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Abstract

With the recent strides in machine learning and a growing interest in using Trans-

formers in many different areas, the question has arisen of what can this architec-

ture do for improving the quality of games with procedurally generated characters,

such as the Pokemon game. In this context, the overall aim of this thesis is to

produce sets of Pokemon (metagames) where the individual Pokemon in a set have

more balanced win rates (computed in battles) and more diversity (different Poke-

mon property values), when using a Transformer model to generate Pokemon.

In order to address that aim, this thesis offers two main contributions, involv-

ing two proposed methods for improving the Pokemon metagame generated by

a Transformer. The first contribution is the approach of pruning layers of a

Transformer model, whilst the second contribution is the development of a multi-

objective genetic algorithm for selecting Pokemon that optimise the balance and

diversity of a Pokemon metagame. The computational results have shown that

layer-pruning is paramount in preserving Pokemon diversity over time – every

Transformer model produced without using layer pruning was significantly out-

performed (regarding diversity) by models generated using pruning. In addition,

the combination of layer pruning with a multi-objective genetic algorithm further

improved the results, achieving overall the best results in terms of maximising

diversity and balanced win rates over time.
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Chapter 1

Introduction

This Introduction chapter is structured as follows. Section 1.1 describes the moti-

vation for this research. Section 1.2 presents the overall aim and the two specific

objectives of this research. Section 1.3 describes the research contributions. Fi-

nally, Section 1.4 briefly describes the structure of the remainder of this thesis, by

mentioning the contents of each chapter.

1.1 Motivation

Game design is an ever-growing field, with new and constantly evolving games

being made. In this thesis I focus on Player versus Player games (PvP). In PvP

games, two or multiple players are pitted against each other in an environment,

with some tools, or entities, such as Pokemon, to battle. In First Person Shooter

(FPS) games, these entities are guns and various weapons, which all have their own

variables and statistics, used to eliminate the enemy team. In Fighting Games

(FG), these entities are the characters which have various moves with internal

variables that need to be balanced, such as frame data and damage.

One of the most popular PvP games is Pokemon, with a vast variety of entities

which are the Pokemon themselves. I decided to focus on Pokemon, because of

1



CHAPTER 1. INTRODUCTION 2

the easy to use Pokemon Showdown API which allows me to simulate battles, a

readily available dataset, and my extensive knowledge of competitive Pokemon

that I have acquired through first hand experience as a player.

Each of these games, as well as many more genres out there that have entities

used to battle, need to have a dedicated balance team to adjust these entities

frequently so that each player has a fair chance at winning while using a variety

of different entities. This is called game balancing and is the main area under

investigation in this thesis.

A metagame is the set of entities used by the players that have proven, through

playing and testing, to give them the best chance of winning. A metagame also

encapsulates how these entities are used by different players, a way of letting the

players express themselves and adapt to the metagame created by the player-base

(S. Reis, Novais, et al. 2023). A metagame must be diverse to be balanced, this is

what makes it compelling, as Richard Garfield, the creator of Magic the Gathering,

once said: "I believe that a compelling metagame is what separates a hobby from

a game". Having a single entity that has an overwhelming win rate against other

entities cannot be considered balanced, as the game slowly starts revolving around

either playing it or beating it, since it gives you the best chance of winning. Game

balancing is difficult and often requires full teams of designers and play-testers to

adjust these entities. Often the teams are unable to predict how each different

entity will interact, which causes some to slip through the cracks and dominate

the metagame.

My research aims to automate the process of creating a balanced set of entities

that will develop into a metagame. This makes the balance team’s job easier by

having a system that uses the win rate as the metric, a metric present in every

PvP game and one that is easily extracted, to create the entities and update the

metagame over time.
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1.2 Research Aims and Objectives

The overall aim of this project is to produce Pokemon metagames that are more

balanced and more diverse, when using a Transformer model Vaswani et al. 2023

to generate Pokemon. In this context, balance refers to the balance of win rates

among the different Pokemon generated by a Transformer model, when those

Pokemon compete in battles. That is, there should be no major difference between

the win rates of different Pokemon, because such major difference would lead to

an “un-balanced”, uninteresting metagame. Diversity refers to the diversity of the

Pokemon metagame generated by a Transformer model, i.e. those Pokemon should

have substantially different sets of values for properties describing a Pokemon (like

their type, items, abilities etc. - see Section 2.2).

In order to achieve that overall aim, this thesis has two specific objectives:

• First, to test a neural network-pruning technique for pruning layers of a

Transformer model, in order to increase the diversity of Pokemon generated

by the Transformer.

• Second, to develop a Genetic Algorithm for selecting a set of Pokemon that

maximise the diversity and the balance of a Pokemon metagame.

1.3 Research Contributions

This thesis provides two contributions. First, it uses layer-pruning in Transform-

ers to improve the diversity of the metagame generated. This is a new use of

layer-pruning in Transformers, as previous related work has used layer-pruning

to decrease computational time, as will be discussed in Section 2.7. The thesis

reports statistically significant results demonstrating the effectiveness of layer-

pruning for improving diversity.



CHAPTER 1. INTRODUCTION 4

Second, this thesis proposes a multi-objective genetic algorithm (GA) for selecting

the set of Pokemon that maximise diversity and balance in a metagame. More

precisely, the thesis proposes two versions of this multi-objective optimisation

(MOO) GA: one where the two objectives to be optimised (diversity and balance)

are combined via a Weighted Sum, and another based on the concept of Pareto

Dominance (to be discussed in Section 2.8.6).

The unique way of utilising layer-pruning has yielded very positive results, where

Pruning models significantly outperformed models that did not use pruning such

as the Weighted Sum with Pruning approach which outperformed almost every

other tested model, which are discussed more in-depth in Chapter 4. The other

contribution of using MOO GAs as selection algorithms was able to significantly

increase the balance of the generated metagames, with every GA-based model

significantly outperforming the models using randomly selected datasets.

1.4 Structure of the Thesis

The remainder of this thesis is structured as follows. Chapter 2 provides a review

of the literature, focusing on the Pokemon game and machine learning concepts

relevant for this research. Chapter 3, on the proposed methodology, describes

the proposed machine learning methods (involving neural-network pruning and

a genetic algorithm), as well as the dataset used in the experiments and the

experimental setup. Chapter 4 reports the computational results obtained by the

proposed methods, and an analysis of those results. Finally, Chapter 5 concludes

the thesis, providing a summary of its main contributions and some suggestions

for future work.



Chapter 2

Literature Review

In this chapter I will describe the previous research done in the relevant areas

of this thesis as well as giving background to terminology and concepts needed

for this work. The areas of interest are Procedural Content Generation, Poke-

mon, Game Balancing, Repercussions of Unbalanced Games, Measuring Diversity,

Transformers, Genetic Algorithms and Significant Tests. All of these help achieve

the aim of guiding a Transformer towards creating a more balanced and diverse

metagame through multi-objective optimisation retraining and layer-pruning.

2.1 Procedural Content Generation in Games

Procedural Content Generation (PCG) is a widely explored area in which a system

generates some content without human help (Togelius et al. 2011). Even before

the development of Transformers, there are many examples of how PCG can be

used to create new and interesting content in games. Some of the most well-

known examples are the world and creature generation in No Man’s Sky (2016),

world generation in Minecraft (2009), and the entirety of the world and story of

Dwarf Fortress (2006). In all of these games, PCG plays a crucial role, defining

large aspects of the games. PCG can be used to generate a world map, cards

5
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(Mahlmann et al. 2012), blending game concepts to create new games (Gow and

Corneli 2015), and even the backstory of a world Mason et al. 2019. With the

rise of Transformers, their utilisation in PCG was inevitable, as they were able to

generate game levels (Mohaghegh et al. 2023), interactive stories (Freiknecht and

Effelsberg 2020) and even play games (Upadhyay et al. 2019).

PCG is becoming more widely adapted as the scale of games grows and players’

desire grows to explore bigger and more varied worlds. PCG is perfect for this

as it reduces the costs and minimises effort, while being able to produce very

intricate worlds, characters and more. This comes with the issue of uninteresting

content being generated (Hendrikx et al. 2013). Evaluating procedural content is

a widely explored area for this reason (Osborn et al. 2019).

2.2 What is a Pokemon

In the Pokemon games, Pokemon are unique entities that have a large pool of

moves they can use, a pool of abilities, individual EVs (which are variables at-

tached to each Pokemon that determine their prowess in certain aspects such as

physical attack or defence and stand for Effort Values), and natures to choose

from, and access to a pool of items.

Pokemon can have one or two of 18 different types: Normal, Fire, Water, Grass,

Electric, Ice, Fighting, Poison, Ground, Flying, Psychic, Bug, Rock, Ghost, Dragon,

Dark, Steel, and Fairy. The types are responsible for assigning weaknesses and re-

sistances to the Pokemon. Each type has assigned weaknesses which means when

hit by a move type they are weak to they will take double damage, this is called a

Super Effective hit as seen in Figure 7. Resistance allows the Pokemon to instead

take half damage from certain move types. For example if a Pokemon is a rock

and ground type it will take four times the damage from water moves due to both
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rock and ground being weak to it.

Each Pokemon’s move pool (an average of 58 different moves per Pokemon) con-

sists of both physical attacks and special attacks, as well as moves that deal no

damage but instead serve a purpose such as status effects as seen in Figure 4 and

Figure 5. Out of the large move pool, 4 can be chosen to use in battle as seen

in Figure 3. Moves are chosen by the players for each of their Pokemon before a

battle starts.

Out of the pool of abilities, that is unique to each Pokemon (an average of 2

abilities), one can be chosen alongside an item of the player’s choosing. Items are

chosen from a large pool that every Pokemon shares. Items give the Pokemon

a specific property such as Choice Specs seen in Figure 1 giving the Pokemon

greatly increased Special Attack, but once the player chooses a move, they cannot

use a different move until the Pokemon switches out.

A Pokemon has the following Effort Values (EVs): Health, Attack, Special Attack,

Defence, Special Defence, and Speed. A distribution of up to 508 points can be

spread out across all of the 6 EVs for each of their Pokemon, 252 maximum per

EV, before a battle starts.

Nature affects the EVs of a Pokemon by decreasing one EV by 10% in order to

increase another EV by 10%.

In a regular game of Pokemon, 2 players each have a team of 6 Pokemon. They

send one Pokemon out, and every turn both players choose either one of their

moves or to switch out to a different Pokemon. Both players make a decision at

the same time. Unlike in a game of chess or go, where the players move after

another. This makes Pokemon a game where you need to predict what your op-

ponent will do at any given moment.
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Figure 1: Pokemon example: This is an example of a Pokemon. The same example
is outlined in Table 2.

In previous literature, Pokemon has been used mainly as an example of a very

complex game for Reinforcement Learning agents to learn (Pleines et al. 2025).

Pokemon battles are very complex, each Pokemon has the possibility of using such

a large number of moves, items and abilities, each of them changing the outcome

of the game that standard algorithms like the ones seen in chess cannot predict

best moves. This is why there is a lot of work developing agents that can play at

human or above human level, making Pokemon a great benchmark for very com-

plex games. Unlike both of these, this thesis focuses on the entities themselves

and the battles are only used to extract the win rates of the entities.

Figures 1-8 are examples of different scenarios that can occur in a standard

game of Pokemon. As these figures show, there are many different strategies a

player can choose to use, which all combine to make a metagame. Each player must

be aware of all of these strategies and their impact on the metagame. Strategies

like the ones seen in Figures 4 and 5, commonly referred to as ‘Stall’ tend to be

seen as very annoying 1 to play against. Thus the Pokemon balancing team has

been staying away from defensive, status-based strategies and instead improving

the aggressive and big damage dealing strategies. This can be seen in Figure 3,

as they are more flashy and fun for people to play, play against and watch in

tournaments.
1https://www.reddit.com/r/stunfisk/comments/11ww9fz/thoughts_on_stall/ Last accessed

August 21st 2025
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Figure 2: Pokemon interface example: This is an example of what a Pokemon
battle interface looks like. Two Pokemon are battling against each other, each
player is able to either use one of their Pokemon’s 4 attacks or they can switch
to one of their other 5 Pokemon. The opponent has to also choose what to do.
Once both players select an option the priority goes as follows: Switching always
comes first, the move of the faster Pokemon is executed, the move of the slower
Pokemon is executed. If a player chooses to switch out their Pokemon, they are
unable to attack that turn and will have to wait until the next turn, which can
leave their Pokemon vulnerable.

Randomness is a key component of Pokemon that adds to the excitement of the

game. Figures 6 and 8 both illustrate this randomness that is very much part

of the game’s identity. That being said, there is a lot of strategy and working

around the randomness. Minimising risk while maximising reward is particularly

present when creating your team. Picking moves that do not have 100% accuracy
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Figure 3: Pokemon attack example: This is an example of what happens when
an attack is chosen. An animation plays and the Pokemon that was attacked has
its health depleted by the amount of damage it took. In this particular example
the Ursaring dealt 100% of the Weezing’s health in one attack, meaning Weezing
is knocked out and can no longer be used in this battle. This was due to using
Sword’s Dance move the previous turn, which doubled the physical attack power
of the Ursaring as well as the Ursaring having a status condition (an effect which
stays on the Pokemon until it is healed and can either deal damage or reduce the
EVs of the Pokemon afflicted) placed on them. More on status conditions is shown
in Figure 4. The move Facade deals more damage if the user is afflicted with a
status condition, which allowed the Ursaring to have the capability of depleting
most of the opposing Pokemons health one attack.

is the player’s choice, but it allows them to have a much bigger reward when

the move does not miss and instead it deals the expected damage at all times.

Picking a variety of Pokemon to maximise the chance of having a Super Effective

advantage (dealing super effective damage increases the amount of health lost

by the Pokemon hit), which can be seen in Figure 7, is very important and a

large part of the game as it allows a Pokemon to deal increased damage against

a favourable match up. This increases the diversity of teams the players create

as having a variety of types will allow a player to be more prepared for different
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Figure 4: Pokemon status condition example: In this example, the Lugia is af-
flicted with Paralysis status condition which causes it to move slower while also
having a 50% chance at failing to execute a move. The opponents Sandy Shocks
Pokemon is built as a defensive Pokemon that utilises Paralysis and slowly reduces
the opposing Pokemon’s health. There are many status conditions, but their util-
ity and reason for being used is outside the scope of what is needed to understand
this thesis.

teams and not get caught out by a single Pokemon that is able to deal Super

Effective damage to their whole team.

2.3 Game balancing

As introduced in Chapter 1, game balancing is concerned with having an entity’s

win rate as close to 50% as possible. This gives both players using it a fair chance

at winning and the more skilled player will tend to win. If a metagame has more

entities with a win rate approaching 50%, it is likely to have more entities present

in the competitive environment, as players will have a broader choice of entities

with similar win rates. This, in turn, directly translates to better player and
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Figure 5: Pokemon special condition example: In this example the opposing Per-
sian is afflicted with Leech Seed which each turn depletes 12.5% of their health
while healing the allied Pokemon the same amount. This is another strategy
similar to the one outlined in Figure 4, but this can be used alongside a status
condition like paralysis or sleep.

skill expression, due to the actions taken in game having higher impact than the

entities chosen. Luck will always have an impact on any game. In a balanced

environment the luck factor can have amplified impact on the outcome, however,

the same luck is present in unbalanced metagames and can skew the outcome in

the favour of the person using the best strategy even further.

Becker and Görlich 2020 states that no clear definition of game balance has

been agreed on, however from their findings it is clear that balance requires both

variety and the lack of centralising entities which the metagame revolves around.

The work presented in David Stephens 2024 gives a better example of balance

that I will be using. Their definition of balance in multiplayer games states that

all game elements, in this case all the entities, should be relevant and usable, with

no single strategy dominating. The aim of balancing is to avoid making the game

monotonous and predictable. This definition fits well with the research aim of this
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Figure 6: Pokemon critical hit example: In this example the move I used critically
hit, every damaging move has approximately 4% chance of hitting critically. This
makes the move deal double its usual damage. This adds a big element of luck
to the game, where sometimes a Pokemon that should lose gets a critical hit and
wins through sheer luck.

thesis, which is to create a balanced and diverse metagame, without overwhelm-

ingly powerful entities and with as many usable entities as possible.

Balancing game elements (entities) such as fighting game characters, cards in card

games, and Pokemon in Pokemon games, is vital to the success of these genres (S.

Reis, L. P. Reis, et al. 2021). If there is a centralised pool of very strong entities in

a given game, it means the metagame will revolve around these entities, creating a

very boring and stale environment (Pfau and Seif El-Nasr 2024). Understanding

how different entities can interact with each other in the game, both as team-

mates and as opponents, is a very difficult task to tackle (Aha et al. 2005), (S.

Reis, Novais, et al. 2023). Autonomous game balancing has been explored using

reinforcement learning which focused on adapting the opposing bot to the players

level, in a fighting game, to create a more fun experience, the limitation of this
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Figure 7: Pokemon super effectiveness example: This example shows the impor-
tance of typing in a game of Pokemon. Each type has weaknesses and strengths
and some even have immunities. When a Pokemon is hit with a super effective
move, the damage it takes will be doubled. This means having a variety of move
types on a Pokemon, as well as many different types of Pokemon on a team, is
very important so as to not get caught out by an unfavourable match up.

approach is that it only works for non-player characters and cannot be used in a

multi-player environment(Aha et al. 2005) and user-based evaluation that takes

player feedback, which can be slow and unreliable as well as being difficult to ac-

quire unlike in-game statistics such as win rate or play-rate (Andrade et al. 2006).

No literature can agree on how a balanced game is defined. Every game is differ-

ent and balance varies greatly on many aspects, such as the amount of different

entities, and how the entities’ win rate is calculated. In Pokemon, since each en-

tity is placed on a team with 5 other Pokemon, the win rates of individuals are

affected by their teammates. A win rate of 50% is widely considered balanced,

since when someone uses an entity with a 50% win rate they have a 50% chance

of winning, thus their skill is what determines wins or losses. Very rarely can a
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Figure 8: Pokemon miss example: This example shows when a move is not 100%
accurate. Every move has accuracy and some can miss. This adds yet another
layer of luck much like the one exemplified in Figure 6. A famous example of this
is when a top player Aaron Zheng lost a game in the semi finals are Vancouver
regionals, because he missed two 85% accurate moves in a row and his Pokemon
was subsequently hit critically.

win rate of 50% be achieved, especially in a game where each Pokemon has other

Pokemon on the team helping and skewing the win rate, so it is useful to use a

larger window around 50% for balance.

Quantitative balancing has been explored in works such as DeLaurentis et al.

2021 where they agree a 50% win rate is considered balanced while proposing new

approaches such as Monte-Carlo Tree Search algorithms for the task of balanc-

ing based purely on quantitative data. Every game is different which means the

quantitative approaches will change from game to game. They are important to

explore due to the nature of being able to statistically prove balance. The main

limitation of this is that a lot of the data is difficult to extract for other games.

This means the approach needs to change drastically if it were to be used for

fighting games for example.
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Autonomous game balancing has been explored mostly through the use of au-

tonomous agents as presented in Politowski et al. 2023, where using bots allows

the development team to see how the game would be played and adjust it ac-

cordingly without the need for human testers. This is a good approach for many

games, however the human ingenuity and unpredictability is what breaks entities,

meaning autonomising the players will not prepare the team for any eventuality.

The authors of DeLaurentis et al. 2021 take this a step further and autonomise

the full process. The bots play against each other and then further deep learn-

ing is used to assess the games. The main limitation of this approach is that

for every new game this deep learning approach would have to be retrained on,

certain games are more complex and could prove to not be able to be assessed

and balanced this way. Lara-Cabrera et al. 2014 presents a framework where the

terrain is automatically balanced with the player in mind using evolutionary al-

gorithms, by taking in-game statistics which can be adapted from game to game

making this a lot more easily adaptable than the previous work. The limitation

of this approach, however is that it is only used to balance the terrain rather than

the entities themselves making it only applicable to Real-Time Strategy games.

There have been other studies such as Rupp et al. 2024 which have explored the

same idea of evaluating the fun and balance of game levels through player sur-

veys. Acquiring player feedback is important, but difficult at times meaning the

limitation of this approach is the need for player feedback which is unable to be

automatically assessed and adapted into the game.

Many works have explored the generation of balanced game entities such as

the work done by Zaidan and Góes 2016, where a evolutionary algorithm balances

hearthstone cards through simulations similar to the approach presented, and ex-

panded upon, in this work. Game balance through generating new game elements

as outlined in Babin and Katchabaw 2025 attempts to change the fundamental

aspects of the game through reinforcement learning with the goal of improving
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the balance while also only requiring the win rate as a variable. Some even gen-

erated Pokemon teams themselves (S. Reis, Novais, et al. 2023), similar to the

approach proposed in this work with the same goal of optimising the balance of

teams, within the same domain of Pokemon, however, the method is vastly dif-

ferent. The lack of the machine learning approach as well as the goal of diversity

being exploration of different teams as opposed to heterogeneity of the metagame

sets the works apart. The approaches above differ from mine in the key aspect

of transformers coupled with a genetic algorithm working together to achieve the

goal of heterogeneous balance. As seen, little work has been done on optimising

the game entities used to play the game themselves for the purpose of creating a

balanced and diverse metagame. Moreover very few works discuss the issues with

autonomous balancing creating homogenous metagames and none address both.

2.4 Repercussions of an Unbalanced Game

In this section I will outline examples of entities that were widely considered to

be unbalanced and infamous in their respective games and why they needed to be

rebalanced.

• Leroy, Tekken 7 - Tekken is a 3D fighting game with many different charac-

ters. These characters, much like Pokemon, have different moves that could

be more or less balanced. Leroy was the first DLC (downloadable content)

character and it was quickly apparent that he introduced imbalance into

the game. Compared to other characters, Leroy had higher damage output

and better frame data, which allowed him to have less risky attack patterns.

The distaste for the character culminated ultimately in a Japanese Tourna-

ment called Evo in 20202. At this tournament 6 out of the top 8 players

in the tournament decided to choose Leroy, as seen in Figure 9, and many
2https://m.sports.naver.com/esports/article/439/0000019559?sid3=79e Last accessed Au-

gust 21st 2025
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players stated in interviews that: ‘If you want to win, just pick Leroy’. This

is an example of a character that was not properly adjusted before release.

As a DLC character which came later in the game, the likelihood was the

game developers wanted to see how the character was to be adjusted after

players tested it. Unfortunately this period bled into one of the most influ-

ential tournaments, ruining it. Leroy was later rebalanced by increasing the

risk factor in his combos (combinations of actions) and reducing his damage

output greatly.

Figure 9: Tournament standings showing meta imbalance. (Tekken): The top 8
of Evo where Leroy took 6/8 spots ultimately winning the tournament.

• PePe, Yu-Gi-Oh - Yu-Gi-Oh (YGO) is a card game made and supported

by Konami, where players summon creatures with special effects that allow

them to summon more creatures. The goal of the game is to reduce your

opponent’s life points to zero. The game is infamous for having long combos,
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with certain decks needing entire spreadsheets to understand different combo

sequences. In 2015, a deck was released called Performapal Performages

(PePe). In the 40 card deck, 16 of the cards were able to start the specific

combo that led to an unbeatable board. A combo which the opponent could

very rarely stop once established. A large number of tournaments in Japan

and China had a vast over representation of PePe as seen in this metagame

report3. Having a 60% representation across every tournament, as seen in

Figure 10, signifies a clearly unbalanced entity that made the metagame

revolve around it. A more common usage percentage for a metagames best

deck is closer to 25% as seen in the meta of August 2025. 4 This prompted

Konami to release an emergency banlist which banned 3 cards, that allowed

the combo to be executed, from the deck, thus rebalancing it. Once again,

a company wanted to make the new deck the best, possibly to incentivise

commercial gain, an approach that they have continued to use throughout

the life-span of this game.

• Meta Knight, Super Smash Bros. Brawl - Super Smash Bros. Brawl

(Brawl) was a GameCube platform fighter game. Two players fight each

other until one of them falls off of the stage 3 times. Meta Knight, a character

that was fundamentally different than other characters in Brawl. In this

game any time you ran you had a slight chance of tripping, where your

character would fall and be vulnerable for a second. This meant many

characters chose to approach slowly, which reduced their chance of tripping,

or tried to jump in, which meant they cannot trip and be left vulnerable,

however, being above your opponent meant that you were in a disadvantaged

state which left you vulnerable to attacks. Meta Knight, however, had 5

jumps unlike every other character who had 2 jumps. Meta Knight also had
3https://roadoftheking.com/ocg-2015-10-metagame/ Last accessed August 21st 2025
4https://www.yugiohmeta.com/articles/tournaments/tcg/weekly-roundup/2025/august/4

Last Accessed 12th September 2025
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Figure 10: Usage percentage of a powerful deck depicting meta imbalance. (Yu-Gi-
Oh): A graphic depicting the usage percentage of PePe in premier tournaments.
60% is a very substantial amount, as in more than half of every game you will see
at least one person using the deck.

moves that covered every possible angle in any direction, whether he was

airborne or on the ground. This caused Meta Knight to have a positive or

neutral advantage with every other character in the game5. He was the only

character that never had to interact with the ground if the player chose not

to. Those aspects, mixed with Meta Knight’s incredible damage output on

his very safe and almost risk-free moves, meant he was dominating the top

8 at every major tournament6. many of these tournaments having 6 or 7

Meta Knights as can be seen in Figure 11. The community called to ban

the character to preserve game integrity. 2005-2008 which was the time of

Brawl, balancing was not possible since they would have to re-release the

game with new patches (changes to improve the game); this was not possible
5https://www.eventhubs.com/tiers/ssbb/character/metaknight/ Last accessed August 21st

2025
6https://liquipedia.net/smash/Major_Tournaments/Brawl Last accessed August 21st 2025
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as anyone that wanted to play would have to re-buy the game any time a new

patch occurred. The reasons for Meta Knight not being banned have been

lost to time, as most of the discussions were on forums that are no longer

accessible, the general consensus is that best player in the world (Mew2King)

stated he would stop playing if Meta Knight was banned. With the Japanese

Brawl community agreeing with him, the character was left alone7. After the

release of the new Smash Bros. game, Brawl was forgotten, largely due to

Meta Knight, unlike its predecessor Smash Melee which is still played to this

day. A game with no rebalancing will often encounter problems like these,

which is why it is so important to have a dedicated development approach

to fix these issues as they happen.

• Juggernauts, League of Legends - In League of Legends (LoL) a team

of 5 players fights another team of 5 to destroy each other’s base to win.

There are 5 roles a player can choose from which all have their use in a

team8. Usually you want a ranged attacker, a support character paired

with the ranged attacker, an assassin that helps other teammates, a strong

leading character and lastly a defensive character that is able to take many

hits but struggles with dealing damage. In 2015, Riot Games put out a

patch which buffed (improved) 3 characters, one of which was a character

called Gankplank. This new patch heavily increased Gankplank’s damage,

which allowed him to be both quite defensive and deal the most damage

on the team of 5. At the 2015 World Championship9 Gankplank had a

ban rate of nearly 100%, as seen in Figure 12, which meant every team

disallowed the character from being used in their games (each team can ban
7https://www.ssbwiki.com/Meta_Knight_(SSBB)Most_historically_significant_players

Last Accessed 12th September 2025
8https://leagueoflegends.fandom.com/wiki/Champion_classes Last Accessed 12th Septem-

ber 2025
9https://gol.gg/champion/champion-stats/26/season-ALL/split-ALL/tournament-

World%20Championship%202015/ Last accessed August 21st 2025
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Figure 11: Tournament standings showing meta imbalance. (Smash Bros. Brawl):
An example of a tournament dominated by Meta Knight; many were exactly like
this. Some tournaments tried to ban Meta Knight for that tournament only. No
official global ban was placed upon the character, however.

up to 5 champions). There were only 4 games where Gankplank was not

banned. In the games where Gankplank was not banned, he was picked

100% of the time. In those 4 games, the players using Gankplank won all

of them, almost single-handedly due to Gankplank’s overwhelming damage.

A 100% win rate at the highest level of play is unheard of in most, if not

all, multiplayer games. This created a lot of controversy 10, which then
10https://www.reddit.com/r/leagueoflegends/comments/6le8zv/how_did_this_happen_the_balance_disaster_that_was/

Last Accessed 12th September 2025
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caused Riot to adjust Gankplank’s damage significantly. This showed that

even huge games with massive development teams make mistakes, and could

make use of autonomous balancing systems to help with their balancing

decisions.

Figure 12: Tournament usage statistics depicting meta imbalance. (League of
Legends): The statistic breakdown of Gankplank’s performance at Worlds 2015.
The fact that he had a 100% win rate, pick rate and priority score meant that the
entire tournament revolved around this champion. This causes a lack of diversity
and forces a team to either ban him or hope to have a chance to pick him and
have a guaranteed chance to win.

• Izzet Cauldron, Magic the Gathering - A very recent example of an

unbalanced metagame created through a lack of foresight can be seen in the

Magic the Gathering (MTG) standard format. MTG is another example of

a card game much like YGO where two players summon creatures and use

spells to reduce the opponent’s life point to zero. On June 30th 2025, a

banlist11 caused a lot of changes in the standard format, with many strong

cards, that were causing the metagame to revolve around them, banned.

This banlist removed one particularly strong deck that had 4 out of the
11https://magic.wizards.com/en/news/announcements/banned-and-restricted-june-30-2025

Last accessed August 21st 2025
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8 spots in the top 8 of the August 9th 2025 major tournament in a deck

called Izzet Prowess. In an attempt to balance the game, the development

team decided to ban the main card that made this deck so strong. With

Izzet Prowess gone, a new deck rose to success. Izzet Cauldron was too

weak to compete with Izzet Prowess, but with that deck gone, alongside a

couple other decks receiving adjustments, Izzet Cauldron was able to shine.

In the Standard Arena Championship12 Izzet Cauldron took 7 out of the

8 spots in the top 8, as seen in Figure 13. Due to having a very hard-to-

interact-with gameplan, a lot of people have called for an emergency ban.

Black Swan Events (unpredictable events that come as a surprise and has

a major effect) (Nafday 2009) like these occur infrequently, but can cause

catastrophic outcomes. After a balance patch or banlist, a grace period is

needed for the metagame to stabilise. But if left too long without action,

the player base can get frustrated with strategies that prove to be too strong

and sales can take a big hit.

As seen in the above examples, balance is very important to both the players as

they want to play a balanced and diverse game, and also to the developers, who

want to keep their players happy and playing the game. The clear connection

between an unbalanced entity and an undiversified metagame can be seen in all

of these examples. As soon as there is an overarching best entity to use, the

metagame quickly starts to revolve around it.

2.5 Measuring Diversity

In the examples seen in the previous section, one strategy caused the metagame

to revolve around it, and caused a lack of diversity, which in turn made the game

unbalanced. In this section I will describe ways of measuring this diversity in order
12https://www.mtgtop8.com/event?e=72302&f=ST Last accessed August 21st 2025
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Figure 13: Tournament standings depicting meta imbalance. (Magic the gather-
ing): UR Soul Cauldron in this graphic means Izzet Cauldron- it is another name
for the deck. As seen here 7/8 of the top 8 is taken up by Cauldron, only one spot
being taken by a different deck, which is specifically built to beat Izzet Cauldron.

to increase it. I will discuss some of the most widely used methods of measuring

diversity, some that are particularly relevant and useful for this thesis.

Quality diversity (QD) uses local neighbourhoods in the search space, or niches,

and these are used to perform the evaluation. The QD-score (Pugh et al. 2016),

defined as the sum of fitness of the highest performing entities in each niche,

combines the measure of individual fitness with the coverage of the search space.

The goal of this measure is to fill a large number of niches with high-quality

individuals to maximise coverage.

The sum of distances (SD) is another metric, this approach rewards the spread
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of artefacts, however it does not penalise duplicates. This makes it a rather

poor approach in this thesis as duplicate Pokemon and their sets are the main

aspect I want to minimise. Duplicates in the metagame signify an unbalanced

and undiversified metagame with centralising Pokemon.

A more narrow approach to measuring diversity in games has been explored in

works such as Perez-Nieves et al. 2021, but each game is so different that most

research in the area decide on using pre-existing measures of diversity rather than

creating ones for specific games.

Lastly, the metric I ultimately decided to use for this thesis is the Vendi Score

(VS) which is specifically designed as a measure of diversity for a machine learning

context (Friedman and Dieng 2023). VS does not rely on class separation of

entities, it instead uses distances between the artefacts to measure the diversity

of the whole set. The VS is defined as the exponential of the Shannon entropy of

the eigenvalues of a normalised similarity matrix.

V S(K) = exp(−
N∑

i=1
λilogλi)

The ease of use and adaptability of this method makes VS the ideal measure

of diversity for many tasks. I believe it is also ideal for Transformer generated

content due to the tokenisation of the data which I will describe and explain in

the next section.

2.6 The Transformer

In this section I will describe the Transformer architecture in detail, its structure,

how learning looks alongside the benefits and limitations of using it for various
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tasks.

2.6.1 Tensors

Tensors are central to many areas of mathematics and physics and have become the

primary data structure in modern machine learning and deep learning frameworks

including Transformers. A tensor is a mathematical object that generalises the

concepts of scalars, vectors, and matrices to arbitrary dimensions. Formally, a

tensor is defined as a multidimensional array of numerical values organised along

one or more axes (also termed dimensions or modes). Their importance in machine

learning comes from their ability to easily represent and manipulate data in a

flexible and efficient way. The vast majority of current machine learning models

use tensors because of this.

2.6.2 Tokens

Figure 14: Tokenised Pokemon example: An example of a tokenised Pokemon.
The bottom 2 lines are usually conjoined, but were split for visual purposes. As
can be seen in this Figure, each token is assigned a number based on a vocabulary
and then later these are turned into tensors for the Transformer to train on.

A token is a piece of data that has been encoded as a number and later translated

into a tensor. This is done so that machine learning models, which work using

tensors, can be used in Natural Language Processing tasks. Previous work has

encoded both words and parts of words as tokens, to be used for tasks such as

translation (Sennrich et al. 2016).
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2.6.3 Softmax

The softmax is a function that turns raw output scores into a probability matrix.

This is done by taking the exponential of each output and normalising these values

by dividing by the sum of all the exponentials. This turns the Transformer into

a probabilistic model, which allows it to have a variety of answers to the same

questions, as well as allowing the increase or decrease in diversity that is crucial in

this thesis. In the Transformer, the probability matrix represents the probability

of each token being the next one in the sequence. All of the probabilities in the

matrix will add up to 1, for each row and each column.

softmax(zi) = ezi∑K
j=1 ezj

(1)

The terms in Equation 1:

• zi = The element i in input z consisting of K real numbers.

• ezi = The exponential function applied to zi making all values positive.

• zj = The element j in input z used to find the sum of the entire input.

2.6.4 What is a Transformer

The Transformer is an example of a machine learning architecture. It excels at

Natural Language Processing tasks as well as Time-Series data prediction and

much more. The architecture is able to learn both the token representation of the

data that is put into it and the positional representation. This allows it to learn

the importance of the placement of tokens, as well as their meaning. This is unlike

other models that it is often compared to, such as Recurrent Neural Networks and

Long-Short-Term-Memory models.
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Figure 15: Attention head: A graphical representation of a single head of atten-
tion. Input x is parsed into Keys, Query and Values. Wqk are attention weights
which are then put through a softmax to give the probabilities of each token be-
ing output. A systematic Dropout is applied to prevent overfitting, that is then
combined using matrix multiplication as the output of an individual head.
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2.6.5 Structure

Attention heads are responsible for assigning attention scores to the data that is

parsed through them. Using these attention scores, the Transformer is able to

discard the data that is considered noisy or less useful for learning.

The structure of an Attention head is as follows:

• A linear layer used for the queries of size E,H, where E represents the amount

of embedding neurons and H represents the head size, both hyper parameters

that are chosen. Seen in Figure 15 in the middle after the output.

• The Query and Values are linear layers of size E,H and are duplicates of the

query as seen in Figure 15 as the second layer.

• These are followed by a softmax function that creates a probability matrix

and at the end a dropout is applied. Dropout works by turning certain

nodes off during training to prevent the network from becoming reliant on

certain nodes and force the rest of the network to be trained.

The Attention heads work by parsing data x through the Key layer giving K and

the Query layer giving Q. They are both matrices. K is transposed, and the values

are exponentiated by -0.5, and then multiplied by Q giving Wqk as seen in Figure

15. A mask is applied to remove any illegal connections. Wqk is parsed through a

softmax function which gives a matrix of probabilities that represents the likeli-

hood each token has of being the next one in the sequence. A dropout is applied,

removing certain parts of the matrix to reduce overfitting. The initial datapoint

x is now parsed through the Value layer giving V which is then multiplied by the

probability matrix given by the softmax and returned as the output.

The structure is as follows:

• A module list of size N of Attention heads, where N denotes number of
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Figure 16: Multi-headed attention example: A graphical representation of the
Multi-Headed Attention mechanism. Input x is parsed through each Attention
head and later concatenated together. The output of the concatenated attention
scores is parsed through the projection layer, which is a linear layer. A systematic
Dropout is applied to prevent overfitting and then it is output.

heads, which is a hyper parameter. This can be seen in Figure 16 as the

second layer.

• This is followed by a linear layer of size H × N ,E (Projections).

• This module is finished with a Dropout layer to prevent overfitting.
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All of the Attention heads are concatenated and have data x parsed through them.

This is followed by parsing the data from the multiple heads into the Projections

layer which then has dropout applied and returned as the output. Multi-Headed

Attention allows the Attention heads to be trained in parallel, greatly increasing

the efficiency of the Transformer and setting it apart from other architectures that

are used for the same tasks.

Figure 17: Feed forward network example: A graphical representation of the
Feed Forward Network. Input x is parsed through a linear layer with the ReLu
activation function. It is then parsed through another linear layer. A systematic
Dropout is then applied to prevent overfitting and then it is output.
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The Feed Forward network is a Sequential network with the following structure:

• Linear layer of size E,4 × E.

• A ReLU activation function.

• Linear layer of size 4 × E,E.

• Lastly a Dropout layer.

The Feed Forward network can be seen in Figure 17 and inside a Transformer

serves a crucial role in enhancing the model’s representational capacity. While

the self-attention mechanism allows each token to incorporate context from other

tokens, the Feed Forward network operates independently on each token to per-

form non-linear transformations that help the model learn richer features. It works

by parsing data x and returning the output of the network. The ReLu activation

function causes the network to output x whenever x is higher than 0 and zero

when it is not. ReLu is a very common activation function and is given by this

formula:

ReLU(x) = max(0, x)

The Block module is used to put the previously created structures together.

The structure of the Block module is as follows:

• The Multi-Headed Attention structure of size N,(E//N).

• The Feed Forward structure of size E.

• Two Layer Normalisation Layers both of size E.

The Block module can be seen in Figure 18 and works by calculating the atten-

tion scores of data x that was parsed through the first Normalisation Layer and
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Figure 18: Block example: A graphical representation of the Block module. Input
x is parsed through Layer Normalisation to normalise the output of the previous
component. This is then parsed through a Multi-Headed Attention module, the
output is concatenated with original input x. This is parsed through another
Layer Normalisation then parsed through the Feed Forward Network. The output
is concatenated with original input x and then output to the next block or the
final Layer Normalisation.

concatenating it with data x, giving X. X is then parsed through the second Nor-

malisation Layer, the output of that is parsed through the Feed Forward network

and concatenated with X to give the final output which is then returned.

Now that every component of the Transformer has been outlined, the full struc-

ture, which can be seen in Figure 19, of the Transformer is as follows:
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Figure 19: Transformer example: A graphical representation of the fully built
Transformer. Input x is first parsed into the Token Embedding Table. An array
is arranged that is used to determine the position of each token in the sequence,
this is then parsed into the the Positional Embedding Table. The output of both
embedding layers are concatenated and parsed into the sequential arrangement of
block modules. The block modules parse the data into the next block. The last
block parses the data into a Normalisation Layer, this is then parsed into a linear
layer and output.
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• First a Token Embedding Table is created of size V, E, where V represents

the size of the vocabulary. This is followed by a Positional Embedding Table

of size B, E where B is your block size which is the amount of tokens that are

being learned in parallel and how much the Transformer will use as context.

• Blocks which are structured as a Sequential layer of length L, which is a

hyperparameter responsible for the amount of layers to be created.

• Layer Normalisation of size E.

• Linear layer of size E, V.

• First input x is parsed into the Token Embedding Table, and concatenated

with an arranged array, of size T which is the second dimension of the shape

of the input. The input x is then parsed through the Blocks, here pruning

occurs and is explained in section 3.3. The output of the blocks is parsed

through Layer Normalisation, which is then parsed through the linear layer.

• Cross entropy loss is then calculated between the output and the next token

in the sequence for each Attention head.

2.6.6 Learning

The Transformer learns by breaking the training data down and giving it to the

multi-headed attention mechanism simultaneously in batches. This allows the

Transformer to learn a large amount of data in parallel. Given the data, the

Transformer will give a softmax matrix of probabilities, each probability corre-

sponds to a token. The token is sampled from the probability matrix, and then

a cross-entropy loss is calculated between the picked token and the target token.

This loss is calculated for every Attention head that picked a token, which allows

for very fast learning.
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2.6.7 Inference

To generate something using a Transformer you require a context. A context

is an initial set of tokens that the Transformer uses as a start of the sequence

to generate more. The Transformer takes the context and, given then tokens in

the context and the positions of those tokens, the next token is generated. Then

using the context plus the newly generated token, the next token is generated and

repeated for M, which denotes the maximum amount of tokens to be generated.

2.6.8 Why the Transformer

The Transformer is one of many machine learning-based approaches to both con-

tent generation and time-series data analysis and prediction. For example, Re-

current Neural Networks (RNN), Long-Short-Term-Memory(LSTM) models and

Markov Chains are all systems that can be used for time-series data. The main

benefit of Transformers across those models is the greatly decreased training time

due to the ability for the Attention head to be trained in parallel. This allows the

attention mechanism of the Transformer to learn complex relations between the

tokens and the importance of their positioning (Karita et al. 2019, Lakew et al.

2018, (Zeyer et al. 2019)).

Architectures that have been largely replaced by Transformers:

• RNNs which work by sequentially taking data points and using them through

recurrent connections to influence the next data point. The main benefit

of this network is that it is able to learn small connections between tokens,

making it suitable for time-series data. The main drawback is that it forgets

data points quite quickly, making it unsuitable for large strings of connected

data. This means in NLP tasks where there are large sequences of related

text, Transformers outperform RNNs by being able to remember a much

larger context window.
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• LSTMs which work similarly to RNNs, but they have memory cells which

allow them to have short term memory, much like RNNs, but also long

term memory that allows the architecture to remember larger sequences.

It however gets outperformed by the Transformer due to being unable to

be trained in parallel, much like RNNs. The Transformer is also able to

learn positional representation which the other architectures do not, this

gives it an edge and allows it to learn and preserve the importance of token

positions.

• Diffusion models are an example of another generative architecture, they

learn how to de-noise pictures which allows them to generate pictures from

noise. This technique has now been adapted to work with Transformers by

Peebles and Xie 2023.

RNNs and LSTMs were state-of-the-art before Transformers in NLP and time-

series tasks. The big problem that Transformers are able to combat is the vanish-

ing gradient problem detailed in Bengio et al. 1994 that comes from the networks

losing data over time. The network is unable to store all the data parsed through

it over time, thus the longer a sequence is, the less relevant it will be to the begin-

ning of the sequence. Transformers can have an arbitrarily long context window

that stores the relevant information. This allows the Transformer to stay on the

original topic even after millions of tokens. The Transformer also outperforms the

previous state-of-the-art models by parallelising learning and having substantial

batches of data processed at the same time. This greatly reduces training time.

For content generation, other approaches include Diffusion models, which some-

times can be Transformer-based (Peebles and Xie 2023), and Generative Adver-

sarial Networks. These have their own merits, however, are outclassed by the

Transformer due to parallelisation during training and the attention mechanism,

as previously mentioned, and the ease of scaling-up Transformers.
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However, the Transformer architecture has its drawbacks. While the training can

be parallelised due to taking large batches of all the data at once, inference needs

to be sequential, much like an RNN, which causes higher inference time. The high

inference time is due to the inability of the Transformer to generate two or more

tokens in advance. This means it must go through the very large model many

times with increasingly larger contexts, which can take a long time.

By far the biggest drawback of Transformers is hallucinations, which are caused

by the softmax probabilities. A token that does not semantically fit within a

given sentence may still receive a relatively high probability due to anomalies or

idiosyncrasies in the training data, whether stemming from noise or even legiti-

mate but rare patterns resulting in its occasional, yet unexpected, generation by

the model. This can cause the system to spiral and start generating nonsense. A

lot of work is being done on the prevention of hallucinations (Zhang et al. 2025,

Wu et al. 2025).

2.6.9 Tokenisation

Transformer networks have been proven to reliably learn contextual and positional

relationships between datapoints, which puts them ahead of other state-of-the-art

architectures. Transformers require the data to be tokenised by encoding them

with a vocabulary.

The individual characters of a text can be used as tokens. This improves the

generalisation of the model and prevents overfitting, however it also subjects the

network to generating words that do not exist. If, however, the words being

generated need to be correct at all times and are very specific, tokenising words

is also possible.
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2.7 Neural Network Pruning

Pruning is a technique used in many parts of machine learning. Removing decision

tree branches that are deemed not important is an example of this. Pruning parts

of a network involves setting the weights of a layer to 0 or not including it in the

calculations by temporarily removing it (Shim et al. 2021). Pruning parts can

give an understanding of what these parts are responsible for doing when they are

present. It also increases the efficiency of a model by removing computations that

would need to be calculated. In a Transformer network, it is possible to prune

many parts without greatly affecting performance. These parts are as follows:

• Multi-layered perceptron (MLP) layers such as the feed forward layer (He

et al. 2024)

• Attention layers (He et al. 2024)

• Block which encapsulates both the MLP and Attention layers (He et al.

2024, Shim et al. 2021).

As outlined in He et al. 2024, attention layers display the largest amount of re-

dundancy, which in turn increases homogeneity in what is generated. The work

also proved pruning blocks is the most impactful and useful. Further to their work

which involved pruning after training, they outline the potential for future work

exploring the possibility of retraining models while pruning, which could affect

the Transformer architecture further.

Shim et al. 2021, He et al. 2024, Yang et al. 2024, Huang et al. 2024 and Lu et al.

2024 describe pruning the various parts of the Transformer, such as the layers or

blocks of attention, to optimise training and reduce computation. These methods

have been successful in reducing computation time while not impeding the results,

by excluding unnecessary parts of the model in the inference step.
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Layer-pruning is used as of now to decrease computational time and increase the

efficiency of models (Peer et al. 2022 Kwon et al. 2022, Han and Tang 2025, Kim

et al. 2022). My work however focuses on increasing the diversity of what is being

generated much like the work of Peeperkorn et al. 2024. To my knowledge this

work is the first to investigate if pruning layers of a Transformer can increase

diversity.

2.8 Genetic Algorithms and Multi-Objective Op-

timisation

In this section I describe Genetic Algorithms, how they can be used and their

purpose in this thesis. I also describe and explain the two approaches used in this

thesis for multi-objective optimisation for specifying the fitness function for my

Genetic Algorithms.

2.8.1 Genetic Algorithms

A Genetic Algorithm (GA) is an iterative search and optimisation method, which

works with a population of individuals, where each individual is a candidate so-

lution to a given problem, and at each iteration (called a generation in a GA),

individuals are evaluated by a fitness function (which measures the quality of their

candidate solution), and then individuals are selected with a probability propor-

tional to their fitness, and selected individuals undergo operators like crossover

and mutation to generate new individuals.

2.8.2 Single Point Crossover

Single point crossover works on the principle of selecting one point in two parents

and swapping the bits at those points, thus creating two new offspring which can
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Figure 20: Crossover example: The parents can be seen at the top and the gen-
erated offspring can be seen at the bottom.

Figure 21: Bit flip example: The parent can be seen at the top, the highlighted
bits are ones that will be flipped in the offspring which can be seen at the bottom.

be seen in Figure 20.

2.8.3 Bit Flip Mutation

Bit flip mutation works by changing a bit’s value from 0 to 1 or from 1 to 0, which

can be seen in Figure 21.

2.8.4 Tournament Selection

Tournament selection works by creating small groups from the dataset. In these

smaller groups the individuals compete against one another - individuals with
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Figure 22: Tournament selection example: The chromosomes (individuals) that
are highlighted are the ones randomly chosen as the smaller group to compete
against each other. In this example, individual A had the highest fitness which
meant it was selected as the next parent.

higher fitness win and are then chosen as one of the parents, as seen in Figure 22.

2.8.5 Multi-Objective Optimisation

Multi-objective optimisation (MOO) refers to an algorithms that tries to find a

solution that either maximises or minimises a number of objectives simultane-

ously. It is important to this thesis due to having two objectives that need to be

maximised simultaneously - balance and diversity. Two common approaches to

MOO are Pareto Dominance and Weighted Sum.

2.8.6 Pareto Dominance

The Pareto Dominance (fandel_tutorial_2004, Fonseca and Fleming 1995)

approach is primarily used for two objectives, as the number of non-dominant

solutions increases quickly, which makes it more difficult to get good results. Those

objectives act as axes on which the algorithm will place various solutions. Pareto

Dominance works as follows: A solution s1 dominates a solution s2 when the
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Figure 23: Pareto front example: An example of the Pareto Dominance approach
with two objectives to be maximised. The grey dots are dominated solutions and
the red dots indicate the Pareto front which are the non-dominated solutions.

following two conditions are satisfied: (a) s1 is not worse than s2 with respect to

all objectives; and (b) s1 is better than s2 with respect to at least one objective,

see Figure 23. A solution s is said to be non-dominated when no other solution

dominates s. The Pareto front consists of all non-dominated solutions. The Pareto

front consists of solutions deemed efficient. Solutions on the Pareto front balance

both of the objectives in an optimal way. A solution needs to be selected from the

Pareto front, this is usually done by calculating the hypervolume of the Pareto

front and removing solutions to see their impact on the hypervolume and picking

one that maximises the impact.
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2.8.7 Weighted Sum

The Weighted Sum approach is another multi-objective optimisation approach,

which can be used for any number of objectives. By assigning arbitrary weights

to each objective and combining them into a single number, the Weighted Sum

approach maximises or minimises a single number for each candidate solution.

Unlike Pareto Dominance where two or more objectives are taken into account

simultaneously, Weighted Sum compresses this problem to just one number to op-

timise. It relies on the human to select the appropriate weights for the objectives.

This makes Weighted Sum have a degree of error on the human part and may

need optimisation itself. The weights can be difficult to choose in some scenarios,

which can make Weighted Sum quite inconvenient. It can greatly underperform

if the weights are not carefully chosen. This is not the case for Pareto Dominance

which treats the objectives separately, this therefore makes it the more desirable

approach when appropriate weights are not easy to identify.

2.9 Significance Tests

In this section I explain what a significance test is, what it is purpose is for this

thesis and explain the specific test I used to evaluate my results.

2.9.1 What is a significance test and its purposes

A statistical significance test (Cox 1982) is a formal analytical procedure used to

determine whether the observed effect or difference in a dataset or set of results is

unlikely to have occurred by random chance alone. Its primary purpose is to as-

sess the strength of evidence against a null hypothesis, which typically represents

a baseline assumption such as having no effect or difference. By calculating a

p-value, the test quantifies the probability of observing results at least as extreme

as those in the data, assuming the null hypothesis is true. If this p-value falls
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below a predetermined threshold (commonly 0.05), the result is considered sta-

tistically significant, suggesting that the observed pattern is unlikely to be due to

random variability. In empirical research, statistical significance testing is critical

for validating hypotheses, guiding inference, and supporting conclusions drawn

from experimental or observational data.

2.9.2 Wilcoxon Signed-Rank Test

The Wilcoxon signed-rank (Woolson 2008) test is a non-parametric statistical

significance test used to compare two models on multiple datasets. The main ad-

vantage of being a non-parametric test is that it makes no assumption of normal

distribution, unlike the paired t-test.

The null hypothesis for this test is that the medians of two models’ performance,

in this context generative performance, are equal.

To perform a Wilcoxon signed-rank test, the difference (Di) is calculated between

two data points ignoring their signs. The tied absolute differences are assigned

the average of their respective ranks. Any pair in which Di = 0 is excluded from

the analysis. The absolute values |Di| are ranked in ascending order.

The test statistic W is the sum of the signed ranks calculated as such:

W =
n∑

i=1
sign(Di) · Ri (2)

where Ri denotes the rank of |Di|.

W represents the measure of how strongly the differences between paired samples

lean in one direction and is used in calculating the p-value that ultimately denotes

significance.
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2.10 Literature Review Conclusion

To conclude the Literature Review, I explored different aspects of balance as well

as its importance in games. I presented a background on Pokemon to help visualise

the problem. I spoke about the metrics of diversity used in the current landscape

that are more relevant to my field. I explained the Transformer architecture,

how it works and its benefits over other architectures that could be used for

the same task. I discussed genetic algorithms as well as the various approaches

to multi-objective optimisation. Lastly I discussed significance tests which are

paramount to statistically prove my findings to be important. In the next chapter

I demonstrate how I performed the experiments to explore and achieve my aims.



Chapter 3

Methodology

In this section I describe how I used the Transformer to generate Pokemon, the

purpose of the Transformer’s hyperparameters and how they were set in the ex-

periments, and the approaches used for the tokenisation and training procedures.

Then, I describe the dataset used in the experiments. Next, I describe the two

proposed methods that are the research contributions of this work, namely: (a)

the proposed layer pruning approach, which prunes inconsequential Transformer

layers during training and retraining; and (b) the proposed Genetic Algorithm

for Pokemon selection. Recall that these methods are designed for achieving the

overall aim of this research, i.e., improving the diversity and balance of a Pokemon

metagame generated by a Transformer model. Finally, I describe how a statistical

significant test was used for analysing the results of the experiments.

3.1 The Transformer’s Setup for the Experiments

In this section I describe the Transformer in these experiments that was used to

generate Pokemon and how it worked. I describe my choices for tokenising the

Pokemon. I describe and explain the training and retraining of the Transformer

that is used to guide it towards creating more balanced Pokemon. Lastly I describe

48
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Figure 24: Process of generating Pokemon from the transformer: The process of
generating a Pokemon. First a Pokemon name is input initially into the Trans-
former. The Transformer then sequentially generates the next tokens until 16 are
generated, at which point the Transformer stops and the structure of the gener-
ated Pokemon is checked.

the hyperparameters of the Transformer used in these experiments.

3.1.1 Transformer to generate Pokemon

In this thesis the Transformer is used to generate a Pokemon by using the name

of a Pokemon as a context. A single, randomly selected token that denotes a

Pokemon name is chosen and used as the input. The Transformer then assigns

this context an attention score and generates a probability matrix of all tokens

that can be the next in sequence using the softmax function. In the first pass,

the Transformer will give bigger probability to the type, as that is what follows

after the name of a Pokemon (see Section 3.2). After the next token is chosen,

this process is repeated with an increased context given to the Transformer as the

Pokemon is sequentially created. Once 16 tokens are generated and the order and

structure of the tokens is in line with the structure of a Pokemon, the Pokemon

is added to the dataset to battle against other Pokemon generated this way.

The system is very precise and requires a specific format for the Pokemon to be

in. To prevent erroneously generated Pokemon from being considered, the system
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automatically discarded any Pokemon not in the correct format. An incorrectly

formatted Pokemon is one with incorrectly ordered variables, such as an ability

in the slot of a move. The Transformer later learned this format and was able

to reproduce it almost flawlessly after some number, on average around the 10th,

of iterations of retraining, thus showing the Transformer’s capability of becoming

more deterministic through retraining while still providing diverse output, as il-

lustrated in Table 1.

Table 1: Transformer learning example: Depiction of how the Transformer learns
the structure of Pokemon over time through retraining.

Iteration Number of
erroneous
Pokemon
generated

1 525
2 218
3 82
4 68
5 61
6 35
7 8
8 8
9 8
10 7
11 5
12 5
13 2
14 3
15 1

200, correctly structured Pokemon were generated at the end of every iteration of

retraining. The Pokemon were generated by giving the context of a random Poke-

mon name. The next 15 tokens were then chosen by the Transformer and the full

sequence was used as one Pokemon for simulations. Any erroneous Pokemon were

discarded. This was then repeated until the dataset was filled with 200 correctly
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structured Pokemon.

3.1.2 Tokenisation

In these experiments every word and number, such as a move and EV (which

are variables attached to each Pokemon that determine their prowess in certain

aspects such as physical attack or defence and stand for Effort Values, see Section

2.2) respectively, is tokenised individually. This enables the network to avoid

generating words that cannot exist, for example an ability that is misspelled,

unlike networks that tokenise each individual letter and symbol. Tokenising full

words also reduces the size of the network, as the network scales with vocabulary

size. A smaller vocabulary also decreases inference time, due to a decrease in the

number of passes through the network. A Pokemon is made up of 16 tokens as

described in section 3.2.

3.1.3 Training and retraining

To train the Transformer I first specified whether the model will use pruning dur-

ing training and retraining or not. In addition, I chose which approach is used for

selecting a set of 100 Pokemon out of the set of 200 Pokemon generated by the

Transformer, in order to create each new retraining dataset, for each iteration of

retraining. I used three selection approaches: random selection and two versions

of a multi-objective Genetic Algorithm (GA) for performing Pokemon selection,

namely a GA with a weighted-sum fitness function and a GA with Pareto Domi-

nance (see Section 3.5). Then the Transformer is trained on the dataset outlined

in Section 3.2. The different experiment configurations are as follows:

• No Pruning, Random Selection.

• No Pruning, Pareto Dominance.

• No Pruning, Weighted Sum.
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• Pruning, Random Selection.

• Pruning, Pareto Dominance.

• Pruning, Weighted Sum.

After 3100 iterations of training I stopped each model’s training. This was to

prevent the model from overfitting. I split the dataset into a training and a

validation dataset (which the model does not train on and is instead used to

check if the model is able to generalise to problems it has not seen) with a ratio

of 90:10. The number 3100 was chosen because each model began to have an

increase in validation loss after that, and to remove fluctuations between models

and minimise the chance for a model to overfit, which would greatly impact the

diversity of the output. An iteration of retraining is defined as follows:

After the initial training of the model, I generated a dataset of 200 Pokemon. I

then used these 200 Pokemon to battle against each other, this is further described

in section 3.4. By extracting the win rate of each individual Pokemon, Then one of

the 3 aforementioned selection methods was used to create the retraining dataset

of 100 Pokemon that is used as new input for the same Transformer and trained

for 100 iterations. A small number of iterations was chosen due to the very small

size of the dataset and to avoid overfitting on this small dataset.

3.1.4 Hyperparameters of the Transformer

The hyperparameters used are as follows:

• Learning rate = 3e-4

– A relatively low learning rate chosen through trial and error. A low

learning rate increases the training time needed to converge on an op-

timal solution. I aimed to minimise convergence through the learning

rate and layer-pruning.
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• Batch size = 64

– The batch size determines how many sequences will be processed at

once by the Transformer during training. The number 64 was chosen

to optimise training time and is quite standard (McCandlish et al.

2018). The dataset used for training is quite small and the retraining

datasets are very small, making 64 a appropriate candidate.

• Context size = 16

– Context size determines the sequence length the Transformer is able

to remember. The number 16 was chosen since that is the length of

a Pokemon in the dataset. I did not want Pokemon to influence each

other, which could occur with a larger context window.

• Number of Embedding Neurons = 400

– This is a number chosen through trial and error. The number of embed-

ding neurons increases the size of the network - with a small dataset,

the network could overfit much quicker while having increased inference

and training time.

• Number of Layers = 5

– This is a number chosen through trial and error. A larger number of

layers drastically increases model size, which meant that with a small

dataset I needed to keep this number low. The use of the proposed

layer-pruning approach required that the Transformer have enough lay-

ers so that there is opportunity to prune some layers and the unpruned

layers can be effectively used for training. With a larger dataset, this

could be increased which could drastically improve performance and

increase the need for layer-pruning.
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• Number of Attention heads = 5

– This is a number chosen through trial and error. Having many heads

does not increase training time drastically due to parallel training, but

increases homogeneity in layers, thus more layers are pruned. With a

limited number of layers, I needed to keep Attention head count low.

• Dropout rate = 0.2

– This is a common value for dropout rate (Hinton et al. 2012). Dropout

rate values are usually between 0.2 and 0.5. Due to the focus on in-

creasing diversity through layer-pruning, I decided to keep this on the

lower end. This number denotes the proportion of neurons turned off at

different stages of learning to prevent overfitting through random selec-

tion, by preventing the network from being overdependent on specific

nodes.

• Pruning threshold = 0.02

– This threshold was chosen through trial and error. If the absolute

value of the Cosine similarity is 0.02, the layer is pruned and not used

in the epoch. A large pruning threshold prunes layers more frequently,

this would be beneficial with larger networks, however my network is

relatively small with few layers. At the start of training, very few

layers are pruned. The number of layers being pruned increases as the

network overfits, which is ideal in these experiments as retraining will

cause the network to converge.

• Vocabulary size = 1456

– In the dataset there are 1456 different tokens. Each of these tokens
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have a chance at being generated. The Transformer learns to gen-

erate specific tokens at specific positions over the course of retrain-

ing. The split between Types:Items:Natures:Abilities:Moves:EVs is

19:113:25:224:820:253 respectively.

3.2 The Dataset Used in the Experiments

For these experiments, a relatively small dataset of Pokemon was used. This

dataset consisted of 6819 different Pokemon - it was the only dataset available

that was this extensive and was designed with competition in mind. Most Poke-

mon datasets focus on the images of the Pokemon themselves alongside their

descriptions 1. The chosen dataset, instead, contains the most competitively used

teams from various tournaments and events taken place between February and

August 2022. Each Pokemon consists of 16 variables which are explained later in

this section.

The data used for the experiments were taken from a Pokemon dataset2 and ar-

ranged in the following format:

Pokemon Name, Type 1, Type 2, Item, Nature, Health, Attack, Defence, Special

Attack, Special Defence, Speed, Ability, Move 1, Move 2, Move 3, Move 4

This format ensures that the Pokemon will be generated top-down, from the most

important feature, typing, to ones with most variance, such as movepool.

Each individual, type, move, item, stat, et cetera was tokenised to prevent the

Transformer from generating tokens that cannot exist, such as misspelled moves
1Most other datasets found on kaggle such as https://www.kaggle.com/code/ahmedayad20/pokemon

have no competitive aspect to them and many focus on the images such as
https://www.kaggle.com/code/trolukovich/predicting-pokemon-with-cnn-and-keras

2https://www.kaggle.com/datasets/giorgiocarbone/complete-competitive-pokmon-datasets-
may-2022 Last accessed August 21st 2025

https://www.kaggle.com/code/ahmedayad20/pokemon
https://www.kaggle.com/code/trolukovich/predicting-pokemon-with-cnn-and-keras
https://www.kaggle.com/datasets/giorgiocarbone/complete-competitive-pokmon-datasets-may-2022
https://www.kaggle.com/datasets/giorgiocarbone/complete-competitive-pokmon-datasets-may-2022
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or types. Each Pokemon was filtered to have up to 508 EV points spread across

the variables, and each EV can only have up to 252 points assigned, as described

in Section 2.2.

The various variables in Pokemon are explained further with examples in Table 2.

3.3 Pruning

To systematically prune the Transformer’s blocks that are not necessary, a Cosine

Similarity is calculated between the input and the output of a block, Figure 18,

as can be seen in Figure 25. If the Cosine Similarity was between the specified

threshold of -0.02 and 0.02, it meant that the input and output are similar enough

that the block could be ignored for this batch due to having an insignificant impact

on the output and causing the Transformer to generate homogeneous Pokemon.

Cosine Similarity is calculated using this equation:

cos(θ) =
∑n

i=1 AiBi√∑n
i=1 A2

i

√∑n
i=1 B2

i

where A is the input matrix of the block and B is the output matrix of the block.

n = batchsize × blocksize. i is the index of each datapoint in a mini-batch.

The similarity thresholds of -0.02 and 0.02 as lower and upper bounds were chosen

through trial and error, and were kept uniform throughout all of the experiments.

The higher the overall threshold, the more diverse the generated datasets would be;

however, it also generates nonsensical Pokemon at higher thresholds, increasing

inference time and becoming a lot more random, which I wanted to avoid.
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Table 2: Pokemon variables: Each variable of a Pokemon. Many of them were
explored further in section 2.2. All moves follow the same rule which meant I did
not specify them individually to save space.

Name Meaning Data
type

Example

Pokemon
Name

Name of the Pokemon. String Gengar

Type 1 This is the first typing of a Pokemon, described in Section
2.2.

String Ghost

Type 2 This is the second typing of a Pokemon. String Poison
Item This denotes what item the Pokemon uses, described in Sec-

tion 2.2.
String Choice

Specs
Nature The nature allows a Pokemon to positively impact an EV

increasing it by decreasing another EV the Pokemon needs
less.

String Modest
(+SpAtk,
-Atk)

Health This EV increases the health of a Pokemon, making it harder
to knock out.

Integer 4

Attack This EV increases the damage of physical moves and is used
for physical attackers.

Integer 0

Defence This EV changes the damage taken from physical attacks,
the higher the defence stat, the lower the damage taken from
physical attacks.

Integer 0

Special
Attack

This EV increases the damage of special moves and is used
for special attackers.

Integer 252

Special
Defence

This EV changes the damage taken from special attacks, the
higher the special defence stat, the lower the damage taken
from special attacks.

Integer 0

Speed This EV determines the speed at which the Pokemon is able
to move, the faster Pokemon will use its move before the
opposing Pokemon that is slower.

Integer 252

Ability Each Pokemon has a small pool of abilities to choose from. String Levitate
4 Moves Each Pokemon has a pool of moves to choose from. The

position/order of the moves does not matter. See section
2.2 for more.

String Dazzling
Gleam

3.4 Pokemon Battles

To find the win rate of each generated Pokemon, 10 random teams (P) of 6

Pokemon were created. Games were played using bots that maximised damage,
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Figure 25: Pruning example: A graphical representation of the pruning procedure
proposed in this thesis. At each pass of data through the network, for each
block, a Cosine Similarity is calculated between the input and the output. If the
similarity is below 0.02 and above -0.02, the output and input are too similar,
thus generating homogeneous output. That block is not included in the pass and
the input is fed into the next block where this process is repeated. The blocks are
not permanently removed, but instead ignored for one pass.

so they prioritised moves with high damage output rather than defensive moves,

like protect, or status effect moves, such as toxic. Each of the P teams battled

against 5 other randomly chosen teams 10 times. The average win rate of each

Pokemon was calculated over the course of their battles. Maximum damage agents

were used for every battle to ensure integrity and to provide a system-optimised

and uniform variable, that being damage. This allowed for a much smaller design

space than if I used optimised agents, since all of the EVs would have to be taken

into account by the system.

Pokemon battles consist of a team of 6 Pokemon, battling one at a time and having

5 actions to choose from - using one of their 4 moves or switching out to one of
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the other Pokemon on their team. Moves can deal damage, affect the opposite

Pokemon with status effects or EV changes, and by depleting the health of the

enemy Pokemon, the Pokemon will be knocked out eventually and the Player will

have to send a new Pokemon out. The loss is awarded to the bot with no Pokemon

left to battle with. When the win rate is extracted, any Pokemon with a win rate

between 45% and 55% is considered balanced.

3.5 Genetic Algorithms for Pokemon Selection

In this section I describe the proposed Genetic Algorithm (GA) for Pokemon selec-

tion, which was implemented in two different multi-objective optimisation versions

(discussed in Section 3.5.1), and I also specify the parameter settings for the GA

(in Section 3.5.2). In addition, Section 3.5.3 describes some hypotheses about the

expected performance of the two multi-objective versions of the proposed GA.

Each individual, or candidate solution, consists of a vector of 200 bits, where each

bit, or gene, is associated with a different Pokemon, and each gene takes the value

1 or 0 to indicate whether or not its corresponding Pokemon is selected by the

algorithm. In addition, the GA enforces the constraint that, for each individual,

exactly 100 bits are turned on (1), whilst the other bits are turned off (0), so that

each individual always represents a selection of 100 Pokemon out of a candidate

set of 200 Pokemon that were generated by the Transformer. The GA used single-

point crossover and bit flip mutation as described in section 2.8

In this research, I investigated whether the type of multi-objective optimisa-

tion (MOO) fitness function used by the Genetic Algorithms impacted the re-

sults, therefore I implemented two versions of the fitness function, one using the

Weighted Sum approach and the other using Pareto Dominance. In this thesis I

use MOO to create a balanced dataset to use for retraining, with these objectives
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to be optimised:

• Diversity, which I want to maximise over time and is calculated by the Vendi

score which was precisely defined in Section 2.5.

• Balance, which I want to maximise over time and is calculated by counting

the number of Pokemon with a win rate between 45% and 55%.

3.5.1 Multi-Objective Fitness Functions

The specific weights for the two objectives in the Weighted Sum approach were

set to be 60:40 in favour of the balanced win rates.

Regarding the Pareto Dominance approach, selecting a solution from the Pareto

front was done manually, prioritising amount of balanced win rates. However, if

a solution was close to the best one by win rate, but had a substantial increase in

diversity, was chosen instead.

An alternative approach would have been to calculate the hypervolume of the

Pareto curve and observe the effect of taking away each solution. This would

have been a more systematic approach to finding the best solution. However, due

to time constraints and the scope of the project, I opted for the more simple,

manual approach.

3.5.2 The GA’s Hyperparameter Settings

The GA used standard single-point crossover with a probability of 1.0, standard

bit-flip mutation with a probability of 0.5, and tournament selection with tourna-

ment size of 2 (a common value in the literature).

In the implementation of the genetic algorithm (GA) used in this study, both the
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population size and the number of generations were set to 30. These values were

selected based on a combination of empirical precedent, computational efficiency,

and the principle of diminishing returns, which is commonly observed in evolu-

tionary algorithms.

The choice of a population size of 30 reflects a balance between solution diversity

and computational tractability. Larger populations generally promote greater ge-

netic diversity, which can improve the GA’s ability to explore the solution space

and avoid premature convergence (Sastry et al. 2014). However, this benefit comes

at the cost of increased computational overhead, especially in fitness evaluation,

which is often the most resource-intensive component of the algorithm. The com-

putational time of the genetic algorithms is outlined later in Chapter 4.

3.5.3 Hypotheses of the performance of the MOO GA ap-

proaches

My initial hypothesis is that the Weighted Sum approach will outperform the

Pareto Dominance approach in maintaining balance over time.

This is due to the Weighted Sum approach having the weights favouring balance,

prioritising it. The second hypothesis is that the Pareto Dominance approach will

outperform the Weighted Sum approach in terms of diversity for the reason that

it equally prioritises both objectives.

My final hypothesis is that Random Selection will produce unfavourable results in

terms of balance, due to the fact it is not optimising it as an objective, instead it

is selecting the Pokemon at random. This could however give it an edge in terms

of diversity over the MOO GA-based approaches.
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3.6 Significance Tests

In this section I describe how the Wilcoxon signed-rank test was used in this

research. I used this test to compare the diversity and balance generated by two

models. Looking to equation 2 in section 2.9, n is equal to 15 which denotes

the number of iterations of retraining the models went through where the model

generates Pokemon that are used for battle and later selected by the GAs to

retrain the model on. The i-th data point is the individual result of both models

at a specific iteration.

The Wilcoxon signed-rank test is a non-parametric statistical significance test.

It is used to compare two sets of retraining at each iteration for two models. I

use it to find which experiments result in statistically significant results in both

diversity and balanced win rates. Typically the null hypothesis is rejected if the

p-value computed by applying the test is smaller than the standard significance

level (or threshold) of 0.05. However, due to the relatively large number of results

(as seen in Table 4), I adjusted the significance level using the principle of multiple

hypothesis testing correction (see below).

The Wilcoxon signed-rank test was used to compare every pair of configurations

of the experiments, where a configuration consists of a choice of performing or

not performing layer-pruning as well as a choice of one out of three selection

methods (the two versions of the GA, Weighted Sum and Pareto Dominance, or

random selection). Hence, the experiments involved 6 possible configurations, and

so the test was applied 15 times (which is the number of possible pairs out of 15

configurations).

I divided the normal significance alpha level which is typically 0.05, by 15, which

yielded 0.003333 - this process is called the Bonferroni correction (Japkowicz and

Shah 2011) which is a conservative approach for multiple-hypothesis testing. I
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rejected the null hypothesis using this new significance alpha level if the p value

was below it, thus the result was considered significant. I calculated significance

between the diversity and balance win rate results that each model got over time.

3.7 Methodology Summary

In this chapter I outlined the specific configurations of the Transformer used in

my experiments. I described the way my dataset is structured and used as well

as how the Pokemon battles work that aid in creating the retraining datasets.

I also described the two methods which are the research contributions of this

work, namely the layer pruning for the Transformer and a multi-objective Genetic

Algorithm for Pokemon selection.

In the next chapter I describe the results that my methodology produced as well

as how I evaluated them.



Chapter 4

Results and Evaluation

In this Chapter, I report computational results for the two methods proposed in

Chapter 3 for improving the Pokemon metagames produced by a Transformer,

namely: (a) layer-pruning and retraining; and (b) a Genetic Algorithm (GA), im-

plemented in two different multi-objective versions, one with the Weighted Sum

approach (WS-GA) for the fitness function and the other with the Pareto Domi-

nance approach (PD-GA). The reported computational results show that, broadly

speaking, these two methods achieved the overall aim of this research (specified in

Section 1.2), namely improving the balance and diversity of Pokemon metagames

generated by a Transformer.

This chapter is structured in terms of the two performance measures for which

results are reported (balance and diversity of metagames), as follows. Section 4.1

reports and discusses the results obtained by the above two methods for the pro-

portion of generated Pokemon which have balanced win rates. Section 4.2 reports

and discusses the results for the diversity of the generated Pokemon. Section 4.3

discusses the results considering both the balance and the diversity measures as a

whole, discussing the trade-off between these two measures. Section 4.4 discusses

64
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examples of a good metagame and a bad metagame, in order to get further in-

sights about the importance of having a balanced and diverse metagame. Finally,

Section 4.5 presents a summary of the main results, contributions and limitations

of this chapter.

4.1 Balanced Win Rates Results

Figure 26: Figure depicting win rates over the course of retraining: Amount of
balanced Win rates over time, depicting all the methods, including Pruning and
no Pruning and models that used Genetic algorithms and ones that used Random
Pick.

The results for balanced win rates are shown in Figure 26 and Table 3. Both

this figure and this table report the results for 6 pairs of methods, where the first

element of the pair consists of using or not using layer-pruning and the second
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Table 3: Numerical representation of Figure 26: win rates over the course of
retraining: A numerical representation of Figure 26. The table displays the dif-
ferences in amount of Pokemon with a balanced win rate over the iterations of
retraining compared to the original datasets amount of balanced Pokemon.

Iteration WS-
GA

PD-
GA

PD-GA
Pruning

WS-GA
Pruning

Random
Pick
Pruning

Random
Pick

0 0 0 0 0 0 0
1 9 9 1 3 -10 2
2 6 8 6 4 -18 -3
3 0 3 9 12 -7 -1
4 10 7 3 5 -12 -11
5 2 3 10 2 -6 0
6 4 5 6 8 -18 -7
7 7 6 5 7 -17 -8
8 0 4 12 4 -23 -4
9 13 1 6 5 -13 -3
10 -1 -1 6 8 -10 -1
11 3 4 9 17 -14 -1
12 0 6 7 3 -24 -5
13 1 11 8 18 -8 -5
14 0 0 27 10 -13 -7

element of the pair is one of three types of methods for selecting a subset of

Pokemon for creating a retraining dataset (two versions of a GA and one random

selection approach) – as discussed in Chapter 3.

In both Figure 26 and Table 3, the results for each pair of methods is shown across

time, i.e., across the iterations of retraining of the Transformer, and the result for

each iteration consists of the difference: Xi – X0, where Xi is number of Pokemon

with balanced win rates in the i-th iteration and X0 is the number of Pokemon

with balanced win rates at the initial time point, before retraining. Recall that a

Pokemon is deemed to have a balanced win rate if its win rate (over the battles

where it participated) is in the range [45%-55%].

In Figure 26 and Table 3 Random pick with pruning seems to be the most noisy,
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this is due to having a random selection of Pokemon to retrain on, as well as being

pruned, which further increases the diversity, to its detriment.

In addition, throughout the figures and tables in this Chapter, the acronyms WS-

GA and PD-GA stand for Weighted Sum-based GA and Pareto Dominance-based

GA, respective (see Chapter 3 for a detailed discussion of these two types of GAs).

Table 4: Statistical significance balance results: p-values obtained by the Wilcoxon
sign-rank statistical significance test, when comparing the number of balanced
win rates obtained by the pair of methods in a row against the corresponding
number obtained by the pair of methods in a column, across the 15 iterations of
retraining of the Transformer. The statistically significant p-values are in bold.
For statistical significance the significance level (or threshold) is 0.003333. This
was obtained using the Bonferroni correction to cope with multiple hypothesis
testing, as described in Section 3.6.

PD-GA PD-GA WS-GA WS-GA Random Pick Random Pick
Pruning Pruning Pruning

PD-GA N/A 0.14 0.24 0.12 0.0014 0.0009
PD-GA Pruning N/A 0.11 0.89 0.0011 0.0009

WS-GA N/A 0.11 0.0014 0.0009
WS-GA Pruning N/A 0.0009 0.0009

Random Pick N/A 0.0009
Random Pick Pruning N/A

Table 5: Table of win rates: Areas under the curve for Figure 26 to use as another
evaluation of the ‘best’ approach. The best results are in bold.

Area under the curve Win rate
PD-GA 486.0

PD-GA Pruning 521.5
WS-GA 474.0

WS-GA Pruning 521.0
Random Pick 369.5

Random Pick Pruning 233.5
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4.1.1 Pruning vs non-Pruning Models

Looking at Figure 26 and Table 3, the models that used Pruning and Genetic Al-

gorithms outperformed the models that did not use pruning, but did use genetic

algorithms such as Pareto Dominance with layer-pruning outperforming Pareto

Dominance without layer-pruning. They did not outperform them significantly,

however.

Table 4 shows the statistical significance test results for the comparisons among

the pairs of methods. More precisely, each cell in this table shows the p-value

obtained by using the Wilcoxon-signed rank test to compare the number of Poke-

mon with balanced win rates obtained by the pair of methods in a row against

the corresponding figure obtained by the pair of methods in a column.

When looking at Table 4, pruning had little to no impact on the balance of gener-

ated metagames as can be seen by the lack of significant differences between the

MOO approaches.

Table 5 reports the area under the curve in Figure 26 for each pair of methods,

where each area was calculated using trapezoids. Figure 26 shows a substantial

difference between models that utilise pruning over ones that do not, however it

is interesting to view how Random Pick without pruning outperformed Random

Pick with Pruning. This is most likely due to pruning having no effect on bal-

ance and Random Pick without pruning seemed to have initialised with a more

balanced dataset to start with.

4.1.2 Genetic Algorithms vs Random Pick

Looking at Figure 26 and Table 3, the models that utilised genetic algorithms are

able to consistently increase the number of balanced Pokemon with the retraining

of the Transformer, by comparison with the initial number of balanced Pokemon
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before retraining. The contrasts with the two models which utilised Random Pick,

which look noisy and were unable to maintain or increase the amount of balanced

Pokemon generated.

Table 4 illustrates clearly that using an appropriate multi-objective selection al-

gorithm to increase balance is statistically better than using random selection.

Every model that used genetic algorithms to select the Pokemon significantly out-

performs the Random Pick models. However, there are no significant differences

between the two GA versions (with the Weighted Sum and Pareto Dominance ap-

proaches for multi-objective optimisation), as shown in Table 4 when comparing

PD-GA vs. WS-GA (p-value = 0.24) and when comparing PD-GA-Pruning vs

WS-GA-Pruning (p-value = 0.89). Pruning also seems to have little to no impact

on the balance of the generated metagame.

Looking at Table 5, there is a minor difference between the two approaches which

both used Pruning and Genetic Algorithms, however there is a substantial dif-

ference between using Genetic Algorithms and Random Pick. To conclude, an

appropriate selection algorithm for the retraining datasets is paramount to guide

the Transformer towards the objective of maximising the number of Pokemon with

balanced win rate in the generated metagame.

Looking at the table it becomes clear that the most consequential factor affecting

amount of balanced win rates is the use of an appropriate selection algorithm for

retraining. In this instance randomly picking the Pokemon gets outperformed by

using genetic algorithms, however there is no significant benefit to either of the

genetic algorithms based approaches when looking at this table alone.

When looking at these results, the genetic algorithm as a selection algorithm

greatly outperforms the models that used Random Pick. This table solidifies the

advantage of having an appropriate selection algorithm.
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4.2 Diversity Results

Figure 27: Figure depicting diversity over the course of retraining: The diversity
trends over time, measured by the differences in Vendi Scores between the starting
point and current iteration, illustrating every method, including models that used
Pruning and ones that did not as well as models that used Genetic Algorithms
and ones that used Random Pick.

Figure 27 illustrates the diversity trends of the Pokemon in the metagames

generated by the Transformer across the iterations of its retraining, for each of

the 6 pairs of methods (combining pruning/no pruning with a Pokemon selection

method) used in the experiments. Table 6 provides the corresponding numerical

values for a clearer quantitative comparison. The diversity in each case is measured

using the Vendi Score, a reliable metric for capturing the richness of generated
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Table 6: Numerical representation of Figure 27: diversity over the course of re-
training.: A numerical representation of Figure 27. Differences in the Vendi Diver-
sity Score between the starting point and the current iteration for each method.
The differences were used to display the performance of each model, since each
Transformer would initialise differently, thus giving different answers even when
trained on the same data. To ensure a lack of bias to models that initialised
more strongly, I used the differences. This made sure the performance over time
independent of initialisation was evaluated.

Iteration WS-
GA

PD-
GA

PD-GA
Pruning

WS-GA
Pruning

Random
Pick
Pruning

Random
Pick

0 0.0 0.0 0.0 0.0 0.0 0.0
1 -16.81 -19.16 -18.74 -16.99 -16.19 -16.46
2 -22.51 -29.01 -25.82 -20.66 -24.63 -24.51
3 -34.34 -43.72 -32.67 -29.58 -30.87 -37.85
4 -42.57 -46.81 -39.33 -37.14 -38.22 -43.89
5 -44.68 -47.85 -41.64 -38.05 -42.46 -49.66
6 -50.5 -48.13 -44.45 -40.96 -45.17 -53.15
7 -53.65 -50.2 -47.62 -45.73 -46.17 -56.45
8 -56.46 -50.81 -49.39 -48.74 -48.5 -59.67
9 -56.58 -53.27 -50.07 -47.2 -52.29 -62.94
10 -58.0 -56.63 -50.55 -51.67 -56.31 -65.36
11 -61.24 -56.3 -50.89 -50.82 -57.12 -65.91
12 -65.26 -57.24 -52.12 -53.9 -58.19 -66.77
13 -65.89 -59.18 -52.83 -55.6 -59.11 -67.21
14 -66.59 -60.35 -53.18 -56.53 -59.7 -67.27

data. By closely examining both Figure 27 and Table 6, it becomes evident that

incorporating pruning into the training process significantly mitigates the loss of

diversity over time. This trend is particularly noticeable in the later iterations of

training, where the differences between approaches become more pronounced.

Table 7 shows that using pruning has a significant benefit. When comparing

models that did use pruning, such as PD-GA Pruning, and ones that did not,

such as PD-GA, a significant result can be seen and confirmed when looking at

Figure 27 where Pareto Pruning is consistently outperforming Pareto no Pruning.

The models that did not use pruning, such as PD-GA have a significant result,
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Table 7: Statistical significance test diversity results: p-values obtained by the
Wilcoxon sign-rank statistical significance test, when comparing the diversity
(Vendi score) obtained by the pair of methods in a row against the corresponding
score obtained by the pair of methods in a column, across the 15 iterations of
retraining of the Transformer. The statistically significant p-values are in bold.

PD-GA PD-GA WS-GA WS-GA Random Pick Random Pick
Pruning Pruning Pruning

PD-GA N/A 0.0009 0.36 0.0009 0.018 0.006
PD-GA Pruning N/A 0.0042 0.10 0.0018 0.24

WS-GA N/A 0.0012 0.0012 0.0018
WS-GA Pruning N/A 0.0012 0.002

Random Pick N/A 0.0012
Random Pick Pruning N/A

only compared to PD-GA pruning and WS-GA pruning, meaning using Pareto

Dominance to select Pokemon for the next dataset did not outperform randomly

selecting the Pokemon. This is most likely due to randomness being inherently

diverse, as presented in Table 7. Interestingly when looking at the Weighted

Sum with pruning approach, it significantly outperforms all other models except

Pareto Dominance with Pruning, as shown in Table 7 and Figure 27. This con-

trasts Pareto Dominance Pruning, which was unable to outperform Random Pick

Pruning, showing that the Weighted Sum approach was better at maintaining di-

versity. These results clearly show that using pruning is paramount in maintaining

diversity over time, especially long term.

Table 8: Table of diversity: Areas under the curve for Figure 27 to use as another
evaluation of the ‘best’ approach. The best results are in bold.

Area under the curve Diversity
PD-GA 751.51

PD-GA Pruning 817.29
WS-GA 738.21

WS-GA Pruning 834.69
Random Pick 696.53

Random Pick Pruning 794.92
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4.2.1 Pruning vs non-Pruning Models

In the final iterations of retraining of the Transformer, the divergence between

pruning and non-pruning methods is especially evident in Figure 27 and Table

6. All of the pairs of methods that implemented pruning maintained a higher

level of diversity compared to those that did not. This consistent pattern strongly

suggests that pruning plays a key role in preserving diversity, which is crucial for

the creation and maintenance of a balanced and diverse metagame.

It is worth noting that each model was initialised independently, a necessary con-

sideration given the inherent variability introduced by probabilistic model train-

ing. Despite this variability, every pair of methods using layer-pruning obtained

superior diversity scores compared to all pairs of methods not using pruning. This

result is a compelling indication of the effectiveness and potential advantages of

pruning.

Looking at Table 7 it can be seen that Pruning models significantly outperform

non-pruning models with two exceptions: Pareto Dominance compared to Ran-

dom Pick with Pruning, showing that randomly selecting the Pokemon for the

next dataset does not maximise diversity; and Pareto Dominance with Pruning

compared to Weighted Sum without Pruning, which indicates that Weighted Sum

was able to, to an extent, maintain the diversity without pruning.

Table 8 reports the area under the curve in Figure 27 and Table 26 for each pair

of methods, where each area was calculated using trapezoids. This allowed me

to find the highest performing model in terms of diversity over the span of all

of the iterations of retraining. That showed Weighted Sum with Pruning as the

best model in terms of preserving diversity over time. Weighted Sum with Prun-

ing and Pareto Dominance with Pruning are by far the best performing models,

with Random Pick Pruning being somewhat close. This indicates that pruning
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outperforms non-pruning models in terms of diversity using every metric and in

most the difference is statistically significant.

Every pruning model outperformed non-pruning models in diversity. This was

what I hypothesised. Pareto Dominance approach looks to drop too quickly and

level off, maintaining the diversity over time. Weighted Sum approach looks more

spiky and unpredictable. Pareto no Pruning approach drops quickly and levels off,

at iteration 11 it begins to outperform Random Pick Pruning, but at iteration 13

and after it goes down again. This is quite unexpected as pruning models should

be outperforming the non-Pruning models significantly. This shows Random Pick

to be detrimental to both balance and diversity.

4.2.2 Genetic Algorithms vs Random Pick

Looking at Figure 27 and Table 6, Random Pick with Pruning performs very

closely or even outperforms the non-pruning genetic algorithm approaches, indi-

cating that using genetic algorithms has a much smaller impact on preserving

diversity.

Turning to Table 7, Pareto Dominance significantly outperformed Weighted Sum

and Random Pick without Pruning, although it did not significantly outperform

Random Pick. This further illustrates the lack of impact an appropriate selection

algorithm has on diversity of the metagame.

Finally looking at Table 8, Random Pick without Pruning is by far the worst

performer which is in line with my hypothesis. The models which used genetic

algorithms without pruning are far below pruning models, however they still out-

perform Random Pick.

To conclude, multi-objective selection algorithms have little to no impact on di-

versity of the system, but as I will illustrate in the next section, they play a crucial
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role in increasing balance.

Regarding computational time, a full run of the genetic algorithm took around

30 minutes. This was reasonable as 15 full runs take 7.5 hours, meaning each

model’s retraining time was increased by 7.5 hours on average. Without genetic

algorithms, 15 full runs took around 40 hours, meaning the added time from the

use of GAs was negligible. The hardware used for these experiments is an Nvidia

3090 GPU and an i9 CPU.

4.3 Combining Diversity and Balance Results

In this Section I discuss the trade-off between diversity and balance results asso-

ciated with using different selection approaches (the two versions of the GA and

Random Pick) as well as using or not using layer pruning.

Looking at Figure 27, the diversity decreases over time as the model continues to

be retrained, whilst as seen in Figure 26, this is traded for an increased balance

over time. However, this trade-off between diversity and balance is less clear in

the results involving different selection approaches, particularly different versions

of the GA (Weighted Sum and Pareto Dominance). That is because the results

are not significantly different and have look to be very close on the graphs in their

performance.

When looking at these results; the approach of combining the Weighted Sum-

based GA for Pokemon selection with layer-pruning seems to be the most optimal

choice as it outperforms every other approach in terms of maintaining diversity.
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4.3.1 Pareto Dominance vs Weighted Sum Diversity

Looking to Figure 27 and Table 6, the Weighted Sum approach consistently out-

performs the Pareto Dominance approach in terms of diversity (Vendi score) until

the last few iterations where it seems to drop off.

As seen in Figure 27, the Weighted Sum approach is much more noisy and spiky

than the Pareto Dominance approach, whose diversity score continued to drop

until levelling off with minimal spikes. It could be argued here that Pareto Dom-

inance is more consistent as an approach, however it still performed worse when

looking at Table 7, where it is shown that PD-GA Pruning did not significantly

outperform WS-GA or Random Pick Pruning.

When looking at the non-pruning models for both approaches, the Pareto Dom-

inance approach is close to parity with Random Pick Pruning and is not signif-

icantly outperformed by any model that does not use a genetic algorithm-based

Pokemon selection method as well as pruning. This is unlike the non-pruning

Weighted Sum approach which was significantly outperformed by WS-GA, Ran-

dom Pick and Random Pick Pruning. As a last comparison, looking at Table 8,

WS-GA Pruning is also far above PD-GA Pruning.

To conclude, the Pareto Dominance approach was outperformed by the Weighted

Sum approach regarding the diversity (Vendi score) results - this was an unex-

pected result as the weights used for the Weighted Sum approach were skewed to-

wards balance, making diversity less of a priority. However, it is worth noting that

Pareto Dominance has a much more consistent decline in diversity, which could

mean that with more iterations of retraining it would outperform the Weighted

Sum approach if the trend seen in the last 3 iterations of Transformer retraining

continues.
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4.3.2 Pareto Dominance vs Weighted Sum Balance

Looking at Figure 26 and Table 3, the same issue of noise in the Weighted Sum

with layer-pruning approach is present, whereas Pareto Dominance with Layer-

Pruning is quite clean. A noteworthy outlier is the final iteration of the Trans-

former’s retraining using Pareto Dominance and layer-pruning. Due to the prob-

abilistic nature of Transformers as well as the semi-random agents used for battle

this outlier is not surprising, however it is noteworthy. When looking at the non-

pruning models that utilised genetic algorithms, the trend of the Weighted Sum

approach being noisy continues.

Table 4, illustrates that there are no significant differences between the genetic al-

gorithm approaches, in both scenarios of using or not using layer-pruning. When

looking at Table 5, this idea is solidified as there is very little difference between

the approaches. This should not be the case, as Weighted Sum prioritises bal-

ance while Pareto Dominance balanced both of the objectives simultaneously and

evenly.

4.3.3 Combining Diversity and Balance Results Conclu-

sion

Weighted Sum is the less consistent approach, with very noisy results that could

get worse with more iterations of retraining, as can be seen in Figure 27 where

the Weighted Sum lines are more spiky and seem to have more variance between

iterations. However, it is clear that, in these experiments and this time frame,

Weighted Sum is on par with Pareto Dominance in terms of preserving and in-

creasing balance and greatly outperforms it in terms of maintaining diversity

across all pairs of a Pokemon selection methods and a choice of using or not using

layer-pruning.
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It is worth noting that the Weighted Sum approach requires the user to assign ar-

bitrary weights to the objectives, which can skew the data greatly and introduces

an element of chance in that. Pareto Dominance does not struggle with this and

instead is a very consistent and more objective approach.

4.4 Discussion Contrasting Good and Bad Metagames

In this section I describe the results in a more qualitative manner, rather than

describing numerical results as in the previous section.

My hypothesis was that using multi-objective optimisation to select Pokemon

for the next dataset (for retraining the Transformer) would yield better results

than randomly picking Pokemon, since the dataset is systematically optimised.

As seen in this Chapter, this hypothesis proved correct.

In the next two subsections I will describe two metagames created by the Trans-

former: one as an example of a good metagame, created with the use of layer

pruning and a genetic algorithm for Pokemon selection; and another as an exam-

ple of a bad metagame, created without using layer pruning and randomly picking

Pokemon. Examining the differences between those two examples of metagames

will be useful to show how a metagame can be identified as being balanced or

unbalanced, as well as giving a more in-depth understanding of the qualities of

metagames.

4.4.1 Example of a Good Metagame

An example of a good metagame can be found in Figure 28.

Looking at Figure 28, a large variety of Pokemon have been generated, meaning

the model did not converge on specific Pokemon to maximise balance. Addition-

ally many different moves were used which is in contrast with the bad metagame
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Figure 28: Example of a good metagame: A part of the last metagame created
using Pareto Dominance with Pruning. It depicts a rather diverse metagame
where many different moves are used, as well as many different EVs are being
maximised. It also shows many abilities, items and natures being used.

example seen in Figure 30 where the model converged on using very few different

moves. The metagame in Figure 28 contains the largest amount of balanced Poke-

mon in it, standing at 84 out of 200. It also achieved a 25.52 Vendi Score which was

the highest diversity for any model’s final iteration of retraining. The metagame,

although diverse, has some outliers that are favoured over other choices. For ex-

ample, the network converged on mostly using 252 and 0’s for the EVs, this is

most likely due to competitive Pokemon found in the initial set doing so as well.
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Another example of this can be seen when looking at the number of fairy and

poison types used, both standing at 1. This is most likely due to fairy types being

very strong in Pokemon, having only 2 weaknesses (steel and poison), meaning the

system must not have been retrained on many fairy types as they would exceed

the win rate threshold. This also explains why poison types are under-represented

- poison types are only strong against grass and fairy types. This could mean fairy

types need balancing - adding a new weakness such as fire type weakness could

decrease the power of the type and make it more balanced.

The most represented item in this metagame is ‘focus sash’ with 78 Pokemon using

it. The nature of using agents that prioritise high-damage moves means surviv-

ing high damage hits is important. The item ‘focus sash’ allows the Pokemon to

survive being knocked out in one attack from maximum health.

These findings show the system to be evolving and adapting to the environment

created. Some Pokemon have picked the highest damaging moves, like Earthquake

and Hyper Beam, and this is highly beneficial. On the other side of this you have

Pokemon with focus sash and moves like ‘Trick Room’, which inverts the speed

of Pokemon on the field, giving slower Pokemon a chance at winning. Moves like

‘Trick Room’ do not deal damage, meaning you need to pair it with ‘focus sash’

to survive at least one turn to set ‘Trick Room’ up.

This emergent behaviour could prove very interesting to study in other games,

to see how this autonomous system converges on solutions to problems the con-

straints of the metagame produce.

Figure 29 shows a distribution of tokens used by the model to present diversity in

a more visual way.

From this Figure I removed Pokemon names due to the large number of different

names making the graph much harder to interpret. I also removed 0’s as the
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Figure 29: Token distribution of the good metagame: A graphical representation
of the distribution of Tokens in the Balanced Dataset 28 without Pokemon names
or 0’s in EV’s. A visual method to evaluate diversity of a system. This Figure
depicts a wide variety of different tokens being used, which suggests the metagame
that uses this dataset is diverse.

average Pokemon will have five 0’s in their EV’s and it dampens every number

making the graph harder to interpret.

Looking at Figure 29, two centralising tokens can be seen, those being: ‘None’

with 181 instances, meaning the system prioritises mono-typal Pokemon, most

likely because dual-type Pokemon are much harder to balance as they have more

weaknesses and more resistances, meaning more dual type Pokemon on the high

and low end of win rates in the metagame. The second token is ‘252’ with 179

instances, which is the highest possible an EV can go up to, most Pokemon have

a maximises EV and some have two maximised as seen in line 31 of Figure 28.

Looking at Figure 28 a lot of Pokemon can be seen to have a maximised health EV,

most likely to combat the agents picking highest damaging moves and attempting

to survive these high damage attacks. The final outlier to explore is ‘Adamant’

with 124 instances, which is the nature that increases attack while decreasing
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special attack. The high instances of this token is most likely due to the highest

damaging moves in the game being physical moves rather than special ones.

Looking at the whole Figure, it is clear that many different tokens are represented,

which reinforces the idea that pruning layers of the Transformer increases diversity.

Some of the Pokemon generated are also very interesting. For example the last

Pokemon in line 35 of Figure 28, Litwick, uses Eviolite which is an item that

boosts the Pokemon’s Defences and Special Defences, but only if the Pokemon is

unevolved. The rest of this set contains:

• Regenerator, an ability that heals the Pokemon when it switches out; Rage

Powder, which taunts the opposing Pokemon to attack Litwick.

• Leech Seed, which slowly drains the opposing Pokemons health while healing

Litwick.

• Sleep Powder, which applies a sleep status condition and prevents the op-

posing Pokemon from moving.

• Sludge Bomb, which is the only damaging move and has a slight chance of

poisoning the opponent.

All of these put together mimic a very strong Pokemon, Amoonguss, but while

used with Litwick and Eviolite, it actually could outperform the frequently used

Amoonguss.

This shows the system is able to stitch together Pokemon in interesting ways, cre-

ating new and diverse Pokemon when both layer pruning and GA-based Pokemon

selection are used.
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Figure 30: Example of a bad metagame: A snippet of the last metagame created
using no Genetic Algorithms and no Pruning. This is an example of a very
homogeneous metagame. Every Pokemon is mono typal and every Pokemon has
one maximised EV which is health. There is a lack of variety in the moves used.
Looking at the abilities, there are only three used frequently and one that is used
once. This is a very unbalanced and uniform metagame.

4.4.2 Example of a Bad Metagame

An example of an unbalanced metagame can be found in Figure 30. Many obvious

issues can be seen here, including the use of only 252 and 0 for the EV’s. There

are no variations of any EV’s unlike with the previous dataset presented, in which

certain Pokemon varied their EVs.
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In the metagame presented in Figure 30, each Pokemon maximised their health

EV and nothing else. Every Pokemon converged to be mono-typal and 159 of them

are water types. This is most likely due to water having very few weaknesses 1.

Additionally, lightning rod is the most represented ability, which allows water

types to remove one of their worst match-ups - electric type attacks. With no

fighting types, normal type Pokemon are the second most represented due to

having a same-type-attack-boost (when a Pokemon uses a move that shares a

type with the Pokemon, the damage of the move is boosted by 150%) with Hyper

Beam, the highest damaging move in the game, due to the move being a normal

type.

The biggest issue which is consistent throughout the dataset is that the majority

of the Pokemon are using a combination of the same moves - moves that are

either very strong, such as Hyper Beam or Megahorn, or are defensive measures

against these strong moves, such as protect. The metagame is centralised on

very few tactics with minimal variance, and I believe that with more iterations

of retraining a rock, paper, scissors dynamic would emerge, where you have 3

archetypes of Pokemon that all beat one another. This is a common problem

many unbalanced games face - an aggressive archetype, such as the Pheromosa

on line 28, will lose to a control archetype, such as the Sandshrew seen on line

1, which will lose to a value-based archetype, such as Litwick as seen in Figure

28 on line 35. If you only have one strong representative of each archetype, you

create an environment in which only those 3 entities will be used, as it would be

detrimental to use a suboptimal version of an archetype when a better version

exists and offers a much higher chance of winning.

Figure 30 clearly illustrates why balance is so important, the fun and diversity of

the game stems from balance, seeing the same entities in every game gets tiring
1https://pokemondb.net/type Last accessed 11th September 2025



CHAPTER 4. RESULTS AND EVALUATION 85

and boring very quickly which means balance is paramount.

Figure 31: Token distribution of the bad metagame: A graphical representation
of the distribution of Tokens in the Unbalanced Dataset 30 without Pokemon
names or 0. This graph depicts a very small diversity in tokens showing that the
metagame which this graph represents is homogeneous.

Figure 31 shows a distribution of tokens used by the model to present diversity in

a more visual way.

For this Figure I also removed Pokemon names and 0’s for the same reason as

Figure 29. Much like the good metagame example, the two most represented

tokens are ‘None’ with 200 instances and ‘252’ with 200 instances. This tells us

that every single Pokemon in the dataset is a mono-typal Pokemon with a single

maximised EV, which is health as seen in Figure 30.

The last outlier to explore here is ‘Serious’ with 155 instances. Unlike in the good

metagame example, this nature does not change any EVs and is used very infre-

quently in any competitive environment, because it gives no benefits. The system

most likely converged on it because it is easier to balance around a nature that

does not have an effect.
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‘Protect’, a move that cancels damage to the Pokemon rather than attacking, is

the most represented move in this metagame, and the most represented type is

water as mentioned above. Water types are known as the most defensive-leaning

types in the game. This suggests that, to balance the game, the system has pro-

moted a defensive play style even when the agents would rarely pick ‘Protect’ due

to their focus on damaging moves.

4.5 Summary of Results, Contributions and Lim-

itations

4.5.1 Summary of Results and Contributions

The two objectives of this thesis were to perform layer-pruning in a Transformer

model and to develop a multi-objective genetic algorithm for Pokemon selection,

in order to achieve the overall aim of improving the win-rate balance and the

diversity of a set of Pokemon in a metagame. The results reported in this chapter

show that overall these two types of proposed methods have successfully improved

the balance and diversity of Pokemon metagames. This can be noted e.g. by

analysing the results showing an increasing balance in Figure 26 and a mainte-

nance of diversity in Figure 27, over time (i.e. over the iterations of retraining

of the Transformer). In addition, the two types of proposed methods have sig-

nificantly outperformed the approaches of not performing layer pruning and of

randomly picking Pokemon, as shown by the results in Tables 4 and 7.

There is relatively little difference of performance between the two versions of the

genetic algorithm for Pokemon selection, namely the versions implementing the
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Weighted Sum and the Pareto Dominance approach for multi-objective optimisa-

tion (MOO).

The results also show that pruning inconsequential layers of the Transformer dur-

ing training may not only be useful in decreasing computational time, but it can

also be used to combat the decrease in diversity of a Transformer.

The initialisation of the Transformer, the use of layer pruning, and the use of a

MOO-based genetic algorithm for Pokemon selection greatly impacts the metagame.

The emergent behaviour displayed in both Figure 28 and Figure 30 shows au-

tonomous systems can create very interesting and diverse metagames without

human interference. These figures also illustrate that diversity can be easily in-

terpreted even when looking at small sections of the whole metagame, much like

looking at a few recent tournaments to determine the health of a particular game.

It may not show the entire story, but will outline problems.

By guiding the Transformer towards generating Pokemon with 50% win rates, the

metagame exhibited many different playstyles, ways of using different Pokemon,

on different teams, for the goal of winning. An example of very different playstyles

generated can be seen in Figure 28 with Drampa that uses intimidate and four

attacking moves alongside assault vest, this combination creates a very powerful

attacker that also has a way of preserving itself on the battlefield with the choice

of an attack reducing ability and defence increasing item. In contrast to this the

outlined Litwick is the perfect stall Pokemon, very defensive with a healing ability

and a defensive item alongside 3 non-damaging moves. By having a larger pool

of Pokemon to choose from, players are able to win using a strategy they are

most drawn to, rather than having to pick from a select few strategies considered

good at a given point in time, giving the player ability to express their skill and

themselves as a player.
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4.5.2 Limitations of the proposed approach

In this thesis I manually chose solutions from the Pareto front produced by the ge-

netic algorithm based primarily on balance although if two solutions were close in

that metric, I chose one with higher diversity. This approach is less than optimal.

Ideally, I would have calculated the hypervolume of the graph below the Pareto

front, when an optimal solution is removed, the hypervolume changes. Finding

the solution that maximises the hypervolume finds the most optimal solution.

This is a more systematic method of finding the optimal solution, however it was

not possible in this project due to time constraints and limited scope, but this

can be explored in future research.



Chapter 5

Conclusion and Future Work

This thesis offers two main contributions, involving two proposed methods for

improving the Pokemon metagame generated by a Transformer. The first contri-

bution is the approach of pruning layers of a Transformer model, whilst the second

contribution is the development of a genetic algorithm that was implemented in

two different versions, with two different multi-objective optimisation approaches

– namely the Weighted Sum and the Pareto Dominance approaches (described

in detail in Chapter 3). In general, the results of experiments with a Pokemon

dataset have shown that the proposed methods effectively achieved the overall

aim of this research (specified in Section 1.2), namely to increase the balance and

diversity of the set of Pokemon in a metagame generated by a Transformer.

5.1 Sumary of Contributions

Based on the experiments performed in this research, the overall best approach

for retraining the Transformer is to use a Genetic Algorithm (GA) with Weighted

Sum fitness function combined with pruning (WS-GA Pruning), prioritising bal-

ance over diversity in the GA’s fitness function, which achieved overall the best

results in terms of maximising diversity and increasing the number of balanced

89
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win rates over time. The GA with Pareto Dominance combined with pruning

(PD-GA Pruning) had a performance close to the performance of WS-GA Prun-

ing, and it could have been closer if the best solution from the Pareto front was

chosen systematically by using the hypervolume measure.

More broadly, the experimental results have shown that layer-pruning is paramount

in preserving diversity over time – every Transformer model produced without us-

ing layer-pruning was significantly outperformed by models generated using prun-

ing. This is shown in Tables 7 and 8, where the noteworthy and significant re-

sults stem from the comparison between Transformer models produced by method

combinations like WS-GA Pruning and models produced by method combinations

that did not use pruning. The only model that outperformed WS-GA Pruning

regarding diversity was PD-GA Pruning, which used both layer pruning and an

appropriate multi-objective optimisation GA for Pokemon selection. In addition,

looking at the results of models that used pruning and GA-based Pokemon selec-

tion in Figure 26, it can be noted that pruning is able to help maintain diversity.

This is also shown in Figure 27, as both PD-GA Pruning and WS-GA Pruning

greatly outperform other models.

The experimental results also have shown that using an appropriate selection

algorithm, one that uses genetic algorithms for multi-objective-optimisation, is

paramount in increasing the balance of metagames generated. This is shown in

Tables 4 and 5, where the significant results stem from the comparison of Trans-

formers models produced by combining layer-pruning with genetic algorithms such

as WS-GA and PD-GA Pruning.

However there seems to not be a significant difference in which MOO approach

you use as both Weighted Sum and Pareto Dominance seem to perform closely to

each other with no significant difference between the two.
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5.2 Future Work

There are several research directions for future work, as follows. First, it would

be useful to perform experiments with a larger dataset, in order to investigate if

this would improve the quality of a metagame as measured in terms of diversity

and balance of Pokemon.

Second, as mentioned earlier, one limitation of the current experiments with the

PD-GA is that I have manually chosen the best solution among all non-dominated

solutions returned by the algorithm. Hence, a natural research direction would be

to replace that manual selection by a more systematic and automated solution-

selection criterion, based e.g. on the concept of hypervolume (as discussed in

Figure 23).

Third, the development of another type of multi-objective optimisation (MOO)

GA could be investigated. More precisely, this thesis focused on two types of

MOO GAs, based on the Weighted Sum and the Pareto Dominance approaches,

which are the two most popular approaches for MOO GAs; but it would be inter-

esting to develop a MOO GA based on lexicographic optimisation for Pokemon

selection. The basic principle of lexicographic optimisation is to optimise objec-

tives in decreasing order of priority, which, in the context of this thesis, could be

used to specify a type of fitness function where balance has higher priority than

diversity, without requiring that users specify ad-hoc, arbitrary values for these

objectives’ weights (as in the Weighted Sum approach).

Beyond metagame generation, these findings can be applied to other areas, such as

story-generating Transformers designed to maintain creativity while being guided

towards a specific concept. For example, adaptive story telling in games could use

this system as a way of adapting the game with the players’ choices. This system
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can also be used for any games where users want to include procedurally gener-

ated entities. They can take player feedback and statistics to adapt the generative

system to keep the game fresh and exciting while also maintaining balance. This

could result in a unique experience for every player, by adapting the game to their

choices during the game.
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