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Abstract

Scalingconformantplanningis a problemthathas
received much attentionof late. Many planners
solve theproblemasa searchin thespaceof belief
states,andsomeheuristicguidancetechniqueshave
beendevelopedto estimatethe distancebetween
belief states.We claim thatheuristictechniquesin
the past involved an ad-hoccombinationof clas-
sical planningheuristicsandcardinalitymeasures.
We discusshow to combinethem systematically,
with the help of planning graphs,such that the
measuresre�ect the reachabilityof relevant states
within belief states.To demonstratetheseideaswe
show how distancesbetweenbeliefstatescanbees-
timatedby a setof reachabilityheuristicswithin a
conformantregressionplannernamed�������	�
��� .

1 Intr oduction
Ever sinceCGP[Smith andWeld, 1998]a seriesof planners
have beendevelopedfor tacklingconformantplanningprob-
lems – including GPT [Bonet and Geffner, 2000], C-Plan
[Castellini et al., 2001], PKSPlan[Bacchus,2002], Frag-
Plan[Kurien et al., 2002], HSCP[Bertoli et al., 2001], and
KACMBP [Bertoli andCimatti, 2002]. Someof theseplan-
nersareextensionsof heuristicstatesearchplanners,yet de-
spitetheir successthereis asyet little understandingonwhat
thebasisfor heuristicsshouldbe.

Giventhedifferentsearchstrategiesusedby theplanners,
it washardto analyzethe impactof variousheuristicsapart
from the planning substratethat is used. Of the different
strategies,only GPT andKACMBP usenon-trivial reacha-
bility heuristics,however the former usesan explicit repre-
sentation,and the latter usesa factoredrepresentationwith
BDDs. GPThasevenbeenoutperformedby HSCP(aprecur-
sorto KACMBPthatreliesonly onbeliefstatecardinalityfor
guidance).Thissayslittle of themeritof theheuristicsof the
two approachesbecausewhile HSCP's searchengine,based
onbinarydecisiondiagrams,is quitesophisticated,its heuris-
tics arequiteprimitive. KACMBP improvesuponHSCPby
combininganadjustedcardinalityheuristicwith a reachabil-
ity heuristic.Theforwardchainingplannerusesa reachabil-
ity heuristicsimilar to FF [Hoffmannand Nebel,2001], in
that it takesa relaxedprojectionfrom thecurrentbelief state
to the goal andsumsover the costsof literals in the current
beliefstate,or �nds themaximumdistancebetweenany state

in the currentbelief stateand the goal state. The adjusted
cardinalityandreachabilityarecombinedby aweightedsum
to get a heuristicvalue. Still, comparisonsof the heuristic
effectivenessof KACMBP cannotbedecoupledfrom theef-
fectivenessof thesearchsubstrate.

Thus, we will discussthe effectivenessof the heuristic
techniquesin a decoupledfashionto explorewhatmeasures
may be bene�cial for any substrate.We arguethat the pre-
vious ideaof usingthemaximumdistancebetweenany pair
of statesin thebeliefstatesin thedistancecomputationis not
the bestmeansto assignheuristicvaluesto a searchbelief
state,nor doescardinality have a real meaningwhen cost-
ing distance.Thereasonthat themaximumdistanceis used
by forward-chainingplannerslikeKACMBPandGPTis that
thereis a singlegoal stateandeachof the statesin the cur-
rentbelief statemustbeableto reachthegoal,otherwisethe
distancefor thecurrentbeliefstateis in�nite. However, when
therearemultiplegoalstates,thenamaximumof all distances
doesn't makesensebecauseall of thestatesin thecurrentbe-
lief statemust reacha goal state,not all goal states.Also,
cardinalityhasbeenseenasan effective heuristicfor guid-
ing searchby leveragingtheknowledgethat therearemulti-
ple initial statesanda singlegoal state.However, assearch
progressesor regresses,therecanbe an arbitrarynumberof
statesin any belief state. Cardinality just happensto work
well whenthedomainis structuredsuchthatthereis amono-
tonic increaseor decreasein thesizeof a belief statesduring
search.In otherwords,eachactionthat is usedin a confor-
mantplanwill eitherincrease(in regression)or decrease(in
progression)thesizeof thecurrentbelief state,andall other
actionseitherdecrease(in regression),increase(in progres-
sion),or maintainthesizeof thebelief state.This occursin
many of the domainsin conformantplanningliteraturelike

��
��

, ������� , and �


����

. Cardinalitycanleadthesearchastray
in the

��
��

domain,for instance,if thereweremany pack-
agesbut in theinitial statewe specifythatthebombis in one
of a subsetof thepackages.In regression,therewill still be
applicableactionsfor dunkingeachof thepackages(possibly
containinga bombor not). Cardinalitywill direct thesearch
to arbitrarily selectdunkactionsthatmayor maynot be for
packagesthatarerelevantto theproblembecauseregressing
eachactionwill increasethecardinalityof a belief state.

Giventheseobservations,our intentis to:
1. Describe,in general,what heuristicestimatesfor con-

formantplanningshouldbemeasuring
2. Show how suchheuristicscanbe computedwith plan-



ninggraphs
3. Provide empiricalcomparisonsof the computationap-

proaches.
To facilitate this discussion,we describeand evaluatethe
heuristicswithin a conformantplannercalled ���
���	�
��� .

�������	����� doesregressionsearchin the spaceof “clausal
states” (which are conjunctive representationsfor sets of
states).The challengesin developingplanninggraphbased
heuristicsfor ���
���	�
��� include: (i) handlingthe reachability
costof setsof statesrepresentedasclausesand(ii) handling
uncertaintyin theinitial stateby basingheuristicsonmultiple
(ratherthana single)planninggraphs.Our empiricalstudies
show that planninggraphbasedheuristicsprovide accurate
guidancecomparedto cardinality heuristicsas well as the
reachabilityheuristicusedby GPT, andarecompetitivewith
forwardspacecombinationheuristicsusedwithin KACMBP.

Wepresentourwork by �rst explainingthestateandaction
representationusedwithin ���
���	�
��� , thendiscussappropriate
heuristicmeasuresfor conformantplanning,followedby the
setof heuristicsusedwithin ���
���	�
��� for searchcontrol, fol-
lowedby empiricalevaluation,relatedwork, andconcluding
remarks.

2 Stateand Action Representation

StateRepresentation: As discussedin [BonetandGeffner,
2000], conformantplanningcan be seenas a searchin the
spaceof belief states.

A belief state
�����

is a set of multiple world states
�

�����
	�	�	��
�����
	�	�	��������

.
We chooseclausalstatesas a factoredrepresentation,in

CNF, of belief states.
A clausal state �

�
�

, logically equivalentto
���

�

, is a set
of clauses
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whereeach��� is adisjunction
of a setof literals
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. A conjunctiveclausal
state �
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� is a setof unit clauses,when !
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also refers to a state
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with a conjunctive set of literals
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Using the
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1 problemasa runningexamplefor this
paper, theclausalstaterepresentationof
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� 's initial state
is:
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is saidtobesatis�ed byanotherclausal
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1Bomb in theToilet with Clogging.For theuninitiated,hereare
thearcanaof the Bomb in the Toilet family of problems:Bomb in
theToilet ( SMTAU )–theproblemincludestwo packages,oneof which
containsa bomb,anda toilet. Thegoal is to disarmthe bomband
theonly allowableactionsaredunkinga packagein the toilet. The
variation“bomb in thetoilet with clogging” or SVTAUNW saysthat the
toilet will clog unlessit is “�ushed” aftereach“dunking” action.
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, then �
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is inconsistentwith �
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tion of )+*�, in �
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is satis�edby
-

)+*�, in �

��&

.
The set of constituents X

1

�

���Y6

of a clausal state
is all minimal conjunctive clausal states

�0�

that sat-
isfy �

���

. X

1

�

���Y6

is equivalent to a DNF representa-
tion of a clausal state's CNF representation. For exam-
ple,
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Since we're dealing with partial regression states,

X

1

�

� � 6

may not representall states in a belief state
��� �

, so we de�ne \X

1
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as the complete set of
states representedby
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Action Representation: An action )a` , of the action set
�b"

�
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, is describedin termsof (1) an ex-
ecutability precondition d_e , and (2) several conditionalef-
fects of the form ( f gLhidagkj l�g ), where dGg and l�g

are, in general,clausalstates2. The executabilityprecondi-
tion dae (a clausalstate)of the actionmust hold for the ac-
tion to be executable.Eachconditionaleffect is of the form

' antecedent(preconditiond
g ) j consequent(effect l

g )
:

. The
antecedentor consequentof the individual effects can be
empty. In the �rst case,the action hasa de�ned outcome
in any state;andin thesecondcase,thecorrespondingeffects
occurin all worlds.Theconditionaleffects fmg makeupa set

npo7q
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As anexample,theactionsfor
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� areexpressedas:
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Regression: Conformantplanning by regressionis just a
searchin the spaceof clausalstates,startingwith the goal
stateandregressingit non-deterministicallyover all relevant
actions. Clausalstatesare regresseduntil �nding a clausal
statethat is satis�edby the initial state.Themaindifference
betweenregressionsearchin conformantandclassicalplan-
ning is that becauseof disjunctionin the initial statea con-
formant plannercannotsplit the disjunction in a regressed
state3 into thesearchspace– andthushasto handledisjunc-
tiveclausalstatesdirectly.

Following [Pednault,1987],regressingaclausalstate�

�
�

over anaction )
` involvestaking theunionof causationand

preservationclausesof each�N�}O �

���

w.r.t. eacheffect f
g

of )+` . Formally, theresult �

�
��<

of regressingtheclausalstate
�
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over theaction )
` is de�ned as:
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2 ˆ%‰ is aconjunctiveclausalstatebecauseweareonlyconsidering
non-deterministicactions.

3To seethis, considerthat we have a goal Š�‹•Œ . Splitting the
disjunctsinto the searchspacetreatsthe goal as Š•Ž•Œ , which will
notbesatis®edif theinitial statehasŠ}‹5Œ .
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Figure1: Regressionpathfor
��
��

� example.

Executability clause( dGe ) is theexecutabilitypreconditionof
)

` . This is whatmusthold in �

���
<

for )
` to havebeenappli-

cable.
Causationclausefor a clause�

� w.r.t aneffect f9g h�dag j

l
g of an action )

` (denotedby
†

€G•

o
q
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) is de�ned as the
weakestclausethatmusthold in thestatebefore)G` suchthat

f
g causes��� . Formally
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is de�ned as:
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Preservation clauseof aclause�

� w.r.t. aneffect f9g•h�dag•j

l
g of action )

` (denotedby ‡
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o
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) is de�ned astheweak-
estclausethatmustbetruebefore )a` suchthat �

� is not vio-
latedby theeffect l

g of f
g . Formally ‡
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o
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is de�ned:
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n
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Example of Regressionand Search: Sinceclausalstatere-
gressionis notcommonlydiscussedin planningliterature,we
will now give a completeexampleof clausalstateregression
searchwithin

� 
��

� . Thesearchstatesareshown schemati-
cally in Figure1. Westartwith initial andgoalclausalstates:
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�

�&%

becausethey both have
-

)J*�, as a conditional ef-
fect consequent. The regressedstates �

�
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x are
constructedfrom the causationclauseand the executability
clausefor therespectiveactions.
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Noticethat in classicalplanning,we would have saidhere
that ���
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is directly givenby )
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. However, theweakestprecon-
ditionsfor
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Finally, both
,
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�)-

actionsare applicableagain for the
samereasonas the generationof �

���

and �

�

x . Choosing
the unchosen

,
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�)-

action,given the searchpath,will lead
to a statewith new information.After regressingall applica-
ble
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actions,weget �
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and �

� 0

are both satis�ed by �

�R&

becauseevery
clausein theclausalstatesis satis�ed by a clausein the ini-
tial state,soeitheris a terminalsearchnode,andthepathof
actionsleadingto it is aconformantplan.

3 Factored Belief StateDistanceEstimation
We will startby discussingwhatmeasuresareworth estimat-
ing for providing heuristicguidancefor conformantplanning.
Considertheexamplein Figure2; therearetwo belief states

���
�

and
���

x thatwearetrying to assignheuristicmeasures
for thedif�culty of reachingthe initial belief state

���
&

. We
would like to estimate

, �

and
,

x , theactuallengthsof con-
formantplansfrom

����&

to
���

�

and
���

x , respectively. The
arcson

���

x labeled 2

�

and 2
x areshowing how statedis-

tancemeasuresarecombined.
Thereareseveral factorsto considerandleveragein mak-

ing this estimationof
,

�

and
,

x :

1: \X

1����
�

6

, thesetof statesin thebeliefstate.

2: Reachabilitymeasuresbetweenpairsof individual states,
3

�
�54�v

, whereeachpair is a state
�Rv

from
���

&

and
���

from
�����

, aswell as2

�

and2�x , thecombinationtechniquesfor the
distancesof individualstatesto obtain

3
�

, adistanceestimate
to

,
�

.

3: The overlap of independentplansthat reachthe relevant
statesof

���
�

from statesin
���

&

.
The cardinality of a belief statemay be usedas a cheap

heuristicthatassumesthata largerbeliefstatehasmoreprob-
ability of containingthestatesin theinitial beliefstate.How-
ever, thiscanbemisleadingbecauseeventhoughabeliefstate
is large,we maynot beableto extendit to includetheinitial
states,duringregression

Thereachabilitymeasuresof pairsof states(
3

�
�540v

) or pairs
of belief statesandstates(

3

�
40v

) alsore�ect how dif�cult a
conformantplanwill be to construct.These

3
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and
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�
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measurescan be handledas either numbersestimatingthe
plan lengthor setsof actionsestimatinga plan. Also impor-
tant is how to combinethe

3
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3

�
4�v

measuresto ulti-
matelyget theestimate

3
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. We de�ne two combinations:2

�

,
which usesthe
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�
�540v

's or estimatesdirectly to get the
3

�
4�v

measures,and 2sx , whichcombinesthe
3

�
4�v

measuresor esti-
matesdirectly to get

3
�

. Theapplicableoperationsallowable
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Figure2: Exampleof ConformantPlanDistanceEstimationin Belief Space

in 2

�

and 2Cx for numericalestimatesare minimum, maxi-
mum,andaverage;andfor estimatedsetsof actionswe can
take the minimum cardinalityset,maximumcardinalityset,
or theunionof sets.Note,setsof actionscanbeturnedinto
numericalestimatesby takingthecardinalitiesof thesets;this
necessarilyhappensbeforewe geta �nal numberfor

3
�

.

Furthermore,of thereachabilitymeasuresfor
���

O \X

1����
�

6

therecanbemuchredundancy becausethesameactionsmay
be usedin many of the individual plansthat mapthe initial
states

���
&

into X

1����
�

6

, hencehavehighoverlap.As wewill
show, keepingsetsof actionsinsteadof numericalestimates
for the

3

measurescanallow usto reasonaboutoverlap.

For example,in Figure2, only using !m\ X

1������86

! to estimate
3

�

will tell us that
�����

is a betterchoicebecausethereare
four statesin it, opposedto two in

���

x . This maynot bethe
bestchoicebecauseit couldbethecasethat

=0�

�

v 3G�8�54�v

"�� .
Alternatively, abandoningcardinalityandusinga heuristic

similar to GPT, we'd setboth 2

�

and 2
x to take a maxin or-

derto �nd the �����

�

�

v 3
�

�54�v

to for theestimate
3

�

. However,
this is problematicfor thesamereasonas !9\ X

1����
�

6

! because
maybe

E+�

�

v 3G�8�54�v

"�� . Thenwe'd eliminate
���

�

from con-
siderationby assigning

3G�

acostof � , eventhoughtheother
statesin

�����

mayall have very low distancesto
���

&

, with
respectto thedistancesof statesin

���

x .
This bringsup an importantpoint for consideringhow to

de�ne 2

�

and 2�x for costinga belief state.We would prefer
2

�

to be a minimizationbecausea state
�0�

O

���
�

may not
evenberelevantto achieving thestate

�
v

O

����&

andtaking
themaxwould give

3
�

4�v

"�� . Theminimizationis impor-

tantbecauseweneedonly onestate
�

�

O

�����

to havea�nite
distancefor each

�Rv

O

���
&

. However, for 2
x it is impor-

tantto takeamaximizationbecausethedistancefrom
�����

to
����&

is at leastthe largestdistancefrom the minimum-cost
relevantstatesof

���
�

, andif for any state
�Rv

O

���
&

thatthe
distance

3
�

40v

"�� then
3

�

"�� becausethatinitial state
�

v

is unreachable,from
�����

.
Anotherapproach,thatof KACMBP [Bertoli andCimatti,

2002], is to considera heuristicthat combinesreachability
with relevance-basedcardinality(or asthey call truthpercent-
age)for forwardchainingsearch.Thereachabilitymeasureis
takeneithersimilar to GPTasa �����

�

�

v 3
�

�54�v

, or a sumover
thecostsof goalliteralsin aprojectionfrom

�y�

to get
3 �

.
Thelessonto belearnedis that in regressionnot all of the

states
�

�

O

�����

needto be costedwith respectto eachof
the initial states,only the min-cost

���

for each
�Rv

O

���
&

.
Whereas,in progression,if thereis a singlegoal state,then
eachof the statesin the currentbelief statemusthave �nite
distanceto thegoalto beuseful.However, thesameargument
for regressionholds in progressionwhentherearemultiple
goalstates;we only carethateachof thestatesin thecurrent
belief statehas�nite distanceto oneof the goal states.So
wewould like to take themaxof themin-costdistancesfrom
eachof the statesto oneof the goal statesbecausesomeof
thestatesin thecurrentstatemaynot be ableto reachall of
thegoalstates.

4 Heuristics
This sectionprovides, �rst, threesetsof heuristicsthat es-
timatethesedistancecomputations,andsecond,approxima-



tionsto thedistancecomputationsthatimproveperformance.
All of theheuristicsusedin �������	�
��� arewithin thecontext

of greedybest�rst search(cf. [Bonet andGeffner, 1999]),
wherethe reachabilitycost of a clausalstateis �

1

�

�R�Y6

"

��1

�

� � 6���������1

�

� � 6

. The
�01

�

� � 6

term is the numberof
actionsregressedfrom the goal stateto reach �

�R�

,
�

is the
weight term, and

�R1

�

���86

is the heuristic estimateof how
many actionsareneededto reachthe initial statefrom �

� �

.
Thesearchis guidedby expandingtheclausalstateswith the
lowestcost �

1

�

���86

.
For theremainderof thissection,to illustratethecomputa-

tion of eachheuristic,we useanexamplefrom
��
��

� called
�

��
��

� ,4 wherea courteouspackagedunker hasto disarm
the bomb and leave the toilet unclogged. This problemis
usedbecausethegoalstatehastwo conjuncts,allowing better
illustration of heuristiccomputationthat combinesthe costs
of individual subgoals. The initial clausalstateis �

��&

"

' )J*�,

��-

�

�Q.

����1�
���2

#53


���254�67�%18- 
���2

# 3

- 
���254J6Y:

, and the
goalis �

� %

"('

-

�

�/.

�0��-

)+*�,

:

. Theoptimalactionsequences
to reachG from I is:

�

,

�

�)-G2

#•j
	 ���0~

�

j

,

�

�)-G254

j

	 ����~

���

, or
�

,

�

�)-G254

j�	 ����~

�

j

,

�

�)-G2

#•j
	 ���0~

���

,
thustheoptimalheuristicestimateis

�
��1

�

� % 6

"�� because
in eitherplantherearefour actions.

4.1 Cardinality
The ideabehindcardinality is to countthe numberof states
that arerepresentedby a belief state. This canbe useful in
regressionbecausethe more statesthat are in a belief state
thebetterchancethat the initial statesarein thebelief state.
The �rst meansby which we make this measureis to take a
beliefstateand�nd its setof constituents,X

1

�

�R�86

, to approx-
imate \X

1

�

�
�

6

. Usinga clausalstate�

�
�

directly, we expand
�

���

into its setof constituentstatesX

1

�

���Y6

andcountthem.
Formally,

���;o

r��

1

�

���Y6

" !�X

1

�

���86

! .
For instancein �

��
��

� ,
�

�;o

r��

1

�

�
%

6

" # .

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-
teractionsbetweenpossibleworlds. Thus, for �

� 
��

� ,
the initial level of the planning graph is expressedas

�

��&

"(' )J*�,

��-

�

�Q.

��� 
���2

#

� 
���254_��- 
���2

#

�
- 
���254�:

, ignoring
the “xor” connective between


���2

# and

���254

. Once the
planninggraphis computed,the level �

1

���

6

at which a par-
ticular literal appearsin theplanninggraphis laterusedat its

�

. ~ � . Notice, 2
x

"�� becausethereis only one
3

�
40v

value
estimatedby asingleplanninggraph.

Themostsimpleconformantplanningheuristicto compute
onaplanninggraphis

�

�

o���1

�

���Y6

" �����

>0?[@�>�B
D

�

. ~ �

1

�m�

6

, where
�

. ~ �

1

���

6

" �����

���
@�>0?

1

�

1

�
�

6 6

.
Herewe use 2

�

" estimate,and 2
x

"�� whenconstruct-
ing thecheapestsetof literalsandtakingthemaxcostliteral.
This is approximateto GPT's heuristicbecauseit takes the
max distanceto reacha literal of the goalstate,which is an
underestimateof themostdistantstate.Anotherheuristicis:

4CourteousBiTC.

�

|;u��

1

�

���86

"  

>�?[@�>�B D

�

. ~ �

1

���

6

which sumscostsof the literals of the closestestimated
statein the belief state. It uses 2

�

" estimate,and 2 x "

� . Other heuristicsconsideringmutex information can be
computedonasinglegraph,andwehaveinvestigatedseveral
of them.They arenotdiscussedherefor lackof space.

The main disadvantagesof singleplanninggraphheuris-
tics is that they make it hardto reasonaboutthe overlap of
independentplansfrom theinitial states,andmakeit dif�cult
to identify consistentstatesbecausethegraphis built from an
inconsistentunionof literals.

4.3 Multiple planning graph heuristics
Single graphheuristicsare mostly uninformedbecausethe
initial beliefstatecorrespondsto multiplepossiblestates.The
lack of accuracy is becausesinglegraphsareoften not able
to capturepropagationof world speci�c supportinformation.
Consider, in

��
��

� , if
,

�

�)-G2

# was the only action, then
,

�

�)-G2

# hasnothingto be mutex with. We could saythat
-

)+*�, is reachablein level 1, but in factthecostof
-

)+*�, is
in�nite (sincethereis no

,

�

�)-G254

to fully support
-

)+*�, ),
andthereis noconformantplan5.

To accountfor this andsharpenthe heuristicestimateby
accountingfor supportacrossall possibleworlds, multiple
planninggraphs! areconsidered.Given the initial clausal
state �

�
&

, we grow a planninggraph "

v

O#! for eachcon-
junctive initial state

�
v

O…X

1

�

��&�6

. With multiple graphs,the
achievability costof aclausalstateis computedin termsof its
achievability in all theconstituentgraphs.In generalweonly
build theminimal independentsetof graphsfor �

��&

because
X

1

�

��&�6

is thesetof minimally satisfyingstates.Hence,one
disjunctis chosenfrom eachclauseto constructagraph,thus
the independentsetof graphs. We now canestimatemany

3
�

4�v

measuresandneed2Cx to combinethem.
For examplein

� 
��

� , therewould be two graphsbuilt
(Figure3). They wouldhavetherespectiveconjunctiveinitial
levels:

��&%$

h ' )+*�,

��-

�

�Q.

��� 
���2

#

��- 
���254�:

�
&'&

h ' )+*�,

��-

�

�Q.

���
- 
���254_� 
���254�:

In thegraphfor the �rst world,
�R&%$

,
-

)+*�, comesin only
through

,

�

�)-G2

# at level 1. In the graph for the second
world,

��&
&

,
-

)J*�, comesin only through
,

�

�)-G254

at level 1.
Thus,themultiplegraphsshow whichactionsin thedifferent
worldscontributeto thesamefact'ssupport.

Thereareseveralwaysto computetheachievability costof
a clausalstatewith multiple graphs,asfollows:

Sum-max(
�

|;u��)(

ƒ+*

): Theeasiestheuristicto computewith
multiple planninggraphsis

�

|;u��
(

ƒ+*

. The
�

|;u��
(

ƒ+*
1

�

�
�

6

computesthesumof thecostof theclausesin �

���

for each
graph"

v

O,! andtakesthemaximum.Formally:
�

|;u��)-/.10

1

�

���Y6

" �����3254

@7698
�

|;u��;:

4

1

�

���Y6%<

Hereweuse2

�

" estimate,and2CxV" maximum.
�

|;u��)(

ƒ=*

considerstheminimumcost,relevantliteralsof a belief state
(thosethatarereachablegivenaninitial statefor eachgraph

"

v

) to get
3

�
40v

measures.Themaxis takenbecausetheesti-
mateaccountsfor theworst(i.e., theplanneededin themost

5If any of theplanninggraphsdoesnot “reach” all of thegoals,
thenthis is an indicationthat a conformantplan doesnot exist (as
would bethecasewith only the >@?BA/CEDGF actionin SMTAUNWIH ).
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Figure 3: Multiple planning graphs for �
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and
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D
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1
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in ovals.

dif�cult world to achieve the subgoals)6. This max nulli�es
the chanceof getting any overlap information betweenthe
worlds, but taking an averageor sum wouldn't help either
becausethereis no way to tell overlapby looking at thenu-
mericalestimatesfor eachworld.

From the �

��
��

� , the goal is �

�
%

" '

-

�

�/.

�0��-

)+*�,

:

.
Computingthe

�

|Fu��)(

ƒ=*
1

�

�'%�6

(Figure3) �nds
�

|;u��;:
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(denotedby circled factsin thetop graph),
�

|;u��;:

&

" #
(de-

notedby thecircledfactsin thebottomgraph),andthemax,
�

|;u�� (

ƒ+*
1�
56

" #
.

Level-max (
�

��e��7eY�
(

ƒ+*

): Similar to
�

|;u��
-/.10 ,

�

��e��7e;�
(

ƒ+*

is
found by �rst �nding

�

��e��7eY� :

4

to get
3

�
4�v

for eachgraph
"

v

O,!
, thenthemaxof this valueacrossthegraphsis taken.

�

��e��7eY�
:

4

1

�

�
�

6

is computedby taking the minimum among
the

���

O X

1

�

�
�

6

, of the �rst level ( ���
�

1Q���%6

) in theplanning
graphwherenotwo literalsin theconstituent

�
�

aremutually
exclusive. Formally:

�

��e��7eY� :

4

1

�

���Y6

" � ���
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@�����>�B
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1

���
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1Q�
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Herewe use 2

�

" minimum or estimateto get
�

��e��7eY�
:

4

,
then 2

x
" maximumfor

�

��e��7eY�
(

ƒ+*

. Note,thisheuristicis ad-
missible.By thesamereasoningasin classicalplanning,the
�rst level whereall thesubgoalsarenon-mutex is an under-
estimateof thetruecostof a state.This holdsfor eachof the
graphs.Takingthemaxaccountsfor themostdif�cult world
in which to achieve a constituentstateof �

�
�

andis thusa
provableunderestimateof

�

�

.
For the �

��
��

� goal �

�
%

"b'

-

�

�Q.
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, computing
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(Figure3) �nds
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(denoted
by level containingfacts inside boxed for the top graph),

�

��e��7eY� :

&

"

4

(denotedby level containingfactsinsideboxed

6This closely resemblesthe reachability heuristic used in
KACMBP.

for thetopgraph),andthemax,
�

��e��7e;� (

ƒ+* 1

�

�'%m6
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4

.

RP-max (
� � w

(

ƒ+*

): Following thesamemaximizationlogic
asthe

�

|Fu��)(

ƒ=*

and
�

��e��7eY� (

ƒ=*

heuristicsfor
2Cx

, but to account
for theactualnumberof actionsused,

� � w

(

ƒ=*

is computedby
�nding therelaxedplan from theconstituent

� �

O �

���

that
contributesto the

�

��e��7eY� :

4

1

�

���86

for each
"

v

O !
andtaking

themaxof thenumberof actionsin therelaxedplan.
Therelaxedplan for a clausalstate

�

�R�

is computedby a
backwardchainingsearchon theplanninggraph.We startat
theconstituent

���

O X

1

�

� � 6

, suchthat
���

is theconstituent
at level

�
, computedin

�

��e��7eY� :

4

1

�

���86

" �
. From

� �

at level
�
, for eachsubgoal

� �

O

� �

, a supportingactionis selected
(ignoring mutexes) from the

���

�

action level. Once,a sup-
porting setof actions(

~ �	�����
) is determined,the supportfor

theactionsin ~ �	��� �

is addedto thelist of subgoalsto support
for level

��� #
. Then,we look at level

� � #
the algorithm

repeatsandcontinuesuntil the initial level is reached.Thus,
a relaxed plan is the set �

2

254 "

�

~ �	���

�

�

254

, ..., ~ �	�!� |

�

254

, ...,
~ �	�����

�
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�

. Formally, when
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Here
2

�

= minimumis usedto get thecheapestestimated
relaxed plan for eachinitial state,then 2

x
" maximumis

usedto get
3

�

. This givesan inadmissibleestimatefor the
numberof actionsto reachtheeasiestconstituentstatein the
mostdif�cult world.

For �
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� , thegoalis �

�
%
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�
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. Comput-
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(Figure3) �nds
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the top graph),
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~ �	���

�
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	 ���0~
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), actionsin ovalsfor thebottomgraph),
andthemax,

���
w

(

ƒ+*
1

�

�&%�6

")&
. Noticethatthis is theclos-

estmultiplegraphestimate,sofar, for
�
��1

�

�
%

6

, but it canbe
improved.

RP-union (
�

�
w

���

D

�	�

): Observingthe relaxed plans com-
putedin the

��
��

�
examplegiven for

���
w

(

ƒ+*

, the relaxed
plansextractedfrom eachgrapharedifferent. This informa-
tion canbeleveragedto accountfor theinteractionor overlap
of the two worlds. Notice, that

~ �	���0x
for both graphscon-

taineda 	 ����~

�

actionwhich is notdependentonwhetherthe
bombis in eitherpackage.Also,

~ �	���0x
containsa

,

�

�)-G2

#

for the�rst graph,and
,

�

�)-G254

for thesecondgraph.Now,
takingtheunionof thetwo relaxedplans,wouldgive ~ �	���

x
"

�

,

�

�)-G2

#

��,

�

�)-G254_�

	 ����~

���

, thus accountingfor the ac-
tion thatis thesamebetweenpossibleworldsandtheactions
thatdiffer.

A relaxed plan is computed for each graph "

v

O

! , as in
�

�
w

(

ƒ+*

. Then, starting from the last action
level(

�

��e��7e;� (

ƒ+*
1

�

���;6

) andrepeatingfor each
~ �	���0|

until the
�rst level, we unionthesetsof actionsfor eachrelaxedplan
at eachlevel into anotherrelaxed plan [
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�

���Y6

"

=

|

�

e

�

D

„ 254

@76

~ �	���

�

�

254
]. Notice, the relaxed plansareright-

aligned, hencethe unioningof stepsproceedsfrom the last
stepof eachrelaxedplanto createthelaststepof

~ �	���,�

�

u

�
�-*

�

,
thenthesecondto laststepfor eachrelaxedplan is unioned
for ~ �	�!�

�

4��

�

u

�
�-*

�

andso on. Thenthe sumof the numbers
of actionsof the each

~ �	���0|
in the

�

2

u

�
�+*

�

is usedas the
heuristicvalue.Formally, when

�

��e��7eY� (

ƒ+*
1

�

���Y6
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Here 2

�

" minimum,and 2CxV" union.
� � w

���

D

�	�

doesn't follow the sameform asthe restof the
techniques,ratherit estimates

3 �

by �nding therelaxedplans
correspondingto ,


�� � 3 � �

for each
-

, thenunionstherelaxed
plansto gettheoverlapof plansfor relevantstates.

The insight of this heuristic is that taking the union of
action levels of relaxed plansbetweengraphswill account
for thesameactionbeingusedat thesamelevel in multiple
worlds, or overlap. Thusthe unionedrelaxed plan contains
a representative setof overlappingactionsfor achieving the
relevantstatesin a clausalstatein all worlds.
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"�� , which is equalto the optimum
estimate
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4.4 Reducingthe Costof Estimating Belief State
Distancewith ClausalStates

Searchingin thespaceof clausalstatescomplicatesheuristic
computationby ushaving to reasonaboutthereachabilityof
setsof statesfrom setsof states.Wewantto �nd astatewithin
the set

���
�

that is the easiestto reach,with respectto the
numberof actionsneededof each"

v

in thesetof
�

planning
graphsto get

3
�

. When
���

# , weareusingmultipleplanning
graphsto representdifferentinitial states,andneedto perform
somecombination2Cx of the

3
�

4�v

measuresfor each"

v

in the
setof

�

planninggraphsto get
3

�

. Otherwisewhen
�

" # ,
3

�

is simply the
3

�
4��

measure.However, therestill remainsthe
issueof �nding

3
�

40v

from the
3

�
�54�v

's. Therearethreemain
ways, � , to get thecost

3

�
4�v

measuresof a belief state
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,
with respectto aninitial statebelief state
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andget
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�
�540v

, for eachof thestates
�

�

on graph "

v

correspondingto
�

v

O
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. Thenwe
couldcombineall of the

3

�
�540v

to get
3

�
40v

by using 2

�

.
�

�
x

h Costthecheapestminimalsetof literals to getonly
one

3
�

�540v

that is usedfor
3

�
40v

. This correspondsto 2

�

beinganestimate.
�

�

(

h Cost the estimatedcheapestminimal stateto get
only one

3
�

�540v

that is usedfor
3

�
4�v

. This alsocorre-
spondsto 2

�

beinganestimate.

The �rst, andcomplete,method �

�

for �nding
3

�
4�v

is to
explicitly expanda clausalstateinto the setof statesthat it
represents(equatedwith converting CNF to DNF), by �nd-
ing X

1

�

���Y6

, thengettinga heuristicestimatefor eachstatein
X

1Q�m6

andtakingtheminimum,maximum,or averagefor 2

�

.
Clearly, a clausalstatecanrepresentan exponentialnumber
of states,so we desirea moreef�cient (lessexplicit) means
of �nding the

3

�
4�v

. Noticethat if 2

�

werea summationthat
wewouldbeableto adjusttheheuristicto considerthecardi-
nality of �

�
�

.
Thesecondidea �yx is to combinethecostof a setof liter-

alsthatminimally satis�esa clausalstate.This setof literals
isn't checked for consistency, andmay not even representa
valid state. It is found by assuming2

�

" estimatedmini-
mum and taking the min cost literal from eachclause(not

checkingthe resultingset for consistency). � x is usedfor
thesingleplanninggraphheuristicsaswell as

�

|Fu��)(

ƒ=*

. All
otherheuristics,besides

� �;o

r�� useeither �

�

or �

(

.
The third idea �

(

is constructonly one stateand use it
for the estimate(enforcing 2

�

" minimum), thus avoiding
the DNF expansioncost of �

� 7. The statewe constructis
partially speci�ed by all of the unit clausesin the clausal
state.However therestill remainsthechoiceof anappropri-
atesubsetof the literals of the non-unitclausesto complete
thestate8. Theappropriatesubsetis chosensuchthatthecon-
structedstateis theestimatedeasiestto reachof theset.This
is similar to �

�

when 2

�

" min, but we avoid costing
�

� #

states.The greedyapproachto selectingthe subsetof liter-
alsfrom thenon-unitclausesis to take thesingleliteral from
eachclausethat appearsat the lowest level in the planning
graph.Thealgorithmfor thisselectionis asfollows:
(1) Sorttheliteralsin eachnon-unitclauseby increasinglevel
of �rst appearance.
(2) Sort the non-unit clausesin decreasingorder, using the
level of the�rst elementof theclauseasthekey
(3) While the setof non-unit clausesis non-emptyand the
currentpartialstateis aconsistentstate(i.e. theliteralsof the
partialstateappearnon-exclusiveatsomelevel in thegraph)

(a) Insertthe�rst literal of the�rst non-unitclauseinto the
partialstate

(b) Removeall clausesfrom thelist of non-unitclausesthat
containtheliteral from (a)
(4) If thecompleteconstructedstateor partialstateis notcon-
sistent,thenthecostof theclausalstateis setto in�nity , other-
wisethecostof theclausalstateis thecostof theconstructed
state.

5 Empirical evaluation
Thissectionpresentstheresults9 of ourexperimentationwith
the heuristicswithin �������	�
��� . We also comparewith the
competingapproaches(CGP, GPT, HSCP, andKACMBP)for
severaldomainsandproblems.

The implementationof ���
���	����� usesseveraloff theshelf
planningsoftwarepackages.The piecesof �������	�
��� arethe
IPC parserfor PDDL 2.1 , the HSP-rsearchengine[Bonet
andGeffner, 1999],andthe IPP planninggraph[Koehleret
al., 1997]. The custompartsof the implementationinclude
theactionrepresentation,clausalstaterepresentationandre-
gressionoperator, not to mentiontheheuristiccalculation.

In addition to the standarddomainsusedin conformant
planning–suchasBomb-in-the-Toiletvariants,wealsodevel-
opedtwo new domains. We chosethesedomainsbecause
they demonstratehigherdif�culty in the attainmentof sub-
goals,having many plansof varyinglength.

The �y.�� ��* ~ domain is a conformantadaptationof the
analogousdomainof the IPC. The addeduncertaintyto the
initial stateis conditionsthatrulewhetheranimageobjective
is visible from variousvantagepointsdue to weather. The

7Notice,thatusing ��� for a singleplanninggraphdoesn't make
sensebecauseconsistentstatescannotbe identi®edon a planning
graphbuilt from unionedinitial states.

8Only one literal from eachclauseis taken becauseselecting
moreliteralswill only increasethecostof thestate.

9All testswererun in Linux on a Pentium4 1.6GHzw/512MB
RAM.



Problem HCard HMax HSum HSumMax HLevelMax HRPMax �

�

HRPMax �

(

HRPUnion
Rover1 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 5985/10 494/11 489/11 636/11
4 0/0 0/0 0/0 736663/13 0/0 5173/15 5118/15 15530/15

Logistics1 0/0 1217/9 147/9 323/9 198/9 343/11 333/11 321/11
2 0/0 0/0 26438/15 24638/15 2844/15 11312/17 8979/17 6144/19
3 0/0 0/0 2611/14 10079/14 1973/14 7952/17 7536/17 1723/17
4 0/0 0/0 0/0 0/0 9118/18 306615/22 241311/19 164748/26

BiT2 17/2 3/2 3/2 3/2 5/2 10/2 11/2 11/2
10 78/10 3920/10 3921/10 2737/10 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 4/3 4/3 5/3 11/3 16/3 16/3 16/3
10 106/19 9798/19 10072/19 5001/19 10016/19 197191/19 179249/19 801/19
15 353/29 0/0 0/0 0/0 0/0 0/0 0/0 1987/29
20 0/0 0/0 0/0 0/0 0/0 0/0 0/0 4077/39
25 0/0 0/0 0/0 0/0 0/0 0/0 0/0 8218/49
30 0/0 0/0 0/0 0/0 0/0 0/0 0/0 66287/59

Cube2 24682/4 10/3 10/3 19/3 40/3 74/3 64/3 64/3
4 0/0 434/9 434/9 1486/9 2207/9 5021/9 2704/9 3671/9

Figure4: This tableshows theperformanceof theplanninggraphheuristicswithin �������	����� . All heuristics,unlessotherwise
indicated,use

�

"�� , and �

(

, whereapplicable.Legend– [Searchtime(ms)/Planlength],“-”: OoMemoryor OoTime.

goalis to uploadanimageof anobjective,thusaconformant
plan requiresvisiting all of the possiblevantagepointsand
taking a picture. Signi�cant negative interactionof actions
comesin throughhaving to calibratethe cameraon an ob-
jectivebeforetakingthepicture,but navigatingtheroverwill
de-calibratethecamera.

The �m.
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~ �




�

~ domainis a conformantadaptationof the
classical�m.
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~ �




�

~ domainwheretrucksandairplanesmove
packages.Theuncertaintyis theinitial locationsof packages.
Theproblemsscaleby addingpackagesandcities. ��.
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~ �




�

~

shows thatconformantplanningproblemscanrequirereach-
ability heuristics,but thecostof computingtheheuristicmust
beconsideredin relationto thebene�t of thesearch.

Figure 4 shows the performanceof the heuristicswithin
���
���	�
��� wheretheheuristicweightis 5 for all heuristicsFor

�y.�� ��* ~ ,
� �

w

���

D

���

performswell, but theunioningapproach
for 2

x may be a bit morecostly thansimply taking a maxi-
mum,asin

���
w

(

ƒ=*

. However, in �m.
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~ �




�

~ theunioningis
worththeeffort becauseit reducestheoverallsearchtimesig-
ni�cantly over maximization.Furthermore,usingsetsof ac-
tionsasthe

3

valuesprovesto bemoreinformedthansimply
usingnumericalestimates.With theexceptionof

�

��e��7e;�
(

ƒ+*

,
the heuristicsbasedon numericalestimatesare largely un-
informedon the ��.

� 


~ �




�

~ and � .�� ��* ~ domains. The rea-
son theseother heuristicsdo not provide as much relevant
information is that they areeitherbasedon singleplanning
graphsand/or use �yx to cost a belief stateon a planning
graph; this meansthat we're not consideringoverlapof in-
dividualworld plansor mutex interactionsof literals.Notice,
that

� �;o

r�� doesn't solveany of theproblemsin thesetwo do-
mainsbecause,aswe indicatedin section3, cardinalitydoes
not provide accuratereachabilityinformation that is neces-
saryin morecomplex domains.

Problem CGP GPT HSCP KACMBP HLevelMax HRPUnion
Rover1 135/5 25960/5 3530/7 100/5 129/5 145/5

2 5788/7 - 10690/10 700/13 4751/8 331/9
3 - - 10780/10 710/13 5985/10 636/11
4 - - 30680/13 800/22 0/0 15530/15

Logistics1 64/8 69/9 40/26 20/12 198/9 321/11
2 1323/11 580/15 120/26 200/12 2844/15 6144/19
3 168/10 262/11 - 180/28 1973/14 1723/17
4 4559/14 4756/18 - 210/28 9118/18 164748/26

BiT2 2/1 42/2 20/2 10/2 5/2 11/2
10 63/1 234/10 30/10 20/10 5118/10 462/10
20 1032/1 - 40/20 40/20 0/0 3380/20
30 5492/1 - 20/30 50/30 0/0 41114/30
40 16005/1 - 50/40 80/40 0/0 307590/40

BiTC2 2/3 92/3 20/3 10/3 11/3 16/3
10 - 288/19 20/19 10/19 10016/19 801/19
15 - 34280/19 30/19 40/19 0/0 1987/29
20 - - 10/39 80/39 0/0 4077/39
25 - - 20/49 90/49 0/0 8218/49
30 - - 10/59 140/59 0/0 66287/59

Cube2 42/3 0/3 10/3 40/3 64/3
4 63/9 0/9 0/9 2207/9 3671/9

Figure 5: This table shows the performanceof CGP,
GPT, HSCP, KACMBP in comparisonwith

�

��e��7eY� (

ƒ+*

and
���

w

���

D

�	�

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

However,
� �;o

r�� doesperformbetterin thetraditionalcon-
formantplanningdomains:

��
��

,
� 
��

� , and ������� , asex-
pected.Thesurprisingthing is that

� �;o

r�� , while outperform-
ing in easierproblems,doesnot scaleaswell as

���
w

���

D

�	�

.
�

�
w

���

D

�	�

'sadvantageover
�

�;o

r�� is thatit considerstheunion
of non-unitcostsof the minimum-cost

�
�

O X

1

�

���86

in de-
terminingreachabilityestimatesratherthanthe sumof unit
costsof X

1

�

�
�

6

. The advantageof
�

�
w

���

D

�	�

over the other
planning graphheuristicsin thesedomainsis that it actu-
ally countsthenumberof actionsthatareneededamongall



worlds. Simply consideringa max amongworlds givesno
discernibleinformationaboutreachabilitybecauseamongin-
dividualworldstheinitial statesareequidistant.

Figure4 alsoshows a comparisonof
��� w

(

ƒ=*

whenusing
�

�

and �

(

to illustratethespeedupof not explicitly expand-
ing X

1

�

���Y6

. The bene�t of using �

(

appearsin problems
wheretherearemany clausesin aclausalstate,henceX

1

�

���;6

is large,suchasin �m.

� 


~ �




�

~ andin ������� . However, thegain
is small in problemswereuncertaintyis morelimited.

Comparisons to other planners: Although this work is
aimedatgivingageneralcomparisonof heuristicsfor confor-
mantplanning,we alsopresenta comparisonof two heuris-
tics within �������	����� to someof theotherleadingapproaches
to conformantplanning. Note, sinceeachapproachusesa
differentplanningrepresentation(BDDs, Graphplan,or ex-
plicit statespace),not all of which even useheuristics,it is
hardto geta standardizedcomparisonof heuristiceffective-
ness.Nevertheless,�gure 5 comparesCGP, GPT, HSCP, and
KACMBP with

�

��e��7eY� (

ƒ=*

and
��� w

���

D

�	�

with respectto run
timeandplanlength.

An observationindependentof theplanningsubstrateis the
optimality of plans. Optimality canbeensuredby usingad-
missibleheuristics,but of theheuristicapproachesthatarein-
admissibleit is interestingto notethatHSCPandKACMBP
tendto generateplansthatarehighly inoptimalwith respect
to plansgeneratedby ���
���	�
��� using

�

��e��7eY�
(

ƒ+*

and
�

�
w

���

D

�	�

in the �y.�� ��*�~ and ��.
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�

~ domains.
For � .�� ��* ~ ,

�

��e��7eY�
(

ƒ=*

and
�

�
w

���

D

�	�

providethebestguid-
ance by outperformingCGP, GPT, HSCP, and KACMBP
(on someproblems). GPT builds a model of over 10000
statesfor �y.�� ��* ~

�

, andcannotscalefor the other versions
of � .�� ��* ~ . CGPhastroubleconstructingits planninggraphs
asthe conformantdepthof the goal increases.The bi-level
planninggraphsin �������	����� canhandlelargedomainsbetter
thanCGP'splanninggraphs,andthusscalemuchbetter.

�m.

� 


~ �




�

~ providesa more fertile meansof comparison.
The �rst lessonto be learnedis that HSCP's cardinality
heuristic,similar to

� �;o

r�� , doesnot scalewell. Yet HCSP
doesbetterthan

�
�;o

r�� , indicatingthattheplanningsubstrate,
opposedto the heuristic,may be responsiblefor the perfor-
mance.Second,�m.

� 


~ �




�

~ canhaverelatively complex plan-
ning graphsand as problemsscaleto include more initial
states,multiple planninggraphsbecomelessattractive. This
issueis addressedin thefollowing discussion.

The
� 
��

and
� 
��

� domainsshow that ���
���	�
��� is com-
petitive with CGPandGPT, but is dominatedby HSCPand
KACMBP with respectto handling common structureof
problems.

For ������� , the planninggraphheuristicsseemto perform
well with respectto the other plannersin regardsto search
time,but haveproblemsscalingto thelevel of otherplanners
asthe numberof initial statesincreasesexponentially. This
problemis addressedin thefolloweddiscussion.

Heuristic Computation Cost: The advantageof our ap-
proachto computingheuristicsfor conformantplanningwith
planninggraphsis that we can give signi�cant direction to
conformantplanners.Additionally, we'veshown thatconfor-
mantdomainsexist thatnecessitatesuchaccurateestimates.
However, in thecurrentimplementation,thecostof comput-
ing themultiple planninggraphheuristicsis still quite high.
We arepursuingsomeverypromisingideasfor reducingthis

cost:(1) representingasubsetof theinitial statesasplanning
graphsand (2) condensingthe multiple planninggraphsto
oneby usingsupportlabelson propositions.Theseimprove-
mentsarebasedon theinsightthatsincetheplanninggraphs
arebeingusedasabasisfor heuristics—ratherthanasabasis
for search,asin the caseof CGP—wecanlimit theamount
of effort we expendin theheuristiccomputation,by trading
off heuristicaccuracy (c.f. [Nguyenet al., 2002]). Choos-
ing theright subsetof initial statesto usefor building graphs
seemstricky, but maybefacilitatedthoughidentifyinguncer-
taintydependenciesbetweenliteralsandonly building graphs
with thedependency sets.Themultiple planninggraphscan
representa large amountof redundancy when the possible
worlds arequite similar. To avoid this, we arepursuingan
ideacalledlabeledplanninggraphs, which usea singlecon-
densedgraph.Theliteralsandactionsof thecondensedgraph
wouldbelabeledto indicatetheworldsin whichthey aresup-
ported.Whencomputingheuristiccosts,aliteral'slevel is not
the�rst level whereit appears,but the�rst level whereits la-
bel indicatesit hasfull supportin every world. The labeled
graphswould save time in planninggraphconstructionand
heuristiccostcombinationamongworlds becausewe could
have 2

x asa direct estimateto get
3

�

. We arecurrentlyim-
plementingandinvestigatingtheseimprovementsto heuristic
computation.

6 RelatedWork
The recent interest in conformantplanning can be traced
to CGP [Smith and Weld, 1998], a conformantversionof
Graphplan,wherethe graphsearchis conductedon several
planninggraphs,eachconstructedfrom oneof the possible
initial states.More recentwork on C-plan[Castellini et al.,
2001]andFrag-Plan[Kurienetal., 2002]generalizetheCGP
approachbyorderingthesearchesin thedifferentworldssuch
thattheplanfor thehardestto satisfyworld is found�rst, and
is thenextendedto theotherworlds. Although �������	����� uti-
lizesplanninggraphssimilar to CGPandFrag-plan,in con-
trastto them,it only usesthemto computereachabilityesti-
mates. The searchitself is conductedin the spaceof belief
states.

Anotherstrandof work modelsconformantplanningasa
searchin the spaceof belief states.This startedwith Gene-
serethandNourbakhsh[1993], who concentratedon formu-
lating a setof admissiblepruningconditionsfor controlling
search. Therewere no heuristicsfor choosingamongun-
prunednodes. GPT [Bonet and Geffner, 2000] extended
this ideato considera simpleform of reachabilityheuristic.
Speci�cally, in computingtheestimatedcostof abeliefstate,
GPTassumesthattheinitial stateis fully observable.Thecost
estimateitself is donein termsof reachability(with relaxed
dynamicprogrammingratherthanplanninggraphs).GPT's
reachabilityheuristicis similar to our

�

�

o��

heuristicbecause
they bothunderestimatethecostof thefarthest(maxdistance)
stateby looking at a deterministicrelaxationof theproblem.
In comparisonto GPT, �������	����� canbeseenasusingheuris-
tics that do a betterjob of consideringthe costof the belief
stateacrossthevariouspossibleworlds.

A sub-strandof searchin beliefstatesis theMBP-family of
planners—CMBP, HSCP[Bertoli etal., 2001]andKACMBP
[Bertoli andCimatti, 2002]. In comparisonto �������	����� , the
CMBP family of plannersall representbelief statesin terms



of binary decisiondiagrams,andactionapplicationis mod-
eledasmodi�cationsto theBDDs. CMBPandHSCPsupport
bothprogressionandregressionin thespaceof belief states,
while KACMBPis aprogressionplanner. While CMBPcon-
centratedon ef�cient BDD manipulations,HSCPemploys
cardinality heuristicin addition. Before computingheuris-
tic estimates,KACMBP pro-actively reducestheuncertainty
(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 reducingtheuncertaintyseems
to beaneffective idea,we notethat (a) not all domainsmay
containactionsthatreducebeliefstateuncertaintyand(b) the
needfor uncertaintyreductionmaybereducedwhenwehave
heuristicsthat effectively reasonabout the multiple worlds
(viz., our multiple planninggraphheuristics).Nevertheless,
it would be very fruitful to integrateknowledgegoal ideas
of KACMBP and the reachabilityheuristicsof �������	�
��� to
handledomainsthatcontainbothhigh uncertaintyandcostly
goals.

In contrastto thesedomain-independentapproachesthat
only requiremodelsof the domainphysics,PKSPlan[Bac-
chus,2002] is a forward-chainingknowledge-basedplanner
that requiresricher domainknowledge. Finally, ���
���	����� is
alsorelatedto, andanadaptationof thework on reachability
heuristicsfor classicalplanning,including �
���	�
��� [Nguyenet
al., 2002],FF HoffmannandNebel[2001] andHSP-rBonet
andGeffner [1999].

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

1. Indicatedthe heuristicmeasuresfor conformantplan-
ning that shouldbe estimatedfor accuratesearchcon-
trol.

2. Shown how to computesuchheuristicmeasuresonplan-
ning graphswhenusinga clausal,factoredrepresenta-
tion of belief states.

3. Providedempiricalcomparisonsof 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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