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Background, Related Literatur e, Objectives: Much of modernresearchnto softwareengineering SE)
is out of stepwith muchof currentindustrialpractice.At the recentinternationalSymposiunon Software
Reliability (SanJose California,2000),a keynoteaddresgrom SunMicrosystemshocledtheresearchers
in the audience:few of the techniqguesendorsedoy the SE researchcommunityare being usedin fast-
moving dot-comsoftware companies.For suchprojects,developersand managerdack the resourceso
conductheavyweightsoftwae modeling e.g. the constructionof completedescriptionsof the business
modelor theuserrequirementsYet suchhearyweightsoftwaremodelingis very useful. Completemodels
of (e.g.)specificationcanbe usedfor usefultaskssuchas:

Auto-generatiorof testcasedrom the specification;

Findingredundanbr unusedpartsof a softwaremodel,

Understandinghe consequencesf conflictsbetweertherequirement®f differentstaleholders;
Testingthattemporalconstraintdold over the lifetime of the executionof the specification.

To bettersupportthe fastpaceof modernsoftware,we needa new generatiorof lightweightsoftwae
modelingtools. Lightweight software modelscan be built in a hurry and so are more suitablefor the
fast-mwing software companies.However, software modelsbuilt in a hurry cancontainincompleteand
contradictoryknowledge.The presencef contradictionsn thelightweighttheoriescomplicategshe above
usefultasks. Supposesomeinferenceengineis trying to build a proof tree acrossa lightweight software
model containingcontradictions. Gabav et.al.[7] shoved that building pathways acrossprogramswith
contradictionss NP-completdor all but the simplestsoftwaremodels(a softwaremodelis very simpleif
it is very small,or it is a simpletree,or it hasa dependeng networks with out-degree< 1). No fastand
completealgorithmfor NP-completdaskshasbeendiscovered,despitedecadesf research.

Empirical resultsoffers newv hopefor the practicality of NP-completetaskssuchas reasoningabout
lightweight software models. A repeatedand robust empirical result from the satisfiability community
(e.g.[1,20]) is thattheoreticallyslov NP-completegasksareonly truly slow in a narrov phasetransition
zonebetweenunderconstrainedand over-constrainedoroblems. Further it hasbeenshovn empirically
thatin boththeunder/owver-constrainedones seeminglynaverandomizedearchalgorithmsexecutefaster
than,andnearlyascompletely astraditional,slower, completealgorithms[20]. It is easyto seewhy this
might be so. In the over-constrainedzonesit is impossibleto satisfyall constraintsowe neednot search
very long. In the underconstrainedzone, mary solutionsexist so, onceagain,we neednot searchvery
long.

Theseempiricalresultssuggesthatwe might be ableto simply the processingf lightweight software
modelsusingrandomizedsearch.This projectwill determinaf andwhenwe can:

e Expectrandomizedearchoverlightweightsoftwaremodelsto befastandeffective (short-terngoal).
e Exploitthefastruntimesof thatrandomizedearch(long-termgoal).

Note thatwhatwe cant do is simply translatethe resultsfrom the satisfiability communityinto SE. The
predictordor the phasdransitionzoneareexpressedn aform thatis toolow-level for theaveragesoftware
engineer;e.g. Selmans linear clausemodel doesnot refer to designstructuresghat the averagesoftware
engineemwould recognizd20]. Recentresultssuggesthatthe availablepredictorsfor the phaseransition
zoneareincomplete[10]. We have somepreliminaryresultsstronglysuggestinghatwe cangetbetterand
moredetailedpredictorsfor the phaseransitionzoneby assumingheoriesareexpressedshorn clauses
andnottheconjunctive normalform usingby the satisfiabilitycommunity[15]. For example theseresults

1This paperis attachedo this application.SeeTestingNondeterminat&ysteméy Menzieset.al.,ISSRE2000.
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can computea mathematicaprobability that randomizedsearchwill be an adequatesearchstratey for
particularsystems.Computingthis probability will be essentiaif randomizedsearchis to be appliedto
safety-criticalsoftware.

This researcthencefocuseson randomabductiveseach over horn clausetheories In mary domains,
softwareengineerganunderstandhorn clauserepresentationsf theirmodels(for example databasenod-
elersfind it easyto mapfrom SQL into the horn clausesof Prolog). Abductionis a naturalmethodof
processingheoriescontainingcontradictions Whenabductionfinds a contradiction|t forks oneworld of
belieffor eachpossibility. Eachworld fixestheuncertaintiesn atheoryby committingto a particularsetof
consistenassumption§l2]. Randomize@bductionexploresa smallnumberof randomlyselectedixes.
Significance: If we cant shav thatdependableonclusionsanbe dravn from lightweight softwaremod-
els,thenwe cannotusethemwidely. Nor canwe adapthearyweightSE principlesto theneedof fast-paced
softwarecompanies.

If we can predictwherefastrandomsearchwill suffice for lightweight software modeling, thenwe
couldbettersupportthe fast-pacef modernSE. For example:

e Supposeve could definelightweightdesignprinciplesthatalwaysleadto softwaremodelsthatcan
bequickly andadequatelyprobedvia randomizedearch For thosesystemsye canquickly discover
theimplicationsof the uncertaintiesvithin our lightweightsoftwaremodels.

e Also, we could useour randomizedbductivetheoemprovers to optimizetaskssuchasgenerating
testcasedrom specificationsdiagnosingthe causeof faulty outputs,or understandinghe conse-
gquence®f conflictingrequirementsrom differentstaleholders.

e Further we could defineearly stoppingrules for the testinga specification.In systemswherefast
randomprobingwill suffice,asmallnumberof randomprobeswill revealmostof whatwe will reach
via amuchlargernumberof probes.

Related Recent Progress: Since 1995, | have beenstudyingrandomizedabductionover horn clauses
andtheir applicationto SE andknowledgeengineering.For example,one study comparedwo abductve
inferenceenginedor analysisnconsistentequirementsnodels.In thatstudy a completeabductve proce-
dureexploredall consequenceshile the otherprocedurgust build a small numberof randomlyselected
worlds. Therandomsearchoundnearlyall thegoalsfoundby the completesearcH16]. Thisresultcanbe
explainedvia a narrov phaseransitionzonewithin hornclausesif mostof theinferenceoccurredoutside
thetransitionzone,thena randominferenceprocedureshouldperformaswell asa rigoroussearch.Nev-
erthelessthis studymight just be somequirk of the modelsbeingstudied. Hence,several further studies
wereconducted.

e A literaturereview by MenziesandCukicfoundnumerougasesn the SEandknowledgeengineering
literaturewherea small numberof randomprobesinto a systemyieldedasmuchinformationasa
muchlargernumberof probeq13].

e Menzieset.al.developeda generaimathematicaimodelof randomabductve searchwhich, on simu-
lation, foundthatasmallnumberof randomprobesnto asystemusuallyyieldedasmuchinformation
asamuchlargernumberof probegq14,15].

Theresultsof thesestudiesareclearly consistentvith the widespreadatureof the phaseransitioneffect.
Further thesestudiessuggesthat we can expectrandomizedabductionto terminatequickly in a wide
rangeof applications.Theseresultspromptedthe developmentof HTO [17], a new randomizedabductve
inferenceengine.HTO generatea few randomlyselectedvorldsandterminatesvhenthe bestcoverageof
the goalsseensofar stopsincreasing.Whencomparedo a completeabductve inferenceprocedureHTO
runsmuchfaster runson muchlargertheoriesandfinds nearlyasmary goalsasthe completesearch.
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Methodsand ProposedReseach: Theshort-termgoalis to build agoodpredictorfor whenwe canexpect
the phase-transitioeffect within lightweightsoftwaremodelsexpressedishornclausesThis requireswo
projects:

e Projectl: Atheoretical analysisThe Menzieset.al. mathematicamodelof abductve searchmakes
certainpredictionsaboutwhatkindsof hornclauseswill/w on’'t beprobedby fastrandomsearcH15].
Projectonewould testthosepredictionsvia numerousunsover artificially generatedorn clauses.
Part of this projectwill be to updatethe mathematicamodelif the runsreveal inaccuraciesn the
predictions.

e Project2: Casestudies:Thisresearchecanaccessrangeof real-world theoriesncluding:

— Softwaretime andrisk estimationrmodels(e.g. COCOMO-II);

— Modelsof therequirement®f particularsystemgrom NASA's JetPropulsionLaboratory;

— Statechartsdescribingproceduraprogramsgeneratedrom thefinite statemachinecreatedoy
the BANDERA programslicing tool [3] or the SPINtool [9].

Usinga combinationof manualmodelingandautomatidranslationtechniquesthesetheoriescanbe
expressedshorn clausesOnceexpressedshorn-clausesye cansearchthemusingcompleteand
randomizedabduction:

— If thepredictorbuilt in thetheoreticalnalysiss any good,it shouldbeableto predicthow well
randomsearchwill probethesereal-world theories.

— If thephasdransitioneffectis aswidespreagswe suspectthenwe would predictthatrandom-
izedsearchwould adequatelyrobethesemodelsvery quickly.

The long term goal of this projectis to exploit theorieswhich we expectto be suitablefor random
probing.To testif we canexploit the phaseransitioneffect, we needto undertale projects3&4:

e Project3: Applicationswork: For thereal-world theoriesdescribedabove, we needto build testcase
generatorsdiagnosisdevices, and defineearly stoppingrulesfor testing(e.g. we canstoptesting
earlywhenourphasdransitionpredictortells usthatthis theoryneed=only limited randomprobing).

e Project4: Guidancework: We seekdesignprinciplesfor lightweightsoftwaremodelingthatleadto
the creationof lightweightsoftwaremodelsthatcanbe probedvia randomizedabduction.

Succes<Lriteria:

Project Succesgriteria

1: For artificially generatedetsof hornclauses:
e We canpredictfrom themathematicatheorywhatpercentagef goalliteralscanbe

reachedrom N randominputs.

e Wecanpredictfrom themathematicatheorywhennondeterminismvill/w on’t imply
thatreachableconclusionsare/arert stable Stability meanghatnondeterminisnin
amodeldoesnotmeanthat /N randomrunswill generatenary differentconclusions,

2. For hornclausegeneratedrom real-world models,we canmake the samepredictionsas
for artificially generatedetsof hornclausegseeProjectl’s succesgriteria).

3: Testcasegenerationgdiagnosisvia randomizedsearchterminatesn quadratic(not expo-
nential)time with satishctoryandstableresults.

4: We canconductcasestudieswheredevelopersdo/dont useour guidelinesandthesystems
built usingour guidelinesaremuchmoretestablethatthosedevelopedwithout.
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Many of the applicationsdescribedn the long term goalshave beenexploredbeforein the literature.
However, the claim to be testedhereis thatwe caneffectively andsimply performthesetasksusingran-
domizedabductionover lightweightdescriptionof systemghatcancontaincontradictionsFurther these
tasksshouldtake quadraticime, not exponentialtime, to execute.

More generallythis projectwill succeedf:

e If non-trivial horn clausescan be adequatelyprobedby randomizedabduction. Our preliminary
resultssuggesthatthisis notthe case but this shouldbe monitoredwithin this project.

¢ If hornclausegeneratedrom our SE casestudiescanbe adequatelyprobedby randomizedabduc-
tion. Our casestudywork will revealif thisis so.

e Also, wewill have aprincipledmethodfor developingthe guidancework describecabove.

Related Literatur e: The generalproblemof reasoningaboutinconsistenSE modelshasbeenwell stud-
ied. For example,in the SE literature, requirement®ngineeringresearchersiave explored conflicting
requirementgeneratecitherfrom non-functionalrequirementge.g.[18]) or from multiple staleholders
(e.g.[5, 6]). A standardtechniquefor this explorationis somecontradictiontolerantlogic suchasthe
LTMS [18] or the quasi-consisteribgics[11]. This researchs anattemptto simplify the standardech-
nique. In systemswvhererandomsearchcanadequatelyprobea spaceof uncertaintiesthenvery simple
inferencetechniquewwill suffice to probethe spaceof “maybes”. If we candemonstratéhatrandomized
searchis widely useful thenwe candesignanew generatiorof very simplecontradictiortolerantreasoners.

Abductionhasalsobe extensiely studiedandappliedto fields suchasmodel-basediiagnosig8, 12].
Abductionis thelogic of agument.An abductve proof mustnot only reachgoals,but it mustalsoenforce
consisteng within that proof. Whenconflictsarisein the reasoningabductiongeneratesvorlds of belief
to storethe conflicting possibilities. Abductionis impracticalwhentoo mary worlds are generated.For
example, consisteng-basedabduction(e.g. the ATMS [4]) addsall literals consistentwith inputs and
goalsareaddedto it’s worlds. This canvery slow; e.g. all knovn ATMS implementationdiave runtimes
exponentialon theorysize[19]. Hencethis researchusesset-cavering abductioninsteadof consisteng-
basedabduction2]. In set-caveringabductioniteralsareonly addedto worldsif thoseliteralsappearon
prooftreesthatlink inputsto goals.This stratgy canbefasterthanconsisteng-basedeasoningdut is still
NP-completeThisresearcthopesto tamethe runtimesof NP-completeabductionusingrandomsearch.

For noteson otherrelatedwork, in particularthe phaseransitionresearchof the satisfiabilitycommu-
nity, seethe earlierpagesof thisdocument.
Training: This work would generatehreemastersandthreePh.D. studentdrainedin mappingabstract
logic programmingo realworld SE problems.

Thesestudentswvould be assignedo the four projectslisted in the Methodsand ProposedReseath
section(andthe projectswithin the shorttermgoalswould be addressetieforethe projectswithin thelong
termgoals).
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