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Abstract

We experimentwith coreprocessewvithin softwaredevelopmentiasks(reuseandconflict
managemenin requirementengineering).After definingthoseprocessesye automatically
perform 100,000sof manipulationsn accordancevith that process. The resultsof the ma-
nipulationsare summarizedand discussed.In two casestudieswith this techniquewe find
that building widely reusablesoftware componentsvill be harderthanwe hadthoughtwhile
resolvingconflictsamongstompetingstaleholderds easiethanwe hadthought.

1 Intr oduction

Cansoftware engineeringoe an exact science?Software engineerings a human-intensie pro-
cess.Sucha sociological-intensie exercisecanforbid exact conclusions.Neverthelessin some
circumstancesxactconclusionsarepossiblege.g.

e Supposéhumanidiosyncracisesirethe maincontrollingfactorin softwaredevelopment.If
so, thenwe might predictthat exact software cost estimationrequirescomplex equations
abouthumandynamics.

e Yetin atleastonecasestudy this wasnottrue. Chulani,Boehm,and Steeceuseda simple
modelof softwarecostsandmerelytwo dozeninput parameterso producereasonablyccu-
rateestimate®f softwareconstructiortime (their estimatesverewithin 25%of actual ,69%
of thetime) [Chulani,Boehmé& Steecel999].



This article seeksotherconclusionghatarenot effectedby theidiosyncracisesf humansoft-
ware engineers We assumehatwhenpeoplewrite software,they aremanipulatingtheories As
we hopeto show, certaintheorypropertiesarestableacrossa wide rangeof theorymanipulations.
Thatis, fortunately someof the propertieof ourtheoriesnaynotbeasidiosyncraticasthepeople
who write them.

To make this casewe will performmanipulationson ageneraklassof theorieqand-orgraphs
with groundnodes).Sincetherearemary possiblemanipulationson a theory we will useanau-
tomaticrig to performmillions of manipulationssuchasinjecting errorsinto theories;changing
theoryconnectionsalterthe datasetsgivento atheoryandalterthe processingf atheoryinclud-
ing totally randomselectionamongstlternatves. In the experimentgeportedhere , we foundthat
certainpropertieswill emeged asstable,despitewidespreadnanipulations.In particular some
tasksweremuchharderthatexpectedwhile othersweremucheasier:

Much harder: Softwarereuse.
Much easier: Handlinginconsistencies) requirements.

Therestof this article is structuredis followed. §2 offers an exampleof our type of experi-
mentation.As we defineour experimentswe will encountercertainrestrictve suppositionsthat
threaterthe generalityof ourresults.§3 debateshosesuppositionandconcludeghattherig used
in thoseexperimentds generalo alarge classof softwareproblems.

1.1 Caveats

Before proceedingwe pausefor a methodologicaligression.The conclusionsof this paperare
basedon experimentswith manipulatingtheories. The experimentalbasisfor our conclusions
is this papers greateststrength. Opponentf our views can quickly refute our conclusionsby
designingand executing experimentsthat generatecontrary conclusions. We would encourage
suchexperiments. This paperis an attemptto add morerigor to software engineeringesearch.
If this paperinspiresfurther careful experimentationthenit is a successeven if thosefurther
experimentgefuteour conclusions.

On the other hand, the experimentalbasisfor our conclusionss this papers greatestweak-
ness.Our conclusionsstandsonly for the sampleof problemsstudiedhere. If a differentclassof
problemsresultedin a differentbehaiour, the conclusionwould have to berestrictedto the class
of problemsseenin our above experiments.Further all our conclusiondail if therestrictionswe
obsenre disappeadueto somenewv methodfor theorymanipulation.For examples optimizations
arealwaysbeingdiscoveredfor theoreticallyintractabletasks.

Lestwe prematurelycorvince you thatthis paperis fatally flawed, we hastento addthatnone
of our conclusionswill basedon runtimes. All our experimentswill run to termination. Thatis,
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the effects we report are not somefunction of processorspeedor datastructures. Instead,our
conclusionscomefrom giving our systemunlimited time to performits manipulations.Further
whenwe designedour experiments,we were nenous of our samplingbias. Hence,we always
generatednary, mary variantsof eachsampleproblem. Neverthelessour generatoran not
possiblygenerateroblemsacrosgshe entirespaceof problemtypes.At thistime, we areunavare
of sucha classof problemsandleave thisissuefor futureresearch.

2 A Studyinto Theory Reusability

This sectiondescribesan exampleof the kinds of analysisthatis possiblevia large-scaleheory
manipulation Wewill describeanexperimentatig andthebehaioursseerin thatrig. In summary
we will explore a suite of theories378,000timesto concludethat the chancef building truly
reusablecomponentss afunction of theamountof datausedto testthosecomponents.

The intent of this sectionis to offer the readera flavor of the kind of analysiswe seekto
encourageHence for themoment,we will notdiscusghe externalvalidity of theseobsenrations.
In the sequel however, we will arguethatthe obsenationsseenis thisrig areapplicableto awide
classof softwaretheories.

2.1 Motivation

Our readingof the literatureis that designvia reuseis the dominantparadigmin contemporary
knowledgeandsoftwareengineering.This paradigmdatesbackat leastto 1964 with Alexanders
work on architecturgAlexander1964,Alexandey Ishikawva, Silverstein Jacobsenkiksdahl-King
& Angel1977].In summarywhenwe desigrnvia reusewe re-shufle componentsievelopedorevi-
ously, thenabstractednto areusabldorm. Modernexpression®f designvia reuseincludeobject-
orienteddesignpatterngBuschmannMeunier Rohnert Sommerlad Stal1996,Menzies19974],
andtheknowledgeengineeringesearchnto ontologieg§Gruber1993]andproblemsolvingmeth-
ods[SchreiberWielinga,Akkermansyelde& deHoog1994]. A tacitassumptiomn this paradigm
is thata communitysharesa definition of someconcept.This assumptiorwould beviolatedif, in
theusualcase differentdevelopersfacingthe sameproblemsdevelopvery differentdefinitionsof
softwareconcepts.

Whenwon’t reusework? To answerthat question,we assumehat whenwe build reuseli-
braries,we are creatingthoselibrariesfrom an implicit spaceof alternatve designs.In our ex-
periencethe designprocessstopswhenwe have rejectedan adequatenumberof clearly inferior
proposals Whenexploring the designspacethereexists situationswheresoftwarereuseis lik ely,
and othersituationswhereit is lesslikely. Supposeone gooddesignwas clearly superiorto all
alternatves. In this case,we could dependon differentdesigneravorking at differenttimesand
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Figure 1: Relativeof reusewith X% changes;i.e. costof adaptiondividedby the costof retuilding
fromscratch. Datafromthe COCOMO-IIsoftwake costestimationproject[Abts etal. 1998,p21].

differentlocationsto arrive at the samefinal design.Reusas likely in this casesincethe problem
domainwould force designergo make the samedecisions. Designerswould henceunderstand
reusableaartifactssinceit would be clearwhy a particularreusableartifact wasbuilt this way and
notthatway.

Alternatively, supposea clearly superiordesignwashardto detect. In this case,|t is possible
thatdifferentdesignerwill arrive atdifferentfinal systemsIf the problemdomaindoesnot force
asimilar setof decisionsdesignersrelesslik ely to understandupposedlyeusableartifacts.Our
designersnayalwaysbe puzzlingwhy a particularreusableartifactwasbuilt thiswayandnotthat
way. Worsestill, they maybetemptedo tinker with thereusableaartifactin orderto contortit into
their own view of the problemdomain. Suchtinkering canremove the economiqgustificationfor
reuse. A learningcurve mustbe traversedbeforeany modulecanbe adapted.By the time you
know enoughto changea little of that module,you may aswell have re-written 60% of it from
scratch;seeFigurel.

2.2 From Motivation to Manipulations

The abore motivation cannow be mappedinto a seriesof theory manipulations.As mentioned
above,duringthismappingprocesswewill encountecertainrestrictve suppositionsthatthreaten
the generalityof ourresults. Thesesuppositionsvill be noted,thendebatedater.

We begin by commentinghatreuseis lesslikely if clearly superiordesignsarenot recogniz-
able.Thatis, someoraclecannotdeclarethattheoryT; is “much betterthan”theoryT; (whichwe
denotel; = T3). Let usassumehatthis oraclecanaccesa list of outputstateshatthe program
shouldreachfrom someinputsstates.We definethe cover of atheoryT; to bethelargestnumber
of outputsin canreachfrom theinputs. As cover(T;) approache400%,the theorycanreachall
its desiredoutputs.Usingthis definition of cover(T;), we canimplementthe oracleasfollows:

T; > T if cover(T;) > cover(T}) (1)
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Figure 2: Decaycurvesfor cover.

Thefirst suppositiorof this experiments:
Supposition1l Our oracleof betterdesigng>) is widelyapplicable

Assumingthat Equationl is valid, we notethat aswe introduceerrorsinto our theories,we
expectcover to decrease.Supposdhe decayin cover wasvery rapid; e.g. asshown in the fast
decaycurve of Figure 2. In the caseof fastdecayingcover, we canhopethat differentdesigns
will corverge since,if ever we stumbledover a superiordesign,we would be sureto realizethat
it wasindeedsuperior(sinceit’s cover would be very much greaterthanits opposingtheories).
Alternatively, if the decayin cover wasvery shallov (e.g. the slowdecaycurve of Figure2) then
designgnay not converge sincecompetingtheoriesvould beindistinguishable.

Thediscussionn theabose motivationsectioncannow beexpressegreciselyusingEquationl
andthenotionof fastdecay

Reusableaeuselibrariesarelikely in the caseof fastdecaysincetherewill only bea
smallnumber(?one)of bestdesignsontop of thedecaycurve.

Corversely:

Reusableeusdibrariesareunlikely in the caseof slow decaysincemary designsexist
on top of the decaycurwe. In this case differentdesigneravorking at differenttimes
anddifferentlocationsmay generatalifferentsolutionsto the sameproblem.

Hence to experimentallyexplorethelik elihoodof softwarereuse we needanexperimentakig
thattracksthe decaycurvesof atheoryaswe manipulatethetheoryto introduceerrors.
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Figure 3: The fisheries model from [Bossel 1994] (pp135-141).

2.3 Experiment #1: Exploring Reuse

In this experiment,we generateover decaycurvesof the form of Figure2. To do this, we need
(A) a sampletheoryto explore, (B) a methodof introducingerrors,(C) a methodof generating
input-outputpairsthatthe correcttheory shouldbe ableto cover, and (D) a simulatorwhich can

searchingrrom inputsto find the maximumcoverageof the output. This sectiondescribesour

methoddor implementing< A, B,C, D >.

2.3.1 A: SampleTheory

Figure3 shavs our sampletheory Thisfigureis a qualitatve form of somequantitatve equations
describingfishesgrowing in afishery For themomentwe do notdiscusghegeneralityof theories
of theform of Figure3. Thisissuewill bediscussedater.

In Figure3, eachtheoryvariableshasthreestatesup, downor steady Thesevaluesmodelthe
signof thefirst derivative of thesevariables(i.e. therateof changein eachvalue).X ¥ Y denotes
thatY beingup or downcouldbe explainedby X beingup or downrespectrely. Thatis:

Vit b Vit
f Vil Vil



(wheret and| denoteup anddown respectiely.)

X — Y denoteghatY beingup or downcouldbeexplainedby X beingdownor up respectiely.
Thatis:

Y /S
AR R

Tacitin Figure3 is conjunctionsof influences We shouldview thistheoryasinfluencessplash-
ing aroundpipesconnectingtubs. Pairs of competinginfluencescancancelout. Thatis, we can
explain the level of waterin a tub remainingsteadyvia conjunctionof competingupstreanminfliu-
encesg.g.

(VitE ViDAMVedlE V1) F
(Vi t AVi 1) F (V; = steady))

Figure 3 is a very small theory: 12 three-statevariablescopied6 times (one for eachtime
tick). Realworld softwaresystemscanbe much,muchlargerthan12 variables.Hence,our next
suppositiormustbe:

Supposition2 Wecanscaleup conclusiongroma smalltheorysud asFigure3to larger theories.

Apart from size, Figure 3 alsohasa fixed degreeof connectvity, alsoknown asfanout. The
fanoutof Figure3 is —r¢42¢ . — 1 4. We will needto checkthatchangingthis fanoutdoesnot

12 variables

effect our conclusionsHence:
Supposition3 Wecanscaleconclusiongromatheoryof fanout=1.4to theorieswith otherfanouts.
Apartfrom the sizeandfanoutissuesgxperimentingwith Figure3 implies:

Supposition4 We canrepresenta usefulrange of softwake systemsasnetworkdike Figure 3.

2.3.2 B: Intr oducing Err ors

Figure3 containsedgesof two types: X 2 yandX =5 Y. We cancorruptthetheoryby randomly
selectingM edgesthenflipping their sign(++ to —— andvisaversa).For atheorywith V edges
(M<N), we cannow generate™ variants.Notethatat M = 0 we have the original theoryand,
asM increaseswe move to progressrely worsetheories.



2.3.3 C: Generating Input/Output Pairs

To generatanput-outputpairsthat shouldgeneratel00% cover, we usethe M = 0 theory(i.e.

the correcttheory)to generatedata. To apply this method,the quantitatve fisheriestheorywas
run 15 times. Inputsandgoalsweregeneratedy comparingall pairsof the measurements the

15 runs (105 suchpairsexist). Thatis, by comparingpairsof runswe cancorvert raw numbers
to statementdike (e.g.) “when we comparerun 3 to 9, we saw that catchPotential wentup and
catchProceedsventdown”.

Next, the comparisonsvere corvertedinto input-outputpairs. The theory of Figure 3 was
copiedC timesto representhe stateof the systemattime C = 0,C = 1,.... Inputsarecom-
parisonsthat appearat time copy C' = 0 and outputsare comparisonghat appearat time copy
C > 0.

If we copy thetheoryC' times,thenwe mustlink timecopy C' = i totimecopy C = i+1 using
atempoal linking policy. NotethevariablesChang in boatNumbes andfish populationchange.
Thesevariablesaretheexplicit timevariables In the XNODE temporallinking policy usedin this
first study explicit time variablesconnectgo themselesin theimmediatefuture. Thatis, for each
explicit time variable XNODE addsa link

Xooi 3 Xemin

We acknavledgethatthe choiceof XNODE asthe temporallinking policy is somavhatarbi-
trary andcouldlimit thegeneralityof our conclusionsi.e.

Supposition5 Conclusiongdrawn from a studyof XNODE-basedystemsapply to non-XNODE
systems.

This testdatalibrary now containedmeasurementf®r all variablesduring the lifetime of the
simulation(5 years;i.e. C' = 0,1,2,3,4,5). In practice,it is unlikely thatall suchdatawill be
availableto atestingteam. Hence,we generatenput-outputpairsthat referto lessthan100% of
thevariablesin Figure3. To generatdestsetswhereU percentof the systemwasunmeasured,)
percentof the goalswasthendiscardedo producelO variantsof the datawith U at0, 10, 20, 30,
40,50, 60, 70,80,and90 percentunmeasured.

2.3.4 D: Simulating the Theory

A simulatorfor thefisheriesmodelmustbe contradiction-toleant. To seewhy, notethatFigure3
is a qualitative theory[lwasaki1l989];i.e. it is underspecifiedand hencecangeneraténconsis-
tencies.For example,Figure 3 saysthatincreasingcatdhPotential canincreasdishCatd. It also
saysthatdecreasindishDensitycandecreasdishCatd. It is undeterminedvhathappengo fish-
Catd in the caseof increasingcatcdhPotential AND decreasindgishCatt. SinceFigure 3 does
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not specifytherelative sizesof theseinfluenceson fishCatd, all we cansayis thatfishCatd can
rise,fall, or remainsteady(in the casewherethetwo competingnfluencesanceleachotherout).
Hence,f asimulatorarrivesatfishCatd from increasingcatcdhPotentialanddecreasindishCatd,
thenit mustfork the reasoningoneway for eachpossibility;i.e. oncefor fishCat&i=up, oncefor
fishCat©i=down andoncefor fishCatth=steady

In this experimentour contradiction-tolerargimulatorwill betheHT4 abductve inferenceen-
gine[Menzies& Waughl1998,Menzies& Michael1999,Menzies1995,Menzies1996, Menzies
1996, Menzies& Compton1997]. Abductionis informally definedasinferenceto the bestex-
planation(e.g. [O’Rourke 1990]). More formally, abductionis the searchfor assumptionsvhich,
whencombinedwith sometheoryexplainssomesetof goals[Eshghi1993]. Mutually exclusive
assumptionsmply that mary alternatve abductve-explanationsmay be generated.Suchmutu-
ally exclusive assumptionsnustbe managedn seperatavorlds of beliefs. Returningto the above
example,in the caseof increasingeatch Potential anddecreasingfishCatch, thenwe generate
threeworlds Wy, W,, W3. Wy includesfishCatch = up, W5 includesfishCatch = down, and
W3 includesfishCatch = steady.

In essenceT4 is lik e a searchengineexploring somenetwork of ideaslooking for usefuland
consistenportions(eachsuchportionis aworld). The generalityof our conclusiongddependn
this style of searchbeingapplicableto arangeof softwareengineeringoroblems;j.e.

Supposition6 We canmodelsoftwalke constructionasthe exploration of networkdike Figure 3.
Supposition7 We canmodelnetworkexploration asabduction.

Onetrapwith usingHT4 is thatour conclusionsnayonly hold whenprocessingndeterminate
theories.Thatis:

Supposition8 Our conclusiondrom the studyof indeterminatetheoriesappliesto determinant
theories.

2.3.5 Detalils

Summarizingthe above discussionpur experimentalrig containsa theoryT generatedria some
time linking policy (e.g. XNODE). The theoryis a directedgraphcontainingverticesand edges
< V, E >. Eachtheoryvertex V is apairof avariableandatime copy index C; ; e.g. fishCatch@QCy
is thevalueof fishCatch intimecopy C = 2. E aretheconnectordetweervariablesareoneof

asetof pre-definedypes;e.g.ti or —. Thatis:

Vi = wariableQtime copy index
E = V2 VoV, 5,
T = <V,E>
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Ourgoalswe aretrying to explain arethe outputs.In thegenerakase pnly someof the outputs
are reachable. The reachableoutputsare denotedoutput’. Recallingthe above discussionon
XNODE, all the outputscomefrom time copy C' > 0. Thatis:

outputs’ C outputs C VQC;s

Theassumptiongarethosevariablesusedto connectusedinputsto usedoutputs.The usedinputs
aredenotedinputs’. Recallingthe above discussioron XNODE, all the inputscomefrom time
copy C = 0. Thatis:

mputs C VaAC

V —inputs’ — outputs’

inputs’

C
A C

U isthepercentagef thetheoryvariableshatdo notappeain theinputsandoutputs.Thatis:

0o (1 _ |inputs ‘L‘J/‘outputs\) « 100

An abductive-gplanationis a world of mutually compatiblebeliefs W;. A world connects
someinputsto someoutputswithout causingcontradictions.ln HT4, worlds are extractedfrom
theedgesn ourtheories.Thatis:

W, C E (2)
W; Uinputs' UA F  outputs' (3)
W;Uinputs’ UA t/ L 4)

HT4 seekghe abductve explanationW¥; with maximalcover; i.e. the explanationthat maxi-
mizesthesizeof output’. Thatis:

cover(T) = maz(|W; U outputs'|) (5)

With thesedefinitionsin hand,we cannow specifyour experimentakig. 20 timeswe flippped
the edgetype of betweemoneto all of the edgesn Figure3 to createa corruptedtheoryT,. For
eachsuchcorruptedtheoryT,, we:

e CopiedT}, 6times(onceeachfor C' =0,1,2,3,4,5).
e Connectedhecopiesusingthe XNODE linking policy to form 7,.

e Forall 105comparison®f thedata,we:
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— ForU € {0, 10, 20...90}, we:

* Built theoutputsandinputsusing100 — U% of the comparisordata.
* CalledHT4 to find maximumcover usingtheinputs,the outputsand7,.

Therearel7 edgesn Figure3. Hence,this procedurecalls HT4 378,000times (20 repeats*
0..17edgedlipped* 105comparisong 10U values).

2.3.6 Results

Thebehaiour of thisexperimentarig is shovn in Figure4. To readtheresults notethatthe x-axis
shaws a progressiorirom a correctfisherytheory(at 0 edgedlipped) to a very incorrectfisheries
theory(at 17 edgedlipped). For thetop plot, they-axisshavs the maximumcover foundby HT4.
As we would expect,asthe numberof errorsin atheoryincreasesthe coverageof desiredgoals
decreasesRRecallingour above discussionreuseis unlikely in the caseof slow decayof the cover
curve. Our readingof Figure4 is thatafterU = 70, the decaycurve becomesvery flat; i.e. it
becomedlifficult to distinguisha theorywith no errors(left handsideof thetop plot in Figure4)
from atheorywith multiple errors(right handsideof thetop plot in Figure4).

Theruntimeresults(Figure4, bottom)shav two interestingtrends.Firstly, in nearlyall cases,
as the theoriesgrow more corrupted,it becomedasterto determinewhat goalsare explicable
(exception:for the very unmeasuretheories the runtimesfor goodtheoriesthe sameasthe run-
timesof badtheories).This is a niceresult: nonsens¢heoriescanbe rejectedfasterthansensible
theories.

Secondlythe above experimenttried to find an explanationfor every memberof the outputs.
Thatis, asthe percentagef unmeasuredariablesU wasincreasedthe sizeof the outputgoal set
decreasedA pre-perimentalintuition wasthataswe tried to explain moreandmoregoals,the
runtimeswould increase For theoriesthatweremostly correct(corruptiondessthan3 out of 17),
this intuition proved correct. However, for theoriesthatare moderatelyto wildly incorrect(more
than 3 of the 17 edgescorrupted),the runtimesdecrease@sthe numberof goalswasincreased.
We explain this surprisingresultasfollows. For theoriesthataremostly correct,mary successful
proofs of goalscan be generated. The overheadsof building theseproofs can slow down the
inferenceprocedureOntheotherhand,aswe supplymoreandmoredatafor moderatelyto wildly
incorrecttheories,we constrainthe searchspacemore and more. For example,in fisheries,an
unmeasuredariablecould take the value up, down or steady Oncethat variableis measured,
two-thirds of the possiblesearchspacedisappears.Hence,for thesenot-very correcttheories,
runtimesdecreas@swe increasehe numberof goals.
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Figure 4: Experiment #1. XNODE linking: Corrupting 0 to 17 edges, running validation with less
and less data. Percentage explicable (cover) on top; runtimes on bottom.

2.3.7 Experiment #1: Conclusions

At leastfor the experimentakig shovn above, thelik elihoodof reusablecomponentss a function
of theamountof dataavailableto testthecomponentsAs lessandlessof thetheoryis unmeasured
in theinputs/outputset,thehardelit becomeso recognizeaclearlysuperiortheory Thethreshold
appeargo bearound70%unmeasuretheoryvariables.

If thisis a generakesult,thenwe mustdoubtthe utility of building reuselibraries. For nearly
a decadewne have beenresearchingoftwaretesting. In our experience we believe thatit is very
rarethatsoftwaretestsuitesreferto morethan30% of thevariablesn a componentlf we testour
componentsith insufficient data,thenwe will not detectclearly superiordesigns.In this case,
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designersworking in differentlocationsmay arrive at differentfinal designsfor their software
componentsThatis, we expectthat:

e Supposedlyeusablesoftwarecomponentgontaindesigndecisionghatareonly acceptable
to thecommunitythatmadethem.

¢ A broaderaudiencemightfind thosedecisionsconfusingor unacceptable.

e Hence softwarecomponentsvould notbewidely reused.
Thereareat leasttwo casesn which we coulddemonstratéhatthis conclusionis notgeneral:
1. We couldshow thatour suppositionsreoverly restrictve.

2. We couldshow thatreuseis acommonandsuccessfulechnique.

We will discussthe suppositionsn the next section. As to the secondpoint, it hasyetto be
conclusvely proved that reuseis a commonand successfutechnique. Menzies[Menzies1998]
criticizesoverly-enthusiasticeportsof reusethatlack somemeasuref quality of the constructed
system. Without suchquality assessmentg, is hardto assesshe overall impactof reusé. Pro-
ponentsof reuserarely track the on-goingcostsof maintainingwith thosecomponentgMenzies,
Cukic, Singh& Pawell 2000] (exception: [Lim 1994]). Most reusereportsdo not clearly distin-
guishbetweenverbatimreuseandreusewith sometinkering. RecallingFigure 1, suchtinkering
to customizea reusablecomponentansignificantlyincreasehe costanddecreasé¢he benefitsof
usingreusablecomponents.Further even enthusiastigroponentsof reusetestify to the lack of
widespreadeuse For example:

I donotthink we haveyetsucceedeah softwarereuse In the Stateof thePractice) do
notseealot beingapplied.Yes,OO classframenorks,Java, VisualBasic,etc. have fa-
cilitatedthecodereusebut lessis done,in generalatthehigherlevel suchasin thede-
signandrequirementphase®f a project.In the Stateof the Art, | have not perceved
ary incrementaprogressalthoughmary issueshave beenaddressefiGuerrieri1999].

Reusecontinuesto be a problemwhosepotentialremainselusve. Eachnew solu-
tion remainsfull of promisebut riddled with what look like insurmountablegyrob-
lems.[Perry1999]

Evenreuseenthusiastsuchas Frakes [Frakes 1999] cautionthat thereexist significantpractical
problemswith the widespreadoroliferation of reuselibraries; e.g. problemswith searchinghe
reusdibrary.

In summary our readingof the literatureis that we cant rejectthe generalityof the above
conclusiondasedn successfuteportsof reuse.

10neof the few reusereprotsthat includesquality measuress [Lim 1994]. However, thatreportreferto intra-
institutionalreuse hotwidespreadnter-institutionalreuse.
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3 External Validity

We believe that the above resultsare generalto a wide classof software. The restof this arti-
cle attemptsto justify thatthatbelief. To make this case ,we explore the suppositionglescribed
above. In the processof makingthat case,we will proposeand perform other experimentsthat
commentpositively on the practicality of processingndeterminateheories(including early life
cycle requirementsheories).

3.1 Choiceof Oracle

Suppositionl claimedthattheoriesshouldbe assessedia how well they canreproducea setof

desiredgoals(recallEquationl). Clearly, therearemary otherwaysto assesstheory;e.g. parsi-
mory, runtimespeedf its inferencesetc. However, we regardtheseothermeasuresssecondary
Theoriesonly becomeinterestingwhenthey canperformtheir primary tasks. Only afterdemon-
stratingtheorycompeteng shouldwe move onto assesge.g.)its speedr economyof expression.
Partial supportfor our view on theory assessmertan be found elsavherein the literature. For

example,the modelcheckingcommunityassessheoriesvia their coverageof temporallogic con-

straints;e.g.[Holzmann1997,Clarke, Emerson& Sistla1986].

3.2 Bigger Theories

Suppositior? claimedthata conclusiordravn from atheorywith 12 variablescanbeextrapolated
to largertheories Recallthatour key obsenationwasthatourtestoraclefailedto distinguishgood
theoriesfrom badtheoriesafterU = 70%. Whatwould happerto this obserationif the theory
getslarger?

In answeringhis questionwe first notethattestinggetsharderasthe systengetslarger Some
supportfor this claim canbe found in NASA's experiencewith model checlers. The informal
rule-of-thumbat NASA is thatmodelcheckingtechniquesuchasSPIN [SchneiderEasterbrook,
Callahan,Holzmann,Reinholtz,Ko & Shahahddin 1998, Holzmann1997] cant procesdarge
systems. The invariantsfrom merely 30 classesn an OO systemcan require one gigabyteof
memoryto modelcheck(and one gigabyteof ramis our currentpracticallimit of whatwe can
expecton aworkstation).

Note thatif we cant tell goodfrom badevenfor very smalltheoriesthen,asthe theorygets
largerthanFigure3, it mustbecomesvenharderto distinguishgoodlargertheoriesdrom badlarger
theories.Hence we believe that Suppositior2 holdssinceour pessimisticconclusiongoncerning
reusemustgetevenmorepessimistiassystemsizegrows.
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Figure 5: Percentage explainable. From [Menzies 1996b].

3.3 Morelntricate Theories

Supposition3 was a variantof Supposition2. In this suppositionwe claimedthat conclusions
from a theorywith fixed fanout(1.7) appliesto theorieswith differentfanouts. In earlierwork,

Menziesstudiedhow differentfanoutseffect the conclusionsof HT4 [Menzies199@]. In that
experiment,edgeswere addedat randomto variantsof a real-world theory of humanglucose
regulationtakenfrom [Smythe1989]. This theorywaswritten in the sameformatasFigure3 and
is describedn detailin [Menzies& Comptonl1997]. Thattheoryhadl246edgesand554variables
(fanout=1246/554=2.25%ix “clones” of thattheoryweregeneratedisingrandonvariablesvhose
distributionsweretakenfrom theglucoseheory(e.g.themeamumberof parentsn thecloneswas
the sameasthe meannumberof parentsn the glucosetheory). Eachclonewasapproximatelythe
samesizeastheglucosetheoryandcontained449,480,487,494,511,or 535nodes.Thesewere
executedusing HT4 with randomlychoseninputs and goals. Edgeswere thenaddedrandomly
andthe executionsrepeated.Figure 5 shows the results. At low fanouts,mary behaiours were
inexplicable. However, after a fanoutof 4.4, mostbehaiours were explicable. Further after a
fanoutof 6.8, nearlyall the behaiourswereexplicable.

In summaryMenziesfoundthatasfanoutincreasesheprobabilityof explainingany randomly
selectedbutputalsoincreasesAs this probability increasesthe cover decaycurve would flatten
out sinceour ability to distinguishatheorywith NV errorsfrom atheorywith V + 1 errorswould
decrease.Consequentlywe amgue that Supposition3 holds: our pessimismaboutdetectinga
superiortheorywould increasef thefanoutincreaseférom thevalueof 1.7 seenin Figure3.

3.4 Software = Network of Connections

Suppositiord claimedthata wide rangeof softwarecanbe characterize@sa network of connec-
tionsbetweernvariables.Thisis hardlya controversialposition. Many researchersodelsoftware
asanetwork of connectingnfluences:
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e Software coveragetools often view software asa network. Good test suitestry to maxi-
mizethe coverageof network componentge.g. [Bieman& Schultz1992,Harrold,Jones&
Rothermell998,Weyuker 1993]).

e Any optimizing compiler builds a network (control/dataflow graph)from the code. Opti-
mizationis thena matterof reoganizingthe network to speedup the program.

e Modelcheclersaccessuchanetwork whenthey build a spaceof programvariablestates.

e Expertsystemsandlogic programscan be reducedto suchstructures(using a technique
calledpartial evaluation[Sahlin1991]).

3.5 Beyond XNODE

Our experimentassumeduppositiorb, i.e. for all explicit time variablesX, we connectX attime
copy index C; to X attime copy index C; ;. Whathappengo our conclusionsf we vary thetime
linking policy? This questionis exploredin experiment#2.

3.5.1 Experiment #2: Other Temporal Linking Policies

Experiment#2 repeatgheexperimentakig of Experiment#1, but with adifferenttemporalinking
policy. In the XEDGE (explicit edge)linking policy, time changeson the out-edgesrom the
explicit time variables.Thatis, for eachvariableY downstreanfrom anexplicit time variable X,
XEDGE addsalink X7—; — Yr_;,1. For example,recall from Figure 3 that fishGrowthRateis
connectedo fish populationchange asfollows:

fishPopulationChange — fishGrowthRate
XEDGE would addthe edge:

fishPopulationChangec—; — fishGrowthRatec—i 1

Figure6 shavsthebehaiour seenn Experiment#2. Thecurveshave numerousimilaritiesto
the XNODE behaiour seenin Figure4:

e As before,nonsense¢heoriescanberejectedfasterthansensibleheoriessincetheruntimes
decreasasadderrors.

e Asbefore thereexistsalowerthresholdn testsuitesize,belov whichwe cannotdistinguish
goodtheoriesfrom badtheories. Thatis, onceagain,we seethataswe offer lessandless
datain thetestsuite,the cover decaycurwvesflattenout.
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Figure 6: Experiment #2. XEDGE linking: Corrupting 0 to 17 edges, running validation with less
and less data. Percentage explicable on top; runtimes below.

Elsevherewe have exploredsix othertemporallinking policies[Waugh,Menzies& Goss1997].
Theabove two featuresarenotedin all thoseexperiments.Thatis, Suppositiorb holdsfor atleast
sevenothertemporallinking policiesthanXNODE.

3.6 Software Construction = Network Exploration

Suppositioré arguesthatwhenwe searchFigure 3, we aredoingsomethinghatis importantto a
large classof softwaresystemsWe take this view from HerbertSimon. Simondescribeslesignas
the”quintessentiahumanactiity” [Simon1969]. Everythingwe doasagentsn theworld requires
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designsolutionsto the problemsthatfaceus. Hence to Simon,studyingthe designproblemwasa
methodof studyingthe generalproblemof artificial intelligence(Al).

Simon’s researcltharacterizedlesignand artificial intelligenceasa searchproblem. In this
framawork, designis viewed asthe traversalof a spaceof possibilities,looking for pathwaysto
goals.This spacecanbe explicit or implicit:

Explicit: e.g.takenfrom alibrary of softwarecomponents.

Implicit: e.g. extractedfrom the designers mind asthey imaginedifferentpossible,but asyet
unkuilt, softwaresystems.

Modernexpression®f this approactof design-as-seardhcludesmostof the Al searcHitera-
ture[Pearl& Korf 1987]andthe SOAR knowledg-level (KL) searcHNewell 1982 ,Newell 1993].
In a KL search,intelligenceis modeledas a searchfor appropriateoperatorshat convert some
currentstateto a goal state. Domain-specifiknowledgeis usedto selectthe operatorsaccording
to the principle of rationality; i.e. anintelligentagentwill selectanoperatomwhich its knowledge
tellsit will leadtheachievementof someof its goals.

This view as design-as-searcthrougha network is not just an Al concept. OO designers
performsucha searchasthey searchthroughtheir classlibrarieslooking for reusablecode.More
generally ary time a software designerpausedo considerthis option vs that option, they are
mentallyexploring a networks of options.

3.7 Network Exploration = Abduction

Supposition7 notedthatwe usedabductionasour network explorationtool. We couldrejectour
conclusiongf it couldbe shavn thatabductve inferenceis relevantonly for a very small classof
softwaretasks.

Our view of abductioncancanbe summarizedsfollows: seekislandsof consisteng within
a spaceof possiblycontradictoryideas. More precisely make what inferencesyou canthat are
relevantto somegoal (Equation3), without causingary contradictiondEquation4). Whenmore
thanonesolutionexiststo Equation3 andEquationd, thenusesomeBEST operatoito selectapre-
ferredsetof solutions.Clearly, this proceduras moregenerakhanjust a descriptionof “inference
to the bestexplanation”. Many taskshave an abductve mapping,asshown in Figure7. Hence,
with onecaveat,we arguethatthe useof anabductve inferenceengineincreaseghe generalityof
our conclusionsTheonecaveatis asfollows. Abductionis anindeterminatenferenceprocedure.
Standardsoftwarestrivesto be determinantTheissueof indeterminay is discussedbelow.
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3.8 Implications of Indeterminacy

The above discussiorarguedthat Suppositionsl through7 did not overly restrictthe generality
of our conclusions. Only Supposition8 remains: that conclusionsdravn from HT4’s indeter
minateinferenceare generallyapplicable. Reviewing the tasksimplementedby abduction(see
Figure7), it is clearthat mostof thosetaskscomefrom the knowledgeengineeringcommunity
Knowledge-basedystemoftenuseheuristicso simplify complex tasks.Heuristicscanintroduce
indeterminayg into atheory Heuristicsarejust guesseanddifferentguessesandrive programto
very differentconclusions.

Supposition8 threatenghe generalityof our conclusions.HT4 is a multiple world reasoner
and corventionalsoftwareis determinant. Thatis, software constructedrom standardsoftware
engineeringechniquenly ever generates singleassignmentso variables.Conclusiongdravn
from HT4 will notapplyto standardsoftwaresystemsf its multiple-world reasoning.onfuseghe
taskof testingsoftware.

To explore this issue,we needmore data. The averagenumberof worlds generatecdy HT4
in Experiment#1is shavn in Figure8. Notethelow total averagenumberof worlds (max=1.28).
While HT4 cansupportmultiple worlds,thesesxperimentgyeneratedery few. Thatis, theconclu-
sionsmadeaboreregardingreusewerenot madein awildly indeterminatealevice. Thisabsencef
wild indeterminag persistsgvenif we make majorchangeso the HT4-rig. For example fisheries
is a sparselyconnectedheory: 12 variablesconnectedy 17 edgegfanout=17/12=1.4)Perhaps
theorieswith higherfanoutsgeneratednore explanations?This hypothesisvastestedin Exper-
iment # 3. Thatexperimentaddedin 0, 5, 10, 15, 20, 25 or 30 new edgesat random,checking
all thetime thatthe addededgesdid not exist alreadyin thetheory This generatedheorieswith
fanoutsrangingfrom 1.4to (17+30/12=3.9) Thetheorywith the new edgesvasthencopiedover
5 time stepsandconnectedria XNODE andexecutedin the samemannerasexperiment#1. The
resultsareshown in Figure9. Note thatthe numberof worlds generateds not muchmorethan
before(1.58 maximum).Hence we couldnot blamethelow numberof worldsseenn HT4 output
onrestrictve fanouts.

19



Abductive-validationasksthe question*What is the maximumpercentagef known/desired
behaiour thatcanbe explainedby sometheory?”. This canbeimplementedas Equation5;

i.e. usea BEST that favors explanationswith the largestintersectionto the output goal
set[Menzies1996, Menzies1995,Menzies& Compton1997]

Minimal-fault diagnosisneansusinga BEST thatfavors explanationswith the fewestpos-
sible inputsandthe mostknown goals[Reggia, Nau & Wang 1983] (this is only oneof a
rangeof abductve approacheso diagnosis:otherapproacheare describedn [Console&
Torassal991]).

Abductie-classificatiorusesa BEST that favors explanationswith the largestnumberof
most-specificoncept§Poole1985].

Abductive-explanationusesa BEST thatfavors explanationswith thelargestnumberof con-
ceptsthatarefamiliar to theuser[Leake 1993].

Abductive-planningusesa BEST that favors explanationswith the mostgoalsandthe least
total cost.

Abductive-monitoringmeansachingheexplanationggeneratedy abductve-planningthen
deletingary explanationsvhoseassumptionsontradictary new data.

Abductive-predictionusesa BEST thatfavors explanationswith the mostnumberof future
eventsthatinterestyou.

Abductive requirement®ngineerings discussedn [Zowghi, Ghose& Peppasl996,Men-
zies,EasterbrookNuseibeh& Waugh1999]. Supposeve knonv who wrote eachportion of
atheory Conflictsbetweenuserscanbe detectedwvhendifferentpeoples ideasendup in
differentexplanations. Theseconflicts canthenbe neggotiatedby focusingon the key con-
flicting guesseshat split the explanations.Disputesbeenfeudinguserscanbe adjudicated
asfollows: the winning useroffers theorieswhich build explanationghat canexplain most
of the desiredbehaiour.

Abductionis alsoapplicableto numeroustherareasncludinglegal reasoningK owalski &

Toni 1996]; visual patternrecognition[Poole 1990]; financialreasoningdHamscherl990];
diagrammaticeasoningMenzies& Compton1994]; machingearning[Hirata 1994];case-
basedreasoning[Leake 1993]; natural-languagerocessingINg & Mooney 1990]; and
analogicalreasoningFalkenhainerl990]. For more on the applicationsof abduction,see
[Menzies199@, Kakas,Kowalski& Toni 1998].

Figure 7: Taskswith an abductivemapping Adaptedirom[Menzies1996q].
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Nor canwe blamethe missingworlds on the temporallinking policies usedin theseexper
iments. Recallthat of the 12 variablesin the fisheriestheory only 2 of them madecross-time
connectionsPerhapsnoreworldswould be obsenedif moreconnectionsveremadeacrosgime.
Experiment #4 testedthis hypothesisA new temporallinking policy wasdefined.In theINODE
(implicit node)linking policy, ary variable X attime copy C' caneffectthatvariableattime copy
C + 1; i.e. for everyvariablewe addtherule:

Xeo—i B Xomin

Experiment#4 repeatsxperiments#1 and#3 usingINODE insteadof XNODE. The results
areshavn in Figure10. The extra time links did leadto more explanations but not mary more
(maximum=5).
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SinceHT4 andHT4-like systemslo notgeneratevild indeterminag, we canendorsesupposi-
tion 8. Still, we mustexplain theserepeatedailuresto generatevild indeterminag. We have two
hypotheses:

e [Menzies1996] notedthat HT4 usesset-cavering abduction i.e. it builds worlds only
from variablesthat connectinputsto goals. An alternatve approachis consisteng-based
abductiorusedin (e.g.)the ATMS [DeKleer1986]which builds worldsfrom all variablesn
the theory(for moreon thesetwo typesof abductionsee[Console& Torassol991]). Set-
covering can usefewer variablesthan consisteng-basedapproachesHence,set-cavering
systemdik e HT4 may generatdewer worldsthanexpected.

e Supposeour software containsa small numberof mastervariablesthat control the larger
numberof slave variablesin the restof the system.In suchmastervariablesystemsworlds
needonly be generateanly for conflictsin the mastervariables;.e. conflictsin thelarger
numberof slave variablesdo not matter Note thatif thereare very few mastervariables,
thenwe needonly generaterery few worlds. Further we canfind thoseworlds very easily
Any randomlygenerategathway from goalsbackto inputs have a high chanceof using
the mastervariables. After generatinga small numberof suchrandompaths,aninference
procedurewould find the key assumptionswithin the mastervariables. Elsevhere, with
Cukic andSingh,Menzieshasofferedevidencesuchmastervariablesystemsarecommon.
This evidencecomesfrom theory [Menzieset al. 2000], experimentationMenzieset al.
1999],andanextensve literaturereview [Menzies& Cukic 2000].

Theabsencef wild indeterminayg in HT4-like systemdassignificantimplicationsfor thecon-
structionof ervironmentsthatsupportdebatedetweene.g.) multiple-staleholderduringrequire-
mentsengineeringRequiremenengineeringesearchersuchasEasterbroofEasterbrookl 991],
Finkelstein [Finkelstein, Gabbay Hunter Kramer & Nuseibeh1994], and Nuseibeh[Nuseibeh
1997] argue that we shouldroutinely expect specificationgo reflect different and inconsistent
viewpoints. A key processwithin deliberationandneggotiationis supportingaguments Argumen-
tation supporternvironmentscan be swampedby a surplusof choices. 20 yes-nochoicesmeans
220 = 1,000, 000 designchoices Elaboratenechanismbave beenbuilt for implementingsuchar-
gumentsg.g.[Menzies1997, Mylopoulos,Chung& Nixon 1992,Nuseibeh& Russol999,Rich
& Feldmanl1992,Boehm,Egyed,Port, Shah,Kwan& Madachy1998]. The resultsof our exper
imentssuggesthatthesemechanismsnay be overly elaboratee.g. whenwe searchacrossthat
spaceof 220 optionsfrom goalsto inputs,we find thatour searchpathsneedonly afew worlds. HTO
is avery simplevariantof HT4 thatexploits this “a few worlds areenough”property[Menzies&
Michael1999]. HTO assumesnastefvariablesystemsThealgorithmgeneratea smallnumberof
randomlyselectedvorldsin sequencei,e. Wy, thenW, thenW,; andsoon. HTO terminatesvhen
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the cover of W; is not muchgreaterthanthe maximumcover found by worlds Wy, W1 ... W;_;.
etc.. Experimentsvith HTO shaw that:

e Maximum cover plateausvery quickly. Thatis, HTO’s partial world searchcanterminate
muchfasterthanHT4'’s rigorousexplorationof all worlds. Hence, HTO is muchfasterthan
HT4. HT4 exploresall worlds. In experimentswith oneimplementatiorof thatalgorithm,
HT4 wasobsenedto runin exponentialtime (HT4 crashedwvhenrunningtheoriesbigger
than1,000hornclauses) HTO, runningon the sameplatform, executedn polynomialtime
andhasterminatedonvery largetheorieup to 18,000hornclauses).

e ForproblemswvhereHT4 terminategi.e. theorieswith < 1000 hornclauses)HTO finds98%
of themaximumcoverfoundby HT4. Thatis, HTO’s partialworld searchcoverednearlyas
muchof thetheoryatHT4’s rigorousexplorationof all worlds.

The above experiments plus the HTO experience suggesthat exploring conflicts within re-
quirementss easierthanwe might have thought. This possibility is explored extensiely else-
where[Menziesetal. 1999].

4 Conclusion

Basedon four experimentsthat performed100,00sof manipulationson a theory we madetwo
counterintuitive findings:

e Reusas harderthenwe hadthought.Oursupposedlyeusableeomponentsvill notcorverge
to similardesignaunlessve canexplorethosecomponentsvith testsuitesthatarelargerthan
thoseseenin currentpractice.

e Exploringthe spaceof contradictoryideasseenin (e.g.) requirement&ngineerings easier
thanwe hadthought.A smallnumberof randomprobesacrosghespaceof possibleconflicts
will find mostof theworlds.

We conjecturehattheseresultsarecounterintuitive sinceour intuitionswerebasedn experience
with dozens,not 100,000sof systems. Our expectationsof software developmentis basedon
our experience. Over the courseof a single professionab careey an individual may seeseveral
dozensystemgat most). From thosefew dozenexamples,that individual forms perceptionsof
the coreissuesand the generalrules of software engineering. In this paperwe have explored
methodsof finding somegeneralrulesof softwareengineeringoasednot on dozensbut 100,00s
of manipulationf atheory

A side-efect of the above analysisis the evolution of a generalmethodfor exploring issues
within softwaredevelopment:
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. Collectrepresentatie theories.

. Definerepresentatie manipulations.

1
2
3. Executemary manipulationverthemary theories.
4. Summarizdheresults.

5

. Considertheimplicationsof thosesummarize®n standarcractice.

Wethink thatthismethods apowerful technique For example,our conclusioncanbedemon-
stratedincorrectif, after applyingthesefive steps,otherresearchergeneratevery differentsum-
mariesto thosedescribedabove.
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