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Abstract

This article developsProbabilistic Hybrid Action Models(PHAMS), a realisticcausalmodel
for predictingthe behaior generatedby modernpercept-drren robot plans. PHAMS represent
aspect®f robotbehaior thatcannotberepresentedy mostactionmodelsusedn Al planning:the
temporalstructureof continuouscontrol processegheir non-deterministieffects, severalmodes
of theirinterferencesandthe achievementof triggeringconditionsin closed-looprobotplans.

The main contrikutions of this article are: (1) PHAMS, a modelof concurrentpercept-diren
behaior, its formalization,and proofs that the model generateprobably qualitatvely accurate
predictionsand(2) aresource-etient inferencanethodfor PHAMSbasednsamplingprojections
from probabilistic action modelsand statedescriptions. We shav how PHAMS can be applied
to planningthe courseof action of an autonomousgobot of ce courier basedon analyticaland
experimentaresults.

1. Intr oduction

Most autonomousobotsareequippedwith restricted unreliable andinaccuratesensorandeffec-
tors and operatein complex and dynamicervironments. A successfubpproachto dealwith the
resultinguncertaintyis the useof controllersthat prescribethe robots' behaior in termsof con-
currentreactiveplans (CRPs)— plansthat specify how the robotsare to reactto sensoryinput
in orderto accomplishtheir jobsreliably (e.g.,McDermott,1992a;Beetz,1999). Reactve plans
are successfullyusedto producesituationspeci ¢ behaior, to detectproblemsandrecover from
themautomatically andto recognizeand exploit opportunities(Beetzet al., 2001). Thesekinds
of behaiors areparticularlyimportantfor autonomousobotsthathave only uncertainnformation
aboutthe world, actin dynamicallychangingervironments,andareto accomplishcomple tasks
ef ciently..

Besidesreliability and e xibility, foresightis anotherimportantcapability of competentau-
tonomousgobots(McDermott,1992a). Temporalprojection,the computationaprocesf predict-
ing whatwill happerwhenarobotexecutedts plan,is essentiafor therobotsto plantheirintended
coursesof actionsuccessfully To be ableto projecttheir plans,robotsmusthave causalmodels
that representhe effectsof their actions. Most robot action plannersuserepresentationthatin-
cludediscreteactionmodelsandplansthatde ne partialorderson actions.Therefore they cannot
automaticallygeneratereasonabout,and revise modernreactive plans. This hastwo important
drawvbacks. First, the plannerscannotaccuratelypredictand diagnosethe behaior generatedy
their plansbecausehey abstractaway from importantaspect®f reactve plans. Secondthe plan-
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nerscannotexploit the control structuregrovided by reactive planlanguage$o make plansmore
e xible andreliable.

In this article we develop PHAMS (ProbabilisticHybrid Action Models), action modelsthat
have the expressienessor the accuratepredictionof behaior generatedy concurrentreactve
plans. To the bestof our knowledge, PHAMS are the only action representatiomusedin action
planningthat provides programmerswvith meansfor describingthe interferenceof simultaneous,
concurreneffects,probabilisticstateandactionmodels,aswell asexogenousvents.PHAMS have
beensuccessfullyappliedby anautonomousobotof ce courieranda museuntour-guiderobotto
malke predictionsof full-size robotplansduringthe executionof theseplans(Beetz,2001).

This article makesseveralimportantcontritutionsto the areaof decision-theoreticobotaction
planning. First, we describePHAMS, formal action modelsthat allow for the predictionof the
qualitative behaior generatedy concurrenteactie plans. Secondwe shav how PHAMS canbe
implementedn aresourcesf cient way suchthat predictionsbasedon PHAMS canbe performed
by robotswhile executingtheir plans. Third, we apply the plan projectionmethodto probabilistic
prediction-basedcheduladeluggingandanalyzeit in the contet of arobotof ce courier(Beetz,
2001).

Beforestartingwith thetechnicalpartof the article we would lik e to make seseralremarks.In
this article we restrictoursehesto navigation actionsand modelthem exactly asthey areimple-
mentedin oneof the mostsuccessfuhutonomousobot havigation systemgBurgard et al., 2000).
Thereasoris thatwe wantto closethegapbetweeractionmodelsusedin Al planningsystemsand
thecontrolprogramshatareusedoy autonomousobotsandthebehaior they produce.Thecontrol
programshat we modelhave proventhemselesto achieve reliable, high performancenavigation
behaior. In theMinerva experimentthey controlledthe navigationin acrovdedmuseunfor more
than93 hours.During their execution the navigationplanshave beenrevisedby a planningmodule
about3200timeswithout causingary deadlockdetweennteracting,concurrentontrolprocesses
(Beetz,2002a;Beetzetal.,2001).In robotof ce courierexperimentswe have appliedplanrevision
methodghatenabledherobotto planaheador about15-25minutes.We considetthisto beatime
scalesufcient for improving therobot's performancehroughplanning.However, theperformance
gainsthatcanin principle be achieved throughnavigation planningare often small comparedo
thosethatcanbeachiezed by planningmanipulationtasks.

Althoughwe usenavigationasour only example the samemodelingtechniquespplyto other
mechanism®f autonomousobots,suchasvision (Beetzet al., 1998), communicationBeetz&
Peters,1998), and manipulation(Beetz, 2000) equally well. The reasonghat we do not cover
thesekindsof actionsin this article arethatthey requireadditionalreasoningapabilitiesandat the
momentthesemodelscanonly be validatedwith respecto robotsimulations.The additionalrobot
capabilitiesthat would have to be modeledinclude symbol grounding/objectecognition(Beetz,
2000),changingstatesof objects,andmorethoroughmodelsof the belief statesof robots(Schmitt
etal.,2002).Addressingheseissuess well beyondthe scopeof this article.

In the remainderof the articlewe introducethe basicconceptualizatiomnderlyingpPHAMS and
describetwo realizationsof them: one for studyingtheir formal propertiesand anotherone tar
getedat their ef cient implementation.We alsoshov how pHAMS areemployed in the context of
transformationatobotplanning.

Thearticleis organizedasfollows. Section2 describesverydayactivity asour primary class
of applicationproblems. We introduceconcurrentreactize plans(CRPs)as meansfor producing
characteristigpatternsof everydayactvity andidentify technicalproblemsin the predictionof the
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physical robot behaior that CRPsgenerate.Section3 explainshow the executionof CRPsand
the physical and computationakffects of plan executioncanbe modeledusing PHAMS. PHAMS
describehebehaior of therobotasasequencef controlmodesvherein eachmodethecontinuous
behaior is speci ed by a control law. Mode transitionsare triggeredby the controlled system
satisfyingspeci ed modetransitionconditions. We thenintroducea setof predicateghatwe use
to represenbur conceptualizatiofiormally. Section4 and5 describetwo differentapproacheso
predictingthe behaior producedby concurrentreactve plansin the contet of PHAMS. In the
rst onethe behaior is approximatedy discretizingtime into a sequencef clock ticks thatcan
be madearbitrarily dense. This modelis usedto derive formal propertiesfor the projection of
concurrentreactize plans. The secondapproachdescribedn Section5, describesa muchmore
ef cient approacho the projectionof CRPs. In this approactonly thosetime ticks are explicitly
consideredndrepresente@herediscretesventsmayoccur At all othertime instanceshe system
statecanbe inferredthroughinterpolationusingthe control laws of the respectre modes.This is
the projectionmechanisnthatis usedat executiontime on boardthe robots. We shav how this
implementationof PHAMS is emplgyed for prediction-basedour schedulingfor an autonomous
robotof ce courier We concludewith anevaluationanda discussiorof relatedwork.

2. Structur ed Reactive Controllers and the Projection of Delivery Tour Plans

Plan-basedobotcontrolhasbeensuccessfullyappliedto taskssuchasthe control of spaceprobes
(Muscettolaet al., 1998b),disastermanagemenand sureillance (Doherty et al., 2000), and the
controlof mobilerobotsfor of ce delivery (Simmonsetal., 1997;Beetzetal.,2001)andtourguide
scenariogAlami etal.,2000; Thrunetal., 2000).A classof tasksthathasrecevedlittle attentionis
theplan-basedobotcontrolfor everydayactiity in humanliving andworking ervironmentstasks
thatpeopleareusuallyvery goodat.

To geta betterintuition of the activity patterngo be producedn everydayactiity, let uscon-
siderthe choresof a hypotheticalhouseholdobot. Householdchoresentail comple routinejobs
suchas cooking dinner cleaningthe kitchen, loading the dish washer etc. The routine jobs are
typically performedn parallel. A householdobotmight have to cleanup theliving roomwhile the
soupis cookingon the stove. While cleaningup, the phonemight ring andthe robot hasto inter
rupt cleaningin orderto go andanswerthe phone. After having completedhe telephonecall the
robothasto continuecleaningright whereit stopped-Thus,therobot's activity mustbe concurrent,
percept-drren,interruptible, e xible, androbust,andit requiresforesight.

The fact that peoplemanageand executetheir daily taskseffectively suggestsjn our view,
that the natureof everydayactiity shouldpermit agentsto make assumptionsghat simplify the
computationatasksrequiredfor competentctiity. As Horswill (1996)putsit, everydaylife must
provide uswith someloopholesstructuresandconstraintgshatmake activity tractable.

We believethatin mary applicationof roboticagentghatareto performeverydayactuities, the
following assumptionarevalid andallow usto simplify the computationaproblemsof controlling
arobotcompetently:

1. Roboticagentsarefamiliarwith theactiities for satisfyingindividual tasksandthesituations
thattypically occurwhile performingthem. They carry out everydayactvities over andover
again andare confrontedwith the samekinds of situationsmary times. As a consequence,
conductingndividual everydayactiities canbelearnedrom experienceandis simplein the
sensdhatit doesnotrequirealot of plangeneratiorfrom rst principles.
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2. Appropriateplansfor satisfyingmultiple, possiblyinterfering,taskscanbe determinedn a
greedymanner Therobotcan rst determinea default plan performingtheindividual tasks
concurrentlywith someadditionalorderingconstraintghroughsimpleandfastheuristicplan
combinatiormethods.Therobotcanthenavoid theremaininginterferencebetweents sub-
actwvities by predictingandforestallingthem.

3. Roboticagentscan monitor the executionof their activities andtherebydetectsituationsin
which their intendedcourseof actionmight fail to producethe desiredeffects. If suchsitua-
tionsaredetectedtherobotscanadaptheirintendedcourseof actionto thespeci ¢ situations
they encounterif necessarpasedn foresight.

In our previousresearchwe have proposedstructuredreactie Controllers(SrRcs) asa compu-
tationalmodelfor the plan-basedontrol of everydayactivity. SRcs arecollectionsof concurrent
reactive controlroutinesthatadaptthemselesto changingcircumstanceduringtheir executionby
meanf planning.srcs arebaseduponthefollowing computationaprinciples:

1. srcs areequippedwith a library of plan schematdor routinetasksin commonsituations.
Theseplanschematare— for now — provided by programmersinddesignedo have high
expectedutility at the costof not having to dealwith all concevable problems. We know
from our Al courseghatplansthatcheckthetailpipesevery time beforestartinga car have
typically lower expectedutility thanthe onesthatdo not checkthem,eventhoughhaving no
bananastuckin thetailpipeis a necessarpreconditiorfor startinga carsuccessfully

Therobustness.e xibility, andreactvity of planschematds achievedby implementinghem
asconcurentpercept-drivenplans— evenatthe highestievel of abstractionThe plansem-
ploy controlstructuresncluding conditionals]oops, programvariables processesasndsub-
routines. They alsomale useof high-level constructginterrupts,monitors)to synchronize
parallelactionsand make plansreactie androbust by incorporatingsensingand monitor
ing actionsandreactionstriggeredby obsered events. Goalsof sub-plansarerepresented
explicitly asannotationssuchthat planningalgorithmscan infer the purposeof sub-plans
automatically

2. srcs have fastheuristicmethoddor putting planstogetherfrom routineactiities. They are
ableto predict problemsthat are likely to occurand revise their courseof actionto avoid
them. Predictive plan deluggingrequiresthe src to reasorthrough,andpredictthe effects
of, highly conditionaland e xible plans— the subjectof this article.

3. sRcs performexecutiontime planmanagemeniThey run processethatmonitorthe beliefs
of therobotandaretriggeredby certainbelief changes.Theseprocessesevise planswhile
they areexecuted.

Structuredreactie controllerswork asfollows. Whengiven a setof requestsstructuredre-
active controllersretrieve routine plansfor individual requestsaind executethe plansconcurrently
Theseroutine plansare generaland e xible — they work for standardsituationsand when exe-
cutedconcurrentlywith otherroutineplans.Routineplanscancopewell with partly unknavn and
changingernvironments,run concurrently handleinterrupts,and control robotswithout assistance
over extendedperiods.For standardituationsthe executionof theseroutineplanscausesherobot
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to exhibit an appropriatebehaior in achieving their purpose. While they executeroutine plans,
the robot controllersalsotry to determinewhethertheir routinesmight interferewith eachother
andwatchout for exceptionalsituations. If they encounterexceptionalsituationsthey will try to
anticipateandforestallbehaior aws by predictinghow their routineplansmightwork in this kind
of situation. If necessarythey revise their routinesto make themrobust for the respectre kinds
of situations.Finally, they integratethe proposedevisionssmoothlyinto their ongoingcourseof
actions.

2.1 Plan-basedControl for a Robot Of ce Courier

Before we describeour approachto predictingconcurrentpercept-dsen robot behaior we rst
give a comprehensie exampleof a plan-basedobotof ce courierperforminga delivery tour and
exhibiting aspect®f everydayactiity. The descriptionof the exampleincludesthe presentatiomf
key plan schemataisedby the robot, a sketchof the heuristicplan combinationmethod,the pre-
diction of behaior aws, andtherevision of delivery plans.This examplerun hasbeenperformed
with the mobile robot RHINO actingasa robot of ce courier (Beetz,2001; Beetz,Bennevitz, &
Grosskreutz1999).

2.1.1 PLANSAND PLAN SCHEMATA OF THE ROBOT COURIER

Therobotcourieris equippedwith alibrary of plan schematdor its standardasksincluding de-
liveringitems,picking up items,andnavigating from oneplaceto another The presentatiorof the
plansandplan schematgroceed$ottomup. We startwith the low-level plansfor navigationand
endwith thecomprehensie objectdelivery plans.

A low-level navigation plan speci eshow the robotis to navigatefrom onelocationin its en-
vironment,typically its currentposition, to anotherone, its destination. Figure 1 depictssucha
low-level navigationplanfor goingfrom alocationin roomA-117to thelocation5 in roomA-111.
The plan consistsof two componentsa sequenc®f intermediatearget points (the locationsin-
dexed by thenumbersl to 5 in Figurel) to be sequentiallyisited by the robotanda speci cation
of whenandhow therobotis to adaptits travel modesasit follows the navigation path. In mary
ervironmentst is advantageouto adapthetravel modeto thesurroundingsto drive carefully (and
thereforeslowly) within of ces becaus®f ces arecluttered,to switchoff the sonarsvhendriving
throughdoorways(to avoid sonarcrosstalk) andto drive quickly in the hallways. The seconcdbart
of theplanis depictedhroughregionswith differenttexturesfor thedifferenttravel modes‘of ce”,
“hallway,” and“doorway” Wheneertherobotcrossesheboundariebetweerregionsit adaptghe
parameterizationf the navigationsystem.Thus,low-level navigationplansstartandterminatenav-
igation processeandchangethe parameterizationf the navigation systemthroughcontrol mode
switchegSET-NAVIGATION-MODE) andaddinganddeletingintermediate¢argetpoints(MOVE-TO).

We specifyreactize plansin RPL (McDermott,1991; Beetz& McDermott,1992),a planlan-
guagethat provideshigh-level control structuresfor specifyingconcurrentgvent-driven robot be-
havior. The pseudacodein Figure2 sketchesheinitial partof the plandepictedin Figurel. The
planfor leaving anof ce consistsof two concurrensub-plansonefor following the (initial partof
the) prescribecpathandonefor adaptingthe travel mode. The secondsub-planadaptshe naviga-
tion modeof therobotdynamically Initially, the navigationmodeis setto “of ce”. Uponentering
andleaving the doorway the navigation modeis adapted. The plan uses uents, conditionsthat
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Legend
doorway travelmode

of ce travelmode

hallway travelmode

NavigationPlan

waypoint | waypointcoordinates
1 h230Q 800
2 h230Q 900
3 h120Q 1100
4 h120Q 1200
5 h125Q 1400

Figurel: Graphicalrepresentationf anavigationplan. Topologicalnavigationplanfor navigating
fromroomA-117to A-111with regionsindicatingdifferenttravel modesandsmallblack
circlesindicatingadditionalnavigation pathconstraints.

are updatedasynchronouslypasedon newv sensorreadings. Fluentscantrigger (whenever ) and
terminate(wait for ) plansteps.

execute concurrently
execute-in-order
MOVE-TO (1); wait for (go-to-completedf?
MOVE-TO (2); wait for (go-to-completedf?
with local uents distance-to-dooray
uent-network (j hx; yi WXgw; Yawi J)
entering-dw?-  distance-to-doonay < 1m
entering-hw?-  distance-to-dooray> 1m
execute-in-order
SET-NAVIGATION-MODE(0Of ce) ; wait for (entering-dw?-);
SET-NAVIGATION-MODE(doorway), wait for (entering-hw?- );
SET-NAVIGATION-MODE(hallway)

Figure2: Theplansketcheghespeci cationof anavigationprocesdgor leaving anof ce. Thetwo
componentsollowing the prescribegathandadaptinghetravel modeareimplemented
asconcurrentsub-plans. The secondcomponentusesa uent to measurehe distance
to the centerof the doormay andtwo dependentuents that signalthe robot's entering
andleaving the doorway. Initially, the travel modeis setto “of ce”. Uponenteringand
leaving thedoorway thetravel modeis adapted.

Thelow-level navigation planinstancesreusedby higherlevel navigation plansthatmake the
navigation processese xible, robust, and embeddablénto concurrentask contets. The higher
level plansgeneratehe low-level plansbasedon the robot's mapof its ervironment(GENERATE-
NAV-PLAN). A slightly simpli ed versionof this high-level planis listedbelow.
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highlevel-plan ACHIEVE(lodr hino; hx; yi))
1 with cleanup routine ABORT-NAVIGATION-PROCESS
do with valve wheels
do loop

2
3
4 try in parallel

5 wait for navigation-interrupted?

6 with local vars NAV-PLAN ~ GENERATE-NAV-PLAN(cC,d)
7 do swap-plan (NAV-PLAN,NAV-STEP)

8 named subplan NAV-STEP

9 do DUMMY

10 until 1S-CLOSE?(hx; yi)

We explain the plan going from theinner parts,which generatehe robotbehaior, to the outer
ones,which modify the behaior. Lines6 to 8 make the navigation planindependendf its starting
position and therebymore general: given a destinationd, the plan piece computesa low-level
navigation plan from the robot's currentlocation ¢ to d using the map of the ervironmentand
executedt (Beetz& McDermott,1996).

In orderto run navigation plansin lessconstrainedask contexts we must prevent other —
concurrent— routinesfrom directing the robot to differentlocationswhile the navigation plan
is executed. We accomplishthis by using semaphoresr “valves”, which can be requestedand
releasedAny planaskingtherobotto move or standstill mustrequesthevalve wheels performits
actionsonly afterit hasreceved wheels andreleasenvheelsafterit is done. This is accomplished
by the statementvith valve in line 2.

In mary casesprocessewvith higher priorities must move the robot urgently. In this case,
blocked valvesare simply pre-empted.To make our planinterruptible robustagainstsuchinter
rupts, the plan hasto do two things. First, it hasto detectwhenit getsinterruptedand second,
it hasto handlesuchinterruptsappropriately This is doneby a loop that generatesnd executes
navigation plansfor the navigation task until the robotis at its destination.We make the routine
cognizantof interruptsby usingthe uent navigation-interrupted? Interruptsare handledby ter
minatingthe currentiterationof the loop andstartingthe next iteration,in which a new navigation
planstartingfrom therobot's new positionis generatedndexecuted.Thus,thelines 3-5 make the
planinterruptible.

To make the navigation plantranspaentwe nametheroutineplan ACHI1EVE(loc(rhino Jx,yi ))
andtherebyenablethe planningsystemnto infer the purposeof the sub-plarsyntactically Interrupt-
ible andembeddablglanscanbe usedin taskcontets with higherpriority concurrentsub-plans.
For instancea monitoringplanusedby our controllerestimateshe openinganglesof doorswhen-
evertherobotpassesne. Anothermonitoringplanlocalizestherobotactively wheneer it haslost
trackof its position.

To facilitate online reschedulingve have modularizedthe planswith respecto the locations
wheresub-plansareto be executedusingtheat location planschemaTheat location hx,yi p plan
schemaspeci esthatplanp is to be performedatlocationhx,yi . Hereis asimpli ed versionof the
planschemdor at location .
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named subplan N;
do at location  hx; yi pby
with valve wheels
do with local vars DONE?  FALSE
do loop
try in parallel
wait for Task-Interrupted?{\;)
sequentially
do NAVIGATE-TONX; yi
p
DONE? TRUE
until DONE? = TRUE

The planschemaccomplisheshe performancesf planp atlocationhx,yi by navigatingto the
locationhx,yi, performingsub-plarp, andsignallingthatp hasbeencompletedtheinnersequence).
Thewith valve Statemenbbtainsthe semaphorgvheelghatmustbeownedby ary processhanging
thelocationof therobot. Theloop makesthe executionof p athx,yi robustagainstinterruptsfrom
higherpriority processedrinally, thenamed sub-plan statemengivesthesub-plarasymbolicname
thatcanbe usedfor addressindhe sub-planfor schedulingourposesandin planrevisions. Using
the at location plan schemaa planfor delivering an objecto from locationp to locationd canbe
roughlyspeci edasaplanthatcarriesoutpickup(o)atlocationp andput-down(o)tlocationd with
the additionalconstraintthat pickup(o)is to be carriedout beforeputdown(o) If every sub-planp
thatis to be performedat a particularlocation| hasthe form at location i p, thena scheduler
cantraversetheplanrecursvely andcollecttheat location sub-plansandinstall additionalordering
constrainton thesesub-plango maximizethe plan's expectedutility .

To allow for smoothintegrationof revisionsinto ongoingscheduledactiities, we designedhe
planssuchthateachsub-plankeepsarecordof its executionstateand,if startedanev, skipsthose
partsof theplanthatnolongerhaveto beexecuted Beetz& McDermott,1996).We madetheplans
for singledeliveriesrestartabléoy equippingthe plan p with a variablestoringthe executionstate
of p thatis usedasa guardto determinewhetheror not a sub-planis to be executed.The variable
hasthreepossiblevalues: to-be-acquied denotingthat the object muststill be acquired;loaded
denotingthatthe objectis loaded;anddelivered denotingthatthe delivery is completed.The plan
schemdor the delivery of a singleobjectconsistof two fairly independenplansteps:the pick-up
andthe put-dawvn step.

if EXECUTION-STATE(p;to-be-acquied)
then AT-LOCATION L PICK-UP(0)
if EXECUTION-STATE(p;loaded

then AT-LOCATION D PUT-DOWN(0)

2.1.2 GENERATING DEFAULT DELIVERY PLANS

The heuristicplan generatoifor delivery toursis simple: it insertsthe pick-up and put-dovn sub-
plansof all delivery requestsinto the overall plan and determinesan appropriateorder on the
at location sub-plans.The orderingis determinedoy a heuristicthat performsa simpletopological
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sorton the sub-plansasedon the locationswherethe sub-plansareto be executed. The heuris-
tic considersadditionalconstraintssuchas executingpick-up stepsalways beforethe respectie
put-dawvn plan-steps.

2.1.3 PREDICTION-BASED PLAN DEBUGGING BY THE ROBOT OFFICE COURIER

Let usnow contemplate speci ¢ scenaridn whichtherobotof ce courierRHINO performsanof-

ce deliverythatrequireghepredictionandforestallingof planfailuresatexecutiontime. Consider
thefollowing situationin the ervironmentpicturedin Figure3. A robotof ce courieris to deliver

aletterin ayellow ervelopefrom roomA-111to A-117 (cmd-1) andanotheretter for which the
ernvelopes coloris unknavn from A-113to A-120 (cmd-2. Therobothasalreadytried to accom-
plish cmd-2but becausét hasrecognizedoomA-113 asclosed(usingits rangesensorsjt revises
its intendedcourseof actioninto achieving cmd-2opportunistically Thatis, if it later detectshat
A-113is openit will interruptits currentactivity andreconsideits intendedcourseof actionunder
the premisethatthe stepsfor accomplishinggmd-2areexecutable.

To performits tasksquickly the robot scheduleshe pick-up anddelivery actionsto minimize
executiontime and assurethat lettersare picked up beforethey aredelivered. To ensurethat the
schedulesvill work, therobothasto take into accounhow its own stateandtheworld changessit
carriesoutthescheduledctvities. Aspectsof stateghattherobothasto considemwhenscheduling
its actvities arethelocationsof theletters.Constrainton the statevariableshatschedulesiave to
satisfyarethatthey only asktherobotto pick up lettersthatarecurrentlyattherobot's locationand
thattherobotdoesnot carrytwo lettersin ervelopeswith the samecolor.

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

: - - [Tl
I <> (2) (ACTIVATE GOTO (1000.01600.0))
A-111 =
J_l d]_l -

T mil =
(136) (DONE GOTO (2300.0600.0))
(136) (DO UNLOAD-LETTER y-letter)

Figure3: A possibleprojectedexecutionscenariofor theinitial plan. The opportunityof loading
theletterof theunknawn coloris ignored.

Supposeour robotis standingin front of room A-117. The belief stateof the robot contains
probabilitiesfor the colorsof letterson the deskin A-113. Therobotalsohasreceved someevi-
dencethat A-113 hasbeenopenedn the meantime.Thereforeits belief stateassigngrobability p
for thevaluetrue of randomvariableopen-A113.

807



BEETZ & GROSSKREUTZ

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 upsbecausehe robot might carry two lettersin envelopeswith the samecolor.
The differentoptionsare: (1) to skip the opportunity (2) to askimmediatelyfor the letter from
A-113to beputinto anervelopethatis notyellow (to excludemix upswhentakingthe opportunity
later); (3) to constrainater partsof the schedulesuchthatno two yellow letterswill becarriedeven
whentheletterin A-113turnsoutto beyellow; and(4) to keeppicking up theletterin A-113asan
opportunisticsub-plan.Which optionthe robotshouldtake depend®n its belief statewith respect
to the statesof doorsandlocationsof letters. To nd out which schedulesvill probablywork, in
particular which onesmight resultin mixing up letters,the robotmustapply a modelof the world
dynamicso the statevariables.

With respecto this belief state differentscenariosarepossible.The rst one,in which A-113
is closed,is picturedin Figure3. Pointson thetrajectoriesepresenpredictedevents. The events
withoutlabelsareactionsin whichtherobotchangesdts headinglon anapproximatedrajectory)or
eventsrepresentingensomupdatesyeneratedby passie sensingorocessesk-or example,a passve
sensomupdateeventis generatedvhentherobotpasses door. In this scenariono interventionby
prediction-basedehuggingis necessarandno aw is projected.

113

A-111 A-113 A-111 A-
(95) (DONE GOTO (1000.0 1600.0)) H | (102) GOTO (1000.01600.0))
(95) (DO LOAD-LETTER Y-LETTER) (102) LOAD-LETTER Y-LETTER) 88; ngTS_ L(gs%%l:;ggg)))
(95) (FAILURE SAME-COLOR _LETTER) (103) GOTO (1100.0400.0)) (31) GoTo (1000 01600, o))
(33) (DONE GOTO (1850.01350.0))
(33) (DO LOAD-LETTER OPP) \
— 34) (ACTIVATE GOTO (1000.01600.0)) l (2) (ACT'VATE GOTO (1000.01600.0) I|]
-

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

(12) (RECOGNIZE LOAD-LETTER /OPP)

(13) (ACTIV ATE GOTQ (1850.0 1450.0))

(175) GOTO (2300.0600.0))
1 | B el

(11) (RECOGNIZE LG
(12) (ACTIV ATE GOTO (1850.0 1350.0))

AD-LETTER  OPP)

L = Ol 0 Un 1] - ]
o (ACTIVATE GOTO (£000.01600.0)) (248) (DONE GOTO (2300/6600.0))
= (248) (DO UNLOAD-LETYER Y-LETTER)
A-120 A-117 A-120 A-117™
(a) (b)

Figure4: Two possiblepredictedscenario$or theopportunitybeingtaken. In scenarida) theletter
turnsoutto have the samecolor asthe onethatis to beloadedafterwards.Thereforethe
secondoadingfails. In scenarigb) theletterturnsoutto have a differentcolor thanthe
onethatis to beloadedafterwards. Therefore the secondoadingsucceeds.

In thescenariosn whichof ce A-113is openthecontrolleris projectedo recognize¢he oppor
tunity andto rescheduléts enabledplanstepsasdescribedabove.! Theresultingscheduleasksthe
robotto enterA-113 rst, andpickuptheletterfor cmd-2 thenenterA-111 andpick up the letter
for cmd-1 thendeliver the letterfor cmd-2in A-120, andthelastonein A-117. This cateyory of
scenarioxanbefurtherdividedinto two cateyories. In the rst sub-catgory shavn in Figure4(a)
theletterto be picked upis yellow. Performingthe pickup thuswould resultin the robotcarrying

1. Anothercatayory of scenarioss characterizethy A-113 becomingopenaftertherobothasleft A-111. Thismayalso
resultin anexecutionfailureif theletterloadedin A-113is yellow, but is notdiscussedhereary further.
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A-111 A-113

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

(200) (DONE GOTO (1000.01600.0)) ’L T 9] (11
(

(202) (DO LOAD-LETTER Y-LETTER) ) (ACTIVATE GOT
(211) (ACTIVATE GOTO (2300.0600.0)) ) ( C(1850.01f5%_8)

| mmpe %ﬁ

sl nll.ni.nll.n

PR— (19) (USE OPPORTUNITY I
I E‘I 1 —/ 7 I —1m
o [ (263) (DONE GOTO (2300.0600.0))

(147) (DONE GOTO (1100.0400.{ (263) (DO UNLOAD-LETTER Y)

(162) (DO UNLOAD-LETTER OFr= T
(178) (ACTIVATE GOTO (1000.01600.0))
A-120 A-117

Figure5: Projectedscenaridor aplansuggestedly theplandehugger Theletterwith theunknavn
coloris pickedup andalsodelivered rst. Thisplanis alittle lessef cient but avoidsthe
risk of notbeingableto loadthe secondetter.

two yellow lettersandthereforeanexecutionfailureis signalled.In thesecondsub-catgory shavn
in Figure4(b) theletterhasa differentcolor andthereforethe robotis projectedto succeedy tak-
ing the samecourseof actionfor all thesescenarios.Note thatthe possible aw is introducedby
thereactve reschedulingpecausehe rescheduledoesnot considerthow the stateof the robotwill

changen the courseof action,in particularthata statemaybe causedn which therobotis to carry
two letterswith the samecolor.

In this case the plan-basedaontrollerwill probablydetectthe aw if it is likely with respecto
therobot's belief state.This enableghe deluggerto forestallthe aw, for instancepy introducing
anadditionalorderingconstraintor by sendinganemailthatincreasesheprobabilitythattheletter
will be putinto a particularervelope. Thesearethe revision rulesintroducedin the last section.
Figure5 shavs a projectionof a planthathasbeenrevisedby addingthe orderingconstraintthat
theletterfor A-120is deliveredbeforeenteringA-111.

Figure 6(a) shavs the event tracegeneratedy the initial plan and executedwith the RHINO
controlsystem(Thrun et al., 1998)for the critical scenariowithout predictionbasedschedulede-
bugging; Figure 6(b) shawvs the onewith the deluggeraddingthe additionalorderingconstraint.
This scenaricshawvs thatreasoningaboutthe future executionof plansenablegherobotto improve
its behavior.

In this article, we describethe probabilisticmodelsof reactive robot behaior that are neces-
saryto predictscenariosuchasthe onedescribedabove for the purposeof prediction-baseglan
dehugging.

2.2 The Projection of Low-level Navigation Plans

Now thatwe know whatthe robotplanslook like we canturn to the questionof how to predictthe
effectsof executinga delivery plan. The input datafor plan projectionarethe probabilisticbeliefs
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A-111 A-113

21:12:31ARRIVED AT (1000.01600. 0) 21:10:13ARRIVED AT (1850.01450.0)
21:13:06LOADING BLUE LETTER 21:10:37LOADING BLUE LETTER
’ 21:13:06GOING TO (2300.0600.0) 21:10:37GOING TO (1100.0400.0)
H ﬁ I H 21:09: SBGO\% TO (1850.01450.0)
) — — [l
=

21:09:50 INST ALL NEW SCHEDULE
L TO AVOID
ARR YIN AME LOR
I'I /:I ¢ G S CcoLO!

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

A-120 A-117

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

Figure6: The trajectorywithout prediction-baseglan revision (Sub- gure (a)) fails becausehe
courierdid not foreseethe possiblecomplicationswith loadingthe secondetter. Sub-
gure (b) shavs atrajectorywherethepossible a w is forestalledoy the planningmech-
anism.

of therobotwith respecto the currentstateof the world, probabilisticmodelsof exogenousevents
thatareassumedo be Poissordistributed,probabilisticmodelsof low-level plans,andprobabilistic
rulesfor guessingnissingpiecesof information. The outputof the projectionprocesss asequence
of datedeventsalongwith the estimatedstateat the time of eachevent.

Plan projectionis identicalto plan executionwith two exceptions. First, wheneer the plan
projectorinterpretsa wait for or whenever it recordsthe correspondinguents asactive triggering
conditions.Thisway, theplanprojectionmechanisntanautomaticallygeneratg@erceptsvhencon-
tinuouscontrol processesr exogenouseventsmake the triggering conditionstrue. For example,
whenthe navigationplanis waiting for therobotto enterthe haliway the planprojectorprobabilisti-
cally guessesvhentherobotmotioncausegherespectie triggeringconditionto becometrue. For
this time instant,the plan projectorgenerates sensorinput event with the correspondingensor
reading.

Planprojectionalsodiffers from plan interpretationin that wheneer the robot interactswith
the real world, the projectedrobot mustinteractwith the symbolic representationsf the world.
The placeswherethis happensarethe low-level plans. Thusinsteadof executinga low-level plan
the projectorguesseshe resultsof executingtheseplansand assertgheir effectsin the form of
propositiongo thetimeline. Therearethreekindsof effectsthataregeneratedby theinterpretation
of low-level plans: (1) physical changessuchasthe robotchangingits position, (2) the low-level
plan changingthe dynamicalstateof the robot, suchasthe directionthe robotis headingto, and
(3) computationaéffects,suchaschanginghevaluesof programvariablesor signallingthesuccess
andfailure of control routines. Thusthe model of a low-level plan usedfor plan projectionis a
probability distribution over the sequencef eventsthat it generatesandthe delaysbetweenthe
subsequendvents.

Thinking procedurallythe plan projectorworks asfollows. It iteratively infersthe occurrence
of thenext eventuntil thegivenplanis completelyinterpreted Thenext eventcaneitherbethenext
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eventthatthelow-level plangenerate# the computationabtateof the controllerdoesnot change,
or asensolinputeventif anactive triggeringconditionis predictedo becomerue,or anexogenous
eventif oneis predictedo occur Thenext predictedeventis the earliestof 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 autonomousgnobile
robots. While predictingthe paththata robotwill take it is necessaryo predictwhere the robot
will be,whichis a prerequisitdor predictingwhattherobotwill be ableto perceve. For example,
whetherthe robotwill perceve thata dooris opendependsn therobottaking a paththat passes
by the door, executingthe doorangleestimationroutinewhile passinghe doorandthe doorbeing
within sensorange. Passingthe door is perceved basedon the robot's positionestimateandthe
ervironmentmap.Consequentlyif therobotexecutesa plansteponly if adooris open,thenin the
endthe executionof this plan stepdepend®n the actualpaththerobotwill take. Thisimpliesthat
anactionplanningprocessnustbe capableof predictingthetrajectoryaccuratelyenoughto predict
the global courseof actioncorrectly

Navigationactionsarerepresentatie for alargesubsebf physicalrobotactions:they aremaove-
mentscontrolledby motors. Physical movementshave a numberof typical characteristicsFirst,
they areofteninaccurateandunreliable. Secondthey causecontinuous(and sometimegdiscon-
tinuous)changeof the respectie part of the robot's state. Third, the interferenceof concurrent
movementscanoftenbe describedasthe superpositiorof theindividual movements.

To discusgheissuegaisedby the projectionof concurrenteactive plans,we sketcha delivery
tour plan that speci eshow a robotis to deliver mail to the roomsA-113, A-111, andA-120 in
Figurel (Beetz,2001). The mail for room A-120 hasto be deliveredby 10:30(a strict deadline).
Initially, the plannerasksthe robot to performthe deliveriesin the order A-113, A-111, and A-
120. As theroomA-113 is closedthe correspondinglelivery cannotbe completed.Therefore the
planningsystenrevisesthe overall plansuchthattherobotis to accomplisithe delivery for A-113
asanopportunity In otherwords,therobotwill interruptits currentdelivery to deliver the mail to
A-113 (seeFigure?) if thedelivery canbecompleted.

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 concurrentmonitoringprocessriggeredby the continuousef-
fects of a navigation plan (passinga door) and an opportunisticstep. This concurrent
reactive planssene asanexamplefor discussingherequirementshatthe causaimodels
mustsatisfy

Theplancontainsconstrainingsub-plansuchas“whenever therobotpasses doorit estimates
the openingangleof the door usingits laserrange nders” and opportunitiessuchas “complete
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the delivery to roomA-113 assoonasyou learnthe of ce is open”. Thesesub-plansretriggered
or completedby the continuouseffectsof the navigation plans. For example,the event passinga
dooroccurswhentherobottraversesa rectangularegion in front of thedoor. We call theseevents
end@enousevents

A-111 -113
end(low-level-nav-plan(...))

Al ul

leaving 1

hallway ;
—— leaving
..... doorway

entering
[

] entering

=l | doorway
begin(low-level-nav-plan(...)J ]

Figure8: Visualizationof a projectedexecutionscenario. The following typesof eventsare de-
picted by speci ¢ symbols: changetravel modeevent by rhomhuses,start/stoppassing
doorway by smallcircles,start/stogow-level navigation plan by doublecircles,anden-
teringdoorway/hallvay by boxes.

Figure8 shaws a projectedexecutionscenaridor alow-level navigation planembeddedn the
plan depictedin Figure7. The behaior generatedy low-level navigation plansis modeledas
a sequencef eventsthat either causequalitatve behaior changege.g. adaptation®f the travel
mode)or triggerconditionsthatthe planis reactingto (e.g.enteringthe hallway or passingadoor).
Theeventsdepictedoy rhomboidsdenotesventswherethe CRPchangeshedirectionandthetarget
velocity of therobot. The squaresienotethe eventsenteringandleaving of ces. Thesmallcircles
denotethe eventsstarting and nishing passinga door, which are predictedbecause concurrent
monitoringprocessestimateshe openinganglesof doorswhile therobotis passinghem.

Suchprojectedexecutionscenariohave beenusedfor prediction-basedeluggingof delivery
toursof anautonomousobot of ce courier Beetzet al. (1999) have shavn thata controllerem-
ploying predictive plan schedulingusing the causalmodelsdescribedn this article can perform
betterthanit possiblycouldwithout predictive capabilitiegseealsoSection6.1).
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2.3 Peculiarities of Projecting Concurrent Reactive Plans

Thereare several peculiaritiesin the projectionof concurrenteactive plansthatwe wantto point
outhere.

Continuous Change. Concurrentreactve plans actvate and deactvate control processesind
therebycausecontinuouschangeof statessuchasthe robot's position. Continuouschangemust
berepresentedxplicitly becaus€€RPsemploy sensingorocessethatcontinuallymeasureelevant
stateqfor example therobot's position)andpromptlyreactto conditionscausecy the continuous
effects(for example,enteringanof ce).

Reactive Control ProcessesBecausaf thereactive natureof robotplans,the eventsthathave to
be predictedfor a continuousnavigation processdependnot only on the processtself but alsoon
the monitoringprocessethataresimultaneoushactive andwait for conditionsthatthe continuous
effectsof the navigation processnight cause Supposéhe robotcontrolleris runninga monitoring
procesghatstopstherobotassoonasit passesanopendoor. In this casethe plannermustpredict
“robot passesioor” eventsfor eachdoor the robot passesiuring a continuousnavigation action.
Theseeventsthentrigger a sensingactionthat estimateghe door angle,andif the predictedper
ceptis an “open door detectedthenthe navigation procesds deactvated. Other discreteevents
thatmight have to be predictedbasedon the continuouseffectsof navigationincludeenteringand
leaving aroom, having comewithin onemeterof the destinationgtc.

Interfer encebetweencontinuouseffects.For thecontrolprocessethatsetvoltagedor therobot's
motors,the possiblemodesof interferencebetweencontrol processearelimited. If they generate
signalsfor the samemotorsthe combinedeffectsare determinedy the so-calledtaskarbitration
schemgArkin, 1998). Themostcommontaskarbitrationschemesare(1) behaior blending(where
the motor signalis a weightedsum of the currentinput signals)(Konolige, Myers, Ruspini, &
Safotti, 1997);(2) prioritized control signals(wherethe motor signalis the signalof the process
with the highestpriority) (Brooks,1986);and (3) exclusionof concurrentcontrol signalsthrough
the useof semaphoresin our plans,we exclude multiple control signalsto the samemotorsbut
they canbe easilyincorporatedin the predictionmechanism. Thus the only remainingtype of
interferences the superpositiorof movementssuchasturningthe camerawvhile moving.
Uncertainty. Therearevariouskindsof uncertaintyandnon-determinisnin therobot's actionsthat
a causalmodelshouldrepresentlt is oftennecessaryo specifya probability distribution over the
averagespeedandthedisplacementsf pointsonthe pathsto enablemodelsto predictthe rangeof
spatio-temporabehaior thata navigation plan cangenerate Anotherimportantissueis to model
probability distributions over the occurrenceof exogenousvents. In mostdynamicervironments
exogenousventssuchasopeningandclosingdoorsmight occuratary time.

3. Modeling Reactive Control Processeand Continuous Change

Letusnow conceptualizéhebehaior generatedhy modernrobotplansandtheinteractionbetween
behaior andtheinterpretatiorof reactive plans. We baseour conceptualizatioton the vocalulary
of hybrid systemsHybrid systemdave beendevelopedto designjmplementandverify embedded
systemscollectionsof computemprogramghatinteractwith eachotherandananalogernvironment
(Alur, Henzinger& Wong-Toi, 1997;Alur, Henzinger& Ho, 1996).

The adwantageof a hybrid systembasedconceptualizatiomver state-basednesis thathybrid
systemsare designedo representoncurrentprocessesvith interfering continuouseffects. They
alsoallow for discretechangesn procesgarameterizationyhich we needto modeltheactvation,
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deactvation, andreparameterizatioof control processeshroughreactie plans. In addition, hy-
brid systembasedconceptualizationsanmodelthe proceduralmeaningof wait for andwhenever
statements.

As picturedin Figure9, we considerthe robotandits operatingenvironmentastwo interact-
ing processesthe ervironmentincluding the robot hardware, which is also calledthe controlled
processandthe concurrenteactve plan, which is the controlling process.The stateof the ervi-
ronmentis representedby statevariablesincluding the variablesx andy, the robot's real position
anddoor-anglg representinghe openingangleof doori. Therobotcontrollerusesuents to store
the robot's measurementsf thesestatevariables(robot-x robot-y door-al2Qq etc.). The uents
arecontinuallyupdatedby the self-localizationprocessanda model-base@stimatoifor estimating
the openinganglesof doors. The controlinputsof the planfor the ervironmentprocesss a vector
thatincludesthetravelmode the parameterizatioof the navigationprocesseandthecurrenttarget
pointto bereachedy therobot.

Environment

A

State Variables:

DOOR-
X Y  ANGLE

Control Inputs Exogenous Events Sensing Process
- Travel Mode going-for-lunch(person) - self localization
- Target Point - door angle estimation

A

Concurrent Reactive Plan

robot-x
Delivery Plan
from Figure 1 robot-y
door-i

Figure9: The gure shavsourconceptualizationf theexecutionof navigationplans.Therelevant
statevariablesarethex andy coordinate®f therobot's positionandopeninganglesof the
doors.The uents thatestimatehesestatevariablesarerobot-x robot-y, anddooral2Q

3.1 A Hybrid SystemModel for Reactive Robot Behavior

We will now modelthe controlledprocessas a hybrid system(Alur et al., 1997,1996). Hybrid
systemsare continuousvariable,continuoustime systemswith a phasedoperation. Within each
phase,called control mode the systemevolves continuouslyaccordingto the dynamicallaw of
that mode, called continuous ow. Thusthe stateof the hybrid systemcan be thoughtof asa
pair — the control mode and the continuousstate. The control modeidenti es a ow, andthe
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continuous o w identi es a positionin it. Also associatedvith eachcontrol modeare so-called
jump conditions specifyingthe conditionsthat the discretestateandthe continuousstatetogether
mustsatisfyto enableatransitionto anothercontrolmode.Thetransitionscancauseabruptchanges
of thediscreteaswell asthe continuousstate. The jumprelation speci esthe valid settingsof the

systemvariableghatmightoccurduringajump. Then,until thenext transition thecontinuousstate
evolvesaccordingto the o w identi ed by the new controlmode.

Whenconsideringheinterpretatiorof concurrenteactve plansasa hybrid systemthe control
modeis determinedy thesetof active controlprocesseandtheir parameterizatioriThecontinuous
stateis characterizedy the systemvariablesx, y, and o that representhe robot's positionand
orientation.The continuouso w describehow thesestatevariableschangeasaresultof theactive
control processesThis changeis representedby the componentvelocitiesx, y, ando. Thusfor
eachcontrol modethe robot's velocity is constant. Linear o w conditionsare sufcient because
the robot's pathscan be approximatedaccuratelyenoughusing polylines (Beetz& Grosskreutz,
1998).They arealsocomputationallymucheasiermndfasterto handle.Thejump conditionsarethe
conditionsthataremonitoredby constrainingcontrolprocessewhich activateanddeactvateother
controlprocesses.

Thusthe interpretationof a navigation plan accordingto the hybrid systemamodelworks as
follows. The hybrid systemstartsat someinitial statehcmg; Xoi. The statetrajectoryevolveswith
the control mode remainingconstantand the continuousstatex evolving accordingto the ow
conditionof cm. Whenthe (estimatedfontinuousstatesatis esthetransitionconditionof anedge
from modecm to amodecm®a jump mustbe madeto modecm®, wherethe modemightbe chosen
probabilistically During the jump the continuousstatemay getinitialized to a new valuex® The
new stateis the pair em® x3. The continuousstatex® evolvesaccordingto the o w conditionof
cm®.

The constructiorof the hybrid systemfor a given concurrentplanis straightforvard. We start
atthe currentplan executionstate.For every concurrentactive statemenbof the form wait for cond
andwhenever condwe addcondasa jump conditionto the currentcontrolmode. In additionwe
have oneadditionaljump conditionfor the completionof the planstep.

Figure 10 depictsthe interpretationof the rst part of the navigation plan shavn in Figure 2.
Theinterpretatioris representedsa treewherethe nodesrepresenthe control modesof the cor-
respondindiybrid systemandthe nodelabelsthe continuouso w. The edgesarethe controlmode
transitionslabeledwith the jump conditions. The robot startsexecutingthe planin room A-117.
Theinitial controlmodeof the hybrid systemis theroot of the statetreedepictedn Figure10. The
initial staterepresentshe stateof computationwvherethe rst control processesf thetwo parallel
branchesareactie, thatis the processefor goingto the intermediatgargetpoint 1 andmaintain-
ing the “of ce mode”astherobot's travel mode. The o w speci esthatwhile the robotis in the
initial controlmodethe absolutevalue of the derivative of the robot's positionis a function of the
robot's navigation mode(of ce, doorway, or hallway) andthe next intermediataarget point. The
hybrid systemmalesatransitioninto oneof thesubsequerdtatesvheneitherthe rst tamgetpointis
reachedr whenthe distanceo thedoorway becomedessthanonemeter Thetransitioncondition
for the upperedgeis thatthe robothascomesufciently closeto the doorway, for the lower edge
thatit hasreachedhe rst targetpoint. For the lower edge,the hybrid systemgoesinto the state
wherethe robot goesto the target point 2 while still keepingthe of ce modeasits currenttravel
mode. In the othertransitionthe robotchangests travel modeto doorway andkeepsapproaching
the rst targetpoint. The only variablesthat are changedhroughthe control modetransitionsare
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= fy(hallway, 230Q 800)
ez : dist(hx; yi; Xgus dW|)> 100
[control mode:cmy

contol mode:cmg
x = f1(hallway, 230Q 800Q)

x_= fy(doorway 230Q 800))
= f,(doorway 2300 800)

ﬁoawoo

contol mode:cmy
A X w; Yawi) < 100 x = f1(doorway h230Q 90G))
= f,(doorway R230Q 900))

[SE

contol mode:cmy
X0=2400,y0=600
x = f1(ofce; R230Q 800)
y = fo(ofce; 2300 800)

contol mode:cng
€y ! x = f1(ofce; 1200 1100)

= f,(ofce; h120Q 1100)

= 23002y= 900
contol mode:cnmp
x = f1(of ce; 230Q 900))
= f,(of ce; 2300 900)

eg :  dist(hx; y|W< 100
contol mode:cmg
x = fi(doorway R230Q 900)

y = fo(doorway 2300 900)

Figure10: The gure shaws the hybrid automatorfor the interpretationof the navigation planin
Figure2. The possiblecontrolmodeswith the continuous o w equationsare depicted
asnodesandthemodetransitionsasedges.Theedgesarelabeledwith jump conditions:
enteringdoorway (e1, €g), leaving doorway (e3), reaching rst waypoint(ez, e4), and
reachingsecondvaypoint(es).

the velocity of therobotandits orientation.Both settingsareimplied by the o w conditionof the
respectre successostates.

Thereis oneissuethat we have not yet addressedh our conceptualizationuncertainty We
modeluncertaintywith respecto the continuouseffectsandthe achiezementof jump conditions
usingmultiple alternatve successomodeswith varying o ws andjump conditions. We associate
a probability of occurrencewith eachmodetransition. This way we can, for example,represent
rotationalinaccuracie®f navigationactionsthataretypical for mobilerobots.
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3.2 Representationof the Hybrid SystemModel

Let us now formalize our hybrid systemconceptualizatiomsinga logical notation. To do so, we

are going to usethe following predicateso describethe evolution of the systemstates: jump-
Condition(cm,e), jumpSuccessorfem’,probRang), jumpRelation(cm',vals,f |dws), and prob-

Rang(emax) jumpCondition(cm,g) representsnodecm beingleft alongedgee whencondition
¢ becomedrue. jumpSuccessorf@m’,probRang) de nes the non-deterministicsuccessostates
cm' andthe probability ProbRang with which they are enteredif the systemmalesa transition
alonge. jumpRelation(cm'yals,f Iows) de nestheinitial valuesof the statevariablesandthe o w

conditionsuponenteringstatecm'. A jump e causeshe automatorto transitprobabilisticallyinto

asuccessomode.

For eachpossiblesuccessowe de ne a probability rangeprobRang. For reasonghatareex-
plainedbelon we representhe probabilityrangessuchthatthey arenon-overlapping their relative
sizesare proportionalto the probability they represen{the sum of the rangesis 1) andthattheir
boundariedhave theform 2'—n wherei andn areintegers.The predicatgprobRan@(e2") de nesthe
sumof therangesA possibldransitionwith aprobabilityrange[zi—n; Zj—n] is representedsjumpSuc-

cessor(em',[i,j]) . The predicatgumpRelation(cmyals; f 16ws) meanghatuponenteringcontrol
modecm' the systenvariablesand o ws areinitialized asspeci ed by vals andf |ows.

Usingthepredicatesntroducedabore, we canstatea probabilistichybrid automator{Figure10)
for theinterpretatiorof our navigation planusingthefollowing facts.

jumpRelation(cmh2400,600, i 1 (of ce; 30Q 800 ); f »(of ce; 300 800))i)
jumpCondition(crg,ey,dist(hx; yi; ,Xgw; Yawi) < 100
jumpCondition(cm,e;,x = 2300" y = 800

jumpSuccessor{ecmy,[1,1])
probRang(e,1)

jumpRelation(cmhi i 1 (doorway 2300 800 ); f »(doorway 2300 800 )i)
jumpRelation(cmhi ,H 1 (of ce; 30Q 900 ); f »(of ce; 230Q 900G )i)

The robot startsat position 40Q 600 in control modecmy in which the robot leaves the
lower of ce on the right. In this control mode the robot moves with H 1(of ce; 2300 80G);
f,(ofce; 2300 800)i. The navigation systemleaves control mode chy when coming closeto
the door (dist(hx; yi; ' gw; Yawi) < 100 by performingthe transitione;. If the systemperforms
thetransitione; thenthe control o w changedecausehe low-level navigation plan switchesinto
the navigationmodedoorway In our example,this transitionis deterministic.

To accountfor uncertaintyin controlwe make thesetransitionsprobabilistically Thuswe can
substitutethe control modecny by multiple control modes,say ¢ and cnf®wherethe control
o ws of the modesaresampledrom a probability distribution. We canthenstatefor examplethat
with a probability of 75%(}—%) thesystentransitsinto controlmodecnd) andwith 25%(%) into the
modecn%y de ning the effectsof thetransitione; asfollows:

jumpCondition(crg, ey, dist(hx; yi; Xgw; Yawi) < 100
jumpSuccessor{gent,[1,12])
jumpSuccessor{gcnt?),[13,16])

probRan@(e,16)
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To representhestateof ahybrid automatorwe usethe predicatesnode(cmandstartTime(cm,t)
to representhatthe currentcontrolmodeis cmandthatcm startedat time t. We use ow( ow) and
valuesAt(;,val;) to asserthe o ws andvaluesof systemvariablesfor giventime points. Further
thevaluesof systemvariablescanbeinferredfor arbitrarytime pointsthroughinterpolationon the
basisof thecurrent o w andthelastinstance®f valuesAt(j,val;). Thisis doneusingthe predicate
stateVars\als:

stateVrVals(vals) valuesAt(p,varsg) * now(t)
Nlow( ow) A vals = valsg + (I tg) ow

wherenow(t)speci esthatt is thecurrenttime. Note,in this conceptualizatiomwe representhedis-

cretestatechangesxplicitly andthe stateswithin amodeusingthemodesinitial stateandits o w.

A particularstatewithin amodecanbe derived on demandusingthe predicatestateVar\Vals. Inter

ferencedetweendifferentmovementsof the robotissuedin differentcontrolthreadsaremodeled
throughthemodes o w.

Figure11 depictsanexecutionscenarioa possibleevolution of the hybrid systenrepresenting
how theexecutionof arobotcontrollermightgo. An executionscenarids a consistensetof jumps
andvaluesfrom the hybrid modelover time. Fromthis we canextract eventhistoriesthatcanbe
usedto simulateplanexecutionandlook for aws.

An executionscenaricconsistof atimeling alinearsequencef eventsandtheirresults. Time-
linesrepresenthe effectsof planexecutionin termsof time instants occasionsandco-occurring
events This implies that several eventscanoccurat the sametime instantbut only one of them,
the primaryone,changeshe stateof theworld. Timeinstantsarepointsin time atwhich theworld
changeslueto anactionof the robot or an exogenousvent. Eachtime instanthasa date which
holdsthe time on the global clock at which the time instantoccurred.An occasionis a stretchof
time over which aworld stateP holdsandis speci ed by a proposition,which described$®, andthe
time intenval for which the propositionis true.

We deal with otherkinds of uncertaintyby representingour model using McDermott's rule
languagdor probabilistic,totally-orderedemporalprojection(McDermott,1994). Using this lan-
guagewe can representPoissondistributed exogenousevents, probability distributions over the
currentworld state,andprobabilisticsensormandactionmodelsin away thatis consistentith our
modelpresentedofar.

3.3 Discussionof the Model

Let usnow discusshow our hybrid systemmodeladdressetheissuesaisedin Section2.3. There
aretwo inferencetasksconcerningthe issueof continuouschangecausedoy concurrentreactve

plansthataresupportedy ourmodel. The rst oneis inferringthe stateata particulartime instant.
For example,if theprojectionmechanisnpredictstheoccurrencef anexogenousevent,suchasan

objectfalling out of therobot's gripper thenthe projectionmechanisnhasto infer wheretherobot
is atthis time instantto asserthe positionof the objectafterfalling dovn. This canbe doneusing
theinitial stateandthe o w conditionof the active controlmode. The secondmportantinference
taskis the predictionof control modejumps causedoy the continuouseffects of low-level plans,
suchastherobotenteringthe hallway. This canbeinferredusingthe jump conditionsof the active

controlmodein additionto theinitial stateandthe o w condition.
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( mode(cmo) ) (mode(cml)

C initialValues(cmo,<2400,600>) ) GnitiaIVaIues(cm
( startTime(cmo,0) ) (startTime(cml,Sj
[ flow(<f, (office,<2300,900>),f,(office,<2300,900>)>) ) (ﬂow(<f1(off...

@aluesAt(t3,<2360,85o>))

S I NN N Y

clock-tick(t:) | | clock-tick(tz) | | clock-tick(ts) clock-tick(ts) | | clock-tick(ts) | | clock-tick(ts)

jump(ex)

Figurell: Partof atimelinethatrepresents projectedexecutionscenaridor alow-level naviga-
tion plan. Time instantsare depictedascircles,eventsasrectanglesandoccasionsas
rectanglesvith roundcorners.

The secondssuethatwe have raisedin Section2.3is the predictionof therobot's reactiongo
instantaneousvents,suchasdroppingan object. Typically, a reactive planfor carryingan object
containssub-planghatasktherobotto stopandpick up the objectagain assoonasthe sensedorce
in the gripperdrops. Thesekinds of reactionsarehandledby checkingall active jump conditions
immediatelyafteraninstantaneousventhasoccurred.

Thethird issuein projectingconcurrenteactive plansis theinterferencebetweersimultaneous
continuouseffects.In our model,interferencas modelledby describingheeffectsof controlmode
jumpson the o w conditionof the subsequentontrolmode. The programmemustspecifyrules
describinghephysicsof thedomainfor specifyingthe o w conditionof thenext mode.Thus,when
asub-planfor moving therobot's armis startedwhile therobotis moving, thentherule describing
the effects of the correspondingontrol modejump assertdhe o w conditionspecifyingthat the
world coordinatef the gripperare determinedoy the gripperpositionat the modejump andthe
transpositiorof thetwo motionsin thesuccessomode.

Our lastissueis that of uncertainty One aspectof uncertaintythat our model supportsare
inaccuraciei thephysicalbehaior of therobot. Thisis modelledby specifyingprobability distri-
butionsover the successomodeswhena control modejump occurs. Otheraspect®f uncertainty
including probabilistic sensormodels, uncertaintyof instantaneoughysical effects, uncertainty
aboutthe stateof the world, andPoissordistributedexogenousventsarehandledby therule lan-
guagethatwe describéan thenext section.In particular we will give examplesof exogenousvents
andpassve sensorsn Section5.3andadetailedprobabilisticmodelof acomplex sensingactionin
Section5.4.
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Ourapproactdoesnotexplicitly reasoraboutthe belief state.We assumehatthe belief stateis
computeddy probabilisticstateestimatorg Thrunetal., 2000). Suchstateestimatorsotonly return
themostlik ely statebut alsoinfer additionalpropertiesof the belief statesuchasits ambiguityand
theexpectedaccurag of its globalmaximum.Theplan-basedontrollerinterruptsdelivery toursas
soonasthe positionestimateis ambiguousor too inaccurate Detailsof this mechanismaswell as
motivationsfor it canbefoundin thework of Beetz,Burgard, Fox, andCremerg1998).

4. Probabilistic, Totally-Order ed Temporal Projection

In the last sectionwe have seenhow hybrid systemsand executionscenariosare representedIn
this section,we will seehow we can predictexecutionscenariodrom the speci cation of a hy-
brid system.For this purposewe useMcDermotts rule languagefor probabilistic,totally-ordered
temporalprojection(McDermott,1994). This rule languagehasthe expressienesseededor our
purpose:we can specify the probabilitiesof event effects dependingon the respectre situation,
Poissondistributed events,and probability distributions over the delaysbetweensubsequenplan
generatedvents. Uncertaintyaboutthe currentstateof the world canbe speci ed in the form of
probabilisticeffect rulesof thedistinctstartevent.

Thisrule languageas anexcellentbasisfor formalizingour modelintroducedn thelastsection.
A setof rulesthatsatis escertainconditionsimpliesa uniquedistribution of datedeventsequences
that satis esthe probabilisticconditionsof the individual rules (seeDe nition 2 in Section4.1).
Thusif we give probabilisticformalizationsof the behaior within controlmodesandmodejumps
in McDermott’s rule languagethenwe de ne a uniqueprobability distribution over the statetra-
jectoriesof the hybrid automatorthatsatis esour probabilisticconstraintsMoreover, McDermott
hasdevelopeda provably correctprojectionalgorithmthatsampleslatedeventsequenceom this
uniquedistribution.

In theremaindeof this sectionwe will proceedasfollows. We startby presentindMcDermott's
rule languageor probabilistic,totally-orderedemporalprojectionand summarizehe main prop-
ertiesof this language.We will thenrepresenbur hybrid systemmodelusingthis rule language.
Basedon this representatiowe can,looselyspeakingshav thatwhenapplyingMcDermott's pro-
jectionalgorithmto the representationf the hybrid system the algorithmreturnsdatedevent se-
guencesiravn from the uniquedistribution implied by our ruleswith arbitrarily high probability.

Note,to obtaintheseresultswe will useadiscretizedmodelof time with clock tick eventsthat
can be spacedarbitrarily closetogetherresultingin higheraccurag of the projectionalgorithm.
This makesthe useof this representatiomfeasiblein practice. Therefore we eliminatethe need
for clocktick eventsin Section5 by makinguseof McDermotts persist effects.

4.1 McDermott' s Rule Languagefor Probabilistic, Totally-ordered Temporal Projection

Thedifferentkinds of rulesprovided by this languageareprojectionrules,effect rules,andexoge-
nouseventrules. Projectionrulesspecifythe sequencef datedeventscausedy low-level plans,
effect rulesspecifycausalmodelsof sensingprocesseandactions,andexogenousventrulesare
usedto specifythe occurrenceof eventsnot underthe control of the robot. We will describethese
kindsof rulesbelow.

Projectionrules canbe usedto specifythe sequencef eventscausedy theinterpretatiorof
alow-level plan. Projectionruleshave theform
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project rule name(ags)
if cond
with a delay of 1 occurs evi

with a delay of  occurs ev,

andspecifythatif low-level plan name(ags)is executedandconditioncondholdsthenthe
low-level plan generateshe eventsevy, ..., ev, with relative delays 1, ..., n, respectrely.
Thus,projectionrulesgenerata sequencef datedevents.

Uncertainmodelscanberepresentethy samplingthe ; from a probability distribution over
durationsandby specifyingconditionsthataresatis ed only with a certainprobability.

Effectrulesareusedo specifyconditionalprobabilisticeffectsof events. They have theform
e! prule name

if cond
then with probability event ev causes effs

andspecifythatwheneer eventev occursandcondholds,thenwith probability createand
clip statesasspeci edin effs. Theeffectsof thee! prule ruleshavetheform A, causinghe
occasiomto hold,@ A, causingA to ceasedo hold, andpersist t A, causingA to holdfor t
time units.

Exogenousewent rules areusedto specifythe conditionaloccurrenceof exogenousevents.
Therule

p! erule name
while condwith an avg spacing of  occurs ev

speci es that over ary interval in which condis true, exogenouseventsev are generated
Poisson-distribtedwith anaveragespacingof time units.

Beforeproving propertiesof our modelwe must rst introduceMcDermott's semantic®f pos-

sibleworlds. To doso,wede ne thekey notionsof theunderlyingconceptualizatiom De nition 1.

The evolution of theworld is describedasa sequenc®f datedinstantaneousventswherean oc-

currencee@tspeci esthatevente occursattime instantt. In addition,we have afunctionmapping
timeinstantsanto world statesMore preciselythesenotionsarede ned asfollows (seeMcDermott,
1994).

De nition 1 A world stateis a functionfrom propositionsto f T,F?g andis extendedto boolean
formulasin the usualway An occurrencee@tis a pair ¢ = (e;t), whee e is an eventandt a
time(t 2 <.). Anoccurrencesequencas a nite sequenc®f occurrencesprdered by date Its
duration is the date of the last occurrence A world of duration L, whee L 2 <., is a complete
historyof duration L, thatis, it is a pair (C; H), whele C is an occurrencesequenceavith duration

L, andH is afunctionfrom[0; L] to world states.In H (0) all propositionsare mappedo F, and
iftl< t2andH (t1) 8 H (t2) thenthere mustbean occurencee@twithtl t t2.

821



BEETZ & GROSSKREUTZ

We usethefollowing abbreviations: (A # t)(W), “A aftert in executionscenarioN”, to mean
thatthereis some > Osuchthat8t:t < t%< t+ ) H(@{9(A) = T. (A" t)(W), “A beforet
in W” is similarly de ned, but the upperboundfor t%includest.

After we have describechow we representhe changein the world, we statethe conditions
underwhich worldsof durationareconsistentvith a givensetof eventeffectsandexogenousvent
rules.To doso,we haveto statetheconstraintghattherules,thelocal probabilisticmodelsjmpose
on stateevolution. For this de nition we take the plangenerateaventsthataretypically speci ed
throughprojectrules,asgiven.

De nition 2 If T is a setof rulesasde nedabove, E xog is an occurencesequencg P is the set
of propositionsandL is arealnumber duration (Exog), thenan L-Model of T and Exogis a
pair (U;M ), where U is a setof worlds of duration L sudthat8(C;H) 2 U : Exog C, and
M is a probability measue on U that obeysthe following restrictions: (A#t), (A"t) ande@t are
consideedasrandomvariables.A is the“annihilation” of a conjunctionA, thatis the conjunction
of the nggationsof the conjunctsof A.

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

2. Event-efectrules: If T containsarule instance
e! prule nameif Athen with probability r event ecauses B,

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

3. Event-efectrules whenthe eventsdon't occur: SupposeB is an atomicformula, and let
R = fRjg bethesetof all instancesfe! p ruleswhoseconsequentsontainB or: B. If
el prule Rj = if Aj then with probability p; event E; causes C;i, thenletD; = A; * Cj,
ThenM (B#tjB"t~* N) = 1andM (B#tj: B"t* N) = OwheeN = (: E;@ _: D))"
(: Ex@ _: Do) N

4. Event-occurrencerules: For everytime pointt sud that no occurrencewith datet is in
E xog andeveryeventE, sud thatthere is exactlyoneinstance

p! erule namewhile A with an avg spacing of doccurs E

with M (a"t) > 0 require

M (occ.of classE betweert andt+dtjA"t) _

at 1=d

limgn o

M (occ.of classE betweert andt+dtj: A"t) _
dt N

2. Exag is anoccurrencesequencewhich representshe eventsgeneratedy theinterpretatiorof the robot's planand
modeledusingprojectionrules.

limgy o 0
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if there existsno sosud rule, require

M (occ.of classkE betweert andt+dt) 0
dt -

limatr o

5. Conditional independenceilf oneof the previous clausesde nesa conditional probability
M ( j ), which mentiongimest, then is conditionallyindependentgiven , of all other
randomvariablesmentioningtimeson or beforet. Thatis, for arbitrary mentioningtimes
onorbefoet, M( j )=M( ]| ™ ).

McDermott(1994)shaws thatthis de nition yieldsauniqueprobabilitydistributionM . He also
gives a proof that his projectionalgorithm dravs randomexecutionscenariossampledfrom this
uniqueprobability distributionimplied by the given probabilisticmodels.

4.2 Probabilistic Temporal Rulesfor PHAMs

In orderto predictthe evolution of a hybrid systemwe specifyrulesin McDermotts rule language
that, given the stateof the systemand a time t, predictthe successostateatt. To predictthe
successostate we mustdistinguishthreecases:rst, a controlmodetransitionoccurs;secondan
exogenousventoccurs;andthird, the systemchangesccordingto the o w of thecurrentmode.

We will startwith therulesfor predictingcontrolmodejumps. To ensurethatmodetransitions
are generatedas speci ed by the probability distributions over the successomodes,we will use
thepredicateandomlySampledSuccessorModateandrealizearandomnumbergeneratousing
McDermotts rule language.

randomlySampledSuccessorModgate
probRange(e;max) » randomN umber(n; max)
N jumpSuccessoi(e;cm;range) * n 2 range

In orderto samplevaluesfrom probabilitydistributionswe have to axiomatizearandomnumber
generatotthat assertsnstancesf the predicaterandomNumber(n,maxjsedabore (seeBeetz&
Grosskreutz2000). We do this by formalizingarandomizeavent. McDermott(1994)discussethe
usefulnes®f, andthe dif culties in, realizingnondeterministiexclusive outcomes.Thereforein
hisimplementatiorhe escapeso Lisp andusesa functionthatreturnsarandomelement.

Lemmal AtanytimepointrandomNumbehnasexactlyoneextensiorrandomNumber(max)wheie
r is an unbiasedandombetweerd and max.

Proof: Let max be the largestprobRan@ extensionand randomBit(i,value}the i-th randombit.
The startevent that causeghe initial statetimeline causesandomBit(i,0)80 i logmax .
Thereafterarandomize eventis usedto sampletheir value:

e! prule RANDOMIZE
if randomBit(i,valy* negation(val,ng)
then with probability 0.5
event randomize
causes randomBit(i,ng) * clip randomBit(i,val)
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RuleM oDE-JumP causes controlmodetransitionassoonasthejump conditioncondbecomes
true. Therule saysthatin ary interval in which cmis the currentcontrol modeandin which the
jump condition cond for leaving cm following edgeedge a jump along edge will occurwith an
averagedelayof time units.

p! erule MODE-JUMP
while mode(cm}* jumpCondition(cm,cond,edy
N stateVdrs\al(valg * satis es(vals,cond)
with an average spacing of timeunits
occurs jump(ed@)

Rule Jump-EFFECTS speci esthe effectsof an jump eventon the control mode,systemvari-
ables,andthe ow. If cmis a control moderandomlysampledfrom the probability distribution
over successonodedor jumpsalongedge thenthejump alongedge hasthe following effects. The
valuesof the statevariablesandthe o w conditionof the previouscontrolmodecm,q areretracted
andthe onesfor thenew controlmodecmareasserted.

e! prule JuMP-EFFECTS
if randomlySampledSuccessorModeéxin)
A initialValues(cmyal) » owCond(cm,ow) ~ now(t)
N mode(crgig) ® ow( oW giq) N valuesAt(diq,valiq)
then with probability 1.0
event jump(edg)
causes mode(cm}* ow( ow) " valuesAt(tansimeval)
A clip mode(crgig) * clip ow( ow gg) ~ clip valuesAt(lq,valiq)

Time is advancedusingclock-tick events. With every CLock-Tick(?t) eventthe nowpredicate
is updatedby clipping the previoustime andassertinghe newv one. Note, the time differs at most
dtciocktime unitsfrom theactualtime.

e! prule CLOCK-RULE
if now(b)
then with probability 1.0
event clodk-tick(t)
causes now(t)”" clip now(b)

Exogenousaventsare modeledusing rules of the following structure. When the navigation
processs in the controlmodecmandthe valuesvals of the statevariablessatisfythe conditionfor
the occurrenceof the exogenousventev, thenthe eventev occurswith averagespacingof time
units.

p! erule CAUSE-EXO-EVENT
while mode(cm)* exoEventCond(cm,conde
N stateVars\al(vals) © satis es(vals,cond)
with an average spacing of timeunits
occurs exoEvent(g)
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The effectsof exogenousaventrulesarespeci ed by rulesof the following form. The exoge-
nousevent exoEvent(g) with effect speci cation exoEfect(ev,val)) causeghe valuesof the state
variableso changerom val, to val.

e! prule EXO-EVENT-EFFECT
if exoEfect(eyval)) * valuesAt(,val) ~ now(t)
then with probability 1.0

event exoEvent(g)

causes valuesAt(tval) * clip valuesAt(,valo)

4.3 Propertiesof PHAMs

We have seenin the last sectionthat a PHAM consistsof the rules abose and a setof factsthat
constitutethe hybrid automataepresentationf agivencrp. In this sectionwe investigatewhether
PHAMS make the“right” predictions.

Thereare essentiallythreepropertiesof predictedexecutionscenarioghatwe wantto ensure.
First, predictedcontrol modesequenceare consistenwith the speci ed hybrid system. Second,
modejumpsarepredictedaccordingto the speci ed probability distribution over successomodes.
Third, betweertwo successie events,thebehaior is predictedaccordingo the o w of therespec-
tive controlmode.

As McDermott's formalismdoesnot allow for modelinginstantaneoustatetransitionswe can
only shav thatcontrolmodesequencei executionscenariosreprobablyapproximatelyaccurate.
In our view, thisis a low price for the expressienesswe gain throughthe availability of Poisson
distributedexogenousevents.

Thesubsequenemma2 stateghatcontrolmodejumpscanbepredictedwith arbitraryaccurag
andarbitrarily high probability by decreasinghetime betweersuccessie clock ticks.

Lemma 2 For eadh probability anddelay , there existsa (average delayof the occurrenceof
an eventafterthetriggering conditionhasbecomdrue) anda dt ok (timebetweeriwo subsequent
clock ticks) sud thatwheneer a jump conditionbecomesatis ed,thenwith probability 1 a
jumpeventwill occurwithin timeunits.

Proof: Lett bethetime wherethe jump conditionis ful lled. If =(2log(1=)) anddtiock
=2 thenatmost =2 time unitsaftert theantecederf rule Mobe-JumP is ful lled. Theprobabil-
ity thatnoeventof clas§ ump(cm9 occursbetween+ =2andt+ is e 2 )= ¢ 1001=) = |
sowith probability 1  suchaneventwill occuratmost time unitsaftert.

This impliesthatthereis alwaysa non-zerochancethat controlmodesequencearepredicted
incorrectly It happensnly whentwo jump conditionsbecometrue andthe jump triggeredby the
laterconditionoccurredbeforethe otherone.However, the probabilityof suchincorrectpredictions
canbemadearbitrarily smallby the choiceof anddtggck.

The basicframework of hybrid systemadoesnot take the possibility of exogenouseventsinto
accountandtherebyallows for proving strongsystempropertiessuchasthe reachabilityof goal
statesfrom arbitrary initial conditionsor safety conditionsfor the systembehaior (Alur et al.,
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1997,1996). For the predictionof robot behaior in dynamicervironmentstheseassumptions,
however, areunrealistic. Therefore we only have a wealer property namelythe correspondence
betweenthe predictedbehaior andthe o ws speci ed by the hybrid systembetweenimmediate
subsequerdvents.

Lemma3 LetW beanexecutionscenarioe; @1 ande,@, betwoimmediatesubsequendvents
of typejump or exoEvent and cm be the control modeaftert, in W. Then,for every occurrence
e@twitht; < t  to, W(t)(state\dr\Valsgals)) is unique Further vals = vals; + (t-ty) *
o w(cm), wheee vals; arethevaluesof thestatevariablesatt;.

Proof: Thereareonly two classe®f rulesthat affect the value of valuesAtand ow : rule JUMP-
EFFECTS, andrule EXO-EVENT-EFFECT. Theserulesalwaysclip andsetexactly oneextensionof
the predicatesthustogetherwith the factthatthe initial event assertexactly onesuchpredicate,
the determinedvalueis unique.

Duringtheinterval between ; andt, theextensionof state\arVals evolvesaccordingo the o w
conditionof modecm dueto thefactthat ow is notchangeay rule Exo-EVENT-EFFECT. Thus
it remainsasinitially setby rule Jump-EFFECTS, which assertexactly the ow correspondingo
cm The propositionthenfollows from the assumptiorof a correctaxiomatizatiornof additionand
Scalarvectormultiplication.

Anotherimportantpropertyof our representatiofis that jumpsare predictedaccordingto the
probability distributionsspeci ed for the hybrid automaton.

Lemma 4 Whengerajumpalongan edge e occurs, the successostateis chosenaccodingto the
probability distribution impliedby probRangend jumpSuccessor

Proof: This follows from the propertieof therandomizeaventandRule Jump-Efects

Using the lemmatawe canstateand showv the centralpropertiesof PHAMS: (1) the predicted
control modetransitionscorrespondo thosespeci ed by the hybrid automatonand(2) the same
holdsfor the continuouspredictedbehaior betweenexogenousevents;(3) Exogenousventsare
generatechccordingto their probabilitiesover a continuousdomain(this is shavn in McDermott,
1994).

Theorem1 Everysequenc®f modeg(cm) occasiondollowsa brandh (cm;); :::; (cmy) of the hy-
brid automaton.

Proof: Eachoccasiormode(cm)nustbe assertedy rule Jump-EFFECTS. Thereforetheremust

have beenajump(e)event. Consequentjtheremusthave beenajumpConditionfrom the previous
controlmodeto cm
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Becausgump eventsare modeledas Poissondistributed eventsthereis alwaysthe chanceof
predictingcontrolmodesequencethatarenot valid with respecto the original hybrid system.So
next we will boundthe probability of predictingsuchmodesequenceby choosingthe parameteri-
zationof thejump eventandclock tick eventrulesappropriately

Theorem 2 For every probability there existsan average delay of a modejump event anda
delaydtqock With which the satisfactionof jump conditionsis realizedsud that with probability

1 the vals of state\ar\Vals occasionshetweertwo immediatesubsequengxogenousevents
follow a statetrajectoryof the hybrid automaton.

Proof: Theproofis basedn the propertythatjumpsoccurin their correctorderwith anarbitrarily

high probability In particular we canchoose asa function of the minimal delay betweenjump

conditionsbecomingtrue. Then,the jumpsto successomodesoccurwith arbitrarily high proba-
bility (Lemma2). Finally, accordingto Lemmag3 thetrajectoryof state\arVals betweertransitions
is accurate.

5. The Implementation of PHAMs

We have now shavn thatPHAMS de ne probability distributionsover possibleexecutionscenarios
with respecto a givenbelief state. The problemof usingPHAMS is obvious. Nontrivial CRPsfor
controlling robotsreliably requirehundredsof lines of code. Thereare typically several control
processegctive, mary morearedormant,waiting for conditionsthattriggertheir execution. The
hybrid automatdor suchCRPsarehuge,the branchingfactorsfor modetransitionsareimmense.
Letalonethedistribution of executionscenarioshatthey mightgenerateTheaccurateomputation
of this probability distribution is prohibitively expensve in termsof computationatesources.

Thereis a secondsourceof inef ciency in therealizationof PHAMS. In PHAMS we have used
clock tick rules, Poissondistributed events, that generateclock ticks with an averagespacingof

time units. We have doneso, in orderto formalize the operationof CRPsin a single concise
framework. Theproblemwith thisapproachs thatin orderto predictcontrolmodejumpsaccurately
we mustchoose to be very small. This, however, increaseghe numberof clock tick events
drasticallyandmakesthe approactinfeasiblefor all but the mostsimplescenarios.

In orderto draw sampleexecutionscenariogrom the distribution implied by the causalmodel
andtheinitial statedescriptionrwe useanextensionof the X FRM projector(McDermott,1992b)that
emplgys the RPL interpreter(McDermott, 1991)togetherwith McDermotts algorithmfor proba-
bilistic temporalprojection(McDermott,1994). The projectortakesasits input a CrRP, rulesfor
generatingexogenousvents,a setof probabilisticrulesdescribinghe effectsof eventsandactions,
anda (probabilistic)initial statedescription. To predictthe effectsof low-level plansthe projec-
tor sampleseffectsfrom the probabilisticcausalmodelsof the low-level plansandassertshemas
propositiongo thetimeline. Similarly, whenthe planactivatesa sensorthe projectormakesuseof
a modelof the sensorandthe stateof the world asdescribedoy the timeline to predictthe sensor
reading.

In thissectiorweinvesticatehow we canmake effective andinformative predictionsonthebasis
of PHAMS that can be performedat a speedsufcient for prediction-basednline plan revision.
To achieve effectivenesswe usetwo means. First, we realizewealer inferencemechanismshat
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arebasedon samplingexecutionscenariogrom the distribution implied by the causaimodelsand
the initial statedescription. Second,we replacethe clock tick event mechanisnwith a different
mechanisnthatinfersthe occurrencef controlmodejumpsanduseshepersist effectto generate
therespectie delay We will detailthesetwo mechanism theremainderof this section.

5.1 Projection with Adaptive CausalModels

Let us rst turnto theissueof eliminatingthe inef ciencies causeddy the clock tick mechanism.
We will dosoby replacingclocktick ruleswith a mechanisnior tailoring causaimodelsonthe y
andusingthepersist effectsof the probabilisticrule language.

For efciency reasonghe processof projectinga continuousprocessp is divided into two
phases.The rst phaseestimatesa schedulefor endogenougventscausedoy p while consider
ing possibleeffects of p on otherprocessesut not the effects of the otherprocessesn p. This
schedulds transformednto a contet-speci ¢ causalmodeltailoredfor the plan which is to be
projected.The secondphaseprojectsthe planp usingthe modelof endogenousventsconstructed
in the rst phase.This phasetakesinto accountthe interferencesvith concurrenteventsandre-
visesthe causaimodelif situationsarisein whichtheassumptionsf theprecomputedchedulere
violated.

The projectionmoduleusesa modelof the dynamicsystemthat speci esfor eachcontinuous
controlprocesshestatevariablest changesndfor eachstatevariablethe uents thatmeasurehat
statevariable.For example,consideithe low-level navigation plansthatsteadilychangeherobot's
position(thatis the variablesx andy). The estimatedositionof the robotis storedin the uents
robot-xandrobot-y.

changes(low-lerel-navigation-planx)
changes(low-level-navigation-plany)
measues(iobot-x,X)
measues(obot-y y)

Extracting relevant conditions. Whenthe projectorstartsprojectinga low-level navigation plan
it computeghe setof pendingconditionsthatdependon robot-xandrobot-y, which arethe uents
thatmeasurehe statevariablesof the dynamicsystemandarechangedy thelow-level navigation
plan. Theseconditionsareimplementedas uent networks.

Fluentnetworks aredigital circuits wherethe component®f the circuit are uents. Figure12
shavsa uent network wheretheoutput uent is true,if andonly if therobotisin roomA-120. The
inputsof the circuit arethe uents robot-xandrobot-yandthe circuit is updatedvheneer robot-x
androbot-ychange.

Our reactve plansaresetup suchthatthe uent networks that computeconditionsfor which
theplanis waiting canbe determinedchutomaticallyusing(PROL 0G-lik e) relationalqueries:

setof ? -net ( uent(?) " status(? ,pending)
N changes(low-level-nav-plan,?state-var)
N measues(?state-var, ?state-var)
N depends-on(? ?state-var)
A uent-network(? ,? -net) )
?pending- -nets
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1265.0 I <>
robot-x |
>
860.0 _l_: AND) IN-A-120?
817.0 [ :
<
robot-y —

Figurel2: Fluentnetwork for beingin room A-120. The robotbelievesit is in room A-120if its
estimatedx-coordinateis between860 and 1265 andthe y-coordinateis smallerthan
817,wherethe hallway begins.

This querydetermine®pending- -netsthe setof uent networks? -net suchthat? -net is a net-
work with output uent ? . ? causesa planthreadto pendanddependson a uent measuring
a statevariable?state-varchangedy the low-level navigation plan. The extractionof thesecon-
ditionsis doneautomatically The automaticextractionrequiresthe conditionsbein a particular
form andthe effects of low-level planson statevariablesandthe sensingof statevariablesto be
representedxplicitly.

To predictwhenthe uent IN-A-120? will becomérue or false ,we have to computetheregion
in the statespacethat correspondso the uent and computethe intersectionf the robot's state
trajectorieswith this region.

Endogenousevent schedules.For eachclassof continuousprocessesve have to provide anen-
dogenouseventschedulerthattakesthe initial conditionsandthe parameterizationf the process,
andthe uent networksthatmight betriggeredandcomputeghe endogenousventschedule The
endogenousventschedulefor thelow-level navigationplansis describedn thenext section.Given
thekind of procesqe.g.,low-level navigationplan),the procesgparameterge.g.,the destinatiorof
therobot),andthe pending uent networks,the schedulereturnsa sequencef compositeendoge-
nousevents. Compositeeventsarerepresentedstriples of theform ( t, hsw, ..., swi, fevy, ...,
evng). tisthedelaybetweertheith andthei+1steventin theschedulehsw, ..., swi thevalues
of the statevariablesandf evy, ..., evy, g theatomiceventsthatareto take place.

If a statefor which the planis waiting, becomegrue at a time instancet, thenatt a passive-
sensorupdateeventis triggered.passive-senseaupdateis aneventmodelthattakesa setof uents
asits parametersietrievesthe valuesof the statevariablesmeasuredy these uents, appliesthe
sensomodelto thesevalues,andthensetsthe uents accordingly

A causal model of low-level navigation plans. Projectingthe initiation of the executionof a
navigation plan causeswo events: the start event and a hypotheticalcompletionevent after an
in nite numberof time units. Thisis shavn in thefollowing projectionrule.
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project rule LOW-LEVEL-NAVIGATION-PLAN

if true

with a delay of O

occurs begin(low-level-nav-plan(?dest-desdid, ? uent)
with a delay of 1

occurs end(low-level-nav-plan(?dest-des@id, ? uent)

Theeffectrule of thestarteventof thelow-level navigationplancomputesheendogenousvent
scheduleandasserttshe next endogenougavigationeventinto thetimeline.

e! prule ENDOGENOUS-EVENTS
if endagenous-gent-sbedule(low-leel-nav-plan(?dest-des&stedule))
then with probability 1.0
event begin(low-level-nav-plan(?dest-des&id, ? uent))
causes predicted-gents(?id,?shedule)
A running(robot-goto(?descPid))
N next-nav-eent(?id))

The occasiomext-nav-eent(?id)triggersthe next endogenousvent begin(follow-path(?hes
h?x,?y) ?dt?id)). Theremainingtwo conditionsdetermingheparametersf thefollow-pathevent:
thenext scheduleagventandtherobot's position.

p! erule CAUSE-EXO-EVENT

while next-nav-erent(?id)
A predicted-gents(?id((?dth?x,?y ?evs)!?remaining-&s)
A robot-loc(?hee)

with an average spacing of 0.0001

occurs beagin(follow-path(?hee, H?x,?y, ?dt, ?id))

The effect rule of the begin(follow-path(...)) eventspeci esamongotherthingsthatthe next
endogenousventwill occurafter?dttime units(persist ?dtsleeping(?id))

e! prule FOLLOW-PATH
if robot-loc(?coods)
then with probability 1.0
event bagin(follow-path(?fom,?to, ?dt, ?id))
causes running(follow-path(?fom, ?to, ?dt, ?id))
N clip robot-loc(?coods)
A clip next-nav-eent(?id)
A persist ?dtsleeping(?id)

If arunningfollow patheventhas nished sleepingthe end(follow-path(...)) eventoccurs.

p! erule TERMINATE-FOLLOW-PATH
while not sleeping(?id)
A running(follow-path(?fom, ?to, ?time ?id))
with an average spacing of 0.0001
occurs end(follow-path(?fmm, ?to, ?time ?id))
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Our modelof low-level navigation plan presentedo far sufces aslong asnothingimportant
happenswhile carryingout the plan. However, supposehat an exogenousevent that causesan
objectto slip out of the robot's handis projectedat time instantt while the robotis in motion. To
predictthe new locationof the objectthe projectorpredictsthelocation| of therobotatthetimet
usingthecontrol o w andassertst in thetimeline.

Qualitatve changesin the behaior of the robot causedby adaptationsf the travel mode
are describedthroughe! p -rules. The following e! p -rule describeshe effects of the event
nav-event(set-tavel-mode(?n))which representshe low-level navigation planresettingthe travel
mode:

e! prule SET-DOORWAY-MODE
if travel-mode(?m)
then with probability 1.0
event hav-e/ent(set-tavel-mode(doorway))
causes clip travel-mode(?m)
N clip obstacle-avoidance-with(sonar)

A travel-mode(doorway)

The rule speci es thatif at a time instantat which an event nav-event(set-tavel-mode(?n))
occursthe statetravel-mode(?mholdsfor some?m thenthe stategravel-mode(?mandobstacle-
avoidance-with(sonanyill (with a probability of 1.0) not persistafterthe eventhasoccurredj.e.,
they areclippedby the event. The event causeghe statetravel-mode(doorwayp hold until it is
adaptechext time.

Theruleslistedabore arehand-code@ndplan-speci c. An investication of whetherthe plans
canbe codedsuchthattherule speci cationcanbe automateds on our agenddor futureresearch.

5.2 EndogenousEvent Scheduler

We have just shovn how eventsare projectedfrom a given endogenougvent schedule but we
have not shovn how the scheduléas constructedThus,this sectiondescribeshe endogenousvent
schedulerfor low-level navigation plans. The scheduleipredictsthe effects of the low-level nav-
igation plan on the statevariablesx andy. The endogenousvent schedulemssumeshe robotis
following a straightpath betweenlocationsl to 5. As we have pointedout earlier thereare two
kindsof eventsthatneedto be predictedthe onescausinggualitativephysicalchang andthe ones
causingthetrigger conditionsthatthe planis waiting for.

The qualitative eventscausedoy the low-level navigation plan picturedin Figure 13 arethe
onesthat occurwhenthe robot arrivesat the locationsl, 2, 3, 4, and5 in which the robot either
changests travel modeor arrivesat its destination.For eachof thesetime instantsthe occurrence
of a set-tavel-modeeventis predicted.

The scheduleffor triggering eventsworksin two phases:(1) it transformsthe uent network
into a conditionthatit is ableto predictand(2) it appliesanalgorithmfor computingwhenthese
eventsoccur The conditionsthat are causedby the low-level navigation plan canbe represented
asregionsin the ervironmentsuchthat the conditionis true if andonly if therobotis within this
region. Theelementarnconditionsarenumericconstrainton therobot's positionor thedistanceof
therobotto agiventargetpoint. Thescheduleassumethatrobot-xandrobot-yaretheonly uents
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in thesenetworksthatchangeheir valueduringthe executionof the plan. More complex networks
canbe constructedisconjunctionsanddisjunctionsof the elementaryconditions.

Figurel13: Initially predictedendogenousvents.

In the next stepthe endogenousvent scheduleoverlaysthe straightline paththroughthein-
termediatggoal pointsof the topologicalnavigation path(seeFigure 7) with the regionscomputed
in the previous step. It thencomputesa scheduldor the endogenousventsby following the nav-
igation path and collecting the intersectionswith the regions (seeFigure 13). The resultof the
schedulingstepis asequencef triplesof theform ( t;, hx, vii, fevy, ...,evh Q).
Reschedulingendogenousvents. Oneproblemthatourtemporalprojectorhasto dealwith is that
await for stepmightbeexecutedwhile alow-level navigationplanis projected.For example when
therobotenterghehallway, thepolicy thatlooksfor theopeninganglesof doorswhenpassinghem
is triggered. Therefore the causalmodelthatwascomputedoy the endogenousvent scheduleiis
nolongersufcient. It failsto predictthe“passingadoor” events.

Theseproblemsarehandledby modifying the endogenousventschedule wheneer the robot
startswaiting for a conditionthatis a functionof therobot's position,it interruptsthe projectionof
thelow-level navigationplan,adaptghe causaimodelof the low-level navigation plan,andcontin-
ueswith the projection. In the caseof enteringthe hallway, a nev endogenousventschedulghat
containsendogenousventsfor passingdoorwaysis computed.This updatedscheduleof endoge-
nouseventsis picturedin Figure14.

5.3 Projecting ExogenousEvents, Passive Sensorsand Obstacle Avoidance

Onetype of exogenousventis an eventfor which we have additionalinformationaboutits time
of occurrencesuchasthe eventthatDieterwill be backfrom luncharound12:25 Thesekinds of
eventsarerepresentetly ap! e ruletogethemwith ane! p rule. Thee! p rulespeciesthatthe
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Figurel4: Modi ed endogenousventschedule.

start eventcauseshe statebefore-dietes-dooropens(Xo hold andpersistfor ?timetime units. The
eventdieters-dooropens()is triggeredassoonasbefoe-the-dooropens(no longerholds.

e! prule BACK-FROM-LUNCH
if about(?timel12:25)" difference(?timg*now*, ?wait-for))
then with probability 1.0

event start

causes persist ?wait-for before-the-dooropens

p! erule DOOR-OPENS

while thnot before-the-dooropens
with an average spacing of 0.0001
occurs dieters-dooris-opened

In orderto predictthe occurrenceof exogenousevents,the plan projectordoesthe following.
It rst computeghetime whentherobotwill causethe next eventeney: . Let usassumehatthis
event occurst time units after the last event g5 andthat ¢ is the strongesttonditionthat holds
from gast until enext.> The following algorithm predictsthe occurrenceof the next exogenous
eventaccurately First, for everyp! e ruler; whoseenablingconditionis satis ed by ¢ randomly
decidewhethere; will occurbetweene as; and enexi basedon the averagetemporalspacingof
€ eventsin situationswherec holds. If g is predictedto occur selectits occurrenceime by
randomlyselectingatime instantin thetime intenal betweerg ;s; andenex (theexogenousvents

3. The casesvhereenablingconditionsof exogenouseventsare causedoy the continuouseffects betweenejas: and
enext arehandledanalogouslyto theachiezementof triggeringconditions.
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arePoissordistributed). Selectthe exogenousventthatis predictedto occurthe earliest,asserit
to thetimeline,andcontinuethe projectionafterthe occurrencef this event.

The lasttwo componentsve needto describeare passie sensorswhich are steadilyupdated
anddonotchangehecon gurationof therobotandthebehaior of thecollisionavoidanceroutines.

Readingsof passie sensoronly needto be projectedif the measuredtatevariableschange
signi cantly or if the statevariablestraversevaluesthat satisfy conditionsfor which the robotis
waiting. For eachof thesesituationsthereis anupdate-passive-sensmavent.

Collision avoidanceis not modeledexceptin situationsin which therobotis told aboutobjects
thataremovedaround.In this casethe endogenousventscheduleaddsaregion correspondingo
the object. If theregion blocksthe way to the destination— thatis the robot cannotmove around
the region — thena possible-nmp-e&entis generated.The effect rule for a possiblebump event
speci esthat, if therobothasactvatedsensorghat candetectthe object,the low-level navigation
plan fails with a failure description“path blocked” Otherwisea bump eventis generated.For
example,sincesonarsensorsare the only sensorglacedat table height, the collision avoidance
modulecanavoid a collision with atableonly if the sonarsensorsareactve. Thus,to predicta
bump, the projectorhasto determinenow long the sonarsensordiave beenswitchedoff beforethe
possiblebumpeventoccurs.

5.4 Models of Complex SensingActions

To understandhow othertypesof uncertaintycanbe modeledandhow the causalmodelsinteract
with theplaninterpretatioriet uslook atamorecomplex sensingactionrealizedthroughalow-level

planlook-for. The sub-planis calledwith avisualdescription(?pl) of objectsit is supposedo look

for.

Typically, in orderto modela low-level planwe needa setof projectionrulesthat probabilis-
tically describethe possibleeventsequenceandoutcomesvhenactivating a behaior module. In
eachsituationexactly oneprojectionrule is applied(althoughthe decisionaboutwhich onemight
beprobabilistic).

One of theseprojectionrulesfor look-for is listed belov. The modelconsistsof threeparts.
The rst part(line 1 to 7) speci esthe conditionunderwhich this rule predictsthe behaior of the
look-for correctly The secondpart (lines 8 to 11) lists the eventsthat look-for will causeif this
rule is applicable.Finally, the lastline speci eshow the low-level plan signalsthe completionof
its interpretation.In our case the low-level plan succeedsandreturnsalist of objectdescriptions
(?desig} asits value.

The conditionof the projectionrule determinesvheretherobotis (1), probabilisticallydecides
whetherthelook-for is “normal” basedn the camerausedandthe speci csof thelocation(2), and
infers what objectsarelocatedthere(3). This inferenceis performedbasedon the robot's proba-
bilistic belief aboutthe stateof the world andthe predictedexogenousevents. The conditionthen
usesthe sensomodelfor the camerain orderto decideprobabilisticallyhow the robot perceves
eachobject. For eachobjectthatis perceved as matchingthe perceptuadescription?pl a local
designator?desigis createdandcollectedin the variabledesigs The last condition(7) estimates
thetime ?dtafterwhichthelook-for behaior completeslUponcompletionof thelook-for behaior
the projectednterpretatiomprocessendsa successignalwith thereturnvalue?desigsasits argu-
ment. Theprojectedbehaior consistf threeevents:two thatchangeheworld begin(look-for(?pl,
?cam))andend(look-for(?pl,?2cam)) which occurs?dt later The third eventchangeghe compu-
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project rule look-for(?pl,?cam)
(1) if (loc(robot,h?x,?y)
(2) N normal-look-forbehavior(?cam?loc)

3) N setof ?0bloc(?0b,h?x,?y) ?0bs-hee
4) N sensormodel(?cam?sensomodel)
(5) N featules(?pl, ?featwes)
(6) N setof ?desig
( member(?0b,?0bs-hex
A obj-seen(?ob?sensomodel)
A perceived-poperties(?ob?featues,?sensomodel,?pl)
N local-desig(?desigob,?pl,?x,?y))
?desigs
@) A look-time(?x,?y, ?featues,?dt))

(8)  with a delay of 0 occurs mode transition begin(look-for(?pl,?cam))
(9)  with adelay of ?dtoccurs mode transition end(look-for(?pl;?cam))
(10) with a delay of O occurs trigger uent visual-inputs- uent(?cam)
(11) with a delay of Ooccurs set uent Obs-pos- uent ?seen)

(12) with a delay of Ooccurs succeed ?desigs

Figurel5: A projectionrule describinghe behaior modulelook-for.

tationalstateof the structuredreactve controllerafterpassing?dt time units. This eventpulsesthe
uent visual-inputs- uent(?camandsetsthe uent obs-pos- uent(?cam)

Besidesassertinghe eventsthattake placeduring the executionof a planwe have to specify
how theseeventschangethe world. Thisis doneby usingeffectrules Oneof themis showvn in
Figure! 16. Therule speci esthatif atatime instantat which aneventend(look-for(?pl,?cam))
occursthe statevisual-track(?desig ?0b) holds for some?desigand ?ob, thenthe statesvisual-
track(?desig ?ob)will not (with a probability of 1.0) persistafterthe eventhasoccurred,.e., they
areclippedby the event.

e! prule VISUAL-TRACKING

if visual-tradk(?desig?0ob)

then with probability 0.9
event end(look-for(?pl;?cam))
causes clip visual-track(?desig?0b))

Figurel6: Ane! p ruledescribingtheeffectsof the eventend(look-for(?pl;?cam))

5.5 Probabilistic Sampling-basedProjection

Sofar we have looked at the issueof ef ciently predictingan individual executionscenario.We
will now investicatethe issueof drawing inferenceghatareusefulfor planningbasedon sampled
executionscenarios.
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Recently probabilisticsampling-basethferencemethodshave beenproposedo infer informa-
tion from comple distributionsquickly andwith boundedrisk (Fox, Burgard, Dellaert,& Thrun,
1999;Thrun,2000). We will now discusshow we canusesampling-basegrojectionfor anticipat-
ing likely awswith high probability,

Advantage®f applyingprobabilisticsampling-basegrojectionto the predictionof the effects
of crRpsarethatit worksindependentlpf thebranchingactorof themodesof thehybrid automaton
andthatit only constructsa smallpartof thecompletePHAM.

But what kinds of prediction-basednhferencescanbe dravn from samplesof projectedexe-
cution scenarios?The inferencethat we found mostvaluablefor online revisions of robot plans
is: do projectedexecutionscenariogiravn from this distribution satisfya given propertyp with a
probability greaterthan ? A robotactionplannercanusethis type of inferenceto decidewhether
or not it shouldrevise a planto eliminatea particularkind of aw: it shouldrevise the planif it
believesthatthe aw's likelihoodexceedssomethresholdandignoreit otherwise.Of course such
inferencexanbedravn basednsampleonly with acertainrisk of beingwrong. Supposeve want
theplannerto classifyary aw with probabilitygreatetthan asto beeliminatedandto ignoreary
aw lesslikelythan . Weassumehat a wswith probabilitybetween and have nolargeimpact
ontherobot's performanceHow mary executionscenarioshouldthe planrevisionmoduleproject
in orderto classify a ws correctlywith a probabilitygreaterthan95%?

A mainfactorthatdetermineghe performancesf sample-basegredictve aw detectionis the
aw detector A aw detectorclassi esa aw asto beeliminatedif the probabilityof the a w with
respecto the robot's belief stateis greaterthana given thresholdprobability . A aw detector
classi esa aw ashallucinatedf the probability of the a w with respecto therobot's belief state
is smallerthana giventhreshold . So far we do not considerthe severity of aws, which is an
obvious extension.Typically, we choose startingat50%and smallerthan5%.

Speci c aw detectorscan be realizedthat differ with respectto (1) the time resourceshey
require;(2) thereliability with which they detect a ws thatshouldbe eliminated;and(3) the prob-
ability thatthey hallucinate a ws. Thatis, they signala aw thatis sounlikely thateliminatingthe
aw would decreas¢he expectedutility.

To be more preciseconsidera aw f thatoccursin the distribution of executionscenariosof
a givenscheduleglanwith respecto the agents belief statewith probability p. Further let X; (f)
representheeventthatbehaior aw f occursin theith executionscenarioX;(f ) = 1,if f occurs
in theith projectionandO otherwige.

TherandomvariableY(f,n) = i”=1 X (f) representshe numberof occurrencesf the aw f in
n executionscenarios.De ne a probablescheduleaw detectorDET suchthat DET(f,n,k) = true
iff Y(fn) Kk, which meanghatthe detectorclassi esa aw f asto be eliminatedif andonly if f
occursin atleastk of n randomlysampledexecutionscenariosThus DET(f,n, k) works asfollows.
It rst projectsn executionscenariosThenit countsthe numberof occurrencesf the aw f in the
n executionscenarioslf it is greateror equalto k thenthe DeT(f,n,k) returnstrue, falseotherwise.

Now thatwe have de ned the scheduleaw detectoy we cancharacterizat. Sincethe occur
renceof schedulea wsin randomlysampledexecutionscenariosreindependentrom eachothes
thevalueof Y (f) canbe describedy the binomialdistribution b(n,p) Usingb(n,p)we cancompute
thelikelihoodof overlookinga probableschedulea w f with probabilityp in n executionscenarios:

Xl
P(Y(f)<])=
k=0

Pk @ p" X

X S
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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
DEeT(f,5,2) | 81.2 | 91.3 | 96.9 | 99.3 | 99.9

Figurel7: Thetableshavstheprobabilityof the a w detectordDET(f,i,2) detectinga wsthathave
theprobability =50%,60%,70%,80%,and90%.

Figure 17 shows the probability thatthe aw detectorDET(f,n,2) for n = 3,...,.5will detecta
schedulea w with probability . The probabilitythatthe detectorslassify a wslesslikely than
asto beeliminatedis smallerthan2.3%((for all n  5).

Whenusingthe prediction-basedchedulingasa componentn thecontrollerof therobotof ce
courierwetypically useDEeT(f,3,2), DET(f,4,2), andDET(f,5,2)for thedifferentexperimentsyhich
meansa detectedaw is classi ed as probableif it occursat leasttwice in three, four, or ve
detectiorreadings.

Figure 18 shavs the numberof necessarnprojectionsto achis’e = 95% accuray. For a
detaileddiscussiorseethework 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: Thetableliststhe numberof randomlysampledorojectionsneededo differentiatefail-
ureswith an occurrenceprobability lower than  from thosethat have a probability
higherthan with anaccurag of 95%.

The probabilisticsampling-basegrojectionmechanisnbecomesxtremelyusefulfor improv-
ing robotplansduringtheir executiononcethe executionscenariocanbe sampledastenough At
the momenta projectiontakesa coupleof seconds.The overheads mainly causedy recording
the interpretationof RPL plansin a mannerthatis far too detailedfor our purposes.Througha
simpli cation of the modelswe expectanimmediatespeedup of up to oneorderof magnitude.lt
seemghatwith a projectionfrequeng of aboutl00Hz onecouldstarttacklinganumberof realistic
problemsthatoccurat executiontime continually

6. Evaluation

We have validatedour causalmodel of low-level navigation plansandtheir role in of ce deliv-
ery planswith respecto computationatresourcesand qualitative predictionresultsin a seriesof
experiments.
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6.1 Generality

PHAMS arecapableof predictingthe behaior generatedby e xible planswrittenin planexecution
languagessuchas RAP (Firby, 1987) and PRS (Myers, 1996). To do so, we codethe control
structuregrovided by theselanguagessRPL macros. To the bestof our knowledgePHAMS are
the rst realisticsymbolicmodelsof the sequencindayer of 3T architecturesthe mostcommonly
usedsoftware architecturedor controlling intelligent autonomousobots(Bonasscet al., 1997).
Thesearchitecturesun planningandexecutionat differentsoftwarelayersanddifferenttime scales
wherea sequencindayer synchronizedetweenboth layers. Eachlayer usesa differentform of
plan or behaior speci cationlanguage.The planninglayer typically usesa problemspaceplan,
the executionlayer employs feedbackcontrol routinesthat can be actvatedand deactvated. The
intermediatdayertypically usesareactve planlanguage . The useof PHAMS enables3T planning
systemgo make morerealisticpredictionsof therobotbehaior thatis generatedrom theirabstract
plans.PHAMS arealsocapableof modelingdifferentarbitrationschemesndsuperpositionsf the
effectsof concurrentontrolprocesses.

The causaimodelsproposecherecomplementhoseintroducedby Beetz(2000). He describes
sophisticatednodelsof objectrecognitionand manipulationthat allow for the predictionof plan
failuresincludingthosethatarecausedy therobotoverlookingor confusingobjects pbjectschang-
ing their locationandappearanceandfaulty operationof effectors. Thesemodels,however, were
givenfor asimulatedrobotactingin agrid world. In this article,we have restrictedoursehesto the
predictionof behaior generatedy modernautonomousobot controllers. Unfortunately object
recognitionandmanipulationskills of currentautonomouservicerobotsarenot advancedenough
for actionplanning. On the otherhand,it is clearthat action planningcapabilitiespay off much
betterif robotsmanipulateheirenvironmentsandthereis arisk of manipulatinghewrongobjects.

6.2 Assumptionsand Restrictions

The control problemfor autonomousobotsis to generateeffective andgoal-directedcontrol sig-

nalsfor the robot's perceptualnd effector apparatuswithin a feedbackloop. Plan-basedobot
controlis a specializatiorof this control problem,in which the robotgenerateshe control signals
by maintainingandexecutinga planthatis effective andhasa high expectedutility with respecto

the robot's dynamicallychangingbelief state. This problemis so generalthat we cannothopeto

solve it in thisform.

In ComputerScienceit is commonto characterizéhe computationaproblemsa programcan
solve throughthe languagen which the input for the programis speci ed. For example,we dis-
tinguishcompilersfor regularandcontet-free programminganguagesThe sameis true for plan-
basedcontrol of agents. Typically, planningproblemsare describedn termsof an initial state
description,a descriptionof the actionsavailablefor the agentstheir applicability conditionsand
effects,andadescriptionof the goal state.

The threecomponent®f planningproblemsaretypically expressedn someformal language.
The problemsolving power of the planningsystemss characterizedy the expressienessof the
languagesor thethreeinputs. Someclasse®f planningproblemsareentirelyformulatedin propo-
sitional logic while othersare formulatedin rst orderlogic. We further classify the planning
problemswith respectto the expressienessof the action representationthat they use; whether
they allow for disjunctive preconditionsconditionaleffects,quanti ed effects,andmodelresource
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consumptionSomeplanningsystemsaven solve planningproblemsthatinvolve differentkinds of
uncertainty

In contrastsrcs usemethodghatmake strongassumptionaboutplansto simplify the compu-
tationalproblems.As a consequencesrcs canapply reliableandfastalgorithmsfor the construc-
tion andinstallmentof sub-plansthe diagnosisof plan failures,andfor editing sub-plansduring
their execution. Making assumption@boutplansis attractve becauselanningalgorithmscon-
structandrevisethe plansandcantherebyenforcethatthe assumptionsold.

In a nutshell,the setof plansthatan SRC generatess the re exive, transitve closureof the
routine planswith respecto the applicationof planrevision rules. Thus,to enforcethatall plans
haveapropertyQit is sufcient thattheroutineplanssatisfyQ andthattherevisionrulespresere Q.
Thesepropertiegnale it particularlyeasyto reasoraboutthe planswhile the planscanstill specify
thesamerangeof concurrenpercept-direnbehaior thatrRpL can. Thepropertieof plansthatplay
animportantrole in this article aretheir generality e xibility, andreliability. Thesepropertiesare
achiered throughcarefuldesignandhand-coding.As a consequencplan generatiorandrevision
canbe performedby programmedheuristicrules. We believe, however, that suchplansandrules
canbelearnedrom experience.

We malke two otherimportantassumptionskirst, we assumehatthetasksandthe ervironment
is benignandthereforebehaior aws do notresultin disastersThisis important,becauseobots
mustmalke errorsin orderto learnthe competenperformancef tasksfrom experience. And only
if the planneris allowed occasionallyto proposeworseplanswe canapply fastplanningmethods
basedn Monte Carlomethoddo improve the averageperformancenf therobot.

Anotherdesigndecisionis thatwe do notexplicitly representhebelief stateof therobot,thatis
the probability distributionsover the valuesof the statevariables.This, however, doesnot needto
imply thatwe cannotreasoraboutinaccuraciesnduncertaintie®f therobot's estimateof theworld
state. Beetzet al. (1998)describehow to coupleplan-basedigh-level control with probabilistic
stateestimation.In this article the stateestimatorautomaticallycomputesandsignalspropertiesof
thebelief statesuchasthe ambiguityandinaccurag of stateestimatego the plan-basedontroller
Theplan-baseaontroller onthe otherhand,useshesesignalsin orderto decidewhento interrupt
its missiongto re-localizetherobot.

6.3 ScalingUp

The causaimodelsthatwe have describedn Section5 have beenusedfor executiontime planning
for arobotof ce courier Theplansthathave beenprojectedveretheoriginal plansfor this applica-
tion andtypically severalhundredf codelineslong. The projectedexecutionscenariozontained
hundredsof events. Becausehe projectionof singleexecutionscenariogancostup to a second,
robotsmustrevise plansbasedn very few samplesThus,therobotcanonly detectprobablea ws

with highreliability.

The computationakesourcesare mainly consumedoy bookkeepingmechanismghat record
the computationabktateof the robot at ary time instantrepresentedh the executionscenarioand
not by the mechanismproposedn this article. The recordedcomputationabtateis usedby the
planningmechanism# orderto diagnoseébehaior a wsthatarecausedy discrepanciebetween
the computationaktateof the robot and the stateof the ervironment. The ability to reconstruct
regularly updateduent valuesis computationallwery costly We intendto provide programming
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constructghatlet programmersieclarethe partsof the computationaktatethat areirrelevant for
planninganddo not needto berecorded.

Even with this severe limitation we were ableto shav that with this preliminary implemen-
tation the robot can outperformcontrollersthat lack predictive capabilities. The main sourceof
inef ciency is the bookkeepingneededto reconstructhe entire computationalstateof the plan
for ary predictedtime instant,an issuethat we have not addressedh this article. Usinga more
parsimoniougepresentationf the computationastatewe expectdrasticperformanceains.

6.4 Qualitati vely Accurate Predictions

Projectingthe planlisted in Figure7 generates timeline thatis about300 eventslong. Many of

theseaventsaregeneratedhroughreschedulingheendogenousvents(21times).Figure19 shavs

the predictedendogenousvents(denotedby the numberectircles)andthe behaior generatedy

thenavigationplanin 50 runsusingtherobotsimulator(we assumehatthe executionis interrupted
in room A-111 becausehe robot realizesthat the deadlinecannot be achieved). The qualitative

predictionsof behaior relevantfor plandeluggingareperfect. The projectorpredictscorrectlythat
therobotwill exploit the opportunityto go to location5 while goingfrom location1 to 9.

|
_

Figurel9: The gure shaws thetrajectoriesof multiple executionsof the navigation plan andthe
eventsthatarepredictedby the symbolicplanprojector

6.5 Prediction-basedPlan Debugging

Beetz(2002aand 2000)describesxperimentsshaving that prediction-baseglan dehuggingcan
improve the performancef robotcontrollerssubstantially
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7. Related Work

PHAMS represenexternal events, probabilisticaction models,action modelswith rich temporal
structure concurreninteractingactions,andsensingactionsin the domainof autonomousnobile
robot control. Thereare mary researchefforts that formalize and analyzeextendedactionrepre-
sentationsand develop predictionand planningtechniquedor them. We know, however, only of
approachethataddressubset®f the aspectaddressedly our representationRelatedwork com-
prisesresearcton reasoningaboutactionandchangeprobabilisticplanning,numericalsimulation,
andqualitative reasoning.

Reasoningabout action and change. Allen andFeiguson(1994)give anexcellentanddetailed
discussiorof importantissuesn the representationf temporallycomplex andconcurrentactions
andevents.Oneimportantpointthatthey make is thatif actionshave interferingeffectsthen,in the

worstcase causalmodelsfor all possiblecombinationf actionsmustbe provided. In this paper

we have restrictedoursehesto onekind of interferencédetweeractions:thetranspositiorof move-

mentswhichis thedominantkind of interferencen physicalrobotbehaior. In their articlethey do

not addresghe issuesof reasoningunderuncertaintyandef ciency with respecto computational
resources.

A substantiahmountof work hasbeendoneto extendthe situationcalculus(McCartty, 1963)
to dealwith time andcontinuouschange(Pinto, 1994; Grosskreut#& Lakemeyer, 2000a),exoge-
nous(natural)actions(Reitet 1996), complex robot actions(plans)(Levesqueet al., 1997; Gia-
comoetal., 1997)usingsensingo determinewhich actionto executenext (Levesque,1996;Lake-
meyer, 1999)aswell asprobabilisticstatedescriptionsindprobabilisticactionoutcomegBacchus,
Halpern,& Levesque;1999;Grosskreut®& Lakemeyer, 2000b). The maindifferenceto ourwork is
thattheirrepresentatiors morelimited with respecto thekindsof eventsandinteractiondbetween
concurrenictionsthey allow. In particulay we know of no effort to integrateall of theseaspects.

Someof the mostadwancedapproacheén this areaare formalizationsof variousvariantsof
the high-level robot control languageGoL oG, in particularCoNGoLOG (Giacomoet al., 1997).
Boutilier, Reiter Soutchanskiand Thrun (2000) have applieddecisiontheoreticmeansfor opti-
mally completinga partially speci ed GoLoG program. A key differenceis thatin the GoLOG
approachhe formalizationincludesthe operationof the planlanguagenvhereasn our approacha
procedurakemanticgealizedthroughthe high-level projectoris used.

Hanks Madigan,andGavrin (1995)presentiveryinterestingandexpressie framework for rep-
resentingprobabilisticinformation, and exogenousand endogenousventsfor medicalprediction
problems.Becauseof their applicationdomainthey do not have to addressssuesof sophisticated
percept-direnbehaior asis donein this article.

Extensionsto ClassicalAction Planning Systems. PlanningalgorithmssuchassnLp (McAllester
& Rosenblitt,1991), have beenextendedin variouswaysto handlemore expressie actionmod-
els and differentkinds of uncertainty(aboutthe initial stateandthe occurrenceand outcomeof
events)(KushmerickHanks,& Weld, 1995; Draper Hanks,& Weld, 1994;Hanks,1990). These
planningalgorithmscomputeboundsfor the probabilitiesof plan outcomesandare computation-
ally very expensve. In addition,decision-theoretiactionplanningsystemgseeBlythe, 1999, for
a comprehensie overview) have beenproposedn orderto determineplanswith the highest,or
at least,sufciently high expectedutility (Haddavy & Rendell,1990; Haddavy & Hanks,1992;
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Williamson & Hanks,1994). Theseapproachesbstractway from the rich temporalstructureof
eventsby assumingliscreteatomicactionsandignorevariouskinds of uncertainty

Planningwith actionmodelsthathave rich temporalstructurehasalsobeeninvestigatedinten-
sively (Allen, Kautz, Pelavin, & Tenenbey, 1990; Dean,Firby, & Miller, 1988). IxTeT (Ghallab
& Laruelle,1994)is a planningsystemthat hasbeenappliedto robot control andreasonsabout
thetemporalstructureof plansto identify interferencedetweernplan stepsandresourcecon icts.
The planner/schedulesf the RemoteAgent (Muscettolaet al., 1998b)plansspacemaneuersand
experimentshasedon rich temporalcausalmodels(Muscettolaet al., 1998a;Pell et al., 1997). A
goodovervien of theintegrationof actionplanningandschedulingechnologycanbefoundin an
overview articleby Smith, Frank,andJonssor{2000).Sofar they have consideredincertaintyonly
with respecto thedurationsof actions.

KabanzaBarbeauandSt-Denis(1997)modelactionsandbehaiors asstatetransitionsystems
andsynthesizeontrolrulesfor reactive robotsfrom thesedescriptionsTheirapproacttanbeused
to generatgplansthat satisfycomplex time, safety andlivenessonstraints. Theseapproachesoo
arelimited with respecto the temporalstructureof the (primitive) actionsbeingmodeledandthe
kindsof interferenced®etweerconcurrengctionsthatcanbe considered.

MDP-basedplanning approaches. In recentyearsmbp (Markov decisionprocessplanninghas
becomea very active researcheld (Boutilier, Dean,& Hanks,1998; Kaelbling, Cassandra&
Kurien,1996).In the MDP approactrobotbehaior is modeledasa nite stateautomatornin which
discreteactionscausestochasticstatetransitions. The robot is rewardedfor reachingits goals
quickly andreliably. A solutionfor suchproblemsis a policy, a mappingfrom discretizedrobot
stategnto, often ne-grained,actions.

MDPs form anattractve framework for actionplanningbecauséhey usea uniform mechanism
for actionselectionanda parsimoniougproblemencoding.The actionpoliciescomputecby MDPS
aim atrobustnesaindoptimizingthe averageperformanceA numberof researcherbave success-
fully considerechavigation asan instanceof Markov decisionproblems(mpps) (Burgard et al.,
2000;Kaelblingetal., 1996).

Oneof themainproblemsn theapplicationof MDP planningtechniquess to keepthe problem
encodingsmallenoughsothatthe MDPs arestill solvable. A numberof techniquegor complexity
reductioncanbe foundin the article written by Boutilier etal. (1998). Yet, it is still very dif cult
to solve big planningproblemsin the MmDP framework unlessthe stateandactionspacesarewell
structured.

Besidegeducingthe compleity of specifyingmodelsfor, andsolving MDP problems extend-
ing the expressvenessof MDP formalismsis a very active researcharea. SemiMarkov decision
problems(Bradtke & Duff, 1995; Sutton,Precup& Singh,1999)adda notionof continuougime
to the discretemodelof changeusedin MDPs: transitionsfrom onestateto anotheroneno longer
occurimmediately but accordingto a probability distribution. Othersinvestigate mechanismsor
hierarchicallystructuringmpps (Parr & Russell,1998),decomposinguDPs into loosely coupled
sub-problemgParr, 1998), and making them programmablgAndre & Russell,2001). Rohani-
maneshand Mahad&an (2001) proposean approachfor extendingmbP-basedplanningto con-
currenttemporallyextendedactions. All theseefforts are stepstowardsthe kind of functionality
providedin thePHAM framework. Anotherrelationshipbetweertheresearchieportechereandthe
MDP researchs thatthe navigationroutinesthataremodeledwith PHAMS areimplementecbn top
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of MDP navigation planning. Belker, Beetz,and Cremerg(2002) usethe MDP frameavork to learn
actionmodelsfor theimproved executionof navigationplans.

The applicationof MDP basedplanningto reasoningaboutconcurrentreactive plansis com-
plicatedby the factthat,in general ary activation andterminationof a concurrentsub-planmight
requirearespectie modi cation of the stateandactionspaceof the MmDP.

Weaver (Blythe, 1995,1996)is anotherprobabilisticplan dehuggercapableof reasoningabout
exogenousvents. Weaver usesMarkov decisionprocessessits underlyingmodel of planning.
Weaver providesmuchof the expressienesf PHAMS. Unlike Weaver, PHAMS are designedor
reasoningaboutthe physical behaior of autonomougnobile robots. Therefore,PHAMS addto
Weaver's expressvenessn thatthey extensively supportreasoningaboutconcurrenteactve plans.
For example,PHAMS canpredictwhenthe continuouseffects of actionswill trigger a concurrent
monitoringprocess PHAMS have built-in capabilitiesto infer the combinedeffectsof two continu-
ousmotionsof therobot.

Quialitati ve reasoningabout physical processes. Work in qualitative reasoninchasresearched
issuesn thequantizatiorof continuougprocesseandfocussecimongotherthingsonquantizations
that are relevant to the kind of reasoningperformed. Hendrix (1973) points out the limitations
of discreteevent representationand introducesa very limited notion of continuousprocessasa
representationf change He doesnotconsidethein uence of multiple processesnstatevariables.
Hayes(1985)representgventsashistories spatiallyboundedput temporallyextended piecesin
time spaceandproposeshathistorieswhichdo notintersecdo notinteract.In Forbus' Qualitatve
Proces§ heory(Forbus,1984)atechniquecalledlimit analysidgs appliedto predictqualitative state
transitionscausedy continuousevents.Also, work on simulationoftenaddressethe adequayg of
causalmodelsfor a given rangeof predictionqueries,anissuethatis neglectedin mostmodels
usedfor Al planning.Plannerghatpredictqualitative statetransitionscausedy continuousevents
includeexcALIBUR (Drabble,1993).

Planning as model checking Planningas model checking(Bertoli, Cimatti, & Roveri, 2001;
Cimatti & Roveri, 2000)representslomainsas nite-state systems.Planningproblemsare solved
by searchinghroughthe statespace checkingfor the existenceof a plan that satis esthe goals.
Goalsareformalizedaslogical requirementsiboutthe desiredoehaior for plans.Unlike planning
as model checkingwe considercontinuouscontrol processesplan interpretationas well asthe
physical effects of actions,and concurrenyg. This extendedrepresentationgbower comesat the
costof probably nding behaior awsratherthanproving 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 researcheld asthe basisof our conceptualizatiorbut
addedadditionalmechanisms$o modelthe effectsof actionsandsensingnechanismsAgain, the
additionalcomplexity of our modelis compensatelly solvingmorerestrictive inferenceproblems:
the detectionof probablebehaior aws with high probability ratherthansafetyof the systemand
thereachabilityof goals.
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8. Conclusion

The successfubpplicationof Al planningto autonomousnobile robot control requiresthe plan-
ning systemgo have morerealisticmodelsof the operationof modernrobot control systemsand
thephysical effectscausedy their execution.In this articlewe have presentegrobabilistichybrid
action models(PHAMS), which are capableof representinghe temporalstructureof continuous
feedbackcontrol processestheir non-deterministiceffects, several modesof their interferences,
andexogenousvents.We have shovn thatPHAMS allow for predictiongthatare,with high proba-
bility, qualitatively correct. We have alsoshavn that powerful prediction-baseéhferencesuchas
decidingwhetheraplanis likely to causea aw with a probabilityexceedinga giventhresholdcan
bedrawn fastandwith boundedisk.

We believe that equippingautonomougobot controllerswith concurrentreactve plansand
prediction-basednline plan revision basedon PHAMS is a promisingway to improve the perfor
manceof autonomouservicerobotsthroughAl planningbothsigni cantly andsubstantially

Therulesthatwe have usedfor projectingnavigation behaior werehand-codeandplanand
possiblyevenenvironmentspeci c. Onourresearctagendas thedevelopmenif transformational
mechanisméor learninghigh performanceandtaskspeci c plans. After having learnedthe plans
the robot shouldthen learnthe projectionrules by applying datamining techniquego the plan
executiontraces. To enablethis approachwe mustinvent novel representationahechanismsgor
the plansthatallow for the automaticextractionof therules. Initial stepsinto this directioncanbe
foundin thework of Belker etal. (2002),BeetzandBelker (2000),Beetz(2002b).
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