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Abstract

Deliberationin highly-dynamicdomainssuch as
robotic soccerrequiresa rich representatioran-
guagethat can deal with continuouschange,un-
certainty andmultiple agentsamongotherthings.
For this purposewe have developedthe language
| CPGOLOG, avariantof thelogic-basedctionlan-
guageGOL OG. We shav how to specifyplansfor
soccelagentsuchasplayingadoublepassn | CP-
GoLoG andreporton experimentalresultsin the
RoBOCUP SIMULATION league.We have alsore-
centlyintegrated CPGoL oG asthehigh-level con-
trol languagénto our M1D-SIZE soccerteam. We
discussthe software architectureand someof the
differenceshetweenagentmodelingin the SIMU-
LATION andMID-SIZE league.

1 Intr oduction

Highly dynamicreal-timedomainslike robotic soccerplace
stringentrequirementson the decision making processof
agents. An action mustbe settlednearly immediatelyafter
new sensoryinformationis receved. Thereis little time to
reasoraboutthe next actionto perform.Especiallyin soccer
it is betterto do somethinggevenif it is not optimal, thanto
stayaroundon the eld thinking aboutwhatto do. On the
otherhand,for cleverteamplay, thereis a needto, say cal-
culatethe gameposition. Imagineyou want to attackover
theright-handsideof the eld but theopponentdefensas in
good positionwhile the left wing is opento adwance. Esti-
matingthe gamesituationlik e this the agentholding the ball
shouldplay a passbackto a free mid elder thatis in turnin
apositionto sene aleft forward.

It seemghatonly takingthe currentlyavailablegamedata
into account,thereis not enoughinformation available for
suchdecisions. We thereforethink that besideseactvity a
gooddecisionmodulefor a socceragentneedsa deliberatve
componenin oneform or another By deliberationve under
standthe possibility to reasoraboutactionsand make plans
aboutfuture actionsto perform. Moreovery, it is not enough
to think only aboutone’s own actions.Dueto soccetbeinga
teamplay it hasto take possibleactionsof teammateto ac-
count.As in theexampleof thewing changetheball holding
agentshouldalsoreasoraboutwhatwould bethe bestaction

for the mid elder receving the back passto be ableto esti-
matethat the mid elder hasa good chanceto 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 GOL OG
is able to reasonaboutthe world evolving from situation
to situation. Over the past years mary extensionslike
dealing with concurrenyg, exogenousand sensingactions,
a continuouschangingworld and probabilistic projections
[G. Lakemgyer, 1999;de GiacomoundH.J. Levesque1999;
Giacomoet al., 2000; Grosskreutzand Lakemeyer, 2000b;
Grosskreutz, 2000; Grosskreutzand Lakemeyer, 2000a;
2001 madeGOL OG into anexpressve agentprogramming
language. It was usedas high-level controllerin robotic's
applicationsas a museumtour-guide [Burgardet al., 1999,
in computer animation [Funge, 1994, and for low-cost
robotslike the Lego Mindstorms[Levesqueand Pagnucco,
200d.

Combiningmary of the above mentionedfeaturesinto a
single language we proposel CPGOLOG as an agentpro-
gramminglanguagesuitablefor highly-dynamicmultiagent
domaindik e roboticsoccer Usinga doublepassasanexam-
ple,we demonstrati thepapethow multirobotcoordination
canbeachieredusingl CPGoL0OG. We alsoreporton experi-
mentalresultsobtainedn the SIMULATION league However,
ourmaingoalis to usethelanguageo controlandcoordinate
the actionsof real robots. To this endwe have recentlyin-
tegratedl CPGOLOG into our MID-SIZE leaguerobots. We
discusghe softwarearchitectureandsomeof the differences
in agentmodelingin simulatedversugphysicalrobots.At the
time of the workshopwe hopeto reporton our rst experi-
enceausingl CPGOLOG onrealrobots.

Therestof the paperis organizedasfollows. After brie y
introducing relevant aspectsof agentcontrol languagesn
Section2, we presenbur systemarchitecturén Section3 as
a hybrid approactcombiningboththereactive andthe delib-
eratve paradigm.As thedeliberatve partof thisarchitecture,
ICPGOLOG is presentedn Section4. We presentexperi-
mentalresultsin Section5. Section6 givesa brief overview
of our M1D-SIZE softwarearchitecturewith ICPGOLOG as
the high-level controller We further discusssomeof the dif-



ferencedbetweerthe SIMULATION andMID-SIZE leaguere-
gardinghigh-level control. In Section?7, we give a brief sum-
maryandanoutlookon futurework.

2 RelatedWork

Below we give a shortsummaryof several architectureap-
proachesppliedin RoBoCuP. The classi cationis based
on[Dorer, 19994 and[Wooldridge,1999.

Reactivearchitectuesare basedon animmediateassign-
mentbetweenperceptionand actionwithout an explicit de-
scriptionof how a goal canbe achieved [Maes,1990. Ex-
amplesare the Subsumption-ArchitecturéBrooks, 1984,
the Situated-Agent§Agre and Chapman,199d, the Dual-
Dynamics approachby Jager and Christaller [Jager and
Christaller 1994, or UML-StatechartdArai and Stolzen-
burg, 2004. BDI architectules are basedon the work of
Bratmanon practicalreasoning Bratman,1987. Following
Bratmanthe internal stateof an agentis determinedby its
knowledgeaboutthe ervironment(beliefs), the actionfacili-
tiestheagentis ableto chooserom (desireslandthe current
goals(intentions).Representatesfor this approactarePRS
by Geogeff and Lansky [Geogeff and Lansky, 1987 and
the recentDouble-RissArchitecturebasedon mentalmod-
els[Burkhard,2001]. Logic-basedarchitectulestry to obtain
a goal-directedplan (sequencef actions)by usinga sym-
bolic descriptionandatheoremprover. This manipulationof
symbolicdatais alsocalleddeliberation.Oneof the mostin-
uencing approachess McCarthy's SituationCalculus[Mc-
Carthy 1963. Becausaleliberationis a comple, time con-
sumingprocessanoptimalplanis only obtainedor thesitua-
tion whereplanningstarted put notnecessarilyor thecurrent
situation. Another systembasedon Plan DescriptionLan-
guagess introducedn [locchietal., 200d. Systemdollow-
ing the hybrid approad try to combinethe advantage®f re-
activeandgoal-directedspect®f otherarchitecturesLayers
foundin mostof thesemodelsareareactie layer, a deliber
ative layeranda modelinglayer Dueto usingseparatenod-
ulesacoherenc@roblemarisesj.e. therehasto beamodule
makingthemwork togethemreasonably Examplesare Tour
ingmachined Ferguson,1994 or InterRAP [Miiller, 1996.
Ourown DR-ArchitectureDylla etal., 2003 belonggo this
class.Integratedarchitectuesaim notonly for thecombina-
tion but theintegrationof reactive andgoaldirectedbehaior.
The SituatedAutomata[Kaelbling and Rosenschein1990
andEnhancedehavior Networksproposedy Dorer[Dorer,
19994 areexamplesof this approach.

3 The DR-Architecture

While deliberationhasmary advantagegor decisionmaking
of anagentjt hasthedisadwantageof beingslow comparedo
generatingictionsin areactivefashion.In [Dylla etal., 2003
we proposed hybrid architecturavhich allowsthecombina-
tion of deliberationwith reactvity. In this Sectionwe give an
overview of ourarchitecture This architecturés notonly the
basisfor our SIMULATION teambut for the MID-SIZE team
aswell.

Figurel shavsthe DR-Architecture Fromthe sensoryin-
putwe build our world model(grayboxin Figurel). It con-
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Figurel: DR-Architecture

tainsdatalik e the positionsof teammatesppponentspr the
ball (BasicWorld Model), classi cationdataaboutthecurrent
situation,e.g.goodpossiblepasspartnerqSituationClassi -

cation) andgroupresp.team-level information,e.g.thebasic
formationof theteam(Group-and Team-level tactics.

Thedecisiormodulein theDR-Architecturds dividedinto
threemodules.To beableto settleanactionimmediatelythe
ReactiveaComponentomputeghenext actionto beexecuted
basedon the currentgamesituation. The Deliberative Com-
ponentcalculatesa plan projectinginto the future choosing
amongthepossibleactionsequencesSectiord coversthisin
detail. Having animmediateactionanda planconcurringfor
executingoneneeddo decidewhich of bothto use.A simple
stratgy for the Action Selectionis to usethe planwhenever
there exists one or executethe action provided by the Re-
active Componenbtherwise.More complex approachesre
currentlybeingtestedn [Riedel,2003.

Abilities are the basic actionsthe agentcan perform in
theworld. In the SIMULATION leaguethe systemof UvA-
TRILEARN provides actionson threelayersof granularity
The ne grainedlayer containsactionslike kick or dash
which are given by the SOCCERSERVER while the coarse
model provides high-level abilities like dribble or intercept
ball. For adetaileddescriptionwe referto [de BoerandKok,
2007. We usethe UVA-TRILEARN Systemasour basicsys-
tem.

4 FromGOLOG tolCPGoLoG

GOL OG [Levesqueetal., 1997 is ahigh-level programming
languagefor specifyingcomplex taskslike thosetypically
found in robotic scenarios. Similar to ordinary imperatie
languagesGOL OG offers constructdik e sequencgif-then-
else while, andrecursive procedues In addition,a nonde-
terministicchoiceoperatorallows therobotto chooseat run-



time from the given alternatves. Anotherimportantdiffer-
encecomparedo mostotherprogramminganguagess the
notion of atestcondition which, in general,canbe anarbi-
trary rst-order sentence.

We will not gointo ary technicaldetailsof the semantics
of GOLOG exceptto notethatit is basedon the situation
calculus[Reiter 2001]. Froma users point of view, thefol-
lowing needdo bespeci ed: asetof so-called uents, which
arepredicatesand functionsthat may changeover time like
the position of a robot, a setof primitive actionslike mov-
ing to a certainlocation, preconditionsand effectsof primi-
tive actions,anda ( rst-order) descriptionof the initial state
or situation. The usercan thenwrite programswhich use
the given primitive actionsandwheretestconditionsreferto
uents. We will seeexampleprogramsbelon. Perhapshe
mostinterestingaspectof GOLOG is the ability to project
(or simulate)the outcomeof a programbeforeactually exe-
cutingit. Thiswayanagentcanevaluatedifferentalternatves
andchoosehebestonefor execution?

The featuresoffered by the original GOLOG were soon
found to be insufcient for realistic robot application. The
rst major extension was CoNGoLoG [Giacomo et al.,
200d, which addedthe ability to executeactionsconcur
rently andthe notion of an exogenousaction, which is use-
ful to model eventsoutsidethe robot controller like a low-
level routinereportingthe currentpositionof the robot. IN-
DIGOLOG [de Giacomound H.J. Levesque,1999 extends
CONGOLOG hy allowing the interleaving of on-line execu-
tion andprojection.

For robotic domains,however, at leasttwo things were
still missing, actions that describecontinuouschangeto,
say reasonabout the movementof a mobile robot, and
noisy sensorsand effectors. Thesefeatureswere addedin
ccGoLoG [Grosskreutzand Lakemeyer, 2000b;2001] and
PGOLOG [Grosskreutz,2000; Grosskreutzand Lakemeyer,
20004, respectiely. Among otherthings, theseoffer con-
structsthatallow anagentto wait for a certaineventto occur
(waitFor), to executea sub-progranwhich canbeblocked at
ary time onceagivenconditionis nolongersatis ed (withC-
trl), andto executean actionwith someprobability andan
alternatve with probability .

In our currentwork, we have integratedall thesefeatures
into a single framework called | CPGoL oG, whoseProlog-
implementations basednanexistingimplementatiorof I N-
DIGOLOG. Beforeturningto applyingl CPGOL OG to robotic
soccer hereis a brief summaryof the languagefeaturesand
thenotationused:

Sequence:
NondeterministicChoice:
Test:

Event-Interrupt:

If-then-else:

While-loops:
Condition-boundedxecution:

We remarkthat the languageprovides a solutionto the frame
problem[Reite; 2001.

Concurrentactions:
Probabilisticactions:
Probabilistic(off-line) projection:
Procedures:

4.1 A socceragentin ICPGOLOG

For specifyinganagentin |CPGoOLOG onestartswith a de-
scription of the domainknowledge. One hasto specify the
actionsthe agentcanperform. | CPGoL0G distinguishede-
tweenprimitive, sensing and exogenousactions. The prim-

itive actionsare thosethe agentcan performin the world,

sensingactionsareusedo getinformationabouttheworld. A

uent is assignedo eachsensingactionwhich the agentcan
testto getinformationaboutthe world. Exogenousactions
areactionswhich occurin the world andto which the agent
canreact. For eachactiononehasto specifya precondition
to statewhentheactionis possible.To describehe effectsof

anaction,onemustprovide effect axioms,describingwhich

uents are changedwhen performingthis particularaction.
Following, we give an exampleof sucha descriptionfor the
soccerdomain.
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Therelational uent tellstheagentwhetherit sees
theball or not. It isaprimitive uent in contrasto continuous

uents whichwill be explainedbelow.

The uent of Item 2 denoteghe sener's playmode.Every
time the playmodeis changedy the SOCCERSERVER anex-
ogenousactionis generatedy the basicsystem. The agent
noticesa playmodechangeby testingthe playmode uent.
The effect axiom of this action (5) changeghe value of the
playmodeuent whentheexogenousctionwasgeneratedby
thebasicsystemandreceved by the | CPGoLOG agent.The
playmodeis only changedf alegal playmodeis transmitted
to the agentotherwiseits valueremainsunchanged.This is
denotedby the last algumentof the predicatein



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

To play a pass,anagenthasto determineto which team-
mateit shouldplaythe pass.Next, thedescriptiorfor apossi-
ble passpartnerfollows. The uent is affected
by the sensingaction - - .

Thepredicate instructstheinterpretetto setthe u-
ent to therespectie value.

Fluent holds the position of the ball. It
changesontinuouslyevery cycle andis thereforestoredin
aspecialcontinuousuent.

In (10) the primitive actionfor playing a direct passfrom
the to a pass is de ned. The actiononly
seemseasonabld thesendeisin ball possessioandknows
wheretherecipientis (11). The actionhasthe effect thatthe
ballholderchangesrom senderto the recipient,but only if
theball wasnotinterceptedy anopponenplayet

Additionally, one hasto de ne the uent's initial values,
e.g. the ball beingin the centerof the eld beforekick-off
(12). For continuous uents one hasto specify a so-called
low-level model(13). Thosemodelsareusedin projections
to determinethe correct uent value. For the ball positiona
linearapproximatiorof the ball movements used.

(socceragent,
([ (playmode=pmBeforeKickOf,
placeon ®eld(playmode),
(playmode=prmiNull, wait(1) ),
(playmode=pnreeKick Left,...),

(playmode=prPlayOn,
play_soccer)],
[ execute(ngt_action),fail].

Figure2: Top-Level structureof the socceragent

The next stepis to provide ICPGOLOG programsto
describe agents behaior. The playmodeis the most
important parameterfor determininga next action. If
the mode changesthe agent has to react immediately

Within the top level procedure - (see Fig-
ure 2) this is modeled by the statement.
meansthat

theagemshouldtake its posmononthe eld beforethegame
is started As long asthis conditionsholds,theagentwill call
the - - procedure. At that momenta condition
fails, the respectie procedures interrupted. To be ableto
catchall possibleplaymodesve usethe statementBy
this, the different statement@re executedconcur
rently.

(play_soccer
[ try_goalshot(Own);

{r');_doublepasses(Own);
try_directpasses(Own);

Figure3: Selectinga behavior

In the caseof the procedure
- is Called(seeFlgure3) This procedureencodes
the behavior of the agentin normalplay. If a planis appli-
cablewith respecto thelow-level modelsin the situationthe
projectionis basedn, it will beselectedor execution.Sofar,
the orderactionsare evaluatedis x ed. The rst successful
complec actionin thisorderwill beselectedtheothersbelon
will beignored.Methodschangingthis orderin areasonable
way arecurrentlyunderinvestigation.

(try_doublepasses(Own),
[ initializePassRrtner
searchnext_Passpartner(Own),
(  (passRrtner=nil),
( (hasball(Own),
try_doublepass(OwnpassRrtner)) =0.9,
[ print"PLANNED DOUBLE PASS?),
setnext_action(doublepass(OwnpassRrtner)), ],
searchnext_Passpartner(Own))

D

Figure4: Modulefor evaluatingseveraldoublepassopportu-
nities

In Figure 4 we display the procedurefor evaluatingdou-
ble passpossibilitieswith several passpartners. The agent
projectsa doublepasswith a speci ¢ partnerby and
checkswhetherthe projectedprobability is higherthan90%.
In this casethedoublepasswith the computecdbasspartneris
selectedand executedotherwisea next passpartneris tried.
To coordinatebothagentsthepassartneruseghesameplan
descriptionsandprojectsfrom the ballholders view.

(try_doublepass(OwnTargetPlayer),
[ look for_free_space(OwnTargetPlayer),
directRass(Own TametPlayerpassNORMAL),

([ ( recevePass(RmetPlayer),
interceptdirect pass(closestOppPass(RrgetPlayer),
TamgetPlayer)),

(isBallKickable(TargetPlayer),
[ kickTo(TamgetPlayerfreePos(.8),
interceptdirect pass(closestOppPass(Own),
own)])],
[ moveToPos(OwnfreePos),
recevePass(Own)])]).

Figure5: Module for projectingone doublepasstaking op-
ponentsnto account.

The descriptionof a doublepasswith a speci c teammate
is shawvn in Figure5. In a doublepasssituationanopponent
is stayingright beforeour agent. To determinea good po-
sition whereto receve the passhackfrom the teammatehe
agentdook for afree spacebehindthe opponent.Theaction
doesright this settlngthe uent
to apart|cularp03|t|on|n thefreeregion. After thattheagent
passesheballtoits partneiit startsto runtowardsthefreepo-
sition. Meanwhile,the ball is moving towardshis teammate
(modeledby ). Itis expectedhatthe closestopponent
tries to interceptthe moving ball ( -

Whenthe secondplayerrecevesthe ball, it kicks it backto
the positionwheretheinitiator waits for the ball. The oppo-



nents attemptto interceptthe ball is modeledfor this passas
well.

(executedoublepass(OwnTargetPlayer),

[ look_for_free_space(OwnTargetPlayer),
directRass(OwnpassRrtner passNORMAL),
recevePass(passittner),
kickTo(passBrtner freePos0.8),
moveToPos(OwnfreePos),
recevePass(Own),
setRassFinished,
setTrySucceeded(trug)

Figure6: Modulefor executingadoublepass

The executionof the projectedpathis showvn in Figure6.
Theballholderhasto look againwherehis teammateandthe
free spaceis, becausdhe world might have changed. The
actionswith argument areexecutedby the agentitself
while the actionswith as argumentare sup-
posedo beexecutedby therespectie teammate.

To illustratetwo moreimportantfeaturesve shawv in Fig-
ure 7 two proceduredor projectinga direct passwith two
possibilitiesto model opponentbehaior. By the
constructin Figure 7, the agentwaits until it is ableto stop
theball or theball is too far away, probablyit wasintercepted
andthe currentactionis not reasonabl@nymore. With this
constructve cantesttheendof thepassaction. Anothercon-
ceptis the statementWe cantesttwo differentmodels
of anopponentnterceptingour pass.With probability0.7the
passmaybeinterceptedusingmodel -
andwith probability0.3using _Inthe

rst alternatvethemodelcanbeverype55|m|st|cl e. theop-
ponentwill performa real sophisticatednterceptaction, or
optimisticin the othercase.

4.2 Executinga Double Pass

To illustratehow |CPGoLOG works in practicewe give an
example executionof a double pass. We refer to the pro-
ceduresgiven abore. We rst introducethe example set-
ting and shov how a multiagentplan is generatedand exe-
cutedin ICPGoOLOG by an executiontrace of the program
try_doublepasses

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

(try_direct pass(OwnTargetPlayer),
[ directRass(Own TargetPlayerpassNORMAL),
(prohiinterceptdirect pass(closestOpp-
ToPass(RigetPlayer)TamgetPlayer),
(or(balLnearplayer(TargetPlayer),
ball_far(TargetPlayer))))]).
(proh.interceptdirect pass(OppTargetPlayer),
(0.7,interceptdirect pass1(OppTargetPlayer),
interceptdirectpass2(OppTamgetPlayer))).

Figure7: Modulefor projectingadirectpasswith probabilis-
tic opponenbehaior
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position ondpass

Figure8: Doublepassscenario

thereforeinitiates the double passby playing a direct pass
to Player3. Thereafter Player2 hasto run to the position
whereit canreceve the passfrom Player3 (Figure 8(b)).
Player3 recevesthe ball andshouldpassit backto Player2
if Player2 itself is nearthe receptionposition (Figure 8(c)).
Finally, Player2 recevestheball (Figure8(d)).

To make it more concretewe shav the ICPGOLOG exe-
cutiontraceof the describedscenarian Figure9. Although
we are ableto reasonaboutthe behaiors of opponentdby
appropriatemodels as well, we leave out this detail here.
The left columnof this gure shows the tracefor Player2
which initiatesthe passthe right onefor Player3. Player2
startsby gettinga new world modelandinterceptingthe ball
to be ableto play the rst pass(lines 1 — 6). After the
successfulinterceptaction both agentsstart the procedure

- (referto Figure4). The variable

is setto Player2 for both agents. Player3 therefore

plansall actionsof the doublepassfrom Player2's point of

view. Of course,in the executioneachagentperformsonly
actionsregardingitself.

The rst actionin this proceduras to nd a passpartner
After resettinghe uent , theagentgrojectsall
possiblepartnerdfor playinga pass.Thisis expressedy the

statementn Figure7. This correspondso thelines7
to 13in Figure9. If this projectionis successfulvith prob-
ability 0.9 the procedure is called. As
onecanobsenrein lines14 and15in Figure9, bothplayers
areexecutingtheaction . Theexecutionsystem
candetermineby the command that this ac-
tion is for Player2. Player3 will not performthe actionin
therealworld.



Player 2

1 send(getBasicWorldModel, true)
send(nextSkill(2), intercept)
WAITING FOR EXOGENOU®CTIONS...
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, [8, 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 EXOGENOURCTIONS...
setPlayerProj(2,[-18.71,-1.88],...)
send(nextSkill(2), receivePass)
WAITING FOR EXOGENOU®RCTIONS...

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 EXOGENOU®CTIONS...
setPlayerProj(2,[-21.01,3.62],...)

40 waitedIntercept

Player 3

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

send(nextSKkill(3),

[kickTo, [[-21.42, 0.98],0.4])
WAITING FOR EXOGENOURCTIONS...
setBallProj([-23.26, -8.79], )
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 the passsendeiandreceverin thedoublepasssituation



We now enterphase2 of our double pass(Figure 8(b))
wherethe rst pasdsto berecevedby Player3. Again, both
playersettlethe sameaction( ). Tosynchronize
actionsof bothplayersthe executionsystemwaits until some
conditionmeetsdenotingthe endof the respectie action. In
our examplethe receptionof the rst passis acknavledged
by anexogenousvent“receivedrass.

This is modeledby an exogenousaction (line 18 in Fig-
ure 9, WAITING FOR EXOGENOU®CTION). The pass
back from Player3 to Player2 is not modeledby a direct
pass.Insteada actionis performedto a positioncal-
culatedby - - - in Figure®, i.e. apositionin
afreeregionbehindtheopponentNotethatthegoalposition
of the commandslightly differsin both traces. This
canbe explainedby the differentworld modelsof the resp.
agentbasedn which this calculationis done.

Figure 8(c) shaws the situationwhenPlayer2 is nearthe
calculatedeceve position.Finally, Player2 recevesthepass
(Figure8(d)). As statedabove, therecanbesmalldifferences
in valuesderived from agents world model. Therefore,to
ensurghatPlayer2 recevestheball, it performsanintercept
actionin theend.

In this examplewe shonv a multiagentplan for a double
pass. This plan doesnot useexplicit communicatiorto co-
ordinatethe agentsinvolved. The executionof this planis
possiblebecausdoth playerreasonaboutthe sameactions.
Player 3 in the example generateghe plan from the ball-
holder's point of view andcomesto the sameconclusionas
Player2. So,Player3identi es itself to bethebestpassart-
nerfor Player2. Multiagentcoordinatiorlik e this only works
if agents'world modelsaresimilar andnottoo uncertain.

For our implementationwe usedthe PROLOG system
EcLipse [ECLiIPSe, 2009 for the ICPGOLOG interpreter
The primitive | CPGOL 0G actionswe usedin thedoublepass
exampleare sentto the basicagentthatis connectedo the
SOCCERSERVER. Ourbasicagents anextensionof the UvA-
TRILEARN systemfrom the University of Amsterdam[de
Boer and Kok, 2003. The PROLOG systemcommunicates
with thebasicagentvia sharedmemory Thehigh-level agent
recevesits world modelfrom the basicagentandsendsthe
next actionto be executedto it whichin turn translatest to
SOCCERSERVER commands.

Finally, we remarkthat for our implementationof 1CP-
GoLOoG, we neededo solve a problemthatis commonto
most GOLOG variants, but which becomesquite critical
in real-timeervironmentslike robotic soccer The issueis
thatin orderto evaluatea testcondition,the GOL OG inter-
preterusuallyapplieswhatis calledregressionwhich means,
roughly, thatthe interpretemeedsto transformthe testcon-
dition to one that can be evaluatedin the initial situation,
taking into accountall the actionswhich have happenedo
far. In our casethe numberof actionsto be consideredn
this procesgjuickly growsinto thethousandswhich leadsto
se/ere computationalproblems. As an alternatve, Lin and
Reiter[Lin and Reiter 1997 proposedwhat they call pro-
gressionwhich meanghatafteranactionhasbeenexecuted,
thedescriptionof theinitial situationis updatedo re ect the
effectsof the action. This way testscanalwaysbe evaluated
directly againsthe currentstateof theworld. Unfortunately

Lin andReiter's proposaldoesnot lenditself to an ef cient
implementatiorbecausé¢hesizeof theworld descriptioreas-
ily grows exponentiallywhenapplyingprogressionFor our
domainwe developeda simpler set-basedorm of progres-
sion which is morerestrictedthanLin and Reiter's version
but which is computationallyiable. In factwe wereableto
gain an exponentialspeedupcomparedto using regression.
For detailswe referthereadetto [Dylla etal., 2003.

5 Experimental Results

We testedthe above describedramework in the scenarioof
RoBOCUP SIMULATION league. Our agentprogramming
languageis expressve at the cost of higherruntimes. We
thereforetestedon which level of abstractiordeliberationis
reasonableThreemodelsdifferingin their level of granular
ity wereimplemented.The classi cationis roughly adopted
from the UVA-TRILEARN system.Fine granularactionsare
thebasicactionsprovidedby the SOCCERSERVER, e.g. ,

or valid for onecycle each. The mediumgranu-
lar modelcontainsactionslike andthecoarse
consistof actiononthelevel or

continuingfor severalsener cycles. In all teststhe taskwas
to projectandexecuteanaction. Theresultsarebasedntests
whereonly few agentonnectedo the SOCCERSERVER, hot
two wholeteams.

The testsa shotin eachcornerof thegoal,while
concurrentlysimulating the behavior of the goalie and the
closestopponentto the ball's trajectory The
proceduremodelsa direct passto two differentteammates
with an opponentrying to reachthe pass-vay. The testof
more passoptionsleadsto a linear runtimeincreaseper ad-
ditional teammate. Within two different pos-
sibilities of playing a double passare testedwith the op-
ponentclosestto the pass-vay trying to interceptthe ball.
For coordinationpurposeshe teammatecalculateshis be-
havior by putting himselfin the ballholders place. At last
the modelghesameas with
the differencethe opponenthaving four probabilisticchoices
of how to behare. Sometestresultsare shavn in Figure
10. For a completeoverview we refer to [Jansen,2002;
Dylla etal., 2003.

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

6 From Simulations towards Real Robots

While the SIMULATION league certainly provides a rich
ervironment to testideasin multiagent coordination, our
main goal is to apply them to real robots. For that pur
posewe recently acquireda team of robotsfor the MiD-
SizE league. Given the experienceof other teamsthat
“off-the-shelf°robots must be completelyreengineeredor
RoBOCUP's MID-SIZE to be competitve, we decidedto de-
velopourown roboticplatformfrom scratci{ Wunderlichand



GoalShot ®ne middle | coarse
averageno of actions/ plan 101 80 38
time[s] 191 1.12 0.31
DirectRass ®ne middle | coarse
averageno of actiong/ 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
DirectRassVithPO ®ne middle | coarse
averageno of actiong/ plan 95 42 41
time[s] 7.22 2.95 0.67

Figure10: Runtimeresultsin the SIMULATION-League

Dylla, 2004. Theintentionwasto develop robotscompeti-
tive in RoBoCuP which canalsobe usedin of ce domains
for service-robotapplications. The platform hasa size of

39cm 39cm 40 cm (Figure 11). For power supply
we havetwo 12V lead-gelaccumulatorsvith 15 Ah eachon-

board. The batterypower lastsfor approximatelyone hour
atfull chage. Therobothasa differentialdrive, the motors
have a total power of 2.4 kW. This power providesuswith a
top speedof 3 m/sand1000 /s by a total weight of approxi-
mately50Kkg.

Figurell: Robotsof the AllemaniACsMID-SIZE team

Onboardwe have two Pentiumlll PC's at 500 MHz run-
ning Linux, one equippedwith a framegrabberfor a Sory
EVI-D100P cameramountedon a pan/tilt unit. Our other
sensotis a 360 laserrange nder with a resolutionof 0.75
degreeatafrequeng of 20Hz. For communicatiora WLAN
adaptebasedn IEEE 802.11bis installed.

Figure12 givesa schematioverview of the differentsoft-
ware componentand the dataand command o w between
them. The modulesmotor, kicker andthe camen's panftilt
aredriversfor theactuatorslaserandcamen aredrivermod-
ules for the sensors. The collision avoidancemodule colli
usesthe  algorithmto computea collision free pathto a
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targetpoint every 50 ms. Localizationis basedon thefusion

of several methods. The moduleis dominatedby a Monte

Carlo approachusingthe laserdata. Due to compleity of

the Monte Carlo approachupdatefrequenciesare lower for

the localization. It turnedout thata frequeng of 2 upto 4

is sufcient for goodlocalization. Betweenpositionupdates
of localizethe robot usesit's odometryfor positioncalcula-
tions. Additionally, informationextractedfrom avisionalgo-

rithm usingprobability maps[JonesandRehg,1999 is used
for resolving eld symmetries.The ball is perceved by the

ball_position module. The ability modulede nes different
basicactionsthe robot can perform. Abilities suchasgoto

anddribble sendrespectie commandso thecollision avoid-

ancemodulewhich in turn actuateghe motor, cameraand
kicker.

Ourworld modelbasicallyholds(quantitate)information
aboutthe positionsof the robotsandthe ball. Moreover, in-
formation aboutthe gamestatelik e the robot's role in the
play or the currentplay modeis representedswell. Ourin-
terfaceto the high-level controlis encodedn the modulehli
(high-levelinterface)This interfaceis awrappermprogrambe-
tweenthe PROLOG systemof our high-level controlandthe
basicrobotsystemwhichis implementedn C++. For inter
procescommunicatiorwe usea blackboarccommunicating
via sharedmemory For inter-robot communicationJDP is
used.

To ensuresafe communicationvia UDP the blackboard
systemhasits own securitylayer This featureoffers the
possibility to implementa global world model. Figure 13
shaws the communicationinfrastructureof interrobot data
exchange. An external datasynchronizatiormodule (syng
receveslocal world informationfrom eachrobot andtrans-
mits themto a global blackboardto which the global world
modelis connected.Eachrobotin turn recevesthe global
world modeldatain the oppositedirection. To controlthelo-
cal softwaremodules rccc (robocup control center)wasim-
plemented. It offers the possibility to startthe software on
eachrobot by a differentcommunicationchannelusing re-
moteprocedurecalls.

The possibilitiesto modelrobot behaior are muchmore
restrictedcomparedto SIMULATION league. One obvious
reasornis thatthe world modeltherobotcanrely onis much
more uncertainthanin SIMULATION league,e.g. regarding
one'sown positionor theball position.Moreover, it is harder
to getinformationsabout,say opponentpositions. Another
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systems

problemis relatedto the actuators. While in SIMULATION
leagueit is rathersimpleto kick the ball or to play a passit
is muchmorecomplicatedn M1D-SIzE league Ontheother
hand thecoordinatiorof theteamshouldbeeasietthanin the
SIMULATION leaguesinceonly four robotshave to be coor
dinated.For apassonly two teammatebave to beconsidered
aspossiblepassreceverswhereasn SIMULATION this num-
beris normally much higher The robots,in general,have
moretime to “think® aboutwhat actionto performbecause
thereis nota strictdecisioncycle asin SIMULATION league.
Thus, the calculationtimes shown in Figure 10 seemnot to
be too problematic. Anotherdifferencebetweenthe Simu-
LATION andMID-SIZE leagueconcernscommunication.In
the M1D-SIZE leagueno restrictionof what amountof data
may be communicatedbetweerthe robotsvia wirelessLAN
existswhereast is limited to afew bytesin the SIMULATION
league.Thereforecommunicatiormay be usedfor morereli-
ablecoordinatiorof therobots.

7 Discussion

We introducedthe framework of ICPGoL oG for developing
deliberatve agents. By integratingfeaturedik e concurreny,
exogenousactions,continuouschangeandthe possibility to
projectinto thefuturewe areableto modelagentdgor highly-
dynamicervironmentslik e robotic soccer We shoved how
multiagentcoordinationcan be achieved without communi-
cation. Therequiremenfor coordinationwithout communi-
cationis that the world modelsof the agentsdo not differ
too much. In thetestedcasesf the SIMULATION leaguethe
agents'world modelsare not too uncertaindueto the good
sensoryinformation given by the SOCCERSERVER. There-
fore, this kind of multiagentcoordinationworkswell. In the
MID-SIzE leaguewhereworld modelsarenotthatelaborate
andmoreuncertairdueto sensomnoise this approactio mul-
tiagentcoordinationmight be problematic. It is likely that
communicatiorbetweerrobotswill play a muchbiggerrole
here.It remainsto be seerhow muchcommunicatioris nec-
essanyfor coordinatedctionsof realrobots.However, it does
not necessarilyonly get harderwhen moving from simula-
tionsto realrobots.For example,in theMID-SIZE leaguethe

real-timerequiremenfor decidingonthenext actionis notas
strictasin the SIMULATION league.Thereforetherobothas
moretime for generatingplanswith |CPGoLOG. Moreover,
fewer agentshave to be coordinated.We are currently eval-
uatingandtestingwhatworks bestfor our Mi1D-SIzE robots
andhopeto reporton our experiencest thetime of thework-
shop. Ultimately we alsowantto getdeepemnderstanding
of the similaritiesanddifferencesetweerthe SIMULATION
andMID-SIZE leagues.

We endthe paperwith remarkson two otherresearchis-
suescurrentlyunderinvestigation.The rst concerngheac-
tion selectionmechanismHaving two decisioncomponents
(reactive and deliberatie) competingfor the next actionto
be executedwe have to selectwhich actionto use. This af-
fects alsothe problemof the validity of ICPGoLOG plans
over time. Oncea planis generatedit will be executedfor
a numberof cycles. The action selectionalso hasto check
if the world evolved as anticipatedin the plan. In [Riedel,
2009 thosequestionsareinvestigated Againit is likely that
therewill be signi cant differencesbetweensimulatedand
realsocceragents.

The seconds abouthow to selectoptimalactions. In this
regardBoutilier et al. [Boutilier et al., 20004 recentlypro-
posedadecision-theoretiGOL OG dialectbasedn Markov
DecisionProcessesWe plan to integratedecision-theoretic
conceptsinto our ICPGoLoG framavork aswell. To this
endwe are currentlyworking on speedingup the computa-
tion of optimal policiesin decisiontheoreticGOL OG [Fer
reinetal., 2003 by incorporatinghenotionof macroactions
consideredin the MDP literature [Boutilier et al., 2000b;
Hauskrechetal., 1998;Suttonetal., 1999.
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