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Abstract

Deliberationin highly-dynamicdomainssuch as
robotic soccerrequiresa rich representationlan-
guagethat can deal with continuouschange,un-
certainty, andmultiple agents,amongotherthings.
For this purposewe have developedthe language
ICPGOLOG, avariantof thelogic-basedactionlan-
guageGOLOG. We show how to specifyplansfor
socceragentssuchasplayingadoublepassin ICP-
GOLOG and report on experimentalresultsin the
ROBOCUP SIMULATION league.We have alsore-
centlyintegratedICPGOLOG asthehigh-levelcon-
trol languageinto our M ID-SIZE soccerteam.We
discussthe softwarearchitectureandsomeof the
differencesbetweenagentmodelingin the SIMU-
LATION andM ID-SIZE league.

1 Intr oduction
Highly dynamicreal-timedomainslike robotic soccerplace
stringent requirementson the decisionmaking processof
agents.An actionmustbe settlednearly immediatelyafter
new sensoryinformationis received. Thereis little time to
reasonaboutthenext actionto perform.Especiallyin soccer,
it is betterto do something,even if it is not optimal, thanto
stayaroundon the �eld thinking aboutwhat to do. On the
otherhand,for clever teamplay, thereis a needto, say, cal-
culatethe gameposition. Imagineyou want to attackover
theright-handsideof the�eld but theopponentdefenseis in
goodpositionwhile the left wing is opento advance. Esti-
matingthegamesituationlike this theagentholdingtheball
shouldplay a passbackto a freemid�elder that is in turn in
a positionto servea left forward.

It seemsthatonly takingthecurrentlyavailablegamedata
into account,thereis not enoughinformation available for
suchdecisions.We thereforethink that besidesreactivity a
gooddecisionmodulefor a socceragentneedsa deliberative
componentin oneform or another. By deliberationweunder-
standthepossibility to reasonaboutactionsandmake plans
aboutfuture actionsto perform. Moreover, it is not enough
to think only aboutone's own actions.Dueto soccerbeinga
teamplayit hasto takepossibleactionsof teammatesinto ac-
count.As in theexampleof thewing change,theball holding
agentshouldalsoreasonaboutwhatwouldbethebestaction

for the mid�elder receiving the backpassto be ableto esti-
matethat the mid�elder hasa goodchanceto completethe
wing change.

The logic-based programming language GOLOG
[Levesqueet al., 1997] is an approachto reasonabout
action effects combining explicit agent programming as
in imperative programming languageswith deliberation.
Basedon the situationcalculus[McCarthy, 1963] GOLOG
is able to reasonabout the world evolving from situation
to situation. Over the past years many extensionslike
dealing with concurrency, exogenousand sensingactions,
a continuouschangingworld and probabilistic projections
[G. Lakemeyer, 1999;deGiacomoundH.J.Levesque,1999;
Giacomoet al., 2000; Grosskreutzand Lakemeyer, 2000b;
Grosskreutz,2000; Grosskreutzand Lakemeyer, 2000a;
2001] madeGOLOG into anexpressiveagentprogramming
language. It was usedas high-level controller in robotic's
applicationsasa museumtour-guide[Burgardet al., 1998],
in computer animation [Funge, 1998], and for low-cost
robotslike the Lego Mindstorms[Levesqueand Pagnucco,
2000].

Combiningmany of the above mentionedfeaturesinto a
single language,we proposeICPGOLOG as an agentpro-
gramminglanguagesuitablefor highly-dynamicmultiagent
domainslikeroboticsoccer. Usingadoublepassasanexam-
ple,wedemonstratein thepaperhow multirobotcoordination
canbeachievedusingICPGOLOG. Wealsoreportonexperi-
mentalresultsobtainedin theSIMULATION league.However,
ourmaingoalis to usethelanguageto controlandcoordinate
the actionsof real robots. To this endwe have recentlyin-
tegratedICPGOLOG into our M ID-SIZE leaguerobots. We
discussthesoftwarearchitectureandsomeof thedifferences
in agentmodelingin simulatedversusphysicalrobots.At the
time of the workshopwe hopeto reporton our �rst experi-
encesusingICPGOLOG on realrobots.

Therestof thepaperis organizedasfollows. After brie�y
introducing relevant aspectsof agentcontrol languagesin
Section2, we presentour systemarchitecturein Section3 as
a hybridapproachcombiningboththereactiveandthedelib-
erativeparadigm.As thedeliberativepartof thisarchitecture,
ICPGOLOG is presentedin Section4. We presentexperi-
mentalresultsin Section5. Section6 givesa brief overview
of our M ID-SIZE softwarearchitecturewith ICPGOLOG as
thehigh-level controller. We furtherdiscusssomeof thedif-



ferencesbetweentheSIMULATION andM ID-SIZE leaguere-
gardinghigh-level control. In Section7, wegiveabrief sum-
maryandanoutlookon futurework.

2 RelatedWork
Below we give a shortsummaryof several architectureap-
proachesappliedin ROBOCUP. The classi�cation is based
on [Dorer, 1999b] and[Wooldridge,1999].

Reactivearchitecturesarebasedon an immediateassign-
mentbetweenperceptionandactionwithout an explicit de-
scriptionof how a goal canbe achieved [Maes,1990]. Ex-
amplesare the Subsumption-Architecture[Brooks, 1986],
the Situated-Agents[Agre and Chapman,1990], the Dual-
Dynamics approachby Jäger and Christaller [Jaeger and
Christaller, 1998], or UML-Statecharts[Arai and Stolzen-
burg, 2002]. BDI architectures are basedon the work of
Bratmanon practicalreasoning[Bratman,1987]. Following
Bratmanthe internal stateof an agentis determinedby its
knowledgeabouttheenvironment(beliefs),theactionfacili-
tiestheagentis ableto choosefrom (desires)andthecurrent
goals(intentions).Representativesfor this approacharePRS
by Georgeff and Lansky [Georgeff and Lansky, 1987] and
the recentDouble-PassArchitecturebasedon mentalmod-
els[Burkhard,2001]. Logic-basedarchitecturestry to obtain
a goal-directedplan (sequenceof actions)by usinga sym-
bolic descriptionanda theoremprover. Thismanipulationof
symbolicdatais alsocalleddeliberation.Oneof themostin-
�uencing approachesis McCarthy's SituationCalculus[Mc-
Carthy, 1963]. Becausedeliberationis a complex, time con-
sumingprocess,anoptimalplanisonlyobtainedfor thesitua-
tionwhereplanningstarted,butnotnecessarilyfor thecurrent
situation. Another systembasedon Plan DescriptionLan-
guagesis introducedin [Iocchietal., 2000]. Systemsfollow-
ing thehybrid approach try to combinetheadvantagesof re-
activeandgoal-directedaspectsof otherarchitectures.Layers
foundin mostof thesemodelsarea reactive layer, a deliber-
ative layeranda modelinglayer. Dueto usingseparatemod-
ulesacoherenceproblemarises,i.e. therehasto beamodule
makingthemwork togetherreasonably. ExamplesareTour-
ingmachines[Ferguson,1994] or InterRAP[Müller, 1996].
Ourown DR-Architecture[Dylla etal., 2002] belongsto this
class.Integratedarchitecturesaim notonly for thecombina-
tion but theintegrationof reactiveandgoaldirectedbehavior.
The SituatedAutomata[Kaelbling and Rosenschein,1990]
andEnhancedBehavior Networksproposedby Dorer[Dorer,
1999a] areexamplesof this approach.

3 The DR-Ar chitecture
While deliberationhasmany advantagesfor decisionmaking
of anagent,it hasthedisadvantageof beingslow comparedto
generatingactionsin areactivefashion.In [Dylla etal., 2002]
weproposedahybridarchitecturewhichallowsthecombina-
tion of deliberationwith reactivity. In thisSectionwegivean
overview of ourarchitecture.Thisarchitectureis notonly the
basisfor our SIMULATION teambut for the M ID-SIZE team
aswell.

Figure1 showstheDR-Architecture.Fromthesensoryin-
put we build our world model(graybox in Figure1). It con-
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Figure1: DR-Architecture

tainsdatalike thepositionsof teammates,opponents,or the
ball (BasicWorld Model), classi�cationdataaboutthecurrent
situation,e.g.goodpossiblepasspartners(SituationClassi�-
cation) andgroupresp.team-level information,e.g.thebasic
formationof theteam(Group-andTeam-level tactics).

Thedecisionmodulein theDR-Architectureisdividedinto
threemodules.To beableto settleanactionimmediatelythe
ReactiveComponentcomputesthenext actionto beexecuted
basedon thecurrentgamesituation.TheDeliberativeCom-
ponentcalculatesa plan projectinginto the future choosing
amongthepossibleactionsequences.Section4 coversthis in
detail.Having animmediateactionanda planconcurringfor
executingoneneedsto decidewhichof bothto use.A simple
strategy for theActionSelectionis to usetheplanwhenever
thereexists one or executethe action provided by the Re-
active Componentotherwise.More complex approachesare
currentlybeingtestedin [Riedel,2003].

Abilities are the basic actionsthe agentcan perform in
the world. In the SIMULATION leaguethe systemof UvA-
TRILEARN provides actionson three layersof granularity.
The �ne grained layer containsactions like kick or dash,
which are given by the SOCCERSERVER while the coarse
model provideshigh-level abilities like dribble or intercept
ball. For adetaileddescriptionwereferto [deBoerandKok,
2002]. We usetheUvA-TRILEARN systemasour basicsys-
tem.

4 From GOL OG to I CPGOL OG

GOLOG [Levesqueetal., 1997] is ahigh-levelprogramming
languagefor specifyingcomplex taskslike thosetypically
found in robotic scenarios. Similar to ordinary imperative
languages,GOLOG offersconstructslike sequence, if-then-
else, while, andrecursiveprocedures. In addition,a nonde-
terministicchoiceoperatorallows therobotto chooseat run-



time from the given alternatives. Another importantdiffer-
encecomparedto mostotherprogramminglanguagesis the
notionof a testcondition, which, in general,canbeanarbi-
trary �rst-order sentence.

We will not go into any technicaldetailsof thesemantics
of GOLOG except to note that it is basedon the situation
calculus[Reiter, 2001]. Froma user's point of view, thefol-
lowing needsto bespeci�ed: asetof so-called�uents, which
arepredicatesandfunctionsthat may changeover time like
the positionof a robot, a setof primitive actionslike mov-
ing to a certainlocation,preconditionsandeffectsof primi-
tive actions,anda (�rst-order) descriptionof the initial state
or situation. The usercan then write programswhich use
thegivenprimitive actionsandwheretestconditionsreferto
�uents. We will seeexampleprogramsbelow. Perhapsthe
most interestingaspectof GOLOG is the ability to project
(or simulate)theoutcomeof a programbeforeactuallyexe-
cutingit. Thiswayanagentcanevaluatedifferentalternatives
andchoosethebestonefor execution.1

The featuresofferedby the original GOLOG weresoon
found to be insuf�cient for realistic robot application. The
�rst major extension was CONGOLOG [Giacomo et al.,
2000], which addedthe ability to executeactionsconcur-
rently andthe notion of an exogenousaction, which is use-
ful to model eventsoutsidethe robot controller like a low-
level routinereportingthecurrentpositionof the robot. IN-
DIGOLOG [de Giacomound H.J. Levesque,1999] extends
CONGOLOG by allowing the interleaving of on-line execu-
tion andprojection.

For robotic domains,however, at least two things were
still missing, actions that describecontinuouschangeto,
say, reasonabout the movement of a mobile robot, and
noisy sensorsand effectors. Thesefeatureswere addedin
CCGOLOG [GrosskreutzandLakemeyer, 2000b;2001] and
PGOLOG [Grosskreutz,2000; Grosskreutzand Lakemeyer,
2000a], respectively. Among other things, theseoffer con-
structsthatallow anagentto wait for a certaineventto occur
(waitFor), to executea sub-programwhich canbeblockedat
any timeonceagivenconditionis no longersatis�ed(withC-
trl ), andto executeanactionwith someprobability � andan
alternativewith probability ����� .

In our currentwork, we have integratedall thesefeatures
into a single framework called ICPGOLOG, whoseProlog-
implementationis basedonanexistingimplementationof IN-
DIGOLOG. Beforeturningto applyingICPGOLOG to robotic
soccer, hereis a brief summaryof the languagefeaturesand
thenotationused:

� Sequence:���
	��
�
� NondeterministicChoice: ���
���
�

� Test: �������

� Event-Interrupt:�����������! "���#�

� If-then-else:��$%���
	&�
�

	&�
�

�

� While-loops: �('��*)�+
�,�
	����-�

� Condition-boundedexecution: �.���/'10(�* 
)����
	&���-�

1We remarkthat the languageprovidesa solutionto the frame
problem[Reiter, 2001].

� Concurrentactions:�1�-�!23�4�����!	&���5�

� Probabilisticactions:�1 
�76
�98
�
);:#<>=�?#	�� � 	�� � �

� Probabilistic(off-line) projection:�4�� 
�-@A���7	�� � �

� Procedures:�1 !�
�4�923��B�+
�C�1�� 
�DBE+5��+5 
F!�-	&6G�
HDI��

4.1 A socceragentin I CPGOL OG

For specifyinganagentin ICPGOLOG onestartswith a de-
scriptionof the domainknowledge. Onehasto specify the
actionstheagentcanperform.ICPGOLOG distinguishesbe-
tweenprimitive, sensing, andexogenousactions.The prim-
itive actionsare thosethe agentcan perform in the world,
sensingactionsareusedto getinformationabouttheworld. A
�uent is assignedto eachsensingactionwhich theagentcan
test to get informationaboutthe world. Exogenousactions
areactionswhich occurin theworld andto which theagent
canreact. For eachactiononehasto specifya precondition
to statewhentheactionis possible.To describetheeffectsof
anaction,onemustprovide effect axioms,describingwhich
�uents are changedwhenperformingthis particularaction.
Following, we give anexampleof sucha descriptionfor the
soccerdomain.

1. JAKGLNM OQP�R#S�T#��U#R&R>VXW
YNY��

2. JAKGLNM OQP�R#S�T#�NJAY;W7Z
M\[5]4R!�

3. R&^�[&_ W4`#TaL�[
S%��`>b�W
S
_DR>cQY;W7Z
M\[5]4R���cedf���

4. J�[!U>UD��`>b�W7S�_�R&cgY;W
Z
Mh[�]DRD	#TaKGP�R5�

5. `>W
P
U#R-U i!W7Y���`>b�W7S�_�R&cQYjW
Z
Mh[�]DRD��cedk�G	

JAY;W7Z
M\[5]4RD	Gcedl	�Y;R�_DW7Y��acedk�/�

6. JAKGLNM OQP�R#S�T#�NJ�W
U>U/c.W
KGTaSAR#K
�

7. JAKGLNM WD`-TaL�[
S%�*U#R>W
K&`&b SmR�^DT c�W
U&UaJ�W
KGTaSAR#K"�acQY;W7Z4R-K7���

8. U#R-S�U#RGUD��U#R&W7K�`>b SmR�^DT c�W
U>U,J�W
KGTaSAR#K"�-ngopSq�G	

J�W
U>U/c.W
KGTaSAR#K
�

9. `>[
S1T OeP�R#S�T���r>W
YNY c.[!UGLNT,L�[7Sm�

10. JAKGLNM WD`-TaL�[
S%��]7LNK�R>`-T9c�W
U&U��*smR#SA]DR-K
	>t�R>`-L JmL�R-S1T��/�

11. J�[!U>UD��]7LNK�R>`-T9c�W
U&U��,uv	�wx�-	

W
Sm]q��r>W
YNY�nQopSmR-K"�auy�G	-U#R>R>cQY;W
Z4R#K"�7wz���/�

12. `>W
P
U#R-U i!W7Y���]7LNK�R>`-T9c�W!U>UD�auv	�wx�G	!r>W
YNY9ngopSAR#K
	

wz	�SA[7T#�{J�W!U>U/|GS1T�R#K�`>R�JmT�R>]q�auv	�w}�/�/�

13. LNS�LNTaL�W
Y i!W7Y���r>W
YNY c.[!UGLNT,L�[7S~	5•j€•	5€�‚9�

14. LNS�LNTaL�W
Y YNY���YNY YƒLNSmR&W7K�V�W7YNY„d…[
i
R!�

Therelational�uent F5+5+!†z��),) tells theagentwhetherit sees
theball or not. It is aprimitive�uent in contrastto continuous
�uents whichwill beexplainedbelow.

The�uent of Item 2 denotestheserver'splaymode.Every
time theplaymodeis changedby theSOCCERSERVER anex-
ogenousactionis generatedby the basicsystem.The agent
noticesa playmodechangeby testingthe playmode�uent.
The effect axiom of this action(5) changesthe valueof the
playmode�uent whentheexogenousactionwasgeneratedby
thebasicsystemandreceivedby theICPGOLOG agent.The
playmodeis only changedif a legal playmodeis transmitted
to the agentotherwiseits valueremainsunchanged.This is
denotedby the last argumentof the `>W
P
U#R-U i!W7Y predicatein



(5). An examplefor a preconditionis givenin (4) statingthat
a playmodechangecanalwayshappen.

To play a pass,an agenthasto determineto which team-
mateit shouldplaythepass.Next, thedescriptionfor apossi-
ble passpartnerfollows. The�uent J�W!U>U�c�W
KGTaSAR#K is affected
by thesensingaction U#R&W7K�`>b SmR�^DT c�W
U>U,J�W
KGTaSAR#K��acgY;W
Z4R#KD� .

ThepredicateF5+52•F�+
F instructstheinterpreterto setthe�u-
ent �A�
F!F����� !�*23+� to therespectivevalue.

Fluent r>W
YNY c�[!UGLNTaL�[
S holds the position of the ball. It
changescontinuouslyevery cycle and is thereforestoredin
a specialcontinuous�uent.

In (10) theprimitive actionfor playinga directpassfrom
the sqR-Sm]4R#K to a passtXR&`#L JAL�R#S�T is de�ned. The actiononly
seemsreasonableif thesenderis in ball possessionandknows
wheretherecipientis (11). Theactionhastheeffect that the
ballholderchangesfrom senderto the recipient,but only if
theball wasnot interceptedby anopponentplayer.

Additionally, onehasto de�ne the �uent' s initial values,
e.g. the ball being in the centerof the �eld beforekick-off
(12). For continuous�uents onehasto specifya so-called
low-level model(13). Thosemodelsareusedin projections
to determinethecorrect�uent value. For theball positiona
linearapproximationof theball movementis used.

������� (socceragent,
�	�
����� ( [ 
����������

��� (playmode=pmBeforeKickOff,
placeon ®eld(playmode)),


����������

��� (playmode=pmNull, wait(1) ),

����������

��� (playmode=pmFreeKickLeft,...),
...


����������

��� (playmode=pmPlayOn,
play soccer)],

[ execute(next action),fail].

Figure2: Top-Level structureof thesocceragent

The next step is to provide ICPGOLOG programsto
describe agent's behavior. The playmode is the most
important parameterfor determining a next action. If
the mode changesthe agent has to react immediately.
Within the top level procedure U#[5`&`>R#K W#_�R-S1T (see Fig-
ure 2) this is modeled by the �.���/'10(�* 
) statement.

opLNT9b��%T,KGY��������! �"$#�%�&(')��" *+&-,.#0/1&�243�57698;:�	�<�<�< � meansthat
theagentshouldtake its positiononthe�eld beforethegame
is started.As longasthisconditionsholds,theagentwill call
the JmY;W4`>R [7S =QR-Y;] procedure. At that momenta condition
fails, the respective procedureis interrupted. To be able to
catchall possibleplaymodesweusethe J�`>[7SA` statement.By
this, the different opLNTNb>�%T,KGY statementsareexecutedconcur-
rently.

������� (play soccer,
[ try goal shot(Own);

...;
try doublepasses(Own);
try direct passes(Own);
... ]).

Figure3: Selectinga behavior

In the caseof JmY;W
Z
Mh[�]DR?' JmM cQY;W
Z ngS the procedure
JAYjW
Z U#[�`>`>R-K is called(seeFigure3). This procedureencodes
the behavior of the agentin normalplay. If a plan is appli-
cablewith respectto thelow-level modelsin thesituationthe
projectionisbasedon,it will beselectedfor execution.Sofar,
the orderactionsareevaluatedis �x ed. The �rst successful
complex actionin thisorderwill beselected,theothersbelow
will beignored.Methodschangingthis orderin a reasonable
wayarecurrentlyunderinvestigation.

������� (try doublepasses(Own),
[ initializePassPartner,

searchnext Passpartner(Own),

+���

��@ ( �9�

� (passPartner=nil),
�BA ( C!C�D�EGF (hasball(Own),

try doublepass(Own,passPartner)) H = 0.9,
[ print(”PLANNED DOUBLE PASS.”),

setnext action(doublepass(Own,passPartner)), ],
searchnext Passpartner(Own))

)]).

Figure4: Modulefor evaluatingseveraldoublepassopportu-
nities

In Figure4 we displaythe procedurefor evaluatingdou-
ble passpossibilitieswith several passpartners. The agent
projectsa doublepasswith a speci�c partnerby �4�1 !�-@ and
checkswhethertheprojectedprobability is higherthan90%.
In thiscasethedoublepasswith thecomputedpasspartneris
selectedandexecutedotherwisea next passpartneris tried.
To coordinatebothagents,thepasspartnerusesthesameplan
descriptionsandprojectsfrom theballholder'sview.

�	����� (try doublepass(Own,TargetPlayer),
[ look for free space(Own,TargetPlayer),

directPass(Own,TargetPlayer, passNORMAL),
�	�
����� ( [ �	�
����� ( receivePass(TargetPlayer),

interceptdirect pass(closestOppToPass(TargetPlayer),
TargetPlayer)),

�GA ( isBallKickable(TargetPlayer),
[ kickTo(TargetPlayer, freePos,0.8),

interceptdirect pass(closestOppToPass(Own),
Own)])],

[ moveToPos(Own,freePos),
receivePass(Own)])]).

Figure5: Module for projectingonedoublepasstakingop-
ponentsinto account.

Thedescriptionof a doublepasswith a speci�c teammate
is shown in Figure5. In a doublepasssituationanopponent
is stayingright beforeour agent. To determinea goodpo-
sition whereto receive thepassbackfrom the teammatethe
agentslook for a freespacebehindtheopponent.Theaction

Y;[5[�I J-[
K J>K�R>R UaJ�WD`>R doesright thissettingthe�uent J>K�R>R>c�[!U

to aparticularpositionin thefreeregion. After thattheagent
passestheball to itspartnerit startsto runtowardsthefreepo-
sition. Meanwhile,theball is moving towardshis teammate
(modeledby �1�-�!23� ). It is expectedthat theclosestopponent
tries to intercept the moving ball ( LNS�T*R#K�`>R�JmT ]
LNK�R>`#T J�W
U>U ).
Whenthesecondplayerreceivesthe ball, it kicks it backto
thepositionwherethe initiator waits for theball. Theoppo-



nent'sattemptto intercepttheball is modeledfor thispassas
well.

������� (executedoublepass(Own,TargetPlayer),
[ look for free space(Own,TargetPlayer),

directPass(Own,passPartner, passNORMAL),
receivePass(passPartner),
kickTo(passPartner, freePos,0.8),
moveToPos(Own,freePos),
receivePass(Own),
setPassFinished,
setTrySucceeded(true)].

Figure6: Modulefor executingadoublepass

The executionof the projectedpathis shown in Figure6.
Theballholderhasto look againwherehis teammateandthe
free spaceis, becausethe world might have changed.The
actionswith argument�(�.2 areexecutedby theagentitself
while the actionswith �1�"F!F����D !�*23+5 as argumentare sup-
posedto beexecutedby therespective teammate.

To illustratetwo moreimportantfeatureswe show in Fig-
ure 7 two proceduresfor projectinga direct passwith two
possibilitiesto modelopponentbehavior. By the �����������! 

constructin Figure7, the agentwaits until it is ableto stop
theball or theball is toofaraway, probablyit wasintercepted
andthe currentactionis not reasonableanymore. With this
constructwecantesttheendof thepassaction.Anothercon-
ceptis the JAK�[Dr statement.We cantesttwo differentmodels
of anopponentinterceptingourpass.With probability0.7the
passmaybeinterceptedusingmodel LNS�T*R-K&`&R*JAT ]
LNK�R>`#T J�W
U>U��

andwith probability0.3using LNS1T�R#K�`>R�JmT ]
LNK&R&`#T J�W!U>U�� . In the
�rst alternativethemodelcanbeverypessimistic,i.e. theop-
ponentwill performa real sophisticatedinterceptaction,or
optimisticin theothercase.

4.2 Executinga DoublePass
To illustratehow ICPGOLOG works in practicewe give an
exampleexecutionof a doublepass. We refer to the pro-
ceduresgiven above. We �rst introducethe example set-
ting andshow how a multiagentplan is generatedandexe-
cutedin ICPGOLOG by an executiontraceof the program
try doublepasses.

Our scenariois the following. Player2 (the lower yellow
playerin Figure8) wantsto outplaytheopponentwith adou-
ble pass.Player3 (upperyellow player in Figure8) is in a
goodpositionto play a doublepasswith Player2. Player2

�	����� (try direct pass(Own,TargetPlayer),
[ directPass(Own,TargetPlayer, passNORMAL),

�	�
����� (prob interceptdirect pass(closestOpp-
ToPass(TargetPlayer),TargetPlayer),


��0�����

��� (or(ball nearplayer(TargetPlayer),
ball far(TargetPlayer))))]).

�	����� (prob interceptdirect pass(Opp,TargetPlayer),
�	���
	 (0.7,interceptdirect pass1(Opp,TargetPlayer),
interceptdirect pass2(Opp,TargetPlayer))).

Figure7: Modulefor projectingadirectpasswith probabilis-
tic opponentbehavior

Player 2

Player 3

Opponent

(a) Beginning
of the double
pass

(b) Player 3
received ®rst
pass

(c) Player 2
movesto receive
position

(d) Player2 re-
ceives the sec-
ondpass

Figure8: Doublepassscenario

thereforeinitiates the doublepassby playing a direct pass
to Player3. Thereafter, Player2 hasto run to the position
where it can receive the passfrom Player3 (Figure 8(b)).
Player3 receivestheball andshouldpassit backto Player2
if Player2 itself is nearthe receptionposition(Figure8(c)).
Finally, Player2 receivestheball (Figure8(d)).

To make it moreconcrete,we show the ICPGOLOG exe-
cution traceof thedescribedscenarioin Figure9. Although
we are able to reasonaboutthe behaviors of opponentsby
appropriatemodelsas well, we leave out this detail here.
The left columnof this �gure shows the tracefor Player2
which initiatesthepass,the right onefor Player3. Player2
startsby gettinga new world modelandinterceptingtheball
to be able to play the �rst pass(lines 1 – 6). After the
successfulinterceptaction both agentsstart the procedure

TaKGZ ]4[7P�r-YjR J�W
U&U#R-U��#nQopSq� (refer to Figure4). The variable
ngopS is set to Player2 for both agents. Player3 therefore
plansall actionsof thedoublepassfrom Player2's point of
view. Of course,in the executioneachagentperformsonly
actionsregardingitself.

The �rst actionin this procedureis to �nd a passpartner.
After resettingthe�uent J�W
U>U/c.W
KGTaSAR#K , theagentsprojectsall
possiblepartnersfor playinga pass.This is expressedby the
J4JmK�[�� statementin Figure7. This correspondsto the lines7
to 13 in Figure9. If this projectionis successfulwith prob-
ability 0.9 the procedureR&^
R&`#P"T*R ]D[
P�r#Y;R J�W!U>U is called. As
onecanobserve in lines14 and15 in Figure9, bothplayers
areexecutingtheaction 
������������������ . Theexecutionsystem
candetermineby the command�������� �!"�$#�#1�&%
� that this ac-
tion is for Player2. Player3 will not performthe actionin
therealworld.



Player 2 Player 3

1 send(getBasicWorldModel, true)
send(nextSkill(2), intercept)
WAITING FOR EXOGENOUSACTIONS...
setPlayerProj(2,[-28.34,-2.33],...)

5 waitedIntercept
send(getBasicWorldModel, true)
initializePassPartner
setPassPartner(3)
Prob. Proj. Test

10 (# of initial configs: 1,
unsorted/sorted # of traces:1/1).

Prob. Proj. Test (cached result).
write(PLANNED DOUBLEPASS.)
send(nextSkill(2),

15 [directPass, [3, pass_NORMAL]])
setBallProj([-27.50,-3.88],...)
send(nextSkill(3), receivePass)

setBallProj([-23.27,-11.44],...)
20 send(nextSkill(3),

[kickTo, [[-18.71,-1.88],0.4])

setBallProj([-27.50,-3.88],...)
send(nextSkill(2),

25 [moveToPos,[[-18.71,-1.88],...])
WAITING FOR EXOGENOUSACTIONS...
setPlayerProj(2,[-18.71,-1.88],...)
send(nextSkill(2), receivePass)
WAITING FOR EXOGENOUSACTIONS...

30 setBallProj([-20.57,3.19],...)
send(getBasicWorldModel, true)
send(nextSkill(2), intercept)
setPlayerProj(2,[-20.96,3.47],...)
waitedIntercept

35 setPassFinished
setTrySucceeded(true)
send(nextSkill(2), intercept)
WAITING FOR EXOGENOUSACTIONS...
setPlayerProj(2,[-21.01,3.62],...)

40 waitedIntercept

send(getBasicWorldModel, true)
initializePassPartner
setPassPartner(3)
Prob. Proj. Test

(# of initial configs: 1,
unsorted/sorted # of traces:1/1).

write(PLANNED DOUBLEPASS.)
send(nextSkill(2),

[directPass, [3, pass_NORMAL]])
setBallProj([-28.50, -3.00], ...)
send(nextSkill(3), receivePass)
WAITING FOR EXOGENOUSACTIONS...
setBallProj([-23.19, -11.43],...)
send(nextSkill(3),

[kickTo, [[-21.42, 0.98],0.4])
WAITING FOR EXOGENOUSACTIONS...
setBallProj([-23.26, -8.75], ...)
send(nextSkill(2),

[moveToPos,[[-21.42,0.98],...])

setPlayerProj(2,[-21.42,0.98],...)
send(nextSkill(2), receivePass)

setBallProj([-3.37, 2.97],...)
send(getBasicWorldModel, true)
send(nextSkill(2), intercept)
setPlayerProj(2,[-23.30,-6.25],...)
waitedIntercept
setPassFinished
setTrySucceeded(true)

Figure9: Executiontracesof thepasssenderandreceiver in thedoublepasssituation



We now enterphase2 of our doublepass(Figure 8(b))
wherethe�rst passis to bereceivedby Player3. Again,both
playersettlethesameaction( �����$�������$������� ). To synchronize
actionsof bothplayerstheexecutionsystemwaitsuntil some
conditionmeetsdenotingtheendof therespective action. In
our examplethe receptionof the �rst passis acknowledged
by anexogenousevent“ receivedpassº.

This is modeledby an exogenousaction (line 18 in Fig-
ure 9, WAITING FOR EXOGENOUSACTION). The pass
back from Player3 to Player2 is not modeledby a direct
pass.Instead,a I7L�`1I

�

[ actionis performedto a positioncal-
culatedby Y;[5[�I J-[
K J>K�R>R UaJ�WD`>R in Figure6, i.e. a positionin
a freeregionbehindtheopponent.Notethatthegoalposition
of the I7L�`1I

�

[ commandslightly differs in both traces.This
canbe explainedby the differentworld modelsof the resp.
agentbasedonwhich this calculationis done.

Figure8(c) shows the situationwhenPlayer2 is nearthe
calculatedreceiveposition.Finally, Player2 receivesthepass
(Figure8(d)). As statedabove,therecanbesmalldifferences
in valuesderived from agent's world model. Therefore,to
ensurethatPlayer2 receivestheball, it performsanintercept
actionin theend.

In this examplewe show a multiagentplan for a double
pass.This plan doesnot useexplicit communicationto co-
ordinatethe agentsinvolved. The executionof this plan is
possiblebecauseboth playerreasonaboutthesameactions.
Player3 in the examplegeneratesthe plan from the ball-
holder's point of view andcomesto thesameconclusionas
Player2. So,Player3 identi�es itself to bethebestpasspart-
nerfor Player2. Multiagentcoordinationlikethisonly works
if agents'world modelsaresimilar andnot toouncertain.

For our implementationwe used the PROLOG system
ECLIPSE [ECLiPSe,2002] for the ICPGOLOG interpreter.
Theprimitive ICPGOLOG actionsweusedin thedoublepass
examplearesentto the basicagentthat is connectedto the
SOCCERSERVER. Ourbasicagentis anextensionof theUvA-
TRILEARN systemfrom the University of Amsterdam[de
Boer andKok, 2002]. The PROLOG systemcommunicates
with thebasicagentvia sharedmemory. Thehigh-levelagent
receivesits world modelfrom thebasicagentandsendsthe
next actionto be executedto it which in turn translatesit to
SOCCERSERVER commands.

Finally, we remarkthat for our implementationof ICP-
GOLOG, we neededto solve a problemthat is commonto
most GOLOG variants, but which becomesquite critical
in real-timeenvironmentslike robotic soccer. The issueis
that in orderto evaluatea testcondition,the GOLOG inter-
preterusuallyapplieswhatis calledregression, whichmeans,
roughly, that the interpreterneedsto transformthe testcon-
dition to one that can be evaluatedin the initial situation,
taking into accountall the actionswhich have happenedso
far. In our casethe numberof actionsto be consideredin
thisprocessquickly growsinto thethousands,which leadsto
severecomputationalproblems. As an alternative, Lin and
Reiter [Lin and Reiter, 1997] proposedwhat they call pro-
gression, whichmeansthatafteranactionhasbeenexecuted,
thedescriptionof theinitial situationis updatedto re�ect the
effectsof theaction.This way testscanalwaysbeevaluated
directly againstthecurrentstateof theworld. Unfortunately,

Lin andReiter's proposaldoesnot lend itself to an ef�cient
implementationbecausethesizeof theworld descriptioneas-
ily grows exponentiallywhenapplyingprogression.For our
domainwe developeda simpler, set-basedform of progres-
sion which is more restrictedthanLin andReiter's version
but which is computationallyviable. In factwe wereableto
gain an exponentialspeedupcomparedto using regression.
For detailswe referthereaderto [Dylla et al., 2003].

5 Experimental Results
We testedthe above describedframework in thescenarioof
ROBOCUP SIMULATION league. Our agentprogramming
languageis expressive at the cost of higher runtimes. We
thereforetestedon which level of abstractiondeliberationis
reasonable.Threemodelsdiffering in their level of granular-
ity wereimplemented.Theclassi�cationis roughlyadopted
from theUvA-TRILEARN system.Finegranularactionsare
thebasicactionsprovidedby theSOCCERSERVER, e.g. �
�*��� ,

H��
F!' or ���1 !2 valid for onecycle each.The mediumgranu-
lar modelcontainsactionslike H��"F!'���� ���!��2q� andthecoarse
consistsof actionon thelevel ��2q��+� 
�-+&�1��† �
)�) or HD�a 
+!�G� ���"F!F

continuingfor severalserver cycles. In all teststhetaskwas
to projectandexecuteanaction.Theresultsarebasedontests
whereonly few agentsconnectedto theSOCCERSERVER, not
two wholeteams.

The 	.[�W7Y„s"b�[
T testsashotin eachcornerof thegoal,while
concurrentlysimulating the behavior of the goalie and the
closestopponentto the ball's trajectory. The 
 LNK�R>`#TNc�W
U>U

proceduremodelsa direct passto two different teammates
with an opponenttrying to reachthe pass-way. The testof
morepassoptionsleadsto a linear runtimeincreaseper ad-
ditional teammate. Within 
z[7P�r-YjR�J�W!U>U two different pos-
sibilities of playing a double passare testedwith the op-
ponentclosestto the pass-way trying to interceptthe ball.
For coordinationpurposesthe teammatecalculateshis be-
havior by putting himself in the ballholder's place. At last
the 
 LNK�R>`-T9c�W
U&U���LNTNbDc(n modelsthesameas 
xLNK&R&`#T9c�W!U>U with
thedifferencetheopponenthaving four probabilisticchoices
of how to behave. Sometest resultsare shown in Figure
10. For a completeoverview we refer to [Jansen,2002;
Dylla et al., 2003].

The runtime resultsin Figure 10 suggestthat the useof
ICPGOLOG's projectionmechanismis currentlyonly feasi-
ble computationallyat a high level of abstractionlike in the
coarsemodel.Here,theuseof continuous�uents for project-
ing theball position,for example,bringsruntimeadvantages
over the �ne grainedmodel,wherethosecontinuous�uents
couldnotbeused.

6 From Simulations towards Real Robots
While the SIMULATION leaguecertainly provides a rich
environment to test ideas in multiagent coordination,our
main goal is to apply them to real robots. For that pur-
posewe recently acquireda team of robots for the M ID-
SIZE league. Given the experienceof other teamsthat
“off-the-shelfºrobotsmust be completelyreengineeredfor
ROBOCUP's M ID-SIZE to becompetitive,we decidedto de-
velopourown roboticplatformfrom scratch[Wunderlichand



GoalShot ®ne middle coarse
averageno of actions/ plan 101 80 38
time [s] 1.91 1.12 0.31

DirectPass ®ne middle coarse
averageno of actions/ plan 93 40 39
time [s] 1.8 0.48 0.25

Doublepass ®ne middle coarse
averageno of actions/ plan 319 319 86
time [s] 6.16 5.8 0.69

DirectPassWithPO ®ne middle coarse
averageno of actions/ plan 95 42 41
time [s] 7.22 2.95 0.67

Figure10: Runtimeresultsin theSIMULATION-League

Dylla, 2002]. The intentionwasto developrobotscompeti-
tive in ROBOCUP which canalsobe usedin of�ce domains
for service-robotapplications. The platform hasa size of
39 cm � 39 cm � 40 cm (Figure 11). For power supply
wehavetwo 12V lead-gelaccumulatorswith 15Ah eachon-
board. The batterypower lastsfor approximatelyonehour
at full charge. Therobot hasa differentialdrive, themotors
have a total power of 2.4kW. This power providesuswith a
top speedof 3 m/sand1000

�

/s by a total weightof approxi-
mately50kg.

Figure11: Robotsof theAllemaniACsM ID-SIZE team

Onboardwe have two PentiumIII PC's at 500 MHz run-
ning Linux, one equippedwith a framegrabberfor a Sony
EVI-D100P cameramountedon a pan/tilt unit. Our other
sensoris a 360

�

laserrange�nder with a resolutionof 0.75
degreeatafrequency of 20Hz. For communicationaWLAN
adapterbasedon IEEE802.11bis installed.

Figure12givesa schematicoverview of thedifferentsoft-
warecomponentsand the dataandcommand�o w between
them. The modulesmotor, kicker andthe camera's pan/tilt
aredriversfor theactuators,laserandcameraaredrivermod-
ules for the sensors.The collision avoidancemodulecolli
usesthe

���

algorithmto computea collision free pathto a

laser camera
(incl. pan/tilt)motor kicker

localize
monte_carlo

vision_localization
odometry ball_positioncolli

abilities hli worldmodel

ICPGologCommands
Data

Blackboard Communication:
( other robots' data )

Figure12: Componentsof our softwaresystem

targetpoint every 50 ms. Localizationis basedon thefusion
of several methods. The moduleis dominatedby a Monte
Carlo approachusing the laserdata. Due to complexity of
the Monte Carlo approachupdatefrequenciesare lower for
the localization. It turnedout that a frequency of 2 up to 4
is suf�cient for goodlocalization.Betweenpositionupdates
of localizethe robot usesit' s odometryfor positioncalcula-
tions.Additionally, informationextractedfrom avisionalgo-
rithm usingprobabilitymaps[JonesandRehg,1999] is used
for resolving�eld symmetries.The ball is perceivedby the
ball position module. The ability modulede�nes different
basicactionsthe robot canperform. Abilities suchasgoto
anddribblesendrespectivecommandsto thecollisionavoid-
ancemodulewhich in turn actuatesthe motor, cameraand
kicker.

Ourworld modelbasicallyholds(quantitative)information
aboutthepositionsof the robotsandtheball. Moreover, in-
formation about the gamestatelike the robot's role in the
play or thecurrentplay modeis representedaswell. Our in-
terfaceto thehigh-level control is encodedin themodulehli
(high-level interface)This interfaceis awrapperprogrambe-
tweenthe PROLOG systemof our high-level controlandthe
basicrobotsystemwhich is implementedin C++. For inter-
processcommunicationwe usea blackboardcommunicating
via sharedmemory. For inter-robot communicationUDP is
used.

To ensuresafe communicationvia UDP the blackboard
systemhas its own security layer. This featureoffers the
possibility to implementa global world model. Figure 13
shows the communicationinfrastructureof inter-robot data
exchange. An externaldatasynchronizationmodule(sync)
receiveslocal world informationfrom eachrobot andtrans-
mits themto a global blackboardto which the global world
model is connected.Eachrobot in turn receives the global
world modeldatain theoppositedirection.To controlthelo-
cal softwaremodules,rccc(robocupcontrol center)wasim-
plemented. It offers the possibility to start the softwareon
eachrobot by a differentcommunicationchannelusing re-
moteprocedurecalls.

The possibilitiesto model robot behavior aremuchmore
restrictedcomparedto SIMULATION league. One obvious
reasonis that theworld modeltherobotcanrely on is much
moreuncertainthanin SIMULATION league,e.g. regarding
one'sown positionor theball position.Moreover, it is harder
to get informationsabout,say, opponentpositions. Another
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(robot 1)

global
blackboard

worldmodell

sync sync
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blackboard
(robot n)
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...
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( robot software ) ( robot software )

Figure13: Global connectivity of the robots' local software
systems

problemis relatedto the actuators.While in SIMULATION
leagueit is rathersimpleto kick theball or to play a passit
is muchmorecomplicatedin M ID-SIZE league.Ontheother
hand,thecoordinationof theteamshouldbeeasierthanin the
SIMULATION leaguesinceonly four robotshave to becoor-
dinated.For apassonly two teammateshaveto beconsidered
aspossiblepassreceiverswhereasin SIMULATION thisnum-
ber is normally much higher. The robots, in general,have
moretime to “thinkº aboutwhat actionto performbecause
thereis nota strict decisioncycle asin SIMULATION league.
Thus,the calculationtimesshown in Figure10 seemnot to
be too problematic. Anotherdifferencebetweenthe SIMU-
LATION andM ID-SIZE leagueconcernscommunication.In
the M ID-SIZE leagueno restrictionof what amountof data
maybecommunicatedbetweentherobotsvia wirelessLAN
existswhereasit is limited to afew bytesin theSIMULATION
league.Thereforecommunicationmaybeusedfor morereli-
ablecoordinationof therobots.

7 Discussion
We introducedtheframework of ICPGOLOG for developing
deliberativeagents.By integratingfeatureslike concurrency,
exogenousactions,continuouschangeandthepossibility to
projectinto thefutureweareableto modelagentsfor highly-
dynamicenvironmentslike robotic soccer. We showed how
multiagentcoordinationcanbe achieved without communi-
cation. Therequirementfor coordinationwithout communi-
cation is that the world modelsof the agentsdo not differ
too much.In thetestedcasesof theSIMULATION leaguethe
agents'world modelsarenot too uncertaindueto the good
sensoryinformation given by the SOCCERSERVER. There-
fore, this kind of multiagentcoordinationworkswell. In the
M ID-SIZE league,whereworld modelsarenot thatelaborate
andmoreuncertaindueto sensornoise,thisapproachto mul-
tiagentcoordinationmight be problematic. It is likely that
communicationbetweenrobotswill play a muchbiggerrole
here.It remainsto beseenhow muchcommunicationis nec-
essaryfor coordinatedactionsof realrobots.However, it does
not necessarilyonly get harderwhen moving from simula-
tionsto realrobots.For example,in theM ID-SIZE leaguethe

real-timerequirementfor decidingonthenext actionis notas
strict asin theSIMULATION league.Therefore,therobothas
moretime for generatingplanswith ICPGOLOG. Moreover,
fewer agentshave to be coordinated.We arecurrentlyeval-
uatingandtestingwhatworksbestfor our M ID-SIZE robots
andhopeto reportonourexperiencesat thetimeof thework-
shop. Ultimately we alsowant to get deeperunderstanding
of thesimilaritiesanddifferencesbetweentheSIMULATION
andM ID-SIZE leagues.

We endthe paperwith remarkson two otherresearchis-
suescurrentlyunderinvestigation.The�rst concernstheac-
tion selectionmechanism.Having two decisioncomponents
(reactive anddeliberative) competingfor the next action to
be executedwe have to selectwhich actionto use. This af-
fects also the problemof the validity of ICPGOLOG plans
over time. Oncea plan is generated,it will be executedfor
a numberof cycles. The actionselectionalsohasto check
if the world evolved as anticipatedin the plan. In [Riedel,
2003] thosequestionsareinvestigated.Again it is likely that
therewill be signi�cant differencesbetweensimulatedand
realsocceragents.

Thesecondis abouthow to selectoptimalactions.In this
regardBoutilier et al. [Boutilier et al., 2000a] recentlypro-
posedadecision-theoreticGOLOG dialectbasedonMarkov
DecisionProcesses.We plan to integratedecision-theoretic
conceptsinto our ICPGOLOG framework as well. To this
endwe arecurrentlyworking on speedingup the computa-
tion of optimal policiesin decisiontheoreticGOLOG [Fer-
reinetal., 2003] by incorporatingthenotionof macroactions
consideredin the MDP literature [Boutilier et al., 2000b;
Hauskrechtet al., 1998;Suttonet al., 1999].
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