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With the Model CheckingIntegratedPlanningSystem
MIPS, modelcheckinghaseventuallyapproachedclassical
AI planning. It wasthefirst planningsystembasedon for-
malverificationtechniquesthatturnedout to becompetitive
with thevariousGraphplan-or SAT-basedapproacheson a
broadspectrumof domains.

MIPS usesbinary decisiondiagrams(BDDs, introduced
by Bryant (1986)) to compactlystoreand operateon sets
of states.More precisely, it appliesreducedorderedbinary
decisiondiagrams,which we will refer to simply asBDDs
for therestof thisarticle.

Its main strengthcomparedto other, similar approaches
lies in its precompilingphase,which infers a concisestate
representationbyexhibitingknowledgethatis implicit in the
descriptionof the planningdomain(Edelkamp& Helmert
1999).This representationis thenusedto carryoutanaccu-
rate reachabilityanalysiswithout necessarilyencountering
exponentialexplosionof therepresentation.

The original versionof MIPS, presentedat ECP99,was
capableof handling the STRIPSsubsetof PDDL. It was
later extendedto handlesomeimportantfeaturesof ADL,
namelydomainconstants,types,negativepreconditionsand
universallyquantifiedconditionaleffects.

Other extensionsinclude two additionalsearchengines
basedon heuristics,one incorporatinga single-statehill-
climbingtechniqueverysimilar to Hoffmann’sFF, theother
onemakinguseof BDD techniques,thuscombiningheuris-
tic searchwith symbolic representations. However, as
the former doesnot contribute many new ideas,its merits
mainly lying in thecombinationof Hoffmann’sheuristices-
timatewith thepreprocessingtechniquesof MIPS,wewon’t
dwell on it.

Neither will we say much aboutthe symbolic heuristic
searchtechniquesincludedin MIPS, namely the BDDA*
andPureBDDA* algorithms,asthoseweredisabledin the
AIPS 2000 planning competitionin favor of the original
MIPS planningalgorithm, partly becauseit turnedout to
performbetteron somedomains,partly becauseit always
yieldsoptimal(sequential)plans,whichweconsideranim-
portantpropertyof the plannerthat counterbalancessome
of its weaknessesin performancecomparedto other cur-
rentplanningsystemssuchasFF. Readersinterestedin those

Copyright c
�

2001, AmericanAssociationfor Artificial Intelli-
gence(www.aaai.org). All rightsreserved.

�

� �

� � � �

0 1

0 1 0 1

�

�

� �

1

0

0 1

Figure1: Two equivalentBDDs, a non-reducedand a re-
ducedone. The“1” sink canonly bereachedby following
the edgeslabeled“1” from � and � , thusthe represented
booleanfunction �	�
���
��� evaluatesto trueif andonly if �
and � aretrue.

partsof theMIPSplanningsystemarereferredto Edelkamp
andHelmert(2000).

So in the following sectionswe will cover the core of
MIPS, illustrating its basictechniqueswith a very simple
example.

BDDs: Why and For What?
MIPSis basedonsatisfiabilitychecking.Thisis indeednota
new idea.However, MIPSwasthefirst SAT-basedplanning
systemto make useof binary decisiondiagramsto avoid
(or at leastlessen)thecostsassociatedwith theexponential
blowup of theBooleanformulaeinvolvedasproblemsizes
get bigger. Sincethe early daysof MIPS, other planning
systemsbasedon BDDs have emerged,mostnotablyFour-
man’sPROPPLANandStörr’sBDDPLAN. We believethat
thekey advantageof MIPS comparedto thosesystemslies
in its preprocessingalgorithms.

So it looks like BDDs arecurrentlyconsideredan inter-
estingtopic in AI Planning.Why is that?Thereis no doubt
abouttheusefulnessof thisdatastructure.Nowadays,BDDs
are a fundamentaltool in variousresearchareas,suchas
modelcheckingandthe synthesisandverificationof hard-
warecircuits. In AI Planning,they are mainly useful be-
causeof their ability to efficiently representhugesetsof
statescommonlyencounteredin state-spacesearch.

Withoutgoinginto toomuchdetail,aBDD is adatastruc-



turefor efficiently representingBooleanfunctions,mapping
bit strings� of a fixed length to either “true” or “f alse”. A
BDD is a directedacyclic graphwith a single root node
andtwo sinks,labeled“1” and“0”, respectively. For eval-
uatingthe representedfunction for a given input, a pathis
tracedfrom the root nodeto oneof thesinks,quitesimilar
to thewaydecisiontreesareused.WhatdistinguishesBDDs
from decisiontreesis theuseof certainreductions,detecting
unnecessaryvariabletestsandisomorphismsin subgraphs,
leadingto a uniquerepresentationthat is polynomialin the
lengthof thebit stringsfor many interestingfunctions.Fig-
ure1 providesanexample.

Among the operationssupportedby currentBDD pack-
agesare all usualBooleanconnectorssuchas “and” and
“or”, as well as constanttime satisfiability and equality
checking. MIPS usesthe ”Buddy” packageby JørnLind-
Nielsen, which we consideredparticularly useful for our
purposesbecauseof its ability to form groupsof several
Booleanvariablesto easilyencodefinite domainintegers.

In MIPS,BDDsareusedfor two purposes:Representing
setsof statesandrepresentingstatetransitions.

BDDs for Representing Sets of States
Given a fixed-lengthbinary codefor the statespaceof a
planningproblem,BDDs canbeusedto representthechar-
acteristicfunctionof a setof states(which evaluatesto true
for a givenbit string, i.e. state,if andonly if it is a mem-
berof thatset).Thecharacteristicfunctioncanbeidentified
with thesetitself.

Unfortunately, there are many different possibilitiesto
comeup with anencodingof statesin a planningproblem,
and the more obvious onesseemto wastea lot of space
whichoftenleadsto badperformanceof BDD algorithms.It
seemsworthwhileto spendsomeeffort on findinga ”good”
encoding,sothis is wherethepreprocessingof MIPSenters
thestage.

Let us considera very simple example of a planning
problem where a truck is supposedto deliver a package
from Los Angeles to San Francisco. The initial situa-
tion in PDDL notationis given by (PACKAGE package),
(TRUCK truck), (LOCATION los-angeles),(LOCATION
san-francisco),(AT packagelos-angeles),and(AT trucklos-
angeles). Goal stateshave to satisfy the condition (AT
packagesan-francisco).The domainprovidesthreeaction
schematanamedLOAD to loada truck with a certainpack-
ageat a certainlocation, the inverseoperationUNLOAD,
andDRIVE to movea truck from onelocationto another.

Thefirst preprocessingstepof MIPSwill detectthatonly
theAT (denotingthepresenceof agiventruckor packageat
a certainlocation)andIN predicates(denotingthata pack-
ageis loadedin a certaintruck) arefluentsandthusneedto
be encoded.The labelingpredicatesPACKAGE, TRUCK,
LOCATION are not affectedby any operatorand thusdo
notneedto bespecifiedin a stateencoding.

In a next step,somemutualexclusionconstraintsaredis-
covered.In our case,we will detectthata givenobjectwill
alwaysbeat or in at mostoneotherobject,sopropositions
suchas(AT packagelos-angeles)and(IN packagetruck)are
mutuallyexclusive.
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Figure2: BDDsfor thecharacteristicfunctionsof theinitial
state,����������������������� �!�#"$�!�%"$�&� , andof goalstates,')(+*), �������������-�.�!�."/� .

This result is complementedby what we call fact space
exploration: Ignoringnegative (delete)effectsof operators,
we exhaustively enumerateall propositionsthatcanbesat-
isfiedby any legal sequenceof actionsappliedto theinitial
state,thus ruling out illegal propositionssuchas (IN los-
angelespackage),(AT packagepackage)or (IN truck san-
francisco).

Now all the information that is neededto devise an ef-
ficient stateencodingschemafor this particularproblemis
at the planner’s hands.MIPS discoversthat threeBoolean
variables� , � , and � areneeded.Thefirst oneis required
for encodingthecurrentcity of the truck, where � is setif
(AT truck san-francisco)holdstrue,and � is clearedother-
wise,i.e. if (AT truck los-angeles)holdstrue.Theothertwo
variables� and � encodethe statusof the package:both
areclearedif it is atLosAngeles,� but not � is setif it is at
SanFrancisco,and � but not � is setif it is insidethetruck.

Wecannow rephraseinitial stateandgoaltestasBoolean
formulae,which canin turnberepresentedasBDDs: �!�0"
�!�1"2�&� denotestheinitial situation,andthegoalis reached
in everystatewhere �!�3"4� holdstrue.Thecorresponding
BDDsareillustratedin Figure2.

BDDs for Representing State Transitions
Whathaveweachievedsofar?Wewereableto reformulate
theinitial andfinal situationsasBDDs. As anendin itself,
thisdoesnothelptoomuch.Weareinterestedin asequence
of actions(or transitions) thattransformsaninitial stateinto
onethatsatisfiesthegoalcondition.

Transitionsareformalizedasrelations,i.e. assetsof tu-
plesof predecessorandsuccessorstates,or alternatively as
the characteristicfunction of suchsets,Booleanformulae
usingvariables� , � , � for theold situationand �	5 , �65 , �75
for thenew situation.For example,theaction(DRIVE truck
los-angelessan-francisco),whichis applicableif andonly if
the truck currently is in Los Angeles,andhasasits effect
a changeof locationof the truck, not alteringthe statusof
the package,canbe formalizedusingthe Booleanformula
�!�8"9�	5:";�
�=<>�65?�@";���A<B�75C� .
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Figure3: Theleft BDD representsthesingleaction(DRIVE
truck los-angelessan-francisco),the right onethe disjunc-
tionsof all possibleactionsandthusthecompletetransition
relation. The “0” sink and edgesleadingto it have been
omittedfor aestheticreasons.

By conjoiningthis formula with any formula describing
a setof statesusingvariables� , � and � introducedbe-
fore andqueryingthe BDD enginefor the possibleinstan-
tiationsof ( �	5 , �65 , �75 ), we cancalculateall statesthatcan
be reachedby driving the truck to SanFranciscoin some
statefrom the input set. This, put shortly, is the relational
productoperatorthat is usedat the coreof MIPS to calcu-
latea setof successorstatesfrom a setof predecessorstates
anda transitionrelation.Of course,we have morethanone
actionat our disposal(otherwiseplanningwould not beall
that interesting),soratherthanusingthe transitionformula
denotedabove,wewill build onesuchformulafor eachfea-
sibleaction(addingano-opactionfor technicalreasons)and
calculatethedisjunctionof those,illustratedin Figure3.

Doing this in our example,startingfrom thesetcontain-
ing only the initial state,we get a set of threestates(the
initial state,onestatewherethe truck hasmoved andone
wherethe packagewaspicked up), representedby a BDD
with threeinternalnodes.Repeatingthis process,this time
startingfrom thestatesetjustcalculated,wegetasetof four
statesrepresentedby aBDD with asingleinternalnode,and
athird iterationfinally yieldsastatewherethegoalhasbeen
reached(Figure4). This canbetestedby building thecon-
junction of the currentstateset and goal stateBDDs and
testingfor satisfiability.

By keepingthe intermediaryBDDs, a legal sequenceof
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Figure4: BDDsrepresentingthesetof reachablestatesafter
zero,one,two, andthreeiterationsof theexplorationalgo-
rithm. Note that the size (numberof internal nodes)of a
BDD doesnot necessarilygrow with the numberof states
represented.Again,edgesleadingto the“0” sinkhavebeen
omitted.

stateslinking theinitial statetoagoalstatecantheneasilybe
extracted,which in turncanbeusedto find a corresponding
sequenceof actions.

Evaluation of the MIPS Algorithm
It is not hardto seethat, given enoughcomputationaland
memoryresources,MIPS will find a correctplan if oneex-
ists. As it performsa breadth-firstsearchin thestatespace,
thefirst solutionfoundwill consistof a minimal numberof
steps. If no solutionexists, this will alsobe detected- the
breadthfirst searchwill eventuallyreacha fixpoint, which
caneasilybedetectedby comparingthesuccessorBDD to
thepredecessorBDD aftercalculatingtherelationalproduct.
Thus,thealgorithmis completeandoptimal.

However, it is not blindingly fast,sovariousefforts were
madeto speedit up,mostlywell-knownstandardtechniques
in symbolicsearchsuchasforwardsetsimplification.A big-
ger gain in efficiency was achieved by using bidirectional
search,which can be incorporatedinto the algorithm in a
straight-forward fashion. One problemthat arisesin this
context is that in someplanningdomains,backward itera-
tionsarefar moreexpensive thanforward iterations,andit
isnottrivial todecidewhentoperformwhich. Wetriedthree
differentmetricsto decideonthedirectionof thenext explo-
rationstep:BDD size,numberof statesencoded,andtime
spenton the last explorationstepin that direction. In our
experiments,thelastmetricturnedout to bemosteffective.

Outlook
As for the basicexploration algorithm, big improvements
leadingto a dramaticallybetterperformancearenot to be
expectedfor thenearfuture,with thepossibleexceptionof
transitionfunctionsplitting,whichstill needsto beincorpo-
ratedinto thesystem.

From the algorithmic repertoireof MIPS, the heuristic
symbolic searchengine, which up to now has produced



promisingresultsbut is still lacking in somedomains,is
gettingF mostattentionat the moment(Edelkamp2001). It
mightalsobeworthwhileto investigatetheissueof optimal
parallel plans,building on the work doneby Haslumand
Geffner for HSP(Haslum& Geffner2000).

Anotherresearchaimis thedevelopmentof precomputed,
informative andadmissibleestimatesfor explicit andsym-
bolic searchbasedonheuristicpatterndatabases.

The single most importantareaof interest,however, is
certainly the extensionof MIPS to more generalflavours
of planningsuchas conformantor strongcyclic planning
wherethestrengthsof symbolicmethodsaremuchmoreap-
parentthanin theclassicalscenario(Cimatti& Roveri 1999;
Daniele,Traverso,& Vardi1999).
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