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Abstract. The designof Bold Hearts2005 (3D) is motivatedby the SIVE ap-
proachusedn [12, 13], but expandst by developingaconsistenbuild-upmethod-
ology for skills, basedon bottom-uppatternidentificationrestrictedby informa-
tion parsimow principles.The ideais to learnskills carryinga limited amount
of complity (in termsof requiredinformation processingesourcesmeasw
ablewith Shannoninformation)anda hierarchicalbuildup of skills from these
principles.

This methodologynaturallyextendsoutsidethe RoboCupscenaricandwill sene
asa basisfor furthersystematiaesearctin buildup of competenceandskills for
Al systemsaA firstimplementatiorshavs very encouragingesults.

1 Intr oduction

Thestandardapproacho construcistrongRoboCupagentfocuseson creatingspecific
skills and capabilities.Theseare often constructedby the programmewith specific
knowledge aboutpropertiesof the world physicsas simulatedby the soccersener.
This explicit knowledgeby the developerlimits the flexibility and robustnessof the
systemin caseof world changesand,to somedegree, it alsodefeatshe originalaim of
Artificial Intelligence wherethe mainonusis onthe systento learnhow to operaten
a givenervironment.lt is needlesgo saythatRoboCupis a mostprominentexample
for scenarioswvherethis latter perspectie would be desirable— and,aswe believe,
achievable.

Having beenpart of the RoboCupendeaour for a long time, learning hasbeen
introducedas early as[31, 32], but alsoin combinationwith reinforcementearning
[5, 20]. Aswearguedin [13], reinforcementearningmethodsareattractvefor learning
approachebecaus¢hey arehighly generalmathematicallyaccessiblandwell under
stood.This generality however, comesat a price. In large searchspacesthe learning
algorithmsareslow andtheir robustnessndgeneralizabilityis not well controlled.To
alleviatethat,dedicatedlecompositionsf therepresentationf the statespacenave to
be performedthat deconstructhe taskhierarchicallyinto manageablgarts[10], and
this still mostly requiresmanualdecompositionOnly recently approachedegin to
emegethatshov promisingwaysto reducereinforcementearningcompleity with-
out humanintrospection[14, 15]. Still, alarge numberof learningstepsis requiredto



learna morecomplex task.In addition,corvergenceproblemscanarisein continuous
domaingasRoboCup)33].

In [13], adifferentapproacthadbeenused.lt introducedSIVE, whichwasinspired
by mary differentsourceslts original motivation stemsfrom the obsenationthat hu-
mansareableto attainamuchsteepetearningperformancehancomputersvhenfaced
with a new task.As mentionedn [13], whenfacingan autonomouggentteam,a hu-
manteamplayingwith the OpenZengnterfaceat the GermanOper2001,while being
technicallyandtacticallyinferior, shaveda rapidly improving performancendthusa
muchsteepetearningcurve thanary currentavailablelearningsystem.

Note thatherethe humanaccuray in estimatingball positionand performingac-
tionswasnowhereasaccurateasthatof theautonomouseam.Thisis aclearindication
thatthe “exhaustie learning” characterexhibited by typical automatedearningalgo-
rithms is inadequateo obtainthe directednessnd generalizatiorpower that human
learningexhibits. In SIVE, we desiredto mimic someof the propertiesexhibited by
humanlearning:extremelyfastgeneralizatiorand adaptation;holistic” learningand
the capabilityto combineskills. For this purpose the SIVE methodhad beenintro-
ducedcombiningideasandapproachefrom differentareasjn particularfrom pattern
matchingandinformationtheory

This year we go a stepfurther andsystematicallyunroll the requirementghatwe
believe arefundamentaingredientgo informationprocessingequiredby agents.

2 Information and its Rolein Control

SinceBarlow’s andLinsker’s importantresults[3, 22] aboutthe self-oganizationof
perceptiorbasedon principlesfrom informationtheoryandthe universalinformation
quantitiesdiscoreredby Shannor{29] andrelatedto the fundamentaphysicalquan-
tity of entropy [16, 39, therehave beenrepeatedhpproacheso studythe problemof
informationprocessingn the brain(or of biologicalsystemsn generalusinginforma-
tion theory[1, 2, 4, 7, 23, 38]. The power of theseapproachesvas, however, limited,
becaus®neessentiatlementvasmissing:all thesestudiesvereconcentratingpn pas-
sive systemssystemghatwould take in informationasit comesalong,but thathadno
power to modify their universe.

Only recentresearchhasbegun to include the influenceof agentactionson the
information balanceof a systemunderconsideratior{35, 36]. This hasfarreaching
consequencesn fact, it couldberecentlyshavn thatoptimizinginformation-flavsin
the closedperception-actiotoop of an agentwith givenembodimentandlimited in-
formationalresourcesictsasaself-organizatiorprocesgor informationflows; theway
informationpropagateshroughthe system[17, 18, 24] organizestself asto represent
“essential"featuresof theervironment.Usingthis principle,virtually no extraassump-
tions areintroducedinto the systembeyond the naturalembodimenbf the agentand
the requiremenbf informationflow optimization,somethingthatcanbe naturallyde-
fined (evenif not necessarilfto compute)for ary type of agent.The obsenationthat
thelimitation of resourceganforce (Shannon)nformationto “crystallize” into mean-
ingful structureghat captureessentiapropertiesof a system,hasfound its probably
moststriking incarnationin theinformationbottlene& principle [30, 34).



While recovering aspectf the ervironmentcan be done using manifold repre-
sentation8], in generalthereis no guarantedor continuity or symmetrythatcanbe
exploited. Informationalstructureshowever, are omnipresenin a systemthatis not
completelackingstructurethey canbeusedto infer sensomotoricnapsfrom entirely
uninterpretedsensoridnput [25, 26, 27, 28] for a sensomotoricystemascomple as
real AIBO robot.

Why is informationsucha usefulquantity?Onereasons thatit is universal— ary
exchangeof data,no matterwhethetin artificial or in biologicalsystemsis subjectedo
Shannorslaws. Theseconds that,in absencef othercosts(or if variationkeepsother
costsunchanged)biological systemgendto exploit the available“information space”
toits limits [9, 37]. Ontheonehand,informationprocessings “convertible” into other
basicbhiological currenciesg.g.ATP consumptior[21], on the otherhand,it provides
toolsby whichinformationcanbetreateddirectly asa quantifiableJimited resource.

Togetherwith the insightsof the self-olganizedstructuringof information from
the informationbottleneckprinciple[34] aswell asfrom the information-flov studies
[17, 18], this leadsus to the hypothesighat we might be ableto gain accesdo some
of theprinciplesthatunderliebiologicalinformationprocessindpy understandingvhat
happensn termsof informationflowsinsteadof trying to reverseengineetheconcrete
biologicalimplementatiorn detail. Moreover, if thehypothesiss correctthentheprin-
ciple couldactasanapproachor developingAl systemghatcapturesomeof thespirit
of living learningsystemsThis is the main motivationfor our currentmethodology

3 Building Skills via Information-Based Structuring and
Information Parsimony Principles

We have discusse@bove how Shannorinformationcanbe usedasfundamentafjuan-
tity to establishthe relationshipbetweenan agentandits ervironment.This will form

the basisfor the constructionof our Bold Hearts2005team.At this point, we do not
yet have a mechanisnthatallows to build up automaticallya skill hierarchy sowe, as
humanshave to provide the systemwith a suitableskill achiesementhierarchy Even
in nature differentskills aredevelopedat differenttimeswhich are geneticallydeter

mined;in addition,thereis a culturalcomponentteachingwhich determinesheorder
in whichskills arebestiearnt.Here, wewill externallydetermineheskill learningorder
andhierarchy We strive, hawever, to automatizehis in thefuture.

Theessentiaphilosophyof our approachs to build upaworld modelfrom interac-
tion with theworld. Giventhatin the 3D simulator theworld is realizedoy ODE which
simulatesreal physics,the compleity of predictingthe behaiour of the world, even
givenonly theego-agents control,is significantlyhigherthanin the 2D world.

We build up the world model from probing the world in selectedscenariosand
thenusingtheinformationparsimoly principleto minimizethe descriptioncomplexity
of the systemasto still beingableto malke sensiblepredictions.To do so,andto be
ableto treatthe continuousactionspacewe usethe algorithmfrom [6] to implement
a projectionalgorithmthat compactsdatapointsinto manifolds,therebyreducingthe
informationnecessarto representhedata:thisis the principlethatwe call information
parsimony The pricethatis to be paid is anincreasingdistortionfor lessinformation



[seethe original article, 6], andit is tradedoff by judicious use of a (Lagrangian)
parameten.

3.1 Learning Undisturbed Ball Movement

Olviously, the undisturbedball movementis simpleto codedirectly, but we usethe
informationmanifoldapproactconsistentlyevenhereto shav thatthe build-up of pre-
diction andactionskills canbe carriedthroughto all therequiredelements.

We considerandomsamplef sequencefor the movementof the ball, wherewe
measureaw positionaldatafor theball*: z;, ¢4 1, T4 2, . ... Onecouldcompresghis
informationinto a manifold, beingaware of the structureof affine space pf rotational
symmetryandof the propertiesof friction; we will suggesherea possiblemechanism
to achievethat,basednthebowtie principle[11]. Theimplementations currentlystill
donemanually

input

output

Fig. 1. Thebowtie principle[11]. A comple systeminputis translatednto a compactuniversal
representatioandthenretranslatedbackinto the original systemianguage

In thebowtieprinciple, oneconsidersomplex systemsandtheirlargepossiblestate
set. The bowtie itself is thena kind of minimalistic interfacewhich all thesesystems
shareandwhich all systemsanuse,only to translatehe outputsbackinto theoriginal
representationin our scenariowe will usethe bowtie philosophyto managesymme-
tries.At thepresenpoint,thesymmetriesrestill beingidentifiedby hand but methods
arein work to implementautomatiadiscovery andutilization of these.

In the scenarioof the unperturbedall movement the availablesymmetriegwhich
we at this point useexplicitly) arethoseof the affine spaceThe movementis invariant
to ary displacementf thestartingpositionsIn particular themovementicanbeprepro-
cessedby calculatinghesequence;, vi41, Vit2 = Tir1 —Tt, Ter2—Tir1, Ler3 —Tr1,
whichcanbeconsideredhebowtie version becausd collapseghelargesamplespace

11t shouldbe notedthat the dataare calculatednot objectively, but in the subjectve coordi-
natesystemof the agent,andarethusproneto errors,agentdisplacemenbr slip and noise.
Neverthelessthe methodworked well.



for experimentswith differentstartingpositionsinto sequencestartingat the samepo-
sition. Knowing the startingposition, we could reconstructhe original sequencégby
reversingthe operation).

A secondbowtie operations to rotatethevectorsof the sequencéndividually asto
malke thefirst v; to pointin, say z axisdirection.The predictionof v;; from v, then
obviously becomesa muchsimplertask,namelyv;; = T fT~'v;, whereT denotes
therotationof the z axisvector(é,) to matchv; and f now only needsto operateon
a vectoralongone axis, i.e. effectively on a one-dimensionatjuantity Currentlywe
still have to choosethis operationby hand,but we are working on methodsto auto-
maticallyidentify bowtiesvia parsimoly, possiblyby combiningtheapproackrom [8]
with theinformationmanifold approachin the presentcase bowtying is nothingelse
thanremoving well-known spatialsymmetriesrom the data,but in the generalcase,
the presencef suchsymmetriecannotbe assumedanda moregenerabowtying ap-
proachwill becalledfor.

At this point, one could try to reconstructthe generatingmanifold via Takens’
theorem.Here, however, we considerthe sequencef “bowtied” vectors,i.e. T lv,
for all timest. At this point, thereis no obvious bowtying any more. Now the joint
vy, Vg1 pairsaredirectly usedasdatasamplesfrom which aninterrelationin form of
a compressednanifoldis constructedThroughthe repeatedowtying, the sparseness
in thesamplespacehasbeenreducedsignificantly andthe expressvenesof the datais
strong,resultingin pronouncedin this casdinear) manifoldswhich canthensene for
prediction.

3.2 Jumping Ball

A very similar approachis usedfor the vertically moving ball, wherethe sequential
velocitiessplitinto two groups,onethatis relevantif the ball justundegoesabounce,
andthe otheroneis for a free flying ball. (At this point, we still do not considerthe

influenceof otheragentson the ball). Again, aninformationmanifold compressions

undertalenandtheresulting(partial) manifoldsusedfor prediction.

3.3 Player Movement

For the playermovementwe considersampledrom two extremecasesa playerwith
full driving force anda playerwithout ary driving force. This resultsin two branches
of themanifold structurewhichresultin two differentsetsof predictionparameters.

3.4 Kick and Kick Distance

The kick is studiedby having the agentrun towardsthe (resting)ball and permanent
kicking. Oncethe ball deviatesfrom its prediction(namely no movement),it canbe
determinechow the kick strengthand angleinteractwith the post-kick ball velocity.
Again, thisis achiesedby looking at the resultinginformationmanifold.

Fromthis calculation|t is easyto determinghekick distanceHere,however, there
is the problemthat differentrunsof the simulationwill yield differentkick distances,



a problemthat causedBold Hearts2004 (3D) to wastekicks in somesituations.This
problemagaincan be solved by bowtying; however, sincewe do not wish to assume
someexactnatureof thevariationof kick distancethe precisebowtying structureneeds
to be determinecempirically. Oneof the tasksfor the presenteamis to find out how
this canbeachieved.

4 Preliminary Resultsand Open Questions

We have shown thatthe informationparsimoty principle,implementedasinformation
manifold compressiorof sampledataobtainedfrom an agent,can provide powerful
mechanismgo createa world modelfor the agent.The resultingplayershad a very
goodideaof ball movementagent/balinteraction(exceptfor the caseswherethekick
distancevasmisjudgedandmove smoothlyandefficiently towardsthe ball.

At this point, still someaspectof the methodologyrequire manualintervention
whichwe intendto eliminatesuccessiely in the future. Theseare:

1. choosingthe training scenariohierarchy(which, aswe argued,is alsoin general
not naturallygivenin humansandwe believe to be the mostdifficult to getrid of)

2. definingsomeof therequiredbowtie transformationgthis is ongoingresearch)

3. corverting the obtainedmanifoldsinto simple and fastfunctions;for this, there
are alreadysomecandidateapproacheshut one openquestionis how to decom-
posenaturallythe severalappearingnanifoldfragmentsThisis a currentresearch
guestion.
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