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Abstract
High-level controllers that operaterobots in dy-
namic, uncertaindomainsare concernedwith at
leasttwo reasoningtasksdealingwith theeffectsof
noisysensorsandeffectors:They havea) to project
the effects of a candidateplan and b) to update
their beliefsduringon-lineexecutionof a plan. In
thispaper, weshow how thepGOLOG framework,
which in its original form only accountedfor the
projectionof high-level plans,canbe extendedto
reasonaboutthewaytherobot’sbeliefsevolvedur-
ing theon-lineexecutionof a plan. pGOLOG, an
extensionof thehigh-level programminglanguage
GOLOG, allows the specificationof probabilistic
beliefsaboutthe stateof the world andthe repre-
sentationof sensorsandeffectorswhich have un-
certain,probabilisticoutcomes.As an application
of belief update,we introducebelief-basedpro-
grams, GOLOG-styleprogramswhosetestsappeal
to theagent’sbeliefsatexecutiontime.

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 least two 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
theheartof probabilisticplanning[Kushmericket al., 1995;
Draperet al., 1994] and the theoryof POMDPs[Kaelbling
et al., 1998]. Second,givena characterizationof therobot’s
beliefsaboutthe stateof the world, a robot shouldbe able
to updateits beliefsduringtheexecutionof aplaninteracting
with therobot’snoisysensorsandeffectors.Thissecondtask,
to whichwewill referto asbeliefupdate, following [Bacchus
et al., 1999], is necessaryto allow probabilisticreasoning(in
particularprobabilisticprojection)in non-initial situation.

In this paper, we show how the probabilistic high-level
programmingframework pGOLOG [GrosskreutzandLake-
meyer, 2000b], which in its original form only accounted
for the probabilisticprojectionof high-level plansinteract-
ing with noisysensorsandeffectors,canbeextendedto rea-
sonaboutthe way the robot’s beliefsevolve during the on-
line executionof a plan.1 To do so,we first explicitly model

1Here,we usethetermon-line-executionin thesenseof [deGi-
acomoandLevesque,1999].

a layeredrobot control architecturewherethe robot’s high-
level controllerdoesnotdirectlyaffecttheworld by operating
therobot’sphysicalsensorsandeffectors,but insteadis con-
nectedto abasictask-executionlevel whichprovidesspecial-
ized low-level processeslike navigation, object recognition
or graspingobjects.Having sucha modelhastheadvantage
thatthereis aclearseparationof theactionsof thehigh-level
controllerfrom thoseof the low-level processes.In particu-
lar, while theactionof activatinga low-level processandits
executiontime are underthe control of the high-level con-
troller, neitheraretheeffectsof theactivatedprocessnor its
completiontime.

To modelthe effectsof the low-level processes,we make
useof probabilisticprograms,wherethedifferentprobabilis-
tic branchesof theprogramscorrespondto differentpossible
outcomesof thelow-level processes.2 Basedonsuchamodel
of thepossibleeffectsof thelow-level processes,we specify
how the robot’s beliefs aboutthe stateof the world evolve
during the on-line executionof a plan, in particularhow the
beliefschangewhen the robot activatesa low-level process
that operatesthe robot’s physicaleffectorsor when a low-
levelprocessprovidesnoisyinformationaboutthestateof the
world. Finally, we show how basedon the robot’s evolving
belief stateit becomespossibleto executeso-calledbelief-
basedprograms, GOLOG-style programs[Giacomoet al.,
2000] whosetestsappealto the agent’s beliefsat execution
time.

To get a better feel for what we are aiming at, let
us consider the following ship/reject-example, adapted
from [Draperet al., 1994]: We are given a manufacturing
robotwith thegoalof having a widgetpainted(PA) andpro-
cessed(PR). Processingwidgetsis accomplishedby reject-
ing partsthat areflawed (FL) or shippingpartsthat arenot
flawed. Initially, theprobabilityof beingflawed is 0.3. ship
and reject always make PR TRUE, however ship causesan
executionerror (ER) if FL holds,andrejectcausesER to be
TRUE if FL doesnot hold. Therobotcanactivatea low-level
processpaint, which first under-coatsthewidget(UC) for 10
seconds,then takes20 secondsto paint it. However, paint
hasa5% probabilityto fail. Thereis alsoa low-level process
inspectwhich canbe usedto determinewhetheror not the
widget is flawed. However, inspecthasa 10%probability to
overlookaflaw andreportOK insteadof OK eventhoughthe
widgetis flawed;if thewidgetis notflawed,it alwaysreports

2We remarkthat modelinglow-level processesasprogramsal-
lows a very fine-grainedcharacterizationof the effectsof the low-
level processesat a level of detail involving many atomicactions,
takinginto accountthetemporalextentof theprocesses.



OK.
In thisscenario,anexampleprojectiontaskis: how proba-

bleis it thattheplan“first inspectthewidget;thereafter, if OK
holdsthenshipelserejectit” will falselyshipaflawedwidget.
On theotherhand,belief updateis concernedwith questions
like: whatis theprobabilitythatthewidgetis flawedif during
on-line-executiontherobotactuallyperceivedOK.3 Thedif-
ferencebetweenthe two tasksis that in the formercase,the
agentreasonsabouthow theworld mightevolve,while in the
lattercaseits beliefschangeasa resultof actualactions.We
remarkthat besidesupdatingits beliefsconcerningthe state
of theworld in termsof fluentslike PA or PR, therobotalso
hasto updateits beliefsconcerningthestateof executionof
thelow-level processes;for example,15secondsafteractiva-
tion of thepaintprocesstherobotshouldnotonly beawareof
thefact that thewidget is under-coatedby now, but alsothat
theprocessis no longerin its initial statebut only 15seconds
awayfrom completion.Finally, abelief-basedplanis aspeci-
ficationappealingto therobot’sbeliefsatexecutiontime,like
for example“as long asyour (i.e. the robot’s) confidencein
whetherthe widget is flawed or not is below a thresholdof
99%, (re-)inspectthe widget. Thereafter, ship the widget if
your belief in thewidgetbeingnot flawedexceeds99%,else
reject it.” Note that in this plan the activation of low-level
processesis conditionedon the robot’s beliefsat execution
time.

Therestof this paperis organizedasfollows: aftera brief
review of the situationcalculusandpGOLOG, we describe
an overall robot control architecturefor actingunderuncer-
tainty. Thereafter, we definesuccessorstateaxiomsthaten-
surethat the robot’s belief stateevolvescorrectlyduring the
courseof action.Finally, we introducebelief-basedprograms
andshow how they canbe usedto solve the exampleprob-
lem. The paperendswith a discussionof relatedwork and
concludingremarks.

2 The Situation Calculus
We will only goover thesituationcalculus[McCarthy, 1963;
Levesqueet al., 1998] briefly here:all termsin thelanguage
are of sort ordinary objects, actions, situations,or reals.4

Thereis a specialconstant��� usedto denotethe initial sit-
uation, namely that situationin which no actionshave yet
occurred;thereis a distinguishedbinary functionsymboldo
wheredo���	��

� denotesthesuccessorsituationof 
 resulting
from performingaction � in 
 ; relationsandfunctionswhose
truthvaluesvary from situationto situationarecalledfluents,
andaredenotedby predicateresp.functionsymbolstakinga
situationtermastheir lastargument;finally, thereis aspecial
predicatePoss������
�� usedto statethat action � is executable
in situation 
�� Within this language,we canformulatetheo-
rieswhichdescribehow theworld changesastheresultof the
availableactions.Onepossibility is a basicaction theoryof
thefollowing form [Levesqueet al., 1998]:� Axioms describingtheinitial situation,� � .� Action preconditionaxioms,onefor eachprimitive ac-

tion � , characterizingPoss���	��
�� .
3Therespective probabilitiesare0.3*0.1=3%and3/73=4.1%.
4While the realsarenot normally part of thesituationcalculus,

we needthem to representprobabilities. For simplicity, the reals
are not axiomatizedand we assumetheir standardinterpretations
togetherwith theusualoperationsandorderingrelations.

� Successorstateaxioms(SSA), one for eachfluent � ,
stating under what conditions ������ � do���	��
���� holds as
a function of what holds in situation 
�� Thesetake the
placeof the so-calledeffect axioms,but alsoprovide a
solutionto theframeproblem.� Domainclosureanduniquenameaxiomsfor theprimi-
tiveactions.� A collection of foundational,domain independentax-
ioms. One of them defineshow a situation 

� can be
reachedfrom a situation 
 by a sequenceof actions.
Sincewe useit frequently, we defineit here:5
�� do���	��

���! "
�#$

�
where 
�#$
 � standsfor ��
��%
 � �'&(�)
+*"
 � � .

Adding a Timeline In its basicform, the situationcalcu-
lus hasno notion of time. In order to model that processes
havetemporalextent,weintroduceaspecialunaryfunctional
fluent start of sort real. The understandingis that start�)
��
denotesthe time when situation 
 begins (we assumethat
start�)� � � is 0). The fluent start changesits valueonly asa
resultof thespecialprimitive actiontUpdate�-,.� , with the in-
tuition that, normally, every action is instantaneous,that is,
thestartingtimeof thesituationafterdoing � in 
 is thesame
asthe startingtime of 
 . The only exceptionis tUpdate�-,.� .
Wheneverthisactionoccurs,thestartingtimeof theresulting
situationis advancedupto , . Thefollowing axiommakesthis
precise.

Poss���	��
��0/21 start��3546���	��
��.�7*$,8 �9* tUpdate�-,.�:&;,!* start��
��:<>=@?A,B��� �9* tUpdate�-,B�C�
We will seein Section4 how tUpdateactionsareusedto

synchronizestart with the actualtime duringon-line execu-
tion of robotplans.Weremarkthatin [GrosskreutzandLake-
meyer, 2000a] a versionof thetemporalsituationcalculusis
consideredwhereit is possibleto wait for conditionslike a
robot arriving at a certainlocation,which is modeledusing
continuousfunctionsof time,anissueweignoreherefor sim-
plicity.

3 pGOLOG
As argued in [Grosskreutzand Lakemeyer, 2000b], robot
“actions” suchaspaint or inspectareoften bestthoughtof
aslow-level processeswith uncertain,probabilisticoutcome
whichneedto bedescribedata level of detailinvolving many
atomicactions,ratherthanasprimitive, atomicactions. To
describesuchprocesses,we proposedto modeltheprocesses
asprogramsusingtheprobabilisticlanguagepGOLOG. The
ideais to modelthenoisylow-levelprocessesasprobabilistic
programs, wherethe different probabilisticbranchesof the
programscorrespondto different possibleoutcomesof the
processes.Given a faithful characterizationof the low-level
processesin termsof pGOLOG programs,we canthenrea-
sonabouttheeffectsof theactivationof theprocessesthrough
simulationof their correspondingpGOLOG models.

Besidesconstructssuchassequences,iterationsandrecur-
sive procedures,pGOLOG providesa probabilisticbranch-
ing instruction: prob�EDF��G�HI��GKJ�� . Its intendedmeaningis to
executeprogram G H with probability D , and G J with proba-
bility LNMOD . In additionto the constructsalreadypresentin

5We usetheconventionthatall freevariablesareimplicitly uni-
versallyquantified.



[GrosskreutzandLakemeyer, 2000b], weintroducetheparal-
lel constructwithPol ��G	HP��G�J
� adaptedfrom [Grosskreutzand
Lakemeyer, 2000a]. The intuition is to execute G H and G J
concurrentlyuntil GKJ ends. The program G	H hasa higher
priority than G J , meaningthatwhenever both G H and G J are
aboutto executeanactionat the sametime, G�H takesprece-
dence.WeremarkthatpGOLOG only providesdeterministic
instructions.Q

primitiveactionR�S
wait/testaction6

1 G	H���GKJUT sequenceVBW � R ��G�H���GKJ�� conditionalX+Y V[Z�\ � R ��G:� loopDK]I4P^I�_D'��G H ��G J � probabilisticexecution
withPol ��G	HP��GKJ�� prioritizedexecutionuntil GKJ ends
proc�-`8���� �FG:� proceduredefinition

To illustratetheuseof pGOLOG, we will now modelthe
possibleeffectsof paintby thepGOLOG programpaintProc.
Intuitively, if thewidget is alreadyprocessed,trying to paint
it resultsin anerror. Otherwise,10secondsafteractivationof
paint the widgetwill becomeunder-coated,andfinally after
30 secondspaint will resultin thewidgetbeingpaintedwith
probability 95% (there is also a 5% chancethat paint will
remaineffectless).To modeltheeffectsof paint, wemakeuse
of thefluentsPA, FL, PRandERwith theobviousmeaningto
representthepropertiesof our exampledomain,andassume
successorstateaxiomsthatensurethat the truth valueof PA
is only affectedby the primitive actionssetPA and clipPA,
whoseeffect is to make it TRUE resp. FALSE; similarly for
theotherfluents.

proc� paintProc�
[waitTime�.L�a��b� if � PR� setER� setUC�b�
waitTime�)cPa��b� if � PR� setER� prob��ad� e�f6� setPA�.�[TC�b�g seconds.It essentiallycorrespondsto a teststart hjilkg S , where i refersto the time wherewaitTimewasinvoked.

We will seein theSection5 how this andsimilar pGOLOG
modelsof the robot’s low-level processesareusedto update
therobot’sbeliefsduringon-lineexecution.

Formal Semantics Thesemanticsof pGOLOG is defined
usinga so-calledtransitionsemanticssimilar to ConGolog
[Giacomoet al., 2000]. It is basedondefiningsinglestepsof
computationand,aswe usea probabilisticframework, their
relative probability. Thereis a function ,[]I� g 
�mn]6��G���
���oI��

�-�
which, roughly, yields the transitionprobability associated
with a givenprogramG andsituation 
 aswell asa new sit-
uation 

� thatresultsfrom executingG ’s first primitiveaction
in 
 , anda new program o that representswhat remainsofG afterhaving performedthataction.7 Furthermore,thereis
anotherpredicateFinal ��G���
�� which specifieswhich configu-
rations ��G���
�� arefinal, meaningthat thecomputationcanbe

6Here, a condition p standsfor a situation calculus formula
wherenow may be usedto refer to the currentsituation;whenno
confusionarises,we will simply leave out the now argumentfrom
thefluentsaltogether. Similarly, the term prq s�t denotesthe formula
obtainedby substitutingthesituationvariable s for all occurrences
of now in fluentsappearingin p .

7Notethattheuseof a transitionsemanticsnecessitatesthereifi-
cationof programsasfirst order termsin the logical language,an
issuewe glossover completelyhere(see[Giacomoet al., 2000] for
details).For spacereasons,we alsocompletelyglossover thedefi-
nition of proc, whichrequiresasecondorderdefinitionof u)v�wPx�szy0v .

consideredcompleted. This is the case,roughly, when the
remainingprogramis g V[Z , but not if thereis still a primitive
actionor testactionto beexecuted.

For spacereasons,we only list a few of the axiomsfor,[]I� g 
�mn] andFinal. Let usfirst look at withPol andprob in-
formally: theexecutionof GKJ with policy G	H meansthatone
actionof oneof theprogramsis performed,wherebyactions
which canbe executedearlierarealwayspreferred. If bothG H and G J areaboutto executean actionat the sametime,
thepolicy G H takesprecedence.ThewholewithPol construct
is completedassoonas G J is completed.The executionof
prob�ED'��G H ��G J � resultsin the executionof a dummy, i.e. ef-
fectlessaction tossHeador tossTail with probability D resp.LnM(D with remainingprogram G H , resp. G J . Let g V[Z be the
emptyprogramand

Q
a primitiveaction.

,[]I� g 
�mn]6� g V{Z ��
���oP��

�|�8*ja,[]I� g 
�mn]6�
Q
��
���oI��

�C�!*}�~ m�4P
�
��
Q
��
��:<�on* g V[Z <>

��*�3�46�

Q
��
��'�
�F�A��L��A�����Na,[]I� g 
�mn]6��1 G�HP��GKJUT)��
���oI��
����!*}�~ on*�1 oI����G J TA�
�F�A��,[]I� g 
�mn]6��G H ��
���oI�)��

����A���
� }�~ � V g � Z ��G H ��
��:�
�F�A��,[]I� g 
�mn]6��G J ��
���oP��

�|��A�����Na,[]I� g 
�mn]6� prob�_D'��G	HP��GKJ��z��
���oI��
����!*}�~ on*�G	H!<�
 � *�3546� tossHead��
��:�����5��D9�A���
�}�~ o�*�G J <>

��*�3�46� tossTail ��
�,B�5]�,z��
��F�����5�(L�M�D�A�����Na,[]I� g 
�mn]6� withPol ��G	HP��GKJ��z��
���oI��
����!*}�~ ?6o
HP� on* withPol ��o�H���GKJ��:<;,[]�� g 

mn]6��G�HP��
���o
H���

�C�7��a<@=�� V g � Z ��G J �'<��ro J ��
 J � ,[]�� g 

mn]6��G J ��
���o J ��
 J �7�$a9/
�,B��]�,b�)
��C�7�%
�,B��]�,b�)
 J �'�����5��,[]I� g 

mn]A��G H ��
���o H ��

����A���
� }�~ ?doUJ�� o�* withPol ��G	HP��o�J���<,[]I� g 

mn]A��GKJ5��
���oUJP��
 � �7�$a�<���o
H���
IH��,[]I� g 

mn]6��G H ��
���o H ��
 H �7��a9/$
U,B�5]�,b��

�C�0�$
U,B�5]�,b��
 H ��
�F�A��,[]I� g 
�mn]6��G J ��
���o J ��

���'�A�����na

Final �
Q
��

�� FALSE

Final � nil ��

�! TRUE
Final � withPol ��G�HI��GKJ��z��

�! Final ��GKJ���
��

So far, we have only definedwhich successorconfigura-
tions canbe reachedthrougha single transition. The pred-
icate 3�4Imn]6��G���
���

�-� definesthe probability of an execution
trace 
 � of program G startingin 
 , that is the probability to
endupin afinal configurationwith situationcomponent
�� af-
ter a sequenceof transitions.In thefollowing axiom, ,[]I� g 
 -mn]�����oI��
���o � ��
 � � refersto the transitive closureof ,[]I� g 

mn] .
Intuitively, if ��oI�)��
���� canbereachedfrom ��oI��
�� , then ,[]I� g 
 -mn] � ��oI��
���oI����

��� is the product of the probabilitiesof each
transitionalongthepathfrom ��oI��

� to ��oI����

��� .8
354Imn]A��oI��
���
��C�!*}�~ ?6o � ��DF� D>�$a�<�,[]I� g 

mn] � ��oI��
���o � ��
 � �!*�D�< Final ��o � ��
 � ������A�lD��A���
�Na
4 A Control Architecture for Acting under

Uncertainty
In modernrobotcontrolarchitectureslikeRHINO [Burgardet
al., 2000], the robot’s high-level controllerdoesnot directly
affect theworld by operatingtherobot’sphysicalsensorsand
effectors,but insteadis connectedto a basictask-execution

8Definingthetransitive closureof u{vUwPx�sby0v requiressecondor-
der logic; for spacereasons,we omit the definition, and refer the
interestedreaderto [GrosskreutzandLakemeyer, 2000b].



levelwhichprovidesspecializedlow-levelprocesseslikenav-
igation,objectrecognitionor graspingobjects.We will now
describehow this type of architecturecan be reconstructed
in a logic-basedframework; the architecturepresentedhere
is essentiallyan extention of [Grosskreutzand Lakemeyer,
2001], adaptedto stochasticscenarios.In particular, we al-
low for the robot’s uncertaintyaboutthe stateof the world,
accountfor the fact that low-level processeshave uncertain
outcomes,andshow how to dealwith processeslike inspect
which provide informationaboutthe stateof the world, i.e.
how to integratesensinginto our architecture.Theresulting
overallarchitectureis illustratedin Figure1.

controller
high-level reg(fork)

reg(inspect)

low-level

system
WORLD

process

process

1

n
reply

send

Figure1: RobotControl Architecturefor Acting underUn-
certainty

In orderto reasonabouttheeffectsof ahigh-level plan,we
needa modelof every part of the robot control architecture
illustratedin Figure1.9 Let usstartwith a representationof
thestateof theworld.

4.1 The State of 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 representuncertainbeliefs
aboutthe stateof the world. To do so, we follow [Bacchus
etal., 1999] andcharacterizetheprobabilisticepistemicstate
of a robotby a setof situationsconsideredpossible, andthe
likelihoodassignedto thedifferentpossibilities.Morespecif-
ically, thereis abinaryfunctionalfluent DF��

����
�� whichcanbe
readas“in situation
 , theagentthinksthat 
 � is possiblewith
weight DF��
 � ��
�� .”10 All weightsmustbenon-negativeandsit-
uationsconsideredimpossiblewill begivenweight0 (we do
not requirethattheweightssumto 1). Furthermore,all situa-
tionsconsideredpossiblein � � mustbeinitial.

�r
 � � DF�)
 � �����
�7�$a�/��:
 � � ��� � � ��
 ���* do��� � � ��
 � � �
For example, in the introductory ship/reject domain the
world is in oneof two states,
�L and 

c , which occurwith
probability aK� � and aK��  , respectively. All other situations
have likelihood0. The following axiom makesthis precise
togetherwith whatholdsanddoesnothold in eachof thetwo
states.

�:
�� DF�)
�����������a9/�=�m�¡l��
��'<>=�m�¢9��
��r<>=�£¤¢9��
���<?d
 H ��
 J � DF�)
 H ��� � �!*�ad� �0<lD���
 J ��� � �8*jad�E P<��¥¦�)
 H �:<�=���¥¦��
 J �.<�r
���
 �*�
 H <>
 �*"
 J /(D���
���� � �!*�a
Belief Basedon D , [Bacchuset al., 1999] define § \�Z � R ��

� ,
the agent’s degreeof belief that

R
holdsin situation 
 , to be

9Although theappropriatelevel of detail at which the low-level
processesshouldbe modeledis applicationdependent,we remark
thata robotcontrollerthatlacksa modelof theeffectsof its actions
is intrinsically incapableto reasonabouttheeffectsof its actions.

10Having morethanone initial situationmeansthat Reiter’s in-
ductionaxiomfor situations[Levesqueetal., 1998] nolongerholds,
just asin [Bacchuset al., 1999].

anabbreviation for thefollowing termexpressiblein second-
orderlogic (asbefore

R
is asituationcalculusformulawhere

now is beusedto referto thecurrentsituation).

¨�©�ª[«C¬ ­�® ª[«E¯|° D���
 � ��
���± ¨ ª « DF�)
 � ��

�
Intuitively, Bel� R ��

� is thenormalizedsumof theweights

of all situations
�� consideredpossiblein 
 thatsatisfy
R
. In

ourexample,Bel� FL ��� � � is aK� � .
4.2 Communication between low-level Processes

and high-level Controller
We assumethat theentirecommunicationbetweenthehigh-
level controller and the low-level processesis achieved
throughasetof registers,andmodelthemby thespecialfunc-
tional fluent reg � id ��
�� . The high-level interpretercanaffect
the valueof reg by meansof the specialactionsend� id � val�
which assignsreg � id ��
�� the valueval. The intuition is that
in order to activatea low-level process,the high-level con-
troller executesa sendaction. For example,theexecutionof
send� fork � paint� would tell theexecutionsystemto startthe
paintprocess.11

On theotherhand,thelow-level processescanprovide the
high-level controllerwith sensorinformationby meansof the
exogenous12 action reply� id ��²5� Z � . The following successor
stateaxiomspecifieshow reg changesits value.

m�4P
�
5���	��
��7/³1 reg � id ��3�46���	��
��.�8* val  ��* send� id � val�:&��l* reply� id � val��&
reg � id ��
��!* val <�=0�)?A]I�.²	� �9* send��]I�.²6�:&���* reply�-]I��²A�[T
We assumethat initially, the valueof the fluent reg is nil

for all id, andthattherobotknow aboutthis.

� id � reg � id ��� � �!* nil

�:
�� id � D���
��������7��a�/ reg � id ��
��!* reg � id ���r�
�
4.3 The Low-Level Execution System
Next, let us model the low-level executionsystem,starting
with the individual low-level processes.As mentionedin
Section3, we modelall low-level processesby probabilistic
pGOLOG programs.While we have alreadymodeledpaint
by theprocedurepaintProc, we modelshipandrejectby the
following two pGOLOG programs. We assumethat both
processestake10 secondsto completeexecution,whereupon
they confirm completionby meansof a reply� processed��,.�
action.

proc� shipProc�
[waitTime�.L�a��b�
if � PR & FL � setER�b� setPR� reply� processed�.,.�[TC�

proc� rejectProc�
[waitTime�.L�a��b�
if � PR &>= FL � setER�b� setPR� reply� processed�.,.�[TC�

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

11The term fork waschosenin analogyto the procedurefork
usedin UNIX- like operatingsystemsto createnew concurrentpro-
cesses.

12Here,anexogenousactionis anactionnot underthecontrolof
thehigh-level controller.



throughtheactivationof the inspectprocess,whoseeffect is
to providea reply� inspect� OK� or reply� inspect� OK� answer.
Weassumethatthehigh-levelcontrolleris awareof all exoge-
nousreplyactions,asopposedto “actions” like setPA which
aresolelyusedto modeltheeffectsof thelow-levelprocesses.
Sensingis thus realizedby meansof speciallow-level pro-
cesses,which we call sensorprocessesandwhich communi-
cate(pre-processed)sensorreadingsby meansof exogenous
replyactions.13

Although during real executionthe actual low-level pro-
cessinspectprovidestheanswer, we needa modelof thebe-
havior of thesensorto updatetherobot’s beliefsafterOK or
OK answers.ThefollowingpGOLOG programdescribesthe
possibleeffectsof inspect:14

DK]I4I´P� inspectProc�
if ����¥���1waitTime�BL
a��b� prob��ad� ed� replyOK � replyOK�[T)�1waitTime�BL
a��b� replyOKTC���

Directly Observables replyactionslike theabove provide
thehigh-levelcontrollerwith informationbecausethey assign
reg � inspect��
�� a valuewhich is correlatedwith the valueof
FL (i.e. OK or OK) andbecauseunlikein thecaseof FL there
is no uncertaintyaboutthe valueof reg. Therefore,we dis-
tinguishreg from otherfluentsandcall it directlyobservable,
following [GrosskreutzandLakemeyer, 2000b]. Directly ob-
servablefluentsaresuchthattheagentalwayshasperfectin-
formationaboutthem- like the displayof one’s watchor a
fuel gaugein thecar. Formally, we call a relationalfluent m
directly observablewrt a pGOLOG theoryif f the following
formulaholds:�r
���

�-�A�� �A1 � � #�
7<�DF��

�)��
��7��aIT'/$m����� ��

���� %m����� ��
��

Directlyobservablefunctionalfluentsaredefinedsimilarly.
We remarkthat the initial andsuccessorstateaxiomsfor reg
presentedin this sectiontogetherwith thesuccessorstateax-
iom for D in thefollowing sectionguaranteethatin ourexam-
ple reg is in factdirectlyobservable.

The Overall Low-Level Execution System Finally, we
needa formal modelof theexecutionsystemasa whole,i.e.
of the robotsoperatingsystem,which ensuresthat sendac-
tions result in the activation of the correspondinglow-level
process. The following programkernelProc describesthe
“kernelprocess”of therobot’soperatingsystem.

proc� kernelProc�
1 reg � fork� �* g V[Z S �
if � reg � fork�!* inspect�1 reply� fork � g V[Z �z� withPol � inspectProc� kernelProc�{T{�

if � reg � fork�!* paint�1 reply� fork � g V[Z �b� withPol � paintProc� kernelProc�[T)����|�����5�����91 reply� fork � g V[Z �z� kernelProcT-�z����� �[TC�
As longasreg � fork� is nil, nothinghappens.If reg � fork� is

assignedthenameof alow-level process,thenreg � fork� is re-
setto nil, andthelow-level processis run concurrentlyto the
operatingsystem’s kernelprocess.We stressthatpGOLOG
programssuchas the above arenot intendedfor actualex-
ecution. Their purposeis solely to provide a modelof the

13Notethatthisview of sensingsignificantlydiffersfrom thewell-
known sensingactionsof [Levesque,1996].

14WeusereplyOKasanabbreviation for replyµ inspect¶ OK· , sim-
ilarly for replyOK.

behavior of thelow-level process.15

4.4 The High-level Controller
In order to ensurethat the high-level controllerwill always
have the necessaryknowledgeto evaluatetestswithin high-
level robotplans,weconsideronly asubsetof thepGOLOG
programsaslegalhigh-levelplans.Thissubsetof pGOLOG,
to which we refer to asGOLOG ¸B¹ , consistsof all programs
whosetestsarerestrictedto directly observablefluents, and
which only executeactionsthat only affect directly observ-
ables. Weglossoverthetechnicaldetails.As anexample,the
following GOLOG ¸B¹ plan activatesboth inspectandpaint,
waits for their completetionandfinally processesthewidget
accordingto theresultof inspect.16

mn]
º�»[¼ �*
[forkPaint � start h$��ad� forkInspect� reg � inspect� �* nil

S �
if � OK � forkShip� forkReject�b� reg � processed� �* nil

S �BT
We remarkthat during on-line executionof a GOLOG ¸B¹

plan, whenever the high-level plan executesa sendaction,
the interpretercheckswhetherthis signalsanactivationof a
low-level processand, as a side-effect, activatesthe actual
low-level processif necessary.

The Passage of Time during On-line Execution Finally,
a word on the passageof time duringon-line executionof a
high-levelplan.In orderto synchronisetheinternalclock,i.e.
thevalueof thefluentstartwith theactualtimeduringon-line
execution,thehigh-levelcontrollerperiodicallygeneratedex-
ogenoustUpdate��,.� events,where , refersto theactualtime.
As describedin Section2, the effect of a tUpdateis thento
assignstart theactualtime.17

5 Belief Update
Right now, we have a modelof the robot’s control architec-
ture,of its beliefsaboutthestateof theworld, andof theexe-
cutionsystemof therobot includingmodelsof the low-level
processes.Basedon this model, we will now specify how
to updatethe robot’s belief stateasa resultof the activation
of noisy low-level processesandof thereceiptof replymes-
sages.We refer to this taskas (probabilistic) belief update,
following [Bacchuset al., 1999].18

Althoughnot quiteobvious, the specificationof a succes-
sor stateaxiom for the fluent D is not sufficent to represent
the updatedbelief state.To seewhy, let us considerthe sit-
uation �r½I¾ wheretherobothasactivatedthepaint processin

15In fact,pGOLOG programslike inspectProcor paintProccan-
not beexecutedby thehigh-level controllerbecauseit hasonly un-
certaininformationaboutthe value of non-observable fluentslike
FL, resp.becauseit cannotdirectlyexecuteactionslike setPA.

16WeuseOK asanabbreviation for reg µ inspect¶ OK· , forkInspect
as an abbreviation for sendµ fork ¶ inspect· , and similarly for
forkPaint, forkShipandforkReject.

17We assumethat the difference ¿ÁÀÂu[Ã|ÄrÅ7ÆÇu[Ã betweentwo
subsequentupdatestUpdateµ�u Ã · and tUpdateµ�u Ã|ÄrÅ · is smallerthan
the minimal delaybetweenthe executiontime of any two actions
of thepGOLOG modelswhich have differentexecutiontime. Fur-
thermore,we assumethat if a reply is modeledto happenat time u ,
thenduringon-lineexecutionthehigh-level controllerwill generate
a tUpdateactioncausingstart to advanceto u beforetheactualreply
actionhappens.

18See[Shapiroet al., 2000] for theconnectionto thegeneralarea
of belief updateandbelief revision.



the initial situationthroughsend� fork � paint� at time 0, after
which it haswaitedfor 15 seconds.Intuitively, theepistemic
stateshouldreflectthefactthattheactivationof thelow-level
processpaint hasaffectedthe truth valueof UC. But this is
not sufficient. Additionally, therobotshouldbeawareof the
fact thatunlike in ��� , in �r½I¾ the low-level processis active,
hasalreadyexecutedsetUC, andis aboutto probablyexecute
setPA. Thus,thepaint processis no longercorrectlycharac-
terizedby paintProc, but insteadby the remainingfragment
of paintProcafter15 secondshavepassed.

The example suggeststhat the appropriatepGOLOG
modelof the low-level processesis not the samefor all sit-
uations,but dependson the history of actions. Thus, we
associatewith every possiblesituationa specificpGOLOG
model. Formally, we introducea specialfunctional fluentZ�Z ��

�-��
�� that canbe readas“in situation 
 , the robot thinks
that if the world is in state 

� then the low-level processes
can be characterizedby the pGOLOG program

Z�Z �)
 � ��
�� .”
The following axiom statesthat in the initial situation the
low-level processesareasdescribedby kernelProc (defined
above).

�r
�� DF��
���� � �0/ Z�Z �)
���� � ��* kernelProc�
In order to specify successor state axioms forDF�)
 � � do������
��.� and

Z�Z ��
 � � do���	��
���� , stating how the world
and the low-level processesevolve from a situation 
 to
its successorsituationdo���	��
�� , we have to distinguishtwo
cases:(i) � is a reply actionperformedby a sensorprocess;
and(ii) � is an actionexecutedby the high-level controller
or a tUpdateaction. The reasonthat we have to distinguish
reply actions from other “ordinary” actions is that reply
actions provide sensing information, as capturedby the
pGOLOG modelof thesensingprocesses(like, for example,
inspectProc).19

5.1 Ordinary Actions
Let usfirst considerthesecondcase.Our solutionis that the
low-level processesexecuteup to thepoint whereoneof the
following conditionsoccur:

1. they areblocked, i.e. waiting for a
R�S

conditionto be-
cometrue;

2. or they areaboutto executeanreplyaction.

While the first conditionis fairly obvious, the reasonthat
we mind reply actions is that the high-level controller is
aware of all reply actions,and � is no reply action. We
will now formalizethe ideato executea programG in 
 un-
til a configuration ��oI��

��� is reachedwhereoneof the above
conditions is true. For this, we use the special function,[]I� g 
�mn]�È6��G���
���oI��
 � � which specifiesthe probability to end
upin ��oI��

�|� startingin ��G���
�� . In thefollowing formulas,É>���6�
is a shorthandfor ?A]I�.²	� �9* reply��]I�.²6� .

,[]I� g 

mn] È ��G���
���oI��

���!*}�~ ,[]I� g 
�mn] � ��G���
���oI��
��C�7�$a�<��� � ��
 � ��
�� do��� � ��
 � �0#$

�:/�=�ÉÊ��� � ��<��o � ��
 � � ,[]I� g 

mn]6��oI��
�����o � ��
 � �7�$al/?6� � ��
 � *%3546��� � ��

���:<;ÉÊ��� � ������A��,[]�� g 

mn] � ��G���
���oI��
 � �'�A���
�na
While the secondline of the if condition verifies that��oP��

��� canbereachedfrom ��G���
�� withoutexecutingany reply
19As statedabove,we assumethatthehigh-level controlleris not

awareof any otherlow-level “actions” thanthereplyactions.

action,the last two lines verify that all successorconfigura-
tions of ��oI��

��� canonly be reachedby a violation of oneof
the above conditions,meaningthat the simulationhasbeen
pursuedasfaraspossible.

Using ,[]�� g 

mn] È , we can define which configurations��
 � � Z�Z � � have been reachedby the low-level processesin
do���	��
�� togetherwith their weight (assumingthat � is no
reply action). Intuitively, theseare all configurationthat
result from the execution via ,[]I� g 

mn] È of a configura-
tion � Z�Z ��

����
��z��
���� consideredpossiblein 
 . Their weight
is the product of the weight of 

� in 
 and the transi-
tion probability as specifiedby ,[]I� g 

mn] È . The predicate
advConfig�)
 � � Z�Z � ��3546���	��
���� makesthis precise.
advConfig�)
 � � Z�Z � ��3546���	��
����8*ËD; ?d

����D�����D � � DF��

����
��8*ÇD���<,[]�� g 

mn] È � Z�Z ��

����
��z��
���� Z�Z � ��
 � �!*�D � <D��r�$a�<lD � ��a�<�D;*ÇD��KÌBD � &=@?d

����1 DF��

����
��7�$a�<�,[]I� g 

mn] È � Z�Z ��

�-��

�b��

�)� Z�Z � ��
 � �0��aIT-<D;*%a
5.2 replyActions
Now that we have formalizedhow the low-level processes
evolve if � is anordinaryaction,let usturn to theothercase
where � is a reply action. Intuitively, the observation of a
reply shouldsharpenthe belief stateof the robot. For ex-
ample, if the robot observesa replyOK action after activa-
tion of inspect, it canrule out thosesituationsfrom its belief
statewhere = FL holds.In general,theobservationof a reply
actioncanbe usedto rule out thosesituationswhoseasso-
ciatedpGOLOG modelof the low-level processes

Z�Z
is not

aboutto executethis very replyaction.To make this precise,
we definethe predicateadv&filter �)
 � � Z�Z � ��3546���	��

��� which -
if � is anreplyaction- preservesonly thoseconfigurationsof
advConfigwhosepGOLOG-componentis aboutto execute� .
adv&filter �)
 � � Z�Z � ��3546���	��
����8*ËD; "?d

����
 � * do������

����<1 =�ÉÊ���6�:< advConfig�)

��� Z�Z � ��3546���	��

���8*ËD�&É>���6�:<O1 ?d

� �)� Z�Z � �-��D	� ����D � � advConfig�)

� �)� Z�Z � ����3546���	��
��.��*ÇD	� �<�,[]I� g 

mn] � � Z�Z � ����

� ��� Z�Z � ��
 � �!*�D � <D�� �r��a�<�D � �$a�<�D�*�D�� �dÌ.D � &=@?d

� ��� Z�Z � �-��1 advConfig��

� ��� Z�Z � ����3546���	��
����0��a<�,[]I� g 

mn] � � Z�Z � � ��
 � � � Z�Z � ��
 � �7�$aIT5<lD�*jaPT|T

If � is an ordinary action, adv&filter is almost like
advConfig; the only differenceis that all situations 
 � con-
sideredin do������
�� now “end” with action � , i.e. ?d

����
 � *
do���	��
 � � . However, if � is a reply action, then we keep
only thosesituations
 � in the belief statewhoseassociated
pGOLOG modelcorrectlypredictedthat the reply action �
wouldbeexecutednext.

Successor State Axioms for D and
Z�Z

It can be shown
that the function adv&filter is well-defined, meaningthat
any configuration ��
 � � Z�Z � � with positive weight is assigned
exactly one weight. Furthermore,it can be shown that
for each situation 
 � there is at most one

Z�Z � such that
adv&filter �)
 � � Z�Z � ��3546���	��
����0��a . Therefore,D and

Z�Z
cansim-

ply bedefinedasthesituationresp.pGOLOG componentof
adv&filter.DF�)
 � ��3�46������
��.�8*�D; j? Z�Z � � adv&filter ��
 � � Z�Z � ��3546���	��

���8*�D<	DÊ��a�&�� Z�Z � � adv&filter �)
 � � Z�Z � ��3546���	��
��.��*ja�<lD�*jaZ�Z ��
 � ��3�46���	��
��.�8* Z�Z �  adv&filter ��
 � � Z�Z � ��3546���	��

���0�$a�&� Z�Z �C� adv&filter ��
 � � Z�Z �-��3�46���	��
��.�8*�a�< Z�Z � * g V[Z



5.3 Examples
To illustrate how D and

Z�Z
evolve, and in particular how

the perceptionof an exogeneousreply action is used to
sharpen the robots beliefs, we will now consider the
value of D and

Z�Z
in different situations. We begin with

the situation � inspect
�* do��1 fork � inspect�z� reply� fork � g V[Z �b�

tUpdate�.L
�b�U���|��� tUpdate�BL
a��{T{���r�
� , alreadymentionedabove
(weassumethata tUpdateactionis generatedeverysecond).
Let Í bethefoundationalaxiomsof Section2 (exceptfor the
inductionaxiom)togetherwith thesuccessorstateaxiomsforD and

Z�Z
, actionpreconditionaxiomsstatingthat all setand

clip actionsarealways possible,successorstateaxiomsfor
thefluentsPA, FL, PRandER, andtheprobabilisticcharac-
terizationof the initial stateof Section4. Then,from Í we
candeducethat in � inspect two situationsareconsideredpos-
sible. Intuitively, thefirst onecorrespondsto thecasewhere
thewidget is flawedandthesecondoneto thecasewhereit
is not flawed. Furthermore,we can deducethat thesesitu-
ationshave an associatedpGOLOG modelof the low-level
processesthat accountsfor the fact that the paint processis
activeandaboutto providea reply.

Í�Î *��:

�-� Z�Z ��� D���

����� inspect�7��a�< Z�Z ��

����� inspect�!* Z�Z �K ?d
 � ��

�	* do�.1 send� fork � inspect�b� reply� fork � g V[Z �b�U���|���
tUpdate�BL�a5�{T{��

�� �<01 Z�Z ��* conc� kernelProc�1 start h"L�a S � prob��aK� eK� replyOK � replyOK�{T-�& Z�Z ��* conc� kernelProc�
1 start h2L�a S � replyOKT-�{T

Weremarkthatsofar thebeliefconcerningthevalueof FL
remainsunchanged( ÍÏÎ * Bel� FL ��� inspect��* Bel� FL ��� � � ).
Now assumethat theinspectprocessprovidesa replyOK an-
swer, leadingto Situation �:Ð6Ñ�Ò �* do� replyOK ��� inspect� . In-
tuitively, wewouldexpectthatafterthisobservationtherobot
no longerconsidersa situationpossiblewherethe widget is
notflawed.Indeed,wecandeducethatin � Ð6Ñ�Ò therobotonly
considersonesituationpossible,andthatFL holdsin thissit-
uation.

Í�Î *ÇD���

�����:Ð6Ñ�ÒI�8*ËD�<lDÊ�$a¤ �?d

�� ��D���

�� ��� � ����an<
��	*j3546�.1 send� fork � inspect�z� reply� fork � g V[Z �b�U���|���
tUpdate�.L�a5�z� tossHead� replyOKT{��

�� ��<

FL ��

���:< FL �)
��� �
Intuitively, the only situation that remainsin the belief

statecorrespondsto thesimulationtracewhereFL holds,and
inspectcorrectly reportsreplyOK. This correspondsto the
executionof the first branchof the prob instruction in the
pGOLOG model inspectProc, leadingto a tossHeadaction
in the resultingexecutiontrace. All othersimulationtraces
would endup in a replyOK answer, and are thus ruled out
from thebelief state(seeadv&filter). We remarkthat there-
sultingbelief stateimpliesBel� FL ���'Ð6Ñ�ÒI�!*ÓL .

Similarly, if the robot would observesreplyOK, we could
deducethatonly two situationsareconsideredpossiblein the
resultingsituationdo� replyOK��� inspect� : one corresponding
to the widget beeingflawed (prob. 30%) and inspecterro-
neouslyreportingOK (prob. 10%), andanotheronewhere
thewidget is not flawed(prob. 70%). Theresultingbelief in= FL would thencorrespondto thenormalizedprobabilityof
thesecondcase,which is ad�E �±6��ad�E �kÔad� �¦Õ7ad��L
�@*×Ö �Ö�Ø .As anotherexample, let us considerthe situation �r½I¾ �*
do�.1 send� fork � paint�z�	�|����� tUpdate�BL
f��{T{��� � � , wherethepaint
processis 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.Í�Î *ÇD���

����� ½I¾ �7��a� ?d
 � � 

��*%3546�.1 send� fork � paint�z���|����� tUpdate�BL�a5�z� setUC�

tUpdate�.L�L��z�U�����|� tUpdate�BL�f��[T)��
 � �.<Z�Z ��

����� ½I¾ �8* conc� kernelProc�1 start h���a S � if � PR� setER�
prob��aK� e5f6� setPA���{T-�

Somesecondslater, therobotsbelief in PA will riseto 95%
dueto the fact that it will assumethatpainthasfinishedex-
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-basedprograms, GOLOG ¸B¹ programs
thatappealto the robot’s beliefsat executiontime.20 In par-
ticular, we introducea specialepistemictestBTest� R ��D'��

� ,
which is true if in situation 
 the robot’s belief in

R
is D .

Formally, BTest� R ��DF��
�� is a definedrelationalfluent which
is true if f Bel� R ��
��N*%D . UsingBTestwithin testconditions,
a GOLOG ¸B¹ plancanappealto therobot’s beliefsat execu-
tion time. As anexample,thefollowingplanspecifiesthatthe
robot is to activatethe inspectprocessuntil it is sufficiently
confidentaboutwhetherthe widget is flawedor not. There-
after, thewidgetis paintedandprocessed.21

DK]I4I´P� savePaint �
[ while�)?�D'�BTest� FL ��D��:<�=01 D�*ÙL8&lDÊ��aK� a�adLbT{�

send� inspect� nil �z� forkInspect� reg � V g 
�D \ ´z,.� �* nil
S �z�

forkPaint � waitTime����a��b�
if � BTest� FL ��L
�z� forkReject� forkShip�z�
reg � processed� �* nil

S T
The while loop is executeduntil the robot is surethat the

widgetis flawed,i.e. Bel� FL �8*ÙL , or theprobabilitythatthe
widget is flawed dropsbelow 0.001,meaningthat the robot
is sufficiently confidentthatthewidgetis ok. We remarkthat
dueto the fact that after the observation of OK the robot is
surethat the widget is flawed, the above programcausesat
mostthreeactivationsof inspect.22

UnlikeordinaryGOLOG programswhichareconditioned
on factsaboutthe world, in belief-basedprogramslike the
above actionsare conditionedon the robot’s belief stateat
executiontime. As theexampleillustrates,belief-basedpro-
gramsallow the programmerto provide domaindependent
proceduralknowledgein a naturalway. From a pragmatic
point of view, belief-basedprogrammingcan be an attrac-
tivealternative to probabilisticplanningbecauseit represents
a much simpler computationalproblem. While probabilis-
tic plannersaresearchingfrom scrachfor an (optimal)plan,
which in theworstcasemeansthatanexponentialnumberof
candidateplanshasto beprojected,theexecutionof abelief-
basedprogramonly requiresthe computationof the belief
stateof therobotalongtheexecutionof a givenplan.

20This is similar to Reiter’s notionof knowledge-basedprogram-
ming [Reiter, 2000]. However, we remarkthatherewe aredealing
with degreesof belief.

21As usual,we leave out thenowargumentin thetests,in partic-
ular in theepistemicfluentBTest.

22As we have seenin theprevioussection,theobservationof one
OK answercausesthe robot’s belief in Ú FL to rise to Û�Ü
Ý
ÛUÞ$ÀÜ�ß Û�Ý�µ-Ü�ß Û�à(Ü�ß Þ7á�Ü�ßEâb· . Similarly, theobservationof two resp.three
OKs causethe robot’s belief to rise to Ü�ß Û
ÝPµ-Ü�ß Û�àËÜ�ß Þ¦á�Ü�ßEâ�á8Ü�ßEâb·
resp. Ü�ß Û
ÝPµ-Ü�ß Û7àãÜ�ß Þ�á�Ü�ßEâ@á�Ü�ßEâ�á�Ü�ßEâb· .



Implementation Just as in the caseof ConGolog, it is
straightforwardto implementapGOLOG interpreterin PRO-
LOG.Weremarkthatourimplementationwasableto execute
theabovebelief-basedplanin a fractionof asecond.

7 Discussion

Summarizing,wehaveshown how to updatetheprobabilistic
belief stateof a robot duringon-line executionof high-level
GOLOG ¸B¹ plans.To doso,wehavemodeleda layeredrobot
control architecturewithin the pGOLOG framework, mak-
ing useof probabilisticpGOLOG programsto modelnoisy
low-levelprocesses.In orderto dealwith sensing,wehavein-
troducedtheconceptof sensorprocesses,low-level processes
whoseactivationresultsin exogenousreplyactions.Finally,
we have introducedbelief-basedprograms,GOLOG ¸B¹ pro-
gramswhose testsappealto the agent’s beliefs at execu-
tion time. We remarkthatunlike approacheslike [Levesque,
1996;Bacchuset al., 1999], we representthe belief stateof
the agentby a set of possiblesituationsand an associated
modelof the stateof executionof the low-level processes,
whichallowsusto accountfor noisyprocesseswith temporal
extent.

Thewholeframework, in particularthedefinitionof D andZ�Z
, relieson thefactthatpGOLOG programsaredeterminis-

tic. As a result,it is notpossibleto specifyunprioritizedcon-
currency asdonein ConGolog wheretheresultingcourseof
actionsis not uniquelydetermined.However, whenwe con-
siderprocesseswith temporalextent, this doesnot seemto
beasevererestriction,becausethepriority of aprocessman-
ifestsonly whentwo processeswish to executean actionat
exactly thesametime; 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 characterizationof the robot’s
epistemicstate. However, while we managesolely with the
prob instruction to representnoise, they make use of the
conceptsof nondeterministicinstructions, action-likelihood
axioms änå	���	���5�)��

� andobservation-indistinguishabilityax-
ioms

Z ���	��
�� , andrepresentthe executionof noisy actionsas
atomic.Thisresultsin asimplerSSA for D , but atthecostof a
morecomplex specificationof theeffectsof thenoisysensors
andeffectors. Furthermore,it is not clearhow to projecta
planwithin their framework. Ontheotherhand,probabilistic
projectionin the pGOLOG framework wasalreadyconsid-
eredin [GrosskreutzandLakemeyer, 2000b], and it would
berelatively straightforwardto considerbothprojectionand
belief updatewithin pGOLOG.23

As for probabilisticplannerslikeC-Buridan[Draperetal.,
1994], they usuallycompletelyignorebeliefupdate.Besides,
they representprocessesas atomic actions. The latter also
holds for the theoryof POMDPs(which is concernedwith
both reasoningtasks),but whosecomputationalcost is pro-
hibitive alreadyin relatively smalldomains.We believe that
in many domains,theuseof belief-basedprogramsproviding
proceduralknowledge is more promising than uninformed
searchfor anoptimalplan. In [Poole,1998], Pooleproposes
an integrationof decisiontheoryandthe situationcalculus,

23Onepossibilitywould be to explicitly distinguishbetweenon-
line andoff-line executionof GOLOG æ)ç plans,andto make useof
the specialactionwaitFor to causetime to advanceduring projec-
tion, alongthelinesof [GrosskreutzandLakemeyer, 2001].

whichhoweveris primarily concernedwith theexpectedutil-
ity of a candidateplan. Finally, the recentlyproposedDT-
Golog [Boutilier et al., 2000] assumesfull observability of
the domain. All of theseapproachesdo not accountfor the
temporalextentof thelow-level processes.
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