Probabilistic Planning with Information Gathering and Con tingen t

Execution

�

Denise Drap er Stev e Hanks Daniel W eld

Department of Computer Science and Engineering, FR-35

University of W ashington

Seattle, W

A 98195

fddr ap er, hanks, weldg@cs.washington.e du

Abstract

Most AI representations and algorithms for plan gen-

eration have not included the concept of information-

pro ducing actions (also called diagnostics, or tests,

in the decision making literature). W e present a

planning representation and algorithm that mo dels

information-pro ducing actions and constructs plans

that exploit the information pro duced by those ac-

tions. W e extend the buridan (Kushmerick et al.

1994) probabilistic planning algorithm, adapting the

action representation to mo del the b ehavior of imp er-

fect sensors, and combine it with a framework for con-

tingent action that extends the cnlp algorithm (Peot

and Smith 1992) for conditional execution. The result,

c-buridan , is an implemented planner that builds

plans with probabilistic information-pro ducing actions

and contingent execution.

In tro duction

One way of coping with uncertainty in the world is to

build plans that include b oth information-pro ducing

actions and other actions whose execution is contin-

gent on that information. F or example if we wished

to acquire a car, we might plan to ask a mechanic

to examine a particular car and purchase it only if

the rep ort indicates the car is in go o d working order.

Information-pro ducing actions and contingent plans

are complementary: it makes no sense to improve one’s

information ab out the world if that information can’t

b e exploited later. Likewise, building a contingent plan

is useless unless the agent can learn more at execution

time than it knows while planning.

This pap er prese nts an implemented algorithm for

probabilistic planning with information-pro ducing ac-

tions and contingent execution. W e extend the

buridan (Kushmerick et al. 1994) probabilistic ac-

tion represe ntation to allow actions with b oth informa-

tional and causal e�ects, combined with a framework

for building contingent plans that builds on the cnlp

�

This research was funded in part by NASA GSRP F el-

lowship NGT-50822, National Science F oundation Grants

IRI-9206733 and IRI-8957302, and O�ce of Nav al Research

Grant 90-J-1904.

algorithm (Peot and Smith 1992). c-buridan takes

as input a probability distribution over initial world

states, a goal express ion, a set of action descriptions,

and a probability threshold, and pro duces a contin-

gent plan that makes the goal expression true with a

probability no less than the threshold.

1

Example

Supp ose that a manufacturing rob ot is given the goal

of having a widget painted (P

A), pro cesse d (PR), and

then notifying (NO ) the sup ervisor that it is done. Pro-

cessing the widget is accomplished by rejecting (reject )

parts that are awed (FL) or shipping (ship) parts that

are not awed (FL). The rob ot also has an action paint

that usually makes P

A true, and an action notify that

makes NO true. Initially all awed widgets are also

blemished (BL), and vice versa.

Although the rob ot cannot directly tell if the widget

is awed, the action insp ect can b e used to determine

whether or not it is blemished: executing insp ect is

supp osed to pro duce a rep ort of ok if the widget is un-

blemished and a rep ort of bad if a blemish is detected.

The insp ect action can b e used to decide whether or not

the widget is awed b ecause the two are initially p er-

fectly correlated. The use of insp ec t is complicated by

two things, however: (1) insp ec t is sometimes wrong:

if the widget is blemished then 90% of the time it will

rep ort bad, but 10% of the time it will erroneously

rep ort ok. If the widget is not blemished, however,

insp ect will always rep ort ok. (2) Painting the widget

removes a blemish but not a aw, so executing insp ect

after the widget has b een painted no longer conveys

information ab out whether it is awed.

Assume that initially there is a 0.3 chance that

the widget is b oth awed and blemished and a 0.7

chance that it is neither. A planner that cannot use

information-pro ducing actions or contingencies can at

b est build a plan with succes s probability 0.7: it as-

sumes the widget will not b e awed, and generates a

1

Our problem de�nition is not a general decision-

theoretic one, since we consider only goal satisfaction and

not a general utility mo del. Our solutions are satis�cing

rather than optimal.

reject inspect ship

paint init notify goal

{ok}

{bad}

A contingenplan branc

paint

PA BL β α γ PR PR ρ =0.95 ρ =0.05

inspect β α γ BL BL ρ =0.9 ρ =0.1 ok bad

A causal information-pro ducing paint ship widget, notify p cona wprobabilityinsp the paint

Then if insp rep ok, widget,

Either way sup ervisor of whicc-buridin that widget wtiall awrep ok . has success probability

(0:3)(0:0:97.

Conc-buridimplemented contingentending planning tecsevwaInformationc-buridcan b etwan observes an blemished

(insp ec t whether is (paint e�ectivplanning domains al. Brancc-buridcontingent whicdi�erendep ending on c-buridpaths divrejoin, unlik(W

1976;

P1992) supp divbrancdo w convlater in Noisy c-buridan mo repres enp noisy , of dep on wInformationdep endec-buridmakof information, sucning BL it information ab FLrepres enand semanburidplanner

(Kushmericwproa summary and the to (Drap et complete of world p oinUncertaintab out world represente by ariable ovession of whicreprese na our the world initially of twp sfFLBLPRP

NOs= fFLBLPRP

ANOg, and distribution of ovPs0:3,

Ps0:wb oth agree that not P Ainted

PRo cess and that sup ervisor not b NO ti�ed. In sFLawBLreprese nb etwcan makes of wcit makto agent’s knoab waction shocthe of wwidget yb PRo cesse with probability will b P Ainted and BLremovtion will not change of world leavin called esthey sent of action under di�erent in winsp ec condo cBL or but it do proagent with information ab BL’s T mo the information conveyby an wasso ciate of els eacwhen an execute it will rep exactly lab els agenW iden conditionspro ation lab bthe action’sconsequence insets ernible classes, bheavyoals),assign b eacinsp ec action twlab ok badand twcorresp ageninsp rece ivrep bad, BL winsp wexecute rep of would to that BL wagent b information conveybinsp cby

P[bad j

BLP�bad 0,

P�0:9,

P[0:whicprobabilistic repres enfor agenof b ab rep ort|P[BL okor

P[BL ]b Baydep b oth probabilityBL when insp execute F ormally, an action of esa els, corresp e classesEacconsequence a hT�i Tis of knoconsequenc trigger,

�probability consequence given of asso with

Eacof action’s sequences and form consequences Mansucpaint will hava

DEC, whicexecuting action vides information agent ab whicconsequences o (and in we DEC represe nAn action if than

DEC, if nonemptb e b information-pro F we might mo action b oth p otentially cof wblo ck b held|and conlab indicating whether or not wsucces test-blo o action might tect a also the of patienConW repres ent contingent in identical

(Pand

Smith

Eacplan ontextcontext(A)under whicshould b executed conis junction) ation lab from the W satwconatible if any lab tion, b when concompatible ations pro bontextF this

(insp ect fgship fokgreject fbadgagenwalwathe step, insp ec t emptconis always

Supp insp ect returned rep ort badwhicwould b in conagent wbut to ship its is compatible conagent would

�nally execute reject its concompatible conerview the c-buridan c-buridtakas a probability ovfggoal expression , and a probability F problem describ in pap in intro the of finsp ect paintshipreject notifygthe goal fPRP

ANOgwwill set = 0:c-burida sequenc of sucthat achieves with probability c-buridsearcof plansEacconsists of fg, for eacApartial dering ovfAglinksand alscausal cacc-buridan’s commitment a sequence particular maka eral in F presenc paintP

! planner decided that � consequen of supp make P A for by goalcausal links causal links inals by manare imp ortant di�erence whicwwill b eloform hdAirepres enplanner’s intenmake literal when

Aexecute plarole in causal-link an additional promade conAens

! Aconsequence d if

Ao b etwAand and context(compatible b context(Acontext()

initial state

FL BLPR PA FL BLPR PA

ρ =0.7 ρ =0.3 β α

goal state

“success” α PR PA NO

3: Aand

Aenco the initial tion and Likburidan c-buridb searcfrom l plan which contwdummA(enco the initial distribution goal resp ectivconstraint A< The initial

Ahas consequence for eacin initial bility probability

.action Aa consequence by goal null hg goaliliteral goal fromnull c-buridan p twop probability currenplan will achievgoal excee ds succe if so.Plan probabilitgoal bcally cho supp a

(bcausal link a or existing tect a threatene F are no p re�nemenlo conditional from plan re�nemen(e.g. and Rosentwimp ortanwasnlp single b etwa pro c-buridmay require alAnassures that supp literal b repres ena A

! that b at action

Atrigger

Tprobabilityone at Aand consequenc ity �no link maksu�cienlikely , several links

(represe nferent situations whicliteral mighb true) may W snlp distinction b twan

\op condition"

\supp for ability represe ncumulativsupp ort from consequenc es The how c-buridresolvLikclassical c-buridmay action bb pro or of Likburidor

(Penb erthW c-buridan mathreatening b wthreatening consequenc es c-buridan can b enign consequenc as whicof probability consequenc Finally c-buridan an additional technique, anching, unique a congenplanner.Intuitively , brancensures can nevb d in

(Kushmerick

(Drap et assessmenin we will p oinb etwassessmenthe of ternativfor in whicinitially likinsp ect an of bad, that quently reject likand convFLokshipresult, rep orts whicreject bad receivand is ok receiva abilitb etween BL thus bassessmenexplicit tion b etwthe two prop is nev(PSmith call tectrace pro or of threatened W will branctecdetail

�rst examine planner make

goal state

“success” α PR PA NO

initial state

FL BLPR PA FL BLPR PA

ρ =0.7 ρ =0.3 β α ship

PR β α γ

PR PR FL FL

paint

PA BL β α γ

PR PR ρ =0.95 ρ =0.05

PR β β PR PR

reject α γ

PR PR FL FL notify

NO α

Figure each by If (non-contingenburidwas applied ample, waction supp P

Aina to supp PRo ccess notify tion supp NOAssessme nt would shoplan probability

0:ship achievPRo ccesse outcome

FLawburidto prosupp for by action it the goal, would pro plan shoplan it a pair

(shown in makes which the link to ship and likmakPR a from to solvof these two and confronwould planner would b trying achieve twmutually exclusive consequence predicamenb ecomes apparenb able to execute or but b some way which eacstep b Threat resolution by branc\Brancwby intro anches|a of element|into A brancan information-pro ducing subseque nindicating whication lab of W an alternativterm av\conditional in represen

goal state

“success” α PR PA NO

initial state

FL BLPR PA FL BLPR PA

ρ =0.7 ρ =0.3 β α ship

PR β α γ

PR PR FL FL

paint

PA BL β α γ

PR PR ρ =0.95 ρ =0.05

PR β β PR PR

α

inspect β α γ

BL BL ρ =0.9 ρ =0.1 ok bad

{ok} {bad}

reject α γ

PR PR FL FL notify

NO α

A success p ermitof ample, there are twbrancinsp ec t =ok)insp ect =bad)reject b only of insp lab okmeans that b execute only of insp badW e will example brancpro cedure, attempting resolvp bto initial

! ship W conof A= from context link’s or pro ducer, cho a AW will cho ose ship.Cho information-pro b e b b oth AA, a concompatible with context(and context()W cho to insp it b reject three actions havemptconso insp compatible b Cho two lab cfrom A.W cho c badcokbrancA=c)and

A=c)Thwadd insp =ok)insp =bad)reject

ca must b backtracF sakbrevitwe series of cwe cho anpartition A’s lab technically , this more conpresenin

(Drap et al. Up conof

AAation lab context(Acontext(^ ccontext(A:= context(A^ cSp cally

,context(reje := fbadcontext(fokgAdopt eacof subgoals|we hBLinsp and hBLinsp ect iNoand rejec restrict to mutually clusivconbut yet is constrainb etwinsp ect and paint If execute however, will destrob etween

BLemishes and FLac-buriddiscovproblem supp hBL;

insp ect link step’s consequenc e, this c-buridyielding shoin ure assess menalgorithmthat succe ss probabilitplan

0:9215 turns it a (The plan only makP A if widget winitially and insp ec rep okwill b execute insp p evthough b and are contingent how c-buridallows execution sequences to divlater

ConBrancrestrict steps to di�erenconwhen p olicy that p ossibly ine�cienagenmay whicnot tually usefulevthough inin

Supp ose, for action additional hav b ox|pro banget-b oxc-buridwpro duce thefragmenlefture whicget-b ox always execute or is W wthe conof get-b oit under same as shiprighconin whican

ship inspect

get-box

{ok} { }

{ } ok

ship inspect

get-box

{ok} {ok}

{ } ok

Figure propagation condep end conof whicit bThwcan an will b by conalong wcan an action’s on propagated information.

(Drap er precisely an a deva propagation algorithman conaccordingly to way context lab is plan structur Related c-buridimplemenprobabilistic contingencombining ab information symb olic least-commitmentecinformational b mixed, planner b etwreprese nmo context-dep e ndeninformation sources alloab information.

c-buridgenerates contingenin whicferenactions execute dep ending represe nallows cution sequenc es divand win conditional wanalysis wAI c-burida

Bayesian wthe alue information ab sequen(Winkler automated scaction an work emphasizes mo approach contingenplanning b orromucalgorithm

(PSmith In branching derivfrom cnlpmetho do not represe nuncertaintnan mo del on logic, repres enan b ehavferendep ailing wccannot mo actions sucinsp W condi�erencnlpevtime context intro into (by ditioning branca of also with context|cnlpplans thtree-struc ture Cassandra

(Pryand

Collins terministic causal-link contingency planner. It more express ivaction represe ncnlpbut similar mecbranc(contingenF work orientoward c-buridan’s expressivp ower repres enwing b explicit utilitmo and towe�ectiv(devmetho controlling plan-generation assessmenpro allow the solution

Allen, and T ate, in PlanningSan

Drap S. and W information and contingenT ecRep 93-12-04,

UniversitW

Decemb er W eld,

Drap N. M. WilliamApproacPlanning

Incomplete

Information.In

Int.

Principles ing,

Octob N.

KushmericS. D. W Ae1994. T o app version in and D. RosenSystematic planning.

Conf.

A.I.634{639,in�le ftp.ai.mi/pub/users/dam/aaai91Penb erthD. W eld.

UCPOP: A order planner In asoning103{114Octob M.

Pand D. Int.

A.I.

tems189{197,

June

Pryand conT echnical

Rep 41,

NorthwUniversity The for Learning W Conditionaland epages

344{354,

Universitof

EdinRob to and cisionand