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Abstract

Procedural generation has been applied to many kinds of
game content including levels, puzzles and narrative. Al-
though PCG researchers have tackled the generation of rules
and mechanics, these systems typically operate on bespoke
codebases designed for mechanic invention tasks. In this pa-
per we present Pixie, a system for generating and testing
game mechanics that can be installed in any Unity project
and configured using a simple annotation process to focus its
scope and objectives. We describe the system’s design and
operation, demonstrate its ability to generate mechanics for
several open-source Unity games, and provide an initial dis-
cussion of developer perspectives on the content it generates
and its usefulness as a design companion.

Introduction

Procedural generation has been used to assist with or auto-
mate the creation of many different kinds of game content,
from forests and particle systems, through to narratives, boss
behaviours and even entire game designs (IDV 2002; Mateas
and Stern 2003; Butler, Siu, and Zook 2017; Summerville
et al. 2018). Many of the most popular games of the 21st
Century incorporate procedural generation in some way, in-
cluding Minecraft, the best-selling videogame of all time,
and Dwarf Fortress, which along with Minecraft has been
acquired by the Museum of Modern Art in New York (Mo-
jang 2009; Adams and Adams 2006). Procedural generation
is a crucial tool for artists, designers and engineers, and is
applied in many different ways.

Research into new techniques for generating and evaluat-
ing game content is also flourishing, but the application of
these new ideas is unevenly distributed across different parts
of the game development process. One area which has seen
little application is in the design of game systems, mechanics
or rulesets — what we might consider the ‘logic’ of the game
that governs how different elements respond to the player, or
each other, during play.

One limitation on the use of Al in this context is that most
videogames are unique in some way, from the high-level
conceptual space they work in to the low-level implementa-
tion of individual features. Other kinds of game content are
less affected by this because they are abstracted assets or use
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portable data formats. For example, SpeedTree is an indus-
try standard procedural modelling tool for trees and plants,
used in a variety of AAA games (IDV 2002). It exports to
file formats including FBX and OBJ, which are supported
by most industry standard tools, game engines and graphics
pipelines. This allows generative tools like SpeedTree to be
developed independently from any specific game design or
engine, and then connected to a development pipeline.

Some game content exists in a grey area between univer-
sal compatibility and bespoke implementation. Level gen-
eration (or any generation of physical spaces where game-
play takes place) is one of the most popular uses of pro-
cedural generation, despite the fact that most game spaces
or levels will include elements that are unique to a particu-
lar game. For example, the first level in Super Mario Bros.
includes Goomba enemies, boxes that can be bumped into
to reveal powerups, secret pipes that can be entered, all of
which have a unique role within the game’s design that will
not be present in any other game. However, game levels of-
ten have shared conceptual cores that can be abstracted out,
resulting in techniques (and sometimes tools) that are appli-
cable to many different games (Lindeijer 2008). Many pop-
ular techniques for generating levels focus on the physical
structure of a world represented as a grid or a graph of con-
nected modules or tiles, and are agnostic about the function
of game elements such as enemies, collectibles or objectives.

In this paper, we consider the problem of generating me-
chanics or systems within a game. While research exists in
this space, it has largely focused on bespoke games made as
research platforms (Cook et al. 2013; Zook and Riedl 2014;
Guzdial et al. 2019). This is important to allow researchers
to effectively test techniques in a controlled environment,
but it leaves open the question of how game developers can
adapt such techniques to their own practice, or how to de-
velop third-party tools that can be easily integrated into an
existing game codebase.

We present Pixie, a plugin for the Unity game develop-
ment environment that can generate, test and evaluate game
code, using computational evolution and metaprogramming
to generate and test code against a given design objective.
Pixie is agnostic to the specific game it is applied to. In-
stead, we use a lightweight system of annotations, reflection
and live code compilation to let the user define how Pixie
interfaces with the game, where it inserts generated game



mechanics, and how it executes the game for testing. This
allows the user fine-grained control over which parts of the
codebase Pixie has access to, what kinds of code snippets it
generates, and how it evaluates success. We demonstrate this
by showing results of applying Pixie to several open-source
games made by other developers, and report on a short sur-
vey of game developers to provide an initial sense of how
Pixie’s outputs are perceived. Finally, we reflect on the im-
plications and limitations of this system, and its position in
the current Al landscape.

Background and Related Work
Generation of Game Mechanics

The definition of ‘game mechanic’ is not exact, and aca-
demic attempts to define it have had mixed success. We do
not intend to fix an objective definition of the term here, but
for the purposes of this paper we consider a game mechanic
to be any subsystem within a game which has some in-world
impact on the game state, and in turn affects the player’s
behaviour. Game mechanics are often spoken about as self-
contained concepts; for example, planting seeds in Stardew
Valley is a mechanic. However, mechanics are often grouped
together into higher-level systems, in that we might describe
Stardew Valley’s crop farming as a mechanic as well. For
the purposes of this paper, we are interested in smaller-scale
mechanics that can be described in tens of lines of code.
Generation of game mechanics has a small but signifi-
cant history in procedural generation research. Early work
by (Nelson and Mateas 2007) in automated game design fo-
cused on the recombination of fixed game mechanics, with
(Treanor et al. 2012) further exploring this to use fragments
of mechanics that could be combined to make mechanics
with an intended interpretation. Game mechanic generation
has a close connection to automated game design for a few
reasons. Culturally, ‘game design’ is often spoken of as be-
ing chiefly concerned with systemic design and the design
of mechanics (Cook and Smith 2015). Our prior research
into automated game design includes a system for generat-
ing one-button game mechanics (Cook et al. 2013), while
more recently GEMINI by (Summerville et al. 2018) was a
mechanics-first automated game designer that extended Tre-
anor’s research into meaning by enabling bidirectional anal-
ysis of meanings from games, and games from meanings.
In recent years, researchers have looked to machine learn-
ing to augment the generation of game mechanics, primarily
for evaluation: (Poldervaart 2023) uses GO-Explore to test
generated mechanics, while (Gonzalez, Cooper, and Guz-
dial 2023) use reinforcement learning, although neither use
machine learning for the generation of the mechanics them-
selves. While not focused on mechanic generation specifi-
cally, Anjum et al. have explored the use of ChatGPT to gen-
erate parts of a game design, including code for new features
(Anjum et al. 2024). This latter example has some caveats
that separate it from the focus of our work: the LLM did not
have access to the game’s codebase, and its suggestions were
not aiming to solve a specific design issue, nor were they val-
idated for their impact on the game. Rather, the work aims
to explore how useful it is to ask ChatGPT for assistance

207

in implementing ideas. Our approach does not use machine
learning for either generation or testing of game mechanics;
we discuss this later in the paper.

Research and Game Development

The relationship between games research and modern com-
mercial game development is complicated. In 2020 Lai et al.
noted a ‘lack of collaboration and understanding between
academia and industry’ (Lai, Latham, and Leymarie 2020),
a state of affairs which has seen some improvement in the
intervening five years, but is still far from solved. Tracks
for practitioners at events such as AIIDE, startups aimed
at translating game research to the industry, and the very
largest game studios employing R&D specialists all help
bridge the gap. However, translation of research by game
developers appears to still be rare, and happen slowly, and
‘impact’ is often narrowly construed in terms of the biggest
commercial studios (Keogh 2023).

In (Cook 2020) we argue that in order for research in
automated game design (including mechanic generation)
to be properly integrated with modern game development,
there must be a consideration of how games are structured
as software. In particular, researchers must plan how their
research software interfaces with the design of individual
game projects, and find ways for developers (who are un-
likely to be experts in the research) to easily adapt it. We
give examples where small differences in how a basic feature
is implemented might radically change what information or
affordances are available to an Al game design tool.

We suggested that in the future game developers might
need to change their approach to software engineering in or-
der to present interfaces that are more amenable to Al (not
LLM) understanding. However, we also acknowledge that in
the short-term it would be best for researchers to seek solu-
tions that can fit more easily into the way game developers
currently work. This is the approach we take in this paper.

Pixie

Pixie is a plugin written in C# for Unity, one of the most pop-
ular game engines in the world with over 1,500,000 game
developers using the engine monthly. Nothing about Pixie
is specific to the Unity environment, and it could easily be
reimplemented for another engine that met Pixie’s require-
ments for metaprogramming and runtime compilation. We
chose to use Unity as a way to demonstrate its effectiveness
on a popular game engine in use by a diversity of develop-
ers — including us. We discuss wider applications of Pixie in
Limitations and Future Work.

Pixie’s uses search algorithms to generate and test code
snippets that, when integrated into a game’s codebase, max-
imise a user-defined objective function during gameplay. To
achieve this Pixie uses computational evolution, creating a
population of code snippets and compiling them into assem-
blies, then adding them to the game at runtime. The code it
generates, the locations in the game where the code is called,
the scenario it uses for testing and the objective function it is
optimising for are all customisable by the user, often without
writing any code at all. In this section we will walk through
each step of Pixie’s generative process.



Code Annotation

To install Pixie the user first adds our codebase to their Unity
project. Among other things, our codebase adds several code
annotation types which the user can apply to their code. An-
notations are metaprogramming concepts that can label a
piece of code in a way that can be detected programmati-
cally. Unity itself uses annotations to indicate, for example,
that a component requires another component to be present.
An example from the Unity documentation:

1 [RequireComponent (typeof (Rigidbody)) ]
2 public class PlayerScript
MonoBehaviour

Pixie defines five annotations. TargetableMethod,
TargetableProperty and TargetableField can
be applied to methods, properties and fields to explicitly al-
low Pixie to call and reference them in its generated code.
By default, Pixie will not use any part of the game’s code-
base. This is both a security feature (to avoid code being run
or data being modified accidentally) and a design feature, as
it allows the user to specifically target Pixie’s exploration of
the design space. For example:

1 //Can be used by Pixie

2 [TargetableField]

3 public float playerSpeed;

4 //Cannot be used (no annotation)

5 public float uniqueObjectId;

In addition to this there are two modifier annotations.

Clamp can be applied to targetable class fields of numeric
types and allows the user to specify a range for the value
of the field. This is used when creating object specifications;
Pixie will initially set the field’s value to be within the speci-
fied bounds. The other annotation, FieldExtension, al-
lows the user to explicitly add access to certain fields-of-
fields that should not generally be accessed by Pixie. For ex-
ample, if we wanted the x and y components of the player’s
velocity to be accessible, but not allow access to these fields
on Vector?2 types generally, we can add an exception for
the player:

1 [TargetableField]
2 [FieldExtension ("x", "y")
3 public Vector2 velocity;

The user can add annotations throughout their codebase to
set up an experiment with Pixie. They do not affect the nor-
mal execution of the game in any way.

Scenario Configuration

In order to test a generated code snippet, the user must spec-
ify where in the codebase it will be called. They do this by
adding hooks to their codebase wherever they would want
the generated code to be run. At runtime it is not possible to
dynamically insert code into a script that has already been
compiled; however Pixie can write, compile and execute as-
semblies — smaller, self-contained chunks of code — and call
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them in response to hook invocations. This is how Pixie dy-
namically swaps code in and out of a codebase at runtime.
The hook acts as an abstract interface which allows the game
to make calls to code which just been generated. For exam-
ple, if we want to generate some code to execute when a
collision occurs, we can insert a hook:

1 public void OnCollisionEnter (Collider2D
other) {
2 hook.callback ("hitSomething",
object[] {this, other});

new

In the above example, hook is a local field to this class,
which has registered itself with Pixie. The call passes two
arguments: the name of the hook, and an array of objects
that act as parameters to the hook. These will match up with
specifications the user passes to Pixie, described later in this
section. The user can define a hook to take as many or as few
objects as they like: more objects provides Pixie with more
options for its generated code, which can have advantages
and drawbacks.

Finally, the user must configure a test scene in which the
code will be executed. This is dependent on the game and
the designer’s goals, and can range from a full playout of a
game session, to what we call a ‘flashtest’ of a single mo-
ment of gameplay. We describe how some of these scenarios
are set up later in this paper. The only requirements for the
test scene is that it must be able to launch without any other
context (e.g. if it requires other scenes to be loaded, it must
do so itself), and that running the scene must not modify the
game permanently. In all of our example cases, the test scene
is simply a real scene from the game, with a small modified
script to trigger an automatic playout. We discuss this re-
quirement later in the paper, but an ‘automatic playout’ can
be as complex or as simple as needed.

Evolutionary Setup

So far the user has labelled parts of their codebase for use by
Pixie, set up a test level in their game with automatic play-
outs, and defined points in their code where they call ‘hooks’
for code generated by Pixie. The next step is to define the
evolutionary process by adding two new files to Pixie— a run
specification file, and a root file.

Run Specification A run specification allows the user to
execute code before and after a playtest, and to describe how
to evaluate the outcome of a playtest session. The evaluation
function defines the objective that drives Pixie’s evolution-
ary system. Examples of objectives might be the distance
between two objects (for example, the player and an exit);
a performance metric such as score or how long the player
survived; or a higher-level metric unique to the playtests —
in one of our later case studies we measure how much the
player is forced to move around, encouraging Pixie to de-
sign a scenario that creates moving dangers.

Run specifications can be very simple, consisting of just
a few lines of code for a score function and nothing else.
Methods for setting up and tearing down playtests are use-
ful for running more complex tests. In our Dodgeball case



study, each playtest is run six times, and in three of the runs
the specification file modifies the playtest agent to play at a
lower skill level. This allows us to base a score around the
difference between two player archetypes, for example.

Root File The root file is the entry point for running Pixie.
At a minimum, it configures Pixie by passing it a run spec-
ification, and then passes it a series of hook specifications
which define the type signatures of the code snippets Pixie
will generate. Any hook that is called in the game’s codebase
but not defined in the root file will be ignored.

The root file can also provide Pixie access to methods and
fields that cannot be labelled manually. Unity is a closed-
source game engine, meaning we cannot annotate some parts
of the engine code, including critical data such as object
sizes and positions; and the state of physics objects. The user
can explicitly reference these in the root file, essentially act-
ing as a kind of promise to Pixie that such methods and fields
exist and can be referenced.

The root file is also used to list ‘prefabs’, a pre-defined
specification for a type of game object that Pixie can create
through its code. Since there is no way to ‘annotate’ a prefab
object in Unity and we do not want to force the user to move
or duplicate objects in the game’s project, we instead simply
reference them in the root file and tell Pixie their type so it
can instantiate them in its generated code. Below is another
snippet from our examples:

1 AddPrefab (typeof (Ball),
_ballPrefab");

"BreakoutMain.

This tells Pixie that an object of type Ball exists to be in-
stantiated, and how to reference it. Examples of root files
and run specifications for some of our case studies can be
found online, in a Github gist!.

At this point the user has annotated their code, configured
a test scenario, and added setup information into a root file
that specifies what code to generate, what data can be used
in that code, and provided a run specification that describes
how to test the code. Pixie can now be run.

Evolutionary Search

Code Generation Pixie works using a single-population
evolutionary search process, where a population member is
a set of hooks, or code segments, one for each of the hook
specifications defined in the root file. The initial population
is randomly generated. To randomly generate a hook, we
first collect a scope for the hook, based on statically available
methods, fields and properties (including user-tagged items,
and arguments passed to the hook). We walk over the code-
base and use reflection to inspect methods, fields and prop-
erties to find annotated examples to add to the scope, and
then combine it with any explicitly added references from
the root file. In the current version of Pixie hooks are always
void - they do not return anything.

We then generate a number of lines of code, randomly
chosen between pre-set minimum and maximum numbers

"https://gist.github.com/gamesbyangelina
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(2 and 6 used for the examples in this paper). Lines can
currently be variable declarations (creating new local vari-
ables), method invocations or assignments. This is based on
an assessment of game mechanic examples and their im-
plementations, to cover a large space of solutions (with ac-
knowledgement of a need to expand the space in future).
Whenever an expression of a particular type is required,
Pixie can select from methods and fields in scope, predefined
static values and a set of default values to create expressions
of that type. For example, if we were to assign a value to an
object’s speed variable, some of the (many) ways we could
generate an expression of type Float would be:

» Referencing the static field Physics2D.gravity
that was added in the root file.

» Referencing the local field varl that was declared by
Pixie on an earlier line in this hook.

* Invoking the method Mathf .Min (float, float)
which would trigger two further expressions of type Float
to be generated.

* Directly using a prepared primitive value of 1.1f.

For recursive calls, such as method invocations which re-
quire further expressions to be generated, we can put a cap
on how many times Pixie is allowed to recurse, which limits
the length of lines. We cap this at 2 in our examples, as we
found even this number can result in very long lines of code.
For predefined default values, we currently have a range of
values for each type. These are chosen to provide variety
without being overly broad. For example, Float primitives
can be one of -10, -1, 0, 0.5, 0.9, 1, 1.1, 2 and 10. We be-
lieve this should be customisable by the user, however, and
note it as a point of future work. We also believe that giving
Pixie the freedom to adjust these specific values as part of a
second fine-tuning evolutionary search would be useful for
certain games. However, we want to emphasise Pixie as a
tool for design space exploration and inspiration rather than
fine-tuned optimisation.

Generated code is stored in a semi-abstract data structure
called a code element, approximately equivalent to a single
line of code. This allows us to store metadata about the line
of code and will allow us to extend the system in the future,
for example to enable swapping parts of a line out more eas-
ily during mutation or crossover.

We discuss the benefits and limitations of our approach
later in this paper, however the specific mechanisms by
which we generate code are not the main contribution of our
work. The important aspect of this subsystem is how Pixie’s
overall design enables it to be easily configured by a user
and remain well-behaved: the annotation and reflection sys-
tem allows the user to carefully prune its scope, while the
hook interface ensures the code is only called in an appro-
priate context.

Computational Evolution Once a population has been
generated, Pixie proceeds with the core of the evolution-
ary algorithm. For each generation, Pixie iterates through
the population and for each genotype compiles the hooks’
code into assemblies using the C# compiler at runtime. The
assemblies are then attached to their hooks so that when the



game calls a hook it executes the newly compiled assembly.
Pixie then runs playouts using the setup described in the run
specification file. When the playouts are completed it uses
the run specification to calculate a final score for the popu-
lation member, which it records on the genotype.

At the end of a generation we sort the population by score.
To create the next generation, we take the highest-scoring
member from the previous generation and, if elitism is en-
abled, add it to the new population (we used elitism for all
of the case studies in this paper). We then add two mutations
of this genotype. Finally, we add two newly-generated mem-
bers to improve diversity. This process then repeats with the
second highest-scoring member and so on, until the size of
the new population reaches a set limit, at which point we re-
peat the evaluation process. Our case study population sizes
were kept around 15-20, for 8-10 generations.

Mutation of a genotype works as follows: first, we ran-
domly select one hook from the genotype’s set of hooks.
Then we pick a random line in the hook’s code. All of the
lines before this point are kept unchanged; the selected line
and those after it are regenerated. This ensures the scope re-
mains consistent, in case a variable is declared on a line and
then referenced later. Evolution proceeds for a fixed num-
ber of generations, it does not terminate based on fitness or
genetic diversity. This is to ensure the developer has a good
estimate for how long the process will take, since they also
set the maximum duration of each playout. At the end, all
members of the final population are written to files, and la-
belled according to their score.

Case Studies

Pixie is best understood through worked examples, due to
the complexity of the system’s internal wiring and the ab-
stract nature of its design. In this section we walk through
five case studies in varying levels of detail. Two of the case
studies were used during Pixie’s development and testing,
three were used after the version of the system described
here was complete. Videos of mechanics from all five case
studies can be found online.?

In-Development Case Studies

During its development, Pixie was tested on two open-
source Unity games that were not written by the authors.
These games were released as part of a tool called Squeezer
(Johansen, Pichlmair, and Risi 2021), a research project led
by a researcher with a lot of experience as a game de-
veloper. Both games were rapidly implemented to demon-
strate Squeezer, which made them good examples of ‘natu-
ral’ videogame codebases that were not made for a specific
research purpose. One of these was a clone of Breakout, an
arcade game from 1979, while the other was a casual action
game which we refer to as Dodgeball.

Breakout Breakout’s game logic is mainly contained in
component scripts attached to the ball and the pad (or bat)
that the player controls. We labelled a range of fields includ-
ing the acceleration and velocity of the ball, the maximum

“https://www.possibilityspace.org/pixie
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speed of the ball, the score gained per brick broken, and a
method to increase the player’s score. We wrote a very sim-
ple autoplayer that moves left and right to always track the
ball — this is a ‘perfect’ player, in the sense that it never loses
the ball in ordinary circumstances, although it is not the most
efficient as it does not try to aim the ball at remaining bricks.

We added three hooks to the game, called when the ball
hits either a brick, the screen edge, or the pad. These were
all inserted into existing logic within the game. We then
ran two experiments with different objective functions: one
where the objective was to maximise the player’s score, and
another where the objective was to minimise it. The moti-
vation here was to discover new potential powerups, items
that sometimes fall from broken bricks and change the game
rules temporarily if the player collects them.

For score maximisation, experiments yielded a range of
suggestions. Pixie would commonly suggest code that re-
warded the player with extra points for breaking a brick.
These solutions might be considered ‘reward hacking’, as
Pixie is directly adjusting its success metric, although they
could also be considered similar to a score multiplier. We
removed the annotations on the score functions to refocus
the search. Pixie also suggested a powerup that increases
the size of the ball each time it hits a brick. This is an in-
teresting and unusual suggestion, with an obvious flaw: at
some point the size increase is enough to trigger hitting a
new brick, which triggers another size change. This chain
reaction clears the remainder of the board. This is a good
example of how Pixie’s suggestions can be interesting and
unusual, but also require human tweaking to constrain them
or turn them into something balanced for the game.

Pixie also suggested a solution which extended the brick-
ball collision logic, reflecting the ball’s velocity in the y-
axis. This is similar to the logic that is already in place for
hitting a brick, effectively reflecting the ball’s velocity twice,
meaning it continues moving in the same direction after hit-
ting a brick. This means it doesn’t return to the pad until
it hits the ceiling, and so keeps hitting more bricks, result-
ing in a higher score. Interestingly, a very similar powerup
to this exists in most implementations of Breakout, where
the ball is able to break bricks and keep moving in the same
direction. In computational creativity research, this kind of
reinvention of existing concepts is seen as a positive sign for
the expressivity of a system (Ritchie 2007).

For score minimisation, Pixie’s most common result was
a solution which made the ball smaller each time it hit a
brick or a wall. This solution meets the objective because the
smaller ball is less likely to hit bricks, which makes the Al
player score lower on average. However, for real human play
it would be effective also because it makes the ball harder
to see and keep track of. This highlights how the mismatch
between automatic evaluation and human playtesting can
result in unexpected outcomes or insights into the game’s
design — as well as results which are entertaining to watch
emerge as a user of Pixie.

Dodgeball Dodgeball is an arcade game inspired by an
existing independent videogame, in which the player runs
around a room dodging balls. Periodically new balls spawn



in the middle of the screen and move and bounce around the
room. In the full game there are many different kinds of ball
with different behaviours (moving at different speeds, track-
ing the player, and so on). The key components of the game
code are the player themselves, the game manager script
that spawns balls, and the script governing basic ball move-
ment and behaviour. We attached annotations to the player’s
movement speed, the logic for spawning balls, and ball prop-
erties such as how long they stay still at the beginning before
moving, or how fast they move.

This case study leverages Pixie’s ability to generate and
instantiate objects. We added two new ball types with no
special behaviour — a football and a tennis ball. In our test
level every fourth ball spawned is a football which has a
hook attached to it that is called when it bounces off a wall.
The tennis ball is not spawned by default, but Pixie can de-
fine its properties and spawn it in its generated code. In ad-
dition to the hook within the footballs, we also added a hook
which is called once when a level begins, which allows Pixie
to add extra logic to spawn objects at the beginning.

The autoplayer for Dodgeball is more complicated than
our other case studies. It calculates a repulsive force between
the player and every ball on the screen, attenuated by the
distance between the two. The player then moves in a direc-
tion given by the overall force, with a slight pull towards the
center of the level. In addition to this, we added a variant of
the autoplayer that adds a delay of a few frames between its
decision to act and sending the action. This allows us to sim-
ulate slower reaction times and compare players. This level
of autoplay optimisation requires more specialist knowledge
about Al game playing — we discuss this later in the paper.

In all of our experiments with Dodgeball, we were inter-
ested in designing a new kind of ball to change the nature of
the challenge for the player. We ran three experiments in to-
tal. In the first we set the objective function to maximise the
difference in survival times between the two player types;
the difference between a ‘good’ player and a bad one. As
expected, Pixie’s solutions to this generally make the game
straightforwardly harder. Balls which cause other balls to
spawn when they hit the wall was common, as was a solution
which makes balls bigger when they bounce off walls.

In the second experiment the objective function aimed to
minimise the difference in performance, which yielded more
interesting, albeit extreme results. To minimise the perfor-
mance difference Pixie can either make the game easier, in
which case both agents are likely to reach the time limit
alive, or make it so hard that both players die instantly. Pixie
found both of these types of solution. In one, it spawns a
huge amount of balls at the beginning of the level, com-
pletely overwhelming both players. In another solution, it
makes balls teleport outside of the level when they hit the
wall, removing them from play. This is arguably overfitting,
however making the game easier is certainly one way to
achieve a narrower skill gap.

Our third experiment involved a modification to the run
specification so that it gathered information on the player’s
position during play. We split the level space into a 5x5 grid,
and marked grid segments as the player entered them for the
first time. The objective function for this experiment was to
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maximise the total number of grid segments the player en-
ters. Pixie’s solution to this was to create footballs which
move at a normal speed, but spawn very slow-moving tennis
balls when they hit walls. Over time, this fills the screen with
slow-moving obstacles, which made it easy for the player
to dodge but required them to move around the level a lot
more to find safe paths out of the way of the faster-moving
footballs. This solution struck us as innovative and unusual,
and is dissimilar to anything in the original game. It also
demonstrates how objective functions can drive less straight-
forward behaviour than simply good or bad performance.

Follow-Up Case Studies

After developing Pixie’s core features, we performed a
follow-up study using open-source games. We found these
projects by searching itch.io and GitHub for open-source
games made in Unity. These included games made for game
jams and as personal projects. We used three games: Grav-
ity Golf?, a clone of Arkanoid* (similar to Breakout) and a
clone of Vampire Survivors’. As we are limited on space, we
omit the full details of our case studies here, but will sum-
marise some of the important details and observations.

Gravity Golf is a one-button golf game where the player
can flip gravity and must guide a golf ball into a hole. Our
experiment with this game involved a ‘flashtest’ rather than
an automatic Al player — we wrote a script that performed
specific actions at specific times, including clicking a sec-
ond button (which called a Pixie hook). With no hook, this
sequence of actions would not solve the level. We then asked
Pixie to evolve a hook, with the objective function scoring
how close the ball was to the hole, effectively asking the sys-
tem to invent a new button the player could press that would
let them solve the level in a different way.

Its solutions took advantage of specific features within the
level we were testing it on, which could have been adapted
into fuller mechanics. In one solution, pressing the second
button inflated the ball’s size temporarily, which caused it
to press against the edge of the level and roll horizontally,
which provided enough momentum to move it towards the
goal. In another solution, the button accelerates the ball
slightly away from the goal, but this causes it to drop down
onto a sloped tile, giving it enough velocity to roll back and
complete the level. This shows that flashtests can be effective
for finding new concepts, in the absence of a more compli-
cated autoplayer.

Arkanoid is named after the 1986 NES game of the same
name, but is an unaffiliated reimplementation of the game
by an independent developer. We included this example to
show that two different implementations of the same game
can yield different results. We wrote a similar autoplayer to
the Breakout example earlier that tracks the ball perfectly,
and used the same objective as with Breakout, optimising
for score. Pixie invented some similar mechanics, including
increasing the size of the ball, as well as some different me-
chanics which caused the ball to reset near the center of the

3https://github.com/HarmonyHoney/Gravity-Golf-GMTK2018
“https://github.com/sphynx/arkanoid/
Shttps://github.com/matthiasbroske/VampireSurvivorsClone



screen while retaining its velocity.

The size increase mechanic differed to the one discovered
for Breakout. A key difference in the Arkanoid project is
the use of Unity Tilemaps for the bricks with a shared col-
lider, whereas the Breakout project uses individual objects
which have their own collider. This has the effect of chang-
ing how and when a collision event is sent by the game. In
normal play both approaches behave identically, however if
the ball is big enough to touch two or more bricks at once,
the Tilemap collider will not detect subsequent collisions.
This meant that growing the ball in Arkanoid still increases
score, but if the ball gets too large it will stop detecting colli-
sions altogether. Pixie’s solution involved increasing the ball
size only when it hits a wall, rather than a brick — something
which happens less often, which puts an upper limit on the
size of the ball. This gained the benefits of the bigger ball,
without making it so large that it softlocked the test.

Vampire Survivors is a casual action-RPG where the
player primarily controls movement and upgrade decisions,
but not combat abilities. This case study uses an open-source
clone of the game’s basic features, using Creative Commons
art. This is by far the most complex codebase in our case
studies, containing hundreds of classes and a complex inher-
itance structure. We set up an autoplayer similar to Dodge-
ball’s, based on vector forces pushing the player away from
obstacles. We created a blank weapon template and attached
hooks to three methods: one for when the weapon fires, one
for when it creates a projectile, and one for when a projectile
hits an enemy. The objective function optimised for a mix of
kills, time survived for, and the player’s remaining health.

Pixie was able to invent interesting categories of weapon
behaviour, but struggled to innovate in certain areas such
as patterns of shot or reactive abilities. This is partly due
to a lack of library functions for reacting or responding to
these events, but also speaks to a need for more complex
code generation (such as loops and conditionals). We be-
lieve this example reinforces our claim that specific software
engineering choices can help support automated systems in
writing better code (Cook 2020). Pixie’s suggested weapons
include a gun whose bullets do low damage but very high
knockback, which forces enemies away and creates a lot of
space; and a weapon which launches the player backwards,
akin to extreme recoil. Pixie struggled to find middleground
weapons that killed enemies, partly because the code’s soft-
ware structure made properties such as weapon damage very
hard to access.

Initial Assessments of Generated Mechanics

Evaluating automated game design research is difficult, not
least because evaluating human game design is subjective
and something we struggle to do. Evaluation also raises the
question of what the goal of automated game design research
is. A productivity-focused argument might be that such sys-
tems should aim to match or exceed human performance
in a task such as mechanic invention. For this project, our
personal goals were to develop a system that is easy for
non-experts to configure and apply; easy to attach to unseen
codebases engineered in different ways; and able to find so-
lutions to design challenges that are inferesting, unusual or
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different. Productivity or human competition is not a con-
cern for us, compared to expressiveness or playfulness for
designers of all kinds.

We are currently planning a user study to assess how easy
developers find Pixie to use, using set tasks and interviews.
In this paper, in addition to providing an account of our
development process and case studies, we also surveyed a
small group of developers to assess their response to some
of Pixie’s outputs. This is not how Pixie would normally be
used, since our participants did not use Pixie, did not make
the game it was being applied to, and could not play the out-
puts. However we were curious whether developers would
consider Pixie’s outputs usable or interesting even in theory.

We surveyed 17 participants®, all self-identified as game
developers, recruited from online developer communities.
We showed them clips of two games being played without
modification — Breakout and Dodgeball. We then showed
them four clips of each game, two using human-designed
mechanics and two using mechanics designed by Pixie (ran-
domly ordered). We identified the origins of each, and made
it clear we were not comparing the performance of Al and
human designers. For each mechanic we asked if it was sur-
prising, if it was successful at achieving the stated goal, and
if it was clearly understandable. For the Al-generated me-
chanics we additionally asked if it could be used in a game
in its current form, and whether the participant could think
of a way to improve it. The mechanics shown were the ones
described in the Case Studies section above.

Our hypothesis was that developers would find the Al-
generated mechanics more unusual than human-designed
mechanics, but also less usable without editing and poten-
tially harder to understand. Results can be seen in Figure 1.
For Breakout, both generated mechanics were rated as more
surprising or unusual than the human-authored mechanics,
a statistically significant difference (statistical significance
thresholds were adjusted using a Bonferroni correction). For
Dodgeball, the human-authored mechanics were rated as
slightly more surprising, however this was not statistically
significant. Interestingly, while the generated Breakout me-
chanics were rated as less clear and successful, the generated
Dodgeball mechanics were rated as equally or slightly more
clear/successful. This difference is also reflected in the ex-
tension questions: the more surprising Breakout mechanics
were rated as less usable, compared to the less surprising
(but more successful) Dodgeball mechanics.

One factor that may have influenced this is familiarity.
All participants stated they had played Breakout or a similar
game before, but three participants had not played Dodge-
ball before, and two were not sure. Dodgeball’s mechanics
were also aimed at making the game harder, which may be
harder to assess than making the game easier, which Break-
out’s mechanics focused on. These mechanics were picked
by the authors from several runs of the system (although
all runs resulted in mechanics that solved the problem and
that we would have been happy to include). Human-authored
mechanics were picked in part based on existing mechanics
implemented in the sample games. Our intention here is not

®King’s College London ethics reg. MRA-24/25-49607



Game, Source (Mechanic) Surprise Success Clarity Usability | Fixability
HB1: Breakout, Human (Passthrough) 1.71 (0.89) | 4.76 (0.55) | 4.82 (0.51) N/A N/A
HB2: Breakout, Human (Bullets) 2.65 (1.13) | 4.71 (0.46) | 4.76 (0.73) N/A N/A
GB1: Breakout, Generated (Grow) 3.94 (1.06) | 4.29 (0.75) | 4.71 (0.46) | 2.12(1.18) | 4.35(0.84)
GB2: Breakout, Generated (Reflect) 3.88 (1.08) | 4.18 (0.98) | 3.18 (1.25) | 2.71 (1.13) | 3.71 (1.02)
HD1: Dodgeball, Human (Large Tracker) | 3.24 (1.0) 4.18 (1.1) | 4.35(1.13) N/A N/A
HD2: Dodgeball, Human (Wall Trackers) | 3.06 (1.0) | 2.65(0.97) | 4.65 (0.76) N/A N/A
GD1: Dodgeball, Generated (Scale Up) 2.82 (1.25) | 4.65(0.48) | 4.76 (0.42) | 3.82 (1.15) | 3.82(0.78)
GD2: Dodgeball, Generated (Spawner) 2.35(1.03) | 4.71 (0.57) | 4.12(1.02) | 3.41(1.29) | 3.59 (0.97)

Figure 1: Results from a survey of game developers. All ratings are from 17 participants, on a 1-5 scale.

Standard deviation

figures are in brackets. Questions 4 and 5 were only asked for generated mechanics.

to draw strong conclusions about Pixie’s capability or us-
ability, and we report these results mainly for completeness
of this initial paper and to provide another perspective on
the system’s current state. However these results are encour-
aging and a positive sign for us — in conjunction with the
case studies, we believe it shows Pixie is moving in a good
direction as a research project.

Limitations and Future Work
Demands on the User

Our primary goal with Pixie was to explore ways that me-
chanic generation tools and automated game designers could
be attached to unseen game codebases with little specific
Al expertise. Some aspects of Pixie succeed at this very
well, such as the annotation framework. There are two areas
where more work remains to be done: the objective function,
and the design of autoplaying test levels.

Objective functions are difficult to write even for expe-
rienced Al researchers, especially given the unpredictable
ways in which AI can optimise for goals. Besides provid-
ing good tutorial resources with Pixie, one point of future
work is the inclusion of a [Goal] annotation that can be
attached to a field (or fields) in the codebase. Adding a
[Goal (MAXIMISE) ] tag to a numerical field, for exam-
ple, will result in Pixie interpreting it as a simple objective
function to increase the value of this field by the end of the
playout. This reduces the amount of code being written, and
simplifies the concept of an objective function — with the ac-
knowledgement that it also reduces the richness of outcomes
possible.

Designing test levels is also a challenge, as some of our
richest examples use a simple Al to play the game auto-
matically. This is difficult for many designers, and for many
games it is a frontier Al research problem. However, as we
have demonstrated in examples such as the Gravity Golf
case study, test levels can involve no autoplayer at all, and
can instead focus on a ‘flashtest’ of a specific moment in
the game. Clearly communicating this to users and explain-
ing how to build more and less complex test levels will help
overcome this. At the same time, we believe that making, ob-
serving and changing objective functions is part of the pro-
cess of working with Pixie, and so we think some friction is
acceptable as long as designers feel there is a creative rich-
ness and expressivity to working with them. This is another
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goal for a future hands-on study.

LLM Code Generation

A natural suggestion for next steps might be to replace the
code generation module with an LLM, such as GitHub Copi-
lot. Such AI models are now seen as a standard tool for
some programmers and are widely used by code synthe-
sis researchers. This is certainly a possible route other re-
searchers may wish to explore; as we state earlier, the exact
method of code synthesis is not critical to Pixie’s operation.
Given the widespread nature of this technology, we thought
it useful to spend some space in the paper explaining our
decision to use other techniques.

First, we are interested in showing what can be achieved
with low-resource, low-cost and no-data approaches. Pixie
runs locally on a laptop or computer, using very little re-
sources. Its code generation in particular has almost zero
computational overhead — it maintains some simple data
structures to keep track of what is in scope, and code is
stored as collections of strings and some metadata types. We
believe that finding efficient and simple solutions to Al prob-
lems is an important contribution research can make, espe-
cially as the climate costs of both the games industry and
the Al industry soar. It is also worth noting the controversial
position LLMs occupy in creative fields currently. New law-
suits are appearing regularly surrounding the way such sys-
tems are trained, and anecdotal evidence suggests that some
game developers forbid the use of LLM-generated code in
projects for both security and IP law reasons (of course some
developers are equally using it liberally).

There is also a broader question of whether LLMs are ef-
fective for exploratory design tasks such as this. One of the
advantages Pixie has is that it has zero preconceptions about
how to generate code. It is as happy to create code which
causes a ball to grow to the size of the screen, wiping out
every brick in sight, as it is to create code which gently ac-
celerates the ball so it hits the bricks faster. Existing studies
of LLMs tackling game design tasks suggest they are some-
what conservative in what they generate (Anjum et al. 2024),
possibly due to having been trained on generic implementa-
tions of popular games.

Finally, there are many questions relating to the role of
automation in the creative industries, and any new tool, par-
ticularly one which automates new or unusual processes like



Pixie, are under greater scrutiny as a potential threat to jobs,
or as tools which disrespect the creative process. We believe
Pixie is interesting because it is messy, because it is flawed
and, above all, because it requires a human user to work with
it. The design of Pixie, from top to bottom, aims to create
something the user feels they can customise, direct and con-
trol. Integrating an LLM into this process runs counter to
this philosophy, if for no other reason than it makes Pixie
dependent on a third-party tool which we have no control
over. In its current state, Pixie relies on nothing more than
Unity itself, and the .NET Standard Framework.

Code Quality

The code generated by Pixie is usually of very poor quality.
Redundant assignments, declaring variables that are never
used, and unnecessary calculations are just some of the
strange things that appear in the code output by the system.
We consider this a feature, not a bug: Pixie is not a code
generator. It is a system which generates code in order to
produce its actual output, which is ideas.

However, especially given our focus on non-expert users,
it may be that some of Pixie’s code is not clear enough for
the user to reimplement themselves, and they may not be
able to implement a game idea simply by seeing it in action.
Therefore it would be useful to add a subsystem to Pixie
in the future that attempts to simplify a code segment. We
have also experimented with evolutionary pressure towards
simpler code segments with fewer expressions and lines of
code, however this has negative impacts on the usability of
the system (as it also affects how objective functions must
be written). This remains an open area for us to explore.

Expressivity

One limitation caused by the way we define run specifica-
tions is that all hooks have access to all annotated fields and
methods. This means it is not possible to evolve two hooks
at once and restrict their access to different kinds of data.
For example, if we were interested in defining an onSpawn
method and a onUpdate method for a creature, we might
want to stop the spawn method from accessing any data out-
side of the creature’s own class. This is not currently possi-
ble with Pixie, and we suspect that expanding the expressiv-
ity of the toolkit would also impact its ease of use. Further
studies with developers will help us understand how impor-
tant this is as a use-case.

There are other edge cases or design patterns that Pixie is
not well-suited for. One of our case studies, Vampire Sur-
vivors, uses a series of object pools to manage enemies,
collectibles and projectiles. Pixie will still try to instantiate
these objects directly, outside of the established patterns of
the project. This is not necessarily a flaw — since our intent is
for Pixie to demonstrate ideas which are then reimplemented
correctly by the user. However, other games might enforce
such design patterns more strictly, making it much harder to
Pixie to generate correct code at all, and thus unable to test
ideas and return results.

Initially we aimed to represent code using a C# abstract
syntax tree, similar to data structures used by compilers. We
were unable to find a third-party implementation of this that
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was also compatible with Unity. Using abstract syntax trees
has many benefits, including making it easier to mutate and
crossover programs, and so this is an important future work
item to expand the expressive capability of the system.

Wider Application

Unity is one of the most popular game development tools in
the world, but we believe the fundamental structure and de-
sign of Pixie can be applied beyond it to any game engine
or codebase. Pixie does depend on some features which not
every programming language will have: it must have some
way of reading annotations or labels at runtime using reflec-
tion, and it must have a way of dynamically compiling or in-
terpreting code at runtime. Even where this is not possible,
workarounds may exist — for example, some fields inside
the Unity API cannot be annotated because they are closed
source, but we were able to provide the user with a way to
label them for Pixie using explicit paths.

We are most interested in applying these techniques to
Godot and PICO-8 next. Godot is rapidly growing as a pop-
ular game engine, and is fully open-source which opens up
exciting new possibilities for integrating tools like this into
the editor directly. It also supports ‘hot reloading’ where
code is recompiled at runtime, which may make implemen-
tation easier. PICO-8 is of interest to us because it is smaller,
lower-resource and has a more limited API. This presents
new challenges and a different design space from a software
engineering standpoint.

Conclusions

In this paper we introduce Pixie, a system for automatically
generating short code snippets that solve small design chal-
lenges. Our goals were twofold: to explore frameworks for
building automated game design tools that are usable by
non-experts, and to establish ways for automated game de-
sign techniques to be applied to unseen codebases. Using
a combination of annotations, metaprogramming, runtime
code compilation and automatic playtesting, Pixie allows
users to set up small, focused experiments with just a few
lines of code, and also allows them to control what parts of
their game are included in the design space.
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