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Abstract
Partial order optimizationtechniquesfor distributed sys-
temsimprove the performanceof finite stateverification
approachesby avoiding redundantexploration of some
portionsof the statespace. Previously, suchtechniques
have beenapplied in the context of model checkingap-
proaches. In this paperwe proposea partial order op-
timization of the programmodel usedby FLAVERS, a
dataflow basedfinite stateverificationapproachfor check-
ing user-specifiedpropertiesof distributedsoftware. We
demonstrateexperimentally that this optimization often
leadsto significantreductionsin the run time of the anal-
ysis algorithmof FLAVERS.On average,for thosecases
wherethis optimizationcould be applied,we observed a
speedupof 21%. For oneof the cases,the optimization
resultedin ananalysisspeedupof 91%.
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1. Introduction
Finite state verification techniquesautomaticallycheck
that a softwaresystemconformsto a behavior specifica-
tion or property. Suchtechniquesarebecomingextremely
important with the proliferation of distributed systems.
Distributed systemsare more difficult to understandand
reasonabout than sequentialonesbecauseof the poten-
tial non-deterministicinterleaving of executionsequences
from different threadsof control, or tasks. While testing
demonstratesthe actualbehavior of a systemon selected
test cases,distributedsystemsmay not even producethe
sameresultswhenre-executedwith thesesametestcases.
Finite stateverification techniques,however, are capable
of verifying a restricted,but interesting,classof properties
for all possibleexecutionsof aprogramfor all possibletest
cases. Unfortunately, in practice,finite stateverification
toolsoftenrequiresignificantcomputingresources,andso
thereis a needfor optimizationsthat improve the perfor-
manceof suchtechniques.

Many finite stateverificationtechniquesreasonaboutsys-
temsin termsof sequencesof events,whereaneventcorre-
spondsto somerecognizablebehavior of thesystem,such
as a methodcall, a task interaction,or an assignmentto
a variable.Onepopularmethodfor improving theperfor-
manceof finite stateverificationtechniques,without com-
promisingtheresultsof their analyses,is partial order op-
timization. Suchanoptimizationis basedon theobserva-
tion thatmostrepresentationsof distributedsystems,used
in analysis,model the executionof the systemasa total
orderbetweenoccurrencesof events.Thismeansthatmul-
tiple executionsexist that differ from eachotheronly by
therelative orderof appearanceof eventsoccurringin dif-
ferenttasks. In many cases,thesedifferencesarenot im-
portantfor checkingthepropertyof interest.In suchcases,
partialorderreductiontechniqueschooseandreasonabout
a singlerepresentativeordering.

Necessarily, whetheror not two interleavingscanbecon-
sideredequivalentdependson thepropertybeingchecked.
Thus, all partial order methodsare definedfor specific



kinds of properties. The approachesof Godefroid and
Wolper [6], Valmari [13], and Katz and Peled [8] use
partial� ordersfor verifying safetyproperties. Peled[12]
proposeda partial order method that allows checking
stuttering-closeBuchiautomataproperties.

Partial ordermethodshave beenshown to besuccessfulin
improving the performanceof modelcheckers. Onecase
study[1] showedthatfor many situationsthesetechniques
significantly improve both time and spacerequirements
of the SPIN [7] modelchecker, thusenablinganalysisof
bigger problems. Godefroid,Peled,andStaskauskas[5]
describethe designof a partial-orderalgorithmfor a for-
mal validationtool usedfor verificationof severalsubsys-
temswithin LucentTechnologies5ESStelephoneswitch-
ing system. Godefroid [3] also usespartial order tech-
niquesin VeriSoft, a verification tool for distributedsys-
temsimplementedin C or C++. VeriSoftwasdemonstrated
to beeffectivein verifying anexampleof theLucentTech-
nologies’ Heart-BeatMonitor of a telephoneswitch sys-
tem[4].

To date,partial orderreductiontechniqueshave beenap-
plied in the context of modelcheckingapproaches.Such
approachesenumerateall possiblestatesof the system
and reasonaboutthesestates. In this paperwe propose
a partial order reductionfor FLAVERS, a finite verifica-
tion approachbasedon dataflow analysis[2]. Although
FLAVERSis a generalapproachthat to datehasbeenap-
plied to Ada [2], Java [10], C++, andJovial programs,as
well as an architecturedescriptionlanguage[11], in this
paperwe useAda asour examplelanguage.Theprogram
modelthatFLAVERSusesdoesnotenumerateall possible
statesof theconcurrentsystemunderanalysis,but instead
it usesa specialtype of edgeto representpossibleinter-
leavings betweeneventsin differentprocesses.The opti-
mizationthatwe proposein this paperusespartial orders
to eliminatesomeof theseedges,therebyimproving effi-
ciency of theFLAVERSanalysis.

Weevaluatedthebenefitsof thisoptimizationonanumber
of small, distributedprograms.As expected,it wasrela-
tively easyto determineif the partial order optimization
techniquewasapplicableto a problem. For the 92 prob-
lemsthat we considered,the optimizationwasapplicable
to 35 of them. On average,for all applicablecases,the
speedupof the FLAVERS analysisdueto the useof this
optimizationwas21%. For onecase,theoptimizationre-
sultedin ananalysisspeedupof 91%.

In the next sectionwe presenta high-level overview of
FLAVERS and give a detaileddescriptionof the system
modelthat FLAVERS uses.Section3 describesthe intu-
ition behindthe partial order optimizationapproachthat
allows us to remove a significantnumberof edgesfrom
theFLAVERSprogrammodel.Section4 presentsthis op-
timization in detail. In Section5 we presentour experi-
mentalresults.We concludewith observationsandfuture
researchdirections.

2. FLAVERS

2.1. Overview
FLAVERS(FLow Analysisfor VERification of Systems)
compactlyrepresentsa concurrentsoftware systemas a
TraceFlow Graph(TFG) andusesanefficient fixedpoint
dataflow algorithmto determineif thebehavior described
by theTFGis consistentwith auser-specified,event-based,
safetyproperty. Theresultsof theFLAVERSanalysisare
conservative; in other words, the techniquenever claims
that a property is verified when it is not. For efficiency
reasons,similar to otherfinite stateverificationtechniques,
theTFG modelusedby FLAVERSover-approximatesthe
potentialexecutablesequencesof eventsassociatedwith
the program. This leadsto the possibility of spuriousre-
sults, whereFLAVERS reportsa propertyviolation when
thereis in fact no real executablebehavior of the system
that would violate that property. If FLAVERS detectsa
propertyviolation, it providestheuserwith examplepaths
that illustratethis propertyviolation. By examiningsuch
pathsuserscanoftendetermineif theresultof theanalysis
is spuriousor not.

FLAVERSprovidesa flexible way for improving thepre-
cisionof theanalysis.Analystsdo this by addingfeasibil-
ity constraints, whichspecifyadditionalsemanticinforma-
tion aboutthe systemandwhich areusedto limit the ex-
plorationof theTFG to only thosepathsthatsatisfythese
feasibility constraints. If the constraintsare well chosen
by the user, infeasibleexecutionsare eliminatedand the
subsequentanalysisrun will eitherverify the propertyor
exposea counterexample that correspondsto real exe-
cutablebehavior and, thus, exposesa bug in the system.
FLAVERSprovidesautomatedsupportfor creatingseveral
classesof feasibility constraints,suchas constraintsthat
modelboolean,counter, or enumeratedvariablesor model
controlflow througha specificthreadof control.

Unfortunately, the use of constraintsmay lead to larger
and more complex dataflow problems,since the worst-
casecomplexity of the FLAVERS analysisalgorithm is���
	���
��

, where
	

is the numberof nodesin the TFG
and



is the productof the numberof statesin the prop-

ertyandall constraints.Thus,if many constraintsareused,
theanalysisalgorithmmayhave to dealwith vastamounts
of data. This led us to searchfor techniquesfor improv-
ing spaceandtime characteristicsof FLAVERS. In order
to understandthe techniqueproposedin this paper, in the
remainderof this sectionwe describethe TFG model in
detailandthenbriefly illustratetheFLAVERSanalysison
this model.

2.2. TFG Model of Ada Programs
TheTFG for anAda programis basedon thecontrolflow
graphs(CFGs)for all tasks. Additional nodesandedges
are addedto the TFG to representintertaskcommunica-
tions. Specifically, if thecoderegion representedby node� in onetaskcontainsasynchronizationstatementthatcan



task body T1 is
begin
  read(x);
  if (x) then
    T2.E1;
  else
    T2.E2;
  end if;
end T1;

task body T2 is
begin
  select
    accept E1;
  or
    accept E2;
  end select;
end T2;
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Figure1: An example
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Figure2: Propertyandconstraintexample

correspondto onerepresentedby node � in anothertask,
a new nodeis addedwith incomingedgesfrom � and �
andoutgoingedgesto all successorsof � and � . This is
illustratedin Figure1(c). A uniqueinitial nodethathasno
incomingedgesandhasoutgoingedgesto thestartnodes
of all CFGsanda uniquefinal nodethathasno outgoing
edgesandhasincomingedgesfrom the endnodesof all
CFGsareaddedto theTFG.

Formally, a TFG is a labeled directed graph��	������ �
initial

� �
final
�����

label
�
, where

	
is the set of

nodes,
����	���	

is thesetof edges,� initial
� �

final  	
areuniqueinitial andfinal nodes,

�
is thesetof labelson

thenodesof thegraph,andlabel is a mappingfrom nodes
to labelsin

�
. Thesetof all nodesfrom theCFGsfor all

tasksforms the setof local TFG nodes.All othernodes,
except the initial and the final nodes,representintertask
communicationsandthusarecalledcommunicationnodes.

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

two (communicationnodes),or no (initial andfinal nodes)
tasks. We usefunction task " 	$#&%('

to associatewith
eachTFGnodethesetof tasksit belongsto.

Figure1(a)shows a programthatconsistsof two commu-
nicating Ada tasksand Figure 1(b) shows the CFGsfor
thesetwo taskswith nodeslabeledwith the correspond-
ing Ada programstatements.Sincewe will be interested
in reasoningaboutvaluesof variable ) , informationabout
this variable is included in the CFG. The two nodesla-
beled )+*,*.-./.021 and )+*,*,3,4+57681 representthevalueof vari-
able ) being -./.021 on the first branchof the 9:3 statement
and 3+4+576(1 on theotherbranch,respectively. Thenodela-
beled )+*80,;+<.;2=(>,; correspondsto the /71,4.?A@B)DC statement
andmeansthatanunknown valueis assignedto variable) .
Figure1(c)givestheTFG for this Adaprogram.Thelocal
nodesin this TFG have the sameID numbersassociated
with themasthe correspondingnodesin the CFGs. The
diamond-shapednodesare the initial and the final nodes
of this TFG andthetwo communicationnodes,labeledEGF



and . Thenodelabeled representsthecommunication
betweenthetasksatentrycall H7I�JKELF , andnodelabeledE7I
representsM thecommunicationat entrycall H7INJOE7I .
FLAVERSrepresentsall propertiesandconstraintsasfinite
stateautomata(FSA).Transitionsin theseFSAsmustbein�

. TheFLAVERSanalysisalgorithmpropagatesthestates
of theseautomatathroughoutthe TFG. Let P be the set
containingthepropertyandall constraintautomatausedin
theanalysis.Let Q be any automaton,eitherthe property
or a constraint.Let

�SR
bethealphabetof this automaton;

that is, all eventsusedin thetransitionsin this automaton.
Definealphabet

�STVUBW
to containall eventsin the property

andconstraintautomata:
�STOUBWYX[Z R]\8^ �SR_�`� .

Figure2 shows a samplepropertyandconstraintthat can
be createdfor the examplein Figure 1(a). The alphabet
of thepropertyin Figure2(a) is abH7INJKELF , H7INJOE7I , 42c.cdEGF ,42c,ceE7I7f . This propertyspecifiesthat thereareonly four
legal sequencesof theseevents,eachsequencebeingrep-
resentedby a pair of transitionsfrom the initial state0 to
the acceptstate5 of the property. Note that the property
automatondoesnot show illegal transitions.For example,
thetransitiononevent H7INJKE+I is notallowedwhentheprop-
erty is in state1, so if this event is encounteredwhile the
propertyis in this state,it meansthat the propertyis vi-
olated. The constraintin Figure 2(b) modelsthe behav-
iors of booleanvariable ) in task HLF . Thealphabetof this
constraintis ag)+*80,;+<.;2=(>,; , )+*.-,/.071 , )+*.*.-,/.021 , )+*,3,4+57681 ,)+*,*.3+4+57681hf . Thestartstate0 of thisconstraintrepresents)
having valueeither -,/.021 or 3+4,57681 . State1 representsthis
variablehaving value -,/.021 andstate2 representsthisvari-
ablehaving value 3,4+57681 . Transitionsbetweenthestatesof
this constraintarebasedon the assignmentsto variable )
andon eventsthat appearon the branchesof conditional
statementsusing this variableas a predicate. For exam-
ple, event )+*,*.-./.021 representsan assertionthat the value
of ) is -./.021 . State i is the so-calledviolation state. If a
constraintentersits violationstateduringthetraversalof a
nodeby FLAVERS,thismeansthatthecurrentlytraversed
pathdoesnot conformto thesetof behaviorsdescribedby
this constraintandthusthispathis spurious.

Eventsfrom the TFG alphabet
�

that are not presentin�STVUBW
arenot usedby the propertyandconstraints,andso

they canbereplacedin theTFG with a singleevent j . (In
thefollowing we assumethat j  � .) Figure3 shows the
TFG obtainedfrom the TFG in Figure 1(c) by substitut-
ing eventsthatarenot in thealphabetsof thepropertyand
constraintfrom Figure2 with j .
Theoretically, all j -labelednodescanberemovedfrom the
TFG in a safemanner, with the resultsof the FLAVERS
analysison thereducedTFG beingthesameastheresults
ontheoriginalTFG.Whena j -labelednodeis removed,an
edgeis constructedfrom eachpredecessorof this nodeto
eachsuccessorof this node.For nodeswith multiple suc-
cessorsandpredecessorsthismayleadto aquadraticblow-
up in thenumberof controledgesin the graph. We usea
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Figure4: TheTFGafterremoval of somej -labelednodes

simpleheuristicthat removes j -labelednodesonly where
this doesnot leadto anincreasein thenumberof edgesin
the TFG. In addition,we do not remove a j -labelednode� in thefollowing two cases:

k_� is acommunicationnode,

k removal of � would result in two nodesl and m be-
ing connectedby acontroledge,wherel is eitherthe
initial or acommunicationnodeand m is eitheracom-
municationor thefinal node1.

Figure4 shows theTFG from Figure3 after the j -labeled
nodesare removed as described. The dashededgesbe-
tweenthenodesin Figure4 areexplainedbelow.

In addition to edgesthat representcontrol flow within a
singletask,TFGsincludeedgesthat representthatexecu-
tion of a statementin onetaskMay ImmediatelyPrecede
executionof a statementfrom anothertask. Theseedges
arereferredto asMIP edges.For Adaprograms,wecreate

1Thesearerequirementsof thealgorithm[9] that is usedfor comput-
ing MIP edgesdescribedin thenext paragraph.
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Figure5: A TFG fragmentandtwo FSAsfor anintuitiveexplanationof theoptimization

a MIP edgefrom node � to node � anda MIP edgefrom
node � to node� if thereis a possibilitythatduringsome
executionof thesystemregionsof codethatcorrespondto
thesetwo nodesmay executein paralleland if neitherof
nodes� and � is a j -labelednode2. We usean efficient
dataflow algorithm[9] thatcomputesa conservative esti-
mateof suchnodepairs

� � � � � . Figure4 shows the TFG
wheretheMIP edgesareshown asdashedlines. Notethat
eachsuchline representstwo edges,going in oppositedi-
rections.

2.3. FLAVERS Analysis
Analysisof a propertyof interestby FLAVERS is based
on a dataflow algorithmthat examinesall pathsthrough
the TFG that start in the initial nodeand end in the fi-
nal node. Eventson the nodesalong suchpathsare ap-
plied to the propertyandall constraintautomata. If this
sequenceof eventsputsthe propertyin an acceptingstate
andeachof theconstraintsin anon-violationstate,wesay
that thepropertyholdson this path.For example,thepath�
initial

��%+�Bno�qp7�sr8rt�srbn2��u2�
final

�
correspondsto thesequence

of events( )+*80,;+<.;2=(>,; , ),*,*.-,/.071 , H7INJKEGF , 42c,ceELF , j , j ),
which puts the propertyautomatonin the acceptingstate
5 andtheconstraintautomatonin state1. Thus,theprop-
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 thesynchronizationpatternbetweenthetasksin
this programand the numberof nodeswith labelsother
than j . In general,thenumberof MIP edgesis quitelarge,
far exceedingthe numberof control edges. This means
that the analysisalgorithm hasto propagateinformation
througha largenumberof edgesin thegraph,which may
leadto poorperformance.Thus,a reductionin thenumber
of MIP edgeswould reducetherun timeof theanalysisal-
gorithm. In addition,sucha reductioncould improve the
precisionof theanalysis(thenumberof falsenegative re-

2Traversalof suchv -labelednodesfrom differenttasksdoesnotaffect
thepropertyandconstraints.
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Figure6: TheTFGfragmentfrom Figure5(a)afterremov-
ing someMIP edges

sults),becausesomepathsthroughthe graphthat do not
correspondto any real executionsof the programwould
be eliminated. Note that sucha reductionhasto be safe
with respectto a property, which meansthat thereduction
doesnot eliminatesequencesof eventsthatcorrespondto
real programexecutionsthat violate the property. In the
next two sectionswe introducea safeMIP edgereduction
basedon partialorders.

3. Intuitive Explanation of the Optimization
In thissectionwegiveanintuitiveexplanationof how par-
tial orderscanbe usedto remove someof the MIP edges
from the TFG. Figure5(a) shows a TFG fragmentwhere
threesequentiallyconnectednodes,labeled 4 , w , and c ,
representcodethatmayhappenin parallelwith coderep-
resentedby thenode,labeled? , from someothertask.MIP
edgesarecreatedto representall possibleinterleavingsof
event ? with events 4 , w , and c . This yields four possible
event interleavings in this fragment: ?+48wxc , 4.?twxc , 48w7?2c ,
and 48wDc(? . Weassumefor simplicity thatthereareonly two
tasksin theprogramandthatthefirst taskdoesnotcontains
event ? andthe secondtaskdoesnot containevents 4 , w ,
and c .
Figures5(b) and5(c) show two FSAsthat we selectedto
usefor the analysisof this TFG. (For this discussion,it
doesnot matterwhich oneof theseFSAsis a propertyand
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Figure7: TheTFG aftertheMIP optimization

which one is a constraint.) Note that the alphabetof the
FSAin Figure5(b) is a:4 � c,f andsoit containseventsfrom
a single task in the program. Sinceevent ? is not in the
alphabetof thisFSA,thetransitionsin thisFSAarenotaf-
fectedby this event,andsofor this FSA it doesnot matter
whether? precedes4 , occursbetween4 and c , or followsc . The alphabetof the FSA in Figure 5(c) is asw � ?2f and
so transitionstaken in this FSA dependon whetherevent? happensbeforeor after event w . Thus,our analysisof
the alphabetsof the two FSAsrevealsthat preservingall
possibleinterleavingsof eventsw and ? is important,while
preservingall possibleinterleavingsof events 4 , c , and ?
is not important. This meansthat only oneof two event
interleavings ?+4(wDc and 4t?twDc and only one of two event
interleavings 48w7?oc and 48wDc(? have to be investigatedby
FLAVERS.To remove interleavings 4.?twDc and 48w7?oc from
theTFG fragmentin Figure5(a),we eliminatesomeof its
MIP edges.Theresultingfragmentis shown in Figure6.

This ideaof eliminatingMIP edgesto removethe“unnec-
essary”eventinterleavingsis behindourpartialorderopti-
mization. Insteadof usinga naive approachof generating
all possibleevent interleavingsandthenidentifying those
thatcanberemoved,weuseanefficientalgorithmthatde-
cideswhich of the nodesin the TFG do not needincom-
ing andoutgoingMIP edges,basedon the labelsof these
nodes.This algorithmis describedin thenext section.

4. Reduction of MIP Edges
We identify two disjoint subsets,

�
local and

�
global, of the

TFG alphabet
�

, where
�

local containsall eventsy from
�

that satisfythe conditionthatevery automatoncontainingy in its alphabetcontainseventsfrom a singletaskin the
TFG.Formally, event y  � local ifz

automatonQ  P � y  � R|{z y�}  � RA~A�,��� � � �  ! � �����X � � " � � � �  	 " ���  task
� � �� � �  task

� � � � label
� � �NX y � label

� � ��X y }
Notethatthisconditionneverholdsfor labelsoncommuni-
cationnodes,becausefor any communicationnode� with

label , settask
���

containssometwo tasks
�

and � and
so y } X y .�

global is definedsimply as
�����V�

local � abjDf � . We call
events from

�
local local events and events from

�
global

global events. Also, we refer to nodeslabeledwith lo-
caleventslocally-labeledandto nodeslabeledwith global
eventsglobally-labeled. For thepurposesof this optimiza-
tion, we definethe initial andthefinal nodeof theTFG to
be globally-labeled.Note that this separationof the TFG
nodesinto locally- and globally-labeledis property-and
constraint-specific.

In theTFGin Figure4, eventsH7INJOELF , H7INJKE7I , 42c.c�ELF , and42c.cdE+I are global, sincethey are in the alphabetof the
propertyFSA in Figure2(a)andthis FSA containsevents
from bothtasksHLF and H+I . Events ),*t0,;+<.;7=8>,; , )+*.*.-,/.021 ,
and )+*,*,3+4,57681 are local, becausethey areonly in the al-
phabetof the constraintFSA in Figure2(b) andthis FSA
only haseventsfrom task HGF . Hence,nodes2, 4, and6 in
theTFGin 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-labelednodesthatbelongto different
tasksdoesnot matterfor checkingof the propertyof in-
terest,becausetraversalof thesetwo nodesby theanalysis
algorithmaffectsdisjoint subsetsof thepropertyandcon-
straintautomata.Thus,thereis no needto representinter-
leavingsof suchtwo locally-labelednodesby creatingMIP
edgesbetweenthem. We never createMIP edgesleaving
locally-labelednodes.

To definethereductionalgorithmmoreprecisely, we intro-
ducethenotionof markednodes.To computesuchnodes,
welocateall non-j labelednodesm in theTFGsuchthatfor
a task

�  task
� m � thereis a pathin

�
from someglobally-

labelednodel to m , wheretheonlynodesonthispatharej -
labelednodesandtheonly edgesarecontroledges.(Note
that a path can be a single edgeif l is m ’s direct prede-
cessor.) We call suchnodesm marked. All othernodesare
unmarked. Sinceeachcommunicationnodebelongsto two
tasks,it is markedif thereis a controlpathin oneof these
tasksfrom someglobally-labelednodeto thiscommunica-
tion node,wheretheonly nodeson this pathare j -labeled
nodes.

Marked nodesarethe only nodesin the TFG that require
incoming MIP edges. All incoming MIP edgesto un-
marked nodes� canbe removed, provided that thereare
MIP edgesinto markednodesm thatprecede� in thecon-
trol flow, becausetraversalof all locally-labeledand j -
labelednodeson the control pathsbetweenm and � af-
fectsonly thoseFSAsthatcannotbeaffectedby traversal
of nodesfrom othertasks.

Onceall marked nodesin the TFG arecomputed,we re-
moveanexistingMIP edgefrom node� to node� if either
(1) � is a j - or locally-labelednodeandnot a directprede-



cessorof a communicationnode;or (2) is anunmarked
node.

Figure7 shows theTFG for our exampleafter this partial
orderreductionof MIP edgeswasperformed.The nodes
marked by the reductionalgorithm have thicker bound-
aries. Using this optimizationwe areable to remove 14
of the 20 MIP edgesin Figure4. For example,the MIP
edgefrom node2 to node12, presentin Figure 4, was
removedby the optimizationbecausenode2 is a locally-
labelednodethat doesnot have communicationnodesas
successors.TheMIP edgefrom node11 to node6 wasre-
movedbecausenode6 is not marked. (Note thatall MIP
edgesin Figure7 areunidirectional,while all MIP edges
in Figure4 arebidirectional.)

We proved that this partial order-basedreductionis safe.
Thisproof is basedon theinductiononthenumberof MIP
edgesremoved by the optimization. We prove that if a
removal of a MIP edgesatisfyingthe requirementsabove
eliminatesa pathin the TFG, oneof two conditionshold:
(1) thereis atleastoneotherpathleft in theTFGthatplaces
thepropertyandconstraintFSAsin thesamestatesasthe
removedpathdoes,or (2) the removedpathdoesnot cor-
respondto a realsystemexecution.

5. Experimental Results
We rananexperimentthatevaluatesthespeedupobtained
by using this partial order optimizationfor a numberof
smallconcurrentAdabenchmarks.In thefollowingdiscus-
sionof theresultswewill referto theversionof FLAVERS
thatusesthis optimizationastheoptimizedversionandto
the versionof FLAVERS that doesnot usethis optimiza-
tion as the unoptimizedversion. We useda PentiumII
400MHz, with 384Mb of memory, runningWindowsNT
4.0 with ServicePack3. TheFLAVERStoolsetis imple-
mentedin Java; we ran our experimentson the JVM sup-
plied with VisualCafe2.5a.

In total, we used16 differentprograms,rangingfrom 2 to
16 tasksandfrom 84 to 750linesof code,and41different
properties.Someof theseprogramsarescalable,andsoin
a numberof caseswe usedseveral sizesof the samepro-
gram.Thisscalingof theprogramsandalsousingdifferent
setsof constraintsanddifferentpropertiesyielded92 dif-
ferentproblems.For eachanalysisrun, we measuredthe
numberof j -, locally-, andglobally-labelednodesin the
TFG, aswell asthe numberof MIP edgesin the original
TFG and the numberof MIP edgesleft after the reduc-
tion wasperformed.We alsomeasuredthe time taken by
theoptimizationandthesubsequentrun of theFLAVERS
analysisalgorithm.

Out of these92 examplesthatwe ran, in 57 casesthepar-
tial orderoptimizationwasnot applicable,eitherbecause
the exampleshadno MIP edgesto start with3 or hadno
local events.Notethat for suchcasesthepartialorderop-

3Althoughall examplesareconcurrent,in someof themall threadsof
controlbutonecontainedonly v -labelednodes,andsonoMIP edgeswere

timizationdoesnothaveto becarriedout in full, sinceone
passovertheTFG,property, andconstraintsis sufficientto
figure out if any TFG nodesarelocally-labeled.Herewe
presenttheresultsonly for the35exampleswheretheTFG
containedsomeMIP edgesandlocal events.

Figure8 shows the resultsof runningthe two versionsof
FLAVERSon these35 examples.Thefirst columnof the
tablegivesthe nameof the programusedin the example.
For someexampleswecheckedmultipleproperties,which
explainsthe presenceof the sameprogramnamein mul-
tiple rows. Most of theseprogramsare well-known ex-
amplesfrom theconcurrency literature,suchasthedining
philosophersandreaders-writersexamples.

Thenext threecolumnslist thenumberof j -, locally-, and
globally-labelednodesin the TFG. Columns5-7 list the
numberof MIP edges,time for addingthenecessaryMIP
edgesto theTFG,andthetime for theFLAVERSanalysis
algorithmin theunoptimizedversionof thealgorithm.The
lastthreecolumnsarethesamedatafor theoptimizedver-
sionof thealgorithm,wherethetime for addingtheneces-
saryMIP edgesto theTFG includesthetime for perform-
ing thepartialorderoptimization4.

It canbeseenfrom thetablein Figure8 thatin somecases
this optimizationimprovesthe run time of the FLAVERS
analysisalgorithmby an orderof magnitude.In the best
case,we removed74%of theedgesandon anotherprob-
lemwe saw aspeedupof theanalysisof 91%.More often,
the improvementsarenot asstriking but still quitesignif-
icant. Only in 7 examplesdid the optimizationfail to re-
move any MIP edges.Out of the examplesthat benefited
from theoptimization,on averagewe removed25%of the
edges,with standarddeviation.219.This led to anaverage
speedupof the analysisalgorithmof 21%, with standard
deviation .2578.Theextra overheadin performingtheop-
timizationis small,lessthan.2secondsfor all cases,which
is smallcomparedto theruntimeof theanalysisalgorithm.

We mentionedin Section2.2 that this partial order opti-
mization hasthe potentialof improving the precisionof
theanalysis.Onebenefitof this improvedprecisionis that
the usermay not needto usesomeof the constraintsthat
would have hadto be usedwith the unoptimizedversion.
(Theconstraintsimprove theanalysisprecision,andsome
of theseimprovementsmay not be necessaryif the TFG
itself is preciseenough.)For eachproblemwheretheun-
optimizedversiongaveaconclusiveresult,wealsoranthe
optimizedversionwith a smallernumberof constraints.It
turnedout that for our problemsettheprecisionimprove-
mentresultingfrom the removal of MIP edgeswasnever
sufficient to obtainconclusive resultswith any of thecon-
straintsremoved.

created,accordingto thesimpleoptimizationdescribedin thebeginning
of Section4.

4Insteadof implementingthis approachin theway describedin Sec-
tion 4,wheresomeof theexistingMIP edgesareremovedasanoptimiza-
tion, in our implementationwe createonly thoseMIP edgesthat would
notberemovedby theoptimization



Nodes Unoptimized Optimized
System � 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
Cyclic 2 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
Cyclic 4 35 16 21 608 0.02 0.91 273 0.10 0.21
Cyclic 4 33 32 21 1552 0.04 70.91 448 0.14 6.59
DPFM2 8 18 8 136 0.01 0.08 64 0.09 0.08
DPFM2 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
RW 8 51 5 36 280 0.01 9.56 280 0.12 9.57
Ring2 13 26 20 556 0.02 0.31 388 0.10 0.24
Ring3 19 39 28 1992 0.05 5.17 1270 0.15 3.25
Ring4 25 52 36 4356 0.14 193.62 2692 0.29 117.82

Figure8: Resultsof theexperiment

6. Conclusion
We haveshown how a simpleoptimizationof theprogram
modelusedby FLAVERScansignificantlyreducetimere-
quirementsof thedataflow analysisof user-specifiedprop-
ertiesof concurrentsoftware. This optimizationis depen-
dent on the property of interestand the feasibility con-
straintsthat theanalysisuses.In particular, this optimiza-
tion tendsto work well with analysesthat usefeasibility
constraintsmodelingvariableslocal to tasks,becausela-
belsthat representoperationson suchvariablestendto be
local.

As presentedin this paper, this optimization is specific
to the Ada concurrency model. The only Ada-specific
fact that this approachuses,however, is the presenceof
communicationnodesin theTFG.Theproposedapproach
for applyingFLAVERS to concurrentJava programs[10]
modelsthe Java concurrency without usingthe Ada-style
communicationnodes. With somesimple modifications,

this partial order optimizationcan be easily extendedto
this Java-specificprogrammodel.

Potentially, thepartialorderoptimizationof FLAVERSde-
scribedin this papercanbe further improved. For exam-
ple, we canuseinformationaboutwhich statementsmay
happenin parallelto broadenthedefinitionof localevents.
Supposethatevents 1xF and 1,I areusedby thesameFSA
andappearin different tasks(and thus are global by the
definition of this paper)but may never happenin paral-
lel. Thenit may be possibleto considerthesetwo events
local. Anotherpotentialimprovementis to considerall j -
labelednodesaslocally-labelednodes.This could leadto
afurtherreductionin thenumberof MIP edges,althoughit
couldhave theundesiredside-effect of increasingthesize
of somefeasibility constraintsnecessaryfor the analysis.
We planto experimentwith this trade-off. In addition,we
planto exploreanumberof directionsfor furtherimprove-
mentsof FLAVERS.For example,variablescanberepre-



sentedsymbolicallyduring the analysis,insteadof being
representedby finite stateautomata.This would remove
the� needto createandstorevariableautomataandthusis
likely to improvetheanalysisperformance.Weexpectthis
andotheroptimizationsto further improvebothspaceand
timerequirementsof theFLAVERSanalysis,increasingits
applicabilityto a wider rangeof concurrentprograms.
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