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Abstract In this paper we build upona multiagentarchitectureor landmarkbased
navigationin unknovn ervironments.n this architecturegachof the agentsn the nav-
igation systemhasa bidding functionthatis controlledby a setof parameterswe shav
herethe goodresultsobtainedby an evolutionaryapproacithattunesthe parameteset
valuesfor two navigationtasks.
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1 Intr oduction

In landmark-basedavigation,the robot mustbe ableto startin anunknowvn locationandnav-
igateto a desiredtarget using visually-acquiredandmarks.The specificscenariothat we are
studyingassumeghat thereis a target landmarkthat the robot is ableto recognizevisually.
Thetamgetis visible from the robot’s initial location,but it may subsequentlype occludedby
interveningobjects.The challengdor therobotis to acquireenoughinformationaboutthe en-
vironment(locationsof landmarksand obstacles)ko thatit can move alonga pathfrom the
startinglocationto thetargetposition. Therobotshoulddo this quickly but safely

We have proposed biddingcoordinatiomarchitecturéo accomplishthis objectve [6]. This
architecturas composef threesystemsthe Pilot systemthe Vision systemandthe Naviga-
tion system.Eachsystemcompetedor the two availableresourcesmotion control (direction
of movement)and cameracontrol (direction of gaze).The threesystemshave the following
responsibilitiesThe Pilot is responsibldor all motionsof therobot. It selectshesemotionsin
orderto carryoutcommandg$rom theNavigationsystemand,independentlyto avoid obstacles.
The Vision systemis responsibldor identifying andtrackinglandmarks(including the target
landmark).Finally, the Navigationsystemis responsibldor choosinghigherlevel decisionsn
orderto movetherobotto a specifiedarget. ThisrequiregequestingheVision systento iden-
tify andtracklandmarkgin orderto build a mapof the erwvironment)andrequestinghe Pilot



to movetherobotin variousdirectionsin orderto reachthe goalpositionor someintermediate
target.

Fromthe brief descriptionof therobotarchitectureggivenabove, it canbe obsenedthatthe
threesystemsnustcoopeateandcompeteThey mustcooperatdecausehey needoneanother
in orderto achieve the overall taskof reachinghetargetposition.But atthe sametime they are
competingfor motionandcameracontrol.

TheNavigationsystemis implementedasa multiagentsystemwhereeachagentis compe-
tentin aspecifictask.Dependingonits responsibilitieandtheinformationrecevedfrom other
agentseachagentproposesvhich actionthe Navigation systemshouldtake. Again, we find
thattheagentanustcooperatesinceanisolatedagentis not capableof moving therobotto the
tamget, but they alsocompete pecauselifferentagentsvantto performdifferentactions.

For both the overall robot systemand the Navigation system,we have proposedhe use
of a new competitve coordinationsystembasedon a bidding medanism In the overall robot
systemthe Navigationandthe Pilot systemgyeneratéidsfor the servicesofferedby the Pilot
and Vision systems.Theseservicesare to move the robot toward a given direction, and to
move the cameraandidentify the landmarksound on its view-field, respectrely. The service
actuallyexecutedby eachsystemdependn the winning bid at eachpointin time. Similarly,
in the Navigation system,eachagentbids for the actionit wantsthe robotto perform.These
bids are sentto a specialagentthat gathersall bids and determineghe winning action. The
selectedactionis thensentasthe Navigation systems bid for the servicesof the Vision and
Pilot systems.

Thebiddingfunctionsof eachof theagentsn the Navigationsystemarecontrolledby a set
of parametersTheseparameteraeedo betunedin orderto achievethebestperformancef the
Navigationsystemandof the overall system Adjustingtheseparametersnanuallycanbe very
difficult, particularlybecaus®f thetradeofs confrontingthetop-level agentsAn alternatve to
manualtuning is to employ an evolutionaryapproachto tunethem. This paperdescribeghis
approach.

The paperis organizedasfollows. Section2 is devotedto relevantrelatedwork. The multi-
agentarchitectureof the Navigationsystemis describedn Section3. Section4 describegach
oneof the agentsandtheir bidding parametridunctions.Section5 describeghe evolutionary
approacho tunethesefunctions.Finally, the experimentakesultsarediscussedn Section6.

2 Relatedwork

In thelastyearst hasbeenmainlyfocusedon Behavior-basedarchitecture§?]. Themostrepre-
sentatve of sucharchitectureareBrook’s subsumptiorarchitecturd5], Maes’actionselection
[13] andArkin’s motor schemd3]. Sincethen,mary otherarchitecturehave beenproposed.
Liscanoet al [10] usean actiity-basedblackboardconsistingof two hierarchicallayersfor
stratgyic andreactve reasoningA blackboarddatabasdeepstrack of the stateof the world
anda setof actwvities to performthe navigation. Arbitration betweencompetingactvities is
accomplishedy a setof rulesthat decideswhich actvity takes control of the robotandre-
solvesconflicts.Otherhierarchicalcentralizedarchitecturesimilar to thatof Liscanoetal are
thoseof Stentz[18] to drive CMU’s Navlab andlsik [11] amongothers.Our approachs com-



pletely decentralizedvhich meansthat the broadcasbf informationis not hierarchical.This
approachs easierto programandis moreflexible andextensiblethancentralizedapproaches.
Arkin [3] alsoemphasizedhe importanceof a non-hierarchicabroadcasof information.Fur-
thermore we proposea modelfor cooperatiorand competitionbetweenactiities basedon a
simple bidding mechanismA similar modelwas proposedby Rosenblat{16] in the CMU’s
DAMN project. A setof modulescooperatedo control a robot’s path by voting for various
possibleactions,and an arbiter decidedwhich wasthe actionto be performed.However, the
setof actionswaspre-definedwhile in our systemeachagentcanbid for any actionit wants
to perform.Moreover, in the experimentscarriedout with this system(DAMN), the navigation
systemuseda grid-basednapanddid not useat all landmarkbasedavigation. Also at CMU,
the FIRE project[7] usesa market-orientedapproachto modelthe co-operatiorof a teamof
robots.SunandSession$19] have alsoproposednapproachor developingamultiagentrein-
forcementlearningsystemthatusesa bidding mechanisno learncomplex tasks.The bidding
is usedto decidewhich agentgetsthe control of thelearningprocessTheagentsid according
to theexpectedewardthatwouldreceveif they weregiventhecontrol. Thus,althoughthey are
competingfor the control,they alsocooperatesincethey seekto maximizethe overall system
reward.

The mapbuilding approachwe useis basedon the work by Prescot{15], who proposec
network modelthat storesthe spatialrelationshipsamonglandmarksfor robot navigation. By
matchinga perceved landmarkwith the network, the robot canfind its way to a target, pro-
vided it is representedh the network. While Prescot approachs quantitatve, oursusesa
fuzzy extensionof his modelto work with fuzzy qualitatve informationaboutdistanceanddi-
rections Levitt andLawton[12] alsoproposed qualitatve approacho thenavigationproblem,
butassumeinrealisticallyaccuratalistanceanddirectioninformationbetweertherobotandthe
landmarksAnotherqualitatve methodfor robotnavigationwasproposedy EscrigandToledo
[9], usingconstrainiogic. However, they assumeherobothassomea priori knowledgeof the
spatialrelationshipof thelandmarkswhereasve build theserelationshipsvhilst exploring the
ervironment.

Thereis a vastliteratureon evolutionary approacheso parameteioptimization.For this
reasorwe will notsingleoutary particularwork. Nonethelessan applicationof geneticalgo-
rithmsto a similar problemon pathplanningwasdonein [17] wherethe low-level parameters
tunedcorrespondo aninsect-inspiregoheromondasedmodeldefininga potentialfield over
the space,whereasour approachis basedon a group of deliberatve agents.Also in [1] an
evolutionaryapproacho the generatiorof anoptimal colory of robotsis presented.

3 The multiagent architecture

The architecturds composedf threesystemgqseeFigure 1). Eachsystemcompetedor two
availableresourcesmotionandvision. The Pilot is responsibldor all motionsof the robot. It
selectghesemotionsto carry out commandgrom the Navigation systemand (independently)
to avoid obstaclesThe Vision systemis responsiblefor identifying and tracking landmarks
(including the goal). Finally, the Navigation systemis responsiblefor choosinghigherlevel
robotmotionsto move therobotto a specifiedgoal. This requiresrequestinghe Vision system
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to identify andtracklandmarksto build a mapof the environment,andrequestinghe Pilot to
move therobottowardthe goalpositionor toward someintermediategargetposition.

Fromthis brief description two obsenationscanbe made.First, thesethreesystemamust
cooperatdo achiese the overall taskof reachingthe goal landmarkposition.For instancethe
Pilot needghe Vision systento identify obstaclesandit needghe Navigationsystemto select
a pathto the goal. Secondthe systemsarealsocompeting—therearesometradeofs between
them.For example,both the Pilot andthe Navigation systemcompetefor the Vision system.
The Pilot needsvision for obstacleavoidance while the Navigation systemneedsvision for
landmarkdetectionandtracking.

To managethis cooperatiorand competition,we usea bidding mechanismEachsystem
generatedids for the servicesoffered by the Pilot and Vision systemsThe serviceactually
executedby eachsystemdepend®n thewinning bid at eachpointin time.

The Navigation systemitself is implementedas a multiagentsystem(seeFigure 2). This
systemis composef six agentswith thefollowing responsibilities:

¢ keepthetarmgetlocatedwith maximumprecisionandreachit (Target Tradker),

keeptherisk of losingthetargetlow (RiskManager),

e recover from blockedsituationgRescuey,

keeptheerrorin thedistanceto landmarkdow (DistanceEstimato)),

andkeeptheinformationon the mapconsistenandup-to-datgMap Manager)

Thereis an additionalagent,Communicatorwhich manageshe communicatiorbetween
theNavigationsystemwith theothersystemsAs with theoverall systemtheNavigationsystem
employsabiddingmechanisnto coordinateheseagentsEachagentidsfor theactionit wants
the robot to perform. Thesebids are sentto the Communicatoragent,which determineghe
winning action.The selectedhactionis thensentasthe Navigation systems bid for the services



of theVisionandPilot systemsEachactioncaninvolve a combinatiorof requestgo theVision
andthe Pilot systemsTheresultingbids comingfrom the agentsdependon bidding functions
associatedo eachagent.Thesefunctionsdependon the valuesof differentsetsof parameters,
which affect the overall performanceof the Navigation system.Sincea manualadjustmenis
extremelydifficult we proposeo employ ageneticalgorithmto find optimalsetsof values Next
sectiondescribeghebiddingfunctionsin detailandtherestof the paperis devotedto describe
this evolutionaryapproachandtheresultsof our experiments.

For maprepresentatiomandwayfinding,we have extendedPrescots beta-codicientssys-
tem[15]. Prescot modelstorestherelationshipsamongthe landmarksn the ervironmentto
build a map. The locationof a landmarkis encodedbasedon the relative locations(headings
anddistancespf threeotherlandmarksThis relationshipis uniqueandinvariantto viewpoint.
Oncethisrelationshiphasbeenstoredthelocationof eachlandmarkcanbecomputedrom the
locationsof thethreelandmarksencodingt, no matterwheretherobotis locatedaslong asthe
robotcancomputethe headinganddistanceto eachof thethreelandmarks.

As therobot exploresthe ervironment,it storesthe relationshipsamongthe landmarksit
seesThis createsa network of relationshipsamongthe landmarksn the environment.If this
network is sufficiently-richly connectedit providesa computationamap of the environment.
Giventheheadingsanddistanceso a subsebf currently-visiblelandmarksthe network allows
to computethelocationsof all landmarksevenif they arecurrentlynotvisible.

Prescot modelassumeshatthe robotis ableto measurehe exactlocationof the land-
marks.But thisis notthe casein ourrobot:thevision systemgivesonly impreciseinformation
aboutthe locationof the landmarksandwe cannotrely on the odometryof the robot, asit is
alsoimprecise.To dealwith this imprecision,our extendedmodelrepresentall the network
coordinatessfuzzy numbersandcarriesout all mapcomputationsisingfuzzy arithmetic[4].
Thefocusof this paperis on the evolutionaryapproacho tunethe agents’bidding behaiour.
For this reasonfrom now on, we will skip the detailsof the maprepresentatiorfsee[6] for
details).

4 The Agents

TheNavigationsystemis decomposeato six differentagentdhatareresponsibldor different
tasks,which whencoordinatedoy the Communicatoiprovide the desiredeffect of leadingthe
robotto a desiredtarget. As mentionedbefore,eachagenthascertainparametersvhich affect
its biddingbehaiour. Theagentsandtheir parameteraredescribecdext.

4.1 Map Manager (Parameters none)

Thisagents responsibldéor maintainingtheinformationof the exploredervironmentasamap.
Sincethe Map Managerdoesnot bid, thereareno parameterso tuneandthereforeit is noton
thefocusof this paper The detailsof themapmanagemendlgorithmicsarealsonotgivenhere
dueto spacdimitations (seg[6] for detalils).



4.2 Target Tracker (Parameters «, 3, k1, ko)

The goal of this agentis to keepthetargetlocatedat any time. Theimprecision/, associated
with thelocationof thetargetis computedasafunctiononthesizeof theanglearc,e, calculated
from therobot’s currentpositionto wherethetargetis thoughtto be located andtheagentacts
to keepthe imprecisionaslow aspossible.The bidsfor moving towardsthe target startat the
valuek,; anddecreasgolinomicallyto 0, dependingon the parametery. Therationaleof this
is thatwhenthe imprecisionaboutthe target locationis low, this agentis confidentaboutthe
tamgetpositionandthereforebidshighto move towardsthetarget. As theimprecisionincreases,
this confidencedecreaseand so doesthe bid. Bids for looking at the target increasefrom O
to a maximumof x, andthendecreasegainto 0. The rationalebehindthis is thatwhenthe
imprecisionis low thereis no urgeng in looking to thetargetasits locationis known with high
precision.This urgeng startsto increaseasthe imprecisionincreasesWhenthe imprecision
reachesa level in which the agenthasno confidenceon the targetlocationit startsdecreasing
the bid so asto give the opportunityto betterinformedagentsto win the bid. The equations
involvedare:
I, = (€4/27)°

bid(move(eq)) = k1 (1 — IV®)
bid(look(e,)) = ko sin(ml,)

wheres controlsthe shapeof theimprecisionfunction.

4.3 DistanceEstimator(Parameters. «, ¢, )

Thegoalof thisagents to keepthedistanceerrorto thetargetlandmarkaslow aspossible This
agentplaysa very importantrole at the beginning of the navigation. Whenanalysingthe first
viewframeto obtaintheinitial landmarkstheerrorin distancas maximal,thereis noreference
view to obtainaninitial estimationof the distanceto the target. This agentgeneratesigh bids
to move orthogonallywith respecto theline connectingherobotandthetargetin orderto get
anotherview on it andestablishaninitial estimationof the distancedo the target. Similarly,
whena tamget switch is producedby the interventionof the Rescuer}his agentmay become
relevantagainif thedistancevalueto thenew selectedargetis veryimprecise Again,thesame
processwill have asconsequencadecreasn the new targetdistanceerror.

We modeldistanceimprecisionasthe size of the supportof the fuzzy numbermodeling
distanceWe notee, theimprecisionerrorto thecurrenttarget. Thus,theimprecisionin distance
to thetamgetcanbemodeledas, = 1 — 1 /e wherex is a parametethatchangeghe shape
of I;; highvaluesof « givesfasterincreasingshapesAt the beginningof arunthe distance is
thefuzzy number|0, ], ¢, = +oc andhencel,; = 1.

This agentis relevant whenthe imprecisionis very high. Its actionis to bid to move the
robotin anorthogonaldirectionusingasbid thevalueof 1;, thatis:

bid (move <6a + g)) =1,



This agentis alsoresponsibldor deciding(up to a certaintydegree¢) whethertherobotis
at target It considerghatthe robot hasreachedhetargetif the upperboundof the a-cut of
level ¢ of thefuzzy numbemodelingthe distanceo thetargetis lessthand timesthebodysize
of therobot.

4.4 RiskManager (Parameters v4,vg, V)

Thegoalof thisagentis to keeptherisk of losingthetargetaslow aspossible.To doso, it tries
to keepareasonablamountof landmarksasnoncollinearaspossiblejn the surroundingof
therobot. Thelesslandmarksaround the morerisky is the currentsituationandthe higherthe
probability of losing the target. Also, the more collinearthe landmarksthe higherthe errorin
thelocationof thetarmgetandthusthe highertheimprecisiononits location.

We modeltherisk asafunctionthatcombinesi) thenumberof landmarksaheadelements
in set A), 2) the numberof landmarksaround(elementsn set B), and 3) their “quality”(q
andgg). Thesequalitiesarecomputedoy the Map Manager. A minimumrisk of O is assessed
whenthereareat leastfour visible landmarksn the directionof the movementandminimally
collinear A maximumrisk of 1 is assessedhentherearenolandmarksaheadhor around:

) |A| YA |B| B
R=1—min|{1,qu e + B T

Thevaluesys and~p determingherelative importanceof the positionof landmarkgaheacor
around).

Given that the robot cannotdecreasehe collinearity of the landmarks,the only way to
decreastherisk levelis by increasinghenumberof landmarksWe privilegethefactof having
landmarksaheadoy bidding

bid (look (mndom ([—% +ﬂ))) — . -R

for the actionof looking at a randomdirectionin front of the robotandtyring to identify the
landmarkdan thatarea,and

bid <l00k <mnd0m <[—|—%, —1—%] ))) =, - R?

(whichis obviously smallerthan+, - R) for theactionof looking atarandomdirectionaround
the robot andtrying to identify landmarkswhere~, is a parameteto control the maximum
valueof the biddingfunction.

4.5 RescuefParameters I,, R)

Thegoalof theRescuergents to rescugherobotfrom problematicsituationsThesesituations
mayhapperdueto threereasonsFirst, thepilot canleadtherobotto apositionwith anobstacle
aheadSecondtheimprecisionof thelocationof thetarmget(seeSectiord.2)is overthethreshold



1. Finally, therobotcanbe at a very risky place,thatis a placewheretherisk to getlost (see
Section4.4)is over athresholdR. If ary of thesesituationshappenthe rescueragentasksthe
Map Manageffor adivertingtargetandcommunicateg to theotheragentsThealgorithmuses
astackwherethe differentdivertingtargetsarestacled, to avoid repeatinghem.

4.6 CommunicatofParameters none)

The Communicatoagents responsiblédor managinghe communicatiorbetweerthe Naviga-
tion systemandthe Pilot andVision systemsilt is alsoresponsibldor gatheringthe bids of the
otheragentsanddecidewhich arethe actualNavigationsystems bids. It hasno parameterso
tune.

5 Evolving the Multiagent system

As we have alreadymentionedjrying to manuallyfind the bestvaluesfor the parameter®f
the bidding functionsis an extremelly difficult task.In this sectionwe follow an evolutionary
approactto do this optimization.

5.1 Repesentation

We seekto optimizethe Navigationsystemwith respecto its 10 parametersTamgettracker («,

B, k1, ko), DistanceEstimator(x), Riskmanagefv, vz, 7-), andRescue(],, R). ¢ ands are
fixedto 0.7and2 respectrely sincethey donotaffecttheefficiency of thesystemWe useareal
valuedchromosomegachchromosoméeinga vectorin 10 dimensionsTheinitial population
is generatedandomly

5.2 NavigationTasks

For a givenervironmentwe considentwo differentnavigation tasks.Eachone of themwith a
differentlevel of compleity. The bestparametesetmay changedependingon the compleity

of the task.We conjecturethat the parametersound dependmainly on the compleity of the
navigation taskandnot so muchon the structureof the overall environment.This complexity

is dependentthoughnot equal,to the cartographicompleity of theworld in which the agent
moves,andis basedon thefollowing factors:

e numberof visible landmarksat any time,
¢ densityof obstaclesn theregion of navigation,and
e visibility of thetargetatany time.

Using this notion of navigational compleity, the total spaceof all navigation taskscan
be split into two representatie classesgoingtowardsthetargetfree of obstaclesandreaching
targetslocatedoehindobstaclesln ourexperimentsve useclusters”; andC; (encircledtargets
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Figure3: ClusterC, (left) andCs (right). White polygonsarenonoccludingobstacles.

in Figure 3) asrepresentaties of the two task compleity classesThe bestparametessetis
determinedor boththeseclassesTheaimof theexperimentss to endav theNavigationsystem
of the robotwith the capabilityto switch betweenthesetwo parametesetsaccordingto the
actualtaskcompleity it is facing.

5.3 Evaluation

Eachindividualin the populationspecifiesaparticularparametesetfor thesystemandis eval-
uatedby runninga simulationwith the specifiedparametere a givenernvironment.Consider
thattheagentnavigatesfrom aninitial positionp, to thetargetclusterC containingthen target
positions(ty, to, ..., t,) andthatit takesd; stepsto reachthe targets; from p, with a success
values;. A thresholds definedfor the numberof stepsthataretakento reachthetarget,above
whichtheagentis saidto have failedin its attemptto navigateto thetargeti.e. its successalue
is 0, otherwiselt is 1.

This formalizationgivesthe cluesto definethefitnessfunction,f, thatpermitsthe selection
of thebestparametesets.t is clearthatthe averagecost,é, of reachingatargetfrom theinitial
positionp, is definedasthe summatiorof the stepsrequiredto reacheachtargetdividedby the
numberof targets.Similarly, we cannaturallydefinetheaveragesuccesss. Thebestbehaiour
for aNavigationsystemis theonethathasa high successatewith alow averagecostandwith
alow standardleviation o, for this averagecost:

2?21 d; — 2?21 Sg
= S = —_—— — =
n n ctoe
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Figure4: Chromosomaevith the setof parameters

5.4 Evolution

We follow an elitist approachThatis, from a populationof individuals, the fittest individual
is passedo the next generationThe remainingindividualsform the pool from which the new
generationoffspring are created We randmonlyselecttwo individuals from the mating pool
whosefitnessis over arandomlydeterminedsalue. Thenwe apply crosse@er andmutationon
themto generatanew individuals.

5.5 Crosswer

A simpletwo point crosseer is usedwith the two parentsexchangingtheir geneticmaterial
betweertwo randomlygeneratedreakpointsn thegenestring. Chromosomearebrokenonly
atagentboundariegseeFigure4). Theideais thatoneof the parentamay have goodgenedor
a particularagentwhile the otherparentmay have goodgenedor anotheragent.This way the
crosseer couldresultin anoffspringhaving a higherfitnessvaluethanbothits parents.

5.6 Mutation

The mutationoperatorfor the geneticalgorithm hasbeenadoptedfrom the BreederGenetic
Algorithm [14]. Given ary setof parametersasa chromosomeywe canview it asa point x
within a 10 dimensionakpace Using our mutationoperatoy we seekto searchfor optimality
within a“small” hypercubecenteredat x. How smallthis hypercubds, depend®n theranges
in eachparametriadimensiorwithin which we allow the chromosoméo mutate.The paramet-
ric dimensionsare not homogeneoudjencemutationrangesdiffer for eachdimension being
directly proportionalto thevarianceallowedin thatparameterAnotherfeatureof this mutation
operators thatwhile it searchesvithin the hypercubecenteredat x, it testsmoreoftenin the
very closeneighbourhoof x, theideabeingthat,while we wantto conducta globalsearckfor
optimumusingour recombinationmutationis usedfor a morerestrictedocal searchHaving
understoodhe broadfeatureswhich the mutationoperatorshoulddemonstratewe formally
definethe mutationasfollows:

Givena chromosome, eachparameter; is mutatedwith probability 0.1. The numberof
parameterbeingl0impliesthatatleastoneparametewill beprobablymutatedFurther given
the mutationrangefor the parameter:; asrange;, the parameter; is mutatedto thevaluex;*
givenby

x;" =x; £ range; - p



As previously discussedy shouldbesuchthatit lies betweerD and1 (to generatehehypercube
centerecht ) andalsoit shouldprobabilisticallytake on smallvaluesso asto testmoreoften
in thecloseneighbourhoodaf z. Thisis realizedby computingp from the distribution

j
whereeacho; is probabilisticallyeitherO or 1.

5.7 Diversity

Theconvergenceof the geneticalgorithmis estimatedhroughits populationdiversity: Initially,

the populationhasa high diversity sinceall the individualsarerandomlyselectedAs the al-

gorithm corverges,the individualsin the populationcornverge towardsthe bestsolution,thus
decreasinghe diversity. In our case the individualsare pointsin a heterogeneoudimension
spacewith a, 3, 74 andyg € R* while the otherparametersangingbetweerD and1. Hence
we usethe Mahalanobiglistancemeasurdo determinehediversity of a population[8].

The Mahalanobisdistancetakesinto accountthe heterogeneityn dimensionsand corre-
spondinglyscaleseachdimensionwhile estimatingthe distancebetweentwo points.Givena
setof datapoints{z; } with eachdatapointz; beingann-tuple(z;;|1 < j < n), theMahalanobis
distanced,,, betweentwo pointsz;, andz; is givenas

dm(Zk, Zl) = (Zk — Zl)TZ_I(Z]C — Zl)

HereX isthen x n variance-cwariancematrix for the givendatapoints.To comparehediver-

sity of populationsacrossgenerationsthe covariancematrix is computedaking into account
all thechromosomesverall generationsThediversityof apopulationis thencalculatecasthe
averageMahalanobiglistanceof eachchromosomdrom the meanchromosome.

6 Results

The geneticalgorithmwas run on the two task compleity classegepresentedby the target
clustersC; and (), in our simulator The populationsize was of 20 individuals,andwe ran
the geneticalgorithmfor 100 generationsThe initial positionwasthe samefor both with the
cross@er andthe mutationratesbeing 0.8 and 0.1 respectely. In the algorithm, four of the
parameters— «, 3, v4 and~g lie on the positive real axis and hencewe have to choosean
upperlimit ontherealline. Thisupperlimit is importantsincea low upperlimit valueimplies
thatweimplicitly restrictourrealvaluedparameterto thatlimit, while ahighupperlimit value
may increasethe numberof generationgor which the geneticalgorithmmay have to be run
sincetheinitial randomgeneratiorwill beverydispersea andjs areexponentf numberdess
thanl1 andhencetheir large valueswill not be useful. Keepingthesefactorsin consideration,
theupperlimit valuehasbeenfixedto 5 in our simulations.

The geneticalgorithm corvergesto an optimal solutionfor eachclusterascanbe seenin
Figures5-10. The optimal valuesfor someof the parametersliffer significantly for the two
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Cluster a B K1 Ko 1 K 1 7Ya Y8 e 1 I, R

Clusterl| 1.731 2.03 0.314 0.493  0.355' 0.240 0.521 0.054, 0.386 0.215

Cluster2| 1.231 2.12 10 0.564'0.178' 1.377 4.39 0.707' 0.871 0.906

Tablel: Optimal parametewraluesfor eachof the clustersfor oneexecutionof the GA over 100generations
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clustersas shavn in Table 1. The parameterassociatedo the bidding function of the Risk
Manager agentdiffer the mostbetweerthe two clusters.This is so becauseahe Risk Manager
is very sensitve to the compleity of thetask. The moreobstaclesthe highertherisk of losing
sightof landmarks.

In orderto checktheresultsobtainedor eachof theclusterswe have testedthetwo param-
etersetsfound by the geneticalgorithmon the two differentnavigationtasks(goingto cluster
('} andgoingto clusterC,). We have alsotestedour original parameteset,which we setby
hand,on the sametwo navigation tasks.The resultsobtainedby eachseton eachof the tasks
areshawvn in Table2. For eachtask,the meanaveragesuccesalue(s), averagecost(c) and
thefitnessvalue(f) is computedAs expectedthe parametesetfoundfor clusterC; performs
perfectlywhengoingto clusterC’, andit only reacheshetargetsof clusterC, 50%of thetime.
On the otherhand,the parametesetfound for clusterC, reacheghe tamgetsof clusterC: all
thetime, while it only reacheshetargetsof clusterC; 50%of thetime. Finally, thehand-tuned
parametesetreache$0% of thetime for targetsin clusterC’, andnever reacheshetargetsof
clusterC,. Thereforetheevolutionaryapproachasimprovedtheglobalnavigationbehaiour.

In Figures1l and 12 we canseesomepathsfollowed by the robot usingeachof the pa-
rameterseton eachof thetasks.Succesfupathsareonly shavn for thoseparametesetwith a



Goingto 'y Goingto Cs

C f 5 C f
Cyset| 1 |505|0.017| 0.5| 127.5| 0.003
Cyset|| 05]425]0.012| 1 | 122 | 0.007
HT set|| 0.5| 69 | 0.005| O - 0

VY|

Table2: Resultsobtainedby thedifferentparametesets

Figurell: Goingto C

succeswalueof 1. Otherwise an exampleof afailing path(marked with a crossat its end)is
shown.

We arecurrentlytestingthe parametesetson arealrobot,andwe will analysethe gener
ality, in termsof differentervironmentsandstartingpoint, of the parameter®btainedby the
geneticalgorithm.Furtherwork shouldalsofocuson designinganagentcapableof identifying
the complity of the taskbeingperformed,so thatthe parameterganbe switchedfrom one
setto anotherWe will explore the useof CaseBaseReasoningechniqueson this “stituation
identifier” agent.
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