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Abstract

This study aimed to enhance the kicking ability of Nao robots in the three-dimensional
RoboCup simulation by addressing a crucial challenge observed in the University of
Witwatersrand RoboCup team. The focal challenge revolved around a noticeable delay
and slow movement manifested by the robot during ball kicks, leading to vulnerabilities
in ball possession against opposing teams. To surmount this challenge, the implemen-
tation of Proximal Policy Optimisation (PPO), a methodology pioneered by OpenAI,
was advocated. The precise objective was to optimise kick parameters, with a primary
emphasis on curtailing kick latency. This optimisation aimed to ensure swift and ac-
curate execution across various kicking scenarios, encompassing actions like propelling
the ball into the opponent’s territory to bolster ball possession and thwart adversary
manoeuvres. Harnessing the iterative advancements embedded in PPO, the successor
to Trust Region Policy Optimisation (TRPO), the endeavour was to refine the kicking
behaviour of Nao robots. This optimisation process significantly reduced the observed
kick delay, and this made the robot more agile and effective at competing in the com-
plex three-dimensional RoboCup simulation environment. The study’s outcomes high-
lighted substantial progress in reducing kick latency and improving the adaptability of
robotic soccer players, opening up possibilities for further exploration in reinforcement
learning for autonomous agents.
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Chapter 1

Introduction

The RoboCup is a global initiative that fosters research in robotics and artificial intel-
ligence through robot football competitions. It is an extremely significant platform for
improving robotic system capabilities in dynamic and competitive scenarios [da Silva
2019]. This study focuses on the optimisation of kicking behaviour in RoboCup events,
with a focus on the difficulty of kick delays.

The impetus for this research originates from close observations of the University of
Witwatersrand RoboCup squad during matches. The main difficulty is a robot’s visible
latency and sluggish movement during the kicking phase, which leads to ball possession
being lost to the opposition. This issue has a direct impact on the robots’ overall perfor-
mance on the field. It has an impact on the team’s ability to score goals and, eventually,
win games. As a result, the purpose of this study is to improve the overall performance
of robotic football players by reducing the latency in their kicking behaviour.

Existing research, such as Depinet et al. [2014], highlights the complexity of kicking
in the three-dimensional RoboCup simulation league. The difficulties include providing
smooth transitions between walks, achieving precision requirements, and coordinating
several joints and keyframes for effective kicking. Machine learning techniques have
emerged as effective solutions for solving these difficulties. In this context, kick latency
is identified as a crucial component affecting robot performance.

This study investigated specific strategies and approaches, with a primary focus on low-
ering kick latency through the use of machine learning technologies, including Proximal
Policy Optimisation (PPO). By improving the kicking characteristics, this study will con-
siderably improve robot performance in RoboCup competitions. The final goal was to
enable these robots to compete more effectively in the complex and challenging envi-
ronment of the three-dimensional RoboCup simulation by resolving the observed kick
latency and enhancing overall kicking behaviour.

The outcome of this study demonstrates the efficiency of the Proximal Policy Optimi-
sation (PPO) algorithm in increasing the kicking performance of robotic agents in the
RoboCup simulation. The latency figure 5.7 shows that integrating rewards customised
to reduce kick latency resulted in a significant and consistent drop in the time it takes
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robots to execute kicks. This positive change represents faster responses to kicking ac-
tivities. Additionally, the increasing trend of the Max Distance Reward demonstrated
that robotic agents had improved abilities to kick farther distances. These strong data
support the study’s strategy, demonstrating that robots not only kicked with lower la-
tency but also with greater effectiveness. This represents a big step forward in building
adept decision-making capabilities for robots in dynamic contexts, adding to the over-
arching goal of enhancing robotic systems in competitive scenarios.
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Chapter 2

Background

2.1 RoboCup

The focus of this study is applicable in the three-dimensional simulation RoboCup,
where Nao robot agents compete with 11 agents per team and two teams per game
[Depinet et al. 2014]. The robots are equal in size and approximately 0.5 metres tall.
The playing field is approximately 30mx20m, which is a scale model of the human soc-
cer field. In recent years, the teams that won the RoboCup three-dimensional league
won because of their fast and strong movements, which were not an easy challenge.

Figure 2.1: Physical NAO robot - [Teix-
eira et al. 2020] Figure 2.2: Virtual Nao robot
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2.1.1 3D Soccer Simulation

The RoboCup 3D simulation league employs SimSpark as its physical multiagent sim-
ulator, founded on the Open Dynamics Engine library [Lau 2023]. This simulation
league enhances realism by incorporating an additional dimension and more intri-
cate physics, utilising SimSpark1 as the official RoboCup 3D simulation server. In the
league’s initial stages, a spherical agent model took precedence, and later advance-
ments introduced humanoid models, starting with the Fujitsu HOAP-2 robot in 2006.
This transition aimed to enhance low-level control of humanoid robots, emphasising es-
sential behaviours such as walking, kicking, turning, and standing up [Reis 2023]. The
comprehensive interaction of these components is illustrated in Figure 2.4, providing
an overview of how different elements harmonise within the simulation environment.
Simswift represents the agents running on the server, highlighting the interconnected-
ness of these components.

Figure 2.3: Components of RoboCup Environment

2.1.2 SimSpark

SimSpark, a versatile physical multiagent simulator system, stands as the official sim-
ulation server for the RoboCup 3D Simulation League. Setting itself apart, SimSpark
offers flexibility for non-soccer simulations, enabling the creation and execution of cus-
tom environments through its scene description language [de Almeida Martins 2023].
The SimSpark simulated soccer environment adheres to specific dimensions: the pitch
spans 1, 181 by 787 inches, goals have measurements of 83.07 by 23.62 inches with a
height of 31.50 inches, the penalty area covers 236.22 by 70.87 inches, and there’s a
centre circle with a 78.74-inch radius. The soccer ball used in the simulation has a 1.57-
inch radius and a mass of 26 grams. The field’s distinctive features include strategically
positioned markers in each corner and a goal post [de Almeida Martins 2023]. Figure
2.4 provides a visual representation of the soccer field dimensions and the marker po-
sitions. Each marker, with a unique ID and fixed location, plays a crucial role in agent
localization. The agents can precisely ascertain their positions by observing the field
lines in conjunction with a subset of these markers.
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Figure 2.4: Simulated soccer field - [Lau 2023]

2.1.3 RoboViz

RoboViz, the official monitor and visualisation tool of the RoboCup 3D Simulation
League [Lau 2023], is actively developed and maintained by the magmaOffenburg
team. This tool facilitates 3D rendering of the environment and agents and allows for
the visualisation of simple drawings, such as lines and circles. With its ability to ren-
der pathing trajectories, agent positions, and ball locations, RoboViz proves invaluable
for debugging and implementing new strategies in the highly competitive RoboCup 3D
Simulation League. Figure 2.5 illustrates the interface of RoboViz [Lau 2023].

5



Figure 2.5: RoboViz interface

2.1.4 Competition Setup

During official competitions, teams are provided with a client to execute their agents.
Subsequently, these agents establish connections to a proxy, which acts as an interme-
diary linking to the simulation server. Concurrently, a monitor connects to the server,
facilitating game rendering and enabling visualiation. The schematic representation of
this setup architecture is presented in Figure 2.6.

Figure 2.6: Competition environment setup of RoboCup - [Lau 2023]
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2.2 Reinforcement Learning (RL)

RL refers to a paradigm of machine learning that allows an agent to acquire knowledge
via trial and error in a dynamic environment while using feedback from its own ac-
tions and experiences. It employs incentives and penalties as indicators of negative and
positive behaviour. The primary objective of RL is to identify an acceptable model of
action that maximises the agent’s cumulative total reward. The agent figures out which
actions yield the greatest reward by trying them out without knowing which action to
perform. Agents with reinforcement learning can perceive the features of their envi-
ronment and are able to influence the environment through the actions they perform
[Sutton and Barto 2018]. In Figure 2.7, the procedure within reinforcement learning
is depicted. The key phrases listed below describe the fundamental elements of a rein-
forcement learning problem:

• Agent The physical object that takes an action on the environment,

• Action is a set of all possible moves that the agent can choose from,

• State This is the current moment event which the agent is in,

• Environment Physical world that the moves of the agent will be made on,

• Reward The feedback that is received back after the action is taken by the agent,

• Policy This is a method to map agent’s state to actions,

• Value This is the anticipated benefit the agent will obtain after acting in a specific
state,

• On-policy assesses the decision-making methodology,

• Off-policy This one assesses a different policy from the one that produced the
data.

Figure 2.7: The procedure within reinforcement learning [de
Sousa Pereira 2020]
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2.2.1 Types of models

RL can be categorised into two distinct types: model based methods and model free
methods. In the model free method, the agent maximises the expected reward from
the actual observations without any prior information. It is only interested in the cor-
responding reward and cannot estimate the next state when choosing an action. In
the model based technique, the agent first learns the model by performing an action
and then observes the next state and the immediate reward. The reduced number of
iterations is used during the learning process to build a model that is used to simulate
the next episodes. The model-based approaches are fast because they do not require
as many samples since they can select from the model [de Sousa Pereira 2020]. Figure
2.8 illustrates the relationships between model-based and model-free approaches.

Figure 2.8: The relations of model-free and model-based approaches [de Sousa Pereira
2020].

2.3 Policy Optimisation

Policy Optimisation optimises policy based on user-specified policy and produces stable
models as a result. Policy-based algorithms create a policy called πθ(a|s) that calculates
the likelihood that agents will take action a and then perform state s. By enhancing
the function’s parameter that created the policy, the policy is optimised for the job for
which it was trained. The policy is updated only if it’s based on the latest policy, since
the optimisation is performed only on-policy. There are several ways that the policy-
based models use to improve how they update the policy and θ. Figure 2.9 shows the
Taxonomy of algorithms in modern RL.
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Figure 2.9: Modern RL’s algorithm taxonomy - [Sousa 2021]

2.3.1 Policy Gradient

The Policy gradient algorithm aims to optimise a policy by optimising θ directly as per
the reward function given by

J(θ) =
∑
s∈S

Dπ(s)
∑
a∈A

πθ(a | s)Xπ(s, a)

where Dπ(s) represent a stationary Markov chain distribution for the policy π, where
Xπ represent the benefit of carrying out action a on state s based on policy πθ. The
target function is reformatted by policy gradient, which ignores the state distribution
[Sousa 2021]. To update the parameter θ, the Monte-Carlo and REINFORCE policy
gradient algorithm use the predicted return by Monte-Carlo methods with the use of
episode samples [Xu and Vatankhah 2013].

2.3.2 TRPO: Trust Region Policy Optimisation

Schulman et al. [2015] states that TRPO was designed with the goal of improving the
stability of training by reducing the variation in policy between iterations. This is done
by placing a divergence boundary on the size of each iteration’s policy update. This
algorithm is better suited for optimising non-linear policies that are very large, such as
neural networks. It updates the policies by making the biggest improvement in per-
formance while adhering to a particular restriction on how similar the old and new
policies may be. The KL-divergence, which is a measure of the distance between the
probability distributions, describes the constraints.
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TRPO differs from the normal policy gradient because the usual policy gradient main-
tains a tight proximity in parameter space between the old and new policies. Small
variations in parameter space can cause extraordinarily significant differences in per-
formance, making the normal policy gradient more dangerous than using large step
sizes with vanilla policy gradients. TRPO improves performance quickly and monoton-
ically. TRPO trains a stochastic policy using the on-policy method. It is examined using
sampling operations while utilising its stochastic policy’s most recent iteration. The
initial condition and training technique determine how random the action selection is,
and as the update rule encourages it to make use of benefits it has already received,
the policy gradually becomes less random. This may result in the policy getting stuck
in local optima.

2.3.3 PPO: Proximal Policy Optimisation

PPO is a policy gradient algorithm that builds upon Trust Region Policy Optimisation
(TRPO). PPO introduces modifications to TRPO by integrating a penalty constraint into
the objective function to tackle convergence issues. PPO differentiates itself from other
policy gradient methods and TRPO through several key aspects. One of the notable
modifications introduced by PPO is the integration of a penalty constraint into the ob-
jective function, addressing convergence issues encountered by TRPO. By incorporating
this penalty constraint, PPO achieves more stable and reliable policy updates, enhanc-
ing the optimisation process. In terms of the policy update mechanism, PPO utilises a
trust region policy optimisation approach. This involves constraining the policy update
through a clipping mechanism embedded in the objective function. The clipping mech-
anism ensures that the updated policy remains within a specified range, preventing
large policy changes that could potentially lead to instability [Schulman et al. 2017].
This feature distinguishes PPO from other methods by providing a smooth balance be-
tween exploiting the advantages of the current policy and exploring alternative actions,
ultimately facilitating the discovery of robust and reliable solutions.

Hämäläinen et al. [2020] state that one of the advantages of PPO lies in its simplicity
and ease of implementation compared to other policy gradient algorithms. It exhibits
superior sample efficiency, allowing for more efficient use of collected experiences dur-
ing training. Additionally, PPO offers strong numerical performance and exhibits stable
convergence properties. Because of these features, PPO is a good choice for many re-
inforcement learning tasks. It lets experts train useful policies with fewer computing
needs and better guarantees of convergence. The clipping mechanism and the trust re-
gion policy optimisation approach work together to make PPO a well-known algorithm
in the field of reinforcement learning. It makes policy updates stable and reliable. Its
simplicity, efficiency, and robust convergence properties contribute to its popularity and
successful application in various domains.
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Objective Function

The objective of PPO is to update the policy parameters θ to maximise the expected
reward. The policy update is performed by optimising the following objective function:

θn+1 = argmax
θ

E
s,a∼πθn

[L (s, a, θn, θ)] ,

The objective function L(s, a, θn, θ) is defined as:

L (s, a, θn, θ) = min

(
πθ(a | s)
πθn(a | s)

Aπθn{s, a), clip
(

πθ(a | s)
πθn(a | s)

, 1− ϵ, 1 + ϵ

)
Aπθn (s,a)

)
,

Here, πθ(a|s) represents the current policy, πθn(a|s) represents the policy from the pre-
vious iteration and Aπθn (s, a) is the advantage function that estimates the advantage of
taking action a in state s over a baseline. The hyperparameter ϵ controls the extent of
the policy update.

Policy Update

PPO employs a trust region policy optimisation approach to ensure stable policy up-
dates. By introducing a clipping mechanism in the objective function, PPO constrains
the policy update to a specified range. This ensures that the updated policy remains
close to the previous policy, preventing large policy changes that may lead to instability.
The clipping mechanism allows the policy update to strike a balance between exploit-
ing the advantages of the current policy and exploring alternative actions. It provides a
smooth transition between policy improvement and exploration, enabling PPO to find
robust and reliable solutions.

Exploration and Exploitation

In reinforcement learning, the exploration-exploitation trade-off is a critical aspect.
PPO maintains a level of exploration throughout the training process to avoid getting
trapped in local optima. By sampling actions based on the most recent stochastic pol-
icy, PPO explores different action choices and gathers diverse experiences. However, as
the policy update progresses and the advantages of certain actions become apparent,
PPO gradually shifts towards exploitation by reducing the level of randomness in action
selection. This balance between exploration and exploitation is essential for PPO to dis-
cover high-quality policies while maximising the expected rewards. PPO incorporates
entropy regularisation as an exploration strategy. By adding an entropy term to the
objective function, PPO encourages the policy to produce actions with higher entropy
or unpredictability. This promotes exploration by preventing the policy from becoming
too deterministic and encouraging it to explore different actions and states. The bal-
ance between exploitation and exploration is crucial in PPO, as it allows the algorithm
to navigate complex and diverse environments effectively, leading to more robust and
adaptive policies. By carefully managing the exploration-exploitation trade-off through
the trust region policy optimisation approach and entropy regularisation, PPO strikes
a balance between exploring new possibilities and exploiting existing knowledge. This
enables it to discover effective policies and achieve convergence to optimal or near-
optimal solutions in a wide range of reinforcement learning tasks.
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2.4 Objective

The primary objective of this research is to develop a Proximal Policy Optimisation
(PPO) method for optimising the kicking behaviour of the robot Nao in three-dimensional
RoboCup. The proposed PPO method aims to improve the robot’s kicking accuracy
and decision-making process by fine-tuning its policy parameters. By leveraging PPO’s
ability to efficiently learn from past experiences while exploring new strategies, the
research seeks to enhance the overall performance of the robot in complex soccer sce-
narios.

2.5 Significance of the project

This study proposes the PPO method to improve the performance of the robot Nao by
optimising its kicking behaviour in a complex and dynamic environment. By leveraging
the advantages of PPO, such as stable policy updates and efficient convergence, this
study aims to enhance the robot’s capability to adapt and learn in real-time scenarios,
since kicking is one of the many skills that are important for robots to play soccer
successfully. It is important to find the best kicking parameters for the Nao robot in the
three-dimensional RoboCup simulation league so that the team is able to score goals
in the three-dimensional RoboCup simulation league competitions. They also allow the
team to win some games or competitions, which is the main reason why the teams
compete against each other. In summary, this is important because it will improve the
team’s performance in all future games.

2.6 Structure of the project

These are the remaining points of the plan. In Chapter 3, related work is covered.
Chapter 4 presents the methodology, Chapter 5 the research plan and Chapter 6 the
conclusion of this paper.
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Chapter 3

Related Work

3.1 Introduction

The earlier research on the kicking behaviour of robots in the three-dimensional RoboCup
simulation competition is covered in this chapter. These include various methods
that were used to improve the kicking behaviour of a robot in the RoboCup three-
dimensional League by optimising the kicking parameters. Various observations were
made, such as the kicking delay, kicking accuracy and kicking the ball at a long dis-
tance, which were observed in the University of Witwatersrand robot football team
during RoboCup play against other teams in the three-dimensional RoboCup simula-
tion League.

3.2 Review of related work

The study by Teh [2012] introduced a novel method developed by rUNSWIft to im-
prove the balance and accuracy of kicking in RoboCup. The researchers recognised
that kicking the ball with accuracy and balance is a challenging task for Nao robots
in RoboCup. They devised a technique where the Nao robot approaches the ball and
turns towards the goal during the kicking motion. This approach, called the omnidirec-
tional kick, was specifically designed for the Aldebaran Nao robot and aimed to advance
the performance of rUNSWIft’s striker robot in the RoboCup Standard Platform League.

The implementation of this kicking style took into account various factors such as speed,
balance, precision and dependability. The kinematics module was used to understand
the robot’s posture by considering its centre of gravity and body tilt. The result was a
dynamic omnidirectional kick that enabled faster targeting and increased force without
the need to manipulate the hip joint or sacrifice power. Dribbling kicks were also incor-
porated to enhance speed and maneuverability, albeit at the cost of distance and power.
Additionally, modifications were made to the front-get-up exercises, incorporating new
inward arm swings to improve their reliability. In the 2012 RoboCup Standard Platform
League, rUNSWIft’s performance demonstrated the effectiveness of their approach. Al-
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though they achieved a third-place finish, the competition was strong, showcasing the
progress made by numerous top teams over the years [Teh 2012].

The study by MacAlpine et al. [2015] focused on the University of Texas Austin Villa
RoboCup team, which achieved victory in the 2015 RoboCup three-dimensional League
by scoring 87 goals. The research highlighted the changes made to the team’s approach
between 2014 and 2015, which led to their success in winning all of their games during
the competition and league. One significant improvement made by the Texas University
Austin Villa team was the addition of 13 new shot options for their robots to choose
from in 2015. In the previous year, the team only had four kick options available,
including a quick short kick and high and low kicks that could cover distances of ap-
proximately 5m and 15m respectively. These kicks were effective but limited in their
range.

The team also participated in a robot kicking accuracy competition where teams had
their robots shoot a ball into the centre of the field from various distances ranging from
3m to 12m in 1m increments. By employing learned accurate kicks, the University of
Texas Austin Villa team won the kicking accuracy competition by achieving the least
error in kicking distance. The kick optimisation process in their approach utilised CMA-
ES. This optimisation method enabled the agents to generate different directional kicks
using simple curves. The parameters for the kicks were learned through an optimisa-
tion task where the agents were trained to approach the ball from at least 10 different
angles. In summary, the University of Texas Austin Villa team’s accomplishment in the
2015 RoboCup three-dimensional League was attributed to the expansion of their kick
options, the utilisation of CMA-ES for kick optimisation and the training of agents to
perform accurate kicks from various angles [MacAlpine et al. 2015].

The kick optimisation study conducted by Depinet et al. [2014] utilised the CMA-ES
strategy, which had previously been employed to optimise the walking behaviour of
the robot. The optimisation process involved a population size of 200 and after 400
iterations of CMA-ES, a stride that was 5 meters longer than the initially observed kick
was achieved. Two additional fitness factors were considered in the optimisation pro-
cess, resulting in slight variations between the two kicks. The first fitness parameter
focused on accuracy, incorporating a Gaussian penalty based on the variance between
the intended and achieved angles. This fitness function aimed to produce a robust and
accurate kick.

The second fitness parameter emphasised the distance the ball travelled through the
air. The objective was to shoot the ball over the heads of opponents from a long dis-
tance. In order to account for the agents’ height, a reference height of 0.5 meters above
the ground was used to determine the rewards for this fitness function. The optimisa-
tion results with this feature generated a powerful kick that travelled over 11 meters in
the air. The provided equation represents the fitness function for the air distance pa-
rameter, including a setback penalty, a reward for hitting the goal and a reward based
on the ball’s final location and twice the air distance.
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In Abdolmaleki et al. [2016], the kick controller for a virtual Nao robot was optimised
using the CREPS-CMA technique. Different optimisation functions were were selected.
A comparison was made between the CREPS-CMA algorithm and the contextual stan-
dard REPS, generating 50 new samples for each iteration. The kick was optimised over
1000 iterations, considering ideal kick-off distances ranging from 2.5 meters to 12.5
meters. The findings indicated that the contextual tasks were effectively learned by the
CREPS-CMA approach, whereas REPS did not demonstrate the same level of success.
The experimental setup involved placing the robot in various positions relative to the
ball, facing it as it approached, positioning itself and executing kicks towards the target
using the optimised kick controller. It was observed that the nonlinear policies outper-
formed the linear policies in terms of performance.

de Sousa Pereira [2020] employed the TD3 and SAC algorithms, along with stable
baseline frameworks, to optimise corner kicks in the three-dimensional RoboCup sim-
ulation league. The neural network algorithms controlled the kicking agent, which
aligned and kicked the ball using a controlled kick within the penalty area. The optimi-
sation process focused on obtaining rewards at the end of each episode, considering the
final position of the ball. The robots had various constraints in their action spaces to
prevent undesired behaviours. A three-layer neural network with 256 nodes in the first
and last layers and 128 nodes in the middle layer, was utilised for the optimisation. The
results demonstrated that the optimised robot achieved positive rewards and exhibited
improved performance in kicking the ball closer to the goal line and the intended team-
mate. The crossing agent, responsible for crossing the ball into the box, also showed
stability and found optimal values for successful kicks.

In a related work, Barrett et al. [2010] investigated controlled kicking under uncer-
tainty. They developed a kick engine and a kick selection algorithm for humanoid
robots in the 2010 RoboCup. The kick engine allowed variable distance and direction
kicks, reducing the need for precise alignment. The kick decision engine considered
the agent’s position uncertainty, kick outcome and time constraints, resulting in fast
ball movement across the field.

Furthermore, Melo and Máximo [2019] employed PPO methods to optimise the walk-
ing capabilities of a humanoid robot. They created two optimisation tasks, one with a
focus on forward speed and the other on stability and locomotion. The tasks utilised
episode termination conditions based on reaching a finish line or a predetermined
episode duration. The study showed significant improvements in both forward speed
and stability after several hours of training.

These related works are relevant to the current research as they explore optimisation
techniques for specific behaviours in humanoid robots. While de Sousa Pereira [2020]
focused on corner kicks, Barrett et al. [2010] investigated general kicking strategies
and Melo and Máximo [2019] addressed walking capabilities. This proposal builds
upon these studies by using PPO to optimise the kicking accuracy of Nao robots in the
RoboCup three-dimensional league.
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Chapter 4

Research Methodology

4.1 Introduction

In this section, we provide an overview of the research methodology adopted for investi-
gating and enhancing the kicking performance of RL-driven agents within the RoboCup
simulation environment. The discussion encompasses key elements such as the formu-
lation of research questions and the detailed setup of the Proximal Policy Optimisation
(PPO) algorithm specifically tailored for RoboCup. This methodology forms the foun-
dation for our exploration into optimising kicking behaviour and understanding the
implications of reducing decision-making latency in the dynamic context of RoboCup.

4.2 Research Questions

The primary focus of this study is to investigate the effectiveness of Proximal Policy
Optimisation (PPO) in the context of RoboCup. To accomplish this objective, this study
seeks to address the following research questions:

1. Optimisation Objective: How can Proximal Policy Optimisation (PPO) be lever-
aged to enhance the kicking performance of RL agents in the RoboCup simula-
tion?

2. Impact of Latency Reduction: What is the effect of reducing decision-making
latency on kicking performance and how does this influence the overall behaviour
of the RL agent?

4.3 PPO Setup for RoboCup

The training of Nao agents for RoboCup soccer involves the utilisation of the Proximal
Policy Optimisation (PPO) algorithm, adapted to suit the specific requirements of the
task. PPO is a reinforcement learning algorithm that facilitates effective learning by
iteratively optimising policy functions. In the context of RoboCup, the PPO algorithm
enables agents to interact with the environment, observe states and execute actions
based on learned policies.
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4.3.1 State Representation

The state representation is a critical component of the learning process, providing the
agents with a comprehensive view of the environment. It includes a multitude of fea-
tures extracted from the RoboCup simulation, encompassing ball positions, player co-
ordinates, the spatial arrangement of teammates and opponents and other relevant
game-related information. This rich state representation serves as the foundation for
the agents’ decision-making process, enabling them to contextualise their actions within
the dynamic soccer environment.

4.3.2 Action Space

The action space in this context is precisely determined by the target joint angles and
joint velocities of the Nao agents within the RoboCup environment. Specifically, the RL
agents can output commands related to adjusting these joint parameters. This focused
definition ensures a more accurate representation of the agent’s control capabilities,
centering on the manipulation of joint angles and velocities. The constrained action
space allows for precise motor control, enabling the agents to influence the robot’s
movements with detailed adjustments. Within this refined space, agents can learn
sophisticated motor control strategies, contributing to effective in-game actions such
as strategic ball handling and goal-oriented decision-making.

4.3.3 Iterative Training Process

The training process unfolds iteratively, with agents engaging in interactions with the
environment, receiving feedback in the form of rewards and adjusting their policies
accordingly. This cyclical process of exploration and exploitation enables the agents
to progressively refine their strategies, converging towards more optimal policies. The
training duration, represented by the number of time steps, influences the depth of
learning and the adaptability of agents to diverse game scenarios.

4.3.4 Policy Evaluation and Analysis

The analysis of trained policies involves a comprehensive examination of the agent’s be-
haviour in various situations. Performance metrics, including the defined rewards and
key game-play statistics, are logged and analysed to gauge the efficacy of the learned
policies. This analysis extends beyond mere quantitative metrics, delving into qualita-
tive aspects of game-play to ensure a holistic evaluation of the agent’s soccer-playing
capabilities.

4.4 Environment Setup

The experiments are conducted within the context of the RoboCup soccer simulation.
The environment used encapsulates the complexities of the soccer domain, providing
the agent with a rich sensory input and the ability to execute a variety of actions. To
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ensure a comprehensive exploration of the agent’s capabilities, we configure the envi-
ronment with specific parameters. The number of time steps and wait time parameters
play a pivotal role in determining the duration of each experiment and the temporal
dynamics the agent must adapt to. Additionally, the agent’s perception was enhanced
by stacking consecutive frames, enabling it to capture temporal dependencies crucial
for decision-making.

Under the Evaluation Metrics section, the reward specifications are detailed and guide
the agent’s learning process. Each reward, including the kick latency reward, back-
swing effectiveness, and distance optimisation, is meticulously defined to represent
distinct aspects of desirable kicking behaviour. These rewards collectively form the ba-
sis for evaluating the agent’s performance. The inclusion of Kick Latency Reward is a
focal point, aimed at minimising decision-making delays during kicking actions. The
experiments are initiated with the same reward specifications from previously trained
models for kick behaviour with PPO, providing a starting point for the agent’s learning
process. The models are loaded from a checkpoint, ensuring consistency in the starting
conditions for each experiment. This approach facilitates a controlled exploration of the
impact of the Kick Latency latency reward, as any observed differences in performance
can be attributed to the introduction or absence of this specific reward. The utilisa-
tion of previously used reward specifications aligns with a transfer learning paradigm,
leveraging prior knowledge to expedite learning in the RoboCup soccer environment.

The experimental setup is designed to support an iterative approach to reinforcement
learning. After each experiment, the agent’s performance is scrutinised, and insights
are used to refine the reward specifications. This iterative cycle of experimentation
and refinement is integral to the agent’s learning process, ensuring adaptability to the
dynamic nature of the RoboCup soccer simulation. By systematically varying reward
configurations and analysing the corresponding outcomes, we aim to uncover opti-
mal combinations that synergise with Kick Latency Reward, ultimately enhancing the
agent’s proficiency in executing swift and effective kicks.

4.5 Reward Function

To guide the learning process, we designed a reward function that provides feedback
to the agents based on their actions and the current state. The reward function aims to
incentives desirable behaviours, such as scoring goals, successfully passing the ball and
exhibiting effective teamwork. It penalises undesirable behaviours, such as own goals,
collisions and unsuccessful passes. The specific formulation of the reward function
depends on the particular objectives and requirements of the RoboCup soccer domain.
We will carefully design the reward function to ensure a balance between encouraging
optimal play and providing informative feedback to guide the learning process.
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Reward Magnitude
Keep Backswing Reward True
Fall Penalty Magnitude 100
Max Distance Reward True
Cumulative Distance Reward True
Z-distance Weighted Reward 10,000
Ball Distance Magnitude Reward 1
Backswing Magnitude Reward 3
Backswing Stop Y Reward True
Penalise Y Distance Reward True

Table 4.1: Integrated Rewards and Magnitudes

The table 4.1 details these rewards along with their respective magnitudes. This com-
prehensive set of rewards, each addressing specific aspects of kicking behaviour, plays
a synergistic role in optimising the agent’s performance.

4.5.1 Algorithm

PPO works like other policy gradient methods in that it calculates the output probabil-
ities in the forward pass based on various parameters and uses the backward pass to
calculate the gradients to improve the probabilities. Below 4.5.1 is the working PPO
algorithm:

Algorithm 1 PPO-clip - [Schulman et al. 2017]

Input: original policy coefficients θ0 original value function coefficients ϕ0

for iteration = 0, 1, 2, . . . do
gather a group of paths Diter by running the policy πiter = π(θiter) in the environment.
Calculate the cumulative rewards (rewards-to-go) for each time step in the paths.
Estimate the advantages (advantage approximations) based on the current value function
Vϕiter using a suitable method.
Improve the policy by maximising the PPO-Clip objective:

θiter+1 = argmaxθ

 1

|Diter| · T
∑

path ∈Diter

T∑
t=0

min

(
πθ(at|st)
πθiter(at|st)

· advantages, g(ϵ, advantages)
)

(typically using stochastic gradient ascent with Adam or a similar optimisation algorithm)
Approximate the value function by minimising the mean squared error through regression:

ϕiter+1 = argminϕ

 1

|Diter| · T
∑

path∈Diter

T∑
t=0

(Vϕ(st)− rewards)2


(typically using a gradient descent algorithm)

end for
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4.6 Logging and Analysis Infrastructure

The experiments are logged and analysed using the Weight and Biases (WandB) plat-
form, a comprehensive tool for experiment tracking and result visualisation. WandB
serves as a centralised repository for storing experiment configurations, training trajec-
tories and performance metrics. It facilitates collaborative research efforts and fosters
a deeper understanding of the agent’s behaviour by providing a unified platform for ex-
periment management.Weight and Biases (WandB): WandB is an experiment tracking
platform that offers a suite of tools for machine learning practitioners. It enables seam-
less logging of experiments, tracking of metrics and visualisation of results. WandB’s
interactive dashboards provide a holistic view of experiment outcomes, making it eas-
ier to discern patterns and make data-driven decisions. By integrating WandB into our
experimental setup, we enhance the reproducibility and transparency of our research,
creating a robust foundation for iterative experimentation and analysis.

4.7 Performance Evaluation

In assessing the performance of trained Nao agents in the RoboCup environment, a
suite of evaluation metrics is employed. These metrics encapsulate various aspects
of agent behaviour, providing a nuanced understanding of their proficiency in soccer
game-play. Evaluation metrics revolve around reward structures, crucial in shaping the
learning trajectory of the RL agent. Key rewards include:

Kick Latency Evaluation

Central to the evaluation is the Kick Latency metric, a key parameter designed to min-
imise delays in kicking actions. The reduction of latency is crucial for real-time respon-
siveness, impacting the agent’s ability to make timely decisions during game-play. The
Kick Latency Evaluation involves measuring the time elapsed between the decision to
kick and the actual execution, with lower latency values indicative of more agile and
responsive agents.

back-swing Management

The management of back-swing, represented by the Keep back-swing Reward, plays a
pivotal role in refining kicking strategies. A well-controlled back-swing contributes to
more accurate and powerful kicks. The evaluation of back-swing management involves
assessing how effectively agents utilise and control their back-swing during kicking
actions, promoting precision in ball interactions.
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Spatial Proficiency

Metrics such as Max Z-Height, Max Distance, Cumulative Distance and Cumulative Z-
Height provide insights into the spatial awareness and navigation capabilities of the
agents. Max Z-Height measures the maximum vertical height reached by a kicked ball,
indicating the agent’s ability to vary the trajectory of its kicks. Max Distance and Cumu-
lative Distance quantify the spatial reach of kicks, reflecting the agent’s proficiency in
covering ground efficiently. Cumulative Z-Height extends the spatial analysis to the ver-
tical dimension, offering a comprehensive perspective on the agent’s spatial behaviours.

Strategic Decision-making

The assessment of strategic decision-making involves metrics like back-swing Stop Y
and Target Latency. back-swing Stop Y evaluates the precision of back-swing control
concerning the Y-axis, contributing to accurate ball targeting. Target Latency measures
the time delay in targeting decisions, providing insights into the agent’s ability to make
informed and strategic choices during game-play.

4.8 Robustness Evaluation

To evaluate the robustness of the PPO algorithm, tests are conducted under various
scenarios and conditions. This includes testing with different reward specifications.
By examining the algorithm’s performance across these diverse conditions, its ability
to adapt and perform consistently is assessed. The comprehensive methodology pre-
sented above provides a framework for evaluating the performance of Proximal Policy
Optimisation (PPO) in the context of RoboCup. While low Kick Latency is desirable,
it must be balanced with effective back-swing management and spatial proficiency to
ensure a well-rounded soccer-playing capability. The interdependence of these metrics
reflects the nuanced nature of evaluating agent performance, emphasising the need
for a comprehensive and multifaceted assessment approach. From kick latency to spa-
tial proficiency and strategic decision-making, these metrics collectively contribute to a
comprehensive understanding of the agents’ soccer-playing capabilities.

4.9 Conclusion

In conclusion, this methodology establishes a structured framework for training and
evaluating RL agents within the RoboCup simulation environment. With a focused in-
quiry into refining kicking behaviour for robotic agents, the approach aligns with spe-
cific research questions. The integration of well-defined evaluation metrics offers a sys-
tematic means to derive insights into the nuanced dynamics of agent performance. As
this research unfolds, the goal is to not only enhance the immediate context of RoboCup
game-play but also to contribute broader understandings applicable to real-world sce-
narios involving robotic decision-making and spatial navigation. This methodology lays
the groundwork for advancing the capabilities of RL-driven robotic systems, bridging
the gap between simulation and practical application.
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Chapter 5

Results

5.1 Introduction

In this section, we present the outcomes of a comprehensive set of experiments de-
signed to optimise kicking behaviour for robotic agents in the RoboCup simulation
environment. The experiments were conducted using the Proximal Policy Optimisa-
tion (PPO) algorithm, exploring various scenarios to understand the impact of different
reward structures on the learning process.

5.2 Training Scenario 1: PPO without Kick Latency Re-
ward

In the initial training scenario, the primary objective was to comprehensively under-
stand the fundamental learning dynamics of the Proximal Policy Optimisation (PPO)
algorithm when applied to train kicking behaviour. This foundational phase aimed to
assess how well the agent could learn and optimise its kicking policy without the influ-
ence of latency reduction. This deliberate exclusion of kick latency rewards provided
a baseline understanding of the kicking capabilities before introducing latency-related
enhancements.

5.2.1 Training Focus and Objective

The primary focus of this initial training scenario was to evaluate the inherent learning
capabilities of the RL agent in acquiring an effective kicking policy. By employing the
PPO algorithm, the training aimed to leverage reinforcement learning principles to
teach the agent to perform kicks optimally. The omission of kick latency rewards during
this phase allowed for an unadulterated examination of the agent’s ability to adapt and
learn, providing valuable insights into the baseline kicking performance.
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5.2.2 Rewards Utilised for Encouraging Kicking Behaviour

In the initial training scenario without kick latency rewards, specific reward structures
were strategically employed to assess the fundamental learning capabilities of the Prox-
imal Policy Optimisation (PPO) algorithm in enhancing kicking behaviour. One of the
key rewards employed was the Max Distance Reward, designed to incentivise the RL
agent to maximise the distance covered by the kicked ball. The observed upward trend
in the Max Distance Reward graph indicates the RL agent’s progressive improvement in
kicking the ball over greater distances. This upward trajectory suggests successful adap-
tation, demonstrating increased proficiency in achieving longer kicks, aligning with the
overarching training objective. Refer to Figure 5.1 for a visual representation of the
Max Distance Reward graph.

Another crucial metric is the total reward, a composite measure comprising contri-
butions from max distance, cumulative distance and max height rewards. The upward
trend in the Total Reward graph reflects the cumulative success across multiple reward
components. This positive trajectory implies that the RL agent effectively combines
different aspects of kicking behaviour, such as distance and height, to maximise the
overall reward. Figure 5.2 provides a visual representation of the total reward graph.

5.2.3 Max Distance Reward

Figure 5.1 illustrates the continuous improvement in the RL agent’s ability to achieve
longer kicks. The positive trend is indicative of successful adaptation and proficiency
in maximising kicking distance. This distance is similar to the kick currently employed
in the Robocup team, which can reliably achieve a distance of approximately 5 units.

Figure 5.1: Max Distance Reward Graph
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5.2.4 Total Reward

Figure 5.2 provides a holistic view of the RL agent’s performance, showcasing the cu-
mulative effect of max distance, cumulative distance and max height rewards. The
upward trend underlines the agent’s success in integrating various kicking aspects for
enhanced performance. This upward trend also validates the design choice of PPO,
which is able to improve the agent’s performance through experience.

Figure 5.2: Total Reward
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The delay in the RL model’s ability to start learning and getting rewarded for reducing
latency is intrinsic to the nature of reinforcement learning. Early in the training process,
the agent explores a wide range of actions and their consequences, which often leads
to suboptimal and random behaviours. This exploration phase is crucial as it allows
the agent to gather diverse experiences and understand the environment’s dynamics.
Over time, as the agent receives feedback through rewards and penalties, it starts to
identify patterns and adjust its actions to maximise the cumulative reward. The initial
phase, where rewards remain low or constant, reflects this period of exploration and
trial-and-error learning. It takes a significant number of steps before the agent’s learn-
ing algorithm can effectively discern the actions that lead to desired outcomes, such as
reduced kick latency. This gradual improvement is a hallmark of RL, where substantial
training is often required before noticeable progress is made in the targeted behaviours.

5.2.5 Ball Distance Final Euclidean (Euc) Reward

The Ball Distance Final Euclidean (Euc) reward serves as a critical metric for evaluat-
ing the RL agent’s precision in ball placement relative to the target after completing
the kicking action. Contrary to the previous understanding, the Euc reward calculates
the Euclidean distance between the agent and the ball at the end, indicating how much
the ball moved in the y dimension vs the x dimension. The upward trend in the corre-
sponding Figure 5.3 indicates positive progress in the RL agent’s ability to consistently
position the ball closer to the desired target. This improvement underscores the accu-
racy and consistency achieved by the RL agent, crucial for real-world applicability.

Figure 5.3: Ball Distance Final Euclidean (Euc) Re-
ward without kick Latency
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Implications and Analysis:

• Accuracy Improvement: The upward trend in the Euclidean reward signifies
progress in the agent’s ability to kick further, which indirectly suggests enhanced
accuracy in reaching the desired target. Importantly, the values closely align-
ing with the max x numbers indicate a high level of accuracy in achieving the
desired target location. This alignment demonstrates the agent’s proficiency in
consistently hitting the target, reflecting a positive trajectory towards improved
accuracy in kicking.

• Consistent Performance: The consistent upward movement in the Euclidean re-
ward highlights the agent’s sustained improvement in kicking distance over train-
ing episodes. This consistency underscores the reliability of the agent’s perfor-
mance in consistently achieving longer kicks, contributing to its overall effective-
ness on the field.

• Integration of Distance Metrics: The Euclidean distance metric provides a com-
prehensive assessment of spatial dimensions, allowing for effective learning across
different dimensions. By considering both horizontal and vertical components of
the kicking action, the agent gains a more holistic understanding of its kicking
capabilities. This integration ensures that the agent learns and adapts to various
spatial dimensions, leading to a more versatile and adaptable kicking behaviour.

In summary, the applied rewards successfully incentivised the RL agent’s adaptation
and improvement in achieving longer kicks, integrating various kicking aspects, and
enhancing accuracy in ball placement. A detailed analysis of these reward components
provides a comprehensive understanding of the RL agent’s kicking behaviour.

5.2.6 Exclusion of Kick Latency Rewards

The intentional exclusion of kick latency rewards in this phase served a strategic pur-
pose. By meticulously observing and analysing the RL agent’s kicking behavior without
latency reduction, the study aimed to address the first research question: How can
Proximal Policy Optimisation (PPO) be leveraged to enhance the kicking performance
of RL agents in the RoboCup simulation? This initial training phase establishes a base-
line, allowing for a thorough examination of the agent’s baseline kicking capabilities.

Importantly, this baseline becomes a crucial reference point for subsequent experiments
where kick latency rewards are introduced. The detailed analysis of the RL agent’s
learning dynamics, as presented in the following sections, contributes to a comprehen-
sive understanding of its baseline kicking abilities. Moreover, this baseline becomes
instrumental in evaluating the effectiveness of kick latency rewards, providing a clear
benchmark for comparison in subsequent scenarios.
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5.3 Training Scenario 2: PPO with Kick Latency Reward
and Additional Rewards

In the second training scenario, the Proximal Policy Optimisation (PPO) algorithm was
employed with a focus on reducing decision-making latency, addressing the critical
question of how latency reduction influences kicking performance. This scenario aimed
to optimise the kicking behaviour of RL agents in the RoboCup simulation, aligning
with the overarching optimisation objective.

5.3.1 Optimisation Objective: Leveraging PPO for Enhanced Kick-
ing Performance

The incorporation of kick latency rewards, coupled with additional rewards, facilitated
a nuanced exploration of Proximal Policy Optimisation’s (PPO) capabilities. Notably,
the Max Distance Reward maintained its significance as one of the pivotal metrics. The
discernible upward trend illustrated in Figure 5.4 stands out, signifying the RL agent’s
consistent improvement in achieving longer kicks. This upward trajectory implies a
commendable adaptation on the part of the agent, showcasing heightened proficiency
in covering substantial distances during kicking actions. The noteworthy aspect is the
maximisation of the Max Distance Reward between 6 and 7, indicative of consistently
impressive kicking performance.

Figure 5.4: Max Distance Reward with Kick Latency

This positive trend in the Max Distance Reward not only underscores the adaptability of
the RL agent but also highlights the efficacy of incorporating kick latency rewards in the
training paradigm. Despite the added complexity introduced by kick latency considera-
tions, the RL agent not only maintains but enhances its ability to execute powerful and
well-directed kicks. This observation supports the notion that kick latency rewards,
far from hindering performance, contribute to a more refined and efficient decision-
making process, ultimately enhancing the overall effectiveness of the RL agent in the
RoboCup environment.
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5.3.2 Total Reward

The upward trend observed in the total reward, as depicted in Figure 5.5, carries sig-
nificant implications for the experiment. A positive trend in the Total Reward aligns
with the overarching objective of reinforcement learning, where the agent strives to
maximise cumulative rewards over time. In this context, the RL agent’s consistent im-
provement in the Total Reward indicates a successful learning trajectory. It implies that,
despite the incorporation of kick latency rewards and other additional complexities, the
agent adapts and refines its strategies, leading to more favourable outcomes in terms
of the overall reward. This positive trend serves as a key validation of the training
paradigm’s effectiveness, showcasing the RL agent’s ability to not only navigate the
dynamic RoboCup environment but also to make decisions that result in increasingly
positive cumulative rewards. The upward trajectory in the Total Reward reinforces the
notion that the introduced rewards and training methodologies contribute synergisti-
cally to the agent’s proficiency, enhancing its overall performance.

Figure 5.5: The Total Reward with Kick La-
tency

The delay in the RL model’s ability to start learning and getting rewarded for reducing
latency is intrinsic to the nature of reinforcement learning. Early in the training process,
the agent explores a wide range of actions and their consequences, which often leads
to suboptimal and random behaviours. This exploration phase is crucial as it allows
the agent to gather diverse experiences and understand the environment’s dynamics.
Over time, as the agent receives feedback through rewards and penalties, it starts to
identify patterns and adjust its actions to maximise the cumulative reward. The initial
phase, where rewards remain low or constant, reflects this period of exploration and
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trial-and-error learning. It takes a significant number of steps before the agent’s learn-
ing algorithm can effectively discern the actions that lead to desired outcomes, such as
reduced kick latency. This gradual improvement is a hallmark of RL, where substantial
training is often required before noticeable progress is made in the targeted behaviours.

5.3.3 Impact of Latency Reduction: Effect on Kicking Performance
and Overall Behaviour

The training scenario also aimed to answer the second research question concerning the
impact of reducing decision-making latency on kicking performance and the resulting
behaviour of the RL agent. Figures depicting the Max Distance Reward, Total Reward
and Euclidean Distance Reward manifest upward trends throughout training.

The significance of these trends lies in the following considerations:

• Enhanced Kicking Distance: The persistent increase in the Max Distance Reward
affirms that, despite latency considerations, the RL agent consistently refines its
kicking strategy to achieve longer distances. This implies a successful adaptation
to reduced decision-making time.

• Holistic Performance: The rising trend in the Total Reward graph indicates that,
even with the added complexity of kick latency rewards, the RL agent adeptly
balances various performance aspects. This holistic improvement suggests that
the agent can optimise its behaviour across multiple dimensions.

• Precision in Ball Placement: The upward trend in the Euclidean Distance Re-
ward signifies the RL agent’s growing precision in placing the ball accurately con-
cerning the target as shown in Figure 5.6. This is crucial not only for distance but
for achieving targeted and precise kicks.

In conclusion, the upward trends in max distance reward, total reward and Euclidean
Distance Reward underscore the robustness of the RL agent in adapting its kicking
behaviour. These trends are indicative of successful training outcomes, addressing both
the primary optimisation objective and the nuanced exploration of latency reduction’s
impact.

5.4 Solving for Kick Latency: A Comprehensive Analysis

5.4.1 Kick Latency Reward Dynamics

Addressing the pivotal challenge of kick latency, the training scenario strategically intro-
duced the Kick Latency Reward. This reward, depicted in Figure 5.7, initially remained
constant at zero, representing a penalty for the constant latency observed in Figure 5.8.
However, around 150K steps, a gradual increase in the reward became evident, coin-
ciding with a downward trend in latency observed in Figure 5.8. This increase in the
kick latency reward signifies a notable evolution, highlighting the RL agent’s ability to
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Figure 5.6: Ball Distance Final Euclidean (Euc) Re-
ward without kick Latency

adapt and optimise decision-making latency effectively. It demonstrates a sophisticated
learning mechanism within the RL agent, wherein the agent learns to reduce latency
through successive training episodes, as indicated by the rising trend of the kick latency
reward.

Figure 5.7: The kick Latency reward
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5.4.2 Latency Trends

Complementing the analysis of the kick latency reward, Figure 5.8 illustrates the reduc-
tion of latency throughout the training process. Initially constant at 0.6, latency began
decreasing around step 122K, gradually approaching 0.1. This substantial reduction
underscores the effectiveness of the kick latency reward in mitigating decision-making
delays. In contrast, Figure 5.9 shows latency remaining constant at 0.6 throughout the
training process.

The stark difference from the decreasing trend observed with the Kick Latency Reward
underscores the pivotal role played by this reward mechanism. The introduction of the
Kick Latency Reward not only prevented latency from fluctuating around certain values
but induced a consistent reduction, affirming its effectiveness in promoting swift and
timely decision-making during kicking actions. This comparative analysis reinforces
the significance of the Kick Latency Reward in fostering more responsive and efficient
behaviour in RL-driven agents, a tangible and consistent trend towards more efficient
decision-making.

Figure 5.8: Kick Latency with the Kick Latency reward

Figure 5.9: Kick Latency without kick latency reward
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The reduction of kick latency directly enhances the overall kick and ball distance due
to several interconnected factors. Primarily, latency reduction implies that the robotic
agent can make quicker and more precise decisions about when and how to execute
a kick. When decision-making latency is minimized, the agent can time its kicks more
accurately, ensuring that the optimal force and angle are applied to the ball. This
precise timing is crucial for achieving maximum power transfer from the robot to the
ball, resulting in longer kicks. Additionally, a reduced latency in executing kicks allows
for smoother and more coordinated movements, preventing any delays or interruptions
that might otherwise dissipate the energy intended for the kick. Consequently, the force
applied to the ball is more consistent and efficient, propelling the ball further. The
combination of timely, powerful kicks and the efficient transfer of energy leads to an
overall improvement in kick performance, as reflected in increased ball distance. This
underscores the importance of latency reduction not only for the speed of actions but
also for the effective application of physical forces in robotic soccer simulations.

5.4.3 Approximate KL Divergence

Approximate KL Divergence hovering around zero, with minimal fluctuations and rare
outliers, as depicted in Figure 5.10, indicates the promising training dynamics of the
Proximal Policy Optimization (PPO) algorithm. This stability suggests effective policy
adaptation, crucial for maintaining conservative updates close to the existing policy.The
small fluctuations observed suggest that the agent is able to adapt its policy effectively
without encountering major divergences, leading to a stable training trajectory. Such
behaviour aligns with smooth policy transitions and underscores the model’s stability
and robust learning process. The ability to maintain KL Divergence close to zero re-
flects a balanced and reliable learning paradigm, successfully navigating the delicate
equilibrium between exploration and exploitation.

5.4.4 Policy Gradient Loss

The stability observed in the policy gradient loss, illustrated in Figure 5.11, ranging con-
sistently between -0.05 and 0, indicates the effective adaptation of the Proximal Policy
Optimization (PPO) algorithm to the expanded reward structure. This stability reflects
the optimization of the model’s policy parameters, suggesting that the agent fine-tunes
its strategy efficiently without encountering significant fluctuations. Maintaining a nar-
row range between -0.05 and 0 implies subtle updates to the policy, preventing drastic
changes that might result in policy divergence. Such controlled adaptation aligns with
the PPO algorithm’s goal of making cautious policy updates to ensure stable learning.
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Figure 5.10: Approximate KL Divergence

5.4.5 Synergistic Impact on Kicking Proficiency

The collective impact of integrated rewards is vividly portrayed in the Max Distance
Reward, Total Reward and Euclidean Distance Reward figures. The amalgamation of
these rewards, each with its nuanced focus, synergistically contributes to the overall
proficiency of the RL agent. This holistic approach resonates with real-world applica-
bility, mirroring the success of historical strategies employed by the RoboCup team.

The Euclidean Distance Reward now calculates the Euclidean distance between the
agent and the ball at the end of the kicking action. This metric offers a comprehensive
assessment of spatial dimensions, considering both horizontal and vertical components
of the kicking action. The upward trend in the corresponding Figure 5.3 signifies pos-
itive progress in the RL agent’s ability to consistently position the ball closer to the
desired target. Notably, the consistent and upward trends in these figures validate the
RL agent’s adept adaptation to the reward structure. The achieved synergy by incor-
porating diverse aspects of kicking behaviour into the learning process is underscored,
marking a substantial step forward in developing a well-rounded and adaptable learn-
ing trajectory for the RL agent.

5.4.6 Reinforcement of Desired Latency Reduction Behaviour

The consistent increase in the Kick Latency Reward, coupled with the adept maximisa-
tion of rewards by the RL agent, serves as a reinforcement mechanism for the reinforce-
ment learning process. Beyond mere numerical increments, these rewards emphasise
the desired behaviour of minimising latency and optimising kicking performance. This
highlights the efficacy of the chosen reward structure in steering the learning process
toward the intended objectives. The success in solving for kick latency is evident not
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Figure 5.11: Policy Gradient Loss

only in the decreasing trend of latency but also in the maximisation of the associated re-
ward. This comprehensive approach, incorporating a spectrum of rewards, showcases
the adaptability and effectiveness of RL agents in dynamic and competitive environ-
ments such as the RoboCup simulation.
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5.5 Conclusion

In conclusion, our investigation into reinforcement learning scenarios for enhancing
kicking performance in the RoboCup simulation has yielded promising outcomes. Sce-
nario 1, employing Proximal Policy Optimisation (PPO), demonstrated the adaptability
of the RL agent, showcased by the positive trends in essential performance metrics
such as max distance reward and total reward. Building upon this success, Scenario 2
which introduced a pivotal element of kick latency reduction. The remarkable ascent of
the Kick Latency Reward, coupled with the integration of historically successful addi-
tional rewards, exemplifies the effective reduction of decision-making latency and the
creation of a comprehensive reinforcement landscape, aligning with proven RoboCup
strategies. Model evaluation, a crucial aspect of our study, delved into the adaptability
and stability of the learned policies. Analyses of value loss, approximate KL divergence,
policy gradient loss and learning rate provided a nuanced understanding of the RL
agent’s behaviour. These insights, complemented by visual representations, contribute
to a comprehensive comparison across scenarios, facilitating a holistic assessment of
the RL agent’s capabilities in the challenging domain of RoboCup kicking.
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Chapter 6

Conclusion

6.1 Introduction

In the pursuit of enhancing the performance of RoboCup simulation agents, this dis-
sertation has undertaken a comprehensive exploration of reinforcement learning tech-
niques, particularly focusing on the Proximal Policy Optimisation (PPO) algorithm. The
research aimed to optimise kicking behaviour in the simulated environment, addressing
critical challenges such as decision-making latency. Through meticulous experimenta-
tion and analysis, the study has uncovered valuable insights into the dynamics of train-
ing scenarios, the impact of rewards and the effectiveness of kick latency reduction.
The findings provide a solid foundation for understanding the complexities involved in
training RL agents for soccer-playing tasks.

6.2 Research Findings

The research findings reveal the efficacy of employing PPO in refining kicking be-
haviour, elucidating the nuances of various rewards and the pivotal role they play in
the learning process. Notably, the analysis of kick latency reduction showcases the suc-
cessful mitigation of decision-making latency, a crucial factor in real-time scenarios.
The investigation into different reward components, such as max distance, total re-
ward and Euclidean distance, demonstrates a positive learning trajectory, signifying the
adaptability and proficiency of RL agents in acquiring diverse kicking skills. The explo-
ration of clip fraction, explained variance and other evaluative metrics provides further
insights into the stability, adaptability and learning patterns of the trained agents.

6.3 Future Research

As we conclude this dissertation, it opens avenues for future research in the realm of
RoboCup simulation and reinforcement learning. One promising avenue is the explo-
ration of diverse RL models to address specific aspects of soccer-playing tasks. For
instance, employing different models to optimise long-distance kicks with accuracy, im-
prove dribbling skills or enhance the goalkeeping capabilities of agents would be a fruit-
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ful direction. The investigation into varied RL architectures could contribute to a more
comprehensive skill set for the RoboCup team, potentially leading to more strategic
and versatile game-play. Additionally, further research could delve into the integration
of multi-agent systems, simulating team dynamics and cooperation, to achieve a more
holistic approach to RoboCup competitions.

6.4 Conclusion

In conclusion, this dissertation underscores the potential of reinforcement learning, par-
ticularly PPO, in advancing the capabilities of RoboCup simulation agents. The detailed
analysis of rewards, kick latency reduction and evaluative metrics provides a robust
understanding of the learning dynamics. The insights gained not only contribute to
the specific domain of RoboCup but also lay the groundwork for broader applications
of RL in complex, real-world scenarios. As we look ahead, the suggested avenues for
future research promise to further elevate the performance of RL agents, making them
more adept and adaptable in soccer-playing tasks. This research journey marks a sig-
nificant stride in the ongoing quest to push the boundaries of artificial intelligence in
competitive and dynamic environments.
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