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Background, RelatedLiteratur e, Objectives: Much of modernresearchinto softwareengineering(SE)
is out of stepwith muchof currentindustrialpractice.At therecentInternationalSymposiumon Software
Reliability (SanJose,California,2000),akeynoteaddressfrom SunMicrosystemsshockedtheresearchers
in the audience:few of the techniquesendorsedby the SE researchcommunityarebeing usedin fast-
moving dot-comsoftwarecompanies.For suchprojects,developersandmanagerslack the resourcesto
conductheavyweightsoftware modeling; e.g. the constructionof completedescriptionsof the business
modelor theuserrequirements.Yet suchheavyweightsoftwaremodelingis veryuseful.Completemodels
of (e.g.)specificationscanbeusedfor usefultaskssuchas:

� Auto-generationof testcasesfrom thespecification;
� Findingredundantor unusedpartsof asoftwaremodel;
� Understandingtheconsequencesof conflictsbetweentherequirementsof differentstakeholders;
� Testingthattemporalconstraintsholdover thelifetime of theexecutionof thespecification.

To bettersupportthe fastpaceof modernsoftware,we needa new generationof lightweightsoftware
modelingtools. Lightweight software modelscan be built in a hurry and so are more suitablefor the
fast-moving softwarecompanies.However, softwaremodelsbuilt in a hurry cancontainincompleteand
contradictoryknowledge.Thepresenceof contradictionsin thelightweighttheoriescomplicatestheabove
usefultasks.Supposesomeinferenceengineis trying to build a proof treeacrossa lightweight software
modelcontainingcontradictions.Gabow et.al. [7] showed that building pathwaysacrossprogramswith
contradictionsis NP-completefor all but thesimplestsoftwaremodels(a softwaremodelis very simpleif
it is very small,or it is a simpletree,or it hasa dependency networkswith out-degree

���
). No fastand

completealgorithmfor NP-completetaskshasbeendiscovered,despitedecadesof research.
Empirical resultsoffers new hopefor the practicalityof NP-completetaskssuchasreasoningabout

lightweight software models. A repeatedand robust empirical result from the satisfiability community
(e.g.[1,20]) is that theoreticallyslow NP-completetasksareonly truly slow in a narrow phasetransition
zonebetweenunder-constrainedandover-constrainedproblems. Further, it hasbeenshown empirically
thatin boththeunder/over-constrainedzones,seeminglynaiverandomizedsearchalgorithmsexecutefaster
than,andnearlyascompletely, astraditional,slower, completealgorithms[20]. It is easyto seewhy this
might beso. In theover-constrainedzones,it is impossibleto satisfyall constraintssowe neednot search
very long. In the under-constrainedzone,many solutionsexist so, onceagain,we neednot searchvery
long.

Theseempiricalresultssuggestthatwe might beableto simply theprocessingof lightweightsoftware
modelsusingrandomizedsearch.Thisprojectwill determineif andwhenwe can:

� Expectrandomizedsearchoverlightweightsoftwaremodelsto befastandeffective(short-termgoal).
� Exploit thefastruntimesof thatrandomizedsearch(long-termgoal).

Note that what we can’t do is simply translatethe resultsfrom the satisfiabilitycommunityinto SE.The
predictorsfor thephasetransitionzoneareexpressedin aform thatis toolow-level for theaveragesoftware
engineer;e.g. Selman’s linear clausemodeldoesnot refer to designstructuresthat the averagesoftware
engineerwould recognize[20]. Recentresultssuggestthattheavailablepredictorsfor thephasetransition
zoneareincomplete[10]. Wehavesomepreliminaryresultsstronglysuggestingthatwecangetbetterand
moredetailedpredictorsfor thephasetransitionzoneby assumingtheoriesareexpressedashorn clauses
andnot theconjunctivenormalform usingby thesatisfiabilitycommunity[15]1. For example,theseresults

1Thispaperis attachedto this application.SeeTestingNondeterminateSystemsby Menzieset.al.,ISSRE2000.
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cancomputea mathematicalprobability that randomizedsearchwill be an adequatesearchstrategy for
particularsystems.Computingthis probability will be essentialif randomizedsearchis to be appliedto
safety-criticalsoftware.

This researchhencefocuseson randomabductivesearch over horn clausetheories. In many domains,
softwareengineerscanunderstandhornclauserepresentationsof theirmodels(for example,databasemod-
elersfind it easyto map from SQL into the horn clausesof Prolog). Abductionis a naturalmethodof
processingtheoriescontainingcontradictions.Whenabductionfindsa contradiction,it forks oneworld of
belief for eachpossibility. Eachworld fixestheuncertaintiesin atheoryby committingto aparticularsetof
consistentassumptions[12]. Randomizedabductionexploresasmallnumberof randomlyselectedfixes.
Significance: If we can’t show thatdependableconclusionscanbedrawn from lightweightsoftwaremod-
els,thenwecannotusethemwidely. Nor canweadaptheavyweightSEprinciplesto theneedsof fast-paced
softwarecompanies.

If we can predictwherefast randomsearchwill suffice for lightweight softwaremodeling,thenwe
couldbettersupportthefast-paceof modernSE.For example:
� Supposewe coulddefinelightweightdesignprinciplesthatalwaysleadto softwaremodelsthatcan

bequickly andadequatelyprobedvia randomizedsearch.For thosesystems,wecanquickly discover
theimplicationsof theuncertaintieswithin our lightweightsoftwaremodels.
� Also, we coulduseour randomizedabductivetheoremprovers to optimizetaskssuchasgenerating

testcasesfrom specifications,diagnosingthe causeof faulty outputs,or understandingthe conse-
quencesof conflictingrequirementsfrom differentstakeholders.
� Further, we could defineearly stoppingrules for the testinga specification.In systemswherefast

randomprobingwill suffice,asmallnumberof randomprobeswill revealmostof whatwewill reach
via amuchlargernumberof probes.

Related Recent Progress: Since1995, I have beenstudyingrandomizedabductionover horn clauses
andtheir applicationto SEandknowledgeengineering.For example,onestudycomparedtwo abductive
inferenceenginesfor analysisinconsistentrequirementsmodels.In thatstudy, acompleteabductiveproce-
dureexploredall consequenceswhile theotherprocedurejust build a smallnumberof randomlyselected
worlds.Therandomsearchfoundnearlyall thegoalsfoundby thecompletesearch[16]. This resultcanbe
explainedvia a narrow phasetransitionzonewithin hornclauses:if mostof theinferenceoccurredoutside
the transitionzone,thena randominferenceprocedureshouldperformaswell asa rigoroussearch.Nev-
ertheless,this studymight just besomequirk of themodelsbeingstudied.Hence,several furtherstudies
wereconducted.
� A literaturereview byMenziesandCukicfoundnumerouscasesin theSEandknowledgeengineering

literaturewherea small numberof randomprobesinto a systemyieldedasmuchinformationasa
muchlargernumberof probes[13].
� Menzieset.al.developedageneralmathematicalmodelof randomabductivesearchwhich,onsimu-

lation,foundthatasmallnumberof randomprobesinto asystemusuallyyieldedasmuchinformation
asamuchlargernumberof probes[14,15].

Theresultsof thesestudiesareclearlyconsistentwith thewidespreadnatureof thephasetransitioneffect.
Further, thesestudiessuggestthat we can expect randomizedabductionto terminatequickly in a wide
rangeof applications.Theseresultspromptedthedevelopmentof HT0 [17], a new randomizedabductive
inferenceengine.HT0 generatesa few randomlyselectedworldsandterminateswhenthebestcoverageof
thegoalsseensofar stopsincreasing.Whencomparedto a completeabductive inferenceprocedure,HT0
runsmuchfaster, runsonmuchlargertheories,andfindsnearlyasmany goalsasthecompletesearch.
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Methodsand ProposedResearch: Theshort-termgoal is to build agoodpredictorfor whenwecanexpect
thephase-transitioneffectwithin lightweightsoftwaremodelsexpressedashornclauses.This requirestwo
projects:
� Project1: A theoretical analysisTheMenzieset.al. mathematicalmodelof abductive searchmakes

certainpredictionsaboutwhatkindsof hornclauseswill/w on’t beprobedby fastrandomsearch[15].
Projectonewould testthosepredictionsvia numerousrunsover artificially generatedhornclauses.
Part of this projectwill be to updatethe mathematicalmodel if the runsreveal inaccuraciesin the
predictions.

� Project2: Casestudies:This researchercanaccessa rangeof real-world theoriesincluding:

– Softwaretimeandrisk estimationmodels(e.g.COCOMO-II);
– Modelsof therequirementsof particularsystemsfrom NASA’sJetPropulsionLaboratory;
– Statechartsdescribingproceduralprogramsgeneratedfrom thefinite statemachinescreatedby

theBANDERA programslicing tool [3] or theSPINtool [9].

Usingacombinationof manualmodelingandautomatictranslationtechniques,thesetheoriescanbe
expressedashornclauses.Onceexpressedashorn-clauses,we cansearchthemusingcompleteand
randomizedabduction:

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

– If thephasetransitioneffect is aswidespreadaswesuspect,thenwewouldpredictthatrandom-
izedsearchwouldadequatelyprobethesemodelsveryquickly.

The long term goal of this project is to exploit theorieswhich we expect to be suitablefor random
probing.To testif wecanexploit thephasetransitioneffect,weneedto undertakeprojects3&4:
� Project3: Applicationswork: For thereal-world theoriesdescribedabove,weneedto build testcase

generators,diagnosisdevices,anddefineearly stoppingrulesfor testing(e.g. we canstoptesting
earlywhenourphasetransitionpredictortellsusthatthis theoryneedsonly limited randomprobing).

� Project4: Guidancework: We seekdesignprinciplesfor lightweightsoftwaremodelingthatleadto
thecreationof lightweightsoftwaremodelsthatcanbeprobedvia randomizedabduction.

SuccessCriteria:
Project Successcriteria

1: For artificially generatedsetsof hornclauses:� Wecanpredictfrom themathematicaltheorywhatpercentageof goalliteralscanbe
reachedfrom � randominputs.
� Wecanpredictfrom themathematicaltheorywhennondeterminismwill/w on’t imply

thatreachableconclusionsare/aren’t stable. Stabilitymeansthatnondeterminismin
amodeldoesnotmeanthat � randomrunswill generatemany differentconclusions.

2: For hornclausesgeneratedfrom real-world models,we canmake thesamepredictionsas
for artificially generatedsetsof hornclauses(seeProject1’ssuccesscriteria).

3: Testcasegeneration,diagnosisvia randomizedsearchterminatesin quadratic(not expo-
nential)timewith satisfactoryandstableresults.

4: Wecanconductcasestudieswheredevelopersdo/don’t useourguidelinesandthesystems
built usingourguidelinesaremuchmoretestablethatthosedevelopedwithout.
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Many of theapplicationsdescribedin the long termgoalshave beenexploredbeforein the literature.
However, theclaim to be testedhereis thatwe caneffectively andsimply performthesetasksusingran-
domizedabductionover lightweightdescriptionsof systemsthatcancontaincontradictions.Further, these
tasksshouldtakequadratictime,notexponentialtime, to execute.

Moregenerally, this projectwill succeedif:

� If non-trivial horn clausescan be adequatelyprobedby randomizedabduction. Our preliminary
resultssuggestthatthis is not thecase,but this shouldbemonitoredwithin this project.
� If hornclausesgeneratedfrom our SEcasestudiescanbeadequatelyprobedby randomizedabduc-

tion. Our casestudywork will revealif this is so.
� Also, wewill haveaprincipledmethodfor developingtheguidancework describedabove.

RelatedLiteratur e: Thegeneralproblemof reasoningaboutinconsistentSEmodelshasbeenwell stud-
ied. For example, in the SE literature, requirementsengineeringresearchershave explored conflicting
requirementsgeneratedeitherfrom non-functionalrequirements(e.g.[18]) or from multiple stakeholders
(e.g. [5, 6]). A standardtechniquefor this exploration is somecontradictiontolerant logic suchas the
LTMS [18] or the quasi-consistentlogics [11]. This researchis an attemptto simplify thestandardtech-
nique. In systemswhererandomsearchcanadequatelyprobea spaceof uncertainties,thenvery simple
inferencetechniqueswill suffice to probethespaceof “maybes”. If we candemonstratethat randomized
searchis widely useful,thenwecandesignanew generationof verysimplecontradictiontolerantreasoners.

Abductionhasalsobeextensively studiedandappliedto fieldssuchasmodel-baseddiagnosis[8,12].
Abductionis thelogic of argument.An abductiveproof mustnotonly reachgoals,but it mustalsoenforce
consistency within thatproof. Whenconflictsarisein thereasoning,abductiongeneratesworldsof belief
to storethe conflicting possibilities. Abductionis impracticalwhentoo many worlds aregenerated.For
example,consistency-basedabduction(e.g. the ATMS [4]) addsall literals consistentwith inputs and
goalsareaddedto it’ s worlds. This canvery slow; e.g. all known ATMS implementationshave runtimes
exponentialon theorysize[19]. Hencethis researchusesset-covering abductioninsteadof consistency-
basedabduction[2]. In set-coveringabduction,literalsareonly addedto worldsif thoseliteralsappearon
proof treesthatlink inputsto goals.Thisstrategy canbefasterthanconsistency-basedreasoningbut is still
NP-complete.This researchhopesto tametheruntimesof NP-completeabductionusingrandomsearch.

For noteson otherrelatedwork, in particularthephasetransitionresearchof thesatisfiabilitycommu-
nity, seetheearlierpagesof this document.
Training: This work would generatethreemastersandthreePh.D.studentstrainedin mappingabstract
logic programmingto realworld SEproblems.

Thesestudentswould be assignedto the four projectslisted in the Methodsand ProposedResearch
section(andtheprojectswithin theshorttermgoalswouldbeaddressedbeforetheprojectswithin thelong
termgoals).
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