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Abstract

This thesis investigates cooperative behavior in multi-agent reinforcement learning

through a shared-policy formulation based on Proximal Policy Optimization (PPO).

The study uses the Pistonball-v6 environment as a case study, where multiple agents

operate under partial observability and decentralized execution while being con-

trolled by a single shared neural policy. The objective is to examine how coordina-

tion emerges without learned communication channels, centralized control, or agent-

specific role specialization.

The implementation is based on a convolutional actor–critic architecture trained with

PPO using parameter sharing across all agents. The experimental analysis focuses on

the effects of hyperparameter selection, rollout length, entropy regularization, fine-

tuning strategies, and evaluation methodology. Multiple training configurations and

random seeds were evaluated in order to examine the stability and reproducibility

of cooperative behavior.

The results demonstrate that non-trivial coordination can emerge despite strong ob-

servational and architectural constraints. Several configurations were able to produce

sustained cooperative behavior and maintain collective ball movement for extended

periods of time. At the same time, the experiments revealed substantial sensitivity to

initialization, stochasticity, and training dynamics, with policy performance varying

considerably across seeds and evaluation settings. Additionally, in our experiments,

stochastic evaluation consistently produced stronger and more representative beha-

vior than deterministic execution, suggesting that stochasticity may contribute to

behavioral adaptability in partially observable cooperative environments.

Overall, the findings indicate that shared-policy PPO constitutes a viable frame-

work for studying coordination in cooperative multi-agent reinforcement learning.
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Although the approach exhibits important limitations in terms of stability and repro-

ducibility, the results demonstrate that meaningful cooperative behavior can emerge

from relatively simple shared-policy architectures without explicit communication

mechanisms.
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Chapter 1

Introduction

Reinforcement Learning (RL) has become a central research area within modern

artificial intelligence, providing a framework in which agents learn to make de-

cisions through trial-and-error interaction with their environment, Richard S. Sutton

and Barto, 2018. Its formulation as a sequential decision-making problem has en-

abled substantial progress in domains such as robotics, autonomous systems, and

simulation-based control, where actions must be optimized over time under uncer-

tainty Bertsekas, 1987.

The integration of deep learning with reinforcement learning has further extended

these methods to high-dimensional state spaces and complex control problems, al-

lowing agents to operate directly on rich sensory inputs such as images Schulman,

Wolski et al., 2017. This combination has significantly broadened the applicability

of reinforcement learning beyond small, structured domains.

As reinforcement learning methods have matured, increasing attention has shifted

toward settings involving multiple interacting decision-makers, where learning dy-

namics are influenced not only by the environment but also by the evolving behavior

of other agents Hernandez-Leal et al., 2017. Such multi-agent systems introduce

additional challenges, including non-stationarity, partial observability, and credit

assignment, which complicate both training stability and performance evaluation

Albrecht and Ramamoorthy, 2012.

Within this broader context, this thesis examines cooperative learning in physics-

based environments through a shared-policy learning formulation, exploring how

1



coordinated behavior can arise when multiple interacting components are optimized

toward a shared objective. By focusing on the dynamics of cooperation and stability

under uncertainty, the work aims to provide empirical insight into the relationship

between learning structure, coordination, and robustness in complex reinforcement

learning settings.
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Chapter 2

Theoretical Background

2.1 Fundamentals of Reinforcement Learning

2.1.1 Introduction of Reinforcement Learning

To begin this chapter, we will attempt to describe and explain reinforcement learning

and its main features. To do so, let us first briefly place it within the broader field

of machine learning.

Machine learning is a general class of solution methods designed to solve specific

types of problem by learning from data. Within this field, we traditionally distinguish

between two main types of learning: supervised and unsupervised learning. However,

there is also a third category—reinforcement learning, our category—which follows

a very different logic and is used to solve problems that the other two cannot easily

address.

Machine Learning

Unsupervised Supervised Reinforcement

Figure 2.1: Basic ML categories.

Reinforcement learning (RL) is a method in which we have an agent that interacts

with an environment and gradually learns which actions to take in order to achieve

3



a goal. The goal is predefined by us, and the agent must figure out how to reach

it based on experience. Even from this basic description, we can already sense how

different RL is from both supervised and unsupervised learning.

But there are also specific characteristics that clearly set RL apart as a learning

approach:

1. Closed-Loop Problems

The types of problem RL deals with are closed-loop problems. That means

that the agent does not just act once and stop—it acts, observes the result,

and acts again, in an ongoing loop. The goal is to achieve the best possible

outcome by taking actions that lead to the highest total reward. This reward

is not only about the next step—it also includes the long-term consequences

of each action. To be able to calculate this future impact, the problem must

have a structure that allows feedback and continuous interaction.

2. No Explicit Instructions

RL learns from interaction without being told what to do in each situation.

Unlike supervised learning, we do not give examples of the "right" action. In

many environments, it would be impossible to define in advance how the agent

should act in every possible scenario, especially when the future steps also

depend on the current one. RL solves this by letting the agent learn from

experience.

3. Uncertainty in Rewards

A key challenge in RL is that we do not always know the reward of an action

right away. Sometimes an action may seem bad in the short term but lead to

a good outcome later on—or the opposite. This uncertainty about long-term

results is another reason why RL problems are fundamentally different.

Now, let us compare this with the other two main types of learning to understand

the distinction more clearly.

In supervised learning, the model is trained using a dataset of labeled examples,

where each situation is matched with the correct answer or category. This kind of

Theoretical Background 4



learning dominates much of the current research in machine learning. The system is

told: “In this situation, do this.” It does not interact with the environment—it only

learns from the provided examples.

Although this method is very useful, it is static. Learning comes from fixed data

and known outcomes. The model does not improve through experience or learn how

to act in new, unseen situations without being told what to do. In contrast, in RL,

the agent learns from its own actions and their consequences.

In unsupervised learning, there are no labels. The goal is to discover hidden patterns

or groupings in the data. Because it lacks predefined answers, some might assume it

is closer to RL. But the key difference is that unsupervised learning does not involve

a goal. There is no feedback in the form of rewards, and the system does not act—it

simply analyzes.

This absence of both interaction and goal-directed behavior is why unsupervised

learning also does not cover the types of problem that RL addresses. In fact, it is

this gap—the need to learn through experience, without being told what to do, while

pursuing a goal—that created the need for this third approach.

Now that we have outlined this difference and introduced the logic of reinforcement

learning, we can move toward a more formal definition:

Reinforcement Learning (RL) is a computational framework in which an agent in-

teracts with an environment by taking actions in order to maximize a notion of

cumulative reward over time. The process is typically formalized through a sequence

of observations, actions, and rewards. Richard S. Sutton and Barto (2018)

2.1.2 Elements of Reinforcement Learning

From here, we will continue by analyzing the internal structure of reinforcement

learning (RL) and its core components in more detail. To do so, we will use ex-

amples similar to those found in Sutton and Barto’s "Reinforcement Learning: An

Introduction" , and then comment on the structure of the main elements: Agent,

Environment, Reward, State, and Action.

Theoretical Background 5



Example 1 — Student Solving a Puzzle

A student working on a jigsaw puzzle places a piece in the wrong spot. This not

only fails to complete that section, but also changes what pieces seem to “fit” later,

possibly leading to more mistakes. Correct placements, on the other hand, open up

new edges and reduce possibilities for the next move.

Example 2 — Playing Chess

A master chess player makes a move. The choice is informed both by planning—anticipating

possible replies and counter replies—and by immediate, intuitive judgments of the

desirability of particular positions and moves.

Example 3 — Mobile Robot Cleaning

A mobile robot decides whether to enter a new room to search for more trash or

return to its battery recharging station. It makes this decision based on its current

battery level and how quickly and easily it has been able to locate the charger in the

past. (Sutton and Barto)

In all these examples, we have an agent , a learner, or a decision maker who aims to

achieve a goal (completing the puzzle, winning the chess game, cleaning rooms) while

interacting with something called the environment . The student does not yet know

how to solve the puzzle, the chess player does not know what move the opponent

will make, and the mobile robot must periodically check the rooms for trash while

also monitoring its battery level.

It is important to note that the agent’s actions change the state of the environment,

which in turn affects the options available in future steps. Every snapshot of the

environment perceived by the agent is called a state. For example, when a chess

game begins, the initial arrangement of pieces defines the starting state. After the

first move, the board changes, resulting in a new state, and the agent must choose

its next action based on this updated information.

Each action taken by the agent moves it closer to or further from its goal. If it

moves closer, we say that the action produced a positive reward (e.g., capturing an

opponent’s piece in chess, correctly placing a puzzle piece, cleaning a room). The
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agent will reach its goal only if it consistently selects actions—based on current

state—that produce higher rewards and lead to the goal.

Finally, we must emphasize that the reward from an action is not valued solely for

its immediate effect, but also for its influence on future states. For example, in chess,

a move might sacrifice a piece now but set up a winning strategy later; in the puzzle,

placing a tricky corner piece early may make future placements much easier; for the

robot, returning to recharge at the right time ensures it can continue cleaning in the

future. This involves both planning and forecasting.

How we define the problem plays a crucial role, as we must identify the agent and

decide what will be modeled as the environment in order to achieve the goal. In the

chess game and puzzle, this distinction is straightforward, but in the cleaner robot

example the boundaries are more complex — the environment is “not necessarily

only what is outside of a robot or organism. The battery of the example robot is

part of the environment of its controlling agent, it is a feature of the environment

of its internal decision-making agent” (Sutton and Barto, 2018). In many cases, the

state of the environment of an agent might also include aspects of the machine or

organism itself, such as its internal status, stored memories, or even projected goals.

We can now clearly see that what reinforcement learning methods aim to do is find

the best way to forecast and plan so that the agent chooses actions which, over time,

will achieve the goal as quickly and as consistently as possible.

Figure 2.2: Illustration of a Reinforcement Learning Process.

There are some more specific subelements that define—and are, at the same time—the

heart of how agents work. These subelements are the policy, the reward signal, the

value function, and optionally a model of the environment.

Theoretical Background 7



A policy defines the way the learning agent behaves at a given time. Roughly speak-

ing, a policy is a mapping from perceived states of the environment to actions to be

taken when in those states (Sutton and Barto). We can think of it as the agent’s

response to a stimulus (with the state being the stimulus). A policy can be a simple

function or involve extensive computation, depending on the set of actions available

to the agent. The policy is at the core of reinforcement learning in the sense that it

determines the behavior of the agent. In general, policies may be stochastic. How-

ever, the behavior of the agent can change over time. What can change the behavior

of the agent?

We talked about rewards earlier in this section, but now we will give a more detailed

definition. A reward signal defines the goal of a reinforcement learning problem. In

each time step, the environment sends to the reinforcement learning agent a single

number—a reward. The agent’s sole objective is to maximize the total reward it

receives over time. The reward signal thus defines what the good and bad events are

for the agent (Sutton and Barto). We can think of a positive result as pleasure and

a negative result as pain. The important point is that the only way for an agent to

obtain a reward, as described above, is through its actions. When the agent acts, two

things happen: the state changes (the environment changes), and the environment

returns a reward signal (pleasure or pain). If this action produces a low reward, the

policy may change so that some other action is chosen in the future for a similar or

identical state.

This brings us to our third definition: the value function. In general, a value function

also specifies what is good or bad, but in the long run. If an agent chooses an action,

the reward acts as an immediate signal indicating whether it is good or bad, but the

value function also estimates the total amount of reward the agent can expect from

that action in the future as well. The reward is immediate, but the value function

must forecast the states likely to follow and the rewards available in those states.

Without rewards, there would be no value function, and the purpose of the value

function is to achieve more rewards. To sum up: actions (and therefore policies)

are based on estimated values, which are themselves based on rewards. As you can
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imagine, the difficult part of this problem is predicting the value of an action in an

unknown environment.

The fourth and final element—though not always necessary in reinforcement learn-

ing—is the model. A model mimics the behavior of the environment after selecting

an action in a specific state, allowing it to predict the following state and reward.

Models are used for planning and to help select actions that will bring higher rewards

in the future. Methods that use models are called model-based and are generally

more complex than model-free methods, which are usually based on trial-and-error

learning.

Figure 2.3: Illustration of a Reinforcement Learning Process.

2.1.3 Mathematical Framing of RL

So far, we have described reinforcement learning with words and examples. To move

toward a more formal description, let us introduce a simple mathematical notation.

We imagine the interaction between the agent and the environment as occuring in a

sequence of discrete time steps t = 0, 1, 2, . . .. At each time step:

• The agent observes the current state St ∈ S.

Theoretical Background 9



• Based on this state, it chooses an action At ∈ A(St), following its policy π.

• The environment responds by giving a reward Rt+1 ∈ R and by moving to a

new state St+1.

This produces a trajectory of interaction:

S0, A0, R1, S1, A1, R2, . . .

The agent’s objective is to choose actions in a way that maximizes the total reward

it can expect over time. We call this total the return, defined as

Gt =
∞∑

k=0
γkRt+k+1,

where 0 ≤ γ ≤ 1 is the discount factor, which makes future rewards count a little

less than immediate ones.

Policy. The agent’s behavior is defined by a policy π, which is a mapping of states

to probabilities of actions:

π(a|s) = Pr(At = a | St = s).

Value Function. A central concept in RL is the idea of predicting future reward.

The state-value function vπ(s) under policy π is the expected return starting from

state s and then following π:

vπ(s) = Eπ[Gt | St = s].

Action-Value Function (Q-function). Similarly, the action-value function

qπ(s, a) is the expected return starting from state s, taking action a, and then fol-

lowing π:

qπ(s, a) = Eπ[Gt | St = s, At = a].

These value functions provide a way to compare different actions or states in terms

of their long-term desirability. They are the mathematical version of the “value”

idea we introduced earlier.
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Model (optional). Finally, some methods also use a model of the environment,

which specifies the transition probabilities and rewards:

P (s′ | s, a) = Pr(St+1 = s′ | St = s, At = a),

R(s, a) = E[Rt+1 | St = s, At = a].

Models are useful for planning because they let the agent simulate possible futures

without directly experiencing them.

This mathematical framework allows us to describe RL problems more precisely.

However, to make them solvable, we need one more important assumption: that the

current state contains all the information needed to predict what will happen next.

This assumption is called the Markov property and leads directly to the idea of a

Markov Decision Process (MDP).

2.1.4 Markov Decision Process (MDP)

In this subchapter we are going to describe the concept of Markov Desicion Proccess

and why is it so crucial for the reinforcement learning scientific field.

Based on the definitions we gave previously, agent decides in part on experience—on

the past states, and in part on the actions it has taken. In tasks with many steps,

or in continuous problems, this would mean relying on an enormous amount of

historical data, which would be impossible to handle explicitly. The real question

then is: which details of a state should we keep? The answer is given by the Markov

property: a state is Markov if it retains all the information necessary to predict the

future.

For example, think of navigating a maze. The agent’s current position is a Markov

state because it summarizes everything important about the path that led there.

The details of the path are lost, but all that matters for future decisions is preserved

in the current position. This is sometimes described as an “independence of path”

property (Richard S. Sutton and Barto, 2018), meaning that the significance of the

current state does not depend on the exact history of events that preceded it.
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Formally, Richard S. Sutton and Barto (2018) define the dynamics of environment

as follows. In the most general case, the next state and the reward at time t + 1

could depend on the entire history:

Pr{Rt+1 = r, St+1 = s′ | S0, A0, R1, . . . , St−1, At−1, Rt, St, At}.

However, if the state has the Markov property, then the response of environment at

t + 1 depends only on the state and action at time t:

p(s′, r | s, a) = Pr{Rt+1 = r, St+1 = s′ | St = s, At = a}.

In simple words, with the Markov property we can decide the next action using only

the current state since it already captures all relevant history we need. Thus, the

best policy defined over Markov states is just as good as one defined over complete

histories. Even when tasks are not strictly Markov, reinforcement learning often

treats them as approximate MDPs.

Definition. A reinforcement learning task that satisfies the Markov property is

called a Markov Decision Process (MDP). If the state and action spaces are finite,

it is a finite MDP, which is central to reinforcement learning theory and underlies

most modern applications (Richard S. Sutton and Barto, 2018).

The transition dynamics of an MDP are given by:

p(s′, r | s, a) = Pr{St+1 = s′, Rt+1 = r | St = s, At = a}.

From these dynamics, we can derive useful quantities:

• Expected rewards for state–action pairs:

r(s, a) = E[Rt+1 | St = s, At = a] =
∑
r∈R

r
∑
s′∈S

p(s′, r | s, a),
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• State-transition probabilities:

p(s′ | s, a) = Pr{St+1 = s′ | St = s, At = a} =
∑
r∈R

p(s′, r | s, a),

• Expected rewards for state–action–next-state triples:

r(s, a, s′) = E[Rt+1 | St = s, At = a, St+1 = s′] =
∑

r∈R r p(s′, r | s, a)
p(s′ | s, a) .

We can now understand how crucial it is for a problem to satisfy the Markov property.

This assumption greatly simplifies the computation of value functions and policies.

When it does not hold, the problem becomes partially observable and significantly

more complex; however, such cases are beyond the scope of this work and will not

be analyzed further.

2.2 Key Reinforcement Learning Algorithms

So, based on the introduction to reinforcement learning and the description of its

elements, we are now ready to describe how the agent actually learns to reach the

goal defined in each reinforcement learning problem. The answer lies in algorithms.

In a simplified way, algorithms either estimate the value function to induce a better

policy (value-based methods) or optimize the policy directly (policy-based methods).

The two perspectives are fundamentally connected through the Bellman equations.

To introduce these ideas, we will first assume that the transition probabilities

between states are known ,that is because we have a complete model of the

environment. Under this assumption, reinforcement learning can be framed within

the dynamic programming paradigm, where the Bellman (1956) equations provide

the formal link between value functions and policies. If these equations could be

solved exactly, the learning problem would be solved in principle. In reality, the

model is rarely available, and even if it were, solving the Bellman equations exactly

is computationally infeasible for large or continuous state spaces.

The Bellman expectation equation for a policy π is:
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vπ(s) = Eπ

[
Rt+1 + γvπ(St+1) | St = s

]
,

The value of a state s is the expected immediate reward plus the discounted value of

the next state, if the agent follows policy π.

Expanding the expectation, we have:

vπ(s) =
∑
a∈A

π(a|s)
∑
s′∈S

∑
r∈R

p(s′, r|s, a)
[
r + γvπ(s′)

]
.

Here: π(a|s) is the probability of taking action a in state s, p(s′, r|s, a) is the prob-

ability of moving to s′ and receiving reward r, and γ is the discount factor.

For state–action pairs, the action-value function is:

qπ(s, a) = Eπ

[
Rt+1 + γqπ(St+1, At+1) | St = s, At = a

]
.

This expresses the value of taking action a in state s, and then following policy π

afterwards.

Replacing the expectation with a maximum leads to the optimality equations.

For states:

v∗(s) = max
a∈A

∑
s′∈S

∑
r∈R

p(s′, r|s, a)
[
r + γv∗(s′)

]
,

The optimal value of state s is the best possible expected return over all actions a.

And for state–action pairs:

q∗(s, a) =
∑
s′∈S

∑
r∈R

p(s′, r|s, a)
[
r + γ max

a′
q∗(s′, a′)

]
.

The optimal action-value q∗(s, a) equals the expected reward plus the discounted value

of the best action at the next state.
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These optimality equations define the basis for dynamic programming methods such

as value iteration and policy iteration.Presenting the value iteration algorithm in

pseudocode helps to translate these equations into a concrete, step-by-step procedure.

This not only illustrates how the update is applied in practice but also clarifies the

link between theory and implementation.

Value Iteration

The value iteration algorithm is based directly on the Bellman optimality equations.

At each iteration, it updates the value of every state by applying the Bellman op-

timality operator:

Algorithm: Value Iteration

1. Initialize v0(s) arbitrarily for all s ∈ S.

2. Repeat until convergence:

vk+1(s) = max
a∈A

∑
s′,r

p(s′, r|s, a)
[
r + γvk(s′)

]
, ∀s ∈ S.

3. Derive the optimal policy:

π∗(s) = arg max
a∈A

∑
s′,r

p(s′, r|s, a)
[
r + γv∗(s′)

]
.

Value iteration is a simple iterative algorithm that has been shown to converge to the

optimal value function v∗ and the corresponding optimal policy π∗ Bellman, 1957;

Bertsekas, 1987.

Policy Iteration

The policy iteration algorithm manipulates the policy directly, rather than finding it

indirectly via the value function. It alternates between policy evaluation and policy

improvement:

Algorithm: Policy Iteration

1. Choose an arbitrary initial policy π0.
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2. Repeat until convergence:

(a) Policy Evaluation: Compute the value function of πk by solv-

ing the Bellman expectation equations:

vπk
(s) =

∑
a∈A

πk(a|s)
∑
s′,r

p(s′, r|s, a)
[
r + γvπk

(s′)
]
.

(b) Policy Improvement: Update the policy by acting greedily

with respect to vπk
:

πk+1(s) = arg max
a∈A

∑
s′,r

p(s′, r|s, a)
[
r + γvπk

(s′)
]
.

The policy iteration alternates between evaluating the current policy and improving

it. This iterative process is guaranteed to converge to the optimal policy π∗ after a

finite number of iterations in the case of finite MDPs.

In summary, dynamic programming methods such as value iteration and policy it-

eration demonstrate how the Bellman equations can be used to compute optimal

policies when the environment model is fully known. However, in most real-world re-

inforcement learning problems, the transition dynamics and reward function are not

available. This motivates the development of algorithms such as temporal-difference

learning, Monte Carlo methods, Q-learning, and SARSA which approximate these

equations directly from experience. Next, we are going to present two important

algorithms for the evolution of value based approach: Q-learning and SARSA.

2.2.1 Value-based methods: Q-learning and SARSA

Value-based reinforcement learning methods aim to estimate value functions and

then derive policies from them. Instead of directly parameterizing and optimizing

a policy, these methods focus on learning the expected return of states or state-

action pairs, and use these estimates to guide decision-making. Both Q-learning

and SARSA belong to the family of temporal-difference (TD) methods (R. S. Sut-

ton, 1988). Temporal-Difference (TD) learning combines the strengths of Monte

Carlo methods—learning directly from experience without requiring a model—with
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the bootstrapping approach of dynamic programming, where current estimates are

updated based on other learned estimates. In practice, this means that we update

our estimates after every transition using the information from the next step — the

immediate reward plus the discounted estimate of the next state — to improve the

current estimate. This approach allows the agent to learn directly from the raw

experience without waiting until the end of an episode.

Q-learning

Q-learning learns an action–value function Q(s, a), which estimates the expected

discounted return of taking action a in state s and then following the optimal policy.

The update rule is as follows:

Q(s, a) ← Q(s, a) + α
(
r + γ max

a′
Q(s′, a′)−Q(s, a)

)
.

Watkins, 1989; Watkins and Dayan, 1992.

The term

r + γ max
a′

Q(s′, a′)

is termed target, as it represents an improved estimate of the true value of Q(s, a)

by combining the immediate reward with the discounted value of the best possible

action in the next state. The difference between the target and the current estimate

Q(s, a) is the temporal-difference error that drives the update. The key idea is that

information from the next step is used to improve the current estimate of the present

step, a process known as bootstrapping.

The policy is derived indirectly by acting greedily with respect to the Q-values:

π(s) = arg max
a

Q(s, a).

Q-learning is an off-policy algorithm: it updates as if the agent always selected the

greedy action, regardless of the action actually taken. In other words, the behavior

policy (the one used to explore the environment, e.g. ϵ-greedy) can be different from
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the target policy (the optimal greedy policy that Q-learning is learning about). This

separation means that Q-learning can still converge to the optimal action values even

if the agent explores in a non-optimal way during training.

SARSA

SARSA (State–Action–Reward–State–Action) is also a temporal-difference algorithm

that, like Q-learning, learns an action–value function Q(s, a). This function estim-

ates the expected discounted return of taking action a in state s and then continuing

with the policy currently being followed. The update rule is:

Q(s, a) ← Q(s, a) + α
(
r + γQ(s′, a′)−Q(s, a)

)
.

The target here is r + γQ(s′, a′), which combines the immediate reward with the

discounted value of the actual next action a′ chosen by the policy in state s′. The

difference between this target and the current estimate Q(s, a) is again the temporal-

difference error, and as in Q-learning, the key idea is to use information from the

next step to improve the current estimate (bootstrapping).

The policy is derived in the same way as in Q-learning, by acting greedily with

respect to the learned Q-values:

π(s) = arg max
a

Q(s, a).

The essential difference is that SARSA is an on-policy algorithm: it updates the Q-

values using the action that the agent actually took, according to its current behavior

policy (often ϵ-greedy). This means that SARSA learns the value of the policy that

is really being followed, including both its greedy choices and its exploratory moves.

In contrast, Q-learning is off-policy: it always updates as if the greedy action had

been chosen, even if the agent in practice selected a different action during explor-

ation. Therefore, while both methods use the same principle of temporal-difference

Theoretical Background 18



learning and bootstrapping, SARSA tracks the performance of the current explorat-

ory policy, whereas Q-learning aims directly at the optimal greedy policy.

2.2.2 Policy-based methods

REINFORCE

As an introductory example of policy-based methods, we consider the REINFORCE

algorithm 1987; Williams, 1992, one of the earliest and most influential policy gradi-

ent methods. Formally, policy πθ is a function mapping states to a probability

distribution over actions, parameterized by weights θ. What differentiates REIN-

FORCE from the previously discussed value-based algorithms (such as Q-learning

and SARSA) is that it is based on the Monte Carlo principle rather than on temporal-

difference (TD) learning. Most importantly, as we have emphasized before for policy-

based algorithms, REINFORCE directly updates the policy function and does not

rely on first finding the optimal value function and then deriving a policy from it.

In TD methods, updates are performed by bootstrapping, i.e., by using the immediate

reward and the estimate of the next state value to update the current value function.

By contrast, Monte Carlo methods wait until the end of the episode and use the

complete return as feedback. The return from a given timestep t is defined as

Gt =
T −t∑
k=0

γkrt+k,

that is, the discounted sum of rewards from timestep t until the end of the episode.

It is important to note that Gt is a sample return from a particular trajectory: it is

fully determined by the rewards observed in that episode and does not involve the

parameters θ directly. However, the distribution of Gt depends on the policy πθ, and

thus ultimately on θ. Our objective is to maximize the expected return under the

policy πθ parameterized by weights θ:

J(θ) = Eπθ
[Gt].
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The central idea of REINFORCE is to adjust the policy parameters θ in the direction

of the gradient of J(θ), which produces the update rule

∆θ = α(Gt − b)∇θ log πθ(at|st),

where α is the learning rate. The update consists of two distinct factors. First,

(Gt− b) acts as the learning signal: Gt is the observed return from timestep t, while

b is a baseline used to reduce variance without introducing bias. This term measures

whether the chosen action performed better or worse than expected. Second, the

gradient ∇θ log πθ(at|st) specifies how the parameters should change to increase the

probability of the action actually taken in state st.

Combining these terms, if an action at taken in state st led to a higher return

than expected, the gradient update will increase its probability under the policy. In

contrast, if the return was lower, its probability will be decreased. This way, the

policy gradually shifts toward favoring actions that bring higher rewards.

Unlike TD methods, REINFORCE does not use bootstrapping and is therefore un-

biased, but its updates tend to have high variance. Despite this limitation, RE-

INFORCE represents the foundation of policy gradient methods and illustrates the

essential idea of directly optimizing the policy. It can be seen as the starting point for

a broader generalization of reinforcement learning, where parameterized policies are

updated directly, paving the way for more advanced algorithms such as actor–critic

methods.

2.2.3 Actor-Critic methods: foundations and intuition

In the previous chapters, we explained two of the three main groups of RL algorithms.

For better understanding, we are going to refer to value-based algorithms as critic-

only and policy-based algorithms as actor-only, and we are now going to introduce

the third group, the actor–critic algorithms. The first two groups have both advant-

ages and disadvantages, which we will mention briefly to explain why actor–critic

algorithms are considered the most reliable ones for real-life applications at this
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point. This also works as a good introduction to the next chapter, where we will

present PPO which is also a strong actor–critic algorithm.

We call value-based functions critic-only because, at their core, they do not use

a policy function directly. They instead try to reach the highest possible reward

through the critic, by calculating the reward for each action and then choosing the

best value to apply to the policy. We described this in the previous chapters using

Bellman equations, with Q-learning and SARSA as examples. The problem with

these solutions, according to Grondman et al. in “A Survey of Actor–Critic Rein-

forcement Learning: Standard and Natural Policy Gradients”, is that when we act

based only on the value function, there is no guaranty for the near-optimality of

the resulting policy when learning online. They also mention that Q-learning and

SARSA, with specific function approximators, have been shown not to converge even

for simple MDPs. This instability is largely attributed to the use of bootstrapped

updates, where current estimates are updated based on other learned estimates (“es-

timation upon estimation”), which can lead to the propagation and amplification of

approximation errors. In later research "Grondman et al., 2012", it is shown that

with proper approximation functions, such as those that are linear in parameters,

convergence can be ensured. Nevertheless, for most choices of basis functions, a value

function learned using temporal difference methods will still be biased.

On the other hand, we have policy-based algorithms, which we describe as actor-

only, because these algorithms update only the policy function and do not use any

kind of stored value function. As we explained with Bellman equations, most actor-

only algorithms work with a parameterized family of policies and try to optimize the

cost directly over the policy space. As mentioned earlier, policy-based methods work

much better than critic-only ones in problems with continuous action spaces. Their

main advantage is their strong convergence property, which comes from gradient

descent methods. However, their main disadvantage is that the estimated gradient

can have a high variance (Grondman et al.).

Now, actor–critic methods — which are the focus of this chapter — as their name

suggests, are a combination of actor-only and critic-only approaches. They keep the
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strengths of both by learning a policy (the actor) and a value function (the critic)

at the same time. In this new dynamic setup, we have two components that work

together to solve the problems mentioned before and to combine the advantages of

both sides. As Grondman et al. describe, “The actor is only responsible for generating

a control input u, given the current state x. The critic is responsible for processing

the rewards it receives, i.e. evaluating the quality of the current policy by adapting

the value function estimate.”

Figure 2.4: Schematic overview of an actor–critic algorithm. The dashed line indic-
ates that the critic is responsible for updating the actor and itself (Grondman et al.).

Basically, the algorithm process goes like this: the critic evaluates the policy followed

by the actor. Just like in critic-only methods, this can be done with the same al-

gorithms we mentioned earlier, such as TD(λ). The critic approximates and updates

the value function using samples. Then, this value function is used by the actor to

update its policy parameters in the direction of the policy gradient, using only a

small step size. This means that even if the value function changes significantly, the

policy will only be slightly affected, ensuring a stable, non-oscillatory behavior. So,

the choice of algorithms is still very important to achieve the expected outcome, and

gradient policy methods play a key role in this whole learning structure. A critical

aspect of actor–critic training is the relationship between the learning rates of the

two components. The critic must learn faster than the actor in order to provide an

accurate value estimate before the actor updates its policy. If the actor updates too

quickly, it may rely on inaccurate feedback and cause divergence. Balancing these

learning rates is essential for the overall stability and convergence of the algorithm.
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The critic typically learns by minimizing the temporal-difference (TD) error:

δt = rt + γVθ(st+1)− Vθ(st),

which measures how much the predicted value differs from the observed return.

The actor updates its policy parameters using the policy gradient, guided by the

temporal-difference error:

θ ← θ + α δt∇θ log πθ(at | st) (2.1)

Here, δt is the TD error provided by the critic, which serves as an estimate of the

advantage. The term ∇θ log πθ(at | st) represents the direction in which the policy

parameters should be adjusted. This update increases the probability of actions that

yield higher-than-expected returns and decreases the probability of less favorable

actions.

Characteristic Value-based Policy-based Actor–Critic
Learns policy directly? No (indirectly via values) Yes Yes
Learns value function? Yes No Yes
Continuous actions Difficult Yes Yes
Training variance Low High Medium
Examples Q-learning, SARSA REINFORCE PPO, A2C

Table 2.1: Comparison of Value-based, Policy-based, and Actor–Critic methods.

The effectiveness of actor–critic methods largely depends on the quality of the policy

updates. In practice, the actor is typically updated using the standard policy gradi-

ent, where the parameters follow the direction of steepest ascent in the parameter

space. Although simple and widely applicable, this approach ignores the structure of

the policy distribution, which may result in inefficient or unstable updates, especially

when combined with function approximation and noisy value estimates.

To mitigate these issues, natural gradient methods incorporate information about

the geometry of the policy space, leading to more stable and well-scaled updates.

Nevertheless, standard policy gradients remain prevalent due to their simplicity and

computational efficiency. Overall, actor–critic algorithms form the foundation of
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many modern reinforcement learning methods, combining value estimation with dir-

ect policy optimization. Despite their strengths, they remain sensitive to update

instability and hyperparameter choices, motivating the development of more robust

approaches such as Proximal Policy Optimization (PPO), which will be examined in

the following chapter.

2.3 Proximal Policy Optimization (PPO)

In the previous chapters we described the core logic and milestones in the evolution

of reinforcement learning algorithms, reaching as far as policy gradient methods

and the introduction of actor–critic architectures. The purpose of this historical

trajectory was to reach a position from which we can introduce the main algorithmic

focus of this thesis: the Proximal Policy Optimization (PPO) family of algorithms.

PPO was introduced in 2017 in the paper Proximal Policy Optimization Algorithms

by Schulman et al. In essence, PPO can be viewed as a simpler and more practical

variant of TRPO, which retains the main idea of constraining policy updates to

trusted regions of the parameter space, but avoids the computationally expensive

constrained optimization of TRPO.

2.3.1 Motivation and Advantages

PPO belongs to the class of policy gradient and actor–critic methods. As discussed

previously, such methods consist of two main components: the actor, which de-

termines the actions taken by the agent (in our case, a stochastic policy πθ(at | st)

parameterized by θ), and the critic, which estimates the value of states or state–

action pairs (using a value function Vϕ(st) parameterized by ϕ). The goal of training

is to progressively update the parameters θ and ϕ through gradient-based optimiz-

ation so that the agent achieves a higher cumulative reward, which is indicative of

successful learning.

In classical policy gradient methods, the gradient estimator takes the form:

ĝ = Êt

[
∇θ log πθ(at | st) Ât

]
,
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where πθ is a stochastic policy and Ât is an estimator of the advantage function

at timestep t .Schulman, Wolski et al., 2017. The estimator ĝ can be obtained by

differentiating the surrogate objective

LPG(θ) = Êt

[
log πθ(at | st) Ât

]
.

Schulman, Wolski et al., 2017

Although this approach successfully addressed limitations of previous methods, it

presents new issues: performing multiple optimization steps on LPG using data from

the same trajectory is not theoretically well-justified and empirically often leads to

destructively large policy updates. PPO introduces two modifications that signific-

antly improve stability and sample efficiency: (1) minibatch stochastic optimization

over collected trajectories, allowing data to be reused more efficiently, and (2) a

clipped surrogate objective together with Generalized Advantage Estimation (GAE),

which provides a more robust advantage estimator. This prevents the policy from

drifting too far from the behavior policy that generated the data, reducing variance,

and avoiding training collapse.

These design choices make PPO a stable and easy-to-tune algorithm that typically

requires minimal hyperparameter engineering while maintaining a favorable balance

between exploration and exploitation. In the next subsection, we describe these

components in more detail and conclude with a schematic overview of the full PPO

algorithm.

Generalized Advantage Estimation (GAE)

So PPO algorithms use GAE (Generalized Advantage Estimation) to provide a more

robust advantage estimator. GAE is an estimator that measures “how good” an

action was for a given state and time compared to the expected value of that state.

It achieves this by combining the critic’s value estimates with a multi-step method

to compute the advantage without explicitly estimating Q. Instead of predicting Q

directly, PPO computes At using the actual rewards from the environment together

with the state values V (st) that the Critic estimates with its value network. In
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this way, the Critic provides the expected return baseline V (st), while the rewards

along the trajectory provide the realized return. The difference between these two

quantities tells us whether the action performed better or worse than expected,

consistent with the original definition A = Q− V .

In traditional actor–critic methods this difference can be computed in various ways

(e.g., one-step TD, n-step returns, or Monte Carlo returns), each with different bias

and variance trade-offs. GAE in PPO does not commit to a single choice. Instead,

it forms a weighted combination of multiple k-step return estimators using a decay

parameter λ. This results in the following multi-step advantage estimator:

Ât =
∞∑

l=0
(γλ)lδt+l,

where δt = rt + γV (st+1)−V (st) is the temporal-difference residual, which measures

how much better or worse the outcome at time t was compared to what the Critic

had predicted.Schulman, Moritz et al., 2016. When the action gives a better value

than expected, At > 0, and when it does not, At < 0.

This gives a better balance between bias and variance and makes the training more

stable. Once the advantage Ât is computed, PPO uses it to decide in which direction

and by how much to adjust the policy parameters in the next update step. More

specifically, the policy gradient term

Ât∇θ log πθ(at | st)

increases the probability of taking action at when At > 0, and decreases it when

At < 0. The remaining part of the algorithm, the clipped surrogate objective, is

responsible for controlling the magnitude of these updates during the optimization

process.

2.3.2 Clipped Objective

The clipped objective is a key feature of PPO. The basic idea behind it is related to

the TRPO algorithm. TRPO identified the problem of excessively large updates to

the stochastic policy, which could be catastrophic for the learning process. In order
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to control this behavior, TRPO introduced mechanisms that limited how far the

new policy could move away from the old one during an update. It did this by using

the probability ratio rt(θ) in combination with the advantage At inside the surrogate

objective, and by adding a constraint on the KL divergence between the two policies,

effectively creating a “trust region” within which updates were considered acceptable.

While theoretically appealing, this approach requires solving a constrained optim-

ization problem with second-order methods, which makes TRPO computationally

expensive and difficult to tune in practice. PPO replaces this mechanism with a

first-order clipped surrogate objective that achieves a similar trust region behavior

without the need for explicit constraints or penalty tuning. In the following section

we describe how this clipped objective is constructed inside PPO.

Borrowing the trust region idea from TRPO, PPO defines a new gradient objective

that needs to be maximized. This objective is the clipped surrogate loss:

Lt(θ) = min
(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)
Schulman, Wolski et al., 2017 where rt(θ) is the probability ratio and Ât is the

advantage computed using GAE as described earlier. The ratio is defined as:

rt(θ) = πθ(at | st)
πθold(at | st)

Schulman, Wolski et al., 2017 and it measures how much more (or less) likely the

new policy πθ is to take the same action at in the same state st compared to the old

policy πθold that generated the data. If rt > 1 the new policy increases the probability

of that action, and if rt < 1 it decreases it. Connecting this ratio with the advantage

means that if the action was better than expected (Ât > 0) the algorithm pushes the

policy to increase its probability, and if it was worse (Ât < 0) it pushes it to decrease

it.

The clipped part of the objective says that if the update pushes rt too far from 1,

then it gets cut (clipped). In this way the new policy always remains close to the

old one. The old policy is the one at the beginning of the update phase, and the
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new policy is the one with the proposed parameter changes. The hyperparameter ϵ

is typically set to 0.2 and controls how much deviation we allow, depending on how

exploratory we want learning to be.

Controlling how far the new policy can move from the old one gives stability and

also allows PPO to run several minibatch updates over the same sample data. This

was not possible in pure policy gradient methods, where the policy would quickly

become inconsistent with the data that generated the trajectories. Therefore, data

efficiency is also a major benefit of the clipped objective.

2.3.3 Schematic Steps of the Algorithm

Figure 2.5: Schematic of proximal policy optimization PPO.Tan et al., 2023

Schematic Steps of the PPO Algorithm

The schematic representation of PPO in Figure 2.4 shows the full interaction loop

between the environment, the Actor, and the Critic. At the beginning of each iter-

ation, the agent collects trajectories by interacting with the environment using the

current policy πθold , producing sequences of states, actions, rewards and next states.

These samples are stored in a buffer and are later reused for optimization.

Using the stored trajectories, the Critic evaluates the value function Vϕ(s) for each

visited state. Based on these values and the observed rewards, the generalized ad-

vantage estimates Ât are computed. Once the advantage information is available,

the Actor is updated by maximizing the clipped surrogate objective, while the Critic
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is updated by regressing its value estimates toward the empirical returns. Both up-

dates are performed using minibatch stochastic gradient optimization over the same

collected data, typically for several epochs. After the updates are completed, the

new policy parameters θ replace the old ones, and a new iteration of interaction with

the environment begins.

Having presented the theoretical foundations of PPO, we now move to a more com-

plex setting in reinforcement learning. In many real-world problems, multiple agents

interact within the same environment, introducing additional challenges such as co-

ordination, non-stationarity, and partial observability. The following section provides

a brief introduction to Multi-Agent Reinforcement Learning.

2.4 Multi-Agent Reinforcement Learning

Deep learning has significantly advanced reinforcement learning, enabling the train-

ing of agents in large-scale continuous and discrete environments. It has also made

it possible to move beyond single-agent settings and study scenarios where mul-

tiple agents interact. Many real-world problems naturally involve multiple decision-

making entities, making multi-agent reinforcement learning (MARL) a more realistic

modeling framework. Multi-agent reinforcement learning can be viewed as a natural

extension of the standard Markov Decision Process (MDP) framework to settings

with multiple interacting agents. However, unlike single-agent environments, MARL

introduces additional structural complexities that depend on several key factors.

First, environments may be fully or partially observable, depending on whether

agents have access to the complete state or only local observations. Second, agent

interactions can be cooperative, competitive, or mixed, depending on whether agents

share the same objective or have conflicting goals. Finally, agents may act either sim-

ultaneously or sequentially, which affects how decisions and outcomes are modeled.

Based on these characteristics, different frameworks have been proposed to formalize

multi-agent problems. The simplest extension is the Markov Game (or stochastic

game), which generalizes the MDP to multiple agents under full observability, where
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all agents select actions simultaneously and the outcome depends on their joint ac-

tions.

When observability is limited, the problem is often modeled as a Partially Observable

Markov Game (POMG), where agents receive incomplete information about the

environment. A further extension is the Decentralized Partially Observable Markov

Decision Process (Dec-POMDP), which captures fully cooperative settings under

partial observability, where agents must coordinate based only on local observations

and a shared reward signal.

In addition, sequential interaction settings can be modeled using extensive-form

games, where agents take actions in turns rather than simultaneously. These differ-

ent frameworks provide ways to model increasingly complex and realistic multi-agent

environments, depending on the assumptions about observability, interaction, and

decision timing.

In general, four key challenges are commonly identified in multi-agent reinforce-

ment learning: computational complexity, non-stationarity, partial observability, and

credit assignment. Computational complexity and non-stationarity arise in most

multi-agent settings, while partial observability and credit assignment are particu-

larly prominent in decentralized and cooperative environments.Wong et al., 2022.

Overall, these factors significantly increase the difficulty of learning in multi-agent

systems. As a result, a variety of training paradigms and algorithmic approaches

have been proposed to address these challenges.

In the following subsections, we examine these concepts in more detail.

2.4.1 New challenges in Multi-Agent Reinforcement Learn-

ing

Non-stationarity

In multi-agent environments, all agents interact with the environment simultan-

eously. As a result, the dynamics of the environment are not determined by the
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actions of a single agent, but by the joint actions of all agents. This fundamentally

differentiates multi-agent settings from the single-agent case.

From the perspective of an individual agent, the environment becomes non-stationary,

since the policies of other agents are continuously changing during training. This vi-

olates the Markov assumption typically adopted in single-agent reinforcement learn-

ing, where the environment is assumed to be stationary and fully characterized by

the current state Van Otterlo and Wiering, 2012.

As a consequence, the transition dynamics and reward distributions are no longer

stable over time, making it more difficult for agents to learn accurate value functions

and optimal policies. This issue is one of the central challenges in multi-agent rein-

forcement learning, and various training paradigms have been proposed to mitigate

its effects.

A simple example of non-stationarity is illustrated in the Rock–Paper–Scissors game

Papoudakis et al., 2019. Consider two agents selecting actions ai ∈ {apaper, arock, ascissors}.

Each agent aims to maximize its reward by adapting to the opponent’s behavior. For

instance, if one agent develops a preference for playing paper, the other agent will

adapt by favoring scissors. In response, the first agent may change its policy again.

This continuous adaptation leads to an evolving environment from each agent’s per-

spective, which is the essence of non-stationarity.

Credit assignment

The credit assignment problem arises in multi-agent environments where multiple

agents act simultaneously. The main challenge is that an agent cannot easily de-

termine how much its own actions contributed to the joint reward signal. Since

all agents act at the same time, it becomes difficult to identify whether a positive

outcome is the result of a specific agent’s action or the combined effect of multiple

agents.

One possible approach is to assign local rewards to each agent. However, this can

negatively affect cooperation, as agents may prioritize individual performance over

the collective objective.
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A closely related challenge is the construction of reward functions that encourage

cooperative behavior. This is particularly challenging in environments with mixed

incentives, such as social dilemmas. In these settings, agents may develop undesirable

strategies. For instance, the lazy agent problem may arise, where one agent learns

an effective policy while another agent reduces its effort, relying on the performance

of the first agent instead Sunehag et al., 2018.

Partial observability in MARL

Partial observability arises from the fact that agents do not have access to the global

state and must make decisions based only on their local observations. As a result,

each agent has incomplete information about the environment, making the learning

process more difficult.

While partial observability also exists in single-agent environments, it becomes sig-

nificantly more challenging in the multi-agent setting. This is because the behavior

of other agents is part of the environment dynamics. Consequently, an agent cannot

easily determine whether a change in its observations is the result of its own actions

or the actions of other agents Wong et al., 2022.

Such settings are often modeled as Decentralized Partially Observable Markov De-

cision Processes (Dec-POMDPs), where agents operate under partial observability

and aim to maximize a shared team reward through decentralized decision-making.
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Figure 2.6: Venn diagram of challenges and solutions. The taxonomy of DMARL
algorithms comprises five groups: centralised training and decentralised execution,
opponent modelling, communication, efficient coordination and reward shaping. Ap-
proaches may tackle one or more challenges: nonstationarity, partial observability,
credit assignment and computational complexity. Computational complexity is a uni-
versal challenge for all approaches. This Venn diagram shows the relations between
the surveyed groups of studies and the addressed challenges.Wong et al., 2022

2.4.2 Training Paradigms in MARL

Fully Decentralized Learning

A fundamental approach in multi-agent reinforcement learning is fully decentralized

learning, often referred to as independent learning. In this setting, each agent learns

its own policy using only its local observations, actions, and rewards, without sharing

information or parameters with other agents.

While this formulation is simple and does not require access to global state informa-

tion, it introduces significant challenges in cooperative environments. In particular,

from the perspective of each agent, the environment becomes non-stationary, as the

policies of other agents are continuously changing during training. This violates the
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standard reinforcement learning assumption of a stationary environment and makes

convergence more difficult Papoudakis et al., 2019.

Moreover, independent learning is typically less sample-efficient, since experience is

not shared across agents, and coordination between agents must emerge implicitly.

As a result, fully decentralized approaches are often outperformed by methods that

incorporate some form of information sharing or coordination Wong et al., 2022.

Fully Centralized Training

In centralized training, all agents share a joint model over their actions and ob-

servations. A centralized policy maps the joint observation of all agents to a joint

action and is equivalent to an MPOMDP (Multiagent Partially Observable Markov

Decision Process) policy Gupta, Egorov and Kochenderfer, 2017.

Although this approach addresses non-stationarity by transforming the multi-agent

problem into a single-agent one with a joint observation space, it introduces a new

challenge: computational cost Wong et al., 2022. In fully centralized approaches,

both training and execution rely on a central controller. Due to the presence of this

central controller, to which all agents send their observations and which determines

the actions for each agent, the size of the joint observation and action spaces grows

exponentially as the number of agents increases.

Some approaches attempt to mitigate this issue by factorizing the action space; how-

ever, the problem fundamentally remains. Additionally, when each agent treats the

others as part of the environment, there is limited capacity for learning coordinated

behaviour.

Centralized Training with Decentralized Execution (CTDE)

A more intermediate approach separates the components of the learning architecture

into training and execution. It is still considered a form of centralized learning, as the

critic component is centralized during training and has access to the observations and

actions of all agents, while the actor component remains decentralized. Each agent

follows its own policy for action selection based on local observations, rather than
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the joint view of the “know-it-all” critic, while the critic leverages joint information

Papoudakis et al., 2019. Thus, each agent acts locally, but it has been trained by a

critic that had access to the full picture.

As noted by Papoudakis et al., once the critic has fulfilled its role during training, it

can be removed, resulting in fully decentralized execution. This ensures consistency

between training and execution and helps mitigate the non-stationarity problem,

without incurring the high computational cost of fully centralized approaches.

This framework integrates naturally with policy gradient methods, where each agent’s

policy is conditioned during training on joint information. In this context, the coun-

terfactual advantage can be interpreted as the value of a selected action compared

to alternative actions Papoudakis et al., 2019, which also helps address the credit

assignment problem.

Parameter Sharing

Another intermediate architecture is parameter sharing. It works better with ho-

mogeneous agents. In this approach, we allow agents to share the parameters of a

single policy Gupta, Egorov and Kochenderfer, 2017. Thus, the policy is trained

using the experience of every agent participating in the learning process. As Gupta

et al. point out, this does not mean that each agent selects the same action, since

each one receives a local observation and selects an action based on it. This makes

the architecture highly scalable.

Both CTDE and parameter sharing employ decentralized execution; however, their

training differs. CTDE relies on a centralized critic that utilizes joint observations

and actions during training Papoudakis et al., 2019, whereas parameter sharing uses

a shared policy trained on the collective experience of all agents Gupta, Egorov and

Kochenderfer, 2017. This shared learning process helps mitigate non-stationarity, as

all agents update a common policy, reducing the instability caused by independently

changing behaviours. However, since no joint information is explicitly modeled,

coordination must emerge implicitly through shared experience rather than being

directly enforced during training.
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The above training paradigms highlight different ways of addressing the challenges

of multi-agent reinforcement learning, particularly non-stationarity and partial ob-

servability. Fully centralized approaches offer strong coordination but suffer from

scalability limitations, while CTDE introduces a balance between centralized learn-

ing and decentralized execution. Parameter sharing further improves scalability by

leveraging shared experience among agents, while maintaining decentralized control.

Based on these considerations, the choice of learning paradigm depends on the trade-

off between coordination, scalability, and practical applicability in complex environ-

ments.

2.5 Environments and Benchmark Games

Overview of PettingZoo Environments

PettingZoo is a Python library created to standardize environments for multi-agent

reinforcement learning (MARL). It was first released in 2020 by Terry et al. and later

adopted under the Farama Foundation, which also maintains related projects such

as Gymnasium and SuperSuit. PettingZoo was designed to play the same role for

MARL that OpenAI Gym played for single-agent reinforcement learning: it provides

a common, unified interface for environments, making it easier to compare algorithms

across a wide range of tasks Terry et al., 2020.

A key feature of PettingZoo is that it supports two main interaction styles. The first

is the Agent-Environment Cycle (AEC) API, where agents take turns one after the

other. The second is the Parallel API, where all agents can act simultaneously. This

dual API design gives researchers flexibility, allowing them to test algorithms that

are either strictly turn-based or that assume synchronous parallel actions.

The library is organized into several families of environments, each designed to cap-

ture different types of multi-agent interactions. Examples included in the table

above:
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Table 2.2: Main environment families in PettingZoo Terry et al., 2020,Farama Found-
ation, 2023.

Family Description and Examples
Butterfly Cooperative graphical games that

require teamwork. Examples
include Pistonball (agents
coordinate pistons to push a ball)
and Cooperative Pong.

MPE (Multi-Agent Particle Environments) Simple continuous environments
with agents represented as
particles. Used to study
cooperation, communication, and
adversarial dynamics.

Classic Multi-agent board and card games
such as Tic-Tac-Toe, Chess, or
Texas Hold’em. Useful for testing
algorithms on structured, strategic
decision-making.

Atari Multi-agent versions of Atari
games (e.g., Pong, Space Invaders),
extending the ALE framework to
multi-agent settings.

SISL (Sequential Social Dilemmas) Environments designed to study
cooperation vs. defection, inspired
by classical game theory. Examples
include Prisoner’s Dilemma-like
setups with sequential interactions.

Since its release, PettingZoo has a wide coverage of cooperative, competitive, and

mixed-sum games that allows algorithms to be evaluated under diverse conditions.

Combined with SuperSuit for environment preprocessing, PettingZoo has helped

establish reproducible standards for multi-agent reinforcement learning.

2.5.1 Detailed Description of Pistonball

Pistonball is one of the cooperative environments in the Butterfly family of Petting-

Zoo. It is a two-dimensional physics-based game where up to twenty piston agents

must work together to push a large ball toward the left side of the screen. Each

piston can only move up or down, and success depends on many pistons coordin-

ating their movements to apply force on the ball at the right time. The physics of
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the game are simulated using the Chipmunk2D engine, which ensures that the ball’s

movement follows realistic rules. An episode ends either when the ball reaches the

left wall or when a maximum of 125 time steps (cycles) has been played Farama

Foundation, 2023.

State space. Each piston receives a local observation in the form of an RGB

image. This observation shows the piston itself, its immediate neighbors (or the

wall if it is on the edge), and the vertical space above, where the ball may appear.

The local image has dimensions (457, 120, 3) with pixel values in the range [0, 255].

In addition, the environment provides a global state consisting of the entire arena

as an RGB image of dimensions (560, 880, 3). The global state can be useful for

centralized training methods, while the local observations reflect what each agent

actually perceives.

Action space. Two variants are available. In the discrete version, each piston

has three possible actions: move up, move down, or stay still, where each movement

shifts the piston by four pixels. In the continuous version, the action space is a scalar

in [−1, 1]: negative values move the piston down, positive values move it up, and

the magnitude of the value determines the displacement (up to the same maximum

as in the discrete case). In both cases, the action space is one-dimensional because

pistons can only move vertically.

Reward structure. Rewards are fully cooperative, meaning all pistons receive

the same reward signal. At each timestep, the reward consists of two parts: (1) a

displacement-based reward proportional to the horizontal progress of the ball toward

the left wall (positive if the ball moves left, negative if it moves right), and (2) a

constant penalty of −0.1 that encourages agents to complete the task as quickly

as possible. The shared reward structure makes coordination essential and intro-

duces the credit assignment problem, since individual contributions cannot be easily

distinguished.
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Motivation and challenges. Pistonball was selected as the benchmark environ-

ment for this thesis because it provides a clear yet challenging setting for studying

cooperative multi-agent reinforcement learning. Unlike single-agent tasks, success

cannot be achieved by any one agent acting alone; instead, performance depends on

the simultaneous and well-timed coordination of many simple agents. This makes

Pistonball an ideal testbed for evaluating algorithms that combine decentralized

observations with centralized training. At the same time, the environment is com-

putationally efficient, easy to visualize, and configurable with respect to the number

of pistons, the type of action space, and ball physics parameters.

—

2.6 Summary of Theoretical Background

This chapter introduced the fundamental concepts of reinforcement learning, focusing

on the agent–environment interaction and the core elements that define the learning

process. The problem was formalized through the Markov Decision Process (MDP),

establishing the basis for sequential decision-making under uncertainty.

Key reinforcement learning algorithms were presented, highlighting the differences

between value-based methods (e.g., Q-learning and SARSA), policy-based approaches

(e.g., REINFORCE), and actor–critic architectures. Particular emphasis was given

to Proximal Policy Optimization (PPO), as a stable and efficient method for policy

optimization, combining practical performance with theoretical grounding.

In the multi-agent setting, the introduction of multiple interacting agents leads to ad-

ditional challenges, with non-stationarity identified as a central issue, alongside credit

assignment and partial observability. Different training paradigms were examined,

illustrating key trade-offs: fully centralized approaches enable strong coordination

but suffer from scalability issues, CTDE balances centralized learning with decent-

ralized execution, while parameter sharing improves scalability by leveraging shared

experience, at the cost of implicitly learned coordination.
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Finally, the experimental environment was introduced, providing the practical setting

in which these concepts and methods are applied.
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Chapter 3

Methodology

3.1 Problem Formulation & Methodological Scope

The objective of this thesis is to examine whether a single shared neural policy

can coordinate multiple piston agents in a cooperative physics-based environment

without relying on explicit communication or role differentiation. Instead of assign-

ing an independent policy to each piston, all agents are controlled by a single PPO

policy that receives local observations and produces individual actions. This for-

mulation directly raises the question of whether cooperative behavior can emerge

purely through shared gradients and a common reward signal under decentralized

execution.

Based on this premise, the central research question is formulated as follows: How

does collapsing multiple agents into a single shared PPO policy affect coordination

and training stability in a stochastic multi-agent environment? Two auxiliary ques-

tions naturally follow, namely whether coordinated behavior can emerge under par-

tial observability and how stable such coordination remains across training and eval-

uation episodes.

In order to examine this hypothesis, the methodological scope of the study, a single

shared neural policy controls all agents in the environment, rather than assigning in-

dependent policies to each agent. This design follows a parameter-sharing paradigm,

where learning is shared across agents while execution remains decentralized, as each

agent acts based solely on its local observation.
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This choice is suitable for the environment examined, where agents are homogen-

eous, share the same action space, and operate under a common objective. Under

these conditions, parameter sharing allows the learning process to generalize between

agents, reducing redundancy, and enabling scalable training.

While this design has its advantages, it also introduces known limitations, such as

gradient interference across agents and a reduced capacity for agent-specific special-

ization. These limitations are explicitly accepted as part of the experimental design.

3.2 Simulation Environment

To ground the research question in a concrete setting, the following section refreshes

some key points of the simulation environment used for evaluation. All experiments

are conducted in the Pistonball-v6 environment, a 2D physics-based simulation

in which several piston-like entities jointly act on a ball. Each piston receives a

local pixel observation that captures only a small spatial window around its position,

while the environment provides a shared global reward that encourages sustained ball

motion. This setup creates a cooperative multi-agent control problem characterized

by decentralized execution, partial observability and shared reward signals.
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Ball

Global Reward
+r

Pistons (Agents)

Shared Environment

Figure 3.1: Schematic representation of the Pistonball environment. Multiple piston
agents act within a shared environment, while a global reward encourages forward
ball motion.

Even though Pistonball is commonly employed in multi-agent reinforcement learning

settings, where multiple learning agents interact simultaneously, the present thesis

adopts a different perspective. In this formulation, learning is treated as a shared-

policy setup, where a single policy is applied independently to a local observation of

each piston.

In other words, a single policy controls all pistons, while the remaining entities in

the environment serve as physical context. This formulation isolates the effect of

policy sharing and avoids additional mechanisms such as communication protocols,

role assignment, or heterogeneous agent modeling.

Episodes end either when the ball exits the arena or when a fixed time horizon is

reached. Performance in this environment is evaluated in terms of cumulative reward

and persistence of ball motion over time. This allows the multi-agent system to be

studied under a unified learning process.

3.3 PPO Training Framework and Shared Policy

Architecture

In this work, learning is performed using the Proximal Policy Optimization (PPO)

algorithm, as implemented in the Stable-Baselines3 framework. PPO optimizes a
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stochastic policy through a clipped surrogate objective, allowing stable on-policy

learning from rollout data.

At each timestep t, every piston i receives its own local observation oi
t. The shared

policy πθ maps each observation to an individual action ai
t = πθ(oi

t; θ) using a common

set of parameters θ. The experience generated by all pistons is collected in a shared

training buffer and used jointly to update the policy. As a result, learning dynamics

across agents is coupled through both shared rewards and shared gradients.

In our experiment, the environment can be interpreted as a Dec-POMDP, since

multiple agents operate under partial observability and select actions based solely

on local observations. During training, experience from all agents is aggregated and

processed centrally, while at execution time, each agent acts independently based

only on its own local observation.

Figure 3.2 illustrates how local observations from multiple agents are processed by

a single shared policy to produce individual actions at each timestep.

Agent i

Observation oi
t

Agent j

Observation oj
t

Agent k

Observation ok
t

...

Shared PPO Policy

πθ(a | o)

Actions

ai
t, aj

t , ak
t , . . .

Figure 3.2: Multiple agents provide their local observations to a single shared PPO
policy. The same policy parameters are used to compute individual actions for each
agent.

The shared PPO policy follows a convolutional actor–critic architecture. Raw pixel

observations are processed by a convolutional encoder, which extracts spatial features

and compresses the high-dimensional input into a compact latent representation zi
t.

The actor network maps the latent representation zi
t to a set of action scores (logits),
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which are then transformed into a probability distribution over actions using the

softmax function:

πθ(ai
t | oi

t) = softmax
(
factor(zi

t)
)
. (3.1)

Both heads, actor and critic, share the same convolutional encoder but maintain

separate output parameters. No decoder is used, as the encoder is optimized for

control performance rather than reconstruction. Training is performed on-policy for

a fixed number of timesteps, with periodic evaluation used to assess the stability and

effectiveness of the learned cooperative behavior.

3.4 Environment Preparation Observation Pro-

cessing

The experiments are conducted in the pistonball-v6 environment, which emits

pixel-based RGB observations and a single shared reward, while each piston receives

only a localized visual slice of the arena. This introduces partial observability and

enforces decentralized action selection, as no piston has direct access to the full

environment state.

To make the environment compatible with Stable-Baselines3 and suitable for training

a single shared PPO policy, a structured preprocessing pipeline was applied. Raw

RGB frames are converted to grayscale to reduce dimensionality, resized to 64×64 to

limit convolutional cost, and stacked over two frames to expose short-term temporal

context. The resulting observations provide sufficient motion cues for control without

introducing recurrent networks or explicit memory mechanisms.

The preprocessed observations from all pistons are then collected into a batch and

forwarded through the shared convolutional encoder in a single vectorized pass. This

design allows the shared policy to produce a separate action for each piston based

solely on its own observation slice, while still benefiting from centralized gradient

updates during training. The handling of multiple observations in this manner pre-

serves decentralized execution—each piston acts independently according to its own
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observation—without requiring explicit communication or agent-specific specializa-

tion.

Because PPO assumes a single-agent Gymnasium-style interface, the native Petting-

Zoo parallel API is adapted through a conversion layer that standardizes outputs

into the (obs, reward, done, info) format expected by Stable-Baselines3.Vectorization

treats agent observations as parallel inputs, enabling batch processing rather than

representing truly independent environments. This corresponds to decentralized ex-

ecution, where learning is coupled across agents through shared gradients and ag-

gregated experience, rather than through an explicit centralized controller.

PettingZoo Environment
pistonball-v6 (multi-agent)

SuperSuit Preprocessing
grayscale, resize, frame-stack

Gym / SB3 Adapter
VecEnv interface

Stable-Baselines3 PPO Training
shared CNN policy

Learning Setup
- decentralized execution
- parameter sharing
- shared policy πθ across
agents

Figure 3.3: Processing and training pipeline from PettingZoo to Stable-Baselines3
PPO with a shared multi-agent policy.
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Reward Structure and RL Interpretation

Progress toward the task objective is encoded through a shared global reward de-

rived from the horizontal displacement of the ball within the environment. At each

timestep t, all agents receive the same scalar reward defined as

ri(t) = k ·
(
xball(t)− xball(t− 1)

)
, i = 1, . . . , 12,

where xball(t) denotes the horizontal position of the ball and k is a scaling constant.

Positive rewards are therefore obtained when the collective action of the pistons

results in forward ball motion, while backward movement yields negative feedback.

From a reinforcement learning perspective, this reward signal directly specifies the

optimization target that the PPO algorithm seeks to maximize. By design, the re-

ward is shared identically across all agents, eliminating the need for per-agent reward

shaping and ensuring that learning is aligned with the true cooperative objective of

the task. Since no agent receives individualized feedback, performance improve-

ments can arise only from action patterns that benefit the system as a whole rather

than isolated pistons. As a result, policy updates reinforce coordinated behavior

via a single gradient signal aggregated across agents and time, instead of requiring

explicit attribution of rewards to specific agents.

Under this shared-reward formulation, the PPO optimization objective can be writ-

ten as

max
θ

E
[

1
12

12∑
i=1

T∑
t=0

ri(t)
]

,

which corresponds to maximizing the shared return, since all agents receive identical

rewards at each timestep.
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Pistonball Environment
Ball position xball(t)

Shared Global Reward
r(t) = k · (xball(t)− xball(t− 1))

Agent i
receives r(t)

Agent j
receives r(t)

Agent k
receives r(t)

Figure 3.4: The reward signal is computed from the global ball displacement in the
Pistonball environment and broadcast identically to all agents. This shared reward
encourages coordinated behavior by aligning all agents with the same optimization
signal.

3.5 Training Methodology

This section describes the procedure used to train the shared PPO policy, focusing

on configuration choices, training execution, experiment design, and the iterative

refinement process. The aim is to document how stable and reproducible models

were obtained. Before large-scale training, the entire training pipeline was valid-

ated through short pre-runs to ensure correct interaction between the environment,

preprocessing, and optimization components. This step ensured that subsequent per-

formance differences reflected learning behavior rather than implementation-related

issues.

3.5.1 PPO Configuration and Hyperparameters

The PPO algorithm is configured using a small set of hyperparameters that govern

optimization dynamics, exploration behavior, and rollout structure. Rather than

conducting an exhaustive hyperparameter search, the focus of this work is placed

on identifying a stable and reproducible training regime suitable for cooperative

multi-agent control under partial observability.

Hyperparameters are therefore treated as design variables that influence learning

stability rather than quantities to be optimized in isolation. In particular, parameters

related to the rollout length, exploration pressure, and update frequency are expected

to affect convergence speed, variance, and robustness. A reference configuration is
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defined to serve as a baseline for all experiments, while controlled variations are

introduced incrementally during training. The impact of these variations is analyzed

in the evaluation chapter, where their effect on performance and stability is examined

empirically.

3.5.2 Training Protocol, Model Selection, and Iterative Re-

finement

Each training run is executed with a fixed computational budget and updated on-

policy using PPO. Actions are sampled stochastically during training to support

exploration and to avoid early convergence to unstable strategies. Training progress

is monitored at regular intervals, meaning that performance is evaluated periodically

during training rather than only after completion. This allows learning behavior to

be tracked throughout the training process.

At the end of each run, two policy instances are retained: the final model corres-

ponding to the last update step, and the best-performing model observed during

training. This distinction is necessary because peak performance does not always

coincide with the final iteration. In practice, some policies reached their highest per-

formance early and later degraded due to instability. Retaining both models allows

learning dynamics to be analyzed more faithfully in the evaluation chapter.

Beyond individual runs, a central question guides the training process: how can

improvements be distinguished from random fluctuations caused by stochastic training

and initialization? To address this question, training is not treated as a sequence of

isolated experiments but is organized as an iterative refinement process. An initial

baseline configuration is first validated under stochastic execution and across multiple

random seeds to establish a stable reference behavior.

Subsequent iterations introduce controlled and targeted modifications, which are

evaluated against the current baseline before any further changes are applied. This

staged progression ensures that observed performance differences can be attributed

to specific interventions rather than to randomness arising from action sampling or

seed-dependent effects.

Methodology 49



Two complementary refinement modes are employed within this framework. In sur-

gical refinement, small and localized adjustments are applied to selected hyperpara-

meters while preserving the overall training structure, allowing issues such as in-

sufficient exploration or unstable updates to be addressed without disrupting pre-

viously learned behavior. In rebuild refinement, the PPO setup is reconstructed

with structural changes, such as modified rollout horizons or batch configurations,

while transferring learned weights when appropriate. This mode is used when the

existing baseline cannot accommodate the desired improvement within its current

configuration.

A candidate configuration is promoted to the baseline status only if it consistently

shows improved performance under stochastic evaluation, reduced variability across

episodes, and robustness across multiple random seeds. Configurations that rely on

favorable initialization, exhibit high variance, or show signs of performance collapse

are explicitly rejected. This disciplined training protocol ensures that the improve-

ments reported reflect robust behavioral gains rather than chance fluctuations or

transient effects.
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Validated Baseline Configuration

(after multiple exploratory runs)

Targeted Modification

(surgical or rebuild refinement)

Training & Stochastic Evaluation

Consistent improvement

across seeds?

Reject configuration

(unstable or non-reproducible)
Promote as new baseline

no yes

Figure 3.5: Iterative training protocol with baseline validation, controlled refinement,
and promotion criteria.

3.5.3 Experiment Design and Reproducibility

The experimental process begins with a baseline configuration trained under fixed

initialization conditions. Subsequent experiments introduce controlled modifications

to a limited set of factors, including random seed, selected PPO hyperparamet-

ers, and, in specific cases, architectural changes. This design ensures that observed

performance differences can be attributed to deliberate interventions rather than

uncontrolled stochastic effects.

Reproducibility-oriented practices were incorporated through consistent configura-

tion snapshots and structured run directories that encode the key experimental para-

meters. This makes each training run fully traceable and facilitates more reliable

comparison between different configurations and training stages.
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3.6 Evaluation Phase

The evaluation phase assesses the behavior of the learned policy under controlled

conditions and determines whether the PPO agent has developed stable cooperat-

ive strategies. Since PPO is trained as a stochastic policy, the evaluation process

considers two execution modes that reflect different aspects of performance: determ-

inistic and stochastic action selection.

Deterministic vs Stochastic Execution

Deterministic evaluation uses arg maxa πθ(a|o), selecting the most probable action

in each timestep. This mode isolates the policy’s “intended” behavior by restrict-

ing randomness and reveals how well the agent performs when following its most

confident decisions. However, in a multi-agent environment such as Pistonball, this

mode has limitations: the dynamics are non-stationary, other agents behave inde-

pendently, and small divergences cannot be corrected. As a result, deterministic

evaluation often underestimates real performance.

Stochastic evaluation samples from the full action distribution a ∼ πθ(·|o). This

reflects the actual behavior of the policy during training and provides a more realistic

estimate of performance under uncertainty. In this mode, the agent can choose

slightly different actions between episodes, revealing the degree to which cooperative

behavior is stable rather than accidental. For this reason, stochastic evaluation is

treated as the primary performance metric throughout this work.

Evaluation Procedure and Metrics

After training, both the final model (corresponding to the last update step) and

the best-performing model (achieving the highest evaluation score during training)

are evaluated. Evaluation runs are initially conducted over a moderate number of

episodes per execution mode to obtain a first estimate of performance.

As training stabilizes and candidate baseline models are narrowed down, the number

of evaluation episodes is increased to obtain more reliable performance estimates
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and to reduce the effect of stochastic variability. This progressive evaluation strategy

allows for both early-stage inspection and robust final assessment of learned behavior.

Trained Policy Models
(Final model & Best model)

Evaluation Modes
Deterministic / Stochastic

Repeated Evaluation Episodes
(multiple episodes per mode)

Recorded Metrics
Mean return, variance, quantiles, episode length

Figure 3.6: Evaluation pipeline and performance metrics used to assess policy sta-
bility and effectiveness.

All evaluation results are recorded in a structured manner to enable systematic

comparison across models and training stages. Performance statistics and return

distributions are aggregated across episodes and seeds, forming the basis for the

analysis presented in the following chapter.

3.7 Summary

The experimental workflow was incremental and evidence-driven. Rather than search-

ing for a single optimal configuration, the process focused on identifying a stable and

reproducible-oriented setup, assessing robustness across seeds, and refining behavior

through controlled fine-tuning. This approach aligns with the complexities of multi-

agent reinforcement learning, where environment dynamics are non-stationary and

policy stability is a prerequisite for meaningful evaluation.
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Chapter 4

Results Analysis

4.1 Experimental Overview

We present the experimental results following the staged training methodology de-

scribed in the previous chapter. The results are organized according to the main

phases of the training process rather than as isolated runs.

First, results from the exploratory hyperparameter search are reported to show how

unstable or poorly converging configurations are filtered out and how the baseline

configuration is selected. The focus at this stage is on training stability rather than

absolute performance.

The results of the baseline configuration evaluated on multiple random seeds are

presented. This stage establishes a reference level of performance and variance under

stochastic execution and serves as the comparison point for all subsequent results.

Finally, fine-tuning results are reported, illustrating how targeted modifications affect

performance and stability relative to the baseline.

Across all stages, policies are primarily evaluated using the average episodic team

reward, with variability across episodes and seeds used as an indicator of robustness.

Unless stated otherwise, comparisons are based on stochastic evaluation.
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4.2 Hyperparameter Exploration Strategy

Before fixing the final configuration, an extensive exploration phase was conducted.

The purpose of this phase was not to exhaustively optimize the PPO algorithm,

but to identify a region of the hyperparameter space where learning is stable and

cooperative behavior emerges consistently.

The exploration focused primarily on the rollout length used for PPO updates

(n_steps), the entropy coefficient controlling exploration pressure (ent_coef), and

the overall training budget. Rollout lengths ranging from 1024 to 12288 steps were

evaluated, entropy coefficients were varied between 0.0001 and 0.01, and training

budgets typically ranged from approximately one million timesteps for baseline runs

to shorter budgets during fine-tuning stages.

Early experiments with relatively short rollouts, such as n_steps = 1024 combined

with high entropy (ent_coef = 0.01), demonstrated that PPO was capable of dis-

covering non-trivial behavior. In these cases, stochastic evaluation occasionally yiel-

ded moderate positive rewards, and some checkpoints achieved substantially higher

performance. However, learning dynamics were highly variable, and results were

sensitive to the specific checkpoint selected for evaluation. Similar instability was

observed for intermediate rollout lengths such as n_steps = 2048 with moderate

entropy, where performance varied significantly across runs and seeds, particularly

under deterministic evaluation.

At the other extreme, very long rollouts (n_steps = 12288) combined with very low

entropy coefficients produced numerically stable policies but did not lead to consist-

ent improvements in episodic reward. In several such configurations, deterministic

evaluations clustered around negative mean values with relatively low variance, in-

dicating convergence to conservative but suboptimal strategies.

Taken together, these observations suggest a trade-off between exploration and sta-

bility. Short rollouts with high entropy promoted exploration but resulted in high

variance and unstable learning, while extremely long rollouts with minimal entropy

led to stable yet under-performing policies.
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Based on this analysis, subsequent experiments focused on an intermediate configur-

ation that balances these effects, namely n_steps = 4096 with a moderate entropy

coefficient ent_coef = 0.006. This configuration was selected as the baseline for

further evaluation across random seeds and for controlled fine-tuning.

Configuration Observed Behavior Main Limitation

1024 / 0.01 Strong exploration High variance

2048 / moderate Occasional improvements Unstable evaluations

12288 / low Stable behavior Conservative policies

4096 / 0.006 Balanced performance Selected baseline

Table 4.1: Qualitative observations from the hyperparameter exploration phase.

4.3 Baseline Configuration: n_steps = 4096, ent_coef

= 0.006

Following the exploratory phase, the configuration with n_steps = 4096 and ent_coef

= 0.006 was selected as a baseline for further analysis. This choice represents a

compromise between sample efficiency and training stability: rollout lengths are suf-

ficiently long to capture meaningful temporal patterns in the cooperative dynamics,

while the entropy coefficient remains large enough to prevent premature convergence

to overly deterministic behavior.

For seed 0, this baseline configuration exhibits a clear divergence between stochastic

and deterministic evaluation. In stochastic execution, the policy achieves a mean

episodic reward of approximately 18.55, with a median of around 13.60 and an av-

erage episode length of roughly 122.5 steps. In contrast, deterministic evaluation

yields substantially lower performance, with a mean reward of approximately −1.86,

high variability across episodes, and a median close to −9.38.

This discrepancy already illustrates a central observation of this work: under the

same learned policy, stochastic action selection enables sustained cooperative beha-
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vior, whereas deterministic execution tends to suppress it. Importantly, this effect

is not specific to a single initialization; as shown in the following sections, it per-

sists when results are aggregated across multiple random seeds and remains evident

throughout subsequent fine-tuning stages.

4.4 Fine-Tuning Procedure on the Baseline Con-

figuration

Once the baseline configuration was established, we proceeded with an iterative

fine-tuning process aimed at improving performance while preserving training sta-

bility.The fine-tuning stages were initialized from previously trained weights and

followed two complementary strategies. In the first, only selected hyperparameters

such as the learning rate or entropy coefficient were adjusted, resulting in small,

localized changes in the training dynamics. In the second, the PPO rollout structure

was modified by changing the rollout length or batch configuration, while retaining

the learned network weights.

For seed 0, three successive fine-tuning stages were applied on top of the baseline

configuration with n_steps = 4096 and ent_coef = 0.006. The final fine-tuned

policy (run directory ending in __20251116-185344) exhibits a substantial improve-

ment under stochastic evaluation. Specifically, the policy achieves a mean episodic

reward of approximately 43.61, with a standard deviation of 41.59 and a median of

37.38. The average episode length is reduced to around 108.3 steps, compared to the

maximum horizon of 125.

Relative to initial baseline performance under stochastic execution (mean reward

≈ 18.55), this corresponds to an improvement factor of approximately 2.35×. The

reduction in episode length suggests that successful cooperative behavior is achieved

earlier within each episode, indicating more decisive and coordinated action patterns.

An important observation is that the deterministic evaluation remains near zero or

slightly negative, with a mean reward of approximately −0.98 and a median close to

−13.03. This mirrors the behavior observed at the baseline stage and reinforces the
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conclusion that effective cooperation in this environment relies on stochastic action

selection.

The same fine-tuning procedure was applied independently for seeds 1, 2 and 3. In

each case, the final fine-tuned run is treated as the representative policy for that

seed and is used in subsequent cross-seed analysis.

4.5 Final Policies Across Seeds

Table 4.2 summarizes the performance of the final fine-tuned policies for seeds 0–3

under both stochastic and deterministic evaluation. All numbers are aggregated over

200 evaluation episodes.

Table 4.2: Performance of final fine-tuned policies across seeds (n_steps = 4096,
ent_coef = 0.006).

Seed Eval Mean Std Median Mean length

0 Stoch. 43.61 41.59 37.38 108.27
Det. −0.98 29.27 −13.03 120.28

1 Stoch. 9.14 23.96 6.44 124.15
Det. −3.89 18.76 −10.48 125.00

2 Stoch. 4.01 23.99 −0.48 123.96
Det. −6.42 18.44 −11.97 125.00

3 Stoch. 45.66 42.73 44.84 106.73
Det. 0.14 29.72 −11.93 121.18

Two key patterns appear clearly:

1. Stochastic policies achieve consistently positive mean rewards. Across

the four seeds, the average stochastic mean is approximately 25.6 points, with

the strongest seeds (0 and 3) achieving mean rewards above 40 and medians

around 40–45. For these seeds, even the 25th percentile of the stochastic reward

distribution is positive, indicating that most episodes are successful.

2. Deterministic policies clustered around zero or slightly negative mean

rewards. When the same policies are evaluated deterministically, the mean
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rewards move close to 0 and often become negative. The average deterministic

mean across seeds is around −2.8, and the medians are consistently negative.

In addition, for high-performing seeds 0 and 3 the mean episode length under

stochastic evaluation is around 106–108 steps, clearly below the 125-step horizon.

This suggests that in many runs the ball is pushed to the right side well before the

time limit, which is consistent with successful cooperative behavior. In contrast, de-

terministic evaluations tend to remain close to the full horizon, especially for seeds

1 and 2, where the mean episode length is exactly or almost 125 steps.
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Figure 4.1: Mean episodic team reward (± standard deviation) of final fine-tuned
policies across random seeds under stochastic and deterministic evaluation.

4.6 Improvements from Baseline to Final Policies

We now quantify how much performance improves when moving from the selected

baseline configuration to the final fine-tuned policies. For each seed, we compare

the baseline model trained with n_steps = 4096 and ent_coef = 0.006 against

the corresponding final fine-tuned model, using the same evaluation protocol (200

episodes per mode).

Under stochastic evaluation, fine-tuning yields consistent gains for the high-performing

seeds and more modest or mixed gains for the weaker seeds. In particular, seeds 0

and 3 show large increases in mean episodic reward, which is also reflected in shorter

average episode lengths, indicating earlier task completion. Seeds 1 and 2 improve
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less substantially, suggesting that fine-tuning cannot fully overcome unfavorable ini-

tialization effects in all cases.

Deterministic evaluation remains close to zero or slightly negative both at the baseline

and at the final stage. This indicates that the primary effect of fine-tuning is to

strengthen cooperative behavior under stochastic execution, rather than to produce

a robust deterministic controller in this environment.

Overall, the baseline-to-final transition confirms the main role of fine-tuning in our

pipeline: it amplifies cooperative behavior once a stable training regime is identified,

but it does not eliminate the stochasticity dependency observed throughout the

experiments.
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Figure 4.2: Improvement in stochastic mean episodic reward from the baseline policy
(n_steps = 4096, ent_coef = 0.006) to the final fine-tuned policy across random
seeds.

Taken together, the results confirm the role of stochastic execution and fine-tuning

in enabling and stabilizing cooperative behavior under a shared policy.
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4.7 Deterministic and Stochastic Evaluation in a

Multi-Agent Context

Across all experiments, a consistent gap is observed between stochastic and determ-

inistic evaluation. Policies that exhibit strong cooperative behavior under stochastic

execution perform close to zero or negatively when evaluated deterministically. This

pattern appears at the baseline stage, persists through fine-tuning, and remains

stable across random seeds.

Rather than representing a training failure, this discrepancy reflects the cooperative

and partially observable nature of the environment, in which agents share a single

policy and must coordinate without access to global state information. Under these

conditions, stochastic execution provides a more representative assessment of the

learned policy’s effectiveness. As such, all subsequent conclusions in this chapter are

based primarily on stochastic evaluation results.

4.8 Summary of Findings

The experimental results presented in this chapter provide direct empirical answers

to the research questions and the methodological assumptions introduced earlier. A

systematic exploration of PPO hyperparameters identified an intermediate configur-

ation (n_steps = 4096, ent_coef = 0.006) as a stable operating regime in which

cooperative behavior can emerge reliably under a shared-policy formulation. This

baseline offered a balance between sufficient temporal context for coordination and

controlled exploration pressure.

Building on this configuration, iterative fine-tuning consistently improved stochastic

performance across all random seeds. Although the magnitude of improvement var-

ied, mean reward gains ranged from approximately 1.7× to 2.4×, indicating that

once a stable coordination regime is reached, PPO can further reinforce cooperative

dynamics through targeted refinement. In its strongest instances, the final fine-tuned

policies achieved stochastic mean rewards above 40, accompanied by reduced episode

Results Analysis 61



lengths, suggesting that the ball is often pushed to the goal side well before the time

horizon is reached.

At the same time, the experiments highlight the sensitivity of training outcomes to

random initialization and stochasticity. Performance varies across seeds, and suc-

cessful cooperation does not emerge deterministically in all cases. Rather, effective

coordination appears as an emergent outcome that depends on early training dy-

namics and is subsequently amplified through fine-tuning.

A consistent pattern across all experiments is the divergence between stochastic and

deterministic evaluation. Policies that exhibit strong cooperative behavior under

stochastic execution perform close to zero or slightly negative when evaluated de-

terministically. This observation confirms that deterministic performance alone is a

misleading indicator of policy effectiveness in this cooperative multi-agent setting.

4.9 Reflection and Interpretation

The experimental results indicate that meaningful cooperative behavior can emerge

even when all pistons are controlled by a single shared PPO policy under partial

observability and decentralized execution. Despite the absence of explicit commu-

nication, role assignment, or agent-specific policies, several configurations were able

to produce coordinated interactions that consistently pushed the ball forward and

maintained collective motion over time.

At the same time, the experiments revealed that learning dynamics were highly sens-

itive to initialization and training conditions. Performance varied noticeably across

random seeds, and policies that appeared promising during intermediate training

stages did not always generalize consistently across evaluation settings. This variab-

ility suggests that convergence toward effective cooperation is not deterministic, but

depends strongly on early policy updates and stochastic training dynamics.

The results also highlight the importance of fine-tuning after an initially cooperat-

ive regime has emerged. In several cases, continued training from well-performing

checkpoints improved coordination stability and increased average episodic rewards.
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However, fine-tuning alone was not sufficient to recover poor initial training traject-

ories, indicating that successful cooperation remains closely linked to the quality of

the earlier learning phase.

An additional observation concerns the difference between stochastic and determ-

inistic evaluation. Policies that performed relatively well under stochastic execu-

tion often degraded substantially when evaluated deterministically. This behavior

suggests that stochasticity itself contributes to coordination by allowing the shared

policy to adapt more flexibly to locally changing environmental states. Deterministic

execution, by contrast, frequently produced rigid behavioral patterns that reduced

adaptability and led to weaker collective performance.

Overall, the findings suggest that cooperative behavior in this setting emerges not

through specialization or explicit coordination mechanisms, but through the inter-

action between shared policy optimization, common rewards, and stochastic action

selection. The experiments therefore support the idea that parameter sharing can

produce non-trivial coordination in cooperative multi-agent environments, while also

revealing the sensitivity and instability that may accompany this formulation.

Results Analysis 63



Chapter 5

Conclusions

This thesis investigated how a single PPO policy behaves in a cooperative multi-agent

environment, using Pistonball-v6 as a case study. The objective was to examine how

training dynamics, hyperparameter selection, fine-tuning, and evaluation methodo-

logy influence learning when a shared policy operates under partial observability and

decentralized execution.

5.1 Discussion

The findings of this thesis suggest that cooperative behavior may emerge even in

highly constrained shared-policy settings where agents operate using only local obser-

vations and decentralized execution. Although the achieved coordination was often

unstable and sensitive to training conditions, the experiments nevertheless demon-

strated that meaningful collective behavior can arise without explicit communication

or predefined agent roles.

From a methodological perspective, the study highlights the importance of evaluation

strategy in cooperative reinforcement learning. The observed differences between

stochastic and deterministic execution indicate that policy behavior in partially ob-

servable environments may depend strongly on the manner in which evaluation is

performed. This reinforces the idea that empirical results in reinforcement learning

should be interpreted not only through final reward values, but also through stability,

reproducibility, and behavioral consistency.

Overall, the experiments demonstrate that relatively simple shared-policy formula-
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tions are capable of producing non-trivial cooperative behavior under strong con-

straints. Although the observed policies exhibited instability and sensitivity to

training conditions, the results nevertheless support the use of parameter sharing

as a meaningful framework for studying coordination in cooperative multi-agent re-

inforcement learning. More broadly, these findings are consistent with previous work

on parameter sharing in cooperative MARL, where shared policies have previously

been observed to produce coordinated behaviour under decentralized execution and

limited local observations gupta2017.

5.2 Limitations and Future Work

This study is subject to several limitations that define the scope of its conclusions.

First, the experimental analysis was restricted to a single environment, Pistonball-v6.

Although this environment provides a challenging cooperative control problem, the

observed behaviours cannot be assumed to generalize directly to tasks with different

dynamics, reward structures, or agent interactions.

Second, the shared-policy formulation was not compared against alternative multi-

agent approaches such as independent policies, centralized critics, or communication-

based methods. This was a deliberate design decision, since the goal of the thesis was

to investigate the internal dynamics of shared-policy PPO rather than to optimize

performance relative to other MARL architectures.

Third, the evaluation focused primarily on episodic reward and episode duration.

While these metrics align with the task objective, they do not fully capture finer-

grained aspects of coordination such as synchronization patterns, behavioural di-

versity, or emergent agent roles.

Future work could extend this research by evaluating shared-policy learning in more

heterogeneous environments where agents differ in observations or action capabil-

ities. Another possible direction would be to investigate hybrid architectures that

combine parameter sharing with limited forms of communication or memory. Finally,

broader comparisons between stochastic and deterministic execution across multiple
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cooperative environments could provide deeper insight into the role of stochasticity

in multi-agent coordination.
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