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Abstract

This paper introduces the Procedural Content Generation Bench-
mark for evaluating generative algorithms on different game con-
tent creation tasks. The benchmark comes with 12 game-related
problems with multiple variants on each problem. Problems vary
from creating levels of different kinds to creating rule sets for sim-
ple arcade games. Each problem has its own content representation,
control parameters, and evaluation metrics for quality, diversity,
and controllability. This benchmark is intended as a first step to-
wards a standardized way of comparing generative algorithms. We
use the benchmark to score three baseline algorithms: a random
generator, an evolution strategy, and a genetic algorithm. Results
show that some problems are easier to solve than others, as well
as the impact the chosen objective has on quality, diversity, and
controllability of the generated artifacts.
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1 Introduction

Scientific and technological progress requires reliable means of
measuring the performance of methods and machines. Therefore,
extensive efforts focus on developing tools and techniques for such
measurements within various scientific and engineering fields. In
Artificial Intelligence (AI), benchmarks are crucial to the field: most
Al papers include a comparison with the state of the art on some
benchmark. In Reinforcement Learning (RL) research, Montezuma’s
Revenge (Utopia Software, 1984) and Pitfall! (Activision, 1984) were
two games—among 100 games in the Arcade Learning Environ-
ment [4]—which showcased the problems with deep RL approaches
and pushed researchers to innovate [14]. However, some qualities
are easier to benchmark than others. While an algorithm’s speed
and memory footprint are easily measurable, qualities related to cre-
ative expression are inherently complicated to measure—especially
via automated means. This does not make such benchmarks less
important [20].

While it may be hard to directly measure the creativity of the
output of a software system [45], one can measure the usefulness
of software that forms part of a creative system. Good measures
of usefulness would assess how well the output performs accord-
ing to some functionality measure, how diverse the output is, and
how well the generator can be controlled. Having quantifiable mea-
sures of usefulness allows Al researchers to identify and address
limitations in current algorithms. There are currently very few
benchmarks in Procedural Content Generation (PCG) and gener-
ative Al in games (see Section 2.2). A one-stop framework that
researchers and newcomers can use to explore the generative prob-
lems in games can lead to more rigorous testing protocols that can
change the frontier of PCG research—in the same way that Arcade
Learning Environment changed RL research.

In this paper, we introduce the Procedural Content Generation
Benchmark (PCG Benchmark) which marks the first step towards
standardizing problems in the generative space in games. It offers
a set of problems where researchers can explore different meth-
ods and understand what works and what does not, as well as
an extensible framework for adding further PCG problems. The
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PCG Benchmark comes with 12 problems out of the box, including
the generation of game rules, levels, buildings, word games, and
patterns (see Section 4.1). Every problem has to follow the same
evaluation criteria, using an array of content as input and returning
the success score in terms of quality, diversity, and controllability as
output (see Section 3). Reaching the maximum score on these prob-
lems does not necessitate that challenges in generating content for
this game have all been overcome. It just means that this particular
formulation of the problem with these particular criteria is solved.
We test the framework against three baseline algorithms that follow
the search-based PCG paradigm [53]; results showcase the different
challenges posed by the multi-faceted generative problems already
implemented into the PCG Benchmark.

2 Background

This section takes a brief look at the history of PCG in games and
the benchmarks that have advanced Game Al research.

2.1 Procedural Content Generation in Games

PCG is central to technical games research. Early applications of
PCG in games focused on adding scale and replayability to games
with limited hardware, such as the infinite level layouts of Rogue
(Toy and Wichman, 1980), or the large star systems provided in
Elite (Acornsoft, 1984). In search-based PCG [53], artificial evolution
or similar stochastic optimization methods are used to generate
content that optimizes an evaluation function. Search-based PCG
provides the capacity to generate more complex content while re-
taining functionality guarantees. Some notable examples of search-
based PCG include generating weapons for Galactic Arms Race [22],
generating new level layouts for Super Mario Bros. (Nintendo, 1985)
[48], and generating novel suggestions as a designer assistant tool
[10, 38]. Experience-driven PCG [58] combines the search-based
approach with player models to generate content that elicits a de-
sired experience in the player, such as Super Mario Bros levels [57]
which maximize a diversity metric based on Raph Koster’s theory
of fun [33], or levels which elicit emotional trajectories during play
[39].

Within search-based PCG, quality diversity (QD) evolutionary al-
gorithms [44] can be used to generate a set of high-quality solutions
across a range of behavior metrics to ensure meaningful diversity
in the output [17]. PCG through QD has become a popular method
for generators focused on creativity, such as for generating novel
game levels [5], bullet patterns [29], interesting 2D [34, 37] and 3D
[15] spaceships, and diverse Minecraft (Mojang, 2011) buildings [3].

Perhaps the biggest downside of search-based PCG is the com-
putational cost of content production. PCG via machine learning
(PCGML) [51] instead moves the computational cost to the train-
ing phase, with generally much faster inference. Many examples
of PCGML in games leverage self-supervised learning on existing
game content to learn to generate game levels, e.g. using generative
adversarial networks [56], wave function collapse [32], or computer
vision [21]. But this requires a sufficient amount of game content
to train on. PCG via reinforcement learning (PCGRL) [27] instead
trains RL agents to generate new content based only on rewards,
and can generate new content in an online fashion [57].
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Looking at the evolution of PCG over time [35], we are always
pushing towards using new and novel systems to generate content.
Establishing a standardized and open-sourced approach for evalu-
ating the capabilities of these algorithms ensures transparency and
replicability of results [6]. With the rise of new Al methods [16],
having a comprehensive way to compare large language models
or other generative Al methods to earlier algorithms is crucial. Im-
portantly, an easy-to-use benchmark can act as a teaching tool for
PCG at an undergraduate or graduate level, allowing students to
compare their algorithms’ performance.

2.2 Game Al Benchmarks

AT has a long-standing history of using game-based benchmarks
as a point of comparison between new methods. Chess and Go fa-
mously played a significant role in the development of Al with
the development of DeepBlue [9] and AlphaGo [49] respectively.
The field eventually transitioned to tackle the complexity of dig-
ital games such as the Mario AI benchmark [25] and Starcraft I
(Blizzard, 2011) [55]. Training gameplaying agents via RL [40] has
relied on standardized and readily available benchmarks built on
OpenAI Gym [7] as an easy point of comparison between methods.
A notable example is the Arcade Learning Environment [4], which
consists of over 100 game environments for the Atari 2600 con-
sole spanning a variety of game genres. The development of these
benchmarks was pivotal towards the advancement of gameplaying
AI [40]. Newer gameplaying benchmarks even include a player ex-
perience component [2], targeting more believable and human-like
play.

With the rise of generative Al similar benchmarks are needed to
push toward better methods that can work for games. The history
of PCG research already includes various PCG testbeds and compe-
titions, such as competitions on Super Mario Bros. (Nintendo, 1985)
[23], Generative Design in Minecraft (GDMC) [18, 46], and the level
and rule generation tracks in GVGAI [43]. However, there are cur-
rently no unified benchmarks for PCG which encompass a variety
of problems and facets of content generation. One critical difference
between the benchmarks for PCG and gameplaying is that evaluat-
ing the output of creative systems is often ill-defined, complicated
to measure, and subjective. For example, the GDMC [46] competi-
tion employs human judges to evaluate the submitted algorithms.
This human-centered evaluation cannot scale well and can be influ-
enced by biases [59]. Evaluating the output of generated content is
usually problem-specific due to the huge variety in content types
and representations. Through our benchmark, we aim to provide
a standardized platform for an easier comparison of generators
across a common set of problems.

3 PCG Benchmark

The PCG Benchmark! is an easy-to-use framework that allows
users to evaluate their generative algorithm against a multitude of
generative problems in games. The framework follows the design
concepts of OpenAI Gym [7]: each problem is independent and
has its own representation and evaluation criteria. The framework
provides an evaluation function that can be used to evaluate any
content on three criteria:

Uhttps://github.com/amidos2006/pcg_benchmark
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e Quality measures the percentage of the input content that
passes the quality criteria for the current problem. For exam-
ple, if the problem is generating levels for Mario with quality
criteria of having playable levels and the user provided 100
levels to evaluate, the system will test all the levels, and if
20 levels are playable then the result will be 20%.

o Diversity measures the percentage of the input content that
passes the diversity criteria for the current problem. This
is an important aspect in evaluating any PCG algorithm
as having a generator that generates the same content or
small variants of the same content every time should be
considered a bad generator [11]. For example, if the problem
is generating full games, having a generator providing 100
games where all of them are variants of a block-pushing
game (a-la Sokoban) with just different named objects then
diversity should be low.

o Controllability measures the percentage of the input con-
tent that adheres to some controllability constraints. Control-
lability has to be tested against a control parameter that the
user should provide; such parameters are designer choices
(e.g. the number of enemies in a generated level), rather than
a playability constraint. Without having control parameters
paired with the input content, controllability can not be mea-
sured; the system will always return 0%. Not every generator
needs to be controllable: developers can always create a new
generator for every different problem. However, having a
generator that adapts to target parameters without changing
any of the underlying code makes it easier to use during
production.

Besides these percentages, the benchmark returns additional
details about every artifact in the input. Each artifact receives three
values within [0, 1] that capture how close it is to passing each
criterion (quality, diversity, or controllability). This can be used
as an error function for PCGML, as a reward for PCGRL, or as a
fitness function for search-based PCG (see Section 2.1). Additional,
problem-specific results can also be provided per artifact. For ex-
ample, in the Zelda problem (see Section 4.1), the solution length
and level connectivity are part of the additional information that is
returned per generated level in the input. This additional informa-
tion can help the user to create more complex generators such as
Quality Diversity algorithms [17], using these metrics as behavior
characterizations [41] for the generated content.

The framework also provides two possibility spaces [12], one for
the content and one for the control parameters. These spaces are
designed to be similar to the OpenAI Gym spaces for observations
and actions [7]. Our spaces, however, define the possible values
for both content and control parameters. These two spaces can be
used to sample randomly from, validate if a content or a control
parameter is possible, mix two artifacts probabilistically, change
parts of an artifact randomly, convert an artifact to a flat (string)
representation and back, etc. These functionalities allow users to
build their generators with less friction. For example, a random
generator just samples randomly from the content space and can
keep the best-discovered artifacts. Moreover, access to these spaces
allows the framework to have different representations for each
generative problem: the user must then build their generator to

FDG °25, April 15-18, 2025, Graz, Austria

PCG Benchmark

/Interface Problem \
“
=== -Aray(ey, Aray(pr)-- ||| Sample -[
! ]
'
Y G
]
Quality Function
_q(c‘)_
— (Ci.cj) — _ 5
Generator [— Array(cg, pg) Evaluate ) Diversity Function
- dci) —
— (Ci.pi) — Controllability
+— t(ci,pi) — Function
T Rq Rd. Ry /

Figure 1: The system diagram for the PCG Benchmark that
showcases how to use the framework. First, the Generator
can sample an array of random content (Array(c,)) and an
array of random control parameters (Array(p,)). Then the
Generator returns an array of paired content and control
parameters (Array(cy, pg)) to be evaluated. The system sends
them to the current problem to calculate their values (g(c;)
is the quality value for a content, d(c;,c;) is the diversity
value between two content, and t(c;, p;) is the controllability
value between a content and a control parameter). Finally,
the system returns the results for quality (R,), diversity (Ry),
and controllability (R;).

work with each representation. This allows the system to work with
any type of content in games such as text, level generation, rule gen-
eration, patterns, etc. Besides these functions, the framework has a
render function that converts the content into the corresponding
graphical representation. This graphical representation depends on
the problem at hand: images, videos, strings, sounds, etc.

3.1 Using the Benchmark

Figure 1 shows the system diagram of the PCG Benchmark and
how a Generator can interact with all the moving parts through
a simple interface. The user needs first to specify the problem
that they need to solve (see section 4.1). After that, the user can
build their generator using any method, including constructive [47],
search-based [53], quality diversity [17], machine learning [51],
RL-based [27], constrained-based [26], and other methods. The
generator can use the control space, content space, and the evaluate
function as many times as needed, even integrating them in its
internal generative loop, e.g. in search-based methods [53]. Finally,
the generator will return the generated content paired with the
control parameters that this content was generated for?, and the
benchmark will evaluate the content and return the scores for
quality, diversity, and controllability (if applicable).

3.2 Extending the Benchmark

To make the framework easy to extend, we separated the interface
where the generator interacts from the actual generative problem.
When a user wants to test their algorithm, they ask the system for
a specific problem using its unique name. The system finds it from

2If values for the controllability parameters are not provided by the user, the algorithm
returns the generated content only.
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the list of all the registered problems and returns it inside the fixed
environment interface. Figure 1 shows a constructed environment
for a specific problem. Due to this separation, adding new problems
is easy. The user needs to create a new problem class that has the
following functions:

¢ Info Function takes as input the artifact and outputs an
object that contains all the needed and related information
of that content. This function is crucial, as it is used by most
other functions (below). For example, if we are evaluating
mazes, we might need to have the maze solution precom-
puted for quality (have a maze with at least 20 steps to solve),
diversity (mazes with different solutions), and controllability
(have a maze with exactly X steps to solve where X is the
control parameter).

e Quality Function takes the info object and returns a value
within [0, 1] that reflects how close that content is to passing
the quality criteria (at 1.0 it passes). In our maze generation
example, this could be how close the solution length is to 20
or more.

¢ Diversity Function takes as input two info objects for dif-
ferent artifacts and outputs a value within [0, 1] that reflects
how similar these two artifacts are to each other (1.0 means
they are different and 0.0 means they are identical). In our
maze generation example, diversity can be on the actions
taken for solving the maze, and if the solutions are at least
5 actions different between the two mazes then diversity is
1.0.

e Controllability Function takes as input the info object
and value(s) for its control parameter(s) and outputs a value
within [0, 1] that reflects how close the content is to match
these values. If a control parameter is the number of ene-
mies in a generated level, the function will return 1.0 if the
generated has a number of enemies within an allowed range
of this parameter’s values.

e Render Function takes as input the artifact and outputs
its final representation. This final representation could be
a graphical representation or any other format as needed:
image, sound, video, string, etc. In our maze generation exam-
ple, the function will return a black-and-white image where
white pixels are passable tiles and black pixels are solid tiles.

Besides these functions, the content space and control space have
to be defined, since each problem can have its own complex rep-
resentation and control parameter. For example, the Arcade Rules
problem (see Section 4.1) has a representation that explains the
rules of the game and game object locations and a control parame-
ter which is a 2D layout of solid and empty tiles which constitutes
the level that the rules should work on.

4 Experiments

This section covers the experimental protocol used to test our bench-
mark. In Section 4.1, we describe each of the generative problems
presented in the benchmark. Section 4.2 focuses on describing the
baseline generators used to test them. Finally, Section 4.3 explains
the representation used and the different fitness functions used
during our experiments.

3 Available at https://github.com/amidos2006/benchmark_experiments
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4.1 Problems

The PCG Benchmark includes 12 PCG problems, each with its own
representation, control parameters, quality, diversity, and control-
lability criteria. We will summarize all of these problems here but
more details are found in the documentation®.

Arcade Rules hinges on generating the rules for new 2D arcade
games based on the framework provided in [52]. The problem con-
sists of a dictionary of integers (including the starting coordinates,
winning conditions, movement rules, and collision rules) mapped
to different effects. For example, if the win condition is 0, the game
is won if the player is alive after 40 frames since the game starts.
Seven quality criteria ensure that the game can be won, lost, and
is playable by several different agents (e.g. static or random) that
reach different performance profiles. The control parameter is a
7 X 7 binary array of the level layout (each tile is solid or empty); if
not provided, a simple fixed layout is used.

Binary originates from the PCGRL framework [27], and involves
generating fully connected 2D mazes, consisting of empty or solid
tiles. The default variant of the problem is to generate 14 X 14
mazes, and the quality constraint is having a minimum length of
the longest path between any two empty tiles in the maze of at least
28 tiles. The problem has one control parameter, further specifying
the minimum length of the longest path.

Building is inspired by [24], which presents the challenge of
generating buildings in a 3D space with four different types of Lego
blocks (1x 1, 1% 3,3 X1, and 3 X 3 voxels). The default variant of the
problem cares about generating buildings that use 40 Lego block
types, must have a maximum size of 7 X 7 X 12 voxels, and must be
taller than 6 voxels (quality constraints). Four control parameters
determine the ratio of different blocks to be used (out of 40).

Dangerous Dave hinges on generating level layouts for a small
discrete version of the DOS game Dangerous Dave (Uptime Disk
Monthly, 1988). The game is a small platformer where the player
must avoid spikes, collect diamonds, and reach the exit. Generated
levels have multiple quality constraints (number of tiles per type,
solvability by Al agents, minimum number of jumps, and reachabil-
ity of all diamonds). The default variant of the problem has 11 x 7
tiles and the solution must have at least 2 jumps. The problem has
five control parameters (coordinates of start tile and exit tile, and
number of diamonds required).

Elimination uses the word game Elimination (Khalifa, 2018)
described in [28]. The problem is to generate a sequence of letters
that can create at least one short word, one long word, and nothing
longer. The problem has five quality constraints (including words
allowed). The default variant of this problem presents sequences
of 8 letters and requires the short words to lie between 40% and
60% of the most common English words and the long words to
lie between 60% to 80% of the most common English words. The
problem has one control parameter, determining the maximum
consecutive letters of an actual word in the initial sequence.

Isaac hinges on generating fully connected dungeons for a sim-
plified version of The Binding of Isaac (McMillen, 2011) video game.
The dungeons generated must contain a target number of rooms,
including a starting room, a boss room, a treasure room, and a
shop room. Five quality constraints assess whether the dungeon

4 Available at https://github.com/amidos2006/pcg_benchmark
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is connected, whether all special rooms are present, the minimum
distance between certain rooms, etc. The problem has one control
parameter (the number of rooms in the dungeon).

Lode Runner is based on a simplified version of the Lode Runner
(Broderbund, 1983) puzzle platformer video game. The goal is to
generate a playable level with a minimum number of gold and
enemies. Generated levels must fulfill seven quality constraints,
including minimum tiles per type, and having most tiles reachable
to the player. The problem has two control parameters (the number
of ladder tiles and rope tiles). The default variant of this problem
requires levels of size 32 X 22 tiles, encoded as a grid of 16 X 11
indices (with 2 X 2 tiles per index), with a minimum of 6 gold items
and 3 enemies.

MiniDungeons is based on the MiniDungeons framework [36],
where the aim of the game is to reach the exit without dying to ene-
mies. This variant uses deterministic combat when facing enemies.
Four quality constraints define the minimum number of tiles per
type in the level, whether the dungeon is connected, and whether at
least some monsters are defeated along the shortest path to the exit.
The default variant of the problem is to generate a solvable 8 x 12
level which forces the player to kill 12 enemies before reaching the
exit. The problem has five control parameters (coordinates of start
tile and exit tile, target number of treasures).

Super Mario Bros is inspired by the work done in [13] where
Super Mario Bros. levels are represented as a sequence of vertical
slices sampled from the original game. The default variant of the
problem is to generate a playable level made of 150 slices with a
similar look to original Mario levels. Five quality constraints assess
whether the level can be completed by an A* agent, has flat areas
or small elevations, unbroken pipe structures, and few floating
enemies. The problem has three control parameters (number of
enemies, coins, and jumps achieved during an Al playthrough).

Sokoban is based on the Japanese block-pushing game (Imabayashi,

1982) and a generator must create fully solvable puzzles. The de-
fault variant of this problem requires generating playable levels of
5 X 5 tiles; five quality constraints test the presence of special tiles
(player, crate) and that an A* agent can solve the level in at least 10
moves. The problem has one control parameter (target number of
crates).

Talakat generates bullet patterns for the Talakat shoot-em-up
game [30]. Four quality constraints assess the quality of the bul-
let patterns (e.g. maximum bullet spawners, minimum bullets per
frame, distribution of bullets in different parts of the screen, etc.).
The problem’s control parameter is a 1D array of the distribution
of bullets over time within one second of gameplay.

Zelda originates from the General Video Gameplaying Al frame-
work [43], and has been used in several research papers [27, 50, 54].
The generated level is a maze with a key, a door, and enemies: the
player must find a key to get to the exit without dying. Six quality
constraints test the connectivity of the level, the number of tiles of
each type, and the minimum length for the solution. The problem
has two control parameters (the minimum distance from the start
to the key tile and the minimum distance from the key to the door
tile).

FDG °25, April 15-18, 2025, Graz, Austria

4.2 Generators

In this initial study, we test three baseline generators on the PCG
Benchmark. All generators follow simple search-based PCG ap-
proaches [53]. Search-based algorithms can be used for black-box
optimization; they do not need to understand (or adapt to) the
problem [1]. The generators were tested on the default variants
for all of the described problems, and each experiment was run in
10 independent runs. All methods were required to produce 100
individuals during each generation. All the generators ran for 200
generations. The implementation of each generator is as follows:

¢ Random Generator (Random): Every generation, a new
population of individuals is randomly created and evalu-
ated. The new population is combined with the previous
generation, and the best 100 individuals are kept for this
generation.

e 11+ A Evolutionary Strategy (ES): Every generation, a new
population of 100 (1) is mutated from the previous gener-
ation and evaluated, with the best 100 (y) individuals kept
between generations. Candidates are evolved using a uni-
form mutation rate of 5%.

¢ Genetic Algorithm (GA): This method extends ES by in-
troducing selection and crossover operators. We use tour-
nament selection on 7 individuals to select candidates that
produce new offspring. Uniform crossover is used to com-
bine parents, with a crossover rate of 50%. Offspring have a
5% mutation rate, same as ES. The population size is 100 and
elitism preserves the best 10 solutions between generations.

4.3 Representation and Fitness Functions

The chromosome for all three algorithms consists of two parts, a
content vector and a control parameter vector. These are sampled at
the beginning randomly from the content space and control space
(explained in Section 3). For the sake of simplicity, operators only
work on the content part; nothing changes the control parameter
(however, different solutions satisfy different controllability con-
straints). Looking into the fitness function, we use 3 different fitness
functions that care about quality, controllability, and diversity:

e Quality Fitness (Q): Solution fitness is equal to the quality
of the artifact. This fitness does not check if controllability
constraints are met. The formula is shown in Eq. (1).

fei, pi,C) = q(ci) (1)

where c; is the content being evaluated, p; is the control
parameter associated, C is the total population of content,
and q(c;) is the quality value for input content.

Quality then Controllability Fitness (QT): This fitness
function first tries to maximize quality, then controllability
if the solution is optimal with regard to quality. The fitness
is shown in Eq. (2).

1q(ci) if g(ci) < 1

: , (2)
3(q(ei) +t(ci,pi)) ifqle) =1

fei,pi,C) =

where c; is the content being evaluated, p; is the control
parameter associated, C is the total population of content,
q(c;i) is the quality value for input content, and ¢(c;, p;) is
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Figure 2: Progression of the maximum fitness when optimizing the Quality fitness with the three baseline algorithms. Results
are averaged from 10 runs, with 95% confidence intervals as the shaded area.

the controllability value for the input content with respect
to the input control parameter.

¢ Quality, Controllability, then Population Diversity Fit-
ness (QTD): Similar to the previous function, this fitness
function first tries to maximize quality, then after that con-
trollability if the solution is optimal with regard to quality.
Finally, if the solution is optimal with respect to quality and
controllability, it tries to optimize towards population diver-
sity as shown in Eq. (3). Population diversity is challenging
as it fluctuates depending on the current population, but it
can help search algorithms overcome local optima.

1q(ci) if  g(e) <1,
t(ci,pi) < 1
flei,pi©) = § 3(q(ei) + t(ci, pi) if qle)=1,
t(ci,pi) <1
1 (qles) +t(ci, pi) +d(c;, ©)) if () =1,
t(ci,pi) =1
(3)

where c; is the content being evaluated, p; is the control
parameter associated, C is the total population of content,
q(c;) is the quality value for input content, t(c;, p;) is the
controllability value for the input content with respect to
the input control parameter, and d(c;,C) is a measure of
uniqueness of ¢; with respect to the set of content C in the
population.

5 Results

In our experiment, we test three search-based algorithms (see Sec-
tion 4.2) using three different fitness functions to optimize content
for different problems. Each problem has its own measures for what
constitutes good (i.e. feasible content c; if ¢(c;) = 1) and diverse (i.e.
unique content if its d(c;, C) = 1 with respect to a set of content
C). Moreover, in the initial population, each individual has its own
control parameters randomized within allowed value ranges. While
the control parameters are not randomized, mutated, or recombined
during evolution, the search process will prioritize copying over
(via elitism, pu+A, or choosing the best 100 individuals in Random)
solutions with more easily satisfied control parameters. Each prob-
lem similarly has its own controllability score, based on the content
c; and its paired control parameters p;: controllability criteria are
satisfied if ¢(c;, p;) = 1; as shorthand, we label such individuals
controlled in the below section.

Figure 2 shows how the maximum fitness (when optimizing for
Quality alone) improves over the generations for the different al-
gorithms. We observe that some problems can discover feasible
solutions even with random initialization: Arcade Rules and Talakat
have near-optimal individuals in the initial population, which leads
to almost no improvement from evolution. Some problems strug-
gle to discover high-quality individuals with random initialization:
Lode Runner, MiniDungeons and Dangerous Dave start with a max-
imum fitness around 0.25 before evolution, and Super Mario Bros
start from around 0.13. Evolution improves the maximum fitness
in all problems, although to different degrees depending on the
problem. GA has overall slightly better improvements in maximum
fitness from initial to final population (between 6% relative increase
in maximum fitness for Talakat and 288% relative increase for Lode
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Figure 3: Number of solutions c; (out of 100) in the final population (after 200 generations) that are feasible (¢(c;) = 1), controlled
(t(ci, pi) = 1), and unique (d(c;, C) = 1 compared to the final population C). Results are averaged from 10 runs, with 95% confidence

intervals as error bars.

Runner), with ES a close second (between 5% relative increase in
Arcade Rules and 251% relative increase for Lode Runner). These
relative increases can be noticed in the generated examples in tables
1 and 2 where the best random content looks subjectively more
noisy compared to its counterpart (especially in Lode Runner, Super
Mario, and Zelda). Random does not increase maximum fitness as
much, with the highest relative increase of 36% from the initial
population in Elimination and negligible increases (below 1%) in
Lode Runner and Zelda. In Super Mario Bros, however, no solution
after 200 generations satisfies the quality constraints for any of the
generators in any of the runs. In this problem, changes in the maxi-
mum fitness are overall slow (141%, 39%, and 9% relative increase
from the initial population for GA, ES, and Random respectively).
This indicates that either the variation operators implemented or
the quality constraints pose challenges to any stochastic search
approach. Given similar difficulties in generating other large plat-
former levels in Lode Runner, the size of the level (genotype) for
Super Mario Bros could also be an issue.

While so far we focused on how easy it is to generate feasible
content with random initialization and to improve on them via
search-based PCG, we are ultimately most interested in the artifacts
at the end of the process (after 200 generations). Figure 3 shows the
number of feasible individuals (g(c;) = 1) in the final population,
the number of unique individuals (d(c;, C) = 1 where C is the final
population in the same run), and the number of final individuals
that satisfy all controllability constraints for their paired control
parameters (p;), i.e. t(c;, pi) = 1.

Observing the number of individuals that satisfy all quality con-
straints in the top row of Fig. 3, conclusions mirror those from the
maximum Q fitness progression (Fig. 2). Some games are easy to
find feasible individuals for: Arcade Rules, Binary, MiniDungeons
end up with an entire population of feasible individuals in all runs
of ES regardless of fitness being optimized. Interestingly, in Arcade
Rules Random also reaches a final population full of feasible indi-
viduals, but no feasible individuals in the other three games. Other
games are too hard to find feasible individuals for any algorithm or
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Table 1: Example of the best generated content (one per run) for 3 different generators optimizing the Quality fitness function
for the first 6 problems (see Section 4.1). Content with a red background means it failed the quality constraints.

fitness target: Super Mario Bros and Lode Runner consistently have
no feasible individuals in the final population. Interestingly, the
choice of fitness target also impacts the number of feasible individu-
als: In Isaac (and in Dangerous Dave with ES) the number of feasible
individuals dropped for QTD with respect to other fitness functions.
Since the drop is not that big, it might be due to randomness. A
special case is Elimination, where optimizing Quality alone leads to
no feasible individuals while optimizing either QT or QTD leads to
feasible individuals (for ES and GA with QT, and for GA with QTD).
Given that both QT and QTD fitnesses would have values of 0 for
infeasible individuals, this difference in behavior is an artifact of
randomization (either in initialization or stochastic search process):
indeed, feasible individuals were found only in one run of each
algorithm and in one runs of GA for QTD fitness. Although Zelda
has a small number of feasible solutions in the final population,
the GA manages to find at least one feasible chromosome in 8 of
10 runs while ES does so in 8 runs for Q fitness, 6 runs for QT
fitness and 5 runs for QTD fitness. GA in general does not contain

many feasible individuals in the final population but is much more
consistent in discovering feasible individuals than ES. Of a total of
360 runs across all environments and all fitness targets, the GA has
feasible solutions in the final population in 224 runs, versus 191
runs for ES and 32 runs for Random. The fewer feasible solutions
per population in the GA are likely due to the different elitism
mechanisms: ES saves the best 100 solutions while GA saves the
best 10 solutions.

Observing the number of individuals that satisfy all (paired)
controllability constraints in the second row of Fig. 3, it is evident
that some benchmarks are very difficult to satisfy controllability
criteria. Super Mario Bros and Dangerous Dave rarely have controlled
individuals for any algorithm and for any fitness target. Lode Runner
is interesting because a few individuals are always controlled in
every run of Random (regardless of fitness target), while GA and
ES have few runs where any controlled individuals end up in the
final population even with QT fitness (1 run for ES, 3 runs for
GA) and with QTD fitness (1 run for ES, 2 runs for GA). In most
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Table 2: Example of the best generated content (one per run) for 3 different generators optimizing the Quality fitness function
for the last 6 problems (see Section 4.1). Content with a red background means it failed the quality constraints.

problems, applying pressure for controllability (via QT or QTD
fitness) does have an effect, with higher numbers of controllable
individuals than for Quality alone. An interesting finding is that
for some benchmarks the QTD fitness (which has more objectives
and is thus more diluted) leads to many more controlled individuals
than QT fitness alone, especially Talakat for GA and MiniDungeons
for ES. Worth noting is that, at least with QT and QTD fitness
targets, some benchmarks are easy to find controlled individuals for
(particularly Arcade Rules, Binary, Elimination, Isaac, and Sokoban).

From the number of unique individuals in the final population of
each run (third row of Fig. 3), we observe that some benchmarks are
easy to find unique individuals for (even if not explicitly targeting
that as an objective via QTD fitness). Binary, Building, Elimination,
and Talakat achieve many unique individuals with Random, fewer
unique individuals with GA, and few if any with ES: this holds
both for Q and QT fitness targets, which do not target diversity as
an objective. For QTD, Random outperforms the other stochastic
search methods in Building, Elimination, and Talakat. However,
QTD pushes GA to maintain at least one unique individual in all
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runs of all problems (even if for Arcade Rules, Lode Runner and
Super Mario Bros it’s always only one unique individual). Finally,
Super Mario Bros, Isaac and Lode Runner struggle to maintain many
unique individuals with any algorithm even when targeting QTD;
however, it is important to note that Isaac manages to maintain
many feasible and controlled individuals with this fitness target.
The above experiments highlight how different the problems
included in the PCG Benchmark are in terms of generating feasible,
unique, or controlled individuals. Results also indicate that different
generators have different trade-offs in different problems: maximum
fitness improves faster with more pressure towards convergence
from the GA (see Fig. 2) while introducing random individuals
(rather than modifying the population) leads to more unique final
solutions at the cost of feasibility and controllability. While the
goal of this experiment was not necessarily to compare algorithms,
the p + A ES seems more suitable as a general approach with more
feasible solutions, more unique solutions, and more controlled so-
lutions overall. It is worth noting however that the GA is more
reliable: considering all three fitness targets, the GA produces fea-
sible solutions after 200 generations in 224 of 360 runs (10 runs, 12
problems, 3 fitness targets), compared to 191 runs for ES and 32
runs for Random. The extensibility of the current problems, how-
ever, opens more possibilities for follow-up experiments: indicative
modifications could be applied to some harder problems (e.g. Super
Mario Bros and Lode Runner) towards fewer quality constraints
or smaller genotypes, or to hard-code controllability parameters
rather than pair them with the solution as done in this paper.

6 Conclusion

This paper introduced a new benchmark to test any generative
algorithm. The PCG Benchmark provides an interface that is easy
to use and extend, similar to the OpenAI Gym [7]. The framework
comes with 12 problems from the get-go that span across multiple
different domains (rules, levels, structures, words, patterns, etc). We
tested three different baseline algorithms (random, evolutionary
strategy, and genetic algorithm) against all 12 problems, guided by
different fitness functions that incorporate quality, controllability,
and population diversity criteria. We noticed that generating large
levels (i.e. Super Mario Bros and Lode Runner) was challenging for
all baseline algorithms. Complex landscapes as in the Elimination
problem were also not easy to solve due to low locality [53]. In-
terestingly, combining quality measures with controllability and
population diversity sometimes helped the algorithm find better
solutions faster.

Overall, we believe that the PCG Benchmark is a first step to-
wards comparing generative algorithms. We expect that it will assist
PCG research and education, in a similar that the OpenAI Gym [7]
pushed RL research forward. We also believe that the benchmark is
a great learning tool for newcomers to the field, as well as students.
We note that solving a problem in the PCG Benchmark does not
mean that this generative problem is solved for good or that the
generated levels can be used for any type of human player; it means
that the generator is good for a specific hypothetical player that the
evaluation functions were designed for. For example, solving the
Super Mario Bros problem with its default parameters (see Section
4.1) does not mean that you have the best generator for Mario levels.
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Instead, it means you have a generator that can create playable
Mario levels with 15 non-floating enemies that follow the same tile
distribution as the original Mario levels. Even playability for Mario
is not human but proxied using A" algorithms [25]. We also want to
note that the benchmark does not try to solve generality in the PCG
domain. This means that the framework is not designed to have
one agent that can tackle all problems but is more similar to OpenAI
Gym [7] where each problem has its own representation and can be
solved. We decided not to tackle the generality problem for the sake
of simplicity, usability, and learnability; there are other frameworks
that tackle this problem [31]. The problems in the PCG Benchmark
act as milestones for researchers and students; once reached, users
can expand the PCG Benchmark with new problems or harder vari-
ants of current problems (by adjusting their parameters in Section
4.1). In the end, having a standardized way to compare generative
algorithms will shed light on the strengths and the drawbacks of
PCG algorithms, pushing towards novel solutions as exhibited in
gameplaying Al [14] to address hard exploration problems within
the Arcade Learning Environment [4].
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Appendix A Experiments with LLM Generators

With the surge of LLMs [60], we wanted to showcase that the
PCG Benchmark can be used to compare LLM generators [16] to
more classic approaches. We compared 100 separate runs of the
provided algorithms (Random, ES, and GA) with a constructive
generator [47] and two few-shot LLM generators based on Llama
3.2 and DeepSeek-r1. We tested them on only 3 simple problems of
the PCG Benchmark: Binary, Sokoban, and Zelda. The constructive
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Figure 4: The number of feasible and unique solutions over
100 separate runs on Binary, Sokoban, and Zelda using six
different methods (three search-based generators, one con-
structive generator, and two few-shot LLM generators).

generator starts by building a 2D maze using Prim’s algorithm [8].
This generated maze is used as-is for Binary. For Sokoban and Zelda,
the script erases more than 50% of the walls to allow for open areas,
then adds the missing objects in the level at random locations (for
Sokoban, these locations are restricted such that crates have no
more than one side blocked). LLM generators use a simple prompt
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that explains the goal of the game and how to play it, followed by
the goal of the generator and five example levels.

Figure 4 shows the comparison between these algorithms from
the perspective of quality (number of feasible solutions) and diver-
sity (number of unique solutions) over 100 runs, extending the find-
ings from Fig. 3. GA has more feasible solutions overall, although
the constructive algorithm surpasses it in Sokoban. In Sokoban,
the script is fairly thorough (e.g. constraining where crates can
be placed) and thus it is not surprising that it can generate many
feasible solutions. It is worth noting, however, that most of these
solutions are not unique: GA and ES find more unique feasible
results even if the number of feasible results is fewer than for the
constructive method. From LLM methods, Llama 3.2 outperforms
DeepSeek-r1 in terms of quality for Binary and Sokoban, but both
LLMs find very few feasible solutions in Zelda. This disparity was
surprising because reasoning models such as DeepSeek-r1 usually
perform better on language tasks than traditional models such as
Llama 3.2 [42]. Looking at the generated examples, we noticed that
Llama 3.2 has a higher chance of copying some of the examples
used in the prompt. It seems that the added reasoning tokens [19]
in DeepSeek-r1 might have pushed it towards understanding the
examples in the prompt and trying to create new ones; however,
its results were often infeasible. This first, preliminary experiment
showcases how the PCG Benchmark can be used for current and
emerging technologies such as LLM-based generation [16].
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