Probabilistic Planning with Information

Gathering and Con tingen t Execution

Denise Drap er, Steve Hanks, Dan W eld

Department of Computer Science and Engineering

University of W ashington

Seattle, W

A 98195

T echnical Rep ort 93{1 2{0 4

Decemb er 19, 1993

Probabilistic Planning with Information Gathering and Con tingen t

Execution

�

Denise Drap er Steve 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.w ashington .e du

January 20, 1994

T echnical Rep ort 93-12-04

Abstract

One way of coping with uncertainty in the planning pro cess is to plan to gather information

ab out the world at execution time, building a plan contingent on that information. Literature on

decision making discusse s the concept of information-pro ducing actions, the v alue of information,

and plans contingent on information learned from tests, but these concepts are missing from AI

representations and algorithms for plan generation.

This pap er presents a planning algorithm that mo dels information-pro ducing (sensing) ac-

tions and construc ts plans whose executions dep end on the nature of the information gathered

from sensors. W e build on the buridan probabilistic planning algorithm

[

Kushmerick et al., T o

app ear

]

, extending the action represe ntation to mo del the b ehavior of imp erfect sensors, and

combine it with a framework for contingent action that extends the cnlp algorithm

[

Peot and

Smith, 1992

]

for conditional execution. The result, c-buridan, is an implemented planner that

extends the functionality of b oth buridan and cnlp.

�

This research was funded in part by NASA GSRP F ellowship NGT-50822, National Science F oundation Grants

IRI-9206733 and IRI-8957302, and O�ce of Nav al Research Grant 90-J-1904.

Con ten ts

1 Intro duction 1

2 Representation: States, Actions, and Plans 3

2.1 Prop ositions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3

2.2 States : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3

2.3 Actions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 4

2.4 Information-pro ducing actions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 6

2.5 Plan steps & contexts : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 8

2.6 Assessing goal probability : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 8

2.7 Planning problems and solutions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9

3 Plans and planning 9

3.1 Initial and goal steps : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 10

3.2 Plans : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 10

3.3 The planning algorithm : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 11

3.4 Example : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 14

3.5 Example : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 16

3.6 Contexts and plan structures : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 17

4 Propagation of Step Contexts 17

4.1 F orward propagation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 18

4.2 Reverse propagation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 19

5 Summary and Related work 20

5.1 Related work : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 21

5.2 Probabilistic planning : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 21

5.3 Conditional planning : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 21

5.4 F uture work : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 22

1 In tro duction

One way of coping with uncertainty in the planning pro cess is to plan to gather information ab out

the world at execution time, building a plan contingent on the results of that information: b efore

driving a mountain pass in the winter we might listen to a radio broadcast, planning an alternate

route if the weather rep ort predicts snow. Before buying a car we might ask a mechanic to examine

the car, buying it if and only if the rep ort says it’s in go o d working order.

Information-pro ducing actions and contingent plans are complementary: it do esn’t make sense

to improve one’s information ab out the world if that information can’t b e exploited later in the

plan, and it do esn’t make sense to build a contingent plan if there is no way to improve one’s state

of information ab out the world at execution time.

Planning with information-pro ducing actions and contingencies requires several extensions to

classical plan and action representations:

� we need to represent the agent’s incomplete state of information ab out the world

� we need to represent the di�erence b etween changes an action makes to the world and changes

an action makes to the agent’s state of information ab out the world

� we need to represent a plan whose actions dep end on information obtained during execution.

This pap er presents a representation and algorithm for probabilistic planning with information-

pro ducing actions and contingent execution. W e extend the buridan

[

Kushmerick et al., T o app ear

]

probabilistic action representation to allow actions with b oth informational and causal e�ects, and

combine it with a framework for building contingent plans that builds on the cnlp algorithm

[

Peot

and Smith, 1992

]

. The resulting algorithm, c-buridan, takes as input a probabilit y distribution

over initial world states, a goal expression, a set of action descriptions, and a probability threshold,

and pro duces a contingent plan that makes the goal expression true with a probabilit y no less than

the threshold.

Consider the following example, which the pap er will develop fully

. A manufacturing rob ot is

given the task of pro cessing a widget. Its goal is to have the widget p ainte d (P

A) and pr o c esse d

(PR). Pro cessing the widget consists of identifying it as either awe d (FL) or not awe d (FL), then

rejecting or shipping the widget (reject or ship ), resp ectively

. The rob ot also has an op erator paint

that usually makes P

A true.

Although the rob ot cannot immediately tell whether or not the widget is awed, it do es have

a sensing op erator insp e ct that tells it whether the widget is blemishe d (BL). The sensor usually

rep orts bad if the widget is blemished, and ok if not. Initially any widget that is awed is also

blemished. Two things complicate the sensing pro cess:

� Painting the widget removes a blemish but not a aw, so executing insp ect after the widget

has b een painted conveys no information ab out a aw.

� The sensor is sometimes wrong: if the widget is blemished then 90% of the time the sensor will

rep ort bad, but 10% of the time it will erroneously rep ort ok. If the widget is not blemished,

however, the sensor will always rep ort ok.

Assume that initially there is a 0.3 chance that the widget is b oth awed and blemished (i.e.

that FL and BL are b oth true) and a 0.7 chance that it is neither awed nor blemished.

A planner that cannot observe the widget and exploit the information from the sensor can at

b est build a plan with a success probability 0.7: it assumes the widget will not b e awed, paints it

and ships it.

An information-gathering planner can generate a plan that works with probability .97: it �rst

senses the widget, then paints it. Then if the sensor rep orted ok, it ships the widget, otherwise

it rejects the widget. This plan fails only in the case that the widget was initially awed but the

sensor erroneously rep orts ok, which o ccurs with probability (0:3)(0:1) = 0:03.

1

Building this plan requires reasoning ab out several new concepts:

� Information-pro ducing actions: the planner must distinguish b etween an op erator that makes

the widget blemished (or removes a blemish) and one that observes whether it is blemished.

Both change the probability that BL is true, but the latter also provides information ab out

FL while the former do es not.

� Imp erfect sensing actions: the fact that the sensor can incorrectly rep ort that the widget is

unblemished a�ects the probability that the plan will succeed.

� Informational dep end encies: insp ecting the widget b efor e it is painted conveys information

ab out whether or not the widget is awed; doing so after the widget is painted do es not.

� Contingent execution: the ship and reject actions are b oth in the plan, but should b e executed

under di�erent circumstances|the former when the insp ect action rep orts ok, the latter when

it rep orts bad.

The c-buridan planner confronts these problems, and generates the contingent plan describ ed

ab ove. c-buridan ’s main technological adv ances are:

1. An action represent that extends the buridan planner to include information-pro ducing (sen-

sory) actions. c-buridan uses the traditional Bayesian framework for representing imp erfect

evidence sources (sensors), but the symb olic comp onent of its representation allows actions

to b e manipulated by a plan-generation algorithm as well. c-buridan’s action representa-

tion allows arbitrary symb olic and probabilistic dep endenc ies b etween the world’s state at

execution time and the rep ort returned by the sensor

2. A plan representation and generation algorithm that supp orts contingent planning. Step

execution can dep end on rep orts generated by prior information-pro ducing actions. The

c-buridan plan representation generalizes traditional conditional plan representations (

[

W ar-

ren, 1976

]

,

[

Peot and Smith, 1992

]

,

[

Etzioni et al., 1992

]

) in that it allows conditional branches

to b e \merged" (see Section 3.6).

This pap er describ es the implemented c-buridan system by developing the widget-shipping

example intro duced earlier in this section. It b egins with the action and plan representation, then

describ es the planning algorithm, and ends with a discussion of e�ciency issues and directions for

future work.

1

Actually a planner can generate an even b etter plan by sensing the part rep eatedly .

2 Represen tation: States, Actions, and Plans

Here we present the formal de�nition of a state, an action, a plan, a planning problem, and what

it means for a plan to solve a planning problem. Much of this representation is identical to the

buridan planner, and the reader is referred to

[

Kushmerick et al., T o app ear

]

for more detail.

2.1 Prop ositions

W e b egin by de�ning a set of domain pr op ositions, each of which describ es a particular asp ect of

the world. Domain prop ositions for our example are:

� FL|the widget is awed

� BL|the widget is blemished

� PR|the widget is pro cessed

� P A |the widget is painted

� ER|an execution error o ccurs

A domain prop osition means that asp ect of the world is true and a negated domain prop osition,

e.g. FL , means that asp ect of the world is false.

2.2 States

A state is a complete description of the agent’s mo del of the world at a particular p oint in time. W e

represent a state as a set of domain prop ositions in which every prop osition app ears exactly once,

negated or non-negated. In our example we know that initially the widget has not b een pro cessed

or painted, and that there is as yet no error. But there is some chance it is awed and blemished

and some chance it is neither. Thus there are two p ossible initial states:

s

1

= f FL; BL; PR; P A ; ER g (1)

s

2

= f FL; BL; PR; P A ; ER g (2)

W e will use ~ s to refer to a random v ariable over states, and ~ s

I the particular distribution over

initial states. This random v ariable is de�ned as follo ws for our example:

P[ ~ s

I

= s

1

] = 0:3

P[ ~ s

I

= s

2

] = 0:7

The probability of an arbitrary event X given the random v ariable ~ s is computed from the proba-

bilities of X given individual states in the standard manner:

P[X j ~ s] �

X

s

P[X j s] � P[ ~ s = s]; (3)

F or completeness, we de�ne the probability of a set X of domain prop ositions given a state to b e

1 i� the conjunction of prop ositions in X is true in that state:

P[X j s] =

(

1 if X � s

0 otherwise

(4)

Then we can compute, for example:

P

�

fPR; P A g j ~ s

I

�

= P

�

fFL; P

Ag j s

1

�

� P[ ~ s

I

= s

1

] + P

�

fFL; P

Ag j s

2

�

� P[ ~ s

I

= s

2

]

= 1 � 0:7 + 0 � 0:3 = 0:7

2.3 Actions

An action describ es the e�ects the plan op erator has on the world when it is executed. The nature

of the e�ects can dep end b oth on the state in which the step is executed as well as random factors

(not mo deled in the state). Figure 1 shows a diagram of the paint action: an error results if an

attempt to paint the widget is made when it has already b een pro cessed; otherwise with probabilit y

0.95 the widget will b ecome painted and all blemishes removed and with probability 0.05 the action

will not change the state of the world at all. Notice that the leaves of the tree do not contain states;

rather they indicate changes to a state (like strips adds and deletes).

paint

PA BL ER β α γ

PR PR p(0.95) p(0.05)

Figure action paints widget (P removes (BLW e describ action formally a of esEacis a the form hT�iis of prop ositionsknoas triggerpy , is a cts asso with represenaction f (fgfERg(fgfP

ABLg(fgfgThe cfrom de�ned by resul t(E sof and negate all prop ositions app negated

E removall prop app E without

[Kushmericet al., T o app earfull An action a cfrom state to probabilitydistribution ovwhicwde�ne in terms probabilities consequences will o for anhT;

�wP[hT�i sP[spNotice of prop ositions,

P[swill b 0 ansand probability b 0 pfor anF wrequire triggers action havfollowing twprop action’s mutually exclusivand exhaustivanstate one will havprobability will havy antrigger asso ciated p

reject

PR PR ER ER β α γ

PR PR FL FL

ship

PR PR ER ER β α γ

PR PR FL FL

and As a we knoPhT�i2P[hT�i sanaction anstate sform actions makto actions whichavthese prop Now wthe y action starting results tP[s ;

AP[hT�shT�A and t resul t(sform action’s consequences noted ab ovguaranPP[s;

Aanany state sexample scenario lo oks like

P�fFLBLPRP

AERg s0:P�fFLBLPRP

AERg s0:P�fFLBLPRP

AERg s0:P�fFLBLPRP

AERg s0:givthis probability wmarginal v arious prop ositions. F P[fP

Aspaint 0:P[fBLs0:P[fPRs0:P[fFLs0:Figure shows two p and reject pro the if awpro a awwidget widget b pro cessed will an works similarlpro widget it awit b pro W e will ab of actions|we hAA::Aexecuting A, so on, hi of as P[s; hi

P[s; hA: : AiP[s; AP[t; hA: : AiW have represenprobability ovstates, where distribution by e�ectsactionwill havworld it in input coninsp ect that rep or

(whether W want actions mutually exclusivtriggers inwe also wanb etwthe action world e�ects agent’s informati[Etzioni al.,

1992insp do es cprobability it do provide agenwith informatioab or insp ect a rep es cBLp probability , that rep will b known until actually W mo del information pro duced by action ballowing rep which o ccurred at W do by eacaction’s observ ation lab corresp to rep the agent b informed observ ation lab that wactually wThere is imp ortant b etwrepresentation approach employbrepresentations

(P1992which informatias information-gathering the caction makwcan makto agent’s ab world to b ehalikmaka prop brep c-buridavoids similar inserting informatipro action into plan do do not cprobability observprop is is Howevonditional probability observprop givparticular rep b received do change, wwill b elo

inspect β α γ

BL BL p(0.90) p(0.10)

OK BAD OK insp ect action mo imp insp 3.two di�erenobserv lab els, bad oktwo consequences are lab okso agenwb whictwo

vof insp ect ovit allob insp after it b pro realistic vthe whavwith

PRwhich wmakER observ ationlab mb in an now action’s h�oiis trigger, pprobability b realized trigger will havif oobserv lab rep is

Information-pro ducing those more observ ation lab informaticonvey by classes,dec bthe ov Figure likhave informational hava observ lab attacthus have single decaction proinformation whicactually ab b etwcausal informational an changes action makworld csets its contents actions’ sets adding links actions our are essentially their

(paint ) informational their

(insp ect there no action b cwprovide ab as whavb prop ositions cobserv lab el, the exploit b prop immediate probinsp ect b characterized follows:

rep de�nitely o BL true, it rep either or o ccurred, BL may manot b W e cinsp e action more these conditional app action’s P[j BL0:P[BL0:P�BL0:P�BL1:whicis probabilistic represenuncertain source

P2probabilities prop ositions sensor rep using

Bayrule the way Supp insp is in initialstate knob P[BL 0:and the rep receivP[okP[BL]P[BLP[BL]P[BLPok BLP�BL(0:1)(0:3)

(0:1)(0:3)(1:0)(0:=

:rep ort bad receivP[badP[j

BL]P[BLP[BL]P[BL P�BLP�BL(0:9)(0:3)

(0:9)(0:3)(0:0)(0:=

1:insp also proinformatioab prop ositions than

BL and FL initially p we havP[BLtherefore

P[badP[ok0:Executing destroys correlation, howevinsp after wproanadditional ab FLstill wab BLp oinis information contenaction b cbop dep on probabilistic action wnote actions likinsp ect bthemselvthe fact probability cdep on insp rep or is no plannercan’t makexecution subsequensteps sensitivto whicof twrep receiv3.4.1 how of a dep the observ lab bsteps hindex;

contextiallows maction app plan, allowiobserv lab b Supp that wtwo insp ect in plan, with i, with j two observ lab the step wb \OK-i" step’s observ ation lab wb example will havone of anwwill in pap conwhich should b ticular, eaccon(implicit observ lab from in only the step’s conmatches observ ations pro during b Supp ose, whave following of hinsp ect 1Tihship 2fokghreject3fbadgsupp the ageninsp receiving rep ort badnext ship that condo matcrep pro by of insp agento third rejectsince step’s conmatch rep ort pro by insp ect summary , wagent ktrack ontextrep orts v lab pro by in so are only the context matcconHere we the probability a of satis�es of 8 takes inaccouneacconits previously steps In particular, of a given context either e�ect corresp onding action contexts matc(ii) no change (if context do match conT makprecise, wstart analogue

Equation stating if are then probabilitdep end s only initial probability .is context of observ lab y that world will b in after particular sequence of given conworld currenstate sP[C; u if�rst is it do not canprobabilities, do cexecution conb the conexecution conb o combinations observ lab els, w\executability" logical

entailmenS is conC ‘ context(SP[C; h: : iP[C; h: : SiC 6‘ context(SFinally ,in currencontext cb probabilitovconb according its of action(S) fh�oigP[C; h:: ih�oi2action(SP[h�oi s]P[(o)resul t(s)h: : iC ‘ context(SA probability ovinitialstates

G (conjunction) prop state actions like paint insp ec , insp ect , the agent’s capabilities.

eshold sp lower b on probability algorithm pro duces a of hS::

ieacis of along circumstances which b Sucis solution problem y goal after least other whS::Ssolvjust

P[h: : Si2.6 this probability takes

(initialy distribution,set and pro a of whose probability acgoal the Here we describ its structures the algorithm pro a

goal

“success” α PR ER PA initial

FL BLPR ER PA FL BLPR ER PA

p(0.7) p(0.3) β α

initialinitiallyconvproblem’s initial goal intwo goalinitialstep co initialprobability the goal has with goal its shoinitialgoal for F ollowiburidKushmerical., T app ear], manipulates data plan, of ordering constrainova of links.

The initial goal eacapp evplan, initialb all the goal ordered all plan two this single is initial, nplan, is algorip oindecisions ab role plan’s plaacgoal.A connects of \pro with prop in trigger causal link makdep ende b etween the two fact increasing probability pro designated will to probability will b true which will tend to makplan likely succeed.F planner mighof to P prop step, indicating is supp to make P bgoal. W will the P

! to this

! a whose pro is consequence � of Swhicpro prop p for S.goal app plan set single of goal planning achieve goal pro bthat pro the goal prop linking appropriate of goal links triggers new as w

W e sawill

\tend" to probabilitb the whictwo will pro duce the result b e is guaranthat a will probabilitsupp prop F supp a link a makpro do so if prop q

Nosupp we link makto do if is link do the probabilitwill b b will generate p or will.

multiple prop can nevaseprobabilitit will b true, p ossibility with links it mighnot the probabilitW will with S, bits painta by is go o idea since could b sevwith

Howevour only for eacaction, ambiguity linksals planner, eacof hpSip is prop osition Sis of suca raising probability is time

Swill to plan will pair hpSmemb plan’s is of goal and is memb problem’s that is of explicit problem), prop triggers � Sand plan contains

! Sprop osition q In words, subgoals represenof prop participate chains links W e will intro additional

3.3.2 and 3.4.1.

The pro cess links plan

Supp conS

! link actually representwo commitmenthe makSrealize consequence

�b ecoming true, (2) kp from until

Sanp o Sp o b efore that makis called to S

! plan consists set a constraina

Evcontains goal that describ e the F rom links compute of als set atssubgoals prop for whicadditional might maklikely threats the that might preveninvolvprop W call two p e�nements

Here of planning algoriwith plancontaining goalordering (< goal)and

Assesscurrenprobability current achievgoal.

Rep ortifthat probabilitleast great nondeterministically cho e�nement currenRep are p re�nementhe re�nemento current rep Any implementation algorithm have cbacktracking searctecAssessplan partial ovits which turn a Calculating probability suca of achieve goal wpresena valgorithm p calculation, closely of The algorithm ovall consistent with constrainF eactotally the algorithm ovstates p it iterating ovparticular the probabilities states the whicIf the probability greater algorithm otherwise it continnext total no a probability rep probability represenas

(spcsis state in 2.2, py , cis con(as de�ned in Concof observ lab els were observin execution pro state sF eactotally hS:Sconsistent f(spT)P[ ss] pinitial probT a conis alwaLo S

S::Lo (spcfringeccontext(SRemov(spcfrom

Lo (poaction(S)Add to triple

(resul t(s)ppP[s]co�

Pf(spc)2fringepP[j sreturn hS::Sialgorithm y distribution ovbeacaction

�nally probabilities all whicgoal

This vassessment ine�cient; wit to kpresentation

[Kushmerical.T o app earfour di�erenplan-assessmenalgorithms their p most inassessmenalgoritpresenin that pap the plan’s to success probability enantotal

Re�nemenre�nemenatrying probability achievgoal that probability goal achievemenb two waif hpis then a link

(p to prop mighprobabilitis

Stherefore might probability ,

is currensome other in eliminating might the probability prop might probability steps is same for pair hpSb link’s

! b inserted for anSb ordered b S� por b etwany � asserts pstep is to o b SHoweva trigger prop do not prop osition b true|that will dep end whether pro is to b to intro mprop the probability will b Threat c-buridan similar threat deterministic

(i.e.addition ordering constrainworks way deterministic

Twthreat-resolutimecanching, havanalogue classical howevConfrontatwintro in buridprobabilistic is change from

[Kushmerical.T o app ear]idea b confrontation a b su�ciently likwevif plan maka goal false, falsifying consequence of that action su�ciently unlikely o of any mutually exclusivmake particular action liko ba di�erenof action liko � Sa bfalse, b confronted bcho osing of Sdo not makfalse adopting a last wabanchingno or buridan W details provide ovIntuitively brancthat agent will nevcute threatening when dep on e�ect link’s pro bbrancworks bwhicSo with conwhich prop osition bIn summary algorithm’s re�nemenconsists nondeterministically cho to won subgoal resolve

Cho subgoal supp or link cis subgoal hpicho some whose consequence � pSmeither b a (instance action), existing in plan can b ordered b SAdd the S

! (S< S)

caS

! bScho ose ordering (S< Sto add the (S< (confroncho of

Sdo conadopt subgoal,

(branccontext it context

Sthat example consists An initial probabilitovwhich convto initial goal fPRP

AERwidget b pro and painthe havgoal convpaint reject ship insp ec threshold of 0:initial of consists goal prop fhPRgoalihPgoalihERigSupp the makfollowing csupp hERwith � of initialit supp hP Aby a paint linking goal, thadopting hPR;

painta is trigger pair turn b supp ba initial

NohP

Agoalprobability b the probabilitb PR is supp hPRby a linking to and as result twpairs, hFLshiphPRshipib Both of can b linked initial resulting initial

! paint by its and � wship mighmakPR requires to b initial

! is b oth b(consequence ) bship and

�rst b resolvby it paint two b resolved bconstraints:b ordered b step or after goal two mb confronted brancSupp to confrontatioplanner cho for eacstep:

notes that threat wconfron;! goal

goal

“success” α

PR ER PA initial

FL BLPR ER PA FL BLPR ER PA p(0.7)

p(0.3)

β α

ship

PR

PR ER ER

β α γ

PR PR

FL FL paint

PA BL

ER

β α γ

PR PR

p(0.95) p(0.05)

A probabilit0:as triggers hPRshipihPRpainthapp b oth wsubgoals shoT emp among steps go top b < goallinks app arrows consequence b oxes to prop ositions,

confronapp arrows initial;! goalThis whicis one non-contingent buridwould pro wwidget initially awed paint wwhich into success probability

(0:7)(0:950:probability b increased badding additional to probability P A b true, intro information-pro actions contingent do b Ap oinreasonable re�nemento in 5 wb to supp hPRbstep linking with strategy intro a of reject makes whicthreatens ship likewise makes PR threatening link reject resolve of two confronting threat that will b trying makreject come true will pro duce PR simultaneously makreject’s consequencecome true won’t pro ducePR b is cannot b oth successfully since antwo consequences of are mutually exclusivdecreasing y threat probability app ears links app grey one b dep on state FL

goal state

“success”

α

PR ER PA

initial state

FL BLPR ER PA FL BLPR ER PA

p(0.7) p(0.3) β

α ship

PR

PR ER ER β

α

γ

PR PR

FL FL

paint

PA BL

ER β

α

γ

PR PR p(0.95) p(0.05) reject

PR

PR ER ER β

α

γ

PR PR

FL FL

ship and threaten eacHere for information conditionals b apparenb able to that proinformation ab state to b able maksteps in dep informatiW intro metho resolving on context the participating bcontext(S) context() context(resolution bbrancW call threat-resolution

\brancb we intro conbrancinto that preventhreat materializing.5

Brancelement

[P1992approacas W an alternativterm b of p with on structure,branch an information-pro ducing subsequenstep, indicating observ ation lab that execution W will two brancinsp ec =fokg)and insp =fbadg)reject �rst that should b executed if execution insp observ lab el okmeans b only execution insp e an observ ation lab badrestrictions realized bappropriate observ lab to steps’ conpro for Sa S

! banching

Cho to makcontext(incompatible context(S) context(S)b the cCho information-pro Sthat b ordered b b efore

Sb SSmb context b Sthat context()^context(S)^context(Smust b Snot b the b to to resolvCho fc::

cdisjoint c= fc: :cS’s observ lab constraints

(S), (S< Sbrancto plan:

=c)S=c)Makconcontext(context((cc:

:ccontext(context((c_ c: _ cto plan’s subgoals form hpSiany prop osition any S’s now whicprogressed far Figure b oth order raise

PRprobability ovto threat

(b require PR b initially make true) b resolvbordering by confronThis b solved bbranching, howevSupp planner that reject is

! sh ip It cho oses make contexts link’s and threatening cho information-pro ducing insp e ct and cho insp ect observ lab fbad gc= fokgordering constraints

(insp < reject )(insp ect ship )that information-pro b b actions condep on observ ation lab

brancinsp ect =fokg)insp ect =fbad g)to restricts contexts follows:

context(rejectfbad= context(shipfok=

goal

“success” α

PR ER PA

ship

PR PR ER ER β α γ

PR PR

FL FL

paint

PA BL ER β α γ

PR PR p(0.95) p(0.05)

initial

FL BLPR ER PA FL BLPR ER PA

p(0.7) p(0.3) β α inspect β α γ

BL BL p(0.90) p(0.10) reject

PR PR ER ER β α γ

PR PR

FL FL

BAD

OK

OK BAD OK

Noand restricted mexclusivconplan shown

Figure resulting admits twinsp paint or rejectpaint insp ect , or reject�rst has probability

.9215:will step fails was the insp e step rep orts okhas probability howevis makBL probability probabilitmakP

Awhich plan fail anywaanin whicwill makfalse, whicmeans will rep ok, the will b e shipp regardless not was initiall awassessment algoritSections 2.6 will �nd and sequence, the will successfully interesting however, could this adding constraint sequence is v Hoplanner eliminate that trigger prop insp ect are subgoals p oinparticular, planner cho supp hBLinsp ect with causal from initial � will its makes One way this b resolvis bordering to link’s insp e The resulting one consisteninsp then then or reject which

0.9215.

Ap oinwmennovmetho of contexts intro by brancalgorithm plans whose

\brancSupp ose, for that wan that a sup it pro cessing

Assume that notify is widget b pro (PR).

c-buridthis easily , step along from single links b reject’s PR notifyconb it threats, execution represented by insp ec paint or reject notifyconditional and W [W 1976plan branceactime conditional in do allow the branches contain

BAD

reject inspect

OK

ship

paint init

notify goal

T T T

plan with brancPropaga Step c-buridplanning algorithm describ in previous restricts context doing is to resolvp olicy pro ine�ciency

Supp for that action an (havb ox), the additional op get-b oAp oint winsert get-b olink ship situation thatget-b ox conwill b e unrestrictedit threats is its threatened by another

Get-b ob in conconwhicwill b e executed instead ship W mighwant restrict conit only it is which conwhicis

OK OK

OK OK

ship ship inspect

inspect

get-box

get-box

(a) (b)

OK T

T T

Figure oxconthat is for b in in link wlo is S Apro prop ositions is Aprop ositions pro is

�rst condition will pro state to b e�ective, anything it mighwell b is no subsequenstep will b able exploit whatevwaccomplish, it mighwell b we allow step’s conb an b o (rather simple as previously), wa concontext b restricted disjunction the conthat pro of bthat context b restricted disjunction the conthat links pro bthat The constraint ba agation of conwhenevlink brancis constrainba agation swthrough plan b it as The constrainalloto conget-b oto b only

9(b)), its is ship ship context is to whicrep orts okF orwconstraint bstep’s confollow= brancp ointing Sof S(ctrigger for consequence

(tpro tocontext(S b2br anchl abel(b)c2t2(cp2P(tcontext(pbr anchl abel (b) observ lab asso ciated brancbrepresenconinformation bS ’s brancit winvolved threat resolution bbrancclause de�nition ab ovdisjunction contexts pro prop consumed by Strigger prop The context is whenever a or brancmade it, cconpropagated recursivconsumers all which acts pro to can actually

Scontext can b executable more conmore links), when step’s conwidens that b wheneva context calgorithm mchecto p threats anlinks currenimpliconW noted initially conpropagatiowas to pro propagation means worst steps mighb conW intro the propagation every or brancis to one traversing plan’s threats wtherefore this computational

is we�ort|p forward b p after plan is makits are executed necessary op empirical frequencontext go o idea, we p oint an b of conp otential make pro itself e�cienpropagation servconthat step a if conlink’s conrestricting conserve eliminate whavb resolved bthe F orward that will b its prosupp for necessary for Revpropagation, that action b when of its is context of S with conSis restriction howevS conmentions observ ation lab LS mb ordered after that LF get-b omb after insp ect since context derivfrom plan’s constraints p o of observ lab must b removed from

Sconalgorithm revpropagation follow

Let < : : Sb a of represena consistenof

Lo SSn�:Sb the that either or brancfrom

Scontext(Scontext(Sclean (c2context(cafter that observ lab els app context(Sclean(expr) removall observ ation lab pro by that b ordered b SRevand One big b etwforward revcontext propagation that latter ordering constraints F orwcontext, do not additional

(links orderings) constrainduring re�nemenlinks resolved|b are to preservprobabilistic dep endenc y b etween link’s pro its

Revconpropagatioother order

Safter b ’s should directly dep end consequent b ecause is pro for Ses dep end on SSprevenfrom later that

Sb b revpropagation

Snevpro link bSor anprior evsemantically is whit not that p revpropagation evpartial after evre�nemenagain and to revconpropagation op can p revpropagation on every partial algorithm e�ciency or alternatively revalgorithm as p ost-pro cessing once plan b Revpropagation do cthe probability so cannot makSummary Related c-buridis implemenalgorithm generation cominformation-pro actions framework allows conditional of Novrepresentation representation allows with e�ects information contendep b prev world random cThe action represenenco a v ariety mo including anasymmetricalto proand ainformation ab w representationinformation-pro ducing is natural symb olic ning op erators, yadmits traditionalBayesian semanfor represeninformaticontent for up b elief observ informational action b combined arbitrarily|there tinction b etwsensing framework alloab informational dep endenc fact that provide information ab state system, fact can destroy dep enden among state v approacto contexts do require diverge initiallycontexts, rejoin that several conwhave provthat c-buridalgorithm it solve that stump buridand not solvRelated wconditional wanalysis well bilistic work

(deterministic) of gather assessing v of that information)

Analysis work sequential

[1972approach

Bayframework,di�erent wtake task b of go o automatically scW analysis structuring problem, eliciting mo dels exp and ev ing alternatives proby exp rather algorithmic approacto alternatives.

Graphical likdiagrams b to solvsequenincluding allow informati[1990W do consider diagrams solution planning and themselves, howevnot of action scproblem Our work the buridKushmerical., T app ear]we to burididea of information-pro contexts, well threat-resolution tecof branc(whicis to cnlpb elow), the algorithms context

[Kushmerical., T app earfor related algorit

Our approach to contingenb orrows mucalgorithm

[P1992particular wtheir metho threat resolution binformatipro actions execution conway resolvlink app mutually exclusivconcnlp c-buridan di�erent represencnlp adopts

(logicalsemanwhereas c-buridmanipulates probabilistic represeninsp ect would lo like cnlpas

�rst that state blemished b unknowill nevb useful inits proinformatioab prop state prop b Observ lab els c-buridplasame as cnlpannotations ab ove represenrep sensor mighpro time, whicare in confor subsequencnlpmo cannot represena situation which op erator p di�erendep on prev world unmo (chance) therefore mo sensing op like insp ect op erator, b ehastate dep end ennoisy fact that have mp complicates planning pro a prop osition do not guaranprop osition’s we havp ossibilitmultiple

(disjunctivsupp for prop ositions, a concondisjunctions well context observ ation lab Our algorithm intro contingencies from wcnlpapproacthe that evcontext intro into (by brancgoal also with that conplanner thplan the that will wresulting are two brancin are p ossible rep orts, subsequensteps separate brancshare W e 3.6 algorithm represenwhiccertain

(like reject b in restricted contexts, that subsequensteps

(like notifyb unconditionally preliminary wc-buridhas pro a go o framework p conditional informational system limited b bits represenby computationale�ciency F work following therefore prop initialexp erimentswith buridshowed that tational complexitprobabilistic signi�cantly wlogical representhe b worse still planner information-gathering T it bluntly c-buridimplemensigni�cant searcconknoto solution evexamples like one presenin this pap it mighb adv antageous information-pro inb to what prop proinformatioab example ab ovinsp ect op erator proinformation ab the dplanner ab out the dab BL out convey information ab this ase, relationship dep ends on particular indeed evthe particular b constructed|the information contenof sensing op b bexamining op erator computational information-pro action p otentially proinformation ab any prop will need metho for what information to plan, what information-pro ducing op likely prothat expressie c-buridanutility limited bprop ositionalrepresenwork with reasoning ab more sivrepresentation

[1993explores problem assessing plan’s quality using probabilistic framewalloab quan[Golden al.1994is e�ort incorp ricmo [Etzioni al.,

1992inpartial-order rules allow e�ectivab lo information, planner to univquangoals informatioeliminate redundanop V alue c-buridgenerates with particular probability more analyze b plans information-pro ducing within terms their utilities v v utility mo asso ciates v with then informatipro action b ev terms v it con[1990demonstrates hoev in way but do not proalgorithm

Hadda1993p oint that to of corresp to exp v alue only particular restricted class utility mo c-buridmust b criterion exp ected-utilitmaximizatioat whicp oint information-gathering b ev aluated utility they add W intend framework utilitmo develop Haddaand

1993to doing to representation ab ovF prop W to pro (nondeterministic) c-buridis W can the formal framewdevelop to provprop non-contingenburidan but to plan semanaccounfor informati actionsbrancw[Etzioni et al.,1992containssemancontingent uses non-probabilistic W also to relationship b etwour algorithm algorithms like v iteratio[Howard,

1960other programming approac1968Reference[Allen al.,

1990J.

Hendler, T Planning.Mateo,

[Etzioni al.,

1992Etzioni, D. W Drap er, M. WilliamApproach to with c. Int.

esentation asoningOctob er

[Golden al.,

1994D. W xi i:

Universal

QuanIncomplete T echnical rep University W ashington,

Departmenand

Jan[Haddawy

Hanks,

1993Peter

HaddaSteve

Mo Decision-Theoretic T ecRep 93{06{04, W ashington, puter

Engineering,

Septemb [Hanks,

1993StevMo a W orld

I Action

Represenand Ev T ecrep Univ. of W Septemb [How1960Howamming esses[Kushmerical., T app earKushmericHanks, W Algorithm bilistic

Arti�cial ligenc e, T app [Matheson,

1990Using

In uenc DiagraV

Information

Control.

M. OlivQ.

editors,

In uenc

Nets cision

Analysis,

25{48.

John

Wiley

Sons, Y [Pearl,

1988PligenSystemsKaufmann,

[P1992PD. In Conf.

Planning

Systems189{197,[1968HowAes es taintyAddison-W esley [W arren,

1976W

ConditionalIn dings ence,

344{354,

UniversitEdin

[1972Rob L.duction

Bayesian enc e cision.

Winston,