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Abstract. Dueto the complity andsophisticatiorof the skills neededn real
world tasks,the developmentof autonomousobot controllersrequiresan ever
increasingapplicationof learningtechniquesTo date,however, learningsteps
aremainly executedn isolationandonly thelearnedcodepiecesbhecomepartof

thecontroller Thisapproacthassereraldravbacksthelearningstepghemseles
areundocumentedndnot executable.

In this paperwe extendanexisting controllanguagewith constructdor specify-
ing controltasks,processnodels Jearningproblems explorationstratayies, etc.

Using theseconstructsthe learningproblemscanbe represente@xplicitly and
transparenthand,asthey arepartof theoverall programimplementationbecome
executable With the extendedlanguagewe rationally reconstructarge partsof

theactionselectiormoduleof the AGIL02001autonomousoccerrobots.

1 Intr oduction

Programmingsophisticatedbw-level controlskills aswell asactionselectiorstratejies
for autonomousobotsactingin dynamicandpartially obsenableenvironmentss both
tediousanderrorprone Autonomousobotsocceywhich hasbecomea standardreal-
world” test-bedfor multi robot control, providesa goodcasein point. In robotsoccer
(mid-sizeleague)two teamsof four autonomousobots— onegoal keeperandthree
field players— play socceragainseachother Thekey characteristicef mid-sizerobot
socceris thatall sensingandactionselectionis doneon-board.

Competensoccerplay entails,besidesother capabilities the skillful executionof
variousnavigationtaskssuchasdefendingdribbling, moving pastopponentsandinter-
ceptingthe ball. To realizethem,robotscould usecomputationameango infer which
control signalshouldbe issuedto arrive at a desiredstate,how long it will take to get
there,andhow promisingit is in the currentsituationto try to arrive at this state.

Becausef thedynamicalandadwersarialnatureof a socceiplay andphysicalsub-
tletiessuchasfriction on differentsurfacesandthe weight of the robot, programming
proceduredor thesereasoningtasksis very difficult. An attractive alternatve is the
developmentof control systemghat canacquireand adaptsuchprocedureautomat-
ically. Obviously, sucha control systemmustlearnat variouslevels of abstractionlt
mustlearnprocesamodelsfrom sensorydatasuchasthe effectsof control signalson
the dynamicalstate,and optimize control laws, e.g.for approachinghe ball. It must
acquiremodelsof control routinesincludingtheir successatesandtime requirements
to decidewhetheror not to go for a ball or defendthe goal. Finally, it mustlearnthe
situation-specifiselectionof appropriateactions.



In currentpractice,suchlearningtasksaretypically considerecandsolvedin iso-
lation. A programmepgathersa setof examplesfor learningor providesanexploration
stratgyy. Thena learningsystema featurelanguagen which the acquireddataareto
beencodedanda suitableparameterizatioof thelearningsystemareselectedSubse-
quently thelearningstepis executedthelearnedoutinetransformednto anexecutable
pieceof code ,andprovidedaspartof asoftwarelibrary. Thecontrollercanthenusethe
learnedroutineby calling it asa subroutine This approacthasseveral disadwantages:
thelearningstepsthemselesareundocumentedndnot automaticallyexecutableand
thereforedifficult to reproduce.

In this paper we extendan existing controllanguageo automatehis processUs-
ing the constructof thislanguagethe systemmodelcanbe specified andthelearning
problemscanberepresenteaxplicitly andtransparentlyboth becominganintegrated
partof the overall program.Therefore the learningproblemsbecomeexecutabledoc-
umentationof modelsis integratedin the program,modularityis higher andanalysis
of the systemis simplified.

Severalprogrammindanguagesave beenproposedindextendedo providelearn-
ing capabilitiesThrun[8] hasproposedCES,aC++softwarelibrary thatprovidesprob-
abilisticinferencemechanismandfunctionapproximatorsUnlike ourapproactamain
objective of CESis the compactimplementationof robot controllers.Programmable
ReinforcemenLearningAgents[2] is alanguagahatcombinegeinforcementearning
with constructfrom programminglanguagesuchasloops, parameterizationaborts,
interrupts,andmemoryvariables A differencewith our methodis thatlearningtasks
canalsobespecifiedn ourlanguageandthatthelearningmethodsarenot confinedto
reinforcementearningonly.

In the remainderof this paperwe proceedas follows. The next sectiondescribes
how procesanodelscanbe specified.In section3 it is shavn how learningproblems
canbe specified,andin section4 we give a caseexample:the AGIL02001 controllet
We concludewith a detailedoutlook on our future researchinvestigations.

2 Modeling the System

In this sectionwe specifymodelsof differentcomponent®f therobotandits erviron-

ment,andshov how they canbemadeexplicit in ourlanguageThefirst classof models
we presentaireprocessnodels suchastherobot'sdynamicsandsensingorocessesihe
secondclassmodelstherobot’s controlroutines.

2.1 Specifyingthe EnvironmentProcess

define controlled process robotfield process
static environment field model
environment process ball proc.,robotproc.,team-materoc.1,2,3, OppPONENProc.1,2,3,4
sensing process state — camera-image odometry-readingk message

The constructabove specifieghatthe “robot field process’is a controlledprocess
(we usethedynamicsystemmodel,describedn [6]), consistingof a staticfield model
andenvironmentandsensingorocessThesetwo processesanthemselesbe decom-
posednto subprocessetn themodelof the AGiILo RoboCupcontrol systenthe ervi-
ronmentprocesonsistof the dynamicsof therobot,which specifieshow the control



inputs changethe physicalstateof the robot. The other subprocessesf the erviron-
mentprocessarethosethat changethe physicalstatesof the teammates the ball, and
theopponentobots.All theseprocessearelargelyindependentf eachother Theonly
interactiondbetweerthemarecollisionsandshootingthe ball.

By usingthis constructhemodelof theervironmentis anexplicit partof theoverall
program.This ensureshatdocumentatiomboutthe modelis integrated andthatmod-
ularity of differentprocessess enforced.Not only doesthis constructmodelthe real
ervironment,it canalsobe usedasan ervironmentsimulatorspecificationTo realize
this simulator the processmodelsneedto beimplementedA straight-forvardmethod
of realizingthisis by manuallyimplementingprocedure$or eachprocesslf thesepro-
cessmodelssuffice for predictingthe effects of control signalson the gamesituation
thenthey constitutean ideal simulatorfor the system.In section3 it will be shavn
thatby usinglearningtaskconstructsthe manualimplementatiorcanbereplacedy a
learningprocedurewhich canbeintegratedinto the overall programaswell.

2.2 Specifyingthe Control Process

In this sectionwe provide the controlsystermwith modelsof its controlroutines.These
modelsenabletherobotto do moresophisticateéctionselectionandtherebyimprove
its behavior with respecto the given performanceneasureWe provide this modelin
two pieces.First, the control task that specifieswhat hasto be doneand secondthe
control routine that specifieshow it hasto be done.The rationalebehind separating
thesetwo aspectds that a task can be accomplishedy differentroutinesthat have
differentperformancesharacteristics.

Control Tasks specify what the robot shouldbe capableof doing. For example,
the robot shouldbe capableof goingto the ball, interceptinga ball, anddefending A
control task can be specifiedin two ways: first, we can specifyit using a start state
and a descriptionof goal states An exampleof sucha control taskis the following
one: reachthe position of the ball facing the opponentgoal, which we representas
(T = Zpat1, ¥ = Yoail, 0 = Oiopan)- Thesetof possiblecontroltaskscanbe constrained
as{(is,gs)|is € ZS A gs € GS}. For example,we might constrainthis control task
to situationswherethe ball is notin the own penaltyarea.ln addition,we canspecify
a probability distribution over the possibleset of tasks.This probability distribution
affectsthe expectedperformancef the controlroutines.

An alternatve way of statinga controltaskis to specifyit usingthe startstateand
an objective function, a performanceneasurehat the robot shouldtry to maximize.
For example for attacking,anappropriatgperformanceneasuranight be the expected
time neededo shoota goal,which shouldbe minimized.

control task achiere-dynamic-state

task specification (x = Zvau, ¥ = Yvait, 0§ = Orobaut)

process signature {z,y,0) X (zg,¥yg,05) = (Vtra, Urot)

control process specification
M ((.’L‘g, Yg5 99)) A aChiwale(xga Ygs 99)) = _active (na/igate«xya Ygs 99)))
goal ({zg,yy,0y)) A ~achievable({zg,yy,0,)) = fails (navigate({z, yg,0,)))
active (navigate({(z,, ¥y, 0,))) A timedout = fails (navigate ((z4, ¥y, 8,)))
active (navigate ({4, yg,05))) A (2, y,8) = (xg,yq, 04)

= succeeds (navigate({zg, yg,0g)))




Let usconsideyasanexample the controltaskspecificatiorshavn above. Thetask
specificationstatesthe desiredvaluesfor the statevariablesz, y, andf. The process
signatureindicatesthat the currentdynamic stateand the desireddynamic stateare
mappednto controlinputsfor thetranslationahndrotationalvelocity of therobot. The
control processspecificationthen statesvhenthe controltaskshouldbe actvatedand
thedifferentpossibleoutcomef performingthe controltask.

Control Routines specifyhowtherobotis to respondo sensoryinput or changes
in theestimatedstatein orderto accomplisha givencontroltask.We might have differ-
entroutinesfor a given controltask,which have differentperformancecharacteristics.
Controlroutinesfirst of all consistof animplementationa procedurghatmapsthe es-
timatedstateinto the appropriatecontrol signals.Besideghe implementationve have
the possibility to specifymodelsfor the control routine,encapsulatinghe procedural
routinewithin a declaratve constructwhich canbe usedfor reasoningandmanipulat-
ing. Supposeve hada modelconsistingof decisionrulesthat canidentify situations
in which the controlroutineis very likely to succeedandvery likely to fail. We could
thenapply theserulesin orderto decidewhetherto activatethe routinein the current
situationor terminateit if the routineis likely to fail. This is not possiblewith only a
proceduratepresentationf the controlroutine.

3 Adding Learning Capabilities

In the last sectionwe have specifiedprocessmodelsand implementedthem as pro-
ceduresHowever, it is often difficult andtediousto programthemmanually In this
sectionwewill describenow the correspondindearningproblemsandthemechanisms
for solving them canbe specified.Therearea numberof programpiecesthat canbe
learnedratherthan being specifiedby programmersin our robot soccerapplication,
therobotlearns for example the processnodelfor its dynamics Also, therearemary
opportunitiedor learningtheimplementatioraswell asthe modelsof controlroutines.

We will restrictoursehesto learningproblemsthat canbe solved by function ap-
proximation.In particular we will look at problemsthat canbe learnedby artificial
neuralnetworksandby decisiontreelearningalgorithms.Our primaryexamplewill be
learninghow to achieve a givendynamicstate,which is representatie for learningin
thecontext of controlroutines.

To statelearningproblemswve mustprovide severalpiecesof information. Thetype
of functionthatis to belearnedwhetheiit is aprocessnodelor a controltask.We must
alsospecifytherobotto becontrolledandtheervironmentit is to actin. In addition,the
learningproblemspecificationcontainsa specificationof a problemspecificlearning
system,andthe datagatheringprocessThis informationis provided usingthe macro
define-learning-poblem

define learning problem achieve-dynamic-state
control-routine achieve-dynamic-state-3
control-task achieve ((z = Tpai,y = Ybair, & = Orobar))
dynamic system agilo-robot-controller
data-collector achieve-state-data-collector
learning-system achieve-state-learner




Thelearningproblemspecificatiorshovn above specifiegheseinformationpieces
for the taskachieve dynamicstate In the remainderof this section,we introducethe
representationatructuregor specifyingthedifferentcomponentsf learningproblems
andthendiscussssuesn theimplementatiorof theseconstructs.

3.1 SpecifyingData Collection

Thefirst stepin learningis the datacollection.To specifydatacollectionwe muststate
acontroltaskor sampledistribution andwe have to provide monitoringandexception
handlingmethoddor controllingdatacollection.CLIP [1] is amacroextensionof LISP,
which supportsthe collection of experimentaldata. The usercan specifywheredata
shouldbe collected but not how.

In orderto acquiresamplesve have to definea sampledistribution from which sam-
plesare generatedDuring datacollectionthe perceptioncontrol signals,and control
tasksof eachcycle arewrittento alog file. Thedatarecordsin thelog files canthenbe
usedfor thelearningsteps.

define task distribution achieve-dynamic-state
with global vars
translation-tolerance «+ 0.03
max-time-steps + 20
for initial state (x,y,8,vra, vrot) « { -4.5, 1.5, 0.3, [0-0.6], [0-0.7] )
for goal state (virq:g, Vrot:g) < ([0-0.6], [0-0.7] )
with setup setstate ( z, y, 0, Virq » Urot ), S€Q0Al { Vira:g, Vrot:g )

The taskdistribution specificationabose definesa distribution for the initial state
consistingof the robot’s poseandtranslationaland rotationalvelocity, aswell asthe
goal stateof an episodewhich consistsof the desiredtranslationalandrotationalve-
locity. The body of the episodeconsistof settingtherobotin its initial stateandthen
settingthe desireddynamicstateasa goalfor the controlledprocess.

Thedatacollectioncycle startswith aninitialization phasen which ataskis sam-
pledfrom thetaskdistribution. In thedistribution above this is the setstate command
in the with setup statementThe datacollector monitorsthe initialization to detect
whetheror not it hasbeensuccessfulUnsuccessfuinitialization is particularlylikely
whenthe learningtaskis performedusingthe real robots.Upon successfulnitializa-
tion the datacollectionphaseis activated.In the datacollection phasethe perception
andcontrolsignalsarecollected.The datacollectorthendetectshe endof theepisode
anddecidesvhetheror not the episodés informative andshouldberecorded.

Thus,in orderto collectdatareliably andefficiently it is necessaryo specifyspecial
purposecodefor theinitialization phasefor failure handling,andresettingthe robot.
Thesecodepiecescanbe providedusingthe define data collection functions .

3.2 SpecifyingLearning Systems

Learningproblemscanbe solvedwith very differentlearningsystemssuchasartificial

neuralnetworks or decisiontreelearners.in orderto specify a task-specifidearning
systemghreepiecesof informationmustbe provided.First, we have to specifyhow the
collecteddataareto be transformednto patternsthat are usedasinput for the learn-
ing system An exampleis the transformatiorof global coordinatego anrobot-centric



coordinatesystem.Seconda function for parameterizinghe learningsystem.For an
artificial neuralnetwork for instancewe have to definethe topologicalstructureof the
network. Finally, we mustprovide a functionthattransformshe outputof thelearning
systeminto an executablefunction that canbe employed within the robot control pro-
gram.Thus,theinput patterndor theachieve-dynamic-stateontroltaskcanbedefined
asfollows:

define state space achieve-dynamic-state
input-features ( (vgrq:0 (PErceptivy., :time t))
(Vira:g QOal-state:vy,, ) )
output-values ( (virq:1 (perceptvg., ;time (¢ + 1))))
output-function (v, float)

The macrodeclaresthe training patternto consistof the featurewvy,...o, which is
takento bethe v, of the perceptcomponenbf a log file entry andv,.4 thatis the
vy Of thegoalstateof thelog file entry. Theoutputvalueof thepatterncalledvy,.q.1, is
thetranslationvelocity of thesubsequengntryin thelog file. Theoutputof thelearned
functionwill bevyq.1.

3.3 From Partial Specificationto ExecutableProgram

We have implementedur representationatructuresisingLISP’s macrofacilitiesand
providedthemin the context of Structued ReactiveContollers (SRCs)3]. TheLISP-
basedartsareequippedvith anabstractobotinterfaceconsistingof C librariesloaded
assharedbjects.The systemusessharednemorycommunicatiorasa couplingto the
low-level controlprocesseslo date we have providedthefunctionalityof two learning
systemsthe decisiontree learningalgorithm C4.5 and the StuttgartNeural Network
Simulator(SNNS).

Animportantimplementationahspects how we getfrom declaratve problemspec-
ificationsto executableand effective learningprocesseskor this and other purposes
control routines,processmodels,and control routine modelsare representeds first
classobjectsthat computermprogramscanreasonaboutand manipulate One property
of theseobjectsis thatthey canhave animplementationastatus suchasto-be-learned
Thedistinctcharacteristiof this programis thatin thebeginningit only partially spec-
ifiesthebehaviour, leaving unspecifiedbehaiour to belearnedat alaterstage.

Transforminghis partialspecificatiorto anexecutablecontrolprogramproceedsn
threesteps.in thefirst phasea problemcollectortraverseghe top-level controlroutine
andcollectsall reference$o proceduresvith thestatugo-be-learnedandstoreghemin
the setof learningproblemsln the secondhasetheroutinesarelearned We consider
aroutineaslearnablef it is to-be-learnedand doesnot call any codeto-be-learned
Therefore,the proceduresre learnedin an order that respectshe dependenciebe-
tweenthem,until all routinesarelearned Finally, the completeprogramcanbe runto
producethe behaviour, for instanceplaying robotsoccer

4 A Rational Reconstructionof the AGIL02001Controller

With the extendedlanguagewe have rationally reconstructedarge partsof the action
selectionmoduleof the AGILO autonomousoccerobots,with processegjatacollec-
tion, learningsystemgeneratiorspecifiedin constructsThe control programresulting



from this reconstructiorcan automaticallylearn a repertoireof routinesfor playing
robotsoccercompetentlyln this sectionthelearningprocesss demonstrated.

In thebootstragearningphasehefirstlearningtaskthatis tackledis thelearningof
therobotdynamicsThislearningtaskacquiresaprocessnodelfor theervironmentand
doesnotdependon the solutionof any otherlearningproblems.To learnthe dynamics
we usethe log files obtainedfrom earlierRoboCupgamesandtransformtheminto a
patternfile for the learningsystem For learning,we train an artificial neuralnetwork
using the SNNS systemin orderto approximatethe mapping:state; x action; —
state; 1. In [4] this procedurds describedn moredetail.

Thenext learningtaskthatthe robot canaddresss how navigation tasksareto be
achieved. We have alreadyseenin the specificationof this taskin section2.2. This is
learnedn asimulatedervironmentwhich only requireshelearnedobotdynamicsTo
solve thelearningtaskasa functionapproximatiorproblemwe provide the robotwith
streamsf control signalsthatgenerateyoodnavigationtrajectoriesFromthis datathe
robotlearnsthemappingstatecyrrent X stategoar —+ actioncyrrent, Usingamulti layer
neuralnetwork. For amoredetaileddescriptionseg[5].

Oncethe controller can executethe navigation task, the robot learnsa model of
the task.Giventhe simulateddynamicsandthe controllerlearnedin the two previous
stepstherobotis givenmary automaticallygeneratechavigationtasksto execute.The
durationof the taskis recorded,and this training datais usedto learnthe mapping
statecurrent X stategoqr — time_to_complete, againusinga multi layer neuralnet-
work. This mappingis necessaryo coordinatethe behaiour of our robots,the next
stepin creatingthe completeaGiLo controller How thisis doneis discussedn [5].

Sinceall theselearningtasksare specifiedwith constructdn the program,adapta-
tion of the programis simplified. Learningtaskscanbe exchangedwithout requiringa
redesigrof theprogramstructure Theprogramjustneedgo checkif arny constructsare
to-be-learnedandrelearnthemandarny dependingconstructs Anothercaseexample
thatshavs the strengthof makinglearningtasksexplicit is whenhardwareis upgraded.
Recentlyour robotshave receved new control-boardsinsteadof having to repeatall
learningstepsto modelthesenew boardsmanually(involving undocumentedcripts,
manualdatacopying andtransformationand so forth), we only have to provide the
systemwith alog-file, andsetall relevantlearningtasksto to-be-learnedThe depen-
denciedetweerthelearningtasksensurethatfirst the robotdynamicswill belearned.
Given thesedynamics,which can be usedin the simulator the navigation taskscan
be relearned Given the navigation routines,modelsof the navigation routinescanbe
learnedandsoon, until thecompleteexecutableaGiL 02001 controlleris acquiredWe
arecurrentlytestingtheseproceduresi-urthermorethe scopeof learningtasksis being
extendedbeyondthe AGIL02001 controller, to includeadditionalcontroltaskssuchas
dribbling with fake movements defending,shooting,and others.In addition, we are
startingto tacklereinforcementearningproblems.

5 Conclusions

In this paper we have extendeda control languagewith constructdor explicitly rep-
resenting(1) the physicalsystenthatis to be controlledand(2) the learningproblems
to be solved. In the extendedlanguageentitiessuchas control tasks,procesamodels,



learningproblemsanddatacollectionstratgyiescanberepresenteexplicitly andtrans-
parently andbecomeexecutableln the learningand executionphase the entitiesare
first classobjectsthat control programscannotonly executebut alsoreasoraboutand
manipulate Thesecapabilitiesenablerobot learningsystemso dynamicallyredesign
learningproblems We have alsosketchedheimplementatiorof thelearningphaseand
shaved how a bootstraplearningmethodcan automaticallycompletea partially de-

fined control programby solving the statedearningproblems.The extensionghatwe

have presentedreexpressive enoughto rationally reconstructnostof the AGIL02001
actionselector Othercomplex control systemseedto be implementedusingour ap-

proachandthe concisenesandexpressvity of our constructsneedto be assessednd
analyzed.We are just startingto incorporateoptimizing learningtechniquessuchas
reinforcementearninginto our approach.

We seethe mainimpactof our framework alongtwo importantdimensionsFroma
softwareengineeringperspeciie, the languagesxtensionsllow for transparenimple-
mentationof learningstepsandabstractrepresentatiof complex physicalsystems.
Theseaspectaretypically notadequatelyaddresseth currentcontrolsystemswhich
makesthemhardto understan@gndadapto new requirementandconditions.Thesec-
ond dimension,which we find much more exciting, is the useof the framavork asa
tool for investigatingnoregeneralandpowerful computationamodelsof autonomous
robotlearning.The programmabilityof learningsystemsthe modifiability of staterep-
resentationghe possibility of reparameterizinggarningsystemsandthe executability
of learningspecificationsvithin theframeavork enablesisto solve complec robotlearn-
ing taskswithout humaninteraction.The framework therebyenablesus to investigate
adaptve robot control systemghat canautonomoushacquiresophisticatedkills and
competentaskcontrolmechanisméor a varietyof performanceasks.
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