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ABSTRACT

In the realm of machine learning, multi-agent reinforcement learning (MARL) is the
setting where several agents learn to act by receiving rewards after deciding on actions
based on their perception of their environment. It takes its foundation in game theory
and reinforcement learning (RL), both fields developed for decades. The success of deep
neural networks is leading to unprecedented progress in the variety of problems that can
be solved by such methods. Indeed, many real-world applications, such as autonomous
vehicles, swarms of drones, warehouse robots, cyber securities, traffic management, or
smart grids, can be framed as MARL ones. In this thesis, we present contributions in
this domain, particularly in training a team of agents to cooperate alone or against
an opposing team. This manuscript starts with the fundamentals, defining the general
MARL framework and how it is divided into the settings of cooperation, competition,
and general-sum. It also provides the necessary background for the unfamiliar reader
with RL.

The second part of the thesis is dedicated to the cooperative setting, where agents
share the same goal. Such a setting is commonly framed as a decentralised partially ob-
servable Markov decision process (Dec-POMDP). This part begins with a background
chapter defining the Dec-POMDP and how it is solved in the literature. The following
chapters present two contributions to the cooperative MARL field. One concerns meth-
ods extending the Deep-Quality-Value family of algorithms to the cooperative setting,
demonstrating competitive performance with the state of the art. The other presents
IMP-MARL, an open-source suite of MARL environments for large-scale infrastructure
management planning (IMP). In IMP, inspections, repairs and/or retrofits should be
decided to control the risk of potential system failures while minimising costs, such as
bridge or wind turbine failures.

The third part of the thesis addresses the problem of training a team against an
opposing one. This setting extends the competition setting, framed as agents having
opposing goals, to teams of agents having opposing goals. It is composed of two chapters.
The former presents historical stories and solutions from game theory to the competition
and general-sum settings. The latter presents the third contribution, which is a study on
how to pair cooperative and competitive methods to train a team in a two-team Markov
game with the objective to be resilient to many strategies.

Finally, the manuscript concludes with a retrospective of the scientific findings provided
by the contributions at the foundation of this thesis and a discussion on the societal
impact that MARL has the potential to provide in the upcoming years.
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1
I N T RO D U C T I O N

We make decisions every day. So, let us build some intuition about this decision-making
process through the following example. Consider yourself driving a car and arriving at a
crossroad. In front of you, there is a tra�c sign. You predict it is a stop sign based on
your perception and knowledge. This prediction involves reasoning and has no impact on
your environment. As suggested by the tra�c sign, you then take the action to stop the
car. This also involves reasoning but impacts your environment. Indeed, you push on the
brakes, and the car decelerates until it stops.

These decisions are based on what you learned, even if some decisions can be made
without knowledge. Indeed, you probably studied the tra�c signs to know it was a stop
one. You practised your driving skills to obtain your driver's license by trial and error,
but hopefully also with the help of a supervisor. You did acquire these skills by learning.
You learned with supervision, having examples of decisions and feedback to highlight
whether some decisions were right or wrong. However, you also learned by interacting
with and testing your environment. Many may recall a child throwing objects o� a table,
discovering gravity in action, possibly motivating the quote from Sutton and Barto [2018]
�The idea that we learn by interacting with our environment is probably the �rst to occur
to us when we think about nature of learning�. In summary, you learned by yourself and
with the help of others. Nevertheless, this manuscript is not about how humans learn to
make decisions. It is about how computers can learn to make decisions.

When a computer makes decisions, it is called arti�cial intelligence (AI). However,
AI is not only about computers making decisions. Nowadays, AI has many de�nitions.
Choosing which one is better is beyond the scope of this manuscript. However, we will
provide some before focusing on the one of interest. In �Arti�cial Intelligence: A Modern
Approach�, Russell and Norvig [2010] rely on several de�nitions to propose a classi�cation
of AI into four categories. They classify the de�nitions of AI as making computers either
think like humans or think rationally or act like humans or act rationally. Computers
thinking like humans is the �eld of cognitive sciences where theories of the human mind
are built, and computers thinking rationally is the �eld of logic, based on knowledge
representation and inspired by the syllogisms invented by Aristotle. This manuscript does
not address these two types of AI. It also does not address acting humanly, which we
justify hereafter, but focuses on AI acting rationally. Rationality means that it maximises
a measure of the performance of the decision. Therefore, these types of AI are built to
make decisions to achieve a prede�ned goal. We commonly de�ne an AI making decisions
as an agent.
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2 introduction

When considering whether AI can act like humans, a well-known proposition coming up
is the Turing test. An agent succeeds in the Turing test if, during a written conversation
with it, the human cannot tell whether its interlocutor is an AI. This test has been
extended to include video signals or physical interaction to test more complex problems.
However, many researchers did not focus on creating AI to succeed in this test. The
following self-explanatory quote from Russell and Norvig [2010] may convince many:
�Aeronautics is not de�ned as the �eld of making machines that �y so exactly like pigeons
that they can fool even other pigeons�.

This manuscript concerns agents acting rationally but also concerns learning. We still
delay the de�nition of learning, and hereafter, we present that acting rationally can be
achieved without learning. Indeed, creating an agent to solve Sudoku puzzles is possible
by exploiting the game rules. It will sequentially enumerate all cells' available numbers
and assign a number to cells that end with only one possible number. Many problems can
be solved without learning, but some may be challenging. For example, an agent can play
chess by enumerating all the possibilities from a given board situation to choose the best
move. But the number of possible chess games is10120 [Shannon, 1950], and enumerating
all of them is intractable. However, creating an agent that plays chess is possible if it
enumerates only the games of interest and does it in parallel to make it swift. This is
how DeepBlue [Campbell et al., 2002] plays chess at the level of the best human players
without learning. Even though it is possible to solve complex problems by ingeniously
exploiting game rules, the complexity of some others leads to the development of agents
learning to make decisions.

When there is learning in AI, we call it machine learning (ML): �Machine learning is
a subset of AI that learns to make decisions by �tting mathematical models to observed
data� [Prince, 2023]. ML is divided into di�erent areas based on available data and goals.
For example, an agent can learn to predict the type of a tra�c sign based on its picture.
To achieve this, a model can be built with the help of a dataset of pictures and their
corresponding labels. In this case, the model is a mathematical function that maps a
picture, a collection of pixel values, to a type of tra�c sign. The model performance is
initially poor but improves during training. It learns! During the training phase, the sys-
tem predicts the types of images from the dataset. By using actual and predicted types of
tra�c signs, the model is re�ned to improve it. Such a solution is called supervised learn-
ing (SL) because the labels supervise the learning. Another area of ML is unsupervised
learning when labels are not provided with the data. Indeed, the lack of labels induces
the absence of supervision, but the model can still learn patterns in the image structure
instead of learning to predict its label. Removing part of the image and training the
model to predict the missing pixel is an example of unsupervised learning called inpaint-
ing. Unsupervised learning serves many purposes. For example, it is common to pre-train
a model with unlabelled data, which are typically abundant, to establish a foundation
of knowledge before introducing labels, which are often more challenging to acquire, to
train the model on a speci�c task using supervised learning.
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At the beginning of this introduction, we presented the decision-making process by
highlighting parts based on their impact. Learning to predict something via supervised
learning allows one to make decisions that impact the environment. Indeed, it is possible
to train a model that predicts the strength to apply to your car pedals based on a
camera in the car. We also considered chess. A collection of chess games would also allow
an agent to learn to predict the best move based on the ones in the dataset. Aside from
the complexity of acquiring such a dataset, these approaches do not allow AI to learn to
make decisions but to learn to replicate the decisions, called imitation learning. Doesn't
this remind you of the acting humanly approach of AI de�ned previously? Moreover, one
crucial aspect left aside until now is the sequential aspect of this rational decision-making.
Indeed, decisions might impact the future. Most of the time, as in chess, a sequence of
decisions is required to achieve a goal. We need a systematic approach to train an agent to
make sequences of rational decisions. Such an approach exists and is called reinforcement
learning (RL). This is a third area of machine learning, and most of the time, any ML
problem is classi�ed as one of the three approaches presented: supervised, unsupervised
or reinforcement learning.

In reinforcement learning, an agent acts and receives a reward after taking action. The
reward is the action's outcome, a numerical feedback. The agent aims to perform actions
that provide the maximum possible accumulated reward. It learns it by trial and error,
typically updating its policy based on the received reward after each action. Back to our
example, when not stopping at a stop sign at a crossroad, you can cause an accident, an
excellent example of a situation that would provide a negative reward. But whether you
decide to break or not to do anything, your environment is evolving. Indeed, in addition
to receiving rewards, the agent's environment can evolve due to its action. We then say
that the state of the environment evolves based on the action. The agent is part of the
environment and interacts with it, somehow de�ned inside and outside of it. Nevertheless,
this dynamic nature of the environment adds a new dimension to the learning process
because the agent needs to learn to make a sequence of optimal decisions. Note that it
is possible to design an RL problem without any environment evolution.

Sudoku puzzles can be solved and chess played without learning, but the agent needs
to know the game's rules. In RL, this is not usually the case. The agent does not know
how an action will a�ect its state neither the reward it will receive. It just receives the
reward after taking an action and learns to maximise it. One of the challenges of RL
is that agents face the exploration-exploitation dilemma. They must balance trying out
new actions to discover potentially better policies (exploration) and sticking to actions
that have yielded high rewards in the past (exploitation). Another common challenge
lies in the environment, which can also involve delayed rewards. The consequences of an
action may not be immediate, typically because a sequence of precise actions is required
to achieve something. This delay makes it more challenging for the agent that has to
learn whether a reward is due to a previous action or the last one. This is referred to as
the credit assignment challenge.
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Reinforcement learning has applications in various domains. The recommender system
[McInerney et al., 2018] is an excellent example of an RL application. Robotics is another
application where an agent learns to control a robot, such as training a robotic hand
to solve a Rubik's cube [Akkaya et al., 2019]. Designing chips is a complex sequential
decision-making problem that can also be solved with the help of RL [Mirhoseini et al.,
2021]. RL can be applied in healthcare, typically to decide treatment dosage through time
[Miotto et al., 2018]. Finally, games have been a testbed for RL for a long time. Some
signi�cant breakthroughs in RL have been achieved thanks to games, such as attaining
human performance in Atari games [Mnih et al., 2015]. They o�er the best environment
for RL because they are natural simulators. Indeed, the trial-and-error nature of RL
requires that an agent extensively interacts with its environment.

We have presented above applications of RL where a single agent acts rationally to
achieve a prede�ned goal. However, back to our �rst example, when driving your car you
are not alone in that environment. Other people are also sharing the roads, and your
decisions are also based on them, on their behaviour. When there are multiple agents in
the environment, many things change. How these agents in�uence the environment must
be considered because a multi-agent system has several types of dynamics. Typically,
agents can take actions simultaneously or sequentially. For example, everyone makes
decisions simultaneously on the road, while chess is a turn-based game in which agents
make their decisions one after the other. Moreover, the number of agents is also di�erent
in these two examples. In chess, there are only two agents, while on the road, there can
be many more. This illustrates the wide range of problems that a multi-agent system can
represent, from a game with two agents to a real-world environment with an unknown
number of agents.

Multi-agent reinforcement learning (MARL) extends single-agent reinforcement learn-
ing (SARL) when multiple agents learn in the environment. In such a system, each agent
receives a reward and learns to act to maximise its rewards. Learning is the crucial di�er-
entiation between multi-agent systems and MARL. Suppose only one agent is learning in
an environment comprising several others. The other agents then have a stationary pol-
icy that does not change over time, and they can be considered part of the environment.
However, when several agents learn, their policies change over time. From the point of
view of each agent, the environment dynamic is constantly changing. This induces non-
stationarity in the learning process. Typically, in a rock-paper-scissor game, if one always
chooses rock, one may always choose paper. But if the �rst changes to scissors, the second
may �nally change to rock. This cycle can last forever, and one needs to decide when
to stop. Finding an equilibrium where strategies stop evolving is indeed a challenging
solution. This highlights a �rst challenge in MARL.

A second challenge is determining the criterion required to assess the optimality of
policies. In SARL, it is straightforward. the agent must receive the highest sum of rewards,
achieved when it �nds the optimal policy achieving the maximum sum of rewards. But
how can this be posed in a multi-agent environment when several agents want to maximise
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their reward? The solution to �nding an equilibrium is achieved when agents do not
bene�t from a better reward by changing their policy. How to de�ne this equilibrium and
whether there are several of them is a dedicated research problem in MARL. Moreover,
�nding the equilibrium providing the maximum sum of rewards to all agents can be
challenging.

The third challenge is the number of agents. The environment's dynamic is often a
function of every agent's action, leading to a combination of actions that scales exponen-
tially with the number of agents. Designing methods to train these agents that scale is
challenging because it usually implies functions based on all these possibilities.

A fourth challenge is related to the credit assignment previously introduced. In addition
to understanding that a reward may be caused by a series of actions, a challenge in MARL
is determining the actions of which agents caused the current reward. Back to the example.
If you stop because of a stop sign but your vehicle is damaged by the one following you
which did not stop, the corresponding negative reward is not your fault, but the fault is
that of the car's driver behind you. Other challenges exist, but these four highlight the
additional challenges when extending to MARL [Albrecht et al., 2023].

MARL has been divided into three settings. This division comes from game theory and
allows for simplifying the general case to a particular one to reduce the complexity arising
from the challenges previously mentioned. Each setting is based on the goal of agents.
The �rst setting, cooperation, involves agents cooperating to achieve a common goal. In
the second setting, competition, agents compete to achieve an opposing goal, typically
named the zero-sum setting. The third setting is named general-sum and encompasses
everything else. This is the general setting and maybe the most challenging because no
hypothesis can be exploited to mitigate the problem.

This introduction clearly identi�es that we must consider other learning agents when
training one in MARL. The reader should be con�dent that training an agent with an
SARL method, ignoring other learning agents, might not yield the best solution to these
problems. This research question has existed in the MARL community for quite some
time, and we go beyond by providing insights in this manuscript into how we should
consider other learning agents in an environment. We focus on two speci�c settings:
training a team of agents to cooperate and training a team of agents to compete against
an opposing one. In the cooperative setting, we present two contributions that provide
methods designed to train agents to ful�l a cooperative task and how they can be applied
in a speci�c real-world setting. When training a team in an adversarial scenario, we
can use the same methods but, again, by considering that there are opponents. This
highlights the two main parts of the manuscript, each starting with a background section
that provides perspective on the novelties of the presented work. Before diving into the
details of these two settings, we provide the necessary background and notations of RL.
In the following sections, we provide a more detailed outline of this manuscript, followed
by a disclaimer on the publications that form its foundation and, �nally, the industrial
context in which some of the work presented has been conducted.
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1.1 outl ine

This manuscript is divided into four parts. The necessary background is presented in
Part I, providing an overview of RL. In Part II, we present works related to cooperation,
one of the MARL settings, while Part III extends these topics to a speci�c framework
where two teams compete. Finally, Part IV concludes this manuscript, retrospectively
reviewing the contributions presented in this manuscript.

part I Background:

Chapter 2 presents the general MARL framework and details its di�erent settings
and challenges. More importantly, this chapter presents the foundations of MARL
issued from SARL. This chapter is a must-read for those unfamiliar with reinforce-
ment learning. In contrast, these concepts should be well-known for the familiar
ones, and Chapter 2 serves as a notation introduction.

part I I Learn to cooperate:

Chapter 3 provides the necessary material to understand the challenges of cooper-
ation in MARL. It is a mix of background introduction and literature review, as
this chapter introduces many concepts and methods from the literature.

Chapter 4 presents four methods based on the Deep-Quality-Value family of algo-
rithms designed to train cooperating agents.

Chapter 5 introduces infrastructure management planning, a real-world application
that can be tackled in this cooperative framework. In this application, inspections,
repairs, and/or retro�ts should be timely planned to control the risk of potential
system failures.

part I I I Cooperate against an opposing team:

Chapter 6 presents how competition is classically modelled and solved in MARL.
It serves the same purpose as Chapter 3 by being a mix between background and
literature review.

Chapter 7 presents a particular case of the general-sum settings where two teams
compete and how to train them. The goal is to study how to train the team to be
resilient against multiple strategies.

part IV Conlusion:

Chapter 8 is the �nal chapter and addresses the closing remarks.
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1.2 publications

This manuscript is built upon existing research, integrating insights from numerous cited
sources. Notably, three central chapters represent adaptations of speci�c peer-reviewed
publications.

- Chapter 4 is an adapted version of the publicationQVMix and QVMix-Max: ex-
tending the deep quality-value family of algorithms to cooperative multi-agent rein-
forcement learning, P. Leroy, D. Ernst, P. Geurts, G. Louppe, J. Pisane, and M.
Sabatelli. AAAI-21 Workshop on Reinforcement Learning in Games, 2021 [Leroy
et al., 2021].

- Chapter 5 is an adapted version of the publicationIMP-MARL: a suite of environ-
ments for large-scale infrastructure management planning via MARL, P. Leroy, P.
G. Morato, J. Pisane, A. Kolios, and D. Ernst. Thirty-seventh Conference on Neu-
ral Information Processing Systems Datasets and Benchmarks Track, 2023 [Leroy
et al., 2023].

- Chapter 7 is an adapted version of the publicationValue-based CTDE methods in
symmetric two-team Markov game: from cooperation to team competition, P. Leroy,
J. Pisane, and D. Ernst. Deep Reinforcement Learning Workshop NeurIPS, 2022
[Leroy et al., 2022].

1.3 context

To provide a backstory, part of the work presented in this manuscript has been developed
during the IRIS project with an industrial consortium of Belgian companies �nanced by
the Walloon region under the convention 7977. IRIS stands for Intelligent Recognition In-
formation System, and the partners were John Cockerill Défense, ACIC, Multitel, Belgian
Royal Military Academy and the University of Liège. The IRIS project aims to enhance
surveillance capabilities by integrating machine learning. Through detection, recognition,
and behaviour analysis modules, IRIS seeks to empower operators with timely, actionable
information to make optimal decisions in both military and civilian contexts, impacting
the safety of individuals, sensitive sites, and equipment integrity. Speci�cally, we explored
multi-agent reinforcement learning to provide decision-aid to operators in the context of
military missions. The IRIS project served as a case in our studies on training a team
against an opposing team to learn how military assets should cooperate.
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2
FO U N DAT I O N S O F M U LT I - AG E N T R E I N FO RC E M E N T
L E A R N I N G

Outline

This chapter provides a broader overview of reinforcement learning. We
�rst de�ne reinforcement learning in Section 2.1 and de�ne a stochastic
game, a multi-agent framework, in Section 2.2. Multi-agent reinforcement
learning is commonly divided into three settings depending on the agents'
relative goals described in Section 2.3. Section 2.4 provides essential de-
tails on single-agent reinforcement learning, thenot so particular case
lying at the foundations of multi-agent reinforcement learning. Section 2.5
concludes this chapter with a discussion on partial-observability.

2.1 introduction

As introduced in Chapter 1, reinforcement learning (RL) is a machine learning setting
to solve decision-making problems, and we hereafter rephrase several RL de�nitions:

- Reinforcement learning is learning solutions of a sequential decision process by
repeatedly interacting with an environment [Albrecht et al., 2023].

- Reinforcement learning is a framework for sequential decision-making, one core
topic of ML [François-Lavet et al., 2018].

- Reinforcement learning is a method to solve problems where decisions are applied
to a system over time to achieve a desired goal [Bu³oniu et al., 2010].

- Reinforcement learning is learning by interacting in its environment to maximise a
numerical signal called reward [Sutton and Barto, 2018].

We denote several keywords guiding most RL journeys: environment, interaction, se-
quence, goal and reward. But we intentionally rephrase the de�nitions by leaving one
missing: the agent. Commonly, an agent is anything capable of acting upon information
it perceives from its environment [Russell and Norvig, 2010]. In RL, an agent learns to
act by interacting with its environment. Trying to summarise all de�nitions, we obtain
that RL agents learn to act by interacting with their environment and sequentially taking
actions that will modify the environment and provide them with a reward.

11
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After de�ning an agent, we must also consider the number of agents in the environment.
Indeed, environments exist where several agents act. Single-agent reinforcement learning
(SARL) becomes multi-agent reinforcement learning (MARL) when more than one agent
learns . We insist on the fact that we consider the number of agents learning. This chapter
de�nes the general MARL framework and follows it with the three standard settings:
cooperation, competition, and general-sum. We then provide an in-depth overview of
SARL methods, intending to give enough background to the reader unfamiliar with RL
and the classical SARL algorithms. We �nish with a discussion on partial observability,
an essential topic in RL, because agents often have uncertainty about their perception
of the environment, especially in MARL.

Since this chapter aims to provide a broader overview of RL and its central concepts,
we intentionally skip some details, such as mathematical developments, demonstrations,
or de�nitions. However, we always try to refer the reader to references that go beyond our
introductions. We acknowledge that the background chapters of this manuscript take a lot
of inspiration from the cited works, especially from two of them: �Reinforcement learning:
An introduction� [Sutton and Barto, 2018], well established in the community and �Multi-
Agent Reinforcement Learning: Foundations and Modern Approaches� [Albrecht et al.,
2023], a recent book on the foundations of multi-agent reinforcement learning.

2.2 stochastic game

The stochastic game (SG) [Shapley, 1953] 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 sequence of time steps. We de�ne a stochastic game by a tuple
[n; S; U; R; P; 
; p; T ]. The interaction of agents in an SG is presented in Figure 2.1. The
set of agents isA � f 1; ::; ng so that a speci�c agent is denoted byai , or directly by i ,
with i 2 A . When not referring to a speci�c agent, an agent is denoted bya. At each
time step t, each agenta selects an actionua

t 2 Ua based on the state of the environment
st 2 S with a probability given by its policy � a(ua

t jst ) : S ! �( Ua), where S is the
state space, andUa is the action space of agenta. The n actions selected by each agent
form the joint action u t 2 U, where the joint action space isU � � i 2A Uai . We also
denote the joint policy by � = ( � a1 ; :::; � an ). As a consequence of agents takingu t , the
state of the environment st transits to a new state st+1 with a probability P(st+1 ; st ; u t )
de�ned by the stochastic transition function P : S � U ! �( S). At the same time
as the state transitions, each agent receives a reward denotedr ai

t = R(st+1 ; st ; u t ; i )
de�ned by the reward function R : S � S � U � A ! R. The goal of each agentai

is to maximise its expected return, which is the expected sum of discounted rewards
E� ;p;P [Gai

0 ] = E� ;p;P

hP T � 1
t=0 
 t r ai

t

i
, where T is the time horizon, p is the initial state

distribution, 
 2 [0; 1] the discount factor and Ga
t =

P T � 1
j = t 
 t � j r a

j . The time horizon T
can be in�nite but in this thesis, it is considered �nite, de�ning the length of an episode.
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Figure 2.1: Interaction of three agents with the environment in a stochastic game [Shapley, 1953].
Agents i 2 f 1; ::; 3g have access to the statest to select actionsui

t . As a consequence, they each
receive a rewardr i

t and the environment transitions in a new state st +1 .

Intuitively, the discount factor 
 de�nes the importance of future reward. Finally, we
insist that an agent's return depends on the joint action taken and not only on its own.

Before discussing the challenges of learning in an SG, we hereafter provide some com-
ments about its de�nition. Since the transition function is de�ned as stochastic, the
reward function is always based on the following state obtained. Still, we sometimes de-
note it R(st ; u t ; i ) irrespective of this new state to enhance readability. Moreover, the
expected return is often denotedE � [G0] leaving the initial state distribution p and the
transition function P dependencies implicit. An essential characteristic of MARL is that
agents do not always observe the statest of the environment to select an action. This
partial observability is further developed in Section 2.5. Finally, in the literature, an SG
is sometimes called a Markov game (e.g. [Littman, 1994]).

When multiple agents learn in the environment, many challenges arise, and we describe
four. One challenge is the non-stationarity of the learning agents. Since all agents learn,
they all update their strategy over time. One typical risk is that agents may adapt to the
strategy of others in an in�nite cycle, as in the rock-paper-scissor example of Chapter 1.
One example solution to this problem is to �nd a Nash equilibrium [Nash Jr, 1950]. Such
equilibrium is obtained when no agents are interested in changing their policy, meaning
that if one changes its policy, its sum of discounted rewards will decrease. There is always
at least one Nash equilibrium. When there are several, one may provide a better sum
of discounted rewards to all agents than another. Identifying the optimality of policies,
which is connected to �nding the best equilibria, is a signi�cant challenge in MARL.
This task is often split into two challenges: �nding and evaluating equilibria. Both as-
pects remain pretty di�cult. To reach such an equilibrium, agents' objectives may change
from �nding the maximum sum of discounted rewards to obtaining an equilibrium. This
manuscript details these alternative solutions and their optimality in Part III. Another
challenge is called credit assignment. As highlighted in the SG de�nition, despite provid-
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Agent 1

A B

Agent 0
A (� 1; � 1) (� 5; 0)

B (0; � 5) (� 2; � 2)

Table 2.1: Prisoner dilemma payo� matrix.

ing individual rewards, they provide feedback characterising all agent's actions. It is often
challenging for an agent to credit its actions or the ones of others. Finally, the number
of agents is critical in a MARL problem and represents the fourth challenge. Indeed, the
size of the joint action spacejUj scales exponentially with the number of agents. As it will
be highlighted in this manuscript, many components of the MARL problem are built as
a function of the joint action space. A typical example is to decide if a joint policy is an
equilibrium. These four challenges represent the main challenges in MARL identi�ed by
Albrecht et al. [2023]. As mentioned in the introduction, speci�c settings exist in MARL,
and addressing these challenges can be mitigated when considering additional hypotheses
on the structure of the stochastic game, as detailed in the next section.

2.3 mult i-agent sett ings

The stochastic game de�nition proposed in Section 2.2 provides a general framework for
multi-agent systems. A particular case is the stateless SG played by selecting a single
action called the normal-form game. These games are also called matrix games because
a payo� matrix, a matrix of reward, can represent them. This section de�nes the three
speci�c settings commonly distinguished in MARL, and normal-form game examples will
be provided to help provide intuition. A typical example is the prisoner dilemma, and its
payo� matrix is provided in Table 2.1. When agent 0 chooses the actionB , it receives a
reward equal to 0 when agent 1 chooses the actionA, provided in the bottom left corner.

While MARL takes foundation in RL, it also takes foundation in game theory (GT)
[Von Neumann and Morgenstern, 1944] that provided the following classi�cation. The
di�erence in these settings is the relation between the rewards of agents [Albrecht et al.,
2023]. The �rst setting, cooperation, involves agents acting to achieve a common goal. In
this setting, agents typically share the same reward. The second setting, competition, is
the opposite, where agents pursue an opposing goal. In this case, agents typically receive
rewards that sum to a constant since the gain of one is equal to the loss of others. The
third setting is named general-sum and encompasses everything else. The stochastic game
provides a typical framework for a general-sum problem, while its de�nition is adapted
when it is cooperative or competitive. Not much detail will be provided here because
these settings are the concern of further chapters. Following this section, we develop
more in-depth details about the single-agent setting in the next Section 2.4.
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Agent 1

A B

Agent 0
A (� 1; � 1) (1; 1)

B (1; 1) (3; 3)

Table 2.2: Payo� matrix of a cooperative normal-form game.

2.3.1 Cooperation

When agents share the same goal, they cooperate, and it is possible to model with a
reward function providing a single reward for all agents instead of a di�erent one per
agent. This is called "common reward games" in [Albrecht et al., 2023]. Many problems
can be considered as being a cooperative multi-agent setting. Examples include robot
coordination (e.g. in [Papoudakis et al., 2021]), train scheduling (e.g., in [Mohanty et al.,
2020]), tra�c control (e.g. in [Zhang et al., 2019]) but also games (e.g., Hanabi [Bard
et al., 2020]). Oroojlooy and Hajinezhad [2023] provide a review of cooperative MARL,
including a more detailed list of applications. An example of a normal-form cooperative
game with a payo� matrix is provided in Table 2.2.

Part II of this manuscript is dedicated to cooperative settings with a common reward.
In Chapter 3, we provide the adaptation of the stochastic game de�nition to a cooperative
setting, followed by examples of environments and methods to solve them. In Chapter 4,
we present methods from a speci�c contribution to solve such a setting, while in Chapter 5,
we present a suite of environments which frame a real-world application as a cooperative
MARL problem.

2.3.2 Competition

When agents have opposite goals, they compete. In competition, any action that bene�ts
one agent incurs a loss to other ones. This setting is also called a zero-sum game [Albrecht
et al., 2023] because it is often modelled such that the rewards of all agents sum to a
constant at any time. In a two-agent zero-sum game, commonly known as a two-player
zero-sum game in the GT literature [Russell and Norvig, 2010], a classical implementation
of the stochastic game is to have the reward function providing the same reward to all
agents. One agent aims to maximise it while the other tries to minimise it. We also refer
to this setting as fully competitive. An example of a normal-form cooperative game with
a payo� matrix is provided in Table 2.3. A concrete example is chess with a single reward
at the end of the game:1 if player 1 won, 0 if player 1 lost or 1=2 if players drew. Player
2's goal would be to minimise this reward, while Player 1 wants to maximise it. Other
examples include card games (e.g. Poker [Brown and Sandholm, 2018]), board games
(e.g. chess, shogi, and Go [Silver et al., 2018] or Stratego [Perolat et al., 2022]) and video
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Agent 1

A B

Agent 0
A (0; 0) (� 2; 2)

B (1; � 1) (2; � 2)

Table 2.3: Payo� matrix of a competitive normal-form game.

games (e.g. StarCraft II [Vinyals et al., 2019]). Part III of this manuscript is not only
dedicated to competitive settings but provides, in Chapter 6, many details on training
agents in such setting.

2.3.3 General-sum

The third setting includes everything that is not fully cooperative or fully competitive.
Apriori, it is impossible to adapt the reward function of the general de�nition as no
hypothesis can be made on the corresponding goals of agents. The prisoner dilemma,
whose payo� matrix is presented in Table 2.1, is an example of a not cooperative nor
competitive normal-form game. One of the best examples of the general-sum setting
is autonomous driving [Dinneweth et al., 2022], simulated, for example, in Nocturne
[Vinitsky et al., 2022].

In this manuscript, we are interested in the mixed cooperative-competitive setting
where two teams compete against each other. Examples of this particular setting include
games where two teams face each other (e.g., Dota 2 [OpenAI et al., 2019]). We model
such a setting with a reward function providing only two rewards, one per team. Part III is
dedicated to this setting, and we study how methods designed for competition can work
alongside cooperation ones. We provide background in Chapter 6, including necessary
background from the competitive literature, and then detail one speci�c contribution in
Chapter 7.

2.4 single-agent reinforcement learning

When a single agent learns in the environment, it is called single-agent reinforcement
learning (SARL). The most signi�cant part of the history of RL lies in this setting. Indeed,
the foundation of MARL relies on many works proposed initially in the single-agent
framework. In this section, we introduce the Markov decision process and discuss some
fundamentals of RL, including model-based versus model-free, dynamic programming,
value-based and policy-based methods.
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Figure 2.2: Interaction of one agent with the environment in a Markov decision process [Sutton
and Barto, 2018]. The agent selects one actionut based on the statest . As a consequence, it
receives a rewardr t and the environment transitions in a new state st +1 .

2.4.1 Markov decision process

The de�nition of a Markov decision process (MDP) can be obtained by considering a
single agent in a stochastic game (see Section 2.2). We, therefore, do not rede�ne the SG
by removing the agent consideration but still present how this single agent interacts in
an MDP in Figure 2.2. Despite being alone, the agent's goal is the same as in an SG, to
maximise the expected discounted return over a �nite episodeE� [G0]. To maximise its
discounted return, the agent needs to learn an optimal policy� � = arg max � E� [G0]. To
evaluate a policy, we de�ne the state value functionV � (s) = E� [Gt jst = s] and the state-
action value function Q� (s; u) = E� [Gt jst = s; ut = u]. While it may appear meaningless
for a single-agent environment, it is interesting to observe that the optimal policy is a
Nash equilibrium. Indeed, the agent can not pro�t from changing its policy.

An important property in MDP and SG that is not mentioned in the SG de�nition
is that the next state depends only on the current state and action. This is called the
Markovian property. It is important because it implies that a policy based solely on the
current state is as good as one based on the history of states and actions. Moreover, we
de�ned the policy as the probability of taking action in a given state. A particular case
is a deterministic policy, denoted� (s) : S ! U , or standardly � (s).

Usually, two families of methods are identi�ed in RL to learn this optimal policy. Value-
based methods learn a value function and derive the policy from it, while policy-based
methods directly learn a policy. But before diving into these details, we �rst discuss
whether the model is known, leading to model-based RL, sometimes categorised as a
third family of RL methods.
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2.4.2 Model-based or model-free

When solving an MDP, we distinguish methods based on the knowledge of action out-
comes. Indeed, knowing the model of the MDP, one can simulate the environment to
evaluate policies [Sutton and Barto, 2018]. �A model is a form of reversible access to the
MDP dynamics (known or learned)� [Moerland et al., 2023]. This reversible access means
that the agent can execute an action in any state of the MDP and access the outcome
anytime. Learning by trial and error without a model is referred to as model-free RL,
and this manuscript focuses on methods following this approach.

Planning and RL are two di�erent approaches to �nding an MDP's solution when the
model is known. They di�er in how they represent the solution. Planning is the historical
one, where methods build a local representation of their solution, typically by evaluating
policies or resolving an optimisation problem around a given state and discarding them
after taking action. It typically does not involve learning anything. This is how DeepBlue
[Campbell et al., 2002] defeated human champions without learning by evaluating the
outcome of many actions before taking each action. Conversely, the RL approach stores a
global solution, typically a learned policy or a state-action value function, whether it can
access the model. This leads to the distinction between model-based RL and planning
of Moerland et al. [2023]. Both have access to the model, but the former learns a global
solution while the latter computes local ones. Knowing the model or learning it is not
considered in these de�nitions of planning and RL, and both exist: learning the model
and the solution or learning the model and planning a solution based on it.

This distinction between planning and RL does not always agree because, in some
methods, a global value function is learned to compute a local representation of the
solution, such as in AlphaZero [Silver et al., 2018], considered as model-based RL by
some and planning by others. We �nally refer to the work of Moerland et al. [2023] that
provides many keys to bridge the gap between RL and planning, between model-based
and model-free. Nevertheless, the following section introduces dynamic programming,
methods requiring a model to compute the optimal policy and providing foundations for
the model-free methods.

2.4.3 Dynamic programming

Dynamic programming (DP) [Bellman, 1966] methods compute the optimal policies given
a model of an MDP [Sutton and Barto, 2018]. We present the Bellman equations to pro-
vide some intuitions to help understand later methods and discuss dynamic programming
ones. These equations are obtained by developing value functions, highlighting their re-
cursive relationships, for any policy� and 8s; u,

V � (s) = E� [Gt jst = s] = E� [r t + 
V � (st+1 )jst = s]

=
X

u

� (ujs)
X

s0

P(s0; s; u)(R(s0; s; u) + 
V � (s0)) ; (2.1)
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and,

Q� (s; u) = E� [Gt jst = s; ut = u] = E� [r t + 
V � (st+1 )jst = s; ut = u] : (2.2)

A policy � 0 is better than another � if V � 0
(s) > V � (s). The optimal policy is the one

that is better than all others. While there can be several optimal policies, all are denoted
by � � , and their state value function V � �

(s) is the same8s. Speci�cally, optimal policies
are the unique solution of the Bellman optimality equations,8s; u,

V � �
(s) = max

�
V � (s) = max

u
E� � [r t + 
V � �

(st+1 )jst = s; ut = u]; (2.3)

and,

Q� �
(s; u) = max

�
Q� (s; u) = E� � [r t + 
 max

u0
Q� �

(st+1 ; u0)jst = s; ut = u]: (2.4)

The optimality equations given in Equation 2.3 represent a system ofjSj equations with
jSj unknown, and solving this system would allow one to compute the optimal policy.
This is also the case with the system de�ned in Equation 2.4. The condition is to have
reversible access to the MDP model. Solving either system is usually not considered for
computational reasons. This is why, in the following, we consider methods for computing
an approximate solution to the Belman optimality equations.

DP is an approach that computes the solutions by iteratively updating approximations
until they converge to the real ones. DP can solve Equation 2.1 by updating estimates
vk (s)8s with vk+1 (s) =

P
u � (ujs)

P
s0 P(s0; s; u)(R(s0; s; u) + 
v k (s0)) , where v0(s) can

have arbitrary values except for terminal states that are required to equal 0. This is
called iterative policy evaluation and is proven to converge ifk ! 1 . Policy evaluation
allows the re�nement of any given policy � by exploiting Equation 2.2 to evaluate other
actions than � (s) using Q� (s; u) =

P
s0 P(s0; s; u)(R(s0; s; u) + 
v k (s0)) . This is called

policy improvement. Alternating policy evaluation and improvement allows the iterative
computation of the optimal policy, called policy iteration. The convergence time can
be a signi�cant drawback in policy iteration. However, the convergence guarantee can
be kept while combining evaluation and improvement, leading to the updatevk+1 (s) =
maxu

P
s0 P(s0; s; u)(R(s0; s; u) + 
v k (s0)) , called the value iteration method. Sutton and

Barto [2018] provides many more details about these DP methods.
In addition to requiring the model knowledgeP and R, the complexity of computing all

these values increases with the size of the state and the action spaces, often referred to as
the curse of dimensionality, which may limit their usage. Sutton and Barto [2018] claim
that this take is somehow overrated, explaining that with some assumptions, DP can have
a polynomial complexity with jSj and jUj and could scale to large spaces. Nevertheless,
computing them is impossible for continuous spaces without discretising the spaces, and
we are interested in model-free methods because accessing the model knowledge can be
challenging. The following section details methods to approximate these value functions
without knowing the transition and reward functions.
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2.4.4 Value-based methods

As introduced, value-based methods are designed to approximate value functions. In
a model-free setting, one possibility is to estimate the state value function of a given
policy with Monte Carlo estimations. Such evaluation relies on playing many episodes
following the policy to determine the average return of a state. This method also converges
according to the law of large numbers. Since the model is unknown, improving policies like
in DP is impossible, but Monte Carlo simulations can be adapted to estimate state-action
value functions similarly. Again, we refer the reader to [Sutton and Barto, 2018] for many
more details, such as how to update the value of a state visited several times during an
episode. One important drawback of the Monte Carlo method is that it requires waiting
for episodes to complete to update estimations. An alternative approach, also model-free,
is called temporal di�erence (TD) learning. It immedialy updates the estimation using
vk+1 (st ) = vk (st )+ � [R(st+1 ; st ; ut )+ 
v k (st+1 ) � vk (st )] where� controls the update size.
TD-Learning is the foundation of the value-based methods introduced in this section.

Maybe one of the most popular methods in model-free RL is Q-learning [Watkins and
Dayan, 1992], where the state-action value function learned is the optimal one de�ned
as Q� �

(s; u) = max � Q� (s; u), allowing the agent to select actions with the greedy de-
terministic policy � � (s) = arg max u Q� �

(s; u). Q-learning is a tabular method because it
maintains Q(s; u) estimations in a table, one value for each state-action pair. It updates
these estimations based on themselves, called bootstrapping, like TD-Learning [Sutton
and Barto, 2018]. Following the update

Q(st ; ut )  Q(st ; ut ) + �
h
r t + 
 max

u
Q(st+1 ; u) � Q(st ; ut )

i
; (2.5)

it is possible to repeatedly update the estimationQ(s; u) while observing new transitions
by adding the temporal di�erence weighted by a learning rate� controlling the update
size.

It is important to denote that this algorithm allows approximating Q� �
(s; u) indepen-

dently of the policy used to sample transitions (st ; ut ; r t ; st+1 ). These transition samples
are typically generated with an � -greedy policy that takes a random action instead of the
greedy one with a probability � , whereas the greedy policy selects the action maximising
Q. This is a characteristic of the o�-policy methods, as opposed to the on-policy methods,
which improves the current policy based on samples only from the current policy. This
manuscript considers only value-based methods that are o�-policy, but on-policy meth-
ods are discussed further in Section 2.4.5. To cite one, SARSA is a well-known on-policy
value-based method [Sutton and Barto, 2018].

Despite being o�-policy, this iterative process highlights the exploration-exploitation
dilemma in RL. Either the agent only plays the action that maximises its currently
learned value function, which it exploits, or it chooses a di�erent action and explores the
possible outcomes. Balancing between exploration and exploitation is a crucial parameter
to train agents.
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Back to Q-learning, the table size increases as the state-action space size increases.
Therefore, it can become impractical to compute an estimate ofQ(s; u) for each state-
action pair, requiring function approximations. Aside from the generalisation problem,
storing a table for continuous spaces is also impossible. Various function approximators
exist, but we restrict ourselves to neural networks in this manuscript.

A neural network is a function f � : X ! Y that maps an input (2 X ) to an output
(2 Y ) based on its parameters� : y = f (x; � ). These parameters de�ne a composition of
di�erentiable functions, linear or not, allowing optimising the parameters by following
the gradient of an objective, commonly called a loss functionL (� ). To minimise the loss,
parameters can be updated by gradient descent:� k+1 = � k � � rL (� k ). Optimising a
neural network is also referred to as training it. Many loss functions exist to train neural
networks, depending on the function to be approximated. Nowadays, neural networks
are very large, leading to the name of deep learning. We refer to [Zhang et al., 2023]
or [Prince, 2023] for many more details. Finally, RL with neural networks is called deep
reinforcement learning, e.g. in [François-Lavet et al., 2018]. As it became common to use
neural networks in RL, we decided to remove the word "deep" from the taxonomy, as
the title of this manuscript should be "Contributions to deep multi-agent reinforcement
learning". In the following, we introduce how to train such networks to approximate a
value function and, in Section 2.4.5, to approximate a policy.

A standard method in RL, referred to as deep Q-network (DQN) [Mnih et al., 2015],
is to approximate Q(s; u) with a neural network � . This can be achieved by minimising
the loss

L (� ) = EB
��

r t + 
 max
u

Q(st+1 ; u; � 0) � Q(st ; ut ; � )
� 2�

(2.6)

where B is the replay bu�er and � 0 is the target network. The replay bu�er B stores
transitions (st ; ut ; r t ; st+1 ) from which batches of transitions are sampled to update�
[Lin, 1992]. This replay bu�er allows updating the neural network with past transitions.
The target network � 0 is a copy of� updated periodically that reduces the moving target
problem as� is updated several times before updating� 0, e.g., in [Mnih et al., 2015].

For some environments, themax operator in Equations 2.5 and 2.6 can introduce some
positive bias, referred to as the overestimation bias. To overcome this bias, a method
called Double Q-learning [Van Hasselt, 2010], and adapted to Q-learning with neural
networks [Van Hasselt et al., 2016], consists in selecting the action that maximises the
updated Q(:; � ) to compute the target state-action value. The corresponding loss is

L (� ) = EB
��

r t + 
Q (st+1 ; arg max
u

Q(st+1 ; u; � ); � 0) � Q(st ; ut ; � )
� 2�

: (2.7)

Double Q-learning, also called DDQN, is one of the possible improvements of DQN, and
we refer to the Rainbow paper [Hessel et al., 2017] that addresses several others. To
cite one, the extension to distributional RL, which approximates distributions instead of
expected returns, can be of interest [Bellemare et al., 2017; Théate et al., 2023]. Chapter
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4 presents the Deep Quality Value algorithms, also standing on the foundation provided
by this section.

2.4.5 Policy-based methods

Policy-based methods are designed to learn the policy. In this manuscript, we restrict
to the subclass of policy gradient methods where a neural network parametrised by
� approximates a di�erentiable policy � � = � (ujs; � ). Policy gradient methods hence
update � to �nd the optimal policy that maximises the expected return denoted as
J (� � ) = E� � ;p;P [G0]. Maybe one of the �rst methods is REINFORCE [Williams, 1992],
which updates� = � + � r � J (� � ) by estimating the gradient with Monte Carlo given the
policy gradient theorem [Sutton et al., 1999]

r � J (� � ) = r � E� � [G0] = E

"
T � 1X

t=0

Q� � (st ; ut )r � log � (ut jst ; � )

#

: (2.8)

Estimating Q(st ; ut ) instead of computing it is a solution proposed by the actor-critic
methods [Sutton et al., 1999; Konda and Tsitsiklis, 1999]. This type of method expands
upon REINFORCE by incorporating a second neural network, called the critic and de-
noted by � , that estimates Q(st ; ut ; � ) while the actor is the parametrised policy� (ujs; � ).
The new gradient provided by incorporating the critic is

r � J (� � ) = E

"
T � 1X

t=0

Q(st ; ut ; � )r � log � (ut jst ; � )

#

: (2.9)

Moreover, a baseline can be injected into the gradient to reduce variance without
changing the gradient's expectation. Usually, the baseline isV (s), independent of the
action taken, and Q(s; u; � ) is replaced by the advantage functionA(s; u; � ) [Weaver and
Tao, 2001], leading to

r � J (� � ) = E

"
T � 1X

t=0

[Q(st ; ut ) � V (st )]r � log � (ut jst ; � )

#

= E

"
T � 1X

t=0

A(st ; ut ; � )r � � (st ; ut ; � )

#

:

(2.10)

To avoid approximating both Q and V , it is possible to estimate the advantage with
only one neural network either byA(st ; ut ; � ) = Q(st ; ut ; � ) �

P
u � (ujst ; � )Q(st ; u; � ) or

by A(st ; ut ; � ) = r t + 
V (st+1 ; � ) � V (st ; � ). This critic is often trained with value-based
methods, such as the ones de�ned in Section 2.4.4. This is why actor-critic methods are
sometimes described as a mix between value-based and policy-based methods.
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Figure 2.3: Interaction of one agent with the environment in a partially observable Markov
decision process [Kaelbling et al., 1998]. The agent does not have access to the statest but to an
observation ot de�ned by the observation function O. Based onot , it selects one actionut . As a
consequence, it receives a rewardr t and the environment transitions in a new state st +1 .

Nowadays, advanced policy-based methods relying on the actor-critic paradigm appear
to be the most successful. We can cite trust region policy optimisation (TRPO) [Schulman
et al., 2015] and its variant proximal policy optimisation (PPO) [Schulman et al., 2017].
Both methods rely on a controlled policy update by constraining the loss of REINFORCE
de�ned in Equation 2.8.

Finally, policy gradient and actor-critic algorithms also need some form of exploration,
usually implemented by adding a penalisation term in the loss function. An example
is entropy regularisation [Williams and Peng, 1991], where a low entropy of the policy
outcomes is penalised. In this context, Bolland et al. [2024] demonstrates that such
techniques change the learning objective and increase the probability of updating the
policy toward the optimal one.

2.5 part ial observabil i ty

As de�ned in previous sections, the Markov decision process and the stochastic game
are fully observable. Agents have complete access to the states of the environment and
perceive it without uncertainty. In real-world applications, it is not always possible to
consider this feasible. Anyone can develop ideas of a partially observable environment,
especially given our de�nition of agents �acting upon information it perceives�.

Starting with SARL, the Markov decision process is said to be a partially observable
MDP (POMDP) [Kaelbling et al., 1998] when the agent can only access incomplete
information about the state. The de�nition of a POMDP is obtained easily from the
MDP de�nition of Section 2.4.1 by adding an observation spaceZ and an observation
function O : S ! �( Z ), mapping a state and an observation to the probability of
observing the latest. The corresponding interaction diagram of a POMDP is presented
in Figure 2.3.
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As explained in Section 2.4.1, policies are solely based on the current state in an
MDP, thanks to the Markovian property. In a POMDP, the agent's policy � can no
longer be a function of the state. Moreover, the observation does not necessarily hold the
Markovian property, and acting only based on the current observation could be subop-
timal. Therefore, the policy is commonly a function of the history of past observations
and past actions � t = ( Z � U )t , in addition to the current observation, and is denoted
� (ut j� t ; ot ) : (Z � U )t � Z ! �( U). Some authors implicitly include the current obser-
vation in � , allowing them to write � (uj� ) and Q(�; u ). We sometimes do it to improve
readability as well.

To solve a POMDP, a solution is to compute the policy based on a beliefb(s) =
P(sj�; o ), the probability of being in a given state, knowing the history of observations
and actions. As in the di�erent methods previously de�ned, the belief can be implicitly
approximated with recurrent neural networks (RNN), such as GRU [Chung et al., 2014]
or LSTM [Hochreiter and Schmidhuber, 1997]. These networks typically take time series
as input and maintain a hidden state, updated at each time step of one time series,
which can be considered a memory. RNNs have many applications, and in POMDP, their
hidden state allows to maintain a memory akin to a belief without processing the whole
history at each time step. Using RNNs to compute policies is thus a common practice
in POMDP, resulting in recurrent policies. It has demonstrated convincing results, such
as in recurrent policy gradients [Wierstra et al., 2010] or in deep recurrent Q-network
(DRQN) [Hausknecht and Stone, 2015]. We suggest readers interested in details read
the pedagogical paper of Lambrechts et al. [2022]. This paper demonstrates that the
correlation between the hidden state of RNNs, used to approximate policies, and the
belief increases as the training progresses.

Adding partial observability in the de�nition of the stochastic game leads to the most
general framework of MARL, the partially observable stochastic game (POSG) [Hansen
et al., 2004]. Its de�nition is obtained by adding a set ofn observation spacesZ and a set
of n observation functionsO in the de�nition of the SG. A shortcut in this manuscript,
and sometimes in the literature, is to consider that these two setsZ and O are singleton,
such that the observation functionO : S�A ! �( Z ) is the same for all agents. An agent's
belief in a POSG should be considered di�erently from that in a POMDP [Oliehoek and
Amato, 2016]. This is because, with only the agent's history, it is impossible to compute a
belief of the state that is su�cient to take optimal actions. However, it would be possible
to achieve this by having access to the histories of all agents. Even when agents can fully
observe the current state, they may not observe the actions previously taken by others.
However, this manuscript does not address multi-agent belief, and we refer to [Oliehoek
and Amato, 2016] for more details. In a POSG, we consider that an agent's policy is a
function � a(ua

t j� a
t ; oa

t ) : (Z a �U a)t �Z ! �( Ua), which maps its history � a
t 2 (Z a �U a)t

and its current observation oa
t to the probability of taking action ua

t . As in SARL, such
a policy is commonly a recurrent policy approximated with RNN.
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C O O P E R AT I O N

Outline

This chapter covers the required basics and related works in the coop-
erative setting. After an introduction in Section 3.1, we de�ne in Sec-
tion 3.2 the cooperative framework called decentralised partially observ-
able Markov decision process. Section 3.3 presents examples of its ap-
plication, followed by a precise description of the StarCraft multi-agent
challenge, a popular environment suite in this manuscript. We then detail
several value-based methods in Section 3.4 and policy-based methods in
Section 3.5. We �nally discuss other approaches of interest in Section 3.6.

3.1 introduction

As introduced in Part I, cooperation is the multi-agent setting of agents sharing a com-
mon goal. This second part of the thesis considers the decentralised POMDP (Dec-
POMDP) [Oliehoek and Amato, 2016], a framework where all agents receive the same
reward. Such a framework is also called common reward games, e.g. by Albrecht et al.
[2023]. Its de�nition is provided in Section 3.2.

Nevertheless, when it comes to cooperation in a multi-agent system, one topic to dis-
cuss is whether action selection and agent training are centralised or decentralised. This
is also referred to as the modes of execution and training in [Albrecht et al., 2023].
This manuscript considers three combinations: centralised training and execution, decen-
tralised training and execution, and centralised training with decentralised execution.

Since all agents receive the same reward, training a single agent that centrally selects
joint actions is possible and would bene�t from sharing common knowledge. This is
the centralised mode, where one agent is trained with SARL methods. For example,
controlling a robotic hand composed of several actuators can be done with a single agent
controlling every actuator. However, as presented in Section 2.5, some setting induces
partial observability. All agents may not access the same information or perceive only a
part of the environment's state. It would then be impossible to consider that one agent
can replace all agents and select actions in a centralised mode.

On the contrary, the decentralised execution mode considers that each agent selects
its action independently. This can be done irrespective of the information they can ac-
cess. The corresponding decentralised training mode is when these agents are trained
independently. In other words, these agents assume they are the single agent learning in

27
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the environment. We refer to the decentralised mode when training agents independently
with SARL to select an action based on their observation.

Finally, the third mode uni�es the two formers and is centralised training with decen-
tralised execution (CTDE). It allows decentralised execution, with each agent selecting
actions based on their observations, but allows for the exploitation of more information
during training. Indeed, RL agents are usually trained in a simulator, having access to ev-
ery piece of information. Typically, this mode bene�ts from the state of the environment
or exploits the actions made by other agents during training.

From the research question highlighted in Chapter 1, these di�erent modes showcase
several ways to consider, or not, the other learning agents when training one. This Part II
focuses on methods that exploit the CTDE mode to solve cooperative tasks. This chapter
presents Dec-POMDP environments and CTDE methods issued from the literature. The
performance of these methods is not compared in this chapter but in both next ones.
They present two speci�c contributions: additional CTDE methods in Chapter 4 and a
real-world application of Dec-POMDP in Chapter 5.

3.2 decentral ised partial ly observable markov decision process

As introduced, the de�nition of the decentralised partially observable Markov decision
process (Dec-POMDP) [Oliehoek and Amato, 2016] can be derived from the partially
observable stochastic game de�nition. It is the same, except the reward function maps
to a single reward common to all agents.

We de�ne the Dec-POMDP by a tuple [S; Z ; U; n; O; R; P; 
; T; p ], where n agentsai ,
i 2 A � f 1; ::; ng, simultaneously choose an action at every time stept. The interaction
of the agents with the environment in a Dec-POMDP is presented in Figure 3.1. The
state of the environment isst 2 S where S is the set of states. The observation function
O : S�A ! �( Z ) maps the state to the probability of agenta to perceive the observation
oa

t 2 Z at time t, whereZ is the observation space. Each agent selects an actionua
t 2 Ua

based on its policy � a(ua
t j� a

t ; oa
t ) : (Z � U a)t � Z ! �( Ua), which maps its history

� a
t 2 (Z � U a)t � 1 and its observationoa

t to the probability of taking action ua
t . The joint

action space isU � � i 2A Uai and the joint or team policy is denoted by� = ( � a1 ; :::; � an ).
After the joint action u t 2 U is executed, the transition function determines the new state
with probability P(st+1 jst ; u t ) : S �U ! �( S), and r t = R(st+1 ; st ; u t ) : S �S �U ! R
is the team reward obtained by all agents. The goal of agents is to �nd their optimal policy
that maximises the expected return during the entire episode of T time stepE[G0j� ; p; P]
where G0 =

P T � 1
t=0 
 t r t and p is the initial state distribution. The optimal joint policy is

denoted by � � = arg max � E[G0j� ; p; P], achieved if all agents plays the optimal policy.
We introduced the main challenges in MARL and will discuss hereafter the main im-

pact of providing a common reward, which is to increase the complexity of the credit
assignment problem. Indeed, this can be considered the most complex case because all
agents receive the same feedback on their actions. The non-stationarity of learning agents
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�(�Q�Y�L�U�R�Q�P�H�Q�W

�$�J�H�Q�W
�$�J�H�Q�W�V

Figure 3.1: Interaction of three agents with the environment in a decentralised partially observable
Markov decision process [Oliehoek and Amato, 2016]. Agent do not have access to the state st but
to an observation oa

t defined by the observation function O. Based on oa
t , each agent selects one

action ua
t . As a consequence, they all receive the same reward rt and the environment transitions

in a new state st+1.

and their number remains a problem. However, choosing between two equilibria has be-
come a trivial problem because one agent will never be disadvantaged compared to others.
Nevertheless, the common reward is not the single assumption already discussed. Indeed,
the centralised training mode also helps alleviate the complexity of these challenges. In
contrast, the decentralised mode does not consider additional assumptions besides the
common reward. The introduction may already provide some insights about this claim,
and the following sections will demonstrate it.

Like MDP is the fully observable POMDP, there exist several particular cases of Dec-
POMDP based on the observability of the agents. This allows us to define the required
assumptions to train a single agent to decide the joint action to make the centralised
execution mode possible. When the joint observation can identify the state while the
observation of one agent can not, this is a jointly observable Dec-POMDP, also referred
to as a decentralised MDP by Oliehoek and Amato [2016]. However, to allow centralised
execution, it should be considered that agents can share their observations to make the
decision centrally by identifying the state with the joint observation. Note that such an
assumption allows centralised execution but does not make the problem of decentralised
execution simpler because each agent still does not observe the state [Bernstein et al.,
2002]. The direct extreme case is the fully observable Dec-POMDP, where all agents
observe the state directly. These assumptions can lead to the specific framework called a
multi-agent Markov decision process [Boutilier, 1996].

There are also several variations of factored Dec-POMDP described in [Oliehoek and
Amato, 2016] whether the transition, reward, or observation functions can be considered
factored, meaning they can be decomposed in agent-wise independent factors. While
other particular cases can be found in [Oliehoek and Amato, 2016], their definitions allow
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to solve them by benefiting from additional hypotheses. For example, in a completely
factored Dec-POMDP, the decentralised mode allows to find the optimal policy, while in
complex Dec-POMDP, without such a strong hypothesis, this is not always the case. In
the following, we consider CTDE algorithms that tackle the general case of Dec-POMDP,
but they may have some foundation in these particular cases.

Highlighted in Section 2.5, it is not possible to compute a belief of the state as a function
of the agent’s history in a Dec-POMDP because agents only access their observations
and actions. Not being able to compute a Markovian statistic induces the complexity
of solving Dec-POMDP to become challenging, even more than POMDP [Oliehoek and
Amato, 2016]. For example, this forces planning methods to consider policies that map
histories to action, unlike belief to action in POMDP and RL approaches defined later
based on RNN, like in POMDP. Thus, finding the best by enumerating and evaluating all
possible deterministic joint policies is only possible for small problems. This is because
the number of possible histories grows with the length of episodes, so the number of
policies to learn grows doubly exponentially with this length.

Finally, Oliehoek and Amato [2016] present methods that find optimal deterministic
joint policy since at least one exists in finite time horizon Dec-POMDP [Oliehoek et al.,
2008]. These methods include dynamic programming, which solves the problem iteratively
backwards, starting from the last time step of the finite horizon, pruning computed
policies along the way to reduce the large number of unnecessary ones. They also include
multi-agent A*, taking foundation in search methods [Russell and Norvig, 2010] described
in Chapter 6. In short, it is a search in the space of joint policy that uses value functions
as heuristics to explore the tree of possible joint policies. Oliehoek and Amato [2016]
also present methods that do not guarantee optimality but allow to scale to larger time
horizons for the finite horizon while presenting challenges and corresponding methods to
the infinite one. Aside from the scalability issues, these methods rely on the model of
the environment, motivating the use of model-free RL methods presented later in this
chapter.

3.3 environments

Before discussing CTDE methods in detail, we provide an overview of the existing
suites1of environments in the literature. We then describe the StarCraft multi-agent
challenge (SMAC), perhaps one of the most studied environment suites in the commu-
nity, but also used in our experiments in Chapter 4. Moreover, Chapter 5 is dedicated
to a specific suite of environments, and we leave its description there. Illustrations of the
environments described hereafter are provided in Figure 3.2.

1 In this manuscript, an environment refers to an instance of a particular framework (here, of a Dec-
POMDP). We commonly see it in the literature as either a collection of environments or an instance of
one. We use "suite" to distinguish between these two.
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(a) Robot warehouse.

speaker

listener“green”

agent 1

agent 3

landmark

landmark

landmark

  p 

v

c

agent 2

predator 1

prey

predator 2

predator 3

agent 1
agent 2

agent 3

agent 1 agent 2

adversary

?

(b) Multi-agent particle environments.

(c) Multi-agent MuJoCo.

(d) Google research football.

(e) Flatland. (f) CityFlow. (g) MATE.

Figure 3.2: Cooperative suites of environments defined as Dec-POMDP.

(a) 3m (b) 3s5z

Figure 3.3: Two environments of the StarCraft multi-agent challenges.
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