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Abstract. Inthispapemwe presentinovel information-theoretieneasuref spa-
tiotemporalcoordinatiorin amodularroboticsystemanduseit asafitnessfunc-
tion in evolving the system.This approachexemplifiesa nev methodologyfor-
malizing co-evolution in multi-agentadaptve systemsinformation-driven evo-
lutionary design.The methodologyattemptgo link togetherdifferentaspectof
informationtransferinvolved in adaptve systemsand suggestdo approximate
directtask-specifiditnessfunctionswith intrinsic selectionpressuredn particu-
lar, theinformation-theoretieneasuref coordinatioremployedin thiswork esti-
mateshegeneralizedorrelationentrory K> andthegeneralizedxcessentrory
FE, computedover a multivariatetime seriesof actuators’states The simulated
modularrobotic systemevolved accordingto the nev measuresxhibits regular
locomotionandperformswell in challengingerrains.

1 Introduction

Innovationsin distributed sensorand actuatortechnologiesas well as advancesin
multi-agentcontroltheoryandstudiesof self-oiganization supportrapidgrowth in ap-
plicationsof comple adaptve multi-agentsystemgMAS), suchasmodularrobotics,
multi-robotteams self-assemblyetc.In particular modularrobotsbuilt of severalsim-
ilar building blocks(modules)ecomanoreandmoreattractve dueto high versatility
in their shapes|ocomotionmodes tasks,and manipulationabilities [3, 26,22,21,7].
Thismulti-facetedsersatilityincreasesobustnessadaptabilityandscalabilityrequired
in practicalsystemsrangingfrom searchandrescueto spaceexploration. Thesere-
quirementsareachiezedthroughadistribution of sensingactuatiorandcomputational
capabilitiesthroughoutthe MAS suchasa modularrobotic system.This distribution
forms a complex multi-agentnetwork, enablingthe desiredresponseto self-oganize
within the systemwithout centralcontrol. However, the main challengewith develop-
ing aself-oiganizingMAS is adesignmethodologyfor systematicallynter-connecting
asetof globalsystem-lgel tasks functions,etc.with localizedsensorsbehaiors, and
actuators.

In this paperwe further develop sucha methodologyoriginally sketchedin [14],
aiming at formalizing “tasklessadaptation”of co-evolving multiple agents(robotic
modules,network nodes,swarm elementsgtc.). The co-evolution canbe achieved in



two ways: via task-specificobjectives or via genericintrinsic selectioncriteria. The
genericinformation-theoreticcriteria may vary in their emphasisfor example, we
mayfocuson maximizationof informationtransferin perception-actiotoops[11,12];
minimizationof heterogeneityn agentstatesmeasuredvith the varianceof the rule-
spaces entrofy [25,17] or Boltzmannentrofy in swarm-bots’states[1]; stability of
multi-agenthierarchie§17]; efficiengy of computation(computationatomplexity); ef-
ficiengy of communicatioriopologieq15, 16]; efficiency of locomotionanddistributed
actuation[14,6,22,21], etc. The solutionsobtainedby information-driven evolution
can be judgedby their degree of approximationof direct evolutionary computation,
wherethelatterusegask-specifiobjectvesanddepend®n hand-craftingitnessfunc-
tions by humandesignersA goodapproximatiorwill indicatethatthe chosercriteria
capturetheinformation-theoreticoreof selectiorpressuresThemaintheme however,
is thatdifferentselectioncriteriaincorporatenformationtransferwithin specificchan-
nels,andselectingsomeof thesechannelsandnot the otherswould guideinformation-
drivenevolutionarydesign.

Following [14] we apply herean information-theoretianeasureof spatiotemporal
coordinatiorin amodularroboticsystento anevolution of asufiiciently simplesystem:
a modularlimbless, wheellesssnale-like robot (Snalebot) [22,21] without sensors.
Theonly designgoal of Snalebot’s evolution, reportedby Taner andhis colleaguesis
fastestocomotion.Our immediategoalis information-theoreti@pproximatiorof this
directevolution. Specifically we construcimeasuresf spatiotemporatoordinationof
distributed actuatorsusedby a Snalebotin locomotion. The measuresre basedon
the generalizectorrelationentrofy K> (alower boundof Kolmogoros-Sinai entropy)
andits excessentroy E» computedbver amultivariatetime seriesof actuators'states.
The experimentsreportedby [14] confirmedthat maximal coordinationis achieved
synchronouslyvith fastestocomotion.In this papemwe replacethe directmeasuravith
the information-theoretiomeasureof spatiotemporatoordination,and usethe latter
exclusively in evolving the Snalebot.

The following Sectionplacesthis methodologyin the contet of previous studies,
describesheproposedneasuresandpresentsesults followed by conclusions.

2 Information Transfer asan Intrinsic Selection Pressure

An exampleof anintrinsic selectionpressurés theacquisitionof informationfrom the
ervironment:thereis evidencethat pushingthe informationflow to the information-
theoreticlimit (i.e., maximizationof informationtransfer)cangive riseto intricatebe-
havior, inducea necessargtructurein the system,and ultimately adaptively reshape
the system[11, 12]. The centralhypothesisof Klyubin et al. is thatthereexists “a lo-
cal anduniversalutility functionwhich may help individualssurvive andhencespeed
up evolution by makingthe fithesslandscapesmoother”,while adaptingto morphol-
ogy andecologicahiche.Theproposedjeneralitility function,empowermentouples
the agents sensorsandactuatorsvia the ervironment. Empavermentis the perceved
amountof influenceor controlthe agenthasover world, andcanbe seenasthe agents
potentialto changethe world. It canbe measuredia the amountof Shannorinforma-
tion thattheagentcan“inject into” its sensothroughthe environment,affectingfuture



actionsandfuture perceptionsSucha perception-actiotoop defineshe agents actua-
tion channeland,technically empaverments definedasthe capacityof this actuation
channel:ithe maximummutualinformationfor the channelover all possibledistribu-
tions of thetransmittedsignal.“The moreof theinformationcanbe madeto appeatn
the sensorthe more control or influencethe agenthasover its sensor"— this is the
mainmotivationfor this local anduniversalutility function[12].

Heterogeneityn agentstateds anothergenericpressureelatedto intrinsic coordi-
nationandself-oganization For example jt wasmeasuredvith thevarianceof therule-
spaces entropy [25] andappliedto evolve the spatiotempaal stability of multi-cellular
patterngn asensor/communicatiametwork embeddedvithin aself-monitoringimpact
sensingest-bedf anaerospaceehicle[9, 17,24]. Thestudyof spatiotemporastabil-
ity in evolving impact boundaries— continuouslyconnectedmulti-cellular circuits,
self-oganizingin presencef cell failuresand connectvity disruptionsarounddam-
agedareas— employs both task-dependergraph-theoreti@nd genericinformation-
theoreticmeasuresn separatingchaoticregimesfrom ordereddynamics.The task-
dependenmeasureapturedheimpactboundarys connectvity in termsof the sizeof
the averageconnectedoundaryfragment— an analogueof a largestconnectedsub-
graphandits standardieviation over time. Theintrinsicinformation-theoretieneasure
capturedhediversity of transitionrulesinvoked by the network cellsduringanimpact
boundaryformation,usingthe Shannorentrogy of therules’ frequeng distribution:

m
' X, X
H(X') = ; - logn ,

wheren is thesystensize(thetotal numberof cells),and X} is thenumberof timesthe
transitioni wasusedattimet acrosghesystemBothmeasuresoncurredn identifying
complex dynamicspointingto the samephaseransitionbetweernchaosandorder, for
particularregionsin a parametespace Theentropy H(X!) canalsobeinterpretedas
thejoint statetransitionentrogy H(S?, S'*1), whereS! is the stateof thecell attime ¢
[17]. This opensaway to considerinformationtransfer

I(S'8"0) = H(S") + H(S"™) — H(S", "),

within thechannebetweera cell anditself at the next time-step.

An investication of Baldassarreet al. [1], characterizeadtoordinatedmotionin a
swarmecollective asa self-olganizedactiity, andmeasuredheincreasingorganization
of the group on the basisof Boltzmannentropy. In particular the emegentcommon
direction of motion, with the chassisorientationsof the robotsspatially aligned,was
obsenedto allow the groupto achieve high coordination Baldassarret al. proposed
amethodto capturethe spatialalignmentvia Boltzmannentropy by dividing the state
spaceof the elementsof the systeminto cells (e.g., cells of 45° each,corresponding
to chassisorientations),measuringthe numberof elementsin eachcell for a given
macrostaten, computingthe numberw,,, of microstateghatcomposemn, andcalcu-
lating Boltzmannentropy of the macrostatas E,,, = k In[w,,], wherek is a scaling
constant.This constanis setto theinverseof the maximumentrogy which is equalto
the entropy of the macrostatavhereall the elementsare equally distributed over the



cells. Theresultsindicatethat“independentlyof the sizeof the group,thedisoilganiza-
tion of thegroupinitially decreasewith anincreasingate,thentendsto decreasevith
a decreasingate,andfinally reachesa null valuewhenall the robotshave the same
orientation”[1].

In thiswork, we advancefrom a purely spatialcharacterizatioisuchasBoltzmann
entropy of amacrostatelistributing chassiorientationsverthecells)to aspatiotempo-
ral measureThe entrofy measurgroposedn ourwork is intendednot only to capture
spatialalignmentof differentmodules but alsoto accountfor temporaldependencies
amongthem, suchastravelling or standingwavesin multi-segmentchainsobsered
by ljspeertetal.. Importantly we planto focuson channelsvhereinformationtransfer
contritutesto a selectionpressure.

We refer hereto one more exampleof a selectionpressure— efficiency of com-
municationtopologies— which canbeinterpretedasin termsof informationtransfer
Onefeasibleaveragemeasuref a comple network’s heterogeneitys givenby theen-
tropy of a network definedthroughthe link distribution. The latter canbe definedvia
thesimpledegreedistribution— the probability P, of having anodewith & links. Sim-
ilarly, onecancapturethe averageuncertaintyof thenetwork asawhole,usingthejoint
entrofy basedon thejoint probability of connectegairs Py, ;.. Ultimately, theamount
of correlationbetweemodesin the graphcanbe calculatedvia the mutualinformation
measuretheinformationtransfer{19], as
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The reviewed exampleshighlight the possiblerole of informationtransferin guid-
ing selectiorof efficient perception-actiotoops,spatiotemporallgtablemulti-cellular
patternsandwell-connectechetwork topologies.We intendto demonstratehat spa-
tiotemporalcoordinationin a modularrobotic systemcanalsobe capturedasinforma-
tion transfer andapply sucha measurdo the systems evolution.

Beforepresentingour approachyve briefly review somestudiesof the relationbe-
tweenlocomotionand rhythmic inter-modular coordination.Dorigo [7] describesan
experimentin swarmrobotics(SWARM-BOT) which alsocomplementstandardself-
reconfigurabilitywith task-dependentooperation.Small autonomousamobile robots
(s-bots)aggreateinto specificshapesnablingthe collective structure(a swarm-bot)
to performfunctionsbeyond capabilitiesof a singlemodule.The swarm-botforms as
aresultof self-olganization‘ratherthanvia a globaltemplateandis expectedto move
asa whole andreconfigurealong the way when needed[7]. One basicability of a
swarm-botimmediatelyrelevantto ourresearchis coordinatedmotionemegingwhen
the constituenindependently-controllechodulescoordinatetheir actionsin choosing
a commondirection of motion. Our focusis on how muchlocomotioncan be “pat-
terned”in an aggrejatedstructure.Regardlessof an ervironment(aquatic,terrestrial
or aerial),locomotionis achieved by applyingforcesgeneratedy the rhythmic con-
tractionof musclesattachedo limbs, wings, fins, etc. Typically, a locomotorygait is
efficient whenall the involved musclescontractand extendwith the samefrequeny
in differentphasesFor example,Yim etal. [26] investigateda snale-like (serpentine)
sinusoidgait, whereforwardmotionis essentiallyachiezed by propagtingawaveform



Fig. 1: Sideview of the Snalebot. Fig. 2: Topview of the Snalebot.

travelling down thelengthof the chain.Taner andhis colleague$22,21] demonstrated
emegenceof side-windinglocomotionwith superiorspeectharacteristicfor thegiven
morphologyaswell asadaptabilityto challengingterrainandpartialdamage.

3 Spatiotemporal Coordination of Actuators

Snalebotis simulatedas a setof identical sphericalmorphologicalsegments,linked
togethewvia universaljoints. All joints featureidenticalanglelimits, andeachjoint has
two attachedactuatorsln theinitial standstillpositionof Snalebot,the rotationaxes
of the actuatorsare orientedvertically (vertical actuator)and horizontally (horizontal
actuator).Theseactuatorgperformrotation of the joint in the horizontaland vertical
planesrespectiely. No anisotropicfriction betweenthe morphologicalseggmentsand
the surfaceis consideredOpenDynamicsEngine(ODE) waschosento provide are-
alistic simulationof the mechanicof Snalebot. Given this representatiorthe task of
designingthe fastestSnalebot locomotion can be rephraseds developing temporal
patternsof desiredturning anglesof horizontaland vertical actuatorsfor eachjoint,
maximizingtheoverall speedPresiousexperimentof evolvablelocomotiongaitswith
fithessmeasuredseithervelocityin ary directionor velocity in forwarddirection[22]
indicatedthat side-windinglocomotion— locomotionpredominantlyperpendiculato
thelong axis of Snalebot(Figuresl and2) — providessuperiorspeedcharacteristics
for theconsiderednorphology Theactuatorstateghorizontalandverticalturningan-
gles)areconstrainedy the interactionsbetweensggmentsandthe terrain. The actual
turning anglesprovide anunderlyingtime seriesfor our information-theoreti@analysis:
horizontalturningangles ¢ andverticalturningangles { attimet, wherei isthe
actuatorindex, S is the numberof joints, i S,and is the consideredime
interval, t . Sincewe dealwith actualratherthanideal turning angles,the
underlyingdynamicsin the phase-spaceayincludeboth periodicandchaoticorbits.
Weintendto estimateirregularity” for eachof themultivariatetime series ¢ and

i . Eachof thesetime series henceforthdenotedfor generality { , containsboth
spatialandtemporalpatternsandminimizing theirregularity over bothspaceandtime
dimensionsshouldideally uncover the extent of spatiotemporatoordinationamong
actuatorstates.



For ary given actuatori, a simple characterisatiorf the “regularity” of the time
series ; is providedby the auto-correlatiorfunction. However, the auto-correlation
is limited to measuringonly linear dependencied)Ve considerinsteada moregeneral
approachOneclassicameasuras the Kolmogoros/-Sinai (KS) entropy, alsoknown as
metric entrofy [13]: it is a measurefor the rate at which information aboutthe state
of the systemis lost in the courseof time. In otherwords, it is an entrofy per unit
time, anentroyy rateor entroy density Supposdahatthe —dimensionabhasespace
is partitionednto boxesof size .LetP; ,; bethejoint probabilitythatatrajectory
isinboxi attime ,inboxi; attime t,...,andinboxi ,attime( — ) ¢, where

t is thetime interval betweermeasurementsn the stateof the system(in our case,
we mayassume ¢ = ,andomitthelimit ¢ in the following definitions).The
KS entroyy is definedby

K=-1 1 —tz P, 1P ; | (1)
1 1

andmoreprecisely asa supremunof K on all possiblepartitions.This definition has
beengeneralizedo theorder Réryi entropiesk’ [18]:

K=-1 11 ﬁli;gi : )

t

Itiswell-knownthatK = in anorderedsystem K isinfinite in arandomsystemand
K is a positive constantin a deterministicchaoticsystem.Grassbeager and Procaccia
[10] consideredhe correlationentrofy K in particulay and capitalizedon the fact
K K> in establishinga sufiicient condition for chaosK» . Their algorithm
estimateghe entrofy rate K, for a univariatetime series.For our analysiswe needto
introducea spatialdimensionacrossmultiple Snalebot’s actuatorsAn estimateof the
spatiotemporaéntrofy densitycanbe obtainedas

K=-1 1 *7 Z ( ( 7t))1 ( ( at))a (3)

)

where ( , ;) are“patterns”of spatialsize andtimelength ; [2]. Ourobjective,
anestimateof spatiotemporagieneralizeatorrelationentrogy, canbe obtainedas

Kp==1 1 —-—1 SO (4)

)

In achieving this objective, we follow GrassbegerProcaccianethod10] of computing
correlationintegrals, but usethe multivariatetime serieswith .S actuatorgjoints) and
time stepsin thefollowing approximation:

(S, )
+1(Sa’)+l +1 <Sa’)’

wherecorrelationintegralsaregeneralizeds

(S’ ’ ):( — ) (S* )SZZZZ ( - - ) (6)

=1 =1 =1 =1

K, (Sa ) ):1 ®)




Here istheHeaviside function (equalto for negative agumentand otherwise),
andthe vectors  and containelementsof the obsered time series ¢ for
eachactuator(the spatial dimension),“converting” or “reconstructing”the dynami-
cal informationin two-dimensionadatato informationin the  ;-dimensionalem-

beddingspace[20]. More precisely we usespatiotemporatielayvectors = (
, Y ), whoseelementsaretime-delayvectors = ( ;, .1
2+2"-" };+ 1), andthe spatialindex i is fixed[14]. Thenorm — is the
distancebetweerthevectorsin the  ;-dimensionakpaceg.g.,themaximumnorm:
1 1
- = _f -
Putsimply, correlationintegral (S, , ) computeghefractionof pairsof vectors

inthe  ;-dimensionaembeddingspacethatareseparatedby a distancdessthanor
equalto . In orderto eliminate auto-correlatioreffects, the vectorsin equation(6)
shouldbe chosento satisfy |l — | , for aninteger , and|g — | , for an
integer , in orderto excludeauto-correlatioreffectsamongtemporallyclosedelays
or closelycoupledsegments[23]. The standardemporaldelayreconstructiorf20] is
recoveredby setting = [4].

Thecorrelationentroy K- (thegeneralize@ntropy rate)measuresheirregularity
or unpredictabilityof the system.A complementanguantityis the excessentiopy £
[8,5] — it may be viewed as a measureof the apparentmemoryor structurein the
system.The generalizedexcessentrofy E» is definedby consideringhow the finite-
template(finite-delayandfinite-extent)entropy rateestimated<, (S, , ) (equation
(5)), corverge to their asymptoticvaluesK, (equation(4)). It is estimatedor a fixed
spatialextent  andagiventimerange , as:

Bo( 0.8 . )=)_ > (K, (S, ,)-Kj). (7
=1 =1
For regularlocomotionthe asymptoticvaluesshouldbe zero(while non-zercentropies
would indicatenon-periodicity i.e. deterministicchaos) It wasshowvn thatthe excess
entrofy alsomeasureshe amountof historicalinformationstoredin the presenthatis
communicatedo the future[5, 8]. In otherwords, it canbe represente@dsasymptotic
mutualinformationbetweertwo adjacent  ;-dimensionahalf-planes

1 I(( ) ; b HE ) ey )

3

where = (1}, fi1s k42 --s ky 1)- Thisalternatverepresentatioestablishes
that the proposedneasuremay estimateinformation transferwithin the spaceof ac-
tuators:the moreinformationbetweerthe spatiotemporapastandthe spatiotemporal
futureis transferredthe morecoordinationis achieved.If ¢ = in thelastexpression,
thetransferis purely betweerthe temporalpastandthe temporalfuture. Otherwise jf
g = ,weareconcernedvith how muchinformationcontainedn thepastof onegroup
of actuatorss injectedinto thefuture of anothemgroupof actuators.



When dealingwith non-zeroentrogy rates K5, one may considerrelative excess

entropy.
K, (S ) — Ko
) ’S’ ) = 2 - - . 8
2o( 5 68 ) 2 2 o ®)
where isasmallconstan{e.g., = . ), balancingherelative excessentropy - for

very small entrofy ratesK,. Therelative excessentrofy - attemptsto “reward” the
structure(coupling)in the locomotionand“penalise”its non-reyularity.

4 Results

In this sectionwe presentexperimentalresultsof Snalebots evolution basedon esti-
matesof the excessentrofy E- (equation(7)) andtherelative excessentrofy - (equa-
tion (8)). The GeneticProgramming GP)techniquegmplo/edin the evolution arede-
scribedelsavhere[22,21]. In particular the genotypds associatedvith two algebraic
expressionswhichrepresenthetemporalpatternsof desiredurninganglesof boththe
horizontalandvertical actuatorof eachmorphologicalsegment.Becausdocomotion
gaits, by definition, areperiodical,we includethe periodicfunctions  and o inthe
function setof GP in additionto the basicalgebraicfunctions.The selectionis based
on a binary tournamentwith selectionratio of . andreproductiornratioof . . The
mutationoperatoris therandomsubtreemutationwith ratioof . . Snalebotsevolve
within a populationof individuals,andthe bestperformersareselectedaccording
to theexcessentropy values,over anumberof generations.

Figures3 and4 contrast(for vertical actuatorsjpctualanglesusedby the first off-
springandthefinal generationSimilarly, Figures5 and6 contrastthe spatiotemporal
correlationentropiesproducedby the first offspring and the evolved solution. It can
be easilyobsenedthatmoreregularangledynamicsof the evolved solutionmanifests
itself asmore significantexcessentrofy. Figures7 and8 show typical fithessgrowth
towards higher excessentropiesestimatedas F- (equation(7)) and the relative ex-
cessentropies 5 (equation(8)), for two differentexperimentsit shouldbe notedthat
therearewell-coordinatedsnalebotswhich aremaoving notasquickly asthe Snalebots
evolved accordingto the direct velocity-basedneasureij.e. the setof fastsolutionsis
containedwithin the setof well-coordinatedsolutions.This meansthat the obtained
approximatiorof thedirectfitnessfunctionby theinformation-theoreticelectiorpres-
suretowardsregularity is soundbut not complete.

In certaincircumstancesa fitnessfunction rewarding coordinationmay be more
suitablethan a direct velocity-basedneasurea Snalebot trappedby obstaclesmay
needto employ alocomotiongait with highly coordinatedactuatordut nearzeroabso-
lute velocity. In fact,theobtainedsolutionsexhibit reasonableobustnesso challenging
terrains trading-of somevelocity for resilienceto obstaclesln particular the evolved
Snalebot shavn in Figure 9 is ableto traverseraggedterrainswith obstaclegshree
timesashigh asthe sggmentdiameter move througha narrav corridor (only twice as
wide asthesggmentdiameter) andovercomevariousextendedvarriersn addition,the
Snalebotis robustto failuresof individual segmentse.g.,it is ableto move evenwhen
every third segmentis completelyincapacitatedalbeit with only a half of the normal
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speedInterestinglyenough the relative excessentrofy is increasedn partially dam-
agedSnalebots astheamountof transferrednformationin thecoupledocomotionhas
to increaseMoreover, thereappeargo be a strongcorrelationbetweernthe numberof

damagedevenly spreadsggments andtheresultingrelative excessentroy , ,

wherethe coeficient of the linear fit is approximatelyequalto the relative excess
entrofy of anon-damage®nalebot ,. This obsenation opensa way for Snalebot’s
self-diagnosticeand adaptationthe run-timevalueof , may identify the numberof

damagedsegmentsgnablinga moreappropriateesponse.

5 Conclusions

We modelleda specificsteptowardsa theory of information-driven evolutionary de-
sign, using information-theoretianeasure®f spatiotemporatoordinationin a mod-



Excess Entropy

Fig.7: Snalebot fitnessover time: the best Fig.8: Snalebot fithessover time: the best
performerin eachgeneration,using excess performerin eachgenerationusing relative
entropy. excessentropy.

ular robotic system(Snalebot). Thesemeasure®stimatethe generalizedcorrelation
entropiesK,; computedover a time seriesof actuators’'statesandthe spatiotemporal
excessentropiesE,. As expected,increasectcoordinationof actuatorss achieved by
agentswith fastedocomotion.However, the setof fastsolutionsis a subsebf the setof
well-coordinatedsolutions.A more preciseapproximatiorof fastlocomotionis a sub-
jectof futurework. In parallel,we areinvestigating othertasksadaptatiorio which may
requirea high degreeof actuatorscoordination: e.g.,ruggedterraintraversal,enegy-
efficient locomotion,etc. Both directionsessentiallyrequireidentificationof channels
throughwhich the informationtransferamongsystem$ componentss optimized.We
believe that developmentof adequatenformation-theoreticriteria, suchasthe mea-
sureof spatiotemporatoordinationof distributed actuatorswill contribute to design
guidelinesfor co-evolving multi-agentsystems.
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