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Abstract

Multi-agent reinforcement learning is a prominent area of research in machine learn-
ing, extending reinforcement learning to scenarios where multiple agents concurrently
learn and interact within the same environment. Most existing methods rely on central-
isation during training, while others employ agent modelling. In contrast, we propose
a novel method that adapts the role of entropy to assist in fully-decentralised training
without explicitly modelling other agents using additional information to which most
centralised methods assume access. We augment entropy to encourage more determin-
istic agents, and instead, we let the non-stationarity inherent in MARL serve as a mode
for exploration. We empirically evaluate the performance of our method across five
distinct environments, each representing unique challenges. Our assessment encom-
passes both cooperative and competitive cases. Our findings indicate that the approach
of penalising entropy, rather than rewarding it, enables agents to perform at least as
well as the prevailing standard of entropy maximisation. Moreover, our alternative ap-
proach achieves several of the original objectives of entropy regularisation in reinforce-
ment learning, such as increased sample efficiency and potentially better final rewards.
Whilst entropy has a significant role, our results in the competitive case indicate that
position bias is still a considerable challenge.
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Chapter 1

Introduction

During their formative years, most individuals engage in various games with friends and
family, with one goal being to learn and excel at any new game encountered quickly.
For example, when a new edition of a favourite game is released, individuals are likely
to want to begin playing it as soon as they have the opportunity. Generally in games,
people prefer to spend a short amount of time learning the game initially and start per-
forming well as soon as possible. Additionally, in team-based games, individuals aim
to quickly understand the game’s mechanics and their teammate’s behaviour while col-
laborating effectively with their teammates. For instance, it is advantageous to have a
reliable partner, as random or nonsensical actions can negatively impact the team’s per-
formance and morale, leading to frustration among other members. Therefore, players
seek dependable partners who consistently make sensible decisions, allowing the team
to strategise and concentrate on their contributions to the team, ultimately resulting in
a successful and enjoyable gaming experience for all.

Whilst we could only play single-player games, many require more than one player.
Similarly, we have reinforcement learning (RL), which focuses on creating agents that
can learn to solve or approximately solve specific problems, such as driving a vehicle
on an empty highway. However, not all tasks (like games) only have one player; in
general, many situations require people to work together. The requirement of multiple
agents is true even for RL. For agents to be applicable in the real world, they must ac-
knowledge that many systems require more than one agent [Oroojlooy and Hajinezhad
2022]. Therefore, a subfield of RL that acknowledges the multi-agent nature is multi-
agent reinforcement learning (MARL) [Arulkumaran et al. 2017a]. Whilst there are
many approaches to MARL, we focus on the case where agents must act independently.
This independence means agents cannot communicate or explicitly exchange any infor-
mation during training or execution [Tan 1993; Oroojlooy and Hajinezhad 2022]. We
do this because, in real-world tasks, we are often required to act without any communi-
cation and must be independent. For example, when we follow friends or family while
driving in separate vehicles to a new destination, We cannot talk to them and antici-
pate their moves; however, we can watch them as they drive and respond effectively,
we know that the person we follow will not arbitrarily put their indicators on. Hence,
we assume that they are reliable and should they indicate they will turn, we should
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do the same, given that our goal is to cooperate and reach the same destination. This
dissertation not only delves deep into the nuances of MARL but also pioneers a fresh
approach towards addressing its challenges. Through our comprehensive methodol-
ogy, we highlight the significance of penalising entropy in MARL, shedding light on its
impact on agent performance and collaboration in decentralised scenarios.

In this dissertation, we focus on the topic of MARL. Given the challenges and dynamics
observed in the gaming analogy mentioned earlier, a pivotal research question arises:
“How does penalising entropy in multi-agent reinforcement learning impact the perfor-
mance and collaboration of agents in decentralized scenarios?” Addressing this ques-
tion would aid in understanding the implications of penalising entropy and its poten-
tial benefits in MARL, especially when compared to traditional entropy maximization
methods. Generally, there are two primary approaches to MARL: centralised and decen-
tralised [Papoudakis et al. 2019]. Centralised approaches assume that all agents share
information (e.g. what they see during training) and collaborate closely [Papoudakis
et al. 2019]. While this might be advantageous in certain situations, it has significant
drawbacks. Specifically, centralised methods may not be scalable, necessitating infor-
mation sharing that imposes severe constraints, such as requiring all opponents to share
their knowledge [He et al. 2016; Grover et al. 2018; Papoudakis et al. 2019]. Addition-
ally, bandwidth constraints pose a serious concern, as real-world agents cannot consis-
tently or continuously transmit and receive information (particularly high dimensional
info such as maps or video feeds) due to potential cost implications or environmental
factors, such as rural areas with connectivity issues. Given these limitations, we choose
to focus solely on the more scalable decentralised approach to MARL [Papoudakis et al.
2019]. This allows for greater flexibility and adaptability in a variety of scenarios and
helps to mitigate the aforementioned challenges.

Currently, MARL suffers from a similar problem to this “unreliable” teammate from our
analogy. In MARL agents may change their policies during training and can be non-
stationarity [Hernandez-Leal et al. 2017; Papoudakis et al. 2019]. This non-stationarity
can refer to the scenario where agents’ behaviours and the environment may change
over time, making it difficult for agents to learn how to act. The standard approach
is to encourage agents to explore their environment. This is beneficial in single-agent
RL, as it allows agents to learn more rapidly by taking a wide variety of actions in
each situation. One way to encourage exploration is through entropy, which is treated
as an additional reward for agents during their training [Lowe et al. 2017]. According
to Ahmed et al. [2019], entropy measures the level of uncertainty among agents, which
is reflected in their tendency to take different actions. By engaging in a diverse range of
actions, agents can explore their environment. However, as indicated in our analogy of
unreliable teammates, agents who take various and often random actions may not be
the most desirable partners. For the sake of variety, this potential randomness in actions
may make it more challenging for other agents to learn how to collaborate. Therefore,
we attempt to provide a simple solution: encouraging agents to be more certain about
their actions. This certainty is represented by agents increasing the probability of their
chosen actions so that they become increasingly likely. Here, we penalise agents for
uncertainty about what actions to take in a given state, This penalty encourages agents
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to become more certain and less random when choosing their actions, thus allowing
them to be more reliable.

We empirically demonstrate that our approach can perform various tasks and improves
upon the standard wisdom of encouraging exploration. Additionally, we acknowledge
that not all tasks are cooperative and demonstrate that our approach poses no signifi-
cant detriment in the adversarial case. We examine the adversarial case as opponents
may change their behaviours and could act unpredictably or be open to changing their
tactics should they be encouraged to explore more. The novelty of our approach lies
in the distinct shift from the conventionally accepted wisdom of promoting exploration
in MARL. By juxtaposing the traditional methods with our entropy penalisation tech-
nique, we underline the potential advantages of steering agents towards more certain
actions. The significance of this research stems from its implications on how agents can
be made more reliable in multi-agent scenarios, crucial for real-world applications. Our
contributions can be summarised as follows:

• We propose an alternative approach of penalising entropy that incorporates an
additional measure of entropy.

• We demonstrate that penalising entropy rather than rewarding it can be benefi-
cial.

• We demonstrate that or approach performs (in terms of rewards) as well as a stan-
dard base approach in the worst case and can outperform the standard approach
in the best case.

We structure the rest of the document as follows. In Chapter 2 we provide background
on RL and MARL. Then in Chapter 3 we give an overview of related work in MARL.
Following this, we provide and motivate our proposed method in Chapter 4, with Chap-
ter 5 outlining our experimental setup. We present our results in Chapters 6 and 7.
Finally, we summarise our work and provide avenues for future work in Chapter 8.3.
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Chapter 2

Background

2.1 Outline

The following is provided as the necessary background to understand key aspects of our
problem and our proposed approach. Section 2.2 provides the framework for single-
agent reinforcement learning and the algorithm we use. We expand upon this frame-
work in Section 2.3 by incorporating multiple agents and providing the cornerstones
of MARL. Lastly, in Sections 2.4 and 2.5, we address two essential components of RL
non-stationarity and entropy regularisation.

2.2 Single Agent Reinforcement Learning

2.2.1 Markov Decision Process

In single-agent RL, Markov Decision Processes (MDP) provide the mathematical frame-
work for sequential decision-making [Bellman 1957]. A figure that illustrates an MDP
is provided in Figure 2.1. To detail the framework, we follow that of Sutton and Barto
[2018]. An MDP is the tuple (S,A,P ,R, γ), where S represents the state space, A rep-
resents the action space P represents the transition function, R represents the reward
function and γ is the discount factor.

The agent and the environment interact with one another at each discrete time step
t ∈ N . In each time step, the agent receives the representation of the environment’s
current state st from the set of all possible states S. At each of these given time steps,
the agent takes an action at from the set of possible actions (A) available to it in that
state. At each time step, the agent receives a reward rt+1 according to the reward
function R(st, at) and transitions to the following state st+1 according to the transition
function P(st, at, st+1). The reward function specifies the immediate reward that the
agent receives for taking action at in state st, while the transition function specifies
the probability of transitioning to state st+1 from state st upon taking action at. The
sequence of states, actions and rewards gives rise to the agent’s trajectory, which de-
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scribes the agent’s passage throughout the episode. An example of how a trajectory
would start is as follows:

Agent

Environment

Action
At

Rt+1

St+1

State
St

Reward
Rt+1

Figure 2.1: Diagram illustrating the interaction between agent and environment in an
MDP.

s0, a0, r1, s1, a1, r2, s2, a2, r3, s3, a3, r4, . . . ,

Where a snapshot of the trajectory at time t would be represented as (st, at, rt+1). In
particular, a finite MDP is characterised by a finite set of states and actions. As a result
of the Markov property, the format allows for a discrete probability distribution over the
set of potential distributions of these variables, which relies only on the preceding state
and action. For example, for any state s′ and reward r, we can determine the probability
of these values occurring at a specific time step t based on the prior action taken in
the previous state. The definition for this conditional probability can be formalised as
follows:

p(s′, r|st−1, at−1).

The function p(s′, r|st−1, at−1) is the joint probability distribution over the next state s′

and the immediate reward r given the previous state st−1 and action at−1 taken by the
agent. This function corresponds to the transition and reward functions of the MDP,
where the transition function P(s, a, s′, r) determines the probability of transitioning to
state s′ and receiving reward r when the agent takes action a in state s. The reward
function R(s, a) specifies the immediate reward that the agent receives for taking action
a in state s. The function allows us to define the dynamics of a given MDP. Hence, it
can be precisely stated that the dynamics are a function of p : S × R× S × A → [0, 1].
Additionally, this function p represents a probability function; hence the values are in
the range [0, 1]. Thus, it is important to note that the following is a result due to its
probabilistic nature: ∑

s′∈S

∑
r∈R

p(s′, r|s, a) = 1,∀s ∈ S, a ∈ A(s), (2.1)

where A(s) represents the possible actions in a given state. A necessary concept is that
of the expected reward for a state-action pair. The expected reward is a function of the
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state and action, which maps to a reward for the agent. Mathematically this is defined
as follows:

R(s, a)
.
= E[rt|St−1 = s, At−1 = a] =

∑
r∈R

r
∑
s′∈S

p(s′, r|s, a). (2.2)

An important concept in our MDP, highlighted by Sutton and Barto [2018], asserts
that anything not arbitrarily influenced by an agent should be regarded as part of the
environment. This concept is essential and is discussed further in Section 2.3.

2.2.2 Agent Rewards and Episodes

An agent’s goal in RL is to maximise the cumulative sum of all rewards it receives
throughout an episode or over a finite time horizon. This term Gt represents the cumu-
lative sum of rewards from t until a specific final step T . Here T , represents the termi-
nation step at which an episode is concluded, and the environment resets to a starting
state regardless of how the episode ended. The states that terminate an episode are
referred to as terminal states. In reinforcement learning, tasks with terminal states are
called episodic tasks. There are cases where no natural end to a task can occur, and
the task is perpetual, in which case these are not episodic tasks but instead continuing
tasks. For the case of our experiments, we do not consider this scenario. However, it
is important to be aware that it is a common problem in RL. We perform discounting
on the cumulative sum of rewards an agent receives, which is what the agent attempts
to maximise. The discounting term is represented by γ, where γ ∈ [0, 1] and is for-
mally referred to as the discount rate. Hence, the agent’s goal is to learn actions which
maximise the expected discounted return as denoted by the following equation:

Gt
.
=

∞∑
k=0

γkrt+k+1. (2.3)

The value of γ is vital as it controls the time horizon the agent considers when max-
imising. A value of zero will result in an agent that is entirely myopic, focusing solely
on maximising the immediate reward, whereas a value approaching one will render the
agent forward-looking, assigning equal importance to rewards expected in the future.

2.2.3 Policies and Value Functions

In RL, agents act according to a policy which is denoted using π. The policy describes
how the agent may act in a given state and, in particular, provides a probabilistic map-
ping for each action an agent may take in a given state at a specific time step. It is
crucial to understand that agents can either have a stochastic policy, which involves a
probabilistic mapping of actions, or a deterministic policy, where the agent will take a
specific action with a probability of 1 in a given state. This mapping is represented as
π(a|s), where At = a represents the action taken at time step t and St = s which is
the state at that time step. Hence, this means that the policy forms a distribution over
potential actions for the current state at a particular time step. A second component is
necessary to help describe the perceived value of a state. In this case, we use a state-
value function for policy π, denoted by vπ(s), which specifies the expected return of a
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given state with the agent following policy π. This function is formally defined in the
case of MDPs as follows:

vπ(s)
.
= Eπ[Gt|St = s] = Eπ

[ T∑
k=0

γkrt+k+1|St = s

]
,∀s ∈ S, (2.4)

where the value function represents the expected value of a given state with the agent
following a specific policy π at any given time step t. Given that we may want to see
the value of a given state should the agent take a specific action a, we have another
function: the action-value function for policy π. This function represents the expected
return for an agent, which starts in state s, takes a particular action a in that state and
then proceeds to follow policy π afterwards. The function is mathematically denoted
as the following:

qπ(s, a)
.
= Eπ[Gt|St = s, At = a] = Eπ

[ ∞∑
k=0

γkRt+k+1|St = s, At = a

]
. (2.5)

Consequently, stemming from these ideas is the crucial concept involving optimal poli-
cies, state-value functions, and action-value functions. Value functions allow us to par-
tially order policies and hence allow us to “rank” policies. For example, for two distinct
policies π and π

′ we can say π is better than or equal to π
′ iff the expected return of π is

greater than or equal to π
′ for all states. Fundamentally, this is represented as follows:

π ≥ π
′ ⇐⇒ vπ ≥ vπ′ ,∀s ∈ S. (2.6)

There will always be an optimal policy; however, it may not be unique. This policy is
the policy which is as good as or better than all other policies. Despite this, all optimal
policies are denoted as π∗, and they all have the same state-value function, which is
called the optimal state-value function and is denoted as v∗, which is defined as follows:

v∗(s)
.
= max

π
vπ(s),∀s ∈ S. (2.7)

Furthermore, optimal policies share another component, which is that of the optimal
action-value function, which is denoted as q∗ and is mathematically defined as:

q∗(s, a)
.
= max

π
qπ(s, a). (2.8)

It is not always possible for an agent to learn the optimal policy. This inability may be
due to various factors, such as the agent’s memory, the state-space’s complexity or the
computational resources available to an agent. Hence, we need to introduce the notion
of an approximate optimal policy.

2.2.4 Policy Gradient Methods

One robust set of methods in RL is Policy Gradient Methods, which aim to directly
optimise the policy function in order to maximise the expected reward. These methods
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use parameterised policies, which means they do not need to use a value function;
however, they can use one to learn policy parameters. The parameters of an agent’s
policy are represented using θ ∈ Rd, where represents the number of parameters in
the policy. Hence, the policy of an agent can be described as the following:

π(a|s,θ) = p(At = a|St,θt = θ), (2.9)

which represents the probability that an agent at time step t in state s will take action
a given its parameters θ. When approximating the value function, if the method learns
said value function as well, we denote the value function’s weight vector as w ∈ Rd.
The value function becomes a function of the state and w and is denoted as v̂(s,w).
In general, an agent learns according to a given cost function that measures its per-
formance which it seeks to maximise. This cost function is represented using J(θ),
with the algorithm performing gradient ascent to maximise the function. The equation
governing the update to this function is as follows:

θt+1 = θt + α∇̂J(θt), (2.10)

where α is the learning rate, and ∇̂J(θt) is a stochastic estimate approximating the
cost function’s performance in accordance with θ at a given time step t. One of the first
policy gradient methods is REINFORCE which utilises the empirical return of a given
trajectory in its update and, as a result, suffers from high variance in its gradients due
to using the empirical mean from each trajectory during its updates [Williams 1992;
Arulkumaran et al. 2017b]. A standard solution to this is to subtract a baseline, such
as the mean return over multiple episodes [Konda and Tsitsiklis 1999; Schulman et al.
2015b; Arulkumaran et al. 2017b]. However, alternatives to this baseline exist in value-
function methods; instead they learn a value-function and use it as a baseline [Konda
and Tsitsiklis 1999; Schulman et al. 2015b; Arulkumaran et al. 2017b].

Methods which learn to approximate both the value function and the policy function
are referred to as actor-critic methods. Here an actor is the agent’s policy, with the critic
being the value function. In general, neural network architectures are used when per-
forming these methods [Mnih et al. 2016; Schulman et al. 2015a 2017b]. The use of
these neural networks in RL is referred to as Deep Reinforcement Learning. The success
of Deep Reinforcement Learning is attributed mainly to the powerful function approxi-
mation of neural networks, its ability to effectively deal with the curse of dimensionality
and how it has introduced new approaches to RL [Arulkumaran et al. 2017b]. A com-
mon method of parameterisation for agents are neural networks, where the networks
parameters are represented using θ, which represents the current weights of the net-
work.

2.2.5 Proximal Policy Optimisation

Proximal Policy Optimisation (PPO) is a widely known algorithm used in standard RL
and MARL settings [Schulman et al. 2017b; Terry et al. 2022 2020b; Zhou et al. 2020].
As an actor-critic method, it offers multiple algorithmic design choices [Hsu et al. 2020].
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PPO enhances the efficiency of the Asynchronous Actor-Critic (A3C) algorithm, a suc-
cessful RL method, by incorporating elements of asynchronous actor-critic methods
such as those in Mnih et al. [2016] that allow parallel execution.

PPO was developed as a method to simplify and improve upon Trust Region Policy Op-
timisation (TRPO)[Schulman et al. 2015a 2017b]. An important aspect of PPO is the
use of the Kullback-Leibler (KL) divergence [Kullback and Leibler 1951], which mea-
sures the difference between the current policy during its update procedure and the
original policy before the update. The KL divergence enables PPO to reuse a set of
sample trajectories for multiple policy updates while preventing policy weight updates
from exceeding a given threshold. PPO also incorporates an advantage estimate Ât,
introduced by Mnih et al. [2016], that allows a policy to run for T time steps and per-
form iterative updates using collected samples. The advantage estimate approximates
the current estimate of the state’s value following the agent’s current policy and helps
to reduce the variance in the update without requiring information after the time step
T . This advantage estimate uses a parameter λ, which is a part of the Generalised
Advantage Estimation (GAE) technique, that controls the trade-off between bias and
variance in the estimation of the advantage function. Specifically, a λ close to 0 re-
sults in a high bias but low variance estimate (more reliant on immediate differences
in value estimates), while a λ close to 1 results in a low bias but high variance estimate
(incorporates more future differences in value estimates). The equation is as follows:

Ât = δt + γλδt+1 + · · ·+ γT−t+1λT−t+1δT−1,

where δt = rt + γVst+1 − V st.
(2.11)

Here λ represents the discounting.

DKL(P ||Q) =
∑
x∈X

P (x)log(
P (x)

Q(x)
) (2.12)

Equation 2.12 provides the KL divergence of two discrete probability distributions P
and Q which are defined over the same sample space (X), where DKL(P ||Q) defines
the relative entropy between these two distributions. An important component PPO
inherited from TRPO is that of its surrogate objective function given by the equation
below.

Lsurrogate = max
θ

Êt

[
πθ(at|st)
πθold(at|st)

Ât − βDKL[πθold(·|st), πθ(·|st)]
]
. (2.13)

Here, β ∈ R represents a coefficient that controls the important of the KL Divergence
in the unconstrained optimisation problem. In the following equation, we represent
πθ(at|st)

πθold
(at|st) as rt(θ) to help simplify the following equations. Lastly, DKL represents the

KL divergence between the current and old policies. This equation is modified further
when constructing the final PPO objective function, which is as follows:

LCLIP (θ) = Ê[min(rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât)], (2.14)

where the value of ϵ is a hyperparameter that helps prevent excessively large updates,
Ât represents the estimate of the advantage function at time step t. The first term in
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Algorithm 1 PPO

1: for iteration=1,2,. . . do
2: for actor=1,2, . . . N do
3: Run policy πθ in environment for T time steps
4: Compute advantage estimates Â1, . . . , ÂT

5: end for
6: Optimise surrogate L in Equation 2.15 w.r.t θ, with K epochs and mini-batch

size M ≤ NT
7: end for

the PPO loss function is the unclipped objective, which can allow for a larger update
to the policy, but it is constrained by ϵ and clipping, which prevent it from deviating
too far from the previous policy. A fundamental way to describe Equation 2.14 is that
the second term in the minimum is that of the clipped objective function, which is con-
sidered more “conservative” as it attempts to prevent excessively large policy updates,
updates which may be detrimental to the performance of the agent. Clipping refers to
bounding the value in a range, as defined in this equation by 1 − ϵ and 1 + ϵ. Hence,
the combination of these two provides a lower bound on the objective function, and it
allows for larger changes in the policy when the objective function improves and allows
it to be conservative about the level of policy change when it is detrimental to the objec-
tive function. Here the clipped surrogate loss function in Equation 2.14 is incorporated
into the following equation which PPO utilises and attempts to maximise during each
iteration.

Lt(θ) = Êt[L
CLIP
t(θ) − c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st)]. (2.15)

Here, S represents an entropy bonus term, which is a component of entropy regu-
larisation. This term encourages exploration while penalising policies that are overly
deterministic. The squared loss (Vθ(st)− V targ

t )
2

signifies the discrepancy between the
target function (the agent’s current estimate of the state’s value) and the critic’s value
function. Lastly, c1 and c2 denote coefficient values, with c1 weighting the importance
of the difference in the value function and the estimated value function, and c2 deter-
mining the importance of entropy in the objective function. PPO integrates an essential
concept from Mnih et al. [2016] that allows the algorithm to run for T time steps, where
T is much less than an episode’s length and uses the collected set of samples to perform
a batch update. This update is typically done using mini-batches from the batch. The
PPO algorithm in an Actor-Critic format, as given by Schulman et al. [2017b] is pro-
vided in Algorithm 1. Here, each iteration (Line 1) consists of N parallel actors (Line
2), which act and generate a policy rollout of T steps of data (Line 3). The cumulative
set of NT data points allows us to construct our surrogate loss function and optimise it
(Line 5) using stochastic gradient descent for K epochs.
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Figure 2.2: The provided figure delineates a Markov Decision Process (MDP) within a
multi-agent environment, with n agents performing actions concurrently. In this con-
text, t denotes the present time step, zit signifies the observation of the ith agent, rit
corresponds to the ith agent’s reward, and ait symbolises the action taken by the ith
agent. Moreover, the terms zt, rt, and Ut refer to a vector of observations, a vector of
rewards, and the joint-action vector of all agents, respectively. During each time step,
all agents take actions in unison, resulting in the formation of a joint-action vector.
Subsequently, at the next step, each agent acquires an observation and a reward. These
are derived from the vectors of observations and rewards, which contain the specific
observation and reward for each individual agent.

2.3 Multi Agent Reinforcement Learning

2.3.1 Partially Observable Stochastic Games

In this work, we consider the partially observable stochastic game (POSG) formalism
of Multi-agent RL (MARL), which is defined by a tuple (I, S,O,A, r, T ) [Peshkin et al.
2000; Hansen et al. 2004]. Here, I represents the set of n agents, S is the set of
states, A = A1 × A2 × · · · × An represents the set of all actions, r = (r1, r2, . . . , rn) is
the vector of each of the agents’ rewards where ri : S × A × S → R and represents
the reward function for the ith agent. Since we are in a partially observable setting,
the agents do not have access to the full state s ∈ S, instead receiving an observation
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zj ∈ Oj; with O = O1 × O2 × · · · × On. Lastly, T : S × A × S × O → [0, 1] represents
the probability distribution over the following states and joint observations given the
current state and actions taken by all the agents. A simple illustration of the problem
is given in Figure 2.2. Each agent is represented by a policy πj(a|zj) conditioned on
their observations, which determines the action the agent will take in a given scenario.
We use ut to denote the set of actions taken by the agents at time step t. We note
that in MARL, the joint policy of the agents specifies how each agent selects its action
based on the state of the environment and the actions of the other agents, creating a
joint action-value function represented by Qπ(zt, ut) = Eπ(Rt[zt, ut]), where Rt denotes
the discounted cumulative reward over a finite time horizon T and ut is a vector that
contains the actions of all agents taken at time step t. The agents’ goals are to learn a
joint optimal policy π∗, which is better than or equal to any other policy as denoted by
the following:

Qπ∗(zt, ut) ≥ Qπ(zt, ut),∀π.

Finally, we note each agent’s value and policy function is parameterised by θ and ϕ,
respectively, and that θj and ϕj represents the jth agent’s policy and value function
parameters, respectively.

2.3.2 Information Structure

Central

Agent 1 Agent N

Local policy

Shareable   observations

Environment

Observations

Agent 2

Agent N

Agent 1

Environment

Observations

Environment

Agent 1

Agent 2

Agent N

Observations

Figure 2.3: This figure shows the three information structures used in Multi-Agent Re-
inforcement Learning (MARL): fully-centralised, CTDE, and fully-decentralised (from
left to right). These structures illustrate how decisions and information are shared be-
tween agents. In the fully-centralised structure (left), a single actor controls all agents
and makes decisions based on all observations. The CTDE structure (middle) includes
multiple central controllers, one for each agent, and allows for information sharing dur-
ing training, but agents act based on local observations. The fully-decentralised (right)
structure involves agents receiving only their own local observations.
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In MARL, agents typically receive observations rather than the global state. These
observations represent what the agents can observe in the environment and are MARL’s
equivalent to the state-space for agents in single-agent RL. The architecture of the
underlying approach to sharing information and networking agents in MARL can differ.
There are three primary ways to structure the flow of this information, and they are as
follows [Nguyen et al. 2020; Zhang et al. 2021]:

1. Fully-centralised

2. Centralised-training-decentralised-execution (CTDE)

3. Fully-decentralised

Each of these approaches has specific advantages and disadvantages. Fully-centralised
approaches use a single network which aggregates all information from each agent and
shares it amongst the agents [Zhang et al. 2021]. This approach helps to alleviate
non-stationarity as the centralisation allows for the sharing of all relevant information;
however, it comes at the cost of a more computationally complex problem [Oroojlooy
and Hajinezhad 2022]. In particular, this complexity can be restraining as it relies
on a single controller controlling all agents and hence the number of actions can ex-
ponentially increase as more agents are added and agents need to aggregate all local
observations with this single controller [Oroojlooy and Hajinezhad 2022]. The expo-
nential increase in complexity as the number of agents increases is referred to as the
combinatorial nature of MARL [Hernandez-Leal et al. 2019; Zhang et al. 2021].

An alternative to this approach are fully-decentralised methods. These methods do
not assume access to other agents’ information or observations [Hernandez-Leal et al.
2019]. Moreover, these methods are more scalable than fully-centralised methods, as
they can be implemented in a distributed fashion, with each agent making decisions
independently based on local observations. However, they are also more susceptible to
non-stationarity, as agents may have incomplete information and lack explicit coordi-
nation [Papoudakis et al. 2019; Hernandez-Leal et al. 2019; Oroojlooy and Hajinezhad
2022]. One subcategory of these methods is “independent learners”, which are algo-
rithms that do not necessarily acknowledge that other agents are involved [Hernandez-
Leal et al. 2018; Zhang et al. 2021; Oroojlooy and Hajinezhad 2022]. In particular,
independent learners treat MARL problems as single agent problems.

Finally, some methods are centralised during training and then decentralised during ex-
ecution and these methods are referred to as CTDE (centralised-training-decentralised-
execution) [Hernandez-Leal et al. 2018 2019; Nguyen et al. 2020; Rashid et al. 2020;
Oroojlooy and Hajinezhad 2022]. These methods have become prevalent in modern
MARL as they strike a compromise between scalability and dealing with inherent non-
stationarity. However, these methods rely on a centralised critic during runtime or
parameter sharing [Terry et al. 2022 2020b]. Despite this, there is a preference for
fully-decentralised methods by researchers such as Zhang et al. [2021], as simulators
for environments may not always be available. Therefore, we may not always be able to
make use a centralised critic which is able to share all information amongst all agents
during their training. This drawback primarily arises in new or unexplored domains,
in situations where a simulator is not available for use, or when creating an accurate
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simulator is prohibitively complex, such as perfectly replicating the behaviour of every
ant in a large ant colony. The choice of information structure has integral role in the
type of game the agents are involved in.

2.3.3 Types of Games

MARL agents can be involved in three primary types of games, which create a strong
link between MARL and its interaction with Game Theory [Shoham et al. 2007]. They
are as follows:

1. Cooperative

2. Competitive

3. General-sum

Firstly, cooperative games require agents to work together and share a common reward
function [Zhang et al. 2021]. An example of a cooperative game is the StarCraft Multi-
Agent Challenge (which makes use of the StarCraft II Learning Environment), where
agents on a team must work together to defeat an AI foe [Vinyals et al. 2017]. Typically,
in cooperative games, rewards are shared between each agent. However, credit assign-
ment is a sub-problem in this field which aims to assign each agent a specific reward
based on their impact on the total final reward [Hernandez-Leal et al. 2018 2019].
Secondly, we have competitive games, also known as competitive games [Zhang et al.
2021]. In these games, agents view one another as opponents and compete against one
another. Generally, these games are “zero-sum”, as one agent’s reward is equivalent to
another agent’s loss. Hence, when the rewards for each agent are summed together,
the environment has a reward of zero, thus, zero-sum [Foerster 2018]. One example
of this type of game is chess, where if one player wins, the other loses, with a draw be-
ing a “zero” reward outcome. Lastly, there are environments that mix cooperative and
competitive cases. These environments are called “general-sum”; unlike zero-sum, the
reward in the system can be non-zero [Foerster 2018; Zhang et al. 2021]. These types
of games are also known as mixed-setting games [Hernandez-Leal et al. 2019; Zhang
et al. 2021]. Poker is a classic example of a general-sum game, where each player’s
objective is to win the pot of money, and each player’s gain or loss is dependent on the
decisions and strategies of all players, rather than being equal or opposite.

2.4 Non-stationarity

Non-stationarity is a recognised challenge in RL, but it becomes even more pronounced
in MARL. This challenge emerges when the environment or the problem setting con-
tains dynamically evolving elements or behaviours, such as various agents learning and
adaptively changing their policies. In MARL, non-stationarity arises from the “Moving
Agent” problem. The Moving Agent problem refers to when more than a single agent is
learning. The agents may develop policies that are based on another agent. A concise
way to phrase this problem is given by Papoudakis et al. [2019], where this is referred to
as a “ringing agent” problem. In this description, the “ringing agent” problem refers to
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the case when an agent is assumed to be static (i.e., not learning), and other agents de-
velop policies based on this assumption. However, in reality, this agent is also learning,
resulting in a continually changing policy. This problem is important to note because
it contributes to the non-stationarity problem in MARL. As a result, by the time one
agent has created a policy focused on another, that agent’s policy may have drastically
changed, causing the agent to have a suboptimal policy. This process continues as the
agents interact, hence it suffers from the ringing agent problem. In MARL, agents must
account for the behaviours of other agents, which leads to the violation of the station-
ary Markovian property. This property states that the reward and current state should
depend solely on the previous state and action taken by the agent. However, in the
context of MARL, this assumption no longer holds true due to the interactions amongst
agents [Zhang et al. 2021].

Centralised methods are one way to account for non-stationarity, as stated by Hernandez-
Leal et al. [2018 2019]; Papoudakis et al. [2019]. This success is potentially because
all agents’ information is shared and thus taken into account by a central controller. In
particular, the fully-decentralised case suffers to a greater extent from non-stationarity,
given the information structure for those agents [Papoudakis et al. 2019; Zhang et al.
2021]. As a result, fully-decentralised agents are more likely to overlook crucial infor-
mation related to the participating agents.

2.5 Entropy Regularisation

Before delving into the role of entropy regularisation, first consider a type of explo-
ration strategy known as “ϵ− greedy” [Sutton and Barto 2018]. This strategy primarily
involves taking “greedy” actions that exploit the agent’s current understanding of the
environment—specifically, which action is believed to yield the best Q-value at that mo-
ment. However, until the agent possesses a comprehensive and accurate representation
of the Q-value for each state, it might not always discern the truly optimal action in
every scenario. To counterbalance this, we introduce “exploratory” actions, which are
taken with a probability ϵ ∈ [0, 1]. These actions aim to refine the agent’s estimate of
the value of non-greedy actions, typically resulting in a higher cumulative reward over
the course of an episode, especially as training progresses. The concept of entropy reg-
ularisation was introduced to enhance exploration strategies in modern reinforcement
learning. The role of entropy regularisation is to help agents explore [Mnih et al. 2016;
Schulman et al. 2017ba], which is critical to discover good policies during optimisa-
tion [Ahmed et al. 2019]. Entropy regularisation does this by encouraging agents to
take a more diverse set of actions by preventing them from becoming deterministic too
rapidly [Williams and Peng 1991; Mnih et al. 2016; Ahmed et al. 2019]. This diver-
sity results from an additional term in the agent’s objective function [Mnih et al. 2016;
Schulman et al. 2017b]. The additional term serves as a reward for the agent when it
takes an action with a lower probability. Hence, the entropy term helps in encourag-
ing the agent to explore. Entropy regularisation was first used by Williams and Peng
[1991] and has been a common component of various other works [Mnih et al. 2016;
Schulman et al. 2017b; Lowe et al. 2017; Liu et al. 2019; Jaques et al. 2019; Zhou et
al. 2020]. The most prevalent measure of entropy in RL is that of Shannon Entropy
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which was proposed by Shannon [1948] as a measure of information gain in Informa-
tion Theory. The following is the equation for Shannon entropy in the single agent case
using the MDP framework:

H(π(at|st)) = −
∑
i

p(ait|st) log(p(ait|st)). (2.16)

In Equation 2.16, st denotes the state at time t, at denotes the action at time step t,
and the summation is taken over each potential action that the agent could take at this
time step as indicated by the indexing variable i, where p(ait) represents the probability
of agent i taking action a at time step t. As can be seen in Equation 2.16 the value is
maximised when all actions are equally likely and minimised should the agent become
deterministic. One commonly stated reason for this technique, as given by Mnih et al.
[2016] is that “adding the entropy of the policy π to the objective function improved
exploration by discouraging premature convergence to suboptimal deterministic poli-
cies.” An example of an equation that incorporates entropy regularisation in Policy
Gradient methods is given below:

L = ∇θ′ log π(at|st, θ)(Rt − V (st|θv)) + η∇θ′H(π(st|θ)). (2.17)

In the context of deep reinforcement learning using neural networks for function ap-
proximation, the objective is often to minimise a loss function by iteratively updating
the network parameters. The gradients, represented by the nabla symbol, indicate the
direction and magnitude of changes required for these parameters to reduce the loss.
Thus, the loss in Equation 2.17 represents the gradient with respect to the policy and
value function parameters, guiding the learning process. The equation is composed of
three terms. The first term, ∇θ′ log π(at|st, θ), represents the gradient of the log proba-
bility that the agent takes action at in state st while using the policy parameterised by θ.
The second term, (Rt−V (st|θv)), represents the advantage function, which is the differ-
ence between the actual reward received (Rt) and the estimated reward (V (st|θv)) for
that state. The third term, η∇θ′H(π(st|θ)), is the entropy regularisation term, where
H(π(st|θ)) represents the entropy based on the agent’s policy. The coefficient η con-
trols the strength of the regularisation, and θv represents the parameters of the value
function. In Section 3.6, we go into greater detail about Entropy Regularisation.
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Chapter 3

Related Work

3.1 Outline

We structure the related work as follows. Initially we examine our particular domain
problem and provide a brief overview as to why an alternative approach is necessary
in Section 3.2. We then examine three particular settings in MARL and the algorithms
which are designed for each of these settings. These settings are the cooperative case
in Section 3.3, the general-sum and competitive cases in Section 3.4. Following this,
we provide a more detailed overview of PPO in Section 3.5, breaking down some aug-
mentations others have made to PPO. In particular, we examine some modifications
that allow PPO to function as a standard MARL algorithm. Thereafter, in Section 3.6
we examine entropy regularisation and its current role in RL.

3.2 Domain Problem

In MARL, various algorithms are designed with a specific setting in mind. For example,
algorithms that seek to incentivise another agent’s exploration to encourage coopera-
tion [Jaques et al. 2019] will not necessarily work in competitive settings. Alternatively,
algorithms which are selfish are only concerned with themselves and their performance
[Foerster et al. 2017b] are unlikely to be as successful in tasks where the team reward
is the focus. Other approaches focus on hand-crafted methods to learn in MARL, such
as those of Albrecht and Ramamoorthy [2015]. However, many algorithms utilise deep
reinforcement learning to learn in MARL [Chu and Ye 2017; Gupta et al. 2017; Lowe
et al. 2017; Foerster et al. 2017b 2018]. We break down some of these algorithms
and identify a clear gap in current approaches. Currently, the primary focus in MARL
is in centralised-training-decentralised-execution methods. These methods help over-
come the non-stationarity that exists in MARL. Furthermore, these methods allow for
additional advantageous assumptions, which are typically in the form of other agents’
exact gradients, responses or observations. This extra data allows for other algorithms
to incorporate a rich set of data into their method. However, methods which do this
are limited in their applicability as they will require simulators which are not always
available. They also require information to be transferred, which due to bandwidth
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constraints, limit these approaches in the real world. It is important to note that this
information could often be high dimensional for example, image data from an agent’s
observation which may have a high degree of granularity (for example multiple frames
from a video feed). In cases where we are referencing the transfer of this information
in a real world setting we reference it as communication. Lastly, they may assume that
an opposing agent, in a competitive game would allow access to such data. Hence,
this assumption is not realistic as no opponent would share vital information to their
opponent. Whilst methods that are fully-decentralised do exist they typically use hand-
crafted methods or assumptions which can be prohibitive such as that of Albrecht and
Ramamoorthy [2015] and Jaques et al. [2019]. We discuss the specific limitations and
assumptions for these approaches in Sections 3.3.2 and 3.4.3. One of the strongest
aspects of these methods is their scalability.

Therefore, in our domain, we desire agents that make minimal assumptions about all
other agents. These agents should perform in a fully-decentralised fashion to avoid
bandwidth issues and the need for simulators. Lastly, they must not use hand-crafted
techniques to make the algorithms widely and readily applicable to a variety of settings.

3.3 Cooperative Methods

The cooperative setting is an interesting and vital component of MARL. For MARL to
be widely and readily applicable, there are numerous circumstances where agents must
be able to work together [Foerster et al. 2018]. This section examines influential MARL
algorithms that focus on the cooperative setting.

3.3.1 Fully-Centralised and CTDE Methods

Agent Specific Credit Assignment

A common issue in MARL is assigning credit to each agent. Agents act individually and
receive a reward; sometimes, however, they receive a team reward, which all agents
receive. This team reward can make it challenging for agents to know how responsi-
ble they are for the reward they receive. However, there are ways to overcome this
challenge; one potential method is Counterfactual Reasoning. Counterfactual thinking
has its roots in psychology, where it refers to the tendency for humans to think of and
create possible alternatives to events that have already occurred, and focus on “what
might have been” [Roese 1997]. This allows examination into how a particular change
in choice may have resulted in different consequences. One algorithm, Counterfactual
Multi-Agent Policy Gradients (COMA), by Foerster et al. [2018] serves as an illustra-
tion of the key attributes to consider in this problem. COMA uses difference rewards to
provide credit to each agent [Foerster et al. 2018; Nguyen et al. 2020]. Prior work by
Wolpert and Tumer [2001] inspired the idea of these difference rewards. Their purpose
is to compare the reward the agent receives for taking a specific action rather than hav-
ing taken a default action. This difference reward assigns credit to each agent for their
influence on the final reward; hence giving agents credit for their impact. Difference
rewards are a valuable method because agents must have the ability to work together
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and be able to successfully perform their own roles to succeed in this setting. One of
the issues that COMA overcomes is estimating what the difference reward should be,
which is done via a centralised critic [Foerster et al. 2018]. COMA does this because
the centralised critic is trained using all agents’ observations and the joint action of all
agents in the game; denoted as ua. This joint action represents each agents’ actions at
a given time step. Therefore, COMA compares the Q-value function for agents taking a
specific set of actions ua. Alternatively, u−a denotes the set of actions taken by all other
agents excluding agent a. This creates a different baseline for each agent which is used
when performing updates, the baseline that is used for a given agent i is as follows:

Âi(s,u) = Q(s,u)−
∑
ui

πa(ui|τ i)Q(s, (u−i, ui)). (3.1)

Here, Âi(s, ui) is a separate baseline that each agent will compute, representing their
counterfactual advantage. In Equation 3.1, τ represents the agent’s action-observation
history and is a function of O and A, as referenced in Section 2.3. Furthermore, in this
equation, ui represents each potential action the agent could take, and this determines
the difference for the agent taking some other action (the counterfactual baseline),
with Q(s,u) representing the Q-value for the joint-action which includes the actual
action that the agent took. The default action is a design choice left up to the user. A
visualisation of the flow of information is given in Figure 3.1, as it is one of the common
ways to integrate a centralised critic, which is used in various other methods.

Environment

Actor 2

ut
2

Actor 1
Actor 1

ut
1

Critic

st rt

zt
1 zt

2

At
1 At

2

Figure 3.1: An illustration of the flow of information between the centralised critic and
the decentralised actors. Here ut represents the action taken by the agent, zt represents
the observation the agent receives, At represents the advantage estimate from the critic
and t represents the current time step. Notably, this illustrates a simplified version of
COMA’s diagram where the true state space st and reward from the environment rt is
also given to the critic. Lastly, the superscript represents which agent this information
is for.

Lastly, it is essential to note that COMA integrates a memory layer in the network [Fo-
erster et al. 2018]. The need for a memory layer comes from the need to condition
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on more than just the local observations; hence a recurrent neural network (which
provides memory) can be used to condition the agent’s behaviour on the entire his-
tory [Hausknecht and Stone 2015]. The choice of this memory unit can be flexi-
ble. However, it is common to use a gated model such as a recurrent neural net-
work (RNN) [Rumelhart et al. 1986], long short term-memory (LSTM) [Hochreiter and
Schmidhuber 1997] or a gated recurrent unit (GRU) [Cho et al. 2014]. Whilst COMA
solves the issue of credit assignment with a centralised critic, it has some drawbacks
that are problematic. Namely, this method has to have a centralised critic to estimate
the counterfactual value efficiently. COMA also requires a simulator to train, which is
problematic as we may not always be afforded said luxury [Zhang et al. 2021]. Fi-
nally, because COMA needs to evaluate the joint action values, this does make it more
challenging to train, explore and coordinate [Foerster et al. 2018].

Whilst COMA assists agents in credit assignment in cooperative MARL another promi-
nent method for solving the same task is a value decomposition network (VDN) [Sune-
hag et al. 2017]. The VDN helps to decompose the joint action-value function into
individual value functions for each agent so that the team’s reward is the sum of all
individual agent action-values. This value decomposition is essential, as it leads to
better overall performance than fully centralised and independent agents, and it is a
modular method [Sunehag et al. 2017]. Here, modular refers to how this is a compo-
nent that can be used in conjunction with another method. This decomposition can be
represented using the following equation:

Q((τ 1, τ 2, . . . , τn), (a1, a2, . . . , an)) =
d∑

i=1

Q̃i(τ
i, ai), (3.2)

where i represents a specific agent’s index and d is the number of agents. Here, a mem-
ory layer (LSTM in this particular case) stores additional information from historical
observations [Sunehag et al. 2017]. A key result of the VDN is that it can overcome the
“lazy agent” problem, which is when one agent has a beneficial policy which discour-
ages another agent from learning through exploration because the exploration may be
detrimental to the first agent and hence result in a worse overall team reward [Sunehag
et al. 2017]. Whilst the VDN method achieves high performance in various coopera-
tive tasks, two underlying issues make it not feasible for our specific use case. Firstly,
the VDN requires that we have centralisation to learn each agent’s action-value func-
tion; in our circumstance this could cause the method to not be scalable and hence,
is problematic [Papoudakis et al. 2019]. Secondly, their approach uses weight sharing
for specific networks, and it is found that without this weight sharing, the lazy agent
problem can reemerge [Sunehag et al. 2017]. The primary issue with weight sharing
is that it causes the agents to become increasingly centralised, with full weight shar-
ing (also referred to as parameter sharing), where all policies are represented using a
single neural network [Terry et al. 2020b].

Action Decoding

Two well-known algorithms that achieve high performance in the cooperative case are
those of the Bayesian action decoder (BAD) and simplified action decoder (SAD) [Foer-
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ster et al. 2019; Hu and Foerster 2019]. BAD targets the partially observable setting in
MARL, where agents cannot access all information. BAD attempts to utilise the public
belief of Nayyar et al. [2013]; however, it seeks to scale it to large state-spaces [Foer-
ster et al. 2019]. Here, public belief utilises knowledge common to all agents to infer
their private information. This conditioning process on public features enables agents
to consider the potential actions of their counterparts, leveraging the shared informa-
tion among all agents. As a result, agents can adapt their actions more effectively in
response to the anticipated behaviours of others. This consideration is done for each
agent; importantly, every agent can compute this independently, and they will come to
the same result. The reason why each agent arrives at the same result is that they all
condition their private belief on the same public belief, which captures the collective
knowledge of all agents about the environment and is accessible to everyone. BAD
takes the idea of public belief and repurposes it as a third-party agent. The third-party
agent utilises all the observations available to all agents and the public belief to gener-
ate a policy [Foerster et al. 2019]. To this end, it performs a deterministic mapping of
an agent’s private observation to an action only they can access. In particular, this is
achieved by letting the central third-party agent select a policy for an agent based on
the belief and the public features. Formally, the public belief at time t is represented by
Bt, where Bt = P (fprivate

t |fpublic
≤t ) with fprivate representing the private information of a

given agent and this is conditioned on all public features that have been seen up until
that point as represented by fpublic

≤t . The exact public belief update for an agent is given
by the following equation:

P (f i
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△
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t ,Bt, f
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t ,

△
π)

, (3.3)

where ui
t represents the action taken by an agent at a given time step t,

△
π represents a

partial policy which maps an agent’s private observation (represented here as f i
t ) to an

action. Although Equation 3.3 provides an exact value for the public belief update, in
practice, this is not feasible except when the state space is small, and hence an approx-
imation for it is used instead [Foerster et al. 2019]. Whilst BAD is capable of emergent
communication protocols (rules which allow the agents to share information with each
other), the algorithm requires handcrafted features as it requires expert knowledge of
the system’s dynamics [Hu and Foerster 2019].

Furthermore, using this third-party agent, which directly controls all other agents, re-
sults in this algorithm being highly centralised as it is incapable of functioning without
the central agent. Lastly, one of the issues with BAD is its poor computational complex-
ity, hence, the creation of SAD.

The algorithm also addresses one of the weaknesses with Bayesian methods, namely
that they require expert domain knowledge to construct valuable features. Bayesian
methods are generally not capable of computing exact updates in MARL given the com-
plexity of certain circumstances [Strens 2000; Duan et al. 2016]. A potential circum-
stance where Bayesian methods may not be viable are when the domains are complex,
such as high dimensional state spaces like visual input, in which case function approx-
imators may be more desirable. One of the ways this is addressed is by incorporating
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domain-specific knowledge which alleviates some of its poor computational complex-
ity [Duan et al. 2016]. The incorporation of domain-specific knowledge to address the
limitations of Bayesian methods presents a challenge as it requires handcrafting fea-
tures, which is not always straightforward. In highly complex or nuanced settings, such
as autonomous driving, determining the necessary features can be difficult, and the vi-
sual input is often complex. Therefore, this algorithm cannot be readily applied in these
cases. SAD addresses some of BAD’s fundamental flaws, such as the computational
complexity of tracking the public belief [Hu and Foerster 2019]. The SAD algorithm
achieves similar goals to BAD via an alternative approach involving information sharing
between agents [Hu and Foerster 2019]. In particular, SAD lets agents take two actions
at each time step, one greedy action and the other an action as determined by its pol-
icy [Hu and Foerster 2019]. The greedy action is deemed best by the agent’s policy and
is perceived to have the greatest estimated Q-value at the current time step [Sutton
and Barto 2018]. The second action is considered to be the exploratory action [Sut-
ton and Barto 2018], which is executed by the environment [Hu and Foerster 2019].
SAD simplifies the computational complexity of public belief by using memory (in the
form of RNNs) to implicitly learn the distribution of Markov states given the history of
action-observations [Hu and Foerster 2019]. Another component of SAD is that it uses
a recurrent DQN with a prioritised distributed experience replay buffer inspired by Schaul
et al. [2015], Horgan et al. [2018] and Kapturowski et al. [2019]. The distributed na-
ture of the buffer means that the data is generated by multiple working agents, which
are actors that run the agent’s policy in each of the actors’ own environments [Horgan
et al. 2018]. The prioritised attribute refers to how the learning agent, which updates
the actors’ policies, samples the most valuable data more often, hence giving that data
priority [Horgan et al. 2018]. Lastly, SAD uses a VDN to decompose the joint action-
value function into individual action-value functions for each agent, which allows for
credit assignment for each agent involved. However, despite SAD’s improvement upon
BAD, some issues still prevent solving our specific problem. In particular, SAD relies
on a centralised critic during training to perform two crucial functions. These are the
sharing of the greedy action, the agent’s chosen action, and the VDN. In a fully de-
centralised setting, it may be possible that agents receive different rewards whilst still
cooperating. In such a scenario, unless the agent could communicate with us at each
time step what their reward and local observation was, it would not be feasible to use a
VDN. This issue arises from the fact that VDN still requires this information and would
need to communicate information to account for the lack of centralisation. Since com-
munication itself is somewhat prohibitive, scenarios exist where we would not be able
to share this information due to bandwidth constraints. Lastly, the experience replay
method has stability issues in MARL as the environment becomes non-stationary from
each agent’s perspective as agent training progresses [Lowe et al. 2017].

3.3.2 Fully-decentralised Cooperation

Finally, one potential algorithm which alleviates the requirement of centralisation is
proposed by Jaques et al. [2019]. Here Jaques et al. [2019] have their rewards aug-
mented, similar to work based on curiosity-driven learning [Schmidhuber 2010; Pathak
et al. 2017]. In curiosity-driven learning, agents typically model their environment us-
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ing modules dedicated to learning the dynamics (what effect an action will have on the
environment) and the inverse dynamics (what action did the agent take to change the
observation from zt to zt+1) [Pathak et al. 2017]. This helps the agent explore areas
where the modules’ predictions are incorrect and hence, potentially not fully explored.
This is focused on learning what the agent can directly control [Pathak et al. 2017].
Instead, Jaques et al. [2019] attempt to mimic social learning, which many consider
one of the reasons humans can coordinate and operate at a large scale [Herrmann et
al. 2007; Van Schaik and Burkart 2011; Harari 2014; Fernandes and BF 2017]. The
fundamental idea in social learning relates to how humans do not only learn from their
own actions; instead, we learn by observing others [Bandura 1977]. Furthermore, this
method is more applicable to novel settings compared to prior works [Sequeira et al.
2011; Peysakhovich and Lerer 2017; Hughes et al. 2018; Jaques et al. 2019] due to its
use of learned features rather than hand-crafted ones. An essential part of social influ-
ence is providing agents with a reward for having causal influence on another agent.
Here, causal influence refers to how one agent impacted another agent’s behaviour,
and it is determined using counterfactual reasoning, the same concept that COMA
utilises [Foerster et al. 2018; Jaques et al. 2019]. Counterfactual reasoning instead
is computed by simulating what effect the agent would have by taking other actions at
that time step instead of the actual chosen action [Jaques et al. 2019]. This influence
is rewarded at each time step. Influence is an additional reward to the environment’s
reward at each time step. The weight for each of these rewards is a hyperparameter.
The causal reward for an agent at a given time step t is given by:

cit =
N∑

j=0,j ̸=i

KL
(
p(ajt |ait, zit)∥p(a

j
t |z

j
t )
)
, (3.4)

where KL represents the KL divergence, j and i represent two separate agents. It is
noteworthy that other metrics that measure divergence are applicable [Jaques et al.
2019].

Here Jaques et al. [2019] achieve notably high performance in Sequential Social Dilem-
mas (SSDs) [Leibo et al. 2017]; these are multi-agent games that are partially observ-
able as well as spatially and temporally extended. In these SSDs, Jaques et al. [2019]’s
agents’ performance is noteworthy as they face a challenging cooperative task where
they can choose to defect and act greedily over the short term, giving them immediate
rewards [Jaques et al. 2019]. However, if all agents do cooperate, then the overall
reward for each individual agent will be higher [Jaques et al. 2019].

Whilst in Equation 3.4, the counterfactual reasoning requires us to know how the target
agent (the one whose response we are modelling) would react to each of our poten-
tial actions given the current observation, this introduces a small issue. Namely, that
to accurately know these values, we would need centralisation. However, Jaques et
al. [2019] propose to overcome this by using an internal module that models other
agents using a neural network with LSTM layers. This internal module can instead
calculate the counterfactual, overcoming the need for centralisation. The module fits
into a subset of work surrounding the “Machine” Theory of the Mind [Botvinick et al.
2017; Rabinowitz et al. 2018]. One of the seminal works in the original Theory of
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Mind was a work in cognitive sciences, particularly in Chimpanzees by Premack and
Woodruff [1978]. The fundamental idea in this work is whether animals (specifically
Chimpanzees) can reason about complex systems, and make predictions about the be-
haviour of others. In this case, it refers to the ability to reason over states that are
not directly observable and leverage this to make predictions about the behaviours of
others [Ng et al. 2000; Baker et al. 2011 2017]. The Machine Theory of Mind refers
to agents performing a similar task [Rabinowitz et al. 2018]. Here, work such as that
of Rabinowitz et al. [2018] attempt to do so by having an observer learn how to au-
tonomously model other agents and their behaviours using limited data.

Despite Jaques et al. [2019]’s approach addressing the need for decentralised tech-
niques and methods which are not hand-crafted there is a critical problem. Namely, we
may have scenarios where there are multiple agents we wish to influence, and we may
find that our agent focuses more on influencing others than solving the task at hand.
Whilst this issue can be remedied by lowering the coefficient for the causal influence
reward it may be that our agents do need to influence others. However, which agent
to influence and how to exclusively target them is a significant issue. Furthermore, this
approach only works for cooperative settings as we would not want to be rewarded for
helping to influence our opponent’s actions in a competitive setting in case this may
benefit competitor agents. This aversion to rewarding influence is similar to curiosity-
driven learning, the additional reward is an auxiliary reward and not necessarily the
goal we have in our environment [Pathak et al. 2017]. Therefore, due to this high
degree of modelling and the need to acknowledge the competitive case, we seek other
methods to solve our problem.

3.4 General-sum Algorithms and Competitive Case

We have combined the work on general-sum and competitive algorithms into a single
section, as some general-sum approaches may lead agents to cooperate if it aligns with
their own interests. However, this is not the same as unconditional cooperation, which
can be observed in specific settings like those in the Sequential Social Dilemma paper by
Jaques et al. [2019] or Foerster et al. [2019]’s BAD and Hu and Foerster [2019]’s SAD
methods. Unconditional cooperation in MARL are scenarios where agents cooperate
regardless of their own self-interest. This cooperation can be achieved through explicit
cooperation mechanisms, such as influence rewards, or by using cooperative-focused
algorithms, like BAD and SAD.

3.4.1 Centralised Critic

One algorithm that addresses some prior concerns in Section 3.3 is that of Lowe et al.
[2017]. They develop a method which relies solely on local agent observations and do
not presume any communication between agents. An additional benefit is that it can
operate in cooperative, competitive and mixed-settings. One key component in their
work is that of the centralised action-value function, similar to Equation 3.2. This func-
tion is represented by Qπ

i (x, a
1, a2, . . . , ai, . . . , an), where i represents which agent this

value is for and x is the state information, which in its simplest case is the set of all
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agent observations. Additionally, it takes into account each agent’s action as indicated
by a. Each agent uses this to optimise their objective function. An advantage of this
approach is that each agent learns a separate centralised action-value function; hence
agents can have varying reward structures, which may allow for competition [Lowe et
al. 2017]. However, a disadvantage of this method is that it is fundamentally designed
with a CTDE framework in mind as it allows for an augmented critic with access to ex-
tra information about other agents’ policies during training. It is possible to relax this
constraint, but it requires explicit modelling of other participating agents’ parameters.
This approach would be challenging and unreliable in our problem given the consis-
tently mentioned non-stationarity involved in MARL [Lowe et al. 2017; Sunehag et al.
2017; Foerster et al. 2017a], which means the agent would condition its policy on a
constantly moving target should the other agent be learning.

3.4.2 Awareness of Others

Alternatively, we have a set of algorithms based on the learning with opponent awareness
(LOLA) framework [Foerster et al. 2017b; Willi et al. 2022; Zhao et al. 2022]. The
original LOLA algorithm integrates similar ideas to Jaques et al. [2019] but does so
more directly. Here, the LOLA agent attempts to influence the other agent, however its
goal is to shape that agent’s learning. This shaping is done via an impact term in its
update and is provided below:

θ1
t+1 = θ1

t + f 1
LOLA(θ

1
t ,θ

2
t ),
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1
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2
t ) = ∇θ1t
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2
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t ,θ
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V 2(θ1

t ,θ
2
t ) · δη.

(3.5)

Here θ1 and θ2 represent agent one and agent two’s respective parameters, V 1 and
V 2 represents the total discounted reward for each agent as a function of their param-
eters, t represents the time step, δ is the step size for the first order update to this
equation, and η is the second order update to this equation. The second term in this
function represents the impact of agent one’s anticipation on agent two’s learning, en-
abling it to account for the effect of its actions on the second agent’s learning. One
of the most significant benefits of this algorithm is that it helps shape the learning of
other agents in the environment by anticipating the other agent’s learning. This is im-
portant as it does not assume that the other agents are just static components of the
environment [Hernandez-Leal et al. 2017; Foerster et al. 2017b]. Hence, LOLA, unlike
other methods, such as those of Zhang and Lesser [2010] does not attempt to learn the
best response to other agents based on their updated policy parameters [Foerster et al.
2017b]. Instead, LOLA attempts to shape the policy update of these other agents with
the explicit goal of maximising its own reward [Foerster et al. 2017b]. Therefore, it
is fair to say that LOLA agents are self-interested and will learn to be cooperative if it
benefits them.

A strong showcase of the effectiveness of MARL comes from the iterated Prisoner’s
Dilemma, which is represented in Table 3.1. Each agent can cooperate or defect in this
game, as represented by C and D, respectively. For this simple game, depending on
the combination of actions each agent took, we ended up at position CC, CD, DC or
DD, where the first letter represents the row and the second represents the column. An
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C D
C (-1,-1) (-3,0)
D (0,-3) (-2,-2)

Table 3.1: This table is a visual representation of Prisoner’s Dilemma. Here C represents
cooperate, D represents defect and each agent can choose one of these two options. The
first reward for each element in the table is for agent one and the second reward is for
agent two.

important concept of Nash-Equilibria defines the optimal strategy each agent should
have [Nash Jr 1950]. In the iterated Prisoner’s Dilemma, there are infinitely many
Nash-Equilibria according to Folk theorem [Myerson 1997]; however, two particular
ones are DD and “tit-for-tat”. Tit-for-tat refers to how each agent will initially cooperate.
Following this, the agents will repeat the other agent’s previous action. For example,
if the agent took a cooperative action (C) in the previous round, then in the following
round, a tit-for-tat agent would also be cooperative. In this case, LOLA is capable of
learning tit-for-tat and cooperative strategies resulting in the best reward from the set
of evaluated approaches in this setting [Foerster et al. 2017b].

Despite the benefits of LOLA, there is one potential issue with its update in Equation 3.5.
This equation assumes that the agent has access to the other agent’s exact parameters.
To remedy this limitation, Foerster et al. [2017b] do something similar to behavioural
cloning [Bowling and Veloso 2002; Ross et al. 2010]. Behaviour cloning refers to map-
ping a set of situations (in our case states) to actions where the goal is to mimic another
agent’s behaviour, for example, when playing a game what actions would a human
player take in the current state [Bowling and Veloso 2002; Kanervisto et al. 2020]. In
this case, Foerster et al. [2017b] attempt to approximate the other agent’s parameters
using Equation 3.6. This instead can be used in Equation 3.5 as a substitute for the
agent’s exact parameters.

θ̂
2
= argmax

θ2

∑
t

log π2
θ(u

2
t |st). (3.6)

Here agent one is approximating the parameters of agent two (represented by θ̂
2
) and

u2
t is the joint action vector for the 2nd agent.

However, there are issues with this algorithm that proximal learning with opponent-
learning (POLA) and consistent learning with opponent-learning awareness (COLA) at-
tempt to address [Willi et al. 2022; Zhao et al. 2022]. LOLA does not assume other
agents may be modelling the LOLA agent similarly to how LOLA models them [Willi et
al. 2022]. Therefore, the other agent may also be able to influence LOLA, which may
create additional complexity as multi-level reasoning would be required to deal with
how agents may continue to model each other. Willi et al. [2022] state that there is
still some non-stationarity with LOLA as it is not able to achieve stable fixed points.
Similarly, COLA cannot achieve stable fixed points either. Whilst COLA does propose
an alternative update function to LOLA, it assumes access to some key information,
such as the other agents’ rewards, parameters and gradients. Furthermore, Zhao et al.
[2022] note other critical concerns with LOLA, namely that LOLA often fails to learn its
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intended policy when it is parameterised using complex neural networks. Additionally,
Zhao et al. [2022] state that LOLA is not ideal in circumstances where it cannot di-
rectly access other agents’ parameters. One concern with methods that actively model
other agents with extreme depth is that the task will become increasingly complex as
the number of agents increases because the system will need to do complex multi-
objective optimisation. This optimisation may not necessarily be trivial as all agents in
the system learn and respond to each other. Still, the underlying optimisation problem
can be problematic, especially given the non-stationarity common in MARL. There-
fore, approaches that make fewer assumptions and perform minimal modelling will be
desirable and more widely applicable.

3.4.3 Fully Decentralised General-Sum Algorithms

One paper that deals with the same problem as we do is from Albrecht and Ramamoor-
thy [2015]. Here a method for ad hoc coordination is proposed that aims for optimal
flexibility and efficiency. Ad hoc coordination is the idea that the agent must be au-
tonomous and requires no prior coordination. Here this means that the behaviour and
type of agents that an agent is paired with is not known prior to execution. Firstly, there
is no prior agreement in communication protocols. In our fully decentralised approach
also focuses on the idea of no explicit communication. However, this method primarily
relies on modelling using Bayesian techniques. This modelling is seen through the agent
determining whether another agent is a specific type, given its history. This approach
relies on Bayesian approaches. Thus, it would require that we can accurately model the
problem. The modelling can focus on various components, such as the environment
or a distribution over agent types or other agent’s parameters (such as their neural
networks’ parameters) [Albrecht and Ramamoorthy 2015; Foerster et al. 2017b 2019].
Bayesian approaches allow us to create detailed and carefully tuned pre-trained models
for a given task. However, the approach is limiting in some regards, specifically that we
must know the potential prior distributions of agents and specific actions or potential
state spaces. This approach can be quite limiting as it would have a highly detailed
and large state-space in which tabular methods are not generally applicable. Never-
theless, in reinforcement learning, we can leverage deep learning techniques. Conse-
quently, relying on prior information (or expert domain knowledge of a given problem)
might constrain the method’s applicability, particularly when addressing niche prob-
lems that lack well-established or existing models. For instance, consider a scenario
where agents must collaborate to manage an unknown ecosystem, involving the inter-
actions of numerous species and environmental factors. In this case, traditional models
and domain knowledge might not adequately capture the complexities and intricacies
of the ecosystem, limiting the effectiveness of the Bayesian approach. Adapting to such
novel problems requires flexible algorithms that can learn and evolve without relying
on pre-established models or prior assumptions. In cases where we have novel prob-
lems or tasks, a current method will not exist to model the problem or impart expert
information. Lastly, using handcrafted features can be limiting as we must know what
is essential beforehand to model the problem and use this technique accurately.
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Therefore, while the method is desirable and applicable, there are many circumstances
where it is impractical or prohibitive. Deep learning allows methods in more complex
spaces. It does not require us to explicitly model the problem or pick handcrafted
features. Although these methods are computationally expensive, the benefit is that
deep learning techniques allow for automatic feature extraction and feature discovery
in domains for which a Bayesian model does not currently exist or is challenging to
accurately model. Hence, we draw great inspiration from this method. However, we
wish to expand upon its ideas in a deep multi-agent learning system.

3.5 Model Free RL

Sharing Parameters

Prior work examines how PPO can be improved in a multi-agent setting via simple mod-
ifications and fine-tuning without the need to completely redesign the entire algorithm
[Terry et al. 2022; Yu et al. 2021]. Multi-Agent PPO (MAPPO) is a standard augmen-
tation of PPO that adapts the algorithm to the multi-agent setting [Yu et al. 2021].
Gupta et al. [2017] notes that parameter sharing allows all agents to have the same
parameters for a given policy. This approach allows the policy to use the experience
of all agents concurrently. Currently, non-stationarity is a crucial concern in MARL and
centralised architectures are one way to address this problem [Papoudakis et al. 2019].
Some methods such as those of Gupta et al. [2017] and Chu and Ye [2017] utilise this
technique in cooperative tasks. However, Terry et al. [2022] notes that full parameter
sharing is considered an extreme case of centralisation. Full parameter sharing implies
that all agents share a single network for their policy function [Terry et al. 2022]. Terry
et al. [2022] illustrates how it helps to improve performance without necessarily chang-
ing the underlying algorithm. Sharing can be achieved by using a single critic alongside
one or multiple actor networks.

Modifying PPO

Coordinated PPO (CoPPO) Wu et al. [2021] builds upon MAPPO and extends it using
adaptive step sizes. This modification can allow the algorithm to outperform certain
standard MARL benchmarks. Lastly, Terry et al. [2020b] illustrates that parameter
sharing is a successful approach in environments where agents are not identical and
differ regarding their action space, observation space, or both. However, all the above
approaches require some centralisation, often during training (such as the CTDE meth-
ods) or throughout the entire process. Despite this, centralisation may not always
be possible in real-world scenarios; fully-decentralised methods may be preferable in
certain settings [Zhang et al. 2021]. Furthermore, the fully-centralised case also suf-
fers from scalability issues when we have many agents interacting [Gupta et al. 2017;
Hernandez-Leal et al. 2019]. We instead aim to improve the performance of fully-
decentralised PPO in fully-cooperative MARL.
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3.6 Entropy Regularisation

Current Use of Entropy

Entropy regularisation (ER) is a commonly used method in RL, which assists agents in
their exploration process [Schulman et al. 2017ba; Ahmed et al. 2019]. By adding an
entropy term to the objective function, ER prevents agents from becoming deterministic
prematurely and encourages a more diverse set of actions. This is important because
exploration is crucial for finding good, or potentially optimal policies. If the set of sam-
pled state-action pairs is not diverse enough, the agent may converge to a suboptimal
policy [Ahmed et al. 2019]. The emphasis on diverse actions is particularly pertinent
in the realm of Deep Reinforcement Learning. Here, the reliance on gradient-based
optimization means we can’t simply direct the agent to select a particular action, as
doing so would deprive us of meaningful gradients. The lack of these gradients would
impede the agent’s learning, making techniques like ER essential.

Ahmed et al. [2019] illustrate that in stochastic environments, ER can create better
objective functions to optimise, leading to higher entropy policies that enable a more
rapid learning process and potentially better final rewards. Furthermore, ER helps
create more stochastic policies, which generally have smoother objective landscapes
and are beneficial in policy optimisation [Ahmed et al. 2019; Zhou et al. 2020]. The
main definition of entropy used when performing ER is Shannon entropy [Shannon
1948], denoted as:

H(π(ai|zi)) = −
∑
d

p(aid) log(p(a
i
d)), (3.7)

where aid represents an action that agent i can take, with p(aid) representing its corre-
sponding probability, and summed over all possible actions. π represents the policy of
the agent in a given state z. Generally, this term has a coefficient represented using λ
or β, which weighs the importance of ER in the objective function [Mnih et al. 2016;
Lowe et al. 2017; Zhou et al. 2020].

Modifying Entropy

The original outline of this approach was introduced by Williams and Peng [1991] in
the form of entropy maximisation. The goal of entropy maximisation was to prevent
the agent from converging to a single chosen output [Williams and Peng 1991]. This
refers to the case when the agent selects a single action for a given state continuously,
before taking exploratory actions that may be beneficial. Thus, it prevents the agent
from becoming deterministic early on, and during the training of the agent. Preventing
determinism is often desirable for reasons outlined at the start of Section 3.6. However,
one effect of this entropy is that the agent’s network sacrifices some performance to
achieve greater entropy by continuing its exploration. It has continued to see use in
modern RL due to the desirability of encouraging agents to explore.

A common method that typically uses standard Shannon entropy is that of maximum
entropy RL (MaxEnt RL). Others have used this approach, and a common reason for it
is the robustness that it can allow for [Ziebart et al. 2008; Toussaint 2009; Haarnoja
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et al. 2018]. This approach may help improve exploration and robustness for agents,
as indicated by Ziebart [2010] and Haarnoja et al. [2017] showing that this approach
may be robust to model estimation errors. Here, model estimation error refers to the
discrepancies between the model used by an agent and the real environment which it
functions in, and this can degrade agent performance when the estimation error is high.
We have one crucial concern, namely, the diversity of their actions themselves may be
too noisy for MARL. As stated by Haarnoja et al. [2018], the agents aim to maximise
their expected rewards and their entropy, aiming to succeed at a task whilst acting as
randomly as possible. This is not necessarily negative in single-agent RL, as agents are
in essence, encouraged to explore more widely but not to continue in suboptimal ar-
eas [Haarnoja et al. 2018]. This approach has been incorporated into MARL by authors
such as Xing et al. [2021] who use a similar concept to generate teammates with a wide
range of behaviours and varying degrees of stochasticity in their policy. Whilst Xing et
al. [2021] motivate the use of this method for generating teammates to pre-train with,
our focus is instead on having agents learn simultaneously in the same environment.
However, in our case, the goal of MaxEnt RL may not be suitable in fully-decentralised
MARL. In fully-decentralised MARL, we already suffer from non-stationarity. Whilst
our agents may already be selecting a diverse set of actions due to the encouragement
from entropy, this entropy, though rewarding for a broader range of actions, also com-
plicates coordination. This is because agents are not always incentivised to choose the
most optimal action. Therefore, this motivates that augmenting the role of entropy or
modifying the ER function may be desirable. In our particular case, this would be less
diverse and possibly “random” actions with more certain and “reliable” actions. In this
context, “random” refers to actions predominantly driven by the incentive to explore a
broader variety of actions. In contrast, “reliable” denotes actions where probabilities
are more focused around specific, consistent choices, leading to a less diverse action
set.

One prominent algorithm which leverages a modified ER function is learning implicit
credit assignment (LICA) [Zhou et al. 2020]. This method uses a centralised training
regime and performs well in fully cooperative settings. Importantly, LICA uses an al-
ternative entropy regularisation term called adaptive entropy loss (ADE) [Zhou et al.
2020]. The ADE function is formulated as:

ADE = −ξ · logp
j
d + 1

H(pj)
. (3.8)

Here, j is the agent, and d represents the action taken; thus pj is the set of probabilities
of each action that agent j can take with pjd being the probability agent j takes action d.
Lastly, ξ represents the coefficient of the entropy term. Generally, the objective function
for the agent is given by:

J(θ) = E[Qπ
ϕ(st, ut)] + ξS, (3.9)

where Qπ
ϕ(st, ut) represents the joint value function for the agents and is equal to the

expected return of the discounted cumulative rewards over the finite time horizon.
Furthermore, S represents the entropy term in a generalised form, given that there
exist multiple methods to measure entropy. In this equation t represents the current
time step of the agent, ut represents the set of actions the agents took and θj represents
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the parameters of agent j’s policy network. In the second term, S in this equation is for
ER and could be based on Shannon entropy, ADE or a custom approach. This entropy
term can be weighted with coefficient ξ that can be fine-tuned.

Building on our previous discussion of how entropy influences the policy and action
selection of an agent, we now aim to explore its repurposing in a fully-decentralised
setting. Whilst many methods integrate or use entropy to encourage exploration, and
hence, prevent agents from becoming too deterministic, we propose an alternative use
of entropy. Specifically, if we discourage entropy by penalising it rather than reward-
ing it, we could encourage agents to be more deterministic. This alternative of a more
deterministic agent may be undesirable when agents have complete control of an en-
vironment, such as when one central controller controls all individual agents, or if a
single agent exists and is the only learning agent in an environment. However, when
there are multiple agents also learning and acting independently, this encouragement of
a more deterministic, and hence, more “reliable” agent may be desirable. Therefore, we
propose to re-examine the role entropy could have for an agent in fully-decentralised
MARL. We provide greater detail and our reasoning for this approach in Chapter 4.

3.7 Summary

In conclusion, we have reviewed various methods for MARL. While some exist that can
operate fully-decentralised, they often require exchanging information or modelling
opponents. We have identified a gap in the literature for methods that can perform
in fully-decentralised MARL while relying on something other than opponent mod-
elling. To address this gap, we propose modifying the role of entropy and leveraging
non-stationarity to our advantage, allowing each agent to act independently without
requiring centralised information exchange. We believe this approach is novel and has
the potential to yield significant benefits. In the next chapter, we explain our reasoning
in-depth and describe our proposed method.
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Chapter 4

Methodology

Considering that adjusting entropy levels can affect agent behaviour, we propose a
method that incorporates entropy for an entirely different purpose. It should be em-
phasised that entropy adjustments can be applied individually to each agent, enabling
modifications to their learning behaviour, which can change the way agents are en-
couraged to act during learning to provide outcomes that might be more desirable than
promoting individual exploration. As a result, the method we present can be imple-
mented separately for each agent during training, eliminating the need for additional
modelling of other agents in the system. Furthermore, since our approach uses neural
networks to perform function approximation, it can be effectively applied to various
tasks with high-dimensional state spaces.

We break down our methodology in the following manner. In Section 4.1, we provide
an example of a case where having lower entropy may be desirable in a multi-agent
setting. By lower entropy, we mean that exploration might not necessarily be carried
out by individual agents as it is done in single-agent RL. Instead, each agent, by acting
stochastically during the learning process, already induces some exploration, which,
compounded by other agents doing the same, may already create sufficient exploration.
Following this, in Section 4.2, we discuss the problem of non-stationarity, link entropy
to this problem, and explain how this may help address this issue. Inspired by Shannon
entropy, we introduce an alternative way of measuring entropy for our agents. Finally,
in Section 4.3, we illustrate how we incorporate the various methods and provide their
objective functions. We conclude this chapter by demonstrating the pseudocode for our
approach.

4.1 Motivating Example

To illustrate why we may want agents to take less diverse actions, we consider the
following practical example. Suppose someone is playing a football game, and there
are only three minutes left before the match ends. Let us focus on one specific player
who is currently in possession of the ball and is near but not close to the opposing
team’s goalpost. There is a slight chance they are able to score as the opposing team
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changes their focus to them as they quickly converge on the player. The distance from
them to the goalpost is not near enough for them to make the shot reliably. However,
there is a teammate nearby. They are watching their teammate as they plan their next
move. Their teammate is currently open, and they can kick the ball to them, scoring
their team the winning point of the game. In this situation, this player can continue
to try and score, which may be risky as all opposing players are currently surrounding
them, or they can kick the ball to their friend. Here our agent is relying on their
teammate to make a good decision and not to act randomly, as when they kick the ball,
they hope their ally will receive it and then score. Figure 4.1 illustrates one of their
essential concerns for making this decision. If their teammate was a reliable agent,
then they would be more confident that they would take a specific action given the
current circumstance. For example, they are more likely to stay still and receive the ball,
or they are more likely to continue moving forward to the opposing team’s goalposts.
However, if they were an unreliable agent, their teammate may do something entirely
unanticipated, such as turning around and returning to their team’s goalpost. This
example illustrates why we might want to have more certain agents. This certainty or
reliability makes the agent more predictable; hence, in a cooperative setting, they are
potentially a more helpful teammate in certain scenarios. Furthermore, as the agents
become more certain about their actions, they may alleviate the non-stationarity.

Figure 4.1: Here we have two agents. One agent is an entropy-shunning agent repre-
sented on the right, which attempts to become more certain. The other agent on the
left is an entropy embracing agent, which seeks to take more diverse actions. The prob-
ability distributions in the background provide a visual example of how their current
policy may appear for a given state.

4.2 Handling Non-Stationarity

4.2.1 Non-Stationarity and Entropy

It is well known that the MARL domain, particularly the fully-decentralised case, suffers
from non-stationarity [Hernandez-Leal et al. 2017; Papoudakis et al. 2019; Terry et al.
2022]. Current entropy regularisation methods perform well in single-agent RL due to
the increase in exploration. However, in MARL, an alternative approach may be more
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suitable given the inherent non-stationarity of this setting. Typically, as Equation 3.9
illustrates, entropy is an additive term, with entropy encouraging exploration [Mnih
et al. 2016; Schulman et al. 2017b; Lowe et al. 2017; Zhou et al. 2020; Terry et al.
2022 2020b; Yu et al. 2021]. Instead of encouraging exploration, which may lead to
more random actions that could potentially make an agent’s partner seem unreliable we
propose to do something different. We incentivise agents to minimise entropy, which
makes them more reliable as they seek to increase the likelihood of certain actions.
This growth refers to how the agent is incentivised in its objective function to increase
the probability of certain actions by decreasing the probability of others. This therefore
makes these agents likely to be better teammates as they will not be as likely to take ex-
ploratory actions, which may exacerbate the non-stationarity. This makes these agents
less susceptible to the inherent non-stationarity in MARL.

4.2.2 Repurposing Entropy

Traditionally, entropy regularisation is used to encourage agents to take a more diverse
set of actions, especially when they control the environment. This diversity is beneficial
as the cause and effect of actions become more apparent, whether the environment
changes due to the agents’ actions themselves or because of potential stochastic events
that define the environment.” However, when other agents replicate this behaviour in
MARL, this may lead agents to be misguided about the cause and effect of their actions,
as the outcome of their actions could be due to the joint action of multiple agents rather
than their own individual action. Therefore, we seek to evaluate whether encouraging
this behaviour or penalising agents for it (which is counter to the current approach) is
beneficial.

We propose to use the term entropy-embracing to refer to agents that are rewarded
for exploration, resulting in a more uniform distribution of actions. Alternative to these
embracing agents are entropy-shunning agents. We provide a simple visual in Figure 4.1
as an illustration of these two approaches. These agents get penalised for exploration
and seek to be more deterministic over time and hence, are more reliable. To do this,
we subtract the entropy regularisation term (as seen in Equation 3.9) rather than add
it. These entropy-shunning agents gradually become more reliable, as they receive
a penalty proportional to the low probability of their chosen actions. This penalty
encourages them to increase the probability of other actions, making their behaviour
more predictable and consistent. Although there may be situations where this approach
is less desirable than the alternative, we believe that fully-decentralised MARL environ-
ments already exhibit sufficient randomness to allow for our proposed approach. Our
motivation for this approach is that (in contrast to many single agent RL environments)
MARL environments already exhibit enough randomness. This is due to the nature of
MARL, where the agents already sample from stochastic or continually adapting poli-
cies, which we argue are sufficient for exploration. Therefore, given the elevated levels
of non-stationarity in MARL, reducing the entropy, which leads to slightly less stochastic
agents may be a potentially beneficial alternative. We demonstrate our alternative ap-
proach using two methods, these are ADE(neg) and RECO(neg) which have the entropy
regularisation term subtracted – as represented by the label (neg).
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Figure 4.2: A visualisation of the effect the probability of an action has on the entropy
for each of the ER approaches. Here the y-axis represents the reward the entropy
regularisation adds to the reward at each time step should the agent take the action
with the given probability, as shown on the x-axis.

4.2.3 An Alternative Measure

We introduce a simple and naive alternative called reliability coercion (RECO). RECO
represents a simple augmentation that rewards agents for taking unlikely actions and
would make the agent entropy-embracing. It is similar in purpose to Shannon entropy
and ADE but calculated differently. We use this form to demonstrate a similar but
alternative design approach to the current approach. The equation of RECO is given
as:

RECO(π(ai|zi)) = ξ ·
∑

y p(ay)
2

p(ad)
. (4.1)

For agent i, the probability of a given action ay is represented by p(ay), which is summed
over all potential actions (as indexed by y) that the agent could take at a specific time
step. The probability of the action that the agent actually took is represented by p(ad),
and the coefficient ξ is used to weight the importance of this term.

We motivate the design of the simple RECO term using Figure 4.2 and a straightforward
example. In this example, we make one action increasingly likely. Therefore, we begin
by assigning a probability near zero (but not zero) to an action, and then gradually
increase the probability of that action, while uniformly decreasing the probabilities of
all other actions. We do this to demonstrate what happens should the agent take the
most likely action or an exploration action. This graph assumes that an agent has
access to six potential actions. Initially, all actions are equally likely. However, we wish
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to increase the likelihood of a specific action denoted as d. We increase the likelihood
of action d by decreasing the probability of every other action equally. In the example
where one action is made increasingly likely, the reward of selecting that action as
its probability increases does not significantly change after a certain point, as shown
in Figure 4.2. This figure illustrates the effect of the probability of an action on the
entropy for each of the entropy regularisation approaches. The y-axis represents the
reward that the entropy regularisation adds to the reward at each time step if the agent
takes the action with the given probability, as shown on the x-axis. However, should we
choose one of the other less likely actions, we see a significant increase in the reward as
the action becomes increasingly unlikely. Lastly, we create RECO(neg) by subtracting
this reward instead of adding it. This subtraction creates a second entropy-shunning
agent to demonstrate our alternative approach.

4.3 Modifying PPO

When modifying PPO, we modify the agents using the single case version outlined
in the background, in Section 2.2.5. We do this as each of the agents are treated
independently, as we focus on the fully-decentralised case. We make some alterations to
all entropy (therefore this excludes the base approach) approaches when applying them
to PPO. We restrict the range of the RECO-based and the ADE(neg) terms to prevent
the network from encountering exploding gradients in its updates. In particular, this
restriction is performed on the entropy generated during policy roll-out and policy
evaluation. This technique, similar to Pytorch’s clipping, ensures that the values do
not go out of a specific range, and we refer to this as clamping. These modifications
are essential as they prevent losses from causing the network to explode due to large
updates. In particular, the modified components are the surrogate objective function
(LCLIP

t (θ)) and the additional entropy term. Here, LCLIP
t (θ) is modified by adding

entropy from policy rollout to the log probabilities. This particular modification is
detailed in Algorithm 2, and we denote this modified version using L∗

t (θ), however
we explain what the necessary modifications are. We use an additional entropy term
as outlined in Sections 2 and 3, which is added as the term Ω as the agent interacts
with the environment (line 20 in Algorithm 2). We add Ω to the objective function
in Equation 4.2. Additionally, this term is accumulated during the agents’ training
– indicated in line 7. This term serves as additional entropy and slightly modifies
Equation 4.2.

Lt(θ) = Êt[L
CLIP
t (θ)− c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st)] (4.2)

Furthermore, before this additional entropy gets accumulated we add the entropy term
to the agent’s log probabilities during policy rollout (line 8 in Algorithm 2). When
providing the various approaches and their objective functions, we exclude a negative
version Shannon entropy. This exclusion is because ADE as Zhou et al. [2020] state that
the common form of entropy regularisation (Shannon entropy) is undesirable given its
properties of its derivative. Instead, ADE achieves the same goals as Shannon entropy
but allows for a more dynamic and robust, and it may maintain a smoother objective
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landscape, which as Ahmed et al. [2019] demonstrate is a highly desirable property.
Below we provide the objective function for each of our methods.

• Base PPO

Lbase
t (θ) = Êt[Lt(θ)− c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st)] (4.3)

• PPO using Shannon Entropy

LShannon
t (θ) = Êt[L

∗
t (θ)− c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st)− ξ ·

∑
y

p(ay) log(p(ay))]

(4.4)

• PPO using ADE

LADE
t (θ) = Êt[L

∗
t (θ)− c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st)− ξ · logpd + 1

H(p)
] (4.5)

• PPO using ADE(neg)

L
ADE(neg)
t (θ) = Ê∗

t [L
∗
t (θ)− c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st) + clip(ξ · logpd + 1

H(p)
, κ)]

(4.6)

• PPO using RECO

LRECO
t (θ) = Ê∗

t [L
∗
t (θ)− c1(Vθ(st)− V targ

t )
2
+ c2S{πθ}(st) + clip(ξ ·

∑
y p(ay)

2

p(ad)
, κ)]

(4.7)

• PPO using RECO(neg)

L
RECO(neg)
t (θ) = Ê∗

t [L
∗
t (θ)−c1(Vθ(st)− V targ

t )
2
+c2S{πθ}(st)−clip(ξ ·

∑
y p(ay)

2

p(ad)
, κ)]

(4.8)

Here, we illustrate which methods make use of a modified surrogate function by indi-
cating it with red, and we indicate each additional loss function in blue. For each agent
j, the probability of taking action ay is represented by p(ay), where y indexes the set
of potential actions available to the agent. Additionally, ad represents the action that is
actually chosen by the agent during that step, and hence p(ad) represents the probabil-
ity of this action. During policy rollout (lines 3 and 4 in Algorithm 2), the agent stores
the log probability of its actions as a vector for each parallel actor at each time step.
In the case of our modified PPO algorithm, we modify this by adding Ω however, for
the base PPO algorithm we do not add this. Furthermore, methods which require any
clipping have clip in their equation. How we store the running entropy, add entropy
to the log probability buffer and clip the additional entropy, is illustrated clearly in Al-
gorithm 2. The pseudocode outlines how our methods and baselines can be integrated
into the PPO algorithm by specifying the necessary modifications and their location. To
improve clarity, we have highlighted these components in colour.
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Algorithm 2 Modified PPO Algorithm
Input: ξ, num updates, num steps, batch size,minibatch size

1: Ω = 0
2: Initialise agent buffers with size of number of steps the agent will take during

policy rollout
3: for update=1,2,. . . ,num updates do
4: for step=0,1,. . . ,num steps− 1 do
5: for actor=0,1,. . . ,N − 1 do
6: Collect log probabilities of actions, entropy, value estimate and additional

entropy (ζ) as policy πθ runs in environment for T time steps
7: Ω += ξ × ζ # accumulate additional entropy
8: logprobs[step]× Ω # use this entropy in the surrogate objective function
9: Compute advantage estimates Â1, . . . , ÂT

10: end for
11: end for
12: for epoch=0,1,. . . ,num epochs− 1 do
13: base = Ω
14: for i=0,1,. . . ,batch size, with step size minibatch size do
15: Ω = base
16: newlogprob, entropy, newvalue, ζ = get value(agent’s past actions) # col-

lect default entropy
17: calculate value loss
18: base = ζ × ξ # use updated base for objective function
19: calculate policy loss (pg loss) before optimising
20: pg loss += base # additional entropy on top of the standard entropy
21: end for
22: end for
23: end for

4.4 Summary

In conclusion, we have introduced an alternative approach that deviates from the cur-
rent standard by aiming to penalise and minimise entropy instead of promoting it,
which could lead to agents taking unnecessary actions. The non-stationarity inherent
in MARL (especially in fully-decentralised MARL) may serve as a different and poten-
tially superior source of agent stochasticity. This approach enables us to adjust agents
without making any additional assumptions, such as access to other agents’ parame-
ters or efforts to model them. The primary limitation of this method, as discussed in
Chapter 5, is its potential efficacy only in situations with dense rewards, as the non-
stationarity might not suffice for exploration when rewards are sparse. In the next
chapter, we detail our experimental setup.
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Chapter 5

Experimental Setup

In this chapter we discuss the setup of the various experiments. In Section 5.1, we detail
what attributes we need to showcase in the cooperative case, and we provide a set of
environments that capture these desired features. Then in Section 5.2, we discuss what
properties for each of the environments we would need in a competitive setting, and
we provide environments which capture these. We examine these two cases separately
to evaluate the potential benefits and limitations of our approach, as reliability may
be beneficial when working with a teammate. However, this reliability in behaviour
can become a liability, as it makes an agent more predictable. An opposing agent may
find it easier to plan against actions that follow a consistent pattern, potentially turning
an advantage into a disadvantage. Finally, in Section 5.5, we detail the underlying
hyperparameters for each of our various approaches.

5.1 Cooperative Case

The cooperative setting is our primary concern. This setting enables us to determine
whether our proposed entropy-averse agents are more adept at collaborating than
entropy-embracing agents in completing the given tasks. If agents are able to over-
come the non-stationarity, they should have a better chance at performing well and
constructing policies that implicitly take the other into account.

5.1.1 Environments

To demonstrate the difference between entropy-embracing agents and entropy-shunning
agents, we need three components.

Coordination Firstly, we need a benchmark environment that requires navigation in
a coordinated manner between agents. In real world tasks agents need to be able to
navigate environments, whilst avoiding collision with other moving agents. To this end,
we first consider the widely-used environment of Simple Spread [Lowe et al. 2017; Yu
et al. 2021]. Here, agents must reach a set of two landmarks, but they are penalised
if they collide. The agents are rewarded based on how far the closest agent is to each
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landmark (i.e. the agent with the minimum sum of its distance to each landmark).
Agents can move in the four cardinal directions or take no action (stay still). An agent’s
observation consists of their velocity, their position, relative distance to the landmarks
and the relative position of the other agent. A visual for this environment is given in
Figure 5.1a.

(a) A frame of the start of a game of Sim-
ple Spread. In this game the number of
agents can vary (here there are three) and
they are represented by the lilac circles.
The landmarks that the agents must reach
are represented by the black dots. We
have placed a border around the game for
clearer visual reasons.

(b) A frame to illustrate the starting setup
of a game of Space Invaders. Here walls,
which block shots, are represented in or-
ange. These walls break as bullets hit
them. Above the walls are the enemy
agents which occasionally drop bombs as
they move downwards in a zigzag fash-
ion. At the bottom are the two cooperating
agents (yellow and green) which must kill
the enemies.

(c) This is a visual of the start of a game
of Cooperative Pong. Here the two hetero-
geneous agents are on the left and right-
hand side of the screen. The ball that they
must continue to bounce between them is
the square in the middle.

Figure 5.1: Cooperative Environments

Moving Agent Problem Secondly, we require an environment that demonstrates agent
reliability and exhibits the “moving agent” problem to a greater extent. We recall that
the moving agent problem mentioned in Section 3.4 refers to when one agent condi-
tions its policy on another agent which is still learning and changing its policy. Thus,
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we use Space Invaders since if one of the agents dies, both of the agents lose a life,
and the game resets. The agents’ objective is to eliminate all the enemies that zigzag
down from the top of the board. The enemies are organised in multiple rows and drop
bombs that can kill either of the agents. The game ends if the agents lose all three of
their shared lives or if the enemies reach the bottom of the board. To ensure consis-
tency with Mnih et al. [2016], we also clip rewards to the range of [−1, 1]. There are
five actions available to the agents in this game: stay still, fire, move up, move right,
move left, and move down. These actions are defined by the PettingZoo library. Agents
are required to learn when they are responsible for prematurely terminating the game,
avoid it, and at the same time, be a useful teammate by learning their own policy to
help achieve more rewards. Furthermore, both agents rely on each other not to end the
game prematurely for them to perform well. We provide an illustration of this game in
Figure 5.1b.

Heterogeneous Control Finally, we need an environment where not all agents are
the same and requires heterogeneous agents to coordinate to perform well. To do this,
we use Cooperative Pong as the agents are heterogeneous, with one agent similar to
the Atari Pong agent and the other a triangle. The goal of this game is to keep the
ball going for as long as possible, which corresponds to the maximum number of steps
achievable. The game concludes when the ball goes out of bounds on either the left
or right edge of the screen. At the start of each environment reset, the ball may begin
moving either left or right. For both agents, they have the option to move up or down.
We give a reference frame of this game in Figure 5.1c.

5.1.2 Environment Settings and Observation Modifications

We demonstrate the performance of our agents in these environments, running our
agents over twenty different seeds and reporting the performance using 95% confi-
dence intervals. The specific implementations of each of these environments come
from PettingZoo1. PettingZoo is a library for MARL environments [Terry et al. 2021],
and we used the environment wrapper SuperSuit [Terry et al. 2020a]2. For all the set-
tings, we only use two agents. We used frame stacking3, and stacked four frames in
all domains with all environments vectorised. The environments and their maximum
number of steps are listed below, with any specific changes noted.

1. Simple Spread: In this environment, we employ two agents and utilise version
2. The observation space comprises a vector that includes the agent’s position,
velocity, the other agent’s relative position and velocity, and the relative position
of landmarks. The discrete action space allows the agent to move in one of the

1https://pettingzoo.farama.org/
2https://github.com/Farama-Foundation/SuperSuit
3Frame stacking is when observations are concatenated, such that the last n number of observations

are in the input. Framestacking effectively forms a moving window of the game, and hence, can be
considered somewhat a form of “memory” and motion.
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four cardinal directions or remain stationary. This experiment runs for 25 million
steps, and we apply the same reward clipping used in Space Invaders.

2. Space Invaders: Space Invaders: In this setting, we utilise observations based on
the Atari game’s simulated RAM, which is structured as 1024 bits in the virtual
memory of the Atari console. This RAM observation provides insights into the in-
ternal states and dynamics of the game environment beyond mere visual frames.
We adopted a frame skip strategy of four, mirroring the technique in Mnih et al.
[2015], and implemented reward clipping within the range [−1, 1], using version
2. The experiment was carried out over 40 million steps. To aid in the normal-
isation process, we scaled the RAM observation values by dividing them by 255,
since the values range from 0 to 255.

3. Cooperative Pong: We resize the observations to 84×84 pixels using only the blue
channel. This experiment ran for 32 million steps. We divide the pixel values by
255 to normalise observations.

In Simple Spread and Cooperative Pong agents receive a team reward as this is the en-
vironment’s reward. However, for Space Invaders, each agent receives a reward based
on their own performance – which can allow for agents to act slightly greedier to the
detriment of the teammate. For example, they can come out of cover and continuously
shoot until the game ends, which will result in the agent losing but achieving a rela-
tively high reward. Although, this is not the maximum reward that they can achieve if
they were to act considering a longer time horizon.

5.2 Competitive Case

To determine whether reliability is a beneficial component in a competitive setting we
compare our entropy-shunning agents and entropy-embracing agents in two compet-
itive environments. We conduct this analysis to investigate whether being reliable is
a disadvantageous trait, as it may make an agent more predictable and vulnerable to
being countered by another agent. An agent with a more exploratory behaviour, on the
other hand, might be more open to taking a variety of actions and would be less easily
modeled by the opposing agent, as this less exploratory agent would be more easily
modelled or its actions in a given state anticipated.

Remaining Flexible It may potentially be possible for agents to perform better if they
are flexible in their action choices by having a flatter probability distribution over their
actions. This flatter distribution would allow an agent to explore more, and potentially
be harder to predict and plan around. This continuation in exploration may allow the
entropy-embracing agent to take advantage of a more decisive agent. Alternatively,
it may be possible that, as one agent finds an optimal strategy that exploring further
and deviating from this strategy is strictly suboptimal. The next section empirically
demonstrates this in the boxing domain. In this game, the agents are in a boxing
ring with the objective of scoring higher than their opponent. Points are awarded for
landing punches, with a long jab worth one point and a close punch worth two points.
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The reward of one agent is the penalty of the other. Lastly, each agent has access to a
diverse set of eighteen different actions. A visual representation of Boxing is given in
Figure 5.2a.

The rationale behind selecting this environment to demonstrate the potential advan-
tages of being more deterministic over taking a variety of actions is deeply rooted in
the essence of multi-agent interactions. With the increasing complexity of MARL tasks,
entropy regularisation plays a pivotal role in defining an agent’s behaviour. Being de-
terministic or having a higher inclination towards specific actions signifies the agent’s
certainty in its policy. On the other hand, maintaining a diverse action set represents a
high level of uncertainty. The question is, which approach leads to better cooperative
or competitive outcomes? Here are the considerations we made:

• If their opponent backs into a corner then you may want to press the advantage as
they are less mobile now, rather than taking an exploratory action, and allowing
them to get into a better position.

• If an agent notices a consistent suboptimal movement they may avoid it, for exam-
ple, being too close to their opponent and instead remaining mobile and attacking
when they come towards them.

• Being flexible and taking various actions could be beneficial as it makes the agent
a less reliable enemy therefore, it is more challenging for another agent to play
against them.

Entropy regularisation in MARL can fine-tune the balance between exploration and
exploitation. While exploration helps in discovering new strategies, there comes a
point in many environments where the agent must solidify its policy to reap maximum
rewards. The aforementioned points emphasise situations where a tempered approach
to entropy can benefit an agent in MARL scenarios.

Contrasting RL Environments The other environment we consider is Pong, which
is illustrated in Figure 5.2b. We choose Pong because it is a widely-used Atari game
that has been used when evaluating RL algorithms. A secondary motivation is that
this environment represents the competitive version of Cooperative Pong. In Pong, the
objective is to score points by hitting a ball past the opponent’s paddle. The player
scores one point if the opponent misses the ball, and the first player to reach 20 points
wins the game. The paddle can move up and down to hit the ball back to the opponent.
However, agents have access to six different actions. A frame from the start of this
game is given in Figure 5.2b

5.2.1 Environment Settings and Observation Modifications

In the competitive setting we also make use of four frame stacking, we used the RAM
observations, and we divided the observation values by 255 to normalise them. Lastly,
the Boxing domain had a total number of 60 million steps, whilst the Pong setting had
40 million steps.
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(a) A visual from the start of the Atari Box-
ing game. Here the two agents are inside
a boxing ring. The two agents are rep-
resented using black and white, and their
respective scores represented at the top in
their corresponding colour.

(b) This is a frame from the Atari game
Pong. Here the two opposing agents are on
the left and right-hand side of the screen,
and their respective scores represented at
the top in their corresponding colour. The
agents compete against each other using
the ball to score which is the square pixel
in the middle.

Figure 5.2: Competitive Environments

5.2.2 Round-Robin Tournament

To evaluate the performance of each agent, we allow different approaches to compete
against one another. This tournament format, in which every approach faces all other
approaches, is known as a Round-Robin tournament. We conduct this to assess the per-
formance of each approach relative to the others. Specifically, we examine the perfor-
mance of an entropy-embracing agent against an entropy-shunning agent. Moreover,
we permit each agent to play in every position to circumvent position bias. Position
bias refers to the potential challenge an agent may face in learning as either the first or
second player. Hence, during each stage of the Round-Robin tournament, every agent
plays as both player one and player two. A more comprehensive explanation of this
experiment is provided in Section 7.1.3.

5.3 Metrics

Before we outline the various metrics we use to analyse the various methods, we intro-
duce a specific method we use in performing some of our calculations. We make use of
an Exponentially Weighted Moving Average (EWMA). This method is commonly used
to help filter out the noise and assists in noise reduction. Given that MARL, by nature,
has a high degree of non-stationarity, we use this to prevent outliers from significantly
influencing our results. Furthermore, we use this method because it can effectively re-
veal overall trends in the inherently non-stationary MARL experiments, while capturing
the dynamics by placing greater emphasis on recent data points. This approach helps
filter out noise and prevents outliers from significantly influencing our results, making
it well-suited for analysing fully-decentralised MARL data. The general formula for this
approach can be represented as such:
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yt =

∑t
k=0 (1− α)krt−k∑t

k=0 (1− α)k
, (5.1)

where rk is the reward at time step k, α represents the smoothing factor, and yt rep-
resents the smoothed reward. In Equation 5.1, we demonstrate this with rewards.
However, this can also be done for the number of steps in an episode. Before calcu-
lating the EWMA for a set of values, we take the mean of the agent’s rewards and
lengths for each episode. For example, we construct the mean reward for an agent’s
tenth episode by taking the average reward that the agent received at the tenth episode
for each of the seeds that the agent was trained on. Using this averaged reward, we
calculate the exponentially weighted moving average. In our particular case, we do this
using α = 7.997 × 10−5, as this demonstrates the performance trend most clearly. Fur-
thermore, using this value for α allows us to dampen the noise that outliers may have
when we demonstrate an agent’s performance. We also use the EWMA to calculate the
standard deviation. This EWMA allows us to accurately demonstrate how much vari-
ation exists in agent performance and allows us to smooth out the standard deviation
to show the general trends effectively. We use the standard deviation and our mean
to calculate each approach’s 95% confidence intervals. These confidence intervals al-
low us to provide statistically significant evidence of our various approaches and their
performance.

The specific metrics we capture are as follows:

1. Agent learning curves: These are overall agent performance in specific environ-
ments. These curves use a smoothing term of α = 7.997×10−5. They demonstrate
an agent’s mean reward for that episode across all seeds. The error bars for these
curves are the 95% confidence intervals. These curves allow us to readily assess
an agent’s learning, their end performance and sample efficiency. We can see
the sample efficiency as the agent learns based on the steepness of the curve and
how quickly (in terms of episodes) it reaches a certain threshold of reward. We
measure this performance (and reward) using the base agent as our comparison

2. Mean episode performance: These plots have an agent’s overall mean perfor-
mance throughout training and their respective 95% confidence intervals. We use
a smoothing term of α = 7.997 × 10−5 for these plots. These plots allow us to
compare various agents or hyperparameters with one another easily. An expla-
nation for why we do not use the area under the curve as a measure is provided
in the Appendix. The primary reason is that the episode lengths are not uniform
across all agents. Although the agents are trained for the same number of steps,
two things can occur. First, the agent may have hyperparameters that hinder
learning, causing the agent to stop training early when the network fails to con-
tinue learning. This issue generally arises with parameters that lead to NaN (not a
number) values. These NaNs typically occur due to exploding gradients. This phe-
nomenon happens when the probabilities of actions become increasingly smaller,
approaching zero, leading to issues with numerical stability. Second, even if the
parameters do not cause problems with NaNs but are still suboptimal, the agent
may experience many episodes of shorter length (fewer steps per episode) com-
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pared to a better-performing agent. This effect of many short episodes results in
an agent having a similar cumulative reward as its curve has many more x-values
(episodes) associated with it despite the fact that the y-values (the reward) are
much lower. Therefore, using the mean reward helps to avoid this issue when
demonstrating agent performance, as agents that exhibit this problematic trend
perform significantly worse.

3. Time to reach 90%: To demonstrate an agent’s sample efficiency compared to
the base approach, we compare each agent’s number of episodes required before
reaching the 90% percentile of the base agent’s rewards. This graph allows us to
see how various methods compare their sample efficiency easily. For these graphs,
we use a lower smoothing factor of α = 1.998×10−3. This value allows us to weigh
shorter periods more effectively demonstrating the agent’s upper performance
bound better.

4. The difference in mean reward: To represent the difference in the agent’s mean
rewards for the various approaches, we do the following. We calculate the base
approach’s mean reward over all seeds, and this reward represents the mean re-
ward per episode for the agent. Here, the number of seeds vary in the cooper-
ative and competitive case, where we use 20 and 10 seeds for the cooperative
and competitive settings, respectively. However, we subtract the base approach’s
mean from the other approaches and divide it by the base reward. This format
allows us to demonstrate the difference in the mean reward for all approaches,
compared to the base approach, as a percentage. Equation 5.2 provides a concise
demonstration of how we calculate this change:

agent improvement =
µ− µbase

µbase

× 100, (5.2)

where, µ represents the mean agent reward over all seeds and µbase is the mean
base approach reward over all seeds.

5. The distance between agents: We follow the same steps for agent learning
curves in this case. However, we subtract agent two’s rewards from agent one’s.
This approach allows us to see the difference between agent performance. If the
reward is less than zero, agent two has a larger reward; if it is greater than zero,
then agent one has a larger reward. We use this metric primarily in the competi-
tive setting to demonstrate how fair games are.

5.4 Network Architecture

Base Network For all experiments, we used a separate network for the policy and
value function. The motivation for this comes from Andrychowicz et al. [2020], who
performed a large-scale empirical study and found that having separate networks is
beneficial. The choice and structure of our architecture is primarily based on prior
work [Mnih et al. 2015; Schulman et al. 2017b; Huang et al. 2022]. The inputs stayed
the same for both of these networks, except in the case of Cooperative Pong, which
does not have a RAM observation. The environment determined our input sizes for
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the policy and value function for the agents. However, excluding this, the network
architectures are the same. For the policy network (visualised in Figure 5.3a), we had
a GRU layer that took in the observation and had an output of 512 nodes. This GRU
connects to a fully-connected layer with an input size of 512 and the output size is the
number of actions that can be taken in the environment. We chose to use a memory
layer because it has been used in prior work in multi-agent reinforcement learning, such
as that of Foerster et al. [2018]. The value network (visualised in Figure 5.3b) is similar
to the policy network. However, it has 128 nodes instead of 512 and outputs a single
value rather than a vector containing action probabilities. The activation between the
GRU layer and the fully-connected layer are tanh functions for both networks. The
choice of tanh as our activation is based on prior work which recommends it and states
that it may be better suited when performing entropy regularisation [Andrychowicz et
al. 2020]. This setup forms our base network.

GRU
Fully-

connected
layer

(Input,512) (512,Number of
Actions)

Tanh
Activation

Softmax
Activation

(a) An illustration of the pipeline that we
use for our policy network.

GRU
Fully-

connected
layer

Value

(Input,128) (128,1)

Tanh
Activation

(b) A visual representation of the pipeline
that we use for our value network.

Figure 5.3: The base neural network architecture for our all of our experiments.

Cooperative Pong Modifications In the case of Cooperative Pong, the general net-
work is very similar. We follow the work of Mnih et al. [2015 2016] when constructing
this modified layer to handle the visual input. Here, we add a processing component at
the start for both the policy and value functions. We describe the initial preprocessing
that is performed by this additional component of the network with an illustration of
it given in Figure 5.4. After every convolution, we have a ReLU layer as our activation
function. This extra layer consists of a convolution layer with 4 input channels, 32
output channels, a kernel size of 8 and a stride of 4. After which, we have a second
convolution layer with 32 input channels, 64 output channels, a kernel size of 4 and a
stride of 2. Following this, the final convolution layer has 64 input channels, 64 out-
put channels, a kernel of size 3 and a stride of 1. This output is flattened and passed
through a fully-connected layer with 3136 input nodes and 512 output nodes. This
output then has a ReLU activation performed on it and is then passed through the same
network that we used for all other environments (our base network).

5.5 Reproducibility

In the interest of reproducibility, we list all hyperparameters we used in Table 5.1 for
the base PPO algorithm, and we detail other design choices made when performing our
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ReLU
Activation

Fully-
connected

Layer

Convolutional
Layer

(64,64,3,1) (3136,Out size)(4,32,8,4) (32,64,4,2)

Max Pooling
Layer

Figure 5.4: An illustration of the additional preprocessing network used for the Cooper-
ative Pong environment. In this visualisation the tuple under each convolutional layer
represents the number of input channels, the number of output channels, the kernel
size and the size of the stride, respectively.

experiments. We use a base PPO algorithm modified to perform in a fully-decentralised
fashion. The repository we use to create our model was CleanRL [Huang et al. 2022]4.
There are several libraries available that implement PPO, such as Stable Baselines [Hill
et al. 2018], Spinning Up5, and Ray RLlib6. However, we opted to use ClearnRL because
of its simple single-file implementation. It provides a simple implementation of PPO,
which allows us to easily implement our necessary augmentations for our baselines and
alternative methods. We compare our approaches against base PPO, standard Shannon
entropy and ADE. We perform an equal amount of hyperparameter tuning for each of
these approaches’ variables and use the best hyperparameters for each. The parameters
found in Table 5.1 are common for all approaches that we examine, and they are used
for each of our domains.

In PettingZoo, the number of environments effectively doubles when using a vectorised
environment. This doubling arises because each agent for an environment not only
receives its own observation from that environment but also an additional indicator
variable specifying to which agent a particular observation pertains. Thus, in practical
terms, each agent trains using 16 environments, given that all our experiments involve
two agents. We use the indices for each agent to collect their respective observations

4https://github.com/vwxyzjn/cleanrl
5https://github.com/openai/spinningup
6https://docs.ray.io/en/latest/rllib/index.html
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Hyperparameter Value

Total Timesteps Environment Specific
Learning Rate 2.5× 10−4

Number of Environments 32
Number of Steps in Each Environment 256
Anneal Learning Rate True
General Advantage Estimate (GAE) True
γ 0.99
GAEλ 0.95
Number of Minibatches 4
Update Epochs 4
Advantage Normalisation True
Surrogate Clipping Coefficient 0.1
Clipped Loss for Value Function True
Entropy Coefficient 0.01
Value Function Coefficient 0.5
Maximum Norm for Gradient Clipping 0.5
Batch Size num−envs

2
* num-steps

Table 5.1: Table containing all PPO hyperparameters and their values that we used
when conducting all of our experiments.

from the vector of observations. This collection of indices is necessary as, at each
step, agents receive a set of observations and which observations belong to each agent
is a vital component of the observability in MARL. When agents interact with the
environment we place their actions into a vector based on their respective indices from
the observations. Finally, we found that using a separate network for the policy and the
value function performed better.

5.6 Hyperparameters

When conducting hyperparameter tuning to compare the various approaches, we fol-
low these steps. For each approach, we test a range of eight potential hyperparameters
based on our modifications to entropy regularisation. We run each approach with every
set of hyperparameters using twenty different seeds to demonstrate its overall perfor-
mance. Table 5.2 displays the values that we test. If a specific approach has only one
value in the table, it represents the ξ value, which is the coefficient for our entropy
regularisation term. If there is a second value (as in the case of RECO), it represents
the κ value, which is the absolute value used to clip our entropy regularisation term.
Additionally, we indicate a label which is either A or B. This label is for approaches
which use a clipping term and it is referenced when showcasing our results in Chap-
ters 6 and 7. Here we search over two values for κ as the size of the variable after being
clipped and multiplied by ξ is quite small. Furthermore, larger κ values lead to larger
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gradients when the entropy of some actions is near zero and hence clipping on larger
values would lead to greater instability.

Approach 1 2 3 4 5 6 7 8

ADE −0.001 −0.005 −0.01 −0.05 −0.1 −0.15 −0.2 −0.25
Shannon −0.001 −0.005 −0.01 −0.05 −0.1 −0.15 −0.2 −0.25

RECO 0.001, 20 0.001, 2 0.01, 20 0.01, 2 0.05, 20 0.05, 2 0.1, 20 0.1, 2
ADE(neg) 0.001, 20 0.001, 2 0.01, 20 0.01, 2 0.05, 20 0.05, 2 0.1, 20 0.1, 2

RECO(neg) −0.001, 20 −0.001, 2 −0.01, 20 −0.01, 2 −0.05, 20 −0.05, 2 −0.1, 20 −0.1, 2

Table 5.2: This table displays the hyperparameters that we searched over for each
approach. For approaches with a single value, the displayed value represents the ξ
value, which is the coefficient for exploration. For approaches that require clipping, the
displayed value consists of two parts separated by a comma: the first part represents
the coefficient for entropy, and the second part represents the κ value. To assist in
graphing the performance of various approaches, we represent 20 using A and 2 using
B.

5.7 Summary

In this chapter, we describe the experimental setup used to validate and compare our
approach with the standard method of promoting entropy. We have presented five dis-
tinct environments encompassing cooperative and competitive settings, detailing each
environment’s rationale, modifications, and relevance. Furthermore, we have outlined
the modified algorithm employed by our approaches and provided essential metrics to
evaluate the performance and learning of the agents. Although we have utilised a va-
riety of metrics, environments, and hyperparameters, there may still be potential edge
cases that need to be explored. Nonetheless, we have comprehensively demonstrated
and contrasted our approach with the current standard. The following two chapters
will analyse our method’s performance in cooperative and competitive scenarios.
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Chapter 6

Cooperative Results and Discussion

In this chapter, we present results for the cooperative domains. We demonstrate the
performance of each approach (entropy-embracing, entropy-shunning and the base ap-
proach) in Section 6.1. In this section, which includes an analysis of the algorithms in
terms of their sample efficiency and rewards that they accumulate. Following this, in
Section 6.2, we illustrate the effects of entropy on agent performance, and we do this
by examining entropy-embracing agents. We demonstrate the sensitivity and need for
careful parameter tuning for entropy-shunning agents in Section 6.3. Lastly, for all fig-
ures, we use the same labelling for each set of hyperparameters as set out in Table 5.2.
Hence, when clipping we use let A = 20 and B = 2. Lastly, for all cooperative domains,
we use twenty seeds when running all of our experiments.

6.1 Rewards and Sample Efficiency

6.1.1 Simple Spread

First, we demonstrate how the various approaches performed with the best hyperpa-
rameters we found for each as indicated in Table 5.2. Figures 6.1 illustrate the reward
the agents received for each episode during the course of training. These figures show-
case the mean reward over the episodes and the 95% confidence interval of the re-
ward. Moreover, in Simple Spread, both agents receive the same reward, making their
rewards identical.

In Figure 6.1, it is evident that most of the approaches achieve a similar performance
with only slight variations. Specifically, RECO and ADE(neg) perform almost identically
to the base approach. However, in this simple domain, we observe that the standard ap-
proach of adding entropy (represented by ADE and Shannon entropy) performs slightly
worse than both the base approach and ADE(neg). Additionally, RECO(neg) exhibits
greater variance compared to the other approaches, which may cause slight instability
in performance. Figure 6.2 illustrates the agent’s performance over the course of the
last 1000 episodes. In this figure, we observe that the approaches generally exhibit
similar performance, with ADE, ADE(neg) and RECO achieving a final mean similar to
that of the base approach. Therefore, in this case, the type of entropy used may have

51



Figure 6.1: Rewards for each of the various approaches in the Simple Spread environ-
ment (higher is better). This graph is truncated to help visualise the learning process
of agents early on as agents converge to the final values at the end of training shown
in this figure.

Figure 6.2: Mean reward and confidence interval for the last 1000 episodes for method
in Simple Spread (higher means are better). We calculate the means using the final
1000 episodes during the agents’ training to demonstrate their final performance at the
end of training. This allows us to assess how well the agents have learned to perform
the task after being exposed to the environment for an extended period of time.

varying effects on the final performance and could be considered a separate hyperpa-
rameter in certain cases. Furthermore, Figure 6.1 shows that RECO, ADE(neg), and
the base approach exhibit similar sample efficiency, as demonstrated by their learning
curves at the start of training. However, Shannon entropy, ADE, and RECO(neg) ex-
hibit slightly worse sample efficiency, with Shannon entropy performing the worst. In
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this simple environment, improved sample efficiency is desirable as it enables agents
to train for fewer episodes while achieving the same performance. Therefore, although
the varying approaches have similar overall performance in this domain, the agents
with better sample efficiency are preferable.

6.1.2 Space Invaders

Figure 6.3: Rewards for each of the various approaches in the Space Invaders environ-
ment (higher is better). Furthermore, we note that Shannon Entropy and ADE perform
identically in this case. Agents can have a different number of steps in each episode
(as outlined in Section 5.1) hence, although they train for the same length of time they
have experienced the same number of steps.

Figure 6.3 clearly demonstrates that the entropy-embracing agents perform worse over-
all than the base approach, with ADE and Shannon entropy exhibiting identical perfor-
mances. These identical performances can be attributed to a key aspect of the ADE
method as stated by Zhou et al. [2020], which is a modified form of Shannon entropy
designed to prevent overconfident agents from prematurely converging and thus main-
tain exploration. However, in this environment, the non-stationarity and the ringing
agent problem (mentioned in Section 2.4) are likely to be exacerbated, making it dif-
ficult for agents to gain confidence in their responsibilities. The constant exploration
by the participating agent makes it challenging to settle on a policy. Consequently,
the ADE method becomes similar to Shannon entropy, as the agent never truly gains
confidence in their actions due to the inherent non-stationarity and complexity of the
fully-decentralised Space Invaders environment using PPO as the algorithm. On the
other hand, the number of episodes required for the agents to improve their perfor-
mance demonstrates that entropy-shunning agents achieve significantly better sam-
ple efficiency than their entropy-embracing counterparts. Specifically, RECO(neg) and
ADE(neg) exhibit much faster learning rates than the base approach, as illustrated in
Figure 6.4, which shows the fraction of episodes required by an approach to reach the
90th percentile of performance out of the total number of episodes spent learning. In
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this regard, the two entropy-shunning agents achieve this milestone much earlier, with
RECO(neg) requiring less than 20% of the episodes used in training. However, even at
the end of training, entropy-embracing agents fail to reach the mean rewards achieved
by the base approach.

Figure 6.4: Fraction of episodes required to reach the 90th percentile of the base’s
performance in Space Invaders, represented as a percentage of the total number of
training episodes (lower values are better). Here, approaches which reach the 100th

percentile never reach the same performance of the base algorithm.

We provide a detailed illustration of the sample efficiency for each approach in Fig-
ure 6.4. This figure demonstrates the percentage of episodes required before the agent
achieved the 90% percentile of the base approach’s performance. We can see clearly
using this figure how much the improvement in sample efficiency is for any approach
compared to the base approach. In this environment, ADE(neg) does slightly better
than base but with improved sample efficiency as it requires almost half the number
of episodes compared to the base approach. Furthermore, we see that Shannon, RECO
and ADE are not able to reach th 90th percentile, as their fraction of episodes required
reaches 100th percentile, which indicates that the agents never reached the base algo-
rithm’s 90th percentile of performance. Lastly, we can see that the entropy-embracing
agents suffer greatly in this task, as in both Figures 6.3 and 6.4. The reason they
perform worse is, because as Figure 6.4 highlights, these agents never reach the base
approach’s 90% percentile whilst training. The base approach was unable to achieve
a 90% value higher than approximately 31.68 during training. Figure 6.5 shows that
the mean value of the other approaches during their final 1000 episodes of training,
which lasted nearly 40 million episodes, was lower than this threshold. This explains
why they did not surpass the base approach’s performance. Furthermore, as Figure 6.3
demonstrates, these agents have lower means than the base approach, with the stan-
dard Shannon entropy and ADE approaches vastly underperforming this mean as their
confidence intervals barely overlap. Hence, we can say entropy-shunning agents per-
form considerably better than their alternatives (entropy-embracing agents) in this en-
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Figure 6.5: Mean reward and confidence interval for the final 1000 episodes for each
approach in Space Invaders (higher means are better). We calculate the means using
the final 1000 episodes during the agents’ training to demonstrate their final perfor-
mance at the end of training. This allows us to assess how well the agents have learned
to perform the task after being exposed to the environment for an extended period of
time.

vironment, given that they scored higher than them and demonstrated that they could
outperform the base approach.

Figure 6.6: The difference in rewards between the first agent (indicated by positive val-
ues) and second agent (indicated by negative values), where negative values indicate
that the second agent has more influence (values closer to zero indicate better balance).
Agents can have a different number of steps in each episode (as outlined in Section 5.1)
hence, although they train for the same length of time they have experienced the same
number of steps.
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However, the best-performing approach, RECO(neg), may potentially have one prob-
lem, namely the “lazy agent” problem. To determine which agent is a “lazy” agent,
we calculate the difference between the two agents’ rewards (shown in Figure 6.6).
Should both agents have equal rewards, we can say that they are equal contributors in
a cooperative setting, and the reward would be centred at zero. However, if one agent
was responsible for all the reward, then we would see a reward curve that is strongly
negative if the second agent contributed more or positive if the first agent contributed
more. A negative value for distance serves as a useful indicator of agent performance
and reveals which agent is more responsible for the overall performance. Rather than
employing an absolute value, which would obscure the agent responsible for a larger
share of the rewards, we retain the sign to signify this. Generally, we observe that the
second agent (represented by negative values) tends to be more responsible for the
rewards. Since we average the results of each experiment in this domain over 20 dif-
ferent seeds, this demonstrates a consistent trend in the agents’ outcomes, particularly
highlighting which of the two agents has a greater impact on the rewards.

Using Figure 6.6, we can determine whether one agent has more influence than an-
other in this environment. Furthermore, this unequal contribution to reward is impor-
tant to note, as both agents are identical in form and in function for this environment,
therefore, agents can and ideally, should be equal contributors. Figure 6.6 demon-
strates that in comparison to the other methods, RECO(neg) has the second agent
achieving a notably greater reward than the first agent. This difference is essential
as the other approaches typically have both agents contributing relatively similarly in
the game as their differences are more centred around zero. Additionally, whilst other
methods remain relatively centred around zero throughout training, we notice that the
RECO(neg) agents have one agent contribute to an increasingly greater degree than the
other. Therefore, whilst RECO(neg) performs the best in terms of reward and sample
efficiency, this method may suffer from the “lazy” agent problem to a greater extent
compared to the other approaches. Based on the better performance observed, it ap-
pears that the “moving” agent problem is less of a concern with the RECO(neg) method
in this environment, which emphasises the need for agents to be reliable partners.

6.1.3 Cooperative Pong

We assess the performance of agents in the Cooperative Pong environment. This sce-
nario, illustrated in Figure 6.7, shows that both entropy-embracing and entropy-shunning
agents can achieve comparable results. In Cooperative Pong, an agent’s primary focus
is returning the ball to the other agent should it come towards them.

In terms of sample efficiency, Figure 6.8 shows that all approaches take a similarly long
time to achieve the base approach’s 90% percentile performance. However, RECO(neg)
achieves it more rapidly.

With regards t agent performance, which is indicated in Figure 6.9, we see that all
approaches have higher mean performance than the base approach, and hence, outper-
form it. We do note however, that Shannon entropy still has a large overlap in variance
with the base approach.
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Figure 6.7: Rewards for each of the various approaches in the Cooperative Pong en-
vironment (higher is better). Here each agent receives the same reward at each step
in the environment – similar to Simple Spread. Agents can have a different number
of steps in each episode (as outlined in Section 5.1) hence, although they train for the
same length of time they have experienced the same number of steps.

Figure 6.8: Fraction of episodes required to reach 90th percentile of the base’s perfor-
mance in Cooperative Pong (lower is better). Here, approaches which reach the 100th

percentile never reach the same performance of the base algorithm.

However, given that their confidence intervals do overlap with the base approach for
most of the other approaches, it is potentially possible the algorithms perform better in
some cases, whilst worse in others.

Figure 6.7 shows that around thirty-thousand episodes, all approaches start to outpace
the base approach, as evidenced by their higher rewards at this juncture. However, this
quicker learning pace, as depicted in Figure 6.8, doesn’t lead them to match the base
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Figure 6.9: Mean reward and confidence interval for the final 1000 episodes for each
approach in Cooperative Pong (higher means are better). We calculate the means using
the final 1000 episodes during the agents’ training to demonstrate their final perfor-
mance at the end of training. This allows us to assess how well the agents have learned
to perform the task after being exposed to the environment for an extended period of
time.

approach’s performance significantly earlier. By the sixty-thousand episode mark, all
algorithms display comparable performance, as further illustrated in Figure 6.7. It’s ev-
ident from these results that there are specific scenarios where both entropy-embracing
and entropy-shunning agents can be beneficial. This observation is noteworthy since
one of the primary motivations for incorporating entropy is its potential to enhance an
algorithm’s sample efficiency and end performance. Yet, when observing the similar-
ities in final rewards across all approaches, it underscores a crucial point: in certain
scenarios, entropy may not substantially influence agent performance.

6.2 Effects of Entropy

To better understand the effects of entropy in some environments, we examine the
performance of the entropy-embracing agents using a subset of our key metrics from
Section 5.3. We address how the impact of entropy can vary agent performance in
a quantifiable manner. The parameter which determines the coefficient of entropy is
ξ, as shown in Equations 4.4–4.8. However, for the RECO approach, given that our
method gives much larger values, we clip the entropy value when the absolute value
is greater than a specified threshold, and this is represented by the term κ, as seen
in Equations 4.6–4.8. The larger values are a result of the function’s design, with
Figure 4.2 from Section 4.2.3 providing a reference for how much larger these values
can be. We do this to illustrate why increasing entropy may not necessarily be desirable
in certain situations.
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(a) ADE (b) Shannon

(c) RECO (d) ADE(neg)

(e) RECO(neg)

Figure 6.10: Mean reward and confidence interval during the course of training (over
20 seeds) for various hyperparameters of the agents in Simple Spread (higher means
are better)

Increasing Entropy In Figure 6.10, we see the effects as we increase the coefficient
for the entropy bonus for each of the entropy-embracing agents in the Simple Spread
environment. We see that increasing the entropy coefficient for ADE and Shannon
entropy agents leads to decreasing performance. This relation can be seen most clearly
in Figures 6.10a and 6.10b, where for each data point, as the coefficient of entropy
increases, we see a corresponding decrease in agent performance for all but one data
point at ξ = −0.01 for the case of Shannon entropy. In the case of ADE, we see a similar
trend where in general, as entropy increases the performance of the agent subsequently
declines. Notably, for the Simple Spread environment, the base approach which does
not add additional entropy, other than that which the standard PPO algorithm uses,
performs the best. This data point does better than ξ = −0.005 for ADE and ξ = −0.001
for Shannon entropy however, it still performs worse than the base.

Furthermore, we see with the RECO method that the same pattern exists. However,
the additional clipping term may also strongly impact the agent’s performance. This
impact can be seen (Figure 6.10c) for ξ = 0.01, κ = 20, which performs better than if
we clipped on κ = 2. A clear visual showcase of the effect of entropy on learning is

59



given in Figure 6.11, where we can see the bands during learning that indicate how, as
entropy increases, the agent’s performance and sample efficiency decrease. Therefore,
in this simple environment, we can clearly see that increasing entropy is undesirable.

Figure 6.11: Rewards for each of the various hyperparameters of Shannon entropy in
Simple Spread (higher is better). Here some seeds terminate earlier due to exploding
gradients that may result from large values in the entropy regulariser term. This graph
is truncated to help visualise the learning process of agents early on as agents converge
to the final values at the end of training shown in this figure.

As a contrasting example to what is observed in Figure 6.11, we present Figures 6.10d
and 6.10e. In Figure 6.10d, we notice that four different sets of parameters are able
to achieve a similar mean performance as the base approach. Despite the differ-
ences in their parameters, such as the clipping value and the entropy regularisation
coefficient, these configurations reach a similar final performance. Likewise, for the
case of RECO(neg) in Figure 6.10e, we observe that three parameter combinations
(ξ = −0.001, κ = 2, 20, and ξ = −0.01 κ = 2) attain comparable final performance to
the base approach. Thus, in contrast to Shannon entropy and ADE, we find that as the
coefficients become larger, the method’s final performance does not deteriorate to the
same extent. However, we do find that for some of these values, which are capable of
performing as well as the base approach, have an alternative problem.

Comparison to Base The agent’s learning curve can be seen in Figure 6.12a, this
agent’s learning curve, and it highlights a serious issue with its performance. It can
be seen in this graph that this particular agent performs similarly to entropy-shunning
agents, as it has improved rewards and sample efficiency. However, this does not re-
main the case for long, and instead, the reward quickly collapses at approximately
forty-thousand episodes. Eventually, this results in it performing worse than the base
approach. Based on Figure 6.13a, we posit that this may be due to the “moving agent”
problem. This situation arises when one agent learns a good policy, while the other
agent continues to explore or tries to improve its performance, potentially causing the
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game to end prematurely. For instance, an agent that learns to emerge from behind
a shield to shoot rapidly may put itself at risk, yet it gains a larger reward for doing
so. Since rewards are not shared, a more cautious agent may see its rewards decrease
as it fails to leave cover, shoot, and return to cover effectively. Moreover, learning an
optimal strategy in such a game is challenging, as an agent can act greedily to obtain
greater short-term rewards, while denying its teammate the opportunity to contribute
to winning the game. During the training process, we observed that agents often en-
gaged in exploratory behaviour that led to adopting a more reckless policy in order to
gain rewards similar to their more “selfish” ally, who sacrifices the game early for the
sake of quickly eliminating enemies.

In some environments, increasing non-stationarity can lead to a reduction in the overall
team reward. Hence, in Space Invaders we may prefer the alternative of these entropy-
embracing agents. Instead, we would prefer (as shown in Figure 6.3 with the best
values for each approach) entropy-shunning agents in situations where we rely on our
teammates. We come to this conclusion as, it can be okay if one player may perform
slightly better than another, so long as both agents can view each other as reliable
teammates who they can plan around. This can be seen with the values ξ = −0.001, κ =
20 in Figure 6.13b which yield the best overall performance in the Space Invaders
environment despite the fact that the second agent contributes slightly more to the
total score. However, there can be circumstances where one agent does not perform
well and hence this imbalance can be an issue as seen in Figure 6.13b. Here, the values
ξ = −0.001, κ = 20 lead to the best overall performance for RECO(neg) however, it
also lead to the largest imbalance in agent performance. In such a case the “lazy”
agent problem mentioned in Section 3.3.1 may reemerge. Therefore, a wide range of
hyperparameters may be required when testing to find a set which suffers to a lesser
degree from both the “moving” and “lazy” agent problems.

(a) RECO (b) RECO(neg)

Figure 6.12: Performance of RECO and RECO(neg) in Space Invaders during training
(higher is better). Agents can have a different number of steps in each episode (as
outlined in Section 5.1) hence, although they train for the same length of time they
have experienced the same number of steps.

6.3 Sensitivity of our Approaches

To illustrate how sensitive our entropy-shunning approaches can be to the values of
the hyperparameters chosen, we do the following. We demonstrate how ADE(neg) and
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(a) RECO (b) RECO(neg)

Figure 6.13: Difference between the first agent and second agents rewards in the Space
Invaders environment, with negative indicating 2nd agent has more influence (closer
to zero is better). Agents can have a different number of steps in each episode (as
outlined in Section 5.1) hence, although they train for the same length of time they
have experienced the same number of steps.

RECO(neg) perform in each environment and their sample efficiency. This demonstra-
tion will allow us to illustrate the need for careful hyperparameter tuning for these
types of agents. Furthermore, we provide a table showcasing how many approaches
can finish the full set of steps, further motivating the requirement for testing a wide
range of hyperparameters.

(a) Space Invaders ADE(neg) (b) Space Invaders RECO(neg)

(c) Cooperative Pong ADE(neg) (d) Cooperative Pong RECO(neg)

Figure 6.14: Mean performance and confidence intervals during the course of training
for entropy-shunning agents and their various hyperparameter values compared to the
base approach (higher means are better).

Figure 6.14, shows the mean reward and confidence intervals for various hyperparam-
eter values for our entropy-shunning agents. We note that in Figure 6.14d, we see that
the value we clip on for RECO(neg) can have extreme effects on agent performance.
Here, for the same ξ value of 0.05, the difference between clipping on 2 instead of
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20 can cause a dramatic decrease in agent performance, and increase the agent’s vari-
ance. This problem is also illustrated with ADE(neg), where we see the same degree of
sensitivity for the same values of ξ and κ in Figure 6.14c.

Figure 6.15: The fraction of episodes required by RECO(neg) to reach the 90th per-
centile of rewards for the base approach in Simple Spread (lower is better). Here,
approaches which reach the 100th percentile never reach the same performance of the
base algorithm.

Figure 6.16: The fraction of episodes required by ADE(neg) to reach the 90th percentile
of rewards for the base approach in Space Invaders(lower is better). Here, approaches
which reach the 100th percentile never reach the same performance of the base algo-
rithm.
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Figure 6.17: The difference in mean reward throughout training for various hyperpa-
rameter values of ADE(neg). Here, the reward is measured as a percentage increase
or decrease compared to the base approach, and it contains the confidence intervals
(higher value are better).

Figure 6.18: Performance of ADE(neg) in Space Invaders during training. Agents can
have a different number of steps in each episode (as outlined in Section 5.1) hence,
although they train for the same length of time they have experienced the same number
of steps.

Furthermore, clear cases exist where only one set of hyperparameters allows the agent
to learn. Figure 6.15 shows that in the Simple Spread environment, one of the RECO(neg)
approaches (ξ = 0.001, κ = 20) can outperform the base method by requiring nearly
half the number of episodes. The other results of the hyperparameter settings of
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RECO(neg) are incapable of reaching the same performance as the base approach.
Hence, this approach can be highly sensitive to hyperparameters and require fine-
tuning. Similarly, we see for ADE(neg) in Figure 6.16 that ADE(neg) can outperform
the base approach for some hyperparameter values. However, upon closer inspection,
we can see in Figure 6.17 that while there may be some increased sample efficiency,
the total performance of this method can dramatically vary. In particular, only one set
of values (ξ = 0.01, κ = 2) truly outperforms the base approach regarding the mean
reward over the training period. Therefore, to demonstrate the various parameters re-
wards throughout episodes we use Figure 6.18. This figure indicates that only two of
the hyperparameter value sets are capable of being meaningfully more sample efficient.

6.3.1 Number of Failures

Lastly, we provide the following table to illustrate how often the various approaches for
entropy-shunning and entropy-embracing agents resulted in agents failing to learn due
to the hyperparameter sets causing various issues. Namely, in this case, the issues would
result from encountering NaNs (not a number) due to exploding or vanishing gradient
issues. Whilst this is an important issue, we relate to it further in our discussion, as it
exists as a potentially open problem with our method. We use eight different sets of
hyperparameters for each approach when tuning (as shown in Table 5.2). Additionally,
we test five approaches for each environment, resulting in a total of forty experiments
per environment.

Environment Shannon ADE ADE(neg) RECO RECO(neg) Total Successes

Simple Spread 4 5 7 2 5 23
Space Invaders 4 2 3 2 2 13

Cooperative Pong 8 8 7 7 6 36

Table 6.1: Table illustrating the number of times each approach was able to succeed in
training the full number of steps in a given environment. Bold numbers indicate which
methods had the lowest success rate. In each case, each approach had eight sets of
hyperparameters tested. Therefore, there are forty experiments per environment (for
all approaches with their respective hyperparameters)

In Table 6.1, our entropy-shunning agents typically fail slightly less when training than
their counterparts. Although, it is essential to note that, in general, both sets of agents
can be prone to fail in particular circumstances. We also note that certain environ-
ments are more prone to failure than others. In particular, Space Invaders proves to be
the most challenging with one-third the number of successes compared to Cooperative
Pong.

6.4 Ablations

In our research, we aim to investigate the impact of several design choices on the per-
formance of our approach, as demonstrated in Algorithm 2. Our inquiries include the
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consequences of setting the base ζ to zero, which modifies the base entropy used in
the algorithm, the impact of clearing the accumulated entropy during training on the
agents’ performances, the significance of changing the additional entropy bonus on per-
formance, and the impact of modifying log probabilities stored by the PPO algorithm
on the agents’ performances. While our approach relies on the base ζ term to function
effectively in some cases, omitting it can have potential negative consequences. Addi-
tionally, we explore the impact of clearing the accumulated entropy, which may seem
counterintuitive but is effective during training. The clearing of this entropy would re-
sult in the agent using only recent entropy accumulated during the policy rollout phase
instead of the running entropy during the entire training period. We also investigate
the significance of changing the additional entropy bonus on the performance of our
approach. Furthermore, we examine the impact of modifying log probabilities on per-
formance, which has been found to improve the performance of our approach in some
tasks, notably in Space Invaders. Overall, our investigations aim to demonstrate the
necessity of these design choices when conducting our experiments. We provide the
following concise summary of each modification:

• All: This approach employs all the modifications described below.

• Base Zeta (BZ): This modification sets the base ζ term to zero, diverging from the
value we set of −0.17. We set our entropy value to have a default value of −0.17
which gets added with the entropy during policy roll out and evaluation.

• Clearing entropy (CLR): In this case, the accumulated entropy during training is
cleared. We solely utilise the most recent entropy, specifically the entropy accu-
mulated during the policy rollout. After updating the policy, the entropy is cleared
once again.

• EB: With this approach, there is no modification to the entropy added to the policy
loss function. Instead, the effect is limited to the surrogate function through this
additional source of entropy.

• SR: While this method does not modify the log probabilities stored during the
policy rollout, it does alter the entropy added to the policy loss function.

In general, we observe that the performance of all approaches when employing all
modifications does not significantly hinder any agent. Although there are two instances
where the performance varies more substantially, these deviations are not large enough
to create a severe disadvantage when comparing our primary focus in this dissertation,
which is examining the effects of negative entropy (shunning entropy) instead of em-
bracing it. Our first example of this change is illustrated by Shannon entropy and ADE
in Table 6.2. Here, performance decreases by approximately 10% when not using a base
zeta value, clearing entropy, and not modifying the surrogate function. Nevertheless,
even in the best case for this particular value, our top-performing method (RECO(neg))
outperforms both of these approaches, even if they were to employ the optimal modifi-
cations for these approaches under this specific circumstance. RECO(neg) would have
surpassed this value by 28.47%, and it demonstrated a faster learning rate, which aligns
with one of the primary goals of entropy regularisation.
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In the other cases, such as those in Tables 6.3 and 6.4, we observe that all approaches
with each modification lie within one standard deviation of each other in terms of their
final performance. We offer more detailed information for each ablation and its impact
on learning in our Appendix, where the learning curves (similar to those in Figures 6.1,
6.3, and 6.7) depict the agents’ performance during training.

Mod Shannon ADE ADE(neg) RECO RECO(neg)

All 28.12± 2.75 28.11± 2.75 32.28± 3.08 30.27± 2.58 39.87± 3.01
BZ 28.65± 2.21 28.65± 2.21 32.83± 2.67 30.18± 2.58 29.21± 3.93

CLR 28.14± 2.52 28.14± 2.58 32.75± 2.67 30.17± 2.54 34.56± 4.20
EB 28.11± 2.27 28.11± 2.27 32.61± 2.58 30.16± 2.32 35.83± 3.39
SR 31.04± 2.47 31.04± 2.47 31.19± 2.61 31.38± 2.80 30.73± 3.02

Table 6.2: This table displays the mean reward and standard deviation in the Space
Invaders environment over the final 1000 episodes for each approach using various
modifications. The approach which has the best mean performance is indicated in
bold.

Mod Shannon ADE ADE(neg) RECO RECO(neg)

All −40.08± 1.31 −39.59± 1.38 −38.78± 1.38 −38.80± 1.37 −40.53± 1.81
BZ −40.82± 1.67 −39.49± 1.41 −39.19± 1.42 −38.90± 1.37 −39.07± 1.37

CLR −39.78± 1.35 −39.43± 1.43 −38.96± 1.40 −38.82± 1.39 −39.72± 1.60
EB −39.67± 1.31 −39.70± 1.57 −38.85± 1.36 −39.00± 1.43 −40.16± 1.65
SR −38.8± 1.40 −38.99± 1.43 −38.81± 1.40 −38.76± 1.38 −39.35± 1.37

Table 6.3: This table displays the mean reward and standard deviation in the Simple
Spread environment over the final 1000 episodes for each approach using various mod-
ifications. The approach which has the best mean performance is indicated in bold.

Mod Shannon ADE ADE(neg) RECO RECO(neg)

All 179.96± 29.20 179.25± 28.14 183.15± 27.53 179.72± 28.52 185.44± 30.02
BZ 180.12± 30.17 178.62± 28.88 179.14± 28.55 176.47± 27.68 183.49± 30.92

CLR 176.57± 27.62 176.21± 27.64 180.52± 29.62 176.16± 27.38 183.87± 28.26
EB 178.75± 28.90 176.07± 27.54 180.87± 29.87 177.40± 27.21 182.96± 28.50
SR 179.85± 28.94 180.19± 29.75 180.52± 29.39 181.99± 30.03 177.48± 28.39

Table 6.4: This table displays the mean reward and standard deviation in the Cooper-
ative Pong environment over the final 1000 episodes for each approach using various
modifications. The approach which has the best mean performance is indicated in bold.

6.5 Summary

In this chapter, we have showcased the following. We demonstrated in Section 6.1
that our entropy-shunning agents can achieve at least the same rewards as the base
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in the worst case. In their best case these agents are capable of doing better than the
base approach in terms of rewards, sample efficiency or potentially both. Furthermore,
our entropy-shunning agents outperform the entropy-embracing agents, which follow
the standard approach of encouraging exploration by using entropy as a reward. Our
experiments using entropy-shunning agents demonstrate that they can achieve simi-
lar outcomes to those traditionally achieved by entropy-embracing agents, which are
known to improve sample efficiency and potentially enhance rewards. We illustrated in
Section 6.2 that increasing the entropy reward in fully-cooperative, fully-decentralised
MARL can lead to increasingly worse agent performance. Finally, we highlighted one
crucial concern in our method in Section 6.3. In particular, this concern showcases the
sensitivity of our method to the combination of its hyperparameters and hence, demon-
strates the need to search over a wide enough range of hyperparameters. We discuss
potential solutions that should be investigated to mitigate this problem in our conclu-
sion. Additionally, we provide a full set of figures for each of the graphs shown in this
chapter in our appendix to provide a holistic view of all approaches’ performances.
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Chapter 7

Competitive Results and Discussion

In this section, we explore the competitive case, building upon our demonstration of the
benefits of sometimes shunning entropy in cooperative scenarios. We investigate the
performance of our approach in competitive environments, such as competitive pong
and boxing, as detailed in Chapter 5. The primary motivation behind these experiments
is to examine whether striving for more deterministic behaviour could potentially lead
to a disadvantage in a competitive setting. To determine whether a reliable agent could
be exploited by an unpredictable competitor, it is necessary to examine their respective
degrees of predictability and flexibility. Naivety resulting from reliability could make it
easier to plan against, especially given that both agents have memory (in the form of
GRUs) to recognise such patterns.

We begin by providing an overview of our experimental setup in Section 7.1, discussing
the need for fairness, the choice of hyperparameters, and the structure of our Round-
Robin tournament. Next, we delve into the analysis of agent performance in this tour-
nament in Section 7.2. We offer a concise summary of our findings in Section 7.3,
aiming to determine the applicability of our approach in competitive cases. Lastly, for
all figures, we use the same labelling for each set of hyperparameters as set out in
Table 5.2. Hence, when clipping we use let A = 20 and B = 2.

7.1 Tournaments

To determine whether our entropy-shunning agents perform differently from their al-
ternative entropy-embracing counterparts, we perform the following empirical investi-
gation:

1. Find desirable hyperparameters for each approach.

2. Create a Round-Robin tournament.

3. Explain the position bias and how we overcome it. Position bias refers to whether
an agent plays as player one or as player two in a particular environment.
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By doing this, we give each of the agents the best chance to perform. Hence, this allows
us to demonstrate whether our method performs worse than its alternative. We do this
as not all domains are cooperative; therefore, we must understand the potential impact
of being more deterministic than an opponent in a competitive setting. Our hypothesis
is that encouraging agents to be more deterministic would render them susceptible
to their alternative counterparts, which embrace entropy. Consequently, the entropy-
embracing agents would gain an advantage and outperform the deterministic agents by
a large margin The following subsections explain each component of our experiment,
its purpose and why they are necessary.

7.1.1 Fairness

(a) Agent one (b) Agent two

Figure 7.1: Agents’ rewards using the ADE(neg) algorithm in the Pong environment for
each of the two agents.

In our evaluation, fairness is a crucial factor when deciding which hyperparameters to
use for each agent, as we aim for a balance between agents in position one and position
two. The importance of fairness stems from the fact that the best-performing agent is
also the worst-performing agent in a zero-sum game. When an agent wins a one-
sided game by the maximum amount, it indicates that the same set of hyperparameters
resulted in an agent that lost completely. For example, when one set of parameters
results in the agent scoring 20 as player two, these same parameters lead to the agent
receiving a score of -20. This phenomenon is demonstrated in our results, as shown
in Figures 7.1a and 7.1b, where the first and second agents’ rewards for the Pong
environment are presented, respectively.

To address this issue, we measure the distance between the rewards of the two agents
to evaluate how a particular set of hyperparameters performs in a game or how two
different approaches compare against each other. We calculate this by subtracting the
first agent’s rewards from the second agent’s rewards, with a positive value indicating
that agent one is winning, and a negative value indicating that agent two is winning.
The value of this reward helps us determine how the game is fluctuating between the
agents and which agent is dominating the game, or alternatively, how fair the game
between agents is. Our goal is to find agents with rewards closer to zero, indicating
a less one-sided game and a more “fair” game for the agents. We also consider the
lengths of games to avoid selecting agents that merely prolong the game by doing
nothing or lose too rapidly. We prioritise agents that exhibit fairness, meaning they
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maintain a more balanced performance with rewards closer to zero, indicating a less
one-sided game. Furthermore, we prioritise agents that demonstrate an increase in
episode length during training, as this suggests they are actively engaging with one
another while avoiding immediate losses.

Figure 7.2: Distance between agent one’s and agent two’s rewards in Pong using
ADE(neg). Here, closer to zero is preferred.

To demonstrate this, we illustrate the performance of one approach, its hyperparame-
ters and the distance between agents’ rewards in Figure 7.2. We selected this example
because it exemplifies a scenario where certain approaches achieve a more equitable
and balanced gameplay, reflected by two sets of hyperparameters (ξ = 0.05, κ = 20 and
ξ = 0.1, κ = 20) with a mean score closer to zero during training. However, we also
present the performance of other approaches in the Appendix. In this case, we can see
that ξ = 0.05, κ = 20 and ξ = 0.1, κ = 20 where the difference between agents is the
closest to zero, and hence, indicates a more fair game. Therefore, we choose agents
similar to these for all approaches. However, we found that, in general, most games are
not fair and have a strong position bias, where the position an agent plays (e.g. being
player one) substantially impacts their reward. These results for the other approaches
(such as ADE, Shannon entropy and RECO) are similar to the other hyperparameters
(excluding ξ = 0.05, κ = 20 and ξ = 0.1, κ = 20) from Figure 7.2.

7.1.2 Parameters

Table 7.1 summarises the set of hyperparameters we chose for each approach. We
chose these hyperparameters based on the idea of balance and fairness outlined ear-
lier in Section 7.1.1. These hyperparameters are used for both the Pong and Boxing
environments. Additionally, we have two sets of hyperparameters for ADE(neg) and
RECO(neg), as indicated in Table 7.1. We do this because these agents had two sets of
promising hyperparameters. Therefore, we use both sets of parameters to give each ap-
proach the best opportunity. It is important to note that the ADE(neg) and RECO(neg)
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approaches each have two variations, denoted as A and B. To avoid potential biases
caused by comparing different variations of the same approach (i.e. different hyperpa-
rameters but representing the same concept), we do not allow the A and B versions
of either approach to compete against each other in our experiments. For example,
ADE(neg)-A will not compete against ADE(neg)-B. However, the two variations of the
ADE(neg) approach, denoted as A and B, are evaluated against all other approaches
in our experiments, including both variations of the RECO(neg) approach, denoted as
A and B. Therefore, we compare the performance of all four variations of these two
approaches to determine which combination of hyperparameters performs the best.
This practical choice is because our primary concern is how each approach competes
against the other methods, not how the various hyperparameters compare when com-
peting against themselves. This choice helps us simplify our results and convey the
primary concern; is it disadvantageous to shun entropy when your opponent embraces
it?

Approach ξ κ

Base − −
Shannon −0.2 −

ADE −0.2 −
ADE(neg)-A 0.05 20
ADE(neg)-B 0.1 20

RECO 0.1 20
RECO(neg)-A −0.1 20
RECO(neg)-B −0.01 20

Table 7.1: Table containing the hyperparameters used for each approach, respectively.
In cases where the approach does not need a specific hyperparameter we use a dash to
denote this.

7.1.3 Round-Robin

We use a Round-Robin tournament to evaluate each approach and determine how they
perform against each other. To aid in our explanation, we provide Figure 7.3 to demon-
strate the tournament structure for a given agent. In this tournament, each agent using
a specific approach, such as RECO(neg)-A, will play against all other agents using vari-
ous alternative methods. However, all methods share a similar structure and follow the
same Round-Robin tournament format, ensuring that all agents play against each other.
To do this, we refer to Figure 7.3a. First, the agent will play as player one, then it will
play against the other approaches. Following this, the agent will become player two
and play a second game against all other approaches, as shown in Figure 7.3b. Given
the computational complexity of this setup, we do this with ten seeds. In practical
terms, all these experiments took approximately two weeks to complete, running them
in parallel using vector environments on sixteen computers. Additionally, structuring
the tournament in this format helps us acknowledge the position bias, as both agents
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RECO(neg)-A

Agent One

Base

Agent Two

ADE

RECO

Shannon

ADE(neg)-A

ADE(neg)-B

(a) First phase

Agent One Agent Two

RECO(neg)-A

Base

ADE

RECO

Shannon

ADE(neg)-A

ADE(neg)-B

(b) Second phase

Figure 7.3: Figure illustrating how we structure the Round-Robin tournament in two
phases to allow each agent to play as both player one and player two. Although we
perform the same Round-Robin tournament for each agent, we only demonstrate the
tournament from the perspective of RECO(neg)-A for the sake of simplicity in our illus-
tration. Thus, the tournaments shown here only involve RECO(neg)-A.

can play both sides. Hence, their overall performance will incorporate the benefit of
this bias and its detriments.

7.2 Results

We notice some key trends when investigating all agents’ performances for Boxing and
Pong. Using entropy-shunning agents does not impact agents negatively. In general,
agent performance between the entropy-shunning agents, entropy-embracing agents
and the base approach is quite similar in performance. The most considerable impact
on agent performance comes from the position of the agents. The position an agent
plays has a greater importance on performance than the algorithm an agent uses. We
provide an example of this result; however, the general trend remains for all various
approaches. Lastly, we train each approach for the same number of steps however,
we limit the training to this number for a particular reason namely, that both agents
continue to learn so given the non-stationarity there is continual oscillation in the agent
performance. For example, one agent may suddenly start to perform better than it
previously was, or conversely worse than it was prior and then suddenly change. This
fluctuating nature is largely due to the non-stationarity that exists with the two agents
simultaneously learning in the same environment.

7.2.1 Position Bias

Figure 7.4 illustrates the effects of positional bias in both Boxing and Pong environ-
ments. Figures 7.4a and 7.4b depict ADE(neg)-A competing against the base approach,
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(a) ADE(neg)-A versus the base approach (b) The base approach versus ADE(neg)-A

(c) ADE(neg)-A versus ADE (d) ADE versus ADE(neg)-A

Figure 7.4: The positional bias in Boxing and Pong can be seen in these examples. The
upper row shows examples from Boxing, while the bottom row shows examples from
Pong. Each subcaption indicates the competing approaches, with player one mentioned
first, followed by player two. These examples illustrate that in both games, player one
is at a disadvantage to player two, regardless of the approach they use.

with Figure 7.4a representing ADE(neg)-A as the first agent and Figure 7.4b as the sec-
ond agent. In both scenarios, position strongly influences agent performance, as both
sets of agents lose when they are player one. Similarly, Figures 7.4c and 7.4d demon-
strate this effect in the Pong environment, with ADE(neg)-A training against ADE. The
positional bias is evident in this domain as well. Moreover, we observe that in the
Boxing domain, although a strong position bias persists, agents avoid losing by the
maximum amount, as seen in Pong. The slight increase in rewards towards the end of
the training suggests that agents continue attempting to learn, yet remain unsuccessful
in defeating their opponent. Our results where we find that one agent does much more
poorly than another line up with those of Terry et al. [2022] and Lee et al. [2022].

Figure 7.5 presents the performance of each approach in the Boxing environment,
where the distance between two agents’ rewards for each game is recorded to em-
phasise the performance gap. Figures 7.5a and 7.5c display the mean rewards for the
approaches when playing as player one and player two, respectively. Notably, when
an agent is player one, they consistently lose, but the extent of the loss varies. Shan-
non entropy experiences the smallest loss when playing as player one. Interestingly,
the second-best performing approach, ADE(neg)-B, which shuns entropy, outperforms
its alternative, ADE, although their mean standard deviations are closely related, as
illustrated in Figure 7.5b. Moreover, we observe in Figure 7.5a that the RECO(neg)-
B method performs the poorest in this context, achieving a mean reward of −161.28
against other approaches. However, all approaches exhibit similar mean standard devi-
ations, as depicted in Figure 7.5b.
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Figure 7.5d shows agent performance when each approach plays as the second player.
In this situation, all approaches prevail, but the winning margin varies. ADE emerges as
the winner with the smallest margin against Shannon entropy. In addition, ADE(neg)-A
and Shannon entropy achieve two of the highest scores against another approach when
playing against RECO(neg)-A. Nevertheless, the score difference between the mean
performance of each approach when an agent is player two remains relatively similar.
Based on the results in Figure 7.5, we identify two trends. First, the position bias
exerts a substantial influence on agent performance, which we investigate further in
Section 7.2.3 and incorporate the results from Pong. Second, each approach appears to
be vulnerable to a specific approach, such as ADE competing against Shannon entropy
or ADE(neg)-A competing against RECO(neg)-B.
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(d) Player Two Standard Deviation in Re-
wards

Figure 7.5: Final performance for the last 10% of episodes in Boxing for all approaches.
The rewards and standard deviation are measured using the distance metric mentioned
earlier in Section 5.3 however, each agent’s individual reward would be half the reward
illustrated above. These graphs demonstrate the mean rewards and standard deviation
in these rewards when each approach plays as player one and two respectively.
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Figure 7.6: Lengths of each game in Boxing for ADE(neg)-A against all other ap-
proaches in the Round-Robin tournament. Each approach has the same number of
total steps to train over however, as illustrated by the base approach, the number of
steps in an episode may vary. Therefore, the lines can vary in terms of the number of
episodes.

In the study conducted by Lee et al. [2022], various reinforcement learning algorithms,
such as PPO, MAPPO, DQN, and others, were employed, allowing these algorithms
to compete against one another. The researchers facilitated agent interaction as both
players in Boxing and Pong, while also enabling agents to share observations through
parameter sharing. For the Boxing environment, they discovered that agents achieved
more victories when playing as the second player, demonstrating a substantial bias
towards this position. In contrast, their investigation of Pong revealed that it was more
challenging for the second agent to secure a win. Despite utilising parameter sharing
in their approach, which enables agents to view the game from the perspectives of
both the first and second player, the position bias remained a significant issue. Terry
et al. [2022] also examined the performance of parameter sharing in Pong. In their
study, they implemented multiple modifications to the observation space for the agents.
Nevertheless, they found that the position bias posed a considerable challenge for the
agent. Regardless of the observation modification, agents obtained similar rewards,
with most averaging around −20. Consequently, learning in MARL may be particularly
problematic, as Lee et al. [2022] observed that PPO’s sensitivity as a method could be
exacerbated in the MARL setting.

7.2.2 Game Lengths

As the game progresses, we found that the lengths of the games in terms of the number
of steps become shorter as the training continue. Figure 7.6 demonstrates this trend.
Initially, agents play relatively long games; however, as the training continues, agents
play shorter games. Although Figure 7.6 represents the length of games in Boxing, we
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found the same trend existed for Pong, which we have included in the appendix. We
found this to be the case for the other approaches; hence, this example is true for most
Round-Robin games. Thus, position bias may be more problematic than the approach
used.

7.2.3 Near End of Training Performance

To demonstrate overall performance for all agents we construct heatmaps shown in
Figure 7.7. These heatmaps represent the final 1000 episodes of each game for each
of the environments in our Round-Robin tournament. We add both sets of rewards for
when the agent was player one and player two. Then we take the mean of this score
over the final 1000 episodes. This allows us to determine whether there is any notable
performance difference between the various methods by the end of training. Whilst we
compare each agent to the various other approaches, as mentioned in Section 7.1.3,
we do not compare them to themselves (e.g. RECO(neg)-A will not be compared to
RECO(neg)-A or RECO(neg)-B).

In Figures 7.7a and 7.7b, we present the final performance in the Pong environment.
During our Round-Robin experiments, certain cases involved agents encountering er-
rors, particularly when one agent in the tournament faced NaNs. Off-diagonal blank
spaces in the results represent these instances. The white spaces on the diagonal in-
dicate scenarios where the opponent agent used the same approach, which were not
evaluated in the Round-Robin tournament, as explained earlier. In this environment,
agents could achieve a maximum distance of rewards of 40 and a minimum distance of
rewards of -40. However, the difference between various approaches (Figure 7.7a) is
zero or approximately zero, with negligible standard deviation (as all approaches have
near identical standard deviation), as seen in Figure 7.7b. This suggests that agents par-
ticipated in fair games, but in reality, the position bias determined the winning player.
Therefore, this environment indicates that in some circumstances, the approach used
may not be important as the position of plays will ultimately determine the winner.

In contrast, Figures 7.7c and 7.7d present the performance of various approaches in the
Boxing environment, where agents can achieve a maximum distance of rewards of 200
and a minimum of -200. The position bias continues to be influential, yet there is more
variation in agent performance. In this environment, the agent with the lowest mean
performance was RECO(neg)-B, registering a mean reward of −5.26. However, when
considering both sides of the game, no agent managed to reach the maximum differ-
ence of 200 or even a value greater than 10 when competing against other approaches.
This suggests that while agents’ performance may exhibit slight variations against dif-
ferent approaches, the mean score remains close to zero, indicating minor overall dif-
ferences once agents’ performances as both player one and player two are considered.
Moreover, Figure 7.7d reveals that agents display similar degrees of variation in their
mean rewards when accounting for performance in both positions. Consequently, by
considering both sides of the Round-Robin tournament for each agent, we find that,
in general, the various approaches are quite similar and primarily diverge when com-
peting against a specific approach. However, no substantial difference exists between
them overall.
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Figure 7.7: Heatmap of the mean reward and standard deviation for these rewards for
the final 10% of training for each approach against its opponent in the Round-Robin
tournament. A mean reward of zero indicates that the agents are equally matched.

7.3 Summary

In summary, we have demonstrated that our entropy-shunning agents do not experi-
ence a substantial disadvantage in competitive scenarios. As shown in Section 7.2.1
using Boxing as an example, agents’ performances can vary to some extent when com-
pared to other approaches. However, the degree of variation is not so extreme that
one approach dominates all others. Instead, as we discovered in Section 7.2.3, when
considering an agent’s performance as both player one and player two, all approaches
can exhibit similarities. Specifically, in the case of Pong (as depicted in Figure 7.7a),
the particular approach employed may have no impact on the outcome, whereas the
position plays a decisive role. On the other hand, in Boxing (as shown in Figure 7.7c),
although agent performance did vary when examining their roles as player one and
player two, when we accounted for their performance in both roles, the differences
were still present but relatively small. Thus, we conclude that certain approaches may
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perform better against others, but not to such an extent that they could still prevail
when playing from a position disadvantaged role.
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Chapter 8

Future Work and Conclusion

In this dissertation, we addressed an open problem in MARL concerning the function-
ality of multiple methods. Recent research on MARL has predominantly focused on the
CTDE case rather than the fully-decentralised case, as noted by Gorsane et al. [2022].
This issue is pertinent due to potential bandwidth constraints or unavailable simulators,
as highlighted in Chapter 3. Consequently, we concentrated on the fully-decentralised
case, with minimal modelling of other agents or handcrafted methods. By foregoing
handcrafted methods and modelling other agents, our methods become more broadly
applicable to various domains or novel problems.

We proposed a novel approach that penalises entropy to tackle the challenge of non-
stationarity in fully-decentralised MARL. This issue arises because the environment and
other agents continually evolve, making it difficult for agents to learn effective policies.
Our experiments revealed that penalising entropy achieves similar objectives as using
reward entropy in single-agent RL, such as improving sample efficiency and potentially
enhancing an agent’s final rewards. Our approach to penalising entropy, rather than
rewarding it, benefits agents in fully-decentralised MARL by improving their reliability
to one another. This is in contrast to traditional methods that reward entropy to en-
courage exploration, which can exacerbate the ringing agent problem caused by non-
stationarity. By subtracting entropy from the objective function, our approach effec-
tively addresses non-stationarity by leveraging the stochastic nature of agents’ actions,
inherent in neural networks, instead of adding extra exploration through reward en-
tropy. This key difference sets our approach apart from existing methods. Furthermore,
we explored the use of alternatives to the current measure of entropy, such as RECO,
which showed promising results in some cases, as demonstrated in our experiments
with Space Invaders.

Our method surpasses the baseline (standard PPO without entropy regularisation) in
games like Space Invaders and Cooperative Pong, while delivering performance akin to
that in others, such as Simple Spread. Moreover, in Simple Spread (Figure 6.10e), we
observed that increasing the entropy regularisation coefficient resulted in a subsequent
decline in performance for both ADE and Shannon entropy. This renders our approach
well-adapted for an array of cooperative tasks, illustrating its versatility and efficacy in
diverse contexts. Our method may be particularly advantageous in real-world applica-
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tions such as robotics or navigation systems, where agents possess limited communica-
tion and act autonomously. Our agents do not necessitate communication or informa-
tion exchange during training, making them self-sufficient and suitable for autonomous
systems that demand independent agents working towards a shared objective.

8.1 Limitations

Our future work’s primary focus is to address the need for clipping and explore poten-
tial solutions, thereby simplifying hyperparameter tuning by eliminating one of the two
hyperparameters in our method. The subtraction of entropy in our method introduces
a clipping coefficient, necessitating additional hyperparameter tuning. Redesigning the
equations, such as RECO(neg) and ADE(neg), might provide an alternative to clipping,
initially intended to prevent exploding gradients. By circumventing the need for clip-
ping, we could remove an extra parameter from the model. In some instances, our
approach accumulates entropy, and the value may become excessively large, requiring
further hyperparameter tuning to balance positive and negative rewards. Moreover,
for methods like the standard actor-critic that lack a surrogate function, creating one
could help agents avoid large policy changes, which some algorithms do not account
for. This surrogate function is crucial because substantial policy updates may impair
agent performance [Schulman et al. 2017b].

8.2 Future Work

We aim to investigate modifications and alternative modifications in greater detail in
future work, examining their impact on various aspects of MARL and determining the
most effective alterations for different scenarios. A potential modification might resem-
ble that of Jaques et al. [2019], which includes an influence reward or that of Foerster
et al. [2017b], which models other agents’ expected policy updates. In line with our ob-
jectives, we could consider using a curiosity module similar to the work done by Pathak
et al. [2017]. Rather than rewarding agents for influencing another agent, we could
encourage them first to learn to model their environment, thereby aiding exploration.
Following this, we might encourage agents to become more reliable as their predictions
of the system’s dynamics become more accurate. Hence, once agents can understand
the dynamics, they are encouraged to become more deterministic and, thus, able to
take their desired actions more regularly than would be the case if they were constantly
encouraged to explore. Alternatively, we could apply the model to perform counterfac-
tual reasoning as proposed by Foerster et al. [2018]. Agents could receive a difference
reward based on what a model predicts would be their reward for taking the best pos-
sible action in the state rather than the action they actually take. This approach would
enable agents to assign credit to themselves in a fully-decentralised manner without
needing to model other agents. Moreover, it could integrate with our approach of en-
couraging the agent to be more reliable and, thus, more likely to select the perceived
optimal action after adequate exploration.

81



We acknowledge that not all scenarios necessitate agents becoming increasingly deter-
ministic from the outset. To achieve robustness akin to the maximum entropy demon-
strated by Ziebart et al. [2008] and Haarnoja et al. [2018] in single-agent RL, we must
adapt our approach to be more robust in cases where individual agents require some de-
gree of exploration. An adaptive approach, incorporating alternating phases of entropy
reward and reliability improvement, could prove beneficial. This adaptive approach
would resemble the work of Xing et al. [2021], in which an agent’s entropy usage
changes during training. However, we would adapt it to allow an agent to indepen-
dently decide the necessary entropy based on its circumstance rather than generating
entropy for its teammates’ policies. This flexibility may be particularly relevant in envi-
ronments where initial exploration is vital due to reward sparsity. To enhance agents’
reliability, we propose incorporating an action or state prediction module (i.e. a dy-
namics module similar to Pathak et al. [2017]) for each agent. As agents become more
reliable, this module would enable them to better comprehend the system’s dynamics,
anticipate their teammates’ actions, and predict environmental changes based on their
current observation and what they can control. Consequently, agents can make more
cooperative and forward-thinking decisions.

One promising direction for future research lies in examining the influence of entropy
on inter-agent communication. For instance, previous studies such as that by Cui et
al. [2022] have demonstrated the ability of MARL agents to establish meaningful com-
munication protocols. Complex environments like Hanabi necessitate agents to devise
strategies for conveying information regarding the potential actions of their counter-
parts at each step. We hypothesise that entropy-shunning agents might lean towards
being more self-centered, especially considering the inherent noise when trying to es-
tablish a communication protocol. On the other hand, entropy-embracing agents might
actively strive to develop such a protocol. This scenario emerges because agents aren’t
equipped with a predefined message-passing protocol and must cultivate one through
interaction. However, constructing such a protocol demands extensive exploration,
where the presence of entropy could prove beneficial by promoting diverse communi-
cation methods. In contrast, entropy-shunning agents might inherently shy away from
experimenting with varied communication strategies. In scenarios demanding intricate
communication techniques, experiencing a broad spectrum of information conveyance
methods can be invaluable for enhanced coordination. Therefore, entropy-embracing
agents might have the upper hand in achieving higher long-term rewards in such situ-
ations. Nonetheless, this hypothesis warrants further in-depth investigation.

In Section 6.1.2 concerning the Space Invaders environment, we observed that entropy-
shunning was beneficial. In contrast, embracing entropy resulted in a decline in per-
formance. Conversely, in Section 6.1.3 for Cooperative Pong, the impact of entropy
was negligible, as all approaches performed similarly. This suggests a valuable research
direction: determining which environmental attributes necessitate an agent to be re-
warded for entropy. Or conversely, identifying environments where entropy should be
avoided. Grasping when to prioritise high entropy policies — based on environmen-
tal attributes and when to eschew them would be invaluable in formulating an agent’s
policy and strategy. This topic merits consideration for future research.
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8.3 Conclusion

Our research delineates the potential advantages of penalising entropy in the objec-
tive function within the realm of fully-decentralised MARL. Rather than underscoring
the simplicity of our method, it’s vital to highlight the pioneering nature of our ap-
proach. By venturing into the territory of penalising entropy, we introduce a fresh
perspective into the established practices of MARL, offering an alternative to the pre-
vailing paradigm that mostly champions the encouragement of entropy. Our method’s
adaptability is evident in its integration capability; by merely extending hyperparameter
searches during training to encapsulate the regime of penalising entropy, our approach
can seamlessly fit into existing frameworks, illustrating potential benefits in specific sce-
narios. Moreover, this adaptability showcases its practicality and potential applicability
across a diverse range of contexts. Our exploratory efforts in the domain of negative
entropy coefficients, in conjunction with positive coefficients, attest to our method’s
versatility.

In the cooperative environment, our findings indicate that our approach doesn’t com-
promise on agent performance. In instances, it even excels beyond the baseline ap-
proach, notably outperforming the prevalent method of embracing entropy in games
like Space Invaders. On the other hand, in competitive scenarios, our strategy of penal-
ising agents based on their uncertainty doesn’t significantly diminish their efficiency.
Contrary to traditional practices that bolster entropy, our experiments with Simple
Spread and, notably, Space Invaders suggest that such an approach might lead to dete-
riorating agent performance. Therefore, our alternative stance on entropy, advocating
for its penalisation, emerges as a compelling, effective strategy, offering a fresh avenue
to enhance the capabilities of current fully-decentralised MARL agents, especially in
cooperative settings.
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Yoshua Bengio. On the properties of neural machine translation: Encoder-decoder
approaches. arXiv preprint arXiv:1409.1259, 2014.

[Chu and Ye 2017] Xiangxiang Chu and Hangjun Ye. Parameter sharing deep deter-
ministic policy gradient for cooperative multi-agent reinforcement learning. arXiv
preprint arXiv:1710.00336, 2017.

[Claus and Boutilier 1998] Caroline Claus and Craig Boutilier. The dynamics of re-
inforcement learning in cooperative multiagent systems. AAAI/IAAI, 1998(746-
752):2, 1998.

[Cui et al. 2022] Brandon Cui, Andrei Lupu, Samuel Sokota, Hengyuan Hu, David J
Wu, and Jakob Nicolaus Foerster. Adversarial diversity in hanabi. In The Eleventh
International Conference on Learning Representations, 2022.

[Duan et al. 2016] Yan Duan, John Schulman, Xi Chen, Peter L Bartlett, Ilya Sutskever,
and Pieter Abbeel. Fast reinforcement learning via slow reinforcement learning.
arXiv preprint arXiv:1611.02779, 2016.

[Eysenbach and Levine 2019] Benjamin Eysenbach and Sergey Levine. If maxent rl is
the answer, what is the question? arXiv preprint arXiv:1910.01913, 2019.

[Fernandes and BF 2017] Fernandes and Heitor BF. Darwin’s unfinished symphony:
How culture made the human mind. Animal Behaviour, 133:207–208, 2017.

[Foerster et al. 2017a] Jakob Foerster, Nantas Nardelli, Gregory Farquhar, Triantafyl-
los Afouras, Philip HS Torr, Pushmeet Kohli, and Shimon Whiteson. Stabilising
experience replay for deep multi-agent reinforcement learning. In International
conference on machine learning, pages 1146–1155. PMLR, 2017.

[Foerster et al. 2017b] Jakob N Foerster, Richard Y Chen, Maruan Al-Shedivat, Shimon
Whiteson, Pieter Abbeel, and Igor Mordatch. Learning with opponent-learning
awareness. arXiv preprint arXiv:1709.04326, 2017.

[Foerster et al. 2018] Jakob Foerster, Gregory Farquhar, Triantafyllos Afouras, Nantas
Nardelli, and Shimon Whiteson. Counterfactual multi-agent policy gradients. In
Proceedings of the AAAI conference on artificial intelligence, volume 32, 2018.

[Foerster et al. 2019] Jakob Foerster, Francis Song, Edward Hughes, Neil Burch, Iain
Dunning, Shimon Whiteson, Matthew Botvinick, and Michael Bowling. Bayesian
action decoder for deep multi-agent reinforcement learning. In International Con-
ference on Machine Learning, pages 1942–1951. PMLR, 2019.

[Foerster 2018] Jakob N Foerster. Deep multi-agent reinforcement learning. PhD thesis,
University of Oxford, 2018.

85



[Gorsane et al. 2022] Rihab Gorsane, Omayma Mahjoub, Ruan de Kock, Roland Dubb,
Siddarth Singh, and Arnu Pretorius. Towards a standardised performance evalu-
ation protocol for cooperative marl. arXiv preprint arXiv:2209.10485, 2022.

[Grover et al. 2018] Aditya Grover, Maruan Al-Shedivat, Jayesh Gupta, Yuri Burda,
and Harrison Edwards. Learning policy representations in multiagent systems.
In International conference on machine learning, pages 1802–1811. PMLR, 2018.

[Gupta et al. 2017] Jayesh K Gupta, Maxim Egorov, and Mykel Kochenderfer. Coop-
erative multi-agent control using deep reinforcement learning. In International
conference on autonomous agents and multiagent systems, pages 66–83. Springer,
2017.

[Ha et al. 2016] David Ha, Andrew Dai, and Quoc V Le. Hypernetworks. arXiv preprint
arXiv:1609.09106, 2016.

[Haarnoja et al. 2017] Tuomas Haarnoja, Haoran Tang, Pieter Abbeel, and Sergey
Levine. Reinforcement learning with deep energy-based policies. In International
conference on machine learning, pages 1352–1361. PMLR, 2017.

[Haarnoja et al. 2018] Tuomas Haarnoja, Aurick Zhou, Pieter Abbeel, and Sergey
Levine. Soft actor-critic: Off-policy maximum entropy deep reinforcement learn-
ing with a stochastic actor. In International conference on machine learning, pages
1861–1870. PMLR, 2018.

[Hansen et al. 2004] Eric A. Hansen, Daniel S. Bernstein, and Shlomo Zilberstein. Dy-
namic programming for partially observable stochastic games. In AAAI, pages
709–715. AAAI Press / The MIT Press, 2004.

[Harari 2014] Yuval Noah Harari. Sapiens: A brief history of humankind. Random
House, 2014.

[Hausknecht and Stone 2015] Matthew Hausknecht and Peter Stone. Deep recurrent
q-learning for partially observable mdps. arXiv preprint arXiv:1507.06527, 2015.

[He et al. 2016] He He, Jordan Boyd-Graber, Kevin Kwok, and Hal Daumé III. Op-
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Appendix

The following additional graphs, excluded from the main text of this dissertation, are
presented to provide further insight into the empirical performance during training for
each approach. Accompanying each figure is a caption detailing the specific experi-
ment’s results being depicted. Figure 1 displays the rewards of various approaches in
the Simple Spread environment. In Figure 2, the rewards for each approach in the
Space Invaders Environment are illustrated. Subsequently, Figure 3 presents the length
of each episode in Space Invaders in terms of the number of steps taken. Figure 4 high-
lights the rewards for each approach in Cooperative Pong, while Figure 5 reveals the
number of steps each approach required for each episode during training. Figures 6, 7
and 8 demonstrate the reward for each approach in our ablation study of the various co-
operative environments. Lastly, Figures 9, 10, 11 and 12 demonstrate the performance
of each approach in the Round-Robin in terms of rewards attained.
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(a) ADE (b) Shannon

(c) RECO (d) ADE(neg)

(e) RECO(neg)

Figure 1: Learning curve showing the reward for episode for each approach from hy-
perparameter tuning in the Simple Spread environment (higher is better).
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(a) ADE (b) Shannon

(c) RECO (d) ADE(neg)

(e) RECO(neg)

Figure 2: Learning curve showing the reward for episode for each approach from hy-
perparameter tuning in the Space Invaders environment (higher is better).
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(a) ADE (b) Shannon

(c) RECO (d) ADE(neg)

(e) RECO(neg)

Figure 3: Learning curve showing the length of the episode (in terms of the number of
steps) for each approach from hyperparameter tuning in the Space Invaders environ-
ment.
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(a) ADE (b) Shannon

(c) RECO (d) ADE(neg)

(e) RECO(neg)

Figure 4: Learning curve showing the reward for episode for each approach from hy-
perparameter tuning in the Cooperative Pong environment (higher is better).
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(a) ADE (b) Shannon

(c) RECO (d) ADE(neg)

(e) RECO(neg)

Figure 5: Learning curve showing the length of the episode (in terms of the number of
steps) for each approach from hyperparameter tuning in the Cooperative Pong environ-
ment.
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(a) Base Zeta (b) Clear Entropy

(c) Entropy Bonus (d) Surrogate Function

Figure 6: Learning curve showing the reward for episode for each approach from abla-
tion in the Simple Spread environment (higher is better).

(a) Base Zeta (b) Clear Entropy

(c) Entropy Bonus (d) Surrogate Function

Figure 7: Learning curve showing the reward for episode for each approach from abla-
tion in the Space Invaders environment (higher is better).
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(a) Base Zeta (b) Clear Entropy

(c) Entropy Bonus (d) Surrogate Function

Figure 8: Learning curve showing the reward for episode for each approach from abla-
tion in the Cooperative Pong environment (higher is better).
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(a) ADE vs Base (b) ADE vs RECO (c) Base vs ADE

(d) RECO vs ADE (e) Base vs RECO (f) RECO vs Base

(g) ADE vs Shannon (h) Shannon vs ADE (i) Base vs Shannon

(j) RECO vs Shannon (k) Shannon vs Base (l) Shannon vs RECO

(m) ADE vs ADE(neg)-A (n) ADE vs ADE(neg)-B (o) ADE(neg)-A vs ADE

Figure 9: The positional bias in Boxing can be seen in these examples. Each subcap-
tion indicates the competing approaches, with player one mentioned first, followed by
player two. Here, we are representing rewards from player one’s point of view hence,
higher is better. These examples illustrate that in both games, player one is at a disad-
vantage to player two, regardless of the approach they use.
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(a) ADE(neg)-B vs ADE (b) ADE(neg)-A vs RECO (c) ADE(neg)-B vs Base

(d) ADE(neg)-B vs RECO (e) ADE vs RECO(neg)-A (f) ADE vs RECO(neg)-B

(g) Base vs ADE(neg)-A (h) Base vs ADE(neg)-B (i) RECO vs ADE(neg)-A

(j) RECO vs ADE(neg)-B (k) RECO(neg)-A vs ADE (l) RECO(neg)-B vs ADE

(m) Base vs RECO(neg)-A (n) Base vs RECO(neg)-B (o) RECO(neg)-A vs Base

Figure 10: The positional bias in Boxing can be seen in these examples. Each subcap-
tion indicates the competing approaches, with player one mentioned first, followed by
player two. Here, we are representing rewards from player one’s point of view hence,
higher is better. These examples illustrate that in both games, player one is at a disad-
vantage to player two, regardless of the approach they use.
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(a) RECO(neg)-A vs RECO (b) RECO(neg)-B vs Base (c) RECO(neg)-B vs RECO

(d) RECO vs RECO(neg)-A (e) RECO vs RECO(neg)-B (f) ADE(neg)-A vs Shannon

(g) ADE(neg)-B vs Shannon (h) Shannon vs ADE(neg)-B (i) Shannon vs ADE(neg)-A

(j) Shannon vs ADE(neg)-B
(k) RECO(neg)-A vs Shan-
non

(l) RECO(neg)-B vs Shan-
non

(m) Shannon vs RECO(neg)-
A

(n) Shannon vs RECO(neg)-
B

(o) ADE(neg)-A vs
RECO(neg)-A

Figure 11: The positional bias in Boxing can be seen in these examples. Each subcap-
tion indicates the competing approaches, with player one mentioned first, followed by
player two. Here, we are representing rewards from player one’s point of view hence,
higher is better. These examples illustrate that in both games, player one is at a disad-
vantage to player two, regardless of the approach they use.
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(a) ADE(neg)-A vs
RECO(neg)-B

(b) ADE(neg)-B vs
RECO(neg)-A

(c) ADE(neg)-B vs
RECO(neg)-B

(d) RECO(neg)-A vs
ADE(neg)-A

(e) RECO(neg)-A vs
ADE(neg)-B

(f) RECO(neg)-B vs
ADE(neg)-A

(g) RECO(neg)-B vs
ADE(neg)-B

Figure 12: The positional bias in Boxing can be seen in these examples. Each subcap-
tion indicates the competing approaches, with player one mentioned first, followed by
player two. Here, we are representing rewards from player one’s point of view hence,
higher is better. These examples illustrate that in both games, player one is at a disad-
vantage to player two, regardless of the approach they use.
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