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Abstract
FLAVERS,atool for verifying propertiesof concurrentsys-
tems,usescompositedataflow analysisto incrementallyim-
prove the precisionof the resultsof its verifications. Al-
though FLAVERS is one of the few static analysistech-
niquesfor concurrentsystemsthathasthepotentialto han-
dle large scalesystems,it sometimescan still be very ex-
pensiveto use.In thispaperweexperimentallycomparethe
costof two versionsof this approachfor solving compos-
ite dataflow analysisproblems.Thefirst version,product-
based,usesthemorestraightforwardapproach,andthesec-
ond,tuple-based,is built aroundtheideaof reducinganaly-
sis spacerequirementsat the expenseof analysistime. We
demonstrateexperimentally, by analyzingpropertiesof ac-
tual concurrentprograms,that the tuple-basedversion is
comparablein timeto theproduct-basedversionbut for large
compositedataflow problemsit requiresseveral ordersof
magnitudelessspace.
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1 Intr oduction
With therapid improvementof Webtechnology, distributed
andconcurrentsystemsarebecomingincreasinglycommon.
Concurrentsystemsaremoredifficult to understandandrea-
sonaboutthansequentialonesbecauseof theirinherentnon-
determinism.This non-determinismmakestestingof such
softwareextremelydifficult. Onecannot,for example,safely
assumethat two test runs using the exact sameinput will
necessarilyproducethesameresult.Staticanalysisapproa-
chesprovide an importantcomplementto testingapproa-
ches,in thatthey areableto evaluateall potentialexecutable�
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pathsfor certainclassesof faults,andcan,therefore,often
demonstratetheabsenceof suchfaults.

FLAVERS[3, 10] is onesuchstaticanalysistool. It uses
dataflow analysisto prove or disprove application-specific
propertiesof concurrentsystems. FLAVERS provides its
userswith the capabilityof specifyingadditionalinforma-
tion aboutthesystem.This improvesprecisionof theanaly-
sisbut requiresmorecomputationalresources.

In thispaperweexploreanoptimizationof theFLAVERS
approachthatgreatlyreducesspacerequirementsof thetool
without sacrificingits time requirements.The initial, intu-
itive implementationof FLAVERSformsa singlestructure
to representboth the propertybeingcheckedandthe addi-
tional information introducedaboutthe systembeingana-
lyzed. The secondversionavoids creatingthis structure,
which our experimentsshow can be enormousin size, by
usinga tuplerepresentationto keeptrackof eachadditional
componentseparately. This reductionin spaceis paid for
by usinga morecomplicatedinternalrepresentationof the
analysisinformation.

The two versionsarecomparedexperimentally. There-
sultsof this experimentindicatethatnot only arespacere-
quirementsreducedsignificantlyby usingtheoptimization,
but in additionnostatisticallysignificantexecutiontimepen-
alty is incurredin theprocess.In addition,we demonstrate
thatthetuple-basedversionis bettersuitedfor proving mul-
tiple propertiessimultaneously. Thetechniqueof improving
precisionof dataflow analysesby identifying spuriousexe-
cutionshasbeenexploredbefore[5, 1]. Holley andRosen[5]
alsoprovideacomparisonof severalimplementationsof this
technique.The contribution of this paperis in the quanti-
tative evaluationof the two versionsof the FLAVERS ap-
proachfor verifying applicationspecificpropertiesof con-
currentprograms.

In thenext sectionof this paperwe presenta high-level
overview of theFLAVERSapproach,includingadescription
of the internalrepresentationsusedby thealgorithmandan
exampleillustratingtheuseof additionalinformationto im-
prove analysisprecision.After thatwe presentformal defi-
nitionsof theinternalrepresentationsusedby thetwo imple-
mentations,followedby thedescriptionof theproduct-based



andtuple-basedversions.Thenourexperimentalresultsare
presented.� We concludewith observationsaboutfuture re-
searchdirections.

2 FLAVERS Overview
FLAVERS (FLow Analysisfor VERifying Specifications)
usesa morecompactrepresentationof thesoftwaresystem
thanmostconcurrency analysistechniquesandusesaneffi-
cientfixedpointdataflow analysisalgorithmto determineif
themodelof thesystem’sbehavior is alwaysconsistentwith
thespecifiedintendedbehavior. FLAVERSprovidesconser-
vativeanalysisresults,in thatit neverclaimsthata property
is verifiedwhenit is not. To be conservative andefficient,
it over-approximatestheexecutablebehavior of thesystem.
Thus, like moststaticanalysistechniques,FLAVERS may
reportthata problemmayexist whenthereis in factno real
executablebehavior of the systemthat would causesuch
a problem. Sucha report is known as a spuriousresult.
FLAVERS also producesa report that details the path(s)
alongwhich all discoveredproblemsmight occur. By ex-
aminingsuchpathsuserscanoften determineif a result is
spuriousor not.

Oneof thestrengthsof FLAVERSis thatit alsoprovides
a flexible way for identifying spuriousexecutionsthat can
beremovedfrom consideration,therebymakingtheanalysis
moreprecise. This is doneby allowing the analyststo in-
troduceadditionalsemanticinformation,calledconstraints,
aboutthe system. The generalapproachof [5] is usedto
limit theexplorationof theprogramto only thosepathsthat
satisfytheconstraints.If theseconstraintsarewell chosen,
subsequentanalysisruns will either verify the propertyor
exposeacounterexamplethatcorrespondsto realexecutable
behavior and,thus,violatestheproperty.
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Results
Program TFG
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Figure1: Thearchitectureof FLAVERS

This incrementalincorporationof constraintsleadsto the
needto solveincreasinglylargeandcomplex dataflow prob-
lems,andthis hasled usto studytechniquesfor optimizing
thisapproach.To understandtheoptimizationtechniquethat
we explored,somemoredetailsabouttheinternalrepresen-
tationsandalgorithmusedby FLAVERSareneeded.

With FLAVERS,theanalystspecifiesthepropertyto be
verifiedasasetof sequencesof events.CurrentlyFLAVERS

usesQuantifiedRegular Expressionslanguage[12] to spec-
ify properties.Internally, propertiesarerepresentedasfinite
stateautomata(FSA), calledthe propertyautomata. Simi-
larly eachconstraintis alsorepresentedby aFSA.

Software systemsare modeledas Trace Flow Graphs
(TFG’s). For a sequentialprogram,the TFG is similar to
acontrolflow graph.But for adistributedor concurrentsys-
tem all possibletaskinteractionsmustalsobe represented,
aswell asall possibleinterleavingsof statementsamongthe
tasks.Nodesthatrepresenteventsthatappearin theproperty
or constraintautomatamustbeannotatedwith thoseevents.

FLAVERSusesdataflow analysistocomputewhetherall
systembehaviors, ascapturedby the TFG andconstrained
by behaviors describedby the constraints,arecontainedin
the set of behaviors describedby the propertyautomaton.
Conceptually, thepropertyautomatonandtheconstraintau-
tomataarecombinedinto a productautomaton, which rep-
resentsthecrossproductof thepropertyautomatonandall
constraintautomata.Figure1 illustratesthe architectureof
FLAVERS.

During the analysis,the set of reachableproductFSA
statesis propagatedalongtheTFG nodesuntil a fixedpoint
is reached.Thus,a state,� , is in theannotationsetat node� , if andonly if thereis a pathfrom theTFG startnodeto� thatencountersasequenceof nodeannotationsthatdrives
theFSA to state� whenthepathreaches� . Theactivity of
deriving thesenodeannotationsis representedby theState
Propagation box in Figure1. The outcomesof this anal-
ysis aredivided into threecategoriesof interest:1) the set
annotatingthe final nodeof the TFG containsonly accept-
ing statesof theFSA, indicatingthat thepropertyholdson
all executionsof the program;2) the setannotatingthe fi-
nal nodeof theTFG doesnot containanacceptingstateof
theFSA,which meansthatthepropertyholdson no execu-
tionsof theprogram;and3) thesetannotatingthefinal node
of theTFG containsat leastoneacceptingstateandat least
onenon-acceptingstateof the FSA, which meansthat the
propertymay holdonsomeexecutions.

In thefollowing we give anexamplethat illustrateshow
constraintsareusedandincorporatedinto theanalysis.For
simplicity, weusea sequentialprogramin this example,but
thegeneralprincipleof specifyingpropertiesandconstraints
holdsfor concurrentprogramsaswell.

procedure Elevator is
ButtonPressed : boolean;

begin
ButtonPressed := GetButtonState;
if ButtonPressed then
WaitUntilNoObjectInDoorway;

end if;
RecordState;
if ButtonPressed then
Car.CloseDoor;

end if;
end;

Figure2: Codefor theelevatorexample
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Figure3: PropertyFSAfor theelevatorexample

Figure2 containspseudocodefor anelevatorcontroller.
Supposethat the safetypropertyof interestis whetherit is
possiblethat the car can closeits doorswithout checking
first if thereareobjectsin the doorway. Figure3 givesan
FSA representationof this property. The programis suffi-
cientlysimplethatit is easyto seethatthispropertyholdson
all programexecutions.This is becauseboththecheckand
closingof thedoorsaredoneonly if thevalueof thevariable
ButtonPressedis true,andif we assumethat the procedure
RecordStatedoesnot changethe valueof this variable. It
is importantto note,however, thatno informationaboutthe
valuesof theprogram’svariablesis presentin theTFG.This
causesFLAVERSto considersomeunexecutablepaths.For
example,thepathonwhichthevalueof thevariableButton-
Pressedis assumedto befalsein thefirst if statement,and
true in thesecond,appearsto violate theproperty. Oneex-
ampleof aconstraintautomatonthatrepresentsthebehavior
of variableButtonPressedis shown in Figure4. Initially the
variableis in unknown state.Thetwo transitionsPressed=t
andPressed=frepresentthequeryof whetherthisvariable’s
value is true and is false,respectively. If the variablehas
valuetrue,thequeryof whetherits valueis falsesendsthis
constraintin theviolationstate.

known

false

un-
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Figure4: Constraintfor theelevatorexample

Figure5 showstheTFGfor thisprogram,annotatedwith
theeventsusedby boththepropertyandtheconstraint.All
if statementbranchesin thisgraphareguardedby thenodes
with queriesof the value of the variableButtonPressed.
Now considerthe unexecutablepaththroughthis graphin-
volving takingthefalsebranchof thefirst if statementand
thetruebranchof thesecondif statement.At thefirst node
of this path,the initial nodeof thegraph,theconstraintau-
tomatonis at thestartstateunknown. After passingthrough
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Figure5: TFGfor theelevatorexample

thesuccessorof the initial node,markedwith Pressed=f, it
takesthecorrespondingtransitionto statefalse. After pass-
ing throughthenodelabeledwith RecordState, whichdoes
notaffect theconstraint,thisstatefalseof theconstraintau-
tomatonpassesthroughthe nodemarked with Pressed=t,
at which point the transitionto the violation stateis taken.
Becauseof thisFLAVERSdeterminesthatthisbranchis un-
executableasanextensionof thecurrentpath.

FLAVERS currently provides automatedsupport for
helpingusersmodeltwospecifickindsof constraints,namely
variableand task automata. Variableautomata,similar to
theonein Figure4, modeltheexecutionbehavior of scalar
variablesin theprogramandtaskautomatamodelall possi-
ble ordersof eventsallowedby thecontrol flow in a single
task.In addition,ananalystcanconstructany arbitraryFSA
anduseit asa constraint.Thisapproachis verygeneraland
allows an analystto representthe externalenvironmentor
missingsoftwarecomponents[10].

3 BasicDefinitions
In thissectionwegiveformaldefinitionsfor theartifactsthat
areusedin theanalysisdescribedin thispaper.

A TraceFlow Graph (TFG) is a labeleddirectedgraph�
	���
������ �
initial
� �

final
�����������

, where



is a setof graph
nodes,

�
is the set of edges,� initial � 
�� � final � 
 are

unique initial and final nodes,
���

is an alphabetof event
labelsassociatedwith the graph,and

����
 � � �
is a

functionthat labelsthenodesof thegraphwith eventlabels
drawn from thealphabet.Synchronizationsbetweendiffer-
ent tasksarerepresentedexplicitly in theTFG, makinguse
of interleaving semanticsfor thelanguagein which thepro-
gramis written.

A DeterministicFinite StateAutomaton(or just automa-
tonor FSA) is atuple

�"!#��$%� � ��&'���(� , where
!

isasetof states) �%* � �,+ �.-/-0-/� �,1'2 , � is thefinite alphabetof eventsassociated
with transitionsin theautomaton,

$
is a total transitionfunc-



tion
!435�6�7!

, � is a uniquestart state,and
&

is a setof
accepting8 states

):9 * � 9 + �;-0-/-0� 9=< 2 .
A propertyautomatonis anFSA > 	?��!A@(�B$;@(� � @C��&D@(�� @ �
. A constraint automatonis anFSA E 	?��!GFH��$.F(� � FH�&DFH����FI�

with an additional J F component,calleda viola-
tion state,which is usedby thestatepropagationalgorithm
to detectthata constraintis violated. For any stateK � !AF
andany event L � ��F , $;FC� K � L ��	 J F if andonly if observing
event L atstateK doesnotcorrespondto any legalbehavior of
theconstraint.Theviolationstateis asink,whichmeansthat
thereareno transitionsfrom this stateto any otherstatein
theautomaton.Intuitively a constraintspecifiesa setof de-
siredor expectedstatetransitions,but alsoexplicitly spec-
ifies which transitionsarenot permissiblefrom the current
state.

In the following two sectionswe describethe two ap-
proachesto the implementationof the analysisof a single
propertyrepresentedwith a propertyautomaton> on the
TFG
�

under M constraintsgiven by constraintautomataEON �;PRQTS�Q M . We requirethatall eventsin thealphabetsof
thepropertyandall of theconstraintautomatabesubsetsof
theTFGalphabet:

� @TU ���
and V PWQXSOQ M ����FZY U ��� .

4 Product-basedAnalysis
Theproductautomaton[ for thepropertyautomaton> and
constraintautomataEON �;P\Q]S^Q M is definedasthe tuple��!A_`�B$;_W� � _W�B&D_W����_W� J _D� , wherea ! _bU ! @ 3�!AFAcD35-0-/-Z3d!GFfea $ _ �g! _ 3h� _ �i! _a � _4	?� � @H� � F c.�.-/-0-/� � Ffe �a &D_j	 ) � 9lk � 9 * �.-/-0-/� 9nm �;o 9lk � &�@5p 9 * � & F cOp\-0-/-qp9nm � & F e 2a ��_r	b��@�s�t mN/uv* � F Ya J _ is theuniqueviolationstate

Notethatthesetof productautomatonstatesis notneces-
sarily a full crossproductof thesetof statesin theproperty
andthesetsof statesin all constraintautomata.[3] contains
a discussionof sometechniquesthat reducethesizeof the
spaceof statesof the productautomaton.Onesuchtech-
nique,for example,is mergingall productautomatonstates
which have at leastoneconstraintautomatonviolation state
asa subcomponent:if K 	w� K < � K FAc,�.-/-0-/� K Ffe%� � ! _ and xqy
suchthat K FZz(	 J FZz then K 	 J _ .

We associatea function {q| overstatesof theproductau-
tomatonwith eachTFGnode� . Givena productautomaton
state� , {%| generatesanotherstate� obtainedfrom � by tak-
ing a transitionlabeledwith the event associatedwith this
TFGnode:V � � �D}`~�� VA� � ! _ � {%| � � �I	 � � ! _� $ _ � � ����� � ���I	 �

We generalizefunctions{ | to introducea functionoversets
of productautomatonstatesfor eachTFGnode:V � � �D}`~�� V ! U !A_b�� | �"!��I	 ) { | � � �.o � � !dp ���	 J _ 2
Notethattheviolation stateis not propagatedpastthenode
for which it wasgeneratedby thefunction

�
for thatnode.

Thelatticeelementsfor thisdataflow problemaresetsof
the productautomatastates,the join operationis setunions

, andthefunctionalspace
}

is basedonall functions
�

for
individualnodesin theTFG.

Oncethesolutionof our dataflow problemconvergesto
a join over all pathssolution [8], we needto look only at
thefinal nodeof theTFGto determinewhethertheproperty
holds.We saythata propertyholdson all pathsthroughthe
programif after all violation statesarediscardedfrom the
final nodeof theTFG, only acceptingstatesof the product
automatonarepresentthere.

To illustratetheuseof theproductautomatonfor improv-
ing accuracy we returnto theelevatorexamplein Figure2.
The productof the propertyautomatonfrom Figure3 and
theconstraintautomatonfrom Figure4 appearsin Figure6.
Labelson the statesof this automatonarepairs,wherethe
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Figure6: Productautomatonfor theelevatorexample

first numbercorrespondsto the statenumberof the prop-
erty automatonfrom Figure 3 and the secondlabel corre-
spondsto the statelabel of the constraintautomatonfrom
Figure4. This is the productautomatonafter compaction,
sinceall statesin the full crossproductwith the constraint
automatonis in its violation statewerefusedinto a single
violation stateViol. Notethatmostof thetransitionsto the
violationstateof theproductautomatonarenotshown in the
interestsof clarity. Considertheunexecutablepaththrough
theflow graphwherethetrue branchof thesecondif state-
mentis takenafterthefalsebranchof thefirstif statement.
Whenwe tracethis path,using it to drive the productau-
tomatonin Figure6, thefollowing sequenceof statetransi-
tionsis observed.Fromtheinitial statemarked1, unknown



the transitionon event Pressed=fis taken to state1, false.
After� passingthroughthenodemarkedRecordState, which
doesnot affect theproductautomaton,the transitionon the
next eventin theexecutiontrace,Pressed=t, leadsto thevi-
olationstatefor theproductautomaton,which signifiesthat
thisexecutiontracecorrespondsto aninfeasiblepath.

[2] provesconvergenceof this algorithmto theminimal
fixed point andreportsthe analysiscomplexity for concur-
rent systemsas � ��o !Co0o 
To + � . In the worst casea task au-
tomatonneedsto be constructedfor eachtask. Sincethe
numberof statesin a taskautomatonis linearin thenumber
of nodesin thecontrolflow graphfor this task,it is obvious
thatthepropertyautomatoncaneasilybeexponentialin the
numberof tasksin theprogram,whichcanmaketheanalysis
intractable.

5 Tuple-basedAnalysis
In this sectionwe describethe morespaceefficient tuple-
basedversion.First we introducethemethodinformally by
suggestingthe partsof theproduct-basedversionthat have
to bemodified,andthenwegivea formaldescriptionof this
version.

We begin by observingthatmostof thestatesin thefull
productautomatonarenot usedduring the actualanalysis.
Thusall thememorydedicatedto storingtheseunusedstates
andtheirtransitionsis wasted.Thetuple-basedversionover-
comesthisproblemby creatingandstoringonly thosecom-
binationsof productandconstraintautomatathat areactu-
ally usedby theanalysis.

In this versionwe traverseall automataseparatelyaswe
traversethe TFG startingfrom its � initial node. Initially all
property and constraintautomataare in their start states.
Whena nodeis traversed,its labelis matchedwith thetran-
sitions out of the currentstateof eachautomaton. If this
label is in the alphabetof the propertyautomaton,the cor-
respondingtransitionis taken, andthe propertyautomaton
changesstate. In the caseof a constraintautomaton,if a
transitionon thenodelabel leadsto theviolation state,this
meansthatthepaththroughtheTFGthatis beingconsidered
is unexecutable,andfurthertraversaldown thispathwill not
becontinued.During dataflow analysisTFG nodesarean-
notatedwith setsof tuples,whereeachtuple consistsof a
statefrom thepropertyautomaton,andonestatefrom each
of the constraintautomata.The dataflow analysissystem
mustgeneratea tupleseton exit from eachnodeasa func-
tion of thetuplesetsfoundat theexits of eachof thenode’s
predecessors.If a generatedtuple hasat leastone of the
constraintautomatain theviolation state,theentiretupleis
removedfrom theanalysisasit correspondsto aninfeasible
executionof theprogram.

Wenow presenta formaldefinitionof tuple-basedanaly-
sis.A tuple

�
is acollectionof onestatefrom eachautoma-

ton in theproblem.�r	?� K @ � K F�c:� K Ff�%�;-0-/-0� K F�e%��� whereK @ � ! @ andV PWQTSIQ M � K FfY � !AFfY
Let � bethesetof all possibletuples:

� 	 ) � K @ � K F�c%� K Ff�%�;-0-/-0� K F�e%�;o K @ � ! @ p m�N0uv* � K FfY � !AFfY�� 2
The initial tupleis thetuple

� k 	?� � @(� � F c,� � F �%�;-0-/-0� � F�e � .
We associatea function { | over tupleswith eachTFG

node� : V �4	?� K @(� K F c:� K F �q�;-0-0-/� K Ffe � � � �{ | ������	?� K��@ � K��F�c � K��Ff� �;-0-/-0� K��F�e ���
where

K��@ 	��IK @ ����� � � �� ��@(�$.@H� K @(����� � ��������� � � � ��@
V PWQXSIQ M � K��Ffe 	 �OK Ffe �B�D� � � �� ��F�el�$;F�e�� K F�el���D� � �����B�D� � � � ��F�e

As in theproduct-basedversion,wegeneralize{%| to a func-
tion oversetsof tuplesfor eachTFGnode:V � � 
�� Vf� U � � � | � � ��	) { | ������	 { | � K @(� K F c,� K F �%�.-/-0-0� K F e%�;o� � � p m�N/uv* � K F Y �	 J F Y�� 2

The lattice elementsfor this dataflow problemaresets
of tuples,thejoin operation,asin product-basedanalysis,is
setunion

s
, andthe functionalspaceis basedon thesetof� | functionsfor all TFGnodes� .

Oncethesolutionof ourdataflow problemconvergestoa
fixedpoint,weneedto look only at theendnodeof theTFG
to determinewhetherthepropertyholds.But now thetuple-
basedversionis different from the product-basedversion.
For eachtuplein � final we checkthepossiblevaluesof each
of its constraintautomatato seewhetherall of thesepossi-
ble statesareacceptingstates.If any constraintautomaton
is left in a non-acceptingstate,we remove the entiretuple
from � final. We saythat a propertyholdson all executions
of theprogramif all tuplesremainingin � final containonly
acceptingstatesof thepropertyautomaton.

This approachof representinginformation propagated
aroundthe flow graphas tuplesis reminiscentof K-Tuple
frameworksfrom [9]. An importantdistinctionis thateach
componentof atuplein K-Tupleframeworkscorrespondsto



a specialedgekind in agraph.In ourapproach,aneventas-
sociated� with aTFGnodecanbepresentin alphabetsof sev-
eral constraintandpropertyautomataandthuscomponents
of tuplesarenot directly tied to disjoint setsof information
in theflow graph.

To illustratethe useof the tuple-basedversionto accu-
racy improvementwe usethesameexamplefrom Figure2
thatweusedfor theproduct-basedversion.Weusetheprop-
erty from Figure3 andthe constraintautomatonfrom Fig-
ure 4. Figure5 shows the TFG for this exampleannotated
with tuplesthat wereformedduring the tuple-basedanaly-
sis.Weconsiderthetraversalof theunexecutablepathwhere
thetrue branchof thesecondif statementis takenafterthe
falsebranchof thefirst if statement.

A tupleappearsnext to thenodeif it is thetuplethatwas
observedat the exit from this node. Note that on theentry
to thefirst flow graphnodeon thetruebranchof thesecond
if statement,markedPressed=t, the constraintautomaton
componentof the tuple is at statefalse, and so the event
Pressed=ttriggersthetransitionto theviolation state.This
meansthat the resultingtuple (1, Viol) will not be propa-
gatedbeyond the the nodemarked Pressed=t, and so the
traversedpathis unexecutable.Sincein all tuplesassociated
with the final nodethe propertyautomatonis in accepting
state1, thepropertyholdsonall executionsof thisprogram.

The tuple-basedversion is computationallynot much
more complex than the product-basedversion. The only
differencearisesfrom the differentprocedurefor checking
for constraintviolations. In the worst casethe complexity
of the tuple-basedversionis � � M o !Co0o 
To:�
o !Co0o 
Xo + � , where� ��o !Co/o 
Xo + � is the complexity of propagatingtuplesamong
thenodesin theTFG. � � M o !Co0o 
Xo � is thecomplexity of com-
putingfunctions{%| for all nodesin theTFG.It followsfrom
thefactthatanapplicationof a function {q| to a singletuple
involvescomputing M ��P transitionfunctions,andat each
TFGnodeweapplyits function {%| to atmost

o !Co
tuples.

Theuseof thetuple-basedversionalsohastheadvantage
of beingmoreflexible. For example,it is possibleto check
severalpropertiesatthesametimeusingthetuple-basedver-
sion,andto simultaneouslyimprove theaccuracy of all the
analysesthroughtheuseof the samesetof feasibility con-
straints.This is doneby simply extendingthedefinitionof
a tuple to includemultiple propertyautomata,onefor each
propertyto bechecked.Notethatit wouldbepossibleto en-
ablethe product-basedanalysisto checkseveral properties
at the sametime too, but this would be much more com-
plicatedasseveral kinds of acceptstateswould be needed
in orderto distinguishamongtheseveralpropertyautomata
usedto synthesizetheproductautomaton.

6 Empirical Results
We analyzedprogram-specificpropertiesof several small
concurrentprograms. For eachprogramwe selectedone
commonlyevaluatedproperty. Thespecificationof theprop-
ertiesis omittedherefor lackof space.

Program Number of

tasks

Number of

constraints

Number of

experiments

Dining philosophers 4 4 11

8 8 37

Dining philosophers
4 4 11

with dictionary 6 6 22
8 8 37

Dining philosophers
3 5 5

with fork manager 4 7 8
5 9 12
4 4 11

Gasstation 5 5 16
6 6 22
3 4 11

Readers-writers 4 5 16
5 6 56

Tokenring 4 8 36

8 12 15

Milner’s cyclic 4 8 152
scheduler 8 16 134

Figure7: Programsusedin theexperiment

Theonly kindsof constraintsusedin thisexperimentare
taskandvariableautomata,sincethey canbebuilt automat-
ically. For eachpossiblecombinationof constraintswe ran
eachof thetwo versionsof FLAVERSuntil theanalysescon-
cluded.Dependingon which constraintswereused,there-
sultsof theseanalyseswereeitherconclusive or inconclu-
sive. In this experimentwe do not carewhich,sincewe are
interestedin comparingperformanceof the two versionsin
eithercase.Figure7 identifiesall programsused,giving the
numberof tasksin the program,the numberof constraints
available,andthenumberof experimentsthatusedifferent
combinationsof constraints.Notethatthenumberof experi-
mentsis lessthanthetotalnumberof possiblecombinations
of constraintssinceweonly includerunswheretheproduct-
basedversiondid not run out of memory. The combined
numberof runsof eachof thetwo versionsfor all programs
is 612.

In ourexperimentswedid notusea full productautoma-
ton, but ratheran automatonproducedby applyinga stan-
dardreductionalgorithm[7] andthentheheuristicsfrom [3]
to the full productautomaton.To build this reducedprod-
uct automaton,the product-basedversionhasto construct
thefull cross-productof all constraintandpropertyautomata
for theproblemandthenreduceit. Thus,it is thesizeof the
unreducedversionof the productautomatonthat limits the
problemswe canactuallysolve with theproduct-basedver-
sion,but it is thesizesof thereducedproductautomatonthat
areactuallylistedin thetablesprovidedhere.

We reportthetimeandspacerequirementsfor theanaly-
sesasmeasuredby theUNIX time commandona DECAl-
phaStation2004/233with 128megabytesof physicalmem-



ory. Theabsolutevaluesof timeandspacerequirementsmay
seem� staggeringat first, but shouldbe easierto acceptin
light of two considerations.First, asnotedearlier, theneed
to model concurrency addsenormouslyto the complexity
of this problem,asit necessitatesexplicit representationof
all possibleinterleavingsof theeventsin potentiallyconcur-
rent tasks.Second,FLAVERSis a prototypeanalysistool,
whoseperformancehasnotyetbeenfully optimized.In any
case,thesubjectof this paperis not theraw valuesof these
requirements,but ratherthe reductionsachievedby utiliza-
tion of thetuple-basedapproach.Weareconfidentthatother
researchwill furtherreducetheseraw values.

Figure8 givesagraphicalcomparisonbetweenspacere-
quirementsfor the two versions. In this figure, product-�  cpa-based�  tuple-based
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Figure8: Spacerequirementscomparison

basedanalysisdatapointsaredenotedby trianglesandtuple-
basedanalysisdatapointsaredenotedby boxes.Thegraphs
for bothmethodshavebeensmoothedby 3-meansmoothing
to improvetheviewability of thepartsof thegraphsthatrep-
resentsmallproductautomatasizes.As is evidentfrom this
figure,andasexpected,thetuple-basedversionsignificantly
reducesthespacerequirementsof FLAVERSandhencein-
creasesthenumberandtypesof analysisproblemsthatcan
behandledby thetool.

To seewherethe currentlimits of the tuple-basedver-
sionlie, we ranseveralanalysesfor thegasstationandcon-
currentwriters programs,wherewe increasedthe number
of constraintsusedsimultaneously. Sincetheproduct-based
versioncannothandleproblemsof this size, we estimated
thenumberof statesin theproductautomatafor theseanaly-
ses.Thiscomparisonis shown in Figure9. Fromthisfigure
thereappearsto benoapparentcorrelationbetweenthedata
flow problemsizeandthe spacerequirementsof the tuple-

Estimateof thenumber of prod-

uct automatonstates

Tuple-basedanalysis spacere-

quirements,Kb

3457 34368
60032 34368
44001 75520
48401 492032
52801 625536
484001 501696

Figure9: Experimentwith problemsof largersize

basedanalysis. We believe that the explanationfor this is
thatasmoreinformationis addedto theanalysis,morepaths
throughthe flow graphmaybe recognizedasunexecutable
andthus the searchspaceis reduced.This apparentprun-
ing of unexecutablepathsdoesnot seemto bea clearfunc-
tion of any obviousparametersof theanalysisproblem. In
general,the tuple-basedversionseemsto handleprograms
whoseproductautomatawould be two to threeordersof
magnitudelargerthanwhatcouldbestoredexplicitly.¡  cpa-based¢  tuple-based
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Figure10: Timerequirementscomparison

Figure 10 gives a graphical comparisonbetweenthe
speedsof the two versions.From this graphit is clearthat
improvementin spacerequirementsfor tuple-basedanalysis
is not paid for by speeddegradation.It seemsthat the time
an analysistakesis of thesameorderof magnitudefor the
two versionsfor all runs.Thisreflectsthefactthattheadded
complexity of tuplepropagationthroughthe TFG, ascom-
paredto thepropagationof statesfor theproductautomata,
is offsetby the time it takesto precomputetheproductau-
tomaton. On average,the tuple-basedversionhasa better
time performance,with the meandifferencebeing ¬ P,­®- ¯l°
sec.



We performeda numberof statisticalanalysesto esti-
mate� the statisticalsignificanceof our results. Theseanal-
ysessupportthehypothesisthat,assumingnormaldistribu-
tion of the sample,for any large-sizedsampleof Ada pro-
gramsbothspaceandtime requirementsfor thetuple-based
versionwill be lower thanthosefor theproduct-basedver-
sion. In addition,it turnsout thattheratiobetweenthespace
requirementsof theproduct-basedversionandthespacere-
quirementsof the tuple-basedversiongrows with increas-
ing the sizeof the dataflow problem. In otherwords, the
tuple-basedversionscalesbetterthantheproduct-basedone.
A morecompletediscussionof theresultsof this statistical
analysiscanbefoundin [11].

7 Conclusions
We have shown how a carefully optimizedimplementation
of theFSA dataabstractionscansignificantlyreducespace
requirementsfor compositedataflow analyses,while at the
sametime noticeablyimproving the speedof theseanaly-
ses.Theexperimentalresultswe obtainedindicatethat the
implementationusingthe tuple-basedabstractioncansolve
muchlargerdataflow problems.Thisversionalsoranfaster,
presumablybecausethe additionalpropagationwork done
by thetuple-basedversionis offsetby thework this version
savesby notneedingto build thepotentiallyenormousprod-
uct automatonrequiredby theproduct-basedversion.

Weplanto exploreanumberof directionsfor furtherim-
proving theperformanceof FLAVERScompositedataflow
analysis.For example,we shallevaluaterepresentingvari-
ablessymbolicallyduring statepropagation;removing the
needto createandstorevariableautomatais likely to im-
prove theanalysisperformance.We alsointendto comple-
ment the basicdirectionof this currentwork by exploring
waysto reducethesizeof the TFG’s beinganalyzed.Cur-
rently, wemodelconcurrency with TFG’s thatcontainenor-
mousnumbersof edgesneededto modelall possibleinter-
leavingsof thestatementsof paralleltasks.Needingto con-
siderall of theseedgesslows theanalysisof suchprograms
considerably. Partial order methods[4, 6, 13] may prove
useful in addressingthis problemby reducingthe needfor
many of theseedges.We expecttheseandotheroptimiza-
tionsof compositeanalysisto improve bothspaceandtime
requirementsof theanalysis,therebyincreasingtheapplica-
bility of this approachto a wider rangeof both concurrent
andsequentialprograms.

We hopethatthiswork drawsattentionto theneedto ex-
plore the balancebetweenthe practicalcomplexity of flow
algorithmsandtherepresentationof datathatthey use.This
paperdemonstratesthat a shift in this balancecanincrease
thesizeof problemsthatcanbesolvedby severalordersof
magnitude.This aloneshouldserve to greatlybroadenthe
scopeof effective applicability of dataflow analysis. The
significanceof thiswork seemsto usto go farther, however.
Wehavealreadyindicatedthatthecompositedataflow anal-
ysis approachcanalsobe usedto solve multiple dataflow

analysisproblemssimultaneously. Thusourworkshowsthat
useof thetuple-basedapproachcanmateriallyfacilitatethe
solvingof multiple problemssimultaneously. Althoughwe
haveconductedthisexperimentin thecontext of FLAVERS,
we believe the resultsaremoregeneralandcanbe applied
to a rangeof optimizationandanalysisproblemsthatutilize
dataflow analyses.
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