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Abstract

Generative Adversarial Networks (GANs) are unsupervised
models designed to learn and replicate a target distribution.
The vanilla versions of these models can be extended to
more controllable models. Conditional Generative Adversar-
ial Networks (CGANSs) extend vanilla GANs by condition-
ing both the generator and discriminator on some additional
information (labels). Controllable models based on comple-
mentary learning, such as Rumi-GAN, have been introduced.
Rumi-GANs leverage negative examples to enhance the gen-
erator’s ability to learn positive examples. We evaluate the
performance of two controllable GAN variants, CGAN and
Rumi-GAN, in generating game levels targeting specific con-
straints of interest: playability and controllability. This eval-
uation is conducted under two scenarios: with and with-
out the inclusion of negative examples. The goal is to de-
termine whether incorporating negative examples helps the
GAN models avoid generating undesirable outputs. Our find-
ings highlight the strengths and weaknesses of each method
in enforcing the generation of specific conditions when gener-
ating outputs based on given positive and negative examples.

Introduction

In traditional generative models without conditioning, there
is limited control over the attributes of the generated data.
This limitation is effectively addressed by conditional mod-
els, where additional information can condition the data gen-
eration process towards specific outcomes. Recent research
by Asokan and Seelamantula (2020) introduces a method
where GAN models are trained using both positive and neg-
ative examples to guide and avoid specific outcomes (Rumi-
GAN). Positive examples are data samples that align well
with the desired outcome or target distribution. These ex-
amples represent the ideal or goal that the GAN is trying to
achieve. Negative examples, on the other hand, are data sam-
ples that do not meet the desired outcome or diverge from the
target distribution.

This study investigates the performance of two control-
lable GAN generators (CGAN and Rumi-GAN) through
three sets of experiments conducted in the context of two
2D tile-based games. In each experiment, our goal is to en-
force the generation of specific constraints within each game
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level. The first experiment aims to generate playable levels,
emphasizing playability as the targeted constraint. The sec-
ond experiment builds on the first by controlling a game-
related feature, such as the specific number of pipes or trea-
sures within the levels, while maintaining the playability
constraint.

The first controllable model, a Conditional GAN
(CGAN), is trained with levels containing both desired and
undesired conditions (positive and negative examples), in-
corporating additional label information about the level con-
ditions into the data. The second model, Rumi-GAN, also
receives levels with both desired and undesired conditions
and employs a loss function to encourage the generation of
level segments with desired conditions while discouraging
those with undesired conditions. Additionally, we utilize a
baseline control model, a vanilla GAN, which cannot incor-
porate negative examples and, therefore, only receives levels
with the desired condition for training.

Our results show that incorporating negative examples
in training GAN models can help enforce some constraints
of interest like playability. To our knowledge, this study is
the first attempt to systematically compare various control-
lable GAN models and evaluate their effectiveness in con-
ditioning generated outputs. Additionally, the integration of
negative examples in GAN training (Rumi-GAN) has previ-
ously been only utilized on state-of-the-art computer vision
datasets like MNIST, CelebA, and CIFAR-10, and this work
is the first to apply this new approach to game-level seg-
ments.

The codebase of the project (including the training
database, trained models, and generated artifacts) is avail-
able on GitHub!

Related Work

A range of studies have explored the use of GAN models for
game level generation. Kumaran, Mott, and Lester (2020)
developed a GAN-based architecture capable of generating
levels for multiple distinct games from a common game-
play action sequence. Volz et al. (2018) trained a GAN to
generate Super Mario Bros levels, using a variety of fitness
functions to guide the search for levels with specific proper-
ties. Giacomello, Lanzi, and Loiacono (2018) applied GANs
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to learn a model of DOOM levels, finding that the inclu-
sion of topological features improved the similarity of gen-
erated levels to human-designed ones. Capps and Schrum
(2021) focused on generating whole Mega Man levels by
using multiple GANs to model levels with different types of
segments. Schrum et al. (2020) used interactive exploration
of the GAN latent space to generate Mario levels and dun-
geons. Awiszus, Schubert, and Rosenhahn (2020) proposed
TOAD-GAN that expands SinGAN architecture, enabling it
to create token-based levels while being trained on a single
example.

Conditional GANs have also been utilized in image gen-
eration and more recently in game level generation. Torrado
et al. (2020) proposed a new GAN architecture, CESAGAN,
for video game level generation, which incorporated an em-
bedding feature vector input to condition the training of the
discriminator and generator. This approach also introduced
a bootstrapping mechanism to reduce the number of lev-
els necessary for training and generate a larger number of
playable levels with fewer duplicates. Kelvin and Anand
(2020) applied conditional generative adversarial networks
(CGANS) to create road maps, providing a balance between
user control and automatic generation. Hald et al. (2020)
furthered the application of GANs by using parameterized
GANSs to produce levels for a puzzle game, although they
encountered challenges in approximating certain conditions.

Outside the domain of game level generation, Asokan and
Seelamantula (2020) introduces a novel method for train-
ing GANS called “Rumi-GAN”. This approach incorporates
the concept of negative samples, which the GAN learns to
avoid. The Rumi-GAN enhances the discriminator’s capa-
bility to accurately model the target distribution and expe-
dites the learning process of the generator. This method has
been validated through various experiments, demonstrating
its effectiveness, especially in scenarios involving imbal-
anced datasets where certain classes are under-represented.

Inspired by this approach, we aim to apply negative exam-
ples to the generation of game levels. Specifically, we intend
to compare the performance of vanilla GAN, CGAN, and
Rumi-GAN when provided with both positive and negative
examples of game levels.

Domains

This work uses the Sturgeon (Cooper 2022b) constraint-
based level generator to create a corpus of Super Mario Bros
(Nintendo 1985) level segments. These segments are 14 x 32
in size and are based on the level 1-1 from the VGLC (Sum-
merville et al. 2016). We have also created a corpus of a cus-
tom game called Cave which is a 14 x 14 simple top-down
cave map and it was first introduced by Cooper (2022a) us-
ing tiles from Kenney (Kenney 2022).

In this work, we used two of Sturgeon’s constraint-based
features to generate our corpus. First is the ability to add
constraints on the number of specific tiles. Second is (in ad-
dition to generating playable levels) the ability to create un-
playable levels using an unreachability constraint (Cooper
and Bazzaz 2024) that are similar to playable levels in local
tile patterns, but are not possible to play.
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Table 1: Different tile types and corresponding symbols
present in each game.

We created 3000 each of playable and unplayable Mario
segments with exactly 1,2, and 3 pipes in them, resulting
in 9000 playable segments and 9000 unplayable segments
of Mario. We also created 3000 each of playable and un-
playable Cave segments with exactly 1, 2, and 3 treasures
in them, resulting in also 9000 playable segments and 9000
unplayable segments of Cave.

Table 1 shows different tile types and corresponding sym-
bols in each game. The “start” and “end” tiles are specifi-
cally kept in each level as the minimum requirement for level
playability. We use one-hot encoding of these level segments
during GAN training.

System Overview

All three controllable GANs adopt the Deep Convolutional
GAN architecture as used by Volz et al. (2018), which is
based on the original work of Arjovsky, Chintala, and Bot-
tou (2017). This architecture employs batch normalization in
both the generator and discriminator after each layer, ReLU
activation functions for all layers in the generator (instead
of Tanh), and LeakyReLU activation in all layers of the dis-
criminator.

These models are trained using the WGAN algorithm.
Wasserstein Generative Adversarial Networks offer an al-
ternative to traditional GAN training, providing more stable
training as demonstrated by Arjovsky, Chintala, and Bottou
(2017). Both the generator and discriminator are trained with
RMSprop, using a batch size of 32 and a default learning rate
of 0.00005 for 200 iterations.

The following sections detail each controllable model, de-
scribing the classes of data used for training and the objec-
tive function of the training process.

Vanilla Generative Adversarial Nets

The vanilla GANs as introduced by (Goodfellow et al.
2014), consist of two models: a generative model (G) that
captures the data distribution, and a discriminative model
(D) that estimates the probability of a sample being real
(from the training data) or fake (from the generative model).
The entire training process is framed as a minimax game,
where the discriminator tries to maximize the objective func-



tion, as described in Equation 1 (Goodfellow et al. 2014),
while the generator tries to minimize it. Here, z ~ p, repre-
sents samples from the real data distribution (positive exam-
ples), and x ~ p, represents samples from the generator’s
distribution.

min an(a>)< (Ez~pallog D(x)] + Egnp, [log(1 — D(x))])
Pg x
ey

In this model, controllability is achieved by training a sep-
arate model for each set of desired constraints. For instance,
with the goal of generating Mario levels with a specific num-
ber of pipes, a vanilla GAN is trained specifically to generate
Mario level segments containing only one pipe. This means
that the model is trained exclusively on level segments that
feature only a single pipe.

Conditional Generative Adversarial Networks

CGANSs (Mirza and Osindero 2014) apply extra information
y to both the discriminator and generator. As shown in Equa-
tion 2 (Mirza and Osindero 2014) The loss function of a
CGAN is an extension of the vanilla GAN loss function, in-
corporating this conditional information. This again results
in in a minimax game in which the generator tries to gen-
erate realistic data conditioned on y, while the discrimina-
tor tries to distinguish between real and generated data, also
conditioned on y. Here © ~ pqqt, includes both positive and
negative samples, distinguished by label y.

mén m]zjxx V(D,Q) = Ewdim(w)[log D(x | y)]

+ Eznp.(z)[log(l — D(G(2 | )]
2
Since positive and negative examples vary depending on
the training target, a specific CGAN must be trained for each
desired condition in each experiment. The only difference
between these models is the label of the examples, which
changes based on the model’s objective.

Rumi Generative Adversarial Nets

Rumi-GAN (Asokan and Seelamantula 2020) is a special-
ized type of GAN inspired by the Sufi poet Rumi’s philoso-
phy of learning from both positive and negative experiences.
Equation 3 (Asokan and Seelamantula 2020) shows how in
this approach data distribution pg is split into the target dis-
tribution that the GAN is required to learn (positive samples,
pz{) and the distribution of samples that it must avoid (nega-
tive samples, p; ). The fake distribution which are the sam-
ples drawn from the generator p, is there as before. ™ and
o~ is a weighting factor for the positive and negative real
data distribution term. We set ot to 1 and o~ to 0.5.

£§ = — (o B, [log D(@)] + Eqrp, log(1 — D(@))]

+a K, flog(l - D(w))])
3)
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Figure 1: Venn diagrams of the sample space. Green plus
signs represent positive samples and red minus signs repre-
sent negative samples provided to models.

Again, since positive and negative examples vary depend-
ing on the training target, we need to train a specific Rumi-
GAN for each desired constraint.

Experiments

We conducted two different experiments to examine two
sets of constraints we would like to see in the gen-
erated levels: playability and controllability. A playable
level is a level such that there exists a path between the
level’s start and end locations. Controllability is derived
from the correctness of the number of controlled features
(eg. pipes or treasures) at each level. A level is con-
sidered correct if it has the desired number of features.
Figure 1 shows the Venn diagram of the sample space.
The sample space is divided into playable-correct,
playable-incorrect,unplayable—-correct, and
unplayable-incorrect subspaces. Positive and nega-
tive samples are chosen from these subspaces according to
the model’s objective. In the experiments, negative examples
are added in addition to the positive data that models utilize.
To ensure an unbiased distribution of training data for mod-
els that incorporate negative examples, an equal number of
positive and negative examples are sampled for training. Ta-
ble 2 the models trained in each experiment and the exact
input data of each model.

Experiment One: Playability

In this experiment, the goal is to ensure playability as the
primary constraint for the models to meet. This means that
we take the positive samples(p;') from the playable sub-
space and negative samples (p,) from the unplayable
subspace. Both Conditional GAN and Rumi-GAN use this
negative distribution as additional information.

Experiment Two: Playability and Controllability

This experiment’s goal is to enforce both the number
of some features in the level (number of pipes in Mario
and number of treasures in Cave) and playability as a
constraint for the models to satisfy. This approach gets pos-
itive samples (pj) from the playable-correct
subspace and  negative  samples(p;) from the
playable-incorrect, unplayable-correct,
and unplayable-incorrect subspaces. This means
Rumi-GAN, and Conditional GAN get the playable samples



Model Goal Input Data
—~ | Vanilla GAN | playable segments playable segments of class 1, 2, and 3
E Rumi-GAN | playable segments playable segments of class 1, 2, and 3 (+)
g unplayable segments of class 1, 2, and 3 (-)
§ CGAN playable segments playable segments of class 1, 2, and 3 with labels (1,0), (2,0), (3,0)
M unplayable segments of class 1, 2, and 3 with labels (1,1), (2,1), (3,1)
Vanilla GAN generat?on of class 1 | playable segments of class 1
generation of class 2 | playable segments of class 2
generation of class 3 | playable segments of class 3
Rumi-GAN generation of class 1 | playable segments of class 1 (+), class 2 (-), class 3 (-)
unplayable segments of class 1, 2, and 3 (-)
generation of class 2 | playable segments of class 1 (-), class 2 (+), class 3 (-)
unplayable segments of class 1, 2, and 3 (-)
; generation of class 3 | playable segments of class 1 (-), class 2 (-), class 3 (+)
QE) unplayable segments of class 1, 2, and 3 (-)
é CGAN generation of class 1 | playable segments of class 1 label (1,0)
L?j playable segments of class 2, and 3 with labels (2,1) and (3,1)
unplayable segments of class 1, 2, and 3 with labels (1,1), (2,1), and (3,1)
generation of class 2 | playable segments of class 2 label (2,0)
playable segments of class 1, and 3 with labels (1,1) and (3,1)
unplayable segments of class 1, 2, and 3 with labels (1,1), (2,1), and (3,1)
generation of class 3 | playable segments of class 3 label (3,0)
playable segments of class 1, and 2 with labels (1,1) and (2,1)
unplayable segments of class 1, 2, and 3 with labels (1,1), (2,1), and (3,1)

Table 2: Input data and goals of trained models in experiment 1. The positive and negative signs indicate the positive and

negative examples in Rumi-GAN.

with the desired condition as the positive examples to learn,
and playable samples without the condition (other playable
classes) and all unplayable classes as negative examples.

Evaluation

After the training models in each experiment, we generated
500 levels with each trained model and we evaluated each
model based on the criteria of that experiment.

Experiment One: Playability

To evaluate Experiment One, we measure the percentage of
playable levels as the metric. We use Sturgeon to find (if
available) the shortest path between the start and goal of the
level segments. Generated level segments that don’t have a
start or end, or have multiple starts and ends count as un-
playable levels immediately. Table 3 shows the results of this
experiment. In Mario both models using negative examples
show better performance than vanilla GAN. In Cave, only
Rumi-GAN takes advantage of the negative examples result-
ing in better performance compared to the other models.

Experiment Two: Playability and Controllability

To evaluate Experiment Two, we measure the percentage
of levels that have the correct number of pipes/treasures
while being playable. This means unplayable levels with the
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Vanilla GAN Rumi-GAN CGAN
67.8% 72% 75.4%
87% 89.6% 66.6%

Mario

Cave

Table 3: Experiment One Results. Percentage of playable re-
sults.

correct number of pipes/treasures, or playable levels with
an incorrect number of pipes/treasures count as failures in
this experiment as they only achieved half of the objec-
tive. Note that for the purposes of evaluating the number
of treasures in Cave, it is only the presence of the treasures
that matters, not whether they are reachable. Tables 4 and
5 present the results of this experiment. Incorporating both
the playability constraint and the number of pipes/treasures,
as expected, makes generating correct outputs more chal-
lenging than in Experiment One. This increased difficulty
leads to fewer playable levels being produced by each
model compared to Experiment One. As a result, there are
also fewer playable-correct outputs. Overall, while
the inclusion of negative examples slightly improved per-
formance in CGAN for Mario levels, it did not provide any
benefit for Cave levels.

It’s important to note that the results of Experiment Two



correct playable playable correct
1 2 3 Avg 1 2 3 Avg 1 2 3 Avg
Vanilla 448 412 190 350 67.6 650 644 656 304 28.8 12.8 240
Rumi 412 410 06 276 652 712 568 644 254 310 0.0 188
Conditional 444 312 348 36.6 654 69.8 624 658 294 224 234 25.0

Table 4: Experiment Two Results. Detailed percentage of playable and correct outputs of Mario

correct playable playable correct
1 2 3 Avg 1 2 3 Avg 1 2 3 Avg
Vanilla 244 206 46 165 850 790 81.8 819 206 162 40 13.6
Rumi 184 246 18 149 836 840 822 832 162 214 18 131
Conditional 38.6 30.0 19.6 294 417 319 322 353 160 96 128 128

Table 5: Experiment Two Results. Detailed percentage of playable and correct outputs of Cave
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Figure 2: Examples of successful and failed levels generated in Experiment 1. A successful level is defined as a playable level.
In contrast, unplayable levels either lack start or end positions or have blocked player paths.

reinforce the findings from Experiment One, with the same
models—CGAN and RUMI-GAN—showing superior per-
formance in enforcing playability constraints. Specifically,
CGAN emerged as the leading model in terms of constraint
correctness. However, the results did not indicate a clear
winning model for enforcing both playability and correct-
ness constraints. We believe this suggests that when com-
bining different constraints, the model must be able to dis-
tinguish between the negative examples of each constraint.
Otherwise, as shown in Experiment Two, the model may not
derive significant benefits from the combination.

Discussion

The results of Experiment One demonstrate that incorporat-
ing negative examples in training GAN models can enhance
their ability to generate more playable levels. In future work,
we aim to reinforce this approach using levels annotated
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with players’ paths. The surprising decrease in the perfor-
mance of GAN models using negative examples in Exper-
iment Two, may suggest the importance of the quality of
the negative examples. In future work, we would like to ex-
plore multi-stage training approaches with high-quality neg-
ative examples in fine-tuning steps. We believe this approach
could be effective when combined with bootstrapping meth-
ods (Torrado et al. 2020), or active learning methods with
minimal training levels (Bazzaz and Cooper 2023). These
approaches could make the training easier, with the only
price for the additional controllability being the number of
models trained on the minimal data.

Conclusion

This study explores the potential advantages of integrat-
ing negative examples into Generative Adversarial Networks
(GANSs) to enhance the generation of game levels. Inspired
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Figure 3: Examples of successful and failed levels generated in Experiment 2. A successful level must have the exact correct
features (pipes/treasures) and be playable. Failed levels may be playable but with an incorrect number of features, or unplayable

but with the correct number of features.

by the work of Asokan and Seelamantula (2020) on Rumi-
GAN, the primary focus lies in leveraging positive examples
to guide GANs toward producing desired outputs and nega-
tive examples to avoid undesirable outputs. Through com-
parative analyses involving Conditional GANs (CGANs),
Rumi-GANSs, and a baseline vanilla GAN with and without
negative examples, it was observed that incorporating nega-
tive examples improves the capability of models to generate
more playable outputs. However, this enhancement does not
necessarily aid in enforcing constraints related to the con-
trollability of specific features, such as the number of fea-
tures in game levels.
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