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Abstract. In this papera compilerfrom arestrictedsubsenf SPIN’s inputlan-
guagePromelainto an actionplanningdescriptionlanguageis presentedit ex-
ploitstherepresentationf protocolsascommunicatindinite statemachines.
The work targetsthe transferbetweerthe statespaceexplorationareasAl plan-
ning andmodelcheckingby makingprotocolsaccessibldor actionplanners.

It provides a practical study of the expressvenessof differentinput specifica-
tions, introducesconcurreng andquality metricsto counter@ampletraces.and
comparesearchpruningandaccelerationmethods.

Indirectly, refinedestimategor improvederrordetectionn directedprotocolval-
idation are introduced.For example, the relaxedplan heuristic which comes
alongwith anenforcedhill climbingsearchengine.

The experimentalresultsare encouragingln somesampleprotocols,planners
performcloseto state-of-the-annodelcheclers.

1 Intr oduction

Communicatiorprotocols[17] are concurrentsoftware systemswyith main purposeto

organizeinformation exchangebetweenindividual processesDue to interlearings of

processexecutiontracesandthe communicatiorioad itself, the numberof global sys-
tem statess large evenfor simpleandmoderatesizedprotocol specificationsBy this

combinatorialgrowth, called the state explosionproblem[4], mary protocol designs
containsubtleconcurrenyg bugs.

Therefore,in the designprocessautomatedproceduresare neededo certify that
statedassertion®r globalinvariantsarevalid, andthatno deadlockoccurs.Validating
thesekindsof propertiecorrespondto solvingareachabilityproblemin thestatespace
graphwith respecto a setof designatedrrorstates.

Probablythemosteffective techniqueo establiskerrorsfastis heuristicsearcH22]:
a guidedtraversalof the statespacethat exploits information of the error description
to focusthe searchTherearemary possibilitiesto devise an evaluationfunctionanda
correspondingearctroutine.A*-lik e[13], andIDA*-lik e [19] enginesncorporatehe
estimategathlengthinto theevaluationfunction f(n) = Ag(n) + (1 — A)h(n), where
g(n) is thegeneratingpathlengthto staten andh is theapproximatediistancefrom n
to thegoal.For A > 0.5 andlower boundh, obtainedsolutionsareprovably optimal.

Recentadvancesn applyinggeneticalgorithms(GAs) to modelchecking[12] ex-
ploit evaluationfunctionson executionpaths.The populationis a setof pathsin the



statespacegraph, which throughthe basictransformationgecombination selection
andmutationaretunedtowardsanerrortrail.

Settingthe evaluationto the estimateddistanceof the end of the pathto the goal
links GAs to heuristicsearchexploration,with the differencethatthe formerimproves
asetof samplesn the solutionspacewhile thelatter systematicallyenumerates.

Theevaluationfunctionsthathave beenappliedsofarexploit the Hammingdistance
of the state-ector[23], the numberof active processeshe accumulatedhortesipath
distance®f eachprocessstate,andthe tree expansionof the error formulae[7]. The
latterheuristicestimateH ¢ (.S) predictsthenumberof transitionsnecessarjo establish
the truth of failure function f andis recursvely definedon the structureof f. The
estimateassumeindependencef the eventsandneglectscorrelationdetweerthem.

To make moreinformedheuristicestimatesaccessibldor the explorationof com-
municationprotocols,in this paperwe contritute a compilerfrom Promelainto recent
problemdomaindescriptionlanguagesievelopedfor actionplanning,capableto deal
with numericalquantitiesand plan metrics, called PDDL2.1[9]. Sincewe consider
safetyproblemsonly, a successfuplanis atrail to oneof a setof errorstatesPlanners
usuallydo not prove unsohability.

The parserdoesnot yet featurefull languagesxpressienesof Promelag.g.it re-
quiresprocesse$o be active, but for mary problemspecificationsat hand,it appears
to be a sufiiciently large basis.It avoids internalaccesgo the Spin validator which
canturn out to be a burdenfor the unexperiencedorogrammerBoth processcommu-
nicationforms (Qqueuesandsharedvariables)are supported The approachutilizes the
Spinparserasawelcomepre-processosubcomponenSimilar to the XSpininterface,
it startswith the processautomatdile.

Sinceonly active processesvere allowed, the statedescriptionin termsof queue
width andnumberof createdorocessess fixed. Comparedo the otherproposedesti-
matesthis assumptioris notrestrictive, but whentacklinggenerakoftwareverification
problemd18], the approachdefinitely hasto be extended.

The researchs motivatedby prior work in planningas heuristicsearch[3]. The
estimatewve discusss integral partof Metric-FF[15], MIPS[6], andLPG[11], thebest
fully automatigplannersn thelastinternationaplanningsystemcompetition.

The papercontritutes feasibility and practicability of using a plannerto model
checkprotocols.In otherword, it producesvery first datafor a modelcheding via
actionplanningparadigmWith uncertaintyontheinitial stateandtransitionreliability,
thisincludesthe applicationof conformaniplannergo performconformancehecking.

The paperis structuredasfollows. First we give a fixed-lengthstatespacecharac-
terizationof acommunicatiorprotocolsystento exploit the structureof theunderlying
explorationproblem.Thenthe actionplanningformalism STRIPSandPDDL2.1 and
their statespacecharacterizationgre introduced.Afterwardswe examinethe stages
of the compiling processdn detail, taking the LeaderElection protocolasthe running
example.Next we introducethe plan relaxationheuristic,which solves a polynomial
relaxationof the exploration problemon-the-flyfor eachencounteredtate.We close
with drawvn conclusionsanda discussioron appropriateextensionsof theapproach.



2 StateSpaceRepresentation

To modela communicatiorsystemwe choosehefollowing representation

We assumeeachcommunicationprocessP to be representeds a labeledfinite
stategraphG(P) = (S(P), X(P),init(P),curr(P),(P)), with S(P) being P’s set
of (local)states X' ( P) beingthesetof transitionsof P, init(P) € S(P) (andcurr(P) €
S(P)) beingtheinitial (andcurrent)stateof P, ands(P) : S(P) x X(P) — S(P)
beingthetransitionrelationon P.

Similarly, we assumesachqueue® to be modeledasa finite stategraphG(Q) =
(S(Q),head ), tail(Q), §(Q), messQ),con(Q)), with S(Q) beingthe setof queue
states,head @), tail(Q) € S(Q) being the headand tail statesof ), mes$Q) <
MIS(@) peingthe vectorof messagei @ (M is the setof all messageskontQ)
IR'S(@) peingthe vectorof variablevaluesin Q andd(Q) : S(Q) — S(Q) beingthe
successorelationfor Q; if S(Q) = s[1],...,s[k] thend(s[i]) = s[(i + 1) mod k].
Explicitly modelingheadandtail positionsin the queuetradesspacefor time, since
queueupdategeduceto constantime operations.

Sharedand local variablesare modeledby real numbers.The only differenceof
local variablescomparedo sharednesis therestrictedvisibility scope.

A stateS in the global statespacesS is fully describedby its processcomponents
PC(S), its queuecontentsQC(.S), and the currentassignmentsd.SS(.S) to shared
andlocal variableswhere PC(.S) containsthe valuecurr(P) for eachprocessP, and
QC(S) containgthevalueshead @), tail(@), andtheir contentamess$Q), cont Q) for
eachqueue(). Givenafixednumberof processeap andqueuesig, aconstannhumber
of local variablesn!( P) for eachprocess”, anda constannumberof sharedvariables
ns, the globalsystemstatespaceS canbeexpresseds

S=5(P1) X ... x S(Ppp) x S(Q1) X ... x S(Qng) X S(Q1) X ... x S(Qngq) X
MIS@QII e MI8@Qua)l  RIS@II & RIS(@na)l &

RM(P) s x IR Pne) IR,

orasS c IR, for somefixedvaluel € IN, whenidentifying process/queustates
andmessagewith their index. Note thatin this characterizationthe statespaceis not
necessarilfinite. Having fixedthe setof stateswe still needto explain the setof tran-
sitionswe allow. Transitionsarespecifiedwith respecto the setof processethey are
declaredn. Therefore we might considerthe following fundamentaketof operations
(in Promela-lile notation):

gueue! message(vari abl e) The transitionwrites compound(message and
vari abl e) into thequeue atthe positionof thetail pointer Thereturnedvalue
of theoperationis trueif successfulfalseotherwise.

gqueue?message(vari abl e) If message matchesthe one at the head in
gueue the transitionreadsthe accordingcontentsto var i abl e. The returned
valueis trueif successfulfalseotherwise.

! For the sale of brevity in the presentationwe neglect advancedmodeling aspectssuchas
rendez-euscommunicatiorand(in-)validity of end-states.



vari abl e = expressi on The evaluatedexpr essi on is assignedo the ac-
cording(local/sharedyariable, whereexpr essi on is aformulatreeon different
variablesandconstants.

if (variable == condition) bodyl el se body2 Continuethe execu-
tionwith body1, if var i abl e equalscondi ti on, andwith body2, otherwise.

Sincesequentiakcomposition,selectionand assignmentare alreadysuficient to
modelabacusand Turing machinecomputationthe statespaceproblemfor protocols
that we have devisedso far is in fact undecidableExplicit modelcheclerslike Spin
bypassheproblemby restrictingthe rangeof thevariablesto afinite domain,resulting
into alarge but finite statespacegraph.

According to the finite state representatiorof a process,all transition can be
specifiedin form of preconditionsand effects. For transition Q!m(v) from states;
to s, of processP, we have preconditionscurr(P) = s; and effects tail(Q) «—
(tail(Q) + 1) mod |S(Q)|, mes$Q,tail(Q)) «— m, conf{@, head®)) «— v, and
curr(P) = so. For the transition Q?m(v) from states; to s, of processP we
have: If mes$Q)head@)] = m, andcurr(P) = s; thencurr(P) = s3, v «
cont(@)[head )], andhead @) + §(Q)(head = (headQ) + 1) mod|S(Q)]|. Tran-
sition v = exp from states; to s, of processP readsas: given curr(P) = s;, set
curr(P) = sy andv « exp. Transitionlike if (v = exp) link states; to s, in process
P, if curr(P) = s; andv equalsexp, sothatcurr(P) = s is set.

3 Propositionaland Numerical Planning

We seethattransitionsin protocolverificationarein factoperatorawith global precon-
ditionsandeffects muchin the sensehatif the conditionsof a transitionsaresatisfied
in the currentstate,it is executedby performingits effects. This leadsto a small ex-
cursionin actionplanningterminology A groundedSTRIPS[8] taskconsidersa setof
actionsof typea = (pre(a), eff(a)™, eff(a) ~). Theresultof applyinga in stateS is a
stateSUeff(a) "\ eff(a) "~ if pre(a) C S. ThestatespacesS is thepower setof grounded
predicatessothateachS e S canbecharacterizedsa vectorin IB!, for afixedvalue
l € IN.

Oneof theissueghatarecurrentlyin thefocusof Al planningresearctarenumer
ical conditionsandeffects.In the extendedformalismPDDL2.1[9], numericalcondi-
tionsareof theforme @ ¢’ with @ € {=, <, <, >, >}, wheree, ¢’ arearithmeticand
booleanexpressiondreesover the setof variables,and assignmentsre of the form
v® e with® € {: =,+= - =}, wherev is avariable.Therepresentationf the search
spaceas

S =BS5S 5  x IBIS Pl

IBIS(@0 .. x IBIS(@na)l 5 |BIS@II 5 5 IBIS(@nall
RIS@ «  «RIS@ndl  RIS@D] & & RIS@na)l «

RMP | x IR Pne) IR,



state 1 -(tr 3)-> state 2 ne 38 => Active[_pid] =1

state 2 -(tr 4)-> state 3 ne 39 => know winner[_pid] =0

state 3 -(tr 5)-> state 4 line 40 => maxinun{_pid] =0

state 4 -(tr 6)-> state 5 ne 41 => nynunber[_pid] =0

state 5 -(tr 7)-> state 51 ne 43 => q[ ((_pid+1)9%)]! one, mynunber[ _pid]

state 51 -(tr 8)-> state 18
state 51 -(tr 16)-> state 36
state 51 -(tr 22)-> state 43
state 18 -(tr 9)-> state 14
state 18 -(tr 2)-> state 17
state 14 -(tr 10)-> state 9
state 14 -(tr 2)-> state 12
state 9 -(tr 11)-> state 10
state 10 -(tr 12)-> state 51
state 12 -(tr 13)-> state 13
state 13 -(tr 14)-> state 51
state 17 -(tr 15)-> state 51
state 36 -(tr 9)-> state 32

|

|

|

|

|

line 44 => q[ _pid]?one, nr[_pid]
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|
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|
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|
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|
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state 36 -(tr 2)-> state 35 |
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|

|

|
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|
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|

|

ne 44 => qg[ _pid] ?two, nr[_pid]

ne 44 => qg[ _pi d] ?wi nner, nr[_pid]

ne 46 => ((Active[_pid]>0))

ne 46 => el se

ne 48 => ((nr[_pid]!=nmaxinun{_pid]))

ne 48 => el se

ne 50 => q[ ((_pid+1)%2)]!two, nr[_pid]

ne 51 => nei ghbourR[ _pid] = nr[_pid]

ne 53 => know winner[_pid] =1

ne 54 => q[ ((_pid+1)9%2)]!wi nner, nr[_pid]
ne 57 => q[ ((_pid+1)%2)]!one, nr[_pid]

ne 61 => ((Active[_pid]>0))

ne 61 => el se

ne 63 => ((neighbourR[ _pid]>nr[_pid]))

ne 63 => el se

ne 65 => ((nei ghbour R _pi d] >maxi nun{ _pid]))
ne 65 => el se

ne 67 => maxi nun{ _pi d] = nei ghbour R _pid]
ne 68 => q[ ((_pid+1)9%)]! one, nei ghbour R _pi d]
ne 70 => Active[_pid] =0

ne 73 => Active[_pid] =0

ne 76 => qg[ ((_pid+1)%)]!two, nr[_pid]

ne 79 => ((nr[_pid]!=nynunber[_pid]))

ne 79 => el se

ne 85 => ((know_wi nner[_pid]>0))

ne 85 => el se

ne 91 => -end-

ne 87 => q[ ((_pid+1)9%2)]!wi nner, nr[_pid]
ne 82 => nr_| eaders[0] = (nr_| eaders[0]+1)
ne 83 => assert((nr_|l eaders[0]==1))

state 32 -(tr 17)-> state 28
state 32 -(tr 2)-> state 31
state 28 -(tr 18)-> state 24
state 28 -(tr 2)-> state 27
state 24 -(tr 19)-> state 25
state 25 -(tr 20)-> state 51
state 27 -(tr 21)-> state 51
state 31 -(tr 21)-> state 51
state 35 -(tr 11)-> state 51
state 43 -(tr 23)-> state 48
state 43 -(tr 2)-> state 41
state 48 -(tr 26)-> state 54
state 48 -(tr 2)-> state 47
state 54 -(tr 27)-> state O
state 47 -(tr 14)-> state 54
state 41 -(tr 24)-> state 42
state 42 -(tr 25)-> state 48

Fig. 1. Theautomatadescriptiorfile for the LeaderElectionprotocol.

indicatesthat protocol validation problemscan be castedas planning problemswith

propositionaland numerical stateinformation, where the propositionsand numbers
areindexed by procesddentifiers,by local and sharedvariablesaswell asby queue
identifiers. The propositionswe use are at(P,s) for S(P) = s, head@,s) for

head®@) = s, andtail(Q, s) for tail(Q) = s. For the numericalpropositionswe

choosemess$Q). s) for mes$Q)[s], and cont @, s) for cont(@)[s] Unfortunately ac-
cessetikemess$Q®)[(head(Q))+1) mod|S(Q)|] arenolongeravailable. Thereforewe

take the currentqueueposition ¢; and g, as additionalparametersywherewe know

that ¢ = §(Q,q1). E.g, for Q7?m(v) this resultsto the formula: If head @, ¢1),

mes$(@),q1) = m, and curr(P,s;) then —curr(P, s1), —head P, ¢1), curr(P, sz),

head P, ¢2), andvalugv) < cont(@, ¢1).

Therepresentionablow-up dueto the binaryencodingof processandcommunica-
tion queuestatesandthe upgradeof variablesand messageo IR is not ascritical as
thefirst glancemayindicate.lt canbe compensatetly staticanalyzertoolsfeaturedby
plannerdik e Stan[21] andDiscoplan[10] thatefficiently detectandeliminateconstant
predicateandpartitionatomsinto groupsof mutually exclusive facts.



Fig. 2. Theautomataof Figurel takenfrom the XSpininterface.

4 Compilation Process

As maininputfor ourparserinsteacf the Promeldile itself, we startwith theautomata
representatiothatis produceddy Spin,i.e. we take the Promelanputfile, generatehe
corresponding-file, and run the executablewith option - d. We avoid statemeiging
by settingparameter 03 asa optionto Spin. The processautomataspecificationfor
the LeaderElectionprotocol(with two node processeandtwo queues) of size4) is
visualizedin Figure2 with full text representatiom Figurel.

As said, we assumeall processeso be active. This imposessomerestrictionsto
the Promelamodel.However, in our setof benchmarlproblemsall Promelaprocesses
(pr oct ypes) areinvokedby asingleinit processsuchthatit is notdifficult to provide
theentirebenchmarlksetin this format. The correspondindgromelasimplificationsare
moreor lesstextual substitutionsyhich presumablyanbeprovidedby automategbro-
ceduresSofarthesesimplificationshave beenperformedmanually Evenfor involved
exampleghis stepis hotaburdenevenfor anuntrainedSpinuser To dealwith different



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

(:action performtrans
:paraneters (?p - process ?t - transition ?sl ?s2 - state)
:precondition (and (trans ?t ?sl ?s2) (ok ?p ?t) (at ?p ?sl))
ceffect (and (at ?p ?s2) (not (at ?p ?sl)) (not (ok ?p ?t))))

Fig. 3. Preparingandexecutinga processtatetransition.

procesgparametersye highlight thatin Spineachprocessanbe accessethy process
identifier _pi d. The valueis continuouslyincreasedor eachallocatedprocess.This
allowsto organizetheaccess$o queueswhenspecifyingarraysof active processed:or
the easeof presentationywe have transformedall local variablesinto sharedvariable
arrays,oncemoreto beaddressetly the processdentifier_pi d.

The arraydimensionsof procesdypes,variables,andqueuesaswell asqueueca-
pacityarereadfrom the Promelainputfile. Thisis the only additionalinformation,that
is not presenin thefinite staterepresentatiofile. To avoid conflictswith precompiler
directives,we substituteall def i nes beforehandvith the c-compilercommandine
option- E, whichrunsthe precompileronly.

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 and goal stateare specified.Only the instancefile refers
to groundedpredicateswhile actionsand predicatesare specifiedby typedobjectpa-
rametersFor examplein the well-known Blodks World problemwe have actionslike
st ack andunst ack with respectto two parameterof type blodk and with pred-
icateslike on, on-t abl e, andcl ear in the preconditionsand effect lists, where
the instancefile specifiesthe block configurationssuchascl ear (a), on(a, b),
on(b, c), on(c,t) with respectto a setof objects,e.g.a, b, ¢ of type bl ock
andt of typet abl e.

For protocolmodeling,we identify processestheir proctype,and a propositional
descriptionof the finite statesystemwith statesand statetransitionsasobjects.If we
have variablesin the Promelaspecificationthesearealsoto be found anddeclaredas
possibleobjects.Communicatiomqueuesaredefinedby their channeltype andcontent
configuration.All theseobjectsareinferredin the parserby instantiatingthe process
identifier _pi d with respectto the establishedarray boundsin the automataprocess
descriptiorfile.

As an examplethe setof objectsfor the LeaderElection problemwith automata
descriptiorof Figurel, wehave node- 0 andnode- 1 aspr ocess objectshode 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 ?2q) 1) (= (head-nsg ?q) (mess ?t)))
reffect
(and
(advance-head ?q) (ok ?p ?t)
(not (activate ?p ?t)) (not (settled ?q)))
(assign (value ?v) (head-value ?q)))

Fig. 4. Readingvariablesfrom a queue.

proct ype object,g[ 0] andg[ 1] asqueue objectsqueue- 4 asqueuet ype ob-
ject,Active[ pid],...asvari abl e objectsst at e- 1, ..., st at e- 54 asprocess
st at e objectsand,lastbut not least,Act i ve[ pi d] =1 andothersasstatet r an-
si ti on objects.

4.2 Operators

In puremessag@assingdomainsno inferenceof domainfile ingredientss necessary
Butin thepresencef local/sharediariableqasin our example)the parseradditionally
generatesctionschemador variableconditioningandchange.

In thefirst step,we describefixed actionsapplicableto all protocoldomainsNote
that one objective in a good model of a planningproblemis to keepthe numberof
parametersmall. Groundingactionsandpredicatesvith morethanfive objectparame-
terscauseproblemsfor almostary plannerthatwe know. Thereductionof parameters
canbestbe achiezed by someadditionalflagsthataresetby oneactionandqueriedby
anotherone.

Figure 3 shavs how we prepareand execute processstate transitions. Action
acti vat e- t r ans activatestransitiont in processP if in thecurrentstatewe have an
optionto performt startingfrom s;. Action pr ocess- t r ans triggersthetransitiont
in processP to move from s; to ss. It queriestheflag ok which is deletedafterwards.
Hence,for eachtransitiont thereis an appropriateactionthat performsall necessary
changesaccordingto ¢ andthat that setsthe flag(s) ok. Theseoperationsare purely
propositional.

4.3 QueueOrganization

Queueorganizationwith headandtail pointerhasalreadybeenmentionedn theformal
characterizatiorof the problem structure.Figure 4 gives an action specificationfor



(:action increase-head
:parameters (?q - queue ?qt - queuetype
?qsl ?qs2 - queue-state)
:precondition
(and
(next ?qt ?qsl ?qs2) (is-a-queue ?q ?qt) (head ?q ?gsl)
(>= (size ?q) 1) (advance-head ?q))
reffect
(and
(settled ?q) (head ?q ?gs2)
(not (head ?g ?gsl)) (not (advance-head ?q))
(assign (head-value ?q) (queue-value ?q ?gs2))
(assign (head-nsg ?q) (queue-nsg ?q ?qs2))
(decrease (size ?q) 1)))

Fig. 5. Increasinghe headpointerto settlethe queue.

readingavariablev from thequeuey in transitiont queryingmessagen, i.e. Q?m(v).
ThePDDL representationf Q!m(v) is analogous.

We canseethat the statetransitionenablingflag ok is set. The accordingqueue
updatei ncr ease- head is shovn in Figure5. As thenameindicatest actualizeghe
headpositionandeliminatesthe settledflag, which is preconditionedn ary queueac-
cessaction.To disallow actionsto be activatedtwice, beforeanactionis performedwe
additionally preconditionthe act i ve-t rans andper f or m t r ans with the set-
tlementof all queuesTherequired(forall (g - queue) (settled ?q))
constructtanbe avoidedby removing the queueparameteim thepredicateset t | ed.

4.4 Variable Handling

As said,variableconditioningandupdatings moredifficult thanotheroperationssince
they requirebothchangedo theinstanceandproblemdomainfile.

Totamethenumberof actions for eachconditionor assignmentheparseigenerates
a patternstructure.For example,settingvariable Act i ve[ 0] to 1 correspondgo a
V0=1 pattern.The assignmenbf ary variableto the contentof anothercorrespondso
aV0=V1 pattern.

Conditionson el se branchesremadeexplicit by the negation of the conditionat
thecorresponding f branch.

Inferredpatternsggeneratactionsandinitial statepatternsk.g.VO=V1 generates
i s- VO=V1 predicateto be groundedn the initial statefor eachvariable-to-ariable
assignmenaccordingto the given transitionand processfor the initial state.The in-
ferredactiondeclaratiorfor the domainfile is showvn in Table6.

Thei nsi de predicateavoidsafourth parametein thei s- VO=V1 predicaté.

2 Actually, this modelingturnedout to be crucialfor the plannerto parsethe code



(:action VO=V1
:parameters (?p - process ?t - transition ?v0 ?vl - variable)
:precondition
(and
(activate ?p ?t) (inside ?p ?t ?v0) (inside ?p ?t ?vl)
(is-VO=V1 ?t ?v0 ?vl))
reffect
(and
(ok ?p ?t) (not (activate ?p ?t))
(assign (value ?v0) (value ?vl))))

Fig. 6. Readingvariablesrom a queue.

5 The Plan Relaxation Heuristic

As anexampleof possiblegainsof the compilationprocesave next explain the proba-
bly mostinfluencingheuristicin actionplanning.

Therelaxationa™ of anactiona = (pre(a), eff(a)™, eff(a) ") is definedasa™ =
(pre(a), efi(a) ™, #). Therelaxationof aplanningproblemis theonein whichall actions
aresubstitutedy theirrelaxed counterpartsThefollowing propertiesaresatisfied 16]:

— P1:Any solutionthatsolvesthe original planalsosolvestherelaxedone.

— P2:All precondition@ndgoalscanbeachiezedif andonly if they canin therelaxed
task

— P3:Therelaxedplancanbe solvedin polynomialtime.

Solvingrelaxed planscanefficiently be doneby building a relaxed problemgraph,
followed by a greedyplan generatiorprocessTable 1 depictsthe implementatiorof
the planconstructiorandthe solutionextractionphase.

The first phaseconstructsthe layeredplan graphidentical to the first phaseof
Graphplan[2]. In Layeri all factsare given that are reachableby applyingan oper
atorwith satisfiedoreconditiorfactsin ary Layerj with 1 < j < 4. In LayerO we have
all factspresenin theinitial state.Sincewe have afinite numberof groundedoroposi-
tionsthe processventuallyreaches fix-point. The next loop marksthe goalfacts.In
theimplementationthe factlayerandgoallists aregivenasbit-vectorswith the latter
oneconstructean-the-fly

Thesecondhasas thegreedyplanextractionphaselt performsabackwardsearch
to matchfactsto enablingoperatorsThe goalfactsbuild the first unmarled facts.As
long asthereareunmarledfactsin Level ¢, selectan operatorthatmakesthis facttrue
andmarkall addeffects,andqueueall preconditionsasunmarled nen goals.If there
is no unmarledfactleft in Level i continuewith Level i — 1 until the only unmarled
factsaretheinitial onesin Layer0. Theheuristicis constructve, i.e. it notonly returns
the estimatedistancebut alsoa correspondingequencef actions.

Extendingthe above estimateto numbershasbeenachieved asfollows [15]. Con-
ditions are of the form (v @ ¢), where@ € {>,>} andc € IR andassignmentsre



procedure Relax S, goal)
Po—St—0
while (goal Z P;) do
Pri1 — PrUUpreqa)cp, €f(a)*
if (Pi+1 = P;) return co
t—t+1
for ¢ «— ¢ downto 1
G; — {g € goal| level(g) = i}
for i «— t downto 1
for g € G,
if 3a. g € eff(a)™ and level(a) =i — 1
A«— AU{a}
for p € pre(a)
Glevely) = Gleveky) Y (P}
return|A|

Table 1. Relaxed propositionaheuristic.

of theform (v ® ¢), where® € {+=,- =} andc € IR" \ {0}. Therestrictednumeri-
cal taskis obtainedby droppingthe deleteandthe decreaseffectsandby neglecting
numericalpreconditionsFor restrictedexpressionsconditionsP1-P3canbe satisfied,
but throughthe lack of nhumericalpreconditionghe restrictedlanguages too limited
for our proposesTherefore stronglymonotonicactionsareintroduced The conditions
areof theform (e @ €’), with e, ¢’ beingexpressionsg € {=, <, <, >, >}, sothatthe
conditionspreferlargervariablevalues andthereexistsatleastonevariableassignment
thatmalesthe conditiontrue. Theassignmentév ® ¢’) with ® € {: =, +=,- =} require
thatthe valuewhich the effect addsto the affectedvariable,increasesvith the variable
(ensuringhatrepeatedpplicationdivergesthevalue),andthatthe expressiongliverge
in all numericalvalues.

For monotonexpression$?1-P3aresatisfiedyielding the following setof numer
ical operationsle @ 0), ® € {>,>} and(v ® ¢), where® € {: =,+=} andeis a
linear expressionGeneralinear expressionganbe dealtwith, sinceconditionsof the
form (e @ ¢'), with e, ¢’ beinglinearexpression®n the setof numericalvariableswith
@ € {=,<, <, >,>}, andassignmentsf theform (v ® ¢), where® € {: =, +=,- =}
canbeautomaticallytransformednto the onesabove.

For the properimplementationof the heuristicestimate thatis: constructingthe
relaxed planninggraphfor the monotonesetof linear expressionsand extracting the
relaxedplan,thereaderis referredto [15].

6 Experiments

In the experimentswe include the resultsof the parserasinputsfor recentdomain-
independenplanners.The experimentswe performedwererun on a Linux PC with



with 800 MHz and128 MByte mainmemory We selectedMetric-FF andMips astwo

actionplannersand SpinandHSF-Spinastwo Promelamodelcheclers.Metric-FF is

suitedto mixed propositionalandnumericalproblemsandrestrictsto linear precondi-
tion constraintsMips is the more generalsystemand canhandleproblemswith arbi-

trary preconditiontrees,actionswith durationswhile producingplansthatarein fact
schedules.

Spinis selectedo usea DFS andHSF-Spinis selectedo useWeightedA* with
weight 2 andthe formula-basedeuristic[7]. SinceSpindoesnot provide the number
of expandednodes we took the numberof storednodesinstead.Both plannersapply
heuristicsearchwith variantsof therelaxed planningheuristicdescribedibore. 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 can never be withdravn. Differentto Hill-Climbing the
neighborhoodf the currentstateis traversedwith a breadth-firstsearchuntil a node
is found thathasa smallerh-valuethanthe currentone. Even thoughthe algorithmis
incompletefor directedgraphst turnsoutto beefficientin practice.

The plannerMips solvesthe LeaderElectionexampleproblemwith 107 nodeex-
pansionsn 1.5seconds. Theplanlengthis 58. Spinfindsthe bug with only 30 nodes
stored while HSF-Spinsolvesthe sameproblemwith 95 nodeexpansionsBoth model
checlerrun abouta 1/100secondo comeup with theaccordingerrortrail.

Tables2 and3 shaow thatthe plannersarealsocapableo efficiently solve deadlock
problemsin puremessag@assingsystemdik e the Dining Philosopheandthe Optical
Telegraphprotocol. The comparisorfor this caseis not fair, sinceexactdeadlockstate
descriptionswvere usedfor the plannersandnot for the modelcheclers. Throughthe
differencedn the interpretationof an executedtransition,the trail lengthalso do not
match.But that’s not the point. At the currentlevel of implementatiorwe do not want
to challengaefinedmodelcheclerimplementationshut trademarkhatefficientaction
plannerscanindeedmodelcheckcommunicatiorprotocols.

In thephilosophergxamplewe seethatdirectedsearctpaysoff, sinceSpinsearches
to large depthsuntil it findsanerror. Its DFS explorationordermissesshallov errors.
Ontheotherhand,Spinis fast.In theopticaltelegraphexampleit runsfastes{lessthan
1/100 second) while expandingthe largestnumberof nodes.HSF-Spintakes some
moretime to expanda node,but performswell in both domains,andits efficiencgy is
betterthanor equalto thefastesplanner

Mips explorationengineturnsoutto betheslow. However, the numberof expanded
nodesin both exampleprotocolsis at most1 from the optimal possible. The subopti-
mal numbersof expansionsn themodelcheclersaredueto graphcontractiorfeatures,
expecially dueto statemeging. The plannerMetric-FF hasa nodeexpansionroutine
aboutasfastasHSF-Spinwhichis very good,consideringhatthe plannerusespropo-

3 As acurrentdravback,Metric-FF cannotcompetewith its refinednumericarelaxed planning
heuristic,sinceit cannotproperly parsethe codeprovidedin the Leaders Electionprotocol,
ourrunningexample.Theproblemis thatit detectscyclic assignconditionsto be problematic.
We arecurrentlyin contactto the authorof the plannerto circumventthis difficulty.



Metric-FF MIPS Spin HSF-Spin
t| 1| e t I e t l s t| Il e
0.02 6| 7|/0.19 6[2]| 7|| 0.00 18 10//0.0114|17
0.02 8| 13||0.27] 8[2]| 9|| 0.00 54 45/|0.02§18|22
0.0410, 21{0.3410[2]{11|| 0.00 66 51)|0.0122|27
0.0512| 31{|0.3812[2]|13|| 0.01 302 287)|0.0126|32
0.0614| 43||0.47/14[2]|15|| 0.01 330 3090.01,30|37,
0.1016| 57||0.5616[2]|17|| 0.021.362 1,341|0.0234(42
0.1218| 73||0.6918[2]|19|| 0.021,466 1,440|0.0138/47
0.1520| 91{|0.8520[2]|21|| 0.129,422 9,396|0.0142|52
0.2022/111|1.0422[2]|23|| 0.159,382 9,349|0.0146|46)
0.27/24{133|1.2324[2]|25|| 1.359,998 43,699|0.0250|62
0.3226|157||1.44/26[2]|27||43.06§9,998722,01410.0154(67
0.4028/183|1.7528[2]|29|| o.m| o.m. 0.m||0.0358|72
0.4830/211|2.0530[2]|31|| o.m| o0.m 0.m||0.0362(58
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Table 2. Resultsin thedeadlocksolutionfor the Dining Philosopheprotocol(o.mdenotesarun
exhaustingmemoryresourcegndthe numberdn braclets[] denoteparallelplanlengths).

sitionalinformation,computesaninvolved estimateanddoesnot have ary information
ontheapplicationdomain.

7 Conclusions

We have seena parserthattransformsactive processefrom Promelainto PDDL. The
parsingprocessexploits the automatarepresentatioproducedby Spin for its visual-
izer XSpin, andshape®ff define-directres.Theintermediateesultis comprehensible
by an enduserand cansene asanindependentlternatie to Promelafor modeling
communicatiorprotocols.

The parseris experimentaland cannotinterpretfull Promelaspecification.More-
over, experimentalresultswere given for simplerstructuredprotocolsonly. We cur
rently work on larger protocolsstartingwith the elevator simulatorof A. Biere. The
domaindoesnot useary queuecommunicationand parsesfine exceptof indirectly
referencedariables.

Throughthe inferredintermediateplannerinput format, we provide the basisfor a
hostof new algorithmicaspectdo the exploration processhridging the gap between
thetwo disciplinesmodelcheckingandactionplanning.For example,new, apparently
moreinformedheuristicscanbe appliedto the validationof protocols.

Thepapelis ambitiousin thesensahatit proposeso bypasghemodelcheclerwith
adomain-independemtctionplanner A fairercomparisorwould beto devise domain-
dependenpruningrulesvery similarto LTL specificationsgoncurentlychecledduring
the planningprocess Examplesof thesekinds of plannersrulesare TL-Plan [1] and
Tal-Plan[20].



Metric-FF MIPS Spin HSF-Spin
tl 1 e t Il e tl Il e tl 1| e
0.1418 57|/0.5518[5](12||0.00 23|11||0.0921| 23
0.2024| 80||0.7324[5]|24(|0.00 30/14||0.1028 30
0.3130{122|1.3030[5](30({0.00 37|17||0.2035| 37
0.4136|173|1.4636[5]|36(|0.00 44/20||0.3642| 44
0.6542|233|1.8042[5]|42||0.00 51/23||0.4549| 51
0.9048/302|2.1248[5]|48||0.00 58|26||0.6156| 58
1.12/54(271}|2.4654[5]|54||0.00 65|29||1.0763| 65
1.6060[331}|2.8560[5]/60//0.00 72/32||1.2470| 72
2.2066|397||3.3166[5]|66(|0.00 79/35|(1.8677| 79
2.8572|469|3.7472[5]|72||0.00 86|38||2.3284| 84
3.9578/547||4.2278[5]|78||0.00 93|41(|4.0191| 93
5.0584(631]|4.9284[5]|84|{0.0010044)|4.8398/100
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Table 3. Resultsfor the Optical Telegraphprotocol.

Theworksinitiatesexperimentswith concurreng problemsn Al plannersThecur
rentresearchocusis the exploitation of similaritiesanddifferenceof modelcheclers
andplannerson comparabldenchmarknputsto improve bothareaswith algorithmic
contritutions of the other Our choiceto implementthe parserwasinfluencedby the
fact,thatit could be slightly harderto implementthe heuristicsinto an existing model
checler thanto export the descriptionto PDDL. In the long term we expectsomeof
theseestimates$o becomenintegral partof directedmodelcheclerslike HSF-Spin[7].

The planrelaxationheurisiticis not the only effective guidiance We highlight the
patterndatabaséeuristic[5], whichis to be computedasa large lookup-tableprior to
the searchThis heuristiccanbeincludedin BDD explorationenginesasshavn in the
plannerMips. Sincethe estimatesvereadaptedrom efficient domain-independerac-
tion plannersthedesignpatternsaremoregenerabndlik ely to transferto thevalidation
of securityprotocolsor othermodelcheckingexplorationtasks.

In future researchwe plan to look at probabilistic model checkingand planning
also, taking factoredMarkov DecisionProcesse$FMDPs) as a welcometheoretical
fundamentBy meansof the contritutedwork, we think of usinga FMDP solver like
SPUDD[14] andto transferannotatedPromelanto anintermediatgrobabilisticaction
planningdescriptionlanguageSPUDDtakesalgrebraicdecisiondiagramqADDs) for
internal staterepresentatiorstructureand performsthe Bellman updatefor real-time
dynamicprogrammingsymbolically We will alsolook atsymbolicheuristicsearcHor
FMDP by joining And/Ortreesearchwith the SPUDDapproach.
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