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Most of softwareengineeringesearchs notaboutmostsoftwareengineering.
Much of thatresearchs fundedby large organizationge.g. DARPA) to support
the needsof large software organizations.Large governmentorganizationshave
the following features: projectslast mary years;funds are available for exten-
sive, prolongedanddetailedanalysis;stablelong-termrelationshipexist between
clientsandconsultant®r contractorsthereis no pressurdor immediatedelivery;
andteamsarevery large. Thesefeatureghatarenotreflectedn thewider software
engineeringwheremost software is written by teams(lessthana dozenpeople)
anddeadlinepressureanbe very tight. This mis-matchbetweernresearchedhe-
ory andgenerabpracticewasstarkly visible at the recentinternationalSymposium
on SoftwareReliability (SanJose California,2000). A keynoteaddressrom Sun
Microsystemsshocled the researchers the audiencefew of the techniquesn-
dorsedby the SEresearclttommunityarebeingusedin fast-mwing dot-comsoft-
ware companies.For suchprojects,developersand managerdack the resources
to conductheavyweighsoftwae modeling e.g. the constructionof completede-
scriptionsof the businessnodelor theuserrequirements.

To bettersupportthe fast paceof modernsoftware, we needa new genera-
tion of lightweightsoftwae modelingtools. Lightweight software modelscanbe
built in a hurry andso aremore suitablefor the fast-maing software companies.
However, software modelsbuilt in a hurry can containincompleteand contra-
dictory knowledge. For example, Figure 1 (left handside) shavs a lightweight
model hurriedly assembledabouthappi ness and heal t h and exer ci se.
This modelis ambvalenton numeroudetails. Lines 13 and 14 make contradic-
tory assumptiongboutt r anqui | andLines28-31make contradictoryassump-
tions aboutl i kesSweat . Sincethe model containsno rulesto provet r an-



1 donmmin= 'tutorial e.g. 1'. 1
2 tinme [ mont h=j an, day=18, year =2000, 2 ** FI NDI NGS
3 el n¥' ti m@enzies. com|. 3 happy=t [cost=3.9626, chances=1]
4 known= [basebal|l ,content ,exercise , 4
5 footbal | , happy , heal thy 5 ** REASONS
6 ,likesSweat ,overweight ,rich , 6 content=t [cost=0,chances=1]
7 runni ng , sick ,snoker ,sw mrng 7 happy=t [cost=3.9626, chances=1]
8 ,tranquil]. 8 heal thy=t [cost=3.9626, chances=0]
9 9 |likesSweat=t [cost=0,chances=1]
10 timsays cost=0 and chances=1. 10 overwei ght=t [cost=3.9626, chances=0]
11 happy if rich rors healthy rors content. 11 running=t [cost=3.9626, chances=0.2225]
12 12 snoker=t [cost=0, chances=1]
13 rich if not tranquil. 13 tranquil=t [cost=0, chances=1]
14 content if tranquil. 14 no exercise=t [cost=3.9626, chances=0]
15 15 no sick=t [cost=3.9626, chances=0]
16 healthy if no sick. 16
17 17
18 timsays cost=0 and chances=1. 18 ** FI NDI NGS
19 sick if snoker. 19 happy=t [cost=1.54203, chances=1]
20 sick if overweight. 20
21 21 ** REASONS
22 overweight if no exercise. 22 happy=t [cost=1.54203, chances=1]
23 23 heal thy=t [cost=1.54203, chances=0]
24 exercise if baseball rany running 24 |ikesSweat=f [cost=0, chances=1]
25 rany swiming rany football. 25 overwei ght=t [cost=1.54203, chances=0]
26 26 rich=t [cost=0, chances=1]
27 timsays cost= 1 to ++4 and chances=0 to +1. 27 snoker=t [cost=0,chances=1]
28 baseball if |ikesSweat. 28 swinm ng=t [cost=1.54203, chances=0.1219]
29 running if likesSweat. 29 tranquil=f [cost=0, chances=1]
30 football if IikesSweat. 30 no exercise=t [cost=1.54203, chances=0]
31 swinmming if not |ikesSweat. 31 no sick=t [cost=1.54203, chances=0]
32
33 run :- prove(happy).

Figurel: A lightweightmodel(left) andsomeoutputs(right) generatedisingthe
techniquesliscussedh this paper

qui | orli kesSweat sowe mightassume(t ranqui | andl i keSweat } or
{tranqui | andnot |ikeSweat }or{not tranquil andlikeSweat }or
{not tranquil andnot |ikeSweat }. Also,the precisefinancialcostand
chance®f thedifferentexerciseregimesis notknown to greatdetail. Theconstruct
cost= 1 to ++4 atline 27 meanghatthesethesesportscancostbetweerone
andfour unitseach with themeanleaningheaily towardsfour. The oddsthatthis
authorwill playsportsarecost =0 t o +1 (seeline 27). Thismeanghatthatthe
chance®f me playing sportsarebetweer0 and1, with the meanleaningslightly
towardsone. The otheruniquefeaturesof the languageusedin Figurel1 will be
discussedbelow.

The presencef uncertainandcontradictoryknowvledgein lightweightmodels
complicategheir processing.Supposesomeinferenceengineis trying to build a
proof treeacrossa lightweight software model containingcontradictions.Gabav
et.al.[4] shavedthatbuilding pathwaysacrosgprogramswith contradictionss NP-
hard for all but thesimplestsoftwaremodels(asoftwaremodelis very simpleif it is
very small,or it is asimpletree,or it hasa dependencnetworks with out-degree
< 1). No fastand completealgorithm for NP-hardtaskshasbeendiscovered,
despitedecade®f research.

Empirical resultsoffers new hopefor the practicalityof NP-hardtaskssuchas



reasoningboutlightweightmodelslike Figurel. A repeatedndrobustempirical
resultfrom thesatisfiabilitycommunity(e.g.[12, 1]) is thattheoreticallyslov NP-

hardtasksare only truly slow in a narrav phasetransition zonebetweenunder

constrainedndover-constrainegroblems.Further it hasbeenshavn empirically
thatin boththeunder/oer-constraned zonesseeminglynaive randomizedsearch
algorithmsexecutefasterthan, and nearly as completely as traditional, slower,

completealgorithms[12]. It is easyto seewhy this might be so. In the over-

constrainedcones,it is impossibleto satisfyall constraintssowe neednot search
very long. In theunderconstrainedzone,mary solutionsexist so,onceagain,we

neednot searchverylong. In relatedresearch:

e A literaturereview by Menziesand Cukic found numerouscasesin the
SE andknowledgeengineerinditeraturewherea small numberof random
probesinto a systenmyieldedasmuchinformationasa muchlarger number
of probed8].

e Menzieset.al.developedageneramathematicamodelof randomabductve
searchwhich, on simulation,found that a small numberof randomprobes
into a systemusuallyyieldedasmuchinformationasa muchlarger number
of probed9, 10].

Theseempiricalresultssuggesthatwe mightbeableto simply theexploration
of Figurel usingrandomizedearch Notethatwhatwe cant dois simplytranslate
theresultsfrom the satisfiabilitycommunityinto SE. The predictorsfor the phase
transitionzoneareexpressedn aform thatis toolow-level for theaveragesoftware
engineerg.g.Selmans linearclausemodeldoesnotreferto designstructureghat
the averagesoftware engineemwould recognize[12]. Recentresultssuggesthat
the available predictorsfor the phasdransitionzoneareincompletel5]. We have
somepreliminaryresultsstrongly suggestinghat we cangetbetterandmorede-
tailedpredictordor thephasdransitionzoneby assumindgheoriesareexpresse@s
horn clausesandnot the conjunctve normalform usingby the satisfiabilitycom-
munity [10]. For example,theseresultscancomputea mathematicaprobability
thatrandomizedsearchwill be anadequatesearchstratgy for particularsystems.
Computingthis probabilitywill be essentialf randomizedsearchis to be applied
to safety-criticalsoftware.

My researchencefocuseson randomabductiveseach over horn clausethe-
ories In mary domains softwareengineercanunderstandhorn clauserepresen-
tationsof their models. For example,databasenodelerdind it easyto mapfrom
SQL into the horn clausesof Prolog. Also, oneway to formalize Figure 1 is to
expresstherulesashornclauses.



Abductionis computationalntelligenceprocedurehatis a naturalmethodof
processingheoriescontainingcontradictions.Whenabductionfinds a contradic-
tion, it forks oneworld of belief for eachpossibility Eachworld fixesthe uncer
taintiesin atheoryby committingto a particularsetof consistenassumption$§7].
Randomizedbductionexploresa smallnumberof randomlyselectedixes.

For example, Figure 1 (right handside) shavs two randomabductionsover
our lightweight models. To explain this figure, we have to explain the inference
proceduresisein thatfigure.

e Every known term hasa default cost andchances of 0 and1 respec-
tively.

¢ Rulesinfer termsandruleshave a headanda body separatedy thei f
keyword.

¢ Ourbeliefin arule headarechances timesour beliefin its body andthe
costof believing arule headis the costof believing in its body pluscost .

e Termsthat appearin no rule headare assumptionge.g. t ranqui | and
I i kesSweat ). Oncean assumptionis made,all contradictoryassump-
tionsareforbidden;e.gif we assume i kesSweat thenwe mustnot later
assumaiot | i kesSweat .

e Rulebodiesareconnectedy the standarcbperatoraand, or, not and
by somerandomsearcloperatorsuchasr or s, no, rany.

e Rors( X, Xs,...) first randomlyshufles the order of X;, thentries to
provethemin theshufled order If ary X is proved,thensubsequenroofs
mustbeconsistentvith thoseprior assumptionslf ary X is disprosed,then
r or s movesonto try andprove X (k > 7).

e Rany( Xi1,Xs,...) actslike Rors expectthatit runson a subsetof X;
(subsethoseratrandom).

e No( X) collectsall theevidencefor X andsubtractghatfrom one.

By runningthe above procedureV times,ananalystcansamplethe rangeof pos-
sibilities within alightweighttheory Two suchrunsareshavn in Figurel (right).
Note that we have found two differentwaysto prove happy ness(at lines 3 and
19) but with very differentcosts. By sortingall theserunson increasingcostand
decreasinghanceswe canfind the high chancelow costmethodsof achieving
our goals.In this example,we canbe happy with a costof 1.54 (line 19) if we go
swi mm ng. However, if we gor unni ng instead happy nesswill costus3.96
(line 3).



Related Wor k

Abduction hasbeenextensiely studiedelsevhere and appliedto fields suchas
model-basedliagnosiq7].

Thegenerabroblemof reasoningaboutinconsistenSE modelshasbeenwell
studied. For example,in the SE literature,requirementengineeringesearchers
have explored conflicting requirementgyenerateceither from non-functionalre-
quirementge.g.[11]) or from multiple stale holders(e.qg.[2, 3]). A standardech-
niquefor thisexplorationis somecontradictiortolerantiogic suchastheLTMS[11]
or the quasi-consisteribgics[6]. Thisresearchs anattemptto simplify the stan-
dardtechnique.ln systemsvhererandomsearchcanadequatelyprobea spaceof
uncertaintiesthenvery simpleinferencetechniquewill sufiice to probethespace
of “maybes”. If we candemonstrat¢hatrandomizedsearchs widely useful,then
we candesigna new generatiorof very simplecontradictiontolerantreasoners.

Discussion

The above casestudyis a small studywherea few randomabductve adequately
explored a theory and found cost-efective stratgies for achiezing happyness.
Theopenresearclissues this: for whatdomainscanweguaranteethata practical
numberof runswill suficefor samplingthe behavios of a theory?

If we canbuild a generalpredictorfor wherefastrandomsearchwill sufiice
for lightweight software modeling,thenwe could bettersupportthe fast-paceof
modernSE.For example:

e Supposewe could definelightweightdesignprinciplesthat alwaysleadto
softwaremodelsthat canbe quickly andadequatelyprobedvia randomized
search.For thosesystemswe canquickly discover the implicationsof the
uncertaintiesvithin our lightweightsoftwaremodels.

e Also, we could useour randomizedabductivetheoem provers to optimize
taskssuchasgeneratingestcasedrom specificationsgiagnosinghe cause
of faulty outputs,or understandinghe consequencesf conflicting require-
mentsfrom differentstale holders.

e Further we could defineearly stoppingrulesfor the testinga specification.
In systemsvherefastrandomprobingwill sufiice,asmallnumberof random
probeswill reveal mostof whatwe will reachvia a muchlarger numberof
probes.
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