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Abstract

Scalingconformantplanningis a problemthathas
receved much attentionof late. Many planners
solve the problemasa searchin the spaceof belief
statesandsomeheuristicguidanceechniquesiave
beendevelopedto estimatethe distancebetween
belief states.We claim that heuristictechniquesn
the pastinvolved an ad-hoccombinationof clas-
sical planningheuristicsand cardinalitymeasures.
We discusshow to combinethem systematically
with the help of planning graphs, such that the
measurese ect the reachabilityof relevant states
within belief states.To demonstrat¢heseideaswe
show how distancedetweerbeliefstatesanbees-
timatedby a setof reachabilityheuristicswithin a
conformantegressiorplannemamed

1 Intr oduction

Ever sinceCGP[Smith andWeld, 1998]a seriesof planners
have beendevelopedfor tackling conformantplanningprob-
lems — including GPT [Bonet and Geffner, 2000], C-Plan
[Castellini et al., 2001], PKSPlan[Bacchus,2002], Frag-
Plan[Kurienetal., 2002], HSCP[Bertoli et al., 2001], and
KACMBP [Bertoli and Cimatti, 2002]. Someof theseplan-
nersare extensionsof heuristicstatesearchplannersyetde-
spitetheir successhereis asyetlittle understandingn what
thebasisfor heuristicsshouldbe.
Giventhedifferentsearchstratgiesusedby the planners,
it washardto analyzethe impactof variousheuristicsapart
from the planning substratethat is used. Of the different
stratgies, only GPT and KACMBP usenon-trivial reacha-
bility heuristics,however the former usesan explicit repre-
sentation,andthe latter usesa factoredrepresentationvith
BDDs. GPThasevenbeenoutperformedy HSCP(aprecur
sorto KACMBPthatreliesonly on belief statecardinalityfor
guidance).This sayslittle of the meritof the heuristicsof the
two approachebecausavhile HSCPS searchengine,based
onbinarydecisiondiagramsis quitesophisticatedts heuris-
tics arequite primitive. KACMBP improvesuponHSCPby
combininganadjustedcardinalityheuristicwith areachabil-
ity heuristic. The forward chainingplannerusesa reachabil-
ity heuristicsimilar to FF [Hoffmannand Nebel,2001], in
thatit takesa relaxed projectionfrom the currentbelief state
to the goal andsumsover the costsof literalsin the current
beliefstate,or nds themaximumdistancebetweerary state

in the currentbelief stateand the goal state. The adjusted
cardinalityandreachabilityarecombinedby aweightedsum
to get a heuristicvalue. Still, comparisonof the heuristic
effectivenesof KACMBP cannotbe decoupledrom the ef-

fectivenesof the searchsubstrate.

Thus, we will discussthe effectivenessof the heuristic
techniquesn a decoupledashionto explore what measures
may be bene cial for ary substrate.We arguethatthe pre-
viousideaof usingthe maximumdistancebetweenary pair
of statedn thebelief statesn thedistancecomputatioris not
the bestmeansto assignheuristicvaluesto a searchbelief
state,nor doescardinality have a real meaningwhen cost-
ing distance.Thereasorthatthe maximumdistances used
by forward-chainingplannerdike KACMBP andGPTis that
thereis a single goal stateand eachof the statesin the cur-
rentbelief statemustbe ableto reachthe goal, otherwisethe
distancdor thecurrentbeliefstateis in nite. However, when
therearemultiple goalstatesthenamaximumof all distances
doesnt make senseébecausall of thestatesn thecurrentbe-
lief statemustreacha goal state,not all goal states. Also,
cardinality hasbeenseenas an effective heuristicfor guid-
ing searchby leveragingthe knowledgethatthereare multi-
ple initial statesanda single goal state. However, assearch
progressesr regressestherecanbe an arbitrary numberof
statesin ary belief state. Cardinality just happengo work
well whenthedomainis structuredsuchthatthereis amono-
tonicincreaseor decreasén the sizeof a belief statesduring
search.In otherwords,eachactionthatis usedin a confor
mantplanwill eitherincreasq(in regression)r decreaséin
progression}he size of the currentbelief state,andall other
actionseitherdecreasein regression)jncrease(in progres-
sion), or maintainthe size of the belief state. This occursin
mary of the domainsin conformantplanningliteraturelike

, ,and . Cardinalitycanleadthesearchastray
in the domain,for instance,f therewere mary pack-
ageshutin theinitial statewe specifythatthebombis in one
of a subsebf the packagesin regressiontherewill still be
applicableactionsfor dunkingeachof the packagegpossibly
containinga bombor not). Cardinalitywill directthe search
to arbitrarily selectdunk actionsthat may or may not be for
packageshatarerelevantto the problembecauseegressing
eachactionwill increasehe cardinalityof a belief state.

Giventheseobsenations,our intentis to:

1. Describe,in general,what heuristicestimatedor con-
formantplanningshouldbe measuring

2. Shav how suchheuristicscan be computedwith plan-



ning graphs

3. Provide empirical comparisonf the computationap-
proaches.

To facilitate this discussion,we describeand evaluatethe
heuristicswithin a conformantlannercalled .
doesregressionsearchin the spaceof “clausal

states” (which are conjunctve representationgor sets of
states). The challengesn developing planninggraphbased
heuristicsfor include: (i) handlingthe reachability
costof setsof stategepresentedsclausesand(ii) handling
uncertaintyin theinitial stateby basingheuristicsonmultiple
(ratherthana single)planninggraphs.Our empiricalstudies
shaw that planninggraphbasedheuristicsprovide accurate
guidancecomparedto cardinality heuristicsas well asthe
reachabilityheuristicusedby GPT, andarecompetitive with
forwardspacecombinatiorheuristicsusedwithin KACMBP.

We presenburwork by rst explainingthestateandaction
representationsedwithin , thendiscussappropriate
heuristicmeasure$or conformantplanning,followedby the
setof heuristicsusedwithin for searchcontrol, fol-
lowed by empiricalevaluation,relatedwork, andconcluding
remarks.

2 Stateand Action Representation

State Representation: As discussedn [BonetandGeffner,

2000], conformantplanningcan be seenas a searchin the

spaceof belief states.
A belief state is a set of multiple world states
We chooseclausalstatesas a factoredrepresentationin

CNEF, of belief states.
A clausal state

, logically equivalentto , is aset

of clauses whereeach isadisjunction
of a setof literals . A conjunctiveclausal
state is a setof unit clauseswhen

alsorefersto a state  with a conjunctve set of literals

Using the 1 problemasa running examplefor this
paperthe clausalstaterepresentatioof 'sinitial state
is:

A clausaktate  issaidtobesatis ed by anotherclausal

state if every clause in is satis ed by
More speci cally, is satis edby if
S.t.
For example, if
, and , then

is satis ed by .

A clausalstate is saidto beinconsistentwith another
state , if thereis aclause S.t. is satis ed
by

For éxample, if
,and

'Bombin the Toilet with Clogging.For the uninitiated,hereare
the arcanaof the Bombin the Toilet family of problems:Bombin
the Toilet ( )-theproblemincludestwo packagespneof which
containsa bomb,andatoilet. The goalis to disarmthe bomband
the only allowableactionsaredunkinga packagen thetoilet. The
variation“bomb in thetoilet with clogging” or saysthatthe
toiletwill clogunlesst is“ ushed” aftereach*dunking” action.

,then is inconsistentvith

tion of in is satis ed by in .

The set of constituents of a clausal state
is all minimal conjunctve clausal states that sat-
isfy . is equivalent to a DNF representa-
tion of a clausal states CNF representation. For exam-
ple, 's initial state

; the setof constituents

because¢henega-

Since we're dealing with partial regression states,
may not representall statesin a belief state

, SO we dene as the complete set of
states representedby For example, if 's
initial state were partial

; the set of constituents

but ,

Action Representation: An action , of the action set
, is describedn termsof (1) an ex-

ecutability precondition , and (2) several conditional ef-

fects of the form ( ), where  and

are,in general,clausalstated. The executability precondi-
tion  (a clausalstate)of the action musthold for the ac-
tion to be executable.Eachconditionaleffectis of the form
antecedenfprecondition ) consequenteffect ). The
antecedenbr consequenbf the individual effects can be
empty In the rst case,the actionhasa de ned outcome
in ary state;andin thesecondtasethe correspondingffects
occurin all worlds. The conditionaleffects make upaset

As anexample theactionsfor areexpresseds:

Regression: Conformantplanning by regressionis just a
searchin the spaceof clausalstates,startingwith the goal
stateandregressingt non-deterministicallyover all relevant
actions. Clausalstatesareregresseduntil nding a clausal
statethatis satis ed by theinitial state.The maindifference
betweerregressionsearchin conformantand classicalplan-
ning is that becausef disjunctionin the initial statea con-
formant plannercannotsplit the disjunctionin a regressed
staté into the searchspace- andthushasto handledisjunc-
tive clausalstatedirectly.

Following [Pednault1987],regressinga clausalstate
overanaction involvestakingthe unionof causatiorand
preseration clausesof each w.r.t. eacheffect
of . Formally, theresult of regressingheclausalstate

overtheaction isde nedas:

2 isaconjunctie clausaktatebecauseve areonly considering

non-deterministi@actions.

3To seethis, considerthat we have a goal
disjunctsinto the searchspacetreatsthe goal as
notbesatis®edf theinitial statehas

. Splitting the
, which will
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Figurel: Regressiorpathfor example.

Executability clause( ) is theexecutabilitypreconditionof

. Thisis whatmustholdin for  tohavebeenappli-
cable.
Causation clausefor aclause w.r.t aneffect

of anaction  (denotedby ) is de ned asthe
wealestclausethatmustholdin thestatebefore  suchthat
causes . Formally isde ned as:
and satises

Presewation clauseof aclause w.r.t. aneffect
of action (denotedhy ) is de ned astheweak-
estclausethatmustbetruebefore  suchthat is notvio-
latedby theeffect of . Formally is de ned:
and satises

Example of Regressionand Search: Sinceclausalstatere-
gressioris notcommonlydiscussedh planningliterature we
will now give a completeexampleof clausalstateregression
searchwithin . Thesearchstatesareshovn schemati-
cally in Figurel. We startwith initial andgoalclausalstates:

and are applicablefor regressionat

becausethey both have as a conditional ef-

fect consequent. The regressedstates and are

constructedrom the causationclauseand the executability
clausefor therespectie actions.

Noticethatin classicalplanning,we would have saidhere

that since
is directly givenby . However, thewealestprecon-
ditionsfor to betrueafter is

ratherthanjust .
is applicableto both and
asan effect. The regressedstates

becauset has
and are

constructedbasedn the executabilityclause put theprecon-
dition is alwaystrue, so the only changeis the removal of

Finally, both actionsare applicableagainfor the
samereasonasthe generatiornof and . Choosing
the unchosen action, giventhe searchpath, will lead

to a statewith new information. After regressingall applica-
ble actionswe get , , ,and

and are both satis ed by becausesvery
clausein the clausalstatess satis ed by a clausein theini-
tial state,soeitheris aterminalsearchnode,andthe pathof
actionsleadingto it is aconformantplan.

3 Factored Belief State DistanceEstimation

Wewill startby discussingvhatmeasureareworth estimat-
ing for providing heuristicguidancdor conformaniplanning.
Considerthe examplein Figure2; therearetwo belief states
and thatwe aretrying to assigrheuristicmeasures
for the dif culty of reachingtheinitial belief state . We

wouldliketo estimate and , theactuallengthsof con-
formantplansfrom to and , respectiely. The
arcson labeled and areshaving how statedis-

tancemeasurearecombined.
Thereareseveral factorsto considerandleveragein mak-
ing thisestimatiorof  and

1: , thesetof statesn thebelief state.

2: Reachabilitymeasuredetweenpairsof individual states,
, Whereeachpairis astate  from and from
,aswellas and ,thecombinatiortechniquegor the
distance®f individual statego obtain , adistancesstimate
to

3: Theoverlap of independenplansthat reachthe relevant
statef from statesn .

The cardinality of a belief statemay be usedas a cheap
heuristicthatassumeghatalargerbelief statehasmoreprob-
ability of containingthestatedn theinitial belief state.How-
ever, thiscanbemisleadingoecauseventhoughabeliefstate
is large,we may not be ableto extendit to includetheinitial
statesduringregression

Thereachabilitymeasuresf pairsof stateq ) or pairs
of belief statesand states( ) alsore ect how dif cult a
conformantplanwill beto construct.These and
measuresan be handledas either numbersestimatingthe
planlengthor setsof actionsestimatinga plan. Also impor-
tantis how to combinethe and measureso ulti-
matelygettheestimate . We de ne two combinations: ,
which usesthe 's or estimatedirectly to getthe
measuresand , whichcombineghe measuresr esti-
matesdirectlyto get . Theapplicableoperationsallowable
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Figure2: Exampleof ConformantPlanDistanceEstimationin Belief Space

in and for numericalestimatesare minimum, maxi-
mum, and average;andfor estimatedsetsof actionswe can
take the minimum cardinality set,maximumcardinality set,
or the union of sets.Note, setsof actionscanbe turnedinto
numericalkestimate$y takingthecardinalitiesof thesetsthis
necessarithappendeforewe geta nal numberfor

Furthermoreof thereachabilitymeasurefor
therecanbemuchredundang becaus¢he sameactionsmay
be usedin mary of the individual plansthat mapthe initial
states into , hencehave high overlap.As we will
shaw, keepingsetsof actionsinsteadof numericalestimates
for the measuresanallow usto reasoraboutoverlap.

For example,in Figure2, only using to estimate

will tell usthat is a betterchoicebecausehereare
four statedn it, opposedo two in . Thismaynotbethe
bestchoicebecausét couldbethecasethat

Alternatively, abandoningardinalityandusinga heurlst|c
similarto GPT, we'd setboth and to take a maxin or-
derto nd the to for theestimate . However,

thisis problematidfor thesamereasoras because
maybe . Thenwe'd eliminate from con-
sideratiorby assigning acostof , eventhoughtheother
statesin may all have very low distancego , with
respecto thedistance®f statesn

This bringsup animportantpoint for consideringhow to

dene and for costingabelief state.We would prefer
to be a minimizationbecause state may not
evenberelevantto achieving the state andtaking

the maxwould give . Theminimizationis impor-

tantbecauseve needonly onestate to havea nite

distancefor each . However, for it is impor-

tantto take amaximizationbecause¢hedistancerom to
is at leastthe largestdistancefrom the minimum-cost

relevantstateof , andif for ary state thatthe

distance then becausehatinitial state

is unreachableffom .

Anotherapproachthatof KACMBP [Bertoli andCimatti,
2002], is to considera heuristicthat combinesreachability
with relevance-basedardinality(or asthey call truth percent-
age)for forwardchainingsearch Thereachabilitymeasurés
takeneithersimilarto GPT asa , Or asumover
thecostsof goalliteralsin aprojectionfrom  to get

Thelessonto belearneds thatin regressiomot all of the
states needto be costedwith respectto eachof
theinitial states,only the min-cost for each
Whereasjn progressionif thereis a single goal state, then
eachof the statesin the currentbelief statemusthave nite
distanceo thegoalto beuseful. However, thesameargument
for regressionholdsin progressionwhenthereare multiple
goalstateswe only carethateachof the statesn the current
belief statehas nite distanceto one of the goal states. So
we would lik e to take the maxof themin-costdistancegrom
eachof the statesto one of the goal statesbecausesomeof
the statesn the currentstatemay not be ableto reachall of
thegoalstates.

4 Heuristics

This sectionprovides, rst, threesetsof heuristicsthat es-
timatethesedistancecomputationsand second approxima-



tionsto thedistancecomputationghatimprove performance.
All of theheuristicsusedn arewithin thecontext
of greedybest rst search(cf. [Bonetand Geffner, 1999]),
wherethe reachabilitycost of a clausalstateis
. The termis the numberof
actionsregressedrom the goal stateto reach  , isthe
weight term, and is the heuristic estimateof how
mary actionsareneededo reachtheinitial statefrom
Thesearchs guidedby expandingthe clausalstateswith the
lowestcost .
For theremaindeof this sectionto illustratethe computa-
tion of eachheuristic,we usean examplefrom called
4 wherea courteougpackagedunker hasto disarm
the bomb and leave the toilet unclogged. This problemis
usedbecaus¢hegoalstatehastwo conjunctsallowing better
illustration of heuristiccomputationthat combinesthe costs
of individual subgoals. The initial clausalstateis
, andthe
goalis . Theoptimalactionsequences
to reachG from | is:
, or
thusthe optimal heuristicestimateis
in eitherplantherearefour actions.

4.1 Cardinality

The ideabehindcardinalityis to countthe numberof states
that are representedby a belief state. This canbe usefulin
regressionbecausehe more statesthat arein a belief state
the betterchancethatthe initial statesarein the belief state.
The rst meansby which we make this measurdés to take a

because

beliefstateand nd its setof constituents, , toapprox-
imate . Usinga clausalstate directly, we expand
into its setof constituenstates andcountthem.

Formally,

For instancen ,

4.2 Singleplanning graph heuristics

The base approachfor using planning graphs for con-
formant planning heuristics is to just take all the lit-
erals in the initial state clausesand insert each literal
into the initial layer of the planning graph, ignoring in-
teractionsbetweenpossible worlds. Thus, for ,
the initial level of the planning graph is expressedas
, ignoring
the “xor” connectve between Oncethe
planninggraphis computed the level at which a par
ticular literal appearsn the planninggraphis laterusedat its
. Notice, becausehereis only one value
estimatedy a singleplanninggraph.
Themostsimpleconformaniplanningheuristicto compute
on aplanninggraphis

and

, Where

Herewe use estimateand whenconstruct-
ing the cheapessetof literalsandtakingthe maxcostliteral.
This is approximateto GPT's heuristicbecauset takesthe
max distanceto reacha literal of the goal state,whichis an
underestimatef the mostdistantstate.Anotherheuristicis:

“CourteousBiTC.

which sumscostsof the literals of the closestestimated
statein the belief state. It uses estimate,and

. Other heuristicsconsideringmutex information can be
computedn asinglegraph,andwe have investigatedeveral
of them.They arenotdiscussedherefor lack of space.

The main disadwantagesf single planninggraphheuris-
tics is thatthey make it hardto reasonaboutthe overlap of
independenplansfrom theinitial statesandmakeit dif cult
toidentify consistenstateshecause¢he graphis built from an
inconsistentinionof literals.

4.3 Multiple planning graph heuristics

Single graph heuristicsare mostly uninformedbecausehe

initial beliefstatecorrespondto multiple possiblestatesThe

lack of accurag is becausesingle graphsare often not able

to capturepropagatiorof world speci ¢ supportinformation.

Consider in , if wasthe only action, then

hasnothingto be mutex with. We could saythat

is reachablen level 1, but in factthe costof is

in nite (sincethereis no to fully support ),
andthereis no conformantplar?.

To accountfor this and sharperthe heuristicestimateby
accountingfor supportacrossall possibleworlds, multiple
planninggraphs are considered.Given the initial clausal
state , we grow a planninggraph for eachcon-
junctiveinitial state . With multiple graphsthe
achievability costof a clausalstateis computedn termsof its
achievability in all the constituengraphs.In generalwe only
build theminimalindependensetof graphsfor because

is the setof minimally satisfyingstates.Hence,one

disjunctis choserfrom eachclauseto constructa graph,thus

the independensetof graphs. We now can estimatemary
measureandneed to combinethem.

For examplein , therewould be two graphsbuilt
(Figure3). They would have therespectie conjunctieinitial
levels:

In the graphfor the rst world,
through at level 1. In the graphfor the second
world, comesn only through atlevel 1.
Thus,themultiple graphsshov which actionsin the different
worldscontributeto the samefact's support.

Thereareseveralwaysto computetheachievability costof
aclausalstatewith multiple graphsasfollows:

comesin only

Sum-max ( ): Theeasiesheuristicto computewith
multiple planninggraphsis . The
computeghe sumof the costof the clausesn
graph andtakesthe maximum.Formally:

for each

Hereweuse estimateand maximum.
considerghe minimumcost,relevantliterals of a belief state
(thosethatarereachablayivenaninitial statefor eachgraph

) to get measuresThe maxis takenbecause¢he esti-
mateaccountdor theworst(i.e., the planneededn the most

SIf ary of the planninggraphsdoesnot “reach” all of the goals,
thenthis is anindicationthat a conformantplan doesnot exist (as
would bethe casewith only the actionin ).
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dif cult world to achiese the subgoals). This maxnulli es
the chanceof getting ary overlap information betweenthe
worlds, but taking an averageor sum wouldn't help either
becausehereis no way to tell overlapby looking at the nu-
mericalestimategor eachworld.

From the , the goal is
Computingthe (Figure3) nds
(denotedby circledfactsin thetop graph), (de-
notedby the circledfactsin the bottomgraph),andthe max,

Level-max ( ): Similar to , is
found by rst nding to get for eachgraph
, thenthe maxof this valueacrosghe graphss taken.

is computedby taking the minimum among

the , of the rst level ( ) in the planning
graphwherenotwo literalsin theconstituent aremutually
exclusive. Formally:

Herewe use minimum or estimateto get ,

then maximumfor . Note, this heuristicis ad-
missible.By the samereasoningasin classicalplanning,the
rst level whereall the subgoalsarenon-mute is an under
estimateof thetrue costof a state.This holdsfor eachof the
graphs.Takingthe maxaccountdor the mostdif cult world

in which to achieve a constituentstateof andis thusa
provableunderestimatef

For the goal , computing
the (Figure3) nds (denoted

by level containingfactsinside boxed for the top graph),
(denotedby level containingfactsinsideboxed

5This closely resemblesthe reachability heuristic used in
KACMBP.

for thetop graph),andthe max,

RP-max ( ): Following the samemaximizationlogic
asthe and heuristicfor , buttoaccount
for theactualnumberof actionsused, is computedy
nding therelaxed planfrom the constituent that
contributesto the for each andtaking
themaxof thenumberof actionsin therelaxedplan.
Therelaxedplanfor a clausalstate is computedby a
backward chainingsearchon the planninggraph.We startat
the constituent , suchthat is the constituent
atlevel , computedn . From atlevel

, for eachsubgoal , asupportingactionis selected

(ignoring mutexes) from the actionlevel. Once,a sup-

porting setof actions( ) is determinedthe supportfor

theactionsin is addedo thelist of subgoaldo support

for level . Then,we look at level the algorithm

repeatsaandcontinuesuntil theinitial level is reached.Thus,

arelaxed planis the set Yo Y e
. Formally, when :

Here = minimumis usedto getthe cheapesestimated
relaxed plan for eachinitial state,then maximumis
usedto get . This givesan inadmissibleestimatefor the
numberof actionsto reachthe easiestonstituenstatein the
mostdif cult world.

For , thegoalis . Comput-
ing the (Figure3) nds (
actionsin ovals for
the top graph), (

), actionsin ovalsfor the bottomgraph),

andthemax, . Noticethatthisis theclos-
estmultiple graphestimatesofar, for , butit canbe
improved.

RP-union ( ): Observingthe relaxed plans com-
putedin the examplegiven for , therelaxed

plansextractedfrom eachgrapharedifferent. This informa-
tion canbeleveragedo accounfor theinteractionor overlap
of the two worlds. Notice, that for both graphscon-
taineda actionwhichis notdependenvnwhetherthe
bombis in eitherpackage.Also, containsa
for the rst graph,and for the secondgraph.Now,
takingtheunionof thetwo relaxedplans,would give
, thus accountingfor the ac-
tion thatis the samebetweerpossibleworldsandthe actions
thatdiffer.
A relaxed plan is computed for each graph
, asin Then, starting from the last action
level( ) andrepeatingfor each until the
rst level, we unionthe setsof actionsfor eachrelaxed plan
at eachlevel into anotherrelaxed plan |
]. Notice, the relaxed plansareright-
aligned hencethe unioning of stepsproceeddrom the last
stepof eachrelaxedplanto createthelaststepof ,
thenthe secondo laststepfor eachrelaxed planis unioned
for andsoon. Thenthe sum of the numbers
of actionsof the each in the is usedasthe
heuristicvalue.Formally, when :



minimum,and union.
doesnt follow the sameform asthe restof the
techniquestatherit estimates by nding therelaxedplans
correspondingo foreach ,thenunionstherelaxed
plansto gettheoverlapof plansfor relevantstates.

The insight of this heuristicis that taking the union of
action levels of relaxed plans betweengraphswill account
for the sameactionbeingusedat the samelevel in multiple
worlds, or overlap. Thusthe unionedrelaxed plan contains
a representatie setof overlappingactionsfor achieving the
relevantstatedn aclausalstatein all worlds.

Here

For the goal , comput-
ing the (Figure3) nds
, , and
Thus, , which is equalto the optimurr'l
estimate

4.4 Reducingthe Costof Estimating Belief State
Distancewith Clausal States

Searchingn the spaceof clausalstatescomplicatesheuristic
computatiorby ushaving to reasoraboutthe reachabilityof
setsof statedrom setsof statesWewantto nd astatewithin
the set thatis the easiestto reach,with respectto the
numberof actionsneededf each inthesetof planning
graphgoget . When , weareusingmultiple planning
graphgo representlifferentinitial statesandneedo perform

somecombination of the measurefor each inthe
setof planninggraphsto get . Otherwisewhen ,
is simply the measure However, therestill remainsthe

issueof nding from the 's. Therearethreemain
ways, ,togetthecost measuresf abeliefstate
with respecto aninitial statebelief state

Expand andget
ongraph correspondingo . Thenwe
couldcombineall of the to get by using

Costthecheapesminimal setof literalsto getonly
one thatis usedfor . This corresponds$o
beinganestimate.

Costthe estimatedcheapestminimal stateto get
only one that is usedfor . This alsocorre-
spondg€o  beinganestimate.

The rst, andcompletemethod  for nding is to
explicitly expanda clausalstateinto the setof statesthat it
representgequatedwith corverting CNF to DNF), by nd-
ing , thengettinga heuristicestimatefor eachstatein

andtaking the minimum, maximum,or averagefor
Clearly, a clausalstatecanrepresentain exponentialnumber
of states so we desirea moreefcient (lessexplicit) means
of nding the . Noticethatif =~ werea summatiorthat
wewould beableto adjusttheheuristicto considethecardi-
nality of

Theseconddea s to combinethe costof a setof liter-
alsthatminimally satis esa clausalstate.This setof literals
isn't checled for consisteng, and may not even represent
valid state. It is found by assuming estimatedmini-
mum and taking the min costliteral from eachclause(not

, for eachof thestates

"Notice, thatusing

is usedfor
. All

checkingthe resultingset for consistenyg).
the singleplanninggraphheuristicsaswell as
otherheuristics pesides useeither  or

The third idea  is constructonly one stateand useit
for the estimate(enforcing minimum), thus avoiding
the DNF expansioncostof 7. The statewe constructis
partially speci ed by all of the unit clausesin the clausal
state.However therestill remainsthe choiceof anappropri-
ate subsef the literals of the non-unitclauseso complete
thestaté. Theappropriatesubsets chosersuchthatthecon-
structedstateis the estimatedeasiesto reachof the set. This
issimilarto  when min, but we avoid costing
states. The greedyapproacho selectingthe subsetof liter-
alsfrom the non-unitclausesds to take the singleliteral from
eachclausethat appearsat the lowestlevel in the planning
graph.Thealgorithmfor this selectionis asfollows:
(1) Sorttheliteralsin eachnon-unitclauseby increasingdevel
of rst appearance.
(2) Sortthe non-unitclausesn decreasingrder, using the
level of the rst elementbf the clauseasthekey
(3) While the setof non-unitclausess non-emptyand the
currentpartial stateis a consistenstate(i.e. theliteralsof the
partial stateappeamnon-exclusive atsomelevel in thegraph)

(a) Insertthe rst literal of the rst non-unitclausento the
partialstate

(b) Remoreall clausedrom thelist of non-unitclauseghat
containtheliteral from (a)
(4) If thecompleteconstructedtateor partialstatels notcon-
sistentthenthecostof theclausalktateis settoin nity , other
wisethe costof the clausalstateis the costof theconstructed
state.

5 Empirical evaluation

This sectionpresentsheresults of ourexperimentatiorwith
the heuristicswithin . We also comparewith the
competingapproachefCGPR GPT, HSCRandKACMBP)for
severaldomainsandproblems.

The implementatiorof usesseveral off the shelf
planningsoftware packages.The piecesof arethe
IPC parserfor PDDL 2.1, the HSP-rsearchengine[Bonet
andGeffner, 1999], andthe IPP planninggraph[Koehleret
al., 1997]. The custompartsof the implementationinclude
the actionrepresentatiorglausalstaterepresentatioandre-
gressioroperatoynotto mentionthe heuristiccalculation.

In addition to the standarddomainsusedin conformant
planning—suclasBomb-in-the-Dilet variants we alsodevel-
opedtwo new domains. We chosethesedomainsbecause
they demonstraténigher dif culty in the attainmentof sub-
goals,having mary plansof varyinglength.

The domainis a conformantadaptationof the
analogougiomainof the IPC. The addeduncertaintyto the
initial stateis conditionsthatrule whetheranimageobjective
is visible from variousvantagepoints due to weather The

for asingleplanninggraphdoesnt male
sensebecauseonsistenistatescannotbe identi®edon a planning
graphbuilt from unionedinitial states.

80nly one literal from eachclauseis taken becauseselecting
moreliteralswill only increaseéhe costof thestate.

°All testswererunin Linux on a Pentium4 1.6GHzw/512MB
RAM.



[ Problem | HCard | HMax | HSum [ HSumMax]| HLevelMax | HRPMax [ HRPMax | HRPUnion]
Roverl 0/0 0/0 0/0 0/0 129/5 147/5 145/5 145/5
2 0/0 3390/8 | 182272/8| 13701/8 4751/8 420/9 420/9 331/9
3 0/0 23857/10] 18185/10| 13542/10 | 5985/10 494711 489/11 636/11
4 0/0 0/0 0/0 736663/13 0/0 5173/15 5118/15 15530715
LogisticsI| 0/0 121719 14779 32319 198/9 343711 333711 321711
2 070 0/0 26438715 24638/15 | 2844715 11312717 8979717 6144719
3 070 0/0 2611714 ] 10079/14 | 1973/14 7952717 7536717 1723717
4 070 0/0 070 0/0 9118718 306615/22 | 241311719 [ 164748/26
BiT2 1772 32 312 312 512 1072 1172 1172
10 78/10 | 3920/10 | 3921/10 | 2737710 5118/10 10560/10 10253/10 462/10
20 364/20 0/0 0/0 0/0 0/0 0/0 0/0 3380/20
30 0/0 0/0 0/0 0/0 0/0 0/0 0/0 41114/30
40 0/0 0/0 0/0 0/0 0/0 0/0 0/0 307590/40
BiTC2 6/3 473 473 513 1173 1673 1673 1673
10 106/19 | 9798/19 | 10072719 5001/19 | 10016/19 | 197191/19 | 179249719 | 801/19
15 353729 0/0 070 0/0 070 070 0/0 1987729
20 070 0/0 070 0/0 0/0 070 070 4077739
25 070 0/0 070 0/0 0/0 070 070 8218749
30 070 0/0 070 0/0 0/0 070 070 66287759
Cube2 [ 24682/4] 10/3 1073 19/3 40/3 7413 64/3 64/3
4 0/0 43419 43419 1486/9 220719 5021/9 2704/9 3671/9

Figure4: This tableshaws the performancenf the planninggraphheuristicswithin
, whereapplicable.Legend— [Searchtime (ms)/Plarlength],“-": OoMemoryor OoTime.

indicated,use ,and

goalis to uploadanimageof anobjective, thusa conformant

. All heuristics,unlessotherwise

plan requiresvisiting all of the possiblevantagepointsand

taking a picture. Signi cant negative interactionof actions

comesin throughhaving to calibratethe cameraon an ob-

jective beforetakingthe picture,but navigatingtheroverwill

de-calibratehe camera.

The domainis a conformantadaptationof the

classical domainwheretrucksandairplanesnove

packagesTheuncertaintyis theinitial locationsof packages.

Theproblemsscaleby addingpackagesndcities.

shaws thatconformantplanningproblemscanrequirereach-

ability heuristicsput thecostof computingthe heuristicmust

beconsideredn relationto thebene t of the search.

Figure 4 shows the performanceof the heuristicswithin

wherethe heuristicweightis 5 for all heuristicsFor

[Problem | CGP [ GPT [ HSCP [ KACMBP [ HLevelMax [ HRPUnion]
Roverl | 135/5 | 25960/5 | 3530/7 | 100/5 12075 145/5
578817 - 10690/10] 700713 475178 33179
3 - - 10780/10] 710/13 | 5985/10 | 636/11
7 - - 30680/13]  800/22 0/0 15530715
Logistics1| 6478 6979 20126 20712 198/9 321711
2 1323711] 580715 | 120/26 | 200/12 | 2844715 | 6144719
3 168/10 | 262711 - 180/28 | 1973[4 | 1723/17
7 4559/14| 4756718 E 210/28 | O118/18 | 164748126
BiT2 271 4202 2072 1072 52 1172
10 6371 | 234710 | 30710 20710 5II8/10 | 462710
20 103271 - 40720 40720 0/0 3380/20
30 549271 20730 50730 0/0 AT114730
40 16005/1 - 50740 80740 0/0 307590740
BiTC2 23 9273 2073 1073 1173 1673
10 - 288/19 | 20719 10/19 | 10016/19 | 801/19
15 = 34280/19| 30719 20719 0/0 1987729
20 - - 10/39 80739 0/0 4077739
25 20749 90749 0/0 8218749
30 - 10/59 | 140/59 0/0 66287/59
Cube? 273 VK] 1073 2003 543 |
4 63/9 079 0/9 220719 36719

performswell, but the unioningapproach
for may be a bit more costly thansimply taking a maxi-
mum, asin However, in the unioningis
worththeeffort becausét reducegheoverallsearchimesig-
ni cantly over maximization.Furthermorepsingsetsof ac-
tionsasthe valuesprovesto bemoreinformedthansimply
usingnumericalestimates.With the exceptionof
the heuristicsbasedon numericalestimatesare largely un-
informed on the and domains. Therea-
son theseother heuristicsdo not provide as much relevant
informationis thatthey are eitherbasedon single planning
graphsand/oruse  to costa belief stateon a planning
graph;this meansthat we're not consideringoverlap of in-
dividualworld plansor mutex interactionof literals. Notice,
that doesnt solve ary of the problemsin thesetwo do-
mainsbecauseaswe indicatedin section3, cardinalitydoes
not provide accuratereachabilityinformationthat is neces-
saryin morecomplex domains.

Figure 5. This table shavs the performanceof CGR
GPT, HSCR KACMBP in comparisonwith and

Legend — [Searchtime (ms)/Planlength], “-":
OoMemoryor OoTime.

However, doesperformbetterin the traditionalcon-
formantplanningdomains: , , and , asex-
pected.Thesurprisingthing is that , while outperform-
ing in easierproblems,doesnot scaleaswell as .

‘sadvantageover is thatit considergheunion
of non-unitcostsof the minimum-cost in de-
termining reachabilityestimategatherthanthe sumof unit
costsof . The advantageof over the other
planning graph heuristicsin thesedomainsis that it actu-
ally countsthe numberof actionsthat are neededamongall



worlds. Simply consideringa max amongworlds gives no
discernibleinformationaboutreachabilitypecaus@amongin-
dividualworldstheinitial statesareequidistant.
Figure4 alsoshowvs a comparisorof

and toillustratethe speedumf not explicitly expand-
ing . Thebenet of using appearsn problems
wheretherearemary clausesn aclausalstate hence
is large,suchasin andin . However, thegain
is smallin problemswereuncertaintyis morelimited.

whenusing

Comparisons to other planners: Although this work is
aimedatgiving agenerakcomparisorof heuristicfor confor
mantplanning,we alsopresenta comparisorof two heuris-
tics within to someof the otherleadingapproaches
to conformantplanning. Note, since eachapproachusesa
differentplanningrepresentatiofiBDDs, Graphplan,or ex-
plicit statespace) ot all of which evenuseheuristicsiit is
hardto geta standardizedomparisorof heuristiceffective-
ness.Nevertheless.gure 5 compare<CGR GPT, HSCR and
KACMBP with and with respectto run
time andplanlength.

An obsenationindependentf theplanningsubstratés the
optimality of plans. Optimality canbe ensuredy usingad-
missibleheuristicsput of theheuristicapproachethatarein-
admissiblet is interestingto notethatHSCPandKACMBP
tendto generateplansthat are highly inoptimal with respect

to plansgeneratedby using and
in the and domains.
For , and providethebestguid-

ance by outperformingCGR GPT, HSCR and KACMBP
(on someproblems). GPT builds a model of over 10000
statesfor , and cannotscalefor the other versions
of . CGPhastroubleconstructingts planninggraphs
asthe conformantdepthof the goal increases.The bi-level
planninggraphsin canhandlelarge domainsbetter
thanCGP's planninggraphs andthusscalemuchbetter

provides a more fertile meansof comparison.
The rst lessonto be learnedis that HSCPS cardinality
heuristic, similar to , doesnot scalewell. Yet HCSP
doesbetterthan , indicatingthatthe planningsubstrate,
opposedo the heuristic,may be responsibldor the perfor
mance.Second, canhaverelatively complex plan-
ning graphsand as problemsscaleto include more initial
statesmultiple planninggraphsbecomeessattractive. This
issueis addresseth thefollowing discussion.

The and domainsshaw that is com-
petitive with CGPandGPT, but is dominatedby HSCPand
KACMBP with respectto handling common structure of
problems.

For , the planninggraphheuristicsseemto perform
well with respectto the other plannersin regardsto search
time, but have problemsscalingto thelevel of otherplanners
asthe numberof initial statesincreasegxponentially This
problemis addresseth thefolloweddiscussion.

Heuristic Computation Cost: The adwantageof our ap-
proachto computingheuristicsfor conformantlanningwith
planninggraphsis that we can give signi cant directionto
conformantlanners Additionally, we've shovn thatconfor
mantdomainsexist that necessitatsuchaccurateestimates.
However, in the currentimplementationthe costof comput-
ing the multiple planninggraphheuristicsis still quite high.
We arepursuingsomevery promisingideasfor reducingthis

cost: (1) representing subsebf theinitial statesasplanning
graphsand (2) condensinghe multiple planning graphsto

oneby usingsupportiabelson propositions.Theseimprove-
mentsarebasecdon theinsightthatsincethe planninggraphs
arebeingusedasa basisfor heuristics—rathethanasa basis
for searchasin the caseof CGP—wecanlimit the amount
of effort we expendin the heuristiccomputationpy trading
off heuristicaccurag (c.f. [Nguyenetal., 2002]). Choos-
ing theright subsebf initial stateso usefor building graphs
seemdricky, but maybefacilitatedthoughidentifying uncer

tainty dependenciesetweeriteralsandonly building graphs
with the dependeng sets. The multiple planninggraphscan
representa large amountof redundang when the possible
worlds are quite similar. To avoid this, we are pursuingan

ideacalledlabeledplanninggraphs which usea singlecon-
densedyraph.Theliteralsandactionsof thecondensedraph
wouldbelabeledto indicatetheworldsin whichthey aresup-
ported.Whencomputingheuristiccosts aliteral'slevelis not

the rst level whereit appearsbut the rst level whereits la-

bel indicatesit hasfull supportin every world. Thelabeled
graphswould save time in planninggraphconstructionand
heuristiccostcombinationamongworlds becauseave could

have  asadirectestimateto get . We arecurrentlyim-

plementingandinvestigatingheseémprovementgo heuristic
computation.

6 RelatedWork

The recentinterestin conformantplanning can be traced
to CGP [Smith and Weld, 1998], a conformantversion of

Graphplanwherethe graphsearchis conductedon several
planninggraphs,eachconstructedrom one of the possible
initial states.More recentwork on C-plan[Castellinietal.,

2001]andFrag-PlariK urienetal., 2002]generalizéhe CGP
approactby orderingthesearche thedifferentworldssuch
thattheplanfor thehardesto satisfyworld is found rst, and
is thenextendedto the otherworlds. Although uti-

lizes planninggraphssimilar to CGPandFrag-plan,in con-
trastto them, it only usesthemto computereachabilityesti-
mates. The searchitself is conductedn the spaceof belief
states.

Anotherstrandof work modelsconformantplanningasa
searchin the spaceof belief states. This startedwith Gene-
serethandNourbakhsH1993], who concentrate@n formu-
lating a setof admissiblepruning conditionsfor controlling
search. Therewere no heuristicsfor choosingamongun-
pruned nodes. GPT [Bonet and Geffner, 2000] extended
this ideato considera simpleform of reachabilityheuristic.
Speci cally, in computingthe estimatedcostof abelief state,
GPTassumethattheinitial states fully obsenable.Thecost
estimateitself is donein termsof reachability(with relaxed
dynamicprogrammingratherthanplanninggraphs). GPT's
reachabilityheuristicis similarto our heuristichecause
they bothunderestimatthecostof thefarthes{maxdistance)
stateby looking at a deterministicrelaxationof the problem.
In comparisorto GPT, canbe seenasusingheuris-
tics thatdo a betterjob of consideringthe costof the belief
stateacrosghevariouspossibleworlds.

A sub-stranaf searchn beliefstateds the MBP-family of
planners—CMBPHSCP[Bertoli etal., 2001JandKACMBP
[Bertoli and Cimatti, 2002]. In comparisorto , the
CMBP family of plannersall represenbelief statesin terms



of binary decisiondiagramsandaction applicationis mod-
eledasmodi cationsto theBDDs. CMBP andHSCPsupport
both progressiorandregressionin the spaceof belief states,
while KACMBP s a progressiomplanner While CMBP con-
centratedon efcient BDD manipulations, HSCP employs
cardinality heuristicin addition. Before computingheuris-
tic estimatesKk ACMBP pro-actively reduceghe uncertainty
(disjunction)in the belief stateby taking actionsthat effec-
tively force the agentinto stateswith reduceduncertainty
The motivation for this approach validatedby our current
empirical study is that applying heuristicsto belief states
containingmultiple statesmay not give accurateenoughdi-
rectionto the search.While reducingthe uncertaintyseems
to be aneffective idea,we notethat(a) not all domainsmay
containactionsthatreducebelief stateuncertaintyand(b) the
needfor uncertaintyreductionmaybereducedvhenwe have
heuristicsthat effectively reasonaboutthe multiple worlds
(viz., our multiple planninggraphheuristics). Nevertheless,
it would be very fruitful to integrateknowledgegoal ideas
of KACMBP and the reachabilityheuristicsof to
handledomaingthatcontainboth high uncertaintyandcostly
goals.

In contrastto thesedomain-independerdapproacheshat
only requiremodelsof the domainphysics,PKSPlan[Bac-
chus,2002]is a forward-chainingknowledg-basedolanner
that requiresricher domainknowledge. Finally, is
alsorelatedto, andan adaptatiorof the work on reachability
heuristicdor classicaplanning,including [Nguyenet
al., 2002], FF HoffmannandNebel[2001] andHSP-rBonet
andGeffner[1999].

7 Conclusion

With the intent of scalingconformantplanningto domains
wherereachabilityof subgoalss a non-trivial searchprob-
lem, we have:

1. Indicatedthe heuristic measuredor conformantplan-
ning that shouldbe estimatedfor accuratesearchcon-
trol.

2. Shavn how to computesuchheuristicmeasuresnplan-
ning graphswhen using a clausal,factoredrepresenta-
tion of belief states.

3. Providedempiricalcomparison®f thesemeasures.

We have also presentedextensionsto our work that are
aimed at scaling conformant planning, through reduced
heuristiccomputation,to considereven more complex do-
mains.
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