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Abstract

FLAVERS,atool for verifying propertieof concurrensys-
tems,usescompositedataflow analysido incrementallyim-
prove the precisionof the resultsof its verifications. Al-
though FLAVERS is one of the few static analysistech-
niguesfor concurrentsystemghathasthe potentialto han-
dle large scalesystemsjt sometimesan still be very ex-
pensveto use.In this paperwe experimentallycomparehe
costof two versionsof this approachfor solving compos-
ite dataflow analysisproblems. Thefirst version,product-
basedusesthe morestraightforvardapproachandthesec-
ond, tuple-basedis built aroundtheideaof reducinganaly-
sis spacerequirementst the expenseof analysistime. We
demonstratexperimentally by analyzingpropertiesof ac-
tual concurrentprograms,that the tuple-basedversionis
comparablén timeto theproduct-basedersionbut for large
compositedataflow problemsit requiresseveral ordersof
magnituddessspace.
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1 Intr oduction

With the rapidimprovementof Webtechnologydistributed
andconcurrensystemsarebecomingncreasinglycommon.
Concurrensystemsaremoredifficult to understan@ndrea-
sonaboutthansequentiabnesbhecausef theirinherentnon-
determinism. This non-determinisnmakestestingof such
softwareextremelydifficult. Onecannotfor example safely
assumehat two testruns using the exact sameinput will

necessarilyproducethe sameresult. Staticanalysisapproa-
chesprovide an importantcomplemento testing approa-
ches,n thatthey areableto evaluateall potentialexecutable
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pathsfor certainclassef faults,andcan,therefore often
demonstratéheabsencef suchfaults.

FLAVERSJ3, 10] is onesuchstaticanalysigool. It uses
dataflow analysisto prove or disprove application-specific
propertiesof concurrentsystems. FLAVERS providesits
userswith the capability of specifyingadditionalinforma-
tion aboutthe system.Thisimprovesprecisionof theanaly-
sishbut requiresmorecomputationatesources.

In thispapemwe exploreanoptimizationof theFLAVERS
approachhatgreatlyreducespaceaequirementsf thetool
without sacrificingits time requirements.Theinitial, intu-
itive implementatiorof FLAVERS forms a singlestructure
to represenboththe propertybeing checled andthe addi-
tional informationintroducedaboutthe systembeing ana-
lyzed. The secondversionavoids creatingthis structure,
which our experimentsshav can be enormousn size, by
usingatuplerepresentatioto keeptrack of eachadditional
componentseparately This reductionin spaceis paid for
by usinga more complicatedinternalrepresentationf the
analysisnformation.

The two versionsare comparedxperimentally There-
sultsof this experimentindicatethat not only are spacere-
guirementgeducedsignificantlyby usingthe optimization,
butin additionnostatisticallysignificantexecutiontime pen-
alty is incurredin the process.In addition,we demonstrate
thatthetuple-basedersionis bettersuitedfor proving mul-
tiple propertiesimultaneouslyThetechniqueof improving
precisionof dataflow analysesy identifying spuriousexe-
cutionshasbeerexploredbefore[5, 1]. Holley andRoser5]
alsoprovideacomparisorof severalimplementationsf this
technique. The contrikution of this paperis in the quanti-
tative evaluationof the two versionsof the FLAVERS ap-
proachfor verifying applicationspecificpropertiesof con-
currentprograms.

In the next sectionof this paperwe presenta high-level
overview of theFLAVERSapproachincludingadescription
of theinternalrepresentationgsedby the algorithmandan
exampleillustratingthe useof additionalinformationto im-
prove analysisprecision. After thatwe presenformal defi-
nitionsof theinternalrepresentationssedby thetwo imple-
mentationsfollowedby thedescriptiorof theproduct-based



andtuple-basedersions.Thenour experimentakesultsare
presented We concludewith obsenationsaboutfuture re-
searchdirections.

2 FLAVERS Overview

FLAVERS (FLow Analysisfor VERIifying Specifications)
usesa more compactrepresentationf the softwaresystem
thanmostconcurreng analysisechniquesandusesan effi-
cientfixedpointdataflow analysisalgorithmto determindf
themodelof thesystems behaior is alwaysconsistentvith
thespecifiedntendedbehaior. FLAVERSprovidesconser
vativeanalysisresults,in thatit never claimsthata property
is verifiedwhenit is not. To be conserative and efficient,
it over-approximateshe executablebehaior of the system.
Thus, like moststaticanalysistechniquesFLAVERS may
reportthata problemmay exist whenthereis in factnoreal
executablebehaior of the systemthat would causesuch
a problem. Sucha reportis known as a spuriousresult
FLAVERS also producesa report that details the path(s)
alongwhich all discoreredproblemsmight occut By ex-
amining suchpathsuserscanoften determineif a resultis
spuriousor not.

Oneof thestrengthof FLAVERS:Is thatit alsoprovides
a flexible way for identifying spuriousexecutionsthat can
beremovedfrom considerationtherebymakingtheanalysis
more precise. This is doneby allowing the analyststo in-
troduceadditionalsemantidnformation,calledconstaints,
aboutthe system. The generalapproachof [5] is usedto
limit the explorationof the programto only thosepathsthat
satisfythe constraints.If theseconstraintsaarewell chosen,
subsequenanalysisrunswill either verify the propertyor
exposeacounterxamplethatcorrespondso realexecutable
behaior and,thus,violatesthe property
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Figurel: Thearchitectureof FLAVERS

Thisincrementalncorporatiorof constraintdeadsto the
needto solveincreasinglylargeandcomplex dataflow prob-
lems,andthis hasled usto studytechniquegor optimizing
thisapproachTo understantheoptimizationtechniquehat
we explored,somemoredetailsabouttheinternalrepresen-
tationsandalgorithmusedby FLAVERS areneeded.

With FLAVERS, the analystspecifieghe propertyto be
verifiedasasetof sequencegf events.CurrentlyFLAVERS

usesQuantifiedRegular Expressiondanguagg12] to spec-
ify propertiesinternally, propertiesarerepresentedsfinite
stateautomataFSA), calledthe propertyautomata Simi-
larly eachconstrainis alsorepresentetly a FSA.

Software systemsare modeledas Trace Flow Graphs
(TFG's). For a sequentiaprogram,the TFG is similar to
acontrolflow graph.But for adistributedor concurrensys-
temall possibletaskinteractionsmustalsobe represented,
aswell asall possibleinterleavingsof statementamongthe
tasks.Nodesthatrepresengventsthatappeain theproperty
or constraintautomatanustbe annotatedvith thoseevents.

FLAVERSusedataflow analysiso computevhethenrall
systembehaiors, as capturedoy the TFG and constrained
by behaiors describedby the constraintsare containedn
the setof behaiors describedby the propertyautomaton.
Conceptuallythe propertyautomatorandthe constraintau-
tomataare combinedinto a productautomatonwhich rep-
resentghe crossproductof the propertyautomatorandall
constraintautomata.Figure 1 illustratesthe architectureof
FLAVERS.

During the analysis,the set of reachableproductFSA
stateds propagatedlongthe TFG nodesuntil afixed point
is reached.Thus,a state,s, is in the annotatiorsetat node
n, if andonly if thereis a pathfrom the TFG startnodeto
n thatencountersisequencef nodeannotationshatdrives
the FSAto states whenthe pathreaches:. The actiity of
deriving thesenodeannotationss representetby the State
Propagationbox in Figure1l. The outcomesof this anal-
ysis aredivided into threecateyoriesof interest: 1) the set
annotatingthe final nodeof the TFG containsonly accept-
ing statesof the FSA, indicatingthatthe propertyholdson
all executionsof the program;?2) the setannotatingthe fi-
nal nodeof the TFG doesnot containan acceptingstateof
the FSA, which meanghatthe propertyholdson no execu-
tionsof the program;and3) thesetannotatinghefinal node
of the TFG containsat leastoneacceptingstateandat least
one non-acceptingstateof the FSA, which meansthat the
propertymay hold on someexecutions.

In thefollowing we give an examplethatillustrateshow
constraintsaareusedandincorporatednto the analysis.For
simplicity, we usea sequentiaprogramin this example,but
thegeneraprincipleof specifyingpropertiesandconstraints
holdsfor concurrenprogramsaswell.

procedure Elevator is
Butt onPressed : bool ean;
begi n
ButtonPressed : = GetButtonState;
if ButtonPressed then
Wai t Unti | NoQbj ect | nDoor way;;
end if;
Recor dSt at e;
if ButtonPressed then
Car . d oseDoor ;
end if;
end;

Figure2: Codefor theelevatorexample
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Figure3: PropertyFSAfor the elevatorexample

Figure2 containspseudocodéor an elevator controller
Supposéhatthe safetypropertyof interestis whetherit is
possiblethat the car can closeits doorswithout checking
first if thereare objectsin the doorway. Figure 3 givesan
FSA representatiomf this property The programis suffi-
ciently simplethatit is easyto seethatthis propertyholdson
all programexecutions.This is becauséoththe checkand
closingof thedoorsaredoneonly if thevalueof thevariable
ButtonPresseds true, andif we assumehatthe procedure
RecordStateloesnot changethe value of this variable. It
is importantto note,however, thatno informationaboutthe
valuesof theprogramsvariabless presentn the TFG. This
cause$-LAVERSto considersomeunexecutablepaths.For
example thepathonwhichthevalueof thevariableButton-
Presseds assumedo befalsein thefirsti f statementand
truein the second appeargo violate the property Oneex-
ampleof aconstrainautomatorthatrepresentthe behaior
of variableButtonPresset$ shavn in Figure4. Initially the
variableis in unknown state.Thetwo transitionsPressed=t
andPressed=fepresenthe queryof whetherthis variables
valueis true andis false,respectiely. If the variablehas
valuetrue, the queryof whetherits valueis falsesendghis
constrainiin theviolation state.

Pressed=t Pressed=f

Figure4: Constrainfor theelevatorexample

Figure5 shavsthe TFG for this programannotatedvith
the eventsusedby boththe propertyandthe constraint.All
i f statemenbranchen thisgraphareguardedythenodes
with queriesof the value of the variable ButtonPressed
Now considerthe unexecutablepaththroughthis graphin-
volving takingthefalsebranchof thefirsti f statemenand
thetruebranchof thesecond f statementAt thefirst node
of this path,theinitial nodeof the graph,the constraintau-
tomatonis atthe startstateunknown. After passinghrough

GetButtonState (1, unknown)

Pressed=t

(1, true) (1, false)

(2, true)

(1, false)
(2, true)

RecordState

(1, viol)
(2, true)

(1, false)
(2, viol)

(1, true)
(1, false)

Figure5: TFGfor theelevatorexample

the successoof theinitial node,markedwith Pressed=fit

takesthe correspondingransitionto statefalse. After pass-
ing throughthe nodelabeledwith RecordState whichdoes
not affectthe constraintthis statefalse of the constrainiau-
tomatonpasseghroughthe node marked with Pressed=t
at which point the transitionto the violation stateis taken.
Becausef this FLAVERSdetermineshatthis branchis un-

executableasanextensionof thecurrentpath.

FLAVERS currently provides automatedsupport for
helpinguseranodeltwo specifickindsof constraintshamely
variableand task automata. Variable automatasimilar to
the onein Figure4, modelthe executionbehaior of scalar
variablesn the programandtaskautomatanodelall possi-
ble ordersof eventsallowed by the control flow in a single
task.In addition,ananalystcanconstruciary arbitraryFSA
anduseit asa constraint.This approachs very generaland
allows an analystto representhe external environmentor
missingsoftwarecomponent$10].

3 BasicDefinitions

In this sectionwe give formal definitionsfor theartifactsthat
areusedin theanalysisdescribedn this paper

A Trace Flow Graph (TFG) is a labeleddirectedgraph
T = (N, E, ninitial , Nvinal; 27, L), WhereN is a setof graph
nodes,E is the setof edgesminitar € N,nfina € N are
uniqueinitial andfinal nodes,Xr is an alphabetof event
labelsassociatedvith the graph,and L : N — Yr isa
functionthatlabelsthe nodesof the graphwith eventlabels
drawn from the alphabet.Synchronizationbetweendiffer-
enttasksarerepresenteaxplicitly in the TFG, makinguse
of interleaving semanticgor thelanguagen which the pro-
gramis written.

A DeterministicFinite StateAutomaton(or just automa-
tonor FSAisatuple(S, 4, s, A, X), whereS is asetof states
{51, 82, .., Sm }, X is thefinite alphabebf eventsassociated
with transitiondn theautomatond is atotal transitionfunc-



tion S x ¥ — S, s isauniquestart state,and A is a setof
acceptingstates{as, as, ..., ap}.

A propertyautomatorisanFSA P = (Sp,dp, sp, Ap,
¥ p). A constaintautomatonis anFSAC = (S¢, d¢, sc,
Ac, ¥ ¢) with anadditionalvcz componentcalleda viola-
tion state,which is usedby the statepropagatioralgorithm
to detectthata constraintis violated. For ary statet € S¢
andary event! € X¢, d¢(t,1) = ve if andonlyif observing
event! atstatet doesnotcorrespondo ary legalbehavior of
theconstraint.Theviolationstateis asink, whichmeanghat
thereareno transitionsfrom this stateto ary otherstatein
the automaton.Intuitively a constraintspecifiesa setof de-
sired or expectedstatetransitions,but also explicitly spec-
ifies which transitionsare not permissiblefrom the current
state.

In the following two sectionswe describethe two ap-
proachego the implementatiorof the analysisof a single
propertyrepresenteavith a propertyautomatonP on the
TFG T underk constraintsgiven by constraintautomata
C;,1 <1i < k. Werequirethatall eventsin thealphabet®of
the propertyandall of the constraintautomatée subset®of
theTFGalphabetXp C X7 andVl <i < k,¥q, C Xr.

4 Product-basedAnalysis

TheproductautomatonD for the propertyautomatonP and
constraintautomataC;,1 < ¢ < k is definedasthe tuple
(SD, (SD, SpD, AD, ED,UD), where

e Sp CSp xSc, x...x 8¢,
e dp:SpxXp—Sp

o sp=(8p,8C,,- SC})

Ap = {(ao,al,...,ak)|a0 € ApAas € Ag, A ... A
a € Ack}

p=3pUUL, 30,

vp is theuniqueviolation state

Notethatthesetof productautomatorstatess notneces-
sarily afull crossproductof the setof statesn the property
andthesetsof statesn all constraintautomata[3] contains
a discussiornf sometechniqueghatreducethe size of the
spaceof statesof the productautomaton. One suchtech-
nigue,for example,is memging all productautomatorstates
which have atleastoneconstraintautomatorviolation state
asasubcomponentif ¢t = (¢p,tcy, -, tc,) € Sp and3j
suchthattc; = vg, thent = vp.

We associate function f,, over statesf the productau-
tomatonwith eachTFG noden. Givena productautomaton
states, f,, generatesinotherstates obtainedfrom s by tak-
ing a transitionlabeledwith the event associatedvith this
TFGnode:

Vn € TFG,VS € Sp: fn(s) =35€Sp
& 0p(s,L(n)) =3

We generalizdunctionsf,, to introducea functionover sets
of productautomatorstatesor eachTFG node:

Vn € TFG,¥S C Sp :
¢n(S) = {fn(s)ls € SAs # vp}

Notethatthe violation stateis not propagategastthe node
for whichit wasgeneratedby thefunction¢ for thatnode.

Thelatticeelementdor this dataflow problemaresetsof
the productautomatastates the join operationis setunion
U, andthefunctionalspaceF’ is basecn all functionsg for
individual nodesin the TFG.

Oncethesolutionof our dataflow problemcorvergesto
a join over all pathssolution[8], we needto look only at
thefinal nodeof the TFG to determinenvhetherthe property
holds. We saythata propertyholdson all pathsthroughthe
programif afterall violation statesare discardedrom the
final nodeof the TFG, only acceptingstatesof the product
automatorarepresenthere.

Toillustratetheuseof theproductautomatorior improv-
ing accurag we returnto the elevator examplein Figure2.
The productof the propertyautomatonfrom Figure 3 and
the constraintautomatorfrom Figure4 appearsn Figure6.
Labelson the statesof this automatorare pairs, wherethe

CloseDoor

Pressed=t Pressed=t Pressed=t

Pressed=t Pressed=t

CloseDoor Pressed=

CloseDoor Wait...,
CloseDo

Pressed=f Pressed=f

Pressed=

CloseDoor

CloseDoor
CloseDoo
Pressed=f

Pressed=f Pressed=f

Figure6: Productautomatorfor the elevatorexample

first numbercorrespondgo the statenumberof the prop-
erty automatonfrom Figure 3 and the secondlabel corre-
spondsto the statelabel of the constraintautomatonfrom
Figure4. This is the productautomatorafter compaction,
sinceall statesin the full crossproductwith the constraint
automatonis in its violation statewere fusedinto a single
violation stateViol. Notethatmostof the transitionsto the
violation stateof theproductautomatorarenotshovnin the
interestsof clarity. Considerthe unexecutablepaththrough
theflow graphwherethetrue branchof thesecond f state-
mentis takenafterthefalse branchof thefirsti f statement.
Whenwe tracethis path, usingit to drive the productau-
tomatonin Figure6, thefollowing sequencef statetransi-
tionsis obsened. Fromtheinitial statemarked 1, unknown



the transitionon event Pressed=fis takento statel, false
After passinghroughthenodemarkedRecordState which
doesnot affect the productautomatonthe transitionon the
next eventin the executiontrace,Pressed=tleadsto the vi-
olation statefor the productautomatonyhich signifiesthat
this executiontracecorrespondso aninfeasiblepath.

[2] provescorvergenceof this algorithmto the minimal
fixed point andreportsthe analysiscompleity for concur
rent systemsas O(|S||N|?). In the worst casea task au-
tomatonneedsto be constructedor eachtask. Sincethe
numberof statesn ataskautomatoris linearin the number
of nodesin thecontrolflow graphfor thistask,it is obvious
thatthe propertyautomatorcaneasilybe exponentialin the
numberof tasksin theprogramwhich canmake theanalysis
intractable.

5 Tuple-basedAnalysis

In this sectionwe describethe more spaceefficient tuple-
basedversion.First we introducethe methodinformally by
suggestinghe partsof the product-basedersionthathave
to bemodified,andthenwe give a formal descriptiornof this
version.

We beagin by observingthatmostof the statesn thefull
productautomatorare not usedduring the actualanalysis.
Thusall thememorydedicatedo storingtheseunusedstates
andtheirtransitionds wasted.Thetuple-basedersionover-
comesthis problemby creatingandstoringonly thosecom-
binationsof productand constraintautomatathat are actu-
ally usedby theanalysis.

In this versionwe traverseall automateseparatelyaswe
traversethe TFG startingfrom its niniiay NOde. Initially all
property and constraintautomataare in their start states.
Whenanodeis traversedijts labelis matchedwith thetran-
sitions out of the currentstateof eachautomaton. If this
labelis in the alphabetof the propertyautomatonthe cor-
respondingransitionis taken, andthe propertyautomaton
changesstate. In the caseof a constraintautomaton,f a
transitionon the nodelabelleadsto the violation state,this
meanghatthepaththroughthe TFGthatis beingconsidered
is unexecutableandfurthertraversaldown this pathwill not
be continued.During dataflow analysisTFG nodesarean-
notatedwith setsof tuples,whereeachtuple consistsof a
statefrom the propertyautomatonandonestatefrom each
of the constraintautomata. The dataflow analysissystem
mustgeneratea tuple seton exit from eachnodeasa func-
tion of thetuple setsfoundat the exits of eachof thenodes
predecessorsif a generateduple hasat leastone of the
constraintautomatan the violation state the entiretupleis
removedfrom theanalysisasit correspond$o aninfeasible
executionof theprogram.

We now present formal definitionof tuple-base@naly-
sis. A tupleT is acollectionof onestatefrom eachautoma-

tonin theproblem.

T = (tp,tc,,tc,, - tc, ), Wheretp € Sp and
Vi<i<k:tc, € Sc;

Let7 bethesetof all possibletuples:

k

T ={(tp,toy,toy, - tan)ltr € Sp A \ (te: € Sc.)}
i=1

Theinitial tupleis thetupleTo = (Sp, 8¢y SCas -+ SCy, )-
We associate function f,, over tupleswith eachTFG
noden:
VT = (tp,tcl,tog, ...,t(;k) eT:
fn(T) = (th7tIC'17tICz7 "')tIC’k)a

where
tl — tp 7L(n) ¢ EP';
P dp(tp,L(n)) ,L(n) € Xp
7L(n) ¢ Eckv

t
Vlgigk,t'ckz{c’“

doy (tey,, L(n)) ,L(n) € B¢,

As in theproduct-basedersion,we generalizef,, to afunc-
tion over setsof tuplesfor eachTFG node:

Vn e NVX CT :¢p(X) =

{fn(T) = fn(tpatclatcza "'7tC’k)|
k

TeXA A(tCi 751)01')}

i=1

The lattice elementdor this dataflow problemare sets
of tuples,thejoin operationasin product-basednalysisjs
setunionU, andthe functionalspaceis basedon the setof
¢, functionsfor all TFG nodesn.

Oncethesolutionof ourdataflow problemcorvergesto a
fixedpoint,we needto look only attheendnodeof the TFG
to determinewvhetherthe propertyholds. But now thetuple-
basedversionis differentfrom the product-basedersion.
For eachtuplein njna We checkthe possiblevaluesof each
of its constraintautomatao seewhetherall of thesepossi-
ble statesare acceptingstates.If arny constraintautomaton
is left in a non-acceptingtate,we remove the entiretuple
from nina. We saythata propertyholdson all executions
of the programif all tuplesremainingin nsnq containonly
acceptingstatesof the propertyautomaton.

This approachof representingnformation propagated
aroundthe flow graphastuplesis reminiscentof K-Tuple
framavorksfrom [9]. An importantdistinctionis thateach
componenbf atuplein K-Tupleframenorkscorrespondso



aspecialedgekind in agraph.In ourapproachaneventas-
sociatedvith a TFG nodecanbepresentn alphabet®f se/-
eral constraintand propertyautomataandthus components
of tuplesarenot directly tied to disjoint setsof information
in theflow graph.

To illustratethe useof the tuple-basedersionto accu-
ragy improvementwe usethe sameexamplefrom Figure2
thatwe usedfor theproduct-basedersion.We usetheprop-
erty from Figure 3 andthe constraintautomatorfrom Fig-
ure 4. Figure5 shaws the TFG for this exampleannotated
with tuplesthat wereformedduring the tuple-basednaly-
sis. We considethetraversalof theunexecutablgoathwhere
thetrue branchof thesecond f statemenis takenafterthe
falsebranchof thefirsti f statement.

A tupleappearsext to thenodeif it is thetuplethatwas
obsened at the exit from this node. Note that on the entry
to thefirst flow graphnodeon thetrue branchof thesecond
i f statementmarked Pressed=tthe constraintautomaton
componentof the tuple is at statefalse and so the event
Pressed=triggersthe transitionto the violation state. This
meansthat the resultingtuple (1, Viol) will not be propa-
gatedbeyond the the node marked Pressed=t and so the
traversedpathis unexecutable Sincein all tuplesassociated
with the final nodethe propertyautomatons in accepting
statel, the propertyholdson all executionsof this program.

The tuple-basedversionis computationallynot much
more comple than the product-basedersion. The only
differencearisesfrom the differentprocedurefor checking
for constraintviolations. In the worst casethe compleity
of the tuple-basedersionis O(k|S||N| + |S||N|?), where
O(|S||N|?) is the compleity of propagatinguplesamong
thenodedn theTFG.O(k|S||N|) is thecompleity of com-
putingfunctionsf,, for all nodesin the TFG. It followsfrom
thefactthatanapplicationof afunction f,, to asingletuple
involvescomputingk + 1 transitionfunctions,andat each
TFG nodewe applyits function f,, to atmost|S| tuples.

Theuseof thetuple-basedersionalsohastheadwvantage
of beingmoreflexible. For example,it is possibleto check
severalpropertiesatthesametime usingthetuple-baseder-
sion, andto simultaneouslymprove the accurag of all the
analyseghroughthe useof the samesetof feasibility con-
straints. This is doneby simply extendingthe definition of
atuple to include multiple propertyautomatapnefor each
propertyto be checled. Notethatit would be possibleto en-
ablethe product-base@nalysisto checkseveral properties
at the sametime too, but this would be much more com-
plicatedas several kinds of acceptstateswould be needed
in orderto distinguishamongthe several propertyautomata
usedto synthesizéhe productautomaton.

6 Empirical Results

We analyzedprogram-specifiqropertiesof several small
concurrentprograms. For eachprogramwe selectedone
commonlyevaluatedproperty Thespecificatiorof theprop-
ertiesis omittedherefor lack of space.

Program Number of | Number of | Number of

tasks constraints | 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 ° >
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

] 12 15
Milner’s cyclic 4 8 152
scheduler 8 16 134

Figure7: Programsisedin the experiment

Theonly kindsof constraintaisedin this experimentare
taskandvariableautomatasincethey canbebuilt automat-
ically. For eachpossiblecombinationof constraintsve ran
eachof thetwo versionsof FLAVERSuntil theanalysegon-
cluded. Dependingon which constraintavereused,the re-
sults of theseanalyseawvere either conclusiye or inconclu-
sive. In this experimentwe do not carewhich, sincewe are
interestedn comparingperformanceof the two versionsin
eithercase.Figure7 identifiesall programsusedgiving the
numberof tasksin the program,the numberof constraints
available,andthe numberof experimentghat usedifferent
combination®f constraintsNotethatthenumberof experi-
mentsis lessthanthetotal numberof possiblecombinations
of constraintsincewe only includerunswherethe product-
basedversiondid not run out of memory The combined
numberof runsof eachof thetwo versiongfor all programs
is612.

In our experimentsve did notusea full productautoma-
ton, but ratheran automatorproducedby applyinga stan-
dardreductionalgorithm[7] andthentheheuristicsrom [3]
to the full productautomaton.To build this reducedprod-
uct automatonthe product-basedersionhasto construct
thefull cross-produotf all constraineindpropertyautomata
for theproblemandthenreduceit. Thus,it is thesizeof the
unreducedrersionof the productautomatorthatlimits the
problemswe canactuallysolve with the product-baseger
sion,butit is thesizesof thereducedroductautomatorihat
areactuallylistedin thetablesprovidedhere.

We reportthetime andspaceequirement$or theanaly-
sesasmeasuredby the UNIX time commancdbna DEC Al-
phaStation2004/233with 128megabytef physicalmem-



ory. Theabsolutevaluesof timeandspaceequirementsnay
seemstaggeringat first, but shouldbe easierto acceptin
light of two considerationsFirst, asnotedearliet the need
to model concurreng addsenormouslyto the compleity
of this problem,asit necessitatesxplicit representatioif
all possiblenterleavingsof the eventsin potentiallyconcur
renttasks. Second FLAVERS is a prototypeanalysistool,
whoseperformancédnasnotyetbeenfully optimized.In ary
case the subjectof this paperis not the raw valuesof these
requirementsbut ratherthe reductionsachieved by utiliza-
tion of thetuple-base@pproachWe areconfidenthatother
researctwill furtherreducetheseraw values.

Figure8 givesagraphicalcomparisorbetweerspacee-
guirementsfor the two versions. In this figure, product-

800000 T cpa-based

tuple-based

720000 +—

space, Mb

640000 T—

560000 T—

480000 T—

400000 +—

320000 T—

240000 T—

160000
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0

0 140 280 420 560 700 840 980 1120 1260 1400
CPA states

Figure8: Spaceequirementgsomparison

basedanalysigdatapointsaredenotedy trianglesandtuple-
basedanalysisdatapointsaredenotedy boxes. Thegraphs
for bothmethodshave beensmoothedy 3-mearsmoothing
to improvetheviewability of thepartsof thegraphghatrep-
resentsmall productautomatasizes.As is evidentfrom this

figure,andasexpectedthetuple-basedersionsignificantly
reduceshe spacerequirement®f FLAVERS andhencein-

creaseshe numberandtypesof analysisproblemsthatcan
behandledby thetool.

To seewherethe currentlimits of the tuple-basedrer-
sionlie, we ransereralanalysegor the gasstationandcon-
currentwriters programs,wherewe increasedhe number
of constraintaisedsimultaneouslySincethe product-based
versioncannothandleproblemsof this size, we estimated
thenumberof statesn the productautomatdor theseanaly-
ses.This comparisoris shavn in Figure9. Fromthisfigure
thereappearso be no apparentorrelationbetweernthedata
flow problemsize andthe spacerequirement®f the tuple-

Estimateof the number of prod- | Tuple-basedanalysis spacere-
uct automaton states 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 addedo theanalysismorepaths
throughthe flow graphmay be recognizedas unexecutable
andthusthe searchspaceis reduced. This apparenfprun-

ing of unexecutablepathsdoesnot seento be a clearfunc-

tion of ary obvious parametersf the analysisproblem. In

generalthe tuple-based/ersionseemgo handleprograms
whoseproductautomatawould be two to three ordersof

magnituddargerthanwhatcouldbe storedexplicitly.

750 1T cpa-based
tuple-based

time, sec
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450

375

300
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75

| | | | | | | | | |
0

0 140 280 420 560 700 840 980 1120 1260 1400
CPA states

Figure10: Time requirementgomparison

Figure 10 gives a graphical comparisonbetweenthe
speedf the two versions.Fromthis graphit is clearthat
improvementn spacerequirementsgor tuple-basednalysis
is not paid for by speeddegradation.It seemghatthetime
an analysistakesis of the sameorderof magnitudefor the
two versiondor all runs. Thisreflectsthefactthattheadded
compleity of tuple propagatiorthroughthe TFG, ascom-
paredto the propagatiorof statesor the productautomata,
is offsetby thetime it takesto precomputdhe productau-
tomaton. On average the tuple-based/ersionhasa better
time performancewith the meandifferencebeing —15.49
sec.



We performeda numberof statisticalanalysedo esti-
matethe statisticalsignificanceof our results. Theseanal-
ysessupportthe hypothesighat, assuminghormaldistribu-
tion of the sample for ary large-sizedsampleof Ada pro-
gramsboth spaceandtime requirements$or thetuple-based
versionwill be lower thanthosefor the product-baseder
sion. In addition,it turnsoutthattheratio betweerthespace
requirement®f the product-baseglersionandthe spacere-
qguirementsof the tuple-basedrersiongrows with increas-
ing the size of the dataflow problem. In otherwords,the
tuple-basedersionscaledetterthantheproduct-basedne.
A morecompletediscussiorof the resultsof this statistical
analysiscanbefoundin [11].

7 Conclusions

We have shavn how a carefully optimizedimplementation
of the FSA dataabstractiongansignificantlyreducespace
requirementgor compositedataflow analyseswhile atthe
sametime noticeablyimproving the speedof theseanaly-
ses. The experimentalresultswe obtainedindicatethatthe
implementatiorusingthe tuple-baseabstractiorcansolve
muchlargerdataflow problems.Thisversionalsoranfaster
presumablybecausehe additionalpropagationvork done
by thetuple-basedersionis offsetby thework this version
saresby notneedingo build the potentiallyenormousgprod-
uctautomatomrequiredby the product-basesersion.

We planto exploreanumberof directionsfor furtherim-
proving the performancef FLAVERS compositedataflow
analysis. For example,we shall evaluaterepresentingari-
ablessymbolically during statepropagationyemoving the
needto createand storevariableautomatais likely to im-
prove the analysisperformance We alsointendto comple-
mentthe basicdirection of this currentwork by exploring
waysto reducethe size of the TFG’s beinganalyzed.Cur
rently, we modelconcurreng with TFG’s thatcontainenor
mousnumbersof edgesneededo modelall possibleinter-
leavings of the statementsf paralleltasks.Needingto con-
siderall of theseedgesslows the analysisof suchprograms
considerably Partial order methods[4, 6, 13] may prove
usefulin addressindhis problemby reducingthe needfor
mary of theseedges.We expecttheseand otheroptimiza-
tions of compositeanalysisto improve both spaceandtime
requirement®f theanalysistherebyincreasingheapplica-
bility of this approachto a wider rangeof both concurrent
andsequentiaprograms.

We hopethatthis work draws attentionto the needto ex-
plore the balancebetweenthe practicalcompleity of flow
algorithmsandtherepresentatioof datathatthey use.This
paperdemonstratethat a shift in this balancecanincrease
the sizeof problemsthatcanbe solved by several ordersof
magnitude. This aloneshouldsene to greatlybroadenthe
scopeof effective applicability of dataflow analysis. The
significanceof thiswork seemgo usto go farther however.
We have alreadyindicatedthatthe compositedataflow anal-
ysis approachcanalsobe usedto solve multiple dataflow

analysigproblemssimultaneouslyThusourwork shavsthat
useof thetuple-base@pproactcanmateriallyfacilitatethe
solving of multiple problemssimultaneously Althoughwe
have conductedhis experimentn thecontect of FLAVERS,
we believe the resultsare more generaland canbe applied
to arangeof optimizationandanalysigproblemsthatutilize
dataflow analyses.
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