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Abstract We present our Evolutionary Boss Improvement (EBI) approach,
which receives partially complete bosses as input and generates fully equipped
bosses that are complete. Additionally, the evolutionary algorithm and the
new genetic operations included in EBI favor genetic improvement, which af-
fects the initial partial content of the incomplete bosses originally provided.
We evaluate our approach using Kromaia, a commercial video game released
on PlayStation 4 and PC. EBI uses an evolutionary algorithm to evolve a
population of bosses guided by duels between the bosses being generated and
a simulated player. Our approach evaluates the quality, in terms of game ex-
perience, of both the bosses generated and those included in Kromaia using
six metrics (Completion, Duration, Uncertainty, Killer Moves, Permanence,
and Lead Change) from the literature. The results show that the quality of
the bosses created by EBI is comparable to the quality of the original bosses
that were manually created by the developers of Kromaia. However, the EBI
approach reduces the time required to build the bosses from five months (of
elapsed time as opposed to dedicated time) to just 100 minutes of unattended
run. EBI enables developers to accelerate the creation of content, such as
bosses, which is essential to ensure player engagement.

Keywords Procedural Content Generation · Procedural Content Improve-
ment · Evolutionary Algorithms · Commercial Video Games

1 Introduction

Procedural Content Generation (PCG) is a topic that has become increasingly
prominent within the Video Game community [1]. PCG is defined as the au-
tomated creation of video game content by means of algorithms [1].
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Within the Software Engineering community, Genetic Programming (GP) [2]
tackles the automated generation of software. GP and PCG share the idea of
generation (software and video game content, respectively). In the last decade,
the Software Engineering community has experienced a surge of interest in a
subfield of GP known as Genetic Improvement (GI) [3]. GI improves existing
software through an automated search, evolutionary algorithms, and search-
based optimization. A recent survey [4] points out the main difference between
GP and GI: GP builds a working program from scratch and GI uses an existing
program as the starting point. Surveys on PCG [1,5,6] do not identify works
that focus on addressing content improvement.

Because the establishment of GI as a subfield of GP has brought novel
and positive contributions [3], the goal of our work is to simply recognize the
content improvement work in PCG and give that subfield a name: Procedu-
ral Content Improvement (PCI). We consider that PCI might be as positive
for the Video Game community as GI has been for the Software Engineering
community.

In this work, we focus on game boss improvement. It consists in taking par-
tially generated bosses as the starting point and generating complete bosses
which are comparable or even better than the bosses completed by human
developers in terms of game experience quality, i.e., how interesting the bosses
are to players. Bosses are particularly powerful enemies that the player must
overcome at the end of a stage or level. In order to help video game developers
when they create game bosses, we present our Evolutionary Boss Improvement
(EBI) approach. The EBI approach relies on an evolutionary algorithm that
is guided by a simulated duel between the boss and the player.

We evaluate our approach using a commercial video game, Kromaia. This
video game has been released worldwide in both physical and digital versions
for PC and PlayStation 4. To create a boss, the Kromaia development team
must perform the following steps: Creative Design, Spatial Organization, Be-
havior Specification, and Equipment Configuration.

When we apply our EBI approach to Kromaia, it first obtains a partially
created boss enemy as input (i.e., Creative Design, Spatial Organization, and
Behavior Specification have already been performed) and then performs the
last step, Equipment Configuration. The output obtained from our approach
is a complete boss.

In the evaluation, we compare the bosses generated by our approach with
the five bosses that have been manually created by the development team
of Kromaia, using six different indicators of the level of quality achieved by
the game. These quality measures, which are taken from the video game re-
search literature [7], are the following: Completion, Duration, Uncertainty,
Killer Moves, Permanence, and Lead Change. The results show that the bosses
generated by our approach outperformed those designed by the developers.

Additionally, the EBI approach generated those bosses after running unat-
tended for 100 minutes, which is a significant advance in terms of time. The
version control system used by the company that created the video game shows
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that the developers needed five months1 to perform the last step (Equipment
Configuration) before the final release of Kromaia.

Our approach helps developers to accelerate the creation of content. Con-
tent is often released as Downloadable Content (DLC), which is essential to
reinforce player engagement and retention. Furthermore, content is also used
to refresh existing products when they are released on new platforms.

The contribution of the present work could be summarized in this way:

– This work focuses on addressing the improvement of content, instead of
software, and applies the ideas of PCG and GI to the production of com-
plete content, taking as an input incomplete, partially generated content.

– In contrast with other previous works, our approach uses Evolutionary
Computation instead of Machine Learning in order not to depend on knowl-
edge bases, since such approaches may require datasets with thousands of
examples [8], and those knowledge bases are not always available in the
case of industrial products. Furthermore, even if there also exist previous
works which generate content from a single sketch or draft of the complete
content as a starting point, our work studies the improvement of a content
which is received incomplete.

– Our work does not focus on game content such as levels, maps or sprites,
which are typically represented by 2D images. In addition, the recent lit-
erature calls for works who address more diverse types of content, like
characters and their skills. Our work focuses on the generation of final
bosses, which are complex entities which are not internally represented as
images, and belong to a type of content which has been less studied in
comparison.

The paper is organized as follows. Section 2 summarizes related works.
Section 3 provides the background. Section 4 presents an overview of our EBI
approach. Section 5 presents the evaluation, comparing the results obtained
by our approach with the content in the video game case study. Section 6
describes the threats to validity. Finally, Section 7 presents our conclusions.

2 Related Work

Several approaches focus on the generation of new content while others are
more focused on the balance of existing content. Both types of approaches use
similar methods for assessing and guiding the process [1] (direct fitness, sim-
ulations based on intelligent agents, or interactive evaluation with real users).
Next, we describe the works belonging to these two categories.

2.1 Generation of new content

Our work leverages search to improve a specific type of non-playable charac-
ter (NPC): the game boss. The previous surveys [1,5] that cover search-based

1 This includes testing with real players.
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procedural content generation are about ten years old. To cover the years from
these surveys, we ran a new search using the following query on Scopus: TI-
TLE-ABS-KEY ( ( pcg OR ”automatic generation” OR procedural ) AND (
videogame OR game ) AND ( ”search-based” OR evolutionary OR genetic OR
”local search” OR ”tabu search” OR ”Monte Carlo Tree Search” OR mcts ) ).
The query returned 237 works. After manual inspection, we identified two
works that tackle NPC and consequently are relevant to our work. We con-
sidered only those works that tackle NPC building, excluding works that are
related to NPC but do not build NPCs (e.g., NPC placement [9] was excluded).

We classified the identified works following the distinction between Proce-
dural Content Generation (PCG) and Procedural content Improvement (PCI)
introduced in Section 1: PCG builds content from scratch and PCI uses exist-
ing content as the starting point. Two of the identified works belong to PCG
as we show below.

Siqueira and Gadelha [10] tackle the generation of NPCs for massive multi-
player online real-time strategy games. They focus on generating heroes, which
are the NPCs that manage soldiers in battle formations. Even though their
approach takes as input a team of heroes for the defender side, it evolves the
heroes of the attacker side. The latter are generated randomly according to a
uniform distribution. In other words, the input heroes are not used as a start-
ing point for creating heroes; the input heroes are used to assess the battle
performance of the created heroes.

Ashley et al. [11] tackle the mating facet of NPCs in the context of artificial
life. More specifically, they focus on a wolf-sheep predation model where they
encode the mating partner preferences of each NPC. Their main idea is that a
more effective mate selection increases the extinction time of the population.
Their results show that NPCs evolve to favor mates who have survival traits.
The implementation of their proposed approach in a video game remains as
future work. In their work, NPCs are randomly initialized, that is, there is no
other NPC used as a starting point.

In contrast, we tackle a different subtype of NPC (game boss) and we fol-
low a PCI approach in which we take partially generated bosses as starting
points. Our PCI approach enables developers to significantly accelerate the
creation of NPCs (i.e., game bosses).

Even if a systematic literature review of PCI work is out of the scope of this
study (actually, it is our future work), we also identify works that tackle the
creation of shooter maps in the results of our search query. We focus on this
type of content because the our video game case study is commonly described
as a shooter game. Four of the identified works qualify as PCG, whereas one
qualifies as PCI. Below, we present these works and why they belong to each
category.

The work of Cardamone et al. [12] is the first to generate playable maps
for an FPS (First Person Shooter). The authors propose four different repre-
sentations for the levels and use the average fighting time of artificial agent
simulations as the fitness function. Then, Lanzi et al. [13] go one step further
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by applying a similar approach to evolve shooter maps for match balancing.
In other words, while Cardamone et al. aimed to evolve interesting maps (i.e.,
maps that allow the emergence of interesting game dynamics), Lanzi et al.
focus on evolving a map that can improve the match balancing. Loiacono et
al. [14][15] were the first to leverage multi-objective evolution for generating
shooter maps. All of these works used the same encoding proposed by Carda-
mone et al. [12], the same static simulation through bots to guide the search,
and the same case study (Cube 2). Furthermore, neither of these works re-
ported that they use existing shooter maps as the starting point.

The work of Olsted et al. [16] also tackles the generation of shooter maps
using the encoding by Cardamone et al. [12] and the Cube 2 case study. The
novelty of this work is that it allows a group of human players to interac-
tively and collectively evolve the shooter maps through voting. The human
players guide the evolutionary search towards the map content that they pre-
fer. The approach does not build shooter maps from scratch; their approach
builds shooter maps from existing shooter maps that are considered to meet
a minimum level of quality, thus preventing human players from receiving
particularly bad maps.

It is worth mentioning that all of the above works on shooter maps use
a significantly simplified version of Cube 2 maps. This might favor the use
of PCG approaches, whereas tackling Cube 2 maps which are not simplified
might benefit from PCI approaches. In the case of our work (which tackles
game bosses instead of shooter maps), we did not simplify the content in any
sense, and PCI enabled us to achieve a significant reduction in development
time. Finally, in the manner of interactive approach of Olsted et al. [16], other
interactive approaches for other types of content might also use PCI to avoid
presenting content to human players if it is not good enough to be considered
by them.

In our previous work [17], we tackled the PCG of game bosses of Kromaia.
To do this, we leveraged the ideas of Model-Driven Engineering [18], which
include the genetic operation of model repair and the use of the model inter-
preter to guide the evolution of bosses. In this work, we focus on improve-
ment instead of generation from scratch. This work shows that improvement
is beneficial in accelerating video game development. In addition, we achieve
the positive results of improvement without the model repair operation and
the model interpreter. This means that improvement can be used in video
games for which the repair operation and the interpreter used as fitness are
not available. Improvement allows developers to keep control of some steps of
the creation process while they delegate other steps to automation (improve-
ment). The developers of Kromaia acknowledge that some content requires
that they keep some level of control, while other content may be completely
generated from scratch. This suggests that PCG and PCI approaches can
complement each other. In another previous work, we also used Kromaia as a
case study for requirement traceability [19]. Traceability is important for video
game developers since they are often asked to show how functionality has been
implemented. For instance, Nintendo might ask developers to implement game
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saves in a specific way. Even though our previous work also uses Kromaia as
a case study, the goals are completely different: traceability and improvement,
respectively.

In addition and, in the context of PCG, there is an increasing interest in
the application of Machine Learning (ML) and, specifically, Deep Learning
(DL) to PCG in video games, as shown by a recent work which explores the
evolution of this field of knowledge in the last years [20]. The paper surveys the
techniques applied to content generation, and discusses both the limitations of
the methods used and potential future research directions. For instance, this
work exposes how systems which are autonomous, or merely receive initial
parameters from human subjects, have difficulties to create quality content,
and, therefore, mixed initiative generation [21], which include initial drafts or
specifications given by humans for design assistance purposes [22], is gaining
acceptance [20]. Such techniques are mainly used for the generation of plat-
form game stages [23], and maps or 2D stages based on tiles [24][25] [20]. Our
work uses an approach which does not receive a draft or sketch of the con-
tent generated, but incomplete content, resulting from previous design stages
which are not directly related with the step that is necessary to complete the
final bosses (Equipment Configuration).

The same survey shows how DL/ML works need datasets with thousands
of examples [8], which is something that could be unavailable, for development
teams who lack extensive knowledge databases. In the case of the company
responsible for the video game case study, Kromaia, it was their first title and,
even considering the possibility of generating content for a sequel, the origi-
nal, finished video game includes few examples of final bosses. Additionally,
companies often do not store the data necessary to create proper knowledge
bases, a problem which was reported as knowledge vaporization [26], which is
a reason for which, in our work, we use evolutionary computation instead of
ML in order not to depend on knowledge bases.

The survey also discusses how some works managed to generate content
as maps or sprites with DL approaches based on an single draft or sketch
[20][27][28][29], or combining stages and levels from games [30][31][32]. How-
ever, in contrast with 2D sketches for final image content, our work studies
the improvement of bosses, which are received incomplete and without a direct
connection between such partial content, related to previous design stages, and
the content pending. In addition, for the video game case study, the mix of
content from different games is not possible, due to the lack of sequels and
prequels, and the unique nature of the the bosses and the game at the time of
its original release.

Finally, the survey explains that most of the works focus on the genera-
tion of content such as 2D game levels, stages or maps, and sprites, with such
content being internally represented by 2D images [33]. Additionally, the ar-
ticle by Liu et al. calls for works who focus on more diverse types of content,
such as characters in fighting games, and their skills and characteristics [20].
Our work is focused on the generation of less explored content in comparison
with other types, according to the review: bosses, complex entities which are
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defined by means of a DSL and not represented as image content; these bosses
behave as antagonist characters, and they are characterized by traits like their
Equipment Configuration, which is the design stage studied by our approach.

2.2 Balance of content

Some approaches are designed as a companion for the development team in or-
der to be used to gain insights about game balance by gathering information
from simulation-based plays of artificial agents. In [34], the authors present
an approach for balancing games through the use of restricted play agents.
In [35], the authors make use of a multi-objective optimization algorithm to
demonstrate the feasibility of an approach for automatic game balancing in
the context of the Top Trumps card game. In [36], the authors propose a semi-
automatic process for the game balancing of a prototype of a commercial video
game (Zombie Village Game by Blue Byte GmbH). In [37], the authors create
two different AI agents that are able to play a commercial board game (ticket
to ride), generating information that can be used to balance the game.

These approaches are similar to the one presented in this work in the sense
that they use artificial agents to gather information about the performance of
the individuals being evolved. However, they do not focus on the creation of
new content, and the resulting balanced content is not compared with content
that has been balanced manually by developers, as our work does.

Other approaches gather the information for balance from the actions and
knowledge of real users, and sometimes they adapt the content for those types
of users. In [38], an evolutionary algorithm is given an initial population of
pre-crafted and random Role-Playing Game (RPG) skills that are then as-
sessed based on how often each skill is used by the players and evolved into
new sets of skills. In [39], the approach focuses on informing game develop-
ment about possible imbalances by means of agents that are trained using a
dataset containing six months of plays of 213 human players of the game Aion,
a Massive Multiplayer Online RPG. In [40], the authors use a deep-learning
surrogate model to generate character classes of an FPS game that is tailored
for a specific map. The approach uses a fitness function that takes into ac-
count the desired match duration and score and compares them to the values
predicted by the surrogate model. The work in [41] applies an evolutionary
strategy to generate playing card game decks by using a subset of the cards
that are available in Hearthstone using artificial agent matches to evaluate the
decks. Another work on the balance of the cards in Hearthstone [42] quantifies
the impact of a change in a card on all of the sets of existing decks and game
strategies. That work uses search strategies to determine which changes should
be selected to balance the game.

These approaches benefit from the knowledge of several users, which can be
used to guide the balancing process and even tailor the results for specific users
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or styles of play. However, in our work, we only use an artificial agent to guide
the process and then compare the resulting content to the (supposedly good)
content created originally by the developers. Nevertheless, tailoring the pro-
cess of boss generation to specific types of players or play styles is something
that we will explore in the future (e.g., in Kromaia, since there are different
types of ships controlled by the player in the game, suggesting that different
archetypes of players are playing the game).

3 Background

In this work, we focus on bosses, which are created in different steps using
a Domain-Specific Language (DSL). This section presents the creation steps
and the DSL.

3.1 Steps for Creating Bosses

The creation of bosses in video games involves several steps. In our video
game case study (Kromaia), the development team followed a four-step pro-
cess. First, in the creative design step, a general specification of the bosses
is provided, determining its structure, anatomical constraints, and visual ap-
pearance. Then, in the spatial organization step, the anatomical specification
of the bosses is performed, arranging a set of hulls into a specific disposition
and specifying relationships and hierarchies among the hulls. The third step
is the behavior specification, which determines the artificial intelligence that
will drive the boss.

The final step is the Equipment Configuration, which deals with weak
point and weapon configuration. Determining the presence of different attack-
/defense items and the hulls that they are attached to has a significant impact
on both the difficulty associated with the unit and the user’s experience. This
delimits the power assigned to the boss as well as the valid strategies that the
players can use to defeat that boss.

In this work, we focus on the Equipment Configuration step to improve
the bosses of Kromaia, the video game case study. This step does not refer to
the task of tuning parameters that represent modifications of fixed content:
it refers to the addition of procedurally generated content that is classified as
Necessary in PCG taxonomy research works [1,43]. This is because, before the
Equipment Configuration step, the bosses lack weapons and weaknesses, and,
therefore, they are not suitable for the game.

3.2 Domain-Specific Language for Shooters

This section presents SDML (Shooter Definition Model Language), which is a
DSL created by Kraken Empire, the company responsible for the development
of the video game Kromaia. SDML covers the definition of every mission,
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vehicle, creature, and landscape of the game. The left part of Fig. 1 shows
different bosses that are included in the video game case study; the right
section of Fig. 1 shows part of the SDML content in Boss 1: Serpent. The main
SDML concepts that are relevant to the bosses are:

Fig. 1 Bosses in Kromaia, defined with SDML. The content included in this commercial
video game (e.g., vehicles, creatures, worlds, and missions) is described in SDML. These
include a wide range of data covering geometry, physics, contraptions, and AI, and follow a
modular structure.

– Hulls and Links: The Hull Module is a collection of solid bodies that are
connected through configurable joints or links. This hierarchy defines the
anatomy and physics of the boss. Depending on the arrangement and the
flexibility of the links used, bosses may have rigid structures, mobile parts,
or even segmented tentacles. Fig.1 shows how visual appearance, geometry,
and physics-related attributes are defined for hulls (see A) and the varied
link types (see B).

– Weak Points: These are damageable objects that are attached to certain
hulls. They can be organized in layers that are progressively unlocked as
an enemy player destroys them. Any opponent trying to defeat a boss must
first destroy these weak points. In the beginning, they are the only damage-
able objects. However, once every weak point has disappeared, the normal
hulls become damageable, and, therefore, it is possible to destroy the boss.
Fig. 1 includes an example of a weak point (marked as HullVitalData) that
belongs to a specific layer.
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– Weapons: These are objects that are capable of inflicting damage by using
bullets, launching homing missiles, tracing rays, or affecting the target on
direct contact. The bosses included in the commercial releases of Kromaia
use these four weapon types. These weapons involve AI automatic gun tur-
ret behaviors that make them aim at targets (players). An example of an
AI weaponry module and possible parameters for a weapon is shown in
Fig. 1(C).

– AI components: These concepts define the way that bosses act during a
game in terms of artificial intelligence. An AI module can include several
AI components for different situations, as shown in Fig. 1(D), and they
also can describe flocking behaviors.

In the video game case study, an average boss unit has 64 hulls. Each hull
might have, simultaneously, one of the four possible weapon types and a weak
point. This is a design feature that was included by the developers, not a de-

cision made during this research study. This turns out to be 264∗(4+1) = 2320

possibilities for equipment configuration, which shows that testing every single
possibility is not feasible. Our EBI approach explores this search space using
an evolutionary algorithm.

4 Overview of our EBI Approach

This section presents our EBI approach, the goal of which is to improve bosses.
It receives a partially configured boss as input that is used to encode the
population of an evolutionary algorithm. Then, the individuals are assessed
by a fitness function and evolved through the Improvement Crossover and
Improvement Mutation operations. This is repeated until the stop condition
is met. Finally, EBI decodes the best individual generated into a completely
configured boss.

In the following subsections, we present the evolutionary algorithm, the
encoding, the genetic operations, and the fitness for the EBI approach.

4.1 EBI Algorithm Summary

The evolutionary algorithm used by EBI iterates an Equipment Configuration
configuration population and makes that population evolve by means of our ge-
netic operations. A fitness operation guides the evolutionary algorithm, which
tries to maximize the fitness values of the individuals included in the popu-
lation. The fittest individuals reproduce and the population size is controlled
and remains stable by discarding the lesser promising configurations. Fig. 2
shows the main steps included in our EBI approach.

– Input - Partially Configured Boss (Fig. 2, A): This is a boss, defined by
means of SDML that has gone through three of the four creation steps
(Creative Design, Spatial Organization and Behavior Specification).
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Fig. 2 EBI Approach Overview.

– The Encoding of the possible realizations of the Equipment Configuration
(Fig. 2, B) is necessary before creating the initial population which will
be evolved by the evolutionary algorithm (Fig. 2, C). These encoded, ran-
domly generated configurations represent the last step in the boss creation
process.

– The Fitness step (Fig. 2, D) evaluates the Equipment Configurations by
assigning values to them and sorting the population as a ranking (Fig. 2,
E). These fitness values depend on the results obtained from the simulation
of duels between a human player and the bosses included in the population,
which use their Equipment Configurations. The process is over when an
Equipment Configuration with a fitness value that is high enough is found
or when a time limit is reached.

– Assuming that the process is not over yet, the next step uses improve-
ment focused genetic operations to create a new generation of Equipment
Configurations (Fig. 2, G, H). Those configurations with the highest fitness
values in the population are selected and allowed to reproduce by means
of pairing (Fig. 2, F). Then, new Equipment Configurations are obtained
crossing the genetic material of the possible combinations of two potential
parents from the selected group. Finally, this step also introduces changes
in the new configurations using Mutation, an operation that could make
the new Equipment Configurations surpass the fitness values achieved by
their parents or get worse than them.

– Output - Completely Configured Boss: This is a complete boss (includ-
ing the Equipment Configuration) which has been decoded back to SDML
(Fig. 2, I, J).
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4.2 Boss Equipment Configuration Encoding of the EBI Approach

The Equipment Configurations obtained by our approach are the candidates
that are generated for the last configuration stage in the boss creation pro-
cess. Nevertheless, these configurations must be encoded. In evolutionary al-
gorithms, this is usually done by representing candidates as binary strings or
arrays containing values such as true/false or 0/1.

In the EBI approach, the encoding for the Equipment Configurations is as
follows: each Equipment Configuration is a binary, bi-dimensional matrix in
which columns correspond to the hull collection for the boss studied, and each
row represents weak points and the four weapon types used by the bosses. The
values in each cell indicate the presence (1) or absence (0) of a certain item
type in a hull. The encoding used to represent Equipment Configurations is
shown in Fig. 3.

ENCODING 
HULLS 

H 0 H 1 H 2 H 3 ... 

IT
EM

S 

MELEE SPIKE 0 1 1 0 ... 

GUN TURRET 1 0 0 1 ... 

HOMING MISSILE 0 1 0 0 ... 

LASER 0 0 1 0 ... 

WEAK POINT 0 0 0 1 ... 

OCTOPUS . SDML 
 

 ●●● 
 <HULLS Number="32"> 
  ●●● 
  <Hull HullType="1">●●●<HullVitalData VitalHullLayer="1"●●●  
  ●●● 
 </HULLS> 
 ●●● 
 <WEAPONRYWEAPONSAI Number=«10"> 
  ●●● 
  <Weapon WeaponType="3">●●● <ComponentData HullIndex="3"●●●  
  ●●● 
 </WEAPONRYWEAPONSAI> 
 ●●● 

Fig. 3 Example showing the relation between data present in SDML and Equipment Con-
figuration encoding.
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Fig. 4 Fragment of the metamodel which describes the rules for creating bosses in Kromaia.
The elements marked with stars indicate the parts of such excerpt which are involved in
the Equipment Configuration step. The series of marks M1-M7 and W1-W2 are examples
which show the elements involved in terms of support for missiles (a type of weapon) and
weak points, respectively, beyond Equipment Configuration.
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4.3 Genetic Operations of the EBI Approach

Our work focuses on improvement, and this means that our approach deals
with content which has been partially generated previously. In such circum-
stances, manipulating content by means of evolutionary computation and,
therefore, using operations which mix and modify individuals of a given pop-
ulation, imply considerations beyond the changes or additions provided by
traditional genetic operations.

Taking into consideration that the complete creation process of a specific
content would involve a set of elements, properties, and rules which connect
them, our work deals with improvement as the addition, removal, or modifi-
cation of specific fragments of such set. However, if such modifications only
consider those specific fragments, the new or updated content could be invalid
and, therefore, not usable, due to the fact that the fragments are not isolated
and independent.

In the context of the case study with which our approach is applied, an
example of the aforementioned issue would be weak point designation within
final bosses. Fig. 3 shows that the encoding used by our approach, which rep-
resents elements and properties corresponding to the last step, Equipment
Configuration, includes information relative to weak points. In terms of prop-
erties and internal definition, weak points are different from the rest of hulls
or solid bodies, but the inclusion of hulls in the structure of a final boss cor-
responds with one of the first stages (Spatial Organization). Therefore, the
changes introduced during Equipment Configuration are not independent and
isolated.

Recent works have surveyed a compendium of Search-Based approaches,
which were developed in the last decades and made use of crossover and mu-
tation operations [44][45]. These works show how methods like single-point
crossover and random mutation are the dominant choices. In addition, the
literature describes how, within the community of general evolutionary com-
putation research, there exists a significantly high number of different genetic
operations, more than 20 and 50 mutation and crossover operations, respec-
tively [46][47][47]. However, the recent surveys do not describe genetic opera-
tors which are designed in order to focus on improvement and its implications.
Instead of that, the scope of the operators surveyed is not a specific part
of the individuals manipulated, and they cross or mutate complete solution
candidates.

In this work, we propose new genetic operations which take into account
the particularities implied by the notion of improvement. In order to define
such improvement-focused operations, we take into account Model-Driven En-
gineering (MDE) [48] and consider the abstract representation of knowledge,
like the content improved by our approach. More specifically, in the context
of MDE a metamodel represents the formalization of the characteristics and
particularities of the models which will be created in accordance to it [48].The
metamodel expresses the relationship between the different elements involved
in the definition of an entity, the nature, and cardinality (if applicable) of
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such relationships, and the properties included. In the case of video games,
the content may be formalized, for instance, by means of tools like Blueprints,
in the case of the commercial engine Unreal [49], or the DSL used by the
developers in the video game case study of this work. Models may formalize
content such as objects, characters, or behaviors [50][51]. Our new operations
make use of metamodels in order to focus on the fragments which complete
the partially generated content and the binary encoding of such content. The
metamodel is also used in order to modify, if it is necessary, the fragment of
the partially complete content originally provided, which is not encoded, to
keep the complete content coherent and valid.

In Kromaia, the video game case study, it is necessary to take into ac-
count and use certain rules and constraints which must be observed in order
to create a suitable final boss. Every step in the production of a boss, in addi-
tion to Equipment Configuration, must be completed in accordance to those
specifications. The compliance of the bosses generated with them is relevant
with regard to the idea of improvement used in our work, and how such im-
provement affects a complete boss, even if our EBI approach focuses on one
of the steps involved in the creation of a boss. This is relevant to the applica-
tion of the genetic operations of our approach, since the concepts managed and
added to the bosses by EBI, which are related to the Equipment Configuration
step, could imply changes which affect the concepts corresponding the previ-
ous steps. Our approach takes advantage on the fact that the developers of
the video game case study used SDML not only to define bosses, but also to
formalize the characteristics which the bosses themselves should met in or-
der to be considered as valid. Such formalization is shown in Fig. 4, which
includes a fragment of the metamodel used to define the bosses included in
the video game case study. This metamodel is used by our approach to cor-
rectly conduct improvement, which is driven by the modifications done by the
evolutionary algorithm and our genetic operations, which focus on Equipment
Configuration.

Our EBI approach generates new Equipment Configurations using some
of the existing ones as parents. This process is supported by the new opera-
tors which we propose in this work: ICrossover (Improvement Crossover) and
IMutation (Improvement Mutation). These genetic operations are based on
crossover and mutation, two operators which are widely present in the evo-
lutionary computation research literature [52] and they are used in order to
expand populations and introduce variability into them. We created operators
based on them in order to work in favor of improvement in the context of our
work. The genetic operations are used to add diversity to the population and,
eventually, to lead to individuals which are fitter than their ancestors.

First, the operators are adjusted to work with Equipment Configurations
which represent possible weak point and weapon distributions in a boss. This
configuration is the last step involved in the creation of a complete boss, while
the previous steps provide the partially generated bosses to which our approach
applies an EA.
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Fig. 5 Genetic Operations overview. The examples show how improvement is driven by the
genetic operations, which give priority to Equipment Configuration but influence the partial
completion fragment originally provided, taking advantage on the metamodel.

The fittest Equipment Configurations within the population are selected
as parents for the new offspring. The fitness value calculation process is de-
scribed in Subsection 4.4. Once the population is sorted, the best 10% of the
Equipment Configurations are selected and pairwise combined to generate the
new offspring. Each pair of parents is used to generate a new Equipment Con-
figuration by applying the ICrossover operator. The newly created Equipment
Configuration could be randomly designated to undergo mutation, by means
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of the IMutation operator. An elitism of 55% is applied, so the best individuals
remain unchanged for the next generation.

– ICrossover: The ICrossover operation mixes the content of two individ-
uals to create a third, new one. Like the methods used traditionally in
evolutionary computation, it is used to increase a population through the
combination of the genetic material of two existing individuals. In the con-
text of our approach and the video game case study, the encoding is a
bi-dimensional matrix, but the crossover operation processes an Equip-
ment Configuration as if it were a one-dimension array that contains a
consecutive collection of rows of binary elements. Therefore, the first ele-
ment corresponds to the value placed in the first row and the first column,
and the last element in the configuration refers to the value present in the
last column and the last row. The improvement crossover operation used
by our approach gives priority to the concepts introduced by the last step,
Equipment Configuration. Those concepts reflect the part of the meta-
model related to the use of weak points and weaponry, as shown by the
sections highlighted and marked with stars the fragment of the metamodel
included in Fig. 4. These are the steps necessary to perform the ICrossover
operation:

– First, the genetic material of both parents is combined following the
method known as single-point crossover. Assuming that the encodings
of the two parents have the same size, a random position is selected
and it marks a reference point for the new individual: the genetic ma-
terial within the region previous to such point is taken from the first
parent, while the rest is inherited from the second parent. The resulting
individual could eventually be superior to its progenitors.
In the case of the application of our approach to Kromaia, the weaponry
and weak point elements, which are represented in the binary encoding
and correspond with the Equipment Configuration step for both par-
ents, are combined. First, a random value n in the interval [0, S -1] is
selected (S is the size of the configuration, interpreted as a one-dimen-
sion array). Then, since every Equipment Configuration for a certain
boss has the same size S , the new configuration takes its first n array ele-
ments from the first parent and the last S - n elements from the second
parent. Depending on the fitness value given to a new configuration,
it could outperform its parents or be selected among the best in the
population to generate new configurations in a later iteration of the
evolutionary algorithm.
The top right part of Fig. 5 shows how the encoded configurations
for both the parents and the new individual produced by means of
ICrossover only contain information relative to the Equipment Config-
uration step.

– Once the new individual has been created, the impact of the mixed
genetic material encoded is studied. This study is done in order to
determine possible changes required with regard to the fragment not
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encoded (but included in the partially completed content which is pro-
vided to our approach) of the individual. Such modifications done on
decoding are necessary to keep the complete content valid and usable.
Therefore, even if the operation is focused on the fragment which would
complete the individual, it implicitly drives the improvement since it
could lead to necessary modifications on the partially completed frag-
ment of the content which is received as an input by our approach.

In the case of the video game case study, once the genetic material cor-
responding to the Equipment Configuration step has been mixed, the
impact of the elements for such step is calculated making use of the
metamodel. The elements included in the encoding for the new indi-
vidual created determine what other elements, which are necessary to
make the complete boss feasible and are not explicitly present in the
encoding, are required too. Those elements can be taken from the par-
ents indirectly, thank to the information available in the metamodel.
Therefore, the improvement process, which can involve the elements
corresponding to different steps of the creation of a boss, is actually
driven by the last step, the Equipment Configuration, since the encod-
ing is focused on the elements related with that step. The center right
part of Fig. 5 shows how the improvement process could lead to an
improved boss in terms of other aspects, like internal structure.

– IMutation: The improvement mutation operation is inspired by the mu-
tations found in biology. These mutations make modifications in the genes
of individuals that are caused by random factors. The IMutation opera-
tion is first focused on producing modifications related to the completion
of content which is provided partially. In the context our EBI approach
and the video game case study, and similarly to the ICrossover operation,
this means that IMutation gives priority to the elements corresponding to
the Equipment Configuration step:

– First, the operation traverses all the elements which belong to the en-
coding and determines if each of them is mutated according to a certain
probability.
In the case of the bosses from Kromaia a bit string mutation is ap-
plied on the new Equipment Configurations, which are created through
ICrossover operations.

– The resulting individual may include changes that would make it not
usable or valid unless the part not encoded is redefined.
With regard to the bosses for Kromaia, the metamodel is used in or-
der to identify the elements which are not included in the encoding
and have been indirectly affected by the mutation. The bottom right
part of Fig. 5 shows that, for instance, adding weak points could imply
structural changes which are not taken into account in the Equipment
Configuration step. The right part of Fig. 5 provides a general overview
of the implications of crossing and mutating for partially generated
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bosses in Kromaia. In addition, Fig. 4 shows how, for example, the
ability to launch missiles (Mark series M1-M7), or adding a weak point
(W1-W2) implies the presence of certain elements which must be in-
cluded in order to support those characteristics.

4.4 Fitness of the EBI Approach

The fitness step in our EBI approach determines the value of each Equipment
Configuration that is generated. This stage takes an Equipment Configuration
population as input and then measures the suitability of each configuration for
the problem studied. Once this step is finished, it generates a ranking that sorts
the Equipment Configurations according to the fitness values obtained so that
the configuration with the best fitness value is ranked first. The evolutionary
algorithm in our approach uses this fitness value to select parents for the
next generation of configurations and to obtain the highest ranked Equipment
Configuration once the search is over.

To obtain the fitness value for an Equipment Configuration, the EBI ap-
proach simulates a duel between a boss that uses that configuration and a
player. It is an unattended duel in which both contenders are simulated. In
that simulation, the player visits the different regions in the boss and tries to
destroy the weak points that are available, while the boss uses the weapons in
that configuration, which are different in power and range, to try to defeat the
player. The simulation uses the information considered to be relevant by the
developers to perform a simulated confrontation and includes statistical values
regarding weapon accuracy, damage probability, and average player precision.
The duel simulation is not deterministic, and it uses player and boss AI sim-
ulated agents that are handled in terms of actions, attacks, and damage by a
state machine-based system. State machines have been used to describe boss
behaviors in previous works [53]. The player agent performs a cyclic itinerary
that successively focuses on each of the hulls included in the boss. When the
player agent is focused on a hull that contains weak points, it tries to destroy
them. The boss agent attacks the player using the weapons present in the
different hulls. The weapons that are present in the hull on which the player
is currently focused have a higher probability of hitting the player, which de-
creases with distance. The inherent accuracy and probability of success for
the different types of weapons vary as well: Melee weapons that are present
in distant hulls are not effective, but distant lasers or missiles have a reduced,
yet non-zero probability of success. Both the player and the boss actively try
to win the match and do not run away. This avoids draws and ensures that
one of the contenders wins. The objective of the player is to destroy the weak
points included in the boss, while the attacks performed by the boss aim for
the player unit as a whole. Since the duel is not deterministic, it is run 30
times, following the suggestion in [54]. Once the simulation is over, our ap-
proach has enough information on relevant events and the progress of the duel
to calculate a fitness value.
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The developers provided two main measures that the bosses in the video
game should maximize in order to prove their suitability for commercial re-
leases: the player victory percentage (FV ictory), and the player optimal health
percentage after a victory (FHealth). The fitness measures in this work (and
the quality measures described in Section 5) use the following function:

clamp[0,1](x) = max(0,min(x, 1)) (1)

Our approach calculates the FV ictory criterion as a measure of the differ-
ence between the number of victories achieved by the player (VP ) and the
desired, optimal number of victories (VOptimal) (33%, according to the criteria
used by the developers):

FV ictory = clamp[0,1](1−
|VOptimal − VP |

VOptimal
) (2)

The FHealth criterion (for duels won by the player) is the average differ-
ence between the health percentage of the player at the end of the duel (ΘP )
and the optimal life level that the player should ideally keep at that point
(ΘOptimal, 20%, according to the developers). This criterion focuses on how
adequate the victories achieved by the player are, and it considers the health
level of the player after defeating a boss in those duels:

FHealth = clamp[0,1](1−

VP∑
d=1

|ΘOptimal −ΘP |
ΘOptimal

VP
) (3)

FOverall is a direct measure (as intended by the developers) that calcu-
lates an average fitness value for an Equipment Configuration, including every
specific fitness criterion studied:

FOverall =
FV ictory + FHealth

2
(4)

In the end, FOverall is a value in the interval [0, 1] that allows the EBI
approach to create an Equipment Configuration ranking.

4.5 Situating the approach

The present work applies an EA to partially completed game bosses in order
to automatically produce complete bosses that have equal or better quality
(in terms of six metrics) than the bosses that were originally completed by
the developers. According to available taxonomies for procedural content gen-
eration [1,5,55,43], our work can be classified as follows. The content type
generated is the equipment configuration of boss enemies, and the method
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of PCG used is an Evolutionary Algorithm that manipulates SDML (Shooter
Definition Model Language) models. With regard to the nature of the content,
the multiplicity is single instance, since the case study is a single player game;
the content generated is necessary and the type of derivation is built-in (since
the elements generated are part of the game). With regard to the generation
process, the mode is offline since it is performed as part of the development of
the game. The degree of parameterization can be classified as parameter vec-
tors (the input provided is a partially built boss). The nature of the process
is stochastic and the EA follows a ’generate and test’ constructiveness. The
generation is non-personalized for different players; the generation is not con-
trolled by the player. Finally, with regard to the game dependence, Kromaia
belongs to the 3D space shooter genre, within the entertainment industry of
commercial video games.

5 Evaluation

This section presents the evaluation of our approach: the research questions,
the quality measurement, the experimental setup, the implementation details,
and the results obtained.

5.1 Research Questions

The following questions address the evaluation of our EBI approach taking
into account its results and the time necessary to obtain them:

RQ1: Does our EBI approach provide completely configured bosses that are
comparable (or even better) in quality to those designed by the developers of
the video game case study?

RQ2: Does our EBI approach reduce the time necessary to configure good
quality bosses in the video game case study?

5.2 Quality Measures for the Configurations

The bosses included in the commercial release of the video game case study
use Equipment Configurations that were approved after studying, adjusting,
or even discarding several alternatives. The development company provided
information regarding the version control system to measure the time invested
in the bosses. The revision log showed that, after completing the Creative De-
sign, Spatial Organization, and Behavior Specification steps, the Equipment
Configuration step for each of the bosses required a month before the results
were satisfactory. Thanks to the feedback given by the players, the develop-
ers determined that the users liked these boss units and found them to be
enjoyable.

In order to compare the results obtained by the developers and our ap-
proach, we use criteria that measure the quality of the bosses. As previous
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works describe, in the context of video game development, quality refers to
the probability of a game experience being considered interesting by users [7]
in terms of intellectually challenging content. These works also state that, in
general, players can express whether or not they consider a game experience
to be enjoyable; however, they usually find it difficult to express the reasons
precisely.

There are measurable indicators that have been studied in the past and are
considered to be relevant. Tension [56], Decisiveness [57], Interestingness [58],
Interaction [59], and Uncertainty [60] were described in previous research works
as being fundamental game quality indicators. More recently, Browne et al.
showed through experiments with users that there is a set of criteria that stand
out and are the most important: Lead Change, Permanence, Killer Moves,
Uncertainty, Duration, and Completion [7]. The evaluation included in our
approach gives each of these criteria a value in the interval [0, 1]. In our ap-
proach, the quality measures are calculated using data that is retrieved from
a simulation, which involves 30 non-deterministic confrontations (Duels). For
the video game case study, the developers determined through tests and ques-
tionnaires with players that concentration and engagement for an average boss
reach their peak at approximately 10 minutes (TOptimal), whereas the maxi-
mum accepted time was estimated to be 2 ∗ TOptimal (20 minutes).

– Completion (Viability): The criterion QCompletion calculates a ratio of
conclusions over total duel count:

QCompletion =
Conclusions

Duels
(5)

Duels = Total number of duels
Conclusions = Number of duels won by either side

A game against a boss unit should end with more conclusions (victories for
either the player or the boss) than draws. It is necessary to explain that
the concept of draw in Kromaia refers to a situation in which the game
exceeds the maximum acceptable duration without concluding since with
enough time one of the contenders will eventually win.

– Duration (Viability): Our approach calculates the criterion QDuration

as a measure of the average difference between the duration of each duel
and the desired, optimal duration:
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QDuration = clamp[0,1](1−

Duels∑
d=1

|TOptimal − Td|
TOptimal

Duels
) (6)

QDuration is close to 1 when the duration of the duels is similar to an
optimal value

Td = Duration of the d-th Duel
TOptimal = Optimal duration of a duel

The duration of duels between players and boss units is expected to be
around a certain optimal value. Significant deviations from that reference
value are good design-flaw indicators: remarkably short games are probably
too easy, thus minimizing the challenge offered by the game experience; du-
els that go on a lot longer than expected tend to make players lose interest.
Duration is a simple and consistent criterion that is effective at determin-
ing essential game design proficiency and is one of the criteria used by
Cardamone [12].

– Uncertainty (Quality): For each duel, QUncertainty measures the aver-
age deviation between the time at which it is detected that one of the
contenders is on the verge of defeat and the time corresponding to the
duration of the duel.

QUncertainty = clamp[0,1](1−

Duels∑
d=1

Td −min (Pd, Bd)

Td

Duels
) (7)

QUncertainty is high when the contenders keep safe in terms of health
as long as possible during the duels

Pd = Time until Player health is critical in the d-th duel
Bd = Time until Boss health is critical in the d-th duel

In order to keep players engaged with a duel, neither the player nor the
boss unit should get extremely close to victory or defeat too early before
the duel is settled, with (Td) being its duration. Therefore, a duel is con-
sidered to be more uncertain the longer the time until the health levels of
the player or the boss unit reach a dangerous/critical status (Pd and Bd,
respectively).

– Killer Moves: QKMoves measures the proportion of killer moves by any
contender, taking into account the moves done by both the player and
the boss unit that are considered remarkable highlights but that are less
important than killer moves.
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QKMoves = clamp[0,1](1−

Duels∑
d=1

Kd

Hd

Duels
) (8)

QKMoves reaches a high value when the percentage of highlights of
duels with contenders that are not close is low

Kd = Number of killer moves detected in the d-th duel
Hd = Number of highlights detected in the d-th duel

This criterion is related to the fact that some events allow one of the con-
tenders in a duel to make a remarkable impact in terms of power balance.
They are the result of actions carried out on purpose that cause such an
important effect, but that is not decisive enough to end the duel. In this
video game, the developers considered that a highlight move occurs when
either the boss unit or the player experiences a health decrease, but that
killer moves are those that make the health difference between the con-
tenders reach 30%. The health level of a boss depends on the number of
weak points left in a specific unit, whereas a player can absorb five impacts.

– Permanence: The criterion QPermanence is measured as follows:

QPermanence = clamp[0,1](1−

Duels∑
d=1

Rd

Hd +Kd

Duels
) (9)

QPermanence is higher when the advantages provided by killer moves
or highlights are not canceled often

Rd = Number of recovery moves detected in the d-th duel

Duels with a high permanence value are games in which the advantage
given by significant actions or moves by one of the contenders are unlikely
to be immediately reverted by the opponent in terms of dominance. In the
video game case study, the developers considered every highlight move and
killer move to be meaningful actions. Another move considered by the de-
velopers is the recovery move (R). This move quickly cancels the advantage
given by other previous killer or highlight moves.
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– Lead Change: This criterion is measured taking into account those high-
lights or killer moves that cause the lead to change during the course of a
duel:

QLChange = clamp[0,1](

Duels∑
d=1

Ld

Hd +Kd

Duels
) (10)

QLChange gets closer to 1 as the number of relevant events which cause
lead changes is higher in the duels

Ld = Number of lead changes detected in the d-th duel

In the video game case study, the lead is defined at any given moment by
determining the contender with the highest health level, and a low number
of lead changes indicates low dramatic value.

Our approach evaluated these six criteria for each boss unit included in
the commercial release of the video game case study in order to obtain a
quality threshold that is useful for verifying whether the results obtained by
our approach reach the same quality levels.

5.3 Experimental Setup

The main goal of the evaluation was to measure the performance achieved by
our EBI approach compared to the completely configured bossed included in
the commercial release of Kromaia in terms of the six quality metrics proposed.
To do this, we follow four steps:

The first step is the extraction of bosses from Kromaia, the video game
case study. Using their version control system, the developers provided the
following: the five partially configured bosses that will be used as input for the
EBI approach; the five completely configured versions of the bosses that will be
used in the comparison in terms of quality; the time spent in the configuration
of the five original bosses.

The second step is the execution of the EBI approach. It receives a par-
tially configured boss and produces one completely configured boss. This is
repeated for the five partially configured bosses previously extracted from
Kromaia. Given the stochastic nature of the approach, we perform 30 indepen-
dent runs of the approach for each boss (as suggested in [54]), to homogenize
the results and ensure that the evolutionary algorithm produces results that
are consistent and repeatable.

The third step is the comparison of the completely configured bosses pro-
duced by the EBI approach and the bosses obtained from Kromaia. Therefore,
the six quality measures are calculated for both sets of bosses. To do this, 30
duel simulations between the AI player and each of the bosses are performed



26 5 EVALUATION

and the quality measures are calculated. The results are gathered, averaged,
and compared using box plots.

The fourth step is the statistical analysis of the results (following the
guidelines in [61]), which provides quantitative evidence of the impact of the
results and shows whether this impact is significant. Since our data does not
follow a normal distribution, our analysis requires the use of non-parametric
techniques. We carry out a Quade Test [62] followed by a Holm’s post hoc
to determine if the differences between pairs of bosses (one from EBI and
one from Kromaia) are significant enough to be considered different. Then,
we apply Vargha and Delaney’s effect size [63] to determine to what degree
the generated boss is better than the original boss for each of the six quality
measures applied.

5.4 Implementation Details

To implement the approach of this work, we used the TinyXML parser to
process SDML models. In addition, the specifications of the computer used in
the evaluation process are the following: Toshiba Satellite Pro L830 laptop,
with a processor Intel® Core™ i5-3317U with 4GB RAM and Windows 8
64bit.

The parameter settings used in our approach are detailed in Table I. The
size of the population is limited to 100 individuals. Each generation, an elitism
of 55 individuals is applied. The best 10 parents (µ) are selected by truncation
to generate offspring of 45 new individuals through crossover and mutation
of pairwise combinations of the parents. The probability of mutation (pm)
depends on the size of the individual ( 1/(Number of Hulls)

All of the parameters displayed in Table 1 were obtained from different
tests. These tests showed that the settings currently applied reached better
solutions in less time. In this work, we do not focus on tuning the parameters
to achieve higher performance numbers for specific problems. In the context
of testing, the default values used to measure the performance of search-based
techniques are good enough, as suggested by Arcuri and Fraser [54]. Never-
theless, we intend to evaluate the parameters of our EBI approach in future
works.

Table 1 EBI Approach Parameters

Parameter description Value

Size: Population size 100

µ: Number of parents 10

λ: Number of offspring from µ parents 45

pm: Mutation probability 1 / (Number of Hulls)
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In general, there are two (atomic) performance measures used in search
algorithms: a measure for speed or search effort, and a quality measure. In this
paper, after running some prior convergence tests, we established a certain
amount of wall clock time for each of the runs of our EBI approach (1200
seconds). Then, we focused on the solution quality.

For replication purposes, the CSV files used as input to report the re-
sults and the statistical analysis are available at: https://svit.usj.es/

bosses-kromaia-vs-ebi/. There is a CSV file per boss in Kromaia where
each file includes the results of each quality measure. There is also a CSV per
boss configured in EBI where each file includes the mean results of the 30 runs
from the best Size (100) configurations for each quality measure.

5.5 Results

This subsection presents five completely configured bosses obtained from our
approach and compares them to the five bosses included in the commercial re-
lease of Kromaia using six quality measures studied in the video game research
literature [7] and statistical methods.
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Fig. 6 Results for the bosses generated by our approach for each quality measure. The
columns show red diamonds representing the values obtained by the bosses originally in-
cluded in the video game case study.

Fig. 6 shows the results in different box plot groups representing the study
of each quality measure. For every quality measure, the values belong to the
interval [0,1] and the box plots represent the average results obtained (after 30
runs, due to non-deterministic factors) by each of the completely configured
bosses generated by our approach (Boss1..5). In addition, every box plot in-
cludes a red diamond showing the average quality results achieved by the

https://svit.usj.es/bosses-kromaia-vs-ebi/
https://svit.usj.es/bosses-kromaia-vs-ebi/
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corresponding boss included in the commercial release of Kromaia for each
quality measure.

Table 2 shows the p-V alues of Holm’s post hoc analysis for each boss and
measure. A p-V alue under 0.05 is statistically significant as accepted by the re-
search community [61]. Each row of the table shows the results of each pair-wise
comparison between a boss from Kromaia and a boss from our EBI approach,
whereas the columns of the table show the Holm’s post hoc p-V alues. For
example, the row ”K1 vs E1” shows the p-V alues of Holm’s post hoc analysis
for each measure that correspond to the pair-wise comparison between Boss

1 of Kromaia (K1) and Boss 1 of our EBI approach (E1). Table 3 shows Â12

values for each boss and measure. For example, the row ”K1 vs E1” shows Â12

values for each measure that correspond to the pair-wise comparison between
K1 and E1.

Table 2 Holm’s post hoc p-V alues for each boss and measure

Holm’s post hoc p-V alues

Completion Duration Uncertainty Killer Moves Permanence Lead Change

K1 vs E1 - 0.53 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16

K2 vs E2 - 0.21 0.36 ≪ 2× 10−16 2.8× 10−11 ≪ 2× 10−16

K3 vs E3 - ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16

K4 vs E4 - ≪ 2× 10−16 1.3× 10−9 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16

K5 vs E5 - ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16 ≪ 2× 10−16

Table 3 Â12 effect size for each boss and measure

Completion Duration Uncertainty Killer Moves Permanence Lead Change

K1 vs E1 0.5 0.48 0.01 0 0.04 0

K2 vs E2 0.5 0.52 0.59 1 0.76 0.02

K3 vs E3 0.5 0 0.91 1 1 0

K4 vs E4 0.5 0 0.77 1 1 0

K5 vs E5 0.5 0 0.06 1 1 0

Table 4 shows the results per quality measure by taking into account the
mean for that quality measure in all bosses. Each row of the table corresponds
to a quality measure. Column 2 shows the standard deviations of the mean
results of Kromaia bosses for each measure, whereas Column 3 shows the
standard deviations of the mean result of the bosses of our EBI approach.

Column 4 (Holm’s post hoc p-V alues) and Column 5 (Â12) show the results
of the pair-wise comparison between the mean of the Kromaia bosses and the
mean of the EBI bosses for each quality measure. Each of the bosses produced
by our approach is obtained by using the partially generated version of one of
the original bosses included in Kromaia as a starting point. This partial gen-
eration initially constrains the characteristics of the bosses produced by our
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approach to a certain extent. For example, it determines the number of hulls
used, which is not modified via encoding during the Equipment Configuration
stage. The restrictions resulting from the partial generation do not determine
the quality of the bosses, but characteristics like anatomy or behavior are
affected. Therefore, the pair-wise comparison is used in order to study the dif-
ferences between bosses in terms of the Equipment Configuration stage. The
mean quality values for both the bosses included in Kromaia and those pro-
duced by our approach are also summarized in the radar chart included in Fig.
7.

Table 4 For each measure, mean results and standard deviations, Holm’s post hoc p-V alues

and Â12 effect size

Mean ± (σ) Kromaia vs EBI Bosses

Kromaia
Bosses

EBI Bosses Holm’s post
hoc p-V alues

Â12

Completion 1 ± 0 1 ± 0 - 0.5

Duration 0.41 ± 0.25 0.64 ± 0.02 ≪ 2× 10−16 0

Uncertainty 0.10 ± 0.07 0.11 ± 0.02 1.2× 10−10 0.26

Killer Moves 0.91 ± 0.07 0.83 ± 0.01 ≪ 2× 10−16 1

Permanence 0.97 ± 0.02 0.93 ± 0.01 ≪ 2× 10−16 1

Lead Change 0.11 ± 0.07 0.27 ± 0.02 ≪ 2× 10−16 0

COMPLETION 

LEAD CHANGE DURATION 

PERMANENCE UNCERTAINTY 

KILLER MOVES 

KROMAIA BOSSES EBI BOSSES 

1.0 0.6 0.8 0.4 0.2 0.0 

Fig. 7 Quality measure mean values obtained by the bosses originally included in Kromaia,
the video game case study, and those produced by our EBI approach.
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5.6 Research Question 1

Does our EBI approach provide completely configured bosses that are compara-
ble (or even better) in quality to those designed by the developers of the video
game case study?

To answer the first research question, we compared the quality values
achieved by the completely configured bosses obtained from our approach and
the original bosses in the commercial release of the video game case study:

For Completion (the first column in Fig. 6), both the bosses from our
approach and the original bosses obtained good values close to the maximum.
These high values for QCompletion come from the characteristics of the battles
between players and bosses in Kromaia: the effectiveness of the weapons used
and the difficulty for an average player to avoid combat maximize the duel
conclusions within acceptable duration limits.

For Duration, the more similar the duration of duels between players and
bosses to the optimal value estimated, the higher the quality. The second col-
umn in Fig. 6 shows that the bosses generated by our approach outperformed
the bosses in the case study. Monitoring the evolution of the Equipment Con-
figuration population showed that it took few generations for the EA in our
EBI approach to obtain QDuration values that surpassed those achieved by the
original bosses. The Version Control System used by the development company
shows that the different Equipment Configurations tested varied little in terms
of weapon/weak point sizes. This shows that, for QDuration, it is necessary to
explore a larger Equipment Configuration search space than the one provided
by the developers in order to obtain weapon and weak point distributions that
achieve high values.

For Uncertainty (the third column in Fig. 6), four of the bosses generated
by our approach achieved mean values similar to those obtained by the orig-
inal bosses. High QUncertainty values would denote duels for which the time
between when one of the contenders is about to be defeated and the conclusion
is very low. In comparison to other video games, the design of Kromaia does
not favor high uncertainty values. As duels advance, the bosses become more
damaged and the weak point set is reduced. The distance in time between
hits also progressively increases. For players, each time a health level decrease
occurs, there is a safety time period during which the player is immune. The
column displaying data related to Uncertainty in Fig. 6 shows that the fifth
boss generated by our approach (Boss5) achieved a higher value than its corre-
sponding boss. The most remarkable restriction in that fifth boss for both the
commercial release of the video game case study and our approach is the fact
that it is the boss that has the simplest geometry in terms of hull size (11)
in comparison to the rest of the bosses, which have an average of 47 hulls.
Therefore, considering the search spaces for the corresponding encoding sizes
(211∗5 = 255 and 247∗5 = 2235, respectively), our algorithm managed to obtain
a significantly higher value for Boss5 with the time budget assigned.

For Killer Moves (QKMoves), the average values obtained by four of
the bosses generated with our approach (Boss1..4) are comparable to those
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achieved by the five original bosses, as shown in Fig. 6. However, the fifth
boss obtained by our approach (Boss5) achieved a lower mean value than the
original boss. Due to the anatomical restrictions on hull size for both our
approach and the original bosses, the version of the fifth boss generated by our
approach obtained a higher percentage of uncertain duels, as described above.
As shown in Fig. 6, there is an inverse relationship between Uncertainty and
Killer moves: bosses with higher QUncertainty values obtain lower values for
QKMoves. This is because a high number of killer moves (highlighted events
that mean a significant health gap between contenders) is incompatible with
high uncertainty.

For Permanence (QPermanence), the fifth column in Fig. 6 shows that the
average values obtained from the bosses provided by our approach and those
in the video game case study are comparable (even more so when Boss5 is not
considered). The reason behind that specific case is that Permanence measures
the persistence in time of an advantage achieved in terms of health level gaps,
so there is an inverse relationship between QKMoves and QPermanence.

For Lead Change (QLChange), the sixth column in Fig. 6 shows that the
bosses generated by our EBI approach obtained better values than the original
bosses included in Kromaia. Due to the specific design of the video game
case study, it is difficult to achieve a high proportion of lead-change events
in relation to highlights (health decrease events) or killer moves (highlights
resulting in a considerable health gap between contenders). In Kromaia, a
player can absorb up to five impacts before being defeated. However, the bosses
generated by our approach and those included in the commercial release of
Kromaia include a considerably higher number of weak points in order to
reach acceptable values in the rest of the quality measures. Therefore, an
impact received by a player is likely to take several weak points in the boss
(each of which involves a highlight event) in order to revert the lead status.
Since our approach obtains bosses with better QDuration values, those bosses
favor duels that are closer to the optimal duration and that have more lead
changes. This minimizes the possibility of duels that are too long or too short,
which occur due to passiveness or a significant skill difference between the
contenders, respectively.

The p-V alues of Holm’s post hoc analysis of Table 2 show that the dif-
ferences in the bosses from Kromaia and the bosses from our EBI approach
are statistically significant (under 0.05), except for the following: for Com-
pletion, the results are equivalent in all pair-wise comparisons of bosses; for
Duration, the results are not significant when Bosses 1 and 2 are compared;
and for Uncertainty, the results are not is not significant when Bosses 2 are

compared. With regard to the Â12 values of Table 3, Boss 1 from our EBI ap-
proach outperforms Boss 1 from Kromaia in all quality measures (except for
Completion, which is equivalent), as row ”K1 vs E1” of the table shows. The
highest differences correspond to Uncertainty, Killer Moves, and Lead Change
where Boss 1 of our EBI approach outperforms Boss 1 of Kromaia in almost
all of the runs, respectively. This is especially relevant because Kromaia devel-
opers acknowledged that Boss 1 is the boss that they have devoted the most
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development effort to since Boss 1 is the most played and defeated boss in the
video game (up to 6 times more than Boss 5 according to the global gameplay
statistics of Steam).

When the data of bosses is aggregated by quality measure, the p-V alues of
Holm’s post hoc analysis of Table 4 show that the differences are statistically
significant (under 0.05), except for Completion where the results are equiv-

alent. The Â12 values of Table 4 show that EBI bosses outperform Kromaia
bosses in the majority of the runs for Duration, Uncertainty, and Lead Change.
In Killer Moves and Permanence, Kromaia bosses outperform EBI bosses in
all of the runs. Although it may appear that EBI bosses do not achieve good
results for Killer Moves and Permanence, these results are comparable to the
results achieved by the original Kromaia bosses. The difference between the
mean of Killer Moves in Kromaia and Killer Moves in EBI is only 0.08; the
difference between the mean of Permanence in Kromaia and Permanence in
EBI is only 0.04. We showed these results to two Kromaia developers and they
confirmed that the results obtained by our EBI approach are comparable (or
even better) in quality to the results in Kromaia, so they will use our EBI
approach to produce new, completely configured bosses in Kromaia through
downloadable content.

5.7 Research Question 2

Does our EBI approach reduce the time necessary to configure good quality
bosses in the video game case study?

This research question takes into account the time spent by the developers
and our approach to perform the last configuration stage (Equipment Con-
figuration) to obtain completely configured bosses that achieve good quality
values.

To evaluate this last configuration stage, it was necessary to study the
Version Control System of Kromaia used by the developers. The log history
registry shows that the sum of the Equipment Configuration stages that led
to the original bosses that were commercially released was five months. For
our approach, the stop condition for the evolutionary algorithm in EBI was
restricted only by time (20 minutes). Therefore, since it was necessary to gen-
erate five completely configured bosses, this task was completed in 1 hour and
40 minutes.

These results show that our approach generated good-quality, completely
configured bosses about 99% faster than the developers. In addition, both the
evolutionary algorithm and the duels that guide it and confront simulated con-
tenders allow our approach to run unattended. Therefore, with better equip-
ment, it would be possible to launch five separate instances of EBI (one per
boss and CPU) in order to divide the time required by 5.
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5.8 Fitness Progress in the Evolutionary Algorithm

With regard to the progress shown by the evolutionary algorithm used by
EBI, Table 5 shows the average fitness values obtained by the best candidate
of each of the five bosses generated by EBI at the end of the evolution. The
fitness values of the five bosses from Kromaia (depicted as red diamonds in
Fig. 6) are also included for comparison. The five EBI bosses reached mean
fitness values of around 0.9. The fitness values shown by the original bosses
included in Kromaia are low in comparison. Only the original K2 obtained
values of 0.6 for both FV ictory and FHealth. With regard to the convergence of
the search performed by EBI, the fourth column in Table 5 shows the percent-
age of the time budget needed to find the best boss candidate. Interestingly,
the improvement of the randomly-equipped original population used by the
evolutionary algorithm is an average of 20% for three of the bosses and 10% for
two of them. The last column of Table 5 shows the number of bosses explored
during the time budget allocated (20 minutes). Additionally, doubling the
time budget from 20 to 40 minutes did not affect the maximum fitness value
reached).

Table 5 Average fitness values of the best candidate at the end of each evolution, percent-
age of the time budget required and number of bosses explored. Kromaia bosses are also
included for comparison.

Fitness Time budget

FV ictory FHealth FOverall % needed Bosses explored

E1 0.91 0.86 0.88 10% 305,650
K1 0.08 0.1 0.09

E2 0.99 0.86 0.92 35% 566,640
K2 0.6 0.6 0.6

E3 0.99 0.83 0.91 11% 523,855
K3 0.09 0.11 0.10

E4 0.98 0.83 0.91 3% 311,140
K4 0.08 0.08 0.08

E5 0.99 0.86 0.93 0.1% 1,420,165
K5 0.08 0.09 0.08

6 Threats to Validity

In this section, we present how we addressed or mitigated the possible threats
to validity regarding our approach. To identify the threats to be considered
in this work, we use the guidelines described by De Oliveira et al. [64] and
classify the threats into different groups.
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Conclusion validity threats are concerned with the statistical relation-
ships between data treatment and outcome. We have identified the following
two threats in this category. The first one is not accounting for random varia-
tion. We addressed this threat by performing 30 runs for each of the bosses to
be configured with our approach. The second one is the lack of a meaningful
comparison baseline. To address this threat, we compared the results obtained
from our approach with those generated by the developers for the commercial
release of the video game case study.

Internal validity threats involve non-causal relationships between treat-
ment and outcome. We have identified the following two threats in this cate-
gory. The first one is the lack of clarity of data collection tools and procedures.
Since it is difficult to calculate fitness values based on tests with players (due
to their considerable time length), our approach simulates duels between the
bosses and an AI player. We used the data provided by the SDMLs of the con-
tenders to perform the simulation, and we used two main indicators provided
by the developers to value configurations: victory percentage and health level.
The second threat is the lack of real problem instances. To address this, the
evaluation performed in our work was applied to an industrial video game case
study, and the problem artifacts (partially and completely configured bosses)
were directly obtained from the video game industry.

Construct validity threats are concerned with the relations between ob-
servations and theory. We have identified the following threats in this category.
The first one is not assessing the validity of cost measures. In order to per-
form a fair comparison between the completely configured bosses included in
Kromaia and the bosses generated by our approach, we studied the time spent
by the developers and our algorithm to obtain the results (see Section 5.7).
The second threat is not assessing the validity of effectiveness measures. We
addressed this by using quality measures presented in the video game research
literature [7] and performing a statistical analysis of the results (see Sections
5.2 and 5.5).

External validity threats deal with the generalization of the results
obtained in a larger population, which is outside the experiment. We have
identified one threat in this category, the lack of a clear definition of target
instances. To address this threat, we have provided as much detail as possible
regarding the DSL used by the video game case study (SDML, see Section 3.2).
Nevertheless, EBI should be applied to other video games before assuring its
generalization.

7 Conclusion

The creation of video game content is relevant to user retention and engage-
ment. Our work shows that it is possible to accelerate video game content
creation by means of Procedural Content Improvement. In this work, we fo-
cus on game bosses and the improvement of their quality through procedural
content generation using our EBI approach. It works with an evolutionary al-
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gorithm that is guided by the simulation of duels between a player and the
game bosses produced. The evolutionary algorithm and the genetic operations
which we propose in our approach give priority to the content fragment which
must be added to the initial fragment in order to consider such content com-
plete. However, the improvement is not limited to that last fragment of the
content, and these algorithm and operations drive a genetic improvement of
the complete content, including the fragment that is provided originally as
partially complete content.

We evaluate our approach in the context of Kromaia, a commercial PC
and PlayStation 4 video game. In the application of the EBI to this game, our
approach receives partially created bosses and produces complete bosses by
automatically performing the last step in the creation process followed by hu-
man developers: the Equipment Configuration stage. This stage adds weapon
and weak point content and defines the characteristics of a boss in terms of
attack/defense items and weak point distribution. In the evaluation of our ap-
proach, we use six quality indicators from the video game research literature
in order to give the game bosses a quality level value: Completion, Duration,
Uncertainty, Killer Moves, Permanence, and Lead Change. We use these mea-
sures to evaluate the quality of both the bosses produced by our approach and
those originally created by the developers of Kromaia.

The results show that our EBI approach provides completely configured
bosses that are comparable (or even better) in quality to those designed by
the developers of Kromaia. Our EBI approach improves video game content in
less time than the developers of a commercial video game. The improvement
of this content is an essential issue that concerns developers due to the nature
of life cycles in commercial video games. This includes renovating products
through downloadable content. For future work, we are planning to explore
the potential benefits of EBI for level improvement.
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