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Abstract

Previousstudiesof programvisualizatiorhavegeneally
failed to provide corvincing supportfor the bene ts of al-
gorithmanimationin promotingthe undesstandingof com-
putations. This paperpresentsa studyin which the useof
programvisualizationresultedn signi cantly betterunder
standingof a distributedcomputation.Understandingwas
measued in termsof the numberof correct responseso
guestionsabout the algorithm. The ervironmentusedin
this study differs from that of previous studiesin a num-
ber of aspectsjt combineghe useof distributedalgorithm
visualization,3-D visualization,and legends. In addition,
thedesignof boththeexperimentandanimationfocusedn
reducingcognitive noise

1. Intr oduction

Algorithm animation,alsoreferredto as programvisu-
alization', is a graphicalrepresentatiof an algorithmor
programthat dynamically changesas the algorithm runs.
The mainrole of suchvisualizationsis to provide insight
into the behavior of the algorithm andto assistsusersin
understandinghat algorithm. Despitethe high expecta-
tions of the visualizationcommunity and a warm recep-
tion from users programvisualizationhasfailedto demon-
strateits usefulnessn mostempirical studies. The results
of the studieshave beenmixed, with slightly betterresults
recordedin situationsin which algorithm animationwas
employed, andwith only a few experimentsthat reported
a signi cant differencein performancebetweenvisualiza-
tion and non-visualizatiorsettings[2, 4, 5, 6, 7, 9]. The
variationsin the resultsshow, at the least,that evaluation
of algorithmanimationis complex and that not enoughis

1In somepublications programvisualizationis consideredo denotea
researclareathatis eitherdifferentfrom or inclusive of algorithmanima-
tion. For the purposeof this presentationthe two termsareregardedas
synoryms.

yet known aboutthe factorsthat affect the effectivenessof
programvisualization.

A hint aboutthefactorsthatattenuateary potentialgain
of animationcan be found by consideringhow visualiza-
tion works. Bertin [1] identi es two usesfor visualization
and graphicsin general: as a fastmediumfor corveying
informationandasthe graphicalmeansfor solvinglogical
problems. Scaifeand Rogers[8] treatvisualizationin the
contet of cognitive theoryand considerit to be a form of
externalcognition,in whichinformationandprocessingre
off-loadedfrom the humanbrain ontoanoutsidemedium.

In this paperwe assumehatthesepointsof view areap-
plicableto programanimation which impliesthatary fac-
tor thatincreasegognitive load hasthe potentialto offset
or evencancelthe bene ts of visualization. Thus,to accu-
rately measurethe contribution of algorithm animationin
performinga task, our study concentratean reducingthe
cognitive noisethatthe visualizationdesignandtestingen-
vironmentmight imposeon the user Further we sought
to reducevariability in the participants'experiencewith the
testingervironment.

The methodologyemployedin our study allowed users
to examine the visualizationand ary other learning ma-
terial while completingtheir task, which consistedof an-
swering questions. This is different from most previous
experiments,in which the participantsunderwenta train-
ing sessiono examinethelearningmaterialsfollowedby a
testsessiorto answerthe questions.In thoseexperiments,
users attemptsto recall aspectsof the visualizationmay
haveincreasedatherthandecreasethecognitiveload. We
recognizethat this is a simpli ed view, as somelearners
might quickly form betterinternalrepresentationsf theal-
gorithmby observinghevisualization.In ary caseastudy
that allows the use of visualizationwhile solving a prob-
lemwill capturebothexternalcognitionandthe creationof
internalrepresentations.

The designof the visualizationand of the testingervi-
ronmentcanaddsigni cant cognitive noiseto themeasure-
ments. Remembethat our goalis to testthe effectiveness



of visualization not of thetestingervironment. Towardthis
end, we designedvisualizationsto containlegends,which
relieve the userfrom rememberinghe encodingof algo-
rithm propertiesinto graphicalfeaturesor the relation be-
tweena measureon the screenand a measuren the pro-
gram ("is this rectanglesupposedo be thatlong for only
two allocatedobjects?”).Interestinglyenough classicalal-
gorithm animationstend not to include a legend. Rather
the useris typically trainedfor theanimation.In our study
the visualizationwas simply givento the userwithout ary
explanation exceptof whatthe algorithmdoes.

Problemsin using a testing ervironment can also in-
troducenoiseinto an experiment. One approachto sim-
plifying the users task involved the addition of interac-
tive print statementgseeFigure 1) that saved, compared
with real life, the time and cognitive effort requiredfor
re-compilationand syntax correction. This also provided
the userswith a ltering capability to enhancesearch-
ing through the textual programoutput. To further re-
ducethe effects of the testingervironmenton the users
performance,we also positionedand sized various win-
dows for the user Note thatthesesimplifying featuresap-
pliedequallyto boththevisualizationandnon-visualization
groups.

Finally, since previous studiesraised concernsabout
variationsamongndividualswetook severalstepgo ensure
greateruniformity in the participants experience.Instruc-
tionsfor the testwererecordedandthenreplayedfor each
participant,to be surethatevery participantsav andheard
exactlythesameinformation. Part of theinstructiongamil-
iarizedparticipantswith thetestingernvironmentby guiding
themthrougha sampletestthat useda very simple prob-
lem andalgorithmanimation put thatemployedeachof the
navigationalandinformationalfeaturesof the ervironment.

A distributedcomputatiorwasemployed, to the bestof
our knowledge for the rst timein analgorithmanimation
experiment. Suchcomputationscan be lessintuitive than
sequentiatodebecausef theinteractionsamongmultiple
concurreniprocessesToward the uniformity goal, we pre-
paredin advancethe executionsof the algorithmthatwere
presentedo all participants.This canbe a very important
factorsincerandomexecutionsmight go throughdifferent
parts of the code and exposedifferentusersto quite dif-
ferentaspectof the program. This is especiallyimportant
whenusing distributed algorithms,which are intrinsically
non-deterministic.

The next sectiondescribegprevious work pertainingto
theevaluationof algorithmanimation.Thedistributedalgo-
rithm usedin the studyis explainedin Section3, followed
by the experimentandthe resultsin Section4. Section5
concludesghepaper Samplequestiongrom theexperiment
areincludedin theappendix.

2.Background

Previoususerstudiesof progranvisualizationshave had
mixedresults.An earlystudyby Stask etal. [9] shoveda
non-signi cantadvantageon a post-tesfor participantaus-
ing an XTangovisualizationandtext descriptionof a pair-
ing heapalgorithmcomparedo a groupwhich hadonly the
text.

A more comprehensie study by Lawrenceet al. [7]
looked at studentavho attendeda lecture,thenconstructed
datasetsindividually while doing a relatedalgorithm vi-
sualizationlab exercise. Thesestudentgerformedsigni -
cantlybetteron a post-testhanthosewho just attendedhe
lecture.Studentsvho weregivena datasetdid maginally,
though not signi cantly, better than thosewho only at-
tendedthe lecture. However, amongstudentsvho only at-
tendeda lecture thosewhoviewedalgorithmvisualizations
performedmaminally worsethanthosewho viewed slides
containingstaticdepictionsof the algorithm's execution.

Hansenet al. [4] found that a group of studentswho
useda hypermediaenvironmentthatincludedalgorithmvi-
sualizationsas well as pseudocodetext, and illustrations
performedsigni cantly betteron a post-testthan another
groupthatusedatextbook. However, it wasnot clearwhich
aspect®f the ervironmentcontributedto thatresult.

Byrne et al. [2] conducteda seriesof experimentsto
measurethe effect of making predictionsaboutthe next
stateof analgorithm,with andwithoutvisualization.A sig-
ni cant resultwasobtainedfor the useof visualizationon
theconceptuaportionof apost-tesfor abasicgraphsearch
algorithm,but no differencewasfoundfor a morecomplex
binomialheapalgorithm.

To investigatethe use of algorithm visualization and
other media as a problem-solvingresource,Kehoeet al.
[6] conductedan in-depthobsenational study of students
solving a setof binomial-heapjuestionsgiven a textbook
section,pseudocodeandeitheralgorithmvisualizationsor
a seriesof static gures capturedfrom the algorithm vi-
sualizations. No time limits were set. They found that
studentausingthe visualizationsspentmore time compar
ing and moving betweenthe mediatypes, especiallythe
pseudocodandthevisualization andthatthevisualization
groupperformedsigni cantly betteronthe questionsFor a
more extensve review of algorithmanimationstudies,see
Hundhausemetal. [5].

Our study attemptsto draw on the lessonsof previous
studiesbut it investigateghe practicality of visualizations
underconditionsconducieto reduceccognitive load/noise.
Anothercontribution of this studyis thefocusondistributed
systemsandon thepotentialof animationgo betterexplain
thesetype of systems.



3. Termination Detection Algorithm

Thealgorithmselectedor ourempiricalstudyis aclassi-
cal terminationdetectionalgorithmfor distributedsystems
by Dijkstra and Scholten[3]. The algorithmassumeshat
a computationis performedon multiple nodesof a dis-
tributednetwork. The purposeof the algorithmis to allow
the nodethatinitiated the computationto determinewhen
the computatiorhas nished, which meanghatno nodein
thenetwork is still working on ary partof thecomputation.
Theinitiator processnamedroot, startsthe computatiorby
optionally performingsomeprocessingandthen distribut-
ing the computatioramongsomeof theneighboringnodes.
Eachof the nodesthatrecevesa requesto performa sub-
taskmightindividually ful Il thatsub-taskor decideto di-
vide the requestfurther amonga subsetof its neighbors.
As therequesivave continuego propagaten the network,
possiblyto processewvith which theinitiator hasno direct
contact,it may becomechallengingfor the initiator to de-
terminewhenthe entirecomputatiorhas nished.

To better explain the Dijkstra-Scholtenalgorithm, we
male the assumptiorthat at most one computationtakes
placein the network at ary giventime. So, a hodeis ei-
ther processinga job for the computationor it is idle. A
boolearnvariableidle is sufcient to describewvhetherthe
nodeis working or not. The algorithmhaseachnodekeep
track of the numberof request{messagethat are part of
thecomputation)t sendsandrequiresanodeto sendanac-
knowledgment(nenv messagéype, speci c to thetermina-
tion detectionpackfor eachrequestA requesis generally
acknavledgedwhenthe requests ful lled. At eachnode,
avariablenamedcount containsthe numberof requests
sentby thatnodethatarenot yet acknavledged.count is
incrementedevery time a requestis sentanddecremented
whenanacknavledgments receved.

Eachnodemaintainsa recordof its parent,the neighbor
thatintroducedthat nodeinto the computation.The initia-
tor is the rst nodeinvolved in the computation,and be-
comesherootof atreethat,atary time, spansall andonly
thenodesnvolvedin thedistributedcomputationwhichin-
cludesnodesthatareactively computingsub-task®r wait-
ing in theterminationdetection.Thetreeis de ned by the
parentvariable of eachnode,and may grow or shrink as
nodesbecomepart of the computationor nish their part
in the computation.A nodeis consideredo beinvolvedin
the computationif it is notidle (is still performinga sub-
task)or if it still haschildren. Eachparticipatingnodeei-
ther hasa parentor is theroot. Whena node nishes the
computation(it is idle andit hasno offspring), it sendsan
acknavledgmento its parentandsetsits parentvariableto
null, effectively cancelingits statusasa child. Becauseof
theacknavledgmentanode A, knowsthatit doesnothave
offspringwhencount=0 , whichmeanghatall its requests

have beenacknavledged,and consequenthary neighbor
thatmight have consideredhis nodea parenthasacknavl-

edged.To show thatthis is true, consideronerequestsent
from A to N. Either N alreadyhasa parent,or it doesnot,
in whichcaseA becomesheparentof N. WhenN exits the
computationN setsts parentto null andsendsanacknawl-

edgmento A. Thus,N is nolongerachild of A. In thecase
whereN alreadyhada parent,A wasnever consideredhe
parentof N. In sucha case,N acknawledgesimmediately
afterreceving therequest.The parentof N will will handle
N's exit out of thecomputation.

In this algorithm, whenthe root is idle andits count
variableis zero, the computationhas nished becausehe
rootdoesnothave ary offspringandall nodesareout of the
computation.This conditioncanbe checledlocally at the
rootwithoutthe needto communicateo othernodes.

4. Experiment
4.1 Materials

The experimenttook place on two IntelR Pentiumr
personalkcomputerspne of which hadthe visualizationof
thealgorithminstalled. Thecomputemwith thevisualization
wasequippedwith two monitors.For the non-visualization
casejt waspossibleto displaythe variouswindows of our
testingenvironmentonasinglescreenForthevisualization
casethesecondscreenvasusedonly for thevisualization,
while the rst screerdisplayedhe samewindowsasfor the
non-visualizatiorcase.

The visualization of the algorithm made use of
Java3D™ andtherestof thetestingervironmentwaswrit-
tenin Jaa™. A PowerPointR presentationwhich in-
cluded speechrecordings,was createdto deliver instruc-
tions aboutthe experimentto the users. The goal of using
thistypeof presentatiomvasto explainthestudyin thesame
mannelin eachusersession.

4.2 Subjects

Twenty college studentsvolunteeredto participatein
the study Five were femaleand fteen male. To moti-
vate the participants,a cashprize was offeredto the per
sonthatshovedthe “bestunderstandingbf the algorithm.
Understandingvas measurediy the numberof correctly
answeredquestions. In the end, two cash prizes were
awarded,one for the visualizationgroup and one for the
non-visualizatiorgroup.

4.3. Procedure

Participantswere presentedvith the PaverPointr in-
structionsaboutthe study ervironmentandwith a textual,



Figure 1. The view of the algorithm pseudocode .

In the inset, one of the print statements is turned

off. Also, to the left, rectangles mark the last executed print statement for each of the nodes. Two

rectangles are visib le in the inset.

hard copy descriptionof the termination detectionalgo-
rithm. During the instructionsthey were presentedvith a
demoalgorithm( nding themaximumnumberin anarray),
which provided the opportunityto explain the featuresof
thetestingervironmentandhow thealgorithmcanbeexam-
ined. Thevisualizationof the demoalgorithmwasasimple
two-dimensionaliew. In the actualstudy the participants
were asked to answerten multiple-choicequestionsabout
the algorithm. The questionswverepresentedn the screen
andtheparticipantavereallowedto navigatebackandforth
throughthequestionsandto revisetheiranswersasdesired.
No time constraintsvereimposed.

While answeringquestions participantscould refer to
the:

text: thetextual descriptionof thealgorithm

codeview: an interactve presentatiorof the algorithm's
pseudocodéhatcouldbeinteractiely “executed, and
wheretheprogresof the participatingprocessesould
beobsened.

output view: textual outputof the programproducedoy a
seriesof print statementén the program;outputof in-
dividual print statementgould be toggledon and off
by the participant.

visualization: the visualization group was also able to
view ananimatedlisplayof the algorithm.

The pseudocodevasa stripped-devn versionof an ac-
tual Java implementatiorof the algorithm. The actualim-
plementatiorhad beenpreviously run with variousinputs,
andatrace le for eachof theseexecutionshadbeensaved.
Whenthepseudocod®as“executed, oneof thetrace les
was playedback. As such,the usercould selectand ob-
sene simpleror more complex executions. The trace le
could be playedcontinuouslyor in steps.Moreover, every
participantin the study hadthe opportunityto seeexactly
the samealgorithm runs, which madethe comparisorbe-
tweensubjectanoreaccuratehanwith randomexecutions
of theprogram.

Thepresentationf thepseudocoderasinteractizein the
sensdhatall print statementswhich determinethe textual
outputof the program,could be turnedon andoff by sim-
ply clicking onthem.Turninga statemenoff hadthe effect
of Itering outall the print-outsthatstatementmadeduring
theprogramexecution.In therealworld, thiswould besim-
ilar to commentingout the print statementn the program,
re-compiling,andthenre-executingtheprogramto produce
the Itered output. Thisinteractive featureallowedthe par
ticipantsto quickly add/rem@e informationin the output
basedon whetherthey consideredhatinformationsigni -
cantfor their currenttask(answeringa particularquestion).

Anotherfeatureof the pseudocodgiew wasthe presen-
tation of the last statemenexecutedoy eachprocesymore
like a pseudoprogramcounter). Remembethat this is a



Figure 2. A snapshot of the termination detection visualization.
. Alegend is displa yed on the left.

network is presented above the network topology

distributed computationwheremultiple processesxecute
the samesequentiaprogram. The codeview marked the

laststatemenexecutedby eachprocessn the computation
with a coloredrectangleat the left of the statemen{(Fig-

urel). Eachprocessasassigned separateolor.

Theprogramexecutioncouldbe obsenedthroughatex-
tual outputor an animation. Every participantwas pre-
sentedvith thetextual outputproducedastheresultof print
statementsOnly half of the participantshadaccesgo the
visualization.Notethatthe codeview, outputview, andvi-
sualizationwereall basedon the sametrace le, andthus
presentedhe samedata. Further theseviews were syn-
chronizedo presenthe samestepsatthe sametime.

The program animation was based on a three-
dimensionalworld as shown in Figure 2. The main dif-
ferencebetweenthis view andtraditional programvisual-
izationis the additionof alegend. Insteadof talking to the
useror having themreadadescriptiorof whatthegraphical
attributesencodewe addedthe legendto the visualization.
We hopedthat the legendwould reducethe amountof in-
formationthe usermustremember Anothercharacteristic
of the visualizationwasthatthe point of view in thethree-
dimensionalvorld was x edandtheuserscouldnotchange
it.

The tree that spans the distrib uted

The windows in the testing ervironment (questions,
code, output, and optionally the visualization)were pre-
arrangedn thescreerin suchaway thatnoneof themwas
completelyobscured.

4.4. Design

The experimenthad both between-subjecand within-
subjectvariables. The participantswererandomlydivided
into two groups. One of the groupswas presentedvith a
visualizationof the programand the otherwasnot. The
between-subjectariableis namedVISUALIZATION and
hastwo values . Subjectsn bothgroupswere
presentedvith exactly the samequestiongseeAppendixA
for samplequestions)but the questionghemseleswereof
two typesQUESTION . Fourout
of tenquestionsnquiredabouta speci ¢ of the
program,andit is likely that the userhadto run and ob-
senethatexecutionto gatherall theinformationreferredto
in the question. The other questionsvere more .
in the sensahatthey werereferringto propertiescommon
to morethanoneexecutionof the program,andcould have
beenanswerednerelyby readingthe question.Thedepen-
dentvariablewastherateof correctlyansweredjuestions.

Two hypothesesvereto betested:



Figure 3. Rate of correctl y answered questions for each group and question type.

H1 The useof visualizationcansigni cantly improve the
rateof correctanswers.

H2 Questionof type have a higherrateof correct
answerghanmoregeneraluestions.

4 5. Results

The averagetime requiredto answerthe questionsvas
aboutthe samefor bothgroups:about  minutesfor visu-
alizationandabout  for non-visualization.

An analysisof variance(ANOVA) on the correctness
of the answergevealsthatthe groupansweredsignif-
icantly more accuratelythan the group (

). In effect, hypothesisH1 holds. Ta-
ble 1 presentsiumericalvaluesfor the averagenumberof
correctlyansweredjuestions.

As illustratedin Figure3, -type questionshada
higherrateof correctanswers.However, the studydid not
nd asigni cant differencebetween and
guestiony ). Thus, hypothesidH2
wasrejected. The analysisalsofailedto nd ary interac-
tion betweerthe questiontype andthe useof visualization
( ). Thatmeanghatthe rateof cor
rect answerdor the two typesof questionss nearly con-
stantwithin eachgroup.

Randomassignmenof peopleto groupsresultedn four
of the ve femaleparticipantsbeing placedinto the non-
visualizationgroup.Concermabouttheeffectsof thisonthe
validity of our resultspromptedusto comparehe scoref

the femaleswithin the non-visualizatiorgroupto thoseof
the non-visualizatiorgroupasa whole. We found thatthe
meanof the females'scoreswas above the meanfor the
overall group. Thus, genderdifferencescan be excluded
asthe causeof the differencein performancebetweenthe
visualizationandnon-visualizatiorgroups.

Group | Num. of Participants | Mean | Std. Deviation
10 7.2 1.93
10 3.7 2.26

Table 1. Statistics on the number of correctl y
answered questions for each group.

5. Discussion

The study presentedn this paperfound programvisu-
alization bene cial for understandinglistributed compu-
tationsunder conditionsthat reducedthe users cognitive
load. Animation doesnot seemto help peopleto perform
faster but ratherto gain a moreaccurateknowledgeof an
algorithm.

Visualizationappeardo sene asa moreeffective cogni-
tive resourcethantextual displaysin this problemsolving
contet, whichis consistentvith the obsenationsof Kehoe
etal. [6]. Thevisualizationgroupmusthave dedicatecart
of their time to observingthe animationinsteadof study-
ing traditionaltextual materials. The resultsshowv thatthe



visualizationgroup,with additionaldisplaysto view andin-
teractwith, requiredon averageaboutthe sametime asthe
non-visualizatiorgroupto completetheassignedasks,and
atthe sametime, theformergroupobtainechigherscores.

We speculateghatthe rejectionof hypothesisH2 is due
to apossiblerelationshipbetweerperformingexecutetype
tasksandcomprehendinghe generabehaior of the algo-
rithm. Geneal-type questionswhich oftenrequireknowl-
edgeaboutpropertieghathold on all executionsof the ob-
sened computationmay be dependenbn an accurateun-
derstandingof several individual executions. Knowledge
aboutthe generabehaior is derived,amongothersources,
fromtheobsenationsof andknowledgeacquiredrom sam-
ple runsof the algorithm. Thus, the quality of a tool pre-
sentinga running computationaffectsin a similar manner
both how individual executionsare perceved andhow the
overallbehaior is understood.

We alsospeculatehat reducedcognitive load is anim-
portantfactor to considerfor improving the effectiveness
of animationsandenablingthemto achieve their potential.
The information that hasto be manipulatedand mentally
storedby the userneedgo be minimizedto consistmainly
of datadirectly relatedto the obserned computationand
problemto be solved. Likewise, the tasksnot relatedto
theunderstandin@f the computatiorshouldbe reducedas
muchaspossible. In otherwords, careneedsto be taken
to avoid increasinghe cognitive load throughthe merein-
troductionof animationsin the users ervironment,andto
allow the userto concentraten theintrinsic dataandcom-
plexity of theproblemandalgorithmathand.Theconstraint
of avoiding unrelatednformationandtasksare applicable
both to the developmentof algorithm animationtools and
to experimentaldesign. Ideally, an animationtool would
displaythe processessidea computatiorvia graphicghat
areself explanatoryandenablethe userto connectirectly
to the computation. The tool would also provide a sim-
ple customizationmechanisnto avoid requiring the user
to mentally extract the dataof interestfrom aninadequate
picture. An empiricalstudywould concentraten reducing
eventrivial tasksnotrelatedto thealgorithmandonmaking
theinformationaccessiblaét a glanceasto reducethe data
that the userfeelsit needsto be remembered.Moreover,
the designof a study shouldensurethat most participants
gothroughthe sameamountof unrelatedasks.

In summarythreedimensionahlgorithmanimationwas
found signi cant for an accurateunderstandingof dis-
tributedcomputations.The methodologyof the studyem-
phasizedhe reductionof cognitive load dueto the testing
ernvironmentby ensuringhevisibility of all windows, limit-
ing unnecessarnteractionsandintroducinganinitial sam-
ple task. Legendsattachedo the visualizationsmadeex-
plicit the mappingbetweengraphicalelementsandaspects
of the algorithm. Uniformity of userexperiencewas pro-

motedthroughthe useof pre-recorde@xplanationsandthe
useof selectecprogramtraces.

Planneduture work includesperformingstudiesto iso-
late the factorsresponsibldor the differencesdetweenthe
visualizationandnon-visualizatiorgroups,including:

legendsv. nolegends

2Dv. 3D

simplev. complec algorithms
effectsof differentnavigationschemes

attributesof algorithmanimationghataffecttheiruse-
fulness
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A. Appendix

A.l

A.2.

Samplesof execute-typequestions

Obsene the programexecutionof "Question8 Input”
(choosefrom the drop down list). At the end of it,
NodeB is waiting on which nodes?

Answers:(a) C; (b) C, D; (c) C, D, F; (d) noneof the
above.

Obsene the program execution of "Question 2 In-
put” (choosefrom the drop down list). At the endof
it, pleasetell which nodesare the participantsin the
taskfor which the terminationdetectionis beingper
formed.

Answers:(a) A,B,C; (b) A,B,C; (c) A, B,C,D, F; (d)
B,C,D,F;(e)A B,C,F

Samplesof general-typequestions

A network has ve nodes. Whatwould be the maxi-
mum countvalueof a nodeif all nodescould partici-
patein the taskfor which the terminationdetectionis
performed?

Answers:(a) 5; (b) 4; (c) 1; (d) noneof theabove.

One interestingmodi cation of the algorithm would
allow multiple tasksto be performedin the network
at the sametime, with the resultthat multiple virtual
treesexist simultaneuouslyn the network. Eachnode
will be ableto participatein morethanonetask. Ter-
minationdetectionis consideredo be correctif aroot
detectsthe terminationafter the taksinitiated by that
root is terminated,whenno nodeis working on that
taksanymore.Notethatnodesmaystill beworkingon
othertasks.

What modi cation(s) to the terminationdetectional-
gorithmis (are)requiredto make this multiple-tasker-
minationdetectiorwork?

Answers:(a) having multiple parentsn eachnode;(b)
having multiple countsin eachnode;(c) having mul-
tiple parentsand countsin eachnode;(d) noneof the
above.



