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Abstract

Analysis of Incremental Design Changes in Video Games with Automatic

Exploration
by
Kenneth Chang

Videogames are software systems expressed in structure code and data, but it’s far from
obvious how changing one bit of code will impact the experience a human player might
have with the game. Traditional playtesting and quality assurance testing remains the
gold standard for ensuring a quality gaming experience, however there are considerable
resource and morale requirements necessary to ensure that testing procedures will unveil
problems in the user experience. Further, these testing traditions do not scale down
to incremental, in-development, builds of videogame software, placing the entirety of
videogame quality control at the ends of vast periods of coding.

With the advent of advanced Al gameplaying algorithms, I present a way to
leverage gameplaying Al as an assistive tool for game developers. Rather than playing to
win, these Al techniques aim to explore the playable areas of a videogame that a human
player could encounter, potentially encountering areas of gameplay that developers did
not intend to implement. I have developed two exploration techniques, one which relies
on human gameplay traces, and one which self-improves with only a single seed of human
gameplay. With this information, I also present a visualization workflow to generate

visual reports of gameplay differences between versions of a videogame.
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Chapter 1

Introduction

Everything about making a game is difficult [100], and occasionally what hap-
pens after release can be even more so. In December 2021, I finished the development
of a Rimworld mod, and it was very well received by the modding community. At the
time, I had approximately 30,000 active users of the mod, and in an effort to streamline
the bug reporting process, I opened a dedicated forum thread to funnel all bug reports
into a single place. Doing so allowed me to respond to each bug individually and mark
them as patched or under investigation. My development cycle would proceed as such:
a handful of bug-patching cycles, followed by either a minor or major content patch.
Each content patch could expect several bug-patches to avoid software regression or to
rectify oversights, and I grew to expect half a dozen (at most) posts per patch.

Imagine the shock I felt one morning when I opened my notifications to see
nearly 50 new bug reports filed under last night’s patch. Investigating further, all

reports centered around a rather strange bug where an in-game character wearing any



undergarments would be completely invulnerable to melee weapons, bullets, fire, and
explosives. Even more odd, the last patch pushed to players was a simple file-structure
reorganization that didn’t touch any code whatsoever. At least, that’s what I thought
it did. In reality, an errant period was deleted within an xml file that changed a single
variable named ArmorMaterialScaling from 0.01 to 001. As illustrated in Figure 1.1,
the game successfully ingested this ‘001’ as a ‘1’, making all undergarments provide a

base 100% protection against all incoming damage.

6.78 kg 9.75 kg
perature range: 28F ~ 130F ure range: -21F ~ 105F

130%
55%
66%

Figure 1.1: A deletion of a period in a configuration file did not crash the game, but
rendered the videogame’s progression meaningless. Compare (left character) the armor
protection values from wearing underwear against the values when wearing endgame
armor (right character).

Frustratingly, while the game did not crash or throw an error, there was an
immediate, perceivable problem in which the gameplay was delivered to the player.
Suddenly, the entire point of the game’s progression was thrown out the window: the
best strategy was to wear a pair of briefs for complete invincibility. Fortunately, a fix

for this problem was trivial, and players only had to endure this bug for half a day.

This highlights a problem in the game development process: Code changes



do not clearly describe the meaningful design/gameplay implications of those
changes. Videogames are software systems expressed in structured code and data, yet
it is also a delivery platform for experiences that have to be as mechanically sound as
the software that delivers it. It’s far from obvious how changing one bit of code will
impact the experience human players in the audience might have with that game. If
developers can know how gameplay changes even with the slightest code modifications,
this knowledge can positively aid in the understanding of the game’s developmental
direction. This clarity can positively impact the experience in developing the game, and
lowers the risk of shipping something that fundamentally breaks the experience of the
game. I imagine a situation where game developers, and those invested in the process,
have the ability to get some visual report on how the game evolved over time, with the
ability to point at two discrete milestones in development and say “here are two pictures
that illustrate key differences in the game.” In a sense, having a game’s developmental
lineage illustrated in pictures and graphs, like shown in Figure 1.2 grants developers
and investors the confidence to say that the game is going in the right direction.

A challenge to realizing this dream is the lack of players [105] and time [32]
needed to test every incremental change introduced to the game. First, there will be
no players available after each incremental code change to quickly play the build (and
it would slow down development even if they were available). Hence, an automated
solution is required. Second, the design wherewithal needed to interpret the impacts of
a change is usually needed elsewhere [32], and likely game designers are already busy

making the next incremental change. It would be onerous to have active developers
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Figure 1.2: A map of release dates of the Pokemon game franchise. One could interpret
this chart as a developmental lineage tree with the latest games deriving core concepts
and gameplay from the roots. Reproduced from Wikipedia [29]

Seventh |

Nintendo Switch F

review hours of gameplay recordings even if they were available; there is for a simple
report that shows them the space of play rather than a zillion samples of it. Finally,
when humans are eventually involved in testing, the impacts of the expended effort
should be maximally realised as easy-to-understand reports and meaningful data that
can lead to actionable improvements.

This dissertation is concerned with technical methods for making those impli-
cations easy to understand quickly. The overlaps between my work, and the general
themes of my dissertation, are illustrated in Figure 1.3. First, I implemented Reveal-

More, a technique that amplifies the coverage gained from human testing. Achieving



Reveal-More Use human-provided gameplay traces
(ChaP+er- 3) as seeds for automated exploration

AN R
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| \\ )
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%
V7

<

Turbochar‘ger‘ Explore incr‘emen+al|y—chanﬁed gome builds by
(ChaP{-erg 58.0) imitating the playstyle of past recordings

Figure 1.3: A map of the major themes, projects, and overlaps of Ken’s dissertation
work. If the reader is ever lost in how my projects link together, refer to here.

this, I can now extract a copious amount of gameplay data from a measured amount
of human effort. With this gameplay data, I implemented the Differentia technique,
which visualizes this extracted gameplay data across discrete versions of a videogame.
Differentia achieves the visualization aspect of this dream. Finally, to move towards
automation of this visualization, I implemented Turbocharger, which builds upon the
RRT exploration algorithm used to gain amplified gameplay coverage. With this final
component, I am able to move towards better exploration algorithms, and thus more au-
tomated gameplay exploration techniques to extract more gameplay data. I contribute
the following three advances in computer science and game design:

Computer Science

1. Software engineering: Testing techniques tailored for testing game experiences.

2. Artificial Intelligence: Exploration techniques for gameplay discovery.



. Information Visualization: Reifying noisy gameplay data into interpretable re-

ports.

Game Design

. Real Videogames: Software testing techniques are executed on culturally relevant

games

. Human Gameplay Data: Human player data was used to train machine learning

models

. Real Design Changes: Source code changes were applied to real games to create

gameplay changes



Chapter 2

Background

To assist with the understanding of my dissertation, I have collected and con-
densed requisite information needed to understand my work. At a high level, my work
focuses on advancements made in the topics of software engineering, videogame de-
velopment, and automated gameplay using Artificial Intelligence (AI). This chapter
primarily draws on resources outside of the academic sphere to position my dissertation
work in relation to industry-accepted practices and goals. For topics specifically related
to videogame development, much community knowledge is transmitted through sites
like Gamasutra or in talks at industry conferences like the Game Developers Confer-
ence (GDC), etc. However, I will make special note of the few inroads in to this area
that have been made by academics.

This dissertation uses specific terminology from the practice of developing

videogames:

1. Content: Usually seen as orthogonal to the mechanics / logic / systems of the



game. Similar to the distinction between code and data. Content is seen by the
player if the content is used by the game software to produce some outputs (e.g.
graphics and sound) in a given play session. Example: art assets representing

healing potions, a place in a virtual world where battle gameplay is done, etc.

2. (Incremental) build: An executable compiled from a specific version of software
source code. Builds can be associated with a specific set of changes to the software
of a game, allowing the quality of that change to be evaluated by interaction with
the build. Incremental here implies minor changes to a build that ideally touches

little beyond what was intended.

3. Gameplay space: The space of everything a player can do in the game. At the
software level, this is relatable to the space of all plausible execution trajectories

of the game software given specific, but different, inputs.

4. Playability [36]: Can a human player plausibly accomplish some gameplay ob-
jective? For example, can the player collect item X or complete level Y7 Did the

recent changes change that answer?

2.1 How game software development diverges from tradi-

tional software development

With so much time and effort spent on software testing practice and develop-

ing software test automation, it may seem obvious that these practices translate well



to videogame development. However, there are many key differences in how games are
developed versus how traditional software is developed. At a surface level, one can
immediately point out that the purpose of games is “fun” rather than strictly produc-
tivity [65], and this is correct. A survey conducted by Murphy-Hill et al. notes several
key semantic differences among developer attitudes making games or office software [65].
That particular work also highlights several quotes taken from game developers, whose
sentiment often describes the difference between game development and traditional de-
velopment as a centralized focus on artistic expression, entertainment, and a shift away
from rigid software correctness requirements (memory management, bug hunting, in-
frastructure correctness, etc.). The authors particularly note that because of this psy-
chological difference, a need for videogame specific testing traditions and automation
arises.

Another divergence from traditional software development is how game devel-
opers treat bugs and problems in the game development. While bugs in office soft-
ware follow their own taxonomy [5], such as dependability and availability guarantees,
videogame bugs follow a different taxonomy almost orthogonal to traditional software
development. Lewis et al. documented one taxonomy of videogame failures [58]. These
errors are a departure from normal software bugs (memory failures) and focus on game-
play bugs such as objects out of position, executing impossible actions, or players learn-
ing information out of order. The authors acknowledge the body of work done in
creating taxonomies for normal software, and note that these bugs are an evolution of

office software bugs, affecting complex gameplay rather than execution.



With Lewis’ taxonomy, emerges a question: if we know what the bugs of a
game are, can we use formal methods to prevent any of these events from happening?
Since I am approaching game testing as getting to a game state where a failure occurs,
it would seem that symbolic model checking [25] (automated logical analysis of software
code) would be an ideal candidate for solving this problem. Surprisingly, there is already
a body of work using invariant checkers [58] and technical specification generation [57]
to ensure that a videogame cannot behave in an unintended manner. In these two
related works, Super Mario World (a game that is extensively used in my dissertation
here) is prevented from misbehaving though formal verification of what the game states
can execute into, and any unwanted/invalid states are immediately bubbled up for
developers to see. It would be as if this was the golden solution, yet implementation of
these techniques has yet to see widespread adoption in industry.

I speculate that hesitation to adopt such practices in the game development
industry is likely a psychological one. While the investigation of why this thinking
pattern is far outside of the scope of this thesis, I would like to reproduce an excerpt

from the conclusion derived in Murphy-Hill’s work|[65]:

Overall, the results of the survey do confirm some differences. Based on sta-
tistically significant differences between Games and both Office and Other,
we can say with some certainty that:

e Game developers have less clear requirements than non-game develop-
ers.

e Game developers tend to use what they perceive as an Agile process
more than non-game developers.

e Creativity is valued more in game development teams.

While it would be shortsighted to place the hesitation squarely on game de-

10



veloper’s preference for creative liberty, I think it would be remiss not to indicate that
there is resistance against any extra effort meant to thoroughly test games. Game de-
sign, for many developers, is an art that happens to utilize the medium of software.
Hence developers treat bugs in games as interruptions or challenges that have not been

designed by the developers. [55].

2.2 Academic Research on Software Analysis

An exciting solution to software testing is creating software that tests software,
and this line of research has been thoroughly explored (primarily outside of games). Sev-
eral key techniques have been proposed and developed in service of automated software
testing.

Formal verification aims to prove specific properties about a model of soft-
ware. Given a logical specification of a space of possible inputs, ensure that some logical
predicate holds for all of the corresponding outputs [3]. Formal verification [48] aims to
prove specific properties about a model of software (usually expressed using symbolic
logic). These methods treat the execution of software as a series of logical constructs,
and mathematically proves specific properties of the software’s execution. If applied
to videogames, we might want to check the invariant the player’s level can only vary
by at most one step at a time (e.g. they cannot progress directly from level 1 to level
3). Symbolic execution [62] generates formal models of code execution by analysis of

the native program (assembled executable or source code) rather than re-expressing the

11



program with formal logic. In both of these techniques, the software in question can be
tested to see if any invariants are violated. Applying formal methods to videogames,
these techniques might tell the developer if the software behaves wrongly (level skips,
ghosting through terrain, currency duplication, etc.), indicating that a problem exists
in gameplay.

Yet another approach to software analysis is test input generation. This
technique generates software inputs in a way that explores the state-space of the software
in search for trajectories that demonstrate interesting behavior (e.g. crashing). The the
Reveal-More technique 3 contributed in this dissertation is an example of test input
generation. Specifically, my dissertation work uses Rapidly-Exploring Random Trees
and behavior cloning whereas other methods from software fuzzing might be based
on mutating example input seed [107]. For example, an Android software testing suite
uses several fuzzers to provide the input needed to explore the software [18]. Most
fuzzers treat the executable like a black box with predefined inputs, and searches the
outputted execution states by changing the inputs in a deterministic manner [99].

While the promise of these software testing techniques may seem like a pre-
existing solution to the problem motivated earlier, I believe that these approaches are
not likely to see widespread adoption among videogame developers. As previously men-
tioned, many videogame designers and software engineers (who are likely also skilled
software engineers) do not perceive themselves as traditional software engineers. Al-
though they are well capable of using such tools, there is very little motivation for them

to expend any effort on exotic testing techniques when artistic content remains to be

12



created.

A key distinction in my work is recognizing that the generated test inputs are
not just blocks of data but are the result of interactive decision making that responds
to what is on the screen and tries to achieve goals in the game’s fictional world. While
my work does fuzz the input space of games, it does by using algorithms that set and
approach specific goals and make decisions that react to what’s on the screen. I believe
this reorientation of fuzzing is critical for making test input generation work appealing

to practicing game developers.

2.3 Software testing

Traditionally, software testing has received attention from security research-
ers [83] and software engineers [9]. However, instead of focusing on usability, the goal
of traditional software testing is to ensure that the program executes in the manner
intended.

In games, however, execution correctness is not enough. Game developers
are very concerned with whether the user experience is executed correctly, even if the
software itself may not execute correctly. Thus the correct execution of code does not
imply that the experience was executed correctly. For example, left clicking your mouse
can execute code that shoots a gun, but if the gun inverts all of the colors on screen (and
doesn’t shoot), it is a failure in the execution of the experience. This does not mean that

traditional software testing techniques are completely useless, rather I consider this as a

13



starting point from which I can fine tune its goals for experience testing. Instead of just
quantifying performance and correctness, game testing tools should also consider likely
player experience, and potentially prioritize experience over performance or correctness

when considering game testing.

2.3.1 QA Testing

Traditionally, game developers expend a significant amount of effort to run
Quality Assurance (QA) testing of their games, for both technical soundness and game-
play soundness. In QA testing, a frequent goal is to find examples of gameplay that
demonstrate a problem to be fixed or to verify that a previously-known problem has
been eliminated. The job of the game tester is often monotonous and repetitive, con-
ducting regression testing, matrix testing, and functionality testing [90]. The tester’s
job is to make sure that any newly implemented features work as planned, and any
bugs that were solved remain solved [35]. Towards this goal, QA testers are asked to
continually revisit the game content, touching upon as many game paths as possible
in every iteration of the game build. Overall, QA constitutes a major expenditure for
game development organizations [54].

The resource requirement needed for proper testing is even more pronounced
for independent studios [54], who spend a larger ratio of their funding on testing than
AAA studios. Given this expense, software unit testing (which does not address game-
play issues) becomes the default testing framework for many developers. Software test

automation techniques originally devised for other kinds of software are challenging to
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apply to continuously changing design requirements, a commonality in game develop-
ment [44]. The usage of such tools to comprehensively analyze source code does not
necessarily translate to coverage of testing the qualitative features of software [1]. In
cases where Al is used for testing, the turnover time to design and implement a new Al
for a new videogame is significant [45], and outstrips the capabilities many independent
studios can provide towards testing.

Because of the resource expenditure, game testers would rather have their time
spent translate into more testing done. QA testing can require long hours where the
testers are often fatigued from repetitive work and low pay [88]. Providing advanced
tools for human game testers that amplify their testing efforts could lower fatigue, lead
to more thorough testing, and open up new, high-skill career tracks for testers who can
make best use of these tools.

If QA testing were to be eased for developers and testers alike, more testing
could be done for every hour spent. Current research focuses much on removing the hu-
man aspect from QA testing as much as possible. Several implementations of automated
QA testing have been proposed, and many are effective at testing specific aspects of a
game. Xiao et al. [106] proposed an active learning solution to testing Electronic Arts
soccer games for sweet spots. These sweet spots were the best locations a player could
shoot the ball and maximize the number of points. By finding these sweet spots, Elec-
tronic Arts was given the opportunity to rebalance the game prior to release. Another
project, ICARUS [82], used deep learning to learn how to detect bugs for the adventure

game focused Visionaire Engine, completely removing the need for human-supervised
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testing. In fields where game playing Als such as those based on Monte Carlo tree
search (MCTS) is used to play games as humans do [43], successful results have been
observed for tracking down design problems in videogames. In further applications to
playtesting [42], personas can be developed to figure out how players eventually learn
how the game is played. In all of these applications, the sentiment towards testing
involves removing the human as much as possible. However, humans are the only ones
who can claim that a game is fun and/or engaging, and should be tasked to test those
aspects of videogames rather than acting as human software drivers.

Nantes et al. suggests otherwise, that software agents can be used to sup-
plement human QA testing [66]. My focus, in comparison, is on human game testers
augmented by software to achieve greater game coverage in the same timespan. In the
world of game development, it is difficult for AAA and independent studios to invest
time and resources into developing better tools for QA. In all cases, the time needed to
develop an algorithm that will play any build of a game can be arduous and slow, and
with the rapid pace of game development the time expenditure needed is unfeasible.
Hence, I believe that attempts at completely removing the human tester(s) from the

QA cycle are headed in the wrong direction.

2.3.2 Continuous Integration

In software engineering, CI [31] refers to the process of automatically running
build and testing tools in response to each change to the code or data of a project.

It provides a method for the software development team to give assurance to users
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and managers the assurance that development is headed in the right direction, at the
cost of some flexibility and increased security measures [40]. While CI effectively auto-
mates the process of ensuring mechanical soundness of the software (crashes, memory
leaks, flagrant bad behavior, etc.) it comes at measurable cost to a team’s development
speed [110] and could add creeping time overheads that no one wants to pay. Hence, the
adoption of CI tests in game development will generate pain-points in development [103]
that could lead to its eventual abandonment. Flatly put, CI in any software development
is tricky to do well.

Further complicating the usage of CI for games is that automated tests do not
necessarily reveal what experiences are actually experienced by the player. While CI
systems can compare differences in code coverage [2] when testing, it is already clear
that even code coverage fails to differentiate user experiences. Game developers are very
concerned with whether the user experience is executed correctly, even if the software
itself may not execute correctly. If code coverage is the only one analyzed, devs will fail
to consider what is experiencable, and if the experience is the right one they wanted. !

Although it would seem that measuring all that is experiencable in a game
requires one to play the game exhaustively, there are now automated exploration tools
(further description can be found in Section 2.6.2)! As the name suggests, there is

now software that can play games with the goal of exploring the game, not necessarily

1Grand Theft Auto 1 famously has a code bug that causes police NPC pathfinding to fail, causing
them to recklessly drive towards the player, often killing the player. This is a flagrant code bug, but
ultimately it saved the game from being cancelled because of the experience it brought to players. If
a CI test caught this pathfinding code failure early on in development, and it was patched out as part
of a normal bug ticket, this franchise would have likely never existed. (https://www.pcgamer.com/the-
original-grand-theft-auto-was-almost-axed-saved-by-psycho-police-car-bug/)
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beating the game. This is useful because if devs want to test a game, they want to cover

all the ways to get to the end (or not!).

Figure 2.1: A modified American Fuzzy Lop (afl-fuzz) fuzzer for playing games.
Fuzzers are normally tools that explore software by providing different inputs, such as
finding crash bugs. In this case the fuzzer is exploring software to find game winning
inputs. (Reproduced from the IJON paper [4])

To that degree, I want to remind the reader of the idea of software fuzzers,
and how recently they have been put forth as a game testing tool. Fuzzers are tools
that explore software to find corner case execution situations, and reproduce them for
people to investigate. The goal of fuzzers is to use a scripted set of input to produce a
desired result, and find the different avenues of input variations to produce that same
result. For instance, if the goal of the fuzzer is to test a login feature, it may discover a
workaround that does not require a username and password. As expected, a main use
case of fuzzers is for security.

Wondrously, fuzzers can play games too. A modified American Fuzzy Lop
(AFL) fuzzer [4] can play games deeply rather than widely (as in the case of standard
AFL). Amazingly, this partifular AFL fuzzer can play culturally relevant games too!
This demonstration of fuzzers playing games achieves the goal of beating games, but I

want to consider this idea as a foundational concept of playing for coverage. Rather than

strictly preventing or bootstrapping exploration around where the player is at any given
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time, give the fuzzer more leniency to explore. What I see in Figure 2.1 are researchers
applying traditional software testing techniques towards gameplay, with the possibility
of further expansion into gameplay testing as well. Although in my research I will not
use this particular method for exploration or game playing, the idea of exploring the

area around the player permeates all of my projects.

2.4 Videogame development

2.4.1 'Traditional testing of games

Game design is somewhat like chemistry: you are trying to produce a specific
chemical reaction in the brains of your players. However, you cannot scan the brains
of your players to verify that the specific reaction occurred. Further, if the reaction
does not succeed, there is no undo button, and the results could be disastrous for your
game studio. Casey DeWitt puts it plainly: “While no one is in danger of a collision
in the world of videogames, there is the real danger of taking thousands of hours of
developer efforts (not to mention perhaps millions of dollars) and releasing something
substandard to the public, leading possibly to the closure of a studio and the endangering
of many livelihoods. This danger necessitates a force that can act as its opposition —
hence the combative nature, and hence Quality Control.” [22] To do quality control,
game developers enact playtesting schedules to test their game in progress against real
players of the game. Their goal is to get instant feedback on the game, and to see if

the players are reacting in the way the developers intended [33]. If not, changes are
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suggested and brought to the drawing board, where they are addressed before the next
playtest. The goal here is to make sure the game feels that it is going in the right
direction, even if the software mechanics (e.g. bugs, unfinished art assets, etc.) may not
be perfect.

However, playtesting should not be confused with QA testing. While both
of these can help guide a videogame in the right direction, QA testing focuses mainly
on the game’s technical operation [87]. Quality Assurance in videogame development
centers around testing the game for bugs and performance problems. This is often done
with a combination of unit tests, dedicated testing teams, and more recently Al agents
that interact with specific mechanics in the game to produce a desired result (described
later in Section 2.4.2). Because of QA testing’s more mechanical nature, many treat
QA testing as separate from experience testing, and thus conduct testing more akin to
human executed unit testing [35]. Regardless, the goal of QA testing is still to ensure
that the game is moving in the right direction, albeit from the perspective of correct
software execution rather than testing.

Although no one can argue that either type of testing (QA or playtesting)
is individually superior to the other, it is becoming quite apparent that the costs of
running tons of playtesting has ballooned considerably. In 2018, EA published work
on using reinforcement learning based gameplaying agents to test games like a human
does [10]. This work was rapidly followed up with academic work focusing on top-down
shooters [111] and commercial research focusing on Hearthstone [34]. Because of this

focus, I choose to focus this dissertation on maximizing the effectiveness of any human
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testing done. If the costs to playtest are increasing, so should the benefit reaped from

any effort expended.

2.4.2 Scripted testing of videogames

Before the rising costs of playtesting was identified, scripted testing of video-
games was already put in place to address the rising cost of QA testing. In an ACM
Queue article [19], the developers of FIFA Soccer 1 (released in 2009) describe exper-
iments with automation of the QA testing process. They created scripts that would
programmatically provide inputs to the game over time to navigate between different
screens of the game, verifying that they were still reachable. While the scripts could be
re-run against different versions of the game, the scripts would often need to be modified
as the layout of screens or the timing of interactions changed. In a GDC 2018 talk,? the
developers of Call of Duty described how they integrated lightweight QA tools directly
into their CI development flow. In response to each incremental code or data change,
a tool directly launches the game into a set of specific scenarios in which it gathers
numerical metrics (e.g. memory usage and frame rate) as well as reference screenshots
for visual inspection. More recently, startups such as test.ai® and test.im,* companies
outside of the traditional game development world, have advertised their automated QA
systems as solutions to rising QA costs. Although QA is not necessarily a process to

thoroughly test experience, it is an automated method that performs basic-level sanity

*https://www.youtube.com/watch?v=8d0wzyiikXM
Shttps://test.ai/industries
‘https://www.testim.io/
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tests to verify that the game’s execution is not flagrantly incorrect.

Because of this well-defined goal, automated QA testing has matured the quick-
est in the realm of automated videogame testing. Unity, the developer of one of the most
popular game engines worldwide, released a free automation framework for scripted test-
ing of videogames.® This framework reflects how fast videogame design traditions are
catching up with traditional software testing automation. Note how in 2004, tools such
as Selenium emerged as a tool to execute interaction scripts on a webpage to conduct
regression testing, and more recently Google Chrome added a record-replay feature to
Chrome Dev Tools to record and replay a user interaction flow. And, as early as 2013,
tools such as Timelapse [13] allowed one to “time-travel” as a feature to automate de-
bugging by returning to states created during a human usage trace. This idea would
be a precursor to my Reveal-More work, where I too use this time-travel mechanic to
revisit places a human played through in a videogame.

While script-based testing can do a lot of things, and many of which are incred-
ibly impactful to the end quality of a videogame, it really only assures the developers
on a few specifics about the game being tested. Even if the script executes fine, and the
route the script takes in a videogame executes as the developers intended, it does not
imply that there is an alternate route of gameplay that the developers would hate for
players to discover. In 2005, the developers of CloudBerry Kingdom [30] made an AT to
create “insane” platformer levels. The “insanity” part of the level, seen in Figure 2.2,

is generated to make the game feel interesting and challenging to the player even if it

*https://blog.unity.com/games/on-demand-qa-testing-with-unity-automated-qa
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Figure 2.2: Although this level seems impossible to beat, scripted testing ensures that
the level is beatable. Any insanity seen is only added to give challenge and purpose to
the player. Image reproduced from [30]

may visually look impossible. But, to make the game playable, the Al is limited by the
constraint that the level must be solvable, and it will play the game to ensure that it is,
though this doesn’t tell the developer if the level is solvable in multiple ways, and more
problematically solvable trivially. Hence remains the need for human playtesting even

if some testing can be scripted away.

2.5 Machine Playtesting

Machine playtesting, unlike automated QA testing, is a relatively newer term
to describe the automation of playtesting, focusing instead on modeling the space of

what players can and cannot do. In 2009, Smith et al. [95] introduced this term to
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describe systems that are able to seek out examples of gameplay traces illustrating a
specific property or proving that such a trace does not exist. This led to the development
of Ludocore, where games to be analyzed are modeled in a logic programming language
(with limited numerical computing support) in order for them to be analyzable. The
tool could start the symbolic simulation in a certain initial state, and then ask for
samples of trajectories that satisfies some condition (e.g. reaching a goal condition). In
contrast to automated QA testing, the goal is not to tick off a checkmark (e.g. player
health is never lower than 0 in this specific playtrace), but to report that there is/is
not a way to achieve that goal. This work would later influence several strategies for
asking and answering questions about a game in the absence of human players in “Game
Metrics Without Players” [67], also by way of machine playtesting.

These efforts have the same goal as the work done in this thesis, however
differ in one key aspect: they analyze and operate on models of videogames encoded in
a restricted specification language. Even more recent papers that use exploratory Al
algorithms base all experimental demonstration on models of games, such as using RRT
as an intelligent level design assistance tool [7]. While no one will argue the relevance
of applying these techniques to models of videogames, I believe that the impacts of any
work I do in this thesis will be greater if I base all experiments on culturally relevant
videogames.

In 2013, Smith proposed the open problem of designing reusable gameplay sam-
plers that could answer realistic machine playtesting questions for realistic games [94].

The authors identified the WalkMonster system used in the ongoing development of
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The Witness (later released in 2016) as an example of machine playtesting existing in
the commercial world. This tradition continues in later systems such as TesterTron 300
for Thimbleweed Park (2017). Both WalkMonster and TesterTron 3000 don’t have a
specific idea for what to test for (in contrast to automated QA), rather they explore the
space of play to see what is possible and once finished, leave it to the human developer
to interpret their behavior as intended or not (also in contrast to automated QA). This
idea of exploring, finding what’s possible, but leaving it to a human to interpret the
report would later influence my work with Differentia, since the goal now is to make the
interpretation better /faster.

For developers, scripted testing is a natural evolution from game-specific scripts
created by individual developers to engine-level or tool-level support. Similarly, Walk-
Monster and TesterTron were successes on their scale, and Ludocore was a success at
the engine level, but it could only express small abstractions of games. This path now
seems to lead to engine level support for machine playtesting, which has been explored
in both Monster Carlo 1 [49] and 2 [50]. Both of the Monster Carlos attempt to add
machine playtesting at the level of game engines (specifically Unity) for application to
real games. Monster Carlo 1 uses the MCTS algorithm to explore the space of play,
using restricted play [46] analysis methods to answer design questions about the impor-
tance of specific game design changes. Monster Carlo 1 required some idea of a score
or victory to guide the search process, however, in contrast to my work where a specific
goal is not needed to create reports on game design changes. Monster Carlo 2 is an

evolution of Monster Carlo 1, which upgraded the exploratory capabilities with deep
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learning methods inspired by AlphaZero. These upgrades allow the system to transfer
gameplay knowledge gained in one specific game state to similar game states. This idea
of using neural networks to come up with feature vectors representing game states as
well as transferring knowledge from stale human demonstrations would become the core
idea for my Turbocharger projects, which too boost their exploratory capabilities from
old data.

To close off this discussion on machine playtesting, I want to point to a very
recent effort in industry to conduct automated playtesting using exploration on large
scale 3D games. Researchers from the Google Al project developed game-playing agents
that are tasked to learn how to play a game at a human level of competency [38, 53].
However, unlike related Google efforts to beat humans, this work achieves machine
playtesting by fitting policies to human-provided demonstrations of play. The idea of
fitting an action selection neural network to a seed of human gameplay has been explored
as early as 2011 [85], but use of this idea as a playtesting tool is a recent development.
The same authors would then leave Google to start Agentic, a startup that focuses on
AT agents trained with human input data to playtest commercial games. As such, in
my Turbocharger work, I believe that training agents to play like humans (not the same

as replaying past actions!) can lead to excellent explorers of what a game has to offer.6
playmng p b g

5T would like to thank Apex Legends (2019) for this particular discovery, whose matchmaker allowed
me to connect with Chris Kirmse, who then became my boss at Athenascope, who then later connected
me with his highschool friend, one of the key people behind Agentic.
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2.6 Automated gameplay

To background the concept of automated gameplay, it is important to under-
stand the continuing academic-industrial fascination with AI gameplaying. Although
recent news would center deep learning as the key player in highly skilled Al for playing
games, interest in a non-human playing competently at games has been a dream since
the 19th century. The most infamous specimen of a machine playing at a near grand-
master level in chess could be attributed as early as 1770 with the Mechanical Turk.”
Unfortunately (or fortunately) for the AI world, this magical machine was a sham that
actually hid a real, human, chessplayer inside to act as its magical brain. Regardless
of the implementation, the Mechanical Turk highlights the long-withstanding dream of

beating humans at their own game without a human.

2.6.1 Playing games with Al agents to beat humans

The first instance of a real computer beating humans at a complex game can
be attributed to Deep Blue’s defeat of Gary Kasparav in Chess [68]. This success case
from a mixture of advanced computing hardware and a tree-search algorithm called
alpha-beta minimax. From that first success followed a lot of development in the use of
Monte Carlo Tree Search for gameplaying, with followup success in games like Checkers
and Connect 4. However, expert level play (optimial play notwithstanding) was never
achieved with tree search alone.

The original DeepMind paper on Atari gameplay by Mnih et al. [64], inspired

Thttps:/ /en.wikipedia.org/wiki/Mechanical Turk
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the use of deep learning (and neural networks) as a solution for beating expert humans at
their own game. Rather than try to hand-craft a successful algorithm, researchers let a
neural network self-teach itself how to play the game. Part of this self-teaching relied on
a copious amount of human demonstration data. In particular, the famous AlphaGo [91],
which beat Grandmaster Lee Sedol at Go in 2016 (then considered the ivory tower of Al
gameplaying), relied heavily on human demonstration data to bootstrap self-learning.
This technique evolved beyond just tree search, instead combining it with two policies of
action selection and state evaluation, both implemented in the form of artificial neural
networks. The ability to learn beyond-expert level play by training on traces of your own
(less expert) gameplay is the heart of my Turbocharger work. In follow-up projects to
AlphaGo, the AlphaGo Zero project [92] removed the need for human expert data, and
surpassed the expert-level capabilities of its predecessor. This dramatic improvement in
AT gameplaying has its costs however, and publicly we know that the hardware needed
to achieve this cost $25 million alone. Given the limits of game development studios
and testing automation budgets, I believe that approaches that use effective imitation

learning techniques will be far more efficient.

2.6.2 Playing games with exploration-centric Al agents

In 2018, Uber research created a new algorithm called “Go-explore,” [27] which
was a gameplaying algorithm that was able to beat human records in Montezuma’s

Revenge. This particular feat stood out among the other gameplaying algorithms at the
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time because Montezuma’s Revenge favored exploration as a mechanism for increasing
the game’s score. In a way, getting to the “end” of the game (it didn’t actually end
until you died) required the player to skillfully explore every level until it maxed out
points. Thus, its goal was not necessarily to find the shortest path to victory, but beat
people in exploratory skills as a way to win. In the scope of my thesis, I too intend to
beat people in exploration scores, however victory lies in the ability to cover more of
what’s doable in a game rather than maximizing a number.

Why is exploration the answer to finding the incremental game design changes?
Exploring the game (rather than, say, diffing the code) will show us differences that are
visible in the player experience while allowing us to look past technical implementa-
tion changes which end up not mattering. In “Taking the Scenic Route: Automated
Exploration for Videogames,” there are several exploration techniques demonstrated
that attempt to maximize coverage of a videogame. In comparison to the exploration
done in Go-explore, they tackle the problem of exploring a game’s state space with the
goal of producing a semantic map (useful for downstream inference tasks) on timescales
comparable to human playtesting efforts. This map could give developers the ability to
judge similar moments of gameplay, and allow inferences on how these moments relate
to one another. This work also included many metrics to evaluate how well the explo-
ration was coming along, an idea that I later use for all of my work, and is crucial to
why exploration is a key solution to solving the problems posed in my thesis. Note that
there are strategies that uses play-to-win algorithms in the service of exploration [8],

however this strategy is not used in my work because my goal is to rely on some amount
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of human data to bootstrap exploration.
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Chapter 3

Exploring from a Backbone

The first pillar of my work is to amplify the testing coverage of a game given
a fixed amount of human input. Attempting to maximize coverage of a game via only
human gameplay is laborious and repetitive, introducing delays in the development
process. Despite the importance of quality assurance (QA) testing, QA remains an
underinvested area in the technical games research community. I show that relatively
simple automatic exploration techniques can be used to multiplicatively amplify cov-
erage of a game starting from human tester data. Instead of attempting to displace
human QA efforts, I seek to grow the impact that a human tester can make. Exper-
iments with two games for the Super Nintendo Entertainment System highlight the
qualitative and quantitative differences between isolated human and machine play com-
pared to my hybrid approach called Reveal-More. Reveal-More provides a powerful QA
testing workflow that scales with the amount of human and machine time allocated to

the effort.
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3.1 Introduction

In quality assurance (QA) testing for videogames, conventional wisdom holds
that automated approaches answer software questions (e.g. does processing this se-
quence of inputs yield the expected output?) and manual testing answers gameplay
questions (e.g. will the game crash if I collect this item?). Nascent research efforts in
automatic testing have tried to apply artificial intelligence (AI) methods to the prob-
lem of demonstrating interesting possibilities in play that developers might interpret
to answer design and implementation questions that impact gameplay. So far, sepa-
rated human and machine testing processes have shown complementary strengths [95],
as expected [67]. Therefore, there is great potential in directly amplifying human tester
effort to answer gameplay questions by using recordings of their play as the seeds for
automated exploration.

Without automation, identifying inputs that lead to gameplay issues is a mas-
sive exploratory search problem that requires significant resource expenditure. Even in
the simplest of videogames, there may be an astronomical number of distinct gameplay
paths, only a few of which trigger a bug. In an ideal world, QA testers would indicate
which span of a game is most relevant to them, and a system would quickly show them
what was possible (or impossible) in that part of the game. Testers would save their
efforts for directing, rather than enacting, repetitive gameplay experiments. Towards
this goal, the foundational problem to solve is maximizing game state coverage in the

service of encountering game design problems.
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While there has been high profile successes in automatic gameplaying re-
search [102], only recently has exploration specifically drawn attention [108]. Score
optimization techniques such as Reinforcement Learning (RL) [64] and Monte-Carlo
Tree Search (MCTS) [11] are setup to solve a different problem from the one faced in
exploration. Techniques like MCTS may systematically avoid exploring certain play
styles of interest simply because they earn lower scores. Additionally, the timescale on
which automated gameplay techniques achieve useful results (i.e. minutes versus years
of simulated gameplay) has only recently drawn attention [108]. For exploration to be
useful in the QA process, useful reports need to be generated on timescales comparable
to the pace of game design cycles (such as being able to provide feedback on weekly or
daily game builds).

To demonstrate the usefulness of exploration in a QA process, I developed
Reveal-More. This technique combines automatic exploration with just minutes of hu-
man gameplay, resulting in game state coverage that is superior to using each individual
method alone. In such a manner, an automated method of exploration is used to amplify
what a person can contribute to testing, thus lowering the strain placed upon testers to
find all the paths in a game. To anchor the work in game development practice, I have
carried out experiments in the commercial implementation of two culturally significant
games. In several experiments with Super Mario World and The Legend of Zelda, there
is up to a 5X increase in the quantitative exploration metric, and qualitatively illus-
trate the significance of increased coverage. Furthermore, this amplified coverage can

be helpful in visualizing design changes and, in turn, help characterize the impact of
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design changes.

3.2 Reveal-More Design

Reveal-More is a new technique for expanding coverage of the interaction space
in a game starting from a sample of human tester gameplay. Reveal-More is aimed to be
used by any team of game developers who do not have the time or knowledge to train a
thorough Al testing agent for their game as long as adequate hooks are given to control
the game remotely. The technique depends on an ability to save and load states at any
point in a game. For this capability I used the OpenAlI Retro Python library.! Retro
is an extension of the OpenAl Gym library, which gives developers an interface to run
automated gameplay algorithms on several different emulated platforms from the Atari
2600 to the Super Nintendo Entertainment System. Save states for the emulators are
snapshots of the game platform’s memory (and other stateful components) at any given
time that allow us to jump between different moments in a game without re-playing
the game from the initial states. The Retro library also gives us the ability to control
these games programmatically (to provide button inputs and observe display pixels) and
allows us access to key ranges of memory which enable game-specific tile count metrics.

The Reveal-More technique has two phases: data collection using human effort
and amplification using automated exploration. In the initial step, a human game tester
(in this work, one of the authors) plays the game as they normally would, making

progress within the areas of the game on which a test is intended to focus. From

"https://github.com/openai/retro
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this play, at prescribed intervals (typically a few seconds apart), Reveal-More records
save states. These states are then used as the seeds for exploration. Algorithm 1
captures Reveal-More in pseudo-code, a function of human player data H, exploration
granularity -y, the total exploration budget 3, and an automatic exploration method F

(parameterized by a starting state and an exploration budget).

Algorithm 1: Reveal-More algorithmic description
alg Reveal-More(H,~, 3, E)

Let S C H with |S| = v be a selection of seeds

forall s; € S do
Let R; be the result of running F from s; for 5/~ steps

R; = E(si,8/7)

end

Output (J; R; all data seen in any exploration run

Once the game tester has finished their playtrace and the save states are cre-
ated, Reveal-More takes over to amplify coverage of the game. The system starts by
loading the first save state into the emulator and runs the exploration algorithm to cover
more ground around that state. When the allocated time for the given state has elapsed
(typically an amount of wall clock time equal to the intervals used in the first phase),
the system loads the second state that was created, and algorithmic exploration restarts
from that state. This process continues for all remaining save states from the first phase.
In my experiments, I use the Rapidly-Exploring Random Trees (RRT) algorithm [56] as

my exploration algorithm, which has been previously used to explore game spaces [108].
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For the purpose of demonstrating amplification of human data, the details of
the exploration algorithm are not particularly relevant beyond the fact that, given more
time, the algorithm yields more coverage downstream from the given starting state. For
action selection, actions are sampled from a weighted sample of the buttons players press
when playing the game. The samples are generated from playtraces from the players,
and determine the ratio of each button pressed from those traces.

In contrast to maximizing score, Reveal-More is designed to increase coverage.
As both of the games picked involve predominantly spatial exploration, I operationalize
coverage by tiles touched, which is a measurement of how many unique spatial tiles
the player character occupied. The tile count metric is similar to the Walk Monster?
implementation of exploration, where they are interested in the number of colliders
touched instead of tiles traversed. My metric counts the level number the player has
traversed through and the X and Y coordinates of the player, which is extracted from
the game platform’s memory. Every 16 pixels of horizontal and vertical position is
counted as a distinct tile, and assigned a unique identifier based on the level and game
mode. This approach is similar to other game-specific metrics such as levels completed
in VGDL based projects [80], or the number of rooms explored in papers focusing in
Montezuma’s Revenge [27]. For games where the most significant aspects of game state
are non-spatial (such as the inventory and character statistics for role-playing games),

a different metric for coverage would be more appropriate.

*https://caseymuratori.com/blog_0005
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3.3 Evaluation

To demonstrate the effectiveness of the Reveal-More technique, I applied it to
two culturally significant games that have different notions of progression: Super Mario
World (SMW) [72] as a 2D side-scroller action game and The Legend Of Zelda: A Link
to the Past (Zelda) [73] as a top-down adventure game. ROM images for these games
were obtained from public archives.? Both games sold millions of copies following their
1990s commercial releases. SMW is a linear game with few branching paths and a
specific set of win conditions. Zelda, however, has many branching paths to the end of
the game, and has non-linear methods to win the game.

I first wanted to know whether combining human gameplay with algorithmic
gameplay can increase the area covered given comparable amounts of wall clock time,
compared to exclusively human play and exclusively algorithmic play. I played the two
games (in the same style one would for enjoyment purposes) for approximately fifteen
minutes to create both my human exploration baseline and also the save states used
in Reveal-More. In addition, several undergraduates? were also hired to provide their
own, unbiased, gameplay traces of these games. In both games, a state is saved every
three seconds. In the recordings, SMW gameplay corresponded to reaching level 2-2,
Zelda gameplay demonstrated finding and finishing the first dungeon.

As a baseline for automated exploration, Reveal-More applies RRT to explore

from each state saved in the human gameplay. This RRT implementation samples

Shttps://archive.org/details/SNESRoms
41 would like to thank Mitchell Pon, Nikhil Sheth, and Farhan Saeed for their gameplay contributions.
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actions from a fixed game-specific action distribution for each game. RRT is started
at the boot state of the game for SMW, and at the front of Hyrule Castle for Zelda.
Instead of operating in the very high-dimensional space of visual pixel data, I apply two
dimensionality reduction techniques suggested by Zhang et al. [109]. For SMW, I used
the Pix2Mem embedding strategy to reduce the pixel observations into a 256 dimensional
space. For Zelda I used a Principal Component Analysis of the first 8KiB of RAM into
64 dimensions (enough to account for 93% of the variance in the human gameplay
recordings).

The action granularity (the number of frames for which a controller state is
held before selecting a new action) for the two games differs since the gameplay is
different. All automated gameplay holds each selected action for 6 frames in SMW,
as it takes six frames for Mario to reach the maximum jump height, and 40 frames in
Zelda due to the top down player perspective of the game. Given that there are no
obvious directions to move (compared to always going right in SMW) having a coarser
action granularity helped with exploration in Zelda. RRT exploration is run with these
hyperparameters from its starting location with an amount of wall clock time equal to
what was given to the human game tester.

I also choose to further experiment with the hyperparameters of Reveal-More,
namely varying the amount of human input into Reveal-More, the amount of algorithm
time allotted to a single human playtrace, and the number of states extracted from
a human playtrace, all while holding the other two hyperparameters static. In one

instance, I tested Reveal-More with different amounts of human input in increments of 5
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minutes, saving 50 states per gameplay (with even divisions of time between each state),
and exactly 15 minutes of algorithmic play. In the second instance, I vary the range
of RRT gameplay from one minute to 25 minutes per state while keeping 5 minutes of
human gameplay and 15 states. Finally, the last hyperparameter experiment extracted
states every second from a long 25 minute gameplay, however I only use a proportion of
the saved states in running Reveal-More. In this manner, I can demonstrate the effect

of each hyperparameter on the exploration effectiveness of Reveal-More.

3.3.1 Quantitative Analysis

In Fig. 3.1 and Fig. 3.2, Reveal-More touches up to 2X more tiles in Zelda
and 5X more tiles in SMW. The slope differences suggests a multiplicative increase in
effectiveness in state coverage whenever Reveal-More is used. This proportional increase
is not simply the result of running automated exploration, nor is it simply the result of
summing independent contributions of two exploration strategies.

The sudden flatness of the scores in Zelda is explained by the time taken for
the core gameplay to start. The RRT algorithm, started from the location where the
player first encounters Hyrule Castle, was able to adequately cover the entirety of the
castle grounds, however it fails to discover how to open the door to the first dungeon.
The mechanism required for RRT to discover the entrance is to destroy a specific shrub
on the top right corner of the castle map. Although the RRT algorithm destroys many
shrub, it does not destroy the one required to allow entry after 17 minutes of gameplay.

When the hyperparameters of Reveal-More are varies, there are several effects
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Figure 3.1: In Zelda, notice that the RRT algorithm fails to discover more tiles after
a point due to its inability to discover the dungeon’s door. As expected, Reveal-More
touches significantly more tiles than a human game tester in the same time window.
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Figure 3.2: In SMW, the algorithm performs better than the human player for several
minutes. However, RRT begins to taper off in tiles touched while human exploration
increases linearly. Reveal-More however trumps both aforementioned techniques from
the start of execution.
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Figure 3.3: Impact of varying amounts of algorithmic gameplay time versus tiles
touched. As the amount of algorithmic play increases, the difference in tiles touched
tapers off.

on effectiveness of the technique. For clarity, only SMW is considered in these experi-
ments. First, consider the impact of scaling the amount of automated exploration when
holding the human gameplay under consideration (both the input dataset and the selec-
tion granularity) fixed. Results in Fig. 3.3 illustrate the same kind of sub-linear growth
in final coverage as seen for the algorithm-only samples for Figs. 3.1,3.2 while growth
within each run of Reveal-More is roughly linear. Next, holding the amount of explo-
ration time fixed and increasing the amount of human data considered, I see similar
trends in Fig. 3.4: roughly linear growth within a run and sub-linear response in final

coverage. Together these show that either mode of exploration (human or algorithmic)
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Figure 3.4: Impact of varying amounts of human input time versus tiles touched. The
change in tiles touched as human input increases also diminishes when more human
time is introduced.

faces diminishing returns when scaled in isolation.

To understand how the granularity of interleaving human and algorithmic ex-
ploration, I sweep the number of states considered as start points for exploration (hold-
ing the total automated exploration budget fixed). Fig. 3.5 shows that final coverage is
maximized with a moderate number of starting points: using too many points with too
little budget for the vicinity of each point to be sufficiently explored (or using too few
points) invests exploration budget where the algorithm is facing diminished returns.
The optimal balance surely depends on the game design, the diversity of play repre-

sented in the human data source, and the particular exploration algorithm. Holding all
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Figure 3.5: Impact of varying the number of states extracted from a single 25 minute
gameplay. Too few states does not give enough places for RRT to start, too many and
it similar to measuring tiles touched from the human gameplay trace itself.

other features fixed, I observe here that tuning the granularity of exploration results in

at more than a doubling of the final coverage.

3.4 Discussion

The aforementioned results demonstrate the effectiveness of the Reveal-More
technique on two culturally significant games, showing that Reveal-More is able to ex-
plore qualitatively and quantitatively more of the game’s space with comparable wall-

clock time spent. Using Reveal-More, a game studio can multiplicatively amplify the
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efforts of QA testers to cover more moments in a videogame that could highlight prob-
lems or confirm fixes to them.

There is a weakness to Reveal-More in that it relies on a sufficiently intelligent
exploration algorithm to explore around the backbone. Currently, Reveal-More either
explores by pressing random buttons or from a fixed embedding of button presses learned
from a previous gameplay. Therefore, final exploration quality is limited by how well the
agent explores around the backbone. Later in this dissertation I will discuss a technique
to improve exploration quality.

Further, simply gaining more gameplay coverage is not sufficient for testing
purposes. I want to be able to visually differentiate design changes between different
builds of a videogame in a simple to read report. Since Reveal-More is an algorithm that
can find more moments in a videogame, the next logical step is to be able to show how
two builds of a game have different potential moments in non-spatial videogames. This
extension would be useful for developers and QA testers, because it would immediately
show what differences lie in two builds. This current work already demonstrates some
promise in differentiating accessible spaces in SMW, however I want to consider non-
spatial changes such as increasing damage taken from environmental hazards or hitbox

modifications.
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Chapter 4

Visualizing Incremental Changes

Editing a single line of code in interactive software can have major impacts on
the space of interactivity for the software. Minor edits can quickly shift a game from
playable to unplayable, and the impacts of these edits are not readily understandable
without thorough testing. Ideally, developers who implement incremental changes to
software could directly examine the impacts on interactivity they have made from a
visualization of the interactive space. As early as 1997, researchers proposed tools to
visualize interactivity in Java games [98] and more recently have developed techniques
that can visualize interactive stories [79]. In videogame development, there is an empha-
sis on verifying that the code created by a developer corresponds to the intent of what
they wanted to create. There is a large gap between proper functioning of individual
software modules and the overall player experience.

Because there is no oracle that can fully play and understand games, user

researchers use human playtesters to encounter the significant moments of a game, re-
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acting to them as normal players would. During testing, user research teams record these
reactions, and compare them to the reactions the developers intended to elicit. Mis-
matches in reactions are returned back to the developers, who can apply the playtesters’
feedback to the game to remedy problems in the game’s playable space. While it would
be nice to have a complete map of a game’s significant moments, playtesting provides
only a partial view of what is available in the game, bounded by time expenditure. Us-
ing Reveal More (discussed previously) a developer will be able to automatically gather
evidence of the unique gameplay experience a game supports, but the question of how
to summarize this space into a compact report remains. Hence, this chapter’s work
takes a step towards giving designers a tool to directly perceive the space that they are
designing within.

Differentia contributes a way to visualize perceptual differences between incre-
mental changes applied to videogames. The technique uses a (high-dimensional) game-
play map of a game’s playable moments to build a two-dimensional map of differences
between two successive builds of a videogame, isolating differences as visual reports that
developers might quickly read and understand. This map is built by recording normal
gameplay conducted by human players. I believe that this is a forward step towards
improved development tools in continuous integration (CI) development environments,
which emphasizes daily incremental improvements in a game’s development cycle in-
formed by automatically generated reports of software quality. I have operationalized
Differentia in a software prototype and applied it to modifications of Super Mario World

(for the Super Nintendo Entertainment System) and Pokemon Red (for Game Boy). To
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demonstrate examples of reports Differentia creates, I will analyze the prototype visual

representations generated and discuss its ability to convey design changes.

Figure 4.1: A static report resulting from applying Differentia to a game design change.
The left side shows an overview of the moments reachable in the two versions of the
game (color coded by version). The right offers filtered views of individual data clusters
(zoom for details) including both average and representative sample screenshots from
both versions of the game.

4.1 Visualizing Design Changes with Differentia

The goal of Differentia’s visualizations is to provide an overview of differences in
the experiential content present between two versions of a game, and from this overview
provide specific details on demand for specific clusters of images. This zoom-in style
of communication follows Schneiderman’s mantra [89] “Overview first, zoom and filter,
then details-on-demand,” a generalized rule-of-thumb to help encapsulate and deliver
information efficiently.

Figure 4.1 shows one of the generated reports from my visualization tool. It
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shows differences introduced to the game Super Mario World by modifying the effect of
gravity on the player character (more details on this experiment are given in the next
section). The scatterplot on left side of the report offers an overview of the distribution of
content seen before and after the design change. Each point in the scatter plot represents
a single moment sampled from the gameplay data gathered from one version of the game
or the other (again, details in a later section). Clusters of points indicate collections
of similar moments. When a cluster consists of data mostly from one specific version
of the game, it suggests those moments of gameplay experiences were only possible
in one version of the game. That is, they were either removed or freshly introduced
by the recent, incremental design change. The overall arrangement of clusters in the
visualization, however, is not significant. It represents only a best effort to render the
high-dimensional structure of game moments into a two-dimensional chart using modern
dimensionality reduction techniques.

Detail views on the right examine one data cluster at a time. Of the five
small images present in each row (Figure 4.2 shows two such rows, enlarged), the first
shows a scatterplot of the local structure within the cluster, the next two images show
the average appearance of all data in the cluster (grouped by which version of the
game they came from), and the next two images sample point representative point
(so that details missed in the averages can be examined). Because the grouping of
data into clusters is automated in this technique (and thus not perfectly aligned with
developer intuitions), the per-cluster visualizations can help discriminate significant

from insignificant differences.
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Figure 4.2: The first image (left) shows the local structure of a cluster (using the
corresponding glyph from the overview image). The images to the right of the scatterplot
visualizes (in order) a single sample screenshot from version 1, an averaged image of all
version 1 screenshots, a sample screenshot from version 2, and an averaged image of all
version 2 screenshots.

4.2 Technical Design of Differentia Prototype

To produce the aforementioned visualizations, I made a software prototype of
the technique. Differentia is a collection of Python scripts that ingests a collection of
screenshots generated from playing each version of the games being compared. From
these screenshots, I train an autoencoder model that yields a high-dimensional vector
representation of each image. The precise architecture of the autoencoder model is
not significant here, and another technique that directly optimized the embedding of
game moments to match their screenshots, e.g. a variational auto-decoder [41], would
be a fair replacement. The high-dimensional moment vectors are projected onto the
2D plane using t-SNE [60], allowing us to render scatterplots. The high-dimensional

vectors (not their 2D projections) are the clustered with K-means to yield (ideally)
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interpretable groups for focused analysis. The specific implementation here is only one
interpretation of the technique. One might consider alternative ways of representing
game moments as vectors (see a comparison of alternatives by Zhan et al. [109]), other
ways of projecting high-dimensional moment vectors into 2D for scatterplot display
(e.g. UMAP [61]), or other methods of grouping comparable moments for inspection

(e.g. spectral clustering [69]).

4.3 Visualization Design

The outputs of Differentia are: (1) an overview map of projected gameplay
moments; (2) a collection of images representing the placement of gameplay moments
for a specific cluster; (3) a collection of images representing the average image of each
version’s moments per cluster; (4) a collection of screenshots representing one frame of
gameplay from a version per cluster.

Output 1 is the overview map so readers may see the entire space of mapped
moments in one image. If they wish to read deeper into a cluster, outputs 2 and 3
provide information about each specific moment, showing the reader the mix of moments
from each version as well as what that moment looks like on average. Output 4 gives
the most specific detail, exactly one frame of gameplay, so a reader may quickly see
exactly what was happening in this moment. These outputs are intended to roughly
follow Schniederman’s mantra: Overview first, zoom and filter, then details-on-demand

(details accessed by zooming an achievable static image rather than interacting with a
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complex interactive visualization).

Within the scatterplot, information is allocated to distinct visual communica-
tion channels. Because there are many bits of information in one graph, I have carefully
chosen to allocate specific information to a dedicated channel of description. Specif-
ically, the symbol used to map a moment represents each moment’s cluster. Color
represents which version of the game the moment came from, and the position of the

symbol represents similarity to other symbols that moment is.

4.3.1 Gathering Gameplay Data

In my prototype, gameplay data is gathered by having a human ! play each
version of the game. There is no strict minimum time to play each version of the
game, however gameplay should encompass as much content of the game as possible.
Potentially, running algorithms that can explore the game or multiply human gameplay
traces can be used to generate more images of gameplay to train the autoencoder. In the
visualizations above, screenshots are taken every second of gameplay. The player was
instructed to play each version of the game normally, and given a timer of 15 minutes
to play each game. If the game failed due to crashes or bugs, the session would end
there and any screenshots saved up until the crash are saved.

The Differentia prototype collects screenshots using the gym-retro Python li-
brary, which is an open source emulation and control system for retro videogames. This

library allows us to screenshot the players as they play, and emulate the hardware that

!Lab members of DRL
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runs the games. The games were obtained from public Internet archives.

4.3.2 Representing Game Moments as Vectors

To represent game moments as vectors, I trained an autoencoder on the library
of images gathered from human gameplay. The autoencoder uses 2D convolutional neu-
ral nets to convolve images down into a 1D vector, referred to as a vector representation.
These vectors represent the images in a compressed form, and normally an autoencoder
can decode these vectors back into the original image. However, instead, I use these
vectors and run K-means clustering to cluster the vectors into groups. K-means com-
putes how close each vector is in distance, and groups vectors by closeness. The number
of clusters depends on the game, because I consider each cluster as a unique moment of
gameplay. For the visualizations, I assume that there are 30 clusters of unique gameplay,

however this number can be tweaked to make the visualization appear better.

4.3.3 Grouping and Arranging Moments

Once the moments of gameplay are clustered, they are then rendered to images.
Differentia uses Plotly 2 to make scatter plots of the game’s moments. These will
generate the images discussed in Visualization Design. Next, these images are placed
into an HTML webpage. Although the images appear small in the window, the user is

free to zoom into each cluster and view each cluster’s details individually.

https://plotly.com/python/
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4.4 Example Applications

To demonstrate potential applications of Differentia, I applied it to modifi-
cations of commercial videogames, including changes to both static content and game
mechanics. Specifically, I used two Super Nintendo Entertainment System games, Super
Mario World and GravHack, and two Game Boy games, Pokemon Red and Pokemon
Brown.

Super Mario World (SMW) is a platformer type game released for the Super
Nintendo Entertainment System in 1990 while Pokemon Red is a role-playing game
released for the Game Boy in 1996. I use the gym-retro [70] Python library to allow
us to interface with the games, giving us the ability to run the modified games, inject
controller events, screenshot gameplay, save memory snapshots, and return to game-
play moments saved in the past. This framework gives us the tools needed to capture
gameplay in offline records.

While two of these games are commercial releases, two are modifications cre-
ated by patching the commercial releases. GravHack is a modification of SMW where
the effects of gravity upon Mario is halved, causing Mario to be able to jump higher
and float down slower. The immediate effects of this change are easier jumping at the
expense of being able to deftly control Mario. This modification to the game was made
using Lunar Magic 3,2 an open source ROM editor used by fans to create custom games

within the SMW executable ROM. Pokemon Brown? is a fan-made content expansion

Shttps://fusoya.eludevisibility.org/lm/program.html
‘https://www.romhacking.net/hacks/134/
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of Pokemon Red, released in 2014. Although game mechanics remains the same, it adds
new art assets to the game, as well as new regions to traverse and additional Pokemon
to catch. This expansion was added to the game using ROM editing tools, and is emu-
lated in the same manner as Pokemon Red. GravHack presents to us what a developer
may implement during an incremental change in the CI workflow. Changing gravity in
SMW is similar to a minor change in gameplay balancing, while Pokemon Brown can

be seen as a major content release for a game in early access.

4.4.1 Incremental Change: SMW vs GravHack

In the overview image Figure 4.3, observe that distinct modes of gameplay have
clustered into distinct groups. While many clusters are populated with moments from
both game versions, some clusters contain data from just one version or the other: this
is evidence that a numerical change to the game’s mechanics has resulted in additions
and removals of experiential game content.

A major standout is the cluster seen in Figure 4.4. This cluster detected that
this end card scene was present in the unmodified version of SMW (right) and not in
GravHack. During the gameplay of GravHack, this cutscene did not function correctly.
Normally, Mario is supposed to jump onto a plunger to demolish the castle, however
because the gravity was lowered, Mario jumps off screen and crashes the game. Hence,
Differentia did not find any moments in GravHack that matched this moment in SMW.

For most other parts of the game, Differentia does not suggest obvious ad-

ditions or removals. Because the way Differentia embeds game moments into high-
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dimensional vectors in this prototype operates at the time between frames of animation
(details in a later section), the most obvious change to the human player (floaty avatar
controls) is not represented in the summary report because the player can navigate
(floating or not) through almost all of the same game modes and levels. An alternate
embedding strategy that was sensitive object velocities could separate floating moments

into distinct clusters.

4.4.2 Extensive change: Pokemon Red vs. Brown

In a major content change, Differentia notices a very stark difference in the
game’s viewable content. In the space of the game itself, Pokemon Brown overhauls
the entire game’s art assets, including backgrounds, while leaving the layout and most
of gameplay the same. One can see a formation where many of the clusters from one
version are very far away from the clusters of the second. In the center, there is one big
cluster of similar game moments. In the game itself, there are many gameplay moments
that are the same, such as the menu layout, the RPG style top down perspective, and
the battle screen. However, many of the art assets have changed, and because of that
unique moments present in one game are visualized as absent in the other.

In the zoomed in cluster seen in Figure 4.7, there is one cluster in which a
moment is present in both versions of the game (top row), and one moment present in
only Pokemon Brown (bottom row). Overall, many clusters out of the 30 created with
K-means were detected to only have moments from either Red or Brown, indicating that

the games have very different gameplay moments. In reality, the content of Pokemon
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Brown is extremely different: art assets have changed, backgrounds have changed, yet
gameplay has not been modified. The bottom row of Figure 4.7 shows a specific moment
in Pokemon Brown where this particular battle scene does not happen in Pokemon Red,
demonstrating Differentia’s ability to find visual differences. Despite major changes, it
is significant that Differentia does not simply report that the entire space of interactivity
has been added and removed as a whole—many structures can still be matched up before

and after the change.

4.4.3 No change: SMW vs. SMW

In this experiment, I probe for false-positives in the change-visualization sys-
tem prototype: does it highlight additions/removals when none have actually been
made? Extracting two distinct sets of human gameplay data from a single version of
the game, and then running the components of the Differentia prototype with different
random seeds, it seems plausible that the system might identify and report some dif-
ferences as an artifact of data collection and analysis despite their being no underlying
game design change. At the same time, it would be encouraging to see the system
abstract over these incidental differences and report the consistent structure of the un-
changing game.

In Figure 4.8, there does not seem to be any clusters that predominantly
contain moments from one (identical) version of the game or the other. The substructure
within clusters is not identical (because, e.g. the human player played through levels in

slightly different ways each time), but the system has nevertheless decided to place the
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corresponding moments together as desired.

4.5 Discussion

The current implementation of the technique has two major limitations: it
is not fully automated enough for CI workflows (it requires human gameplay for each
game version analyzed), and human interpretation is needed to decide if a cluster that
has been apparently added or removed represents a design problem. While the goal
should not be to eliminate human intervention and interpretation, the next project
should allow for human effort to be contributed asynchronously. Ideally, one should
examine how a recording of gameplay in one version of a game can be automatically
translated or adapted into an incrementally-changed version of a game. The ability
to enhance automated exploration efficiency (of a fixed game) by pre-training on past
records of human gameplay data has been previously demonstrated [108], but transfer
has not been attempted across incremental design changes to the game. Therefore, a
logical extension to visualization in a CI development process is to train gameplaying
agents with a seed of human gameplay. Doing so, we can automate the exploration of

a game and fit it into a CI pipeline.
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Figure 4.3: SMW vs. GravHack: Game moments are divided into discrete clusters.
Some clusters have strong biases towards one game version or the other, however the
clusters with solely moments from one version suggests that this particular moment was
present in only one version of this particular playthrough.
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Figure 4.4: SMW deletion: In this cluster, a moment was present in SMW, but not
GravHack. In GravHack, Mario flies off screen during this cutscene, causing the game
to become unresponsive.

Figure 4.5: Most of the gameplay between SMW and GravHack remained the same.
Visually, most levels did not change, however the changed user perception of progressing
the level was not well captured.
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Figure 4.6: Red vs. Brown: Major content changes show a major shift in moments.
Strongly different visual content produces clusters that are placed far away from the
other version. Whatever remains similar congregates in the middle.
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Figure 4.7: New content: Some moments remained the same, such as the starting house
for both Pokemon Red and Brown. Differing moments are illustrated in the bottom
row, such as a new Charmander sprite for Pokemon Brown.
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Figure 4.8: SMW vs. SMW (no changes): All clusters contain moments from both
versions, and there are no clusters that contain moments from only one version.
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Figure 4.9: SMW unchanged: In two human gameplay traces from the early game, there
does not seem to be any difference in how the moments were grouped, indicating that
Differentia considers these moments present in both (identical) versions.
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Chapter 5

Boosting Exploration with Stale

Demonstrations

Automated testing is used in continuous integration (CI) pipelines for many
major videogames [19, 101], however these tests usually do not attempt to map the
playable space of games or report how that space has changed, which might reveal
unexpected impacts of small code changes. To make this kind of machine playtest-
ing usable within CI processes (where it will be applied to each incremental software
change), it needs to be made efficient and completely automated. Reveal-More showed
how to boost the efficiency of exploration using human player data, but this is exactly
the kind of data that is not available after each software change. We believe that there
is useful information to be extracted from stale data (e.g. from a human playtest of a
recent build of the game), and that it could be applied to boost machine playtesting.

In particular, we propose to use behavior cloning on the stale human data to train an

64



action-selection policy.

Reveal-More considers exploration algorithms based on rapidly-exploring ran-
dom trees (RRT) [56], an algorithm from the robotics literature designed for explor-
ing low-dimensional continuous state spaces that has since been applied to exploring
videogame spaces [6]. However, RRT’s exploration effectiveness relies on a key com-
ponent: a subsystem for selecting actions that are intended to make progress towards
a given goal state. The initial Reveal-More work uses very simple policies that were
oblivious to the intended goal and even the current state. Naturally, the next step is to
use machine learning to fit a goal-conditioned action policy to expert-relabeled human
demonstration data (using another technique borrowed from robotics). I offer initial ev-
idence of the usefulness of this approach in the MiniGrid [17] interaction environment,
which has a low-dimensional state space with known bounds (similar to the setting for

robotics applications).

5.1 Goal Conditioned Policies for Reinforcement Learning

The idea of learning to take actions in a way that depends on the agent’s
current state with explicit consideration for the agent’s current goal has already been
explored in the world of reinforcement learning (RL). Further, it has been shown how
to distill unguided demonstration data into goal-conditioned action policies using a
strategy called expert relabeling [23]. Without making any assumptions on the overall

goal being pursued in the demonstration data, the relabeling technique defines a training
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data set (pairing current and goal states with an action that makes progress towards
the goal) by simply defining the goal to be some other state seen later in the trajectory.

In reinforcement learning research aimed at videogames (e.g. playing Star-
Craft or Atari games), it is common to evaluate policies on the very same environments
used train them (in effect, training on the test data). As a result, trained policies can
memorize a single brittle solution rather than capture robust playing styles [52]. In
contrast, I require that this exploration policy accelerate exploration of a somewhat dif-
ferent environment from the one used to source the human demonstration training data.
That way, one does not need to completely retrain an exploration agent to effectively

explore a slightly changed videogame.

5.2 Training a State and Goal-Sensitive Policy

In the setting for machine playtesting for games, let’s assume that a game dev
has access to human demonstration data for a recent version of the game. This data
is saved as pairs of game states and the human-selected action at that state. A typical
human demonstration in our experiments involves 200 steps of gameplay in a turn-based
interaction. This data is transformed into training data for a goal-conditioned action
policy using expert relabeling. Concretely, for each point in the demonstration data, the
goal is defined as whichever state was reached 1-20 steps further into the demonstration
(sampling several random goal offsets). Considering expert relabeling as a form of data

augmentation, this typically yields a dataset of about 6,000 examples.
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For this early-stage work, the goal selection policy is a simple multi-layer per-
ceptron (MLP) with three hidden layers, illustrated in Figure 5.1. The inputs to the
network are the concatenated state and goal vectors (of three integer dimensions rep-
resenting the agent’s world position and orientation). The output of the network is
a distribution over the few discrete actions available (up, down, left, right, and door-
toggle). The networks typically have about 40,000 trainable parameters. The training
of this model on the data described above using the Adam optimizer proceeds to conver-
gence unremarkably. To create goal-oblivious or even state-oblivious ablations of this
network, we mask (scale by zero) the input respective input vectors at both training

and evaluation time.

5.3 Exploring with RRT

Exploration of a gamespace using RRT is done with the algorithm described
in Algorithm 2. For the MiniGrid environment, I implement sample_goal (config-
uration space) by sampling a grid location and agent orientation using a uniform
distribution. I implement policy(state, goal) by asking the neural network for a
distribution over actions, which is sampled to create a set of buttons to press. When
moving from one version of a game to the next, the shape of the configuration space
and the details of the initial state may change along with the details of the simulator.
In the experiments simulate (state, action is always implemented by executing the

same MiniGrid environment rules, just with a different level design. I imagine that for
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many incremental changes, the inputs and outputs data types of the policy function do
not change significantly (i.e. the game does not often add or remove spatial dimensions

or actions).

Algorithm 2: rrt_explore(configuration_space, initial_state, simulate,

policy, max_steps)

tree = new Tree(initial _state)

forall t in range(max_steps) do

goal = sample_goal(configuration_space)
state = tree.find nearest(goal)
action = policy(state, goal)

result = simulate(state, action)

tree.add_edge(state, action, result)

end

return tree

5.4 Experiments with Minigrid Environment

In this early-stage experiment with learning from stale human demonstration
data, I focus on the MiniGrid interaction environment [17] (which has been used exten-
sively in recent reinforcement learning research [84]). Figure 5.2 shows two examples
of worlds seen in this environment. To model an incremental change to a game design,
I sample two different procedurally generated MiniGrid maps and only provide human

demonstration data for the first one. In particular, I recorded about 200 steps of nav-
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igation between the various rooms of Map A, covering some but not all of the total
reachable area of the map. The goal of this sampling is to use the human demonstra-
tion data from Map A to improve the efficiency of machine exploration of Map B. Note
that the human demonstration data cannot be superficially transferred to the new map
because (1) many paths in the first map are not possible in the new map because they
would cross walls and (2) the demonstration touches very few tiles in the original map
anyway. The choice of a simplified interaction environment and use of level genera-
tion to introduce variation is intended as a computational caricature [93] of incremental
changes to navigation-oriented videogames.

We consider several versions of our RRT-based exploration agent:

e RRT-Uniform: Acts using a fixed uniform distribution.

e RRT-Stateless: Masking both the current and goal vectors, this model uses a

fixed non-uniform distribution fit to the human demonstration data.

¢ RRT-StateOnly: Masking only the goal vector, this model can adapt its action

distribution to the current state.

e RRT-StatesAndGoals: The full goal-conditioned action policy trained via im-

itation learning.

These variations were chosen to demonstrate the relative benefit of using stale
human data to biasing the action distribution as well as the benefit of considering the

current and goal states when doing so.
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To measure exploration efficiency, I recorded the number of unique state vectors
seen during an exploration run as a function of the number of environment interaction
steps. Each exploration algorithm is run three times to reduce the effect of randomness
from RRT. Better exploration algorithms could touch many more unique states without
spending many steps revisiting old states. This metric for MiniGrid is comparable to
the “tiles touched” metric used for more complex games like Mario and Zelda seen in
previous chapters. I run each variation of RRT for 10,000 interaction steps and report

the results in the following section.

5.5 Results

In Figure 5.3(a), the RRT agent trained with goal and current state data
explores more unique tiles than RRT missing one or both or one of these inputs. As a
result of overfitting to the human demonstration data that does not touch many states,
the RRT-StateOnly model is unable to outperform RRT-Uniform (a policy that requires
no access to human demonstration data). Although none of the exploration algorithms
reached the maximum number of tiles that could have been explored within 10,000
steps,! it is clear that RRT boosted with goal and current state information can find
unexplored areas in a shorter amount of time than the other methods.

When asked to generalize to a fresh map, Figure 5.3(b) indicates that both

RRT-Stateless and RRT-StateOnly underperforms in the RRT-Uniform benchmark.

!Experimentally, I confirmed that all methods, including RRT-Uniform, were able to reach the
maximum number of unique tiles when given enough time to search (e.g. 100,000 steps).
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Only the combined model RRT-StatesAndGoals, which is trained to mimic the hu-
man’s navigation style rather than their specific navigation path, is able to beat the
benchmark. From this, I conclude that knowledge extracted from stale human data can
be misleading, an appropriate model architecture and training regime can extract trans-
ferable knowledge that demonstrably improves exploration efficiency on incrementally

changed game designs for which no human demonstrations are available.

5.6 Discussion

Where previous work trained a state embedding function from past gameplay
data and used a fixed action selection policy, this work used fixed embedding and trained
action selection policy. Under the assumption the game design changes incrementally
over time, we believe both elements could be fruitfully learned simultaneously, even
from collections of partially-stale data.

Naturally, the next steps are to scale up the Turbocharging idea of transferring
exploration skill to more complex games. While the key concepts are simple, there are
many questions left unanswered when scaling up. Namely, the representation of a game
state, the representation of a goal state, and differentiating the states when measuring

uniqueness.
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Figure 5.1: Neural network architecture used to train an action policy. Masks represent
a gate used to hide specific training data.
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(a) Figure A (b) Figure B

Figure 5.2: Two different map designs in the MiniGrid environment. Human demon-
stration data is made available only for Map A as if Map B had just been produced as
an incremental game design change and had not yet been seen by human playtesters.
Players move the oriented red triangle through rooms and doors to reach the green exit
tile.

Map A Tiles Touched over time

700 e —— RRT-StateOnly

RRT-Stateless

600 A —— RRT-StatesAndGoals
—— RRT-Uniform
—== Human Player

500 A .
=== Maximum

400 A

0 2000 4000 6000 8000 10000

(a) Exploration of Map A (used for training) (b) Figure B
Figure 5.3: Efficiency of exploring the training (Map A) and testing (Map B) maps.

When applied to a novel map, only the policy that was trained to consider both state
and goal vectors reliably improves over the always-available RRT-Uniform benchmark.
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Chapter 6

Scaling Up Self-improving Exploration

I have previously demonstrated how gameplay knowledge can be transferred
across incrementally changed versions of a videogame. However, a key focus of my
thesis work is the application of the proposed techniques on complex games. Although
“complexity” in videogames is very much a philosophical debate, for the purposes of
this work let us assume that there is a tangible difference of complexity between games.
Further, this complexity is not a measure of the number of different input combinations.
For instance, let’s compare the games One Finger Death Punch (2014) and Minigrid:
Although there is far more ways to input commands into minigrid to change the state
of the game (up, down, left, right, toggle, etc.), One Finger Death Punch only has
2 buttons as input (left/right mousebutton). However, the latter game is exceedingly
complex, with visual and auditory cues to guide the player’s attention towards incoming
enemies. Suddenly, two buttons feels like a tiny photo-lens in which a player can explore

an incredibly detailed world of gameplay. An example of gameplay can be seen in
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Figure 6.11.

BONUSSPEED |
MANVALSPEED

\ﬂ«/
\@

Figure 6.1: Although One Finger Death Punch has far less inputs to the game that
meaningfully advance gameplay, no one will argue that this game is less complex than
that of Minigrid.

If I want to train an agent to learn how to explore complex games, I will need
to improve several aspects of how I transfer gameplaying knowledge, and improve the
ways | extract information from the game itself. Previously, 1 have also previously
mentioned the work done by Google Researchers (whose researchers have now founded
Agentic) in leveraging machine learning to create game-playing agents [38, 53]. Unlike
the bombshell works of AlphaGo or AlphaStar, these Al agents are tasked to find out

what is possible in a game by learning how to navigate the game in the manner of

humans. A key departure from traditional gameplaying Al is the intentional focus on

!Gameplay image reproduced from https://store.steampowered.com/app/264200/0ne_Finger_
Death_Punch/
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game testing and automatic playtesting by folding in imitation learning inspired by the
DAgger algorithm. Similar to the work I did in Minigrid, an expert plays the game
on one incremental version of a videogame, and then the authors incrementally change
the game to demonstrate transfer of exploration knowledge. However, there is a crucial
difference between the two techniques. Consider this quote from the Google project’s
blog:

Rather than ask developers to directly convert the game state into custom,

low-level ML features (which would be too labor intensive) or attempting

to learn from raw pixels (which would require too much data to train), our

system provides developers with an idiomatic, game-developer friendly API

that allows them to describe their game in terms of the essential state that
a player observes and the semantic actions they can perform. [38]

I believe that while training from pixels may be too data intensive, there is sig-
nificant information that can be gleaned from analyzing the memory data (e.g contents
of RAM modules) of the game being executed (as seen in previous chapters 3 and 4).
If T can get useful information from memory data (henceforth referred to as RAM), I
can train an imitation learning agent that can navigate the videogame given a current
RAM state and a goal RAM state. But, this brings up an issue of whether there is
a natural /useful embedding of a game state into a lower-dimensional space where dis-
tances and angles there meaningfully represent gameplay differences in the actual state
of the game. Mapping the game state to a lower dimensional vector has to meaningfully
transfer the distance notion: without it the embedding does not clearly represent what
the current state of gameplay is. However, this is the first of two challenges, the second

is producing actions that are in the style of humans. In Minigrid, a single button press
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meaningfully advances the state of the game. This is not so in Super Mario World, or
for many complex games: fingers can press buttons in combinations so complex that
simply pressing a few buttons for a number of frames is an oversimplification on how
Super Mario World is played.

In the previous chapter, I did not have a term for this transfer of exploration
knowledge between versions of a videogame. Now, I will call this “transfer of exploration
knowledge between versions of a game using stale demonstration data” turbocharging.
Turbocharging [59] in mechanical engines is the use of engine exhaust to improve engine
performance. While I won’t go in too much detail on how it works mechanically, at
a high level an internal combustion engine requires a spinning compressor to compress
fuel and air before ignition. The compression is normally powered by the ignition,
however because the engine is likely driving something other than itself, there is a lot
of energy lost in the shaft after ignition. To remedy the loss of energy, the exhaust
gases from ignition is then fed into a turbine, of which the rotation generated is used to
supplement the compression mechanism, thereby improving (turbocharging) the engine
compression and thus gain more power out of the engine without extra energy (fuel)
expenditure. This analogy is extremely close to the work I did with minigrid, and the
work done in this chapter. In minigrid, I used the exhaust of previous gameplay to teach
a neural network how to navigate a game, supplementing the learning normally done by
an action selection neural network, thereby turbocharging the end performance of the
neural neural network. Further, this idea of turbocharging has been worked on in the

past on Super Mario World [108], and demonstrates improved RRT exploration progress
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by training exploration with self-play data, as seen in Figure 6.2. In that situation, the
turbocharging is done on stale data from previous RRT exploration, although in my
situation I am turbocharging based upon exhaust player data. Therefore, it’s quite apt

that this work refers to turbocharging as the use of stale data in the service of boosting

exploration.
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Figure 6.2: Reproduced from Zhan et al. Taking the Scenic Route [108], RRT explo-
ration progress in Super Mario World is improved with the help of training from self-play
data.

6.1 Technical design of scaled-up turbocharging

As a foundational goal for my prototype, I attempt to instrument the game
in a way without source-code level changes. Note, the minigrid work required an em-
bedding of the game state into a low-dimensional space where distances and directions

in the embedding were meaningfully related to what happens in the actual game. To
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do this, I vectorized portions of RAM dumps. In previous work done by lab members,
Zhan [109] demonstrated that game states can be extracted by encoding RAM dumps
from emulators into a lower dimensional space where distances in the projections rep-
resent distances in actual gameplay timestamps. These compact moment vectors are a
representation of what’s going on in the game, especially if one considers a small segment
of the memory used in the videogame’s runtime. In particular, Super Mario World’s
first 4KiB of RAM contains significant amounts of important data relating to the game’s
actual state, and this was done due to programming practices common in SNES devel-
opment. Although this idea will likely not work in more modern games, it will be useful
for testing turbocharging on a complex game: no source code instrumentation, yet a
potentially useful window in understanding what the game is doing.

Like how Minigrid’s exploration was done, exploration in Super Mario World
is done with Rapidly-Exploring Random Trees (RRT). The rationale behind a tree for
recording exploration is that each node in the tree represents a discrete movement in
the playable space of Super Mario World. In Figure 6.3, I illustrate how a branch of
exploration is saved. The left side represents the game state where gameplay started,
as well as the current buttons held at that moment. Then, some number of emulated
frames later, the gameplay arrives at the location on the right. In RRT exploration,
the AI agent can choose to return to any point in this tree if it discovers that the goal
it wants to move to is closer to a different point on the tree than it is at currently.
This feature is important: being able to know how close a goal state is to where the

agent already has explored means that any exploration done will meaningfully add to
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the tree (and hopefully avoid re-treading on already explored areas). Each node in
the tree also saves the first 4 KiB of RAM from SMW, milestoning the RAM at each
point of gameplay. This tree data structure is also used during human gameplay to save

gameplay traces.

RRT Exploration Tree

Current State Button Presses GoalState

Current vectorized Goal vectorized RAM
RAM snapshot snapshot

J

Figure 6.3: A single branch of an RRT tree is illustrated here. Each red node contains
a vectorized RAM snapshot of the gameplay saved at that moment, and each segment
connecting the nodes are represented by a button press combination. Images of game-
play are not stored, but are shown here to help understanding.

The exploration agent has also been overhauled to allow for goal-based explo-
ration based upon memory vectors. Vectorizing the RAM is done with an autoencoder,
seen in Figure 6.4. The autoencoder is trained to vectorize a 4 KiB RAM snapshot into
a 128 dimensional array, and then unvectorizes it back to the same shape as the input
RAM. This is similar to the Mem4KiB autoencoder model done in Zhan’s work, and
the one used in Differentia. Given a dataset of RAM, I was able to train an accurate

autoencoder with a minimum of 90% reconstruction accuracy. Since RRT is used as
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the primary method of exploration, differentiating memory spaces was implemented as
measuring the binary difference between the two vectors. A higher binary difference
indicates larger distance in gameplay.

Choosing an action is done with a separate neural network: memmem2buttons.
In Reveal-More, a key weakness in RRT exploration was the action selection policy: it
simply did not know how to move around intelligently in Super Mario World. This is not
to say that it did not know how to explore: it turns out that randomly pressing buttons
was a great way to explore around a backbone. However, there is no more backbone
without a human playthrough, and this playthrough isn’t available in a freshly changed
videogame build. Therefore, memmem2buttons is tasked to mimic a person playing
the game by learning how a person got to each node in a saved tree of gameplay. To
do so, the network learns from a current vectorized RAM state and a goal vectorized
RAM state to predict a button press combination. Previously, I discussed how a human
playthrough saves RAM and buttons on every branch of the tree, and this is how this
neural network learns to imitate humans: by learning how a person navigated between
discrete gameplay moments, it learns how to imitate exploratory behavior demonstrated
by the player. This imitative learning is never a mirror of what a person does because
it can only predict the probability that a person pressed that button at that moment,
however this inexactness makes the agent explore in the same style of a person: perfectly
ideal for exploration. The AI does not need to mimic the player, rather it only mimics
the playstyle.

Once memmem?2buttons learns how to navigate a game space from a human

81



demonstration, executing it on a unseen version of a game requires a goal RAM vector.
Without the ability to look forward in time, I created a goal RAM vector by mutating
the current RAM vector. The mutation generates a new RAM vector with the same
distribution of values as the current one. I concede that this is not a perfect represen-
tation of a future RAM state, however it is a better goal setting mechanism than that
done in Reveal-More. Later, I will discuss the weaknesses of this approach, and if a goal

state was ever needed.

6.2 Experimental testbed

To experimentally demonstrate the effects of scaling up, I created several ex-
periments to demonstrate the transfer of gameplay knowledge between incrementally
changed versions of Super Mario World. I hired a student? to create two incremental
versions of Super Mario World, giving them the instruction to emulate a team devel-
oping Super Mario World. Because the original source code is no longer available, the
student used an open source tool called Lunar Magic 3 to decompile the assembly of
the game ROM and add their own changes to the game. This utility is very popular
among ROM hackers, who pioneered the use of software like Lunar Magic 3 to create
fan modifications of Super Mario World. Although this isn’t true source code editing,
it is the closest I can provide as source code modifications.

The experiments conducted use 4 incrementally changed versions of Super

2T would like to thank Wilson Mui for his contributions of alternative level designs, and all accom-
panying documentation.
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Mario World (2 of which are not really incremental changes, but represent a critical
error in development). The student was instructed to “add difficulty to the game” by
increasing the number of enemies on screen. Previous of these levels can be found in

Figure 6.5.

1. Banzai 1: In this version, there are additional Banzai Bills that spawn in the
early stages of the first two levels. These enemies are large moving hazards that
the player must jump around or else they die. From a gameplay perspective, this

adds significant difficulty to each level.

2. Banzai 2: Similar to Banzai 1, there are more enemies to intensify the game’s
difficulty. However, Banzai 2 adds additional fast-flying Koopa enemies in addition

to the large Banzai bills, requiring a different strategy to navigate the level.

3. Impossible: To demonstrate a potential error in incremental game development,
this game version adds an invisible kill zone 50 tiles into each level. When the
player hits this kill zone, they die immediately. Level completion thereby is im-

possible.

4. Trivial: On the opposite side of the spectrum, Trivial completely removes all
enemies and pitfall killzones from the first 2 levels. Winning the level therefore

becomes as easy as holding the right button for the entirety of the level.

Because the incrementally changed game versions are still fundamentally SNES

game ROMs, I am able to emulate their execution in the gym retro. Therefore, I recycled
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much of the instrumentation software used in Reveal-More 3 to extract information
about the game. However, for the purposes of this project, emulating the game will
cause retro to save the first 4K of RAM at every second of gameplay, as well as the
buttons held at that moment. In addition, all this emulator data is saved in the RRT
tree data structure as described in the previous section. Thus, if RRT is playing the
game, any useful information about the game is saved as exploration is done. If a
human is playing the game, the data is also saved in the same tree data structure, and
the human is also able to reset back to the boot state to add more branches to the tree
outside of the main gameplay path.

To get the training data used to train an action selection policy, I played an
unmodified copy of Super Mario World for 15 minutes. I played the game normally,
but reset the game three times during the playthrough to build three unique traces of
exploration in the tree. I also focused my gameplay on the main levels of the first world,
Yoshi’s Island, since those levels were the ones incrementally modified. Once gameplay
was saved, I trained the action selection policy and made it available for downstream
experiments.

To demonstrate that the scaling up of exploration was actually happening,

each game version is explored with 5 variations of the RRT exploration agent.

1. RRT Aware: This RRT agent behaves as proposed in the technical description
section. The exploration agent is tasked to move to designated points in the RAM
memory space for anywhere between 600 to 1200 frames. Effectively, this gives
the player a random amount of time to go somewhere, and add its exploration
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progress to the RRT Tree.

2. Uniform Random: As a control, this agent does not do anything other than
press buttons uniformly randomly. The button to pause the game and to shut

down the emulator is disabled to allow for reasonable execution.

3. RRT Oblivious: Same action selection policy as (1), however the “goal” vector
is the same as the starting vector. This policy does not know where to go, and

should ideally perform less well than RRT Aware

4. RRT Random: The original RRT for exploring SMW as proposed in Taking the
Scenic Route. Uniformly random buttons are chosen as a way to get to a “goal”

state.

5. Behavior Cloning: Instead of using RRT, this algorithm samples only the cur-
rent state, and asks the action selection model what the player pressed at that
state. It is similar to RRT Oblivious, but the exploration agent cannot reset back

to previously explored states to build a RRT tree.

To measure exploration effectiveness, I will be using the tiles touched metric
as described in chapters 3 and 5. All experiments are allowed to execute for 80,000
emulator steps, with each branch having a randomized play length of 600 to 1200 frames.
Ideally, experiments should demonstrate that RRT Aware has the best exploration

quality.
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6.3 Results

After running the experiments proposed in Section 6.2, I graphed out the
unique tiles touched over the 100k emulator steps. To reduce the effects of randomness
inherent in RRT exploration, each exploration strategy is run 5 times with a different
emulator random seed, and any deviations in the number of tiles touched are represented
by colored shadows around the line representing tiles touched over time.

At a high level, behavior cloning surpassed all expectations and dominated in
exploration effectiveness, as seen in Figure 6.6. This is not the result I was hoping for:
it appears that the use of RRT is actually a hindrance to exploration quality. I will
discuss potential reasons why later in this section, but for now it would be ideal to take
a look at exploration quality over time for each game and RRT variation.

In Figure 6.7, we see that behavior cloning surpasses the exploration quality
of all RRT exploration algorithms, and also surpasses the tiles touched by the player.
This is an expected result, as effectively I created an expert that learned from imitating
the player how to play SMW. Even though RRT is supposed to incrementally build a
map of explored tiles, there is a lot of overlapping exploration done by resetting states,
and without this handicap the behavior cloning agent was able to explore more of the
game in the style of a human player (even if what the agent explored wasn’t where the
player went). Given more time, the agent would have likely played outside of the areas
that the human player explored and thus unique tiles touched would have plateaued.

In both incrementally changed versions of the game, seen in Figures 6.8(a)
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and 6.8(b), the RRT algorithms that use behavior cloning in any degree do not out-
perform simple behavior cloning. Unfortunately, this result demonstrates that RRT is
having difficulty exploring the game even though it was trained on human demonstra-
tion data. However, it is evident that the behavior cloning model is a good explorer,
and we are seeing the effects of that in its superiority of any of the RRT exploration
algorithms.

There are several explanations for this result. First, even though the memory
autoencoder was able to encode and decode memory into vectors, this is only a useful
result for understanding where the player is at now. The proposed way to create a
goal vector (mutating the vectorized memory state with the same distribution as the
current memory vector), evidently is not a good way to select a goal state. As stated
earlier, a key goal of scaling up turbocharging was to remove the need for source code
access, and yet here we have evidence that removing source code access has removed
the ability to know what a reasonable future memory state could be, since there is no
way to explicitly create a future memory state. If I had source code access, I could write
a mechanism that extracts precisely where Mario is at any given time, and correctly
modify key gameplay information such that it correctly represents a goal state.

A second weakness discovered is the granularity of actions executed in the
emulator: they are not representative of the buttons pressed by a person. In Minigrid,
it is very clear that pressing a single key (e.g. the right arrow) will move the player
character one square to the right. There is no ambiguity in that movement. In SMW,

however, there is great ambiguity in methods of moving Mario. A person has near
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infinite combinations of holding down buttons for any amount of time, and still get the
same result of moving 5 squares to the right. Complicating this action selection are
the advanced gameplay mechanics behind moving: holding down any combination of
buttons changes how Mario moves even though the end result is the same, and further
how Mario moves is a key gameplay mechanic that players can experience (spin jumping,
normal jump, short hop, dismount hop, etc.). Because of the gameplay complexity in
movement, simply predicting a button press combination without having extremely fine
control on how long to hold each button compromises how effective the executed actions
are at navigating the game space.

A third, and final, identified weakness in scaling up is the representation of
the game state, and finding differences in the game state from RAM snapshots. A
key assumption in the usage of vectors as game state representations is that vectors
that have closeness in binary difference are actually close in experienced game content.
This is unfortunately an under-estimation of closeness because there are many other
mechanical parts of RAM that control unseen mechanics that change every frame, but
do not actually change the gameplay experience. These mechanics are counters, sound
buffers, color palette buffers, and other things that govern mechanical operations but not
gameplay operations. Therefore, even though a single frame of gameplay has advanced,
the changes in the vector may be so great that any differences detected in vectorized
RAM is spurious.

Figures 6.9(a) and 6.9(b) demonstrate that in games where a critical game-

play flaw was unintentionally introduced, there are significant changes in how effective
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exploration was for all algorithms. Any RRT algorithm plateaued at 100 tiles, and even
the effective Behavior Cloning failed to explore as well as it did for any other game
version. Although RRT + behavior cloning failed to explore well, this graph can be
used to potentially determine critical gameplay problems introduced in an incremental

change.
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Figure 6.4: The Turbocharger NN learns how to predict a button press distribution
given a current RAM vector and goal RAM vector. Doing so, we can imitate how a
player moves around a playable space since we save branches of gameplay that contain
starting and ending RAM states.
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Figure 6.5: Previews of the 4 incremental versions of Super Mario World, as well as
an unmodified Super Mario World level. From top to bottom, they are: Unmodified,
Banzai 1, Banzai 2, Impossible, and Trivial.
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Figure 6.6: Behavior cloning clearly dominates in exploration quality, showing that RRT
was actually a hindrance to exploration.
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Figure 6.7: In unmodified Super Mario World, an exploration agent that acts like a

human player (but not replaying button presses) explores better than what a person
did in far less time.
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Figure 6.8: RRT with goal-aware action selection produces inferior exploration quality
compared to cloning the player behavior at specific game states. Weaknesses in game
state representation and action selection are becoming apparent.
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Figure 6.9: When egregious game design changes are introduced, we see a wall in

exploration hit by all exploration techniques. Note that player behavior cloning still
out-performs all other exploration techniques.
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Chapter 7

Conclusion

While a lot has been achieved in the scope of this disseration, it is clear that a
lot of research avenues have been opened. While it would be (now) incorrect to say that
industry has ignored much of the academic work in automated playtesting, I would like
to share some paths of research that I believe could yield fruitful progress.

Getting information out of a game to understand what is going on in it is
deviously difficult and complex. Games are designed to be understandable so players
can imagine themselves in game as capable of taking steps towards goals in another
location. It is very easy to underestimate the challenge of representing game states as
locations in intuitive space because of this intuition. Humans win games against humans
because they understand the state of the game better than their opponents. And, right
now, the Als that best understand the state of the game use that knowledge to find the
best ways to win, which is a single goal. There remains a body of work to translate a

game’s understanding into discovery algorithms, where winning is only one goal among
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many.

Any tool that does automated playtesting should resemble a spellchecker, not
an MRI machine. We want tired and busy developers to catch gameplay bugs quickly
without getting distracted. We should be willing to accept a lot of inaccuracy in our
system’s reports so long as those reports get to the developer in a timely and appropriate
manner. Things that are lightweight, less accurate but deliver even a little amount of

actionable feedback should be pursued in lieu of perfect testing tools.
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Appendix A

Code Artifacts

All source code and project data (including modified game roms and gameplay
traces) for Reveal-More, Differentia, and Turbocharger can be found in the following

repositories:

e Reveal-More:

https://bitbucket.org/kenneth_chang/reveal-more-redux/src/master/

e Differentia:

https://bitbucket.org/kenneth_chang/whatifyoucoulddiff/src/master/

e Turbocharger:

https://bitbucket.org/kenneth_chang/turbocharger/src/master/
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