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Abstract
This article developsProbabilistic Hybrid Action Models(PHAMs), a realisticcausalmodel

for predictingthe behavior generatedby modernpercept-driven robot plans. PHAMs represent
aspectsof robotbehavior thatcannotberepresentedby mostactionmodelsusedin AI planning:the
temporalstructureof continuouscontrolprocesses,their non-deterministiceffects,severalmodes
of their interferences,andtheachievementof triggeringconditionsin closed-looprobotplans.

The main contributionsof this article are: (1) PHAMs, a modelof concurrentpercept-driven
behavior, its formalization,andproofs that the modelgeneratesprobably, qualitatively accurate
predictions;and(2) aresource-ef�cient inferencemethodfor PHAMsbasedonsamplingprojections
from probabilisticaction modelsand statedescriptions. We show how PHAMs can be applied
to planningthe courseof action of an autonomousrobot of�ce courier basedon analyticaland
experimentalresults.

1. Intr oduction

Mostautonomousrobotsareequippedwith restricted,unreliable,andinaccuratesensorsandeffec-
tors andoperatein complex anddynamicenvironments. A successfulapproachto dealwith the
resultinguncertaintyis the useof controllersthat prescribethe robots' behavior in termsof con-
current reactiveplans (CRPs)— plansthat specifyhow the robotsare to reactto sensoryinput
in orderto accomplishtheir jobs reliably (e.g.,McDermott,1992a;Beetz,1999). Reactive plans
aresuccessfullyusedto producesituationspeci�c behavior, to detectproblemsandrecover from
themautomatically, andto recognizeandexploit opportunities(Beetzet al., 2001). Thesekinds
of behaviors areparticularlyimportantfor autonomousrobotsthathave only uncertaininformation
abouttheworld, act in dynamicallychangingenvironments,andareto accomplishcomplex tasks
ef�ciently .

Besidesreliability and �e xibility , foresight is anotherimportantcapability of competentau-
tonomousrobots(McDermott,1992a).Temporalprojection,thecomputationalprocessof predict-
ing whatwill happenwhenarobotexecutesits plan,is essentialfor therobotsto plantheir intended
coursesof actionsuccessfully. To be ableto project their plans,robotsmusthave causalmodels
that representthe effectsof their actions. Most robot actionplannersuserepresentationsthat in-
cludediscreteactionmodelsandplansthatde�ne partialorderson actions.Therefore,they cannot
automaticallygenerate,reasonabout,andrevise modernreactive plans. This hastwo important
drawbacks. First, the plannerscannotaccuratelypredictanddiagnosethe behavior generatedby
their plansbecausethey abstractaway from importantaspectsof reactive plans.Second,theplan-
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nerscannotexploit thecontrolstructuresprovidedby reactive plan languagesto make plansmore
�e xible andreliable.

In this article we develop PHAMs (ProbabilisticHybrid Action Models), action modelsthat
have the expressivenessfor the accuratepredictionof behavior generatedby concurrentreactive
plans. To the bestof our knowledge, PHAMs are the only action representationusedin action
planningthat providesprogrammerswith meansfor describingthe interferenceof simultaneous,
concurrenteffects,probabilisticstateandactionmodels,aswell asexogenousevents.PHAMs have
beensuccessfullyappliedby anautonomousrobotof�ce courieranda museumtour-guiderobotto
makepredictionsof full-size robotplansduringtheexecutionof theseplans(Beetz,2001).

This articlemakesseveralimportantcontributionsto theareaof decision-theoreticrobotaction
planning. First, we describePHAMs, formal action modelsthat allow for the predictionof the
qualitative behavior generatedby concurrentreactive plans.Second,we show how PHAMs canbe
implementedin a resourceef�cient way suchthat predictionsbasedon PHAMs canbe performed
by robotswhile executingtheir plans.Third, we apply theplanprojectionmethodto probabilistic
prediction-basedscheduledebuggingandanalyzeit in thecontext of a robotof�ce courier(Beetz,
2001).

Beforestartingwith thetechnicalpartof thearticlewe would like to make severalremarks.In
this article we restrictourselvesto navigation actionsandmodel themexactly asthey areimple-
mentedin oneof themostsuccessfulautonomousrobotnavigationsystems(Burgardet al., 2000).
Thereasonis thatwewantto closethegapbetweenactionmodelsusedin AI planningsystemsand
thecontrolprogramsthatareusedby autonomousrobotsandthebehavior they produce.Thecontrol
programsthatwe modelhave proven themselvesto achieve reliable,high performancenavigation
behavior. In theMinervaexperiment,they controlledthenavigationin acrowdedmuseumfor more
than93hours.Duringtheirexecution,thenavigationplanshavebeenrevisedby aplanningmodule
about3200timeswithout causingany deadlocksbetweeninteracting,concurrentcontrolprocesses
(Beetz,2002a;Beetzetal.,2001).In robotof�ce courierexperiments,wehaveappliedplanrevision
methodsthatenabledtherobotto planaheadfor about15-25minutes.Weconsiderthis to beatime
scalesuf�cient for improving therobot'sperformancethroughplanning.However, theperformance
gains that can in principle be achieved throughnavigation planningareoften small comparedto
thosethatcanbeachievedby planningmanipulationtasks.

Althoughwe usenavigationasour only example,thesamemodelingtechniquesapplyto other
mechanismsof autonomousrobots,suchasvision (Beetzet al., 1998),communication(Beetz&
Peters,1998), and manipulation(Beetz,2000) equally well. The reasonsthat we do not cover
thesekindsof actionsin thisarticlearethatthey requireadditionalreasoningcapabilitiesandat the
momentthesemodelscanonly bevalidatedwith respectto robotsimulations.Theadditionalrobot
capabilitiesthat would have to be modeledincludesymbolgrounding/objectrecognition(Beetz,
2000),changingstatesof objects,andmorethoroughmodelsof thebelief statesof robots(Schmitt
etal., 2002).Addressingtheseissuesis well beyondthescopeof thisarticle.

In theremainderof thearticlewe introducethebasicconceptualizationunderlyingPHAMs and
describetwo realizationsof them: one for studyingtheir formal propertiesandanotherone tar-
getedat their ef�cient implementation.We alsoshow how PHAMs areemployed in thecontext of
transformationalrobotplanning.

Thearticle is organizedasfollows. Section2 describeseverydayactivity asour primaryclass
of applicationproblems.We introduceconcurrentreactive plans(CRPs)asmeansfor producing
characteristicpatternsof everydayactivity andidentify technicalproblemsin thepredictionof the
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physical robot behavior that CRPsgenerate.Section3 explainshow the executionof CRPsand
the physical andcomputationaleffectsof plan executioncanbe modeledusing PHAMs. PHAMs
describethebehavior of therobotasasequenceof controlmodeswherein eachmodethecontinuous
behavior is speci�ed by a control law. Mode transitionsare triggeredby the controlledsystem
satisfyingspeci�ed modetransitionconditions.We thenintroducea setof predicatesthatwe use
to representour conceptualizationformally. Section4 and5 describetwo differentapproachesto
predictingthe behavior producedby concurrentreactive plansin the context of PHAMs. In the
�rst onethebehavior is approximatedby discretizingtime into a sequenceof clock ticks thatcan
be madearbitrarily dense. This model is usedto derive formal propertiesfor the projectionof
concurrentreactive plans. The secondapproach,describedin Section5, describesa muchmore
ef�cient approachto theprojectionof CRPs. In this approachonly thosetime ticks areexplicitly
consideredandrepresentedwherediscreteeventsmayoccur. At all othertime instancesthesystem
statecanbe inferredthroughinterpolationusingthecontrol laws of the respective modes.This is
the projectionmechanismthat is usedat executiontime on boardthe robots. We show how this
implementationof PHAMs is employed for prediction-basedtour schedulingfor an autonomous
robotof�ce courier. Weconcludewith anevaluationandadiscussionof relatedwork.

2. Structur edReactiveControllers and the Projection of Delivery Tour Plans

Plan-basedrobotcontrolhasbeensuccessfullyappliedto taskssuchasthecontrolof spaceprobes
(Muscettolaet al., 1998b),disastermanagementandsurveillance(Dohertyet al., 2000),andthe
controlof mobilerobotsfor of�ce delivery (Simmonsetal.,1997;Beetzetal.,2001)andtourguide
scenarios(Alami etal.,2000;Thrunetal.,2000).A classof tasksthathasreceivedlittle attentionis
theplan-basedrobotcontrolfor everydayactivity in humanliving andworkingenvironments,tasks
thatpeopleareusuallyverygoodat.

To geta betterintuition of theactivity patternsto beproducedin everydayactivity, let uscon-
siderthechoresof a hypotheticalhouseholdrobot. Householdchoresentail complex routinejobs
suchascookingdinner, cleaningthe kitchen, loading the dish washer, etc. The routine jobs are
typically performedin parallel.A householdrobotmighthaveto cleanuptheliving roomwhile the
soupis cookingon thestove. While cleaningup, thephonemight ring andthe robothasto inter-
rupt cleaningin orderto go andanswerthephone.After having completedthe telephonecall the
robothasto continuecleaningright whereit stopped.Thus,therobot'sactivity mustbeconcurrent,
percept-driven,interruptible,�e xible, androbust,andit requiresforesight.

The fact that peoplemanageand executetheir daily taskseffectively suggests,in our view,
that the natureof everydayactivity shouldpermit agentsto make assumptionsthat simplify the
computationaltasksrequiredfor competentactivity. As Horswill (1996)putsit, everydaylife must
provideuswith someloopholes,structuresandconstraintsthatmakeactivity tractable.

Webelievethatin many applicationsof roboticagentsthataretoperformeverydayactivities,the
following assumptionsarevalid andallow usto simplify thecomputationalproblemsof controlling
a robotcompetently:

1. Roboticagentsarefamiliarwith theactivitiesfor satisfyingindividual tasksandthesituations
thattypically occurwhile performingthem.They carryout everydayactivities over andover
again andareconfrontedwith the samekinds of situationsmany times. As a consequence,
conductingindividualeverydayactivitiescanbelearnedfrom experienceandis simplein the
sensethatit doesnot requirea lot of plangenerationfrom �rst principles.
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2. Appropriateplansfor satisfyingmultiple, possiblyinterfering,taskscanbedeterminedin a
greedymanner. Therobotcan�rst determinea default planperformingthe individual tasks
concurrentlywith someadditionalorderingconstraintsthroughsimpleandfastheuristicplan
combinationmethods.Therobotcanthenavoid theremaininginterferencesbetweenits sub-
activitiesby predictingandforestallingthem.

3. Roboticagentscanmonitor the executionof their activities andtherebydetectsituationsin
which their intendedcourseof actionmight fail to producethedesiredeffects. If suchsitua-
tionsaredetected,therobotscanadapttheir intendedcourseof actionto thespeci�c situations
they encounter, if necessarybasedon foresight.

In ourpreviousresearchwehaveproposedStructuredReactive Controllers(SRCs)asa compu-
tationalmodelfor the plan-basedcontrol of everydayactivity. SRCs arecollectionsof concurrent
reactivecontrolroutinesthatadaptthemselvesto changingcircumstancesduringtheirexecutionby
meansof planning.SRCsarebaseduponthefollowing computationalprinciples:

1. SRCs areequippedwith a library of plan schematafor routinetasksin commonsituations.
Theseplanschemataare— for now — providedby programmersanddesignedto have high
expectedutility at the costof not having to dealwith all conceivableproblems. We know
from our AI coursesthatplansthatcheckthe tailpipesevery time beforestartinga carhave
typically lower expectedutility thantheonesthatdo not checkthem,eventhoughhaving no
bananasstuckin thetailpipeis anecessarypreconditionfor startingacarsuccessfully.

Therobustness,�e xibility , andreactivity of planschematais achievedby implementingthem
asconcurrentpercept-drivenplans— evenat thehighestlevel of abstraction.Theplansem-
ploy controlstructuresincludingconditionals,loops,programvariables,processes,andsub-
routines.They alsomake useof high-level constructs(interrupts,monitors)to synchronize
parallelactionsandmake plansreactive androbust by incorporatingsensingandmonitor-
ing actionsandreactionstriggeredby observed events. Goalsof sub-plansarerepresented
explicitly as annotationssuchthat planningalgorithmscan infer the purposeof sub-plans
automatically.

2. SRCs have fastheuristicmethodsfor puttingplanstogetherfrom routineactivities. They are
able to predictproblemsthat are likely to occurandrevise their courseof action to avoid
them. Predictive plandebuggingrequiresthe SRC to reasonthrough,andpredicttheeffects
of, highly conditionaland�e xible plans— thesubjectof thisarticle.

3. SRCs performexecutiontime planmanagement.They run processesthatmonitorthebeliefs
of therobotandaretriggeredby certainbelief changes.Theseprocessesreviseplanswhile
they areexecuted.

Structuredreactive controllerswork as follows. Whengiven a setof requests,structuredre-
active controllersretrieve routineplansfor individual requestsandexecutetheplansconcurrently.
Theseroutineplansaregeneraland �e xible — they work for standardsituationsandwhenexe-
cutedconcurrentlywith otherroutineplans.Routineplanscancopewell with partly unknown and
changingenvironments,run concurrently, handleinterrupts,andcontrol robotswithout assistance
overextendedperiods.For standardsituations,theexecutionof theseroutineplanscausestherobot
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to exhibit an appropriatebehavior in achieving their purpose.While they executeroutineplans,
the robot controllersalso try to determinewhethertheir routinesmight interferewith eachother
andwatchout for exceptionalsituations. If they encounterexceptionalsituationsthey will try to
anticipateandforestallbehavior �a wsby predictinghow their routineplansmightwork in thiskind
of situation. If necessary, they revise their routinesto make themrobust for the respective kinds
of situations.Finally, they integratetheproposedrevisionssmoothlyinto their ongoingcourseof
actions.

2.1 Plan-basedControl for a Robot Of�ce Courier

Beforewe describeour approachto predictingconcurrentpercept-driven robot behavior we �rst
give a comprehensive exampleof a plan-basedrobotof�ce courierperforminga delivery tour and
exhibiting aspectsof everydayactivity. Thedescriptionof theexampleincludesthepresentationof
key plan schematausedby the robot,a sketchof the heuristicplan combinationmethod,the pre-
diction of behavior �a ws,andtherevision of delivery plans.This examplerun hasbeenperformed
with the mobile robot RHINO actingasa robot of�ce courier(Beetz,2001; Beetz,Bennewitz, &
Grosskreutz,1999).

2.1.1 PLANS AND PLAN SCHEMATA OF THE ROBOT COURIER

The robot courieris equippedwith a library of plan schematafor its standardtasksincluding de-
liveringitems,picking up items,andnavigatingfrom oneplaceto another. Thepresentationof the
plansandplanschemataproceedsbottomup. We startwith the low-level plansfor navigationand
endwith thecomprehensiveobjectdeliveryplans.

A low-level navigationplanspeci�eshow the robot is to navigatefrom onelocationin its en-
vironment,typically its currentposition, to anotherone, its destination.Figure1 depictssucha
low-level navigationplanfor goingfrom a locationin roomA-117to thelocation5 in roomA-111.
The plan consistsof two components:a sequenceof intermediatetarget points(the locationsin-
dexedby thenumbers1 to 5 in Figure1) to besequentiallyvisitedby therobotanda speci�cation
of whenandhow the robot is to adaptits travel modesasit follows thenavigationpath. In many
environmentsit is advantageousto adaptthetravel modeto thesurroundings:to drivecarefully(and
thereforeslowly) within of�ces becauseof�ces arecluttered,to switchoff thesonarswhendriving
throughdoorways(to avoid sonarcrosstalk),andto drive quickly in thehallways.Thesecondpart
of theplanis depictedthroughregionswith differenttexturesfor thedifferenttravel modes“of�ce”,
“hallway,” and“doorway.” Whenever therobotcrossestheboundariesbetweenregionsit adaptsthe
parameterizationof thenavigationsystem.Thus,low-level navigationplansstartandterminatenav-
igationprocessesandchangetheparameterizationof thenavigationsystemthroughcontrolmode
switches(SET-NAVIGATION-MODE) andaddinganddeletingintermediatetargetpoints(MOVE-TO).

We specifyreactive plansin RPL (McDermott,1991;Beetz& McDermott,1992),a plan lan-
guagethatprovideshigh-level control structuresfor specifyingconcurrent,event-driven robotbe-
havior. Thepseudocodein Figure2 sketchesthe initial partof theplandepictedin Figure1. The
planfor leaving anof�ce consistsof two concurrentsub-plans:onefor following the(initial partof
the)prescribedpathandonefor adaptingthetravel mode.Thesecondsub-planadaptsthenaviga-
tion modeof therobotdynamically. Initially, thenavigationmodeis setto “of�ce”. Uponentering
and leaving the doorway the navigation modeis adapted.The plan uses�uents, conditionsthat
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1A-121
A-120

Dieter's
Desk

A-121

A-110

A-111

A-113

A-117

Legend
doorway travelmode

of�ce travelmode

hallway travelmode

NavigationPlan
waypoint waypointcoordinates

1 h2300; 800i
2 h2300; 900i
3 h1200; 1100i
4 h1200; 1200i
5 h1250; 1400i

Figure1: Graphicalrepresentationof anavigationplan.Topologicalnavigationplanfor navigating
from roomA-117to A-111with regionsindicatingdifferenttravel modesandsmallblack
circlesindicatingadditionalnavigationpathconstraints.

areupdatedasynchronouslybasedon new sensorreadings. Fluentscan trigger (whenever ) and
terminate(wait for ) plansteps.

execute concurrently
execute-in-order

MOVE-TO (1); wait for (go-to-completed?);
MOVE-TO (2); wait for (go-to-completed?);

with local �uents distance-to-doorway
 �uent-network (j hx; yi � hxdw ; ydw i j)

entering-dw?-�  distance-to-doorway< 1m
entering-hw?-�  distance-to-doorway> 1m

execute-in-order
SET-NAVIGATION-MODE(of�ce) ; wait for (entering-dw?-�);
SET-NAVIGATION-MODE(doorway); wait for (entering-hw?-�);
SET-NAVIGATION-MODE(hallway)

Figure2: Theplansketchesthespeci�cationof anavigationprocessfor leaving anof�ce. Thetwo
componentsfollowing theprescribedpathandadaptingthetravel modeareimplemented
asconcurrentsub-plans.The secondcomponentusesa �uent to measurethe distance
to the centerof the doorway andtwo dependent�uents that signal the robot's entering
andleaving thedoorway. Initially, thetravel modeis setto “of�ce”. Uponenteringand
leaving thedoorway thetravel modeis adapted.

Thelow-level navigationplaninstancesareusedby higher-level navigationplansthatmake the
navigation processes�e xible, robust, andembeddableinto concurrenttaskcontexts. The higher-
level plansgeneratethe low-level plansbasedon therobot's mapof its environment(GENERATE-
NAV-PLAN). A slightly simpli�ed versionof thishigh-level planis listedbelow.
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highlevel-plan ACHI EVE(loc(r hino; hx; yi ))
1 with cleanup routine ABORT-NAVIGATION-PROCESS

2 do with valve wheels
3 do loop
4 try in parallel
5 wait for navigation-interrupted?
6 with local vars NAV-PLAN  GENERATE-NAV-PLAN(c,d)
7 do swap-plan (NAV-PLAN,NAV-STEP)
8 named subplan NAV-STEP

9 do DUMMY

10 until IS-CLOSE?(hx; yi )

We explain theplangoingfrom theinnerparts,which generatetherobotbehavior, to theouter
ones,which modify thebehavior. Lines6 to 8 make thenavigationplanindependentof its starting
position and therebymore general: given a destinationd, the plan piececomputesa low-level
navigation plan from the robot's current location c to d using the map of the environmentand
executesit (Beetz& McDermott,1996).

In order to run navigation plansin lessconstrainedtask contexts we must prevent other —
concurrent— routinesfrom directing the robot to different locationswhile the navigation plan
is executed. We accomplishthis by usingsemaphoresor “valves”, which canbe requestedand
released.Any planaskingtherobotto moveor standstill mustrequestthevalvewheels, performits
actionsonly after it hasreceivedwheels, andreleasewheelsafter it is done.This is accomplished
by thestatementwith valve in line 2.

In many casesprocesseswith higher priorities must move the robot urgently. In this case,
blocked valvesaresimply pre-empted.To make our plan interruptible, robust againstsuchinter-
rupts, the plan hasto do two things. First, it hasto detectwhen it getsinterruptedandsecond,
it hasto handlesuchinterruptsappropriately. This is doneby a loop that generatesandexecutes
navigation plansfor the navigation taskuntil the robot is at its destination.We make the routine
cognizantof interruptsby usingthe �uent navigation-interrupted?. Interruptsarehandledby ter-
minatingthecurrentiterationof theloop andstartingthenext iteration,in which a new navigation
planstartingfrom therobot's new positionis generatedandexecuted.Thus,thelines3-5 make the
planinterruptible.

To make thenavigationplantransparentwe nametheroutineplan ACHI EVE(loc(rhino,hx,yi ))
andtherebyenabletheplanningsystemto infer thepurposeof thesub-plansyntactically. Interrupt-
ible andembeddableplanscanbeusedin taskcontexts with higherpriority concurrentsub-plans.
For instance,amonitoringplanusedby ourcontrollerestimatestheopeninganglesof doorswhen-
ever therobotpassesone.Anothermonitoringplanlocalizestherobotactively whenever it haslost
trackof its position.

To facilitateonline reschedulingwe have modularizedthe planswith respectto the locations
wheresub-plansareto beexecutedusingtheat location planschema.Theat location hx,yi p plan
schemaspeci�esthatplanp is to beperformedat locationhx,yi . Hereis a simpli�ed versionof the
planschemafor at location .
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named subplan Ni

do at location hx; yi pby
with valve wheels
do with local vars DONE?  FALSE

do loop
try in parallel
wait for Task-Interrupted?(Ni )
sequentially
do NAVIGATE-TOhx; yi

p
DONE?  TRUE

until DONE? = TRUE

Theplanschemaaccomplishestheperformanceof planp at locationhx,yi by navigatingto the
locationhx,yi , performingsub-planp, andsignallingthatp hasbeencompleted(theinnersequence).
Thewith valve statementobtainsthesemaphorewheelsthatmustbeownedby any processchanging
thelocationof therobot. Theloop makestheexecutionof p at hx,yi robustagainstinterruptsfrom
higherpriority processes.Finally, thenamed sub-plan statementgivesthesub-planasymbolicname
thatcanbeusedfor addressingthesub-planfor schedulingpurposesandin planrevisions. Using
the at location plan schema,a plan for delivering an objecto from locationp to locationd canbe
roughlyspeci�edasaplanthatcarriesoutpickup(o)at locationp andput-down(o)at locationd with
theadditionalconstraintthatpickup(o)is to becarriedout beforeputdown(o). If every sub-planp
that is to be performedat a particularlocation l hasthe form at location hx,yi p, thena scheduler
cantraversetheplanrecursively andcollecttheat location sub-plansandinstall additionalordering
constraintson thesesub-plansto maximizetheplan'sexpectedutility.

To allow for smoothintegrationof revisionsinto ongoingscheduledactivities,we designedthe
planssuchthateachsub-plankeepsa recordof its executionstateand,if startedanew, skipsthose
partsof theplanthatnolongerhaveto beexecuted(Beetz& McDermott,1996).Wemadetheplans
for singledeliveriesrestartableby equippingtheplanp with a variablestoringtheexecutionstate
of p that is usedasa guardto determinewhetheror not a sub-planis to beexecuted.Thevariable
hasthreepossiblevalues: to-be-acquired denotingthat the objectmuststill be acquired;loaded
denotingthat theobjectis loaded;anddelivereddenotingthat thedelivery is completed.Theplan
schemafor thedeliveryof asingleobjectconsistsof two fairly independentplansteps:thepick-up
andtheput-down step.

if EXECUTION-STATE(p; to-be-acquired)
then AT-LOCATION L PICK-UP(o)

if EXECUTION-STATE(p; loaded)
then AT-LOCATION D PUT-DOWN(o)

2.1.2 GENERATING DEFAULT DELIVERY PLANS

Theheuristicplangeneratorfor delivery toursis simple: it insertsthepick-upandput-down sub-
plansof all delivery requestsinto the overall plan and determinesan appropriateorder on the
at location sub-plans.Theorderingis determinedby a heuristicthatperformsa simpletopological
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sort on the sub-plansbasedon the locationswherethe sub-plansareto be executed.The heuris-
tic considersadditionalconstraintssuchasexecutingpick-up stepsalwaysbeforethe respective
put-down plan-steps.

2.1.3 PREDICTION-BASED PLAN DEBUGGING BY THE ROBOT OFFICE COURIER

Let usnow contemplateaspeci�c scenarioin which therobotof�ce courierRHINO performsanof-
�ce deliverythatrequiresthepredictionandforestallingof planfailuresatexecutiontime. Consider
thefollowing situationin theenvironmentpicturedin Figure3. A robotof�ce courieris to deliver
a letter in a yellow envelopefrom roomA-111 to A-117 (cmd-1) andanotherletter for which the
envelope's color is unknown from A-113 to A-120 (cmd-2). Therobothasalreadytried to accom-
plish cmd-2but becauseit hasrecognizedroomA-113 asclosed(usingits rangesensors)it revises
its intendedcourseof actioninto achieving cmd-2opportunistically. That is, if it laterdetectsthat
A-113 is openit will interruptits currentactivity andreconsiderits intendedcourseof actionunder
thepremisethatthestepsfor accomplishingcmd-2areexecutable.

To performits tasksquickly the robotschedulesthepick-upanddelivery actionsto minimize
executiontime andassurethat lettersarepicked up beforethey aredelivered. To ensurethat the
scheduleswill work, therobothasto take into accounthow its own stateandtheworld changesasit
carriesout thescheduledactivities. Aspectsof statesthattherobothasto considerwhenscheduling
its activitiesarethelocationsof theletters.Constraintson thestatevariablesthatscheduleshave to
satisfyarethatthey only asktherobotto pick up lettersthatarecurrentlyat therobot's locationand
thattherobotdoesnotcarrytwo lettersin envelopeswith thesamecolor.
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(136) (DONE GOTO (2300.0600.0))
(136) (DO UNLOAD-LETTER y-letter)

(58) (DONE GOTO (1000.01600.0))
(58) (DO LOAD-LETTER y-letter)
(62) (ACTIVATE GOTO (2300.0600.0))

(2) (ACTIVATE GOTO (1000.01600.0))

A-117

A-111

Figure3: A possibleprojectedexecutionscenariofor the initial plan. Theopportunityof loading
theletterof theunknown color is ignored.

Supposeour robot is standingin front of room A-117. The belief stateof the robot contains
probabilitiesfor thecolorsof letterson thedeskin A-113. Therobotalsohasreceivedsomeevi-
dencethatA-113 hasbeenopenedin themeantime.Thereforeits belief stateassignsprobabilityp
for thevaluetrue of randomvariableopen-A113.
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This updateof the belief staterequiresthe robot to reevaluateits optionsfor accomplishing
its jobs with respectto its changedbelief state. Executingits currentplan without modi�cations
might yield mix upsbecausethe robot might carry two lettersin envelopeswith the samecolor.
The differentoptionsare: (1) to skip the opportunity, (2) to ask immediatelyfor the letter from
A-113to beput into anenvelopethatis notyellow (to excludemix upswhentakingtheopportunity
later);(3) to constrainlaterpartsof theschedulesuchthatno two yellow letterswill becarriedeven
whentheletterin A-113 turnsout to beyellow; and(4) to keeppickingup theletterin A-113asan
opportunisticsub-plan.Which optiontherobotshouldtake dependson its belief statewith respect
to thestatesof doorsandlocationsof letters. To �nd out which scheduleswill probablywork, in
particular, which onesmight resultin mixing up letters,therobotmustapplya modelof theworld
dynamicsto thestatevariables.

With respectto this belief state,differentscenariosarepossible.The�rst one,in which A-113
is closed,is picturedin Figure3. Pointson the trajectoriesrepresentpredictedevents.Theevents
without labelsareactionsin which therobotchangesits heading(onanapproximatedtrajectory)or
eventsrepresentingsensorupdatesgeneratedby passive sensingprocesses.For example,a passive
sensorupdateevent is generatedwhentherobotpassesa door. In this scenariono interventionby
prediction-baseddebuggingis necessaryandno �a w is projected.
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(95) (DONE GOTO (1000.0 1600.0))
(95) (DO LO AD-LETTER Y-LETTER)
(95) (FAILURE SAME-COLOR LETTER)

(33) (DONE GOTO (1850.01350.0))
(33) (DO LOAD-LETTER OPP)
(34) (ACTIVATE GOTO (1000.01600.0))

(12) (RECOGNIZE LO AD-LETTER OPP)
(13) (A CTIV ATE GOTO (1850.0 1350.0))

(2)
(ACTIVATE GOTO (1000.01600.0))

A-117

A-111

A-120

A-113
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(248) (DONE GOTO (2300.0600.0))
(248) (DO UNLOAD-LETTER Y-LETTER)

(174) (DONE GOTO (1100.0400.0))
(174) UNLOAD-LETTER OPP)
(175) GOTO (2300.0600.0))

(102) GOTO (1000.01600.0))
(102) LOAD-LETTER Y-LETTER)
(103) GOTO (1100.0400.0))

(30) GOTO (1850.01350.0))
(30) LOAD-LETTER OPP)
(31) GOTO (1000.01600.0))

(11) (RECOGNIZE LO AD-LETTER OPP)
(12) (A CTIV ATE GOTO (1850.0 1350.0))

(2) (ACTIVATE GOTO (1000.01600.0))

A-117

A-111

A-120

A-113

(a) (b)

Figure4: Two possiblepredictedscenariosfor theopportunitybeingtaken.In scenario(a)theletter
turnsout to have thesamecolorastheonethatis to beloadedafterwards.Therefore,the
secondloadingfails. In scenario(b) theletterturnsout to have a differentcolor thanthe
onethatis to beloadedafterwards.Therefore,thesecondloadingsucceeds.

In thescenariosin whichof�ce A-113is openthecontrolleris projectedto recognizetheoppor-
tunity andto rescheduleits enabledplanstepsasdescribedabove.1 Theresultingscheduleasksthe
robot to enterA-113 �rst, andpickupthe letter for cmd-2, thenenterA-111 andpick up the letter
for cmd-1, thendeliver the letter for cmd-2in A-120, andthe lastonein A-117. This category of
scenarioscanbefurtherdividedinto two categories.In the�rst sub-category shown in Figure4(a)
the letter to bepickedup is yellow. Performingthepickupthuswould resultin therobotcarrying

1. Anothercategoryof scenariosis characterizedby A-113becomingopenaftertherobothasleft A-111. Thismayalso
resultin anexecutionfailureif theletterloadedin A-113 is yellow, but is notdiscussedhereany further.
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(200) (DONE GOTO (1000.01600.0))
(202) (DO LOAD-LETTER Y-LETTER)
(211) (ACTIVATE GOTO (2300.0600.0))

(147) (DONE GOTO (1100.0400.0))
(162) (DO UNLOAD-LETTER OPP)
(178) (ACTIVATE GOTO (1000.01600.0))

(39) (DONE GOTO (1850.01450.0))
(39) (DO LOAD-LETTER NIL)
(70) (ACTIVATE GOTO (1100.0400.0))

(19) (USE OPPORTUNITY)

(2) (ACTIVATE GOTO
(1850.01450.0))

(263) (DONE GOTO (2300.0600.0))
(263) (DO UNLOAD-LETTER Y)

A-117

A-111

A-120

A-113

Figure5: Projectedscenariofor aplansuggestedby theplandebugger. Theletterwith theunknown
color is pickedupandalsodelivered�rst. Thisplanis a little lessef�cient but avoidsthe
risk of notbeingableto loadthesecondletter.

two yellow lettersandthereforeanexecutionfailureis signalled.In thesecondsub-categoryshown
in Figure4(b) theletterhasa differentcolor andthereforetherobotis projectedto succeedby tak-
ing thesamecourseof actionfor all thesescenarios.Note that thepossible�a w is introducedby
thereactive reschedulingbecausethereschedulerdoesnot considerhow thestateof therobotwill
changein thecourseof action,in particularthatastatemaybecausedin which therobotis to carry
two letterswith thesamecolor.

In this case,theplan-basedcontrollerwill probablydetectthe�a w if it is likely with respectto
therobot's belief state.This enablesthedebuggerto forestallthe�a w, for instance,by introducing
anadditionalorderingconstraint,or by sendinganemailthatincreasestheprobabilitythattheletter
will be put into a particularenvelope. Thesearethe revision rulesintroducedin the last section.
Figure5 shows a projectionof a plan thathasbeenrevisedby addingtheorderingconstraintthat
theletterfor A-120 is deliveredbeforeenteringA-111.

Figure6(a) shows the event tracegeneratedby the initial plan andexecutedwith the RHINO

control system(Thrunet al., 1998)for thecritical scenariowithout predictionbasedschedulede-
bugging; Figure6(b) shows the onewith the debuggeraddingthe additionalorderingconstraint.
Thisscenarioshowsthatreasoningaboutthefutureexecutionof plansenablestherobotto improve
its behavior.

In this article, we describethe probabilisticmodelsof reactive robot behavior that areneces-
saryto predictscenariossuchastheonedescribedabove for thepurposeof prediction-basedplan
debugging.

2.2 The Projection of Low-level Navigation Plans

Now thatwe know whattherobotplanslook like we canturn to thequestionof how to predictthe
effectsof executinga delivery plan. Theinput datafor planprojectionaretheprobabilisticbeliefs
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21:09:38GOING TO (1850.01450.0)

21:09:50 INST ALL NEW SCHEDULE
TO AV OID
CARR YING SAME COLOR

21:10:13ARRIVED AT (1850.01450.0)
21:10:37LOADING BLUE LETTER
21:10:37GOING TO (1100.0400.0)

21:11:24ARRIVED AT (1100.0400.0)
21:11:59UNLOADING BLUE LETTER
21:11:59GOING TO (1000.01600.0)

21:12:31ARRIVED AT (1000.01600.0)
21:13:06LOADING BLUE LETTER
21:13:06GOING TO (2300.0600.0)

21:14:26ARRIVED AT (2300.0600.0)
21:14:58UNLOADING BLUE LETTER

A-117

A-111

A-120

A-113

(a) (b)

Figure6: The trajectorywithout prediction-basedplan revision (Sub-�gure (a)) fails becausethe
courierdid not foreseethe possiblecomplicationswith loadingthe secondletter. Sub-
�gure (b) showsa trajectorywherethepossible�a w is forestalledby theplanningmech-
anism.

of therobotwith respectto thecurrentstateof theworld, probabilisticmodelsof exogenousevents
thatareassumedto bePoissondistributed,probabilisticmodelsof low-level plans,andprobabilistic
rulesfor guessingmissingpiecesof information.Theoutputof theprojectionprocessis asequence
of datedeventsalongwith theestimatedstateat thetimeof eachevent.

Plan projectionis identical to plan executionwith two exceptions. First, whenever the plan
projectorinterpretsa wait for or whenever it recordsthe corresponding�uents asactive triggering
conditions.Thisway, theplanprojectionmechanismcanautomaticallygenerateperceptswhencon-
tinuouscontrol processesor exogenouseventsmake the triggeringconditionstrue. For example,
whenthenavigationplanis waitingfor therobotto enterthehallwaytheplanprojectorprobabilisti-
cally guesseswhentherobotmotioncausestherespective triggeringconditionto becometrue.For
this time instant,the plan projectorgeneratesa sensorinput event with the correspondingsensor
reading.

Planprojectionalsodiffers from plan interpretationin that whenever the robot interactswith
the real world, the projectedrobot must interactwith the symbolic representationsof the world.
Theplaceswherethis happensarethe low-level plans.Thusinsteadof executinga low-level plan
the projectorguessesthe resultsof executingtheseplansandassertstheir effects in the form of
propositionsto thetimeline.Therearethreekindsof effectsthataregeneratedby theinterpretation
of low-level plans: (1) physicalchanges,suchastherobotchangingits position,(2) the low-level
plan changingthe dynamicalstateof the robot, suchasthe directionthe robot is headingto, and
(3) computationaleffects,suchaschangingthevaluesof programvariablesor signallingthesuccess
andfailure of control routines. Thusthe modelof a low-level plan usedfor plan projectionis a
probability distribution over the sequenceof eventsthat it generatesand the delaysbetweenthe
subsequentevents.

Thinking procedurally, theplanprojectorworksasfollows. It iteratively infers theoccurrence
of thenext eventuntil thegivenplanis completelyinterpreted.Thenext eventcaneitherbethenext
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eventthatthelow-level plangeneratesif thecomputationalstateof thecontrollerdoesnot change,
or asensorinputeventif anactivetriggeringconditionis predictedto becometrue,or anexogenous
eventif oneis predictedto occur. Thenext predictedeventis theearliestof theseevents.

We will now considera particularinstanceof low-level plans: the low-level navigation plans
usedin the exampleof the previous section. Navigation is a key action of autonomousmobile
robots. While predictingthe paththat a robot will take it is necessaryto predictwhere the robot
will be,which is a prerequisitefor predictingwhat therobotwill beableto perceive. For example,
whetherthe robotwill perceive thata door is opendependson the robot takinga paththatpasses
by thedoor, executingthedoorangleestimationroutinewhile passingthedoorandthedoorbeing
within sensorrange.Passingthe door is perceived basedon the robot's positionestimateandthe
environmentmap.Consequently, if therobotexecutesaplansteponly if adooris open,thenin the
endtheexecutionof this planstepdependson theactualpaththerobotwill take. This impliesthat
anactionplanningprocessmustbecapableof predictingthetrajectoryaccuratelyenoughto predict
theglobalcourseof actioncorrectly.

Navigationactionsarerepresentativefor alargesubsetof physicalrobotactions:they aremove-
mentscontrolledby motors. Physical movementshave a numberof typical characteristics.First,
they areoften inaccurateandunreliable. Second,they causecontinuous(andsometimesdiscon-
tinuous)changeof the respective part of the robot's state. Third, the interferenceof concurrent
movementscanoftenbedescribedasthesuperpositionof theindividualmovements.

To discusstheissuesraisedby theprojectionof concurrentreactive plans,we sketcha delivery
tour plan that speci�es how a robot is to deliver mail to the roomsA-113, A-111, andA-120 in
Figure1 (Beetz,2001). Themail for roomA-120 hasto bedeliveredby 10:30(a strict deadline).
Initially, the plannerasksthe robot to performthe deliveriesin the orderA-113, A-111, andA-
120. As theroomA-113 is closedthecorrespondingdelivery cannotbecompleted.Therefore,the
planningsystemrevisestheoverall plansuchthattherobotis to accomplishthedelivery for A-113
asanopportunity. In otherwords,therobotwill interruptits currentdelivery to deliver themail to
A-113 (seeFigure7) if thedeliverycanbecompleted.

with policy as long as in-hallway?
whenever passing-a-door?

ESTIMATE-DOOR-ANGLE()
with policy seq wait for open?(A-113)

DELIVER-MAIL-TO(DIETER)
1. GO-TO(A-111)
2. GO-TO(A-120) before 10:30

Figure7: Delivery tour planwith a concurrentmonitoringprocesstriggeredby thecontinuousef-
fectsof a navigation plan (passinga door) andan opportunisticstep. This concurrent
reactiveplansserveasanexamplefor discussingtherequirementsthatthecausalmodels
mustsatisfy.

Theplancontainsconstrainingsub-planssuchas“whenever therobotpassesadoorit estimates
the openingangleof the door using its laserrange�nders” andopportunitiessuchas“complete
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thedelivery to roomA-113 assoonasyou learntheof�ce is open”. Thesesub-plansaretriggered
or completedby the continuouseffectsof the navigation plans. For example,the event passinga
dooroccurswhentherobottraversesa rectangularregion in front of thedoor. We call theseevents
endogenousevents.

VW

VW

VW

VW

VW

VW

VW

begin(low-level-nav-plan(...))

end(low-level-nav-plan(...))

entering
doorway

leaving
doorway

leaving
doorway

entering
doorway

leaving
hallway

entering
hallway

A-117

A-111

A-120

A-113

Figure8: Visualizationof a projectedexecutionscenario.The following typesof eventsarede-
pictedby speci�c symbols:changetravel modeevent by rhombuses,start/stoppassing
doorway by smallcircles,start/stoplow-level navigationplanby doublecircles,anden-
teringdoorway/hallwayby boxes.

Figure8 shows a projectedexecutionscenariofor a low-level navigationplanembeddedin the
plan depictedin Figure 7. The behavior generatedby low-level navigation plansis modeledas
a sequenceof eventsthat eithercausequalitative behavior changes(e.g.adaptationsof the travel
mode)or triggerconditionsthattheplanis reactingto (e.g.enteringthehallwayor passingadoor).
Theeventsdepictedby rhomboidsdenoteeventswheretheCRPchangesthedirectionandthetarget
velocity of therobot. Thesquaresdenotetheeventsenteringandleaving of�ces. Thesmallcircles
denotetheeventsstartingand�nishing passinga door, which arepredictedbecausea concurrent
monitoringprocessestimatestheopeninganglesof doorswhile therobotis passingthem.

Suchprojectedexecutionscenarioshave beenusedfor prediction-baseddebuggingof delivery
toursof anautonomousrobotof�ce courier. Beetzet al. (1999)have shown thata controllerem-
ploying predictive plan schedulingusing the causalmodelsdescribedin this article canperform
betterthanit possiblycouldwithoutpredictivecapabilities(seealsoSection6.1).
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2.3 Peculiarities of Projecting Concurrent ReactivePlans

Thereareseveralpeculiaritiesin theprojectionof concurrentreactive plansthatwe want to point
outhere.
Continuous Change. Concurrentreactive plans activate and deactivate control processesand
therebycausecontinuouschangeof statessuchasthe robot's position. Continuouschangemust
berepresentedexplicitly becauseCRPsemploy sensingprocessesthatcontinuallymeasurerelevant
states(for example,therobot'sposition)andpromptlyreactto conditionscausedby thecontinuous
effects(for example,enteringanof�ce).
Reactive Control Processes.Becauseof thereactive natureof robotplans,theeventsthathave to
bepredictedfor a continuousnavigationprocessdependnot only on theprocessitself but alsoon
themonitoringprocessesthataresimultaneouslyactive andwait for conditionsthatthecontinuous
effectsof thenavigationprocessmight cause.Supposetherobotcontrolleris runninga monitoring
processthatstopstherobotassoonasit passesanopendoor. In this casetheplannermustpredict
“robot passesdoor” eventsfor eachdoor the robot passesduring a continuousnavigation action.
Theseeventsthentrigger a sensingactionthat estimatesthe door angle,andif the predictedper-
cept is an “open door detected”thenthe navigation processis deactivated. Otherdiscreteevents
thatmight have to bepredictedbasedon thecontinuouseffectsof navigation includeenteringand
leaving a room,having comewithin onemeterof thedestination,etc.
Interfer encebetweencontinuouseffects.For thecontrolprocessesthatsetvoltagesfor therobot's
motors,thepossiblemodesof interferencebetweencontrolprocessesarelimited. If they generate
signalsfor thesamemotorsthecombinedeffectsaredeterminedby theso-calledtaskarbitration
scheme(Arkin, 1998).Themostcommontaskarbitrationschemesare(1) behavior blending(where
the motor signal is a weightedsum of the current input signals)(Konolige, Myers, Ruspini,&
Saf�otti, 1997);(2) prioritizedcontrolsignals(wherethemotorsignalis thesignalof theprocess
with thehighestpriority) (Brooks,1986);and(3) exclusionof concurrentcontrol signalsthrough
the useof semaphores.In our plans,we excludemultiple control signalsto the samemotorsbut
they can be easily incorporatedin the predictionmechanism.Thus the only remainingtype of
interferenceis thesuperpositionof movementssuchasturningthecamerawhile moving.
Uncertainty. Therearevariouskindsof uncertaintyandnon-determinismin therobot'sactionsthat
a causalmodelshouldrepresent.It is oftennecessaryto specifya probabilitydistribution over the
averagespeedandthedisplacementsof pointson thepathsto enablemodelsto predicttherangeof
spatio-temporalbehavior thata navigationplancangenerate.Anotherimportantissueis to model
probabilitydistributionsover theoccurrenceof exogenousevents. In mostdynamicenvironments
exogenouseventssuchasopeningandclosingdoorsmightoccuratany time.

3. Modeling ReactiveControl Processesand ContinuousChange

Let usnow conceptualizethebehavior generatedby modernrobotplansandtheinteractionbetween
behavior andtheinterpretationof reactive plans.We baseour conceptualizationon thevocabulary
of hybridsystems. Hybrid systemshavebeendevelopedto design,implement,andverify embedded
systems,collectionsof computerprogramsthatinteractwith eachotherandananalogenvironment
(Alur, Henzinger, & Wong-Toi, 1997;Alur, Henzinger, & Ho, 1996).

Theadvantageof a hybrid systembasedconceptualizationover state-basedonesis thathybrid
systemsaredesignedto representconcurrentprocesseswith interferingcontinuouseffects. They
alsoallow for discretechangesin processparameterization,whichweneedto modeltheactivation,
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deactivation, andreparameterizationof control processesthroughreactive plans. In addition,hy-
brid systembasedconceptualizationscanmodeltheproceduralmeaningof wait for andwhenever
statements.

As picturedin Figure9, we considerthe robot andits operatingenvironmentastwo interact-
ing processes:the environmentincluding the robot hardware,which is alsocalledthe controlled
process,andthe concurrentreactive plan,which is the controllingprocess.The stateof the envi-
ronmentis representedby statevariablesincluding the variablesx andy, the robot's real position
anddoor-anglei representingtheopeningangleof doori. Therobotcontrolleruses�uents to store
the robot's measurementsof thesestatevariables(robot-x, robot-y, door-a120, etc.). The �uents
arecontinuallyupdatedby theself-localizationprocessandamodel-basedestimatorfor estimating
theopeninganglesof doors.Thecontrol inputsof theplanfor theenvironmentprocessis a vector
thatincludesthetravelmode, theparameterizationof thenavigationprocessesandthecurrenttarget
point to bereachedby therobot.

Concurrent Reactive Plan

robot-x

robot-y

door-i 

Delivery Plan 
    from Figure 1

Environment

State Variables:

X Y
DOOR-
ANGLEi

Control Inputs

- Travel Mode
- Target Point

Sensing Process
- self localization
- door angle estimation

Exogenous Events

going-for-lunch(person)

Figure9: The�gure showsourconceptualizationof theexecutionof navigationplans.Therelevant
statevariablesarethex andy coordinatesof therobot'spositionandopeninganglesof the
doors.The�uents thatestimatethesestatevariablesarerobot-x, robot-y, anddoor-a120.

3.1 A Hybrid SystemModel for ReactiveRobot Behavior

We will now model the controlledprocessasa hybrid system(Alur et al., 1997,1996). Hybrid
systemsarecontinuousvariable,continuoustime systemswith a phasedoperation. Within each
phase,called control mode, the systemevolves continuouslyaccordingto the dynamicallaw of
that mode,called continuous�ow . Thus the stateof the hybrid systemcan be thoughtof as a
pair — the control modeand the continuousstate. The control modeidenti�es a �o w, and the
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continuous�o w identi�es a position in it. Also associatedwith eachcontrol modeareso-called
jumpconditions, specifyingtheconditionsthat thediscretestateandthecontinuousstatetogether
mustsatisfyto enableatransitionto anothercontrolmode.Thetransitionscancauseabruptchanges
of thediscreteaswell asthecontinuousstate.Thejumprelationspeci�esthevalid settingsof the
systemvariablesthatmightoccurduringajump. Then,until thenext transition,thecontinuousstate
evolvesaccordingto the�o w identi�ed by thenew controlmode.

Whenconsideringtheinterpretationof concurrentreactive plansasa hybrid systemthecontrol
modeis determinedby thesetof activecontrolprocessesandtheirparameterization.Thecontinuous
stateis characterizedby the systemvariablesx, y, and o that representthe robot's position and
orientation.Thecontinuous�o w describeshow thesestatevariableschangeasaresultof theactive
control processes.This changeis representedby the componentvelocities _x, _y, and _o. Thusfor
eachcontrol modethe robot's velocity is constant.Linear �o w conditionsaresuf�cient because
the robot's pathscanbe approximatedaccuratelyenoughusingpolylines (Beetz& Grosskreutz,
1998).They arealsocomputationallymucheasierandfasterto handle.Thejumpconditionsarethe
conditionsthataremonitoredby constrainingcontrolprocesseswhichactivateanddeactivateother
controlprocesses.

Thusthe interpretationof a navigation plan accordingto the hybrid systemsmodelworks as
follows. Thehybrid systemstartsat someinitial statehcm0; x0i . Thestatetrajectoryevolveswith
the control moderemainingconstantand the continuousstatex evolving accordingto the �o w
conditionof cm. Whenthe(estimated)continuousstatesatis�esthetransitionconditionof anedge
from modecm to amodecm0a jumpmustbemadeto modecm0, wherethemodemightbechosen
probabilistically. During the jump thecontinuousstatemayget initialized to a new valuex0. The
new stateis thepair hcm0; x0i . Thecontinuousstatex0 evolvesaccordingto the �o w conditionof
cm0.

Theconstructionof thehybrid systemfor a givenconcurrentplan is straightforward. We start
at thecurrentplanexecutionstate.For every concurrentactive statementof theform wait for cond
andwhenever condwe addcondasa jump conditionto thecurrentcontrolmode.In additionwe
haveoneadditionaljumpconditionfor thecompletionof theplanstep.

Figure10 depictsthe interpretationof the �rst part of the navigation plan shown in Figure2.
The interpretationis representedasa treewherethenodesrepresentthecontrolmodesof thecor-
respondinghybrid systemandthenodelabelsthecontinuous�o w. Theedgesarethecontrolmode
transitionslabeledwith the jump conditions. The robot startsexecutingthe plan in room A-117.
Theinitial controlmodeof thehybrid systemis therootof thestatetreedepictedin Figure10. The
initial staterepresentsthestateof computationwherethe�rst controlprocessesof thetwo parallel
branchesareactive, that is theprocessesfor goingto theintermediatetargetpoint 1 andmaintain-
ing the “of�ce mode”asthe robot's travel mode. The �o w speci�esthatwhile the robot is in the
initial controlmodetheabsolutevalueof thederivative of therobot's positionis a functionof the
robot's navigationmode(of�ce, doorway, or hallway) andthenext intermediatetargetpoint. The
hybrid systemmakesatransitioninto oneof thesubsequentstateswheneitherthe�rst targetpoint is
reachedor whenthedistanceto thedoorwaybecomeslessthanonemeter. Thetransitioncondition
for theupperedgeis that the robothascomesuf�ciently closeto thedoorway, for the lower edge
that it hasreachedthe �rst targetpoint. For the lower edge,thehybrid systemgoesinto thestate
wherethe robot goesto the target point 2 while still keepingthe of�ce modeasits currenttravel
mode.In theothertransitiontherobotchangesits travel modeto doorway andkeepsapproaching
the �rst targetpoint. Theonly variablesthatarechangedthroughthecontrolmodetransitionsare
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control mode:cm3

_x = f 1(hallway; h2300; 800i )
_y = f 2(hallway; h2300; 800i )

control mode:cm1

_x = f 1(doorway; h2300; 800i )
_y = f 2(doorway; h2300; 800i )

control mode:cm4

_x = f 1(doorway; h2300; 900i )
_y = f 2(doorway; h2300; 900i )

control mode:cm0

x0=2400,y0=600
_x = f 1(of�ce; h2300; 800i )
_y = f 2(of�ce; h2300; 800i )

control mode:cm5

_x = f 1(of�ce; h1200; 1100i )
_y = f 2(of�ce; h1200; 1100i )

control mode:cm2

_x = f 1(of�ce; h2300; 900i )
_y = f 2(of�ce; h2300; 900i )

control mode:cm6

_x = f 1(doorway; h2300; 900i )
_y = f 2(doorway; h2300; 900i )

e1 : dist(hx; yi ; hxdw ; ydw i ) < 100

e3 : dist(hx; yi ; hxdw ; ydw i ) > 100

e4 : x = 2300^ y = 800

e2 : x = 2300^ y = 800

e5 : x = 2300^ y = 900

e6 : dist(hx; yi ; hxdw ; ydw i ) < 100

Figure10: The �gure shows the hybrid automatonfor the interpretationof the navigationplan in
Figure2. Thepossiblecontrolmodeswith thecontinuous�o w equationsaredepicted
asnodesandthemodetransitionsasedges.Theedgesarelabeledwith jumpconditions:
enteringdoorway (e1, e6), leaving doorway (e3), reaching�rst waypoint(e2, e4), and
reachingsecondwaypoint(e5).

thevelocity of therobotandits orientation.Both settingsareimplied by the�o w conditionof the
respectivesuccessorstates.

Thereis one issuethat we have not yet addressedin our conceptualization:uncertainty. We
modeluncertaintywith respectto the continuouseffectsandthe achievementof jump conditions
usingmultiple alternative successormodeswith varying �o ws andjump conditions.We associate
a probability of occurrencewith eachmodetransition. This way we can,for example,represent
rotationalinaccuraciesof navigationactionsthataretypical for mobilerobots.
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3.2 Representationof the Hybrid SystemModel

Let us now formalizeour hybrid systemconceptualizationusinga logical notation. To do so,we
are going to usethe following predicatesto describethe evolution of the systemstates: jump-
Condition(cm,e,c), jumpSuccessor(e,cm',probRange), jumpRelation(cm', ~vals, ~f lows), and prob-
Range(e,max). jumpCondition(cm,e,c) representsmodecmbeingleft alongedgee whencondition
c becomestrue. jumpSuccessor(e,cm',probRange) de�nes the non-deterministicsuccessorstates
cm' andthe probability ProbRange with which they areenteredif the systemmakesa transition
alonge. jumpRelation(cm', ~vals, ~f lows) de�nestheinitial valuesof thestatevariablesandthe�o w
conditionsuponenteringstatecm'. A jump e causestheautomatonto transitprobabilisticallyinto
asuccessormode.

For eachpossiblesuccessorwe de�ne a probability rangeprobRange. For reasonsthatareex-
plainedbelow we representtheprobabilityrangessuchthatthey arenon-overlapping,their relative
sizesareproportionalto the probability they represent(the sumof the rangesis 1) andthat their
boundarieshavetheform i

2n , wherei andn areintegers.ThepredicateprobRange(e,2n ) de�nesthe
sumof theranges.A possibletransitionwith aprobabilityrange[ i

2n ; j
2n ] is representedasjumpSuc-

cessor(e,cm',[i,j]) . ThepredicatejumpRelation(cm',~vals; ~f lows) meansthatuponenteringcontrol
modecm' thesystemvariablesand�o wsareinitializedasspeci�edby ~vals and ~f lows.

Usingthepredicatesintroducedabove,wecanstateaprobabilistichybridautomaton(Figure10)
for theinterpretationof ournavigationplanusingthefollowing facts.

jumpRelation(cm0,h2400,600i , hf 1(of�ce; h2300; 800i ); f 2(of�ce; h2300; 800i )i )
jumpCondition(cm0,e1,dist(hx; yi ; hxdw ; ydw i ) < 100)
jumpCondition(cm0,e2,x = 2300^ y = 800)

jumpSuccessor(e1,cm1,[1,1])
probRange(e1,1)

jumpRelation(cm1,hi ,hf 1(doorway; h2300; 800i ); f 2(doorway; h2300; 800i )i )
jumpRelation(cm2,hi ,hf 1(of�ce; h2300; 900i ); f 2(of�ce; h2300; 900i )i )
...

The robot startsat position h2400; 600i in control modecm0 in which the robot leaves the
lower of�ce on the right. In this control mode the robot moves with hf 1(of�ce; h2300; 800i );
f 2(of�ce; h2300; 800i )i . The navigation systemleaves control modecm0 whencomingcloseto
the door (dist(hx; yi ; hxdw ; ydw i ) < 100) by performingthe transitione1. If the systemperforms
thetransitione1 thenthecontrol �o w changesbecausethe low-level navigationplanswitchesinto
thenavigationmodedoorway. In ourexample,this transitionis deterministic.

To accountfor uncertaintyin controlwe make thesetransitionsprobabilistically. Thuswe can
substitutethe control modecm1 by multiple control modes,saycm0

1 andcm00
1 wherethe control

�o ws of themodesaresampledfrom a probabilitydistribution. We canthenstatefor examplethat
with aprobabilityof 75%( 12

16) thesystemtransitsinto controlmodecm0
1 andwith 25%( 4

16) into the
modecm00

1 by de�ning theeffectsof thetransitione1 asfollows:

jumpCondition(cm0,e1,dist(hx; yi ; hxdw ; ydw i ) < 100)
jumpSuccessor(e1,cm0

1,[1,12])
jumpSuccessor(e1,cm00

1,),[13,16])
probRange(e1,16)
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To representthestateof ahybrid automatonweusethepredicatesmode(cm)andstartTime(cm,t)
to representthatthecurrentcontrolmodeis cmandthatcmstartedat time t. Weuse�ow( ~�ow) and
valuesAt(t i , ~val i ) to assertthe �o ws andvaluesof systemvariablesfor given time points. Further,
thevaluesof systemvariablescanbeinferredfor arbitrarytime pointsthroughinterpolationon the
basisof thecurrent�o w andthelastinstancesof valuesAt(t i , ~val i ). This is doneusingthepredicate
stateVarsVals:

stateVarVals( ~vals) � valuesAt(t0, ~vals0) ^ now(t)
^ f low( ~�ow) ^ ~vals = ~vals0 + (t � t0) ~�ow

wherenow(t)speci�esthatt is thecurrenttime. Note,in thisconceptualizationwerepresentthedis-
cretestatechangesexplicitly andthestateswithin amodeusingthemode's initial stateandits �o w.
A particularstatewithin a modecanbederivedon demandusingthepredicatestateVarVals. Inter-
ferencesbetweendifferentmovementsof therobot issuedin differentcontrol threadsaremodeled
throughthemode's �o w.

Figure11 depictsanexecutionscenario,a possibleevolution of thehybrid systemrepresenting
how theexecutionof arobotcontrollermightgo. An executionscenariois aconsistentsetof jumps
andvaluesfrom thehybrid modelover time. Fromthis we canextracteventhistoriesthat canbe
usedto simulateplanexecutionandlook for �a ws.

An executionscenarioconsistsof atimeline, a linearsequenceof eventsandtheir results.Time-
linesrepresenttheeffectsof planexecutionin termsof timeinstants, occasions, andco-occurring
events. This implies that several eventscanoccurat the sametime instantbut only oneof them,
theprimaryone,changesthestateof theworld. Timeinstantsarepointsin time at which theworld
changesdueto an actionof the robot or an exogenousevent. Eachtime instanthasa datewhich
holdsthe time on theglobalclock at which the time instantoccurred.An occasionis a stretchof
time over which a world stateP holdsandis speci�edby a proposition,which describesP, andthe
time interval for which thepropositionis true.

We deal with other kinds of uncertaintyby representingour model using McDermott's rule
languagefor probabilistic,totally-orderedtemporalprojection(McDermott,1994).Usingthis lan-
guagewe can representPoissondistributed exogenousevents,probability distributions over the
currentworld state,andprobabilisticsensorandactionmodelsin a way that is consistentwith our
modelpresentedsofar.

3.3 Discussionof the Model

Let usnow discusshow our hybrid systemmodeladdressestheissuesraisedin Section2.3. There
aretwo inferencetasksconcerningthe issueof continuouschangecausedby concurrentreactive
plansthataresupportedby ourmodel.The�rst oneis inferring thestateataparticulartime instant.
For example,if theprojectionmechanismpredictstheoccurrenceof anexogenousevent,suchasan
objectfalling outof therobot'sgripper, thentheprojectionmechanismhasto infer wheretherobot
is at this time instantto assertthepositionof theobjectafterfalling down. This canbedoneusing
the initial stateandthe�o w conditionof theactive controlmode.Thesecondimportantinference
taskis the predictionof control modejumpscausedby the continuouseffectsof low-level plans,
suchastherobotenteringthehallway. This canbeinferredusingthejump conditionsof theactive
controlmodein additionto theinitial stateandthe�o w condition.
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t5t1

clock-tick(t1) clock-tick(t5)

valuesAt(t3,<2360,850>)

jump(e1)

t2

clock-tick(t2)

t4

clock-tick(t3)

t3

clock-tick(t4)

mode(cm0)

initialValues(cm0,<2400,600>)

startTime(cm0,0)

flow(<f1(office,<2300,900>),f2(office,<2300,900>)>)

mode(cm1)

initialValues(cm1,

startTime(cm1,5)

flow(<f1(off...

clock-tick(t6)

t6

Figure11: Part of a timelinethatrepresentsa projectedexecutionscenariofor a low-level naviga-
tion plan. Time instantsaredepictedascircles,eventsasrectangles,andoccasionsas
rectangleswith roundcorners.

Thesecondissuethatwe have raisedin Section2.3 is thepredictionof therobot's reactionsto
instantaneousevents,suchasdroppinganobject. Typically, a reactive plan for carryinganobject
containssub-plansthatasktherobotto stopandpick uptheobjectagainassoonasthesensedforce
in thegripperdrops. Thesekindsof reactionsarehandledby checkingall active jump conditions
immediatelyafteraninstantaneouseventhasoccurred.

Thethird issuein projectingconcurrentreactiveplansis theinterferencebetweensimultaneous
continuouseffects.In ourmodel,interferenceis modelledby describingtheeffectsof controlmode
jumpson the �o w conditionof thesubsequentcontrolmode. Theprogrammermustspecifyrules
describingthephysicsof thedomainfor specifyingthe�o w conditionof thenext mode.Thus,when
a sub-planfor moving therobot's armis startedwhile therobotis moving, thentherule describing
the effectsof the correspondingcontrol modejump assertsthe �o w conditionspecifyingthat the
world coordinatesof thegripperaredeterminedby thegripperpositionat themodejump andthe
transpositionof thetwo motionsin thesuccessormode.

Our last issueis that of uncertainty. One aspectof uncertaintythat our model supportsare
inaccuraciesin thephysicalbehavior of therobot.This is modelledby specifyingprobabilitydistri-
butionsover thesuccessormodeswhena controlmodejump occurs.Otheraspectsof uncertainty
including probabilisticsensormodels,uncertaintyof instantaneousphysical effects, uncertainty
aboutthestateof theworld, andPoissondistributedexogenouseventsarehandledby therule lan-
guagethatwedescribein thenext section.In particular, wewill giveexamplesof exogenousevents
andpassivesensorsin Section5.3andadetailedprobabilisticmodelof acomplex sensingactionin
Section5.4.
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Ourapproachdoesnotexplicitly reasonaboutthebeliefstate.Weassumethatthebeliefstateis
computedby probabilisticstateestimators(Thrunetal.,2000).Suchstateestimatorsnotonly return
themostlikely statebut alsoinfer additionalpropertiesof thebelief statesuchasits ambiguityand
theexpectedaccuracy of its globalmaximum.Theplan-basedcontrollerinterruptsdelivery toursas
soonasthepositionestimateis ambiguousor too inaccurate.Detailsof this mechanismaswell as
motivationsfor it canbefoundin thework of Beetz,Burgard,Fox, andCremers(1998).

4. Probabilistic, Totally-OrderedTemporal Projection

In the last sectionwe have seenhow hybrid systemsandexecutionscenariosarerepresented.In
this section,we will seehow we canpredictexecutionscenariosfrom the speci�cation of a hy-
brid system.For this purposewe useMcDermott's rule languagefor probabilistic,totally-ordered
temporalprojection(McDermott,1994).This rule languagehastheexpressivenessneededfor our
purpose:we canspecify the probabilitiesof event effectsdependingon the respective situation,
Poissondistributedevents,andprobability distributionsover the delaysbetweensubsequentplan
generatedevents. Uncertaintyaboutthecurrentstateof theworld canbespeci�ed in the form of
probabilisticeffect rulesof thedistinctstartevent.

This rule languageis anexcellentbasisfor formalizingourmodelintroducedin thelastsection.
A setof rulesthatsatis�escertainconditionsimpliesauniquedistributionof datedeventsequences
that satis�es the probabilisticconditionsof the individual rules(seeDe�nition 2 in Section4.1).
Thusif we give probabilisticformalizationsof thebehavior within controlmodesandmodejumps
in McDermott's rule languagethenwe de�ne a uniqueprobability distribution over the statetra-
jectoriesof thehybrid automatonthatsatis�esour probabilisticconstraints.Moreover, McDermott
hasdevelopedaprovablycorrectprojectionalgorithmthatsamplesdatedeventsequencesfrom this
uniquedistribution.

In theremainderof thissectionwewill proceedasfollows. Westartby presentingMcDermott's
rule languagefor probabilistic,totally-orderedtemporalprojectionandsummarizethemainprop-
ertiesof this language.We will thenrepresentour hybrid systemmodelusingthis rule language.
Basedon this representationwe can,looselyspeaking,show thatwhenapplyingMcDermott's pro-
jectionalgorithmto the representationof thehybrid system,thealgorithmreturnsdatedeventse-
quencesdrawn from theuniquedistribution impliedby our ruleswith arbitrarilyhighprobability.

Note,to obtaintheseresultswe will usea discretizedmodelof time with clock tick eventsthat
canbe spacedarbitrarily closetogetherresultingin higheraccuracy of the projectionalgorithm.
This makestheuseof this representationinfeasiblein practice.Therefore,we eliminatetheneed
for clock tick eventsin Section5 by makinguseof McDermott's persist effects.

4.1 McDermott' sRule Languagefor Probabilistic, Totally-orderedTemporal Projection

Thedifferentkindsof rulesprovidedby this languageareprojectionrules,effect rules,andexoge-
nousevent rules. Projectionrulesspecifythesequenceof datedeventscausedby low-level plans,
effect rulesspecifycausalmodelsof sensingprocessesandactions,andexogenouseventrulesare
usedto specifytheoccurrenceof eventsnot underthecontrolof therobot. We will describethese
kindsof rulesbelow.

� Projectionrulescanbeusedto specifythesequenceof eventscausedby theinterpretationof
a low-level plan.Projectionruleshave theform
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project rule name(args)
if cond
with a delay of � 1 occurs ev1

...
with a delay of � n occurs evn

andspecifythat if low-level planname(args) is executedandconditioncondholdsthenthe
low-level plan generatesthe eventsev1, ..., evn with relative delays� 1, ..., � n , respectively.
Thus,projectionrulesgenerateasequenceof datedevents.

Uncertainmodelscanberepresentedby samplingthe� i from a probabilitydistribution over
durationsandby specifyingconditionsthataresatis�edonly with acertainprobability.

� Effectrulesareusedto specifyconditionalprobabilisticeffectsof events.They havetheform

e! p rule name
if cond
then with probability � event ev causes effs

andspecifythatwhenevereventev occursandcondholds,thenwith probability� createand
clip statesasspeci�edin effs. Theeffectsof thee! p rule ruleshave theform A, causingthe
occasionA to hold,clip A, causingA to ceaseto hold,andpersist t A, causingA to hold for t
timeunits.

� Exogenousevent rules areusedto specifytheconditionaloccurrenceof exogenousevents.
Therule

p! e rule name
while condwith an avg spacing of � occurs ev

speci�es that over any interval in which cond is true, exogenouseventsev are generated
Poisson-distributedwith anaveragespacingof � timeunits.

Beforeproving propertiesof ourmodelwe must�rst introduceMcDermott's semanticsof pos-
sibleworlds.To doso,wede�ne thekey notionsof theunderlyingconceptualizationin De�nition 1.
Theevolution of theworld is describedasa sequenceof datedinstantaneouseventswhereanoc-
currencee@tspeci�esthateventeoccursat time instantt. In addition,wehaveafunctionmapping
timeinstantsinto world states.Morepreciselythesenotionsarede�nedasfollows(seeMcDermott,
1994).

De�nition 1 A world stateis a functionfrom propositionsto f T,F,?g and is extendedto boolean
formulasin the usualway. An occurrencee@t is a pair c = (e;t), where e is an eventand t a
time (t 2 < + ). An occurrencesequenceis a �nite sequenceof occurrences,orderedby date. Its
duration is thedateof the last occurrence. A world of duration L, where L 2 < + , is a complete
historyof durationL , that is, it is a pair (C; H ), where C is an occurrencesequencewith duration
� L , andH is a functionfrom[0; L ] to world states.In H (0) all propositionsaremappedto F, and
if t1 < t2 andH (t1) 6= H (t2) thentheremustbeanoccurrencee@twith t1� t� t2.
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We usethefollowing abbreviations: (A # t)(W), “A aftert in executionscenarioW”, to mean
thatthereis some� > 0 suchthat8t0 : t < t0 < t + � ) H (t0)(A) = T. (A " t)(W), “A beforet
in W” is similarly de�ned,but theupperboundfor t0 includest.

After we have describedhow we representthe changein the world, we statethe conditions
underwhichworldsof durationareconsistentwith agivensetof eventeffectsandexogenousevent
rules.To doso,wehaveto statetheconstraintsthattherules,thelocalprobabilisticmodels,impose
on stateevolution. For this de�nition we take theplangeneratedeventsthataretypically speci�ed
throughprojectrules,asgiven.

De�nition 2 If T is a setof rulesasde�nedabove, Exog is an occurrencesequence2, P is theset
of propositions,andL is a real number� duration (Exog), thenan L-Model of T and Exog is a
pair (U; M ), where U is a setof worldsof duration L such that 8(C; H ) 2 U : Exog � C, and
M is a probability measure on U that obeys thefollowing restrictions:(A#t), (A" t) ande@t are
consideredasrandomvariables.A is the“annihilation” of a conjunctionA, that is theconjunction
of thenegationsof theconjunctsof A.

1. Initial blank state:8A 2 P : M (A " 0) = 0.

2. Event-effectrules: If T containsa rule instance

e! p rule nameif A then with probability r event e causes B,

thenfor everydatet, require that, for all nonemptyconjunctionsC of literals fromB:
M (C#tje@t ^ A" t ^ B " t) = r:

3. Event-effect rules when the eventsdon't occur: SupposeB is an atomic formula, and let
R = f Ri g bethesetof all instancesof e! p ruleswhoseconsequentscontainB or : B . If
e! p rule Ri = if A i then with probability pi event E i causes Ci , thenlet D i = A i ^ Ci ,
ThenM (B #tjB " t ^ N ) = 1 andM (B #tj: B " t ^ N ) = 0 where N = (: E1@t _ : D1) ^
(: E2@t _ : D2) ^ :::.

4. Event-occurrencerules: For every time point t such that no occurrencewith date t is in
Exog andeveryeventE , such that there is exactlyoneinstance

p! e rule namewhile A with an avg spacing of d occurs E

with M (a" t) > 0 require

l im dt! 0
M (occ.of classE betweent andt+dtjA" t)

dt
= 1=d

l im dt! 0
M (occ.of classE betweent andt+dtj: A" t)

dt
= 0

2. Exog is anoccurrencesequence,which representstheeventsgeneratedby the interpretationof therobot's planand
modeledusingprojectionrules.
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if thereexistsnososuch rule, require

l im dt! 0
M (occ.of classE betweent andt+dt)

dt
= 0

5. Conditional independence:If oneof the previousclausesde�nesa conditionalprobability
M (� j� ), which mentionstimest, then� is conditionallyindependent,given� , of all other
randomvariablesmentioningtimeson or before t. That is, for arbitrary 
 mentioningtimes
onor before t, M (� j� ) = M (� j� ^ 
 ).

McDermott(1994)shows thatthisde�nition yieldsauniqueprobabilitydistributionM . He also
givesa proof that his projectionalgorithmdraws randomexecutionscenariossampledfrom this
uniqueprobabilitydistribution impliedby thegivenprobabilisticmodels.

4.2 Probabilistic Temporal Rulesfor PHAMs

In orderto predicttheevolutionof ahybrid system,wespecifyrulesin McDermott's rule language
that, given the stateof the systemand a time t, predict the successorstateat t. To predict the
successorstate,we mustdistinguishthreecases:�rst, a controlmodetransitionoccurs;second,an
exogenouseventoccurs;andthird, thesystemchangesaccordingto the�o w of thecurrentmode.

We will startwith therulesfor predictingcontrolmodejumps.To ensurethatmodetransitions
aregeneratedasspeci�ed by the probability distributionsover the successormodes,we will use
thepredicaterandomlySampledSuccessorMode(e,cm)andrealizearandomnumbergeneratorusing
McDermott's rule language.

randomlySampledSuccessorMode(e,cm)�
probRange(e;max) ^ r andomN umber(n; max)
^ j umpSuccessor(e;cm; r ange) ^ n 2 r ange

In orderto samplevaluesfrom probabilitydistributionswehaveto axiomatizearandomnumber
generatorthat assertsinstancesof the predicaterandomNumber(n,max)usedabove (seeBeetz&
Grosskreutz,2000).Wedothisby formalizingarandomizeevent.McDermott(1994)discussesthe
usefulnessof, andthe dif�culties in, realizingnondeterministicexclusive outcomes.Thereforein
his implementationheescapesto Lisp andusesa functionthatreturnsa randomelement.

Lemma 1 AtanytimepointrandomNumberhasexactlyoneextensionrandomNumber(r,max)where
r is anunbiasedrandombetween0 andmax.

Proof: Let max� be the largestprobRange extensionandrandomBit(i,value)the i-th randombit.
The startevent that causesthe initial statetimeline causesrandomBit(i,0)80 � i � logmax � .
Thereafter, a r andomize eventis usedto sampletheir value:

e! p rule RANDOMIZE

if randomBit(i,val)̂ negation(val,neg)
then with probability 0.5

event randomize
causes randomBit(i,neg) ^ clip randomBit(i,val)
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RuleMODE-JUMP causesacontrolmodetransitionassoonasthejumpconditioncondbecomes
true. The rule saysthat in any interval in which cm is the currentcontrol modeandin which the
jump conditioncond for leaving cm following edgeedge a jump alongedge will occurwith an
averagedelayof � timeunits.

p! e rule MODE-JUMP

while mode(cm)̂ jumpCondition(cm,cond,edge)
^ stateVarsVal( ~vals) ^ satis�es(vals,cond)

with an average spacing of � timeunits
occurs jump(edge)

Rule JUMP-EFFECTS speci�estheeffectsof an jump eventon thecontrolmode,systemvari-
ables,andthe �o w. If cm is a control moderandomlysampledfrom the probability distribution
oversuccessornodesfor jumpsalongedge thenthejumpalongedgehasthefollowing effects.The
valuesof thestatevariablesandthe�o w conditionof thepreviouscontrolmodecmold areretracted
andtheonesfor thenew controlmodecmareasserted.

e! p rule JUMP-EFFECTS

if randomlySampledSuccessorMode(edge,cm)
^ initialValues(cm,~val) ^ �owCond(cm, ~�ow) ^ now(t)
^ mode(cmold) ^ �ow(�ow old) ^ valuesAt(told,valold)

then with probability 1.0
event jump(edge)
causes mode(cm)̂ �ow( ~�ow) ^ valuesAt(transTime, ~val)

^ clip mode(cmold) ^ clip �ow(�ow old) ^ clip valuesAt(told,valold)

Time is advancedusingclock-tick events.With every CLOCK-TICK(?t) eventthenowpredicate
is updatedby clipping theprevious time andassertingthenew one. Note, the time differsat most
dtclocktimeunitsfrom theactualtime.

e! p rule CLOCK-RULE

if now(to)
then with probability 1.0

event clock-tick(t)
causes now(t)^ clip now(to)

Exogenouseventsare modeledusing rules of the following structure. When the navigation
processis in thecontrolmodecmandthevalues ~valsof thestatevariablessatisfytheconditionfor
theoccurrenceof theexogenouseventev, thentheeventev occurswith averagespacingof � time
units.

p! e rule CAUSE-EXO-EVENT

while mode(cm)̂ exoEventCond(cm,cond,ev)
^ stateVarsVal( ~vals) ^ satis�es(vals,cond)

with an average spacing of � timeunits
occurs exoEvent(ev)

824



PROBABILISTIC HYBRID ACTION MODELS

Theeffectsof exogenousevent rulesarespeci�ed by rulesof the following form. Theexoge-
nousevent exoEvent(ev) with effect speci�cationexoEffect(ev, ~val)) causesthe valuesof the state
variablesto changefrom ~valo to ~val.

e! p rule EXO-EVENT-EFFECT

if exoEffect(ev, ~val)) ^ valuesAt(to,valo) ^ now(t)
then with probability 1.0

event exoEvent(ev)
causes valuesAt(t,~val) ^ clip valuesAt(to, ~valo)

4.3 Propertiesof PHAMs

We have seenin the last sectionthat a PHAM consistsof the rulesabove anda setof factsthat
constitutethehybrid automatarepresentationof agivenCRP. In thissectionwe investigatewhether
PHAMsmake the“right” predictions.

Thereareessentiallythreepropertiesof predictedexecutionscenariosthatwe want to ensure.
First, predictedcontrol modesequencesareconsistentwith the speci�ed hybrid system.Second,
modejumpsarepredictedaccordingto thespeci�edprobabilitydistribution over successormodes.
Third, betweentwo successiveevents,thebehavior is predictedaccordingto the�o w of therespec-
tivecontrolmode.

As McDermott's formalismdoesnot allow for modelinginstantaneousstatetransitionswe can
only show thatcontrolmodesequencesin executionscenariosareprobablyapproximatelyaccurate.
In our view, this is a low price for the expressivenesswe gain throughthe availability of Poisson
distributedexogenousevents.

Thesubsequentlemma2 statesthatcontrolmodejumpscanbepredictedwith arbitraryaccuracy
andarbitrarilyhighprobabilityby decreasingthetimebetweensuccessiveclock ticks.

Lemma 2 For each probability � anddelay� , there existsa � (average delayof theoccurrenceof
aneventafter thetriggeringconditionhasbecometrue)anda dtclock (timebetweentwosubsequent
clock ticks)such thatwhenevera jumpconditionbecomessatis�ed,thenwith probability � 1 � � a
jumpeventwill occurwithin � timeunits.

Proof: Let t bethetime wherethejump conditionis ful�lled. If � � � =(2 log(1=�)) anddtclock�
� =2 thenatmost� =2 timeunitsaftert theantecedentof rule MODE-JUMP is ful�lled. Theprobabil-
ity thatnoeventof classj ump(cm0) occursbetweent+ � =2andt+ � is � e� � =(2� ) = e� log(1=� ) = � ,
sowith probability� 1 � � suchaneventwill occuratmost� timeunitsaftert.

�

This implies that thereis alwaysa non-zerochancethatcontrolmodesequencesarepredicted
incorrectly. It happensonly whentwo jump conditionsbecometrueandthejump triggeredby the
laterconditionoccurredbeforetheotherone.However, theprobabilityof suchincorrectpredictions
canbemadearbitrarily smallby thechoiceof � anddtclock.

Thebasicframework of hybrid systemsdoesnot take thepossibilityof exogenouseventsinto
accountandtherebyallows for proving strongsystempropertiessuchasthe reachabilityof goal
statesfrom arbitrary initial conditionsor safetyconditionsfor the systembehavior (Alur et al.,
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1997,1996). For the predictionof robot behavior in dynamicenvironmentstheseassumptions,
however, areunrealistic. Therefore,we only have a weaker property, namelythe correspondence
betweenthe predictedbehavior andthe �o ws speci�ed by the hybrid systembetweenimmediate
subsequentevents.

Lemma 3 Let W bean executionscenario,e1@t1 ande2@t2 betwo immediatesubsequentevents
of typejump or exoEvent, andcm bethecontrol modeafter t1 in W. Then,for everyoccurrence
e@t with t1 < t � t2 W(t)(stateVarVals( ~vals)) is unique. Further, ~vals = ~vals1 + (t - t1) *
�o w(cm), where ~vals1 are thevaluesof thestatevariablesat t1.

Proof: Thereareonly two classesof rulesthat affect the valueof valuesAtand�ow : rule JUMP-
EFFECTS, andrule EXO-EVENT-EFFECT. Theserulesalwaysclip andsetexactlyoneextensionof
the predicates,thustogetherwith the fact that the initial event assertsexactly onesuchpredicate,
thedeterminedvalueis unique.

Duringtheinterval betweent1 andt2 theextensionof stateVarValsevolvesaccordingto the�o w
conditionof modecm dueto thefactthat �ow is not changedby rule EXO-EVENT-EFFECT. Thus
it remainsasinitially setby rule JUMP-EFFECTS, which assertsexactly the �ow correspondingto
cm. Thepropositionthenfollows from theassumptionof a correctaxiomatizationof additionand
scalar-vectormultiplication.

�

Anotherimportantpropertyof our representationis that jumpsarepredictedaccordingto the
probabilitydistributionsspeci�edfor thehybrid automaton.

Lemma 4 Whenevera jumpalonganedgee occurs, thesuccessorstateis chosenaccording to the
probabilitydistribution impliedbyprobRangeandjumpSuccessor.

Proof: This follows from thepropertiesof therandomizeeventandRuleJump-Effects.

�

Using the lemmatawe canstateandshow the centralpropertiesof PHAMs: (1) the predicted
controlmodetransitionscorrespondto thosespeci�ed by thehybrid automaton;and(2) thesame
holdsfor thecontinuouspredictedbehavior betweenexogenousevents;(3) Exogenouseventsare
generatedaccordingto their probabilitiesover a continuousdomain(this is shown in McDermott,
1994).

Theorem1 Everysequenceof mode(cm) occasionsfollowsa branch (cmi ); :::; (cmj ) of thehy-
brid automaton.

Proof: Eachoccasionmode(cm)mustbe assertedby rule JUMP-EFFECTS. Thereforetheremust
havebeena jump(e)event.Consequently, theremusthavebeena jumpConditionfrom theprevious
controlmodeto cm.

�
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Becausejump eventsaremodeledasPoissondistributedeventsthereis alwaysthe chanceof
predictingcontrolmodesequencesthatarenot valid with respectto theoriginal hybrid system.So
next we will boundtheprobabilityof predictingsuchmodesequencesby choosingtheparameteri-
zationof thejumpeventandclock tick eventrulesappropriately.

Theorem2 For every probability � there existsan average delayof a modejump event � and a
delaydtclock with which the satisfactionof jump conditionsis realizedsuch that with probability
� 1 � � the ~vals of stateVarVals occasionsbetweentwo immediatesubsequentexogenousevents
follow a statetrajectoryof thehybridautomaton.

Proof: Theproof is basedon thepropertythatjumpsoccurin their correctorderwith anarbitrarily
high probability. In particular, we canchoose� asa functionof theminimal delaybetweenjump
conditionsbecomingtrue. Then,the jumpsto successormodesoccurwith arbitrarily high proba-
bility (Lemma2). Finally, accordingto Lemma3 thetrajectoryof stateVarVals betweentransitions
is accurate.

�

5. The Implementation of PHAMs

We have now shown that PHAMs de�ne probabilitydistributionsover possibleexecutionscenarios
with respectto a givenbelief state.Theproblemof usingPHAMs is obvious. Nontrivial CRPsfor
controlling robotsreliably requirehundredsof lines of code. Thereare typically several control
processesactive, many morearedormant,waiting for conditionsthat trigger their execution. The
hybrid automatafor suchCRPsarehuge,thebranchingfactorsfor modetransitionsareimmense.
Let alonethedistributionof executionscenariosthatthey mightgenerate.Theaccuratecomputation
of thisprobabilitydistribution is prohibitively expensive in termsof computationalresources.

Thereis a secondsourceof inef�ciency in the realizationof PHAMs. In PHAMs we have used
clock tick rules,Poissondistributedevents,that generateclock ticks with an averagespacingof
� time units. We have doneso, in order to formalize the operationof CRPsin a singleconcise
framework. Theproblemwith thisapproachis thatin ordertopredictcontrolmodejumpsaccurately
we must choose� to be very small. This, however, increasesthe numberof clock tick events
drasticallyandmakestheapproachinfeasiblefor all but themostsimplescenarios.

In orderto draw sampleexecutionscenariosfrom thedistribution implied by thecausalmodel
andtheinitial statedescriptionweuseanextensionof theXFRM projector(McDermott,1992b)that
employs the RPL interpreter(McDermott,1991)togetherwith McDermott's algorithmfor proba-
bilistic temporalprojection(McDermott,1994). The projectortakesasits input a CRP, rulesfor
generatingexogenousevents,asetof probabilisticrulesdescribingtheeffectsof eventsandactions,
anda (probabilistic)initial statedescription.To predict the effectsof low-level plansthe projec-
tor sampleseffectsfrom theprobabilisticcausalmodelsof the low-level plansandassertsthemas
propositionsto thetimeline.Similarly, whentheplanactivatesa sensor, theprojectormakesuseof
a modelof thesensorandthestateof theworld asdescribedby the timeline to predictthesensor
reading.

In thissectionweinvestigatehow wecanmakeeffectiveandinformativepredictionsonthebasis
of PHAMs that can be performedat a speedsuf�cient for prediction-basedonline plan revision.
To achieve effectivenesswe usetwo means.First, we realizeweaker inferencemechanismsthat
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arebasedon samplingexecutionscenariosfrom thedistribution implied by thecausalmodelsand
the initial statedescription. Second,we replacethe clock tick event mechanismwith a different
mechanismthatinferstheoccurrenceof controlmodejumpsandusesthepersist effect to generate
therespectivedelay. Wewill detailthesetwo mechanismsin theremainderof this section.

5.1 Projection with AdaptiveCausalModels

Let us �rst turn to the issueof eliminatingthe inef�ciencies causedby theclock tick mechanism.
Wewill dosoby replacingclock tick ruleswith amechanismfor tailoringcausalmodelson the�y
andusingthepersist effectsof theprobabilisticrule language.

For ef�ciency reasonsthe processof projectinga continuousprocessp is divided into two
phases.The �rst phaseestimatesa schedulefor endogenouseventscausedby p while consider-
ing possibleeffectsof p on otherprocessesbut not the effectsof the otherprocesseson p. This
scheduleis transformedinto a context-speci�c causalmodel tailored for the plan which is to be
projected.Thesecondphaseprojectstheplanp usingthemodelof endogenouseventsconstructed
in the �rst phase.This phasetakes into accountthe interferenceswith concurrenteventsandre-
visesthecausalmodelif situationsarisein which theassumptionsof theprecomputedscheduleare
violated.

Theprojectionmoduleusesa modelof thedynamicsystemthatspeci�esfor eachcontinuous
controlprocessthestatevariablesit changesandfor eachstatevariablethe�uents thatmeasurethat
statevariable.For example,considerthelow-level navigationplansthatsteadilychangetherobot's
position(that is thevariablesx andy). Theestimatedpositionof the robot is storedin the �uents
robot-xandrobot-y:

changes(low-level-navigation-plan,x)
changes(low-level-navigation-plan,y)
measures(robot-x,x)
measures(robot-y, y)

Extracting relevant conditions. Whentheprojectorstartsprojectinga low-level navigationplan
it computesthesetof pendingconditionsthatdependon robot-xandrobot-y, which arethe�uents
thatmeasurethestatevariablesof thedynamicsystemandarechangedby thelow-level navigation
plan.Theseconditionsareimplementedas�uent networks.

Fluentnetworksaredigital circuitswherethecomponentsof thecircuit are�uents. Figure12
showsa�uent network wheretheoutput�uent is true,if andonly if therobotis in roomA-120. The
inputsof thecircuit arethe�uents robot-xandrobot-yandthecircuit is updatedwhenever robot-x
androbot-ychange.

Our reactive plansaresetup suchthat the �uent networks that computeconditionsfor which
theplanis waitingcanbedeterminedautomaticallyusing(PROLOG-like) relationalqueries:

setof ?�-net ( �uent(?�) ^ status(?�,pending)
^ changes(low-level-nav-plan,?state-var)
^ measures(?state-var-�, ?state-var)
^ depends-on(?�,?state-var-�)
^ �uent-network(?�, ?�-net) )

?pending-�-nets
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robot-x

860.0

1265.0

robot-y

817.0

IN-A-120?

<

>

<

AND

Figure12: Fluentnetwork for beingin roomA-120. Therobotbelievesit is in roomA-120 if its
estimatedx-coordinateis between860 and1265andthe y-coordinateis smallerthan
817,wherethehallwaybegins.

This querydetermines?pending-�-nets, thesetof �uent networks?�-net suchthat?�-net is a net-
work with output �uent ?� . ?� causesa plan threadto pendanddependson a �uent measuring
a statevariable?state-varchangedby the low-level navigationplan. Theextractionof thesecon-
ditions is doneautomatically. The automaticextractionrequiresthe conditionsbe in a particular
form andthe effectsof low-level planson statevariablesandthe sensingof statevariablesto be
representedexplicitly.

To predictwhenthe�uent IN-A-120?will becometrueor false,wehave to computetheregion
in the statespacethat correspondsto the �uent andcomputethe intersectionsof the robot's state
trajectorieswith this region.

Endogenousevent schedules.For eachclassof continuousprocesseswe have to provide an en-
dogenouseventschedulerthat takesthe initial conditionsandtheparameterizationof theprocess,
andthe�uent networksthatmight betriggeredandcomputestheendogenouseventschedule.The
endogenouseventschedulerfor thelow-levelnavigationplansisdescribedin thenext section.Given
thekind of process(e.g.,low-level navigationplan),theprocessparameters(e.g.,thedestinationof
therobot),andthepending�uent networks,theschedulerreturnsasequenceof compositeendoge-
nousevents. Compositeeventsarerepresentedastriples of the form (� t, hsv1, ..., svn i , f ev1, ...,
evm g). � t is thedelaybetweentheith andthei+1st eventin theschedule,hsv1, ..., svn i thevalues
of thestatevariables,andf ev1, ..., evm g theatomiceventsthatareto takeplace.

If a statefor which the plan is waiting, becomestrue at a time instancet, thenat t a passive-
sensor-updateeventis triggered.passive-sensor-updateis aneventmodelthattakesasetof �uents
asits parameters,retrievesthe valuesof the statevariablesmeasuredby these�uents, appliesthe
sensormodelto thesevalues,andthensetsthe�uents accordingly.

A causal model of low-level navigation plans. Projectingthe initiation of the executionof a
navigation plan causestwo events: the start event and a hypotheticalcompletionevent after an
in�nite numberof timeunits.This is shown in thefollowing projectionrule.
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project rule LOW-LEVEL-NAVIGATION-PLAN

if true
with a delay of 0
occurs begin(low-level-nav-plan(?dest-descr, ?id, ?�uent)
with a delay of 1
occurs end(low-level-nav-plan(?dest-descr, ?id, ?�uent)

Theeffectruleof thestarteventof thelow-level navigationplancomputestheendogenousevent
scheduleandassertsthenext endogenousnavigationeventinto thetimeline.

e! p rule ENDOGENOUS-EVENTS

if endogenous-event-schedule(low-level-nav-plan(?dest-descr, ?schedule))
then with probability 1.0

event begin(low-level-nav-plan(?dest-descr, ?id, ?�uent))
causes predicted-events(?id,?schedule)

^ running(robot-goto(?descr, ?id))
^ next-nav-event(?id))

The occasionnext-nav-event(?id)triggersthe next endogenousevent begin(follow-path(?here
h?x,?yi ) ?dt?id)). Theremainingtwo conditionsdeterminetheparametersof thefollow-pathevent:
thenext scheduledeventandtherobot'sposition.

p! e rule CAUSE-EXO-EVENT

while next-nav-event(?id)
^ predicted-events(?id,((?dth?x,?yi ?evs)!?remaining-evs)
^ robot-loc(?here)

with an average spacing of 0.0001
occurs begin(follow-path(?here, h?x,?yi , ?dt,?id))

The effect rule of the begin(follow-path(...)) event speci�esamongotherthingsthat the next
endogenouseventwill occurafter?dt timeunits(persist ?dtsleeping(?id)).

e! p rule FOLLOW-PATH

if robot-loc(?coords)
then with probability 1.0

event begin(follow-path(?from,?to,?dt,?id))
causes running(follow-path(?from,?to,?dt,?id))

^ clip robot-loc(?coords)
^ clip next-nav-event(?id)
^ persist ?dtsleeping(?id)

If a runningfollow patheventhas�nished sleepingtheend(follow-path(...)) eventoccurs.

p! e rule TERMINATE-FOLLOW-PATH

while not sleeping(?id)
^ running(follow-path(?from,?to,?time, ?id))

with an average spacing of 0.0001
occurs end(follow-path(?from,?to,?time, ?id))
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Our modelof low-level navigationplanpresentedso far suf�ces aslong asnothingimportant
happenswhile carryingout the plan. However, supposethat an exogenousevent that causesan
objectto slip out of therobot's handis projectedat time instantt while therobot is in motion. To
predictthenew locationof theobjecttheprojectorpredictsthe locationl of therobotat thetime t
usingthecontrol�o w andassertsit in thetimeline.

Qualitative changesin the behavior of the robot causedby adaptationsof the travel mode
are describedthroughe! p -rules. The following e! p -rule describesthe effects of the event
nav-event(set-travel-mode(?n)), which representsthe low-level navigationplanresettingthe travel
mode:

e! p rule SET-DOORWAY-MODE

if travel-mode(?m)
then with probability 1.0

event nav-event(set-travel-mode(doorway))
causes clip travel-mode(?m)

^ clip obstacle-avoidance-with(sonar)
^ travel-mode(doorway)

The rule speci�es that if at a time instantat which an event nav-event(set-travel-mode(?n))
occursthestatetravel-mode(?m)holdsfor some?m, thenthestatestravel-mode(?m)andobstacle-
avoidance-with(sonar)will (with a probabilityof 1.0) not persistafter theeventhasoccurred,i.e.,
they areclippedby the event. The event causesthe statetravel-mode(doorway)to hold until it is
adaptednext time.

Theruleslistedabove arehand-codedandplan-speci�c.An investigationof whethertheplans
canbecodedsuchthattherulespeci�cationcanbeautomatedis onouragendafor futureresearch.

5.2 EndogenousEvent Scheduler

We have just shown how eventsare projectedfrom a given endogenousevent schedule,but we
havenotshown how thescheduleis constructed.Thus,this sectiondescribestheendogenousevent
schedulerfor low-level navigation plans. The schedulerpredictsthe effectsof the low-level nav-
igation plan on the statevariablesx andy. The endogenousevent schedulerassumesthe robot is
following a straightpathbetweenlocations1 to 5. As we have pointedout earlier, therearetwo
kindsof eventsthatneedto bepredicted:theonescausingqualitativephysicalchangeandtheones
causingthetrigger conditionsthattheplanis waiting for.

The qualitative eventscausedby the low-level navigation plan picturedin Figure13 are the
onesthat occurwhenthe robot arrivesat the locations1, 2, 3, 4, and5 in which the robot either
changesits travel modeor arrivesat its destination.For eachof thesetime instantstheoccurrence
of aset-travel-mode-eventis predicted.

The schedulerfor triggeringeventsworks in two phases:(1) it transformsthe �uent network
into a conditionthat it is ableto predictand(2) it appliesanalgorithmfor computingwhenthese
eventsoccur. The conditionsthat arecausedby the low-level navigation plan canbe represented
asregionsin theenvironmentsuchthat theconditionis true if andonly if the robot is within this
region. Theelementaryconditionsarenumericconstraintson therobot'spositionor thedistanceof
therobotto agiventargetpoint. Theschedulerassumesthatrobot-xandrobot-yaretheonly �uents
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in thesenetworksthatchangetheir valueduringtheexecutionof theplan.Morecomplex networks
canbeconstructedasconjunctionsanddisjunctionsof theelementaryconditions.
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Figure13: Initially predictedendogenousevents.

In thenext steptheendogenouseventscheduleroverlaysthestraightline paththroughthe in-
termediategoalpointsof thetopologicalnavigationpath(seeFigure7) with theregionscomputed
in thepreviousstep. It thencomputesa schedulefor theendogenouseventsby following thenav-
igation path and collecting the intersectionswith the regions (seeFigure 13). The result of the
schedulingstepis asequenceof triplesof theform (� ti , hxi , yi i , f ev1, ..., evng).
Reschedulingendogenousevents.Oneproblemthatour temporalprojectorhasto dealwith is that
await for stepmightbeexecutedwhile a low-level navigationplanis projected.For example,when
therobotentersthehallway, thepolicy thatlooksfor theopeninganglesof doorswhenpassingthem
is triggered.Therefore,thecausalmodelthatwascomputedby theendogenouseventscheduleris
no longersuf�cient. It fails to predictthe“passingadoor” events.

Theseproblemsarehandledby modifying theendogenouseventschedule:whenever therobot
startswaiting for a conditionthatis a functionof therobot's position,it interruptstheprojectionof
thelow-level navigationplan,adaptsthecausalmodelof thelow-level navigationplan,andcontin-
ueswith theprojection.In thecaseof enteringthehallway, a new endogenouseventschedulethat
containsendogenouseventsfor passingdoorwaysis computed.This updatedscheduleof endoge-
nouseventsis picturedin Figure14.

5.3 Projecting ExogenousEvents,PassiveSensorsand ObstacleAvoidance

Onetype of exogenousevent is an event for which we have additionalinformationaboutits time
of occurrence,suchastheevent thatDieterwill bebackfrom luncharound12:25. Thesekindsof
eventsarerepresentedby a p! e rule togetherwith ane! p rule. Thee! p rule speci�esthatthe
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Figure14: Modi�ed endogenouseventschedule.

start eventcausesthestatebefore-dieters-door-opens()to holdandpersistfor ?timetimeunits.The
eventdieters-door-opens()is triggeredassoonasbefore-the-door-opens()no longerholds.

e! p rule BACK-FROM-LUNCH

if about(?time, 12:25)^ difference(?time, *now*, ?wait-for))
then with probability 1.0

event start
causes persist ?wait-forbefore-the-door-opens

p! e rule DOOR-OPENS

while thnot before-the-door-opens
with an average spacing of 0.0001
occurs dieters-door-is-opened

In orderto predictthe occurrenceof exogenousevents,the plan projectordoesthe following.
It �rst computesthe time whenthe robot will causethe next event enext . Let us assumethat this
event occurst time units after the last event elast andthat c is the strongestconditionthat holds
from elast until enext .3 The following algorithm predictsthe occurrenceof the next exogenous
eventaccurately. First, for every p! e rule r i whoseenablingconditionis satis�edby c randomly
decidewhetherei will occur betweenelast and enext basedon the averagetemporalspacingof
ei events in situationswherec holds. If ei is predictedto occur, selectits occurrencetime by
randomlyselectinga time instantin thetime interval betweenelast andenext (theexogenousevents

3. The caseswhereenablingconditionsof exogenouseventsarecausedby the continuouseffectsbetweenelast and
enext arehandledanalogouslyto theachievementof triggeringconditions.
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arePoissondistributed).Selecttheexogenousevent that is predictedto occurtheearliest,assertit
to thetimeline,andcontinuetheprojectionaftertheoccurrenceof thisevent.

The last two componentswe needto describearepassive sensors,which aresteadilyupdated
anddonotchangethecon�gurationof therobotandthebehavior of thecollisionavoidanceroutines.

Readingsof passive sensorsonly needto be projectedif the measuredstatevariableschange
signi�cantly or if the statevariablestraversevaluesthat satisfyconditionsfor which the robot is
waiting. For eachof thesesituationsthereis anupdate-passive-sensorsevent.

Collision avoidanceis not modeledexceptin situationsin which therobotis told aboutobjects
thataremovedaround.In this casetheendogenouseventscheduleraddsa region correspondingto
theobject. If theregion blockstheway to thedestination— that is therobotcannotmove around
the region — thena possible-bump-event is generated.The effect rule for a possiblebump event
speci�esthat, if therobothasactivatedsensorsthatcandetecttheobject,the low-level navigation
plan fails with a failure description“path blocked.” Otherwisea bump event is generated.For
example,sincesonarsensorsare the only sensorsplacedat tableheight, the collision avoidance
modulecanavoid a collision with a tableonly if the sonarsensorsareactive. Thus,to predicta
bump,theprojectorhasto determinehow long thesonarsensorshave beenswitchedoff beforethe
possiblebumpeventoccurs.

5.4 Modelsof ComplexSensingActions

To understandhow othertypesof uncertaintycanbemodeledandhow thecausalmodelsinteract
with theplaninterpretationlet uslook atamorecomplex sensingactionrealizedthroughalow-level
planlook-for. Thesub-planis calledwith avisualdescription(?pl) of objectsit is supposedto look
for.

Typically, in orderto modela low-level planwe needa setof projectionrulesthatprobabilis-
tically describethepossibleeventsequencesandoutcomeswhenactivatinga behavior module.In
eachsituationexactly oneprojectionrule is applied(althoughthedecisionaboutwhich onemight
beprobabilistic).

Oneof theseprojectionrules for look-for is listed below. The modelconsistsof threeparts.
The�rst part(line 1 to 7) speci�estheconditionunderwhich this rule predictsthebehavior of the
look-for correctly. The secondpart (lines 8 to 11) lists the eventsthat look-for will causeif this
rule is applicable.Finally, the last line speci�eshow the low-level plansignalsthecompletionof
its interpretation.In our case,the low-level plansucceedsandreturnsa list of objectdescriptions
(?desigs) asits value.

Theconditionof theprojectionrule determineswheretherobotis (1), probabilisticallydecides
whetherthelook-for is “normal” basedonthecamerausedandthespeci�csof thelocation(2), and
inferswhatobjectsarelocatedthere(3). This inferenceis performedbasedon the robot's proba-
bilistic belief aboutthestateof theworld andthepredictedexogenousevents.Theconditionthen
usesthe sensormodelfor the camerain orderto decideprobabilisticallyhow the robot perceives
eachobject. For eachobject that is perceived asmatchingthe perceptualdescription?pl a local
designator?desigis createdandcollectedin the variabledesigs. The last condition(7) estimates
thetime?dtafterwhichthelook-forbehavior completes.Uponcompletionof thelook-forbehavior
theprojectedinterpretationprocesssendsa successsignalwith thereturnvalue?desigsasits argu-
ment.Theprojectedbehavior consistsof threeevents:two thatchangetheworld begin(look-for(?pl,
?cam))andend(look-for(?pl,?cam)), which occurs?dt later. The third eventchangesthecompu-
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project rule look-for(?pl,?cam)
(1) if ( loc(robot,h?x,?yi )
(2) ^ normal-look-for-behavior(?cam,?loc)
(3) ^ setof ?obloc(?ob,h?x,?yi ) ?obs-here
(4) ^ sensor-model(?cam,?sensor-model)
(5) ^ features(?pl,?features)
(6) ^ setof ?desig

( member(?ob,?obs-here)
^ obj-seen(?ob,?sensor-model)
^ perceived-properties(?ob,?features,?sensor-model,?pl)
^ local-desig(?desig,?ob,?pl,?x,?y))

?desigs
(7) ^ look-time(h?x,?yi , ?features,?dt))
(8) with a delay of 0 occurs mode transition begin(look-for(?pl,?cam))
(9) with a delay of ?dt occurs mode transition end(look-for(?pl,?cam))
(10) with a delay of 0 occurs trigger �uent visual-inputs-�uent(?cam)
(11) with a delay of 0 occurs set �uent obs-pos-�uent ?seen)
(12) with a delay of 0 occurs succeed ?desigs

Figure15: A projectionruledescribingthebehavior modulelook-for.

tationalstateof thestructuredreactive controllerafterpassing?dt time units. This eventpulsesthe
�uent visual-inputs-�uent(?cam)andsetsthe�uent obs-pos-�uent(?cam).

Besidesassertingthe eventsthat take placeduring the executionof a plan we have to specify
how theseeventschangethe world. This is doneby usingeffect rules. Oneof themis shown in
Figure! 16. The rule speci�es that if at a time instantat which an event end(look-for(?pl,?cam))
occursthe statevisual-track(?desig, ?ob) holds for some?desigand?ob, then the statesvisual-
track(?desig, ?ob)will not (with a probabilityof 1.0) persistaftertheeventhasoccurred,i.e., they
areclippedby theevent.

e! p rule VISUAL-TRACKING

if visual-track(?desig, ?ob)
then with probability 0.9

event end(look-for(?pl,?cam))
causes clip visual-track(?desig, ?ob))

Figure16: An e! p ruledescribingtheeffectsof theeventend(look-for(?pl,?cam)).

5.5 Probabilistic Sampling-basedProjection

So far we have looked at the issueof ef�ciently predictingan individual executionscenario.We
will now investigatethe issueof drawing inferencesthatareusefulfor planningbasedon sampled
executionscenarios.
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Recently, probabilisticsampling-basedinferencemethodshavebeenproposedto infer informa-
tion from complex distributionsquickly andwith boundedrisk (Fox, Burgard,Dellaert,& Thrun,
1999;Thrun,2000).We will now discusshow we canusesampling-basedprojectionfor anticipat-
ing likely �a wswith highprobability.

Advantagesof applyingprobabilisticsampling-basedprojectionto thepredictionof theeffects
of CRPsarethatit worksindependentlyof thebranchingfactorof themodesof thehybrid automaton
andthatit only constructsasmallpartof thecompletePHAM.

But what kinds of prediction-basedinferencescanbe drawn from samplesof projectedexe-
cution scenarios?The inferencethat we found mostvaluablefor online revisionsof robot plans
is: do projectedexecutionscenariosdrawn from this distribution satisfya givenpropertyp with a
probabilitygreaterthan� ? A robotactionplannercanusethis typeof inferenceto decidewhether
or not it shouldrevise a plan to eliminatea particularkind of �a w: it shouldrevise the plan if it
believesthatthe�a w's likelihoodexceedssomethresholdandignoreit otherwise.Of course,such
inferencescanbedrawn basedonsamplesonly with acertainrisk of beingwrong.Supposewewant
theplannerto classifyany �a w with probabilitygreaterthan� asto beeliminatedandto ignoreany
�a w lesslikely than� . Weassumethat�a wswith probabilitybetween� and� haveno largeimpact
ontherobot'sperformance.How many executionscenariosshouldtheplanrevisionmoduleproject
in orderto classify�a wscorrectlywith aprobabilitygreaterthan95%?

A mainfactorthatdeterminestheperformanceof sample-basedpredictive �a w detectionis the
�aw detector. A �a w detectorclassi�esa �a w asto beeliminatedif theprobabilityof the�a w with
respectto the robot's belief stateis greaterthana given thresholdprobability � . A �a w detector
classi�esa �a w ashallucinatedif theprobabilityof the�a w with respectto therobot's belief state
is smallerthana given threshold� . So far we do not considerthe severity of �a ws, which is an
obviousextension.Typically, wechoose� startingat50%and� smallerthan5%.

Speci�c �a w detectorscanbe realizedthat differ with respectto (1) the time resourcesthey
require;(2) thereliability with which they detect�a ws thatshouldbeeliminated;and(3) theprob-
ability thatthey hallucinate�a ws. Thatis, they signala �a w thatis sounlikely thateliminatingthe
�a w woulddecreasetheexpectedutility.

To be morepreciseconsidera �a w f that occursin the distribution of executionscenariosof
a givenscheduledplanwith respectto theagent's belief statewith probabilityp. Further, let Xi (f)
representtheeventthatbehavior �a w f occursin theith executionscenario:X i (f ) = 1, if f occurs
in theith projectionand0 otherwise.

TherandomvariableY(f,n) =
P n

i=1 Xi (f) representsthenumberof occurrencesof the�a w f in
n executionscenarios.De�ne a probableschedule�a w detectorDET suchthat DET(f,n,k) = true
iff Y(f,n) � k, which meansthat thedetectorclassi�esa �a w f asto beeliminatedif andonly if f
occursin at leastk of n randomlysampledexecutionscenarios.ThusDET(f,n,k)worksasfollows.
It �rst projectsn executionscenarios.Thenit countsthenumberof occurrencesof the�a w f in the
n executionscenarios.If it is greateror equalto k thentheDET(f,n,k)returnstrue,falseotherwise.

Now thatwe have de�ned theschedule�a w detector, we cancharacterizeit. Sincetheoccur-
renceof schedule�a ws in randomlysampledexecutionscenariosareindependentfrom eachother,
thevalueof Y(f) canbedescribedby thebinomialdistributionb(n,p). Usingb(n,p)wecancompute
thelikelihoodof overlookingaprobableschedule�a w f with probabilityp in n executionscenarios:

P(Y (f ) < j ) =
j � 1X

k=0

�
n
k

�
� pk � (1 � p)n� k
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Prob. of Flaw �
50% 60% 70% 80% 90%

DET(f,3,2) 50.0 64.8 78.4 89.6 97.2
DET(f,4,2) 68.8 81.2 91.6 97.3 99.6
DET(f,5,2) 81.2 91.3 96.9 99.3 99.9

Figure17: Thetableshowstheprobabilityof the�a w detectorsDET(f,i,2) detecting�a wsthathave
theprobability� = 50%,60%,70%,80%,and90%.

Figure17 shows the probability that the �a w detectorDET(f,n,2) for n = 3,...,5will detecta
schedule�a w with probability� . Theprobabilitythatthedetectorsclassify�a ws lesslikely than�
asto beeliminatedis smallerthan2.3%(for all n� 5).

Whenusingtheprediction-basedschedulingasacomponentin thecontrollerof therobotof�ce
courierwetypically useDET(f,3,2), DET(f,4,2), andDET(f,5,2)for thedifferentexperiments,which
meansa detected�a w is classi�ed as probableif it occursat least twice in three, four, or � ve
detectionreadings.

Figure18 shows the numberof necessaryprojectionsto achieve � = 95% accuracy. For a
detaileddiscussionseethework of Beetzetal. (1999).

�
1% 10% 20% 40% 60% 80%

� = :1% 1331 100 44 17 8 3
� = 1% ? 121 49 17 8 3
� = 5% ? 392 78 22 9 3

Figure18: Thetablelists thenumberof randomlysampledprojectionsneededto differentiatefail-
ureswith an occurrenceprobability lower than � from thosethat have a probability
higherthan� with anaccuracy of 95%.

Theprobabilisticsampling-basedprojectionmechanismbecomesextremelyusefulfor improv-
ing robotplansduringtheir executiononcetheexecutionscenarioscanbesampledfastenough.At
the momenta projectiontakesa coupleof seconds.The overheadis mainly causedby recording
the interpretationof RPL plansin a mannerthat is far too detailedfor our purposes.Througha
simpli�cation of themodelswe expectanimmediatespeedup of up to oneorderof magnitude.It
seemsthatwith aprojectionfrequency of about100Hz onecouldstarttacklinganumberof realistic
problemsthatoccuratexecutiontimecontinually.

6. Evaluation

We have validatedour causalmodelof low-level navigation plansand their role in of�ce deliv-
ery planswith respectto computationalresourcesandqualitative predictionresultsin a seriesof
experiments.
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6.1 Generality

PHAMs arecapableof predictingthebehavior generatedby �e xible planswritten in planexecution
languagessuchas RAP (Firby, 1987) and PRS(Myers, 1996). To do so, we codethe control
structuresprovided by theselanguagesasRPL macros.To the bestof our knowledgePHAMs are
the�rst realisticsymbolicmodelsof thesequencinglayerof 3T architectures,themostcommonly
usedsoftwarearchitecturesfor controlling intelligent autonomousrobots(Bonassoet al., 1997).
Thesearchitecturesrunplanningandexecutionatdifferentsoftwarelayersanddifferenttimescales
wherea sequencinglayer synchronizesbetweenboth layers. Eachlayer usesa different form of
plan or behavior speci�cation language.The planninglayer typically usesa problemspaceplan,
the executionlayer employs feedbackcontrol routinesthat canbe activatedanddeactivated. The
intermediatelayer typically usesa reactive planlanguage.Theuseof PHAMs enables3T planning
systemsto makemorerealisticpredictionsof therobotbehavior thatis generatedfrom theirabstract
plans.PHAMs arealsocapableof modelingdifferentarbitrationschemesandsuperpositionsof the
effectsof concurrentcontrolprocesses.

Thecausalmodelsproposedherecomplementthoseintroducedby Beetz(2000).He describes
sophisticatedmodelsof objectrecognitionandmanipulationthat allow for the predictionof plan
failuresincludingthosethatarecausedby therobotoverlookingorconfusingobjects,objectschang-
ing their locationandappearance,andfaulty operationof effectors.Thesemodels,however, were
givenfor asimulatedrobotactingin agrid world. In thisarticle,wehaverestrictedourselvesto the
predictionof behavior generatedby modernautonomousrobot controllers. Unfortunately, object
recognitionandmanipulationskills of currentautonomousservicerobotsarenot advancedenough
for actionplanning. On the otherhand,it is clear that actionplanningcapabilitiespay off much
betterif robotsmanipulatetheirenvironmentsandthereis arisk of manipulatingthewrongobjects.

6.2 Assumptionsand Restrictions

Thecontrol problemfor autonomousrobotsis to generateeffective andgoal-directedcontrol sig-
nals for the robot's perceptualand effector apparatuswithin a feedbackloop. Plan-basedrobot
control is a specializationof this controlproblem,in which therobotgeneratesthecontrolsignals
by maintainingandexecutinga planthatis effective andhasa high expectedutility with respectto
the robot's dynamicallychangingbelief state. This problemis so generalthat we cannothopeto
solve it in this form.

In ComputerScienceit is commonto characterizethecomputationalproblemsa programcan
solve throughthe languagein which the input for the programis speci�ed. For example,we dis-
tinguishcompilersfor regularandcontext-freeprogramminglanguages.Thesameis truefor plan-
basedcontrol of agents. Typically, planningproblemsare describedin termsof an initial state
description,a descriptionof theactionsavailablefor theagents,their applicabilityconditionsand
effects,andadescriptionof thegoalstate.

The threecomponentsof planningproblemsaretypically expressedin someformal language.
The problemsolving power of the planningsystemsis characterizedby the expressivenessof the
languagesfor thethreeinputs.Someclassesof planningproblemsareentirelyformulatedin propo-
sitional logic while othersare formulatedin �rst order logic. We further classify the planning
problemswith respectto the expressivenessof the action representationsthat they use; whether
they allow for disjunctive preconditions,conditionaleffects,quanti�ed effects,andmodelresource
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consumption.Someplanningsystemsevensolve planningproblemsthatinvolve differentkindsof
uncertainty.

In contrast,SRCsusemethodsthatmakestrongassumptionsaboutplansto simplify thecompu-
tationalproblems.As a consequence,SRCs canapplyreliableandfastalgorithmsfor theconstruc-
tion andinstallmentof sub-plans,the diagnosisof plan failures,andfor editing sub-plansduring
their execution. Making assumptionsaboutplansis attractive becauseplanningalgorithmscon-
structandrevisetheplansandcantherebyenforcethattheassumptionshold.

In a nutshell,the setof plansthat an SRC generatesis the re�exive, transitive closureof the
routineplanswith respectto theapplicationof plan revision rules. Thus,to enforcethatall plans
haveapropertyQ it is suf�cient thattheroutineplanssatisfyQandthattherevisionrulespreserveQ.
Thesepropertiesmake it particularlyeasyto reasonabouttheplanswhile theplanscanstill specify
thesamerangeof concurrentpercept-drivenbehavior thatRPL can.Thepropertiesof plansthatplay
animportantrole in this articlearetheir generality, �e xibility , andreliability. Thesepropertiesare
achievedthroughcarefuldesignandhand-coding.As a consequenceplangenerationandrevision
canbeperformedby programmedheuristicrules. We believe, however, that suchplansandrules
canbelearnedfrom experience.

Wemaketwo otherimportantassumptions.First,weassumethatthetasksandtheenvironment
is benignandthereforebehavior �a ws do not resultin disasters.This is important,becauserobots
mustmake errorsin orderto learnthecompetentperformanceof tasksfrom experience.And only
if theplanneris allowedoccasionallyto proposeworseplanswe canapply fastplanningmethods
basedonMonteCarlomethodsto improve theaverageperformanceof therobot.

Anotherdesigndecisionis thatwedonotexplicitly representthebeliefstateof therobot,thatis
theprobabilitydistributionsover thevaluesof thestatevariables.This, however, doesnot needto
imply thatwecannotreasonaboutinaccuraciesanduncertaintiesof therobot'sestimateof theworld
state. Beetzet al. (1998)describehow to coupleplan-basedhigh-level control with probabilistic
stateestimation.In this articlethestateestimatorautomaticallycomputesandsignalspropertiesof
thebelief statesuchastheambiguityandinaccuracy of stateestimatesto theplan-basedcontroller.
Theplan-basedcontroller, on theotherhand,usesthesesignalsin orderto decidewhento interrupt
its missionsto re-localizetherobot.

6.3 ScalingUp

Thecausalmodelsthatwe have describedin Section5 have beenusedfor executiontime planning
for arobotof�ce courier. Theplansthathavebeenprojectedweretheoriginalplansfor thisapplica-
tion andtypically severalhundredsof codelineslong. Theprojectedexecutionscenarioscontained
hundredsof events. Becausetheprojectionof singleexecutionscenarioscancostup to a second,
robotsmustreviseplansbasedonvery few samples.Thus,therobotcanonly detectprobable�a ws
with high reliability.

The computationalresourcesare mainly consumedby bookkeepingmechanismsthat record
the computationalstateof the robot at any time instantrepresentedin the executionscenarioand
not by the mechanismsproposedin this article. The recordedcomputationalstateis usedby the
planningmechanismsin orderto diagnosebehavior �a ws thatarecausedby discrepanciesbetween
the computationalstateof the robot and the stateof the environment. The ability to reconstruct
regularly updated�uent valuesis computationallyvery costly. We intendto provide programming
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constructsthat let programmersdeclarethe partsof the computationalstatethat areirrelevant for
planninganddonotneedto berecorded.

Even with this severe limitation we wereable to show that with this preliminary implemen-
tation the robot canoutperformcontrollersthat lack predictive capabilities. The main sourceof
inef�ciency is the bookkeepingneededto reconstructthe entire computationalstateof the plan
for any predictedtime instant,an issuethat we have not addressedin this article. Using a more
parsimoniousrepresentationof thecomputationalstateweexpectdrasticperformancegains.

6.4 Qualitati vely Accurate Predictions

Projectingtheplan listed in Figure7 generatesa timeline that is about300eventslong. Many of
theseeventsaregeneratedthroughreschedulingtheendogenousevents(21times).Figure19shows
thepredictedendogenousevents(denotedby thenumberedcircles)andthebehavior generatedby
thenavigationplanin 50runsusingtherobotsimulator(weassumethattheexecutionis interrupted
in room A-111 becausethe robot realizesthat the deadlinecannot be achieved). The qualitative
predictionsof behavior relevantfor plandebuggingareperfect.Theprojectorpredictscorrectlythat
therobotwill exploit theopportunityto go to location5 while goingfrom location1 to 9.

A�111

A�118

A�117

1

2

4

5

6

9

3

7

8

Figure19: The �gure shows the trajectoriesof multiple executionsof thenavigationplanandthe
eventsthatarepredictedby thesymbolicplanprojector.

6.5 Prediction-basedPlan Debugging

Beetz(2002aand2000)describesexperimentsshowing thatprediction-basedplandebuggingcan
improve theperformanceof robotcontrollerssubstantially.
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7. RelatedWork

PHAMs representexternal events,probabilisticaction models,action modelswith rich temporal
structure,concurrentinteractingactions,andsensingactionsin thedomainof autonomousmobile
robot control. Therearemany researchefforts that formalizeandanalyzeextendedactionrepre-
sentationsanddevelop predictionandplanningtechniquesfor them. We know, however, only of
approachesthataddresssubsetsof theaspectsaddressedby our representation.Relatedwork com-
prisesresearchonreasoningaboutactionandchange,probabilisticplanning,numericalsimulation,
andqualitative reasoning.

Reasoningabout action and change. Allen andFerguson(1994)give anexcellentanddetailed
discussionof importantissuesin therepresentationof temporallycomplex andconcurrentactions
andevents.Oneimportantpoint thatthey make is thatif actionshave interferingeffectsthen,in the
worstcase,causalmodelsfor all possiblecombinationsof actionsmustbeprovided. In this paper,
wehaverestrictedourselvesto onekind of interferencebetweenactions:thetranspositionof move-
mentswhich is thedominantkind of interferencein physicalrobotbehavior. In theirarticlethey do
not addressthe issuesof reasoningunderuncertaintyandef�ciency with respectto computational
resources.

A substantialamountof work hasbeendoneto extendthesituationcalculus(McCarthy, 1963)
to dealwith time andcontinuouschange(Pinto,1994;Grosskreutz& Lakemeyer, 2000a),exoge-
nous(natural)actions(Reiter, 1996),complex robot actions(plans)(Levesqueet al., 1997; Gia-
comoet al., 1997)usingsensingto determinewhichactionto executenext (Levesque,1996;Lake-
meyer, 1999)aswell asprobabilisticstatedescriptionsandprobabilisticactionoutcomes(Bacchus,
Halpern,& Levesque,1999;Grosskreutz& Lakemeyer, 2000b).Themaindifferenceto ourwork is
thattheir representationis morelimited with respectto thekindsof eventsandinteractionsbetween
concurrentactionsthey allow. In particular, weknow of noeffort to integrateall of theseaspects.

Someof the mostadvancedapproachesin this areaare formalizationsof variousvariantsof
the high-level robot control languageGOLOG, in particularCONGOLOG (Giacomoet al., 1997).
Boutilier, Reiter, Soutchanski,andThrun (2000)have applieddecisiontheoreticmeansfor opti-
mally completinga partially speci�ed GOLOG program. A key differenceis that in the GOLOG

approachthe formalizationincludestheoperationof theplan languagewhereasin our approacha
proceduralsemanticsrealizedthroughthehigh-level projectoris used.

Hanks,Madigan,andGavrin (1995)presentaveryinterestingandexpressiveframework for rep-
resentingprobabilisticinformation,andexogenousandendogenouseventsfor medicalprediction
problems.Becauseof their applicationdomainthey do not have to addressissuesof sophisticated
percept-drivenbehavior asis donein thisarticle.

Extensionsto ClassicalAction PlanningSystems. Planningalgorithms,suchasSNLP (McAllester
& Rosenblitt,1991),have beenextendedin variouswaysto handlemoreexpressive actionmod-
els anddifferentkinds of uncertainty(aboutthe initial stateand the occurrenceandoutcomeof
events)(Kushmerick,Hanks,& Weld, 1995;Draper, Hanks,& Weld, 1994;Hanks,1990). These
planningalgorithmscomputeboundsfor the probabilitiesof plan outcomesandarecomputation-
ally very expensive. In addition,decision-theoreticactionplanningsystems(seeBlythe, 1999,for
a comprehensive overview) have beenproposedin order to determineplanswith the highest,or
at least,suf�ciently high expectedutility (Haddawy & Rendell,1990; Haddawy & Hanks,1992;
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Williamson& Hanks,1994). Theseapproachesabstractaway from the rich temporalstructureof
eventsby assumingdiscreteatomicactionsandignorevariouskindsof uncertainty.

Planningwith actionmodelsthathave rich temporalstructurehasalsobeeninvestigatedinten-
sively (Allen, Kautz,Pelavin, & Tenenberg, 1990;Dean,Firby, & Miller, 1988). IxTeT (Ghallab
& Laruelle,1994) is a planningsystemthat hasbeenappliedto robot control andreasonsabout
the temporalstructureof plansto identify interferencesbetweenplanstepsandresourcecon�icts.
Theplanner/schedulerof theRemoteAgent(Muscettolaet al., 1998b)plansspacemaneuversand
experimentsbasedon rich temporalcausalmodels(Muscettolaet al., 1998a;Pell et al., 1997). A
goodoverview of theintegrationof actionplanningandschedulingtechnologycanbefoundin an
overview articleby Smith,Frank,andJonsson(2000).Sofar they haveconsidereduncertaintyonly
with respectto thedurationsof actions.

Kabanza,Barbeau,andSt-Denis(1997)modelactionsandbehaviorsasstatetransitionsystems
andsynthesizecontrolrulesfor reactiverobotsfrom thesedescriptions.Theirapproachcanbeused
to generateplansthatsatisfycomplex time, safety, andlivenessconstraints.Theseapproachestoo
arelimited with respectto the temporalstructureof the(primitive) actionsbeingmodeledandthe
kindsof interferencesbetweenconcurrentactionsthatcanbeconsidered.

MDP-basedplanning approaches. In recentyearsMDP (Markov decisionprocess)planninghas
becomea very active research�eld (Boutilier, Dean,& Hanks,1998; Kaelbling, Cassandra,&
Kurien,1996).In theMDP approachrobotbehavior is modeledasa �nite stateautomatonin which
discreteactionscausestochasticstatetransitions. The robot is rewardedfor reachingits goals
quickly andreliably. A solutionfor suchproblemsis a policy, a mappingfrom discretizedrobot
statesinto, often�ne-grained,actions.

MDPs form anattractive framework for actionplanningbecausethey usea uniformmechanism
for actionselectionanda parsimoniousproblemencoding.Theactionpoliciescomputedby MDPs
aim at robustnessandoptimizingtheaverageperformance.A numberof researchershave success-
fully considerednavigation asan instanceof Markov decisionproblems(MDPs) (Burgard et al.,
2000;Kaelblingetal., 1996).

Oneof themainproblemsin theapplicationof MDP planningtechniquesis to keeptheproblem
encodingsmallenoughsothattheMDPs arestill solvable.A numberof techniquesfor complexity
reductioncanbefound in thearticlewritten by Boutilier et al. (1998). Yet, it is still very dif�cult
to solve big planningproblemsin the MDP framework unlessthe stateandactionspacesarewell
structured.

Besidesreducingthecomplexity of specifyingmodelsfor, andsolvingMDP problems,extend-
ing the expressivenessof MDP formalismsis a very active researcharea. SemiMarkov decision
problems(Bradtke & Duff, 1995;Sutton,Precup,& Singh,1999)adda notionof continuoustime
to thediscretemodelof changeusedin MDPs: transitionsfrom onestateto anotheroneno longer
occurimmediately, but accordingto a probabilitydistribution. Othersinvestigatemechanismsfor
hierarchicallystructuringMDPs (Parr & Russell,1998),decomposingMDPs into looselycoupled
sub-problems(Parr, 1998), and making them programmable(Andre & Russell,2001). Rohani-
maneshand Mahadevan (2001)proposean approachfor extendingMDP-basedplanningto con-
currenttemporallyextendedactions. All theseefforts arestepstowardsthe kind of functionality
providedin thePHAM framework. Anotherrelationshipbetweentheresearchreportedhereandthe
MDP researchis thatthenavigationroutinesthataremodeledwith PHAMs areimplementedon top
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of MDP navigationplanning. Belker, Beetz,andCremers(2002)usethe MDP framework to learn
actionmodelsfor theimprovedexecutionof navigationplans.

The applicationof MDP basedplanningto reasoningaboutconcurrentreactive plansis com-
plicatedby thefact that, in general,any activationandterminationof a concurrentsub-planmight
requirea respectivemodi�cation of thestateandactionspaceof theMDP.

Weaver (Blythe,1995,1996)is anotherprobabilisticplandebuggercapableof reasoningabout
exogenousevents. Weaver usesMarkov decisionprocessesas its underlyingmodelof planning.
Weaver providesmuchof the expressivenessof PHAMs. Unlike Weaver, PHAMs aredesignedfor
reasoningaboutthe physical behavior of autonomousmobile robots. Therefore,PHAMs add to
Weaver'sexpressivenessin thatthey extensively supportreasoningaboutconcurrentreactiveplans.
For example,PHAMs canpredictwhenthe continuouseffectsof actionswill trigger a concurrent
monitoringprocess.PHAMs have built-in capabilitiesto infer thecombinedeffectsof two continu-
ousmotionsof therobot.

Qualitati ve reasoningabout physical processes. Work in qualitative reasoninghasresearched
issuesin thequantizationof continuousprocessesandfocussedamongotherthingsonquantizations
that are relevant to the kind of reasoningperformed. Hendrix (1973) points out the limitations
of discreteevent representationsandintroducesa very limited notion of continuousprocessasa
representationof change.Hedoesnotconsiderthein�uenceof multipleprocessesonstatevariables.
Hayes(1985)representseventsashistories, spatiallybounded,but temporallyextended,piecesin
timespace,andproposesthathistorieswhichdonot intersectdonot interact.In Forbus' Qualitative
ProcessTheory(Forbus,1984)atechniquecalledlimit analysisis appliedto predictqualitativestate
transitionscausedby continuousevents.Also, work on simulationoftenaddressestheadequacy of
causalmodelsfor a given rangeof predictionqueries,an issuethat is neglectedin mostmodels
usedfor AI planning.Plannersthatpredictqualitativestatetransitionscausedby continuousevents
includeEXCALIBUR (Drabble,1993).

Planning as model checking. Planningas model checking(Bertoli, Cimatti, & Roveri, 2001;
Cimatti & Roveri, 2000)representsdomainsas�nite-statesystems.Planningproblemsaresolved
by searchingthroughthe statespace,checkingfor the existenceof a plan that satis�es the goals.
Goalsareformalizedaslogical requirementsaboutthedesiredbehavior for plans.Unlike planning
as model checkingwe considercontinuouscontrol processes,plan interpretationas well as the
physical effectsof actions,andconcurrency. This extendedrepresentationalpower comesat the
costof probably�nding behavior �a ws ratherthanproving theirabsence.

Designand veri�cation of embeddedsystemsbasedon hybrid automata. The formalization
of embeddedsoftware systems(Alur et al., 1997,1996) using hybrid automataaims at proving
critical aspectsof the software ratherthan the physical effects of running this software. In our
approachwe have usedthe ideasof this research�eld as the basisof our conceptualizationbut
addedadditionalmechanismsto modeltheeffectsof actionsandsensingmechanisms.Again, the
additionalcomplexity of ourmodelis compensatedby solvingmorerestrictive inferenceproblems:
thedetectionof probablebehavior �a ws with high probabilityratherthansafetyof thesystemand
thereachabilityof goals.
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8. Conclusion

The successfulapplicationof AI planningto autonomousmobile robot control requiresthe plan-
ning systemsto have morerealisticmodelsof the operationof modernrobot control systemsand
thephysicaleffectscausedby theirexecution.In thisarticlewehavepresentedprobabilistichybrid
action models(PHAMs), which are capableof representingthe temporalstructureof continuous
feedbackcontrol processes,their non-deterministiceffects, several modesof their interferences,
andexogenousevents.We have shown thatPHAMs allow for predictionsthatare,with high proba-
bility, qualitatively correct.We have alsoshown thatpowerful prediction-basedinferencessuchas
decidingwhethera planis likely to causea �a w with a probabilityexceedinga giventhresholdcan
bedrawn fastandwith boundedrisk.

We believe that equippingautonomousrobot controllerswith concurrentreactive plansand
prediction-basedonline plan revision basedon PHAMs is a promisingway to improve the perfor-
manceof autonomousservicerobotsthroughAI planningbothsigni�cantly andsubstantially.

Therulesthatwe have usedfor projectingnavigationbehavior werehand-codedandplanand
possiblyevenenvironmentspeci�c. Onour researchagendais thedevelopmentof transformational
mechanismsfor learninghigh performanceandtaskspeci�c plans.After having learnedtheplans
the robot shouldthen learn the projectionrules by applying datamining techniquesto the plan
executiontraces.To enablethis approachwe must invent novel representationalmechanismsfor
theplansthatallow for theautomaticextractionof therules. Initial stepsinto this directioncanbe
foundin thework of Belkeretal. (2002),BeetzandBelker (2000),Beetz(2002b).
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