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Abstract

The idea that emergent content generation for video games will add depth to the gameplay
experience is something often mentioned. With this article I want to make a connection be-
tween the science of complex systems and emergence, and the area of video game research and
development. Not only does emergent content generation add depth to gameplay experience,
it would also reduce the stress on developers, if diverse content could be generated automat-
ically. I have conducted a keyword search on 412 articles from renown conferences with the
following keywords: ”complex system”, ”emerg”, and ”spontaneous”. The results show that
while emergence is quite popular in the field of video game research, complex system as a
term is not.

1 Introduction

This project started out as something quite different, I wanted to create a method of generating
artificial societies for Role-Playing Games(RPGs). This turned out to be a daunting task, too large
and complicated for a single person to produce in merely three month’s time. I began researching
the field, to see if anyone had done anything similar, but nothing quite matched what I had in
mind. It was during this research that I stumbled upon the field of complex systems, which in
retrospect sounds laughable when one considers the sheer size of it.
The idea of this paper is to look at the field of video game research, from the perspective of
complex systems and emergent phenomena, to give a clue of how widespread these are in this area
of research. Do they exist at all?
Even though the results I present in this paper are not very in-depth, I still hope they can provide
a base for other to continue. This paper is quite obviously my first attempt at a literature review,
and my literature search strategy is a combination of what I have observed in other works, and
my own approach to it. This literature survey covers 412 papers from different conferences(both
IEEE and AAAI) reaching as far back as 2006. The journey through this area of research has
proved to be incredibly interesting and valuable, even though(or because) the immense size of the
field of complex systems is intimidating - I have barely scratched the surface.

Complex systems, as I already mentioned, is an immensely large area of research, concerning
several different disciplines of science: biology, economics, computer science, anthropolgy, physics,
chemistry, to name a few. What makes a complex system interesting is how mysterious it’s
behavior can appear, and how incredibly hard it is to predict how it will behave. The concept of
a complex system is that a system of parts which interact locally according to simple rules. It is
the seeming simplicity of this system that baffles scientists when the system generates different
intricate patterns. What Stephen Wolfram made known with his implementations of cellular
automata, grids of cells which could be turned on or off(white or black), already existed in nature
- with the patterns appearing on the shells of cone snails and snowflakes. Although the area is
considered to be somewhat young, some of the concepts have been known for a long time:

“The whole is something over and above its parts, and not just the sum of them all...”
- Aristotle, Metaphysics, Book H, 1045:8-10

I want to present some of the concepts of complex systems and emergence, in hope of clarifying
them a little. This paper will begin with some definitions, as well as examples, of what makes
a complex system, and how they can be emergent. I then proceed with presenting the literature
survey method, and after that the results. I will present three cases of existing video game research
that are similar in presentation or appear similar in concept to what a complex system is, after
which I finally discuss the cases and conclude the article.
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2 Background

Complex systems are described as large systems of heterogeneous parts, interconnected hierarchi-
cally without centralized control. Every individual part interacts with other local parts(neighbors),
which in turn generates a global behavior. Some examples of this are: the brain, an ant colony,
human society, et cetera. [1] Essentially, all of these examples have nodes of some form - the
brain has neurons, an ant colony has individual ants, human society has individual humans(whose
bodies in turn are complex systems) - and these nodes interact mostly locally, adhering to some
simple rules, which is a sign of a complex system.

Complex systems are a subset of nonlinear dynamical systems, it is a very interdisciplinary
topic, covering topics from biology to anthropology, from computer science to chemistry. ”For
biologists, it is the idea that natural selection is not the sole source of order in the biological
world.” - Lansing [1]

2.1 Purpose

The purpose of this survey is to investigate the prevalence of complex systems in the field of
video game research, and with the data from this investigation compile a comprehensive overview.
This survey could be interesting for those who want a review of the area, to aid them in their
development and research of game techniques/prototypes with emergent properties.

2.2 Complexity In Nature

Nature is of course a fundamental source of inspiration for complexity sciences, many natural phe-
nomena have been observed and studied through the years. Patterns that are seen on the shells
of certain molluscs(Conus Textile), are remarkably similar to the patterns that emerge in human-
made systems (see rule 30 below). Many occurrences of cooperation have emerged between living
organisms(macroscopic and microscopic alike) - to divide labor with synergy, in nature synergy
is the rule rather than the exception. [2] Another interesting aspect of complexity observed in
nature is the self-organization of large societies of insects, e.g. the case of ant societies which can
be up to 20 million individuals large, yet still have a system of organization within the colony
with surprisingly complex patterns of foraging, simply because of the chemical communication
that happens between local individuals [3].
Termites are also an example of a social insect cooperating with great success, creating construc-
tions that are several orders of magnitude greater than the single individuals themselves (a termite
is a few millimetres long, termite-mounds can be as big as 30 m in diameter). The architecture of
these mounds follow a certain pattern with intricate constructs of chambers and galleries. [4]

2.3 Cellular Automata

Figure 1: Cellular automaton, Rule 30, 75 gener-
ations

In his book A New Kind of Science, Stephen
Wolfram presents his empirical studies on cel-
lular automata[5]. Cellular automata are reg-
ular grids of cells which can be in a finite num-
ber of states, typically on or off, these states
are governed by some simple rules, and evolove
according to these rules through generations.
Some of the automata that Wolfram exempli-
fies are very basic in the sense that they start
with a single row, where each added row repre-
sents a generation, evolved based on rules ap-
plied to the cells of previous rows(generations).
Many of the rules that Wolfram applied to his
automata yielded regular patterns, but it was when he discovered what he calls ”rule 30” that the
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results became interesting. An irregular pattern emerged, with a rule quite similar to the previous
rules he had employed - each cell and its direct neighbors were only taken into consideration.
The rule, using a black-and-white state space, was as follows: look at each cell and its right-hand
neighbor, if both were white on the previous row, the new cell takes the color of the left-hand
neighbor. Otherwise the new cell takes the opposite color of the cell’s left-hand neighbor.

This led to an irregular pattern, as can be seen in Figure , Wolfram himself calls this ”[...]
probably the single most surprising scientific discovery I have ever made.”[5].

2.3.1 Complex System Creation Through NK Networks

Another example that Lansing mentions is the work on NK Networks by Kauffman, these networks
can create what he calls complex systems. An NK network is a network of boolean nodes(they
switch between two states) with N nodes where each node has K connections to other nodes. The
value of each node is then decided by the values of it’s neighbors, a node will switch to the state
that the majority of its neighbors is in. For example if a node is in the ”off” state, and 2 out
of 4 neighbors are ”on”, the node will switch to ”on”. What Kauffman found out was that the
network behaved very differently depending on the K value. When K is less than 2, the network
behaves very periodic and stable. When K is greater than 2, the network becomes increasingly
chaotic. With a network of K = 2, between chaotic and periodic, the network becomes complex.
It has been concluded that an NK network, regardless of initial configuration, eventually will enter
a state that it has entered before. Once this happens, the network will cycle back to that state
indefinitely. This cycle is called an attractor. A collection of configurations that lead to attractors,
i.e. lead to state cycles, is called a basin of attraction Kauffman concluded that for complex NK
networks(where K = 2), the number of attractors and the average length are equal to the square
root of N. It has been shown that K=2 networks are quite stable - switching a node mostly only
affects a few neighbors. However, in some cases this can cause large changes, which can make the
network move into a different basin of attraction. Worth noting is that networks where K > 2
display very unstable behavior for the slightest of changes, and networks where K < 2 show very
stable and periodic behavior, with tiny attractors.

3 Method

When performing the keyword search (more on this in the Search Strategy section), the papers that
were submitted to the conferences were publicly available at the respective websites. I retrieved
them and sorted them by year and conference, after which I used a free program(PDF-XChange
Viewer) for conducting the keyword search on many papers at once.

3.1 Research Questions

I have performed my research with the following questions in mind:

1. What examples of complex systems can be found in video game research?

2. To what extent are complex systems used in video game research?

3.2 Search Strategy

Initially, a broad search was conducted on the area of Complex Systems using a popular web
search engine, to find a feasible definition. The material that would be found with this method,
would then be used to compare the results of the main literature survey(mentioned below) to that
definition.

I have conducted a keyword search on the proceedings of the IEEE Conference on Computa-
tional Intelligence and Games(CIG), as well as the AAAI Conference on Artificial Intelligence and
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Table 1: Search results
A - ”complex system”, B - ”emerg”, C - ”spontaneous”

Source N.o. papers searched N.o articles per keyword Total keyword hits ref hits
A B C A B C

CIG ’06 40 1 8 0 7 41 0 4
CIG ’07 52 0 7 1 0 18 0 4
CIG ’08 53 0 11 1 0 32 1 6
CIG ’09 52 1 14 0 1 38 0 9
CIG ’10 61 1 15 2 1 46 2 9
CIG ’11 45 0 7 0 0 24 0 5
AIIDE ’09 34 0 4 0 0 18 0 6
AIIDE ’10 39 0 3 0 0 5 0 4
AIIDE ’11 36 1 2 0 1 4 0 2

Total articles 412

Interactive Digital Entertainment(AIIDE), collecting papers from as far back as CIG 2006 and
AIIDE 2009. Deciding which keywords to use was not a trivial task. The question is, how does
one come up with search terms that will yield results relevant to the subject of complex systems?
When studying the different examples of complex systems and the definition thereof, discussed
in the previous section, it becomes apparent that these systems in general have results which by
many are labeled as ”emergent”.[1] It became clear that this needed to be a keyword in my search,
and in order to get all variations of the word, the search was done with the ”lowest common de-
nominator” of the word: ”emerg”, which catches all possible forms(i.e. ”emergent”,”emergence”,
”emerging”, etc.). This approach had an issue however: the popularity of the word created noise
in the search - many papers would write formulations such as ”... problems emerged” or ”... is
an emerging field”. Another keyword that I elected was ”spontaneous”, as complex systems have
some degree of perceived spontaneity. For each keyword hit, relevance would be confirmed/denied
by looking at the context - what the whole sentence was, the title of the paper, as well as the ab-
stract. The hits were recorded in a text file, some with brief comments regarding the relationship
to emergence, or which particular field they concerned.

While the word ”emergent” was quite popular amongst authors, the same cannot be said about
the term ”complex system”. It was quickly evident that just this term alone would not suffice, as
the number of articles mentioning ”complex system” in any form was very small(the table confirms
this).

Thus the search was conducted with the following terms:
emerg(- e/-ing/-ent/-ence), complex system, spontaneous

4 Results

Firstly, two interesting articles that cover the area of complex systems and emergence were found:
Complex Adaptive Systems by J. Stephen Lansing [1], and The re-emergence of “emergence” by
Peter A. Corning [2]. These articles provided me with definitions and some understanding(albeit
limited) of what a complex system is, and what emergence entails.

The numbers in the ”N.o. articles per keyword” and the ”Total keyword hits”-columns rep-
resent the number of hits with respective keyword after each hit was thoroughly examined for
context and correctness. When a hit was detected(in the right context), the title and abstract was
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briefly reviewed for confirmation. The ”ref” column contains the numbers of reference hits, that
is, the occurrence of either keywords(A, B, or C) in the reference lists of articles. These numbers
were not included in the previous columns.

When using the search term ”complex system”, the results were quite interesting: in a major-
ity of the articles where the term was found, it was found in references, even without the term
being used in the article itself. This further reinforces the notion that complex systems is an area
that touches many other fields, often referenced as an abstract concept applied to many subjects.
Throughout the data collection it became increasingly clear what fields of research encounter
emergent results, as some prominent subjects were those of Artificial Neural Networks(ANN), Ge-
netic Algorithms, the popular game theory subject of Prisoners Dilemma, and Procedural Content
Generation.

Upon reviewing the resulting data, three more keywords were used, ”neural”, ”evolving” and
”genetic”. This yielded a large quantity of hits(Table 2), but the search method was very crude
- the thoroughness of the previously mentioned method could not be used because of time con-
straints.

Table 2: Additional results

”neural” ”evolving” ”genetic”
n.o. hits 1790 1029 1333
n.o. documents 202 174 179

4.1 Categorization

As was mentioned above, many interesting points came up when the search was made. Thus,
putting the results into categories could potentially make light of some interesting correlations in
this study. When doing this survey, it became apparent that certain techniques/algorithms were
overrepresented. Many articles revolved around utilizing neural networks, genetic algorithms as
well as genetic programming, and concepts of evolution in general, these techniques were thusly
chosen as categories in my compilation of the data, as can be seen in Table 3 (where the EC
category stands for Evolutionary Computation, and BN stands for Bayesian Networks).

Table 3: Results by technique

Source ANN GA/GP Other EC BN Other
CIG ’06 [6] [7] [8] [9] [10] [11] [12] [13]
CIG ’07 [14] [15] [16] [17] [18] [19] [20]
CIG ’08 [21] [22] [23] [24] [25] [26] [27] [28] [29]
CIG ’09 [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] [42]
CIG ’10 [43] [44] [45] [46] [47] [48] [49] [50] [51] [52]

[53] [54] [55] [56]
[57]

CIG ’11 [58] [59] [60] [61] [62] [63] [64]
AIIDE ’09 [65] [66] [67] [68]
AIIDE ’10 [69] [70] [71]
AIIDE ’11 [72] [73]

Since this study focuses on video games, it can be interesting for myself and the readers to
see what different genres the studies focused on (Table 4 & 5 ). Something that stands out when
looking at this categorization is that almost half of the articles are in the ”Other & General”
category, this category is for all other genres or sub-genres of games that can be found, as well as
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articles that don’t have a specific genre as focus. An example of this can be found in the many
articles that discuss methods of procedural content generation [57][52][56][62][13], emulating the
human mind/reasoning/decision-making for game agents [48][65][41], as well as other tools for
game production[66][67].

Table 4: Results by game genre (from CIG)

Genre CIG ’06 CIG ’07 CIG ’08 CIG ’09 CIG ’10 CIG ’11
Strategy [7] [22] [28] [30] [37] [50] [53] [63]
Role-Playing
Shooter [14] [17] [32] [33]
Platform [35] [31] [57]
Racing [19] [15] [36] [54] [60] [59]
Fighting
Game Theory [11] [9] [10] [18] [20] [38] [49] [47] [61] [64]

[18]
Simulation [23]
Other & General [8] [12] [6] [16] [21] [26] [27] [39] [40] [41] [46] [51] [52] [62] [58]

[13] [29] [25] [24] [42] [34] [43] [55] [56]
[44] [48] [45]

Table 5: Results by game genre (from AIIDE)

Genre AIIDE ’09 AIIDE ’10 AIIDE ’11
Strategy [68] [73]
Role-Playing
Shooter
Platform [69]
Racing
Fighting
Game Theory
Simulation [71]
Other & General [65] [66] [67] [70] [72]

5 Case: Emergent Story Generation

In the article Narrative inspiration: Using case based problem solving for emergent story gener-
ation, Swartjes et al.[74] present a system which generates stories given ”a plot perspective by a
human author”. They use a concept called Case Based Reasoning(CBR) to generate high-level
character behavior based on the input from the human author(which provides the context for the
story). The system they developed for creating these stories is based around a form of problem-
solving, where a problem description is given, and it is up to the system to generate different
solutions(i.e. different events in the stories). According to the authors of Narrative Inspiration...
, this system has emergent behavior, which is indicative of a complex system. Swartjes et. al.
mention that they introduced a ”creative problem solver”, which ”allows for decision making that
falls outside the range of decisions that would have been made using only autonomous character
agents”. The reason they did this was to remedy the risk of not having an interesting story emerge
from the system.
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6 Case: ANNs for content generation

There are some examples of Artifical Neural Networks(ANNs) being used in video games. As
Hastings[32] et al. mention, Colin McRae Rally 2.0 and Forza Motorsport 2 both use ANN race
car controllers. It is worth noting, however, that these cases evolve the ANNs prior to game release
- not while the game is played. This is where Galactic Arms Race(GAR) is different. GAR uses
NeuroEvolution of Augmenting Topologies(NEAT), an algorithm that evolves ANNs, for evolving
a special variant of ANNs called Compositional Pattern Producing Networks(CPPNs). This is
then used for producing particle patterns for the weapons that the player uses, the network can
contain a variety of functions for creating these patterns: linear, Gaussian, sigmoid, and more.
[32]

7 Case: Query-Enabled Behavior Trees

Flórez-Puga et al. discuss the use of Behavior Trees for Artificial Intelligence in First-Person
Shooters(FPS) [75] . The goal of this work is to assist the designers in manually editing the
behaviors of Non-Player Characters(NPCs) in FPS, since manually editing behaviors is a cum-
bersome part of current game design in the industry(Flórez-Puga et al.). Their approach towards
easing the burden of behavior designers is to separate the Behavior Trees(BTs) into subtrees,
making the BTs more ’modular’, in a sense. Each subtree has a description, telling query nodes
what goal it can fulfill. With this method, subtrees can be created for distinct behaviors, which
can then be ’pieced together’ in runtime, to generate a BT for an NPC. So instead of having to
store separate BTs for each NPC, they can store subtrees and assemble them into full BTs as they
are needed. These subtrees can be reused in runtime.

Typical BT implementations consist of two node types: Selector nodes and Sequence nodes.
Selectors are used for selecting the correct child node to traverse further down the tree, sequence
nodes are leaf nodes in the tree, responsible for carrying out the behavioral tasks. In the case of
Query-Enabled Behavior Trees, Flórez-Puga et al. suggest adding a node for performing queries,
so called ”query nodes” [75]. These query nodes are used to fetch an appropriate subtree, based
on the subtree description and the query. This system could be used for generating entire BTs
in runtime, if the root node is a query node. Another benefit with a system of this sort is
expandability, subtrees can be added to the system even after initial trees were created.

8 Discussion

With Lansings definition of a complex adaptive system in mind, there are some things that can be
said about how well the presented cases adhere to these. As we have assessed in the beginning of
this article, a complex system is a system of nodes(entities, individuals, etc.) that interact locally
and adhere to some simple rules, thus generating complex, emergent behavior on a global scale.
Another salient point of the definition of a complex system, is the concept of decentralization -
the lack of any kind of central control, blue-print, plan, or leader.

We can find evidence of this in the first case of Emergent Story Generation, where the authors
had implemented the ”creative problem solver”, which would alleviate the risks of not having an
interesting story emerge. Another example of centralized control added to a complex system was
in the second case, ANNs for content generation, where the designer could adjust the probability
of new content being chosen from a pool of pre-evolved content. This content was to be selected
by the author prior to game release. [32] The last case(Query-Enabled Behavior Trees) seems
to be the only one where no such central control is actually used, where they have a network of
nodes(in the tree) with rules of interaction. This, however, is not quite the case, as the pieces of
the tree is largely authored by hand. Although the tree can become very complex if the pieces
are small enough and the query nodes are frequent enough, the fact remains that these behavior
trees are dynamically pieced together by smaller hand-crafted parts of behaviors.In summary, the
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most clear case of a Complex System is the second case, ANNs for content generation, the use of
Artificial Neural Networks does indeed make it a complex system, as these are created to emulate
neurons in the brain. The other cases, however, are difficult to judge, both Swartjes et al. [74]
and Flórez-Puga et al. [75] perceive emergence in their systems, if it actually corresponds to what
complexity science calls emergence is hard to tell.

Furthermore, an important aspect of this discussion is the usefulness of emergence in video
game development: what are the benefits and draw-backs? The automation of content-creation is
something frequently cited as a motivator for investigating these options, as well as the idea that
somewhat randomly generating content for video-games makes them more interesting to play (more
variation for the player). And in this study I have found many articles that use this argument, but
with little evidence - it just seems intuitive that it would be the case. Of course, there are plenty
of approaches to creating variation and adressing a single one seems pointless. To conclude, the
development of games has the potential to become easier when content is procedurally generated
using ever more complex means, as well as the ”replayability” (the player’s desire to play the
game again) due to variation. However, these things are far from simple to judge, some players
might enjoy re-playing the same content for the sake of becoming better (honing their skill) at
the game, and generating content automatically could produce some unexpected and unwanted
results, which means the designer still has to review (and adjust) whatever content is produced.

9 Conclusions And Future Work

In conclusion, what can be said about the future of complex systems as a tool for video game
development? I believe that complex systems rarely will exist in it’s strictest definition, as there
is a desire for controlling the produced content. And, as stated before, a complex system is decen-
tralized, it is from local interactions with simple rules that complex patterns can emerge. It is that
rule of decentralization which evidently is difficult and rarely desirable in the area of video game
technologies, since the creators want to control the content that can be generated. It is not certain
that everything generated by a complex system will be considered entertaining by the majority of
players. The results suggest that content generation through emergence is not a ”magic bullet” for
game developers, that there always will have to be customizations made to accommodate specific
game design requirements.

That being said, there are many things in this study that could be improved. It bears men-
tioning that this is the first literature review I have done and as a result, finding and employing
methods has been a slow and arduous process - everything has been a bit more time-consuming
than necessary. I would like to give the categorization of results some further revision, both in
terms of genres as well as techniques. Something that became clear when categorizing was that
several articles used multiple techniques to achieve their goals, and some articles did not appear to
use any known techniques. When it comes to methodology, I realize the method perhaps was not
the most robust, as some articles were not strongly related to the subject at hand. The method-
ology could be improved by carefully chosing more keywords and introduce more filtering steps to
narrow the results down, but this became too complex and time-consuming a task, which articles
should be filtered out for what reasons?
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