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Abstract

High-level controllersthat operaterobotsin dy-
namic, uncertaindomainsare concernedwith at
leasttwo reasoningasksdealingwith theeffectsof
noisysensorandeffectors:They have a)to project
the effects of a candidateplan and b) to update
their beliefsduring on-line executionof a plan. In
this paperwe shov how thepGOLOG framework,
which in its original form only accountedor the
projectionof high-level plans,canbe extendedto
reasoraboutthewaytherobot’sbeliefsevolve dur-
ing the on-line executionof a plan. pGOLOG, an
extensionof the high-level programminganguage
GOLOG, allows the specificationof probabilistic
beliefsaboutthe stateof the world andthe repre-
sentationof sensorsand effectorswhich have un-
certain,probabilisticoutcomes.As an application
of belief update,we introduce belief-basedpro-
grams GOLOG-styleprogramsvhosetestsappeal
to theagents beliefsat executiontime.

1 Introduction

High-level robot controllersthat operatein dynamic,uncer
tain domainsand have to cope with sensorsand effectors
that have uncertain, probabilistic outcomesare concerned
with at leasttwo distinct reasoningtasks. First, given a
candidateplan, probabilistic projection allows the predic-
tion of the effects of the plan. This task, which is a pre-
requisiteto deliberateover different possibleplans, lies at
the heartof probabilisticplanning[Kushmericket al., 1995;
Draperet al., 1994 andthe theory of POMDPs[Kaelbling
etal., 1999. Secondgivena characterizatiomf the robot’s
beliefs aboutthe stateof the world, a robot shouldbe able
to updateits beliefsduringthe executionof a planinteracting
with therobot'snoisysensorsindeffectors. Thissecondask,
to whichwewill referto asbeliefupdate following [Bacchus
etal., 1999, is necessaryo allow probabilisticreasoningin
particularprobabilisticprojection)in non-initial situation.

In this paper we shov how the probabilistic high-level
programmingramevork pGOLOG [Grosskreutand Lake-
meyer, 20004, which in its original form only accounted
for the probabilistic projectionof high-level plansinteract-
ing with noisy sensorandeffectors,canbe extendedto rea-
sonaboutthe way the robot’s beliefs evolve during the on-
line executionof aplan! To do so, we first explicitly model

IHere,we usethetermon-line-executionin the senseof [de Gi-
acomoandLevesque1999.

a layeredrobot control architecturewherethe robot’s high-
level controllerdoesnotdirectly affecttheworld by operating
therobot’s physicalsensorandeffectors,but insteadis con-
nectedo abasictask-executionlevel which providesspecial-
ized low-level processedik e navigation, object recognition
or graspingobjects.Having sucha modelhasthe advantage
thatthereis a clearseparatiorof the actionsof the high-level
controllerfrom thoseof the low-level processesin particu-
lar, while the actionof activatinga low-level processandits
executiontime are underthe control of the high-level con-
troller, neitherarethe effectsof the activatedprocessor its
completiontime.

To modelthe effectsof the low-level processesye make
useof probabilisticprogramswherethe differentprobabilis-
tic branche®f the programscorrespondo differentpossible
outcomesf thelow-level processe$.Basedon suchamodel
of the possibleeffectsof the low-level processesye specify
how the robot’s beliefs aboutthe stateof the world evolve
during the on-line executionof a plan, in particularhow the
beliefschangewhenthe robot activatesa low-level process
that operateshe robot’s physical effectorsor when a low-
level procesgrovidesnoisyinformationaboutthe stateof the
world. Finally, we shov how basedon the robot’s evolving
belief stateit becomegpossibleto executeso-calledbelief-
basedprograms GOLOG-style programs[Giacomoet al.,
2000 whosetestsappealto the agents beliefsat execution
time

To get a better feel for what we are aiming at, let
us consider the following ship/rejectexample, adapted
from [Draperet al., 1994: We are given a manufcturing
robotwith the goal of having a widget painted(PA) andpro-
cessedPR). Processingvidgetsis accomplishedy reject-
ing partsthat areflawed (FL) or shippingpartsthat are not
flawed. Initially, the probability of beingflawedis 0.3. ship
andreject always make PR TRUE, however ship causesan
executionerror (ER) if FL holds,andrejectcause€R to be
TRUE if FL doesnothold. Therobotcanactivatealow-level
procesgaint, which first undercoatsthe widget(UC) for 10
secondsthentakes 20 seconddo paintit. However, paint
hasa 5% probabilityto fail. Thereis alsoalow-level process
inspectwhich canbe usedto determinewhetheror not the
widgetis flawed. However, inspecthasa 10% probability to
overlooka flaw andreportOK insteadof OK eventhoughthe
widgetis flawed;if thewidgetis notflawed, it alwaysreports

2\We remarkthat modelinglow-level processess programsal-
lows a very fine-grainedcharacterizatiorof the effects of the low-
level processest a level of detail involving mary atomic actions,
takinginto accounthetemporalextentof the processes.



OK.

In this scenarioan exampleprojectiontaskis: how proba-
bleisit thattheplan“first inspectthewidget; thereafterif OK
holdsthenshipelserejectit” will falselyshipaflawedwidget.
Ontheotherhand,belief updateis concernedvith questions
like: whatis the probabilitythatthewidgetis flawedif during
on-line-executionthe robotactuallyperceved OK.3 Thedif-
ferencebetweenthe two tasksis thatin the former case the
agentreason@bouthow theworld might evolve, while in the
latter caseits beliefschangeasaresultof actualactions.We
remarkthat besidesupdatingits beliefsconcerningthe state
of theworld in termsof fluentslike PA or PR therobotalso
hasto updateits beliefsconcerninghe stateof executionof
thelow-level processedpr example,15 secondafteractiva-
tion of the paint procesgherobotshouldnotonly beawareof
thefactthatthe widgetis undercoatedby now, but alsothat
theprocesss nolongerin its initial statebut only 15seconds
away from completion.Finally, abelief-baseglanis a speci-
ficationappealingo therobot'sbeliefsatexecutiontime, like
for example“as long asyour (i.e. therobot’s) confidencen
whetherthe widget is flawed or not is belov a thresholdof
99%, (re-)inspectthe widget. Thereaftership the widget if
your beliefin thewidgetbeingnot flawed exceeds99%, else
rejectit.” Note thatin this plan the activation of low-level
processess conditionedon the robot’s beliefs at execution
time.

Therestof this paperis organizedasfollows: aftera brief
review of the situationcalculusandpGOLOG, we describe
an overall robot control architecturefor actingunderuncer
tainty. Thereafterwe definesuccessostateaxiomsthaten-
surethatthe robot’s belief stateevolvescorrectlyduring the
courseof action. Finally, we introducebelief-basegrograms
andshov how they canbe usedto solve the exampleprob-
lem. The paperendswith a discussiorof relatedwork and
concludingremarks.

2 The Situation Calculus

We will only go overthesituationcalculusiMcCarthy 1963;

Levesqueet al., 1999 briefly here:all termsin the language
are of sort ordinary objects, actions, situations, or reals?

Thereis a specialconstantS, usedto denotethe initial sit-

uation, namelythat situationin which no actionshave yet

occurred;thereis a distinguishedinary function symboldo

wheredo(a, s) denoteshe successosituationof s resulting
from performingactiona in s; relationsandfunctionswhose
truth valuesvary from situationto situationarecalledfluents

andaredenotedy predicateesp.functionsymbolstakinga

situationtermastheir lastargumentfinally, thereis a special
predicatePosga, s) usedto statethatactiona is executable
in situations. Within this languagewe canformulatetheo-

rieswhichdescribenow theworld changesstheresultof the

availableactions. One possibilityis a basicaction theory of

thefollowing form [Levesqueetal., 1999:

e Axiomsdescribingheinitial situation,Sy.

e Action preconditionaxioms,onefor eachprimitive ac-
tion a, characterizingosga, s).

3Therespectie probabilitiesare0.3*0.1=3%and3/73=4.1%.

*While the realsare not normally part of the situationcalculus,
we needthemto represenprobabilities. For simplicity, the reals
are not axiomatizedand we assumetheir standardinterpretations
togethemwith the usualoperationsandorderingrelations.

e Successostateaxioms(SSA), onefor eachfluent F,
stating under what conditions F'(#, do(a, s)) holds as
a function of what holdsin situations. Thesetake the
placeof the so-calledeffect axioms,but alsoprovide a
solutionto the frameproblem.

e Domainclosureanduniquenameaxiomsfor the primi-
tive actions.

e A collection of foundational,domainindependentx-
ioms. One of themdefineshow a situations’ canbe
reachedfrom a situation s by a sequenceof actions.
Sincewe useit frequently we defineit here®

sC do(a,s) =sC s
wheres C s’ standdor (s C s') V (s = §').

Adding a Timeline In its basicform, the situationcalcu-
lus hasno notion of time. In orderto modelthat processes
have temporalextent,weintroducea specialunaryfunctional
fluent start of sortreal. The understandings that start(s)
denotesthe time when situation s begins (we assumethat
start(Sp) is 0). The fluentstart changests valueonly asa
resultof the specialprimitive actiontUpdatet), with thein-
tuition that, normally, every actionis instantaneoughat is,
thestartingtime of the situationafterdoinga in s is thesame
asthe startingtime of s. The only exceptionis tUpdat€t).
Wheneerthis actionoccurs the startingtime of theresulting
situationis advancedupto ¢. Thefollowing axiommakesthis
precise.

Posga, s) D [start(do(a, s)) =t =
a = tUpdatdt) v t = start(s) A =3t'.a = tUpdate?t’)

We will seein Section4 how tUpdateactionsare usedto
synchronizestart with the actualtime during on-line execu-
tion of robotplans.We remarkthatin [GrosskreutandLake-
meyer, 20004 a versionof the temporalsituationcalculusis
consideredvhereit is possibleto wait for conditionslike a
robot arriving at a certainlocation, which is modeledusing
continuoudunctionsof time, anissuewe ignoreherefor sim-

plicity.

3 pGOLOG

As arguedin [Grosskreutzand Lakemeyer, 20004, robot
“actions” suchas paint or inspectare often bestthoughtof
aslow-level processesvith uncertain,probabilisticoutcome
whichneedto bedescribedtalevel of detailinvolving mary
atomic actions,ratherthan as primitive, atomicactions. To
describesuchprocessesye proposedo modelthe processes
asprogramsausingthe probabilisticlanguaggpGOLOG. The
ideais to modelthenoisylow-level processeasprobabilistic
programs wherethe different probabilisticbranchesof the
programscorrespondo different possibleoutcomesof the
processesGiven a faithful characterizatiorf the low-level
processef termsof pGOLOG programswe canthenrea-
sonabouttheeffectsof theactivationof theprocessethrough
simulationof their correspondinggGOLOG models.
Besidesconstructsuchassequencesterationsandrecur
sive procedurespGOLOG providesa probabilisticbranch-
ing instruction: prob(p, o1, 02). Its intendedmeaningis to
executeprograme; with probability p, and o2 with proba-
bility 1 — p. In additionto the constructsalreadypresentn

SWe usethe corventionthatall free variablesareimplicitly uni-
versallyquantified.



[GrosskreutandLakemeyer, 20004, weintroducetheparal-
lel constructwithPol(oy, o3) adaptedrom [Grosskreutand
Lakemeyer, 20004. The intuition is to executes; ando,

concurrentlyuntil o2 ends. The programo; hasa higher
priority thano,, meaningthatwhenever both oy ando, are
aboutto executean actionat the sametime, o, takesprece-
dence WeremarkthatpGOLOG only providesdeterministic
instructions.

o} primitive action
¢? wait/testactior?
[01, 03] sequence
if(¢,01,09) conditional
while(¢, o) loop

probabilisticexecution
prioritized executionuntil o5 ends
proceduredefinition

prob(p, o1, 02)
WlthRJI(O'l, 02)

proc(3(Z) o)

To illustratethe useof pGOLOG, we will now modelthe
possiblesffectsof paintby thepGOLOG programpaintProc.
Intuitively, if thewidgetis alreadyprocessedyying to paint
it resultsin anerror. Otherwise 10 secondsfteractivationof
paint the widgetwill becomeundercoated andfinally after
30 secondgpaintwill resultin thewidgetbeingpaintedwith
probability 95% (thereis also a 5% chancethat paint will
remaineffectless).To modeltheeffectsof paint, we make use
of thefluentsPA, FL, PRandERwith theobviousmeaningo
representhe propertiesof our exampledomain,andassume
successostateaxiomsthat ensurethat the truth value of PA
is only affectedby the primitive actionssetFA and clipPA,
whoseeffect is to make it TRUE resp. FALSE; similarly for
theotherfluents.

proc(paintProc,
[waitTime(10), if (PR, setERsetUQ,
waitTime(20), if (PR setERprob(0.95, seti))]).

n secondslt essentiallycorrespondso ateststart > 7 +
n?, wherer refersto the time wherewaitTime wasinvoked.
We will seein the Section5 how this andsimilar pGOLOG
modelsof the robot’s low-level processeareusedto update
therobot’s beliefsduringon-line execution.

Formal Semantics Thesemanticof pGOLOG is defined
using a so-calledtransitionsemanticsimilar to ConGolog
[Giacomoetal., 2004. It is basedn definingsinglestepsof
computationand,aswe usea probabilisticframework, their
relative probability. Thereis a functiontransPr(o, s, d,s")
which, roughly; yields the transition probability associated
with a givenprogramo andsituations aswell asa new sit-
uations’ thatresultsfrom executingo’s first primitive action
in s, anda new programd that representsvhat remainsof
o afterhaving performedthataction! Furthermorethereis
anothempredicateFinal(o, s) which specifieswhich configu-
rations(o, s) arefinal, meaningthatthe computationcanbe

SHere, a condition ¢ standsfor a situation calculus formula
wherenow may be usedto refer to the currentsituation;whenno
confusionarises,we will simply leave out the now argumentfrom
the fluentsaltogether Similarly, the term ¢[s] denoteghe formula
obtainedby substitutingthe situationvariables for all occurrences
of nowin fluentsappearingn ¢.

"Notethattheuseof atransitionsemanticsiecessitatethe reifi-
cationof programsasfirst ordertermsin the logical languagean
issuewe glossover completelyhere(see[Giacomoetal., 2004 for
details). For spacereasonsye alsocompletelyglossover the defi-
nition of proc, whichrequiresasecondrderdefinitionof transPr.

considereccompleted. This is the case,roughly, whenthe
remainingprogramis nil, but notif thereis still a primitive
actionor testactionto be executed.

For spacereasonswe only list a few of the axiomsfor
transPr andFinal. Let usfirst look at withPol andprob in-
formally: the executionof o5 with policy o; meangshatone
actionof oneof the programds performedwherebyactions
which canbe executedearlier are always preferred. If both
o1 andos areaboutto executean actionat the sametime,
thepolicy o, takesprecedenceThewholewithPol construct
is completedassoonaso, is completed. The executionof
prob(p, o1, 02) resultsin the executionof adummy; i.e. ef-
fectlessactiontossHeador tossil with probability p resp.
1 — p with remainingprogramoy, resp. 2. Let nil bethe
emptyprogramanda a primitive action.

transPr(nil,s,d,s') =0
transPr(a,s,0,s') =
if Poss(a,s) ANd =nil As' = do(a, s) then 1 else 0
transPr([o1,02],8,0,8') =
if 6 = [¢', 02] then transPr(oy,s,d',s")
else if Final(o1,s) then transPr(os,s,4d,s")
else 0
transPr(prob(p, o1,02),s,0,s'") =
if 6 = 01 A s' = do(tossHeads) then p else
if 0 = 02 A s’ = do(tossTil(start, s) then1 — p
else 0
transPr(withPol(o1, 02), s,9,5") =
if 361 .6 = withPol(dy, 02) A transPr(oy,s,01,s') >0
A-Final(o2) AVds, so.transPr(os, s,02,82) >0 D
start(s') < start(sz) then transPr(oy,s,d1,s')
else if 39,5.0 = withPol(ay, d2)A
transPr(os,s,02,8') > 0 AV, 8.
transPr(o1,s,01,51) > 0 D start(s') < start(s1)
then transPr (o, s,02,5') else 0

Final(a, s) = FALSE
Final(nil, s) = TRUE
Final(withPol(o4, 02), s) = Final(os, s)

So far, we have only definedwhich successoconfigura-
tions canbe reachedthrougha single transition. The pred-
icate doPr(o, s,s') definesthe probability of an execution
traces’ of programo startingin s, thatis the probability to
endupin afinal configuratiorwith situationcomponens’ af-
ter asequencef transitions.In the following axiom, trans-
Pr*(4,s,4',s") refersto the transitve closureof transPr.
Intuitively, if (§’,s") canbereachedrom (4, s), thentrans-
Pr*(6,s,4',s") is the product of the probabilitiesof each

transitionalongthe pathfrom (§, s) to (&', s").8
doPr(d,s,s') =
if 36", p.p > 0 AtransPr*(4,s,d',s') = p A Final(d', s)
then pelse 0

4 A Control Architecture for Acting under
Uncertainty

In modernrobotcontrolarchitecturesike RHINO [Burgardet
al., 2004, the robot’s high-level controllerdoesnot directly
affecttheworld by operatingherobot’s physicalsensorand
effectors,but insteadis connectedo a basictask-execution

8Defining the transitive closureof transPr requiressecondor-
der logic; for spacereasonswe omit the definition, and refer the
interestedeaderto [GrosskreutandLakemeyer, 20000.



levelwhich providesspecializedow-level processebk e nav-
igation, objectrecognitionor graspingobjects. We will now
describehow this type of architecturecan be reconstructed
in a logic-basedramawork; the architecturepresentechere
is essentiallyan extention of [Grosskreutzand Lakemeyer,
2001], adaptedo stochasticscenarios.In particular we al-
low for the robot’s uncertaintyaboutthe stateof the world,
accountfor the fact that low-level processe$iave uncertain
outcomesandshav how to dealwith processetik e inspect
which provide information aboutthe stateof the world, i.e.
how to integratesensingnto our architecture.The resulting
overallarchitecturas illustratedin Figurel.

I OCESS ) (<% =
high-level = reg(fork) =) o levd @
controller | i = stem

reg(inspect) ¥ [procesn |

Figure 1: RobotControl Architecturefor Acting underUn-
certainty

In orderto reasoraboutthe effectsof a high-level plan,we
needa model of every partof the robot control architecture
illustratedin Figure1.? Let usstartwith a representatiof
the stateof theworld.

41 The Stateof the World

While the original situationcalculusallows us to talk only

about the actual state of the world, in scenarioslike the
ship/reject examplewe have to represenuncertainbeliefs
aboutthe stateof the world. To do so, we follow [Bacchus
etal., 1999 andcharacteriz¢he probabilisticepistemicstate
of arobotby a setof situationsconsideed possible andthe
likelihoodassignedo thedifferentpossibilities.More specif-
ically, thereis abinaryfunctionalfluentp(s’, s) which canbe
readas“in situations, theagentthinksthats' is possiblewith

weightp(s’, s).”10 All weightsmustbe non-neyative andsit-

uationsconsideredmpossiblewill be givenweightO (we do

notrequirethattheweightssumto 1). Furthermoreall situa-
tionsconsideregossiblein Sy mustbeinitial.

Vs'.p(s',S0) > 0D Vs",a".s" #do(a”,s")

For example, in the introductory ship/reject domain the
world is in one of two states,s1 and s2, which occurwith
probability 0.3 and 0.7, respectrely. All other situations
have likelihood 0. The following axiom makesthis precise
togethemwith whatholdsanddoesnotholdin eachof thetwo
states.

Vs.p(s,S0) > 0D —PA(s) A=PR(s) A=ER(s)A\
381, 82.p(81, S()) =0.3A p(SQ, S()) =0.7A

FL(Sl) N —|FL(82)/\

Vs.s £ 51 As# s2 Dp(s,S) =0

Belief Basedonp, [Bacchusetal., 1999 defineBel(4, s),
the agents degreeof belief that ¢ holdsin situations, to be

°Although the appropriatdevel of detail at which the low-level
processeshouldbe modeledis applicationdependentye remark
thatarobotcontrollerthatlacksa modelof theeffectsof its actions
is intrinsically incapableto reasomaboutthe effectsof its actions.

Having morethanoneinitial situationmeansthat Reiters in-
ductionaxiomfor situationd Levesqueetal., 1999 nolongerholds,
justasin [Bacchusetal., 1999.

anabbreviation for thefollowing termexpressiblan second-
orderlogic (asbeforeg¢ is asituationcalculusformulawhere
nowis be usedto referto the currentsituation).

E{s’:d)[s’]}p(sla 8)/2511)(8,, 8)

Intuitively, Bel(¢, s) is the normalizedsumof the weights
of all situationss’ consideregossiblein s thatsatisfy¢. In
ourexample,Bel(FL, Sp) is 0.3.

4.2 Communication between low-level Processes
and high-level Controller

We assumehatthe entirecommunicatiorbetweerthe high-
level controller and the low-level processesis achieved
throughasetof registers andmodelthemby thespeciafunc-
tional fluentreg(id, s). The high-level interpretercanaffect
the valueof reg by meansof the specialactionsendid, val)
which assignsreg(id, s) the valueval. The intuition is that
in orderto activate a low-level processthe high-level con-
troller executesa sendaction. For example,the executionof
sendfork, paint) would tell the executionsystemto startthe
paintprocess?!

Ontheotherhand thelow-level processesanprovide the
high-level controllerwith sensoinformationby meansof the
exogenou$® actionreply(id, val). The following successor
stateaxiomspecifieshow reg changests value.

Poss(a, s) D [reg(id, do(a, s)) = val =
a = sendid, val) vV a = reply(id, val)v
reg(id, s) = val A =(3r,v.a = sendr,v) V a = reply(r, v)]

We assumehatinitially, the value of the fluentreg is nil
for all id, andthattherobotknow aboutthis.

Vid.reg(id, Sp) = nil
Vs, id.p(s,Sp) > 0 D reg(id, s) = reg(id, Sp)

4.3 TheLow-Level Execution System

Next, let us modelthe low-level executionsystem,starting
with the individual low-level processes.As mentionedin

Section3, we modelall low-level processedy probabilistic
pGOLOG programs.While we have alreadymodeledpaint
by the procedurepaintProc, we modelshipandrejectby the
following two pGOLOG programs. We assumethat both
processesake 10 secondso completeexecution,whereupon
they confirm completionby meansof a reply(processeg)

action.

proc(shipPioc,
[waitTime(10),
if(PRV FL, setER, setPRreply(processeg)])

proc(rejectPoc,
[waitTime(10),
if(PRV —FL, setER, setPRreply(processet)])

Sensor Processes Next, we turnto the processnspect At
this point, we have to explain whatwe meanby sensing.To
us,sensingneans:activatea sensor This “activation” hasas
an effect a sensoreading. In the example,sensinghappens

"The term fork was chosenin analogyto the proceduref or k
usedin UNIX- like operatingsystemsdo createnew concurrenipro-
cesses.

2Here,an exogenousactionis anactionnot underthe control of
thehigh-level controller



throughthe activation of the inspectprocesswhoseeffectis
to provide areply(inspect OK) or reply(inspect OK) answer
We assuméhatthehigh-level controlleris awareof all exoge-
nousreply actions,asopposedo “actions” like setPA which
aresolelyusedio modeltheeffectsof thelow-level processes.
Sensingis thusrealizedby meansof speciallow-level pro-
cesseswhich we call sensomrocessesindwhich communi-
cate(pre-processedensoreadingsdby meansof exogenous
replyactionst®

Although during real executionthe actuallow-level pro-
cessinspectprovidesthe answeywe needa modelof the be-
havior of the sensotto updatethe robot’s beliefsafter OK or
OK answersThefollowing pGOLOG programdescribeshe
possibleeffectsof inspect'*

proc(inspectPoc,
if (F'L,[waitTime(10), prob(0.9, replyOK, replyOK)],
[waitTime(10), replyOK))

Directly Observables reply actionslike the above provide
thehigh-level controllerwith informationbecaus¢hey assign
reg(inspect s) a valuewhich is correlatedwith the value of
FL (i.e. OK or OK) andbecauseinlikein thecaseof FL there
is no uncertaintyaboutthe valueof reg. Therefore we dis-
tinguishreg from otherfluentsandcall it directlyobservable
following [GrosskreutandLakemeyer, 20004. Directly ob-
senablefluentsaresuchthattheagentalwayshasperfectin-
formationaboutthem- like the display of one’s watchor a
fuel gaugein the car Formally, we call a relationalfluent P
directly obsenablewrt a pGOLOG theoryiff the following
formulaholds:

Vs,s' & [So C s Ap(s',s) > 0] D P(Z,s') = P(&, s)

Directly obsenablefunctionalfluentsaredefinedsimilarly.
We remarkthatthe initial andsuccessostateaxiomsfor reg
presentedh this sectiontogethemwith the successostateax-
iom for p in thefollowing sectionguarante¢hatin our exam-
pleregisin factdirectly obsenable.

The Overall Low-Level Execution System Finally, we
needa formal modelof the executionsystemasawhole, i.e.
of the robotsoperatingsystem,which ensureghat sendac-
tions resultin the activation of the correspondindow-level
process. The following programkernelPioc describesthe
“kernelprocess’of therobot's operatingsystem.

proc(kernelPioc, [reg(fork) # nil?,
if(reg(fork) = inspect
[reply(fork, nil), withPol(inspectPoc, kernelPioc)],
if (reg(fork) = paint,
[reply(fork, nil), withPol(paintProc, kernelPioc)],
..., else [reply(fork, nil), kernelPiod)...)])

As long asreg(fork) is nil, nothinghappensif reg(fork) is
assignedhenameof alow-level processthenreg(fork) is re-
setto nil, andthelow-level processs run concurrentlyto the
operatingsystems kernelprocess We stresshatpGOLOG
programssuchasthe above are not intendedfor actualex-
ecution. Their purposeis solely to provide a modelof the

BNotethatthis view of sensingsignificantlydiffersfrom thewell-
known sensingactionsof [Levesque1994.

we usereplyOKasanabbreiation for reply(inspect OK), sim-
ilarly for replyOK.

behavior of thelow-level process®

4.4 TheHigh-level Controller

In orderto ensurethat the high-level controllerwill always
have the necessarknowledgeto evaluatetestswithin high-

level robotplans,we considemnly a subsebf the pGOLOG

programsaslegal high-level plans.This subsebf pGOLOG,

to which we referto asGOLOG,,, consistsof all programs
whosetestsarerestrictedto directly observablefluents and
which only executeactionsthat only affect directly observ-
ables We glossoverthetechnicaldetails.As anexample the
following GOLOG,,, plan activatesboth inspectand paint,

waits for their completetiorandfinally processethe widget
accordingto theresultof inspect'®

Prge; =
[forkPaint, start > 30, forkinspectreg(inspec} # nil?,
if(OK, forkShip forkRejec}, reg(processel # nil?,]

We remarkthat during on-line executionof a GOLOG,,
plan, whenever the high-level plan executesa sendaction,
the interpretercheckswhetherthis signalsan activation of a
low-level processand, as a side-efect, activatesthe actual
low-level processf necessary

The Passage of Time during On-line Execution Finally,
aword on the passagef time during on-line executionof a
high-level plan. In orderto synchroniseheinternalclock,i.e.
thevalueof thefluentstartwith theactualtime duringon-line
execution thehigh-level controllerperiodicallygenerate@x-
ogenougUpdategt) events,wheret refersto the actualtime.
As describedn Section2, the effect of a tUpdateis thento
assigrstartthe actualtime 1’

5 Belief Update

Right now, we have a model of the robot’s control architec-
ture,of its beliefsaboutthe stateof theworld, andof the exe-
cution systemof the robotincluding modelsof the low-level
processes.Basedon this model, we will now specify how
to updatethe robot’s belief stateasa resultof the activation
of noisylow-level processeandof thereceiptof reply mes-
sages.We refer to this task as (probabilistic) belief update
following [Bacchusetal., 1999.18

Although not quite obvious, the specificationof a succes-
sor stateaxiom for the fluent p is not suficentto represent
the updatedbelief state. To seewhy, let us considerthe sit-
uation S, . wheretherobothasactivatedthe paint processn

5N fact,pGOLOG programdik e inspectPoc or paintProc can-
not be executedby the high-level controllerbecausét hasonly un-
certaininformation aboutthe value of non-obserable fluentslike
FL, resp.becausé cannotdirectly executeactionslik e setFA.

%We useOK asanabbreiation for reg(inspect OK), forkinspect
as an abbreiation for sendfork,inspec}, and similarly for
forkPaint, forkShipandforkReject

"We assumethat the differenceA = t;41 — t; betweentwo
subsequentipdatestUpdatet;) andtUpdatet;41) is smallerthan
the minimal delay betweenthe executiontime of ary two actions
of thepGOLOG modelswhich have differentexecutiontime. Fur-
thermore we assumehatif areplyis modeledto happerattime ¢,
thenduringon-line executionthe high-level controllerwill generate
atUpdateactioncausingstartto adwvanceto t beforetheactualreply
actionhappens.

185ee[Shapiroetal., 2004 for the connectiorto thegeneralarea
of beliefupdateandbelief revision.



theinitial situationthroughsendfork, paint) at time 0, after
which it haswaitedfor 15 secondsintuitively, the epistemic
stateshouldreflectthefactthatthe activationof thelow-level

procesgaint hasaffectedthe truth valueof UC. But thisis

not sufficient. Additionally, the robot shouldbe awareof the
factthatunlikein Sy, in S, the low-level processs active

hasalreadyexecutedsetUGC andis aboutto probablyexecute
setRA. Thus,the paint processs nolongercorrectlycharac-
terizedby paintProc, but insteadby the remainingfragment
of paintProc after 15 second$ave passed.

The example suggeststhat the appropriatepGOLOG
model of the low-level processess not the samefor all sit-
uations, but dependson the history of actions. Thus, we
associatevith every possiblesituationa specificpGOLOG
model. Formally, we introducea specialfunctional fluent
li(s', s) thatcanbereadas*“in situations, the robotthinks
that if the world is in states’ thenthe low-level processes
can be characterizedoy the pGOLOG programli(s’,s).”
The following axiom statesthat in the initial situationthe
low-level processesire as describedby kernelPioc (defined
above).

Vs.p(s, So) D ll(s, So) = kernelPioc.

In order to specify successor state axioms for
p(s*,do(a, s)) andli(s*,do(a,s)), statinghow the world
and the low-level processesvolve from a situation s to
its successosituationdo(a, s), we have to distinguishtwo
cases(i) a is areply actionperformedby a sensomprocess;
and (ii) a is an action executedby the high-level controller
or atUpdateaction. The reasonthat we have to distinguish
reply actions from other “ordinary” actionsis that reply
actions provide sensinginformation, as capturedby the
pGOLOG modelof thesensingorocesseflik e, for example,
inspectPoc).t®

5.1 Ordinary Actions

Let usfirst considerthe secondcase.Our solutionis thatthe
low-level processesxecuteup to the point whereoneof the
following conditionsoccur:

1. they areblocked,i.e. waiting for a ¢? conditionto be-
cometrue;

2. orthey areaboutto executeanreplyaction.

While the first conditionis fairly obvious, the reasorthat
we mind reply actionsis that the high-level controller is
aware of all reply actions,and a is no reply action. We
will now formalizethe ideato executea programe in s un-
til a configuration{d, s’} is reachedvhereone of the above
conditionsis true. For this, we use the specialfunction
transPri(o, s, 48, s') which specifiesthe probability to end
upin (4, s") startingin (o, s). In thefollowing formulas 2(a)
is ashorthandor 3r,v.a = reply(r,v).

transPri(o,s,d,s') =
if transPr*(o,s,0,s') > 0
Va*,s*.s C do(a*,s*) C
Vo*, s*.transPr(9,s', 6%,
Jda*.s* = do(a*,s') A R(a*
then transPr*(o,s,d,s') else 0

While the secondline of the if condition verifies that
(4, ') canbereachedrom (o, s) withoutexecutingary reply

19As statedabore, we assumehatthe high-level controlleris not
awareof ary otherlow-level “actions” thanthereplyactions.

action, the lasttwo lines verify thatall successoconfigura-
tions of (4, s') canonly be reachecby a violation of one of
the above conditions,meaningthat the simulationhasbeen
pursuedasfaraspossible.

Using transPr?, we can define which configurations
(s*,1l*) have beenreachedby the low-level processesn
do(a, s) togetherwith their weight (assumingthat a is no
reply action). Intuitively, theseare all configurationthat
result from the execution via transPr< of a configura-
tion (li(s',s),s') consideredpossiblein s. Their weight
is the product of the weight of s’ in s and the transi-
tion probability as specifiedby transPr<. The predicate
advConfigs*,1l*, do(a, s)) makesthis precise.
advConfigs*, ll*,do(a, s)) =p =

3s',p',p*.p(s',8) = p'A

transPr(ll(s',s), s',1l*,s*) = p*A

pP>0APp* >0Ap=p -p*V

—3s'.[p(s',8) > 0 AtransPr(li(s', s), s',l1*,s*) > 0]A

p=0

5.2 replyActions

Now that we have formalizedhow the low-level processes
aevolveif a is anordinaryaction,let usturnto the othercase
wherea is a reply action. Intuitively, the obsenation of a
reply should sharpenthe belief stateof the robot. For ex-
ample, if the robot obsenes a replyOK action after activa-
tion of inspect it canrule out thosesituationsfrom its belief
statewhere—FL holds. In generalthe obsenationof areply
action can be usedto rule out thosesituationswhoseasso-
ciatedpGOLOG modelof the low-level processed! is not
aboutto executethis very reply action. To make this precise,
we definethe predicateadvé&filter(s*, 11*, do(a, s)) which -
if a is anreplyaction- preseresonly thoseconfigurationof
advConfigwhosepGOLOG-componenis aboutto execute
a.
advé&filter(s*, ll*,do(a, s)) = p = s'.s* = do(a, s')A

[-PR(a) A advConfigs’,l1*, do(a, s)) = pV

R(a) A [3s",11",p", p*.advConfigs”, 1l", do(a, s)) = p"

AtransPr* (11", s" 11*,s*) = p*A
p'>0APp* >0Ap=27p" -p*V
—-3s", 11" .[advConfigs", 11", do(a, s)) >0
AtransPr*(11", s",11*,s*) > 0] Ap = 0]]

If a is an ordinary action, adv&filter is almost like
advConfig the only differenceis thatall situationss* con-
sideredin do(a, s) now “end” with actiona, i.e. 3s'.s* =
do(a, s'). However, if a is a reply action, then we keep
only thosesituationss* in the belief statewhoseassociated
pGOLOG modelcorrectly predictedthat the reply actiona
would be executedhext.

Successor State Axioms for p and [l It can be shovn
that the function adv&filter is well-defined, meaningthat
ary configuration{s*, l[*) with positve weightis assigned
exactly one weight. Furthermore,it can be shovn that
for each situation s* there is at most one II* such that
advé&filter(s*, 1l*,do(a, s)) > 0. Thereforep andll cansim-
ply bedefinedasthesituationresp.pGOLOG componenbf
advé&filter.
p(s*,do(a, s)) = p = Al*.adv&filter(s*,ll*, do(a, s)) = p
Ap > 0V VII*.adv&filter(s*,1l*,do(a,s)) =0Ap =10

li(s*,do(a, s)) = ll* = advé&filter(s*,1l*,do(a, s)) > OV
Vil'.advé&filter(s*,1l', do(a, s)) = O A lLI* = nil



5.3 Examples

To illustrate how p and Il evolve, and in particular how

the perceptionof an exogeneousreply action is usedto

sharpenthe robots beliefs, we will now consider the
value of p and !l in different situations. We begin with

the situation Sinspect = do([fork, inspecy, reply(fork, nil),

tUpdatd1), ..., tUpdat€10)], Sp), alreadymentionedabove

(we assumehatatUpdateactionis generate@very second).
Let T bethefoundationalbxiomsof Section2 (exceptfor the
inductionaxiom)togethemvith the successostateaxiomsfor

p andll, actionpreconditionaxiomsstatingthat all setand
clip actionsare always possible,successostateaxiomsfor

thefluentsPA, FL, PRandER, andthe probabilisticcharac-
terizationof the initial stateof Section4. Then,from " we

candeducethatin Sinspecttwo situationsare consideregos-
sible. Intuitively, thefirst onecorrespondso the casewhere
thewidgetis flawed andthe secondoneto the casewhereit

is not flawed. Furthermorewe can deducethat thesesitu-

ationshave an associategp GOLOG modelof the low-level

processeshat accountsfor the factthatthe paint processs

active andaboutto provide areply.

I'=Vs',1l'.p(s', Sinspec) > O AUL(s", Sinspec) = 1" =
ds*.s' = do([sendfork, inspec}, reply(fork, nil), ...,
tUpdate10)], sg)
A[ll" = condkernelPoc,
[start > 10?, prob(0.9, replyOK, replyOK)])
Vil = condqkernelPoc, [start > 107, replyOK])]

We remarkthatsofarthebeliefconcerninghevalueof FL
remainsunchangedI’ = Bel(FL, Sinspecy = Bel(FL, Sp)).
Now assumehattheinspectprocesgrovidesareplyOK an-
swer leadingto SituationS-,; = do(replyOK, Sinspec- IN-
tuitively, we would expectthatafterthis obsenationtherobot
no longer considersa situationpossiblewherethe widgetis
notflawed. Indeedwe candeducehatin S_,; therobotonly
considersnesituationpossible andthatFL holdsin this sit-
uation.

I'Ep(s',S=0k) =pAp>0=13s;. p(sh,S0) >0 A
s' = do([sendfork, inspec}, reply(fork, nil), ...,
tUpdate10), tossHeadreplyOK], sh) A
FL(s") A FL(s})

Intuitively, the only situation that remainsin the belief
statecorrespondso the simulationtracewhereFL holds,and
inspectcorrectly reportsreplyOK. This correspondgo the
execution of the first branchof the prob instructionin the
pGOLOG modelinspectPoc, leadingto a tossHeadaction
in the resultingexecutiontrace. All othersimulationtraces
would endup in a replyOK answer and are thus ruled out
from the belief state(seeadvé&filter). We remarkthatthere-
sultingbelief stateimpliesBel(FL, S_,;) = 1.

Similarly, if the robotwould obsenesreplyOK we could
deducehatonly two situationsareconsideregbossiblein the
resulting situation do(replyOK Sinspec): ONe corresponding
to the widget beeingflawed (probh.  30%) and inspecterro-
neouslyreportingOK (prob. 10%), and anotherone where
thewidgetis not flawed (prob 70%). Theresultingbeliefin
—FL would thencorrespondo the normalizedprobability of
thesecondcasewhichis 0.7/(0.7 + 0.3 % 0.1) = I3

As anotherexample, let us considerthe situation S,.=
do([sendfork, paint), ..., tUpdate€15)], So), wherethe paint
processs active for 15 seconds.In this situation, the low-
level processpaint hasalreadycausedUC to becometrue,

andis waiting until time 30 whereatit may causePA to be-
cometrue.
T'Ep(s',Su) >0=
Js*.s' = do([sendfork, paint), ..., tUpdatg10), setUC
tUpdatg11), ..., tUpdatg15)], s*)A
ll(s', Syc) = condkernelPioc,
[start > 307, if(PRsetER
prob(0.95, set))])
Someseconddater, therobotsbeliefin PAwill riseto 95%
dueto thefactthatit will assumehat paint hasfinishedex-
ecution. However, the robot’s belief in the widget beeing
flawedwill remainunchanged.

6 Belief-Based Programming

As an applicationof belief update,we will now introduce
the conceptof belief-basedrograms GOLOG,,, programs

thatappealto the robot’s beliefsat executiontime ?° In par
ticular, we introducea specialepistemictest BTes{¢, p, s),
which is true if in situation s the robot’s belief in ¢ is p.
Formally, BTes{¢, p, s) is a definedrelationalfluent which
is trueiff Bel(¢, s) = p. Using BTestwithin testconditions,
a GOLOG,,, plancanappealto the robot’s beliefsat execu-
tiontime As anexample thefollowing planspecifieghatthe
robotis to activatethe inspectprocesauntil it is sufficiently
confidentaboutwhetherthe widgetis flawed or not. There-
after, thewidgetis paintedandprocessed?
proc(saveRint,
[ while(3p.BTes(FL,p) A =[p =1V p < 0.001],
sendinspectnil), forkinspectreg(inspect) # nil?),

forkPRaint, waitTime(30),

if(BTes{FL, 1), forkRejectforkShip,

reg(processef# nil?]

The while loop is executeduntil the robotis surethatthe
widgetis flawed,i.e. Bel(FL) = 1, or the probabilitythatthe
widgetis flawed dropsbelov 0.001, meaningthat the robot
is sufficiently confidentthatthe widgetis ok. We remarkthat
dueto the factthat after the obsenation of OK the robot is
surethat the widgetis flawed, the above programcausesat
mostthreeactivationsof inspect?

Unlike ordinaryGOLOG programswhich areconditioned
on factsaboutthe world, in belief-basedrogramslike the
above actionsare conditionedon the robot’s belief stateat
executiontime. As the exampleillustrates,belief-basegro-
gramsallow the programmerto provide domaindependent
proceduralkknowledgein a naturalway. From a pragmatic
point of view, belief-basedprogrammingcan be an attrac-
tive alternatve to probabilisticplanningbecausé represents
a much simpler computationalproblem. While probabilis-
tic plannersaresearchingrom scrachfor an (optimal) plan,
whichin theworstcasemeanghatanexponentialnumberof
candidateplanshasto be projectedthe executionof abelief-
basedprogramonly requiresthe computationof the belief
stateof therobotalongthe executionof a givenplan.

2Thisis similar to Reiter’s notion of knowledge-basegrogram-
ming [Reite; 200d. However, we remarkthat herewe aredealing
with degreesof belief

2'As usual,we leave out the now argumentin the tests,in partic-
ularin theepistemidluentBTest

22As we have seenin the previous section the obseration of one
OK answercauseshe robot’s belief in —FL to rise to 70/73 =
0.7/(0.7 + 0.3 % 0.1). Similarly, the obseration of two resp.three
OKs causethe robot’s belief to rise to 0.7/(0.7 + 0.3 * 0.1 * 0.1)
resp.0.7/(0.7 + 0.3 % 0.1 % 0.1 % 0.1).



Implementation Justasin the caseof ConGolog, it is
straightforvardto implementapGOLOG interpreteiin PRO-
LOG. Weremarkthatourimplementatiorwasableto execute
theabove belief-baseglanin afractionof asecond.

7 Discussion

Summarizingywe have shavn how to updatethe probabilistic
belief stateof a robot during on-line executionof high-level
GOLOG,;,, plans.To do so,we have modeledalayeredrobot
control architecturewithin the pGOLOG framework, mak-
ing useof probabilisticpGOLOG programsto modelnoisy
low-level processedn orderto dealwith sensingwe havein-
troducedtheconcepbf sensoprocessedpw-level processes
whoseactivation resultsin exogenougeply actions. Finally,
we have introducedbelief-basedrograms, GOLOG,.,, pro-
gramswhosetestsappealto the agents beliefs at execu-
tion time. We remarkthatunlike approachetik e [Levesque,
1996;Bacchuset al., 1999, we representhe belief stateof
the agentby a setof possiblesituationsand an associated
model of the state of executionof the low-level processes
whichallows usto accountor noisyprocessewith temporal
extent.

Thewholeframawork, in particularthe definition of p and
ll, relieson thefactthatpGOLOG programsaredeterminis-
tic. As aresult,it is not possibleto specifyunprioritizedcon-
curreny asdonein ConGolog wheretheresultingcourseof
actionsis not uniquelydetermined.However, whenwe con-
sider processesvith temporalextent, this doesnot seemto
beasevererestriction,becausehepriority of aprocessnan-
ifestsonly whentwo processesvish to executean actionat
exactly the sametime; actionswith differentexecutiontimes
arenot affected.

Probablythe closestwork to that reportedin this paper
is that of Bacchus,Halpernand Levesque[Bacchuset al.,
1999, to which we owe the characterizatiorof the robot’s
epistemicstate. However, while we managesolely with the
prob instructionto representnoise, they make use of the
conceptsof nondeterministidnstructions action-likelihood
axiomsOI (a,d’, s) andobservation-indistinguishabilitgx-
iomsi(a, s), andrepresenthe executionof noisy actionsas
atomic. Thisresultan asimplerSSA for p, but atthecostof a
morecomple specificatiorof theeffectsof thenoisysensors
and effectors. Furthermoreijt is not clearhow to projecta
planwithin their framavork. Ontheotherhand,probabilistic
projectionin the pGOLOG framework was alreadyconsid-
eredin [Grosskreutzand Lakemeyer, 20004, andit would
berelatively straightforvardto considerboth projectionand
belief updatewithin pGOLOG.?®

As for probabilisticplannerdik e C-Buridan[Draperetal.,
1994, they usuallycompletelyignorebelief update Besides,
they represenprocessess atomic actions. The latter also
holds for the theory of POMDPs(which is concernedwith
both reasoningasks),but whosecomputationakostis pro-
hibitive alreadyin relatively small domains.We believe that
in mary domainstheuseof belief-basegrogramsproviding
proceduralknowledgeis more promising than uninformed
searchfor anoptimalplan. In [Poole, 1994, Pooleproposes
an integration of decisiontheory andthe situationcalculus,

Z0ne possibility would be to explicitly distinguishbetweenon-
line andoff-line executionof GOLOG,, plans,andto make useof
the specialactionwaitFor to causetime to advanceduring projec-
tion, alongthelines of [GrosskreutandLakemeyer, 2001.

which howeveris primarily concernedvith the expectedutil-
ity of a candidateplan. Finally, the recently proposedDT-
Golog [Boutilier et al., 2004 assumedull obserability of
the domain. All of theseapproacheslo not accountfor the
temporalextentof thelow-level processes.
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