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Abstract. In this paperwe developa methodfor analysingandcomparingtheper-
formanceof different testingtechniquesfor concurrentsystems,anduseit to give
someevidencethatso-called“explorationtesting”findserrorsfasterthantraditional
testingbasedon testcases.To comparetestingmethods,we modelthesystemunder
testasastatespacewith aweightandcostassignedto eachtransition.Wedescribean
algorithmthatfindstheprobabilityandexpectedcostof reachingterminalstatesand
theprobabilityof reachingterminalstronglyconnectedcomponents.Fromthis infor-
mation,theprobabilitiesandexpectedcostsof finding errorsusingeachmethodcan
becomputed.A drawbackof our methodis that it is not feasiblefor arbitrarily large
systems,but, in return,it givesresultsmuchquicker andwith muchhigherprecision
thanpossibleby runningactualtests.We thenpresenta smallcasestudy, whereour
methodis appliedto comparetheefficiency of explorationtestingwith testcasesto
find a plantederrorfrom a simpleprotocol.

1 Intr oduction

Testingsoftwarecompletelyis impossible. Thus testingshouldbe organizedso that as
many errorsaspossiblearefound usingthe given limited resources.This is particularly
importantwhentrying to find errorsthatoccurinfrequently, which areespeciallycommon
in concurrentsystems.

Unfortunately, it is difficult to get information on the performanceof different ap-
proachesto testing. In this paper, we develop a methodfor that purpose,andapply it to
comparetraditionaltestcasesto so-calledexplorationtesting.A drawbackof our method
is thatit cannotbeusedfor realsystems,but only for their formal models.This is not cru-
cial, however, becauseourmethodis not meantfor testingitself, but for comparingtesting
techniques.An advantageof our methodis that,unlike comparisonof methodsby trying
them,it producespreciseandextensivenumericaldatawith asmallamountof work.

Traditionallysystemsaretestedusingshorttestcasesthat testthesystemonefeature
at a time. This methodis oftenalsoappliedto concurrentsystems.Becauseof timing and
schedulingissues,concurrentsystemsarenondeterministic.That is, executingthe same
testcaseagain canalter the outcome. Thusthe sametestcasecansometimesreveal an
errorandsometimesnot.

In an alternative approach,calledexplorationtesting[2], a testengineautomatically
roamsaroundthespecificationasit seesfit, generatingtestcaseson thefly. This method



continuesuntil anerroris foundor theresourcesareexhausted,thusproducingmuchlonger
testingrunsthanthetraditionalmethod.

Explorationtestingrequiresa formal modelof thespecification,whichcertainlylimits
thepossibleusesandincreasestheneedof highly trainedpersonnel.However, our feeling
is thatexplorationtestingis a potentiallyprofoundlymoreefficient way to testconcurrent
systemsthantestcasesare.Thereareessentiallytwo reasonsfor this. Explorationtesting
avoidstheneedfor runninginitializationandshutdown routinesagainandagain. Addition-
ally, explorationtestingcanchangewhat is beingtestedon thefly. An executionof a test
case,on the otherhand,canturn out fruitlessbecauseof theverdict “inconclusive”. The
verdictis causedby a legal but unexpectedresponsebecauseof nondeterminism.

It is interestingto try andobtainnumericalinformationontheefficiency of exploration
testing,especiallywhenthesystemundertestis concurrentandnondeterministic.To com-
pareexplorationtestingwith testcasebasedtesting,wedid a formalexperiment.Wewrote
a formalmodelof abrokenversionof thefamousalternatingbit protocol[1] togetherwith
a testingenvironment,andcomputednumericalresultsfrom it. The resultsareof three
kinds: the probability of finding an error whenexecutinga testcaseonce,the expected
amountof effort for findinganerrorby repeatingthetestcaseuntil anerroris detected,and
theexpectedamountof effort of runningexplorationtestinguntil anerroris found.

We usethe well-known notion of the statespaceof the system.The statespaceof a
concurrentsystemis a formal modelof its behaviour. It is a directedgraphwhosenodes
correspondto thestatesthesystemcanreachin any execution,andarcscorrespondto tran-
sitionsbetweenstates.Becauseof nondeterminism,thestatespaceusuallyhasstatesthat
have multiple outgoingtransitions,of which oneis chosenduringa systemrun. A choice
betweenalternative transitionsmay correspondto a “fundamental”choicelike selecting
betweenpassinga messagethrougha channelor losing it; or it may representdetailsof
schedulingor relative timing of events.

Both of thesephenomenacanbemodelledby giving eachtransitiona probabilitydis-
tribution function for the time beforeit is executedafter arriving in its begin state. Un-
fortunately, for mostrealsystemsthesefunctionswould bevery complex andleadusinto
problemsin theanalysis.Thereis, however, a simple,yet satisfyingprobabilitydistribu-
tion function,namelythenegative exponentialfunction. It is widely used,for example,in
stochasticPetrinets[4]. Thenegative exponentialfunctionleadsto assigningeachtransi-
tion aweight.

In ourmodel,theweightsareonly usedto modeltheprobabilitiesof differentchoices.
We alsousecosts.They canmodelexecutiontime or otherresourcesconsumedduringa
testrun. For instance,if we assigneachtransmissionrequestthecost1 andall othertran-
sitionsthecost0, the resultsreveal theexpectednumberof transmissionrequestsneeded
to find anerror. On theotherhand,theexpectednumberof lossesof messagesis foundby
makingthelosstransitionscost1 andothers0.

This paperintroducesan algorithmthat canbe usedto calculatethe probability of a
testrunrevealinganerror, providedthatwehaveamodelwith theappropriateweightsand
costs.It alsofindstheexpectedcostfor theexecution.

Appropriateweightsaredifficult to find. To compensatefor that,wedid ourexperiment
with a wide rangeof weightcombinations,andsoughtfor findingsthatarevalid for all of
them. They have thussomegeneralvalidity. Onemusttake into account,though,thatall
our resultswereobtainedwith only onesystemundertest. In this sensethe work in this
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paperis initial.
Therestof this paperis structuredasfollows. Section2 formalizestheconceptof the

statespaceaugmentedwith weightsandcosts. In Section3 we presentthealgorithmfor
performanceanalysisandSection4 shows how it canbe usedfor comparingthe perfor-
manceof testingmethods.Section5 containsa small casestudy, wherethe algorithmis
usedto compareexplorationtestingwith testcases.

2 Weight-CostTransition Systems

As wasmentionedin theintroduction,weuseastatespacemodelof thesystemandits test
environment. In additionto thestatesandtransitionsbetweenthem,we adda weightand
costto eachtransition.

In stochasticPetrinets[4], whentheexecutionarrivesto a state,eachtransitionhasa
negative exponentialdistribution for the time beforeit getsenabled.Thetransitionthat is
enabledfirst thengetsexecuted.Theexpectedmeanvalueof this distribution is calledthe
weight. It is the inverseof the singleparameterof the negative exponentialfunction. As
shown in [4], theprobabilityof executinga transitionthenbecomesits weightdividedby
thesumof all weightsof transitionsleaving from thestate.

Eachtransitionalsohasacost,whichcanrepresentany resourcethatweareinterested
in. For example,if we only want to know how many messageshave to besenton average
beforeanerroris found,wecansetthecostof sendingamessageto oneandall othercosts
to zero.

We normalizethe weightsof transitionsof eachstateso that they sumto one. After
this operationthe weightscanbe directly interpretedas the probability of executingthe
transitionafterarriving to thecorrespondingstate,which makesthecomputationssimpler.
Althoughour weightsdo affect relative timing of events,they do not containinformation
onexecutiontimesin absolutetimeunits.Theideais thatif suchinformationis of interest,
thecostscanbeusedto modelit.

Let usnow formalizeourmodelof thestatespace:

Definition 1 A weight-costtransitionsystem, WCTS,is a 7-tuple
�
S, T, B, E, C,

W, ŝ� , whereS is a setof states;T is a setof transitions;B andE arefunctions
T �� S, which definea begin andendstatefor eachtransition,respectively; C is a
functionT ���� 0 ��� ℜ 	 , which definesa costfor eachtransition;W is a function
T �� ℜ 	 , whichdefinesaweightfor eachtransition;andŝ 
 S is aninitial state.In
addition,theextracondition(weightnormalization)givenbelow musthold.

Let s bea statein a WCTS.Let usdenote� s �
� t 
 T � E �
t ��� s� andcorrespondigly

s���
� t 
 T � B � t ��� s� for thesetsof incomingandoutgoingtransitionsof s. A stateis a
terminalstateif f s��� /0. Theweightnormalizationconditionfor a WCTSis � s 
 S: s���
/0 � ∑t � s� W �

t ��� 1.
An executionof a WCTS is a sequenceof transitionst1t2t3 ����� tn suchthat B

�
t1 ��� ŝ

and � i;1 � i � n : E
�
ti ��� B

�
ti 	 1 � . The probability of a finite execution t1t2t3 ����� tn is

W
�
t1t2 ����� tn ��� W

�
t1 � W �

t2 � W �
t3 � ����� W �

tn � andthe costof the executionis C
�
t1t2 ����� tn �!�

C
�
t1 �#" C

�
t2 �#" C

�
t3 �#"$�����%" C

�
tn � .
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Thestatespacecanbedividedinto stronglyconnectedcomponents(SCCs).An SCCis
a maximalsetof statessuchthatany statein it canbereachedfrom any otherstatein it by
a sequenceof transitions.An SCCis terminal if theexecutioncannotleave theSCConce
thatit hasarrivedin it.

Let X be an SCC. We denotewith R
�
X � the set of thoseexecutionst1t2 ����� tn such

that E
�
tn �&
 X '(� i;1 � i � n : E

�
ti �*)
 X that is reachablefrom the initial state(for the

emptyexecutionwe replaceŝ for E
�
tn � in thedefinition). Theprobabilityof reachingX is

∑σ � R+ X , W �
σ � . Theexpectedcostis ∑σ � R+ X , C �

σ � W �
σ � .

3 The Algorithm

The algorithm is basedon repeatingthreedifferent operations,which make the WCTS
smallerwhile still preservingthe probability of the executionendingup in eachterminal
SCC.Additionally, eachoperationpreservesthecostsof reachingterminalstates.

The algorithm is analogousto and inspiredby the algorithm that is usedto convert
finite automatato regularexpressions[3]. For eachoperation,we mentionsomeimportant
qualitiesof the WCTS that they conserve. The detailsof the proofsarestraightforward
(anddull) probabilitycalculations,andareomitted.

We assumebelow thatP � �
S- T - B - E - C - W- ŝ� is aWCTS.

3.1 Removing Double Transitions

Let us assumethat . t1 - t2 
 T : t1 )� t2 ' B
�
t1 ��� B

�
t2 �/' E

�
t1 �!� E

�
t2 � . We call

�
t1 - t2 � a

doubletransition. They canbe combinedwith a simpleoperationwithout changingthe
probabilitiesandcostsof reachingdifferentstates.

Remove-double-tr(P, t1, t2) =�
S01- T 01- B01- E 01- C01- W 02- ŝ03� , where
* S0 � S,
* T 0 � T 45� t2 � ,
* � t 
 T 0 : B0 � t �6� B

�
t � ,

* � t 
 T 0 : E 0 � t �6� E
�
t � ,

* C0 � t1 �6� C + t1 , W + t1 , 	 C + t2 , W + t2 ,
W + t1 , 	 W + t2 , ,

* � t 
 T 0 45� t1 � : C0 � t ��� C
�
t � ,

* W 0 � t1 ��� W
�
t1 �#" W

�
t2 � ,

* � t 
 T 0745� t1 � : W 0 � t �6� W
�
t � ,

* ŝ08� ŝ.

Remove-double-tr(P, t1, t2) producesa WCTSthat, insteadof t1 andt2, only has
t1. Theweightandcostof t1 areupdatedsothatit representsthetwo transitionstogether.

Removing adoubletransition
�
t1 - t2 � with Remove-double-tr doesnotaffect theprob-

ability or costof reachingterminalSCCs.
An exampleof removing adoubletransitionis presentedin Fig. 1.
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Figure 1. Removing a doubletransition.Theoriginal is on theleft andtheresulton theright hand
side.

3.2 Removing Self-Loops

A transitionis aself-loopif andonly if B
�
t ��� E

�
t � . A self-loopcanberemovedif it is not

theonly transitionleaving from astate.Let tl beaself-loopandB
�
tl ��� E

�
tl ��� s. Now

Remove-self-loop(P, tl) =
�
S01- T 01- B01- E 09- C01- W 01- ŝ03� , where

* S0 � S,
* T 0 � T 45� tl � ,
* � t 
 T 0 : B0 � t �6� B

�
t � ,

* � t 
 T 0 : E 0 � t �6� E
�
t � ,

* � t 
 T 0 : C0 � t �6� :
C
�
t � " C

�
tl � W + tl ,

1 ; W + tl , - if t 
 s�
C
�
t �<- if t )
 s� ,

* � t 
 T 0 : W 0 � t ��� :
W + t ,

1 ; W + tl , - if t 
 s�
W
�
t �=- if t )
 s� ,

* ŝ08� ŝ.

Theoperatorupdatestheothertransitionsbeginningfrom thestatessothattheeffectof
tl is includedin them.Onaverage,tl will beexecuted

�
1 4 W

�
tl ��� ∑∞

i > 0 iW
�
tl � i � W

�
tl ��? � 1 4

W
�
tl ��� timesin arow beforechoosingsomeothertransitiont. SinceC

�
tl � W �

tl ��? � 1 4 W
�
tl �%�

is addedto thecostof t by theoperator, sotheaveragecostof theexecutioncomingto the
stateandthengoingoutusingthetransitiont remainsthesame.

Remove-self-loop doesnot affect the costsand probabilitiesof reachingterminal
SCCs,becausetl cannotbethelasttransitionof anelementof R

�
X � .

An exampleof removing aself-loopis presentedin Fig. 2.

3.3 Removing States

Theideaof removing astateis to replaceeachpairof anincomingandanoutgoingtransi-
tion with asingletransitionthatbypassesthestateto beremoved.

Therearethreepreconditionsthatastatemustmeetbeforeit canberemoved.First, the
initial stateshouldnot beremoved. Second,thestatemusthave at leastonetransitionout
to anotherstate.Finally, noself-loopsareallowedin thestate.

If a statefulfills the first two conditions,self-loopscan be removed as describedin
Section3.2. Thustheonly reachablestatesthatcannotberemovedaretheinitial stateand
suchstatesthatform a terminalSCCalone.
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Figure 2. Removing aself-loop.Originalon theleft andtheresulton theright handside.

Let us assumethat s is a statethat fulfills the preconditions.Additionally, let � s �� b1 - b2 -������%- bn � ands���@� e1 - e2 -������%- em � . Now

Remove-state(P, s) =
�
S01- T 01- B09- E 09- C01- W 02- ŝ0A� , where

* S08� S 4B� s� ,
* T 08� �

T 4 s��4C� s�#� Tnew, whereTnew �D� s E s� ,
* B0 � t �6�GF B

�
t �<- if t 
 T 074 Tnew

B
�
bi �<- if t � �

bi - ej ��
 Tnew
,

* E 0 � t ���GF E
�
t �=- if t 
 T 074 Tnew

E
�
ej �<- if t � �

bi - ej ��
 Tnew
,

* C0 � t ���GF C
�
t �<- if t 
 T 074 Tnew

C
�
bi �#" C

�
ej �<- if t � �

bi - ej ��
 Tnew
,

* W 0 � t ��� F W
�
t �=- if t 
 T 0H4 Tnew

W
�
bi � W �

ej �=- if t � �
bi - ej ��
 Tnew

and

* ŝ08� ŝ.

The operatorremovesthe transitionsin s� and � s andaddsa new transitionfor each
element

�
bi - ej � of � s E s� sothateachnew transitionbeginsfrom B

�
bi � andendsat E

�
ej � .

Eachnew transition
�
bi - ej � representsthepossibilityof first executingthetransitionbi and

thenthetransitionej . Thusits costbecomesthesumof thecostsof theoriginal transitions.
Theweightbecomestheproductof theoriginalweights.

Note that if � s is empty, the operatorwill simply remove the stateandall transitions
startingfrom it. This is correct,becausesuchans is unreachable.

This operationcanpossiblyaddnumerousnew transitions,which makesit potentially
time-consuming.

Theoperatordoesnot changetheprobabilityof reachingterminalSCCsor thecostof
reachingterminalstates.It maychangethecostof reachingsuchterminalSCCsthathave
transitions.This happenswhenever s is in a terminalSCC,B

�
bi � is not,andC

�
ej �&)� 0.

An exampleof removing astateis presentedin Fig. 3.

3.4 The CompleteAlgorithm

With thepreviouslydefinedoperators,acompletealgorithmcannow beformed.
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Figure 3. Removing a state.Themiddlestatefrom the left graphis removed. Theresultis on the
right handside.

Algorithm Reduce(P):

1. while adoubletransition
�
a - b� existsdo

P := Remove-double-tr(P, a, b)
2. while a removableself-loopl existsdo

P := Remove-self-loop(P, l)
3. if a removablestatesexiststhen

P := Remove-state(P, s)
gotostep1

Whenthe algorithmterminates,the only statesthat areleft arethe initial stateanda
singlestatefor eachterminalSCC.All transitionsthat are left areeither from the initial
stateto a staterepresentinga terminalSCCor self-loopsin sucha state.This canbeseen
asfollows.

If therewouldbea transitiont from astates 
 S 45� ŝ� sothatE
�
t �I)� s, scouldalways

beremoved. It followsthatall theotherstatesarereachablefrom theinitial stateby asingle
transition.

If therewould be two statess1, s2 thatbelongto thesameterminalSCC,thenoneor
theotherof themcouldbe removed,sincetherewould bea transitionasin thecondition
above. Thusthereareno transitionsbetweendifferentstatesexceptfrom theinitial state.

At leastonestateof eachterminalSCCremains. Whenthereis only onestatein a
terminalSCCleft, therecanbeno transitionsfrom it to anotherstateandthusit cannotbe
removed.Otherwiseit wouldeithernotbetheonly statein thatSCCor theSCCwouldnot
beterminal.

If thereis at leastoneotherstatebesidesthe initial state,the initial statecannothave
a self-loop,sinceit couldberemoved. If theinitial stateis theonly state,it representsthe
only terminalSCCandcanhavea self-loop.

Becauseeveryoperatorin thealgorithmconservestheprobabilitiesof reachingterminal
SCCs,theweightsof the transitionsthatstartfrom the initial statearetheprobabilitiesof
theexecutionresultingin thecorrespondingterminalSCCs.

Thecostof a transitionis not necessarilythecostof reachingtheterminalSCC.How-
ever, it is, if thecorrespondingstatehasno self-looptransition,or thecostof sucha tran-
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sition is zero.This is becausethenevery executionthatenterstheSCCandperhapsroams
aroundin it for afinite numberof stepshasthesamecost.

If a staterepresentinga terminalSCC hasa self-loopwith a cost greaterthanzero,
the cost of the transitionthat leadsto it is only an upperboundto the cost of reaching
the component.This is becausethe terminalSCCmay originally have hadloopsformed
by several states.Someof the costof looping insidethe terminalSCCmight have been
transmittedto the incoming transitionby the operationRemove-state. The algorithm
doesnot specifyin any way thatcalculatingthecostshouldbestoppedwhentheterminal
SCCis first reached.If needed,this canbedoneby suitablepreprocessingasdescribedin
Section4.

4 Using the Algorithm

As anexampleof theuseof thealgorithm,wecomparetheefficiency of explorationtesting
with testcasebasedtesting. The algorithmis by no meanslimited to that use. It canbe
used,for example,to comparetheefficiency of othertestingmethodsor eventheeffectivity
of singletestcases.

Westartby building two WCTSsthatmodelexecutingatestcaseagainstasystemwith
a plantederror, andexecutingexplorationtestingagainstthe samesystem.We shall call
theseWCTSsP andQ, respectively. Both of theWCTSsaredesignedso thatall activity
stopswhenthetestenvironmentannouncesanerror. ThuseachterminalSCCis actuallya
terminalstate.

Finding reasonableweights for the transitionsis a problematicissue. The weights
shouldsomehow representrealisticprobabilitiesof differentactionsandmodeltherelative
speedsof differentpartsof the whole system.However, if we canshow that onetesting
methodis moreefficient thantheotherfor a largerangeof weightcombinationsthatmost
likely containsall realisticcombinations,thenwe neednot know which precisecombina-
tionsarerealistic.This is exactly themethodwehave usedin thecasestudy.

Thestatespaceof P shouldbesuchthateachterminalSCCrepresentseitheranerror
or correctbehaviour. Sinceexplorationtestingterminatesonly afteranerroris found,each
terminalSCCof Q shouldrepresentanerror.

If we now executethealgorithmfor P, we gettheprobabilityof finding theerrorwith
oneexecutionof the testcase,the expectedcostof the correspondingexecutionandthe
expectedcostof anexecutionthatdoesnot find anerror. Fromtheseonecancomputethe
expectedcostof repeatingthe testuntil an error is found. Alternatively, onecould write
a WCTSthatcontainsa modelof a testenvironmentthat resetsthesystemundertestand
startsthe test run anew after eachtest run that fails to find an error. By executingthe
algorithmfor Q, we gettheexpectedcostof finding theerrorwith explorationtesting.

If morethanoneSCCcorrespondsto anerrorthentheir costsandprobabilitiescanbe
combinedin thesamestyleastheoperationRemove-double-tr of Section3.1does.The
sameappliesto multiple non-errorSCCs,of course.

Thecomputationalcomplexity of thealgorithmis polynomialbut nonlinear. Thenum-
ber of transitionscreatedby removing statescangrow in proportionto the squareof the
numberof states.Thoughtour implementationpartly preventsthis with someheuristics,
thealgorithmmight run into troublewith big statespaces.
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5 A CaseStudy: BrokenAlter nating Bit Protocol

Thealternatingbit protocolis a simpleprotocolfor transmittingmessagesover unreliable
channels[1]. In thiscasestudy, webreaktheprotocolby removing thealternatingbit from
the acknowledgementmessages.After this modificationthe protocolalwaysdeliversthe
first messagecorrectly, but might losemessagesafter that. Becauseof this, sendingthe
first messageservesin this exampleasaninitialization stepthatexplorationtestingavoids
repeating.

Wedividedthetransitionsof theprotocolinto six groupsandassumedthateachtransi-
tion in thesamegrouphasthesameweight,notdependingon thesystemstate.Thegroups
are

* Readingfrom achannel
* Losingamessagein achannel
* Acceptinginput from theuserof theprotocol
* Sendertimeout
* Othersendertransitions
* Otherreceiver transitions

The efficiency of exploration testingis evaluatedby building the statespaceso that
messagesaresentandreceivedforever. By runningthealgorithmwe thengetanaverage
costC0 for finding the error asthe costof the transitionthat leadsto the singleterminal
SCCthatrepresentsanerror.

A typical testcaseof thesystemwould consistof giving theprotocolsomemessages
to deliver. Sincea singlemessagecannotreveal theerror, thenumberof messagesshould
beat leasttwo. Whenwe build a statespacewheren messagesaresentandinput it to the
algorithm,we get theprobabilityof finding theerrorby (andtheaveragecostof) a single
run of a testcasethat tries to sendn messages.ThentheaveragecostCn of repeatingthe
testuntil anerroris foundis calculatedasdescribedin theprevioussection.

We ranthealgorithmto getC0 andCn for n � 2 ����� 7. To fight theproblemof choosing
realisticweightsthealgorithmwasrun for 10000randomweightcombinations(minimum
weight1, maximum999,evendistribution) for eachvalueof n, andthecorrespondingC0

for eachweightcombinationwasalsocalculated.
Thecostof eachtransitionwasalwayssetto 1, which meansthatwe wereonly inter-

estedin thetotalnumberof transitionstakenbeforetheerrorwasfound.
WeexaminedtheproportionCn ? C0, whichtellsushow quicklyexplorationtestingfinds

errorscomparedto repeatinga testcaseof lengthn.
The 25 % and75 % fractilesand the mediansof the proportionCn ? C0 for different

valuesof n arepresentedin Table1. Additionally, Fig. 4 shows the10 000randomweight
combinationsplottedso that theprobability to find theerrorwith two messagesis on the
horizontalaxisandtheproportionC2 ? C0 is on theverticalaxis.

Thetestcasesgetmoreefficientastheir lengthincreases,whichwasexpected.Mostof
our effort wasconcentratedon thecasen � 2. Thevaluesshow thatwith randomweights,
exploration testingfinds the implantederror in aboutone third of the time comparedto
runningshorttestcasesrepeatedly. As canbeseenin Fig 4, explorationtestingis, atworst,
morethantwiceasefficientastheshorttestcases.
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Table1. Themediansandsomefractilesof Cn J C0 for differentvaluesof n.

n 25 % fractile median 75 % fractile
2 2 K 3746 2 K 8031 3 K 8539
3 1 K 6120 1 K 7206 1 K 8728
4 1 K 3883 1 K 4366 1 K 4900
5 1 K 2793 1 K 3072 1 K 3351
6 1 K 2165 1 K 2363 1 K 2555
7 1 K 1765 1 K 1910 1 K 2055

We alsonoticedthat the proportionCn ? C0 getslargerasthe probability of losing the
messagein the channelsgetssmaller. This is goodnews for explorationtesting,sinceit
is easyto believe thatmostof themessagesgo throughin any realisticcase.However, no
explanationhasbeenfoundfor thisbehaviour asof yet. Thisphenomenoncanbeobserved
in Fig. 5, which shows the proportionC2 ? C0 as a function of the weight of losing the
messagewith thesame10000randomdatapoints.

For an exampleof this, let us considerthe casewherethe weightsof timeoutandof
losing the messageare 1, while the other weightsare 100. ThenC2 ? C0 L 143, which
is significantlylargerthanthetypical values.Theseweightsrepresentsmallprobabilityof
messagelossand(premature)timeout.Thusthey areclearlyamorerealisticweightcombi-
nationthanmostrandomweightcombinations,whichmakesthisanimportantobservation.
Ontheotherhand,theresultsarenotasimpressivefor longertestsequences:C7 ? C0 L 1 � 60
with theseweights.

More casestudiesareneededto find out whetherthesefiguresarerepeatedin other
systems.If explorationtestingprovesto be significantlymoreefficient thantestcasesin
realisticsystems,using it for examplefor regressiontestingof nondeterministicsystems
couldbring remarkablebenefits.
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Figure 4. Theefficiency of explorationtestingcomparedto testcasesof length2. 10 000random
weightcombinationsarepresented.Probabilityof erroronthehorizontalaxis,C2 J C0 onthevertical.
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Figure 5. Theefficiency of explorationtestingcomparedto testcasesof length2 asa functionof
the weight of losing the message.10 000 randomweight combinationsarepresented.Weight of
losingthemessageon thehorizontalaxis,C2 J C0 on thevertical.

6 Conclusions

Wedevelopedanalgorithmfor analyticallycalculatingtheprobabilitiesandcostsof reach-
ing differentterminalSCCsin a WCTS.The algorithmcanbe usedin multiple waysfor
performanceanalysisof terminatingexecutionsof formal modelsof concurrentsystems.
We thenshowedhow this algorithmcanbe appliedto analyzetheprobabilitiesandcosts
of differentresultswhenexecutinga testcaseagainstasystemmodelledwith WCTSs,and
thecostof explorationtesting.

Our approachrequiresthe useof a formal modelof the systemundertest. It is thus
applicablefor a limited numberof systems.On the otherhand,it producesresultsmuch
fasterandwith many moresignificantdigitsthanis possibleby actuallyconductingthetests
or simulatingtheir execution. For instance,whenthe error detectionprobability is 10; 5,
aswason theleft handsideof Fig.4,onemillion testrunsareneededto get just onedigit
by conductingthe tests. Furthermore,our methodallows for easyexperimentationwith
differentsystemparameters,suchaschannelerrorrate. It is thussuitablefor investigating
generalkind of phenomenarelatedto errordetectionprobabilitiesandcosts.

Onecan,of course,questiontheappropriatenessof theuseof thenegative exponential
distribution,andthevalidity of thechosenweights.Ontheotherhand,it seemsimpossible
to find out the “real” distributions in a real system. Our approachmakes it feasibleto
conducttheanalysiswith sowide a rangeof weightcombinationsthat it is plausiblethat
alsotheill-definedrealsituationis representedreasonablywell somewherein thedata.

The methodwas usedin a casestudy of a broken alternatingbit protocol to exam-
ine whetherexplorationtestingfinds errorsmoreefficiently thantestcases.We saw that
exploration testingwas clearly more efficient than short test cases,especiallywhen the
probabilityof losingthemessagewassmall.With longertestcases,thedifferencebecame
lesssignificant.

Theideaof usingthiskind of formalalgorithmfor analysingtheperformanceof testing
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methodsis new to our knowledge.Applying it to several largerandmorediversesystems,
especiallyto demonstratethe performanceeffectsof choosingwhat to teston-the-fly, is
beyoundthescopeof thispaper. A lot of work still remainsto bedonein thisarea.
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