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Abstract

The development and maintenance of video games present unique challenges that differentiate
them from Classic Software Engineering (CSE) such as the increased difficulty in locating bugs
within video games. This distinction has given rise to Game Software Engineering (GSE), a sub-
field that intersects software engineering and video games. Our work proposes a novel way for
bug localization in video games by evolving simulations via an evolutionary algorithm, which helps
to explore the large number of possible simulations. Simulations generate data (i.e., traces) from
the behavior of non-player characters (NPCs). NPCs are not controlled by the player and are
key components of video games. We hypothesize that such traces can be instrumental in locating
bugs. Our approach automatically locates potential buggy model elements from traces. Further-
more, we propose a novel way of applying genetic operations to evolve simulations by selectively
combining their components, rather than combining all components as a whole. We evaluate our
approach in the commercial video game Kromaia, and the results indicate that evolving simula-
tions using our novel component-specific genetic operations boosts bug localization. Specifically,
our approach improved the F-measure for all bug categories over randomly combining all com-
ponents, the baseline (which focuses on CSE and utilizes bug reports), and Random Search by
7.93%, 27.17%, and 46.34%, respectively. This work opens a new research direction for further explo-
ration in bug localization within GSE and potentially in CSE as well. Moreover, it encourages
other researchers to explore alternative genetic operations rather than selecting them by default.
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1 Introduction

Today, video game development is one of the
fastest growing industries in the world and in
terms of developer population, this industry is
responsible for 8.8M active developers as of
2019 [1]. According to the same report, the total
number of active software developers is 18.9M,
so almost one out of every two developers is

involved in the games sector. Furthermore, video
game development is instrumental in achieving the
vision of the Metaverse [2]. This might suggest
that the number of video game developers will
continue to grow in the future as the Metaverse is
developed [3].

Video games present characteristics that differ-
entiate their development and maintenance from
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the development and maintenance of classic soft-
ware; for example, how developers contribute to
video games vs. non-games by working on dif-
ferent kinds of artifacts such as shaders (which
determine the appearance of objects in a 3D envi-
ronment), meshes (a collection of vertices, edges,
and faces that define the shape and structure
of a 3D object), or prefabs (pre-designed and
reusable objects that encapsulate a combination of
meshes, materials, scripts, and other components
that define a particular game object). In addition,
game developers perceive more difficulties than
other non-game developers when locating bugs as
well as reusing code [4].

Nowadays, most video games are developed by
means of so-called game engines. A game engine
refers to a development environment that inte-
grates a graphics engine and a physics engine as
well as a set of tools that wraps around them in
order to accelerate development. The most popu-
lar ones are Unity [5] and Unreal Engine [6], but
it is also possible for a studio to make its own
specific engine (e.g., CryEngine [7]).

A key artifact of game engines are software
models. Developers can create video game content
directly using code (e.g., C++) or the software
models of the engines. On the one hand, the code
allows developers to have more control over the
content. On the other hand, software models are
much less bound to the underlying implemen-
tation and technology and raise the abstraction
level using terms that are much closer to the
problem domain. This means that developers are
liberated from a significant part of the implemen-
tation details of physics and graphics and can
focus on the content of the game itself (see Fig. 1).
Unity and Unreal propose their own modeling
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Fig. 1 Overview of video game artifacts.

language. This includes a combination of script-
ing languages as well as component/object-based
structures that facilitate the creation and manipu-
lation of game elements. In Unity, developers often
use C# scripts to define the behavior of game
objects, while in Unreal Engine, a combination
of C++ code and Blueprints (a visual scripting
system) is commonly employed. A recent survey
in Model-Driven Game Development [8] reveals
that UML and Domain Specific Language (DSL)
models are also adopted by development teams.

Current approaches for locating bugs in soft-
ware focus on source code, while the approaches
needed to locate bugs in video games should con-
sider other artifacts such as software models [4].
Nevertheless, a fault localization survey [9] reveals
that none of the bug localization approaches con-
sider models as the source of the bugs, which
poses a considerable problem for developers since
much of the video game content remains unex-
plored. Actually, Politowski et al. argue that the
way in which developers deal with bugs must
inevitably be different in video games than in tra-
ditional software since the artifacts used are also
different [10].

The lack of specific bug localization
approaches leads to a longer development time,
which sometimes causes delays in the deadlines
and postponement of the launch date. This
results in the video game being released with an
excessive number of bugs, such as the case of the
blockbuster Cyberpunk 2077 [11]. After nine years
of development, Cyberpunk 2077 was released
with so many bugs that it was withdrawn from
the stores, and, a year after its release, patches
are still being released to fix its bugs. These
bugs included NPCs floating in mid-air, charac-
ters glitching through solid objects, and quest
malfunctions preventing mission progression [12].

There are significant differences between Clas-
sic Software Engineering and Game Software
Engineering [10, 13]. Our work suggests these
differences can be advantageous for bug localiza-
tion in video games. Unlike traditional software,
video games commonly include non-player charac-
ters (NPCs) that enhance gameplay by interacting
with the player and the game environment. NPCs,
such as enemies, allies, and bystanders, are pro-
grammed with specific behaviors and roles that
are not controlled by the player. These NPCs can
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be used to run gameplay simulations, which gen-
erate traces of their behavior. The traces can serve
to detect outliers, which can likely indicate the
location of a bug. Hence, we propose leveraging
game simulations to locate bugs in the software
models of video games.

In our recent work [14], we proposed an
approach, called EMoSim, that automatically
locates a set of potential buggy model elements
from a simulation, which is automatically gen-
erated using an evolutionary algorithm. In each
iteration of the algorithm, new simulations are
automatically created (i.e., evolved) by means
of genetic operations, which combine all of the
components of two simulations that are taken
as parents. As a result, the evolved simulations
produce traces that are relevant for locating five
different types of bugs (e.g., Weak Point is Hidden,
which is a type of software model bug).

EMoSim was compared with a baseline,
BLiMEA [15, 16], which is specifically designed
to locate bugs in software models and uses bug
reports and the defect localization principle [17]
(as many bug localization approaches do [9]).
The “defect localization principle” states that the
most recent modifications to a project are the
most relevant for certain Information Retrieval
purposes [17-19]. In the context of bug localiza-
tion, the primary source or root cause of a bug
or defect in a software system typically resides
within the most recently modified file. This serves
as a guiding heuristic for identifying and priori-
tizing areas for investigation or debugging within
the software development process. Also, Random
Search was used as a sanity check in the eval-
uation with the Kromaia case study. Kromaia
is a video game about a spaceship flying and
shooting in a three-dimensional space . It was
released on PC, PlayStation, and translated to
eight different languages. Within the Kromaia
context, an NPC can be a simple enemy, the final
boss of a level, or a totem (level element with a
pre-programmed movement), among others. The
results showed that EMoSiM significantly outper-
formed the baseline and Random Search, and a
focus group confirmed its acceptance.

!See the official Playstation trailer to learn more about
Kromaia: https://youtu.be/EhsejJBp8Go

In this paper, we extend our previous work,
and the main contributions can be summarized as
follows:

1. We classify the five types of bugs that were
located in the previous work in four categories
that were identified in a recent taxonomy of
bugs in video games [20]. Thus, we report the
results using the third party classification of the
taxonomy in order to facilitate future compar-
isons of our results with other works that use
the same classification.

2. We extend the bug types to cover 50% more
categories of the existing taxonomy. Our pre-
vious work covered four categories of the tax-
onomy (30 bugs), whereas this work covers six
categories (54 bugs).

3. We propose novel component-specific genetic
operations that evolve simulations considering
the different components of a simulation (the
simulated player, the NPC and the itinerary)
instead of evolving simulations using the clas-
sic genetic operations as in our previous work,
which randomly combine all components of a
simulation as a whole.

4. We implement our component-specific genetic
operations, and we compare the results of
the categories of bugs with the classic genetic
operations, the baseline, and Random Search.

5. We present a more thorough and updated
related work section that is focused on the
topics covered in this paper: bug localization
in games, bug localization in models, and bug
localization in games that use models.

To report the performance in terms of solu-
tion quality, three metrics (recall, precision, and
F-measure) are included since they are widely
accepted by the software engineering community
in the domain of evolutionary algorithms [14]. In
addition, we perform a statistical analysis (fol-
lowing the guidelines by Arcuri and Briand [21])
in order to provide quantitative evidence of the
impact of the results and to show whether this
impact is significant.

The results show that EMoSiM with the
component-specific genetic operations signifi-
cantly outperforms EMoSiM with the classic
genetic operations, the baseline, and Random
Search in F-measure for all categories of bugs.
The biggest improvements in recall and precision
of EMoSiM with the component-specific genetic
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operations are obtained when the recall is com-
pared with EMoSiM with the classic genetic oper-
ations (improvement of 28.34%), and when preci-
sion is compared with Random Search (improve-
ment of 35.59%). In F-measure, EMoSiM with the
component-specific genetic operations improves
the results of EMoSiM with the classic genetic
operations by 7.93%, the baseline by 27.17%, and
Random Search by 46.34%.

After analyzing the results, we claim the fol-
lowing:

® Qur work suggests that the current ideas of
leveraging bug reports and the defect localiza-
tion principle may not be enough to locate bugs
in video games.

® Qur results show that the component-specific
genetic operations improve the results of
EMoSiM. This can motivate other researchers
to consider other genetic operations instead of
selecting the classic genetic operations by force
of habit or default.

® Our results show that our idea of evolving simu-
lations is a promising, novel way to locate bugs
in video games.

® The discussion of our results helps advance the
understanding of bugs in video games.

® Our approach benefits from the experience of
NPCs in video games. However, agents similar
to NPCs (e.g., simulation agents that represent
humans for testing UT) can also be developed for
apps to evaluate the potential benefits of evolv-
ing simulations to locate bugs in classic software
engineering.

The remainder of the paper is structured as
follows. In Section 2, we present the case study
(Kromaia) and the types of bugs. In Section 3, we
carry out the classification of the types of bugs in
the categories of the taxonomy. In Section 4, we
describe our approach, EMoSim. In Section 5, we
evaluate our approach in Kromaia, and we present
the results, which are discussed in Section 6. In
Section 7, we review the threats to validity. In
Section 8, we examine the related work on the top-
ics covered in this paper. Finally, we conclude the
paper in Section 9.

2 Background

The case study that we use to evaluate the work
presented here is performed using the bosses of the

video game Kromaia. The game in Kromaia takes
place in a three-dimensional space. Fig. 2 shows
the content for a gameplay of Kromaia. Each of
the levels involves a player’s spaceship (Fig. 2.H)
flying from a starting point to a target destination
in order to reach the goal before being destroyed.
The level involves exploring floating structures,
avoiding asteroids, and finding items along the
route. Meanwhile, the boss (see the screenshot
of Fig. 2.A), an enemy character that the player
must defeat at the end of each level, is being
protected by basic entities attempting to dam-
age the player’s spaceship with fired projectiles
(Fig. 2.G). These entities, including enemy bosses,
derive their structure from rigid bodies or solid
objects known as hulls (Fig. 2.B). If the player
manages to reach the destination, the final boss
corresponding to that level appears and must be
defeated in order to complete the level.

GAME ELEMENTS
A-ENEMY BOSS B-HULLS C - VITAL (WEAK POINT) D - LINK

E-WEAPONS F-LASERS G-PROJECTILES H-HUMAN PLAYER SPACESHIP

Fig. 2 Screenshot showing the game content in Kromaia.

The bosses are specified with the Shooter Def-
inition Model Language (SDML). SDML is a
custom DSL model for the video game domain
of Kromaia. This DSL follows the main ideas of
MDE using models for Software Engineering. The
models are created using SDML and interpreted
at runtime to generate the corresponding entities
in the video game. This means that the software
models are created using SDML and translated
into C++4 objects at runtime by an interpreter
used by the game engine.

Specifically, SDML defines structural and
behavioral aspects that are included in video game
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entities: the anatomical structure (including which
parts are used in it, their physical properties, and
how they are connected to each other); the amount
and distribution of vulnerable parts, weapons, and
defenses in the structure/body of the character;
and the movement behaviours associated to the
whole body or its parts. This modeling language
has concepts such as hulls, links, weak points,
weapons, and Al components. At this point, it is
important to highlight that this notion of model
or software model should not be confused with
mesh or 8D model, which are terms used in video
games and computer graphics for describing the
visual representation of 3D shapes. Examples of
the models of Kromaia, the metamodel, and an
online visualizer to show the models as they would
be seen in the Kromaia video game can be found at
the following URL: https://svit.usj.es/models22/
bl-in-mgse.

Fig. 3 shows a graphical representation of the
SDML metamodel of a Kromaia boss. The SDML
metamodel contains: more than 20 concepts, over
20 relationships, and more than 60 properties. A
typical boss model contains around 1300 elements.

2.1 Video Game Simulations

Non-player characters (NPCs) are created through
the development process of the video game. We
propose to harness NPCs to run simulations that
help to locate bugs. Our simulations reuse NPCs
and the video game itself. Our simulations are not
ad hoc developments.

Specifically, by leveraging game simulations,
we want to locate the bugs that are related to
the models that specify the bosses using SDML.
Simulations use non-player characters (NPCs) to
extract information of the game during runtime
with the aim of uncovering bugs that arise from
dynamic interactions during gameplay. This dif-
fers from classic test runs that check the well-
formedness of the game models at design time
with the aim of identifying bugs related to overall
structure and initial configurations of the NPCs.

Concretely, the simulations used in this work
simulate a duel between a boss and a human
player. The simulated player is an algorithm that
acts as an agent and stand-in for the human
player, which is capable of mimicking human
behavior. It was created by the developers of
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Fig. 3 SDML metamodel of a Kromaia boss.

the Kromaia video game. We used their algo-
rithm for our approach. During the simulation,
the simulated player faces the boss in order to
destroy the weak points that are available at that
moment, whereas the boss acts according to the
anatomy, behaviour, and attack/defense balance
that is included in its model, trying to defeat the
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simulated player. In the simulation, both the boss
and the simulated player try to win the match
and do not avoid confrontation, try to prevent
draw/tie games, and try to ensure that there is a
winner. The algorithm can fight a boss by applying
different strategies. Hence, the algorithm can be
parametrized to define the fighting strategy. The
simulation parameters were provided by the devel-
opers based on the analysis of battles between
human players and bosses.

2.2 Bug Types

The developers that implemented the bosses pro-
vided us with the types of bugs that are the most
common when creating the models. The most
common bugs listed by the developers are the
following:

® A boss is invincible because a Weak Point is
Hidden (WPH). This bug occurs when a vital
point in the boss is inaccessible or invisible.
Vital points are vulnerable parts of the bosses.
If they are inaccessible or invisible, the player
cannot reach them; thus, the player will never
be able to defeat the boss.

® A boss is invincible because a Weak Point is
Overlapped (WPO). This bug occurs when solid
objects overlap each other when they are not
supposed to. This can trigger scenarios similar
to those described in the previous bug.

® A boss has wrong behaviour because of Bad
Link Indexes (BLI). This bug occurs when the
links between the parts of a boss are incorrectly
assigned. This causes the physics to become
erratic; thus, the movement of the boss will not
be as expected.

® A boss has wrong behaviour because a Hull
is Not Linked (HNL). This bug occurs when
the hulls are not attached to any other part of
the boss. In this case, the hull works indepen-
dently without taking into account the rest of
the model.

® A boss has wrong behaviour because a Hull
Movement is Blocked (HMB). This bug occurs
when the hulls are incorrectly positioned. Incor-
rect positioning blocks the movement of other
parts of the model; for example, the position of
one hull invades the space of the other. If they
invade each other the physics has unpredictable
behavior.

It is important to clarify that bosses can
be built either using SDML software models or
directly with C+4. The developers of Kromaia
started to create content with code, but they
switched to SDML models to create the content of
the game (e.g., levels, NPCs, items, and weapons).
The intuition of the developers is that they make
fewer mistakes and are more efficient working with
the models than with the code, and an experiment
confirmed this [22]. However, even though the
models abstract implementation details in con-
trast to the code, these can be sources of bugs such
as those indicated above.

In the interviews that we conducted with the
developers that led to identifying these types
of bugs, the developers acknowledged that these
types of bugs are not limited to bosses. These
types of bugs have occurred in other enemies and
in other games that they developed in the past.
Therefore, in the evaluation, we consider the types
of bugs presented above, and our evolutionary
approach leverages the simulations to locate the
most relevant model elements for the bugs.

3 Classifying Bug Types in
Taxonomy Categories

Truelove et al. [20] propose a taxonomy that is
based on the root causes of the bugs and their
effects on video games. This taxonomy consists
of 20 categories, each shedding light on spe-
cific aspects of bug manifestations. For instance,
the “Action” category in their taxonomy encom-
passes bugs that are related to the errors in the
ability /inability to perform actions. We use this
taxonomy to classify the five types of bugs pre-
sented in Section 2. Thus, our work is aligned
with the state-of-the-art, and we report the results
using a third party classification that facilitates
future comparisons of our results with other works
that use the same classification.

To do the bug classification and relate it to
the bugs from [20], we involved multiple people by
employing a methodology similar to those used in
systematic literature reviews (SLRs) that involve
inter-rater reliability (IRR) [23]. IRR ensures that
classifications are consistent and reliable by hav-
ing multiple raters who independently classify the
data and then, comparing their classifications. We
did the following steps to map the classification:
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(1) one author initially classified the bugs identi-
fied in our work; (2) the other authors reviewed
and validated this classification; and (3) to fur-
ther ensure accuracy, two professional video game
developers independently reviewed the classifica-
tion. This step served as an additional layer of
validation to verify our classification.

In our classification alignment with [20], we
want to emphasize that the presented mappings
between our bug types and the categories from [20]
are not intended as rigid one-to-one correspon-
dences. Instead, our approach involves a nuanced
interpretation based on thematic relevance and
shared conceptual ground. We systematically ana-
lyzed the intrinsic characteristics of each bug type,
aiming to capture the broader implications within
the context of both classifications. The resulting
mappings are not a mechanical exercise but rather
a methodical process, reflecting the thoughtful
consideration given to the relationships between
our bug types and the categories outlined in [20].
We aligned each bug type with the category in [20]
by considering the primary impact on gameplay
and player experience. For example, the “Weak
Point is Hidden” (WPH) bug occurs when a boss’s
vital point is inaccessible or invisible, preventing
the player from performing necessary actions. We
classify this under the “Action” category because
it affects the player’s ability to interact with the
game effectively. Similarly, the “Clipping” (CLP)
bug is characterized by objects intersecting incor-
rectly, breaking immersion. This bug fits within
the “Collision of Objects” category as it directly
involves incorrect handling of object collisions.

Our classification (type of bug — category of
bug in the tazonomy) is as described below.

WPH— Action. The “Weak Point is Hidden”
(WPH) bug occurs when a boss in a game is
invincible because a vital point is inaccessible or
invisible to the player. We classify this bug in the
category of “Action” because it refers to errors in
the ability or inability to perform actions in the
game. Examples of this type of bug include button
mapping bugs, incorrect feedback from the game,
and inconsistent movement or aiming mechanics.
While the WPH and Action bugs may seem dis-
tinct, they can often be related. Specifically, the
WPH bug can contribute to the Action bug by
preventing the player from being able to perform
certain actions that would be necessary to defeat
the boss. For example, if the WPH bug makes a

(A) Weak Point is Hidden | (B) Weak Point is Overlapped (C) Bad Link Indexes

(D) Hull is Not Linked

(F) Clipping

(G) Texture Glitch (1) Floating Object

2

e :

Fig. 4 Graphical representation of the bug types.

vital point of the boss inaccessible (see Fig. 4.A)
the player may not be able to use certain weapons
or attacks that would be effective against that
point. As a result, the player may experience frus-
tration and confusion, which can contribute to the
Action bug.

WPO—Action. The “Weak Point is Over-
lapped” (WPO) bug occurs when a boss is invinci-
ble because a weak point is overlapped by another
object when it should not be. Similar to the WPH
bug, the WPO bug can contribute to the category
of “Action” by preventing the player from being
able to perform certain actions that would be nec-
essary to defeat the boss. For example, if a solid
object overlaps with a weapon or attack that the
player is attempting to use against a weak point
(as Fig. 4.B depicts), the attack may not register
or may cause unexpected results, making it diffi-
cult or impossible for the player to progress in the
game. As a result, the player may become frus-
trated and disengaged from the game, leading to
the “Action” bug.

BLI— Artificial Intelligence, Game
Graphics. The “Bad Link Indexes” (BLI) bug
occurs when the links between the parts of a boss
are incorrectly assigned as depicted in Fig. 4.C,
causing the physics of the video game to become
erratic and the movement of the boss to behave
unexpectedly. The BLI bug can manifest in a
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variety of ways, but it often causes bosses to move
in ways that are unintended or unpredictable.
This can impact player experience, as it can make
it difficult for players to anticipate or react to
the behavior of bosses in the video game. Hence,
BLI is related to the categories “Artificial Intel-
ligence” (AI) and “Game Graphics”. When the
BLI bug affects a boss’s movement in unexpected
ways, it can also cause the boss’s Al to behave
unpredictably, leading to an “Al”-related bug.
For example, if the boss moves in a way that is
not expected, it may trigger an Al response that
is inappropriate for the situation. This can cause
the boss to behave in ways that are not intended
by the game designers, leading to a negative user
experience. In addition, the BLI bug can also con-
tribute to “Game Graphics” bugs since the erratic
movement of the boss can cause visual artifacts or
other anomalies in the game world. For example,
if the boss moves in a way that is not expected, it
may clip through other objects in the game world
or cause other visual glitches. This can negatively
impact the visual experience of the video game.
HNL—Game Graphics, Position of
Object. The “Hull is Not Linked” (HNL) bug
occurs when the hulls of a boss are not attached to
any other part of the model. In this case, the hull
works independently without taking into account
the rest of the boss. This can lead to unexpected
behavior and movement that can negatively
impact player experience. This bug can manifest
in a variety of ways such as bosses moving in
unexpected ways or parts of the boss appearing
detached from the rest of the model. The HNL
bug contributes to the categories “Game Graph-
ics” and the “Position of Object”. When the
HNL bug affects the movement and behavior of
bosses, it can also cause visual anomalies in the
game world, leading to “Game Graphics” bugs.
For example, Fig. 4.D shows a hull of a boss that
appears to be floating independently of the rest
of the model, breaking the immersion and nega-
tively impacting the visual experience of the video
game. In addition to its impact on “Game Graph-
ics”, the HNL bug can also affect the “Position of
Object” in the game world. If the hull of a boss
is not properly linked to the rest of the model,
it may appear to be in the incorrect position or
orientation within the game space over time.

HMB— Artificial Intelligence, Position of
Object. The “Hull Movement is Blocked” (HMB)
bug occurs when the hulls of a boss are incor-
rectly positioned, and their movement is blocked
by other parts of the model. This can lead to
unexpected behavior, such as bosses moving in
unexpected ways or not responding to player
actions. This type of bug can also have ripple
effects on other aspects of the video game, such as
the game’s “Artificial Intelligence” (AI) and the
“Position of Object” within the game world. This
bug can cause the boss to behave in unexpected
ways, leading to an “AI” bug where an NPC or
AT does not behave in the intended manner. For
example, if the movement of the boss is blocked
by incorrectly positioned hulls (Fig. 4.E), it may
not respond to player actions as expected, lead-
ing to player frustration and a negative experience
overall. In addition to its impact on Al, the HMB
bug can also affect the “Position of Object” in the
game world. When the movement of the boss is
blocked, it can result in objects not being in the
correct position or orientation within the game
space over time.

In our previous work [14], we identified the
five types of bugs that were presented above. In
this work, we classified those five types of bugs
in four categories of the taxonomy. In addition,
we added four types of bugs that also affect the
behavior of a boss and are common when creating
the model. Thus, we cover 50% more categories
of the existing taxonomy. In the following para-
graphs, we describe these new bug types and their
classification in the taxonomy.

CLP—Collision of Objects. Bug “Clip-
ping” (CLP) occurs when two objects intersect
with each other and the physics engine does not
handle it correctly. For example, Fig. 4.F depicts
a boss’s link clipped through an asteroid, look-
ing visually jarring and breaking the immersion.
CLP is a specific example of the category “Colli-
sion of Objects”. In games, collision detection and
response are critical to gameplay and immersion.
Objects colliding with each other should behave
in a realistic and expected manner. Therefore, it
is important to thoroughly test and debug colli-
sion detection and response to ensure that objects
behave correctly when they collide or interact with
each other.
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TXG—Game Graphics. The “Texture
Glitch” (TXG) bug occurs when the game’s tex-
tures are not rendered correctly, leading to visual
artifacts or distortion. For example, if a boss’s
hull texture is stretched and distorted (as Fig. 4.G
represents), it can look visually unappealing and
break the immersion. It can happen for a wide
range of reasons, including incorrect texture map-
ping, memory errors, or bugs in the game engine.
When a boss has a wrong appearance due to a
TXG, it can make the game feel visually unpol-
ished and unappealing. It can also make it diffi-
cult for the player to distinguish important game
elements, making it harder to play the game.
Therefore, it is essential to ensure that the game’s
graphics are rendered correctly to provide an
immersive and enjoyable experience for the player.

OPW—Interaction Between Object
Properties. The “Overpowered Weapon”
(OPW) bug occurs when a weapon or ability has
unintended effects on the game world or other
objects. Fig. 4.H shows an example of a weapon
that deals too much damage or has too wide of an
area of effect. OPW is a specific example of the
category known as “Interaction Between Object
Properties”. This category refers to when the
properties of two or more objects do not behave
properly when interacting with each other. In
the case of OPW, the interaction between the
weapon’s properties and the game world is not
balanced properly. This can cause unintended
effects such as bosses becoming too weak, enemies
being killed too easily, or puzzles being solved too
quickly. It is important to carefully balance the
properties of objects in the game to ensure a fun
and challenging gameplay experience.

FLO—Position of Object. The “Floating
Object” (FLO) bug occurs when an object is not
properly anchored to the whole boss’s body or
other objects in the game world, leading to it float-
ing or moving unnaturally. For example, Fig. 4.1
shows a weapon in the game world that is float-
ing in mid-air. It can be frustrating for players
to see objects floating around unnaturally or not
anchored correctly, and it can break the immersion
of the game. This bug can also affect the game-
play mechanics since objects that are not properly
anchored may not behave as intended, leading to
unintended consequences. Therefore, this bug is
classified in the category “Position of Object”,
which refers to any bugs related to an object that

is not in the correct position or orientation within
the game space over time. This category encom-
passes a wide range of bugs, from objects that
are floating in mid-air to objects that are stuck in
walls or floors, and it is a crucial aspect of ensur-
ing a smooth and enjoyable gameplay experience
for the player.

Table 1 summarizes the classification of the
nine types of bugs in the six categories of bugs
of the taxonomy. The columns of the table show
the following: the categories of the taxonomy
(Column 1); the descriptions of the categories
(Column 2); and the types of bugs included in each
category (Column 3). The table does not include
all of the categories detailed in the taxonomy [20]
since not all of the bugs are related to software
models (e.g., audio and camera). This classifica-
tion was verified by a professional video game
developer. Afterwards, another professional video
game developer reviewed and confirmed the classi-
fication. We use this classification of six categories
of bugs to report the results in the evaluation.
Nevertheless, we acknowledge the fact of using a
different classification as a threat to validity.

4 Evolving Simulations to
Locate Bugs in Software

Models of Video Games

This section describes how our evolutionary algo-
rithm tackles the challenge of bug localization in
video games. We first present an overview of our
approach and subsequently provide the details of
the approach and our adaptation of the evolution-
ary algorithm to work with game simulations.

4.1 Overview of the Approach

We call our approach “Evolutionary algorithm for
bug localization in software Models leveraging the
game Simulations” (EMoSim). The general struc-
ture of the approach is introduced in Fig. 5. Our
EMoSim approach takes as input a set of software
models in which we want to locate a bug. The goal
of EMoSim is to obtain a ranked list of simula-
tion traces that are ordered by their relevance in
locating the bug.

To do this, the approach initializes a popula-
tion of individuals. Each individual refers to the
overall configuration (set of parameters) applied
to a duel between the boss and the simulated
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Table 1 Classification of types of bugs in the taxonomy of categories of bugs.

Category of the taxonomy Description

Bug type(s)

Action Errors in the ability/inability to perform actions.
An NPC or AI does not behave in the intended manner. Bad Link Indexes (BLI), Hull Movement is Blocked (HMB)
Objects do not behave properly when they collide or

Artificial Intelligence

Collision of Objects contact each other.

Game Graphics .
© b rendered incorrectly.
Interaction Between

Object Properties when interacting with each other.

Position of Object o . .
within the game space over time.

A certain visual aspect of the game world is being
Two or more object properties do not behave properly

An object is not in the correct position or orientation

Weak Point is Hidden (WPH), Weak Point is Overlapped (WPO)

Clipping (CLP)

Bad Link Indexes (BLI), Hull is Not Linked (HNL),
Texture Glitch (TXG)

Overpowered Weapon (OPW)

Hull is Not Linked (HNL), Hull Movement is Blocked (HMB),
Floating Object (FLO)
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Ve Mutation !
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Ranked Simulation
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Fig. 5 EMoSim approach.

player. For example, a parameter of the individ-
ual is how many attacks the simulated player will
do to the first hull of the boss. Thus, we use the
terms individual and simulation interchangeably.
The search space for our approach is determined
by the number of possible simulations. To explore
the search space, EMoSim uses an evolutionary
algorithm that enables the exploration of a large
number of possible simulations. For each simula-
tion, our approach collects data (specific values)
from the execution of the duel. For example, the
number of steps (i.e., time units) that a simulated
player took to attack each hull of the boss. This
data (i.e., trace) is used to assess each individual
of the population with the fitness function, which

is calculated with data that the developers con-
sider relevant, such as the percentage of simulated
player victories.

If the stop condition of the evolutionary algo-
rithm is not met, new individuals (i.e., simula-
tions) are generated through the genetic opera-
tions in order to create conditions in the duel
between the boss and the simulated player where
bugs are more likely to appear. For example, the
conditions of a simulation with high values of
parameters, such as the probability of the boss
being hit and the remaining steps to be taken by
the player when hit, after running the duel, may
result in an outlier value of 300 steps in a hull in
the trace, which may indicate a bug. Hence, the
search of simulations that is performed by the evo-
lutionary algorithm helps to identify conditions for
bug localization, addressing the dynamic nature
of video games. If the stop condition of the evolu-
tionary algorithm is met, the simulation traces are
ranked in ascending order with the lowest fitness
values first. The resulting relevant model frag-
ment for the bug being located is extracted from
a simulation trace.

Next, we describe the evolutionary algorithm
and its adaptation to the bug localization problem
in software models of video games.

4.2 Adapting the EMoSim Approach

Evolutionary algorithms are inspired by Dar-
win’s evolutionary theory, where a population
of individuals is modified through crossover and
mutation operators [24]. Hence, to develop an evo-
lutionary algorithm, the following elements must
be defined:

® Representation of the individuals.
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® Evaluation of the individuals using a fitness
function for each objective to determine a quan-
titative measure of their ability to solve the
problem under consideration.

® Selection of the individuals to transmit from one
generation to another.

e Creation of new individuals using genetic oper-
ators (cross-over and mutation) to explore the
search space.

The following subsections describe the design
of these elements of our evolutionary algorithm
for bug localization in software models of video
games.

4.2.1 Individual Representation

To represent an individual (i.e., simulation), we
use a vector representation. Each vector’s dimen-
sion represents a parameter of the simulation.
Thus, an individual is defined as a set of param-
eters applied to a duel between the boss and the
simulated player. The size of the individual corre-
sponds to the number of parameters (dimensions)
in the vector. The simulation parameters were pro-
vided by the developers based on the analysis of
battles between real players and bosses. The cur-
rent number of simulation parameters is 12 (as
Table 2 shows): three parameters are about the
simulated player (upper part of the table), five
about the boss (middle part of the table), and four
more about the itinerary performed by the sim-
ulated player or the boss during the simulation
(bottom part of the table). The data types are Int
and Float scalars. New individuals are generated
by the evolutionary algorithm.

Fig. 6 shows two examples of individuals. The
graphical representation of each individual emu-
lates the behavior of a player when the duel
with the boss occurs by taking into account the
parameters. For example, the parameters that are
included in each individual (i.e., simulation) can
define how many steps the simulated player takes
in each hull of the boss, the order in which the
hulls are visited following different patterns (one
by one, visit one skip one, visit one skip three...), if
the player requires all of the remaining steps in the
hull when he/she is attacked by it, or the direction
used to visit the hulls of the boss. Steps are a mea-
surement unit of the time spent by the simulated
player on a certain element of the model.

Each example in Fig. 6 corresponds to differ-
ent parameters applied to a simulation. In both
cases, the triangle corresponds to the simulated
player, the circles and lines that connect them cor-
respond to the boss, the dashed and dotted lines
correspond to the path that follows the simulated
player in his/her strategy, and the crosses corre-
spond to the attacks that the simulated player
performs to the hulls. The upper example shows
the simulation of a conservative player in which
the player attacks the first hull and then moves
away. The lower example shows the simulation of
an explorer player in which the player attacks the
first hull then skips one and attacks the following
hulls to the end of the boss.

4.2.2 Fitness Function

Once an individual is created, its parameters are
used to execute the duel between the boss and
the simulated player. This simulation is performed
by a custom stand-alone simulator, implemented
in Kotlin, which interprets XML models derived
from the Kromaia game. The simulator uses the
same algorithm than the engine of the game itself,
and the advantage of using the simulator over the
engine as is in the game is that unnecessary parts

Legend |P/ayermovement o IAttack x|

Simulation with a conservative player

Player
Individual 1
Steps in ...|Remaining | .. .
the hull Order steps Direction
10 0 -2 1

Simulation with an explorer p[a_y_er

:
:/
\

Player.

Individual 2

Steps in ...|Remaining | .. .

the hull Order steps Direction
20 2 -5 1

Fig. 6 Representation of a simulation as an individual.
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Table 2 Simulation parameters provided by the developers.

c . Data  Default Value
Name Description
type value range
playerInitialShields Shields that the simulated player has at the start. Int 5 [0, o0)
hitProbabilityPlayer Probability of the boss being hit by the simulated player. Float 0.25 [0, 1]
recoveryStepDistance Steps that the simulated player requires to regain control after being attacked. Int 10 [0, o0)
bossInitialShields Shields that the boss has at the start. Int Dynamic® [0, c0)
hitProbabilityWeaponMe  Probability of the simulated player being hit by a melee weapon. Float 0.014 [0, 1]
hitProbabilityWeaponBu  Probability of the simulated player being hit by a bullet weapon. Float 0.014 [0, 1]
hitProbabilityWeaponHo  Probability of the simulated player being hit by a homing weapon. Float 0.014 [0, 1]
hitProbabilityWeaponLa  Probability of the simulated player being hit by a laser weapon. Float 0.014 [0, 1]
hullVisitSteps Steps that the simulated player stops on each hull. Int 20 [1, o0)
hullOrder Visit Order in which the simulated player visits the hulls, i.e., one by one, two by two, ... Int 1 [1, 00)
hullStepCount Steps for the simulated player to flee or dodge after being hit. Int -1 (-00, -1]
hullRouteDirection Direction of the route followed by the simulated player: 1 forward and -1 backward. Int 1 1,-1

“Based on the value specified in the model.

like graphics or sound are not run. Thus, the sim-
ulation reproduces the behavior and mechanics of
the Kromaia game to ensure fidelity, but without
running the actual game engine. The information
collected from the duel serves to assess the quality
of each individual (i.e., simulation) using a fitness
function. Hence, the input of this step is a set of
individuals; the output is the set of individuals,
where each individual has been assigned a fitness
value regarding its relevance for the bug.

We use a fitness function that is similar to
the fitness function presented in [25]. This fit-
ness rewards simulations that have behaved as the
developers intended for their game. In [25], the
goal of the work was to generate game content
(bosses); therefore, it made sense to reward those
bosses who behaved as the developers desired.
In this work, the goal is different. Since we are
looking for bugs, we use the same fitness func-
tion except that we rank the simulation traces in
reverse order. This means that we rank as first
the simulations that are farthest from what the
developers expected. The idea is that if they have
strayed from what the developers expected, they
might be relevant when locating a bug.

For each simulation, our approach collects
information about the battle and key events in
order to calculate the fitness value and to obtain
the trace. The information retrieved from the sim-
ulation is the data that the developers regard as
relevant, using their domain knowledge. Hence,
our approach takes into account the percentage of

simulated player victories (victory) and the per-
centage of simulated player health left once the
player wins a duel (health).

The calculation of victory and health is per-
formed in the same way as in [25]:

® Victory is the difference between the number of
simulated player victories (Vp) and the optimal
number of victories (Vp, 33%, according to the
developers of Kromaia and their criteria):

Vo — Vp|

victory =1 —
Vo

(1)

® Health, which refers to completed duels that
end in simulated player victories, is the average
difference between the player’s health percent-
age once the duel is over (Hp) and the optimal
health level that the player should have at that
point (Hp, 20%, according to the developers of
Kromaia):

Vp |Ho—Hp|
health =1 — =4=L_Ho (2)
Vp
To normalize the values of both victory and
health, our approach limits the range of values
that each calculation can take between 0 and 1.
Values less than 0 will get a value equal to 0 (which
means 0%). Likewise, values greater than 1 will
get a value equal to 1 (which means 100%).
The fitness value of a simulation is the average
value between the victory and the health values
described above.
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4.2.3 Obtaining the Ranked
Simulation Traces and Their
Resulting Model Fragments

When the stop condition is met, our algorithm
ranks the simulations (i.e., individuals) in ascend-
ing order with the lowest fitness values first. A
lower fitness value means that the simulation has
had a result that the developers would not approve
of.

For each individual, apart from calculating the
fitness value after executing the simulation, the
trace is also obtained with the aim of extracting
the relevant model fragment where the bug may be
located. The trace contains the specific values that
are gathered after the duel between the boss and
the simulated player, such as how many steps (i.e.,
time units) the simulated player takes to attack
each hull of the boss. The upper part of Fig. 7
depicts an example of a model of a Kromaia boss
and a trace of an individual.

Model of a boss

Trace
H1 H2 . H56 H57
234 43 .. 197 68

~~

Resulting model fragment
(includes the model elements: H1 and H56)

G

Trace threshold = 111
HA1 H56
234 197

Fig. 7 Example of a simulation trace and the model frag-
ment mapping.

In order to extract the relevant model fragment
from a simulation trace, the approach does the
following:

1. Grouping and Counting by Element: The
approach groups elements within the simula-
tion trace and counts their occurrences, result-
ing in a map that tallies how many times each
distinct element appears in the trace.

2. Filtering for Relevant Elements: This
grouped count is then filtered based on a
threshold. Elements with occurrences above
this threshold are retained.

The threshold is an outlier that is calculated
at run-time according to the central tendency
of the trace values. The higher frequency of an
element in the trace (exceeding the threshold)
likely indicates its relevance for locating the bug.
The intuition is that if the simulated player took
an extraordinary amount of steps attacking one
hull element, that hull element may be hidden or
invincible. Therefore, the elements surviving the
filter—those appearing more frequently than the
threshold—can be considered to be the relevant
model elements.

The lower part of Fig. 7 shows the model
fragment that results after selecting those model
elements that are above the threshold in the trace.
In the depicted example, the trace of the selected
individual indicates Hull 1: 234 steps, Hull 2: 43
steps, ..., Hull 56: 197 steps, Hull 57: 68 steps,
and our approach sets 111 as the threshold. Hence,
Hull 1 and Hull 56 are the model elements that
conform the resulting model fragment, which can
be considered relevant for locating the bug.

4.2.4 Selection

If the stop condition is not met, the evolutionary
algorithm continues with the genetic operations
(either classic and component-specific). To do this,
it is necessary to select individuals from the pop-
ulation that are going to be evolved. Then, we
use the wheel selection mechanism, i.e., the selec-
tion of an individual is directly proportional to
its relative fitness in the population. This mecha-
nism gives a higher probability of selection to the
fittest individuals while still giving a chance to
every individual.

In each iteration, the algorithm selects indi-
viduals from the population (P,) for the next
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generation of the population (P,1). The selected
individuals will be the ones that generate the next
individuals using genetic operations.

4.2.5 The Classic Genetic Operations

Most of the works use the classic genetic oper-
ations (single-point crossover plus random muta-
tion) [26] to generate new individuals from the
modification of the elements of the individual as
a whole. These genetic operations are presented
below:

® (Crossover: We use a single, random, cut-point

crossover. It starts by selecting and splitting two
parent individuals at random. When two parent
individuals are selected, a random cut point is
determined to split them into two sub-vectors.
Then, the crossover creates two child individuals
by putting the first part of the first parent with
the second part of the second parent for the first
child and putting the first part of the second
parent with the second part of the first parent
for the second child.
Fig. 8-a) depicts a representation of the
crossover applied to the Parent A and Parent B
simulations and the resulting offspring simula-
tions. Each individual (S; and Ss in the figure)
has the same length, which is the number of
parameters for the simulation.

e Mutation: This operator consists of randomly
changing one or more parameters in the simula-
tions. Given an individual, the mutation opera-
tor first randomly selects some positions in the
vector representation of the individual. Then,
the selected dimensions are replaced by another
value of the parameter. These values are not
randomly generated numbers; they are selected
from a catalogue of values that the developers
have collected from battles between real players
and bosses. Fig. 8-b) depicts a representation
of the mutation applied to the individuals that
were obtained from the crossover (S; and Ss)
and the resulting new simulations (Child A and
Child B). Each replaced value in the individual
is highlighted in solid gray.

As a result, new simulations are created in
order to test a large number of possible game
scenarios by changing the simulation parameters,
which represent different elements of the boss and

player profiles. In other words, the new simu-
lations represent other possible individuals that
might be relevant for locating the bug. Overall,
the aim of the approach is to find the most rele-
vant simulation to locate the target bug. The most
relevant simulation seeks to represent conditions
in the duel between the boss and the simulated
player where bugs are more likely to appear. For
example, the conditions of a simulation with high
values of parameters, such as the probability of
the boss being hit and the remaining steps to be
taken by the simulated player when hit, after run-
ning the duel, may result in a trace with an outlier
value of 300 steps in a hull, which may indicate a
bug.

To find the most relevant simulation, the algo-
rithm of EMoSim performs a search that is guided
by a fitness function. This search is done among
the different simulations (previously obtained by
applying the mutation and crossover operations)
that could be relevant to locate the bug.

4.2.6 The Component-Specific Genetic
Operations

Most previous works choose the classic genetic
operations [26] by default, and they do not con-
sider that there are other operations that could
be potentially better for the quality of the solu-
tions. In our previous work [14], we also chose
the classic genetic operations by default without
considering whether doing changes in the genetic
operations could affect the quality of the solutions.
Hence, in this paper, we propose component-
specific operations that perform the genetic oper-
ations considering three different components of a
simulation:

e The simulated player represents the entity (i.e.,
the player’s spaceship) whose behavior is being
modeled within the simulation. This compo-
nent comprises three parameters: the number of
shields that the player has at the start, the prob-
ability of the boss being hit by the player, and
the distance in recovery steps after an attack.

e The boss represents the entity (i.e., the final
boss of a level) within the simulation that is
not controlled by the player. This component
comprises five parameters such as the probabil-
ity of the player being hit by a melee weapon,
by a bullet weapon, or by a laser weapon. We
never mutate the model that defines the boss



15

Springer Nature 2021 ETEX template

but only the parameters of the simulation (i.e.,
the parameters of the duel between the boss and
the simulated player).

® The itinerary refers to the path or sequence of
actions taken by the simulated player or NPCs
within the simulation. This component com-
prises four parameters: the steps that the player
uses to attack each hull, the order in which the
player visits the hulls (i.e., one by one, two by
two, ...), the remaining steps to be taken by
the player when hit, and the direction of the
route followed by the player: 1 forward and -1
backward.

The lower part of Fig. 8 depicts an exam-
ple of the component-specific operations by taking
into account the three different components of the
parent simulations. To start with, each parent sim-
ulation is split into three subsets (see Fig. 8-c),
which correspond to the three different compo-
nents of the simulation (simulated player, boss,
and itinerary). The single-point crossover opera-
tion is then applied at the component level, cre-
ating six offspring simulations that inherit genetic
information from both parents (see Fig. 8-d). The
main advantage of this single-point crossover at
the component level is that the offspring simula-
tions combine information from parents that only
contain one component instead of containing all
components. Combining all components may pro-
duce offsprings that lack meaningful coherence
and, consequently, worsen the results. Then, the
resulting six offspring simulations of the compo-
nents are randomly mutated to change one or
more parameters (see Fig. 8-e). These parame-
ters are selected from a catalogue of values that
the developers have collected from battles between
real players and bosses.

As a result, the resulting six offspring simula-
tions are merged into two resulting children (see
Child C and Child D in Fig. 8). Each child simu-
lation inherits genetic information from all three
components, with a more targeted and fine-tuned
genetic representation. Thus, this new component-
specific genetic operations produce simulations
that better capture the complexities of video game
scenarios.

5 Evaluation

This section presents an evaluation of the
approach: the oracle preparation, the experimen-
tal setup, the results obtained, and the statistical
analysis performed.

We evaluate the use of the simulations in
our approach and the different categories of bugs
involved in the process. In order to address
the evaluation, we formulated the following four
research questions:

® R(Q);: What is the performance in terms of solu-
tion quality of EMoSim with the component-
specific genetic operations, EMoSim with the
classic genetic operations, the baseline, and
Random Search?

® R(Q)y: Is there any difference in performance
between the classic genetic operations and the
component-specific genetic operations?

® RQs3: Is there any difference in performance
among the different categories of bugs in video
games?

® RQ)4: Are the performance results obtained by
EMoSim with the component-specific genetic
operations, EMoSim with the classic genetic
operations, the baseline, and Random Search
significant?

Answering RQ; allows us to compare the per-
formance results (in terms of recall, precision, and
F-measure) of the two variants of our approach
(with the classic genetic operations and the
component-specific genetic operations), and the
baseline. In addition, we compare our approach
with a Random Search (RS) sanity check. If RS
outperforms an intelligent search method, we can
conclude that there is no need to use metaheuris-
tic search. Answering RQ)- with the same metrics
allows us to know if the use of component-specific
genetic operations instead of the classic genetic
operations influences the results. Answering RQ3
with the same metrics allows us to know if the bug
category influences the results. Answering RQ4
allows us to properly compare the approaches,
to provide formal and quantitative evidence (sta-
tistical significance) that the approaches do in
fact have an impact on the comparison metrics
(i.e., that the differences in the results were not
obtained by mere chance), and to show that those
differences are significant in practice (effect size).
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Fig. 8 The component-specific genetic operations using simulation encoding.

5.1 Oracle Preparation

To evaluate the approach, we applied it to the
Kromaia video game, which is a commercial video
game released on PC and PlayStation 4. For the
case study, the data repository provided by our
industrial partner includes the models with bugs
and the bug reports. Our industrial partner also
provides the model fragments that are source of
the bugs (oracles) as part of the data repository.

As the left side of Fig. 9 shows, a random selec-
tion of 54 bugs is made from the provided data
repository. From the selection of 54 bugs, their cor-
responding data and documentation is extracted
such as the oracle. The oracle is the ground truth
and is used to compare the results provided by
EMoSim in its two variants (using component-
specific or classic genetic operations), the baseline
(BLIMEA [16]), and RS.
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The BLIMEA approach uses an evolutionary
algorithm that iterates through the models of a
system and assesses model fragments as possible
sources of bugs. Although this approach is not
specific for video games, the approach can be use-
ful for locating bugs in systems that use models.
A recent survey [9] on bug localization techniques
did not identify any other approach that consid-
ers models as the source of the bugs or a specific
approach for bug localization in video games.

BLiMEA uses a multi-objective evolutionary
algorithm with two fitness functions: Information
Retrieval (IR) and modification timespan. This
approach receives a bug description and a set of
product models as input. The output is a set where
each model fragment has been assigned two fitness
values: the similarity to the bug description and
the timespan to the most recent model-fragment
modifications. Since BLIMEA needs more infor-
mation as input than EMoSiM, we augmented
the test cases with the information that BLIMEA
needs.

To prepare the oracle, we extend the 30 bugs
from our previous work [14] to a total of 54
bugs that were randomly selected from the entire
data repository. Thus, the six categories of bugs
are supported and four new types of bugs (CLP,
TXG, OPW, and FLO) are supported with six
bugs each. These bugs contained natural language
bug descriptions and the approved model frag-
ments that contained the target bugs. Each model
had more than 1000 model elements. For each of
the bugs, we created two different test cases that
were needed as input by the approaches. One of
them included the set of product models where
that bug was manifested and a bug description
for BLIMEA. The second one included the set of
product models where that bug was manifested for
EMoSim and RS. All of them were obtained from
the data repository.

5.2 Experimental Setup

Fig. 9 shows an overview of the process that
was followed in the evaluation. The left part
of the figure shows the inputs of the evalua-
tion process, which are the models with bugs
and bug reports from the industrial partner. The
input (data repository from the industrial part-
ner) is marked with a red border line. The output
(ranked model fragments) of our approach, RS,

and the baseline is marked with a blue bor-
der, and the intermediate one (ranked simulation
traces) is marked with a green border. The various
approaches are filled with different pattern back-
grounds: EMoSim (component-specific) branch,
which is the novelty of this paper, uses the evo-
lutionary algorithm (as described in Section 4)
with the component-specific genetic operations
(as described in Section 4.2.6). It has the orange
“cross-hatch” background and a thicker bor-
der line. EMoSim (classic), which is our previ-
ous work, also uses the evolutionary algorithm,
but the genetic operations are the classic ones
(as described in Section 4.2.5). It has the pur-
ple “hatch” background. Random Search (sanity
check) has the “solid” background; and BLIMEA
(baseline) has the “zigzag line” background. The
box that represents the reports that contain infor-
mation about the performance results (in terms of
solution quality) is highlighted with a dashed line.

The baseline, BLIMEA, produces a ranking of
model fragments that are the most relevant to the
bug. Random Search is used as a sanity check to
determine if our approach performs better than
mere chance. To produce a model fragment, RS
starts with the random selection of an individual
(i.e., the set of parameters applied to a simulation)
from the population. Then, new individuals are
generated by taking into account all components
of the selected individual as a whole using the
genetic operations. These two steps are repeated
until the stop condition is met. Once the stop
condition is met, an individual is selected ran-
domly and the simulation (that is described by the
parameters of the selected individual) is executed
to obtain its trace. Afterwards, RS sets a random
threshold value to select those model elements
whose value in the trace is above the threshold.
Random thresholds can help in exploring differ-
ent regions of the search space without bias. Thus,
the search remains stochastic and simple, and not
overly focused on any particular region based on a
predetermined threshold. For example, if the trace
of the selected individual indicates Hull 1: 3 steps,
Hull 2: 245 steps, ..., Hull 19: 87 steps and RS
randomly sets 4 as threshold, Hull 2 and Hull 19
are the model elements that conform the model
fragment. Both EMoSim (component-specific) and
EMoSim (classic) produce a ranking of traces. The
trace contains all of the model elements that the
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Fig. 9 Evaluation process.

interpreter has used at runtime during the simu-
lation. All of the model elements that appear in
the trace form the most relevant model fragment
according to the trace for the bug. Then, we can
compare the model fragments with an oracle in
order to check accuracy.

After running the approaches, in order to com-
pare them, we take the best solutions from each
of the approaches for each of the bugs (the first
solution in the ranking) as suggested in [27]. Then,
we compare them to the actual solution (from the
oracle) that contains the model fragment of the
target bug in order to get a confusion matrix.

A confusion matrix is a table that allows the
visualization of the performance of a classifica-
tion algorithm. In our case, each solution is a
model fragment that is composed of a subset of
the model elements that are present in the model
(where the bug is being located). Since the gran-
ularity will be at the level of model elements, the
presence or absence of each model element will be
considered as a classification. Therefore, our con-
fusion matrices will distinguish between two val-
ues (TRUE/presence and FALSE/absence). The
confusion matrix arranges the results of the com-
parison into four categories:

e True positive (TP): a model element present
in the predicted model fragment that is also
present in the model fragment from the oracle.

e True Negative (TN): a model element not
present in the predicted model fragment that
is not present in the model fragment from the
oracle.

e False Positive (FP): an element present in the
predicted model fragment that is not present in
the model fragment from the oracle.

Software EMoSim: component- Ranked Ranked
> Models of | | specific (this work) Simulation Traces Model Fragments
é VG Content
E. | |¢ 2 Test Cases EMosSim: Ranked | | Ranked | |9
E2 '% ] classic Simulation Traces Model Fragments s =3
§5| |2| | & el ‘gt |3
= o & E|,| Bug . St= 3 o
g £ S 8 Reports RIS S » Model Fragment 2 5} !
B S 3 sanity check J & © S
= '§ 5 k3 g [
Q= o © S
[} @ ; .
@ Model Test Cases IleMFA. w > Mod IT?:nked —> ©
(%] Fragment aseline J odel Fragments
>
Source of
Bug —>| Oracle I >

e False Negative (FN): an element not present in
the predicted model fragment that is present in
the model fragment from the oracle.

The confusion matrix holds the results of the
comparison between the predicted model frag-
ments and the model fragments from the oracle.
The result of the sum of all of the categories
(TP+TN+FP+FN) is the number of model ele-
ments (n) of the model that contains the predicted
model fragment. Fig. 10 shows an example of
the comparison made between the resulting model
fragment (the upper part of the figure) and the
oracle (the middle part of the figure) to obtain
the confusion matrix (the lower part of the figure).
In the figure, the model element H1 is in both
the resulting model fragment and the oracle, so it
is considered a True Positive (TP), whereas the
model element H57 is in the oracle but not in
the resulting model fragment, so it is considered a
False Negative (FN). However, in order to evalu-
ate the performance in terms of solution quality of
the approach, it is necessary to extract some mea-
surements from the confusion matrix. Specifically,
we create a report that includes three performance
measurements (recall, precision, and F-measure)
for each of the test cases for the approaches.

Recall (%) measures the number of ele-

ments of the model fragment from the oracle that
are correctly retrieved by the proposed model
fragment.

.. TP 3 .
Precision (W) measures the number of

elements from the proposed model fragment that
are correct according to the ground truth (the
oracle).

2 % PrecisionxRecall

F_measure ( Precision+Recall

) corresponds

to the harmonic mean of precision and recall.
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Resulting model fragment
(includes the model elements: H1 and H56)

<O

Oracle

(includes the model elements: H1, H56, and H57)

<D

Comparison and confusion matrix

Predicted
FALSE TRUE
FALSE | TN=54 FP=0
TRUE FN=1 TP=2

N=57

Actual

Fig. 10 Example of the calculation of the confusion
matrix.

Recall values can range between 0 (i.e., no sin-
gle model element from the model fragment from
the oracle is present in any of the model fragments
of the predicted solution) and 1 (i.e., all of the
model elements from the oracle are present in the
predicted solution).

Precision values can range between 0 (i.e., no
single model element from the model fragment
predicted is present in the model fragment from
the oracle) and 1 (i.e., all of the model elements
from the predicted solution are present in the
model fragment from the oracle). A value of 1 in
precision and 1 in recall implies that both the pre-
dicted model fragment and the model fragment
from the oracle are the same.

5.3 Implementation Details

Each time that we run an approach, we obtain a
set of results for a bug. As the approaches per-
form genetic operations, chance could affect the
results. In order to minimize the effect of chance,
we execute each of the approaches 30 times for
each bug as suggested in [21]. For BLIMEA, we

used the same parameters as reported in [15]. For
EMoSim, we started from those reported in [25]
(as we used the same simulation) and made sure
they converged.

To determine the stop condition, we ran some
prior tests to determine the convergence time.
According to the tests, the time needed to con-
verge was below 8 seconds for locating each bug.
Therefore, we established the stop condition at 10
seconds (adding a margin to ensure convergence),
ensuring that the approaches run long enough to
obtain the best solutions.

For purposes of replicability, the implemen-
tation source code and the data (software mod-
els and oracles) are publicly available, includ-
ing the confusion matrices obtained as result,
and the CSV files (in terms of recall, preci-
sion, and F-measure) used as input in the sta-
tistical analysis at the following URL: https:
//bitbucket.org/svitusj/bl-in-mgse. The specific
code that is executed to obtain the traces is in
the file “Source Code/EMoSim/approach/simula-
tion/EAlgorithm.kt” (lines 31-107).

5.4 Results

In this section, we present the results obtained in
the two variants of EMoSim (with the component-
specific genetic operations and the classic genetic
operations), BLIMEA (baseline), and the RS (san-
ity check) approaches in Kromaia. Table 3 shows
the mean values and standard deviations for recall,
precision, and F-measure for each approach in
the six categories of bugs that were presented in
Section 3. Fig. 11 shows a bar chart that depicts
the resulting F-measure values for each approach
for the six categories of bugs. Both variants of
EMoSim and BLIMEA obtained better results
than the RS.
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Table 3 Mean values and standard deviations for Recall, Precision, and F-measure for each category of bugs.

EMoSim (component-specific genetic operations)

Artificial

Collision of Game Interaction Between

Position of

Action Intelligence Objects Graphics Object Properties Object Overall
Recall + (o) 93.15 + 16.78 96.48 + 8.62 98.33 + 4.08 97.64 + 5.78 100 97.78 + 5.44 97.55 + 8.04
Precision + (o) 59.23 £ 12,99  40.96 £ 9.88 36.37 £ 3.65 36.92 £ 2.59 36.58 + 6.67 34.94 + 3.88 40.82 £ 16.43
F-measure + (o) 70.92 + 12.8 57.03 + 9.73 52.94 + 3.32 53.52 + 3.16 53.29 + 6.67 51.38 + 4.29 55.73 + 12.59
EMoSim (classic genetic operations)
Action Artificial Collision of Game Interaction Between Position of Overall
cho Intelligence Objects Graphics Object Properties Object era
Recall + (o) 59.17 £+ 23.82 68.34 + 20.06 74.34 £ 12.28  65.83 £ 20.63 80 + 23.29 72.59 £+ 18.29 69.21 + 22.99
Precision + (o) 64.03 + 6.98 36.33 £ 453 37.53 £ 6.13  35.95 + 2.51 35.59 + 9.87 34.14 +£ 1.57 39.5 £ 15.66
F-measure + (o)  59.88 £+ 17.09 46.97 + 7.96 49.37 £ 5.6 45.86 + 6.81 48.66 + 12.47 45.96 + 4.69 47.8 £+ 13.09
BLIiMEA (baseline)
Acti Artificial Collision of Game Interaction Between Position of Overall
1on Intelligence Objects Graphics Object Properties Object ver
Recall + (o) 46.11 £+ 16.26 35.47 + 9.31 35.14 + 8.21 34.35 + 9.11 36.95 + 10.3 38.87 + 10.38 41.15 + 19.98
Precision + (o) 41.08 + 7.28 23.52 + 6.75 22.05 + 7.63 20.79 £ 3.08 22.58 £ 6.6 18.3 + 3.47 25.64 £+ 15.62
F-measure + (o) 41.43 + 3.87 27.81 £+ 6.22 27.78 £ 6.15 25.56 £+ 3.85 27.56 + 6.62 24.62 + 4.68 28.56 + 11.62
Random Search (sanity check)
Action Artificial Collision of Game Interaction Between Position of Overall
cho Intelligence Objects Graphics Object Properties Object era
Recall + (o) 56.67 + 18.23 70.93 £ 16.53 72.09 + 13.72  70.42 £ 16.11 81.67 + 17.48 68.7 £ 10.17 68.79 + 18.24
Precision + (o) 7.13 + 3.95 4.84 +£ 23 9.77 £ 4.99 4.25 + 1.88 3.78 £ 1.48 3.16 +£ 1.33 5.23 £ 4.19
F-measure + (o) 12.57 £ 6.73 9.03 + 4.16 16.84 + 8.05 8 + 3.45 7.2 £ 275 6.03 £ 2.47 9.39 + 6.78

RQ; answer. EMoSim with the component-
specific genetic operations obtained the best
performance results, providing an average value
of 97.55 in recall, 40.82 in precision, and 55.73 in
the overall F-measure. EMoSim with the classic
genetic operations obtained 47.8 in the overall F-
measure, which also outperformed the baseline
and RS. Although the overall value of recall of
RS outperformed the baseline and was slightly
lower than EMoSim with the classic genetic oper-
ations, the overall value of precision indicates
that many elements of the resulting model frag-
ments were not present in the model fragments
from the oracle. For this reason, RS obtained the
worst F-measure.

RQ, answer. There are differences in perfor-
mance between the classic genetic operations
and the component-specific genetic operations.
As Table 3 shows, the biggest improvement is
when the overall recall is compared (by 28.34%).
In the overall F-measure, EMoSiM with the
component-specific genetic operations improved
the results of EMoSiM with the classic genetic
operations by 7.93%. Also, EMoSiM with the
component-specific genetic operations improved
the results of the baseline by 27.17% and RS by
46.34% in the overall F-measure. The best val-
ues for each category are highlighted in bold in
the table.

5.5 Statistical Analysis

To properly compare the approaches, all of the
data resulting from the empirical analysis was
analyzed using statistical methods following the
guidelines in [21].
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Fig. 11 Bar chart that represents the F-measure values for each category of bugs.

5.5.1 Statistical Significance

The test that we must follow depends on the
properties of the data. Since our data does not
follow a normal distribution in general, our analy-
sis requires the use of non-parametric techniques.
There are several tests for analyzing this kind of
data; however, the Quade test has shown that
it is more powerful than the others when work-
ing with real data [28]. In addition, according
to Conover [29], the Quade test has shown bet-
ter results than the others when the number of
algorithms is low (no more than four or five
algorithms).

The p — Values obtained in the test are <
2.2210716 for recall, precision, and F-measure.
Since the p—Values are smaller than 0.05, we can
state that there are differences among the algo-
rithms for the performance indicators of recall,
precision, and F-measure.

However, with the Quade test, we cannot know
which of the algorithms gives the best perfor-
mance. In this case, the performance of each algo-
rithm should be individually compared against
all of the other alternatives. In order to do this,
we perform an additional post hoc analysis. This
kind of analysis performs a pair-wise comparison
among the results of each algorithm, determining

whether statistically significant differences exist
among the results of a specific pair of algorithms.

Table 4 shows the p — Values of Holm’s post
hoc analysis for the case study and the per-
formance indicators for the algorithms: EMoSim
with the component-specific (EMoSim_CS) or the
classic (EMoSim_C) genetic operations, BLIMEA
(Baseline), and RS. All of the p—Values obtained
are smaller than their corresponding significance
threshold value (0.05), indicating that the differ-
ences in performance are significant (highlighted
in bold in the table), except when comparing pre-
cision in EMoSim_CS vs EMoSim_C and recall in
EMoSim_C vs RS.

Table 4 Holm'’s post hoc p — Values for each pair of
algorithms in Kromaia.

Recall Precision F-measure
EMoSim_CS vs EMoSim C < 2x10716 0.83 2.1x10-8
EMoSim_CS vs Baseline < 2x10~16 3x10-5 < 2x10-16

EMoSim_CS vs RS < 2x10716 < 2x10716 < 2x10~16

EMoSim_C vs Baseline ~ 9.7x10~8 2.7x10°%  2.8x1012
EMoSim_C vs RS 0.89 <2x10716 < 2x10-18
Baseline vs RS 2x10~2 2.6x10-16  3.2x101%
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RQ3; answer. There are differences in perfor-
mance among the different categories of bugs
in video games. The Action category (which
includes the WPH and WPO types of bugs)
obtained the best results in EMoSiM (using
either the component-specific or the classic
genetic operations) for precision and F-measure
(obtaining 70.92 for component-specific and
59.88 for classic in F-measure). The lowest F-
measure value was obtained in the Position of
Object category (which includes the HNL, HMB
and FLO types of bugs) in EMoSiM with the
component-specific genetic operations (51.38)
and in the Game Graphics category (which
includes the BLI, HNL and TXG types of bugs)
in EMoSiM with the classic genetic operations
(45.86).

5.5.2 Effect Size

When comparing algorithms with a large enough
number of runs, statistically significant differences
can be obtained even if they are so small as to
be of no practical value [21]. Thus, it is impor-
tant to assess if an algorithm is statistically better
than another and to assess the magnitude of the
improvement. Effect size measures are needed to
analyze this.

For a non-parametric effect size measure, we
use Vargha and Delaney’s Al [30, 31]. A5 mea-
sures the probability that running one algorithm
yields higher values than running another algo-
rithm. If the two algorithms are equivalent, then
Ay will be 0.5.

Table 5 shows the values of the effect size
statistics between pair-wise comparisons of algo-
rithms in Kromaia. Specifically, the upper part of
the table shows the 12112 values, whereas the lower
part of the table shows Cliff’s Delta [32] values for
recall, precision, and F-measure.

RQ, answer. From the results, we can deter-
mine that the performance results obtained by
EMoSim with the component-specific genetic
operations, EMoSim with the classic genetic
operations, the baseline, and RS are significant
in F-measure. The magnitude of improvement
using EMoSim instead of the baseline and RS
can be interpreted as being large based on the
magnitude scales [33] of the Cliff Delta values.
Hence, EMoSim has an actual impact on perfor-
mance. The highest differences between EMoSim
and the baseline and RS are obtained when the
component-specific operations are used, obtain-
ing better results in F-measure for 97% and 100%
of the runs, respectively.

6 Discussion

The results show that the component-specific
genetic operations improve on the results of the
classic genetic operations. This reveals that it
is worth exploring other genetic operations that
could obtain better results instead of selecting the
classic genetic operations by default as we did in
our previous work [14] (randomly combining all
components of an individual as a whole) since it
is the most popular choice in the Search-Based
Model-Driven Engineering community [26].

The results also show that the six different
categories of bugs (e.g., Action, Artificial Intelli-
gence and Collision of Objects) obtain different
values of recall, precision, and F-measure using
either the EMoSim variant with the component-
specific genetic operations or the classic genetic
operations. This reveals that, in order to put the
performance of different approaches into perspec-
tive, future research on BL in video games must
report the categories of bugs of the taxonomy that
have been used in their evaluation. It is not enough
to talk about bugs in video games in general, since
the nature of bugs can be influenced by various
game genres, development tools, or modeling lan-
guages used in different games. While our study
focuses on a broad categorization of bugs, the
nuances and specificity related to each video game
or the type of game development environment
used could certainly influence bug patterns. These
distinctions may warrant further exploration to
understand the intricacies of bug occurrences in
specific game contexts.
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Table 5 Effect size measures for comparing each pair of algorithms in Kromaia.

Ay
Recall Precision F-measure
EMoSim_CS vs EMoSim_C 0.9378782 0.488252 0.6863653
EMoSim_CS vs Baseline 0.9911 0.8348167 0.9700961
EMoSim_CS vs RS 0.9446422 1 1
EMoSim_C vs Baseline 0.8252047 0.8131007 0.8636525
EMoSim_C vs RS 0.5229619 1 0.99288
Baseline vs RS 0.1573514 0.9676041 0.9302243
Cliff’s Delta
Recall Precision F-measure

EMoSim_CS vs EMoSim_C
EMoSim_CS vs Baseline
EMoSim_CS vs RS
EMoSim_C vs Baseline
EMoSim_C vs RS

Baseline vs RS

0.8757565 (large
0.9822001 (large
0.8892844 (large
0.6504094 (large

)
)
)
)
b

0.04592382 (negligible)
-0.6852973 (large)

-0.02349591 (negligible)
0.6696333 (large)

0.3727305 (medium)
0.9401922 (large)

1 (large) 1 (large)
0.6262015 (large) 0.7273051 (large)
1 (large) 0.9857601 (large)

0.9352083 (large) 0.8604486 (large)

The reason why EMoSim did not achieve bet-
ter results (closer to 100% precision and recall)
is because sometimes the bugs are related to
parameters of model elements. In this work, the
granularity of the simulation traces is at the
model element level (not the parameter level). To
improve the results, future research should extend
the approach to work with the granularity that is
at the level of the parameters of model elements.
Moreover, future research should explore whether
parameters of model elements should be taken
into account to assess individuals by the fitness
function, or by a multi-objective approach.

Despite the rise of video games and the arrival
of the metaverse, video game research remains
underexplored. Notable contributions to under-
standing the differences between Classic Software
Engineering (CSE) and Game Software Engineer-
ing (GSE) include the work of Pascarella et al. [4]
and Politowski et al. [10]. Our study builds on this
by examining Bug Localization (BL) within GSE.

In CSE, bug localization traditionally relies
on textual descriptions of bug reports and the
defect localization principle [9, 18]. However, these
methods fall short in the context of GSE. The
baseline of our evaluation, which was success-
ful in CSE for locating firmware bugs in BSH
group products [15] (Bosch, Siemens, Gaggenau,
Neff, Balay, among others) showed lower precision,
recall, and F-measure in GSE. This discrepancy
arises because bug reports and defect localization

principles do not effectively guide bug localization
in video games.

A key requirement for video games is to be fun,
a factor often absent in traditional bug reports.
Simulations can better reflect the fun factor by
measuring how far they deviate from the ideal
experience envisioned by developers. Our intuition
is that incorporating fun-related heuristics can
improve bug localization in video games, focus-
ing on issues that frustrate players rather than
technical errors like null pointer exceptions.

As occurs in CSE, GSE developers accelerate
the development through the use of frameworks
or libraries (see Fig. 1). This can potentially be
a source of bugs. For example, overlapping weak
points in a boss’s hull can make an enemy inde-
structible (hulls can only be destroyed after the
weak point is destroyed), blocking game progress.
Unlike baseline approaches, our method detects
such runtime interaction bugs through evolving
simulations, providing insights missed by tradi-
tional methods. Nevertheless, more research on
the bugs caused by the well-formedness of the
models is needed.

EMoSim leverages Non-Playable Characters
(NPCs) already present in game development,
reducing the effort needed for simulations. These
NPCs, designed for various in-game roles, can be
used to simulate player interactions and identify
bugs. While CSE lacks equivalent agents to NPCs,
future research could explore building similar
agents for simulation-based bug localization.
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Furthermore, we ran a focus group to acquire
feedback from four software engineers of the indus-
trial partner. One of them has been developing
video games for 15 years, two have developed video
games for six years, and the last one only has two
years of experience developing video games. They
all participated in the development of Kromaia,
either from its inception (the most experienced
developer) or creating new content for the game
(the other three developers). Specifically, the focus
group was composed of the following open ques-
tions: (1) What do you think of the results of the
approaches?; (2) How do you feel about locating
bugs in video games using simulation traces?; and
(3) How do you imagine the use of EMoSim in
video games of other genres and in more complex
video games?

The engineers stated that the results of
EMoSim were far superior to the results of the
baseline. In their opinion, the idea of the baseline
to favor results related to the latest modifications
does not help find errors. In the event of a bug,
the developers recognized that the first thing that
they intuitively do is to check the latest modi-
fications; however, in their experience, these are
not usually the source of bugs since many of the
bugs go unnoticed until the game is completed and
played from start to finish.

On the other hand, the developers found the
information of the traces to be very relevant in
locating bugs. All four agreed that this meant
moving from a bug localization based on gut-
feeling to a bug localization based on evidence.
In their opinion, the information of the traces is
underutilized and traces contain latent informa-
tion about the frustrating or difficult moments for
the player.

The engineers also mentioned that EMoSim
can be used for other video game genres and
more complex problems (such as locating bugs in
whole levels). To do this, they informally revis-
ited some game genres (e.g., first person shooters,
fighting games, or strategy games) to conclude
that they provide the basic ingredients for apply-
ing EMoSim. They imagined how they are going
to use the non-playable characters (known as
NPCs in the video game domain) of those games
as part of the simulation for the fitness func-
tion of EMoSim. The less experienced developer
also stressed the importance of the presentation
of the information of traces. In his opinion, it

would help to convert the traces into heat maps
on the software models where the model ele-
ments have different colors based on the number
of occurrences in the trace.

Finally, we revisited the developers of the
industrial partner 15 months later. The developers
stated that the ideas of addressing simulations by
the different components (simulated player, NPC
and itinerary), which are titled as component-
specific genetic operations in this work, are taken
for granted nowadays. However, the developers
acknowledged that these ideas were new to them
until we presented this work. One of the strong
points of this work is that it does not need
additional developments. This means that the ele-
ments of the simulations are built naturally as part
of the development. Nowadays, the developers
recognize that they naturally separate the com-
ponents of the simulations like our component-
specific genetic operations do when they develop
new video games. Hence, the strength of this work
of minimizing overhead is maintained with regard
to the natural development of video games.

7 Threats to Validity

To acknowledge the threats to the validity of
our work, we use the classification suggested by
De Oliveira et al. [34].

1) Conclusion Validity Threats. We
considered random variation by executing the
approaches 30 times for each bug as suggested
n [21]. We used measurements that are widely
accepted in the software engineering research com-
munity (recall, precision, and F-measure) [35] to
analyze the obtained confusion matrix, and we
showed the average of the results. We also used
a statistical test (Quade test) and effect size
measurements (A, and Cliff’s Delta) following
accepted guidelines [35]. We addressed the lack
of a meaningful comparison baseline by compar-
ing the results obtained in the two variants of our
EMoSim approach with a baseline and a sanity
check.

2) Internal Validity Threats. We used val-
ues from the literature for the approaches to
address the poor parameter settings. As suggested
by Arcuri and Fraser [35], default values are good
enough to measure the performance. We also used
two main indicators (victory and health) to calcu-
late the fitness of a simulation as performed in [25].
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To address the lack of real problem instances,
the evaluation of our work was performed using a
commercial video game, and the problem artifacts
were directly obtained from the developers and the
data repository of the game, such as the catalogue
of values that is used in the genetic operations
and the software models. We randomly selected six
bugs for each type of the nine types of bug from
the entire data repository because the number of
bugs in each category is similar. However, further
research should be done in this direction.

3) Construct Validity Threats. We
addressed the threat of the lack of assessing the
validity of cost measures by performing a fair com-
parison of our approach with the baseline and
the sanity check. Moreover, our evaluation was
performed using three measurements (recall, pre-
cision, and F-measure) that are widely used in the
software engineering research community [35].

4) External Validity Threats. Our
approach was evaluated in a commercial video
game, whose instances were collected from real-
world problems to mitigate the threat of the lack
of a clear object selection strategy. To mitigate
the generalization threat, our approach has been
designed to be generic and applicable not only
to the Kromaia video game but also for locating
bugs in other different video games. Our approach
can be applied if the software model conforms to
MOF (the OMG metalanguage for defining mod-
eling languages) and the simulated players are
available. While the software model conforms to
MOF, our implementation uses reflective methods
provided by the Eclipse Modeling Framework.
Thus, the text elements that are associated to
the models are extracted automatically indepen-
dently of the metamodel that is used. From the
information that is extracted from the model, the
population is initialized taking into account the
encoding provided (e.g., how many parameters
are in an individual). In addition to the encoding,
our approach requires the other two main ingre-
dients of SBSE approaches: operators and fitness
function. The operators are the component-
specific or the classic crossover and mutation
operations. The encoding and the fitness func-
tion depend on the simulated player. We can
apply our approach to other video games where
simulated players are available. These simulated
players are available in popular game genres such

as car games (rival drivers), FPS games (bots),
or RTS games (rival generals). Once the main
ingredients of SBSE approaches are provided, the
evolutionary algorithm (as used in our implemen-
tation) can be executed. Nevertheless, our results
should be replicated with other video games and
with other classifications of types of bugs before
ensuring their external validity. For those cases
where there is no simulated player, the developers
should ponder the tradeoff of the cost of devel-
oping the simulated player and the benefits of
locating bugs with our approach.

8 Related Work

Table 6 shows the related work, which takes into
account the topics covered in this paper: bug local-
ization in games, bug localization in models, and
bug localization in games that use models. The
upper part of Table 6 includes 24 bug localization
works in chronological order, from 2015 until June
2024. Also, the lower part of the table includes two
rows to compare our previous works [14, 59| as
well as a row to compare this work with the other
bug localization works. The columns of the table
show: the related work (Column 1); the year of
publication (Column 2); where it covers bug local-
ization whether in games, in models, or in games
using models (Columns 3-5); if doing bug localiza-
tion in games, we classify which types of bugs are
covered using the classification of the taxonomy
of bugs in video games [20] (Column 6); if the fit-
ness function is a simulation (Column 7); and if
the evaluation performed explicitly mentions that
industry is involved (Column 8). In each cell of
the table, except columns 2 and 6, we use either
a check mark (to indicate that the work explicitly
addresses what is mentioned in the column) or a
cross mark otherwise.

8.1 Bug Localization in Games

Some papers do bug localization in games as
shown in Table 6. For instance, Ariyurek et al. [41]
developed gameplay agents that are governed by
reinforcement learning (RL), Monte Carlo Tree
Search (MCTS), and inverse RL to mimic human
behaviour in simple action-adventure games, with
the goal of identifying bugs. In general, the
authors found that the agents were capable of
matching or even outperforming human testers
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Table 6 Related work in bug localization.

Bug localization in

Year
Games that use

Categories of bugs Simulations as Industrial

Games Models found (in games) fitness function scale
models
Burguetio et al. [36] 2015 X v X - X X
Iftikhar et al. [37] 2015 X X v Context State, Position of Object X v
Sanchez-Cuadrado et al. [38] 2017 X v X X X
Sanchez-Cuadrado et al. [39] 2018 X v X X X
Troya et al. [40] 2018 X v X - X X
Ariyurek et al. [41] 2019 v X X Action, Crash, Event Occurrence X X
Zheng et al. [42] 2019 v X X Action, Audio, Crash, Game Graphics, Value X v
Ahumada and Bergel [43] 2020 v X X Action, Triggered Event X X
Ariyurek et al. [44] 2020 v X X Action, Crash, Event Occurrence X X
Bergdahl et al. [45] 2020 v X X Action, Exploit X X
Cheng et al. [46] 2020 X v X - X X
Wu et al. [47] 2020 v X X Context State, Crash X v
Zhang et al. [48] 2020 X v X - X X
Ferdous et al. [49] 2021 X X 4 Action, Triggered Event X X
Quach et al. [50] 2021 X v X X X
Arcega et al. [16] 2022 X v X - X v
Ciborowska et al. [51] 2022 X v X - X v
Khanfir [52] 2022 X v X - X v
Liang et al. [53] 2022 X v X X v
Tufano et al. [54] 2022 v X X Implementation Response X X
Liu et al. [55] 202 X v X X v
Politowski et al. [56] 2023 v X X Action, Context State, Interaction Between Object Properties X X
Pérez et al. [57] 2023 X v X - X v
Roca et al. [58] 2024 X X v Action, Artificial .Invtelligeucej Game Graphics, v v
Position of Object
Our previous work [14] 2022 X X v Action, Ar“ﬁC;,E:}Silﬁzilffegﬁngame Graphics, v v
Our previous work [59] 2023 X X v Action, Artificial .In.tclligcuccj Game Graphics, v v
Position of Object
Action, Artificial Intelligence, Game Graphics,
This work (extension) 2024 X X v Position of Object, Collision of Objects, v v

Interaction Between Object Properties

in terms of the errors found. In their follow-
ing work [44], for game testing purposes, they
extended the MCTS agent with several modifica-
tions (Transpositions, Knowledge-Based Evalua-
tions, Tree Reuse, MixMax, Boltzmann Rollout,
Single Player MCTS, and Computational Bud-
get). Their results showed that MCTS modifica-
tions improve the bug-finding performance of the
agents.

Zheng et al. [42] rely on deep reinforcement
learning (DRL) to make progress in automated
video game testing. However, the challenge with
the existing DRLs is that most of them focus
on winning the game rather than game testing.
Their work focuses on the balance between win-
ning the game (i.e., advancing in the game) and
exploring the game space (i.e., increasing the pos-
sibility of discovering bugs). They mainly leverage
evolutionary algorithms and multi-objective opti-
mization to explore the game space by optimizing
the population iteratively, so more states of the
game could be explored and tested, whereas DRL
contributes to accomplishing the mission. They
evaluate its effectiveness in two real-world com-
mercial video games, having previously performed

an empirical study to characterize game bugs by
analyzing a total of 1,349 real bugs from four
industrial games. They leverage the game itself as
the simulation, whereas EMoSim leverages NPC-
based game simulations, which isolate and scru-
tinize aspects of gameplay dynamics (such as the
duel between the boss and the simulated player)
for bug localization. The information obtained
from the simulation is used by EMoSim as fitness
function to locate the model fragments that are
the source of bugs.

Tufano et al. [54] presented RELINE, which
is an approach that uses RL to load test video
games. RELINE can be instantiated on different
games using different RL models and reward func-
tions. Their proof-of-concept study performed on
two subject systems shows the feasibility of their
approach: Given a reward function that is able to
reward the agent when artificial performance bugs
are identified, the agent adapts its behavior con-
tinuing to play the game, whereas EMoSim looks
for those bugs.

Politowski et al. [56] suggest an approach to
automate game testing to balance video games
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with autonomous agents by comparing the diffi-
culty levels between game versions and issues with
the game design, and the game demands for skill
or luck.

The above approaches do not take into account
software models as the source of the bugs. Models
are used in many video game developments; hence,
the models can be the source of the bugs.

8.2 Bug Localization in Models

Outside the game domain, several techniques are
used for bug localization in models. For example,
Arcega et al. [16] evaluate how to apply the exist-
ing model-based approaches in order to mitigate
the effect of starting the localization in the wrong
place. They also take into account that software
engineers can refine the results at different stages.
They compare different combinations of the appli-
cation of bug localization approaches and human
refinement. The combination of their approaches
together with manual refinement obtains the best
results.

Troya et al. [40] present an approach to apply
Spectrum-Based Fault Localization (SBFL) for
locating the faulty rules in model transformations.
Their approach takes advantage of the informa-
tion recovered after the model transformation is
run. The inputs of their approach are a model
transformation, a set of assertions, and a set of
source models. Their approach finds the violated
assertions and uses the information of the model
transformation coverage to rank the transforma-
tion rules according to their suspiciousness of
containing a bug.

Sénchez-Cuadrado et al. [38] combine static
analysis and constraint solving to discover errors
in ATL transformations. They developed a tool
that uses static analysis to detect problems based
on the textual information and generates witness
models using OCL path conditions and constraint
solving. In their subsequent works, they present
an approach that proposes suitable quick fixes for
ATL transformation errors [39]. Their approach
performs speculative analysis to provide informa-
tion on the impact of the application of each
applicable quick fix and generates a dynamic
quick fix rank. In addition, they constructed a
static ranking empirically through the automated
application of quick fixes on transformations.

Burguerio et al. [36] present a static approach
to trace errors in model transformations, taking
as input an ATL model transformation and a set
of constraints that specify its expected behav-
ior. Their approach automatically extracts the
footprints of both artifacts and compares transfor-
mation rules and constraints one by one, obtaining
the overlap of common footprints. The output is
three matching tables that can be used by soft-
ware engineers to trace the rules that might be the
cause of broken constraints due to faulty behavior.

Pérez et al. [57] analyze how collaboration
affects maintenance tasks such as Traceability
Link Recovery (TLR), Bug Localization (BL),
and Feature Location (FL) on software models in
the context of a worldwide industrial supplier of
railway solutions.

The above approaches and the approaches that
are included in Table 6 that take bug localization
in models into account are not specific to video
game development. They were not designed with
the peculiarities of video games in mind nor have
they ever been evaluated in video games.

8.3 Bug Localization in Games That
Use Models

Others do bug localization in games that use mod-
els as Table 6 shows. Iftikhar et al. [37] propose
a software model-based methodology for auto-
mated video game testing. They use UML class
diagrams and UML state machines for the model-
ing (domain and behavioral, respectively). Their
approach automates test case generation, execu-
tion, and oracle generation. They conduct their
evaluation using two platform games.

Ferdous et al. [49] present a search-based test
generation approach applied to software mod-
els. They capture an abstraction of the desired
game behavior in an extended finite state machine
(EFSM) and derive abstract tests of the software
model using search-based algorithms, which are
then specified into action sequences that are exe-
cuted in the game under test. They used a 3D
game to evaluate the suitability of the approach
and five search algorithms for test generation on
three different software models of the game.

These approaches rely on UML or state
machines, whereas our approach is not restricted
to these models. As far as we could determine,
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there are very few studies in game software engi-
neering on the use of software models as the
source of bugs or performing the testing taking
into account software models as the main artifact.

Among the bug localization works that are
included in Table 6, 29.63% do it in games, 48.15%
do it in models, but only two other works prior to
ours do it in games that use models. These works
that do bug localization in games that use models
(Iftikhar et al. [37] and Ferdous et al. [49]) locate
only two categories of bugs, “Context State” and
“Position of Object”, and “Action” and “Trig-
gered Event”, respectively. Furthermore, only the
former does so on an industrial scale. Our previous
work in BL in games that use models [14] includes
the novelty of using a fitness function that collects
information about the simulations. It covers more
categories of bugs than the previous works [37, 49]
(four categories instead of two), and three of these
categories (Artificial Intelligence, Game Graphics
and Position of Object) have not been covered pre-
viously in bug localization works in games that
use models. Roca et al. [58] use genetic operations
that 1) combine all components of the simulation
as a whole (unlike our approach); and 2) explore
the interaction between different models, which is
out of the scope of this work.

Our previous work [59] uses our EMoSim
approach with the classic genetic operations as
baseline [14] in order to study whether involving
the human in a hybrid fitness function influences
the quality of bugs being located without taking
into account the bug types.

This work extends our previous work [14]
with the classification of types of bugs in the
existing taxonomy of bugs in video games to facil-
itate future comparisons of our results with other
works, and it adds more bugs to cover 50% more
categories of bugs of the taxonomy. These addi-
tional categories have not been covered previously
in bug localization works in games that use mod-
els. Also, this work proposes novel component-
specific genetic operations, and it compares the
results that are obtained in the categories of bugs
using the classic genetic operations, the baseline,
and RS.

9 Conclusion

For years, bug reporting and the defect localiza-
tion principle have proven to be useful for locat-
ing bugs in software. Bug localization in Game
Software Engineering has received little attention
despite the rise of video games and the problems
that their developers have in locating bugs.

Our work presents a classification of bug types
in the context of video games within the categories
identified in a recent taxonomy. This facilitates
future comparisons of our work with other works
that use the same classification.

Also, our approach evolves simulations and
uses novel component-specific genetic operations
that produce relevant traces to locate bugs. The
results show that our approach, using either the
classic genetic operations or the novel component-
specific operations, outperforms the traditional
method of relying solely on bug reports and the
defect localization principle to locate bugs in video
games.

We propose a novel route to locate bugs in
video games not only by evolving video game sim-
ulations that produce traces that are relevant to
locating bugs, but also by exploring other genetic
operations that do not randomly combine all com-
ponents as a whole. To locate bugs, we leverage
non-player characters, which is one of the key fea-
tures that are inherent to the video game domain.
Our approach involves the use of non-player char-
acters to generate simulations that consider the
different components of the game in order to
evolve simulations rather than randomly combin-
ing them. The positive feedback received from a
focus group indicates the acceptance of our pro-
posal. Our discussion of the results contributes
to advancing the understanding of bugs in video
games.

Furthermore, our work suggests that evolving
simulations can also be applied to Classic Software
Engineering to locate bugs (e.g., simulation agents
that represent humans for testing UI, or simulated
transitions in state machines), which expands the
scope of our approach beyond the video game
domain. We hope that our research inspires more
studies and collaborations to address the chal-
lenges of bug localization in video games that
could also potentially be used in Classic Soft-
ware Engineering. We also hope that our work
motivates other researchers to consider alternative
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genetic operations (instead of selecting the clas-
sic genetic operations by default) to potentially
obtain better the results.

Finally, the study of the effect of our approach
remains an open challenge for the field of Auto-
mated Program Repair (APR). APR aims to
reduce the cost of fixing bugs by automatically
producing patches. In APR, the automated local-
ization of bugs is essential. The accuracy of the
localization used by APR may have a significant
effect on the success of APR. However, most APR
tools require the location to be done on code
statements instead of considering other software
artifacts such as model elements. Moreover, not
only can taking advantage of evolving simulations
be relevant for locating bugs in software models,
but it can also be relevant for fixing the located
bugs automatically.
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