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Abstract. In our currentteamsBold Hearts2004(2D and3D), we seekto fur-
ther the developmentof the SIVE methodusedin Bold Hearts2003 to learn
skills. The ultimategoal is to develop a methodologythat will allow agentsto
learn interpretingsensors,generatingactions,thenskills andultimately tactics
andstrategiesfrom basicprincipleswith little prior knowledge.

1 Intr oduction

Many approachesto constructpowerful RoboCupagentsconcentrateon creatingspe-
cific skills andcapabilities.Theseareoftenconstructedwith knowledgeaboutspecific
propertiesof theworld physicsassimulatedby thesoccerserver. Useof explicit knowl-
edgein agents,however, limits theflexibility androbustnessof theapproachshouldthe
simulatedworld changeandit makesit difficult to generalizeto otherfields. In addi-
tion, thecapabilityof learningis oneof thekey questionsin Artificial Intelligence,and
it would thusbedesirableto addressthis questionin theRoboCupcontext.

Learninghasbeenpart of the RoboCupendeavour for a long time [11, 12], in
particularin combinationwith reinforcementlearning[1, 9]. As we arguedin [3], re-
inforcementlearningmethodsareattractive for learningapproachesbecausethey are
highly general,mathematicallyaccessibleandwell understood.This generality, how-
ever, comesat a price. In large searchspaces,the learningalgorithmsare slow and
their robustnessandgeneralizabilityis not well controlled.To alleviatethat,dedicated
decompositionsof therepresentationof thestatespacehaveto beperformedthatdecon-
structthetaskhierarchicallyinto manageableparts[2]. Still, a largenumberof learning
stepshasto betakento learna morecomplex task.In addition,convergenceproblems
canarisein continuousdomains(asRoboCup)[13].

In [3], we suggesteda differentdifferent approach.We introducedSIVE, which
wasinspiredby many differentsources.Its original motivationstemsfrom theobser-
vation that humansareableto attaina muchsteeperlearningperformancethancom-
puterswhenfacedwith a new task.As mentionedin [3], whenfacinganautonomous
agentteam,a humanteamplaying with the OpenZenginterfaceat the GermanOpen
2001,while beingtechnicallyandtactically inferior, showeda rapidly improving per-
formance.



This, althoughthehumanaccuracy in estimatingball positionandperformingac-
tionswasnowhereasaccurateasthatof theautonomousteam.This is aclearindication
thatthe“exhaustivelearning”characterexhibitedby typical learningalgorithmsis inad-
equateto obtainthedirectednessandgeneralizationpowerthatwefind in humanlearn-
ing. In SIVE, we desireto mimic someof thepropertiesexhibitedby humanlearning:
extremelyfastgeneralizationandadaptation,“holistic” learningandthe capabilityto
combineskills. For this purpose,theSIVE methodhasbeenintroducedthatcombines
ideasandapproachesfrom differentareas.It hasfirst beenusedin Bold Hearts2003
to train thepassingskill. In this year’s teams,we will developtheSIVE methodology
further, for two purposes:

1. to build up fundamentalskills for thenew 3D Bold Heartsteamand
2. to furtherdeveloptheskills for the2D Bold Heartsteam.

2 The SIVE framework

2.1 SIVE recapitulation

Wewill briefly recapitulateSIVE (for moredetails,see[4]). Thereareseveralimportant
ideasin SIVE:

1. trainspecificskills asopposedto specifictasks;
2. skills aresuccessively combinedto attaingoals;
3. skills arelearntin a “holistic” fashion,ascompletepatterns,unlike in Reinforce-

mentLearning,wherethey aresplit up into timeslices;
4. trainingconcentratesonthelimits of capabilities,i.e.caseswhereathereis adegree

of uncertaintywhethera particulargoal canor cannot be attainedareprobedin
particulardetail.Caseswherethepredictioncertaintyis high,will not beanalyzed
in samedetail;

5. while differentheuristicsmay be usedin implementingthe actualpatternlearn-
ing (e.g. Self-OrganizingMaps or SupportVectorMachines),the philosophyof
SIVE is information-theoretical.The guiding principlesarethe separationof fac-
torsof influenceandof invariance.Theseprincipleshavebeenformulatedin terms
of information-theoreticcriteria[4]

2.2 Earlier Work

TheSIVE methodis inspiredby many differentsources.Althoughmotivatedby clas-
sical reinforcementlearning[13, 17], it doesnot follow thestandardparadigmof time
partitioningandthussequencesof actionsinto equallydistributedintervals;in fact,even
reinforcementlearningmodelswith continuoustime [16] still do structuretime.Sodo
approachesfor analysisthatmakeuseof thetemporalstructureof abehaviour [18].

SIVE doesnotdothat.Instead,it capturesthewholebehavioursequenceasawhole,
classifyingthatbehaviour accordingto its outcome,e.g.successor failure, respectively.
This (external)classificationcanbeconsidereda minimal reinforcement,or else,anal-
ogousto a classificationproblem.While thesupportvectormachineformalism[5, 15]



would haveprovideda transparentapproachto solve sucha classificationproblem,for
a numberof conceptualreasonsit wasdecidedto develop the approachitself closely
guidedby information-theoreticalperspectives,reducingthe supportvectormachine
formalismto ausableheuristicsthatcanbereplacedby othermechanismsfor this pur-
pose.It shouldbementionedthatthestructuralrisk minimizationpropagatedin [15] has
information-theoreticramifications;amongthose,theVC dimensionis obtainedfrom
thesizeof thespaceof thepossibleclassificatorconfigurations.TheSIVE framework
wasfurthermoreinspiredby theexplicit modelto computeanoptimalscoringstrategy
developedin [8], thoughit strivesto significantlymoregenerality.

Although the concreteimplementationmay resortto heuristicalapproaches,like
Self-OrganizingMapsandSupportVectorMachines,theseareincidental;centralas-
pectsof SIVE areto be viewed in the an information-theoreticframework. In [10], it
wasshown thatpurely information-theoreticmeasuresaresufficient to reconstructthe
sensoricstructureof anagent(anAIBO, in this case)without any prior knowledgeon
thestructureof thesensoricspace.

In [6], agentbehaviour is constructedby optimizinginformation-theoreticcriteria,
in particularcertaintypesof informationflow. From theseoptimizations,a variety of
behaviourscanbeconstructedin a way thatis largely independentof theconcretesce-
nario.

2.3 The SIVE Method: Extensions

Intr oduction In Sec.2.1,we gave a brief overview over theSIVE methodology. We
will not go into theSIVE methodin detail,but we will repeatsomeof theissuesfrom
[3] thatarerelevantfor theBold Hearts2004teams.It shouldbementionedthatbelow
explanationis not intendedto beself-contained,but only for gettinganoutlineof the
idea.For a full explanation,we referto aforementionedreference.

The SIVE methodincorporatesseveral aspects.It consistsof training individual
skills in explicitly givenscenarioswhichcorrespondto scenariossetupby coachesfor
humanteams.Behavioursaretrainedby classifyingtheoveralloutcomesandthetrain-
ing concentratesoncritical (risky) behaviours,wheretheoutcomecannotbepredicted
safely. Finally, a representationis soughtfor the behaviours that attemptsto capture
the propertiesthat affect the outcomeof a behaviour the mostandthosethat affect it
the least. We illustrateSIVE in theconcretesettingof a particularRoboCupscenario,
althoughit is by nomeanslimited to neitherthis scenario,nor to RoboCupandwill be
appliedelsewhere.

Classification and Critical Cases As opposedto classicalreinforcementlearning,
SIVE distinguishesthe two casesof captureand loss,but doesnot a priori attribute
utilities to thecases,asclassicalMDP learningmethods.Thus,thisenablesconsidering
differenttypesof situationsusingthesameframework. E.g.,capturingtheball maybe
considered“success”if the catcheris our teammateor “f ailure” if the catcheris our
opponent.

Anotheraspectof SIVE is thatonly “critical” (“interesting”,“risky”) behavioursare
considered.E.g.,in our scenario,SIVE ignoreskickswheretheball is alwayscaptured



or alwayslost by thecatcher. Instead,SIVE concentrateson kicks wheretheoutcome
(captureor loss)cannotbesafelypredicted.By concentratingtheactionsonthecritical
region,SIVE aimsat establishingtheboundarybetweenthedifferentoutcomeclasses.
As opposedto classicalclassificationmethods,SIVE exploitsthefactthattheagentcan
actively probethecritical regionsanddoesnot have to restrictitself to a givensample
of trainingdata.

Variants and Invariants On this setof critical behaviours,SIVE proceedsto find ad-
ditionalstructure.To beableto generalize,it is usefulto know whicharetheparameters
thatmostpredictive for theoutcomeof anaction(variants) andwhich aremostinsen-
sitive to thatoutcome(invariants). Thevariantstell theagentwhichaspectof anaction
is most importantfor achieving a particularoutcome.Note that the invariantsareof
specificinterestfor the SIVE method.Without being able to presentlygo into more
detail in the presentteamdescription,it shouldbe notedthat they containimportant
additionalinformationaboutthestructureof theproblemthatcanbeusedto compress
informationattainedin onecontext to beusedin a differentcontext.

Givenasetof “critical” datamodeledby arandomvariable
�

andits outcomeclass
modeledby a randomvariable � , the variantsandinvariantsareobtainedby seeking
an information-preservingtransformation�������
	���
�	�� suchthat, if we write��� ��������� � � ��� � � � , thenthe transformedrandomvariable
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� � � � � �"�'(

(invariantproperty) (3)�
� � � �$� � �"�'(

(independence) (4)

Theinformationpreservationpropertyrequiresthatthetransformationwill not lose
any informationaboutthestructureof theoriginal data.Thevariant propertyrequires
thatthetransformationidentifiesavariantparameter

� � whichis aspredictiveaboutthe
outcomeof theactionastheoriginaldata.Theinvariantpropertyseparatesaninvariant
parameter

� � which is completelyinsensitive to theoutcome.Finally, thevariantand
invariantareto becompletelyindependentto removeredundancies.

It cannotbeexpectedthat in a real-world constellationall thesepropertiesbe ful-
filled or even a suitabletransformationbe practically identifiable.So, for a practical
applicationthe equations(1)-(4) are to be modified as to seeka transformationthat
maximizestheleft-handsideof (1) and(2) andminimizestheleft-handsideof (3) and
(4). Since

�
is in generala continuous-valuedvariable,for themaximizationof (1) to

make sense,a suitablenormalizationof the transformation(e.g.fixedvariance)hasto
beassumed.

Even in the form of an optimizationtask it is often still not possibleto fulfil all
the propertiesat once.Therearedifferentpossibleapproachesto solve that problem.
Oneway is to formulatea Lagrangianoptimizationproblemnot unlike thatof the In-
formationBottleneckscenarioof [14]. The otherapproachis to usea multiobjective
optimizationmethod,e.g.EvolutionaryAlgorithms.



In [3], the situationwas so simple that a straightforward heuristicapproachwas
chosento performan approximative SIVE decompositionalong the requirementsof
Eqs.(1)-(4). Thisdoesnot limit thegeneralityof theprinciple.

3 Curr ent developmentsin the SIVE framework

The framework above hasonly beenstartedto be appliedin Bold Hearts2003.The
full generalityhas not yet beenused.The acquisitionof the passingskill required
a 2-dimensionalseparatormanifold in a 3-dimensionalspaceto implementthe vari-
ant/invariantseparation.However, in general,onewill needhigher-dimensionalsepa-
rators.To achieve that, thepresentskills will be implementedusinghierarchicalSelf-
OrganizingMapsor supportvectormachines.

Anothergoal is to probethegeneralizationcapabilityof SIVE. Oneof theadvan-
tagesof theapproachis that thevariants/invariantsdecompositionis expectedto sepa-
rateout whatpropertiesareessentialfor solvinga taskandwhich areincidental.Bold
Hearts2003hadbeentrainedonly againsta singleteam.This year’s2D teamwill also
usea differentteamto train againstandtherebystudyhow the differencein strategy
will reflectin thevariantsandinvariants.This,ontheotherhand,will shedlight onhow
generalizationcanbeautomatedin thelearningprocessin agents.

We will usetheSIVE framework alsoto developthe3D teamskills. It is envisaged
to baseeven the3D world modelreconstructionin the framework of SIVE (similarly
to [10]). If thatturnsout to beinfeasible,thenfor thisyear’s teamtheworld modelwill
bereconstructedby hand,andthepassingskill will betrainedusingSIVE, similarly to
lastyear’s team.

A new additionto theSIVE framework is theempowermentconceptwhich is cur-
rently beingdevelopedin conjunctionwith the information-theoreticalagentanalysis
studiesin [6, 10]. Here,oneattemptsto optimizethe informationflow from actuators
to sensors,which cangive riseto the“discovery” of new (evenhigher-level) modesof
behaviour. Thegoalis to attemptto usethis empowermentconceptin thedevelopment
of new skills andin therefinementof existingskills for RoboCupagents.
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