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Abstract. In this paperwe develop a methodfor analysingandcomparingthe per
formanceof differenttestingtechniquedor concurrentsystemsand useit to give
someevidencethat so-called‘explorationtesting” finds errorsfasterthantraditional
testingbasedon testcases.To compareestingmethodswe modelthe systemunder
testasa statespacewith aweightandcostassignedo eachtransition.We describean
algorithmthatfindsthe probability andexpectedcostof reachingierminalstatesand
theprobability of reachingerminalstronglyconnectedomponentskFromthis infor-
mation,the probabilitiesandexpectedcostsof finding errorsusingeachmethodcan
be computed A drawbackof our methodis thatit is not feasiblefor arbitrarily large
systemsput, in return,it givesresultsmuchquicker andwith muchhigherprecision
thanpossibleby runningactualtests.We thenpresenta small casestudy whereour
methodis appliedto comparethe efficiengy of explorationtestingwith testcasego
find a plantederrorfrom a simpleprotocol.

1 Intr oduction

Testing software completelyis impossible. Thus testingshouldbe organizedso that as
mary errorsas possibleare found usingthe given limited resources.This is particularly
importantwhentrying to find errorsthatoccurinfrequently which areespeciallycommon
in concurrensystems.

Unfortunately it is difficult to get information on the performanceof different ap-
proachedo testing. In this paper we develop a methodfor that purpose andapply it to
compareraditionaltestcasego so-calledexplorationtesting. A dravbackof our method
is thatit cannotbe usedfor real systemsput only for their formal models.Thisis not cru-
cial, however, becaus®ur methodis not meantfor testingitself, but for comparingtesting
techniques An advantageof our methodis that, unlike comparisorof methodsby trying
them.,it producegreciseandextensve numericaldatawith a smallamountof work.

Traditionally systemsaretestedusingshorttestcaseghattestthe systemonefeature
atatime. This methodis oftenalsoappliedto concurrensystems Becausef timing and
schedulingissues,concurrentsystemsare nondeterministic. Thatis, executingthe same
testcaseagain canalter the outcome. Thusthe sametest casecan sometimegeveal an
errorandsometimesot.

In an alternatve approachgcalled explorationtesting[2], a testengineautomatically
roamsaroundthe specificationasit seedit, generatingestcaseson thefly. This method



continuesuntil anerroris foundor theresourcesreexhaustedthusproducingmuchlonger
testingrunsthanthetraditionalmethod.

Explorationtestingrequiresa formal modelof the specificationwhich certainlylimits
the possibleusesandincreaseshe needof highly trainedpersonnelHowever, our feeling
is thatexplorationtestingis a potentiallyprofoundlymoreefficient way to testconcurrent
systemdhantestcasesare. Thereareessentiallytwo reasondgor this. Explorationtesting
avoidstheneedfor runninginitialization andshutdavn routinesagain andagain. Addition-
ally, explorationtestingcanchangewhatis beingtestedon thefly. An executionof atest
case,on the otherhand,canturn out fruitlessbecausef the verdict “inconclusive”. The
verdictis causedy alegal but unexpectedresponsdecaus@f nondeterminism.

It is interestingto try andobtainnumericalinformationontheefficiency of exploration
testing,especiallywhenthe systemundertestis concurrenaandnondeterministicTo com-
pareexplorationtestingwith testcasebasedesting,we did aformal experiment.We wrote
aformalmodelof a brokenversionof thefamousalternatingpit protocol[1] togethemwith
a testingernvironment,and computednumericalresultsfrom it. The resultsare of three
kinds: the probability of finding an error when executinga testcaseonce, the expected
amountof effort for findinganerrorby repeatinghetestcaseuntil anerroris detectedand
the expectedamountof effort of runningexplorationtestinguntil anerroris found.

We usethe well-known notion of the statespaceof the system. The statespaceof a
concurrensystemis a formal modelof its behaiour. It is a directedgraphwhosenodes
correspondo the stateghe systemcanreachin ary execution,andarcscorrespondo tran-
sitionsbetweerstates.Becausef nondeterminismthe statespaceusually hasstateshat
have multiple outgoingtransitions,of which oneis chosenduringa systemrun. A choice
betweenalternative transitionsmay correspondo a “fundamental”choicelik e selecting
betweenpassinga messagéhrougha channelor losing it; or it may representletailsof
schedulingpr relative timing of events.

Both of thesephenomen&anbe modelledby giving eachtransitiona probability dis-
tribution function for the time beforeit is executedafter arriving in its begin state. Un-
fortunately for mostreal systemghesefunctionswould be very complex andleadusinto
problemsin the analysis. Thereis, however, a simple,yet satisfyingprobability distribu-
tion function,namelythe negative exponentialfunction. It is widely used,for example,in
stochastidPetrinets[4]. The nggative exponentialfunctionleadsto assigningeachtransi-
tion aweight.

In our model,theweightsareonly usedto modelthe probabilitiesof differentchoices.
We alsousecosts. They canmodelexecutiontime or otherresourcegonsumediuringa
testrun. For instancejf we assigneachtransmissiomequesthe costl1 andall othertran-
sitionsthe costO0, the resultsreveal the expectednumberof transmissiorrequestseeded
to find anerror. Onthe otherhand,the expectednumberof lossesof messagess foundby
makingthelosstransitionscost1 andothers0.

This paperintroducesan algorithmthat can be usedto calculatethe probability of a
testrunrevealinganerror, providedthatwe have amodelwith theappropriateveightsand
costs.It alsofindsthe expectedcostfor the execution.

Appropriateweightsaredifficult to find. To compensatéor that,we did our experiment
with a wide rangeof weightcombinationsandsoughtfor findingsthatarevalid for all of
them. They have thussomegeneralvalidity. Onemusttake into accountthough,thatall
our resultswere obtainedwith only one systemundertest. In this sensehe work in this



paperis initial.

Therestof this paperis structuredasfollows. Section2 formalizesthe conceptof the
statespaceaugmentedvith weightsandcosts. In Section3 we presenthe algorithmfor
performanceanalysisand Section4 shawvs how it canbe usedfor comparingthe perfor
manceof testingmethods.Section5 containsa small casestudy wherethe algorithmis
usedto comparexplorationtestingwith testcases.

2 Weight-CostTransition Systems

As wasmentionedn theintroduction,we usea statespacanodelof the systemandits test
ervironment. In additionto the statesandtransitionsbetweerthem,we adda weightand
costto eachtransition.

In stochastidPetrinets[4], whenthe executionarrivesto a state,eachtransitionhasa
negative exponentialdistribution for the time beforeit getsenabled.Thetransitionthatis
enabledirst thengetsexecuted.The expectedmeanvalueof this distributionis calledthe
weight. It is theinverseof the single parametenf the negative exponentialfunction. As
shaown in [4], the probability of executinga transitionthenbecomests weightdivided by
thesumof all weightsof transitiondeaving from the state.

Eachtransitionalsohasa cost,which canrepresenary resourcghatwe areinterested
in. For example,if we only wantto know how mary messagebave to be senton average
beforeanerroris found,we cansetthe costof sendinga messagéo oneandall othercosts
to zero.

We normalizethe weightsof transitionsof eachstateso thatthey sumto one. After
this operationthe weightscan be directly interpretedas the probability of executingthe
transitionafterarriving to the correspondingtate which makesthe computationsimpler
Although our weightsdo affect relative timing of events,they do not containinformation
onexecutiontimesin absolutdime units. Theideais thatif suchinformationis of interest,
the costscanbe usedto modelit.

Let usnow formalizeour modelof the statespace:

Definition 1 A weight-costransitionsystemWCTS,isa7-tuple(S T, B, E, C,
W, §), whereSis a setof states;T is a setof transitions;B andE are functions
T — S which definea begin andendstatefor eachtransition,respectiely; C is a
function T — {0} U O, which definesa costfor eachtransition;W is a function
T — O™, which definesaweightfor eachtransition;and$ € Sis aninitial state.In
addition,the extra condition(weightnormalization)given belov musthold.

Let sbea statein aWCTS. Let usdenotess= {t € T |E(t) = s} andcorrespondigly
se = {t € T|B(t) = s} for the setsof incomingandoutgoingtransitionsof s. A stateis a
terminal stateiff se = 0. Theweightnormalizationconditionfor aWCTSisVse S: se =
OV Siesa W(t) = 1.

An executionof a WCTS is a sequencef transitionststats - - - t, suchthatB(t1) = §
andVi;1 <i < n:E() =B(t1). The probability of a finite executiontitats---t, is
W(titz---th) = W(t1)W(t2)W(ts) ...W(tn) andthe costof the executionis C(tity---tp) =
C(tl) -|—C(t2) +C(t3) +... +C(tn).



The statespacecanbedividedinto stronglyconnectedomponent$SCCs).An SCCis
amaximalsetof statessuchthatary statein it canbereachedrom ary otherstatein it by
asequencef transitions.An SCCis terminalif the executioncannotieave the SCConce
thatit hasarrivedin it.

Let X be an SCC. We denotewith R(X) the setof thoseexecutionstity---t, such
thatE(t)) € XAVi;1<i<n:E(t) ¢ X thatis reachabldrom the initial state(for the
emptyexecutionwe replaces for E(t,) in the definition). The probability of reachingX is
> oerx) W(0). Theexpectedcostis § gerix) C(0)W(0).

3 The Algorithm

The algorithmis basedon repeatingthree different operationswhich make the WCTS
smallerwhile still preservingthe probability of the executionendingup in eachterminal
SCC.Additionally, eachoperationpreseresthe costsof reachingterminalstates.

The algorithmis analogougo and inspiredby the algorithmthat is usedto convert
finite automatao regularexpressiong3]. For eachoperationwe mentionsomeimportant
qualitiesof the WCTS that they consere. The detailsof the proofs are straightforvard
(anddull) probability calculationsandareomitted.

We assuméelow thatP = (S T,B,E,C,W,$) isaWCTS.

3.1 Removing Double Transitions

Let usassumeahatdt;,t; € T : t1 # t2 AB(t1) = B(t2) AE(t1) = E(t2). We call (t1,t2) a
doubletransition They canbe combinedwith a simple operationwithout changingthe
probabilitiesandcostsof reachingdifferentstates.

Remove-double-tr (P, t, ty) =
(S, T7',B,E',C',W',§), where
* g — S
* T =T-{t},
* VteT':B/(t)=Bt),
* Ve T E'(t) =E(),
* Clty) = C(tl)wgigi\?v(ztzz))\/v(tz)’
* Ve T —{t1}:C'(t) =C(t),
* W (t1) = W(t1) + W(tp),
* Ve T —{t1} : W/(t) =W(t),
* §=8

Rermove-doubl e-tr (P, t;, t) producesa WCTSthat,insteadof t; andt,, only has
t;. Theweightandcostof t; areupdatedsothatit representshe two transitionstogether

Remawing adoubletransition(t, t2) with Remove- doubl e- t r doesnotaffecttheprob-
ability or costof reachingterminal SCCs.

An exampleof removing adoubletransitionis presentedn Fig. 1.



5,0.2

— ® @

3.8,0.5
3,0.3

2,05 2,05

Figure 1. Remwing adoubletransition. The original is on theleft andtheresulton theright hand
side.

3.2 Removing Self-Loops

A transitionis a self-loopif andonly if B(t) = E(t). A self-loopcanberemovedif it is not
theonly transitionleaving from a state.Lett; beaself-loopandB(t;) = E(t) =s. Now

Renove-sel f-1o00p(P, t) =(S,T’,B,E',C',W',§), where

* SZS,
T =T—{t},
* Ve T/ B(t) = B(t),
*Wte T E'(t)=E(t),
W)
SERECORS Rt (O
W)
* VtET’:W’(t): T—W(t)’ |ft€50 ,
W(t), ift se
* §=8

Theoperatoupdategheothertransitionseginningfrom thestates sothattheeffect of
| isincludedin them.Onaveraget; will beexecuted 1—W(t))) 372 oiW (L) =W(t)/(1—
W(t))) timesin arow beforechoosingsomeothertransitiont. SinceC(t) )W(t)/(1-W(t))
is addedto the costof t by the operatorsothe averagecostof the executioncomingto the
stateandthengoingout usingthetransitiont remainshe same.

Remove- sel f-1 oop doesnot affect the costsand probabilitiesof reachingterminal
SCCsbecausé cannotbethelasttransitionof anelementof R(X).

An exampleof removing a self-loopis presentedn Fig. 2.

3.3 Removing States

Theideaof remaoving a stateis to replaceeachpair of anincomingandanoutgoingtransi-
tion with a singletransitionthatbypasseshe stateto beremoved.

Therearethreepreconditionghata statemustmeetbeforeit canberemoved. First, the
initial stateshouldnot beremoved. Secondthe statemusthave at leastonetransitionout
to anotherstate.Finally, no self-loopsareallowedin the state.

If a statefulfills the first two conditions,self-loopscan be removed as describedn
Section3.2. Thusthe only reachablestateghatcannotbe removed aretheinitial stateand
suchstateghatform aterminalSCCalone.
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Figure 2. Remaing a self-loop.Original on theleft andtheresulton theright handside.

Let us assumethat s is a statethat fulfills the preconditions. Additionally, let es =
{b1,b,...,bn} andse = {ey,e,...,en}. Now

Renove-state(P, s) =(S,T',B,E',C',W',§), where
* 8 =S—{s},
* T' = (T — se —eS) U Thay, WhereT,gy = eSX Se,
. B,(t):{ B(t), ifte T — Thew
B(bi), ift= (bi,Ej) € Thay '
E’(t)—{ E(t), ?fteT’—Tne,\, ,
E(g)), ift = (bi,ej) € Thaw

*

s C(t), ifteT — Thew
c'(t) = { C(bi)-l-C(ej), ift:(biaej)ETneN ’
o) — W(t), ift € T' — Thew
()_{W(bi)W(ej), ift = (bi,ej) € Thew
* §=8

*

and

2

The operatorremovesthe transitionsin se and es andaddsa new transitionfor each
element(b;, e;) of esx se sothateachnew transitionbeginsfrom B(b;) andendsatE(e;).
Eachnew transition(b;, ej) representshe possibility of first executingthetransitionb; and
thenthetransitione;. Thusits costbecomeshe sumof the costsof theoriginal transitions.
Theweightbecomeghe productof the original weights.

Notethatif esis empty the operatorwill simply remove the stateandall transitions
startingfromit. Thisis correct,becausesuchansis unreachable.

This operationcanpossiblyaddnumerousew transitionswhich malesit potentially
time-consuming.

The operatordoesnot changethe probability of reachingterminal SCCsor the costof
reachingterminalstates.lt may changethe costof reachingsuchterminalSCCsthathave
transitions.This happensvheneersis in aterminalSCC,B(by;) is not,andC(e;) # 0.

An exampleof removing a stateis presentedn Fig. 3.

3.4 The CompleteAlgorithm

With the previously definedoperatorsa completealgorithmcannow beformed.
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Figure 3. Remaring a state. The middle statefrom the left graphis removed. Theresultis onthe
right handside.

Algorithm Reduce(P) :

1. while adoubletransition(a, b) existsdo
P :=Renove-double-tr(P, a b)

2. while aremovableself-loopl existsdo
P :=Renove-sel f-1oop(P, I)

3. if aremovablestates existsthen
P :=Renove-state(P, 9
gotostepl

Whenthe algorithmterminatesthe only statesthat areleft arethe initial stateanda
single statefor eachterminal SCC. All transitionsthat areleft are eitherfrom the initial
stateto a staterepresenting terminal SCCor self-loopsin sucha state.This canbe seen
asfollows.

If therewould beatransitiont from a states € S— {§} sothatE(t) # s, scouldalways
beremoved. It followsthatall theotherstatesarereachabldérom theinitial stateby asingle
transition.

If therewould betwo statess;, s, thatbelongto the sameterminal SCC,thenoneor
the otherof themcould be removed, sincetherewould be a transitionasin the condition
above. Thusthereareno transitionsbetweerdifferentstatesexceptfrom theinitial state.

At leastone stateof eachterminal SCCremains. Whenthereis only one statein a
terminal SCCleft, therecanbeno transitionsfrom it to anotherstateandthusit cannotbe
removed. Otherwiset would eithernot bethe only statein that SCCor the SCCwould not
beterminal.

If thereis at leastone otherstatebesidegheinitial state,theinitial statecannothave
a self-loop,sinceit couldberemoved. If theinitial stateis the only state,it representshe
only terminalSCCandcanhave a self-loop.

Becauseveryoperatoin thealgorithmconserestheprobabilitiesof reachingerminal
SCCs,theweightsof the transitionsthatstartfrom the initial statearethe probabilitiesof
the executionresultingin the correspondingerminalSCCs.

The costof atransitionis not necessarilyhe costof reachingtheterminal SCC.How-
ever, it is, if the correspondingtatehasno self-looptransition,or the costof suchatran-



sitionis zero. Thisis becaus¢henevery executionthatentershe SCCandperhapsoams
aroundin it for afinite numberof stepshasthe samecost.

If a staterepresentinga terminal SCC hasa self-loopwith a costgreaterthan zero,
the cost of the transitionthat leadsto it is only an upperboundto the cost of reaching
the component.This is becausehe terminal SCC may originally have hadloopsformed
by several states. Someof the costof looping inside the terminal SCC might have been
transmittedto the incoming transitionby the operationRenove- st ate. The algorithm
doesnot specifyin any way that calculatingthe costshouldbe stoppedvhentheterminal
SCCis first reachedIf neededthis canbe doneby suitablepreprocessingsdescribedn
Sectiord.

4 Usingthe Algorithm

As anexampleof the useof thealgorithm,we compareheefficiency of explorationtesting
with testcasebasedesting. The algorithmis by no meandimited to thatuse. It canbe
used for example to compareheefficiency of othertestingmethodwor eventhe effectivity
of singletestcases.

We startby building two WCT Ssthatmodelexecutingatestcaseagainsta systemwith
a plantederror, and executingexplorationtestingagainstthe samesystem. We shall call
theseWCTSsP andQ, respectiely. Both of the WCTSsaredesignedsothatall activity
stopswhenthetestervironmentannouncesnerror. ThuseachterminalSCCis actuallya
terminalstate.

Finding reasonableveightsfor the transitionsis a problematicissue. The weights
shouldsomehwv representealisticprobabilitiesof differentactionsandmodeltherelative
speedsf differentpartsof the whole system. However, if we canshav that onetesting
methodis moreefficient thanthe otherfor alarge rangeof weightcombinationghatmost
likely containsall realisticcombinationsthenwe neednot know which precisecombina-
tionsarerealistic. This is exactly the methodwe have usedin the casestudy

The statespaceof P shouldbe suchthateachterminal SCCrepresentgitheran error
or correctbehaiour. Sinceexplorationtestingterminatesnly afteranerroris found,each
terminal SCCof Q shouldrepresenanerror.

If we now executethe algorithmfor P, we getthe probability of finding the errorwith
one executionof the testcase,the expectedcostof the correspondingexecutionandthe
expectedcostof anexecutionthatdoesnot find anerror. Fromtheseonecancomputethe
expectedcostof repeatingthe testuntil an erroris found. Alternatively, one could write
a WCTSthat containsa modelof a testervironmentthatresetghe systemundertestand
startsthe testrun anev after eachtestrun that fails to find an error. By executingthe
algorithmfor Q, we getthe expectedcostof finding the errorwith explorationtesting.

If morethanoneSCCcorresponds$o anerrorthentheir costsandprobabilitiescanbe
combinedin the samestyle asthe operationRenove- doubl e-t r of Section3.1does.The
sameappliesto multiple non-errorSCCs,of course.

The computationatompleity of the algorithmis polynomialbut nonlinear Thenum-
ber of transitionscreatedby removing statescangrow in proportionto the squareof the
numberof states. Thoughtour implementatiorpartly preventsthis with someheuristics,
thealgorithmmightruninto troublewith big statespaces.



5 A CaseStudy: Broken Alter nating Bit Protocol

Thealternatingbit protocolis a simple protocolfor transmittingmessagesver unreliable
channelg1]. In this casestudy we breakthe protocolby removing the alternatingbit from
the acknavledgemenimessagesAfter this modificationthe protocol always deliversthe
first messageorrectly but might lose messagesfter that. Becauseof this, sendingthe
first messagsenesin this exampleasaninitialization stepthatexplorationtestingavoids
repeating.

We dividedthetransitionsof the protocolinto six groupsandassumedhateachtransi-
tion in thesamegrouphasthe sameweight,notdependingn the systemstate.Thegroups
are

* Readingfrom achannel

* Losingamessagén achannel

* Acceptinginput from the userof the protocol
* Sendetimeout

* QOthersendetransitions

* QOtherrecevertransitions

The efficiengy of explorationtestingis evaluatedby building the statespaceso that
messagearesentandrecevedforever. By runningthe algorithmwe thengetanaverage
costCy for finding the error asthe costof the transitionthat leadsto the singleterminal
SCCthatrepresentsnerror.

A typical testcaseof the systemwould consistof giving the protocolsomemessages
to deliver. Sincea singlemessageannotrevealthe error, the numberof messageshould
beatleasttwo. Whenwe build a statespacevheren messagearesentandinputit to the
algorithm,we getthe probability of finding the error by (andthe averagecostof) a single
run of atestcasethattriesto sendn messagesThenthe averagecostC, of repeatinghe
testuntil anerroris foundis calculatedasdescribedn the previoussection.

We ranthealgorithmto getCqy andC,, for n=2...7. To fight the problemof choosing
realisticweightsthealgorithmwasrun for 10 000 randomweightcombinationgminimum
weight1, maximum999, evendistribution) for eachvalueof n, andthe correspondingzg
for eachweightcombinationwasalsocalculated.

The costof eachtransitionwasalwayssetto 1, which meanghatwe wereonly inter-
estedn thetotal numberof transitiongaken beforethe errorwasfound.

We examinedtheproportionC,/Co, whichtellsushow quickly explorationtestingfinds
errorscomparedo repeatingatestcaseof lengthn.

The 25 % and 75 % fractiles and the mediansof the proportionC,/Cy for different
valuesof n arepresentedn Tablel. Additionally, Fig. 4 shavs the 10 000 randomweight
combinationglotted so that the probability to find the errorwith two messagess on the
horizontalaxisandthe proportionC,/Cy is ontheverticalaxis.

Thetestcasegetmoreefficientastheirlengthincreasesywhich wasexpected.Most of
our effort wasconcentrate@n the casen = 2. Thevaluesshav thatwith randomweights,
exploration testingfinds the implantederror in aboutonethird of the time comparedo
runningshorttestcasesepeatedlyAs canbeseenn Fig 4, explorationtestingis, atworst,
morethantwice asefficientasthe shorttestcases.



Table 1. Themediansandsomefractilesof C,/Cy for differentvaluesof n.

25 % fractile| median 75 % fractile
23746 |2.8031| 3.8539
1.6120 |1.7206| 1.8728
1.3883 |1.4366| 1.4900
1.2793 |1.3072| 1.3351
1.2165 |1.2363| 1.2555
1.1765 |1.1910| 1.2055

~NOoO ok WNS

We alsonoticedthat the proportionC,, /Cy getslarger asthe probability of losing the
messagén the channelgyetssmaller This is goodnews for explorationtesting,sinceit
is easyto believe thatmostof the messagego throughin ary realisticcase.However, no
explanationhasbeenfoundfor this behaiour asof yet. This phenomenoranbe obsened
in Fig. 5, which shaws the proportionC,/Cy as a function of the weight of losing the
messagavith the samel0 000randomdatapoints.

For an exampleof this, let us considerthe casewherethe weightsof timeoutand of
losing the messageare 1, while the other weightsare 100. ThenC,/Cp = 143, which
is significantlylargerthanthe typical values.Theseweightsrepresensmall probability of
messagéossand(prematurejimeout. Thusthey areclearlyamorerealisticweightcombi-
nationthanmostrandomweightcombinationsyhich makesthis animportantobsenation.
Ontheotherhand theresultsarenotasimpressie for longertestsequencesC; /Cop = 1.60
with theseweights.

More casestudiesare neededo find out whetherthesefiguresare repeatedn other
systems.If explorationtestingprovesto be significantly more efficient thantestcasedn
realistic systemsusingit for examplefor regressiontestingof nondeterministicsystems
couldbring remarkablebenefits.

10° 10° 10" 10° 107 10™ 10°

Figure 4. The efficiency of explorationtestingcomparedo testcasef length2. 10 000random
weightcombinationsrepresentedProbabilityof erroronthehorizontalaxis,Cy /Cy onthevertical.
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Figure 5. Theefficiengy of explorationtestingcomparedo testcaseof length2 asa function of
the weight of losing the message 10 000 randomweight combinationsare presented Weight of
losingthe messagen the horizontalaxis,Cy/Cy onthevertical.

6 Conclusions

We developedanalgorithmfor analyticallycalculatingthe probabilitiesandcostsof reach-
ing differentterminal SCCsin a WCTS. The algorithmcanbe usedin multiple waysfor
performanceanalysisof terminatingexecutionsof formal modelsof concurrentsystems.
We thenshaved how this algorithmcanbe appliedto analyzethe probabilitiesand costs
of differentresultswhenexecutingatestcaseagainsta systemmodelledwith WCTSs,and
the costof explorationtesting.

Our approachrequiresthe useof a formal modelof the systemundertest. It is thus
applicablefor a limited numberof systems.On the otherhand,it producegesultsmuch
fasterandwith mary moresignificantdigitsthanis possibleby actuallyconductinghetests
or simulatingtheir execution. For instance whenthe error detectionprobability is 10,
aswason theleft handsideof Fig.4,onemillion testrunsareneededo getjust onedigit
by conductingthe tests. Furthermore pur methodallows for easyexperimentationwith
differentsystemparameterssuchaschannelerrorrate. It is thussuitablefor investigating
generakind of phenomenaelatedto errordetectionprobabilitiesandcosts.

Onecan,of course guestionthe appropriatenessf the useof the negative exponential
distribution, andthevalidity of thechosenveights.Ontheotherhand,it seemsmpossible
to find out the “real” distributionsin a real system. Our approachmakesit feasibleto
conductthe analysiswith sowide a rangeof weightcombinationghatit is plausiblethat
alsotheill-definedrealsituationis representedeasonablyvell someavherein thedata.

The methodwas usedin a casestudy of a broken alternatingbit protocolto exam-
ine whetherexplorationtestingfinds errorsmore efficiently thantestcases.We saw that
exploration testingwas clearly more efficient than short test casesespeciallywhen the
probability of losingthe messagevassmall. With longertestcasesthe differencebecame
lesssignificant.

Theideaof usingthiskind of formalalgorithmfor analysingheperformancef testing

11



methodss new to our knowledge.Applying it to severallargerandmorediversesystems,
especiallyto demonstratehe performanceeffects of choosingwhat to teston-the-fly is
beyoundthe scopeof this paper A lot of work still remaingto be donein this area.
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