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Abstract. Introduction: Video games have evolved from simple pastimes into
a culturally significant art form, driven by technological advances that have
enabled more realistic graphics and immersive gameplay. Objective: This study
explores the use of Generative Adversarial Networks (GANs) for generating
maps in 2D games, focusing on Super Mario Bros. Methodology: The
methodology includes the use of a Wasserstein GAN (WGAN), combined with
a fragment selection algorithm and gameplay evaluation performed by an A*
agent. Results: The results indicate a significant improvement in map quality,
with a 25% increase in the rate of playable fragments and a 15% reduction
in the agent’s average evaluation time, ensuring greater adherence to the
characteristics of the original game.
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1. Introduction

Since their inception, electronic games have evolved significantly, transitioning from
simple forms of entertainment to a widely recognized cultural and artistic expression
[da Manha 2023]. This evolution has been driven by technological improvements, such
as more realistic graphics, immersive gameplay, and innovations in artificial intelligence
(AI), which enable more sophisticated interactive experiences [Reis e Andrade 2023].
Furthermore, the growing popularity of online communities and streaming platforms has
amplified the cultural impact of games [Siqueira 2023] [Andrade 2023] [Machado 2022].

Among the various areas of innovation, Procedural Content Generation (PCG)
stands out for its potential to create unique and personalized experiences for players.
In this context, Generative Adversarial Networks (GANs) have emerged as a promising
solution, enabling the generation of game maps and levels that respect critical aspects
such as playability and creative design [Goodfellow et al. 2020] [Cheigh 2023]. However,
applying GANs to 2D games presents specific challenges. One is ensuring that the
generated maps are coherent in terms of structure and gameplay. Another challenge is the
need to adhere to the specific rules of each game, such as block layout and the distribution
of interactive elements [Volz et al. 2018] [Awiszus et al. 2020]. These issues necessitate
exploring new architectures and algorithms to optimize the results obtained by GANSs.
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Among 2D games, Super Mario Bros. is frequently used as a case study due to
its combination of graphical simplicity and structural complexity [David J. Malan 2021]
[Aloupis et al. 2015], offering an ideal testing ground for level generation algorithms
[deWinter 2015]. This study directly confronts the problem of structural incoherence in
GAN-generated levels by proposing a modular, filter-based pipeline. Unlike end-to-end
models like TOAD-GAN that build constraints into the architecture [Awiszus et al. 2020],
our approach decouples generation from validation. Our central contribution is the
systematic analysis of this post-hoc filtering methodology, where a rule-based selection
algorithm and an A* agent are used to enforce design constraints. We demonstrate
that this method significantly improves the structural integrity and playability of levels
generated by a standard WGAN.

2. Related Work

PCG gained prominence with the 2010 PCG competition, which used Super Mario
Bros. as a case study [Shaker et al. 2011] [Khalifa 2021]. This initiative spurred various
academic studies focusing on Al-based approaches, especially GANSs, for creating levels
with specific attributes. Among relevant studies, TOAD-GAN [Awiszus et al. 2020] used
multiple scales to preserve essential map features, while works based on Variational
Autoencoders (VAEs) [Kingma e Welling 2019] demonstrated the possibility of blending
elements from different games.

In the context of GANSs, Silva, Torchelsen, and Aguiar [e Silva et al. 2023]
compared different architectures applied to generating dungeon maps. The analyzed
architectures included Vanilla GAN, Deep Convolutional GAN (DCGAN), and
Wasserstein GAN (WGAN). Their results showed that applying Spectral Normalization
significantly improved the playability and cohesion of generated levels.

The TOAD-GAN model, proposed by Awiszus, Schubert, and Rosenhahn
[Awiszus et al. 2020] and based on the work of Shaham, Dekel, and Michaeli
[Shaham et al. 2019], introduced a multi-scale training approach. Qualitative analysis
showed that 65% of its generated levels were completed by an A* agent implemented
according to Baumgarten [Togelius et al. 2010].

Schrum et al. [Volz et al. 2018] [Schrum et al. 2020] also advanced the field.
Their first study [Volz et al. 2018] used a DCGAN and latent space evolution to optimize
Super Mario levels, evaluated with an A* agent from Shaker [Shaker et al. 2011]. Their
second study [Schrum et al. 2020] focused on interactive map evolution using WGAN:Ss.

The existing literature shows two dominant trends: modifying the GAN
architecture itself (e.g., TOAD-GAN) or evolving within the GAN’s latent space (e.g.,
Volz et al.). Our work proposes a complementary, more modular alternative. We focus
on a post-hoc rule-based filtering and assembly methodology. Instead of altering the
core generative model, we investigate the impact of applying explicit design constraints
after generation. This approach has a practical advantage: it can be applied to various
pre-trained generative models without the need for complete retraining, providing greater
flexibility and efficiency in extracting usable content from a generator’s raw output.
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3. Methodology

Our methodology focuses on a modular pipeline for 2D map generation using GANs and
a post-hoc selection filter.

3.1. Data and Preprocessing

We used the 150 Super Mario Bros. levels from the Video Game Level Corpus (VGLC)
[Summerville et al. 2016]. Maps were encoded numerically (Table 1) and subdivided into
28x14 block fragments, which were then padded to 32x32 for the network.

Table 1. Encoding of game blocks with visualization.

Block Symbol | Identity | Visualization
Solid block/Ground X 0
Breakable block S 1 =
Empty space (passable) - 2

Filled question block ? 3
Empty question block Q 4 ]
Enemy E 5 @
Top-left pipe < 6 IE]
Top-right pipe > 7 [
Left pipe [ 8 Il
Right pipe ] 9 E

3.2. Map Generation and Selection

A Wasserstein GAN (WGAN) [Arjovsky et al. 2017] [Gulrajani et al. 2017] was trained
on the fragments to generate 10,000 new level fragments. A selection algorithm filters
these fragments using a fitness function that penalizes structural flaws. The three core
criteria are: pipe integrity, enemy placement, and hole size. The final fitness is a weighted
sum of these scores. The top 10% (1,000) of fragments with the best fitness scores are
selected for the next stage. The penalty coefficients of the three core criteria were defined
empirically with a value of 0.2. This value was determined through iterative executions
of the selection process, where hyperparameters were tuned to achieve satisfactory
performance in filtering out structurally flawed fragments was achieved.

3.3. Assembly and A* agent Evaluation

To construct a full level, 10 fragments are assembled sequentially through horizontal
concatenation. A two-step validation process ensures playability: first, a quick geometric
check for ground-level alignment between fragments, followed by a full-path validation
using an A* agent. This agent, based on the framework by Khalifa et al. [Khalifa 2021],
attempts to traverse the assembled map within a 120-second time limit. If a fragment
renders the map unplayable, it is discarded. For our experiments, we created two sets of
fragments: Group 1 (only fragments individually completable by the agent) and Group 2
(all 1,000 filtered fragments). In our evaluation, a ’jump’ is counted each time the agent’s
vertical position increases. The goal of minimizing jumps, as explored by Schrum et
al. [Schrum et al. 2020], serves as a proxy for level efficiency and flow. An ’unnecessary’
jump, in this context, is one occurring in a poorly designed section where a simpler, flatter
path could exist. A high jump count often correlates with convoluted or vertically noisy
level design.
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4. Results and Discussion

To evaluate our method, we conducted two experiments: one using the raw WGAN
output and another using the fragments filtered by our selection algorithm. For each,
we assembled maps using fragments from both Group 1 and Group 2.

The results show that the selection algorithm significantly improved the generation
success rate. When using only pre-vetted, playable fragments (Group 1), the success rate
for assembling a full, 10-fragment map rose from 17.6% (pure WGAN) to 64% (WGAN +
Selection). This indicates that the selection algorithm is effective at identifying fragments
that are not only are internally valid but also combine well with others. The statistical
details are presented in Tables 2 and 3.

Table 2. Number of generated maps (WGAN + Selection) by difficulty.

Easy (0-0.3) | Medium (0.3-0.7) | Hard (0.7-1) | Total
Group 1 36 27 1 64
Group 2 11 9 1 21

Table 3. Statistical results for the WGAN with selection experiment.

Elapsed time (s) Enemies Eliminated
Max Min Mean STD | Max Min Mean STD
Group 1 | 26 12 13.2 1.8 10 1 4.5 2.5
Group 2 | 28 12 13.57 3.26 8 1 428 195

Jumps Difficulty (0-1)
Max Min Mean STD | Max Min Mean STD
Group 1 | 36 10 195 0.14 | 091 0.069 0.29 0.142
Group 2 | 47 10 2024 6.67 | 0.77 0.08 0.3 0.153

Empirically, the filtered fragments show far fewer structural errors. Figure 1
illustrates this improvement, showing how the selection algorithm corrects issues like
illogical pipe placement and floating enemies, although some nonsensical structures may
still appear.

H o= Aol il L

(a) Logical pipe (b) Reduced (c) Remaining
placement. structural illogical
errors. structure.

Figure 1. Side-by-side comparison of map fragments improved by the selection
algorithm.

4.1. Discussion and Limitations

Our results confirm that post-generation filtering is a viable method for improving the
quality of GAN-produced levels. However, the study has limitations. Our evaluation does
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not include a direct comparison with state-of-the-art models like TOAD-GAN or a simple
search-based heuristic. Furthermore, the method is tailored to tile-based 2D platformers.
Adapting this method to a different genre, such as a scrolling beat-’em-up, would require
substantial changes. The tile semantics would shift from platforms to enemy spawn
points, and the A* agent’s goal would change from path-completion to combat survival,
necessitating a completely new fitness function and evaluation framework. Finally, the
evaluation relies solely on a single A* agent, whose performance might not fully reflect
human playability, and our difficulty metric was not validated against human player
studies.

5. Conclusion and Future Work

This paper presents a modular pipeline for improving GAN-based level generation?.
Our results show that a post-hoc filtering approach is a viable and effective method for
improving the structural quality and playability of generated levels. By fixing design flaws
after generation, we significantly increase the yield of usable content from a standard
WGAN.

Future work will address the limitations of this study. A crucial next step is to
perform a direct quantitative comparison of our method’s output against both a state-of-
the-art model like TOAD-GAN and a simpler, non-learning baseline, such as a search-
and-repair heuristic, to rigorously benchmark its effectiveness. We also plan to refine the
fitness function to promote a wider range of difficulty levels and to incorporate human
player feedback to create a more robust and generalizable validation process.

2Source code and supplementary materials for this paper are available at the project’s GitHub repository.
[Le Roy Matos 2025]
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