
Master Thesis  
Software Engineering 
Thesis no MSE-2003:04 
March 2003 

Human-like Behaviour in Real-Time 
Strategy Games 

- An Experiment With Genetic Algorithms 

Fredrik Olofsson 
Johan W. Andersson 

Department of 
Software Engineering and Computer Science 
Blekinge Institute of Technology 
Box 520 
SE – 372 25 Ronneby 
Sweden 



  ii

University advisor: 
Stefan Johansson 
Department of Software Engineering and Computer Science 
 
 
Department of Internet : www.bth.se/ipd 
Software Engineering and Computer Science Phone : +46 457 38 50 00 
Blekinge Institute of Technology Fax : + 46 457 271 25 
Box 520 
SE – 372 25 Ronneby 
Sweden 

Contact Information: 
Authors: 
Fredrik Olofsson 
E-mail: pt98foo@student.bth.se 
Johan W. Andersson 
E-mail: pt98jae@student.bth.se 

This thesis is submitted to the Department of Software Engineering and Computer Science 
at Blekinge Institute of Technology in partial fulfillment of the requirements for the degree
of Master of Science in Software Engineering. The thesis is equivalent to 20 weeks of full
time studies per student. 

mailto:pt98foo@student.bth.se
mailto:pt98jae@student.bth.se


ABSTRACT 
 
 
 

If a computer game company wants to stay 
competitive they must offer something extra. For many 
years, this extra has often been synonymous with better 
graphics. Lately, and thanks to the Internet, the focus 
has shifted in favour of more multi-player support. This 
also means that the requirements of one-player games 
increases. 

Our proposal, to meet these new requirements, is 
that future game AI is made more human-like. One way 
to achieve this is believed to be the use of learning AI 
techniques, such as genetic algorithms and neural 
networks. 

In this thesis we will present the results from an 
experiment aiming at testing strategy game AI. Test 
persons played against traditional strategy game AI, a 
genetic algorithm AI, and other humans to see if they 
experienced any differences in the behaviour of the 
opponents. 

 
Keywords: Artificial intelligence, genetic algorithms, 
strategy games, Turing test. 
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1 INTRODUCTION 
 
 
 

1.1 Background 
 
Artificial intelligence (AI) has been around since the 50's. AI as a discipline has 

the goal to make computers or artificial systems to be rational and/or human-like. 
Almost all computer games use AI to some extent. 

This thesis will mainly regard AI used in computer games. We define game AI as 
“a system used to control a computer game entity”. This does not mean the system 
must make optimal decisions all the time, but rather to make the game as entertaining 
as possible. Some of the most classic examples of game AI’s are chess and othello. In 
this thesis we will focus on another type of games, modern computer games (see 
section 1.2 for genres and examples) that is. 

These games are somewhat different from the classic games. They do not just need 
an AI that plays well but also an AI that does it in a human-like way (however, there 
are examples of new solutions being applied to classical games [Fransson03]). The aim 
of this thesis is to test if a special AI technique, genetic algorithms (GA), can achieve 
more human-like behaviour in the AI of modern strategy games.  

    
  

1.2 Scope and Limitations 
 
The area of game development is very large and extensive and so is the area of 

game AI. There exist a great amount of game genres and variations of games. To do a 
single experiment that would include all of these is an all to extensive task for this 
thesis. We will instead limit our experiment to a very special type of game, namely 
real-time strategy games (RTS). To give the reader a more clear view of the 
limitations in our experiment we will present a list of game genres and furthermore 
how they relate to each other and how they make use of AI. Then we can describe the 
scope of our experiment. 

This list is not a complete list of all game genres. A more complete list can be 
found in [Wolf02]. Our list is emphasizing on the game genres that represent the 
majority of the games played today and to which this type of game AI is, in our 
opinion, needed [Laird01]. 

    
• Action games - Action games include a broad variety of games. What they 

all have in common is that the player controls some kind of entity, often a 
human being, and is then challenged to defeat an enemy by using brute 
force. One sub-genre to action games is first-person shooter (FPS), where 
the player sees the environment from a first-person perspective. Examples 
of action games are Quake1 (FPS) and Tomb Raider2. 
The AI in an action game is primarily used to control enemies. The task is 
to make enemies move around and interact with the environment and to 
attack the player. It is, as in most game genres, very easy to make an AI that 
plays the game very well and that is hard to defeat. More and more of these 

                                                      
1 Copyright Id Software, www.idsoftware.com 
2 Copyright Eidos Interactive, www.eidos.com 
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games is played as multi-player games but still there is a need for AI, for 
instance to control non-playing characters (NPC). Action games sometimes 
merge with role-playing games. 
 

• Adventure games – This genre covers games, which emphasises on puzzle 
solving, story, and plot. The idea in these games is often for the player to 
unfold a story as they go along. To do so, the player must interact with other 
characters and solve puzzles. Sometimes the story also depends on what 
decisions the player makes. Examples of games are Space Quest I3, The 
Secret of Monkey Island4, and Zork5. 
Since adventure games strive to follow a certain story, there is not really 
much use for AI. The player may not deviate from the story too much and 
therefore everything is more or less scripted; i.e. the story and the NPC’s.  
 

• Strategy games - A strategy game is a game where the player controls 
multiple entities/units. To win the game the player must use strategic 
thinking instead of just brute force. The two major different kinds of 
strategy games are turn-based strategy games and real-time strategy games 
(RTS). The difference is that in a turn-based game each player makes her 
move one at a time whereas in a real-time game the players make their 
moves simultaneously. Examples of strategy games are Civilization6 (turn-
based) and Warcraft7 (RTS). 
AI is used to control both enemy units and friendly units in strategy games. 
The purpose of the enemy AI is to be a fully operational enemy player 
whilst the purpose of the friendly AI is to make human control of units 
easier. The friendly AI is often extremely simplified in this kind of game. 
Strategy games are often filled with action but otherwise not very similar to 
other game genres. 
 

• Role-playing games - The definition of a role-playing game (RPG) is a bit 
diffuse and often are action games called RPG. What discerns a RPG from 
an action game is the focus on the character. The character is described 
more detailed and its interaction with the environment is more role- then 
action-based. 
The objective for the AI in a RPG is to control enemies and NPC’s. The 
NPC’s task is often just to communicate with the player. 
RPG’s are often crossed with action games. Examples of role-playing 
games are Ultima8 and Final Fantasy9. 
 

• Sport games - As the name implies a sport game is more or less a 
simulation of a sport on a computer. The differences amongst different 
sports are huge and so is it between sport games as well. AI in a sport game 
can therefore differ very much from game to game. 
Sport games are pretty much an own and specialised genre. Examples of 
sport games are the NHL game series10 and Collin McRae Rally11. 

                                                      
3 Copyright Sierra, www.sierra.com 
4 Copyright LucasArts Entertainment Company, www.lucasarts.com 
5 Copyright Infocom, www.activision.com 
6 Copyright Microprose Simulation Software, www.microprose.com 
7 Copyright Blizzard Entertainment, www.blizzard.com 
8 Copyright Origin Systems, www.ea.com 
9 Copyright Squaresoft, www.squaresoft.com 
10 Copyright Electronic Arts, www.ea.com 
11 Copyright Codemasters, www.codemasters.com 

  2

http://www.sierra.com/
http://www.lucasarts.com/
http://www.activision.com/
http://www.microprose.com/
http://www.blizzard.com/
http://www.ea.com/
http://www.squaresoft.com/
http://www.ea.com/
http://www.codemasters.com/


 
We have limit our hypothesis and experiment to the sub-genre RTS. There are 

mainly three reasons for choosing RTS games. First of all because these games uses 
multiple units, which suits the genetic AI approach well. The units can be used as a 
population. Second, the time aspect adds another dimension to how an opponent is 
experienced by players (reaction times etc). Furthermore because of the strategy factor, 
which is very suitable for determine predictability of human-like behaviour. A player 
will easily see how the opponent moves his units and how he plans his strategies. 

 
 

1.3 Problem Description 
 
When playing a modern computer game you often find yourself facing an 

opponent that is controlled and operated by the computer. This part, often called the AI 
part, is a major part of the game-concept and therefore also a great contributor to the 
game experience. Despite this, today's computer game AI is often very predictable and 
static in its behaviour. You can easily feel that the computer controls the opponent and 
not a human [Woodcock98]. This decreases the game experience and the lifetime of a 
game. Another disturbing matter is the fact that many computer game AI's cheats in 
various ways. As in other games or sports we want a fair game. We think this factor of 
static non-human-like behaviour is a problem in computer games and also that more 
effort should be put into solving this problem. Some examples of efforts exist though. 
One solution proposed uses a more human-like representation of the environment 
[Forbus01]. This type of spatial reasoning can indeed improve the AI as well as the 
path-finding. What is unsure though is if it necessarily makes the AI more human-like.  

Another example has been to use an evolutionary trained neural network to control 
units in a strategy game [Agogino98]. We think this is a good approach. The AI will 
also update itself and learn during a game. The AI that learns and adapt during the 
game is also proven to outperform the static one [Agogino98]. The results show that 
this kind of AI can be used in strategy games but it doesn't show if its behaviour gets 
more human-like. 

The experiment described in this thesis will be used to test our hypothesis (see 
next section). To do this we need an AI that is not so predictable. Our proposal is to 
use another AI technique, namely genetic algorithms (see chapter 2), to develop game 
AI. We state that the more human-like the AI is the more it fits our purpose of not 
being predictable, but not irrational. This statement is strengthened by the fact that 
more and more computer games are so called multi-player games, i.e. played by more 
than one human. Human players seem to appreciate the challenge more if there is a 
human opponent. Therefore, we believe the more human-like our AI is the more 
appreciated will it be by the players. With this as background we will test whether the 
use of genetic algorithms make the AI more human-like, in comparison with the AI 
techniques used today. We will use a scripted opponent as a representation of this, 
since much of the game AI of today is done with some kind of scripting12. 

 
 
 
 
 
 
 

                                                      
12 According to Mike Kidd, game designer, Ensemble Studios 
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1.4 Hypothesis 
 
With this as a background we state our hypothesis: "Our genetic algorithm AI will 

be more human-like in its behaviour than our script-based AI when applied to an 
enemy player in an RTS-like game." Performing an experiment where humans will be 
asked to tell which opponent is more probable to be controlled by a human will test 
this. 

 
 

1.5 Methodology 
 
To prove our hypothesis we will perform a formal experiment [Pfleeger98]. We 

start by expressing our hypothesis, which is done in this chapter. We also state that by 
using different AI’s as the main variable in the experiment we are able to test our 
hypothesis. The data collected with the experiment will be analysed in a statistical 
manner to draw conclusions. 

 
 

1.6 Expected Outcome 
 
The expected outcomes of the thesis are: 
 

• We expect our experiment to test the hypothesis. 
• A test environment for the experiment. 
• By analysing data from the experiment, we expect to identify new problems 

and questions within the area. 
• A report summarising the experiment, the results and our conclusions. 

 
 

1.7 Outline of The Thesis 
 
First, the background material of currently used AI techniques in strategy games 

will be presented. After this, we will describe the experimental setup and the results 
from the experiment. In the next chapter, the collected results will be discussed. 
Finally, our conclusions and future work will be covered at the end of the report. 
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2 ARTIFICIAL INTELLIGENCE IN STRATEGY 
GAMES 
 
 
 

2.1 Introduction 
 
Some people consider strategy game AI to be one of the most difficult to realise 

due to many of the inherited dependencies [Scott02c]. This genre has, because of this, 
been considered to be one of the true pioneers among all the genres when it comes to 
game AI. 

As most things, game AI within commercial games is restricted in many ways due 
to the lack of resources (need we mention the time and economical aspect?). This 
implies the usage of already tried and previously proved successful solutions to be 
used when developing new games. Occasionally though, exceptions do emerge on the 
market. It is also these new games implementing new interesting AI approaches that 
often earn the reputation among developers as well as players worldwide of being 
something special. At the time being, these new AI techniques almost always concern 
systems using some sort of machine learning. This makes a game’s AI more dynamic 
than old games or new games made in the traditional way. Some even says the 
adoption of learning in games will be one of the most important advances made in 
game AI ever [Manslow02]. 

Of course, when certain limits are bound to the development process, it is easy to 
just “use what we have used before”. But, developers (in computer development as a 
whole) should always look for new techniques and methods. We can not just rely on 
already known solutions to solve old problems. In fact, a few game companies have 
started special AI research departments and tries harder to find competent AI 
programmers. This should be proof enough that AI is beginning to be taken seriously 
within the computer entertainment community. 

 
 

2.2 Current Techniques 
 

2.2.1 Introduction 
 
In this section, techniques used when developing strategy games will be discussed. 

This part only presents the techniques in high-level manner avoiding getting into 
details of actual low-level solutions (for example, optimal path-finding using A* 
[Hart68][Hart72][Matthews02] is somewhat beyond the scope of this thesis). 

First, before the game AI is developed, it must be decided exactly what it must do 
and what it should do [Scott02b]. Naturally, the must part are the components needed 
for the game to actually work as planned. The components that should be included are 
those important for the game if it is supposed to have the “edge”. When decided, 
common software engineering techniques is applied during the development cycle. 
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2.2.2 Managers 
 
An RTS game's AI can be divided into sub-components known as managers 

[Scott02c]. These managers are responsible for specific areas in the game. The way the 
managers interconnect with each other and the game itself differs, but some common 
solutions are to either divide them according to some top-to-bottom hierarchy (levels) 
or just to let them exist as independent entities. The most common between these two, 
is the hierarchy one. 

Managers are normally divided among some basic areas within the game 
environment. As always, this depends on a variety of factors, but the ones presented 
here are virtually found in every strategy game of today using managers [Scott02c]: 

 
• Civilization – This manager is the one residing at the top-most level of all. 

The responsibility for this is to coordinate between the other managers as 
well as making decisions regarding overall economy and strategies (in what 
direction to evolve etc). 
 

• Build – The build manager is responsible for the placement of structural 
entities such as towns, walls, buildings etc. It also handles specific requests 
from units, for instance (when units needs training and hence the locations 
for this). In connection with the build manager, some sort of terrain analyser 
is used. The analyser decides where the structures should be placed; i.e. not 
too close to enemies, at important intersections etc. 
 

• Unit – In order to manage the training of units there is the unit manager. It 
monitors the current status of the units at training, coordinates the training 
(prioritising the training requests etc), and the computer’s population limit. 
The unit manager often tries to keep an even unit count with the human 
opponent. 
 

• Resource – Responsible for assigning resource-gathering tasks to units in 
the game. It also has the responsibility of the exploration of new territory 
(newly discovered resource sites etc). 
 

• Research – For a computer player to perform better and better, it will often 
have the opportunity of researching new units, buildings etc. The research 
manager coordinates this. That is, what to research and how to balance the 
new units against their costs. 
 

• Combat – Naturally, the combat manager is a quite important and large part 
of the game. Its responsibilities are directing (military) units, requesting 
needed units, and launching various strategies. Normally this is where the 
group behaviour of the military units is placed if it’s implemented. 
 

 

2.2.3 Hierarchy Levels – Scripts 
 
A script of some sort is probably the most common way of coordinating the 

hierarchy approach. This doesn't just mean that only one script is used to manage every 
aspect of the game AI’s behaviour, but may be used at all levels of the hierarchy. For 
instance, at one level a script might rule the way a group of units should perform while 
each unit in turn uses it's own script, which could be individual or common. 
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The benefits of using scripts are of course many. It provides a safe environment 
(depending on the level of implementation) for it to execute in. That is, if any faults 
present in the game AI should lead to any failures, it will not be fatal to the game 
itself. Other positives making scripts widely used are extensibility and ease of use. 
But, the most important aspect is probably the fact that the responsibility of 
implementing the game design may be refocused from the programmers to the actual 
game designers. This is also what makes it hard sometimes; i.e. deciding on what level 
the scripting language should be at. Once this is decided, it is just a matter of 
implementing it, like any regular compiler or interpreter [Aho86][Abelson96]. 

Scripting languages can be more or less C-like in the way they are written (not 
only do you script what to do, but also how to do it) while others focuses on simple 
rules (what to do and not exactly how to do it). Some are so detailed and offers so 
many features they are even hard to distinguish from pure C++, Java or other powerful 
high-level languages.  Examples of both are illustrated in Figure 2.1 and 2.2. Note how 
the first example (Age of Mythology13) tends to be more detailed and more of a 
traditional script than the second one (Black & White14) [Abelson96]. 

 
 
 
 

 
//==============================================================================
// RULE: updatePlayerToAttack.  Updates the player we should be attacking. 
//==============================================================================
rule updatePlayerToAttack 
   minInterval 27 
   group AttackRules 
   active 
   runImmediately 
{ 
   //Determine a random start index for our hate loop. 
   static int startIndex=-1; 
   if (startIndex < 0) 
      startIndex=aiRandInt(cNumberPlayers); 
 
   //Find the "first" enemy player that's still in the game.  This will be the 
   //script's recommendation for who we should attack. 
   int comparePlayerID=-1; 
   for (i=0; < cNumberPlayers) 
   { 
      //If we're past the end of our players, go back to the start. 
      int actualIndex=i+startIndex; 
      if (actualIndex >= cNumberPlayers) 
         actualIndex=actualIndex-cNumberPlayers; 
      if (actualIndex <= 0) 
         continue; 
      if ((kbIsPlayerEnemy(actualIndex) == true) && 
         (kbIsPlayerResigned(actualIndex) == false) && 
         (kbHasPlayerLost(actualIndex) == false)) 
      { 
         comparePlayerID=actualIndex; 
         break; 
      } 
   } 
 
   //Pass the comparePlayerID into the AI to see what he thinks. He'll take care
   //of modifying the player in the event of wonders, etc. 
   int actualPlayerID=aiCalculateMostHatedPlayerID(comparePlayerID); 
 
   //Default us off. 
   aiSetMostHatedPlayerID(actualPlayerID); 
} 
 

Figure 2.1 – Script excerpt from Age of Mythology. 

                                                      
13 Copyright Ensemble Studios, www.ensemble-studios.com 
14 Copyright Lionhead Studios, www.lionhead.com 
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// Good: “I heartily object. That’s just malicious.” 
say LOST_BROTHER_LINE6 
wait until read 
 
// Evil: “That’s kinda the whole point!” 
say LOST_BROTHER_LINE7 
wait until read 
 
// Send the advisor spirits away 
send good home 
send evil home 
 

Figure 2.2 – Script excerpt from Black & White. 
 
 

2.2.4 Search Trees 
 
The classical technique of solving a game problem is the technique of using search 

trees or graphs (see Figure 2.3). By knowing the state of the game at all times, we may 
derive consecutive game states from the current game state. This forms a sort of tree 
where each node, connected by edges, represents a game state. From one node we can 
go to other nodes by using the edges (in order to find the desired goal node; when 
reached, the game is won). The number of nodes possible 
depends on the number of possible game states. In chess for 
example, the average branching factor is approximately 35 
[Russell95]! Needless to say, this is quite a problem when it 
comes to applications relying much on real-time properties. 
In the game of chess, it is accepted due to the fact that the 
“thinking” of an opponent is allowed. Just expand the search 
tree for as long as allowed before deciding on what move to 
make. 

Although the use of pruning, such as alpha-beta pruning, makes it possible to 
expand a tree quicker and deeper (by disregarding branches that is known to not 
contain a better move) [Russell95], it will still take a large amount of time. 

Figure 2.3 – Search tree (1 = 
node, 2 = edge). 

To make things worse, an RTS game is more complex than many of the traditional 
board games. In chess there are at the most 32 pieces (of six different types) using a 
board made up of 8 x 8 squares. This world, which in comparison with RTS games can 
be thought of as rather “small” (in this context), can produce enormous search trees to 
say the least. In RTS games it is often the case that maps and the numbers of different 
types of units are quite large. To make a useful search tree in real-time for a game like 
this is very difficult if not impossible. 

However, although many of it’s drawbacks in the context of RTS games, it can 
still be used in certain games and situations where the depth and breadth of the tree 
may be kept small. 

 
 

2.2.5 Finite State Machines 
 
Finite state machines are simple directed and discreet graphs consisting of 

numerous states (player modes). That is, exactly one state can be occupied at any time. 
By transition the player moves from one state to another. For example, if the computer 
player in an FPS game is in the mode ‘idle’ and the human opponent crosses its field 
of vision within a certain distance, a transition from mode ‘idle’ to mode ‘hunt’ could 
be made, and the computer player will then display another behaviour. 
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The benefits of using finite state machines are its simplicity and the use of minimal 
resources needed to make one useful. 

 
 

2.2.6 Fuzzy Logic 
 
To make computer players more interesting and flexible than they are when using 

other AI techniques, many have used what is known as fuzzy logic [Alexander02]. 
Instead of using the two discreet states of true and false, as in normal logic, fuzzy logic 
uses real-value numbers. These real-value numbers usually indicates a “desire” of 
doing something; i.e. enforcing certain behaviours. This could be a distance to move, 
chance of attacking a foe etc. By not having discrete states, it is also possible to let the 
computer player implement many strategies at the same time, only to differ to what 
extent they’re applied. 

Fuzzy logic is one step further in the direction of making computer players more 
flexible in their behaviour, and thus more interesting as opponents in general. 

 
 

2.2.7 Asymmetric Rules 
 
One important aspect when developing games is the aspect of different 

experiences and expectations for different players. Therefore, a game must present a 
wide variety of levels (game difficulty) to fit the needs of many (“all”) players. 

One way of obtaining different levels on strategy game opponents is often made by 
simply developing one computer opponent at first. This opponent is then used (and 
further tuned) during the entire development process as the “test opponent”. When the 
development is more or less finished and a variety of different computer levels are 
needed, the test opponent will constitute the “hard level” opponent. All easier levels 
are then derived from this by crippling it in various ways. 

Another technique, which is very popular, is the technique of cheating. Cheating is 
often used because of the fact that it often simplifies the AI implementation quite a bit 
and to compensate for many of the properties a human possess, such as improvising 
and reasoning [Scott02a]. For instance, cheating could be done by letting the computer 
play by a different set of rules; i.e. give it more resources to begin with etc. 

As long as it has worked for making the best opponent, this has considered being a 
satisfactory technique. Certain game problems may even be hard to solve without 
relying on cheating. One common game problem is the two-chest-problem [Kirby02]. 
In a world where there are two chests at each end of the world and one of them 
contains the key to the other, it would be something of an “entertainment problem” if 
the player would go to the correct chest at the first time (since the problem is really 
deterministic; half of the times, the player will pick the correct chest at his first try). 
This might inflict on the plot of the game, and thus is avoided by cheating (regardless 
of which chest the player goes to first, the key will be found in the other). 

 
 

2.2.8 Conclusions 
 
What makes current techniques used and appreciated is because they are already 

proved to work and often works as a “believable opponent”. However, the difficulties 
faced when implementing RTS games, makes it tough to use one of the techniques to 
its fullest extent. Often, games use a variety of, and in some ways crippled, 
implementations of the previously mentioned techniques. 
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2.3 Genetic Algorithms 
 

2.3.1 Introduction 
 
Previously discussed AI methods will in many cases suffice, but not always. As 

games gets more and more advanced in general, it will also be a demand for more and 
more interesting opponents. The fact that multi-player games are enormously popular 
these days must indicate that single player games must lack some important features. 
The two major properties missing from the single player options of today are: the 
social factor (chatting etc) and the human impact of the opponents. Take the well-
known game of Tic-Tac-Toe as an example. When playing against a computer, the 
behaviour is often easily recognised as a computer’s (seldom loses and nearly always 
plays the same), but when playing against another human some interesting scenarios 
can occur. 

The descriptions in this thesis should by no means be considered exhaustive. There 
more complete (and in the first case, classical) introductory texts on the theory of 
evolution and genetics [Darwin59][Smith93]. 

One other important aspect to keep in mind when reading this is that game AI (at 
least when it concerns commercial games) in the end is about entertainment. It is not 
interesting to make the perfect chess player who beats Kasparov every time. These 
types of challenges are more of academic one-time interests; once we have beaten 
Kasparov we will move on to something else. In commercial games we want 
opponents who are intriguing and perfectly tuned to the likes of the human player. 
Many games of today suffer from the one-time syndrome mentioned; once solved, the 
interest fades (once we know how to beat the opponent, we almost always succeed in 
doing so). 

By using genetic algorithms an opponent capable of learning and adapting could 
be realised [Koza92][Goldberg89]. This could be a way to make the opponent more 
human-like and at the same time address the one-time syndrome. 

 
 

2.3.2 Human-like Properties 
 
One way of reaching the goal of human-like behaviour in games could be the 

creation of an AI system that would pass the Turing test. If such a system is to pass the 
test, it needs to posses certain capabilities. These capabilities are [Russell95]: 

 
• Natural language processing - Enables the system to interact 

(communicate) successfully with other human-like entities by using one or 
more human languages. 
 

• Knowledge representation - To store the provided information. 
 

• Automated reasoning - Use the stored information to solve problems or 
draw conclusions. 
 

• Machine learning - Being able of adapting to new circumstances, 
recognise and extrapolate patterns. 

 
Besides these, there are also some physical capabilities necessary if the total 

Turing test is performed (these are not a part of the normal Turing test, since the 
presence of intelligence doesn't always imply physical features): 
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• Computer vision - The ability of real-world perception. 
 

• Robotics - Interaction of real-world objects by moving and modifying them 
in different ways. 

 
What we propose is that the use of genetic algorithms (which in this case falls 

under the categories knowledge representation and machine learning) will take us one 
step closer of achieving human-like behaviour in games. This because a genetic 
algorithm will be more flexible; i.e. it’s behaviour will differ in ways we cannot 
always predict (see below). Important to know, is that there is no need of 
implementing all of the mentioned capabilities, since all (commercial) games of today 
just focus on a handful of the human properties. For instance, games often deal with 
isolated properties such as speed, strategies, endurance etc, and not so much on natural 
language processing, perceptive abilities etc. What we need to do is to decide what 
properties are crucial for the game at hand. 

In games some capabilities (or behavioural patterns) are especially interesting 
when striving for human-like behaviours. These are according to [Scott02a]: 

 
• Predictability vs. unpredictability - Humans have the luxury of being both 

predictable as well as unpredictable, although this might seem to be a 
contradiction. In many cases humans are predictable because when they 
learn something, they tend to stick to it. Once we learnt how to tie our 
shoelaces, we will always do it the same way. Often, the only thing that 
could change this is if some new shoe configuration is introduced which 
forces us to adapt and relearn. 
On the other hand, humans could be very unpredictable in many ways. 
Simply in order for us to test our limits and possibilities, we sometimes do 
irrational things. Perhaps we do not tie our shoelaces at all, because we do 
not feel to do so or forgot to do it. 
 

• Support – If a computer controlled entity should provide support, it must 
be able to communicate effectively as well as recognise and adapt to the 
patterns of others. We should not have to tell the supporting party exactly 
what has to be done all the time. What we need are partners who understand 
our intensions and strive towards the same objectives. 
 

• Surprise - Surprises could be the property that makes a game AI standing 
out from the rest. One of these approaches is often referred as “believable 
stupidity”. This is not exactly unpredictable behaviour, but rather things that 
results from mistakes made or deceptive manoeuvres and such. 
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2.3.3 Evolutionary Background 
 
Nature can be very harsh in many aspects. This is 

most certainly true when it comes to the theory of 
evolution [Darwin59]. Organisms who are well 
adapted to their environment will have a greater 
chance of surviving and reproducing than those who 
are not. If given enough time, the organisms will 
eventually be more or less perfectly suited for a 
certain environment. Also, if gradual changes are 
made to the environment, the organisms may be able 
to gradually evolve with it, but on the other hand, if 
sudden and brutal changes in the environment should 
occur, there is a risk the whole species could be wiped 
out in an instant. Exactly what properties that makes 
the organism successful naturally depends on the 
organism's conditions, environment, threats, and 
goals. Just to give an example; a very basic goal for 
many organisms is the ability of living long enough to 
be able to reproduce itself. There are many examples 
in nature where one parent dies right after mating. 

In order for the organisms to sharpen their 
properties from generation to generation, they must 
preserve them when reproducing themselves. These properties are stored in their 
genetic material. Almost all living organisms on the planet store this genetic material 
in molecules known as Deoxyribo Nucleic Acid (DNA) [Watson53]. The DNA 
molecule (Figure 2.4) can be thought of as a blueprint of an organism, from which the 
cells and proteins are built within an organism. 

Figure 2.4 – Computerised DNA model.

In each cell a number of DNA molecules can be found. Each one of these DNA 
molecules is encapsulated within a special type of coating, and this is what makes a 
chromosome. The number of chromosomes within the cells of an organism varies from 
specie to specie. For instance, mammal cells vary between 6 to 94 chromosomes 
(human cells, which sit right in the middle, normally have 46). The chromosome is 
made up of a number of genes. In turn, a gene is the blueprint for a single protein and 
hence controls the hereditary disposition (the colour of your hair and eyes, your blood 
type, whether you are going to be left or right handed etc [Francks03]). 
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2.3.4 Reproducing Offspring 
 
Before any offspring actually can be reproduced, it must 

be decided who will be the ones to do so. In nature, this 
process isn't always easy to determine (in general it seems to 
be those best suited, signalled by their strength, looks etc), 
but for the sake of discussion, we will settle with the fact 
that two parents are selected in one way or another. 

An organism's reproducing process is basically 
accomplished by transmitting some of the genetic material 
from each parent. There are many different ways for nature 
when reproducing an offspring's set of chromosomes. The 
two major ones discussed here are cross-over and mutation. 

Figure 2.5 illustrates the use of cross-over and mutation 
during the reproduction process. 

 
• Cross-over - When two parents mate, what 

happens is that one or more cross-over points are 
selected randomly within the chromosomes of the 
parents. The resulting chromosomes of the 
offspring will be a mixture of these. That is, the offspring chromosome will 
have the genes from parent one up to cross-over point one, the following 
genes from cross-over point one and up to cross-over point two from parent 
two, and so on.   
In Figure 2.5, this scenario is shown in the three first pairs of chromosomes. 
First, the chromosomes to mate are selected. Second, two cross-over points 
have been found for the chromosomes. And finally, the genes will be 
exchanged between the two chromosomes resulting in the offspring 
chromosomes shown here as the third pair. 
 

Figure 2.5 – Reproducing. 

• Mutation - Occasionally and randomly (with a very small probability) 
some individual genes will be replaced by completely new ones (not even 
by the ones found among the genes of the parents). In our example, the 
fourth couple of chromosomes in Figure 2.5 have been mutated by the 
introduction a Z gene (indicated by the dotted boxes). 

 
 

2.3.5 Genetics in Games 
 
What makes genetics especially interesting in AI game development is the huge 

amount of possibilities available when using it. Instead of telling the AI exactly what 
to do and how to do it (as done in many static solutions), it will be up to the AI engine 
to decide this. The developers have to provide the rules for the gaming environment 
and some basic tools for executing any decisions taken by the genetic part of the AI, 
that is, the genetic part must have access to some sort of interface when interacting 
with the environment. 

What needs be done prior to implementing the genetic algorithm is to answer four 
questions [Russell95]: 

 
1. What is the fitness function? 

The actual implementation of the fitness function is of course a very 
important part of the genetic algorithm. The fitness function will decide 
exactly how successful the individuals are. To do this, it will take an 
individual as an input and return some sort of value indicating its fitness. 
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Important when deciding upon a fitness function is also the weights 
(“impact”) of the genes. If genes are weighted against each other in the 
wrong way, the population as whole might evolve into something not 
desired. 
 

2. How do we represent individuals? 
Real DNA is made up of strings over a finite alphabet, known as AGTC 
(adenine, guanine, thymine, and cytosine). In computer programs the choice 
of the alphabet is, as always, the developers to decide and interpret. 
Depending on the problem at hand, the DNA alphabet could be {0, 1}, {x ∈ 
R+} (if we for the sake of discussion do not consider the fact that all real 
numbers cannot be represented in a computer), and so on. More advanced 
ways of representing DNA can be decision trees or source code (a set of if-
then rules for instance). 
 

3. How are individuals selected? 
The selection of individuals depends on many things. For example, do we 
reproduce each individual as needed or do we keep some sort of gene pool 
from which we select new individuals? One might be eager to always 
picking the two best parents when reproducing, but there is a problem by 
doing so. If no new individuals are introduced into the population, we may 
run the risk of inbreeding. This can of course lead to some nasty effects, for 
example evolve a population of virtually equal individuals to name one 
(convergence). 
 

4. How do individuals reproduce? 
After the selection has been carried out, the individuals simply reproduce by 
applying the cross-over and mutation techniques, for example, as discussed 
earlier. In order to avoid inbreeding; i.e. genes striving towards a local 
maximum, a number of completely new (random) individuals should be 
introduced from time to time. The fact that these individuals are randomly 
derived, also makes them more human in the sense that they will display 
both predictable as well as unpredictable behaviours. 
 

One important aspect to consider though is if a genetic algorithm is to be used in a 
commercial game is when the actual reproduction should be done. Almost all new 
games are governed by tough real-time constraints, which make it somewhat more 
difficult to “just switch AI techniques”. 

Another way of making an RTS game AI, to name one, could be the use of 
heuristic search trees. One of the problems with this approach though, is that strategy 
games are most often made up of large maps (much larger than chess boards for 
instance) as well as a large number of different unit types and resources. The search 
time would be enormous and as the way commercial games are made today, there 
simply is not enough time to do so. Not even a turn-based game like chess can be 
allowed to search forever or else we would have to wait longer than acceptable. 

This is exactly what makes genetic algorithms appealing; we may train the game 
AI to a reasonable level before we ship the final product. Instead of us telling the game 
AI exactly how to perform, we simply provide the rules and the environment; the rest 
is about trimming parameters of the genetic algorithm. Examples where learning 
(using genetic algorithms, neural networks etc) has been used with success are in 
Cloak, Dagger and DNA15 (learns and adapts during the game) and Colin McRae Rally 
2.0 (used to learn the computer how to drive) 

 
                                                      
15 Copyright Oidian Systems, www.gameai.com 
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2.3.6 Conclusions 
 
Needless to say, nature is very complex! Because of this, although a genetic 

approach instinctively might seem as one of the best methods of solving most AI 
problems, one should always be cautious. Nature cannot be imitated to its full extent 
by using a few numbers representing genes accompanied by some neat genetic 
functions. This approach might work in some cases and in others it will not. However, 
genetic algorithms provide us with so many possibilities, that more work should be 
considered in this area in the future. 

Although there are many techniques, such as cheating, for compensating a game 
AI’s lack of certain properties, this problem should not be considered as “solved”, but 
explored even more. 
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3 THE EXPERIMENTAL SETUP 
 
 
 

3.1 Introduction 
 
In this chapter we present the experiment that was conducted to test our 

hypothesis. The experiment was designed somewhat similar to the Turing test 
[Turing50]. The Turing test or the “imitation game” is designed to test if a computer 
program has intelligence. In the Turing test an interrogator is asked to tell the 
difference between a human being and a computer. This is done by letting the 
interrogator ask questions to one human and to one computer without letting him know 
which one is the human and which one is the computer. If the interrogator is fooled the 
computer is regarded intelligent. In our test we let a human player play an RTS game 
against one of three different kinds of opponents. A human opponent, a computer 
running a script-based AI or a computer running a genetic algorithm AI. The player is 
then asked how likely it was that the opponent was controlled by a human. By doing 
this we can tell if our genetic AI (see 3.3 for details) is more human-like than our 
script-based AI (see 3.3 for details) and thus prove our hypothesis. 

 
 

3.2 The Game 
 

3.2.1 Overview 
 
The game consists of three entities, one server and two clients. When a game is 

executed the clients connects to the server, which decides who the humans will play 
against. With this solution the games could be controlled and monitored in a 
centralised way. 

 
 

3.2.2 Environment 
 
To be able to execute the experiment with the different kinds of AI we developed 

an RTS game. The game was developed with the intention to make it a general RTS 
game. This was done to make the results from out experiment applicable to other 
games as well. We tried to find the common elements from some of the most popular 
RTS games (Warcraft, Command and Conquer16, Age of Mythology). We found some 
concepts that more or less all RTS games uses. Our game is based on these concepts. 

 
• Map - All RTS games have a map where the battles take place. The map 

can vary a lot between different games. What they all have in common 
though is the existence of passable and impassable terrain. Our game uses a 
map with these two kinds of terrain. 
 

                                                      
16 Copyright Westwood Studios, www.westwood.com 
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• Units - The units are necessary parts of an RTS game. All RTS games we 
have looked at have multiple types of units. The purpose of having multiple 
unit types is to add a strategic element into the game. Letting the units be 
useful in different situations does this. We have chosen to use two different 
kinds of units. Attacker units and defender units. As the names imply the 
attacker units are good at inflicting damage while the defending units are 
more damage resistant. 
 

• Bases - This part can differ rather much from game to game. Some RTS 
games don’t even have any bases at all. The purpose of bases is often the 
same though. At a base units are produced and the base gives the player 
some defensive advantage. In our game a base produces units and heals 
units. The healing gives the player the defensive advantage that we wanted. 

 
A screenshot of the game can be seen in Figure 3.1. 
 
 

3.2.3 Rules 
 
The rules of the game can be divided into five categories. Environmental rules, 

unit rules, player rules, combat rules and victory rules. 
 

1. Environmental rules 
• The game is played on a map made up of 64 x 64 squares (locations). 
• The environmental attribute of each location is either passable or 

impassable. 
• A passable location may or may not contain a base. The colour of the base 

is solid yellow when it is neutral. That is, when none of the players have 
control of it. It is either black or white when one of the players is 
controlling it. 

• New units will spawn after 24 ticks (i.e. after a base have been taken, it 
must stay under the player’s control for the subsequent 24 ticks). The 
location of the new unit will be as close to the base as possible. 

• To take a base, the player only has to move a unit to the location of the 
base. This will also reset the spawn tick to zero. 

• Only one unit may occupy a location at any time. 
• If a unit tries to move to a location, which is already occupied by the 

opponent, the unit will perform an attack instead until either one of the units 
is lost or the player issues a new action for the unit. 

• The environment is updated in ticks, where one tick corresponds roughly to 
one second. 

 
2. Unit rules 
• There are two unit types: attacker and defender. 
• Each unit have two attributes: type and health. 
• The health may be in the range of 0 – 10. If the health drops to zero or 

below, the unit is dead and will be discarded. 
• If a damaged unit (0 < health < 10) is located at a base, the health will 

increase by 1 each tick. 
• New units may only be obtained by spawning. 
• A unit may attack or move during each tick, but not both. 
• If a unit have been issued an attack order, it will continue to attack until the 

attacked unit or the attacker is dead. 
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• A moving unit will automatically start to attack if the opponent crosses the 
path. 

• As soon as an attack is over and the opponent has been killed, the unit will 
try to move to the location. 

 
3. Player rules 
• 2 players play each game. 
• One of the players controls the black units and the other controls the white 

units. 
• Each player starts with X number of units (where X > 0). The exact number 

of units depends on the particular session being executed (in the experiment 
X were 1 on map 1 and 4 on map 2). 

• Maximum number of units players have at their disposal at any time is 100. 
• The player may chose whether attacker or defender units should be spawned 

at any time. The selected spawn type will apply to all bases currently under 
control by the player. 

• The player may select one or more units when issuing commands. 
• The player may check the attributes of any unit by selecting it. 

 
4. Combat rules 
• The following combinations of combat may occur (damage states the value 

to subtract from the passive unit’s health): 
 
    Table 3.1 – Combat rules 

Initiator unit type Passive unit type Damage 
Attacker Attacker 3 
Attacker Defender 2 
Defender Attacker 2 
Defender Defender 1 

 
5. Victory rules 
• Each game can be won in one of two ways: all units for either one of the 

players is killed or by having the greatest gaming score when the game time 
is up (game time depends and varies between the sessions). 

• Overall game scoring is assigned by summing the following scores: 
• Player with most units: +1. 
• Player with most bases: +1. 
• Player with best-accumulated health: +1. 
• If the game score for the players are equal, the game is considered a draw. 
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Figure 3.1 – Example of the HBiSG (Human-like Behaviour in real-time Strategy Games) game client in action 
(the map showing is just an illustration and was not used during the actual experiment).

 
 

3.3 The Opponents 
 

3.3.1 The Script 
 
The scripted opponent is divided into a defensive and an offensive part. The 

defensive part handles the defence of computer-controlled bases whilst the offensive 
part takes care of attacking and occupying new bases. The offensive part divides the 
available units into two groups, where each group executes one of two actions. The 
action can either be to attack an enemy base or to occupy a neutral base. If there are no 
more bases to occupy the computer will attack enemy units. 

In Figure 3.2 to 3.7 pseudo code describing the script used in the experiment is 
presented. 
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script function main ( ) 
 
  /* init units, and count nr of free units */ 
  init_units ( ) 
 
  /* run defence script */ 
  defend_bases ( ) 
  defend_units ( ) 
 
  /* run offensive scripts */ 
  random (1...4) 
  if random == 1 
    take_bases ( free units / 2 , enemy ) 
   
  if random == 2 
    take_bases ( free units / 2 , neutral ) 
   
  if random == 3 
    take_bases ( free units / 2 , neutral ) 
    take_bases ( free units / 2 , enemy ) 
   
  if random == 4 
    take_bases ( free units / 2 , neutral ) 
    take_bases ( free units / 2 , neutral ) 
   
  attack ( ) 
 
script function main end 
 

Figure 3.2 – Pseudo code describing the main script. 
 
 
script function init_units ( ) 
 
  /* make sure all units can receive new orders */ 
  for all units 
 
    if unit == available for new task 
      unit = free unit 
 
  end 
 
script function init_units end 
 

Figure 3.3 – Pseudo code describing the init_units script. 
 
 
script function defend_bases ( ) 
 
  for all bases owned 
 
     if base != protected by defender 
       build defender 
       break 
 
     else 
       build attacker 
 
  end 
 
script function defend_bases end 
 

Figure 3.4 – Pseudo code describing the defend_bases script. 
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script function defend_units ( ) 
 
  for all units == defenders 
 
     if unit is next to an enemy 
       attack enemy 
 
  end 
 
script function defend_units end 
 

Figure 3.5 – Pseudo code describing the defend_units script. 
 
 
script function take_bases ( number of units , type of base ) 
 
  /* find a random base of the specified type */ 
  find type of base 
 
  if base is found 
    move number of units to base 
 
  else 
    do nothing 
 
script function take_bases end 
 

Figure 3.6 – Pseudo code describing the take_bases script. 
 
 
script function attack ( ) 
 
  for all free units 
 
    /* attacks an enemy unit at random */ 
    move to position of enemy unit 
 
  end 
 
script function attack end 
 

Figure 3.7 – Pseudo code describing the attack script. 

 
 

3.3.2 The Genetic Algorithm 
 
Three different crucial actions for a unit to perform were identified; attack, move, 

and occupy bases. Each action has one part of a gene connected to it. The genes 
together with an analysis of the environment indicate the urge to take certain actions. 
When a new unit is deployed in the game, it is given a gene from the game’s gene 
pool. During the experiment the game gene pool size was set to one hundred genes. 

To obtain the gene pool equally good as the script a genetic algorithm was created 
and used as a training tool. The training tool executed one thousand games (one game 
equals one generation) where two computer players played against each other. The 
players had separate gene pools. After a game, both gene pools were updated 
according to our selection rules (see below). When the tool finished, the best gene pool 
was selected and used as the opponent in the experiment. 

 
Each gene is made up of 192 bits. This bit string is then divided into three 64-bit 

parts: attack, move, and occupy. In turn, the parts are divided into two subparts, where 
one is an action priority and the other is a world parameter. The priority states the urge 
of a unit to execute an action and the parameter part indicates how big the impact of 
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the world will be. Each sub part was interpreted as a floating-point value between 0.0 
and 1.0. 

 
Table 3.2 – Gene 
 attack  move  occupy  

 priority parameter priority parameter priority parameter 

bits 191 … 160 159 … 128 127 … 96 95 … 64 63 … 32 31 … 0 

 
When the training tool has finished playing one game (one generation) a selection 

is done. The genes are then sorted based on their fitness (“how well did they play the 
game”). The fitness distribution is as follows: 

 
 The 20% most successful genes were selected and reused unaltered in the 

new gene pool. 
 The selected 20% did also mate with each other, which resulted in 60% of 

the new gene pool. 
 The remaining 20% were randomised. 

 
Our selection was made in this way because we wanted to increase the probability 

of having good as well as bad genes throughout the training. 
 
The fitness function used, was trimmed to the following formula (each parameter 

refers to the individual gene and not the gene pool): 
 
gene_fitness = 2.0 * time_alive + 10.0 * killed_enemies + 
 7.0 * damage_inflicted + (-2.0) * damage_taken + 
 1.0 * moves_made + 4.0 * bases_held 

 
When mating the genes both cross-over and mutation was used. The cross-over 

function used five cross-over points, one between each sub part. The offspring was 
mutated with a probability of 5%. When a gene was mutated one of the subparts was 
given a new random value. 

 
To select what action to take during game play, the GA calculated three different 

scores based on the gene. The action with the best score was chosen. The score 
calculations were done with the following formulas: 

 
attack_score = attack_priority * (own_units / (own_units + enemy_units) + 
 1 – attack_parameter) 
 
move_score   = move_priority * (1 – (unit_health / 10) + 1 – 
 move_parameter) 
 
occupy_score = occupy_priority * (own_bases / (own_base + enemy_bases) + 
 1 – occupy_parameter) 
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3.4 Planning and Execution 
 

3.4.1 Test Persons 
 
The test group was divided into two major sub-groups, those who had little 

experiences with strategy games and those with some experiences. The first sub-group 
consisted of six participants and the second consisted of twelve participants. 

 
 

3.4.2 Briefing 
 
Before the experiment was carried out, the participants were briefed on the 

following subjects (for more details see appendix C): 
 

• Rules of the game 
• Ethics (no communication with other participants during the experiment 

etc) 
 
The questionnaire was not revealed until after the first game was concluded. 
 
 

3.4.3 Environment 
 
The experiment environment consisted of three rooms. One was a dedicated 

control and observation room, where only the authors were allowed access. In each of 
the other two rooms, the participants were situated. They were also isolated throughout 
each session. 

 
 

3.4.4 Observations 
 
A session consists of one or more games. Before a session was executed, each 

participant was asked one question (see appendix A for a copy): 
 
1. How would you rate your experience with strategy games? 

To see if the collected results depends on the experiences of the participants. 
 
At the end of each game the participants filled out a questionnaire (see appendix B 

for a copy). The questionnaire consists of the following four questions: 
 
1. Do you believe a Computer or a Human controlled your opponent? 

This question can be thought of as the most important one. First of all to make 
sure the experiment is valid (the humans should be considered most human-
like if the test method to be validated). Second, to test the hypothesis. 
 

2. How well did your opponent perform? 
To test if the humans thought the two computer opponents were equally good 
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at playing the game. 
 

3. Do you believe you have encountered this opponent before? 
Used to see if the scripted AI could be recognised more easily than humans or 
the genetic part of the game AI. 
 

4. How enjoyable did you find the opponent to be? 
To see if there exist a connection between the opponents’ level of human-
behaviour and how enjoyable the game was. 

 
Besides these questions, the winner of each game was logged. 
 
 

3.4.5 Experiment Noise Reduction 
 
In order to minimise any experiment noise several measures were taken: 
 

• Participants - Both experienced and non-experienced participants where 
used during the experiment. This to minimise the impact of different 
experiences of the participants. Both males and females participated. 
 

• Environment - All participants were kept isolated and were not allowed to 
communicate during experiment sessions. All games where started and 
ended at even intervals. 
 

• Game - Two different maps where used during the experiment. The maps 
where evenly distributed throughout the experiment. Three types of games 
where tested: human vs. human, human vs. script, and human vs. genetic. 
These games where also evenly distributed throughout the experiment. The 
order in which the games where executed in each session differed. 
 

• Technical - All types of opponents where handled in exactly the same way 
by the software (network delays etc). Regardless if the opponent was a 
human, a script AI or a genetic AI. 

 
 

3.4.6 Execution 
 
The experiment was carried out during two days. The first day six sessions were 

held and on the second day three. 
The following two tables show all the executed games, where each cell represents 

one game. The latter represents the opponents of the participants and the number of the 
map (an H indicates that the participants play against each other). 
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 Table 3.3 – Experiment day 1 
DAY 1 

Game 
Session 

 
1 

 
2 

 
3 

 
4 

 
5 

 
6 

1 H1 S1 G1 H2 S2 G2 
2 S1 G1 H2 S2 G2 H1 
3 G1 H2 S2 G2 H1 S1 
4 H2 S2 G2 H1 S1 G1 
5 S2 G2 H1 S1 G1 H2 
6 G2 H1 S1 G1 H2 S2 

 (H = human, S = script AI, G = genetic AI, 1 = map one, 2 = map two) 
 
 Table 3.4 – Experiment day 2 

DAY 2 
Game 

Session 
 

1 
 

2 
 

3 
 

4 
 

5 
 

6 
1 H2 S1 G2 - - - 
2 S2 G1 H1 - - - 
3 G2 H1 S2 - - - 
4 - - - - - - 
5 - - - - - - 
6 - - - - - - 

 (H = human, S = script AI, G = genetic AI, 1 = map one, 2 = map two, - = not executed) 
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4 DATA ANALYSIS 
 
 
 

4.1 Introduction 
 
The data analysis is based on all data collected in the experiment, which can be 

found in its complete form in appendix D. 
Each question was answered by setting a score between one and ten. Totally 30 

games per opponent type were played. Every question score can therefore lie in the 
interval between 30 and 300.  

The results from question 2 and 3 were so scattered that no connections were 
identified in the analysis. 

 
 

4.2 Human-like Behaviour 
 
The values collected from question one showed no major difference between the 

two AI techniques. The script AI and the genetic AI was more or less experienced 
equally human-like by the test persons. The only evident result was that humans were 
experienced most human-like of all opponents. This is shown in the table below. 

 
 Table 4.1 – Human-like behaviour 

 H S G 
Q1 161 125 117 
MEAN 5,37 4,17 3,9 

 (Q = question score, H = human, S = script AI, G = genetic AI) 
 
When viewing the scores from 

question one in a box-plot chart, we 
are able to see the statistical 
distribution over the scores.  

Here we can observe, as with the 
total score comparison, the fact that 
the human is more often identified 
as a human (greater median value). 
Besides this, the score distribution is 
larger for a human and script AI 
opponent than it is for the genetic AI 
opponent. This means the test 
persons were able to identify the 
genetic AI opponent as a computer 
opponent more accurately. 
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Figure 4.1 – Question 1 distributions (1 = human, 2 = script 
AI, 3 = genetic AI). 

Both the script AI opponent and the genetic AI opponent have roughly the same 
total score and median value, which indicates that they are believed to be equally 
human-like. However, as mentioned the distribution for the script AI opponent is 
worse than it is for the genetic AI opponent, and therefore can’t be considered to be 
equally reliable. 
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Since we used test persons 
with different strategy game 
experiences it would be 
interesting to see if there were a 
connection between how 
experienced they are and how 
well they answered question 1 
(see appendix D, table D.6). As 
shown in Figure 4.2 there is a 
small trend stating that the more 
experience (see appendix D, 
table D.4) one has, the better to 
recognise the type of the 
opponent. 

The R-value is 0,472 and the 
P-value is 0,048. Therefore, the relationship is reliable, but cannot be considered 
strong. 
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Figure 4.2 – Question 1 score (y-axis) and stated experience 
(x-axis) regression. 

 
 

4.3 Enjoyable 
 
The table below illustrates a connection between human-like behaviour and how 

enjoyable the opponent was. A human clearly scored better in both behaviour and how 
enjoyable it was as an opponent. Furthermore we can see that this connection is valid 
for all types of opponents. 

 
 Table 4.2 – Enjoyable 

 H S G 
Q1 161 125 117 
Q4 195 148 157 
Q1/Q4 0,83 0,84 0,75 

 (Q = question score, H = human, S = script AI, G = genetic AI) 
 
In Figure 4.3 to the right, a 

chart describing the regression 
between games won (x-axis) 
and the mean of question 4 (y-
axis). Every dot represents a test 
person. 

Although the regression line 
shows a small trend (“the more 
a test person wins, the less 
enjoyable he or she finds it”), 
the values are too scattered to be 
of any real use. 

Since we have an R-value of 
–0,334 and a P-value of 0,176 
the relationship cannot be 
considered strong or reliable.  
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Figure 4.3 – Games won percentage and question 4 regression. 
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4.4 Effectiveness 
 
The table shows that the humans, scripted AI, and the genetic AI were equally 

effective at playing the game. This indicates that we successfully implemented two 
equally good AI players using different techniques, which was one prerequisite for a 
valid experiment. 

 
 Table 4.3 – Effectiveness 

 H S G 
WINS 22 18 20 

 (H = human, S = script AI, G = genetic AI) 
 
 

4.5 Experience 
 
We found a relation between 

the stated experience (x-axis) 
and games won (y-axis). The 
regression line shows that the 
more experience a player had the 
more games he or she won. 

An R-value of 0,724 and a 
P-value of 0,001 indicates an 
adequate correlation and a high 
significance. 

The resulting linear 
regression is shown in Figure 
4.4. 
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Figure 4.4 – Experience regression.  
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5 DISCUSSION OF THE RESULTS 
 
 
 
To a great extent the results from the experiment were expected. The human 

opponent was experienced most human-like as well as most enjoyable. Humans must 
obviously posses certain qualities that make them more intriguing as an opponent than 
a computer. 

The two computer controlled opponents were experienced equally human-like, but 
less than that of the test persons. The reason for this could be their static level of 
gaming performance. That is, the test persons had various experience and displayed 
various skills at playing the game while the two computer opponents did not. Another 
reason could be the complexity level of our AI solutions. If we were to increase it, 
maybe the behaviour of the two techniques would differ more and their unique 
properties would be seen more clearly. 

Even if the connection between the experience of the player and his/her ability to 
distinguish a human opponent from a computer opponent is somewhat vague we 
believe this to be correct. By using test persons with high experience the results would 
probably improve (more accurate data). 
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6 CONCLUSIONS AND FUTURE WORK 
 
 
 
With the results from the experiment we concluded that our hypothesis could not 

be verified. Despite this we noted some trends; i.e. that more experienced test persons 
were more accurate at distinguishing between the different opponents. However, the 
trend was not obvious enough to draw any reliable conclusions regarding this. 

One of the most important conclusions drawn was that the experiment method 
works. We believe this to be true because the humans were actually experienced more 
human-like than the computer controlled opponents. Also, humans were considered to 
be more enjoyable opponents than the computers. Consequently the method can 
measure the level of human-like behaviour. Since the test persons who stated they 
were experienced at playing strategy games also proved to be the most successful at 
playing our game, we have shown our game to be a pretty good generalisation of a 
strategy game. 

We concluded that some of the questions asked did not actually produce any useful 
experiment data. The reason for this could be that the questions were formulated 
wrongfully. For example, in question 3 the meaning of the result will vary depending 
on when the question was asked. That is, due to the different prerequisites for each 
game the results varied too much. 

 
Although the experiment worked pretty much as expected, there are some changes 

and improvements to be made in the future. 
 

• More experiments – Our data was very limited and we believe that more 
conclusions can be drawn if more data is collected. Therefore, performing 
more experiments or using a larger experimental environment and a lot 
more test persons can achieve this. 
 

• Human-like behaviour – A lot more work in this area needs to be done. 
The knowledge about measuring human-like behaviour is very limited. This 
makes it hard to isolate and validate human-like behaviour in the context of 
games. If we don’t know exactly what makes a human “human”, how can 
we then build human-like systems without testing it against humans every 
time? One approach could be to build a system that imitates human players, 
but then the same problem would arise. We need to now what to imitate in 
the first place to make it more human-like. 
 

• Cover more – We have conducted an experiment in the context of strategy 
games, which isolates only a few human-like properties. To get a better 
overall picture we believe similar experiments should be executed within 
different game genres. 
 

The need for these kinds of experiments should be evident to most developers 
within the gaming community. Even in the most recently released RTS games, good 
old fashion artificial intelligence (a.k.a. GOFAI) is used. In other words you can still 
predict the opponents behaviour after just a few games even though the game is new. 
What if the computer opponents could challenge us in new ways even though the game 
has been played many times before? Not because we give the game AI extra favours 
such as cheating, but because they will be given the chance of self-improvement and 
adaptation. Wouldn't this be preferred in most cases? 
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If we want the lifetime of a game to increase, there must be a change in the way 

we develop game AI. Could it be that game-developing companies are not really 
interested in developing games with a long lifetime? 
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APPENDIX A – PARTICIPANT FORM 
 
 

 
 

 HBiSG PARTICIPANT FORM  
 
 
 
NAME  _____________________________________________________ 
 
ID  _____________________________________________________ 
 
 
 

1. How would you rate your experience with strategy games? 
(1 = no experience at all, 10 = very experienced) 
 

1 2 3 4 5 6 7 8 9 10 
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APPENDIX B – QUESTIONNAIRE 
 
 

 
 

 HBiSG QUESTIONNAIRE  
 
 
 
DATE  _____________________ 
 
SESSION  _________  /  _________  / _________ 
 
ID  _____________________________________________________ 
 
 
 

1. Do you believe a Computer or a Human controlled your opponent? 
(1 = 100% sure it was Computer controlled, 
 10 = 100% sure it was Human controlled) 
 

1 2 3 4 5 6 7 8 9 10 
 
2. How well did your opponent perform? 

(1 = extremely poor, 10 = excellent) 
 

1 2 3 4 5 6 7 8 9 10 
 
3. Do you believe you have encountered this opponent before? 

(1 = 100% sure of first encounter, 
 10 = 100% sure of earlier encounter) 
* Not applicable after the first game! * 
 

1 2 3 4 5 6 7 8 9 10 
 
4. How enjoyable did you find the opponent to be? 

(1 = not enjoyable at all, 10 = very enjoyable) 
 

1 2 3 4 5 6 7 8 9 10 
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APPENDIX C – BRIEFING DOCUMENT 
 
During this experiment you will play a strategy game. Before the first game you 

will fill out a form stating your previous strategy game experience. 
Each participant will play a series of 6 games (one session). 
 
During a session it is important that each participant is obliged to accept the 

following experiment rules: 
 

1. Remain at your seat during each game until instructed otherwise. 
2. Do not communicate any information regarding the experiment to any other 

participants on the day of the experiment. 
 
The game is a generalisation of a strategy game where you control a number of 

units. It contains a map, units, and bases. The aim of the game is for you to defeat an 
opponent (kill all units). The game rules are as follows: 

 
• The map contains grass (green) or water (blue). Grass is 

passable and water is impassable.  
 

• The colour of your units is identified by the colour of 
the star that is located on the right in the window.  
 

• There are two types of units available in the game; 
attackers (left in figure) and defenders (right in figure). 
 

• Attackers inflict more damage than defenders 
 

• Defenders receive less damage than attackers.  
 

• Each unit has a maximum health of ten (10). 
When a unit’s health reaches zero (0) it will die. 
 

• Information about units’ status is found to the right 
in the window. 
 

• On the map there are one or more bases (crosses). 
 

• A base is coloured depending on its status. 
• Yellow = neutral 
• Black = belongs to black player 
• White = belongs to white player 

 
• If a player controls a base for a certain amount of time a new unit will be 

spawned (created and placed) near the base. 
 

• To select what type of units to create at the next 
spawning, indicate your preference with the radio 
buttons to the right in the window. This setting 
will affect all bases held by the player. 
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• To occupy a base one of your units must pass it. 
 

• To heal a unit, place it on a base. The health will increase by 1 each second. 
 

• Selected units are marked with four dots. 
 

• To select one unit click on it with the left mouse button. 
 

• To select multiple units click and hold the left mouse 
button while dragging it over the units. This doesn’t 
apply to enemy units. 
 

• To move units, first select them and then right-click on the destination. Any 
enemy units blocking the path will be attacked (see next rule). 
 

• To attack one enemy unit, first select one or more friendly units and then 
right-click on the targeted enemy unit.  
 

• A unit may move/attack in all eight (8) directions. 
 

• A unit attacking another unit is marked with a red circle. 
 

• To view a unit’s status (yours or the opponent’s), select it. 
Only one can be viewed at any time. 
 

• A game will run for a maximum time of five (5) minutes. 
 

When instructed, start the game in the following way: 
 

1. Start the game by double-clicking on the HBiSG icon on the desktop. 
2. Enter your given ID in the username field. 
3. Enter the IP provided to you in the IP field. 
4. Enter the port number provided to you in the port field. 
5. Press the “Connect” button. After the connection has been established, the 

game start count down will commence. 
6. The game will now start. 
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APPENDIX D – EXPERIMENT DATA 
 
Table D.1 - Results from experiment day 1 
 DAY 1             
             
  Q1   Q2   Q3   Q4   
 H S G H S G H S G H S G 
 7 4 3 5 7 6 - - - 7 4 6 
 8 2 2 8 3 1 - - - 7 7 3 
 3 5 3 3 5 3 - - - 7 5 3 
 7 1 3 9 9 8 - - - 3 1 3 
∑ 25 12 11 25 24 18 - - - 24 17 15 
MEAN 6,25 3 2,75 6,25 6 4,5 - - - 6 4,25 3,75 
 9 1 2 7 1 3 3 1 2 8 1 3 
 2 2 1 7 5 2 7 2 3 7 5 1 
 2 9 8 5 8 6 2 6 7 7 10 5 
 6 1 1 9 9 1 5 3 6 4 7 3 
 3 4 1 8 8 2 7 4 1 7 6 7 
 7 2 5 6 8 9 3 2 2 9 6 3 
 1 1 6 10 10 8 1 1 7 4 4 5 
 1 10 5 1 9 9 7 1 5 1 7 5 
 10 10 8 6 6 6 1 7 1 8 7 8 
 6 2 6 5 1 7 3 2 10 6 3 7 
 4 2 1 8 5 1 1 3 8 8 6 4 
 1 8 1 3 10 1 3 1 4 8 6 4 
 5 1 4 5 8 8 5 1 5 5 2 6 
 10 1 1 2 1 1 10 5 10 6 6 6 
 5 5 5 5 5 5 5 5 5 5 5 5 
 1 1 3 10 1 7 10 10 1 1 2 3 
 10 6 5 2 1 5 1 5 5 5 1 5 
 4 2 1 8 3 9 5 3 10 7 1 7 
 10 8 10 2 4 7 5 5 5 8 7 6 
 1 2 6 8 8 9 7 4 7 9 4 8 
∑ 123 90 91 142 135 124 91 71 104 147 113 116 
MEAN 5,13 3,75 3,8 5,92 5,63 5,17 4,55 3,55 5,2 6,13 4,71 4,83 

 
(Q = question, H = human, S = script AI, G = genetic AI)
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Table D.2 - Results from experiment day 2 
 DAY 2 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

            
             
 Q1   Q2   Q3   Q4   
 H S G H S G H S G H S G 
 10 5 7 5 7 10 - - - 8 7 8 
 7 4 5 4 8 8 - - - 8 7 8 
∑ 17 9 12 9 15 18 - - - 16 14 16 
MEAN 8,5 4,5 6 4,5 7,5 9  - -  - 8 7 8 
 2 8 6 3 7 9 2 3 5 7 8 6 
 3 3 2 9 2 1 3 4 2 7 3 4 
 9 7 2 10 10 8 8 7 7 9 9 8 
 7 8 4 7 10 3 5 5 5 9 1 7 
∑ 38 35 26 38 44 39 18 19 19 48 35 41 
MEAN 6,33 5,83 4,33 6,33 7,33 6,5 4,5 4,75 4,75 8 5,83 6,83 

 
   (Q = question, H = human, S = script AI, G = genetic AI)

 
Table D.3 - Summation of both experiment days 
 
 
 
 
 
 

TOTAL             
             
 Q1   Q2   Q3   Q4   
 H S G H S G H S G H S G 
∑ 161 125 117 180 179 163 109 90 123 195 148 157 
MEAN 5,37 4,17 3,9 6 5,97 5,43 4,54 3,75 5,13 6,5 4,93 5,23 

    (Q = question, H = human, S = script AI, G = genetic AI)
 

 
Table D.4 - Participants’ experience 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

EXPERIENCE          
             
 DAY 1  DAY 2        
P1 8  P13 1         
P2 6  P14 1         
P3 5  P15 2         
P4 4  P16 5         
P5 5  P17 1         
P6 4  P18 1         
P7 7  -         
P8 8  -         
P9 5  -         
P10 3  -         
P11 7  -         
P12 4  -         
MEAN 5,5  1,83    

 
 

   (P = player) 
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Table D.5 - Participants’ wins 
 WINS 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

         
             
 DAY 1  DAY 2        
P1 6  P13 1         
P2 3  P14 0         
P3 2 P15 1         
P4 2  P16 1         
P5 2  P17 0         
P6 3  P18 1         
P7 3  -         
P8 3  -         
P9 3  -         
P10 2  -         
P11 4  -         
P12 0  -         
MEAN 2,75  0,67    

 

 

    (P = player) 
 

 
Table D.6 - Participants’ score question one 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

SCORE QUESTION 1          
             
 M1 M2 M3 M4 M5 M6 SUM MAX %    
P1 7 10 10 9 2 3 49 60 82    
P2 8 9 9 2 10 10 54 60 90    
P3 7 10 2 7 5 3 39 60 65    
P4 9 7 6 9 6 7 48 60 80    
P5 8 1 10 3 10 1 38 60 63    
P6 9 1 1 5 6 9 35 60 58    
P7 3 9 10 4 10 7 50 60 83    
P8 7 3 10 1 10 10 49 60 82    
P9 6 6 5 6 6 5 39 60 65    
P10 10 8 10 10 10 1 52 60 87    
P11 8 10 5 1 10 3 44 60 73    
P12 8 4 9 5 1 9 40 60 67    
P13 10 3 5 - - - 19 30 63    
P14 7 8 9 - - - 25 30 83    
P15 6 9 2 - - - 19 30 63    
P16 7 7 3 - - - 22 30 73    
P17 4 9 4 - - - 18 30 60    
P18 6 7 3 - - - 17 30 57     

 
 

   (M = game, P = player) 
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