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Abstract. The designof Bold Hearts2005(3D) is motivatedby the SIVE ap-
proachusedin [12, 13],butexpandsit bydevelopingaconsistentbuild-upmethod-
ology for skills, basedon bottom-uppatternidentificationrestrictedby informa-
tion parsimony principles.The ideais to learnskills carryinga limited amount
of complexity (in termsof requiredinformationprocessingresources,measur-
ablewith Shannoninformation)anda hierarchicalbuildup of skills from these
principles.
ThismethodologynaturallyextendsoutsidetheRoboCupscenarioandwill serve
asa basisfor furthersystematicresearchin buildup of competenceandskills for
AI systems.A first implementationshows veryencouragingresults.

1 Intr oduction

Thestandardapproachto constructstrongRoboCupagentsfocusesoncreatingspecific
skills and capabilities.Theseare often constructedby the programmerwith specific
knowledgeaboutpropertiesof the world physicsas simulatedby the soccerserver.
This explicit knowledgeby the developerlimits the flexibility and robustnessof the
systemin caseof world changes,and,to somedegree,it alsodefeatstheoriginalaimof
Artificial Intelligence,wherethemainonusis on thesystemto learnhow to operatein
a givenenvironment.It is needlessto saythatRoboCupis a mostprominentexample
for scenarioswherethis latter perspective would be desirable— and,aswe believe,
achievable.

Having beenpart of the RoboCupendeavour for a long time, learning hasbeen
introducedasearly as [31, 32], but also in combinationwith reinforcementlearning
[5, 20]. As wearguedin [13], reinforcementlearningmethodsareattractivefor learning
approachesbecausethey arehighly general,mathematicallyaccessibleandwell under-
stood.This generality, however, comesat a price. In largesearchspaces,the learning
algorithmsareslow andtheir robustnessandgeneralizabilityis not well controlled.To
alleviatethat,dedicateddecompositionsof therepresentationof thestatespacehaveto
be performedthat deconstructthe taskhierarchicallyinto manageableparts[10], and
this still mostly requiresmanualdecomposition.Only recently, approachesbegin to
emerge that show promisingwaysto reducereinforcementlearningcomplexity with-
out humanintrospection[14, 15]. Still, a largenumberof learningstepsis requiredto



learna morecomplex task.In addition,convergenceproblemscanarisein continuous
domains(asRoboCup)[33].

In [13], adifferentapproachhadbeenused.It introducedSIVE, whichwasinspired
by many differentsources.Its original motivationstemsfrom theobservationthathu-
mansareableto attainamuchsteeperlearningperformancethancomputerswhenfaced
with a new task.As mentionedin [13], whenfacinganautonomousagentteam,a hu-
manteamplayingwith theOpenZenginterfaceat theGermanOpen2001,while being
technicallyandtacticallyinferior, showeda rapidly improving performanceandthusa
muchsteeperlearningcurvethanany currentavailablelearningsystem.

Note thatherethehumanaccuracy in estimatingball positionandperformingac-
tionswasnowhereasaccurateasthatof theautonomousteam.This is aclearindication
that the “exhaustive learning”characterexhibitedby typical automatedlearningalgo-
rithms is inadequateto obtain the directednessandgeneralizationpower that human
learningexhibits. In SIVE, we desiredto mimic someof the propertiesexhibited by
humanlearning:extremelyfastgeneralizationandadaptation,“holistic” learningand
the capability to combineskills. For this purpose,the SIVE methodhad beenintro-
ducedcombiningideasandapproachesfrom differentareas,in particularfrom pattern
matchingandinformationtheory.

This year, we go a stepfurtherandsystematicallyunroll the requirementsthatwe
believearefundamentalingredientsto informationprocessingrequiredby agents.

2 Inf ormation and its Role in Control

SinceBarlow’s andLinsker’s importantresults[3, 22] aboutthe self-organizationof
perceptionbasedon principlesfrom informationtheoryandtheuniversalinformation
quantitiesdiscoveredby Shannon[29] andrelatedto the fundamentalphysicalquan-
tity of entropy [16, 39], therehave beenrepeatedapproachesto studytheproblemof
informationprocessingin thebrain(or of biologicalsystemsin general)usinginforma-
tion theory[1, 2, 4, 7, 23, 38]. Thepower of theseapproacheswas,however, limited,
becauseoneessentialelementwasmissing:all thesestudieswereconcentratingonpas-
sivesystems,systemsthatwould take in informationasit comesalong,but thathadno
power to modify their universe.

Only recentresearchhasbegun to include the influenceof agentactionson the
information balanceof a systemunderconsideration[35, 36]. This hasfar-reaching
consequences.In fact,it couldberecentlyshown thatoptimizinginformation-flowsin
the closedperception-actionloop of an agentwith givenembodimentandlimited in-
formationalresourcesactsasaself-organizationprocessfor informationflows; theway
informationpropagatesthroughthesystem[17, 18, 24] organizesitself asto represent
“essential”featuresof theenvironment.Usingthisprinciple,virtually noextraassump-
tions areintroducedinto the systembeyond thenaturalembodimentof the agentand
therequirementof informationflow optimization,somethingthatcanbenaturallyde-
fined (even if not necessarilyto compute)for any type of agent.The observation that
thelimitation of resourcescanforce(Shannon)informationto “crystallize” into mean-
ingful structuresthat captureessentialpropertiesof a system,hasfound its probably
moststriking incarnationin the informationbottleneck principle [30, 34].



While recovering aspectsof the environmentcan be doneusing manifold repre-
sentation[8], in general,thereis no guaranteefor continuityor symmetrythat canbe
exploited. Informationalstructures,however, areomnipresentin a systemthat is not
completelylackingstructure;they canbeusedto infer sensomotoricmapsfrom entirely
uninterpretedsensoricinput [25, 26, 27, 28] for a sensomotoricsystemascomplex as
realAIBO robot.

Why is informationsuchausefulquantity?Onereasonis thatit is universal— any
exchangeof data,nomatterwhetherin artificial or in biologicalsystems,is subjectedto
Shannon’slaws.Thesecondis that,in absenceof othercosts(or if variationkeepsother
costsunchanged),biologicalsystemstendto exploit theavailable“information space”
to its limits [9, 37]. Ontheonehand,informationprocessingis “convertible” into other
basicbiologicalcurrencies,e.g.ATP consumption[21], on theotherhand,it provides
toolsby which informationcanbetreateddirectlyasa quantifiable,limited resource.

Togetherwith the insightsof the self-organizedstructuringof information from
the informationbottleneckprinciple [34] aswell asfrom the information-flow studies
[17, 18], this leadsus to the hypothesisthatwe might beableto gain accessto some
of theprinciplesthatunderliebiologicalinformationprocessingby understandingwhat
happensin termsof informationflowsinsteadof trying to reverseengineertheconcrete
biologicalimplementationin detail.Moreover, if thehypothesisis correct,thentheprin-
ciplecouldactasanapproachfor developingAI systemsthatcapturesomeof thespirit
of living learningsystems.This is themainmotivationfor our currentmethodology.

3 Building Skills via Inf ormation-BasedStructuring and
Inf ormation Parsimony Principles

We havediscussedabovehow Shannoninformationcanbeusedasfundamentalquan-
tity to establishtherelationshipbetweenanagentandits environment.This will form
the basisfor the constructionof our Bold Hearts2005team.At this point, we do not
yet have a mechanismthatallows to build up automaticallya skill hierarchy, sowe,as
humanshave to provide the systemwith a suitableskill achievementhierarchy. Even
in nature,differentskills aredevelopedat differenttimeswhich aregeneticallydeter-
mined;in addition,thereis aculturalcomponent(teaching)whichdeterminestheorder
in whichskills arebestlearnt.Here,wewill externallydeterminetheskill learningorder
andhierarchy. We strive,however, to automatizethis in thefuture.

Theessentialphilosophyof ourapproachis to build upaworld modelfrom interac-
tion with theworld.Giventhatin the3D simulator, theworld is realizedby ODEwhich
simulatesreal physics,the complexity of predictingthe behaviour of the world, even
givenonly theego-agent’scontrol,is significantlyhigherthanin the2D world.

We build up the world model from probing the world in selectedscenariosand
thenusingtheinformationparsimony principleto minimizethedescriptioncomplexity
of the systemasto still beingableto make sensiblepredictions.To do so,andto be
ableto treatthecontinuousactionspace,we usethealgorithmfrom [6] to implement
a projectionalgorithmthat compactsdatapointsinto manifolds,therebyreducingthe
informationnecessaryto representthedata:thisis theprinciplethatwecall information
parsimony. Theprice that is to bepaid is an increasingdistortionfor lessinformation



[seethe original article, 6], and it is tradedoff by judicious useof a (Lagrangian)
parameter

�
.

3.1 Learning Undisturbed Ball Movement

Obviously, the undisturbedball movementis simple to codedirectly, but we usethe
informationmanifoldapproachconsistentlyevenhereto show thatthebuild-upof pre-
dictionandactionskills canbecarriedthroughto all therequiredelements.

We considerrandomsamplesof sequencesfor themovementof theball, wherewe
measureraw positionaldatafor theball1: ���������	��
������	��
�������� . Onecouldcompressthis
informationinto a manifold,beingawareof thestructureof affine space,of rotational
symmetryandof thepropertiesof friction; we will suggestherea possiblemechanism
to achievethat,basedonthebowtie principle[11]. Theimplementationis currentlystill
donemanually.

output

input

Fig.1. Thebowtie principle[11]. A complex systeminput is translatedinto a compactuniversal
representationandthenretranslatedbackinto theoriginal systemlanguage

In thebowtieprinciple, oneconsiderscomplex systemsandtheir largepossiblestate
set.The bowtie itself is thena kind of minimalistic interfacewhich all thesesystems
shareandwhichall systemscanuse,only to translatetheoutputsbackinto theoriginal
representation.In our scenario,we will usethebowtie philosophyto managesymme-
tries.At thepresentpoint,thesymmetriesarestill beingidentifiedby hand,but methods
arein work to implementautomaticdiscoveryandutilization of these.

In thescenarioof theunperturbedball movement,theavailablesymmetries(which
we at this point useexplicitly) arethoseof theaffine space.Themovementis invariant
to any displacementof thestartingpositions.In particular, themovementcanbeprepro-
cessedbycalculatingthesequence� � ��� �	��
 ��� �	��
�� � �	��
�� � � ��� �	��
�� � �	��
 ��� �	����� � �	��
 ,
whichcanbeconsideredthebowtie version,becauseit collapsesthelargesamplespace

1 It shouldbe notedthat the dataarecalculatednot objectively, but in the subjective coordi-
natesystemof the agent,andarethusproneto errors,agentdisplacementor slip andnoise.
Nevertheless,themethodworkedwell.



for experimentswith differentstartingpositionsinto sequencesstartingat thesamepo-
sition. Knowing the startingposition,we could reconstructthe original sequence(by
reversingtheoperation).

A secondbowtie operationis to rotatethevectorsof thesequenceindividually asto
make thefirst � � to point in, say, � axisdirection.Thepredictionof � �	��
 from � � then
obviously becomesa muchsimplertask,namely � �	��
 �

������� 

� � , where

�
denotes

the rotationof the � axisvector( ��
	 ) to match � � and
�

now only needsto operateon
a vectoralongoneaxis, i.e. effectively on a one-dimensionalquantity. Currentlywe
still have to choosethis operationby hand,but we areworking on methodsto auto-
maticallyidentify bowtiesvia parsimony, possiblyby combiningtheapproachfrom [8]
with the informationmanifoldapproach.In thepresentcase,bowtying is nothingelse
thanremoving well-known spatialsymmetriesfrom the data,but in the generalcase,
thepresenceof suchsymmetriescannotbeassumed,anda moregeneralbowtying ap-
proachwill becalledfor.

At this point, one could try to reconstructthe generatingmanifold via Takens’
theorem.Here,however, we considerthe sequenceof “bowtied” vectors,i.e.

��� 

� �

for all times � . At this point, thereis no obvious bowtying any more.Now the joint
� � ��� �	��
 pairsaredirectly usedasdatasamples,from which aninterrelationin form of
a compressedmanifold is constructed.Throughtherepeatedbowtying, thesparseness
in thesamplespacehasbeenreducedsignificantly, andtheexpressivenessof thedatais
strong,resultingin pronounced(in this caselinear)manifoldswhichcanthenserve for
prediction.

3.2 Jumping Ball

A very similar approachis usedfor the vertically moving ball, wherethe sequential
velocitiessplit into two groups,onethatis relevantif theball just undergoesa bounce,
andthe otheroneis for a free flying ball. (At this point, we still do not considerthe
influenceof otheragentson theball). Again, an informationmanifoldcompressionis
undertakenandtheresulting(partial)manifoldsusedfor prediction.

3.3 Player Movement

For theplayermovement,we considersamplesfrom two extremecases,a playerwith
full driving forceanda playerwithout any driving force.This resultsin two branches
of themanifoldstructure,which resultin two differentsetsof predictionparameters.

3.4 Kick and Kick Distance

The kick is studiedby having the agentrun towardsthe (resting)ball andpermanent
kicking. Oncethe ball deviatesfrom its prediction(namely, no movement),it canbe
determinedhow the kick strengthandangleinteractwith the post-kickball velocity.
Again, this is achievedby lookingat theresultinginformationmanifold.

Fromthiscalculation,it is easyto determinethekick distance.Here,however, there
is theproblemthatdifferentrunsof thesimulationwill yield differentkick distances,



a problemthat causedBold Hearts2004(3D) to wastekicks in somesituations.This
problemagaincanbe solved by bowtying; however, sincewe do not wish to assume
someexactnatureof thevariationof kick distance,theprecisebowtyingstructureneeds
to bedeterminedempirically. Oneof the tasksfor thepresentteamis to find out how
this canbeachieved.

4 Preliminary Resultsand OpenQuestions

We have shown thatthe informationparsimony principle,implementedasinformation
manifold compressionof sampledataobtainedfrom an agent,canprovide powerful
mechanismsto createa world model for the agent.The resultingplayershada very
goodideaof ball movement,agent/ballinteraction(exceptfor thecaseswherethekick
distancewasmisjudged)andmovesmoothlyandefficiently towardstheball.

At this point, still someaspectsof the methodologyrequiremanualintervention
whichwe intendto eliminatesuccessively in thefuture.Theseare:

1. choosingthe training scenariohierarchy(which, aswe argued,is alsoin general
notnaturallygivenin humansandwebelieve to bethemostdifficult to getrid of)

2. definingsomeof therequiredbowtie transformations(this is ongoingresearch)
3. converting the obtainedmanifoldsinto simple and fast functions;for this, there

arealreadysomecandidateapproaches,but oneopenquestionis how to decom-
posenaturallytheseveralappearingmanifoldfragments.This is acurrentresearch
question.
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