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ABSTRACT

Drones have become an essential tools across a wide range of industries, from agriculture to
surveillance, and are increasingly deployed in military contexts for detection, recognition, iden-
tification, exploration, and combat purposes. While most systems remain controlled by human,
the shift toward autonomy is intensifying, driven by breakthroughs in artificial intelligence, no-
tably in reinforcement learning and scalable simulation techniques.

This Master’s thesis explores the potential of reinforcement learning for drone control within
both single-agent and multi-agent frameworks. Two tasks are addressed: navigation in unknown
terrains and adversarial drone combat. Our work focuses on designing simulation environments
that model the learning process of agents as they interact with these tasks. Our navigation
environment consists of multiple randomly spaced obstacles (spikes), a target, and a drone
placed on opposite sides of the terrain. The drone is equipped with a sensor, either a LiDAR
or a camera which it uses to explore the environment and reach the target. In the adversar-
ial scenario, the environment includes two drones: an attacker and a defender. The attacker
attempts to reach a designated target, while the defender tries to intercept it by colliding with it.

Reinforcement learning is particularly well suited to these tasks due to its ability to learn
complex, sequential decision-making policies from interaction with the environment. In scenar-
ios such as drone navigation or combat, where the environment is often partially observable,
highly dynamic, and difficult to model analytically, RL offers a flexible and data-driven ap-
proach to learning effective control strategies. Furthermore, Reinforcement learning naturally
supports learning in multi-agent settings, where agents must coordinate or compete in real time.

To tackle these tasks, policy gradient methods such as Proximal Policy Optimization , its
multi-agent extension Independent Proximal Policy Optimization and a variant inspired by self-
play methods were explored. To train and evaluate our agents, IsaacLab environments were
designed following the formalism of partially observable Markov decision process and stochastic
games. Our work highlights the performance of trained agents regarding these tasks and show
promising potential for future improvements regarding autonomous drone control.
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RESUME

Les drones sont devenus des outils essentiels dans de nombreux secteurs, de l’agriculture à la
surveillance, et sont de plus en plus déployés dans des contextes militaires pour des missions
de détection, reconnaissance, identification, exploration et combat. Bien que la plupart des
systèmes restent contrôlés par des humains, la transition vers l’autonomie s’intensifie, portée
par des avancées en intelligence artificielle, notamment dans l’apprentissage par renforcement
et les techniques de simulation à grande échelle.

Ce mémoire de Master explore le potentiel de l’apprentissage par renforcement pour le
contrôle de drones, dans des cadres à agent unique ainsi qu’à agents multiples. Deux tâches
sont abordées : la navigation dans des terrains inconnus et le combat aérien adversarial. Notre
travail se concentre sur la conception d’environnements de simulation modélisant le processus
d’apprentissage des agents en interaction avec ces tâches. Notre environnement de navigation
est composé de multiples obstacles (pics) placés aléatoirement, d’une cible et d’un drone posi-
tionnés de part et d’autre du terrain. Le drone est équipé d’un capteur, soit un LiDAR, soit
une caméra u’il utilise pour explorer l’environnement et atteindre la cible. Dans le scénario ad-
versarial, l’environnement comprend deux drones : un attaquant et un défenseur. L’attaquant
cherche à atteindre une cible désignée, tandis que le défenseur tente de l’intercepter en entrant
en collision avec lui.

L’apprentissage par renforcement est particulièrement adapté à ces tâches grâce à sa ca-
pacité à apprendre des politiques complexes de prise de décision séquentielle via l’interaction
avec l’environnement. Dans des scénarios tels que la navigation ou le combat de drones, où
l’environnement est souvent partiellement observable, très dynamique et difficile à modéliser
analytiquement, le RL offre une approche flexible et basée sur les données pour apprendre des
stratégies de contrôle efficaces. De plus, le RL supporte naturellement l’apprentissage en con-
textes multi-agents, où les agents doivent coopérer ou s’affronter en temps réel.

Pour relever ces défis, des méthodes dites de policy-gradient, telles que Proximal Policy
Optimization, son extension à plusieurs agents Independent Proximal Policy Optimization, ainsi
qu’une variante inspirée du paradigme self-play, ont été explorées. Pour entrâıner et évaluer nos
agents, des environnements IsaacLab ont été conçus en suivant le formalisme des processus de
décision markoviens et des jeux stochastiques. Notre travail met en lumière les performances des
agents entrâınés sur ces tâches et révèle un potentiel prometteur pour de futures améliorations
en matière de contrôle autonome de drones.
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CHAPTER 1

INTRODUCTION

Drones have changed heavily since their early use as rudimentary military decoys (Blom, 2010).
Nowadays drones are widely deployed across a broad range of civilian, commercial and military
applications (Wikipedia contributors, 2025). Modern drones vary in design and functionality.
From unmanned combat aerial vehicles (CAV) design for reconnaissance and precision strikes,
to medium-sized fixed-wing systems created for surveillance and monitoring, and even small
rotary-wing drones that began as tools for photography and are now increasingly weaponized
providing strategic advantages, disrupt enemy operations, and gather critical data, marking a
significant advancement in drone warfare (Blom, 2010) see Figure 1.1.

(a) Rotary-wing drone (b) Fixed-wing drone (c) CAV

Figure 1.1: Different Types of drones.

In the civilian domain, drones are routinely deployed to monitor deforestation (Geoawesome,
2024), measure atmospheric variables for climate research (Stone, 2025), support search-and-
rescue efforts in hazardous environments (Public Safety, 2025), capture cinematic aerial footage
(Viper Drones, 2025), and inspect infrastructure such as power lines and bridges (LocoRobo,
2025). In logistics, drones are increasingly used for last-mile delivery in both urban and remote
areas (Franetic, 2025). In the military sphere, UASs have revolutionized modern warfare. In
recent conflicts, such as the ongoing war in Ukraine (Porter & Baker, 2025), the proliferation
of low-cost, commercially available drones equipped with improvised sensors and munitions has
transformed battlefield tactics. Small quadcopters are now employed for real-time reconnais-
sance (O’Grady et al., 2025), target designation, and even offensive operations. Meanwhile,
larger UASs execute precision-guided strikes without endangering personnel (Loh, 2025).

Despite their increasing capabilities, the control of UASs relies heavily on classical con-
trol strategies. Traditional systems employ Proportional-Integral-Derivative (PID) controllers
(Åström & Hägglund, 1995), Linear Quadratic Regulators (Kwakernaak & Sivan, 1972), and
related model-based approaches to maintain flight stability, execute trajectory tracking, and
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CHAPTER 1. INTRODUCTION

compensate for environmental disturbances. These methods process sensor feedback. These
sensors include gyroscopic, accelerometric, barometric, and GPS data to continuously adjust
motor commands and ensure desired flight behavior. However, classical control approaches
remain constrained by their reliance on accurate dynamical models and assumptions of environ-
mental stationarity. In real-world scenarios, particularly in contested environment with GPS
denial, electromagnetic interference or rapidly evolving terrain, these assumptions may be to
restrictive.

To address these limitations, Reinforcement Learning (RL) has emerged as a promising al-
ternative. RL is a branch of machine learning in which an agent learns to make decisions by
interacting with an environment, receiving a scalar feedback signal called reward, and adapting
its behavior to maximize long-term cumulative reward. Unlike classical control, which relies
on predefined models and control laws, RL enables autonomous agents to learn control poli-
cies through trial-and-error, progressively refining their strategies based on observed outcomes.
These learned policies are optimized to satisfy mission objectives such as energy efficiency, obsta-
cle avoidance, or adversary neutralization. RL has demonstrated impressive results on multiple
domains such as, the games of Chess and Go (Silver et al., 2016), real-time strategy games such
as StarCraft II (Vinyals et al., 2019), and Atari-like visual environments (Mnih et al., 2013).
In the realm of autonomous flight, RL agents have also outperformed expert human pilots in
drone racing competitions (Kaufmann et al., 2023). Despite these breakthroughs, real-world
deployment of RL into drones remains constrained by several challenges like sample inefficiency
and safety. RL training typically requires millions of interactions, which are impractical and
unsafe to perform on physical hardware due to wear, risk of crashes, and operational costs.

To solve these issues, high-fidelity simulators have become central to the development and
training of RL-based drone control policies. In this thesis, the IsaacSim simulator and the
IsaacLab framework (NVIDIA, 2024) were selected to create scalable, physics-accurate training
environments. This manuscript focuses on two primary UAS control tasks: navigation in par-
tially observable, unknown terrains, and adversarial combat in multi-agent settings. These tasks
were selected as they represent real-world challenges faced frequently. Navigation in unknown
environments under partial observability models the complexity of autonomous flight in un-
known area such as battlefields where GPS signals are denied, where the drone must rely solely
on sensors data. Our environment composed of various randomly spaced spikes, a target and a
drone models these tasks. Regarding the combat environment, as stated, the conflict in Ukraine
highlights the growing deployment of weaponized versions of commercial drones. Their small
size and speed impose constraints and complexity on designing counter-measures that require
minimal resources and time. This environment explores the deployment of interceptor drones
as counter-measures to these threats, in it two drones compete against each other, an attacker
tries to reach a target while the defender tries to stop it by colliding against. The training of
these agents were performed with policy gradient methods, in the single-agent setting, Proximal
Policy Optimization (PPO) was selected (Schulman et al., 2017). In the multi-agent setting,
training was performed with Independent PPO (Schulman et al., 2017) and a new variant we
introduce called S-IPPO based on self-play methods.

The thesis is structured as follows. Chapter 2 introduces the theoretical background in
single-agent RL and decision processes. Chapter 3 surveys the related literature addressing
UAS control through RL and optimal control. Chapter 4 details our single-agent environment,
including the implementation of scenarios within IsaacSim/IsaacLab, the learning algorithms
and experimental methodology as well as the results obtained. Chapter 5 presents the multi-
agent extension, through our paper entitled ”Autonomous Drone Combat: A Multi-Agent Re-
inforcement Learning Approach”. Chapter 6 concludes this thesis and outlines future work.
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CHAPTER 2

THEORETICAL BACKGROUND

In the first section of this chapter, RL is described, along with the necessary formalism for
partially observable environment. In the second section, policy gradient methods are introduced
along with some of their limitations.

2.1 Markov Decision Process

Many real-world problems, including autonomous control and robotics, can be formalize as
sequential decision processes (Sutton & Barto, 2018), where an agent must make a series of
decisions over time to achieve a goal. At each time step, the agent observes the current state of
the system, takes an action, receives feedback in the form of a reward or cost, and transitions
to a new state. The objective is to find a strategy or policy that optimizes the long-term return
accumulated over time.

Sequential decision-making are usually model through the formalism of Markov Decision
Process (MDP) (Sutton & Barto, 2018). An MDP is defined as a tuple (S,U , p, r, γ), where S
denotes the set of possible states in the environment, and U represents the set of actions pos-
sible of the agent. The transition probability are governed by p(s′|s, u). The reward function
r(s, u) is the scalar feedback signal given to each state-action pair. Finally, the discount factor
γ ∈ [0, 1) determines the present value of future rewards. It serves two purposes: it guarantees
the convergence of the cumulative reward in infinite-horizon settings and consequently priori-
tizies immediate rewards over distant ones. During a timestep, the agent samples actions from
the policy π(·|st) and transitions to the next state st+1 according to the probabilistic dynamics
p(·|st, ut) and receive the reward r(st, ut) (see Figure 2.1).

Figure 2.1: MDP
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CHAPTER 2. THEORETICAL BACKGROUND

2.2 Reinforcement Learning

RL extensively relies on MDP to formulate problems. The agent’s objective is to learn a policy
π∗, a mapping from states to actions that maximizes the expected cumulative reward over time.
This objective is formalized in Equation 2.1:

π∗ = max
π

E
ut∼π(·|st)

st+1∼p(·|st,ut)

[ ∞∑
t=0

γtr(st, ut)

]
, (2.1)

Nowadays RL has become a widely adopted approach for solving decision-making problems
across various domains, including robotics (Kober et al., 2013), power network control (Ernst
et al., 2005 ; Ernst et al., 2008), pricing strategies (Vengerov, 2008), and resource management
(Barrett et al., 2012), among others. The goal is to maximize long-term cumulative rewards by
selecting actions through a learned policy (Wiering & van Otterlo, 2012). As stated previously,
the essence of RL lies in optimizing a policy purely through interaction with the environment.
These interactions may be generated by the current policy being optimized (on-policy) or by
a different policy (off-policy), such as a prior version of the policy or an explicit exploration
strategy. In model-based RL, a model of the environment’s dynamics is first learned or is known.
This model can then be used to compute optimal policies using principles from optimal control
theory (Moerland et al., 2020).

Another class of methods, value-based RL methods aim to learn a value function without
explicitly modeling the environment’s dynamics (Sutton & Barto, 2018). The value function es-
timates the expected return of taking a specific action in a given state, and policies are derived
by selecting actions that maximize this value. These approaches prove successful on a wide
range of tasks, including mastering ATARI games (Mnih et al., 2013). However, value-based
methods often struggle in environments with continuous action spaces (Sutton & Barto, 2018).

To address this limitation, policy-based methods directly learn a parameterized policy by
optimizing it using techniques such as gradient ascent. These algorithms, including recent state-
of-the-art approaches, demonstrate strong performance in complex, high-dimensional control
tasks (Schulman et al., 2017). Both value-based and policy-based approaches that do not
require an explicit model of the environment are commonly referred to as model-free methods.

2.2.1 Partially Observable Markov Decision Process

In many real-world environments, agents do not have full access to the true state of the envi-
ronment. Instead, they rely on partial, noisy, observations to make decisions. This scenario can
be modeled by Partially Observable Markov Decision Processes (POMDPs) (Sutton & Barto,
2018), which generalize MDPs. A POMDP introduces an observation space and a stochastic
observation function that defines a probability distribution over observations given the current
state and action. The decision process in a POMDP can be seen in Figure 4.2. This added
complexity enables the modeling of more realistic settings where full observability is not pos-
sible. As in the standard MDP case, reinforcement learning in POMDPs train agent to learn
an optimal policy purely through interaction, without access to the underlying dynamics or
observation model. Planning and control in POMDPs are significantly more challenging due to
the need to reason over belief states.

Definition: A POMDP is defined as the tuple M = (S,U , p, r,Ω,O, γ, ρ, T ), where S is the
set of possible states in the environment, U is the set of actions, and p : S × U → ∆(S) is the
transition function that defines the probability of transitioning between states given an action.
The reward function r : S × U → R assigns a scalar reward for each state-action pair. The set
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CHAPTER 2. THEORETICAL BACKGROUND

Ω denotes the observation space, and O : S → ∆(Ω) is the observation function defining the
probability of perceiving each observation given the state. The discount factor γ ∈ [0, 1) weighs
future rewards, ρ ∈ ∆(S) is the initial state distribution, and T ∈ N ∪ {∞} denotes the time
horizon.

At each time step t, the environment is in a state st ∈ S. The agent takes an action
ut ∈ U , receives a reward r(st, ut), transitions to a new state st+1 ∼ P(·|st, ut), and receives an
observation ot+1 ∼ O(·|st+1).

Figure 2.2: Bayesian representation of a POMDP execution (Lambrechts, 2021)

2.3 Policy Gradient Methods

Policy Gradient methods represent a class of algorithms within the RL paradigm (Sutton &
Barto, 2018). In contrast to action-value based methods, which learn the values of actions and
derive a policy by selecting actions based on their estimated values, PG methods directly learn
a parameterized policy that select actions (Sutton & Barto, 2018). These methods learn the
policy parameters through the gradient of a scalar performance measure J(θ) with respect to
the policy parameters. The aim is to maximize performance by performing gradient ascent:

θt+1 = θt + α ˆ∇J(θt) (2.2)

where ˆ∇J(θt) is an unbiased estimator of the gradient ∇J(θt), computed from sampled
trajectories. By parameterizing the agent’s policy as πθ, where θ ∈ Rd, a probability distribution
over actions given states: πθ(u|s) = P (ut = u | st = s, θ). The objective then becomes finding
the optimal parameters θ∗ that maximize the expected total discounted reward.

θ∗ = argmax
θ

J(θ) = argmax
θ

Eτ∼πθ

[
T∑
t=0

γtr(st, ut)

]
(2.3)

where τ = (s0, u0, r1, s1, u1, . . . ) is a trajectory sampled under πθ, γ ∈ [0, 1] is the discount
factor, and r(st, ut) is the reward at time step t.

2.3.1 The Policy Gradient Theorem

Computing the policy gradient ∇θJ(θ) is challenging due to the dependence of trajectory distri-
butions τ = (s0, u0, s1, u1, . . . , sT ) on the policy parameters θ through the environment dynam-
ics, which are typically unknown and non-differentiable. An important result in policy gradient
methods, the Policy Gradient Theorem (Sutton et al., 1999) resolves this by expressing the
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CHAPTER 2. THEORETICAL BACKGROUND

gradient in a form that don’t need to differentiate the environment’s transition model. Starting
from the expected return objective:

J(θ) = Eτ∼πθ
[R(τ)] , where R(τ) =

T∑
t=0

γtr(st, ut), (2.4)

The log-likelihood trick is applied:

∇θJ(θ) = ∇θEτ∼πθ
[R(τ)] = Eτ∼πθ

[R(τ)∇θ log pθ(τ)] , (2.5)

where pθ(τ) denotes the likelihood of the trajectory τ under policy πθ. Assuming a Markovian
policy, πθ(ut | st), which defines a probability distribution over actions conditioned only on the
current state st and fixed environment dynamics, the trajectory likelihood factorizes as:

log pθ(τ) = log ρ(s0) +

T∑
t=0

log πθ(ut|st) +
T−1∑
t=0

log p(st+1|st, ut), (2.6)

where ρ(s0) is the initial state distribution and p(st+1|st, ut) is the transition distribution. Since
neither term depends on θ, their gradients vanish:

∇θ log pθ(τ) =

T∑
t=0

∇θ log πθ(ut|st). (2.7)

Substituting this into the gradient of J(θ) gives us:

∇θJ(θ) = Eτ∼πθ

[
T∑
t=0

R(τ)∇θ log πθ(ut|st)

]
. (2.8)

To reduce variance, the total return R(τ) is usually replaced by the discounted cumulative
reward Gt defined as:

Gt =
T∑

k=t

γk−tr(sk, uk), (2.9)

This gives us the final form of the policy gradient:

∇θJ(θ) = Eτ∼πθ

[
T∑
t=0

∇θ log πθ(ut|st)Gt

]
. (2.10)

This expression allows to estimate the gradient using sampled trajectories without the need
of the environment’s transition probabilities. The term ∇θ log πθ(ut|st) is often referred to as
the score function, a concept from statistics that represents the sensitivity of the log-likelihood
to the parameters θ. It indicates how a small change in the policy parameters affects the
probability of the chosen action.

2.3.2 The REINFORCE Algorithm

The REINFORCE algorithm, also known as Monte Carlo Policy Gradient, is a direct applica-
tion of the Policy Gradient Theorem (Williams, 1992). It employs Monte Carlo sampling by
collecting complete trajectories to estimate the expectation defined in Equation 2.10. For each
trajectory, the policy parameters are updated in the direction of the estimated gradient. The
update rule for θ is given by:

∇̂θJ(θ) =
T∑
t=0

∇θ log πθ(ut|st)Gt, (2.11)

6



CHAPTER 2. THEORETICAL BACKGROUND

A principal challenge associated with the REINFORCE algorithm is the high variance of
its gradient estimator. In REINFORCE, the policy gradient is approximated using sampled
trajectories as:

θ ← θ + α

T∑
t=0

∇θ log πθ(ut|st)Gt (2.12)

This estimator is unbiased, but since Gt is a sum of random variables influenced by the
stochasticity of both the policy and environment, its variance can be important. As a result,
the gradient updates may be noisy, leading to slow and unstable convergence (Williams, 1992).
To reduce this variance and maintain an unbiased estimate, a common technique is to subtract
a state-dependent baseline b(st) from the return Gt. Provided that b(st) does not depend on
the action ut, this subtraction does not introduce bias, since:

Eπθ
[∇θ log πθ(ut|st) b(st)] = 0. (2.13)

The resulting gradient estimator with the baseline becomes:

∇̂θJ(θ) =
T∑
t=0

∇θ log πθ(ut|st) (Gt − b(st)) , (2.14)

which typically exhibits lower variance and leads to more stable learning. A well-chosen
baseline can significantly reduce the variance of the estimate (Williams, 1992). A natural
choice for the baseline is the state-value function, b(st) = V πθ(st) = Eπθ

[Gt|st = s]. The term
(Gt − V πθ(st)) is an estimate of the advantage function, Aπθ(st, ut) = Qπθ(st, ut) − V πθ(st),
which quantifies whether an action is better or worse than the policy’s average behavior in that
state.

2.3.3 Actor-Critic Methods

The concept of using a baseline leads to Actor-Critic methods introduced by Sutton et al.
(1999). These methods explicitly learn both a policy (the Actor) and a value function (the
Critic).

• The Actor is the parameterized policy πθ(a|s) responsible for action selection. It updates
its parameters θ using the policy gradient.

• The Critic is a parameterized value function, typically the state-value function Vw(s) ≈
V πθ(s) with parameters w. It evaluates the actions taken by the Actor by providing a
low-variance estimate of the return, often in the form of a Temporal Difference (TD) error,
which serves as an estimate of the advantage function.

The Critic is trained on TD errors, while the Actor is updated using the output from the
Critic. This synergy allows for more stable and sample-efficient learning compared to vanilla
REINFORCE, making Actor-Critic architectures, such as Advantage Actor-Critic (A2C) and
Asynchronous Advantage Actor-Critic (A3C), a dominant paradigm in modern reinforcement
learning (Mnih et al., 2016). Despite the introduction of variance reduction techniques and
Actor-Critic architectures, vanilla policy gradient methods still face a critical challenge: the
sensitivity to the step size α. An inappropriately large step can lead to a catastrophic degra-
dation in performance, from which the policy may not recover (Schulman et al., 2015). This
occurs because a single bad update can move the policy parameters θ into a region that samples
poor trajectories, preventing effective learning. This sensitivity makes the optimization process
unstable and difficult to tune. The following methods aim to address this issue by restricting
the magnitude of policy updates.
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Trust Region Policy Optimization

Advancements in policy gradient methods are crucial for addressing the high-dimensional, con-
tinuous control problems inherent in robotics. However, standard policy gradient algorithms
are often susceptible to performance collapse due to large, high-variance gradient updates. A
significant step towards mitigating this instability was the development of TRPO (Schulman et
al., 2015). TRPO reframes the policy update as a constrained optimization problem, ensuring
that each new policy remains within a ”trust region” of the previous one, thereby guaranteeing
monotonic policy improvement under certain theoretical assumptions.

The core principle of TRPO is to maximize a surrogate objective function, which approxi-
mates the expected return of the new policy, subject to a constraint on the ”size” of the policy
update. This size is measured by the Kullback-Leibler (KL) divergence, a statistical measure
of the difference between two probability distributions. At each iteration, TRPO solves the
following constrained optimization problem:

maximize
θ

Est∼ρθold ,ut∼πθold

[
πθ(ut|st)
πθold(ut|st)

Âθold(st, ut)

]
subject to Est∼ρθold

[DKL (πθold(·|st) ∥ πθ(·|st))] ≤ δ

(2.15)

In this formulation, πθ represents the new policy parameterized by θ, while πθold is the old
policy from which the data was sampled. The term Âθold(st, ut) is an estimator of the advan-
tage function under the old policy (Schulman et al., 2015). The objective function leverages
importance sampling to estimate the performance of the new policy using trajectories collected
under πθold . The constraint, governed by the KL divergence DKL, limits the average divergence
between the old and new policies to a small value δ, which effectively defines the trust region
for the update (Schulman et al., 2015).

The KL divergence between policies is a nonlinear function of the policy parameters, mak-
ing it computationally expensive and mathematically complex to evaluate and optimize exactly,
especially in high-dimensional parameter spaces. Directly enforcing a constraint on the exact
KL divergence during policy updates would require repeatedly computing this divergence for
different parameter values, which is often intractable. To address this, TRPO approximates
the KL divergence using a second-order Taylor expansion around the current policy parame-
ters. This local quadratic approximation expresses the KL divergence in terms of the Fisher
Information Matrix, which captures the curvature of the divergence with respect to the policy
parameters. The approximation transforms the original complex constraint into a quadratic
form:

DKL(πθold∥πθ) ≈
1

2
(θ − θold)

⊤F(θ − θold). (2.16)

The Fisher Information Matrix F can be interpreted as the Hessian (second derivative
matrix) of the KL divergence with respect to the policy parameters. Since F is typically very
large, explicitly computing, storing, and inverting it is computationally expensive. To overcome
this, TRPO uses the conjugate gradient (CG) method to approximately solve the constrained
optimization problem. The CG method is an iterative algorithm for solving large linear systems
of the form Fx = g, where g is the policy gradient. Instead of requiring explicit computation
or inversion of F, CG only needs to compute matrix vector products with F. These matrix-
vector products, are equivalent to Hessian-vector products of the KL divergence. Hessian-vector
products can be efficiently computed using automatic differentiation. However, these operations
still involve computing second-order derivatives, which remain computationally intensive.
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Proximal Policy Optimization

To address the implementation complexity and computational overhead of TRPO, Schulman
et al. (2017) introduced PPO. This algorithm seeks to retain the benefits of TRPO’s trust
region updates while providing a simpler and more computationally efficient approach. Instead
of enforcing a hard constraint on the KL-divergence, PPO replaces it with a novel clipped
surrogate objective that implicitly limits policy updates. Let the probability ratio between the
new and old policies be defined as rt(θ) =

πθ(ut|st)
πθold

(ut|st) . Then, the PPO clipped objective is given

by:

LCLIP(θ) = Et

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
, (2.17)

where ϵ is a hyperparameter controlling the clipping range. The clipping mechanism takes the
minimum of two terms. The first term, rt(θ)Ât, corresponds to the standard policy gradient
objective, which encourages increasing the probability of actions with positive advantage and de-
creasing it for actions with negative advantage. The second term, clip(rt(θ), 1−ϵ, 1+ϵ)Ât, mod-
ifies this objective by restricting the probability ratio rt(θ) to lie within the interval [1−ϵ, 1+ϵ].
When the advantage Ât is positive, if the policy update attempts to increase the probability ra-
tio beyond 1+ϵ, the clipped term limits this increase, preventing overly large updates that could
destabilize training. Similarly, when the advantage is negative, if the update tries to reduce the
ratio below 1− ϵ, the clipping restricts this decrease, avoiding excessively aggressive reductions
in action probability. This mechanism prevents the policy from changing too drastically in a
single update, thereby approximating the trust region constraint of TRPO while avoiding the
computational complexity of second-order optimization (Schulman et al., 2017).

The full loss function for PPO also includes terms for value function approximation and
entropy regularization, which encourages exploration:

Lt(θ) = Et

[
LCLIP
t (θ)− c1L

VF
t (θ) + c2S[πθ](st)

]
, (2.18)

where LVF
t = (Vθ(st) − V targ

t )2 is the squared-error loss for the value function critic, S[πθ](st)
is an entropy term, and c1 and c2 are weighting coefficients balancing the contributions of the
value function loss and the entropy regularization, respectively. Due to its favorable trade-off
between sample efficiency, stability, and ease of implementation, PPO has become one of the
most widely adopted RL algorithms in robotics and other domains.
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CHAPTER 3

RELATED WORK

Designing control systems is a fundamental challenge in robotics. These systems are essential
for real-world robotic applications such as autonomous drone control. This chapter presents
related work in drone control through the two main paradigms that have emerged: model-based
classical and optimal control and learning driven reinforcement learning.

3.1 Model-Based Control Strategies

The control of quadrotor drones is a complex challenge due to their inherently nonlinear and
unstable dynamics. Over the years, researchers have applied a wide range of control strategies,
which can be categorized into two main paradigms: classical control and optimal control.

Autonomous drone control was first explored through the field of classical control. The first
studies adopted linear controllers and proved effective for achieving stable flight in hovering
conditions. Bouabdallah et al. (2004) focused on achieving full attitude and altitude stabiliza-
tion. They designed a control system using a structure of nested PID loops. An inner loop
managed the high-frequency angular velocities (the speed of roll, pitch, and yaw) to provide
rapid damping, while an outer loop corrected the slower-changing attitude angles and altitude.
Their work provided a foundational proof that a standard, well-tuned PID structure was effec-
tive for achieving a stable hover. Hoffman et al. (2007) extended this to achieve stable 3D
position tracking. They also used a cascaded architecture where an outer PID loop calculated
the error between the drone’s desired and actual position. This loop’s output was not a direct
motor command, but rather the desired roll and pitch angles needed to move the drone toward
its target. An inner PID loop then received these desired angles and actuated the motors to
achieve them, enabling the drone to accurately follow a path in space.

Another popular linear method is the Linear Quadratic Regulator (LQR), an optimal con-
trol solution for linearized systems. LQR-based trajectory tracking has already show interesting
results. For example Faessler et al. (2017) designed a LQR controller to stabilize the UAS in
hover conditions and to track desired attitude commands.

The main limitations of linear controllers such as LQR lie in their reliance on a linearized
model of the system dynamics. This simplification becomes inadequate during aggressive ma-
neuvers or under significant external disturbances, where the drone’s behavior deviates consid-
erably from the nominal operating point. As a result, linear controllers struggle to maintain
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performance across the full range of drone dynamics, necessitating the development of more
advanced techniques capable of handling nonlinearities and uncertainties inherent in the system.

A popular nonlinear approach is feedback linearization, which mathematically transforms
the nonlinear system into an equivalent linear one, enabling the use of classical linear con-
trollers. The control commands computed in the linear domain are then mapped back to the
original nonlinear system. Bonna et Camino (2015) successfully employed feedback lineariza-
tion to achieve stable and precise tracking of three-dimensional trajectories. Other nonlinear
control methods such as backstepping control and sliding mode control have also been explored
(Castillo et al., 2005 ; Bouabdallah & Siegwart, 2005). Castillo et al. (2005) developed a
hierarchical backstepping-based controller for real-time stabilization and trajectory tracking,
it demonstrates precise control in both hover and dynamic flight conditions while providing
robustness against modeling uncertainties. Bouabdallah et Siegwart (2005) apply both back-
stepping and sliding mode techniques to an indoor micro quadrotor and validated them through
extensive flight experiments, showing that sliding mode control provided enhanced robustness
to disturbances and improved tracking performance during aggressive maneuvers and in the
presence of modeling errors.

While nonlinear classical methods enhance robustness, another paradigm provides an even
more powerful framework, the Optimal Control (OC) field which explicitly optimize system
behavior over time. OC requires detailed mathematical models to solve optimization problems,
generating control inputs that minimize a predefined cost function while respecting system
constraints. Among optimal control techniques, Model Predictive Control (MPC) has emerged
as a state-of-the-art strategy for high-performance drone control. MPC combines predictive
modeling with online optimization, enabling it to manage both system dynamics and constraints
explicitly. This makes it particularly suitable for aggressive and safety-critical maneuvers. Jain
et al. (2024) implemented an onboard MPC controller that empowered a drone to perform flips
and high-speed flights in real time. Their work demonstrated exceptional trajectory tracking
accuracy and an impressive ability to recover from extreme initial conditions, underscoring
MPC’s advantages in achieving both agility and robustness. By continuously recalculating the
optimal control sequence at each time step, MPC effectively addresses the challenges posed by
nonlinear dynamics and operational constraints, pushing the boundaries of autonomous drone
flight.

3.2 Reinforcement Learning Approaches

In recent years, RL has emerged as a interesting alternative to traditional model-based control
methods, particularly in the context of highly agile and autonomous drone flight. Unlike OC
approaches, which require accurate system models and often rely on solving complex optimiza-
tion problems online, RL methods learn control policies directly from interaction data. This
allows RL to handle highly nonlinear system dynamics and complex tasks using raw sensory
inputs, such as images. Tasks that are notably difficult for classical control techniques.

A study by Song et al. (2023) made an important contribution by directly comparing an
RL-based controller to a MPC controller. They compared each controller on an autonomous
drone racing tasks. The researchers trained an RL policy in simulation, which mapped observa-
tions directly to motor commands with the goal of minimizing race time. The performance of
this learned policy was evaluated against a the MPC controller on the same racetrack in both
simulated and real-world environments. Results demonstrated that the RL controller was sig-
nificantly faster and more robust, particularly at the limits of the drone’s physical capabilities.
While the MPC controller was precise, it tended to be conservative or unstable during aggres-
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sive maneuvers, whereas the RL policy effectively executed more daring and ”on-the-edge” flight
behaviors. A key limitation of this work, however, was the sim-to-real transfer gap: extensive
domain randomization and training in simulation were required to ensure the learned policy
generalized well to physical drones.

Building upon this foundation, Scaramuzza et Kaufmann (2023) have pushed the boundaries
of agile drone flight through a series of innovative studies. Their work has demonstrated that
RL can accomplish tasks traditionally reserved to expert human pilots. For instance, in their
research on vision-based drone racing through dynamic, moving gates, the team developed a
system comprising three modules: a convolutional neural network for gate position estimation
from onboard camera images, a state estimator to track the drone’s position and velocity, and
an RL-trained control policy that computed motor commands based on these inputs. This
approach allowed the drone to autonomously navigate complex race tracks using only onboard
sensing and computation, a significant advancement over prior methods relying on external
motion capture systems.

Moreover they succeed in performing acrobatic maneuvers, including power loops, barrel
rolls, and Matty flips (Kaufmann et al., 2020). Their innovative training pipeline employed
a ”teacher-student” framework: the teacher policy was trained in simulation with privileged
access to perfect state information, while a student policy was trained to imitate the teacher
using only noisy, realistic sensor data. This approach enabled the successful sim-to-real transfer
of acrobatic flight policies without any fine-tuning. Such maneuvers pose significant challenges
for traditional controllers due to the need to operate beyond the drone’s stable flight envelope,
where system models lose accuracy and optimal control solutions become infeasible.

An important contribution to the field is the Swift system, presented by Kaufmann et al.
(2023), which achieved performance exceeding world-champion human pilots in drone racing
competitions. To achieve this, Swift uses a combination of learning-based and traditional al-
gorithms to map onboard sensory readings to control commands. This mapping comprises two
parts: an observation policy, which distils high-dimensional visual and inertial information into
a task-specific low-dimensional encoding, and a control policy that transforms the encoding into
commands for the drone. After training, the RL agent was deployed on a physical drone and
beats human pilots.
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CHAPTER 4

SINGLE-AGENT REINFORCEMENT LEARNING

This Chapter is dedicated to the formal definition of the components of the single-agent envi-
ronment through its POMDP formalism, along with a detailed description of the corresponding
training procedure.

4.1 Experimental Setup

The single-agent task is inspired by Xu et al. (2023), open-source platform designed for rein-
forcement learning research on multi-rotor drone systems. The goal of this task is to equipped
a drone with a sensor such as a lidar or a camera in an unknown environment and to train it
to achieve a particular target inside the environment while avoiding the pillars.

Figure 4.1: Single-agent exploration tasks

In Figure 4.1, a visual of the tasks is shown, the drone is to small to be seen but is present
at the center of the blue rays, each of these ray represent the data collected by the lidar sensor.
The goal of the drone is to reach the red cuboid that can be seen at the back of the environment
while avoiding all the spikes.

4.1.1 State Space S

The state space S consists of all possible states of the environment. In our drone combat
scenario, the state space S is defined as:
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S = {pw
d ,q

w
d ,p

w
o ,p

w
t ,v

w
d ,ωw

d ,gb
d} (4.1)

In which pw
d , p

w
o ,pw

t represent respectively the position vectors of the drone, every obstacle
present in the environment and the target in the world frame, qw

d represents the quaternion
vectors of the drone. The vectors vw

d ∈ R3 and ωw
d , ωw

a ∈ R3 both represent the linear velocity
and angular velocity vectors of the drone in the world frame and finally, gb

d ∈ R3 represents the
projected gravity vector in the base frame providing orientation information.

4.1.2 Observability Space O

The observation space O consists of the observation received by the agent. In our scenario, the
observation space O is defined as:

O = {pw
d ,q

w
d ,p

w
t ,v

w
d ,ωw

d ,gb
d,od} (4.2)

Most of the components of the observation space are already defined in the state space.
However for the drone the position of the pillars present are unknown, two versions of the
environment were designed. One version equipped the drone with a lidar and the other with a
camera. In the lidar setting od represents the lidar output observation tensor, which has shape
(1, 36, 4) per environment and encodes distance measurements for 36 horizontal and 4 vertical
directions. In the camera setting, od ∈ R80×80×3 represents the RGB image captured from the
quadcopter’s onboard camera, with a resolution of 80× 80 pixels and 3 color channels.

4.1.3 Action Space

The action space of the agent, represented by Figure 4.2,consists of a vector u = (u0, u1, u2, u3),
where:

• u0 represents the thrust, normalized between −1 and 1.

• u1, u2, and u3 represent the moments applied around the roll, pitch, and yaw axes, also
normalized between −1 and 1.

This action space choice was inspired by Kaufmann et al. (2022)

Figure 4.2: Representation of the action spaces

The thrust is scaled according to the drone’s weight and a predefined thrust-to-weight ratio.
The ratio for the Crazyflie model is approximately 1.9
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thrusti = thrust to weight× robot weight× (
ui,0 + 1

2
) (4.3)

This shift ensures that the thrust ranges from zero to the maximum achievable thrust. The
moments are adjusted based on a moment scaling factor, moment scale:

momenti = moment scale× (ui,1, ui,2, ui,3) (4.4)

4.1.4 Reward Function

The agent receives a reward according to a tailored reward function R. The reward r received
by the drone is calculated as follows:

r = rdistance − rlin vel − rang vel (4.5)

The terms of the reward function include a distance-based component encouraging the drone
to explore the environment, this term is computed as follow :

rdistance = 1− tanh(
||pwd , pwt ||

c1
) (4.6)

where || .|| is the euclidean distance ∈ R3 between the attacker and the target, and where
c1 is a hyperparameter depending on the size of the environment. The terms rlin vel and rang vel

represent linear and angular velocity penalties, their values are quite small ranging from -0.01
to -1. They motivate the agent to learn a more human-like flight. Without them, drones start
to develop very turbulent flight.

4.2 Methods

To train our agent, PPO was chosen. This algorithm already achieved great results in numerous
tasks from video-games to more complex robotic systems.

Learning Architecture: The policy and value networks share a unified architecture with
distinct heads. Input observations are structured as two modalities: the raycaster input is
processed through a CNN composed of three layers: 32 filters with a 4×4 kernel and stride 2,
followed by two 64-filter layers with 3×3 kernels and stride 2, each using ReLU activations. The
resulting features are flattened and concatenated with the other modalities, the robot state be-
fore passing through a MLP with hidden layers of sizes 512, 256, and 128, activated using ELU.
The policy network outputs the mean of a Gaussian distribution over actions with a learned,
state-independent log standard deviation constrained between -20 and 2, initialized to 0.5 and
clipped during training. The value network follows the same structure but uses a determinis-
tic output. PPO training uses a KL-adaptive learning rate scheduler with a KL threshold of
0.016 and includes additional techniques such as advantage estimation with GAE (λ = 0.95),
advantage normalization, and gradient norm clipping at 1.0. Main hyperparameters include
a learning rate of 5.10−4, PPO clipping ratio of 0.2, and entropy regularization with a scale
of 0.0001, ensuring stable and robust policy updates across 24 rollout workers and 5 learning
epochs per iteration.
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4.3 Results

4.3.1 LiDAR Version

To assess learning performance, experiments were conducted using ten different random seeds.
For each seed, 1000 agents were trained in parallel for 1 billion timesteps. The cumulative
reward was tracked throughout the training process. Figure 4.3 presents the average episodic
return across all agents.

Figure 4.3: Episodic return over training iterations for the single-agent PPO policy.

As illustrated, certain seeds failed to explore the environment effectively, resulting in agents
becoming stuck near the initial regions. Conversely, other seeds led to agents that demon-
strated more efficient exploration, ultimately achieving higher returns and improved overall
performance.

Reward Component Breakdown

To quantify the individual contribution of each reward component, their respective values were
logged during training. As anticipated, the distance-based reward term exhibited the largest
contribution among the three, as it primarily helps exploration within the environment.

Figure 4.4: Contribution of the distance reward term to the overall return.

Although the linear and angular velocity penalty terms accounted for a smaller proportion
of the mean reward, their presence significantly impacted agent behavior. Specifically, remov-
ing these penalties resulted in more aggressive flight patterns, accompanied by an increased
frequency of collisions. Therefore, the rlin vel and rang vel terms play a role in encouraging
smoother and safer trajectories.
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Figure 4.5: Contribution of the angular velocity penalty term.

Figure 4.6: Contribution of the linear velocity penalty term.

4.3.2 Camera Version

A vision-based variant of the environment, relying on a camera-equipped agent, was also im-
plemented. However, an issue introduced in version 2.1 of IsaacLab related the raytracing logic
and lighting which led to poor camera input. As a result, the camera-based agent was unable
to learn effectively under the altered visual conditions.

4.4 Conclusion

The central contribution presented in this chapter is the novel SARL environment built on
Isaaclab, which features a navigation scenario where a drone attempts to reach a target in an
unknown environment. The agent control a Crazyflie drone through thrust and torques. This
work highlights the viability of RL-based approaches to solve complex task. Our results show
that an agent, trained with PPO with minimal hyper-parameter tuning, is capable of learning
how to navigate in complex environment.

This work is a first investigation of navigating in unknown environment, and we propose
several future research directions. We suggest performing more testing on new environment to
asses how well the agent is capable of generalizing to new terrain. Another limitation of our
experiments is the absence of hyperparameter optimization. We use classical network architec-
ture and default parameters values, we suspect that better settings could lead to better results
and better behavior independently of the seed.
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CHAPTER 5

MULTI AGENT REINFORCEMENT LEARNING

This final Chapter of the thesis is the paper about multi-agent reinforcement learning (MARL)
scenarios. In this paper MARL approach are explored and compared in a new environment de-
sign specifically for it. This environment model a one versus one drone combat scenario where
an attacker tries to reach a target while another drone, the defender tries to stop him by colliding
with it. Some contents of the paper were already introduced in the thesis for clarity.
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Abstract

Drones have become essential tool in various industries, from agriculture to surveil-
lance and are now increasingly deployed on battlefields for detection, recognition,
identification, and combat. While most systems remain controlled by human,
the shift toward autonomy is intensifying, driven by breakthroughs in artificial
intelligence, notably in reinforcement learning and scalable simulation techniques.
This paper presents two contributions. A multi agent reinforcement learning en-
vironment for drone combat built on IsaacLab. An in-depth comparison between
decentralized learning and self-play scheme in competitive settings. Our work
confirmed the benefits of self-play methods for autonomous drone combat.

1 Introduction

Drones have become an important asset in various applications [1, 2]. In recent years, their numbers
have drastically increased in combat zones, as they offer a low-cost solution to detect and identify
strategic targets such as armed vehicles or critical infrastructures like power plants [3]. Additionally,
they can easily be converted into lethal, low-cost weapons, representing a threat for these targets [4].
The conflict in Ukraine highlights the growing deployment of weaponized versions of commercial
drones [5–7]. Their small size and speed impose constraints and complexity on designing counter-
measures that require minimal resources and time. Multiple ways of dealing with these threats are
currently considered [8, 9], a distinction in these countermeasures can be made between physical
and electronic systems. Physical defenses include measures such as air defense systems, lasers,
net guns, and interceptor drones [10]. Various combinations were explored, such as, integrating
anti-aircraft guns with radar and laser systems [11], or deploying drones to pursue and neutralize
other drones [12]. However, these approaches face key challenges: drones are highly agile, making
them difficult to target, and the cost of defense systems, particularly missiles, often exceeds the value
of the drones they aim to destroy [13]. In contrast, electronic defenses, exploits tactics such as radio
jamming, eavesdropping and information injection [14]. In this work, a drone-based countermeasure
is proposed to actively intercept and neutralize adversarial drones. Interceptor drones offer multiple
advantages. They are cost-efficient, can be deploy from commercially available drones [7, 15], and
do not rely on high-cost, military-grade weapons. Furthermore, the majority of their components
can be fabricated through additive manufacturing techniques such as 3D printing [16], enabling fast
assembly. Moreover their speed and rapid movements make them a highly adaptable countermeasure
capable of operating on various terrains.

A well-established framework of artifical intelligence for control, called reinforcement learning
(RL), based on the idea of agents learning to make sequences of decisions by interacting with an



environment, already shown great capabilities in robotics applications, like the ability to control first
person view (FPV) drones better than the best pilots [17], or the ability to learn human actions like
walking or running [18]. Multi-Agent RL (MARL) achieved human-level performance in difficult
tasks such as competing with some of the best human players in StarCraft II [19], beating Chess
Grandmaster [20]. It also demonstrates the capacity to solve complex drone control tasks such as
flying in a formation pattern [21] or exploring an unknown environment through drone swarms
[22]. There is no doubt that MARL could reshape the battlefield landscape by enabling autonomous
systems to coordinate, adapt, and make complex decisions collectively. This could allow swarms of
drones to respond to threats dynamically, and carry out missions with reduced human intervention.
However, there is still a gap before deploying autonomous agents in a real battlefield [23]. These
previous examples typically make strong hypotheses both on the drones and the environments that
should be relaxed to be closer to real combat situation.

This paper analyzes and explores the inherent challenges of MARL, such as the of continual co-
adaptation of multiple agents as they learn from interactions with one another named moving target
problem [24, 25]. This non-stationarity induced by learning agents can lead to cyclic dynamics
[26], whereby a learning agent adapts to the changing policies of other agents, which in turn adapt
their policies to the learning agent’s policy, and so on, creating possible infinite cycles in their
strategies. Defining and achieving optimal behavior in multi-agent environments requires a shift from
single-agent optimality concepts. Unlike single-agent settings where an optimal policy is defined with
respect to a stationary environment, in MARL, an agent’s policy is inherently linked to the policies
of all other agents [27, 28]. This interdependence between agents requires additional theoretical
frameworks, largely drawn from game theory. Solution concepts in multi-agents settings often revolve
around achieving some form of equilibrium, such as the widely studied Nash equilibrium [29]. Other
concepts like correlated equilibria or evolutionarily stable strategies also offer valuable frameworks
for analyzing multi-agent learning outcomes [30, 31]. Furthermore, the dynamic and often uncertain
nature of multi-agent interactions underscores the importance of developing robust policies (i.e.
policies that can maintain performance despite variations in opponents’ strategies)[32, 33].

To address the presented challenges, self-play methods are central in MARL by confronting an
agent to its own weaknesses. Traditionally, this means an agent competes directly against copies of
its current policy: in doing so, it discovers and exploits weaknesses in its play. There are several
examples of games where human-level performance has been achieved with this particular scheme,
such as Stratego, Go and chess [20, 34, 35]. Self-play also shown benefits for autonomous driving
[36]. In our approach, an asymmetric self-play scheme is applied only the defender which periodically
faces off against frozen, past checkpoints of the attacker during training.

Nowadays, high-fidelity physics simulators have a significant impact on RL research for environment
creation and agent training. Training in a simulator is often divided into two steps: data collection and
policy updates, where a policy refers to the agent’s decision-making function that maps observations
to actions. Nowadays policies are neural networks trained on GPUs, a high-fidelity simulator that also
runs on GPU can significantly improve the speed of training. For this reason, the IsaacLab framework
[37] and the IsaacSim simulator [38] were selected to design a new adversarial environment involving
two agents. This new environment models a combat scenario where one drone attempts to reach a
target, while the other tries to prevent it by colliding with it. Crazyflie drones [39] were selected for
this task. Their open-source nature simplifies the acquisition of necessary data, such as their mass or
thrust-to-weight ratio.

This paper is organized as follows. In Section 2, related works on autonomous drone control are
reviewed. Section 3 covers the theoretical background. In Section 4, our approach to the problem is
presented. Section 5 discusses the results, and finally, Section 6 concludes the paper and outlines
potential future work.

2 Related Work

Game theory provides a principled framework for modeling strategic interactions among rational
agents and for formally classifying different categories of games. In cooperative games, all agents
optimize a shared reward function and pursue a common objective. In contrast, competitive or
zero-sum games are characterized by strictly opposing interests, where the gain of one agent is exactly
the loss of another. More generally, general-sum games represent settings in which the outcomes
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of one player are not necessarily inversely related to those of others. Important contributions in
Game theory, such as Nash’s equilibrium [29], have laid the groundwork for analyzing the strategic
outcomes and stability of policies learned by agents in competitive and cooperative environments.
Other solution concepts exist, such as maxmin / minmax strategies [40], iterated elimination of
dominated strategies [41], and correlated equilibria [42], that have further enriched our understanding
of multi-agent dynamics. Game theory and RL have shaped the current field of MARL [26].

Most of the time, MARL methods fall between a fully centralized [43] or fully decentralized
paradigms [44]. In the centralized paradigm, a joint policy is learned actions through global state
information. Decentralized methods, on the other hand, train each agent independently based on local
observations and individual rewards. While decentralized learning can handle general-sum games, it
often suffers from instability due to the non-stationarity of the environment, even in simple settings
[45]. An emerging compromise is the framework of centralized training and decentralized execution
(CTDE) [25], in which, during training, agents exploit global information about the environment to
mitigate the non stationary challenges caused by simultaneous learning, but at execution each agent
selects actions based only on its own local observations. Recent works showed that CTDE methods
consistently achieve state of the art results on standard multi agent reinforcement learning benchmarks
[46]. There are two prominent classes of CTDE methods: actor critic and value decomposition
approaches. In actor-critic approaches, each agent learns a decentralized policy using a centralized
critic that has access to the joint observation history during training. This centralized critic provides
better value estimates than a local critic [47], thereby improving policy learning. At execution time,
the critic is no longer required; each agent acts independently based solely on its local observation
history. In contrast, in value decomposition methods a centralized learner trains decentralized value
functions by factorizing the joint action-value function into individual agent-specific value functions.
These individual function enables decentralized execution [48].

CTDE strategies have proven highly effective in a range of cooperative drone applications requiring
tight inter-agent coordination. In urban surveillance, for example, such frameworks enable drones
swarms to collaboratively navigate and efficiently monitor target areas. Huang et al. [49] introduce a
Multi-Agent Critic-Actor learning scheme, where a centralized critic maximize the discounted global
rewards considering both safety and energy efficiency and an actor per drone to find decentralized
policies to avoid collisions. In the field of mobile edge computing, MARL models trained with
centralized knowledge have been applied to optimize drone trajectories and resource allocation. Park
et al. [50] propose a method allowing drones to act as mobile base stations, to improve service quality
in mobile access networks. Precision agriculture also benefits from these strategies, Sahu et al. [51]
study a multi-agent approach to field coverage, where drones dynamically adapt to environmental
changes to ensure complete monitoring while minimizing redundancy.

While competitive MARL scenarios for drone control have received less attention than cooperative
settings, they present unique challenges, as agents must learn to counter adversaries with opposing
objectives. To deal with these challenges, recent research combined hierarchical decompositions and
self-play under a CTDE paradigm. Many approaches relies on hierarchical framework separating
decision-making into macro- and micro-levels. Chai et al. [52] propose a two-tier architecture for
air-to-air combat, where an outer strategic planner selects high-level combat objectives and an inner
maneuver controller translates those objectives into precise flight commands. This framework relies
on self-play during training. Building on this concept, Selmonaj et al. [53] design a hierarchical
multi-agent system in which a high-level “commander” issues macro commands to subordinate
agents. These agents, in turn, rely on self-play to refine group tactics and adapt to evolving strategies.
More recently, Pang et al. [54] introduce a three-tier Leader-Follower Multi-Agent Proximal Policy
Optimization scheme for drones combat. In their design, the top tier performs battlefield assessment,
the middle tier determines optimal engagement angles, and the bottom tier issues flight commands.

Although most autonomous drone studies adhere to the CTDE paradigm, Recent success of Schroeder
de Witt et al. [55] on the StarCraft Multi-Agent Challenge, demonstrated that decentralized agents
trained with Independent proximal policy optimization (IPPO), relying only on local observation
during training, can match or exceed the performance of centralized critics, which have access to
global information, with surprisingly little hyperparameter tuning. Beyond StarCraft, recent work by
Batra et al. [56] shows that fully decentralized RL can produce interesting swarm behaviors. They
demonstrate advanced flocking behaviors, perform aggressive maneuvers in tight formations while
avoiding collisions with each other, break and re-establish formations to avoid collisions with moving
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obstacles, and efficiently coordinate in pursuit-evasion tasks. Our work follows this approach by
investigating autonomous drone combat based on independent learning and self-play methods.

3 Theoretical Background

The stochastic game (SG), also called a Markov game [44], is at the foundation of MARL. In an SG,
a set of agents interact with the environment by observing its state, choosing actions, and receiving
rewards over a time sequence.

Definition: A stochastic game is defined by the tuple (n,S, {Ui}i∈A,P, {Ri}i∈A, γ, p, T ), where
A = {1, . . . , n} denotes the set of n ≥ 1 agents, S denotes the state space, and Ui denotes the
action space of agent i. Let U := U1 × · · · × Un, then P : S × U → ∆(S) denotes the transition
probability from any state s ∈ S to any state s′ ∈ S for any joint action u ∈ U . The reward function
Ri : S × U × S → R determines the immediate reward received by agent i. Finally, γ ∈ [0, 1) is the
discount factor, p ∈ ∆(S) is the initial state distribution, and T ∈ N ∪ {∞} is the time horizon.

Figure 1: Interaction of three agents with the environment in a stochastic game [57]. Agents
i ∈ {1, . . . , 3} have access to the state st to select actions ut

i. As a consequence, they each receive a
reward rti and the environment transitions into a new state st+1.

Sg are the standard formalism approach for fully observable environment, which is an assumptions
made in this work. Within this framework, agent behavior is typically analyzed through game-theory
principles. In particular, many solution concepts rely on the notion of best response, where a strategy
is optimal for an agent given the fixed strategies of others, in terms of maximizing its expected
cumulative reward. This notion is inherently static [58, 59], as it assumes the strategies of opponents
are fixed. A Nash equilibrium is a stable point in which each agent’s strategy is a best response
to the strategies of the others. The existence of such a solution in any general-sum, non-repeated,
normal-form game was first proven in the seminal work of Nash [29]. A formal way of defining a
Nash equilibrium is through the value function noted V-function and the joint policy π = (πi, π−i)
[26].

V
πi,π−i

i (s) = E

[
T∑

t=0

γtRi(s
t,ut)

∣∣∣∣∣ s0 ∼ p(.), ut ∼ π(· | st), st+1 ∼ P(· | st,ut)

]
, (1)

where V
πi,π−i

i (s) is the expected cumulative discounted reward for agent i, starting from state s,
when it follows policy πi and all other agents follow policies π−i and where ut = (ut

1, ..., u
t
n) is the

joint action at time t, drawn from the joint policy π. Following the V-function a Nash equilibrium of
an SG is a joint policy π∗ = (π∗

1 , ..., π
∗
n) such that:

V
π∗
i ,π

∗
−i

i (s) ≥ V
πi,π

∗
−i

i (s), ∀πi ∈ Π ∀s ∈ S ∀i ∈ A (2)

Intuitively, the Nash equilibrium represents a joint policy where no agent can improve its expected
cumulative reward by unilaterally changing their own policy while others keep theirs fixed [29].
At equilibrium, each agent’s strategy is the best response to the strategies of all other agents [60].
Even though Nash equilibria are guaranteed to exist [29], verifying their presence is hard in practice
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for high-dimensional environments [61]. Learning algorithms in multi-agent settings, like policy
gradient methods, especially in general-sum or partially observable environments, where agents have
limited access to the full state of the environment, lack theoretical guarantees for convergence to
Nash equilibria and may instead converge to suboptimal or unstable strategies [62]. This lack of
guarantees has motivated the exploration of self-play paradigms in recent research [63].

Once training is complete, the performance of agents in a multi-agent setting can be assessed through
several metrics. A direct and widely adopted approach, especially in single-agent settings, is to
evaluate the expected cumulative reward, as formalized in the value function V

πi,π−i

i (s) previously
defined in Equation 1. This measures the expected return for agent i, assuming it follows policy πi

while the other agents follow π−i. Reward-based evaluation are straightforward but often fails to
capture strategic nuance in competitive settings. Indeed, high returns may simply reflect exploitation
of weak opponents rather than genuinely robust play. Consequently, game-theory metrics are
frequently required in adversarial domains. One such metric is the Elo system originally developed
for chess [64], which assigns each player a score that reflects their relative skill level within a
population. Let RA and RB be the Elo ratings of agents A and B, respectively. The estimated
probability of winning for agent A against agent B, and vice versa, are given by:

EA =
1

1 + 10(RB−RA)/400
, EB =

1

1 + 10(RA−RB)/400
(3)

Note that EA + EB = 1. The constant 400 determines the steepness of the logistic function, for
instance, if agent A has a rating 400 points higher than agent B, A s expected to win with a probability
ten times greater than that of B. After each episode, the Elo ratings are updated according to the
formula:

R′
i = Ri +K(Si − Ei) (4)

where Ri is the current rating of agent i, R′
i the updated rating, Ei the expected score, Si ∈ {0, 0.5, 1}

the actual result (loss, draw, or win), and K a constant controlling the update magnitude.

Another commonly used performance metric is the win rate, which measures the proportion of
matches an agent wins against others in the population. This metric offers valuable insights into an
agent’s relative strengths and weaknesses, particularly when evaluated against specific subgroups
within the population. Unlike Elo ratings, which provide a general measure of performance, the win
rate can highlight whether an agent performs especially well or poorly against certain subsets of
opponents.

4 Experimental Setup

In this section, the components of the SG of our experiments are defined in addition to the training
procedure.

State Space S

The state space S consists of all possible states of the environment. In our drone combat scenario, the
state space S is defined as:

S = {pw
d ,qw

d ,pw
a ,qw

a ,pw
t ,vw

d ,ωw
d ,vw

a ,ωw
a ,gb

d,g
b
a} ∈ R35 (5)

In which pw
d , pw

a , pw
t represent respectively the position vectors in R3 of the defender drone, the

attacker and the target in the world frame. Vectors qw
d , qw

a represent the quaternions in R4 encoding
the orientation of the defender and attacker drones with respect to the world frame.The vectors vw

d ,
vw
a ∈ R3 and ωw

d , ωw
a ∈ R3 both represent the linear velocity and angular velocity vectors of each

drone in their base frame. Finally, gb
a , gb

d ∈ R3 represents the projected gravity vector in the base
frame of each drone, which provide orientation of each drone.
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Joint Action Space

A joint action u is:
u = (u1,u2) ∈ U1 × U2 (6)

The action space for each agent consists of a vector ui = (ui,0, ui,1, ui,2, ui,3), where:

• ui,0 represents the thrust, normalized between −1 and 1.
• ui,1, ui,2, and ui,3 represent the moments applied around the roll, pitch, and yaw axes, also

normalized between −1 and 1.

The thrust is scaled according to the drone’s weight and a predefined thrust-to-weight ratio. The ratio
for the Crazyflie model is approximately 1.9 [39]. Each agent controls a drone through applied forces
and torques see Figure 2.

thrusti = thrust_to_weight × robot_weight × (
ui,0 + 1

2
) (7)

This shift ensures that the thrust ranges from zero to the maximum achievable thrust. The moments
are adjusted based on a moment scaling factor, moment_scale:

momenti = moment_scale × (ui,1, ui,2, ui,3) (8)

Figure 2: Representation of the action spaces

Reward Functions Ri

Each agent i receives a reward according to a tailored reward function Ri, implying that our environ-
ment is a general-sum game. The reward r1 received by the defender drone is:

r1 = rdistance − rlin_vel − rang_vel + rwin − rpen − ralt_pen (9)

The terms of the reward function include a distance-based component encouraging the defender to
get closer to the attacker, this term is computed as follow:

rdistance = 1− tanh(
||pwd , pwa ||

c1
) (10)
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where || .|| is the euclidean distance ∈ R3 between the attacker and the target, and where c1 is a
hyperparameter depending on the size of the environment.
rlin_vel and rang_vel represent linear and angular velocity penalties, their values are quite small ranging
from -0.01 to -1. These terms motivate the agent to learn a more human-like flight. Without these
terms, drones start to develop very turbulent flight. rwin represents a large positive reward (+300) for
successful interception of the attack drone. However, if the attacker reaches the target point, a penalty
rpen (-300) is assigned to the defender. Finally, an altitude penalty ralt_pen (-10) is added to simulate
the crash of a drone. When it happens, the other drone gains a positive reward as it can be considered
a win.

Similarly, the reward r2 received by the attacker drone according to the reward function R2 is
calculated as:

r2 = rdistance − rlin_vel − rang_vel + rwin − rpenalty − ralt_pen (11)

For the attacker drone, the distance component encourages proximity to the goal. This term is
computed as :

rdistance = 1− tanh(
||pwd , pwa ||

c2
) (12)

where c2 is another hyperparameter depending on the distance to the target.

5 Methods

In this paper, we compare two approaches: Independent proximal policy optimization (IPPO) and an
modified version of IPPO, Self-play based IPPO (S-IPPO).

IPPO

IPPO was implemented via the SKRL library [65] following the algorithm details presented by
Schroeder et al. [66]. IPPO is an extension of PPO to multi-agent settings. PPO is an algorithm
derived from Trust Region Policy Optimization (TRPO) [67], which is a class of policy-gradient
methods that restricts the update of a policy to within the trust region of the behavior policy by
enforcing a KL divergence constraint on the policy update at each iteration. Initially, TRPO optimizes
the following:

max
θ

Est,ut

[
πθ(ut | st)
πθold(ut | st)

Â(st, ut)

]
, subject to Est,ut

[KL (πθold , πθ)] ≤ δ (13)

where θold are the parameters of the policy before the update and Â(st, ut) is an approximation of
the advantage function. This formulation is computationally expensive due to the computation of
multiple Hessian-vector products when approximating the KL constraint. To solve this, PPO[68]
approximates the trust region constraints by policy ratio clippings, i.e. the policy loss becomes:

L(θ) = Est,ut

[
min

(
πθ(ut | st)
πθold(ut | st)

Â(st, ut), clip
(

πθ(ut | st)
πθold(ut | st)

, 1− ϵ, 1 + ϵ

)
Â(st, ut)

)]
(14)

In IPPO every agents learn a decentralized policies πi with individual policy clipping, where each
agent’s independent policy updates are clipped based on the objective defined in Equation 17. A
variant of the advantage function, where each agent i learns a local observation based critic Vϕ(o

i
t)

parameterised by ϕ is considered, using Generalized Advantage Estimation [69]. The network param-
eters θ, ϕ are not shared across critics and actors in this implementation. An entropy regularization
term is also added to the final policy loss [70]. For each agent i, the advantage estimation is computed
as:

Âi
t =

∞∑
l=0

(γλ)lδit+l, where δit = rit + γVϕi,old(s
i
t+1)− Vϕi,old(s

i
t) (15)
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where δit is the temporal difference at time step t. The team reward rt(st, it) approximates rt(oit, u
i
t).

Following that, the final policy loss for each agent i becomes:

Li(θ) = Eoit,u
i
t

[
min

(
πθ(ut | oit)
πθold(ut | oit)

Âi
t, clip

(
πθ(ut | oit)
πθold(ut | oit)

, 1− ϵ, 1 + ϵ

)
Âi

t

)]
(16)

Value Clipping is applied to restrict the update of the critic function as proposed by [69]:

Li(θ) = Eoi

[
min

{
(Vϕ(o

i
t)− V̂ i

t )
2, (Vϕold

(oit)) + clip(Vϕ(o
i
t)− Vϕold

(oit),−ϵ,+ϵ )− V̂ i
t )

2
}]
(17)

where ϕold are parameters before the update and V̂ i
t = Ai

t + Vϕ(o
i
t). This restriction of the value

function to within the trust region helps avoiding overfitting to the most recent batch of data. For
each agent the overall learning loss becomes:

L(ϕ, θ) =
n∑

i=1

Li(θ) + λcriticLi(ϕ) + λentropyH(πi) (18)

where H(πi) is the entropy of policy πi and λcritic and λentropy are hyperparameter set to 1.0 and
0.001 respectively.

Learning Architecture: We use orthogonal initialization with a gain of
√
2 to initialize the parameters

of both the policy and value networks, a strategy known to perform well with ELU activations. The
input of each network consists of a flatten state vector, which is passed through two fully connected
layers with 256 and 128 hidden units respectively, each followed by ELU activations [71]. The
policy network outputs the mean of a Gaussian distribution over actions, with a state-independent log
standard deviation parameter. Advantage normalization is applied once before training by subtracting
the mean and dividing by the standard deviation over the full rollout buffer. A KL-adaptive learning
rate scheduler with a threshold of 0.008 is used. The PPO-specific hyperparameters include a clipping
ratio of 0.2 and discount factor λ= 0.99.

S-IPPO

A new Self-play variant of IPPO was also implemented, this new approach aims to improve the
defender robustness by modifying the training opponent selection process. The core modification
involves maintaining a fixed population of M distinct and frozen attacker policies.

Training is divided in chunks. During training, the defender policy πθdef primarily collects experience
by interacting with the current version of the opponent policy. However, with some probability
p, at the end of a chunk, the defender instead interacts with a past version of the attacker policy
sampled randomly from previously saved opponent checkpoints. The defender’s policy πθdef is then
updated following the standard IPPO algorithm detailed previously (Equations 15-18), exploiting
the experience gathered from these interactions. The idea behind this training scheme is to help the
defender develop more robust and generalized behaviors.

8



First Chunk

Second Chunk

Third Chunk

Randomly Selected Uniformly

Live Defen...

Live Defen...

Live Defen...

Live Attac...Live Attac...

Live Attac...

Live Attac... Live Attac...

Frozen Att...Frozen Att...

Frozen Att... Frozen Att...

Attacker pool

p

p

1 - p

1 - p

Figure 3: Overview of S-IPPO.

To test both methods we trained agents during 1 billion timesteps with 1000 environments running in
parallel, checkpoints for both the attackers and the defenders were taken every chunks, the probability
p of switching from the live version of the attacker to a past frozen version of it is 0,2.

6 Results

As stated in Section 5, during training, a checkpoint of each agent is saved every chunk, each chunk
is composed of 10 million timesteps, resulting in a population of 100 distinct versions of attackers
and defenders. To evaluate their respective Elo scores, each attacker–defender pair was matched 5
times, yielding a total of 50,000 simulated combats. The matches are randomly ordered to ensure
statistical fairness and to avoid bias introduced by the ordering of evaluations. To make sure the elo
score converge each pair play 100 episodes against each other. This methodology was performed
eight times and the results were averaged across these runs.

Figure 4 and 5 presents the Elo score evolution of both teams trained with IPPO. The attackers
achieves higher Elo ratings than the defender. This discrepancy may be partially attributed to the
unfairness of the tasks: the attacker’s target remains fixed, allowing it to better optimize its strategy,
while the defender must adapt to the evolving and increasingly competent behavior of the attacker.
The defender’s Elo slighty decrease at first then remains relatively constant over time, suggesting
that earlier defender might learn more general strategies than later one. The constant elo observed
after suggests that more trained defender may forget early attacker and are only strong at each chunk
against a subset of attacker. However elo scores obtained from S-IPPO are slightly higher, regarding
the defender. The final defender saved achieves a mean elo score of 1̃450 compared to 1̃350 for IPPO,
suggesting that more trained defender don’t forget early attacker.

Figure 4: IPPO Elo Score Figure 5: S-IPPO Elo Score

Our suggestion is further reinforced by the win rate analysis presented in Figures 6 and 7, which
display the average win rates across all runs between ten defender and every attackers, these heatmaps
were clipped between 0,25 and 0,45 to better visualize the average trend present in each methods.
Under the IPPO framework, each defender exhibits marginally higher win rates against attacker
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policies generated around the same stage of training. This trend indicates a form of temporal
overfitting, where defenders adapt primarily to the strategies of their current attackers, but fail to
generalize effectively to opponents trained significantly earlier or later. Notably, a marked decline in
defender performance becomes evident beyond approximately 600 million timesteps, suggesting a
degradation in the ability to counter earlier attack strategies over time.

In contrast, the S-IPPO approach demonstrates higher win rates against earlier attacker checkpoints.
This outcome highlights the benefits of training defenders against a diverse set of opponent policies
drawn from different stages of training, thereby improving robustness and mitigating the forgetting
effect.

Figure 6: Win rate of IPPO. Figure 7: Win rate of S-IPPO.

Regarding the variance in performance, S-IPPO displays a higher variance in win rates compared to
IPPO. This observation suggests that the outcome of training under S-IPPO is more sensitive to the
rate and diversity of opponent exposure during training, potentially due to the broader behavioral
spectrum introduced by replaying past attacker checkpoints. This could also come from inherent
stochasticity of RL. Two runs can output really different results leading to an high variance.

Figure 8: Variance heatmap for IPPO defenders
against attacker checkpoints.

Figure 9: Variance heatmap for S-IPPO defenders
against attacker checkpoints.

7 Conclusion and future works

In this paper, we develop and evaluate multi-agent reinforcement learning approaches for autonomous
drone combat. We introduce a competitive MARL environment built on IsaacLab, featuring a combat
scenario where an attacker drone attempts to reach a target while a defender drone aims to intercept it.
Agents control Crazyflie drones through thrust and torques. Our primary investigation compare a fully
decentralized learning paradigm, IPPO, against an asymmetric self-play scheme, S-IPPO, in which
the defender trains against a population of attacker policies. This approach specifically addresses the
moving target problem inherent in competitive multi-agent settings. We evaluate the performance
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of these approaches at the end of training using the Elo rating system, and we analyze the win rates
of several matchups during training to support the results provided by the Elo scores. Our results
highlight the benefits of training a defender against past version of the attacker, demonstrating that
S-IPPO improves the development of more robust defenders.

This work constitutes a first investigation of two-team drone competitive tasks using fully decen-
tralized methods, and we propose several future research directions. First, we suggest performing
the same experiments in more complex environments with more than two agents and under partially
observable settings. Given their impressive results in cooperative tasks, a comparison between CTDE
methods and fully decentralized approaches may yield interesting insights. Another research direction
consists in comparing a symmetric self-play scheme to S-IPPO. We also recommend conducting
behavioral and policy analyses to better understand why some teams achieve higher Elo scores and
how strategy diversity emerges within a single training population.
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CHAPTER 6

CONCLUSION

This work tackled two problems, the navigation in unknown terrain and the viability of au-
tonomous drone combat. The performance of each agents were evaluated and analyzed. Finally,
we compared a fully decentralized approach to a new self-play variant we introduced in the multi-
agent scenario designed.

6.1 Contributions

The central contributions of this work are the environment designed both in single-agent and
multi-agent settings as well as the new novel self-play variant of IPPO, which mitigate the
moving target problem inherent to the field of MARL. This thesis also investigate the viability
of RL for autonomous drone control in both single-agent and multi-agent settings, focusing on
complex tasks such as navigation in partially observable environments and adversarial aerial
combat scenarios. High-fidelity simulation tools such as IsaacSim and the IsaacLab framework
were selected to design a set of custom environments and for the training of the agents. The
studied control problem was approached through policy gradient methods like: Proximal Policy
Optimization, its multi-agent variants, IPPO, and our novel variant S-IPPO.

In the single-agent context, we demonstrate that RL-based policies can effectively guide a
drone equipped with minimal sensing (LiDAR or vision) through unknown terrains. The learned
policies successfully explore the terrain while avoiding.

In the multi-agent setting, a novel competitive environment was designed to simulate one-
on-one drone combat. Our evaluation compare the performances of agents trained following
the fully decentralized method, IPPO, and our novel variant S-IPPO. Our results highlights the
benefits of this new variant compared to IPPO, we also focus on inherent problem to the field of
MARL such as the notions of non-stationary, moving target problem and equilibrium solutions

6.2 Future Works

As stated in the paper, CTDE methods have achieved interesting results on several popular
benchmark. This same statement appears in the single-agent environment design, alternative
RL algorithms such as Soft Actor-Critic (SAC), Twin Delayed Deep Deterministic Policy Gra-
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dient (TD3), or model-based RL approaches could be explored to improve the results.

Another important avenue for future work is hyperparameter optimization. We believe that
hyperparameter tuning is a critical aspect of RL experimentation, and the use of automated
optimization tools such as Optuna could help achieve better performance. This would, however,
require additional computational resources and time.

Finally, additional quality metrics could be incorporated into the evaluation of our exper-
iments. With more careful planning and a more systematic approach to experimental design,
future studies could include a broader set of metrics, leading to deeper insights and more robust
comparisons across algorithms.

6.3 Perspectives

In this work, we sometimes scratch the surface of deep problems or take important assumptions
that should be investigated. Here is a list of several open challenges and research directions
remaining.

• A primary concern is the transferability of policies trained in simulation to real-world
platforms. Bridging the sim-to-real gap will require the integration of real sensor feed-
back, better modeling of environmental noise and dynamics, and potentially the use of
domain adaptation or fine-tuning on physical hardware. Moreover strong assumptions
regarding the agent’s observation were made such as the position of the drone and the
target. Relaxing these assumptions should be the subject of future work.

• Another direction for future work involves exploring more complex network architecture,
for example Recurrent Neural Network, especially for the multi-agent environment to en-
hance the performance of the defender and to decrease the unfairness of our task.
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