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Preface

The w orld is go v erned more b y app earance than b y realities,

so that it is fully as necessary

to seem to kno w something as it is to kno w it.

� Daniel W ebster (1782� 1 8 5 2 ).

The classic Greek culture recognised six art forms: pain ting, sculpture, arc hitecture,

literature, drama, and m usic. In the t w en tieth cen tury , television, cinema, and comic

b o oks b ecame kno wn as the sev en th to nin th art forms. The brothers Le Dib erer

(1993) nominated commercial computer games

1

as the ten th art form.

Man y p eople will sco� at the notion of games b eing elev ated to the status of art.

They see games as little more than running through dark corridor s and sho oting

aliens on a computer, whic h hardly can b e considered art. These p eople ha v e a p oin t.

Most games are to o shallo w to b e called art. But, as w e ma y not exp ect ev ery b o ok

to b e Gödel, Escher, Ba ch , ev ery mo vie to b e Citizen Kane , or ev ery piece of

m usic to b e the Brandenbur ger Concer tos , w e ma y not exp ect ev ery game to

b e high art. Certainly a few games exist that ev ok e profound, emotionally touc hing,

fascinating exp eriences. It is true that suc h games are extremely rare. Ho w ev er,

games are a y oung art form; when they mature more games will b e found w orth y of

the epithet `art'.

Games are certainly distinct from the other nine art forms. F or one thing, they

are the only art form that, b y de�nition, needs to b e exp erienced in teractiv ely .

F or a game to b e considered art, the in teraction in particular m ust b e successful,

so that game pla y ers ma y b ecome deeply immersed in a game w orld, gaining a

susp ension of disb elief (i.e., a men tal willingness to accept the game w orld as realit y).

Unfortunately , a susp ension of disb elief is fragile, and shatters easily . T o main tain it,

ev ery asp ect of the game w orld m ust b e true to the nature it is supp osed to em b o dy .

No w ada ys, a game's top-notc h graphics and sound manage to k eep up a sus-

p ension of disb elief quite w ell. Ho w ev er, the b eha viours of c haracters in a game

are usually of an inferior qualit y . It is all to o clear that the c haracters are lifeless,

mindless drones con trolled b y a computer with little kno wledge.

A ma jor distinguishing feature of real-life b eings, whic h is clearly lac king in

c haracters in to da y's games, is the abilit y to adapt to new situations. Endo wing

1

Henceforth , whenev er I use the term `game' without an adjectiv e, I am referring to a `comm er-

cial computer game'.
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computer-con trolled c haracters with this abilit y ma y ev ok e the illusion that the c har-

acters actually understand what they are doing, and th us main tain the susp ension

of disb elief for a longer time.

The b eha viour of c haracters in a game is determined b y the so-called `game

AI' (AI b eing the abbreviation of `Arti�cial In telligence'). This thesis discusses

ho w game AI can b e made adaptiv e. The researc h is mainly driv en b y the goal of

ac hieving results that are practically applicable. The researc h ma y b e considered

successful if, in a few y ears time, the in v estigated tec hniques are implemen ted in

actual commercially-a v a ila ble games.

I am deeply grateful to the Institute of Kno wledge and Agen t T ec hnology (IKA T)

of the Univ ersiteit Maastric h t, whic h allo w ed me to do m y thesis researc h as part

of m y job. In authoring this thesis, it w as m y go o d fortune to b ene�t from the

in v aluable guidance of Jaap v an den Herik and Eric P ostma. I am thankful to Ida

Sprinkh uizen-Kuyp er, Sander Bakk es, and Marc P onsen, for our pro ductiv e collab o-

ration on considerable c h unks of m y researc h. I also thank m y colleagues at IKA T,

for our pleasan t and fruitful discussions. My 2003 visit to Edmon ton, Canada,

pro v ed to b e a turning p oin t in m y researc h, for whic h I wish to express m y thanks

to the Univ ersit y of Alb erta's GAMES group, led b y Jonathan Sc hae�er, and to

BioW are Corp. Finally , I wish to extend m y heartfelt gratitude to m y paren ts, for

their con tin ued supp ort, and to Muriël and Myrthe, for jo y and lo v e.

Pieter Spronc k, Jan uary 2005 .



Chapter 1

In tro duction

A great deal of in telligence can b e in v ested in ignorance

when the need for illusion is deep.

� Saul Bello w (b. 1915 ).

Ov er the last t w en t y y ears the audio visual qualities of commercial games ha v e im-

pro v ed signi�can tly . Ho w ev er, o v er the same p erio d game dev elop ers ha v e largely

neglected arti�cial in telligence (AI) in games, so-called `game AI'. Since the turn of

the cen tury game-dev elopmen t companies ha v e disco v ered that no w ada ys it is the

qualit y of game AI that distinguishes go o d games from medio cre ones. The general

goal of the presen t thesis is to in v estigate to what exten t the qualit y of game AI

can b e impro v ed b y using mac hine-learning tec hniques. In particular, the goal is

to create game opp onen ts that can learn from mistak es and that can adapt to new

tactics.

This c hapter implicitly pro vides m y researc h motiv ation. Section 1.1 examines

the di�erences b et w een analytical and commercial games. Section 1.2 discusses the

state of the art in commercial game AI. Section 1.3 establishes that game AI can

b ene�t from b eing adaptiv e. Section 1.4 discusses the scien ti�c relev ance of adaptiv e-

game-AI researc h. The problem statemen t that guides the researc h is form ulated in

Section 1.5, along with three researc h questions. The c hapter ends with an outline

of the thesis in Section 1.6.

1.1 Analytic al vs. Commercial Games

Computer games can b e roughly divided in to t w o groups, namely `analytical games'

and `commercial games'. Analytical games are the classic b oard and card games,

suc h as Ba ck gammon , Bridge , Checkers , Chess , Go , Poker , and Stra tego .

Commercial games are the p opular mo dern computer games, of whic h w ell-kno wn

examples are Baldur 's Ga te , Doom , EverQuest , P a cman , Quake , Tomb

Raider , and W ar craft .
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T raditionally , computer-game researc h has fo cussed on analytical games. The

goal of computer-game researc h is to endo w computers with arti�cial in telligence

that mak es them the strongest p ossible game-pla y er s . F or some games the researc h

has ac hiev ed impressiv e results; for instance, computers outpla y W orld Champions

in Chess (Hsu, 2002), Checkers (Sc hae�er, 1997 ), and Othello (Buro, 1997).

Around the start of the t w en t y-�rst cen tury computer-game researc h w as ex-

tended to encompass commercial games (W o o dco c k, 1999 ). A close insp ection sho ws

that analytical and commercial computer games

1

di�er in man y c haracteris tics . Nine

of those di�erences are listed here.

Game-theoreti cal classi�cation: Game theory distinguishes b et w een p erfect and

imp erfect information games, as w ell as b et w een deterministic and sto c hastic

games (K oller and Pfe�er, 1997 ; Halc k and Dahl, 1999). In p erfect informa-

tion games complete information on the state of the game is a v ailable, while in

imp erfect information games part of the game state is hidden. Deterministic

games ha v e no elemen t of c hance, while in sto c hastic games c hance pla ys a

prominen t role. Figure 1.1 presen ts a coarse p ersonal assessmen t of ho w some

t ypical example games (b oth analytical and commercial) can b e quali�ed ac-

cording to these c haracteris tics . As can b e observ ed, in general, analytical

games deal with m uc h or ev en p erfect information and are highly deterministic,

while commercial games deal with little information and are highly sto c hastic

(Buro, 2004 ; Chan et al. , 2004).

2

Origin of comple xi t y: The complexit y of an analytical game arises from the in-

teraction of a few simple, transparen t rules. The complexit y of a commercial

game arises from the in teraction of large n um b ers of in-game ob jects and lo-

cations, con trolled b y complex, opaque rules (F airclough, F agan, MacNamee,

and Cunningham, 2001; Narey ek, 2002; Buro, 2004 ).

Computer requiremen t: Analytical games can, in principle, b e pla y ed b y h umans

without the use of a computer. Commercial games tak e place in a virtual w orld

created b y the computer, whic h means that the computer is an essen tial part

of the game.

P acing: Analytical games usually progres s at a slo w pace, while commercial games

are fast-paced (Narey ek, 2002 ).

1

The term `comm ercial games' is misl eading, b ecause analytical games can b e commercially

exploited as w ell. An alternate term found in literature is `in teractiv e computer games', but since

al l computer games are in teract iv e , this term is ev en more misl eading. A p oten tially b etter term

is `video games', but this term is usually reserv e d for `console games' that are pla y ed on dedicated

gaming hardw are connect e d to a television set. Most authors simpl y refer to commercial games as

`computer games' or `games', and let the con text de�ne whic h t yp e of games they are referring to. In

this thesis I will use the simpl e term `games' to refer to commercial computer games, except where

I am discussing di�erence s b et w een analytical and commercial games, as in the presen t section.

2

In imp erfect-information analytical games little information is hidden, at least in comparison

with commercial games. F or instance, in card games only the pla y ers' hands are hidden, while in

commercial games complete game w orlds are hidden.
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Figure 1.1: Game-theoretical classi�cation of some analytical and commercial games

according to the author. The horizon tal axis represen ts the amoun t of information

on the game state a v ailable to the pla y er, while the v ertical axis represen ts the

amoun t of randomness in the game.

Drama: The only drama in connection with an analytical game is the drama of

winning or losing. F or most commercial games drama, in the form of a story

(ho w ev er shallo w), is an essen tial part of the game (Laurel, 1993 ).

Role rev ersal: In analytical games the computer replaces one or more of the h uman

pla y ers. In essence, the computer transcends in to the h uman w orld to assume

the role of a game-pla ying h uman. In commercial games h uman pla y ers tak e on

the role of some of the virtual c haracters in the game (whether those c haracters

are actual b eings in the game, or go d-lik e arm y leaders that ha v e no in-game

a v atar) � the h uman pla y er b ecomes part of the computer w orld.

Pla y er skills: Analytical games require pla y ers to use �rst and foremost their in-

tellectual skills.

3

Commercial games require pla y ers to in v est a wide v ariet y of

skills. Dep ending on the game, b esides in tellectual skills pla y ers will need to

use their imagination, re�exes, timing skills, sensory abilities, emotions, and

ev en ethical insigh ts.

3

In analytical games b et w een h umans, usually psyc hology also pla ys an imp ortan t role. Ho w ev er,

in an analytical game pla y ed b et w een a h uman and a computer, psyc hology is not used as a strateg ic

means, at least not y et.
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Figure 1.2: The di�erence in art b et w een a t ypical analytical game ( Deep Fritz ,

left) and a t ypical commercial game ( Half-Life 2 , righ t).

Art: F or analytical games the art, consisting of graphics and sound, is of little

imp ortance. F or commercial games art is of k ey imp ortance. Most of the

dev elopmen t resources of a commercial game are in v ested in the game's art

(F airclough et al. , 2001 ; Kho o and Zub ek, 2002). This di�erence is vividly

illustrated in Figure 1.2.

Goal: F or analytical games the goal of the computer is to defeat the h uman pla y er.

F or commercial games the goal of the computer is to en tertain the h uman

pla y er (T ozour, 2002b; Chan et al. , 2004 ; Lidén, 2004 ).

Decades of researc h (often v ery successful) ha v e b een in v ested in to AI that pla ys

analytical games (Sc hae�er and V an den Herik, 2002; V an den Herik, Uiterwijk, and

V an Rijswijc k, 2002 ; V an den Herik, Iida, and Heinz, 2003 ). The v ast ma jorit y of

this researc h fo cusses on deterministic, p erfect information games (Halc k and Dahl,

1999 ). The aforemen tioned di�erences b et w een analytical games and commercial

games are a reason that most analytical-g a me researc h has little applicabilit y to

commercial games. There are man y problems in the �eld of commercial-g a me AI

that are un touc hed b y analytical game researc h, suc h as path�nding, spatial and

temp oral reasoning , and decision making under high uncertain t y (Buro, 2003 b).

This thesis in v estigates commercial-g a me AI. The researc h has little o v erlap with

analytical game researc h. Henceforth, the term `game' will b e used to refer to a

`commercial computer game'.

1.2 Game AI

The p opularit y surge of commercial games has stim ulated the gro wth of the game-

dev elopmen t industry un til its rev en ues surpassed those of the Hollyw o o d mo vie

industry (Hause, 1999 ; F airclough et al. , 2001; Snider, 2002 ). T raditionally , game-
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dev elopmen t companies comp eted b y creating games with sup erior graphics. No w a-

da ys they attempt to comp ete b y o�ering a b etter game-pla y exp erience (T ozour,

2002 b; Graep el, Herbric h, and Gold, 2004). The b eha viour of game c haracters is

an essen tial elemen t of game-pla y . Game AI is de�ned as the decision-making al-

gorithms of game c haracters , that determine the c haracters ' b eha viour (W righ t and

Marshall, 2000; Allen et al. , 2001 ; F airclough et al. , 2001 ; Narey ek, 2002). Game

AI has b ecome an imp ortan t selling p oin t of games (Laird and V an Len t, 2001; F or-

bus and Laird, 2002). Ho w ev er, ev en state-of-the-ar t game AI is, in general, of lo w

qualit y (Laird and V an Len t, 2001; Sc hae�er, 2001 ; Buro, 2004; Gold, 2004 ). Game

AI can b ene�t from academic researc h in to commercial games (F orbus and Laird,

2002 ), although this researc h is still in its infancy (Laird and V an Len t, 2001).

It should b e noted that the term `game AI' is used di�eren tly b y game dev elop-

ers and academic researc her s (F unge, 2004 ; Gold, 2004 ; Narey ek, 2004 ). A cademic

researc her s restrict the use of the term `game AI' to refer to in telligen t b eha viours

of game c haracters (W righ t and Marshall, 2000; Allen et al. , 2001 ; F unge, 2004 ).

In con trast, for game dev elop ers the term `game AI' is used in a broader sense to

encompass tec hniques suc h as path�nding, animation systems, lev el geometry , colli-

sion ph ysics, v ehicle dynamics (T omlinson, 2003 ) and ev en the generation of random

n um b ers (Rabin, 2004a ).

In this thesis the term `game AI' will b e used in the narro w, academic sense.

F urthermore, the term `agen t' will b e used to refer to an y decision-making game

presence, whether it is a `visible' agen t (e.g., a creature that attac ks the pla y er), or

it is an `in visible' agen t (e.g., the commander of an arm y that opp oses the pla y er).

The fo cus of this thesis lies on agen ts that comp ete with a h uman pla y er. These

agen ts are called `opp onen ts'.

In general, game AI ma y op erate on three lev els of in telligence, namely (i) op er-

ational, (ii) tactical, and (iii) strategic. On the op erationa l lev el, game AI con trols

the mo v emen ts and individual actions of an agen t. On the tactical lev el, game AI

determines sequences of actions for an agen t to accomplish a sp eci�c goal in an en vi-

ronmen t. On the strategic lev el, game AI engages in long-term planning of decisions

for an agen t. This thesis discusses game AI at all three lev els of in telligence.

The remainder of this section discusses the goals that game AI aims to ac hiev e

(1.2.1), and the state of the art in game AI (1.2.2).

1.2.1 Goals

The purp ose of a game is to pro vide en tertainmen t (T ozour, 2002b; Narey ek, 2004 ).

By extension this is also the purp ose of game AI. Th us, the question that is in the

forefron t of an y game-AI progra mmer 's mind is: �Ho w can game AI con tribute to a

game's en tertainmen t v alue?�

Most games p ose a c hallenge to h uman pla y ers in the form of opp onen ts, whose

b eha viour is con trolled b y game AI. Three imp ortan t issues with resp ect to the en-

tertainmen t v alue that opp onen ts pro vide are the follo wing. First, a c hallenge is not

en tertaining when it is to o easy or to o hard (Graep el et al. , 2004 ). Second, most

h uman pla y ers who are defeated b y a computer will b e disapp oin ted if they feel they
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lost undeserv edly . Third, h uman pla y ers generally appreciate an agen t main taining

the illusion that it is really in telligen t (Scott, 2002). Considering these three issues,

the follo wing is a (not necessarily exhaustiv e) list of sev en goals, arrang e d accord-

ing to increasing di�cult y , that game AI aspires to for pro viding an en tertaining

c hallenge. The b etter game AI ac hiev es the goals, the higher its qualit y .

No ob vious c heating: An agen t c heats when it uses information or executes ac-

tions that are in principle una v ailable to the h uman pla y er. F or most games

some form of c heating b y game AI is una v oidable (Scott, 2002) and imple-

men ted delib erately . This is not necessarily a problem, as long as the c heating

is not to o ob vious. In general, state-of-the-ar t games do not emplo y ob vious

c heating to create c hallenging opp onen ts.

Unpredictable b eha viour: An agen t whose actions are predictable is usually easy

to defeat (if not plain b oring) and do es not presen t an illusion of in telligence

(Cra wford, 1984 ). With random v ariations on man ually designed b eha viour

unpredictable b eha viour can b e ac hiev ed easily . Unfortunately , with random

v ariations game AI will not alw a ys b e equally c hallenging.

4

Exp ert h uman

pla y ers ma y prefer non-random b eha viour, as long as it pro vides a strong

c hallenge.

No ob vious inferior b eha viour: The momen t an agen t p erforms a clearly b one-

headed action, the illusion of its in telligence is shattered (Cra wford, 1984). Ob-

vious inferior agen t b eha viour is often the result of progra mming mistak es that

w en t undetected during a game's `qualit y assurance' phase (T ozour, 2002a ).

Ev en state-of-the-ar t games do not succeed in a v oiding suc h b eha viour en tirely .

Using the en vironme n t: Games are commonly situated in a virtual w orld, with

a w ealth of en vironmen tal features that can b e tactically exploited. T o allo w

agen ts to exploit them equally w ell as h uman pla y ers, some game dev elop ers

let the game AI tak e en vironmen tal features in to accoun t. Usually , this is

realised b y adding markings to the en vironmen t (Lidén, 2002 ; T omlinson, 2003;

Orkin, 2004 b), or b y allo wing the en vironmen tal features to comm unicate their

p ossibilities to the game AI (Orkin, 2002 , 2004 a ). One step further, game AI is

able to explore and analyse a game w orld b y itself to form new tactical plans.

As y et, adv anced game AI with suc h capabilities is only explored in academic

researc h, e.g., b y Laird (2001).

Self-correction: F ar w orse than an agen t that mak es an exploitable mistak e, is an

agen t that consisten tly rep eats the same mistak e. T o allo w game AI to a v oid

the rep etition of mistak es, it should b e able to (i) recognise a mistak e, and (ii)

c hange the agen t's b eha viour to a v oid the mistak e in the future. The b eha viour

learning m ust tak e place `online', i.e., while the game is b eing pla y ed, b ecause

game AI m ust learn from the mistak es it mak es in actual game-pla y situations.

4

In the source co de of the game AI of v ersion 1.31 of the game Never winter Nights the

follo wing c hange commen t can b e found, dated Septem b er 19, 2002: �Remo v ed randomness from

T alen t system. Y ou can't ha v e smart AI and random b eha vior.�
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F urthermore, the learning m ust b e unsup ervised, b ecause the h uman pla y er

cannot b e exp ected to inform the game AI that a mistak e w as made. As

y et, there is no preceden t of the successful application of unsup ervised online

learning in mainstream top-rated games (Manslo w, 2002 ; Kirb y , 2004 ).

Creativit y: A v oiding the rep etition of mistak es usually can b e ac hiev ed b y c hang-

ing parameters (e.g., reducing the o ccurrence rate of one action in fa v our of an

other). When game AI is confron ted with a previously unconsidered situation

(e.g., the h uman pla y er using a surprising new tactic), simple parameter c hang-

ing will b e of little help. The game AI m ust creativ ely learn completely new

b eha viour. F or games, the most adv anced form of adapting to new situations

in practice is game AI that is allo w ed to c ho ose b et w een a limited n um b er of

prede�ned tactics (Johnson, 2004).

Human-l i k e b eha viour: Similar to the ultimate goal of an y AI researc her , the

ultimate goal of a game-AI designer is to create AI that riv als h uman in telli-

gence. F or games this is not an unreac hable goal, b ecause game w orlds ha v e

a limited scop e. Ho w ev er, it is ob vious that h uman-lik e game b eha viour is an

adv ancemen t that can only b e ac hiev ed after all other men tioned goals ha v e

b een reac hed (Laird, 2001 ; Livingstone and McGlinc hey , 2004 ).

1.2.2 State of the Art

Ev en in state-of-the-ar t games the game AI lac ks sophistication. Of the sev en game-

AI goals listed in Subsection 1.2.1 only the �rst three are addressed b y mo dern game

AI � and often not successfully . The four main reasons for this lo w qualit y of game

AI are the follo wing (adopted from F airclough et al. , 2001).

� The need for adv anced graphics still o v ershado ws the need for go o d game AI.

� Game-dev elopmen t companies and their publishers are distrustful of adv anced

AI tec hniques.

� Game AI is usually added when the deadline for the release of a game ap-

proac hes, and there is little time left to exp erimen t.

� Game dev elop ers commonly lac k academic kno wledge of AI.

T o dev elop b etter game AI, game-dev elopmen t companies need help from the

academic comm unit y (Laird and V an Len t, 2001 ; Rabin, 2004b). This thesis com-

prises an academic con tribution to game-AI researc h. Its fo cus is on the the �fth

and the sixth goal listed in Subsection 1.2.1: `self-correctio n' and `creativit y' � in

brief, its fo cus is on the in v estigation of `adaptiv e game AI'.
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1.3 A daptiv e Game AI

A daptiv e game AI is de�ned as game AI with the abilit y of self-correc tio n (i.e., the

abilit y to resolv e fault y agen t b eha viour), and with the abilit y of creativit y (i.e., the

abilit y to adapt successfully to c hanging circumstances). Since there is no preceden t

for the use of adaptiv e game AI in state-of-the-ar t games, it should b e considered

carefully whether it is a go o d idea to enhance games with adaptiv e game AI. In this

resp ect I will discuss the follo wing three questions: (i) T o what exten t is adaptiv e

game AI b ene�cial for games? (ii) Is adaptiv e game AI really necessary? and (iii)

Can adaptiv e game AI con tribute to the purp ose of games: pro viding en tertainmen t?

These questions are answ ered in Subsections 1.3.1, 1.3.2, and 1.3.3, resp ectiv ely .

1.3.1 Bene�ts

The answ er to the question �T o what exten t is adaptiv e game AI b ene�cial for

games?� is that adaptiv e game AI (i) allo ws the c hallenge lev el of a game to b e

main tained automatically , and (ii) impro v es the e�ectiv eness of the `qualit y assur-

ance' phase of game dev elopmen t.

T o illustrate wh y main tenance of the c hallenge lev el of a game is b ene�cial, I

pro vide as an example the game AI of the second game in the Baldur 's Ga te series:

Shado ws of Amn . Shado ws of Amn is a so-called `computer rolepla ying game'

(CRPG). In the game the pla y er con trols a team of agen ts who exist in a w orld where

they meet man y enemies. Among the toughest enem y t yp es are dragons (illustrated

in Figure 1.3). A ccording to CRPG tradition, dragons are b oth ph ysically and

men tally p o w erful creatures. While Shado ws of Amn do es not require the pla y er

to �gh t dragons , the designers realised that most pla y ers will attempt to do so

an yw a y . Therefore they created complex game AI that should b e able to h umiliate

an y pla y er b old enough to attac k a dragon. So on after the game's release, w eaknesses

in the game AI w ere disco v ered that pla y ers could exploit to defeat an y dragon

in the game, ev en with a w eak team.

5

F urthermore, without exploiting game AI

w eaknesses, pla y ers could still design sup erior tactics that, while unforeseen b y the

game dev elop ers, allo w ed w eak teams to tak e on dragons successfully . It is trivial for

a dragon to recognise that its curren t b eha viour is inadequate to deal with tactics

used b y attac k ers that, according to its domain kno wledge, are no matc h for it. W ere

the dragons con trolled b y adaptiv e game AI instead of static game AI, an answ er to

the sup erior and exploiting tactics could ha v e b een disco v ered automatically , k eeping

up the c hallenge lev el of the game.

During the `qualit y assurance' phase of game dev elopmen t, adaptiv e game AI can

b e used to sp ot w eaknesses in man ually-designed game AI, and to suggest alternativ e

tactics. This application of adaptiv e game AI is an inexp ensiv e in v estmen t that has

5

One of these exploits w as that dragons only resp onded to visible attac k e r s. As long as the

attac k e r s remained outside the visual range of a dragon while attac k ing, it w ould not �gh t bac k.

A second exploit w as that the pla y er team could la y traps all around a dragon, that killed it as

so on as they w en t o�. A dragon w ould not in terfere with la ying traps, ev en though it ob viously is

a hostile action. These exploits w ere �xed in an add-on to the game that app eare d one y ear after

the initial release.
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Figure 1.3: A surprisingly meagre c hallenge: a dragon in Shado ws of Amn .

the p oten tial to deliv er v aluable results, risk-free (Spronc k, Sprinkh uizen-Kuyp er,

and P ostma, 2002 ; Chan et al. , 2004 ). Ev en if game dev elop ers and publishers are

hesitan t to incorp ora te adaptiv e game AI in their games (whic h they are), they can

still apply adaptiv e game AI during the `qualit y assurance' phase.

1.3.2 Necessit y

The answ er to the question �Is adaptiv e game AI really necessary?� is that adaptiv e

game AI is sorely needed to deal with the complexities of state-of-the-ar t games.

Ov er the y ears games ha v e b ecome increasingly complex, o�ering realistic w orlds,

freedom and a great v ariet y of p ossibilities. The tec hnique of c hoice used b y game

dev elop ers for dealing with a game's complexities is rule-based game AI, usually

in the form of scripts (Narey ek, 2002; T ozour, 2002 c ). The adv an tage of the use of

scripts is that scripts are (i) understandable, (ii) predictable, (iii) tuneable to sp eci�c

circumstances, (iv) easy to implemen t, (v) easily extendable, and (vi) useable b y non-

progra mmer s (T ozour, 2002c ; T omlinson, 2003 ). Ho w ev er, as a consequence of game

complexit y , scripts tend to b e quite long and complex (Bro c kington and Darrah,
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2002 ). Man ually-dev elop ed complex scripts are lik ely to con tain design �a ws and

progra mming mistak es (Narey ek, 2002 ). Successful adaptiv e game AI can ensure

that the impact of these mistak es is limited to only a few situations encoun tered b y

the pla y er, after whic h their o ccurrence will ha v e b ecome unlik ely . Consequen tly , it

is safe to sa y that the more complex a game is, the greater the need for adaptiv e

game AI (F airclough et al. , 2001; Laird and V an Len t, 2001; F yfe, 2004). In the near

future game complexit y will only increase. As long as the b est approac h to game AI

is to design it man ually , the need for adaptiv e game AI will increase accordingly .

1.3.3 En tertainm en t

The answ er to the question �Can adaptiv e game AI con tribute to the purp ose of

games: pro viding en tertainmen t?� is that the capabilit y of adaptiv e game AI to

main tain the c hallenge lev el of a game p ositiv ely in�uences the en tertainmen t pro-

vided b y a game (Cra wford, 1984 ).

Game AI in most mo dern games is not c hallenging. The app eal of Massiv e Multi-

pla y er Online Games (MMOGs), where h uman pla y ers c hallenge eac h other, stems

partly from the fact that computer-con trolle d opp onen ts often exhibit what has

b een called `arti�cial stupidit y' (Sc hae�er, 2001 ) rather than arti�cial in telligence.

A daptiv e game AI has the p oten tial to mak e the game AI more c hallenging, since

it can learn automatically to defeat strong tactics used b y the h uman pla y er. Man y

researc her s and game dev elop ers hold that game AI, in principle, is en tertaining

when it is di�cult to defeat (Buro, 2003b).

F urthermore, adaptiv e game AI, if implemen ted correctly , cannot only b e used to

mak e the game AI stronger, but also to scale automatically the c hallenge lev el of the

game AI to the skills of the h uman pla y er. On the sub ject of game AI c hallenges and

en tertainmen t, in his famous no v el �2001 : A Space Odyssey�, Clark e (1968) writes

ab out the arti�cially in telligen t computer HAL 9000 :

�F or relaxatio n [the astronauts] could alw a ys engage HAL in a large n um-

b er of semi-mathematical games, including c hec k ers, c hess, and p oly omi-

no es. If HAL w en t all out, he could win an y one of them; but that w ould

b e bad for morale. So he had b een progra mmed to win only �ft y p ercen t

of the time, and his h uman partners pretended not to kno w this.�

While it migh t b e questioned whether adults are en tertained when they win

a game while kno wing their opp onen t made delib erate mistak es, Clark e assumes

correctly that h umans, in general, will neither pla y a game when they kno w they

just will b e slaugh tered, nor enjo y a game when they kno w their opp onen t is no matc h

for them. The most enjo y able games are those that are pla y ed b et w een opp onen ts

with a comparativ e lev el of skill (Graep el et al. , 2004 ). Therefore, if adaptiv e game

AI con tin uously scales a game's di�cult y lev el to the p oin t that the h uman pla y er

is c hallenged, but not completely o v erp o w er e d, the game will b e most en tertaining,

and will remain en tertaining ev en if the pla y er's skill increases through exp erience.
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1.4 Scien ti�c Relev ance

While games are generally considered to b e a w orth while researc h sub ject for so cial

and cultural scien tists, they ma y lea v e the impression to b e to o friv olous an appli-

cation for computer scien tists. This impression is misguided. Games are considered

to b e a driving force b ehind the researc h and dev elopmen t of 3D computer graphics

and animation (P abst, 2000; Philips-Mahoney , 2002; Sa wy er, 2002 ). I argue that

they are w orth y of the same p osition for the researc h in to arti�cial in telligence.

F or arti�cial in telligence researc h, complex mo dern games are truly c hallenging

applications. They ha v e the follo wing four c haracteris tics .

� Games ar e widely availa b l e . AI inno v ations implemen ted in games are sub-

jected to the scrutin y of h undreds of thousands of h uman pla y ers (Laird and

V an Len t, 2001 ; Sa wy er, 2002 ).

� Games r e�e ct the r e al world . Games can often b e considered sim ulations of

asp ects of realit y . Therefore, game AI ma y capture features of real-w or ld

b eha viour (Sa wy er, 2002; Graep el et al. , 2004 ).

� Games ar e a test-b e d for human-like intel ligenc e . While `real' h uman-lik e in tel-

ligence is not required for games, game AI m ust b e able to sim ulate h uman-lik e

b eha viour to a large exten t. Therefore, games are ideally suited to pursue the

fundamen tal goal of AI, i.e., to understand and dev elop systems with h uman-

lik e capabilities (Laird and V an Len t, 2001 ; Sa wy er, 2002).

� Games plac e highly -c o nstricting r e quir ements on implemente d AI solutions .

Requiremen ts for game AI force it to ac hiev e go o d results with limited compu-

tational resources (Narey ek, 2002 ; Charles and Livingstone, 2004 ), free from

p ossible degradatio n (Charles and Livingstone, 2004 ), in noisy en vironmen ts

(Laird and V an Len t, 2001), and within a few trials.

6

By these c haracteris tics , results ac hiev ed with game AI are widely applicable.

They ma y b e transferred to man y other problem domains, whic h generally are less

restrictiv e. A c hiev ed results ma y con tribute to, amongst others, the �elds of mac hine

learning, m ulti-agen t systems, and rob otics (Laird and V an Len t, 2001).

1.5 Problem Statemen t and Researc h Questions

Section 1.2 indicated that so far there is little academic researc h in to commercial

game AI. Section 1.3 indicated that adaptiv e game AI do es not exist y et in state-of-

the-art games. F urthermore, it is argued that adaptiv e game AI can b e b ene�cial

to games (1.3.1), that the need for adaptiv e game AI exists and will only increase

in the near future (1.3.2), and that adaptiv e game AI can con tribute to the purp ose

of games: pro viding en tertainmen t (1.3.3).

6

The requiremen ts are further discussed in Subsection 2.3.4.
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Successful adaptiv e game AI ac hiev es the �fth and sixth goals listed for game

AI (1.2.1), and th us con tributes to the qualit y of game AI. The qualit y of game

AI is directly related to its en tertainmen t v alue (T ozour, 2002 b). In this thesis it

is assumed that mac hine-learning tec hniques can b e used to implemen t adaptiv e

game AI. Sev eral researc h pro jects ha v e in v estigated mac hine learning for game

AI in simple games (Demasi and Cruz, 2002 ; Laramée, 2002a ; Demasi and Cruz,

2003 ; McGlinc hey , 2003 ). Ho w ev er, complex game AI (i.e., the game AI in complex

games) so far is an un touc hed area.

7

Consequen tly , the problem statemen t discussed

in this thesis reads as follo ws.

Problem statemen t : T o what exten t can mac hine-learning tec hniques

b e used to increase the qualit y of complex game AI?

T o �nd an answ er to the problem statemen t, four researc h questions are form u-

lated b elo w.

F or exp ert pla y ers adaptiv e game AI is successful if it increases the e�ectiv e-

ness of opp onen ts, and th us their c hallenge lev el. Researc h in to w a ys to implemen t

e�ectiv e adaptiv e game AI is related to researc h in to the use of mac hine learning

for agen t con trol, suc h as ev olutionary rob otics (Arkin, 1998 ). In general, this re-

searc h fo cusses on learning during the dev elopmen t phase of the con trol mec hanism,

so-called `o�ine' learning. The �rst researc h question therefore reads as follo ws.

Researc h question 1 : T o what exten t can o�ine mac hine-learning

tec hniques b e used to increase the e�ectiv eness of game AI?

While game AI can b e impro v ed b y o�ine learning during game dev elopmen t, the

actual confron tation with h uman pla y ers tak es place during the deplo ymen t phase of

a game. Game AI that adapts during the deplo ymen t phase of a game uses so-called

`online' learning. The second researc h question therefore reads as follo ws.

Researc h question 2 : T o what exten t can online mac hine-learning

tec hniques b e used to increase the e�ectiv eness of game AI?

Most agen t-AI researc h, b oth inside and outside the �eld of game researc h, as-

pires to mak e agen ts as e�ectiv e as p ossible. In games, highly e�ectiv e game AI

is en tertaining for exp ert h uman pla y ers. Ho w ev er, successful adaptiv e game AI

should pro vide en tertainmen t for all pla y ers, not just exp ert pla y ers. No vice pla y ers

are en tertained b y game AI that matc hes their skill. En tertainmen t in games is b est

ensured if agen ts are c hallenging but not o v erp o w er ing , against h uman pla y ers of all

lev els of skill. The third researc h question therefore reads as follo ws.

Researc h question 3 : T o what exten t can mac hine-learning tec hniques

b e used to scale the di�cult y lev el of game AI to meet the h uman pla y er's

lev el of skill?

7

A t least, as far as unsup ervised learning is concer n e d . Subsection 2.3.2 lists a few complex

games with game AI that emplo ys sup ervised learning.
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Name T yp e AI lev el Agen ts Sections

Bo x-pushing rob ot mo v emen t op erationa l 1 3.3

F o o d-ga ther ing searc h & a v oid op erationa l 1 3.4

Duelling spaceships R TS game op erationa l 1 4.1

Quake action game tactical 4 4.2

Sim ulated CRPG CRPG tactical 4 5.2�5.4

Never winter Nights CRPG tactical 4 5.5

W ar gus R TS game strategic > 50 6.2�6.4

T able 1.1: Game and game-lik e en vironmen ts in v estigated in the thesis.

This thesis aims at pro viding a practical approac h to the design and implemen-

tation of adaptiv e game AI. Consequen tly , it m ust consider ho w adaptiv e game AI is

b est applied b y game-dev elopmen t companies. Hence, the fourth researc h question

reads as follo ws.

Researc h question 4 : Ho w can adaptiv e game AI b e in tegrated in the

game-dev elopmen t pro cess of state-of-the-ar t games?

1.6 Thesis Outline

The thesis in v estigates sev en di�eren t games and game-lik e en vironmen ts. These are

listed in T able 1.1, with their relev an t c haracteris tics . F rom left to righ t, the �v e

columns of the table displa y (i) the en vironmen t's name, (ii) the en vironmen t's t yp e

(game t yp es are discussed in Subsection 2.2.2), (iii) the lev el of in telligence on whic h

the AI op erates in the en vironmen t, (iv) the n um b er of agen ts under the con trol of

the AI, and (v) the thesis sections in whic h the en vironmen t is in v estigated.

The outline of this thesis is as follo ws.

Chapter 1 implicitly motiv ates the researc h, and form ulates the problem state-

men t and four researc h questions.

Chapter 2 pro vides bac kgro und information. It presen ts (i) a short o v erview of

the mac hine-learning tec hniques used in this thesis, (ii) an o v erview of the state of

the art in game-AI researc h, and (iii) an exp osition of the use of mac hine learning in

game AI. It con tributes to answ ering all researc h questions, in particular the second

researc h question.

Chapter 3 con tributes to answ ering the �rst researc h question. It presen ts a no v el

ev olutionary tec hnique called the `Doping-driv en Ev olutionary Con trol Algorithm'

(DECA). When ev olving the b eha viour of agen ts in game-lik e en vironmen ts, DECA

is able to ac hiev e results that are more e�ectiv e than results ac hiev ed with traditional

ev olutionary tec hniques. DECA is empirically v alidated b y t w o exp erimen ts.

Chapter 4 con tributes to answ ering b oth the �rst and second researc h questions.

It in v estigates empirically to what exten t ev olutionary learning can b e applied to

impro v e game AI, b oth o�ine and online.
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Chapter 5 con tributes to answ ering the second, third, and fourth researc h ques-

tions. It presen ts a no v el tec hnique for online adaptation of game AI, called `dynamic

scripting'. The e�ectiv eness of dynamic scripting is empirically con�rmed in a game

sim ulation and in an actual commercial game. It is also sho wn ho w dynamic scripting

can b e used to scale the game AI's di�cult y lev el.

Chapter 6 con tributes to answ ering the �rst, second, and fourth researc h ques-

tions. It discusses ho w o�ine adaptiv e game AI can b e used to impro v e the reliabilit y

of online adaptiv e game AI, and ho w adaptiv e game AI can b e in tegrated in the de-

v elopmen t pro cess of mo dern games.

Chapter 7 �rst answ ers the four researc h questions and then comes to a conclusiv e

answ er to the problem statemen t. It �nishes with sev eral suggestions for future

researc h.



Chapter 2

Bac kground

In ev ery real man a c hild is hidden that w an ts to pla y .

� F riedric h Wilhelm Nietzsc he (1844� 1 9 0 0 ).

The fo cus of the presen t researc h is on the use of mac hine-learning tec hniques to

impro v e the qualit y of game AI, sp eci�cally , to impro v e the decision-making capabil-

ities of agen ts that comp ete with a h uman pla y er. This c hapter pro vides bac kgro und

information in supp ort of the researc h, on three di�eren t sub jects, namely mac hine-

learning tec hniques in Section 2.1, games in Section 2.2, and the application of

mac hine learning to game AI in Section 2.3. A summary of the c hapter is pro vided

in Section 2.4.

2.1 Mac hine Learning

This section pro vides a concise o v erview of the mac hine-learning tec hniques applied

in the presen t researc h. It discusses ev olutionary algorithms (2.1.1), arti�cial neural

net w orks (2.1.2), ev olutionary arti�cial neural net w orks (2.1.3), ev olutionary con trol

(2.1.4), and reinforcemen t learning (2.1.5).

2.1.1 Ev oluti onary Algori t hm s

`Biologica l ev olution' (Da wkins, 1976, 1986) emplo ys the theories of `natural selec-

tion' (Darwin, 1859 ) and `natural genetics' (Mendel, 1866 ) to explain ho w complex

living b eings, tuned to their en vironmen t, ha v e come to exist. Ev olutionary algo-

rithms are searc h-a nd-o ptimisa tio n algorithms based on the principles of biological

ev olution. The most widely kno wn ev olutionary algor ithm is the `genetic algo-

rithm' (GA), dev elop ed b y Holland (Holland, 1975 ; Goldb erg, 1989 ; Bäc k, 1996 ).

Man y other v arieties of ev olutionary algorithms ha v e b een in v en ted, some of whic h

are ev en older than genetic algorithms. Examples are ev olution strategies (Sc h w e-

fel, 1965 ; Bäc k, 1996), ev olutionary progra mming (F ogel, 1962; Bäc k, 1996 ), clas-
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si�er systems (Holland, 1975 ; Goldb erg, 1989), and genetic progra mming (K oza,

1992 ; Kinnear, 1994). All ev olutionary algorithms share the follo wing �v e features.

� Population : Ev olutionary algorithms optimise a collection of p oten tial solu-

tions to a problem, called a `p opulation'.

� Chr omosomes : Ev olutionary algorithms enco de the p oten tial solutions. The

enco ded solutions are called `c hromosomes '.

� Fitness function : Ev olutionary algorithms assign eac h c hromoso me in the p op-

ulation a `�tness' v alue, that indicates ho w w ell the p oten tial solution enco ded

in the c hromoso me solv es the problem, compared with the other p oten tial

solutions in the p opulation.

� Genetic op er ators : T o create new c hromoso mes , ev olutionary algorithms apply

transformation metho ds, called `genetic op erator s ', to `paren t' c hromoso mes ,

already existing in the p opulation.

� Sele ction : T o select paren t c hromoso mes , ev olutionary algorithms apply a se-

lection mec hanism to the p opulation, whic h giv es the �ttest c hromoso mes the

highest c hance to pro crea te.

The idea is that an algorithm p ossessing these features will pro duce p oten tial

solutions that ha v e a high c hance of con taining c haracteris tics of w ell-w orking so-

lutions. As long as the p opulation has not con v erged to o m uc h, an ev olutionary

algorithm has the abilit y to escap e from lo cal optima. Arguably the most imp or-

tan t prop ert y of ev olutionary algorithms is that the only requiremen t for applying

them is the abilit y to de�ne an adequate �tness function. The main disadv an tage of

ev olutionary algorithms is that they are not guaran teed to �nd a go o d solution, not

ev en a medio cre one (Goldb erg, 1989).

Genetic op erator s can b e divided in three t yp es, namely (i) repro duction op era-

tors, that create a c hild c hromoso me b y cop ying a paren t c hromosome, (ii) m utation

op erator s , that create a c hild c hromoso me b y cop ying a paren t c hromoso me and

making c hanges to it, and (iii) crosso v er op erator s (also called `recom bination op-

erators '), whic h com bine c hromoso me parts of t w o or more paren t c hromoso mes to

create a c hild c hromosome.

Eac h of the aforemen tioned v arieties of ev olutionary algorithms prescrib es sp eci�c

implemen tations of c hromoso me enco ding, genetic op erator s , selection, and other

parameters. No w ada ys researc her s are unlik ely to follo w the prescriptions, but use

whatev er they think �ts b est to the problem whic h they attempt to solv e. The

researc her s refer to their algorithm with the um brella name `ev olutionary algorithm'.

Ev olutionary algorithms are emplo y ed in Chapters 3, 4, and 6.

2.1.2 Arti�ci al Neural Net w orks

Arti�cial neural net w orks, also called simply `neural net w orks', are structures that

can learn to em ulate a (non-linear) function. A neural net w ork consists of a net w ork
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Figure 2.1: Examples of four di�eren t t yp es of neural net w orks: (a) a p erceptron,

(b) a t w o-la y er feed-forw ard net w ork, (c) a general feed-forw ard net w ork, and (d) a

recurren t (Elman) net w ork.

of in terconnected no des, or `neurons'. Eac h neuron can receiv e input signals from

other neurons via its incoming connections, and can send an output signal to other

neurons o v er its outgoing connections. Neurons in the so-called `input la y er' receiv e

signals from outside the net w ork. Neurons in the so-called `output la y er' pro vide a

reaction to the receiv ed signals o v er their outgoing connections. Neurons that are

neither in the input la y er nor in the output la y er are called `hidden neurons'.

F or neuron n the output signal on is calculated as follo ws.

on = f ((
X

i

wi ai ) + b) (2.1)

In this equation, wi is a w eigh t v alue attac hed to incoming connection i , ai is the

signal receiv ed via incoming connection i , b is a bias v alue, and f is a so-called

`activ ation function'. T w o common activ ation functions are (i) a threshold function,

that maps the output of the neuron to either 0 or 1, and (ii) a sigmoid function, that

maps the output to a v alue in the range [0; 1] (McCullo c h and Pitts, 1943 ; Aleksander

and Morton, 1990 ; Russell and Norvig, 2003 ).

Figure 2.1 displa ys examples of four common neural-net w ork arc hitectures,

namely of (a) a p erceptron, (b) a la y ered feed-forw ard net w ork, (c) a general feed-

forw ard net w ork, and (d) a recurren t net w ork.

A p erceptron, of whic h an example is sho wn in Figure 2.1(a), is the simplest form

of neural net w ork (Rosen blatt, 1958 ; Minsky and P ap ert, 1988 ; Russell and Norvig,

2003 ). It con tains only an input and an output la y er.
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A la y ered feed-forw ard net w ork, of whic h an example is sho wn in Figure 2.1(b),

con tains hidden neurons orga nis e d in a sequence of la y ers. Eac h la y er can receiv e

input signals from the immediately-preceding la y er only . A la y ered feed-forw ard

net w ork with one hidden la y er is commonly called a `t w o-la y er feed-forw ard net-

w ork' (the second la y er b eing the output la y er; b y con v en tion the input la y er is

not coun ted). A single-la y er feed-forw ard net w ork is a p erceptron (Aleksander and

Morton, 1990 ; Russell and Norvig, 2003 ).

A general feed-forw ard net w ork, of whic h an example is sho wn in Figure 2.1(c),

con tains hidden neurons orga nis e d in a sequence. Eac h neuron can receiv e input

signals from all neurons in the input la y er, and from all neurons that are b efore it

in the sequence. In other w ords, all p ossible feed-forw ard connections are allo w ed

(Bishop, 1995 ).

1

A feed-forw ard net w ork is represen ted b y an acyclic graph. A recurren t net w ork

is represen ted b y a cyclic graph. It do es not limit its connections to a feed-forw ard

structure. A w ell-kno wn form of recurren t net w ork is the so-called `Elman net w ork',

of whic h an example is sho wn in Figure 2.1(d) (Elman, 1990 ). An Elman net w ork

orga nis e s hidden neurons in la y ers. Recurren t connections are allo w ed b et w een neu-

rons within a la y er. The recurren t connections are used to feed the output of neurons

bac k in to the net w ork with a time-dela y . Hence, they allo w the net w ork to supp ort

a short-term memory .

A neural net w ork m ust b e trained to em ulate a desired function. This is com-

monly done with the help of a set of t ypical training samples, called the `training

set'. A w ell-kno wn algorithm that trains a neural net w ork is `bac kpropag a tio n'.

This algorithm tests inputs from the training set, and propaga tes the error b et w een

the ac hiev ed and desired outputs bac k in to the net w ork, up dating the connection

w eigh ts (Aleksander and Morton, 1990 ; Russell and Norvig, 2003 ). When the a v er-

age error on the training set is minimised, the net w ork is v alidated using a `test set'

of t ypical samples, di�eren t from the training set. If the net w ork ac hiev es inferior

results on the test set, this is usually caused b y the net w ork o v er�tting the training

set. Common causes for o v er�tting are the use of a net w ork with to o man y no des,

or the use of a training set with to o few or un t ypical samples.

Neural net w orks are used in Chapters 3 and 4.

2.1.3 Ev oluti onary Arti�ci al Neural Net w orks

Ev olutionary arti�cial neural net w orks use the p o w er of ev olutionary algorithms to

design neural net w orks. A t ypical application of ev olutionary algorithms to neural-

net w ork design is an alternativ e for neural-net w ork - tr a ining algorithms to determine

the connection w eigh ts of the net w ork. Other p ossibilities are the design of a net-

w ork arc hitecture and the tuning of net w ork parameters. Com binations of these

1

The most appropr iat e name for a general feed-forw ard net w ork is `feed-forw ard net w ork'. In the

literature , ho w ev er, suc h net w orks are not con v en t ion a l (Hertz, Krogh, and P almer, 1991; Russell

and Norvig, 2003), and the term `feed-forw ard net w ork' is often used to denote la y ered feed-forw ard

net w orks. T o a v oid confusion I will use the term `general feed-forw ard net w ork' to denote net w orks

that allo w an y feed-forw ard connect ion.
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p ossibilities, suc h as designing the net w ork arc hitecture in parallel with determining

the w eigh t v alues, are also an option (Sc ha�er, Whitley , and Esc helman, 1992 ; Y ao,

1995 ). A common design for an ev olutionary algor ithm that builds neural net w orks

is as follo ws (cf. Albrec h t, Reev es, and Steel, 1993; Y ao, 1995 ).

� The neural net w orks are enco ded as a c hromosome b y storing all connection

w eigh t v alues. If the net w ork arc hitecture is ev olv ed in parallel with the w eigh t

determination, for eac h p ossible connection the c hromosome also holds a bit

that indicates whether the connection is presen t or absen t.

� The �tness is de�ned b y the error on a training set, where the �tness increases

as the error decreases.

� Besides `regular' genetic op erator s , often genetic op erator s are used that are

tailored for neural-net w ork ev olution. Three examples of suc h genetic op er-

ators are (i) op erator s that switc h neurons b et w een net w orks, (ii) op erator s

that enable or disable net w ork connections, and (iii) op erator s that m utate

neurons (Mon tana and Da vis, 1989).

A problem that arises with neural net w ork ev olution is that structurally dif-

feren t net w orks ma y represen t the same function. This is the problem of `com-

p eting con v en tions' (Sc ha�er et al. , 1992 ).

2

Comp eting con v en tions increase the

size of the solution space drastically , and marginalise the e�ect of crosso v e r op era-

tors. While man y solutions for comp eting con v en tions ha v e b een prop osed (Hanco c k,

1992 ; Karunanithi, Das, and Whitley , 1992; Alba, Aldana, and T ro y a, 1993 ; Braun

and W eisbro d, 1993 ; Thierens, Suyk ens, V andew alle, and De Mo or, 1993), some re-

searc hers consciously ignore the problem (Hanco c k, 1992 ), or restrict themselv es to

using only m utation op erator s (`genetic hill-clim bing') or small p opulations (Sc haf-

fer et al. , 1992).

The four main adv an tages of using ev olutionary algorithms to design neural net-

w orks instead of con v en tional training algorithms suc h as bac kpropag a tio n are the

follo wing.

� Ev olutionary algorithms can design the neural-net w ork arc hitecture in paral-

lel with the w eigh t determination, while con v en tional algor ithms usually are

restricted to just determining the w eigh ts.

� Ev olutionary algorithms are designed to escap e from lo cal optima.

� Ev olutionary algorithms only require a �tness function, while con v en tional al-

gorithms often need more information (e.g., bac kpropag a tio n needs the deriv-

ativ e of the error function).

� Ev olutionary algorithms can design a neural net w ork with any arc hitecture,

while con v en tional training algorithms are restricted to sp eci�c arc hitectures

(e.g., bac kpropag a tio n is restricted to feed-forw ard net w orks).

2

Alternativ e terms found in the literature are the `p erm utation problem', the `problem of iso-

morphism' and the `structur a l/func t ion a l mapping problem'.
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A disadv an tage is that ev olutionary algorithms are not suited for lo cal optimi-

sation. This means that when a solution close to the optim um is found, the ev olu-

tionary algorithm will, in general, not b e able to seek out the actual optim um. The

disadv an tage can b e resolv ed b y applying a lo cal-optimisa tio n pro cedure (for exam-

ple, one of the regular training algorithms) when it is observ ed that the ev olutionary

algorithm is unable to impro v e up on the b est solution found.

Ev olutionary arti�cial neural net w orks are used in Chapters 3 and 4.

2.1.4 Ev oluti onary Con trol

A `plan t' is a pro cess that has input, output, and p ossibly an in ternal state. `Plan t

con trol' aims at generating desired plan t output b y manipulating the input. `Ev olu-

tionary con trol' uses ev olutionary algorithms to design plan t con trollers. Although

con trol engineers rarely use ev olutionary tec hniques, they ha v e b een researc hed

widely (Man and T ang, 1997 ; Fleming and Purhouse, 2001 ; W ang, Spronc k, and

T rac h t, 2003 ). Ev olutionary algorithms can b e used to c ho ose or tune parameters

for con trollers (e.g., the P (rop ortiona l), I (n tegral), and D (i�eren tial) v alues for PID-

con trollers), or to design new con trollers from scratc h. Ev olutionary arti�cial neural

net w orks can b e used as con trollers, and in that case are referred to as `ev olutionary

neural con trollers'.

T w o complicating factors with plan t con trol are that (i) the output need not react

immediately to the input, and (ii) the in ternal state ma y cause the plan t to b eha v e

di�eren tly in situations that, from the outside, seem to b e equal. These complicating

factors mak e it di�cult, if not imp ossible, to determine whether an output of a plan t

is desirable. F or plan t con trol a training set, that couples desirable output v alues to

input v alues, is therefore hard to design. Ev olutionary con trol commonly analyses

the b eha viour of the con troller o v er a test-run to determine the �tness.

The general design of an ev olutionary- c o n tr o l exp erimen t is illustrated in Figure

2.2. The exp erimen t searc hes for a successful con troller for a plan t. The p oten tial

con troller solutions are stored as c hromoso mes in a p opulation . An evolutionary

algorithm sele cts paren t c hromoso mes from the p opulation. It applies genetic op er-

ators to these paren t c hromosomes to generate new con trollers. A newly generated

con troller is teste d b y placing it in a `con trol lo op'. In the con trol lo op, the c on-

tr ol ler sends c ontr ol signals to a plant , and receiv es fe e db ac k from the plan t. The

test r esults (indicating ho w successful the con troller w as in con trolling the plan t) are

used b y the ev olutionary algorithm to assign a �tness v alue to the new con troller.

The ev olutionary algorithm then r eplac es one of the c hromoso mes in the p opulation

with a c hromoso me that represen ts the new con troller.

Elegance , whic h is an acron ym for Engineering Lab orato r y for Exp eri-

men ts with Genetic Algorithms for Neural Con troller Ev olution, is an en viron-

men t I designed to do exp erimen ts with ev olutionary neural con trollers (Spronc k,

1996 ; Spronc k and Kerc kho�s, 1997 ). It is easily extendable and supp orts b oth

feed-forw ard and recurren t neural con trollers, a wide range of genetic op erator s and

ev olutionary algor ithm parameters, and man y di�eren t plan ts.

3

3

Elegance is freely a v ailable through the In tern e t from the author's homepage.
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Figure 2.2: General design of an ev olutionary con trol exp erimen t.

Inspired b y the enco ding of Maniezzo (1993), the ev olutionary algor ithm em-

plo y ed in Elegance allo ws ev olving the net w ork's w eigh ts in parallel with its arc hi-

tecture. The net w ork is directly enco ded in to a c hromoso me consisting of an arra y

of `connection genes'. Eac h connection gene represen ts a single p ossible connection

of the net w ork and consists of a single bit and a real n um b er. The bit represen ts

the presence or absence of a connection and the real v alue sp eci�es the w eigh t of

the connection. In this enco ding sc heme, ev en absen t connections ha v e a w eigh t

asso cia ted with them. The w eigh t v alues of inactiv ated connections function as a

kind of laten t memory that can b e reactiv ated b y a m utation of the connection bit.

Ev olutionary con trol is emplo y ed in Chapters 3, 4, and 6. Elegance is used for

exp erimen ts describ ed in Chapters 3 and 4.

2.1.5 Reinforcemen t Learning

Reinforcemen t learning is used to train an agen t to exhibit sp eci�c b eha viour b y

rew arding and p enalising agen t actions coupled to states. State/action-pair s that

driv e the agen t to desirable states are strengthened, while state/action-pa ir s that

driv e the agen t to undesirable states are p enalised. Rew ards and p enalties are usually

a w arded with a dela y , b ecause, when an agen t has arriv ed at a state where a rew ard or

p enalt y is giv en, not only the last action whic h the agen t p erformed should receiv e

the a w ard, but the whole sequence of actions resp onsible for reac hing the state

(Mitc hell, 1997 ; Sutton and Barto, 1998; Russell and Norvig, 2003 ).

T emp oral-Di�erence (TD) learning is a form of reinforcemen t learning that learns

a Q-function, whic h is an ev aluation function for actions. Once a go o d Q-function

has b een deriv ed, the success of new actions can b e predicted and so the action with

the highest exp ected rew ard in a giv en situation can b e selected. A dra wbac k of using

TD-learning is that in practice man y thousands of training iterations are required

for the Q-function to con v erge (Mitc hell, 1997 ). An example of the application

of reinforcemen t learning in games, is TD-Gammon , a progra m that learned to
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pla y Ba ck gammon with TD-learning, using millions of training samples (T esauro,

1992 ; Mitc hell, 1997 ; T esauro, 2002).

Reinforcemen t learning is similar to ev olutionary con trol in the sense that b oth

use an ev aluation of the b eha viour of an agen t (or con troller) to assign rew ards and

p enalties. The ma jor di�erence is that reinforcemen t learning is a gradien t-sea r c h

mec hanism, that impro v es one solution b y con tin uously making small c hanges to it,

while ev olutionary con trol examines eac h solution once and generates new solutions

using undirected genetic op erator s .

Reinforcemen t learning is emplo y ed in Chapters 5 and 6.

2.2 Games

This section pro vides a concise o v erview of computer games. It presen ts a short

history of games (2.2.1), an o v erview of di�eren t t yp es of games (2.2.2), and the

state of the art in game-AI researc h (2.2.3).

2.2.1 History

The v ery �rst game in the long lineage of commercial computer games w as Tennis

f or Tw o , whic h is similar to Pong . It w as created in 1958 b y W. A. Higin b otham,

and ran on a Bro okha v e n National Lab orato r y oscillosco p e.

4

The �rst game that ran

on a computer w as Sp a cew ar , created in 1962 b y Stev e Russell at MIT on a PDP-1

computer. In the game, illustrated in Figure 2.3, t w o pla y ers con trol spaceships that

�re ro c k ets at eac h other un til one of them is destro y ed (Levy , 1984). A v ersion

of Sp a cew ar , named Computer Sp a ce , w as released b y Magna v o x as the �rst

commercial console game in 1971 . Magna v o x ' example w as so on follo w ed b y other

man ufacturers who released game consoles, the most famous probably b eing the

1977 A tari V CS (Baratz, 2001).

Inexp ensiv e micro-computers ha v e b een sold since the early 1970 s . They b ecame

p opular in 1977 with the release of the TRS-80 and the Apple I I computers. These

computers w ere mean t b oth for b oth business and home users. F or the latter group,

games w ere built and published b y dedicated game companies suc h as Electronic

Arts, Info com, Origin, Sierra, and SSI. While originally game dev elop ers needed

to supp ort a wide v ariet y of computers, in the mid-1980s the IBM-PC b ecame the

industry standard for home computing and th us for home gaming. In parallel de-

v elopmen t, gaming consoles (dedicated game computers that are ho ok ed up to a

television set) b ecame p opular, starting with the Nin tendo En tertainmen t System

in 1986 (Baratz, 2001).

4

Man y argue that the v ery �rst game w as Tic-T a c-Toe , programmed in 1952 b y A. S. Douglas

for the EDSA C computer, whic h used a catho de -r a y tub e to displa y the pla ying grid. Ho w ev er,

in m y opinion Tic-T a c-Toe is an analytical game, and as suc h do es not deserv e the title of �rst

c ommer cial computer game. Note that computers pla y ed analytical games ev en b efore 1952: in

1951 D. G. Prinz built a Chess -pla ying program, that w as the �rst program to solv e a Chess

problem (V an den Herik, 1983).
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Figure 2.3: Sp a cew ar , great-g r e a t- g r a nd-pa r e n t of mo dern games.

The con tin uous adv ances in pro cessing p o w er and capabilities of home comput-

ers, caused games to b ecome increasingly complex. While in the 1980s a team of

�v e p eople could create a top-rated game, in the 1990 s game-dev elopmen t teams

consisted of h undreds of p eople. The cost of pro ducing a game grew accordingly .

Since the start of the t w en t y-�rst cen tury , the game industry has gro wn to surpass

the m ulti-billion-dollar Hollyw o o d mo vie industry in rev en ues (F airclough et al. ,

2001 ; Snider, 2002). The mark et for PC and console games no w only allo ws for large

game-dev elopmen t companies, supp orted b y w ealth y publishers. F or the smaller

dev elop ers, a new mark et has op ened up with handheld gaming. It is, ho w ev er, only

a matter of time b efore the domain of handheld game dev elopmen t also is tak en o v er

b y large game dev elop ers (Spronc k and V an den Herik, 2003 ).

F or a long time the pro cessing p o w er of computers w as mainly in v ested in to cre-

ating b etter graphics. In the late 1990s sp ecialised 3D video cards b ecame a�ordable

and widespread. This freed up pro cessing p o w er for other game-pla y features, suc h

as arti�cial in telligence (T ozour, 2002 b). Game-AI progra mming has b ecome an

imp ortan t activit y in game dev elopmen t, instead of something that is added in the

last w eeks b efore a game is released. Therefore the sub ject of this thesis, game AI,

is relev an t for the game industry as it exists to da y .

2.2.2 Game T yp es

Games can b e divided in to di�eren t categories . There is no general consensus on

what those categories are.

5

My view is that there are six categories of games: ac-

tion games, adv en ture games, puzzles, role-pla ying games, sim ulations, and strategy

games. I discuss the di�eren t categories b elo w.

A ction: A ction games are games that require pla y ers to use mainly their re�exes to

b eat the game. The �v e main t yp es of action games are ar c ade games (suc h as

5

F or example, F airclough et al. (2001) distinguish `action games', `adv en ture games', `role-

pla ying games' and `strategy games'. Sc hae�er (2001) adds to these `go d games' and `sp orts games'.

Laird and V an Len t (2001) ha v e a simi l ar view, but mak e a clear distinction b et w een `team sp orts

games' and `individual sp orts games'.
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P a cman ), platform games (suc h as Prince of Persia ), sp orts games (suc h

as FIF A Soccer ), 3D sho oters (suc h as Quake ), and 3D sne akers (suc h as

Thief ). No w ada ys the �rst t w o t yp es ha v e almost died out, while the others

are arguably the most p opular t yp es of games a v ailable. The game AI in action

games con trols individual agen ts on an op erationa l and tactical lev el.

A dv en ture: A dv en ture games are story-driv e n games that require pla y ers to fol-

lo w a sp eci�c path to w ards the end of the game. The path is littered with

puzzles of all kinds that pla y ers m ust solv e, using their in tellectual skills. The

t w o main t yp es of adv en ture games are text adventur es or inter active �ction

(suc h as Zork ), and gr aphic a l adventur es (suc h as King's Quest ). No w ada ys

the adv en ture-game genre seems to ha v e almost died out, although amateurs,

some surprisingly talen ted, still pro duce these games (Mon tfort, 2004 ). Char-

acters in adv en ture games can only react in a pre-de�ned w a y to sp eci�c pla y er

actions. As suc h, game AI is absen t for adv en ture games.

6

Puzzle: Puzzle games are games that require pla y ers to apply their in tellectual

skills to solving a puzzle. The t w o main t yp es of puzzle games are time-fr e e

puzzles (suc h as Sok oban ), and time-c onstr aine d puzzles (suc h as Tetris ).

Puzzle games are, in general, not v ery p opular, except for handheld computers.

Puzzles do not require game AI.

Role-pl a ying: Computer role-pla ying games (CRPGs) are story-driv e n games that

require pla y ers to assume the role of a game c haracter. Pla y ers are sen t on

a quest, usually with a fan tasy or a science-�ction theme. The quest mainly

in v olv es exploration and tactical com bat. The t w o main t yp es of CRPGs

are single-player CRPGs (suc h as Baldur 's Ga te ), and massive multiplayer

online games (suc h as EverQuest ). After almost ha ving died out in the

1990s , CRPGs ha v e b ecome quite p opular again no w ada ys. The game AI in

CRPGs con trols individual agen ts on an op erationa l and tactical lev el.

Sim ul atio n: Sim ulation games are games that require pla y ers to observ e and in ter-

act with a sim ulation. The t w o main t yp es of sim ulation games are go d games

(suc h as The Sims ), and vehicle simulations (suc h as Flight Simula tor ).

Sim ulations alw a ys ha v e b een fairly p opular. The amoun t of game AI that

p erv ades a sim ulation game dep ends on the lev el of realism of the sim ulation.

Strategy: Strategy games are games that require pla y ers to use their strategic and

tactical skills to guide a group of agen ts to victory . The t w o main t yp es of

strategy games are turn-b ase d str ate gy games (suc h as Civiliza tion and Rail-

r o ad Tycoon ), and r e al-time str ate gy games (suc h as W ar craft ). Strategy

games ha v e b een p opular since the 1990 s . The game AI in strategy games

con trols large groups of agen ts on an op erationa l, tactical and strategic lev el.

6

Some adv en tur e games, esp ecially text adv en tur e s, con tain c haract e r s that exhibit seemingly

in telligen t b eha viour, but in genera l their c hoice of actions is based on simpl e probabilit y . They

are not in the game as opp onen t s for the pla y er, but as puzzles to b e solv ed (Lebling, 1980).
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T yp e Games Sections

A ction Quake 4.2

Role-pla ying Sim ulated CRPG 5.2�5.4

Role-pla ying Never winter Nights 5.5

Strategy Duelling spaceships 4.1

Strategy W ar gus 6.2�6.4

T able 2.1: Game t yp es in v estigated in the thesis.

Man y games that are in existence to da y fall in to more than one of the categories .

T o stand out, game dev elop ers attempt to com bine game genres to create an original

game that exhibits the b est of di�eren t categories (Slater, 2002 ). F or instance,

v ehicle sim ulations are often enhanced with action elemen ts, and action games are

often enhanced with elemen ts from strategy games. Complex game AI is encoun tered

mainly in role-pla ying games and strategy games.

T able 2.1 lists the game t yp es discussed in this thesis. F rom left to righ t, the

three columns represen t (i) the game t yp e, (ii) the games of this t yp e discussed, and

(iii) the corresp o nding thesis sections.

2.2.3 Game-AI Researc h

Game AI is of in terest to t w o di�eren t groups, namely (i) game dev elop ers, who aspire

to ha v e game AI k eep up with game enhancemen ts, and (ii) academic researc her s ,

who profess to ha v e a high-lev el view of the �eld of game AI. Surprisingly , there is

little comm unication b et w een these t w o groups (Sa wy er, 2002). Game dev elop ers

complain that academics fail to get out of their iv ory to w er to help them with the

pr actic al implemen tation of game AI (Laird, 2000 ; T ozour, 2002b). A cademics claim

they cannot get their fo ot in the do or of game dev elopmen t, b ecause of industry

secrets (Sa wy er, 2002 ; Buro, 2003a ), tigh t sc hedules (Sa wy er, 2002), and lac k of

funding (Laird and V an Len t, 2001 ; Sa wy er, 2002 ). Consequen tly , game dev elop ers

and game researc her s tend to remain in their o wn comm unities.

F ortunately , this trend is c hanging. Game dev elop ers recognise they need help

from academic comm unities to implemen t game AI that can cop e with the com-

plexities of mo dern games (Laird and V an Len t, 2001 ; Sa wy er, 2002 ; Rabin, 2004 b).

Game resources are freed up for more adv anced game AI (Laird, 2000). A cademics

are allo w ed access to mo dern game engines for their researc h (Laird, 2000 ), through

op en source, or through to olsets released with the games. No w ada ys, man y acad-

emic AI researc her s attend game dev elopmen t conferences, and o ccasiona lly a game

dev elop er visits an academic conference on game-AI researc h.

Not only game dev elop ers can b ene�t from the w ork of AI researc her s , but AI

researc her s ha v e m uc h to gain from the w ork of game dev elop ers as w ell. Since the

goal of game AI is to mak e h uman pla y ers b eliev e that their opp onen ts are actually

con trolled b y other h umans (Laird and V an Len t, 2001 ; Sa wy er, 2002; Livingstone

and McGlinc hey , 2004 ), mo dern games are nothing less than a practical implemen ta-
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tion of a T uring T est (T uring, 1950). Ev en small steps that AI researc her s can tak e

to w ards h uman-lik e game AI are w elcomed b y game dev elop ers, and, when imple-

men ted in an actual game, will b e tested out in practice (Laird and V an Len t, 2001 ).

F urthermore, games are a p opular pastime, whic h ma y help to attract studen ts to

the �eld of AI researc h, and gain atten tion from p opular media.

This thesis aims at bridging the gap b et w een academic researc h and the daily

practice of game dev elopmen t. It in v estigates the application of mac hine-learning

tec hniques to game AI. A ma jor requiremen t of the tec hniques in v estigated is their

practical applicabilit y in mo dern games.

2.3 Mac hine Learning and Game AI

This section clari�es the three di�eren t w a ys in whic h mac hine learning can b e

applied to game AI, namely o�ine learning (2.3.1), sup ervised learning (2.3.2), and

online learning (2.3.3). It also discusses the requiremen ts that online learning of

game AI m ust meet (2.3.4).

2.3.1 O�ine Learning

`O�ine learning' of game AI is learning that tak es place while the game is not

b eing pla y ed b y a h uman (Charles and McGlinc hey , 2004 ; F unge, 2004). This can

b e learning from samples or learning b y self-pla y (i.e., the computer con trolling

all sides in the game). A t ypical application of o�ine learning is tuning game-

AI parameters during the `qualit y assurance' phase of game dev elopmen t. A more

adv anced application is creating new tactics for opp onen ts b y self-pla y .

Although o�ine learning is a common tec hnique used in analytical games

(T esauro, 1992; Sc hae�er, 1997; Sc hae�er, Billings, P eña, and Szafron, 1999;

Donk ers, 2003 ; Enzen b erger, 2003 ; K o csis, 2003; V an der W erf, 2004; Winands,

2004 ) and is sp oradica lly used in academic researc h of commercial games (Ballard,

1997 ; Laramée, 2002a ; McGlinc hey , 2003; Spronc k and V an den Herik, 2003), the

literature pro vides little or no examples of o�ine learning used b y professional game

dev elop ers, other than t w eaking a few parameters (Biasillo, 2002 ; W o o dco c k, 2002 ).

Neither did m y o wn con tacts with game dev elop ers turn up an y evidence of o�ine

learning in professional games. This is somewhat surprising, since o�ine learning

tak es place en tirely `in-house', and therefore is the least risky application of mac hine

learning to games. Chan et al. (2004) surmise that the use of o�ine learning of game

AI to help game designers and progra mmer s for the purp ose of qualit y assurance is

the �rst step to in tro duce mac hine-learning tec hniques in the game industry .

In this thesis o�ine learning in games is discussed in Chapters 3, 4, and 6.

2.3.2 Sup ervised Learning

`Sup ervised learning' of game AI tak es places while the game is b eing pla y ed b y a

h uman. It implemen ts c hanges to the game AI b y pro cessing immediate feedbac k on
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an y decision that the game AI mak es. The feedbac k indicates whether a decision is

desired or undesired. With sup ervised learning of game AI the h uman pla y er con trols

what is b eing learned, either b y pro viding the game AI with samples of b eha viour to

b e imitated, or b y rew arding desired b eha viour and p enalising undesired b eha viour.

When sup ervised learning is part of a game, it requires the co op era tio n of the h u-

man pla y er, i.e., the learning is part of the game-pla y design. V ery few games incor-

p orate sup ervised learning. T w o w ell-kno wn examples of suc h games are Crea tures

and Bla ck & White . In b oth games, the agen t b eha viour is partly determined

b y a learning structure (the agen t's `brain'). In Crea tures the learning structure

consists of a neural net w ork (A damatzky , 2000 ), and in Bla ck & White it consists

of a decision tree and p erceptrons (Ev ans, 2001 & 2002 ; F u and Houlette, 2004 ). The

h uman pla y er trains the learning structure b y rew arding agen ts when they exhibit

desired b eha viour, and p enalising them when they exhibit undesired b eha viour.

This thesis is on automatic learning of game AI. Sup ervised learning is not au-

tomatic, for it requires h uman in terv en tion. Therefore, sup ervised learning will not

b e discussed further in this thesis.

2.3.3 Online Learning

`Online learning' of game AI is learning that tak es place while the game is b eing

pla y ed b y a h uman (Charles and McGlinc hey , 2004 ; F unge, 2004 ).

7

Through online

learning, game AI automatically adapts in accorda nce with the h uman pla y er's st yle

and tactics. There are t w o main reasons to implemen t adaptiv e game AI, namely (i)

the game AI mak es exploitable mistak es, whic h mak es the game to o easy , and (ii)

the game AI's skill is not in the same league as the h uman pla y er's skill, whic h mak es

the game either to o easy or to o hard. Both reasons, if neglected, are detrimen tal to

a game's en tertainmen t v alue.

Some academic researc h has in v estigated online learning in games (Demasi and

Cruz, 2002; Laramée, 2002b; Mommersteeg, 2002 ; Demasi and Cruz, 2003 ; Aha and

Molineaux, 2004 ; Graep el et al. , 2004; Le Hy, Arrigoni, Bessièrre, and Leb eltel, 2004;

Jones and Go el, 2004 ; Leen and F yfe, 2004 ; Spronc k, Sprinkh uizen-Kuyp er, and

P ostma, 2004 c ; Ulam, Go el, and Jones, 2004 ). In practice, ho w ev er, game publishers

are reluctan t to release games with online-learning capabilities (F unge, 2004 ). Their

main fear is that the game learns inferior b eha viour (W o o dco c k, 2002; Charles and

Livingstone, 2004). Therefore, the few games that con tain online learning, only do

so in a sev erely limited sense, in order to run as little risk as p ossible (Charles and

Livingstone, 2004 ).

T w o less-risky p ossibilities for online learning in games are (i) to c hange automat-

ically a few parameters (e.g., in Nascar Ra cing 2003 Season and The F all of

Max P a yne ), and (ii) to switc h automatically b et w een sev eral man ually-designed

7

Sup ervised learning (2.3.2) also tak es place online. Therefore , to b e absolutely clear, `online

learning' should b e named `unsup ervised online learning'. Ho w ev er, in the literature , when learn-

ing is men tioned, it is usually assumed that unsup ervised learning is mean t. This thesis do es

not in v estigate sup ervised learning. I therefor e use the shorter term `online learning' to refer to

`unsup ervised online learning'.
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v arieties of the game AI, suc h as di�eren t formations of enem y groups (e.g., in De-

scent 3: Mer cenar y and WWI I: Fr ontline Command ). While these simple

attempts to implemen t adaptiv e game AI can b e surprisingly e�ectiv e (F unge, 2004 ),

they are not alw a ys appreciated b y game pla y ers.

8

In this thesis online learning in games is discussed in Chapters 4, 5, and 6.

9

2.3.4 Online Learning Requiremen ts

After a searc h through the literature, p ersonal comm unication with game dev elop ers,

and applying our o wn insigh ts to the sub ject matter, w e arriv ed at a list of four

computational and four functional requiremen ts, whic h online adaptiv e game AI

m ust meet to b e applicable in practice.

The computational requiremen ts are necessities: failure of an online adaptiv e-

game-AI tec hnique to meet the computational requiremen ts mak es it useless in prac-

tice. The functional requiremen ts are not so m uc h necessities, as strong preferences

b y game dev elop ers: failure of an online adaptiv e-ga me- AI tec hnique to meet the

functional requiremen ts means that game dev elop ers will b e un willing to include it

in their games, ev en when it yields go o d results and meets all four computational

requiremen ts. The four computational requiremen ts are the follo wing.

Sp eed: Online learning in games m ust b e computationally fast, since learning tak es

place during game-pla y (Laird and V an Len t, 2001 ; Narey ek, 2002 ; Charles and

Livingstone, 2004; F unge, 2004).

E�ectiv eness: Online learning in games m ust create e�ectiv e game AI during the

whole learning pro cess, to a v oid it b ecoming inferior to man ually-designed

game AI, th us diminishing the en tertainmen t v alue for the h uman pla y er

(Charles and Livingstone, 2004; F unge, 2004).

10

Robustness: Online learning in games has to b e robust with resp ect to the ran-

domness inheren t in most games (Chan et al. , 2004; F unge, 2004).

E�ciency: Online learning in games m ust b e e�cien t with resp ect to the n um-

b er of trials needed to ac hiev e successful game AI, since in a single game, a

pla y er exp eriences only a limited n um b er of encoun ters with similar groups of

opp onen ts.

8

F or instance, after the release of The F all of Max P a yne , man y pla y ers complained that if

they pla y ed the game to o w ell, the opp onen t s so on ac hiev ed capabilities that made them almost

imp ossibl e to defeat. Pla y ers started to tak e delib erate damage, in order to fo ol the game in to

assuming the di�cult y lev el should not b e increased.

9

Note that the term `online' as used in this thesis should not b e confused with the p opular

meaning of `online' to refer to activities that are p erformed o v er the in ternet . F or instance, the

w ork of Baxter, T ridgell, and W aev er (1998) in whic h reinforcemen t learning is applied to impro v e

a Chess ev aluation function using games pla y ed through the in ternet , is actually an example of

o�ine learning, since the ev aluation function is c hanged only after the games ha v e b een pla y ed.

10

Usually , the o ccasional o ccurr e n c e of a non-c hallenging agen t is p ermissible, since the pla y er

will attribut e an o ccasional easy win to luc k. Note that, if adaptiv e game AI meets this requiremen t,

the main fear of game publishers, that agen ts will learn inferior b eha viour, is resolv ed.
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The four functional requiremen ts are the follo wing.

11

Clarit y: Online learning in games m ust pro duce easily in terpretable results, b ecause

game dev elop ers distrust learning tec hniques of whic h the results are hard to

understand.

V ariet y: Online learning in games m ust pro duce a v ariet y of di�eren t b eha viours,

b ecause agen ts that exhibit predictable b eha viour are less en tertaining than

agen ts that exhibit unpredictable b eha viour.

Consistency: The a v erag e n um b er of trials needed for adaptiv e game AI to pro duce

successful results should ha v e a high consistency , i.e., a lo w v ariance, to ensure

that it is rare for pla y ers to �nd that learning in a game tak es exceptionally

long.

Scalabilit y: Online learning in games m ust b e able to scale the di�cult y lev el of

its results to the exp erience lev el of the h uman pla y er (Lidén, 2004 ).

T o meet the four computational requiremen ts, an online learning algorithm m ust

b e of `high p erformance'. A ccording to Mic halewicz and F ogel (2000), the t w o main

factors of imp ortance when attempting to ac hiev e high p erformance for a learning

mec hanism are the exclusion of randomness and the addition of domain-sp eci�c

kno wledge. Since randomness is inheren t in most games, it cannot b e excluded.

Therefore, it is imp erativ e that the learning pro cess is based on domain-sp eci�c

kno wledge (Manslo w, 2002).

Ob viously , it is hard to create an online-learning tec hnique for games that meets

all the eigh t requiremen ts. Ho w ev er, the `dynamic scripting' tec hnique, discussed in

Chapter 5, is designed to do just that.

2.4 Chapter Summary

This c hapter pro vided bac kgro und information on the researc h in this thesis. It dis-

cussed mac hine-learning tec hniques used in the researc h (ev olutionary algorithms,

arti�cial neural net w orks, ev olutionary arti�cial neural net w orks, ev olutionary con-

trol, and reinforcemen t learning), and ga v e an o v erview of commercial computer

games and game-AI researc h. It distinguished three di�eren t w a ys in whic h mac hine

learning can b e applied to game AI, namely (i) o�ine learning, (ii) sup ervised learn-

ing, and (iii) online learning. F or online learning four computational requiremen ts

w ere listed, namely the requiremen ts of (i) sp eed, (ii) e�ectiv eness, (iii) robustness,

and (iv) e�ciency . F urthermore, four functional requiremen ts w ere listed, namely

the requiremen ts of (i) clarit y , (ii) v ariet y , (iii) consistency , and (iv) scalabilit y . The

fo cus of this thesis is on unsup ervised learning, that is, on o�ine and online learning.

11

The �rst t w o functional requiremen ts, the requiremen ts of clarit y and v ariet y , w ere expressed

b y three of the lead dev elop er s of BioW are Corp, during a p ersonal exc hange I had with them in

2003.





Chapter 3

Doping in Agen t Con trol

Better Living Through Chemistry .

� A dv ertising slogan of Monsan to Corp ora tio n.

Agen ts in games ha v e a task to accomplish; usually , it is defeating a h uman pla y er.

Game AI con trols the b eha viour of the agen ts in game en vironmen ts. The presen t

c hapter

1

in v estigates ev olutionary con trol of agen ts in game-lik e en vironmen ts. A

game-lik e en vironmen t has t w o ma jor c haracteris tics with resp ect to agen ts, namely

(i) agen ts ha v e only a limited view of the en vironmen t, and (ii) agen ts can in teract

with the en vironmen t to accomplish their tasks.

Ev olutionary con trol is an e�ectiv e tec hnique for creating the con trollers of the

agen ts (2.1.4). T o ac hiev e go o d results, ev olutionary con trol m ust deal with the

`problem of hard instances'. This c hapter explores a no v el tec hnique designed to

alleviate the problem of hard instances, called the `Doping-driv en Ev olutionary Con-

trol Algorithm' (DECA). Section 3.1 describ es the problem of hard instances, and

in tro duces DECA. Section 3.2 describ es the exp erimen tal pro cedure emplo y ed for

ev aluating DECA. Sections 3.3 and 3.4 are dev oted to t w o exp erimen ts that con�rm

DECA's e�ectiv eness. Section 3.5 pro vides a general discussion of the exp erimen tal

results. A summary of the c hapter is pro vided in Section 3.6.

3.1 DECA and the Problem of Hard Instances

Agen ts in game-lik e en vironmen ts ha v e a task to accomplish. A `task instance' is

a sp eci�c example of the en vironmen t in whic h the agen t resides. Ev olutionary

con trol can b e used to determine the agen t's b eha viour in the en vironmen t (2.1.4).

Ev olutionary con trol tends to fa v our con trollers that solv e easy task instances, but

that fail to solv e the hard ones. This phenomenon is called `the problem of hard

instances' (Spronc k, Sprinkh uizen-Kuyp er, and P ostma, 2001a ). It can b e alleviated

b y the Doping-driv en Ev olutionary Con trol Algorithm (DECA), whic h is based on

1

This c hapter is based on a pap er b y Spronc k, Sprinkh uizen-Kuyp e r , P ostma, and K ortmann

(2003c) , and a submitted pap er b y Spronc k, Sprinkh uizen-Kuyp e r , and P ostma (2005).
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the notion of `doping'. This section explains the problem of hard instances (3.1.1),

pro vides bac kgro und information on doping (3.1.2), and de�nes and explains DECA

(3.1.3). F rom hereon I will refer to a `task instance' with the shorter term `instance'.

3.1.1 The Problem of Hard Instances

Ev olutionary learning is e�ectiv e for creating the con trollers of situated agen ts

(Arkin, 1998). When applying ev olutionary learning to con troller design, the map-

ping executed b y the con troller is generated b y setting the con troller parameters. The

qualit y of con trollers is de�ned in terms of an appropria te measure as determined

b y the �tness function. In general, the �tness function is based on the ev aluation of

a con troller on a series of t ypical instances v arying in di�cult y from easy to hard.

An easy instance is an instance for whic h a solution can b e found easily , i.e., in the

searc h space, solutions to easy instances are abundan t and lo cated in `�at' regions of

the searc h space. In con trast, a hard instance is an instance for whic h it is di�cult

to �nd a solution, i.e., in the searc h space, solutions to hard instances are rare and

lo cated at `p eaks' surrounded b y inferior solutions (Spronc k et al. , 2001a ).

In the ev olutionary learning pro cess new con trollers are generated b y recom bining

elemen ts of previously-g e ner a ted con trollers, fa v ouring those that ha v e a relativ ely

high �tness. Ob viously , a con troller that solv es at least one of the instances is

assigned a higher �tness v alue than one that solv es no instances at all. Since it is

v ery lik ely that con trollers that cop e with easy instances are disco v ered b efore those

that cop e with harder instances, the p erformance on the easy instances determines

the course of the ev olutionary pro cess to a great exten t. Therefore, the ev olutionary

searc h is more or less con�ned to the regions of searc h space where most of the

solutions to easy instances reside. Unless a go o d solution that co v ers b oth easy and

hard instances is found in the vicinit y of these regions, the end result is a con troller

that handles easy instances w ell, but fails on the hard ones. This is called `the

problem of hard instances'.

If the problem of hard instances is not dealt with, ev olutionary algor ithms are

b ound to pro duce inferior solutions to task con trol problems. T o deal with the prob-

lem of hard instances, I prop ose the Doping-driv en Ev olutionary Con trol Algorithm

(DECA). DECA is based on the notion of `doping', whic h is explained b elo w.

3.1.2 Doping

Doping is de�ned as the addition of some v ery go o d solutions to a p opulation (usually

the initial one) in order to facilitate the ev olution pro cess. These solutions ma y b e

generated b y a di�eren t algorithm or ma y express the user's kno wledge ab out the

problem domain (Dumitrescu, Lazzerini, Jain, and Dumitrescu, 2000 ). Common

terms used for similar tec hniques are `seeding', `case injection' (Louis, 2002 ) and

`infusion' (Spronc k et al. , 2001 a ). If there are di�erences b et w een the exact meanings

of these terms, they are not w ell de�ned. The term `seeding' is used in the literature

most often. It refers to the injection of an y kind of genetic material in to a p opulation.
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I c hose to use the term `doping' to refer to the injection of complete solutions in to

a p opulation, rather than the injection of an y kind of genetic material.

The application of doping (or seeding) is restricted to those cases where it is

imp ortan t to retain sp eci�c genetic material in the p opulation (Dumitrescu et al. ,

2000 ). The b est-kno wn example is in the `messy Genetic Algorithm' (mGA), where

in the primordial phase of the ev olution the p opulation is dop ed with all p ossible

building blo c ks of a sp eci�c length (Goldb erg, Deb, and K orb, 1991). Sometimes

doping tak es the form of inserting man ually-designed solutions in to the initial p op-

ulation. An example is the w ork of Matthews et al. (2000) on a problem in land-use

planning where the initial p opulation w as dop ed with heuristic and exp ert-based

solutions. In Case-Initialised Genetic Algorithms (Louis and Johnson, 1999 ), a solu-

tion to a problem similar to the target problem is inserted in the initial p opulation

to facilitate the ev olution pro cess in �nding a go o d solution to the target problem.

Grefenstette and Ramsey (1992) created an initial p opulation that consisted of 50

p er cen t solutions that w ork ed w ell in the past, 25 p er cen t man ually-designed solu-

tions for the problem in general, and only 25 p er cen t solutions generated randomly .

While the examples men tioned ab o v e demonstrate b ene�cial e�ects of doping, it

should b e considered whether doping can b e detrimen tal to the ev olution pro cess.

Doping genetic material that is unrelated to an y kno wn solution, as is done in the

mGA, do es little harm to the �nal solution. Ho w ev er, doping an initial p opulation

with kno wn solutions ma y lead to inferior results. The reason is that within a

p opulation of random solutions, a fairly go o d solution is lik ely to ha v e the highest

�tness, whic h leads to con v ergence to a lo cal optim um in the vicinit y of the dop ed

solution. The ev olution pro cess is used as a lo cal optimisation pro cess, rather than

as a metho d to scan the searc h space. Go o d solutions that are to o remote from the

dop ed solution are lik ely to b e missed. In order for doping to yield go o d results in

task-con tro l problems, the ev olutionary pro cess needs to b e biased to deal with hard

instances. This is exactly what is done in DECA as will b e detailed b elo w.

3.1.3 DECA

The Doping-driv en Ev olutionary Con trol Algorithm (DECA) ensures that the ev o-

lutionary searc h is con�ned to those regions of the searc h space where the solutions

to hard instances are lik ely to b e found. In order to ac hiev e the bias, DECA applies

doping as describ ed in the follo wing six steps.

1. T r aining-set design : Select a series of instances that encompass most or all

relev an t c haracteris tics of a task.

2. Har d-instanc e sele ction : Iden tify a hard instance that encompasses most of

the relev an t c haracteris tics .

3. Har d-instanc e evolution : Ev olv e a go o d solution to the hard instance selected

in the previous step.

4. Initialisatio n : Generate a random p opulation and `dop e' this p opulation with

the solution ev olv ed in the previous step.
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5. Evolution : Ev olv e go o d solutions to the complete series of instances selected

in step 1 using the dop ed p opulation.

6. V alidatio n : Ev aluate the v alidit y of the ev olv ed solution on a new selection of

instances.

If no domain kno wledge is a v ailable to select hard instances in step 2, a (time-

consuming but generally applicable) w a y to iden tify hard instances is to attempt

to ev olv e separate solutions to all the instances in the training set, and observ e for

whic h instances the ev olution pro cess tak es the longest on a v erag e .

DECA is exp ected to yield go o d results b ecause I assume that there is an asym-

metry in the searc h space with resp ect to easy and hard solutions (i.e., lo cal minima

of the �tness function). Solutions to easy instances are readily found in the vicinit y

of solutions to hard instances, whereas the rev erse is not true. The asymmetry is

caused b y the abundance of solutions to easy instances and the relativ e scarcit y of

solutions to hard instances. The v alidit y of this assumption is discussed in more

detail in Subsection 3.5.1.

3.2 Exp erimen tal Pro cedure

T o ev aluate the e�ectiv eness of DECA, t w o exp erimen ts w ere p erformed with t w o

di�eren t tasks. The �rst task is a b o x-pushing task wherein a rob ot has to push a b o x

b et w een t w o w alls. The second task is a fo o d-gather ing task in whic h an agen t has

to collect fo o d while a v oiding to b e damaged. F or b oth tasks neural con trollers w ere

used, whic h are suitable adaptiv e structures for situated agen ts (Arkin, 1998). The

w eigh ts and arc hitectures of the con trollers w ere generated using an ev olutionary

algorithm, using the Elegance en vironmen t (2.1.4).

Preliminary exp erimen ts with the ev olution of a neural b o x-pushing con troller in-

dicated that a recurren t neural con troller outp erforms v arious kinds of feed-forw ard

con trollers on this particular task (Sprinkh uizen-Kuyp er, P ostma, and K ortmann,

2000 b). I therefore decided for b oth exp erimen ts to use a neural net w ork con�gu-

ration that ga v e the b est results in the preliminary exp erimen ts, namely an Elman

net w ork (2.1.2) with a maxim um of four hidden no des, and the net w ork output

v alues constrained b y applying a sigmoid function.

In the exp erimen ts the follo wing six genetic op erator s w ere emplo y ed, whic h

w ere found to p erform w ell in ev olving solutions for other neural con trol problems

(Spronc k, 1996).

� Uniform cr ossover : Child c hromoso mes are created b y cop ying eac h allele from

one of t w o paren ts, eac h paren t ha ving a 50 p er cen t c hance of b eing selected

for eac h allele (Goldb erg, 1989).

� Biase d weight mutation (Mon tana and Da vis, 1989 ): Child c hromoso mes are

copies of paren t c hromoso mes , with eac h w eigh t ha ving a 5 p er cen t c hance to

b e m utated b y adding a random v alue selected from the range [� 0:3; 0:3].
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� Biase d no des mutation (Mon tana and Da vis, 1989 ): Child c hromoso mes are

copies of paren t c hromoso mes , with all the input w eigh ts of one randomly

selected no de c hanged b y adding a random v alue selected from the range

[� 0:3; 0:3].

� No des cr ossover (Mon tana and Da vis, 1989 ): Child c hromoso mes are created

b y cop ying eac h of their no des (including their input connections) from one

of t w o paren ts, eac h paren t ha ving a 50 p er cen t c hance of b eing selected for

eac h no de.

� No de existenc e mutation (Spronc k, 1996 ): Child c hromosomes are copies of

paren t c hromosomes , with a 95 p er cen t c hance of ha ving all incoming and

outgoing connections of one randomly-selec ted no de b eing remo v ed, and a 5

p er cen t c hance of ha ving all absen t connections of a randomly-selec ted no de

b eing activ ated.

� Conne ctivity mutation (Spronc k, 1996 ): Child c hromoso mes are copies of par-

en t c hromosomes , with eac h connection ha ving a probabilit y of 5 p er cen t to

switc h from b eing connected to b eing disconnected and vice v ersa.

During ev olution, one of these six op erator s w as selected at random. F or the

crosso v er op erator s , I arbitrar ily decided to add only the �ttest of the t w o c hildren to

the p opulation, while the other c hild w as rejected. T o alleviate the problem of com-

p eting con v en tions (2.1.3) the hidden no des of the paren ts w ere rearr a ng e d to mak e

their signs matc h (insofar as p ossible) b efore a crosso v e r to ok place (Thierens et al. ,

1993 ). Newly-generated individuals replaced existing individuals in the p opulation,

while taking in to accoun t elitism. Cro wding (Goldb erg, 1989 ) with a factor of 3 w as

used as replacemen t p olicy . F or the selection pro cess, size k tournamen t selection

(Goldb erg and Deb, 1991) w as used, with k = 2 for the b o x-pushing exp erimen t and

k = 3 for the fo o d-gathering exp erimen t.

In all exp erimen ts, the p opulation size w as equal to 100 and real-v a lued w eigh ts

w ere used. In preliminary exp erimen ts larger p opulation sizes w ere tested, with

a maxim um of 250, but these did not giv e signi�can tly b etter results. Based on

the observ ed con v ergence rates, I set the maxim um n um b er of generations to 35

for the b o x-pushing exp erimen t, and to 30 for the fo o d-gather ing exp erimen t. Pre-

liminary exp erimen ts sho w ed that in rare cases sligh tly b etter solutions could b e

ac hiev ed if the ev olution w as allo w ed to con tin ue for more generations, but in m y

view the considerable increase in computation time required w as not w orth the small

impro v emen t in p erformance.

Ha ving discussed the exp erimen tal pro cedure, I no w turn to the description of

the t w o exp erimen ts to ev aluate the e�ectiv eness of DECA.

3.3 Bo x-Pushing Beha viour

The b o x-pushing task is the �rst task to ev aluate DECA. The task in v olv es the

pushing of a b o x b et w een t w o w alls. A simpler v ersion of the task w as in tro duced
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Figure 3.1: Sim ulation en vironmen t of the Khep era rob ot.

b y Lee, Hallam, and Lund (1997). Pushing an ob ject (in this case a circular b o x)

b et w een t w o w alls is an elemen tary b eha viour that is relev an t in, for instance, the

game of rob ot so ccer in whic h a ball has to b e pushed to w ards the opp onen t's

goal (Asada and Kitano, 1999 ). The task is non-trivial, b ecause it requires the

agen t to adapt con tin uously to the p osition of the ball as p erceiv ed through the

noisy sensors. Elemen tary b eha viours, of whic h the b o x-pushing task is only an

example, are b eliev ed to underlie more complex b eha viours suc h as target follo wing,

na vigation and ob ject manipulation. I describ e the b o x-pushing task in Subsection

3.3.1, presen t the ac hiev ed results using DECA in Subsection 3.3.2, and pro vide a

discussion of the results in Subsection 3.3.3.

3.3.1 The Bo x-Pushing T ask

T o study b o x-pushing b eha viour, a publicly a v ailable mobile rob ot sim ulator w as

emplo y ed. The sim ulator is based on the widely used mobile rob ot Khep era (Mon-

dada, F ranzi, and Jenne, 1993 ). It is illustrated in Figure 3.1. The square area on

the left side is the rob ot w orld and measures 1000� 1000 units. The grey circle rep-

resen ts the rob ot, the blac k circle the b o x, and the six small blac k dots the starting

p ositions of the b o x (the upp er three dots) and the rob ot (the lo w er three dots).

The starting p ositions can b e com bined to nine instances, that di�er in the initial

con�guration of rob ot and b o x (illustrated in Figure 3.4).

The (sim ulated) Khep era displa y ed in Figure 3.2 is equipp ed with eigh t sensors

and t w o motors, one for eac h of the wheels. The sensors pro vide the rob ot with pro x-

imit y v alues. F or the purp ose of the exp erimen t, the sim ulator w as coupled to the

Elegance en vironmen t. The Khep era sim ulation is con trolled b y a neural net w ork
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Figure 3.2: Sc hematic o v erview of the Khep era rob ot, with a mapping to the neural

con troller inputs.

with fourteen inputs, pro vided b y the eigh t pro ximit y sensors and six additional

virtual `edge-detector' sensors. The outputs of the virtual sensors are de�ned as the

di�erences in pro ximit y v alues b et w een all pairs of neigh b ouring sensors, e.g., sensor

8 gets the pro ximit y v alue of sensor 0, from whic h the pro ximit y v alue of sensor

1 is subtracted. It is imp ortan t to note that the Khep era sim ulation is sto c hastic

b ecause the sensors and con troller outputs generate noisy signals.

The motors driving the wheels are con trolled b y the outputs of t w o neural net-

w orks, one for the left and one for the righ t wheel. Exploiting the mirror symmetry

of the p erception-to-ac tio n mapping, the t w o neural net w orks are iden tical except

for the mapping of sensors to net w ork inputs and the de�nition of the signs of the

edge-detecting inputs. Figure 3.3 illustrates the di�eren t mapping and signs for

b oth net w orks. In the �gure, the small rectangles at the left of the neural net w orks

indicate the sensors. In these rectangles, x � y indicates an edge detector in whic h

the v alue of sensor y is subtracted from the v alue of sensor x .

The task set to the sim ulated rob ot w as to push the b o x as far a w a y as p ossible

from its starting p osition within a limited p erio d of time. Figure 3.4 illustrates the

nine instances n um b ered 0 to 8. The b o x-pushing task is di�cult b ecause the rob ot

(i) m ust iden tify the b o x, (ii) m ust remain b ehind the b o x while pushing, (iii) m ust

prev en t the b o x from getting stuc k, and (iv) m ust deal with noise generated b y

the sensors and the motor con trols. Preliminary exp erimen ts rev ealed that the nine

instances exhibited these di�culties in v arious degrees. F or instance, in instances 0,

4, and 8, the b o x is p ositioned directly in fron t of the rob ot, whic h means the rob ot

can p erform its task b y simply mo ving forw ard and correcting for small deviations.

Instances 2 and 6 are harder since the initial separation of the rob ot and b o x is larger

than in instances 0, 4, and 8. Instances 3 and 5 can b e considered the most di�cult

b ecause in these tasks the rob ot su�ers more from the roughness of the w alls than

in an y of the other instances (Spronc k et al. , 2001 a ).

A t �rst glance it ma y seem that instances 2 and 6 are equally di�cult, if not

more di�cult than instances 3 and 5. Ho w ev er, I found that, in general, ev olving a

con troller for instances 3 and 5 tak es considerably longer than for instances 2 and
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Figure 3.3: The t w o almost iden tical net w orks that driv e the left and righ t rob ot

motors. The net w ork inputs are pro ximit y v alues deriv ed from the rob ot in Figure

3.2.

6, with w orse results for the �nal �tness v alues reac hed. The explanation for these

coun terin tuitiv e results is as follo ws. In instances 2 and 6, the rob ot tra v els a longer

distance from its starting p osition to the b o x than in instances 3 and 5. The longer

distance allo ws the rob ot more time and more ro om to mano euvre to a go o d p osition

to slide the b o x along the w all. In instances 2 and 6 the rob ot learns to p osition

itself directly `b elo w' the cen tre of the b o x. In instances 3 and 5, the rob ot has less

time and less ro om to mano euvre to a go o d p osition, and so it tends to push the b o x

`sidew a ys', thereb y hitting the w all under an incon v enien t angle. This is illustrated

in Figure 3.4. In this �gure, the circles sho wn are the rob ot (largest circles) and

the circular b o x (sligh tly smaller circles) at their initial (b ottom) and �nal (top)

p ositions. The lines connecting the initial to the �nal p ositions represen t t ypical

paths follo w ed b y the rob ot and the b o x.

Sprinkh uizen-Kuyp er, K ortmann, and P ostma (2000a ) determined a suitable �t-

ness function to measure the success of the rob ot's b eha viour in this exp erimen tal

setup. I copied their �tness function, whic h is de�ned as follo ws. If robott is the

p osition of the rob ot at time t , and boxt is the p osition of the b o x at time t , the

�tness v alue assigned to a rob ot up on completion of a single instance i is de�ned as

follo ws.

Fi = di (boxT ; box0) �
1
2

di (boxT ; robotT ) (3.1)

In this equation, di (boxT ; box0) represen ts the Euclidian distance b et w een the initial

( t = 0 ) and �nal p ositions ( t = T ) of the b o x, and di (boxT ; robotT ) the Euclidian

distance b et w een the rob ot and the b o x at their �nal p ositions for instance i (all

distances are calculated b et w een the cen tres of the ob jects). An exp erimen tal trial

comprises T = 100 steps on eac h of the nine instances. The a v erag e �tness Favg on
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Figure 3.4: The nine instances (0 to 8) and t ypical tra jectories of the rob ot and the

b o x. Note that the roughness of the w alls hinders the rob ot in sliding the b o x along

a w all.

a trial is de�ned as the a v erag e �tness o v er all instances, i.e., Favg = 1
9

P 8
i =0 Fi .

In the presen t exp erimen t, to reduce the e�ect of the noise the o v erall �tness F
w as de�ned as the a v erag e of the trial �tness v alues o v er a n um b er of R rep etitions

of trials, i.e., F = 1
R

P R
r =1 F r

avg , with F r
avg represen ting the a v erag e �tness Favg

obtained at the r �th rep etition. Computational resources constrained the n um b er

of rep etitions. The n um b er of rep etitions w as v aried b et w een R = 1 and R = 100
dep ending on the follo wing considerations. In preliminary exp erimen ts I already

determined that con trollers with a �tness v alue of 250 or less on a single trial are

inferior, and remain inferior on replications of the trial.

2

The con tribution of inferior

con trollers to the ev olution pro cess is limited, and consequen tly their ranking need

not b e v ery precise, esp ecially since tournamen t selection is used. Therefore, in case

of suc h lo w �tness v alues, a single trial su�ces ( R = 1 ). F or higher �tness v alues,

the n um b er of rep etitions w as set to R = 10 . F or a con troller that has the p oten tial

to b e the b est of the p opulation, the o v erall �tness w as determined on the basis of

R = 100 rep etitions. Using this pro cedure the o v erall �tness of the �ttest con troller

has a standard error of the mean of ab out 1.3, yielding an accuracy of ab out 2.5

�tness p oin ts (reliabilit y of 95%; Cohen, 1995 ).

The v alidit y of the ev olv ed con trollers w as con�rmed b y testing them on a real

Khep era rob ot. The con trollers pro v ed to b e e�ectiv e and e�cien t in letting a real

Khep era rob ot push a circular b o x b et w een w alls. It is m y opinion that this success

is o wing to the high amoun t of noise inheren t in the sim ulation, whic h requires an

ev olv ed con troller to b e robust (Jak obi, 1997).

3.3.2 Results of the Bo x-Pushing Exp erimen t

One exp erimen t without doping and ten exp erimen ts with doping using v arious solu-

tions w ere p erformed, and the o v erall �tness v alues w ere determined. F or the doping

2

I determined empirically that, in general, con trollers with a �tness v alue of 250 or less w ork ed

w ell on the easy instances 0, 1, 4, 7 and 8, but w ere unable to deal with the hard instances 2, 3, 5

and 6.
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Figure 3.5: Fitness v alues of exp erimen ts with doping of a solution to a single

instance (`0' to `8'), without doping (`no') and with doping of all solutions (`all').

F rom left to righ t, the bars represen t the a v erag e , the highest, and the lo w est �tness.

exp erimen ts DECA w as applied b y executing the six steps describ ed in Subsection

3.1.3. Figure 3.4 sho ws examples of the tra jectories of successful rob ots on the nine

instances. T o determine ho w doping with a solution to a hard instance compares

to doping with a solution to an easy instance (instead of selecting a hard instance,

as prescrib ed in step 1), I p erformed separate doping exp erimen ts with solutions

to eac h of the nine instances (that v ary from easy to hard). In addition, a dop-

ing exp erimen t using solutions to all instances w as p erformed. The a v erag e �tness

v alues w ere obtained b y a v erag ing o v er the highest �tness v alues obtained in sev en

replications of eac h of the exp erimen ts.

I exp ected that doping with con trollers trained on the hardest instances 3 and

5 to yield the b est results. Indeed this w as what I found. Figure 3.5 displa ys the

results obtained with doping using con trollers trained on a single instance (lab elled

`0' to `8'), without doping (lab elled `no') and with doping using con trollers trained

on all nine instances (lab elled `all'). Doping with con trollers trained on instances 3

and 5 yield the b est results (a v erag e �tness of 320:3 and 319:5, resp ectiv ely), and the

most consisten t results (highest/lo w est �tness v alues 322:9/ 318:1 and 322:1/ 316:8,

resp ectiv ely). Doping with con trollers trained on all tasks yields b etter results than

doping with con trollers trained on instances that are easy or mo derate (i.e., instances

0, 1, 2, 4, 6, 7, and 8). Presumably , the inclusion of solutions to the hardest instances

con tributes to the high �tness obtained in this case. It should b e noted, ho w ev er,

that while doping with all instances giv es the highest �tness, the results ha v e a m uc h

higher v ariance than those obtained b y doping with con trollers trained on instances

3 and 5 (highest/lo w est �tness v alues 323:0/ 304:3). I assume that the reason for this

is that the ev olutionary algorithm o ccasiona lly con v erges to a lo cal optim um near

to the optimal solution for instances other than 3 and 5.
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Ov erall, these results sho w that on the b o x-pushing task DECA giv es a signi�-

can t impro v emen t o v er non-dop ed ev olutionary learning. The solutions found also

p erform considerably b etter than those found for the same problem b y Sprinkh uizen-

Kuyp er (2001).

3.3.3 Discussion of the Bo x-Pushing Exp erimen t

The b o x-pushing exp erimen t w as not sp eci�cally designed to test DECA. Y et, I w as

pleasan tly surprised b y the impro v ed results obtained b y applying DECA. Not with-

standing these results, it m ust b e ac kno wledged that the b o x-pushing exp erimen t

task is of limited v alue for ev aluating DECA. The reason is that it su�ers from

t w o main shortcomings, namely (i) the task is based on a sto c hastic sim ulation re-

quiring man y rep etitions to obtain reliable results, and (ii) the lac k of v ariet y in

p ossible instances precludes the assessmen t of the abilit y to generalise b ey ond the

instances giv en (ev en though the con troller's abilit y to generalise w as demonstrated

b y applying it to a real Khep era).

I exp ected that the success of DECA can b e generalised to other ev olutionary

con trol tasks. T o supp ort this exp ectation, I decided to ev aluate DECA on a second

con trol task, designed to deal with the limitations of the b o x-pushing exp erimen t.

3.4 F o o d-Gathering Beha viour

The fo o d-gather ing exp erimen t w as designed to ha v e the follo wing t w o requiremen ts:

(i) the task should b e deterministic, and (ii) the task should allo w for generating

instances with v ariable lev els of di�cult y . The fo o d-gathering task is describ ed in

Subsection 3.4.1, the ac hiev ed results using DECA are presen ted in Subsection 3.4.2

and a discussion of the results is pro vided in Subsection 3.4.3.

3.4.1 The F o o d-Gathering T ask

The fo o d-gather ing task is designed as follo ws. A rabbit is placed on a square t w o-

dimensional grid of N � N cells. The rabbit can mo v e b y one step in eac h of the four

orthogo na l directions: north, east, south and w est. The grid has p erio dic b oundary

conditions, i.e., it is de�ned as a torus. As illustrated in Figure 3.6, the rabbit's �eld

of vision encompasses all cells that are within t w o mo v es from its curren t p osition. A

cell ma y b e empt y , it ma y con tain one or more carro ts, or it ma y con tain one or more

p oison b ottles. If the rabbit en ters a cell that con tains c carro ts, it remo v es (eats)

all of them lea ving an empt y cell, and increases its score b y c p oin ts. If the rabbit

en ters a cell with p p oison b ottles, it decreases its score b y p p oin ts. In con trast to

carro ts, p oison b ottles are not remo v ed from the grid when visited b y the rabbit. In

eac h exp erimen tal trial, a rabbit has to score as man y p oin ts as p ossible within 100

mo v es. Initially , the rabbit is alw a ys p ositioned in an empt y cell.

The rabbit is con trolled b y a neural net w ork with thirteen inputs. Eac h input

I is de�ned as the v alue of a cell visible to the rabbit (a shaded square in Figure
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3.6; this includes the cell the rabbit curren tly o ccupies, whic h ma y con tain p oison).

The magnitude jI j of the input v alue represen ts the n um b er of elemen ts within the

patc h o ccup ying the cell. The sign of the input indicates whether the patc h con tains

carro ts ( I > 0) or p oison b ottles ( I < 0). An empt y cell is represen ted b y zero input

( I = 0 ). The net w ork has four outputs, represen ting the four directions of mo v emen t

of the rabbit. The rabbit mo v es in the direction corresp o nding to the output with

the highest v alue.

F or the training set grids w ere randomly generated with N = 15 , a total n um b er

of carro ts C = 100 and a total n um b er of p oison b ottles P v arying b et w een 0 and

150. Carro ts and p oison b ottles are clustered in small patc hes of one to �v e carro ts

or p oison b ottles p er patc h. The n um b er of p oison patc hes directly b ordering a

carro t patc h also v aries according to a densit y v alue d ( d 2 f 0; 1; 2; 3; 4g). Arguably ,

the complexit y of an instance is prop ortiona l to d and P , b ecause an increased total

n um b er of p oison b ottles and an increased densit y of p oison b ottles adjacen t to

carro ts mak e it harder for the rabbit to collect carro ts without losing p oin ts.

T able 3.1 displa ys the t w en t y instances (n um b ered 0 to 19) in the training set in

relation to the parameters d and P , including a quali�cation of their di�cult y . F or

instances 5 to 17, the parameter d is de�ned as a range. Figure 3.7 sho ws six of the

t w en t y instances that serv e as the training set.

T o assess the generalisa tio n p erformance of ev olutionary designed rabbits, an

extensiv e test set of a h undred instances w as generated, comprising �v e subsets of

t w en t y randomly-g e ner a ted instances eac h. The instances within eac h subset w ere

generated according to the same v alues of d and P as sp eci�ed in T able 3.1.

The �tness F of a con troller (or rabbit) is de�ned as the a v erag e score on the

t w en t y instances of the training set. Since eac h instance con tains 100 carro ts, an up-

Figure 3.6: P art of the grid de�ned as the en vironmen t of the rabbit. The en vi-

ronmen t con tains fo o d (carrots) and danger (p oison b ottles). The rabbit's �eld of

vision consists of all cells (squares) that can b e reac hed in a maxim um of t w o mo v es

(the shaded squares in the image), i.e., the Manhattan distance = 2 .
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Figure 3.7: Six of the t w en t y instances in the training set of the fo o d-gather ing

exp erimen t.
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instance d P di�cult y instance d P di�cult y

0 0 0 v ery easy 10 1�2 50 medium

1 0 25 v ery easy 11 1�2 100 medium

2 0 50 easy 12 1�2 150 hard

3 0 100 easy 13 2�3 50 medium

4 0 150 medium 14 2�3 100 hard

5 0�1 25 easy 15 2�3 150 hard

6 0�1 50 easy 16 3�4 100 hard

7 0�1 100 medium 17 3�4 150 v ery hard

8 0�1 150 medium 18 4 100 v ery hard

9 1�2 25 easy 19 4 150 v ery hard

T able 3.1: Sp eci�cation of the t w en t y instances (n um b ered 0 to 19) used in the fo o d-

gathering exp erimen ts in relation to the densit y v alue d and the n um b er of p oison

b ottles P . In all instances C = 100 .

p er b ound to the �tness is 100. In most instances it is imp ossible to reac h this upp er

b ound, b ecause ev en without p oison patc hes, usually the shortest path connecting

all carro t patc hes in the grid is longer than 100 steps.

3.4.2 Results of the F o o d-Gathering Exp erimen t

F or the fo o d-gather ing exp erimen t t w o series of tests w ere compared. In the �rst

series, the ev olutionary algorithm discussed in Section 3.2 w as used to ev olv e, in 30

generations, a neural con troller for the rabbit, with a �tness function de�ned as the

a v erag e score of the con troller on the t w en t y grids in the training set. In the second

series DECA w as applied, as follo ws. First, a go o d con troller for a single instance w as

ev olv ed. Then a neural con troller w as ev olv ed with the o v erall �tness function in 27

generations, using an initial p opulation dop ed with the solution found for the single

instance. The reason for using 27 (rather than 30) generations for the ev olution with

the o v erall �tness function w as to ensure that the computational resources used for

b oth series of exp erimen ts w ere appro ximately equal.

I decided to use instance 17 as the hard instance to dev elop a go o d con troller

for doping. In this instance P = 150 and d = 3�4. I preferred instance 17 o v er the

seemingly harder instance 19 (with P = 150 and d = 4 ), b ecause in instance 19 all

carro t patc hes are completely surrounded b y p oison. I susp ected this w ould reduce

the complexit y of the task, b ecause it w ould b e imp ossible for a con troller to a v oid

damage to get to carro ts. Therefore, damage a v oidance is of less imp ortance for

instance 19 than for instance 17.

R = 100 rep etitions of eac h of the series of tests w ere run. Of eac h of the tests,

the con troller with the highest �tness on the training set con taining t w en t y grids,

w as used as the solution found. Then this con troller w as ev aluated on the test set

con taining 100 grids. In the statistical analysis the �tness of a con troller w as de�ned
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Figure 3.8: Compariso n of the scores of 100 tests with doping and 100 tests without

doping in the fo o d-gather ing exp erimen t.

as its score on the test set. In Figure 3.8 the histograms of the exp erimen ts with

and without doping are displa y ed.

As is eviden t from the histograms, the exp erimen ts with doping tend to giv e

b etter solutions than those without doping. The minim um score ac hiev ed without

doping is 27, while the minim um score ac hiev ed with doping is 43. The highest score

ac hiev ed is 61 b oth with doping (t wice) and without doping (once). F or doping, the

bulk of the scores range from 50 to 60, whereas the bulk of the scores obtained

without doping are more widely distributed, namely b et w een 40 and 60.

Without doping, the score of ev olutionary- des ig ned con trollers a v erag e d o v er 100

exp erimen ts is 48.9 with a standard error of the mean of 0.6. With doping, the score

a v erag e d o v er 100 exp erimen ts equals 53.6 with a standard error of the mean of 0.4.

F rom these n um b ers it can b e concluded that the results ac hiev ed with doping are

signi�can tly b etter than those ac hiev ed without doping (reliabilit y > 99.9%; Cohen,

1995 ).

3.4.3 Discussion of the F o o d-Gathering Exp erimen t

The fo o d-gather ing task is deterministic and allo ws for the generation of no v el in-

stances. Both c haracteris tics o�er the adv an tage that the e�ect of doping can easily

b e assessed. Clearly , the results sho w that doping is useful for enhancing the qualit y

and generalisa tio n p erformance of ev olutionary- des ig ned con trollers.

T o illustrate the t yp e of solutions obtained, a striking example is presen ted in

Figure 3.9. It sho ws a path follo w ed b y a successful rabbit (con troller) on a hard

instance ( P = 150 and d = 3�4). Despite the abilit y to mo v e in four directions,
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Figure 3.9: An example of the path tak en b y a successful rabbit in a hard en viron-

men t.

the rabbit mo v es to the east and south only . In a p ost-ho c analysis of successful

con trollers, I noticed that t w o of their four outputs (namely one of the t w o longitude

outputs and one of the t w o latitude outputs) w ere disconnected. Constraining the

mo v emen t to t w o orthogo na l directions prev en ts rabbits from mo ving in circles,

whic h leads to sub optimal p erformance.

3.5 Discussion

The application of DECA to t w o di�eren t tasks sho w ed the feasibilit y of the DECA

approac h. In this section DECA will b e discussed in more detail. Subsection 3.5.1

pro vides insigh t in to wh y the doping e�ect o ccurs. Doping is compared to hill-

clim bing in Subsection 3.5.2. I discuss �v e searc h tec hniques that pro vide an alter-

nativ e approac h to deal with the problem of hard instances, namely (i) m ultitask

learning (3.5.3), (ii) m ulti-ob jectiv e learning (3.5.4), (iii) b o osting (3.5.5), (iv) island-

based ev olutionary learning (3.5.6), and (v) constrain t-sa tisfa c tio n reasoning (3.5.7).

Finally , Subsection 3.5.8 discusses ho w DECA can b e applied to the ev olutionary

learning of game AI.

Note that I do not claim that ev olutionary learning of a neural con troller with

DECA pro vides the b est solutions for the problem domains discussed in this c hap-

ter. Other tec hniques that use a training set, suc h as reinforcemen t learning, ma y
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Figure 3.10: T ypical dev elopmen ts of �tness for ev olutionary learning with doping

(top graph) and without doping (b ottom graph). In b oth graphs the �tness (divided

b y 1000) is plotted against the generation. The top curv e in eac h of the graphs sho ws

the maxim um, and the b ottom curv e the a v erag e �tness in the p opulation.

generate solutions of a qualit y comparable to, or ev en higher than the qualit y of the

solutions disco v ered b y ev olutionary learning. The p oin t is that these other tec h-

niques are also lik ely to disco v er b etter solutions when the doping e�ect is tak en in to

accoun t. Therefore, I refrain from discussing suc h alternativ e tec hniques.

3.5.1 Explanation of the Doping E�ect

Wh y is DECA a successful strategy? Belo w I attempt to pro vide a qualitativ e

explanation for the success of doping.

The searc h space of task con trol problems is spanned b y the adaptable parame-

ters de�ning the con trollers, i.e., b y the connection w eigh ts in the neural net w orks.

Hence, the dimensionalit y of the searc h space is de�ned b y the n um b er of adaptable

parameters sp ecifying the con trollers (the dimensionalities of the b o x-pushing and

fo o d-gather ing con trollers are 81 and 92 resp ectiv ely). As stated in Subsection 3.1.3

I assume that the high-dimensional searc h space con tains abundan t regions where

solutions to easy instances are found, but only a few small regions where solutions

to hard instances reside. Because the hard instances encompass man y , if not all

of the di�culties p osed b y the en vironmen t, a solution that applies to instances of

arbitrar y complexit y is lik ely to b e found relativ ely near to a hard-instance region.

Hence, doping the initial p opulation with a solution sp ecialised to hard instances

leads to go o d generalised solutions.

The explanation is supp orted b y the dev elopmen t of the �tness of ev olution

pro cesses with and without doping. In Figure 3.10 the dev elopmen ts of �tness in
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Figure 3.11: The �tness of dop ed solutions to a single task, tested on all instances,

a v erag e d o v er 100 tests. F or doping with solutions to eac h of the nine instances (0

to 8), the graph sho ws the �tness (the left, blac k bar), and the standard deviation

(the righ t, shaded bar).

the ev olution of a b o x-pushing task with doping (the upp er graph) and without

doping (the lo w er graph) are compared. While these are only t w o examples, I found

that they are t ypical for all tests. With doping the �tness of the b est con troller

in the p opulation starts b et w een 200 and 250. Within one or t w o generations, the

�tness jumps to around 300. After that, the �tness slo wly increases to w ards a

v alue around 320. Without doping, the �tness starts an ywhere b et w een 0 and 200.

Initially , the �tness increases quic kly to a v alue b et w een 200 and 250. After that, the

�tness progres s e s slo wly to w ards a v alue of ab out 310. These di�eren t patterns of

dev elopmen t, in particular the quic k rise in �tness at the start of the dop ed ev olution

pro cess, suggest that DECA tak es the b est a v ailable solution (the dop ed one) and

adapts it to handle the other instances.

F urther supp ort for the explanation is found in exp erimen ts that indicated that

solutions to hard instances also p erform reasona bly w ell on the easy instances,

whereas the same is not true the other w a y round. F or the b o x-pushing task this

is illustrated in Figure 3.11. It sho ws, for eac h of the dop ed con trollers used in the

b o x-pushing exp erimen ts, the �tness and standard deviation on all instances, a v er-

aged o v er 100 tests. Con trollers ev olv ed on the hardest instances 3 and 5 yield the

highest �tness on all other instances, com bined with the lo w est standard deviation.

T o pro vide solid evidence for the explanation, �rst the k ey assumption in the

explanation for DECA's success, namely the supp osed asymmetry of the searc h

space with resp ect to easy and hard solutions, needs to b e v eri�ed. Moreo v er ,

the b elief that solutions to hard instances encompass c haracteris tics of solutions to

easy instances is a ma jor ingredien t for DECA's success, m ust b e con�rmed. A

p ossible approac h to this future researc h is testing DECA on a v ariet y of b enc hmark
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problems, designed to exhibit sp eci�c c haracteris tics with resp ect to the arc hitecture

of the searc h space, and with resp ect to o v erlapping features b et w een instances.

T racing the lineage of the b est ev olv ed solutions to the b enc hmark problems, to

determine whether and ho w they include dop ed solutions in their ancestry , will b e

a k ey activit y in understanding the factors resp onsible for DECA's success.

3.5.2 DECA and Hil l c l i m bi ng

Since the explanation for the doping e�ect states that the ev olution pro cess adapts

the dop ed solution to b ecome a general solution, the question ma y b e p osed whether

DECA ma y b e com bined with hillclim bing. Giv en a dop ed solution, hillclim bing

ma y represen t a go o d alternativ e to standard ev olutionary learning to obtain go o d

results. I b eliev e, ho w ev er, that hillclim bing is not a go o d alternativ e to ev olutionary

learning in DECA for the follo wing reason. While the generalised solution ma y b e

in the vicinit y of the solution to a hard instance, it is unlik ely that it is in the

vicinit y of all dimensions of the hard instance. Sometimes, adapting the solution to

the hard instance to generalise o v er all instances requires large steps in one or a few

dimensions of the searc h space. In con trast to hillclim bing, ev olutionary algorithms

are capable of doing that.

Of course, the nature of the searc h space dep ends on the t yp e of problem. Hence,

hillclim bing ma y yield go o d results in some cases, whic h should b e examined in future

w ork. Mon tana and Da vis (1989) supp ort m y line of reasoning in this resp ect, b y

stating that hillclim bing do es not w ork w ell for neural net w ork training, since it

tends to force con v ergence to a lo cal optim um instead of a global optim um. They

recommend using hillclim bing only in those cases where the b est solution ac hiev ed

is close to the global optim um.

3.5.3 DECA and Multit ask Learning

The principal goal of m ultitask learning is to impro v e generalisa tio n p erformance of

a con troller on a task, b y lev eraging information obtained from con trolling related

tasks. It do es this b y training tasks in parallel using a shared represen tation. Caru-

ana (1997) claims, and sho ws empirically , that it is more di�cult to train a con troller

on an isolated, di�cult task, than it is to train a con troller on a com bination of re-

lated tasks that includes the di�cult one. A t �rst glance, this seems to b e in con�ict

with m y claim, that doping with a con troller for a hard instance generalises b etter

than doping with a con troller for an easy instance.

As Caruana (1997) explains, the `related tasks' used in m ultitask learning are not

so m uc h v arious instances, but simpler subtasks. With DECA the task is the same

for eac h instance, only the en vironmen t di�ers. The claims Caruana (1997) mak es

ab out m ultitask learning are, therefore, not in con�ict with the claims I mak e ab out

DECA. Moreo v er , I susp ect that m ultitask learning actually su�ers from the hard-

instances problem, b ecause it delib erately fo cusses on easier tasks b efore tac kling a

hard one. It do es that for a go o d reason, namely that the hard task cannot b e solv ed

directly . Ob viously , DECA is not in tended to deal with these `unsolv able' tasks.
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Louis and Li (1997) use an approac h to m ultitask learning reminiscen t of DECA.

They ev olv e solutions to subtasks and use those to dop e the initial p opulation of

an ev olution run that solv es the o v erall task. They disco v ered that doping with the

b est solution to eac h of the subtasks actually results in w orse o v erall solutions than

starting with a randomly initialised p opulation. Ho w ev er, doping with solutions to

subtasks that also giv e go o d results on the o v erall task, leads to signi�can tly b etter

solutions than ac hiev ed with a randomly initialised p opulation. This result supp orts

m y suggestion in Subsection 3.5.1, where it is stated that the doping e�ect results

from solutions to hard instances encompassing c haracteris tics that are needed to

solv e the easier instances.

It is p ossible that a com bination of m ultitask learning and DECA, where con-

trollers for hard instances of the subtasks are dop ed, ma y impro v e the p erformance

of either tec hnique alone. This is an in teresting notion that w arra n ts exploration in

future w ork.

3.5.4 DECA and Multi-Ob jecti v e Learning

Multi-ob jectiv e learning aims to �nd a solution that p erforms w ell with regar d to

all individual ob jectiv es in a set of (often) con�icting ob jectiv es (V an V eldh uizen

and Lamon t, 2000 ). The main problem of m ulti-ob jectiv e learning is that it tends

to get stuc k in a lo cal minim um once a solution is found for one of the ob jectiv es.

It is generally appreciated (Horn, 1997 ; V an V eldh uizen and Lamon t, 2000 ) that

a successful Multi-Ob jectiv e Ev olutionary Algorithm (MOEA) needs a secondary

p opulation to store P areto-optimal solutions (e.g., solutions to single ob jectiv es),

sometimes actually in v olving the secondary p opulation in the ev olution pro cess.

The instances used in the DECA exp erimen ts b ear some resem blance to the

ob jectiv es in m ulti-ob jectiv e learning. In terpreting the task instances as di�eren t

ob jectiv es, m ulti-ob jectiv e learning tec hniques can b e applied to the problem of

hard instances, since they seek a balance b et w een sev eral con�icting ob jectiv es (V an

V eldh uizen and Lamon t, 2000 ). Ho w ev er, the instances in the DECA exp erimen ts

do not represen t di�eren t ob jectiv es, but di�eren t incarnations of the en vironmen t,

while the task to b e p erformed is the single ob jectiv e. F urthermore, the en viron-

men ts are mostly not in con�ict with eac h other. Since, in general, m ulti-ob jectiv e

learning tec hniques are geared to w ards con�icting ob jectiv es, they do not exploit the

similarit y b et w een the v arious en vironmen ts. Therefore, I b eliev e DECA to b e b et-

ter suited for handling the particular domain of task con trol problems. This b elief

m ust b e tested in future w ork.

3.5.5 DECA and Bo osting

Bo osting (Sc hapire, 2002) is a learning metho d, usually emplo y ed to design classi-

�ers, that assigns eac h sample in the training set a w eigh t. A t the b eginning all

w eigh ts are equal, but o v er time the samples that are handled badly receiv e higher

w eigh ts than those that are handled w ell, so that the fo cus of the learning shifts to

the harder samples. If the explanation w e ga v e in Subsection 3.5.1 for the doping
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e�ect is correct, b o osting will at least giv e ev olutionary algorithms a b etter c hance

to escap e from lo cal optima where easy instances are handled w ell but hard instances

are not. Ho w ev er, it do es not ha v e DECA's adv an tage of starting in a lo cal opti-

m um for a hard instance, in the neigh b ourho o d of whic h a global optim um should

b e lo cated. I therefore exp ect that con trollers created with b o osting on a v erag e will

b e inferior to those created with DECA. Clearly , this exp ectation requires empirical

v alidation, whic h is considered future w ork.

3.5.6 DECA and Island-Based Ev oluti onary Learning

Ev olutionary algorithms are inheren tly parallel. On m ulti-pro cessor computers this

is commonly exploited b y dividing the p opulation in to smaller sub-p opulations, eac h

of whic h is handled b y a di�eren t pro cesso r . The sub-p opulations are often referred

to as `islands' (Goldb erg, 1989 ). On eac h island the p opulation is ev olutionary

trained on a particular task. The islands exc hange genetic material on a regular

basis. Apart from enabling parallel pro cessing, the islands ma y con v erge to di�eren t

solutions. The exc hange of genetic material migh t result in an o v erall solution that

com bines the b est of the island-based solutions.

Island-based ev olutionary learning (Spronc k, Sprinkh uizen-Kuyp er, and P ostma,

2001 b) is an attempt to exploit the principles b ehind parallel ev olutionary algorithms

to solv e the problem of hard instances. The basic idea of island-based ev olutionary

learning is to distribute the p opulation ev enly o v er a few islands, whereb y eac h island

is assigned a di�eren t task instance. After all island p opulations ha v e con v erged to a

solution to their assigned task, a new p opulation of the b est solutions of eac h of the

islands and a n um b er of random solutions is created. A con v en tional ev olutionary

algorithm is applied to this new p opulation that is trained to deal with all instances.

The idea is that the ev olution com bines genetic material dev elop ed using single

instances to solv e the general task.

Clearly , island-based ev olutionary learning ma y v ery w ell b e applied to the prob-

lem of hard instances. Ho w ev er, empirical studies, using the b o x-pushing task, ha v e

rev ealed that island-based ev olutionary learning tends to generate solutions that

p erform w ell on the hard instances (ev en b etter than when a regular ev olutionary

algorithm is applied), but sho w an inferior p erformance on the easy instances. As a

consequence, a gain in o v erall �tness is not obtained (Spronc k et al. , 2001 b). F ur-

thermore, since island-based ev olutionary learning ev olv es a separate solution for all

instances, the computational time required b y the island-based ev olution pro cess is

m uc h larger than the computational time required b y DECA.

3.5.7 DECA and Constrain t-Satisfaction Reasoning

Constrain t satisfaction reasoning (CSR) deals with problems where the solution has

to satisfy a giv en set of restrictions or constrain ts (T sang, 1993 ). A solution is

in v alid unless it ful�ls all the constrain ts. Hence, in CSR the problem is to �nd a

solution that tak es in to accoun t all constrain ts rather than one that addresses some

of the constrain ts. In terpreting the instances as constrain ts, CSR seems applicable
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to alleviate the problem of hard instances. Ho w ev er, CSR cannot b e readily applied

to the problem. The reason is that in CSR all constrain ts m ust b e strictly satis�ed,

whereas in task learning it su�ces if the instances are handled reasona bly w ell.

3.5.8 DECA and Game AI

Both the b o x-pushing task and the fo o d-gather ing task ha v e strong ties to tasks

that agen ts ha v e to solv e in mo dern computer games. The b o x-pushing task con-

cerns rob ot con trol in a noisy en vironmen t, whic h can b e compared to, for instance,

con trolling a race car in a racing game (Py eatt and Ho w e, 1998 ), or con trolling a

so ccer-pla y ing agen t in a sp orts game (V an Rijswijc k, 2003). The fo o d-gather ing

task concerns e�ectiv e path-�nding in an en vironmen t �lled with dangers and re-

w ards, whic h can b e compared to, for instance, arm y mo v emen t in a strategy game

(Buro, 2003 b), or maze-tra v er s ing in an arcade game (Ledwic h, 2003). In games,

the game AI is resp onsible for con trolling the agen ts. The results ac hiev ed with

DECA indicate, that when game AI is created b y an ev olutionary algorithm, doping

the initial p opulation with game AI that has b een ev olv ed on the hardest agen t

task, is lik ely to result in game AI that is more e�ectiv e than when ev olv ed using a

randomly-initialised p opulation. This conjecture will b e used in Chapter 6.

Despite the similarities b et w een the t w o exp erimen tal en vironmen ts used in this

c hapter, and some t yp es of agen ts in games, the question remains whether the learn-

ing tec hniques used, ev olutionary algorithms and neural net w orks, are suitable for

game AI. Spronc k et al. (2002) pro vided an answ er to that question, stating that

they are suitable for o�ine learning of game AI, but not for online learning of game

AI. Chan et al. (2004) and Madeira, Corruble, Ramalho, and Ratitc h (2004) reac hed

similar conclusions with resp ect to ev olutionary algorithms. Chapter 4 will further

explore this sub ject.

3.6 Chapter Summary

In this c hapter the problem of hard instances w as iden ti�ed, and the DECA approac h

w as prop osed to deal with it. In particular, it w as demonstrated ho w doping an ini-

tial p opulation with a solution to a single hard instance impro v ed the p erformance on

t w o quite di�eren t tasks. Giv en the results on the b o x-pushing and fo o d-gather ing

tasks it ma y b e concluded that the problem of hard instances is alleviated b y the

application of DECA. Moreo v er , compared to `regular' ev olutionary algor ithms, so-

lutions disco v ered b y DECA not only p erform b etter on hard instances, but also

p erform b etter o v erall, i.e., ac hiev e a signi�can tly higher a v erag e �tness. With re-

sp ect to games, this means that, when ev olutionary algorithms are used to create

the game AI, doping the initial p opulation can b e exp ected to generate b etter results

than when using a randomly-initialised p opulation.



Chapter 4

Ev olutionary Game AI

The art of progres s is to preserv e order amid c hange

and to preserv e c hange amid order.

� Alfred North Whitehead (1861� 1 9 4 7 ).

In Chapter 3 it w as sho wn that ev olutionary algorithms can impro v e the b eha viour of

agen ts for task con trol problems. The presen t c hapter

1

discusses ev olutionary game

AI, i.e., game AI that emplo ys ev olutionary algor ithms. The purp ose of using ev o-

lutionary algorithms in game AI is pro viding a high-en tertainmen t v alue for h uman

pla y ers b y ev olving c hallenging agen t tactics. Section 4.1 empirically in v estigates

o�line ev olutionary game AI, that has the abilit y to pinp oin t p oten tial w eaknesses

in the agen t's b eha viour, and to design new tactics. Section 4.2 empirically in v es-

tigates online ev olutionary game AI, that has the abilit y to impro v e game-pla ying

tactics against a sp eci�c h uman pla y er. Section 4.3 pro vides a general discussion of

ev olutionary game AI. A summary of the c hapter is pro vided in Section 4.4.

4.1 O�ine Ev olutionary Game AI

O�ine ev olutionary game AI con trols agen ts that are in comp etition with agen ts that

emplo y existing (usually man ually-designed) game AI. O�ine ev olutionary game AI

has t w o applications: (i) to detect exploits in the existing game AI (Spronc k et al. ,

2002 ; Chan et al. , 2004), and (ii) to disco v er new tactics that can b e used against the

existing game AI (Spronc k et al. , 2002 ; Madeira et al. , 2004). Note that, b ecause

h uman pla y ers are only indirectly in v olv ed when o�ine learning tak es place, it is

infeasible to use o�ine ev olutionary game AI to adapt the agen t's b eha viour to

sp eci�c h uman-pla y er tactics (Madeira et al. , 2004 ). T o in v estigate the e�ectiv eness

of o�ine ev olutionary game AI, I tested it on a duelling task in a small strategy

game called Pico verse . The approac h used consisted of the follo wing four steps.

1

This c hapter is based on t w o pap ers. Section 4.1 on o�ine ev olutionary game AI is based on a

pap er b y Spronc k , Sprinkh uizen-Kuyp e r , and P ostma (2003a) . Section 4.2 on online ev olutionary

game AI is based on a pap er b y Bakk es, Spronc k, and P ostma (2004).
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Figure 4.1: Pico verse .

1. Evolution: Ev olving duelling b eha viour that is successful against the man ually-

designed game AI.

2. A nalysis: Observing and analysing the ev olv ed duelling b eha viour, to gain

insigh t in to whic h areas of the man ually-designed game AI can b e impro v ed.

3. Derivation: Deriving p oten tial impro v emen ts for the man ually-designed game

AI.

4. V alidatio n: Implemen ting the p oten tial impro v emen ts in the man ually-

designed game AI, and rep eating the Evolution step to in v estigate their e�ect.

This section describ es the duelling task (4.1.1), the exp erimen tal pro cedure

(4.1.2), the results of the Evolution step (4.1.3), the results of the A nalysis step

(4.1.4), the results of the Derivation step (4.1.5), the results of the V alidatio n step

(4.1.6), and a discussion of the results (4.1.7).

4.1.1 The Duelli ng T ask

Pico verse , illustrated in Figure 4.1, is a strategy game for the P alm (handheld)

computer. Pico verse 's design w as inspired b y the classic game Elite b y D. Brab en

and I. Bell (Spu�ord, 2003 ). It w as dev elop ed for t w o reasons: (i) to supp ort and

illustrate views on the design of complex P alm games (Spronc k and V an den Herik,

2003 ), and (ii) in the presen t con text, to in v estigate the application of mac hine-

learning tec hniques to impro v e game AI.

2

In Pico verse , a h uman pla y er con trols a spaceship (henceforth called the

`pla y er's ship'). In the game, the pla y er's ship ma y encoun ter computer-con trolled

enem y ships, and com bat ma y ensue b et w een the pla y er's ship and the enem y ships.

All ships are equipp ed with laser guns, and are protected from destruction b y their

h ulls. Hull strength decreases when a h ull is hit b y laser b eams �red from the laser

2

Because of time constrain t s, in 2003 dev elopmen ts on Pico verse w ere put on hold, to b e

con tin ued at a later date.
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guns. The strength of laser guns and the h ull strengths v ary from ship to ship. A

ship is destro y ed when its h ull strength is reduced to zero. Ships are con trolled b y

c hanging their acceleration (whic h increases or decreases v elo cit y), and b y c hang-

ing their rotation (whic h steers a ship in a di�eren t direction). While the relativ e

strength of laser guns and relativ e h ull strength of battling ships are imp ortan t fac-

tors in deciding the outcome of com bat, ships ha v e a c hance to �ee from a battle

ev en when they are o v erp o w er e d, pro vided they are equipp ed with fast and �exible

driv es. Ho w ev er, attempting to �ee is a risky action, b ecause a �eeing ship is unable

to coun terattac k. The reason is that, to �ee, a ship m ust turn its bac k to its attac k er,

and laser guns can only �re within a 180-deg r e e arc at the fron t of a ship.

As is usual for mo dern games, the computer-con trolled enem y ships are pro-

grammed man ually . Up on detecting the pla y er's ship, an enem y ship will turn

to w ards it and attempt to catc h up with it. When the pla y er's ship is within laser

range of an enem y ship, the enem y ship will �re its lasers. It will also attempt to

k eep the pla y er's ship within laser range, b y matc hing the sp eed of the pla y er's ship.

T o ev ok e a susp ension of disb elief, an enem y ship will attempt to escap e from a

duel that it is b ound to lose, rather than con tin ue �gh ting un til it is destro y ed. This

�eeing b eha viour is implemen ted as follo ws: if the ratio of the curren t and maxim um

h ull strength of the enem y ship is lo w er than the corresp o nding ratio of the pla y er's

ship, the enem y ship attempts to �ee b y turning around and �ying a w a y at maxi-

m um sp eed. This simple y et e�ectiv e b eha viour mimics a basic tactic often used in

games. It mak es the opp onen t in telligence for Pico verse non-trivial, despite the

relativ ely lo w lev el of complexit y compared to state-of-the-ar t games.

Figure 4.2 illustrates the man ually-prog r a mmed b eha viour. The duelling space-

ships are represen ted b y the small circles. A ship's direction is indicated b y a line

inside the circle, and its sp eed is indicated b y the length of the line extending from

the ship's `nose'. The dotted arc indicates the laser range. The pla y er's ship is �xed

at the cen tre of the screen and directed to the righ t. During the sequence sho wn

in Figure 4.2 it remains stationary . F rom left to righ t, top to b ottom, the pictures

demonstrate the follo wing six ev en ts: (i) The t w o ships starts within viewing range

of eac h other (the viewing range of the pla y er's ship is delimited b y the large circle).

(ii) The computer-con trolled enem y ship mo v es to w ards the pla y er's ship. (iii) The

ships bump head-on in to eac h other, whic h reduces the sp eed of b oth ships to zero.

Both ships are �ring their lasers. (iv) The enem y ship has determined it should �ee

and turns around. (v) The enem y ship �ees. (vi) The enem y ship escap es b y lea ving

the viewing range of the pla y er's ship.

The duelling task en tails designing successful b eha viour for the pla y er's ship

against the enem y ships. Successful b eha viour for the pla y er's ship can b e used to

detect w eaknesses in the man ually-prog r a mmed b eha viour of the enem y ships, and

to design completely new tactics.

4.1.2 Exp erimen tal Pro cedure

O�ine ev olutionary game AI w as used to solv e the duelling task exp erimen tally . The

success of the exp erimen ts with agen ts in game-lik e en vironmen ts (Chapter 3) w ar-
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Figure 4.2: Man ually-prog r a mmed b eha viour for the Pico verse computer-

con trolled ships.

ran ted a similar approac h to the duelling task. The duelling task w as implemen ted

in the Elegance en vironmen t (2.1.4). Elegance uses ev olutionary learning to

ev olv e solutions for `plan ts'. Belo w, I describ e four elemen ts of the exp erimen tal

pro cedure: (i) the plan t implemen tation, (ii) the neural-net w ork con troller, (iii) the

ev olutionary algor ithm, and (iv) the �tness function.

The �rst elemen t of the exp erimen tal pro cedure is the duelling-task plan t. The

duelling-task plan t represen ts a pla y er's ship, in a series of com bat situations with

an enem y ship. The pla y er's ship uses dynamically determined b eha viour, and is

called the `dynamic ship'. The enem y ship uses man ually-prog r a mmed, static game

AI (as describ ed in Subsection 4.1.1), and is called the `static ship'. F or b oth ships,

laser guns �re automatically at appropria te times, and need not b e con trolled. Th us,

plan t con trol consists of setting the acceleratio n and rotation v alues for the dynamic

ship.

The mo v emen t of the ships is turn-based. Mo v emen ts are executed in an al-

ternating sequence. The dynamic ship is allo w ed to mo v e �rst and the static ship

is alw a ys allo w ed a last mo v e ev en if its h ull strength is reduced to zero. F or t w o

reasons a turn-based approac h w as preferred o v er a sim ultaneous approac h to the

com bat sequences: (i) a turn-based approac h is used in a n um b er of p opular strategy

games, and (ii) a turn-based approac h is computationally signi�can tly c heap er than
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a sim ultaneous approac h, whic h is an imp ortan t consideration for time-in tensiv e

ev olutionary- le a r ning exp erimen ts.

The second elemen t of the exp erimen tal pro cedure is the neural-net w ork con-

troller. In the exp erimen ts, the dynamic ship is con trolled b y a neural net w ork, i.e.,

the game AI of the dynamic ship is implemen ted b y a neural-net w ork con troller. T o

reduce the n um b er of required neural-net w ork inputs, co ordinates are used relativ e

to the dynamic ship, i.e., the `game w orld' is mo v ed so that the dynamic ship is

lo cated at its cen tre, and rotated so that the dynamic ship's `nose' is p oin ted at an

angle of zero degrees.

T en neural-net w ork inputs w ere used to represen t the en vironmen t. F our inputs

represen t c haracteris tics of the dynamic ship: (i) the laser-g un strength, (ii) the

laser-g un range, (iii) the h ull strength, and (iv) the sp eed. Fiv e inputs represen t

c haracteris tics of the static ship: (i) the lo cation direction of the static ship relativ e

to the dynamic ship, (ii) the distance b et w een the static ship and the dynamic ship,

(iii) the curren t h ull strength, (iv) the �ying direction, and (v) the sp eed. The ten th

input is a random v alue, to allo w the dynamic ship an elemen t of randomness in its

decisions. The neural net w ork has t w o outputs, namely the acceleration and rotation

of the dynamic ship. The hidden no des in the net w ork ha v e a sigmoid activ ation

function. The outputs of the net w ork are scaled to ship-sp eci�c maxim ums.

The third elemen t of the exp erimen tal pro cedure is the ev olutionary algorithm.

The parameters for the ev olutionary algorithm w ere determined during a few trail

runs. F or the ev olutionary algorithm, the p opulation size w as equal to 200 and real-

v alued w eigh ts w ere used. Exp erimen ts w ere allo w ed to con tin ue for 50 generations.

The follo wing six genetic op erator s w ere emplo y ed.

� Uniform cr ossover : Child c hromoso mes are created b y cop ying eac h allele from

one of t w o paren ts, eac h paren t ha ving a 50 p er cen t c hance of b eing selected

for eac h allele (Goldb erg, 1989).

� Biase d weight mutation (Mon tana and Da vis, 1989 ): Child c hromoso mes are

copies of paren t c hromoso mes , with eac h w eigh t ha ving a 10 p er cen t c hance

to b e m utated b y adding a random v alue selected from the range [� 2:0; 2:0].

� No des cr ossover (Mon tana and Da vis, 1989 ): Child c hromoso mes are created

b y cop ying eac h of their no des (including their input connections) from one

of t w o paren ts, eac h paren t ha ving a 50 p er cen t c hance of b eing selected for

eac h no de.

� No de existenc e mutation (Spronc k, 1996 ): Child c hromosomes are copies of

paren t c hromosomes , with a 75 p er cen t c hance of ha ving all incoming and

outgoing connections of one randomly-selec ted no de b eing remo v ed, and a 25

p er cen t c hance of ha ving all absen t connections of a randomly-selec ted no de

b eing activ ated.

� Conne ctivity mutation (Spronc k, 1996 ): Child c hromoso mes are copies of par-

en t c hromosomes , whereb y eac h connection has a probabilit y of 10 p er cen t to

switc h from b eing connected to b eing disconnected and vice v ersa.
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� R andomisation : A random new c hild c hromosome is generated to prev en t

premature con v ergence.

During ev olution, one of these six op erator s w as selected at random. F or the

crosso v er op erator s , I decided to add b oth c hildren to the p opulation. T o alleviate

the problem of comp eting con v en tions (2.1.3) the hidden no des of the paren ts w ere

rearr a ng e d to mak e their signs matc h (insofar as p ossible) b efore a crosso v e r to ok

place (Thierens et al. , 1993). Newly generated individuals replaced existing individ-

uals in the p opulation, while taking in to accoun t elitism. Size-3 cro wding (Goldb erg,

1989 ) w as used as replacemen t p olicy . F or the selection pro cess, size-2 tournamen t

selection w as used (Goldb erg and Deb, 1991).

The fourth elemen t of the exp erimen tal pro cedure is the �tness function. The

�tness of the dynamic-ship con troller, with a v alue in the range [0; 1], is de�ned as

the a v erag e result on a training set of �ft y duels b et w een the dynamic ship and the

static ship. The starting distance b et w een the t w o ships in all of the 50 training-set

cases is in the range [80; 125]. Eac h duel lasts T = 50 time steps. T o ensure equal

opp ortunities for the dynamic ship and the static ship to ac hiev e high �tness, eac h

duel in whic h the ships start with di�eren t c haracteris tics is follo w ed b y a duel in

whic h the c haracteris tics are exc hanged b et w een b oth ships. A t time step t the

�tness is de�ned as in the follo wing equation.

Ft =

8
><

>:

0 D t � 0

S0D t

S0D t + D0St
D t > 0

(4.1)

In this equation, D t and St are the h ull strengths of resp ectiv ely the dynamic ship

and the static ship at time t . The �tness is 0:5 if b oth ships remain passiv e or are

damaged for an equal p ercen tage. If the static ship is damaged for a larger p ercen tage

than the dynamic ship, the �tness is greater than 0:5, and if the rev erse is true (or

when the dynamic ship is destro y ed) the �tness is smaller than 0:5. Consequen tly , the

�tness function fa v ours attac king if it leads to victory , and fa v ours �eeing otherwise.

The o v erall �tness F for a duel is determined as the a v erag e of the �tness v alues at

eac h time step, i.e., F =
P T

t =1
F t
T .

4.1.3 Ev olvi ng Successful Duelli ng Beha viour

An exp erimen t with o�ine ev olutionary game AI w as p erformed, with the pur-

p ose of ev olving duelling b eha viour that is successful against the man ually-designed

game AI, describ ed in Subsection 4.1.1. Since the exp erimen t w as executed using

Elegance , a neural net w ork w as used to implemen t the ev olv ed b eha viour. Dif-

feren t neural-net w ork arc hitectures ma y yield di�eren t results. F or lac k of insigh t

in to whic h neural-net w ork arc hitecture giv es the b est results for the duelling task, I

decided to test sev en di�eren t arc hitectures, whic h are listed in T able 4.1.

The question should b e answ ered ho w successful duelling b eha viour can b e recog-

nised. It can b e argued that a neural-net w ork con troller with a �tness v alue > 0:5
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Neural net w ork t yp e Hidden Hidden T ests A v erage Lo w est Highest

la y ers no des �tness �tness �tness

Recurren t 1 5 5 0.516 0.459 0.532

Recurren t 1 10 5 0.523 0.497 0.541

Recurren t 2 10 7 0.504 0.482 0.531

General feed-forw ard n/a 7 5 0.472 0.382 0.527

La y ered feed-forw ard 2 10 5 0:541 0.523 0:579
La y ered feed-forw ard 2 20 8 0:537 0.498 0:576
La y ered feed-forw ard 3 15 7 0.515 0.446 0:574

T able 4.1: Results ac hiev ed in the duelling-b eha viour exp erimen t, for sev en di�eren t

neural-net w ork con troller arc hitectures.

p erforms b etter than the static ship's game AI. But ho w high can w e exp ect the

�tness actually to b ecome? T o pro vide an answ er to that question, I calculated the

�tness of a dynamic ship that is stationary , i.e., that will �re its laser guns at the

static ship when appropria te, but that will not accelerate or rotate. I found that, on

the training set, a stationary dynamic ship ac hiev es a �tness of 0:362. If the �tness

for the static ship is calculated according to form ula 4.1, the static ship's �tness is

1 � F , where F is the dynamic ship's �tness. Since it is reasona ble to assume that

the static ship p erforms b etter than a stationary ship, a �tness of 1 � 0:362 = 0:638
can b e considered an upp er b ound to the �tness of the dynamic ship's con troller.

T able 4.1 presen ts the results ac hiev ed for ev olving neural-net w ork con trollers for

the dynamic ship. F or eac h of the neural-net w ork arc hitectures tested, from left to

righ t, the columns indicate (i) the neural-net w ork arc hitecture, (ii) the n um b er of

hidden la y ers, (iii) the n um b er of hidden no des (the hidden no des are ev enly distrib-

uted o v er the hidden la y ers), (iv) the n um b er of tests, (v) the a v erag e �tness v alue,

(vi) the lo w est �tness v alue ac hiev ed, and (vii) the highest �tness v alue ac hiev ed.

The b est results for the a v erag e and highest �tness v alues ac hiev ed are prin ted in

b oldface. T w o conclusions are deriv ed from T able 4.1.

First, it is eviden t that, in this en vironmen t, t w o-la y ered feed-forw ard net w orks

outp erform all other net w orks in terms of b oth a v erag e and maxim um �tness v alues.

The net w ork with �v e no des in eac h hidden la y er did not score signi�can tly b etter

than the net w ork with ten no des in eac h la y er.

Second, a la y ered feed-forw ard neural net w ork with 10 hidden no des in t w o la y ers

ac hiev ed a �tness of 0:579. Compared to the theoretical upp er b ound of 0:638, a

�tness v alue of 0:579 indicates v ery successful duelling b eha viour.

It should b e noted, that from the p ersp ectiv e of game-pla y exp erience, the �tness

rating as calculated in the exp erimen t is not as imp ortan t as the ob jectiv e result

of a �gh t. A �gh t can end in a victory , a defeat, or a tie.

3

F or the b est con troller

3

A tie means that b oth ships surviv e the encoun t e r . It do es not mean that b oth ships are

destro y e d . The destruct ion of b oth ships is considered to b e a loss for the dynamic ship.
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ev olv ed, w e found that 42 p er cen t of the encoun ters ended in a victory for the

dynamic ship, 28 p er cen t in a defeat, and 30 p er cen t in a tie. This means that 72

p er cen t of the encoun ters ended in a situation not disadv an tageo us to the dynamic

ship. The dynamic ship ac hiev ed 50 p er cen t more victories than the static ship.

Clearly , on the training set the dynamic ship p erforms considerably b etter than the

static ship. This supp orts the statemen t that the �tness v alue of 0:579 indicates

successful duelling b eha viour.

4.1.4 Analysis of Successful Duelli ng Beha viour

An analysis of the b eha viour of the b est-p erforming dynamic ship sho w ed that it

exhibited appropria te follo wing b eha viour when it o v erp o w er e d the static ship. In

the exp erimen t, suc h follo wing b eha viour is nev er detrimen tal to the p erformance.

The reason is that the static ship's game AI ensures that, while �eeing, the static

ship will only turn around to attac k if the dynamic ship's h ull strength b ecomes less

than its o wn. As long as the dynamic ship remains b ehind the static ship, this will

not happ en.

While in pursuit, the dynamic ship a v oided bumping against the static ship.

A v oiding bumping is appropria te b eha viour, b ecause bumping w ould reduce the dy-

namic ship's sp eed to zero, while lea ving the static ship's sp eed una�ected. This

w ould giv e the static ship an opp ortunit y to escap e. Ho w ev er, con trary to exp ecta-

tion the dynamic ship did not a v oid bumping b y reducing its sp eed when approac h-

ing the static ship, but b y sw erving as m uc h as needed to k eep a constan t relativ e

distance to the static ship.

The dynamic ship did not try to �ee when losing a �gh t. The probable reason

is that for a spaceship to �ee, it m ust turn its bac k to w ard the enem y . The �eeing

ship then b ecomes a target that do es not ha v e the abilit y to �gh t bac k (since laser

guns only �re from the fron t of the ship). As a result, �eeing ships are almost

alw a ys destro y ed b efore b eing able to escap e. A ttempts to escap e seem therefore

of little use. F rom this observ atio n it can b e concluded that in the actual game a

b etter balance b et w een the p o w er of the w eap ons and the v ersatilit y of the ships is

required to enable e�ectiv e escaping b eha viour.

The purp ose of the exp erimen t w as to disco v er p ossible impro v emen ts to the

static ship's game AI. I found t w o suc h impro v emen ts, whic h are detailed b elo w.

The �rst p ossible impro v emen t w as suggested b y the dynamic ship's abilit y to

exploit a w eakness in the static ship's game AI. The w eakness sp otted w as the

follo wing. The static ship bases its decision to �ee on a comparison b et w een the

relativ e h ull strengths. The compariso n do es not tak e in to accoun t that it is the static

ship's initiativ e (i.e., turn to act) when it mak es the decision. If the comparativ e

h ull strengths are close to eac h other, this b ecomes an imp ortan t consideration. F or

instance, if on the initial approac h the static ship comes within the dynamic ship's

laser-g un range b efore b eing able to �re its o wn laser guns, it will b e damaged while

the dynamic ship remains undamaged. Regardless of its o wn laser-g un strength and

h ull strength, this w ould cause the static ship's initial reaction to b e attempting

to �ee. Since in most cases it w ould still b e able to �re its laser guns once, this
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Figure 4.3: The static ship approac hes the dynamic ship from b ehind.

b eha viour had little in�uence when the static ship signi�can tly o v erp o w er e d the

dynamic ship. Ho w ev er, if the strengths of the ships w ere ab out equal, w e found the

dynamic ship to exploit this w eakness of the static ship, b y attempting to mano euvre

in to a p osition from whic h it could �re the �rst shot.

4

Remo ving this exploit from

the static ship's game AI can b e considered as a p ossible impro v emen t.

The second p ossible impro v emen t w as suggested b y a surprising mano euvre of the

dynamic ship, that w as observ ed when the static ship started b ehind the dynamic

ship, as illustrated in Figure 4.3. In suc h cases, the dynamic ship often attempted

to increase the distance b et w een the t w o ships, up un til the p oin t where a further

increase in separation w ould imply a tie. A t that p oin t, the dynamic ship turned

around and either (i) started to attac k, or (ii) increased the distance b et w een the t w o

ships again, and attac k ed after a second turn. Figure 4.4 illustrates this sequence of

ev en ts. In the �gure, the righ t panel displa ys a trace of the mo v emen ts of the dynamic

ship up to the momen t that it �res its �rst shot. The static ship is o v erp o w er e d (its

h ull strength is v ery lo w compared to the h ull strength of the dynamic ship, as

can b e observ ed at the top of the displa y) and tries to �ee, but the dynamic ship

follo ws, as sho wn in the left panel. An explanation for the success of the observ ed

b eha viour is that, if the distance b et w een the t w o ships is maximal, the dynamic

ship will ha v e a maximal amoun t of time to turn around and face the static ship

b efore the static ship can �re its laser guns. Since facing the opp onen t is required

to coun ter-attac k, the observ ed b eha viour is b ene�cial to the dynamic ship's tactics.

Belo w this b eha viour is reform ulated as a p ossible impro v emen t of the static ship's

game AI.

4

It is notew ort h y that in man y commercial turn-based games simi l ar shortcomings in the game

AI can b e observ ed . F or instance, in man y games it is a go o d tactic for the pla y er to pass game

turns un til the enem y has approac h e d to a certain distance, so that the pla y er can initiate the �rst

attac k . Game designers will seldom let game-pla ying agen ts emplo y suc h a tactic, b ecause it could

lead to a stalemate, where b oth the pla y er and the computer refuse to mo v e, since who ev er mak es

the �rst mo v e is at a disadv an tage . Simil arities with trenc h w arfare are striking.
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Figure 4.4: The dynamic ship ev ades the static ship b efore it attac ks.

4.1.5 Deriving Duelli ng Impro v emen ts

The t w o p ossible impro v emen ts deriv ed from the analysis of the most successful

dynamic ship (4.1.4), resulted in t w o p ossible c hanges to the static ship's game AI.

The c hanges are the follo wing.

Fleeing c hange: Before comparing the h ull strength ratios of the t w o ships, the

static ship assumes that it is able to sho ot the dynamic ship once more b efore

ev aluating the ratios. This c hange e�ectiv ely remo v es the p ossibilit y for the

dynamic ship to tric k the static ship in to attempting to �ee, when the dynamic

ship is able to strik e �rst.

Aft-attac k c hange: When attac k ed from b ehind it ma y b e b ene�cial for the static

ship to attempt to increase the distance b et w een the t w o ships b efore turning

around. This w as implemen ted as follo ws. First, three conditions are c hec k ed,

namely (i) whether the dynamic ship is b ehind the static ship, (ii) whether the

static ship is undamaged, and (iii) whether the distance b et w een the ships is in

the range [75; 150] (180 b eing the distance b ey ond whic h a �gh t ends in a tie).

If all three conditions are true, then the static ship do es not rotate, but simply

increases its sp eed to maxim um, in order to increase the distance b et w een
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AI AI-0 AI-1 AI-2 AI-3

AI-0 0.499 (15/16 ) 0.481 (15/18 ) 0.504 (13/15 ) 0.505 (15/16 ) 0.497

AI-1 0.525 (18/17 ) 0.491 (16/17 ) 0.500 (13/17 ) 0.504 (15/17 ) 0.505

AI-2 0.501 (13/14 ) 0.485 (13/15 ) 0.494 (10/13 ) 0.489 (11/13 ) 0.492

AI-3 0.507 (14/14 ) 0.487 (13/14 ) 0.497 (10/13 ) 0.492 (11/13 ) 0.496

0.508 0.486 0.499 0.498 A vg.

T able 4.2: Comparison of four game-AI v ariations .

the t w o ships. If the distance b ecomes larger than 150, it is considered to b e

su�cien tly large to let the static ship turn around safely . If the distance is

smaller than 75, the static ship is assumed to b e unable to outrun the dynamic

ship, so it alw a ys turns to w ards the dynamic ship.

With these t w o p ossible c hanges, four v ariations of the static ship's game AI

can b e de�ned. These are the follo wing. `AI-0' is the unc hanged, original game

AI. `AI-1' is the original game AI, enhanced with the �eeing c hange. `AI-2' is the

original game AI, enhanced with the aft-attac k c hange. `AI-3' is the original game

AI, enhanced with b oth the �eeing c hange and the aft-attac k c hange.

The relativ e strengths of these four game-AI v ariations can b e deriv ed b y pitting

them against eac h other. The results of the cross-c o mpa r is o n are sho wn in T able

4.2. The ro ws and columns represen t the game AI v ariations used for the t w o ships;

the ship represen ted b y a ro w is allo w ed to mo v e �rst. The cells of the table sho w

the resulting �tness of the game AI of the �rst-mo ving ship. Next to the �tness,

b et w een brac k ets, the n um b er of wins and losses (`wins/losses') is sho wn. The righ t

column sho ws the a v erag e �tness o v er the ro ws, and the b ottom ro w the a v erag e

�tness o v er the columns.

It is clear from T able 4.2 that the four game-AI v ariations do not greatly di�er in

strength. This comes as no surprise, b ecause their implemen tations are v ery similar.

The a v erag e �tness is highest for AI-1 (0.505), and the a v erag e �tness is lo w est when

it is calculated against an opp onen t using AI-1 (0.486). Therefore, AI-1 seems to b e

the most e�ectiv e of the four v ariations . Ho w ev er, the di�erence b et w een AI-1 and

the other three v ariations is to o small to b e considered signi�can t.

T w o unexp ected results can b e deriv ed from T able 4.2. The �rst unexp ected

result is that the �tness v alues on the main diagonal deviate from 0.5, despite the

fact that the comp eting v ariations on the diagonal are equal. The deviation is caused

b y the turn-based handling of the encoun ters. Since all v alues on the diagonal

are sligh tly lo w er than 0.5, it can b e concluded that on the 50 training-set cases

the second-mo ving ship has a small adv an tage o v er the �rst-mo ving ship. Note

that this do es not en tail that initiativ e is disadv an tageo us p er se, only that it is

disadv an tageo us in the training set.

The second unexp ected result concerns the �tness v alues and the asso cia ted win-

loss ratios, whic h in some cases seem coun ter-in tuitiv e. F or instance, AI-0 for the
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AI T ests A v erage Lo w est Highest Win/loss A v erage Win/loss

on test set on test set

AI-0 8 0.537 0.498 0.576 19/1 4 0.490 16/1 9

AI-1 6 0.486 0.471 0.528 9/12 0.434 9/20

AI-2 6 0.547 0.479 0.615 16/8 0.476 10/1 6

AI-3 7 0.517 0.463 0.570 17/1 1 0.442 13/1 9

T able 4.3: Results of testing o�ine ev olutionary game AI against four game-AI

v ariations .

�rst-mo ving ship, pitted against AI-2 for the second-mo ving ship, has a �tness v alue

of 0.504. This v alue, whic h is sligh tly greater than 0.5, indicates that AI-0 p erforms

b etter than AI-2. Ho w ev er, this is com bined with 13 wins against 15 losses. Despite

the higher �tness v alue, AI-0 app ears w eak er than AI-2 in terms of n um b er of wins.

The explanation is that the �tness is not based on the n um b er of wins and losses,

but on the c hange of the relativ e h ull strengths during a �gh t. A fast win migh t

yield a higher �tness than a slo w win. As a result, in the �tness rating a few fast

wins can comp ensate for a few extra (slo w) losses.

4.1.6 V alidati ng Duelli ng Impro v emen ts

T o v alidate the impro v emen ts to the static ship's game AI, the exp erimen t detailed

in Subsection 4.1.2 w as rep eated with three c hanges: (i) for the static ship I tested all

four v ariations of the game AI de�ned in Subsection 4.1.5, (ii) b ecause preliminary

tests rev ealed that a feed-forw ard con troller with 5 no des in eac h la y er w as not

p o w erful enough to opp ose the new v ersions of the static ship, for the neural-net w ork

con troller only a feed-forw ard con troller with t w o 10-no de hidden la y ers w as used,

and (iii) the b est results ac hiev ed on the training set w ere re-ev alua ted on �v e test

sets, eac h consisting of 50 no v el encoun ters.

T able 4.3 sho ws the results of the v alidation exp erimen t. F rom left to righ t,

the eigh t columns represen t: (i) the game AI of the static ship, (ii) the n um b er of

exp erimen ts p erformed against this game AI, (iii) the a v erag e �tness of the dynamic

ship, (iv) the lo w est �tness v alue, (v) the highest �tness v alue, (vi) the n um b er of

wins and losses of the dynamic ship with the highest �tness v alue, (vii) the a v erag e

�tness of the b est dynamic ship re-ev alua ted on �v e test sets, and (viii) the a v erag e

n um b er of wins and losses for the re-ev alua tio n.

Clearly , on the training set the dynamic ship outp erforms three out of four game-

AI v ariations . Only the static ship using AI-1 (whic h implemen ts the �eeing c hange)

outp erforms the dynamic ship. Against AI-1, the dynamic ship has an a v erag e �tness

lo w er than 0.5, and ev en the dynamic ship with the highest �tness v alue against AI-

1 loses more often than the static ship. It is also clear that AI-2 (the game-AI

v ariation that implemen ts the aft-attac k c hange) do es not increase the e�ectiv eness

of the static ship. AI-2 p erforms ev en w orse than the original (unc hanged) AI-0.
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The results of the b est dynamic ships on the test sets sho w that the a v erag e �tness

drops considerably from its original v alue. This indicates that, unsurprisingly , the

dynamic ship is fo cused to o m uc h on the encoun ters comprising the training set,

i.e., it is o v er�tting the training set. In terestingly , b oth the �tness and the win-loss

ratio decrease to a larger exten t for AI 2 and AI 3 (the game-AI v ariations that b oth

con tain the aft-attac k c hange) than for AI-0 and AI-1. Therefore, o v er�tting seems

to b e a more sev ere problem when trained on AI-2 and AI-3, than when trained

on AI-0 and AI-1. Moreo v er , the dynamic ships ev olv ed against AI-0 and AI-2

(the t w o game-AI v ariations that do not implemen t the �eeing c hange) end up with

a signi�can tly higher a v erag e �tness on the test sets than the other t w o game-AI

v ariations . This means that for the dynamic ship it is easier to deal with a game-

AI v ariation that do es not implemen t the �eeing c hange, than with one that do es.

Therefore, the conclusion is w arra n ted that implemen tation of the �eeing c hange

impro v es the e�ectiv eness of the static ship's game AI.

4.1.7 Discussion of the Duelli ng Exp erimen ts

While implemen tation of the �eeing c hange clearly impro v es the b eha viour of the sta-

tic ship, implemen tation of the aft-attac k c hange seems to w eak en it somewhat. This

do es not mean that the aft-attac k c hange should not b e implemen ted in a published

game. In a game suc h as Pico verse there should b e sev eral di�eren t game-AI v ari-

ations a v ailable to computer-con trolled agen ts. They m ust v ary in strength and b e

applicable in v arious situations. The aft-attac k c hange ma y b e more e�ectiv e when

the situations in whic h it is a sound tactic can b e successfully iden ti�ed. In addition,

allo wing some (but not all) agen ts to use this tactic in tro duces heterogeneit y whic h

mak es opp onen t b eha viour less predictable, and th us more en tertaining.

In T able 4.2 a discrepancy b et w een the �tness results and the ratio of wins and

losses can b e observ ed. Since in terms of game-pla y exp erience the win-loss ratio is

a more imp ortan t measure for success than the c hange in h ull strength, the �tness

function used is probably not the most suitable for these exp erimen ts. In itself, the

win-loss ratio is not a go o d alternativ e for a �tness measure, b ecause it do es not

rew ard small fa v ourable c hanges in the b eha viour of the dynamic ship. Ho w ev er,

extending the �tness function with p enalties for losing a duel and with extra rew ards

for winning a duel ma y impro v e the corresp o ndence b et w een the �tness rating and

the win-loss ratio.

The fact that the results of the re-ev alua tio n of the dynamic ships on the test sets

di�ered considerably from the results on the training set, indicates that the dynamic

ship did not generalise to no v el situations. A larger training set w ould probably yield

a more general con troller, at the cost of a considerably increased computation time.

Ho w ev er, in this particular researc h domain the lac k of the abilit y to generalise is

not a problem, as long as existing exploits in the game AI are disco v ered. The goal

of the presen t exp erimen ts is not to generate go o d game AI, but to disco v er exploits

and new tactics.

5

O�ine ev olutionary game AI managed to ac hiev e that goal.

5

Of course, that do es not mean game AI researc h e r s and dev elop er s are not in tereste d in using

o�ine learning to create generalised game AI. Suc h o�ine learning will b e discussed in Chapter 6.
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Chan et al. (2004) in v estigated the ev olution of action sequences for FIF A-99 .

As Spronc k et al. (2002) concluded, they , to o, found that o�ine ev olutionary game

AI can b e used to detect exploits and disco v er new tactics. Ho w ev er, instead of

a neural net w ork to implemen t adaptiv e game AI, they used a Mark o v Decision

Pro cess (MDP), whic h is arguably a b etter c hoice in this resp ect. Usually , game

AI needs to couple en vironmen tal circumstances to sp eci�c actions for an agen t to

undertak e. The game AI should re�ect the h uman though t pro cess, whic h game

dev elop ers aspire to imitate in agen ts. F or this, scripts (whic h are preferred b y most

game dev elop ers), �nite-state mac hines, and MDPs ma y b e suitable c hoices, but a

neural net w ork is not. Neural net w orks are suitable to em ulate non-linear functions,

not pro duction rules. An approac h to o�ine ev olutionary learning based on directly

ev olving scripted AI will b e used in Chapter 6.

4.2 Online Ev olutionary Game AI

Online ev olutionary game AI con trols agen ts that are in comp etition with h uman

pla y ers. It has t w o applications: (i) to resolv e w eaknesses in the game AI when

they are exploited b y the h uman pla y er (self-correction), and (ii) to create new tac-

tics in resp onse to tactics emplo y ed b y the h uman pla y er (creativit y). F or online

ev olutionary game AI to b e applicable in practice, it m ust meet the computational

requiremen ts of (i) sp eed, (ii) e�ectiv eness, (iii) robustness, and (iv) e�ciency (2.3.4).

In general, ev olutionary algorithms are computationally in tensiv e (i.e., they are not

fast), generate noisy results (i.e., they are not e�ectiv e), and require n umerous exp er-

imen ts (i.e., they are not e�cien t). F urthermore, in an en vironmen t with inheren t

randomness they can b e made robust, but only at the cost of sp eed and e�ciency ,

whic h for online learning cannot b e spared. These c haracteris tics indicate that it is

quite a c hallenge to implemen t online ev olutionary game AI successfully .

T o in v estigate the p oten tial of online ev olutionary game AI, the T eam-orien ted

Ev olutionary A daptabilit y Mec hanism (TEAM) w as designed. TEAM applies online

ev olution to game AI that con trols a team of agen ts, that pla y `capture-the-�ag'

in the action game Quake I I I Arena (henceforth referred to as Quake ).

6

This

section describ es capture-the-�ag in Quake (4.2.1), the design of online ev olutionary

game AI that pla ys capture-the-�ag (4.2.2), the exp erimen tal pro cedure used to test

the design (4.2.3), the results of an exp erimen t in whic h team game AI w as ev olv ed

(4.2.4), and a discussion of the results (4.2.5).

4.2.1 Capture-the-Flag in Quak e

Quake is a `3D sho oter' (2.2.2). It has b een used b y sev eral researc her s in their

researc h, b ecause it is p opular, state of the art, and highly adaptable (Laird, 2001;

V an W a v eren and Rothkran tz, 2002). In Quake , a h uman pla y er con trols an agen t

in a real-time 3D virtual w orld, called a `map'. In regular Quake game-pla y , a

6

This exp erimen t w as p erformed b y Bakk es (2003), in collab oration with and under sup ervision

of the author.
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Figure 4.5: Quake I I I Arena in capture-the-�ag game-pla y mo de. A shot is �red

at an agen t that carries the �ag.

pla y er's ob jectiv e is to eliminate opp onen t agen ts. The opp onen t agen ts are either

con trolled b y other h uman pla y ers, or b y the computer. The map pro vides agen ts

with ob jects that can b e used to ac hiev e their goals, suc h as w eap ons and armour.

An eliminated agen t is not remo v ed from the game, but `respa wns' at a designated

lo cation on the map (V an W a v eren and Rothkran tz, 2002 ).

Capture-the-�ag is a team-orien ted game-pla y mo de for Quake . In capture-the-

�ag eac h agen t b elongs to one of t w o opp osing teams. Eac h team has a base on

the map, and an ob ject represen ting a �ag, that is initially lo cated at the team's

base. A team's primary goal in capture-the-�ag is to capture the opp osing team's

�ag and bring it to its o wn base, whic h scores a p oin t. After deliv ery of the �ag,

the �ag returns immediately to its starting lo cation. The game is w on b y the team

that scores the most p oin ts (V an W a v eren and Rothkran tz, 2002). Figure 4.5 sho ws

a screenshot of Quake during a capture-the-�ag game.

In capture-the-�ag mo de Quake con tains t w o di�eren t kinds of game AI, namely

(i) agen t AI, and (ii) team AI. Agen t AI is the game AI that is lo calised within eac h

individual computer-con trolled agen t, determining the b eha viour of the agen t, at an
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State Score O�ensiv e Defensiv e N = 4

No �ags stolen winning max (0:4N; 4) max (0:5N; 5) (2,2,0)

No �ags stolen losing max (0:5N; 5) max (0:4N; 4) (2,2,0)

Home �ag stolen winning max (0:7N; 6) max (0:3N; 3) (3,1,0)

Home �ag stolen losing max (0:7N; 7) max (0:2N; 2) (3,1,0)

Opp onen t �ag stolen winning max (0:3N; 3) max (0:6N; 6) (1,2,1)

Opp onen t �ag stolen losing max (0:3N; 3) max (0:6N; 6) (1,2,1)

Both �ags stolen winning max (0:5N; 5) max (0:4N; 4) (2,2,0)

Both �ags stolen losing max (0:5N; 5) max (0:4N; 4) (2,2,0)

T able 4.4: Role divisions of the Quake static team AI.

op erationa l lev el of in telligence. T eam AI is the game AI that is implemen ted as

a cen tralised coac h for the computer-con trolled team, determining the b eha viour of

the team as a whole, at a tactical lev el of in telligence. The team AI pro vides eac h

of the mem b ers of a team with b eha vioural guidelines. The agen t AI tak es decisions

within the b oundaries set b y the guidelines (V an der Sterren, 2002 ).

The team AI implemen ted in Quake b y the game dev elop ers assigns eac h team

mem b er a role, corresp o nding to the curren t game state and the curren t score. Three

di�eren t roles are de�ned, namely (i) o�ensiv e, (ii) defensiv e, and (iii) roaming. F our

di�eren t game states are de�ned, distinguishing whether or not eac h of the t w o �ags

is lo cated at its base. T w o di�eren t score situations are de�ned, namely whether

the team is winning or losing. The implemen tation of a role di�ers b et w een game

states. F or instance, when the opp osing team's �ag is at its base, an agen t with

an `o�ensiv e' role attempts to capture that �ag. When the opp osing team's �ag

is captured, an agen t with an `o�ensiv e' role fo cuses on attac king mem b ers of the

opp osing team.

The Quake team AI is static, i.e., the role division and the role assignmen ts are

pre-prog r a mmed, although di�eren t con�gurations are used for the four di�eren t

game states and the t w o di�eren t score situations. The calculations for the eigh t

di�eren t role divisions are listed in T able 4.4. The �v e columns of the table represen t

(i) the game state, (ii) the score situation (`winning' or `losing'), (iii) the calculation

for the n um b er of team mem b ers in an o�ensiv e role, (iv) the calculation for the

n um b er of team mem b ers in a defensiv e role, and (v) the role division for a team

with four mem b ers (resp ectiv ely `o�ensiv e',`defensiv e', and `roaming'). In the calcu-

lations, N represen ts the total n um b er of team mem b ers, and the calculation results

are rounded to the nearest in teger v alue.

A daptiv e team AI has the abilit y to tune automatically the team b eha viour to

the tactics of the opp osing team. Therefore, enhancing the Quake team AI with

adaptiv e capabilities has the p oten tial to impro v e a team's b eha viour. In the presen t

researc h, online ev olutionary learning is used to implemen t adaptiv e team AI.
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4.2.2 A daptiv e T eam AI with TEAM

The T eam-orien ted Ev olutionary A daptabilit y Mec hanism (TEAM) is an online ev o-

lutionary learning tec hnique designed to adapt the team AI of Quake -lik e games

(Bakk es et al. , 2004 ). TEAM is applicable under the condition that the b eha viour

of a team in a game is de�ned b y a small n um b er of parameters, sp eci�ed p er game

state. A sp eci�c instance of team b eha viour is de�ned b y v alues for eac h of the para-

meters, for eac h of the states. TEAM is de�ned as a regular ev olutionary algorithm,

suc h as a genetic algorithm, applied to team-b eha viour learning, with the follo wing

six prop erties.

State-based ev olution: TEAM emplo ys a separate ev olutionary pro cess for eac h

state, eac h with its o wn p opulation of c hromoso mes . The idea is that suc-

cessful b eha viour for eac h of the separate states can b e ev olv ed faster than

successful b eha viour for all states, ac kno wledging the requiremen t that online

ev olutionary game AI m ust b e e�cien t. The com bination of the b est solutions

for eac h of the states is considered to b e the b est solution for the team AI as

a whole.

State-based c hromosom e enco ding: TEAM's c hromoso mes enco de the state's

parameters, using real v alues.

State-transition-based �tness function: TEAM uses a �tness function based

on state transitions. Bene�cial state transitions rew ard the c hromosome that

caused the state transition, while detrimen tal state transitions punish it. Usu-

ally , an assessmen t of whether a state transition is b ene�cial or detrimen tal

cannot b e giv en immediately after the transition; it m ust b e dela y ed un til the

game has b een observ ed for a while.

7

Fitness propagation: TEAM propaga tes �tness v alues from c hild c hromoso mes

to their paren ts. This ensures that a paren t c hromoso me with a high �tness

v alue, that mostly pro duces c hildren with lo w �tness v alues, will get a lo w

�tness v alue o v er time. The idea is that suc h a paren t probably ac hiev ed high

�tness due to c hance, and not due to the qualit y of the solution it represen ts.

This ac kno wledges the requiremen t that online ev olutionary game AI m ust b e

robust.

Elitist selection: TEAM alw a ys selects the highest-ranking c hromosome to use as

paren t for the ev olution pro cess, ac kno wledging the requiremen t that online

ev olutionary game AI m ust b e e�ectiv e. While in most applications elitist

selection is risky when randomness is in v olv ed in the �tness calculation (as is

generally the case in games), the �tness-propag a tio n mec hanism protects the

ev olution against inferior top-ranking c hromoso mes .

7

F or instance, if a state transition happ ens from a state that is neutral for the team to a state

that is go o d for the team, the transition seems b ene�cial. Ho w ev er, if this is imm ediately follo w ed

b y a second transition to a state that is bad for the team, the �rst transition cannot b e considered

b ene�cial, since it ma y ha v e b een the primary cause for the second transition.
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Man ually-designe d initialis atio n: TEAM's p opulation is initialised with c hro-

mosomes that are designed man ually . This ensures that the team AI is e�ec-

tiv e from the outset, ac kno wledging the requiremen t that online ev olutionary

game AI m ust b e e�ectiv e.

TEAM di�ers from reinforcemen t learning, according to the sp eci�cations giv en

b y Sutton and Barto (1998), for t w o of its features, namely that (i) TEAM uses a

p opulation (admittedly , in a minor role), and (ii) TEAM uses undirected genetic

op erator s to scan the searc h space, whereas reinforcemen t learning uses a gradien t-

based searc h.

4.2.3 Exp erimen tal Pro cedure

T o ev aluate the suitabilit y of TEAM for implemen ting adaptiv e team AI, it w as

tested with the capture-the-�ag game-pla y mo de in Quake I I I Arena . Similar to

the exp erimen tal pro cedure used for the duelling exp erimen t (4.1), a dynamic team

emplo ying TEAM w as pitted against a static team. The static team used the default

Quake team AI, whic h has the abilit y to adapt the team b eha viour to the curren t

state of the game. Eac h team consisted of four agen ts.

The four game states of Quake in capture-the-�ag mo de, with their state tran-

sitions, are illustrated in Figure 4.6. Using D and S to denote the dynamic team's

�ag and the static team's �ag resp ectiv ely , and the subscripts b and s to denote

a �ag b eing at its base and a �ag b eing stolen resp ectiv ely , the states are de�ned

as ( Db; Sb ), ( D s; Sb ), ( Db; Ss ), and ( D s; Ss ). Since ev en ts in Quake are handled

sequen tially , in theory transitions are imp ossible b et w een states that are lo cated di-

agonally opp osite eac h other in Figure 4.6. F rom the p oin t of view of the dynamic

team, state transitions can b e b ene�cial, indicated with a ` + ', or detrimen tal, indi-

cated with a ` � '. Dep ending on the circumstances, some transitions can b e b oth.

F or instance, when a transition (D s; x) ! (Db; x) o ccurs, the reason is either that

the dynamic team in tercepted its stolen �ag, whic h is b ene�cial, or that the static

team scored a p oin t, whic h is detrimen tal.

The c hromoso me used to represen t eac h state w as k ept small, to elicit sp eedy

ev olution. It con tained only t w o parameters, namely (i) the ratio of `o�ensiv e' agen ts

r o , and (ii) the ratio of `defensiv e' agen ts r d . Both r o and r d w ere de�ned as real

v alues in the range [0,1]. T ranslation of a ratio to the n um b er of agen ts in the corre-

sp onding role, w as executed b y m ultiplying the ratio with the total n um b er of agen ts,

rounding up for `o�ensiv e' agen ts, and rounding do wn for `defensiv e' agen ts. The

assignmen t of selected roles to sp eci�c agen ts w as copied from the default Quake

team AI. Agen ts that w ere assigned neither an `o�ensiv e' role, nor a `defensiv e' role,

w ere assigned a `roaming' role.

After eac h state transition, a new c hromoso me w as generated for the state in

whic h the game then resided. This c hromoso me w as used to determine the team AI.

The team's b eha viour under guidance of the new team AI w as used to determine

the c hromoso me's �tness F 2 [0; 1], according to the follo wing equation.
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Figure 4.6: State transitions in a capture-the-�ag game.

F =
T + dX

i = T

Fi

(T � i ) + 1
(4.2)

In this equation, T is the n um b er of the state transition after whic h the c hromoso me

w as generated, and d is the `depth' of the calculation, i.e., the n um b er of state

transitions that pass b efore the c hromoso me's �tness is calculated. In the exp erimen t

d = 2 w as used. The v alue Fi 2 [0; 1] represen ts the p erceiv ed �tness b et w een state

transitions i and i + 1 . Fi is calculated according to the follo wing equation.

Fi =

8
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(4.3)

In this equation, t i is the n um b er of seconds that pass b et w een state transitions i
and i + 1 . The e�ect of equations 4.2 and 4.3 is that the �tness v alue a w arded to

a c hromoso me is higher when the team AI it represen ts promotes b ene�cial state

transitions (mark ed ` + ' in Figure 4.6), and lo w er when the team AI it represen ts

promotes detrimen tal state transitions (mark ed ` � ' in Figure 4.6). The longer the

resulting game states are main tained, the bigger the e�ect is.
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Recom bination op erator s (genetic op erator s that use genetic material from m ul-

tiple paren ts) often generate c hildren that are radically di�eren t from their paren ts

(Da vis, 1991 ), and th us often pro duce inferior results, whic h should b e a v oided on

accoun t of the requiremen t of e�ectiv eness. Therefore, it w as decided that only a

genetic m utation op erator w as to b e used to generate new c hromoso mes .

The genetic m utation op erator w as alw a ys applied to the b est c hromoso me in the

p opulation. Its e�ect w as scaled in corresp o ndence to the �tness of the paren t c hro-

mosome it m utated: a paren t with a high �tness got a small m utation, while a paren t

with a lo w �tness got a large m utation. The m utation w as implemen ted as a biased

m utation on one or b oth genes in the c hromoso me, while ensuring that the resulting

c hromoso me alw a ys represen ted a legal role division. Newly generated c hild c hro-

mosomes either replaced the b ottom-ranking c hromosome in the p opulation, or w ere

discarded, if their �tness did not exceed the b ottom-ranking c hromoso me's �tness.

With resp ect to �tness propaga tio n, the �tness calculated for c hild c hromoso mes

w as also factored in to the �tness of the paren t c hromoso me.

Since the p opulation's only function is to supp ort the �tness-propag a tio n mec h-

anism, b y o�ering a replacemen t for the p opulation's top-ranking p osition in case

the curren t top w as remo v ed, a small p opulation size su�ces. In the exp erimen t

the p opulation size w as set to 5. The p opulation w as initialised with �v e copies of

a c hromoso me represen ting the parameters used b y the default Quake team AI, to

ensure e�ectiv e b eha viour ev en with the initial dynamic team AI.

4.2.4 Ev olvi ng T eam AI

The exp erimen t to ev aluate the suitabilit y of TEAM for implemen ting adaptiv e

team AI consisted of �fteen tests. In eac h test a team using dynamic team AI

pla y ed Quake I I I Arena capture-the-�ag against a team using static team AI.

The game w as pla y ed on an `op en' map, i.e., a map without w alls, allo wing the

agen ts an unrestricted view of their en vironmen t.

Eac h test ran for at least six real-time hours, in whic h b et w een 250 and 600

p oin ts w ere scored. The p oin ts scored b y eac h team w ere trac k ed, and compared

after the tests. The follo wing t w o measures w ere de�ned to rate the success of the

dynamic team.

Absolute turning p oin t: The absolute turning p oin t is the n um b er of the last

p oin t scored, after whic h the dynamic team's total score exceeds the static

team's total score for the remainder of the test. Figure 4.7 illustrates the

absolute turning p oin t with a graph displa ying the dynamic team's lead in one

of the tests. After p oin t 52 is scored, the dynamic team's score exceeds the

static team's score for the remainder of the test. Therefore, in this example

the absolute turning p oin t is 52.

Relativ e turning p oin t: The relativ e turning p oin t is the n um b er of the last p oin t

in the �rst sliding windo w of t w en t y p oin ts, in whic h the dynamic team scored

�fteen, and the static team scored �v e p oin ts. A t the relativ e turning p oin t the

dynamic team's b eha viour is more successful than the static team's b eha viour
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Figure 4.7: A test run with an absolute turning p oin t of 52.

with a reliabilit y > 97% (Cohen, 1995 ). Figure 4.8 illustrates the relativ e

turning p oin t with a graph displa ying the dynamic team's n um b er of wins in

a sliding windo w of 20 p oin ts scored, in the same test used for Figure 4.7. A t

the scoring of p oin t 57, the dynamic team's score in the windo w of the last

t w en t y p oin ts scored is �fteen for the �rst time. Therefore, in this example

the relativ e turning p oin t is 57. Note that, due to the windo w size of 20, the

lo w est p ossible v alue for the relativ e turning p oin t is 20.

Fifteen tests w ere p erformed. In all tests the dynamic team managed to ev olv e

team AI whic h allo w ed it to defeat the static team consisten tly . T able 4.5 pro vides an

Figure 4.8: A test run with a relativ e turning p oin t of 57.
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A v erage St.dev. Median Highest Lo w est

Absolute turning p oin t 108 62.0 99 263 38

Relativ e turning p oin t 71 44.8 50 158 20

T able 4.5: Results for the team-AI exp erimen t.

o v erview of the results. F rom these results it can b e concluded that TEAM is capable

of successfully adapting team b eha viour in Quake capture-the-�ag. Analysing the

b eha viour of the ev olv ed team AI, it w as observ ed that the dynamic team used risky ,

but successful, tactics against the static team. The tactics can b est b e describ ed

as `rush' tactics, aimed at quic kly obtaining o�ensiv e �eld supremacy .

8

The default

Quake team AI only applies `mo derate' tactics, lea ving at least one agen t in a

`defensiv e' role, and is therefore unable to deal e�ectiv ely with rush tactics.

4.2.5 Discussion of the T eam-AI Exp erimen t

In the in tro duction of Section 4.2, is w as indicated that it is hard to create online

ev olutionary game AI that meets the four computational requiremen ts for online

learning in games (detailed in 2.3.4). The four requiremen ts are no w discussed for

the team-AI exp erimen t.

� Sp e e d : The implemen tation of the dynamic team AI, using a small c hromoso me

and a small p opulation, needed relativ ely few pro cessing cycles. During the

tests, the game-pla y w as nev er in terrupted or slo w ed do wn b ecause of the

ev olutionary pro cess. Therefore, it can b e concluded that the dynamic team

AI meets the requiremen t of sp eed.

� E�e ctiveness : T able 4.5 sho ws that, on a v erag e , the absolute turning p oin t

is signi�can tly higher than the relativ e turning p oin t. This means that, in

general, the dynamic team has b ecome the dominan t team on the map a con-

siderable p erio d of time b efore it actually gains the lead in the n um b er of

p oin ts scored. The reason for the gap b et w een the t w o turning p oin ts is that

initially the dynamic team tends to b e w eak er than the static team. Ho w-

ev er, it w as observ ed during all �fteen tests that its score nev er w as more than

ab out a dozen p oin ts b ehind the static team's score. In con trast, as so on as

the absolute turning p oin t w as reac hed, the dynamic team's lead increased to

h undreds of p oin ts. Therefore, it can b e concluded that the dynamic team AI

meets the requiremen t of e�ectiv eness.

8

The dynamic team AI assigns all agen ts an `o�ensiv e' role in the state (D b; Sb) . In translation,

this means that in a situation where its o wn �ag is in no imm ediate danger, and the opp onen t 's

�ag is not capture d , the dynamic team will launc h an all-out attac k to get the opp onen t 's �ag as

quic kly as p ossible, whic h is the �rst step that needs to b e tak en to score a p oin t. Rush tactics are

often applied in real-time strateg y games, whic h are discussed in Chapter 6.
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� R obustness : In almost all tests the dynamic team AI did not su�er from the

inheren t randomness in the Quake en vironmen t. Only in one of the �fteen

tests, the dynamic team AI, after ha ving increased its lead to ab out 375 p oin ts,

suddenly seemed to `forget' the successful tactics it had learned, and started

losing again. After its lead had dropp ed to ab out 340 p oin ts, it reco v ered.

The explanation for this phenomenon is that the dynamic team AI had di�-

culties dealing with a long run of �tness v alues that, due to c hance, w ere not

represen tativ e for the qualit y of the c hromosome they w ere assigned to. It is

p ossible to protect the dynamic team AI b etter against suc h c hance runs, b y

not replacing the team AI after eac h state transition. Instead, the time gained

is used to con�rm the assigned �tness v alues. The dra wbac k is that this will

h urt the e�ciency of the pro cess. Moreo v er , statistically it is imp ossible to

rule out suc h c hance runs completely . T aking all these facts in to accoun t, it

can b e concluded that the dynamic team AI is fairly robust.

� E�ciency : When in a capture-the-�ag game the relativ e turning p oin t is

reac hed, the dynamic team's sup eriorit y is clear. T able 4.5 sho ws that the

a v erag e relativ e turning p oin t is 71, i.e., after the scoring of only 71 p oin ts the

dynamic team signi�can tly outp erforms the static team. A relativ e turning

p oin t of 71 is quite lo w, considering that, in general, ev olutionary algorithms

need thousands of trials (or more) to �nd an acceptable solution. Therefore,

at �rst glance the dynamic team AI seems to b e e�cien t. Ho w ev er, for three

reasons w e should b e cautious in regar ding this result to o optimistically . The

reasons are the follo wing. (i) As the high standard deviation of 44.8 indicates,

the relativ e turning p oin t has a high v ariance, whic h is in con�ict with the

functional requiremen t of consistency (2.3.4). (ii) With four states and ba-

sically only �fteen di�eren t allele com binations p er c hromoso me,

9

the searc h

space for team AI co v ering all four states only con tains 154 = 50625 di�eren t

solutions, and th us is v ery small. (iii) The dynamic team started with tactics

equal to the already e�ectiv e tactics used b y the static team. On a v erag e ,

the dynamic team needed ab out t w o hours of real-time pla y to turn the ef-

fectiv e initial tactics in to sup erior tactics. In general, Quake capture-the-�ag

matc hes do not last that long. T aking the three reasons in to accoun t, it can

b e concluded that the dynamic team AI is mo derately e�cien t, pro vided the

searc h space is small.

TEAM can b e applied in practical situations, b ecause it do es not slo w do wn

game-pla y , its tactics do not degrade, and it is fairly robust. While it is lac king in

e�ciency , in capture-the-�ag matc hes that run for long p erio ds of time, it ma y b e

exp ected that TEAM will disco v er successful tactics, under the pro vision that the

searc h space is small.

9

Let No 2 N b e the n um b er of agen ts that gets an `o�ensiv e' role, N d 2 N b e the n um b er of

agen ts that gets a `defensiv e' role, and N 2 N b e the total n um b er of agen ts in a team. Then it

holds that N o + Nd � N . With N = 4 agen ts in a team, as used in the team-AI exp erimen t, only

�fteen di�eren t role divisions are p ossible.
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4.3 Discussion of Ev olutionary Game AI

O�ine ev olutionary game AI ac hiev ed go o d results in exploiting w eaknesses in game

AI, and in disco v ering new tactics, in the duelling-spaceships en vironmen t describ ed

in Section 4.1. This is of no surprise, since the only requiremen t for use of ev olution-

ary learning is that an adequate �tness function can b e designed (Goldb erg, 1989 ).

A �tness function for the ev olution of tactics in a game ma y b e designed b y taking

in to accoun t the sp eed b y whic h an encoun ter is pla y ed out, and the e�ectiv eness

b y whic h agen ts defend themselv es and attac k the h uman pla y er. In general, games

pro vide suc h information. Th us, it ma y b e concluded that ev olutionary learning can

b e used to detect exploits in game AI, and to design new tactics for game AI.

In the duelling-spaceships exp erimen t, a neural net w ork w as used to implemen t

the game AI. It w as argued that a neural net w ork is not a suitable arc hitecture

to store game AI, b ecause it cannot create the equiv alen t of scripts consisting of

pro duction rules. In Chapter 6, where o�ine ev olutionary game AI will b e applied

to a di�eren t problem, an alternativ e learning structure will b e used, sp eci�cally

designed to ev olv e pro duction rules. Ho w ev er, the same o v erall design as used in

the presen t c hapter will b e used, namely ev olving strong tactics b y pitting o�ine

ev olutionary game AI against strong static game AI.

In the Quake capture-the-�ag exp erimen t describ ed in Section 4.2, online ev o-

lutionary game AI ac hiev ed go o d results in impro ving tactics against a sp eci�c op-

p onen t during Quake game-pla y . The opp onen t w as the standard opp onen t im-

plemen ted b y the Quake dev elop ers, with the abilit y to switc h b et w een di�eren t

con�gurations in resp onse to c hanging circumstances. Despite the go o d results, the

learning mec hanism w as sho wn to b e only mo derately e�cien t.

Laird (2000) is sk eptical ab out the p ossibilities o�ered b y online ev olutionary

game AI. He states that, while neural net w orks and ev olutionary algorithms ma y b e

applied to tune parameters, they are �gros s ly inadequate when it comes to creating

syn thetic c haracters with complex b eha viours automatically from scratc h�. In con-

trast, the results ac hiev ed with dynamic team AI in Quake sho w that it is certainly

p ossible to use online ev olutionary algorithms for game AI design. A similar disco v-

ery , using online ev olutionary learning to ev olv e agen t AI, w as made b y Demasi and

Cruz (2002).

Ho w ev er, the team AI designed for Quake capture-the-�ag, and the agen t AI

designed b y Demasi and Cruz (2002), are b oth simple, con trolled b y just a few

parameters. Regarding the ` c omplex b eha viours' referred to in Laird's sen timen t,

it is highly doubtful whether an ev olutionary approac h can generate those in an

e�cien t manner. It is lik ely that the searc h for complex b eha viour tak es place in

a large searc h space. In general, the larger the searc h space, the less e�cien t an

ev olutionary algorithm (or, indeed, an y other searc h algorithm) will b e (Russell and

Norvig, 2003 ). When online ev olutionary game AI is no longer e�cien t, its practical

use is negligible.

It ma y b e concluded that ev olutionary game AI is suitable for the o�ine adap-

tation of game AI, and for the online adaptation of game AI for simple b eha viour.

Ho w ev er, for lac k of e�ciency it is not the righ t approac h for the online adaptation
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of game AI for c omplex b eha viour. A di�eren t approac h to online adaptation of

game AI, targeted at the adaptation of complex b eha viour, will b e in tro duced in

Chapter 5.

4.4 Chapter Summary

In this c hapter b oth o�ine and online ev olutionary game AI w ere in v estigated. O�-

line ev olutionary game AI w as sho wn to b e able to exploit w eaknesses in game AI,

and to disco v er new tactics, when pitted against strong static game AI. Online ev olu-

tionary game AI w as sho wn to b e able to impro v e tactics against a sp eci�c opp onen t

during game-pla y . Ho w ev er, the success of online ev olutionary game AI dep ended

on the p oten tial solutions residing in a small searc h space. In general, when ev olving

game AI that is complex, online ev olutionary game AI will not b e su�cien tly e�-

cien t. E�ciency is a requiremen t to apply online adaptation of game AI in practice.

Therefore, to adapt complex game AI, a di�eren t approac h needs to b e used.





Chapter 5

Dynamic Scripting

When error is corrected whenev er it is recognised as suc h,

the path of error is the path of truth.

� Hans Reic hen bac h (1891� 1 9 5 3 ).

In Chapter 4 it w as sho wn that online ev olutionary game AI fails to meet one of the

computational requiremen ts for online-learning, namely the requiremen t of e�ciency

(2.3.4). The presen t c hapter

1

discusses online learning of game AI using a no v el

tec hnique called `dynamic scripting'. Dynamic scripting has b een designed to meet

all four computational online-learning requiremen ts. With a few enhancemen ts, it

is also able to meet all four functional requiremen ts. Section 5.1 in tro duces the

dynamic-scripting tec hnique. Exp erimen ts p erformed for ev aluating the adaptiv e

p erformance of dynamic scripting are describ ed in Sections 5.2 to 5.5. Section 5.2

describ es the exp erimen tal pro cedure, and in v estigates the p erformance of dynamic

scripting in a sim ulated CRPG. Section 5.3 in v estigates enhancemen ts to dynamic

scripting to reduce the n um b er of exceptionally long adaptation runs. Section 5.4

in v estigates enhancemen ts to dynamic scripting to allo w scaling of the di�cult y lev el

of the game AI to the exp erience lev el of the h uman pla y er. In Section 5.5, the results

ac hiev ed in the sim ulated CRPG are v alidated in an actual state-of-the-ar t CRPG.

A summary of the c hapter is pro vided in Section 5.6.

5.1 Dynamic-Scripti n g T ec hnique

This section describ es the dynamic-scripting tec hnique (5.1.1), pro vides pseudo-co de

for t w o of its main pro cess (5.1.2), and explains to what exten t it meets the compu-

tational and functional requiremen ts for online learning of game AI (5.1.3).

1

This c hapter is based on three pap ers b y Spronc k, Sprinkh uizen-Kuyp e r , and P ostma (2004a;

2004b; 2004c).
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Figure 5.1: Dynamic scripting.

5.1.1 Descripti on of Dynamic Scripti ng

Dynamic scripting is an online mac hine-learning tec hnique for game AI, that can b e

c haracteris e d as a sto c hastic optimisation tec hnique. Dynamic scripting main tains

sev eral rulebases, one for eac h agen t class in the game. Ev ery time a new instance of

an agen t is generated, the rulebases are used to create a new script that con trols the

agen t's b eha viour. The rules that comprise a script con trolling a particular agen t

are extracted from the rulebase asso cia ted with the agen t's class. The probabilit y

that a rule is selected for a script is in�uenced b y a w eigh t v alue that is attac hed

to eac h rule. A daptation of the rulebase pro ceeds b y c hanging the w eigh t v alues to

re�ect the success or failure rate of the corresp o nding rules in scripts. The w eigh t

c hanges are determined b y a w eigh t-up date function.

The dynamic-scripting tec hnique is illustrated in Figure 5.1 in the con text of a

commercial game. In the �gure, the team dressed in grey is con trolled b y a h uman

pla y er, while the computer con trols the team dressed in blac k. The rulebase asso ci-

ated with eac h computer-con trolled agen t (named `A' and `B' in Figure 5.1) con tains

man ually-designed rules deriv ed from domain-sp eci�c kno wledge. It is imp erativ e

that the ma jorit y of the rules in the rulebase de�ne e�ectiv e, or at least sensible,

agen t b eha viour.

A t the start of an encoun ter (i.e., a �gh t b et w een t w o opp osing teams), a new

script is generated for eac h computer-con trolled agen t, b y randomly selecting a sp e-

ci�c n um b er of rules from its asso cia ted rulebase. There is a linear relationship

b et w een the probabilit y that a rule is selected and its asso cia ted w eigh t. The order

in whic h the rules are placed in the script dep ends on the application domain. A
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priorit y mec hanism can b e used to let certain rules tak e precedence o v er other rules.

Suc h a priorit y mec hanism is only required if a general ordering of rules and actions

is prescrib ed b y the domain kno wledge. More sp eci�c action groupings, suc h as t w o

actions whic h m ust alw a ys b e executed in a sp eci�c order, should b e com bined in

one rule.

The learning mec hanism in the dynamic-scripting tec hnique is inspired b y rein-

forcemen t learning tec hniques (Sutton and Barto, 1998; Russell and Norvig, 2003 ).

`Regular' reinforcemen t learning tec hniques, suc h as TD-learning, in general need

large amoun ts of trials, and th us do not meet the requiremen t of e�ciency (Manslo w,

2002 ; Madeira et al. , 2004 ). Reinforcemen t learning ma y b e suitable for online learn-

ing of game AI when the trials o ccur in a short time-span. Suc h ma y b e the case

on an op erationa l lev el of in telligence, as in, for instance, the w ork b y Graep el et al.

(2004), where �gh t mo v emen ts in a �gh ting game are learned. Ho w ev er, for the

learning on a tactical or strategic lev el of in telligence, a trial consists of observing

the p erformance of a tactic o v er a fairly long p erio d of time. Therefore, for the

online learning of tactics in a game, reinforcemen t learning will tak e to o long to b e

particularly suitable. In con trast, dynamic scripting has b een designed to learn from

a few trails only .

In the dynamic-scripting approac h, learning pro ceeds as follo ws. Up on com-

pletion of an encoun ter (com bat), the w eigh ts of the rules emplo y ed during the

encoun ter are adapted dep ending on their con tribution to the outcome. Rules that

lead to success are rew arded with a w eigh t increase, whereas rules that lead to failure

are punished with a w eigh t decrease. The incremen t or decremen t of eac h w eigh t

is comp ensated for b y decreasing or increasing all remaining w eigh ts as to k eep the

w eigh t total constan t.

Dynamic scripting can b e applied to an y form of game AI that meets three

requiremen ts: (i) the game AI can b e scripted, (ii) domain kno wledge on the c har-

acteristics of a successful script can b e collected, and (iii) an ev aluation function

can b e designed to assess the success of the script. Note that the maxim um pla ying

strength game AI can ac hiev e using dynamic scripting dep ends on the qualit y of the

domain kno wledge used to create the rules in the rulebase. In the presen t c hapter,

it is assumed that the game dev elop er pro vides high-qualit y domain kno wledge. In

Chapter 6, I discuss the automatic generation of high-qualit y domain kno wledge.

5.1.2 Dynamic Scripti ng Co de

The t w o cen tral pro cesses of the dynamic-scripting tec hnique are script generation

and w eigh t adjustmen t, whic h are sp eci�ed in pseudo-co de in this subsection. In

the co de, the rulebase is represen ted b y an arra y of rule ob jects. Eac h rule ob ject

has three attributes, namely (i) weight , whic h stores the rule's w eigh t as an in teger

v alue, (ii) line , whic h stores the rule's actual text to add to the script when the rule

is selected, and (iii) activate d , whic h is a b o olean that indicates whether the rule

w as activ ated during script execution.

Algorithm 1 presen ts the script generation algorithm. In the algorithm, the

function `InsertInScript' add a line to the script. If the line is already in the script,
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Algorithm 1 Script Generation

1: ClearScript()

2: sumweights = 0
3: for i = 0 to rulecount � 1 do

4: sumweights = sumweights + rule [i ]:weight
5: end for

6: for i = 0 to scriptsize � 1 do

7: try = 0
8: lineadded = false

9: while try < maxtries and not lineadded do

10: j = 0
11: sum = 0
12: selected= � 1
13: f raction = random (sumweights)
14: while selected < 0 do

15: sum = sum + rule [j ]:weight
16: if sum > fraction then

17: selected= j
18: else

19: j = j + 1
20: end if

21: end while

22: lineadded = InsertInScript( rule [selected]:line )

23: try = try + 1
24: end while

25: end for

26: FinishScript()

the function has no e�ect and returns `false'. Otherwise, the line is inserted and

the function returns `true'. The algorithm aims to put scriptsize lines in the script,

but ma y end up with less lines if it needs more than maxtries trials to �nd a new

line. The function `FinishScript' app ends one or more lines to the script, to ensure

that the script will alw a ys �nd an action to execute. F or computational sp eed, all

n um b ers in the algorithm are in teger v alues.

Algorithm 2 presen ts the w eigh t adjustmen t algor ithm. The function `Calcu-

lateA djustmen t' calculates the rew ard or p enalt y eac h of the activ ated rules receiv es.

The parameter F itness is a measure of the p erformance of the script during the en-

coun ter. F or computational sp eed, all n um b ers in the algorithm are in teger v alues,

except for the v alue of F itness , whic h is a real v alue.

Note that in Algorithm 1 the calculation of sumweights in lines 3 to 5 should

alw a ys lead to the same result, namely the sum of all the initial rule w eigh ts. Ho w-

ev er, the short calculation that is used to determine the v alue of sumweights ensures

that the algor ithm will succeed ev en if Algorithm 2 do es not divide the v alue of

r emainder completely (to a v oid using to o man y pro cessing cycles).



5.1 � Dynamic-Scripting T e chnique 83

Algorithm 2 W eigh t A djustmen t

1: active = 0
2: for i = 0 to rulecount � 1 do

3: if rule [i ]:activated then

4: active = active + 1
5: end if

6: end for

7: if active < = 0 or active > = rulecount then

8: return {No up dates are needed.}

9: end if

10: nonactive = rulecount � active
11: adjustment = CalculateA djustmen t (F itness )
12: compensation = � round (active � adjustment=nonactive )
13: remainder = � active � adjustment � nonactive � compensation
14: {A w arding rew ards and p enalties:}

15: for i = 0 to rulecount � 1 do

16: if rule [i ]:activated then

17: rule [i ]:weight = rule [i ]:weight + adjustment
18: else

19: rule [i ]:weight = rule [i ]:weight + compensation
20: end if

21: if rule [i ]:weight < minweight then

22: remainder = remainder + ( rule [i ]:weight � minweight )
23: rule [i ]:weight = minweight
24: else if rule [i ]:weight > maxweight then

25: remainder = remainder + ( rule [i ]:weight � maxweight )
26: rule [i ]:weight = maxweight
27: end if

28: end for

29: {Division of remainder:}

30: i = 0
31: while remainder > 0 do

32: if rule [i ]:weight < = maxweight � 1 then

33: rule [i ]:weight = rule [i ]:weight + 1
34: remainder = remainder � 1
35: end if

36: i = ( i + 1) mo d rulecount
37: end while

38: while remainder < 0 do

39: if rule [i ]:weight > = minweight + 1 then

40: rule [i ]:weight = rule [i ]:weight � 1
41: remainder = remainder + 1
42: end if

43: i = ( i + 1) mo d rulecount
44: end while
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5.1.3 Dynamic Scripti ng and Learning Requiremen ts

Dynamic scripting meets �v e of the eigh t computational and functional requiremen ts

(2.3.4) b y design, as follo ws.

� Sp e e d (computational): Dynamic scripting is computationally fast, b ecause

it only requires the extraction of rules from a rulebase and the up dating of

w eigh ts once p er encoun ter.

� E�e ctiveness (computational): Dynamic scripting is e�ectiv e, b ecause all rules

in the rulebase are based on domain kno wledge. Therefore, ev ery action whic h

an agen t executes through a script that con tains these rules, is an action that

is at least reasona bly e�ectiv e (although it ma y b e inappropriate for certain

situations). Note that if the game dev elop ers mak e a mistak e and include

an inferior rule in the rulebase, the dynamic-scripting tec hnique will quic kly

assign this rule a lo w w eigh t v alue. Therefore, the requiremen t of e�ectiv eness

is met ev en if the rulebase con tains a few inferior rules.

� R obustness (computational): Dynamic scripting is robust, b ecause rules are

not remo v ed immediately when punished. Instead, they get selected less of-

ten. Their selection rate will automatically increase again, either when they

are included in a script that ac hiev es go o d results, or when other rules are

punished.

� Clarity (functional): Dynamic scripting generates scripts, whic h can b e easily

understo o d b y game dev elop ers.

� V ariety (functional): Dynamic scripting generates a new script for ev ery agen t,

and th us pro vides a high v ariet y in b eha viour.

The remaining three requiremen ts, namely the computational requiremen t of

e�ciency and the functional requiremen ts of consistency and scalabilit y , are not met

b y design. The dynamic-scripting tec hnique is b eliev ed to meet the requiremen t of

e�ciency , b ecause with appropria te w eigh t-up dating parameters it can adapt after

a few trials only . This is in v estigated empirically in Section 5.2. Enhancemen ts to

the dynamic-scripting tec hnique that mak e it meet the requiremen ts of consistency

and scalabilit y are in v estigated in Sections 5.3 and 5.4, resp ectiv ely .

5.2 E�ciency V alidation

Since the dynamic-scripting tec hnique is designed to b e used against h uman pla y ers,

ideally an empirical ev aluation of the tec hnique is deriv ed from an analysis of games

it pla ys against h umans. Ho w ev er, due to the h uge n um b er of tests that m ust

b e p erformed, suc h an ev aluation is not feasible within a reasona ble amoun t of

time (Madeira et al. , 2004 ). Therefore, I decided to ev aluate the dynamic-scripting

tec hnique b y its abilit y to disco v er scripts capable of defeating strong, but static,

tactics. T ranslated to a game pla y ed against h uman pla y ers, the ev aluation tests
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Figure 5.2: The CRPG sim ulation.

the abilit y of the dynamic-scripting tec hnique to force the h uman pla y er to seek

con tin uously new tactics, b ecause the game AI will automatically adapt to deal with

tactics that are used often. The ev aluation w as p erformed in a sim ulated CRPG.

This section describ es the sim ulation en vironmen t (5.2.1), the scripts and rulebases

(5.2.2), the w eigh t-up date function (5.2.3), the tactics against whic h the dynamic-

scripting tec hnique is tested (5.2.4), the measures used to ev aluate the results (5.2.5),

and the ac hiev ed exp erimen tal results (5.2.6).

5.2.1 Sim ulati on En vironmen t

The CRPG sim ulation used to ev aluate dynamic scripting is illustrated in Figure 5.2.

It is mo delled after the p opular Baldur 's Ga te games. These games (along with

a few others) con tain the most complex and extensiv e game-pla y system found in

mo dern CRPGs, closely resem bling classic non-computer rolepla ying games (Co ok,

T w eet, and Williams, 2000). The sim ulation en tails an encoun ter b et w een t w o teams

of similar comp osition. The `dynamic team' is con trolled b y dynamic scripting.

The `static team' is con trolled b y unc hanging scripts, that represen t strong tactics.

Eac h team consists of four agen ts, namely t w o `�gh ters' and t w o `wizards' of equal
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`exp erience lev el'. The armamen t and w eap onry of the teams is static, and eac h

agen t is allo w ed to select t w o (out of three p ossible) magic p otions. In addition, the

wizards are allo w ed to memorise sev en (out of 21 p ossible) magic sp ells. The sp ells

incorp ora ted in the sim ulation are of v arying t yp es, amongst whic h damaging sp ells,

blessings, curses, c harms, area-e�ect sp ells, and summoning sp ells.

The sim ulation is implemen ted with hard constrain ts and soft constrain ts. Hard

constrain ts are constrain ts that are submitted b y the games rules, e.g., a hard con-

strain t on sp ells is that they can only b e used when they are memorised, and a

hard constrain t on agen ts is that they can only execute an action when they are not

incapacitated. Soft constrain ts are constrain ts that follo w as logical consequences

from the rules, e.g., a soft constrain t on a healing p otion is that only an agen t that

has b een damaged should drink it. Both hard and soft constrain ts are tak en in to

accoun t when a script is executed, e.g., agen ts will not drink a healing p otion when

they are incapacitated or undamaged.

In the sim ulation, the practical issue of c ho osing sp ells and p otions for agen ts is

solv ed b y making the c hoice dep end on the (generated) scripts, as follo ws. Before

the encoun ter starts, the scripts are scanned to �nd rules con taining actions that

refer to drinking p otions or casting sp ells. When suc h a rule is found, a p otion or

sp ell that can b e used in that action is selected. If the agen t con trolled b y the script

is allo w ed to p ossess the p otion or sp ell, it is added to the agen t's in v en tory .

More details on the CRPG sim ulation en vironmen t can b e found in App endix

A, Section A.1.

5.2.2 Scripts and Rulebases

The scripting language w as designed to em ulate the p o w er and v ersatilit y of the

scripts used in the Baldur 's Ga te games. The scripting language is explained in

detail in App endix A, Section A.2.

Rules in the scripts are executed in sequen tial order. F or eac h rule the condition

(if presen t) is c hec k ed. If the condition is ful�lled (or absen t), the action is executed

if it ob eys all relev an t hard and soft constrain ts. If no action is selected when the

�nal rule is c hec k ed, the default action `pass' is used.

When dynamic scripting generates a new script, the rule order in the script is

determined b y a man ually-ass ig ned priorit y v alue. Rules with a higher priorit y tak e

precedence o v er rules with a lo w er priorit y . In case of equal priorit y , the rules with

higher w eigh ts tak e precedence. F or rules with equal priorities and equal w eigh ts,

the order is determined randomly .

The selection of script sizes w as motiv ated b y the follo wing t w o considerations,

namely that (i) a �gh ter has less action c hoices than a wizard, th us a �gh ter's script

can b e shorter than a wizard's script, and (ii) a t ypical �gh t will last �v e to ten

rounds, th us a maxim um of ten rules in a script seems su�cien t. Therefore, the size

of the script for a �gh ter w as set to �v e rules, whic h w ere selected out of a rulebase

con taining t w en t y rules. F or a wizard, the script size w as set to ten rules, whic h

w ere selected out of a rulebase con taining �ft y rules. A t the end of eac h script,

default rules w ere attac hed, to ensure the execution of an action in case none of the
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rules extracted from the rulebase could b e activ ated. The rulebases used are listed

in App endix A, Section A.3.

5.2.3 W eigh t-Up date F unction

The w eigh t-up date function is based on t w o so-called `�tness functions', namely (i)

a team-�tness function F (g) (where g refers to the team), and (ii) an agen t-�tness

function F (a; g) (where a refers to the agen t, and g refers to the team to whic h the

agen t b elongs). The �tness functions ha v e b een designed with the aim to assign

high �tness to b eha viour that manages to defeat the opp osing team, or that at least

manages to put up a go o d �gh t.

Both �tness functions yield a v alue in the range [0; 1]. The �tness v alues are

calculated at time t = T , where T is the time step at whic h all agen ts in one of

the teams are `defeated', i.e., ha v e their health reduced to zero or less. A team of

whic h all agen ts are defeated, has lost the �gh t. A team that has at least one agen t

`surviving', has w on the �gh t. A t rare o ccasions b oth teams ma y lose at the same

time.

The team-�tness function is de�ned as follo ws.

F (g) =
X

c2 g

8
>><

>>:

0 { g lost}

1
2Ng

 

1 +
hT (c)
h0(c)

!

{ g w on}

(5.1)

In this equation, g refers to a team, c refers to an agen t, Ng 2 N is the total n um b er

of agen ts in team g, and ht (c) 2 N is the health of agen t c at time t . A ccording the

equation, a `losing' team has a �tness of zero, while the `winning' team has a �tness

exceeding 0:5.

The agen t-�tness function is de�ned as follo ws.

F (a; g) =
1
10

�
3F (g) + 3 A(a) + 2 B (g) + 2 C(g)

�
(5.2)

In this equation, a refers to the agen t whose �tness is calculated, and g refers to the

team to whic h agen t a b elongs. The equation con tains four comp onen ts, namely (i)

F (g) , the �tness of team g, deriv ed from equation 5.1, (ii) A(a) 2 [0; 1], whic h is a

rating of the surviv al capabilit y of agen t a, (iii) B (g) 2 [0; 1], whic h is a measure of

health of all agen ts in team g, and (iv) C(g) 2 [0; 1], whic h is a measure of damage

done to all agen ts in the team opp osing g. The w eigh t of the con tribution of eac h

of the four comp onen ts to the �nal outcome w as determined arbitrar ily , taking in to

accoun t the consideration that agen ts should giv e high rew ards to a team victory , and

to their o wn surviv al (expressed b y the comp onen ts F (g) and A(a) , resp ectiv ely).

The function assigns smaller rew ards to the surviv al of the agen t's comrades, and to

the damage in�icted up on the opp osing team (expressed b y the comp onen ts B (g)
and C(g) , resp ectiv ely). As suc h the agen t-�tness function is a go o d measure of the

success rate of the script that con trols the agen t.
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The comp onen ts A(a) , B (g) , and C(g) are de�ned as follo ws.

A(a) =
1
3

8
>>>><

>>>>:

min

 
D (a)
Dmax

; 1

!

{ hT (a) � 0}

2 +
hT (a)
h0(a)

{ hT (a) > 0}

(5.3)

B (g) =
1

2Ng

X

c2 g

8
><

>:

0 { hT (c) � 0}

1 +
hT (c)
h0(c)

{ hT (c) > 0}

(5.4)

C(g) =
1

2N : g

X

c=2 g

8
><

>:

1 { hT (c) � 0}

1 �
hT (c)
h0(c)

{ hT (c) > 0}

(5.5)

In equations 5.3 to 5.5, a and g are as in equation 5.2, c, Ng and ht (c) are as in

equation 5.1, N : g 2 N is the total n um b er of agen ts in the team that opp oses g,

D(a) 2 N is the time of `death' of agen t a, and Dmax is a constan t ( Dmax w as set to

100 in the exp erimen ts, whic h equals ten com bat rounds, whic h is longer than most

�gh ts last).

The agen t �tness is translated in to w eigh t adaptations for the rules in the script.

W eigh t v alues are b ounded b y a range [Wmin ; Wmax ], with excess rew ards b eing

redistributed o v er all w eigh ts. Only the rules in the script that are actually executed

during an encoun ter are rew arded or p enalised. A new w eigh t v alue is calculated as

W + MW , where W is the original w eigh t v alue, and the w eigh t adjustmen t MW is

expressed b y the follo wing form ula.

MW =

8
>>>><

>>>>:

�b Pmax
b� F

b
c { F < b }

bRmax
F � b
1 � b

c { F � b}

(5.6)

In this equation, Rmax 2 N and Pmax 2 N are the maxim um rew ard and maxim um

p enalt y resp ectiv ely , F is the agen t �tness, and b 2 h0; 1i is the break-ev en v alue. A t

the break-ev en p oin t the w eigh ts remain unc hanged. T o k eep the sum of all w eigh t

v alues in a rulebase constan t, w eigh t c hanges are executed through a redistribution

of all w eigh ts in the rulebase. The w eigh t-adjustmen t form ula is visualised later in

this c hapter, in �gure 5.6 (left).

In the e�ciency-v alidation exp erimen t, v alues for the constan ts w ere set as fol-

lo ws. The break-ev en v alue b w as set to 0:3, since in the sim ulation this v alue is

b et w een the �tness v alue that the `b est losing agen t' ac hiev es and the �tness v alue

that the `w orst winning agen t' ac hiev es (ab out 0:2 and 0:4, resp ectiv ely). The ini-

tialisation of the rulebase assigned all w eigh ts the same w eigh t v alue, Winit = 100 .
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Wmin w as set to zero to allo w rules that are punished a lot to b e e�ectiv ely remo v ed

from the script-genera tio n pro cess. Wmax w as set to 2000, whic h is suc h a high

v alue that it allo ws w eigh ts to gro w more or less unrestricted. Rmax w as set to 100
to increase the e�ciency of dynamic scripting b y allo wing large w eigh t increases for

agen ts with a high �tness. Pmax w as set to 30, whic h is relativ ely small compared

to Rmax , to protect the rulebase from degradatio n as so on as a lo cal optim um is

found. In tuitiv ely , the argumen t for the lo w v alue of Pmax seems to b e correct, since

the p enalt y is similar to the m utation rate in ev olutionary algorithms, whic h should

b e small in the neigh b ourho o d of an optim um (Bäc k, 1996 ). Ho w ev er, in Section

5.3 it will b e sho wn that a higher v alue for the maxim um p enalt y giv es a b etter

p erformance for dynamic scripting.

5.2.4 T actics

F our di�eren t basic tactics and three comp osite tactics w ere de�ned for the static

team. The four basic tactics, implemen ted as a static script for eac h agen t of the

static team, are as follo ws (in these description, an `enem y' is a mem b er of the

dynamic team).

O�ensiv e: The �gh ters alw a ys attac k the nearest enem y with a melee w eap on,

while the wizards use the most damaging o�ensiv e sp ells at the (according to

domain kno wledge) most susceptible enemies.

Disabling: The �gh ters start b y drinking a p otion that protects them from an y

disabling e�ect, then attac k the nearest enem y with a melee w eap on. The

wizards use all kinds of sp ells that incapacitate enemies for sev eral rounds.

Cursing: The �gh ters alw a ys attac k the nearest enem y with a melee w eap on, while

the wizards use all kinds of sp ells that reduce the enemies' e�ectiv eness, e.g.,

they try to c harm enemies (i.e., turn them in to allies), ph ysically w eak en enem y

�gh ters, deafen enem y wizards (whic h causes man y of the sp ells they cast to

fail), and summon minions in the middle of the enem y team.

Defensiv e: The �gh ters start b y drinking a p otion that reduces �re damage, after

whic h they attac k the closest enem y with a melee w eap on. The wizards use

all kinds of defensiv e sp ells, to de�ect harm from themselv es and from their

comrades, including the summoning of minions.

Details of the basic tactics are listed in App endix A, Section A.4.

T o assess the abilit y of the dynamic-scripting tec hnique to cop e with sudden

c hanges in tactics, the follo wing three comp osite tactics w ere de�ned.

Random team: F or eac h encoun ter, one of the four basic tactics is selected ran-

domly .

Random agen t: F or eac h encoun ter, eac h agen t randomly selects one of the four

basic tactics, indep enden t from the c hoices of his comrades.
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Figure 5.3: A v erage �tness in size-10 windo w progres s io n.

Consecutiv e: The static team starts b y using one of the four basic tactics. F or

eac h encoun ter, the team will con tin ue to emplo y the tactic used during the

previous encoun ter if that encoun ter w as w on, but will switc h to the next tactic

if that encoun ter w as lost. This strategy is closest to what h uman pla y ers do:

they stic k with a tactic as long as it w orks, and switc h when it fails. This

design mak es the consecutiv e tactic the most di�cult tactic to defeat.

5.2.5 Measuring P erformance

In order to iden tify reliable c hanges in strength b et w een teams, the notion of the

`turning p oin t' is de�ned as follo ws. After eac h encoun ter the a v erag e �tness for

eac h of the teams o v er the last ten encoun ters is calculated. The dynamic team is

said to `outp erform' the static team at an encoun ter if the a v erag e �tness o v er the

last ten encoun ters is higher for the dynamic team than for the static team. The

turning p oin t is the n um b er of the �rst encoun ter after whic h the dynamic team

outp erforms the static team for at least ten consecutiv e encoun ters.

Figure 5.3 illustrates the turning p oin t with a graph displa ying the progres s io n

of the a v erag e team-�tness in a size-10 windo w (i.e., the v alues for the a v erag e team

�tness for ten consecutiv e encoun ters) for b oth teams, in a t ypical test. The hori-

zon tal axis represen ts the encoun ters. Because of the size-10 windo w, the �rst v alues

are displa y ed for encoun ter n um b er 10. In this example at encoun ter n um b er 29 the

dynamic team outp erforms the static team, and main tains its sup erior p erformance

for ten encoun ters. Therefore, the turning p oin t is 29. The absolute �tness v alues

for the same t ypical test are displa y ed in Figure 5.4. Since after eac h encoun ter

the �tness for one of the teams is zero, only the �tness for the winning team is

displa y ed p er encoun ter (the colour of the bar indicates whic h is the winning team).
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Figure 5.4: Absolute �tness F (g) as a function of the encoun ter n um b er.

Eviden tly , after encoun ter 25, the dynamic team wins more often than the static

team. Note that, regar dles s ho w long training lasts, the dynamic team will nev er

reac h a p oin t where it is able to win alw a ys, due to (i) the randomness inheren t in

the sim ulation, (ii) the v ariet y of the scripts generated b y dynamic scripting, and

(iii) the e�ectiv eness of the static tactics.

A lo w v alue for the turning p oin t indicates go o d e�ciency of dynamic scripting,

since it indicates that the dynamic team consisten tly outp erforms the static team

within a few encoun ters only .

5.2.6 E�ciency-V ali dati on Results

F or eac h of the tactics I ran 100 tests to determine the a v erag e turning p oin t. The

results of these tests are presen ted in T able 5.1. The columns of the table represen t,

from left to righ t, (i) the name of the tactic, (ii) the a v erag e turning p oin t, (iii) the

standard deviation, (iv) the median, (v) the highest v alue for a turning p oin t found,

and (vi) the a v erag e of the �v e highest v alues.

The aim of the �rst exp erimen t w as to test the viabilit y and e�ciency of dynamic

scripting. The ac hiev ed results sho w that dynamic scripting is b oth a viable, and a

highly e�cien t tec hnique (at least in the presen t domain of com bat in CRPGs). F or

all tactics, dynamic scripting yields lo w turning p oin ts. In addition to this general

observ atio n, I giv e three more sp eci�c observ a tio ns .

First, the `disabling' tactic is easily defeated b y the dynamic team. Apparen tly

it is not a go o d tactic, b ecause dealing with it requires little or no adaptation of the

rulebase.

Second, the `consecutiv e' tactic, whic h w as argued to b e closest to h uman-pla y er
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T actic A v erage St.dev. Median Highest T op 5

O�ensiv e 58 35.0 53 314 155

Disabling 12 5.2 10 51 31

Cursing 137 333.6 35 1767 1461

Defensiv e 31 18.8 27 93 77

Random team 56 74.4 34 595 310

Random agen t 53 67.0 27 398 289

Consecutiv e 72 100.3 47 716 424

T able 5.1: T urning-p oin t v alues for dynamic scripting pitted against sev en di�eren t

tactics, a v erag e d o v er 100 tests.

b eha viour, is o v erall the most di�cult to defeat with dynamic scripting.

2

Nev er-

theless, the dynamic-scripting tec hnique is capable of defeating this tactic rather

quic kly , esp ecially considering the fact that the rulebase started out with all w eigh ts

b eing equal, while in an actual game the w eigh ts w ould b e biased from the start to

giv e the ob jectiv ely b etter rules a higher selection probabilit y .

Third, it is striking that for all tactics the a v erag e turning p oin t is signi�can tly

higher than the median. The explanation is the rare o ccurrence of extremely high

turning p oin ts. These so-called `outliers' are explained b y the high degree of ran-

domness that is inheren t to the sim ulated CRPG, and to games in general. A long

run of encoun ters where pure c hance driv es the learning pro cess a w a y from an opti-

m um (e.g., a run of encoun ters wherein the dynamic team is luc ky and wins despite

emplo ying inferior tactics, or wherein the dynamic team is unluc ky and loses de-

spite emplo ying go o d tactics) ma y place the rulebase in a state from whic h it has

di�cult y to reco v er. Due to the randomness inheren t in games, suc h o ccasiona l

long runs are una v oidable, but their probabilit y of o ccurrence ma y b e reduced. T w o

coun termeasures against outliers are discussed in Section 5.3.

5.3 Outlier Reduction

The o ccasiona l o ccurrence of outliers withholds dynamic scripting from meeting

the requiremen t of consistency . T o reduce the n um b er of outliers o ccurring with

the application of dynamic scripting, I prop ose t w o coun termeasures , namely (i)

p enalt y balancing, and (ii) history fallbac k. The t w o coun termeasures are explained

in Subsections 5.3.1 and 5.3.2, resp ectiv ely . The coun termeasures are ev aluated in

an exp erimen t, of whic h the results are presen ted in Subsection 5.3.3, and discussed

in Subsection 5.3.4.

2

A t �rst glance the `cursing' tactic migh t seem harder to defeat, but the median v alue sho ws

that this is not the case; the `cursing' tactic's high a v erage is caused b y its high susceptibilit y to

outliers, whic h are discussed in Section 5.3
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5.3.1 P enalt y Balancing

The magnitude of the w eigh t adaptation in a rulebase dep ends on a measure of the

success (or failure) of the agen t whose script is extracted from the rulebase. It is

calculated according to equation 5.6. `P enalt y balancing' is balancing the magnitude

of the maxim um p enalt y Pmax against the maxim um rew ard Rmax , to optimise sp eed

and e�ectiv eness of the adaptation pro cess. The exp erimen tal results presen ted in

Section 5.2 relied on a maxim um p enalt y that w as substan tially smaller than the

maxim um rew ard (namely , Pmax = 30 and Rmax = 100 ). As stated in Subsection

5.2.3, the argumen t for the relativ ely small maxim um p enalt y is that, as so on as

a lo cal optim um is found, the rulebase should b e protected against degradatio n.

Ho w ev er, when a sequence of undeserv ed rew ards leads to wrong settings of the

w eigh ts, reco v ering the appropria te w eigh t v alues is hamp ered b y a relativ ely lo w

maxim um p enalt y . P enalt y balancing attempts to tak e this in to accoun t b y balancing

the need to reco v er from erroneous w eigh t v alues against the risk of mo ving a w a y

from an optim um.

5.3.2 History F allbac k

In the form ulation of dynamic scripting in Section 5.1, the old w eigh ts of the rules in

the rulebase are erased when the rulebase adapts. With history fallbac k all previous

w eigh ts are retained in so-called `historic rulebases'. When learning seems to b e

stuc k in a sequence of rulebases that ha v e inferior p erformance, it can `fall bac k' to

one of the historic rulebases that seemed to p erform b etter.

Caution should b e tak en not to b e to o eager to fall bac k to earlier rulebases.

The dynamic-scripting tec hnique is quite robust, and learns from b oth successes and

failures. Returning to an earlier rulebase means losing ev erything that w as learned

after that rulebase w as generated. F urthermore, an earlier rulebase ma y ha v e a high

�tness due to c hance, and returning to it migh t therefore ha v e an adv erse e�ect.

It w as empirically con�rmend that the p erformance of dynamic scripting w orsened

when extended with a history-fallbac k mec hanism that w as eager to return to a

previous rulebase. Therefore, history fallbac k should only b e activ ated when there

is a high probabilit y that a truly inferior rulebase is replaced b y a truly sup erior one.

The implemen tation of history fallbac k is as follo ws. The curren t rulebase R is

used to generate scripts that con trol the b eha viour of an agen t during an encoun ter.

After eac h encoun ter i , b efore the w eigh t up dates, all w eigh t v alues from rulebase

R are copied to historic rulebase Ri . With Ri are also stored: the team-�tness

v alue F (g) , the agen t-�tness v alue F (a; g) , and a n um b er represen ting the so-called

`paren t' of Ri . The paren t of Ri is the historic rulebase whose w eigh ts w ere up dated

to generate Ri (usually the paren t of Ri is Ri � 1 ). A rulebase is considered `inferior'

when b oth its o wn �tness v alues and the �tness v alues of its N immediate ancestors,

are lo w (i.e., b elo w a threshold v alue T ). A rulebase is considered `sup erior' when

b oth its o wn �tness v alues and the �tness v alues of its N immediate ancestors, are

high (i.e., ab o v e T ). If at encoun ter i w e �nd that Ri is inferior, and in Ri 's ancestry

w e �nd a historic rulebase Rj that is sup erior, the next paren t used to generate the
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curren t rulebase R will not b e Ri but Rj . Because it is useless to return to a historic

rulebase that has not y et learned, the mec hanism only falls bac k to a rulebase Rj

for j > J . In the exp erimen ts N = 3 , T = 0 :4, and J = 10 w ere used.

Though unlik ely , with this mec hanism it is still p ossible to fall bac k to a historic

rulebase that do es not p erform w ell in the curren t situation, although it seemed

to p erform w ell in the past. While this will b e disco v ered b y the learning pro cess

so on enough, the risk of returning to suc h a rulebase o v er and o v er again should b e

minimised. I prop ose t w o di�eren t w a ys of a v oiding this risk. The �rst is b y simply

not allo wing the mec hanism to fall bac k to a historic rulebase that is `to o old', but

only allo w it to fall bac k to the last M ancestors (in the exp erimen t M = 15 w as

used). This is called `limited-distance fallbac k' (LDF). The second is ac kno wledging

that the agen t-�tness v alue of a rulebase should not b e to o di�eren t from that of

its direct ancestors. This is realised b y propaga ting a newly calculated �tness v alue

bac k through the ancestry of a rulebase, and factoring it in to the �tness v alues for

those ancestors. As a consequence, a rulebase that has c hildren with lo w agen t-

�tness v alues will b e assigned an agen t-�tness v alue that is also small. This is called

`�tness-propag a tio n fallbac k' (FPF). Both v ersions of history fallbac k allo w dynamic

scripting to reco v er earlier rulebases, that are truly b etter than the curren t one.

5.3.3 Outlier-R educt i on Results

T o test the e�ectiv eness of p enalt y balancing and history fallbac k, I ran an ex-

p erimen t in the sim ulated CRPG. The exp erimen t consisted of a series of tests,

executed in a manner equal to the e�ciency-v alidation exp erimen t (5.2). I decided

to use the `consecutiv e' tactic for the static team, since this tactic is the most c hal-

lenging for dynamic scripting. I compared nine di�eren t con�gurations , namely

learning runs using maxim um p enalties Pmax = 30 , Pmax = 70 and Pmax = 100 ,

com bined with the use of no fallbac k (NoF), limited-distance fallbac k (LDF), and

�tness-propag a tio n fallbac k (FPF). All other parameters w ere set equal to the v alues

used in the e�ciency-v alidation exp erimen t.

T able 5.2 giv es an o v erview of the exp erimen tal results. The columns of the

table represen t, from left to righ t, (i) the v alue for Pmax , (ii) the history-fallbac k

mec hanism used, (iii) the a v erag e turning p oin t, (iv) the standard deviation, (v) the

median, (vi) the highest v alue for the turning p oin t, and (vii) the a v erag e of the �v e

highest v alues.

Figure 5.5 sho ws histograms of the turning p oin ts for eac h of the series of tests.

The turning p oin ts ha v e b een group ed in ranges of 25 di�eren t v alues. Eac h bar

indicates the n um b er of turning p oin ts falling within a range. Eac h graph starts with

the leftmost bar represen ting the range [0; 24]. The righ tmost bars in the topmost

three graphs represen t all turning p oin ts of 500 or greater (the other graphs do not

ha v e turning p oin ts in this range).

F rom T able 5.2 and Figure 5.5 I deriv e the follo wing four observ atio ns . (i) P enalt y

balancing is a necessary requiremen t to reduce the n um b er of outliers. All exp eri-

men ts that ha v e a higher maxim um p enalt y than the original Pmax = 30 reduce the
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Pmax F allbac k A v erage St.dev. Median Highest T op 5

30 NoF 72 100.3 47 716 424

30 LDF 99 229.3 49 2064 837

30 FPF 80 145.0 54 971 605

70 NoF 62 69.4 44 336 301

70 LDF 52 56.2 37 393 238

70 FPF 60 57.3 32 391 245

100 NoF 66 59.5 59 322 246

100 LDF 68 56.7 60 271 225

100 FPF 57 50.6 53 331 202

T able 5.2: T urning-p oin t v alues for dynamic scripting pitted against the consecutiv e

tactic, a v erag e d o v er 100 tests.

n um b er and magnitude of outliers.

3

(ii) There is no discernable di�erence in the

e�ect of limited-distance fallbac k and the e�ect of �tness-propag a tio n fallbac k. (iii)

If p enalt y balancing is not applied, history fallbac k seems to ha v e no e�ect or ev en

an adv erse e�ect. (iv) If p enalt y balancing is applied, history fallbac k has no ad-

v erse e�ect and ma y actually ha v e a p ositiv e e�ect. One of the reasons wh y history

fallbac k is so e�ectiv e in com bination with p enalt y balancing ma y b e the follo wing.

In Subsection 5.3.1 it w as stated that p enalt y balancing runs the risk of losing a

disco v ered optim um due to c hance. History fallbac k coun teracts this risk.

As a �nal test, a com bination of p enalt y balancing with Pmax = 70 and limited-

distance fallbac k w as applied to all the di�eren t tactics a v ailable in the sim ulation

en vironmen t. The results are summarised in T able 5.3. A compariso n of T able 5.3

and T able 5.1 sho ws a signi�can t, often v ery large reduction of the b oth the highest

turning p oin t and the a v erag e of the highest �v e turning p oin ts, for all tactics except

for the `disabling' tactic (note, ho w ev er, that the increased turning p oin ts for the

`disabling' tactic are inconsequen tial, since the `disabling' tactic already has the

lo w est turning p oin ts in b oth tables). Therefore, the results of the �nal test clearly

supp ort the p ositiv e e�ect of the t w o coun termeasures against outliers.

5.3.4 Discussion of Outlier-R educt i on Results

It is clear from the results in T able 5.2 that the n um b er of outliers has b een sig-

ni�can tly reduced with the prop osed coun termeasures. Ho w ev er, exceptionally long

learning runs still o ccur in the sim ulation exp erimen ts, ev en though they are rare,

and less extreme than without the coun termeasures. Do es this mean that dynamic

3

After the �rst publication of dynamic scripting b y Spronc k, Sprinkh uizen-Kuyp e r , and P ostma

(2003b) , I w as con tact e d b y Dahlb om on the question ho w to apply dynamic scripting to real-

time strateg y games. Indep en d e n t ly of the results rep ort e d b y Spronc k , Sprinkh uizen-Kuyp e r ,

and P ostma (2004b) , Dahlb om (2004) later arriv ed at a simi l ar conclusion regard ing the e�ect of

p enalt y balancing on the reduct ion of outliers.
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Figure 5.5: Histograms for the turning p oin ts in 100 tests, for the outlier-reduction

exp erimen t.

scripting, enhanced with the coun termeasures, still do es not meet the requiremen t

of consistency?

I argue that the coun termeasures do mak e dynamic scripting meet the require-

men t of consistency . The argumen t is t w ofold: (i) Because dynamic scripting is a

non-deterministic tec hnique, outliers can nev er b e prev en ted completely . Ho w ev er,

en tertainmen t v alue of a game is guaran teed ev en if an outlier o ccurs, b ecause dy-

namic scripting meets the requiremen t of e�ectiv eness b y design. (ii) Exceptionally

long learning runs mainly o ccur b ecause early in the pro cess c hance increases the

wrong w eigh ts. This is not lik ely to happ en in a rulebase with pre-initialised w eigh ts.

When dynamic scripting is implemen ted in an actual game, the w eigh ts in the rule-

base will not all start out with equal v alues, but they will b e initialised to v alues that

are already trained against commonly used tactics. This will not only prev en t the

o ccurrence of outliers, but also increase the sp eed of the dynamic scripting pro cess,

and pro vide history fallbac k with a lik ely candidate for a sup erior rulebase.

It should b e noted that, b esides as a target for the history-fallbac k mec hanism,

historic rulebases can also b e used to store tactics that w ork w ell against a sp eci�c

tactic emplo y ed b y a h uman pla y er. If h uman-pla y er tactics can b e iden ti�ed, these

rulebases can simply b e reloaded when the pla y er starts to use a particular tactic

again after ha ving emplo y ed a completely di�eren t tactic for a while.
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T actic A v erage St.dev. Median Highest T op 5

O�ensiv e 53 24.8 52 120 107

Disabling 13 8.4 10 79 39

Cursing 44 50.4 26 304 222

Defensiv e 24 15.3 17 79 67

Random team 51 64.5 29 480 271

Random agen t 41 40.7 25 251 178

Consecutiv e 52 56.2 37 393 238

T able 5.3: T urning-p oin t v alues for dynamic scripting pitted against di�eren t tactics,

using Pmax = 70 and limited-distance fallbac k, a v erag e d o v er 100 tests.

5.4 Di�cult y Scaling

F or non-exp ert pla y ers, a game is most en tertaining when it is c hallenging but b eat-

able (Scott, 2002 ). T o ensure that the game remains in teresting, the issue is not for

the computer to pro duce o ccasiona lly a w eak mo v e so that the h uman pla y er can

win, but rather to pro duce not-so-str o ng mo v es under the pro viso that, on a balance

of probabilities, they should go unnoticed (Iida, Handa, and Uiterwijk, 1995 ). `Dif-

�cult y scaling' is the automatic adaptation of a game, to set the c hallenge that the

game p oses to a h uman pla y er. When applied to game AI, di�cult y scaling aims at

ac hieving an `ev en game', i.e., a game wherein the pla ying strength of the computer

and the h uman pla y er matc h.

Man y games pro vide a `di�cult y setting', i.e., a discrete v alue that determines

ho w di�cult the game will b e. The purp ose of a di�cult y setting is to allo w b oth

no vice and exp erienced pla y ers to enjo y the appropria te c hallenge the game o�ers

(Charles and Blac k, 2004 ). The di�cult y setting commonly has some problematic

issues, of whic h I indicate three. First, the setting is c o arse , with the pla y er ha ving

a c hoice b et w een only a limited n um b er of di�cult y lev els (usually three or four).

Second, the setting is player-sele cte d , with the pla y er unable to assess whic h di�-

cult y lev el is appropria te for his skills. Third, the setting has a limite d sc op e , (in

general) only a�ecting the computer-con trolled agen ts' strength, and not their tac-

tics. Consequen tly , ev en on a `high' di�cult y setting, the opp onen ts exhibit similar

b eha viour as on a `lo w' di�cult y setting, despite their greater strength.

The three issues men tioned ma y b e alleviated b y applying dynamic scripting

enhanced with an adequate di�cult y-scaling mec hanism. Dynamic scripting c hanges

the computer's tactics to the w a y a game is pla y ed. As suc h, (i) it mak es c hanges

in small steps (i.e., it is not coarse), (ii) it mak es c hanges automatically (i.e., it is

not pla y er-selected), and (iii) it a�ects the computer's tactics (i.e., it do es not ha v e

a limited scop e).

This section describ es three di�eren t enhancemen ts to the dynamic-scripting

tec hnique that let agen ts learn ho w to pla y an ev en game, namely (i) high-�tness

p enalising, (ii) w eigh t clipping, and (iii) top culling. The three enhancemen ts are



98 Dynamic Scripting

Figure 5.6: Compariso n of the original w eigh t-adjustmen t form ula (left) and the

high-�tness-p enalising w eigh t-adjustmen t form ula (righ t), b y plotting the w eigh t

adjustmen ts as a function of the �tness v alue F . The middle graph displa ys the

relation b et w een F and F 0
.

explained in Subsections 5.4.1, 5.4.2, and 5.4.3, resp ectiv ely . The enhancemen ts are

ev aluated in an exp erimen t, of whic h the results are presen ted in Subsection 5.4.4,

and discussed in Subsection 5.4.5.

5.4.1 High-Fitness P enalisi ng

The w eigh t adjustmen t expressed in equation 5.6 giv es rew ards prop ortiona l to the

�tness v alue: the higher the �tness, the higher the rew ard. T o elicit medio cre instead

of go o d b eha viour, the w eigh t adjustmen t can b e c hanged to giv e highest rew ards to

medio cre �tness v alues, and lo w er rew ards or ev en p enalties to high �tness v alues.

With high-�tness p enalising the w eigh t adjustmen t is expressed b y form ula 5.6,

where F is replaced b y F 0
de�ned as follo ws.

F 0 =

8
>>><

>>>:

F
p

{ F � p}

1 � F
p

{ F > p }

(5.7)

In this equation, F is the calculated �tness v alue, and p 2 [0:5; 1], p > b , is the

rew ard-p ea k v alue, i.e., the �tness v alue that should get the highest rew ard. The

higher the v alue of p, the more e�ectiv e agen t b eha viour will b e. Figure 5.6 illustrates

the w eigh t adjustmen t as a function of the original �tness (left), the mapping of F to

F 0
(middle), and the w eigh t adjustmen t as a function of the high-�tness-p enalising

�tness (righ t). Angles � and � are equal.

Since the optimal v alue for p dep ends on the tactic that the h uman pla y er uses,

it w as decided to let the v alue of p adapt to the p erceiv ed di�cult y lev el of a game,
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as follo ws. Initially p starts at a v alue pinit . After ev ery �gh t that is lost b y the

computer, p is increased b y a small amoun t pinc , up to a prede�ned maxim um pmax .

After ev ery �gh t that is w on b y the computer, p is decreased b y a small amoun t

pdec , do wn to a prede�ned minim um pmin . By running a series of tests with static

v alues for p, I found that go o d v alues for p are found close to 0:7. Therefore, in the

exp erimen t I used pinit = 0 :7, pmin = 0 :65, pmax = 0 :75, and pinc = pdec = 0 :01.

5.4.2 W eigh t Clippi ng

During the w eigh t up dates, the maxim um w eigh t v alue Wmax determines the maxi-

m um lev el of optimisation a learned tactic can ac hiev e. A high v alue for Wmax allo ws

the w eigh ts to gro w to large v alues, so that after a while the most e�ectiv e rules will

almost alw a ys b e selected. This will result in scripts that are close to optimal. A

lo w v alue for Wmax restricts w eigh ts in their gro wth. This enforces a high div ersit y

in generated scripts, most of whic h will b e medio cre.

W eigh t clipping automatically c hanges the v alue of Wmax , with the in ten t to

enforce an ev en game. It aims at ha ving a lo w v alue for Wmax when the computer

wins often, and a high v alue for Wmax when the computer loses often. The imple-

men tation is as follo ws. After the computer wins a �gh t, Wmax is decreased b y Wdec

p er cen t (but not lo w er than the initial w eigh t v alue Winit ). After the computer

loses a �gh t, Wmax is increased b y Winc p er cen t.

Figure 5.7 illustrates the w eigh t-clipping pro cess and the asso cia ted parameters.

The shaded bars represen t w eigh t v alues for four arbitrar y rules on the horizon tal

axis, n um b ered 1 to 4. After a �gh t, b efore w eigh t adjustmen t, Wmax is either

increased b y Winc p er cen t, or decreased b y Wdec p er cen t, dep ending on the outcome

of the �gh t. After the c hange of Wmax , in the �gure the w eigh t v alue for rule 4 is to o

lo w, so it is increased to Wmin (the arro w mark ed `a'). Similarly , the w eigh t v alue for

rule 2 is to o high, so it is decreased to Wmax (the arro w mark ed `b'). As prescrib ed

b y dynamic scripting, after the w eigh ts are brough t within the range [Wmin ; Wmax ],

the excess w eigh ts are redistributed again o v er all w eigh ts.

In the exp erimen t I decided to use the same initial v alues as I used for the

e�ciency-v alidation exp erimen t, i.e., I used Winit = 100 , Wmin = 0 , and an initial

v alue for Wmax of 2000. Winc and Wdec I b oth set to 10 p er cen t.

5.4.3 T op Culli ng

T op culling is quite similar to w eigh t clipping. It emplo ys the same adaptation

mec hanism for the v alue of Wmax . The di�erence is that top culling allo ws w eigh ts to

gro w b ey ond the v alue of Wmax . Ho w ev er, rules with a w eigh t greater than Wmax will

not b e selected for a generated script. Consequen tly , when the computer-con trolled

agen ts win often, the most e�ectiv e rules will ha v e w eigh ts that exceed Wmax , and

cannot b e selected, and th us the agen ts will use w eak tactics. Alternativ ely , when

the computer-con trolled agen ts lose often, rules with high w eigh ts will b e selectable,

and the agen ts will use strong tactics. So, while w eigh t clipping ac hiev es w eak tactics
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Figure 5.7: W eigh t-clipping and top-culling pro cess and parameters.

b y promoting div ersit y , top culling ac hiev es w eak tactics b y remo ving access to the

most e�ectiv e domain kno wledge.

In Figure 5.7, con trary to w eigh t clipping, top culling will lea v e the v alue of rule

2 unc hanged (the action represen ted b y arro w `b' will not b e p erformed). Ho w ev er,

rule 2 will b e una v ailable for selection, b ecause its v alue exceeds Wmax .

5.4.4 Di�cult y-Scali ng Results

T o test the e�ectiv eness of the three di�cult y-scaling enhancemen ts, I ran an ex-

p erimen t in the sim ulated CRPG. The exp erimen t consisted of a series of tests,

executed in the same w a y as the e�ciency-v alidation exp erimen t (Section 5.2). The

exp erimen t aimed at assessing the p erformance of a team con trolled b y the dynamic-

scripting tec hnique using a di�cult y-scaling enhancemen t (with Pmax = 100 , �tness-

propaga tio n fallbac k, and all other parameters equal to the v alues used in the

e�ciency-v alidation exp erimen t), against a team con trolled b y static scripts. If the

di�cult y-scaling enhancemen ts w ork as in tended, dynamic scripting will balance the

game so that the n um b er of wins of the dynamic team is roughly equal to the n um b er

of losses.

F or the static team, I added an eigh th tactic to the sev en tactics describ ed in

Subsection 5.2.4, called the `no vice' tactic. The `no vice' tactic resem bles the pla ying

st yle of a no vice CRPG pla y er, who has learned the most ob vious successful tactics,

but has not y et mastered the subtleties of the game. While normally the `no vice'

tactic will not b e defeated b y arbitrar ily c ho osing rules from the rulebase, there

are man y di�eren t tactics that can b e emplo y ed to defeat it, whic h the dynamic

team will disco v er quic kly . Against the `no vice' tactic, without a di�cult y-scaling

enhancemen t, the dynamic team's n um b er of wins in general will greatly exceed its

losses.
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High-Fitness W eigh t T op

Plain

P enalising Clipping Culling

T actic A vg. Dev. A vg. Dev. A vg. Dev. A vg. Dev.

O�ensiv e 61.2 16.4 46.0 15.1 50.6 9.4 46.3 7.5

Disabling 86.3 10.4 56.6 8.8 67.8 4.5 52.2 3.9

Cursing 56.2 11.7 42.8 9.9 48.4 6.9 46.4 5.6

Defensiv e 66.1 11.9 39.7 8.2 52.7 4.2 49.2 3.6

No vice 75.1 13.3 54.2 13.3 53.0 5.4 49.8 3.4

Random team 55.8 11.3 37.7 6.5 50.0 6.9 47.4 5.1

Random agen t 58.8 9.7 44.0 8.6 51.8 5.9 48.8 4.1

Consecutiv e 51.1 11.8 34.4 8.8 48.7 7.7 45.0 7.3

T able 5.4: Exp erimen tal results of testing the di�cult y-scaling enhancemen ts to

dynamic scripting on eigh t di�eren t tactics, a v erag e d o v er 100 tests.

F or eac h of the tactics, I ran 100 tests in whic h dynamic scripting w as enhanced

with eac h of the three di�cult y-scaling enhancemen ts, and, for compariso n, also

without di�cult y-scaling enhancemen ts (called `plain'). Eac h test consisted of a

sequence of 150 encoun ters b et w een the dynamic team and the static team. Because

in eac h of the tests the dynamic-scripting tec hnique starts with a rulebase with

all w eigh ts equal, the �rst 50 encoun ters w ere used for �nding a balance of w ell-

p erforming w eigh ts. I recorded the n um b er of wins of the dynamic team o v er the

last 100 encoun ters.

The results of these tests are displa y ed in T able 5.4. F or eac h com bination of

tactic and di�cult y-scaling enhancemen t the table sho ws the a v erag e n um b er of wins

o v er 100 tests, and the asso cia ted standard deviation. T o b e recognised as an ev en

game, it w as decided that the a v erag e n um b er of wins o v er all tests m ust b e close

to 50. T o tak e in to accoun t random �uctuations, in this con text `close to 50' means

`within the range [45,55]'.

4

In T able 5.4, all cell v alues indicating an ev en game are

mark ed in b old fon t. F rom the table the follo wing four results can b e deriv ed.

First, dynamic scripting without a di�cult y-scaling enhancemen t (`plain') results

in wins signi�can tly exceeding losses for all tactics except for the `consecutiv e' tactic

(with a reliabilit y > 99.9%; Cohen, 1995). This supp orts the viabilit y of dynamic

scripting as a learning tec hnique, and also supp orts the statemen t in Subsection 5.2.4

that the `consecutiv e' tactic is the most di�cult tactic to defeat. Note that the fact

that, on a v erag e , dynamic scripting pla ys an ev en game against the `consecutiv e'

tactic is not b ecause it is unable to defeat this tactic consisten tly , but b ecause

4

Deciding when a game can b e called an `ev en game' b y observing the n um b er of wins, seems to

b e comparable to deciding whether a coin is fair b y observing a series of coin tosses, and th us b e

sub ject to a standard statistical ev aluation to determine the range of the n um b er of wins. Ho w ev er,

the comparison is not apt. While coin tosses are random, the di�cult y-scaling enhance men ts

activ ely force a game to equal wins and losses. Imagine a coin that mo v es the cen tre -p oin t of its

w eigh t after ev ery toss.
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dynamic scripting con tin ues learning after it has reac hed a lo cal optim um. Therefore,

it can `forget' what it previously learned, esp ecially against an sup erior tactic lik e

the `consecutiv e' tactic.

Second, high-�tness p enalising p erforms considerably w orse than the other t w o

enhancemen ts. It cannot ac hiev e an ev en game against six out of the eigh t tactics.

Third, w eigh t clipping is successful in enforcing an ev en game in sev en out of

eigh t tactics. It do es not succeed against the `disabling' tactic. This is caused b y

the fact that the `disabling' tactic is so easy to defeat, that ev en a rulebase with

all w eigh ts equal will, on a v erag e , generate a script that defeats this tactic. W eigh t

clipping can nev er generate a rulebase w orse than `all w eigh ts equal'.

F ourth, top culling is successful in enforcing an ev en game against all eigh t tactics.

Histograms for the tests with the `no vice' tactic are displa y ed in Figure 5.8.

On the horizon tal axis the n um b er of wins for the dynamic team out of 100 �gh ts

is displa y ed. The bar length indicates the n um b er of tests that resulted in the

asso cia ted n um b er of wins.

F rom the histograms the follo wing result is deriv ed. While, on a v erag e , all three

di�cult y-scaling enhancemen ts manage to enforce an ev en game against the `no vice'

tactic, the n um b er of wins in eac h of the tests is m uc h more `spread out' for the

high-�tness-p enalising enhancemen t than for the other t w o enhancemen ts. This

indicates that the high-�tness p enalising enhancemen t results in a higher v ariance

of the distribution of w on games than the other t w o enhancemen ts. The top-culling

enhancemen t seems to yield the lo w est v ariance. This is con�rmed b y an appro ximate

randomisatio n test (Cohen, 1995 ), whic h sho ws that against the `no vice' tactic, the

v ariance ac hiev ed with top culling is signi�can tly lo w er than with the other t w o

enhancemen ts (reliabilit y > 99.9%). I observ ed similar distributions of w on games

against the other tactics, except that against some of the stronger tactics, a few

exceptional outliers o ccurred with a signi�can tly lo w er n um b er of w on games. The

rare outliers w ere caused b y the fact that, o ccasiona lly , dynamic scripting requires

more than 50 encoun ters to �nd a w ell-p erforming set of w eigh ts when pla ying against

a strong static tactic.

In conclusion, the results sho w that, when dynamic scripting is enhanced with

the top-culling di�cult y-scaling mec hanism, it meets the functional requiremen t of

scalabilit y .

5.4.5 Discussion of Di�cult y-Scali ng Results

Of the three di�eren t di�cult y-scaling enhancemen ts the top-culling enhancemen t is

the b est c hoice. It has the follo wing three adv an tages : (i) it giv es the most reliable

results, (ii) it is easily implemen ted, and (iii) of the three enhancemen ts, it is the

only one that manages to force an ev en game against inferior tactics.

Ob viously , the w orst c hoice is the high-�tness-p enalising enhancemen t. In an

attempt to impro v e high-�tness p enalising, some tests w ere p erformed with di�eren t

ranges and adaptation v alues for the rew ard-p ea k v alue p, but these w orsened the

results. Ho w ev er, the p ossibilit y cannot b e ruled out that with a di�eren t �tness
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Figure 5.8: Histograms of 100 tests of the ac hiev ed n um b er of wins in 100 �gh ts,

against the `no vice' tactic.

function high-�tness p enalising will giv e b etter results.

5

An additional p ossibilit y with the w eigh t-clipping and top-culling enhancemen ts

is that they can also b e used to set a di�eren t desired win-loss ratio, b y c hanging

the rates with whic h the v alue of Wmax �uctuates. F or instance, b y using top

culling with Wdec = 30 p er cen t instead of 10 p er cen t, lea ving all other parameters

unc hanged, after 100 tests against the `no vice' tactic I deriv ed an a v erag e n um b er

of wins of 35.0 with a standard deviation of 5.6. The histogram of this exp erimen t

is giv en in Figure 5.9.

Not withstanding the successful results, a di�cult y-scaling enhancemen t should

b e an optional feature in a game, that can b e turned o� b y the pla y er, for the

follo wing t w o reasons: (i) when confron ted with an exp erienced pla y er, the learning

pro cess should aim for sup erior tactics without in terference from a di�cult y-scaling

enhancemen t, and (ii) some pla y ers will feel that attempts b y the computer to force

an ev en game diminishes their accomplishmen t of defeating the game, so they ma y

prefer not to use it.

5

In indep enden t researc h (see fo otnote 3) Dahlb om (2004) applied dynamic scripting to a sim u-

lated real-time strateg y game. He used a tec hnique whic h he called `�tness mapping' for di�cult y

scaling, for whic h he rep ort e d go o d results. Fitness mapping is simi l ar to what I call `high-�tness

p enalising' (Spronc k , Sprinkh uizen-Kuyp e r , and P ostma, 2004a), without dynamically c hanging

the rew ard-p ea k v alue p.
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Figure 5.9: Histogram of the ac hiev ed n um b er of wins o v er 100 tests against the

`no vice' tactic, using dynamic scripting with the top-culling enhancemen t, with

Wdec = 30 p er cen t.

5.5 V alidation in Practice

T o in v estigate whether the successful results ac hiev ed with dynamic scripting in

a sim ulated CRPG hold in a practical setting, I decided to test the tec hnique in

an actual state-of-the-ar t commercial game. F or this purp ose, I c hose the game

Never winter Nights (2002), dev elop ed b y BioW are Corp. In this section I presen t

the Never winter Nights en vironmen t (5.5.1), the scripts and rulebases (5.5.2),

the w eigh t-up date function (5.5.3), the tactics used b y the static team (5.5.4), the

results of an ev aluation of dynamic scripting in Never winter Nights (5.5.5), and

a discussion of the results (5.5.6).

5.5.1 Nev erwin ter Nigh ts

Never winter Nights is a CRPG of a complexit y similar to the Baldur 's Ga te

games. A ma jor reason for selecting Never winter Nights for ev aluating dynamic

scripting is that the game is easy to mo dify and extend. It is deliv ered with a to olset

that allo ws the user to dev elop completely new game mo dules. The to olset pro vides

access to the scripting language and all the scripted game resources , including the

game AI. While the scripting language is not as p o w erful as mo dern progra mming

languages , I found it to b e su�cien tly p o w erful to implemen t dynamic scripting.

I implemen ted a small mo dule in Never winter Nights , similar to the sim ulated

CRPG used previously . The mo dule con tains an encoun ter b et w een a dynamic team

and a static team of similar comp osition. As a result, the Never winter Nights

exp erimen t is v ery similar to the CRPG sim ulation exp erimen ts describ ed earlier.

This is on purp ose, b ecause the presen t exp erimen t is mean t to demonstrate that the

sim ulation results can b e rep eated in a commercially a v ailable game. In con trast,

Chapter 6 will demonstrate the general applicabilit y of dynamic scripting.

The testing en vironmen t is illustrated in Figure 5.10. Eac h team consists of a
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Figure 5.10: A �gh t b et w een t w o teams in Never winter Nights .

�gh ter, a rogue, a priest, and a wizard of equal exp erience lev el. In con trast to the

agen ts in the sim ulated CRPG, the in v en tory and sp ell selections in the Never-

winter Nights mo dule cannot b e c hanged, due to the to olset lac king functions to

ac hiev e suc h mo di�cations. This has a restrictiv e impact on the tactics. Details of

the mo dule are found in App endix B, Section B.1.

5.5.2 Scripts and Rulebases

T o facilitate the dev elopmen t of new game mo dules, the default game AI in Nev-

er winter Nights is implemen ted in a v ery general w a y , suitable for agen ts of all

classes and lev els (e.g., it do es not refer to casting of a sp eci�c magic sp ell, but

to casting of sp ells from a sp eci�c class). It distinguishes b et w een ab out a dozen

agen t classes. F or eac h agen t class it sequen tially c hec ks a n um b er of en vironmen tal

v ariables and attempts to generate an appropria te resp onse. The b eha viour gener-

ated is not completely predictable, b ecause it is partly probabilistic. Details of the

Never winter Nights game AI are found in App endix B, Section B.2.

F or the implemen tation of the dynamic-scripting tec hnique, �rst the rules em-

plo y ed b y the default game AI w ere extracted, and then en tered in ev ery appropria te

rulebase. T o these standard rules sev eral new rules w ere added. The new rules w ere

similar to the standard rules, but sligh tly more sp eci�c, e.g., referring to sp eci�c

enemies instead of referring to a random enem y . A dditionally , a few `empt y' rules

w ere added, whic h, if selected, allo w the game AI to decrease the n um b er of e�ec-

tiv e rules. Priorities w ere set similar to the priorities used in the sim ulated CRPG.
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Note that since the rules extracted from the default game AI are generalised, the

rules used b y dynamic scripting are generalised to o. The use of generalised rules in

the rulebase has the adv an tage that the rulebase gets trained for generating AI for

agen ts of an y exp erience lev el.

The size of the scripts for b oth a �gh ter and a rogue w as set to �v e rules (the

same as the n um b er of rules of the �gh ter in the sim ulated CRPG), whic h w ere

selected out of rulebases con taining 21 rules. The size of the scripts for b oth a priest

and a wizard w as set to ten rules (the same as the n um b er of rules of the wizard

in the sim ulated CRPG), con taining 55 rules and 49 rules, resp ectiv ely . T o the end

of eac h script a call to the default game AI w as added, in case no rule could b e

activ ated. Details of the rulebases are found in App endix B, Section B.3.

5.5.3 W eigh t-Up date F unction

The w eigh t adjustmen t mec hanism used in Never winter Nights w as similar to

the mec hanism used in the sim ulated CRPG (5.2.3). I decided to di�er sligh tly from

the implemen tation of these functions in the sim ulation, mainly to a v oid problems

with the Never winter Nights scripting language, and to allo w v arying team sizes.

These c hanges are not critical for the p erformance of dynamic scripting, since the

�tness functions only need to pro vide a general indication of the measure of success

of a team and its agen ts.

The team-�tness F (g) , whic h yields a v alue in the range [0,1], w as de�ned as

follo ws.

F (g) =

8
>>><

>>>:

0 { g lost}

1
5

+
X

c2 g;h T (c)> 0

2
5Ng

 

1 +
hT (c)
h0(c)

!

{ g w on}

(5.8)

All v ariables in this equation w ere de�ned as those in equation 5.1. The agen t-�tness

F (a; g) , whic h yields a v alue in the range [0,1], w as de�ned as follo ws.

F (a; g) =
1
2

F (g) +
1
2

8
>>>><

>>>>:

min

 
2D(a)
Dmax

;
3
5

!

{ hT (a) � 0}

3
5

+
2hT (a)
5h0(a)

{ hT (a) > 0}

(5.9)

All v ariables in this equation w ere de�ned as those in equations 5.2 to 5.5.

W eigh t adjustmen t w as implemen ted according to equation 5.6, with all para-

meter v alues as in the e�ciency-v alidation exp erimen t, except for the maxim um

p enalt y Pmax , whic h w as set to 50. F urthermore, rules in the script that w ere not

executed during the encoun ter, instead of b eing treated as not b eing in the script

at all, w ere assigned half the rew ard or p enalt y receiv ed b y the rules that w ere ex-

ecuted. The main reason for this is that if there w ere no rew ards and p enalties for

the non-executed rules, the empt y rules w ould nev er get rew ards or p enalties.
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5.5.4 T actics

In our exp erimen t three di�eren t tactics w ere used for the static team, all based on

the default game AI, implemen ted b y the Never winter Nights dev elop ers. The

three tactics are the follo wing.

AI 1.29: AI 1.29 is the default game AI used in Never winter Nights v ersion

1.29. This v ersion of Never winter Nights w as used for the earliest tests.

AI 1.61: AI 1.61 is the default game AI used in Never winter Nights v ersion

1.61. This v ersion of Never winter Nights w as used for the later tests.

Bet w een v ersion 1.29 and 1.61 the game AI w as signi�can tly impro v ed b y the

game dev elop ers.

Cursed AI: A `cursed' v ersion of AI 1.61 w as created. With cursed AI in 20 p er

cen t of the encoun ters the game AI delib erately misleads dynamic scripting

in to a w arding high �tness to purely random tactics, and lo w �tness to tactics

that ha v e sho wn go o d p erformance during earlier encoun ters.

5.5.5 Nev erwin ter Nigh ts Results

T able 5.5 summarises the results from the rep etition of (parts of ) the e�ciency-

v alidation exp erimen t and the outlier-reduction exp erimen t in the Never winter

Nights en vironmen t. The columns of the table represen t, from left to righ t, (i) the

tactic used, (ii) the fallbac k mec hanism used, (iii) the n um b er of tests executed,

6

(iv) the a v erag e turning p oin t, (v) the standard deviation, (vi) the median, (vii)

the highest v alue for the turning p oin t, and (viii) the a v erag e of the �v e highest

v alues. No tests w ere p erformed with p enalt y balancing, since already in the earliest

exp erimen ts with Never winter Nights higher maxim um p enalties w ere used than

in the sim ulated CRPG. F rom the results in T able 5.5 the follo wing t w o conclusions

are deriv ed.

First, since the ac hiev ed turning p oin ts in all tests are (v ery) lo w, dynamic script-

ing meets the requiremen t of e�ciency easily .

Second, history fallbac k has little or no e�ect on the results. Ho w ev er, since

ev en `cursed AI' do es not cause signi�can tly increased turning p oin ts, it seems that

dynamic scripting in Never winter Nights is so robust that remote outliers do

not o ccur. Therefore, coun termeasures against outliers are not needed, and dynamic

scripting in Never winter Nights meets the requiremen t of consistency without

sp ecial measures.

The results ac hiev ed with the top-culling enhancemen t w ere also v alidated in

Never winter Nights . Without top culling, in ten tests dynamic scripting ac hiev ed

6

The n um b er of tests for the Never winter Nights exp erimen t is lo w er than for the sim ul ation

exp erimen t, where I p erformed 100 tests for eac h con�gura t ion. Since the Never winter Nights

dev elop er s stated that it w as not p ossible to increase the sp eed of the game execut ion , a test lasted

8 hours on a v erage (for the �tness-scaling tests ev en 24 hours on a v erage ) . T o lim i t the time needed

to do the tests, I decided to b e satis�ed with a n um b er of tests su�cien t to obtain statistically

sound results.
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T actic F allbac k T ests A vg. St.dev. Median Highest T op 5

AI 1.29 NoF 50 21 8.8 16 101 58

AI 1.61 NoF 31 35 18.8 32 75 65

AI 1.61 FPF 30 32 21.8 24 104 71

Cursed AI NoF 21 33 21.8 24 92 64

Cursed AI FPF 21 32 28.1 18 115 69

T able 5.5: T urning-p oin t v alues for dynamic scripting in Never winter Nights .

an a v erag e n um b er of 79.4 wins out of 100 �gh ts, with a standard deviation of 12.7.

With top culling, in ten tests dynamic scripting ac hiev ed an a v erag e n um b er of

49.8 wins out of 100 �gh ts, with a standard deviation of 3.4. The results clearly

supp ort that dynamic scripting, enhanced with top culling, meets the requiremen t

of scalabilit y .

5.5.6 Discussion

The Never winter Nights exp erimen t supp orts the results ac hiev ed with dynamic

scripting in a sim ulated CRPG. Comparison of all results ev en seems to indicate that

dynamic scripting p erforms b etter in Never winter Nights than in the sim ulated

CRPG. This is caused b y the fact that the default game AI in Never winter Nights

is designed to b e e�ectiv e for all agen ts that can b e designed in the to olset. Since

it is not sp ecialised, for most agen ts it is not optimal. Therefore, there is a great

v ariet y of tactics that can b e used to deal with it, whic h mak es it fairly easy for

dynamic scripting to disco v er a successful coun ter-tactic.

In general, the more e�ectiv e the tactic against whic h dynamic scripting is tested,

the longer it will tak e for dynamic scripting to gain the upp er hand. Moreo v er , b e-

cause dynamic scripting is designed to generate a wide v ariet y of tactics (in compli-

ance with the requiremen t of v ariet y), it will nev er gain the upp er hand if the tactic

against whic h it is pitted is so strong that there are very few viable coun ter-tactics.

Against h uman pla y ers, this means that dynamic scripting will ac hiev e the most

satisfying results against non-exp ert pla y ers.

In a game that allo ws the design of `sup er-tactics', whic h are almost imp ossible

to defeat, dynamic scripting ma y not giv e satisfying results when used against ex-

p ert pla y ers who kno w and use these sup er-tactics. Ho w ev er, every mac hine-learning

tec hnique will require more computational resources �nding rare solutions than �nd-

ing ubiquitous solutions. Therefore, against sup er-tactics, instead of using an online

mac hine-learning tec hnique, in general it will b e more e�ectiv e to use coun ter-tactics

that ha v e b een trained against these sup er-tactics in an o�ine-learning pro cess. It

should b e noted that the existence of sup er-tactics in a game is actually an indication

of bad game-design, b ecause they mak e the game to o hard when emplo y ed b y the

computer, and they mak e the game to o easy when emplo y ed b y the h uman pla y er.
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5.6 Chapter Summary

By design, dynamic scripting meets the requiremen ts of sp eed, e�ectiv eness, robust-

ness, clarit y , and v ariet y . In Section 5.2 it w as sho wn that it meets the requiremen t of

e�ciency . In Section 5.3 it w as sho wn that b y applying p enalt y balancing, p ossibly

com bined with history fallbac k, dynamic scripting meets the requiremen t of consis-

tency . In Section 5.4 it w as sho wn that b y applying top culling, dynamic scripting

meets the requiremen t of scalabilit y . The results ac hiev ed in a sim ulated CRPG

w ere con�rmed in the state-of-the-ar t CRPG Never winter Nights . Therefore

it ma y b e concluded that dynamic scripting meets all eigh t requiremen ts sp eci�ed

in Subsection 2.3.4, and th us can b e applied in actual commercial games for the

implemen tation of online adaptiv e game AI.





Chapter 6

Professional A daptiv e Game AI

In the scale of destinies, bra wn will nev er w eigh as m uc h as brain.

� James Russell Lo w ell (1819� 1 8 9 1 ).

This c hapter

1

discusses ho w adaptiv e game AI is to b e applied b y professional game

dev elop ers. Section 6.1 describ es the game-dev elopmen t pro cess, and indicates at

whic h stages of the pro cess adaptiv e game AI m ust b e tak en in to accoun t. While the

o�ine application of adaptiv e game AI is relativ ely risk-free, game dev elop ers will

only consider applying it online if it is of high reliabilit y . A pro cedure is prop osed

to increase the reliabilit y of online adaptiv e game AI b y using o�ine adaptiv e game

AI. The pro cedure is illustrated in Sections 6.2 to 6.4. Section 6.2 discusses adaptiv e

game AI in a Real-Time Strategy (R TS) game. In Section 6.3 impro v ed tactics for

the game are generated with o�ine ev olutionary game AI. In Section 6.4 the deriv ed

results are used to impro v e the reliabilit y of the adaptiv e game AI in tro duced in

Section 6.2. Section 6.5 discusses to what exten t the in v estigated tec hniques can b e

accepted b y game dev elop ers. A summary of the c hapter is pro vided in Section 6.6.

6.1 Game Dev elopmen t and A daptiv e Game AI

This section describ es ho w adaptiv e game AI can b e in tegrated in the game-

dev elopmen t pro cess. It discusses the game-dev elopmen t pro cess (6.1.1), the stages

of the pro cess that are a�ected b y adaptiv e game AI (6.1.2), and ho w o�ine adaptiv e

game AI can b e used to increase the reliabilit y of online adaptiv e game AI (6.1.3).

6.1.1 The Game-Dev elopmen t Pro cess

Cra wford (1984) describ es the game-dev elopmen t pro cess as consisting of the follo w-

ing sev en phases.

2

1

Sections 6.2 to 6.4 of this c hapter are based on a pap er b y P onsen and Spronc k (2004).

2

I replaced some of the terms used b y Cra wford (1984) with terms that are more common

no w ada ys.
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Concept: The `concept' phase consists of setting a topic and a goal for a game. Eac h

game m ust ha v e a goal, that is expressed in terms of the e�ect the game has

on h uman pla y ers. Setting a clear goal at the start of the game-dev elopmen t

pro cess supp orts game designers in taking decisions, esp ecially when trade-o�s

b et w een features m ust b e considered.

Pre-pro duction: After c ho osing a goal and a topic for a game, researc h m ust b e

done in to the game's bac kgro und, to giv e designers a feeling for the game's

scop e. This is an explorator y phase, in whic h little is put on pap er.

Design: In the `design' phase, designers create do cumen ts outlining three in terde-

p enden t structures: (i) the I/O structure, (ii) the game structure, and (iii)

the progra m structure. The I/O structure describ es the game's in terface, with

resp ect to b oth input and output. The game structure describ es ho w the

game's goal and topic translate in to game elemen ts, to b e exp erienced and

manipulated b y h uman pla y ers. The progra m structure describ es ho w the I/O

structure and game structure are translated in to a real pro duct.

Pre-dev elopm e n t: In the `pre-dev elopmen t' phase, the design do cumen ts are

translated in to a detailed tec hnical design of the game.

Dev elopm e n t: In the `dev elopmen t' phase the game is implemen ted (whic h in-

cludes game debugging). Cra wford (1984) calls this �the easiest of all phases�.

His argumen t is that �[p]rogr a mming itself is straigh tforw a r d and tedious w ork,

requiring atten tion to detail more than an ything else.� A t the time he wrote

this, it w as certainly true, since games w ere m uc h simpler then than they are

to da y . Whether his statemen t is true for a mo dern game dep ends on ho w

inno v ativ e and comp etitiv e the game in tends to b e.

Qualit y Assurance: `Qualit y assurance', also referred to as `pla ytesting', is mean t

to p olish and re�ne the game design. Often during this phase fundamen tal

�a ws are disco v ered, that require ma jor c hanges to the design or implemen ta-

tion.

P ost-mo rtem : After the game has b een deplo y ed, the `p ost-mortem' phase starts.

Reactions of review ers and the gaming public are measured. No w ada ys, for

most games during the `p ost-mortem' phase one or more `patc hes' are released,

to resolv e design and progra mming mistak es disco v ered only after a game's

publication.

6.1.2 In tegrating A daptiv e Game AI

Before the late 1990 s , game AI only b ecame an issue late in the `dev elopmen t'

phase. Ho w ev er, since game AI has b ecome an elemen t of comp etition b et w een

game dev elop ers, as early as in the `design' phase atten tion is giv en to game AI

(Champandard, 2004 ). When adaptiv e game AI is in tro duced in a game, it a�ects

the game-dev elopmen t pro cess in ev en earlier phases, as explained b elo w.



6.1 � Game Development and A daptive Game AI 113

Since adaptiv e game AI is still new for published games, its in tro duction in a

game will not b e tak en ligh tly . In particular online adaptiv e game AI has a ma jor

impact on the game-pla y exp erience of the h uman pla y ers. Since online adaptiv e

game AI will b e a unique selling p oin t of a game, it b ecomes one of the game's goals.

Therefore, the decision to include online adaptiv e game AI is tak en in the `concept'

phase. This will remain the case un til adaptiv e game AI b ecomes a pro v en tec hnique

that most games dev elop ers include b y default.

F or b oth o�ine and online adaptiv e game AI, the `design' phase will b e used to

determine exactly what can b e learned, and ho w the learning pro cess is in tegrated

in to the game engine. In the `pre-dev elopmen t' phase, detailed data structures are

designed that store parameters used b y the adaptiv e game AI. During the `dev elop-

men t' phase, the adaptiv e game AI is implemen ted.

With o�ine adaptiv e game AI, during the `qualit y assurance' phase the game

AI can b e �ne-tuned, in t w o w a ys. The �rst w a y is to let the man ually-designed

game AI pla y the game against o�ine adaptiv e game AI, to detect shortcomings

and alternativ e tactics, as w as discussed in Section 4.1. The second w a y is to store

the tactics that are used b y the pla ytesters, after whic h o�ine adaptiv e game AI is

used to pla y against the stored tactics that pla ytesters seem to use often, to detect

w a ys of defeating them.

F or online adaptiv e game AI, sp ecial care m ust b e tak en during the `qualit y

assurance' phase to test the e�ect the adaptiv e mec hanism has on the b eha viour of

the computer-con trolled agen ts. Since the agen ts adapt to the h uman pla y er, the

h uman pla y er has plen t y opp ortunities to `mess' with the game AI while pla ying

the game. During the `qualit y assurance' phase, it m ust b e ascertained that the

adaptiv e game AI meets the four computational and four functional requiremen ts

sp eci�ed in Subsection 2.3.4. A daptiv e game AI that meets all eigh t requiremen ts

is called `reliable'. Game publishers can rest assured that the qualit y of reliable

adaptiv e game AI is guaran teed, ev en against h uman pla y ers that delib erately try to

exploit the adaptation pro cess to elicit inferior game AI. Ho w ev er, b ecause adaptiv e

game AI is not static, the game dev elop ers m ust tak e in to accoun t that the `qualit y

assurance' phase for a game will tak e longer with than without adaptiv e game AI.

6.1.3 Com bining O�ine and Online A daptiv e Game AI

T o ensure the reliabilit y of online adaptiv e game AI, it m ust incorp ora te a su�cien t

amoun t of correct prior domain kno wledge (Manslo w, 2002). Ho w ev er, if the in-

corp ora ted domain kno wledge is incorrect or insu�cien t, online adaptiv e game AI

will not b e reliable, and unable to generate satisfying results. If a com bination of

o�ine and online game AI is a v ailable during the `qualit y assurance' phase, o�ine

adaptiv e game AI can b e used to increase the reliabilit y of online adaptiv e game AI

b y impro ving the domain kno wledge. T o this end, I prop ose a pro cedure consisting

of the follo wing three steps.

1. Online adaptatio n : During the `qualit y assurance' phase, online adaptiv e game

AI is used against the pla ytesters and against man ually-designed game AI, as
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w as sho wn in Chapter 5. The adaptiv e game AI will impro v e itself to generate

successful tactics, that are hard to defeat.

2. O�ine adaptatio n : O�ine adaptiv e game AI is used to disco v er new tactics

that can deal with the b est results found b y online adaptiv e game AI, and

with the man ually-designed tactics that online adaptiv e game AI w as unable

to deal with, as w as sho wn in Section 4.1.

3. Impr oving : The tactics disco v ered with o�ine adaptiv e game AI are analysed,

and the results of the analysis are used to impro v e the domain kno wledge

emplo y ed b y online adaptiv e game AI. The impro v ed online adaptiv e game AI

should b e b etter able to deal with strong h uman pla y er tactics, and should

b e more e�cien t in �nding tactics of a desired e�ectiv eness. Step 1 can b e

rep eated to v alidate the impro v emen ts. If necessary all three steps can b e

rep eated to further impro v e the domain kno wledge.

In the follo wing three sections, the e�ectiv eness of the pro cedure is demon-

strated.

3

6.2 Dynamic Scripti n g in an R TS Game

The �rst step in com bining online and o�ine adaptiv e game AI is the implemen ta-

tion and use of online adaptiv e game AI. The most complex game AI is encoun tered

in CRPGs and in strategy games (2.2.2). Chapter 5 already sho w ed that dynamic

scripting can b e successfully applied to a CRPG. T o demonstrate the general ap-

plicabilit y of dynamic scripting, for the exp erimen t describ ed in the presen t c hapter

it w as decided to apply dynamic scripting to a Real-Time Strategy (R TS) game.

In the exp erimen t, dynamic scripting is ev aluated against sev eral static tactics, to

determine to what exten t it is able to defeat the static tactics.

Subsection 6.2.1 in tro duces R TS games and the W ar gus en vironmen t used for

the exp erimen t. Subsection 6.2.2 describ es the implemen tation of dynamic script-

ing in W ar gus . Subsection 6.2.3 discusses the ev aluation of dynamic scripting in

W ar gus . Subsection 6.2.4 presen ts the ac hiev ed results.

6.2.1 R TS Games

R TS games are simple military sim ulations (often called `w ar games') that allo w the

h uman pla y er to con trol a `civilisation' on a map. T ypically , a civilisation consists

of buildings, tec hnology , and armies. Armies consist of `units' of sev eral di�eren t

t yp es. A unit is an ob ject that separately mo v es on a game's map, under the con trol

of either a h uman pla y er or the computer. A unit is di�eren t from an agen t, in that

a unit do es not tak e autonomous decisions. All decisions are tak en b y the h uman

pla y er, or the cen tralised game AI used b y the computer.

3

This demonstration is based on the w ork b y P onsen (2004), whic h w as p erformed in collab o-

ration with and under sup ervision of the author.
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The goal that an R TS game assigns to a h uman pla y er is to defeat all opp osing

civilisations. Usually , defeating a civilisation equates eliminating all armies of the

civilisation. In most R TS games, the k ey to winning lies in e�cien tly collecting and

managing resources , and appropria tely distributing the resources o v er the v arious

game elemen ts. T ypical game elemen ts in R TS games include the construction of

buildings, the researc h of new tec hnologies, and com bat.

Game AI is of critical imp ortance to R TS games. It determines the tactics of

the civilisations con trolled b y the computer, including the managemen t of resources .

Designing game AI for R TS games is particularly c hallenging for game dev elop ers,

b ecause of t w o reasons: (i) R TS games are complex, i.e., a wide v ariet y of tactics

can b e emplo y ed, and (ii) decisions ha v e to b e made under sev ere time constrain ts.

Buro (2003b) calls R TS games �an ideal test-b ed for real-time AI researc h� .

Game AI in R TS games is global, i.e., it determines all decisions for a civilisation

o v er the course of the whole game.

4

F or R TS games, Ramsey (2004) describ es a

m ulti-tiered game-AI framew ork, whic h consists of di�eren t managers for di�eren t

tasks. Fiv e examples of managers are (i) a `build manager' that is resp onsible for

placemen t of structures and to wns, (ii) a `resource manager' that is resp onsible for

gathering resources , (iii) a `researc h manager' that selects new tec hnologies based on

their usefulness and cost, (iv) a `com bat manager' that is resp onsible for conscript-

ing and deplo ying military units, and (v) a `civilisation manager', that co ordinates

the in teraction b et w een the other managers . In practice, the managers are often

com bined in one game-AI script, whic h de�nes a strategy .

Because of the high complexit y of the game AI of R TS games, usually the game

AI emplo ys a goal-dir e c ted approac h (Harmon, 2002 ). The �nal goal for the game AI

is to win the game, but this goal is to o complicated to address directly . Therefore,

the game AI aims at ac hieving subgoals, that can b e considered successful steps on

the road to ac hieving the �nal goal. Examples of subgoals are `expanding the terrain

under con trol' and `disabling the opp onen t's resource gathering'. Usually , the game

AI is enhanced with a v ariet y of domain-sp eci�c tactics, whic h ma y increase the

en tertainmen t exp erienced b y h uman pla y ers (Ken t, 2004).

Con trary to publishers of CRPGs, publishers of R TS games ha v e not y et released

game engines that allo w replacemen t of the game AI b y an adaptiv e mec hanism

(Buro, 2004). Therefore, in the presen t con text, an op en-source game w as selected

to exp erimen t with online and o�ine adaptiv e game AI in R TS games.

The game selected is W ar gus , illustrated in Figure 6.1. W ar gus is a faithful

op en-source clone of the game W ar craft I I , dev elop ed b y Blizzard. W ar craft

I I w as �rst released in 1995 , and re-relea s e d in 1999 . While its graphics are not to

up to to da y's standards, its game-pla y can still b e considered state of the art. While

W ar craft I I and W ar gus allo w con�icts b et w een more than t w o civilisations, for

the exp erimen ts describ ed here, the n um b er of civilisations on a map w as limited

to t w o. A game-AI script for W ar gus determines a complete strategy for a whole

game. Details of the W ar gus game AI are found in App endix C.

4

Dep ending on the lev el of detail of an R TS game, it ma y also include lo cal game AI, whic h

con tro ls unit b eha viour. Ho w ev er, in strateg y games the lo cal game AI is trivial compared to the

global game AI.
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Figure 6.1: W ar gus .

6.2.2 Dynamic Scripti ng in W argus

The design of dynamic scripting for R TS games has a ma jor di�erence with dynamic

scripting for CRPGs, as discussed in Chapter 5. While dynamic scripting for CRPGs

emplo ys di�eren t rulebases for di�eren t agen t classes in the game, the R TS imple-

men tation of dynamic scripting emplo ys di�eren t rulebases for di�eren t `states' of

the game. A `state' of an R TS game is a game situation that the game-AI designer

t ypi�es as fundamen tally di�eren t from other game situations. The reason for the

deviation from the CRPG implemen tation of dynamic scripting is that the tactics

that a civilisation can use in an R TS game dep end on the curren t military , tec hno-

logical, and economical situation of the civilisation. Th us, rules that deserv e high

w eigh ts in one state, ma y not deserv e high w eigh ts in another state. F or instance,

attac king with w eak units migh t b e the only viable c hoice in early game states, while

in later game states, when strong units are a v ailable, usually w eak units will ha v e

b ecome useless.

In W ar gus the a v ailabilit y of di�eren t unit t yp es and researc h options deter-

mines mainly what tactics are p ossible. The a v ailable buildings determine the unit

t yp es that can b e trained, and the p ossibilities for researc h. Therefore, an ob vious

c hoice for de�ning di�eren t game states is b y the buildings that ha v e b een con-
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structed. Consequen tly , the construction of a building that allo ws the training of

unit t yp es that w ere previously una v ailable, or that allo ws new researc h, spa wns a

state transition.

The t w en t y states for W ar gus , and the p ossible state transitions, are illustrated

in Figure 6.2. In the �gure, eac h b o x represen ts a state. Inside a b o x the buildings

that are a v ailable are listed. The arro ws b et w een b o xes, lab elled with a building

that is constructed, represen t state transitions. Note that a civilisation starts out

with a `to wn hall' and with `barrac k s ' already a v ailable. Note also that buildings

that do not allo w the training of new unit t yp es, new researc h, or the construction

of new buildings, are left out of the �gure.

F or W ar gus , dynamic scripting w as implemen ted as follo ws. T o generate a new

game-AI script, dynamic scripting starts b y randomly selecting rules for the �rst

state, from the rulebase corresp o nding to the �rst state. When a rule is selected

that spa wns a state transition, from that p oin t on rules will b e selected for the

new state, using the rulebase corresp o nding to the new state. T o a v oid monotone

b eha viour, eac h rule is restricted to b e selected only once p er state. Rule selection

con tin ues, un til either a total of N rules has b een selected, or un til a �nal state is

reac hed from whic h no state transition is p ossible. F or the �nal state (whic h, as can

b e observ ed in Figure 6.2, is state n um b er 20), a maxim um of Nend rules is selected.

A t the end of a script, a man ually-designed group of commands is attac hed that

initiate con tin uous attac ks against the opp osing civilisation.

In the exp erimen t the v alues N = 100 and Nend = 20 w ere used. The v alue for

N is similar to the size of the scripts created b y the W ar gus dev elop ers. The v alue

for Nend is largely irrelev an t, since only in rare cases a game lasts un til the �nal

state.

T o design rules for the rulebases, domain kno wledge w as acquired from strategy

guides for W ar craft I I . Fift y rules w ere de�ned this w a y , divided in to four basic

categories , namely (i) build rules (12 rules, for constructing buildings), (ii) researc h

rules (9 rules, for acquiring new tec hnologies), (iii) econom y rules (4 rules, for gath-

ering resources ), and (iv) com bat rules (25 rules, for military activities). T o create

rulebases for the t w en t y states, eac h rule w as copied to all rulebases for states in

whic h the rule can b e executed.

5

This resulted in eac h of the rulebases con tain-

ing b et w een 21 and 42 rules. Details of the rulebases are supplied in App endix C,

Subsection C.5.1.

Because there are separate rulebases for eac h state, the size of w eigh t up dates is

determined mainly b y a so-called `state �tness', i.e., an ev aluation of p erformance

of the game AI for eac h separate state. T o recognise the imp ortance of winning or

losing the game, w eigh t up dates also tak e in to accoun t a so-called `o v erall �tness',

i.e., an ev aluation of the p erformance of the game AI for the game as a whole. The

use of b oth �tness functions for the w eigh t up dates increases the e�ciency of the

learning mec hanism (Manslo w, 2004 ).

A civilisation that uses dynamic scripting is called a `dynamic civilisation'. The

5

F or instance, since in W ar gus a `castle' is a prereq u isite for building an `airp ort', and since a

civilisation only needs one `airp ort', the rule `build airp ort' is only included in rulebases for states

in whic h a `castle' is a v ailable, and in whic h an `airp ort' has not b een built y et.
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Figure 6.2: Game states in W ar gus .
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state-�tness function Fi for state i , i 2 N=f 0g, for dynamic civilisation d is de�ned

as follo ws.

Fi =
Sd;i

Sd;i + Sc;i
�

Sd;i � 1

Sd;i � 1 + Sc;i � 1
(6.1)

In this equation, Sd;x represen ts the score of the dynamic civilisation after state x ,

Sc;x represen ts the score of the civilisation opp osing d after state x , Sd;0 = 0 , and

Sc;0 = 1 . The score is a v alue that measures the success of a civilisation up to the

momen t the score is calculated.

The o v erall-�tness function F1 for dynamic civilisation d yields a v alue in the

range [0; 1]. It is de�ned as follo ws.

F1 =

8
>>>>><

>>>>>:

min

 
Sd;L

Sd;L + Sc;L
; b

!

{ d lost}

max

 
Sd;L

Sd;L + Sc;L
; b

!

{ d w on}

(6.2)

In this equation, Sd;x and Sc;x are as in equation 6.1, L is the n um b er of the state

in whic h the game ended, and b 2 h0; 1i is the break-ev en v alue. A t the break-ev en

p oin t, w eigh ts remain unc hanged.

The score function is domain dep enden t, and should successfully re�ect the rela-

tiv e strength of the t w o opp osing civilisations in the game. F or W ar gus , the score

Sx;y for civilisation x after state y is de�ned as follo ws.

Sx = Cm M x;y + (1 � Cm ) Bx;y (6.3)

In this equation, for pla y er x after state y , M x;y represen ts the `military p oin ts'

scored, i.e., the n um b er of p oin ts a w arded for killing units and destro ying buildings,

and Bx;y represen ts the `building p oin ts' scored, i.e., the n um b er of p oin ts a w arded

for conscripting units and constructing buildings. Cm 2 [0; 1] represen ts the w eigh t

giv en to the military p oin ts in the �tness. Since exp erience indicates that military

p oin ts are a b etter indication for the success of a tactic than building p oin ts, Cm

w as set to 0:7.

After eac h game, the w eigh ts of all rules emplo y ed are up dated. W eigh t v alues

are b ounded b y a range [Wmin ; Wmax ]. A new w eigh t v alue is calculated as W + MW ,

where W is the original w eigh t v alue, and the w eigh t adjustmen t MW is expressed

b y the follo wing form ula.

MW =

8
>>>>><

>>>>>:

� Pmax

 

Cend
b� F1

b
+ (1 � Cend )

b� Fi

b

!

{ F1 < b }

Rmax

 

Cend
F1 � b
1 � b

+ (1 � Cend )
Fi � b
1 � b

!

{ F1 � b}

(6.4)

In this equation, Rmax 2 N and Pmax 2 N are the maxim um rew ard and maxim um

p enalt y resp ectiv ely , F1 is the o v erall �tness, Fi is the state �tness, for the state
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corresp o nding to the rulebase con taining the w eigh t, and b is the break-ev en p oin t.

Cend 2 [0; 1] represen ts the fraction of the w eigh t adjustmen t that is determined

b y the o v erall �tness. Since it can b e exp ected that rulebases for di�eren t states

will b ecome successful at di�eren t times, the con tribution of the state �tness Fi to

the w eigh t adjustmen t should b e larger than the con tribution of the o v erall �tness

F1 . Moreo v er , it is desirable that, ev en if a game is lost, rulebases for states where

p erformance w as successful are not punished (to o m uc h). Therefore, Cend w as set

to 0:3.

T o k eep the sum of all w eigh t v alues in a rulebase constan t, w eigh t c hanges are

executed through a redistribution of all w eigh ts in the rulebase. In the exp erimen t,

the v alues Wmin = 25 , Wmax = 1250, Rmax = 200 , Pmax = 175 , and b = 0 :5 w ere

used. These v alues w ere determined to giv e go o d results during preliminary tests.

The v alue of 0:5 for b is the only logical c hoice, since at this v alue the scores for the

t w o civilisations are equal, indicating equal p erformance for b oth of them.

Note that it can b e argued that, since the dynamic-scripting implemen tation in

W ar gus executes w eigh t up dates only after a game has b een pla y ed, the describ ed

adaptiv e game AI is actually an o�ine mec hanism. Ho w ev er, an R TS game t ypically

consists of a series of so-called `lev els', where eac h lev el is equiv alen t to a game as

discussed ab o v e, i.e, civilisations start with little, and ha v e to expand their territo-

ries and defeat all opp osing armies, b efore mo ving on to the next lev el. Therefore,

the describ ed adaptiv e game AI learns during the pla ying of a full R TS game. F ur-

thermore, with a �tness function that only uses state �tness, and with game AI

generated for eac h state on the �y , learning can ev en tak e place during the pla ying

of a lev el, if states can b e revisited, or if the h uman pla y er is pitted against m ultiple

computer-con trolled civilisations.

6.2.3 Ev aluating of Dynamic Scripti ng in W argus

Similar to the exp erimen ts rep orted in Chapter 5, the p erformance of dynamic script-

ing in W ar gus w as ev aluated b y testing a dynamic civilisation against a civilisation

using man ually-designed game AI, called a `static civilisation'. Eac h test consisted

of a sequence of 100 games pla y ed.

F or the �rst game in eac h test, the dynamic civilisation started with rulebases

with all w eigh ts equal. The dynamic civilisation w as allo w ed to up date the rulebases

after eac h game. A game lasted un til one of the civilisations w as defeated, or un til

a certain p erio d of time had elapsed. If a game ended due to the time restriction

(whic h w as rarely the case), the civilisation with the highest score w as considered

the winner of the game.

Games w ere pla y ed on t w o di�eren t maps, a small map and a large map. Games

on a small map are usually decided swiftly , with �erce battles b et w een w eak armies.

A large map allo ws for a slo w er-pa c e d game, with long-lasting battles b et w een strong

armies. The t w o maps are discussed in detail in App endix C, Section C.1.

F our di�eren t man ually-designed game-AI v ariations , or `tactics', w ere used for

the static civilisation, namely the follo wing.
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Small Balanced T actic: A `balanced' tactic k eeps a balance b et w een o�ensiv e

actions, defensiv e actions, and researc h. It is e�ectiv e against man y di�eren t

pla ying st yles emplo y ed b y h umans. The `small balanced tactic' is emplo y ed

on the small map.

Large Balanced T actic: The `large balanced tactic' is similar to the `small bal-

anced tactic', but is emplo y ed on the large map.

Soldier Rush: The `soldier rush' aims at o v erwhelming the opp onen t with c heap

o�ensiv e units in an early state of the game. Since the `soldier rush' is most

e�ectiv e in fast games, it is emplo y ed on the small map.

Knigh t Rush: The `knigh t rush' aims at quic k tec hnological adv ancemen t, launc h-

ing large o�ences as so on as strong units are a v ailable. Since the `knigh t rush'

w orks b est in slo w er-pa c e d games, it is emplo y ed on the large map.

Details of the tactics are listed in App endix C, Section C.3.

T o quan tify the relativ e p erformance of the dynamic civilisation against the static

civilisation, the notion of the `turning p oin t' is de�ned as follo ws. After eac h game,

an appro ximate randomisatio n test (Cohen, 1995 ) is p erformed using the o v erall

�tness v alues o v er the most recen t ten games, with the n ull h yp othesis that b oth

civilisations are equally strong. The dynamic civilisation is said to outp erform the

static civilisation if the randomisation test concludes that the n ull h yp othesis can

b e rejected with a probabilit y of 90%, in fa v our of the dynamic civilisation b eing

stronger. The `turning p oin t' is the n um b er of the �rst game in whic h the dynamic

civilisation outp erforms the static civilisation. Lo w v alues for the turning p oin ts

indicate go o d e�ciency of dynamic scripting.

6.2.4 Ev aluation Results

The results of the ev aluation of dynamic scripting in W ar gus are displa y ed in T able

6.1. F rom left to righ t, the table columns represen t (i) the tactic used b y the static

civilisation, (ii) the n um b er of tests, (iii) the a v erag e turning p oin t, (iv) the median

turning p oin t, (v) the lo w est turning p oin t, (vi) the highest turning p oin t, (vii) the

n um b er of tests that did not �nd a turning p oin t within 100 games pla y ed, and (viii)

the a v erag e n um b er of games w on during the test.

F rom the lo w v alues for the turning p oin ts for the t w o `balanced' tactics, it

ma y b e concluded that the dynamic civilisation adapts e�ectiv ely and e�cien tly .

Therefore, dynamic scripting can b e applied successfully to R TS games. Ho w ev er,

the dynamic civilisation w as unable to adapt to the t w o `rush' tactics within 100

games. The reason for the inferior p erformance of the dynamic civilisation against

the t w o `rush' tactics is t w ofold, namely (i) the `rush' tactics are optimised, in the

sense that it is quite hard to design game AI that is able to deal with them, and (ii)

the rulebase do es not con tain the appropria te kno wledge to easily design game AI

that is able to deal with the `rush' tactics.

Note that this do es not mean that dynamic scripting cannot use the rulebases to

design an answ er to the rush tactics. It can, and do es so o ccasiona lly . Ho w ev er, the
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T actic T ests A v erage Median Lo w est Highest > 100 W on

Small balanced 31 50 39 18 99 0 59.3

Large balanced 21 49 47 19 79 0 60.2

Soldier rush 10 10 1.2

Knigh t rush 10 10 2.3

T able 6.1: Ev aluation results of dynamic scripting in W ar gus .

rulebases generate suc h an answ er only on rare o ccasions . Therefore, it tak es quite

a long time b efore the rules of whic h suc h an answ er consists ha v e w eigh ts that are

su�cien tly high so that the answ er o ccurs regularly . The requiremen t of e�ciency

disallo ws suc h a long learning time.

P erhaps not surprisingly , against the `balanced' tactics, in some of the tests

dynamic scripting encouraged the rulebases to create scripts that w ere v ery similar

to the `rush' tactics. Therefore, ev en if the `rush' tactics had not b een implemen ted

man ually , they w ould ha v e b een disco v ered automatically b y dynamic scripting.

6.3 Ev olutionary T actics

The second step in com bining online and o�ine adaptiv e game AI, is to use o�ine

adaptiv e game AI to disco v er new tactics that can deal with the b est results found

b y online adaptiv e game AI, and with the man ually-designed tactics that online

adaptiv e game AI w as unable to deal with. In Section 4.1, o�ine ev olutionary

learning w as used to design neural-net w ork - ba s e d game AI for a strategy game. It

w as concluded that o�ine ev olutionary learning is capable of ev olving successful

game AI, but that a neural net w ork is not a suitable structure to store game AI.

In the presen t section, a similar approac h as in Section 4.1 is used to ev olv e script-

based game AI. The goal is to design game AI for W ar gus , that has the abilit y

to deal successfully with the t w o `rush' tactics discussed in Section 6.2, whic h w ere

di�cult for dynamic scripting to deal with. This section discusses the exp erimen tal

pro cedure used (6.3.1), the c hromosome enco ding (6.3.2), the �tness function used b y

the ev olutionary algorithm (6.3.3), the genetic op erator s (6.3.4), the results ac hiev ed

against the t w o `rush' tactics (6.3.5), and a qualitativ e examination of the disco v ered

solutions (6.3.6).

6.3.1 Exp erimen tal Pro cedure

An ev olutionary algorithm w as designed to ev olv e new tactics to b e used in the W ar-

gus en vironmen t against a static civilisation using either the `soldier rush' or the

`knigh t rush' tactic. The ev olutionary algorithm used a p opulation of size 50. The

p opulation w as initialised with random (but legal) c hromoso mes . T o select paren t

c hromoso mes for breeding, size-3 tournamen t selection w as used (Goldb erg, 1989 ).
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Newly generated c hromoso mes replaced existing c hromoso mes in the p opulation,

using size-3 cro wding (Goldb erg, 1989 ).

The ev olution con tin ued un til one of t w o stop criteria w as ful�lled, namely (i)

the �tness-stop criterion, or (ii) the run-stop criterion. The �tness-stop criterion

ab orts the ev olution pro cess when a c hromosome with a target �tness v alue has

b een created. During preliminary exp erimen ts suitable target �tness v alues w ere

determined, namely 0.75 against the `soldier rush', and 0.70 against the `knigh t

rush'. The run-stop criterion ab orts the ev olution pro cess when a maxim um n um b er

of generations has b een pro duced.

During preliminary exp erimen ts it w as found that a maxim um of only �v e gener-

ations (i.e., 250 new c hromoso mes ) w as su�cien t to ev olv e successful game AI. When

the ev olution pro cess ends, the c hromoso me with the highest �tness is considered

the solution.

6.3.2 Enco ding of T actics

The ev olutionary algorithm w orks with a p opulation of c hromoso mes . In the presen t

con text, a c hromoso me represen ts a game-AI script. T o enco de a game-AI script for

W ar gus , eac h gene in the c hromosome represen ts one rule.

F our di�eren t gene t yp es are distinguished, corresp o nding to the four basic rule

categories men tioned in Subsection 6.2.2, namely (i) build genes, (ii) researc h genes,

(iii) econom y genes, and (iv) com bat genes. Eac h gene consists of a `rule ID' that

indicates the t yp e of gene (`B', `R', `E' and `C', resp ectiv ely), follo w ed b y v alues for

the parameters needed b y the gene.

6

The genes are group ed b y states, and the start

of a state is indicated b y a separate mark er (`S'), follo w ed b y the state n um b er. Rule

details can b e found in App endix C, Section C.4.

The c hromoso me design is illustrated in Figure 6.3. A sc hematic represen tation

of the c hromoso me, divided in to states, is sho wn at the top. Belo w it, a sc hematic

represen tation of one state in the c hromoso me is sho wn, consisting of a state mark er

and a series of rule genes. Rule genes are iden ti�ed b y the n um b er of the state for

whic h they o ccur, follo w ed b y a p erio d, follo w ed b y a sequence n um b er. Belo w the

state represen tation, a sc hematic represen tation of one rule is sho wn. A t the b ottom,

part of an example c hromoso me is sho wn.

7

Chromosomes for the initial p opulation are generated randomly . The generating

mec hanism starts b y randomly pro ducing genes for the �rst state, allo wing only

genes that are legal in this state. When a build gene is pro duced that spa wns a

state transition, the generating mec hanism switc hes to pro ducing genes for the new

state. This con tin ues un til the last state is reac hed, for whic h �v e genes are pro duced,

6

Of the com bat gene, there are actually t w en t y v ariations, one for eac h p ossible state. Eac h

v ariation uses di�eren t parameters. They use rule ID's mark ed `C1' to `C20'.

7

The example c hromosome translates as follo ws. In state 1, �rst a defensiv e arm y is create d with

n um b er 2, consisting of �v e soldiers. Then building t yp e 4 is construc t e d . The construc t ion of this

building spa wns a transition to state 3 (th us, from Figure 6.2 it can b e deriv ed that building t yp e

4 is a `blac ksmith'). In state 3, �rst econom y action 8 is execut e d , whic h is follo w ed b y researc h

action 15. Finally , building t yp e 3 (a `lum b ermi l l ' ) is construc t e d , whic h spa wns a transition to

state 6.
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Figure 6.3: Chromosome design to store game AI for W ar gus .

and to whic h a lo op is attac hed that con tin uously attac ks with strong units. Th us

it is ensured that only legal game-AI scripts are created.

6.3.3 Fitness F unction

T o determine the �tness of a c hromoso me, the c hromosome is translated to a game-

AI script. The game-AI script con trols a dynamic civilisation against a static civi-

lisation. A �tness function F measures the relativ e success of the game-AI script

represen ted b y the c hromoso me. Fitness function F for the dynamic pla y er d, yield-

ing a v alue in the range [0; 1], is de�ned as follo ws.

F =

8
>>>>><

>>>>>:

min

 
CT

Cmax
�

M d

M d + M c
; b

!

{ d lost}

max

 
M d

M d + M c
; b

!

{ d w on}

(6.5)

In this equation, CT represen ts the timestep at whic h the game w as �nished (i.e.,

lost b y one of the pla y ers, or ab orted b ecause time ran out), Cmax represen ts the

maxim um timestep the game is allo w ed to con tin ue to, M d represen ts the `military

p oin ts' for the dynamic pla y er, M c represen ts the `military p oin ts' for the dynamic

pla y er's opp onen t, and b is the break-ev en p oin t. When a game is ab orted b ecause

time ran out, the highest scoring civilisation wins (as calculated b y equation 6.3).

The factor

CT
Cmax

ensures that a game AI that loses after a long game, is a w arded a

higher �tness than a game AI that loses after a short game.

Since W ar gus is completely deterministic, the �tness do es not c hange if m ultiple
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Figure 6.4: State crosso v e r .

games are pla y ed. W ere this not the case, the �tness w ould ha v e b een determined

b y pla ying sev eral games and a v erag ing o v er the �tness v alues p er game.

6.3.4 Genetic Op erators

T o breed new c hromoso mes , four genetic op erator s w ere implemen ted. By design,

all four genetic op erator s ensure that a c hild c hromosome alw a ys represen ts a `legal'

game-AI script. P aren t c hromoso mes are selected with a c hance corresp o nding to

their �tness v alues.

The genetic op erator s tak e in to accoun t `activ ated' genes. An activ ated gene is a

gene that represen ts a rule that w as executed during the �tness determination. If a

genetic op erator pro duces a c hild c hromoso me that is equal to a paren t c hromoso me

for all activ ated genes, the c hild is rejected and a new c hild is generated. The

reason is that genes that are not activ ated, are irrelev an t to the game-AI script the

c hromoso me represen ts.

The four genetic op erator s are the follo wing.

� State Cr ossover selects t w o paren t c hromoso mes , and copies states from ei-

ther paren t to the c hild c hromoso me. The genetic op erator is con trolled b y

`matc hing states'. A `matc hing state' is a state that exists in b oth paren t

c hromosomes . Figure 6.2 mak es eviden t that, for W ar gus , there are alw a ys

at least four matc hing states, namely state 1, state 12, state 13, and state 20.

State crosso v e r will only b e used when there are least three matc hing states

with activ ated genes. A c hild c hromosome is created as follo ws. States are

copied from the �rst paren t c hromoso me to the c hild c hromoso me, starting at

state 1 and w orking do wn the c hromoso me. When there is a state transition

to a matc hing state, there is a 50 p er cen t probabilit y that from that p oin t on,

the role of the t w o paren ts is switc hed, and states are copied from the second

paren t. When the next state transition to a matc hing state is encoun tered,

again a switc h b et w een the paren ts can o ccur. This con tin ues un til the last

state has b een copied. The pro cess is illustrated in Figure 6.4. In the �gure,

paren t switc hes o ccur at state 8 and at state 13.

� R ule R eplac ement Mutation copies one paren t c hromoso me to a c hild c hromo-

some. Then, all activ ated researc h, econom y , and com bat genes ha v e a 25 p er
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T actic A v erage Lo w est Highest > 250

Soldier rush 0.78 0.73 0.85 2

Knigh t rush 0.75 0.71 0.84 0

T able 6.2: Ev olutionary game AI in W ar gus results.

cen t probabilit y to b e replaced with a random di�eren t econom y , researc h, or

com bat gene. It is allo w ed to replace a gene of a certain t yp e b y a gene of a

di�eren t gene t yp e (e.g., it is allo w ed to replace a researc h gene b y a com bat

gene). Build genes are excluded b oth for and as replacemen ts, b ecause they

can spa wn a state transition, whic h migh t corrupt the c hromoso me.

� Biase d R ule Mutation copies one paren t c hromoso me to a c hild c hromoso me.

Then, all parameters for econom y and com bat genes ha v e a 50 p er cen t prob-

abilit y to b e m utated. Mutation c hanges the parameter v alue b y adding a

random in teger v alue in the range [� 5; 5].

� R andomisation generates a random new c hild c hromosome.

F or eac h new c hild c hromoso me that is generated, randomisation has a 10 p er

cen t probabilit y to b e selected, and the other three genetic op erator s eac h ha v e a 30

p er cen t probabilit y to b e selected.

6.3.5 Ev oluti onary-T acti c s Results

As a remedy against eac h of the t w o `rush' tactics, ten tests w ere p erformed that

generated a coun ter-tactic b y ev olutionary means. The results of the t w o series

of ten tests are listed in T able 6.2. F rom left to righ t, the columns of the table

represen t (i) the tactic used b y the static civilisation, (ii) the a v erag e of the solution-

�tness v alues, (iii) the lo w est solution-�tness v alue, (iv) the highest solution-�tness

v alue, and (v) the n um b er of tests that ended on the run-stop criterion. The table

sho ws surprisingly high a v erag e , highest, and ev en lo w est solution-�tness v alues.

Therefore, it ma y b e concluded that o�ine adaptiv e game AI w as successful in

rapidly disco v ering game-AI scripts able to defeat b oth `rush' tactics used b y the

static civilisation.

6.3.6 Ev oluti onary-T acti c s Discussion

Ab out the solutions ev olv ed against the `soldier rush' tactic, the follo wing observ a-

tions w ere made. The `soldier rush' is used on a small map. As is usual for a small

map, the game pla y ed b y the solutions w as alw a ys short. Most solutions included

only t w o states with activ ated genes. Basically , all ten solutions coun ter the `soldier

rush' tactic with a `soldier rush' tactic of their o wn. In eigh t out of ten solutions,

the solutions included building a `blac ksmith' v ery early in the game. Then, the
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solutions selected at least t w o out of the three p ossible researc h adv ancemen ts, after

whic h large attac k forces w ere created. These eigh t solutions succeed b ecause they

ensure their soldiers are quic kly upgraded to b e v ery e�ectiv e, b efore they attac k.

The remaining t w o solutions o v erwhelmed the static civilisation with sheer n um b ers.

Ab out the solutions ev olv ed against the `knigh t rush', the follo wing observ atio ns

w ere made. The `knigh t rush' is used on a large map, whic h en ticed longer games. On

a v erag e , for eac h solution �v e or six states w ere activ ated. Against the `knigh t rush',

all solutions included training large n um b er of `w ork ers ' to b e able to expand the

civilisation quic kly , and b o osting the econom y b y exploiting additional resource sites

after setting up defenses. Almost all solutions w ork ed to w ards the goal of quic kly

creating adv anced military units, in particular `knigh ts'. Sev en out of ten solutions

ac hiev ed this goal b y emplo ying a sp eci�c building order, namely a `blac ksmith',

follo w ed b y a `lum b ermill', follo w ed b y a `k eep', follo w ed b y `stables'. T w o out of ten

solutions preferred a building order that reac hed state 11 as fast as p ossible. State

11 is the �rst state that allo ws the building of the `knigh ts'.

Surprisingly , in sev eral solutions against the `knigh t rush', the game AI emplo y ed

man y `catapults'. W ar craft I I strategy guides generally consider `catapults' to b e

inferior military units, b ecause of their high costs and considerable vulnerabilit y . A

p ossible explanation for the successful use of `catapults' b y the ev olutionary game

AI is that, with their high damaging abilities and large range, they are particularly

e�ectiv e against tigh tly pac k ed armies, suc h as groups of `knigh ts'.

6.4 Impro ving Online A daptiv e Game AI

The third step in com bining online and o�ine adaptiv e game AI, is to use the results

ac hiev ed with o�ine adaptiv e game AI to impro v e the domain kno wledge emplo y ed

b y online adaptiv e game AI. In Section 6.2, it w as disco v ered that dynamic scripting

did not ac hiev e satisfying results against the t w o `rush' tactics. Section 6.3 describ es

the ev olution of new game-AI scripts, whic h are able to defeat the t w o `rush' tactics.

The presen t section discusses ho w the ev olv ed game-AI scripts can b e used to increase

the reliabilit y of dynamic scripting b y impro ving the rulebases. Subsection 6.4.1

discusses ho w the ev olv ed game-AI scripts are translated in to rulebase impro v emen ts.

Subsection 6.4.2 ev aluates the new rulebases b y rep eating the exp erimen t describ ed

in Section 6.2. Subsection 6.4.3 discusses the ev aluation results.

6.4.1 Impro ving the Rulebases

Subsection 6.3.6 describ es t ypical c haracteris tics of the solutions disco v ered b y the

ev olutionary game AI. The observ atio ns w ere used to man ually create four new rules

for the dynamic-scripting rulebases.

� Eigh t out of ten solutions against the `soldier rush' con tained a sp eci�c pattern

of building and researc h, namely �rst building a `blac ksmith', then researc hing

b etter w eap onry and armour, follo w ed b y the creation of large o�ensiv e forces.

A new rule w as created that con tained exactly this pattern.
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� Against the `knigh t rush', almost all solutions aimed at creating adv anced

military units quic kly . This w as ac kno wledged b y creating a new rule, that

c hec ks whether it is p ossible to reac h a state that allo ws the creation of ad-

v anced military units, b y constructing one new building. If this is p ossible,

the rule constructs that building, and creates an o�ensiv e force consisting of

the adv anced military units.

� Against the `knigh t rush', all solutions included b o osting the econom y b y con-

structing a new `to wnhall'. The original rulebases, used in Section 6.2, con-

tained rules for constructing a `to wnhall', but these w ere in v ariably assigned

lo w w eigh ts. The explanation is that a new `to wnhall' is easily destro y ed, and

th us can only b e successful if it can b e defended against enem y in terference.

The solutions ac kno wledged this b y �rst building up defenses. A new rule

w as created that com bined the building of a defensiv e arm y , follo w ed b y the

construction of a new `to wnhall'.

� The b est solution found against the `knigh t rush' w as translated in to a new

rule without in terpretation. All activ ated genes for eac h state w ere translated

and com bined in one rule, and stored in the corresp o nding rulebase.

T o k eep the total n um b er of rules constan t, the new rules replaced existing rules.

The replaced rules w ere rules that dealt with air com bat. In the exp erimen t describ ed

in Section 6.2, the air-com ba t rules alw a ys ended up with lo w w eigh ts.

Besides the creation of the four new rules, small c hanges w ere made to the exis-

ting com bat rules, c hanging their parameters to increase the n um b er of units of t yp es

preferred b y the solutions, and to decrease the n um b er of units of t yp es a v oided b y

the solutions. Through these c hanges, the use of `catapults' w as encourage d.

Details of the impro v ed rulebase are supplied in App endix C, Subsection C.5.2.

6.4.2 Ev aluation of the Impro v ed Rulebases

The exp erimen t describ ed in Section 6.2 w as rep eated, with dynamic scripting em-

plo ying the impro v ed rulebases. T o encourage high w eigh ts, the maxim um rew ard

Rmax and the maxim um p enalt y Pmax w ere b oth set to 400. The c hange of the max-

im um rew ard and p enalt y has little impact on the results ac hiev ed with dynamic

scripting, since the w eigh t v alues are compared to eac h other � it is not the absolute

v alue of a w eigh t that is imp ortan t, but the v alue of a w eigh t relativ e to comp eting

w eigh t v alues. Ho w ev er, with the higher v alues for Rmax and Pmax , the b oundaries

set to the w eigh t v alues, Wmin and Wmax , are reac hed faster.

T able 6.3 summarises the ac hiev ed results. The columns represen t the same

v ariables as in T able 6.1. A comparison of T able 6.1 and T able 6.3 sho ws that the

p erformance of dynamic scripting is considerably impro v ed with the new rulebases.

Against the t w o `balanced' tactics, the a v erag e turning p oin t is reduced b y more

than 50 p er cen t. Against the t w o `rush' tactics, the n um b er of games w on out of

100 has increased considerably . It w as observ ed that dynamic scripting assigned

large w eigh ts to all four new rules, created in Subsection 6.4.1. Therefore, it ma y b e
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T actic T ests A v erage Median Lo w est Highest > 100 W on

Small balanced 11 19 14 10 34 0 72.5

Large balanced 11 24 26 10 61 0 66.4

Soldier rush 10 10 27.5

Knigh t rush 10 10 10.1

T able 6.3: Ev aluation results of dynamic scripting in W ar gus , using impro v ed

rulebases.

concluded that the new rules are e�ectiv e, and are the lik ely cause for the impro v ed

p erformance. The impro v ed p erformance against all tactics indicates an impro v ed

reliabilit y of dynamic scripting with the new rulebases, compared to dynamic scrip-

ting with the original rulebases.

6.4.3 Discussion

Despite the impro v emen t of the reliabilit y of dynamic scripting e�ectuated b y the

new rulebases, dynamic scripting is still unable to outp erform the t w o `rush' tactics

statistically . The explanation of this fact is as follo ws. The t w o `rush' tactics are

'sup er-tactics', that can only b e defeated b y v ery sp eci�c coun ter-tactics, with little

ro om for v ariation. By design, dynamic scripting generates a v ariet y of tactics at all

times. Therefore, it is unlik ely to mak e the appropria te c hoices enough times in a

ro w to reac h the turning p oin t.

As w as noted in Subsection 5.5.6, the fact that suc h sup er-tactics as the `rush'

tactics are p ossible at all, can b e considered a w eakness of the game design.

8

A dap-

tiv e game AI ma y b e able to deal with sup er-tactics, if it is able recognise that a

sup er-tactic is used, and has a pre-prog r a mmed `answ er' stored whic h it can use

without activ ating a learning mec hanism. Ho w ev er, a b etter solution w ould b e to

c hange the game design to mak e sup er-tactics imp ossible. If adaptiv e game AI is

used during the `qualit y assurance' phase of game dev elopmen t, sup er-tactics can b e

disco v ered b efore a game is released to the public, when there is still time to impro v e

the game design.

One migh t w onder whether using coun ter-tactics against sup er-tactics to im-

pro v e the domain kno wledge stored in rulebases, ma y lead to the rulebases o v er�t-

ting against the sup er-tactics. Since the exp erimen t impro v ed the p erformance of

dynamic scripting not only against the `rush' tactics, but also against the `balanced'

tactics, it seems o v er�tting has b een a v oided.

A ctually , there is a go o d reason wh y the prop osed pro cedure to impro v e the

rulebases manages to a v oid o v er�tting. The reason is a consequence of the principle

discussed in Chapter 3, that solutions to hard instances encompass c haracteris tics

8

This is not to suggest that W ar craft I I , on whic h W ar gus is based, has a w eak game design.

W ar craft I I is a classic game that has gained lasting resp ect . Ho w ev er, `rush' tactics are p ossible

in the game, and can b e considered detrimen tal to the game's en tert a inmen t v alue.
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of solutions to easy instances. The `rush' tactics can b e considered hard instances,

the `balanced' tactics easy instances. The new rules deriv ed from observing the

solutions (i.e., the ev olv ed coun ter-tactics) to the `rush' tactics, implemen t t ypical

c haracteris tics of the solutions to the `rush' tactics. These c haracteris tics are lik ely

to b e able to deal successfully with easier tactics, to o. F urthermore, as long as the

new rules are adde d to a rulebase that can deal with easy tactics, or replace rules

that are inferior an yw a y , then at w orst the new rules are inconsequen tial against

easy tactics. Therefore, o v er�tting is unlik ely to o ccur.

T o impro v e the domain kno wledge for online adaptiv e game AI, the pro cedure

prescrib es extracting t ypical c haracteris tics of o�ine ev olv ed tactics. This step re-

quires understanding and in terpretation of the ev olv ed tactics, whic h are activities

that are di�cult to p erform automatically . Therefore, in the exp erimen t the extrac-

tion w as done man ually . Ho w ev er, to some exten t it should b e p ossible to automate

the extraction of new rules, esp ecially since the e�ectiv eness of the new rules can b e

tested b y running the pro cedure again. This will b e in v estigated in future w ork.

6.5 A cceptance

O�ine adaptation of game AI, when applied b efore the game is released, is without

risk. Therefore, game dev elop ers will not hesitate to apply o�ine adaptation if

they consider the p ossible adv an tages it will bring w orth while. In con trast, game

dev elop ers will regar d online adaptation of game AI with considerable suspicion.

Since online adaptation of game AI can b e used during pla ytesting to help impro ving

static game AI, they migh t consider using online adaptation during the `qualit y

assurance' phase, as a �rst step on the road to include it in a released game.

I exp ect that, b efore game dev elop ers tak e a decision with regar d to exp erimen t-

ing with online adaptiv e game AI, they will need some guaran tee that the tec hniques

discussed in this researc h generalise to their games. Three issues with regar d to the

generalisa tio n of adaptiv e game AI are discussed b elo w, namely (i) to what exten t

adaptiv e game AI generalises o v er the course of a game (6.5.1), (ii) to what exten t

adaptiv e game AI generalises to di�eren t game t yp es (6.5.2), and (iii) to what exten t

the adaptiv e tec hniques generalise to di�eren t functionalities (6.5.3). A ma jor issue

for the acceptance of adaptiv e game-AI tec hniques is whether they con tribute to

the en tertainmen t exp erienced b y the h uman pla y er of a game. This is discussed in

Subsection 6.5.4. Finally , Subsection 6.5.5 discusses the future of adaptiv e game AI.

6.5.1 Generalisation o v er the Course of a Game

In the exp erimen ts describ ed in Chapter 5 and 6, the adaptation tec hniques are

tested against a static game AI in an e�ectiv ely unc hanging situation. In con trast,

in mo dern games situations encoun tered b y h uman pla y ers c hange o v er the course of

the game. In general, the agen ts con trolled b y the h uman pla y er will b ecome more

p o w erful when the game progres s e s . A t the same time, the computer-con trolled

agen ts that opp ose the h uman pla y er will b ecome more p o w erful to o. The question
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is w arran ted whether adaptiv e game AI can b e exp ected to p erform w ell in these

c hanging circumstances.

The answ er is that it dep ends on the design of the domain kno wledge (e.g., the

dynamic-scripting rulebases) emplo y ed b y the adaptiv e game AI. A daptiv e game

AI can b e exp ected to function w ell o v er the course of the game, if the domain

kno wledge is form ulated su�cien tly general to describ e rules and facts that hold for

most situations in the game. As App endix A sho ws, the rulebases designed for the

CRPG sim ulation describ ed in Chapter 5 are not su�cien tly general. F or instance,

a rule that casts a `Fireball' sp ell w orks �ne as long as the `Fireball' sp ell is a go o d

sp ell to use, but fails when there are b etter alternativ es a v ailable. Con trariwise, as

App endix B sho ws, the rulebases designed for Never winter Nights only refer to

actions in a general manner, taking in to accoun t the curren t status of the game.

Of course, to ac hiev e a generalised implemen tation of game AI, the game should

allo w generalised domain kno wledge to b e form ulated. F or instance, a rule stating

that `an e�ectiv e action against a group of enemies standing close together is at-

tac king them with an area-e�ect w eap on' should hold for the whole course of the

game, otherwise it do es not re�ect correct domain kno wledge. Ho w ev er, ev en for

games where it is di�cult to form ulate domain kno wledge in general, adaptiv e game

AI can b e implemen ted b y using di�eren t rulebases for di�eren t game states. In the

presen t c hapter, this approac h has b een used, with great success, to deal with the

c hanging circumstances o v er the course of an R TS game.

6.5.2 Generalisation to Di�eren t Game T yp es

T o what exten t can the tec hniques for adaptiv e game AI, discussed in this thesis, b e

used in di�eren t games t yp es?

F or o�ine adaptiv e game AI, there are no real restrictions to game t yp es, since

o�ine adaptiv e game AI can generate literally an ything. A ma jor obstruction to

using o�ine adaptiv e game AI is that o�ine learning tec hniques can tak e a h uge

amoun t of computational resources b efore results are ac hiev ed. Usually , the amoun t

of required computational resources can b e k ept relativ ely small b y carefully design-

ing and implemen ting the o�ine adaptiv e game AI. Ho w ev er, careful design and

implemen tation require a considerable, and th us exp ensiv e, in v estmen t on the part

of the game dev elop ers. Therefore, o�ine adaptiv e game AI should b e applied to

games where it can b e really w orth while. T ypically , these are games with complex

game AI, suc h as CRPGs and strategy games.

F or online adaptiv e game AI, dynamic scripting has already b een sho wn appli-

cable to t w o completely di�eren t t yp es of games with highly complex game AI,

namely CRPGs (Chapter 5) and R TS games (the presen t c hapter; furthermore,

Dahlb om (2004) o�ers an alternativ e implemen tation of dynamic scripting in R TS

games). By extrap olatio n, dynamic scripting is also applicable to di�eren t game

t yp es, that use scripted game AI with a complexit y less than CRPGs and R TS

games. This is the ma jorit y of games on the mark et to da y .

T o games that use game AI not implemen ted in scripts, dynamic scripting is not

directly applicable. Ho w ev er, based on the idea that domain kno wledge m ust b e the
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core of an online adaptiv e game-AI tec hnique, an alternativ e for dynamic scripting

ma y b e designed. F or instance, if game AI is based on a �nite-state mac hine, state

transitions can b e extracted from a rulebase to construct the �nite-state mac hine,

in a w a y similar to dynamic scripting's selection of rules for a game-AI script.

6.5.3 Generalisation of F unctions

In the researc h discussed in this thesis, game AI is dev elop ed with as its main

function comp eting with the h uman pla y er. Ho w ev er, the in v estigated tec hniques

are not restricted to that function.

Ob viously , o�ine adaptiv e game AI, in v estigated in Chapter 4 and in the presen t

c hapter, is based on ev olutionary learning, whic h can b e applied to man y di�eren t

problem domains (cf. Goldb erg, 1989 ; Da vis, 1991 ; Mic halewicz, 1992 ). F or ev olu-

tionary learning, the only requiremen t for use is that an adequate �tness function

can b e designed (Goldb erg, 1989 ).

Online adaptiv e game AI in the form of dynamic scripting, in v estigated in Chap-

ter 5 and in the presen t c hapter, can b e applied to an y function that meets three

requiremen ts (as men tioned b efore in Subsection 5.1.1): (i) the function can b e

scripted, (ii) domain kno wledge on the c haracteris tics of a successful function can b e

collected, and (iii) an ev aluation function can b e designed to assess ho w successful

the function w as executed. Suc h functions are not only found in games, but also in

less `friv olous' application areas, suc h as m ulti-agen t systems.

6.5.4 Learning to En tertain

The main goal of a game is to pro vide en tertainmen t. If online adaptiv e game AI is

not b ene�cial to the en tertainmen t exp erienced b y h uman pla y ers, game dev elop ers

will not b e in terested in implemen ting it. Therefore, the question is w arra n ted

whether online adaptiv e game AI really impro v es a game's en tertainmen t factor.

It is eviden t that not ev ery h uman pla y er is en tertained b y the same asp ects of

a game. Charles and Livingstone (2004) di�eren tiate b et w een pla y ers that desire to

master a game, and pla y ers that desire to exp erience v ariet y in a game. Ob viously ,

the �rst group of pla y ers will not enjo y adaptiv e game AI, since the game will adapt

when pla y ers are getting close to mastering it. Ho w ev er, the second group of pla y ers

will enjo y the v ariet y adaptiv e game AI pro vides.

Ho w can b e assessed whether the tec hniques discussed in this thesis, in particular

dynamic scripting, impro v es the en tertainmen t of a game, for at least those pla y ers

that enjo y the v ariet y and the increased c hallenge? An answ er to this question ma y

b e disco v ered b y a large-s c a le psyc hologica l in v estigation of pla y ers of a game that

can b e exp erienced with or without adaptiv e game AI. Ho w ev er, suc h an in v esti-

gation is b ey ond the scop e of this thesis. Still, literature pro vides indications that

adaptiv e game AI impro v es the en tertainmen t of games, as explained b elo w.

Most pla y ers are in trinsically motiv ated to pla y a game, i.e., they are not forced

to pla y the game, but do so purely for pleasure. Empirical studies ha v e link ed

in trinsic motiv ation to the concept of `presence' (also referred to as `immersion'
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or `susp ension of disb elief '); the stronger the sense of `presence', the higher the

in trinsic motiv ation, and th us the greater the en tertainmen t exp erienced (Heeter,

1992 ; IJsselsteijn et al. , 2004 ). Since adaptiv e game AI allo ws computer-con trolled

agen ts to a v oid the con tin uous rep etition of mistak es, it impro v es the feeling of

immersion exp erienced b y the h uman pla y er, and th us con tributes p ositiv ely to the

en tertainmen t pro vided b y the game.

T o measure the en tertainmen t pro vided b y analytical games, Iida and Y oshim ura

(2003) form ulated a theory of game re�nemen t. A ccording to the theory , game

re�nemen t is expressed b y the form ula

p
B

D , where B represen ts the branc hing factor

of the game, and D represen ts the game depth, i.e., the a v erag e n um b er of mo v es in

the game un til the outcome is decided. Game re�nemen t w as calculated for sev eral

Chess v ariations (Iida, T ak eshita, and Y oshim ura, 2002) and for the game of Mah

Jong (Iida et al. , 2004). Iida et al. (2002) surmised that for optimal en tertainmen t,

the re�nemen t v alue of a game m ust b e in the neigh b ourho o d of 0.07.

Unfortunately , the re�nemen t form ula cannot b e easily translated from analyt-

ical games to commercial games, since the branc hing factor for commercial games

is v ery di�cult to determine.

9

It seems clear that, in order to apply the re�nemen t

form ula to commercial games, theory m ust b e dev elop ed to determine ho w the con-

cepts of `branc hing factor' and `game depth' can b e translated to commercial games.

Y annak akis and Hallam (2004) prop osed a metric to measure the `in terest v alue' of

commercial predator-pr e y games (where the h uman pla y er is the `prey'), based on

the prey's `lifetime', and the predator's `div ersit y in tactics'. Ho w ev er, their met-

ric migh t b e criticised for the fact that it equates increased lifetime for the h uman

pla y er with increased en tertainmen t v alue, while it seems eviden t that h umans are

not en tertained b y a game that drags on endlessly .

Ev en though the re�nemen t form ula cannot b e applied to games directly , the

basis for the theory of re�nemen t is applicable to all games. Iida and Y oshim ura

(2003) deriv e the theory of re�nemen t from the observ atio n that the en tertainmen t

exp erienced from a game results from three essen tial prop erties of games, namely (i)

complexit y , (ii) fairness, and (iii) re�nemen t.

Complexit y is translated as `noble uncertain t y', i.e., to b e en tertaining, the rules

of the game m ust b e of su�cien t complexit y that pla y ers feel that it is p ossible

(and useful) to disco v er new, more adv anced tactics. In commercial games, against

inferior game AI, there is no need to design new tactics. A daptiv e game AI has

the abilit y to increase the pla ying strength of computer-con trolled agen ts, and th us

stim ulates complexit y .

F airness is translated as `dra w ratio', i.e., the b etter t w o opp onen ts are matc hed,

the higher the en tertainmen t they will exp erience. Static game AI alw a ys pla ys a

game with the same lev el of skill, and th us is lik ely to pla y the game signi�can tly

9

F or example, in a CRPG, a wizard ma y ha v e sp ells that can b e unleashed to an y lo cation

within range. Use of suc h a sp ell cannot b e considered just one p ossible mo v e, since the sp ell e�ect

dep ends on its target lo cation. Ho w ev er, use of suc h a sp ell also cannot b e considered a virtually

endless n um b er of mo v es, since the practical n um b er of useful lo cations will b e lim i ted. Still, for

most complex commercial games the branc hing factor will b e m uc h higher than the branc hing

factor for most analytical games.
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w orse than h uman pla y ers.

10

T o comp ensate for inferior game AI, game dev elop ers

will often supply computer-con trolled agen ts with `ph ysical' attributes that outrank

h uman-con trolled agen ts. Suc h design detracts from the fairness of matc hing the

ph ysical asp ects of the agen ts con trolled b y the h uman pla y er and the computer.

A daptiv e game AI has the abilit y to impro v e the pla ying strength of computer-

con trolled agen ts against a h uman pla y er, ev en when the ph ysical attributes of the

computer-con trolled agen ts are equal to those of the agen ts con trolled b y the h uman

pla y er. Th us, adaptiv e game AI stim ulates fairness.

Re�nemen t is translated as the `seesa w game', i.e., the optimal length of time

for whic h the outcome of the game is uncertain. En tertainmen t is high if the game

is not decided `to o fast', and do es not drag on after the outcome has b een decided.

In this resp ect, adaptiv e game AI increases the p erio d of time needed for a h uman

pla y er to master a game. F urthermore, when adaptiv e game AI is enhanced with

di�cult y scaling, it will also ensure that no vice pla y ers exp erience a w ell-matc hed

game. Th us, adaptiv e game AI stim ulates re�nemen t.

In conclusion, adaptiv e game AI has a b ene�cial e�ect on all asp ects whic h form

the basis of the theory of re�nemen t. Therefore, as far as the theory of game re�ne-

men t is applicable to commercial games, the en tertainmen t pro vided b y commercial

games b ene�ts from adaptiv e game AI.

6.5.5 The F uture of A daptiv e Game AI

Observing the state of the art in games to da y , it is clear that game AI has a long road

to tra v el b efore truly b eliev able computer-con trolled c haracters are implemen ted.

The abilit y to correct mistak es (self-correction), and the abilit y to adapt to c hanging

circumstances (creativit y), are essen tial elemen ts of a b eliev able c haracter. Despite

this, the consensus amongst game dev elop ers and publishers seems to b e that adap-

tiv e game AI is something to b e a v oided. Their distrust stems not so m uc h from a

lac k of in terest, but more from laziness (Rabin, 2004 b) and a fear of breaking game

AI that more or less w ork ed when designed man ually (W o o dco c k, 2002). Ho w ev er,

as so on as one compan y manages to pull o� adaptiv e game AI successfully , the others

are forced to join in, lest they will b e unable to comp ete.

Dynamic scripting has b een sho wn to b e able to implemen t successful online

adaptiv e game AI, pro ving that online adaptiv e game AI is p ossible in state-of-the-

art games. The question is therefore not if, but when adaptiv e game AI will b ecome

a standard elemen t of games.

6.6 Chapter Summary

This c hapter discussed ho w adaptiv e game AI can b e applied in practice. O�ine

adaptiv e game AI can b e used during the `qualit y assurance' phase of game dev elop-

10

One migh t assume that it is also p ossible for static game AI to pla y the game b etter than h uman

pla y ers, but h uman pla y ers that lose a game to o often will, in general, quit pla ying (Livingstone

and Charles, 2004).
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men t to �ne-tune and impro v e man ually-designed game AI. Online adaptiv e game AI

allo ws the game AI to adapt to h uman-pla y er tactics after a game has b een released.

Since game dev elop ers consider online adaptiv e game AI risky , during the `qualit y

assurance' phase the reliabilit y of the game AI m ust b e ensured b y con�rming that

it meets the requiremen ts sp eci�ed in Subsection 2.3.4.

T o increase the reliabilit y of online adaptiv e game AI, o�ine adaptiv e game AI

can b e used to impro v e the domain kno wledge used b y online adaptiv e game AI. A

three-step pro cedure is prop osed to e�ectuate this, namely (i) using online adaptiv e

game AI to disco v er strong tactics, (ii) using o�ine adaptiv e game AI to ev olv e

coun ter-tactics against the disco v ered tactics, and against man ually-designed strong

tactics, and (iii) extracting c haracteris tics from the ev olv ed coun ter-tactics to add

to the domain kno wledge used b y the online adaptiv e game AI. The pro cedure w as

empirically v alidated b y applying it to dynamic scripting in a Real-Time Strategy

(R TS) game.

The c hapter also discussed sev eral generalisa tio n issues of adaptiv e game AI. It

w as argued that the tec hniques discussed in this thesis generalise o v er the course of

a game, and to di�eren t game t yp es. The tec hniques are not limited to game AI

that comp etes with h uman pla y ers, but can b e applied to other functionalities in

games, and in other applications as w ell. Finally , it w as argued that adaptiv e game

AI will con tribute to the en tertainmen t exp erienced b y h uman pla y ers of a game,

and that, in the future, adaptiv e game AI will b ecome a standard elemen t of games.





Chapter 7

Conclusion

The real danger is not that computers will b egin to think lik e men,

but that men will b egin to think lik e computers.

� Sydney J. Harris (1917� 1 9 8 6 ).

This c hapter pro vides a conclusiv e answ er to the problem statemen t and researc h

questions p osed in Chapter 1. Section 7.1 restates and answ ers the four researc h

questions. Section 7.2 translates the answ ers to the researc h questions to an answ er

to the problem statemen t. Section 7.3 lo oks at future w ork. The c hapter ends with

concluding remarks in Section 7.4.

7.1 Answ er to Researc h Questions

The four researc h questions, stated in Section 1.5, are answ ered in the presen t sec-

tion. Subsection 7.1.1 answ ers the �rst researc h question, on o�ine adaptiv e game

AI. Subsection 7.1.2 answ ers the second researc h question, on online adaptiv e game

AI. Subsection 7.1.3 answ ers the third researc h question, on di�cult y scaling. Sub-

section 7.1.4 answ ers the fourth researc h question, on the in tegration of adaptiv e

game AI in the game-dev elopmen t pro cess.

7.1.1 O�ine A daptiv e Game AI

The �rst researc h question reads:

Researc h question 1 : T o what exten t can o�ine mac hine-learning

tec hniques b e used to increase the e�ectiv eness of game AI?

The answ er to the �rst researc h question is deriv ed from Chapters 3, 4, and 6.

Chapter 3 discussed the creation of successful agen t con trollers with ev olution-

ary learning. It sho w ed that b y `doping' (or `seeding') the initial p opulation with a

solution to a hard problem instance, ev olv ed agen t con trollers are signi�can tly more
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e�ectiv e than agen t con trollers ev olv ed without doping. Since game AI that deter-

mines the b eha viour of an in-game agen t, is equiv alen t to an agen t con troller, it ma y

b e concluded that the application of o�ine mac hine-learning tec hniques to game AI

will ac hiev e more e�ectiv e results if it concen trates on hard game situations �rst.

As stated in Chapter 6, the b ene�cial e�ect of fo cussing on hard instances for de-

riving generalised game AI, is an explanation for the fact that o v er�tting is a v oided

when generalised game AI is impro v ed b y exploiting tactics used b y game AI that

is designed to defeat a sup erior opp onen t.

Chapter 4 discussed ev olutionary game AI. It sho w ed that o�ine ev olutionary

game AI is suitable for detecting p ossible exploits in man ually-prog r a mmed game

AI, and for disco v ering new tactics. It also indicated that, for o�ine ev olutionary

game AI, the use of a learning structure that is less suitable for storing game AI

will negativ ely in�uence the success of the ac hiev ed results. F urthermore, it will

negativ ely in�uence the e�ciency b y whic h results are generated. F or game AI that

is b est stored in pro duction rules, a learning structure should b e used that is designed

to ev olv e scripts. In Chapter 6, ev olutionary game AI w as used to ev olv e scripts,

and pro v ed to b e not only successful, but also v ery e�cien t.

Chapter 6 discussed the application of o�ine ev olutionary game AI in practice.

The c hapter describ ed a three-step pro cedure to use o�ine ev olutionary game AI

to impro v e the domain kno wledge used b y online adaptiv e game AI during the

`qualit y assurance' phase of game dev elopmen t, thereb y impro ving the reliabilit y

of online adaptiv e game AI. It sho w ed that this application of o�ine adaptiv e game

AI could b e v ery successful. Since the computational requiremen ts for adaptiv e

game AI set no restrictions to o�ine adaptiv e game AI, the only limitations to

the application of o�ine mac hine-learning tec hniques are a v ailable resources (i.e.,

time and money). F urthermore, the use of o�ine adaptiv e game AI during `qualit y

assurance' is essen tially risk-free. Therefore, an application of o�ine adaptiv e game

AI as describ ed b y the three-step pro cedure is lik ely to b e successful in the practice

of game dev elopmen t, and easily adopted b y game dev elop ers.

In conclusion, the answ er to the �rst researc h question is that:

� computational requiremen ts form no obstacle for the application of o�ine

mac hine-learning tec hniques to game AI;

� o�ine mac hine-learning tec hniques can increase the e�ectiv eness of game AI

b y (i) detecting exploits, (ii) suggesting new tactics, and (iii) impro ving the

domain kno wledge used b y online mac hine-learning tec hniques; and

� o�ine mac hine-learning tec hniques ac hiev e sup erior results when designing

e�ectiv e game AI, when they concen trate on hard problem instances.

7.1.2 Online A daptiv e Game AI

The second researc h question reads:

Researc h question 2 : T o what exten t can online mac hine-learning

tec hniques b e used to increase the e�ectiv eness of game AI?
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The answ er to the second researc h question is deriv ed from Chapters 2, 4, 5, and 6.

Chapter 2 listed four computational requiremen ts (namely the requiremen ts of

sp eed, e�ectiv eness, robustness, and e�ciency) and four functional requiremen ts

(namely the requiremen ts of clarit y , v ariet y , consistency , and scalabilit y) for mac hine-

learning tec hniques to adapt game AI online. When a tec hnique meets the four com-

putational requiremen ts, it is able to increase the e�ectiv eness of game AI. When

it also meets the functional requiremen ts of clarit y , v ariet y , and consistency , it is

acceptable to game dev elop ers to increase the e�ectiv eness of game AI online. It

w as also argued that an y online mac hine-learning tec hnique for impro ving the e�ec-

tiv eness of game AI is necessarily based on domain kno wledge.

Chapter 4 discussed ev olutionary game AI. It sho w ed that online ev olutionary

game AI is able to increase the e�ectiv eness of game AI during game-pla y . Ho w ev er,

the success of online ev olutionary game AI w as sho wn to dep end on the p oten tial

solutions residing in a small searc h space. In general, when ev olving game AI that is

complex, online ev olutionary game AI will not meet the computational requiremen t

of e�ciency . Therefore, to adapt complex game AI online, a di�eren t approac h needs

to b e used.

Chapter 5 presen ted `dynamic scripting', an online mac hine-learning tec hnique

for game AI. Dynamic scripting w as sho wn to meet all four computational require-

men ts, and the functional requiremen ts of clarit y and v ariet y . F urthermore, an

outlier-reduction enhancemen t w as presen ted for dynamic scripting, whic h allo ws

it to meet the functional requiremen t of consistency . Therefore, dynamic scripting

is a mac hine-learning tec hnique suitable for increasing the e�ectiv eness of game AI

online.

The success of dynamic scripting hea vily dep ends on the qualit y of the do-

main kno wledge it uses (in the form of tactical rules). Chapter 6 sho ws ho w o�-

line mac hine-learning tec hniques can b e used to increase the qualit y of the domain

kno wledge used b y dynamic scripting, thereb y impro ving its reliabilit y .

In conclusion, the answ er to the second researc h question is that:

� online mac hine-learning tec hniques for game AI are hea vily dep enden t on do-

main kno wledge;

� online mac hine-learning tec hniques can impro v e the e�ectiv eness of game AI,

while meeting all requiremen ts for acceptance; and

� o�ine mac hine-learning tec hniques can b e used to impro v e the reliabilit y of

online adaptiv e game AI.

7.1.3 Di�cult y Scaling

The third researc h question reads:

Researc h question 3 : T o what exten t can mac hine-learning tec hniques

b e used to scale the di�cult y lev el of game AI to meet the h uman pla y er's

lev el of skill?
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The answ er to the third researc h question is deriv ed from Chapter 5. The c hapter

presen ts dynamic scripting as a mac hine-learning tec hnique for the online adaptation

of game AI. Dynamic scripting w as initially designed to increase the e�ectiv eness of

game AI. As the answ er to the second researc h question indicates, this initial v ersion

of dynamic scripting did not meet the functional requiremen t of scalabilit y . Th us, it

could only b e used to increase the e�ectiv eness of game AI, not to matc h the pla ying

strengths of the game AI and the h uman pla y er.

A di�cult y-scaling enhancemen t to dynamic scripting w as presen ted that al-

lo ws it to matc h automatically the pla ying strength of the game AI and the pla y-

ing strength of the h uman pla y er. Of the sev eral p ossible implemen tations of a

di�cult y-scaling enhancemen t, `top culling' w as most successful, b eing reliable, easy

to implemen t, and able to matc h the pla ying strength of b oth inferior and sup erior

opp onen ts.

1

T op culling functions b y automatically making the most successful tac-

tical domain kno wledge una v ailable when the game AI is detected to b e to o strong,

and b y automatically making it a v ailable again when the game AI is detected to b e

to o w eak. After applying top culling, dynamic scripting meets all four computational

requiremen ts and all four functional requiremen ts.

In conclusion, the answ er to the third researc h question is that online adaptiv e

game AI can b e made to scale its pla ying strength to meet the h uman pla y er's lev el

of skill, b y c hanging automatically the a v ailabilit y of domain kno wledge that realises

the most e�ectiv e game AI.

7.1.4 In tegration in State-of-the-Art Games

The fourth researc h question reads:

Researc h question 4 : Ho w can adaptiv e game AI b e in tegrated in the

game-dev elopmen t pro cess of state-of-the-ar t games?

The answ er to the fourth researc h question is deriv ed from Chapters 5 and 6.

Chapter 5 presen ts dynamic scripting as a tec hnique for online adaptiv e game

AI. The c hapter sho ws that dynamic scripting can b e used in state-of-the-ar t games,

b y implemen ting it in the game Never winter Nights (2002), and sho wing it to b e

successful. The c hapter also argues that online adaptiv e game AI giv es b est results

against h uman pla y ers that do not use highly-successful tactics, i.e., non-exp ert

pla y ers.

Chapter 6 sp eci�cally discusses the in tegration of adaptiv e game AI in the de-

v elopmen t pro cess of state-of-the-ar t games. F or games that use only man ually-

designed game AI, o�ine adaptiv e game AI can b e used b efore the game's release,

during the `qualit y assurance' phase of game dev elopmen t, for detecting p ossible

exploits in the game AI, and for disco v ering new tactics. Since there is little risk as-

so ciated with the use of o�ine adaptiv e game AI, game dev elop ers will not hesitate

to use it when they feel it is w orth their while.

1

Of course, using di�cult y scaling the game AI will nev er get more e�ectiv e than the most

e�ectiv e results ac hiev ed with online adaptiv e game AI without a di�cult y-scaling enhance men t.
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Since online adaptiv e game AI is still new to games, its inclusion m ust b e consid-

ered during the earliest phases of game dev elopmen t. Game dev elop ers and publi-

shers feel adaptiv e game AI is risky . Only when they are con vinced that adaptiv e

game AI is reliable (i.e., meets the requiremen ts sp eci�ed in Chapter 2), they will b e

willing to use it in released games. O�ine adaptiv e game AI can b e used to increase

the reliabilit y of online adaptiv e game AI, b y impro ving the qualit y of the domain

kno wledge used.

In conclusion, the answ er to the fourth researc h question is that:

� o�ine adaptiv e game AI can b e used during the `qualit y assurance' phase of

game dev elopmen t to impro v e the qualit y of man ually-designed game AI;

� online adaptiv e game AI can b e used in released games when game dev elop ers

and publishers are con vinced of its reliabilit y;

� the reliabilit y of online adaptiv e game AI can b e guaran teed b y sho wing that

it meets the four computational and four functional requiremen ts; and

� the reliabilit y of online adaptiv e game AI can b e increased b y using o�ine

adaptiv e game AI to impro v e the qualit y of the domain kno wledge used.

7.2 Answ er to Problem Statemen t

The problem statemen t reads:

Problem statemen t : T o what exten t can mac hine-learning tec hniques

b e used to increase the qualit y of complex game AI?

T aking in to accoun t the answ ers to the the researc h questions in Section 7.1, the

answ er to the problem statemen t is that:

� reliabilit y of online adaptiv e game AI is guaran teed if it meets the four com-

putational and four functional requiremen ts;

� o�ine mac hine-learning tec hniques can b e used during the `qualit y assurance'

phase of game dev elopmen t to increase the e�ectiv eness of game AI b y (i)

detecting exploits, (ii) suggesting new tactics, and (iii) increasing the reliabilit y

of online adaptiv e game AI b y impro ving the qualit y of the domain kno wledge

used;

� after a game's release, online mac hine-learning tec hniques can (i) impro v e the

e�ectiv eness of game AI, and (ii) scale the di�cult y lev el of game AI to matc h

the pla ying strength of the h uman pla y er; and

� game dev elop ers and publishers will consider using online adaptiv e game AI

when they are con vinced that it is reliable.
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7.3 F uture W ork

The researc h discussed in this thesis indicates three areas of future researc h.

1. DECA V alidatio n : Chapter 3 presen ts the Doping-driv en Ev olutionary Con-

trol Algorithm (DECA). The c haracteris tics of DECA require further in v es-

tigation in future w ork. It m ust b e determined for whic h tasks and under

whic h conditions DECA p erforms b etter or w orse than alternativ e tec hniques.

In particular, in empirical studies DECA should b e compared to hillclim bing

(3.5.2), m ultitask learning (3.5.3), m ulti-ob jectiv e learning (3.5.4), and b o ost-

ing (3.5.5). In addition to these empirical studies, a solid explanation for the

doping e�ect is required to iden tify problems to whic h DECA can b e applied

successfully . T o this purp ose, the k ey assumption in the explanation for the

doping e�ect, namely the supp osed asymmetry of the searc h space with resp ect

to easy and hard solutions (3.1.3), needs v eri�cation. F urthermore, con�rma-

tion is needed for the b elief that solutions to harder task instances encom-

passing c haracteris tics of solutions to easier task instances underlies DECA's

success (3.5.1). T o this end, DECA should b e tested on a v ariet y of b enc h-

mark problems, designed to exhibit sp eci�c c haracteris tics with resp ect to the

structure of the searc h space. T racing the lineage of the b est ev olv ed solutions

bac k to the dop ed solutions will b e a k ey activit y in understanding the factors

resp onsible for DECA's success.

2. Entertainment V alidatio n : Chapter 1 stated that the goal of games is to pro-

vide en tertainmen t. En tertainmen t is a sub jectiv e exp erience of h uman pla y-

ers. While this thesis argued that adaptiv e game AI is able to increase the

en tertainmen t v alue of games, it used only exp erimen ts wherein static game

AI replaced the h uman pla y er. In future w ork, an empirical study should in-

v estigate the e�ectiv eness and en tertainmen t v alue of online adaptiv e game

AI (e.g., dynamic scripting) in games pla y ed against actual h uman pla y ers.

While suc h a study requires man y sub jects and a careful exp erimen tal design,

the game-pla y exp eriences of h uman pla y ers are imp ortan t to con vince game

dev elop ers to adopt dynamic scripting in their games.

3. A daptive Game AI for Multi-player Games : The adaptiv e game AI discussed

in this thesis fo cussed on learning from a single h uman pla y er. F or future

w ork, a logical extension is adaptiv e game AI that learns from m ultiple parallel

pla y ers. A data store can b e used to store samples of game-pla y exp eriences

against m ultiple h uman pla y ers. Game AI can use the data store (i) to guide

its decisions using a case-based reasoning approac h, and (ii) as a mo del to

predict the e�ect of actions whic h it delib erates. An approac h to adaptiv e

game AI based on a data store can ac hiev e at least the same reliabilit y as

the adaptiv e game AI discussed in this thesis, and probably ev en a higher

reliabilit y . Moreo v er , it pro vides an approac h to reduce the e�ect of non-

determinism in games (since the n um b er of samples increases with the n um b er

of h uman pla y ers), and to design completely new tactics online (since the data
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store can b e used as a mo del). Three problems that this researc h m ust deal

with are (i) the design of a rapidly accessible data store that con tains game-

pla y samples and allo ws a relev an t mapping of game-pla y situations to the

stored samples, (ii) the design of an algorithm that uses the data store to

allo w game AI to resp ond to new game-pla y situations, and (iii) the design of

an algorithm that uses the data store to allo w game AI to matc h the pla ying

strength of the h uman pla y er, without a�ecting negativ ely the en tertainmen t

deriv ed from the game.

7.4 Final Though ts on Dynamic Scripti ng

A famous folk �gure in the Arabic w orld is the Mullah Nasrudin. Nasrudin is a sage

and a scoundrel, whose wisdom of w ords seems to b e ev er clouded b y his reputation

as a prankster. While some of the tales ab out Nasrudin are outrigh t jok es, most

ha v e a deep er meaning that is in tended to transfer philosophical thinking in an

am using pac k age. One of the stories ab out Nasrudin, recan ted b y Shah (1968), go es

as follo ws:

Nasrudin sto o d up in the mark et-place and started to address the throng.

�O p eople! Do y ou w an t kno wledge without di�culties, truth without

falseho o d, attainmen t without e�ort, progres s without sacri�ce?�

V ery so on a large cro wd gathered, ev ery one shouting: �Y es, y es!�

�Excellen t!� said the Mulla. �I only w an ted to kno w. Y ou ma y rely up on

me to tell y ou all ab out it if I ev er disco v er an y suc h thing.�

The meaning b ehind this story is eviden t: Nasrudin's app eal to the cro wd lists

four desirable features of progres s io n, whic h the cro wd w ould lo v e to b eliev e are

p ossible, but whic h he feels are eviden tly unattainable regar dles s ho w m uc h p eople

co v et them.

When I read this story , I noticed b y ho w similar the four features whic h Nas-

rudin men tions are to the four computational requiremen ts of online adaptiv e game

AI, discussed in Section 2.3.4. `Kno wledge' can b e in terpreted as game AI, and so

`kno wledge without di�culties' b ecomes the requiremen t of e�ciency: quic k, easy

steps to w ards successful game AI. `T ruth' can b e in terpreted as correct domain

kno wledge, and so `truth without falseho o d' b ecomes the requiremen t of robustness:

correct domain kno wledge that do es not get tain ted b y inferior domain kno wledge.

`A ttainmen t' can b e in terpreted as the disco v ery of successful game AI, and so `at-

tainmen t without e�ort' b ecomes the requiremen t of sp eed: the ac hiev emen t of

successful game AI without in v esting m uc h in the name of resources . `Progress '

can b e in terpreted as the pro cess of creating increasingly e�ectiv e game AI, and

so `progres s without sacri�ce' b ecomes the requiremen t of e�ectiv eness: con tin uous

impro v emen ts of game AI without sacri�cing in termediate results b y installing game

AI of inferior qualit y .
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Nasrudin b eliev es that the features are imp ossible to ac hiev e, and the cro wd,

sligh tly em barras s e d b y its initial en th usiasm, will probably agree to that. Indeed,

the features do sound to o go o d to b e true. Y et, for online adaptiv e game AI these

features are requiremen ts. And, as has b een sho wn in this thesis, they actually are

attainable.

When presen ting some of the results discussed in this thesis at conferences, o cca-

sionally I ha v e b een confron ted with the remark that the dynamic-scripting tec hnique

is rather simple. In these instances, the remark w as mean t to b e criticising, as if

something simple is someho w un w orth y of scien ti�c merit. I w ould lik e to p oin t out,

that I sincerely b eliev e that it is precisely the simplicit y of dynamic scripting that

allo ws it to meet all four computational requiremen ts. While more complex tec h-

niques ma y b e designed, and ma y disco v er ev en more successful game AI, if they

fail to meet the four computational requiremen ts they are of no in terest to game de-

v elop ers. In this thesis I sough t the com bination of scien ti�c progres s and practical

applicabilit y , and the mere fact that a successful approac h to this com bination lac ks

complexit y is no reason to disqualify it.

In terestingly , when I �rst came up with the dynamic-scripting tec hnique, I almost

disquali�ed the tec hnique m yself, thinking �it is to o easy� and �if it w ould w ork,

surely someone else w ould ha v e though t of it �rst�. Muc h to m y surprise, dynamic

scripting w ork ed b etter than I had exp ected. F or me, the surprise has gone no w,

but what remains is the realisatio n that dynamic scripting is one of those tec hniques

that are only ob vious in hindsigh t.
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App end ix A

CRPG Sim ulation Game AI

In Chapter 5, exp erimen ts with dynamic scripting in a sim ulated CRPG w ere dis-

cussed. This app endix describ es implemen tation details of the CRPG sim ulation

(A.1), the scripting language used to de�ne game AI (A.2), the rulebases used to

generate successful game AI for the dynamic team (A.3), and the tactics emplo y ed

b y the static team (A.4).

A.1 CRPG sim ulation

The CRPG sim ulation is mo delled after the Baldur 's Ga te games. The implemen-

tations of agen t attributes, com bat, and magic are all to the sp eci�cations of Bal-

dur 's Ga te I I: Shado ws of Amn (Ohlen, Kristjanson, Karp ysh yn, and Muzyk a,

2000 ). The sim ulation en tails an encoun ter b et w een t w o teams of similar comp o-

sition. Eac h team consists of four agen ts, namely t w o �fth-lev el `�gh ters' and t w o

�fth-lev el `wizards'. The initial p osition of all agen ts in the CRPG sim ulation is

illustrated in Figure 5.2. The fron t ro w of eac h team consists of the t w o �gh ters,

and the bac k ro w of the t w o wizards. The com bat area (the large square in whic h

the agen ts are lo cated) measures 1000� 1000 units, whic h equals �ft y b y �ft y feet.

The initial distance b et w een t w o �gh ters on opp osite sides is 800 units.

The armamen t and w eap onry of the teams is static, and eac h agen t is allo w ed

to carry t w o magic p otions. In addition, the wizards are allo w ed to memorise sev en

magic sp ells. P otions and sp ells are implemen ted according to Baldur 's Ga te

sp eci�cations (Ohlen et al. , 2000 ). Three di�eren t p otions are a v ailable, namely of

(i) Healing, (ii) Fire Resistance, and (iii) F ree A ction. T w en t y-one magic sp ells are

a v ailable, namely eigh t of the �rst lev el, eigh t of the second lev el, and �v e of the third

lev el. The eigh t �rst-lev el sp ells are (i) Blindness, (ii) Charm P erson, (iii) Chromatic

Orb, (iv) Grease, (v) Larlo c h's Minor Drain, (vi) Magic Missile, (vii) Shield, and

(viii) Sho c king Grasp. The eigh t second-lev el sp ells are (i) Blur, (ii) Deafness, (iii)

Luc k, (iv) Melf 's A cid Arro w, (v) Mirror Image, (vi) Ra y of Enfeeblemen t, (vii)

Stinking Cloud, and (viii) Strength. The �v e third-lev el sp ells are (i) Disp el Magic,
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Figure A.1: The CRPG sim ulation.

(ii) Fireball, (iii) Flame Arro w, (iv) Hold P erson, and (v) Monster Summoning I.

A �fth-lev el wizard can memorise four �rst-lev el sp ells, t w o second-lev el sp ells, and

one third-lev el sp ell.

A.2 Scripti n g Language

T o implemen t game-AI scripts, the CRPG sim ulation emplo ys a scripting language,

whic h has b een designed to b e as p o w erful as the scripting language used for the

Baldur 's Ga te games. It mak es use of k eyw ords and literals, whic h are listed

in T able A.1. Besides the literals listed, names of p otions and sp ells can also b e

used as literals. In the table, self refers to the agen t whose script is executed,

`opp onen t agen t' refers to a mem b er of the team opp osing self , and `comrade

agen t' refers to a mem b er of self 's team (including self ). Game-AI scripts consist

of a sequence of conditional statemen ts, with an (optional) conditional part and an

action part, structured as if <cond i t i o n a l > then <acti o n > . When the game AI

needs to select a new action, the statemen ts in the script are c hec k ed in sequence.

Of eac h statemen t, the conditional part is ev aluated. If it ev aluates to `true' (or if

it is absen t), the corresp o nding action is c hec k ed. If the action ob eys all relev an t

hard and soft constrain ts, it is selected and ev aluation ends. Otherwise, the next

statemen t in sequence is c hec k ed, un til either an action is selected, or the script ends.

The selected action is executed. If no action is selected, the default action pass is

executed, though it is go o d practice to add actions to the end of the script that can

alw a ys b e executed.

The conditional part can c hec k man y di�eren t conditions, com bined with the

logical op erator s and , or and not . Conditions consist of either a logical metho d that

returns a b o olean, or a comparison b et w een n umerical expressions. The n umerical

expressions can use the n umerical op erator s + (addition), - (substraction), * (m ul-

tiplication), and / (division). Besides in tegers, the n umerical expressions can use

n umerical metho ds.
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T able A.1: Sim ulation scripting language: k eyw ords and literals.

A ctions

cast Called with a sp ell as parameter. Casts the sp ell.

drink Called with a p otion as parameter. Drinks the p otion.

melee a t t a c k Called with an agen t as parameter. A ttac ks the agen t

with the default melee w eap on.

movef r o m Called with a lo cation or an agen t as parameter. Mo v es

a w a y in a direct line from the lo cation, or from the agen t.

movet o Called with a lo cation or an agen t as parameter. Mo v es

in a direct line to w ards the lo cation, or to w ards the agen t.

pass P asses.

range d a t t a c k Called with an agen t as parameter. A ttac ks the agen t

with the default ranged w eap on.

Agen ts

close s t e n e m y The opp onen t agen t closest to self .

close s t f r i e n d The comrade agen t closest to self , excluding self .

defau l t e n e m y In the conditional statemen t, the most recen tly referred

agen t among the opp onen t agen ts.

defau l t f r i e n d In the conditional statemen t, the most recen tly referred

agen t among the comrade agen ts.

enemy Used with b o olean metho ds; returns a random opp onen t

agen t for whic h the metho d returns true.

frien d Used with b o olean metho ds; returns a random comrade

agen t for whic h the metho d returns true.

furth e s t e n e m y The opp onen t agen t furthest from self .

furth e s t f r i e n d The comrade agen t furthest from self .

rando m e n e m y A random opp onen t agen t.

rando m f r i e n d A random comrade agen t.

self The agen t whose script is executed.

stron g e s t e n e m y The opp onen t agen t with the most health.

stron g e s t f r i e n d The comrade agen t with the most health.

weake s t e n e m y The opp onen t agen t with the least health.

weake s t f r i e n d The comrade agen t with the least health.

In�uences

badin f l u e n c e A detrimen tal in�uence.

freez i n g i n f l u e n c e A disabling in�uence.

goodi n f l u e n c e A b ene�cial in�uence.

Literals

"Acid " In�uence. Caused b y a `Melf 's A cid Arro w' sp ell.

c ontinue d on the next p age
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T able A.1: c ontinue d fr om the pr evious p age

"Anim a l " Agen t t yp e. Summoned monster.

"Blin d e d " In�uence. Caused b y a `Blindness' sp ell.

"Blur r e d " In�uence. Caused b y a `Blur' sp ell.

"Char m e d " In�uence. Caused b y a `Charm P erson' sp ell.

"Deaf e n e d " In�uence. Caused b y a `Deafness' sp ell.

"Figh t e r " Agen t t yp e. Figh ter class.

"Fire Resis t a n t " In�uence. Caused b y a p otion of `Fire Resistance'.

"Free d o m " In�uence. Caused b y a p otion of `F ree A ction'.

"Held " In�uence. Caused b y a `Hold P erson' sp ell.

"Luck y " In�uence. Caused b y a `Luc k' sp ell.

"Mirr o r e d " In�uence. Caused b y a `Mirror Image' sp ell.

"Naus e a t i n g Fumes " Cloud. Caused b y a `Stinking Cloud' sp ell.

"Shie l d e d " In�uence. Caused b y a `Shield' sp ell.

"Slip p e r y Surfa c e " Cloud. Caused b y a `Grease' sp ell.

"Stre n g t h e n e d " In�uence. Caused b y a `Strength' sp ell.

"Stun n e d " In�uence. Caused b y a `Chromatic Orb' sp ell or b y a

`Nauseating F umes' cloud.

"Weak e n e d " In�uence. Caused b y a `Ra y of Enfeeblemen t' sp ell.

"Wiza r d " Agen t t yp e. Wizard class.

Lo cations

anywh e r e A random lo cation an ywhere in the com bat area.

backe n e m y Just b ehind the opp onen t agen t furthest to the bac k.

backf r i e n d Just b ehind the comrade agen t furthest to the bac k.

centr e a l l The mathematical cen tre of all agen ts.

centr e c l o u d s The mathematical cen tre of all clouds in whic h the

metho d-calling agen t is lo cated.

centr e e n e m y The mathematical cen tre of all opp onen t agen ts.

centr e f r i e n d The mathematical cen tre of all comrade agen ts.

front e n e m y Just in fron t of the fron tline opp onen t agen t.

front f r i e n d Just in fron t of the fron tline comrade agen t.

rando m e n e m y h a l f A random lo cation in the com bat area at the side of the

opp onen t team.

rando m f r i e n d h a l f A random lo cation in the com bat area at the side of the

comrade team.

Metho ds

chanc e p e r c e n t a g e Called with a n um b er as parameter. Returns `true' with

a c hance equal to the parameter when it is in terpreted as

a p ercen tage.

c ontinue d on the next p age
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T able A.1: c ontinue d fr om the pr evious p age

dista n c e Called with one or t w o agen ts as parameter. With one

agen t as parameter, it returns the distance b et w een that

agen t and the metho d-calling agen t. With t w o agen ts as

parameter, it returns the distance b et w een the t w o agen ts.

healt h The health of the metho d-calling agen t as an in teger.

healt h p e r c e n t a g e Called with a n um b er as parameter. Returns the p ercen t-

age that the curren t health of the metho d-calling agen t is

of its starting health.

influ e n c e Called with an in�uence e�ect as parameter. Returns

`true' if the metho d-calling agen t is under said e�ect.

locat e d i n Called with a cloud e�ect. Returns `true' if the metho d-

calling agen t is within the area co v ered b y the cloud e�ect.

maxhe a l t h The initial health of the metho d-calling agen t.

rando m Called with a n um b er as parameter. Returns a random

in teger less than the parameter.

round n u m b e r The n um b er of the curren t com bat round.

segme n t n u m b e r The n um b er of the curren t com bat-round segmen t.

spell c o u n t The n um b er of sp ells the metho d-calling agen t has mem-

orised.

steps i z e The mo v emen t sp eed of the metho d-calling agen t.

P otions

rando m p o t i o n A random p otion

Sp ells

rando m a r e a e f f e c t A random area-e �ect sp ell.

rando m c u r s e A random curse.

rando m d a m a g i n g A random damaging sp ell.

rando m d e f e n s i v e A random defensiv e sp ell.

rando m o f f e n s i v e A random curse or damaging sp ell.

rando m s p e l l A random sp ell.

stron g a r e a e f f e c t One of the highest-lev el area-e�ect sp ells.

stron g c u r s e One of the highest-lev el curses.

stron g d a m a g i n g One of the highest-lev el damaging sp ells.

stron g d e f e n s i v e One of the highest-lev el defensiv e sp ells.

stron g o f f e n s i v e One of the highest-lev el curses or damaging sp ells.

weaka r e a e f f e c t One of the lo w est-lev el area-e�ect sp ells.

weakc u r s e One of the lo w est-lev el curses.

weakd a m a g i n g One of the lo w est-lev el damaging sp ells.

weakd e f e n s i v e One of the lo w est-lev el defensiv e sp ells.

weako f f e n s i v e One of the lo w est-lev el curses or damaging sp ells.
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Logical and n umerical metho ds are called as <agen t > . < m e t h o d > ( < p a r a m e t e r s > ) .

The agen t whose script is executed can b e referred to as self . If <agen t > is self ,

the <agen t > - pa r t and the dot need not b e included. If <meth o d > do es not ha v e

parameters, the part (<par a m e t e r s > ) can b e ignored. Some metho ds are p olymor-

phic, i.e., they ha v e di�eren t implemen tations when used with di�eren t t yp es of

parameters.

Agen ts can b e referred to using k eyw ords. Except for defau l t e n e m y , defau l t -

frien d , and self , an agen t k eyw ord can b e used with an agen t-t yp e literal, restrict-

ing the agen t class to the v alue of the parameter.

As parameters, a metho d can tak e k eyw ords and literals. `Agen t' parameters, `in-

�uence' parameters, `lo cation' parameters, `p otion' parameters, and `sp ell' parame-

ters can b e referred to using k eyw ords. `In�uence' parameters, `p otion' parameters,

and `sp ell' parameters can also b e referred to using literals. A n umerical parameter

is a n umerical expression, whic h can con tain n umerical metho ds.

The action part of a conditional statemen t is called as a metho d, without sp eci-

fying the <agen t > , b ecause it is alw a ys self that executes the action. Fiv e actions

are p ossible, namely (i) attac king (t w o v arieties, namely with a melee w eap on or

with a ranged w eap on), (ii) mo ving (t w o v arieties, namely a w a y from or to w ards),

(iii) casting a sp ell, (iv) drinking a p otion, and (v) passing.

A.3 Rulebases

In the sim ulated CRPG their are t w o classes of agen ts for whic h game AI can b e

de�ned, namely �gh ters and wizards. Eac h of these classes has its o wn rulebase for

dynamic scripting to emplo y . The rulebase for �gh ters is presen ted in Subsection

A.3.1, and the rulebase for wizards is presen ted in Subsection A.3.2.

A.3.1 Figh ter Rulebase

This subsection presen ts the rulebase used b y dynamic scripting for the �gh ter class

in the sim ulated CRPG. The rulebase consists of t w en t y rules. In fron t of eac h rule

are the rule n um b er, and, b et w een brac k ets, the priorit y of the rule. `[0]' is the

lo w est priorit y , while `[9]' is the highest priorit y .

1. [9] if round n u m b e r <= 1 then

drink ( "Poti o n of Fire Resis t a n c e " );

2. [9] if round n u m b e r <= 1 then

drink ( "Poti o n of Free Actio n " );

3. [5] if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

4. [5] if healt h p e r c e n t a g e < 25 then

drink ( "Poti o n of Heali n g " );

5. [5] if influ e n c e ( "Slip p e r y Surfa c e " ) then

drink ( "Poti o n of Free Actio n " );

6. [3] movef r o m ( centr e c l o u d s );
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7. [3] if segme n t n u m b e r >= 1 then

movef r o m ( centr e f r i e n d );

8. [3] if locat e d i n ( "Naus e a t i n g Fumes " ) then

drink ( "Poti o n of Free Actio n " );

9. [1] melee a t t a c k ( close s t e n e m y ( "Wiza r d " ) );

10. [1] melee a t t a c k ( close s t e n e m y ( "Figh t e r " ) );

11. [1] if dista n c e ( weake s t e n e m y ) > 300 then

range d a t t a c k ( defau l t e n e m y );

12. [1] if dista n c e ( weake s t e n e m y ( "Wiza r d " ) ) > 300 then

range d a t t a c k ( defau l t e n e m y );

13. [1] if not influ e n c e ( "Slip p e r y Surfa c e " ) then

melee a t t a c k ( close s t e n e m y );

14. [1] if dista n c e ( close s t e n e m y ) > 300 then

range d a t t a c k ( rando m e n e m y );

15. [1] if dista n c e ( close s t e n e m y ) > 300 then

range d a t t a c k ( weake s t e n e m y );

16. [1] if dista n c e ( close s t e n e m y ) < 200 then

melee a t t a c k ( defau l t e n e m y );

17. [1] drink ( rando m p o t i o n );

18. [0] melee a t t a c k ( weake s t e n e m y );

19. [0] range d a t t a c k ( weake s t e n e m y );

20. [0] melee a t t a c k ( close s t e n e m y );

Rule 1 and 2 force the agen t to p erform a sp eci�c action in the v ery �rst round,

but not later. These rules ha v e the highest priorit y , b ecause they are only useful

when at the v ery b eginning of the script.

Rule 6 states that the agen t should mo v e a w a y from the cen tre of a cloud. The

lo cation centr e c l o u d s only returns a v alid v alue for the action movef r o m if the

agen t is actually lo cated in a cloud. All clouds in the CRPG sim ulation ha v e a

detrimen tal e�ect, and rule 6 helps agen ts to a v oid them.

Rule 7 c hec ks a segmen t n um b er. A com bat round consists of ten segmen ts. In

the �rst segmen t of a com bat round an agen t c hoses an action, whic h is executed in

one of the later segmen ts (it dep ends on the action when that will b e exactly). After

an action is executed, an agen t has to w ait un til the next round to c ho ose a new

action. Ho w ev er, the agen t still has the abilit y to mo v e. Rule 7 giv es an agen t extra

mo v e actions after the agen t's main action for the com bat round has b een executed.

A �gh ter game-AI script consists of �v e rules extracted from the rulebase, to

whic h at the end the rule melee a t t a c k ( close s t e n e m y ) is attac hed.

A.3.2 Wizard Rulebase

This subsection presen ts the rulebase used b y dynamic scripting for the wizard class

in the sim ulated CRPG. The rulebase consists of �ft y rules. In fron t of eac h rule are

the rule n um b er, and, b et w een brac k ets, the priorit y of the rule. `[0]' is the lo w est

priorit y , while `[9]' is the highest priorit y .
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1. [9] if influ e n c e ( "Acid " ) then

range d a t t a c k ( close s t e n e m y ( "Wiza r d " ) );

2. [9] if round n u m b e r <= 1 then

drink ( "Poti o n of Fire Resis t a n c e " );

3. [9] if round n u m b e r <= 1 then

drink ( "Poti o n of Free Actio n " );

4. [9] if round n u m b e r <= 1 then

cast( "Mons t e r Summo n i n g I", centr e e n e m y );

5. [9] if round n u m b e r <= 1 then

cast( "Hold Perso n " , rando m e n e m y );

6. [9] if round n u m b e r <= 1 then

cast( "Fire b a l l " , centr e e n e m y );

7. [9] if round n u m b e r <= 1 then

cast( "Mirr o r Image " );

8. [7] if round n u m b e r <= 1 then

cast( rando m d e f e n s i v e );

9. [5] if locat e d i n ( "Naus e a t i n g Fumes " ) then

drink ( "Poti o n of Free Actio n " );

10. [5] if enemy . i n f l u e n c e ( "Char m e d " ) then

cast( "Char m Perso n " , defau l t e n e m y );

11. [3] if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

12. [3] movef r o m ( centr e c l o u d s );

13. [3] if segme n t n u m b e r >= 1 then

movef r o m ( centr e f r i e n d );

14. [3] if segme n t n u m b e r >= 1 then

movef r o m ( close s t e n e m y );

15. [3] if frien d . i n f l u e n c e ( badin f l u e n c e ) and

not defau l t f r i e n d . i n f l u e n c e ( goodi n f l u e n c e ) then

cast( "Disp e l Magic " , defau l t f r i e n d );

16. [2] cast( "Fire b a l l " , furth e s t e n e m y );

17. [2] cast( "Char m Perso n " , rando m e n e m y ( "Figh t e r " ) );

18. [2] cast( "Char m Perso n " , rando m e n e m y ( "Wiza r d " ) );

19. [2] cast( "Deaf n e s s " , rando m e n e m y ( "Wiza r d " ) );

20. [2] cast( "Mons t e r Summo n i n g I", rando m e n e m y h a l f );

21. [2] cast( "Ray of Enfee b l e m e n t " , rando m e n e m y ( "Figh t e r " ) );

22. [2] if frien d . i n f l u e n c e ( "Weak e n e d " ) then

cast( "Stre n g t h " , defau l t f r i e n d );

23. [2] if frien d ( "Wiza r d " ).inf l u e n c e ( "Deaf e n e d " ) then

cast( "Disp e l Magic " , defau l t f r i e n d );

24. [2] cast( "Mirr o r Image " );

25. [2] cast( "Blin d n e s s " , rando m e n e m y ( "Figh t e r " ) );

26. [2] cast( "Blur " );

27. [2] cast( "Shie l d " );

28. [2] cast( "Luck " , rando m f r i e n d );



A.3 � R uleb ases 169

29. [2] cast( "Chro m a t i c Orb", rando m e n e m y );

30. [2] if round n u m b e r <= 1 then

cast( "Stin k i n g Cloud " , centr e e n e m y );

31. [2] cast( "Stin k i n g Cloud " , rando m e n e m y ( "Wiza r d " ) );

32. [2] cast( "Stin k i n g Cloud " , rando m e n e m y ( "Figh t e r " ) );

33. [2] cast( "Hold Perso n " , close s t e n e m y );

34. [2] cast( "Flam e Arrow " , rando m e n e m y );

35. [2] if (heal t h < maxhe a l t h - 4) and (weak e s t e n e m y . h e a l t h >= 4) then

cast( "Larl o c h ' s Minor Drain " , defau l t e n e m y );

36. [2] cast( "Grea s e " , rando m e n e m y ( "Figh t e r " ) );

37. [2] cast( "Magi c Missi l e " , weake s t e n e m y ( "Wiza r d " ) );

38. [2] cast( "Magi c Missi l e " , weake s t e n e m y );

39. [2] cast( "Melf ' s Acid Arrow " , rando m e n e m y ( "Wiza r d " ) );

40. [2] cast( "Shoc k i n g Grasp " , close s t e n e m y );

41. [2] cast( "Blur " );

42. [1] cast( rando m o f f e n s i v e , rando m e n e m y );

43. [1] cast( rando m b l e s s i n g , rando m f r i e n d );

44. [1] cast( rando m c u r s e , rando m e n e m y );

45. [1] cast( rando m d e f e n s i v e );

46. [1] cast( rando m a r e a e f f e c t , rando m e n e m y );

47. [1] drink ( rando m p o t i o n );

48. [0] range d a t t a c k ( weake s t e n e m y ( "Wiza r d " ) );

49. [0] range d a t t a c k ( weake s t e n e m y );

50. [0] if dista n c e ( close s t e n e m y ) < 100 then

melee a t t a c k ( defau l t e n e m y );

Rule 1 forces the agen t to use a ranged w eap on to attac k, when under the in�u-

ence of acid. A cid damage causes an y sp ell the wizard has selected to fail. Therefore,

whilst under the in�uence of acid, sp ell-casting is not useful. Rule 1 tak es this in to

accoun t b y forcing the wizard to use ranged attac ks un til the acid has dissolv ed.

Rule 6 forces the agen t to cast a `Fireball' sp ell the v ery �rst round. A `Fireball'

is an area-e �ect sp ell, whic h seriously damages an y one in its range of e�ect. It is

most useful against a group of opp onen ts that are standing close together, while

comrades are still a go o d distance a w a y . This is the situation at the start of com bat.

Rule 10 c hec ks whether there is an opp onen t that is c harmed. An opp onen t that

is c harmed, is actually a friend under the in�uence of a `Charm P erson' sp ell, who

is no w �gh ting for the opp osing team. A second `Charm P erson' sp ell cast at the

opp onen t will remo v e the e�ect of the �rst sp ell, turning the erst while opp onen t

friendly again.

Rule 15 c hec ks whether a comrade is under an y detrimen tal sp ell e�ect, while

not b eing under an y b ene�cial sp ell e�ect. If so, the wizard attempts to remo v e

sev eral detrimen tal sp ell e�ects with the `Disp el Magic' sp ell. Since `Disp el Magic'

mak es no di�erence b et w een detrimen tal and b ene�cial sp ell e�ects, `Disp el Magic'

is b est applied at a comrade that is only a�ected b y detrimen tal e�ects. The rule

tak es this in to accoun t.
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Rule 19 mak es the agen t cast `Deafness' at an opp onen t wizard. While `Deafness'

can b e cast at �gh ters, it only a�ects wizards detrimen tally .

Rule 21 mak es the agen t cast `Ra y of Enfeeblemen t' at an opp onen t �gh ter. `Ra y

of Enfeeblemen t' saps the strength of an opp onen t. While `Ra y of Enfeeblemen t'

can b e cast at wizards, wizards do not ha v e high strength to b egin with. Therefore,

the sp ell is most useful against �gh ters.

Rule 23 mak es the agen t cast `Disp el Magic' to a comrade wizard that su�ers

from the `Deafness' sp ell. Within the CRPG sim ulation, `Disp el Magic' is the only

remedy against b eing deafened.

Rule 30 is actually a mistak e; it should ha v e priorit y 9, but it has priorit y 2.

When this rule is selected for a script, its c hance to b e activ ated is remote.

A wizard game-AI script consists of ten rules extracted from the rulebase,

to whic h at the end the rules cast( stron g o f f e n s i v e , close s t e n e m y ) and

range d a t t a c k ( close s t e n e m y ) are attac hed.

A.4 Static T actics

Chapter 5 refers to �v e di�eren t basic tactics used b y the static team. The tactics

consist of a game-AI script for eac h of the mem b ers of the static team. The team

consists of t w o �gh ters and t w o wizards. F or all tactics, the t w o �gh ters use the same

script. The follo wing �v e subsections presen t the scripts used for eac h of the �v e

static tactics, namely the `o�ensiv e' tactic (A.4.1), the `disabling' tactic (A.4.2), the

`cursing' tactic (A.4.3), the `defensiv e' tactic (A.4.4), and the `no vice' tactic (A.4.5).

A.4.1 The O�ensiv e T actic

F or the `o�ensiv e' tactic, the t w o �gh ters use the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

melee a t t a c k ( close s t e n e m y );

With the `o�ensiv e' tactic, the t w o �gh ters will use their melee w eap on to attac k

opp onen ts. In general, �gh ters are m uc h more e�ectiv e when using melee attac ks

than when using ranged attac ks. The �gh ters will attempt to heal when they are

damaged to o m uc h.

The t w o wizards b oth use the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

cast( "Fire b a l l " , centr e e n e m y );

cast( "Melf ' s Acid Arrow " , close s t e n e m y ( "Wiza r d " ) );

cast( "Melf ' s Acid Arrow " , close s t e n e m y );

cast( "Magi c Missi l e " , weake s t e n e m y );

range d a t t a c k ( close s t e n e m y );
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With the `o�ensiv e' tactic, the v ery �rst round of an encoun ter, b oth wizards will

thro w a `�reball' at the cen tre the opp onen t team. The e�ect is that usually the t w o

wizards of the opp osing team will b e killed outrigh t, unless they immediately start

mo ving or tak e protectiv e measures. In the follo wing rounds, the t w o wizards will

�rst attempt to kill opp onen ts with damaging magic sp ells, starting an y remaining

opp onen t wizard. When the wizards are out of sp ells, they will use ranged attac ks.

A.4.2 The Disabling T actic

F or the `disabling' tactic, the t w o �gh ters use the follo wing script:

if round n u m b e r <= 1 then

drink ( "Poti o n of Free Actio n " );

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

melee a t t a c k ( close s t e n e m y );

With the `disabling' tactic, the t w o �gh ters will �rst drink a p otion of free action,

ensuring that they will b e una�ected b y the area-e�ect sp ells used b y the wizards

in the team. The remainder of the script is equal to the o�ensiv e tactic script.

The �rst wizard uses the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

drink ( "Poti o n of Free Actio n " );

if not close s t e n e m y ( "Figh t e r " ).inf l u e n c e ( freez i n g i n f l u e n c e ) then

cast( "Stin k i n g Cloud " , defau l t e n e m y );

cast( "Chro m a t i c Orb", close s t e n e m y ( "Figh t e r " ) );

cast( "Hold Perso n " , rando m e n e m y );

cast( "Stin k i n g Cloud " , rando m e n e m y );

cast( "Chro m a t i c Orb", rando m e n e m y );

range d a t t a c k ( close s t e n e m y );

The second wizard uses the same script, except that in lines 4 and 6, the references

to �Figh ter� are replaced b y �Wizard�. With the `disabling' tactic, the t w o wizards

will �rst drink a p otion of free action, ensuring that they will b e una�ected b y the

area-e�ect sp ells they use.

1

After that they use all kinds of sp ells that disable their

opp onen ts, suc h as freezing them in place, or making them nauseous. When the

wizards are out of sp ells, they will use ranged attac ks.

1

As Chapter 5 sho w ed, the `disabling' tactic is rather w eak. The main reason for its w eakness

is that all four static-team mem b ers drink a p otion in the �rst com bat round. Since they do not

mo v e from their starting p osition, they are rather susceptible to their opp onen t s attac k ing them

with damaging area-e�ec t magic, simi l ar to the `o�ensiv e' tactic.
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A.4.3 The Cursing T actic

F or the `cursing' tactic, the t w o �gh ters use the same script as with the `o�ensiv e'

tactic. The �rst wizard uses the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

cast( "Hold Perso n " , close s t e n e m y ( "Figh t e r " ) );

cast( "Deaf n e s s " , close s t e n e m y ( "Wiza r d " ) );

cast( "Char m Perso n " , close s t e n e m y ( "Wiza r d " ) );

cast( "Ray of Enfee b l e m e n t " , close s t e n e m y ( "Figh t e r " ) );

cast( "Blin d n e s s " , close s t e n e m y ( "Figh t e r " ) );

if not furth e s t e n e m y ( "Figh t e r " ).inf l u e n c e ( freez i n g i n f l u e n c e ) then

cast( "Chro m a t i c Orb", defau l t e n e m y );

if not furth e s t e n e m y ( "Wiza r d " ).inf l u e n c e ( freez i n g i n f l u e n c e ) then

cast( "Chro m a t i c Orb", defau l t e n e m y );

cast( "Chro m a t i c Orb", rando m e n e m y );

range d a t t a c k ( close s t e n e m y );

The second wizard uses the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

cast( "Mons t e r Summo n i n g I", centr e e n e m y );

cast( "Deaf n e s s " , close s t e n e m y ( "Wiza r d " ) );

cast( "Char m Perso n " , close s t e n e m y ( "Figh t e r " ) );

cast( "Ray of Enfee b l e m e n t " , close s t e n e m y ( "Figh t e r " ) );

cast( "Blin d n e s s " , close s t e n e m y ( "Figh t e r " ) );

if not close s t e n e m y ( "Wiza r d " ).inf l u e n c e ( freez i n g i n f l u e n c e ) then

cast( "Chro m a t i c Orb", defau l t e n e m y );

if not close s t e n e m y ( "Figh t e r " ).inf l u e n c e ( freez i n g i n f l u e n c e ) then

cast( "Chro m a t i c Orb", defau l t e n e m y );

cast( "Chro m a t i c Orb", rando m e n e m y );

range d a t t a c k ( close s t e n e m y );

The `cursing' tactic aims at the wizards hamp ering their opp onen ts in sev eral

di�eren t w a ys, while the �gh ters attac k them up-close. While the t w o wizards mostly

use the same sp ells, they attempt to c hose di�eren t targets for their sp ells. The

`cursing' tactic relies hea vily on c hance. Esp ecially the use of c harming sp ells is

risky: they ha v e a 50 p er cen t c hance to fail. Ho w ev er, if they succeed, they can b e

decisiv e in determining the outcome of the �gh t. The `cursing' tactic is quite strong

if c hance is in fa v our of the static team, but it is medio cre otherwise. As a result,

the `cursing' tactic is most susceptible to the o ccurrence of extreme outliers.

A.4.4 The Defensiv e T actic

F or the `defensiv e' tactic, the t w o �gh ters use the follo wing script:
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if round n u m b e r <= 1 then

drink ( "Poti o n of Fire Resis t a n c e " );

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

melee a t t a c k ( close s t e n e m y );

With the `defensiv e' tactic, the t w o �gh ters will �rst drink a p otion of �re re-

sistance, ensuring that �re-damaging sp ells, whic h are the most common damaging

sp ells at this lev el, are less e�ectiv e when used against them. The remainder of the

script is equal to the o�ensiv e tactic script.

The �rst wizard uses the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

cast( "Mirr o r Image " );

cast( "Mons t e r Summo n i n g I", centr e e n e m y );

cast( "Shie l d " );

cast( "Larl o c h ' s Minor Drain " , close s t e n e m y );

range d a t t a c k ( close s t e n e m y );

The second wizard uses the same script, except that line 5 is replaced b y

� cast ( "Fire b a l l " , close s t e n e m y ( "Figh t e r " ) ); �. The `defensiv e' tactic

aims at the static team's wizard using mainly defensiv e sp ells. Esp ecially the `Mirror

Image' sp ell is, in the Baldur 's Ga te implemen tation,

2

quite e�ectiv e in k eeping

the wizards from su�ering an y damage.

A.4.5 The No vice T actic

F or the `no vice' tactic, the t w o �gh ters use the same script as with the `o�ensiv e'

tactic. The �rst wizard uses the follo wing script:

if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

cast( "Hold Perso n " , close s t e n e m y ( "Figh t e r " ) );

cast( "Mirr o r Image " );

if not close s t e n e m y ( "Figh t e r " ).inf l u e n c e ( freez i n g i n f l u e n c e ) then

cast( "Stin k i n g Cloud " , defau l t e n e m y );

cast( "Magi c Missi l e " , close s t e n e m y ( "Wiza r d " ) );

cast( rando m o f f e n s i v e , rando m e n e m y );

cast( "Chro m a t i c Orb", rando m e n e m y );

range d a t t a c k ( close s t e n e m y );

The second wizard uses the follo wing script:

2

The Baldur 's Ga te implem en tation of the `Mirror Image' sp ell is actually quite di�eren t from

o�cial sp eci�cation (Co ok et al. , 2000); so m uc h, in fact, that the Baldur 's Ga te implem en tation

ma y b e considered a programming bug, for the sp ell is m uc h to o p o w erful for the lev el at whic h it

is a v ailable in the game.
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if healt h p e r c e n t a g e < 50 then

drink ( "Poti o n of Heali n g " );

cast( "Mirr o r Image " );

cast( "Fire b a l l " , close s t e n e m y ( "Wiza r d " ) );

cast( rando m o f f e n s i v e , rando m e n e m y );

range d a t t a c k ( close s t e n e m y );

The `no vice' tactic aims at imitating a tactic that a no vice pla y er migh t use. A

no vice pla y er will probably ha v e disco v ered the p o w er of the `Mirror Image' sp ell

and the `Fireball' sp ell, but other than that will not kno w whic h sp ells are e�ectiv e

and whic h are not. In the tactic, this is implemen ted as the wizards using mostly

random sp ells.



App end ix B

Nev erwin ter Nigh ts Game AI

In Chapter 5, exp erimen ts with dynamic scripting in the game Never winter

Nights w ere discussed. This app endix describ es Never winter Nights and the

mo dule implemen ted for the exp erimen ts (B.1), the static game AI implemen ted b y

the game dev elop ers (B.2), and the rulebases used to generate successful game AI

for the dynamic team (B.3).

B.1 Nev erwin ter Nigh ts Mo dule

Never winter Nights is a CRPG, dev elop ed b y BioW are Corp (lo cated in Ed-

mon ton, Canada), released in 2002. One of the ma jor gimmic ks of the game is

the a v ailabilit y of an extensiv e to olset, called `Aurora', that can b e used to dev elop

completely new game mo dules based on the Never winter Nights game engine.

Aurora scales fairly w ell from no vice users without progra mming exp erience, who

can easily �t together existing game elemen ts, to exp erienced progra mmer s , who can

rebuild the inner w orkings of the game from scratc h. BioW are pro v ed the p o w er of

the to olset, b y commercially releasing t w o new Never winter Nights mo dules in

2003 , whic h w ere dev elop ed b y a third part y .

The Never winter Nights mo dule dev elop ed to p erform the exp erimen ts dis-

cussed in Chapter 5 en tails an encoun ter b et w een t w o teams of similar comp osition.

Eac h team consists of four agen ts, namely a �gh ter, a priest, a rogue, and a wizard,

all of the eigh th exp erience lev el. The initial p osition of all agen ts in the CRPG

sim ulation is illustrated in Figure B.1. The fron t ro w of eac h team consists of the

�gh ter and the priest, and the bac k ro w of the wizard and the rogue. The com bat

area (the arena in whic h the agen ts are lo cated) has a diameter of one-and-one- ha lf

Never winter Nights cells, or �ft y feet.

The armamen t, w eap onry , sp ell selection and in v en tory of the teams is static.

Eac h �gh ter carries a p otion of `Cure Serious W ounds' and a p otion of `Sp eed'. Eac h

wizard carries a p otion of `Cure Ligh t W ounds' and a p otion of `Sp eed'. Eac h priest

carries a p otion of `Cure Mo derate W ounds', a p otion of `Owl's Wisdom', and a
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Figure B.1: The Never winter Nights mo dule.

p otion of `Bless'. Eac h rogue carries a p otion of `Cure Mo derate W ounds', a p otion

of `Sp eed', and a p otion of `In visibilit y'. Wizards ha v e access to the follo wing sp ells

(one cop y of eac h sp ell, unless indicated otherwise): `Daze' (t w o copies), `Ra y of

F rost', `Resistance', `Burning Hands', `Magic Missile' (t w o copies), `Negativ e Energy

Ra y', `Melf 's A cid Arro w' (t w o copies), `Summon Creature I I', `Fireball', `Flame

Arro w', `Negativ e Energy Burst', `Ev ard's Blac k T en tacles', and `Minor Glob e of

In vulnerabilit y'. Priests ha v e access to the follo wing sp ells (one cop y of eac h sp ell,

unless indicated otherwise): `Cure Minor W ounds', `Ligh t' (t w o copies), `Resistance',

`Virtue' (t w o copies), `Cure Ligh t W ounds', `Do om', `Sanctuary', `Summon Creature

I', `Aid', `Silence', `Sound Burst', `Animate Dead', `Cure Serious W ounds', `Pra y er',

`Cure Critical W ounds', `Divine P o w er'. A detailed description of Never winter

Nights is giv en b y Kno wles et al. (2002).

I c hose not to include a `sorcerer ' in the teams. The reason is that sorcere r s

are not limited to the sp ells they memorise, but can use an y of the sp ells of the

lev els they ha v e access to. Therefore, a sorcere r can alw a ys execute the �rst rule in

a script that casts a sp ell, and will con tin ue casting the same sp ell o v er and o v er

again un til all casting p o w er is gone. Therefore, for a sorcerer , scripting is not ideal.
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As an alternativ e, a sorcere r could b e con trolled b y the rulebase as a whole, where

for eac h action a rule is selected at random from the rulebase, with a probabilit y

corresp o nding to the rules' w eigh ts. This system has actually b een implemen ted in

the Never winter Nights mo dule as an alternativ e to the scripting system, but

no exp erimen ts ha v e b een p erformed with it y et.

B.2 Static Game AI

The Never winter Nights game AI is implemen ted in the Never winter Nights

scripting language called `NWScript'. NWScript is deriv ed from C++. Although it

lac ks man y of the p o w erful features of C++,

1

it is a fairly p o w erful language that

allo ws the implemen tation of adv anced concepts. NWScript is do cumen ted b y Lo e

and Cro c k ett (2002) and b y the NWN Lexicon Group (2004).

The Never winter Nights game AI is implemen ted in NWScript. This section

discusses the three di�eren t v ariations of the Never winter Nights game AI used

in this thesis, namely (i) the game AI of Never winter Nights v ersion 1.29 (B.2.1),

(ii) the game AI of Never winter Nights v ersion 1.61 (B.2.2), and (iii) the cursed

v ersion of the game AI of Never winter Nights v ersion 1.61 (B.2.2),

B.2.1 Game AI 1.29

The game AI included in Never winter Nights v ersion 1.29 consists of a straigh t-

forw ard script, titled Deter m i n e C o m b a t R o u n d ( ) (found in the �le nw_i0 _ g e n e r i c ).

executed for all agen ts in the game. Basically , eac h line of the script consists of

a c hec k whether the class of the agen t is allo w ed to execute that line (e.g., a line

concerning magic will only b e executed for sp ell casters), follo w ed b y a `talen t'. A

`talen t' is a call to a function that ma y p erform an action of a certain t yp e. If the

talen t indeed generates an action, it returns the v alue `true' and the script ends.

If not, it returns the v alue `false' and the next line in the script is executed. F or

instance, the follo wing is a short co de snipp et from the game AI script:

if (nCla s s == CLASS _ T Y P E _ B A R D )

{

if (Tale n t H e a l ( ) )

retur n ;

if (Tale n t B a r d S o n g ( ) )

retur n ;

}

This co de tests whether the class of the agen t that executes the script is `bard'. If so,

then the function Talen t H e a l ( ) is called. This function c hec ks whether the agen t

has healing capabilities, and whether it is useful at this p oin t to p erform a healing

action. If no healing action is generated, the function Talen t B a r d S o n g ( ) is called,

1

F or instance, other than `string', `in teger' and `�oat' there are no v ariable t yp es, and it is not

p ossible to create new classes.
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whic h c hec ks whether it is useful at this p oin t for the agen t to p erform a singing

action.

The game AI uses random n um b ers to pro vide v ariet y . F or instance, at the start

of the script a random n um b er decides whether the agen t will p erform an o�ensiv e

(with 75 p er cen t probabilit y) or a defensiv e action (with 25 p er cen t probabilit y).

The game AI of Never winter Nights v ersion 1.29 is not so strong. F or in-

stance, when computer-con trolled agen ts are distanced further from their enemies

than they can co v er in one com bat round, they will use ranged w eap ons. They will

stic k to using ranged w eap ons, ev en if their enem y closes in. Since usually agen ts

do more damage with melee w eap ons than with ranged w eap ons, an e�ectiv e w a y

to deal with agen ts using ranged w eap ons is to run to w ards them and attac k with

melee w eap ons. This is actually one of the tactics disco v ered b y dynamic scripting

against game AI 1.29.

B.2.2 Game AI 1.61

The Never winter Nights game AI w as completely rewritten ab out a y ear after

the �rst release of the game. The game AI for v ersion 1.61 is signi�can tly more

e�ectiv e than the game AI for v ersion 1.29.

Game AI 1.61 starts b y assigning in teger v alues to three v ariables, named

nOffe n s e , nComp a s s i o n , and nMagi c . These v ariables represen t a p ercen tage prob-

abilit y to use an o�ensiv e attac k, to help companions, and to use magic, resp ectiv ely .

A fourth v ariable, named nCraz y , is a mo di�er that decides ho w big the v ariet y in

decisions is. The v ariables get t ypical v alues for the class and attributes of the agen t

for whic h the game AI is executed. Then, the v alues of the v ariables are used to

decide whic h part of the script is executed. F or instance, the follo wing is a short

co de snipp et from the game AI script:

if ((nOf f e n s e <= 50) && (nMag i c > 50) && (nCom p a s s i o n > 50))

{

if (Tale n t H e a l ( ) )

retur n ;

if (Tale n t C u r e C o n d i t i o n ( ) )

retur n ;

if (Tale n t U s e P r o t e c t i o n O t h e r s ( ) )

retur n ;

if (Tale n t E n h a n c e O t h e r s ( ) )

retur n ;

}

This co de tests whether the agen t is not o�ensiv e, has access to magic, and feels

compassiona te. If so, it attempts to select a `talen t' that supp orts its companions.

It �rst attempts healing, then curing (e.g., remo ving p oison), then protectiv e magic,

and �nally general enhancemen ts of others.

The game AI pro vides v ariet y b y using random v alues for the four v ariables,

ensuring that the v alues whic h the v ariables receiv e are in accorda nce with the class
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and attributes of the agen t that executes the script. The talen ts themselv es ha v e

b een up dated to remo v e some randomness, and to mak e them more e�ectiv e.

The game AI of Never winter Nights v ersion 1.61 is considerably stronger than

the game AI of Never winter Nights v ersion 1.29. F or instance, �gh ter agen ts

that are able to use strong melee attac ks, will often attac k with melee w eap ons, ev en

if they start out far from their enemies. They are also more limited in their abilit y to

c ho ose less e�ectiv e actions. F or instance, while in Never winter Nights v ersion

1.29 they often w asted time b y drinking useless p otions, in Never winter Nights

v ersion 1.61 �gh ters will nev er drink p otions except to heal.

In terestingly , the reduced amoun t of randomness allo ws dynamic scripting to

design tactics that are able to easily defeat game AI 1.61. F or instance, a dynamic

�gh ter agen t will quic kly learn to drink a p otion of `Sp eed' at the start of a �gh t,

allo wing it more e�ectiv e melee attac ks than a static �gh ter agen t that refuses to

drink an y p otion.

B.2.3 Cursed Game AI

Cursed game AI is actually equal to game AI 1.61. Ho w ev er, there is a di�erence

in the w a y the com bat is handled. With cursed game AI, after ev ery t w elv e �gh ts,

three `cursed' �gh ts are executed. A t the start of a cursed �gh t, the a v erag e �tness

for b oth teams o v er the last ten �gh ts is calculated. If the dynamic team has a

higher a v erag e �tness than the static team, the static team gets cursed, otherwise

the dynamic team gets cursed. The cursing of a team consists of disabling the

mem b ers of the team for the �rst 60 seconds of a �gh t. F urthermore, if the static

team is cursed, the dynamic team selects rules from the rulebase using all equal

w eigh ts.

Consequen tly , when the dynamic team is winning (i.e., has a higher a v erag e

�tness), during the cursed �gh ts it will b e at a great disadv an tage to the static

team. Therefore, it is lik ely that a dynamic team that emplo ys a successful rulebase

AI will lose a cursed �gh t despite using go o d AI. Con trariwise, when the dynamic

team is losing (i.e., has a lo w er a v erag e �tness), during the cursed �gh ts it will b e

at a great adv an tage to the static team, and th us will probably win despite using

random AI.

In summary , for 20 p er cen t of the �gh ts, cursed game AI attempts to fo ol

dynamic scripting in to rating go o d AI as b eing inferior, and rating random AI as

b eing go o d.

B.3 Rulebase

Dynamic scripting as implemen ted in Never winter Nights uses one cen tral rule-

base for all classes. F or eac h rule in the rulebase an indication is giv en for whic h

classes the rule is mean t. A t the start of a test (i.e., a series of �gh ts), a separate

rulebase is created for eac h class b y extracting those rules from the cen tral rulebase

corresp o nding to the class.
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The cen tral rulebase is listed b elo w. In fron t of eac h rule are the rule n um b er,

and, b et w een brac k ets, the priorit y of the rule. `[0]' is the lo w est priorit y , while `[4]'

is the highest priorit y . Instead of co de, a description of eac h rule is giv en, follo w ed

b y the classes for whic h the rule is applicable. `F' indicates the �gh ter class, `P'

indicates the priest class, `R' indicates the rogue class, and `W' indicates the wizard

class. The implemen tation of the rules is alw a ys b y calling a `talen t' function, in

man y cases the same `talen t' functions the standard game AI uses.

1. [4] Heal self when healt h < 25% (F,P, R , W )

2. [4] If not yet in comba t , buff self (F,R)

3. [4] Cast `Immu n i t y to Death Magic ' (P)

4. [4] Cast `Free d o m ' (P)

5. [4] Cast `Rege n e r a t e ' (P)

6. [4] Cast `Mass Haste ' or `Hast e ' (P,W)

7. [4] Cast `Time Stop' (W)

8. [4] Heal self when healt h < 50% (F,P, R , W )

9. [4] Empty rule (F,P, R , W )

10. [3] Cast highe s t magic - a b s o r p t i o n spell (W)

11. [3] Cast highe s t summo n i n g spell at neare s t enemy (P,W)

12. [3] Cast highe s t summo n i n g spell at neare s t enemy spell c a s t e r

(P,W)

13. [3] Cast highe s t area- e f f e c t damag i n g spell at neare s t enemy

(P,W)

14. [3] Cast highe s t area- e f f e c t damag i n g spell at neare s t enemy

spell c a s t e r (P,W)

15. [3] Cast highe s t damag i n g - c l o u d spell at neare s t enemy (P,W)

16. [3] Cast highe s t damag i n g - c l o u d spell at neare s t enemy

spell c a s t e r (P,W)

17. [3] Cast highe s t cursi n g - c l o u d spell at neare s t enemy (P,W)

18. [3] Cast highe s t cursi n g - c l o u d spell at neare s t enemy spell c a s t e r

(P,W)

19. [3] Cast highe s t area- e f f e c t cursi n g spell at neare s t enemy (P,W)

20. [3] Cast highe s t area- e f f e c t cursi n g spell at neare s t enemy

spell c a s t e r (P,W)

21. [3] Cast highe s t cone spell at neare s t enemy (P,W)

22. [3] Cast highe s t cone spell at neare s t enemy spell c a s t e r (P,W)

23. [3] Cast highe s t damag i n g spell at neare s t enemy (P,W)

24. [3] Cast highe s t damag i n g spell at neare s t enemy spell c a s t e r (P,W)

25. [3] Cast highe s t cursi n g spell at neare s t enemy (P,W)

26. [3] Cast highe s t cursi n g spell at neare s t enemy spell c a s t e r (P,W)

27. [3] Cast highe s t anti- i n v i s i b i l i t y spell (P,W)

28. [3] Cast highe s t anti- m i n d - a f f e c t i n g spell (P,W)

29. [3] Cast highe s t damag e - a b s o r p t i o n spell (P,W)

30. [3] Cast highe s t breac h spell at neare s t enemy (P,W)

31. [3] Cast highe s t breac h spell at neare s t enemy spell c a s t e r (P,W)
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32. [3] Melee - a t t a c k neare s t enemy (F,R)

33. [3] Melee - a t t a c k neare s t enemy spell c a s t e r (F,R)

34. [3] Range d - a t t a c k neare s t enemy (F,R)

35. [3] Range d - a t t a c k neare s t enemy spell c a s t e r (F,R)

36. [3] Melee - a t t a c k neare s t enemy fight e r or rogue (F,R)

37. [3] Range d - a t t a c k neare s t enemy fight e r or rogue (F,R)

38. [3] Empty rule (F,P, R , W )

39. [2] Heal a compa n i o n (P)

40. [2] Heal self (F,P, R , W )

41. [2] Use advan c e d prote c t i v e magic on self (P,W)

42. [2] Use prote c t i v e magic on self (P,W)

43. [2] Use prote c t i v e magic on compa n i o n s (P,W)

44. [2] Buff self (F,P, R , W )

45. [2] Buff compa n i o n s (P,W)

46. [2] Respo n d to a melee - a t t a c k e r again s t self, prefe r a b l y a

spell c a s t e r (P,W)

47. [2] Respo n d to a range d - a t t a c k e r again s t self, prefe r a b l y a

spell c a s t e r (P,W)

48. [2] Use offen s i v e magic at an enemy that attac k s from a dista n c e ,

prefe r a b l y a spell c a s t e r (P,W)

49. [2] Use summo n i n g magic (P,W)

50. [2] Use offen s i v e magic again s t the neare s t spell c a s t e r (P,W)

51. [2] Melee - a t t a c k neare s t spell c a s t e r (F,P, R , W )

52. [2] Cure self of a disab i l i t y (P)

53. [2] Turn undea d (P)

54. [2] If there are multi p l e melee - a t t a c k e r s again s t self, respo n d

to them, prefe r a b l y to neare s t spell c a s t e r (P)

55. [2] Buff self (F,R)

56. [2] Sneak attac k (F,R)

57. [2] Melee - a t t a c k neare s t fight e r or rogue (F,R)

58. [2] Use offen s i v e magic again s t neare s t fight e r or rogue (P,W)

59. [2] Empty rule (F,P, R , W )

60. [1] Respo n d to a melee - a t t a c k e r again s t self (P,W)

61. [1] Respo n d to a range d - a t t a c k e r again s t self (P,W)

62. [1] Use offen s i v e magic at an enemy that attac k s from a dista n c e

(P,W)

62. [1] Use offen s i v e magic (P,W)

63. [1] Melee - a t t a c k (F,P, R , W )

64. [1] If there are multi p l e melee - a t t a c k e r s again s t self, respo n d

to them (P)

65. [1] Empty rule (F,P, R , W )

66. [0] Melee - a t t a c k (F,P, R , W )

Rule 2 forces the agen t to use a p otion or sp ecial abilit y that enhances its c har-

acteristics (whic h is called `bu�ng'). Because of the com bat c hec k, this will only b e
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executed at the start of a �gh t.

Rule 3 to 7 are `bu�ng' rules for priests and wizards. Ho w ev er, the sp ells used

in these rules are una v ailable at the exp erience lev el of the priest and wizards used

in the exp erimen ts. Therefore, these rules are e�ectiv ely empt y rules, for the classes

that are allo w ed to use them.

Rule 39 to 58 are extracted without c hange from the Never winter Nights

game AI v ersion 1.29.

Priests and wizards game-AI scripts con tain ten rules extracted from their re-

sp ectiv e rulebases, while the game-AI scripts of �gh ters and rogues con tain �v e rules.

Rule 9, rule 38, rule 59, and rule 65 are empt y rules, that can b e selected to mak e

scripts e�ectiv ely shorter than the n um b er of rules extracted from the rulebase. A t

the end of a generated script, a call is added to the standard Never winter Nights

game AI. Note that, since v ersion 1.29 and v ersion 1.61 of the standard game AI are

di�eren t, the e�ect of this call is dep enden t on the Never winter Nights v ersion

used.



App end ix C

W argus Game AI

In Chapter 6, exp erimen ts with dynamic scripting in the game W ar gus w ere dis-

cussed. This app endix

1

describ es W ar gus and the maps used for the exp erimen ts

(C.1), the scripting language used to implemen t game AI (C.2), the static game AI

(C.3), the gene t yp es used to design c hromoso mes (C.4), and the rulebases used to

generate successful game AI for the dynamic team (C.5).

C.1 W argus

W ar gus is a faithful clone of the game W ar craft I I , released b y Blizzard in

1995 (and released again in 1999). W ar gus is built on the op en-source game en-

gine Stra t a gus . Stra t a gus w as formerly kno wn as FreeCraft , but for legal

reasons the engine has b een renamed. Stra t a gus is implemen ted in C. W ar gus

is a game mo dule for Stra t a gus , implemen ted in the high-lev el Lua scripting lan-

guage (Ierusalimsc h y , de Figueiredo, and Celes, 2003 ).

2

In the academic comm unit y ,

Stra t a gus is gaining p opularit y as a researc h en vironmen t for R TS games (Aha

and Molineaux, 2004 ; Marthi, Latham, Russel, and Guestrin, 2004 ).

The exp erimen ts in the W ar gus en vironmen t, describ ed in Chapter 6, w ere

p erformed on t w o di�eren t maps; in the tests where the static game AI emplo y ed

the `small balanced tactic' or the `soldier rush', a small map w as used, while in the

tests where the static game AI emplo y ed the `large balanced tactic' or the `knigh t

rush', a large map w as used. The t w o maps are illustrated in Figure C.1. The small

map, measuring 64 b y 64 cells, is displa y ed left. The large map, measuring 128 b y

128 cells, is displa y ed righ t. The blac k areas on the maps represen t w ater. The

mark `A' indicates the starting base of the dynamic civilisation, and the mark `B'

indicates the starting base of the static civilisation. Note that on the large map the

civilisations are far apart, unless they approac h eac h other b y sea. Ho w ev er, since

na v al units w ere not used during the exp erimen ts, the sea route w as disabled.

1

The con ten t s of this app endix are based on the w ork b y P onsen (2004)

2

Lua is not an abbreviat ion . It is the w ord for `mo on' in P ortugue se , and is pronounc e d `lo o-ah'.
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Figure C.1: The t w o maps used in the W ar gus tests.

C.2 Scripti n g Language

The W ar gus game AI, implemen ted in Lua, is based on the concept of `forces'. A

`force' refers to a group of units, com bined in a n um b ered arm y . Eac h unit in the

game b elongs to a force, and a unit without a force is assigned to a random force

automatically . An y commands assigned to a force are assigned to eac h unit that

b elongs to the force. W ar gus supp orts a maxim um of ten di�eren t forces. A force

can b e either o�ensiv e or defensiv e. An o�ensiv e force will mo v e to w ards and in to

the area con trolled b y the opp osing civilisation, attac king enem y units and buildings

along the w a y . A defensiv e force will sta y in the area con trolled b y its civilisation,

resp onding to enem y attac ks. The force n um b ered zero is alw a ys defensiv e.

A game-AI script for W ar gus is executed sequen tially . Eac h rule in the script

is executed (at most) once, starting at the top, and con tin uing to the b ottom, un til

the game ends.

C.3 Static T actics

In the W ar gus exp erimen ts, the static civilisation uses four di�eren t tactics. T w o of

these tactics, the `small balanced tactic' and the `large balanced tactic', use the same

game-AI script, but apply it to a small and a large map, resp ectiv ely . The three

game-AI scripts are discussed in the follo wing subsections. Subsection C.3.1 presen ts
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the `balanced tactic', Subsection C.3.2 presen ts the `soldier rush', and Subsection

C.3.3 presen ts the `knigh t rush'.

C.3.1 Balanced T actic

The `balanced tactic' is an impro v ed v ariation of the `land attac k' game AI, whic h

w as dev elop ed b y the W ar gus designers. The (rather long) script starts with build-

ing a large group of `w ork ers ', whose function is to gather resources and construct

buildings. The script then de�nes a few forces, using them for b oth attac k and

defense. When the forces are in place, it constructs all buildings needed to get to

state 4 (see Figure 6.2), follo w ed b y an extension of the existing forces, follo w ed b y

the researc h of all p ossible w eap on and armour upgrades. A t that p oin t, the script

is able to build fairly strong forces. It mixes the construction of new buildings with

extending its existing forces and the creation of new ones, whic h are used for b oth

o�ense and defense. If the civilisation manages to get to state 20 (see Figure 6.2),

the script con tin ues to build units, whic h are assigned an o�ensiv e or a defensiv e

role, with a ratio of 2 to 1.

C.3.2 Soldier Rush T actic

The `soldier rush' tactic aims at o v erwhelming the enem y with simple soldiers at the

start of the game. Since a tactic that is based on the deplo ymen t of lo w-lev el units

w orks b est on a map where the opp osing civilisations are close to eac h other, during

the exp erimen ts the `soldier rush' w as applied to the small map. The `soldier rush'

script con tains the follo wing sev en teen steps:

1. Indic a t e the need for a `town h a l l ' .

2. Set the amoun t of neede d `work e r s ' to 1.

3. Set the amoun t of neede d `work e r s ' to 10.

4. Indic a t e the need for a `barr a c k s ' .

5. Build force 0 as two `sold i e r s ' .

6. Build force 1 as ten `sold i e r s ' .

7. Attac k with force 1.

8. Set the amoun t of neede d `work e r s ' to 15.

9. Indic a t e the need for a `blac k s m i t h ' .

10. Indic a t e the need for an extra `barr a c k s ' .

11. Resea r c h two weapo n and two armou r upgra d e s .

12. Build force 0 as four `sold i e r s ' .

13. Build force 1 as ten `sold i e r s ' .

14. Attac k with force 1.

15. Build force 1 as five `sold i e r s ' .

16. Attac k with force 1.

17. Loop back to step 15.
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C.3.3 Knigh t Rush T actic

The `knigh t rush' tactic aims at o v erwhelming the opp osing civilisation with ad-

v anced units. The (rather long) script starts similar to the `soldier rush', but instead

of con tin uously attac king as happ ens in the `soldier rush' script after step 12, the

`knigh t rush' doubles the amoun t of w ork ers and builds a `k eep', `stables', a `lum-

b ermill', and a `castle', follo w ed b y sev eral ev en more adv anced buildings. Then

it starts c h urning out h uge forces, consisting of high-lev el units, and uses them to

attac k con tin uously .

C.4 Rule Design

The ev olutionary game AI uses a c hromosome to sp ecify W ar gus tactics. As de-

tailed in Subsection 6.3.2, a c hromoso me consists of rule genes. There are four

di�eren t gene t yp es, namely (i) build genes, (ii) researc h genes, (iii) econom y genes,

and (iv) com bat genes.

Build genes consist of a rule ID `B', follo w ed b y one n umerical parameter, that

indicates the t yp e of building to b e constructed. The parameter tak es an in teger

v alue in the range [1; 12]. The di�eren t parameters for build genes are de�ned as

follo ws:

3

1 = Townh a l l 4 = Black s m i t h 7 = Castl e 10 = Templ e

2 = Barra c k s 5 = Keep 8 = Airpo r t 11 = Guard tower

3 = Lumbe r m i l l 6 = Stabl e s 9 = Mage tower 12 = Canno n tower

Researc h genes consist of a rule ID `R', follo w ed b y one n umerical parameter,

that indicates the t yp e of researc h to b e done. The parameter tak es an in teger v alue

in the range [13; 21]. The di�eren t parameters for researc h genes are de�ned as

follo ws:

13 = Missi l e upgra d e 16 = Catap u l t upgra d e 19 = Mage upgra d e 3

14 = Armou r upgra d e 17 = Mage upgra d e 1 20 = Mage upgra d e 4

15 = Weapo n upgra d e 18 = Mage upgra d e 2 21 = Mage upgra d e 5

Econom y genes consist of a rule ID `E', follo w ed b y one n umerical parameter,

that indicates the n um b er of w ork ers to b e trained. The parameter tak es an y p ositiv e

in teger v alue.

Com bat genes consist of a rule ID, consisting of a `C' and a n um b er, follo w ed

b y sev eral parameters. The n um b er tak es an in teger v alue in the range [1; 20] (cor-

resp onding to the t w en t y p ossible states, illustrated in Figure 6.2), and determines

whic h parameters the gene has. Com bat genes de�ne forces. The �rst of the para-

meters is the n um b er of the force to b e de�ned, as an in teger v alue in the range [0; 9].

The last of the parameters is the role of the force, namely `o�ensiv e' or `defensiv e'.

3

Note that the `guard to w er' and the `cannon to w er' do not allo w new researc h or the creation

of new unit t yp es, therefor e they do not spa wn state transitions, and th us do not o ccur in Figure

6.2.
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The parameters are unit coun ts, that sp ecify ho w man y units of a sp eci�c t yp e are

assigned to the force. F or the t w en t y com bat genes, the unit coun ts are as follo ws:

C01: soldi e r s

C02: soldi e r s , shoot e r s

C03: soldi e r s

C04: soldi e r s

C05: soldi e r s , shoot e r s , catap u l t s

C06: soldi e r s , shoot e r s

C07: soldi e r s

C08: soldi e r s

C09: soldi e r s , shoot e r s , catap u l t s

C10: soldi e r s , shoot e r s

C11: soldi e r s , knigh t s

C12: soldi e r s , shoot e r s , catap u l t s , knigh t s

C13: soldi e r s , shoot e r s , catap u l t s , knigh t s

C14: soldi e r s , shoot e r s , catap u l t s , knigh t s , flyer s

C15: soldi e r s , shoot e r s , catap u l t s , knigh t s , mages

C16: soldi e r s , shoot e r s , catap u l t s , knigh t s

C17: soldi e r s , shoot e r s , catap u l t s , knigh t s , flyer s , mages

C18: soldi e r s , shoot e r s , catap u l t s , knigh t s , flyer s

C19: soldi e r s , shoot e r s , catap u l t s , knigh t s , mages

C20: soldi e r s , shoot e r s , catap u l t s , knigh t s , flyer s , mages

F or example, a gene with the v alue � C09, 1 , 3 , 7 , 2 , o f f e n s i v e � de�nes force 1 as

an o�ensiv e force that consists of three soldiers, sev en sho oters, and t w o catapults.

C.5 Rulebases

Chapter 6 sp eci�ed t w o basic dynamic-scripting rulebases, namely (i) an original

rulebase, used in Section 6.2, and (ii) an impro v ed rulebase, used in Section 6.4.

F rom the basic rulebases, separate rulebases for eac h of the t w en t y states w ere

constructed, b y extracting those rules from the basic rulebases that are applicable

in the corresp o nding states. The t w o basic rulebases are presen ted in this section,

in Subsections C.5.1 and C.5.2, resp ectiv ely .

C.5.1 The Original Rulebase

The original W ar gus rulebase, used in Section 6.2, con tains �ft y rules. The rule

sp eci�cations use sp ecial terms to indicate forces of �v e di�eren t sizes. A `squadron'

is a tin y force (consisting of 2 units), a `plato on' is a small force (consisting of 4

units), a `battalion' is a medium-sized force (consisting of 6 units), a `compan y' is a

large force (consisting of 8 units), and a `division' is a h uge force (consisting of 12

units). The �ft y rules are listed b elo w, with a rule n um b er, a rule name, and a short

explanation of the rule con ten ts.
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1. Townh a l l Const r u c t townh a l l

2. Barra c k s Const r u c t barra c k s

3. Lumbe r m i l l Const r u c t lumbe r m i l l

4. Black s m i t h Const r u c t black s m i t h

5. Keep Const r u c t keep

6. Stabl e s Const r u c t stabl e s

7. Castl e Const r u c t castl e

8. Airpo r t Const r u c t airpo r t

9. Maget o w e r Const r u c t mage tower

10. Templ e Const r u c t templ e

11. Guard t o w e r Const r u c t guard tower

12. Canno n t o w e r Const r u c t canno n tower

13. Missi l e U p g r a d e Resea r c h bette r missi l e s

14. Armor U p g r a d e Resea r c h bette r armou r

15. Weapo n U p g r a d e Resea r c h bette r weapo n s

16. Catap u l t U p g r a d e Resea r c h bette r catap u l t s

17. MageU p g r a d e 1 Resea r c h mage spell 1

18. MageU p g r a d e 2 Resea r c h mage spell 2

19. MageU p g r a d e 3 Resea r c h mage spell 3

20. MageU p g r a d e 4 Resea r c h mage spell 4

21. MageU p g r a d e 5 Resea r c h mage spell 5

22. Light W o r k e r s Train a few new worke r s

23. Norma l W o r k e r s Train a sever a l new worke r s

24. Heavy W o r k e r s Train a many new worke r s

25. Extre m e W o r k e r s Train a very many new worke r s

26. Defen s e S q u a d r o n Defin e a defen s i v e squad r o n

27. Defen s e P l a t o o n Defin e a defen s i v e plato o n

28. Defen s e B a t t a l i o n Defin e a defen s i v e batta l i o n

29. Defen s e C o m p a n y Defin e a defen s i v e compa n y

30. Defen s e D i v i s i o n Defin e a defen s i v e divis i o n

31. Offen s e S q u a d r o n Defin e an offen s i v e squad r o n

32. Offen s e P l a t o o n Defin e an offen s i v e plato o n

33. Offen s e B a t t a l i o n Defin e an offen s i v e batta l i o n

34. Offen s e C o m p a n y Defin e an offen s i v e compa n y

35. Offen s e D i v i s i o n Defin e an offen s i v e divis i o n

36. Soldi e r s D e f e n s e Defin e a defen s i v e force of soldi e r s

37. Shoot e r s D e f e n s e Defin e a defen s i v e force of shoot e r s

38. Catap u l t D e f e n s e Defin e a defen s i v e force of catap u l t s

39. Knigh t s D e f e n s e Defin e a defen s i v e force of knigh t s

40. Mages D e f e n s e Defin e a defen s i v e force of mages

41. Soldi e r s O f f e n s e Defin e an offen s i v e force of soldi e r s

42. Shoot e r s O f f e n s e Defin e an offen s i v e force of shoot e r s

43. Catap u l t O f f e n s e Defin e an offen s i v e force of catap u l t s

44. Knigh t s O f f e n s e Defin e an offen s i v e force of knigh t s

45. Mages O f f e n s e Defin e an offen s i v e force of mages
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46. AirDe f e n s e B a t t a l i o n Defin e a defen s i v e air batta l i o n

47. AirDe f e n s e C o m p a n y Defin e a defen s i v e air compa n y

48. AirOf f e n s e B a t t a l i o n Defin e an offen s i v e air batta l i o n

49. AirOf f e n s e C o m p a n y Defin e an offen s i v e air compa n y

50. AirOf f e n s e D i v i s i o n Defin e an offen s i v e air divis i o n

A t the end of a game-AI script generated from a rulebase, a con tin uous lo op is

added that initiates constan t attac ks.

C.5.2 The Impro v ed Rulebase

The impro v ed W ar gus rulebase, used in Section 6.4, is based on the original rulebase

presen ted in Subsection C.5.1. The di�erences are the follo wing.

� Rule 1 has b een replaced b y a new rule, that de�nes a defensiv e force b efore

constructing a new `to wnhall'. The reason is that a new to wnhall will b e

quic kly o v errun b y enem y units, if it is not defended.

� A new rule has b een added, named AntiS o l d i e r R u s h . The rule exists in the

rulebase for the state 1. It builds a `blac ksmith' follo w ed b y researc hing t w o

w eap on upgrades and t w o armour upgrades. Then, t w o o�ensiv e forces are

de�ned, one with four soldiers and one with eigh t soldiers. This rule is mean t

as a coun ter-tactic against the `soldier rush' tactic. When executed, it stems

the �rst w a v e of `soldier rush' attac ks, and prepares a strong o�ense with

simple units.

� A new rule has b een added, named AntiK n i g h t R u s h . The rule exists in the

rulebases for states 7 to 11. In state 7 and 8, it builds `stables'. In state 9

and 10, it builds a `blac ksmith'. In state 11, it builds a `lum b ermill'. In all

�v e states, the construction of the new building is follo w ed b y de�ning t w o

o�ensiv e forces consisting of soldiers and knigh ts. The rule aims at quic kly

switc hing to a state that allo ws the construction of `knigh ts', and exploits this

switc h b y setting up a strong attac k using `knigh ts'.

� A new rule has b een added, named Chrom o s o m e . The rule is a literal cop y

of a successful c hromoso me. The rule has implemen tations for states 3, 4, 8,

12, and 14. The rule is strongly defensiv e in states 3, 4 and 8, and strongly

o�ensiv e in states 12 and 14.

� The parameters of rules 26 to 35 ha v e b een c hanged. F our di�eren t force sizes

ha v e b een increased. A `squadron' no w consists of 4 units, a `plato on' of 6

units, a `battalion' of 8 units, and a `compan y' of 10 units. The size of a

`division' remains at 12 units. F urthermore, the n um b ers of the units t yp es

ha v e b een redistributed, to giv e more w eigh t to `catapults'.

� Rule 46 to 50, the `air force' rules, ha v e b een remo v ed, to mak e ro om for the

new rules.
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Summary

The b eha viour of agen ts in commercial computer games is determined b y so-called

`game AI'. When enhanced with an adaptiv e mec hanism, game AI ma y learn from

its mistak es (`self-correction'), and ma y c hange the agen ts' b eha viour in resp onse to

unfamiliar situations (`creativit y'). Suc h enhanced game AI is called `adaptiv e game

AI'. The fo cus of this thesis is on the design and implemen tation of mac hine-learning

tec hniques that can b e used to create successful adaptiv e game AI.

The �rst c hapter pro vides a motiv ation for the researc h, and form ulates a prob-

lem statemen t and four researc h questions. The researc h is motiv ated b y the fact

that game AI in state-of-the-ar t games lac ks sophistication. While the audio visual

qualities of games ha v e undergone considerable impro v emen ts in recen t y ears, game

AI has b een largely neglected b y professional game dev elop ers. Usually , the susp en-

sion of disb elief that mo dern games attempt to ev ok e is shattered b y the inferior

decision-making capabilities of the computer-con trolled agen ts. A daptiv e game AI

has the p oten tial to extend the time span that a game is c hallenging for the h uman

pla y er, and to scale the lev el of di�cult y to the h uman pla y er's lev el of skill. Im-

plemen tation of these features ma y allo w adaptiv e game AI to in�uence a game's

susp ension of disb elief p ositiv ely . So far, academic researc h in adaptiv e game AI,

small as it is, has fo cused on simple game AI.

The problem statemen t deriv ed from the motiv ation is: to what extent c an

machine-le arning te chniques b e use d to incr e ase the quality of c omplex game AI?

T o answ er the problem statemen t, four researc h questions are form ulated: (i) to

what exten t can o�ine mac hine-learning tec hniques b e used to increase the e�ec-

tiv eness of game AI? (ii) to what exten t can online mac hine-learning tec hniques b e

used to increase the e�ectiv eness of game AI? (iii) to what exten t can mac hine-

learning tec hniques b e used to scale the di�cult y lev el of game AI to meet the

h uman pla y er's lev el of skill? and (iv) ho w can adaptiv e game AI b e in tegrated in

the game-dev elopmen t pro cess of state-of-the-ar t games?

The second c hapter pro vides bac kgro und information. First, it discusses the

mac hine-learning tec hniques used in the thesis: ev olutionary algorithms, arti�cial

neural net w orks, ev olutionary arti�cial neural net w orks, ev olutionary con trol, and

reinforcemen t learning. Then, it discusses mo dern games and state-of-the-ar t game

AI. Finally , it discusses ho w mac hine-learning tec hniques can b e applied to game

AI, and giv es an o v erview of related researc h in this area. The three w a ys b y whic h

mac hine learning can b e applied to game AI are (i) o�ine learning, (ii) sup ervised
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learning (whic h is excluded from this thesis), and (iii) online learning. O�ine adap-

tiv e game AI is game AI that adapts using self-pla y , t ypically during the `qualit y

assurance' phase of game dev elopmen t. Online adaptiv e game AI is game AI that

adapts while the game is b eing pla y ed b y a h uman pla y er. Online adaptiv e game AI

m ust meet four computational and four functional requiremen ts to b e applicable in

practice. The four computational requiremen ts are (i) sp eed, (ii) e�ectiv eness, (iii)

robustness, and (iv) e�ciency . The four functional requiremen ts are (i) clarit y , (ii)

v ariet y , (iii) consistency , and (iv) scalabilit y .

The third c hapter discusses ho w to ev olv e successful agen t con trollers in game-lik e

en vironmen ts. When ev olving agen t con trollers, the ev olutionary algorithm tends to

seek solutions in the searc h space in the neigh b ourho o d of solutions to easy problem

instances. Consequen tly , the solutions found tend to w ork w ell with easy instances,

but giv e inferior results with hard instances. This is called `the problem of hard

instances'. T o deal with this problem, a no v el ev olutionary algor ithm is in tro duced,

called the Doping-driv en Ev olutionary Con trol Algorithm (DECA). DECA `dop es'

the initial p opulation of p oten tial solutions with a v ery go o d solution to a single

hard instance. Through exp erimen ts with a b o x-pushing task and with a fo o d-

gathering task, the c hapter empirically sho ws that DECA ev olv es agen t con trollers

that are signi�can tly more e�ectiv e than agen t con trollers ev olv ed with a `regular'

ev olutionary algor ithm.

The fourth c hapter explores ev olutionary game AI, whic h is game AI that emplo ys

ev olutionary algorithms to adapt. The �rst part of the c hapter discusses o�ine

ev olutionary game AI. By an exp erimen t that con trols the actions of a spaceship

in a strategy game with a neural net w ork, it sho ws that o�ine ev olutionary game

AI can b e successful in detecting exploits, and in disco v ering new tactics. Ho w ev er,

the �rst part concludes with the observ a tio n that a neural net w ork is not a suitable

learning structure for game AI. The second part discusses online ev olutionary game

AI. By an exp erimen t that ev olv es team b eha viour in the capture-the-�ag mo de of

the action game Quake I I I Arena , it sho ws that online ev olutionary game AI can

b e used to create successful tactics. Ho w ev er, it is concluded that online ev olutionary

game AI is only reasona bly e�cien t if the searc h space is small.

The �fth c hapter discusses a no v el tec hnique for online adaptiv e game AI called

`dynamic scripting'. Dynamic scripting main tains game-domain kno wledge in the

form of rules in an adaptiv e rulebase. Eac h rule has a w eigh t attac hed to it, whic h

determines the probabilit y that the asso cia ted rule is selected for a game-AI script.

The w eigh ts adapt automatically to re�ect the success or failure of the game AI as

observ ed in the game. The c hapter sho ws that dynamic scripting meets b y design

all four computational requiremen ts, and t w o of the four functional requiremen ts

(namely clarit y and v ariet y). The c hapter then explores (i) outlier-reduction en-

hancemen ts to dynamic scripting to allo w it to meet the requiremen t of consistency ,

and (ii) di�cult y-scaling enhancemen ts to allo w it to meet the requiremen t of scal-

abilit y . With `p enalt y balancing' as an outlier-reduction enhancemen t, and `top

culling' as a di�cult y-scaling enhancemen t, dynamic scripting meets all four com-

putational and all four functional requiremen ts. Therefore, it is concluded that

dynamic scripting can b e applied in practice. The conclusion is supp orted b y the
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successful implemen tation of dynamic scripting in the state-of-the-ar t rolepla ying

game Never winter Nights .

The sixth c hapter discusses ho w adaptiv e game AI can b e in tegrated in profes-

sional game dev elopmen t. It sho ws that game dev elop ers and publishers will not

hesitate to use o�ine adaptiv e game AI when they b eliev e that they can b ene�t

from it. Ho w ev er, at presen t they are still suspicious of online adaptiv e game AI,

and need to b e con vinced of its reliabilit y to start considering applying it in their

games. The reliabilit y of online adaptiv e game AI can b e impro v ed b y using o�ine

adaptiv e game AI to disco v er new domain kno wledge. A three-step pro cedure to

execute this impro v emen t is illustrated b y an exp erimen t with the game AI in the

real-time strategy game W ar gus . The exp erimen t sho ws that a dynamic-scripting

rulebase for W ar gus can b e impro v ed b y using o�ine ev olutionary game AI to de-

sign coun ter-tactics against `sup er-tactics', whic h are quite di�cult to defeat. The

c hapter ends b y discussing some generalisa tio n issues, and b y pro viding argumen ts

that supp ort the conjecture that adaptiv e game AI is b ene�cial to the en tertainmen t

v alue deriv ed from games.

The sev en th c hapter returns to the problem statemen t and researc h questions.

The answ ers to the researc h questions are all giv en ab o v e. They pro vide the follo w-

ing, four-part answ er to the problem statemen t:

� reliabilit y of online adaptiv e game AI is guaran teed if it meets the four com-

putational and four functional requiremen ts;

� o�ine mac hine-learning tec hniques can b e used during the `qualit y assurance'

phase of game dev elopmen t to increase the e�ectiv eness of game AI b y (i)

detecting exploits, (ii) suggesting new tactics, and (iii) increasing the reliabilit y

of online adaptiv e game AI b y impro ving the qualit y of the domain kno wledge

used;

� after a game's release, online mac hine-learning tec hniques can (i) impro v e the

e�ectiv eness of game AI, and (ii) scale the di�cult y lev el of game AI to matc h

the pla ying strength of the h uman pla y er; and

� game dev elop ers and publishers will consider using online adaptiv e game AI

when they are con vinced that it is reliable.

The consensus amongst game dev elop ers and publishers seems to b e that adap-

tiv e game AI is something to b e a v oided. Still, adaptiv e game AI is an essen tial

elemen t for truly b eliev able c haracters in computer games. This thesis sho ws that

adaptiv e game AI can b e successful, and b e reliable, b oth in o�ine and online im-

plemen tations. The question is therefore not if, but when adaptiv e game AI will

b ecome a standard elemen t of games.





Samen v atting

Het gedrag v an agen ten in commerciële computer games

1

w ordt b epaald do or zo-

geheten game AI . Als game AI w ordt uitgebreid met een adaptief mec hanisme, k an

ze leren v an de eigen fouten (zelf-correctie), en het gedrag v an de agen ten aan-

passen aan ongew one situaties (creativiteit). Een dergelijk e game AI w ordt adaptive

game AI geno emd. Dit pro efsc hrift fo cust op het on t w erp en de implemen tatie v an

machine-le arning tec hniek en die successv olle adaptiv e game AI mogelijk mak en.

Het eerste ho ofdstuk geeft een motiv atie v o or het onderzo ek, en form uleert een

probleemstelling en vier onderzo eksv r a g e n. Het onderzo ek w ordt sterk gemotiv eerd

do or een gebrek aan ra�nemen t bij de game AI v an mo derne games. T erwijl de au-

dio visuele kw aliteiten v an games de laatste jaren met sprongen v o oruit zijn gegaa n,

hebb en professionele game-on t wikk ela a r s de game AI grotendeels genegeerd. Game-

on t wikk elaar s trac h ten bij sp elers de b eleving op te ro ep en dat de w ereld v o org e s teld

in een game w erk elijkheid is (dit w ordt aangeduid met de term `immersie'). Deze

b eleving w ordt meestal teniet gedaan do or het inferieure gedrag v an de computer-

gestuurde agen ten. A daptiv e game AI heeft de mogelijkheid de tijdsduur te v erlen-

gen dat een game uitdagend blijft v o or een menselijk e sp eler. Daarnaas t k an ze de

mo eilijkheidsgraa d v an een game automatisc h aanpassen aan de sp eelsterkte v an

de menselijk e sp eler. Implemen tatie v an deze eigensc happ en k an erv o or zorgen dat

adaptiv e game AI het gev o el v an immersie bij de menselijk e sp eler v ersterkt. T ot

v o or k ort w as academisc h onderzo ek naar adaptiv e game AI b ep erkt tot de game AI

v o or een v oudige games.

De probleemstelling, direct afgeleid uit de b o v engesc hetste motiv atie, luidt: In

ho everr e is het mo gelijk om machine-le arning te chnieken te gebruiken om de kwaliteit

van c omplexe game AI te verho gen? Om deze vraag te b ean t w o orden, zijn vier on-

derzo eksvr a g e n geform uleerd: (i) In ho ev erre is het mogelijk om o�ine mac hine-

learning tec hniek en te gebruik en om de e�ectiviteit v an game AI te v ergro ten? (ii)

In ho ev erre is het mogelijk om online mac hine-learning tec hniek en te gebruik en om

de e�ectiviteit v an game AI te v ergro ten? (iii) In ho ev erre kunnen mac hine-learning

tec hniek en gebruikt w orden om de mo eilijkheidsgraa d v an game AI te sc halen naar

de sp eelsterkte v an de menselijk e sp eler? en (iv) Ho e k an adaptiv e game AI w orden

geïn tegreer d in het pro ces v an game-on t wikk eling v an mo derne games?

1

De Nederlandse v ertaling v an `computer games' is `computersp elen', maar in het dagelijks

gebruik geniet de Engelse b enaming de v o ork eu r . Daarnaast w orden commerciële computer games

meestal aangeduid met de v erk or t e term `games'. Dit gebruik is in het pro efsc hrift o v erge n o men.
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Het t w eede ho ofdstuk geeft enige ac h tergro ndinfor ma tie bij het onderzo ek. Het

ho ofdstuk b egin t met een b espreking v an de mac hine-learning tec hniek en die in het

pro efsc hrift gebruikt w orden: ev olutionaire algoritmen, neurale net w erk en, ev olutio-

naire neurale net w erk en, ev olutionaire b esturing, en reïnforcemen t leren. Daarna

v olgt een b espreking v an mo derne games en h un game AI. T enslotte b espreekt het

ho ofdstuk de to epassing v an mac hine-learning tec hniek en op game AI, en geeft het

een o v erzic h t v an aanpalend onderzo ek op dit gebied. De drie manieren w aaro p

mac hine learning k an w orden to egepast op game AI zijn: (i) o�ine le arning , (ii)

sup ervise d le arning (die niet w ordt b ehandeld in dit pro efsc hrift), en (iii) online

le arning . O�line adaptiv e game AI is game AI die zic h aanpast do or tegen zic hzelf

te sp elen. Gew o onlijk geb eurt dit tijdens de testfase v an een game. Online adaptiv e

game AI is game AI die zic h aanpast tijdens het sp elen v an een game do or een mens.

Om praktisc h to epasbaar te zijn, mo et online adaptiv e game AI v oldo en aan vier

computationele eisen, en aan vier functionele eisen. De vier computationele eisen zijn:

(i) snelheid, (ii) e�ectiviteit, (iii) robuustheid, en (iv) e�ciën tie. De vier functionele

eisen zijn: (i) helderheid, (ii) v ariëteit, (iii) consisten tie, en (iv) sc haalbaar heid.

Het derde ho ofdstuk b espreekt ho e succesv olle agen t-b esturing geëv olueerd k an

w orden in een sp el-ac h tige omgeving. W anneer agen tb esturing geëv olueerd w ordt,

zo ekt een ev olutionair algoritme o v er het algemeen in de zo ekruim te een oplossing

in de buurt v an oplossingen v o or een een v oudige probleem-instan tie. Het gev olg is

dat de uiteindelijk e oplossing v aak go ed w erkt op een v oudige instan ties, maar slec h t

op mo eilijk e instan ties. Dit heet `het probleem v an de mo eilijk e instan ties'. Om dit

probleem op te lossen, in tro duceert het ho ofdstuk een nieu w ev olutionair algoritme

dat het Doping-driven Evolutionary Contr ol A lgorithm (DECA) w ordt geno emd.

DECA v o orziet een initiële p opulatie v an mogelijk e oplossingen v an een zeer go ede

oplossing v o or een mo eilijk e instan tie. Met b eh ulp v an t w ee exp erimen ten met ieder

een v ersc hillende taak (namelijk het v erplaatsen v an een do os do or een rob ot, en het

v ergar e n v an v o edsel do or een agen t) to on t het ho ofdstuk aan dat DECA agen tb estu-

ringen ev olueert die signi�can t e�ectiev er zijn dan agen tb esturingen die geëv olueerd

zijn met reguliere ev olutionaire algoritmen.

Het vierde ho ofdstuk handelt o v er ev olutionaire game AI. Dit is game AI die

zic h aanpast middels ev olutionaire algor itmen. Het eerste deel v an het ho ofdstuk

b espreekt o�ine ev olutionaire game AI. Met b eh ulp v an een exp erimen t w aarbij

een neuraal net w erk w ordt geëv olueerd v o or de aansturing v an een ruim tesc hip in

een strategisc h sp el, w ordt aangeto o nd dat o�ine ev olutionaire game AI succesv ol

k an zijn in het on tdekk en v an exploiteerbare zw akheden, en v an nieu w e tactiek en.

Niettemin w ordt geconcludeerd dat neurale net w erk en niet bijster gesc hikt zijn v o or

het leren v an game AI. Het t w eede deel b espreekt online ev olutionaire game AI.

Met b eh ulp v an een exp erimen t, w aarbij gro epsg e dr a g w ordt geëv olueerd v o or het

vlagv ero v e r e n in het actie-sp el Quake I I I Arena , w ordt aangeto o nd dat online ev o-

lutionaire game AI gebruikt k an w orden v o or het genereren v an succesv olle tactiek en.

Er w ordt ec h ter geconcludeerd dat online ev olutionaire game AI slec h ts redelijk ef-

�ciën t is indien de zo ekruim te klein is.

Het vijfde ho ofdstuk b espreekt een nieu w e tec hniek v o or online adaptiv e game

AI, dynamic scripting genaamd. Dynamic scripting onderhoudt domeink ennis o v er
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een game in de v orm v an regels in een adaptiev e k ennisbank. Elk e regel is v o orzien

v an een gewic h t, dat de k ans aangeeft dat de geasso c ie e r de regel gebruikt w ordt in

een game-AI script. De gewic h ten passen zic h automatisc h aan naar aanleiding v an

het geobserv e e r de succes of falen v an de game AI tijdens het sp elen. Het ho ofdstuk

to on t aan dat dynamic scripting v oldo et aan alle vier de computationele eisen, en

aan t w ee v an de vier functionele eisen (namelijk helderheid en v ariëteit). Daarna

w ordt in het ho ofdstuk onderzo ek gedaan naar maatregelen ten b eho ev e v an de

b ev ordering v an consisten tie, en v an de sc haalbaa r heid. Met p enalty b alancing als

consisten tie-b ev order e nde maatregel, en top cul ling als sc haalbaa r heids - ma a tr e g e l,

v oldo et dynamic scripting aan alle vier de computationele, en alle vier de functionele

eisen. Er w ordt daarom geconcludeerd dat dynamic scripting in de praktijk k an

w orden to egepast. Deze conclusie w ordt gestaafd do or de succesv olle implemen tatie

v an dynamic scripting in het mo derne c omputer r oleplay i ng game Never winter

Nights .

Het zesde ho ofdstuk b espreekt ho e adaptiv e game AI k an w orden geïn tegreer d

in de praktijk v an game-on t wikk eling . Het ho ofdstuk laat zien dat on t wikk elaar s en

uitgev ers v an games niet zullen aarzelen om o�ine adaptiv e game AI to e te passen

w anneer ze denk en daarmee winst te kunnen b ehalen. Op dit momen t staan ze ec h ter

w an trou w end tegeno v er online adaptiv e game AI. Ze zullen o v ertuigd mo eten w orden

v an de b etrou wbaarheid v an online adaptiv e game AI, v o orda t ze zullen o v erw egen

het to e te passen in h un games. De b etrou wbaarheid v an online adaptiv e game AI

k an w orden v ergro o t do or o�ine adaptiv e game AI in te zetten v o or het on tdekk en

v an nieu w e domeink ennis. Een drie-stapp en pro cedure die dit b ew erkstelligt, w ordt

geïllustreerd aan de hand v an een exp erimen t met adaptiv e game AI in het r e al-

time str ate gy game W ar gus . Het exp erimen t to on t aan dat een dynamic-scripting

k ennisbank v o or W ar gus v erb eterd k an w orden do or o�ine ev olutionaire game AI

te gebruik en v o or de w eerlegging v an `sup er-tactiek en', die slec h ts met v eel mo eite

v erslag e n kunnen w orden. Het ho ofdstuk sluit af met een discussie o v er generalisa tie-

mogelijkheden, en het gev en v an een argumen t w aarom adaptiv e game AI p ositief

k an bijdragen aan de en tertainmen t-w aarde die mensen erv aren bij het sp elen v an

een game.

Het zev ende ho ofdstuk k eert terug naar de probleemstelling en onderzo eksv r a g e n.

De an t w o orden op de onderzo eksv r a g e n zijn hierb o v en gegev en. Zij leiden direct tot

het v olgende an t w o ord op de probleemstelling, dat b estaat uit vier delen:

� De b etrou wbaarheid v an online adaptiv e game AI is gegar a ndeer d als de game

AI v oldo et aan de vier computationele eisen en aan de vier functionele eisen.

� O�ine mac hine-learning tec hniek en kunnen w orden gebruikt tijdens de test-

fase v an een game, om de e�ectiviteit v an de game AI te v ergro ten do or (i)

zw akheden blo ot te leggen, (ii) nieu w e tactiek en te suggerer e n, en (iii) de b e-

trou wbaarheid v an online adaptiv e game AI te v ergro ten do or de kw aliteit v an

de domeink ennis te v erb eteren.

� Nadat een game op de markt is gek omen, kunnen online mac hine-learning

tec hniek en gebruikt w orden om (i) de e�ectiviteit v an game AI te v ergro ten,
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en (ii) de mo eilijkheidsgraa d v an de game AI te sc halen naar de sp eelsterkte

v an de menselijk e sp eler.

� Game-on t wikk elaa r s en uitgev ers zullen het gebruik v an online adaptiv e game

AI in o v erw eging willen nemen als ze o v ertuigd zijn v an de b etrou wbaarheid

erv an.

Onder game-on t wikk ela a r s en uitgev ers lijkt de consensus te zijn dat adaptiv e

game AI v ermeden dien t te w orden. T o c h is adaptiv e game AI een essen tieel elemen t

v o or de creatie v an w erk elijk gelo ofw aa r dig e p ersonag e s in een game. Dit pro efsc hrift

to on t aan dat adaptiv e game AI succesv ol en b etrou wbaar k an zijn, in zo w el o�ine

als online implemen taties. De vraag is daarom niet zozeer of, maar w anneer adaptiv e

game AI een standaard elemen t in games zal zijn.
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