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Abstract

Reactve controllershasbeenwidely usedin mobilerobotssincethey areableto achieve suc-
cessfulperformanceén real-time. However, the con®guratiomf a reactive controllerdepends
highly onthe operatingconditionsof therobotandtheervironment;thus,areactve controller
con®guredor oneclassof environmentsmay not performadequatelyn another This paper
presents& formulationof learningadaptivereactivecontmollers. Adaptivereactve controllers
inheritall theadwvantage®f traditionalreactie controllers but in additionthey areableto ad-
justthemselesto thecurrentoperatingconditionsof therobotandtheernvironmentin orderto
improvetaskperformanceFurthermorelearningadaptve reactve controllerscanlearnwhen
andhow to adapthereactie controllersoasto achieve effective performanceinderdifferent
conditions. The paperpresentsan algorithmfor a learningadaptve reactve controllerthat
combineddeasfrom case-basegkasoningandreinforcementearningto constructa mapping
betweerthe operatingconditionsof a controllerandthe appropriatecontrollercon®guration;
this mappingis in turn usedto adaptthe controller con®guratiordynamically As a case
study the algorithmis implementedn a robotic navigation systemthat controlsa Denning
MRV-III mobilerobot. Thesystemis extensiely evaluatedusingstatisticaimethodgo verify
its learningperformancendto understandherelevanceof differentdesignparametersnthe
performancef thesystem.

Keywords Reactve control,multistratgyy learning case-basegkasoningreinforcemenlearning,
roboticnavigation.
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1 Intr oduction

Autonomousnobilerobotsmustperformmary compleinformationprocessingasksn real-time.
Furthermorethey mustoperatesuccessfullyunderchangingenvironments. Theserequirements
imposeseveralchallengesntheircontrolsystemsTo besuccessfulanautonomousoboticcontrol
systemmustbeableto processncomingsensoryinformation,decidewhatactionto executenext,
andcarryoutthatactionwithoutmissingary time deadlinesReactve controllershasbeenwidely
usedn mobilerobotssincethey areableto achieve successfuberformancen real-time(e.g.,Agre,
1987;Arkin, 1989;Brooks,1986;Kaelbling,1990;Maes,1990;Payton,1986).

Reactve controllerstypically rely on a combinationof several task-adieving modules,be-
haviors, or schemago performa mobilerobotictask(e.g.,Brooks,1986; Langer Rosenblatt&
Hebert,1994; Mahadean & Connell,1991). Thatis, a robotic taskis decomposedhto several
subtaskghatthe robotmustaccomplishandexecuteconcurrently Typically, the systemdesigner
programsspeci®enoduleghataccomplisfeachsubtasky consideringelevantinformationfrom
therobot's sensorgo controltherobot's actuators. Eachmodulehasa stimulus-responstype of
relationshipwith the world. The responsef the robotis the resultof the interactionof all the
responses thesystemandcanbe computedaccordingo differentschemessuchassubsumption
(e.g.,Brooks,1986),weightedsummation(e.g.,Arkin, 1989),or voting (e.g.,Langer Rosenblatt,
& Hebert,1994). Therearemary adwantage®f suchcontrollers.Reactve controllersareableto
executeactionsin real-timesincethe modulesact like quick &re exes®to ervironmentalinputs.
This allows mobile robotsto reactto suddenchangesn the ernvironment. Reactve controllersdo
notusecomple internalrepresentation® keepanaccuratenodelof the world, nor do they rely
onexecutingexpensve planningprocessesperatingonthatmodel whichmayconsumemportant
resourcemnddeterioratehe responseime of therobot. Instead,eachmodulein areactve con-
troller extractsonly therelevantinformationrequiredto executeits particulartask. For example,a
robotdoesnotneedo recognizeachairin orderto avoidit. Forthistask,anavoid-obstaclenodule
only needgo know atwhatdistanceanobstaclas locatedfrom therobotto suggesanappropriate
respons€e.g. the2avoid-static-obstaclethotorschemaf Arkin, 1989). Thus,reactvecontrollers
are characterizedby having robust navigationalcapabilitiesand rapid, real-timeresponseo the
environment.

Neverthelessthereis much room for improvementin reactve controllers. Like classical
controllers(see,e.g., Ogata,1990), reactve controllershave several parametershat affect the
performanceof the controlledprocess. Thus,the performanceof ary given task executedby a
controllerwill depenchighly onthe parametersf the controllerandon the operatingconditions
of the plant(or robot). For example,a reactve controllermay guidea mobile robotsuccessfully
throughareaswith differentnumberof obstaclesHowever, if therobotis to accomplisithe task
at high performancdevels, thendifferentcontrollerparametersvill berequiredfor operatingon
areaswith differenthnumbersr con®gurationsf obstaclege.g.,Ram,Arkin, Moorman,& Clark,
1992). Theproblemof designingclassicatontrollersthatadapthemselesdynamicallyhasbeen
addressedby researchers the subareaof control theoryknown as adaptivecontmwol (see,e.g.,
Narendra& Annaswamy1989). Adaptie controlrefersto the controlof partially known systems
in which designersknow enoughabouta systemto selecta particularclassof controllers,but
an ef®cientcon®guratiorof the controlleris impossibleto determinesincethereis not enough
knowledgeaboutthe dynamicsof the systemto be controlled. Thus,the controlleris designedn



suchaway thatit improvesits performancdy observinghe outputsof the processandchoosing
theappropriateon®guratioaccordingly As theprocesainfolds,additionalinformationbecomes
availableandimproved con®gurationbecomepossiblg(Bellman,1959).

During the designof adaptve controllers the availableknownledgeaboutthe dynamicsof the
systemis usedto designan adaptivelaw thatthe controllercanuseat run-timeto con®guretself
andimprove taskperformance.However, suchapproachs not alwaysdirectly applicablein the
designof reactve controllers. In orderto be exible, mobile robotsmustbe designedo interact
with unknavn ervironments.Sincethedynamicf theprocesgo becontrolledis composedrom
the dynamicsof the robotsandthe ernvironment,the amountof informationknown in adwanceis
usuallynot enoughto usethe traditionaldesigntoolsfrom adaptve controltheory In particular
it maynotbe possibleto determineanadaptve law in advance;insteadthe systemwould have to
learnanappropriateadaptve law throughexperience.

In this paperwe presenta formulation of learning adaptivereactivecontwollers for mobile
robots.An adaptivereactve controlleris a controllerthatinheritsall the advantage®f traditional
reactve controllersputalsoit is ableto dynamicallyadjustitselfto thecurrentoperatingconditions
of therobotandthe ervironmentto improve taskperformance Furthermorea learningadaptve
reactve controlleris one which is able to learn an adaptve law throughits own experiences
that canbe usedto adjustthe controllerdynamically Sucha controlleris animprovementover
an adaptve reactve controller which canonly usea prede®ne@daptve law to con®gurehe
controllerat run time. Combiningideasfrom adaptve control theoryand machinelearning,we
proposeanalgorithmfor alearningadaptve reactve controller Thealgorithmis implementedn
anautonomousavigationalsystemfor a DenningMRV-11I mobilerobot.

This paperis organizedas follows. Section2 reviews necessarypackgroundrom adaptve
control theoryand formulatesthe problemin termsof mobile robot control. Section3 presents
analgorithmthatcanbeusedto implementa learningadaptve reactve controllerfor autonomous
roboticnavigation. Sectiod describesheapplicatiorof theproposedlgorithmto aschema-based
reactve controllerfor aDenningMRV-III robot. Section5 describeshe experimentsresults,and
analysisof resultsusedto evaluatethe proposedalgorithm. Section6 discusseselevantpointsof
the proposedalgorithmfrom the point of view of the theorybehindits design. Finally, Section7
concludegshepaper

2 Problem Formulation

2.1 Overview

The objectie of this sectionis to formulatea theory of learningadaptve reactve control and
to expressthe autonomousobotic navigation taskin termsof thattheory Autonomousrobotic
navigationis de®nedsthe taskof moving arobotsafelyfrom aninitial locationto a destination
locationin an obstacle-ridderterrain. In most real-world applications,designersdo not have
completeknowledgeaboutthe ervironmentin which the robotis to navigate; in addition, the
robot mustoften operatein mary differentervironments. Both situationsrequirethata reactve
controllerbe ableto adaptitself to the particularoperatingconditionsin orderto achieve effective
performance.Thus,beingableto designandimplementadaptve reactve controllersis essential
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for building mobile robotsthat canperformeffectively and exibly in real-worldernvironments.
An adaptve reactve controllerwould have a signi®cantdwantageover a traditionalonesinceit
would notonly be ableto respondn arapidandrobustmannerbut would alsobe ableto regulate
itself to differentoperatingconditions,thus improving the performanceof the navigation task.
In addition, a learningadaptve reactve controllerwould not only be ableto adaptitself to the
operatingconditionsbut would alsolearnthe adaptve law requiredto performsuchadaptations.
The learning capability provides a signi®cantadvantage;designersdo not needto specify an
adaptve law sincethesystemcansynthesizeoneusingits own experience.

2.2 Adaptive Reactive Controllers

Reactve controlleramustperformthesamedunctionof standaraontrollerspnamelytoimplemenia
control policy whichis amappingoetweersensoryinformationandoutputcommandslesignedo
accomplistiherobot'stask. However, reactve controllershavetwo majordifferencefrom standard
controllers.First, a purelyreactve controllerdoesnot usesensoryinformationto updateinternal
modelsof the world thatthenguide action;instead,it directly usescurrentsensoryinformation
to selectthe controlcommanddo executenext. Secondreactve controllersareusuallydesigned
as a combinationof modulesthat interact,eachmodulebeing responsiblor implementinga
speci®csubtasksuchasavoiding collisionsor moving towardsa goal. Thesetwo characteristics
allow reactve controllersto performrobustly in real-time since the mappingbetweensensors
andactuatorss implementedasquick re exeswithoutthe reasoningnecessaryo updatedetailed
world models(e.qg.,Arkin, 1989;Balch,Boone,Collins, ForbesMacKenzie & Santama#a1995;
Brooks,1986;Langer Rosenblatt& Hebert,1994;Mahadean& Connell,1991).

Mathematicallywe canrepresenthe policy of a reactve controllerasafunctionmappingthe
setof inputs deliveredby therobot's sensorgo thesetof outputs sentto therobot'sactuators:

(1)

where 1 and 1

We de®nean adaptve reactve controlleras a reactve controllerthat can modify its control
policy onthe’y.! Forexample thecontrollermightusea pre-programmechodelto selectan
appropriatecontrol policy basedon its obsenation of the currentsituation. An adaptve reactve
controllermay be classi®eds parameteradaptiveor structually adaptive In the formercase,
thecontrolleris ableto modify a prede®nedetof componentgspeci®callymodulesthroughthe
useof parametershat canbe adjusteddynamically In the latter case,the controlleris ableto
modify the structureof the controllerby introducingor eliminatingcomponentsltogetheandby
modifying the interconnectionbetweerthem. Thus,anadaptve controlleris parameteadaptve
whenit can,for example,modify the intensity of the responseof a moduleby varying a scalar
or gain, suchasthe minimum allowabledistanceof approacho anobstaclevhichin uencesthe

INote thatthe two tasks,oneof usingtheinputs to modify a control policy andthe otherof usingthe control
policy to determineactuatooutputs,may beimplementedisinga singlealgorithmwhich accomplishebothtasksin
anintegratedmanner However, sincethesetwo subtasksarefunctionallydistinct partsof the overall taskof adaptve
reactive control, it is usefulto distinguishthemin a teleologicalanalysisthattakesa designstance(Dennett,1987)
towardsthe problemof adaptie reactve control.



aavoid-obstacle®ehaior. In contrast,a controlleris structurallyadaptve if it caninterchange
a module,say2®move-to-dark-area®ywith another suchas®move-to-bright-area®pr whenit can
changethe combinationmechanisnmof moduleresponsegrom, say subsumptiorto weighted
summation.

Structurallyadaptve controllers,if designedsuccessfullymight be ableto copewith more
drasticenvironmentalchangesandachie/e betterlevels of performancehanparameteadaptve
controllers. Theintuitive reasorfor this is thatthe former containsa muchlarger setof possible
solutionsthan the latter  Thus, there may exist solutionsobtainablethrough modi®cationof
the structureof the controller that are not obtainablemerely through parameteradjustments.
However, structurallyadaptve controllersarevery dif®cultto designbecausestability properties
cannotbe guaranteediue to their mathematicalntractability (Narendra& Annaswamy 1989).
Extensve knowledgeaboutthe particularprocesso be controlledmustbeknown beforeadditional
assumptionsanbemadeandstabilitypropertiexanbeguaranteedParameteadaptvecontrollers,
in contrasttendto be moretractablethanstructurallyadaptve controllersbecausein theformer,
thereexists a continuousrelationshipbetweenthe parameterand the behaior of the system,
whereaghange thestructureof thecontrollermayproduceadicallydifferentsystenbehaiors.
In generalthereis no way to guaranteghe performancecharacteristicef thesebehaiors. In
orderthatthe designof our adaptve reactve controllerandits tractabilityandstability properties
not be dependenbn speci®&nowledgeaboutthe dynamicsof the ervironmentandthe mobile
robot, we have chosento concentrateon parameteadaptve reactve controllersin this article.
Additionally, dueto the continuougelationshipbetweerthe parameterandthe behaior of the
system,parameteradaptve reactve controllerscanrely on a suf®cient,althoughnot necessary
conditionto guarantestability: in anadaptve systemaslong astheadaptationsreperformedat
amuchslower ratethanthedynamicsof thesystemthe systemcanremainstable(Albus,1991).

The operationof a controlleris successfulf it can maintainspeci®outputsof the system
within prescribedimits. In the caseof autonomousobotic navigation, the controller's taskis to
guidetherobotto thedestinatiorpointwhile avoiding obstaclesQuantitatvely, thismaybestated
asthe determinatiorof theactuatocommands  to keeptheerror betweensome
measureof the robot performance anda desiredmeasure  within prescribedvalues? The
performancemeasureof the robot may consist,amongotherthings, of a subsetof preprocessed
sensoryinputs( ) suchasthecurrentpositionandthe numberof collisionsatagiveninstant. The
desiredinput consistsof the desiredposition (the destination)and numberof collisions (zeroin
mostcases).Note thatall perceved inputsmay or may not have a desiredvalue speci®ed.For
example, therobotmayperceve the distancdo the nearesbbstaclan additionto its location,but
the objectve might specifyonly a destinatiorlocationwithout specifyinga desiredvaluefor the
robot's distanceo thenearesbbstacle.

If the dynamicsof the robotandthe structureof the ervironmentare completelyknown, the
structureof the controllercanbe determinedandits parameterghosemasto minimize a desired
performancendex, suchasdistancdraveledandtotal numberof collisions. Whenthe structureof
the ervironmentis unknovn, however, the control problemcanbe viewed asan adaptve control
problemsincethe dynamicsof the system(in this case,the robot andits ervironment)are not
known completelyin advanceanddifferentcontrollerparametersightbeappropriateatdifferent

2Thevariables, ,and  maybemultivariables.In otherwords,they canbe vectorialvariables for example
1 . We have avoidedvectorialnotationto simplify the presentatioin this section.
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times. Figurel shaws this formulationof theadaptve reactve controlproblem.

Theautonomousavigationcontrolproblemcanbestatedasfollows: Givenarobot with an
sensofactuatorrelationship andadesiredperformanceeference , determine
for all 0 suchthatthe performancendex givenin Equation2 is minimized:

(2)

0

In thisformulationit is assumedhatthe outputset of therobotis generatedby its controller
. A practicalrequirements that is boundedsuchthatit canbe physicallyrealizable. The
referencenput isassumedo beboundedandphysicallyrealizable Knowledgeabouttherobot
andthe structureof the environmenthelpsin de®ninghe referencanput. The structureof the
controller is determinedisingknowledgeaboutthe robotandthe environment. The controller
is responsiblgor generatingthe outputcommands using all the sensoryinformation
availableto it.

Assuminghatthecontrolleris parameterizelly avector ,for arny givenrobotandenvironment,
thereexistsa parametewvector suchthatEquation2 is minimized. In mostcasestherewould
exist morethanone , eachcorrespondingo a differentsetof controllerparametershatcanbe
usedto guidetherobot. in Equation? is apositve-de®nitenatrixto guarante¢hat isacorvex
function. Theterm representshe differencevectorbetweerthe currentperformance
measureandthereferenceat a giveninstancan time. Thedifferences squarecandweightedby
thematrix andthenintegratedovertheentireworking period( 0 ). Thus, isameasure
of thedeviationof theperformancef thesystenfrom thereferencevertheentireworkingperiod.
For example, mighttrackthetotal numberof collisionsor thelengthof the pathfollowedto the
destinatiorlocation.



Ideally, the vector shouldvary over time sothat is minimized. The rule by which s
adjustedbvertimeis calledtheadaptivelaw. Summarizingthe problemof designinganadaptve
reactve controllercanbe statedasfollows:

1. Determinegtheboundsof therobot'soutputs andthe setof realizable
2. Determinethe structureof areactie controller , parameterizety thevector .

3. Determinethe adaptve law for adjusting suchthataperformancendex givenby Equa-
tion 2 is minimized.

Adaptive reactve controllerscanbehand-designedrlhatis, with enoughknowledgeaboutthe
robot, the ervironment,andtheir interaction,the systemdesignercan synthesizean appropriate
adaptve law suchthatthe performancandex improvesas comparedo a non-adaptie reactve
controller(e.g.,Ram, Arkin, Moorman,& Clark, 1992). However, an alternatve approachs to
incorporatdearningalgorithmsinto the controllerandlet the robotlearnanappropriateadaptve
law with its own experience.Thisis discusseahext.

2.3 Learning Adaptive Reactive Controllers

Themainrequiremenbf a parametefadaptve reactve controlleris to beableto applyanadaptve
law to adjustthecontrollerparameterat run-timein orderto optimizeperformance An adequate
law canbesynthesizeat designtime only whenthereexistsenoughinformationaboutthe system
andits dynamics.However, to designa systemcapableof dealingwith situationsnot foreseerby
its designerit is necessaryhatthe systembe ablenotonly to applybut alsoto learnandre®ndts
adaptve law usingits own experience.

In roboticnavigation,sensorynformationandcontrolparameterareusuallyrepresentedsing
analogvalues.Thus theproblemof learninganadaptvelaw canbethoughtof asfunctionsynthesis.
Let denotea generalmemorydevice andlet  denotethe domainunderwhich this memory
is applicable. If , thenthe expression representshe parameter 2recalled®
in @situation® from memory . Thus canbe thoughtof asrepresentinga mappingfrom

, Where representsheinput descriptionof the currentsituation,to appropriatecontroller
parameters for this situation. Notethat mayincludeinputinformation from the sensorof
therobotaswell asinternalPobsenations®aboutthe stateof therobot(say thecurrentvalueof ),
sincetheappropriatgparameterization mayin generaddependn bothkindsof information.

Theidealmapping is suchthatwhentherobotis in situation , then is the
optimal parameterizatiotfior the reactve controllerfor that situation. Since is not known
in advancedueto the lack of detailedknowledgeof the environmentand/orthe dynamicsof the
robot,theobjectie of thelearningalgorithmis to incrementallye®ndhe mapping  with every
experiencesuchthat as , assumingcontinuousoperation. At ary giventime,
the currentmapping  canbe usedas an adaptve law; in turn, the outcomeof the suggested
controllerparameterizatiom a givensituationcanbe obseredandusedto upgradehe mapping
in a continuouspn-linemanner

In conclusionjn our formulation,reactve controllerscanbe classi®eadhto threecateyories:
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Category 2.1 (ReactiveController) A contioller composedf task-adieving modules. Eadh
modulespecializesn accomplishinga speci®csubtask. The responsef the robotis the result
of the interaction of all the modules.A geneal algorithmfor a reactivecontmoller is outlinedin
Figure 2.

Category 2.2 (Adaptive ReactiveController) Areactivecontoller thatis ableto adjustitselfto

the current opeiating conditionsof the robot and the ervironmentto improvetask performance
Adaptivereactivecontwllers can be parameteradaptiveor structumlly adaptive A parameter

adaptivereactivecontrwoller hasa prede®neddaptivelaw thatit usego parameterizehereactive
controller at run-timeandimprove performance A geneal algorithmfor a parameteradaptive
reactivecontmoller is outlinedin Figure 3.

Category 2.3 (Learning Adaptive ReactiveController) An adaptivereactivecontmoller that is
able to learn an appropriate adaptivelaw with its own experience A geneal algorithm for a
learningparameteradaptivereactivecontmwoller is outlinedin Figure 4.

In thisarticle,we presenamachindearningalgaithm calledLARC?thatlearngheadaptvelaw
for aparameteadaptvereactvecontwoller. Thealgorithmisfully implemenedin SINS*, alearning
systenmfor anadaptve schema-base@actve controllerfor aDenningMRV-III mobilerobot,and
evaluatedhroughextensve empiricalstudies.Thesigni®cancef theresultas determinedhrough
statisticalanalysisof the empiricalresultsandis discussedh the context of thetheoryunderlying
theimplementationThetechnicaldetailsof the proposednethodarediscusseaext.

3 Approach

We proposea multistrat@y case-basedndreinforcementearningalgorithm,calledLARC, asa
mechanisnto learnwhenandhow to adaptheparametersf areactve controllerin amobilerobot.
With experiencethealgorithmis ableto learnandapplyanadequat@adaptve law to improve task
performanceautonomously The algorithmis basedon a combinationof ideasfrom case-based
reasoning@ndlearning,which dealswith theissueof usingpastexperienceso dealwith andlearn
from novel situations(seeHammond,1989; Kolodner 1993),and from reinforcementearning,
which dealswith theissueof strengtheninghetendeng to produceactionsleadingto satisfactory
stateof affairs (seeSutton,Barto,& Williams, 1991;Thorndike,1911).

In the LARC algorithm,the adaptve law is representedby a mapping consistingof a set
of casescontainingspeci®a@ssociationdetweersituationsandcontrol parametersEachcaseis
applicablein a speci®aegion of theinput space andcontainsthe bestguessso far of which
controlparameters thecontrolleris to usein thatregion of theinputspace.Casesareformedand
re®nedoy meiging pastexperiencesn commonregionsof the input spaceandby remembering
which control parametersre useful as measuredy a reward signal. Systemperformances
improvedasa consequencef both synthesizinganadaptve law in regionsof theinput spacenot

3LearningAdaptive Reactve Control.
4Self-Improving NavigationalSystem.



For every perception-action cycle of the robot:
1. Read inputs from robot's  sensors.

2.  Compute next output commands .

3. Send output commands to robot's actuators.

Figure2: Outlineof ageneraklgorithmfor areactve controller

For every perception-action cycle of the robot:

1. Read inputs from robot's  sensors.

2. Use adaptive law to decide new controller parameters
3. Compute next output commands .

4. Send output commands to robot's actuators.

Figure3: Outlineof agenerablgorithmfor aparameteadaptve reactve controller

For every perception-action cycle of the robot:

1. Read inputs from robot's  sensors.

2. Learn and update the adaptive Ilaw.

3. Use adaptive law to decide new controller parameters
4. Compute next output commands .

5. Send output commands to robot's actuators.

Figure4: Outline of ageneraklgorithmfor alearningparameteadaptve reactve controller



consideredpreviously and optimizing the adaptve law in thoseregionsof the input spaceused
moreoften.

The mainrole of the case-baselkarningstratgy is to remembeiprevious successfuparam-
eterizationsof the controllerand use (or modify) theseparameterizationeshen the robot faces
similar circunstances.The mainrole of the reinforcementearningstratgy is to strengtherthe
contentof the caseghat containparameterizationthattendto produceusefulresults. Thus,the
basiclearningschemanvolvesthe following threesteps:(1) Givena situation , usethe current
mapping to generate controllerparameterization . (2) Obsenre thebehaior of the
robot asgovernedby the controller underthe suggestegharameterization(3) Update
basedntheoutcomeaccordingo someoptimizationcriteria. Thefollowing subsectiondescribes
thedetailsof therepresentationatructuresandalgorithmsinvolved.

3.1 CaseRepresentation

Themappingbetweersituationsandparameterizationis representedsinga setof caseghatare
learnedandmodi®edhroughexperience.Eachcaseconsistof atime sequencef associations
betweensituationsandcontrol parameters Situationsand control parametergarerepresentety
pointsin the input and output spacesespectiely. The input spaceconsistsof a n-tuple of
continuoussensoryariablessampledat a giveninstantin time; eachvariablecorresponds$o an
obsenableor computablenput . Similarly, the outputspaceconsistf ap-tupleof continuous
controlparametersampledat the sameinstantin time; the p-tuplerepresentghe atthatinstant.
Thus,anassociatiomepresena situationin the spacecoveredby therobot's sensoryinformation
andthe control parametershat were active while the robot traversedthis situation. A sequence
of associationgapturesa history of situationsand their correspondingontrol parametersver
a shortwindow in time. Using this formulation,a caserepresents portion of an adaptve law
which is applicableonly at a speci®cregion of the input space. More precisely since cases
are retrieved by matchingthe recenthistory of input variables andoutputvariables against
the correspondingraphsrepresenteth the casesthe adaptve law is representethy a mapping
1 1 1 . In otherwords,asmentionecearlier

thesituationdescription usedto retrieve casesonsistof externalsensoryobsenations aswell
as@obsenationsof internalstate(speci®cally ) over a suitablewindow of time representethy

samplegakenat 1 . Thisis discussedn moredetailbelov. Figure5 shavsan
exampleof acase.Thecompleteadaptve law is representelly a setof suchcases.

Thepurposeof thelearningalgorithmis to usepreviousnavigationalexperienceso createand
re®necaseghatcaptureconsistensequencesf usefulassociationsA sequencef associationss
consistenbvertime whena controllerthatusessimilar controlparametersndersimilar situations
producessimilar results. Suchsequencesre advantageoudecausdhey are a reliable source
of informationwhenthe robotfacesnew situationssimilar to situationsexperiencedn the past.
For example,whenarobotis traversinga new situationit could usethe sameor similar control
parametersisthoseusedin previoussimilar situationsandhopeto getsimilar results. However,
consistentassociationsnay not alwaysbe useful. For example,if a robot detectsit is nearan
obstacleand lowers the importanceof avoiding suchobstacle,it is very likely that a collision
will occur Sucha sequencef associationss consistenbut not usefulsinceit deteriorateshe
navigationperformanceThelearningalgorithmusesan externalrewardsignalto remembeponly

9
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Figure5: Samplerepresentationshaving thetime history of valuesrepresentingercevedinputs
andcontrolparametersAssociationdetweersensorynputsandcontrol parameterarearranged
vertically andthe sequencef associationarearrangedorizontally

thoseassociationshatareconsistentlyusefulsothat, after severalexperiencescaseswill contain
consistensequencesf usefulassociations.

Situationsandcontrol parameterarerepresentedsingtuplesof real-valuedvariables.Ana-
logical representationsuchasreal-valuedvariablesare usefulfor severalreasons First, sensory
informationcanbe quickly processedisingreal-valuedfunctionsto producea tuple thatcanbe
usedto designatehecurrentervironmentakituation. Fastinformationprocessings arequirement
becauseeactve controllersmustactin real-time.Secondanalogicarepresentationslueto their
®negrain-size canbe modi®edgraduallywith nenv incominginformation. Gradualmodi®cation
of casegnsureshatthemappingrom situationdo controlparameters updateccontinuouslyand
incrementallywith every single experience. Suchgradualmodi®catiorof the mappingfunction
helpsto ensurestability in the systemsincethetotal behaior of the systems beingmodi®edn a
continuoudashion. Third, analogicakepresentatioallow extrapolationof values.Thisis useful
whena new parameterizatiors requiredin aregion of theinput spacethathasnot beenexplored
before. The parametersf adjacentegionscanbe usedto extrapolatethe valuesin the required
region. Finally, analogicalrepresentationare able to represent wide rangeof situationsand
control parametersThis allow casedo captureary sequencef associationgaslong asthey are
provento be consistenanduseful.

An additionalinnovationintroducedn ourwork is thetime-historyrepresentatioof situations
andcontrolparametersKeepingtime-historyinformationallows explicit representatioof causal
patterndetweersituationsandcontrolparametersRepresentatioaf causapatterngs arequisite
for the detectionand captureof consistensequencef associations.Suchrepresentationalso
allow thesystento learnabroaderclassof navigationalstratgies. For example the systemmight
learnwhatto dowhenit is approadinganobstacldatemporakconceptyatherthanmerelywhatto
dowhenit is nearanobstaclgastaticconcept) .Notethattime-historyrepresentatioraredifferent
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fromrepresentationsf temporakonceptgsuchasvelocity); atime-historyrepresentationaptures
thesuccesske valuesof therepresentestariable(which mayin factbeatemporalariablesuchas
velocity) overtime.

Finally, notethatthe caserepresentatioallows the systemto learnnavigationalstratgiesin
generaratherthanlearningabouta particularervironment. For example,the systemmightlearn
a generalstratgy suchas®when approaching denseclusterof obstaclesincreasehe obstacle-
avoidancegainandgo aroundthe obstaclestatherthana speci®eecommendatiofor actionfor
agiven ervironment(suchas?this particularworld hasan obstacleat such-and-suclocation,so
reducevelocity by 75%whentherobotarrivesat such-and-suchosition®).

3.2 The LARC Algorithm

The adaptatiorandlearningalgorithm mustperformtwo taskssimultaneously It mustusepast
experiencedo constructa mappingbetweensituationsand control parametergi.e., learningthe
adaptve law) andit mustusethe mappingto determinethe bestsetof controlparameter$o usein
everygivensituation(i.e.,usingtheadaptve law). Thestrategy of thealgorithmisto comeupwith
apartitionof theinputspacento regions(or clustersyandto searcHor thebestcontrolparameters
to be usedin eachparticularregion. Partitioningthe input spaceinto severalregionsis possible
dueto theextrapolationpropertyof analogicakepresentationsyhich exploits theassumptionthat
neighboringoointsin theinputspaceshouldhave similarcontrolparametersThus,partitioningthe
inputspacento regionsallowsthe mappingto be usedundersituationsnot experiencedeforeand
avoidstheimpossibletaskof associatinghe appropriatecontrol parameterso every single point
in the input space.An additionalrequiremenbn the algorithmis thatit mustlearnthe mapping
incrementallyby continuouslyincorporatingnew information gatheredfrom every experience.
Thisis necessarpecausastherobotmoves,theenvironmentalkituationchangesndnew control
parametersnay be required. Thus,the parameteadaptatioralgorithmmustbe ableto suggesta
bestguesssetof control parameterso useduringa new situationandthenobsenre the resultsof
thesuggestedontrollerparameterizatioto decidehow to improve taskperformanceluringfuture
similar situations.

The requirementsiescribedabove are accomplishedy a multistratgy algorithmthat com-
binesideasfrom case-basel@arning reinforcementearning,competitve learning,andminimum
distanceclustering.Thepartitionof theinputspaceas accomplishedy meging pastsimilar expe-
riencednto casesEvery casecorrespondso aregionin theinputspaceandevery new experience
is usedto re®nehe boundariesaindthe centroidof thatregion. The associatiorof usefulcontrol
parameter$o every caseis accomplishedby modifying the controlparameterassociatedb a re-
gionwheneerarewardor punishmensignalis recevedor wheneer theresultsof theapplication
of theseparameterss not consistenbver time. In thisway, only associationshatarebothuseful
andconsistenareencodednto cases.

In summarythe LARC algorithmlearnsto partitiontheinput spaceandto associatadequate
control parametersimultaneouslyand incrementallywith every experience. In termsof our
formulation,the LARC algorithmlearnsand appliesa piece-wisegeneralmemorydevice  in
whicheachcaseaepresentaportionof themapping byindicatingwhatparameterization

shouldbeusedundera particularsituation . Thus,theLARC algorithmcomparesheperceved
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inputs with referencenputsor caseghatconsistf previoussimilar experiencesandadaptghe
controllerby supplyingthe thatresultsfrom this comparison.

We now discusghetechnicaldetailsof the LARC algorithm.Althoughthedifferentphase®f
the algorithmaretightly integrated,in orderto facilitate presentatiorof the algorithm,theissue
of partitioningthe input spacewill be considered®rst. The issueof associatinguseful control
parametersvill beconsideredfterthe procesf learningcasess described.

3.2.1 Learning Cases

Case-basedeasoningandlearningdealswith the issueof using pastexperiencedo solve new
problems. However, whenthe domainis representedising real-valuedvariables,remembering
eachsingle experienceasa caseis impracticaldueto boundsimposedby limits on the available
memory Thealternatve is to combinesereral similar experiencesogethetto createan®average®
or @virtual® experienceor centroidin a region and let a caserepresenthis centroidinsteadof
eachsingle experience(seePorter Bareiss,& Holte, 1990, for anotherexampleof a case-based
reasoningystemPROTOS, wherecasesepresentprototypical®experiences)ln this way, each
caserepresentsll the pointsin the input spacethat are closeenoughto its centroidso that ary
informationin the casecanbe generalizedo the pointsinsidethe region thatit representsOne
problemwith this alternatve is that thereis no a priori informationaboutwheresuchcentroids
shouldbelocatedor how big theregionsshouldbe. Thecentroidsandtheregion'sboundariesnust
thereforebe learnedwith eachexperience.Sinceexperiencesomeoneafteranotheycasesnust
belearnedyraduallyandincrementally Thismeanghecontenf acasedependsiotonly onapast
experience put alsoon alterationgntroducedby subsequergimilar experiences.This approach
deviatesfrom standarctase-baserbasoningvhereeachcasecontainsa previousexperienceor a
generalizatiorof a previous one andfuture similar experiencesio not modify the contentof an
existing case(but seeRam,1993).

The basicideaunderlyinglearningof caseds that of competitve learning,which intuitively
consistof letting all existing casesompeteo incorporateeachnewn experienceandallowing only
the@winner® to modify itself to becomemoresimilar to the new experience More formally, com-
petitive learningcanformulatedasfollows: Assumea seriesof samplesf a vectorial®sensorial®

obsenable 0 , Where ¢ is a particularpoint in the time coordinateanda setof
referenceases 1 . Assumehatthe have beennitializedin someproper
way; randomselectionwill suf®ce. For every given , the bestmatch accordingto some
distancametric is updatedo matchevenmorecloselyto thecurrent . In otherwords,
thebestmatchingcase , where istheindex of thecasewith theminimumdistance :
is alteredin someway to reducethe distance , andall the othercases with

areleft intact. The resultof this proceduras thatthe differentcasegendto becomespeci®cally
atuned°to differentdomainsof the input variable in sucha way thatthe cases tendto be
locatedin theinputspace suchthatthey approximateo the probabilitydensityfunction in
the senseof someminimal residualerror (seeKohonen1990). In otherwords,thoseareasof the
inputspacehatareusedmoreoftenarecoveredwith morecaseshanareaf theinputspaceuse
lessoften.

5A sampleof the sensoriabbserablerepresentshe valuesof the outputsdeliveredby the sensorsf therobot.
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Thequantizatiorerrorincurredby partitioningtheinput spacewith casess givenby:

3)

where is the volume differentialin the input space, is a constantandtheindex of the
best-matchingases afunctionof
min (4)

all

For asquared-errocriterion( 2), Equation3 is the Euclidearmetricbetweerthe ernvironment
situation andthebest-matchingase . In thiscasethefollowing steepest-descegtadient-
stepoptimizationrule (2deltarule®) de®nesheoptimalvaluesfor the  asymptotically:

new old old

new old for (5)

where isagaincoef®cienthatdecreasesonotonicallywith everyiterationandO 1.
This is the simplestanalyticaldescriptionof competitve learning,which hasbeenwidely used
for vector quantizationin digital telecommunicatiorengineeringas a methodfor unsupervised
clustering(seeGray, 1984;Linde,Buzo,& Gray, 1980;Shanmugan979).

However, the previousformulationis only applicablefor sample®f thevectorialvariable at
aspeci®d¢ime. As mentionedreviously, oneof the objectvesof the LARC algorithmis to learn
sequencesf sampleghatareconsistenin time, thatis, thosesequencethattendto reoccumwhen
usedundersimilarsituations.Thus,to keeptrackof sequencesf situationssuchastheonesshavn
in Figure5, the above formulationmustbe extendedto takeinto accountmultiple samplesof
and alongthetime dimension.For this purposethedistanceunction needgo extended
to measurdhe matchbetween and atdifferentrelative time positions. Sucha distance
functioncanbeformulatedasfollows: Let denoteadiscretdimeindex ( 2 10
where0 representshe currenttime and negative valuesrepresenthe recentpast. Let
represenbnesamplein a sequencef  tuplesin 0 . Then

, thedistancebetween and attimeposition , canbede®nedsfollows:

1
- ’ (6)
0
where 0 (referto Figure6 for agraphicalrepresentation).

The best-matching  andthe positionin time of the bestmatch is determinedby the
following equation:

” (r)nin (7)

Equation? represents processvhich matchesall the casesn all relative time positionsagainst
thegivensequencef situationsandselectghe casehaving the minimum Euclideandistanceper
unit of time from the setof currentavailablecases.

The updaterule for the best-matchingase must also be modi®edto take into account
multiple sampleslongthetime dimension.Equation8 shavs the new versionof thisrule:

new old old for O
1
new old for (8)
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Equatior8 representaprocessvhichupdategachcasesample to matchits corresponding
situationsample with differentstrengths Thesamplecorrespondingo thecurrenttime
is updatedmorehewily thanthe samplegakenbackin time. In otherwords,the coef®cientfor
updatingthe sampleat the currenttime Ois , anddecreasebnearly down to —; asthe
position of thesamplein thetime dimensiongoesfrom Odownto . This
updaterule hastheniceeffect of alteringthe casesevenly with their use, sincethe ®rstsamplesn
acaseareusedmorefrequentlythanits latersamplesandmaybe exposedo theupdaterule more
often.

Two importantdecisiongegardingcasdearningarewhento createa nenv case(asopposedo
usingandmodifying an existing case)andwhento incorporatenev sampledo theendof a case.
The ®rstquestionaddressethe issueof decidingwhenit is time to createa new caseto mapa
region of theinput space Creatingnew casess importantbecausehis allows the systemo re®ne
the mappingin regionsof the input spacethat have not beenconsideredeforeor that have not
beencoveredin suf®cientdetail. The secondjuestionaddressethe issueof capturingconsistent
sequencesf samplesnto a case.This allow casedo grow in lengthto capturelongersequences
of samples.

The decisionrule to createnew casedss basedon the idea of minimum distanceclustering,
which consistsof usinga thresholdto decidewhethera new experienceshouldbe incorporated
into theclosestaseor usedo createa new case.Thethresholdexplicitly de®nesheborderof the
regionsrepresentetly eachcaseandis updatedwvith every experienceuntil it corvergesto its best
value. Given  asthethresholdvalueassociatedvith the best-matchingase , thedecision
ruleis de®nedasfollows:

Adapt  usingEquation8.

decisionrule: .
Createa new caseusing

9)

Theupdaterulefor  is de®nedy thefollowing equation:
nev old old (10)

where isalearningconstant, isanintegerconstantand and 2 arethemeanandvariance
of thedistanceobtainedduring previousretrievalsof case . In otherwords,thethresholdvalue

is alwaysupdatedtowardsa limiting value thatis equalto the meanof the distanceof the
experiencego the centroidof the caseplus a multiple of its standarddeviation. This meanghat
anew cases createdonly whenthe distancebetweerthe currentsituationandthe best-matching
caseis greateithan2usual®. Intuitively, if the bestavailablecases notasgooda matchto thenew
situationasit hasbeento thesituationsan which it hasbeenusefulin the past.thenit is likely that
thesystems encounterin@ situationfor which thebestavailablecasesn't a very goodmatchand
anew caseneeddo becreated.

Thepurposef thedecisiorrulefor casdearning(Equatior®) andtheupdateule (Equationl0)
is to createregionsin theinput spacewith sizesthatareinverselyproportionalto the valueof the
probability densityfunctionof theinput space.Thus,the portionsof theinput spacehatareused
more often aremappedwith smallerregionsthanportionsof the input spaceusedlessoften. In
thisway, asdepictedn Figure7, themappingcanbe dynamicallyre®nedndspecializedo those
portionsof theinput spaceusedmoreoften.
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portion used more often

Figure7: Quantizationof the input spacein region with differentsizes. The sizeof eachregion
depend®nthefrequeng of useof eachportionof theinputspace.

Thedecisionrule usedto extendthelengthof thebest-matchingases basedn how well the
caseis ableto predictthe next situationgiven the currentsequencef situations. Intuitively, if
the best-matchingaserunsshortin matchingthe currentsequencef situationsthenthe caseis
extendedto incorporatethe currentsample.Thatis, if thereis no othercasethatis closesto end
of thesequencethenthe bestdecisionis to extendthe casethatbestmatcheghe beginningof the
sequenceln this way, the next time the caseis retrievedundersimilar situationst will belonger
andableto predictalongersequencef situations.Mathematicallythis canbe accomplishedby
modifying Equation7 to matchcasestall relative time positionsjncludingthosethatgo oneunit
beyondthelength  of thematchingcase . If thebest-matchingase  occursatrelativetime
position 1,thencase isrunningshortandmustbe extended.Equationll speci®es
theprocedure:

new old 1

If 1 then naw 0 (11)

The above speci®cationareachie/ed by an algorithmthatlearnsto partitionthe input space
into severalcasesasdescribedn Figure8. Thealgorithmworksby incorporatinghew experiences
sequentiallycreatingnew case®r updatinghecontenbf existingcasessrequired.lts asymptotic
behaior isto partitiontheinputspacento regionsthatminimizethequantizatiorerrorasexpressed
in Equation3. Thecasexreatedy thisalgorithmmaybethoughtof asfeatue-sensitiveletectors
that representonsistentsequencesf associationsn the input space. The sequenceshat are
capturednto casesarethosethatareintrinsic to the environmentalsituationandthe dynamicsof
the system. The main characteristicef this algorithmarethatit createsandself-olganizesases
to partition the input spacebasedon the probability densityfunction of the input space. Also,
it worksin anincrementaimannersinceit incorporatesienv samplesstep-by-step.Finally, the
algorithmcanconstrucprototypicalrepresentationsf sequencesf situationghathave provento
beconsistenbvertime.
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For every perception-action cycle of the robot:
1. Take a sample of the current sensory information:

10 0 variable 1 variable
2. Retrieve the best-matching case using Equation 7.

Best match distance:
3. Update case distance  statistics (mean and variance  of ): 2
4. Update decision threshold for best matching case:

new old old

5. Apply decision rule to create a new case:
If

Update using Equation 8.
best =
Else
Create a new case: naw 0
best = new
6. Apply decision rule to extend the best-matching case:
If 1
Incorporate a new sample to best
best best 1
best  pest 0
7. Prepare for next sample: 1 1 0

Figure8: CaselLearningAlgorithm.

The casescreatedby this algorithmrepresentonsistensequencethat have occurredin the
past.Controlparametergareassociateevith eachcase representinghe speci®@arameterization
of thereactve controllerthatshouldbe usedunderthe situationencodedoy the case. However,
while thesesequencesre acorrect® in the sensethat they representgeneralizationaboutthe
system-emironmentinteractionthey may or may not be usefulto the actualgoalthatthe system
is currentlypursuing.In orderto learnusefulcontrolparametersanexternalrewardsignalis used
to biasthe casdearningalgorithm. Thisis discussedhext.

3.2.2 Learning Useful Control Parameters

Reinforcementearningdealswith the issueof increasingthe tendeng to executeactionsthat
producesatisfactorystatef affairs. Basically whenanagentperformsanactionin agivenstate,
it recevesanexternalrewardsignal. If therewardis positive, theagentstrengthengheassociation
betweenthe actionandthe stateso that the agentwill tendto executethe sameactionin future
similar states.Corversely if the rewardsignalis negative, the agentweakenghis associationn
orderto decreaséhetendeng to performthatsamemistaken thefuture. Combiningthealgorithm
for learningcasegdescribedreviously with reinforcementearningwill allow thesystento learn
caseghatarenotjust consistenbver time but thatarealsousefulaccordingo therewardsignal.

Givenasetof cases , andassuminghattheobsenable consistf aconcatenation
of anervironmentakituationvector E andacontrolparametevector P
where , thenthe mapping consistsof ®ndingout the best-matchingase
for a givensituation andreturningthe parametewectorassociateavith the case P
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where P isthenotationfor extractingthecontrolparametevectorfrom theconcatenationector

To reinforceparametershat are useful,the updateprocedureshouldnot blindly updatethe best-
matchingcaseto be more similar to the currentsituation; instead,it shouldtake into account
the reward feedbackin sucha way that control parametershat producebene®cialewardsare
rememberedvhile control parameterghat produceperjudicial rewardsare modi®ed. This is

achieved by comparingthe rewardobtainedduringthe currentsituationwith the expectedreward

obtainedduring pastsimilar situations,and updatingthe control parametersnly if the reward

obtainedduringthecurrentsituationis betterthanthe expectedewardof the case.In otherwords,

acases adaptedo bemoresimilar to the currentsituationonly if the currentsituationis 2better®

thanthesituationencodedn the caseasevaluatedby therewardsignal. Thus,eachcase  must
keeptrack of the expectedreward or utility ~ receved every time it is used. The updaterule,

originally statedin Equation8, mustbe appliedonly whentherewardrecevedduringthe current
situationis greatetthantheutility of the case.

Theintroductionof therewardsignalactsasa ®lterfor trainingdatato thecase-baseldarning
algorithm, therebyproviding an 2input bias® (Cox & Ram, 1994)to the algorithm. Only those
sequencethat are consideredelatively betterthanthe sequencen the best-matchingaseare
incorporatedand learned. This rule producesthe reinforcementeffect of rememberinghose
parametershatleadto goodrewardsandforgettingthosethatleadto badrewards. To promote
self-improremenin performancepnemoreconditionis required: Thebestparameterizatioaof the
reactve controllerin the givenervironmentalsituationmustbe selected.To do this, all caseghat
are?closeenough@o thecurrentsituationareconsideredandtheonethatpromiseghebestutility
is selected.This approachs somevhatdifferentfrom standaradcase-basereasoningn whichthe
bestmatchingcasds usedto guideaction;here severalof thebestmatchesreconsidere@ndthe
mostusefuloneis chosen Equationl2 speci®etheprocedure:

best al I(’)naX (12)

The decisionthreshold  associatedo the best-matchingaseis usedto de®newhatis aclose
enough®. Thatis, only thosecaseswvhosedistanceto the currentsituationis lessthan  are
considered. If the utility of the bestcaseselectedby Equation12 is not 2good enough®(as
determinedby a ®xd threshold),then a randomset of parameterss selectedfor the reactve
controller Randomsearchis the only stratgy for optimizationwhen thereis no additional
knowledgeaboutthedirectionin whichto changethe parametere orderto optimizethe external
reward. Heuristicfunctions,if availablefor a particularapplication,canbe easilyincorporatecat
this stepto focusthesearchor usefulparameters.

Figure 9 shavs the completeLARC algorithmthat integratesthe procedurefor partitioning
theinput spacdanto casewith reinforcementearningof usefulcontrolparametersTheproposed
algorithmshareghe characteristicef the algorithmin Figure8, namely it learnsto partitionthe
inputspacento regionsthatminimizethequantizatiorerrorby incorporatingnew experiencesn a
sequentiafashion. Additionally, it usesanexternalrewardsignalto remembepnly thosecontrol
parameterthatproduceusefulresults.Thus,thecasedearnedy thisalgorithmrepresenhotonly
asetof feature-sensie detectorsbut alsospecializeanappingdetweerenvironmentakituations
andcontrolparameterthatproduceusefulperformance.
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For

n

a s

every perception-action cycle of the robot:
Take a sample of the current sensory information and reward signal:
O E0 fO Po
1 1 1 1
reward
Update utility of previous case given
Retrieve  the best-matching case C using Equation 7.
Best match distance: X C
Update case distance  statistics (mean and variance  of ): 2
Update decision threshold for best matching case:
new old old
Apply decision rule to create a new case:
If
If Update C using Equation 8.
Else
Create a new case: Cwev XO
Apply decision rule to extend the best-matching case:
If 1
Incorporate a new sample to Chpe
best best 1
Chest best X0
Select best case for new parameterization using Equation 12:
Use suggested parameters only if the expected reward is good enough:
If best ~ Utility
parameters CP.
Else
parameters random
Prepare for next sample: X 1 X 1 0

Figure9: The LARC Algorithm.
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4 CaseStudy

This sectiondemonstratethe applicationof the algorithmproposedn the previous sectionfor
adaptingthe parametersf a schema-basewactve controller(Arkin, 1989),resultingin alearn-
ing adaptve reactive controllerfor robotic navigation. In schema-baserkactve control, basic
behaiors or motorschemassuchasobstacleavoidanceandmovementowardsa goalindividually
recommendgpeci®enotoractionswhicharethencombinedo producghe®nalactionof theagent.
Potential®eldsor forcesareusedto representherecommendationsf the motorschemasthus,a
®nalmotoractioncanbecomputedasthesumof theforcesof eachmotorschemanddeliveredto
therobot's effectors. Eachmotor schemausescurrentsensoryinformationfrom the environment
andinternalcontrolparameters computets potential®eld whichrecommendghedirectionand
speedatwhichtherobotisto move givencurrentervironmentakconditions.For example themotor
schemaAvoID-STATIC-OBSTACLE directsthe systemto move itself awvay from detectedbstacles,
andits controlparameteObstacle-Gaindetermineshe magnitudeof therepulsve potential®eld
generatedy the obstaclegercevedby the system. The forcesproducedoy all the schemasre
thensummedo producea resultingforce that directsthe actualmovementof therobot. Simple
behaiors, suchaswandering,obstacleavoidance,and goal following, can combineto produce
complex emegentbehaiors in a particularervironment. Differentemegentbehaiors canbe
obtainedby modifying the simple behaiors. A detaileddescriptionof schema-baserkactve
controlmethodscanbe foundin Arkin (1989).

Differentcombination®f schemgarametersausalifferentemegentbehaiorsto beexhibited
by the system(see®gurel0). Traditionally, parametersre ®xed and determinedaheadof time
by the systemdesigneror throughoptimizationtechniquesuchasgeneticalgorithms(e.g.,Ram,
Arkin, Boone,& Pearce1994). However, on-line adaptatiorof control parameterganenhance
navigationalperformancédseeRam,Arkin, Moorman,& Clark, 1992). While earlierapproaches
(suchas Ram, Arkin, Moorman, & Clark, 1992) use a pre-de®neddaptve law to improve
performancewe have arguedthatit is bene®ciafor the systemto learnan adaptve law through
experience. The following subsectionslescribein detail a systemcalled SINS (Self-Improving
NavigationSystem}hatusegheproposed ARC algorithmto learnto adapthecontrolparameters
of aschema-base@actve controller

4.1 SystemAr chitecture

The SINS mobilerobotic systemconsistf a navigation module , which useshe AURA schema-
basedeactvecontrolarchitectur€Arkin, 1989)implementecdnaDenningMRV-III robot,andan
on-lineadaptatiorandlearningmodule,which usesthe LARC learningmethoddescribeckarlier
Thenavigationmoduleis thereactve controller whichis responsibléor moving therobotthrough
the environmentfrom the startinglocationto the desiredgoal locationwhile avoiding obstacles
alongtheway. Theadaptatiorandlearningmodulehastwo responsibilitiesFirst, it mustperform
on-line adaptatiorof the reactve control parameterdeingusedin the navigation moduleto get
the bestperformancethatis, it mustapply the adaptve law. The control parametersre based
on recommendationfom caseghat the systemhaslearnedthroughits experience. Secondjt
mustmonitorthe progresof the systemandincrementallymodify the casedibrary to getbetter
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Figure 10: Typical navigational behaiors of differenttuningsof the reactve control module.
The ®gureon the left shavs the non-learningsystemwith high obstacleavoidanceandlow goal
attraction. On the right, the learningsystemhasloweredobstacleavoidanceandincreasedjoal
attraction,allowing it to 2squeezethroughthe obstacleandthentakea relatively direct pathto
thegoal (up-center).

performancen the future, thatis, it mustlearnthe adaptve law. Figure 11 shows the system
functionalarchitecturewhich is aninstantiationof Figurel for this particularimplementation.

The reactve controllerin this systemusesthree motor schemas:AvoID-STATIC-OBSTACLE,
MoVE-TO-GoAL, and NOISE. AvOID-STATIC-OBSTACLE directsthe systemto move itself away
from detectedbstaclesMoVE-To-GoAL schemalirectsthe systento move towardsa particular
pointin theterrain. TheNoise schemanakeshe systenmove in arandomdirection;it is usedto
escapdérom localminimaand,in conjunctionwith otherschemago producenvanderingoehaiors.
Eachmotorschemahasa setof parametershat controlthe potential®eldgeneratedby the motor
schema. In this researchwe usedthe following parameters:Obstacle-Gain associatedvith
AvOID-STATIC-OBSTACLE, determinethe magnitudeof the repulsive potential®eldgeneratedy
the obstaclegperceved by the system;Goal-Gain, associatedvith Move-To-GOAL, determines
the magnitudeof the attractve potential®eldgeneratedby the goal; Noise-Gain associatedvith
NoISE, determineshemagnitudeof the noise;andNoise-Rersistencealsoassociatedvith NOISE,
determineshedurationfor which anoisevalueis allowedto persist.

4.2 Input SpaceRepresentation

The obserable consistsof the concatenatiorof an ervironmentalsituationvector

of four variablesand a control parametewvector ° of four variables. The four variables
for the ervironmentalsituationvector are Obstacle-Density-Ahead Obstacle-Density-Behind
Obstacle-Density-Right andObstacle-Density-Left Eachof thesevariablesprovide ameasure
of theoccupiedareaghatimpedenavigationin thedirectiontowards,contraryto, right of, andleft
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Figurell: Functionalarchitectureof the SINSsystem.

of thedirectionof thepercevedgoalrespectrely. Thesdanputvectorsarecomputedandconstantly
updatedisingtheinformationrecevedfrom therobot's sensorsThefour variabledor thecontrol
parametevectorrepresentheschemaarametevaluesusedo adapthenavigationmodule pnefor
eachof theschemaarametergObstacle-Gain Goal-Gain, Noise-Gain andNoise-Fersistence
discusseckarlier The valuesare setperiodicallyaccordingto the recommendationef the best
case.Thenew valuesremainconstanbver a contmol interval until the next settingperiod.

Thereactve controlleroperate®n a DenningMRV-11l robot. Therobotusesa Denningsonar
ring which hastwenty-fourlaboratorygradePolaroidUltrasonicRange®ndeesquallyspacedver
360deagreesin a planeparallelto the oor. Rangedatais obtainedby emitting ultrasonicpulses
from the sensorsThefour inputvariablesarecalculatedoy averagingthe rangedatafrom the six
consecutie Range®nderthatlay in eachof the four quadrantge.g.,aheadeft, right, behind).
Figurel2 shavs adiagramof therobot's ultrasonicsensorandthe correspondingnputvariables.

4.3 Reward Signal

Theselectiorof therewardsignaldepend®n processingndperformanceonstraintsProcessing
constraintgeferto the ability of the robotto computethe reward signaltaking into accountthe
informationdeliveredby thesensorsFor example acommorproblemfacedby reactve controllers
is thatthey maydirecttherobotinsideabox caryon. Suchasituationoccurswhentherobot,using
its currentsensorycapabilitiesdetermineshatit canmove betweertwo obstacledeyond which
the destinatiorlies, but thenlater discoversthatthereis no (or not enough)spaceto go between
themandtherebygetstrappedin alocal minimum. A reward signalthat punishesan actionthat
drivesthe robotinto a box caryon is computationallyexpensve sinceit mustperformcomple
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Figurel2: Ultrasonicsensorandtheinputvariables.

informationprocessingising the robot's sensoryinformationto determineif the robotis inside
of abox caryon. Performanceonstraintgeferto the metricsusedto measurehe performance
of the system. The reward signalshouldbe selectedo reward actionsthat help to improve the
performancenetricusedo evaluatetherobot'stask. For example,in autonomousobotnavigation
it is oftenimportantto reachthe destinationpoint quickly while avoiding collisions. Then,the
rewardsignalshouldbeselectedo punishdetectedollisionsandperiodsof inactvity (i.e.,periods
in whichtherobotdoesnot move or movesvery slowly).

In thecurrentsystem successfuhavigationis de®nedisreachinghe destinatiorpoint asfast
aspossibleandwithout ary collisions. Thus,the robotneed€o minimizethetime takento reach
thegoalwith thefewestnumberof collisions. This is representedh thefollowing rewardsignal:

maxvelocity velocity

virtual_collisions .
max velocity

(13)

This formulais basedon the assumptiorthatthe only sensoryinformationavailableto the robot
consistsof the 24 ultrasonicsensorsandthe shaftencoders.This meansthat the robot receves
a negative signalevery time a virtual collision® is detectedanda positive signalevery time the
robotis moving; thefasterit movesthe strongetthesignal. Thecoef®cients and determinghe
relative importanceof avoiding collisionsversusmaximizingvelocity for a particularapplication.
Thisrewardsignalis notcomputationallyexpensve to evaluatejt usesnformationprovidedby the
robotsensorsandit is consistentvith the performancemetricde®nedor successfuautonomous
roboticnavigation.

8Sincethereis a realrobotinvolvedwe cannotafford actualphysicalcollisions. Thetermyvirtual collisionto refer
to the situationwhenthe robotcomeso closeto an obstaclehata physicalcollisionis imminent. Whenthis occurs,
AuRA automaticallydivertsall its resourceso focuson eliminatingthisimminentdanger
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5 Evaluation

This sectiondescribeghe evaluationof the LARC algorithmin the contet of the SINS system.
Theobjectve of theevaluationis twofold: ®rstto verify thatthealgorithmactuallylearnsa useful
adaptvelaw, whichimprovestheperformancef thenavigationtask;andsecondto determindnow
designdecisionsaffect the performanceof the systemunderdifferentervironmentalconditions.
The®rstobjectve canbeveri®edoy constructinganempiricalmodelthatrelateghe performance
metric of the systemwith the amountof experienceor experiencelevel. We expectthe model
to shav a statisticallysigni®cantmprovementin the performancef the systemwith experience
level. The secondbjective, optimizationof the systemcon®gurations usefulbecauset enable
us to shedsomelight on how a rangeof designdecisionsaffect the behaior of the systemand
how to selectappropriatedesignparameterso improve the performanceof the system. The ®rst
objectie enableusto verify the theorysupportingthe proposednultistrategy learningalgorithm,
andthe secondobjectie enableaus to understandhe relationshipbetweendesigndecisionsand
systemperformanceunderdifferentervironmentalconditions. To achiese theseobjectves, we
evaluatedhe LARC algorithmpresente@bove in the context of the SINS systemusingextensve
simulationsacrossa variety of differenttypesof ervironments performancecriteria, andsystem
con®gurations.

Two characteristicef the mobile robotic systemunderstudyareits compleity andthelarge
amounbfinteractiorwith itservironment. Thecompleity of thesystems dueto themultistratgy
learningalgorithm,which canadaptthe controlparameterafterevery controlinterval andmodify
the behaior of the system. The large amountof interactionis dueto the intrinsic natureof
reactve controlandthe learningalgorithm. A directconsequencef thesecharacteristicss that
the behaior of the systemhasmary sourceof variability, which causeary performancemetric
de®nedo evaluatethe systems$ behaior to vary aswell. Thisin turn makest dif®cultto assess
the signi®cancef the performanceof the systemin a speci®csituationsincethe systemmay
performdifferentlyunderthesameor similarcircumstancem adifferentsetof runs. Furthermore,
the componentf the systemare tightly coupledand highly interactve. Thus, for example,
straightforwardearningcurvesor ablationstudiesareinadequatéo evaluatethis system.

To solwe this problem,we useda systematievaluationmethodologyproposedy Santamasa
& Ram, 1994)to evaluatethe performanceof the mobile robotic system. In this methodology
statisticaltools are employedto analyzethe changein the performanceof the systemin terms
of changesn designparameterandernvironmentalcharacteristicsin the analysis the systemis
evaluatedthroughsystematiexperimentsde®nedo ®lterout undesirablesourcesof variability.
Theresultof the analysisis an empiricalmodelthat relatesthe performancef the systemto the
desigrdecisiongndenvironmentaktharacteristicsThisempiricalmodelcanbeusedo understand
the behaior of the systemin termsof the theoryand con®guratiorof the system,to selectthe
bestsystemcon®guratioffior a givenenvironment,andto predicthow the systemwill behae in
responsdo changingproblemcharacteristics Systematiempiricalanalysisbasedon statistical
toolscanalsobeusedto verify thesigni®cancef the systems performance.

We developeda softwarepackagedriver++ | whichis animplementatiorof Arkin's (1989)
AuRA architectur@naDenningMRV-III. driver++  canworkin two modes:realandsimulated.
In real mode,driver++  recevesinformationfrom sensorsand sendscommandgo the robot
througharadiolink. In simulatednodedriver++  simulatedboththevaluesof theRange®nders
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asspeci®edy a given arrangemenbf obstaclesn a simulatedernvironmentandthe dynamics
of the real robot as speci®edy motor commands. The resultspresentedn this sectionare
basedn experimentgperformedusingdriver++  in simulatednode,sincethis allows usto run
several hundredexperimentswith systematicallydifferentdesignparametersand ernvironmental
con®gurations.

In theseexperimentsthe robot navigatesin randomlygeneratecrvironmentsconsistingof
rectangulaboundedvorlds. Eachenvironmentcontainscircularobstaclesa startlocation,anda
destinationlocation. Thelocation,number andradiusof the obstaclesarerandomlydetermined
to createervironmentsof varyingamountf clutter, de®nedstheratio of freespaceo occupied
space.In ourexperimentswe usedl5%clutteredworldswhich correspondo 2typical® laboratory
andsimilarindoorernvironmentan therealworld.

The performancef the mobilerobotic systemvariesacrosdifferentworlds, systemcon®gu-
rations,andamountsof experience Moreover, dueto the natureof thetaskandthearchitectureof
the system the robotcanperformdifferently giventhe sameworld andcaselibrary. Thereason
for this is thatthe adaptatiorand learningmoduletunesthe navigation modulerandomlywhen
no appropriatecaseexists; this allows the systemto explore anddiscover new feature-sensie
detectorsr regularitieswith betterexpectedutility. Thismeanghatary performancenetricused
to evaluatesystemneeddso be treatedasa randomvariableand statisticalestimationtechniques
shouldbe usedto assesg#s meanvalue.

In this article, we will focus on how two factorsin uence the performanceof the robot:
maximumnumberof caseandutility threshold.Theformeris relevantto the case-baselkarning
aspecbf thealgorithmandthe latterto thereinforcementearningaspect.We will alsoconsider
how the experiencdevel in uencesthe performancef therobotandverify thatthesystemindeed
improvesits performancesthe experiencdevel increases.

5.1 Experimental Designand Data Collection

To collectdatafor theevaluationanalysisywe performedseseralrunsonthesystem.A runconsisted
of placingtherobotat the startlocationandletting it run until it reachedhe destinatioriocation.

Thedatafor the estimatorsvasobtainedafterthe systemerminatedeachrun. Thiswasto ensure
thatwe wereconsistentlymeasuringhe effect of learningacrossxperiencesatherthanwithin a

singleexperiencgwhichis lesssigni®canon worldsof this sizearyway).

We evaluatedhe performancef therobotusingthe medianvalueamong®\e replicatef the
time it takesto solve aworld. Thereasonfor this is thatthe medianis a robustestimatorof the
meanandis not too sensitve to outliers. Outliersarecommonin schema-basekactve control
sincethe systemcanget trappedin local minima points, resultingin a signi®canthangen the
behaior of the system.An experimentconsistecdf measuringhetime therobottakesto solve a
world across®w independentunsunderthe sameconditions(i.e., samecaselibrary, numberof
casescasesize,andlevel of experienceworld clutter) andreportingthe medianamongthe ®we
runsastheresponseariable.

Two setsof experimentsveredesignedo satisfytheobjectivesof ourevaluation.In the®rstset
(called®earningpro®le®experiments)we ranthesystenunderthesamel5%clutteredworld and
with aninitial con®guratiobasedon preliminaryexperiments.In the secondset(called@system
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Tablel: Designfor Experimentl.

MaximumCases | 15
Utility Threshold | .35
Experiencd.evels | 1-30

World Clutter 15%
Replicates 5
Respons&ariable| Time
Totalruns 150

Table2: Designfor Experiment2.

MaximumCases | 10,15,20
Utility Threshold | .25,.35,.45
Experience_evel | 25

World Clutter 15%
Replicates 5
Respons&ariable| Time
Totalruns 45

pro®le®experiments)we randifferentsystemcon®gurationby systematicallywaryingthefactors
arounctheinitial con®gurationln this way, we determinedhein uenceof eachdesignparameter
ontheperformancef thesystemthisallowsusto decidehow to changehesystems con®guration
for bestperformanceBoth setsof experimentsalsoallowedusto verify thatthe LARC algortihm
doesin factimprove the performancef the systemthroughexperience.Tablesl and2 shawv the
designof eachexperiment.

5.2 Learning Pro®le

We usedthe datacollectedfrom the ®rstexperimentto constructan empiricalmodelto verify

improvemenin theperformancef the systemwith experience Thedesirednodelhasthemedian
time( )astheresponseariableandexperiencédevel ( ) andits squarederm( 2) asthepredictors
or regressors.In thisway, if sucha modelis foundto be statisticallysigni®can(i.e., the model
shaws thatthe amountof experiencds relatedto theresponsevariable),we canconcludethatthe

systemactuallylearnsandimprovesperformanceinderthegivencon®guratioandernvironmental
conditions.Equationl4 shavs the completenypotheticamodelfor this experiment.

T o gE  gE? (14)
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Figurel3: Datafrom Experimentl. Thegraphshavs the mediancurve (solid) andthe maximum
andminimumresponsetshadedjrom the ®\e replicaterunsat eachexperiencdevel.

where s the standardizetlvalue of the variable (i.e., _A). Assumingthat the

mathematicalelationshigetweertherespons&ariableandtheindependentariabless @smooth®,
asecondrderpolynomialexpressiorof thatrelationship suchastheoneproposedy themodel,
is a goodapproximation.Intuitively, this approactcorrespondso ®ttinga statisticalmodelto a
suitablesampleof traditionalPlearningcurves®obtainedrom the systemandanalyzingthemodel
for statisticakigni®cance.

Figure 13 shaws the datagatheredduring experimentset1. The graphshowvs the median
curve (solid) andthe maximumandminimumresponseéshadedfrom ®\e replicaterunsat each
experiencdevel. Figurel4 shavs the mediantime andtheleastmeansquared®ttedmodelgiven
by Equationl4; ascanbeseerfrom the®gurethe modeldescribesheactualperformancef the
systemvery well. Table3 shawvs the analysisof variance(ANOVA) of theregressionrandshavs
thatthe®ttedmodelis statisticallysigni®can{P-value 0 0000).Thatis, giventhedatafrom this
experiment,we cannot acceptthe hypothesighatthe coef®cientdrom Equation14 areall zero,
andthereforewe acceptthe alternatve hypothesis.This meanswe canconcludethatthe system
learnswith experienceand that the improvementin performancas signi®cant. Table 4 shavs
the statisticalresultsfor eachindividual parametein the model,their signi®canceandthe 95%
con®denceterval estimationof its value.

5.3 SystemPro®le

We usedthe datacollectedfrom the secondsetof experimentto analyzethe impactof the design
parameter®sn the learningperformanceof the system. The secondexperimentis a 32 factorial
designin which thetwo systemdesignfactorsbeinginvestigatedmaximumnumberof casesand

"Useof standardizedaluesinsteadof the original valueshelpsto reduceroundof errorsandotherproblemswith
multicollinearitybetweerindependentariableqseeNeter Wassermang Kutner 1989).
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Figurel4: Fittedmodelfrom Experimentl. The graphshavs the mediancurve (shadedpandthe
®ttedmodel(solid) with errorbarsat eachexperiencdevel.

Table3: ANOVA tablefor theregressiormodelof Experimentl.

\ Source \ df \ SS\ MS \ F \ P-value\
Regression| 2 | 1202.31| 601.16 44.365‘ 2.93E-O9‘
Residual 27 365.85| 13.55
Total 29 | 1568.16

Table4: Model coef®cientdor Equationl4.

| Coefcients| Value| Std.Error | P-value| 95%C.. |

0

61.70 1.01
6.04 0.68
2.55 0.78

0.000] (59.63,63.77)
0.000| ( 7.44, 4.64)
0.003| (0.95,4.14)
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Table5: Model coef®cientdor Equationl5.

\ Coe®cients\ Value\ Std.Error\ P-\alue\ 95%C.I. \

0 59.80 0.94| 0.000| (57.89,61.71)
0.00 0.43| 1.000| ( 0.87,0.87)
2.89 0.43| 0.000| (2.02,3.76)
0.00 0.61| 1.000| ( 1.24,1.24)
0.20 0.61| 0.740| ( 1.44,1.03)
0.00 0.43| 1.000| ( 0.88,0.88)

utility threshold aresystematicallyariedaroundthe valuesusedduring the ®rstexperiment® A
factorialexperimentatlesigrallowsusto verify if thefactorshaveary in uencein theperformance
of thesystem.Thus,we candeterminénow to changehefactorsto maximizetheexpectecutcome
in the performancef thesystem.

This experimentprovides information on how the considereddesignparametersffect the
performanceof the systemat experiencdevel 25. Table2 shavs the valuesof this experimental
setting. The reasonfor evaluatingthe systemat an experiencelevel of 25 is becausehis is
approximatelythe point in which performancas maximizedaccordingto the ®ttedmodelfrom
Experimentl (seeFigurel4).

Equationl5 shawvs the completehypotheticalmodelfor this experiment. The modelinclude
theeffectsof bothdesignparametersmaximumnumberof caseq ) andutility threshold ), the
effectsof their quadratidcerms( 2and ?2), aswell astheir secondrderinteraction( ):

0

(15)

Consideringhismodel.thedirectionof steepesascenin whichto changdhesystencon®guration
parameterdo optimize performancecan be found using standardcalculustechniquesj.e., by
calculatingthegradientof Equationl5.

Table5 shaws the statisticalresultsfor eachindividual parametein the modelaswell asthe
95%  con®dencetenval estimationof its value. Table6 shavs theanalysisof variancel ANOVA)
of theregressiorandshavsthatthe®ttedmodelis statisticallysigni®can(P-value 0 0000).That
is, giventhedatafrom this experimentwe cannotaccepthehypothesighatthe coef®cientdrom
Equationl5 areall zero,andthereforewe acceptthe alternatve hypothesis.Additionally, from
table5 we canconcludethatthe maximumnumberof casego useis irrelevantto the performance
metric (i.e., both termsassociatedvith the maximumnumberof cases, and , andthe
quadratidermfor utility thresholdhave high P-values).

Given the estimationof the parametershaved in Table5, the directionof steepesaiscenis
alongthe axisin the positive directiondueto a positve . Futureexperimentaldesignscan

8A 3? factorial designconsistsof systematicallyarying two factorsusingthreevaluesor levels for eachfactor
Thetotalnumberof runsis 3> 9  # of replicates
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Table6: ANOVA tablefor theregressiormodelof Experiment2.

| Source | df | SS| MS| F| P-value]
Regression| 5 | 368.40] 73.68] 9.140] 8.11E-11]

Residual | 39 | 314.40| 8.06
Total 44 | 682.80

explorethisalternatve and®ndacon®guratiothatoptimizesheresponsef thesystem.A similar
analysiscanbe carriedoutto optimizeperformancédor otherapplicationsn thedomainof interest.

5.4 Discussionof Results

The performancef the robotis very complex anddependsiot only on simpletermsbut alsoon
their interactions. The evaluationshavs that the mediantime the systemtakesto solve a 15%
clutteredworld decreasewith the experiencdevel. Figurel3alsoshavsthatthevariability in the
responsealsodecreasewith experience.Thisdemonstratanothemspecbf thelearningbehaior
of the systemnamely thatthe performancenot only improveswith experiencebut alsobecomes
morepredictive. In otherwords,asthesystenincreaseds experienceit tendsto behae similarly
undersimilar situationsandthis reducewariability in the performance.

Experimentset2 shavedthata changen the systems con®guratiofy increasinghe utility
thresholdmprovestheperformanceatexperiencdevel of 25. Thevalueof themaximumnumber
of casesloesnotin uencetheperformancetthatlevel of experience Thiswas,to us,asurprising
result;however, we thenanalyzedhememoryof casedor eachof the systems con®gurationand
foundthatthesystemhadcreatednly 10 casesfter30runs. Moreover, experimentset2 suggests
thatin orderto explorethepossibilityof furtherimprovemenin theperformancef thesystemwe
would needto run additionalexperimentswith a higherutility threshold(the directionof steepest
ascent).Intuitively, this makessensesincethe systemwill usethe controlparameterérom cases
thathave produceat leasttherequiredevel of utility, or randomizedcontrolparameterstherwise
(step8 of algorithmin Figure9). It is alsopossiblethatin a more complex application,more
than10 caseswill berequiredto adequatelynapthe system-evironmentinteraction which will
increasehesigni®cancef the maximumnumberof caseghatthe systemis allowedto construct.
In addition, other designdecisionsmay also play an importantrole in the performanceof the
systemthisis anissuefor futureresearclout onethatcanbeaddressedsingtheabove evaluation
methodology

In summarytheevaluationwasusefulto verify andunderstandeveralaspect®f theproposed
adaptve reactve controller In particular:

Theevaluationshavedthatthe robotdoesimprove its performancevith experiencg Equa-
tion 14 andFigure14) andthatthisimprovements statisticallysigni®can{Tables4 and3).

Consideringhetwo designparametersnaximumnumberof casesandutility thresholdihe
evaluationshavedthatthe performancef the systemin a 15%clutteredworld depend®n
theutility thresholdandnotthemaximumnumberof casegEquationl5andTabless and6).
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The evaluationsuggests higher utility thresholdwould improve the performanceof the
system(Equationl5); thus,theseexperimentshave predictve valueaswell.

Theevaluationshavedhow thatthesystemrmotonly learnsto improve performancebut also
decreasethevariability in its behaior asexperiencancreasegFigure13).

6 Discussionand RelatedWork

The performancef a reactve controllercanbe enhancedby learningwhenandhow to adaptits
control parametersiccordingto the ervironmentalsituation. A multistratgy learningalgorithm
thatcombineddeasfrom case-baserkasoningandreinforcementearningwasproposedo learn
how to performthis adaptation. The algorithmis ableto learncaseghat partition the the input
spaceinto regions suchthat the quantizationerror is minimized. This minimizationis useful
becausé allowsthe systemo usethecontrolparameterassociatedavith the centroidof aregion
for all the pointsthat are inside that region. Furthermore the algorithmusesa reward signal
to reinforcethe associatiorof appropriatecontrol parameterso eachregion. The algorithmis
ableto learnconsistensequencesf sampleswhich arelikely to producesimilar performance
resultsif usedto facesimilar situationsin the future. Finally, the algorithmlearnsincrementally
with every experience. This allows the systemto usethe currentlevel of knowledgeto produce
the bestresponset can,andthenusethe feedbackobtainedfrom its own experienceto improve
its knowledgeand performbetterin the future. The following subsectionsliscusseachof these
pointsin moredetailalongwith relatedwork in thearea,andhighlighttheimportantassumptions
underlyingthetheory

6.1 Learning an Adaptive Law

Parameteadaptve reactve controllerscanbe morerobust andachieve betterperformancehan
reactvecontrollerdbecauséhey areableto adjustheirpamameterso paticularoperatingonditions
facedby the agent.However, adaptve reactve controllersrequirethe useof anadaptve law that
mustbedeterminedtdesigntime. A learningadaptve reactve controllercanlearnandsynthesize
anadaptve law usingits own experience.This type of controllerinheritsall the advantage®f the
adaptve reactve controller but doesnotrequirea prede®neddaptve law.

We formulatedthe problemof learningadaptve reactve controllersandproposedhe LARC
algorithmwhich cansimultaneouslyearnandusean adaptve law for areactve controller The
algorithmgraduallyandincrementallylearnsan adaptve law by detectingandrememberingse-
guence®f situationsandcontrolparameterthatareconsistenbver time andareusefulaccording
to arewardsignal. Thealgorithmusesrevioussimilar prototypicalexperience$o ®ndthebestpa-
rameterizatiorfasfar asit candetermine)n ary givensituation. Thealgorithmis implementean
top of aschema-base@actve controllerandvalidatedon simulatedandactualDenningMRV-111
platforms.
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6.2 Self-Organization

Self-oganizationrefersto the ability of an unsupervisedearning systemto develop speci®c
detector®f differentsignalpatterns.Unsupervisedearningtasksdiffersfrom supervisedearning

tasksin thetype of informationsuppliedto the system.In supervisedearning,a @teacher’must

supplythe classto which eachtraining examplebelongs,whereasn unsupervisedearningthe

goalis to look for regularitiesin the training examples. Self-oganizationin learningadaptve

reactve controllersis usefulbecausat is unlikely that designersvould have detailedknowledge
of how to characterizéheenvironmentin termsof theagents sensorsThus,it is noteasyto select
the appropriatecontrol parametervaluesthe reactve controller mustusewhen facing speci®c
ervironments. A systemthatis ableto characterizeenvironmentalsituationsautonomouslycan

associataiseful control parameterso environmentalsituationsand adaptthe reactve controller

successfully

TheLARC algorithmis basedn partontheideaof competitvelearning. Themainconsequence
of thisis thattheinputspacas quantizednto regionssuchthatthequantizatiorerroris minimized.
The assumptions that ®nerquantizationof portionsof the input spaceusedmore often helps
to improve the performancéecausehe systemcanusedifferentcontrol parameteraluesunder
the ernvironmentalsituationsusedmorefrequently This meanghatthe systemself-oganizeso
createandadaptcasesdn situationswhereit needsthemthe most. An additionalfeatureof the
LARC algorithmis thattheinputspaceepresentime sequencesf sensorimotoinputs,allowing
the systemto learnregularitiesthat encodecausalrelationshipsbetweernsequencesf inputsand
outputs.

6.3 IncrementallLearning

The LARC algorithmincorporatesnenv knowledgeincrementallywith every experience. Thus,
the systemlearnsin a continuousor 2anytime® manner(Grefenstett&& Ramsg, 1992). Thisis
usefulbecauseat every controlinterval, the systemis ableto useits currentlevel of knowledgeto
adaptthe control parameterso the currentervironmentalsituations.Then,duringthe next cycle,
the systemcanusethe resultsof its actionsto adaptandimprove its currentlevel of knowledge.
The assumptiorbehindthis ideais that the relationshipof control parametersndthe behaior
of the systemis continuous.Giventhis assumptionthe systemis ableto explore and®nduseful
control parameter®y slightly modifying the control parametersuggestedby the best-matching
case.Suchrandommodi®catiorwill produceonly a smallalterationin the intendedbehaior of
thesystemput enoughto performexplorationto improve performance.

6.4 Feature-Sensitve Detectors

The self-oiganizationpropertyof the multistratgy learningalgorithmresultsin the creationof
cases.Casesontainsequencesf sampleghat are consistenbver time. This meansthat each
casedevelopsinto a feature-sensie detectorthat correspondo a regularity in the interactionof
therobotandits ervironment.Feature-sensite detectorareusefulbecauséhey forcethesystem
to perceve its ervironmentin termsof theseregularities,which meanghattherobotpercevesits
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environmentin termsof 2affordances®betweenrernvironmentalsituationsand control parameters
(seeGibson,1966,for ade®nitiorof affordanceandEffken & Shaw, 1992 ,for adiscussioronthe
applicationof affordancesn roboticsapplications) For ary givensituation thebest-matchingase
corresponds$o the beststratgy to follow in the adaptatiorsequencef control parametersinder
the currentervironmentalsituation. The assumptiorbehindthis methodis that the interaction
betweerthe systemandthe ernvironmentcanbe characterizethy a ®nitesetof causalpatternsor
associationbetweenthe sensoryinputs andthe actionsperformedby the system. The method
allowsthesystemnto learnonly the causabatternghattherewardutility identi®essusefulandto
usethemto modify its actionsby updatingits controlparameterasappropriate.

6.5 Case-Basedeasoningand Learning

Case-basedeasoningsystemshave traditionally beenusedto perform high-level reasoningn
problemdomainsthat canbe adequatelhdescribedusingdiscrete,symbolicrepresentationésee
Kolodner1993). TheLARC algorithmmaybethoughtof asamethodfor 2continuous®ase-based
reasoningvhich sharesmary of the fundamentahssumptionsf whatmight be called®discrete®
case-basedeasoningn symbolic problemdomains. Learningis integratedwith performance.
Performances guidedby previous experience.New problemsaresolved by retrieving casesand
adaptinghem. New casesarelearnedoy evaluatingproposedolutionsandtestingthemon areal
or simulatedwvorld. Thebasicproblem-solvingnechanisneliesontheretrieve-adapt-apply-learn
cycle commonto case-baserkasoningystems.

However, therequirement®f continuougproblemdomainsaresigni®canthdifferentin ways
that do not permit readyapplicationof traditional case-baseteasoningmethods. For example,
a robotic navigation task requiresrepresentationsf perceptuabind motor control information,
unlike the symbolic, high-level information usedin traditional case-basedeasoningprograms
(e.g.,Hammond,1989;Ram, 1993)andothersimilar approachege.g.,Porter Bareiss & Holte,
1990). Theinputis a continuousstreamof perceptuatlatafrom ultrasonicandothersensorsthe
dataitselfis analogn thesensehatthevalueof aninputparametecanvaryin®nitesimallywithin
the limits of the digitization andsamplingparameters).In addition, perceptionandactionmust
betightly integratedwith whatcorrespond$o planningandexecutioninto a continuousreal-time
process.This alsoimpliesthatcasesnustnot only beretrieved andappliedbut alsoretroactvely
modi®edhroughexperiencge.g.,Ram,1993).

6.6 Machine Learning for Robotic Control

Our researchs relatedto and builds on prior researchin mary areasof machinelearningand
arti®cialintelligencewhich hasbeendiscussedhroughouthisarticle. In this sectionwe focuson
previousresearctontheproblemof learningtheparameterer structureof mobilerobotcontrollers.
Most of thisresearclemphasizea particularlearningalgorithmor a speci®a@architecture.

Geneticalgorithmshave beenusedto determinenearoptimal parameter$or a reactve con-
troller (Ram,Arkin, Boone,& Pearcel1994). This approactconsistsof usinggenego represent
the oating-pointvaluesof the parametersf thecontroller Then,controllersareevolvedby eval-
uatingtheir ®nessunderdifferentsimulatedervironments. This unsupervisedearningmethod
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reducegreatlythetaskof con®guringeactve controllersunderspeci®@rvironmentsputit lacks
the ability to adjustitself dynamicallyaccordingto the currentoperatingconditionsduring the
performancef thetask.

MaesandBrooks (1990) proposean algorithmto learnto activate and deactvate behaiors.
The algorithmis able to learnthe correlationbetweenrewardsand behaior activation through
experience.Giventhis correlation the algorithmis capableof selectingandactivatingonly those
behaiorsthatarerelevantandconsistentRelevantbehaiorsarethosethatarepositively correlated
with positive feedbackor negatively correlatedwith negative feedback. Reliable behaiors are
thosethatproduceconsistenpositive feedbackwhenthey areactive. Following theterminology
presentedn this paper this approachcanbe categyorizedasa limited versionof a structurally-
adaptve reactve controller The controllercanlearnwhenits behaiors shouldbecomeactive
usingpositive andnegative feedback.

Sutton Barto,andWilliams (1991)suggestheuseof reinforcementearningfor directadaptve
control. Reinforcementearningmethodscombinemethodsfor adjustingaction-selectionsvith
methodsfor estimatingthe long-termconsequencesf actions. The basicideain reinforcement
learningalgorithmssuchasQ-learning(Watkins,1989)isto estimateareal-valuedfunction, ,
of statesandactionswhere istheexpecteddiscountegumof futurerewardsfor performing
action in state andperformingoptimally thereafter However, in mostimplementation®f Q-
learning,the function is implementedasa lookup tablewhich requiresthat the statesand
actionsmustbe discretesets(e.g., whenstatesare representedising continuousvariables they
mustbe quantizednto prede®nedanges).Thus,they arenot applicableto systemsvherestates
andactionsarerepresentetvith realvalues,asis necessaryo continuouslyadaptthe parameters
of a reactve controller basedon sensoryinformation (but seeLin, 1991, for an exampleof a
Q-learningsystenthatusescontinuousstaterepresentationanddiscreteactions).

Ram,Arkin, Moorman,& Clark (1992)proposedhe ACBARR system a case-basedystem
that canadaptthe control parametersf a reactve controllerin anon-line manner ACBARR is
ableto retrieve relevant casesgiven the currentervironmentalsituationthe robotis navigating
through.Theretrieved casecontainshand-codedulesthatareusedto adaptthe parametera the
currentsituation.Accordingto theterminologypresente@arlief ACBARR canbecateyorizedas
a (non-learningparameteqadaptve reactve controller However, theadaptve law usedto adjust
the parameterss not learnedby the system. The LARC algorithmproposecdereis inspiredby
the ACBARR algorithmbut it canalsolearnan appropriateadaptve law to be usedto improve
performance.

7 Conclusions

7.1 FutureWork

Themethodgresentedh thisarticlewereevaluatedusingoneinstanceof aschema-basaeactve
controller  Although the formulation presentedn section3 is independenbf the controller
architecturegxperimentswith differentcontrollerswill be requiredto validatethe generalityof
the approach.Additionally, thereare othertasksbesidesautonomousobotic navigationthatare
suitablefor reactve controllers. Two examplesareautonomoukeggedocomotionandautonomous
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boatnavigation. In autonomougeggedocomotionthecontrolparameteref thereactve controller
mustbeadjustedo obtaincoordinatiorof thelegssothattherobotcanmove safelyandef®ciently
Autonomousboatnavigationis similar to autonomousobotic navigation but with the additional
challengeof dealingwith drift and super®cialuid currents. Thesetasksare different from
autonomousobotic navigationin thatthe interactionbetweerthe systemandthe ervironmentis
governedby differentphysicallaws. Evaluatingthe proposedapproachunderothertaskswill be
requiredto validatethetheorysupportingthe LARC algorithm,namely to shawv thatthe learning
systencancaptureregularitiesin theinteractionof therobotandits ervironmentandcanusethem
to improve performance.

Thereis still much room for improvementin adaptve reactve controllers. The methods
proposecheredeal only with parameteadaptve reactve controllers. More work is requiredto
integrate ideasfrom adaptve control, machinelearning,and arti®cialintelligenceto deal with
structurally-adaptie reactve controllers. Suchcontrollerswill be ableto learnadditionalarchi-
tecturalcomponentsand componentelationshipso improve systemperformance.In the case
of schema-baserkactve controllers,this would correspondo learningassemblagesf motor
schemas.An assemblageonsistsof a setof motor schemaghat are actve simultaneouslhand
cooperatevith eachotherto obtaina commonobjective. Differentassemblagesay berequired
to navigateduringquite differenttypesof environment.For example,arobotmayuseoneassem-
blagewhile navigatinginsidea building andthenswitchto adifferentassemblagehile navigating
outsidethebuilding. In the®rstassemblagegnly the motor schemashathelptherobotnavigate
througha structuredervironmentwith walls, doors,and furniture will be actve. In the second
assemblaganly themotorschemashathelpto navigatein openterrainswill beactive. Notethat
on-linelocaladaptatiorduringtheuseof eachassemblagasingLARC or a similaralgorithmwill
still berequiredto adaptto differentlocal ervironmentsituations.

7.2 Summary

Learningadaptve reactve controllerscanimprove the performancef the navigationtaskin au-
tonomousgobots. We proposeda formulationof learningadaptve reactve controllersin termsof
basicconceptérom adaptve controltheory autonomousobotics andmachindearning.Addition-
ally, we proposednalgorithmthatis ableto learnandusea mappingto tuneaparameteadaptve
reactve controllerin orderto improve the performancef anautonomousnobilerobot. Thealgo-
rithm usesa multistratgy case-baseteasoningandreinforcementearningapproacho partition
theinputspacento regionssuchthatit cancreateamappingoetweerenvironmentakituationsand
controlparametersThe mappingis representedsa setof casesandencodeshe adaptve law for
thecontroller Thealgorithmcanlearnandusethe mappingsimultaneouslyusingits own experi-
enceto incrementallyre®nehe mappingso thatthe performancef the systemcanbeimproved
in future situations. The theorysupportingthe algorithmconsistsof capturingregularitiesin the
interactionof thesystemandits ervironmentandusingthemduringfuturesimilar situations.Reg-
ularitiesarecasuapatternghatareconsistenovertime; they helpto improve systenperformance
becausef the predictve power obtainedthroughthis consisteng. Thus,anagentthatis ableto
perceve its surroundingervironmentin termsof theseregularitiesis ableto detectaffordancedor
improving its performance.Finally, we presentedesultsfrom systematieempirical evaluations
of animplementedsystemthat verify thatthe algorithmimprovesthe performanceof a robotic
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navigationsystenthroughexperience.
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