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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 ultimate goal is to develop a methodologythat will allow agentsto
learninterpretingsensorsgeneratingactions,then skills and ultimately tactics
andstratgiesfrom basicprincipleswith little prior knowledge.

1 Intr oduction

Many approacheto constructpowerful RoboCupagentsconcentraten creatingspe-
cific skills andcapabilities Theseareoften constructedvith knowledgeaboutspecific
propertieof theworld physicsassimulatedby thesocceisener. Useof explicit knowl-
edgein agentshowever, limits theflexibility androbustnes®f theapproactshouldthe
simulatedworld changeandit makesit difficult to generalizeto otherfields. In addi-
tion, the capabilityof learningis oneof thekey questionsn Atrtificial Intelligenceand
it would thusbe desirableo addresshis questionin the RoboCupcontext.

Learning hasbeenpart of the RoboCupende&our for a long time [11, 12], in
particularin combinationwith reinforcementearning[1, 9]. As we arguedin [3], re-
inforcementlearningmethodsare attractve for learningapproachesecausehey are
highly generalmathematicallyaccessiblendwell understoodThis generality how-
ever, comesat a price. In large searchspacesthe learningalgorithmsare slow and
their robustnessindgeneralizabilityis not well controlled.To alleviate that, dedicated
decompositionsf therepresentationf thestatespacehave to beperformedhatdecon-
structthetaskhierarchicallyinto manageablparts[2]. Still, alargenumberof learning
stepshasto betakento learna morecomplex task.In addition,corvergenceproblems
canarisein continuousdomainsg(asRoboCup)13].

In [3], we suggested differentdifferentapproachWe introducedSIVE, which
wasinspiredby mary differentsourceslts original motivation stemsfrom the obser
vation that humansare ableto attaina much steepeiearningperformancehancom-
puterswhenfacedwith a new task.As mentionedn [3], whenfacinganautonomous
agentteam,a humanteamplaying with the OpenZengnterfaceat the GermanOpen
2001, while beingtechnicallyandtactically inferior, shaved a rapidly improving per
formance.



This, althoughthe humanaccuray in estimatingball positionand performingac-
tionswasnowhereasaccuratesthatof theautonomouseam.Thisis aclearindication
thatthe“exhaustielearning”characteexhibitedby typicallearningalgorithmsis inad-
equateo obtainthe directednesandgeneralizatiorpowerthatwe find in humanlearn-
ing. In SIVE, we desireto mimic someof the propertiesexhibited by humanlearning:
extremelyfastgeneralizatiorand adaptation;'holistic” learningandthe capabilityto
combineskills. For this purposethe SIVE methodhasbeenintroducedthatcombines
ideasand approache$rom differentareaslt hasfirst beenusedin Bold Hearts2003
to train the passingskill. In this year'steamswe will developthe SIVE methodology
further, for two purposes:

1. to build up fundamentaskills for thenew 3D Bold Heartsteamand
2. to furtherdeveloptheskills for the 2D Bold Heartsteam.

2 The SIVE framework

2.1 SIVE recapitulation

Wewill briefly recapitulateSIVE (for moredetails,se€]4]). Thereareseveralimportant
ideasin SIVE:

1. train specificskills asopposedo specifictasks;

2. skills aresuccessiely combinedo attaingoals;

3. skills arelearntin a “holistic” fashion,ascompletepatternsunlike in Reinforce-
mentLearning,wherethey aresplit upinto time slices;

4. trainingconcentratesnthelimits of capabilitiesj.e.casesvhereathereis adegree
of uncertaintywhethera particulargoal canor cannot be attainedare probedin
particulardetail. Casesvherethe predictioncertaintyis high, will notbeanalyzed
in samedetail;

5. while differentheuristicsmay be usedin implementingthe actualpatternlearn-
ing (e.g. Self-OmganizingMaps or SupportVector Machines),the philosophyof
SIVE is information-theoreticalT he guiding principlesarethe separatiorof fac-
torsof influenceandof invariance Theseprincipleshave beenformulatedin terms
of information-theoreticriteria[4]

2.2 Earlier Work

The SIVE methodis inspiredby mary differentsourcesAlthough motivatedby clas-
sicalreinforcementearning[13, 17], it doesnot follow the standardparadigmof time
partitioningandthussequencesf actionsinto equallydistributedintervals;in fact,even
reinforcementearningmodelswith continuougime [16] still do structuretime. Sodo
approachefor analysighatmake useof thetemporalstructureof abehaiour [18].
SIVE doesnotdothat.Insteadijt captureshewholebehaiour sequencasawhole,
classifyingthatbehaviour accordingo its outcomeg.g.successr failure, respectiely.
This (external)classificationcanbe consideredh minimal reinforcementor else,anal-
ogousto a classificatiorproblem.While the supportvectormachineformalism[5, 15]



would have provideda transparenépproactto solve sucha classificatiorproblem for

a numberof conceptuareasonst wasdecidedto develop the approachtself closely
guidedby information-theoreticaperspecties, reducingthe supportvector machine
formalismto a usableheuristicsthatcanbereplacedy othermechanismsor this pur-

poselt shouldbementionedhatthestructurakisk minimizationpropagateéh [15] has
information-theoretigamifications;amongthose,the VC dimensionis obtainedfrom

the sizeof the spaceof the possibleclassificatorconfigurationsThe SIVE frameawork

wasfurthermorenspiredby the explicit modelto computean optimalscoringstratey

developedin [8], thoughit strivesto significantlymoregenerality

Although the concreteimplementationrmay resortto heuristicalapproachesjke
Self-OmganizingMaps and SupportVector Machines theseare incidental;centralas-
pectsof SIVE areto be viewedin the aninformation-theoretidramenork. In [10], it
wasshown that purelyinformation-theoretianeasuresre sufficient to reconstructhe
sensoricstructureof anagent(an AIBO, in this case)without arny prior knowledgeon
thestructureof the sensoricspace.

In [6], agentbehariour is constructedy optimizing information-theoreticriteria,
in particularcertaintypesof informationflow. From theseoptimizations,a variety of
behaiourscanbe constructedn away thatis largely independentf the concretesce-
nario.

2.3 The SIVE Method: Extensions

Intr oduction In Sec.2.1, we gave a brief overview over the SIVE methodologyWe
will notgo into the SIVE methodin detail, but we will repeatsomeof theissuesrom
[3] thatarerelevantfor the Bold Hearts2004teamslt shouldbe mentionedhatbelon
explanationis not intendedto be self-containedbut only for gettingan outline of the
idea.For afull explanationwe referto aforementionedeference.

The SIVE methodincorporatesseveral aspectsit consistsof training individual
skills in explicitly givenscenariosvhich correspondo scenariosetup by coachedor
humanteams Behavioursaretrainedby classifyingthe overall outcomesandthetrain-
ing concentratesn critical (risky) behaiours,wherethe outcomecannotbe predicted
safely Finally, a representatiomms soughtfor the behaiours that attemptsto capture
the propertiesthat affect the outcomeof a behaviour the mostandthosethat affect it
theleast We illustrate SIVE in the concretesettingof a particularRoboCupscenario,
althoughit is by no meandimited to neitherthis scenarionor to RoboCupandwill be
appliedelsavhere.

Classification and Critical Cases As opposedto classicalreinforcementiearning,
SIVE distinguisheghe two casesof captureand loss, but doesnot a priori attribute
utilities to thecasesasclassicaMDP learningmethodsThus,this enablesonsidering
differenttypesof situationsusingthe sameframawork. E.g.,capturingthe ball maybe
considered'success’if the catcheris our teammateor “failure” if the catcheris our
opponent.

Anotheraspecbf SIVE is thatonly “critical” (“interesting”,“risky”) behaioursare
consideredE.qg.,in our scenarioSIVE ignoreskicks wherethe ball is alwayscaptured



or alwayslost by the catcherInstead SIVE concentratesn kicks wherethe outcome
(captureor loss)cannotbe safelypredicted By concentratingheactionsonthecritical
region, SIVE aimsat establishinghe boundarybetweerthe differentoutcomeclasses.
As opposedo classicaklassificatiormethodsSIVE exploitsthefactthattheagentcan
actively probethe critical regionsanddoesnot have to restrictitself to a givensample
of trainingdata.

Variants and Invariants On this setof critical behaiours, SIVE proceedso find ad-
ditional structureTo beableto generalizeit is usefulto know whicharethe parameters
thatmostpredictive for the outcomeof anaction(varianty andwhich aremostinsen-
sitive to thatoutcome(invariantg. Thevariantstell theagentwhich aspecbf anaction
is mostimportantfor achieving a particularoutcome.Note that the invariantsare of
specificinterestfor the SIVE method.Without being able to presentlygo into more
detail in the presentteamdescription,it shouldbe notedthat they containimportant
additionalinformationaboutthe structureof the problemthatcanbe usedto compress
informationattainedn onecontext to beusedin a differentcontext.

Givenasetof “critical” datamodeledby arandonvariableX andits outcomeclass
modeledby a randomvariable R, the variantsandinvariantsare obtainedby seeking
an information-preservingransformationl’ : X — Z, x Z; suchthat, if we write
T(X) = Z = (Z,, Z;), thenthe transformedandomvariable Z, becomesa variant
andthetransformedandonvariableZ; becomesninvariant.ldeally, we wouldrequire
T suchthat

I(X;2) = (X Zy, Z;) = H(X) (informationpreseration), (1)
1(z, R) = ( R) (variantproperty) (2)
I(Z;;R) = (invariantproperty) 3)
I(Z,;Z;)=0 (independence) (4)

Theinformationpreservatiorpropertyrequireghatthetransformatiorwill notlose
ary informationaboutthe structureof the original data.The variant propertyrequires
thatthetransformationdentifiesavariantparamete¥,, whichis aspredictveaboutthe
outcomeof theactionastheoriginal data.Theinvariant propertyseparateaninvariant
parametetZ; which is completelyinsensitve to the outcome.Finally, the variantand
invariantareto be completelyindependento remove redundancies.

It cannotbe expectedthatin a real-world constellationall thesepropertiesbe ful-
filled or even a suitabletransformatiorbe practically identifiable.So, for a practical
applicationthe equationg(1)-(4) areto be modified asto seeka transformatiornthat
maximizesheleft-handsideof (1) and(2) andminimizesthe left-handsideof (3) and
(4). SinceX is in generala continuous-aluedvariable,for the maximizationof (1) to
make sensea suitablenormalizationof the transformatior(e.qg.fixed variance)hasto
beassumed.

Evenin the form of an optimizationtaskit is often still not possibleto fulfil all
the propertiesat once.Thereare differentpossibleapproacheso solve that problem.
Oneway is to formulatea Lagrangianoptimizationproblemnot unlike that of the In-
formation Bottleneckscenarioof [14]. The otherapproachs to usea multiobjective
optimizationmethod e.g.EvolutionaryAlgorithms.



In [3], the situationwas so simple that a straightforward heuristicapproachwas
chosento performan approximatve SIVE decompositioralong the requirementof
Egs.(1)-(4). Thisdoesnotlimit the generalityof the principle.

3 Currentdevelopmentsin the SIVE framework

The framewnork above hasonly beenstartedto be appliedin Bold Hearts2003. The
full generalityhasnot yet beenused. The acquisitionof the passingskill required
a 2-dimensionakeparatomanifold in a 3-dimensionakpaceto implementthe vari-
ant/invariantseparationHowever, in general,onewill needhigherdimensionakepa-
rators.To achieve that, the presentskills will beimplementedusinghierarchicalSelf-
OrganizingMapsor supportvectormachines.

Anothergoalis to probethe generalizatiorcapability of SIVE. Oneof the advan-
tagesof the approachis thatthe variants/ivariantsdecompositioris expectedto sepa-
rateout what propertiesareessentiafor solvinga taskandwhich areincidental.Bold
Hearts2003hadbeentrainedonly againsta singleteam.This year’s 2D teamwill also
usea differentteamto train againstandtherebystudy how the differencein stratey
will reflectin thevariantsandinvariants.This,ontheotherhand will shedight onhow
generalizatiortanbe automatedn thelearningprocessn agents.

We will usethe SIVE framework alsoto developthe 3D teamskills. It is ervisaged
to baseeventhe 3D world modelreconstructiorin the framework of SIVE (similarly
to[10]). If thatturnsoutto beinfeasible thenfor this yearsteamtheworld modelwill
bereconstructedthy hand,andthe passingskill will betrainedusingSIVE, similarly to
lastyearsteam.

A new additionto the SIVE framework is the empowermentonceptwhichis cur-
rently beingdevelopedin conjunctionwith the information-theoreticahgentanalysis
studiesin [6, 10]. Here,oneattemptsto optimizethe informationflow from actuators
to sensorsyhich cangive riseto the “discovery” of new (evenhigherlevel) modesof
behaiour. Thegoalis to attemptto usethis empavermentconcepin thedevelopment
of new skills andin therefinemenbf existing skills for RoboCupagents.
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