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Abstract

Designmeanssearchingaspaceof optionsandthis
may be an enormousspace. A mere20 boolean
options implies

���������
	��
�
�	����
�
possibleargu-

ments. If, in the usualcase,this spaceof argu-
mentscontainsmany irrelevant and repeateddis-
putes, then the spaceof critical argumentsmay
bedramaticallysmallerthanthe spaceof all argu-
ments. Thesecritical argumentscanbe found via
stochasticabductionplus induction.

1 Introduction
The late Herbert Simon characterizeddesign as a search
throughaspaceof options[Simon,1969]. Thisdefinitioncan
beextendedasfollows: givensomepredicateGOODthatcan
assessadesign,thenadesigndiscussioncanbecharacterized
asadebatebetweenoptionsin thedesignspacethatmaximize
thescoreof GOOD. In theusualcase,thedesigndiscussion
is complicatedby asetof uncontrollablevariableswhich are
setvia somenondeterministicprocessoutsidethe control of
theanalyst.

At first glance,thenumberof designdiscussionsseemsde-
pressinglarge. A mere20 binaryoptionsimpliesmorethan���������
	��
����	����
�

options. Combinedwith the uncontrol-
lables,this implies thatmany of theseoptionshave a nonde-
terministicresult.

Elaborateheuristictoolshavebeendesignedto cull thede-
sign discussionproblem;e.g.[Steier, 1993]. But the topical
natureof strongheuristicmethodsimplies that theseheuris-
tics may have to laboriouslyhand-craftedfor eachnew do-
main.

Tamingtheprocessof designdiscussionsis a pressingin-
dustrialproblem.We can’t assumethatsoftwarewill bebuilt
by asingleteamin asinglelocationusingasingletool kit for
a singlepurpose.Givenrecentadvancesin Internettechnol-
ogy (e.g. CORBA, the world-wide web), we shouldexpect
thatsoftwaredevelopmentwill begeographicallydistributed.
For suchdistributeddevelopment,it is pragmaticto permit
the paralleldevelopmentof separate‘work pieces”that will
have to be unified at somelater date. At that later date,we
will always be searchinga spaceof possiblycontradictory
ideasto find consistentpartsof theunifieddesign.

Searchinga spaceof possiblycontradictoryideasis NP-
hard. Gabow et.al. showed that building pathways across
spacescontainingcontradictions(e.g. the ��� 	�� ��� ) is NP-
hardfor all but thesimplestspaces(a spaceis very simpleif
it is very small,or it is a simpletree,or it hasa dependency
networkswith out-degree � � ) [Gabow et al., 1976]. Hence
searchingdesignscantakeexponentialtimeandany practical
proof proceduremustusesomeform of incompletesearch.

This article offers an optimistic alternative to the above
pessimism. This new optimism is basedon two points.
Firstly, much researchin the 1990sshowed that theoreti-
cally slow NP-hardtasksaretruly slow only for a very nar-
row rangeof problems.Thatsameresearchappliedstochas-
tic searchto NP-hardproblems,with amazingsuccess.For
example, stochasticsearchmethodsare very effective for
schedulingproblemsandcansolve hardplanningproblems
many timesfasterthantraditionalmethodssuchasa system-
atic Davis-Putnamprocedure[KautzandSelman,1996].

Secondly, many argumentspacescontain funnels; i.e. a
small numberof critical variablesthat setall othervariables
in asystem(themetaphorhereis thatall argumentsrundown
thefunnel) [Menzieset al., 1999]. Theconceptof suchcriti-
cal variableshasbeenreportedin many domains.Thesehave
beencalledavarietyof namessuchas:� Master-variables in scheduling[Crawford and Baker,

1994];� Prime-implicants in model-baseddiagnosis [Rymon,
1994] or machinelearning[Rymon,1993], or fault-tree
analysis[Lutz andWoodhouse,1999].� Backbonesin satisfiability [Parkes,1999;Singeret al.,
2000];� Dominancefiltering in design(describedbelow);� Minimal environmentsin theATMS [DeKleer, 1986];� The basecontroversial assumptionsof HT4 [Menzies
andCompton,1997].

Thecoreintuition in all thesetermsis thesame:whathappens
in the total spaceof a programis controlledby a small criti-
cal region within theprogram.Theoverall sizeof thedesign
spaceis exponentialon the numberof differentassignments
to funnelvariablesin this critical region. Systemswith nar-
row funnelshave very few funnelassignments.If suchsmall
funnelsexist, then the total spaceof designoptionscanre-
duceto merelythespaceof optionssanctionedby thecritical
zones. Oncetheseare optionsare discussedand resolved,



thentherestof theargumentspacereducesdramaticallyand
there� is little left to debate.

Finding the funnelscanbe complex. For example,com-
puting the basecontroversialassumptionsis a NP-complete
task[Menzieset al., 2001]. But note that we don’t have to
try to hardto find the funnel. Sincethe funnelscontrol the
searchspace,weneednotseekthefunnel,it will find us.Any
stochasticallyselectedpathway to goalsmust passthrough
the funnel (by definition). That is, repeatedapplicationof
somefaststochasticsearchtechniquewill stumbleacrossthe
funnelvariables,providing thatsearchtechniquereachesthe
goals.

Stochastictoolsarehencea possiblemethodfor exploring
andreducingdesignoptions.This paperexploresthis possi-
bility. A simplestochasticsearchenginecalledCHEETAH
exercisesargumentspacesexpressedin theJANE rule-based
language.A monitor calledTARZAN watchesfrom above
as CHEETAH chasesJANE around the argument space.
TARZAN builds a log of Jane’s behaviour and learnshow
to nudgeJANE into betterbehaviour. Funneltheorypredicts
thatif designspacescontainnarrow funnels,thenthenudges
will befew andfastto find.

The restof this paperis structuredas follows. Somere-
lated work is discussedfirst. This is followed by a de-
scriptionof funnel theory; evidencein the literatureof nar-
row funnels; and a descriptionof someexperimentswith
JANE/CHEETAH/TARZAN.

2 Related Work

The connectionof this work to abductionis discussedbe-
low (see � 4.4). Anotherrelatedwork is theMAT SAT prob-
lem discussedby (e.g.) AsanoandWilliamson [Asanoand
Williamson,2000]. In MAX SAT, eachclausegetsa weight
andtheinferenceproblemis to find asetof variablebindings
thatmaximizesthesumof theweightsof thesatisfiedclauses.
While the problemis NP-hard,polynomial time algorithms
areknown thatgeneratesolutionswith aperformanceguaran-
teeof � . Theoretically, ����� "! ��# $&%�' exceptin theunlikely
eventthat ()!�*+( . Thestate-of-the-artin MAX SAT areal-
gorithmsthatgenerate��! ��# $
,�,�� [AsanoandWilliamson,
2000].

StandardMAX SAT is different to the designdiscussion
problemdiscussedherein severalways.An openissueat this
time is whetheror not thesedifferencesrule out the useof
MAX SAT in this domain.� Thedesignoptionspaceneednot benecessarilybeex-

pressibleasa finite CNF. In particular, if the software
being designedis for simulationpurposes,thenmulti-
ple assignmentsmay be madeto the samevariable,at
differenttimesin thesimulation.� Not all the variablesin the theorycanbe setwith cer-
tainty by theproofprocedure.Recallthattheuncontrol-
lablevariablesaresetvia somenondeterministicprocess
outsidethe control of the analyst. That is, the assign-
mentsmadeby a proof procedureto theuncontrollables
are uncertain. Hence,the task in designdiscussionis
to find control actions(assignmentsto thecontrollables)

that tendto maximizethe -/.0.21 nessof design,what-
everassignmentsaremadeto theuncontrollables.� In the example shown below, the theory is explicitly
availableandis written in theJANE syntax.TheCHEE-
TAH systemexplorestheoptionswithin theJANE rules
to build a datasetthat TARZAN canprocess.In other
cases,only the data set is available and not the the-
ory. For example,in � 4.2,anexamplewill bepresented
wherea proceduralmodel generateddatafrom Monte
Carlo simulationsof the inputs. The processdiscussed
in the this article shouldbe ableto supportdesigndis-
cussionsin thetheory-lesscase.

3 Funnel Theory
Funneltheoryis a claim thatwithin the spaceof arguments,
thereexist asmallnumberof key decisionsthatdetermineall
others. To introducefunnels,we first say that an argument
spacesupportsreasons; i.e. chainsof reasoningthat link in-
putsin a certaincontext to desiredgoals. Chainshave links
of at leasttwo types. Firstly, thereare links that clashwith
otherlinks. Secondly, therearethelinks thatdependonother
links. Onemethodof arguing lessis to first debatethe non-
dependentclashinglinks. Theresolutionsto thesearguments
will havethegreatestimpactof reducingthesubsequentargu-
ment(s).For example,supposethefollowing argumentspace
is explored using the invariant 3�465748489;:=< 	�� <?> and every-
thing thatis not a @A4B3DCFE��GC or a 5748H7I is opento debate:

HKJMLONPJMLQ@RJ;LQ9SJ;LOE@T4B3DCFE6�C � J;LVUWJGLX5YJ;LOZ[J;L]\^J;L`_OJ;LX5a48H7I@T4B3DCFE6�C � J;LVbSL � 5YJ;LOIcJML]deL � _?J;LX5a48H7I3fJ;LQ4"J;Leg[JGLOh"JGL � E
While all of �BH 	 N 	A#i# h&� is subject to discussion, in the
context of reaching some specified goals from context1
and context2, the only important disputesare the clashes�A5 	�� 5 	 _ 	j� _�� . The �6E 	�� E�� clashis not exercisedin thecon-
text of @A4B3DCFE��GC �
	 @T4B3DCFE6�C �Xk 5a48H&I sinceno reasonusesE
or
� E . Since �l_ 	�� _� arefully dependenton �A5 	�� 5;� , thenthe

coreof thisargumentis onevariable :m�A5;�B> with two disputed
values:trueandfalse.

The funnel of an argument space contains the non-
dependentclashing links; e.g. �A5;� 1 The argumentswith
greatestinformationcontentaretheargumentsaboutthefun-
nel variables,sincethesevariablessettheothers.If thespace
containsnarrow funnelsthen the total argumentspacecan
be greatly reducedto a small numberof highly informative
disputesaboutfunnel variables. For example,supposeour
stakeholdersagreethatg is true, thenin thecontext of argu-
ing abouthow @T4B3DCFE6�GC �
	 @A4B3DCFE��GC �nk 5a48H7I , the argument
spacereducesto:

@T4B3DCFE6�C � J;LVU+JMLX5KJ;LOZoJML]\pJGLq_GJ;L]5748H7I
1Readersfamiliar with theATMS [DeKleer, 1986] will notethe

similarities betweenthe funnel andATMS minimal environments.
However, while both approachesrely on somenogood invariant,
therearesignificantdifferencesbetweentheconsistency-basedtotal
envisionmentsof theATMS andtheset-covering relevantenvision-
mentsdiscussedhere;see[MenziesandCompton,1997] for details.
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Figure 1: A stylized versionof the SFV Viewer. Adapted
from [Josephsonet al., 1998].

The reasoningstartingwith b hasbeenculled since,by en-
dorsingg, we mustrejectsall linesof reasoningthatuse

� 5 .
Also, the reasoningstartingwith H 	 3 areignoredsincethey
are irrelevant in this context; i.e. they do not participatein
reachinga desiredgoal.Further, in this context, thereis little
pointarguingabout �BU 	 Z 	 \ 	 _� sinceif any of thesearefalse,
thennogoalcanbereached.

This small example shows how to argue less through
funnel-basedreasoning. Funnel-basedargumentationfinds
the key arguments,and ignoresnumerousirrelevant argu-
ments. In the above example,a argumentspacecontaining
up to

�&tFu !Xv '
'
, v discussionsabout16 booleanvariables�6H #i# h&� hasbeenreducedto onediscussionaboutonevariable;
i.e. “is 5 trueor false?”.

4 The Funnel Phenomena
If narrow funnelswere common,then we shouldfind evi-
dencethat largespacesof optionscanbereducedto a much
smallerspaceof key options.Thesesectionoffersseveralex-
amplesof exactly this phenomena.

4.1 SFV
TheSeeker, Filter, Viewerarchitecture(SFV)exploresalarge
spaceof designoptions[Josephsonet al., 1998]. The core
intuition of SFV wasthat algorithmicapproachesto design
neednot prematurelycull designoptions. Given the space
CPUavailableto (e.g.)mostengineeringfirms,a hugespace
of designoptionscouldbegenerated.This spacecould then
beexploredusingadominancecriteria:

We say that designcandidateA dominatescan-
didate B if A is superioror equal to B in every
dimensionof evaluationanddistinctly superiorin
at leastone dimension. Dominateddesignsneed
not be consideredfurtherandthey may be filtered
out [Josephsonetal., 1998].

SFV wasfirst testedin the domainof hybrid electricve-
hicle design. Hybrid electric vehiclesare automobilesthat
usebothanelectricalmotorandaninternal-combustion(IC)
engineaspower sources.Suchdesignsmustmake extensive

abbreviations current
situation

proposed
changes

prec= 0..5 precedentness 0, 1
flex = 0..5 developmentflexibility 1, 2, 3, 4 1
resl= 0..5 risk resolution 0, 1, 2 2
team= 0..5 teamcohesion 1, 2 2
pmat= 0..5 processmaturity 0, 1, 2, 3 3
rely = 0..4 requiredreliability 4
data= 1..4 databasesize 2
cplx = 0..5 productcomplexity 4, 5
ruse= 1..5 level of reuse 1, 2, 3 3
docu= 0..4 docorequirements 1, 2, 3 3
time= 2..5 runtimeconstraints ?
stor= 2..5 mainmemorystorage 2, 3, 4 2
pvol = 1..4 platformvolatility 1
acap= 0..4 analystcapability 1, 2 2
pcap= 0..4 programmercapability 2
pcon= 0..4 programmercontinuity 1, 2 2
aexp = 0..4 analystexperience 1, 2
pexp = 0..4 platformexperience 2
ltex = 0..4 experiencewith tools 1, 2, 3 3
tool = 0..4 useof softwaretools 1, 2
site= 0..5 multi-sitedevelopment 2
sced= 0..4 time beforedelivery 0, 1, 2 2

# of combinations= wpxzyj{6|
Figure2: A NASA softwareproject.Unknownsin thecurrent
situationareshown asrangesor, in the caseof total lack of
knowledge,a “?”.

tradeoffsbetweendesignsoptimizedfor IC motorsor electric
motors.Millions of designoptionscanbegenerated.Hence,
afterapplyingdominance,therearestill thousandsof options
to consider. SFV’s Viewer displayedall theseoptionson all
pairsof assessmentcriteria.Figure1 showsthatdisplay:each
dotrepresentsonedesign.Notethattheuserhasselectedare-
gion in theright-bottomplot. Theuserhasindicatedthat the
selectedregion is acceptableto them. All thedesignswithin
thepreferredregionnow wink in theotherplots; i.e. theuser
can seehow their preferenceimpactson other dimensions.
Also, theusercannow removefrom all plotsthedesignsout-
sidetheselectedregion; i.e. theusercanconcentrateonly on
promisingdesigns.

In a resultconsistentwith narrow funnels,theSFV experi-
enceis 99 to 99.9%of thoseoptionscouldbeculled.Joseph-
son (personalcommunication)reportsthat dominanceplus
theViewer let a designteamfind 7 bestdesignsfrom a space
of
�P}~����u

options.

4.2 Software Project Risk
Menzies& Sinselfound that a spaceof 54 million options
containedfound two key variablesthat could most control
therestof thesystem[MenziesandSinsel,2000]. In thatap-
plication,aCOCOMO-basedtool [Madachy, 1997] wasused
to evaluatetherisk thata NASA softwareprojectwould suf-
fer from develop-timeoverrun(thatprojectis shown in Fig-
ure 2. The tool usedin that study requireda guesstimate
of the sourcelines of code(SLOC) in the systemand cer-
tain internaltuningparameterswhich, ideally, arelearntfrom
historical data. Lacking suchdata,Menzies& Sinselused
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Figure3: TOP:A decisiontree(left) andaprunedtree(right)
holdingall branchesthatdo not contradictacap=2.
BOTTOM: Numberof branchesto different risk classifica-
tion. Legend: =low risk =highrisk.

threeguessesfor SLOCandthreesetsof tuningswhich they
took from the literature. Competingstakeholdersproposed
11 changesto a project. Someof the project featureswere
unclearand,for thosefeatures,projectmanagerscouldonly
offer rangesfor the requiredinputs to the COCOMO-based
tool. Theserangesoffered2930 possiblecombinationsfor
theinputs.Whencombinedwith theotheruncertainties,this
generatedaspaceof 54million possibilities(

����,
��};��t�t
*three

guessesfor SLOC* threetunings).
Facedwith this overdoseof possibilities,Menzies& Sin-

selperformed50,000MonteCarlosimulationswherethein-
putsweretakenfrom the54 million possibilities.A machine
learningprogramgenerateddecisiontreesfrom the 50,000
runs. A tree query languagecalled TARZAN then swung
throughthe learnt treeslooking for the leastnumberof at-
tributerangesthathadthebiggestimpacton theoverall soft-
waredevelopmentrisk. TARZAN treatedthelearnttreesasa
spaceof possibilitieswithin theloggedbehaviour. TARZAN
what-if queriesby pruningall branchesin thelearnttreesthat
contradictour what-if possibility2. For example,if we won-
der“what-if acap=2”,thenFigure3, topleft, wouldbepruned
to Figure3, top right. This particular“what-if ” turnsout to
bea badidea.Thehistogramsin Figure3, bottom,show that
this pruningdrivesus into a situationwherethe ratio to low
risk to high risk projectschangesfrom 3:2 to 1:1. That is, if
acap=2, thenwe increaseour chancesof a high-riskproject.

Figure4 showssomeof thewhat-if queriesconductedover
thetreeslearntfrom the50,000runs.Thebaselinerisk profile
is shown in cell A1 of Figure4: prior to thewhat-if queries,
thelearnttreesholdbranchesto 7,24,8low,medium,highrisk
projectsrespectively. Sevenof theproposedchangeshadlit-
tle impacton the baseline.Of the remainingfour proposed
changes,two are clearly superior. Cell A2 shows that that
having moderatelytalentedanalystsand no schedulepres-
sure (acap=[2], sced=[2]) reducedthe risk in this project
nearly asmuchas any other, larger subset. Exception: B2

2Thefanciful nameof TARZAN arosewhenit wasrealizedthat
thesewhat-if queriesare like benevolent agentsswinging through
the treeslooking for waysto changewhat is going on. Tools that
extendTARZAN shouldcomefrom thesamegenre.Hence,JANE
andCHEETAH.

A B C
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Figure 4: Number of branchesto different risk classifica-
tions. Legend: =low risk =mediumrisk
=highrisk.

appliesactionsto remove all branchesto mediumandhigh
risk projects.Nevertheless,Menzies& Sinselrecommended
A2, notB2, sinceA2 seemedto achievemostof whatB2 can
do,with muchlesseffort.

NotethatFigure4 takes
tu th of apageto displayandshows

the key factorsthat control the classificationsof 54,000,000
possibilities. This astonishingreduction in the argument
spaceis consistentwith theCOCOMO-basedtool containing
narrow funnels.

4.3 MYCIN
Medical diagnosisis like a designtask in that tradesoffs
aremadebetweencompetingdiagnoses.To implementthis
trade-off process,theMYCIN medicalexpertsystemallowed
authorsto expresstheir certaintyin a rule asa certaintyfac-
tor (cf) between-1000 to +1000 [Buchananand Shortliffe,
1984]. Somead-hoccombinationrulesweredefinedto con-
trol how thesecertaintiespropagatedandcombined.Subse-
quentresearchrebelledat the ad-hocnatureof the MYCIN
approachandproposedmore theoreticallysatisfyinguncer-
tain reasoningscheme[GordonandShortliffe, 1985].

In a resultconsistentwith funnel theory, experimentssug-
gestedthatelaboratereasoningaboutoptionswithin MYCIN
wasnot necessary. Clancey andCoopermappedthecfs into
the nearestof * values. In the original MYCIN, * =2001.
The Clancey andCopperanalysisset * to 10,5,4,3,and2.
Only after *�� ,

did this significantly effect the compe-
tency of MYCIN [BuchananandShortliffe, 1984]. Further
investigationrevealedthat theMYCIN rulesformeda broad
andshallow reasoningnetwork. That is, the topologyof the
MYCIN argumentspacewas such that any the unknowns
needonly ever interactwith a handfulof otheruncertainties.
Consequently, arguing aboutthe detailsof large scaleinter-
actionsis irrelevantsincesuchlargescaleinteractionscould
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not occurin thatsystem.

4.4 HT0 and HT4
In a resultsconsistentwith the Clancey andCooperresults,
it wasfoundthatmostof thechoicesmadewithin a spaceof
conflictshadthesameneteffect [Menzieset al., 1999]. That
studycomparedtwo abductiveinferencestrategies. Abduc-
tion is a methodof trackingthechoicesmadewhile studying
a model. An abductive inferenceenginesearchesfor goals
while ensuringthatall choicesremaincompatible[Kakaset
al., 1998]. Whenfacedwith incompatiblechoices,anabduc-
tive device hasat leasttwo choices. In full worlds search,
the abductive device forks oneworld of belief for eachpos-
sible resolutionto the choice. In stochastic worlds search,
the abductive device selectsone resolutionat random,then
continueson. Stochasticworldssearchis usuallyperformed
insidea “rest-retry” mechanism.That is, for a limited num-
berof retries,whenthestochasticsearchrunsout of new op-
tions,all optionsareretractedandthewholestochasticworlds
inferenceprocedureruns again. In a very large casestudy
(over a million runs), Menzies,Easterbrook,Nuseibehand
Waughfound that the averagedifferencein reachablegoals
betweenthe stochasticworlds searchandfull worlds search
waslessthan v7� (!!); seeFigure5. That is, stochasticcon-
flict resolutionreachedasmany partsof an argumentspace
asa morerigorousmethod.This resultcanbeexplainedvia
funnel theory. Assumingnarrow funnels,then the stochas-
tic worlds searchusedby Menzies,Easterbrook,Nuseibeh,
Waughfound asmany goalsasthe full worlds searchsince
bothsearcheswerecontrolledby thesamefunnels.

In yet anotherstudy, MenziesandMicheal [Menziesand
Michael, 1999] showed that stochasticworlds searchfound
98% of the goals found by a full worlds search[Menzies
andMichael,1999] (a resultconsistentwith Menzies,Easter-
brook,NuseibehandWaugh).More interestingfrom a prag-
maticperspective,thefull worldssearchranin timeexponen-
tial to modelsizewhile the stochasticabductive searchcan
run muchfasterandscaledup to very largemodels(seeFig-
ure 6). This resultcanbe explainedvia funnel theory. The
stochasticworldssearchusedby Menzies& Michealranex-
tremelyfastsinceit couldquickly samplethefunnelswithout
all theoverheadsof themorerigoroussearch.

5 An Argument Reduction Environment
JANE/CHEETAH/TARZAN is a generaltoolkit for support-
ing lessargumentsbasedon stochasticabduction,followed
by induction. JANE is a simplerule-basedlanguagefor ex-
pressingoptionsin a domain.Eachrule andfact in JANE is
stampedwith thenameof theauthorandthetimeanddateof
its creation.Rulesandfactsfrom differentstakeholderscan
hencebestoredtogetherin onerule-base.Also,eachruleand
factgetsaheuristicchancesmeasure(range0 to 1) thatstores
thelikelihoodof that fact/rule.Finally, a dollar @T4���C valueis
addedto eachfact/rule.In thecurrentversionof JANE, @T4���C
is a once-off set-upcost. Hence,if (e.g.) a fact is accessed
morethanonce,its associateddollarcostis only incurredthe
first time.� ZH&3�@TE8� and @T4���C neednot be specifiedexactly. JANE
authorscanspecifya minimumandmaximumvalue,option-
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1 tim= [month=jan,day=18,year=2001
2 ,elm=’tim@menzies.com’].
3 bob= [month=feb,day=10,year=2001
4 ,elm=’robertf@zbm.com’].
5
6 tim says cost = 0 and chances = 1.
7 r1 if rich rors healthy rors content
8 then happy.
9 r2 if not tranquil then rich.

10 r3 if tranquil then content.
11 r4 if no sick then healthy.
12 r5 if overweight then sick.
13 r6 if no exercise then overweight.
14 t7 if baseball rany running rany swimming
15 rany football then exercise
16
17 bob says cost= 1 to +4 and chances= +0 to 1.
18 r8 if enthusiasm rand likesSweat
19 then baseball.
20 r9 if enthusiasm rand likesSweat
21 then running.
22 r10 if enthusiasm rand likesSweat
23 then football.
24
25 tim says cost= 1 to +4 and chances= +0 to 1.
26 r11 if enthusiasm rand not likesSweat
27 then swimming.
28
29 tim says cost = 2 and chances = 1.
30 r12 if true then enthusiasm.
31
32 run :- prove(happy).
33 runs :- time(proves(1000,’experience.dat’).

Figure7: A sampleJANE knowledgebase.

ally markedwith some“skew”. For example,asampleJANE
rule base,showing contributionsfrom two stakeholders(Tim
andBob) is shown in Figure7. Line 6 shows anexactspec-
ification of @A4��AC s and @AZGH�3�@AEB� while line 17 shows a range
specificationwith a“+” symbolshowing theskew. Internally,
theskew is implementedasa NlE6CFHM:=<?> distributionwith mean< . � � CF4 � meansthat the rangeis thethe randomvariable� �fNlE6CFHM: �# ,�, > } : � J � > while

� CF4��+� meansthattherange
is a randomvariable

� ��NlE6CFHM: ��# v % > } :��RJ � > . Notealsothat
the rules �6� ��	 � �a	 � ,�	 �B� 	 � 'a	 �Bv�� all have the same@T4���C and@AZGH&3�@TE8� shown at line 6. Similarly, the @T4���C and @AZH&3�@TE8� of��� $	 � ��	 � �6� � is setat line 17.

CHEETAH is a stochasticabductive inferenceenginethat
interpretsruleswritten in theJANE syntax.CHEETAH sup-
ports assumption-basedreasoningand randomwalk. If a
JANE rule conditionrequiressomeassumption,andthereis
noevidencefor or againstthatcondition,thenCHEETAH just
makestheassumption.For example,rule � �
� canonly prove���P\�d�d�\�3M5 if it assumes3�4BC�I�\FbaE8�6����EBH�C . This assumption
rulesout NlHa�6E8NlH7I�I 	 �B�G3D3D\�3M5 or UM484BC�NlH7I�I sincethoseconclu-
sionsrequireI�\FbaE8�6����EBH�C (seeline 18,20,22in Figure7).

Sinceassumptionsrule out otherconclusions,CHEETAH
usesa randomwalk mechanismfor stochasticallyselecting
which assumptionsaremade.This randomwalk is a simple
adaptationof standarddisjunctionsandconjunctions.In stan-

dardlanguages,if a testis specifiedas <�H�3�9��)H�3�9�� then
thattestis executedleft-to-right to test < before� before � .
CHEETAH supportsthestandardleft-to-right H&3�9 and 4B� as
well asa randomorderedtest �8H&3�9 and �84B� . If a conditionis
specified(e.g.)

�A��\�d�d�\�3M5/�84B�/UM484BC�NlH7I�IG�84B�/NlHa��E8NlH7I�I
thentheorderof traversalis pickedrandomly. Recallingthe
lastparagraph,thenCHEETAH mayor maynot try to prove���P\�d�d�\�3M5 beforeUM484BC�NTH&I�I in whichcaseassumptionsabout
our dislike of sweatingwould favor swimmingandrule out
theothersports.

When multiple methodsexist for proving something< ,
thenour belief in

� < shoulddecrease.This is implemented
via the 3�4B< operatorwhich sumsthe evidencefor < into���;d , thenreturns

� J����;d .
Otherrandomwalk operatorsof interestare �84B�8� and �BH&3D�

(seelines 7 and14,15in Figure7). �R4B��� specifiesa setof
goalswhich we desireand �8H&3D� specifiesa setof required,
but not totally desirablegoals. For example, ZGH�g�g\�3�E8�B�
might result from being �B\m@AZ , ZGE6H7I�C�Z�� and @T4B3DCFE63DC . How-
ever, in this imperfectworld it is rare that we can achieve�B\m@AZ and ZEBH7I=C�Z� and @T4B3DCFE63DC . Hencewe combinethem
with a �84B��� to askCHEETAH to try andprove asmany of
themaspossible.�RH&3D� is similar in conceptto �84B�8� , but oppositein intent.
While E6�GE6�8@l\F�6E couldbedonevia NTH7�6E8NlH7I�I and �B�G3D3D\�3M5 and���P\�d�d�\�3M5 and UM484BC�NlH7I�I , we probablydon’t want to do all
four exercisesat oncesincethis might leadto (e.g.) muscle
damage.Hencewe combinethemwith a �8H&3D� which must
proveat leastoneof them,but afterthat,it ignoressomeran-
domly selectedportionof the �8H�3D� goals.As with �8H&3�9 and�84B� , the traversalorder of the testingin �8H&3D� and �84B�8� is
pickedat random.�R4B��� and �BH&3D� adoptsthe HT0 [Menziesand Michael,
1999] methodfor traversing a spaceof assumptions:one
shot-proofs, randomordering, plus reset-retry. Whenprov-
ing a setof goals < t �B4B���"< � �84B����<S  #¡#i# , thenthegoal <"¢
only getsone-shot. If a proof of < ¢ fails, then the system
doesnot backtrackto find differentsolutionsto prior goals< t #i#¡# <S£�:�\?!O_[J � > . Instead, <"¢ is marked as unproved
and �B4B��� skipson to thenext goal <"¢�¤ t . One-shotis a very
weakmethodfor proving somethingandonly it worksin do-
mainswith narrow funnels(whereany shotin thedarkwhile
hit somethingof interest).Numerousexperiments[Menzies
and Michael, 1999] strongly suggestthat when one-shotis
combinedwith reset-retry, thenone-shotgreatlyreducesthe
computationalcostof searchingaspaceof contractions.Note
thatif we juggledtheorderof thegoals,thenwe mightavoid
makingan assumptionbeforesearchfor < ¢ that makes < ¢
impossible.Suchorderjuggling comesfor freeaspartof the
stochastictraversalorderof a �B4B��� , plusCHEETAH’s reset-
retry mechanism.Line 33 of Figure7 shows thatCHEETAH
is calledmany times,with the resultingbehaviour loggedto
the file experience.dat. Betweeneachrun, CHEETAH re-
setsits assumptionmemoryand retries its high-level goals
for anothertime. Duringthis latertest,if thesame�84B��� is ac-
cessed,thentherandomorderingor the �84B��� operatormeans
that thegoalsmaybeexploredin a differentorder. This im-
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operator ¥R¦�§�¨�© ¥ ¦mªj«l¬A¦��¨¥¯® °A±
²´³Rµ±A°A±�²´³~µ
¶&· ±6¸�¹j²´³Rµ�º »�°6¸j¹ ¶&· ±6¸�¹j²´³Rµ�º »j¼&½�¾�»j¿A¸

¥¯® ½�¾�Àa²´³~µ±A½�¾�Àa²´³Rµ
Á�Â ÃcÂÄ¡ÅDÆ »�°6¸�¹j²´³ Ä µ Ç Â ÃÈÂÄ¡ÅDÆ »j¼&½�¾�»j¿A¸B²´³ Ä µ

¥¯® ±A°A±B¸B²´³~µ°A±6¸8²´³~µ±A½�¾�É²´³~µ½�¾�É�²´³~µ

Ê�Ë ³Á�Â Ì;ÂÄ¡ÅDÆ »�°6¸�¹j² Ê Ä µ
Ê�Ë ³ÁÍÂ Ì;ÂÄ¡ÅMÆ »�¼&½�¾»�¿A¸8² Ê Ä µ

¥¯® ¾�°
²´³2µ Á ²´½
ÎÏÎi³cº »�°B¸�¹mµ y ÐÁ ²´½
ÎÏÎ¡³Èº »j¼&½�¾�»j¿A¸Tµ
Figure 8: The SET1 combination rules for @T4���C�� and@AZGH&3�@TE8� . In this table, (a) the function “ U;\�����CT:��"> ” returns
thefirst provedelementin � ; (b) � is thesubsetof � that is
provedby theoperator;(c) H7I�I�< findsall solutionsto < ; (d)
thevalueof @AZGH&3�@TE8� is alwayscappedto one.

pliesthatdifferentassumptionsmaybemadebeforetheproof
reaches< ¢ and,hence,< ¢ maybeprovablefor somesubset
of CHEETAH’s runs.

TARZAN performsinduction over the logs of behaviour
seenwhen the CHEETAH abductive inferenceengineex-
ploresthe JANE rules. Recall from Figure7, whenCHEE-
TAH runsJANE, alog of JANE’sbehaviour is storedin expe-
rience.dat. TARZAN searchesthatlog looking for the fewest
numberattribute rangesthat have the largest impacton the
overall behaviour of the system. An exampleof TARZAN
will be presentedbelow, after somediscussionon certain
openissues.

5.1 Open Issues
Therearemany featuresof theFigure7 rulebasethatareopen
to debate. For example,what exactly are the precise @T4���C s
and @AZGH&3�@TE s for eachrule andhow arewe to tally themto-
gether?JANE tallies @T4���C sand @AZGH�3�@AEB� usingacustomizable
setof combinationoperators. This setcaneasilybechanged
but this leavesopenthequestion:which operatorsshouldbe
used?

One set of combination rules is shown are the rules
known as SET1, shown in Figure 8. The rules
for �64B� 	 �B4B� 	 H&3�9 	 �BH&3�9� are simple enough. However,���84B��� 	 4B��� 	 �8H&3D� 	 H&3D� 	 3�4&� aremorecomplex, moreopento
debate.Thesourceof the complexity is that theseoperators
searchfor multiplesolutionswithin adisjunction.It couldbe
arguedthat as the amountof evidenceincreases,the higher
the @�ZH&3�@TE8� but the greaterthe @T4���C (sinceevidencecollec-
tion is expensive). Hence,for �6�84B�8� 	 4B�8� 	 �BH&3D� 	 H&3D�;� both@T4���C and @AZGH&3�@TE8� aresummedtogether.

(Notetheabsenceof a 3�4BC operatorin SET1:JANE applies
deMorgan’s theoremto converte.g. HYH&3�9S3�4BC2:�NRH&3�9K@A> toH?!ÑC~H&3�9�:�N�!ÒUMH7I���ES4B��@�!ÓUMH7I��6E8> . Hence,at runtime,3�4BC is nevercalled.)

SET2is anothersetof combinationruleswhich is almost
the sameasSET1but takesa differentstanceon how @T4���C s
are combined. In SET2, the @T4���C of finding multiple solu-
tionswithin adisjunction(i.e. ���84B��� 	 4B��� 	 �8H&3D� 	 H&3D�G� ) is thedoH��G\�d��;d of thecostof theprovedpartsof thedisjunction.
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Figure9:
� 4��AC and @AZGH�3�@AEB� from 1,000.

Cost
low if � $5 high if

�
$5

Chances low if � 0.85 24.7% 24.3%
high if

�
0.85 21.7% 29.4%

Figure10: Percentageof 1,000runsthatfall into classesthat
combinelow/high @T4���C andlow/high @AZGH&3�@TE8� .

In keepingwith thewholeJANE/CHEETAH/TARZAN ap-
proach,if a debateis possible,we shouldrandomlysimulate
acrossthespaceof possibilities,thenuseinductionto check
which (if any) of thedebatepointsarekey. In thecasestudy
shown below, JANE simulated:� Acrossthe @T4���C and @AZGH�3�@AEB� rangespecifiedin Figure7.� UsingeitherSET1or SET2(pickedoncefor eachrun).

5.2 An Example
Figure9 shows the @A4��AC and @AZGH&3�@TE8� seenin 1,000proofs
of ZGH6g
gG� (asdefinedon lines 6,7 of Figure7). TARZAN’s
task of restrictingthis rangeof behaviour begins by divid-
ing theoutputinto severalclasses.Theclassificationsshown
in Figure 10 were chosenso as to balancethe size of the
different classes(classesof different sizescan bias an in-
ductive learner). Of theseclasses,one is clearly inferior
(low @AZH&3�@TE8� , high @T4���C ), andoneis clearly superior(high@AZGH&3�@TE8� , low @T4���C ). TARZAN’s taskis to find methodsfor
nudgingthe systemaway from inferior andtoward superior
classes.

The versionof TARZAN usedin this studycollectedfre-
quency countsof attribute rangesin the different classes.
Thesecountswereexpressedastherelativemeasure:

seenin superiorclass
seenin otherclass

It was found that, over-riding issuesof variationsin @T4���C��
or @AZH&3�@TE8� , or the combinationrules, assumptionsaboutI=\FbaE8�B����EBH&C greatlycontrolledthe behaviour of the system.Õ \FbaE8�B����EBH&CP!ÖUMH&I��6E (is false)appears3.5 timesmorefre-
quently in low @T4���C , high @AZGH&3�@TE8� classthan in the high@T4���C , high @AZGH&3�@TE8� class. This ratio of 3.5 wasthe biggest
observed differencein the frequency of attribute rangesbe-
tween the desiredand undesiredclasses. Hence,to argue
less, we could just try one what-if query: what-if we set
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Figure 11: Box plots showing changesin the @T4���C s, and@AZGH&3�@TE8� beforeandafter“what-if likesSweat=false”.

“ I�\FbaE8�6����EBH�Cp!)UMH7I���E ”? Theeffectsof thatwhat-if queryis
shown in theboxplotsof Figure11. Thevariancein the @T4���C
hasbeengreatlyreducedandmostof the @�ZH&3�@TE8� arecloseto
one. (this explainswhy thetheright-hand@AZGH&3�@TE8� “box” in
Figure11 is squashedflat: the25%to 75%percentilevalues
areall thesame).

6 Conclusion
Stochasticsearchcanquickly find thekey assumptionswithin
a spaceof conflictingdesignoptions.Assumingnarrow fun-
nels,then:

1. Thesekey assumptionswill befew in number;

2. A fantasticreductionin the numberof designoptions
canberealized.
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