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With the Model Checking Integrated Planning System
MIPS, modelcheckinghaseventuallyapproachedlassical
Al planning. It wasthefirst planningsystembasedon for-
malverificationtechniqueshatturnedoutto becompetitve
with the variousGraphplan-or SAT-basedapproachesn a
broadspectrunof domains.

MIPS usesbinary decisiondiagrams(BDDs, introduced
by Bryant (1986))to compactlystore and operateon sets
of states.More preciselyit appliesreducedorderedbinary
decisiondiagramswhich we will referto simply asBDDs
for therestof this article.

Its main strengthcomparedo other, similar approaches
lies in its precompilingphase which infers a concisestate
representatiohy exhibiting knowledgethatis implicit in the
descriptionof the planningdomain(Edelkamp& Helmert
1999). Thisrepresentatiois thenusedto carryoutanaccu-
rate reachabilityanalysiswithout necessarilyencountering
exponentialexplosionof therepresentation.

The original versionof MIPS, presentecat ECP99,was
capableof handlingthe STRIPSsubsetof PDDL. It was
later extendedto handlesomeimportantfeaturesof ADL,
namelydomainconstantstypes,negative preconditionsand
universallyquantifiedconditionaleffects.

Other extensionsinclude two additional searchengines
basedon heuristics,one incorporatinga single-statehill-
climbingtechniquevery similarto Hoffmann's FF, theother
onemakinguseof BDD techniquesthuscombiningheuris-
tic searchwith symbolic representations. However, as
the former doesnot contritute mary new ideas,its merits
mainly lying in the combinationof Hoffmanns heuristices-
timatewith thepreprocessintgechnique®f MIPS,wewon't
dwell onit.

Neitherwill we say much aboutthe symbolic heuristic
searchtechniquesncludedin MIPS, namelythe BDDA*
andPureBDDA* algorithms,asthoseweredisabledin the
AIPS 2000 planning competitionin favor of the original
MIPS planningalgorithm, partly becausat turnedout to
performbetteron somedomains,partly becauset always
yieldsoptimal (sequentialplans,which we consideranim-
portantpropertyof the plannerthat counterbalancesome
of its weaknesse performancecomparedto other cur-
rentplanningsystemsuchasFF. Readerinterestedn those
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Figurel: Two equivalentBDDs, a non-reducedand a re-
ducedone. The“1” sink canonly be reachedy following
the edgedabeled“l” from A and B, thusthe represented
boolearfunctioni(A4, B) evaluatedo trueif andonly if A
andB aretrue.
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partsof the MIPS planningsystemarereferredto Edelkamp
andHelmert(2000).

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

BDDs. Why and For What?

MIPSis basednsatisfiabilitychecking.Thisisindeedcnhota
new idea. However, MIPS wasthefirst SAT-basedlanning
systemto make use of binary decisiondiagramsto avoid
(or atleastlessen}he costsassociateavith the exponential
blowup of the Booleanformulaeinvolvedasproblemsizes
getbigger Sincethe early daysof MIPS, other planning
systemdasedon BDDs have emeged, mostnotably Four-
man’s PROPPLANandStorr’'s BDDPLAN. We believe that
the key advantageof MIPS comparedo thosesystemdies
in its preprocessinglgorithms.

Soit lookslike BDDs arecurrently consideredan inter
estingtopicin Al Planning.Why is that? Thereis no doubt
abouttheusefulnessf thisdatastructure NowadaysBDDs
are a fundamentaltool in variousresearchareas,suchas
model checkingandthe synthesisand verificationof hard-
warecircuits. In Al Planning,they are mainly useful be-
causeof their ability to efficiently representhuge setsof
stateccommonlyencounteregh state-spacsearch.

Withoutgoinginto too muchdetail,aBDD is adatastruc-



turefor efficiently representingdooleanfunctions,mapping
bit stringsof a fixed lengthto either“true” or “false”. A
BDD is a directedagyclic graphwith a single root node
andtwo sinks,labeled“1” and“0”, respectiely. For eval-
uatingthe representedunction for a giveninput, a pathis
tracedfrom the root nodeto oneof the sinks, quite similar
totheway decisiontreesareused.Whatdistinguishe8DDs
from decisiontreess theuseof certainreductionsdetecting
unnecessaryariabletestsandisomorphismsn subgraphs,
leadingto a uniquerepresentatiothatis polynomialin the
lengthof the bit stringsfor mary interestingfunctions.Fig-
urel providesanexample.

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

In MIPS, BDDs areusedfor two purposesRepresenting
setsof statesandrepresentingtatetransitions.

BDDsfor Representing Sets of States

Given a fixed-lengthbinary codefor the statespaceof a
planningproblem,BDDs canbe usedto representhe char
acteristicfunctionof a setof stateqwhich evaluatego true
for a givenbit string, i.e. state,if andonly if it is a mem-
berof thatset). The characteristidunctioncanbeidentified
with the setitself.

Unfortunately there are mary different possibilitiesto
comeup with anencodingof statesn a planningproblem,
and the more obvious onesseemto wastea lot of space
which oftenleadsto badperformancef BDD algorithms.It
seemsworthwhileto spendsomeeffort on finding a "good”
encodingsothisis wherethe preprocessingf MIPS enters
thestage.

Let us considera very simple example of a planning
problemwhere a truck is supposedo deliver a package
from Los Angelesto San Francisco. The initial situa-
tion in PDDL notationis given by (PACKAGE package),
(TRUCK truck), (LOCATION los-angeles)(LOCATION
san-francisco)AT packagdos-angelesyand(AT trucklos-
angeles). Goal stateshave to satisfy the condition (AT
packagesan-francisco).The domainprovidesthreeaction
schematanamedLOAD to loadatruck with a certainpack-
ageat a certainlocation, the inverseoperationUNLOAD,
andDRIVE to move atruck from onelocationto another

Thefirst preprocessingtepof MIPS will detectthatonly
the AT (denotingthepresencef agiventruck or packageat
acertainlocation)andIN predicategdenotingthata pack-
ageis loadedin a certaintruck) arefluentsandthusneedto
be encoded.The labeling predicatePACKAGE, TRUCK,
LOCATION are not affectedby any operatorand thus do
notneedto bespecifiedn a stateencoding.

In anext step,somemutualexclusionconstraintaredis-
covered.In our casewe will detectthata givenobjectwill
alwaysbeat or in at mostone otherobject,so propositions
suchas(AT packagdos-angelesand(IN packagedruck)are
mutuallyexclusive.
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Figure2: BDDsfor thecharacteristi¢unctionsof theinitial
state,init(4, B,C) = -A A =B A —C, andof goalsstates,
goal(A,B,C) =-BAC.

This resultis complementedby what we call fact space
exploration: Ignoring negative (delete)effectsof operators,
we exhaustvely enumeratall propositionghatcanbe sat-
isfied by ary legal sequencef actionsappliedto theinitial
state,thusruling out illegal propositionssuchas (IN los-
angelegackage) (AT packagepackage)r (IN truck san-
francisco).

Now all the informationthatis neededo devise an ef-
ficient stateencodingschemdor this particularproblemis
at the planners hands. MIPS discoversthatthreeBoolean
variablesA, B, andC areneeded.Thefirst oneis required
for encodingthe currentcity of the truck, where A is setif
(AT truck san-franciscoholdstrue,and A is clearedother
wise,i.e. if (AT trucklos-angelesholdstrue. Theothertwo
variablesB and C' encodethe statusof the package:both
areclearedf it isatLos AngelesC but not B is setif it is at
SanFranciscoandB butnotC is setif it is insidethetruck.

We cannow rephrasénitial stateandgoaltestasBoolean
formulae,which canin turn berepresentedsBDDs: =4 A
—~BA~-C denotegheinitial situation,andthegoalis reached
in every statewhere—B A C holdstrue. Thecorresponding
BDDs areillustratedin Figure2.

BDDsfor Representing State Transitions

Whathave we achievedsofar? We wereableto reformulate
theinitial andfinal situationsasBDDs. As anendin itself,
thisdoesnot helptoo much.We areinterestedn asequence
of actiong(or transitiong thattransformsaninitial stateinto
onethatsatisfieghe goalcondition.

Transitionsareformalizedasrelations,i.e. assetsof tu-
plesof predecessasndsuccessostatespr alternatvely as
the characteristidunction of suchsets,Booleanformulae
usingvariablesA, B, C for theold situationand A’, B', C'
for thenew situation.For example theaction(DRIVE truck
los-angelesan-francisco)hichis applicablaf andonly if
the truck currentlyis in Los Angeles,andhasasits effect
a changeof locationof the truck, not alteringthe statusof
the packagecanbe formalizedusingthe Booleanformula
“ANA'AN(B & B)A(C < C").
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Figure3: Theleft BDD representthesingleaction(DRIVE
truck los-angelesan-francisco)the right onethe disjunc-
tionsof all possibleactionsandthusthe completeransition
relation. The “0” sink and edgesleadingto it have been
omittedfor aestheticeasons.

By conjoiningthis formulawith ary formula describing
a setof statesusingvariablesA, B andC introducedbe-
fore andqueryingthe BDD enginefor the possibleinstan-
tiationsof (4’, B’, C'), we cancalculateall stateshatcan
be reachedby driving the truck to SanFranciscoin some
statefrom the input set. This, put shortly, is the relational
productoperatorthatis usedat the core of MIPS to calcu-
late a setof successostatefrom a setof predecessastates
anda transitionrelation. Of course we have morethanone
actionat our disposal(otherwiseplanningwould not be all
thatinteresting) soratherthanusingthe transitionformula
denotedaborve, we will build onesuchformulafor eachfea-
sibleaction(addingano-opactionfor technicareasonsand
calculatethedisjunctionof those,llustratedin Figure3.

Doing this in our example,startingfrom the setcontain-
ing only the initial state,we get a setof three states(the
initial state,one statewherethe truck hasmoved and one
wherethe packagewas picked up), representethy a BDD
with threeinternalnodes.Repeatinghis processthis time
startingfrom the statesetjust calculatedyve getasetof four
stategepresentetly aBDD with asingleinternalnode,and
athird iterationfinally yieldsastatewherethegoalhasbeen
reachedFigure4). This canbe testedby building the con-
junction of the currentstateset and goal stateBDDs and
testingfor satisfiability

By keepingthe intermediaryBDDs, a legal sequencef
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Figure4: BDDsrepresentinghesetof reachabletatesafter
zero,one,two, andthreeiterationsof the explorationalgo-
rithm. Note that the size (numberof internal nodes)of a
BDD doesnot necessarilygrow with the numberof states
representedAgain, edgedeadingto the“0” sink have been
omitted.

statedinking theinitial stateto agoalstatecantheneasilybe
extracted whichin turn canbe usedto find a corresponding
sequencef actions.

Evaluation of the MIPS Algorithm

It is not hardto seethat, given enoughcomputationabnd
memoryresourcesMIPS will find a correctplanif oneex-
ists. As it performsa breadth-firssearchin the statespace,
thefirst solutionfoundwill consistof a minimal numberof
steps. If no solutionexists, this will alsobe detected the
breadthfirst searchwill eventuallyreacha fixpoint, which
caneasilybe detectecby comparingthe successoBDD to
thepredecessd@DD aftercalculatingherelationalproduct.
Thus,thealgorithmis completeandoptimal.

However, it is not blindingly fast,sovariousefforts were
madeto speedt up, mostlywell-known standardechniques
in symbolicsearctsuchasforwardsetsimplification.A big-
gergainin efficiency was achieved by using bidirectional
search,which can be incorporatednto the algorithmin a
straight-forvard fashion. One problemthat arisesin this
context is thatin someplanningdomains,backward itera-
tions arefar more expensve thanforward iterations,andit
is nottrivial to decidewhento performwhich. Wetriedthree
differentmetricsto decideonthedirectionof thenext explo-
ration step: BDD size,numberof statesencodedandtime
spenton the last exploration stepin that direction. In our
experimentsthelastmetricturnedoutto be mosteffective.

Outlook

As for the basicexploration algorithm, big improvements
leadingto a dramaticallybetter performanceare not to be
expectedfor the nearfuture, with the possibleexceptionof
transitionfunctionsplitting, which still needgo beincorpo-
ratedinto the system.

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



promising resultsbut is still lacking in somedomains,is
gettimg mostattentionat the moment(Edelkamp2001). It
mightalsobeworthwhileto investigateheissueof optimal
parallel plans, building on the work doneby Haslumand
Geffnerfor HSP(Haslum& Geffner2000).

Anotherresearchaimis thedevelopmenof precomputed,
informative and admissibleestimatedor explicit andsym-
bolic searchhasedn heuristicpatterndatabases.

The single mostimportantareaof interest,however, is
certainly the extensionof MIPS to more generalflavours
of planningsuchas conformantor strongcyclic planning
wherethestrength®of symbolicmethodsaremuchmoreap-
parentthanin theclassicakcenariqCimatti& Roveri 1999;
Daniele,Traverso,& Vardi1999).
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