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ABSTRACT
Wepresentacontrolsystemfor autonomousmanipulatorsbased
on a theoryof actionsintegratedwith a theoryof perception
andfailures. The theoryof actions,perceptionandfailuresis
definedin theSituationCalculus,alogical languagethatallows
therepresentationof dynamicdomains.Weassumethatanau-
tonomousagentis provided with a setof possiblegoals. The
goalsaresuitedto thedomainandtheagentabilities. Despite
theseabilities,anautonomousagentmight fail, duringtheexe-
cutionof atask:failurescanbecausedbyany unexpectedevent
like lossof power, vibrations,noise,etc. Theseunexpectedor
exogenouseventscancausetheagentto looseanobjectis car-
rying or to slip or to hit somepayloador someotherstructural
component.While it is impossibleto avoid a failure it is still
possibleto minimizethecumulationof failuresduringtheexe-
cutionof atask,by suitablychoosingthelessrisky sequenceof
actionsamongall thepossiblesequencesthatallows therobot
to achieve a goal.Moreover, undercertainconditionsit is also
possiblefor the robot to autonomouslyrecover from the fail-
ure.Thecoreof thesystemis ahigh level programcontrolling
the on-line agentbehaviour: while a goal is not achieved, it
selectsa taskfrom a library of possiblesubplansandexecutes
it. Thetask,whencorrectlychosen,mustleadto asubgoalpo-
sition. At theendof eachtaskexecution,visualperceptionis
usedto monitorthecoherencebetweentheconfigurationof the
domainandtheconfigurationentailedasa consequenceof the
executionof the task. In caseof a misalignmentbetweenthe
predictedstateandtheperceivedone,adiagnosticprocedureis
activated.In our modelthedivergencebetweenexternalinfor-
mationandinternalrepresentationis justifiedby theexecution
failure of the actionsspecifiedin the task. Actions aregiven
a probabilityof successandsincea probabilitycanbeassoci-
atedalsoto thesentencesof thelogic, anexpectedprobability
of successfor eachgoal canbe computed:a goal is, in fact,
representedby a sentenceof the logic. This expectedproba-
bility providesa measureto computethesafetyof a courseof
actions: a courseof actionsis moresafethananotherone if
it hasanhigherprobability of success,which implies that the
goal thatcanbeachievedby sucha run hasa higherexpected
probability. Finally the diagnosisallows the robot to resetits
internalstatusandthusto eventuallyrecover from theerror.

1. INTRODUCTION
Managingfailuresandsafetyduringtheexecutionof tasks

performedby anintelligentagentis acentralissuein spaceop-

erations. The reasonis becausethe costof recover could be
very high in termsof humanresources.On theotherhandau-
tonomyis notonly desirablebut alsonecessary, but with auton-
omy therisk of failuresobviously increases.It is thereforeim-
portantto think aboutall the measures,accompanying auton-
omy, necessaryto facefailuresandto ensurea flexible safety:
if errorscannotbeavoided,alwayschoosethosecoursesof ac-
tions thatminimizetheprobabilityof errors,andmake it pos-
sible to recover from errors. The causesof a failure can be
several, andunpredictablebut, dependingon the task,the ef-
fectscanbepredictablefor theagentlike loosinganobjectit is
holding,missinga graspor sliding. Theproblemswe want to
dealwith arethefollowing:

1. Given that failuresare not avoidable,ensurethat a
diagnosisis alwayspossiblefor theagentsothat it canupdate
its currentstate;

2. coordinateperceptionandtaskexecution,so that the
agentcanautonomouslyverify themisalignmentbetweenwhat
it expectsandwhatreallyhappened,sothatit canrecover from
thefailure;

3. provide a probability of successwith goal states,so
thatdifferentcoursesof actionscanbecomparedanda safety
measurecanbeestablished;

4. embedtheaboverequirementsin acoherentdynamical
system.

We presenta controlsystemfor autonomousmobilema-
nipulatorsbasedon a theoryof actionsandperception. The
controlsystemdealswith diagnosisof possiblefailures,thedi-
agnosispermitstheupdateof theagentstateto thecorrectsit-
uation. The systemappliesto autonomousmanipulatorsbuilt
for simplemissionslike manipulatingandmoving small pay-
loads.Thecoreof thesystemis a high level programcontrol-
ling theon-lineagentbehavior: while a goalis notachieved,it
selectsa taskfrom a library of possiblesubplansandexecutes
it. The task, when correctly chosen,must lead to a subgoal
position. During the task, in the hypothesisthat the domain
is only partially observable, the agentcannotmonitor its ex-
ecution. In our model eachactioncan either fail or succeed
andprobabilityof successis associatedwith actions,so thata
taskgeneratesa stochasticprocess,in which alsoexogenous
actionsareconsidered.The computationalarchitectureis or-
ganizedinto threemodules:(1) A monitor, in Prolog,which is
themanipulatoroperatingsystemfor thepurposeof scheduling
goalsanddirectingcalls to Golog, a high level programming
language,for choosingtasksfrom a taskslibrary. (2) A local
plannerthat expandsa Golog task– a sequenceof actions–
into a sequenceof commandsto the motors,accordingto the
existenceof afree-pathfor themanipulatorandtheanalyticso-
lutions to thekinematicproblems.(3) A visualmodulethat is



activatedby visualsensingactions,andupdatesthe local map
of the manipulator. The computationalstructureoperatesac-
cordingto the following cycle: schedulea goal,choosea task
to execute,verify its executability, computetheprobabilityof
success,verify the safetyof the run, even in the presenceof
failures,executeit, observe thestateof theworld modifiedby
theexecution,diagnosewhathappenedand,if needed,update
the currentexecutionto the correcthistory, until the current
goal is reached. The logical structureof the manipulatoris
formalizedin theSituationCalculus[13, 19] andit is divided
into an idealized,deterministicpart – the basictheoryof ac-
tions – anda componentdevoted to sensing,perception,and
thenondeterministiceffectsof actions.Thebasictheoryof ac-
tionsrepresentsthedynamicsof theworld assumingall agent
actionsaresuccessful.Theextendedtheoryis neededboth to
predictpossiblefailuresandto diagnosefailuresat theendof a
run,undera completefailureassumptionthatall possiblefail-
ureshave beenspecified.Observe that alsosafetyconditions
arespecifiedin orderto suitablytake into accounttherisksof a
taskexecutionandatwhichstagetheverificationof thecurrent
stateof the executionhasto take place. The formalizationof
perceptionandfailuresthatweprovideallowsthesystemto di-
agnosewhathappenedandalsoto projectwhatcouldhappenin
termsof probabilitiesof successof eachpossiblerun, in order
to acceptor rejecta task.Thevisionmoduleis a C++ program
that usesthe Matrox ImagingLibrary. This moduleperforms
an intelligentobjectsearchin thescenewith a geometricand
probabilisticapproach.Visual perceptionis usedonly at the
endof a taskandperceptionis, thus,usedto monitor the co-
herencebetweentheconfigurationof thedomain,obtainedby
theagentcurrentrunandtheconfigurationentailedasaconse-
quenceof theexecutionof thetask. In caseof a misalignment
betweenthepredictedstateandtheperceivedone,adiagnostic
procedureis activated.Thediagnosisallows theagentto infer
theeffective runexecuted,selectingthemostlikely hypothesis
thatexplainstheperception.

2. PRELIMIN ARIES
We considerthe Situation Calculusas the core of our

logic andlanguage,andwe suitablyextendit to includenew
sorts,new symbolsfor its alphabetandnew axioms.See[17]
for a full presentationof thecorelogic andlanguage.For the
extensionof the languageto perceptionandprobabilitieswe
refer thereaderto [5, 6]. Herewe want to recall that theSitu-
ation Calculusis a first orderlanguagein which is it possible
to specify the dynamicof a systemandto suitably represent
the laws of changeof a domain. Of particularimportanceare
thesituations. Situationsarehistoriesof actions:for example
goT o( pos ) ; dock ; char ge( batter y ) , is a sequenceof actions;
whenthis sequencehasa beginning, for examplein the initial
situationS0, thenwehaveanhistoryof whatanagenthasdone
sincea givenstate.Anotherimportantfeatureof theSituation
Calculusis its ability to describethedynamicof propertiesin
a domain,asa consequenceof actionsexecution. A property
changewhenever its truth valuechanges,for examplethelight
is off after it hasbeenswitchedoff, but beforethis action it
was on. Propertiesthat changeare called fluents, which are
dynamicrelations,e.g. Landing ( al pha2; s ) thatspecifythat
in thesituations theobjectal pha2 is landing,andfor s

0
6= s

we couldalsohave : Landing ( al pha2; s
0
) : in otherwordsa

propertyholdsor not dependingon the situation,i.e. on the
historyof actionsthathave or not affectedtheproperty. Other
importantfeaturesof the SituationCalculusare the percepti-

bles, i.e. thoseobservable propertiesof a domainthat affect
only the perceptionof the robot andnot the domain,andthe
stochasticactions,thatis, thoseactionswith uncertaineffects.

2.1 The basicontology
An agent,e.g.amanipulator, canexecutetasksandachieve

goals,autonomously, only if it is endowed with someknowl-
edgeaboutthedomainandthe laws ruling thecausesandef-
fectsof actions.We call all theserequirementsa basictheory
of actions. In general,a basictheoryof actionsis tailoredto
a specificdomaintheonein which a robotoperates.Thelaws
of changewill be different for a robotic manipulatoroperat-
ing in spaceor for a mobile robot makingthe tour guidein a
museum.This implies thata basictheoryof actionshasto in-
corporatevery specificknowledgeof a domain. On the other
handthisknowledgeneedsnot to becomplete,in otherwords,
dueto thedynamicalstructureof thelogic underlyingtheSitu-
ationCalculusit is possiblefor theagentboth to reasonabout
its world even whenit lackssomeinformationandto acquire
new informationthroughperception.

Herewe shallpresenta very simpleexampleinspiredby
theexposurefacilitiesdesignedfor theexpresspallet. Our do-
main is that of a 7 dof robotic arm that has to manipulates
payloadsandto ensuretheirexposurefor suitableexperiments.
We have both a simulationof theoperations,thatwe show in
Figures1,3,4,andseveral implementationswith small 4DOF
roboticarms.

2.1.1 Descriptions
A descriptionis neededto establishacorrespondencebe-

tweendenotationof objectsin therealworld, their representa-
tion in the imageandtheir geometricrepresentationin a local
map.For exampleLand ( l m3 ) is usedto denotethenameof a
region in the local map. In particularwe shalldirectly usethe
constantee to denotethe endeffector. So for examplein the
initial databaseDS0 we wouldhave sentencesof thekind:

Pay l oad ( x ) � (( x = pl 1 _ : : : _ x = pl n ) ^ 	( x )) :

Where	 is a geometricdescriptionof thepayloadsin
termsof our primitivescategorieswhicharethe
parametricgeonsintroducedin [21].
l and ( x ) = p � ( x = l m1 _ : : : _ x = l mk ) :

EndE f ( x ) � x = ee:

Despitedescriptionsarenot affectedby world dynamics,the
positionof a landmarkchangesin thescene,evenif thecamera
is fixed. However it is independentof theroboticactions.The
basicontologyisdefinedspecifyingfluentsandcontrolactions;
we alsoaddexogenousactionsthatwill playanimportantrole
in theextendedpartof thetheoryof actions,describedlaterin
thepaper.
2.1.2 Fluents

On( x; y ; s ) : Theobjectx is onof theobject/landmarky ,
in situations. To handletheprojectionof anobject(e.g.apay-
load)on themapwe introducethepredicateBottom ( x; y ; s ) ,
definedas:

Bottom ( x; y ; s ) � On( x; y ; s ) ^ Land ( y ) _
9z :O n( x; z ; s ) ^ Bottom ( z ; y ; s ) :

Cl ear ( x; s ) : Objectx is clear, in situations.
Hol ding ( x; s ) : Theend-effector is holdingobjectx , in situa-
tion s.

2.1.3 Control Actions



Figure 1: Simulation of the exposure facility: lifting a pay-
load

moveT o( x; y ) : While holdingobjectx , therobotmovesit to
a referenceobject/landmarky .
goT o( x ) : Theend-effectormovesto referenceobject/landmark
x .
gr asp ( x ) : Grasptheobjectx .

2.1.4 ExogenousActions
sl ip : The robotslips,which meansthat theend-effector

is no longerin theexpectedposition.
f al l ( x ) : Theobjectx fallsandis nolongerin its original

position.
shif t ( x; y ) : Objectx shifts from its currentpositionto posi-
tion y .
Theseareall thepossiblecontrol andexogenousactions,and
their effectsarethoseexplicitly mentioned.Observe that this
lastclauseisacompletenessassumptionfor failure: any change
in thedomainis dueto theeffect of eithera control actionor
anexogenousactions;nothingelseaffectstheworld.

2.1.5 SuccessorStateAxioms
An exampleof a successorstateaxiomfor thebasicon-

tology is thefollowing:

On( x; y ; do ( a; s )) � a = moveT o( x; y ) _ a = shif t ( x; y ) _
On( x; y ; s ) ^
( a 6= gr asp ( x ) ^ a 6= f al l ( x ) ^ a 6= sl ip ^
8z : ( z 6= y! ( a 6= shif t ( x; z ) ^ a 6= moveT o( x; z )))) :

3. BEYOND THE BASIC ONTOLOGY

3.1 A model for perception
For a detailedpresentationof perceptionin theSituation

Calculuswe refer the readerto [16]. In the framework of the
robotic manipulators,we managethe perceptionof the scene
by a single sensingaction taking as argumentsthe primitive
perceptibles,which for the expresspallet world are isLand ,
isP ay l oad; isE ndE f asfollows:

obser v eScene ( isP 1( ~x ) ; � � � ; isP n ( ~x ) ; pr 1 ; : : : ; pr n )

HereeachisP i is a primitiveperceptibleandthepr i ’sareout-
comesof visualperception:pr = 1 meansthat theperceived
property, denotedby theperceptible,holdsin thescene,and0

thatit doesnot. In thisframework thesceneis afluenttakingas
argumenta primitive perceptibleanda situation. The follow-
ing successorstateaxiomsaccountfor theprimitiveperceptible

explicit definitionanddescriptionwith respectto thescene:

Scene ( isP ay l oad ( x ) ; do ( a; s )) � a =
obser v eScene ( isP ay l oad ( pl 1) ; : : : ; pr 1 ; : : : ; pr n ) ^
( x = pl 1 ^ pr 1 = 1 _ : : : _ x = pk ^ pr m= 1) ^
Descr ( isP ay l oad ( x )) _ Scene ( isP ay l oad ( x ) ; s ) ^
8p1 ::p n pr 1 ::pr n :a 6= obser v eScene ( p1 ; : : : ; pn ; ; pr 1 ; : : : ; pr n )

HereDescr ( isP ay l oad ( x )) is asuitabledescriptionof apay-
load,e.g. containinginformationaboutthedimension,shape,
weight etc. In this framework, given thata singlesensingac-
tion over theprimitive perceptiblesis defined,theperceptsare
usedfor constructingthe relationsamongprimitive percepti-
bles and for recordingthe perceptibleand their outcomesat
eachsituation:

Per cept ( isO n( x; y ) ; pr ; s ) � x 6= y^
( pr = 1^

Scene ( isP ay l oad ( x ) ; s ) ^ ( Scene ( isP ay l oad ( y ) ; s ) _
Scene ( isLand ( y ) ; s )) ^ Descr ( isO n( x; y ))) _
( pr = 0^
: ( Scene ( isP ay l oad ( x ) ; s ) ^ ( Scene ( isP ay l oad ( y ) ; s ) _
Scene ( isLand ( y ) ; s )) ^ Descr ( isO n( x; y )))) :

HereDescr ( isO n( x; y )) is adescriptionof therelationisO n.
After anobservationof thescenetheremight bea discrepancy
betweenwhatis perceivedandwhatis entailedby thedatabase:
thediscrepancy will not causea logical inconsistency because
it is recordedas,e.g.On( a; b; s ) andPer cept ( isO n( a; b) ; 0; s ) .

Thesediscrepanciesaredetectedby a definedpredicate
Mistak en ( p; s ) , for eachperceptiblep, whichwill beusedto
diagnosewhat therealeffectsof theactionsperformedby the
manipulatorare. For ananalysisof thedifferentlevelsof per-
ception,from directperceptionto selectivesenseperception,to
meaningfulperceptionandhow mistakesaretreated,we refer
thereaderto [16].

3.2 A model for failur es
In thebasicontologywehave definedanidealizedrepre-

sentationof theworld in whichtheeffectsof actionsareexactly
thoseintended,i.e. actions,evenexogenousactions,aredeter-
ministic. However, dueto variouscircumstances(e.g.asudden
changein thepowersupply),therobotmightfail in its intended
executionof an action. To addressthis problem,we have ex-
tendedthespecificationof anactiontheorywith stochasticac-
tionsandevents,whichwe briefly presenthere.
A stochasticaction is a pair hv ( a) ; ai with v ( a) takingvalues
in theoutcomespaceoutcome = f 0; 1g, where0 meansthat
a failedand1 that it succeeded.Givena sequenceof actions,
thissequenceexpandsto a treeof eventsdueto all thepossible
outcomesof eachaction. SeeFigure2. To modelthe treeand
the probability distribution we introducethe following notion
of event.
Event. An evente iseitherasequenceeventwof sortseq Ev ent

or a conditionalevent u of sort condE v ent , accordingto the
following definitions:
sequenceevent:

1: E0 : theemptyevent:
2: ( hv ( a) ; ai � w) : theeventobtainedasa resultof executinga

with valuev ( a) 2 f 0; 1g, afterthesequenceeventw.

conditional event

3: ( hv ( a) ; ai j w) : theeventobtainedasa resultof executinga
with valuev ( a) 2 f 0; 1g, conditionedon thesequenceeventw.
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P(e)=0.018

P(e)=0.018

E0

P(E)=10

Figure2: The tr eetr ee ( do ( goT o( a) ; do ( gr asp ( a) ; S0 )))

Thereforeaneventis eitherasequenceof outcomesof stochas-
tic actionsor theoutcomeof astochasticactionconditionedon
a nonconditionalevent. Accordingly, we extendthenotionof
fluentsto eventfluents, that is fluentsthat have asarguments
events.
Probabilityis a functionaleventfluentP which takesasargu-
mentseventsandreturnstheir probability: P mapseventsinto
[0 ; 1] .

Figure3: Dealing with an experiment

3.2.1 Axiomsfor eventsandprobabilityP

Theaxiomsfor eventhavebeengivenin , they areneeded
to ensurethat the initial situationS0 coincidewith the initial
event E0 and that eventsbranchasa tree, rootedin E0, see
Figure2. Herewe recall the axiomsandbasicpropertiesfor
probabilityP, morecanbefoundin [6].

1. P( e) � 0, for any evente.

2. P( E0) = 1.

3. P( sta � e) = P( sta j e) � P( e)

4. P( h0; a ij e) = 1 P ( h1; ai j e) .

Let � 2 f 0; 1g. Wedefinethefollowing functions:

sit ( E0) = S0

sit ( h� ; ai � e) = do ( a; sit ( e))

outcome ( h� ; ai � e; h� ; ai ) = � :

The following setscan be definedusing sit , with ExAct a

predicatethatsortsout theexogenousactions:

tr ee ( s ) = fh � ; ai � w j ExAct ( a) ^ w2 tr ee ( s ) _
sit ( h� ; ai � w) v sg

cut ( s ) = f w j w 2 tr ee ( s ) ^ 8w0 :w 0 2 cut ! w 6˚ w0g

l eav es ( s ) = f w j w2 tr ee ( s ) ^ :9 w0 :w 0 2 tr ee ( s ) ^ w � w0 g

3.3 Preconditionsof stochasticactionsand
conditional probabilities

Givenasequenceof stochasticactionsw= hv ( � 1) ; � 1 i �

: : : � hv ( � n ) ; � n i � E0, a stochasticactionsta = hv ( a) ; ai

couldbeexecutedwith successin w if suitableconditionsare
satisfied.Thefollowing schemacapturesthis fact:

Coul d( h1; ai ; w) � 	 h1;a i (1 ; a; w)

where 	 specifiesthe conditionsfor executing the action a
with outcome1. Theabove axiomstateswhich preconditions
have to be satisfied,at a given sequenceof stochasticactions
w, for theactionto beexecutablewith success.For example,
if the robot intendedto go to a given positionandit slipped,
it follows that the measureof the fluent On( ee; l m3 ) cannot
be 1 andthe action gr asp ( a) , if a is on landmark3, cannot
beexecutedwith outcome1. Theabove preconditionsarealso
neededto definetheprobability of successof a stochasticac-
tion. We show, in thesequelhow we definetheaxiomsfor the
preconditionsof stochasticactions,in theexpresspalletworld,
in which initial informationmighthave beenacquiredthrough
perception.Considerthecontrolandexogenousactionsgiven
in paragraph2.1.3and2.1.4.

gr asp ( x ) ; goT o( x ) ; moveT o( x; y ) ; f al l ( x ) ; sl ip; shif t ( x; y )

Thepreconditionsfor gr asp andfor theexogenousactionf al l

are:

Coul d( h1; gr asp ( x ) i ; e) � Pay l oad ( x ) ^ � Clear ( x; e) = 1^
� On ( ee; x; e) = 1 ^ 8z :P ay l oad ( z ) ! � Holding ( z ; e) = 0:

Coul d( h1; f al l ( x ) i ; sta � e) � sta = h0; gr asp ( x ) i _
9y :sta = h0; moveT o( x; y ) i :

Observe that the preconditionsfor the exogenousactionsto
be successfullyexecuteddependalsoon the failure of previ-
ouscontrolactions.So,for example,theend-effector canslip
just in caseeithertheactiongoT o or theactionmoveT o just
failed. Thereforetheconditionalprobabilityof theexogenous
actionareconditionedon randomeffect of stochasticactions.
Thefollowing is anexampleof theconditionalprobabilitiesof
theexogenousactionsf al l ( x ) , conditionedon thefailureof a
stochasticaction:

P( h1; f al l ( x ) i j sta � e) = p � Coul d( h1; f al l ( x ) i ; sta � e) ^
( sta = h0; gr asp ( x ) i ^ p = 0: 6) _
( sta = h0; moveT o( x; y ) i ^ p = 0: 4) _
p = 0 ^ : Coul d( h1; f al l ( x ) i ; sta � e) :

Observe that by the axiomsfor P we have for eachof
the above stochasticactionsalsoa conditionalprobability for
failure:

P( h0; ai j e) = 1 P( h1; ai j e)

3.4 Updating theknowledgebaseanddiag-
nosingfailur es

At theendof theexecutionof atasktheactionobser v eScene

is performedandthereforefor eachpropertyin theworld there
will be a perceptiblewith outcome0 or 1. For example,if a
is on b, then the robot will infer Per cept ( isO n( b; a) ; 1; s ) ,



Figure4: Concluding the task.

where s is the current situationafter the observation of the
scene.Perception,mightdisagreewith whattheagent’sdatabase
entails.Forexampleif theagentdid theactionmoveT o( b; l m3)

but it failed to pick up b thenthe agentdatabasewould entail
On( b; l m3) , andsocontradicttheresultof perception.How-
ever, on the stochastictree, thereis an event telling the true
story, namely, thattheagentfailedto graspb. To find thisevent
we introducethenotionof likelihood,thatwill allow usto se-
lect the most likely event that happenedandthat canexplain
thecurrentperception.

3.4.1 Likelihood
Let ˙ be a sequenceof actions. Let w = sta 1 � � � � �

sta k � E0 2 l eaf ( tr ee ( ˙ )) bea final sequenceof stochastic
actions.

l ik el ihood ( w) = 1 � def P( w) 6= 0^
8x y :P ay l oad ( x ) ^ ( Pay l oad ( y ) _ Land ( y )) !
Per cept ( isO n( x; y ) ; 1; ˙ ) ! ( On( x; y ; w) ^
8x: (( Per cept ( isH ol ding ( x ) ; 1; ˙ ) ! Hol ding ( x; w)) ^

( Per cept ( isH ol ding ( x ) ; 0; ˙ ) ! : Hol ding ( x; w)) ^
Per cept ( isC l ear ( x ) ; 1; ˙ ) ! Cl ear ( x; w) :

Observe that the fluentsabove take as argumenta sequence-
event,asthey arebelief (see[6] for moredetails).We define,
now, apreferencerelation< betweenstochasticsequencesas
follows:

w< w0 � def

l ik el ihood ( w) < l ik el ihood ( w0
) ^ P( w) < P( w0

) :

Note that< inducesa partialorder. Considerthesetof < -
maximalelements.We can thendefinea heuristicto choose
themostlikely stochasticsituation.For thissimpledomainwe
have chosento prefer a sequencew to a sequencew0 if the
numberof occurrencesof exogenousactionsin w is lessthan
in w0 andthe sequenceof 0’s in the outcomesof w are less
that in w0 . Thesepreferencesarereasonableand, in general,
enoughto identify auniquepreferredsequencewof stochastic
actionsin thesetof < -maximalelements.
Oncethe most likely sequencew is computed,accordingto
a preferencecriterion , thenthe sequencew is a correctse-
quenceof stochasticcontrolandexogenousactionsthatcould
have been“effectively” executed– undera completefailure
hypothesis,i.e. all thepossiblefailuresandexogenousactions
have beenrepresented.
Let ˙ be a sequenceof actions,let wmax 2 tr ee ( ˙ ) be the
sequenceof stochasticactionssatisfyingthemaximumlikeli-
hoodhypothesisaccordingto thepreferencecriterion andthe
heuristic.Let ˙ 0 = sit ( wmax ) . Thereexistsa sequencė ? ,

which canbeobtainedfrom ˙ 0, suchthat ˙ ? explainstheper-
ceptionin ˙ :

THEOREM 1. Let w be a sequenceof stochastic actions
satisfyingthemaximallikelihoodestablishedby criteria in .
Thenthere exists a sequencė ? and a function tr ans such
that:

D j= sit ( w) = ˙ ^ ˙ ? = tr ans ( w) ^
8~x Per cept ( isP ( ~x) ; 1; ˙ ) ! P ( ~x ; ˙ ?

)

Here tr ans is a functioneliminatingfrom theeventw all the
stochasticactionshaving outcome0.

3.5 ExpectedProbability and Safety
In [5] we have proposeda formal methodologyto com-

pute the probability of sentencesin the initial situationDS0 ,
under the constraintthat the domainof world entitieshasa
fixedcardinality. Now, givena sequenceof actionṡ , where˙
couldbeasequencelikemoveT o( pay l oad 1) ; inser tGr ipper ,
l if t ( pay l oad 1) ; move- On( pl 1; pl 2) , and a goal G that re-
quires the sequencė to be achieved, for exampleG could
be On( pl 1; pl 2; ˙ ) , we want to determinethe probability of
G( ˙ ) , given thateachactioncansucceedwith a givenproba-
bility. To this endwe needto combinethe logical probability
onsentencesandtheeventprobabilitydefinedonstochasticac-
tionsto getathird probabilitythataccountsfor bothincomplete
informationandpossiblefailuresof actionsduringexecution.
To capturetheseideaswe introducethe notion of Expected
Probability. LetEset ( ˙ 0

; ˙ ) = f e i : e i 2 l eav es ( ˙ ) ; tr ans ( e i )

= ˙ 0g. Let T ( ˙ ) = f ˙ 0
j tr ans ( e i ) = ˙ 0

; e i 2 l eav es ( ˙ ) g,
andlet Rbetheregressionoperator, see[?].

DEFINITION 1 (EXPECTED PROBABIL ITY IN S0 ). Let ˚
and besentencesuniformin ˙ . Theexpectedprobability, in
S0 , of ˚ , givenevidence is:

EP ( ˚ ( ˙ ) j ( ˙ )) =X
˙ 02T ( ˙ )

( Pr ob ( R( ˚ ( ˙ 0
)) jR ( ( ˙ ))) �

X
ei 2Eset ( ˙ 0 ;˙ )

P( e i ))

Theabovedefinedexpectedprobabilityallowsusto com-
paretwo sequencesof actionsanddecidewhichoneis safer:

DEFINITION 2 (SAFETY). Let ˚ ( ˙ 1) and ˚ ( ˙ 2) be two
sentenceuniform, respectively, in ˙ 1 and ˙ 2. Let � saf e be a
orderingrelation:

˚ ( ˙ 1) � saf e ˚ ( ˙ 2) iff EP ( ˚ ( ˙ 1)) � EP ( ˚ ( ˙ 2))

The notion of Safetyis meaningfulbecauseit allows to
comparetwo runsanddecidewhich oneis morereliable,just
from the point of view of what the robot knows in the initial
situationandon theprobabilityof successof eachactionmen-
tioned in the run. Given a set of goalsthat the robot hasto
achieve, it is possibleto assigna reinforceto all thosestates
in which the goal is satisfied,accordingto the probability of
successandthesafetyof thesequenceleadingto sucha state.
Thereinforcewill make it possibleto definesuitablepolicies,
i.e. coursesof actionsfor eachgoal,thattherobotshouldtake,
in orderto achieve all thegoalsthathave beenscheduled.

Observe, however, that a robot cannotbacktrackfrom
a chosenGoal situation,thereforein maximizing the reward
from all thegoalstatesit hasto take into considerationthefact
that thenext goalcanbe reachablefrom thecurrentsituation.
We arestill developingthis approach,andin our implementa-
tion thechoiceof a taskis still nondeterministic.



4. IMPLEMENT ATION

4.1 Perception
Therole of perceptionis to correctlyinstantiatethesens-

ing actionobser v eScene andto updatethelocalmap.
The perceptualsystemis composedof a cognitive part,

that managesreasoningaboutperceptionand perceptibles,a
recognitionpart andan analyticpart. The coreof the system
is formedby the conceptof parametricGeons[21]. Paramet-
ric geonsaresevenvolumetricshapes,obtainedby specifying
theshapeparametersin asuperquadricsequationandapplying
taperingandbendingdeformations,seeFigure5

Figure5: Parametric Geons

Thecognitive part is formalizedin the theoryof actions
via Descriptionsand axiomsfor perceptibles:for eachcate-
gory of objectsor propertyor relation which is expectedto
beobservedin thedomain,asuitablesentencestatesthecondi-
tionsunderwhichit canbesensedandacquiredatthecognitive
level, in orderto reasonaboutit. Therecognitionpartis formal-
izedvia aBayesiannetwork in which3D geometricprimitives,
i.e. parametricgeons[21], are inferredusingevidenceavail-
ablefrom 2D imagefeaturesandarcsof lines. TheBayesian
Network is alsoused,togetherwith the cognitive level, to in-
fer a plausiblereconstructionof an object in the scene. At
the lower, analyticallevel, a neuralnetwork elaboratesthearc
segmentsobtainedat the endof the processthat delivers the
edgesandcontoursof theobjectsin thescene,andreleasesthe
suitablefeaturesneededby the BayesianNetwork. In Figure
6 someof the nodesof the BayesianNetwork aredisplayed,
withouttheconditionaltablesandtheconnections:at thelower
levels arethecategorizationsobtainedby suitablyelaborating
the neuralnetwork output. BayesianNetworks have already
beenusedin vision,by Jensenet al [4] for context basedmod-
eling and interpretation. In particularFairwood andBarreau
[11] proposedthe useof a Bayesiannetwork to infer 3D ge-
ometricprimitives (geons)usingevidenceavailable from 2D
imagefeaturedetectors.Moreover SarkarandBoyer [20] de-
velopedthePerceptualInferenceNetwork (PIN), anextension
of theBayesiannetwork, thatwasusedto organizeknowledge
aboutlow-level features,suchasedgesandcorners,to reason
abouthigherlevel features.

We modelthescenewith a hierarchicalgeometricmodel
whosecomponentsare the connectionsamongthe entitiesin
the sceneand their properties. Entities are instantiatedwith
features,e.g.color, orientationw.r.t. thereferenceframe,etc.
Theknown entitiesarerepresentedin a normalizedform.

Cylinder Ellipsoid Cuboid
Tapered

Cylinder

Tapered

Cuboid

Curved

Cylinder
Curved

Cuboid

Figure6: The entitiesof the BayesNetwork.

Thevision moduleis a C++ programrealizedin theAL-
CORlaboratoryusingtheMatrox ImagingLibrary. This mod-
uleperformsanintelligentobjectsearchin thescenewith age-
ometricandprobabilisticapproach.It executesthe following
tasks:imageacquisition,noisereduction,scenesegmentation,
edgedetection,vertex recognitionand3D reconstruction.
We have beenusinga coupleof ultra small CCD color video
camerasXC-999,by RWII, with highresolutionanddefinition.

4.2 High Level Control
Thehigh level control is managedby a Gologprograms.

Golog [12] is a situation-calculusbasedlogic programming
languagesuitablefor the high level agentcontrol. This lan-
guageemploystheprimitiveactionsspecifiedin theknowledge
base,andprovidesthefollowing standard,andnotsostandard,
Algol-lik e controlstructures:

1: Sequence: � : �
2: Test action : ˚ ?

3: Nondeterministicchoice : � j �
4: Nondeterministicchoice of arguments: ( ˇ x ) �
5: While loop : � �

6: LoopsandProcedures,includingrecursion:

Golog’ssemanticsisspecifiedbymeansof amacroDo( � ; ˙ ; ˙ 0
) ,

where� is a program,and ˙ and ˙ 0 aresituationterms. The
macroabbreviatesaformula˚ of theSituationCalculus,which
interpretsthe program� asa sequenceof actionsthat should
be executedto transitfrom ˙ to ˙ 0. Therefore,eachprogram
executioncorrespondsto a SituationCalculusformula. This
correspondenceis definedinductively asfollows:

pr imtiv e action : Do( �; s; s
0
)

def= poss ( a; s ) ^ s = do ( a; s )

test : Do( ˚ ?; s; s
0
)

def= ˚ [ s ] ^ s = s
0

seq uence : Do( � : � ; s; s 0
)

def= 9s � Do( �; s; s �
) ^ Do( � ; s �

; s 0
)

nondet: choice : Do( a j b; s; s 0
)

def= Do( a; s; s 0
) _ Do( b; s; s 0

)

nondet: choice of ar g : : Do(( ˇ x ) �; s; s
0
)

def= 9xDo( �; s; s
0
)

Both procedurecallsandblockswith local proceduredeclara-
tionscanbedefined;for detailssee[12].

Thehighlevel primitiveactionsandthenondeterministic
constructsallow for thedefinitionof planschemassuitablefor
thedescriptionof agent’s behaviors. To adapta Gologexecu-
tion to thespaceof events,weextendGologwith thefollowing
new construct:

Do( cal l ( X) ; s; s
0
) = 9e; e

0
:sit ( e) = s^

8sta e
00

( e
00 � e ^ e

00
6= E0! outcome ( sta � e

00
; sta ) = 1) ^

Do( X; s; s
0
) ^ sit ( e

0
) = s

0
:

wheresit ( e) andoutcome ( sta � e; sta ) arethefunctionsde-
fined in Section??. To connectthehigh level executabilityof



a programto the low level executability of the primitive op-
erationsof themanipulatorwe introducethefollowing macro.

DoG( pr og ; s; s
0
)

def= Do( � ; s; s
0
) ^ exec ( s; s

0
)

where
exec ( s; s 0

) � 8s 00
a:s v do ( a; s 00

) v s 0 ! PossG( a; s 00
)

and

PossG( a; s )
def= Poss ( a; s ) ^ f indP ath ( a; s )

Observethatexec ( s; s
0
) statesthatthetraceof theprogram� is

low levelexecutable, PossG isaguardedPoss , andf indP ath

representsa guardfor the action preconditionsverifying the
low level executabilityof theactiona.
The Golog variant that we have just presentedallows for the
implementationof the high level controller. The monitor, in
fact,is basedon thefollowing Gologprocedures.

proc chooseT ask ;

goal j [( : goal )?; ˇ ( x )( task ( x ); obser v eScene )]

endProc
proc v er if y ( S) ; cal l ( v er if y ( S)) endProc

TheprocedurechooseTaskconsistsof anondeterministicchoice
of a tasktask ( x ) followedby anobservationof thescene.A
task representsaspecificsequenceof actionsthattheagentin-
tendsto execute.Thetaskis chosenjust in caseit is executable
atall thelayersof theagentarchitecture:ataskfailsif itsglobal
or local expansionfails. After theblind executionof the task

the obser v eScene action gathersthe perceptualinformation
aboutthe currentexternal stateof the world. The procedure
v er if y ( s ) is thencalled to get, amongall the possibleones,
themostplausibleexecutionthatcanexplaintheobservedstate
of theworld. Thisprocedureconsistsof aprocedurecall in the
spaceof the eventsemploying the constructcal l . At the end
of theprocedurea new final situationis reached;this situation
explainswhathasbeenperceived. Thefollowing taskslibrary
accountsfor all the possiblebehaviors of the agentat its Ex-
pressPalletworkspace.
proc task (1) ;

ˇ ( x )( ˇ ( l )(( cl ear ( x ) ^ : onP al l et ( x; l ) ^
: goodT ower ( x ))?) ; goT o( x ) ; gr asp ( x ) ;

ˇ ( l 1)( moveT o( x; l 1 ); l and ( l 1 )?) ; goT o( l 0))

endProc

proc task (2) ;

ˇ ( x )( ˇ ( y )( ( cl ear ( x ) ^ cl ear ( y ) ^
onP al l et ( x ) ^ goodT ower ( y ) ^ sameCol or ( x; y ))? ;

goT o( x ) ; gr asp ( x ) ; moveT o( x; y ) ; goT o( l 0)))

endProc

proc task ( r ec ) ;

ˇ ( x )( ( obj ect ( x ) ^ badP osition ( x ))?;

goT o( x ) ; gr asp ( x ) ; ˇ ( y )( ( l and ( y ) ^
: badP osition ( y ))? ; moveT o( x; y )))

endProc

onP al l et ( x; s ) is anabbreviation for: 9 l ( l and ( l ) ^ on ( x; l )) .
task (1) is usedto unstacka badtower (i.e. a tower not sat-
isfying the expectedgoal conditions). Therefore,it requires
thateachobjectthatcanbegraspedandbelongsto abadtower
must be moved to a landmark. task (2) is usedto construct
goodtowers,heregoodT ower ( x ) is a heuristicdefinitionde-
scribing towerssatisfyingpossiblegoal conditions: eachob-
ject that can be moved to a good tower is moved. The task
task ( r ec ) is usedto remove an object from a bad position,

alsobadP osition ( x ) is aheuristicdefinitioncorrespondingto
any position obstructingthe path. At the endof eachof the
above tasksthe robot, if hadbeensuccessfulduring the exe-
cution,shouldhave reacheda subgoal.If not thena plausible
explanationof what hadhappenedhasto be determined.To
searchfor the most plausibleexplanationof the observation
performedby the action obser v eScene the following proce-
duresareexecutedin theeventsspace.
proc v er if y ( s ) ; gener ateE v ent ( s ); l ik el ihood ( s )?

endProc
proc gener ateE v ent ( s ) ;

( s = s0 )? j ˇ ( s
0
)( ˇ ( a)(( s = do ( a; s

0
))?;

gener ateE v ent ( s
0
); stocasticActions ( a)))

endProc
proc stocasticAction ( a) ; h1; aijh 0; ai ; compAction
endProc
proc compAction;

ˇ ( x )( exog enousAction ( x )? : h1; aijh 0; ai )

endPro c

The procedurev er if y amountsto a nondeterministicsearch,
in thespaceof theevents,for thateventsatisfyinga maximum
likelihoodvalue,which representsthemostplausibleexplana-
tion. Observethat,asnotedabove,asetof preferencemeasures
is useduntil the likelihoodconvergesto a singleevent state.
A Golog proceduremustbe translatedinto suitablelow level
primitive operationsfor the functionalarchitectureof thema-
nipulator, beforetheexecution;thereforeit is necessaryto de-
fine a monitor, therobotoperatingsystem,guidingbothcom-
pilation andexecutionof Golog programs.This monitor pro-
gramcyclesbetweenfirst compilingandexecutingthe proce-
durechooseTask, andcompilingandexecutingtheprocedure
verify(s) until thegoal is achieved.Gologprogramsaretrans-
latedinto thelow level primitiveoperations,evaluatingthefor-
mulaDoG( � ; s; s

0
) checkinglow level executability. A moni-

tor cycle works in thefollowing way: if thestartsituationis a
goal situationthenthe monitorstopsandit schedulesanother
goal.Otherwise,a chooseTask is compiledandtranslatedinto
the local level for evaluationandexecution. After the execu-
tion, theverify procedureis performedto getthesituationthat
explainstheperceivedstate.Themonitor is implementedasa
Prologprogram.

5. DISCUSSION
In this paperwe have presenteda controlsystemfor au-

tonomousmobile manipulatorsmanagingfailuresof actions
andperception.
In our approach,actionsare consideredas non-deterministic
andstochastic;for eachaction,theprobabilityof successand
failure is given. To managefailure, we have adopteda prob-
abilistic approachthat is similar to thatproposedby Bacchus,
HalpernandLevesquein [1], wherea model s presentedfor
reasoningaboutan agent’s probabilisticdegreeof belief. In
thatframework, noisysensorsandeffectorsaremodeledusing
stochasticactionsthataffectthebeliefsof theagent.In contrast
to our model,wherethesensorsaresourcesof “truth” usedto
evaluatethebeliefsof theagent,in theirapproachadirectcom-
parisonwith the“real world” is not consideredbecauseall the
reasoningresidesin the“mind” of theagent.
The problemof combiningactionsandprobabilitieshasbeen
consideringin theimportantwork of Poole [18] thatpresentsa
way to combinedecisiontheory, situationcalculusandcondi-
tional plans.Unlike [1]’s approach,Poole’s differs from ours
in many respects.The main differenceis that in our frame-



work, a probabilitydistribution is assignedto theactions(that
may succeedor fail) while in Poole’s approachthe probabil-
ity is associatedwith thestate.Reiter [19] alsoconsidersthe
representationof stochasticactionsin anactiontheory, by de-
composinga non-deterministicactioninto deterministiccom-
ponentsselectedprobabilisticallyby nature.He doesnot give
anexplicit formalizationfor probabilities.Anotherinteresting
probabilisticmodelfor dynamicdomainscanbefoundin [14,
15] in the context of reactive planning[2]. This probabilistic
modeldiffers from oursin several respects.Theontologyun-
derlyingthedynamicsis temporal.Furthermoretheprobability
of eventsis context dependent,while we considerthatproba-
bilities dependonhistoriesof stochasticactions.
A probabilisticrepresentationis alsoemployedby RHINO [3],
but at the lower level. This representationis usedfor thesen-
sormodel,which canbe inaccurateandincomplete,while we
assumethatvisualperceptionis reliableandcomplete,for the
domainathand.Thecrucialdifferenceis in thefactthatweare
dealingwith small mobile manipulators,not mobots. There-
fore, our environmentmight be complex – which could even
be more informative for localization– but is quite staticand
limited: this also allows the manipulatorto have an external
perspective from which anobjective andtotal view of theen-
vironmentcanbegot. At thetasklevel, RHINO employs high
level Gologprogramsexecutedby GOLEX [9]. Oursolutionis
different;wehaveahigh level executionmonitorthatmanages
compilationandexecutionof Golog programsandtheexecu-
tion is monitoredafter a sequenceof actions,while GOLEX
monitorsaftereachaction. In our framework failuresandper-
ceptionarerepresentedandtreatedat the logical level, while
in RHINO they aretreateddynamicallyby the monitor at the
lower level. In this respect,the novelty of our approachis in
our uniform formal framework, allowing us to infer explana-
tions for failures; this explanationis the recoveredsituation.
A high level programmingapproachis a centralissuealsofor
Funge[7] thataddressesthedomainof computergamesintro-
ducingcognitive modelingfor autonomouscharactersanima-
tion. Herefailuresaremanagedat thehigh level usingsensing
actions(implementedusing interval-valued-epistemic-fluents
[8]). Sensingactionoutcomesareusedto test actioneffects
and for replanningor recovering. In our system,perceptual
informationis usedsimply to explain failures,afterwhich the
monitorrestartsfrom aplausiblestateof theworld obtainedby
theexplainedsituation.Failurerecovery is an importanttopic
in theROUGEarchitecture[10]. In this framework, monitor-
ing is performedaftereachactionexecutionandperceptional-
lows the systemto adaptto its environment,makingrelevant
planningdecisions.Also herefailuresaretreateddynamically,
detectingandcompensatingfor themat run time. A modelfor
failuresis not employed; failuredetectiondirectly inducesan
updatein thedomainknowledge,andthat initiatesthereplan-
ning activity.
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