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Abstract. Due to thecomplexity andsophisticationof theskills neededin real
world tasks,the developmentof autonomousrobot controllersrequiresan ever
increasingapplicationof learningtechniques.To date,however, learningsteps
aremainlyexecutedin isolationandonly thelearnedcodepiecesbecomepartof
thecontroller. Thisapproachhasseveraldrawbacks:thelearningstepsthemselves
areundocumentedandnot executable.
In thispaper, we extendanexistingcontrol languagewith constructsfor specify-
ing control tasks,processmodels,learningproblems,explorationstrategies,etc.
Using theseconstructs,the learningproblemscanbe representedexplicitly and
transparentlyand,asthey arepartof theoverallprogramimplementation,become
executable.With the extendedlanguagewe rationally reconstructlarge partsof
theactionselectionmoduleof theAGILO2001autonomoussoccerrobots.

1 Intr oduction

Programmingsophisticatedlow-level controlskills aswell asactionselectionstrategies
for autonomousrobotsactingin dynamicandpartiallyobservableenvironmentsis both
tediousanderrorprone.Autonomousrobotsoccer, whichhasbecomeastandard“real-
world” test-bedfor multi robotcontrol,providesa goodcasein point. In robotsoccer
(mid-sizeleague)two teamsof four autonomousrobots— onegoalkeeperandthree
field players— playsocceragainsteachother. Thekey characteristicsof mid-sizerobot
socceris thatall sensingandactionselectionis doneon-board.

Competentsoccerplay entails,besidesothercapabilities,the skillful executionof
variousnavigationtaskssuchasdefending,dribbling,movingpastopponents,andinter-
ceptingtheball. To realizethem,robotscouldusecomputationalmeansto infer which
controlsignalshouldbe issuedto arrive at a desiredstate,how long it will take to get
there,andhow promisingit is in thecurrentsituationto try to arriveat this state.

Becauseof thedynamicalandadversarialnatureof a soccerplay andphysicalsub-
tletiessuchasfriction on differentsurfacesandtheweightof the robot,programming
proceduresfor thesereasoningtasksis very difficult. An attractive alternative is the
developmentof control systemsthat canacquireandadaptsuchproceduresautomat-
ically. Obviously, sucha control systemmustlearnat variouslevelsof abstraction.It
mustlearnprocessmodelsfrom sensorydatasuchasthe effectsof control signalson
the dynamicalstate,andoptimizecontrol laws, e.g. for approachingthe ball. It must
acquiremodelsof control routinesincludingtheir successratesandtime requirements
to decidewhetheror not to go for a ball or defendthe goal.Finally, it must learnthe
situation-specificselectionof appropriateactions.



In currentpractice,suchlearningtasksaretypically consideredandsolved in iso-
lation.A programmergathersa setof examplesfor learningor providesanexploration
strategy. Thena learningsystem,a featurelanguagein which theacquireddataareto
beencoded,andasuitableparameterizationof thelearningsystemareselected.Subse-
quently, thelearningstepis executed,thelearnedroutinetransformedintoanexecutable
pieceof code,andprovidedaspartof asoftwarelibrary. Thecontrollercanthenusethe
learnedroutineby calling it asa subroutine.This approachhasseveraldisadvantages:
thelearningstepsthemselvesareundocumentedandnot automaticallyexecutable,and
thereforedifficult to reproduce.

In this paper, we extendanexisting control languageto automatethis process.Us-
ing theconstructsof this language,thesystemmodelcanbespecified,andthelearning
problemscanberepresentedexplicitly andtransparently, bothbecominganintegrated
partof theoverall program.Therefore,thelearningproblemsbecomeexecutable,doc-
umentationof modelsis integratedin the program,modularity is higher, andanalysis
of thesystemis simplified.

Severalprogramminglanguageshavebeenproposedandextendedto providelearn-
ingcapabilities.Thrun[8] hasproposedCES,aC++softwarelibrary thatprovidesprob-
abilisticinferencemechanismsandfunctionapproximators.Unlikeourapproachamain
objective of CES is the compactimplementationof robot controllers.Programmable
ReinforcementLearningAgents[2] is a languagethatcombinesreinforcementlearning
with constructsfrom programminglanguagesuchas loops,parameterization,aborts,
interrupts,andmemoryvariables.A differencewith our methodis that learningtasks
canalsobespecifiedin our language,andthatthelearningmethodsarenot confinedto
reinforcementlearningonly.

In the remainderof this paperwe proceedasfollows. The next sectiondescribes
how processmodelscanbe specified.In section3 it is shown how learningproblems
canbe specified,andin section4 we give a caseexample:the AGILO2001controller.
We concludewith a detailedoutlookon our futureresearchinvestigations.

2 Modeling the System
In this sectionwe specifymodelsof differentcomponentsof therobotandits environ-
ment,andshow how they canbemadeexplicit in ourlanguage.Thefirst classof models
wepresentareprocessmodels,suchastherobot’sdynamicsandsensingprocesses.The
secondclassmodelstherobot’scontrolroutines.

2.1 Specifyingthe Envir onmentProcess
define controlled process robotfield process

static environment field model
environment process ball proc.,robotproc.,team-mateproc. ��� ��� � , opponentproc. ��� ��� ��� 	
sensing process 
��������� camera-image� odometry-reading������
�
������
Theconstructabove specifiesthat the “robot field process”is a controlledprocess

(we usethedynamicsystemmodel,describedin [6]), consistingof a staticfield model
andenvironmentandsensingprocess.Thesetwo processescanthemselvesbedecom-
posedinto subprocesses.In themodelof theAGILO RoboCupcontrolsystemtheenvi-
ronmentprocessconsistsof thedynamicsof therobot,which specifieshow thecontrol



inputschangethe physicalstateof the robot. The othersubprocessesof the environ-
mentprocessarethosethatchangethephysicalstatesof theteammates,theball, and
theopponentrobots.All theseprocessesarelargelyindependentof eachother. Theonly
interactionsbetweenthemarecollisionsandshootingtheball.

By usingthisconstructthemodelof theenvironmentis anexplicit partof theoverall
program.Thisensuresthatdocumentationaboutthemodelis integrated,andthatmod-
ularity of differentprocessesis enforced.Not only doesthis constructmodelthe real
environment,it canalsobeusedasanenvironmentsimulatorspecification.To realize
this simulator, theprocessmodelsneedto beimplemented.A straight-forwardmethod
of realizingthis is by manuallyimplementingproceduresfor eachprocess.If thesepro-
cessmodelssuffice for predictingthe effectsof control signalson the gamesituation
then they constitutean ideal simulatorfor the system.In section3 it will be shown
thatby usinglearningtaskconstructs,themanualimplementationcanbereplacedby a
learningprocedure,which canbeintegratedinto theoverallprogramaswell.

2.2 Specifyingthe Control Process

In thissectionweprovidethecontrolsystemwith modelsof its controlroutines.These
modelsenabletherobotto do moresophisticatedactionselectionandtherebyimprove
its behavior with respectto thegivenperformancemeasure.We provide this modelin
two pieces.First, the control task that specifieswhat hasto be doneandsecond,the
control routine that specifieshow it hasto be done.The rationalebehindseparating
thesetwo aspectsis that a task can be accomplishedby different routinesthat have
differentperformancecharacteristics.

Control Tasks specifywhat the robot shouldbe capableof doing. For example,
the robotshouldbecapableof going to theball, interceptinga ball, anddefending.A
control task can be specifiedin two ways: first, we canspecify it using a start state
anda descriptionof goal states.An exampleof sucha control task is the following
one: reachthe position of the ball facing the opponentgoal, which we representas������� �!�"#"%$%&'�(&)�!�"*"+$�,-�.,0/21��3!4"*"65

. Thesetof possiblecontrol taskscanbeconstrained
as 7 ��8+9)$+:;905�< 8+9�=?>A@CB
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. For example,we might constrainthis control task
to situationswheretheball is not in theown penaltyarea.In addition,we canspecify
a probability distribution over the possibleset of tasks.This probability distribution
affectstheexpectedperformanceof thecontrolroutines.

An alternative way of statinga control taskis to specifyit usingthestartstateand
an objective function, a performancemeasurethat the robot shouldtry to maximize.
For example,for attacking,anappropriateperformancemeasuremightbetheexpected
timeneededto shoota goal,which shouldbeminimized.

control task achieve-dynamic-state
task specification HJILKMION�P4QRQ2STUKMT0N�P4QRQ6S�VWKCVYX[Z%N�P4QRQ]\
process signature HJI S3T;S�V0\^�_HJIa`0STb`�S+V4`0\c�dHJe X]f�P S�e f+Z%X \
control process specification

goal g�HJI ` S�T ` S�V ` \�h i achievableg�HJI ` ST ` S+V ` \�hkj active (navigate g�HJI ` ST ` S+V ` \�h )
goal g�HJI ` S�T ` S�V ` \�h i'l achievableg�HJI ` S�T ` S�V ` \�hLj fails (navigate g�HJI ` S�T ` S�V ` \�h )
active (navigate g�HJIa`0S+Tm`�S+V4`b\�h ) i timedout j fails (navigate g�HJIa`0S�Tb`�S%V4`m\�h )
active (navigate g�HJIa`0S+Tm`�S+V4`b\�h ) i_HJI S�TOS�Vb\cK�HJIa`0STb`�S+V4`0\j succeeds (navigate g�HJIa`0S�Tb`�S%V4`m\�h )



Let usconsider, asanexample,thecontroltaskspecificationshown above.Thetask
specificationstatesthe desiredvaluesfor the statevariables

�
,
&
, and

,
. The process

signatureindicatesthat the currentdynamicstateand the desireddynamicstateare
mappedinto controlinputsfor thetranslationalandrotationalvelocityof therobot.The
controlprocessspecificationthenstateswhenthecontrol taskshouldbeactivatedand
thedifferentpossibleoutcomesof performingthecontroltask.

Control Routinesspecifyhow therobot is to respondto sensoryinput or changes
in theestimatedstatein orderto accomplishagivencontroltask.Wemighthavediffer-
entroutinesfor a givencontrol task,which have differentperformancecharacteristics.
Controlroutinesfirst of all consistof animplementation,aprocedurethatmapsthees-
timatedstateinto theappropriatecontrolsignals.Besidesthe implementationwe have
the possibility to specifymodelsfor the control routine,encapsulatingthe procedural
routinewithin a declarative constructwhich canbeusedfor reasoningandmanipulat-
ing. Supposewe hada modelconsistingof decisionrulesthat canidentify situations
in which thecontrol routineis 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
proceduralrepresentationof thecontrolroutine.

3 Adding Learning Capabilities
In the last sectionwe have specifiedprocessmodelsand implementedthem as pro-
cedures.However, it is often difficult andtediousto programthemmanually. In this
sectionwewill describehow thecorrespondinglearningproblemsandthemechanisms
for solving themcanbe specified.Therearea numberof programpiecesthat canbe
learnedratherthanbeingspecifiedby programmers.In our robot soccerapplication,
therobotlearns,for example,theprocessmodelfor its dynamics.Also, therearemany
opportunitiesfor learningtheimplementationaswell asthemodelsof controlroutines.

We will restrictourselvesto learningproblemsthat canbe solvedby functionap-
proximation.In particular, we will look at problemsthat canbe learnedby artificial
neuralnetworksandby decisiontreelearningalgorithms.Ourprimaryexamplewill be
learninghow to achieve a givendynamicstate,which is representative for learningin
thecontext of controlroutines.

To statelearningproblemswemustprovideseveralpiecesof information.Thetype
of functionthatis to belearned,whetherit is aprocessmodelor acontroltask.Wemust
alsospecifytherobotto becontrolledandtheenvironmentit is to actin. In addition,the
learningproblemspecificationcontainsa specificationof a problemspecificlearning
system,andthe datagatheringprocess.This informationis providedusingthe macro
define-learning-problem.

define learning problem achieve-dynamic-state
control-routine achieve-dynamic-state-3
control-task achieve (

���_�.� �!�"*" $%&���& �!�"*" $%,L�., /21��!�"*" 5
)

dynamic system agilo-robot-controller
data-collector achieve-state-data-collector
learning-system achieve-state-learner



Thelearningproblemspecificationshown abovespecifiestheseinformationpieces
for the taskachievedynamicstate. In the remainderof this section,we introducethe
representationalstructuresfor specifyingthedifferentcomponentsof learningproblems
andthendiscussissuesin theimplementationof theseconstructs.

3.1 SpecifyingData Collection

Thefirst stepin learningis thedatacollection.To specifydatacollectionwe muststate
a control taskor sampledistribution andwe have to providemonitoringandexception
handlingmethodsfor controllingdatacollection.CLIP [1] is amacroextensionof LISP,
which supportsthe collectionof experimentaldata.The usercanspecifywheredata
shouldbecollected,but not how.

In orderto acquiresampleswehaveto defineasampledistributionfrom whichsam-
plesaregenerated.During datacollectionthe perception,control signals,andcontrol
tasksof eachcyclearewritten to a log file. Thedatarecordsin thelog filescanthenbe
usedfor thelearningsteps.

define task distribution achieve-dynamic-state
with global vars

translation-tolerance n 0.03
max-time-steps n 20

for initial state
�2�E$�& $�,;$%o /�p�! $�o p�1%/ 5 n �

-4.5, 1.5, 0.3, [0-0.6], [0-0.7]
5

for goal state
��o /�p�!�q r

,
o p�1+/6q r 5 n �

[0-0.6], [0-0.7]
5

with setup setstate
�s�

,
&
,
,
,
o /�p�!

,
o p�1%/ 5

, setgoal
�so /�p�!�q r

,
o p�1+/6q r 5

The taskdistribution specificationabove definesa distribution for the initial state
consistingof the robot’s poseandtranslationalandrotationalvelocity, aswell asthe
goal stateof an episode,which consistsof the desiredtranslationalandrotationalve-
locity. Thebodyof theepisodeconsistsof settingtherobot in its initial stateandthen
settingthedesireddynamicstateasa goalfor thecontrolledprocess.

Thedatacollectioncycle startswith aninitialization phasein which a taskis sam-
pledfrom thetaskdistribution. In thedistribution abovethis is thesetstate command
in the with setup statement.The datacollector monitorsthe initialization to detect
whetheror not it hasbeensuccessful.Unsuccessfulinitialization is particularlylikely
whenthe learningtaskis performedusingthe real robots.Upon successfulinitializa-
tion the datacollectionphaseis activated.In the datacollectionphasethe perception
andcontrolsignalsarecollected.Thedatacollectorthendetectstheendof theepisode
anddecideswhetheror not theepisodeis informativeandshouldberecorded.

Thus,in orderto collectdatareliablyandefficiently it is necessaryto specifyspecial
purposecodefor the initialization phase,for failure handling,andresettingthe robot.
Thesecodepiecescanbeprovidedusingthedefine data collection functions .

3.2 SpecifyingLearning Systems

Learningproblemscanbesolvedwith very differentlearningsystemssuchasartificial
neuralnetworks or decisiontree learners.In order to specifya task-specificlearning
systemsthreepiecesof informationmustbeprovided.First,wehaveto specifyhow the
collecteddataareto be transformedinto patternsthat areusedasinput for the learn-
ing system.An exampleis thetransformationof globalcoordinatesto anrobot-centric



coordinatesystem.Second,a function for parameterizingthe learningsystem.For an
artificial neuralnetwork for instancewe have to definethetopologicalstructureof the
network. Finally, we mustprovidea functionthattransformstheoutputof thelearning
systeminto anexecutablefunction thatcanbeemployedwithin therobotcontrolpro-
gram.Thus,theinputpatternsfor theachieve-dynamic-statecontroltaskcanbedefined
asfollows:

define state space achieve-dynamic-state
input-features ( (

o /�p�!�q t
(percept:

o /�p�!
:time u ))

(
o�/�p�!�q r

goal-state:
o�/�p�!

) )
output-values ( (

o�/�p�!�q v
(percept:

o�/�p�!
:time w2uEx.y0z )) )

output-function (
o v

float)

The macrodeclaresthe training patternto consistof the feature
o /�p�!�q t

, which is
taken to be the

o�/�p�!
of the perceptcomponentof a log file entryand

o�/�p�!�q r
that is theo�/�p�!

of thegoalstateof thelog file entry. Theoutputvalueof thepattern,called
o�/�p�!�q v

, is
thetranslationvelocityof thesubsequententryin thelog file. Theoutputof thelearned
functionwill be

o /�p�!�q v
.

3.3 From Partial Specificationto ExecutableProgram
We have implementedour representationalstructuresusingLISP’smacrofacilitiesand
providedthemin thecontext of StructuredReactiveControllers (SRCs)[3]. TheLISP-
basedpartsareequippedwith anabstractrobotinterfaceconsistingof C librariesloaded
assharedobjects.Thesystemusessharedmemorycommunicationasa couplingto the
low-level controlprocesses.To date,wehaveprovidedthefunctionalityof two learning
systems:the decisiontree learningalgorithmC4.5 and the StuttgartNeuralNetwork
Simulator(SNNS).

An importantimplementationalaspectis how wegetfromdeclarativeproblemspec-
ifications to executableandeffective learningprocesses.For this andotherpurposes
control routines,processmodels,and control routinemodelsare representedas first
classobjectsthat computerprogramscanreasonaboutandmanipulate.Oneproperty
of theseobjectsis thatthey canhaveanimplementationalstatus,suchasto-be-learned.
Thedistinctcharacteristicof thisprogramis thatin thebeginningit only partiallyspec-
ifies thebehaviour, leaving unspecifiedbehaviour to belearnedat a laterstage.

Transformingthispartialspecificationto anexecutablecontrolprogramproceedsin
threesteps.In thefirst phasea problemcollectortraversesthetop-level controlroutine
andcollectsall referencesto procedureswith thestatusto-be-learnedandstoresthemin
thesetof learningproblems.In thesecondphase,theroutinesarelearned.We consider
a routineas learnableif it is to-be-learnedanddoesnot call any codeto-be-learned.
Therefore,the proceduresare learnedin an order that respectsthe dependenciesbe-
tweenthem,until all routinesarelearned.Finally, thecompleteprogramcanberun to
producethebehaviour, for instanceplayingrobotsoccer.

4 A Rational Reconstructionof the AGI L O2001Controller
With the extendedlanguagewe have rationally reconstructedlargepartsof the action
selectionmoduleof the AGILO autonomoussoccerrobots,with processes,datacollec-
tion, learningsystemgenerationspecifiedin constructs.Thecontrolprogramresulting



from this reconstructioncan automaticallylearn a repertoireof routinesfor playing
robotsoccercompetently. In this sectionthelearningprocessis demonstrated.

In thebootstraplearningphasethefirst learningtaskthatis tackledis thelearningof
therobotdynamics.Thislearningtaskacquiresaprocessmodelfor theenvironmentand
doesnot dependon thesolutionof any otherlearningproblems.To learnthedynamics
we usethe log files obtainedfrom earlierRoboCupgamesandtransformtheminto a
patternfile for the learningsystem.For learning,we train an artificial neuralnetwork
using the SNNS systemin order to approximatethe mapping:

9 u+{|u+}0~���{|�Yu 8�0� ~���9 u+{|u+}0~[� v . In [4] this procedureis describedin moredetail.
Thenext learningtaskthat therobotcanaddressis how navigation tasksareto be

achieved.We have alreadyseenin the specificationof this taskin section2.2.This is
learnedin asimulatedenvironment,whichonly requiresthelearnedrobotdynamics.To
solve thelearningtaskasa functionapproximationproblemwe provide therobotwith
streamsof controlsignalsthatgenerategoodnavigationtrajectories.Fromthisdatathe
robotlearnsthemapping

9 u+{|u+}��� p�p�����/ � 9 u+{|u+} rY1�!4" ���{a�4u 8��0� �� p�p�����/ , usingamulti layer
neuralnetwork. For amoredetaileddescriptionsee[5].

Oncethe controller can executethe navigation task, the robot learnsa model of
the task.Given thesimulateddynamicsandthecontrollerlearnedin the two previous
steps,therobotis givenmany automaticallygeneratednavigationtasksto execute.The
durationof the task is recorded,and this training datais usedto learn the mapping9 u+{|u+}��� p�p�����/ � 9 u+{)u+} rY1�!�" ���u 8� } u � � �0����� }bu+} , againusinga multi layer neuralnet-
work. This mappingis necessaryto coordinatethe behaviour of our robots,the next
stepin creatingthecompleteAGILO controller. How this is doneis discussedin [5].

Sinceall theselearningtasksarespecifiedwith constructsin theprogram,adapta-
tion of theprogramis simplified.Learningtaskscanbeexchanged,without requiringa
redesignof theprogramstructure.Theprogramjustneedsto checkif any constructsare
to-be-learned, andrelearnthemandany dependingconstructs.Anothercaseexample
thatshowsthestrengthof makinglearningtasksexplicit is whenhardwareis upgraded.
Recentlyour robotshave receivednew control-boards.Insteadof having to repeatall
learningstepsto modelthesenew boardsmanually(involving undocumentedscripts,
manualdatacopying and transformation,andso forth), we only have to provide the
systemwith a log-file, andsetall relevant learningtasksto to-be-learned. Thedepen-
denciesbetweenthelearningtasksensurethatfirst therobotdynamicswill belearned.
Given thesedynamics,which can be usedin the simulator, the navigation taskscan
be relearned.Given the navigation routines,modelsof the navigation routinescanbe
learned,andsoon,until thecompleteexecutableAGILO2001controlleris acquired.We
arecurrentlytestingtheseprocedures.Furthermore,thescopeof learningtasksis being
extendedbeyondthe AGILO2001controller, to includeadditionalcontrol taskssuchas
dribbling with fake movements,defending,shooting,andothers.In addition,we are
startingto tacklereinforcementlearningproblems.

5 Conclusions
In this paper, we have extendeda control languagewith constructsfor explicitly rep-
resenting(1) thephysicalsystemthat is to becontrolledand(2) thelearningproblems
to be solved. In the extendedlanguageentitiessuchascontrol tasks,processmodels,



learningproblems,anddatacollectionstrategiescanberepresentedexplicitly andtrans-
parently, andbecomeexecutable.In the learningandexecutionphase,the entitiesare
first classobjectsthatcontrolprogramscannotonly executebut alsoreasonaboutand
manipulate.Thesecapabilitiesenablerobot learningsystemsto dynamicallyredesign
learningproblems.Wehavealsosketchedtheimplementationof thelearningphaseand
showed how a bootstraplearningmethodcan automaticallycompletea partially de-
finedcontrolprogramby solvingthestatedlearningproblems.Theextensionsthatwe
have presentedareexpressiveenoughto rationallyreconstructmostof theAGILO2001
actionselector. Othercomplex control systemsneedto be implementedusingour ap-
proachandtheconcisenessandexpressivity of our constructsneedto beassessedand
analyzed.We are just startingto incorporateoptimizing learningtechniquessuchas
reinforcementlearninginto our approach.

Weseethemainimpactof our framework alongtwo importantdimensions.Froma
softwareengineeringperspective,thelanguageextensionsallow for transparentimple-
mentationof learningstepsandabstractrepresentationof complex physicalsystems.
Theseaspectsaretypically not adequatelyaddressedin currentcontrolsystems,which
makesthemhardto understandandadaptto new requirementsandconditions.Thesec-
ond dimension,which we find muchmoreexciting, is the useof the framework asa
tool for investigatingmoregeneralandpowerful computationalmodelsof autonomous
robotlearning.Theprogrammabilityof learningsystems,themodifiability of staterep-
resentations,thepossibilityof reparameterizinglearningsystems,andtheexecutability
of learningspecificationswithin theframeworkenablesusto solvecomplex robotlearn-
ing taskswithout humaninteraction.The framework therebyenablesus to investigate
adaptive robotcontrol systemsthat canautonomouslyacquiresophisticatedskills and
competenttaskcontrolmechanismsfor a varietyof performancetasks.
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