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Introduction

1.1. Background and motivation

The aviation industry has profited from an increasingly positive safety record, with a decrease of global
aviation accident rates in 2024 compared to its pre-pandemic levels. Nonetheless, the number of fatal
accidents is relatively high, with 2024 recording the highest number in the past six years. In fact, around
40% of fatal accidents in 2024 (coinciding with over 80% of fatalities) were caused by loss of control
or system malfunctions/failures (ICAO, 2025). To improve these levels, further automation techniques
can be implemented into the cockpit, namely to reduce the number of accidents caused by system
malfunction by improving the fault-tolerance of aircraft.

A greater focus on automation has been a novel pursuit of the aviation industry, with unmanned
aircraft systems that may not even have a pilot on board or even be remotely controlled but fully au-
tonomous and relying on sensor information to fly. Vehicles such as new urban air mobility aircraft
require a very high level of automation, which is safety-critical, to avoid any failures, especially for com-
plex urban environments. In order to fly safely, the flight control system of these unmanned aerial vehi-
cles requires robustness against the aircraft's model uncertainties and external disturbances, efficient
fault detection and isolation systems, and be reconfigurable depending on actuator fault occurrence or
aircraft damage (Ducard, 2009).

To address the need for robustness against model uncertainties and disturbances, robust control tech-
niques can be used. H, control is one of the main approaches, wherein a controller is designed to be
robust against a series of uncertainties, while complying with stability and performance requirements.
These types of controllers have seen widespread use for flight control (Schoon & Theodoulis, 2025),
due to its mathematically rigorous guarantees on robustness and stability. Typically, controllers are
tuned for linearised plant dynamics at specific operating points, leading to certain regions of the flight
envelope that may be out of reach of the controller. Moreover, for typical H., control methods (e.g.
mixed sensitivity, u-synthesis, loop shaping), a model of the aircraft plant in question is required to
synthesise the controller, and accessing such a model is increasingly difficult when dynamics become
highly nonlinear or tightly coupled. As these controllers rely on a known model of the system, it is not
the best suited for fault-tolerant control, as the uncertainty representation may fail to capture the sud-
den, large changes in dynamics caused by a fault.

To address this reduced adaptability, adaptive control techniques can be used to adjust to unfore-
seen changes in plant dynamics. Unlike a robust controller that is designed to operate under worst-
case conditions (often sacrificing performance during nominal conditions), adaptive controllers aim to
perform an online estimation of the process uncertainty and produce a control input to minimise the
deviations from desired behaviour (Lavretsky & Wise, 2024). However, adaptive control methods still
require knowledge of the plant dynamics for fault-tolerance, and even sometimes of the failed plant
dynamics, which again may be difficult to obtain accurately.

Another control paradigm that incorporates this adaptability to unforeseen circumstances is reinforce-
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ment learning (RL). This bio-inspired data-driven control framework is capable of learning control ac-
tions (policies) through interactions with the environment. This framework can be used to remove the
dependence on a model of the system, being the main setbacks of using a purely robust control ap-
proach. Using RL as a control paradigm, fault-tolerance can be achieved in two main ways: robustness
in offline training or adaptation of the controller with online training. With carefully trained RL agents,
some generalisation power can be attained through offline learning, leading to a control policy that is
able to account for faults. On the other hand, part of learning can instead be performed online, where
the parameters of the control policy are updated in-flight when there is a change to the (unknown) dy-
namics model, leading to an adaptive optimal control law (Lewis et al., 2012).

However, applying RL methods directly shows some of the shortcomings of these methods. Due
to the difficulty and safety concerns of training RL agents in the real system, simulators are often em-
ployed, though the physics in these simulators cannot perfectly match that of the real system. This
sim-to-real gap often results in the unsuccessful transfer of the learned policy to the real system, if the
policy is not explicitly robust to modelling errors (Pinto et al., 2017). This can be somewhat addressed
with heuristic methods, such as creating a rich training environment to explore the state and action
spaces to improve the RL agent’s generalisation power (at the cost of increased training time), though
typical RL methods do not provide any guarantees of convergence to an optimal control (as they can
be stuck in local optima).

With regards to online adaptation of the RL agent for fault-tolerance, this approach also comes with
clear disadvantages. The RL algorithm should be able to maintain stability during the online learning
phase, not only to reach an optimal controller after a series of training steps, a type of stability which
is often omitted in typical RL methods (Bugoniu et al., 2018). In fact, most RL methods do not present
any guarantees of stability, and can even learn policies that destabilise the system when online training
is applied (Zhang et al., 2020a).

These shortcomings of both the robust control and reinforcement learning paradigms have led to the
following question on how to synergise these two control approaches to achieve fault-tolerant control,
namely how to improve the robustness and stability of reinforcement learning algorithms to make it
safely adaptable to large sudden variations in the dynamics model (Khargonekar & Dahleh, 2018). For
such a task, the approaches from robust reinforcement learning (RRL) are proposed, which merge the
adaptability and expressiveness of RL with the stability and theoretical guarantees of robust control
theory. The aim is to find an RL algorithm that is both provably robust to environmental disturbances
and model uncertainties, but also presents provable stability guarantees during training, while not rely-
ing on the system dynamics to learn the control actions. RRL controllers have the potential to increase
aircraft autonomy by improving upon the fault-tolerance of typical RL controllers and better ensuring
the safety of the aircraft during online training.

1.2. Structure

The report is structured as follows. In Part |, a literature study reviewing the state-of-the-art of ADP for
adaptive robust control and robust reinforcement learning (among others) is presented, followed by the
research proposal for this Thesis, with the definition of the objective and research questions, along with
the proposed planning. Part Il provides the main results as part of the scientific article, presenting some
foundations of robust control, the ADP methodology used, and its results. Additional results are given
in Part lll, where in Chapter 5 a sensitivity analysis is performed for the ADP learning algorithms that
were used. A comparison with other ADP approaches prevalent in the literature is given in Chapter 6
(acting as validation for the methods used) and Chapter 7. The report is concluded in Part IV, where the
final conclusions and reflections of the research objective and questions are presented in Chapter 8,
while recommendations for future work are offered in Chapter 9.
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[Literature Review

This literature review presents an overview of the fundamental principles of reinforcement learning and
robust control theory (namely H., control), and introduces the different concepts of combining robust
control techniques with reinforcement learning, serving as the foundation for the methods used in this
research. Section 2.1 introduces the concepts of reinforcement learning, while Section 2.2 introduces
those of robust control. Following this, the principles of combining these two control paradigms are out-
lined in Section 2.3, describing the model-free solutions of # ., controllers, RL control with robustness
properties, RL with stability guarantees and synergistic (model-based and model-free) methods.

2.1. Reinforcement learning

Reinforcement learning (RL) is one of the three main machine learning paradigms, comprised of a bio-
inspired framework to learn complex tasks. RL consists of the interaction between an agent and its
environment, and a learning process to train the agent to perform a task. The following subsections
detail the important basic concepts of reinforcement learning.

2.1.1. Markov decision process

Through its interaction with the environment, the agent will receive from the environment at time step ¢
its current state (s;) and a reward (r;) for being in that state. Given these values, the agent will take an
action (a;) in the environment leading to a new state (s;1). These discrete series of interactions can

be summarised with Figure 2.1.
State 5, . .
Rewardr; Agent Acon =,

i T

. s | Environment F

Figure 2.1: Agent-environment interaction of reinforcement learning (Sutton & Barto, 1998).

x

A Markov Decision Process (MDP) is a decision-making framework, which can be used in reinforcement
learning to characterise the agent-environment interaction. An MDP is characterised by the Markov
property, wherein the future evolution of a state is independent of the past values of the state, and
the transition probabilities of reaching a new state are determined from observations (current state
and rewards) and the action taken (Sutton & Barto, 1998). The MDP is defined by the tuple M =
(S, A,P,R,~), where S and A are the sets of all possible states and actions, and the system dynamics

4



2.1. Reinforcement learning 5

are defined by the mapping P from each state and action set to a new action. The reward function
R and the discount factor v define how each action is rewarded, and how much to consider future
rewards.

2.1.2. Rewards, policy and value

The RL agent will learn by trying to maximise a reward, given instantaneously to the agent when per-
forming an action at a current state. The reward is designed to aid the agent in achieving a certain task,
essentially telling the agent which actions are encouraged and which are not. The reward function is
shaped by the designer to capture the intricacies of the environment and to lead the agent to the best
possible actions.

Instead of simply maximising the instantaneous reward, the agent will try to maximise the cumu-
lative reward, as for complex tasks, it may be beneficial to forgo a current reward to reach an even
higher future reward. This behaviour can be captured by the discount factor v € [0, 1) in the cumulative
reward seen in Equation 2.1. The time horizon T can be defined as the maximum time of operation,
which can be infinite.

T

Ri=rip1 +yrepe+ ..+ ’YTTt+T+1 = Z'YthJrkJrl =711+ 7R 2.1)
k=0

The discount factor is a hyperparameter to be manually tuned, to tell the agent how much to favour or
ignore future or long-term rewards (depending on whether it is increased or decreased, respectively).
As can be seen in Equation 2.1, the cumulative reward has a recursive nature, as the current value
depends on the future cumulative rewards.

To represent the transition probabilities from one state to another, the policy 7 is introduced, defined
in Equation 2.2. This is a law that tells the agent what action to take at each state. The goal of the
reinforcement learning agent is to find the optimal policy 7* which maximises the discounted cumulative
rewards.

To better express how desirable different states are, the state value function (V™ is introduced,
defined in Equation 2.3. The value is the expected cumulative reward given the current state while
following policy 7. Another representation of the quality of each state and action pair is the Q-function
or action-value function (seen in Equation 2.4). This takes into account both the current state and the
action taken when following .

m(at]se) = Paelst) (2.2)
T
V7 (st) = Ex[Relse] = Ex ZWthJrkH St‘| (2.3)
k=0
T
Qﬂ(Snat) = EW[Rt‘Stvat] =E, Z’YthJrkJrl St,at] (2-4)
k=0

A policy is said to be optimal when it leads to higher or equal cumulative rewards than any other
policy. When following this optimal policy 7*, the optimal value and Q-functions are reached, yielding
Equation 2.5.

Vi(se) = max V7™ (st) Q" (st,at) = max Q" (s¢, ar) (2.5)

To learn the optimal policy, a learning process is required to feach the agent, from multiple interactions
with the environment, what the best actions are to take at each state. Update laws are used to iteratively
alter the policy until a solution to the RL problem is found (i.e. learning =*). However, convergence to
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the optimal policy is only guaranteed if every action is executed infinitely often for each state (Sutton
& Barto, 1998). Therefore, finding an admissible solution from a limited exploration of the state and
action space is important.

With a greedy policy - always taking the best action at each state according to the value function
- the known rewards will be maximised. Nonetheless, there is no guarantee that the actions which are
known are the best actions, as some might not have been tried. Exploring new actions will incur a risk
as the short-term reward is reduced, though the long-term reward may eventually increase. This trade-
off between exploring the state and action spaces and exploiting the best known actions is called the
exploration vs. exploitation dilemma. Stochastic policies can be used to tackle this trade-off, sampling
an action from a distribution for a given state a; ~ w(a:|s:), and as such, exploration is guaranteed
since each action has a non-zero probability of being selected (Moos et al., 2022).

2.1.3. Taxonomy of RL algorithms

As previously mentioned, a learning process is needed to find an admissible policy to the RL problem.
This process can be split into many different classifications of learning algorithms (Dong et al., 2020),
detailed below. While there is a distinction between model-based (more akin to dynamic programming)
and model-free RL algorithms, the methods in the following sections will focus solely on model-free RL
(where in some algorithms, model-based methods are required separate to the main RL algorithm).

Offline and online learning

RL algorithms can be categorised depending on when the learning is performed. Online learning allows
the RL agent to learn while performing its actions (Sutton & Barto, 1998) - for the flight control case, this
would entail learning in-flight. Online RL therefore requires stricter safety considerations, as learning
instabilities for critical systems may not be permitted, and also requires better sample-efficiency, as
fewer data points may be available for learning (Dong et al., 2020). This perspective can be classified
as an adaptive control, where the control policy is being updated while the agent is performing a task.

Offline learning instead occurs prior to the agent being deployed, usually inferring that training of
the RL agent be done in a simulation of the environment, yet still in a model-free way, as the agent does
not have knowledge of its system dynamics or environment. In essence, the parameters defining the
control policy are updated prior to being deployed and left unchanged after deployment. As learning is
done in a simulation, safety considerations are not critical, and more time can be given to the agent to
learn from interactions with the simulation. However, there is often a mismatch between the simulation
and reality (i.e. the sim-to-real gap), leading to stability issues when deploying offline trained RL agents
to the real system - this can be improved upon with robust reinforcement learning. The definition of
online and offline RL can differ in the literature, wherein offline RL can be considered as collecting
a large dataset once, and using that to train the agent to then be deployed (Sutton & Barto, 1998).
Throughout this research, offline RL refers to training being performed prior to deployment, and the
control policy parameters remain unchanged during deployment.

There can also be a combination of offline and online trained agents, where initially a policy is
learned offline in the simulation, with long training times and carefully crafted exploration of the state
and action spaces, and then the policy can be improved online, leading to some adaptability of the
policy model parameters in case it is required (e.g. during an actuator fault).

Discrete and continuous spaces

Reinforcement learning algorithms can be classified according to the size of the state and action spaces
of the system/environment where the learning is occurring. These spaces can be either discrete or
continuous, and solution methods can differ greatly between them. Algorithms that tackle discrete
state or action spaces with low dimension (often called tabular methods) are the basis for other RL
algorithms (Sutton & Barto, 1998), even though they are not suitable for the task being addressed in
this research, as for high-dimensional state/action spaces, the size of the ‘tables’ required to store the
value functions for these tabular methods increases exponentially.

Algorithms specifically designed to tackle problems with large continuous spaces often rely on
function approximation methods to parametrise these state and action spaces, instead of large tables.
Usually, this is done in the form of neural networks (NN) to parametrise the value function and/or policy
and possibly also the model approximation of the environment.
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Value-based and policy-based

Again, RL algorithms can be split into two main categories: value-based methods and policy-based
methods. Value-based methods optimise the state-value (V™ (s)) or action-value (Q™ (s, a)) functions,
and then using this optimal value is used to derive the optimal policy (7* ~ arg max, Q™). These
methods lead to better sample efficiency and small variance in the value function, though with the dis-
advantage that they cannot usually handle continuous action spaces (e.g. such as Deep Q-Network
(Mnih et al., 2015)), and the greedy strategy when deriving the policy can result in overestimation.

Policy-based methods instead optimise the policy directly, iteratively updating the policy until the
cumulative discounted rewards are maximised. This leads to a more direct and simple parametrisa-
tion of the policy (e.g. using neural networks), and unlike value-based methods, are suitable for high-
dimensional/continuous action spaces. A common approach are policy gradient methods (e.g. REIN-
FORCE, Williams (1992)), which use the gradient of the loss function with respect to the parameters
of the policy to update them.

A combination of value-based and policy-based methods, where both the value function and the
policy are directly estimated and optimised, are deemed the actor-critic (AC) methods. The actor uses
policy-based methods to learn the policy function, while the critic uses value-based methods to learn the
value or Q-function. Although these methods enjoy both the advantages of value- and policy-based
methods, such as being applicable to discrete or continuous action spaces, and reducing sampling
variance, there are also the disadvantages of overestimation of the value by the critic and a lack of
exploration by the actor. However, several state-of-the-art AC methods, such as Proximal Policy Opti-
misation (PPO) (Schulman et al., 2017) or Deep Deterministic Policy Gradient (DDPG) (Lillicrap et al.,
2016) aim to address these issues.

On-policy and off-policy

The main difference between on- and off-policy RL algorithms stems from which policy is actually used
when the optimal policy is being calculated. On-policy algorithms improve the policy that is used to
generate the agent’s actions, and use this collected data to evaluate and improve the policy (i.e. the
policy that interacts with the environment is the policy which is being improved each step by the RL
algorithm). On the other hand, off-policy methods use a different policy to generate the data than the
one used to evaluate and improve it (i.e. use a greedy policy when calculating the improvements for
the new one). SARSA (Sutton & Barto, 1998) is one of the common classic RL on-policy algorithms,
selecting an action based on the current policy, and using the new state to improve the current policy.
The off-policy version of this algorithm is Q-learning (Watkins & Dayan, 1992), which instead uses the
max operation and greedy policy to select the action, requiring steps to calculate the maximum for
which the old policy is used for interaction with the environment instead of the updated action. The
difference in their Q-function updates can be seen in Equation 2.6.

Q(st,ar) SERSA Q(st,a:) + arepr +vQ(Se41, ar41) — Q(5¢,a¢)]

Q-learn (2.6)
Q(s1,a¢) < Qs¢,a¢) + afrea +ymax Q(ss41,a) — Qlse, ar)]

Examples of RL algorithms

With the different taxonomies of algorithms differentiated, the various model-free RL algorithms that
exist in the literature can be classified, as seen in Figure 2.2 for some of the algorithms of greater
interest. As previously mentioned, SARSA and Q-learning are algorithms which are applicable for
discrete state and action spaces, limiting their applicability for the high-dimensional landscape of flight
control. Deep Q-Networks (DQN) are an extension of Q-learning, using deep neural networks for the
Q-function approximation, allowing for continuous state spaces to be used, though only for smaller
numbers of discrete actions.

For both continuous state and action spaces, a series of algorithms exist, which usually apply the
actor-critic structure to both learn the policy and the value function. DDPG can be seen as an extension
of DQN for continuous action spaces, learning a deterministic policy to maximise an NN-approximated
Q-function, and applying both a replay buffer (set of previous states and actions) and a target network
(time-delayed copy of the value/policy networks) to improve learning stability. Soft Actor-Critic (SAC)
(Haarnoja et al., 2019) is also an off-policy algorithm which instead learns a stochastic policy and uses
entropy regularisation (trade-off between the expected rewards and the entropy/randomness of the
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system). SAC has already been applied to fault-tolerant flight control of fixed-wing aircraft (Dally &
Kampen, 2022; Homola et al., 2025). Considering the on-policy algorithms, PPO is one of the state-of-
the-art algorithms, using a clamping term in its loss function to be optimised, removing incentives for a
new policy to get far from the previous policy, and improving stability. PPO has also been widely used
for flight control applications (Zhang et al., 2025a; Wu & Litt, 2023).

Model-iree
reinfrocement learning
Continuous states D|5crete_ states &
actions
rofﬂpuﬁcy -On-policy:
—l

Oftpal on-poli O poi [ Q-learning } [ SARSA }
policy n-policy F policy

! } v

Actor-Critic/A3C REINFORCE ] { DaN ]

DDPG

TD3MD7

Figure 2.2: Classification of various model-free reinforcement learning algorithms (AIMahamid & Grolinger, 2022).
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2.2. Robust control

In general, the goal of control theory is to create a controller that stabilises a dynamical system. These
systems can be perturbed by environmental disturbances and uncertainties (as uncertainty of the pa-
rameters in the system and modelling errors), and as such, robustness to these disturbances and
uncertainties is desirable. Robust control aims to address this by providing techniques to design con-
trollers robust to both disturbances and uncertainties (Zhou & Doyle, 1998). Various techniques arise
in robust control to solve this problem, with many centred around the ., control problem, described
in the following section.

2.2.1. H., control framework

The framework for robust control can be summarised by a linear fractional transformation (LFT) frame-
work, where a closed-loop system can be placed in the standard form shown in Figure 2.3. Here, the
plant, or P, is the interconnection matrix, K is the controller, and A is the set of all possible uncertain-
ties (which can be structured or unstructured). The goal is to find a controller K such that the effect of
uncertainty in A on system performance is suppressed.

A €
n 0
>
w z
—_— > P >
.
Ll
u bl
K =

Figure 2.3: General LFT framework, adapted from (Zhou & Doyle, 1998).

Considering the lower blocks of the general system given in Figure 2.3, the open-loop system and
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feedback controller can be described by Equations 2.7 and 2.8.

(=[] - [ R e
u=K(s)y (2.8)

Considering now the system in closed-loop, described by the lower LFT of Figure 2.3, it can be char-
acterised by Equation 2.9, where T,,,(s) is the transfer function from the disturbances w to the per-
formance outputs z. Now, the initial goal is to synthesise a controller that nominally stabilises the
closed-loop system, while also minimising the H ., norm of the closed-loop transfer function T~,,(s) (i.e.
ensure an H., performance level v > 0).

z = F[P(s), K(s)|w = Tyy(s)w

_ (2.9)
Tow(8) = Po + Py K(I — Py K) ™' Py

The H, norm (denoted by |-||.) is defined as the peak value of the largest singular value over fre-
quency of the frequency response of the system in question. As seen in Equation 2.10, the H., norm
can have both a frequency-domain and time-domain definition, considering the L, norms of the per-
formance output and disturbance signals. By reducing |7, (s)||, via the controller K, the energy of
the output signal z(t) is reduced for all disturbances w(t) with bounded energy (i.e. ||w(t)|., < 1/7w>
Yw > 0)

1Tz (8) | oo

mjx&[TwZ(jw)]

= Imax max M
@ w0 [w(w)[, (2.10)
I EOI
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Various tools exist to synthesise this nominal %, controller. Full order controllers can be built via
Algebraic Ricatti Equations (ARE) (Zhou & Doyle, 1998) or Linear Matrix Inequalities (LMI) (Gahinet
& Apkarian, 1994), leading to unstructured controllers. To create structured controllers instead, non-
convex optimisation techniques can be employed to tune the parameters of fixed-structure controllers
(Apkarian & Noll, 2017). As will be mentioned in Section 2.3, other techniques such as reinforcement
learning can also be used to synthesise an H, controller.

2.2.2. Robust controller design methods

H . synthesis will lead to controllers that comply with nominal stability and performance requirements
(disturbance rejection or reference tracking, noise attenuation and control signal reduction). In addition
to these requirements, a robust controller must also provide robust stability and robust performance to
potentially unstructured or structured/parametric uncertainties. Three main methods exist to design a
robust H., controller, namely: H., mixed sensitivity, ;-synthesis and ., loop shaping.

Mixed sensitivity introduces frequency-dependent weighting functions which are used to shape
the singular values of several closed-loop transfer functions, namely the ‘gang-of-six’. High-level ob-
jectives such as low-frequency disturbance rejection, high-frequency noise attenuation and reduced
control actions and importantly robust stability to unstructured uncertainty, can be converted into a de-
sired shape of these closed-loop transfer functions. A series of weighting filters can be designed to
reflect these requirements, and a controller can be created using the aforementioned # ., controller
synthesis techniques.

While the robust stability and performance criteria can be posed in terms of the ‘gang-of-six’, a
more unified framework can be used using the structured singular value p. This value can be used as
a robustness analysis tool in the frequency domain (Zhou & Doyle, 1998), in terms of the maximum
structured singular value of a particular/structured system. It can be used to create a robust controller
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through the u-synthesis method. This method involves a sequential two-parameter minimisation called
D-K iteration, using # ., synthesis for a scaled in the K-step, and updating the scaling function D(s) in
the D-step (Skogestad & Postlethwaite, 2005). Even though each step is a convex optimisation prob-
lem, when joined, convexity is not guaranteed, and the iterations may converge to a local optimum, so
care must be taken.

An additional robust controller design technique is the H ., loop shaping design process (LSDP)
(Zhou & Doyle, 1998). For the mixed sensitivity controller, the ‘gang-of-six’ closed-loop transfer func-
tions are weighted to achieve the nominal and robust stability and performance requirements. However,
it can be shown that these requirements can be satisfied by shaping only the open-loop transfer func-
tions within some frequency range, by designing two filters W, and W,. These weights, however, can
be particularly difficult and time-consuming to design, especially for non-diagonal weights. With the
weights designed, a controller can then be synthesised using the mentioned %, controller synthesis
techniques.

2.2.3. Solving H, controller as two-player zero-sum game

With a robust ., controller, the aim is to design it to be robust against environmental disturbances
and model uncertainties. This can involve solving a set of AREs to yield the desired controller. As
hinted at in subsection 2.2.2, other ‘non-classical’ solution methods can be employed to synthesise an
H controller. One class of such methods involves casting the H., control problem as a two-player
zero-sum game (ZSG) (Basar & Bernhard, 2008) or an equivalent min-max problem (Morimoto & Doya,
2005), wherein one player tries to minimise a cost function via the control action and the other player
tries to maximise the cost via the disturbance.

To solve an #H., control problem, one must minimise the #., norm of the closed-loop transfer
function T,,,, in Equation 2.10 with a stabilising controller K, which is equivalent to solving a two-player
ZSG. To solve the ZSG, a performance function or value function (similar to the one described in Equa-
tion 2.3) can be constructed (which will depend on whether the problem is in continuous or discrete
time), and its structure can be seen in Equation 2.11 for CT (Morimoto & Doya, 2005).

V(a, u,w) = /OOO (=T (0)=(t) — 7w (w(t)) dt < 0 2.11)

The goal of solving the ZSG is to find the optimal value function VV*. The condition for this optimal value
function is the Hamilton-Jacobi-Isaacs (HJI) equation, which can be used to derive the optimal control
policy u* (essentially encoding the feedback control action attributed to the controller K), and the worst-
case disturbance w* rejected by the controller. As seen in Equation 2.12, this equation involves the
system dynamics f (assuming here a CT nonlinear system & = f(z,u,w)), and the two-player ZSG
structure can be seen in the min-max operation.

V*
minmax |z z — 2w w + o flz,u,w)| =0 (2.12)
u w

However, the HJI equation is a nonlinear partial differential equation that is, in general, not possible
to solve analytically (Basar & Bernhard, 2008). For a linear system model with quadratic rewards (i.e.
r = 272 — y2wTw), the value function can be given also in quadratic form (V = =7 Pz), where P is the
solution to an ARE, and the optimal action and disturbance policies can be derived from the system
matrices and P - showing the equivalence of this method with the ARE solution method mentioned in
Section 2.2. This solution is, however, not generally the case for nonlinear systems or non-quadratic
rewards. Instead of solving it analytically, approximation methods can be employed to solve the HJI
equation. Numerical approximation methods have been proposed (Bea, 1998; Ferreira et al., 2008;
Huang & Lin, 1995) that require the system dynamics.

This ZSG approach to robust control shall be further explored in the following section, as it com-
prises the framework behind many of the reinforcement learning approaches to robust control.
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2.3. Combining robust control with reinforcement learning

In the previous sections, some details were given on methods from reinforcement learning and robust
control theory. Despite the success classic reinforcement learning has had as a control technique
(including for flight control), algorithms often struggle with robustness to parameter uncertainty, gener-
alizability to more complex environments and stability during the learning process. On the other hand,
robust control has found abundant success in flight control tasks, being able to tackle the issues with
robustness to disturbances and uncertainties; however, it suffers from limitations with adaptability, and
usually requires the system model to synthesise controllers (which may not always be available).

Combining techniques from reinforcement learning (RL) and robust control (RC) could prove ad-
vantageous, using the advantages of each control framework while trying to avoid the drawbacks of
each. In this spirit, some different possibilities of the blend of RL and RC are explored in this section,
and their possible applications to flight control are investigated.

2.3.1. Approximate dynamic programming to learn %, controllers

More recently, approximate dynamic programming (ADP) has been used to solve the ZSG. ADP is
an application of reinforcement learning for solving feedback control problems, wherein it does not
compute the exact dynamic programming solution, but learns an approximation of it. A large variety
of ADP methods for solving the H, control problem related to a two-player ZSG exist in the litera-
ture. As these algorithms are essentially an application of reinforcement learning, the different tax-
onomies of RL algorithms described in Section 2.1 lead to numerous ADP methods with slight differ-
ences in solution method, related to model dependence, on/off-policy updates, online/offline learning,
continuous/discrete-time systems, and control problem (disturbance rejection, tracking, constrained
controls).

For model-based solution methods, Al-Tamimi et al. (2007b) uses an online Dual Heuristic Dynamic
Programming (DHP) implementation for linear DT systems, that requires the A, B and E matrices to
iteratively calculate the controller (showing convergence to the optimal controller). The reliance on the
drift dynamics f(x) was relaxed for CT nonlinear affine systems with the online SPUA algorithm (Wu
& Luo, 2012), using neural networks (NN) as function approximators. For both the DT and CT ZSGs,
ADP has been successful in solving the H ., control problem, requiring the full or partial system dynam-
ics (Luo et al., 2015; Yasini et al., 2015; Wang et al., 2017; Ngo & Godtliebsen, 2020).

However, in practice, it is often difficult or not possible to have access to the exact model dynamics, and
hence a totally model-free implementation is beneficial. Vrabie and Lewis (2011) proposed a model-free
ADP to find the solution to the linear quadratic ZSG (which reduced to an ARE, and a similar method is
proposed in Li et al. (2014)), whereas Al-Tamimi et al. (20072a) used Q-learning (a type of RL/ADP) for
the same DT case. Other authors have also achieved a model-free H, controller via solving a ZSG
for linear DT systems, and have applied it to simple linear systems (Kiumarsi et al., 2017; Liu et al.,
2020), output feedback instead of state feedback (Fan et al., 2018) and autonomous driving demand
systems (Aalipour & Khani, 2023).

For the nonlinear ZSG, online solutions have been found for the disturbance rejection control prob-
lem (Qin et al., 2016) and for the tracking control problem (Modares et al., 2015), with an off-policy
ADP algorithm for CT systems. In Modares et al. (2015), a three NN actor-disturber-critic structure
was implemented to approximate the control policy, disturbance policy and value function, respectively,
with the NN weights trained with a least-squares approach. However, the convergence of the NN ap-
proximation is not proved, which is later shown in (Zhu et al., 2017).

Nonetheless, these algorithms (Modares et al., 2015; Qin et al., 2016; Zhu et al., 2017; Li et al.,
2014; Perrusquia & Yu, 2021; Lin et al., 2023; Zhang et al., 2018) require either long initial data collec-
tion times or an initial stabilising control action, which may be difficult to always attain in a model-free
way. In this sense, Vamvoudakis (2017) used an online Q-learning algorithm to relax the dependence
on an initial stabilising control action for online learning. Another result uses a modified version of the
DDPG algorithm and an actor-disturber-critic architecture (Lee & Lee, 2025), to solve the 2-ZSG, apply-
ing it to quadcopter tracking control, without any reliance on initial stabilising controllers, but is trained
offline.
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The game-based methods described herein lead to #, controllers that can be learned online or offline
from interacting with the environment (i.e. without the need to know the system dynamics), and also
show convergence to 7, controllers designed in a model-based fashion. These ADP methods present
robustness to external disturbances; however, for robustness to model uncertainties, care must be
taken when designing the weights used for controller synthesis.

2.3.2. RL-control with robustness properties

Model-free reinforcement learning (RL) algorithms are usually trained in a simulation, with an agent
being able to interact with a simulated environment. However, there may be an inherent difference
between the simulator and the real world, as the modelling parameters cannot be perfectly created
to reflect the real-world testing environment. Such differences may come from modelling and approx-
imation errors when creating the model, real-world parameters changing in real-time with interactions
that remain unmodelled, or adversarial disturbances coming from the environment. Such a mismatch
between the modelled and real environment — even if relatively small — can significantly degrade the
performance of the trained RL agent. To address this sim-to-real gap, robustness to these unmodelled
disturbances and uncertainties must be considered (Moos et al., 2022).

Moos et al. (2022) presents a similarity between robust reinforcement learning (RRL) methods to im-
prove the robustness of RL algorithms to uncertainties, modelling errors and disturbances - variability
in the transition probabilities. This variability can be achieved in four main approaches, each of them
representing a component of the state transition: (i) Transition robust - changing the transition prob-
ability function directly (altering P); (ii) Disturbance robust - applying environmental disturbances to
represent changes in the model parameters (altering s;1); (i) Action robust - manipulating the actions
of the agent with an adversary (altering a:); or (iv) Observation robust - manipulating the agent’s ob-
servations of the state (altering s,). Using these four approaches, several methods can be found in the
literature that aim to improve the robustness of RL, with varying levels of system description (low or
high dimensional, DT or CT) and guarantees of stability and convergence.

The Robust Markov Decision Process (RMDP) framework was proposed by lyengar (2005) and Nilim
and El Ghaoui (2005) to improve the robustness of the MDP (described in Section 2.1). While the MDP
considers a fixed transition probability function P, such that s; 1 ~ P(s;, a;), the RMDP formulation ex-
tends this to a set of transition probability functions P (where P € P, therefore being a transition robust
design), therefore considering an uncertainty set of model parameters (assuming that the unknown
actual model parameters lie in this set). The objective is to then find an optimal robust policy which
maximises the reward under the worst model. Similarly to the treatment given in the previous section,
where the # . control problem can be solved through the lens of a two-player ZSG, the RMDP can be
likewise seen as a min-max problem, maximising the reward while minimising the performance of the
model. This formulation of the RMDP requires knowledge of the system dynamics and is therefore not
suitable for model-free RL. Additionally, this result is only tackled for the low-dimensional/tabular case,
and it is unclear how to obtain the mentioned uncertainty sets (Tessler et al., 2019).

Due to the curse of dimensionality, the RMDP formulation of lyengar (2005) becomes intractable
for high-dimensional state-spaces. To combat this, linear or nonlinear function approximators can be
used, with deep neural networks (nonlinear approximators) already being commonplace for non-robust
reinforcement learning. Linear approximators instead maintain better convergence guarantees while
also mitigating the curse of dimensionality. Panaganti and Kalathil (2021) used linear approximators
(instead of deep NNs) for the Q-function in a model-free robust MDP, where an uncertainty set of tran-
sition probability functions was created regarding a confidence region around an unknown nominal
model, and a least-squares policy iteration algorithm was used to find the optimal robust policy. Wang
and Zou (2021) use a similar approach, though with a different definition of the uncertainty set being
used to ‘robustify’ Q-learning and a temporal-difference learning scheme.

Another recent approach involving transition robust RL aims to provide a more general robustness
framework (for both discrete and continuous domains), by considering an uncertainty set of candidate
transition probabilities (or dynamics models) bounded by an e-Wasserstein ball around some learned
reference dynamics (Abdullah et al., 2019). This result uses deep neural networks to parametrise the
policies and transition models, leading to agents which can determine robust policies under worst-case
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models/disturbances, using Wasserstein distance constraints to bound the search spaces and ensure
convergence to feasible transition models, using € as a ‘degree of robustness’ hyperparameter. This
Wasserstein Robust Reinforcement Learning (WR?2L) algorithm was compared against other RRL and
non-robust RL frameworks in various MuJoCo environments (Brockman et al., 2016), outperforming
these methods in the given benchmarks.

Developed in parallel with the definition of the RMDP, which leads to robustness through variability in
the transition probability function itself, Morimoto and Doya (2005) considered robustness by applying
environmental disturbances to the agent, to represent both input disturbances, and modelling errors
(i.e. action robust RL). This approach stems from the #., control setting, where again the problem is
set up as finding the min-max solution of a value function, as in Equations 2.11 and 2.12. Morimoto
and Doya (2005) propose a model-free actor-disturber-critic architecture, leading to a min-max game
where the actor aims to minimise the cost through the control policy and the disturber aims to maximise
it through the disturbance policy. Function approximators (radial basis functions) are used to represent
the action and disturbance policies and the value function, respectively. This scheme is applied to
some low-dimensional nonlinear systems, leading to robustness to changes in model parameters. It
was also shown that this RRL method coincides with the ., control solution in the linear-quadratic
case, as further detailed in (Lewis et al., 2012).

Building on the results of robust reinforcement learning, Pinto et al. (2017) propose a framework
for robustness to disturbances and modelling errors by explicitly considering adversarial disturbances
to the actor. The MDP is modified to define a 2-ZSG between an actor (7) and a destabilising adversary
(7), such that M = (S, A, A, P, R, ), where A is the set of adversary actions. This Robust Adversarial
Reinforcement Learning (RARL) algorithm is designed for the aforementioned Markov game with con-
tinuous state and action spaces and uses deep neural networks as nonlinear function approximators,
making this scheme amenable to a large variety of applications. RARL performs its learning in an of-
fline fashion, optimising the two agents sequentially, initially learning the actor policy while holding the
adversary fixed, and then vice-versa, repeating until convergence is reached. The algorithm was tested
experimentally in several MuJoCo domains, achieving robustness against adversarial disturbances and
model parameter changes. However, Pinto et al. (2017) do not give theoretical guarantees of stability
or convergence (Tessler et al., 2019; Zhang et al., 2020a), limiting its safety and application to online
training.

The results of RARL have also been applied by other authors attempting to improve on its results.
One flaw with learned adversarial disturbances is that the level of variation seen during training of the
disturbance policy may not be large enough, wherein high-risk/catastrophic disturbance policies may
not be actively sought out or encountered by the adversary. Thus, the risk-averse RARL algorithm (Pan
et al., 2019) tackles this by introducing a notion of risk (through the variance of an ensemble of value
functions), where the agent will be risk-averse and the adversary risk-seeking - though this requires the
agent to be trained alone initially to be able to cope with the risk-seeking behaviour of the adversary.
This offline scheme results in fewer catastrophic events during testing on a discrete autonomous driving
model. Another interesting use of the RARL framework was its application to performing model-free
pu-synthesis (Keivan et al., 2022). The D-K-iteration (with static D scaling) mentioned in Section 2.2 was
performed in a model-free fashion, where the K-step uses a modified RARL algorithm (Zhang et al.,
2020a) and the D-step uses a model-free finite difference approximation.

Another approach to introducing robustness to reinforcement learning is to add disturbances not to the
state (as previously discussed) but to the action (i.e. action robust RL). Applying perturbations to the
action directly also leads to robustness, as deviations in the action space also simulate environmental
changes. This concept was applied by Tessler et al. (2019), proposing two modifications to the MDP, the
probabilistic action robust (PR) and noisy action robust (NR) MDP, with a joint policy mixing the actions
of an agent and adversary (hence adding perturbations to the action). These two MDP formulations
differ in how they encode action robustness, where the PR-MDP results in a deterministic policy (Equa-
tion 2.13) that encodes robustness to sudden/impulse adversarial actions, while the NR-MDP results in
a stochastic policy (Equation 2.14) that encodes robustness to constant interrupting disturbances. For
both methods, the effect of the adversary is controlled solely through the o hyperparameter.
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T = (1 — o)1 + aF (2.13)

F?v%ir = EbNﬂjN;f ]la:(l—a)b+a5] (2'14)

These action robust MDPs were combined with DDPG to create an offline RRL algorithm, the ac-
tion robust DDPG (AR-DDPG, with two variants depending on whether the PR- or NR-MDP are used).
This algorithm was applied to various MuJoCo robotics domains, empirically resulting in better robust-
ness than the baseline DDPG algorithm, even leading to better performance without perturbations (i.e.
with o = 0) than the baseline. The advantage of this method over the transition robust designs is that
it does not require any definition or knowledge of the uncertainty set, as it is implicitly defined through
«. In another study (Deshpande et al., 2021), AR-DDPG was applied to quadcopter control for a way-
point navigation task considering the presence of both environment as well as parametric uncertainties,
showing promising robustness results. Another study also used the concept of adversarial attacks to
create an RRL framework (Tan et al., 2020), which uses additive perturbations to the action during
training to improve robustness.

Modelled in a similar fashion to action robust RL designs, observation robust designs can be used to
give variability to the state transition probabilities (and hence robustness to disturbances and uncer-
tainties). This can be done by generating adversarial attacks on the agent’s observations, in a similar
manner to how generative adversarial networks work. This was done in several studies, by adding
noise to the state observation (which can be randomly sampled or gradient dependent) and applied to
Atari games (Huang et al., 2017) and several MuJoCo domains (Pattanaik et al., 2017). Another ap-
proach perturbs the agent observations with a bounded function, aiming for better robustness to sensor
noise (Zhang et al., 2020b). This method can be applied to other non-robust RL algorithms (e.g. PPO
or DDPG) to improve them.

2.3.3. Reinforcement learning with stability guarantees

One of the limitations of reinforcement learning mentioned in Section 2.1 is its lack of theoretical sta-
bility and convergence guarantees during training. This can lead to the controller diverging during
online training, destabilising the system, and severely reducing the safety of implementing a classic
reinforcement learning-based controller. Even though these controllers can find applicability without
the guarantees of stability during training (even for flight control (Dally & Kampen, 2022)), it would be
advantageous to find methods that assure stability during training, leading to safer RL.

One approach to enforcing stability in reinforcement learning is the one by Kretchmar et al. (2001). The
aim of this research was to learn robust controllers with improved performance through RL while observ-
ing actual controlled behaviour (i.e. online learning), while guaranteeing that learning remains stable
even as the network parameters are being altered during training. Integral quadratic constraints (IQC)
are a tool for verifying the stability of a system with uncertainty and capture uncertainty descriptions.
Two IQCs are used to convert the nonlinear dynamics of the hidden layer of a NN into an uncertainty
function, and another one to account for the slow time-varying network weights by bounding their rate
of change.

With these two IQCs, a nominal robust controller can be constructed from the system dynamics,
guaranteeing the closed-loop stability of the system, and a feedforward NN is added in parallel. The
two IQCs are applied, IQC-analysis can be used to calculate the maximum allowed perturbation for the
network weights still leading to a stable controller, and these perturbation bounds are used to safely
adjust the NN weights, which are trained with Q-learning.

One of the main limitations of this result is its dependence on knowledge of the system dynamics.
Even if the nominal robust controller were synthesised in a model-free manner, the IQCs that provide
the boundedness of the learning process require the model to be computed. Other results that use
the same 1QC framework to inject stability guarantees into the RL process (Anderson et al., 2007; Qin
et al., 2012; Jin & Lavaei, 2018) lead to the same limitation.
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Connected with the notion of placing bounds on the gradient of NN weights, as previously mentioned,
bounds can also be placed on the control action provided by a reinforcement learning controller. The
aim of this idea is to enforce the same provable robustness criteria of robust control in reinforcement
learning control policies. Donti et al. (2021) tackle this problem by projecting the outputs of a nominal
NN-based controller onto a space of stabilising control actions constructed from robust control specifi-
cations.

Starting from any common RL algorithm (in this case PPO (Schulman et al., 2017)), the resultant
NN-parametrised policy (7y) can be transformed into a robust policy given a projection P onto some
safe set C(x) (set of all actions for a given state = guarantees to satisfy an exponential stability condi-
tion), as seen in Equation 2.15. This approach was applied to several nonlinear dynamic systems, such
as a cart-pole system, a planar quadrotor and a micro power grid, showing performance improvements
under adversarial disturbances compared to ‘classic’ PPO and RARL (Pinto et al., 2017).

o () = Pe(a)(To(z)) (2.15)

However, this result falls into the same limitation as its IQC-based counterparts, where even though
the base reinforcement learning algorithm does not require the model to be trained, creating the safe
set C(x) and the associated projection P, does require the system dynamics.

As noted, the previously mentioned methods to inject robust stability guarantees into reinforcement
learning require the system dynamics to construct the necessary bounds and safety projections that
lead to the guarantees. Inspired by this lack of fully autonomous robust control design with reinforce-
ment learning, Wang et al. (2022) introduces a novel scheme for solving the nonlinear robust control
problem online in a model-free way. The result from Donti et al. (2021) is learned without using the
system dynamics and the reliance on an initial admissible control is removed. Three NNs are employed
to learn the control policy, the value function and an additional model-dependent term.

As opposed to attempting to learn the projections onto safe sets, Wang et al. (2022) instead pro-
poses a new value function (£™(x)) formulation that encodes the same robustness objective in Equa-
tion 2.16. The new value function is defined as the infinite-horizon integral of the utility function U,
which is applied to remove the need for an initial stabilising control action.

V™ (z) < —AV™(2) (2.16)

The proposed method was applied to the stabilisation of a simple unstable nonlinear system, to the
tracking control of a deep submergence rescue vehicle and to the stabilisation of a real rotary-inverted-
pendulum, testing the sim-to-real gap of the learning algorithm. The proposed method was compared
with an off-policy ZSG H.., controller (Luo et al., 2015) and a Q-learning algorithm (Vamvoudakis, 2017)
for the first two control tasks, leading to better disturbance attenuation and stable learning online (as
opposed to the off-policy ZSG . controller, which learned the wrong policy for the first task when no
initial admissible control is given).

Motivated by the guarantees of robust # ., control theory, Deep Q-learning (a form of model-free RL)
is placed in a control-oriented perspective, wherein the learning process is converted into an uncertain
LTI system, which can then be explicitly controlled with a robust controller (Varga et al., 2023). While
combining robust control theory and reinforcement learning has been applied to improve the controller
performance, Varga et al. (2023) use it to improve the training performance instead, improving the
convergence properties of learning. Firstly, the Q-learning process is converted into an uncertain LTI
system with the neural tangent kernel (NTK). Using this model, classical H., control techniques (as
the ones described in Section 2.2) can be used to control this system. The authors create both a full-
order mixed sensitivity # ., controller and a fixed-structure #, controller. Unlike the model-based and
model-free synergistic methods later described in subsection 2.3.4, this approach does not require an
actual model of the environment, system or transition probabilities to construct the controller, as the
NTK-LTI does not describe the system itself but the learning process of Deep Q-learning.
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Within the approach of the disturbance robust RL designs described in the previous subsection 2.3.2,
while adding an adversarial disturber to the learning process empirically improves the robustness to
disturbances and uncertainties, those methods provide no theoretical guarantees of either the robust-
ness itself, nor of the stability of the learning process (Moos et al., 2022; Zhang et al., 2020a) (i.e.
while training, the agent may learn a destabilising policy, which would limit its applicability to an online
training algorithm).

Such a limitation of disturbance robust RL was approached by Han et al. (2020), who propose the
Robust Lyapunov Actor-Critic (RLAC) algorithm. This framework learns a Lyapunov function as the
critic policy gradient, which guarantees the mean square stability during learning, leading to a learned
policy that is robustly stable. The offline algorithm also uses an adversarial disturber to select the worst
disturbance for a given state, allowing the agent to learn a policy that is robust against disturbances
and uncertainties, similar to the RARL (Pinto et al., 2017) approach. RLAC was applied to a simulated
cart-pole system, and compared against RARL, SAC (non-robust RL) and a model-based LQR con-
troller, leading to robustness to impulsive disturbances and parametric uncertainty.

Another study has further addressed the lack of robustness and stability guarantees in disturbance
robust RL, namely for RARL. The conventional RARL framework can learn a destabilising policy if the
initial control policy does not exhibit a robust stability property against the adversarial policy (Zhang
et al., 2020a). The RARL framework is then re-examined under the linear quadratic (LQ) robust con-
trol setting, to establish some theoretical guarantees of convergence, robust performance and stability
during training. This results in an LQ double-loop RARL variant that provably converges to the optimal
cost, while maintaining robust stability online, while requiring a robustly stabilising initial control policy.
However, this initial policy can be learned from system data instead of using model-based #.,, control
methods. Unlike RARL, where the agent and adversary are updated sequentially, this LQ-RARL uses
a double loop algorithm, where an outer-loop policy gradient update improves the agent’s policy and
the inner-loop solves the adversary policy for a fixed agent policy.

2.3.4. Synergistic methods

As mentioned in Section 2.2, classic robust control techniques require the system dynamics to be de-
scribed, which may be intractable to accurately create for complex high-dimensional systems. Nonethe-
less, when a model of the system is available, its limitations in terms of modelling errors and uncertain-
ties can be improved upon by combining a model-based controller (e.g. H.. robust controller) with a
model-free reinforcement learning agent.

In many studies, synergising model-based and model-free control techniques, an adaptive aug-
mentation is designed to improve upon the performance of the robust controller. In the ProxFly project
(Zhang et al., 2025b), a cascaded model-based controller is compensated by an offline residual re-
inforcement learning algorithm (trained using PPO). This scheme was successfully applied to a chal-
lenging quadcopter control problem, where a main quadcopter is disturbed by the downwash of other
smaller quadcopters (large disturbances), or the docking of a smaller one on the main quadcopter
(large parameter uncertainty as the inertia of the quadcopter being controlled is altered). Furthermore,
Pi et al. (2021) also apply PPO to a quadrotor control task; instead of using residual reinforcement
learning, they design a model-based disturbance observer and compensator to improve robustness to
environmental disturbances.

Also using the approach of residual reinforcement learning (wherein corrective actions are provided
to a base controller), a model-based mixed sensitivity ., controller mixed with residual RL (trained
using PPO) was used for a blimp control task (Zuo et al., 2023). A mixing logic was used where a
learnable parameter ¢ controls how to combine the two control signals to improve performance and
maintain robustness, following the logic a,izea = (1 — ¢)arr + quy_ . Other studies applied a similar
combination of # ., control and PPO top autonomous vehicle motion (Lelké et al., 2023, 2024), though
with a different mixing logic of actions, which results in safer control by placing the robust controller
as the baseline and minimising the difference between the output of the mixer and the output of the
RL agent. Also to improve the safety of an applied DDPG-based controller, one study implements a
switching logic between the RL controller and a base LQR controller for the flight test validation of the
control system (Shukla et al., 2020), switching from the DDPG-based to the LQR-based when the RL
agent outputs are detected to propagate the aircraft into an unsafe zone.



Research Proposal

This research proposal aims to first identify the gaps in research of robust reinforcement learning, aris-
ing from the literature study in Chapter 2, and then address these gaps with the research questions
defined in Section 3.1, followed by a plan of how to answer the same.

3.1. Research gap and questions

The general goal of this research is to investigate the combination of reinforcement learning and robust
control techniques, combining the adaptability and robustness properties of these two methods, such
that they can be applied to fault-tolerant control of an aircraft.

From the literature review, two approaches to this combination seem most promising for model-free
flight control: robust adversarial reinforcement learning (RARL) techniques and approximate dynamic
programming (ADP) to learn # ., controllers. RARL aims to apply a robust control approach to RL
by learning competing control and disturbance policy using typical RL formulations (e.g., two compet-
ing SAC controllers). While these can learn control policies which are robust to disturbances and are
adaptable to faults (as is also somewhat present in typical RL controllers), RARL policies suffer from
poor stability during learning and have reduced guarantees of convergence, and are hence applied
offline. Even though RARL techniques have been applied to quadcopter control (Deshpande et al.,
2021; Lee & Lee, 2025), and to control of fixed-wing aircraft (Marquis et al., 2025; Liu et al., 2025), the
fault-tolerant control problem has not been addressed.

Model-based #H ., controllers have instead reduced adaptability to faults, as the faulty model is
typically not readily available, making it harder to find a new controller online. ADP aims to improve
this adaptability by removing the dependence on knowledge of the system dynamics, and as such, an
‘H, controller can be learned online. This formulation does profit from guarantees of convergence to
an H., controller designed with access to the system dynamics, and can be implemented online to
perform an adaptation of the controller in either an off-policy or on-policy fashion. ADP approaches
(namely integral reinforcement learning) have been applied to learn # ., controllers for the linearised
F16 short period dynamics, for both regulation and tracking control problems, though fault-tolerance
has not been approached directly.

These knowledge gaps form the basis for the research objective and research questions outlined below.

Research Objective

To enable fault-tolerance through the development of a model-free flight control system for a
fixed-wing aircraft, by investigating how robust control techniques can be coupled with rein-
forcement learning.

From this research objective, three main research questions were identified, each of them detailed
below with respective sub-questions.

17
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Research Question 1

RQ1 Which robust reinforcement learning (RRL) framework is best suited to maximise tracking
performance of an aircraft under disturbances, uncertainty and actuator faults?
RQ1.1 Which RRL formulations (e.g. H.. as min-max problem, robust adversarial RL, stability
bounded/certified RL) are best suited to capture the dynamics of a simple system and
maintain robust stability?

RQ1.2 To what extent does the RRL controller maintain stable performance in the presence
of large model parameter deviations for a simple system?

I r

Research Question 2

RQ2 How can the proposed RRL framework be integrated with the aircraft simulation model for
fault-tolerant flight control?
RQ2.1 What type of control task and faults is the system subject to, and which control archi-
tecture should be designed for this?

Research Question 3

RQ3 What performance and robustness indicators are most appropriate for the RRL controller?
RQ3.17 How well does the RRL controller perform under simple manoeuvres (e.g. tracking
accuracy)?

RQ3.2 How well does the controller adapt itself to faults or large model parameter changes?

3.2. Research plan

This section provides a brief outline of the plan of how each research question will be answered. RQ1.1
was tackled in Chapter 2 with the literature study, examining the different approaches in the literature
to combining robust control and reinforcement learning, and which ones are best suited for model-free
fault-tolerant control. RQ1.2 will be approached by implementing the results for example systems given
in ADP/RL literature (e.g., cart-pole system or the linearised F16 short-period dynamics), evaluating
how well these learned controllers perform in the presence of model uncertainties and disturbances.

RQ2.1 proceeds with the selection of an aircraft model and fault type which can be applied to the
model. A system should be chosen to demonstrate the capabilities of the robust reinforcement learn-
ing algorithm in adapting a robust controller after a fault occurs, for the chosen tracking control task.
The controller learning algorithm will then be implemented for the selected aircraft and the fault to be
evaluated. As such, RQ2 will be answered.

RQ3 aims to evaluate the performance of the learned controller, in terms of performance after
learning has occurred, but also its stability during learning. This will be achieved by evaluating the
tracking performance of a benchmark model-based controller and comparing it to that of the learned
controller. The convergence of the controller during learning will also be analysed to evaluate the adap-
tation of the controller after a fault occurs.

The research is divided into three main phases. The literature study and research proposal take place
in the first 10 weeks of the project. In the Midterm Research Phase (taking place between weeks 10 and
20), a selection of robust reinforcement learning algorithms will be made to be further assessed. Two
to three results stemming from the research described in Section 2.3 will be replicated and evaluated
for their suitability to encompass the research objective. Following this, in the Green Light Research
Phase (from weeks 20 to 34), the chosen algorithm will be applied to the control of an aircraft, which
shall also be selected at this stage. The control task and faults to be examined will be chosen, and
an appropriate control system architecture shall be determined for this aircraft. From there, the robust
reinforcement learning algorithm shall be implemented to design the control policy. Furthermore, the
performance of the trained RRL control system will be investigated in terms of tracking accuracy and
robustness to disturbances and model uncertainty, but also in terms of fault-tolerance. A more detailed
description of the research timeline is given in Appendix A
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Model-free state-feedback 7., control using integral
reinforcement learning for online adaptation to faults

José B. P. M. L. Cunha*

Abstract - H ., robust control is a powerful tool to
design controllers robust against disturbance and model
uncertainties. However, when a fault occurs in the system,
Hoo controllers typically have reduced adaptability to
the fault, possibly requiring costly system identification
steps to adapt the controller to the unknown faulty
model. In this research, integral reinforcement learning
(IRL) is applied to the 7., tracking control problem,
to adapt a controller online without any knowledge of
system dynamics, where only system trajectory data is
available to the learning algorithm. Both off-policy and
on-policy IRL methods are applied to a pitch-rate tracker
for the linearised F-16 short period dynamics, after a
fault of 50% reduction in elevator actuator effectiveness
has occurred. The adapted controller converges to the
model-based controller for the faulty system within 155,
and its tracking performance is compared to that of the
controller for the nominal system.

1 INTRODUCTION

Robust H, control is a controller design tool which
provides stability even in the presence of bounded distur-
bances and model uncertainties. Typical H, controller
synthesis involves knowledge of the system dynamics and
is performed offline (Zhou & Doyle, 1998; Skogestad &
Postlethwaite, 2005). However, when a fault occurs in the
system, it can prove difficult for the controller to adapt to the
fault (Lavretsky & Wise, 2024), as the model of the faulty
system is typically not available online. As such, to improve
the safety and autonomy of aircraft using robust controllers,
it would be advantageous to find methods which improve the
online adaptability of robust controllers.

Adaptive dynamic programming (ADP) is a reinforce-
ment learning (RL) formulation (Busoniu et al., 2010) which
has been used extensively for feedback control (Lewis et al.,
2012). These methods aim to use approximations of the
value function (whether by a linear model or nonlinear
function approximators) to learn control strategies with the
use of online measured system data instead of relying solely
on the system model.

ADP has been very successfully applied to optimal
control problems (Vrabie et al., 2013), wherein the goal is
to find a control policy which minimises a cost function or
performance index. The advantage of using ADP for optimal

*MSc student, Faculty of Aerospace Engineering, Control and Simulation
Section, Delft University of Technology

control is that a control policy can be obtained in an iterative
fashion without having to directly solve the algebraic Riccati
equation (ARE) for linear systems or the Hamilton-Jacobi-
Bellman (HJB) equation for nonlinear systems, even when
the system dynamics are not known (Jiang & Jiang, 2013).
For discrete-time (DT) systems, several ADP formulations
have been developed and applied to various control problems,
such as using dual heuristic dynamic programming (DHP)
and iterative DHP (Werbos, 1992), Q-learning for output
feedback (Lewis & Vamvoudakis, 2011) and incremental
ADP for flight control (Zhou et al., 2018; de Alvear C4rdenas
et al., 2021). However, due to the different structures of the
HJB and ARE between DT and CT systems, the previous
results cannot be readily applied to CT systems. Nonethe-
less, several CT approaches have been developed, by first
discretising the system and using DT-ADP methods (Doya,
2000), model-free optimal control via integral reinforcement
learning (IRL) (Jiang & Jiang, 2012; Lewis et al., 2012),
Q-learning applied to CT systems (Vamvoudakis, 2017) and
for tracking control with constrained inputs (Kiumarsi et al.,
2016; Park et al., 2019).

Hoo control presents a different approach than optimal
control. Game theory provides a different insight into the
design of H., controllers. The equilibrium solution of a
two-player zero-sum game (ZSG) - between a control policy
and a disturbance policy - provides the solution of an H .,
controller (Basar & Bernhard, 2008). ADP has been used
to find the solution of this ZSG online, and with a reduced
dependence on the system dynamics. In general, many ADP
algorithms devised to solve the H ., control problem rely on
the input dynamics of the system. These methods are referred
to as model-based, while other methods extend to completely
unknown dynamics (referred to as model-free). For DT
systems, Al-Tamimi et al. (2007a) presented a model-based
DHP algorithm to solve the ZSG, while others proposed a
Q-learning approach (Al-Tamimi et al., 2007b; Kim & Lewis,
2010) or a policy iteration approach (Kiumarsi et al., 2017)
to make the algorithm model-free. Other approaches have
also been taken to find an H ., controller for fully unknown
DT systems for a series of applications, namely using global
DHP for regulation of nonlinear systems (Zhong et al., 2018),
finding an output feedback controller for linear systems using
policy iteration ADP (Fan et al., 2018; Valadbeigi et al.,
2020) and for tracking control problems for linear (Liu et al.,
2020) and nonlinear systems (Hou et al., 2020).

Similarly, the structure of the associated ARE or the
Hamilton-Jacobi-Isaacs equation differs between DT and



CT systems, and hence different methods were developed.
Morimoto and Doya (2005) proposed an ADP approach
to solve an H, control problem for CT systems, though
requiring full knowledge of the system dynamics. Removing
the dependence on the system matrix, Vrabie and Lewis
(2011) used CT-HDP to solve the ZSG online for linear
systems, while a simultaneous control and disturbance policy
update algorithm was proposed for nonlinear systems (Wu &
Luo, 2012; Luo et al., 2015).

Extending the ADP algorithms to a model-free solution
to an Ho controller, Li et al. (2014) applied IRL to find
an online on-policy solution for a regulation problem for
linear CT systems, while Qin et al. (2016) used the same IRL
approach but for off-policy learning. This result was later
extended to nonlinear systems (Zhu et al., 2017; Perrusquia
& Yu, 2021). For a tracking control problem, Modares et al.
(2015) used an off-policy ADP method to remove the depen-
dence on the system dynamics, which was later extended to
tracking with input constraints for linear systems (Ahmadi
et al,, 2025) and with saturating actuators for nonlinear
systems (Zhang et al., 2018). A similarity between these
aforementioned H ., tracking controllers is that they require
a discount factor to be used in the cost function to ensure that
it is always bounded, and the controller structure consists of
augmenting the system with the reference dynamics to be
tracked. However, the discount term alters the disturbance
attenuation condition present in Ho, control, and is only
valid for certain values of the discount factor (Modares et al.,
2015). Thus, to better align with classic H, controller
design, the disturbance attenuation condition should be left
unchanged, and a different controller structure chosen.

The contribution of this research is to improve upon the
adaptability of robust controllers by developing a model-free
adaptation to a nominal controller after a fault occurs. This
research explores the use of adaptive dynamic programming
(notably using IRL) for robust flight control, using the
linearised short-period dynamics of an F16. Unlike the dis-
counted tracking method used in the literature, this research
approaches reference tracking by augmenting the system
with an integrator, without the use of a discount factor.

This research is structured as follows. In Section 2, the
foundations of using the ARE to synthesise an # ., controller
for CT linear systems are explained and extended to the
solution of a ZSG. In Section 3, a model-free IRL algorithm
is derived, and two variants (off-policy or on-policy) are
applied online using a least-squares method to find the
controller. Section 4 details the application of these IRL
procedures to the online adaptation of an F16 pitch-rate
tracking controller after an elevator fault has occurred,
without knowledge of the system dynamics. Finally, the
conclusions are presented in Section 5.

Notation: ||-|| and ||-||, denote the vector L; and Lo

norms respectively, while |-||., denotes the system Hoo-
norm. Let vec(-) denote the matrix operation where the
columns of a matrix are stacked on top of one another,
returning a vector. Let ® denote the Kronecker product
between two vectors or matrices. Let diag(-) represent a
diagonal matrix with these elements on the diagonals.

2 Ho, CONTROLLER SYNTHESIS USING THE ARE

Consider the following class of linear time-invariant (LTT)
continuous-time systems, described by

i(t) = Az(t) + Byu(t) + Byw(t)

y(t) = Cya(?) (1)
z(t) = Crx(t) + Dyyu(t) + Dyw(t)

where z(t) € R™ is the system state, u(t) € R™ the control
inputs, w(t) € RY the external disturbances, y(t) € R™ the
plant outputs, and z(¢) € R™*™ the performance output. A,
By, By, Cy, C;, D, and D,,, are constant matrices.

The H control problem considers a class of external
disturbance signals with bounded energy such that w(t) €
L5[0,00). For the remainder of the work herein, the con-
trol problem being considered is to find a state feedback con-
trol law which nominally stabilises the closed-loop system,
while also minimising the H .,-norm of the closed-loop trans-
fer function from the external disturbance to the performance
outputs (7% (s)). The latter condition can also be considered
as complying with the following disturbance attenuation con-
dition for all bounded energy disturbances

/OO" (”Z(t)IIQ) dt <~ /OOO (||w(t)||2> it @

where 7 > 0 is a prescribed level of disturbance attenuation
(or performance level). This disturbance attenuation condi-
tion can also be seen in terms of the H ., -norm of the closed-
loop transfer function Ty, ()

i ECI N P01 <y Vu(t) € Ly[0, )

R G

t
sup L2
wo 0@,

= ”TwZ(S)Hoo <7
(3)

The disturbance attenuation condition holds for a prescribed
attenuation level v > v*, where v* is the optimal (or lowest)
attenuation level for which Equation 2 can hold.

The virtual performance output z(¢) can also be thought
of as a weighted function of the state and control input with
static weights, such that

12@)I1* = 2() " Qu(t) + u(t) " Ru(t)

VQx
vV Ru

“)
z(t) =




where ) = CZT C, > 0and R > 0, meaning that both matri-
ces must be positive semi-definite.

To find a suboptimal controller which stabilises the
closed-loop system and which satisfies the disturbance atten-
uation condition in Equation 2, the following controller K
can be used

K=R'B/P  u(t)=—-Kuxt) 5)
where P is the solution to the associated Algebraic Riccati
Equation (ARE), for given values of v,  and R

A"P4+PA-PB,R™'B] P+ ?PB,B, P+Q =0 (6)

As the prescribed disturbance attenuation level used to
solve the ARE may not necessarily be the optimal value ~*,
a ~y-iteration technique (Zhou et al., 1996) can be used to
find the smallest v > 0 for which a solution to Equation 6
still exists. However, as « approaches its optimal value, the
solution to the ARE approaches its feasibility boundary (as
ay > 7" is required for a stabilising solution to the ARE),
leading to extremely large gains of the controller, which
are not practical to apply. This occurs as the Hamiltonian
matrix associated with this ARE will have eigenvalues on the
imaginary axis when v = %, violating the condition for the
ARE to have a stabilising solution, leading to the large gains
when v is close to optimal (Zhou & Doyle, 1998). Instead,
a sufficiently small value of  (i.e., taking fewer steps in the
iteration process) can be used for more practical applications
(Benner et al., 2007).

The weights in (Q must also be carefully selected to
reflect the control task (e.g., regulation or tracking) and the
performance that is required from the system, thus ensuring
that the optimal v* of the closed-loop system is close to one.
As both ) and R scale the optimal performance level, R is
typically set to one, leaving () as the main tuning parameter
for the controller.

In many H., control problems, to better capture the
design requirements (i.e. disturbance rejection, reference
tracking, noise attenuation and control signal reduction),
frequency-dependent weighting functions are used to shape
the performance outputs, better reflecting how different
signals and performance objectives should be emphasised
or attenuated across a range of frequencies (Zhou & Doyle,
1998). However, in this case, only constant weights (through
/@ and v/R) are applied, as the learning algorithm shown in
Section 3 works in the time-domain. This has the limitation
that as the H ., controller works only to minimise the peak of
the closed-loop transfer function 7,., it does not shape the
relevant closed-loop sensitivity functions, leading to uniform
performance across frequencies, poorer robustness margins
and typically higher gain controllers.

The Ho control problem can also be reframed as a two-
player Zero Sum Game (ZSG) (Basar & Bernhard, 2008),

wherein one player tries to minimise a cost function while
another player attempts to maximise it. In this case, a con-
trol policy u(t) minimises a cost while a disturbance policy
w(t) maximises it. Then the solution to the controllers/poli-
cies can be found as the saddle point stabilising equilibrium
of the ZSG. To match the H ., control problem, an infinite
horizon cost function can be made such that it is quadratic
in the states, controls and disturbances, by combining Equa-
tion 2 and 4

J(z,u,w) = / r(x,u,w) dr

o ™

= / (xTQx +u' Ru— *yszw) dr
0

The optimal value function can therefore be found by solving
the ZSG in Equation 8, resulting from the cost function under
the optimal control and disturbance policies (u*, w*).
V*(x) = IrLin max J(x,u, w) (8)
When the system has linear dynamics and an infinite hori-
zon quadratic value function is used, the equilibrium solu-
tion (u*, w*) to the ZSG is equivalent to solving the ARE in
Equation 6 (Basar & Bernhard, 2008; Vrabie & Lewis, 2011),
leading to the same solution for the controller as Equation 5.
The optimal value function V* is found from the ARE solu-
tion (being quadratic in the state), and the optimal policies
follow from it,

V*=2z2" Px

1

u* —inlBva* =—-R'B, Pz ©)
1

w* = 57*2Bgvv* =~72B] Px

where VV* = 9V*/0x. The value function is equivalent
to the cost function under specified control and disturbance
policies, V' (x) = J(z, u, w)|y, w-

One approach to solve the ARE (or equivalently solve
the ZSG arising from the H ., control problem) is using the
Newton-Kleinman method (Kleinman, 1968), a description
of which is given in Algorithm 1. This approach iteratively
updates the controller gains K and L until convergence to the
analytic solution of the ARE.

First, the solution to the controller gains in terms of the
ARE solution K = R™!B] P and L = v 2B, P are ap-
plied to Equation 6

A"P+PA—-PB,K+PB,L+Q=0 (10

Following this, the closed-loop dynamics are substituted into
the above equation, where A,; = A— B, K + B, L, resulting
in the following Lyapunov equation

ALP+PAL+ Q=0 (11)



Qr.=K'B/P-L"B/P+Q

(12)
=K'RK —7’L"L+Q

The Newton-Kleinman algorithm requires initial con-
troller gains K and Ly which render the closed-loop system
stable. From there, an initial solution to the above Lyapunov
equation Py is found. With this solution, the new controller
gains K7 and L; are calculated according to Equation 14.
This is repeated, until P; converges.

It should be noted that this offline algorithm requires
knowledge of the system input dynamics B,, and B,,. In the
following section, a different iterative method is used to find
the solution to the ARE and the controller gains for systems
with fully unknown dynamics.

Algorithm 1: Offline model-based iterative solu-
tion to the Algebraic Riccati Equation (Newton-
Kleinman)
1. Select initial controller gains K and Ly which
stabilise the closed loop system.
2. Find the solution P; to the following Lyapunov
equation, where A, ; = A — B, K; + By, L; and
QL,i =Q - ’}/QL;-I—LZ' + KZTRKl

Ay iPi+ Pidg; + Qi =0 (13)

cl,i
3. From this solution, calculate the new controllers

Kiy1 =R 'BTP,

(14)
L'H—l = 772BIP1
4. Repeat step (2) until convergence as
lim P, =P (15)

1—00

3 INTEGRAL REINFORCEMENT LEARNING SOLUTION
TO THE ARE

Offline methods used to find an H, controller by solving
the associated ARE (such as the one discussed in Section 2
or using MATLAB’s icare!) typically require full knowl-
edge of the system dynamics. Approximate dynamic pro-
gramming (ADP) has been used to learn the H ., controller
that arises from solving an ARE for many control problems,
namely regulation (Wu & Luo, 2012; Luo et al., 2015), track-
ing (Modares et al., 2015) and for systems with saturating ac-
tuators (Zhang et al., 2018; Hou et al., 2020). These were ini-
tially applied to partially unknown system dynamics (where
only the input/noise matrices are required) (Vrabie & Lewis,
2011; Yasini et al., 2015) and further extended to remove the
dependency on knowledge of the system dynamics.

ISolver for continuous-time algebraic Riccati equations, math-
works.com/icare (last accessed 08/05/2026)

In this section, an ADP method is derived for linear
continuous-time systems with no knowledge of the system
dynamics, using the zero-sum game approach to learn the
ARE-based solution to an H., controller. The online im-
plementation of the algorithm is shown using a least-squares
method, being applied in both an off-policy and on-policy
manner.

3.1 Data-driven ADP for an H, controller

Integral reinforcement learning (IRL) (Vrabie et al.,
2013) is an ADP technique which aims to remove the de-
pendency of an optimal or H, controller on the system dy-
namics. The principle of IRL comes from first noting that
the Bellman equation associated with Equation 7 (found by
differentiating the cost function with respect to the state),

0 =r(z,u,w) +VV ' (Az + Byu+ B,w) (16)

depends on the system dynamics. This equation is used to
solve the optimal value function leading to the state feedback
controllers v and w, which is equivalent to solving the ARE
(Bagar & Bernhard, 2008). Taking the integral of Equation 16
on the interval [t, ¢ + T leads to the IRL Bellman equation,

4T
0 z/ (r(m,u,w) —|—VVT3':) dr
t

t+T HT
:/ r(x,u, w) dT+/ —V(x(r)) dr

t+T
V(z(t)) = /t r(z,u,w) dr + V(@ +T)) (17)

which, unlike Equation 16, does not directly depend on the
system dynamics, and is equivalent to the Bellman equation.
From this principle, several algorithms (Lewis et al., 2012;
Xiao et al., 2018; Moghadam & Lewis, 2019) have been
developed to find the solution to the controllers. However,
in the form shown in Equation 17, only the optimal value
function is found, and to then calculate the controllers u and
w, the system matrices B,, and B,, are required.

This can be seen as a policy iteration method, where the
policy evaluation step consists of solving Equation 17 using
admissible policies (which does not require knowledge of the
system dynamics), followed by the policy improvement step,
which uses the optimal value function to iteratively improve
the policies (requiring the system dynamics). Value iteration
algorithms have also been developed using IRL (Vrabie &
Lewis, 2011). To then remove the need for knowledge of
B, and B,, the policy evaluation and improvement steps
can be combined (Li et al., 2014). Adapted from the work of
Li et al. (2014) and Qin et al. (2016), the derivation of the
model-free IRL method follows here.

First, the system dynamics in Equation 1 are rewritten in
terms of the closed-loop dynamics, by applying the feedback


https://mathworks.com/help/control/ref/icare.html
https://mathworks.com/help/control/ref/icare.html

controllers u; = —K;x and w; = L;x.

& = Az + Byu; + Byw; + By (u — u;) + By (w — w;)

= (A - B,K;+ ByL;)x + By,(u — u;) + By(w — w;)

= Ay + Bu(u — u;) + By (w — w;)

(18)

The control and disturbance policies to be learned are
denoted by u; and w;, while the values u,w are the control
and disturbance inputs applied to the system. These do not
have to be the same due to the introduction of excitation
signals or the difference in the controller gains used during
data collection when comparing off-policy and on-policy
algorithms.

Considering that the value function in Equation 7 can be
written in terms of the ARE solution, such that V; = z ' Pz,
its time derivative is calculated, and the value of & substituted
from Equation 18

Vi='Px+a' P
=z APz 42" PiAgx + 2(u — ;)" B) Pz (19)
+ 2(w — w;) ' B Pix

w
From here, Equation 11 and Equation 12 can be used to re-
move the dependency on the knowledge of the system dy-
namics, leading to the following

Vi=—2"Qpir+2(u—u;)  RK; 1x+2(w—w;) 'y Lijqx

(20)
Integrating Equation 20 between ¢ and t+7" for a time interval
T > 0 leads to

Vit +T) = Vi(t) =2t +T) " Px(t + T) — x(t) " Px(t)
= /t+T xTQLJ-x dT

t+T
+2/ (u—ui)TRKiHac dr
t

t+T
+ 272/ (w— wi)TLH_lx dr
t
21

Equation 21 describes the policy iteration algorithm used
in IRL literature (Li et al., 2014; Qin et al., 2016), wherein
the policy evaluation and improvement steps are combined
into one equation, without the need for knowledge of B,, and
B,,. This iterative method (along with other similar ADP and
IRL algorithms) is shown to converge to the same controller
as the one obtained from the ARE, as it can be seen as a
model-free application of Algorithm 1 (Lewis et al., 2012; Li
etal., 2014).

However, as Equation 21 is a one-dimensional equation,
to find P;, K;y; and L;;;, one requires at least Ny >
n(n+1)/2+ nm+ nq equations, which are used to solve for

the unknown parameters with a least-squares method. Equa-
tion 21 is converted into a form more amenable to a least-
squares method, using the following identity: for two ap-
propriately sized vectors a, b and matrix M, it follows that
a"Mb = (a ® b)Tvec(M) (Magnus & Neudecker, 2019).
The different components of Equation 21 are formatted into

(u—u;) REjp1z = (u@ )" (I, @ R)vec(Kiy1)
+(z®x) (I, ® K] R)vec(K; 1)
(22)
(w—w;) " REK; 10 = (w® x) " vec(Liy1)
+(x®x) (I, ® L, )vec(Li;1)

(23)

' Qrir = (x @) vec(Qr,) (24)

The terms for V; = x| P;z are similarly converted in Equa-
tion 25,

T - —x T i T =
2(t+T) Pt + T)—a(t)T Pa(t) )
(z(t)—z(t+T)) P

where P refers to the vector stacking the diagonal and
upper triangular part of P, where the off-diagonal ele-
ments are equal to 2p;;, and Z(¢) denotes the Kronecker
product quadratic polynomial basis vector with elements
{x;(t)x;(t)}i=1,n;j=in. As P is symmetric, the Kronecker
product identity is not used, and thus n(n — 3)/2 equations
can be removed.

Combining the previous equations leads to Equation 21 in
a form more suitable to be solved with least-squares, where
one such equation can be constructed for each sample &
within the time interval T, with a sampling rate of At,

P,
Y |vec(Kit1)| = Ok
vec(Lit1)

kel0,1,...,NJ]  (26)

where

t+(k+1)At
O = / (z® )" vec(QL,i)
t+kAt
Yy =

[(f(t) —a(t+An)",

t+(k+1)At
/ (w® ) (I ® R) + (¢ ® 2)T (I, © K R) dr,
t+EkAt

t+(k+1)At
/ (woz) +(@zez)" (I, L] )dr
t+kAt

The N, different samples can then be collected into a system
of equations,

P.
v VeC(KH_l) =0
(

vec(Liy1)

N



where U = [Vo, Y1, .., ¥N.—1]7 and © =
(00,01, ..., 0Nn. 1] The updated controller gains and
value function are found from the least-squares solution,
given that ¥ has full column rank (i.e., at least N, linearly
independent vectors),
P,
vec(Ki1)| = ute 27
(

vec(Liy1)

where U refers to the Moore-Penrose pseudoinverse.

3.2 Importance of persistence of excitation

To ensure that the least-squares problem has a unique
solution (i.e., rank(¥) > Ny), excitation signals e, and e,,
are injected into the control and disturbance inputs applied
to the system during training, such that v = — K« + e,, and
w = Lx + e,,. This can also be seen as satisfying a persis-
tency of excitation (PE) condition (Narendra & Annaswamy,
1984), as sufficiently rich information is needed in ¥ and ©
such that K and L converge to the analytic gains found when
solving the ARE directly. The IRL algorithm can be seen
as performing an implicit system identification of the B,
and B,, matrices from the input-output data collected while
learning P, K and L, and hence persistently exciting input
signals are required.

In general, two distinct excitation signals (e, and e,,)
are required for convergence to the analytic solution. The
IRL method is formulated as a ZSG between the control
and disturbance policies, and hence, during learning, both
K and L must be learned to find an equilibrium of the
value function. Therefore, e, is required to learn K and
e 1s required to learn L, to both satisfy the PE condition
to identify the controller gains, but also to ensure the full
column rank condition needed for the least-squares solution.

For the IRL methods to converge to the analytic solution
of the ARE, careful selection of the excitation signals is
required. Even though the introduction of persistently
exciting signals does not affect the convergence properties
of the ADP methods (Li et al., 2014), the signals have a
large effect on the accuracy of the convergence of the gains
towards K, and La.. If the signals are not selected such
that they excite the relevant eigenmodes of the system, then
the gains will converge to completely different values than
the analytic ones. Likewise, the signals must not be strong
enough such that they destabilise the system or surpass the
actuator limits of the system.

Some knowledge of the system may therefore be required
to design the excitation signals, to ensure that there is enough
information in the state trajectories and the control/distur-
bance inputs during training, such that a correct identification
of the controller gains can be performed. For some systems,
small zero-mean Gaussian noises may be sufficient to excite

the system, while for others, multisine signals or frequency
sweeps designed around the bandwidth of the system may be
required.

Another important aspect of the choice of excitation
signals relates to the trade-off between safety during learning
and the speed of adaptation of the controller. To ensure that
the states do not diverge too much during learning (thus
leading the system into an unsafe operating regime), the
magnitude of the excitation should be kept relatively small.
On the other hand, too small an excitation may lead the col-
lected data to not be informative enough during the specified
measurement window to ensure that the controller converges
to the analytic result. This leads to slower adaptation of the
controller, and the measurement time needs to be increased.
This concept is similar to the exploration versus exploitation
dilemma in reinforcement learning (Vrabie et al., 2013).

3.3 Off- and on-policy algorithms

With Equation 21, the policy iteration and update step of
the IRL method is defined, while Equation 27 can be applied
iteratively to learn the controllers. Even though these equa-
tions form the basis for an online solution to the ARE using
only input-output data, different approaches can be taken to
learn the controllers, namely, with respect to how and when
the policy is updated in the learning process. For an off-policy
learning method, a different policy is used for collecting data
than the one that is being updated, whereas on-policy meth-
ods improve the policy which is being used to generate the
data.

Two different online model-free IRL algorithms were im-
plemented, particularly an off-policy (Algorithm 2) and an
on-policy (Algorithm 3) version. The main difference in the
implementation of these algorithms comes from the definition
of the (u — u;) and (w — w;) terms in Equation 21. For the
off-policy algorithm, only the initial control and disturbance
policies are used to generate the data (with the excitation sig-
nals added onto these), whereas for the on-policy algorithm,
at each iteration, different policies are used. These differ-
ences are summarised below.

Off-policy: u=—-Koz+e, , w=Lg+ey
u—u; = —Koxr+e,+ Kz
w—w; = Lox + ey — Lix

On-policy : u=—-K;x+e, , w=L;+ey

u—u; =—Kix+e,+ Kix=ey

w—w; = L;x+e, —Lix = ey

The other main difference between the methods is at
which point of the data collection step the policy iterations
occur. For the off-policy algorithm, input-output data is col-
lected during a large time window, after which all the policy
iterations occur consecutively, reusing the same state trajec-
tories, inputs and disturbances that were collected. On the



other hand, the on-policy algorithm collects data for a typi-
cally shorter time window, and performs only one policy iter-
ation, after which more data is collected using the new poli-
cies and the process is repeated.

The number of iterations n;; and the time window size T’
are some of the main hyperparameters to fine-tune the perfor-
mance of the algorithms, along with the selection of excita-
tion signals and the initialisation of the control gains (K, Lg)
and the state (xg). It should be noted that, as both algorithms
are applied online, the initial state cannot be reset after each
iteration for the on-policy version, which is a common tech-
nique to improve stability in ADP/RL methods (Andrychow-
iczetal., 2021).

Similarly to how the Newton-Kleinman algorithm re-
quires initial stabilising controllers to converge to the ARE
solution, this IRL policy iteration method also requires the
initial controllers K and L to stabilise the closed-loop sys-
tem. Such a requirement is needed for learning stability, as
without an initial stabilising controller, the state trajectories
could diverge when excited with e,, and e,,, as the closed-
loop system would be unstable. Thus, the identification of the
controllers from input-output data for the following iteration
would not be correct, and the controller would not converge
to the analytic ARE solution. In general, this condition can
be quite complex to achieve in a completely model-free man-
ner, especially if the system is not open-loop stable, as some
information about the system dynamics would be needed to
find an initial controller to be adapted.

Algorithm 2: Online off-policy model-free IRL for
H o control

1. Given the initial stabilising controllers with added
excitation signals u = —Kyx + e,, and
w = Lox + ey, collect the state trajectories with
these inputs for 7" seconds.

2. Solve Equation 27 to find P;, K;1; and L; ;.

3. Re-use the state trajectories collected in step (1)
and the new control gains to again solve
Equation 27.

4. Repeat step (3) until the gains have converged.

4 TRACKING CONTROL WITH FAULT ADAPTATION

In this section, the H o, tracking control problem is intro-
duced, and the associated ARE is first solved using the system
model to find a state-feedback controller for the linearised F-
16 short-period dynamics. Following this, the ADP learning
methods described in Section 3 are applied to the tracking
control problem, wherein a fault is first introduced to the sys-
tem, and the controller is adapted online to this fault. Finally,
the adapted controller is evaluated on a pitch-rate tracking
task.

Algorithm 3: Online on-policy model-free IRL for
H oo control

1. Given the initial stabilising controllers with added
excitation signals u = —Kyx + e, and
w = Lox + ey, collect the state trajectories with
these inputs for 7" seconds.

2. Solve Equation 27 to find P;, K; 41 and L; 4.

3. Update the control and disturbance inputs with
the new controller, such that for the i iteration, the
inputs are u = —K;z + e, and w = L;x + e,,, and
collect the state trajectories for another 7" seconds.

4. Again solve Equation 27 using the new collected
state trajectories.

5. Repeat step (3) and (4) until the gains have
converged.

4.1 Tracking control problem

Consider an LTT system as in Equation 1. To create a con-
trol augmentation system (CAS), such that one of the states
tracks a reference signal, one can augment the state with an
integral of the tracking error, such that X = [z, 2;]T, where r
is a reference to be tracked and .. is the output which should
follow the reference. Therefore, the integral tracking error is

defined as .
;= /t <r(t) - yr(t)>d7

With this extra state, the augmented plant dynamics can be
constructed as

HR

Cyr 0

The system that shall be used in this study to apply the
IRL algorithms described in Section 3 is the linearised F-
16 short-period dynamics (trimmed at steady and level flight
with a speed of Vp = 502ft/s and a centre of gravity po-
sition at z.,, = 0.35¢) (Stevens et al., 2016). The system
matrices for this flight condition are given below, where the
states © = [«, ¢, 0] consist of the angle of attack (rad), the
pitch rate (rad/s) and the elevator deflection (rad), and the in-
put is the commanded elevator deflection u = 6™, A fast
first-order actuator is used to model the elevator deflection,
such that §, = —20.26, + 20.26¢™4,

B,
0

xT

+ U+

0”1“1 r (28)

X

—1.01887 0.90506 —0.12318 0
A= 082225 —1.07741 —10.058 B,=1]0
0 0 —20.2 20.2
C = Hg D= 03><1



The goal is to design a pitch-rate tracker CAS for this sys-
tem, and hence the plant augmentation shown in Equation 28
is used, where C,,, = [0,1, 0] (as the second state, g, is the
one that should track a reference).

& —~1.01887  0.90506 —0.12318 0] [«
g| | 082225 —1.07741 -10.058 0| |¢
be| 0 0 —20.2 0| |6
di 0 -1 0 0] la

0 0

0 0

Tlooa| " T o] "
0 1
(29)

With access to the system matrices, a state-feedback con-
troller can be synthesised using the ARE in Equation 6. As
discussed in Section 3, the weights @ and R must be care-
fully designed to reflect the tracking control problem, and to
ensure that a close-to-optimal controller is found with an at-
tenuation level v = 1. To this sense, the diagonal matrix @
(which will now have four entries on the diagonals due to the
added integrator state) is chosen to penalise the ¢; tracking
error, but also apply some smaller penalty to the other states,
as seen in Equation 30. The matrix R is selected as R = 1.

Ga = 0.5 0 0 0
0= 0 q,=0.5 0 0
0 0 g5, = 0.051 0

0 0 0 qq = 12

(30)
With @) and R chosen for this control problem, the ARE
can be solved, wherein a ~y-iteration bisection algorithm is
employed to find a controller such that |7, ||, ~ 7*. The
optimal performance level is found to be v* = 0.976, which
leads to a controller or extremely large gains, which would
not be practical to apply. Instead, as mentioned in Section 2,
~ can be slightly increased away from the optimal value, lead-
ing to the following controller with v = 0.9998.

Kare=[3.668 —79121 2951 52.36]  (31)

This controller can then be evaluated on a simple pitch-
rate tracking task, to ensure that the weighting matrices are
being correctly chosen, and that the physical actuator limits of
the model are not being surpassed (namely, for a commanded
1deg/s pitch-rate, the elevator deflection rate should not ex-
ceed +2.4 deg/s). Figure 1 shows the tracking response un-
der the state feedback law u = — Kz, leading to a fast rise
time of 217 ms, while Figure 2 shows the elevator deflection
rate, which is shown to be within limits.
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Figure 1: Tracking response of the nominal system to a
1deg/s pitch-rate command using Ky

Elevator delfection rate (5e), deg/s

Time, s

Figure 2: Elevator deflection rate during pitch-rate tracking
using Kape.
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Figure 3: Singular values plot of Ty, (8) of nominal system
using K.

The singular values of the closed-loop transfer function
Tw-(s) are shown in Figure 3, where the effect of the H



controller can be seen, reducing the peak of Ty, (s) to the
performance level +. This plot also shows the limitation of
only using constant weights @ and R, as T,,,(s) cannot be
shaped at low or high frequencies to better reflect the desired
performance requirements, and hence only the peak of this
transfer function is reduced.

4.2 Fault adaptation with IRL method

Solving the ARE directly to find the state feedback track-
ing controller requires full knowledge of the system dynam-
ics. To remove this reliance, the IRL algorithms described
in Section 2 can be applied to this tracking control problem,
to find an H . controller online. As described in Section 1,
the goal is to learn an online adaptation to the H ., controller
after a fault is introduced, without knowledge of the system
dynamics. For this research, the moment in which the fault
occurs is assumed to be known, thus no fault detection meth-
ods are integrated. The fault in question is a 50% reduction in
elevator actuator effectiveness, reflected in a reduction to the
input matrix, and leading to the following actuator dynamics

Bf =0.5B, (32)

5o = —20.26, + 10.16™ (33)

Even though the faulty model is typically not available
during flight, as a benchmark for the convergence of the IRL
algorithms, the ARE can be solved for the faulty system, lead-
ing to the controller which should be achieved after learning.
Due to the reduction in elevator actuator effectiveness, it is no
longer feasible to request the same performance as with the
nominal system, and hence, the () weights should be reduced
to lead to the same optimal v as the nominal system. With the
new weights chosen as Qf = diag(0.25,0.25,0.025, 6), the
ARE controller for the faulty system is the following, with a
performance level of v = 0.991

Kl =|-0.07265 —3.876 1.686 13.699} (34)

To better evaluate the stability robustness of these
model-based controllers (comparing the nominal and faulty
controllers), the gain and phase margins can be found
from the Bode plots of the input loop transfer function
L;(s) = K(s)G(s) and output loop transfer function L, =
G(s)K (s), where G(s) is the respective transfer matrix of the
augmented plant defined in Equation 29 and Equation 32, and
K (s) is the respective controller. These margins are detailed
in Table 1. Such high stability margins at the plant input are
expected from a controller such as this, due to its similarities
with an LQR controller for tracking (which also possesses
excellent stability margins at the plant input).

Table 1: Stability margins of input and output loop transfer
functions for nominal and faulty systems with respective
nominal and faulty model-based controllers.

Margin Nominal system | Faulty system

GM(L;) 400 dB 400 dB

PM(L;) 83.6° 80.5°
GM(L, 4,) 22.2dB 21.5dB
PM(Lo,q4,) 69.4° 73.2°
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Figure 4: Bode plots of input loop transfer function L; of
nominal system with K,,, and faulty system with K7
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To now adapt the controller for the nominal system with-
out knowledge of the faulty system dynamics, one must first
consider one of the main assumptions of the IRL methods
used, namely the need for an initial stabilising controller. As
the augmented system is not open-loop stable due to the pole
at zero introduced by the integrator state, a null initial con-
troller of all zeros cannot be chosen, and another initial con-
troller must be found. This is not the case for a regulation
problem for this system, as it is open-loop stable, a null ini-
tial controller can be used, and a controller can be learned in a
fully model-free sense using ADP techniques, as has already
been studied in the literature (Li et al., 2014; Qin et al., 2016).

As the aim of this research is to adapt a controller after a
fault, a possible initial controller would be one used for the
nominal system, shown in Equation 5. However, depending



on the fault, the controller used for the nominal system may
not be stabilising for the faulty system, and another controller
needs to be found to initialise the IRL algorithms. For the
system and fault being treated here, the ARE-based controller
for the nominal system stabilises the faulty system, and hence
can be used as an initial controller.

Applying Algorithm 2 and Algorithm 3, an H ., tracking
controller can be found using either off-policy or on-policy
IRL, respectively. For the simulation of the system dynam-
ics, a sampling rate of 100 Hz was used. Table 2 details the
parameters selected for both algorithms. The persistence of

Table 2: Parameters selected for IRL learning process of
Algorithm 2 and Algorithm 3.

Parameter Off-policy On-policy

T 15s 2.5s8

Niter 6 6

Ky, Lo ARE solution for nominal system

20 [0,0,0,0] " [0,0,0,0]T  for
first iteration then
x(iT) for (i +1)®
iteration

excitation condition is satisfied through the use of the exci-
tation signals e,, and e,,. These were carefully chosen for
this system, and hence also require some domain knowledge
of the system, just as in the selection of the initial stabilising
controllers. These were defined as the following multisine
signals, also shown in Figure 5.

eult) = (0.28 sin(0.7¢ + 0.1)

(
0.18sin(2.1¢ + 0.8)
0.12sin(4.8t + 1.5)
(

0.08 sin (8t + 0.2))
(35)
ew(t) = (0.12 sin 0.5¢ + 0.3)

0.08sin(1.6t + 1)
0.05sin(3.6t + 0.6)

0.03 in (6.2t + 1.8))

Using the aforementioned settings, the two IRL algo-
rithms yield the controllers in Equation 36, with very small
differences to the model-based controller for the faulty sys-
tem, where the off-policy version yields a controller which is
slightly closer to K/, than the on-policy controller. The re-
sulting performance levels of each controller are voi = 1.02
and 7o, = 0.994 respectively. The convergence of the con-
trollers for the two algorithms is seen in Figure 6 and the state
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Figure 5: Excitation signals e,, and e, used during IRL

process.
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Figure 6: Convergence of the controllers from the off-policy
and on-policy algorithms to the analytic ARE-based
solution.

trajectories during learning in Figure 7.

KoffZ[—O.O7252 —-3.878 1.687 13.71}

Konz[—0.07374 —-3.897 1.715 13.77} (36)

|| Kot — K7|| = 0.00897
||Kon — K.|| = 0.0852



From Figure 6, each controller has similar convergence
properties, requiring 5 to 6 iterations of the algorithm to learn
the controller. The first few iterations seem to overshoot the
analytic solution; for the on-policy version, this is evident in
Figure 7b as a large spike in the state trajectories. However,
with further iterations, the controller does converge to the
analytic ARE solution. One of the main differences in the
learning process between the off-policy and on-policy IRL is
seen in Figure 7, where the state trajectories remain relatively
small for off-policy learning, while for the on-policy version,
they diverge during one of the iterations. This demonstrates
the previously described trade-off between safety and speed
of adaptation, as the excitation signal needs to be exploratory
enough during this time window for efficient adaptation of
the controller, with the detriment that the states become large
for some seconds. This does not occur during off-policy
learning, as a single stabilising control policy is used to
collect data, and the adaptation steps occur at the end of a
large data collection step.

Plotting the movement of the system’s closed-loop
poles (seen in Figure 8) shows that during learning, the
controller does not always stabilise the system, as after the
first iteration, there is a pole on the right-hand plane. For
off-policy learning, this destabilising controller does not
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affect safety during learning, as the controller is iterated
upon until convergence to the analytic solution before it is
used. Conversely, for on-policy learning, this destabilising
controller can pose a safety threat as the state will start to
diverge (as seen in Figure 7b). For this reason, the measure-
ment window should be kept relatively low to not allow the
state to diverge too aggressively, while also allowing the data
to be informative enough for the adaptation to occur.

With the H state-feedback tracking controllers learned
through the IRL methods, their tracking performance can
be evaluated and compared to the analytic solution found
through the ARE for the faulty system (K ,ﬂe), and also to the
controller for the nominal system (K. ). The response of the
system to a tracking task for the various controllers can be
seen in Figure 9. Due to the reduction in elevator actuator
effectiveness and consequent reduction in the demanded
tracking performance by altering (), the rise time of the
response is slowed down to 465 ms for a 1deg/s pitch-rate
command. The effect of reducing ) can be further seen
in the response of the faulty system with the controller for
the nominal system, wherein it achieves similar tracking
performance to that of the nominal system, though requiring
a much greater control effort, and violating the elevator
deflection rate limits for this manoeuvre.
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States

Elevator delfection, deg
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(b) On-policy IRL

Figure 7: State trajectories during learning. For the off-policy version, this represents the single data collection step, whereas
for the on-policy version, it represents the various data collection steps and subsequent controller update (separated by the
vertical dashed lines).
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Figure 8: Movement of closed-loop poles during the
learning processes. Iteration begins at the pole marked by a
square and ends at the pole marked by a star.

One can also compare the closed-loop transfer functions
Tw=(s) of the systems with the different controllers, as
seen in Figure 10. Since the ADP-learned controllers are
quite similar to the analytic ARE-based controller for the
faulty system, their closed-loop transfer functions are almost
identical. Likewise, the performance levels of the nominal
and faulty controllers should also be very similar, as the
@ weights were altered for the faulty controller to account
for this. For the faulty system using the nominal controller,
this leads to a large performance level of vy 1.77, as
the demanded performance is too aggressive for the faulty
system (which was also noted in Figure 9b).

5 CONCLUSION

In these results, integral reinforcement learning was
applied to learn an online adaptation to an H., tracking
controller after a fault had occurred in the system, without
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Figure 9: Pitch-rate reference tracking comparison of the
analytic and learned controllers.

any knowledge of the system dynamics. A continuous-time
LTI model of an F-16’s short-period dynamics was used for
a pitch-rate tracking task, where a fault that reduced the
elevator actuator effectiveness had occurred. Two model-
free versions of the policy iteration learning method were
applied, depending on when the control policy is updated
(off-policy and on-policy), adapting the value function and
the control and disturbance policies simultaneously. The
learned state-feedback controller was shown to converge to
the model-based controller, where the injection of excitation
signals into the plant inputs allowed for the learning of the
controller without access to the system matrices.

Although the IRL algorithms do not seem to require any
information about the system model, some knowledge of
the system is still required for the design of the excitation
signals and for the choice of initial stabilising controller for
the iterative scheme. Applying the online on-policy learning
algorithm can also come at the expense of reduced safety, as
the initially learned policies can be destabilising, and hence
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Figure 10: Comparison of singular-value plots for the
different closed-loop transfer functions Ty,.(s) using
different controllers.

the data collection windows between controller updates
should be kept relatively small.

For future research into the use of ADP and reinforce-
ment learning to find H, controllers without access to the
model, one could extend the methods described herein to
nonlinear continuous-time systems, or to the coupled lateral
and longitudinal dynamics of the F-16, as well as explore
other control structures, namely output feedback or taking
into account constrained/saturated inputs.
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Sensitivity Analysis of ADP
Algorithms

Additional tests on the controller can aid to improve the performance of the learning algorithm during
online learning. For this purpose, the parameters of the ADP learning algorithm employed in this re-
search can be evaluated by performing a sensitivity analysis of the learning method to changes in these
parameters. As such, not only should the performance of the algorithm be improved by this analysis,
but also, further understanding of the ADP method can be gained.

5.1. Sensitivity to measurement window size

The two main parameters that influence the iteration process of the IRL method are the measurement
time T and the number of iterations nj,r. The measurement time refers to the time window in which sys-
tem trajectory data is collected, which differs between on-policy and off-policy methods. For off-policy
IRL, one measurement window of size T is used, followed by nj,, iterations, whereas for on-policy IRL,
nier consecutive iterations are used, each with a different measurement time window of size 7. As
mentioned in Section 4.3.2, a trade-off between safety and speed of adaptation also encompasses the
selection of the measurement window size. Too long a window incurs a slow adaptation, while too short
a window may lead to not enough information being available to identify the controller from the data,
which could result in an unsafe controller.

Referring to Table 4.1, the measurement window size used to adapt the IRL controller was T' = 15s
and T = 2.5s for off-policy and on-policy learning, respectively. For each policy iteration type, the
measurement time was varied, and the convergence of the learned controller to the analytic model-
based ARE controller was evaluated in terms of || Kieamed — Ko |-

As seen in Figure 5.1, the measurement time does have a large effect on the accuracy of the con-
vergence. For off-policy learning, very small measurement windows (7' < 3s) lead to unsatisfactory
convergence, as there is not enough information in the data to identify the controller (even though there
are enough samples to solve the least-squares equations). As the measurement time increases, so
does the accuracy of the learned controller. However, for much longer measurement times, the ac-
curacy does not increase further, stagnating around the order of 1072 to 1072, due to the effect of the
excitation signals. Notably, a smaller measurement time of 10s is sufficient to provide better conver-
gence accuracy.

Analysing the results for on-policy learning, it exhibits greater sensitivity to the size of the measure-
ment window, as there is a greater consequence of learning destabilising controllers. If the measure-
ment window is too small, there is also not enough information to iterate on the controller correctly (e.g.,
T < 2s), whereas if the measurement window is too large (e.g., T' > 7s), then the state may diverge
too far during learning for accurate iteration if a destabilising controller is found at some point of the
iteration. From Figure 4.8, it can be seen that for the first iteration, the IRL algorithm will learn a desta-
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Figure 5.1: Effect of measurement time T' on convergence of controller. Instances where data is missing refer to where the
controller failed to converge, due to a large divergence of the system states during learning. Enough iterations were used for
each data point to allow for convergence to occur.

bilising controller, and the state will start to diverge in the following measurement window. Therefore, if
that window is too large, the controller will not converge to the model-based solution. The combination
of the measurement window size and the excitation signals causes the on-policy IRL method to be
more sensitive to changes in measurement time, though the range of 2.3s to 5.6 s leads to accurate
convergence.

5.2. Sensitivity to excitation signal selection

As mentioned in Section 4.3.2, the selection of the excitation signals can have a large bearing on the
convergence of the learning process. The excitation must be selected such that there is sufficiently
rich information in the data to identify the controller, but is not large enough to destabilise the system
during learning.

For this purpose, several types of excitation signals were considered, namely three multisine sig-
nals (defined by Equation 5.1), a frequency sweep (defined by Equation 5.2), frequency sweep with
noise and Gaussian noises with a slow (At = 0.1s) and fast (At = 0.01s) sampling rates. The follow-
ing equations describe the excitation signals, and Figure 5.2 shows them during the total measurement
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time window.

€multisine (t) = Z a; Sin(wit + ¢z) (5.1)

esweep(t) = cos <w0t + w1~ %o t2> (5.2)
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Figure 5.2: Different excitation signals tested.
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Fast Gaussian
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Frequency sweep
Sweep with noise
Slow Gaussian

Using these different excitation signals, the two IRL variants are applied to learn the H ., controller after

a fault occurred, leading to the following convergence accuracies detailed in Table 5.1.

Table 5.1: Effect of choice of excitation signal on controller convergence.

Signal type || Kot — Karell | [1Kon — Kdell
Multisine (Equation 4.35) 0.0089 0.085
Multisine (2) 0.0016 0.032
Multisine (3) 0.0053 0.0015
Frequency sweep 0.025 0.003
Sweep with noise 0.0071 0.13
Slow noise 0.048 0.01
Fast noise unstable unstable

As seen in Table 5.1, several classes of excitation signals can be used for the IRL algorithms, yielding
good convergence to the model-based ARE solution. Of the solutions which converge, the worst is
given by the sweep-with-noise excitation signal for on-policy learning. Even though there is a relatively
larger difference between this learned controller and the analytic solution in ‘gain-space’, when consid-
ering the difference in pitch-rate tracking, the performance is almost identical (as shown in Figure 5.3),
and such a difference in controller gain is acceptable.

However, one type of signal fails for the learning process, namely, the Gaussian noise with the
same sampling time as the simulation. It should be expected that Gaussian noise causes the learning
procedure to fail, as recalling Section 4.2, the H ., control problem only considers a class of disturbance
signals with bounded energy. As Gaussian noise does not fall within the class of signals for which an
‘H., controller can attenuate, the system trajectory diverges during learning, and the controller fails to

converge.
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Figure 5.3: Comparison of pitch-rate tracking response between the model-based ARE controller and the on-policy learned
controller using the sweep-with-noise excitation signal.

5.3. Sensitivity to fault magnitude
The type of fault also has a large effect on the accuracy of the learning process. In these results, only
one type of fault is treated (reduced elevator actuator effectiveness), and hence, the severity of the
fault can be altered by changing the magnitude of the reduction in effectiveness. As the fault becomes
more severe, the controller for the faulty system differs more from the controller for the nominal system,
which could have a negative effect on the learning process. Likewise, as the fault becomes increasingly
severe, the nominal controller may no longer be stabilising for the faulty system, and cannot be used
as an initial controller, causing the learning process to fail.

Figure 5.4 shows the convergence of the IRL controller for increasing fault severity, such that
B! = (1-p)B,, where p € [0, 1] is a scaling factor on the elevator actuator effectiveness, representing
the magnitude of the fault on the elevator. As the severity of the fault increases, the convergence
accuracy to the respective ARE-based controller decreases until the fault becomes too severe and the
learning process fails.
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X
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Figure 5.4: Effect of fault magnitude on convergence of IRL controller.

In fact, when the fault becomes severe enough, the closed-loop system becomes unstable using the
model-based ARE faulty system controller with the scaled weights @/, highlighting the limitation that
these weights are pre-specified prior to learning and are not learned online with the controller to adapt
to the faulty system performance requirements.



Verification and Validation

6.1. Verification

To ensure that the ADP learning algorithm was implemented correctly, the convergence plot presented
in Figure 4.6 is used as a reference. The ultimate goal of the IRL methods presented in Section 4.3 is
to learn both the solution to the ARE associated with # ., control and the state-feedback controller from
this solution. Therefore, to verify if the correct solution of the IRL algorithms, they can be compared
to the solution of the ARE when solved using the system model. This was performed in Section 4.4,
leading to very small differences between the learned and analytic controllers (in the order of 0.009 to
0.09). As such, the learning algorithms are considered to be correctly implemented.

6.2. Validation

To validate the implementation of the model-free H., controller learning methods, the results can be
compared to those published in the literature, namely considering the research of Li et al. (2014) and
Qin et al. (2016), from which the main approach of this thesis stems.

In the results from Li et al. (2014), a linear model of a power system is used to study the on-policy
IRL method, which is described in Equation 6.1. The goal of this IRL algorithm is not for tracking a signal,
but regulation of the states to zero, unlike the results in Section 4.4. Nonetheless, the IRL approach to
solving the ARE is the same, and performing validation on this control task should be applicable.

T =Ax + Biu + Bow

—0.0665 8 0 0 0 -3
0 —3.663  3.663 0 0 0 (6.1)
=| 6.6 0 —13736 —13.736 |“T | 13736 [“T| o
0.6 0 0 0 0 0

The following configurations are used in the paper: @ and R are identity matrices of appropriate dimen-
sion, v = 3.5, 79 = [0.1,0.2,0.2,0.1] ", Tjeas = 0.5s and small zero-mean Gaussian noises are used
as the excitation signals. Using the system dynamics and specified @, R and ~, the ARE is solved to
yield the following state-feedback controller

Kare = [1.894 3.240 0.9563 1.313]

Applying the on-policy learning algorithm (described in Section 4.3) with initial stabilising controllers
selected as Ky = [0,0,0,0] and Ly = [0, 0, 0, 0], yields the following controller,

Kgre = [1.894 3.242 0.9596 1.317]

where ||KirL — Kare|| = 0.00641. As can also be seen from Figure 6.1, the IRL method adapts the
controller to the ARE-based solution, a result which is also provided by Li et al. (2014), thus validating
the approach.
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Figure 6.1: Convergence of on-policy controller to the analytic ARE solution for the system given in Equation 6.1 (Li et al.,
2014).

It is important to note that, as this power system is open-loop stable, when learning a regulation con-
troller using IRL, it is sufficient to set the initial controllers K, and L, as zeros, as these stabilise the
closed-loop system. Therefore, for an open-loop stable system, the H ., controller learning approach
can not only adapt a nominal controller in the presence of faults or parameter deviations (as demon-
strated in Section 4.4), but also fully learn the H ., controller without having to use the model to design
an initial stabilising control policy.

6.2.1. Relation to learning an LQR controller

As mentioned in Section 4.3, two excitation signals were employed to apply the IRL algorithms without
knowledge of the system dynamics. One excitation signal is applied to the control input (e, ), whereas
the other one is applied to the disturbance signal (e,,). Further noted in Section 4.3.2 is the requirement
that both excitation signals be present, so that the IRL algorithm can learn the equilibrium solution of
the zero-sum game between the control and disturbance inputs and, hence, learn two controllers (K
and L). The following equation is then integrated to serve as the basis for the IRL algorithms.

V= —xTQLﬂ-x +2(u —u;) "RE; 1w+ 2972 (w — w;) " Lijx (6.2)

If instead, the excitation signal on the disturbance input is removed, and the learning process uses
initial stabilising controllers of all zeros (as in the example used in Section 6.2), the time derivative of
the value function is then defined by Equation 6.3. These conditions lead to w; = L;x = 0 (as each
successive update L;; will also become all zeros) and w = w; + e, = 0.

Vi=-2"(Q+ K/ RK;)x +2(u — u;) " RK; 11z (6.3)
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Integrating this time derivative on the interval [t, ¢ + T, and using the definition that V; = =T Pz, yields
the following policy iteration algorithm, which leads to the solution to the state-feedback optimal (LQR)
controller (Jiang & Jiang, 2012).

t+T t+T
z(t+T) Px(t+T)—z(t)" Pa(t) = —/ ' (Q+ K, RK;)x d7'—|—2/ (u—u;)  RK; 12 dr (6.4)
t t

To show that this yields an LQR controller, one can begin from the HJI equation (described in Equa-
tion 6.5, which gives the state-feedback solution to the nonlinear ., control problem (Ferreira et al.,
2008). This equation is also equivalent to the Bellman equation shown in Equation 4.16.

2" Qr+u' Ru—~*w w+ g—vx =0 (6.5)
x

With the condition that the disturbance input exploration signal is removed, the dependence of the HJI
equation on the disturbance is also removed. For linear systems, the value function can be assumed
to be positive semi-definite and defined as V = 2" Pz. Replacing this into the HJI equation yields the
following HJB equation

' Qx +u' Ru+ 22" P(Az 4 Byu) =0 (6.6)

The optimal state-feedback control policy can be determined by minimising the HJB equation, which
can be found explicitly as the following

u* = arg min [mTQx +u" Ru + 22" P(Az + Byu)| = ~R7'B] Pz (6.7)

From here, replacing the optimal control policy into the HJB equation, yields the Algebraic Riccati
Equation associated with optimal control, whose solution P is used to calculate the LQR state-feedback
controller.

ATP+PA+Q—-PB,R'B/P=0 (6.8)

Using the system given in Equation 6.1 as an example, with the same identity weighting matrices
applied to it, the model-based LQR controller (solved using the associated ARE) is given as

Kigr = [0.8267 1.701 0.7049 0.4142]

Using the model-free IRL method described in Section 4.3, with initial stabilising controllers set to
Ky =Ly =10,0,0,0], e, being a small zero-mean Gaussian noise and ¢,, = 0 (instead of also using an
exploration signal for the disturbance input), leads to the following controller, which converged to the
LQR controller.

Krgpr = [0.8267 1.699 0.7054 0.4141]  |Kire — Kige|| = 0.00057



Tracking with Reference Dynamics

The integral reinforcement learning controller, which has been applied in the main results, provides
tracking control by augmenting the system dynamics with an integrator of the error between the refer-
ence and the state that must track it. However, in ADP literature, it is more common to find tracking
controllers which augment the state with certain reference dynamics, requiring the associated cost
function (and consequently the disturbance attenuation condition) to be bounded by a discount factor
(Modares et al., 2015; Park et al., 2019; Ahmadi et al., 2025). In this chapter, the differences between
the current approach and the discounted-tracking approach are explored. In Section 7.1, the new aug-
mented system is described, along with the new model-based solution to the discounted problem, while
in Section 7.2, the results of learning a controller via the discounted-tracking approach are given, and
compared to the main approach of this research

7.1. Augmented system and controller synthesis with ARE

Consider the following class of LTI continuous-time systems, with specified reference dynamics, where
r is a reference to be tracked, defined by the command generator dynamics H.

i‘:A:C.—I—Buu—&—wa 7.1

7= Hr
Define the error between the state and the reference e = x — r, and construct the augmented state
consisting of the error and the reference signals z, = [e,r]. Using this augmented state, the full
dynamics of the augmented system are given in Equation 7.2.

- e 5

= flza + Buu + wa

To ensure that the performance/cost function associated with the disturbance attenuation condition in
H, control remains bounded in this control structure, an exponential discount factor o > 0 is applied
(Modares et al., 2015). This leads to the following disturbance attenuation condition (different from the
typical one associated with # ., control)

JZ e ()t _

= <7 (7.3)
17 e t=n) ||w(r)||?

where ||z||> = eZQe + uT Ru, and also to the cost function derived from it

J(xq,u,w) = / e—at=7) (IZQ(JQ +u” Ru — 'ythw> dr (7.4)
¢
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Qo = [%9 8} (7.5)

Similarly to the main results, to find the H, state-feedback controller which stabilises the system in
Equation 7.1 and satisfies the disturbance attenuation condition in Equation 7.3 when the system dy-
namics are known, the solution to an ARE can be used. However, as there is now the addition of a
bounding discount factor, the ARE inherits an additional term, as seen in Equation 7.6.

ATP+PA+Q,— PB,R'B'P+~+"2PB,BTP—aP =0 (7.6)

A non-zero discount factor is a necessary condition for this ARE to be solved, as for some reference
dynamics, the augmented system matrix A could have an unreachable subspace, making it uncontrol-
lable, violating a necessary assumption for solving the ARE. Nonetheless, the value of o can be made
arbitrarily small, leading to a very similar ARE solution to that with no discount factor.

7.2. IRL solution to H, tracking controller with discount

Using the ARE in Equation 7.6 requires complete knowledge of the system dynamics. The integral
reinforcement learning methods described in Section 4.3 can be used to remove the dependence on
the system dynamics and learn the controller online. These can be readily applied to this augmented
system, with small modifications to account for the additional discount factor. Recall Equation 4.21,
which describes the policy iteration algorithm of IRL for H, control. Using the discount factor to bound
the cost function ultimately leads to the following policy update law (Modares et al., 2015), where
Qri = Qo —7*L] L + K RK;

e (V(aa(t 4 T) = Vi(wa(t)) = e (a(t + TV Pat +T) — 1) Paa (1)
_ > —a(t—T7) T iTa dr
/t e (xa QLT ) +

o0 7.7
2/ Gia(ti‘r) ((U — Ui)TRKH_lZ'a)dT + ( )
t

272/ e~ (=) ((w - wT;)TLi+1xa>dT
t

In a similar fashion as Equations 4.26 and 4.27, a series of samples of the system trajectories can
be collected, and a least-squares approach applied to iteratively solve for K;,; and L;,; until conver-
gence to the ARE solution coming from Equation 7.6. As detailed in Section 4.3, the same conditions
are required for convergence of the IRL controller to the analytic ARE solution, namely: using initial
stabilising controllers K and Ly; and the presence of excitation signals on the control and disturbance
input (e, and e,,) to ensure that the collected data is informative enough to identify the controllers. With
this setup, both off-policy (Algorithm 2) and on-policy (Algorithm 3) learning methods can be applied to
this discounted tracking problem, for the pitch-rate tracking of the linearised F16 short-period dynamics
described in Section 4.4. The new augmented tracking system is defined in Equation 7.8, for constant
reference dynamics 7 = 0.

a1 [-1.01887 090506 —0.12318 0.90506 | [a 0 1
el | 082225 —1.07741 —10.058 —1.07741] |e, 0 0
=1 o 0 —20.2 0 5| 202t ol (78
rq 0 0 0 0 re 0 0

A model-based controller can be found for the above system, by solving the ARE in Equation 7.6,
considering a small discount factor & = 0.0001, @, = diag(0,20,0,0), R = 1 and v = 1, leading to
Equation 7.9. This is not the optimal H., controller as the resulting - is considerably smaller than 1,
but it serves to illustrate the discounted tracking approach.

Kare = [—0.1796  —4.234 1.284 0.2381] (7.9)

To now apply the discounted-IRL algorithms to this system, it can be noted that the augmented system
with the applied discount (wherein the system matrix becomes A — 0.5al,), is open-loop stable, and
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therefore a null initial stabilising controller can be used to learn the state-feedback controller for both
the nominal system and for a faulty system. Therefore, using Ko = 0, Ly = 0, Tof = 255, Ton = 2.5
and njer = 10, the following nominal controllers are learned. As seen from Equation 7.10, similar to the
IRL approach taken in Section 4.4, the learned controllers are extremely similar to the model-based
ARE controller. This could also be extended to adapting a controller after a fault occurs.

Koff = [-0.1797 —4.233 1.286 0.2382] | Koft — Kare|| = 0.0014

(7.10)

Kon = [—0.1795 —4.235 1.273 0.2329} [l K on — Kare|| = 0.012
Another interesting result for this approach to learning a tracking controller comes from attempting to
track a reference while learning using on-policy IRL. For the initial controller updates, tracking perfor-
mance is unsatisfactory; however, as more updates are rolled out, the controller begins to converge to
the model-based ARE controller and tracking performance improves, leading to the on-policy learned
controller in Equation 7.10.
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Figure 7.1: On-policy discounted-IRL with pitch-rate reference tracking during the learning process. Policy updates are
marked by the black dashed lines.
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Conclusion

The aim of this research is to contribute to the development of flight control systems which combine
the robust stability and performance of robust flight control laws with the online adaptability power of
reinforcement learning. Such a robust reinforcement learning control system is leveraged to enable
fault-tolerance of a flight controller, by adapting a robust controller online in response to a fault. This
chapter reflects on the research questions posed at the start of this thesis, how the research objective
has been met, and how it has contributed to the body of literature on robust reinforcement learning.

Research Question 1

RQ1 Which robust reinforcement learning (RRL) framework is best suited to maximise tracking
performance of an aircraft under disturbances, uncertainty and actuator faults?
RQ1.1 Which RRL formulations (e.g. H.. as min-max problem, robust adversarial RL, stability
bounded/certified RL) are best suited to capture the dynamics of a simple system and
maintain robust stability?

RQ1.2 To what extent does the RRL controller maintain stable performance in the presence
of large model parameter deviations for a simple system?

In Section 2.3, different frameworks of combining robust control and reinforcement learning are con-
sidered, namely using approximate dynamic programming (with an emphasis on a zero-sum game
solution to the ., control problem) to learn robust controllers, stability-bounded reinforcement learn-
ing policies, synergistic methods combining model-based robust control and model-free reinforcement
learning, and reinforcement learning policies with robustness properties. From the research objective,
it was determined that such a flight controller should be model-free and enable fault-tolerance through
either offline or online methods. As such, greater focus is placed on methods applied to fully unknown
system dynamics.

Moreover, Section 2.3 compares the two approaches of performing offline training to enable fault-
tolerance and online adaptation to faults. RL-based methods are typically trained offline, as they have
reduced stability guarantees during online learning, while ADP-based approaches are well-suited for
online adaptation with high sample efficiency. From the series of methods detailed in Chapter 2, ADP
was selected as the candidate framework for this research, as it not only provides guarantees of ro-
bustness (depending on the class of controller being learned) but also guarantees of convergence and
stability during learning. This therefore provides an answer for RQ1.1

In Chapter 6, a regulation controller is synthesised using the ADP framework (following the work of
Lietal. (2014) and Qin et al. (2016)), which is able to adapt online in the presence of a fault, stabilising
the system. This preliminary analysis shows the power of the ADP framework to synthesise a robust
adaptive controller, hence answering RQ17.2. Within Section 4.3, the ADP algorithm (using integral
reinforcement learning) which is used to develop the flight controller is described, which answers RQ1.
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Research Question 2

RQ2 How can the proposed RRL framework be integrated with the aircraft simulation model for

fault-tolerant flight control?

RQ2.1 What type of control task and faults is the system subject to, and which control archi-
tecture should be designed for this?

With the goal of adapting an ‘H ., controller online in the presence of a fault, a continuous-time LTI model
of the F16 short-period dynamics was used. Even though this model is relatively simple, it is suitable
as a benchmark for the applicability of the selected learning method. The applied ADP algorithm uses
a state-feedback controller structure, adapting the controller after collecting state trajectory data during
a time window. For this model, a pitch-rate tracking task was selected. The system dynamics were
augmented with an integrator of the error between the pitch rate and the reference (as detailed in
Section 4.4). After a controller is synthesised from the ARE, a fault to the elevator actuator effectiveness
is applied, and the IRL method is applied to adapt the controller to the fault online. As such, RQ2.7 and
RQ2 are answered.

Research Question 3

RQ3 What performance and robustness indicators are most appropriate for the RRL controller?
RQ3.17 How well does the RRL controller perform under simple manoeuvres (e.g. tracking
accuracy)?

RQ3.2 How well does the controller adapt itself to faults or large model parameter changes?

Evaluating the learned controller on a 1 deg/s pitch-rate command tracking task (shown in Section 4.4),
the responses of the analytic controller (solved with access to the faulty system dynamics using the
ARE) and the learned controllers (for both off-policy and on-policy versions) were practically indistin-
guishable, pointing to the very high accuracy of the convergence to the analytic result during learning.
In fact, the total difference (L1-norm) between the learned and analytic controller was only 0.009 and
0.09 for the off and on-policy algorithms, respectively, answering RQ3.7. These convergence prop-
erties demonstrate the ability of the IRL method to adapt a controller to a large change in the model,
though, as shown in Chapter 5, when the fault is too intense, the states diverge before the learning al-
gorithm is able to converge to an admissible controller, which provides an answer to RQ3.2. To analyse
the robustness properties of the learned controller, its gain and phase margins can be found, yielding
a gain margin of +o0o0 and a phase margin of 80 ° at the plant input, demonstrating good robustness
margins.

Research Objective

To enable fault-tolerance through the development of a model-free flight control system for an
aircraft, by investigating how robust control techniques can be coupled with reinforcement learn-
ing.

In conclusion, this research has demonstrated how robust control theory and reinforcement learning
can be successfully combined to develop a model-free flight control framework capable of adapting
to faults. Through the investigation of ADP learning methods, the work presented has shown that
robust stability, disturbance rejection, and controller adaptability can be maintained without requiring a
precise mathematical model of the aircraft dynamics, improving upon the difficulties which model-based
robust controllers have in adapting to large changes in the model. Beyond the specific results obtained,
this research contributes towards the broader advancement of safer, more resilient, and increasingly
autonomous aerospace systems, where intelligent controllers capable of adapting online to failures and
uncertainties will play a fundamental role in the future of aviation.



Recommendations

From the results presented in this research, a series of recommendations can be made for future
research, to expand upon the body of work of robust reinforcement learning:

» One of the main assumptions which limits the application of this implementation of an IRL con-
troller comes from the use of full state-feedback. Typically, not all states are available from mea-
surements, and only the output of the system is given; hence, an output-feedback (OF) controller
must be synthesised. While most ADP model-free methods to find ., controllers online require
full information of the system’s internal states, there have been advancements for learning output-
feedback controllers online, namely for optimal control problems (Lewis & Vamvoudakis, 2011;
Na et al., 2017), and for H ., control problems for DT systems (Fan et al., 2018; Valadbeigi et al.,
2020). For CT systems, Kartal et al. (2022) proposes a hew solution to the model-free online H .
controller synthesis, which would be interesting to explore its application in future research.

» Another limitation of most IRL methods comes from the assumption of an initial stabilising con-
troller (ISC) so that the learning process can converge to the analytic ARE solution to the H
control problem. However, this ISC may not always be accessible, notably for fault-tolerant con-
trol, where the controller for the nominal system may be destabilising after a fault has occurred.
Lamperski (2020) and Wang et al. (2022) proposed model-free ADP frameworks which do not
require ISCs, though they are constructed for LQR optimal controllers, which could possibly be
extended to H., control. Aalipour and Khani (2023) provide a Q-learning approach which does
not require an ISC, which could be extended to CT systems and for flight control applications.

In general, an approach to expand upon the results of this research would be to apply the on-
line IRL algorithms to more complex flight control problems, such a control augmentation sys-
tem for altitude and attitude control of a jet aircraft that can adapt to faults, tracking control with
constrained/saturating inputs (extending upon the results of Hou et al. (2020) or Ahmadi et al.
(2025)) for the F16 lateral or coupled dynamics, or exploring other types of faults that could occur
in these systems (e.g., icing, structural failures, or jammed actuators). Exploring how well these
ADP learning methods scale to more complex control problems would be of interest.

A limitation on the robustness properties of the ADP method applied herein is the use of static
weights on the performance vector, such that there is no frequency shaping of the sensitivity
functions. It would be of interest to apply frequency-dependent weighting functions to the H .,
controller learning problem, perhaps considering data-driven # ., control in the frequency domain
(Tabibian et al., 2025).

As part of the procedure for learning an H., controller after a fault occurred, the performance
weights @ and R are adjusted for the faulty system to account for the reduced system performance,
which may require information about the system dynamics to do so manually. This approach could
be improved by learning the performance weights online to account for the fault (i.e. a co-design
of the weights and controller, as in Pérez et al. (2022)) without knowledge of the system dynamics.
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An important aspect of fault-tolerant control is the use of fault detection techniques to be able to
trigger adaptations to faults. These results assume that the moment the fault occurs is known a
priori, and thus the integration of fault detection learning algorithms into the controller adaptation
loop would be a natural extension.

These results focus solely on a subset of robust reinforcement learning techniques, namely the
use of approximate dynamic programming to learn #., controllers online. As detailed in Sec-
tion 2.3, there are many other promising approaches to learning robust control laws with rein-
forcement learning, such as using robust adversarial reinforcement learning (Pinto et al., 2017;
Zhang et al., 2020a; Keivan et al., 2022) (though with possibly fewer convergence/stability guar-
antees) or using IQCs to ensure that learning remains stable and improve robust control laws
online (Kretchmar et al., 2001; Qin et al., 2012).
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Proposed Planning

This appendix details the high-level timeline of the phases of the thesis, followed by the GANTT charts
of the two research phases (Midterm and Green Light). The Finalisation phase entails the incorporation
of final feedback given by the supervisors after the green-light has been given for the defence.

Thesis Defence

Kick-off Meeting Green Light Review f
? Research Proposal Midterm Review ? E
| Review * i !
| * | | Finalisation!
i i E i &

12/07/2025 31/08/2025 20/10/2025 09/12/2025 28/01/2026 19/03/2026 08/05/2026 27/06/2026 16/08/2026

Literature Study and

Research Proposal !

Midterm Phase €% |
Green Light Phase ¢ |
Finalisation Phase €

Defence Preparation

Figure A.1: Overview of different phases and milestones of the Thesis project.
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