

a maximum terminal velocity in the xy-direction of 1.713m/s and in the z-direction

of 1.342m/s. This further demonstrates how the combination of RL with traditional

optimal control methods can be beneficial for uncertain environments.

All of the results from online updating agents shown above use EQLM updates. This

was chosen since EQLM can provide more substantial changes in weights, and therefore

policy, online than gradient-based updates. To illustrate this, Figure 6.10 compares

the norm change in weights for different update mechanisms, which was calculated as

‖βt−β0‖ for step t where β0 is the initial value of the output weights. The initial weights
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Figure 6.9: Trajectory of the agent trained with online updates and the environmental
disturbance forces along this trajectory.

and the data used for updating were the same across each of the agents. The gradient-

based updates used RMSProp optimisation as before with two different learning rates

of 10−5 and 10−4 and updates only performed on the output weights. Results are

shown in the figure for the average norm change over 8 separate runs of 100 update

steps. Increasing the order of magnitude of the learning rate did also correspond to an

order of magnitude increase in the norm weight change. However, the norm change in

weights is still far lower for both cases than that of EQLM. The other notable difference

in trends is that EQLM has more fluctuations in the magnitude of the weight updates.

Since ELM-based updates aim to solve directly for the optimal output weights, large

variations in their value are to be expected compared to gradient-based updates.
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Table 6.8: Comparison of test results from the agent with EQLM updates + 10m optimal
descent and the full trajectory optimisation with updated disturbances. Statistics shown
for terminal state and fuel consumption over 5000 test episodes for the EQLM agent
and 100 test episodes for each of the 33 initial states of the optimal trajectories.

Mean Min. Max. STD

EQLM Updates
+ 10m descent

xy-position (m) 10.452 0.804 31.863 3.827
xy-velocity (m/s) 1.322 0.693 1.713 0.1678
z-velocity (m/s) 0.934 0.423 1.342 0.138
Fuel (kg) 452.6 423.6 505.2 11.1

Full Optimal
Trajectories

xy-position (m) 217.739 200.163 236.467 5.174
xy-velocity (m/s) 34.786 29.624 35.957 0.459
z-velocity (m/s) 41.561 35.035 42.644 0.547
Fuel (kg) 191.8 191.8 201.3 0.7

6.3.5 Hardware Results

The final results shown here are the time taken to update the agent when running on

edge hardware. The hardware used for testing online updates is the NVIDIA Jetson

Nano 2GB developer kit. It is equipped with a 64-bit Quad-core ARM A57 CPU at 1.43

GHz and a 128-core NVIDIA Maxwell GPU. The onboard memory for the developer

kit is 2 GB 64-bit LPDDR4. The methods detailed previously were implemented in the

Tensorflow Python library which makes it possible to use GPU acceleration.

Figure 6.11 shows histograms of the time taken to select an action and perform

EQLM updates over 500 steps. Action selection always takes less than 0.01s. Weight

updates take longer and are mostly in the range 0.04− 0.07s. On a few occasions these

updates last slightly longer but always less than 0.1s. Since the sampling time in this

environment is 0.2s, this shows that updates can be performed online between timesteps

sufficiently quickly using edge hardware suitable for spacecraft. As stated above, the

approach to improve the agent’s performance in response to changes in the environment

would require model identification and multiple episodes of updates. With the update

times shown here, 64 episodes of 371 timesteps on average would take at least 415s

to simulate. This assumes the majority of simulation time is in selecting actions and

updating the agent with updates every 4 timesteps. These update times could also be

reduced by further optimising the code for updating weights, if necessary.
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Figure 6.10: Average norm change in output weights over 8 test runs of 100 steps with
EQLM updates and gradient based updates.

0.00 0.02 0.04 0.06 0.08 0.10
Duration (s)

100

101

102

Fr
eq

ue
nc

y

Weight Updates
Action Selection

Figure 6.11: Histogram of time taken to select actions and update weights over 500
steps on Jetson Nano hardware.

Although the Jetson Nano hardware allows for GPU acceleration, the scale of net-

work used here is relatively small and so there is not the same benefit of using a GPU

as with larger networks. This is highlighted in Table 6.9, which shows statistics of the

update times for different hardware configurations. The PC hardware used here ran

Ubuntu 18.04 with a 3.6GHz Intel i7-4790 CPU and 8 GB RAM. Timings are also com-

pared for the Jetson Nano configured with and without the GPU. Clearly the PC times
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are fastest and on average approximately 10 times faster than either configuration of

the Jetson Nano. It is interesting to note that in this case the use of a GPU results in

slower updates. This is likely caused by the communication bottleneck between CPU

and GPU, which is more significant for this relatively small size of network. To illus-

trate this, Figure 6.12 shows the variation in update times for different network sizes.

These networks all have the same number of hidden layers but different numbers of

hidden nodes - (N, 23N,N) in each layer, where N = 300 is the size used in previous

experiments. At the smaller network sizes, the CPU updated slightly faster on average

without the GPU. For networks with more than 450 output weights, GPU acceleration

did provide a speed-up in update times in this example.

Table 6.9: Timings for weight updates across different hardware configurations.

Update Duration (ms)

Device Mean Min. Max. STD

PC 5.06 3.03 22.86 2.58
CPU 47.5 40.92 88.6 6.95
CPU+GPU 51.16 44.86 93.06 5.04
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Figure 6.12: Trend in update times for different network sizes with and without a GPU
on edge hardware.
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6.4 Summary

This chapter introduced an approach for updating Q-networks online via EQLM, which

is an alternative to gradient-based updates. The results demonstrate that EQLM can

improve the performance of an agent from entirely offline updates. However, as with

many other RL approaches, the performance of EQLM is sensitive to several random

variables, such as the data for initialisation and updating. Therefore, this approach

requires careful offline testing over several random seeds to find the best model. In the

event of a changing environment, where the distribution of random disturbances are

different to those used in training, online updates can compensate for these changes. In

both cases with or without environment changes, the agent’s performance in terms of

the soft landing requirement is further improved by using an optimal trajectory over the

final 10m of descent. Results shown on flight suitable hardware indicate that the online

updates could indeed run onboard a spacecraft. However, to allow sufficient time for

model updating and multiple training episodes in practice may require improvements

in the update times.

As discussed, the approach described here relied heavily on running over multiple

random seeds to achieve desirable performance. This is the case both in training the

agents and when testing their performance. Although this approach can perform well

even in changing environments, its stochastic nature makes it less likely to be used in

practice. Further research is necessary to reduce the agent’s sensitivity to random seeds

in training. In addition, the assumption of an accurate environment model for online

updating is non-trivial to achieve. Future work should combine the approach proposed

here with methods of model identification to better assess its feasibility.
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Conclusions

This thesis explored the application of Intelligent Control for onboard spacecraft GNC.

Methods from reinforcement learning show promise as an approach for training control

systems that can also learn online, which can be beneficial in highly uncertain environ-

ments. This has been demonstrated using the spacecraft powered descent problem as

a test case. The following outlines the thesis’ contributions with respect to each of the

objectives introduced previously, along with a discussion of limitations and recommen-

dations for future work.

7.1 Summary of Objectives

The first objective was to create a system of classification for IC. Chapter 3 presents

the results of this effort. This was achieved by analysing literature to extract 3 primary

dimensions of IC in terms of uncertainty: environment, control system, and goals. IC

systems deal with uncertainties in one or more of these dimensions and the ability

to deal with greater levels of uncertainty indicates a higher level of intelligence. As

discussed in this chapter, adaptive or learning capabilities are key components of IC

that are explored in later chapters.

Chapter 4 demonstrated the applicability of RL methods to the spacecraft powered

descent problem. However, it also showed a potential failure mode of RL in this context

that is commonly referred to as “reward-hacking”. The second objective that is relevant
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to this was to combine RL with conventional control methods to exploit the benefits of

both. Chapter 5 introduced the proposed approach to achieve this. In this application,

a convex optimisation procedure was the conventional control method used to generate

demonstration data for a RL agent. Making these optimal control solutions suitable for

use in demonstrations required additional steps of discretising actions and adjusting the

states in the solutions. Including a small quantity of demonstration data in the agent’s

replay memory successfully mitigated the reward-hacking behaviour seen when training

an agent without demonstrations.

It was noted above that online adaptation and learning are important characteris-

tics of IC. Therefore, another key objective of this research was to demonstrate online

updates using RL. Furthermore, since this work is interested in IC running onboard

spacecraft, an additional objective was to demonstrate this method applied on flight

suitable hardware. The proposed method of online updates, “EQLM”, was introduced

in Chapter 6. EQLM uses theories from ELMs to give sufficiently fast weight updates

online. Compared to a RL agent that does not update, online updates can better adapt

the agent’s policy to changes in the environment. This chapter also gave further contri-

bution to the objective of combining conventional control methods with RL. By using

a RL agent to handle uncertainties for most of the powered descent and a convex opti-

misation procedure to land the spacecraft, this improves the agent’s performance with

respect to the soft-landing requirement. Experiments on flight suitable hardware showed

that this method can be implemented onboard spacecraft and allow for sufficiently fast

updates to run online.

The original question posed in the title of this thesis is: can spacecraft think?

As previously acknowledged, a better question might be: can spacecraft mimic human

intelligence in a useful manner? The taxonomy introduced in Chapter 3 gives us a means

of answering this question by considering the level of intelligence of a spacecraft’s control

system. Human intelligence allows us to deal with many types of uncertainty, which can

be replicated in a control system to some degree. The online updating control system

described in Chapter 6 can be classed as E-2, C-1, G-1 for the application of spacecraft

powered descent shown here. The reasons for this are as follows:
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• E-2 : The control system operates in an environment where the magnitude of

disturbance forces can change. The dynamics governing the 3-DOF problem for-

mulation used here are well established, but subject to uncertainties.

• C-1 : The parameters of the DNN that govern the agent’s policy can update online.

Although the proposed method could in theory handle uncertainties in sensor and

actuator performance, which would class it as C-2, this was not specifically tested

in this work.

• G-1 : The goals of a soft pinpoint landing and minimal fuel consumption are

defined implicitly in the reward function. In the powered descent problem, these

goals are unlikely to change. However, if the agent were required to select a

landing site, which might change during the descent, this would result in a higher

level of goal uncertainty.

In a hierarchical IC scheme with three main layers, the proposed approach can serve

as the middle layer of this system. This middle layer adapts the control system according

to both observations passed up from the lower level and plans given by the higher level.

At the lowest level are conventional controllers for actuators with fast response times.

In the case of spacecraft powered descent, this is the attitude control system. At the

highest level is activity planning, which passes plans down the hierarchy to be executed

by lower-level systems. This planning level may not be necessary for powered descent

GNC, but this level could be more relevant in applications such as robotic exploration.

7.2 Limitations and Future Work

The work described here is not without limitations—some of which are discussed in

the relevant chapters. While the proposed approach is sufficiently general to be appli-

cable to many spacecraft GNC problems, this work only investigated the application

to spacecraft powered descent. In theory, other problems where a suitable state space,

action space, and reward function can be defined could be solved with the proposed

method of online updating RL. Future work should investigate the application of this
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method to other GNC problems that can be formulated as RL problems. Examples of

such GNC problems with significant uncertainties that could incorporate this approach

include docking with a non-cooperative target for active debris removal, GNC around

small bodies, or autonomous extra-terrestrial rover exploration. In addition, applica-

tions where existing methods can generate demonstrations under nominal conditions

can help in training the agent. However, the process of creating demonstration data is

problem specific since, in this case, it required adjusting the action space and trajecto-

ries. If an off-policy RL algorithm that allows continuous actions were used instead of

DQN, this process of adjusting demonstrations could be avoided, but potentially at the

expense of longer training times.

The types of uncertainties considered here were limited to the initial conditions and

environmental disturbance forces. While these disturbances can account for various

uncertainties in both the environment and control system, these should be analysed

individually to validate the fault-tolerant performance of the controller. For example,

considering cases where actuators behave in physically realistic but unexpected ways.

Furthermore, the results shown assume the agent observes its true state using an exact

model of the environment. Including realistic sensor measurements even without the

presence of faults would lead to some uncertainty in the spacecraft’s state. How well

the proposed approach performs with uncertainties in these aspects remains to be seen.

As discussed in Chapter 6, adjusting the agent’s policy online in response to envi-

ronment changes requires an updated model of the environment. This was assumed to

occur separately from the agent’s online training, such that any online updates occur

with a “correct” model. A more realistic scenario would be where both the network

weights and the environment model adapt online in response to new observations. In

the powered descent problem, updates are highly time constrained. The results in Chap-

ter 6 showed that an agent requires many simulated interactions with the environment

to update its policy. Therefore, an open question remains as to whether an IC system

trained in this manner can simultaneously update an environment model and its control

policy over a realistic timescale.
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The main barrier to incorporating IC onboard spacecraft in practice is the lack of

formal Verification and Validation (V&V) procedures. Typically, for conventional GNC

systems, V&V consists of conducting mathematical analyses to give certain guarantees

on the controller’s performance combined with extensive simulation studies. The com-

plex, nonlinear nature of DNN-based controllers makes them difficult to analyse in the

same manner as conventional controllers. Given the stochasticity inherent in RL agents,

this also presents further challenges in generating empirical guarantees on their perfor-

mance from simulations. The results in Chapter 6 demonstrated how many training

runs can be necessary in RL problems since an agent’s performance depends heavily

on random seeds. For this method to be of practical application for spacecraft GNC,

new approaches of V&V will be necessary. As well as being used in model evaluation,

new V&V procedures could also improve the RL training process by finding ways to

guarantee a certain level of performance without requiring many different training runs.

This research represents a step towards greater levels of intelligence onboard space-

craft. While conventional control approaches will remain essential in this field, as the

scope of space missions become more ambitious, control systems will accordingly re-

quire increased levels of intelligence to realise these missions. At the highest level of

intelligence, an IC system would be able to operate in an unexplored environment about

which very little is known. During its operation, it would design its control laws from

the ground up as required by the environment in which it operates. Its initial goals

could be very vague, but from this it would create its own goals and plans to achieve

these. At this point, a spacecraft’s control system may well deceive a human operator

into believing the spacecraft can think.
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Appendix A

Optimal Demonstrations for

Reward Shaping

The target velocity, vtarg of Equation 4.6 in the shaped reward function was derived

in previous works using a heuristic approach [23]. This appendix presents preliminary

results from attempting to leverage optimal demonstrations in the reward function as

well as agent training.

A.1 Reward Shaping Method

Previous work described an approach for generating optimal control demonstrations

via nonlinear optimisation methods [32]. The output of these optimisations are control

points that can be interpolated to give a full trajectory of commanded thrusts and

spacecraft states. Figure A.1 shows the positions and velocities in each direction along

the optimal trajectories starting from 33 different initial conditions. Although some of

these trajectories give negative altitudes, indicating crashes, these were still suitable

for use as demonstrations following action discretisation. These positions and velocities

can be used to create a target velocity profile for reward shaping.

The data for fitting target velocities in each direction are the positions ri and ve-

locities vi at each timestep in all trajectories. The lander’s position is the independent

variable with velocity as the dependent variable. A polynomial function of the position
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Figure A.1: Positions and velocities from optimal trajectories and the polynomial fit
target velocities.

can serve as a very simple model for the relationship between position and velocity. The

target velocity in the i-direction can then be expressed as

vtargi = ci3 · r3i + ci2 · r2i + ci1 · ri, (A.1)

where ci1, ci2, and ci3 are coefficients determined for each direction using a nonlinear

least-squares fit. Table A.1 shows the values of these coefficients from this fit. In the

x- and z-directions, a second degree polynomial was used while in the y-direction a

third degree polynomial was used. These were chosen to best capture the shapes of the

target velocities as shown in Figure A.1. Since this target velocity does not account

for the spacecraft’s initial velocity, its profile can differ substantially from the optimal

trajectories—especially in the x-direction. Nevertheless, as will be shown even this very

simple velocity profile can be suitable as a target velocity for reward shaping.
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Table A.1: Polynomial coefficients for target velocity.

Direction ci3 ci2 ci1

x 0 −4.688× 10−6 −3.199× 10−2

y 4.399× 10−8 1.459× 10−6 −6.153× 10−2

z 0 1.582× 10−5 −6.796× 10−2

A.2 Simulation Setup

The powered descent environment formulation and training procedure used here was the

same as in previous work with a different shaped reward function [32]. The ranges of

initial conditions used in training are shown in Table A.2, from which the initial states

are uniformly sampled. As well as uncertainties in initial conditions, this environment

includes disturbance forces sampled from a normal distribution with mean 0N and

standard deviation 100N . 32 training runs of 10,000 episodes were carried out with

different random seeds.

Table A.2: Range of initial conditions for training the agent.

Parameter Min. Value Max. Value

Downrange position, rx (m) 400 1100
Crossrange position, ry (m) -1100 1100
Elevation position, rz (m) 2400 2600
Downrange velocity, vx (m/s) -75 -5
Crossrange velocity, vy (m/s) -35 35
Elevation velocity, vz (m/s) -95 -65
Mass, m (kg) 2000 2000

The reward function takes the same form as Equation 4.4 with the target velocity

calculated according to Equation A.1. The state representation in this case was not

shaped to the target velocity and used the “raw” form of Equation 4.13. The agent’s

action space has 7 discrete magnitudes with a maximum of 10kN in the x- and y-

directions and 3 discrete magnitudes with a maximum of 13kN in the z-direction.
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A.3 Results

Results are shown for the best performing agent in terms of mean cumulative reward

over the final 100 episodes of training. Figure A.2 shows the learning curve and number

of steps over the training episodes for this agent. There are a few occasions where the

cumulative reward drops sharply during training, but then recovers and continues to

increase. The trend in the number of steps shows that the agent often has episodes that

last for close to the maximum duration of 500 timesteps. This was also observed when

testing the trained agent as shown below.
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Figure A.2: Average reward and steps per episode over a training run with a new shaped
reward. Uniformly filtered (average) over 150 episodes for clarity.

The best performing agent carried out 5000 test episodes. These episodes all used

the same initial conditions of r0 =
[
1 1 2.5

]
km, v0 =

[
−60 30 −90

]
m/s, and

m0 = 2000kg with uncertainties only present in the disturbance forces. Figure A.3 shows

the distribution of terminal states over the testing episodes. Note that the terminal

altitude is often greater than 0 as shown in Figure A.3c due to the episode terminating

after 500 timesteps. The terminal z-velocity also has a large range of values—some of

which are positive. In total, 283 of the 5000 trajectories reached a terminal landing

state of rz = 0, with the other trajectories keeping the lander hovering until the episode

terminates. This suggests a different type of reward-hacking to that of the agent in

Chapter 4 where, instead of abruptly terminating the episode, the agent aims to remain

at a low velocity near the desired landing point without reaching it. This is highlighted
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in Table A.3, which shows summary statistics of terminal states and fuel. Note that

the z-velocity statistics are taken for the absolute values of velocity magnitude, whereas

the z-position (altitude) is relative to z = 0. Due to the episodes often lasting for the

maximum duration, the fuel consumption is also relatively high.
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Figure A.3: Scatter and KDE plots showing distributions of terminal states for the best
agent trained with new shaped reward.

Figure A.4 shows an example trajectory of this agent that lasts for the maximum

duration of 500 timesteps, or 100s. Starting from the initial conditions shown above,

at the end of the episode its terminal state is r =
[
36.376 −8.079 0.934

]
m and

v =
[
0.169 −0.244 −0.658

]
m/s with a fuel consumption of 608.3kg. Although the

spacecraft’s altitude is close to zero after around 75s, instead of landing the agent keeps

the lander near this state until the episode terminates. This shows that the proposed
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Table A.3: Test results from the agent trained with new shaped reward. Statistics
shown for terminal state over 5000 test episodes.

Mean Min. Max. STD

xy-position (m) 36.539 16.552 60.742 4.068
xy-velocity (m/s) 1.133 0.081 4.565 0.444
z-position (m) 4.240 -0.309 21.663 3.560
z-velocity (m/s) 1.355 3.213× 10−4 4.566 0.767
Fuel (kg) 611.5 585.7 647.1 7.8

reward shaping via demonstrations can motivate an agent towards the desired landing

point, but might still result in some undesirable behaviours. These results used a highly

simplified form of target velocity that could be improved to better approximate optimal

trajectories. In addition, an approach similar to that introduced in Chapter 6 of using

optimal control for the final descent could also improve the performance of an agent

trained in this manner.
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Figure A.4: Trajectory of the agent over a sample episode with commanded thrusts.
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