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Abstract— First-person shooter robot controllers (bots) are
generally rule-based expert systemswritten in C/C++. As such,
many of the rules are parameterized with values, which are
set by the software designer and �nalized at compile time. The
effectivenessof parameter values is dependenton the knowledge
the programmer has about the game.Furthermor e, parameters
are non-linearly dependenton eachother. This paper presentsan
ef�cient method for using a genetic algorithm to evolve a set of
parameters for bots which play as well as parameters tuned by
a human with expert knowledgeabout the game's strategy. This
indicates geneticalgorithms as being a potentially useful method
for tuning bots.

I . INTRODUCTION

Commercialgamedevelopersare facedwith the challenge
of creating realistic, human-like arti�cial intelligence robot
controllers(gameAI) within tight hardwareconstraints[9]. In
termsof �rst-person shooters,rule-basedexpert systemrobot
controllers which play the game are called ”bots.” Due to
computationalconstraints,most bots are written in C/C++,
taking the form of state-basedmachines[15].

In order to save both computationand the programmer's
time, the game AI uses many hard-codedparametersto
completethe bot's logic. Authorsof botsspendan enormous
amountof time settingparameters.Parameterscanbe thought
of as valueswhich act as thresholdsin the bot's rule-based
logic. Figure1 shows anexampleof suchparametersin terms
of CounterStrike gameplay. CounterStrike is a popular�rst-
personshootergame[3].

By addingmoreparameterizedrules,thebotsbecomemore
realistic.Consequently, the developmenttime increasessince
the programmerhasmoreparametersto tuneusing trial-and-
error. The tuning of theseparametersbecomesincreasingly
complicatedevenif theprogrammeris anexpert in thegame's
strategy.

While thereexists work in applying geneticalgorithmsto
boardgamessuch as checkers and gametheoreticproblems
like the iterated prisoner's dilemma, little work has been
done within the scienti�c community in applying a genetic
algorithm to a popular, 3-D, �rst-person shootergame like
CounterStrike [6], [2].

We proposea techniquewhich appliesa geneticalgorithm
to the task of tuning theseparameters,suchas the bold face
onesin Figure1. This will help gamedeveloperswrite game
AI that is ef�cient, realistic,andeasyto develop.

if( enemy.distance� 5 )
f

ATTACK-WITH-KNIFE()
g
elseif( enemy.distance� 5 AND enemy.distance� 30 )
f

ATTACK-WITH-SUBMACHINE-GUN()
g
else
f

ATTACK-WITH-RIFLE()
g

Fig. 1. An exampleof parameterizedrule-basedAI. The parameterswe are
concernedwith appearin bold face.

The processof �nding an acceptableset of parametersis
referredto as tweakingthe bot. In CounterStrike, this would
be the time spenttuning the bot's weaponpreference,initial
aggressivity, pathpreference,andstyle of gameplay. Weapon
preferencesare set as relative probabilities of selection.If
a bot selectedthe same weapon round after round, then
opponentswould easilyexploit thebot sinceno singleweapon
is perfect for every situation. Therefore,programmersgive
eachweapona probability of being selected.This leads to
a biasedrandomnessin the bot's weaponselectionbehavior.
Table I shows an example of the relative probabilities for
weaponselection.

Choosing a correct set of parametersis not always a
straightforward processandrequiresa greatdealof trial-and-
error testing.An acceptableparametersetcanbethoughtof as
thecodeto a safe,andin thecaseof CounterStrike bots,there
are many combinationswhich will unlock the safe.In terms
of searchspace,thereare a numberof acceptableparameter
optima that will lead to good gameplay. Determining the
correct set of parametersis a tedious and time-consuming
one,sincea slight changeto oneparameterwill often have a
negative impacton otherparameters,i.e. they arenon-linearly
dependent.This is our motivation for applying a genetic
algorithm to �nd a good set of theserule-basedparameters.
We ask,”Is it possibleto usea geneticalgorithmto tune the



TABLE I

BOT WEAPON PREFERENCES

Weapon SelectionProbability

Steyr Scout 10
Bennelli XM1014 5
IngramMac-10 15
Steyr Aug 30
H&K UMP 45 10
Sig SG-550Sniper 5
AI Arctic WarfareMagnum 25
H&K MP5-Navy 30
FN M249 Para 5
Bennelli M3 Super-90 15
Colt M4A1 Carbine 20
Steyr TacticalMachinePistol 10
H&K G3/SG-1 5
Sig SG-552Commando 30
AK-47 20
FN P90 5

parametersaswell asa humancan?”
Recently, the scienti�c communityhastaken an interestin

using commercial3-D enginessuch as Quake, Unreal, and
Half-Life asa testbedfor advancedAI research[9], [1], [11],
[12]. We also believe Counter Strike, a game which runs
inside the Half-Life engine,to a be a good testbedfor AI
research.John Laird usesthe Soar AI Engine,a rule-based
expert system, to design bots that play Quake II, another
popular�rst-personshooter. Laird's Soarengineis re-useable
from gameto gamewithin a speci�c genre,requiring only
changesto the enginecalls and not to the AI logic inside of
theSoarEngine[15]. RogelioAdobattiet al. have developeda
framework insidetheUnrealTournamentenginewhich allows
them to study AI behavior within the virtual environment
providedby theengine[1]. Adobattiet al. have alsodeveloped
a non-violentgamein order to attractmore researchers,who
wouldotherwisebeturnedawayby theextremeviolencefound
in most �rst-person shooters.

Realizingthe fact that computergameAI is constrainedby
hardware limitations, Khoo et al. proposedinexpensive yet
effective methodsfor improving game AI [9]. Their work
included adding an Elisa-basedchat programto an existing
CounterStrike bot in orderto make thehumanplayersbelieve
they werenot playingagainstbotsbut ratherotherhumans[9].

Work by Fogel with Blondie24shows that coevolutionary
computationcan lead to a ranked AI checker player [6].
Axelrod's work with the iteratedprisoner's dilemmaproblem
has also shown that coevolution techniquescan lead to the
discovery of successfulgame strategies [2]. Since Counter
Strike is not a turn-basedgame like most board and card
games,it may not lend itself well to currently established
coevolution techniques.Sincecoevolution maynot be directly
applicable,we aresimply applyinga geneticalgorithmto the
tuning of parametersto ascertainhow effective evolutionary
computationtechniquesare at �rst-person shootergames.If
thegeneticalgorithmcanmakeprogress,thenwewill continue
with our plansto coevolve CounterStrike bots.Our eventual

goal is to investigateevolutionary computingtechniquesfor
knowledgeacquisition,humanmodelling,andteamplaybased
on this platform. We chose Counter Strike becauseit is
extremelypopular. Last month,playersspentover 1.5 billion
minutesplaying CounterStrike online [14]. Gamersconnect
from acrossthe globe.This popularity will make it easierto
collect more data for humanmodelling from humanplayers
as they connectto our server.

A. GeneticAlgorithms

Genetic algorithms (GAs) are stochastic,parallel search
algorithmsbasedon the mechanicsof natural selectionand
evolution [8], [7]. GAs were designedto ef�ciently search
large, non-linear, poorly-understoodsearchspaceswhereex-
pert knowledge is scarceor dif�cult to encodeand where
traditional optimization techniquesfail. Robust and �e xi-
ble, GAs exhibit the adaptivenessof biological systems.As
such,GAs appearwell-suitedfor searchingthe large, poorly-
understoodspacesthat arise in tuning problems,speci�cally,
tuning parameterizedrule-basedbots for CounterStrike.

B. CounterStrike

Counter Strike is a popular �rst-person shootergame in
which counterterroriststry to neutralizeterrorists.The game
hasa strongemphasison tactics,decision-making,and team-
play, andwe believe it servesasa goodtestbedfor our work.
Figure2 shows an in-gamescreenshot.

Fig. 2. In-gamescreenshotof CounterStrike

Thereareanumberof varianttypesof gameplayfor Counter
Strike, but we focused on one subsetof gameplayinside
CounterStrikecalledthedefusemission. In thedefusemission,
counterterroristsaretaskedwith preventingtheterroristsfrom
planting a bomb at one of two locationson the map.A map
canbe thoughtof asan environmentin which the gametakes
place.Figure 3 shows an overheadview of a typical Counter
Strike map. The counter terrorists may win by defusing a
planted bomb. The terrorists may win by planting a bomb
andprotectingit from defusaluntil its detonation.Either side
may win by eliminating all membersof the oppositeteam,
sinceeitherside'sgoalcouldbetrivially accomplishedwithout
interferencefrom the other team.

To constrain things further, each round of gameplay is
limited to � veminuteswith a six-secondplanningphasecalled



Fig. 3. This is an overheadview of the CounterStrike map ºde-dust2.º The locationswherethe bomb may be plantedby the terroristsare denotedby a
large X. Counterterroristbegin at the locationmarked CT Start. Terroristsbegin eachroundat the locationmarked T Start.

freezetime. During freezetime, eachside may purchasenew
weaponsand equipment.Each item has an associatedcost.
Table II shows the cost of eachprimary weapon.A primary
weapon,as the name suggests,is the player's weapon of
choice.Secondaryweapons,pistols,canalsobe purchasedin
casethe primary weaponfails.

TABLE II

PRIMARY WEAPON COSTS IN COUNTER STRIKE[3]

Name Cost Notes

BenneliM3 Super90 $1,700 Shotgun
BenneliXM1014 $3,000 AutomaticShotgun
HechlerandKoch MP5-Navy $1,500 Sub-MachineGun
Steyr Tactical $1,250 Machine-Pistol
FN P90 $2,350 Sub-MachineGun
IngramMAC-10 $1,400 Sub-MachineGun
HechlerandKoch UMP $1,700 Sub-MachineGun
AK-47 $2,500 AssaultRi�e
Colt M4A1 Carbine $3,100 AssaultRi�e
Steyr AUG $3,500 AssaultRi�e
Sig SG-552Commando $3,500 AssaultRi�e
Steyr Scout $2,750 SniperRi�e
AI Arctic Warfare/Magnum $4,750 SniperRi�e
HechlerandKoch G3/SG-1 $5,000 SniperRi�e
Sig SG-550Sniper $4,200 SniperRi�e
FN M249 Para $5,750 Full-sizedMachineGun

The money to purchasetheseitems is earnedby the result
of the previous round. There are penaltiesand rewards for
certain actionsduring the round as shown in Table III. The
Payoff/Fine table will serve as a useful gradientfor our GA
in determining�tness.

During this planning time, teammatescommunicatewith

TABLE III

PAYOFF/FINE TABLE FROM COUNTER STRIKE[3]

Action Payoff / Fine

Kill Opponent $300for individual
Kill TeamMate -$3,300for individual
TerroristsWin by BombingTarget $2,750for teammembers
Win by Elimination (DefuseMission) $2,500for teammembers
CounterTerroristsDefuseBomb $2,750for teammembers
Losing a Round $1,400for teammembers
Losing over 2 Consecutive Rounds $1,400+ $500per roundover 2

(maximum$2,900)for team
members

one anotherto determinewhich path they want to take to
neutralizethe oppositeteam. Planning is a key elementof
gameplayas each player should purchasea weaponwhich
is effective for the chosenpath. For example, if a player
hasdecidedto take a path which follows a narrow seriesof
hallways and air vents,it is desirableto usea close-quarters
automaticweaponsuchasthe MP5-Navy. On the otherhand,
if theplayerdecidesto headtowardsa large,openplaza,then
perhapsa long-range,bolt-actionsniperri�e suchastheSteyr
Scoutwould be more desirable.The individual tacticsof the
playeris paramountto theweaponselection.Long-range,bolt-
action ri�es can only be effective when �red from a �x ed
positionwheretheplayeris not moving andhasa clearline of
sighttowardstheenemy. An aggressivityparameterdetermines
thebot's styleof play. A lessaggressive playertendsto locate
easily-defendedpositions and wait for the enemy to enter



their kill-zone, whereasan aggressive player relies on the
effectivenessof a fast-attackto try and catchthe enemyoff-
guard. A bot should have an aggressivity parameterthat is
appropriatefor its weaponselection.Guardinga large open
plazafrom long distanceis nearlyimpossiblewith a shotgun.
Likewise, charging into a room with a sniperri�e that needs
signi�cant time to aim properly is not a prudent tactic. By
the time the bot canaim the weapon,its opponentswill have
alreadyeliminatedit from the round.

The remainderof this paperwill discussour architecture,
methodology, results,and, �nally , our conclusionsand future
work. For convenience,we shall now refer to botswhich use
geneticalgorithmchosenparametersasGAABs which stands
for GeneticAlgorithm AssistedBot.

I I . ARCHITECTURE

Working with a commercial3-D engineis not an easytask,
and CounterStrike is a gamewhich runs inside Half-Life, a
popular commercial3-D engine.The Half-Life engineonly
makes a Software DeveloperKit (SDK) available for public
use. The SDK allows for enginecalls to be made,such as
requestingthe numberof kills a certain player has,but the
SDK doesnot allow one to view or modify the actualcode
inside the engine.Half-Life, like many other commercial3-
D engines,is frame-driven. This meansif a task takes up
too much processingtime, the frame-ratewill drop, clients
will lose their connections,and the enginewill becomenon-
responsive.

The Half-Life engineitself handlesphysics,rendering3-D
geometry, drawing textures,playing soundeffects,and man-
agingclient connections.CounterStrike hasits own Dynamic
Link Library (DLL) to manageCounterStrike speci�c tasks,
which includesweaponpro�les (rateof �re andreloadtime),
userinterface,andgameplaycode(win/lossconditions).Since
Counter Strike does not have any of its own AI code, it
becamenecessaryto employ the use of yet another DLL
which containedour bot code.Figure 4 shows how theDLLs
and the engine interact. All componentsenclosedinside of
the Half-Life DedicatedServer communicateby meansof
function calls. As mentionedpreviously, we wantedto keep
the framerate insideof Half-Life up, so we developeda GA
Serverwhichmanagesall GA-relatedoperationsoutsideof the
Half-Life engine.The GA Server communicatesdirectly with
the Bot DLL via TCP/IP. The bots receive new parameters
from the GA Server each round. At the end of the round,
they report their score, which becomesthe �tness for that
individual (parameterset).TheGA Server is written in Java,so
it is platform independent.Sincethe Half-Life engineis real-
time dependentfor its physicscalculations,it is infeasibleto
speedup the enginearti�cially , while maintaininga reliable
simulation.Realizingthis, we areworking towardsupgrading
the GA Server so it canmanagemultiple Half-Life Dedicated
Servers, all of which are running simulationsof our bots in
parallel. This will signi�cantly reduceour simulation time.
Currently, it takesover two hoursto run 50 generationswith
a populationsizeof 30.

Ideally, commercial3-D enginescouldbemoremodular. At
the moment,the physics,the graphics,andmultiplayer logic,
run interdependently. For thepurposeof tuningbots,it is only
necessaryfor us to have information about the physicsand
geometryof theworld–renderinggraphicsfor abot is wasteful.

I I I . METHODOLOGY

In orderto have a geneticalgorithmtunethe parameterized
rule-basedAI, we had to: (1) selectparametersto tune, (2)
allow the GA to evolve parametersvalues,and (3) pit the
GAABs againstbots which were tuned by us. As we have
many yearsof CounterStrike playing experienceas well as
a solid understandingof the elementsof which a goodbot is
comprised,the botswe tunedarechallengingto mostveteran
CounterStrike players.

Although many commercialbots cheat to play well, our
bots, however, do not cheat.CheatinggameAI destroys the
gameexperience[10]. For example,imaginea humanplayer
is hiding behind a car, cheatinggameAI would be able to
detectthis playerjust aseasilyasif they werestandingin the
middleof thestreet.Ourbots,however, usesensorinformation
gatheredfrom their environmentmuchlikehumanplayers.For
example,if they detectanotherplayer it is only becausethe
bot hasa line of sight to theplayer, or it hasheardtheplayer's
footsteps.

Therestof this sectionwill describetheselectionof param-
eters,encoding,the evaluationfunction, the GA's parameters,
andCounterStrike gamesettings.

A. ParameterSelection

First, we identi�ed the parametersto optimize. The two
setsof parameterswe focusedon were: (1) weaponselection
parametersand (2) aggressivityparameters(which ultimately
affectspathpreference).The weaponselectionandaggressiv-
ity of the bot are closely-relatedin playing CounterStrike.
Previously, we describeda bot which useda sniper ri�e to
play more defensively, waiting for the enemy to come to
it. Also, a bot that usessmall automaticweaponsshouldbe
highly aggressive to be effective againstits enemiesbecause
its weaponshave limited range.There exists no one correct
strategy to CounterStrike, but it is generallyacceptedthat
following thesestylesof play will leadto a betterscore.Since
weaponselectionand aggressivity are somewhat dependent
setsof parameters,we chooseto allow the GA to optimize
thesebot parametersetsin the hopethat the GA will �nd a
player who �ts either one of thesepredominantstyles. It is
also quite possiblethat the GA will arrive at an strategy that
is not easilyunderstoodyet effective.

B. Encoding

The encoding was straightforward. Each parameterwas
encodedinto a binary string consistingof 178 bits. Figure 5
shows the chromosome's layout.



Fig. 4. The Half-Life engine's architecturerelieson communicationbetweenDLLs to operatethe game.This ®gure shows how the variousDLLs interact
with eachother insideof the Half-Life DedicatedServer (HLDS) andhow our GA Server communicateswith the HLDS.

Fig. 5. Basic layout a of chromosome.Eachparameterwas representedin
binary.

C. EvaluationFunction

The evaluationfunction wasan approximationof the stan-
dard CounterStrike Payoff/Fine table found in Table III and
provided a straightforward methodfor measuring�tness. For
example, if a bot is tuned with parametersthat would lead
to excessive friendly �re (such as high aggressivity and a
strong weapon preferencefor automatic shotguns),then it
would receive a low �tness per the Payoff/Fine table since
teamkilling is severely punished.

D. GA Parameters

TheGA usedtheparametersin TableIV duringthetraining
phasefor the bots. Since we consideredour searchspace
rather large, we wantedthe GA to move quickly away from
poor parameterselections.We choseCHC as our selection
method [5]. During crossover, CHC doublesthe population
to 2n. Then, the best n individuals are chosen from the
parentsandoffspring.CHC's elitist selectionallowed thebest
individuals to remainin the populationafter crossover. Since
our crossover probability was so high, elitism was necessary

to prevent the high �tness individuals from being destroyed
during crossover.

TABLE IV

GA PARAMETERS

Parameter Setting

Generations 50
Individuals 30
Crossover Points 2
Probabilityof Crossover 0.95
Probabilityof Mutation 0.1
SelectionMethod CHC-GA
ChromosomeLength 178

E. GameSettings

CounterStrike hassettingswhich determinethe gameplay
constraintsand style. We changedthe round time from its
default 5:00 minutesper roundto 3:00 minutes.This reduced
the evaluation time per generationby a minimum of 2:00
minutes,which was a signi�cant gain. The teamswere even,
15 counter terrorists versus 15 terrorists. Each team was
randomly composedof both GAABs and bots tuned by us.
Themapchosenfor thematchwas”de-dust2,” a well-rounded
map, which offers a good mix of both indoor and outdoor
combat as well as long-rangeand short-rangecombat.An
overheadview of ”de-dust2” can be seenin Figure 3. It is
alsopopularamongCounterStrike players.

IV. RESULTS

The resultsof the GA can be seenin Figure 6. The GA
madesteadyprogressduring the 50 generations.



Fig. 6. The resultsof the GA selectingthe optimal parametersfor the bots
averagedover 15 runsof the GA

The best individual's phenotypefrom generation50 was
saved to �le. Then, this phenotypewas sharedamong 15
GAABs. These15 GAABs then played over 100 roundsof
CounterStrike againstbots whoseparameterswe tuned.The
averagetime per round was 2 minutesand 4 seconds.The
resultsof thematchcanbefoundin TableV. The�rst column
shows thenamesof the two teams.Thesecondcolumnshows
the averageskill for eachteam.The third column shows the
standarddeviation of eachteam's averageskill. Finally, the
fourth columnshows the medianskill on eachteam.

TABLE V

MATCH RESULTS BETWEEN BOTS

Team AverageSkill StandardDeviation Median

GAABs 1005 55.2 987
Bots tunedby us 999 40.3 991

The statistics found in Table V are based on standard
tournamentranking of CounterStrike players[13]. The skill
of a bot is a calculatedby the following formula:

N ewSkil l = Skil l +
K

1 + 10(k � v)=1000

Skill is calculatedusing the ELO Method, a standardchess
player rating systemcreatedby Arpad Elo [4]. The system
takesinto considerationtwo importantfactorswhenrewarding
skill pointsto a player:(1) thedif�culty of thekill and(2) the
experienceof thecurrentplayer[13]. Eachplayerbeginswith
skill 1000 by default. When someoneis killed, the resulting

skill of eachplayeris calculatedby the formula above, where
K representstheexperienceof theplayerandk andv represent
the skills of the killer and victim respectively. K is a simple
coef�cient which begins at 20 and after the player has 100
kills or more,K is reducedto 15 [13].

Whenobservingthebotsin game,theGAABs andthebots
tuned by us play at �rst glancethe same.This is expected
sincethey sharethesamerule-basedlogic. We noticedthatthe
GAABs would generallybegin with no particularpreference
for a single weaponor even single type of weapon(shotgun,
sub-machinegun, sniper ri�e, or assaultri�e). By the last
few generations,they would converge strongly on at least
one weaponfrom eachof the various types. In somecases,
however, whentheGAABs only convergedonasingleweapon
preference,they choseone inexpensive weaponand set for
high aggressivity. This is an unexpected strategy but not
unheardof. The GAABs could manageto in�ict enough
damagebefore dying to earn just barely enoughmoney to
purchaseanotherinexpensive sub-machinegun for next round
to do it over again.

Our resultsindicatethat GAABs play statisticallythe same
asbotstunedby us.This shows thata geneticalgorithmtunes
a bot's parametersas well as a human could. With game
engineor compilersupport,this methodwould be far superior
to tuning the bots manually. Programmerswould only need
to de�ne a rangeof valuesfor eachparameter. The rest of
the work would be performedby the GA. Dependingon the
constraintsthe GA evaluationfunction exertson the bots,the
AI couldbe universallyshapedto favor a certainplay styleor
tactic. A good mix of different typesof bots makes a game
more interesting.Differentstylesof botscould be createdby
simply changingthe evaluationfunction.

V. CONCLUSIONS AND FUTURE WORK

This paperpresenteda methodfor tuningtheparameterized
rulesof rule-based,expertsystemrobotcontrollers(bots)using
a geneticalgorithm.Our resultsshow that using this method
resultsin botsthatplay aswell asbotstunedby a humanwith
expert knowledgeaboutthe game.We believe this methodis
generalizablenot only to other �rst-person shooterbots but
to othergames.This methodsigni�cantly reducesthe time to
developsuchsystems,moreover, thismethod,with compileror
gameenginesupport,couldbecompletelyautomated,allowing
theprogrammerto focuson othertasks.Also, theprogrammer
is not required to be an expert in the game's strategy. We
believe this method could lead to more sophisticatedbots
sincemore rules can be addedto the bot's logic without the
consequenceof tuning a growing numberof parametersusing
trial-and-error.

This work, like Khoo andZubek's work in employing com-
putationallyinexpensive methodsto improve AI in computer
games,is usefulin thatall of theextra computationperformed
to determinethe correctparametersis doneduring a training
phasewhich happensbefore human players ever meet the
botsin game[9]. This savesdeveloperandtestingtime while
yielding similar bots.



For future work, we would like to move toward having
peopleevaluatethe botsas they play themto determinetheir
�tness. Play-testingis nothing new for gamedevelopment.It
wouldbeinterestingto seetheresultsof play-testersevaluating
how human-like a bot is andthenusingtheir evaluationasthe
individual's �tness. This would hopefully move the botsfrom
beingmoreef�cient to playing more like humanplayers.

Finally, we will look at using a genetic algorithm to
determinethe ”optimal” con�guration for a team. Bots can
be codedwith a personalitywhich drives their behavior. A
Leader bot will give radio commandsand signals to other
bots insteadof trying to hunt down opponents.On the other
hand, a Psycho bot will simply try to score the most kills
in the round regardlessof how it affects the team and their
accomplishingof the goal.A geneticalgorithmcouldbe used
to determinethe optimal con�guration of personalities,given
sometime to train. This work representsa startin a promising
new areaof research.
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