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Abstract.
High-level controllersthat operaterobotsin dynamic,uncertain

domainsareconcernedwith at leasttwo reasoningtasksdealingwith
theeffectsof noisysensorsandeffectors:They havea) to projectthe
effectsof a candidateplan andb) to updatetheir beliefsduringon-
line executionof a plan. In this paper, we show how thepGOLOG
framework, which in its original form only accountedfor theprojec-
tion of high-level plans,can be extendedto reasonaboutthe way
the robot’s beliefs evolve during the on-line execution of a plan.
pGOLOG, an extensionof the high-level programminglanguage
GOLOG, allows the specificationof probabilisticbeliefsaboutthe
stateof the world and the representationof sensorsand effectors
which have uncertain,probabilisticoutcomes.As an applicationof
belief update,we introducebelief-basedprograms, GOLOG-style
programswhosetestsappealto theagent’s beliefsatexecutiontime.

1 Introduction
High-level robot controllersthat operatein dynamic,uncertaindo-
mainsandhave to copewith sensorsandeffectorsthat have uncer-
tain, probabilisticoutcomesareconcernedwith at leasttwo distinct
reasoningtasks.First, given a candidateplan, probabilistic projec-
tion allows thepredictionof theeffectsof theplan.This task,which
is aprerequisiteto deliberateover differentpossibleplans,liesat the
heartof probabilisticplanning[KHW95, DHW94] andthetheoryof
POMDPs[KLC98]. Second,given a characterizationof the robot’s
beliefsaboutthestateof theworld, a robotshouldbeableto update
its beliefsduringtheexecutionof a planinteractingwith therobot’s
noisysensorsandeffectors.This secondtask,to which we will refer
to asbeliefupdate, following [BHL99], is necessaryto allow proba-
bilistic reasoning(in particularprobabilisticprojection)in non-initial
situation.

In this paper, we show how theprobabilistichigh-level program-
mingframework pGOLOG [GL00b], whichin its original form only
accountedfor the probabilisticprojectionof high-level plansinter-
actingwith noisy sensorsandeffectors,canbe extendedto reason
aboutthe way the robot’s beliefsevolve during the on-line execu-
tion of a plan.1 To do so,we first explicitly modela layeredrobot
controlarchitecturewheretherobot’s high-level controllerdoesnot
directly affect the world by operatingthe robot’s physicalsensors
andeffectors,but insteadis connectedto abasictask-executionlevel
which providesspecializedlow-level processeslike navigation,ob-
ject recognitionor graspingobjects.Having sucha model hasthe
advantagethat thereis a clearseparationof theactionsof thehigh-
level controllerfrom thoseof the low-level processes.In particular,
while the actionof activating a low-level processandits execution
timeareunderthecontrolof thehigh-level controller, neitherarethe
effectsof theactivatedprocessnor its completiontime.

To modelthe effectsof the low-level processes,we make useof
probabilisticprograms,wherethedifferentprobabilisticbranchesof�

Here,weusethetermon-line-executionin thesenseof [dGL99].

theprogramscorrespondto differentpossibleoutcomesof the low-
level processes.2 Basedon sucha modelof the possibleeffectsof
thelow-level processes,we specifyhow therobot’s beliefsaboutthe
stateof the world evolve during the on-line executionof a plan, in
particularhow the beliefs changewhen the robot activatesa low-
level processthat operatesthe robot’s physicaleffectorsor whena
low-level processprovidesnoisy informationaboutthe stateof the
world. Finally, we show how basedon the robot’s evolving belief
stateit becomespossibleto executeso-calledbelief-basedprograms,
GOLOG-styleprograms[GLL00] whosetestsappealto theagent’s
beliefsat executiontime.

To get a better feel for what we are aiming at, let us consider
the following ship/reject-example,adaptedfrom [DHW94]: We are
givenamanufacturingrobotwith thegoalof having awidgetpainted
(PA) andprocessed(PR). Processingwidgetsis accomplishedby re-
jectingpartsthatareflawed(FL) or shippingpartsthatarenotflawed.
Initially, theprobabilityof beingflawedis 0.3.shipandrejectalways
make PR TRUE, however shipcausesanexecutionerror (ER) if FL
holds,and reject causesER to be TRUE if FL doesnot hold. The
robotcanactivatea low-level processpaint, which first under-coats
the widget (UC) for 10 seconds,then takes20 secondsto paint it.
However, painthasa5%probabilityto fail. Thereis alsoa low-level
processinspectwhich canbe usedto determinewhetheror not the
widgetis flawed.However, inspecthasa10%probabilityto overlook
aflaw andreportOK insteadof OK eventhoughthewidgetis flawed;
if thewidgetis not flawed,it alwaysreportsOK.

In this scenario,anexampleprojectiontaskis: how probableis it
that the plan “first inspectthe widget; thereafter, if OK holds then
ship elsereject it” will falsely ship a flawed widget. On the other
hand,belief updateis concernedwith questionslike: what is the
probability that thewidget is flawed if duringon-line-executionthe
robotactuallyperceivedOK.3 Thedifferencebetweenthetwo tasks
is that in the former case,the agentreasonsabouthow the world
might evolve, while in the latter caseits beliefschangeasa result
of actualactions.We remarkthat besidesupdatingits beliefscon-
cerningthestateof theworld in termsof fluentslike PA or PR, the
robotalsohasto updateits beliefsconcerningthestateof execution
of the low-level processes;for example,15 secondsafter activation
of the paint processthe robot shouldnot only be awareof the fact
thatthewidgetis under-coatedby now, but alsothattheprocessis no
longerin its initial statebut only 15 secondsaway from completion.
Finally, a belief-basedplanis aspecificationappealingto therobot’s
beliefsat executiontime, like for example“as long asyour (i.e. the
robot’s) confidencein whetherthewidgetis flawedor not is below a
thresholdof 99%,(re-)inspectthewidget.Thereafter, ship thewid-
get if your belief in the widgetbeingnot flawedexceeds99%,else

�
We remarkthat modelinglow-level processesasprogramsallows a very
fine-grainedcharacterizationof the effectsof the low-level processesat a
level of detail involving many atomicactions,takinginto accountthetem-
poralextentof theprocesses.�
Therespective probabilitiesare0.3*0.1=3%and3/73=4.1%.



rejectit.” Notethat in this plantheactivationof low-level processes
is conditioned� on therobot’s beliefsat executiontime.

Therestof this paperis organizedasfollows: aftera brief review
of thesituationcalculusandpGOLOG, wedescribeanoverall robot
controlarchitecturefor actingunderuncertainty. Thereafter, we de-
fine successorstateaxiomsthat ensurethat the robot’s belief state
evolvescorrectlyduring the courseof action.Finally, we introduce
belief-basedprogramsandshow how they canbe usedto solve the
exampleproblem.Thepaperendswith a discussionof relatedwork
andconcludingremarks.

2 The Situation Calculus

We will only go over thesituationcalculus[McC63, LPR98]briefly
here:all termsin the languageareof sort ordinaryobjects,actions,
situations,or reals.4 Thereis aspecialconstant��� usedto denotethe
initial situation, namelythat situationin which no actionshave yet
occurred;thereis a distinguishedbinary function symboldo where
do	�

����� denotesthesuccessorsituationof � resultingfrom perform-
ing action 
 in � ; relationsand functionswhosetruth valuesvary
from situationto situationarecalledfluents, andaredenotedby pred-
icateresp.functionsymbolstaking a situationterm astheir last ar-
gument;finally, thereis a specialpredicatePoss	�

����� usedto state
that action 
 is executablein situation ��� Within this language,we
canformulatetheorieswhich describehow theworld changesasthe
resultof theavailableactions.Onepossibilityis abasicactiontheory
of thefollowing form [LPR98]:

� Axiomsdescribingtheinitial situation,� � .� Action preconditionaxioms,onefor eachprimitiveaction 
 , char-
acterizingPoss	�
������ .� Successorstateaxioms(SSA), onefor eachfluent � , statingun-
der 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 theprimitiveactions.� A collectionof foundational,domainindependentaxioms.Oneof
themdefineshow a situation ��� canbereachedfrom a situation �
by a sequenceof actions.Sincewe useit frequently, we defineit
here:5� � do	�

�����!�#"$�&%'���
where � %(� � standsfor 	)�*�'� � �,+-	)�/.$� � � .

Adding a Timeline In its basicform, thesituationcalculushasno
notion of time. In order to model that processeshave temporalex-
tent,we introducea specialunaryfunctionalfluentstart of sortreal.
Theunderstandingis thatstart	)��� denotesthetime whensituation �
begins (we assumethat start	)�,��� is 0). The fluent start changesits
valueonly asaresultof thespecialprimitiveactiontUpdate	!0�� , with
theintuition that,normally, every actionis instantaneous,thatis, the
startingtime of the situationafter doing 
 in � is the sameas the
startingtime of � . Theonly exceptionis tUpdate	!0�� . Whenever this
actionoccurs,thestartingtime of theresultingsituationis advanced
up to 0 . Thefollowing axiommakesthisprecise.

1 2 ���3	�

�����5476 start	�8 2 	�

�������#.(0#"
9. tUpdate	!0��,+:0;. start	)���,<>=#?30@�A� 
�. tUpdate	!0@�B�
C

While therealsarenotnormallypartof thesituationcalculus,weneedthem
to representprobabilities.For simplicity, therealsarenot axiomatizedand
weassumetheir standardinterpretationstogetherwith theusualoperations
andorderingrelations.D
Weusetheconventionthatall freevariablesareimplicitly universallyquan-
tified.

We will seein Section4 how tUpdateactionsare usedto syn-
chronizestart with theactualtime duringon-lineexecutionof robot
plans.Weremarkthatin [GL00a]a versionof thetemporalsituation
calculusis consideredwhereit is possibleto wait for conditionslike
arobotarriving ata certainlocation,which is modeledusingcontin-
uousfunctionsof time,anissuewe ignoreherefor simplicity.

3 pGOLOG
As arguedin [GL00b], robot “actions” suchaspaint or inspectare
often best thoughtof as low-level processeswith uncertain,prob-
abilistic outcomewhich needto bedescribedat a level of detail in-
volvingmany atomicactions,ratherthanasprimitive,atomicactions.
To describesuchprocesses,we proposedto modelthe processesas
programsusingtheprobabilisticlanguagepGOLOG. Theideais to
modelthenoisylow-levelprocessesasprobabilisticprograms, where
the different probabilisticbranchesof the programscorrespondto
differentpossibleoutcomesof theprocesses.Givenafaithful charac-
terizationof thelow-level processesin termsof pGOLOG programs,
wecanthenreasonabouttheeffectsof theactivationof theprocesses
throughsimulationof their correspondingpGOLOG models.

Besidesconstructssuchassequences,iterationsandrecursivepro-
cedures,pGOLOG provides a probabilisticbranchinginstruction:
prob	FEG��H � ��H � � . Its intendedmeaningis to executeprogramH � with
probability E , and H � with probability I/JKE . In additionto thecon-
structsalreadypresentin [GL00b], we introducethe parallel con-
structwithPol 	�H � �@H � � adaptedfrom [GL00a].Theintuition is to ex-
ecute H � and H � concurrentlyuntil H � ends.The program H � hasa
higherpriority than H � , meaningthatwhenever both H � and H � are
aboutto executeanactionat thesametime, H � takesprecedence.We
remarkthatpGOLOG only providesdeterministicinstructions.L primitive actionM,N

wait/testaction6

6 H � �@H �PO sequenceQSR 	 M ��H � �@H � � conditionalTVU Q)W!X 	 M ��HG� loopEZY 2�[ 	FEG�\H � ��H � � probabilisticexecution
withPol 	�H � �@H � � prioritizedexecutionuntil H � ends
proc	!]5	��� �^H_� proceduredefinition

To illustratetheuseof pGOLOG, we will now modelthe possi-
bleeffectsof paintby thepGOLOG programpaintProc. Intuitively,
if thewidget is alreadyprocessed,trying to paint it resultsin aner-
ror. Otherwise,10 secondsafter activation of paint the widget will
becomeunder-coated,andfinally after 30 secondspaint will result
in the widget being paintedwith probability 95% (there is also a
5%chancethatpaint will remaineffectless).To modeltheeffectsof
paint, we make useof thefluentsPA, FL, PRandERwith theobvi-
ousmeaningto representthepropertiesof our exampledomain,and
assumesuccessorstateaxiomsthatensurethatthetruth valueof PA
is only affectedby theprimitive actionssetPA andclipPA, whoseef-
fect is to make it TRUE resp.FALSE; similarly for theotherfluents.

proc	 paintProc�`6waitTime	@I�a��P� if 	 PR� setER� setUC�P�
waitTime	)b�a��P� if 	 PR� setER� prob	Aac� d�ec� setPA��� O �P�

Here,waitTime	�f^� is a procedurewhosepurposeis to wait for f
seconds.It essentiallycorrespondsto a teststart gihkj'f N , whereh refersto thetime wherewaitTimewasinvoked.We will seein the
Section5 how this andsimilarpGOLOG modelsof therobot’s low-
level processesareusedto updatethe robot’s beliefsduringon-line
execution.l

Here,a condition m standsfor asituationcalculusformulawherenowmay
beusedto referto thecurrentsituation;whenno confusionarises,we will
simply leave out the now argumentfrom the fluentsaltogether. Similarly,
the term m�n o�p denotesthe formula obtainedby substitutingthe situation
variable o for all occurrencesof now in fluentsappearingin m .



Formal Semantics The semanticsof pGOLOG is definedusing
a so-calledq transitionsemanticssimilar to ConGolog [GLL00]. It
is basedon defining single stepsof computationand,aswe usea
probabilisticframework, their relative probability. Thereis a func-
tion 0\Yr
cf^� 1 Ys	�H�������t������!� which, roughly, yields the transitionprob-
ability associatedwith agivenprogramH andsituation� aswell asa
new situation ��� thatresultsfrom executing H ’s first primitive action
in � , anda new program t that representswhat remainsof H after
having performedthat action.7 Furthermore,thereis anotherpredi-
cateFinal 	�H,����� whichspecifieswhichconfigurations	�H,����� arefinal,
meaningthat thecomputationcanbeconsideredcompleted.This is
thecase,roughly, whentheremainingprogramis f Q)W , but not if there
is still a primitive actionor testactionto beexecuted.

For spacereasons,we only list a few of theaxiomsfor 0\Yr
cf^� 1 Y
andFinal. Let us first look at withPol andprob informally: the ex-
ecutionof H � with policy H � meansthat one action of one of the
programsis performed,wherebyactionswhich canbeexecutedear-
lier arealwayspreferred.If both H � and H � areaboutto executean
actionat thesametime, thepolicy H � takesprecedence.Thewhole
withPol constructis completedassoonas H � is completed.Theex-
ecutionof prob	FE^��H � ��H � � resultsin the executionof a dummy, i.e.
effectlessactiontossHeador tossTail with probability E resp. IVJKE
with remainingprogramH � , resp.H � . Let f QSW betheemptyprogram
and L a primitive action.

0\Yr
cf^� 1 Ys	�f Q)W ������t������!�#.$a0\Yr
cf^� 1 Ys	 L ������tr��� � �#.uBv 1 2 ����	 L ������<wt .xf Q)W <>� � .(8 2 	 L �����,y`zG{}|~I5{}�!��{*a0\Yr
cf^� 1 Ys	�6 H � ��H � O �P���@tr��� � �;.uBv t*.�6 tr�)��H � O y`z^{s|k0@Y�
cf^� 1 Y}	�H � �����@tr�A�����!�{s�B��{ uBv � Q f�
 W 	�H � �����,y�zG{}|�0@Y�
cf^� 1 Y}	�H � ������tr��� � �,{}�!��{&a0\Yr
cf^� 1 Ys	 prob	FEG��H � ��H � �P������t������!�#.uBv t*.(H � <>����.(8 2 	 tossHead�����,y�zG{}|�E�{s�B��{uBv t*.(H � <>� � .(8 2 	 tossTail 	)��0@
cY�0P�����,y�zG{}|-I�JwE�{}�!��{&a0\Yr
cf^� 1 Ys	 withPol 	�H � �@H � �P������t������!�#.uBv ?}t � � t*. withPol 	�t � �@H � �^<k0@Y�
cfG� 1 Y}	�H � �����@t � ��� � �5��a�<=�� Q f�
 W 	�H � �,<k�
t � ��� � � 0@Y�
}f^� 1 Y}	�H � ������t � ��� � ����a94��0\
}Y�0�	)�����5�'��0\
cY�0�	)� � �^y`zG{}|k0@Y�
cfG� 1 Y}	�H � ������t � �������{s�B��{ uBv ?ct � � t&. withPol 	�H � ��t � ��<0\Yr
cf^� 1 Ys	�H � ������t � ���`�!�5�'a�<��
t � ��� � �0@Y�
cfG� 1 Y}	�H � �����@t � ��� � �5��a94(��0\
}Y�0�	)� � �5�'��0\
cY�0�	)� � �y`zG{}|�0\Yr
cf^� 1 Ys	�H � ������t � ��� � �^{}�!��{*a
Final 	 L �����;" FALSE Final 	 nil �����#" TRUE

Final 	 withPol 	�H � ��H � �P�����#" Final 	�H � �����
So far, we have only definedwhich successorconfigurationscan

bereachedthrougha singletransition.Thepredicate8 2�1 Y}	�H����������!�
definesthe probability of an executiontrace � � of program H start-
ing in � , that is the probability to end up in a final configuration
with situationcomponent��� after a sequenceof transitions.In the
following axiom, 0\Yr
cf^� 1 Y3��	�t�������t � ��� � � refersto the transitive clo-
sureof 0@Y�
cfG� 1 Y . Intuitively, if ��t��)���`�B� canbe reachedfrom ��tr����� ,
then 0@Y�
cfG� 1 Y � 	�tr������t � ��� � � is theproductof theprobabilitiesof each
transitionalongthepathfrom ��t������ to ��t � ��� � � .8
�

Note that the useof a transitionsemanticsnecessitatesthe reification of
programsas first order termsin the logical language,an issuewe gloss
over completelyhere(see[GLL00] for details).For spacereasons,wealso
completelyglossover thedefinitionof proc, whichrequiresasecondorder
definitionof ���`����oP��� .�
Defining the transitive closureof ���`����oP��� requiressecondorder logic;
for spacereasons,we omit thedefinition,andrefertheinterestedreaderto
[GL00b].

8 2�1 Y}	�tr������� � �#.uBv ?ct � ��EG� E���a�<:0\Yr
cf^� 1 Y � 	�t�������t � ��� � �#.�E�< Final 	�t � ��� � �y`z^{s|�E�{}�!��{&a
4 A Control Architecture for Acting under

Uncertainty

In modernrobot control architectureslike RHINO [BCF � 00], the
robot’s high-level controller doesnot directly affect the world by
operatingthe robot’s physicalsensorsand effectors,but insteadis
connectedto abasictask-executionlevel whichprovidesspecialized
low-level processeslike navigation, object recognitionor grasping
objects.We will now describehow this type of architecturecanbe
reconstructedin a logic-basedframework; thearchitecturepresented
hereis essentiallyanextentionof [GL01], adaptedto stochasticsce-
narios.In particular, we allow for the robot’s uncertaintyaboutthe
stateof theworld, accountfor thefact that low-level processeshave
uncertainoutcomes,andshow how to dealwith processeslike inspect
which provide informationaboutthe stateof the world, i.e. how to
integratesensinginto ourarchitecture.Theresultingoverallarchitec-
tureis illustratedin Figure1.

controller
high-level reg(fork)

reg(inspect)

low-level

system
WORLD

process

process

1

n
reply

send

Figure 1. RobotControlArchitecturefor Acting underUncertainty

In orderto reasonabouttheeffectsof a high-level plan,we need
a modelof every part of the robotcontrolarchitectureillustratedin
Figure1.9 Let usstartwith a representationof thestateof theworld.

4.1 The State of the World

While theoriginal situationcalculusallows usto talk only aboutthe
actualstateof theworld, in scenariosliketheship/reject examplewe
haveto representuncertainbeliefsaboutthestateof theworld. To do
so,we follow [BHL99] andcharacterizetheprobabilisticepistemic
stateof arobotby asetof situationsconsideredpossible, andthelike-
lihood assignedto thedifferentpossibilities.Morespecifically, there
is a binary functionalfluent E_	)��������� which canbereadas“in situa-
tion � , theagentthinksthat � � is possiblewith weight E_	)� � ����� .”10 All
weightsmustbe non-negative andsituationsconsideredimpossible
will begivenweight0 (wedonot requirethattheweightssumto 1).
Furthermore,all situationsconsideredpossiblein ��� mustbeinitial.

��� � � E_	)� � �P�,������a94��,� � � ��
 � � � � �5�. do	�
 � � ��� � � �
For example,in the introductoryship/reject domaintheworld is in
oneof two states,��I and ��b , which occurwith probability a}� � andac�   , respectively. All othersituationshave likelihood0. Thefollow-
ing axiommakesthis precisetogetherwith whatholdsanddoesnot
hold in eachof thetwo states.

�,��� E_	)����� � ���'a�4(= 1*¡ 	)����<�= 1*¢ 	)����<>=�£ ¢ 	)����<?Z� � ��� � � E_	)� � �P���`�#.xa}� �/<�E_	)� � �����`�#.xa}�  �<�*¤�	)� � �,<>=��*¤�	)� � �^<��,��� � �.$� � <>� �.7� � 4-E_	)����� � �#.$a
¥

Although the appropriatelevel of detail at which the low-level processes
shouldbe modeledis applicationdependent,we remarkthat a robot con-
troller that lacksa modelof the effectsof its actionsis intrinsically inca-
pableto reasonabouttheeffectsof its actions.� � Having morethanoneinitial situationmeansthatReiter’s inductionaxiom
for situations[LPR98]no longerholds,just asin [BHL99].



Belief Basedon E , [BHL99] define ¦ X�W 	 M ����� , theagent’s degree
of belief§ that

M
holds in situation � , to be an abbreviation for the

following term expressiblein second-orderlogic (as before
M

is a
situationcalculusformulawherenowis beusedto referto thecurrent
situation). ¨

©�ª@«A¬ ­3® ª@«F¯±° E_	)� � ������²
¨
ª@« E_	)� � �P���

Intuitively, Bel	 M ����� is the normalizedsumof the weightsof all
situations��� consideredpossiblein � thatsatisfy

M
. In our example,

Bel	 FL ��� � � is a}� � .
4.2 Communication between low-level Processes

and high-level Controller

We assumethat the entire communicationbetweenthe high-level
controllerand the low-level processesis achieved througha setof
registers,andmodelthemby thespecialfunctionalfluentreg 	 id ����� .
Thehigh-level interpretercanaffect thevalueof reg by meansof the
specialaction send	 id � val� which assignsreg 	 id ����� the value val.
Theintuition is thatin orderto activatea low-level process,thehigh-
level controllerexecutesa sendaction.For example,the execution
of send	 fork � paint� would tell theexecutionsystemto startthepaint
process.11

On theotherhand,the low-level processescanprovide the high-
level controllerwith sensorinformationby meansof theexogenous12

actionreply	 id ��³3
 W � . The following successorstateaxiom specifies
how reg changesits value.1 2 ���3	�

�����5476 reg 	 id �@8 2 	�

�������#. val "
9. send	 id � val�^+:
�. reply	 id � val��+

reg 	 id �����#. val <>=�	)?}Y���³�� 
�. send	�Yr��³}��+w
9. reply	�Yr�@³}� O
Weassumethatinitially, thevalueof thefluentreg is nil for all id,

andthattherobotknow aboutthis.

� id � reg 	 id ��� � �#. nil

����� id � E_	)����� � �5�'a94 reg 	 id �����#. reg 	 id ��� � �
4.3 The Low-Level Execution System

Next, let us model the low-level execution system,starting with
the individual low-level processes.As mentionedin Section3, we
modelall low-level processesby probabilisticpGOLOG programs.
While we have alreadymodeledpaint by the procedurepaintProc,
we model ship and reject by the following two pGOLOG pro-
grams.We assumethat both processestake 10 secondsto com-
plete execution,whereuponthey confirm completionby meansof
a reply	 processed�@0�� action.

proc	 shipProc�`6waitTime	@I`a��P�
if 	 PR + FL � setER�P� setPR� reply	 processed�@0�� O �

proc	 rejectProc�`6waitTime	@I�a��P�
if 	 PR +w= FL � setER�P� setPR� reply	 processed�\0�� O �

Sensor Processes Next, we turn to the processinspect. At this
point, we have to explain whatwe meanby sensing.To us,sensing
means:activatea sensor. This “activation” hasasaneffect a sensor
reading.In the example,sensinghappensthroughthe activation of
theinspectprocess,whoseeffectis to provideareply	 inspect� OK� or
reply	 inspect� OK� answer. We assumethat thehigh-level controller
is awareof all exogenousreplyactions,asopposedto “actions” like���

Thetermfork waschosenin analogyto theprocedurefork usedin UNIX-
like operatingsystemsto createnew concurrentprocesses.�S�
Here,anexogenousactionis anactionnot underthecontrolof thehigh-
level controller.

setPA which are solely usedto model the effects of the low-level
processes.Sensingis thusrealizedby meansof speciallow-level pro-
cesses,whichwecall sensorprocessesandwhichcommunicate(pre-
processed)sensorreadingsby meansof exogenousreplyactions.13

Although during real execution the actual low-level process
inspectprovides the answer, we needa model of the behavior of
the sensorto updatethe robot’s beliefs after OK or OK answers.
The following pGOLOG programdescribesthe possibleeffectsof
inspect:14

E�Y 2r´ 	 inspectProc�
if 	A�*¤��µ6waitTime	@I`a��P� prob	Aa}� dc� replyOK � replyOK� O �6waitTime	@I`a��P� replyOKO ���

Directly Observables reply actions like the above provide
the high-level controller with information becausethey assign
reg 	 inspect����� a valuewhich is correlatedwith thevalueof FL (i.e.
OK or OK) andbecauseunlike in the caseof FL thereis no uncer-
taintyaboutthevalueof reg. Therefore,wedistinguishreg from other
fluentsandcall it directly observable, following [GL00b]. Directly
observablefluentsaresuchthat the agentalwayshasperfectinfor-
mationaboutthem- like thedisplayof one’s watchor a fuel gauge
in thecar. Formally, we call a relationalfluent

1
directlyobservable

wrt a pGOLOG theoryif f thefollowing formulaholds:

�,�����`�A�c�� �c6 ��� %(�¶<�E_	)���A�����5�'a O 4 1 	��� ���`�B�;" 1 	`�� �����
Directly observable functional fluentsare definedsimilarly. We

remarkthat the initial andsuccessorstateaxiomsfor reg presented
in this sectiontogetherwith the successorstateaxiom for E in the
following sectionguaranteethatin ourexamplereg is in factdirectly
observable.

The Overall Low-Level Execution System Finally, we needa
formal modelof theexecutionsystemasa whole, i.e. of the robots
operatingsystem,whichensuresthatsendactionsresultin theactiva-
tion of thecorrespondinglow-level process.Thefollowing program
kernelProc describesthe “kernel process”of the robot’s operating
system.

proc	 kernelProc�`6 reg 	 fork� �.(f Q)W N �
if 	 reg 	 fork�#. inspect�6 reply	 fork ��f Q)W �P� withPol 	 inspectProc� kernelProc� O �

if 	 reg 	 fork�#. paint�6 reply	 fork ��f QSW �P� withPol 	 paintProc� kernelProc� O ��µ�±�±��{}�!��{�6 reply	 fork ��f Q)W �P� kernelProcO �P�±�±� � O �
As long as reg 	 fork� is nil, nothing happens.If reg 	 fork� is as-

signedthenameof a low-level process,thenreg 	 fork� is resetto nil,
and the low-level processis run concurrentlyto the operatingsys-
tem’skernelprocess.WestressthatpGOLOG programssuchasthe
above arenot intendedfor actualexecution.Their purposeis solely
to providea modelof thebehavior of thelow-level process.15

4.4 The High-level Controller
In order to ensurethat the high-level controller will always have
the necessaryknowledge to evaluatetestswithin high-level robot
plans,we consideronly a subsetof the pGOLOG programsas le-
gal high-level plans.This subsetof pGOLOG, to which we refer to�)�

Note that this view of sensingsignificantlydiffers from the well-known
sensingactionsof [Lev96].� C
We usereplyOK asan abbreviation for reply· inspecţ OK ¹ , similarly for
replyOK.�SD
In fact,pGOLOG programslike inspectProc or paintProc cannotbeexe-
cutedby thehigh-level controllerbecauseit hasonly uncertaininformation
aboutthevalueof non-observablefluentslike FL, resp.becauseit cannot
directly executeactionslike setPA.



asGOLOG º\» , consistsof all programswhosetestsarerestrictedto
directlyobservable¼ fluents, andwhich only executeactionsthatonly
affectdirectlyobservables. Weglossover thetechnicaldetails.As an
example,the following GOLOG º\» plan activatesboth inspectand
paint, waits for their completetionandfinally processesthe widget
accordingto theresultof inspect.16

1 Y�½�¾\¿ �.À6 forkPaint � start g��ra}� forkInspect� reg 	 inspect� �. nil
N �

if 	 OK � forkShip� forkReject�P� reg 	 processed� �. nil
N � O

We remarkthat during on-line executionof a GOLOG º\» plan,
whenever thehigh-level plan executesa sendaction,the interpreter
checkswhetherthis signalsanactivationof a low-level processand,
asa side-effect,activatestheactuallow-level processif necessary.

The Passage of Time during On-line Execution Finally, a word
on thepassageof time duringon-lineexecutionof a high-level plan.
In order to synchronisethe internalclock, i.e. the valueof the flu-
ent start with the actual time during on-line execution, the high-
level controllerperiodicallygeneratedexogenoustUpdate	!0�� events,
where0 refersto theactualtime.As describedin Section2, theeffect
of a tUpdateis thento assignstart theactualtime.17

5 Belief Update

Rightnow, wehaveamodelof therobot’scontrolarchitecture,of its
beliefsaboutthe stateof the world, andof the executionsystemof
therobotincludingmodelsof thelow-level processes.Basedon this
model,we will now specifyhow to updatetherobot’s belief stateas
a resultof theactivation of noisy low-level processesandof there-
ceiptof replymessages.Wereferto this taskas(probabilistic)belief
update, following [BHL99].18

Althoughnot quiteobvious, thespecificationof a successorstate
axiom for the fluent E is not sufficent to representthe updatedbe-
lief state.To seewhy, let us considerthe situation �,Á�Â wherethe
robot hasactivatedthe paint processin the initial situationthrough
send	 fork � paint� at time 0, afterwhich it haswaitedfor 15 seconds.
Intuitively, the epistemicstateshouldreflect the fact that the acti-
vation of the low-level processpaint has affected the truth value
of UC. But this is not sufficient. Additionally, the robot shouldbe
awareof the fact that unlike in ��� , in � Á�Â the low-level processis
active, hasalreadyexecutedsetUC, andis aboutto probablyexecute
setPA. Thus,thepaintprocessis nolongercorrectlycharacterizedby
paintProc, but insteadby theremainingfragmentof paintProc after
15secondshave passed.

TheexamplesuggeststhattheappropriatepGOLOG modelof the
low-level processesis not thesamefor all situations,but dependson
the history of actions.Thus,we associatewith every possiblesitu-
ation a specificpGOLOG model.Formally, we introducea special
functionalfluent

WBW 	)� � �P��� thatcanbereadas“in situation� , therobot
thinksthatif theworld is in state� � thenthelow-level processescan
becharacterizedby thepGOLOG program

WBW 	)� � ����� .” Thefollowing
axiomstatesthatin theinitial situationthelow-level processesareas
describedby kernelProc (definedabove).�)l

We useOK asanabbreviation for reg · inspecţOK ¹ , forkInspectasanab-
breviationfor send· fork ¸ inspect¹ , andsimilarly for forkPaint, forkShipand
forkReject.� �
We assumethat the differenceÃÅÄ$�AÆ � �5Ç �AÆ betweentwo subsequent
updatestUpdate·��AÆ\¹ andtUpdate·��AÆ � � ¹ is smallerthantheminimaldelay
betweenthe executiontime of any two actionsof the pGOLOG models
whichhavedifferentexecutiontime.Furthermore,weassumethatif areply
is modeledto happenat time � , then during on-line executionthe high-
level controllerwill generatea tUpdateactioncausingstart to advanceto� beforetheactualreplyactionhappens.�)�
See[SPLL00] for theconnectionto thegeneralareaof belief updateand
belief revision.

�,��� E_	)�������`�54 W!W 	)���������;. kernelProc�
In orderto specifysuccessorstateaxiomsfor E_	)� � � do	�

������� andWBW 	)� � � do	�

������� , statinghow the world and the low-level processes

evolve from a situation � to its successorsituationdo	�
������ , we have
to distinguishtwo cases:(i) 
 is a replyactionperformedby asensor
process;and(ii) 
 is anactionexecutedby thehigh-level controller
or a tUpdateaction.Thereasonthatwe have to distinguishreplyac-
tionsfrom other“ordinary” actionsis thatreplyactionsprovidesens-
ing information,ascapturedby thepGOLOG modelof thesensing
processes(like, for example,inspectProc).19

5.1 Ordinary Actions
Let us first considerthe secondcase.Our solution is that the low-
level processesexecuteup to the point whereoneof the following
conditionsoccur:

1. they areblocked,i.e.waiting for a
M,N

conditionto becometrue;
2. or they areaboutto executeanreplyaction.

While thefirst conditionis fairly obvious,thereasonthatwemind
reply actionsis that the high-level controller is aware of all reply
actions,and 
 is no reply action.We will now formalize the idea
to executea program H in � until a configuration ��t���� � � is reached
whereoneof theaboveconditionsis true.For this,weusethespecial
function 0\Yr
cf^� 1 YrÈ�	�H��P���@t������!� whichspecifiestheprobabilityto end
up in ��tr�����B� startingin ��H������ . In the following formulas, É>	�
s� is a
shorthandfor ?}Yr�\³�� 
k. reply	�Yr��³}� .
0@Y�
cfG� 1 Y È 	�H��P���@tr��� � �;.uBv 0\Yr
cf^� 1 Y3�r	�H�������t���� � �5��a�<��
 � ��� � � � � do	�
 � ��� � �5%'� � 4'=�Éw	�
 � ��<��t � �P� � � 0@Y�
cf^� 1 Y}	�tr�����)��t � ��� � ����a94?c
 � � � � .(8 2 	�
 � �����!�,<�Éw	�
 � �y`z^{s|:0@Y�
cfG� 1 Y � 	�H,�����@tr�����B�,{}�!��{&a
While thesecondline of the if conditionverifiesthat ��tr��� � � can

be reachedfrom ��H,�P��� without executingany reply action,the last
two linesverify thatall successorconfigurationsof ��t���� � � canonly
be reachedby a violation of oneof the above conditions,meaning
thatthesimulationhasbeenpursuedasfar aspossible.

Using 0\Yr
cf^� 1 YrÈ , we can define which configurations�)� � � W!W � �
have been reachedby the low-level processesin do	�

����� to-
getherwith their weight (assumingthat 
 is no reply action). In-
tuitively, theseare all configurationthat result from the execution
via 0\Yr
cf^� 1 YrÈ of a configuration � W!W 	)�`�A�����P�����B� consideredpossi-
ble in � . Their weight is the productof the weight of � � in � and
the transitionprobability asspecifiedby 0\Yr
cf^� 1 YrÈ . The predicate
advConfig	)� � � W!W � ��8 2 	�

������� makesthisprecise.

advConfig	)���r� W!W �r��8 2 	�

�������;.ÊE:"?Z� � ��E � ��E � � E_	)� � �����;.�E � <�0@Y�
cfG� 1 Y È 	 W!W 	)� � �����P��� � � WBW � ��� � �#.ÊE � <E��,�'a/<&E � ��a�<�Ek.ËE��sÌ@E � +E�.xa�<�=#?Z� � ��6 E_	)� � �����5�'a�<:0@Y�
}f^� 1 Y È 	 W!W 	)� � �����P��� � � W!W �����r�`�5��a O
5.2 replyActions

Now that we have formalizedhow the low-level processesevolve
if 
 is an ordinaryaction,let us turn to the othercasewhere 
 is a
replyaction.Intuitively, theobservationof areplyshouldsharpenthe
beliefstateof therobot.For example,if therobotobservesareplyOK
actionafteractivationof inspect, it canruleout thosesituationsfrom
its belief statewhere = FL holds. In general,the observation of a
replyactioncanbeusedto rule out thosesituationswhoseassociated�)¥

As statedabove, we assumethat thehigh-level controlleris not awareof
any otherlow-level “actions” thanthereplyactions.



pGOLOG modelof thelow-level processes
WBW

is notaboutto execute
this veryÍ replyaction.To make this precise,we definethepredicate
adv&filter 	)���r� W!W ���@8 2 	�

������� which- if 
 is anreplyaction- preserves
only thoseconfigurationsof advConfigwhosepGOLOG-component
is aboutto execute
 .

adv&filter 	)� � � W!W � ��8 2 	�
��������#.ÊE�"$?Z� � � � � . do	�
���� � ��<6 =_É>	�
s�,< advConfig	)�`�A� W!W � ��8 2 	�

��������.ËE
+Éw	�
Z��<Î6 ?s� � � � W!W � � ��E � � �AE � � advConfig	)� � � � W!W � � ��8 2 	�
���������.ÊE � � <0\Yr
cf^� 1 Y � 	 W!W � �A����� �S� W!W � ��� � �;.ÊE � <E�� �^��a/<�E � ��a�<�E�.ÊE�� �sÌ@E � +E�.xa�<�=#?Z��� �)� WBW � �)��6 advConfig	)�`� �)� W!W � �)��8 2 	�
��������5��a<G0\Yr
cf^� 1 Y � 	 W!W � �S���`� �S� WBW � ��� � �5��a O±O±O
If 
 is anordinaryaction,adv&filter is almostlike advConfig; the

only differenceis that all situations � � consideredin do	�

����� now
“end” with action 
 , i.e. ?s���)� � � . do	�

�����!� . However, if 
 is a reply
action,thenwekeeponly thosesituations� � in thebeliefstatewhose
associatedpGOLOG modelcorrectlypredictedthatthereplyaction
 would beexecutednext.

Successor State Axioms for E and
W!W

It can be shown that the
function adv&filter is well-defined,meaningthat any configuration�)����� W!W �`� with positive weight is assignedexactly oneweight. Fur-
thermore,it canbeshown that for eachsituation � � thereis at most
one

W!W � suchthatadv&filter 	)� � � W!W � ��8 2 	�

���������(a . Therefore,E andW!W
cansimply bedefinedasthesituationresp.pGOLOG component

of adv&filter.

E_	)� � ��8 2 	�

�������#.�E�"$? W!W � � adv&filter 	)� � � W!W � ��8 2 	�

�������#.�E
<E���a�+k� W!W � � adv&filter 	)� � � W!W � ��8 2 	�

��������.7a�<&E�.xaW!W 	)� � ��8 2 	�

��������. WBW � " adv&filter 	)� � � W!W � ��8 2 	�

�������5��a�+� W!W �A� adv&filter 	)� � � W!W �)��8 2 	�

�������#.xa�< W!W � .(f QSW

5.3 Examples

To illustratehow E and
W!W

evolve, andin particularhow thepercep-
tion of an exogeneousreply action is usedto sharpenthe robots
beliefs,we will now considerthe valueof E and

W!W
in differentsit-

uations.We begin with the situation � inspect
�. do	�6 fork � inspect�P�

reply	 fork ��f QSW �P� tUpdate	@I��P�`�±�±�±� tUpdate	@I`a�� O �P� � � , already men-
tionedabove.20 Let Ï be the foundationalaxiomsof Section2 (ex-
cept for the inductionaxiom) togetherwith the successorstateax-
iomsfor E and

W!W
, actionpreconditionaxiomsstatingthatall setand

clip actionsarealwayspossible,successorstateaxiomsfor theflu-
entsPA, FL, PRandER, andtheprobabilisticcharacterizationof the
initial stateof Section4. Then,from Ï wecandeducethatin � inspect
two situationsareconsideredpossible.Intuitively, the first onecor-
respondsto thecasewherethewidget is flawedandthesecondone
to thecasewhereit is not flawed.Furthermore,we candeducethat
thesesituationshaveanassociatedpGOLOG modelof thelow-level
processesthat accountsfor the fact that the paint processis active
andaboutto provide a reply.

ÏÊÐ .(��� � � WBW � � E_	)� � �P� inspect�5�'a/< W!W 	)� � ��� inspect�#. W!W � "?s� � � � � . do	�6 send	 fork � inspect�P� reply	 fork ��f Q)W �P�`�±�±�±�
tUpdate	@I`a�� O �P���� �<�6 W!W � . conc	 kernelProc�6 start g$I`a N � prob	Aa}� d}� replyOK � replyOK� O ��+W!W � . conc	 kernelProc��6 start g7I�a N � replyOKO � O

We remarkthat so far the belief concerningthe value of FL re-
mainsunchanged( Ï$Ð . Bel	 FL ��� inspect� . Bel	 FL ������� ). Now as-
sumethattheinspectprocessprovidesa replyOK answer, leadingto� � Here,weassumethata tUpdateactionis generatedevery second.

Situation �,ÑcÒPÓ �. do	 replyOK ��� inspect� . Intuitively, we would ex-
pectthatafter this observation therobotno longerconsidersa situa-
tion possiblewherethewidgetis not flawed.Indeed,we candeduce
thatin �,ÑcÒPÓ therobotonly considersonesituationpossible,andthat
FL holdsin this situation.

ÏÊÐ .�E_	)�������,ÑcÒPÓ��¶.ÊE�<�E>��a&"$?Z���� ��EG	)�`�� ���,���5��aV<� � .(8 2 	�6 send	 fork � inspect�P� reply	 fork ��f QSW �P�`�µ�±�±� tUpdate	@I`a��P�
tossHead� replyOKO ������ �^< FL 	)���B�^< FL 	)���� �

Intuitively, theonly situationthatremainsin thebeliefstatecorre-
spondsto thesimulationtracewhereFL holds,andinspectcorrectly
reportsreplyOK. Thiscorrespondsto theexecutionof thefirst branch
of theprob instructionin thepGOLOG modelinspectProc, leading
to a tossHeadactionin the resultingexecutiontrace.All othersim-
ulationtraceswould endup in a replyOK answer, andarethusruled
out from thebelief state(seeadv&filter). We remarkthat theresult-
ing belief stateimpliesBel	 FL ���^Ñ3ÒPÓr�#.ÔI .

Similarly, if therobotwould observesreplyOK, we coulddeduce
thatonly two situationsareconsideredpossiblein the resultingsit-
uationdo	 replyOK ��� inspect� : onecorrespondingto the widget bee-
ing flawed(prob. 30%)and inspecterroneouslyreportingOK (prob.
10%),andanotheronewherethewidget is not flawed(prob. 70%).
Theresultingbelief in = FL would thencorrespondto thenormalized
probabilityof thesecondcase,which is a}�  �²c	Aa}�  �jÕa}� ��Ö;a}�±I`�5. � �� � .

As another example, let us consider the situation ��Á�Â �.
do	�6 send	 fork � paint�P���±�±�µ� tUpdate	@I�er� O �P����� , wherethepaintprocess
is active for 15 seconds.In this situation,thelow-level processpaint
hasalreadycausedUC to becometrue,andis waiting until time 30
whereatit maycausePA to becometrue.

ÏÕÐ .�E_	)� � ���,Á�Â��5��a&"?Z� � � ����.x8 2 	�6 send	 fork � paint�P���±�µ�±� tUpdate	@I�a��P� setUC�
tUpdate	@I�I��P�`�±�±�±� tUpdate	@I�e�� O �P���`��<W!W 	)���)�P� Á�Â �#. conc	 kernelProc�6 start g���a N � if 	 PR� setER�

prob	Aa}� d�e3� setPA��� O �
Somesecondslater, therobotsbelief in PA will riseto 95%dueto

thefactthatit will assumethatpainthasfinishedexecution.However,
therobot’sbelief in thewidgetbeeingflawedwill remainunchanged.

6 Belief-Based Programming

As an applicationof belief update,we will now introducethe con-
ceptof belief-basedprograms, GOLOG º@» programsthat appealto
the robot’s beliefsat executiontime.21 In particular, we introducea
specialepistemictest BTest	 M ��EG����� , which is true if in situation �
the robot’s belief in

M
is E . Formally, BTest	 M ��E^����� is a definedre-

lational fluent which is true iff Bel	 M �����k.×E . Using BTestwithin
testconditions,aGOLOG º\» plancanappealto therobot’sbeliefsat
executiontime. As anexample,the following planspecifiesthat the
robotis to activatetheinspectprocessuntil it is sufficiently confident
aboutwhetherthewidget is flawedor not. Thereafter, thewidget is
paintedandprocessed.22

E�Y 2r´ 	 savePaint �
[ while	)?�EG�BTest	 FL ��E
�,<>=�6 E�.ÔI5+�E���a}� ara}I O �

send	 inspect� nil �P� forkInspect� reg 	 Q f^��E X ´ 0�� �. nil
N �P�

forkPaint � waitTime	A�ra��P�
if 	 BTest	 FL ��I��P� forkReject� forkShip�P� reg 	 processed� �. nil

N O
�P�

This is similar to Reiter’s notion of knowledge-basedprogramming
[Rei00]. However, we remarkthat herewe are dealingwith degreesof
belief.���
As usual,we leave out thenowargumentin the tests,in particularin the
epistemicfluentBTest.



Thewhile loop is executeduntil therobotis surethatthewidgetis
flawed,i.e.

Ø
Bel	 FL �;.ÀI , or theprobabilitythatthewidgetis flawed

dropsbelow 0.001,meaningthat the robot is sufficiently confident
that the widget is ok. We remarkthat due to the fact that after the
observation of OK the robot is surethat the widget is flawed, the
above programcausesat mostthreeactivationsof inspect.23

Unlike ordinary GOLOG programswhich are conditionedon
factsaboutthe world, in belief-basedprogramslike the above ac-
tionsareconditionedontherobot’s beliefstateatexecutiontime.As
theexampleillustrates,belief-basedprogramsallow theprogrammer
to providedomaindependentproceduralknowledgein anaturalway.
Fromapragmaticpointof view, belief-basedprogrammingcanbean
attractivealternative to probabilisticplanningbecauseit representsa
muchsimplercomputationalproblem.While probabilisticplanners
aresearchingfrom scrachfor an (optimal)plan,which in theworst
casemeansthatanexponentialnumberof candidateplanshasto be
projected,theexecutionof a belief-basedprogramonly requiresthe
computationof thebelief stateof therobotalongtheexecutionof a
givenplan.

Implementation Justasin thecaseof ConGolog, it is straightfor-
wardto implementa pGOLOG interpreterin PROLOG.We remark
thatour implementationwasableto executetheabove belief-based
planin a fractionof a second.

7 Discussion
Summarizing,we have shown how to updatetheprobabilisticbelief
stateof a robot during on-line executionof high-level GOLOG º@»
plans.To do so,we have modeleda layeredrobot control architec-
ture within the pGOLOG framework, making useof probabilistic
pGOLOG programsto modelnoisylow-level processes.In orderto
deal with sensing,we have introducedthe conceptof sensorpro-
cesses,low-level processeswhoseactivation resultsin exogenous
reply actions.Finally, we have introducedbelief-basedprograms,
GOLOG º\» programswhosetestsappealto theagent’sbeliefsatexe-
cutiontime.Weremarkthatunlikeapproacheslike[Lev96, BHL99],
we representthebelief stateof theagentby a setof possiblesitua-
tions and an associatedmodelof the stateof executionof the low-
level processes, which allows usto accountfor noisyprocesseswith
temporalextent.

Thewholeframework, in particularthedefinitionof E and
W!W

, relies
on thefactthatpGOLOG programsaredeterministic.As a result,it
is not possibleto specifyunprioritizedconcurrency asdonein Con-
Golog wherethe resultingcourseof actionsis not uniquelydeter-
mined.However, whenwe considerprocesseswith temporalextent,
thisdoesnotseemto beasevererestriction,becausethepriority of a
processmanifestsonly whentwo processeswishto executeanaction
at exactly the sametime; actionswith differentexecutiontimesare
notaffected.

Probablythe closestwork to that reportedin this paperis that
of Bacchus,HalpernandLevesque[BHL99], to which we owe the
characterizationof the robot’s epistemicstate.However, while we
managesolely with the prob instruction to representnoise, they
make useof the conceptsof nondeterministicinstructions, action-
likelihoodaxioms Ù Ú
	�
��@
 � ����� andobservation-indistinguishability
axioms

W 	�

����� , and representthe execution of noisy actions as
atomic. This resultsin a simpler SSA for E , but at the cost of a
morecomplex specificationof the effectsof the noisy sensorsand
effectors.Furthermore,it is not clearhow to projecta plan within
their framework. On the otherhand,probabilisticprojectionin the�@�

As wehaveseenin theprevioussection,theobservationof oneOK answer
causestherobot’s belief in Û FL to riseto Ü�Ý�Þ`Ü�ßVÄÎÝ�à Ü`Þr·!Ý�à Ü
á�Ý�à ß�â�Ý�àFãP¹ .
Similarly, the observation of two resp.threeOKs causethe robot’s belief
to riseto Ý�à Ü`Þr·BÝ�à Ü}á�Ý�à ßsâ}Ý�àFã�âcÝ�àFãP¹ resp.Ý�à Ü`Þr·!Ý�à Ü}á&Ý�à ßZâcÝ�àFã3âcÝ�àFã�â}Ý�àFãP¹ .

pGOLOG framework was alreadyconsideredin [GL00b], and it
would be relatively straightforward to considerboth projectionand
belief updatewithin pGOLOG.24

As for probabilisticplannerslike C-Buridan[DHW94], they usu-
ally completelyignore belief update.Besides,they representpro-
cessesas atomic actions.The latter also holds for the theory of
POMDPs(which is concernedwith bothreasoningtasks),but whose
computationalcostis prohibitivealreadyin relatively smalldomains.
We believe that in many domains,theuseof belief-basedprograms
providing proceduralknowledgeis morepromisingthanuninformed
searchfor an optimal plan. In [Poo98], Pooleproposesan integra-
tion of decisiontheoryandthesituationcalculus,which however is
primarily concernedwith the expectedutility of a candidateplan.
Finally, therecentlyproposedDTGolog [BRST00]assumesfull ob-
servability of thedomain.All of theseapproachesdonotaccountfor
thetemporalextentof thelow-level processes.
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� C
One possibility would be to explicitly distinguishbetweenon-line and
off-line executionof GOLOG º\» plans,and to make useof the special
actionwaitFor to causetime to advanceduringprojection,alongthe lines
of [GL01].


