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Abstract

Procedural, Player-Centric Game Balancing

by

Samuel Shields

Game balance is a term widely used among players, researchers, and designers
of games. It is a concept that feels vitally important to how we make and play games,
but when we try to define it or implement it, we seldom get the same definition twice.
Balance appears differently to whoever is judging it, but as researchers and designers,
we still must translate this element of game design into technical practice. It is also an
expensive and time-consuming subject, one that requires a constant loop of playtesting
and design iteration through nearly the entirety of the game development process.

This work seeks to focus our understanding of balance while offering procedural
methods to increase speed or improve quality when performing balancing tasks in game
design and research. It accomplishes this by offering a taxonomy of balance along with
a generic design framework that can be used to apply balancing strategies in any game
context. In addition, it provides a catalog of balancing methods, allowing designers to
use common patterns to apply procedural balancing to their games. Finally, I offer three
technical examples using the taxonomy and framework, putting theoretical knowledge
of balance into concrete technical systems.

Balance ultimately helps us design games that make us feel fairness in our
play. By sharpening, optimizing, and improving our understanding of the term, we

improve the games we make and open new doors in game system design.
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Preface

I present the work done throughout my degree in a conceptual order—it is
meant to have you thoroughly learn the definition, theory, and design tactics behind
game balancing before introducing you to explicit technical exercises that prove out the
theory. This separates out the dissertation into four sections—a primer on balance, a
deep dive into balancing definitions and strategy, an accounting of my technical work,
and a look ahead and what work is possible in the future regarding game balancing.

Research, however, hardly ever proceeds along such clean lines. My work
formed a more sinusoidal path of triumphs and failures, and my research involves a
conversation between my practical, technical work and the theory that informs it. As
such, there is a different reading order that might suit you well if you prefer a more
chronological accounting of my work. That’s right, you can take Deleuze and Guat-
tari’s recommendations and read this darned thing out of order! The reading order
(of chapters) would be 1, 8, 2, 3, 4, 9, 5, 7, 10, 6, 11, 12. This inserts the technical
experimentation where they occurred during theory development.

For a brief summary of the story: I started off my degree bright-eyed and
bushy-tailed regarding the potential of automatic game design and its potential appli-
cations to the platform fighter genre. Working with Ross Mawhorter, we found technical
success in designing an (if I say so myself) impressive evolutionary system with auto-
mated playtesting that seemed to generate balanced games... at least, according to our
fitness function, which was optimized for competitive play. When I brought it out to

players, you can imagine my horror that my positive quantitative metrics did not at all
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match the qualitative feedback from the players regarding game balance. Discouraged
at first, I had to search for answers on why this occurred, and settled on the fact that
I must have taken balance at surface level and it deserved a more nuanced take before
I returned to technical efforts to test the concept.

This is where I spent a long time reading papers on game balance. I quickly
picked up that balance was something that happened in the player and not the game—it
is a reaction to gameplay, not an inherent property of the game system itself. It took a
lot more data crunching and re-reads of paper after paper to realize that balance was
this beautiful, multi-faceted jewel of a concept. It meant a lot of things to different
people, but it really was a term used to discuss the fairness of a game.

With my newfound understanding of balance, I returned to the IDE, building
out another project that aimed to investigate balancing for different sub-definitions of
the term. I wanted to see a single architecture cater to multiple personas of players,
while leveraging procedural techniques to enable dynamic balancing during runtime.
Building another complicated simulation testbed, I found success in using an AI Director
pattern to tune for different types of player-agents. Throughout this design process, the
combination of applied work and the swirling of paper-codes in my head led to the
development of a framework that could be applied regardless of balancing concept,
which formed design principles I could follow and recommend to other designers and
researchers.

It’s here that I returned to evaluation—I was dissatisfied with a simple sum-
mary of stats from my last experiment. I met Oliver Withington at GDC 2025, who

gave an excellent talk on Expressive Range Analysis. After many awkward-time-zone
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zoom meetings, we landed on the curious question—what if we applied ERA to game
balancing? Could an ERA plot show us the diversity and expressive nature of different
game balancing techniques? This launched my final stage of research and experimen-
tation, where I aimed to create tooling that gave a more “narrative” oriented view of
game balancing. If balancing is about fairness, and fairness waxes and wanes through-
out gameplay, then game balance tells a story anchored by our feelings and experience
of fairness. As a fan of horror, this immediately described why I loved the genre so
much—we move back and forth into extremes of unfairness (I'm low on ammo, health,
and a crazy monster is behind me) and fairness (I'm in a safe room, nothing can get
me, I can finally save). This stage of work saw me flesh out evaluation strategies, not
just in their current forms but in a new system that aims to elaborate on the ways we
can see game balance.

Towards the end of the degree, I wanted to create guides for researchers and
designers to keep taking the work forward. I developed a catalog of targets and tech-
niques so that future systems designers had established conceptual patterns to engage
with. I then reflected on future opportunities and all the things I wish I could have
researched. I stuck those projects towards the end of this work, and I hope I plant the
seeds of curiosity in some researcher down the line.

Research is hardly clean and organized, and I hope this preface gives you
a more human look at what my process looks like—a rise-fall-rise narrative arc that
wrestled between experimentation and theory. Now buckle in and enjoy the rest of the

dissertation!
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Part 1

What Even zs Game Balance?



Chapter 1

Introduction

“...the perception of balance is more

powerful than balance itself” [231]

Jeff Kaplan, Lead Designer of

Overwatch [41]

Game balance is a term widely used among players, researchers, designers, and
commentators of games [33, [137]. It is often used casually to describe some essential
quality of games. Epithets such as “that is so overpowered”, “I was over-leveled by
the end” or “everyone is using the same strat” are common in games where there is
discordance in game balance. When balance is lacking, player discontent inevitably fol-
lows [48], [16]. Industry practitioners recognize this; balance is recognized as key to both
general player engagement and enjoyment, as well as long-term retainment of players in
a game’s ecosystem. The urgency and importance of balance means that it appears at
every step of the game development life cycle—mascent during the design loop, critical

during iterative playtesting, and an overwhelming focus during post-release patch and



content releases. Despite this, it is fairly (pun intended) unclear what exactly balance
is, how to implement it, or how to evaluate it once the game becomes playable. Despite
its widespread usage, balance seems to mean something very different depending on the
context in which it is used. How can such a term be used to describe the competitive,
multi-player environments of eSports while also seemingly applying to casual players
in a whimsical adventure game? Moreover, the strategies for implementing balance
also land all over the map—games like Left 4 Dead [498] have runtime systems to shift
balance during gameplay, but fighting games like Street Fighter [66] have static imple-
mentations that are meant to stay put throughout the game’s lifecycle. Going further,
how we evaluate if a game is balanced also seems ill-defined and diverse. Saying Magic:
The Gathering [395] is a balanced game can simply be evaluated by looking at the win-
rates of tournaments and distributions of dominant decksﬂ yet designers also frequently
discuss the density of interactions between players and the aesthetics of game elements
in discussions on the game’s balance. How can all the facets of game balance seemingly
be in tension with each other?

A brief anecdote to put these tensions more concretely: When I was a preco-
cious pre-teen, the third-space of our neighborhood was wherever there was a Nintendo
Gamecube, four controllers, and a copy of Super Smash Bros. Melee [173]. It was a
default mode for socializing. Bored? Smash Bros. Something to settle? Smash Bros.
Sibling rivalry? Smash Bros. New friend? Smash Bros. The frenetic mix of charac-
ter expressivity, fluidity of movement, and the surprises of items and levels made it

an endlessly entertaining and replayable game to revisit over and over again. After

!See https://magic.gg/events/pro-tour-lorwyn-eclipsed for an example of statistics on a
Magic tournament in early 2026


https://magic.gg/events/pro-tour-lorwyn-eclipsed

seemingly thousands of hours of play, a sub-group of the neighborhood kids became
increasingly competitive with the game. Preferred characters were selected, complex
strategies enacted, deep mechanics such as 'wavedashing’ were uncovered and honed to
give advantages over those who did not practice such dark arts. We insisted on wired
controllers and CRT televisions to mitigate any possible input and feedback lag that
could show up in the game. In other words (myself being a member of said group), we
got a bit... sweaty. As we developed our mastery, we became less and less welcome with
the rest of the neighborhood kids who played the game. If we showed up, the disk was
often swapped out for something more equitable, such as Mario Party [196]. As such,
we started migrating to game stores and local tournaments, where we were met with
similar minds and strategies, and the level of challenge significantly ratcheted upward.

After a few years of this, a new title in the franchise was announced with great
anticipation—=Super Smash Bros. Brawl [457]. Neighborhood and tournament players
alike became excited, as an expanded roster and set of levels meant opportunities for
an even greater diversity of fun and chaos. However, when it was finally released, it was
received differently among the audiences in profound ways. It slowed down gameplay,
making combos, advanced techniques, and reactive gameplay difficult or impossible. It
introduced “tripping”, which would randomly stun your character during movement,
providing an opponent ample opportunity to punish even when the player ostensibly
made no mistake in the first place. In tournament scenes, the game seemed to punish
and discourage pure skill. Within weeks, game stores and competitions reverted to Melee
as the game of choice. Back in the neighborhood, the game was received with gusto.

Suddenly, our competitive sect of players were welcomed back into the neighborhood,



as everyone felt they had a chance against even our practiced mastery.

I argue that despite neither of these games fulfilling the needs of both the
more casual neighborhood or the tournament scene, they both are successful examples
of balance in game design, just for different player contexts. Melee rewarded mastery
and de-emphasized randomness, while Brawl encouraged chaos and chance so that all
players had some hope of participation. Even in the same genre, the same game series,
the balance of these games was simultaneously divergent and successful. Returning
to our discussion of balance—how can these opposing examples both be called game
balance and both be successful in their endeavors?

This dissertation aims to tackle the tensions of game balance by situating it as
a multidimensional term with a wide array of implementation strategies and evaluation
techniques that are highly dependent on a desired player audience, designer goals, and
interpretation of fairness in games. It provides guidance on how to identify what type
of balance your game needs, designer strategies to proceduralize and implement this
balance, and tooling suggestions to quickly evaluate if your game is hitting the right
equilibrium for your balance goals. I also provide experimental and empirical evidence of
these processes through the implementation and testing of procedural balancing systems
(BrawlerAGD and FighterDDA). In terms of contributions, I provide ways to carve
out your own subsection of game balance, making the term useful for research and
design, where too narrow or broad a definition might cloud or invalidate a game or
experiment’s interpretation of balance. Ithen provide not only manual, established ways
to balance a game, but also catalog and suggest methods to proceduralize balancing

operations. As balance occurs throughout nearly every part of game development,



automating even a few percentage points of the task means a drastic saving in time,
playtesting resources, and ultimately the overall cost of game development [422] 548].
Considering procedural methods to balancing is also increasingly important when PCG
and automatic game design (AGD) are increasingly common in new games. If a designer
is hands-off during the creation of content, they necessarily need to be hands-off when
balancing said content, making procedural game balancing critical to any procedural
system. Finally, I provide suggestions for the evaluation of if a game’s balance is in, well,
balance. Balance is an emergent, hard-to-describe trait of games that requires clever
techniques to detect and evaluate—tooling, player modeling, and analytics techniques
all play a crucial role in helping a designer or researcher know if a game or game system
is hitting the mark. Taken together, this dissertation provides a framework, sampling
of tooling, and experimental implementations of that framework to help others focus,
optimize, and evaluate game balancing for any game that needs it.

A brief road map for what is ahead?} In Chapter 2 T highlight the multidimen-
sionality of the term “game balance”, dive into why it is so important, and talk more
explicitly about the foundational pieces of the term (audience, design goal, methods,
game element targets, and evaluation). In Chapter |3, I provide a theoretical infrastruc-
ture for understanding balance. This includes highlighting how balance is an emergent,
phenomenological term at heart, that balance is deeply tied to fairness, and how we
can consider fairness from both top-down and bottom-up contexts during our attempts

to define balance. In Chapter [4] I provide a taxonomic definition of balance that high-

2While this dissertation is organized conceptually, the chronological narrative of the work occurs in
a slightly different order. Details on the chronological story and how you can read the dissertation to
respect the chronology can be found in the preface.



lights its varied definitions while providing designers, researchers, and players valuable
sub-categorizations of the term that can be applied to their game of interest. Chapter
presents a generic framework for game balancing, which allows the usage of taxonomic
concepts from the previous chapter in a holistic pattern that allows the game balancing
design process to be conceptualized and executed throughout the implementation and
evaluation of a game. Chapter [f] provides a catalog of balancing strategies, providing
templates on how to execute and automate game balancing. Chapter [7| follows this by
providing evaluation strategies for balancing, helping provide the lens through which
one can understand if a game is balanced or not. After this, the focus of this dissertation
switches to focusing on experimental implementations of the game balancing framework
presented in previous chapters. Chapter [§] looks at BrawlerAGD, a system meant to
design balanced fighting games. Chapter [9] reviews FighterDDA, a game that seeks to
tune game balance at runtime for a variety of player personas. Chapter covers the
tooling used for analyzing the expressivity of playtraces generated during the balancing
process— Playtrace Arc Search, or PAS. The last part of this dissertation looks ahead,
suggesting opportunities for future work (Chapter and a summary of the conclusions
of the dissertation as a whole (Chapter [12).

Pull out your weighing-scales, your tight-ropes, your laser-levels: we are about

to dive into game balance from every angle we have available to us.



Chapter 2

Background

“...abstractly I think balance is a
collection of tuning parameters that are
tweaked and modified in a certain way
to provide a particular experience for a

particular audience.”

Brie Chin-Deyerle, Lead Engineer at

848 Industries and Riot Games

It is not the case that game balancing is underrepresented in games academic
(professional, community) discourse. Quite the opposite—there are a plethora of ap-
proaches to defining, implementing, and evaluating balance across nearly every game
context you could imagine. In a literature review I conducted (presented in detail in
Chapter , reviewing the academic literature alone over the last 25 years yielded 95
publications focused on the subject. At the time of this dissertation’s publication, a

casual search of “game balance” in the Game Developer Conference’s archive of talks



yields hundreds of results [208], and likewise GameDeveloper.com will yield thousands
of results for the same term [207]. A visit to r/gamedev (a community dedicated to
game design with over 2 million members) will yield an overwhelming number of posts
on the subject [384]. It is apparent that those who make and play games have a decent
investment in game balance and readily discuss it.

In addition to established literature on the subject, I have also conducted in-
terviews with designers and contributors from AAA, Indie, and Community Modding
projects. They have been gracious enough to provide a thorough account of their experi-
ence in game balancing on game series such as Arc Raiders [119], Halo [56], Spyro [143],
Rivals of Aether [99], Sparrow Warfare [335], Metroid [382] and Final Fantasy [459]
randomizers, among other projects. The rest of this dissertation will pull quotes from
these interviews, helping to connect academic and example projects with the larger pic-
ture of how publicly available games are balanced. A complete list of interviewees, their
background, and interview protocols can be found in Appendix [A]

When we try to define game balance and look into the world for guidance,
there seems to be an implied, shared knowledge about what it is—but can we define
what that knowledge is concretely? Which audience is using it in the most accurate

way? How do we even begin to define balance?

2.1 How Would You Define Balance?

To start, we can break up the audiences discussed in the prior section into

three main groups: academics, designers, and players. Looking at their explicit and



implicit definitions of what game balance is should inform what game balance is and

understand why it can be used so universally in so many different contexts.

2.1.1 Academia

Game balance research has a large footprint in academia, reflecting a deep
interest in the concept and how it is applied to research and design [546]. Game balance
has been researched in the context of procedural systems [409], metagames [I86], user
experience [318], dynamic difficulty adjustment [26], parameter tuning [287], etc. How-
ever, despite the range and depth of literature on game balance, the actual definitions
and discussion of what game balance is tend to be inconsistent depending on the domain
and author. Many academic publications adopt a singular and explicit definition of bal-
ance. For example, some more well known definitions include meeting the right level of
challenge [73] or two players of equal skill having equal win rates [I01] or ensuring that
no gameplay option is under- or over-powered [217].

More recently, several scholars have begun to view balance as multidimensional,
including several more singular definitions, typically with two to four different under-
lying concepts being outlined. For example, Becker and Gorlich [33] breaks balance

down into roughly four aspects: *

‘...characteristics of well-balanced games, meaningful
decision options, player skill, and the prevention of dominant strategies”. Their analy-
sis included 14 publications from academic and practitioner sources and used semantic
analysis, noting that, although there were overlapping concepts, sources generally had

different understandings of the term. Meanwhile, Pfau and Seif El-Nasr [369] settled on

four categories in the context of the MMORPG Guild Wars 2 [21]—viability, symmetry,
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fairness, and difficulty. Another paper considers balance from the perspective of tuning
to include players of diverse skill levels, stating “the trick is to stay behind”, seemingly
contradicting work that focuses on more competition- or difficulty-oriented visions of
balance [157].

This all is to say—researchers are deeply interested in game balancing (and
how to define it), but there is seldom overlap in how it is defined or researched. The most
common interpretations of the term tend to reference equal win-rates for equally skilled
players [31L [486], the sense of challenge that is not too boring or difficult [26, 30, 262],

and the ability for differentially skilled players to compete with another [503|, 150} 29].

2.1.2 Industry

In the game industry, balance is regarded as a complex priority that is key to
the longevity and success of games. For instance, Owen Mahoney, the CEO of Nexon ,
which publishes long-running, internationally available games such as MapleStory [526]
cites balance as the key element in the success and persistence of a game [82]. Similarly,
to maintain a large player base and a healthy competitive scene, Riot Games publishes
balance patches at a frequent cadence to the hit game League of Legends [400)] to ensure
that there are viable options for players of all skill levels while avoiding exploitable
strategies in high-level competitive play [247].

While balancing is viewed as important, what balance means to a game and
how it is implemented within industry is nuanced and varied. In part, this is due to
balance being viewed as difficult to implement because it is difficult to perceive. To

quote a Game Developer guide on understanding balance: “...there’s no strict, defined
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line at which a game goes from being in balance to out of balance, it’s a gradual contin-
uum” [60]. To this end, game balance has a reputation for being quantitatively driven
while relying on feedback from qualitative playtesting for evaluation and refinement.
For example, the balancing of Fallout: New Vegas [346] began with a spreadsheet of
values, but was quickly abandoned in favor of “vibes”-based balancing [381]. Identifying
player audiences is also important to a well-tuned game. Michael John (former creative
director at EA) said during the development of Spyro [I143] “...three kids in particular
met my three archetypes... [name 1 redacted] was very persistent, but they were a bad
game player, and remained a bad game player for years... [name 2 redacted] was my
total median player. They got everything in a reasonable amount of time.. |[name 3
redacted] was your speedrunner. They finished everything so fast. Made no mistakes.”

Practitioner literature aimed at focusing and improving game design and devel-
opment also highlights the importance and nuanced complexity of game balance. Ralph
Koster’s A Theory of Fun for Game Design takes a light-hearted approach to game cre-

“

ation and cites balancing as “...providing a good level of challenge for the user” [246].
In Game Design Workshop, Tracy Fullerton writes a chapter on balance, acknowledging
the scope of the subject by claiming that their analysis is a “...vast simplification of what
you will actually experience when you try this yourself.” Fullerton describes balance as

“...the process of making a game better” and offers a specific set of definitions of what

they mean by balance:

Balancing a game is the process of making sure the game meets the goals
you have set for the player experience: that the system is of the scope and
complexity you envisioned and that the elements of that system are working
together without undesired results. In multiplayer games, it means that the
starting positions and play are fair (i.e., no player has an inherent advan-

12



tage), and no single strategy dominates all others. In single player games,
it means that the skill level is properly adjusted to the target audience.
For short, we call these four balancing areas variables, dynamics, starting
conditions, and skill. [I38]

Recognizing the varieties of balance is a pattern in the practitioner literature.
Jesse Schell identifies a much wider set of types for balance, while also indicating that
their list is not exhaustive. Examples from their types include: Fairness, Challenge
vs. Success, Meaningful Choices, Skill vs. Chance, Competition vs. Cooperation,
Short vs. Long, Rewards, Punishment. Schell highlights the importance of creating
specific problem statements before evaluating balance, using the above categories to
test hypotheses [420]. Schreiber and Romero [422] published a design guide dedicated
to game balancing that highlights that balance is an emergent property of games. They

3

note that balance is “...first and foremost, a feeling, and you know when you feel it.”
They note that balance is a gray area that is contextually sensitive, highlighting seven
variations of game balance. An important thing to note about these practitioner guides
is that they tend to include many definitions and focus on setting goals and narrow
hypotheses as an antecedent to executing balance itself.

Interestingly, seemingly contradicting the views above, states of imbalance are
also valued in game development. For example, the BFG weapon in Doom (2016) [204]
was intentionally overpowered and labeled a “kill everything” button, presumably to in-
troduce a sense of power in the player [380]. Likewise, the balancing of Elden Ring [136]
is heavily stacked against the player, but that stacking is precisely the reason why many

play and treasure the game [53]. Masahiro Sakurai of the Smash Bros. series [27] states

that too much balance can make the game feel stale and that wide variability is critical
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to keeping a game fun, even if it introduces some occasional states of imbalance [158].
This tension between the desire for balance and the recognition of the importance of
imbalance highlights that industry perspectives also involve a diverse range of imple-

mentation strategies and definitions.

2.1.3 Players

The conversations between players on a given game’s balance take place all
over the internet. Just as academics and industry sources talk about balance in a
variety of ways, players seem to use balance in many different contexts and use cases.
To illustrate some of these discussions and their diversity, I will be providing some
references to various game subreddits demonstrating how players discuss and frame
game balance with one another, even when the games and how they are played are
wildly different. Specifically, I will pull examples from r/SSBM (Super Smash Bros.
Melee [173]) and r/AnimalCrossing (Animal Crossing [341]). Screenshots highlighting
discussions concerning the differences between these games and their balance can be
found in figure [2.1]

To illustrate—the r/SSBM subreddit has over 110,000 membersﬂ discussing the
state of Super Smash Bros. Melee, a heavily-played fighting game that has had patches
for over two decades. Despite the game’s lack of changes over the years, discussions
of balance are still lively and varied. There are discussions on how the game should
be balanced now, analysis of millions of online games for balance, and if stages should

be banned based on recent progression in expert play. In a vastly different context,

'Recorded on August 20th, 2025. Archival link available in appendix
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Super Smash Bros. Melee (Multiplayer,

Animal Crossing (Single Player, Casual) Competitive)

What are some of the major nerfs/buffs you'd add to the game to
make it more balanced?

& r/AnimalCrossing «
SubparTrash

A poll, who thinks the durability is balanced?

i
€ s

I Analyzed (Almost) 2.5 Million Slippi Unranked Matches, and This
Is What | Found

Poll closed 118 votes

I think it's

I think they need to do a better job at it

1d rather no durability at all

& /AnimaiCrossing -

Grinding in AC is too unbalanced!! P

© o
What do you think is/are th
aside from dittos?

TL:DR: What do you guys think? Are there matchups that you think are incredibly balanced or even, from low
to top level?

.£ r/SSBM

Is it time to ban (unfrozen) Pokemon stadium?

& #/AnimalCrossing -
DeliciousMrlo
Sound balance in NH

lume s/sound effects? 'm playing on a

Discu:

Poll closed 183 votes

r/AnimalCrossing
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Figure 2.1: A series of screenshots from Melee and Animal Crossing subreddits demon-
strating commentary on the games and varied interpretations of balance. Competitive
games like Melee orient themselves around character viability and bans, while Animal
Crossing discussions focus on progression speed, narrative, and aesthetic tuning. Links
to these posts can be found in appendix
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the r/AnimalCrossing subreddit with 2.7 million member&ﬂ also hosts discussions on
balance. Animal Crossing, a game known for its casual, cozy, mostly single-player
pace, appears to be the antithesis of the style of play of r/SSBM members. However,
discussions on balance are still prominent, though the content of such conversations differ
greatly. Animal Crossing players post about the progression of resource acquisition, the
narrative differences in the appearance of personality dispositions in their residents, and
the role of sound is the aesthetic balance of the game.

Reflecting the diversity of opinions on game balancing in academia and in-
dustry, players also seem to readily use the word for many game and player contexts,

sometimes talking past one another when communicating on the subject.

2.1.4 Trick Question

So, how do we actually define balance? As you might have noticed from the sec-
tion header—this is a bit of a trick question. Importantly, despite the multidimensional
approaches to balance, this spread of terms between authors are still varied definitions
that often do not align with one another. It is not the case that any of these single- or
multidimensional definitions of game balance are wrong, but rather that their variance
suggests a much wider breadth of the concept that could be useful to researchers and
designers. Consolidating these different views on game balance into a single taxonomy
that accounts for them could help focus the conversation around different styles and
goals of game balancing. Such a taxonomy would enable more targeted research to be

performed and would allow designers to more readily identify what styles of balance

2Recorded on August 29th, 2025. Archival link in appendix
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they are seeking in their games. Instead of attempting to synthesize a taxonomy out of
the blue here, I will leave an in-depth discussion on a balance taxonomy in Chapter
That taxonomy will be drawn from a literature review, helping to build the foundation
of a multi-dimensional version of balance in a way that captures the nuance and texture
of the term and its design implications.

Another thing to pull from the above discussion is that, regardless of context
or persona, people tend to hint at some implicit sense of fairness in their statements. Is
a strategy too dominant so that I feel forced to use an option or hopeless in the option
I choose? Can I play against my older sibling and still have a chance of winning? Do 1
feel like the game is too punishing and I need to put it down in frustration? Does it take
too long to grind out the basic components of the game so I can get to the good stuft?
All of these hint at a kernel of a core critical judgment: “is this a fair experience?”.

For now, until we dive into the weeds of a multidimensional definition in Chap-
ter 4] let us work with definition: Balance is a multidimensional design concept
relating to fairness that depends on the players, designers, and game context

that is being examined J]

2.2  Why Should We Care About Balance?

With all the fuss around defining balance, we can acknowledge that it is top
of mind for many players, designers, and researchers. But why? What makes game
balance such a critical element of game design that so many acknowledge and focus on?

How long does balancing last, when does it happen, and who is involved?

3If you are very eager, you can read the refined definition in section
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2.2.1 Balance as a Success Criteria

Regarding motivation to make balance the core of design, industry profession-
als of many sizes and fiscal models (AAA, independent, free-to-play) note balance as
critical to their game’s sales, player appreciation, and long-term engagement [82, 247, [§].
In an Ubisoft earnings call, it was noted that maintaining balance in existing titles was
more profitable than simply releasing sequels [425]. The free-to-play space particu-
larly highlights the importance of balancing, noting that proper balancing can increase
spending among consumers [280] 239, 289 501]. There is a dark side to this, however.
Certain balancing strategies might lead to more exploitive practices seen in various free-
to-play environments. See chapter for a deeper dive into this subject. Beyond the
core success of titles, a properly balanced game can be the seed for thriving eSports and
secondary economies surrounding the game. Perhaps the earliest and most foundational
example of this is the competitive Starcraft [40] scene that creates the foundation for
South Korea’s general eSports scene to thrive [I88]. That being said, one need not
look far for examples of games that directly or indirectly fostered massive communities
around competitive applications of their balanced ecosystem. Games can even have
their development and balancing passed off to the community, forming lively modding,
speedrunning, and randomizer communities that add to the history and eminence of any
given title. The development of Get to Work [213] highlights this by directly looping in
speedrunners in marketing, playtesting, and development of their game [214].

It also plays a key role in the identity and playability of a given game. On

decisions to move difficulty towards the hard end on Elden Ring [130], lead designer
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Hidetaka Miyazaki notes that the game is so successful with a specific, mastery-oriented
audience because they made the increased balance of challenge a core part of the games
identity—noting that the game would not be unique and well-received without such a
tuning [293]. Proper balancing also enables players to make interesting decisions. Sid
Meier (a prominent 4X/strategy game designer involved in the creation of the Civiliza-
tion [307] franchise) discussed this in a GDC talk highlighting his design process, noting
that unbalanced, dominant strategies restrict the amount of interesting and unique ac-

tions a player can take [30§].

2.2.2 Balancing is Important—and Costly

To answer the question on the implementation costs of balancing, it lasts a long
time [231], is a component of design through most of the game development process [221],
245], and involves many different playtesters and designers [240]. It occurs in nearly
all stages of the game development lifecycle. When discussing Halo, Brie Chin-Deyerle
was asked when balancing occurs, responding that “...[balancing all the way to post-
release] definitely does... It’s later, it’s not the first thing... I think the first thing
in terms of difficulty tuning is focusing on one difficulty. Getting one difficulty good
is hard enough.” Going further, Brie mentioned that the tooling developed during the
balancing of bots led to studio-wide improvements in speed and quality. Even the sound
team used the automated playtest implemented to tune and test how equalization and
sound effects were implemented.

Even after alpha and final releases, studios cite balancing as a critical step in

keeping their audience engaged. Supergiant games (of Hades 2 [468] fame) note in patch
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notes and interviews that early access builds with frequent updates create a feedback
loop with players where their feedback and data are used to fine-tune future challenge
and narrative [234] 159]. Riot games has a two-week balancing and patching lifecycle,
where a data-analytics-driven approach identifies characters who are over /underpowered
across a wide range of player skill levels. This cadence is maintained to try and make sure
that every possible character is viable for every player [466, 265]. Blizzard has famously
reworked many characters in their Overwatch [41] franchise, noting that retuning a
character during balancing can take six months or more [231].

It is not just length—it is the pure volume of people involved in the balancing
process that makes it tough to grapple with. Riot has a team dedicated to analytics and
balancing, with members often having deep expertise and high ranking in their games
to inform their design evaluation [399]. Even if they cannot strictly be employed, indie
studios often lean on alpha playtesting and privileged discord communities to collect
data on balancing and tuning accordingly. Mega Crit Studios, the developer of Slay
the Spire [306], noted that while they had a development team of just two, their online
playtesting presence was large enough to collect balancing data needed to confirm the
game was working as intended through extensive data-driven balancing approaches [153].
During the development of Destiny 2 [57], Bungie uses a “Sandbox” team dedicated
to internally balance weapons and abilities before collaborating with other teams to
identify edge cases and outliers [327]. To balance a game, you at a minimum need
designers and developers to scope and implement balancing changes, and playtesters or
a playtesting apparatus to confirm that those changes worked. If the balancing changes

impact downstream changes, you may need to involve other teams (new sound effects,
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animations, etc.) to accomplish the balancing goals at hand.

2.3 Procedurality in Game Design

A caveat to everything that follows in this section: it is a fool’s errand to try
and completely balance a game without playtesting and the collection of player opinions.
As we shall see in Chapter 3] game balance is an emergent, phenomenological experience
at its heart. My work does not seek to fully automate playtesting out of the process, but
rather to proceduralize segments of the balancing process such that some percentage of
design and development can be trimmed off of the total game balancing endeavor. In
the previous section, we covered the sheer cost and importance of game balancing—if
even 5-10% of that time or staff is saved, that would lead to massive savings in cost.
Even if time were not saved, if the procedural systems improve the quality of game
balancing by a similar margin, then the game has that much more of a chance to be
successful in the short- and long-term.

That being said, procedural content generation and mixed-initiative co-creative
tools demonstrate that automating different elements of the game design process can
yield games with greater velocity, higher quality, or novel mechanics and systems. Al-
though randomization and on-demand procedural content generation in games goes
back to titles such as Elite [46], there was an impetus in the mid-2000s to shift to more
component-based and procedural architectures for games to help solve the ballooning
costs of development [128]. Togelius et al. [484] did some early work on search-based

strategies to procedural content generation, attempting not only to automate content
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creation, but find good examples of content generated. Smith [454] provides an overview
on procedural content generation, providing a wide array of methods that can be used
(optimization, grammar-based, constructivist, etc.) to produce player-interactive sys-
tems (e.g. levels, quests). While Smith highlights the potential for new player ex-
periences, the creation of offline and online process, they also mention the important
consideration of how long/difficult it will be to implement the procedural system in the
first place.

This makes PCG a double-edged sword: it can give us diverse, interesting, and
high volumes of content; but it can also become an authoring burden in and of itself. In
the context of game balancing, we should take this as a signal that simpler systems that
are “good enough” are the types of system we should be looking for when considering
procedurality.

Also going against some traditions in PCG, we noted above that having a
human-in-the-loop through playtesting is critical to pulling off the balance process suc-
cessfully. From this, we can look towards mixed-initiative co-creative systems for guid-
ance on how we can incorporate player evaluations and gameplay into our balancing
design process. Early tools such as Sentient Sketchbook were proposed in an effort to
improve both the speed and quality of iteration cycles of developers [277]. Tanagra
similarly looked to have human designers identify key points of modification while the
computer handled more laborious or obvious tasks that would have wasted the designer’s
time. In both cases, we see systems that aim to handle some creative workload that
may easily be automated or supercharged with artificial intelligence while keeping the

ultimate design direction in the hands of the designer. Applying this framing to balance,
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we also want to seek solutions in procedural balancing that aim to solve the laborious
elements of balancing while leaving the designer-playtester back-and-forth conversation
intact.

How might balancing be used in the context of PCG or MI-CC? Simply put—
balance heavily involves the tuning of parameters, game mechanics, and aesthetics to
drive differences in the emergent experience of playing of a game. However, the com-
binatoric decision space of tuning a large set of parameters is dauntingly large in size
and can be difficult to grapple with both in identifying the right parameters to tune
and to what values to tune them to. Consider Magic: The Gathering. There are more
than 30,000 unique game pieces, all of which have some measure of interaction with one
another. Each game piece has a volume of possible attributes (name, type, keywords,
mana value, etc.). When designing a new set of cards, how do you possibly digest
that massive decision space that is many orders of magnitude more complex than a
deck of poker cards? When asked, designers will list heuristics they use to focus design
decisions—following cost curves, interaction with different groups of mechanically simi-
lar cards, avoiding printing interactions and mechanics known to be “broken”, following
established aesthetic and narrative patterns, utilizing known power-to-cost patterns,
among other things. Using this metaphor, we can use PCG or MI-CC to proceduralize
some of these heuristics to more quickly limit the immense search problem of mechanic
and parameter tuning when approaching a game.

Anticipating a critique, one might argue—isn’t it a stretch to consider game
balancing as procedural content? While there might have once been a more strict delin-

eation between “traditional” and “procedural” game design, that barrier is fading. For
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example, Cook [88] discusses the reality that the interaction and outcomes of interlock-
ing game design elements mean that game design is effectively is game design. I would
argue that the diversity and character of the playtraces generated by the tuning of a
system itself is a procedural artifact that can be analyzed through the lens of procedural
game design [437]. This point will be explored more in chapter In short, how we
tune systems to interact end up dramatically impacting the way gameplay feels and is
perceived by the player. If this tuning drives diverse sets of experiences with varying
character, we too should consider them as procedural content systems that have a char-
acter and expressive range themselves. In the context of balance, this means that how
a player experiences fairness is a mode of storytelling with a rich tapestry of techniques
tied to it.

A final point relating to procedural systems and balance in the context of PCG
that aims to generate entire levels, game elements. These systems aim to have massive
potential interactive outputs, but can be plagued by their openness. The “1000 bowls
of oatmeal” issue describes PCG systems that generate sets of content that are far too
similar (and thus bland) [87]. On the other hand, systems might generate output without
drama or broken entirely. Researchers have used the musical metaphor of “beats” in
different game contexts, referring to how play can be interpreted as rhythms or points
of inflection [456, B03]. You might view balance as it relates to PCG as a specific
application of “Experience-Driven Procedural Content Generation”, where observations
of the affect of players determine the operation of a procedural system [535]. That
being said—how do we evaluate for that rhythm? Formalizing balancing frameworks

gives us a potential outlet; by understanding what makes the game “fair” or in the
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sweet spot of challenge for our players, we get evaluation and tuning criteria that can
be algorithmically integrated to help solve the problem of selecting quality output from

procedural systems.

2.4 Taring the Scale

This background work highlights three key points that I would like to address

in this work:

1. Balance is valuable and meaningful to the game design process and an

indicator of a game’s success.

2. Balance is multidimensional, related to fairness, and difficult to evalu-

ate.

3. Balancing creates a massive search problem that can be partially opti-

mized using PCG and MI-CC methods.

In the following chapters, I will show that the proper scoping of balance through
definitions and frameworks combined with procedural methods to guide and aid de-
signers in their balancing pursuits can move the needle in terms of effort and quality
regarding a game’s balance. If we properly find our niche of balance through audience,
design goals, and game context, we eliminate a huge chunk of our ideal balancing search
space. Concretizing the remaining problem in terms of procedural systems gets us even
closer. With the right designer intuition and playtesting strategy, we should land closer

to the ideal balance we want for a game.
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Chapter 3

Experiencing Balance

“My definition is a game is balanced
when I'm clenching my jaw, but just
enough that it’s still feeling good. Not,
you know, cracking teeth or anything

like that.”

Charlene Putney, Co-Founder of
NEON AURELIUS and former Larian

Studios writer

When I started my research into game balance, I went with my prior assump-
tions about the term—that games possessed balance. If you design a game the right
way, it will be objectively balanced, and that is a good thing that is readily appreciable
by players, designers, and researchers. When I got my hands dirty with designing{ﬂ7

however, I found out that balance is not inherent to a game at all—it is not a concrete

1See chapter [8| on BrawlerAGD.
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topic, it is not a static attribute of the cartridge you stick into your Nintendo 64. Bal-
ance was something my players felt, and everyone felt it in a different way. With this
in mind, I had to go back to the drawing board.

What I discovered formed a theoretical pair of axioms that underlies the en-

tirety of this dissertation:

1. Game Balance is Emergent.

2. Game Balance is Ultimately a Phenomenological Judgment.

These rules are important reminders because they tell us that:

First, we don’t get simple controls over how we tune balance. Balance is
inherently invisible on its face, the result of low-level components creating complex
and unpredictable outcomes at a higher level. Speaking as someone with a passion for
system design, it would be lovely if we had a rotary encoder that we could simply turn
when we wanted more or less balance. Alas, this is not the case. Balance emerges from
the way that different game elements and game systems interact with each other based
on the attributes we encode into those elements and systems. We might be able static
analysis to get closer to understanding what an emergent outcome of balance might be,
but it is only when the car is assembled and running do we understand how it handles
on the road.

Second, measuring balance will always end at some form of human judgment,
because it is trying to speak to some form of human experience. Communicating and

predicting this experience will be fraught with potential for misinterpretation. We
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can share elements of that experience and attempt to empathize with another person’s
perspective, but we will never get a direct look into what another person’s experience is.
As such, while balance is frequently discussed (particularly in the academic literature)
as something we can quantify in its end state, if it is ultimately something happening in
the privacy of someone’s experience, we will need qualitative reporting to understand
how our tuning efforts have played out.

If you buy these claims, you can likely skip most of this chapter. If not, in the
following sections I will discuss emergence in games and its role in game balance, what
it means to view game design through a phenomenological lens, and what we can take
from our understanding of “fairness” when considering emergence and phenomenology

in game balance desigrﬂ

3.1 Emergence in Games

Emergence can be quickly understood using the common aphorism “the whole
is more than the sum of its parts”, which is a phrase commonly attributed to Aristo-
tle [405]. Thinkers in the nineteenth century (including John Stuart Mill and G. H.
Lewes) explicated the concept, discussing how the interaction of individual linear causal
elements can result in phenomena with attributes that cannot be understood by exam-
ining the causal elements independently [358]. While the constituent parts of a system
can be well-defined, follow rules, and easily measurable, the presence of multiple ele-

ments within a system produces an overall whole that can be unpredictable, complex,

2This chapter is based on the DiIGRA 2024 publication “Towards Qualia-Driven Design” —see Shields
et al. [435]
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and surprising when put in the context of its founding elements.

Games are a perfect example of how emergence in games is produced at multi-
ple levels of meaning. Most games involve a myriad of inter-connected systems, gearing
together and tweaking one another such that unpredictable and novel outcomes are pro-
duced for the player. An early and easily digestible example of a game-like emergence
lies in John Conway’s Game of Life, where cellular automata following simple rules can
create emergent patterns involving movement, extinction, growth, and so on [145]. For
a more modern example, in The Legend of Zelda: Tears of the Kingdom, a sandbox
environment consisting of game-economy, player stats, game physics, enemy aesthetics,
and a building system all combine to make a game that produces extremely varied and
dynamic experiences for every play session. The player might spy a camp of enemies
below them, including a threatening pseudo-boss NPC prowling around the center of
the settlement. The player normally does not know that the difficulty and spawns of
these enemies are tuned based on the player’s progression through the game, so that the
encounter meets the mastery of the player. The player has a limited inventory of tools
for building physics-toys (vehicles, weapons), and must choose what types of objects
they could build to best distract, defeat, or escape the encampment. Perhaps there is
a treasure chest in the center of the enemies; dangling an incentive for the player to
engage and potentially flesh out their inventory for future encounters. Taken together,
the player is making complex judgments about the enemy difficulty, the physics of the
environment, the economics of their inventory and potential rewards—even though these
systems taken independently could be grasped relatively easily. Such emergence is the

kernel of surprising gameplay, or gameplay that can meet the needs and expectations
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of the player.
For the purposes of this work, we will focus primarily on the emergence in
the game as defined by Penny Sweetser in their textbook Emergence in Games [471].

4

They define emergence as “...the properties, behaviors, and structure that occur at
higher levels of a system, which are not present or predictable at lower levels.” They
specify that local emergence is the behavior in localized sections of the system, while
global emergence occurs in the collective behavior of the system as a whole. For the
purposes of game balance, we might view local emergence as the independent systems
tuned within a game that end up interacting with others. For example, the complicated
evolution of an economy, using drains and faucets to pace the player’s rewards and
inventory throughout gameplay. Global emergence, on the other hand, can be viewed
as the sum of interacting tuned systems resulting in a player experience. Sweetser points
out that there are many game elements and systems that are ripe for emergence: game
worlds, characters, agents, narrative, and meta-social—all of which should be noted to
be common places to tune and evaluate balance. In a way, systems have their emergence
enabled by the tuning of elements of their composition so that they are in balance—
Conway’s Game of Life’s emergence depends on the number of neighbors for each cell
defined within the system’s rules—tuned upward or downward, behavior will change, or
the emergence of the system will disappear entirely. Likewise, if we tune the economy
to be too forgiving and exploitable (or grindy and punishing), the emergence of complex
player strategies to navigate that game economy might dematerialize and cease to be
an engaging system entirely.

Emergence also suggests the existence of inputs and outputs that can be ob-
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served in any system, with the terminal output being the player experience. When we
consider this pipeline for balancing, we see the inputs of an emergent system as the
parameters and composing elements that are available for tuning and modification. In
terms of outputs, we can directly observe metrics of lower-level local emergent systems
that result from tuning during gameplay. However, when we reach that terminal, aes-
thetic realm of player experience, the meaning of our quantitative measurements can get
scrambled or fail to report what is important or successful about the gameplay systems
being evaluated. We still have some measure of quantitative data as reported by the
game (length of time played, number of actions, and so on) but we can only gesture at
what those data mean in terms of player experience if we don’t also collect qualitative
perspectives. Thus, at different levels of tuning balance for different levels of emergence,
we have different procedural and evaluation strategies we have to take—as balance is

ultimately a first-person, phenomenological experience.

3.2 Phenomenology in Interactive Design

Before we dive into balance and player experience, let us take a moment to dis-
cuss phenomenology. Phenomenology is concerned with understanding the “...conscious
experience as experienced from the subjective or first person...” of an individual [453].
Phenomenology was initially formally introduced as an academic discipline in the early
twentieth century by Edmund Husserl, who was frustrated that intellectual analysis was
increasingly being performed in theoretical terms abstracted from human experience.

Husserl opens the field by distinguishing objects of perception and the act of percep-

31



tion as separate, allowing future philosophers to explore the space between experienced
objects and their mental representations.

Husserl had a cadre of acolytes that provided critical dimensions to phe-
nomenology. Heidegger zooms out from perception and includes being, maintaining
that perception and representation are cognitive elements of a more encompassing state
of being. Schutz incorporated social structures into phenomenology, discussing how
experience is informed and reformed by compounding social observations and perfor-
mances. Heidegger and Schutz are important examples to reference in design as they
couch the cognitive, environmental, and social elements of experience as inextricably
tied together. For the HCI community, perhaps the most relevant classical phenome-
nologist is Maurice Merleau-Ponty, who incorporated a naturalistic understanding of
the human body into their analysis of experience [453].

[108] provided a modern approach to phenomenology and technology, in-
terpreting embodiment and phenomenology as critical to interactive design practices.
Embodiment is not physical awareness, and phenomenology is more than first-person
reporting—both are deeply involved with analyzing the totality of being. Dourish’s
work forms a foundation for including phenomenological perspectives in digital design,
establishing guidance to develop a practice oriented toward embodiment and meaningful
actions. [I112] uses a Merleau-Pontian perspective to describe skill acquisition, pointing
out that we do not acquire phenomenal information and then process it for available
options, but rather that an agent “...immediately sees things from some perspective and
sees them as affording a certain action”.

Recently, investigations into how games are played as epistemic and ontological
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activities have yielded insights into video games as culturally and historically situated
frameworks for play. In Miguel Sicart’s work on Playthings, for example, the activity of
play within the framework of things represents a materially situated experience mod-
erated by the presented affordances of the system and the disposition of the user who
engages with it. This reflective nature of video game play, changed by how the user
engages with the video game, represents an acknowledgment that video game play does
not occur in isolation from the world (or body-mind) but rather a situated engagement
between the plaything and player themselves [442].

The private industry has successfully incorporated phenomenology into prod-
uct development. Good design is now popularly argued to stem from a detailed and
diverse understanding of possible user experiences. Dan Norman’s bible on Human-
Centered Design is a hallmark of this pivot: we design for people, not for require-
ments [344]. Norman points out that objects with observed affordances (properties of
things that indicate how they will be used) drive “good” design. The spread of human-
centered design into communities, such as human-computer interaction, has produced
diverse approaches to incorporating phenomenology into practical product development
practices.

For example, “Persona” analysis has been a tool in software development to
capture a diversity of viewpoints when designing products. This type of analysis requires
a research period in which the practitioner must create a profile that reflects a semanti-
cally meaningful user category. Personas then become design and evaluation tools—how
will this platonic persona use the designed system? This approach generally involves

a range of interviews, reading firsthand accounts, and collecting important contextual
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information about a critical customer segment to create a summarized representation
of their goals and capabilities [415].

However, phenomenology in game design extends beyond persona analysis.
Phenomenology was used masterfully by Liel Leibovitz to describe the parallels be-
tween deep video game play and religious exploration, discussing how our continuous
conversation with the rules and mechanics of video games mirrors our larger struggles
with spirituality and religion [267]. From yet another lens, David Sudnow described a
descent into abstraction through engaging with the game “Breakout,” providing a stage
to demonstrate the depth of experience one can gain from games we might now con-
sider simple or outdated [464]. This unique phenomenal experience is not just limited
to gameplay: Game designers and engineers engage in substantially different groups of
phenomenological experiences, as noted by Gladden [I54]. In general, phenomenolog-
ical game design practices involve a conversation between a designer and an audience
surrounding a subset of qualia, informed by the usage (or imagined usage) of the de-
signed artifact by an individual and the predispositions of the individual reporting on it.
This reporting can be quantified and used in further software development, automating
phenomenologically-defined quantitative profiles in advertising targeting, recommend-

ing systems, etc.

3.3 Wait, Qualia?!

In the last section I mentioned a term that may be a bit unfamiliar: qualia.

I use this term because it reflects that the tension around understanding aspects of
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a person’s experiential phenomena has a rich foundation in philosophy and cognitive
sciences. That is, the term “qualia” (singular—“quale”) has been used to describe the
non-representational “phenomenal character” of experience [492]. Qualia can be con-
sidered as the experience of sense data and mind and can only be concretely accessed
through introspection of the agent who has experienced a Quale. I bring this up in the
context of phenomenology (and thus, balance) because it helps capture the idea that
it is not just numbers in a spreadsheet that tells us if a play experience is balanced.
It is the summation of available elements of play experience tied to fairness that does
so, including the emotional and sensory information tied into it. Tuning numbers is
a core part of the process, but knowing how those numbers tie to the variety of phe-
nomenological traits of a player’s quale determines what balancing strategy should be
used.

Laboring the point, a thought experiment consistently used in cognitive sci-
ences that illustrates what Qualia discusses is the experience of a “color scientist” named
Mary. Mary is an esteemed researcher of the color red and has spent their entire life
understanding every physicalist property of color. However, Mary has never been ex-
posed to the color red. Instead, Mary has stayed in their study, religiously pouring over
black-and-white textbooks and diagrams illustrating the wave nature of light, indexes
of what color objects are, and so on. One day, Mary steps outside their office and sees a
red object (a rose) for the first time in their life. If Mary had perfect knowledge of the
color red before seeing the rose, has Mary experienced new phenomena by experiencing
the sight, smell, and texture of a red object? Most would argue that the experien-

tial phenomena of redness fundamentally differ from the literal knowledge learned from
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Mary’s research [215]. While this thought problem is meant to illustrate what qualia
are and are under continuous debate, it highlights how reductionist enterprises strip
away seemingly critical components of experience to the researcher Mary. Many would
intuitively say that Mary has experienced a new color-related phenomenon by having a
new quale about redness. In this regard, we gain a new theoretical tool for investigating
the phenomenon of redness: one that is non-representational, crosses and unifies sense
data and is seemingly critical to the agent’s being in the world.

To illustrate how this relates to balance: Brie Chin-Deyerle, a designer on the
Halo series, mentioned how a heatmap of a specific level showed an overwhelming bias
towards a single “pit” in the level for combat. The players would descend into the pit
and inevitably die there, causing the area to glow bright red. On analysis of playtesting
recordings, the designers noticed something interesting—it wasn’t the geometry of the
level causing the bias, but that players seemingly did not know how to navigate out
of the pit. The pit was dark and lacked lighting cues for exit ramps, so players didn’t
realize they existed. A tweak of the lighting in the pit caused the combat heatmap of
the level to balance out. In other words, the sensory information balanced the game
environment, not the tuning of level geometry, sniper sight-lines, and so on. Returning to
our understanding of balance as deeply connected to fairness, we might consider fairness
as an element of qualia—it ranges from a bottoms-up feeling or top-down thought that

tells someone that something is not quite right for them in the present moment.
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3.4 A Framework for Designing Around Qualia

Throughout this work, you will notice that I tend to put processes in terms of
theoretical frameworks and conceptual architecture. This is intentional—the specificity
of audience, context, and design goals means that oftentimes getting heuristics for how
we will design is of more utility than overly-opinionated implementations. The range
of balancing definitions alongside the scope of potential desired player qualia means we
will likely have to make bespoke solutions for every new game or audience we design for.
That being said, having framing for how to approach building those bespoke solutions
means we walk in with a strategy to digest a problem instead of struggling with a truly
blank canvas. The frameworks I present are also always iterative to keep the “looping”
nature of releasing and playtesting games. In reflection of how real-world game design
works, we rarely hit the bullseye on the first dart. Instead, we throw the dart, see how
it landed, adjust our aim, and try again.

As such, when we consider the multi-modal nature of qualia in game and
balance design, I have put together a framework for how we can go to a system from an
imagined and researched player experience. This framework consists of four major steps,
each revolving around how we investigate and implement game experiences guided by
the framing of design around qualia. A visual of this framework is shown in (3.1}

In the “Qualia Generation” step, the aim is to prompt the qualia we seek in
play, either through engagement with the play artifact itself or through other modes
of approximation. You might play Journey[476], or you might go into the desert to

experience what it is like to frolic in the sand to inform a core game element of Jour-
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Figure 3.1: A conceptual overview of how qualia-driven design practice. It focuses on
the movement from conceptualizing the context of a desired experience, performing
a variety of qualitative/quantitave observations about the experience, encoding those
observations in game properties, and releasing the game for playtesting. The playtesting,

in turn, creates more contextual experiences to be digested in future iterations.
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ney (See Figure [116]. Aside from surface level observations, diving into qualia
requires understanding the situatedness of the experience. It is not just the things seen,
but the thoughts evoked and experienced, the emotions felt, the social and economic
factors at play, and so on. Understanding all of this context leads to the second step
of the process “Qualia Conversion”. This involves using evaluation strategies to get
at the kernel of those experiences—defining personas, adding in participatory design,
observing playtesting. The goal is to get actionable communication about the qualia
into a design language. That design language, in turn, needs to be implemented in the
computational environment of the game itself—“Qualia Encoding”. This step requires
us to ask questions around how rule sets and play environments get at the qualia we
desire to evoke. This ultimately results in an artifact that can be used iteratively to
generate more rounds of qualia-driven analysis.

This framework should not be taken as a set of explicit steps that must be fol-
lowed. Indeed, many designers already have the qualia from prior experience that inform
their initial designs. Sometimes, this loop is very explicitly formalized, especially as it
relates to playtesting-design cycles. The loop isn’t meant to be taken as a novel method
of working, but rather a description of how we already work, with guidance on steps we
may miss out on during the design process. For the purposes of balance, especially in
academic literature, it frequently is the case that researchers skip or under-emphasize
the importance of “who” and “what experience” are, which is why phenomenology and
qualia are so heavily emphasized in this chapter. Given the connection between balance
and fairness, we can now frame and investigate fairness as an element of qualia that we

are designing for when we discuss balance.
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Diffuse contrast

Figure 3.2: In a GDC 2013 talk, John Edwards describes how team outings to beaches
and dunes allowed the translation of the entire experience into the setting of the game
Journey.
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3.5 Balance as Fairness, Fairness as Qualia

If we take that balance is deeply related to fairness, we must ask the question—
what is fairness? I argue that fairness can be seen as a Quale [], something we feel and
think about in our inner lives in response to some event. I am not going to claim
expertise in cognitive or social science—instead, I will draw from these sources to build
a holistic image of considerations we should have when thinking about fairness (and
thus, balance design).

First, we can look to dual process theory from the cognitive sciences. The dual
process theory proposes that humans have two distinct channels of reasoning (one fast
and emotional, the other slow and logical) [34]. Although this is often generalized, this
theory has a specific application in moral psychology that is relevant to our discussion
of fairness. The moral variant of this theory extends fast/slow processing to the realm
of moral reasoning [163]. The fast system relies on ingrained, automatic-emotional
reactions to moral situations. In regards to balance, this might be felt as that feeling
in your gut that “whoa, what the hell, that should not have killed me!”. This intuitive
response is a mixture of nature and nurture, and can be observed in young children and
even animals when faced with unfair situations [38, 51]. On the other side of things,
the top-down, logical side of fairness judgments come from what we know and think
through in regards to a situation. In balance, this would be reflected by reviewing a
tournament analytics sheet and realizing “weird, one strategy was selected 75% of the
time. Something about it must be broken!” Figure shows a simplified version of how

the interaction between a game and a player “gut” and “brain” leads to the experience
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Figure 3.3: A visual demonstration of how the dual process of moral judgments is
connected to game balancing. Balancing occurs from the interaction of the player and
the game, with a mediated judgment of fairness of the game experience producing
a balance judgment. This makes game balance and the act of a designer balancing
a distinct sub-category of global game design, which may emphasize or isolate other
aspects of qualia while developing a game.

of game balance.

Although early formulations of dual process theory presented these modes more
as a competitive dichotomy, it evolved into an understanding as a spectrum of influ-
ence between systems with interaction between the two systems that takes place and is
regulated through neurological systems [164]. The conceptualization of competing and
coordinating bottoms-up moral reactions and top-down logical reasoning allows us to
consider the situatedness of critical social, economic, and identity in our understand-

ings of fairness. Our histories with our environments are encoded into our emotional

42



reactions, and symbolic knowledge about them can influence our moral decision mak-
ing. Thus, when considering fairness/balance, our rationale for the qualia should extend
beyond the immediate game environment. What does the audience of the player view
as fair? What does their background tell us about what a balanced experience would
be for them? Additionally, if there is an interaction between these cognitive systems,
we might also consider how long-term play changes perceptions of fairness over time.
An example of this might be “tilt”, in which an initial failure by a player cascades into
an increasingly negative affect, which causes more mistakes and reactions of frustra-
tion [95]. On the other end, a player entering a competitive scene might feel shut down
by the skill levels of their opponents, but learn that a mindset that focuses on learning
from mistakes instead of reacting negatively provides a far more rewarding experience
for them.

It should not be taken that the dual process theory is a proven cognitive
fact from my usage of it here. Instead, I view it as a helpful model for the types
of visceral balance felt in someone’s embodied phenomenological experience. It gives
us a broad view of what factors to consider when designing for fairness and balance,
which is perhaps the most important perspective to utilize when starting to design for
balance. Through this lens, the seemingly white light of defining and designing for
balance becomes a kaleidoscope of color and definitions, each reflecting ways in which
we can frame our tuning practices. Using this lens gives us clear boundaries between
game balance implementations and the larger scope of game design at large—balance

considers game design as it is applied to the experience of fairness specifically.
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Part 11

How Do We Design and
Proceduralize Balance for a

Game?
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Chapter 4

Taxonomizing Balance

“You're not trying to please everybody.

Balance? For who?”

Oscar Gonzales, Founder of Cool as

Heck Games

It is finally time—after gesturing broadly at what balance is, we are going to
dive into getting into the nitty-gritty of what it is. As is the answer to many questions
about complex topics, the answer is “it depends” at a high level. That being said, there
is a clear scope we can pull out of the discussions we can observe about the topic. We
can take this unwieldy bundling of concepts and contexts and (to borrow the term from
Schell [420]) lens it into an organized taxonomy of terms. We need this taxonomy to
capture the full landscape of how we talk about game balancing. The term loses its
significance (and power, reproducibility) if we take it at face value and intuitive defini-

tions. Using the term in this way often suggests a broadness, when in reality a narrow
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subsection of balance is being explored—a taxonomy helps us build a communicative
substrate through which we can make better “apples-to-apples” comparisons instead of
having two ships pass in the night during design discussions.

I want to be clear in this chapter—I do not believe any singular (or multidi-
mensional) definition of balance is wrong; I tend to think they are nearly entirely valid.
Instead, I want to search for and propose a definition hierarchy that captures all of these
definitions while providing a singular thread for us to talk about and focus the practice
of designing (and proceduralizing) game balance. Knowing this thread not only helps
us research and design in the early stages, but also gives us a footing for evaluation and

development of algorithmic fitness functions better suited to our design goals.

4.1 Background

4.1.1 Balance Fragmentation

While chapter [2| gave an introduction to the diversity of balance definitions, it
is worth it to get a bit more nuance on this spectrum of interpretations. To give some
quick examples of the fragmentation of balance definitions: Publications will often use
different definitions in different game contexts (e.g., number of players or game genre)
with different evaluation criteria and methods. For instance, Olesen et al. [348] focuses
on player challenge balancing in an RTS game, while Gerling et al. [I50] examines
balancing games to include those of varying degrees of physical ability. The diversity of
definitions is exacerbated by the context in which they are used—sometimes in single-

player, sometimes in multiplayer, sometimes in massively multiplayer online role-playing

46



games (MMORPGs), sometimes in fighting games, and so on. The work analyzed in this
chapter covered a wide range of studies focused on a wide range of genres and games.
For a more detailed dive into this side of the data, see appendix [C] Given the diversity
of definitions and contexts, game balance can be viewed as a multidimensional concept
that has a separation between the various ways it is applied to different systems [422].

Even where authors acknowledge that the term is multidimensional, authors
tend to give different sets of components to the term. For example, Becker and Gérlich

¢

[33] breaks balance down into roughly four aspects: “...characteristics of well-balanced
games, meaningful decision options, player skill, and the prevention of dominant strate-
gies”. Their analysis included 14 publications across academic and practitioner sources
and used semantic analysis, noting that, although there were overlapping concepts,
sources generally had different understandings of the term. Meanwhile, Pfau and Seif
El-Nasr [369] settled on four categories in the context of the MMORPG Guild Wars
2 [21]—viability, symmetry, fairness, and difficulty. Another paper considers balance
from various perspectives on tuning to include players of diverse skill levels, stating “the
trick is to stay behind”, seemingly contradicting work that focuses on more competition-
or difficulty-oriented visions of balance [I57]. Schell [420] notes 13 different dualities in

balance, and Fullerton et al. [I38] notes 4. In developing a taxonomy, I want to capture

all of these sub-definitions and ensure future nuance can be captured.

4.1.2 Values of Taxonomies in Game Design

Taxonomies are crucial to advancing science and knowledge as a whole—they

provide structured terms and definitions to organize a given topic. Creating taxonomies
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helps to make specialized knowledge with a level of complexity or textual diversity
clear and usable to readers [259]. Taxonomies specifically help us organize and classify
information in such a way that communication and collaboration between researchers
and designers occur with less friction [538]. Taxonomies also enable the challenges
caused by vague definitions to be addressed, while opening the door for cross-discipline
interactions in research to occur [493].

Video games have had many taxonomies developed around them, aiding re-
search in serious games [288], visual styles [81], game artificial intelligence [167], and
player feedback [487], to name a few. In order for a taxonomy to be useful, it must
employ rigorous methods, including techniques such as literature reviews and coding
exercises to ensure that they accurately reflect a specific area of research [345], [336]. As
a taxonomy for game balance employing these techniques does not yet exist, there is a
marked opportunity to improve how research is performed in the domain of video game

balancing.

4.1.3 Game Balance vs. Game Balancing Strategies

There is something important that I want to preface before continuing this
chapter—delineating definition and practice. There is a marked difference between the
strategies used to balance games and the definitions of balance that are focused on.
A prominent example of this is Dynamic Difficulty Adjustment (DDA), which aims to
adjust difficulty for a player based on their current level of engagement. While some
might be tempted to define this as a category in and of itself, it can be applied to a

wide variety of differing use cases: adjustment for personality traits [4871), 322} [182], diffi-
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culty [126], [198] [182], 447], economies [126], 198], or player inclusion [26]. Automatic Game
Balancing (AGB) has similar traits and leverages many sub-approaches—reinforcement
learning to balance for difficulty [14] or player inclusion [387], deep player modeling
for variability of player choice and strategy [370], or evolutionary algorithms to achieve
variability of strategy while maintaining a balanced competitive landscape [323] 433].
The content of this work does not attempt to taxonomize specific methods and targets
of balancing as they can be used in a wide variety of balancing definitions, instead
focusing on the high-level goals and definitions of balance as a whole. An important
distinction to note in the game balancing strategies is between static balancing and
dynamic balancing. Static balancing refers to strategies that are used during the design
of a system but do not change in response to player actions. Dynamic balancing refers
to the runtime alteration of a game to impact the performance of a player [16].

While I put aside balancing strategies explicitly in this chapter, the next two

chapters focus on the subject—stay tuned.

4.2 Methodology

As highlighted in previous sections, there is a wide variety of balance research
in academia. Any given set of papers will operationalize balance differently, use a myriad
of techniques to achieve it, or evaluate various related outcomes. In order to encapsulate
this diverse range of perspectives and identify the varied aspects of game balance, we
(myself, my advisor, and two undergraduate students) constructed a taxonomy of game

balance. First, we conducted a comprehensive literature review of 95 academic papers
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Figure 4.1: An overview of our literature collection and thematic analysis process.

that define balance. We then performed an inductive thematic analysis [413] to identify

and group related codes and concepts that arose from the corpus. This resulted in four

key themes with eight underlying concepts. We detail the methodology and process in

more detail below.

4.2.1 Methodology

Search Strategy and Data Collection

For the search strategy, we identified an initial set of relevant terms for game

balance to search within an academic database.

The initial list of search terms we

identified were: “Game Balancing”, “Game Balance”, “Video Game Balancing”, and
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“Video Game Balance”. Once the search terms were finalized, we searched Google
Scholar for each term individually and reviewed the first 100 results. Importantly,
we restricted the dates of the search from January 2000 to December 2024, as this is
the time frame when most literature on game balance emerged. Any publication that
appeared relevant through title, abstract, or key words was collected and added to our
game balance corpus. This process yielded an initial set of 42 publications.

After our initial pass, we then utilized snowball sampling by reviewing the
collected publications and identifying any relevant key terms that could also be used to
perform iterative searches [328]. Examples of terms used for subsequent searches were
“Dynamic Difficulty Adjustment”, “Game Skill Balancing”, “Game Economy Balanc-
ing”, and “Game Balance Definition”. See figure for the full list of search terms
utilized. Each of these subsequent searches also reviewed the first 100 results, where
publications unrelated to game balance or already collected were excluded. At the end
of all searching, we ended up with 108 total publications in our corpus for review.

We then validated and refined the corpus by identifying exclusion criteria and
performing a final pass to remove any papers that did not meet the criteria. Namely,
our criteria excluded any work that 1) referred to physical balance instead of game
balance, 2) was not peer-reviewed (e.g. Dissertations or Master’s Theses) or unrelated
to game development, and 3) was a duplicate of another work already in the corpus.

This resulted in a final list of 95 publications for analysis.
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Inductive Thematic Analysis

In order to analyze the corpus and generate a taxonomy of game balance, our
team of researchers performed an inductive thematic analysis [84][329] on the definitions
and evaluation methods for game balance provided in each paper. We chose to use
inductive thematic analysis because its bottom-up approach is best suited to capture
the wide range of theories and reasoning underlying the many different definitions of
game balance. Inductive thematic analysis is also particularly useful when exploring new
terrain [84], such as a taxonomic understanding of balance. We followed an inductive
thematic analysis approach by performing the following steps: familiarizing with data,
generating initial codes, iteratively grouping codes and searching for themes/concepts,
and reviewing and defining the themes [329]. A visual representation of our overall
methodology and process can be seen in figure We discuss each step in more detail

below:

e Familiarization with Data—Three members of the research team went through
each paper in the corpus to extract relevant text on game balance. They specifi-
cally targeted the introduction, related work, and discussion sections of publica-
tions, as they most frequently included explicit definitions of balance along with
an identification of the important considerations and impacts of balancing a game.
The team paid special attention to the evaluation sections of the publications as
they demonstrate which key concepts are relevant to balance based on how they
measure success quantitatively or qualitatively. The team also reviewed several

game designer videos on Youtube (Game Maker’s Toolkit [A88|, Masahiro Sakurai
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on Creating Games [349], Adam Millard—The Architect of Games [347]) to give

a strong primer on game balancing.

o Generation of Initial Codes—The research team collectively performed an
inductive coding process, reviewing the collected publications for key terms related
to game balancing (e.g. “challenge”, “low-skilled”, “fairness”). Each publication
would produce a list of unique codes. Repeated usage of the same term within
a paper was only counted once for that paper. This coding process resulted in a
raw count of 1952 terms across all papers. These terms were then counted and
consolidated into a list of 942 unique terms. Consolidation was performed using a
simple Python script that counted repeated terms and created a frequency count
for terms with the exact same wording and spelling. A link to this script can be
found in the appendix. The team found that terms were classified into one of three
categories: definition (relating to defining or describing the balancing process and
its outcomes), method (related to the purely procedural approach used to achieve
some aspect of balance), and target (related to a specific game element such as
aiming that could be employed during a balance adjustment). For the purposes of
this work, we focused on codes related to definitions, as methods and targets were
definition agnostic and did not help inform what subcategories of balance might
exist. By eliminating terms that exclusively related to methods and targets, we
were left with 527 unique codes that had 1196 total appearances in the collected

publications.

e Iterative Code Grouping and Searching for Themes / Concepts—From
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the finalized list of initial codes, a round of clustering via axial coding [424] was
performed to consolidate similar or related codes into a smaller list of unique
codes. For example, the codes “close matches”, “successful scoring events are
close”, “narrow score margins”, “similar scores”, and “similar success rate from all
players” were combined into the new code “close-scoring matches”. All instances
of each constituent code were summed, providing an appearance frequency for each
new clustered code (e.g., “skill” codes ended up with 43 total appearances after
summing similar terms). This produced a list of 105 “clustered” codes. We then
repeated this clustering process until the codes were refined enough to identify key
game balance concepts. The end result of this phase identified 15 key concepts

that formed seven overarching themes.

Reviewing and Defining Themes—When reviewing concepts and themes, the
team identified that they focused on two uniquely different aspects: taxonomic and
contextual. Taxonomic refers to explicit descriptions of game balance and how it is
defined. Contextual refers to the context in which balance applies (i.e., its audience
identification, desired outcomes, and fairness). The taxonomic category contained
four themes and eight underlying concepts with a total of 65% of code appearances,
while the context category contained three themes and seven concepts with a total
of 35% of code appearances. For the purposes of this work, we chose to only include
the taxonomic aspects due to the wide generalization of contextual codes, which

could be applied to any given definition of game balance.

A Sankey diagram showing the consolidation of terms can be seen in figure
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Figure 4.2: A Sankey diagram showing the consolidation from codes to code groupings
to concepts to themes. There are 15 total concepts and seven final themes. The bottom
three themes relate to the general process and context of game balance, while the top

four themes constitute key taxonomic categories of game balance definition.
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Figure 4.3: A bar graph showing the frequency of codes sorted by theme. Difficulty has
the highest allocation by a large margin.

and a bar graph showing the frequency of codes against each group can be seen in
figure A link to the full dataset and tooling used to visualize the data can be found

in the appendix.

Positionality Statement

The literature search was conducted by four members of the research team:
two undergraduates (one male, one female), one PhD candidate (male), and one pro-
fessor (male). All members of the research team came from the same institution and
department, which is focused on media development and games. All four members had
prior experience playing and developing games, while the PhD candidate and professor

had prior HCI and game research experience. The thematic analysis was performed by
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three members of the original four person team—one undergraduate (female), one PhD

candidate (male), and one professor (male).

4.3 Results—Taxonomy of Game Balance

Our taxonomy indicates that there are four key themes underlying the defi-
nitions of game balance: competition, difficulty, multimodal aesthetics, and the
decision space. These represent the multidimensionality of balancing, showing that
there are multiple possible ways to define balance (and subsequently implement and
evaluate it) depending on the context of the game and desired goals. These taxonomic
categories are further broken down into eight underlying concepts, providing a more
nuanced understanding of the key aspects of each theme and the breadth of design fo-
cus that game balance addresses overall. In the following subsections, we review each
category/theme of the game balance taxonomy as well as their underlying concepts. A
visual representation of our taxonomy can be seen in figure 4.4

As mentioned in the previous section, we also identified four additional themes
related to game balancing: desired outcome, audience identification, and fairness.
However, these categories are more focused on context and informing the design of game
balance as a whole, rather than explicitly differentiating the various aspects of game
balance. As a result, they are more appropriate as general considerations for the design
of balance than as taxonomic categories themselves. See section[4.3.1]for a more in-depth
discussion of these context themes that we identified but ultimately did not include in

the taxonomy presented below.
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Through our results, I propose a central definition for balance that acts as the

root for all sub-definitions presented in the coming results:

Game balance is the result of designing game systems to have a level

of perceived fairness for a given audience based on a designer’s goals.

This forms the core of all other specific definitions of balance, with careful

wording to cover edge cases and conflicts I have noted up until this point:

1.

“..designing game systems...”:

This signals that balancing is a design process
when building a game to get the result of a balanced game. Designing in this

manner encapsulates modification of parameters, tuning, and so on.

“..level of perceived fairness...”: Balance is oriented around the qualia of fairness—
but the goal of balance is not to make every experience feel positively fair. Asym-
metric balance, hidden balancing, punishing games all point to unfair situations

still considered as game balance.

“..gwen audience...”: Fairness is subjective and internal; one individual (or set
of similar individuals) will have wildly different understandings of what is fair.
Saying that the sense of fairness in a lifelong gamer is the same as someone who
has never picked up a controller is foolhardy. Whether implicit or explicit, the

identities of our players have an impact on how balance is understood.

“..designer goals...”: Balance (and fairness) as an emergent outcome means that
the designer is trying to say something through their balance design. A party

game might seek to playfully include, a horror game might seek to make things
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feel insurmountable or out of control. Determining what sense of fairness is being

designed for aesthetically is crucial for every downstream approach to balance.

4.3.1 The Core of Balance—Desired Outcome, Audience Identifica-

tion, and Fairness

Through the methodology presented, we ended up with seven core themes.
While four of these refer to sub-definitions of balance (Difficulty, Decision Space, Com-
petition, Multimodal Aesthetics), the other three (Desired Outcome, Audience Identi-
fication, Fairness) ended up applying to game balance regardless of which definition of
balance you apply. From this, I reasoned that their universality points to the foundation
of game balance and balancing practices—designers want some desired outcome for an
audience that revolves around fairness. This gives us the generic definition we covered
above. Through specific applications of this central principle, we get the diverse range

of balancing practices we will detail below and in the following chapters.

Fairness

This balance context draws on the common idea throughout most of the litera-
ture that suggests a prevalent thread of balancing systems is creating a sense of fairness
in users while they play. Fairness is subjective and just as hard to pin down as balanc-
ing and, as such, requires consideration of the goals, audience, and taxonomic direction
of their system in order to evaluate clearly. This is not only important to understand
balancing success in an audience, but also crucial to understand while implementing

automated or generative approaches, as many of these approaches require converting
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Variability

Figure 4.4: A circular graphing of a taxonomy of game balance. The inner circle has the
four main taxonomic categories—difficulty, multimodal aesthetics, decision space,
and competition. The outer circle has the eight subcategories—narrative, feedback,
metagame, variability, differential skill level, similar skill level, flow, and pacing. The
center of the ring represents the core definition of balance elaborated in m
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what the designer thinks is an important evaluation metric into a fitness function that
can be used for automated scoring of different system outcomes; especially in genetic

and neuroevolution techniques [268| 13, 104} 378, B91].

Audience Identification

This balance context is critical to recognize, as the preferences of the user will
directly impact how the balancing system is perceived [481] [30, 186]. Even in terms
of straightforward concepts like flow, audience identification can have major impacts
on balancing outcomes. For example, Baumann et al. [30] posits that “...there are
considerable individuals differences in the extent to which people seek and are able
to self-regulate experiences of flow and enjoyment”. As such, someone designing a
game like Mario Party [196] might want to target balance for audiences with a wide
variety of skill levels, as families of different ages or large and diverse friend groups
would be intended to play together. This would indicate that they are balancing in
the differential skill level concept of the competition theme and need to adjust their
design considerations accordingly. As such, audience feedback from a wide range of skill
levels playing together should be of higher priority than those who prefer games where
increased mastery and experience give them distinct advantages over other players. Even
beyond balancing within the game system itself, audience understanding is critical to
modulating how balanced a game is as perceived by its players. Jeff Kaplan stated in a
blog post concerning the balance of Overwatch [41] that “the perception of balance is

more powerful than balance itself” [231].
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Desired Outcome

This balance context relates to the specific measure of what a designer intends
to accomplish in the context of a specific game as it relates to balance [506], 36, B78,

235, [70]. This encompasses the themes of:

1. Balancing goals— What are the intended outcomes of balancing?

2. Multidimensionality—What are the relevant categorical themes for the balancing

goals?

3. Designer Strategies—What is the appropriate design method to achieve balancing

goals in context of relevant themes?

Using these themes is critical to understand what outcomes we want from the
game balancing process and applies to all contexts of game balance. As Beyer et al.
[36] states—“Game balancing is the process of finding a rule-set and corresponding
parameters such that the resulting gameplay defined accordingly satisfies certain design
goals, such as fairness.” Setting balancing goals in particular helps understand why a
balancing system is being implemented in the first place—are you looking for a positive
affect in your users, developing a deep and rewarding competitive eSports scene, or
ensuring that one balancing system interacts gracefully with another? Answering these
questions helps set the tone for the system and helps identify which areas of the balance

taxonomy to focus on during design and development.
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4.3.2 Difficulty

The category of difficulty in game balance refers to setting the challenge of
the game to appropriately address a player’s capabilities [500]. For instance, Andrade
et al. [16] puts it this way: “Balancing a game consists in changing parameters, scenarios
and behaviors in order to avoid the extremes of getting the player frustrated because
the game is too hard or becoming bored because the game is too easy.” As such, when
considering game balance in the scope of difficulty, careful consideration should be placed
on establishing the long-term pacing of the game and short-term management of the

player’s sense of flow.

Pacing

Pacing is the long-term establishment of player progression throughout game-
play and is related to the sense and speed of progress [30]. This is a key aspect underlying
difficulty as games can directly control the speed of pacing to increase or decrease the
sense of difficulty that a player faces over a period of time. There are a variety of
approaches to control pacing, such as increasing/reducing the number of enemies or
obstacles [312], [97], adjusting enemy difficulty through changes in behavior or health
points [I84], using a difficulty curve or difficulty spikes to modulate pace as the player
gains mastery [33], and increasing the available areas to explore or abilities required to
progress as the player character increases in strength and capability. Importantly, acces-
sibility options can also affect the pace of games—Celeste [294], for example, provides
a wide range of alterations in game rules that can be used to better fit the difficulty

desires of the player [243].
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An important area of pacing that frequently arose from the corpus is the
modulation of economic game systems. These control the pace of rewards, relating to
in game currency, resources, and experience [126]. Ranandeh and Mirza-Babaei [379]

“...economic systems that are fun for both newcomers and

summarizes this concept as
experienced players, maintaining a balance between supply and demand, preventing
hyperinflation, establishing effective exchange mechanisms, and number and purpose of
economic resources.” Rupp and Eckert [407] states that “a game’s balance is thereby
heavily influenced by the design and configuration of its internal economy which defines
how virtual resources are created and can be transitioned to other resources.”
Economic control of pacing as well as enemy volume and difficulty also provide
many dynamic ways of controlling pacing throughout the game. For instance, a game
might watch a player’s failure rate and dynamically control the volume or placement
of enemies (such as in Resident Evil 4 [67], where repeated game over screens changes
enemy distribution) or the placement of resources to manage tension of players in a

team (such as in Left 4 Dead [498] or the Hamlet prototype [198], where power-ups and

rewards are dynamically distributed in response to player performance.

Flow

Flow relates to managing the difficulty of a game to keep a player in a flow
state [331] by keeping the challenge balanced between too frustrating and too boring [30),
262, 26]. Notably, flow was the single most frequent term in the balance literature (101
occurrences), and is often the default approach for understanding how and why balance

relates to challenge and difficulty across a game. Flow can be viewed as the short-term,
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immediately perceivable version of overall pacing—i.e., it deals with the current affect
of the player in response to obstacles being presented to them at that moment [262].

Although flow is mentioned in relation to static balancing approaches, it is a
major focus of dynamic balancing, especially in terms of dynamic difficulty adjustment.
As dynamic difficulty adjustment is one of the larger focuses of the overall academic
literature on game balance, it is frequently used both as a design technique and as
an evaluation mechanism [30] for engagement and positive impact outcomes in users,
as higher levels of flow are hypothesized to result in better player experiences [472].
Dynamic approaches to flow need to consider player performance in some quantified
metric, then provide adjustments to game elements, behaviors, and rule sets according
to those metrics in the hopes of correctly hitting the right balance between frustration
and challenge.

Achieving flow also depends greatly on the audience for which the game is
designed [503]. For instance, fans of the “Soulslike” genre might appreciate a higher
difficulty curve with frequent failure states that might be frustrating to other players.
In contrast, family-oriented games such as the Mario franchise provide gentle learning
and difficulty curves that are suitable for novice players but may be perceived as too

easy for players who want a higher level of challenge.

4.3.3 Competition

Competition involves understanding game balance from the perspective of
tuning a game so that the game appears fair in context of player skills in environ-

ments where players can be compared to one another. This category is important as
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it addresses game environments that are intended to highly trained competitors (e.g.,
eSports), but also in cases where players of varying experience and ability are being
compared to one another. This can exist on a spectrum, with one end prioritizing equal
win-rates between players of similar skill, while the other end deals with prioritizing
equal win-rates between players with gaps in skill and/or ability. This category is rel-
atively split in the literature (nearly equal appearances of codes—94 for “Differential
Skill Level” and 71 for “Similar Skill Level”). These works broadly include discussions
of how to balance games so that one player does not have an unfair advantage, how to
balance games to include people with varying experience, and how to design games that

are inclusive to people with different abilities.

Differential Skill Level

Differential Skill Level is a concept under competition that focuses on adjust-
ing difficulty to include players of differing skill levels such that they have the ability to
reasonably compete with one another. Vicencio-Moreira et al. [503] claim “Player bal-
ancing is a solution to this problem; it involves making different adjustments to the game
mechanics for different people, in order to help equalize the performance of stronger and
weaker players.” This definition is sometimes referred to in context of rubber-banding
implementations, where player abilities are inversely moderated based on their current
performance (rewards if performing poorly, punishments if performing optimally). A
commonly used implementation of this is in the Mario Kart [114] series, where players
in last place receive markedly more powerful items and speed boosts than those in first

place.
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Crucially, differential skill level can apply to both learned and innate ability,
allowing for the support of inclusivity in game design. For example, Gerling et al. [I50]
explored balancing a rhythm game focused on dexterity to include players in wheelchairs.
A static approach to this style of balancing is providing handicaps, mirroring sports such
as golf to proactively give lower-skilled athletes a chance to compare with higher-skilled
athletes [29]. Dynamic approaches to inclusion could moderate character abilities in
response to performance compared to peers (such as in the rubber-banding example
above) in real time. Inclusive approaches are frequently applied in contexts where the
diversity of player skill is difficult to predict, yet the developers intend for all to be able

to jump in and enjoy themselves with relative ease.

Similar Skill Level

Similar Skill Level is when games have difficulty tuned so that players of equal
skill can compete with each other with a relatively equal win rate. Beau and Bakkes [31]
provides the definition that balance “...entails that every player, given they possess equal
skill, should have the same probability of winning the game.” An important distinction
from the differential skill level concept is that similar skill level aims to have players of
equal skill have equal win rates—but a higher skilled player should frequently win against
a low skilled player. This definition is particularly relevant to eSports environments,
where players expect to be performing on an even playing field. Classical symmetric
games with open information, such as chess and go, set a baseline for this style of
balance, as it equally provides game strategies and information to players, putting player

skill in the foreground. This is evidenced by [486], which uses balancing strategies
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to attempt to select competitively and aesthetically balanced alternative versions of
Chess. Competition involves having a deep-enough play space such that mastery and
development of novel strategies are ongoing and constant, providing depth, counter-

picking, and a rewarding sense of skill development over time.

4.3.4 Decision Space

The decision space taxonomic category refers to the ability of players to
make a wide variety of meaningful decisions that do not produce large power imbalances
depending on the specific strategy selected by a player. The goal of this style of balance
is to provide both a wide range of options to suit different playstyles. As such, exercises
in implementing and tuning games with a large decision space involve analyzing overall
performance of different strategy selections against one another while also providing
clear failure states for ineffective strategies so that players can learn what is a valid or

optimal strategy to use in a game environment.

Variability

Variability concerns the existence of a variety of game mechanics and progres-
sion paths such that pursuing different paths involves meaningful choices. Touching on
concepts from both the “similar skill level” and “differential skill level” competition sub-
categories, it seeks to include players who pursue different sets of experiences and play
expression while maintaining the difficulty appropriate to a given game context. The
management of underpowered and overpowered strategies is often emphasized in this

category, as having these strategies undermine the ability of a player to pick strategies
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that suit them and still be successful in the game. In a discussion on “Hearthstone” [121]
deckbuilding, de Mesentier Silva et al. [101] states the danger of a lack of variability
balance: “In an unbalanced game, there may be a single degenerate strategy that is un-
beatable or it may be impossible to play a particular character class well. Such a game is
essentially broken and experienced players tend to quickly lose interest.” This variabil-
ity promotes healthy competition as well as enables player expression and support for
different player dispositions as they can select strategies, controls, and gameplay that
matches their preferences without experiencing notable differences in challenge. Player
expression, in this context, denotes how a player navigates through a range of meaning-
ful game choices and playstyles according to their desires instead of being confined to a
singular or repetitive approach [510].

Variability can be achieved through several methods, e.g., introducing a range
of playable characters, items, abilities, or control strategies [217]. The ability to create
permutations of these game elements increases the combinatoric possibilities of the play
space. This increased combinatoric complexity in turn emphasizes player expression
and making part of a given game about explicit performance. Naturally, creating a
game with this level of complexity and depth can exponentially explode the number
of branches in a system that need to be evaluated. This complexity is frequently ad-
dressed by proposing procedural or simulated approaches (such as [390] in the context
of Pokemon [142] team building) to rapidly test a wide decision space before launching

an initial version [409].
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Metagame

The interactions between community members and developers can change the
experience of the game. This also can happen as a result of interactions between mem-
bers of a game’s community, as well as from independent observations from an indi-
vidual over time. All of these impacts are related to the metagame mode of decision
space. Reis et al. [390] differentiates this from the form of balancing in run-time, pro-
viding “metagame balance is an inverse process where strategies are stimulated to be
selected by players before a game starts by tuning game elements.” This definition points
to both the relative strength of a given strategy and the selection process by players in
individual and community settings. It is important to note that while the literal and
quantitative measures of a game certainly impact a metagame, this concept is more
directly related to the perception of a player base and the observations collected over
time.

The metagame often depends on having a constituent community playing the
game, communicating with one another, and communicating with the developers of a
given game. Players, through gameplay and the ensuing conversation, identify decision
strategies that are most likely to find success in a game environment given their goals.
This conversation can not only focus on identifying optimal strategies, but also create
new modes of gameplay to fit new criteria. For example, the Magic: the Gathering [395]
community has created formats such as “pauper”, where rare and expensive cards are
excluded from the gameplay environment to focus on a more budget-friendly yet com-

petitive play environment. Methods for addressing metagame often rely on collecting
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and analyzing gameplay metrics and tying them to player personas, specific decision
space strategies, and win/loss rates. For example, Pfau and Seif El-Nasr [369] utilized
deep-player analysis in the game Guild Wars 2 [2I] to evaluate where weaknesses and
strengths existed across class selections and their frequency of selection in a community.
These weaknesses, strengths, and selection rates are then addressed through ongoing
patches, “buffing” and “nerfing” different game elements to try and achieve an equilib-

rium [222].

4.3.5 Multimodal Aesthetics

The multimodal aesthetics category focuses on the aspects of balance that
depend on the interplay of aesthetic qualities such as narrative beats, rule cohesiveness,
enjoyability, or visual and audio feedback. Multimodal aesthetics is a somewhat broad
category, but generally relates to the overall “harmony” of game elements in a wide
spectrum of categories. Loebel and Koubek [287] phrases it thus: “Video games can be
balanced in several aspects, such as presentation, narration, game experience and game
mechanics.” In essence, this dimension of balance focuses on delivering the aesthetic
rewards that an audience might desire. For instance, horror games might restrict re-
sources and feature high spikes of visual and audio feedback, while a Cozy game might
give a consistent curve of rewards and audio/visual feedback. Aesthetics also underlie
many gameplay mechanisms, e.g., a game economy can provide aesthetic rewards by
increasing character power which in turn provides more pleasing visual and audio feed-
back, or a high-skill performance might be rewarded with player achievements and titles

to show off to other players.
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Narrative

While aesthetics can apply to a wide range of sensory and emotional modalities,
an important sub-category of this definition relies on how gameplay narrative relates to
game balance. That is, does the progression of the player and the interaction with the
game systems affect the impact of the narrative of the game [198]. Related to pacing,
but specifically in the dimension of storytelling, narrative rewards are given to the player
based on the completion of key game requirements or triggering of game events. The
aspect of balance related to this revolves around the complexity, progression, and desires
of the audience to see a story develop in response to gameplay interactions.

To give an example of how narratives are balanced against gameplay, Silva et al.
[446] highlights how tension is managed between hardcoded and emergent narratives
and gameplay. They point out that there is a common failure in the usage of cut
scenes in games, as they cut momentum created from the interactivity of the game.
However, there is nuance in this balance—a game whose main draw is the narrative
itself, the narrative will justify further engagement with game systems. Juul [230] focuses
on this interplay between interactivity and narrative, talking about how the two will
both struggle against one another and bolster one another, suggesting that balance in
narrative and gameplay and careful attention to how they fit with one another is critical
to the overall experience of the game. The potential for discord between mechanics and
narrative is termed “ludonarrative dissonance”, and is commonly discussed in both
academic and industry design literature [512] 49].

Narrative aesthetic balance has many expressions throughout game develop-
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ment. It can be as simple as providing story cut scenes after a segment of gameplay or
as complex as simulating social relationships across a range of characters and tracking
the cascading effects of interacting with characters in positive or negative light [485].
Narrative balance is deeply tied to engaging a player’s sense of role-play, as providing
too minimal of a narrative balance can distance the player from story elements, and too
maximal of a narrative balance can cause players to be fatigued or bored by a lack of

gameplay interaction.

Feedback

Aesthetics deal greatly with the feedback given to a player in reaction to their
actions. These signal successes and failures of players and can be used as indicators to a
player of how to adjust their performance so that they can better meet challenge and skill
requirements of a game. This feedback is provided through multiple dimensions: game-
feel elements indicating hit contact composed of visual animations and audio clips [474],
playing of failure cut scenes (such as the “YOU DIED” screen in Dark Souls [I35], the
playing of success music (the Final Fantasy [459] battle-won music), or the increase in
score or ranking of a player.

Feedback is generally statically defined in nature—it is defined as part of a
core game loop prior to gameplay in response to player success. However, there are
instances where feedback can also be dynamic, providing boosts to succeeding players
or failing players based on the desired style of feedback loop [32]. Aesthetic feedback
can be used to punctuate major successes of players for key actions—for example, in

Super Smash Bros. Ultimate [2§8], scoring a game-winning hit that causes a knock-out
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will sometimes trigger a dramatic and time-slowed zoom in of the camera, showing the
hit and its corresponding particle effects in great detail to both players.

Well-tuned feedback shapes the player experience and outcomes as a whole.
Feedback helps tie in systematic and mechanical changes to the overall multimodal
nature of the game. This coupling of aesthetics to mechanics helps intelligibility of the
game and helps the player feel engaged, rewarded, and aware of what changes in behavior
they might have to employ to have a better outcome. Some authors tie successful
balancing in feedback to a sense of player’s self-esteem [176]. Positive affect outcomes
are also tied to correctly combining aesthetic and mechanical balancing in regards to

feedback—immersion [322], engagement [98], satisfaction [348], among others.

4.4 Discussion

Our results indicate that while balance is a complex and multidimensional
concept, it does have a digestible set of core concepts that can be used to ground an
understanding of balance, which can in turn inform design and evaluation strategy.
Taxonomic definitions can help focus the balance of the game on what the game is,
who is playing it, and what the designers intended the audience to experience. Our
discussion focuses on helping illustrate how to read and leverage the taxonomy, explains
the multi-dimensionality of balance, and touches on global aspects of balance that also

fell out of the literature review.
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4.4.1 Reading the Taxonomy

The taxonomy (figure separates out four categorical themes of balance,
but also suggests relationships between the categories that can help illustrate what
considerations might need to be taken when examining any given concept. It should
be noted that category boundaries should be viewed as somewhat porous: while there
are clear topics that fall under each theme category, some may have interactions with a
different thematic category.

Our taxonomy of game balance has two layers: the inner circle represents
our four core theme categories, while the outer layer represents important constituent
concepts that can be used to further detail a given theme of balance. Therefore, when
considering how to understand a balancing system for a game, one should use this
taxonomy to decide which specific dimension they are focusing on by moving from
the inner circle to the outer circle of the diagram. For example, when understanding
balance around different levels of skill, one might move from the competition theme
to the differential player skill concept. This would emphasize the need to design and
evaluate for contexts where multiple skill levels should feel welcome and competent
when playing together in a game. Likewise, moving towards similar skill levels instead
would instead focus on having success in a game directly tied to having equally skilled
players trade wins equally, but a high-skilled player should have an advantage over a
lower-skilled player.

In addition to defining dimensions that can be used for design or analysis of

balance, the diagram is ordered so that the relative importance of a category shows the
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most interaction with its immediate neighbor. For example, competition is adjacent
to difficulty. This is intentional as it signals that while balancing for different contexts
of skill can have different balancing approaches, the interaction with skill profiles and
challenge mean that these two categories likely need to be considered in tandem based
on a game’s goal. Similarly, the proximity between competition and decision space
links how the breadth and depth of meaningful decisions to be made by the player is
in part dependent on the skill of the player to identify, select and iterate strategies in
response to a complex game environment. On the other side of the circle, competi-
tion opposes multimodal aesthetics. Although no thematic category is completely
independent, this placement suggests that multimodal aesthetics might have a lower
direct impact on accounting for player skill. Aesthetics can be used to telegraph some
information, but the results of evaluating a decision space and reacting to difficulty
provide a much greater influence on the competition theme than aesthetics. On the
other hand, multimodal aesthetics can play a greater role in decision space (such
as providing different character skins or disclosing different levels of information to the
player) [176]. Similarly, aesthetics can influence difficulty by modulating sensory re-
wards for the player over time [272], or by adjusting valuable signals to the player such
as telegraphing attacks [463], [385].

Ultimately, using this taxonomic approach helps focus both design and research
on game balance. In design, it helps break the understanding of balance problems into
discrete pieces that can then be iterated upon for an ultimate desired player experience.
In research, it provides categorization of balance concepts for analysis, helping to focus

research questions and procedural system evaluations. For instance, by guiding and
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restricting what aspects of balance are being evaluated. Or, by providing a clearly
defined design space for defining how fitness functions and evaluation mechanisms can
most accurately capture the type of balance being investigated. This is important for
automated systems and research testbeds that involve evolutionary algorithms, whereby
both the generation of an artifact and the ultimate evaluation are deeply dependent on

how the researcher defined balance and translated it into a fitness function [433].

4.4.2 Multidimensionality of Balance

Balance can be sliced along multiple categories, but no one conceptualization
should be assumed to operate wholly independently or be definitive of whether a game
as a whole is readily perceived as balanced. A study might focus on game difficulty, but
that might include tuning the economy of the game or tweaking the range of available
player skills, or even tweaking the aesthetic properties of the game to make the player
feel more or less powerful. Understanding that balance is multidimensional and can be
sliced along multiple thematic categories and concepts informs how we can better meet
player expectations and research/design goals. Specifically, the multidimensionality
of game balance helps reflect the complex, varied, and detailed definitions provided
by practitioner and design frameworks [138|, 246] 420, [422] 33, 323 117]. Although
most authors do not have the same lists of balancing considerations, a summation of
these approaches in the form of a taxonomy helps to capture all considerations that
have been made across a larger corpus. The lack of generalization of balance suggests
that implementing balance depends on the taxonomic dimension and balance context

(e.g., target audience, player experience, etc.) of a designer before being carried out
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or evaluated. Ultimately, this multidimensional approach means that we should avoid

making sweeping generalizations about balance as a whole.

4.4.3 The Boundaries of Balance

Our taxonomy also helps us understand what balance is not. Although the
methods of game balancing are extremely diverse, there is the anchoring concept of
fairness throughout all categories. Is it fair to have more narrative than game, or vice
versa? Is it fair to always lose to someone with more skill? Is it fair if only one style of
gameplay is viable? Each subcategory of game balancing asks us to consider the game
context explicitly through fairness, while other elements of design might look for other
affects and phenomenal experience to target. Such discussions of fairness allow us to
view balance not only in its subdivisions and multidimensionality, but also as a super
category of game design that has its own texture, capable of telling stories about how

fairness is given and pulled from us throughout our interactions with a gameﬂ

4.5 Limitations

A limitation of our work is that it was focused on academic publications and
design framework publications. That being said, two more audiences could meaning-
fully flesh out the game balance and its perception and implementation: players and
designers. While the taxonomic concepts and themes would not change, the distribution

of codes might shed light on what players and designers focus on. Looking to industry

INot to be confused with the subcategory of narrative feedback within our taxonomy—the narrative
I refer to here is the sum of all aspects of balancing judgments through gameplay.
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sources whose responsibility is to implement game balance in successful games can give
us insight into how to polish a balancing design framework and provide further context
into what design moves are made at what times for what reasons. Player perspectives
are important because they fill out the audience identification theme, which might sig-
nificantly differ from what researchers or designers think about balancing perspectives
and what gaps might exist between designer intentions and player reception. While I
have conducted interviews to qualitatively capture industry and player perspectives, a
more systematic and wide ranging study of such views would bolster the conclusions
presented in this taxonomy. All of that being said, the inclusion of 95 different sources in
academic and pedagogical concepts provides a solid lens to start understanding balance

across different contexts.

4.6 Conclusion

This chapter provides a centralized definition as well as taxonomic tooling to
enable the application of that more general definition to specific sub-domains of balance.
This approach allows me to quickly tell you what balance is about (fairness) while
providing precise and exact direction on implementation strategies for each variation of

balance we may discuss.
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Chapter 5

Equalization: A Framework for

Balance and its Proceduralization

“...we want to encourage a variety of
play styles. So if you're very PvP
focused or if you’re more exploration
focused, if you’re more stealth focused,
we really want people to be able to
play the game in a variety of different
ways. But if the game is unbalanced,
then one or more ways of playing could

become untenable.”

Melody Ju, Embark Studios

After I had completed a Taxonomy and gone back to technical work, I had the

realization that game balancing in the mode I had conceptualized (considering goals,

80



audience, context, game elements, algorithmic procedures) could be applied to every
balancing operation—without exception. My belief in frameworks held strong—that,
when designing, conceptual and heuristic frameworks allow us to get creatively unstuck
while retaining our designerly intent. As such, I returned to the data set put forward
in the previous chapter and set out to concretize the framework that I had in my mind,
so that all future approaches I took to balancing systems had a clear and reproducible
pattern. With a framework, I could always have the next step when I struggled to find
the proper solution!

In the last chapter, I covered how the usage of balance in research work can be
split into an array of definitions surrounding balance, definitions that are sometimes at
odds with one another. The complexity and multidimensional nature of game balance
means that a game or system designer responsible for a game’s balance carries a heavy
burden. They are responsible for hypothesizing, implementing, and testing a loosely
bundled set of emergent properties that do not seem to obey a singular, specific definition
across audiences or game contexts. This challenge is amplified by the fact that game
designers must encode systems of balance in code and rules—a process that asks the
near-impossible task of translating and predicting player sentiment and baking those
reactions into the core of a game itself. This process of systematizing, testing, and tuning
occurs throughout nearly every step of the game development process, extending even
past a game’s initial release in the form of patches and updates [247]. The importance,
frequency, and difficulty of balancing a game raises the question: how do we decide how
to implement it for any given game?

This chapter presents a generic design framework for game balancing that I call
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“equalization”. I don’t mean that a game’s balance means that perfect equilibrium, as
storied game designers (such as Masahiro Sakurai [349] or Alexander Brazie [47]) have
noted that a “perfectly balanced” game usually is not a good experience, but having
a dramatic tension around nearly losing or nearly winning combined with the meta-
challenge of identifying losing strategies and mastering winning strategies is key to a
game that is perceived as balanced [I57]. Instead, I use the term equalization the way
it is used in music production or when building climbing anchors. In music production,
different voices of the song are tweaked to match the expectations of an audience. In
a dance song, the producer might bring forward drum and bass tracks, emphasizing
rhythm for an audience at a dance hall. In a jazz song, the producer might instead
focus on the voices of the soloists, allowing an audience to appreciate the talent and
beauty of the performers and their instruments [355]. In climbing, equalizing an anchor
(a setup that holds a rope in place for a climber) means anticipating the way the rope
will pull when weighted such that individual elements of the anchor remain safely in
place if the rope is suddenly submitted to the force of a falling climber [326].

In both of these examples, there isn’t a one-size-fits-all approach to setting up
the perfect song or anchor—it takes a thorough reading of the audience and environment
combined with a technical skill that reflects and anticipates those external factors. That
being said, there are generic implementation strategies for building the song or anchor
such that it satisfies its core responsibilities. Similarly, in balancing, there is no singular,
well-defined algorithm that will solve every gameplay issue. Instead, there are the chal-
lenges of scoping, selecting an implementation strategy, and checking if that strategy

worked. As such, we present a high-level framework that helps designers start from a
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blank slate when working on a game’s balance, providing a catalog of implementation
methods and game system targets that are viable for a designer’s desired goals and audi-
ence. I have derive this framework by extending the prior chapter’s inductive thematic
analysis over 95 publications, pulling key terms related to game balancing methods and
consolidating them into a subset of ways to balance different types of game elements and
systems. I supplement this by providing framing around how a designer defines their
goals, game context, and audience, followed by a critical evaluation step that helps a
designer understand if a balancing strategy works. We define this framework as iterative
and open loop—it occurs in many cycles during development, and can be started at any
step of the loop. This framework helps to provide a template for designers to define
the what, why, and how of game balancing, regardless of the context of the audience or

design goals of a game.

5.1 Background

Before diving into the framework proper, it is important to understand why
frameworks are important. Design frameworks are useful tools that help designers make
an ill-defined problem space with a large variety of potential solutions tractable. Frame-
works are useful for handling “wicked” or “cursed” problems in game design, where clear
design goals might exist but the path to reach them is hazy [401], 216]. Frameworks pro-
vide structure and heuristics for navigating a design space, providing the ability to
know what to do and when to stop during the process of solving a design problem [156].

When there is a large amount of uncertainty in a problem space, understanding what
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methods can be used at what time to resolve that uncertainty becomes a pivotal skill
to move closer to an ideal solution [75]. Using frameworks to navigate design and prob-
lem spaces provides major time and cost savings—eliminating unnecessary prototypes,
dead-end design directions, and uninformative playtesting cycles can save studios and
researchers time and labor when trying to design a game. Frameworks not only allow
us to move to a design solution, but also help us “debug” when something feels wrong
in a game by teaching us the right questions to ask in response to a problem.

Game design in particular has a storied history of design frameworks across a
wide variety of elements of the game design lifecycle. The Mechanics, Dynamics, Aes-
thetics (MDA) framework of game design is one of the most prominent in game design
literature, which argues that the end-player aesthetic experience is generated from the
run-time dynamics of a game, which in turn are produced by the designer-defined me-
chanics of a game [199]. The General Video Game Al framework seeks to provide generic
and well-patterned ways to test artificial intelligence in a wide variety of game contexts,
separating the evaluating gameplay agent from the game environment [367]. Frame-
works and their inspiring framing have also been explicitly incorporated into games
research, especially when it relates to procedural content generation, as the frameworks
can be in turn encoded inside of game content creation algorithms. Smith et al. [456] do
so by providing a framing for 2D platforming games through the lens of musical theory,
using the metaphors of rhythm and beats to define what attributes of a 2D platforming
game level are important to the feeling of gameplay, then implementing it into a level
generation system. The metaphor of “beats” is also used by Mateas and Stern [303] in

the context of a narrative framework that aims to decouple narrative into stories and
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behavior pieces that inform the dramatic performance of a narrative plot. The utility of
frameworks in game design, both at a global design level and an explicit implementation
level, indicates that the existence of frameworks that tackle critical design challenges
not only guides designers generally but also enable the creation of novel game systems
and player interactions.

The importance of frameworks also belies another advantage over a more ex-
plicitly implemented strategy: they are generic enough to handle a wide set of cases
while still providing solid stepping stones to achieving a design goal. This dissertation
contains two experimental strategies (Chapters 8, 9) that do demonstrate opinionated
implementations, but the importance of their documentation demonstrates how this
framework can get a designer or researcher from nothing to a focused, clear final prod-

uct.

5.2 Methodology

The methodology of this work extends the prior chapters, so details around
data collection can be cross-applied here. The primary difference in this chapter is that
instead of focusing on the definitions of balance, we instead focused on the process of
balancing, highlighting common methods and approaches to the problem (especially as

it relates to procedural concerns).

5.2.1 Inductive Thematic Analysis

An inductive thematic analysis [413] was performed on the 95 publications

collected, focusing on collecting codes where game balance definitions, implementation
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methods and evaluation strategies were specified. The team started by performing an
inductive coding process, collecting key terms related to game balancing procedures
(e.g. “playtesting”, “genetic algorithm”, “weapons”, “damage rate”). Each publication
had a corresponding set of codes. If a single paper contained the same code multiple
times, that code was only counted once for that publication. This resulted in a list of
430 unique codes with a total of 783 occurrences in the literature. From these codes,

the team found that the 430 codes landed in one or more of the following categories:

1. Goals (264 Codes, 454 Occurrences): Describes the audience specification, process
of setting designer goals and framing tools, and the evaluation of a completed

system.

2. Targets (275 Codes, 322 Occurrences): Describes specific elements of a game
that can be used when tuning game balance. Examples include levels, classes, and

NPC behavior.

3. Methods (340 Codes, 636 Occurrences): Describes methods of tuning balance
given a target and goal. Examples include simulation, deep learning, and playtest-

ing.

Some codes could be considered to belong to more than one category. For
example, “asymmetric roles” could be a method (introducing asymmetry in roles could
be used to tune up or down an approach) or a target (the roles themselves). When
this happened, we included the code in each category it could belong in. We used

this approach to allow flexibility in interpretation for each of these terms, as well as to
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capture the multidimensionality of how these terms are used in different elements of the
game balancing process.

From our final list of codes, a round of clustering was performed using axial
coding [84] 329] to consolidate similar or related codes into thematic categories under
our primary three categories. For example, “cost curves” and “economy generation”
were grouped under the method subcategory of “economic modeling”. In the following

section, we break down these thematic categories.

5.3 Results

The literature review produced 5 subcategories of balancing goals, 10 subcat-
egories of balancing targets, and 12 subcategories of balancing methods. While I do
not view the following list of goals, targets, and methods as exhaustive of all game
balancing element approaches, I think the thematic similarities across the research lit-
erature demonstrates a representative sampling of critical aspects of any game balancing
process. Below, I provide a short description of the larger themes and provide the sub-
categories of each. A link to our data used in this review can be found in appendix

An overview of how codes are related to each other is shown in figure [5.1

5.3.1 Goals

Balancing goals refer to the framing techniques that designers and researchers
can use to mitigate scope concerns and identify how exactly they want their game to be
balanced, and what path they should take to identify their audience and success criteria.

We identified 5 subcategories that consist of the formulation of balance problems by
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Figure 5.1: A diagram showing the three major categories of codes found. The top three
terms are shown as an example in each individual category, and examples of overlapping
categories are shown where the major categories overlap. Major categories also show
the number of unique codes and overall frequency of code appearance.
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setting designer goals, specifying an audience, and evaluating how the system worked.
These are labeled goals as they represent the design direction and evaluation of any

strategy used to balance a game. Table [5.1] shows a breakdown of designer goals in

game balancing.

Table 5.1: Goals Subcategories and Descriptions

Goal Number of Example Description
Subcategory | Code Codes
Occurrences
Audience 84 Player Profiles, The desired audience that the
Mavericks, designer wants to engage with
Personality their game.
Traits
Balancing 60 Replayability, The goals a designer sets for a
Goals Winnable, successfully balanced game or
Diversity of system.
Gameplay
Experiences
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Table 5.1 (Continued)

Goal Number of Example Description
Subcategory | Code Codes
Occurrences

Designer 98 Design The set of strategies,

Framing Dimensions, definitions, and design spaces
Intention that are available to a designer
Alignment, while balancing a game.
Luck and Skill

Audience 85 Anxiety, The potential outcomes the

Outcomes Engagement, game can have on the
Player specified audience.
Self-Esteem

Evaluation 127 Win Rates, The methods used to evaluate
Experience- if a balancing goal was met.
Sampling,
Believability

5.3.2 Targets

Balancing targets refer to the game elements that can be tuned to affect game
balance. These cover the systems, characters, controls, and the like with which the

player interacts. We identified 10 dominant categories for targets, ranging from simple
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game metrics (e.g., health) to complex game systems (e.g., character builds). Targets
suggest relevant parameters and attributes that can be tuned to impact the balance
of the game. For example, the level of “bullet magnetism” (how much a bullet will
stray from a player’s reticle to hit an enemy) can be increased or decreased to impact
how difficult it is for a player to hit enemies in a shooting game. Table shows a

breakdown of these subcategories below.

Table 5.2: Targets Subcategories and Descriptions

Target Number of Example Description
Subcategory | Code Codes
Occurrences
Game 34 Enemy Volume, | The surrounding game world
Environment Obstacles, Item | in which play occurs. Includes
Spawning things like traversal and

distribution of other game

elements.
Game 44 Units, Vehicles, | Game objects that the player
Elements Equipment interacts with as part of
gameplay.

Continued on next page...
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Table 5.2 (Continued)

Target Number of Example Description
Subcategory | Code Codes
Occurrences
Player Actions | 29 Abilities, Actions available for the
Jumping, player to perform and their
Running Speed corresponding attributes.
Mechanics 64 Luck, Gravity, Interacting game systems that
Time Limits define interaction between
other game elements.
Economy 40 Drain, Market, Economies within game
Scarcity involving how resources are
distributed throughout the
game world.
Non-Player 18 Enemies, Al Game elements other than the
Characters Behavior, player that represent

Multi-Agent

Systems

system/Al-driven characters.
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Table 5.2 (Continued)

Target Number of Example Description
Subcategory | Code Codes
Occurrences
Match-making | 18 Rankings, The composition of players
Asymmetric and their teams.
Roles,
Community
Information 20 Hidden Information critical to
Information, gameplay that is presented or
HUD hidden from the player
Restrictions,
Game Map
Progression 28 Experience, Systems related to player
Systems Power Curve, progress and pacing within
Scoring System | the game.
Player 27 Aim Assist, Methods related to direct
Controls Steering, player control of the game.

Reaction Time
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5.3.3 Methods

Balancing methods refer to the processes that a designer can use to tune targets
in pursuit of game balance. These cover algorithmic, manual, and analysis techniques
to understand and change the state of game elements and systems to get a varied
balancing output. We identified 12 subcategories of game balancing methods, including
using reinforcement learning approaches, playtesting cycles, and implementing runtime
balancing systems. Methods suggest explicit approaches to tuning that can be used
during design, runtime, or through post-release balancing patches. A learning system
might be used to discover the correct parameters for a combat system prior to release,
but another learning approach might be used at runtime to adapt to player behaviors; it
might also be applied to aggregated player data to inform a design team on how to tune
a game after it has been played publicly. As such, methods aren’t necessarily unique
to any game target, but represent approaches that can be applied in a large variety of

contexts. Table shows the breakdown of the balancing methods.
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Table 5.3: Methods Subcategories and Descriptions

Method Number of Example Description
Subcategory | Code Codes
Occurrences
Runtime 63 Balancing Modification of the game state
Adjustment Agent, Dynamic | at runtime to meet a player’s
Difficulty balancing needs.
Adjustment,
NPC Parameter
Scaling
Information 14 Advance Control of the information
Visibility Warning, available to the player which
Longer Tutorial, | in turn informs their future
Artificial Gating | actions.
Simulation 74 Automated Automation of gameplay in
Playtesting, order to inform balancing
Simulation- strategies.
Driven
Balancing, Rule
Generation
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Table 5.3 (Continued)

Method Number of Example Description
Subcategory | Code Codes
Occurrences
Machine/ 84 Artificial Neural | Application of learning
Reinforcement Network, strategies to gameplay tuning
Learning Q-Learning, or game element behaviors.
Supervised
Learning
Analytics 50 Data Usage of collected data to
Visualization, understand how games are
Player played and the characteristics
Modeling, of player personas.
Gameplay Data
Design/ 66 Playtesting, Loops of playtesting and
Playtesting Iteration, User manual tuning between
Loops Evaluation players and designers.
Parameter 54 Buffs, Nerfs, Identification and tuning of
Tuning Hand Tuning critical parameters in a game

system.
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Table 5.3 (Continued)

Method

Subcategory

Number of

Code

Occurrences

Example

Codes

Description

Logic

Programming

Domain-Specific
Languages,
Provenance,
Graph

Grammars

Usage of logical programming

to find balanced game states.

Search-Based

80

Evolutionary
Algorithm,
Monte Carlo
Tree Search,

Hill-Climbing

Search strategies to find a

balanced game state.

Economic

Modeling

19

Economy
Generation,
Resources

Transition,

Trade-Offs

Usage of economic analysis to

find a ideal game progression.
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Table 5.3 (Continued)

Method Number of Example Description
Subcategory | Code Codes
Occurrences
Game System | 27 Functional Analysis of interacting game
Interactions Linkage, systems for impacts between
Balancing different states of balance.
Architecture,
Effect
Dependencies
Player Skill 100 ELO, Rubber Methods to identify player
Determination Banding, skill and tune the game state
Matchmaking or multiplayer environment to

meet those player skill levels.

5.4 Game Balance Equalization Framework

Given the above coding, we have three main categories of language used when

describing game balancing practices. That is, one pertains to how we frame and set

goals for our game balancing processes. The next deals with what parts of our game we

want to tweak in order to meet the aforementioned goals. Then we have a wide catalog

of methods that we can use to deal with those targets in pursuit of our goals. With
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these elements in mind, we can return to our metaphor of “equalization”—how do we
focus on and move between these different aspects of game balancing so that we get a
song that meets the needs of its audience and environment?

This framing from the literature informs key requirements for a game balancing
framework: a designer must have a goal and audience in mind, they must understand
the context that the game will be played in, and they must develop an approach to
targeting and tuning game elements. Finally, the designer must test their established
goals and be ready to repeat the cycle until the balancing feels just right. With this in
mind, we can construct a framework for game balancing, seen in figure [5.2] Each node
can be viewed as a way of “equalizing” or focusing on different attributes of balance,
letting us focus on a desired outcome, the targets we leverage, the methods we use, and
so on. The following sections will go over every major node in the framework, detailing

key considerations and approaches when using the framework.

5.4.1 Goal Hypothesis

When attempting to balance a game, it is important for the designer to have
an ideal end-state in mind relating to how the game’s balance is perceived by the player.
Many works detail the construction of competitively balanced games in which players
feel rewarded for their skill and mastery [409, 186, 117]. This task may be somewhat
trivial in symmetric games such as Chess, but when considering the more common
asymmetric forms games take (different characters, abilities, etc.), tuning a complex
system of characters is a high bar, and the designer should have a hypothesis about

what experience their game’s balance is driving in the player. In a game like Dark
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Figure 5.2: A visual representation of the equalization balancing framework. It forms an
iterative loop, asking designers and researchers to understand their goals and audience,
identify game element targets, methods to tune said targets, and strategies to evaluate
the system. The framework can be entered at any step, and is intended to be looped
through until a balanced game state is identified.
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Souls [135], that hypothesis might be one of continual struggle until a glorious success;
in something like Mario Kart [114], it might be always having the hope of coming
back from last place. Although this goal can take many forms, it should be kept in
mind throughout the rest of the balancing process, as it provides rails on how to make

decisions on all future steps.

5.4.2 Audience Specification

With a goal in mind, a designer must start questioning context, starting with
the question: who will be playing my game? In the prior example of competitive games,
the designer might have an age range of players with prior interest and expertise in
the genre they are designing within. Doing so enables the designer to research similar
games and communities, finding failures and successes over the history of games. In
competitive games, a designer might look at the warm competitive reception of Su-
per Smash Bros. Melee [173] and the icy reception of its sequel Super Smash Bros.
Brawl [457], which was so poorly regarded by the competitive community that they
took it upon themselves to modify and rewrite elements of the game engine, character
moves and timing, and even network connectivity in order to finally get a game they
felt was balanced (the modded game is known as Project M, referencing a desire to have
the sequel perform closer to its predecessor) [147, [354]. As such, knowing the audi-
ence that will primarily be playing (and buying) the game lets the designer continue to
build out the rail laid down by their goals. It is not just that the new fighting game
should reward competitive play, but players of our games enjoy responsive combat, the

ability to chain combos together, and the discovery of unexpected advanced techniques
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that provide an incredibly high skill ceiling. Tools such as building player personas [30]
and researching player motivations [98] are critical in this step, as they make the goals
specific and testable with an audience, where testing with too wide an audience would
introduce unwanted noise into the evaluation process. Such insights about the audience
further narrow down what targets and methods will eventually be selected as balancing

candidates.

5.4.3 Target Selection

With a goal and audience in mind, the designer must now select which parts
of the game are going to impact balance in the way that they desire. Continuing our
competitive game development, if our players want responsive combat and the ability
to perform combos, the designer would start to consider the game elements that have
the greatest impact on those outcomes. This might be character speed (enabling faster
combat), move wind-ups and hit-stuns (enabling chaining of attacks together), and
a permissive physics system (allowing unexpected combinations of inputs to produce
unique movement patterns). These targets form the core of what in the game state
the designer will be targeting. In many cases, especially when using more procedural or
algorithmic balancing methods, the parameterization of these elements proves eminently
useful, as their translation into numeric or enumerated values allows them to be searched
and tuned quickly without major architecture changes. Based on our sampling of codes,
there is a wide variety of targets available for tuning. In an adventure game, a designer
might tweak obstacles in the game environment, the economy of potions and weapons

at shops, the information provided by maps and NPCs, or even the behaviors and skill
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of NPCs themselves. In any case, using the goals and audience can help narrow down
what targets are viable for tuning, which aids in building out the method the designer

will use to ultimately balance the game.

5.4.4 Method Selection

At this point, the designer should have a design goal, players with whom they
want to engage, and viable game elements that could impact their design goal. From
here a variety of manual and automated strategies can be employed to achieve a balanced
game state. Perhaps the most tried-and-true method is the playtest-and-tweak loop,
where a build of the game is played by designers or playtesters, reviewed quantitatively
and qualitatively, and then tuned for the next round of playtesting. While this is
undoubtedly effective, it is a time-consuming endeavor. As such, many of the methods
found during our code consolidation provide methods to automate or optimize elements
of game balancing processes, using a wide variety of approaches. Search strategies
can be useful for identifying optimal parameter tunings across a wide set of tunable
targets [295], and NPC behaviors can be tuned to match different levels of player skill
through reinforcement learning [I5]. Once the methods are applied to the targets of
balancing, the game becomes ready for evaluation, which provides the framing for the

designer to finally evaluate if their goals are being met by their balancing process.

5.4.5 Evaluation

At this point, the designer should have formed a goal, targeted an audience,

identified key game elements to target, and implemented some form of balancing through
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their desired methods. Evaluation comes in many forms—human playtesting is the
ultimate goal, but automated playtesting can also provide preliminary signals on if the
balancing approach taken is yielding results. Quantitative and qualitative data should
both be taken into account during the evaluation. The competitive game example we
have been using might look at win rates of various characters and strategies as a success
indicator through quantitative analytics; but it should also ask the players themselves if
they found the sense of competition rewarding, engaging, and diversified. Tools can help
shine a light on how effectively games are being balanced—reviews of playtraces [4306]
and visualizations of class/strategy usage [370] can quickly give insight into the invisible
traits of game balancing. Playtest procedures such as “think aloud” protocol [190],
gameplay video reviews [205], and player surveys [165] can help to understand how
the player experiences the balance of a game. Crucially, these two domains should be
mixed—if the quantitative signals selected for evaluation are not lining up with the
qualitative observations from a desired audience, the quantitative strategy for balance

analysis likely needs to be reworked.

5.5 Discussion

5.5.1 Using the Framework

The framework provided above can be read linearly, but the reality of game
development means that nodes might be visited out of order or require multiple visits to
reach balancing goals. Designer goals might be set early on, but playtesting could reveal

that different elements of the game are more worth the designer’s time, necessitating a
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reset of their goals. Likewise, a reinforcement learning method to tuning might over-
optimize and produce boring gameplay, requiring designers to replace that balancing
strategy with another approach that produces more nuanced outcomes for their players.
Through this, while the framework has a suggested ordering, it should be understood
that at any point the designer might need to return to a given node in pursuit of a
balanced game. Furthering this point, it is very rarely the case that a single traversal of
the loop will produce a balanced outcome—the goal of the framework is not to produce
a perfect outcome on the first try, but to provide a heuristic to select which steps of
balancing should be returned to and tweaked until a designer goal is finally met. The
loop may be traversed dozens of times—but it allows a designer to approach balance in
a focused and narrowed manner, avoiding “flailing” while trying to figure out what key
change will make their game more balanced.

The codes provided in the literature review section of this paper provide a
brief, non-exhaustive catalog of approaches that can be used during game balancing.
The variety present in the codes demonstrates that not only are goals around balancing
multidimensional, but the strategies to make a game balanced are as well. A designer
might balance competitively, but they could also balance a game for a casual, cozy
experience that rewards slow and relaxed gameplay over short, frequent gameplay ses-
sions. Both of these game contexts are wildly different but might still have overlap in
the targets and methods that can be used to tune them. On the other hand, two com-
petitive games in the same genre might target differ greatly in their balancing targets
and methods—one might look at tuning each individual character, while another might

focus on the matchmaking ecosystem to make a game feel more balanced. In both of
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Figure 5.3: A table demonstrating the balancing framework across a variety of use cases.
Starting from top to bottom, each column shows a design goal, a game target, and a
balancing method. The diversity of cases presented shows how the framework provided
is adaptable for the wide array of game balancing definitions.

these examples, the framework provided here is still useful—it provides rails and nar-
rows decisions when considering which approach to take, where. Figure shows a set
of examples that consider different goals, audiences, targets, and methods during the
game balancing process, showing how the framework can be applied in a wide variety

of contexts.

5.5.2 Turning Framework into Procedural Architecture

Throughout the coding process and the results presented above, a pattern
emerged concerning the framing of balancing architectures: static and dynamic balanc-
ing systems. While both are valid and can be used within our design framework, they
provide an interesting note on when balancing can be applied. Static balancing refers
to the balancing of game targets prior to runtime, meaning that the game balance is set
in stone when it is released. Dynamic balancing refers to the balancing of game targets

using balancing methods during the runtime of the game, producing an experience that
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is adapting a sense of balance the more a player engages with it.

Both of these approaches are valid and have produced successful games— Left
4 Dead [498] and Resident Ewvil 4 [498] both employ dynamic systems to great success.
Left 4 Dead uses an “Al Director” strategy to tune the intensity of play over time, while
Resident Evil 4 tunes up or down the difficulty of enemies based on how many times
a player has died. On the other end of the spectrum, games like Super Smash Bros.
Melee have been viewed as competitively balanced games for over 20 years without ever
receiving a balance patch or containing runtime systems that modify gameplay to tune
game balance. What is interesting about the framework when placed in procedural
contexts is that it codifies design heuristics into software systems—a game system must
hypothesize what the player wants, understand who the player is and what their current
state of engagement is, decide what to modify, how to modify it, and then check if
their changes meaningfully changed the experience. In this manner, dynamic game
balancing approaches can use the framework to make explicit procedural systems for
game balancing in code and game systems. The AI Director pattern is an excellent
example of this—it has a goal (make the game more or less intense), evaluates its
audience (what does the game look like and what is my player doing), picks targets
(enemy spawns), employs a method (increase or decrease spawns in strategic locations),
then returns to see if its goals have been met before repeating this process.

Going a step further, static game balancing techniques can be applied to dy-
namic game balancing systems prior to runtime. A dynamic system still has static
parameterizations (how frequently do I change the game state, to what degree do I

change the game state) that need to be tuned prior to gameplay. As such, the design
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framework provided above can be used to develop a static game balancing approach to
tune dynamic game balancing systems. The design of such hybrid architectures already
implicitly exists, but applying the design framework can help focus down how tuning
and evaluation of dynamic systems can be done effectively.

These insights of applying the framework presented here in procedural contexts
form the foundation of how I attempt to increase the efficiency and quality of balancing
systems through my technical design exercises in part three of this work. It also sheds
light on how procedural methods can open up new design spaces when considering how
balance tuning can lead to emergent outcomes that are still fair to players. Namely,
taking the framework, framing audience and experience goals, implementing automated
tuning and playtesting strategies, and going from there forms the ground-floor of how

we should frame and build automated systems.

5.6 Limitations

As noted throughout this chapter, we cannot possibly provide an exhaustive
list of balancing approaches—we can only summarize the approaches that have been
published in the literature. This also potentially biases our results—the focus on aca-
demic literature means we are likely over-indexing methods viewed to be novel and
experimental instead of well-established or reliable. In addition, many approaches are
hybrid amalgamations of methods and targets, making the identification of every per-
mutation an impossible endeavor. The academic focus on novel experimentation and

the use of hybrid methods might explain the heavy prevalence of machine learning and
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reinforcement learning in the context of game balancing. On the flip side, our review
suggests under-explored areas of game balancing that might be ripe for exploration.
The low incidence of logical programming approaches to game balancing indicates that
it is a high-potential area of research. Luckily, industry research presented in chap-
ter [2| alongside designer interviews peppered throughout this dissertation highlights
well-established methods. Ian Schreiber, for example, highlights the usage of spread-
sheets and mathematical models in early 2000’s balancing efforts, while all interviewed
designers noted the importance of playtest loops alongside qualitative observation for
tuning.

With the acknowledgment that all balancing targets and approaches cannot
be cataloged, it is still useful to review the examples of methods that we have available

alongside the research that has promoted them.
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Chapter 6

Catalog of Targets and Methods

for Procedural Balancing

“[Dynamic NPC memory of player
actions] forces players to come to terms
with certain habits they have... I really
want to stress the importance of this
single player ability to train in a
realistic environment if the game is
aiming to have a competitive

environment.”

Dominick Reba, Project M/Project+

Contributor

We have a framework now, and I noted that balancing procedures can be

applied to game targets using balancing methods. 1 gave some categories, but if I
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am trying to make a procedural balancing system, what is actually available? This
chapter gives a (non-exhaustive) catalog of game targets and methods according to the
prior chapter’s categories that can be used as starting points and were considered for
my technical work during my degree. This catalog will not go into extreme detail on
any of these methods, but will provide enough to chase down the source material and
tinker yourself. This chapter serves to be the explicit paths I can apply inside of my
framework—the catalog of strategies I wish I had when I started my dive into the world

of systems design and balancing.

6.1 Static, Dynamic, and Hybrid Balancing Strategies

Before diving into any specific strategy, it is necessary to consider global strate-
gies in game balancing: static, dynamic, and hybrid. These cover the “when” of when
balancing occurs, in both manual and procedural balancing methods. Static balancing
is purely design time—it is game balancing done during game development that does
not change while the game is being played. Creating a defined curve of enemy difficulty,
setting unchanging attributes of characters, setting up spawn points—all of these would
be defined by the designer and left alone once a player boots the game up. On the
other hand, dynamic game balancing refers to balancing strategies that occur during
runtime as a result of player input [32]. Examples include changing enemy difficulty
in response to the player’s character level, dynamically tuning the level of aim-assist
on a player’s weapon, or mechanics that help lesser-skilled players reasonably compete

with experts. A prominent area of dynamic game balancing research is called Dynamic
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Difficulty Adjustment (DDA). DDA is an approach to dynamic game balancing that
focuses on adjusting the difficulty of a game in response to the player and game state
during runtime [I98]. DDA is a heavily researched area of game balancing [546], driven
in part by its ubiquity and diversity of methods in industry. An academic investigation
of its use in industry at EA Games is documented by [530]. DDA can take many forms
depending on the design goals of the game. For example, a DDA system in the game
series Mario Party [196] provides unexpected rewards to players based on gameplay
metrics outside of ranking considerations, providing opportunities to include players
with variable skills that reasonably compete in a single game environment [503]. On the
other end of the spectrum, DDA might seek to change the system to meet the player’s
current level of skill and/or gradually increase it over time to keep a player in a “flow”
state (a state of challenge that keeps the player from being too bored from a lack of
challenge and too frustrated from too great of a challenge) [30, 262]. An example of
this is in the game Homeworld [444], where the volume of enemy spawns is increased
if a player is successful in prior scenarios. A third design direction for DDA systems
is the adherence to a desired dramatic pacing, such as in the game Left 4 Dead [498],
where an Al director seeks to provide a moderation of perceived player tension such
that there are alternating periods of increasing and decreasing difficulty, mimicking a
dramatic curve [45].

Static and dynamic balancing are not necessarily completely different schools
of design. Hybrid architectures of these approaches exist and are sometimes required,
particularly in the case of dynamic balancing. The aspects of dynamic balancing that de-

termine things like the scale of balancing change, change frequency, and so on ultimately
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have a starting point that are statically defined. Tuning how the dynamic system works
still requires the designer to define policies, scalars, and parameters at design time. On
the other end, dynamic systems might be used to discover optimal static tunings prior
to play. Evolutionary strategies in static tuning reflect this, especially when automated
playtests driven by reinforcement-learning are involved [409] 268, 323]. In this regard,
we should acknowledge static and dynamic balancing as useful conceptual tools, but in
reality we will often merge such approaches to get a true, customized system for our

game design needs.

6.2 Balance Strategy Catalog

The following catalog is intended to show the combinatoric range combining
balancing targets with methods. The idea is that each target should help point to an
area of a game that can be balanced, and the methods point to how you can balance
said area of the game. Any target can be combined with any method, which gives
this catalog a “build-a-bear” usage. One should not feel restricted to one-target or
one-method, but can combine them in multiples depending on the design and balancing
goals. Although these categories were drawn from a literature review, they should not be
taken as exhaustive: games are a wildly complicated and diverse design space. However,
the framing of these categories should also provide patterns for a designer or researcher

to identify and group novel targets and methods they encounter.
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6.2.1 Targets

Below are the targets discussed in the last chapter for game balancing, with
examples illustrated for each. These categories should not be taken as isolated, complete
indexings of the what makes a game a game. Instead, they are rough units that can be
tinkered with during balancing to achieve goals. The following are the useful categories
we can use to focus on a balancing methodology or determine how different parts of a
balancing system overlap with one another. Some categories can encapsulate elements
of others (game elements, for example, certainly overlaps with game economy), but it
is still true that they have independent lenses that can be used for balancing purposes.
A final note—in order to manipulate these targets in the methods section, they should
be conceptualized, they need to be thought of in terms of parameterization. The trans-
lation of conceptual game targets into computer-readable interfaces enables balancing

in manual contexts and is critical for balancing in procedural contexts [430)]

Game Environment The game environment category of targets refers to how the
external game world presents obstacles and opportunities to players. In the context of
balance, examples of environment tuning relate to the ability of a player to traverse [387],
the spawning points of players, items and enemies [198], [137], or the positioning of design
elements to drive different elements of pacing [197]. While easiest to conceptualize
in terms of games that involve a player-character moving through space, puzzle and
narrative games can also have their environment tuned by focusing on how meta-level

progression is navigated by the player [254].
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Game Elements Game elements is a catch-all term for objects related to gameplay
that are generally parametrically defined. In a card game, this might be the cards [101];
in an action RPG, it might be a player’s health points [26]. Inventory items (and their
prevalence) also relate to this, as they confer boons on players based on their attributes
and quantity [379]. External elements like generic units, characters, vehicles, and so on
all help round out the game, and control over their frequency and characteristics can

drive the player’s progression in the game.

Player Actions Player actions are the “verbs” of gameplay, the available interactions
and their characteristics that enable the gameplay writ large. The base actions (attack-
ing, moving [342]) are here, as well as the framing around these actions (cooldown,
damage rate/scaling [I86]). These are a common and useful focus for balancing—they
are immediately felt by the player in terms of game dynamics, and have an out-sized

impact on what the player can do in the game world.

Mechanics The downstream interaction of actions, elements, and environments leads
to mechanics. This might be the durability of inventory items [I01], the setting of
players against a horde of NPCs [322], randomness rolls in the system [217], or time
limits during a level [7]. I will note—the debate of distinction between game elements,
environment, and mechanics is an extensive one and not necessary to resolve for this
discussion on balancing—a gut feeling on what belongs where should be enough to
move forward with tuning. Changing the properties of how a mechanic operates and

the characteristics of its constituent elements are all valid approaches to balancing.
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Economy Game economy refers to game systems that are near direct metaphors or
implementations of economic structures. This might refer to abundance or scarcity in a
game economy [198], the costs of purchasing, using, or trading game elements [379], the
presence of faucets/drains to control total capital in an economy [407], or the availability
of various game units through its economy [348]. If one is able to game an economy too
easily, the player can bypass other balancing restrictions and negate other meaningful
decisions in the game [126]. Likewise, too harsh of an economy can prevent player
progress altogether—in many ways, having a working game economy is a prerequisite

for maintaining many facets of a game’s balance.

Non-Player Characters Non-player characters influence balance in two primary
ways. First, their base characteristics can drive their perceived difficulty. If an en-
emy has too high of a health or damage stat, players might feel like they are boring
“sponges”; too low, and the game becomes trivially easy [426]. Second, the behavior
of an NPC agent also drives difficulty [217, [I5]. If an agent responds meaningfully to
player input, they become a welcome ally or worthy opponent. If they run into walls
aimlessly, stand still instead of avoiding obvious danger, or otherwise behave unrealisti-
cally, not only can the game’s sense of difficulty drop, but the overall believability and

immersion can break for the player as well [520)].

Player Controls Unlike player actions, player controls relate to the dexterity ele-
ments of the play driven by a control scheme. During gameplay, players may have to
quickly aim a reticle, manage difficult turns, or react to sudden quick-time events. In

all of these cases, the control interface between the player, their dexterity, and the game
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system can be tuned to assist (or, in the case of “rage” games like Get to Work [213],
frustrate) the player. As such, balancing can be used to manage players at different
levels of dexterity. One can apply aim assists or bullet magnetism to help ease the
challenges of managing a reticle [503]. Steering can be assisted, leading players to the
correct turn path on a sharp turn [73, 531]. Celeste presents an excellent example of
this style of tuning, offering a plethora of game options, such as slowing down time to

make an otherwise punishing game available to a wide majority of players [52].

Player Teams/Metagame How players are paired with each other determines their
perceptions of balance. This, along with asymmetry in games, presents opportunities
to help define how team compositions and matchmaking strategies define the balance of
the game [338,[98]. How games choose to measure and apply skill, force combinations of
strategies, handle draws, and compute rankings all play into how balanced a multiplayer
environment is felt [245]. As such, the metagame around how matchmaking occurs and
what kinds of strategy are most dominant is based in some part on what types of
player someone encounters online. In an extreme example, if a new player is constantly
matched with professional players, that new player will likely feel like the game and
the multiplayer is profoundly unfair. Balancing how matchmaking works thus impacts

overall fairness perception of the game.

Game Aesthetics/Information How a player judges their abilities, the level and
their enemies can dictate play. Similarly, a player acts on what they know about the
game. As such, the availability of information can also influence the perceived and actual

balance of the game. This information can be driven by aesthetics (how strong does that
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attack look?) or game-system knowledge (what is this marker on my map?) [68], 203].
What the heads-up display tells a player, what is privileged information, how a com-
munity discovers innate information about the game all play a role in how information
drives game balance. Aesthetics do as well—changing telegraphing animations of ene-
mies and attacks may ratchet up difficulty [385], sound cues might help players identify
correct actions [275] and removing cues of hidden objects make them harder (or im-
possible) to discover [106]. Think of this category this way—how does the balance of a

game change when you have a game guide open next to your controller?

Progression Systems A category that crosses over into multiple other categories,
progression systems are the overarching game systems that determine the development
of the game over time. These can be directly tied to game elements such as stat-gains or
character builds [544], difficulty spikes in level progression [282], or the intended pacing
and sequencing of the game [30]. In all cases, progression systems form meta-groups
of other targets throughout the game. Balance might need to change dramatically
depending on player progression: The endgame (where a player encounters challenges
and tasks after technical game completion) generally has a wildly different level of

balance than the rest of the game [369] 547].

6.2.2 Methods

With targets covered, I turn to looking at the methods that we can use in order
to achieve a balanced game. The methods listed below cover manual and automated

balancing methods. These methods are target agnostic—the goal of this section of the
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catalog is to provide a manipulation strategy of whatever targets are identified as key
to game’s balance.

As such, a conceptual architecture diagram is presented at the start of each
method described (aside from information telegraphing, which will be explained in that
section). These diagrams aim to provide a high-level, unopinionated understanding
of these balancing processes without dictating the specific software architecture used
when approaching them. I take this approach because the development patterns used
for any of the below methods have many structures and approaches that will work. A
simple example—if a balancing system relies on user telemetry, that system might poll
a store of data, or it might wait for event triggers based on the data. The data might
be persisted in a database, or stored in runtime memory and discarded at the end of
the gameplay system. The telemetry might be aggregated across multiple user play
sessions or might be confined to a single instance. The point is—all of these software
development practices are appropriate depending on the use case that they are applied.
As such, it is more important to have a conceptual understanding of the balancing loop
that can be agnostic to a game’s engineering context.

These diagrams also assume a working knowledge of common approaches in
AT development—I will not deep dive into implementation strategies of an evolutionary
algorithm, for example. That being said, I will describe the use case for each method
and provide publications that demonstrate the strategy for further reading. These
diagrams also can be nested in different ways to get more complex architectures; you
might slot in runtime adjustment within the economic modeling diagram to get dynamic

balancing for game economies. Going further, you could slot reinforcement learning into
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dynamic balancing, demonstrating that your economic balancing strategy will operate
at runtime with an online reinforcement learning approach. Doing so gives you hybrid
architectures for game balancing with a foundation for the necessary components of
your desired system.

Finally, T try to use a common language across these diagrams that carries
meanings across different methods, enabling translation between models. A key note—

”

for both players and designers, the symbols are listed as “designer-agent(s)” or “player-
agent(s)”. This directly suggests that when we are considering these methods in and out

of procedural methods, we can automate certain elements of the method by choosing

whether a human or automated agent occupies that step of the diagram.

Design/Playtesting Loops

DESIGN, PLAYTEST ITERATION

Designer-Agent(s) Game Artifact(s) Player-Agent(s)
o E —Tune (-\ €—Play—

Observe
Figure 6.1: The classic iterative process of playtesting. In this example, a designer-
agent releases a game artifact, which is then played by a player-agent. This interaction

is observed by the designer-agent, which enables further tuning. This pattern forms the
foundation for all balancing strategies, procedural or manual.

The cycle of building a playable version of a game, releasing it to playtesters,

observing, tweaking, and doing it all over again is a tried-and-true method of game
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design that works well in the context of game balancing. Common game design frame-
works highlight the importance of seeing the players’ get their hands on the artifact,
seeing the dynamics of their game in action while observing the reactions of players
over time [137, 420}, 427, [549]. The observations from this playtest can be qualitative or
quantitative, both providing value to the designer in different ways. During interviews,
Brie Chin-Deyerle mentions the importance of watching gameplay videos from their
playtesters; Oscar Gonzales spoke about how even basic game metrics from playtesting
with real players allowed him to understand where different game elements had too
much or too little usage.

The simple diagram above should be seen as a container for most other balanc-
ing strategies. Highlights the importance of the balancing tuner (designer-agent), the
game artifact itself, and being engaged with by a player (player-agent). It demonstrates
that balance is borne out as an emergent trait between the player and artifact, and the
designer must use some form of quantitative or qualitative observation to understand if
their method was a success or not. Importantly, the presence of a designer and a player
tells us something important about the proceduralization of balance. When we attempt
to automate sections of game balancing, we need to conceptualize an agent that acts as
a game designer, and an agent that acts as a player of said game. Replacing one or both
of these components allows for automation or novel balance patterns to emerge while
retaining a focus on the player (even if they are translated into an automated agent).

Although generic to most game design, the prevalence of interviewees and
papers mentioning the power of this method indicates that it plays a central and inspi-

rational role in the game balancing process. To place it in context of balance (according
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to our definitions in chapter , we should view observations collected through the lens
of player fairness. As you will see in the next method, the tuning of the game artifact is

greatly benefited by conceptualizing the game configuration through parameterization.

Parameter Tuning

PARAMETER TUNING
Designer-Agent(s) Parameterized Game Engine Game State
Design Document
% = —T1
) ’ Tune— [ T— —Configured] —Manage— ::
mte| 0@
A

Define

Figure 6.2: Expanding out the design-playtest loop, parameter tuning means extracting
key elements of the game into a design document. When this document is modified, the
behavior of the game changes. Parameters could be tied to any rule or game element:
a character stat, an enemy behavior, an audiovisual element. What’s important is that
the design document provides an interface to quickly impact how the game operates at
runtime.

Games can be interpreted as data-driven software. Regardless of the quality of
the code, the games carry rules and entities that are defined at design time with their
outcomes reflected at runtime. While it is best if these values are clearly separated
from logic, even hard-coded behaviors and properties count as parameters to be tuned.
The importance of parameters in the construction of games is most obvious in the
theory and practice of automatic game design (AGD). In AGD, an entire game artifact
is interpreted as a collection of data that must be configured before being sent to a
runtime environment for operation [31], [506]. A specific example demonstrating this is

in “Automatic Design of Balanced Board Games” [I89], where a general game playing
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platform (Zillions of Games) is used to generate games through rule/property definitions
via parameters such as board and piece types. The generated games are then searched
for balanced examples. Another demonstration of the impact of parameterization lies in
projects such as Video Game Description Languages (VGDL), looking to encode these
rules into high-level descriptions that can be edited by a user to describe a game in a
software-interpretable way [115], 419].

We do not need such a high-level or experimental understanding of definition to
understand parameter tuning in the context of game balancing. It is as simple as looking
at a set of game behaviors or concepts, understanding how system definitions (numbers,
enumerations, etc.) influence their outcomes, and attempting to tune those system-
defined variables to produce the best gameplay. If Mario’s jump feels badly tuned,
a designer can look at a variety of parameters to change—the warm-up, cool-down,
upward acceleration, falling acceleration, and so on. While the space of permutations of
these elements are overwhelming, a combination of designer intuition and the methods
below make grappling with it possible. Chapter 8| covers a technical approach that I use
that emphasizes the importance of a parameter list in the game generation and tuning
process.

You will see parameterization as a key part of most balancing methods—to
impact balance, we need levers and tools to change the system. Parameters give us

those handles and knobs that we need to get the job done.

Analytics
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ANALYTICS

Designer-Agent(s) Game Artifact Player-Agent(s)

f
0 —Tune>» (\ -Play->»
Evaluate Telemetry

Parameterized Analytics Platform

Design Document
E Apply € Process
- — Model Telemetry Telemetry Store

Figure 6.3: Turning to the “observe” portion of the game-design iteration loop, analytics
give us a measuring stick to understand what is going on in play. Notably, analytics
can be pushed to visualization tools to help a designer manually tune a game, but the
same methods can be encapsulated within a game artifact to enable dynamic balancing.
Analytics also forms the basis of balancing driven by “mathematical models”, wherein
a static set of game parameters are measured against one another.
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If a designer is using parameters to tune their system, we can view every
tuning that a player engages with is a condition of an experiment. With a tuning
input, what kind of behaviors and observations do we get from the player as an output?
More importantly, how do we make those outputs interpretable so that we can make
well-reasoned design and tuning decisions from them?

This is where analytics techniques come in. Playtraces [436], heatmaps [528,
109], win/loss statistics [186l 245], distribution of playstyles [I82] all can help a de-
signer understand where the balance of a game is faltering. Analytics can be used from
static or dynamic data sources. Static contexts mean looking at the parameterized
game and looking for mathematical models that can make all of its elements come to-
gether in a satisfactory way. A major proponent of this is Ian Schreiber, whose book
“Game Balance” is oriented around the usage of such models to balance spreadsheets
of game parameters in search of a satisfactory configuration [422]. An example given
by Ian revolves around the costing of different trading card units across a larger set by
investigating the distribution of different relevant parameters of the cards.

On the other end, dynamic relies on telemetry from gameplay or simulation.
This is often taken from game state and end-of-game outcomes—how did the player-
agent impact the game over time, and what were the results? When this telemetry is
aggregated, analytics and visualization techniques can be used for designers to surface
the when, what, and how of a game’s balance, identifying the culprits and times when
the game’s scales fall out of equilibrium. Johannes Pfau’s work focuses on such analytics
in the context of MMORPG'’s, using approaches to understand varying definitions of

balance through processing of class usage data from a large body of users [369, 370, B71].
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Analytics also play a role in more complex runtime balancing systems that
aim to adjust balance during play. By interpreting analytics from a game state, the
game itself can make decisions about difficulty and fairness without a designer manually
tuning elements of the game. This concept forms the foundation of evaluation functions

in more complex methods I detail below.

Game System Interactions
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GAME SYSTEMS INTERACTION

System

System System

A &

~A A

Tune

|
Designer-Agent(s)

£

Figure 6.4: Moving towards the game artifact itself, games are composed of relationships
between entities that we can view as “systems”. These systems seldom live in isolation—
different components impact other systems, or the overall behavior of the system impacts
other systems. In this conceptualization of balancing, one needs to not zero-in on a single
system, but observe the downstream impacts on other systems as well.
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While it would be nice for games to have completely isolated, simple systems
for us to tune, it is almost never the case that a game system defined in one context
is wholly inert to other game systems. A game economy does not exist in isolation—it
is tied to the combat needed to engage in the economy, the unlocked items available
based on player progression, and so on. In balance tuning, we must hold the same to be
true. Each tuning will have knock-on effects with other systems. During our interview,
Melody Ju put it thus: “...all the features and systems are working together to [designer]
intent...”

System interaction means that sets of systems and interacting game elements
might cause unexpected outcomes in one another. Making an object expensive could
make it harder for a player to acquire, but it might also encourage arbitrage somewhere
else. Mike Sellers’ “Advanced Game Design” discusses game parts and systems, noting
that parts are components of systems that have a progression over time in accordance
with the system’s operation [427]. These systems form a network of overlapping and
interconnected systems that eventually make up the game as a whole. In this context,
tuning one system might require a designer to collect observations and data about not
only the system of their focus but also the networked systems and the interaction mech-
anisms between them. This fact means that when we are considering how we evaluate
the balance of a game or consider optimal constraints for our balancing architecture,
we must often make our observation lens apply to a larger scope of gameplay and state

outside of the specific target or system we are trying to manipulate directly.

Logic Programming
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LOGIC PROGRAMMING

Undefined Input

Parameters
]
—1
Designer-Agent(s) O O Parameterized
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Figure 6.5: Logic programming offers an inverted mode of discovering balance. Instead
of building solutions and testing them, you instead take your parameter document and
describe valid relationships between properties on that document. From there, a solver
will return a set of documents that can be used in the pattern shown on parameter
tuning.
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Logic programming is an approach in game balancing that is understudied; it
falls nicely around the idea of setting goals and parameterizing input and looking for
a system to find the optimal solution for you. In this architecture, a blank parame-
terization of relevant game balance attributes becomes an input. The designer then
must describe valid and invalid relationships between those parameters—enemy health
must always be in range of a potential combat skill, a game’s timer must be propor-
tional to the minimum number of moves required, and so on. In the context of logic
programming, these relationships (constraints) and input parameters can be fed into a
solver, providing a set of possible configurations of balance parameterization that can
then be evaluated or used in practice. Smith et al. [449] describes the value of using this
approach in his BIPED system, where the output of potential generated games from
a solver can in turn be put through automated playtesting to judge the quality of the
solutions.

While underexplored in context of game balancing, the ability to conceptualize
the relationships between game parameters and their downstream outputs on game
fairness is interesting both in the logic programming outcome and also as a design
exercise. It challenges a designer to concretize the construction of their game’s balance,
understanding how constraints of balance targets and their relationships lead to positive
or negative play patterns in regard to fairness. This is explicitly shown in Smith et
al.’s Ludocore, where the player model and context are shown as interfaces to create
the potential for agent interactions while considering aspects of player persona and
environmental context [450]. As such, it might be the case that reframing a balance

parameter sheet in terms of possible constraints alone is a step towards balancing a
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game, even without a solver present.

Runtime Adjustment
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RUNTIME ADJUSTMENT

Game Artifact
¢ Tune’
Game State Observer(s) Designer-Agent(s)
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Figure 6.6: Runtime adjustment takes other methods of balancing and places them
within an automated context. What’s important about runtime adjustment is the pres-
ence of a game state (the interpreted and updated parameter sheet). Based on this
state, observers (e.g. event-driven or polling architectures) can deliver notifications to
a designer-agent, which then in turn decides to update the game state.
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Runtime adjustment forms the basis for any form of dynamic game balancing
strategy (and, by extension, dynamic difficulty adjustment). The core of runtime ad-
justment consists of just three essential parts: a game state that can report on what
is happening in the game, an observer that either pushes/pulls game state information
and orchestrate it downstream to some form of agent, which in turn modifies the game
state accordingly.

This pattern allows for flexibility in the usage and implementation of any
runtime adjustment. The designer-agent could be a simple heuristic, a sophisticated
reinforcement learning agent, or something else entirely. This designer-agent must be
automated as part of the game’s runtime, as it must operate in environments where a
human designer is unavailable (or incapable of matching the speed of gameplay). The
observer can be any sort of system that evaluates the game state for meaningful changes,
although event-driven architectures generally are preferable for many game engines. The
game state is (again) a parameterized representation of the game that exposes elements
of the game design to be manipulated and reported on by the overall system.

Many forms of game balancing meet the runtime adjustment criteria. On the
simpler side, racing games like “Mario Kart” employ tactics like rubber-banding in
order to take players with poor placements and reward them with high-powered items
or speed boosts [I57]. On the complex side, AI directors and experience managers as a
whole use computed measures based on player models of emotion and drama in order to
tune the balance and intensity of a game [438], 252]. For a deep dive into the technical
side of such directors, see Chapter To implement runtime adjustments (a form of

procedural balancing), the game designer must act as a meta-designer, hypothesizing
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what they would do moment to-moment to tune for an imagined player and turning

that into a procedural system.

Information Visibility
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INFORMATION TELEGRAPHING

Figure 6.7: While somewhat more difficult to conceptualize as an architecture, the
information telegraphing involves two modes. The first, information availability is pa-
rameterized and toggled to prevent/enable the player from learning something about the
game. In the above example, a player of Breath of the Wild can turn off their heads-up
display, making them rely on environmental cues to decide information. In the second,
meta-information about the game becomes available to a community, influencing how
they play the game.

This is the one form of game balancing that resists being put in a conceptual
model, as it directly relates to aesthetic properties of game balancing. To still give a
concrete example of such an approach, I have instead presented a pair of screenshots
from “The Legend of Zelda: Breath of the Wild”. On the left, the head-up display
shows a map with points of interest, weather information, and skill availability. This
information gives the player quick access to key information about gameplay without
much effort. On the right side, none of these elements are present. To determine the
weather, the player must observe the environment. To navigate to the next point of
interest, the player must explore or maintain an internal knowledge of the map layout.
Without skill availability, the player must keep track of when they last used an ability
before using one again.

Such a simple change of how the player receives information can radically

change the challenge and feelings of fairness for a player. To accomplish this, designers
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still need to parameterize game elements that convey information (in our example,
heads-up display icons) and tie them to controls. The designer also needs to have a
strong aesthetic knowledge to understand the down-stream impact of how such aesthetic
changes will change the balance of the game overall.

Information telegraphing does not only occur in the context of the game envi-
ronment. The knowledge a community develops through conversation with each other
and the designer also impacts how balance is tuned. For example, the game “Tunic”
deliberately hides information in its instruction manual, but players sharing knowledge
about these obfuscated instructions can make their interpretation much easier |71}, [337].
Like spoiling a movie, game guides and strategy threads can change how balance is
interpreted by an audience. For example, a community with deep knowledge of an
MMORPG economy might be able to exploit elements of that economy with enough

coordinated effort.

Economic Modeling
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ECONOMIC MODELING
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Figure 6.8: This balancing architecture involves the treatment of game systems as
economies (implicitly or explicitly). In these models, systems move resources around,
interacting with other game systems and elements through faucets and drains, which
add or remove resources from a given system. Some form of orchestrator exists in the
balancing system, helping negotiate the translation of resources between systems. A
designer-agent can tune the systems or the orchestrator to help achieve their desired
economic behaviors.
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Economies serve as a valuable metaphor for game balancing purposes. As Mike
Sellers puts it—“The relationship between the costs and benefits underlying any power
or progression curve is an economic one” [427]. Although we may think of balance
as fairness, items, skills, levels, etc., dramatically impact how fair a given scenario is.
This indicates that the parameterized metrics that drive a given progression can be
conceptualized as economic. Such modeling is not just implicit—many games explicitly
have markets that directly emulate real-world economies. Going a step further, many
games cross the threshold between virtual- and real-world economies. Such interactions
between real and virtual economies often drive controversy over access to overpowered
gameplay options. Inequality driven by providing players advantages based on their
ability to actively pay for advantages has been seen by experimentation with Blizzard’s
Diablo III [39] and Valve’s Artifact [497]. In both games, the ability (or inability) to
optimize the gameplay based on your access to real money caused dramatic changes
(or outright failure) in these games [256, 478]. This isn’t always a bad thing—“EVE
Online” is famously enjoyed for the game’s in-world economy being deeply tied to real
world assets, adding real weight and drama to community exploits and conflicts [166].

On the academic side of things, systems such as GEEvo [407] seek to find
balanced economic states through procedural generation via evolutionary algorithms.
There is common documentation around the importance of faucets and drains, which
move game elements that are conceptualized as economic in and out of game systems.
Thus, to perform balancing through an economic lens, one needs to view systems as
having this in/out flow of resources, coupled to other systems and some form of economic

model that moderates and manages the way these resources are translated into different
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resources (currency to items to damage, for example). The player’s engagement with
these economic models then becomes a challenge of how well they can mentally map

the economy while exercising skill to accumulate resources at a reasonable pace.

Player Skill Determination
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PLAYER SKILL DETERMINATION
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Figure 6.9: If difficulty is deeply connected to balancing, methods of altering the game
based on an internal player model becomes necessary. Player skill determination relies
on the internal observation of player behavior, aligning it to a player model, and then
deciding how that player model impacts difficulty or matchmaking systems. This data
is often aggregated through multiple play sessions, building a longitudinal model of the
player over time.
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Player skill is often tied to the heart of game balancing. The sheer prevalence
of work that links the balance to the flow channel is emblematic of this linkage [500),
403, [388, 447, 26, 32}, 260]. As such, balancing strategies need to have some manner of
observation in order to guess the skill levels of players in order to get a proper tuning of
the game overall. This tuning can be done through manual means during design, but
is often written about in terms of runtime adjustments to difficulty.

Notably, this area of balancing architecture includes all of the dynamic dif-
ficulty adjustment and matchmaking procedures. In both cases, the system does not
operate unless there is some understanding of how skilled a player is. In multiplayer
environments, this determination takes place in the form of systems like ELO, where
rankings help place players of similar skill against each other [I18]. Andrade et al. [I3]
did work investigating the training of agents so that they can meet the needs of different
levels of skill in players, showing how NPC behavior and overall game dynamics can
be tuned to meet player needs in single-player contexts. In their experiments, Andrade
demonstrates how difficulty can be tuned for skill both at design time (the difficulty of
the agents) and run time (how and when agents are assigned and what behaviors they
use).

The architecture can be abstracted to a relatively simple pattern. A game state
contains some model of the player, which can be evaluated to configure a system that
is tuned for difficulty or match making. The player participates in the tuned output,
producing telemetry that can be used to update the player model for future tunings of

gameplay.
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Figure 6.10: Moving closer to full balance proceduralization, simulation gives a designer-
agent the opportunity to see repeated runs of a game without human playtesting. If
optimized well, simulation can generate enormous corpora of data on which to base
future tuning strategies. Multiple variations of the game can be simulated as well,
producing a landscape of potential parameterization options to evaluate when balancing.

Simulation

I have noted throughout this document that balancing is expensive—especially
when it comes to collecting large amounts of data from human playtesters and tuning
accordingly. Simulation in the context of game balancing aims to help solve this problem.
In short, simulation runs instances of games with automated agents, recording metrics
for analysis and future tuning by designer-agents.

Simulations consist of a harness that determines the number of instances, start-
ing configurations/seeds of games, etc., that need to be observed. The harness is re-

sponsible for spinning up game artifacts and the player-agents who are involved in the
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simulation, as well as the management of telemetry reporting for all simulated instances
of the system. This telemetry store can then be slotted into any number of other bal-
ancing architectures—analysis, skill determination, economy, and so on. Simulations
are a potent component in procedural balancing because they allow for tuning in high
volume before transitioning to human playtesting.

There are some weaknesses in simulations that prevent them from completely
replacing the balancing of human playtesting. The ability for player-agents to match
the behaviors and progression of human players is an infamously difficult problem.
Players talk with each other, develop skills, use unexpected strategies, and so on. While
“good enough” agents can get us fairly far, they cannot take us the distance when
trying to evaluate real players. There is also a fair amount of technical complexity in
standing up a simulation—the game must be performant and scalable enough to run at
reasonable speed for the simulation, and custom agents are inevitably needed to make
the simulation work as intended.

All of that said, simulations are useful to quickly get landscapes of a game’s bal-
ance and essential to many automated balancing patterns (especially search-based and
reinforcement, covered below). Simulations are used frequently as evaluation methods—
above mentions of Ludocore, GEFvo, among others all use some form of automated
playtesting in order to simulate and evaluate game outcomes [407, 450]. I leverage sim-

ulation approaches in all the technical work I present in this dissertation, presented in

Chapters [8 [0

Search-Based
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Search-based strategies use a catalog of possible tuning options, attempting
to find the best configurations of parameters to satisfy some evaluation criteria for the
designer. The corpus of parameter documents can be written by-hand, but this approach
is often coupled with a generator tied to the parameter document. This approach allows
for the exploration of a large balancing space with low designer intervention, as well as
the ability to churn out unexpected or edge cases that are interesting or point to system
failures.

In search strategies, three components form the core: the parameterized design
document, the evaluation of gameplay, and the tuning policy. Search approaches take
many forms; the literature has used evolutionary [323], tree-based [98], heuristic [506],
to give a few categories. What is important for all of these approaches is that there is
some set of game artifacts with variation. When these are played (either by human or
automated agents), an evaluation is performed to “score” how well a given parameteri-
zation fits a designer’s definition of balance. This evaluation is used in the tuning step
(where the bulk of the search algorithm lives), either providing an ideal document to
a designer-agent or indications on how to iterate the next generation of parameterized
design documents.

When automated, search strategies inherit the limitations of simulation-driven
strategies, but also provide the advantage of being capable of self-tuning and handling
a large amount of tunable parameters at once. Technical experimentation concerning

this style of procedural balancing is presented in chapter

Reinforcement Learning
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Figure 6.12: Reinforcement learning uses a learning algorithm to update a tuning policy,
which in turn alters elements of the game state to meet balancing goals.
conceptualize the learning/policy combination as a representation of a designer who is
tuning the game with each loop through the system. RL can be used with both player-
in-the-loop and simulated environments, but suffers from controllability and a tendency

to over-optimize.
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Reinforcement learning has been the focus of many recent studies on game
balancing [342] [388), 15, 2911 [304], likely because it reflects an opportunity for behavior
design to follow a somewhat more dynamic approach to handling large amounts of
parameters and potential downstream impacts. While reinforcement learning is often
traditionally viewed in concepts of specific agents within a game environment, viewing
the subject in the concept of balancing means that the algorithm is performing actions to
tune the game artifact, not necessarily a specific NPC in the game itself (unless that NPC
is key to the game’s balance). As such, the designer-agent consists of a tuning policy that
acts to alter a design document, which in turn generates a game balancing environment
(likely a simulation, though it can be a collection of player gameplay sessions as well).
A reward guides the learning algorithm, which, in conjunction with state updates, tells
the tuning policy what future balancing adjustments are needed.

What the parameterized document covers can be narrow or broad, though
most studies tend to restrict it to a smaller domain (e.g. how skilled an NPC is against
a player) [I4]. That being said, the problem of handling a large combinatoric space of
parameter tuning means that RL approaches might be well suited to larger design-tuning
problems. There are some weaknesses in using RL (and, to an extent, search) algorithms
in balancing. That is, prioritizing pure optimization of a game environment often leads
to narrow and uninteresting adjustments [408]. Although this can be addressed by being
clever with rewards, design documents, etc., the cost of such fiddling and training might

negate any benefits that reinforcement learning might provide in a balancing scenario.
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6.3 Converting the Balance Framework into Procedural

Balancing Systems

This chapter covered the methods and goals of game balancing, and the pre-
vious two chapters covered how we should define game balancing and how we can im-
plement it from a framework perspective. That being said, the point of my work goes
beyond solidifying the theory around game balance. The theory I present covers the
“player-centric” aspects of this document—it helps us understand who we are balancing
for and what we can do to balance. The next steps we take are to translate how this
framing of balance can now be properly proceduralized, achieving the 5-10% gain in
efficiency or quality that I dangled in the beginning of this work.

The way in which the framework, targets, and methods have been presented
suggests to us by themselves a way to go from balancing goals to automated systems to
help achieve them. The usage of the terms “designer-agent” and “player-agent” hinted
heavily at the approach we will be taking. Namely, our balancing automation serves
to leverage Al patterns where the agent tinkering with the system takes the role of
the traditional designer, with the implementer (me or you) becoming a “meta-designer”
that manages how the automated designer does their work. The “player-agents” test
the system, telling us how things went and emulating the folks that we would like
to enjoy our system and meet our standards of fairness down the line. Nesting and
combining the above architectures starts to produce systems capable of sophisticated
dynamic balancing (such as in FighterDDA) or novel AGD and PCG patterns (such as

in BrawlerAGD). They also tell us the ways that a designer might need to aggregate

148



simulation and automated balancing data (such as in Playtrace Arc Search).
With our methods in mind, I will close this chapter out by detailing how to
move from our framework to procedural implementations of balance, which I will then

demonstrate through implementation in Part III of this document.

6.3.1 Audience and Goals as Objectives and Fitness

When discussing a procedural system for balancing, we want a way to under-
stand the quality of an output balancing configuration. This takes many forms and can
be seen as a scoring against what a designer wants to see emerge from a game artifact.
I demonstrated in chapter [3| that this is a tough transition when balance is an emergent
phenomenological manifestation of fairness. The designer’s primary task is an exercise
in translating their ideas about what elements of fairness in gameplay are translated
into what metrics the game state is capable of producing.

This process requires a cycle of hypothesizing, implementing, evaluating, and
repeating. However, our framework provides a guide for how we can more accurately
and efficiently target our evaluations so that we are measuring what we aim to measure.
Namely, knowing what sense of fairness we want from gameplay and from whom we
want it helps us derive the shape of a fitness function that will properly measure the
balance we want to see in a game. If we know we want players with a long experience in
a genre to experience stress and release, we can look at the usage and availability of their
resources, their play time, their time and location of failures, and so on in combination
to understand if we are applying the correct amount of pressure at any given point.

Although these metrics are often consolidated down to singular goals, consid-
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ering them from different dimensions and setting multiple objectives to be achieved is
also a reasonable goal for game balancing. If we want to see equal win rates between
players, but also want to see a wide range of play options considered, we might seek to
make both of these evaluations also balance with one another, only accepting solutions
where both are cared for appropriately.

The mapping of real player preferences around fairness and the computational
metrics used to evaluate it in systems is a challenging question that cannot be answered
without some amount of user research and/or playtesting. Without knowing your play-
ers, preferences, and end-goals, any definition of quantitative measurement of balance
in game state becomes a shot in the dark driven by intuition. While designer intuition
is very powerful, the first two steps of the framework when considered in terms of proce-
dural balancing suggests concerted effort needs to be placed on identifying what feelings
of fairness someone should experience during gameplay, and tying that to valid signals
from game state for measurement.

The resulting function from this exercise becomes useful in simulation environ-
ments, particularly clear-cut examples such as evolutionary algorithms and their fitness
functions, reinforcement learning and their reward procedures, and grading of potential

solutions produced in logical programming systems.

6.3.2 Targets and Methods as Intervention and Tuning

If we know what we are looking for and we want a system to get us closer
to it, the next step is using the targets and methods presented in this catalog to get

to our end-state. The targets tell us what we can and should tune in any given game
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environment; the methods tell us how to tune them.

As such, we should look at targets from the lens of parameterization. If targets
represent tunable items that impact a game’s balance and we need to automatically
manage them, then targets need to be changed to a state that can be easily changed. A
parameterized design document is pulled from this process—it is a set of configurations
driving engine behavior that impacts game balance. The actual implementation of this
document can be centralized or distributed. All that is important is that the parameters
identified and exposed for balancing are taken into account during the automated tuning
lifecycle.

Methods then represent approaches to manipulating, mutating and modifying
these documents for future game engine configurations. In the methods section, I dis-
cussed analytics, player skill determination, and runtime adjustment. We can piece these
together to manage a parameter document—analytics drives insights used to determine
skill of players through a model, which then adjusts (an instance of) the parameter
sheet at runtime. The way in which the manipulation of the sheet occurs is up to the
designer, and different methods have advantages and drawbacks. An evolutionary ap-
proach might work, but could take a long time to run and converge at local maxima.
A heuristic might be ideal, but take a long time to design and fiddle to get right. The
point is that the goal of player-centric procedural balancing is to get this parameterized
document to the ideal tuning at the ideal time to evoke the desired sense of fairness in

a player.
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6.3.3 Evaluation as Designer Observability

Our goals have set up our fitness function, our methods our method of gen-
eration and modification—our evaluation step pulls it all together into a loop that is
observable to a “meta-designer”. A game state has key traits we use to tune balance
pulled into a parameter sheet, we mutate that sheet, and apply some sort of fitness/re-
ward/value function to understand the success of our tuning efforts. However, this
internal evaluation is not quite the same as the designer’s evaluation of the quality of
the system. While they can be the same thing (the designer takes the fitness score
from an evolutionary algorithm as the main indicator), a designer might need different
criteria for when/how to end the loop of a procedural balancing process. This exit
criterion could be convergence of output, all gameplay metrics falling in a given range,
or a certain pattern of behavior observed during gameplay.

This step is where we exit the procedural part and necessarily drop the game
tuning back into the hands of the designer. The designer, now with a procedurally tuned
artifact, needs to put it in the hands of their audience. If the tuning was successful, the
remaining tuning loops of the artifact should be decreased, or the overall quality and
insights about the game should shine through in future designs. In the event of failure,
the designer has a few options to tune the tuning procedure. They could investigate the
signals they are using for game success. The modification strategy of targets could be
reconsidered. The targets that are relevant to game balancing could also be taken into
account. In this scenario, the heuristics provided by the game balance taxonomy and

framework provided in previous chapters come back into play.
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6.3.4 Tying it Together

In my formulation of player-centric, procedural balancing, the act of automated
balancing is a conversation, a meta-design loop between a designer, players, and tuning
system. Emphasizing a theme throughout this work, a procedural process will not
entirely replace a design/playtest iteration, but it will augment and optimize such a
process. A designer can target a definition from the taxonomy, form a heuristic from
the framework, translate it into a procedural pattern, and then evaluate it against
players. The designer can iterate this process until they are satisfied with the playtests,
abandoning the procedural tuning when finished with the task. This framework also
enables the construction of runtime experience managers focused on fairness, enabling
new dynamics and affordances in games that center on making a game environment
more or less fair based on gameplay. There is drama in feeling outmatched, trying your
hardest, coming out on top—or the opposite, ending up feeling paranoid and scared
for what is sneaking around the corner. Procedural balance is thus not only a tool to
achieve a passive perception on if a game is fair—it becomes a design strategy to tell

stories through how we feel fairness in a system over time and interaction.
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Chapter 7

Evaluating Balance

“There’s no right way to balance.
There’s a way you balance in order to
trigger a certain effect in the player

that then manifests. Even in the body.”

Martin Pichlmair, Co-Founder of

NEON AURELIUS and Broken Rules

studio

A core of my work is the acknowledgment that we cannot outright automate

away balance. We can optimize, we can learn the steps to proceed, but we ultimately
need a human to evaluate. So what do I do when I am trying to proceduralize or
automate subsections of the balancing process? I realize and fully admit there is a tense
tight-rope that I must tiptoe through. When I try to automate balance tuning, I need
to apply as many qualitative tools as I have in my arsenal to translate human judgments

of fairness into encodings my system can read. This is where evaluation comes in, and
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that is the subject of this chapter.

Throughout the rest of this chapter, we will cover the main places where evalu-
ation becomes useful, from both quantitative and qualitative perspectives, with a focus
on quantitative. While we introduce qualitative methods, the research and shared de-
sign work on playtesting is well developed and is likely better addressed from those

sources.

7.1 Playtesting: Returning to Emergence and Qualia

I established early on that understanding balance ultimately lies in the hands of
the player. This is a critical insight when considering procedural balance methods—we
can never reach a balanced game purely through procedural or quantitative approaches.
We need to know the responses of the player through their lens, which can only occur
if they play the dang game. As such, we should never exclude this step when trying to
evaluate whether a game is balanced. Not that I claim to, but expecting a game to be
balanced through any means without a player telling you their opinion is an unrealistic
mindset.

We have touched on established methods for collecting qualitative insights
during playtesting. “Think aloud” protocols can tell you in detail about what a player
is reflecting on during gameplay [219, [191]. Post-gameplay questionnaires can give a
starting point for where problems are in gameplay—the “games experience question-
naire” is a well-documented example that aims to cover a wide breadth of gameplay

examples [264]. Surveys can have a downfall, especially if they are generic. The lack of
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specificity around a game can obfuscate where meaningful issues are, and might be dif-
ficult to parse without being catered and customized to fit the goals of a given playtest.
Replays of gameplay can shed light on player decision making, helping the designer form
hypotheses around what might be wrong or missing from the game [292, 211]. Every
AA/AAA interviewee and Indie designer interviewed (see appendix noted that high
volumes of playtesting allowed them to identify where specific problems were in a ses-
sion, but generally were not great at finding solutions to the problems. Thus, designers
might be cautious about trusting player recommendations on how to tune but put more
weight on the places where the player expresses frustration or dissatisfaction. Playtest-
ing is a well-documented and important part of any game’s holistic evaluation—more
in-depth treatment of this topic can be found in the work of Fullerton et al. [138], Schell
[420], Koster [246].

Focusing on balancing, qualitative feedback should orbit the taxonomy work
presented in chapter 4. Asking players about their global feelings of fairness, their
level of frustration throughout gameplay, pacing elements, and competitive viability all
shed light on how balanced a game is in regards to a designer’s specific goal. Andrade
et al. [16], for example, performs a user study focusing on dynamic game balancing that
primarily uses Likert scales to find which styles of dynamic balancing players enjoyed
the most. While conversions to scales can be useful, getting player’s raw feedback also
spotlights elements of balance that might not be immediately visible. For example,
studies such as Gongalves et al. [I57]’s balancing differential skill levels highlight the
notion of believability and the potential for balancing strategies to undermine player’s

confidence. If balancing is easily detectable to a player, they might get the signal that
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“you’re pretty bad at this, let me help you out”, which is not always a great message
for those just trying to have a good time. However, in some cases, where balancing is
used effectively as an accessibility tool (as in Gerling et al. [I50]), players who would
not otherwise have the ability to compete feel increased satisfaction in becoming able
to compete with differently-abled peers. To mitigate this potential negative impact,
designers often focus on subtle-yet-effective moderators of gameplay, such as the aim-
assistance examples given in the previous chapter [29].

Following the concept of believability, it is also important to recognize that
player perception of balance overrides any sense of mathematical or quantitative bal-
ancing. As Jeff Kaplan put it—“The perception of balance is more important than
balance itself” [231]. This element of balancing further emphasizes the potential of aes-
thetics, community conversation, and available information to be as deeply relevant to
how we should consider tuning a game. If the game looks balanced mathematically but
still suffers from a player’s perspective, one might ask if there are sensory or game feel
reasons that are biasing a player’s opinion instead of continuing to tweak parameters
that will not outright change player perception. Just as subtly changing the balance
of a game might drastically change the experience and curve of a game, so too can the
aesthetics drastically change the balance of a game.

Qualitative playtesting also plays a role in the building of procedural methods.
When we automatically adjust balance or try to quantitatively evaluate it, we must
form theories about how our systems reach their balancing goals. However, designers
are biased, and players can be unpredictable. Our hypothesized theories of balance may

not align with what our players actually value. When considering if our procedural (or
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post-hoc, analytics-driven evaluation) methods are working, designers would do well to
connect the dots between their models and theories to the qualitative data they might
be receiving. Having a dashboard light up green means little if players are telling you
the balancing environment is bad. If such a situation occurs, the designers need to
return to their systems and tweak it until they see a better alignment with the voices

of their audience.

7.2 Analytics

The tendency for balance to orient itself around game-system parameters sug-
gests a linkage to analytics that can be generated and aggregated through gameplay. I
have covered common elements of balance that can quickly be evaluated through game-
play data—what are the comparative win rates of players or strategies? At what points
does a player quit, die, or take an unexpected amount of time during play? In my
interviews with designers, looking at game analytics was referenced over and over again
when judging the success of balancing methods (see appendix [A| for the list of intervie-
wees). Masahiro Sakurai, while also focusing on the feel and holism of balancing a new
Super Smash Bros. Ultimate character [411], will also point to the numerical represen-
tation of win-rates of online play to demonstrate that games are balanced [412]. Seeing
a disproportionate usage of a character in League of Legends [400] or a unit/faction in
Starcraft [40] quickly signals to the design team that something is wrong and tuning
needs to take place [265]. Analytics form the front-end of the immune system in game

balancing—they inform the creators with varying levels of accuracy what, where, and
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when something feels bad.

7.2.1 Player Modeling

The utility of player responses and data is in part determined by how well a
designer knows who is playing their game and if those players are the folks they are
interested in pleasing. If I am developing a Souls-like game, handing the controller
to someone who has no interest in video games or fantasy might yield some amusing
reactions, but it probably wouldn’t tell me anything meaningful about what I need to
change the game. While it is admittedly an extreme example, we can extend this to
player personas and models writ large—if we are asking the right questions to the wrong
players, we undermine our judgments about what is good or bad about our balancing.
To handle this task, we can turn to player modeling.

Player modeling refers to the practice of making a system-defined model of
how a player might behave, feel, or think before, during and after game [536]. Smith
et al. [451] build a taxonomy to help us frame and scope player models, listing domain,
purpose, scope, and source as the key components to developing a model of players.
Player modeling is key to understanding how a system should respond to the input
provided by a given audience, and is a common practice during game design [I11] and the
construction of procedural systems [362]. Modeling is particularly relevant in adaptive
game systems such as dynamic difficulty adjustment (DDA), where modeling perceived
difficulty allows a designer to appropriately modify a game’s properties to meet a player
on their skill level [26]. This is exemplified by Valve’s Left 4 Dead [498] Al director

(AID), which uses a calculated metric for “emotional intensity” as a means to define
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gameplay curves. In pursuit of roughly sinusoidal cycles of rising tension, climax, and
falling tension, system perception of emotional intensity drives enemy spawn volume and
timing [45]. It is important to note that player modeling is often a designed composite
of many gameplay metrics. In the case of Left / Dead [498], there is no raw value
measurement of “emotional intensity” transmitted from the player’s limbic system; it
is calculated from a combination of in-game metrics. Thus, we can easily visualize and
operate different dimensions of player modeling through these composite metrics that
are created by a game’s designer. The ability to understand if your player modeling is
1) correctly tuned to player experience and 2) allows for the correct manipulation of
system interaction is, in turn, critical for a designer to meet their intended experiential
goals. More discussion on this is detailed in chapter

Modeling can be performed in many ways. With access to a large amount
of playtrace data, machine-learning models can be built to identify clusters of players,
which can then be used to hypothesize which attributes of those players are the most
meaningful [536], 192]. Any amount of data, combined with designer expertise, can also
leverage techniques such as the development of player personas to give themselves ideal
targets to work with [491), 416, 415], 414]. During my interviews with designers, it was
often mentioned that designers would use themselves or close friends as the target player
model. Their reasoning was that if they or their close friends found the game fund, it
would likely be an indicator that a wider audience of like-minded players would also
find their game fun.

Another important aspect of using player modeling in evaluation strategies

is that such modeling provides methods that translate a perceived ideal player into a
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system-understandable model. This model can then be used to implement game systems
or evaluate their effectiveness. For example, player models might be useful in terms of
understanding what behaviors players commonly exhibit [536], 276], or what sequence
of dialog and narrative beats should be provided in a drama [303]. Models have proven
particularly useful for creating specific metrics that represent elements of dramas for
players. Jenova Chen of thatgamecompany described using an “emotional arc” model
to construct the progression of Journey [476l [77]. An emotional arc is a designer-
defined metric borne of an understanding of what the intended experience of the game
is for a desired audience. As such, building a conceptual model (either from designer
expertise or specific gameplay analytics) helps designers scope which players are the
most important to listen to during iterative development, as well as build computational

systems involving evaluation of the player model itself.

7.2.2 Playtrace Inspection

Information from a game state, especially as it changes through player inter-
action, is a common and well-proven pattern when attempting to understand game
balance. Instead of breaking down every potential dimension of potential game state
data, I will group them together as playtrace data, which frame this collected corpora
as the metrics one can collect throughout or as a result of gameplay.

A playtrace from a video game is defined by Osborn et al. [352] as “a sequence
of player actions corresponding to one play of the game.” As players perform actions
in a game, observable metrics are produced as a direct or indirect impact of changing

the system. Such metrics might include parameters relating to a game goal (e.g., how
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many items have been collected), bug prevention (e.g., has a player reached a check-
point in a race too early), or updating a player model (e.g., what level of difficulty the
player is experiencing right now). Metrics can have many indexes in a recording (every
tick) or summarize metrics at the end of a gameplay session (wins/losses). The role
of such metrics in design strategies such as Dynamic Game Balancing [16] as well as
scoring games for quality in A/B testing [202] helps to underscore the utility of met-
ric production in both design time and runtime. These metrics are frequently trivially
available due to their critical role in modifying game systems and are also useful for
providing system observability of a game system over a play session. Designers have the
responsibility not only to tune input parameters to a game system to ensure a desired
play experience, but also to utilize these observable metrics to iterate on their design
strategy and confirm their hypotheses about runtime operations of games. The value
of producing understandable and meaningful playtraces is, as such, a meaningful step
in iterative game design, especially when it comes to human or automated playtesting.

Playtrace collection and analysis of game metrics has been a critical area of
game design and research for well over a decade. Drachen and Canossa [I10] make the
case that gameplay metrics provide critical information about player behavior and that
any action a player can take can potentially be measured. Yannakakis and Togelius
[535] discuss the importance of linking such metrics with player affect to make available
player reactions and sentiment through game play recordings. Wallner [509] discuss the
importance of large playtrace and player metric corpora, especially when it comes to
the production of visualization tooling such as heatmaps. However, such large sets of

playtraces are inherently difficult to parse and nearly impossible to investigate on a
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case-by-case basis [286]. This does not mean that investigating an individual playtrace
is unimportant—the study of individual games between players has historically been
critical to the study of games such as Chess [133] and Go [393] and is a common attribute
of eSports (such as in Starcraft [40]) and professional gaming commentary [37), 281].
The ability to understand trends at large in a set of playtrace data and identify critical
examples to investigate provides a solid foundation for thorough analysis of playtesting
data. We will discuss tooling and approaches to handling such large corpora in Chapter
Playtrace data are essential for post-hoc analysis, but can also play a central role
in automated dynamic and static balancing systems. Knowing elements of the game
state that indicate player performance, pacing, game difficulty, and so on can inform

the changes a supervising system needs to make.

7.3 Automated Evaluation

Turning to procedural work, we can combine the data generated by playtesting
with analytics techniques to obtain automated evaluation strategies. These practices
involve the usage of automated playtesting or simulations to gauge the balance of a
game. The techniques can range from simple to astoundingly complex, but the overall
pattern is roughly consistent: we have a computational method to emulate gameplay or
system construction, and some computational method to evaluate the quality of game
balance based on said emulation.

On the simpler, low-cost side of things, creation of spreadsheets detailing sys-

tem attributes alongside a mathematical model to calculate some form of cost or value
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can produce outsized results when finding the distribution of power within a game sys-
tem. An example might be found in the tuning of trading card units. Each card might
have a set of attributes (cost to play, if it draws cards, combat value) that are tied to
some abstract representation in a mathematical model. The model itself is essentially
an equation, where a net output value is determined by the combination of operations
on the attributes involved in the card. The total output from these attributes then
becomes a term that can be used to determine the balancing “score” of a given card,
which can be used to spot outliers or curves within a global set of cards. Ian Schrieber
is a champion of this spreadsheet-oriented approach, noting that it is “The only tool
I need to balance something”. Indeed, this approach of “costing” game elements and
making sure a given set has low computational cost and is easy to understand and im-
plement, making it an excellent first step in getting a view of the balancing landscape of
a system. During procedural content generation, such a model can also help designers
set bounds on what types of new elements might be valid for generation [422].

In a way, the creation of a mathematical model and balancing of game elements
is a rough-grained simulation of gameplay—it approximates the outcomes of gameplay
through a low-to-the-ground mathematical model and parametric description of game
elements. In approaches such as these, we are not looking to player-driven analytics
to understand system balance, but to simulations of play to get a “first-look” at what
performance with players would look like. While this form of evaluation is perhaps the
most susceptible to misalignment with player preferences or sentiment, its utility stems
from the ability to do it quickly and in isolation from a playtesting audience, truncating

the number of tweak-play-tweak cycles needed to find an ideal balance.
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The other side of complexity from hard-coded mathematical models and cost
spreadsheets lies in the use of agents to test game environments for balance. This
practice has recently been growing in popularity in both academic and industry contexts,
and much of the technical work I present in chapters [§] [9] and [I0] is based on the use
of such agents. The basic premise is to utilize Al agents to act as players repeatedly,
creating synthesized playtrace data that can be used to tune and analyze accordingly.
Although not a 1:1 emulation of players, the presence of “good enough” agents means
that a designer can get closer to a goal game balance before involving playtesters or
increasing the quality of a given tuning session. In industry, studios use these agents in a
variety of contexts of balancing—Square Enix used them to identify the difficulty curves
of encounters in SaGa Emerald Beyond [461] by using reinforcement-learning-driven
agents to understand where spikes or unwinnable battles occurred, enabling tuning prior
to release to players [319]. Automated playtesting is used to guaranty completeness
and score game quality—as seen in King’s work on Candy Crush [185] 242] or Julian
Togelius’ work on using neuroevolutionary architecture to generate game content [484].
In general, the usage of automated playtesting to evaluate game quality (including
balance) is fairly prevalent and has the net benefit of being usable for larger PCG
architectures.

The utility of automated playtesting in balance does not end with the eval-
uation of the game. The bots used for playtesting themselves can be used as part of
a game’s balance, especially as it relates to NPC behavior. Imtiaz and Mujtaba [206]
demonstrate this by using RL techniques in creating bots of varying skill levels to cater

to players at different levels of experience. In an interview, Dominick Reba noted of
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Project M/Project+ Al programming that he wanted to have agents remember player
behaviors to change up their behavior and become more unpredictable. When imple-
mented in the running game environment of players, Al agents of varying capabilities
produce another variation of balance, one that is not easily understood through cost

sheets or static analysis methods alone.

7.3.1 Metagame Analysis

Data from a playtrace is one thing, but the accumulated knowledge and per-
formance of a player base are another; especially when such knowledge is not visible
from game data alone. This is where metagame analysis comes in. Metagame reviews
give designers hints on the tone of discourse, the information available to players, and
the out-of-game tools that players are using to optimize or revise their play strategies.
A metagame is understood as the sum of game elements that exist outside of the coded
rules of the game [103]. Richard Garfield, creator of Magic: the Gathering, loosely de-
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fines the term as “...how a game interfaces outside of itself. A particular game, played
with the exact same rules, will mean different things to different people, and those
differences are the metagame.” [I71]. Metagames, as such, are composed of commen-
tary between game communities in response to collective or individual play. These
communities form dialogs and tools to engage with the game. In Pokemon’s official
competitive format, the dominant teams and strategies change week-to-week (without
balancing or rule changes) as players observe tournament responses, attempt to counter

common strategies, or develop unexpected team compositions [I7]. They also have

shared knowledge (not provided in the game) and explicit tooling that helps to build
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key game elements. There are exact damage calculators, catch-rate calculators, random
number generation manipulation tooling, monster breeding and training resources—the
list goes onﬂ The Pokemon games themselves make most of this data partially or totally
unavailable to players—the development of balance and strategies dependent on these
tools and knowledge solely depends on the community and the research they perform
into the game itself.

The known information about a game via a conversation between players and
designers also informs the metagame balance of games. Perhaps the best example
of this is through speedrunning and randomizer communities. In these communities,
the discovery and search for glitches are a popular part of the competitive practice
of players [I83]. This has become prominent enough that automated approaches to
finding these glitches (alongside alternate routes) are not only commonly implemented
through Tool-Assisted Speedruns, but also researched in academia through automated
playtesting strategies [91]. Decompilation and data mining projects carried out by game
fans give communities even greater knowledge of how games work, also enabling new
strategies [495],333]. Streamers and Youtube commentators gather substantial audiences
discussing the way the community gains and puts such metagaming knowledge into
practice [315]. The investigation of information about a game and its impact on the
balance of said game, in this way, becomes a game and activity in and of itself; one that
designers can encourage, ignore, or attempt to shut down.

There is overlap between metagame analysis and analytics approaches. Look-

'Damage calculators can be found in https://pokemonshowdown. com; catch-rates in https://drag
onflycave.com; random number manipulation in https://retailrng.com; VGC breeding tutorials in
https://vgcguide.com
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ing at the adoption of classes or archetypes in games like Guild Wars 2 [21] has yielded
insights into player perceptions of over- and under-powered builds [369]. Tournament re-
sults and card usage rates are frequently used to inform future design tweaks. The pres-
ence of an active community during the development of games like Slay the Spire [306]
was critical to having a balance and tuning strategy at all [537, [153]. Data collection
on player sentiment can also be used to judge overall tone of reception to the game
or releases; though such scraping of written content from players can wade into murky
ethical waters.

Through all of these points, metagaming can be thought of as uncontrolled
playtesting, research, experimentation, and development using your game as a platform.
Investigating the complex and interwoven components of such an ecosystem can shed

light on future balance choices.

7.4 Expressivity and Drama

The above analysis generally revolves around aspects of balance as framed
parametrically and through the lens of difficulty or competition. Isolating evaluation
to these perspectives scopes out another important aspect of balance—aesthetics in all
of their forms, but especially as they relate to expressivity. While balance itself often
uses these metrics, the act of balancing is sometimes perceived through the game’s sense
of drama (in pacing, narrative, game feel) and often has downstream impacts on how
the game progresses. I mentioned earlier that simple tweaking of lighting and sound

effects can change the player’s perception of balance. As such, the way a game’s balance
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changes over time itself tells a story to the player through feelings of fairness. A horror
game will oscillate between feelings of power and helplessness, representing cycles of
fear and overcome through its balance characteristics [I72]. Power fantasies start the
player with little and continuously ramp them up in terms of powerful weapons (big
particles, loud sound effects, high damage output, etc.) to help the player feel like
they are continuously accumulating strength and ability throughout the game [474].
Tweaking balance is a way to manage player tension over time, and the curves of how
this tension is managed tell an implicit emotional story to the player.

The control of tension in games is a well-researched area of game design that
uses a paced attribute of a game (e.g. narrative, difficulty) to match some desired curve
of the designers. The concept has frequently been used in the context of narrative
games, where a (potentially procedural) game narrative meets the requirements of sto-
rytelling concepts such as rising action or exposition [397]. In terms of narrative, these
examples highlight how dynamic systems seek to have certain properties of tension while
enabling diversity in gameplay experiences. Connecting the dots between narrative and
systematic tension [446] highlights how these components work together (and sometimes
are in conflict with each other) to form a holistic game experience. In this vein, the
intensity graph of games such as Left 4 Dead [498] mimics the narrative story curves as
they are embedded in a game-mechanics and system perspective [45]. Mejerwall [309]
makes this explicit in a talk on the implementation of Al directors, where the control of
enemy spawns are set on a roughly sinusoidal pattern that is smoothed into statically-
authored moments in order to give players a cyclical feeling of tension build-up and

release. Al directors highlight how narrative can be driven through dynamic balancing
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techniques, which is in part the justification for my research in chapter [10] of Playtrace
Arc Search. The need to see these curves and evaluate them also necessitates further
evaluation strategies, a current gap in the academic literature. As such, chapters [9]
and both present techniques to understand the dramatic nature of game elements

related to balance by looking at the expressive range and playtrace curvature of games.
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What was Done to Test
Player-Centric, Procedural

Balancing?
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Chapter 8

BrawlerAGD (Automatic Game

Designer)

”Donkey Kong can actually be quite
potent and relevant against the meta in

Super Smash Bros. Melee”

Arjun “Junebug” Rao, professional
Super Smash Bros. Melee

player [228], 489

In this chapter (and in all subsequent chapters in this part of the dissertation),
I look to demonstrate the definitions and theories covered earlier in actual technical
implementations and testing strategies. These represent practical applications of my
framework to real artifacts that show automated balancing and analytics strategies in

action.
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To start us off, BrawlerAGDH was developed early on in my degree, when I
had a burgeoning fascination in AGD, PCG, and game balancing. It blends concepts of
AGD and dynamic game balancing, using a coevolutionary approach to try and not only
generate levels, fighters, and moves in a fighting game, but also tune them so that they
appear balanced in context. The idea was to test balance and mechanic emergence to
see if interesting edge cases of game balancing could also hold novel interaction patterns
(e.g. wavedashing or the unexpected rise of Donkey Kong in the meta of Super Smash
Bros. Melee).

This work also dives into quantitative and qualitative player evaluations and
inspired the “player-centric” elements of this dissertation. When writing this work,
I was engrossed in competitive fighting games and naively assumed that all people
would view a 50/50 win rate as ideal balance. In user testing, I quickly discovered
that this was indeed not the case, even if players found the games engaging. From a
system perspective, the “balanced” games generated showed a success, but this mattered
little when I hadn’t properly scoped out what kinds of player would take place in my
evaluation. These realizations showed me that on the one hand, proceduralizing balance
was possible. On the other hand, completely doing so is unlikely, and people had greatly
different interpretations of what balance is (motivating essentially the entirety of part

2 of this dissertation).

Published at AIIDE 2022
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8.1 Introduction

Procedural content generation has solidified as a commonly-used technique in
video games, leading to a wide body of research covering many techniques for creating
video game content automatically. More recently, researchers have begun to focus on
automatic game design (AGD) (e.g. [55), [89]). Here, the generation systems are respon-
sible for more than a single static artifact that will be used as part of a wider game.
Instead, they generate interactive parts of the game world, including narrative, game
mechanics, and other game elements such as sound effects. Because these systems gen-
erate multiple parts of the game, they usually strive to make coherent choices, so that
each part makes sense in the context of the other part, a framework called orchestra-
tion [279]. In addition to designing entirely new games, this framework can also be used
to discover new mechanics that integrate well with the fixed design of an existing game.

A primary challenge of AGD is evaluation: many AGD systems are evaluated
by defining an objective function that intuitively corresponds to desirable properties of
the game, and show that generated examples score well on this metric [89]. Due to the
complexity of games, the objective is often calculated using statistical data about the
playtraces performed by an Al. However, even if the objective function is well-calibrated
towards desirable gameplay, there is no guarantee that this Al behaves in a human-like
way, and thus no way to tell whether the outputs of the system are games that achieve
their aesthetic goals.

This is problematic when it comes to balance in multiplayer games. Although

there exists literature on automated balancing in multiplayer games, studies often stop
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short of performing user studies to determine if proposed methodologies produced arti-
facts that end-users perceived as balanced. In a study on Real-Time Strategy balancing,
for example, human judgments are wisely included in an iterative system that aims to
tune a set of parameters to achieve balance. [378] However, evaluations of this sys-
tem consist of case studies and evaluations using an internal fitness function, leaving
the reader with little understanding if a broader or uninformed audience might actu-
ally judge produced artifacts as balanced. If we computationally model aesthetically-
driven judgments in a game balancing system (this character feels overpowered, this
unit is under game tempo, etc.), we should also strive to show in user studies that these
aesthetically-driven properties are perceived without priming or bias.

In this chapter, we describe a system that automatically generates games in
the brawler genre, and evaluate its performance with a user study (screenshots from
gameplay shown in Figure . We show that the system’s evolutionary algorithm
successfully controls many facets of actual human play, but with a weaker effect on
human perception of those facets. These results from real gameplay provide insight
into the circumstances under which automated evaluation is correlated with human

evaluation.

8.2 Background

8.2.1 Brawler Games

Brawler games (a.k.a. Platform Fighting Games) are a sub-genre of fighting

games where players each control a single character and attack each other with various
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Figure 8.1: Six screenshots from example games. The games’ labels from top left
to bottom right respectively are: Game A (Evolved), Game B (Random), Game C
(Evolved), Game D (Random), Game E (Evolved), Game F (Random).

moves. In contrast to the Street Fighter [66] style of game in which players have a health
bar, brawler games require players to knock their opponent off the screen. Knockback
inflicted to a player is scaled with the total damage that that player has—the higher
their damage, the farther they fly when hit. Some examples of brawlers are the popular
Super Smash Bros games, as well as games inspired by these like Rivals of Aether and
Nickelodeon All-Star Brawl [339, 99, 290]. Brawlers are popular and often host large
and competitive eSports communities.

Brawler games are noted for their emergent complexity in their competitive
environments despite their ease of learning [85]. Balance and fairness are common con-
cerns for both expert and novice players alike: experts want fairness in tournaments,
and novice players want a fighting shot in any given match. Deciding what object prop-
erties in a brawling game (damage of a move, layouts of levels, physics characteristics of
characters) allow for an interactive, balanced game environment is a complex problem

and is the subject of many “balance patches” that publishers apply after initial release.
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Our system generates simple brawler games consisting of two characters with
one move each and a single level. This simplified game allows us to parameterize the
core elements of a brawler game. A complete list of system parameters is given in
Table Simple changes in parameters have dramatic impacts on emergent game feel.
An example: The numerical value of a character’s jump force has a large effect on how
powerful they are overall. Level design also has a great impact on game balance: levels
might have platform spacing that is difficult for one character, but not for the other.

Gameplay differences driven by parameter changes provide opportunities for
a parameter-tuning system to produce asymmetrical yet balanced characters. An ideal
system should be able to produce games that feel fair with significantly different char-
acters, not only characters that are mirror copies or are so poorly constructed that they
cannot functionally interact. We acknowledge that our system does not cover the full
space of brawler games (more players, more moves)—the complexity described above
scales dramatically with every new mechanic introduced. Due to the paucity of existing
work on brawler optimization, this study serves as a starting point for investigating the

generation of emergent properties in this specific gaming environment.

8.2.2 Related Work
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Table 8.1: A List of parameters used for game generation
including ranges for parameter generation. Platform width

and location are dependent on the game’s bounds.

Entity Parameter Description Range
Ground Acceleration of players on the ground | 0-1
Acceleration
Air Acceleration | Acceleration of players in the air 0-1
Max Ground Maximum self-applied speed on the 2-10
Speed ground
Max Air Speed Maximum self-applied speed in the 2-10

Character

air
Ground Jump Force applied from jump on the 1-15
Force ground
Air Jump Force Force applied from jump in the air 1-15
Mass Impacts momentum and knockback 0.5-2.5
Drag Impacts air control 1-6
Width Scales width of player hitbox 0.7-1.5
Height Scales height of player hitbox 0.5-2.5
Gravity Scales how gravity impacts player 0.3-1.3

Continued on next page...
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Table 8.1 (Continued)

Entity Parameter Description Range
Hitstun Scales how a character responds to 0.1-0.3
hitstun
Distance Distance between move and character | 0.8-1.5
center
Angle Angle Made between character and 0-2*P1
move
Width Scales width of move hitbox 0.5-1.5
Move Height Scales height of move hitbox 0.5-1.5
Warm-Up Duration of move warm-up 0.1-0.6
Execution Duration of move execution 0.1-0.4
Cool-Down Duration of move cool-down 0.1-04
Damage Scalar for damage applied on hit 0-10
Knockback Scalar for knockback applied on hit 1-16
Knockback Direction knockback applies on hit (0-1, -1-1)
Direction
Hitstun Duration | Determines base hitstun applied by 0-1

move on hit

Continued on next page...
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Table 8.1 (Continued)

Entity Parameter Description Range
Location Position of the platform (top left) —
Platform
Size Size of platform in width and height | —

Many existing Automated Game Design systems generate large volumes of
candidate games and use automated evaluation to choose a subset that are judged to be
the most enjoyable for human players [483]. Among these, it is common to use data from
AT play traces to inform the objective function (e.g. [482] 284 [55] 89]). This approach
has also been used extensively for game balancing, where the game is mostly fixed
except for optimizable parameters [31, 506, [B78]. Another approach involves leveraging
learning techniques that seek an optimal gameplay strategy, as in [543], although these
methods are likely too computationally costly to have in an AGD evaluation function.

A wide variety of desired characteristics have been considered and used in
fitness functions for automated game design. In addition to simple fairness, the existence
of multiple competing strategies [378], learnability [482] [284], and the uncertainty of the
outcome [55] are some examples. Some systems, such as ANGELINA, evolve multiple
parts of the game at the same time, evaluating each part individually, as well as the
interplay between the pieces [89, [90]. Our work lies somewhere between balancing and
game generation: while the base game mechanics are not subject to change, the level
geometry is evolved alongside the characters, and the parameter space for the characters

is large.
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While automatically evolving games are common, it is less common to em-
pirically evaluate the fitness function. The success of the generated games does not
necessarily mean that the fitness function is actually optimized for the desired quali-
ties. Some prior work solves this problem directly using player preferences in the fitness
function [86, [I80]. This solves the problem that the fitness function may be misaligned
with player judgment, but requires users to manually play and evaluate many games.
Some notable prior work does take an extra step to validate their evolutionary strategy.
In [55], Browne and Maire validate their fitness function with a user study that ranked
the games, showing how well each criterion in the fitness function was correlated with
human enjoyment of the games. In [210)], Isaksen et. al. optimize directly for a target
difficulty of a one-button single-player game. They conducted a user study to validate
their results, showing that human judgment broadly aligns with Al judgment in terms
of the difficulty of the games. However, the Al in question was a player model that
makes human-like mistakes and it might be infeasible to create an accurate model of
human play for more complex games. Without such a model, it is still possible to use
more rudimentary Al techniques to playtest a candidate game. However, these playtests
may be very different from actual human play in crucial ways, and understanding these

differences is necessary to designing effective Al playtesters.
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8.3 Brawler Generation

We used the Unity game engine to implement a brawler game generator Brawler-
AGD Pl We used free assets from Kenney licensed under CC0 1.0 ] All games can be

played with either a keyboard or Microsoft XBox controllers.

8.3.1 Base Game Mechanics

Fach generated game consists of two characters, a move that each character
uses, and a stage on which the characters play. During gameplay, each character has 3
stocks (or lives), and there is a static “blast zone” rectangle, which causes characters
to lose a life when they leave it. The loss condition is static: a player that loses all of
their stocks loses the game.

Characters are parameterized by statistics used by other brawler games. Each
character can jump twice, but the height of each jump is controlled by the generator,
along with other physical attributes like the character’s size, movement speed, falling
speed, and weight. The sprite is chosen randomly and scaled according to the generator.
To create nuanced attacks, the generator controls the timings of the attacks, the place-
ment of the attack relative to the character, and the knockback direction and damage
of the attack. Finally, the stage is a list of platforms that each character can stand on
and block the characters from moving through them. The space of characters is large,
with each character-move pair consisting of 24 independent parameters (Table each

of which has a predefined range of valid values. Stage designs can consist of up to 10

2Code for this project is available at https://github.com/smshields/BrawlerAGD. All trial games
used are playable in the repository, and the full evolutionary process is available for interested readers
to generate their own new games, and an example screenshot is shown in Figure
3https://www.kenney.nl/assets/bit-pack
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separate platforms.

8.3.2 Game Fitness

We perform an evolutionary search over the space of candidate games. Stages
are initially designed with an algorithm that creates a symmetric stage in which plat-
forms are placed according to the jump height of the player. Players are initially gener-
ated by generating each parameter according to a uniform distribution on the valid set
of parameter values.

We evaluate each game using the results of an automated playtest. The
playtest is performed by a decision-tree AIl. The AI continually tries to move towards
a position that would put its opponent within the hitbox of its attack. Randomness is
added to character movement (e.g. changing directions unexpectedly) to ensure that
separate trials of the same game are not identical and so that characters do not get
“stuck” when separated by platforms. If its character is off-stage, the AI switches to
a recovery behavior tree, where it tries to get back onto the stage. This Al is capable
of playing interesting matches, but the games it plays are visually distinct from human
play. For this implementation, we determined that this simple agent would suffice in
eliminating most extreme edge cases of generated characters: overpowered characters
show imbalances in damage distribution between players, and underpowered characters
lose all lives or inflict no damage to their opponent.

After the automated playtest, the objective function is calculated from a va-
riety of information. From the playtest, we obtain ¢ the game length in seconds, dy, do,

the total amount of damage dealt by player 1 and player 2, s1, so, the number of stocks
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remaining for each player after the game has ended and hq, ho, the total number of hits
taken by each player. From this we calculate many fitness variables, each intended to
influence a specific aspect of the candidate games. These variables are normalized to
ensure that we do not overtune for any given property. The overall fitness function is
the sum of the fitness variables.

We want games to last an appropriate amount of time and remove games that
are unplayable. To keep the game “fast” paced and to keep our genetic algorithm
efficient, we set a desired time and punished games that were too short or too long. We
terminated overtime games, adding a constant score penalty (-35) if the games lasted

longer than a minute. The time fitness for a game is

ftime = HE_ - gtarget” —35 *g

Where (444t is the target game length: 45s, and g is an indicator variable of whether
the game ended in a draw due to running out of time after 1 minute of gameplay.
We encourage games where more damage is dealt and more total player inter-

actions take place:

fdamage = (dl + d2)/10
Jhits = h1 + ha
We want each life of each player to end at an appropriate time and ensure that the

system cannot blindly optimize for f; by creating a game in which players are stuck in
a corner hitting each other. We set the desired damage per stock to 100, and if the total

damage exceeds that, we add a linearly scaling penalty variable fgockiength-
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We also want each game to be fair. We apply a fitness penalty to games where
the total damage dealt by each player is different or where the stocks remaining are

different:

fdamagefair - le - — —P2H * 10

fstockfair = Hsl - = 32”

With the overall fitness function being:

f = ftime + fdamage + fhits + fstocklength

+fdamagefair + fstock:fair

8.3.3 Evolutionary Search

We evolve candidate games with a population size of 100, a mutation rate of
0.4, and a dropout rate of 0.5. Characters and moves are crossed-over by treating them
as a list of parameters and applying single-point crossover. We leverage crossover as our
character and level parameter lists are not organized according to emergent gameplay
output, meaning we effectively randomize the design space between games by selecting
a random point in the list and combining. Stage designs are crossed-over by treating
them as a list of platforms with single-point crossover. To mutate a player or move, we

re-generate 5 randomly chosen parameters using the ranges of parameters used in initial
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generation. To mutate a list of platforms, the entire stage is re-generated. Table [8:2]

lists the specific fitness scores of the games of the pilot study as well as the average

fitness scores of the generations from which those games were selected.

Table 8.2: A table highlighting data from the generations of

game samples used in the study. Note that randomly gener-

ated came from the same batch of 100 games. Average fitness

denotes the average fitness of all games in a generation, and

average holdover fitness shows the average fitness of all games

that were kept for the subsequent generation.

Game | Number Agent | Human| Generation | Generation | Generation
of Fit- Fit- Top Average Average
Gen- ness ness Fitness Fitness Holdover
era- Fitness
tions

A 315 109.32 | 88.26 128.27 50.12 83.14

C 98 129.47 | 146.29 138.47 63.56 96.93

E 224 122.23 | 64.53 109.52 48.67 84.44

B 0 -12.08 11.84 41.16 -10.44 2.12

D 0 -9.98 21.37 41.16 -10.44 2.12

F 0 -10.00 13.44 41.16 -10.44 2.12
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8.4 User Study

We conducted a user study to understand how the genetic search of Brawler-
AGD influences the emergent properties of games when played by human players. In
particular, we focus on game fairness, i.e., the equal chance for each player to achieve a
win given the same skill. We had users play both (1) randomly generated games and (2)
games with high fitness chosen after genetic search. This study examines how players
rate games from each of these groups according to the following traits: ease of learning,
balance, enjoyability, understandability, immersion, quality of design, and ease of con-
trol. We also examine differences in gameplay data by recording the total number of
hits, the amount of damage, the winners, and the game length. The players were asked
to describe every game in 3 words and identify their favorite game. If we can show that
evolved games have perceivably higher qualities than our randomly generated games,
we can say that our system is successful in designing “balanced” brawler games.

We ran 12 total trials with 24 participants. Two instances of participant data
(from trials 11 and 12) were excluded due to an incomplete survey. On average, our
players were moderately familiar with brawlers, with one player indicating that they
were not at all familiar with brawlers and five indicating that they were extremely

familiar with them.

8.4.1 Game Selection

To compare the random and evolved games, we used 6 sample games. The

games were tested by having the players play a survival match against each other, with
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each player having four stocks per game. To choose random games, we generated and
evaluated a set of 100 games, with a mean fitness score of -10.22. We randomly selected
3 games with fitness —10£5 to use in the study. These randomly generated games were
named B, D, and F.

Each run of the evolutionary search plateaued with a mean fitness score of
80-100 after 12 hours of computation. The fitness runs were taken consecutively. To
select evolved games, we ran the evolutionary search to completion three times (average
fitness above 80 for 20 generations). Within the final generation of each run, we grouped
all games with fitness 100 or higher and randomly selected a game to use in the test.
Evolved games A, C, and E were generated from this process. The shortest evolved

game was generated in generation 98, while the longest was created in generation 315.

8.4.2 Measurements

Users started the study by playing a tutorial level in which they learned the
basic mechanics of games generated by BrawlerAGD using human-defined characters.
Users were asked to verbally confirm that they understood the controls and goals of the
game before leaving the tutorial. The users then played each game in random order,
answering questions after each game was completed.

During trials, we collected the same gameplay data that was used to evaluate
the fitness function. This included the total number of hits and damage to each player,
the duration of the game and the number of stocks remaining for each player. We used
these data to get an understanding of how human gameplay corresponded to our written

heuristic. We dropped ftime and foiockiengtn terms because humans play slower than our
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Figure 8.2: Distribution of user scores across a variety of measurement for evolved games
(blue) and random games (yellow).

AT and occasionally took time to joke, ask questions, or experiment with characters.

8.5 Results

We outline the general trends across the various games, both as observed by

human players and as seen through the statistical data about their matches.

8.5.1 User Perception

To understand whether evolved games had better perceived characteristics,
we first had to understand if evolved game scores were statistically different from the
results of the random game user survey results. We used a t-test between the two groups
(evolved and random, 3 games each) to examine the perceived differences between the
evolved and random games. Only one factor had a statistically significant (p < 0.017)
difference: ease of control. Evolved games were on average slightly easier to control

as perceived by the users. To understand which of the games specifically affected that

189



result, we performed a one-way analysis of variance (ANOVA) on all six games.

In our ANOVA comparison between all six individual games, we found that
both balance and (p < 0.001) ease of control (p < 0.013) had significant differences. In
particular, game C (an evolved game) was perceived to be more balanced and easier
to control than the other games. Game F (a random game) was also perceived to be
balanced, but was extremely difficult to control.

One simple observation comes from our post-trial survey: 63% of users listed
an evolved game as their favorite game. None of the randomly generated games had a

higher share of votes than the lowest evolved game.

8.5.2 Game Statistics

We also examined how human gameplay in evolved games differed from game-
play in random games, using t-tests on the quantitative data gathered from the user
study. We record the damage dealt to each player, the number of hits received by each
player, the length of the game, and the loser. All of these metrics, except for the game
loser, showed statistically significant differences when comparing evolved games with
random games (p < 0.001). Some examples of these trends: Evolved games tended to
have higher amounts of damage and hits to each player. Each evolved game lasted, on
average, more than twice as long as the randomly-generated games. These differences
indicate that players had more interactions for a greater amount of time when playing
evolved games compared to random games. Figure [8.2] summarizes these trends.

To evaluate fairness, we looked at the ratio of damage dealt to the player who

received the least damage (see Figure. This ranges from 0 to 0.5, where 0.5 indicates
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that player 1 and player 2 each dealt the same amount of damage to each other, whereas
0 indicates that one player took all damage. We use the ratio to be able to compare
games in which different amounts of total damage were dealt. We found that evolved
games had an on average 0.19 (p < 0.001) higher damage ratio, indicating that evolved
games encouraged more trade of blows than random games. We found the same trend
when looking at the number of hits. Despite having more activity from both players
and a more equivalent distribution of attacks and damage, we did not observe that the
evolved games had a more equal distribution of wins (player 1 wins as often as player

2).

8.6 Discussion

Here, we discuss qualitative observations collected throughout trials and game

evolution. These trends help to provide explanations for our survey and gameplay data.

8.6.1 Game Quality

Two of the games stood out both qualitatively and statistically: Game C, an
evolved game, and Game F, a randomly generated game. C consisted of one short
character and one tall character, both with moves that pointed downward. In order for
characters to land hits in C, they had to jump a single time, position themselves over
the opponent, and trigger their attack. In F, both characters are roughly the same size
but jump very high and move very quickly, making them challenging to control and land
attacks on opponents. Attacks in F were high-powered and were often killed in one or

two hits.
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Both of these games were evaluated as “balanced” by our players by a similar
margin (and these results are also borne out by the empirical gameplay data). Game
C (Evolved) scored the highest on most survey questions while also producing games
with the greatest length and damage/number of hits. Game F (Random) scored high
in balance, but poor in control. In descriptions of the game, 3 players called the game
“slippery” while others commented that the controls felt “touchy” and the characters
felt “floaty”. That the generator produced multiple examples of balance with human-
perceived differences in game-feel indicates that the system is capable of producing
balanced games that are not homogeneous or trivial in their gameplay.

C and F are just one example of a general trend in the differences between
random and evolved games. Although the system can randomly create games with
some desirable characteristics, it is unlikely to find games that combine multiple desir-
able characteristics without some kind of search. This explains the lack of statistical
significance in the individual categories, despite the preference for evolved games in the

aggregate.

8.6.2 Automated Playtester Alignment

Players often developed gameplay patterns similar to behaviors performed by
AT during evolution. Game C scored highly during evolution as Al characters would
jump over one another inside a corridor, attacking one another with their downward-
facing attacks (as shown in Figure [8.I). This caused the automated testers to keep
trading hits until one was flung outside of the corridor. During trials, most of the

participants followed an extremely similar behavior pattern, which in turn led to similar
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damage and hit outcomes.

This effect backfired when users did not follow or understand the key quirk
of the evolved game. When users diverged from the most common Al behaviors, the
evolved gameplay started to become very unpredictable and unbalanced. I.e., automated
playtesting did not cover a broad enough set of gameplay styles to stand in for human
play. Some stages forced or enticed users to play in a similar way as the automated
tester, and these scored numerically higher on fitness when played by humans. The
design of each game influenced how well the automated playtester aligned with human
play. While the system is far from perfect in covering all gameplay possibilities, the
ability for the system to even infrequently create such intricate behaviors in players by
tuning parameters indicates that this style of search can create distinct, meaningful,

and emergent playstyles while designing games.

8.6.3 Trends in Evolved Games

There were some general trends in game design that we observed in evolved
games. Most of the evolved games tended to have characters with move hitboxes that
would directly put the character in range of their opponent’s hitbox. Evolved games
also often had characters with attacks that could only be performed in some specific
character state: for example, the downward attack in game C required players to jump
first. These patterns meant that every attack would put the player at risk, which
encouraged interaction between the characters. If a player missed an attack, it can be
immediately punished by their opponent. Another quirk of high-fitness games is that

many attacks had knockback directions that pointed diagonally backwards towards the
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attacking character (for example, game E). Most human players found this knockback
confusing or disorienting. Players would line up what they thought was a fatal hit, only
to have the resulting knockback push themselves off of the stage. This is an example of
how a fitness function designed to increase the number of player interactions can create

game elements that are incomprehensible to humans.

8.6.4 Limitations

While we had modestly positive results towards evolved games in user percep-
tion, we did not show that users consistently perceived evolved games as more balanced
than randomly generated ones, even if their created heuristics would have indicated to
us that they should have. We attribute this in part to the complexity of the term “bal-
ance” and to making judgments about it. Although balance may be intuitive to most
people, that intuitiveness does not translate to agreement on what balance is between
users or games. Narrowing definitions of the emergent properties that we desire in these
systems or grouping users into persona categories could help in future evaluations of
emergent properties in AGDs.

The players also played against each other. When playing random games with
clear mechanical imbalances (see Game B, where one player had their move behind
and below their sprite), the winner would often feel very positive about their win.
They might gloat, and on one occasion, one said “that was the most balanced game
we’ve played yet”. Furthermore, a player with a long history of brawler fighting games
matched against a newcomer might make both feel that every game was not balanced.

It should be noted that while this was qualitatively observed, the data do not clearly
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bear this out—winners and losers did not have statistically significant differences in

balance judgments in games.

8.7 Conclusion

We created an automatic game designer that generates brawler-fighting games.
We optimized these games for simple metrics that measure desirable properties of games,
such as balance, ease of control, and interactions between players. By evaluating the
generated games with a user study, we learned about the ways in which our fitness
function influenced human gameplay. In general, evolved games exhibited higher fitness
when played by humans, indicating that automated playtesting (even with a very simple
AT) can help optimize human play for given gameplay properties. The qualitative and
quantitative matching of simple Al performances and human play indicate that our
designer can also discover interaction patterns and mechanics that humans might enjoy.

These statistical differences did not necessarily translate well to human percep-
tion of games, a problem also described in [210]. Ultimately, the goal of evolving games
towards a fitness function is to improve and shape the user experience of the person who
eventually plays those generated games. Towards that end, it is important to consider
how the fitness function might be misaligned with how users will experience the game.
A “high-fitness” game might not actually have the properties it was optimized for when
played by humans. It is also important to tune the evaluation agent to better match
human behavior. A future study might look to evaluate what factors might be critical

in creating a balanced game for a future heuristic, or what types of agent create the
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most accurate representation of human play.

This means that data from human actors should be more central when it
comes to the design of automated evaluation. One path forward is more advanced
automated playtesting that incorporates user data to play the game in a human-like
way. This would extend the research on player modeling in PCG such as [429]. Another
method would be to change the generative techniques themselves to incorporate user
data (for example, [458] does this for a single-player game). A novel approach might be
to use techniques from Human-Computer Interaction, such as “Design Personas” —user
profiles that guide design of an artifact [416]. Finally, by correlating design variables
with human perception of the resulting game, a system could guess the perception of a
novel game, allowing it to automatically adjust the fitness function in response to user

feedback.
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Chapter 9

Fighter DDA (Dynamic Difficulty

Adjustment)

“It’s an RPG. You're going to need to
grind at some point; but one of the
things that comes up in that
community a lot is the notion of
dominant strategies being too

dominant.”

Stella Mazeika, Contributor to the
Final Fantasy 4: Free Enterprise

Randomizer

BrawlerAGD showed me both that procedural balancing was possible, but also
that taking a naive, unrefined definition of game balance was a recipe for missing what

my audience actually wanted. Were they borne of the fires of the local Play 'n’ Trade
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fight game tournaments, as I was? Or did they simply enjoy goofing around with the
neighborhood crew? Such questions drove me to build the taxonomy and framework,
which illuminated the diversity of player preferences that could exist when designing or
tweaking any game’s balance. As this image of a kaleidoscopic balance crystallized, 1
realized that I needed to create a new technical platform that allowed me to both test
multiple balancing strategies for different audiences. Alongside this, I wanted to make
sure that I investigated dynamic balancing techniques and see if a single architecture
can be extended to fit multiple persona types.

Fz'ghterDDAE is a system built to answer a question around player-centric
design—how do we proceduralize tuning for different types of players? One common
trend I noticed in both game design and the academic literature was the split in defini-
tions between competitive (equal skill means equal wins) and casual balancing (lower-
skilled players have a chance at winning) strategies. As such, Fighter DDA seeks to
investigate if we can have a standard architecture for dynamic balancing (an Al di-
rector) and leverage it to meet the needs of either of these audiences depending on
the mode in which it is configured for. While an initial evaluation looked only at the
outcomes of battles, I decided to try and build out ways to make the emergent, invis-
ible elements of game balancing (the texture of gameplay) visible. Oliver Withington
provided the perfect solution using expressive range analysis, and it was put to use to
see the ability of the system to generate diverse sets of games for various audiences.
This work presents an implementation of the framework that is more oriented around

audience and evaluation—it serves to design a procedural system with a diverse set of

!Material on FighterDDA published at AIIDE 2025. See Shields and Melcer [432], Shields et al. [438]
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personas in mind, while asking the question of how we see the results of that system

before human playtesting (explored further in chapter

9.1 Introduction

Dynamic Game Balancing (DGB) is the process of altering the properties of
a video game during runtime to achieve the desired experience of balance of a designer
for the player [16]. A subcategory of DGB is known as Dynamic Difficulty Adjustment
(DDA), which focuses specifically on tuning the difficulty of one or more players during
the game [26]. DDA implementations have a variety of forms, such as linear scaling
of enemy difficulty (e.g., The Legend of Zelda: Breath of the Wild [340] where enemies
spawn with more health and damage output based on the main character’s progression;
mechanics that aid low-ranked players (e.g., Mario Kart 8 [114] where players in the last
place receive disproportionally powerful items to help them catch up); or the AI Director
pattern (e.g., Left 4 Dead [498] where an Al agent assigns enemy spawn rates based on
a perceived player affect relating to intensity). DDA systems have been widely used in
game design since the early days of the medium, and more recently have become a field
of active academic study—with much research focused on how DDA systems should be
implemented and how they are perceived by players [447, 388 [235], [198].

Despite their prevalence, DDA system tuning and testing is often unstructured,
usually relying on designer expertise to identify what methods to use to achieve balance
and how they should be implemented and tuned [217]. This is a significant issue due to

the large number of parameters and methods that can be adjusted to impact difficulty
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in a typical game, and due to the unpredictable combinatorial effect that changing
multiple parameters could have [I13]. In addition, there is evidence that the perception
of DDA systems can vary significantly between audiences and players [325]. In practice,
this means that balancing during the lifecycle of game development is time-consuming,
occurs throughout development, and frequently requires that many playtest cycles to be
properly evaluated [221) 245]. Therefore, any new research that improves or increases
the ease of DDA balance could be a great boon.

In this work, we introduce our novel platform FighterDDA for exploring meth-
ods to overcome these challenges in game balance through the use of different AI di-
rectors (AID) and visualization tooling. Tools such as the one we present could help
designers get closer to a balancing goal prior to testing, evaluate the success of a balanc-
ing approach from a quantitative perspective, and understand if a given design direction
holds promise. We ground our system in the turn-based role-playing game (TBRPG)
genre, using two different AIDs with varying goals. That is, the directors balance for
1) audiences of similar skill levels and 2) audiences of differential skill levels. We found
that our approach of working in a simulated environment containing multiple AID im-

plementations alongside visualization tools helped to fulfill our target design goals.

9.2 Background

9.2.1 AI Directors

Al Directors are a dynamic game balancing technique in which an agent (often

invisible to the player) watches and evaluates the current game state, providing changes
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Figure 9.1: A conceptual diagram detailing the interaction between a game engine,
simulation manager, director manager, data collection, and designer approaches. Our
tooling suggests an iterative loop using the visualized output data from a simulation
involving a director to make tuning adjustments to the director itself.

to the runtime system to change the play experience to better align with designer
goals [127]. The Hamlet system introduced by Hunicke [19§] is an early documentation
of this approach, changing item allocations dynamically in response to player progres-
sion. A well-known version of this approach appears in the game Left/Dead [498], where
enemy spawns are driven by a perceived level of intensity in the gameplay [45]. Directors
can vary depending on designer goals—e.g., leveling the field for mismatched players or
modulating difficulty for evenly matched ones. The key elements of directors include
the game state space and tuneable parameters (what does the director evaluate and
use to change game state), the manager policy (how does the director change the game
state), and the opportunities to act (when does a director act) [479]. These elements can

be seen in context in figure Using a director with multiple implementation meth-
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ods is present in work surrounding the testbed FarmQuest, which uses PaSSAGE [480]
and reinforcement learning director approaches in regards to quest selection in a cozy
game [251], 253]; although these works evaluate the efficacy of a single design strategy
with multiple technical implementations instead of methods that target fundamentally

different design goals.

9.2.2 Turn-Based Role-Playing Games

TBRPGs have been a staple of video games ranging back to the 1980’s, ev-
idenced by franchises such as the Ultima series [351]. Descendants of tabletop role-
playing games, TBRPGs have enjoyed commercial and critical success, ranging from
the best-selling Final Fantasy series [459] to the 2025 critical darling Clair Obscur:
Ezxpedition 338 [417]. These games have common attributes: the player controls some
number of characters with varying abilities (attack, heal, magic). Characters have some
form of speed stat that determines the turn order. Characters work together to de-
feat enemies, who possess their own sets of abilities. Characters win by reducing their
opponents’ health to zero. The popularity of these games, as well as their ability to
be efficiently simulated headlessly, makes them an ideal context in which to implement
and test various director-based dynamic balancing systems. AIDs are underexplored in
TBRPGs, presenting an opportunity to use a common yet under-examined environment
to test director implementation. The adversarial play, complex action space, and simpli-
fied action queue of the genre make TBRPGs a good starting metaphor for other genres

that layer additional dimensions on this framework (e.g., dexterity in action/adventure

RPGs).
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9.3 System Description

FighterDDA is a simulation testbed that simulates a Turn-Based Role-Playing
Game (TBRPG) fight between two teams, which facilitates either a player vs. player
or player vs. Al agent battle. FighterDDA focuses on the TBRPG genre, as it has
a long history of success in the industry in series such as Final Fantasy [459] and
Pokémon [142]. The genre is interesting for ERA analysis, as these games have a
wide variety of expressivity depending on the style of combat encounter desired by
the designer —easy farming encounter, mini-bosses and bosses, or player vs. player
adversarial matches. FighterDDA is a headless system that allows it to run thousands
of simulations on the order of minutes. It emulates a common battle system used in
games such as Final Fantasy VII [460], where an action meter gradually fills up for
each character. When the meter is full, the character is allowed to perform an action
from a list —attack, magic, defend, heal, etc. Each team is initialized using a rubric
of different character archetypes with unique stat and action potentials and fuzziness
applied to initial stat creation. All characters have unique archetypes (warrior, mage,
cleric, and rogue) that align with established patterns in the RPG space. The stats
of each character determine the damage, order, and effectiveness of action. Initial stat
fuzziness introduces team variation between runs. The game ends when one team is
eliminated or a maximum number of actions is reached (resulting in a draw). The full
source code for the simulation and corresponding tooling can be found on GitHub (a

link to the repository can be found in Appendix )
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9.3.1 System Goals

FighterDDA is intended to evaluate the effectiveness and game types enabled
by the introduction of a variety of Al directors within the combat systems of TBRPGs.
These directors have varied goals and methods to achieve these goals, aligning with
earlier points in the related work section on DDA that a single game platform can
contain a variety of dynamic game balancing approaches. The director follows the
standard experience manager pattern —given a goal for a desired gameplay experience,
an agent evaluates the current game state and then applies changes to the game world
in order to meet its goals. In this paper, we evaluate the performance of three director

styles in particular, with varied goals and strategies to achieve them:

e Inclusion — Aims to make games closer and therefore more dramatic for two
players of differing skill levels. Achieves this through adjustment of character
stats and application of targeted damage and heals. Uses one optimal and one

random player agent.

e Difficulty-Player — Aims to make games more/less difficult for two players of
similar skill levels. Achieves this through the adjustment of character stats. Uses

two optimal player agents.

e Difficulty- Environment — Aims to make games more/less difficult for two play-
ers of similar skill levels. Achieves this through the adjustment of environment

attributes such as damage scaling. Uses two optimal player agents.

The designer of FighterDDA would be able to understand the character of
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fights produced by these director conditions, providing signals for what types of dra-
matic experience they can provide for players based on which is active. The designer
should be able to understand the variation within a given designer setting, ensuring
that a given setting can still produce a diversity of experiences while still achieving
some specific experience goal. In the following sections, we document an approach that
investigates and categorizes the expressive character of each of these director settings
in order for a designer to answer such questions about the range of possible play-traces

in the FighterDDA system.

9.3.2 Simulation Design

The system simulation runs the game in units called “time steps”. Each time
step, the character speeds are evaluated to see if they have reached a threshold where
an action can be queued for execution. If multiple characters reach the threshold at the
same time, the ties are broken by how much the threshold was broken and then by the
base character speed. If all of these are tied, action order is picked randomly. When a
character action is ready to queue, a utility agent is used to select which specific action
should be performed based on the game state. Each team has an independent agent
controlling it, and utility scoring is concerned with eliminating enemy characters while
preserving the health totals of the ally. Once an action is selected, it is added to an
execution queue, which applies the action at a specified future time step. Simultaneously
and at a regular interval, a separate director agent evaluates the current state of the
game and decides the magnitude and style of the balancing action to perform.

The director agent currently operates in three modes, i.e., inclusion, difficulty-
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Figure 9.2: A mockup of the frontend of FighterDDA.

player, and difficulty-environment. These modes are described in further detail in
the following section. Player agents also have different operation modes that can be used
to emulate players of different skill levels. Time steps are repeated until all characters
on one team have been defeated or the game reaches a maximum time (approximately
30 minutes of human playtime). A diagram representation of the simulation along with
the interaction with data visualization and designer input is shown in Fig. A visual
mock-up of what the front end of the system will look like is shown in Fig. A more
detailed description of the system’s design, agent behavior, and initial testing can be
found in [432].

Automated playtest agents are controlled by utility agents as they are a pattern
with demonstrated success in industry [477]. These agents evaluate the known game

state (excluding hidden opponent data) and decide what action to take for each character
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Figure 9.3: A diagram showing the core loop of the FighterDDA system.

they control. Actions are scored to prioritize defeating the opponent while preserving
team health. A weighted probability based on utility scores is used for the final action
selection. Within the current system, there are three agents that emulate different

players:

1. Optimal—Selects higher-value actions. Emulates an experienced player trying to

win games decisively.

2. Random—Selects actions randomly. Emulates a new player. Consistently loses

to an optimal player.

3. Griefer—Selects lower-value actions. Emulates a player attempting to diminish

play experience. Stalls games without attempting to win.
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9.3.3 Al Director Design

The directors are state-based goal-based agents that seek to accomplish a de-
signer goal. In our simulation, we implement two such possible goals for our directors to
operate on. In one condition (differential skill level), we seek to level the playing field for
players of different skill levels in a multiplayer environment. The director accomplishes
this by examining the stats of both teams independently, projecting potential damage
trends as a result of stat changes, and then applying stat increases to the losing team
and/or stat decreases to the winning team. This aims to close the win/loss gap between
players. In the second director condition, we aim to modulate the overall difficulty of
the game for one or two players by adding environment-oriented changes to scalars used
in damage and healing calculations. This resembles environmental effects like “fog” that
reduce damage output. This director monitors team health trends, fits a line to recent
data, and compares it to a designer-defined ideal trend line. The distance between the
next predicted points from the line of best fit and the ideal trend line determines the

magnitude and direction of the director adjustment.

9.3.4 Data Logging and Visualization

Simulations can run and evaluate games in large batches up to approximately
10,000. Each game outputs a JSON file that includes starting parameters (e.g., tar-
geted difficulty), logs each time step with actions, director interventions, character stat
changes, and summarizing metrics. Separate logs provide a human-readable summary
(also viewable in console; see figure . These logs are then parsed by a graphing utility

(see figure[9.10)) that enables turn-by-turn analysis of a game along with important sum-
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ironment buf.

Figure 9.4: Console output detailing game actions and results.

mary metrics. The visualization, JSON game files, and overall simulation data output
provide ample material for a designer to review how well a given AID implementation

worked.

9.3.5 System Limitations

There are limitations that could be solved with iterative development on the
platform. A playable version of the system would enable two types of user studies:
player evaluation to understand if the different balancing approaches are successful for
their intended audiences, and a designer survey to assess the usefulness of the tool.
Implementing dynamic agents that learn and change skill level over time could indicate
how transitions could be made between director modes smoothly, helping model pivotal
points to move players between different models and serve different gameplay experiences
accordingly. The directors have simple, heuristic-driven strategies that could also be

improved by having a more nuanced or dynamic approach to tuning game elements.
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9.4 FEvaluation

Our evaluation had two main stages: first, a raw data analysis was performed
to understand how the different directors could close gaps in the performance of dif-
ferently and similarly skilled players. After this, an ERA evaluation was performed to
understand the expressive nuance of the playtraces generated by agents within different

director conditions.

9.4.1 Raw Data Analysis

Our evaluation consisted of testing simulation output against two defined de-
signer goals: 1) can a director be applied to lessen the gap between differently skilled
players and 2) can a director be applied to change the overall difficulty for two similarly
skilled players as reflected in game length. To answer these questions, we simulated 1000
games per director configuration. In the differential skill condition, the director signif-
icantly reduced the win/loss/draw disparity, either increasing the lower-skilled player’s
win rate or increasing the draw rate between players. Table details the results. The
“Condition” column details the pairing of different types of agent in a match against
one another. With the director disabled, one should expect agents of the same skill level
to trade wins equally and to have some measure of draws. Because “Griefer” agents
attempt to extend games, we should see an increased amount of draws present wherever
they play. When the director is enabled, the win rates between players of different skill
levels should become closer and the amount of draws should increase, indicating that the

lower-skilled agent has a greater ability to potentially win games. The director should
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not greatly impact agents with the same skill level and should maintain a relatively
equal win rate. We find these conclusions borne out in the table—with an interesting
side result of the director extending games into draws in similar skill conditions, sug-
gesting the “equalizing” action of the director can cause extensions in game conditions.
This director behavior is desirable under similar skill conditions; we found that setting
a target difficulty could significantly impact game length while maintaining consistent
win rates and avoiding draws. The average number of actions per game based on diffi-
culty setting ranged from 28.55 to 76.96, suggesting that both directors align with their
intended design goals. Taken together, we find that a director with a single governing
architecture but different intervention policies can cater gameplay to different personas

and use cases of players.

Director Disabled Director Enabled

Condition

P1 P2 Tie P1 P2 Tie
Optimal, 47.5% 49.6% 3% 46.4% 45.5% 8.1%
Optimal
Random, 42.7% 38.1% 19.2% 17.4% 18.2% 64%
Random
Griefer, 0% 0% 100% 0% 0% 100%
Griefer
Optimal, 93.3% 5.3% 1% 59.1% 16.8% 24.1%
Random

Continued on next page...
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Table 9.0 (Continued)

Director Disabled Director Enabled
Condition
P1 P2 Tie P1 P2 Tie
Optimal, 55.2% 0% 44.8% 36.7% 0% 62.3%
Griefer
Random, 30.8% 0% 69.2% 9.5% 0.2% 90.3%
Griefer

Table 9.1: Player Win Rates Using Differential Skill-Level

Director

9.4.2 Expressive Range Analysis

Methodology

Here we present our approach for analyzing and evaluating the play experiences
delivered by a work in progress DDA system. The intention is to give game and systems
designers the information they need to confirm whether or not a DDA system is going
to give players the intended experience or set of experiences using visualization and
analysis techniques beyond raw stat reporting. Therefore, the priorities for designing
this workflow were first to privilege designer intention and allow for the fact that there
are innumerable goals that a designer could have for a given system and second to
deliver information about the system in a way that can be easily understood in terms

of these goals.

212



Our approach involves three primary steps which are arranged in linear series.
Although this series is iterative and can be re-run at any time if a design flaw or idea is
noticed and corrected. We feel this process best reflects the iterative tuning and design
which is typical in real world game development, and also accommodates the difficulty
of tuning DDA systems which have to support diverse players and play experiences
through the balancing of many parameters and mechanics. A high-level overview of
this process is available in Fig. [9.5

While the DDA system itself is built in JavaScript, the evaluation system is
developed in Python. The complete platform and all tools presented in this work are

available in an online repository hosted on GitHub

Play-trace Collection To facilitate analysis, we first need to gather play-traces.
FighterDDA was designed to deliver players combat encounters with autonomously con-
trolled opposing teams which possess access to the same combat capacity and abilities
as the player. To gather play-traces from the system, we tasked two autonomously con-
trolled teams with the efficient defeat of the opposition and then recorded the results.
Any time a character on either team took an action, this action and the associated game
state were logged to a JSON file, enabling in-depth analysis of how the fight progressed.

We evaluated the three different modes of operation for the DDA system (See
Section FighterDDA), as well as a ‘No-Director’ mode to explore the functioning of
the system when all DDA adjustments were deactivated. For each mode, we generated
1,000 play-traces to use in the system evaluation as it was felt that this struck the right

balance between exploration and speed of generation.
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DDA System Goals
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Figure 9.5: An overview of the process of analyzing the expressivity of a DDA using a
simulation testbed and ERA methods. The designer is at the center of the process and
can both define and derive insights from each step —they decide and evaluate metrics,

get insights on gameplay variety and typing
can investigate specific play-traces.
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Metric Calculation For the experiments presented here, we calculate five metrics for
each play-trace, each of which is explained in Table As ERA has not been applied
to play-traces previously, there is no precedent for what metrics should be used. We
instead relied on the intuition of the system designer and exploratory analysis of what
appeared to give interesting clusters.

The first two metrics (Total Time Steps and Absolute Stat Difference) are
focused on system functioning and are used to conduct ERA. However, the second set
of metrics (Remaining HP, Damage per Step, and Lead Changes per Step) are calculated

to try and capture the dramatic character of encounters and are used in unsupervised

clustering.
Metric Name Description
Total Time Steps The length of the encounter.

Absolute Stat Difference | The difference in performance stats between teams at

beginning of game.

Lead Changes Per Step Average amount of times the team with the highest

percentage of total health remaining per time step.

Damage Per Step Average amount of damage done by both teams

combined per time step.

Continued on next page...
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Table 9.1 (Continued)

Metric Name Description

Winning Player Remaining health of the winning team as a percentage.

Remaining HP

Table 9.2: A list of metrics generated by game simulations

and used for ERA and clustering approaches.

Step 1: ERA Diversity Assessment The first step of the analysis is to confirm
whether FighterDDA can produce the desired diversity of play experiences in terms
of encounter length and initial combat ability. To do this, we use Expressive Range
Analysis (ERA) to visualize all play-traces in terms of Total Time Steps and Absolute
Stat Difference. These were calculated to explore the distribution and bounds of each,
as we want to ensure that encounters are neither too long nor too short and that teams
are initially balanced enough while not being identical. We were also interested in the
relationship between the two metrics. For example, a negative linear correlation between
the two could indicate that the DDA system was failing to compensate for the ability

difference between teams.

Step 2: Encounter Clustering The second step used in our analysis is the unsuper-

vised clustering of metrics related to the dramatic elements of play-traces, specifically
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of the three drama-linked metrics we highlighted in the above section on metric calcula-
tion. The goal of this step is to describe the types of dramatic encounter supported by
FighterDDA. Whereas in Step 1 we were interested in the distribution and bounds of
the metrics here we are using them to make discrete the play-traces into distinctive sets
which contain a shared dramatic experience. The inspiration for this approach came
from the writing of people such as [47] on the types of enemy encounter, as well as the
work on drama curves.

Although there are many unsupervised clustering algorithms, we opt to use
K-Means clustering, specifically scikit-learn’s implementation EL as in our initial testing
it appeared to perform better than alternatives such as DBSCAN in terms of cluster
robustness, but also because it is easily interpretable, with each point belonging to a
single cluster. The only parameter in K-Means is the number of clusters (k), which we
determined using the ’elbow method’, i.e., calculation of the inertia for each possible k
value and looking for the plateau point.

We then aimed to make these clusters interpretable, which we do by producing
summary statistics for each cluster in terms of the drama metrics used to produce them.
We calculate the mean and standard deviation for each metric for each group, as well
as the minimum and maximum values. This gives us the information they need to
understand what types of play-trace are found in each cluster, but the interpretation

process is manual, a limitation we discuss further in the Limitations & Future Work.

“https://github.com/scikit-learn/scikit-learn/blob/da08f3d99/sklearn/cluster/_kmeans.
1%
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Step 3: Cluster Analysis The goal of our final analysis step is to explore whether
the encounter types discovered in Step 2 also contain the diversity identified in Step 1,
as well as to explore whether all clusters are possible from all DDA modes. Without this
step, we could miss that while the FighterDDA system is delivering a desirable set of
encounter types with the correct level of overall diversity, that some of these encounter
types present players with highly predictable experiences.

To assess this, we reconduct the ERA visualizations produced in Step 1, except
that we differentiate them by the cluster membership produced in Step 2. In case the
visualization is unclear, we also produce the same summary statistics as in Step 2 except
for Step 1’s metrics. In particular, Step 3 involves effectively repeating Step 1’s analysis.
However, we still argue that Step 1 is valuable and appropriate as a primary step in
this method, as it is comparatively quick to perform and finding a negative result would

negate the need for Steps 2 or 3.

Results

In this section, we describe the results that we have obtained by applying our
methodology to the Fighter DDA system. We do this to both demonstrate the strengths
and limitations of the approach when it is used on a real in development game system,
and to give a more tangible idea of how similar approaches could be applied in alternative

domalins.

Step 1 Results The ERA heatmap plot in Fig. clearly shows a strong tendency

within FighterDDA encounters, with a strong cohesive hotspot in the bottom left of the
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Figure 9.6: ERA Heatmap of the relationship between Total Time Steps and Absolute
Stat Difference.
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Elbow Method for Optimal Number of Drama Clusters
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Figure 9.7: Visualization of the inertia of various K-Values when applied to the drama
metric dataset.

plot roughly between 50 <Total Time Steps <250 and 0 <Absolute Stat Difference <70.
It also shows the extreme variance in the outlying portions of the expressive space, with

a handful of encounters being much longer or with very mismatched starting stats.

Step 2 Results

Cluster Metric Mean Stddev

Winning Player HP 173 36.8

Continued on next page...
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Table 9.2 (Continued)

Cluster Metric Mean Stddev
Lead Changes Per Step 0.017 0.0101
Damage Per Step 2.49 0.901
Winning Player HP 117 51.1

1 Lead Changes Per Step 0.0498 0.0221
Damage Per Step 707 2.79
Winning Player HP 69.5 36.3

2 Lead Changes Per Step 0.0273 0.0134
Damage Per Step 1.85 0.759

Table 9.3: The mean and standard deviation of the metric
values for each of the three clusters found through applying
K-Means to the drama metrics. The highest mean values are

highlighted in bold.

The K-Means elbow visualization in Fig. [0.7] appears to show plateauing at
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PCA Visualisation of Drama Metric Clusters
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Figure 9.8: Visualization of the first two Principal Components derived from applying

PCA to the set of drama metrics. Color-coded according to cluster (left) and DDA
mode source (right).

K=3, so this is the number of groups we opted for. However, we should note that it
is not a very strong elbow that could indicate weaker cluster membership. To further
assess this, we also calculated the silhouette score of K=3, which gives a score from -1
to 1 on how strongly differentiated the clusters are. We calculated a value of 0.439,
which confirms that the cluster membership is relatively weak. That being said, the
clustering produced readily mapped on to gameplay styles and corresponded well with
the director conditions specified (see Discussion), indicating that even with a relatively
weak clustering it still produced valuable insight into the system performance.

We applied K-Means clustering to the drama metric set with k=3 to categorize
all play-traces and then visualized these clusters after applying PCA to the metric set
to reduce the set to two dimensions from three (Fig. which was done while still
explaining 82.6% of the variance in the underlying set. This visualization shows that
there are two dense and well formed clusters in the space, labeled 0 and 2, and one

diffuse cluster with lower play-trace membership labeled 1. We also contrast this in the
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same figure with the same color-coded points based on the DDA mode that produced
them, which shows significant overlap in all modes in their cluster 0 and 2 membership,
and that cluster 1 is almost exclusively produced by the ’difficulty-environment’ mode.

We also produced the summary statistics for each cluster displayed in Table
Our interpretation of the metrics gives us the following characterizations of the

dramatic clusters supported:

e 0: Grindy: High HP remaining, low lead changes, low damage per step. Boring,
low-tension, drawn-out. Comparable to a battle with a weak enemy team that

has a large health pool.

e 1: Explosive: Medium HP remaining, very high lead changes, high damage per
step. Dramatic, tense, swingy. Comparable to a battle with two teams of equal

strength and high potential to punish mistakes and leverage advantages.

e 2: Strategic: Low HP remaining, medium lead changes, low damage per step.
Endurance-oriented, neck-and-neck, tactical. Comparable to a traditional “boss”
encounter —long games with smaller HP ratio changes over time that have a sense

of tension and strategy.

Step 3 Results Finally, for Step 3 we return to Step 1’s expressive range analysis but
this time in scatterplot form, allowing us to color code points based on both DDA mode
and K-Means cluster (Fig. . This shows that while the overall set is highly diverse
in terms of these two metrics, this diversity does not translate to all clusters. Cluster

1 appears to be highly consistent in the length of encounters, being heavily clustered
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Time Steps vs Starting Stat Difference
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Figure 9.9: ERA Scatterplot color-coded by DDA mode of operation (left) and drama
cluster (right)

between 50 and 100 time steps, as well as more clustered than is typical in terms of
absolute difference. The fact that this is a peculiarity of a single DDA mode is clarified
by the DDA mode coding of this set, which shows that the ‘difficulty-environment’ mode
produces encounters that are both dramatically distinct, as highlighted in the results of
Step 2, but also mechanically distinct in the time they take to conclude, as indicated

by their heavy clustering to the left of the mode coded plot.

9.5 Discussion

This section discusses the system and how the ERA approach serves to help de-
sign improvements in such an automated balancing system. By doing so, I demonstrate
the iterative loop of the balancing framework, showing how translation of an automated
tuner produces data for an analytics process, which feeds further manual tuning from a

human designer to the automated system.
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9.5.1 Rapid System Improvement and Understanding

The iterative loop between FDDA and the ERA analysis proved a boon to the
design of FighterDDA throughout the entire process. The production of Step 1’s ERA
heatmap (Fig. helped confirm that the system had a relatively predictable game
length depending on the gap in stats noted between teams while retaining the potential
for “underdog” stories where one team with a higher stat difference lasts unexpectedly
long or takes the win. Figures and show clear relationships between different
director conditions and the styles of games produced, allowing easy observations of how
a given director condition produced a given range of play experiences. The spread of
such plots also gives a quick understanding of the consistency and variety of output for
a condition—while cluster 1 (explosive) games are desirable by the designer, they are far
more diffuse in terms of dramatic measurements (Table and mostly constrained to
the difficulty-environment condition. This tells the designer that this condition is doing
its job to create a specific play-style, but may also create a wide variety of potential
play-traces.

The plotting also allowed the designer to evaluate how well the difficulty con-
ditions performed their job. For data collection, the director aimed to produce games
of low-length between players of similar skill. In the difficulty-environment condition,
this goal was achieved and achieved consistently, as shown by the vertical blue grouping
of points in the DDA Mode Coded graph in Fig. However, the difficulty-player
condition seemed to fare much worse, providing a much more diffuse spread of game

lengths that was potentially even less well distributed than the no-director condition.
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This revealed to the designer that the difficulty-player condition was not performing
its functionality as intended, even if the surface-level metric collection had initially

obfuscated this fact for the designer.

9.5.2 Understanding Drama Through Automated Playtesting and ERA

Beyond testing design hypotheses and determining successful director strate-
gies, our methodology allowed for investigation of system drama in a way that is nor-
mally only readily apparent during human playtesting. Our three clusters (grindy,
explosive, strategic) are easily mapped onto various conventions in TBRPG design and
represent key ways in which encounters can be shaped to impact overall player ten-
sion and progression during a game [462]. Grindy games might initially be viewed as
net negative, but they are used as a pattern in games where player progression is reg-
ulated by the acquisition of experience points or enemy item drops [428]. Explosive
games produce tense environments where simple mistakes can lead to major changes in
game state, making every decision critical and meaningful during play. This is valuable
in competitive contexts, in particular (such as the Pokémon [142] series’ Video Game
Championship competitive format [59], where the games have diverse playstyles that
are both somewhat stochastic and sensitive to mistakes [I7]. Strategic fights land in the
archetypal “boss” category, where a longer game with subtler changes in damage and
winning positions leads to a period of protracted intensity and a close finish between
teams—one player barely survives the encounter [2].

The insight that the difficulty-environment director leads to fights of the ex-

plosive (type 1) nature is valuable and means that it would be an effective approach
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in competitive environments. This fulfilled the designer’s goals while providing addi-
tional positive findings—similarly skilled players (optimal agents) should have games in
a relatively regular time window with lots of drama (as represented by damage dealt
and changes in leading characters). Meanwhile, the lack of differences between the no-
director and difficulty-player conditions indicates that this condition is ineffective in
both its functional output and its generative potential.

Finally, the inclusion condition produced particularly meaningful results—not
only did it have differentiation from the difficulty- and non-director conditions in how
the game length was distributed, but it also appeared to have a unique dramatic profile
from them, landing squarely in the strategic (type 2) bucket. This is reassuring for the
goals of the condition, which seeks to make players of unequal skill levels compete on
an even playing field. As noted earlier, the inclusion condition features player agents of
both the optimal and random variety, meaning that without the director involved the
optimal player would consistently win over the random player. As the play-traces show
longer games with a small difference in remaining HP, two things become clear: First,
the director is effectively closing the skill gap between the two player types. Second, the
increased game length indicates that making individual mistakes would be less prone to
extreme punishment, as demonstrated in the type 1 clustering, creating a more forgiving
environment for players. In a player vs. Al encounter, this director would also meet
goals of fulfilling the “boss” style of encounter by making the player feel as if they
are always in danger of losing or winning against an opponent. [I57] note that this
quality of balancing such that players are constantly just-behind or just-ahead increases

engagement and enjoyment of experiences overall.
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9.5.3 Macro- and Micro- Visualizations in Procedural Game Systems

& Generating Macro- and Micro-Gameplay Data for Balancing

The system’s produced data are useful for two main reasons—it enables a
macro-level view of a large number of simulations while enabling a micro-level view of
individual play traces. In addition to the critical stats mentioned in the evaluation, the
tooling allows designers to inspect play traces from any seed. Our initial metrics are
relatively simple and do not provide a realistic judgment of if the balancing achieved
actually matches the desired gameplay style (is the encounter a weak enemy, a boss,
etc.). However, getting to roughly the right target provides a generated set of play
traces that can be examined for specific desired patterns of behavior. For example, a
designer might be seeking a sense of drama in games, looking for situations where players
are constantly exchanging the lead between one another. These can be identified both
by metrics and by the visual tooling provided in figure Ensuring macro-level
consistency while meeting micro-level goals provides the designer a starting point to
confirm their hypotheses with human playtesters.

Understanding a procedural game system is a difficult task—while the methods
to generate a game element or system might be clear, the full range of possibilities
of those methods might be incomprehensibly large. Applying visualization and data-
processing techniques to procedural systems helps negate the chaotic nature of testing
these systems while removing the risk that a designer is exposed to misleading outliers.
Being able to, at a glance, understand both the variety and dramatic character of a

procedural balancing system through a visualization of a high volume of play-traces
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means that designers spend less time attempting to interpret random sets of generation
and instead focus on targeted changes that will meaningfully impact overall experience
of their system.

A final benefit of our approach is that, as a requirement to generate the
macro-visualization of all play-traces, each individual play-trace is comprehensively doc-
umented, annotated, and ready to be plotted itself. This plot is shown in Fig. [9.10
which allows investigation of any given point in the ERA plots by looking at how the
leads changed, how frequently and to what extent a director acts, and so on. In this
way, there is a clear pipeline to our process—after ERA and cluster analysis is complete,
designers can inspect particularly interesting outliers or pick samples from clusters to
get further clarification on what games of a certain type look like. This combination of
macro- and micro- views of automated playtesting provides a wide range of co-creative
tools to tune and optimize the exceedingly complex area of dynamic game balancing

systems.

9.6 Limitations and Future Work

A limitation of our approach is our reliance on automated playtesting to gather
play-traces and the unknown relationship they have with those one would get from a
human survey. Automated playtesting is highly defensible from a resourcing perspective,
as once the development has been done to support it it is easy to scale and costs no time
or money to retest unlike human playtesting. However, it would be valuable to know

how much of an abstraction this is, and in future work we intend to conduct studies
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while allowing inspection of game state at each action performed. A trend line shows
the slope desired for a game’s difficulty (if specified).
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using human players to investigate the extent to which they explore similar encounter
possibility spaces to automated agents.

An opportunity to confirm our tooling approach’s contribution to the MI-PCG
space would be to conduct user studies where game designers are actively attempting
to implement some form of DDA system and have play-traces available. In-depth case
studies of our methods in more varied environments would help more concretely show
that ERA can prove effective in systems-oriented contexts.

A practical limitation of our approach is the reliance on human interpretation
of the play-trace clusters produced in Step 2 of our method. As we were only cluster-
ing on three metrics and only three clusters were produced, there were not too many
data points to interpret. However, there is no upper limit on the number of metrics
that one could hypothetically use in this process, and any increase would complicate
interpretation.

Related to the above limitation, is the requirement for human designers to
design the metrics of interest. This places a configuration burden on designers and
also limits the evaluation to what can be conceived of and actually calculated. This
limitation is harder to overcome, though we have options to explore, including ERA
selection criteria [524] to decide on metric pairings for conducting ERA, as well as
sourcing metrics from validated sets [299).

A study being executed at the time of this document’s writing aims to present
Fighter DDA with a web-browser-based user interface to human players, allowing them
to participate in different conditions (with director, with director targeting similar skill

levels, and with director targeting differential skill levels). This study also aims to iden-
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tify player personas: Do players (correctly) self identify with a given director condition,
and does their enjoyment correspond with their identification? Knowing if the directors
correctly address specific player personas and if players can accurately identify their
own player types will prove invaluable in the future when attempting to study how to
accurately tie player models to desired gameplay. The study also aims to investigate the
concept of “believability” (player awareness of DDA interventions). If prior work estab-
lishes that intervention can negatively impact player self-esteem, then understanding
how that intervention is detected by players can also help inform future game designs
where dynamic tuning is present. To accomplish this, we will present a third-party
“deity” character that can be toggled on conditions that announce balancing changes it
introduces. Introducing this character in director and no-director conditions will help
us understand the extent to which systematic and information-telegraphing plays a role

in player’s self-esteem impacts when interacting with a dynamic tuning system.

9.7 Conclusion

The importance of this work is twofold—on the one hand, AIDs can achieve
diverse balancing goals through targeted implementation. However, thorough data re-
porting, visualization, and a large number of simulations can be used to increase the
confidence that a given approach works as intended. These insights suggest how such
systems could streamline the costly and time-intensive balancing process. Our cursory
evaluation showed that a director framework combined with detailed analytics can sup-

port varied design goals. Investigating how directors can be designed for fundamentally
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different use cases and audience of players helps clarify how analytics and visualization
can inform AID strategies.

Combining reporting with player-focused AIDs offers an iterative way for de-
signers to evaluate how their AID systems might achieve their balancing goals. We
found through an initial evaluation that both diverse director approaches and thorough
data reporting could expedite balancing, enabling more refined prototypes before user
testing.

The outcomes of the ERA work and the capabilities of the simulation had me
return to a conclusion that came from my literature review and work on a taxonomy
and framework: if game balance is an experience of fairness and playtraces represent the
texture of our interactions with a game, could we get an understanding of the narrative
properties of game balance over the body of playtraces produced through gameplay?
Such an understanding, combined with a taxonomy and procedural balancing tech-
niques, would allow a designer to quickly build an understanding of the aesthetics of
fairness that their systems possess, in turn enabling informed and nuanced tuning to

meet their ideal experience of game balance.
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Chapter 10

Playtrace Arc Search (PAS)

FighterDDA and the ERA analysis performed piqued my interest in the more
global implications of balance design. BrawlerAGD showed me that balance was com-
plex and multidimensional; FighterDDA showed me that balance shifts during gameplay
depending on the player and tells a unique story that has fairness as the central thread.
With this in mind, I wondered if it was possible to visualize such shifts and stories, and
I quickly realized that progressions of balance mirrored narrative progressions and arcs
brought up in many other disciplines of game design (and literature). If I could make
a system that allows a designer to quickly see the development of ’fairness’ throughout
their gameplay, they could start to think critically about how to tell stories with the
oscillations of curves produced. In other words, I wanted to create a visualization of the
calculus of balance, one in which inflection points, valleys, peaks, and curves informed
how the player interacts with game balance over an arbitrary length of interaction with

a game system.
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The Playtrace Arc Search (PAS)D tooling came as a result of realizing that
interpreting thousands of playtraces for insights on a tuning system was going to be
difficult, and while heat maps and similar analysis exist, generic approaches that could
be moved between different signpost metrics rapidly were not easily portable to our en-
vironment. Additionally, deciding how to search through a large corpus of playtraces for
interesting or desired examples is difficult—providing an interactive, designer-friendly
method to search through such data sets (in our case, a canvas to draw playtrace curves

on) provides a casual-creator friendly approach to quickly filtering through game data.

10.1 Introduction

A playtrace from a video game is defined by Osborn et al. [352] as “a sequence
of player actions corresponding to one play of the game.” As players perform actions in
a game, observable metrics are produced as a direct or indirect impact of changing the
system. Such metrics might include parameters relating to a game goal (e.g., how many
items have been collected), bug prevention (e.g., has a player reached a checkpoint in a
race too early), or updating a player model (e.g., what level of difficulty the player is
experiencing right now). The role of such metrics in design strategies such as Dynamic
Game Balancing [16] as well as scoring games for quality in A/B testing [202] helps
to underscore the utility of metric production in both design time and runtime. These
metrics are frequently trivially available due to their critical role in modifying game
systems, and are also useful to provide system observability of a game system over a

play session. Designers have the responsibility not only to tune input parameters to a

'"Material published in PAS published at EXAG and ICIDS 2025. See [436), E37].
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game system to ensure a desired play experience, but also to utilize these observable
metrics to iterate on their design strategy and confirm their hypotheses about runtime
operations of games. The value of producing understandable and meaningful playtraces
is, as such, a meaningful step in iterative game design—especially when it comes to
human or automated playtesting.

However, playtrace collection and analysis rarely involve examining a single
predetermined session of gameplay data. The tools surrounding the playtraces usually
deal with aggregates of thousands to millions of traces compiled together and visualized
in some format. For example, heatmaps [528, [109], player modeling [536, 276], and bal-
ancing patches [222] are just a few examples of how playtrace composites are currently
used to augment design strategies. While such tooling is valuable for pattern identifi-
cation in playtrace datasets, it can put the designer’s understanding of their desired,
emergent play experience in the back seat to a global summary of data. Furthermore,
such approaches might make it challenging to identify interesting examples of playtraces
that could become meaningful case studies for future design investigations. As such,
a tool that allows a designer to show what their intended experience is for a set of
playtraces and to understand how consistent (or, if desired, diverse) a set of traces is
quickly could provide a valuable strategy for rapidly understanding system characteris-
tics during gameplay. Supplementing this with the identification of important examples
of their desired experience then provides such an approach with the opportunity to do
deeper investigations of important games played and even perform parameter tuning
based on a given playtrace match.

To address this gap in designer tooling, we introduce the Playtrace Arc Search
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(PAS) tool, which enables the searching of a large corpus of playtraces according to a
user-defined curve or “arc”. PAS reads a set of structured playtrace data, has the user
select game and/or system metrics to analyze, and then allows the user to “draw” a
curve to search for playtrace arcs that fit their arc. It also allows a designer to quickly
understand if a set of playtraces exhibits similar or diverse behaviors. In both of these
modes, PAS provides an option for rapid iterative design cycles, where the identification
of some systematic arc (such as drama, emotional intensity, difficulty) allows a designer
to focus on important qualities of a specific gameplay session. By quickly showing a
designer where to focus, PAS can tighten the playtesting loop, which is cited as one of the
most expensive and time-consuming parts of the game development lifecycle [548]. In
this work, we describe the system architecture of PAS, perform a brief set of evaluations
on a corpus of 1,000 playtraces, and discuss the design implications of applying this tool
in both manual and procedural design contexts. A screenshot of the tool can be seen in

Fig. and the tool is available on Github (see appendix |B.3).

10.2 Related Work

10.2.1 Co-Creative Tooling

Co-creative systems and research tooling involves altering a designer’s work-
flow to include computational systems, which helps produce work with greater speed,
quality, or expressive range. [278|, 297, 258 250]. Such systems often either provide
active assistance in creating an output (such as in Liapis et al. [277]’s Sentient Sketch-

book, where a user-drawn map is used to generate a level) or in scoring and evaluating
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some user-defined artifact (as in Migkotzidis and Liapis [316]’s SuSketch, which provides
predictive evaluation of a level design). Our system falls into the latter category and
lands somewhere between a creative tool and a data analytics platform. By allowing a
designer to specify what types of emergent outcome they desire, we afford a designer
the ability to determine if their current game system is capable of the experiences they
desire. If it is (or is not), a designer can then use specific playtraces to understand what
parameters, tuning, and gameplay actions were critical to producing the playtrace they

observed.

10.2.2 Parameter Tuning in Games and PCG

Video games are inherently parameterized systems. How high a character
jumps or when an Al should perform an action (among many, many other scenarios) is
all determined by a designer’s decision on how the corresponding mechanic and param-
eter is tuned. As such, both static and procedurally generated content (PCG) depend
on how a system is parameterized and tuned for a given interaction. The pursuit of
automated parameter tuning and parameter tuning analysis is therefore well researched
and prominent in the academic literature. Summerville et al. [465] identifies parameter
tuning as one of the greatest unsolved challenges in PCG, and good approaches to pa-
rameter tuning provide the opportunity to greatly improve artifact quality. There are
many approaches to performing automated parameter tuning—an algorithmic example
is the usage of evolutionary search algorithms, which score and iterate a swath of param-
eters until some desired fitness is reached [433], [323] 268 [407]. An analytical approach

is shown in Withington and Tokarchuk [524]’s approach to identify which parameters
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and metrics might be most valuable when performing Expressive Range Analysis [455].
The importance of understanding which parameters and how a designer should tune
them is thus critical facets of an iterative game design loop, especially when it comes to
systematic tuning for emergent or experiential game properties such as game balance.
This identification and modification of parameters in turn depend on the quality and
observability of system metrics that tell the designer how a game progressed—metrics

which are commonly reported through playtrace data.

10.2.3 Playtrace Analysis

Playtrace collection and analysis have been a critical area of game design and
research for well over a decade. Drachen and Canossa [110] make the case that gameplay
metrics provide critical information about player behavior and that any action a player
can take can potentially be measured. Wallner [509] discuss the importance of large
playtrace and player metric corpora, especially when it comes to the production of visu-
alization tooling such as heatmaps. However, such large sets of playtraces are inherently
difficult to parse and nearly impossible to investigate on a case-by-case basis [286]. This
does not mean that investigating an individual playtrace is unimportant—the study of
individual games between players has historically been critical to the study of games
such as Chess [133] and Go [393] and is a common attribute of eSports (such as in Star-
craft [40]) and professional gaming commentary [37, 281]. The ability to understand
trends at large in a set of playtrace data and identify critical examples to investigate

provides a solid foundation for thorough analysis of playtesting data.
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10.2.4 Player Modeling

Player modeling refers to the practice of making a system-defined model of
how a player might behave, feel, or think before, during, and after gameplay [536].
Player modeling is key to understanding how a system should respond to the input
provided by a given audience, and is a common practice during game design [I11] and the
construction of procedural systems [362]. Modeling is particularly relevant in adaptive
game systems such as dynamic difficulty adjustment (DDA), where modeling perceived
difficulty allows a designer to appropriately modify a game’s properties to meet a player
on their skill level [26]. This is exemplified by Valve's Left 4 Dead [498] Al director
(AID), which uses a calculated metric for “emotional intensity” as a means to define
gameplay curves. In pursuit of roughly sinusoidal cycles of rising tension, climax, and
falling tension, system perception of emotional intensity drives enemy spawn volume and
timing [45]. It is important to note that player modeling is often a designed composite
of many gameplay metrics. In the case of Left 4 Dead [498], there is no raw value
measurement of “emotional intensity” transmitted from the player’s limbic system; it
is calculated from a combination of in-game metrics. Thus, we can easily visualize and
operate different dimensions of player modeling through these composite metrics that
are created by a game’s designer. The ability to understand if your player modeling is
1) correctly tuned to player experience and 2) allows for the correct manipulation of
system interaction is, in turn, critical for a designer to meet their intended experiential
goals. A generic version of how a modeled metric changes throughout a playtrace can

be seen in Fig. [10.1}
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System-Observed
Gameplay Metric

Rising . Falling Rising . Falling
Action Slusks Action Action Slusks Action

System-Observed Progression Increment

Figure 10.1: An example of how playtrace metrics are modeled through curves and
used to influence designer understanding and gameplay systems. Some system-observed
metric, usually derived from a player model, is meant to change over some incremental
metric (e.g., time or number of games played) in order to understand, project, or modify
a player’s experience according to some curve. Such models have been used to great
effect in Dynamic Difficulty Adjustment systems, such as the Al director in Left /
Dead [45, [498]
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Dramatic Arcs

Dramatic arcs represent the two-dimensional, rising and falling nature of a
narrative plot over time. Frequently framed in terms of the tension of the story or the
emotional character of the story, such arcs date back to Aristotle and are a critical tool
for understanding the plot structure of the narrative through a visual lens [54], 22]. The
representations of arcs take many forms: directed graphs [361], simple pyramids [534],
two-dimensional waveforms [508], among others. These arcs were observed to be able
to be computationally processed and manipulated by Kurt Vonnegut in 2004 [508], and
this exercise has been carried out in works such as (Reagan et al., 2016)’s exercise in
analyzing a large corpus of narratives by sentiment [383]. Their processing yielded the
insight that emotional arcs generally possess some configuration of six unique waveform
patterns—“rags to riches”, “riches to rags”, “man in a hole”, “Icarus”, “Cinderella”,
and “Oedipus”. Fig. [10.2] provides a visual representation of these patterns. While
not all authors define arcs according to these six labels, such labels prove useful in
providing a comparison point of arcs to a common corpus of narratives [514]. Dramatic
arcs have been a frequent target for drama management systems, especially since they
are employed in both interactive digital narrative and in games [396, [431], 334]. Dramatic
arcs are not limited to written literature, but can exist in all forms of media; how they

are conveyed depends on the affordances of the media in question.

Game Systems as Narrative

Video games afford a wide range of tools to convey dramatic arcs—audiovisual

feedback, gamefeel, controls, progression, script, cinematography, etc.—the list is long
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/

Figure 10.2: A visual representation of the six types of dramatic arcs found in narratives
as defined by Reagan et al. [383]. All x-axes represent story progression, while the y-
axes represent emotional sentiment.

and varied [230, 42]. The translation of these interacting systems and components is
commonly understood through design frameworks such as “Mechanics, Dynamics, Aes-
thetics”, where system definition, the emergent properties of the system, and player in-
teraction direct the aesthetic, emotional, experiential qualities of a game from a player’s
lens [199,266]. Tracy Fullerton [I38] directly ties dramatic arcs into the interaction with
game systems, noting that the uniqueness of these arcs in games comes from player skill

¢

and agency: “...success or failure is in the hands of the player. It is the player who must
learn how to avoid the attacks, moving closer and closer to the goal.” Gillian Smith et
al. [456] use the metaphors of “rhythm” and “beats” when discussing content generation
in 2D-platformers, showing how gameplay is often interpreted through the lens of the

expressive terms of other mediums. With such a wide variety of interactions available

at the hands of designers, understanding how each uniquely designed system generates
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dramatic arcs is a daunting task, which requires an understanding of their intended

audiences and the way their system behaves over some progression.

10.3 System Description

The Playtrace Arc Search (PAS) tool (Fig. [10.3) aims to help designers ac-

complish three goals:

1. Understand the overall distribution and consistency of playtrace data
2. Search large sets of playtrace data for desired system arcs

3. Inspect individual playtraces of interest, with references to their source data

PAS aims to satisfy these goals for a specific drawn playtrace within seconds, allow-
ing multiple searches to be performed in quick succession. It accomplishes this by
parsing a large set of structured JSON data and providing a point cloud representa-
tion of user-defined properties of said JSON data. The user can enable or disable this
cloud on top of a canvas, which allows the user to draw a desired curve that they
would like to search for within the playtrace corpus. After selecting search strategies
using curve-matching approaches, a list of similarity-scored results (Fig. is pre-
sented for the user to inspect. The system is web-native and uses graphing (Chart.jsED,
canvas (Fabric.jﬂ), Fréchet Distance (Curve—MatcheIEI), and Dynamic Time Warping
(Dynamic-Time—WarpingEI) libraries for user-input, visualization, and search strategy.

The full code and demo for PAS is available online (see appendix

*https://github.com/chartjs/Chart. js
3https://github.com/fabricjs/fabric.js/
“https://github.com/chanind/curve-matcher
Shttps://github.com/GordonLesti/dynamic-time-warping
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Playtrace Arc Search

) . Arc Drawing Canvas
Search Configuration:

Use the inputs below to load playtraces and select which playtrace
properties will be used for PAS. You can view a global point cloud after
loading data to visualize overall data frends. You must draw an arc on
the right to perform a search

1. Load Data:

[ Browse... | 1000 files selected.
2. select X-Axis:
timesStepLogs
3. Select Y-Axis:

totalCurrentHP

4. Draw Desired Arc on the Right:

Clear

Search Method:

Fréchet searching favors scoring according fo the overall frend of the
graph, potentially missing some arc details. Dynamic Time Warping
(DTW) favors scoring according to shape details (e.g., matching valleys/
peaks) but cares less about where details occur.

@ Overall Trend (Fréchet)
© Shape Details (DTW)
© Weighted Combination

Display Point Cloud for All Data
Sensilviy: 300 = ®

Perform Arc Search

Alist of results will be displayed below. You may have to scroll down to
view all results. Any individual item can be selected to inspect the
specific playtrace against your desired arc. Green represents a good
match while red represents a poor maich.

Figure 10.3: A screenshot of the Playtrace Arc Search (PAS) tool. The left panel allows
a user to upload data, select the values to inspect, and the curve-matching strategy
to use when evaluating playtraces. The right panel provides an (optional) point cloud
graph of all playtraces, as well as a canvas for a designer to draw the curve (in red) that
they are searching for in their data.

245



10.3.1 Metric Selection, Logging, Formatting

PAS focuses on the analysis of how important gameplay metrics change through-
out the playtraces. These metrics are sometimes raw data (e.g., how much HP does a
character have), but can also be productively calculated and composited into player-
modeling metrics tied to player actions or progression. The metrics recorded at each
step can be thought of as dependent variables, which PAS visualizes on the y-axis of
its arc drawing. On the x-axis, a discrete progression measurement is used to map each
consecutive data entry (e.g., gameplay tick). While a common progression measurement
used for playtraces is time, other metrics can be used: player action frequency, level/-
goal completions, and so on. What is important is that these metrics are identified as
meaningful by a designer and implemented into a game logging system that allows for
post-hoc analysis.

PAS reads a folder from the file system that contains an array of JSON files.
The naming of each JSON should be a meaningful identifier corresponding to its play-
trace. Examples of good identifiers include time of playtrace or the seed of the generated
artifact—something displayed in the interface that will help the user quickly understand
which playtrace they are looking at. The format of the JSON is shown in Listing [10.1
Notably, you can have multiple discrete progression measurements and multiple depen-
dent metrics for each progression measurement, allowing the user to switch between dif-
ferent playtrace inspections without reloading data. Discrete progression measurements
are represented by their index in their array (i.e., discreteProgressionMeasurements|0]

correspond to the first metrics recorded on a playtrace). The dependent metrics must
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be numbers for visualization and analysis purposes. This data structure makes PAS
game-agnostic—so long as designers define metrics for input (which is likely done as a
byproduct of development anyway) PAS can be applied to a dataset.

Once the data are properly formatted, it can be loaded into the system using
the PAS interface, and the x-axis and y-axis can be selected using dropdowns. After
the playtraces are loaded and metrics are specified, a user can select a toggle to display

a point cloud representation of the playtraces they have loaded.

10.3.2 Search Strategy and Output

On the right-hand side of the tool, there is a canvas on which a user can draw
an arc. This arc can be any shape, but must pass the vertical line test (no duplicate y
values for the same x value), and must only consist of one continuous segment. The user
can use the generated point cloud as a guide if desired. The line does not need to reach
both ends of the canvas as the line drawn will be transformed to fit within the vertical
and horizontal bounds of any given playtrace to which it is being compared. With data
loaded and the desired arc drawn, a user can select what search strategy they would like
to use: Fréchet Distance, Dynamic Time Warping (DTW), or a weighted combination
of both. The Fréchet Distance strategy favors matching based on overall curve trend
on a point-by-point basis [6], while DTW cares more about the shape and translated
phase of curves and is more forgiving of translations of those shapes (e.g., rising/falling
trends) [237]. Both are useful for different use cases—Fréchet Distance might help
confirm an overall trend across all playtraces (all metrics are rising/falling in similar

places) while DTW can help confirm that all playtraces experienced a similar pattern

247



2 //System accepts any number of potential x-value

measurements

3 ‘“‘discreteProgressionMeasurements" : [

4 //Each index in array corresponds with x-value on
graph

5 {

6 //Each value in a discrete object can be used as

a y-value
7 //Each value will be present in PAS interface
8 ‘“metricil": number,
9 ‘“metric2": number,
10 ‘“metric3": number,
11
12 },
13
14 1,
15

16 }

Listing 10.1: An example input JSON schema to be used with PAS. Each object inside
of “discreteProgressionMeasurements” should have the same structure. Only numbers
can be used for playtrace analysis.
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regardless of progression index at which they occurred. A weighted combination of both
approaches is also available, allowing for a nuanced mixture of both search strategies.
Each strategy scores every playtrace in similarity against the user-drawn curve from 0
to 1. Due to the transformation of the user-drawn curve to match the relative ranges of
playtraces, a resampling is performed for both algorithms to standardize scoring. The
density of this resampling can be specified using a sensitivity slider below the search
method options. The search can be initiated by clicking the button below the search

method options.

Comparison for 366.json (Score: 0.9310)

Figure 10.4: A view of the analysis results section with a playtrace inspector open. The
similarity score shows how similar the drawn graph is to a given playtrace. Hovering
over the playtrace produces all values provided within the input JSON for a given x
value.

After performing the search, the user is presented with a ranked list of play-
traces, sorted by their similarity to the drawn score (see Fig. [10.4). Each playtrace
is labeled by its filename, and its score is shown in its row. Playtraces are colored on

a gradient from green to red, with high scores being green and low scores being red.

Clicking on an individual playtrace entry shows a graph that overlays the user-drawn arc
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with the playtrace, allowing for direct comparison in context. The user can hover over
the playtrace, investigating all metrics included in the JSON file for the given discrete

progression step.

10.4 Evaluation

To evaluate the efficacy of PAS, we ran an evaluation that sought to confirm

three critical design use cases:

1. Can PAS correctly positively score a drawn arc corresponding to the point cloud?

2. Can PAS correctly score a drawn arc that does not follow the point cloud?

3. Can PAS correctly identify a graph with certain features from a large set?

To do this, we used a game testbed with automated playtester functionality
to generate 1,000 playtraces [432]. From these playtraces, we generated a point cloud,
drew arcs to match each condition, selected appropriate search strategies, and reviewed

the results.

Methodology

We used a headless Turn-Based Role-Playing Game simulator named Fight-
erDDA for the production of a 1,000 playtrace corpus of data [432]. We selected this
system because of its usage of a popular game genre and ability to rapidly generate
a large set of playtraces for analysis; collecting a similar volume of human-playtesting

would require much more time and is unnecessary to confirm basic system operation.
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Number of Simulations: 9@

Player 1 Win Rate: 51.9e%

Player 2 Win Rate: 49.0e%

Draw to Simulation Ratic: @.0@

Average Simulation Length: 169.17
Average Number of Actions: 29.23

Figure 10.5: Console output from the automated playtesting platform used for eval-
uation, FighterDDA. This output highlights characters attacking and defeating one
another while providing a basic metrics summary. Logging from each simulated fight is
saved in JSON format for analysis by PAS.
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This system uses utility agents combined with an Al Director to simulate two teams of
four characters fighting one another, with the game ending when all characters from a
given player have no remaining health points. Characters are able to attack opponents,
defend themselves, and heal teammates. The Al director applies environment changes
in an attempt to modulate difficulty throughout gameplay. For the purposes of this
evaluation, we chose to use the metric of the health of all characters summed together
on each game tick. This metric provides us with a view into the general pacing of the
game and could help a designer understand if games are ending at appropriate times
and if games have some form of back-and-forth style of gameplay. A screenshot of the
console output of a run of the data generation testbed is shown in Fig. [10.5]

To test the three cases listed above, we uploaded our corpus of playtraces to
the system, selecting game ticks (”timeStepLogs”) and total health (”totalCurrentHP”)
as our x-axis and y-axis, respectively. For case 1, we drew an arc that follows the
densest areas of the point cloud and ran analysis using the Fréchet strategy, as we are
looking to see if we get matches for the overall trend of our drawn arc. For case 2, we
drew an arc that inverts the densest areas of the point cloud, running the same Fréchet
search strategy as in case 1. For case 3, we drew a curve that oscillated while matching
the overall trend of the point curve, searching for playtraces that held some pattern of
rising and falling current health throughout the game. We used a combined approach
(both weights set at 0.5) for this case, as we both wanted the overall trend of the curve
to be matched, as well as the detection of specific curve features. We set the system

sensitivity at 300 for all cases. All drawn curves can be seen in Fig.
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10.4.1 Results

PAS worked as intended in all three cases listed in section 1. For use case
1 (Q1), we found high scoring of curves with near universal consistency, with scores
ranging from 0.7367 to 0.9354. This shows that PAS is capable of matching the overall
curve trends that are common within a large set of playtraces. For use case 2 (Q2), we
found extremely low scoring of curves with universal consistency, with scores ranging
from 0.0000 to 0.3542. This result indicates that PAS is successfully able to identify
curves that are highly unlikely to appear within a data set. For use case 3 (Q3), we were
able to identify a curve with both overall trend and prominent features close to our drawn
curve, as well as to see curves that matched poorly, with scores ranging from 0.6247
to 0.8603. This feature matching demonstrates PAS’s ability to identify playtraces
with both overall trend and specific features in a playtrace, helping identify exemplary
playthroughs of a game. A visual showing the drawn arc and the highest /lowest scoring

playtrace for each case is shown in Fig.

10.5 Discussion

10.5.1 Mapping Game States to Curves

PAS highlights a common facet of evaluating the quality of game systems
and emergent experience—parameters and metrics of the system form curves over a
progression, and these curves represent how situations and gameplay unfold. These
curves can be viewed as game-system metaphors for dramatic arcs—the rising and

falling of these curves over time can help a designer identify the “rising tension” or
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Figure 10.6: Results from the three case studies. Each column shows the designer’s
drawn graph, the highest matching playtrace, and the lowest matching playtrace. Cases
1 and 2 used Fréchet distance matching (Q1, Q2), while Case 3 used an evenly weighted
combination of Fréchet distance and DTW matching strategies (Q3).

other systematic drama over a gameplay session [303].

It is important to note that progression does not just happen on a moment-
to-moment, temporal basis. Such approaches might be unnecessarily fine-grained for
understanding a game environment. A designer for a game that contains a large volume
of small levels, such as a mobile puzzle game, might be more interested in metrics for
each level completed over hundreds of levels instead of the minutiae of each individual
level itself. The ability for PAS to scale based on the grain of the discrete increment
provided allows the tool to be used across a variety of design use cases throughout the
game lifecycle—you might investigate the moment-to-moment difficulty of a section of a

game, or view how a player changes in skill level over thousands of multiplayer matches.
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The ability to see a collection of curves and find important curves also high-
lights versatility in seeing the macro- and micro-trends of playtrace datasets. In our
evaluation, we quickly saw that all the games ended within a similar curve space. This
is a useful insight for the platform designer, as it shows that all games are ending ap-
propriately and have a contained space (i.e., an important goal for this style of battle
is that battles eventually end and have some level of consistency in how they play out).
Meanwhile, it was reassuring to know that the individual character of the curves with a
tug-of-war pattern (health oscillating over time) was present, meaning that the games

simulated were able to provide experiences that were not overly linear.

10.5.2 Confirming Designer Goals

Designers often use an “experience goal” (i.e., what experience should the
player have) to drive their game development process [138]. These experience goals are
impossible to know explicitly (as there is no direct access to player experience) and
instead must be expressed through qualitative research or system-observable metrics
defined through designer-specified player models. Understanding whether a game metric
accurately predicts a player experience (and, in some implementations, impacts the game
state) correctly is key to meeting these player experience goals. Combining PAS analysis
with qualitative data can quickly shed light on whether or not the correct system-metrics
have been defined for an audience. For example, a designer might look at PAS and find
confirmation for a system curve, but find that players do not qualitatively agree with
the data. In such a case, the designer might need to go back to the drawing board to

find a better system-derived method to quantify player experience.
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When it comes to PCG, Automatic Game Design, or games that have high
replayability, it may not be a positive thing to see a consistent set of playtraces. In
contrast, the designer of such systems or games might actually be looking for system
arc diversity, hoping to see a wide range of curves across playtrace sessions [441]. When
combined with an Expressive Range Analysis approach (such as in Shields et al. [438]’s
tooling on FighterDDA), understanding the potential design space of system playtraces
represents a novel and meaningful strategy to understanding system quality. PAS allows
for the visualization of such diversity at a glance with its point cloud, but also allows
the designer to see if varied individual curves exist in the gameplay and what specific
actions occurred during that playtrace to produce the curve in question. Consistency
and diversity can be valid goals for different designers in different use cases, and PAS

allows the confirmation of either goal.

10.5.3 Tuning Through Parameter “Sweeping”

PAS is not only useful for looking at a static configuration of game systems—
it can also be used for parameter tuning. This can be done by implementing an A/B
testing strategy, where different parameter adjustments are provided for each playtest
session [202]. With this collection of data, a designer can then specify the output curve
they were looking for, identify the playtrace(s) with the highest similarity, and use the
parameter settings from those playtraces for future tuning refinement. The scoring from
this system could even be implemented as part of a fitness function of an evolutionary
loop, selecting games based on the quality of their system arc in addition to other

metrics.
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10.5.4 Using PAS to find Balancing Drama in Gameplay

The recognition that game systems (whether they are or are not explicitly
narrative-oriented) implicitly carry narrative structure, meaning, and storytelling po-
tential is a hallmark of game design [230), 42]. When traditional narrative and game
system emergence and progression gracefully work together, games become capable of
presenting dramatic arcs in ways that no other form of media can. Namely, players
experience dramatic arcs through multimodal gameplay—a fusion of explicit narrative,
gameplay feedback, diverse aesthetics, and so on [435]. A player may experience a “rags
to riches” arc through a weak character accumulating powerful abilities over time, or a
“man in a hole” arc through the gradual reduction of resources and safety in a horror
game. Although these arcs can be presented through interactive and dynamic dialogue
alone, many games lean on the narrative metaphors that their game systems convey to
represent their greater, holistic messages. Using a simple example, the gradual demonic
invasion of Earth in DOOM is played out through audio recordings and environmental
storytelling, as well as the increasing volume, speed, and difficulty of the demon spawns
that the main character fights [204]. These dramatic arcs, the result of the combination
of traditional storytelling and system-driven storytelling, help define the overall sense
of progression in a game.

However, the emergent properties of game systems along with the lack of
generic translations between game system-driven narrative and traditional storytelling
make predicting the progression of a system’s dramatic arc difficult. A system’s em-

bodiment of difficulty, balance, tension, or drama either has to be statically defined by
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a designer or built into procedural systems that might have a wide range of potential
dramatic system arcs that could be produced. As such, providing tools that help a
designer directly understand the character of a game system’s progression through the
lens of dramatic arcs could prove invaluable for the careful tuning of a multimodal,
interactive game narrative.

We can conceptualize the systematic narrative arc of a game or interactive
digital narrative through the lens of playtraces, defined by a relevant designer-identified
metric and a measurement of experiential progression. Using PAS to view playtraces, we
can leverage an iterative process to concretely evaluate if 1) there is a system-observable
metric that defines game narrative progression, 2) if the defined metric’s changes over a
progression form a set of meaningful dramatic arcs as desired by the designer, and 3) if
those arcs correspond with the qualitative experiences of the players who interact with
the system. We call this iterative design process a “Dramatic Arc Search”. A visual of

this iterative loop is shown in Fig. [10.7

Finding Drama Metrics of Game Systems

Dramatic arcs, in the context of game systems and playtraces, are defined on
their y-axis by a (usually) abstracted measurement of what a player is experiencing at
any given moment. There is a nearly infinite variety of meaningful dramatic metrics—it
is dependent on the designer, their experiential goals, and the specific game context
to identify what computed metric represents the game system’s dramatic arc. For the
process proposed in this work, the metric must be numeric in order to be plotted and

analyzed in the context of playtraces.
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Figure 10.7: The iterative design loop for understanding how dramatic arcs are being
presented within an interactive system.
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Previous examples in this work highlight more complex versions of this, with
opaque definitions such as “emotional intensity”. That being said, simpler y-axis defi-
nitions can still yield productive designer insights—if we are designing turn-based RPG
battles, we might want decisions such as attacking, target selection, and healing to gen-
erate a back-and-forth conflict that gradually declines until one party’s health has been
depleted. As such, a simple measurement that might provide insight into dramatic arcs
for this system is the overall health measurement of all characters. We would quickly
know if the system is not producing dramatic arcs correctly for battles if overall health
gradually rose instead of falling over time, and we would know if games are boring if all
playtraces followed too similar of a trend within overall performance.

The x-axis of playtraces represents the progression of the game, the increments
in which the arc metric is measured by the system for future reporting. The progression
can be tied similarly to a wide range of simple and complex measurements. Obvious
examples include time elapsed or game ticks, but designers might use custom progres-
sions such as critical checkpoints, overall game progress, or number of player actions.
The x-axis represents the narrative progression in traditional linear dramatic arc plots;
what story beats have elapsed at a given point in the narrative. As such, our playtrace
definition of the x-axis should similarly be thought of as systematic beats—inflection
points where the system can alter the arc the player experiences. Continuing our turn-
based RPG example, we can take the simple road once again and define game ticks
as our x-axis, as they represent moments where a character can prepare or execute an
action that impacts the overall health of characters in the game.

With the x- and y-axes selected for our narrative arc, we can construct play-
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traces that capture the arc throughout the gameplay. These playtraces are recorded
during human or automated playtesting, capturing the range of potential arcs that oc-
cur for a given system. For the illustration of our process, we will use overall player
health over game ticks in the FighterDDA environment over 1,000 playtraces to evalu-
ate what dramatic arcs exist in the platform’s battles. If this playtesting is done with
human players, it is crucial to also collect qualitative data about their play experience
so that the selected x- and y-metrics and their corresponding playtrace arcs can be

validated as meaningful indicators of the actual play experience.

Using PAS for Systems Drama

With formatted x- and y-axis data that correspond to a designer’s conception
of how a system contributes to a dramatic arc, it is now possible to log gameplay data
into a playtrace and represent it as a graph. While individual playtrace case studies
are useful in their own regard, it is difficult to understand the true dramatic potential
from a single or limited number of playtrace examples. The collection of a large corpus
of playtraces allows for a more complete understanding of playtrace diversity, giving a
designer insight into a system’s dramatic potential.

PAS reads a large set of playtraces and provides tooling to 1) see the overall
distribution of playtrace data through a point cloud and 2) search for designer-defined
dramatic arcs within the playtrace dataset. A screenshot of PAS with descriptions of its
basic usage can be seen in Fig. These two features enable a designer to quickly see
if a desired (or undesired) arc is possible for a game system given a playtrace dataset

of sufficient size. Fig. [10.9] shows how a designer might use the curves specified by
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(Reagan et al., 2016)’s analysis to see if such patterns exist in their data [383]. It is
quickly apparent that the “rags-to-riches” arc will never occur in this dataset, which
would likely be preferred by the designer (as infinitely increasing overall health would
indicate RPG battles that never end). On the other hand, an overall gradual decline
of health consistently exists, with some presence of curve variety in different sections of
the playtraces.

A designer can, after seeing the traces in aggregate, sift through all produced
system arcs by drawing a curve that they are curious about in their system and perform-
ing a search for similar curves. For example, a designer might want to see an oscillation
of the “Oedipus” (fall-rise-fall) style throughout the overall trend of downward curves
shown in the point cloud. They can look for this pattern by drawing such an oscillating
curve within the bounds of the point cloud and seeing if any playtraces meaningfully
match the drawn curve. Dramatic arcs can happen in local or global settings, so defin-
ing when and at what scale curves occur in a playtrace arc can be understood by the

designer by carefully defining their search curve accordingly.

Combining Arc Visualization with Qualitative Data

Once playtraces have been collected and a designer has inspected the resulting
system dramatic arcs using PAS, it is important to combine the observations of the
system’s progression with qualitative player feedback. The danger of system-defined
metrics for narrative is that they cannot fully encapsulate player perspectives, and it
is quite possible that a designer’s educated guess at what system metrics reflect overall

tension and drama in players is vastly different from actual player sentiment. Thus,
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Playtrace Arc Search

. . Arc Drawing Canvas
Search Configuration:

Use the inputs below to load playtraces and select which playtrace
properties will be used for PAS. You can view a global point cloud after
loading data to visualize overall data trends. You must draw an arc on
the right to perform a search

1. Load Data:

| Browse... | 1000 files selected
2. Select X-Axis:

timeSteplLogs. v
3. Select Y-Axis:

totalCurrentHP v

4. Draw Desired Arc on the Right:

Clear

Search Method:

Fréchet searching favors scoring according to the overall trend of the
graph, potentially missing some arc details. Dynamic Time Warping
(DTW) favors scoring according to shape details (e.g., matching valleys/
peaks) but cares less about where details occur.

® Overall Trend (Fréchet)
Shape Details (DTW)
Weighted Combination

Display Point Cloud for All Data
Sensitivity: 100 ™=@

Perform Arc Search

Alist of results will be displayed below. You may have to scroll down to
view all results. Any individual item can be selected to inspect the
specific playtrace against your desired arc. Green represents a good
match while red represents a poor match

Analysis Results
Seed (Filename) Similarity Score
1179 json 09173
1343 json 0.9087
1733 json 0.9037
1308 json 0.9009
1299 json 0.8974
1567 json 0.8959
921 json 0.8948
919 json 0.8927
1489 json 0.8913

Figure 10.8: A screenshot of the Playtrace Arc Search tool. Users can upload a play-
trace dataset, select x- and y-axis definitions to analyze, and draw a curve that they’d
like to search for within their trace corpus. Similar curves are matched based on either
Fréchet Distance or through Dynamic Time Warping. Results are presented after click-
ing the “Perform Arc Search” button, with matches scored and colored according to fit.
Optionally, users can enable a point cloud to view the global space of playtraces as well
as inspect individual playtraces as compared to their drawn arc (see Fig. for an
example of point cloud and trace inspection functionality).
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GLOBAL POINT CLOUD LOCAL SEARCH RESULT INSPECTION

OEDIPUS

\/\/ =y MAN IN A HOLE
T
_‘_‘—L'JJ
Figure 10.9: Global point cloud (left) and individual dramatic arc search results (right)
produced by PAS with annotations highlighting dramatic arc structures. The global
point cloud shows every data point within a playtrace corpus, allowing a designer to see
density of playtraces over time. A cursory glance reveals all playtraces roughly follow
a “fall” dramatic arc. The individual inspection shows an individual playtrace with a
high search score, with the designer-defined search arc in red and the specific playtrace
in blue. Multiple local dramatic arcs can be identified throughout the playtrace. The

results shown in these images are produced by running PAS against data produced by
FighterDDA.

after a designer has validated that their system is bearing out the arcs they desire in
their playtrace set, they need to investigate if the players are also experiencing the
game as desired and indicated by the playtrace set. If there is dissonance between the
qualitative player experience and the quantitative measurements of the playtrace arcs,
it becomes necessary to return to the first step and find more relevant and useful system
metrics to use in order to evaluate a system’s dramatic character.

In the case of Fighter DDA and the search of “Oedipus” curves, we would want
to see if players experience an engaging battle due to the oscillation of health over the
course of a battle. If they do not, it would become necessary to find (or calculate)

another metric for further playtrace analysis.
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10.6 Limitations

We believe that PAS has the potential to be a valuable tool for designers
to rapidly iterate and evaluate their games based on systematic playtrace curves that
might be difficult to parse or observe without it. However, there are clear limitations
that could be addressed in future work. For one, a trial with game designers across
a varied selection of games would greatly bolster the tool’s real-world usefulness and
ensure that it has the right usability and visualization approaches to aid in game de-
sign. Our evaluation confirms basic system functionality, but would benefit from being
applied to a wider range of playtrace corpora, especially human-generated playtraces.
Applying this form of evaluation to more complicated and a wider diversity of sys-
tem measurements would also be useful. For example, it would be interesting to see
how PAS could be applied directly to narrative spaces to see if it could directly cap-
ture the dramatic arcs that it uses as a metaphor for system analysis. Integrating the
arc-matching process into generative search strategies (i.e., into fitness functions) also
represents an interesting design potential in looking for system quality when generating
levels or games. Implementing a database adapter (so that data can be queried from
a database rather than saving JSON files to disk) would also reduce requirements to
improve/alter existing data logging systems in games and improve PAS compatibility
overall. Finally, common arc patterns (such as the narrative arcs described in Reagan
et al. [383]) could be provided to users as an alternative to drawing, effectively building
on the work of Leong et al. [271]’s approach to mapping storysifting to Reagan et al.

[383]’s definitions.
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10.7 Conclusion

Playtrace Arc Search is a tool that allows designers to evaluate a large corpus
of playtraces through a visualization tool and search for specific systematic “arcs” within
their dataset. It provides visuals for the entire dataset as well as inspection of individual
playtraces and data points alongside a scoring system that shows the similarity of a given
dataset to a user-drawn arc. The tool contains multiple search strategies and proved to
be successful in searching through a corpus to find examples of relevant curves drawn
by a user. The combination of generic input, the ability to rapidly iterate through arc
searches and strategies, and the range of visualization output indicates that PAS can
be a useful tool for designers who wish to understand the quality of their game systems
over time through playtesting data.

Additionally, The iterative process presented under the discussion revolving
around system drama provides a method to understand system-driven dramatic arcs of
games through playtrace analysis, drawing a direct conceptual and visual metaphor from
dramatic arcs in traditional narrative. The advantage of this process is that it allows
designers to more concretely understand how system progressions and player interactions
over time can create dramatic arcs at different critical points of their game. Such a
style of analysis and tuning can, due to its system-agnostic character, be applied to any
dynamic game system to look for desired peaks and valleys over a gameplay session. The
design process presented can help confirm that a system consistently delivers increases
in intensity at predefined points in the game, or that a system produces a wide variety

of arcs depending on player choice.
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Both of these outcomes are valuable depending on designer goals, as one guar-
antees a specific narrative plays out while another guarantees that an interactive system
has a wide expressive range. Connecting PAS analysis with qualitative data also helps
designers understand whether their quantitative metrics actually align with the experi-
ential goals they have for their system. The process does have limitations—the designer
must have expert knowledge about their game system, the ability to identify and com-
pute key system metrics, and the knowledge to be able to understand their desired arc
outcomes.

Between the last three chapters, I have presented technical work that covers
proceduralizing static balancing, making procedural dynamic balancing cater to differ-
ent user personas, and how to evaluate balancing systems for expressive texture and
diversity. Together, this technical work demonstrates the framework and taxonomy
put forward in Part II of this dissertation, while providing new technical approaches to

building out procedural systems with players in mind.
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Part 1V

What’s Next for Game Balance?
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Chapter 11

Future Opportunities

In this dissertation, I have presented balance as a multidimensional term with
a myriad of potential implementation strategies, both manual and procedural. I have
argued that it takes a finely-focused design approach, segmenting audience, developing
goals and hypotheses, implementing a bespoke method, testing, and doing it all over
again as necessary. 1 have presented applications of this design framework, as well as
suggested evaluation approaches that can save time and focus insights on the game
balancing process.

My research journey was a rise-fall-rise narrative—I managed to build a pro-
cedural balancing system, then discovered the failures of not being tactical enough with
my evaluation and design process. I used that failure to rework my understanding of
the concept of balance, building out a taxonomy and design process to better handle
the nuance and texture of game balancing. This enabled me to build a new system that
included more specific personas. The realization of these different personas and the un-

derlying foundation of fairness in balance made me realize the potential of analyzing the
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progression of balance throughout a game, motivating me to develop expressive analysis
tooling to better frame how we balance games.

All of that said, I have necessarily implemented isolated, segmented sections of
balance and procedural implementation. This is to prove out the process and constrain
the potential output of systems to better suit experimental reporting. As such, there
is a large space for future research, especially as it relates to permuting different types
of balance and addressing less-focused on areas of game balancing. I have found the
following ideas fascinating and worth more research, but alas, it would take another
doctorate (or two) to cover them. As such, I present some starting points in the hope

that I inspire future researchers to dive deeper into player-centric, procedural balancing.

11.1 Hybrid Architectures

In Chapter 6, I presented the distinction between static and dynamic balancing
approaches, framing dynamic balancing as balancing that occurs during the runtime of
the game and static balancing as balancing that occurs during design time. Dynamic
balancing might be an Al director tuning difficulty in response to player performance,
or even just a base reduction in obstacles for players who are struggling when a level
reloads. Static balancing is the tweaking of parameters that designers do before the
game starts to maximize their goals. Does this jump height make the level too hard,
too easy, or address player needs in general? In my technical exercises, BrawlerAGD
was framed BrawlerAGD as a system that seeks to statically tune games, even with a

sophisticated playtesting and scoring loop. In FighterDDA, I present a dynamic system

270



that is reacting to player input and tuning in response.

While these separations are useful conceptual separations and can help us focus
on specific problems, the reality is that one often necessitates the other, and that real-
world balancing likely combines the two for a final product. I found that FighterDDA
was emblematic of this point. While I was implementing the director system, I found
that the director itself was a parameter-driven agent that required tuning to behave
properly (the frequency of interventions, thresholds for intervention, etc.). Although I
did not implement a procedural balancing system to find these parameters (though in
retrospect I wish I had given the difficulty of finding the right combinations), it could
have greatly benefited from a tuning strategy as presented by BrawlerAGD. Static
balancing also benefits from the tooling and systems produced by dynamic systems—
developing fitness criteria, collecting data from automated evaluations, and seeing the
interaction between the dynamic balancing system and the static tuning of the rest
of the game. All of these systems developed in the process of BrawlerAGD tuning
system prove this thought out, alongside presenting opportunities for dynamic systems
if desired by the designer.

The point is that there is work to be done in expanding how we view hybrid
static/dynamic procedural balancing architectures, and how the integration of these

architectures could provide higher quality game artifacts.
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11.2 Aesthetic Procedural Balancing

The work done throughout my degree generally focused on game system tuning
over aesthetic tuning (aside from a foray into believability in FighterDDA). This was
primarily due to time, skill, and scoping constraints on my part. This should not be
taken that I think that looking into how the aesthetics of a game impact balance is not a
worthy endeavor. Quite the opposite—I see a particularly important and underexplored
need to push forward in this space.

Interviews with designers shed light on this facet—the previously brought up
example of using lighting to balance a level in Halo. Similarly, tweaking the sound of a
gun in Wolfenstein: Enemy Territory changed the minds of players from thinking a gun
was comparatively underpowered to a mechanical equivalent to thinking it was properly
balanced, without any system, damage or performance changes [366]. The progression
of aesthetics reflect a sense of player pacing, with the ramping visual and sound effects of
weapons in the DOOM games reflecting the power fantasy of becoming more and more
deadly to demons throughout the game. The tuning of sensory elements (hearkening
back to qualia-driven design) presents a procedural balancing opportunity—how do
we find the right configuration of aesthetic elements such that we evoke a feeling of
balance? Going a step further, the telegraphing of information also in part determines
a game’s balance. When asked about tuning randomizer balance, Stella Mazeika said
“You’re going around in Ocarina of Time and in a place where you would visually see
a Heart Piece that you would be able to get to. Instead it’s the Light Arrows. You can

visually see that check there and get that information. That’s actually one of the really
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interesting tools and meta shifts that comes into play: how do you control that sort of
flow of information?”. Similarly, the performance and difficulty of speedruns depend on
the knowledge of shortcuts, glitches, and so on, as discovered by a combination of the
community, available design documentation, and developer commentary.

It also ties into procedural content generation and the balancing applied to
a breadth of generated content. I performed an initial test on BrawlerAGD where 1
attempted to procedurally create sound effects according to the properties of parameters
that defined the game systems. While it showed some promise, my lack of ability to
quickly implement sound effects meant the effort took too long to apply system-wide,
and I couldn’t get a user-facing test going. If I had, I can see using PAS to investigate
how different aesthetic configurations encouraged different playstyles or game pacing.
However, a limitation of this experimental environment is the increasing need for human
playtesting to evaluate success. If systems needed human playtesters to confirm, more
holistic, aesthetic decisions would need it even more so. That being said, I can see

aesthetic balancing as a major place for future work in the field.

11.3 Procedural Balancing for Procedural Games

While there is some debate on the time/cost trade off between manual and pro-
cedural balancing systems (e.g., Ian Schrieber describes balancing as a “solved problem”
due to the existence of mathematical models, playtest loops, and spreadsheet tooling),
procedural balancing seems to be a necessary step for AGD and PCG systems. If one

cannot possibly test every emergent output of these systems, it is useful and beneficial
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to the player to have some conceptualization on whether a given generated artifact is
balanced or not. BrawlerAGD makes this explicit (the point being to generate games
with balance as a selection criterion), while FighterDDA also implicitly represents this
by demonstrating how diverse playtraces can be interpreted as balanced and expressive.

A pattern seen in both PCG and AGD is that of evaluation strategies. Some
of these are atomic and tie to basic game characteristics (game length, player actions),
while others are computed and speak to a game’s completability or expressivity (e.g.
beats). I suggest here that game balance could be another such evaluation property.
It can be used during generation to select for better game examples, or post-hoc to
understand what generated artifacts performed the best in regards to balance. Com-
bined with a keen design eye for audience and goal, solving for stale or uninteresting
games might be a matter of watching playtrace lines for interesting inflection points or

dramatic arcs and tuning accordingly to meet a drawn tweening curve.

11.4 Human-In-The-Loop Balancing at Scale

Human-in-the-loop systems involve generative strategies that include a player
(or designer) in the creation of a game artifact [270]. Instead of an automated fitness
function, the humans themselves become judges of the artifact’s quality, helping to
provide guidance for a computational system to make decisions on what design steps
are needed next. Galactic Arms Race is a touchstone for this type of game evolution,
where a player character’s weapons gain new characteristics based on how the game was

played [I81].
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The relative frailty of automated evaluation systems due to the need to scope
the function to a persona’s requirements and a reliance on an automated playtester
that may or may not act human means that replacing these elements entirely with hu-
man decision making could make the quality of a search strategy increase dramatically.
Although certainly slower than automated playtesting, this trade-off with validity in
evaluation might prove to be a better strategy than automating larger parts of the sys-
tem. Again, if we automate enough such that we save even a few percentage points of
effort, we have won a major battle.

Beyond search quality and automation, a unique design space opens up that
appears to be underexplored. That is, game environments that balance themselves
organically as a result of player interaction instead of explicit designer tuning. As the
game is played and player performance and sentiment are recorded, a system could
select tuning strategies and deploy them across other players, repeating this process in
a genetic or learning loop that moves around the game tuning over time. What this
would result in is unclear but tantalizing—would the game over-optimize itself to the
most strategic of players? Would influence from different personas result in different
design spaces? Could new patterns of emergence occur from the accumulated changes
in the system? If we pair such strategies with personas or psychographics, could we tune
for specific audiences? All of these are worthwhile questions in both academic research

and the future of game design writ large.
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11.5 Personas and Psychographics

I spent a decent amount of this work focused on how important the desired
player persona group is to understanding how balance will be interpreted upon game
release. That being said, I tended to lean on more traditional, designer-dependent
methods of detecting and developing for different psychographics of players. While
effective, there is room for error in this approach, as well as the elimination of runtime
identification of these groups for more bespoke tuning without studio interventions.

Luckily for us, player modeling and psychographics is a well-researched field
that is continuing to expand as time goes on. [445] work, for example, focuses on using
clustering techniques and generated player models to understand player actions and
generate content centered around that player model. Work has been done using existing
or readily available telementry to develop player and group profiles, using existing logs
over a long period of time in games like Everquest II [439, [I00]. The point is—there is
promise in the ability to identify player personas and then subsequently tie them into
our balancing strategies. Doing so could help create intensely personalized experiences
or encourage the emergence of new interactions in a wider design space of procedural

game systems.

11.6 Generative AI and Game Balance

I want to scope the term “generative AI” here, as I am not using it to refer
to the PCG or AGD methods espoused earlier in this work or more generally in the

technical games research community. Instead, I am using it as a catch-all for LLM,
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Diffusion, and Generative Adversarial Networks that require massive amounts of com-
pute and data to produce output. There are a litany of issues with LLMs outside of
game balancing: they are an ecological disaster [161], (149, [443], blatantly plagiarize and
violate copyright from creatives [274) [392], guide creative ideas into convergent buck-
ets [12], damage pedagogical institutions [223], 504, [105), [179], encourage mental health
degradation [238], and eliminate entry-level roles while applying significant workload to
mid- and senior-level roles [314], [I60]. These are well documented elsewhere, though I
wanted to put it front of mind when considering LLM usage in game balance (or any
game design task).

Putting these concerns aside and focusing on the affordances of these tools, I
am somewhat skeptical of opportunities to integrate generative Al into game balancing
processes. We have hammered home two key elements of game balance: it is emergent
and dependent on player perception, and it generally involves the manipulation of nu-
meric or enumerated properties of game systems. These are two things that generative
AT currently struggles with greatly and it is unclear if there is a capacity to solve such
issues. Without situatedness in the way that a human is (i.e., their reasons for perceiv-
ing preferences as determined biologically and socially), the opinions of generative Al
systems are currently not able to perceive the impacts in differences in tuning, especially
with the subtlety that often comes with such a process. Because they aren’t determin-
istic, they don’t carry the same understandability that a more traditional fitness or
evaluation function might have, further reducing their utility. Generative Al tends to
fail when faced with raw numeric manipulation, especially when it is inherently tied to

the emergent phenomena detailed above.
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This is not to mention the enormous cost of building and training these models.
Say, in an attempt to mitigate the problems above, an LLM was created solely off of the
game, game data, and inspiring media around the game. Even if one were to find success
in this approach, the hardware, time, and tuning resources would be so large that it
would beg the question: why not just use the cheaper, more efficient, and proven process
of playtesting loops or established procedural approaches? Even using a smaller-scale
ML approach would be vastly cheaper and better fit a bespoke game environment than
a more generic generative Al system.

All of that said, I am not oblivious to some of the potential use cases of these
systems. I admit to using them in paper editing and the building of visualizations (after
I have data formats and procedures well prepared), as I find that these accelerate my
work where I normally get bogged down finagling libraries or control+f regex. I am
even somewhat hopeful for the growth of local and small language models, hopefully
mitigating ecological and copyright issues. I can also not deny the rapid progress and
pace of these systems in the last half-decade. The capabilities I malign above might
be solved in the next few years, enabling the application of such models during game
balancing. Perhaps game states can be converted into LLM-interpretable documents, or
the agents produced by LLMs will be able to occupy a more player-centric approach to
balancing than the existing combination of designer intent and algorithm tuning. The
space for future research exists, and I welcome development in this space, especially if

ecological and intellectual property concerns are addressed in parallel.
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11.7 Identifying Destructive Deployments of Balance

There is a dark side to game balancing, personalization, and even PCG writ
large that I have hinted at but wanted to explicitly address before the end of this
work. Namely, if balance is meant to target optimal challenge and engagement, and it is
possible to tune this engagement at runtime, we run the risk of falling into the same dark-
design patterns often leveraged by various advertising and social media platforms. This,
combined with questionable monetization models, means that the ethics of applying
balance design can become imbalanced when it comes to building games that encourage
dramatic, interesting experiences instead of games that seek to trap and exploit our
attention.

There is no shortage of sensational news reports and more reasonable academic
literature on the risks of video games dominating someone’s life or wallet, especially in
relation to children [501], 262] 289]. Some of this is certainly overblown, and as someone
who can easily sink hundreds of hours into a Pokemon game and is a lover of Magic:
the Gathering, I question the bright-lines drawn between engagement and attentional
abuse. I think balance can, for better or worse, be used for both ends. As such, I think
a key area of future research is fleshing out which styles of balance are more exploitive
versus which enrich a gameplay experience.

I believe that ethical balance design can be moderated by keeping a game de-
signer’s motives around play in mind, tuning balance around the artistic and expressive
affordances of games instead of a distanced perspective on maximizing time-on-screen

or revenue. In the same way that writers might prefer to maintain authorial intent and
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creative control, game designers would do well to maintain their creative control that
focuses on the message and meaning they want to convey. The beauty of Elden Ring’s
balance is not in that it appeals to everyone, to keep everyone hooked, but in that its
difficulty progression puts the player in the character’s shoes—failure, learning, mas-
tery, victory over seemingly insurmountable odds. We play the downloadable content
for The Legend of Zelda: Breath of the Wild not because we felt we needed it to get
to the next level, but because our accumulated skills and toolkit begged for application
in a comparably challenging context. In both of these cases, the designer’s intent on

perilous adventure shines through to the player.
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Chapter 12

Conclusion

“When the player fails, they want to
slap their own foreheads, not the

designers’.”

Ian Schrieber, Author of Game
Balance, designer for multiple studios,

Educator

You may have asked during the introduction—what drew me to the competitive
side of Super Smash Bros. Melee? What was it about my persona that pushed me
towards tournaments and away from the neighborhood? The answer has many facets,
but the one that drew me in the most was the idea that the game had such a polished
set of rules and interactions that its gameplay was productive beyond the vision of the
designers. With a robust physics system and beautiful character tuning, unexpected
interactions of the game environment itself led to new ways to play, precise forms of

movement, mind games, and so on. In my doctorate, I realized that a precisely tuned
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system isn’t just about player engagement—it is about widening the design space of a
game itself so that more and more modes of the game cut deeper. Moving to Brawl,
slowing down movement and disabling some of these unexpected interactions greatly
reduced the productivity of the game engine in terms of gameplay. Simply by tuning
parameters!

Finding the right tuning and balance of a game means getting the outcomes
you expect and getting outcomes you don’t expect (that somehow still carry quality).
It means players feel like they always have a shot, and if they don’t, that they one day
will with enough practice and patience. It means that different groups of players can
find the games that fit them best, or they can find different modes of play personalized
to their passions. Children can enjoy the main storyline of Pokemon with little failure,
and adults can dive into hidden systems and sophisticated combos in competitive play
to meet their needs in complexity and challenge. Collectors can seek exceedingly rare
“shiny” creatures, speedrunners can over-optimize the main quest, randomizer and nu-
zlocke runners can create community-driven styles of play customized for their desires.
The scale of each of these communities speaks to a brilliance of balance in Pokemon
not always appreciated—its framework for play enables a wide range of people to en-
gage with the environment with a great scale of depth. All of these modes depend on
balance—stats and moves, appearance rates of creatures, probabilities of critical hits,
and status conditions. Even with the formula relatively unchanged over the years, Game
Freak has done well to tweak these facets under the hood to keep the game balanced for
nearly all of these players, even if their playstyle isn’t officially supported by the game

or studio.
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In terms of explicit contributions, I have done the following:

1. Placed game balance as emergent and in terms of the experience of fairness

2. Defined the variety of definitions used to scope and frame balance

3. Provided a framework to apply balance regardless of game context

4. Gave a catalog of potential targets and methods for game balancing

5. Suggested evaluation strategies for game balance

6. Tested static balancing in a fighting-game, AGD setting

7. Investigated dynamic balancing in an RPG, Al-Director setting

8. Released a generic tooling for quickly investigating balance through corpora of

playtrace data

9. Suggested future directions for game balance research

If you only come away with one thing, I want it to be that game balance is
the act of game design as it is viewed through fairness. It involves how we tell stories of
fairness through our gameplay—how we feel outmatched, dominant, and neck-and-neck
throughout the course of a game. Game balance forms a narrative in players through
the way that they traverse an ever-shifting landscape of fairness judgments. The design
of balance is subtle and complex and often lives in the vasculature of the near-invisible
systems that form the beating heart of video games. My work gives designers and
researchers ways to navigate those systems, to make the invisible parameters visible, to

help expedite and sharpen adjustments to those systems. All of the work presented here
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aims to acknowledge the rich aesthetic power in conceptualizing games as a tug-of-war
game of fairness while adding levers for designers to better engage with the systems
that inform said fairness.

If you have made it this far, you have gained an appreciation for the variety of
players and the diversity of styles of balance. You have learned a heuristic for focusing
on balance in your game or research, and got a briefing on common methods used for
the practice. You have learned evaluation strategies and have seen all of the above
put into practice. You have learned that balancing is not just tweaking numbers for
win-rates, but that it can be deeply tied to a game’s expressivity, design and play space,
and the ways it can be played by a player base. You have seen areas of experimentation
that hold promise for future research in the space and been cautioned against misuse
of balancing or balancing techniques. You have put up with a high volume of balance
puns, and I have somehow gotten to the end without using the obvious “Thanos” quote.

Thank you for joining me on this journey. I hope with this tome in hand that
we can use balance as a lens to create games that help us to form a conversation with

our own senses of fairness and challenge us to grow, play, and design with ease.
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Appendix A

Game Designer Interviews

There is a well-known and considerable gap between academic experimentation
in game design and industry practices. This is likely for two reasons: first, studios
and publishers view their intellectual property and the tools used to create it as their
asset; releasing it into the would might constitute a loss of their “special sauce” and
a corresponding loss of revenue. Second, academics tend to focus on edge-cases and
emergent technologies. While interesting and useful in the long-term, these experiments
are often time-consuming and do not always guarantee success. Such an outcome would
be disasterous for a game release where money and employee effort is on the line.

As such, towards the end of my degree, I wanted to start collecting stories
of designers in the field across randomizer, Indie, and AA/AAA studios. I wanted to
see the realities of game balancing and how they influence design decisions that studios
and publishers care about. While this research is ongoing, at the time of writing I
had collected 12 interviews with designers. Quotes from these designers are peppered

throughout this work, and I plan on submitting a consolidation of all interviews as a
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publication in late 2026.

A.1 Methodology

Interviewees were recruited through a snowball method from my personal net-
work across LinkedIn, Discord, and Bluesky. Participants were asked to be recorded (so
that I could have a transcript) over a zoom call for a minimum of 30 minutes. During
those 30 minutes, I conducted a semi-structured interview oriented on their perspectives

on game balancing. Questions I included in every interview are:

1. What is your working definition of game balance?
2. Can you share an anecdote surrounding game balance in your career?

3. What are prominent examples of good/bad balancing you’ve noticed?

Interviews then naturally flowed from these topics, diving into the details of
their balancing process. Participants had the option of taking any level of anonymity

they chose, and could redact any information they did not want on the record.

A.2 Participants
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Name

Indie/AA/AAA/Modding

Tyler McCarthy Indie
Melody Ju AA

Tan Schrieber Indie
Oscar Gonzales Indie
Martin Pichlmair | Indie
Charlene Putney | Indie

Ravyn Hardcastle

Indie, Modding

Brie Chin-Deyerle | AAA
Dominick Reba Modding
Stella Mazeika Modding
Ross Mawhorter Modding
Michael John AAA
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Appendix B

Supplementary Links

Below are links to resources mentioned throughout this work to supplementary

resources such as code, datasets, and archival forum discussions.

B.1 Reddit Discussions on Balance

The following are reddit links for posts regarding balancing of Animal Cross-
ing and Super Smash Bros. These posts can be entered into an archival service (e.g.
WayBack Machine) with the date August 29th, 2025 to find their fetched context. This
date is used because it is before Reddit stopped tracking many community statistics.

Super Smash Bros. Links:

1. https://www.reddit.com/r/SSBM/comments/1imq8zrw/is_it_time_to_ban_u

nfrozen_pokemon_stadium/

2. https://www.reddit.com/r/SSBM/comments/72j8mn/what_do_you_think_is

are_the_most_balanced_or_even/
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3. https://www.reddit.com/r/SSBM/comments/wmo3op/i_analyzed_almost_25

_million_slippi_unranked/

4. https://www.reddit.com/r/SSBM/comments/1m7plhf/what_are_some_of_th

e_major_nerfsbuffs_youd_add_to/

Animal Crossing Links:

1. https://www.reddit.com/r/AnimalCrossing/comments/gfzizb/villager_p

ersonality_balance/

2. https://www.reddit.com/r/AnimalCrossing/comments/fyt9xr/sound_bala

nce_in_nh/

3. https://www.reddit.com/r/AnimalCrossing/comments/1g13bb6/grinding_

in_ac_is_too_unbalanced/

4. https://www.reddit.com/r/AnimalCrossing/comments/fo7y7y/a_poll_who

_thinks_the_durability_is_balanced/

B.2 Literature Review Data

Below are links that include the data used for the literature review in chapters

M and Bl

1. Search Strategy: https://docs.google.com/spreadsheets/d/e/2PACX-1vSJm
Ed19Ti1HXIV71rUViIhVzqInNk_ML-Bkb5vmuXM2-h9IxIt45wUCz-wlBmvWOBPIinx

QVjEppFkV/pubhtml
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2. Taxonomy Code Processing: https://docs.google.com/spreadsheets/d/e/2
PACX-1vQPjy7Qjva9loMDLtRyBdp1JLk42eW7szLU3MAQidOpWZ00uTIWPdhYOu4WB

oCKm5-N7jjlaWBc5XPGs/pubhtml

3. Framework Code Processing: https://docs.google.com/spreadsheets/d/e/2
PACX-1vSnYFBB8LkITdxMuZo4zHJVY1AXKUPk-Eki-PZComn9GOPQ-Bh9gi8tqtIL6V

19tyyGC_b6E7Ukk90u/pubhtml

B.3 Code Repositories for Technical Work

All technical work presented in this dissertation is available on my Github.

Links to specific projects are:

1. BrawlerAGD: https://github.com/smshields/BrawlerAGD
2. FighterDDA: https://github.com/smshields/FighterDDA

3. Playtrace Arc Search: https://github.com/smshields/ArcSearch
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Appendix C

Genre and Platform in Balance

Research

During the literature review exercises performed in chapters [ and [5| we also
accounted for the list of games and genres used in the balance literature. The resulting
data showed a wide range of game genres (figure and platforms (figure used
for analysis. This seems to be because the academic literature reviewed largely focuses
on creating an approach to automated or analytics-driven balancing efforts and as such
are implemented and understood through the context of a specific game, genre, or
platform. More theoretical efforts to categorize and reflect upon balance lacked this
specificity, opting for a top-down approach to evaluating the concept [33| [342) 157 26].
Some publications focused on developing their own game in a given genre to investigate
balance. Examples include [13, 217, 481, 268, [7, 500} [36], 31, 822, 232], 201, 291], 1403,

502]. Others leaned on existing, published games to do their investigations, including
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Balance Literature - Genre Breakdown

Simulation Action

1.0% 5.0%

Shooter

8.9%

Strategy

3.0% Not Specified/Applicable

Racing 23.8%

4.0%

RPG

7.9%

Puzzle

5.9%

Platformer

:“IBO?BOA Augmented/Virtual
0,

3.0% 4.0%

MMORPG Arcade

5.0% 5.9%

Fighting RTS

5.0% 7.9%

Card Game Tabletop

4.0% 3.0%

Figure C.1: Pie chart listing the genres that publications used to focus their investiga-
tions of game balance.

Balance Literature - Platform Source

Not Specified/Applicable
11.7%

Simulation
3.2%

Open-Source
6.4%

Self-Developed
53.2%

Commaercial
25.5%

Figure C.2: A graph showing the distribution of publishing platforms used for game
balance analysis.
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titles such as Aion [370) B71], Pokemon [390} 389], Starcraft [323, 25], and League of
Legends [245, 222]. Due to availability and access to data and backend systems, there
was also an adoption of existing open-source games such as Neural MMO [410}, [409] and
microRTS [104]. A small minority simulated game balance without a game or genre
specified, attempting to approximate an underlying system [409, [342], 510]. While the
platform and genre of game is critical and the evaluated publications had a wide range
of applications, authors still converged on a relatively even distribution of balancing
themes. This suggests that while genre and platform must be considered in the context
of a game, our provided taxonomy is flexible enough to cover a wide variety of games,

platforms, and simulations.
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...Wait, what are you still doing here? There’s regrettably no post-credits stinger for a
sequel. Go play a game, have a snack, or get some rest. Balance in life is important,

too.
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