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Abstract

Reactive controllershasbeenwidely usedin mobilerobotssincethey areableto achieve suc-
cessfulperformancein real-time.However, thecon®gurationof a reactive controllerdepends
highly ontheoperatingconditionsof therobotandtheenvironment;thus,areactivecontroller
con®guredfor oneclassof environmentsmaynot performadequatelyin another. This paper
presentsa formulationof learningadaptivereactivecontrollers. Adaptivereactive controllers
inheritall theadvantagesof traditionalreactivecontrollers,but in additionthey areableto ad-
just themselvesto thecurrentoperatingconditionsof therobotandtheenvironmentin orderto
improvetaskperformance.Furthermore,learningadaptivereactivecontrollerscanlearnwhen
andhow to adaptthereactive controllersoasto achieve effectiveperformanceunderdifferent
conditions. The paperpresentsan algorithmfor a learningadaptive reactive controllerthat
combinesideasfrom case-basedreasoningandreinforcementlearningto constructamapping
betweentheoperatingconditionsof a controllerandtheappropriatecontrollercon®guration;
this mappingis in turn usedto adaptthe controller con®gurationdynamically. As a case
study, the algorithmis implementedin a robotic navigation systemthat controlsa Denning
MRV-III mobilerobot. Thesystemis extensively evaluatedusingstatisticalmethodsto verify
its learningperformanceandto understandtherelevanceof differentdesignparametersonthe
performanceof thesystem.

Keywords: Reactivecontrol,multistrategylearning,case-basedreasoning,reinforcementlearning,
roboticnavigation.
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1 Intr oduction

Autonomousmobilerobotsmustperformmany complex informationprocessingtasksin real-time.
Furthermore,they mustoperatesuccessfullyunderchangingenvironments. Theserequirements
imposeseveralchallengesontheircontrolsystems.Tobesuccessful,anautonomousroboticcontrol
systemmustbeableto processincomingsensoryinformation,decidewhatactionto executenext,
andcarryout thatactionwithoutmissingany timedeadlines.Reactivecontrollershasbeenwidely
usedin mobilerobotssincethey areableto achievesuccessfulperformancein real-time(e.g.,Agre,
1987;Arkin, 1989;Brooks,1986;Kaelbling,1990;Maes,1990;Payton,1986).

Reactive controllerstypically rely on a combinationof several task-achieving modules,be-
haviors, or schemasto performa mobilerobotic task(e.g.,Brooks,1986;Langer, Rosenblatt,&
Hebert,1994;Mahadevan & Connell,1991). That is, a robotic taskis decomposedinto several
subtasksthattherobotmustaccomplishandexecuteconcurrently. Typically, thesystemdesigner
programsspeci®cmodulesthataccomplisheachsubtaskby consideringrelevantinformationfrom
therobot's sensorsto controltherobot's actuators.Eachmodulehasa stimulus-responsetypeof
relationshipwith the world. The responseof the robot is the resultof the interactionof all the
responsesin thesystemandcanbecomputedaccordingto differentschemes,suchassubsumption
(e.g.,Brooks,1986),weightedsummation(e.g.,Arkin, 1989),or voting (e.g.,Langer, Rosenblatt,
& Hebert,1994). Therearemany advantagesof suchcontrollers.Reactive controllersareableto
executeactionsin real-timesincethe modulesact like quick ªre¯exesº to environmentalinputs.
This allowsmobilerobotsto reactto suddenchangesin theenvironment.Reactive controllersdo
not usecomplex internalrepresentationsto keepanaccuratemodelof theworld, nor do they rely
onexecutingexpensiveplanningprocessesoperatingonthatmodel,whichmayconsumeimportant
resourcesanddeterioratethe responsetime of the robot. Instead,eachmodulein a reactive con-
troller extractsonly therelevantinformationrequiredto executeits particulartask.For example,a
robotdoesnotneedto recognizeachairin orderto avoid it. For thistask,anavoid-obstaclemodule
only needsto know atwhatdistanceanobstacleis locatedfrom therobotto suggestanappropriate
response(e.g.,theªavoid-static-obstacleºmotorschemaof Arkin, 1989).Thus,reactivecontrollers
arecharacterizedby having robust navigationalcapabilitiesandrapid, real-timeresponseto the
environment.

Nevertheless,there is much room for improvementin reactive controllers. Like classical
controllers(see,e.g., Ogata,1990), reactive controllershave several parametersthat affect the
performanceof the controlledprocess.Thus,the performanceof any given taskexecutedby a
controllerwill dependhighly on theparametersof thecontrollerandon theoperatingconditions
of theplant(or robot). For example,a reactive controllermayguidea mobilerobotsuccessfully
throughareaswith differentnumberof obstacles.However, if therobot is to accomplishthetask
at high performancelevels, thendifferentcontrollerparameterswill be requiredfor operatingon
areaswith differentnumbersor con®gurationsof obstacles(e.g.,Ram,Arkin, Moorman,& Clark,
1992).Theproblemof designingclassicalcontrollersthatadaptthemselvesdynamicallyhasbeen
addressedby researchersin the subareaof control theoryknown as adaptivecontrol (see,e.g.,
Narendra& Annaswamy, 1989).Adaptivecontrolrefersto thecontrolof partiallyknown systems
in which designersknow enoughabouta systemto selecta particularclassof controllers,but
an ef®cientcon®gurationof the controller is impossibleto determinesincethereis not enough
knowledgeaboutthedynamicsof thesystemto becontrolled.Thus,thecontrolleris designedin
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sucha way thatit improvesits performanceby observingtheoutputsof theprocessandchoosing
theappropriatecon®gurationaccordingly. As theprocessunfolds,additionalinformationbecomes
availableandimprovedcon®gurationsbecomepossible(Bellman,1959).

During thedesignof adaptive controllers,theavailableknowledgeaboutthedynamicsof the
systemis usedto designanadaptivelaw thatthecontrollercanuseat run-timeto con®gureitself
andimprove taskperformance.However, suchapproachis not alwaysdirectly applicablein the
designof reactive controllers. In orderto be¯exible, mobilerobotsmustbedesignedto interact
with unknown environments.Sincethedynamicsof theprocessto becontrolledis composedfrom
thedynamicsof the robotsandtheenvironment,theamountof informationknown in advanceis
usuallynot enoughto usethe traditionaldesigntoolsfrom adaptive control theory. In particular,
it maynotbepossibleto determineanadaptive law in advance;instead,thesystemwouldhave to
learnanappropriateadaptive law throughexperience.

In this paperwe presenta formulationof learning adaptivereactivecontrollers for mobile
robots.An adaptivereactivecontrolleris acontrollerthatinheritsall theadvantagesof traditional
reactivecontrollers,butalsoit isabletodynamicallyadjustitself to thecurrentoperatingconditions
of therobotandtheenvironmentto improve taskperformance.Furthermore,a learningadaptive
reactive controller is one which is able to learn an adaptive law through its own experiences
that canbe usedto adjustthe controllerdynamically. Sucha controlleris an improvementover
an adaptive reactive controller, which can only usea prede®nedadaptive law to con®gurethe
controllerat run time. Combiningideasfrom adaptive control theoryandmachinelearning,we
proposeanalgorithmfor a learningadaptive reactive controller. Thealgorithmis implementedin
anautonomousnavigationalsystemfor a DenningMRV-III mobilerobot.

This paperis organizedas follows. Section2 reviews necessarybackgroundfrom adaptive
control theoryandformulatesthe problemin termsof mobile robot control. Section3 presents
analgorithmthatcanbeusedto implementa learningadaptive reactivecontrollerfor autonomous
roboticnavigation.Section4describestheapplicationof theproposedalgorithmtoaschema-based
reactivecontrollerfor a DenningMRV-III robot. Section5 describestheexperiments,results,and
analysisof resultsusedto evaluatetheproposedalgorithm.Section6 discussesrelevantpointsof
theproposedalgorithmfrom thepoint of view of thetheorybehindits design.Finally, Section7
concludesthepaper.

2 ProblemFormulation

2.1 Overview

The objective of this sectionis to formulatea theoryof learningadaptive reactive control and
to expressthe autonomousroboticnavigation taskin termsof that theory. Autonomousrobotic
navigationis de®nedasthetaskof moving a robotsafelyfrom aninitial locationto a destination
location in an obstacle-riddenterrain. In most real-world applications,designersdo not have
completeknowledgeaboutthe environmentin which the robot is to navigate; in addition, the
robotmustoftenoperatein many differentenvironments.Both situationsrequirethata reactive
controllerbeableto adaptitself to theparticularoperatingconditionsin orderto achieve effective
performance.Thus,beingableto designandimplementadaptive reactive controllersis essential
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for building mobile robotsthat canperformeffectively and¯exibly in real-worldenvironments.
An adaptive reactive controllerwould have a signi®cantadvantageover a traditionalonesinceit
wouldnotonly beableto respondin a rapidandrobustmannerbut wouldalsobeableto regulate
itself to differentoperatingconditions,thus improving the performanceof the navigation task.
In addition,a learningadaptive reactive controllerwould not only be able to adaptitself to the
operatingconditionsbut would alsolearntheadaptive law requiredto performsuchadaptations.
The learningcapability provides a signi®cantadvantage;designersdo not needto specify an
adaptive law sincethesystemcansynthesizeoneusingits own experience.

2.2 Adaptive Reactive Controllers

Reactivecontrollersmustperformthesamefunctionof standardcontrollers,namelyto implementa
control policywhichis amappingbetweensensoryinformationandoutputcommandsdesignedto
accomplishtherobot'stask.However, reactivecontrollershavetwomajordif ferencesfromstandard
controllers.First, a purelyreactive controllerdoesnot usesensoryinformationto updateinternal
modelsof the world that thenguideaction; instead,it directly usescurrentsensoryinformation
to selectthecontrolcommandsto executenext. Second,reactive controllersareusuallydesigned
as a combinationof modulesthat interact,eachmodulebeing responsiblefor implementinga
speci®csubtasksuchasavoiding collisionsor moving towardsa goal. Thesetwo characteristics
allow reactive controllersto perform robustly in real-timesince the mappingbetweensensors
andactuatorsis implementedasquick re¯exeswithout thereasoningnecessaryto updatedetailed
world models(e.g.,Arkin, 1989;Balch,Boone,Collins,Forbes,MacKenzie,& SantamarÂõa,1995;
Brooks,1986;Langer, Rosenblatt,& Hebert,1994;Mahadevan& Connell,1991).

Mathematically, we canrepresentthepolicy of a reactivecontrollerasa functionmappingthe
setof inputs � deliveredby therobot'ssensorsto thesetof outputs� sentto therobot'sactuators:

�����

�

��� (1)
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We de®nean adaptive reactive controllerasa reactive controller that canmodify its control
policy �

�




� onthe¯y .1 For example,thecontrollermightuseapre-programmedmodelto selectan
appropriatecontrolpolicy basedon its observationof thecurrentsituation. An adaptive reactive
controllermay be classi®edasparameteradaptiveor structurally adaptive. In the former case,
thecontrolleris ableto modify a prede®nedsetof components(speci®cally, modules)throughthe
useof parametersthat canbe adjusteddynamically. In the latter case,the controller is ableto
modify thestructureof thecontrollerby introducingor eliminatingcomponentsaltogetherandby
modifying theinterconnectionsbetweenthem. Thus,anadaptive controlleris parameteradaptive
whenit can, for example,modify the intensityof the responseof a moduleby varying a scalar
or gain, suchastheminimumallowabledistanceof approachto anobstaclewhich in¯uencesthe

1Notethat the two tasks,oneof usingthe inputs � to modify a control policy andthe otherof usingthecontrol
policy to determineactuatoroutputs,maybeimplementedusinga singlealgorithmwhichaccomplishesbothtasksin
anintegratedmanner. However, sincethesetwo subtasksarefunctionallydistinctpartsof theoverall taskof adaptive
reactive control, it is usefulto distinguishthemin a teleologicalanalysisthat takesa designstance(Dennett,1987)
towardstheproblemof adaptivereactive control.
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ªavoid-obstacleºbehavior. In contrast,a controlleris structurallyadaptive if it can interchange
a module,sayªmove-to-dark-areaº,with another, suchasªmove-to-bright-areaº,or whenit can
changethe combinationmechanismof moduleresponsesfrom, say, subsumptionto weighted
summation.

Structurallyadaptive controllers,if designedsuccessfully, might be able to copewith more
drasticenvironmentalchangesandachieve betterlevels of performancethanparameteradaptive
controllers.Theintuitive reasonfor this is that the formercontainsa muchlargersetof possible
solutionsthan the latter. Thus, theremay exist solutionsobtainablethroughmodi®cationof
the structureof the controller that are not obtainablemerely through parameteradjustments.
However, structurallyadaptive controllersarevery dif®cultto designbecausestability properties
cannotbe guaranteeddue to their mathematicalintractability (Narendra& Annaswamy, 1989).
Extensiveknowledgeabouttheparticularprocessto becontrolledmustbeknownbeforeadditional
assumptionscanbemadeandstabilitypropertiescanbeguaranteed.Parameteradaptivecontrollers,
in contrast,tendto bemoretractablethanstructurallyadaptive controllersbecause,in theformer,
thereexists a continuousrelationshipbetweenthe parametersand the behavior of the system,
whereaschangesin thestructureof thecontrollermayproduceradicallydifferentsystembehaviors.
In general,thereis no way to guaranteethe performancecharacteristicsof thesebehaviors. In
orderthatthedesignof our adaptive reactive controllerandits tractabilityandstabilityproperties
not be dependenton speci®cknowledgeaboutthe dynamicsof the environmentandthe mobile
robot, we have chosento concentrateon parameter-adaptive reactive controllersin this article.
Additionally, dueto the continuousrelationshipbetweenthe parametersandthe behavior of the
system,parameter-adaptive reactive controllerscanrely on a suf®cient,althoughnot necessary,
conditionto guaranteestability: in anadaptivesystem,aslongastheadaptationsareperformedat
a muchslower ratethanthedynamicsof thesystem,thesystemcanremainstable(Albus,1991).

The operationof a controller is successfulif it canmaintainspeci®coutputsof the system
within prescribedlimits. In thecaseof autonomousroboticnavigation,thecontroller's taskis to
guidetherobotto thedestinationpointwhileavoidingobstacles.Quantitatively, thismaybestated
asthedeterminationof theactuatorcommands�

�




� to keeptheerror � ��������� 
 betweensome
measureof the robot performance�

� anda desiredmeasure�

 within prescribedvalues.2 The

performancemeasureof the robotmay consist,amongotherthings,of a subsetof preprocessed
sensoryinputs( � ) suchasthecurrentpositionandthenumberof collisionsat agiveninstant.The
desiredinput consistsof the desiredposition(the destination)andnumberof collisions(zeroin
mostcases).Note that all perceived inputsmay or maynot have a desiredvaluespeci®ed.For
example,therobotmayperceive thedistanceto thenearestobstaclein additionto its location,but
theobjective might specifyonly a destinationlocationwithout specifyinga desiredvaluefor the
robot'sdistanceto thenearestobstacle.

If thedynamicsof the robotandthestructureof theenvironmentarecompletelyknown, the
structureof thecontrollercanbedeterminedandits parameterschosenasto minimizea desired
performanceindex, suchasdistancetraveledandtotalnumberof collisions.Whenthestructureof
theenvironmentis unknown, however, thecontrolproblemcanbeviewedasanadaptive control
problemsincethe dynamicsof the system(in this case,the robot andits environment)arenot
known completelyin advanceanddifferentcontrollerparametersmightbeappropriateatdifferent

2Thevariables� , 	�
 , and 	
� maybemultivariables.In otherwords,they canbevectorialvariables,for example
�

������� 1 ���
�
���

����� . We have avoidedvectorialnotationto simplify thepresentationin thissection.
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Figure1: AdaptiveReactive Control.

times.Figure1 shows this formulationof theadaptive reactivecontrolproblem.

Theautonomousnavigationcontrolproblemcanbestatedasfollows: Givenarobot � with an
sensor-actuatorrelationship�
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��� anda desiredperformancereference� 
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for all
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0 suchthattheperformanceindex givenin Equation2 is minimized:
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In thisformulationit is assumedthattheoutputset � of therobotis generatedby its controller
�

. A practicalrequirementis that �

�




� is boundedsuchthat it canbephysicallyrealizable.The
referenceinput � 
 isassumedto beboundedandphysicallyrealizable.Knowledgeabouttherobot
andthe structureof the environmenthelpsin de®ningthe referenceinput. The structureof the
controller

�

is determinedusingknowledgeabouttherobotandtheenvironment.Thecontroller
is responsiblefor generatingthe outputcommands�

�




� using all the sensoryinformation �

�




�

availableto it.

Assumingthatthecontrollerisparameterizedbyavector� , for any givenrobotandenvironment,
thereexistsa parametervector ��� suchthatEquation2 is minimized. In mostcases,therewould
exist morethanone �

�

, eachcorrespondingto a differentsetof controllerparametersthatcanbe
usedto guidetherobot. � in Equation2 is apositive-de®nitematrixto guaranteethat

�

is aconvex
function. The term

�

� � � � 


� representsthe differencevectorbetweenthe currentperformance
measureandthereferenceat a giveninstancein time. Thedifferenceis squaredandweightedby
thematrix � andthenintegratedover theentireworkingperiod(

�����

0
	��

� ). Thus,
�

is ameasure
of thedeviationof theperformanceof thesystemfromthereferenceovertheentireworkingperiod.
For example,

�

might trackthetotalnumberof collisionsor thelengthof thepathfollowedto the
destinationlocation.
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Ideally, the vector � shouldvary over time so that
�

is minimized. The rule by which � is
adjustedover time is calledtheadaptivelaw. Summarizing,theproblemof designinganadaptive
reactivecontrollercanbestatedasfollows:

1. Determinetheboundsof therobot'soutputs� andthesetof realizable� 
 .

2. Determinethestructureof a reactivecontroller
�

�

�

� , parameterizedby thevector � .

3. Determinetheadaptive law for adjusting� suchthata performanceindex
�

givenby Equa-
tion 2 is minimized.

Adaptive reactivecontrollerscanbehand-designed.Thatis, with enoughknowledgeaboutthe
robot, the environment,andtheir interaction,the systemdesignercansynthesizean appropriate
adaptive law suchthat the performanceindex improvesascomparedto a non-adaptive reactive
controller(e.g.,Ram,Arkin, Moorman,& Clark, 1992). However, an alternative approachis to
incorporatelearningalgorithmsinto thecontrollerandlet therobot learnanappropriateadaptive
law with its own experience.This is discussednext.

2.3 Learning Adaptive Reactive Controllers

Themainrequirementof aparameter-adaptivereactivecontrolleris to beableto applyanadaptive
law to adjustthecontrollerparametersat run-timein orderto optimizeperformance.An adequate
law canbesynthesizedatdesigntimeonly whenthereexistsenoughinformationaboutthesystem
andits dynamics.However, to designa systemcapableof dealingwith situationsnot foreseenby
its designer, it is necessarythatthesystembeablenotonly to applybut alsoto learnandre®neits
adaptive law usingits own experience.

In roboticnavigation,sensoryinformationandcontrolparametersareusuallyrepresentedusing
analogvalues.Thus,theproblemof learninganadaptivelaw canbethoughtof asfunctionsynthesis.
Let � denotea generalmemorydevice andlet � denotethe domainunderwhich this memory
is applicable. If �

�

� , then the expression� ���

�

�

� representsthe parameter� ªrecalledº
in ªsituationº � from memory � . Thus � canbe thoughtof as representinga mappingfrom

�

�

� , where � representstheinput descriptionof thecurrentsituation,to appropriatecontroller
parameters� for this situation. Note that � may includeinput information � from thesensorsof
therobotaswell asinternalªobservationsºaboutthestateof therobot(say, thecurrentvalueof � ),
sincetheappropriateparameterization� mayin generaldependonbothkindsof information.

The idealmapping �

�

is suchthatwhentherobot is in situation � , then �

�

���

�

�

�

� is the
optimal parameterizationfor the reactive controller for that situation. Since �

�

is not known
in advancedueto the lack of detailedknowledgeof theenvironmentand/orthedynamicsof the
robot,theobjective of thelearningalgorithmis to incrementallyre®nethemapping� with every
experiencesuchthat � � �

�

as
�

�

�

, assumingcontinuousoperation. At any given time,
the currentmapping � canbe usedas an adaptive law; in turn, the outcomeof the suggested
controllerparameterizationin a givensituationcanbeobservedandusedto upgradethemapping
in a continuous,on-linemanner.

In conclusion,in our formulation,reactivecontrollerscanbeclassi®edinto threecategories:
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Category2.1(ReactiveController) A controller composedof task-achieving modules. Each
modulespecializesin accomplishinga speci®csubtask. The responseof the robot is the result
of the interactionof all themodules.A general algorithmfor a reactivecontroller is outlinedin
Figure 2.

Category2.2(Adaptive ReactiveController) A reactivecontroller that is ableto adjustitself to
the current operating conditionsof the robot and the environmentto improvetaskperformance.
Adaptivereactivecontrollers can be parameteradaptiveor structurally adaptive. A parameter-
adaptivereactivecontroller hasa prede®nedadaptivelaw that it usesto parameterizethereactive
controller at run-timeand improveperformance. A general algorithmfor a parameter-adaptive
reactivecontroller is outlinedin Figure 3.

Category2.3(Learning Adaptive ReactiveController) An adaptivereactivecontroller that is
able to learn an appropriate adaptivelaw with its own experience. A general algorithm for a
learningparameter-adaptivereactivecontroller is outlinedin Figure 4.

In thisarticle,wepresentamachinelearningalgorithmcalledLARC3 thatlearnstheadaptivelaw
for aparameter-adaptivereactivecontroller. Thealgorithmisfully implementedin SINS4,alearning
systemfor anadaptiveschema-basedreactivecontrollerfor aDenningMRV-III mobilerobot,and
evaluatedthroughextensiveempiricalstudies.Thesigni®canceof theresultsisdeterminedthrough
statisticalanalysisof theempiricalresultsandis discussedin thecontext of thetheoryunderlying
theimplementation.Thetechnicaldetailsof theproposedmethodarediscussednext.

3 Approach

We proposea multistrategy case-basedandreinforcementlearningalgorithm,calledLARC, asa
mechanismto learnwhenandhow toadapttheparametersof areactivecontrollerin amobilerobot.
With experience,thealgorithmis ableto learnandapplyanadequateadaptivelaw to improvetask
performanceautonomously. The algorithmis basedon a combinationof ideasfrom case-based
reasoningandlearning,whichdealswith theissueof usingpastexperiencesto dealwith andlearn
from novel situations(seeHammond,1989;Kolodner, 1993),andfrom reinforcementlearning,
whichdealswith theissueof strengtheningthetendency to produceactionsleadingto satisfactory
statesof affairs(seeSutton,Barto,& Williams, 1991;Thorndike,1911).

In the LARC algorithm,theadaptive law is representedby a mapping � consistingof a set
of casescontainingspeci®cassociationsbetweensituationsandcontrolparameters.Eachcaseis
applicablein a speci®cregion of the input space� andcontainsthe bestguessso far of which
controlparameters� thecontrolleris to usein thatregionof theinputspace.Casesareformedand
re®nedby merging pastexperiencesin commonregionsof the input spaceandby remembering
which control parametersare useful as measuredby a reward signal. Systemperformanceis
improvedasa consequenceof bothsynthesizinganadaptive law in regionsof theinput spacenot

3LearningAdaptiveReactive Control.
4Self-Improving NavigationalSystem.
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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 a generalalgorithmfor areactivecontroller.

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 a generalalgorithmfor aparameter-adaptivereactivecontroller.

For every perception-action cycle of the robot:
1. Read inputs � from robot's sensors.
2. Learn and update the adaptive law.
3. Use adaptive law to decide new controller parameters

�

.
4. Compute next output commands � ��� � �

�

�

� .
5. Send output commands � to robot's actuators.

Figure4: Outlineof ageneralalgorithmfor a learningparameter-adaptivereactivecontroller.
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consideredpreviously andoptimizing the adaptive law in thoseregionsof the input spaceused
moreoften.

Themainrole of thecase-basedlearningstrategy is to rememberprevioussuccessfulparam-
eterizationsof the controlleranduse(or modify) theseparameterizationswhen the robot faces
similar circunstances.The main role of the reinforcementlearningstrategy is to strengthenthe
contentof thecasesthatcontainparameterizationsthat tendto produceusefulresults.Thus,the
basiclearningschemeinvolvesthefollowing threesteps:(1) Givena situation � , usethecurrent
mapping� to generatea controllerparameterization� � �

�

�

� . (2) Observe thebehavior of the
robot � asgovernedby thecontroller

�

�

�

� underthesuggestedparameterization.(3) Update�

basedontheoutcomeaccordingtosomeoptimizationcriteria.Thefollowingsubsectionsdescribes
thedetailsof therepresentationalstructuresandalgorithmsinvolved.

3.1 CaseRepresentation

Themappingbetweensituationsandparameterizationsis representedusinga setof casesthatare
learnedandmodi®edthroughexperience.Eachcaseconsistsof a time sequenceof associations
betweensituationsandcontrolparameters.Situationsandcontrolparametersarerepresentedby
points in the input and outputspacesrespectively. The input spaceconsistsof a n-tupleof �

continuoussensoryvariablessampledat a given instantin time; eachvariablecorrespondsto an
observableor computableinput � . Similarly, theoutputspaceconsistsof ap-tupleof � continuous
controlparameterssampledat thesameinstantin time; thep-tuplerepresentsthe � at thatinstant.
Thus,anassociationrepresenta situationin thespacecoveredby therobot's sensoryinformation
andthe controlparametersthatwereactive while the robot traversedthis situation. A sequence
of associationscapturesa history of situationsand their correspondingcontrol parametersover
a shortwindow in time. Using this formulation,a caserepresentsa portion of an adaptive law
which is applicableonly at a speci®cregion of the input space. More precisely, sincecases
are retrieved by matchingthe recenthistory of input variables� andoutputvariables� against
thecorrespondinggraphsrepresentedin thecases,theadaptive law is representedby a mapping

�

� �

���

1
�

� �

� �

�

���

���

	�������	

�

���

���	�
�

1
�

	

�

���

���

	�������	

�

���

���	�
�

1
� � � . In otherwords,asmentionedearlier,

thesituationdescription� usedto retrievecasesconsistsof externalsensoryobservations� aswell
asªobservationsºof internalstate(speci®cally, � ) over a suitablewindow of time representedby

�

samplestakenat
�

�

�

���	���

1 	�������	

�

� . This is discussedin moredetailbelow. Figure5 shows an
exampleof a case.Thecompleteadaptive law is representedby a setof suchcases.

Thepurposeof thelearningalgorithmis to usepreviousnavigationalexperiencesto createand
re®necasesthatcaptureconsistentsequencesof usefulassociations.A sequenceof associationsis
consistentover timewhenacontrollerthatusessimilarcontrolparametersundersimilarsituations
producessimilar results. Suchsequencesare advantageousbecausethey are a reliable source
of informationwhenthe robot facesnew situationssimilar to situationsexperiencedin the past.
For example,whena robot is traversinga new situationit could usethe sameor similar control
parametersasthoseusedin previoussimilar situationsandhopeto getsimilar results.However,
consistentassociationsmay 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 sequenceof associationsis consistentbut not usefulsinceit deterioratesthe
navigationperformance.Thelearningalgorithmusesanexternalrewardsignalto rememberonly
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Figure5: Samplerepresentationsshowing thetimehistoryof valuesrepresentingperceivedinputs
andcontrolparameters.Associationsbetweensensoryinputsandcontrolparametersarearranged
verticallyandthesequenceof associationsarearrangedhorizontally.

thoseassociationsthatareconsistentlyusefulsothat,afterseveralexperiences,caseswill contain
consistentsequencesof usefulassociations.

Situationsandcontrolparametersarerepresentedusingtuplesof real-valuedvariables.Ana-
logical representationssuchasreal-valuedvariablesareusefulfor several reasons.First, sensory
informationcanbe quickly processedusingreal-valuedfunctionsto producea tuple that canbe
usedto designatethecurrentenvironmentalsituation.Fastinformationprocessingis arequirement
becausereactive controllersmustactin real-time.Second,analogicalrepresentations,dueto their
®negrain-size,canbemodi®edgraduallywith new incominginformation. Gradualmodi®cation
of casesensuresthatthemappingfromsituationsto controlparametersisupdatedcontinuouslyand
incrementallywith every singleexperience.Suchgradualmodi®cationof the mappingfunction
helpsto ensurestability in thesystemsincethetotalbehavior of thesystemis beingmodi®edin a
continuousfashion.Third, analogicalrepresentationallow extrapolationof values.This is useful
whena new parameterizationis requiredin a region of theinput spacethathasnot beenexplored
before. Theparametersof adjacentregionscanbeusedto extrapolatethevaluesin the required
region. Finally, analogicalrepresentationsareable to representa wide rangeof situationsand
controlparameters.This allow casesto captureany sequenceof associationsaslong asthey are
provento beconsistentanduseful.

An additionalinnovationintroducedin ourwork is thetime-historyrepresentationof situations
andcontrolparameters.Keepingtime-historyinformationallowsexplicit representationof causal
patternsbetweensituationsandcontrolparameters.Representationof causalpatternsis arequisite
for the detectionandcaptureof consistentsequenceof associations.Suchrepresentationsalso
allow thesystemto learnabroaderclassof navigationalstrategies.For example,thesystemmight
learnwhattodowhenit isapproachinganobstacle(atemporalconcept)ratherthanmerelywhatto
dowhenit isnearanobstacle(astaticconcept).Notethattime-historyrepresentationsaredifferent

10



fromrepresentationsof temporalconcepts(suchasvelocity);atime-historyrepresentationcaptures
thesuccessive valuesof therepresentedvariable(whichmayin factbea temporalvariablesuchas
velocity)over time.

Finally, notethat thecaserepresentationallows the systemto learnnavigationalstrategiesin
generalratherthanlearningabouta particularenvironment.For example,thesystemmight learn
a generalstrategy suchasªwhenapproachinga denseclusterof obstacles,increasetheobstacle-
avoidancegainandgo aroundtheobstaclesºratherthana speci®crecommendationfor actionfor
a givenenvironment(suchasªthis particularworld hasanobstacleat such-and-suchlocation,so
reducevelocityby 75%whentherobotarrivesatsuch-and-suchpositionº).

3.2 The LARC Algorithm

Theadaptationandlearningalgorithmmustperformtwo taskssimultaneously. It mustusepast
experiencesto constructa mappingbetweensituationsandcontrolparameters(i.e., learningthe
adaptive law) andit mustusethemappingto determinethebestsetof controlparametersto usein
everygivensituation(i.e.,usingtheadaptivelaw). Thestrategy of thealgorithmis to comeupwith
apartitionof theinputspaceinto regions(or clusters)andto searchfor thebestcontrolparameters
to be usedin eachparticularregion. Partitioningthe input spaceinto several regionsis possible
dueto theextrapolationpropertyof analogicalrepresentations,whichexploits theassumptionthat
neighboringpointsin theinputspaceshouldhavesimilarcontrolparameters.Thus,partitioningthe
inputspaceinto regionsallowsthemappingto beusedundersituationsnotexperiencedbeforeand
avoidsthe impossibletaskof associatingtheappropriatecontrolparametersto every singlepoint
in the input space.An additionalrequirementon thealgorithmis that it mustlearnthemapping
incrementallyby continuouslyincorporatingnew information gatheredfrom every experience.
This is necessarybecauseastherobotmoves,theenvironmentalsituationchangesandnew control
parametersmayberequired.Thus,theparameteradaptationalgorithmmustbeableto suggesta
bestguesssetof controlparametersto useduringa new situationandthenobserve theresultsof
thesuggestedcontrollerparameterizationto decidehow to improvetaskperformanceduringfuture
similarsituations.

The requirementsdescribedabove areaccomplishedby a multistrategy algorithmthat com-
binesideasfrom case-basedlearning,reinforcementlearning,competitive learning,andminimum
distanceclustering.Thepartitionof theinputspaceis accomplishedby mergingpastsimilarexpe-
riencesinto cases.Everycasecorrespondsto aregionin theinputspaceandeverynew experience
is usedto re®netheboundariesandthecentroidof that region. Theassociationof usefulcontrol
parametersto every caseis accomplishedby modifying thecontrolparametersassociatedto a re-
gionwheneverarewardor punishmentsignalis receivedor whenever theresultsof theapplication
of theseparametersis not consistentover time. In this way, only associationsthatarebothuseful
andconsistentareencodedinto cases.

In summary, theLARC algorithmlearnsto partitiontheinput spaceandto associateadequate
control parameterssimultaneouslyand incrementallywith every experience. In termsof our
formulation,the LARC algorithmlearnsandappliesa piece-wisegeneralmemorydevice � in
whicheachcaserepresentsaportionof themapping� � �

�

�

� by indicatingwhatparameterization
� shouldbeusedunderaparticularsituation� . Thus,theLARC algorithmcomparestheperceived
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inputs � with referenceinputsor casesthatconsistsof previoussimilarexperiences,andadaptsthe
controllerby supplyingthe � thatresultsfrom this comparison.

We now discussthetechnicaldetailsof theLARC algorithm.Althoughthedifferentphasesof
the algorithmaretightly integrated,in orderto facilitatepresentationof the algorithm,the issue
of partitioningthe input spacewill be considered®rst. The issueof associatinguseful control
parameterswill beconsideredaftertheprocessof learningcasesis described.

3.2.1 Learning Cases

Case-basedreasoningand learningdealswith the issueof usingpastexperiencesto solve new
problems. However, whenthe domainis representedusingreal-valuedvariables,remembering
eachsingleexperienceasa caseis impracticaldueto boundsimposedby limits on theavailable
memory. Thealternative is to combineseveralsimilarexperiencestogetherto createanªaverageº
or ªvirtualº experienceor centroidin a region and let a caserepresentthis centroidinsteadof
eachsingleexperience(seePorter, Bareiss,& Holte, 1990,for anotherexampleof a case-based
reasoningsystem,PROTOS,wherecasesrepresentªprototypicalºexperiences).In this way, each
caserepresentsall the pointsin the input spacethat arecloseenoughto its centroidso that any
informationin thecasecanbe generalizedto the pointsinsidetheregion that it represents.One
problemwith this alternative is that thereis no a priori informationaboutwheresuchcentroids
shouldbelocatedor how big theregionsshouldbe. Thecentroidsandtheregion'sboundariesmust
thereforebelearnedwith eachexperience.Sinceexperiencescomeoneafteranother, casesmust
belearnedgraduallyandincrementally. Thismeansthecontentof acasedependsnotonlyonapast
experience,but alsoon alterationsintroducedby subsequentsimilar experiences.This approach
deviatesfrom standardcase-basedreasoningwhereeachcasecontainsa previousexperienceor a
generalizationof a previousoneandfuturesimilar experiencesdo not modify the contentof an
existingcase(but seeRam,1993).

Thebasicideaunderlyinglearningof casesis thatof competitive learning,which intuitively
consistsof lettingall existingcasescompeteto incorporateeachnew experienceandallowing only
theªwinnerº to modify itself to becomemoresimilar to thenew experience.More formally, com-
petitive learningcanformulatedasfollows: Assumea seriesof samplesof a vectorialªsensorialº
observable5 �

�

�

� �

0
�

���

�

, where
�

0 is a particularpoint in the time coordinate,anda setof
referencecases�����

���

�

		�

� 1
	������ 	�


� . Assumethatthe ��� havebeeninitializedin someproper
way; randomselectionwill suf®ce. For every given � , the bestmatch ����
 accordingto some
distancemetric �

�

�

	

���

� is updatedto matchevenmorecloselyto thecurrent� . In otherwords,
thebestmatchingcase���


 , where
�

�

is theindex of thecasewith theminimumdistance�

�

�

	

���

� ,
is alteredin someway to reducethe distance�

�

�

	

���



� , andall the othercases��� with
���

�

�

�

areleft intact. The resultof this procedureis that thedifferentcasestendto becomespeci®cally
ªtunedº to differentdomainsof the input variable � in sucha way that the cases��� tendto be
locatedin theinputspace

�

�

suchthatthey approximateto theprobabilitydensityfunction �

�




� in
thesenseof someminimal residualerror(seeKohonen,1990). In otherwords,thoseareasof the
inputspacethatareusedmoreoftenarecoveredwith morecasesthanareasof theinputspaceuse
lessoften.

5A sampleof thesensorialobservablerepresentsthevaluesof theoutputsdeliveredby thesensorsof therobot.

12



Thequantizationerrorincurredby partitioningtheinputspacewith casesis givenby:

��������� � 	

�

�

� � � 


���

�

�

�

� �

� (3)

where �

� is the volumedifferential in the input space,� is a constant,and the index
�

�

of the
best-matchingcaseis a functionof � :

�

�

� � � 


�

� min
all �

�

�

� � �

�

(4)

For asquared-errorcriterion( � � 2), Equation3 is theEuclideanmetricbetweentheenvironment
situation� andthebest-matchingcase��� 
 . In this case,thefollowing steepest-descentgradient-
stepoptimizationrule (ªdeltaruleº) de®nestheoptimalvaluesfor the ��� asymptotically:

�

new
��


� �

old
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�
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�
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� �
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�

for
� �
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(5)

where



� 
 is a gaincoef®cientthatdecreasesmonotonicallywith every iterationand0 �




��

� 1.
This is the simplestanalyticaldescriptionof competitive learning,which hasbeenwidely used
for vectorquantizationin digital telecommunicationengineeringas a methodfor unsupervised
clustering(seeGray, 1984;Linde,Buzo,& Gray, 1980;Shanmugam,1979).

However, thepreviousformulationis only applicablefor samplesof thevectorialvariable� at
a speci®ctime. As mentionedpreviously, oneof theobjectivesof theLARC algorithmis to learn
sequencesof samplesthatareconsistentin time,thatis, thosesequencesthattendto reoccurwhen
usedundersimilarsituations.Thus,to keeptrackof sequencesof situationssuchastheonesshown
in Figure5, theabove formulationmustbe extendedto takeinto accountmultiple samplesof �

and � � alongthetime dimension.For this purpose,thedistancefunction �

�


 	�


� needsto extended
to measurethe matchbetween�

� �

� and ��� at differentrelative time positions. Sucha distance
functioncanbeformulatedasfollows: Let

�

denoteadiscretetimeindex (
�

� �����

	�
�
�
 	

� 2
	

� 1
	

0)
where0 representsthe currenttime and negative valuesrepresentthe recentpast. Let ���

���

�

representonesamplein a sequenceof ����� tuplesin
�

�

, ���

���

�

�

��� �

�

0�

	�
�
�
�	

� �
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�����

��� . Then
�

�

�

	

���

	

�

� , thedistancebetween� and ��� at timeposition
�

, canbede®nedasfollows:
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where
� ���

0
	�
�
�
 	

�����#" (referto Figure6 for agraphicalrepresentation).

The best-matching��� 
 and the position in time of the bestmatch
�

�

is determinedby the
following equation:
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Equation7 representsa processwhich matchesall thecasesin all relative time positionsagainst
thegivensequenceof situations,andselectsthecasehaving theminimumEuclideandistanceper
unit of time from thesetof currentavailablecases.

The updaterule for the best-matchingcase ��� 
 mustalso be modi®edto take into account
multiplesamplesalongthetimedimension.Equation8 showsthenew versionof this rule:
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(8)
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Equation8 representsaprocesswhichupdateseachcasesample� � 


���

� tomatchits corresponding
situationsample�

�!�

�

�

�

� with differentstrengths.Thesamplecorrespondingto thecurrenttime
is updatedmoreheavily thanthe samplestakenbackin time. In otherwords,the coef®cientfor
updatingthe sampleat the currenttime

�

� 0 is



� 
 , anddecreaseslinearly down to
+

�




� 


�

1 asthe
position

�

�

�

�

�

�

of thesamplein thetime dimensiongoesfrom
�

� 0 down to
�

� �

�

�

. This
updaterule hastheniceeffectof alteringthecasesevenly with theiruse,sincethe®rstsamplesin
acaseareusedmorefrequentlythanits latersamplesandmaybeexposedto theupdaterulemore
often.

Two importantdecisionsregardingcaselearningarewhento createa new case(asopposedto
usingandmodifyinganexisting case)andwhento incorporatenew samplesto theendof a case.
The ®rstquestionaddressesthe issueof decidingwhenit is time to createa new caseto mapa
regionof theinputspace.Creatingnew casesis importantbecausethisallowsthesystemto re®ne
the mappingin regionsof the input spacethathave not beenconsideredbeforeor that have not
beencoveredin suf®cientdetail. Thesecondquestionaddressestheissueof capturingconsistent
sequencesof samplesinto a case.This allow casesto grow in lengthto capturelongersequences
of samples.

The decisionrule to createnew casesis basedon the ideaof minimum distanceclustering,
which consistsof usinga thresholdto decidewhethera new experienceshouldbe incorporated
into theclosestcaseor usedto createanew case.Thethresholdexplicitly de®nestheborderof the
regionsrepresentedby eachcaseandis updatedwith everyexperienceuntil it convergesto its best
value. Given � �


 asthe thresholdvalueassociatedwith thebest-matchingcase� �

 , thedecision

rule is de®nedasfollows:

decisionrule:
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 Createa new caseusing � .
(9)

Theupdaterule for � �

 is de®nedby thefollowing equation:
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where
�

is a learningconstant,
�

is anintegerconstant,and
�

	

�




and



2	
�




arethemeanandvariance
of thedistanceobtainedduringpreviousretrievalsof case�

�

 . In otherwords,thethresholdvalue

�
�


 is alwaysupdatedtowardsa limiting value that is equalto the meanof the distanceof the
experiencesto thecentroidof thecaseplusa multiple of its standarddeviation. This meansthat
a new caseis createdonly whenthedistancebetweenthecurrentsituationandthebest-matching
caseis greaterthanªusualº. Intuitively, if thebestavailablecaseis notasgoodamatchto thenew
situationasit hasbeento thesituationsin which it hasbeenusefulin thepast,thenit is likely that
thesystemis encounteringasituationfor whichthebestavailablecaseisn't averygoodmatchand
a new caseneedsto becreated.

Thepurposeof thedecisionrulefor caselearning(Equation9)andtheupdaterule(Equation10)
is to createregionsin theinput spacewith sizesthatareinverselyproportionalto thevalueof the
probabilitydensityfunctionof theinputspace.Thus,theportionsof theinputspacethatareused
moreoftenaremappedwith smallerregionsthanportionsof the input spaceusedlessoften. In
thisway, asdepictedin Figure7, themappingcanbedynamicallyre®nedandspecializedto those
portionsof theinputspaceusedmoreoften.
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Figure7: Quantizationof the input spacein region with differentsizes. Thesizeof eachregion
dependson thefrequency of useof eachportionof theinputspace.

Thedecisionruleusedto extendthelengthof thebest-matchingcaseis basedonhow well the
caseis ableto predictthe next situationgiven the currentsequenceof situations. Intuitively, if
thebest-matchingcaserunsshortin matchingthecurrentsequenceof situations,thenthecaseis
extendedto incorporatethecurrentsample.That is, if thereis no othercasethat is closestto end
of thesequence,thenthebestdecisionis to extendthecasethatbestmatchesthebeginningof the
sequence.In this way, thenext time thecaseis retrievedundersimilar situationsit will be longer
andableto predicta longersequenceof situations.Mathematically, this canbeaccomplishedby
modifyingEquation7 to matchcasesatall relativetimepositions,includingthosethatgooneunit
beyondthelength�

��� of thematchingcase�
� . If thebest-matchingcase�

�

 occursatrelativetime

position
�

�

� �
���

�

1, thencase�
�


 is runningshortandmustbeextended.Equation11 speci®es
theprocedure:
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(11)

Theabove speci®cationsareachievedby analgorithmthat learnsto partition the input space
into severalcases,asdescribedin Figure8. Thealgorithmworksby incorporatingnew experiences
sequentially, creatingnew casesorupdatingthecontentof existingcasesasrequired.Itsasymptotic
behavior is topartitiontheinputspaceintoregionsthatminimizethequantizationerrorasexpressed
in Equation3. Thecasescreatedby thisalgorithmmaybethoughtof asfeature-sensitivedetectors
that representconsistentsequencesof associationsin the input space. The sequencesthat are
capturedinto casesarethosethatareintrinsic to theenvironmentalsituationandthedynamicsof
thesystem.Themaincharacteristicsof this algorithmarethat it createsandself-organizescases
to partition the input spacebasedon the probability densityfunction of the input space. Also,
it works in an incrementalmannersinceit incorporatesnew samplesstep-by-step.Finally, the
algorithmcanconstructprototypicalrepresentationsof sequencesof situationsthathaveprovento
beconsistentover time.
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For every perception-action cycle of the robot:
1. Take a sample of the current sensory information:

� �

1 � 0�

������� �

�

� � 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 ��� ): ���
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4. Update decision threshold � �
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5. Apply decision rule to create a new case:
If �%�'&(���

	

Update �)�

	

using Equation 8.
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Else
Create a new case: � new �
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best = new
6. Apply decision rule to extend the best-matching case:
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Figure8: CaseLearningAlgorithm.

The casescreatedby this algorithmrepresentconsistentsequencesthat have occurredin the
past.Controlparametersareassociatedwith eachcase,representingthespeci®cparameterization
of the reactive controllerthatshouldbe usedunderthe situationencodedby thecase.However,
while thesesequencesare ªcorrectº in the sensethat they representgeneralizationsabout the
system-environmentinteraction,they mayor maynot beusefulto theactualgoal that thesystem
is currentlypursuing.In orderto learnusefulcontrolparameters,anexternalrewardsignalis used
to biasthecaselearningalgorithm.This is discussednext.

3.2.2 Learning UsefulControl Parameters

Reinforcementlearningdealswith the issueof increasingthe tendency to executeactionsthat
producesatisfactorystatesof affairs. Basically, whenanagentperformsanactionin agivenstate,
it receivesanexternalrewardsignal.If therewardis positive,theagentstrengthenstheassociation
betweenthe actionandthe stateso that the agentwill tendto executethe sameactionin future
similar states.Conversely, if the rewardsignalis negative, theagentweakensthis associationin
ordertodecreasethetendency to performthatsamemistakein thefuture. Combiningthealgorithm
for learningcasesdescribedpreviouslywith reinforcementlearningwill allow thesystemto learn
casesthatarenot just consistentover timebut thatarealsousefulaccordingto therewardsignal.

Givena setof cases��� , andassumingthattheobservable �

� �

�

consistsof a concatenation
of anenvironmentalsituationvector � � �

� E
���

�
8

andacontrolparametervector � �

� P
� �

�:9

where � � �<;

�

�2= , thenthemapping �

�




� consistsof ®ndingout the best-matchingcase��� 


for a given situation � andreturningthe parametervectorassociatedwith the case� � �

P
�




� �

�

� ,
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where�

P is thenotationfor extractingthecontrolparametervectorfrom theconcatenationvector.
To reinforceparametersthatareuseful,theupdateprocedureshouldnot blindly updatethebest-
matchingcaseto be more similar to the currentsituation; instead,it shouldtake into account
the reward feedbackin sucha way that control parametersthat producebene®cialrewardsare
rememberedwhile control parametersthat produceperjudicial rewardsare modi®ed. This is
achievedby comparingtherewardobtainedduringthecurrentsituationwith theexpectedreward
obtainedduring pastsimilar situations,and updatingthe control parametersonly if the reward
obtainedduringthecurrentsituationis betterthantheexpectedrewardof thecase.In otherwords,
a caseis adaptedto bemoresimilar to thecurrentsituationonly if thecurrentsituationis ªbetterº
thanthesituationencodedin thecaseasevaluatedby therewardsignal. Thus,eachcase� � must
keeptrack of the expectedreward or utility � � received every time it is used. The updaterule,
originally statedin Equation8, mustbeappliedonly whentherewardreceivedduringthecurrent
situationis greaterthantheutility of thecase.

Theintroductionof therewardsignalactsasa®lterfor trainingdatato thecase-basedlearning
algorithm,therebyproviding an ªinput biasº (Cox & Ram,1994)to the algorithm. Only those
sequencesthat areconsideredrelatively betterthan the sequencein the best-matchingcaseare
incorporatedand learned. This rule producesthe reinforcementeffect of rememberingthose
parametersthat leadto goodrewardsandforgettingthosethat leadto badrewards. To promote
self-improvementin performance,onemoreconditionis required:Thebestparameterizationof the
reactive controllerin thegivenenvironmentalsituationmustbeselected.To do this,all casesthat
areªcloseenoughºto thecurrentsituationareconsidered,andtheonethatpromisesthebestutility
is selected.Thisapproachis somewhatdifferentfrom standardcase-basedreasoningin which the
bestmatchingcaseis usedto guideaction;here,severalof thebestmatchesareconsideredandthe
mostusefuloneis chosen.Equation12speci®estheprocedure:
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The decisionthreshold�
�


 associatedto the best-matchingcaseis usedto de®newhat is ªclose
enoughº. That is, only thosecaseswhosedistanceto the currentsituationis lessthan �

�

 are

considered. If the utility of the bestcaseselectedby Equation12 is not ªgood enoughº(as
determinedby a ®xed threshold),then a randomset of parametersis selectedfor the reactive
controller. Randomsearchis the only strategy for optimizationwhen there is no additional
knowledgeaboutthedirectionin which to changetheparametersin orderto optimizetheexternal
reward. Heuristicfunctions,if availablefor a particularapplication,canbeeasilyincorporatedat
thisstepto focusthesearchfor usefulparameters.

Figure9 shows the completeLARC algorithmthat integratesthe procedurefor partitioning
theinputspaceinto caseswith reinforcementlearningof usefulcontrolparameters.Theproposed
algorithmsharesthecharacteristicsof thealgorithmin Figure8, namely, it learnsto partitionthe
inputspaceinto regionsthatminimizethequantizationerrorby incorporatingnew experiencesin a
sequentialfashion.Additionally, it usesanexternalrewardsignalto rememberonly thosecontrol
parametersthatproduceusefulresults.Thus,thecaseslearnedby thisalgorithmrepresentnotonly
asetof feature-sensitivedetectors,but alsospecializedmappingsbetweenenvironmentalsituations
andcontrolparametersthatproduceusefulperformance.
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For every perception-action cycle of the robot:
1. Take a sample of the current sensory information and reward signal:

� �

E
1 � 0�

������� �

�

E
���

� 0�

�

�

P
1 � 0�

������� �

�

P
���

� 0�����

�

	 
 1 ������� �

	 


� �

�

�

1 ������� �

�

� � �

�

7 � reward
2. Update utility of previous case given

�

7 .
3. Retrieve the best-matching case C �

	

using Equation 7.
Best match distance: � � � � � X

�

C �

	

� �

�
�

4. Update case distance statistics (mean and variance of ��� ): �
�

	

� �

2
�

	

5. Update decision threshold � �

	

for best matching case:
�

new
�

	

�-�

old
�

	�� �

� �
�

�

	

�  

�

�
�

	
#

�

old
�

	

�

6. Apply decision rule to create a new case:
If �%�'& � �

	

If
�

7���� �

	

Update C �

	

using Equation 8.
Else

Create a new case: Cnew � X � 0�

7. Apply decision rule to extend the best-matching case:
If

�

� ��,�. �

	

�

1
Incorporate a new sample to Cbest:

,�. best ��, . best �

1
Cbest��,�. best�<0 X � 0�

8. Select best case for new parameterization using Equation 12:
Use suggested parameters only if the expected reward is good enough:
If � best � Utility

parameters 0 CP
best

Else
parameters 0 random

9. Prepare for next sample: X �

�

#

1� 0 X �

�

�

� 3
� 5

�

#

,
7

�

1
������� �

0�

Figure9: TheLARC Algorithm.
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4 CaseStudy

This sectiondemonstratesthe applicationof the algorithmproposedin the previous sectionfor
adaptingtheparametersof a schema-basedreactive controller(Arkin, 1989),resultingin a learn-
ing adaptive reactive controller for robotic navigation. In schema-basedreactive control, basic
behaviorsor motorschemassuchasobstacleavoidanceandmovementtowardsagoalindividually
recommendspeci®cmotoractionswhicharethencombinedto producethe®nalactionof theagent.
Potential®eldsor forcesareusedto representtherecommendationsof themotorschemas;thus,a
®nalmotoractioncanbecomputedasthesumof theforcesof eachmotorschemaanddeliveredto
therobot's effectors.Eachmotorschemausescurrentsensoryinformationfrom theenvironment
andinternalcontrolparametersto computeits potential®eld,whichrecommendsthedirectionand
speedatwhichtherobotis tomovegivencurrentenvironmentalconditions.Forexample,themotor
schemaAVOID-STATIC-OBSTACLE directsthesystemto move itself away from detectedobstacles,
andits controlparameterObstacle-Gaindeterminesthemagnitudeof therepulsivepotential®eld
generatedby theobstaclesperceivedby thesystem.Theforcesproducedby all theschemasare
thensummedto producea resultingforcethatdirectsthe actualmovementof the robot. Simple
behaviors, suchaswandering,obstacleavoidance,andgoal following, cancombineto produce
complex emergentbehaviors in a particularenvironment. Dif ferentemergentbehaviors canbe
obtainedby modifying the simple behaviors. A detaileddescriptionof schema-basedreactive
controlmethodscanbefoundin Arkin (1989).

Dif ferentcombinationsof schemaparameterscausedifferentemergentbehaviorstobeexhibited
by the system(see®gure10). Traditionally, parametersare®xed anddeterminedaheadof time
by thesystemdesigneror throughoptimizationtechniquessuchasgeneticalgorithms(e.g.,Ram,
Arkin, Boone,& Pearce,1994). However, on-lineadaptationof controlparameterscanenhance
navigationalperformance(seeRam,Arkin, Moorman,& Clark,1992). While earlierapproaches
(such as Ram, Arkin, Moorman, & Clark, 1992) use a pre-de®nedadaptive law to improve
performance,we have arguedthat it is bene®cialfor thesystemto learnanadaptive law through
experience.The following subsectionsdescribein detail a systemcalledSINS (Self-Improving
NavigationSystem)thatusestheproposedLARC algorithmto learntoadaptthecontrolparameters
of a schema-basedreactivecontroller.

4.1 SystemAr chitecture

TheSINSmobileroboticsystemconsistsof a navigationmodule,which usestheAuRA schema-
basedreactivecontrolarchitecture(Arkin, 1989)implementedonaDenningMRV-III robot,andan
on-lineadaptationandlearningmodule,which usestheLARC learningmethoddescribedearlier.
Thenavigationmoduleis thereactivecontroller, whichis responsiblefor moving therobotthrough
the environmentfrom the startinglocationto the desiredgoal locationwhile avoiding obstacles
alongtheway. Theadaptationandlearningmodulehastwo responsibilities.First, it mustperform
on-lineadaptationof the reactive controlparametersbeingusedin the navigationmoduleto get
the bestperformance,that is, it mustapply the adaptive law. The control parametersarebased
on recommendationsfrom casesthat the systemhaslearnedthroughits experience. Second,it
mustmonitor theprogressof thesystemandincrementallymodify thecaseslibrary to getbetter
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Figure 10: Typical navigational behaviors of different tuningsof the reactive control module.
The®gureon the left shows the non-learningsystemwith high obstacleavoidanceandlow goal
attraction. On the right, the learningsystemhasloweredobstacleavoidanceandincreasedgoal
attraction,allowing it to ªsqueezeºthroughtheobstaclesandthentakea relatively directpathto
thegoal(up-center).

performancein the future, that is, it must learn the adaptive law. Figure11 shows the system
functionalarchitecture,which is aninstantiationof Figure1 for thisparticularimplementation.

The reactive controller in this systemusesthreemotor schemas:AVOID-STATIC-OBSTACLE,
MOVE-TO-GOAL, and NOISE. AVOID-STATIC-OBSTACLE directsthe systemto move itself away
from detectedobstacles.MOVE-TO-GOAL schemadirectsthesystemto move towardsa particular
point in theterrain.TheNOISEschemamakesthesystemmove in arandomdirection;it is usedto
escapefrom localminimaand,in conjunctionwith otherschemas,toproducewanderingbehaviors.
Eachmotorschemahasa setof parametersthatcontrolthepotential®eldgeneratedby themotor
schema. In this research,we usedthe following parameters:Obstacle-Gain, associatedwith
AVOID-STATIC-OBSTACLE, determinesthemagnitudeof the repulsive potential®eldgeneratedby
theobstaclesperceivedby the system;Goal-Gain, associatedwith MOVE-TO-GOAL, determines
themagnitudeof theattractive potential®eldgeneratedby thegoal;Noise-Gain, associatedwith
NOISE, determinesthemagnitudeof thenoise;andNoise-Persistence, alsoassociatedwith NOISE,
determinesthedurationfor which anoisevalueis allowedto persist.

4.2 Input SpaceRepresentation

The observable � consistsof the concatenationof an environmentalsituationvector � E
� ���

of four variablesanda control parametervector �

P
� � of four variables. The four variables

for the environmentalsituationvectorareObstacle-Density-Ahead, Obstacle-Density-Behind,
Obstacle-Density-Right, andObstacle-Density-Left. Eachof thesevariablesprovide a measure
of theoccupiedareasthatimpedenavigationin thedirectiontowards,contraryto, right of, andleft
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Figure11: Functionalarchitectureof theSINSsystem.

of thedirectionof theperceivedgoalrespectively. Theseinputvectorsarecomputedandconstantly
updatedusingtheinformationreceivedfrom therobot'ssensors.Thefour variablesfor thecontrol
parametervectorrepresenttheschemaparametervaluesusedtoadaptthenavigationmodule,onefor
eachof theschemaparameters(Obstacle-Gain, Goal-Gain, Noise-Gain, andNoise-Persistence)
discussedearlier. The valuesaresetperiodicallyaccordingto the recommendationsof the best
case.Thenew valuesremainconstantovera control intervaluntil thenext settingperiod.

Thereactivecontrolleroperateson aDenningMRV-III robot. Therobotusesa Denningsonar
ring whichhastwenty-fourlaboratorygradePolaroidUltrasonicRange®ndersequallyspacedover
360degreesin a planeparallelto the ¯oor. Rangedatais obtainedby emittingultrasonicpulses
from thesensors.Thefour inputvariablesarecalculatedby averagingtherangedatafrom thesix
consecutive Range®ndersthat lay in eachof the four quadrants(e.g.,ahead,left, right, behind).
Figure12showsadiagramof therobot'sultrasonicsensorsandthecorrespondinginputvariables.

4.3 Reward Signal

Theselectionof therewardsignaldependsonprocessingandperformanceconstraints.Processing
constraintsrefer to the ability of the robot to computethe rewardsignaltaking into accountthe
informationdeliveredby thesensors.Forexample,acommonproblemfacedbyreactivecontrollers
is thatthey maydirecttherobotinsideaboxcanyon. Suchasituationoccurswhentherobot,using
its currentsensorycapabilities,determinesthatit canmove betweentwo obstaclesbeyondwhich
thedestinationlies, but thenlaterdiscoversthat thereis no (or not enough)spaceto go between
themandtherebygetstrappedin a local minimum. A rewardsignalthatpunishesanactionthat
drivesthe robot into a box canyon is computationallyexpensive sinceit mustperformcomplex
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Figure12: Ultrasonicsensorsandtheinputvariables.

informationprocessingusingthe robot's sensoryinformationto determineif the robot is inside
of a box canyon. Performanceconstraintsrefer to the metricsusedto measurethe performance
of the system. The rewardsignalshouldbe selectedto rewardactionsthat help to improve the
performancemetricusedto evaluatetherobot'stask.For example,in autonomousrobotnavigation
it is often importantto reachthe destinationpoint quickly while avoiding collisions. Then,the
rewardsignalshouldbeselectedto punishdetectedcollisionsandperiodsof inactivity (i.e.,periods
in which therobotdoesnotmove or movesveryslowly).

In thecurrentsystem,successfulnavigationis de®nedasreachingthedestinationpointasfast
aspossibleandwithout any collisions.Thus,therobotneedsto minimizethetime takento reach
thegoalwith thefewestnumberof collisions.This is representedin thefollowing rewardsignal:

� �




virtual collisions
���

� max velocity � velocity
max velocity

� (13)

This formulais basedon theassumptionthat theonly sensoryinformationavailableto the robot
consistsof the 24 ultrasonicsensorsandthe shaftencoders.This meansthat the robot receives
a negative signalevery time a virtual collision6 is detectedanda positive signalevery time the
robotis moving; thefasterit movesthestrongerthesignal.Thecoef®cients




and
�

determinethe
relative importanceof avoiding collisionsversusmaximizingvelocity for a particularapplication.
Thisrewardsignalisnotcomputationallyexpensiveto evaluate,it usesinformationprovidedby the
robotsensors,andit is consistentwith theperformancemetricde®nedfor successfulautonomous
roboticnavigation.

6Sincethereis a realrobotinvolvedwecannotafford actualphysicalcollisions.Thetermvirtual collisionto refer
to thesituationwhentherobotcomesocloseto anobstaclethata physicalcollision is imminent. Whenthis occurs,
AuRA automaticallydivertsall its resourcesto focusoneliminatingthis imminentdanger.
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5 Evaluation

This sectiondescribestheevaluationof theLARC algorithmin the context of the SINSsystem.
Theobjectiveof theevaluationis twofold: ®rst,to verify thatthealgorithmactuallylearnsauseful
adaptivelaw, whichimprovestheperformanceof thenavigationtask;andsecond,todeterminehow
designdecisionsaffect the performanceof the systemunderdifferentenvironmentalconditions.
The®rstobjectivecanbeveri®edby constructinganempiricalmodelthatrelatestheperformance
metric of the systemwith the amountof experienceor experiencelevel. We expect the model
to show a statisticallysigni®cantimprovementin theperformanceof thesystemwith experience
level. Thesecondobjective, optimizationof thesystemcon®guration,is usefulbecauseit enable
us to shedsomelight on how a rangeof designdecisionsaffect the behavior of the systemand
how to selectappropriatedesignparametersto improve theperformanceof thesystem.The®rst
objective enableusto verify thetheorysupportingtheproposedmultistrategy learningalgorithm,
andthesecondobjective enablesus to understandthe relationshipbetweendesigndecisionsand
systemperformanceunderdifferentenvironmentalconditions. To achieve theseobjectives,we
evaluatedtheLARC algorithmpresentedabove in thecontext of theSINSsystemusingextensive
simulationsacrossa varietyof differenttypesof environments,performancecriteria,andsystem
con®gurations.

Two characteristicsof themobileroboticsystemunderstudyareits complexity andthelarge
amountof interactionwith itsenvironment.Thecomplexity of thesystemisduetothemultistrategy
learningalgorithm,whichcanadaptthecontrolparametersaftereverycontrolinterval andmodify
the behavior of the system. The large amountof interactionis due to the intrinsic natureof
reactive controlandthe learningalgorithm. A directconsequenceof thesecharacteristicsis that
thebehavior of thesystemhasmany sourcesof variability, which causeany performancemetric
de®nedto evaluatethesystem's behavior to vary aswell. This in turn makesit dif®cultto assess
the signi®canceof the performanceof the systemin a speci®csituationsincethe systemmay
performdifferentlyunderthesameor similarcircumstancesin adifferentsetof runs.Furthermore,
the componentsof the systemare tightly coupledand highly interactive. Thus, for example,
straightforwardlearningcurvesor ablationstudiesareinadequateto evaluatethissystem.

To solve thisproblem,weusedasystematicevaluationmethodology(proposedby SantamarÂõa
& Ram,1994)to evaluatethe performanceof the mobile robotic system. In this methodology,
statisticaltools areemployedto analyzethe changein the performanceof the systemin terms
of changesin designparametersandenvironmentalcharacteristics.In theanalysis,thesystemis
evaluatedthroughsystematicexperimentsde®nedto ®lterout undesirablesourcesof variability.
Theresultof theanalysisis anempiricalmodelthat relatestheperformanceof thesystemto the
designdecisionsandenvironmentalcharacteristics.Thisempiricalmodelcanbeusedtounderstand
the behavior of the systemin termsof the theoryandcon®gurationof the system,to selectthe
bestsystemcon®gurationfor a givenenvironment,andto predicthow thesystemwill behave in
responseto changingproblemcharacteristics.Systematicempiricalanalysisbasedon statistical
toolscanalsobeusedto verify thesigni®canceof thesystem's performance.

We developeda softwarepackage,driver++ , which is animplementationof Arkin' s (1989)
AuRA architectureonaDenningMRV-III. driver++ canwork in twomodes:realandsimulated.
In real mode,driver++ receivesinformationfrom sensorsandsendscommandsto the robot
througharadiolink. In simulatedmode,driver++ simulatesboththevaluesof theRange®nders
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asspeci®edby a given arrangementof obstaclesin a simulatedenvironmentandthe dynamics
of the real robot as speci®edby motor commands. The resultspresentedin this sectionare
basedon experimentsperformedusingdriver++ in simulatedmode,sincethis allowsusto run
several hundredexperimentswith systematicallydifferentdesignparametersandenvironmental
con®gurations.

In theseexperiments,the robot navigatesin randomlygeneratedenvironmentsconsistingof
rectangularboundedworlds. Eachenvironmentcontainscircularobstacles,a startlocation,anda
destinationlocation. Thelocation,number, andradiusof theobstaclesarerandomlydetermined
to createenvironmentsof varyingamountsof clutter, de®nedastheratioof freespaceto occupied
space.In ourexperiments,weused15%clutteredworldswhichcorrespondto ªtypicalº laboratory
andsimilar indoorenvironmentsin therealworld.

Theperformanceof themobileroboticsystemvariesacrossdifferentworlds,systemcon®gu-
rations,andamountsof experience.Moreover, dueto thenatureof thetaskandthearchitectureof
thesystem,the robotcanperformdifferentlygiven thesameworld andcaselibrary. The reason
for this is that the adaptationandlearningmoduletunesthe navigation modulerandomlywhen
no appropriatecaseexists; this allows the systemto explore anddiscover new feature-sensitive
detectorsor regularitieswith betterexpectedutility. Thismeansthatany performancemetricused
to evaluatesystemneedsto be treatedasa randomvariableandstatisticalestimationtechniques
shouldbeusedto assessits meanvalue.

In this article, we will focus on how two factors in¯uence the performanceof the robot:
maximumnumberof casesandutility threshold.Theformeris relevantto thecase-basedlearning
aspectof thealgorithmandthelatter to thereinforcementlearningaspect.We will alsoconsider
how theexperiencelevel in¯uencestheperformanceof therobotandverify thatthesystemindeed
improvesits performanceastheexperiencelevel increases.

5.1 Experimental Designand Data Collection

Tocollectdatafor theevaluationanalysis,weperformedseveralrunsonthesystem.A runconsisted
of placingtherobotat thestartlocationandletting it run until it reachedthedestinationlocation.
Thedatafor theestimatorswasobtainedafterthesystemterminatedeachrun. Thiswasto ensure
thatwe wereconsistentlymeasuringtheeffect of learningacrossexperiencesratherthanwithin a
singleexperience(which is lesssigni®cantonworldsof this sizeanyway).

Weevaluatedtheperformanceof therobotusingthemedianvalueamong®vereplicatesof the
time it takesto solve a world. Thereasonfor this is that themedianis a robustestimatorof the
meanandis not too sensitive to outliers. Outliersarecommonin schema-basedreactive control
sincethe systemcanget trappedin local minimapoints,resultingin a signi®cantchangein the
behavior of thesystem.An experimentconsistedof measuringthetime therobottakesto solve a
world across®ve independentrunsunderthesameconditions(i.e., samecaselibrary, numberof
cases,casesize,andlevel of experience,world clutter)andreportingthemedianamongthe®ve
runsastheresponsevariable.

Two setsof experimentsweredesignedtosatisfytheobjectivesof ourevaluation.In the®rstset
(calledªlearningpro®leºexperiments),weranthesystemunderthesame15%clutteredworld and
with aninitial con®gurationbasedon preliminaryexperiments.In thesecondset(calledªsystem
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Table1: Designfor Experiment1.

MaximumCases 15
Utility Threshold .35
ExperienceLevels 1-30
World Clutter 15%
Replicates 5
ResponseVariable Time
Total runs 150

Table2: Designfor Experiment2.

MaximumCases 10,15,20
Utility Threshold .25,.35,.45
ExperienceLevel 25
World Clutter 15%
Replicates 5
ResponseVariable Time
Total runs 45

pro®leºexperiments),werandifferentsystemcon®gurationsby systematicallyvaryingthefactors
aroundtheinitial con®guration.In thisway, wedeterminedthein¯uenceof eachdesignparameter
ontheperformanceof thesystem;thisallowsustodecidehow to changethesystem'scon®guration
for bestperformance.Both setsof experimentsalsoallowedusto verify thattheLARC algortihm
doesin fact improve theperformanceof thesystemthroughexperience.Tables1 and2 show the
designof eachexperiment.

5.2 Learning Pro®le

We usedthe datacollectedfrom the ®rstexperimentto constructan empiricalmodel to verify
improvementin theperformanceof thesystemwith experience.Thedesiredmodelhasthemedian
time( � ) astheresponsevariableandexperiencelevel ( � ) anditssquaredterm( �

2) asthepredictors
or regressors.In this way, if sucha modelis found to bestatisticallysigni®cant(i.e., themodel
shows thattheamountof experienceis relatedto theresponsevariable),we canconcludethatthe
systemactuallylearnsandimprovesperformanceunderthegivencon®gurationandenvironmental
conditions.Equation14 showsthecompletehypotheticalmodelfor thisexperiment.

T �
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Figure13: Datafrom Experiment1. Thegraphshows themediancurve (solid)andthemaximum
andminimumresponses(shaded)from the®ve replicaterunsateachexperiencelevel.

where �

�

is the standardized7 valueof the variable � (i.e., �

�

�

;

�

Å;

¬ ­¯®

�¯°

;²±

). Assumingthat the

mathematicalrelationshipbetweentheresponsevariableandtheindependentvariablesisªsmoothº,
asecondorderpolynomialexpressionof thatrelationship,suchastheoneproposedby themodel,
is a goodapproximation.Intuitively, this approachcorrespondsto ®ttinga statisticalmodelto a
suitablesampleof traditionalªlearningcurvesºobtainedfrom thesystemandanalyzingthemodel
for statisticalsigni®cance.

Figure 13 shows the datagatheredduring experimentset 1. The graphshows the median
curve (solid) andthemaximumandminimumresponses(shaded)from ®ve replicaterunsat each
experiencelevel. Figure14 shows themediantime andtheleastmeansquared®ttedmodelgiven
by Equation14; ascanbeseenfrom the®gure,themodeldescribestheactualperformanceof the
systemvery well. Table3 shows theanalysisof variance(ANOVA) of theregressionandshows
thatthe®ttedmodelis statisticallysigni®cant(P-value � 0

�

0000).Thatis, giventhedatafrom this
experiment,we cannot acceptthehypothesisthat thecoef®cientsfrom Equation14 areall zero,
andthereforewe acceptthealternative hypothesis.This meanswe canconcludethat thesystem
learnswith experienceand that the improvementin performanceis signi®cant. Table 4 shows
thestatisticalresultsfor eachindividual parameterin themodel,their signi®cance,andthe 95%
con®denceinterval estimationof its value.

5.3 SystemPro®le

We usedthedatacollectedfrom thesecondsetof experimentto analyzetheimpactof thedesign
parameterson the learningperformanceof the system. The secondexperimentis a 32 factorial
designin which thetwo systemdesignfactorsbeinginvestigated,maximumnumberof casesand

7Useof standardizedvaluesinsteadof theoriginal valueshelpsto reduceroundoff errorsandotherproblemswith
multicollinearitybetweenindependentvariables(seeNeter, Wasserman,& Kutner, 1989).
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Figure14: Fittedmodelfrom Experiment1. Thegraphshows themediancurve (shaded)andthe
®ttedmodel(solid)with errorbarsateachexperiencelevel.

Table3: ANOVA tablefor theregressionmodelof Experiment1.

Source df SS MS F P-value

Regression 2 1202.31 601.16 44.365 2.93E-09
Residual 27 365.85 13.55
Total 29 1568.16

Table4: Modelcoef®cientsfor Equation14.

Coef®cients Value Std.Error P-value 95%C.I.
[

0 61.70 1.01 0.000 (59.63,63.77)
[

; \ 6.04 0.68 0.000 ( \ 7.44,\ 4.64)
[

;2; 2.55 0.78 0.003 (0.95,4.14)
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Table5: Modelcoef®cientsfor Equation15.

Coef®cients Value Std. Error P-value 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,aresystematicallyvariedaroundthevaluesusedduringthe®rstexperiment.8 A
factorialexperimentaldesignallowsustoverify if thefactorshaveany in¯uencein theperformance
of thesystem.Thus,wecandeterminehow tochangethefactorstomaximizetheexpectedoutcome
in theperformanceof thesystem.

This experimentprovides information on how the considereddesignparametersaffect the
performanceof thesystemat experiencelevel 25. Table2 shows thevaluesof this experimental
setting. The reasonfor evaluatingthe systemat an experiencelevel of 25 is becausethis is
approximatelythe point in which performanceis maximizedaccordingto the ®ttedmodelfrom
Experiment1 (seeFigure14).

Equation15 shows thecompletehypotheticalmodelfor this experiment. Themodelinclude
theeffectsof bothdesignparameters:maximumnumberof cases(

�

) andutility threshold( � ), the
effectsof theirquadraticterms(

� 2 and �

2), aswell astheir secondorderinteraction(
�

� ):
� �

�

0 �

�

���

�

�

�	��


�

�

�

� ���
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 (15)

Consideringthismodel,thedirectionof steepestascentin whichtochangethesystemcon®guration
parametersto optimize performancecan be found using standardcalculustechniques,i.e., by
calculatingthegradientof Equation15.

Table5 shows thestatisticalresultsfor eachindividual parameterin themodelaswell asthe
95%con®denceinterval estimationof its value.Table6 shows theanalysisof variance(ANOVA)
of theregressionandshowsthatthe®ttedmodelis statisticallysigni®cant(P-value � 0

�

0000).That
is, giventhedatafrom thisexperiment,wecannotacceptthehypothesisthatthecoef®cientsfrom
Equation15 areall zero,andthereforewe acceptthe alternative hypothesis.Additionally, from
table5 wecanconcludethatthemaximumnumberof casesto useis irrelevantto theperformance
metric (i.e., both termsassociatedwith the maximumnumberof cases,

�

� and
�

� � , and the
quadratictermfor utility thresholdhave highP-values).

Given theestimationof theparametersshowed in Table5, thedirectionof steepestascentis
alongthe �

�

axis in thepositive directiondueto a positive
�

�

. Futureexperimentaldesignscan

8A 32 factorialdesignconsistsof systematicallyvarying two factorsusingthreevaluesor levels for eachfactor.
Thetotalnumberof runsis 32

� 9 � # of replicates.
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Table6: ANOVA tablefor theregressionmodelof 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

explorethisalternativeand®ndacon®gurationthatoptimizestheresponseof thesystem.A similar
analysiscanbecarriedout to optimizeperformancefor otherapplicationsin thedomainof interest.

5.4 Discussionof Results

Theperformanceof the robot is very complex anddependsnot only on simpletermsbut alsoon
their interactions. The evaluationshows that the mediantime the systemtakesto solve a 15%
clutteredworld decreaseswith theexperiencelevel. Figure13alsoshowsthatthevariability in the
responsealsodecreaseswith experience.Thisdemonstrateanotheraspectof thelearningbehavior
of thesystem,namely, that theperformancenot only improveswith experiencebut alsobecomes
morepredictive. In otherwords,asthesystemincreasesits experience,it tendsto behavesimilarly
undersimilarsituationsandthis reducesvariability in theperformance.

Experimentset2 showedthata changein thesystem's con®gurationby increasingtheutility
thresholdimprovestheperformanceatexperiencelevel of 25. Thevalueof themaximumnumber
of casesdoesnotin¯uencetheperformanceat thatlevel of experience.Thiswas,to us,asurprising
result;however, wethenanalyzedthememoryof casesfor eachof thesystem'scon®gurationsand
foundthatthesystemhadcreatedonly 10casesafter30runs.Moreover, experimentset2 suggests
thatin orderto explorethepossibilityof furtherimprovementin theperformanceof thesystem,we
would needto run additionalexperimentswith a higherutility threshold(thedirectionof steepest
ascent).Intuitively, this makessensesincethesystemwill usethecontrolparametersfrom cases
thathave produceat leasttherequiredlevel of utility, or randomizedcontrolparametersotherwise
(step8 of algorithmin Figure9). It is alsopossiblethat in a morecomplex application,more
than10 caseswill berequiredto adequatelymapthesystem-environmentinteraction,which will
increasethesigni®canceof themaximumnumberof casesthatthesystemis allowedto construct.
In addition, otherdesigndecisionsmay also play an importantrole in the performanceof the
system;this is anissuefor futureresearchbut onethatcanbeaddressedusingtheaboveevaluation
methodology.

In summary, theevaluationwasusefulto verify andunderstandseveralaspectsof theproposed
adaptive reactivecontroller. In particular:

� Theevaluationshowedthattherobotdoesimprove its performancewith experience(Equa-
tion 14andFigure14)andthatthis improvementis statisticallysigni®cant(Tables4 and3).

� Consideringthetwo designparameters,maximumnumberof casesandutility threshold,the
evaluationshowedthattheperformanceof thesystemin a 15%clutteredworld dependson
theutility thresholdandnotthemaximumnumberof cases(Equation15andTables5 and6).
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� The evaluationsuggestsa higherutility thresholdwould improve the performanceof the
system(Equation15); thus,theseexperimentshave predictivevalueaswell.

� Theevaluationshowedhow thatthesystemnotonly learnsto improveperformance,but also
decreasesthevariability in its behavior asexperienceincreases(Figure13).

6 Discussionand RelatedWork

Theperformanceof a reactive controllercanbeenhancedby learningwhenandhow to adaptits
controlparametersaccordingto theenvironmentalsituation. A multistrategy learningalgorithm
thatcombinesideasfrom case-basedreasoningandreinforcementlearningwasproposedto learn
how to performthis adaptation.The algorithmis ableto learncasesthat partition the the input
spaceinto regions suchthat the quantizationerror is minimized. This minimization is useful
becauseit allowsthesystemto usethecontrolparametersassociatedwith thecentroidof a region
for all the points that are inside that region. Furthermore,the algorithm usesa reward signal
to reinforcethe associationof appropriatecontrol parametersto eachregion. The algorithmis
ableto learnconsistentsequencesof samples,which are likely to producesimilar performance
resultsif usedto facesimilar situationsin the future. Finally, thealgorithmlearnsincrementally
with every experience.This allows the systemto usethecurrentlevel of knowledgeto produce
thebestresponseit can,andthenusethe feedbackobtainedfrom its own experienceto improve
its knowledgeandperformbetterin the future. The following subsectionsdiscusseachof these
pointsin moredetailalongwith relatedwork in thearea,andhighlight theimportantassumptions
underlyingthetheory.

6.1 Learning an Adaptive Law

Parameter-adaptive reactive controllerscanbe morerobust andachieve betterperformancethan
reactivecontrollersbecausethey areabletoadjusttheirparameterstoparticularoperatingconditions
facedby theagent.However, adaptive reactive controllersrequiretheuseof anadaptive law that
mustbedeterminedatdesigntime. A learningadaptivereactivecontrollercanlearnandsynthesize
anadaptive law usingits own experience.This typeof controllerinheritsall theadvantagesof the
adaptive reactivecontroller, but doesnot requirea prede®nedadaptive law.

We formulatedtheproblemof learningadaptive reactive controllers,andproposedtheLARC
algorithmwhich cansimultaneouslylearnanduseanadaptive law for a reactive controller. The
algorithmgraduallyandincrementallylearnsan adaptive law by detectingandrememberingse-
quencesof situationsandcontrolparametersthatareconsistentover timeandareusefulaccording
to arewardsignal.Thealgorithmusesprevioussimilarprototypicalexperiencesto ®ndthebestpa-
rameterization(asfar asit candetermine)in any givensituation.Thealgorithmis implementedon
topof a schema-basedreactivecontrollerandvalidatedon simulatedandactualDenningMRV-III
platforms.
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6.2 Self-Organization

Self-organizationrefers to the ability of an unsupervisedlearning systemto develop speci®c
detectorsof differentsignalpatterns.Unsupervisedlearningtasksdiffersfrom supervisedlearning
tasksin thetypeof informationsuppliedto thesystem.In supervisedlearning,a ªteacherºmust
supplythe classto which eachtraining examplebelongs,whereasin unsupervisedlearningthe
goal is to look for regularitiesin the training examples. Self-organizationin learningadaptive
reactive controllersis usefulbecauseit is unlikely thatdesignerswould have detailedknowledge
of how to characterizetheenvironmentin termsof theagent'ssensors.Thus,it is noteasyto select
the appropriatecontrol parametersvaluesthe reactive controllermustusewhen facing speci®c
environments. A systemthat is ableto characterizeenvironmentalsituationsautonomouslycan
associateusefulcontrol parametersto environmentalsituationsandadaptthe reactive controller
successfully.

TheLARC algorithmisbasedin partontheideaof competitivelearning.Themainconsequence
of thisis thattheinputspaceisquantizedinto regionssuchthatthequantizationerrorisminimized.
The assumptionis that ®nerquantizationof portionsof the input spaceusedmore often helps
to improve theperformancebecausethesystemcanusedifferentcontrolparametervaluesunder
theenvironmentalsituationsusedmorefrequently. This meansthat the systemself-organizesto
createandadaptcasesin situationswhereit needsthemthe most. An additionalfeatureof the
LARC algorithmis thattheinputspacerepresentstimesequencesof sensorimotorinputs,allowing
thesystemto learnregularitiesthatencodecausalrelationshipsbetweensequencesof inputsand
outputs.

6.3 Incr ementalLearning

The LARC algorithmincorporatesnew knowledgeincrementallywith every experience. Thus,
the systemlearnsin a continuousor ªanytimeº manner(Grefenstette& Ramsey, 1992). This is
usefulbecauseat every controlinterval, thesystemis ableto useits currentlevel of knowledgeto
adaptthecontrolparametersto thecurrentenvironmentalsituations.Then,duringthenext cycle,
thesystemcanusetheresultsof its actionsto adaptandimprove its currentlevel of knowledge.
The assumptionbehindthis ideais that the relationshipof control parametersandthe behavior
of thesystemis continuous.Giventhis assumption,thesystemis ableto exploreand®nduseful
controlparametersby slightly modifying the controlparameterssuggestedby the best-matching
case.Suchrandommodi®cationwill produceonly a smallalterationin the intendedbehavior of
thesystem,but enoughto performexplorationto improveperformance.

6.4 Feature-Sensitive Detectors

The self-organizationpropertyof the multistrategy learningalgorithmresultsin the creationof
cases.Casescontainsequencesof samplesthat areconsistentover time. This meansthat each
casedevelopsinto a feature-sensitive detectorthatcorrespondto a regularity in theinteractionof
therobotandits environment.Feature-sensitivedetectorsareusefulbecausethey forcethesystem
to perceive its environmentin termsof theseregularities,which meansthattherobotperceivesits
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environmentin termsof ªaffordancesºbetweenenvironmentalsituationsandcontrolparameters
(seeGibson,1966,for ade®nitionof affordanceandEffken& Shaw, 1992,for adiscussionon the
applicationof affordancesin roboticsapplications).For any givensituation,thebest-matchingcase
correspondsto thebeststrategy to follow in theadaptationsequenceof controlparametersunder
the currentenvironmentalsituation. The assumptionbehindthis methodis that the interaction
betweenthesystemandtheenvironmentcanbecharacterizedby a ®nitesetof causalpatternsor
associationsbetweenthe sensoryinputsandthe actionsperformedby the system. The method
allowsthesystemto learnonly thecausalpatternsthattherewardutility identi®esasusefulandto
usethemto modify its actionsby updatingits controlparametersasappropriate.

6.5 Case-BasedReasoningand Learning

Case-basedreasoningsystemshave traditionally beenusedto perform high-level reasoningin
problemdomainsthat canbe adequatelydescribedusingdiscrete,symbolicrepresentations(see
Kolodner, 1993).TheLARC algorithmmaybethoughtof asamethodfor ªcontinuousºcase-based
reasoningwhich sharesmany of thefundamentalassumptionsof whatmight becalledªdiscreteº
case-basedreasoningin symbolic problemdomains. Learningis integratedwith performance.
Performanceis guidedby previousexperience.New problemsaresolvedby retrieving casesand
adaptingthem.New casesarelearnedby evaluatingproposedsolutionsandtestingthemon areal
or simulatedworld. Thebasicproblem-solvingmechanismreliesontheretrieve-adapt-apply-learn
cyclecommonto case-basedreasoningsystems.

However, therequirementsof continuousproblemdomainsaresigni®cantlydifferentin ways
that do not permit readyapplicationof traditionalcase-basedreasoningmethods.For example,
a robotic navigation task requiresrepresentationsof perceptualand motor control information,
unlike the symbolic, high-level information usedin traditional case-basedreasoningprograms
(e.g.,Hammond,1989;Ram,1993)andothersimilar approaches(e.g.,Porter, Bareiss,& Holte,
1990). Theinput is a continuousstreamof perceptualdatafrom ultrasonicandothersensors;the
dataitself isanalogin thesensethatthevalueof aninputparametercanvaryin®nitesimally(within
the limits of the digitizationandsamplingparameters).In addition,perceptionandactionmust
betightly integratedwith whatcorrespondsto planningandexecutioninto a continuous,real-time
process.This alsoimpliesthatcasesmustnot only beretrievedandappliedbut alsoretroactively
modi®edthroughexperience(e.g.,Ram,1993).

6.6 Machine Learning for Robotic Control

Our researchis relatedto andbuilds on prior researchin many areasof machinelearningand
arti®cialintelligence,whichhasbeendiscussedthroughoutthisarticle. In thissection,wefocuson
previousresearchontheproblemof learningtheparametersorstructureof mobilerobotcontrollers.
Mostof this researchemphasizesaparticularlearningalgorithmor a speci®carchitecture.

Geneticalgorithmshave beenusedto determinenear-optimalparametersfor a reactive con-
troller (Ram,Arkin, Boone,& Pearce,1994). This approachconsistsof usinggenesto represent
the¯oating-pointvaluesof theparametersof thecontroller. Then,controllersareevolvedby eval-
uatingtheir ®tnessunderdifferentsimulatedenvironments. This unsupervisedlearningmethod
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reducesgreatlythetaskof con®guringreactivecontrollersunderspeci®cenvironments,but it lacks
the ability to adjustitself dynamicallyaccordingto the currentoperatingconditionsduring the
performanceof thetask.

MaesandBrooks(1990)proposean algorithmto learnto activateanddeactivatebehaviors.
The algorithmis able to learn the correlationbetweenrewardsandbehavior activation through
experience.Giventhis correlation,thealgorithmis capableof selectingandactivatingonly those
behaviorsthatarerelevantandconsistent.Relevantbehaviorsarethosethatarepositivelycorrelated
with positive feedbackor negatively correlatedwith negative feedback. Reliablebehaviors are
thosethatproduceconsistentpositive feedbackwhenthey areactive. Following theterminology
presentedin this paper, this approachcanbe categorizedasa limited versionof a structurally-
adaptive reactive controller. The controllercan learnwhen its behaviors shouldbecomeactive
usingpositive andnegative feedback.

Sutton,Barto,andWilliams(1991)suggesttheuseof reinforcementlearningfor directadaptive
control. Reinforcementlearningmethodscombinemethodsfor adjustingaction-selectionswith
methodsfor estimatingthe long-termconsequencesof actions. The basicideain reinforcement
learningalgorithmssuchasQ-learning(Watkins,1989)is toestimateareal-valuedfunction, �

�


 	�


� ,
of statesandactions,where�

�

�

	

��� is theexpecteddiscountedsumof futurerewardsfor performing
action � in state� andperformingoptimally thereafter. However, in mostimplementationsof Q-
learning,the function �

�


 	�


� is implementedasa lookup tablewhich requiresthat thestatesand
actionsmustbe discretesets(e.g.,whenstatesarerepresentedusingcontinuousvariables,they
mustbequantizedinto prede®nedranges).Thus,they arenot applicableto systemswherestates
andactionsarerepresentedwith realvalues,asis necessaryto continuouslyadapttheparameters
of a reactive controller basedon sensoryinformation (but seeLin, 1991, for an exampleof a
Q-learningsystemthatusescontinuousstaterepresentationsanddiscreteactions).

Ram,Arkin, Moorman,& Clark (1992)proposedtheACBARR system,a case-basedsystem
thatcanadaptthe controlparametersof a reactive controllerin anon-linemanner. ACBARR is
able to retrieve relevant casesgiven the currentenvironmentalsituationthe robot is navigating
through.Theretrievedcasecontainshand-codedrulesthatareusedto adapttheparametersin the
currentsituation.Accordingto theterminologypresentedearlier, ACBARR canbecategorizedas
a (non-learning)parameter-adaptive reactive controller. However, theadaptive law usedto adjust
the parametersis not learnedby thesystem.The LARC algorithmproposedhereis inspiredby
the ACBARR algorithmbut it canalsolearnan appropriateadaptive law to be usedto improve
performance.

7 Conclusions

7.1 FutureWork

Themethodspresentedin thisarticlewereevaluatedusingoneinstanceof aschema-basedreactive
controller. Although the formulation presentedin section3 is independentof the controller
architecture,experimentswith differentcontrollerswill be requiredto validatethe generalityof
theapproach.Additionally, thereareothertasksbesidesautonomousroboticnavigationthatare
suitablefor reactivecontrollers.Twoexamplesareautonomousleggedlocomotionandautonomous
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boatnavigation. In autonomousleggedlocomotion,thecontrolparametersof thereactivecontroller
mustbeadjustedto obtaincoordinationof thelegssothattherobotcanmovesafelyandef®ciently.
Autonomousboatnavigationis similar to autonomousroboticnavigationbut with theadditional
challengeof dealingwith drift and super®cial̄ uid currents. Thesetasksare different from
autonomousroboticnavigationin that the interactionbetweenthesystemandtheenvironmentis
governedby differentphysicallaws. Evaluatingtheproposedapproachunderothertaskswill be
requiredto validatethetheorysupportingtheLARC algorithm,namely, to show thatthelearning
systemcancaptureregularitiesin theinteractionof therobotandits environmentandcanusethem
to improveperformance.

There is still much room for improvementin adaptive reactive controllers. The methods
proposedheredealonly with parameter-adaptive reactive controllers. More work is requiredto
integrateideasfrom adaptive control, machinelearning,and arti®cialintelligenceto deal with
structurally-adaptive reactive controllers. Suchcontrollerswill beableto learnadditionalarchi-
tecturalcomponentsandcomponentrelationshipsto improve systemperformance.In the case
of schema-basedreactive controllers,this would correspondto learningassemblagesof motor
schemas.An assemblageconsistsof a setof motor schemasthat areactive simultaneouslyand
cooperatewith eachotherto obtaina commonobjective. Dif ferentassemblagesmayberequired
to navigateduringquitedifferenttypesof environment.For example,a robotmayuseoneassem-
blagewhile navigatinginsideabuildingandthenswitchto adifferentassemblagewhilenavigating
outsidethebuilding. In the®rstassemblage,only themotorschemasthathelptherobotnavigate
througha structuredenvironmentwith walls, doors,andfurniture will be active. In the second
assemblage,only themotorschemasthathelpto navigatein openterrainswill beactive. Notethat
on-linelocaladaptationduringtheuseof eachassemblageusingLARC or asimilaralgorithmwill
still berequiredto adaptto differentlocalenvironmentsituations.

7.2 Summary

Learningadaptive reactive controllerscanimprove theperformanceof thenavigationtaskin au-
tonomousrobots.We proposeda formulationof learningadaptive reactive controllersin termsof
basicconceptsfromadaptivecontroltheory, autonomousrobotics,andmachinelearning.Addition-
ally, weproposedanalgorithmthatis ableto learnanduseamappingto tuneaparameter-adaptive
reactivecontrollerin orderto improvetheperformanceof anautonomousmobilerobot.Thealgo-
rithm usesa multistrategy case-basedreasoningandreinforcementlearningapproachto partition
theinputspaceinto regionssuchthatit cancreateamappingbetweenenvironmentalsituationsand
controlparameters.Themappingis representedasa setof casesandencodestheadaptive law for
thecontroller. Thealgorithmcanlearnandusethemappingsimultaneously, usingits own experi-
enceto incrementallyre®nethemappingso that theperformanceof thesystemcanbe improved
in futuresituations.Thetheorysupportingthealgorithmconsistsof capturingregularitiesin the
interactionof thesystemandits environmentandusingthemduringfuturesimilarsituations.Reg-
ularitiesarecasualpatternsthatareconsistentover time; they helpto improvesystemperformance
becauseof thepredictive power obtainedthroughthis consistency. Thus,anagentthat is ableto
perceive its surroundingenvironmentin termsof theseregularitiesis ableto detectaffordancesfor
improving its performance.Finally, we presentedresultsfrom systematicempiricalevaluations
of an implementedsystemthat verify that the algorithmimprovesthe performanceof a robotic
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navigationsystemthroughexperience.
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