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0. Abstract

This paper presents the comparison of six different Reinforcement Learning
based agents using the SARSA algorithm. A short explanation and presentation
of the most recent Reinforcement Learning research prepares for the
methodology behind the showcased algorithms. Two single-agent algorithms,
two decentralised and two centralised multi-agent algorithms are created and
tested, using differing state-actions pairs in an adaptable and expandable test
setting. Results are evaluated and compared to another, and future outlooks are

shared with a short discussion of the outcome of the experiment.



1. Introduction

Whether it is a strategy game, an open world roleplaying game or a 2D
platformer, video games of all genres require non-player characters (NPC). The
most prevalent approaches to programming of NPCs, behaviour trees and finite
state machines, are rigid in their design, difficult in their maintenance for

programmers, and predictable for players of the game (Supli and Siqui, 2025).

Academics and companies alike have been searching for different algorithms
and approaches to the design of NPCs to increase their adaptability,
predictability and immersiveness. Therefore, many machine learning algorithms
and theories have become a topic of interest in the context of gaming settings

(Souchleris et al., 2023).

A commonly researched approach is Reinforcement Learning (RL). Although
often tested and developed in academic settings using games such as ATARI
2600 (Souchleris et al., 2023), it also finds merit and testing grounds in games
with professional leagues and thousands of players, with famous examples such
as AlphaStar for the game StarCraft Il (Vinyals et al., 2019). Even established
tech and game companies, like Ubisoft or OpenAl have shown interest in RL and
are researching its use in video game settings (Alonso et al., 2020) (OpenAl,

2019a).

Reinforcement Learning algorithms are far and wide spread, and have been
developed for many years. Many researchers try to compare and create a profile
for each algorithm, to understand which are best suited for each situation.
Wender and Watson's (2012) research as an example compares four different

Reinforcement Learning algorithm variations.



Many of the examples of current research use complex systems, trained using
elaborate computing clusters for hardware, and deep neural networks for
learning new strategies, like the AlphaStar agent (Vinyals et al., 2019). Outside
of an academic or sponsored setting, this large scale of complexity and hardware
requirements would not be feasible for a game studio with often little resources

and little budget to spare.

This leads to the question of feasibility of Reinforcement Learning within games,
and whether simpler systems without neural networks or multiple CPUs can

successfully be implemented into an interactive setting.

Can even simple systems using Reinforcement Learning be used to train
compelling NPCs that fulfil their goals? And would they work in games with

multiple NPCs that each use Reinforcement Learning agents?

This paper attempts to further the research around these questions and
presents an agent performance comparison between six different

Reinforcement Learning agents, all using the SARSA algorithm.

Two of these are single-agent algorithms, two consist of a decentralised system
and two of a centralised multi-agent system. All algorithms are created and

tested using differing state-actions pairs and compared.

This approach has been taken to present the importance of appropriately
chosen values in the Reinforcement Learning system, and to show how different

agents within the same system can function and learn.

Similar to Glavin and Madden’s (2018) research, policies of different learning
intervals have been saved and compared to another. The focus of comparison

lies primarily on the last learnt policy, considering the success in the completion



of the agent's goal, the spread of learning across the table as well as the rate at

which the agent has learnt to complete its goal.

The following texts give a brief overview of the most relevant Reinforcement
Learning strategies, followed by the second chapter about relevant research
within the field, like the previously mentioned AlphaStar and more. The third
chapter dives into the methodology and implementation of the described agents
and outlines the system around them. This is followed by the fourth chapter,
which presents the learning results of all agents and compares them as
described before. Lastly, a short discussion completes the presented research

and offers an outlook to possible future research.

Reinforcement Learning

Reinforcement Learning (RL) is an approach to machine learning based on the
Markov Decision Process (MDP).

MDP, shortly summarised, is a decision-making model that is used when

outcomes are partially random and partially controlled. (Souchleris et al., 2023)

“The four principal components of a reinforcement learning system are policy,

reward signal, value function, and

optionally, the environment model’
(Sukmana et al. 2024, p. 158) ——| Environment \-
Changes Agent's State

An agent, in video game settings often

Gains Reward Uses Action

represented as an NPC, is placed in an poutes Agent's Policy

environment it can interact with. To . /NPC
decide its actions depending on its
current state in the environment, it Img.1 Typical Reinforcement Learning model



follows a policy. To define and learn from actions taken, and therefore update its
policies, a reward is given to the agent, often upon entering a new state. The
significance of the reward is defined by the value function, which can consider

current, previous or future actions in its evaluation.

This cycle of decisions, rewards and improved policies is the underlying principle
that defines Reinforcement Learning. The Q-Table in this context is considered

the data structure containing policies of all saved state and action pairings.

RL algorithms can be differentiated by their learning approaches. On-policy
algorithms such as SARSA learn from their actions and actual interactions with
their environment. Meanwhile, off-policy algorithms such as Q-Learning rely on
predictions and the outcome of the best action in any given state that could have

been taken.

Exploration versus Exploitation

The dilemma in many Reinforcement Learning algorithms is the consideration of

exploration versus exploitation.

While it is significant to rely on learnt policies and ‘exploit’ the best possible
action in a given state, the reliance on given information and previously learnt

choices bars the possibility of better, unknown opportunities to the algorithm.

Finding a balance between exploring unknown actions or new possibilities and
exploiting already known paths is a still investigated area of Reinforcement

Learning.

Model-Based versus Model-Free

Most algorithms can be differentiated by their knowledge of the environment

and consequences of actions. Model-based algorithms in this context are those



that have access to or build a model of the environment and its dynamics.
Model-free algorithms meanwhile are those that have no knowledge or only

very little knowledge of the environment and instead learn it from their actions.

Monte-Carlo and Temporal Difference Learning (TDL)

Monte-Carlo methods and Temporal Difference Learning methods are
Reinforcement Learning techniques that estimate the most effective policy for

an agent.

Monte-Carlo methods observe every step in a run (also called episode) to

receive the average reward of all steps taken.

TDL on the other hand observes only singular actions taken before returning a

reward.

Both do not require information about the environment of the agent, as both

learn from the actions taken and gained rewards.

SARSA

SARSA, which stands for “State-Action-Reward-State-Action”, is a model-free,
on-policy Reinforcement Learning algorithm. Following the pattern described in
its name, SARSA decides its actions dependant on its current state, before
gaining the respective reward and moving to the next state, thereby completing
the cycle. As described by Wiering and Otterlo (2012), SARSA algorithms are
best used in changing environments, as they learn from the actual changes and

choices made. The algorithm is as follows:
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Q(s,a) <« Q(s,a) + o * (r + vy * Q(s',a'") - Q(s,a))
Where Q(s,a) is the current value, a is the learning rate, r is the reward, y is the
discount factor (meaning the indicator of importance for future rewards), and

Q(s',a") is the next state and action pair.

Q-Learning

In contrast, Q-Learning is a model-free, off-policy algorithm. Unlike SARSA,
Q-Learning focuses on the possible future rewards of a taken action. It considers
its current state merely to compare its possible future states and future rewards
for each, before selecting their action. The great advantage of Q-Learning is its
exploration-insensitiveness, as no matter its exploration policy, it always finds
the best action for its current state (Wiering and Otterlo, 2012). The algorithm

is as follows:
Q(s,a) « Q(s,a) + a* (r + v * maxQ(s',a’") - Q(s,a))

Where Q(s,a) is the current value, a is the learning rate, r is the reward, y is the

discount factor, and maxQ(s',a’) is the best estimated value in the next state.

Deep Reinforcement Learning (DRL)

DRL is a combination of deep learning and Reinforcement Learning (Yang et al.,

2025). Lecun et al. (2015) described deep learning as follows:

Representation learning is a set of methods that allows a machine to be fed
with raw data and to automatically discover the representations needed for
detection or classification. Deep-learning methods are representation-

learning methods with multiple levels of representation [...] (p.1)

11



But while deep learning relies on supervised learning (Lecun et al., 2015), DRL
with its base in RL is capable of building its own model and policies. Using the
neural networking theory of deep learning, DRL utilises the reward system of
Reinforcement Learning to feed new information into the neural network to

improve the policies of the DRL agent (Yang et al., 2025).

Multi-Agent Reinforcement Learning (MARL)

Multi-Agent Reinforcement Learning is a system that expands and often relies
on DRL algorithms. The difference to DRL is that MARL interacts with multiple

learning algorithms, and therefore multiple agents.

The core of MARL is the interaction of multiple agents within the same
environment. This interaction can be done adversely, cooperatively or as a

mixture of both.

In a decentralised system, each agent learns its own policy. This means an agent
has to consider other agents within the environment and react to their changing
behaviour, while often considering the learning processes of other agents'

policies. This by nature results in a non-stationary environment for all agents.

Meanwhile, in a centralised system, all agents use the same policies instead of
their own and gain a joint reward. All agents’ actions and states are considered

in the evaluation of updated policies.

The consideration of all agents at all times, no matter if centralised or not, is the

reason for MARLs success in changing environments (Yang et al., 2025).

12



2. Related work

This section describes the relevance of Reinforcement Learning in the past,
present and future, before diving into case examples and prominent research of
the field. The focus of the following is an overview of relevant algorithms,
systems and paradigms in the field of RL, with a special focus on gaming

contexts.

Examples of Q-Learning and SARSA algorithms are described, followed by
relevant research around DRL. A broader spectrum of other RL algorithms is
presented, including the controversial AlphaGo agent, before disserting some of
the most famous examples of DRL and MARL algorithms like AlphaStar. Other
examples of the use of RL strategies within gaming contexts, outside of the
addressed algorithms and systems, are showcased after, followed by a summary

of the chapter.

Relevance

According to Supli and Siqgi (2025), the typical approach to video game Al is the
utilisation of behaviour trees or finite state machines. Yet in gaming contexts,
“There is a continuous need to study and employ machine learning (Al)
techniques and algorithms to research games due to the enormous potential
and role of machine learning in game creation and development.” (Supli and Siqi,

2025,p.2).

In their study, Supli and Siqgi have shown the advantages of machine learning and
RL approaches in the future of video games. They have created a game with the

Unity Engine that utilises both behavior trees and machine learning, to evaluate

13



motivation and player engagement as well as execute a comparative analysis

between the behaviour tree and the machine learning Al.

Their results prove that although machine learning might not be suitable for all
types of games, specifically dynamic and interactive game genres like strategy
games benefit from machine learning approaches and the learning aspect of RL
(Supli and Siqi, 2025).

Reinforcement Learning has been a topic of discussion in scientific and gaming
contexts for many years. “In the past one and a half decade [sic], the field of
reinforcement learning has grown tremendously.” (Wiering and Otterlo, 2012).
Already in 2012, scientists realised the potential of RL and continued the

development and research of the field.

Souchleris et al. (2023) evaluated the current state of RL and found it used by
multiple companies, e.g. Google DeepMind with AlphaGo for the game Go
(Silver et al., 2016), or Microsoft using RL algorithms to reach the highest
possible score to be accomplished in the game Pacman. The research of
Souchleris et al. determines that the terms “reinforcement learning” and
“games” have been used together in over 25% of publications between 2012 and
2022, further confirming the relevance of RL algorithms in gaming contexts

even nowadays.

Although they predict the development of RL moving further toward general
intelligence, Souchleris et al. speculate that RL algorithms will stay relevant
within essential gaming contexts (Souchleris et al., 2023). The current trend of

research in the RL field shows this relevance increasingly.

RL does not only show relevance in gaming though. Real world applications

using RL systems to solve challenges are not unheard of. For example,

14



self-driving cars can take inspiration from racing game RL implementations and

learn driving in the real world (Souchleris et al., 2023).

Q-Learning and SARSA

Both SARSA and Q-Learning have played a large role in the development of
Reinforcement Learning. At their core, the algorithms have existed for many
years, but have been developed and used in many differing systems and current
research still. This chapter shows some of the research around the two
algorithms and explains their relevance in newly developed versions and
systems that stretch themselves throughout all following chapters of this paper,
from inclusions in DRL systems to implementations in later illustrated RL

agents.

Reinforcement Learning has reached different gaming spaces within recent
years. A good example of an RL implementation, showcasing its relevance, has
been made by Sukmana et al. (2024), who created an adaptable RL NPC for their

game called “CyberHero”.

CyberHero was specifically created for the purpose of teaching security
awareness and password safety, additionally presenting how games can be used
for educational purposes. The role of Q-Learning was to expand intelligence and
adaptability of NPCs with the goal of increasing the gameplay experience,
causing a trickle down effect of maximizing engagement which grows learning

possibilities for players.

Their study focused on RL and its implementation in individual NPC behavior
and presents how the variability and unpredictability of NPC actions can be
increased by Q-Learning. Using Q-Learning, the NPCs were taught to move and

shoot within the game's space, showcasing more flexible and engaging

15



behaviour in comparison to hard coded approaches like the above mentioned

finite state machines.

The success of Sukmana et al. (2024) selecting Q-Learning for their research
offers the question of preference in algorithms. Every algorithm within the
Reinforcement Learning field fulfils a different role, as performance heavily
relies on chosen parameters, selected environments, selectable action options
and even game genres. The question which algorithm is more efficient, more

successful or quicker to learn has been studied by many researchers:

Riady et al. (2024) compared Q-Learning and SARSA, specifically the importance
of their chosen discount values and learning rates, as they have done detailed
tests for their parameter combinations. They have concluded their tests in a
so-called Javanese chess game, a type of two player game on a 3x3 grid with
similarities to chess. During their research, they have tested combinations of
learning rates (0.1 to 0.01) and discount factors (0.9 to 0.1) for both Q-Learning
and SARSA and come to the conclusion that their differing values drastically
change the outcome of the learning agents and their win rates. Overall, the
comparison of the SARSA and Q-Learning agents showed that their
performance did not only rely on their values, but also on their position in the
game, as the SARSA agent outperformed the Q-Learning agent with winning
rates of 59.6% against 52.8% when playing white, while the Q-Learning agent
outperformed the SARSA agent with winning rates of 28.4% against 28% when
playing black.

Their research proves the impact and differing results an RL agent can have
depending on their algorithms configuration. In the case of Javanese chess, the
preference appeared to be on the side of the player playing white, and although

SARSA has been slightly outperformed on the black side, it overall has a much

16



greater win rate on the white side in comparison to Q-Learning. However, this
preference is not only reliant on the SARSA algorithm, but also the game or

environment it is being tested in.

Interestingly, a similar study comparing both algorithms has been conducted by
Wender and Watson (2012). Their research compared both the one step
Q-Learning and one step SARSA to each other, but also considered the Q(A) and
SARSA(A) algorithms by Watkins (1989) in their comparison, which use
eligibility tracing. Their specific focus was on the micro-management of combat
units in the real-time strategy game StarCraft: Broodwar, an extension to the
game StarCraft which has also been used for research involving the later
mentioned AlphaStar agent (Vinyals et al., 2019). Their results are quite
interesting, as they show that all four algorithms succeed in the learning
process, win easily when using their best policy, have nearly reached the optimal
possible policy and have learned nigh equally quickly. Yet despite this, the one
step Q-Learning and one step SARSA outperformed the Watkins’ algorithms

using their best policy.

Their research additionally has shown the trade-off between speed and success
during the learning process, as stated by the authors themselves: “Our
experiment over half the number of episodes showed that a quicker learning
curve is indeed possible but currently comes at the price of a decrease in

obtained reward” (Wender and Watson, 2012, p.408).

Their work shows that, in their chosen context, Q-Learning and SARSA
algorithms are not that different in their results, even in comparison to their
further developed counterparts by Watkins. Comparing algorithms and
understanding the importance of their differences is how new systems and

further developments in the RL field can be made.

17



Zhao et al. (2016) presents one of these developments in their research, as they
have used SARSA to develop a DRL algorithm called deep SARSA learning.
Combining SARSA and deep learning strategies, they tested their new creation

in two games from Atari 2600 called Breakout and Seaquest.

Similarly evolved is the deep Q-Learning strategy, a combination of Q-Learning
and deep learning. Zhao et al. (2016) compared their creation, and found once
again that deep SARSA learning surpasses deep Q-Learning in multiple factors.
Although deep SARSA learning achieves higher scores and faster convergence
in both games, it takes longer to reach these as deep Q-Learning succeeds in the

early stages of learning a game.

Often algorithms combine to new approaches, like in the example of the work by
Zhao et al. Both deep SARSA learning and deep Q-Learning derived from
machine learning strategies as well as Reinforcement Learning strategies,
creating two new algorithms that are part of the field of “Deep Reinforcement
Learning”. How relevant DRL has become in current gaming contexts will be

further explained in the following section.

Deep Reinforcement Learning

The importance of continuing the Reinforcement Learning strategies and
developing areas in the field of DRL have shown themselves in the works of

Graepel et al. (2004) and Oh et al. (2022).

Graepel et al. (2004) used a SARSA algorithm to create an Al for the commercial
game Tao Feng, an at the time well known fighting game. Their goal was to prove
that Reinforcement Learning can be used to learn behaviours within fighting

games. Yet, their work already struggled at simple steps such as implementation
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of their agent, due to the game system’s architecture. Issues continued
throughout the learning process, and although they were successful in their
approach to create an agent capable of learning fighting game movement and
actions, their work halted at anything beyond simple learning. Specifically, the
competitive aspect of the game has been disregarded in the study. As stated by
the authors themselves, “an important aspect of human fighting game play
involves timing which is hardly captured by the MDP model and requires explicit
representation of time” (Graepel et al., 2004, p.8), the MDP model in question
being their agent.

Yet what was not able to be achieved by Graepel et al. in 2004 can be done with

technology and algorithms like DRL nowadays.

The study by Oh et al. (2022) also attempted the creation of an Al for a
commercial fighting game called Blade & Soul. Using DRL instead of a SARSA,
their goal was the creation of an agent capable of beating human players.
According to Oh. et al., the challenges of fighting games, namely their large pools
of actions, the following dependencies tied to actions and the imperfect amount
of information, have been responsible for the lack of an agent surpassing

humans before their research.

Still, their agent has surpassed these challenges. By creating different rewards
for different approaches (aggressive, balanced or defensive), the agent was able

to gain awin rate of 62% against professional players.

Although algorithms like SARSA remain relevant and often essential in modern
systems, others like DRL have proven their importance. Beyond that, systems
and algorithms like DRL have been studied and used not just by universities, but

also by industry researchers.
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Alonso et al. (2020) from the game company Ubisoft have used RL to improve
already existing systems for NPCs. They explain the weaknesses of current
systems in NPC movement. Many games use so-called navigation meshes
(NavMeshs) which are graph representations of a map. This approach allows
easy movement of NPCs, but often players have abilities that exceed the
information within a NavMesh, leading to unrealistic or predictable NPC
movement. The technical inability to adapt the NavMesh or in many cases, the
time restraints within video game development do not allow adjustment of NPC

movement in many scenarios.

Alonso et al. (2020) used Deep RL to instead teach NPCs to adapt their
movement. No matter the movement abilities given to NPCs, in this research the
NPCs found the quickest paths from different starting and end points. The
NavMeshs were not able to work with the abilities that the RL algorithm was

able to implement in its movement.

Their research proves the necessity and feasibility of RL in games in the future,
not just for player engagement or interactability with games, like in the research
of Sukmana et al. (2024), but also to improve already existing systems from a

technical standpoint.

This fact does not diminish similar successes of DRL in areas like adaptability,
predictability or even believability (i.e. the ability of the actor to simulate human
behaviour), especially in comparison to the established systems like finite state

machines or behaviour trees.

Servat and Mohamadi (2023) have continued the trend of DRL in gaming
contexts. Although, their goal was not improvement of existing systems or

mastery over human skill, but instead comparison to alternate approaches to

20



NPCs. Focussing on realism, immersion and believability of NPCs, Servat and

Mohamadi compared DRL to hard coded NPC approaches.

For this, they created two NPCs, both tasked to hit a target. The first NPC was
hard coded, while the second was created using the so-called “Proximal Policy

Optimization (PPO)” (Schulman et al., 2018), a form of DRL.

Their most impressive result is the believability of the DRL agent. They have
noticed not just less predictability within their agent, but also unexpected
advantages caused by RL. Attempting to make it more human and believable
caused their agent to miss targets on multiple occasions, but more impressively
caused the agent to hesitate before shooting, which is innately human
behaviour. The comparison to the hard coded approach, which showed perfect

aim and no hesitation, presented the stark difference in human-like behaviour.

Not only are RL agents capable of surpassing human skill, but they are also
capable of presenting human behaviour and letting NPCs appear flawed, making
them more believable. Combined with systems like Alonso et al’s (2020),
designed to improve existing NPC systems, RL is capable of changing the

approach to NPC creation and capabilities of current times.

Other Examples of Reinforcement Learning

The evolution of RL based algorithms and creation of new systems has been

explored for a long time.

Merrick and Maher (2006) as an example have created so-called motivated
Reinforcement Learning agents (“MRL agents”) in their study, which use intrinsic
rewards to calculate an “intrinsic motivation signal” with the purpose of

directing NPCs to interesting in-game events. This is done with a focus on
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adaptability of NPCs to different environmental changes, specifically
considering Massively Multiplayer Online Role-Playing Games (MMORPGs).
Therefore, their system was tested in the commercial virtual world called Second
Life.

Their agent controlled a vendor NPC within the game and showcased new
behaviour within its movement between areas of the learning environment. It
learned to include new destinations within the environment and due to its
adapted movement changed variables of the environment, e.g. the movement of
a normally stationary item to a new location due to a colliding movement path.
Merrick and Maher (2006) state that the adaptability and evolution possible of
their MRL agents provide realism to the gaming experience, as their agents
actions and movements can change not just themselves, but also the

environment.

Another example of the evolution of RL algorithms is from Ponce and Padilla
(2014), who have used a hierarchical Reinforcement Learning method called
“MaxQ-Q” to attempt the creation of a more realistic and natural appearance of
NPCs. To do so, they consider two main factors: predictability and “natural

humanness” (Ponce and Pandilla, 2014).

To evaluate their success, two experiments with follow-up surveys were
designed. The NPC, using the MaxQ-Q algorithm, was compared by users to an
NPC with a finite state machine, to assess its predictability. Another experiment
evaluated the “natural humanness” in multiple test runs by players with the NPC

using the MaxQ-Q algorithm.

Their predictability survey results proved a 52.5% less predictable outcome

than in comparison to most NPCs so far, “assuming that finite state machines
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[are] the most preferred and implemented Al-based video game technique”
(Ponce and Padilla, 2014, p.180).

Their survey on the realism of NPCs shows that according to users, the NPC,
using MaxQ-Q, appears like a human, does not act randomly and adapts to the

user's gameplay.

Once again, it is shown that Reinforcement Learning strategies are proving
more human, less predictable and more interesting to users. But RL algorithms
can do more than create realistic environments or appear human. Many RL

algorithms are part of agents that surpassed human skill levels.

The most notable example of the success of RL algorithms is the human experts
surpassing AlphaGo, created by the Google DeepMind Team consisting of Silver
et al. (2016). Using two “deep neural networks” called “value network” and
“policy network” they trained their agent with a combination of supervised
learning and Reinforcement Learning. Using the Reinforcement Learning
strategy called “policy gradient reinforcement learning” (Williams, 1992)

(Sutton et al., 1999), they trained the policy network with “self play”.

Self play learning is one of the most used strategies to teach RL algorithms
better policies. It is the act of letting an agent “play” against themselves,
therefore learning from their own actions. In the case of AlphaGo, the most
current network acted as the player, while the opponent was represented by a

randomly sampled opponent from previous iterations of AlphaGo.

Their success is shown in their results: AlphaGo “achieved a 99.8% winning rate
against other Go programs, and defeated the human European Go champion
[Fan Hui] by 5 games to 0” (Silver et al., 2016, p.484). Not only did their agent
surpass other Go programs near perfectly, it also outperformed one of the best

Go players known at the time.
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Many of the previously mentioned approaches in this chapter have used
model-free Reinforcement Learning strategies. Yet, there are also model-based

approaches shown within gaming contexts.

Kaiser et al. (2024) used image evaluation in their research to predict frames of
video games. Instead of the commonly used model-free approach as mentioned
above by multiple authors like Alonso et al. (2020), they decided to test a
model-based video prediction approach, to test whether a model-based

approach could learn to play a game quicker than a model-free RL.

For their testing, they used the Atari Learning Environment (ALE) and created
the RL approach “SimPLe”. Their results have shown that their RL approach, due
to the raw pixel observation, learns their effective policies quicker than
model-based approaches. The drawback of this is lower results in game wins in
comparison to model-free methods, as well as less constant performance

between different runs (Kaiser et al.).

Although model-based approaches like the research of Kaiser et al. can be
qguicker to learn and find merit in many areas of study, numerous researchers
decide to further the research of model-free approaches due to the advantage
of flexibility in inconsistent or changing environments. The mentioned
drawbacks of lower win rates and fluctuating performance reliability are

additional factors.

Differing problems require differing solutions, and each algorithm within the RL
field has its advantages and drawbacks. Systems like the above mentioned
AlphaGo require multiple different algorithms, systems and approaches with
differing focal points. An unmentioned problem so far is the approach in
situations with multiple NPCs in the same often-changing environment. To

address this, researchers have taken inspiration and created so-called
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Multi-agent Reinforcement Learning agents to address spaces with multiple

agents.

Multi-Agent Reinforcement Learning (MARL)

In the context of an explanation of DRL, Yang et al. (2025) described the
evolution of MARL as follows: “The need for an adaptive decision-making
framework, together with the complexity of addressing multiple interacting

learners, has led to the development of multiagent RL[...]" (p. 4)

MARLSs development was “primarily driven by the extension of [D]RL techniques
to multi-agent settings” (Yang et al., 2025, p. 6) and carries its import into
present studies. Li et al. (2025) describe MARLs importance and research as

follows:

While DRL has demonstrated significant success in video games, existing
applications primarily focus on single-agent scenarios. In contrast, most
modern video games involve multiple agents interacting cooperatively or
competitively. Consequently, researchers and developers have turned to
utilize MARL to develop Al systems that can effectively manage and optimize

the interactions between multiple agents in games. (p. 874)

As mentioned above, the core of MARL is the interaction of multiple agents that
use RL strategies. Often researchers use multiple angles and approaches to
create a system containing multiple algorithms that work together to create the
MARL. Whether it is DRL algorithms like PPO, TDL approaches or learning
strategies like supervised or hierarchical learning, the combination of systems
and approaches of their implementation define the efficiency and success of

every MARL system in reaching their respective goals.
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One of the most notorious examples of a MARL algorithm has been created by
Vinyals et al. in 2019. AlphaStar is an agent created to compete against

competitive players in the real time strategy game StarCraft.

Although RL algorithms are not the only part of AlphaStar, Reinforcement
Learning has played a vital role in its creation. Training of the AlphaStar agents
began with supervised learning, before RL algorithms were introduced to the
system; a strategy previously encountered in the learning process of AlphaGo.
Using the League training MARL algorithm, AlphaStar managed to best most
human players, ranking above 99.8% of all active human players within the past

months of testing in the game (Vinyals et al., 2019).

Its undeniable success is credited to its combination of algorithms and learning
approaches that create the MARL agent, including the off-policy algorithms
TD(A)16, the DRL V-trace (Espeholt et al., 2018) and a self-imitation algorithm
(Ohetal., 2018) called UPGO, made by Vinyals et al.

Alphastar is one of many great examples of successful Reinforcement Learning
implementations in the MARL field that have proven their effectiveness and
success. But AlphaStar is not the only success story worthy of note, and real
time strategy games are not the only genre of games used as a testing field for

MARL agents.

The subgenre of multiplayer real-time strategy games called Multiplayer Online
Battle Arena (MOBA) (Ye et al., 2020) has been infamous for researchers and
creators of MARL agents. Noteworthy MOBA games are League of Legends,
DOTA 2 and Honor of Kings, many of which have been used by researchers as

shown below.

The OpenAl team around Berner et al. (2019a) as an example has created the
first RL agent using MARL that defeated the world champions of the MOBA
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game DOTA 2. Their agent used the PPO DRL algorithm (Schulman et al., 2018)
to train the agents’ policy. Although the team extracted some of the game’s
complexity by hard coding actions, their agent already bested some of the best
human players of the game in the world during 2018 competition The
International. The OpenAl team even believed that this performance could have
been improved without hard coded scripts. Additionally, they have tested their
Al during a multi-day online showcase, where out of 7,257 games only 42 were

lost, resulting in a 99.4% win rate against human players of multiple skill levels.

Ye et al. (2020) tackled the topic of MARL similarly to the OpenAl team and used
the game Honor of Kings to propose their “learning paradigm”, using many RL
approaches like DRL, MARL and Monte-Carlo, as well as neural networking
approaches. Yet, as described by the authors themselves, “The major difference
between our work and OpenAl Five is that the goal of this paper is to develop Al

«

programs towards playing full MOBA games. “ (Ye et al., 2020, p. 3).

The OpenAl team has limited the total experience of DOTA 2 by reducing the
amount of playable characters (17 out of 117), removing specific items within
the game and, as previously mentioned, hard coding sections of the game like
item or ability selection. These choices were made to avoid game complexity for

the agent.

The goal of Ye et al. (2020) was to expand the previous work of the OpenAl team
and deal with many of their issues, as an example the scalability-related issues
caused by the attempt to increase the hero pool used by OpenAl. (OpenAl,
2019b)

They have tackled these limitations and created systems to implement the
previous limitations in their research. While many similar approaches have been

taken by Ye et al., like the use of PPO, they managed to expand and suggest a
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system (or “learning paradigm”, as described by the authors) usable to many
MOBA games in general in the future. With a similarly high win rate as the
OpenAl agent of 95.2% in a total of 42 matches against professional players of
the game, their approach is considered a success and expansion to previously

suggested systems.

Despite many researchers' successes in the creation of RL and specifically
MARL systems, many require extensive resources and time for training. Many
human surpassing agents, including DRL and MARL agents like AlphaStar or
AlphaGo, require supervised learning to improve their policies. Often they use
strategies like self play to further their learning process, or they learn from

human demonstration.

Zhao et al. have instead suggested another approach called “hierarchical
learning” and tested it in a MARL setting using PPO (Schulman et al., 2018) and
two further DRL algorithms. Their work showcases how much MARL systems
are capable of outside of the human context: “Using proper reward shaping, we
trained agents with a variety of offensive and defensive styles. In particular, we
trained an agent that can assist the teammate player to achieve better scoring

and ball possession.” (p. 6)

The work of Zhao et al. is another example of different training strategies, how
MARL systems can learn and work together as well as how research in MARL

remains relevant to explore new systems and learning strategies.

The field of MARL is not new, yet many aspects are still unexplored. Due to the
history of MARL, many systems rely on DRL. Although skill levels above human
capabilities have been reached by multiple algorithms, MARL can still struggle
with the larger grasp of a complex system, as the example of OpenAl and the

research of Ye et al. (2020) surrounding the totality of a MOBA games’
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complexity has shown. MARL is a highly relevant field with many angles to

explore in the near future.

Other Systems using RL

Many of the previous studies focused on the aspect of Reinforcement Learning
itself, whether this has been to imitate human behaviour, surpass human skill or
improve systems’ efficiencies and successes. Some researchers instead use the
self learning strategies of Reinforcement Learning to support systems within

gaming contexts, like balancing strategies or learning aspects for players.

Glavin and Madden (2018) as an example, have created and tested a
skill-balancing mechanism for NPCs called Skill Experience Catalogue (SEC),
which is based on Reinforcement Learning. During the learning process of the
RL using NPC, they store the current policy of different learning intervals for
later use as “milestones”. Upon completion of the NPCs training, the set
milestones will be referred to during games against players. Should players
perform better or worse than the Al, the difficulty will be adjusted by choosing
different learning stages and referring back to the saved milestones.

Their focus was on only one aspect of the NPC, in their case shooting at targets,
but their system is capable of expansion in future research. Glavin and Madden
have used RL to improve player experience and have shown that RL can be used

to impact players directly during their gaming experience.

Another example of the creative uses of RL was made by Tan et al. (2011). They
have created algorithms inspired by Reinforcement Learning to adjust skill
levels to the players of a game. Although they did not directly use a RL

algorithm, they have been inspired by the idea of the self learning aspects and its
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adaptivity. Their focus of the study is scalability and dynamic difficulty scaling of
their game Al. Although they are not using known RL algorithms, their study is
especially interesting considering their context. RL systems have been tested for
believability, humanness, adaptability, performance against humans and
effectiveness, among other concepts. This paper instead focuses on adaptation
of balancing within a game for the purpose of player satisfaction, similar to

Glavin and Madden (2018).

Additionally, their system has been directly inspired by the work by Williams
(1992) and the work by Sutton et al. (1999), who are also the creators of the
“policy gradient reinforcement learning” algorithm, which has been used in

AlphaGo. This showcases how differently the same RL algorithms can be used.

RL systems and RL inspired systems keep relevance within gaming contexts,
whether itis in the form of NPCs, player agents or even game balancing systems.
Although Supli’s and Siqgi’s (2025) closing words describe their own work, their

statement speaks truth for all RL using systems:

The method’s real-time learning capabilities also present a promising
direction for games where adaptive Al is essential, allowing NPCs to evolve
based on player interactions. Ultimately, real-time learning, where NPCs
evolve based on ongoing player feedback, could create an ever-evolving,

engaging gameplay experience. (p. 11)

Conclusion

The above mentioned studies prove that Reinforcement Learning has become
an advantageous strategy for video games that has found an increasing meritin

the field. Continuously more companies within and outside of the gaming
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industry, like Microsoft or Ubisoft, have studied RL approaches and continued
research to improve and develop current machine learning algorithms.
Scientists and researchers increasingly often predict real world uses for
Reinforcement Learning. Many continue research in safe environments like
games, to prove the effectiveness, flexibility and adaptability of RL, improve
current algorithms and systems or add their own RL algorithms to the field of

research, to show the significance of RL in the future.

Even long explored algorithms like SARSA or Q-Learning remain relevant in
current research and contexts. DRL keeps relevance in differing systems across
games and continues to change the field of RL research entirely. Areas of
research around MARL are still being explored and a “best practice” has not

been established.

It is therefore relevant to upkeep new approaches, and keep comparing systems

across different environments.
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3. Methodology and Implementation

In this section, the approach for the agent performance comparison is being
presented. Systems created for this goal are being explained and chosen
decisions are being elaborated. The system with all testing scripts, systems and

agents can be found online on the GitHub website here.

Approach

As described in the introduction, this paper aims to depict differences and
similarities between RL approaches. This is done in a similar approach as
Wender and Watson's research (2012) which compared different algorithms in
the same environment, as well as the research by Riady et al. (2024) which
compared different learning rates and discount factors. This research aims to
depict and compare the same algorithm with the same goal, but with differing
considerations of states and slightly altered selections of actions, combined with
the aspect of a multi-agent environment. It presents that similar systems can

have drastically different results.

Additionally, to further understand and compare capabilities of each agent, two
differing environments have been implemented during test phases. The first is
considered a static environment, while the second is a changing environment.
Each agent is trained in both environments, to allow comparability between all
agents, as multi-agent approaches by nature create changing environments due
to the interaction between agents, while SARSA using single agent approaches

do not necessarily require or create a changing environment.
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The goal of all agents is keeping needs low, in this experiment specifically the
needs Hunger and Thirst. To do so, objects, henceforth also called Items,
representing Food and Water need to be moved to and then consumed in the
right manner, by either drinking or eating. This straightforward scenario has
been chosen to simulate NPC behaviour, similar to survival games or life
simulation games while offering a simple enough procedure for clear

comparison of all approaches taken to test the agents.

Three different approaches have been considered and implemented in a total of
six differing agents, which have been given names for clear separation and
easier description. Additionally, all agents use the SARSA algorithm, which is

further explained below.

Clementine and Beans

The first approach was a standard SARSA with differing needs. The problem to
be solved by the agent was the fulfillment and training of the agent to reach the
lowest possible, numerical values in its needs. The needs of the agent are Hunger
and Thirst, numerical values that grow over time. Thirst, in this case, grows at a
50% increase in comparison to the speed of hunger. For that, two different
approaches have been tested and compared: one SARSA with a position based
approach, henceforth called “Clementine”, and one SARSA with a distance based

approach, henceforth described as “Beans”.

Clementine uses the offered 8x8 grid, resulting in 64 different positions it
considers as its states. Beans on the other hand relies on the distance to a
resource instead and considers the distance to every need as a state. For
comparative purposes, the difference in distance has been segmented into 64

states. Distances are rounded to the next closest state possible.
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Both algorithms rely on one NPC that executes chosen actions.

MARLClementine and MARLBeans

The second approach was a decentralised, multi-agent approach within the
environment, using Clementine and Beans as a base for two new multi-agent
approaches. They as well had to fulfil their needs, but only considered each
agent’s own requirements and needs. Therefore, they interacted adversely and

were unable to occupy positions taken by another agent.

Unlike Clementine and Beans, both systems utilised three NPCs, each with its

own SARSA algorithm, Q-Tables and needs that increased over time.

MARLClementinus and MARLBeansus

Lastly, two centralised systems were created, once again based on Clementine
and Beans. Again, the agents' needs had to be fulfilled. This time, all agents of
the MARL approach shared their needs and were able to work collaboratively to

achieve their goal.

Throughout all three approaches, the position-based and distance-based agents
have been compared to each other. Additionally, two further tests per approach
have been conducted. The first consisted of a static environment with unmoving
and infinite resources for the agents' needs. The second consumed a resource
upon usage of the representing action and replenished the resource in a new

location within the environment.
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Img.2 Child-Parent architecture of the RL algorithims in the system.

SARSA Algorithm

The SARSA algorithm following this formula has been used for all agents:

QO(s,a) « Q(s,a)

This algorithm has been chosen as it is very adaptable to changing
environments, since it learns from actions taken. This environment is both static
as well as changing, due to the multi-agent aspect, as well as the testing phases
with position changing tasks. In addition, many factors of the agents differ

throughout testing phases. Therefore SARSA offers more flexibility than other

+ o * (r+ v *Q(s',a")

algorithms like Q-Learning.
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Additionally, unlike neural networks or large scale systems like the ones often
used in combination with DRL, SARSA does not require heavy duty hardware
like strong CPUs, GPUs or even a physical computing cluster like for Ye et al
(2020). This makes the application of the algorithm sustainable and usable for

the systems offered.

Environment and Infrastructure

For this research, the game engine Unity
(Unity  Technologies, @ 2025), version
6000.0.47f1, has been used to create and test
all RL agents. The hardware components
consisted of a NVIDIA GeForce RTX 3060
GPU as well as an Intel Core i7-10700F CPU.

The Environment used for testing is a 3D

space, despite the 2D grid space, for the sake

Img.3 Depiction of the environment

of future expandability and possible addition ~ Wwith an NPC (grey), a Foot item (red)
and a Water item (blue)

of game logic or testing functionality in 3D

spaces.

The x- and z-axis have been taken for the grid space and are considered up (+x),

down (-x), left (+z) and right (-z) in further contexts of the system.

The environment used by the agents for testing is a 8x8 square grid, therefore
consisting of 64 differing positions possible for the agents. Each environment
contains one resource for their respective need, meaning one Food Item and one

Water Item.
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The static environment has positioned the items as shown in the image. To
create a changing environment, items are being moved around the grid

whenever an agent uses one.

States and Actions

Every algorithm consists of 64 states per need. This is done since the system
relies on the highest need at any given time. Whichever need is highest, will be
pursued by the agent and therefore requires its own Q-Table with best
approaches to reach that goal. Since every newly added need could become
highest, the amount of state always equals 64 times the amount of needs,

resulting in 64*2 for this experiment.

Every agent has the same amount of states. This choice was made for the sake of
comparability between all algorithms, but states can be extended in the future
by increasing the grid size or further separating the divider of distance

considered for algorithms based on Beans.

States consider two main factors: the position of the agent and the currently
highest need required. For Clementine, its position is defined by the grid, while

Bean's position is defined by its distance to the items required to fulfil its needs.

The single agent algorithms each have four basic actions that define their

movement, as well as two need actions, resulting in a total of six actions.

Since Clementine relies on the position on the grid for its state, it follows simple

movement to the left, right, up and down. It moves by one grid square per action.

Bean's movement actions on the other hand have been changed to rely on the

movement toward or away from desired need items. This choice was made since
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the horizontal and vertical movement that Clementine utilises stood in no

relation to Bean’s states. Actions reliant on the direction corresponding to the

desired item reflect the impact on the state and therefore the gained reward.

This necessitates information of the location of the item, meaning Beans by

default has more information about the surrounding environment than

Clementine, which relies on its Q-Tables alone.

Bean’s movement follows the axis’ (up, down, left, right) instead of diagonals or

direct lines to desired items, to ensure the same speed in movement as with

Clementine. To select which axis to follow, the shortest path toward the item of

choice is selected.

Clementine Beans

Action ID | Description ActionID | Description

0 Move up by 1 0 Move toward food item

1 Move down by 1 1 Move toward water item

2 Move left by 1 2 Move away from food item
3 Move right by 1 3 Move away from water item
4 Consume Food 4 Consume Food

5 Consume Water 5 Consume Water

Tab.1: Overview of all actions implemented within Clementine and Beans

The multi-agent systems have inherited the same state logic and actions as their

respective parent agents, meaning MARLClementine and MARLClementinus

have the same actions and understanding of states as Clementine, while
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MARLBeans and MARLBeansus use the same actions as Beans and consider the

distance to items in their states.

Additionally, to accommodate for the movement of multiple NPCs, all
multi-agent systems have gained a seventh action called Idle, which is further

explained below.

The agents are only aware of the positions of other NPCs should they have a
position next to them, meaning they block the agents’ path. Although the
centralised system has access to all NPCs and their position, it does not consider
them in their selection of choices. This choice was selected to allow closer

comparability to the decentralised and adversarial system.

MARLClementine & MARLClementinus MARLBeans and MARLBeansus

Action ID | Description ActionID | Description

0 Move up by 1 0 Move toward food item

1 Move down by 1 1 Move toward water item

2 Move left by 1 2 Move away from food item
3 Move right by 1 3 Move away from water item
4 Idle 4 Idle

5 Consume Food 5 Consume Food

6 Consume Water 6 Consume Water

Tab.2: Overview of all actions implemented within MARLClementine, MARLClementinus,
MARLBeans and MARLBeansus
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The idle action was added to avoid overlapping of NPCs in the same position.
The action itself results in no movement for the NPC. Unlike the other actions of

the agents, the idle action can be a reactionary result due to a different action.

To check whether a position is blocked or not is done as an action is taken, and
therefore is a conditional variable of the environment. Although an action like
moving to the right can be executed, even if the path is blocked by another NPC,
it will result in an idle state, without any movement. For the agent to understand
the difference between a successful movement to another position versus a

failed movement due to a blocked state, the idle action has been implemented.

By verifying whether an action results in an idle state before taking it, the
system understands an action's consequences better and can therefore exploit
its knowledge of all actions. This allows the agent to not per se understand when
a location is blocked, but understand the consequences of an action taken by
gaining a reward for remaining idle instead. This can result in the exploitation of
differing actions should a position be blocked, as the chosen action defaults to

idle and therefore allows for another action with higher reward to be taken.

An alternative approach would be to add the world’s state, meaning whether a
position is blocked by an object or NPC, within the agent’s state system. This

was intentionally avoided for multiple reasons:

Adding a boolean whether a position is blocked or not inherently doubles the
amount of states for a need, resulting in longer testing phases with more specific
requirements for allowing all possible state-action pairs to be tested at least
once. Additionally, this adds higher, unneeded complexity to the system and

bloats Q-Tables unnecessarily.

Additionally to mention is the fact that agents are capable of crashing into one

another, should their movement lead them to the same spot at the same time.

40



This happens since they do not predict movement. Upon collision, both agents

adjust to the closest state position around them.

Rewards

Rewards are being handed out depending on the highest required need. The
reward system works identical for all agents, with small differences between the

single-agent and multi-agent systems due to the added idle action.
The base of the reward system can be differentiated into three sections:

The first section teaches the agents their movement within the space. Agents
gain the lowest possible reward for movement into unreachable areas, e.g. walls,

or movements that lead them out of bounds of the testing area.

The second section teaches them the wanted behaviour in regards to their
needs and their respective actions. The agents gain discouraging rewards for
executing an action like Eat or Drink on the incorrect item or no item whatsoever.
Additionally, the highest award within the system is given, should the correct
action be used on the correct item, while the currently highest need
corresponds to said action. Should a matching action be used on an item, while

the need is not currently the highest, the reward is much lower in comparison.

The third section grants rewards reliant on the distance to required needs,
dependent on the currently highest need. This reward is dynamic, as it is higher
the closer the agent is to the most desired item. This is done to ensure

movement toward those items is rewarded enough for the agent to pursue it.

These distance based rewards are higher than the ones granted by a

non-highest needs action on its corresponding item, as otherwise the agent does
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not move to other needs and remains idle in position on top of any item that was
highest in need at the start of a run. This is partially due to the selection of the
SARSA algorithm in combination with its one action learning policy. A certain
“punishment” is required to teach that all needs require satisfaction, as the hope
of a future, higher reward is not enough enticement for the agent to leave their

current position, since it only learns from actually taken actions.

The reward for the idle action has been selected to be very negative and has the
same amount as the movement into a wall. This was done to teach NPCs to avoid

idle-ing and encourage moving toward needed items.

An alternative system that has been explored was a threshold based system,
where needs were only pursued should a certain threshold be passed. In this
system, all needs were considered equal, should all have passed the threshold.
This alternative approach would have offered a solution reaching the same goal
of fulfilling the agents’ needs, but was no longer pursued, as the system based on
the highest needs has proven itself as more flexible and adaptable, as well as less
complex and easier to expand. The new system and its advantages are further

described below.

Although the system based on highest
needs has established itself as more
effective, the alternative system has
shown interesting scenarios that have
significantly defined the shape and

form of the current system.

One of these scenarios can be

compared to Buridan’s Principle by

« . .. Imgd Excerpt from "THE DONKEY" by
Lamport (2012): “A discrete decision Elvin Dantes. 2016
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based upon an input having a continuous range of values cannot be made within

a bounded length of time.” (p. 1057)

As multiple needs surpassed the threshold value chosen in this alternative
system, a preference was required, as the agent otherwise halted its movement
toward either item. The same was the case should both values be below the
threshold. This preference was hard coded during testing, negating the goal of a
fully functional, self learning system. This was one of the defining situations for
the highest value system, as it avoided hard coded preferences and allowed for

adaptable choices by the system itself.

A dynamic reduction or increase of rewards for required needs to ensure the
preference of one item could have been used, but a lowest or highest gained
reward would have been required to ensure the movement toward desired
items stayed relevant. Carefully defined values for movement would have been
necessary as well, to avoid the agent becoming stuck between items, falling into

Buridan’s Principle once again.
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Reward Values

All rewards are between O and 1. Additionally, the selected reward values for
the test runs have been intentionally extreme, to ensure clear learning of

correct behaviour with little room for ambiguities in a gained reward.

Therefore, the rewards for differing actions are as follows:

Variable name Value Description

runintowallReward 0.00001 Returned for movement into borders of the
grid and for the idle action

useCorrectltemReward 0.9999 Returned for using the correct action for a
colliding item, should the corresponding
Need be highest
useNonHighestNeedltemRew | 0.002 Returned for using the correct action for a
ard colliding item, while another Need is higher
uselncorrectltemReward 0.0001 Returned for using an action when not

colliding with the corresponding item

distanceReward 0.09 Reward gained for specific distance to
highest needed item. Reduced by the
distance to the Need times the
distanceMultiplier

distanceMultiplier 0.001 Multiplied with the distance to the Need,
then used to reduce the distanceReward

Tab.3: Overview of all possible rewards that are given to the SARSA algorithm
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System Architecture and Support Systems
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Img.5 Depiction of the software architecture. The green area encapsulates components used for 150N
extraction and saving. The red area is components connected to the Sarsa algorithms. Yellow depicts the
MPC logic.

The model above depicts the structure of the created system within the Unity
Engine. The system consists of two large categories: The RL algorithms which
contain the full RL logic, and the support system around the agents that control

parameters of the agents testing cycles and the world around the agent.

Testing Class

The main controller of the system is the Testing class. It contains most of the
required information for the Reinforcement Learning algorithms and can be
used to control testing variables like turn numbers, wait times between turns, or

even testing modes, as later explained.

The class was designed to be as user-friendly as possible and allows for full
control of the system via the Unity Engine Inspector panel. The first free
sections allow control over the used Q-Table in the JSON format, the JSON
Reader utilised, the Reinforcement Learning agents (variable in number

dependant on choice of the user), as well as the selection and amount of NPCs
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(variable in number dependant on choice of the user). Each NPC will be assigned

to one RL agent. If more NPCs than RL agents should be implemented, the

additional NPCs will be added in a centralised system to the last RL agent within

the list. There always needs to be more or equal agents as NPCs within the

system.

The Presets section allows variability within the action and state amounts. This

was implemented for easy variation of testing environments as well as adjusted

testing for the multi-agent systems, which have one more action than the

single-agent systems.

The Testing section is the core of the script
and contains variables for all testing
purposes. Round numbers (meaning the
number of actions used in one full run of
the system without resetting), turn
numbers (meaning the total number of
runs of the system, with resets of the
NPCs positions and world in between) and
the randomisation of task spawning can be
selected as wished. The standard setting is
set for 100 rounds with 10 turns and no
randomisation. Upon completion of a turn,
the Q-Tables of all agents get saved
automatically as a JSON.

Additionally, the quick testing can be

activated here. Normally, NPCs move
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similar as in video games across the environment, as if they would walk or glide
from one position to another. Should quick testing be active, NPCs instead
teleport to their positions chosen through actions. This choice allowed for
quicker and more performance friendly testing. To accommodate this change,
the variables “Wait Time Between Actions”, “Wait Time Between Turns” and
“Increase Wait Time” define the times between actions, turns and the time taken

by a Stat (like Hunger or Thirst) to increase the variable representing their need.

The Q-Table section contains the “Save Q Table On Quitting” boolean, which
allows for saving of currently used tables during runtime without required
completion of a turn. The “Q Table Name” can be set by the user and defines the

name of the JSON file containing the information about the Q-Table.

The last section allows for the population of new JSON Q-Tables. The
“Population Value” variable is the value used for all state-action pairs in the
newly generated Q-Table. The “Populate Table” button allows for immediate
creation of the JSON outside of runtime and is created with a Unity Editor script

called “TestingEditor”.

Additionally, outside of the variability of the system, the Testing script is
responsible for the testing methods for the RL agents. It controls their action
amounts, has access to resetting methods and calls methods to save the
Q-Tables. It controls the full cycle from taking an action to gaining a reward, and

contains the loops responsible for a turn.

The JSON Reader

As mentioned in the previous section, Q-Tables are saved in JSON format. The
data saved consists of an integer representing an id for the Q-Table, the name of

the NPC used for testing, the value representing the exploration versus
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exploitation, an action log of all selected actions within the turn the file
represents, the values of all Needs upon completion of the turn, as well as the

actual Q-Table consisting of float values.

To read and process saved data, the JSON reader uses a class to contain all
values, before handing them to the representative agents. It consists of a
method called ExtractFiles for extracting data from a JSON file, as well as a

method called SaveFiles used for saving a Q-Table or creating a new one.

The naming scheme for all JSON files consists of the name chosen in the Testing
class, followed by the name of the NPC used by the agent. This was done to

separate between decentralised agents using NPCs.

NPCs and Stat Scriptable Objects

The NPC class controls the NPC and contains their Stats. The Stats in this

context represent the numerical increase in a need like Hunger or Thirst.

A NPC consists of an NPC class and a Unity NavMesh Agent. Controlled by the
NPC class, the NPC moves either across the NavMesh or teleports across the
environment, should quick testing be active. It is additionally responsible for
resetting the NPCs position at the end of a turn, as well as controlling the values
contained in their assigned Stats. This includes the increase of values over time,
as well as the decrease of values should the correct action be used while

colliding with its corresponding item.

Stats consist of an enum ID, a starting value for their value, the current value
that increases over runtime and an increase amount, that defines by how much
the numerical representation increases in the timespan selected in the Testing

class. They are represented as Scriptable Objects to allow for flexibility and an

48



easier assignment to NPCs for approaches like the centralised multi-agent

system.

For this experiment, two Stats have been created as mentioned above: Hunger
and Thirst. Both consist of a starting value of 1, but with 0.4 for Hunger and 0.6

for Thirst, the Thirst value grows at a 50% increase in comparison.

Adaptability and Expandability of the System

Each desire an NPC has or could newly acquire, consists of four different
components: an enumerator defined in the S Desire script as an ID, a Need
scriptable object as the container for its representative Q-Table, a Stat
scriptable object for the NPC that contains the current values describing the

urge to reach the item that represents the Need in the environment.

Only those four components need to be added or modified to create a new
desire. The enumerator functions as the identifier between the other three
objects and has to be the same across them. The defining factors for a Stat are

described above.

The Need object only requires selection of the ID enum as well as a
corresponding log message, that will be saved should the representing action be
executed. It additionally is the core of the system, as each Need object contains
a Q-Table array that the RL algorithms refer to, should the Need'’s representing
Stat value become the highest. The objects and their variables themselves have
been kept as simple and straight forward as possible for easy implementation

and expansion of the system.

The system itself has been designed to allow for flexibility. Needs, Stats and RL
algorithms can be mixed and matched as desired, enabling the creation of

different systems, mixtures of algorithms or shared allocation of stats on NPCs.
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This approach in the system's creation permits easy implementation of new
features or algorithms and allows for further testing of different NPC and

algorithm combinations with little adaptation within the code.

The currently used algorithms Clementine and Beans have differing levels of
adaptability themselves. Clementine is the main RL algorithm the system was
designed around. To expand Clementine, its code base does not need to be
touched. It is versatile and allows for endless additions of Needs, as its
movement relies only on the grid environment. The base actions being detached
from the system, combined with the endless possible need actions allow for

endless expandability, limited by hardware.

Beans on the other hand is not as flexible within the system, as its base actions
rely on the position of the item within the map and therefore increase by two

whenever a new need has been added.

Part of the system described within the architecture is the so-called World
script. This currently consists of an array relevant to the blocking logic. The
array is a representation of the grid that contains information as to which
positions of the grid are currently blocked by an NPC. This array is contained in
the World class to allow for future expandability, e.g. further non-desired

objects blocking the scene.

Testing / Training

As described above, two different testing versions have been implemented:
quick test for pure training purposes, as well as the visual testing with more
natural NPC movement. All training has been done using quick testing, for faster

results. For that, the following values have been used:
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- Wait time between actions: 0.2
- Wait time between turns: 0.5

- Increase wait time: 0.2

Visual testing has been used for early analysation of training results and used

the values as follows:

- Wait time between actions: 1
- Wait time between turns: 2

- Increase wait time: 1

Each test consisted of 100 actions per turn, and 100 turns in total for each
agent. Every agent has had two runs, one for the stationary and one for the

changing environment.

Q-Tables of the used agents have been saved after every turn. All agents’
Q-Tables have been saved separately, differentiating them by the NPCs used,
should multiple agents have been used during a turn. This was done to allow for
later comparison of the systems learning paths, but also offered insurance on
accurate and error-free test runs that were retraceable should an error have

occurred.

Q-Tables have been initialised with a standard value of 0.1 for every state-action

pair before beginning the training cycle.

Exploration versus Exploitation during Training

The training of all agents has been split into two phases: the first phase
consisted of pure training, where exploration was prioritised over exploitation.
This was done to ensure a higher chance of exploring new and untrained paths
for the agent. The chosen difference during training was therefore an 80%

chance for exploration and a 20% chance for exploitation.
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Additionally to the random exploration, a support system encouraging
previously untaken actions has been implemented. This was done after it was
noticed that learning was not wide spread enough across the values within the
Q-Tables, meaning new policies were not explored as frequently as wanted.
Teaching the strategy of the correct consumption of an item within the map on
occasion was not achieved within the 100 test turns. Therefore, testing took

much longer for valuable and usable results to be produced.

At first the system chose the first action that has been untested, but this once
again led to longer testing times, since Need actions have been last in the lists of
the action arrays. Therefore, the system considered all untaken actions, before

randomly selecting one of them.

The second phase of testing consisted of comparative test runs using the
previously trained Q-Tables. For this training, a much higher exploitation was
considered to understand and compare training results and Q-values learnt. The

chosen split was 10% exploration and 90% exploitation for that purpose.

Approach to Comparison and Expectations

This section elaborates on the expected outcomes of all algorithms and

expected comparison, which will consider three different factors:

- The success of their goal
- The learning time it required to reach the goal intentionally for the first
time

- The spread of learnt state-action pairs across the Q-Table

The goal is defined as the successful and intentional movement toward an item

and the usage of the corresponding action (i.e. eat on Food). For this, the
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Q-Tables of all agents have been compared in intervals of 10 Turns (meaning
1000 actions).

The factors have been chosen for differing reasons. The success of the goal
shows whether the agent was capable of learning the intended actions, while
the learning time spent offers a simple overview of required time or
performance for larger or extended learning implementations. The spread
across the Q-Table can indicate the agent's adaptability to learning and adjusting
to changes, but can also be a sign for too wide spread and unintentional learning,

depending on the situation and interpretation.

Clementine and Beans

The assumption is that Clementine will perform equally well as Beans in the
stationary system with unmoving tasks. Nothing within the system indicates a
slower learning pace, and outside of small differences due to randomisation of
action selection, both agents are predicted to learn equally fast as well. Beans
might possibly learn slower, as it has a lowered spread of possible movement
across the board due to the stationary items. The direct pathing toward or away
from items allows for limited movement across the grid space and does not
directly allow for full exploration of all distance-based states, as some distances
are impossible to reach in the non-randomised positioning of items. This will
additionally lead to a lesser spread of state-action pairs for Beans. Clementine
on the other hand will have a wider learning spread and have more knowledge

about surrounding states quicker than Beans.

Meanwhile, Clementine will not be able to perform well in the changing
environment, while Beans will thrive in it. Since Beans relies on the distance to

an item, it will be able to adapt to the new situation and environment better
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than Clementine. This is partially due to the knowledge imbalance between the
two. Clementine is not aware of an item's position outside of the gained reward
distance calculated, while Beans’ state relies on a lowered distance to the items.
This leads to the prediction that Beans will learn to reach its goal quicker.
Despite this, the prediction is that Clementine will have a wider spread of learnt
policies. Beans’ spread of learnt policies will be increased in comparison to the
stationary environment, as the changing environment enables more possible
distances due to the changing positions of items. Therefore Beans’ movement

across the grid will be spread further.

MARLClementine and MARLBeans

Similar to the previous comparison, the expectation is that MARLClementine
will have comparable success in reaching its goal as MARLBeans within the
stationary system. The assumption is that MARLClementines agents will once
again gain a larger spread of state-action pairs, as well as executed actions
during its learning phase. This assumption is made due to the pathing of
MARLBeans NPCs. All NPCs require to take similar, if not identical paths,
resulting in more blocking of each other. Therefore, the idle action will be more
prevalent in MARLBeans than in MARLClementine. Due to this mutual blocking,
MARLBeans will not be able to easily reach its goal and take longer to learn

successful policies than MARLClementine.

The changing system is predicted to have the opposite effect. Similar as with
Clementine, MARLClementine will have no relation to the position of newly
spawned items. Therefore, it will take longer to learn and have little success
reaching its goal in comparison to MARLBeans. Due to the changing positions of

items, the MARLBeans agents will have an easier time avoiding one another, as
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they are able to use the space around them. Task randomisation will therefore

be quick using MARLBeans, as items will be consumed frequently.

Both MARLClementine and MARLBeans are predicted to learn more
state-action pairs than their single-agent counterparts, due to the increased

amount of possible actions.

MARLClementinus and MARLBeansus

MARLClementinus and MARLBeansus are both expected to reach their goal
with little test runs required within the stationary setting. This is due to the
same algorithm having multiple NPCs and therefore multiple actions per turn,
resulting in quicker learnt policies. The blocking of NPCs is expected for both
algorithms, which could slow down learning by a little. Overall, the expected
behaviour is quite similar to the behaviour of Clementine and Beans.
MARLClementinus is expected to learn a little more efficiently and quicker than
MARLBeansus. Additionally, the learning spread is expected to be wider than
with MARLBeansus, though both algorithms are expected to have a wider
spread than their single-agent counterparts due to the increased number of

NPCs and therefore actions per turn.

Since both agents do not consider surrounding NPCs unless they block
movement, the learning rate of differing policies is expected to be impacted by
this. Despite this, learning is expected to be faster and wider spread than the

single-agents.

Within the changing environment, MARLBeansus is once again expected to
surpass MARLClementinus, specifically in regards to reaching the goal

successfully. The spread of learnt policies will be similar across both algorithms,
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while MARLBeansus will learn goal reaching policies quicker than
MARLClementinus.

In summary, all agents based on Clementine are expected to slightly outperform
the agents based on Beans within the stationary environment, while the
assumption for the changing environment is the opposite. This is suspected due
to the previously mentioned imbalance in information, specifically the fact that
the Beans family is aware of distances to items, and therefore aware of their

position as their actions are based on such.
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4. Results and Evaluation

To evaluate results, a tool has been created in the Unity project. All visual results
can be seen in GitHub using the tool in the Evaluation Scene. The JSON files
containing results and Q-Tables can be found and read under “Assets/Jsons”
within the GitHub project. Within, the “EVALUATION” folder contains test runs

with exploration values of 0.1.

The tool depicts the highest action for each state within the Q-Table. For all
algorithms based on Clementine, this will be a grid representation, while all
algorithms based on Beans will depict this as an array of distances toward items.
Actions shown within the tool correlate to their respective IDs described in the

“States and Actions” chapter.

Clementine - Water Need
0 0 0 0 0 0 0 0
2 2 2 2 2 2 1
0 0 2 2 2 2 2 1
0 2 2 2 2 1 1 1
0 0 2 1 1 1 1 1
0 0 2 1 1 3 1 1
o o E 1 1 1 1 1
0 3 3 3 3 3 3 3
Img.7 Evaluation table using the stationary item JSON from turn 100 of
Clementine.

Above you see an example of Clementine's evaluation table, specifically the

Q-Table of the Water Need. All values represent the highest action for a state,
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and therefore the highest action for a position on the grid. This view allows
visualisation of the learning process and the most valued actions according to
their results. The drinking action, marked with a blue square in the image below,
indicates that the correct action has been taught to the algorithm to sustain

itself. Surrounding values show the preferred movement actions of the

algorithm.
Beans - Water Need
0 0 0 0 0 0 0 0
|E 1 1 1 1 1 1
2 1 1 2 1 1 1 0
0 1 1 1 1 0 0 0
0 0 1 0 0 0 1 1
0 1 0 1 1 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
Img.8 Evaluation table using the stationary item JSON from turn 100 of Beans.

For Beans, the states represent the distance to the highest needed item.
Therefore, these actions are sorted as an array, reaching from the lowest to
highest distance. Consequently, the position of the drinking action is in a high

row, once again indicating the correct learning of this action.
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Clementine and Beans
Comparison with Stationary Tasks

As predicted, both Clementine and Beans have been successful in their learning
and been able to sustain their needs. Using the most recent Q-Table for each,
both Clementine and Beans have been able to end a turn with values lower than
substituted by a single action; Beans slightly outperforming Clementine. (see
Tab.4) Additionally, both are visibly able to move toward the Food and Water

item on the shortest path possible.

Already in round 10, Clementine was able to consume the correct type of item
by using its associated action. Beans as well was able to learn both eating and
drinking on the correct item within its first ten rounds. As expected, both
algorithms learned quickly and at a similar pace, although, unlike in the

predictions, Beans has not been slower in its learning.

Additionally, as predicted, Clementine was superior in its spread of state-action
pairs. With roughly 100 more state-action pairs, it far surpassed Bean's learnt
policies. (see Tab.4) This shows how the grid based states and actions learn more

widely, thanks to the movement across the grid.

Learned Unlearned
Algorithm Food Need Water Need State-Action | State-Action
Values Values . .
Pairs Pairs
Clementine 3 6 563 205
Beans 2 4 411 357

Tab.4: Comparison of Clementine’s and Beans’ results for stationary tasks
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Comparison with Moving Tasks

Beans and Clementine do not directly act as predicted. Clementine, as expected,
is unable to find Food or Water, resulting in end values of around 40 and 60 for
Food and Water. It was not able to find either during its turn. Beans on the other
hand acted in an unexpected manner. It was not able to find Water or Food items
actively, but through random movement managed to drink and eat on the
correct item a few times during its run. This resulted in values around 40 for

both Food and Water toward the end.

Interestingly, Beans was able to find Water and Food when using the Q-Table
from the stationary item training, managing to act as predicted with the table.
This shows that controlled learning can lead to better results. Beans has been
stuck during its turn a few times, moving back and forth, but was able to gain
Food and Water values around 17 and 23 around the end of the turn. With the
Q-Table values from the stationary training, Beans was visibly able to find Food
and Water items, although slower than in the stationary system. The same
cannot be said about Clementine. Even using the better trained table from the
stationary test, it was only able to find the Water item and Food item before
randomisation, as has been predicted previously. Due to the grid based states, it
cannot adapt quickly enough and remains in position to attempt to drink in the

same spot the water was at.

Although neither algorithm was able to reach their goal with their intended
training with randomised tasks, both learned the importance of drinking and
eating the correct item. Clementine was able to drink and eat on the correct
item around turn 20, having learned eating before drinking, while Beans was
able to do both around turn 30, with drinking as the first learnt, correctly used

action around turn 10.
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The spread across all learnt values is slightly higher than in comparison to the
stationary Q-Table. Clementine had similar amounts of state-action pairs as with
the stationary tasks, while Beans slightly increased its number of learnt policies

in comparison to before. (see Tab.5)

Overall, the number of state-action pairs in the results confirm the prediction
that Clementine has been able to learn more different action-state pairs than
Beans. (see Tab.5) It additionally shows that despite similar amounts of taught
state-action pairs, the stationary Q-Table of Beans has values of higher quality,

as this table is able to guide Beans to its goal despite randomised task spawning.

Learned Unlearned
Algorithm FoodNeed | Water Need State-Action | State-Action
Values Values . .
Pairs Pairs

Clementine 40 60 540 228
Beans 40 40 426 342
Beans

(stationary) 7 23 / /

Tab.5: Comparison of Clementine’s and Beans’ results for randomised tasks

MARLClementine and MARLBeans

Comparison with Stationary Tasks

Since the decentralised system consists of three differently learning NPCs, all
three Q-Table results have been evaluated for both algorithms. The Q-Table of
one NPC has been given to all three for the evaluation run with 0.1 exploration

as a value.
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MARLClementine interacted differently than expected. The first Q-Table of
NPC_O showed movement around the center of the grid, surprisingly without
any of the NPCs truly blocking each other. It took roughly 50 rounds before the
NPCs huddled around water and began sustaining themselves, moving between

water and food items.

3;213('; Food Need Values Water Need Values

0 5 3
1 11 19
2 3 9

Tab.6: Comparison of MARLClementine’s results for stationary tasks using NPC_0’s Q-Table

For NPC_1's Q Table, the NPCs did not reach any of the items. Instead, they
blocked each other around the center of the grid, creating a huddle around one
another. Therefore, all three NPCs ended
with values of 40 for Food and 60 for Water.
The explanation for this phenomenon is to
be found in the spread of actions. Seen in
Tab.8, NPC_1 has more than 100 unknown
state-action pairs in comparison to the other
NPCs, resulting in less learned policies to

use. The cause for this can be the random

movement, but more likely is their

positioning. NPC_1 is furthest away fromthe  Img:9 Positions of the NPCs in the
environment

first required item: Water. The distance and
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the potential blocking of the other two NPCs encourage the lack of learnt

policies and repetition of similar state-action pairs during the training phase.

Learned State-Action | Unlearned State-Action
NPC . .
Pairs Pairs
0 591 305
1 471 425
2 604 292

Tab.7: Comparison of MARLClementine’'s State-Action Pairs for stationary tasks

NPC Food Need Values Water Need Values

0 40 60
1 40 60
2 40 60

Tab.8: Comparison of MARLClementine’s results for stationary tasks using NPC_1's Q-Table

The last NPC’s Q-Table proves this result with its demonstrated success. Within
10 rounds, the NPCs move toward both items. Although they block each other
between both, trying to reach either, they manage to untangle themselves and
gain impressively low values, creating the best results of all decentralised MARL

systems using stationary tasks. (see Tab.9)
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NPC Food Need Values Water Need Values

0 3 2
1 1 5
2 4 3

Tab.9: Comparison of MARLClementine’s results for stationary tasks using NPC_2’s Q-Table

The results using the MARLBeans algorithm have been unexpected as well.

Each different Q-Table has given different results. For the Q-Table of NPC_0, all

NPCs began to spread at first. All gathered around the water item, then around

the food item. After one NPC became stuck in its position for around 10 rounds,

the NPCs managed to avoid each other nearly entirely, as they took offset,

straight paths to the items they required. This resulted in the best spread of

values across the three tables tested for the stationary MARLBeans test. (see

Tab.10)
NPC Food Need Values Water Need Values
0 4 1
1 8 3
2 12 18

Tab.10: Comparison of MARLBeans' results for stationary tasks using NPC_0’s Q-Table

The Q-Table of NPC_1 has caused direct movement to the right, aligning all
NPCs with the Food and Water item. Within 10 rounds, the NPCs began to
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cluster around the Water item, even more intensely than with NPC_0. Due to

heavy blocking of each other, most could not move from their position. The Food

item has rarely been reached by any of the three NPCs. (see Tab.11)

NPC Food Need Values Water Need Values

0 30 26
1 10 1
2 20 17

Tab.11: Comparison of MARLBeans' results for stationary tasks using NPC_1’'s Q-Table

Lastly, for the Q-Table of NPC_2, the turn began with nigh random movement

across the grid. It took around 20 rounds before the first NPC reached the

Water item. NPC_2 was stuck between the same two states for half the turn.

Upon reaching round 50, all three NPCs managed to move to both needed items,

resulting in good values across the board, but also the worst statement pair of

this section for the unmoving NPC_2. (see Tab.12)

NPC Food Need Values Water Need Values

0 2 5
1 2 6
2 40 30

Tab.12: Comparison of MARLBeans’ results for stationary tasks using NPC_2’s Q-Table
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Although the NPCs do cause blocking of paths and hinder each other, the results

have been more positive than expected.

The spread of learnt state-action pairs across the Q-Table has been fairly even
for all that have used MARLBeans. The results show roughly 100 more learnt

actions in comparison to Beans, (see Tab.13) confirming the theory that

MARLBeans learns more state-action pairs in the multi-agent setting.

Learned State-Action | Unlearned State-Action
NPC . .
Pairs Pairs
0 549 347
1 533 363
2 521 375

Tab.13: Comparison of MARLBeans’ State-Action Pairs for stationary tasks

Unlike expected, the spread of state-action pairs has been uneven in
MARLClementine and consistent within MARLBeans. Yet, as predicted, the best
performing agent is part of the Clementine family (MARLClementine, NPC_2).

Comparison with Moving Tasks

As expected, the MARLClementine algorithm is not able to sustain the NPCs'

needs or reach their goal.

For the first Q-Table of NPC_O, all NPCs block each other's paths and move in a
circle, right next to the Food item, without ever reaching it. All NPCs end the

turn with the maximum values for Food and Water: 40 and 60.
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NPC_1's Q-Table values do not fare better. Although not rotating around

another, the NPCs do not reach the items.

The last Q-Table of NPC_2 does not break the pattern. As predicted before
testing, all three MARLClementine algorithms fail to reach their goal and fail to

move to any item even once.

Despite this, a noticeable result is once again the spread of state-action pairs,
further confirming the statement that the distance to items is very relevant for
the MARLClementine algorithm. While NPC_0 and NPC_2 had almost identical
amounts of unlearned state-action pairs, NPC_2 left around 100 states more

unexplored. (see Tab.14)

Learned State-Action | Unlearned State-Action
NPC . .
Pairs Pairs
0 543 353
1 452 444
2 542 354

Tab.14: Comparison of MARLClementine’s State-Action Pairs for moving tasks

The results for MARLBeans, following previous expectations, differ in

comparison:

For NPC_0O’s Q-Table, the NPCs try to race toward water, often blocking each

other's paths. Due to the slow pace toward the Water item, the Food item never

gets approached, as it never becomes highest in its value. (see Tab.15)
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NPC Food Need Values Water Need Values

0 40 53
1 40 42
2 40 54

Tab.15: Comparison of MARLBeans’ results for moving tasks using NPC_0’s Q-Table

A similar situation happened with the Q-Table of NPC_1, although much more

indirect. Instead of blocking one another, NPCs could not find the path toward

the Water item. On occasion they succeeded in reaching that goal, resulting in

similar values as the previous table. (see Tab.16)

NPC Food Need Values Water Need Values

0 40 37
1 40 60
2 40 51

Tab.16: Comparison of MARLBeans' results for moving tasks using NPC_1's Q-Table

The best of the three Q-Tables is the last, as it guided the NPCs best toward the

items. Although in a similar situation, the NPCs gained better values than from

the other Q-Tables. (see Tab.17) Additionally, they were the only ones to use the

correct action on a Food item.
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NPC Food Need Values Water Need Values

0 30 27
1 30 50
2 40 40

Tab.17: Comparison of MARLBeans’ results for moving tasks using NPC_1’s Q-Table

Since the single-agent demonstrated superior movement in the random task

environment using the stationary task Q-Table, this has been tested here as well.

For this, the Q-Table MARLBeans stationary tasks Q-Table of NPC_2 has been
used. The results show similar values as the previous Q-Table, indicating that

both approaches would benefit from further training.

These results show that with supervised training and more turns for training,
the MARLBeans agents could improve their learning and achieve better success
in reaching the goal of fulfilling their needs. Meanwhile the MARLClementine

does not function with randomised tasks, as predicted due to its state-definition.

Additionally, as expected, the agents work adversarially and block each other,

lowering every NPC'’s success.

The spread of state-action pairs of the MARLBeans agents is similar to each
other, keeping the state-action pair amount for MARLBeans even across

stationary and randomised tasks. (see Tab.18)
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NPC Learned State-Action Unlearned State-Action
Pairs Pairs

0 347 549

1 363 533

2 375 521

Tab.18: Comparison of MARLBeans’ State-Action Pairs for moving tasks

MARLClementinus and MARLBeansus
Comparison with Stationary Tasks
Both centralised systems have surprised and defied predictions.

MARLClementinus, as expected, managed to reach its goal with ease. Often its
NPCs tend to block one another, as all of them move toward the same goals to
fulfil their common needs. Despite this, the algorithm managed to reach some of

the lowest need values in the entire system. (see Tab.19)

Similarly to Clementine, it additionally was one of the algorithms with the most

state-action pairs in the entire system.

MARLBeansus on the other hand surprised with its performance. Although the
NPCs had begun their turn with split movement, they ended up huddled around
the water item. Nearly rotating around one another, with the water item in their
center, they did not learn during their training to use the drinking action,
resulting in very little improvement on their stats. Since every centralised
system contains three NPCs that share their stats, stats increase much faster as

well, resulting in a maximum of 120 for Food and 180 for Water. (see Tab.19)
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This outcome to the algorithm is especially surprising, since it has learnt an

adequate amount of state-action pairs, especially in comparison to Beans.

Learned Unlearned
Algorithm FoodNeed | Water Need State-Action | State-Actio
Values Values . .
Pairs n Pairs
MARLClementi 2 7 623 273
nus
MARLBeansus 120 150 530 366

Tab.19: Comparison of MARLClementinus’ and MARLBeansus’ results for stationary tasks

In addition, the MARLBeansus algorithm has not learnt the Eat action

whatsoever, defying all predictions. As shown in the image below, the ID for

eating (4) is not represented once as the highest valued action within

MARLBeansus' Q-Table.

0

0O O QO = = = O
o B O B N B O
o B O O B B2

0 0 0

MARLBeansus.

MARLBeansus - Food Need

0 0
1 1
1 1
1 1
1 0
1 1
0 0
0 0

0 0
2 1
1 2
0 0
1 0
0 0
0 0
0 0

O O k= = N = O

Img. 10 Evaluation table using the stationary iterm JSON from turn 100 of
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Comparison with Moving Tasks

Once again, MARLClementinus is not capable of approaching an item or using its
corresponding action, similar to Clementine in the single-agent approach. Its
movement is erratic and without sense, since it has no relation between its state

and the position on the grid.

MARLBeansus on the other hand is capable of following items and using their
actions. NPCs don’t often block one another in their movement. Despite this,
they do not move often and directly enough toward their needed items,
resulting in low values in comparison to other algorithms. (see Tab.20) This

shows that further training is required to solidify already existing behaviour.

Both algorithms have learnt expected state-action pair amounts, although
MARLClementinus has learnt more than anticipated in comparison to
MARLBeansus:

Learned Unlearned
Algorithm Food Need | Water Need State-Action | State-Actio
Values Values . .
Pairs n Pairs
MARLClementi 120 180 604 292
nus
MARLBeansus 110 155 524 372

Tab.20: Comparison of MARLClementinus’ and MARLBeansus’ results for moving tasks
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5. Discussion

This paper has presented an approach and implementation of an agent
performance comparison between six different Reinforcement Learning agents
using the SARSA algorithm. This included both single- and multi-agent
approaches in static and changing environments, using a flexible and expandable
system architecture. An extensive overview of current research in the RL field
has been showcased and the comparison of the different algorithms has been

evaluated.

Further comparisons like this paper has presented will define and prove

feasibility of different RL algorithms for gaming contexts in the future.

The system presented here offers different approaches for the future. Extension
of the NPC logic that allows further actions to be paired and matched can be

implemented. An example could be an action to “push away” other NPCs.

The system developed as part of this thesis is planned to be extended in the
future. A further developed game environment is planned that allows the testing

of NPCs against players.

In summary, it can be said that Reinforcement Learning has much to offer for the
future, thus it is important to continue research within the field to allow such
algorithms to enter the mainstream of game development and enrich gaming

experiences.
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