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ABSTRACT

We presenticontrolsystenfor autonomousnanipulatordased
on a theory of actionsintegratedwith a theory of perception
andfailures. Thetheoryof actions,perceptionandfailuresis
definedn the SituationCalculus alogical languagehatallows
therepresentatioof dynamicdomains We assumehatanau-
tonomousagentis provided with a setof possiblegoals. The
goalsaresuitedto the domainandthe agentabilities. Despite
theseabilities,anautonomouggentmightfail, duringthe exe-
cutionof atask:failurescanbecausedy ary unexpectedevent
like lossof power, vibrations,noise,etc. Theseunexpectedor
exogenousventscancausethe agentto looseanobjectis car
rying or to slip or to hit somepayloador someotherstructural
component.While it is impossibleto avoid a failure it is still
possibleto minimize the cumulationof failuresduringthe exe-
cutionof atask,by suitablychoosinghelessrisky sequencef
actionsamongall the possiblesequencethatallows the robot
to achieve a goal. Moreover, undercertainconditionsit is also
possiblefor the robot to autonomouslyrecover from the fail-
ure. Thecoreof the systemis a high level programcontrolling
the on-line agentbehaiour: while a goal is not achieved, it
selectsataskfrom alibrary of possiblesubplansandexecutes
it. Thetask,whencorrectlychosenmustleadto a subgoabpo-
sition. At the endof eachtaskexecution,visual perceptions
usedto monitorthecoherencédetweerthe configuratiorof the
domainandthe configurationentailedasa consequencef the
executionof the task. In caseof a misalignmentbetweenthe
predictedstateandthe percevedone,adiagnostiqporocedurds
activated.In our modelthe divergencebetweerexternalinfor-
mationandinternalrepresentatiois justified by the execution
failure of the actionsspecifiedin the task. Actions aregiven
a probability of succesgndsincea probability canbe associ-
atedalsoto the sentencesf thelogic, an expectedprobability
of succesdor eachgoal canbe computed:a goal is, in fact,
representedby a sentenceof the logic. This expectedproba-
bility providesa measurdgo computethe safetyof a courseof
actions: a courseof actionsis more safethananotherone if
it hasan higherprobability of successwhich impliesthatthe
goalthatcanbe achiezed by sucha run hasa higherexpected
probability Finally the diagnosisallows the robotto resetits
internalstatusandthusto eventuallyrecover from theerror.

1. INTRODUCTION

Managingfailuresandsafetyduringtheexecutionof tasks
performedby anintelligentagents a centralissuein spaceop-
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erations. The reasonis becausehe costof recoser could be
very highin termsof humanresourcesOn the otherhandau-
tonomyis notonly desirablebut alsonecessarybut with auton-
omy therisk of failuresobviously increasesilt is thereforeim-
portantto think aboutall the measuresaccompaying auton-
omy, necessaryo facefailuresandto ensurea flexible safety:
if errorscannotbe avoided,alwayschoosehosecoursesf ac-
tions that minimize the probability of errors,andmale it pos-
sible to recover from errors. The causesof a failure can be
several, and unpredictablebut, dependingon the task, the ef-
fectscanbepredictabl€or theagentik e loosinganobijectit is
holding, missinga graspor sliding. The problemswe wantto
dealwith arethefollowing:

1. Given that failures are not avoidable, ensurethat a
diagnosiss alwayspossiblefor the agentsothatit canupdate
its currentstate;

2. coordinateperceptionandtask execution,so that the
agentcanautonomouslyerify themisalignmenbetweerwhat
it expectsandwhatreally happenedsothatit canrecorerfrom
thefailure;

3. provide a probability of successwith goal states,so
thatdifferentcoursesf actionscanbe comparedanda safety
measureanbe established;

4. embedheaborerequirementin acoherentlynamical
system.

We presenta control systemfor autonomousnobile ma-
nipulatorsbasedon a theory of actionsand perception. The
controlsystemdealswith diagnosisf possiblefailures,thedi-
agnosigpermitsthe updateof the agentstateto the correctsit-
uation. The systemappliesto autonomousnanipulatorsbuilt
for simplemissionslike manipulatingand moving small pay-
loads. The coreof the systemis a high level programcontrol-
ling theon-lineagentbehaior: while agoalis notachieved, it
selectsataskfrom alibrary of possiblesubplansandexecutes
it. The task, when correctly chosen,mustleadto a subgoal
position. During the task, in the hypothesisthat the domain
is only partially obserable, the agentcannotmonitor its ex-
ecution. In our model eachaction can eitherfail or succeed
andprobability of successs associateavith actions,sothata
task generates stochastigprocessjn which also exogenous
actionsare considered.The computationakrchitecturds or-
ganizednto threemodules:(1) A monitor, in Prolog,whichis
themanipulatooperatingsystenfor the purposeof scheduling
goalsanddirectingcalls to Golog, a high level programming
languagefor choosingtasksfrom a taskslibrary. (2) A local
plannerthat expandsa Golog task— a sequencef actions—
into a sequencef commanddo the motors,accordingto the
existenceof afree-pathfor themanipulatomndtheanalyticso-
lutionsto the kinematicproblems.(3) A visualmodulethatis



activatedby visual sensingactions,andupdateghe local map
of the manipulator The computationaktructureoperatesac-
cordingto thefollowing cycle: schedulea goal, choosea task
to execute,verify its executability computethe probability of
successyerify the safetyof the run, even in the presenceof
failures,executeit, obsenre the stateof the world modifiedby
the execution,diagnosenvhathappeneand,if neededupdate
the currentexecutionto the correcthistory, until the current
goal is reached. The logical structureof the manipulatoris
formalizedin the SituationCalculus[13, 19] andit is divided
into an idealized,deterministicpart— the basictheory of ac-
tions — anda componentevotedto sensing,perceptionand
thenondeterministiceffectsof actions.Thebasictheoryof ac-
tions representshe dynamicsof the world assumingall agent
actionsare successful.The extendedtheoryis neededothto
predictpossiblefailuresandto diagnosdailuresattheendof a
run, undera completefailure assumptiorthatall possiblefail-
ureshave beenspecified. Obsere that also safetyconditions
arespecifiedn orderto suitablytake into accountherisksof a
taskexecutionandatwhich stagetheverificationof thecurrent
stateof the executionhasto take place. The formalizationof
perceptiorandfailuresthatwe provide allows thesystento di-
agnoseavhathappenedndalsoto projectwhatcouldhapperin
termsof probabilitiesof succes®f eachpossiblerun,in order
to accepior rejectatask. Thevision moduleis a C++ program
that usesthe Matrox ImagingLibrary. This moduleperforms
anintelligent objectsearchin the scenewith a geometricand
probabilisticapproach. Visual perceptionis usedonly at the
endof a taskand perceptionis, thus, usedto monitor the co-
herencebetweenrnthe configurationof the domain,obtainedby
theagentcurrentrun andthe configurationentailedasa conse-
quenceof the executionof thetask. In caseof a misalignment
betweerthepredictedstateandthe percevedone,adiagnostic
procedureés activated. The diagnosisallows the agentto infer
the effective run executed selectinghe mostlik ely hypothesis
thatexplainsthe perception.

2. PRELIMIN ARIES

We considerthe Situation Calculusas the core of our
logic andlanguage and we suitably extendit to include new
sorts,new symbolsfor its alphabetandnew axioms. See[17]
for afull presentatiorof the corelogic andlanguage.For the
extensionof the languageto perceptionand probabilitieswe
referthereaderto [5, 6]. Herewe wantto recallthatthe Situ-
ation Calculusis a first orderlanguagen which is it possible
to specify the dynamicof a systemandto suitably represent
the laws of changeof a domain. Of particularimportanceare
the situations Situationsare historiesof actions:for example
goT o(pos): dock ; char ge(batter y), IS asequencef actions;
whenthis sequencéasa beginning, for examplein theinitial
situationSy, thenwe have anhistoryof whatanagenthasdone
sincea given state.Anotherimportantfeatureof the Situation
Calculusis its ability to describethe dynamicof propertiesin
a domain,asa consequencef actionsexecution. A property
changewheneer its truth valuechangesfor examplethelight
is off afterit hasbeenswitchedoff, but beforethis actionit
was on. Propertiesthat changeare called fluents which are
dynamicrelations,e.g. Landing (al pha2; s) thatspecifythat
in the situations the objectal pha2 is landing,andfor s® = s
we couldalsohave : Landing (al pha2; s°%: in otherwordsa
propertyholds or not dependingon the situation,i.e. on the
history of actionsthathave or not affectedthe property Other
importantfeaturesof the Situation Calculusare the percepti-

bles,i.e. thoseobsenrable propertiesof a domainthat affect
only the perceptionof the robot and not the domain,andthe
stochasti@ctions thatis, thoseactionswith uncertaireffects.

2.1 The basicontology

An agentge.g.amanipulatorcanexecutetasksandachieve
goals,autonomouslyonly if it is endaved with someknowl-
edgeaboutthe domainandthe laws ruling the causesand ef-
fectsof actions. We call all theserequirements basictheory
of actions. In general,a basictheoryof actionsis tailoredto
a specificdomainthe onein which arobotoperatesThelaws
of changewill be differentfor a robotic manipulatoroperat-
ing in spaceor for a mobile robot makingthe tour guidein a
museum.This impliesthata basictheoryof actionshasto in-
corporatevery specificknowledgeof a domain. On the other
handthis knowledgeneedsotto be completejn otherwords,
dueto thedynamicalstructureof thelogic underlyingthe Situ-
ation Calculusit is possiblefor the agentboth to reasorabout
its world evenwhenit lacks someinformationandto acquire
new informationthroughperception.

Herewe shall presenta very simpleexampleinspiredby
the exposurefacilities designedor the expresspallet. Our do-
main is that of a 7 dof robotic arm that hasto manipulates
payloadsandto ensureheir exposurefor suitableexperiments.
We have both a simulationof the operationsthatwe shaw in
Figures1,3,4,and several implementationsvith small 4DOF
roboticarms.

2.1.1 Descriptions

A descriptionis neededo establisha correspondendee-
tweendenotatiorof objectsin therealworld, their representa-
tion in theimageandtheir geometricrepresentatioin alocal
map. For exampleLand (1 IT}) is usedto denotethe nameof a
region in the local map. In particularwe shalldirectly usethe
constante to denotethe endeffector Sofor examplein the
initial databas®s, we would have sentencesf thekind:

Payioad(x) (X =pla_:::_x=pim " ( x)
Where is ageometricdescriptiornof the payloadsn
termsof our primitivescateorieswhich arethe
parametriggeonsintroducedn [21].

iand(xy =p x=M_ ... x=m,.
EndE;+ (X) X = ee:

Despitedescriptionsare not affectedby world dynamics,the
positionof alandmarkchangesn thescenegvenif thecamera
is fixed. However it is independenbf theroboticactions.The
basicontologyis definedspecifyingfluentsandcontrolactions;
we alsoaddexogenousactionsthatwill play animportantrole
in the extendedpartof the theoryof actions,describedaterin
the paper
2.1.2 Fluents

On(x; v s): Theobjectx is onof theobject/landmarly,
in situations. To handlethe projectionof anobject(e.g.apay-
load)onthe mapweintroducethepredicateBottom (X Y:8),
definedas:

On(x y:s) A Land(y)_
9z:0n(x; z:s) ™ Bottom (z: y; s)

Bottom (X; Y:S)

Ciear (x; s): Objectx is cleat in situations.
ol ding (x; s): Theend-efectoris holdingobjectx, in situa-
tions.

2.1.3 Contmwol Actions



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

moveT o(x; y): While holding objectx, the robotmovesit to
areferenceobject/landmarly .

goT o(Xx): Theend-efectormovesto referencebject/landmark
X.

grasp (x): Grasptheobjectx.

2.1.4 ExagenousActions

s ip : Therobotslips, which meanshatthe end-efector
is nolongerin the expectedposition.

f al1(X): Theobjectx fallsandis nolongerin its original
position.
shif t(x; y): Objectx shiftsfrom its currentpositionto posi-
tiony.
Theseareall the possiblecontrol andexogenousactions,and
their effectsarethoseexplicitly mentioned.Obsere thatthis
lastclauses acompletenesassumptiorfior failure: any change
in the domainis dueto the effect of eithera control actionor
anexogenousctions;nothingelseaffectstheworld.

2.1.5 SuccessoBtateAxioms

An exampleof a successostateaxiom for the basicon-
tology is thefollowing:

On(x y: do(a; s)

x y "
(a=graspX)Ma=fai(x)y*a=sip”"

8z.(z =y.: (a=shif t(x z) ™ a=moveTo(x z))) :

a = moveTo(x; y) _a=shif t(x y)_

3. BEYOND THE BASIC ONTOLOGY

3.1 A modelfor perception

For a detailedpresentatiorof perceptionin the Situation
Calculuswe referthe readerto [16]. In the framewvork of the
robotic manipulatorswe managethe perceptionof the scene
by a single sensingaction taking as argumentsthe primitive
perceptibleswhich for the expresspallet world areisLand ,
isP ayioad; isE NdEf asfollows:

obser veScene (isP 1(%); JiSP n(X);pri::::prn)
Hereeachisp ; is aprimitive perceptibleandthepr ;'sareout-
comesof visual perception:;pr = 1 meanshatthe perceved
property denotedby the perceptible holdsin the sceneando
thatit doesnot. In thisframevork thescends afluenttakingas
argumenta primitive perceptibleanda situation. The follow-
ing successostateaxiomsaccounfor theprimitive perceptible

explicit definitionanddescriptionwith respecto thescene:

Scene (isP ayioad(X): do(a; s)) a=

obser veScene (isP ayioad(pl1):::::pra;:::; prm”

X=p1Mpra=1_::._x=pNprm=n”
scr (isP ayioad(X)) _ Scene (isP ayioad(X):s)”

8p1:p n prizpr n:a — obser veScene (P1:::::Pn:: Pri::::prn)

HereDescr (isP ayioad(x)) is asuitabledescriptiorof apay-
load, e.g. containinginformationaboutthe dimension shape,
weightetc. In this framework, giventhata singlesensingac-
tion over the primitive perceptibless defined the perceptsre
usedfor constructingthe relationsamongprimitive percepti-
bles and for recordingthe perceptibleand their outcomesat
eachsituation:

Percept (isO n(x; yy): pr:s)y x =y"

(pr =17

Scene (isP ayioad(X):s) ™ (Scene (isP ayioad(y):s)__
Scene (isLand (y):s) " Descr (isO n(x; y» _

(pr =07
: (Scene (isP ayioad(X):s) ™ (Scene (isP ayioad(y):s)__
Scene (isLand (y):s) ™ Descr (isO n(x; yy)

HereDescr (isO n(x; y) is adescriptiorof therelationisO n.
After anobsenration of the scenegheremight bea discrepang
betweenwhatis percevedandwhatis entailedby thedatabase:
thediscrepang will not causea logical inconsisteng because
itisrecordedas,e.g.On(a; v; s) andPer cept (iSO N(a; b); 0: ).
Thesediscrepanciesire detectedby a definedpredicate
stak en(p; s), for eachperceptibley, whichwill beusedto
diagnosewnhatthe real effects of the actionsperformedby the
manipulatorare. For an analysisof the differentlevels of per
ception from directperceptiorto selectve sensgerceptionto
meaningfulperceptiorandhow mistalesaretreated we refer
thereadetrto [16].

3.2 A modelfor failur es

In thebasicontologywe have definedanidealizedrepre-
sentatiorof theworld in whichtheeffectsof actionsareexactly
thoseintendedj.e. actions,evenexogenousactions,aredeter
ministic. However, dueto variouscircumstanceée.g.asudden
changen thepower supply),therobotmightfail in its intended
executionof anaction. To addresghis problem,we have ex-
tendedthe specificatiorof anactiontheorywith stochastiac-
tionsandevents,which we briefly presenhere.

A stodasticactionis apairnv(a); ai with v(a) takingvalues
in the outcomespaceoutcome = f 0. 1g, where0 meanghat
a failedand1 thatit succeededGivena sequencef actions,
this sequencexpandso atreeof eventsdueto all thepossible
outcomef eachaction. SeeFigure2. To modelthetreeand
the probability distribution we introducethe following notion
of event.

Event. An evente is eitherasequenceventWof sortseq Event
or a conditionaleventu of sortcondE vent , accordingto the
following definitions:

sequenceevent:

1. B
2. (hv(ay;ai W
with valuev(a) 2 f 0. 1g, afterthesequenceventW.

theemptyevent

conditional event

3. (hvayai i W

theeventobtainedasa resultof executinga

theeventobtainedasa resultof executinga
with valuev(a) 2 f 0. 1g, conditionedonthe sequenceventW.



HOn(a,b,m)=1
HON(eedEo)=1

R(q
P(e)=0.018
Hé)elll a,b)=1
X Hrouing(@,€)=0

Figure2: The treetr ee(do(goT o(a): do(grasp(a): So))

Thereforeaneventis eitherasequencef outcome®f stochas-
tic actionsor the outcomeof a stochasti@actionconditionedon
anonconditionalevent. Accordingly we extendthe notion of
fluentsto eventfluents thatis fluentsthat have asamguments
events.

Probabilityis a functionaleventfluent P which takesasargu-
mentseventsandreturnstheir probability: P mapseventsinto
[0;1].

Figure 3: Dealingwith an experiment

3.2.1 Axiomsfor eventsand probability P

Theaxiomsfor eventhave beengivenin , they areneeded
to ensurethatthe initial situationSy coincidewith the initial
event B, andthat eventsbranchasa tree, rootedin E, see
Figure2. Herewe recall the axiomsandbasicpropertiesfor
probability P, morecanbefoundin [6].

1. Pcey 0, forary evente.

2. P(Ep) = 1.
3. P(sta e) =P(sta je) Pre
4. P(ho: aij e) =1 P(nl aije).
Let 2 fo.1g. Wedefinethefollowing functions:
st (Eo) = So
sit (h ;ai e) — do(a; sit (e))

outcome (h ;ai e h ;ai) =

The following setscan be definedusingsit , with ExAct a

predicatethatsortsout the exogenousactions:

ree(s) =th ;ai W; ExAct (a) ® W2 tr ee(s)_

sit (h ;ai W V sg
cut (s) = fW,W2 tr ee(s) ™ 8W:w° 2 cut I We Wg
reaves(s) = fW;W2tr ee(s) ®» 9Ww’2trees) "W Wgyg

3.3 Preconditionsof stochasticactionsand
conditional probabilities

Givenasequencef stochasti@ctionsWV = nhv( 1): 1i
w( n); ni Eo, astochasticactionsta = nv(a): ai
could be executedwith successn Wif suitableconditionsare

satisfied.Thefollowing schemacapturesghis fact:
Coul d(nl: ai; W niai (L a W

where  specifiesthe conditionsfor executingthe action a

with outcomel. The above axiom stateswhich preconditions
have to be satisfied,at a given sequencef stochastiactions
W, for the actionto be executablewith successFor example,
if the robotintendedto go to a given positionandit slipped,
it follows that the measureof the fluent Onee; 1 1T}) cannot
be 1 andthe actiongrasp (a), if a is on landmark3, cannot
be executedwith outcomel. Theabove preconditionsarealso
neededo definethe probability of succes®f a stochastiac-

tion. We shaw, in the sequehow we definethe axiomsfor the

precondition®f stochasti@actions,in the expresspalletworld,

in whichinitial informationmight have beenacquiredthrough
perception.Considerthe controlandexogenousactionsgiven

in paragrapl?2.1.3and2.1.4

grasp(X): goTo(X); MOveT o(x; y); f al1(X);slip; shif t(x;y)

Thepreconditiongor gr asp andfor theexogenousctionf al |
are:

Coul d(h1: grasp(X)i:e) Payioad(X) ) Cear (x &) = 1"
On(ee; x; ) =1 8z:P ayload(Z)! Holding (z:€) = 0
Coul d(h1; fali(X)i;sta e sta =h0; grasp(X)i_

9y:sta = h0; MOVeT o(x; Y)i

Obsenre that the preconditionsfor the exogenousactionsto
be successfullyexecuteddependalso on the failure of previ-
ouscontrol actions.So, for example,the end-efector canslip
justin caseeitherthe actiongoT o or theactionmoveT o just
failed. Thereforethe conditionalprobability of the exogenous
actionare conditionedon randomeffect of stochastiactions.
Thefollowing is anexampleof the conditionalprobabilitiesof
the exogenousactionsf al 1 (x), conditionedon thefailure of a
stochasti@ction:

Pihl.fai(x)iista e =p Couldhlfai(X)i;sta e”
(sta = h0: grasp(X)i * p=0.6)__
(sta = h0; moveTo(x; y)i “p=04)_
p=0": Coul d(hl:fali(X)i;sta e

Obsere that by the axiomsfor P we have for eachof
the aborve stochasticactionsalsoa conditionalprobability for
failure:

Pno;ai jey =1 P(nl aije)
3.4 Updating the knowledgebaseand diag-
nosingfailur es
At theendof theexecutionof atasktheactionobser veScene
is performedandthereforefor eachpropertyin theworld there
will be a perceptiblewith outcomeo or 1. For example,if a
is on b, thenthe robot will infer Per cept (isO n(b: a); 1: s),



Figure 4: Concluding the task.

wheres is the currentsituation after the obsenation of the
scene Perceptionmightdisagreevith whattheagents database
entails.For exampleif theagentdid theactionmoveT o(b; 1 [T3)
but it failed to pick up b thenthe agentdatabasevould entail
On(s: 1 MYy, andso contradictthe resultof perception.How-
ever, on the stochastidree, thereis an event telling the true
story, namely thattheagenffailedto graspo. To find thisevent
we introducethe notion of likelihood,thatwill allow usto se-
lect the mostlikely event that happenedandthat canexplain
thecurrentperception.

3.4.1 Likelihood

Let " beasequencef actions. Let W = sta 1
stax [Eo 2 eaf (r ee(" ) beafinal sequencef stochastic
actions.

lik el ihood (W) =1 def Pw =o”
8X y:P ayioad(x) " (Paylfad(y) Land (y)) I
Per cept (isO n(x; y): 1; (xy y: WA

8x: (( Per cept (isH ol ding '(X). 1. )! ol ding (x; W)
(Per cept (isH ol ding (X):0; ). .. Ho ding (x; Wy A
Per cept (isC 1ear (x): 1. )! Cear (x W

Obsere that the fluentsabove take as agumenta sequence-
event, asthey arebelief (see[6] for moredetails). We define,
now, apreferenceelation< betweerstochasticequenceas
follows:

W< W ger

1ik el ihood (W < ik el ihood (W)  P(W < P(W)

Notethat< inducesa partialorder Considerthe setof < -
maximal elements. We canthendefinea heuristicto choose
themostlik ely stochasticsituation.For this simpledomainwe
have chosento prefera sequencan to a sequencaV if the
numberof occurrence®f exogenousactionsin W is lessthan
in W andthe sequencef 0's in the outcomesof W areless
thatin W. Thesepreferencesrereasonablend,in general,
enoughto identify auniquepreferredsequencaV of stochastic
actionsin thesetof < -maximalelements.

Oncethe mostlikely sequenceV is computed,accordingto
a preferencecriterion , thenthe sequenceaw is a correctse-
guenceof stochasticcontrolandexogenousactionsthatcould
have been“effectively” executed— undera completefailure
hypothesisi.e. all the possiblefailuresandexogenousactions
have beenrepresented.

Let " beasequencef actions,let Wmax 2 w ee(' ) bethe
sequence®f stochastiactionssatisfyingthe maximumlik eli-
hoodhypothesisaccordingto the preferencecriterion andthe
heuristic.Let " ° = sit (Wmax ). Thereexistsa sequenceé ’,

which canbe obtainedfrom * °, suchthat” ?

ceptionin

explainsthe per

THEOREM 1. Let W be a sequenceof stodhastic actions
satisfyingthe maximallikelihood establishedy criteria in
Thenther exists a sequencé ° and a functionw ans suc
that:

D=st (W =" "—trans

8x Per cept (isP (%): 1. i P(x

Herew ans is afunction eliminatingfrom the eventw all the
stochasti@ctionshaving outcomeo.

3.5 ExpectedProbability and Safety

In [5] we have proposeda formal methodologyto com-
pute the probability of sentencesn the initial situation Ds,,
underthe constraintthat the domain of world entitieshasa
fixedcardinality Now, givena sequencef actions , where’
couldbeasequencékemoveT o(pay 10adi); inser tGr ipper ,
it t(payioad1); move- On(pi 1, pi 2), anda goal Gthat re-
quiresthe sequenceé to be achiered, for example G could
be Onepi 1. pi 2. 7 ), we wantto determinethe probability of
G ), giventhateachactioncansucceedvith a given proba-
bility. To this endwe needto combinethe logical probability
onsentenceandtheeventprobabilitydefinedon stochasti@ac-
tionsto getathird probabilitythataccount$or bothincomplete
informationand possiblefailuresof actionsduring execution.
To capturetheseideaswe introducethe notion of Expected
Probability Let Eset ¢ °; ) Sife e 2 |eaves(' ). tr ans(e;)
="°g. LetT() =f °jwrans(e) = %e 2ieaves( )g,
andlet Rbetheregressmmperatorsee[ ?].

DEFINITION 1 (EXPECTED PROBABILITY IN Sp). Let®
and besentencesniformin . Theexpectedorobability, in
Sp, of °, givenevidence is:

EX( iy = X
(Prob(R° ¢y iR
02T ()

Pce)
e 2Eset (1 0y )

Theabove definedexpectedorobabilityallows usto com-
paretwo sequencesf actionsanddecidewhich oneis safer:

DEFINITION 2 (SAFETY). Let® (" 1) and’ (' ) betwo
sentenceauniform, respectivelyin 1 and” 2. Let i e bea
orderingrelation:

Cn sare C2iffEPC (1) EPC(2)

The notion of Safetyis meaningfulbecauset allows to
comparetwo runsanddecidewhich oneis morereliable, just
from the point of view of whatthe robotknows in the initial
situationandon the probability of succes®f eachactionmen-
tionedin the run. Given a setof goalsthat the robot hasto
achieve, it is possibleto assigna reinforceto all thosestates
in which the goal is satisfied,accordingto the probability of
succesandthe safetyof the sequencéeadingto sucha state.
Thereinforcewill male it possibleto definesuitablepolicies,
i.e. coursef actionsfor eachgoal,thattherobotshouldtake,
in orderto achieve all thegoalsthathave beenscheduled.

Obsenre, however, that a robot cannotbacktrackfrom
a chosenGoal situation, thereforein maximizing the reward
from all thegoalstatest hasto take into consideratiorthefact
thatthe next goal canbe reachabldrom the currentsituation.
We arestill developingthis approachandin ourimplementa-
tion the choiceof ataskis still nondeterministic.



4. IMPLEMENT ATION

4.1 Perception

Therole of perceptioris to correctlyinstantiatehe sens-
ing actionobser veScene andto updatethelocal map.

The perceptuabystemis composedf a cognitive part,
that managegeasoningaboutperceptionand perceptiblesa
recognitionpartandan analytic part. The core of the system
is formedby the conceptof parametricGeons[21]. Paramet-
ric geonsareseven volumetricshapespbtainedby specifying
the shapeparameterin asuperquadricequationandapplying
taperingandbendingdeformationsseeFigure5

Figure5: Parametric Geons

The cognitive partis formalizedin the theoryof actions
via Descriptionsand axiomsfor perceptibles:for eachcate-
gory of objectsor property or relation which is expectedto
beobseredin thedomain,asuitablesentencetateshecondi-
tionsunderwhichit canbesense@ndacquirecatthecognitive
level,in orderto reasoraboutit. Therecognitionpartis formal-
izedvia aBayesiametwork in which 3D geometrigprimitives,
i.e. parametricgeons[21], areinferred usingevidenceavail-
ablefrom 2D imagefeaturesandarcsof lines. The Bayesian
Network is alsoused,togetherwith the cognitive level, to in-
fer a plausiblereconstructionof an objectin the scene. At
thelower, analyticallevel, a neuralnetwork elaborateshearc
segmentsobtainedat the end of the processthat deliversthe
edgesandcontoursof the objectsin thesceneandreleaseshe
suitablefeaturesneededby the BayesianNetwork. In Figure
6 someof the nodesof the BayesianNetwork are displayed,
withouttheconditionaltablesandtheconnectionsatthelower
levels arethe cateyorizationsobtainedby suitablyelaborating
the neuralnetwork output. BayesianNetworks have already
beenusedin vision, by Jenseretal [4] for context basedmod-
eling andinterpretation. In particular Fairwood and Barreau
[11] proposedhe useof a Bayesiannetwork to infer 3D ge-
ometric primitives (geons)using evidenceavailable from 2D
imagefeaturedetectors.Moreover SarkarandBoyer [20] de-
velopedthe PerceptualnferenceNetwork (PIN), anextension
of the Bayesiametwork, thatwasusedto organizeknowvledge
aboutlow-level featuressuchasedgesandcornersto reason
abouthigherlevel features.

We modelthe scenewith a hierarchicalgeometricmodel
whosecomponentsre the connectioneamongthe entitiesin
the sceneand their properties. Entities are instantiatedwith
featuresg.g.color, orientationw.r.t. thereferencdrame,etc.
Theknown entitiesarerepresenteé a normalizedform.
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Figure 6: The entities of the BayesNetwork.

Thevision moduleis a C++ programrealizedin the AL-
CORIlaboratoryusingthe Matrox ImagingLibrary. This mod-
ule performsanintelligentobjectsearctin thescenewith age-
ometricand probabilisticapproach.It executesthe following
tasks:imageacquisition,noisereduction scenesggmentation,
edgedetectionyertex recognitionand3D reconstruction.

We have beenusinga coupleof ultra small CCD color video
camerasXC-999,by RWII, with highresolutionanddefinition.

4.2 High Level Control

The high level controlis managedy a Golog programs.
Golog [12] is a situation-calculushasedlogic programming
languagesuitablefor the high level agentcontrol. This lan-
guageemplgystheprimitive actionsspecifiedn theknowledge
baseandprovidesthefollowing standardandnot sostandard,
Algol-lik e control structures:

1. Sequence

Test action ?
Nondeterministicchoice i
Nondeterministicchoice of amguments X
While loop
LoopsandProceduresncludingrecursion

o g b wWN

Golog'ssemanticss specifiecby meanof amacio Do .79,
where is aprogram,and” and’ ° aresituationterms. The

macroabbreiatesaformula’ of the SituationCalculuswhich

interpretsthe program asa sequencef actionsthat should

be executedto transitfrom * to " °. Therefore,eachprogram
executioncorrespondgo a Situation Calculusformula. This

correspondencis definedinductively asfollows:

primtiv e action - Do( ;s sY) = poss (a; s) s = do(a; s)
est - Do(° 2. s 8% o ghs=g

sequence - Doy s s°)d5tgs Doc: s )2 Do ;s .59
nondet: choice : Do(aj b; s; s°) det Do(a; s; 8% _ DO(b; s; s°)

nondet: choice of arg: : Do(( “X): s s aet 9XDo( ; s s9
Both procedurecallsandblockswith local proceduredeclara-
tionscanbedefined;for detailssee[12].

Thehighlevel primitive actionsandthenondeterministic
constructsallow for the definitionof planschemasuitablefor
the descriptionof agents behaiors. To adapta Golog execu-
tion to the spaceof events,we extendGologwith thefollowing
new construct:

DO(caI I(X)‘ s; SO) = Qe; esit (ef =N
8sta e®(e® e”e” = Ey! outcome (sta e® sta)y =P

(X s 8% Nsit (&) = s°

wheresit (e) andoutcome (sta e sta ) arethefunctionsde-
finedin Section??. To connectthe high level executability of



a programto the low level executability of the primitive op-
erationsof the manipulatomwe introducethe following macro.

DoGpr og. s; 59 et Do( . s 8% " exec (s; s
where
8s® as V do(a; s™) V s° ' PossG(a; s™)
and

exec (s; s°)

PossG(a; s) det Poss(a; s) ™ findP ath (a; s)

Obsenethatexec (s; s°) stateghatthetraceof theprogram is
lowlevelexecutableP ossG isaguardedP oss , andf indP ath
representsa guardfor the action preconditionsverifying the
low level executabilityof theactiona.

The Golog variantthat we have just presentedllows for the
implementationof the high level controller The monitor, in
fact,is basedon thefollowing Gologprocedures.

procchooseT ask

goal j[( . goal )>; ~ (X)( task (X); obser veScene)
endProc
procverif y(S); cal 1(verit y(S) endProc

TheprocedurehooseBskconsistof anondeterministichoice
of atasktask (x) followed by anobseration of the scene.A
task representaspecificsequencef actionsthattheagentin-
tendsto execute.Thetaskis choserjustin caseit is executable
atall thelayersof theagentarchitectureataskfailsif its global
or local expansionfails. After the blind executionof the task
the obser veScene action gathersthe perceptuainformation
aboutthe currentexternal stateof the world. The procedure
verif y(s) is thencalledto get,amongall the possibleones,
themostplausibleexecutionthatcanexplaintheobsenedstate
of theworld. This procedureconsistf aproceduresall in the
spaceof the eventsemplgying the constructcal 1. At theend
of the procedurea new final situationis reachedthis situation
explainswhathasbeenperceved. Thefollowing taskslibrary
accountdor all the possiblebehaiors of the agentat its Ex-
pressPalletworkspace.

proc task (1) ;
ST () aear (X)N:onPaliet(x NN
. goodT OWer (X))?) ; gOTo(X): grasp(X) :
Y (1) moveTo(x; 11); 1and(11)?) . goTo(io)
endProc
proc task (2) :

TOOC T (Y)X (ear (X) N o ear ()

onPal et (X) ™ goodT ower (y) * sameCaol or (x; y))? :

goTo(X) : grasp(X): moveTo(x; y): goT o(10))
endProc

proc task (rec);
T (X)( (obj ect (X) ™ badP osition  (X))?;
goTo(X) : grasp(X): (y) ¢and(y)”
. badP osition (y))? ;: MOVeT o(x; y)))
endProc

onPal et (x; s) isanabbreiationfor: 9 ¢iand ()  on(x; 1)) .

task (1) is usedto unstacka badtower (i.e. atower not sat-
isfying the expectedgoal conditions). Therefore,it requires
thateachobjectthatcanbegraspedaindbelonggo a badtower
mustbe moved to a landmark. task (2) is usedto construct
goodtowers,heregoodT ower (X) is a heuristicdefinition de-
scribing towers satisfyingpossiblegoal conditions: eachob-

ject that can be moved to a good tower is moved. The task
task (rec) IS usedto remove an objectfrom a bad position,

alsobadP osition  (X) is aheuristicdefinitioncorrespondingo
ary position obstructingthe path. At the end of eachof the
above tasksthe robot, if had beensuccessfuburing the exe-
cution, shouldhave reacheda subgoal.If notthena plausible
explanationof what had happenechasto be determined. To
searchfor the most plausibleexplanationof the obseration
performedby the actionobser veScene the following proce-
duresareexecutedn theeventsspace.

proc verif y(s): gener ateE vent (s); 1ik el ihood (s)?
endProc
proc gener ateE vent (s):

(s =s0)?; (s~ (ay( s = do(a; ")

gener ateE vent (s stocasticActions (ay)
endProc
proc stocasticAction (a): hl; aijh 0; ai; compAction
endProc
proc compAction;

“ (X)( exog enousAction  (X)? : hl; aih O: ai)
endPro ¢

The procedurever it y amountsto a nondeterministicsearch,
in the spaceof the events,for thateventsatisfyinga maximum
likelihoodvalue,which representthe mostplausibleexplana-
tion. Obsenrethat,asnotedabove, asetof preferenceneasures
is useduntil the likelihood cornvergesto a single event state.
A Golog proceduremustbe translatednto suitablelow level
primitive operationgor the functionalarchitectureof the ma-
nipulator beforethe execution;thereforeit is necessaryo de-
fine a monitor, the robot operatingsystem,guiding both com-
pilation and executionof Golog programs.This monitor pro-
gramcyclesbetweerfirst compiling andexecutingthe proce-
durechooseBsk, andcompilingandexecutingthe procedure
verify(s) until thegoal is achieved. Gologprogramsaretrans-
latedinto thelow level primitive operationsevaluatingthefor-
mulaDoG . s s° checkinglow level executability A moni-
tor cycle worksin thefollowing way: if the startsituationis a
goal situationthenthe monitor stopsandit schedulesanother
goal. Otherwisea choose®sk is compiledandtranslatednto
the local level for evaluationand execution. After the execu-
tion, the verify procedurds performedto getthe situationthat
explainsthe perceved state. The monitoris implementedasa
Prologprogram.

5. DISCUSSION

In this paperwe have presented control systemfor au-
tonomousmobile manipulatorsmanagingfailures of actions
andperception.

In our approach actionsare consideredas non-deterministic
andstochasticfor eachaction, the probability of succesand
failure is given. To managefailure, we have adopteda prob-
abilistic approactthatis similar to that proposedoy Bacchus,
Halpernand Levesquein [1], wherea models presentedor
reasoningaboutan agents probabilisticdegree of belief. In
thatframawvork, noisy sensorsandeffectorsaremodeledusing
stochasti@actionsthataffectthebeliefsof theagent.In contrast
to our model,wherethe sensorsresourcef “truth” usedto
evaluatethebeliefsof theagentjn theirapproachadirectcom-
parisonwith the “real world” is not consideredecausaill the
reasoningesidedn the“mind” of theagent.

The problemof combiningactionsand probabilitieshasbeen
consideringn theimportantwork of Poole [18] thatpresentsa
way to combinedecisiontheory situationcalculusandcondi-
tional plans. Unlike [1]'s approachPooles differsfrom ours
in mary respects. The main differenceis thatin our frame-



work, a probability distribution is assignedo the actions(that
may succeedr fail) while in Pooles approachthe probabil-
ity is associatedvith the state.Reiter [19] alsoconsiderghe
representationf stochastiactionsin anactiontheory by de-
composinga non-deterministi@ctioninto deterministiccom-
ponentsselectedprobabilisticallyby nature. He doesnot give
anexplicit formalizationfor probabilities.Anotherinteresting
probabilisticmodelfor dynamicdomainscanbefoundin [14,
15] in the contet of reactve planning[2]. This probabilistic
modeldiffersfrom oursin severalrespects.The ontologyun-
derlyingthedynamicds temporal.Furthermoreheprobability
of eventsis context dependentyhile we considerthat proba-
bilities dependon historiesof stochastiactions.

A probabilisticrepresentatiois alsoemplog/edby RHINO [3],
but at the lower level. This representatios usedfor the sen-
sormodel,which canbe inaccurateandincomplete while we
assumehatvisual perceptioris reliableandcomplete for the
domainathand.Thecrucialdifferences in thefactthatwe are
dealingwith small mobile manipulatorshot mobots. There-
fore, our ervironmentmight be complex — which could even
be more informative for localization— but is quite staticand
limited: this also allows the manipulatorto have an external
perspectie from which an objective andtotal view of the en-
vironmentcanbe got. At thetasklevel, RHINO emplag/s high
level Gologprogramsexecutecby GOLEX [9]. Oursolutionis
different;we have a high level executionmonitorthatmanages
compilationand executionof Golog programsandthe execu-
tion is monitoredafter a sequencef actions,while GOLEX
monitorsaftereachaction. In our framework failuresandper
ceptionarerepresente@ndtreatedat the logical level, while
in RHINO they aretreateddynamicallyby the monitor at the
lower level. In this respectthe novelty of our approachs in
our uniform formal framework, allowing usto infer explana-
tions for failures; this explanationis the recovered situation.
A high level programmingapproachs a centralissuealsofor
Funge[7] thataddressethe domainof computergamesntro-
ducing cognitive modelingfor autonomousharacteranima-
tion. Herefailuresaremanagedt the high level usingsensing
actions (implementedusing intenal-valued-epistemic-fluents
[8]). Sensingactionoutcomesare usedto testaction effects
and for replanningor recovering. In our system,perceptual
informationis usedsimply to explain failures,after which the
monitorrestartfrom a plausiblestateof theworld obtainedby
the explainedsituation. Failure recovery is animportanttopic
in the ROUGE architecturd10]. In this framevork, monitor
ing is performedaftereachactionexecutionandperceptioral-
lows the systemto adaptto its ervironment, making relevant
planningdecisions Also herefailuresaretreateddynamically
detectingandcompensatindor themat run time. A modelfor
failuresis not emplgyed,; failure detectiondirectly inducesan
updatein the domainknowledge,andthatinitiatesthe replan-
ning actity.
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