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Abstract. In this papera compilerfrom a restrictedsubsetof SPIN’s input lan-
guagePromelainto an actionplanningdescriptionlanguageis presented.It ex-
ploits therepresentationof protocolsascommunicatingfinite statemachines.
Thework targetsthetransferbetweenthestatespaceexplorationareasAI plan-
ningandmodelcheckingby makingprotocolsaccessiblefor actionplanners.
It provides a practicalstudy of the expressivenessof different input specifica-
tions, introducesconcurrency andquality metricsto counterexampletraces,and
comparessearch,pruningandaccelerationmethods.
Indirectly, refinedestimatesfor improvederrordetectionin directedprotocolval-
idation are introduced.For example,the relaxedplan heuristic, which comes
alongwith anenforcedhill climbingsearchengine.
The experimentalresultsare encouraging.In somesampleprotocols,planners
performcloseto state-of-the-artmodelcheckers.

1 Intr oduction

Communicationprotocols[17] areconcurrentsoftwaresystemswith mainpurposeto
organizeinformationexchangebetweenindividual processes.Due to interleavings of
processexecutiontracesandthecommunicationload itself, thenumberof globalsys-
temstatesis largeeven for simpleandmoderatesizedprotocolspecifications.By this
combinatorialgrowth, called the stateexplosionproblem[4], many protocoldesigns
containsubtleconcurrency bugs.

Therefore,in the designprocessautomatedproceduresareneededto certify that
statedassertionsor global invariantsarevalid, andthatno deadlockoccurs.Validating
thesekindsof propertiescorrespondsto solvingareachabilityproblemin thestatespace
graphwith respectto asetof designatederrorstates.

Probablythemosteffectivetechniqueto establisherrorsfastis heuristicsearch[22]:
a guidedtraversalof thestatespace,thatexploits informationof theerrordescription
to focusthesearch.Therearemany possibilitiesto deviseanevaluationfunctionanda
correspondingsearchroutine.A*-lik e [13], andIDA*-lik e [19] enginesincorporatethe
estimatedpathlengthinto theevaluationfunction
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Recentadvancesin applyinggeneticalgorithms(GAs) to modelchecking[12] ex-
ploit evaluationfunctionson executionpaths.The populationis a setof pathsin the



statespacegraph,which throughthe basictransformationsrecombination,selection
andmutationaretunedtowardsanerrortrail.

Settingthe evaluationto the estimateddistanceof the endof the pathto the goal
links GAs to heuristicsearchexploration,with thedifferencethattheformerimproves
asetof samplesin thesolutionspace,while thelattersystematicallyenumeratesit.

Theevaluationfunctionsthathavebeenappliedsofarexploit theHammingdistance
of thestate-vector[23], thenumberof active processes,theaccumulatedshortestpath
distancesof eachprocessstate,andthe treeexpansionof the error formulae[7]. The
latterheuristicestimate!#" �%$�� predictsthenumberof transitionsnecessaryto establish
the truth of failure function

�
and is recursively definedon the structureof

�
. The

estimateassumesindependenceof theeventsandneglectscorrelationsbetweenthem.

To make moreinformedheuristicestimatesaccessiblefor theexplorationof com-
municationprotocols,in this paperwe contributea compilerfrom Promelainto recent
problemdomaindescriptionlanguagesdevelopedfor actionplanning,capableto deal
with numericalquantitiesand plan metrics,called PDDL2.1 [9]. Sincewe consider
safetyproblemsonly, a successfulplanis a trail to oneof a setof errorstates.Planners
usuallydonotprove unsolvability.

Theparserdoesnot yet featurefull languageexpressivenessof Promela,e.g.it re-
quiresprocessesto be active, but for many problemspecificationsat hand,it appears
to be a sufficiently large basis.It avoids internalaccessto the Spin validator, which
canturn out to bea burdenfor theunexperiencedprogrammer. Both processcommu-
nicationforms (queuesandsharedvariables)aresupported.Theapproachutilizes the
Spinparserasa welcomepre-processorsubcomponent.Similar to theXSpin interface,
it startswith theprocessautomatafile.

Sinceonly active processeswereallowed, the statedescriptionin termsof queue
width andnumberof createdprocessesis fixed.Comparedto theotherproposedesti-
mates,thisassumptionis notrestrictive,but whentacklinggeneralsoftwareverification
problems[18], theapproachdefinitelyhasto beextended.

The researchis motivatedby prior work in planningasheuristicsearch[3]. The
estimatewediscussis integralpartof Metric-FF[15], MIPS[6], andLPG[11], thebest
fully automaticplannersin thelastinternationalplanningsystemcompetition.

The papercontributes feasibility and practicability of using a plannerto model
checkprotocols.In other word, it producesvery first datafor a modelchecking via
actionplanningparadigm.With uncertaintyontheinitial stateandtransitionreliability,
this includestheapplicationof conformantplannersto performconformancechecking.

Thepaperis structuredasfollows. First we give a fixed-lengthstatespacecharac-
terizationof acommunicationprotocolsystemto exploit thestructureof theunderlying
explorationproblem.Thenthe actionplanningformalismSTRIPSandPDDL2.1and
their statespacecharacterizationsare introduced.Afterwardswe examinethe stages
of the compiling processin detail, taking the LeaderElectionprotocolasthe running
example.Next we introducethe plan relaxationheuristic,which solvesa polynomial
relaxationof the explorationproblemon-the-flyfor eachencounteredstate.We close
with drawn conclusionsandadiscussiononappropriateextensionsof theapproach.



2 StateSpaceRepresentation

To modelacommunicationsystem,wechoosethefollowing representation1.
We assumeeachcommunicationprocess& to be representedas a labeledfinite

stategraph ' � & �#�(��$�� & ��)+*,� & ��) init
� & �%) curr

� & �%).-�� & ��� , with
$�� & � being & ’s set

of (local)states,
*,� & � beingthesetof transitionsof & , init
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-�� 9 �D2�$�� 9 �46E$�� 9 � beingthe

successorrelation for 9 ; if
$�� 9 �F�HGJI��LKM).�.�.�+).GJIONJK

then
-��%GPI Q�K��F�HGPI���QD�R���

mod
NJK

.
Explicitly modelingheadandtail positionsin the queuetradesspacefor time, since
queueupdatesreduceto constanttimeoperations.

Sharedand local variablesare modeledby real numbers.The only differenceof
local variablescomparedto sharedonesis therestrictedvisibility scope.

A state
$

in theglobal statespaceS is fully describedby its processcomponents
&7T �%$U� , its queuecontents9#T �%$U� , and the currentassignmentsV $�$��%$�� to shared
andlocal variables,where &7T ��$�� containsthevaluecurr

� & � for eachprocess& , and
97T ��$�� containsthevalueshead

� 9 � , tail
� 9 � , andtheir contentsmess

� 9 � , cont
� 9 � for

eachqueue9 . Givenafixednumberof processes
��W

andqueues
��X

, aconstantnumber
of local variables

�UYZ� & � for eachprocess& , anda constantnumberof sharedvariables��G
, theglobalsystemstatespaceS canbeexpressedas
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IN, whenidentifying process/queuestates

andmessageswith their index. Note that in this characterizationthestatespaceis not
necessarilyfinite. Having fixedthesetof states,we still needto explain thesetof tran-
sitionswe allow. Transitionsarespecifiedwith respectto thesetof processesthey are
declaredin. Therefore,we might considerthefollowing fundamentalsetof operations
(in Promela-like notation):

queue!message(variable) The transitionwrites compound(message and
variable) into thequeue at thepositionof thetail pointer. Thereturnedvalue
of theoperationis trueif successful,falseotherwise.

queue?message(variable) If message matchesthe one at the head in
queue the transitionreadsthe accordingcontentsto variable. The returned
valueis trueif successful,falseotherwise.

1 For the sake of brevity in the presentationwe neglect advancedmodelingaspectssuchas
rendez-vouscommunicationand(in-)validity of end-states.



variable = expression The evaluatedexpression is assignedto the ac-
cording(local/shared)variable,whereexpression is a formulatreeondifferent
variablesandconstants.

if (variable == condition) body1 else body2 Continuethe execu-
tion with body1, if variable equalscondition, andwith body2, otherwise.

Sincesequentialcomposition,selectionandassignmentsarealreadysufficient to
modelabacusandTuring machinecomputation,thestatespaceproblemfor protocols
that we have devisedso far is in fact undecidable.Explicit modelcheckers like Spin
bypasstheproblemby restrictingtherangeof thevariablesto afinite domain,resulting
into a largebut finite statespacegraph.

According to the finite state representationof a process,all transition can be
specifiedin form of preconditionsand effects. For transition 9av w ��x�� from state
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3 Propositionaland Numerical Planning

Weseethattransitionsin protocolverificationarein factoperatorswith globalprecon-
ditionsandeffects, muchin thesensethat if theconditionsof a transitionsaresatisfied
in the currentstate,it is executedby performingits effects.This leadsto a small ex-
cursionin actionplanningterminology. A groundedSTRIPS[8] taskconsidersasetof
actionsof type � ��� pre
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Oneof theissuesthatarecurrentlyin thefocusof AI planningresearcharenumer-

ical conditionsandeffects.In theextendedformalismPDDL2.1[9], numericalcondi-
tionsareof theform
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state 1 -(tr 3)-> state 2 line 38 => Active[_pid] = 1
state 2 -(tr 4)-> state 3 line 39 => know_winner[_pid] = 0
state 3 -(tr 5)-> state 4 line 40 => maximum[_pid] = 0
state 4 -(tr 6)-> state 5 line 41 => mynumber[_pid] = 0
state 5 -(tr 7)-> state 51 line 43 => q[((_pid+1)%2)]!one,mynumber[_pid]
state 51 -(tr 8)-> state 18 line 44 => q[_pid]?one,nr[_pid]
state 51 -(tr 16)-> state 36 line 44 => q[_pid]?two,nr[_pid]
state 51 -(tr 22)-> state 43 line 44 => q[_pid]?winner,nr[_pid]
state 18 -(tr 9)-> state 14 line 46 => ((Active[_pid]>0))
state 18 -(tr 2)-> state 17 line 46 => else
state 14 -(tr 10)-> state 9 line 48 => ((nr[_pid]!=maximum[_pid]))
state 14 -(tr 2)-> state 12 line 48 => else
state 9 -(tr 11)-> state 10 line 50 => q[((_pid+1)%2)]!two,nr[_pid]
state 10 -(tr 12)-> state 51 line 51 => neighbourR[_pid] = nr[_pid]
state 12 -(tr 13)-> state 13 line 53 => know_winner[_pid] = 1
state 13 -(tr 14)-> state 51 line 54 => q[((_pid+1)%2)]!winner,nr[_pid]
state 17 -(tr 15)-> state 51 line 57 => q[((_pid+1)%2)]!one,nr[_pid]
state 36 -(tr 9)-> state 32 line 61 => ((Active[_pid]>0))
state 36 -(tr 2)-> state 35 line 61 => else
state 32 -(tr 17)-> state 28 line 63 => ((neighbourR[_pid]>nr[_pid]))
state 32 -(tr 2)-> state 31 line 63 => else
state 28 -(tr 18)-> state 24 line 65 => ((neighbourR[_pid]>maximum[_pid]))
state 28 -(tr 2)-> state 27 line 65 => else
state 24 -(tr 19)-> state 25 line 67 => maximum[_pid] = neighbourR[_pid]
state 25 -(tr 20)-> state 51 line 68 => q[((_pid+1)%2)]!one,neighbourR[_pid]
state 27 -(tr 21)-> state 51 line 70 => Active[_pid] = 0
state 31 -(tr 21)-> state 51 line 73 => Active[_pid] = 0
state 35 -(tr 11)-> state 51 line 76 => q[((_pid+1)%2)]!two,nr[_pid]
state 43 -(tr 23)-> state 48 line 79 => ((nr[_pid]!=mynumber[_pid]))
state 43 -(tr 2)-> state 41 line 79 => else
state 48 -(tr 26)-> state 54 line 85 => ((know_winner[_pid]>0))
state 48 -(tr 2)-> state 47 line 85 => else
state 54 -(tr 27)-> state 0 line 91 => -end-
state 47 -(tr 14)-> state 54 line 87 => q[((_pid+1)%2)]!winner,nr[_pid]
state 41 -(tr 24)-> state 42 line 82 => nr_leaders[0] = (nr_leaders[0]+1)
state 42 -(tr 25)-> state 48 line 83 => assert((nr_leaders[0]==1))

Fig.1. Theautomatadescriptionfile for theLeaderElectionprotocol.

indicatesthat protocol validationproblemscanbe castedasplanningproblemswith
propositionaland numericalstateinformation, where the propositionsand numbers
are indexed by processidentifiers,by local andsharedvariablesaswell asby queue
identifiers. The propositionswe use are at
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� 9 ��IOGkK Unfortunately, ac-
cesseslikemess

� 9 �rI��%��� �ª© � 9 ���]��� mod ~ $�� 9 � ~ K arenolongeravailable.Therefore,we
take the currentqueueposition
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Xry«�¬-�� 9 ).X \ � . E.g, for 9a�%w ��x�� this results to the formula: If head
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Therepresentionalblow-updueto thebinaryencodingof processandcommunica-

tion queuestatesandthe upgradeof variablesandmessagesto IR is not ascritical as
thefirst glancemayindicate.It canbecompensatedby staticanalyzertoolsfeaturedby
plannerslikeStan[21] andDiscoplan[10] thatefficiently detectandeliminateconstant
predicateandpartitionatomsinto groupsof mutuallyexclusive facts.
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Fig.2. Theautomataof Figure1 takenfrom theXSpin interface.

4 Compilation Process

Asmaininputfor ourparser, insteadof thePromelafile itself,westartwith theautomata
representationthatis producedby Spin,i.e.wetake thePromelainputfile, generatethe
correspondingc-file, andrun the executablewith option-d. We avoid statemerging
by settingparameter-o3 asa option to Spin.The processautomataspecificationfor
theLeaderElectionprotocol(with two node processesandtwo queuesq of size4) is
visualizedin Figure2 with full text representationin Figure1.

As said,we assumeall processesto be active. This imposessomerestrictionsto
thePromelamodel.However, in oursetof benchmarkproblems,all Promelaprocesses
(proctypes) areinvokedby asingleinit process,suchthatit is notdifficult to provide
theentirebenchmarksetin this format.ThecorrespondingPromelasimplificationsare
moreor lesstextualsubstitutions,whichpresumablycanbeprovidedby automatedpro-
cedures.Sofar thesesimplificationshave beenperformedmanually. Evenfor involved
examplesthisstepis notaburdenevenfor anuntrainedSpinuser. To dealwith different



(:action activate-trans
:parameters (?p - process ?t - transition ?s1 ?s2 - state)
:precondition (and (trans ?t ?s1 ?s2) (at ?p ?s1))
:effect (and (activate ?p ?t)))

(:action perform-trans
:parameters (?p - process ?t - transition ?s1 ?s2 - state)
:precondition (and (trans ?t ?s1 ?s2) (ok ?p ?t) (at ?p ?s1))
:effect (and (at ?p ?s2) (not (at ?p ?s1)) (not (ok ?p ?t))))

Fig.3. Preparingandexecutingaprocessstatetransition.

processparameters,we highlight that in Spineachprocesscanbeaccessedby process
identifier pid. The value is continuouslyincreasedfor eachallocatedprocess.This
allowsto organizetheaccessto queues,whenspecifyingarraysof activeprocesses.For
the easeof presentation,we have transformedall local variablesinto sharedvariable
arrays,oncemoreto beaddressedby theprocessidentifier pid.

Thearraydimensionsof processtypes,variables,andqueuesaswell asqueueca-
pacityarereadfrom thePromelainputfile. This is theonly additionalinformation,that
is not presentin thefinite staterepresentationfile. To avoid conflictswith precompiler
directives,we substituteall defines beforehandwith the c-compilercommandline
option-E, which runstheprecompileronly.

4.1 StateTransitions

Planningproblemsaredefinedin two files,a problemdomainfile andaninstancespe-
cific file. In the former file, predicatesand actionsare given, while in the latter file
domainobjects,their initial andgoal statearespecified.Only the instancefile refers
to groundedpredicates,while actionsandpredicatesarespecifiedby typedobjectpa-
rameters.For examplein the well-known Blocks World problemwe have actionslike
stack andunstack with respectto two parametersof type block and with pred-
icateslike on, on-table, andclear in the preconditionsand effect lists, where
the instancefile specifiesthe block configurationssuchas clear(a), on(a,b),
on(b,c), on(c,t) with respectto a set of objects,e.g.a, b, c of type block
andt of typetable.

For protocolmodeling,we identify processes,their proctype,anda propositional
descriptionof the finite statesystemwith statesandstatetransitionsasobjects.If we
have variablesin thePromelaspecification,thesearealsoto befoundanddeclaredas
possibleobjects.Communicationqueuesaredefinedby their channeltypeandcontent
configuration.All theseobjectsareinferredin the parserby instantiatingthe process
identifier pid with respectto the establishedarrayboundsin the automataprocess
descriptionfile.

As an examplethe setof objectsfor the LeaderElectionproblemwith automata
descriptionof Figure1, wehavenode-0 andnode-1 asprocess objects,node as



(:action queue-read
:parameters (?p - process ?t - transition

?q - queue ?v - variable)
:precondition

(and
(activate ?p ?t) (settled ?q)
(reads ?p ?q ?t) (reads-val ?p ?t ?v)
(>= (size ?q) 1) (= (head-msg ?q) (mess ?t)))

:effect
(and

(advance-head ?q) (ok ?p ?t)
(not (activate ?p ?t)) (not (settled ?q)))
(assign (value ?v) (head-value ?q)))

Fig.4. Readingvariablesfrom aqueue.

proctype object,q[0] andq[1] asqueue objects,queue-4 asqueuetype ob-
ject,Active[pid], . . .asvariable objects,state-1, . . . ,state-54 asprocess
state objectsand,last but not least,Active[pid]=1 andothersasstatetran-
sition objects.

4.2 Operators

In puremessagepassingdomains,no inferenceof domainfile ingredientsis necessary.
But in thepresenceof local/sharedvariables(asin ourexample)theparseradditionally
generatesactionschemasfor variableconditioningandchange.

In thefirst step,we describefixedactionsapplicableto all protocoldomains.Note
that one objective in a good model of a planningproblemis to keepthe numberof
parameterssmall.Groundingactionsandpredicateswith morethanfiveobjectparame-
terscausesproblemsfor almostany plannerthatweknow. Thereductionof parameters
canbestbeachievedby someadditionalflagsthataresetby oneactionandqueriedby
anotherone.

Figure 3 shows how we prepareand execute processstate transitions.Action
activate-trans activatestransition® in process& if in thecurrentstatewehavean
optionto perform® startingfrom

G \ . Actionprocess-trans triggersthetransition®
in process& to move from

G \ to
GLy

. It queriestheflagok which is deletedafterwards.
Hence,for eachtransition ® thereis an appropriateactionthat performsall necessary
changesaccordingto ® and that that setsthe flag(s)ok. Theseoperationsarepurely
propositional.

4.3 QueueOrganization

Queueorganizationwith headandtail pointerhasalreadybeenmentionedin theformal
characterizationof the problemstructure.Figure 4 gives an action specificationfor



(:action increase-head
:parameters (?q - queue ?qt - queuetype

?qs1 ?qs2 - queue-state)
:precondition

(and
(next ?qt ?qs1 ?qs2) (is-a-queue ?q ?qt) (head ?q ?qs1)
(>= (size ?q) 1) (advance-head ?q))

:effect
(and

(settled ?q) (head ?q ?qs2)
(not (head ?q ?qs1)) (not (advance-head ?q))
(assign (head-value ?q) (queue-value ?q ?qs2))
(assign (head-msg ?q) (queue-msg ?q ?qs2))
(decrease (size ?q) 1)))

Fig.5. Increasingtheheadpointerto settlethequeue.

readingavariable
x

from thequeue
X

in transition® queryingmessagew , i.e. 9a�%w ��x�� .
ThePDDL representationof 9�v w ��x�� is analogous.

We canseethat the statetransitionenablingflag ok is set.The accordingqueue
updateincrease-head is shown in Figure5. As thenameindicatesit actualizesthe
headpositionandeliminatesthesettledflag,which is preconditionedin any queueac-
cessaction.To disallow actionsto beactivatedtwice,beforeanactionis performedwe
additionallypreconditiontheactive-trans andperform-trans with the set-
tlementof all queues.The required(forall (q - queue) (settled ?q))
constructcanbeavoidedby removing thequeueparameterin thepredicatesettled.

4.4 Variable Handling

As said,variableconditioningandupdatingis moredifficult thanotheroperations,since
they requirebothchangesto theinstanceandproblemdomainfile.

To tamethenumberof actions,for eachconditionorassignmenttheparsergenerates
a patternstructure.For example,settingvariableActive[0] to 1 correspondsto a
V0=1 pattern.Theassignmentof any variableto thecontentof anothercorrespondsto
aV0=V1 pattern.

Conditionsonelse branchesaremadeexplicit by thenegationof theconditionat
thecorrespondingif branch.

Inferredpatternsgenerateactionsandinitial statepatterns.E.g.V0=V1 generatesa
is-V0=V1 predicate,to be groundedin the initial statefor eachvariable-to-variable
assignmentaccordingto the given transitionandprocessfor the initial state.The in-
ferredactiondeclarationfor thedomainfile is shown in Table6.

Theinside predicateavoidsa fourthparameterin theis-V0=V1 predicate2.

2 Actually, this modelingturnedout to becrucialfor theplannerto parsethecode



(:action V0=V1
:parameters (?p - process ?t - transition ?v0 ?v1 - variable)
:precondition

(and
(activate ?p ?t) (inside ?p ?t ?v0) (inside ?p ?t ?v1)
(is-V0=V1 ?t ?v0 ?v1))

:effect
(and

(ok ?p ?t) (not (activate ?p ?t))
(assign (value ?v0) (value ?v1))))

Fig.6. Readingvariablesfrom aqueue.

5 The Plan RelaxationHeuristic

As anexampleof possiblegainsof thecompilationprocesswe next explain theproba-
bly mostinfluencingheuristicin actionplanning.

The relaxation � � of an action � �}� pre
� � �%) eff

� � � � ) eff
� � � � � is definedas � � ��

pre
� � �%) eff

� � �j�4)+¯�� . Therelaxationof aplanningproblemis theonein whichall actions
aresubstitutedby theirrelaxedcounterparts.Thefollowing propertiesaresatisfied[16]:

– P1:Any solutionthatsolvestheoriginalplanalsosolvestherelaxedone.
– P2:All preconditionsandgoalscanbeachievedif andonly if they canin therelaxed

task
– P3:Therelaxedplancanbesolvedin polynomialtime.

Solvingrelaxedplanscanefficiently bedoneby building a relaxedproblemgraph,
followed by a greedyplan generationprocess.Table1 depictsthe implementationof
theplanconstructionandthesolutionextractionphase.

The first phaseconstructsthe layeredplan graph identical to the first phaseof
Graphplan[2]. In Layer

Q
all factsaregiven that arereachableby applyingan oper-

atorwith satisfiedpreconditionfactsin any Layer ° with
�C� ° ��Q . In Layer0 wehave

all factspresentin theinitial state.Sincewe have a finite numberof groundedproposi-
tionstheprocesseventuallyreachesa fix-point. Thenext loop marksthegoal facts.In
the implementation,thefact layerandgoal lists aregivenasbit-vectorswith the latter
oneconstructedon-the-fly.

Thesecondphaseis thegreedyplanextractionphase.It performsabackwardsearch
to matchfactsto enablingoperators.Thegoal factsbuild thefirst unmarked facts.As
long asthereareunmarkedfactsin Level

Q
, selectanoperatorthatmakesthis fact true

andmarkall addeffects,andqueueall preconditionsasunmarkednew goals.If there
is no unmarked fact left in Level

Q
continuewith Level

Q��[�
until theonly unmarked

factsaretheinitial onesin Layer0. Theheuristicis constructive, i.e. it notonly returns
theestimateddistancebut alsoacorrespondingsequenceof actions.

Extendingtheabove estimateto numbershasbeenachievedasfollows [15]. Con-
ditions areof the form

��x±��²+�
, where

�«/��J�C). #¡
and

²�/
IR andassignmentsare



procedure Relax³ Ś goalµ¶0·�¸
S; ¹ ¸�º

while ³ goal »¼ ¶0½ µ do¶¾½f¿?À0¸�¶0½�Á
preÂAÃLÄjÅoÆiÇ eff ³�È�µ ¿

if ³ ¶0½�¿?À¾É]¶0½ µ return Ê¹ ¸ ¹ËÍÌ
for Î ¸ ¹ downto 1Ï�Ð ¸(ÑrÒaÓ

goal Ô level³ Ò µ É ÎkÕ
for Î ¸ ¹ downto 1

for
ÒaÓ Ï�Ð

if Ö.È�× Ò�Ó eff ³�È�µ ¿ and level³�È�µ É Î�ØÍÌÙ ¸ Ù Á|Ñ È�Õ
for Ú Ó pre³�È�µÏ

levelÂ ÛqÄ É Ï levelÂ ÛqÄ Á|Ñ ÚoÕ
return Ô Ù Ô

Table1. Relaxedpropositionalheuristic.

of the form
��x�¢£²+�

, where
¢�/
�

+=
)
-=
¡

and
²�/

IR
� �b�Ü��¡

. The restrictednumeri-
cal task is obtainedby droppingthedeleteandthedecreaseeffectsandby neglecting
numericalpreconditions.For restrictedexpressions,conditionsP1-P3canbesatisfied,
but throughthe lack of numericalpreconditionsthe restrictedlanguageis too limited
for ourproposes.Therefore,stronglymonotonicactionsareintroduced.Theconditions
areof theform

�%�U���k���
, with

�Ý).�k�
beingexpressions,

��/����b)i��).�7)+��)+ 7¡
, sothatthe

conditionspreferlargervariablevalues,andthereexistsat leastonevariableassignment
thatmakestheconditiontrue.Theassignments

��xD¢Þ� � �
with

¢�/��
:=
)
+=
)
-=
¡

require
thatthevaluewhich theeffect addsto theaffectedvariable,increaseswith thevariable
(ensuringthatrepeatedapplicationdivergesthevalue),andthattheexpressionsdiverge
in all numericalvalues.

For monotoneexpressionsP1-P3aresatisfied,yielding thefollowing setof numer-
ical operations

�%�C���n�
,
�;/�����). #¡

and
��x`¢ß�P�

, where
¢;/à�

:=
)
+=
¡

and
�

is a
linearexpression.Generallinearexpressionscanbedealtwith, sinceconditionsof the
form

�%�U��� � �
, with

�Ý).� �
beinglinearexpressionson thesetof numericalvariableswith��/á����)+��)+�C)+�C). 7¡

, andassignmentsof theform
��x,¢��P�

, where
¢�/á�

:=
)
+=
)
-=
¡

canbeautomaticallytransformedinto theonesabove.
For the properimplementationof the heuristicestimate,that is: constructingthe

relaxed planninggraphfor the monotonesetof linear expressionsandextracting the
relaxedplan,thereaderis referredto [15].

6 Experiments

In the experiments,we include the resultsof the parseras inputs for recentdomain-
independentplanners.The experimentswe performedwere run on a Linux PC with



with 800MHz and128MByte mainmemory. We selectedMetric-FF andMips astwo
actionplannersandSpinandHSF-Spinastwo Promelamodelcheckers.Metric-FF is
suitedto mixedpropositionalandnumericalproblemsandrestrictsto linearprecondi-
tion constraints.Mips is the moregeneralsystemandcanhandleproblemswith arbi-
trary preconditiontrees,actionswith durations,while producingplansthatarein fact
schedules.

Spin is selectedto usea DFS andHSF-Spinis selectedto useWeightedA* with
weight2 andtheformula-basedheuristic[7]. SinceSpindoesnot provide thenumber
of expandednodes,we took the numberof storednodesinstead.Both plannersapply
heuristicsearchwith variantsof therelaxedplanningheuristicdescribedabove.Similar
to HSF-Spinfor Mips we chooseA* with weight2, while Metric-FF appliesEnforced
Hill-Climbing. As in usualHill-Climbing this explorationalgorithmcommitsa change
to a global systemstatethat cannever be withdrawn. Different to Hill-Climbing the
neighborhoodof the currentstateis traversedwith a breadth-firstsearchuntil a node
is foundthathasa smaller

�
-valuethanthecurrentone.Even thoughthealgorithmis

incompletefor directedgraphsit turnsout to beefficient in practice.

TheplannerMips solvestheLeaderElectionexampleproblemwith 107nodeex-
pansionsin 1.5seconds3. Theplanlengthis 58.Spinfindsthebug with only 30 nodes
stored,while HSF-Spinsolvesthesameproblemwith 95nodeexpansions.Bothmodel
checker runabouta1/100secondto comeupwith theaccordingerrortrail.

Tables2 and3 show thattheplannersarealsocapableto efficiently solve deadlock
problemsin puremessagepassingsystemslike theDining PhilosopherandtheOptical
Telegraphprotocol.Thecomparisonfor this caseis not fair, sinceexactdeadlockstate
descriptionswereusedfor the plannersandnot for the modelcheckers.Throughthe
differencesin the interpretationof an executedtransition,the trail lengthalsodo not
match.But that’s not thepoint.At thecurrentlevel of implementationwe do not want
to challengerefinedmodelchecker implementations,but trademarkthatefficientaction
plannerscanindeedmodelcheckcommunicationprotocols.

In thephilosophersexampleweseethatdirectedsearchpaysoff, sinceSpinsearches
to largedepthsuntil it findsanerror. Its DFSexplorationordermissesshallow errors.
Ontheotherhand,Spinis fast.In theopticaltelegraphexampleit runsfastest(lessthan
1/100 second),while expandingthe largestnumberof nodes.HSF-Spintakes some
moretime to expanda node,but performswell in both domains,andits efficiency is
betterthanor equalto thefastestplanner.

Mipsexplorationengineturnsout to betheslow. However, thenumberof expanded
nodesin both exampleprotocolsis at most1 from the optimal possible.The subopti-
malnumbersof expansionsin themodelcheckersaredueto graphcontractionfeatures,
expeciallydueto statemerging. TheplannerMetric-FF hasa nodeexpansionroutine
aboutasfastasHSF-Spin,which is verygood,consideringthattheplannerusespropo-

3 As acurrentdrawback,Metric-FF cannotcompetewith its refinednumericalrelaxedplanning
heuristic,sinceit cannotproperlyparsethecodeprovided in theLeader’s Electionprotocol,
our runningexample.Theproblemis thatit detectscyclic assignconditionsto beproblematic.
Wearecurrentlyin contactto theauthorof theplannerto circumventthis difficulty.



Metric-FF MIPS Spin HSF-SpinÚ ¹ â ã ¹ â ã ¹ â ä ¹ â ã
3 0.02 6 7 0.19 6[2] 7 0.00 18 10 0.0114 17
4 0.02 8 13 0.27 8[2] 9 0.00 54 45 0.0118 22
5 0.0410 21 0.3110[2] 11 0.00 66 51 0.0122 27
6 0.0512 31 0.3812[2] 13 0.01 302 287 0.0126 32
7 0.0614 43 0.4714[2] 15 0.01 330 309 0.0130 37
8 0.1016 57 0.5616[2] 17 0.021.362 1,341 0.0234 42
9 0.1218 73 0.6918[2] 19 0.021,466 1,440 0.0138 47

10 0.1520 91 0.8520[2] 21 0.129,422 9,396 0.0142 52
11 0.2022 111 1.0122[2] 23 0.159,382 9,349 0.0146 46
12 0.2724 133 1.2324[2] 25 1.359,998 43,699 0.0250 62
13 0.3226 157 1.4426[2] 27 43.069,998722,014 0.0154 67
14 0.4028 183 1.7528[2] 29 o.m o.m. o.m 0.0358 72
15 0.4830 211 2.0530[2] 31 o.m o.m o.m 0.0362 58

Table2. Resultsin thedeadlocksolutionfor theDining Philosopherprotocol(o.mdenotesa run
exhaustingmemoryresourcesandthenumbersin brackets[] denoteparallelplanlengths).

sitionalinformation,computesaninvolvedestimateanddoesnothaveany information
on theapplicationdomain.

7 Conclusions

We have seena parserthat transformsactive processesfrom Promelainto PDDL. The
parsingprocessexploits the automatarepresentationproducedby Spin for its visual-
izerXSpin,andshapesoff define-directives.Theintermediateresultis comprehensible
by an enduserandcanserve asan independentalternative to Promelafor modeling
communicationprotocols.

The parseris experimentalandcannotinterpretfull Promelaspecification.More-
over, experimentalresultswere given for simpler-structuredprotocolsonly. We cur-
rently work on larger protocolsstartingwith the elevator simulatorof A. Biere. The
domaindoesnot useany queuecommunicationand parsesfine except of indirectly
referencedvariables.

Throughthe inferredintermediateplannerinput format,we provide thebasisfor a
hostof new algorithmicaspectsto the explorationprocess,bridging the gap between
thetwo disciplinesmodelcheckingandactionplanning.For example,new, apparently
moreinformedheuristicscanbeappliedto thevalidationof protocols.

Thepaperis ambitiousin thesensethatit proposesto bypassthemodelcheckerwith
a domain-independentactionplanner. A fairercomparisonwould beto devisedomain-
dependentpruningrulesverysimilar to LTL specifications,concurentlycheckedduring
the planningprocess.Examplesof thesekinds of plannersrulesareTL-Plan [1] and
Tal-Plan[20].



Metric-FF MIPS Spin HSF-Spinå ¹ â ã ¹ â ã ¹ â ã ¹ â ã
3 0.1418 57 0.5518[5] 12 0.00 23 11 0.0921 23
4 0.2024 80 0.7324[5] 24 0.00 30 14 0.1028 30
5 0.3130 122 1.3030[5] 30 0.00 37 17 0.2035 37
6 0.4136 173 1.4636[5] 36 0.00 44 20 0.3642 44
7 0.6542 233 1.8042[5] 42 0.00 51 23 0.4549 51
8 0.9048 302 2.1248[5] 48 0.00 58 26 0.6156 58
9 1.1254 271 2.4654[5] 54 0.00 65 29 1.0763 65

10 1.6060 331 2.8560[5] 60 0.00 72 32 1.2470 72
11 2.2066 397 3.3166[5] 66 0.00 79 35 1.8677 79
12 2.8572 469 3.7472[5] 72 0.00 86 38 2.3284 84
13 3.9578 547 4.2278[5] 78 0.00 93 41 4.0191 93
14 5.0584 631 4.9284[5] 84 0.00100 44 4.8398 100

Table3. Resultsfor theOpticalTelegraphprotocol.

Theworksinitiatesexperimentswith concurrency problemsin AI planners.Thecur-
rentresearchfocusis theexploitationof similaritiesanddifferencesof modelcheckers
andplannerson comparablebenchmarkinputsto improve bothareaswith algorithmic
contributionsof the other. Our choiceto implementthe parserwasinfluencedby the
fact,that it couldbeslightly harderto implementtheheuristicsinto anexisting model
checker thanto export the descriptionto PDDL. In the long term we expectsomeof
theseestimatesto becomeanintegralpartof directedmodelcheckerslikeHSF-Spin[7].

Theplan relaxationheurisiticis not theonly effective guidiance.We highlight the
patterndatabaseheuristic[5], which is to becomputedasa largelookup-tableprior to
thesearch.This heuristiccanbeincludedin BDD explorationenginesasshown in the
plannerMips. Sincetheestimateswereadaptedfrom efficient domain-independentac-
tion planners,thedesignpatternsaremoregeneralandlikely to transferto thevalidation
of securityprotocolsor othermodelcheckingexplorationtasks.

In future researchwe plan to look at probabilisticmodel checkingand planning
also, taking factoredMarkov DecisionProcesses(FMDPs) as a welcometheoretical
fundament.By meansof thecontributedwork, we think of usinga FMDP solver like
SPUDD[14] andto transferannotatedPromelainto anintermediateprobabilisticaction
planningdescriptionlanguage.SPUDDtakesalgrebraicdecisiondiagrams(ADDs) for
internal staterepresentationstructureandperformsthe Bellmanupdatefor real-time
dynamicprogrammingsymbolically. Wewill alsolook atsymbolicheuristicsearchfor
FMDP by joining And/Or-treesearchwith theSPUDDapproach.
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