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Abstract

Partial order optimizationtechniquedor distributed sys-

temsimprove the performanceof finite stateverification

approachedy avoiding redundantexploration of some
portions of the statespace. Previously, suchtechniques
have beenappliedin the context of model checkingap-

proaches. In this paperwe proposea partial order op-

timization of the programmodel usedby FLAVERS, a

dataflow basedinite stateverificationapproachor check-
ing userspecifiedpropertiesof distributed software. We

demonstratesxperimentally that this optimization often

leadsto significantreductionsin the run time of the anal-

ysis algorithmof FLAVERS. On average for thosecases
wherethis optimizationcould be applied,we obsened a

speedupof 21%. For one of the casesthe optimization
resultedin ananalysisspeedumf 91%.
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1. Introduction

Finite state verification techniquesautomatically check
that a software systemconformsto a behaior specifica-
tion or property. Suchtechniquesrebecomingextremely
important with the proliferation of distributed systems.
Distributed systemsare more difficult to understandand
reasonaboutthan sequentialonesbecauseof the poten-
tial non-deterministidnterleaving of executionsequences
from differentthreadsof control, or tasks While testing
demonstratethe actualbehavior of a systemon selected
testcasesdistributed systemsmay not even producethe
sameresultswhenre-executedwith thesesametestcases.
Finite stateverificationtechniqueshowever, are capable
of verifying arestricted put interesting classof properties
for all possibleexecutionsof aprogramfor all possibletest
cases. Unfortunately in practice,finite stateverification
toolsoftenrequiresignificantcomputingresourcesandso
thereis a needfor optimizationsthatimprove the perfor
manceof suchtechniques.

Many finite stateverificationtechniqueseasoraboutsys-
temsin termsof sequencesf events,whereaneventcorre-
spondsto somerecognizabldehaior of the system such
asa methodcall, a task interaction,or an assignmento
avariable. One popularmethodfor improving the perfor
manceof finite stateverificationtechniqueswithout com-
promisingtheresultsof their analysesis partial order op-
timization. Suchan optimizationis basedon the obsena-
tion that mostrepresentationsf distributedsystemsused
in analysis,modelthe executionof the systemas a total
orderbetweeroccurrencesf events.This meanghatmul-
tiple executionsexist that differ from eachotheronly by
therelative orderof appearancef eventsoccurringin dif-
ferenttasks. In mary casesthesedifferencesare notim-
portantfor checkingthe propertyof interest.In suchcases,
partialorderreductiontechnigueshooseandreasorabout
asinglerepresentatie ordering.

Necessarilywhetheror not two interleavings canbe con-
sideredequivalentdepend®n the propertybeingchecled.
Thus, all partial order methodsare definedfor specific



Wolper [6], Valmari [13], and Katz and Peled[8] use
partial ordersfor verifying safety properties. Peled[12]
proposeda partial order method that allows checking
stuttering-closéBuchi automatgroperties.

Partial ordermethodshave beenshawn to be successfuin
improving the performanceof modelcheclers. Onecase
study[1] shovedthatfor mary situationsthesetechniques
significantly improve both time and spacerequirements
of the SPIN[7] modelchecler, thus enablinganalysisof
bigger problems. Godefroid, Peled,and Staskauskafb]
describethe designof a partial-orderalgorithmfor a for-
mal validationtool usedfor verificationof several subsys-
temswithin LucentTechnologieSESStelephoneswitch-
ing system. Godefroid [3] also usespartial order tech-
niguesin VeriSoft, a verificationtool for distributed sys-
temsimplementedn C or C++. VeriSoftwasdemonstrated
to be effectivein verifying anexampleof the LucentTech-
nologies’ Heart-BeatMonitor of a telephoneswitch sys-
tem[4].

To date,partial orderreductiontechniqueshave beenap-
plied in the context of modelcheckingapproachesSuch
approachesnumerateall possible statesof the system
and reasonaboutthesestates. In this paperwe propose
a partial order reductionfor FLAVERS, a finite verifica-
tion approachbasedon dataflow analysis[2]. Although
FLAVERSIs a generalapproactthatto datehasbeenap-
plied to Ada [2], Java[10Q], C++, andJovial programsas
well as an architecturedescriptionlanguage11], in this
paperwe useAda asour examplelanguage.The program
modelthatFLAVERSusesdoesnotenumerataill possible
statesof the concurrensystemunderanalysis put instead
it usesa specialtype of edgeto represenpossibleinter-

leavings betweeneventsin differentprocessesThe opti-

mizationthatwe proposein this paperusespartial orders
to eliminatesomeof theseedgestherebyimproving effi-

cieng of theFLAVERS analysis.

We evaluatedthe benefitsof this optimizationon anumber
of small, distributed programs. As expected,it wasrela-
tively easyto determineif the partial order optimization
techniquewas applicableto a problem. For the 92 prob-
lemsthat we consideredthe optimizationwas applicable
to 35 of them. On average,for all applicablecasesthe
speedumf the FLAVERS analysisdueto the useof this
optimizationwas21%. For one case the optimizationre-
sultedin ananalysisspeedupf 91%.

In the next sectionwe presenta high-level overview of
FLAVERS and give a detaileddescriptionof the system
modelthat FLAVERS uses. Section3 describeghe intu-
ition behindthe partial order optimization approachthat
allows us to remove a significantnumberof edgesfrom
the FLAVERS programmodel. Section4 presentghis op-
timization in detail. In Section5 we presentour experi-
mentalresults. We concludewith obsenationsandfuture
researcldirections.

2.1. Overview

FLAVERS (FL ow Analysisfor VERiIfication of Systems)
compactlyrepresentsa concurrentsoftware systemas a
TraceFlow Graph (TFG) andusesan efficient fixed point
dataflow algorithmto determinaf the behavior described
by the TFGis consistentvith auserspecifiedgvent-based,
safetyproperty Theresultsof the FLAVERS analysisare
conserative; in otherwords, the techniquenever claims
that a propertyis verified whenit is not. For efficiengy
reasonssimilarto otherfinite stateverificationtechniques,
the TFG modelusedby FLAVERS over-approximateshe
potential executablesequencesf eventsassociatedvith
the program. This leadsto the possibility of spuriousre-
sults whereFLAVERS reportsa propertyviolation when
thereis in fact no real executablebehaior of the system
that would violate that property If FLAVERS detectsa
propertyviolation, it providesthe userwith examplepaths
thatillustratethis propertyviolation. By examiningsuch
pathsuserscanoftendetermindf theresultof theanalysis
iS spuriousor not.

FLAVERS providesa flexible way for improving the pre-
cision of the analysis.Analystsdo this by addingfeasibil-
ity constaints which specifyadditionalsemantidnforma-
tion aboutthe systemandwhich are usedto limit the ex-
plorationof the TFG to only thosepathsthat satisfythese
feasibility constraints. If the constraintsare well chosen
by the user infeasibleexecutionsare eliminatedand the
subsequenanalysisrun will eitherverify the propertyor
exposea counterexample that corresponddo real exe-
cutablebehaior and, thus, exposesa bug in the system.
FLAVERSprovidesautomatedupportfor creatingseveral
classesof feasibility constraints,suchas constraintsthat
modelbooleancounter or enumeratedariablesor model
controlflow througha specificthreadof control.

Unfortunately the use of constraintsmay lead to larger
and more complex dataflow problems,sincethe worst-

casecompl«ity of the FLAVERS analysisalgorithm is

O(N2S), where N is the numberof nodesin the TFG

and S is the productof the numberof statesin the prop-

ertyandall constraintsThus,if mary constraintareused,
theanalysisalgorithmmay have to dealwith vastamounts
of data. This led usto searchfor techniquegor improv-

ing spaceandtime characteristicof FLAVERS. In order
to understandhe technigueproposedn this paper in the

remainderof this sectionwe describethe TFG modelin

detailandthenbriefly illustratethe FLAVERS analysison

this model.

2.2. TFG Model of Ada Programs

The TFG for an Ada programis basedon the control flow

graphs(CFGs)for all tasks. Additional nodesand edges
are addedto the TFG to represenintertaskcommunica-
tions. Specifically if the coderegion representethy node
n in onetaskcontainsa synchronizatiorstatementhatcan
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Figure2: Propertyandconstraintexample

correspondo onerepresentethy nodem in anothertask,
a new nodeis addedwith incomingedgesfrom n andm

andoutgoingedgesto all successorsf n andm. This is

illustratedin Figurel1(c). A uniqueinitial nodethathasno

incomingedgesandhasoutgoingedgeso the startnodes
of all CFGsanda uniquefinal nodethathasno outgoing
edgesand hasincoming edgesfrom the end nodesof all

CFGsareaddedo the TFG.

Formally, a TFG is a labeled directed graph
(N, E, ninitial , ninal, 2, 1abel), where N is the set of
nodes,E C N x N is the setof edgesinitial , final € N
areuniqueinitial andfinal nodes X, is the setof labelson
thenodesof thegraph,andlabelis a mappingfrom nodes
to labelsin ¥. The setof all nodesfrom the CFGsfor all
tasksforms the setof local TFG nodes. All othernodes,
exceptthe initial andthe final nodes,represenintertask
communicationsindthusarecalledcommunicatiomodes.

Let T be the setof tasksin the program. In the TFG for
an Ada program,nodesmay belongto one (local nodes),

two (communicatiomodes)or no (initial andfinal nodes)
tasks. We usefunctiontask: N — 27 to associatewith
eachTFG nodethe setof tasksit belongsto.

Figure1(a) shavs a programthat consistsof two commu-
nicating Ada tasksand Figure 1(b) shavs the CFGsfor
thesetwo taskswith nodeslabeledwith the correspond-
ing Ada programstatements.Sincewe will be interested
in reasoningaboutvaluesof variablex, informationabout
this variableis includedin the CFG. The two nodesla-
beledx==true andx==false representhe valueof vari-
ablex beingtrue on thefirst branchof the if statement
andfalse ontheotherbranch respectiely. The nodela-
beledx=unknown correspondgo the read(x) statement
andmeanghatanunknowvn valueis assignedo variablex.

Figurel(c) givesthe TFG for this Ada program.Thelocal
nodesin this TFG have the samelD numbersassociated
with themasthe correspondingnodesin the CFGs. The
diamond-shapedodesare the initial andthe final nodes
of this TFG andthetwo communicatiomodes]abeledE1



betweerthetasksatentrycall T2.E1, andnodelabeledE2
representthe communicatioratentrycall T2.E2.

FLAVERSrepresentall propertiesandconstraintasfinite
stateautomatgFSA). Transitiondgn theseFSAsmustbein
3. TheFLAVERSanalysisalgorithmpropagatethe states
of theseautomatathroughoutthe TFG. Let A be the set
containingthe propertyandall constraintautomataisedin
the analysis.Let A be ary automatongitherthe property
or aconstraint.Let ¥ 4 bethealphabebf this automaton;
thatis, all eventsusedin the transitionsin this automaton.
Definealphabett.,; to containall eventsin the property
andconstraintautomataXay. = (J 4 4 X4 C 2.

Figure 2 showvs a samplepropertyandconstraintthat can
be createdfor the examplein Figure 1(a). The alphabet
of the propertyin Figure2(a)is {T2.E1, T2.E2, acc El,
acc E2}. This propertyspecifiesthatthereare only four
legal sequencesf theseevents,eachsequencdeingrep-
resentedby a pair of transitionsfrom the initial stateO to
the acceptstate5 of the property Note thatthe property
automatordoesnot show illegal transitions.For example,
thetransitiononeventT2. E2 is notallowedwhenthe prop-
erty is in statel, soif this eventis encountereavhile the
propertyis in this state,it meansthat the propertyis vi-
olated. The constraintin Figure 2(b) modelsthe beha-
iors of booleanvariablex in taskT1. Thealphabebf this
constraintis {x=unknown, x=true, x==true, x=false,
x==false }. Thestartstate0 of thisconstraintepresents
having valueeithertrue or false. Statel representshis
variablehaving valuetrue andstate2 representshis vari-
ablehaving valuefalse. Transitionsbetweerthe statesof
this constraintare basedon the assignment$o variablex
andon eventsthat appearon the branchesof conditional
statementausing this variableas a predicate. For exam-
ple, eventx==true representsn assertiorthat the value
of x is true. Statev is the so-calledviolation state. If a
constraintentersts violation stateduringthetraversalof a
nodeby FLAVERS, this meanghatthe currentlytraversed
pathdoesnot conformto the setof behaviors describedy
this constraintandthusthis pathis spurious.

Eventsfrom the TFG alphabetX that are not presentin

Yaue arenot usedby the propertyand constraintsandso
they canbereplacedn the TFG with a singleeventr. (In

thefollowing we assumeéhatr € X.) Figure3 shavsthe
TFG obtainedfrom the TFG in Figure 1(c) by substitut-
ing eventsthatarenotin thealphabet®of the propertyand
constrainfrom Figure2 with 7.

Theoreticallyall r-labelednodescanberemovedfrom the
TFG in a safemanney with the resultsof the FLAVERS
analysison the reducedTFG beingthe sameasthe results
ontheoriginal TFG.Whenar-labelednodeis removed,an
edgeis constructedrom eachpredecessoof this nodeto
eachsuccessoof this node. For nodeswith multiple suc-
cessorandpredecessotdis mayleadto aquadratidlow-
up in the numberof controledgesn the graph. We usea

Figure3: The TFG afterreplacingsomeeventswith

2

= ~--_
oo -

£Z77

4

5 T2EF

Figure4: The TFG afterremoval of somer-labelednodes

simpleheuristicthatremovesr-labelednodesonly where
this doesnot leadto anincreasen the numberof edgesn
the TFG. In addition,we do not remove a T-labelednode
n in thefollowing two cases:

e 1 iSacommunicatiomode,

e removal of n would resultin two nodesp and s be-
ing connectedy acontroledge wherep is eitherthe
initial oracommunicatiomodeands is eitheracom-
municationor thefinal nodé-.

Figure4 shows the TFG from Figure 3 afterthe r-labeled
nodesare removed as described. The dashededgesbe-
tweenthenodesin Figure4 areexplainedbelow.

In additionto edgesthat representontrol flow within a
singletask, TFGsincludeedgegshat representhat execu-
tion of a statementn onetaskMay ImmediatelyPrecede
executionof a statemenfrom anothertask. Theseedges
arereferredto asMIP edgesFor Adaprogramsye create

1Thesearerequirementsf the algorithm[9] thatis usedfor comput-
ing MIP edgegdescribedn thenext paragraph.



(a) TFG Fragment

(b) FSA1
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Figure5: A TFG fragmentandtwo FSAsfor anintuitive explanationof the optimization

aMIP edgefrom noden to nodem anda MIP edgefrom

nodem to noden if thereis a possibilitythatduringsome
executionof the systenregionsof codethatcorrespondo

thesetwo nodesmay executein parallelandif neitherof

nodesm andn is a 7-labelednod€. We usean efficient
dataflow algorithm[9] thatcomputesa conserative esti-
mateof suchnodepairs(n,m). Figure4 shovsthe TFG

wherethe MIP edgesareshovn asdashedines. Notethat
eachsuchline represent$wo edgesgoingin oppositedi-

rections.

2.3. FLAVERS Analysis

Analysis of a propertyof interestby FLAVERS is based
on a dataflow algorithmthat examinesall pathsthrough
the TFG that startin the initial nodeand endin the fi-
nal node. Eventson the nodesalong suchpathsare ap-
plied to the propertyandall constraintautomata. If this
sequencef eventsputsthe propertyin an acceptingstate
andeachof the constraintdn anon-violationstate we say
thatthe propertyholdson this path. For example,the path
(initial, 2,4, 5,11, 14, 8, final) correspondso thesequence
of events(x=unknown, x==true, T2.E1, acc E1, 7, 7),
which putsthe propertyautomatonin the acceptingstate
5 andthe constraintautomatorin statel. Thus,the prop-
erty holdson this path. If the propertyholdson all paths
throughthegraph,it holdsonall possibleexecutionsof the
program.

The numberof MIP edgesin the TFG for a programde-
pendson the synchronizatiorpatternbetweenthe tasksin
this programand the numberof nodeswith labelsother
thant. In generalthenumberof MIP edgesds quitelarge,
far exceedingthe numberof control edges. This means
that the analysisalgorithm hasto propagateinformation
througha large numberof edgesn the graph,which may
leadto poorperformanceThus,areductionin thenumber
of MIP edgeswould reducetheruntime of theanalysisal-
gorithm. In addition, sucha reductioncould improve the
precisionof the analysis(the numberof falsenegative re-

2Traversalof suchr-labelednodesrom differenttasksdoesnotaffect
the propertyandconstraints.
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Figure6: The TFGfragmentfrom Figure5(a)afterremov-
ing someMIP edges

sults), becausesomepathsthroughthe graphthat do not
correspondo ary real executionsof the programwould
be eliminated. Note that sucha reductionhasto be safe
with respecto a property which meanghatthereduction
doesnot eliminatesequencesf eventsthat correspondo
real programexecutionsthat violate the property In the
next two sectionswe introducea safeMIP edgereduction
basedon partialorders.

3. Intuitive Explanation of the Optimization

In this sectionwe give anintuitive explanationof how par

tial orderscanbe usedto remove someof the MIP edges
from the TFG. Figure 5(a) shavs a TFG fragmentwhere
three sequentiallyconnectednodes,labeleda, b, and c,

representodethat may happenin parallelwith coderep-
resentedby thenode labeledd, from someothertask.MIP

edgesarecreatedo representll possibleinterleavings of

eventd with eventsa, b, andc. This yieldsfour possible
event interleavings in this fragment: dabc, adbc, abdc,

andabcd. We assumdor simplicity thatthereareonly two

tasksin theprogramandthatthefirst taskdoesnotcontains
eventd andthe secondiaskdoesnot containeventsa, b,

andc.

Figures5(b) and 5(c) shav two FSAsthatwe selectedo
usefor the analysisof this TFG. (For this discussionijt
doesnot matterwhich oneof theseFSAsis a propertyand
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Figure7: The TFG afterthe MIP optimization

which oneis a constraint.) Note that the alphabetof the
FSAIn Figure5(b)is {a, c} andsoit containseventsfrom
a singletaskin the program. Sinceeventd is notin the
alphabenf this FSA, thetransitiondn this FSA arenot af-
fectedby this event,andsofor this FSA it doesnot matter
whetherd precedes, occursbetweena andc, or follows
c. The alphabetof the FSA in Figure5(c) is {b,d} and
sotransitionstakenin this FSA dependon whetherevent
d happendeforeor after eventb. Thus, our analysisof
the alphabetof the two FSAsrevealsthat preservingall
possibleinterleavingsof eventsb andd is important,while
preservingall possibleinterleavings of eventsa, c, andd
is not important. This meansthat only one of two event
interleavings dabc and adbc and only one of two event
interleavings abdc and abcd have to be investigatedoy
FLAVERS. To remove interlearings adbc andabdc from
the TFG fragmentin Figure5(a), we eliminatesomeof its
MIP edges.Theresultingfragmentis shavn in Figure6.

Thisideaof eliminatingMIP edgego remove the“unnec-
essary’eventinterleavingsis behindour partialorderopti-

mization. Insteadof usinga naive approactof generating
all possibleeventinterleavings andthenidentifying those
thatcanberemoved,we useanefficientalgorithmthatde-

cideswhich of the nodesin the TFG do not needincom-

ing andoutgoingMIP edgespasedon the labelsof these
nodes.This algorithmis describedn the next section.

4. Reduction of MIP Edges

We identify two disjoint subsetsEjoca and Xgjopar, Of the
TFG alphabet:, whereXo¢5 containsall eventse from X
that satisfythe conditionthat every automatorcontaining
e in its alphabetcontainseventsfrom a singletaskin the
TFG. Formally, evente € Xjoca if

YV automatord € 4,e € ¥4 =
Ve' € Xo—3ty,ty € T,ty # to: In,m € N : t; € taskn)
Aty € taskm) A label(n) = e A label(m) = €’

Notethatthisconditionneverholdsfor labelsoncommuni-
cationnodes pecausdor ary communicatiomoden with

soe' =e.

Lglobal is definedsimply as X \ (Ejgcar U {7}). We call
events from Yoo local events and events from Zgiopal
global events. Also, we refer to nodeslabeledwith lo-
cal eventslocally-labeledandto nodedabeledwith global
eventsglobally-labeled For the purpose®f this optimiza-
tion, we definetheinitial andthefinal nodeof the TFGto
be globally-labeled.Note that this separatiorof the TFG
nodesinto locally- and globally-labeledis property-and
constraint-specific.

IntheTFGin Figure4, eventsT2.E1, T2.E2,acc E1,and
acc E2 areglobal, sincethey arein the alphabetof the
propertyFSA in Figure2(a)andthis FSA containsevents
from bothtasksT1 andT2. Eventsx=unknown, x==true,

andx==false arelocal, becausahey areonly in the al-

phabetof the constraintFSA in Figure2(b) andthis FSA
only haseventsfrom taskT1. Hence,nodes2, 4, and6 in

the TFGin Figure4 arelocally-labeledandall othernodes
in this TFG areglobally labeled.

The idea behind the partial order reductionof the MIP

edgesis basedon this distinction betweenlocally- and
globally-labelednodes. Intuitively, the order of the exe-
cutionof two locally-labeledhodeshatbelongto different
tasksdoesnot matterfor checkingof the propertyof in-

terestbecausdaraversalof thesetwo nodesby theanalysis
algorithmaffectsdisjoint subsetof the propertyandcon-
straintautomata.Thus,thereis no needto represeninter-

leavingsof suchtwo locally-labelechodesby creatingMIP

edgesbetweerthem. We never createMIP edgedeaving

locally-labeledhodes.

To definethereductionalgorithmmorepreciselywe intro-

ducethe notion of markednodes.To computesuchnodes,
welocateall non-r labelednodess in the TFG suchthatfor

ataskt € tasks) thereis a pathin ¢ from someglobally-

labelednodep to s, wheretheonly nodesonthis patharer-

labelednodesandthe only edgesarecontroledges.(Note

that a path can be a single edgeif p is s’s direct prede-
cessol) We call suchnodess marked All othernodesare
unmarlked Sinceeachcommunicatiomodebelongsto two

tasks,it is markedif thereis a control pathin oneof these
tasksfrom someglobally-labelechodeto this communica-
tion node,wherethe only nodeson this patharer-labeled
nodes.

Marked nodesarethe only nodesin the TFG thatrequire
incoming MIP edges. All incoming MIP edgesto un-
marked nodesn canbe removed, provided that thereare
MIP edgesnto marked nodess thatpreceden in the con-
trol flow, becausdraversalof all locally-labeledand 7-
labelednodeson the control pathsbetweens and n af-
fectsonly thoseFSAsthat cannotbe affectedby traversal
of nodesfrom othertasks.

Onceall marked nodesin the TFG are computedwe re-
move anexisting MIP edgefrom noder to noden if either
(1) r isaT- or locally-labelechodeandnot a directprede-



node.

Figure7 shavs the TFG for our exampleafter this partial

orderreductionof MIP edgeswasperformed. The nodes
marked by the reductionalgorithm have thicker bound-
aries. Using this optimizationwe are able to remove 14

of the 20 MIP edgesin Figure4. For example,the MIP

edgefrom node 2 to node 12, presentin Figure 4, was
removed by the optimizationbecausenode? is a locally-

labelednodethat doesnot have communicatiomodesas
successorsThe MIP edgefrom nodellto node6 wasre-

moved becausenode6 is not marked. (Note thatall MIP

edgesin Figure7 areunidirectional,while all MIP edges
in Figure4 arebidirectional.)

We proved that this partial orderbasedreductionis safe.
This proofis basedntheinductiononthenumberof MIP
edgesremoved by the optimization. We prove that if a
removal of a MIP edgesatisfyingthe requirementabove
eliminatesa pathin the TFG, oneof two conditionshold:
(1) thereis atleastoneotherpathleft in the TFGthatplaces
the propertyandconstraint-SAsin the samestatesasthe
removed pathdoes,or (2) the removed pathdoesnot cor-
respondo areal systemexecution.

5. Experimental Results

We ranan experimentthat evaluateshe speedumbtained
by using this partial order optimizationfor a numberof
smallconcurrenddabenchmarksln thefollowing discus-
sionof theresultswewill referto theversionof FLAVERS
thatusesthis optimizationasthe optimizedversionandto
the versionof FLAVERS that doesnot usethis optimiza-
tion asthe unoptimizedversion. We useda Pentiumll
400MHz, with 384 Mb of memory runningWindows NT
4.0 with ServicePack 3. The FLAVERStoolsetis imple-
mentedin Java; we ran our experimentson the JVM sup-
plied with Visual Cafe2.5a.

In total, we used16 differentprogramsrangingfrom 2 to
16tasksandfrom 84 to 750linesof code,and41 different
properties.Someof theseprogramsarescalableandsoin

a numberof caseswe usedseveral sizesof the samepro-
gram.This scalingof the programsandalsousingdifferent
setsof constraintsand differentpropertiesyielded 92 dif-

ferentproblems. For eachanalysisrun, we measuredhe
numberof 7-, locally-, and globally-labelednodesin the
TFG, aswell asthe numberof MIP edgesin the original
TFG andthe numberof MIP edgesleft after the reduc-
tion wasperformed. We alsomeasuredhe time taken by
the optimizationandthe subsequemntun of the FLAVERS
analysisalgorithm.

Out of these92 examplesthatwe ran,in 57 caseshe par
tial order optimizationwas not applicable eitherbecause
the exampleshad no MIP edgesto startwith® or had no
local events. Notethatfor suchcaseghe partial orderop-

3Althoughall examplesareconcurrentjn someof themall threadsof
controlbut onecontainednly 7-labelednodesandsonoMIP edgesvere

passoverthe TFG, property andconstraintss sufficientto
figure outif any TFG nodesarelocally-labeled.Herewe
presentheresultsonly for the35 exampleswvherethe TFG
containedcsomeMIP edgesandlocal events.

Figure 8 shaws the resultsof runningthe two versionsof
FLAVERS on these35 examples. The first columnof the
table givesthe nameof the programusedin the example.
For someexampleswe checledmultiple propertieswhich
explainsthe presencef the sameprogramnamein mul-
tiple rows. Most of theseprogramsare well-known ex-
amplesfrom the concurreny literature,suchasthe dining
philosopheraindreaders-writergxamples.

Thenext threecolumnslist the numberof -, locally-, and
globally-labelednodesin the TFG. Columns5-7 list the
numberof MIP edgestime for addingthe necessariP
edgedo the TFG, andthetime for the FLAVERS analysis
algorithmin theunoptimizedversionof thealgorithm.The
lastthreecolumnsarethe samedatafor the optimizedver-
sionof thealgorithm,wherethetime for addingtheneces-
saryMIP edgego the TFG includesthetime for perform-
ing the partial orderoptimizatiort.

It canbe seenfrom thetablein Figure8 thatin somecases
this optimizationimprovesthe run time of the FLAVERS
analysisalgorithmby an order of magnitude. In the best
casewe removed 74% of the edgesand on anothemprob-
lemwe saw aspeedupf theanalysisof 91%. More often,
the improvementsare not as striking but still quite signif-
icant. Only in 7 examplesdid the optimizationfail to re-
move ary MIP edges.Out of the examplesthat benefited
from the optimization,on averagewe removed 25% of the
edgeswith standardleviation.219. Thisled to anaverage
speedupof the analysisalgorithm of 21%, with standard
deviation .2578. The extra overheadn performingthe op-
timizationis small,lessthan.2 secondsor all caseswhich
is smallcomparedo theruntime of theanalysisalgorithm.

We mentionedin Section2.2 that this partial order opti-

mization hasthe potential of improving the precisionof

theanalysis.Onebenefitof this improved precisionis that
the usermay not needto usesomeof the constraintshat
would have hadto be usedwith the unoptimizedversion.
(The constraintsmprove the analysisprecision,andsome
of theseimprovementsmay not be necessaryf the TFG

itself is preciseenough.)For eachproblemwherethe un-
optimizedversiongave a conclusieresult,we alsoranthe
optimizedversionwith a smallernumberof constraintsit

turnedout thatfor our problemsetthe precisionimprove-
mentresultingfrom the removal of MIP edgeswasnever
sufficient to obtainconclusve resultswith any of the con-
straintsremoved.

createdaccordingto the simple optimizationdescribedn the beginning
of Section4.

“4Insteadof implementingthis approactin the way describedn Sec-
tion 4, wheresomeof theexisting MIP edgesareremasedasanoptimiza-
tion, in our implementatiorwe createonly thoseMIP edgesthat would
notberemarved by the optimization



System || 7 | Local | Global || MIP Edges| MIP Time,s | StateProp,s || MIP Edges| MIP Time,s | StateProp,s |
Chiron 45 68 51 236 0.02 1.51 166 0.19 1.37
Chiron 45 68 51 236 0.02 0.71 166 0.18 0.45
Chiron 45 70 51 236 0.02 0.69 166 0.18 0.46
Chiron 45 68 51 236 0.02 1.60 166 0.13 1.04
Chiron 45 68 51 236 0.01 0.70 166 0.19 0.46
Cyclic2 17 16 9 190 0.01 0.25 50 0.09 0.11
Cyclic 2 17 12 9 116 0.01 0.11 59 0.10 0.09
Cyclic4 35 16 21 608 0.02 0.91 273 0.10 0.21
Cyclic4 33 32 21 1552 0.04 70.91 448 0.14 6.59
DPFM 2 8 18 8 136 0.01 0.08 64 0.09 0.08
DPFM 2 8 9 8 80 0.01 0.08 64 0.08 0.07
DPFM3 11 27 10 216 0.01 0.10 104 0.09 0.09
DPFM3 12 9 10 96 0.01 0.08 96 0.09 0.09
DPFM7 23 63 18 536 0.02 2.02 264 0.13 0.92
DPFM7 24 9 18 160 0.01 0.21 160 0.10 0.21
DPFM10 || 32 90 24 776 0.04 66.52 384 0.18 25.22
DPFM10 || 33 9 24 208 0.01 0.20 208 0.11 0.20
DPH2 22 4 16 122 0.01 0.08 110 0.09 0.08
DPH3 32 4 22 282 0.01 1.80 266 0.09 1.77
MMGT 47 16 78 1312 0.04 3.27 1280 0.15 3.19
TWH-P 5 11 84 4480 0.19 1.91 2933 0.25 0.76
TWH-P 11 7 16 232 0.01 0.09 202 0.09 0.08
TWH-I 5 11 102 6534 0.21 352.81 4644 0.37 221.94
TWH-I 13 7 18 276 0.01 0.09 243 0.09 0.09
RW 2 14 9 12 112 0.01 0.09 96 0.09 0.08
RW 2 15 5 12 88 0.01 0.09 88 0.09 0.08
RW 4 26 9 20 176 0.01 0.16 160 0.10 0.16
RW 4 27 5 20 152 0.01 0.16 152 0.10 0.16
RW 6 38 9 28 240 0.01 0.99 224 0.10 0.99
RW 6 39 5 28 216 0.01 0.92 216 0.10 0.92
RW 8 50 9 36 304 0.01 13.80 288 0.11 13.37
RwW 8 51 5 36 280 0.01 9.56 280 0.12 9.57
Ring 2 13 26 20 556 0.02 0.31 388 0.10 0.24
Ring 3 19 39 28 1992 0.05 5.17 1270 0.15 3.25
Ring 4 25 52 36 4356 0.14 193.62 2692 0.29 117.82

6. Conclusion

Figure8: Resultsof the experiment

We have showvn how a simpleoptimizationof the program
modelusedby FLAVERS cansignificantlyreducetime re-

quirementof thedataflow analysisof userspecifiedprop-
ertiesof concurrenssoftware. This optimizationis depen-
dent on the property of interestand the feasibility con-
straintsthatthe analysisuses.In particular this optimiza-
tion tendsto work well with analyseghat usefeasibility

constraintsmodelingvariableslocal to tasks,becausda-

belsthatrepresenbperationson suchvariablestendto be
local.

As presentedn this paper this optimizationis specific
to the Ada concurreng model. The only Ada-specific
fact that this approachuses,however, is the presenceof

communicatiomodesin the TFG. The proposedapproach
for applying FLAVERS to concurrentiava programs[10]

modelsthe Java concurreng without usingthe Ada-style
communicatiomodes. With somesimple modifications,

this partial order optimization can be easily extendedto
this Java-specifigorogrammodel.

Potentially the partialorderoptimizationof FLAVERSde-
scribedin this papercanbe furtherimproved. For exam-
ple, we canuseinformation aboutwhich statementsnay
happernin parallelto broaderthedefinitionof local events.
Supposéhateventsel ande2 areusedby the sameFSA
and appearin differenttasks(andthus are global by the
definition of this paper)but may never happenin paral-
lel. Thenit may be possibleto considerthesetwo events
local. Anotherpotentialimprovementis to considerall 7-

labelednodesaslocally-labelednodes.This could leadto

afurtherreductionin thenumberof MIP edgesalthoughit

could have the undesiredside-efect of increasinghe size
of somefeasibility constraintsnecessaryor the analysis.
We planto experimentwith this trade-of. In addition,we

planto explorea numberof directionsfor furtherimprove-
mentsof FLAVERS. For example,variablescanberepre-



representedby finite stateautomata. This would remove
the needto createandstorevariableautomataandthusis
likely to improvetheanalysigperformanceWe expectthis
andotheroptimizationsto furtherimprove both spaceand
timerequirementsf theFLAVERSanalysisjncreasingts
applicabilityto a wider rangeof concurrenprograms.
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