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Abstract Modelsconstraintherangeof possiblebehaviors
de£nedfor a domain.Whenpartsof a modelareuncertain,
the possiblebehaviors may be a data cloud: i.e. an over-
whelmingrangeof possibilitiesthatbewilderananalyst.Faced
with largedataclouds,it is hardto demonstratethatany par-
ticulardecisionleadsto aparticularoutcome.

Evenif we can't make de£nitedecisionsfrom suchmod-
els,it is possibleto £nddecisionsthatreducethevarianceof
valueswithin a datacloud.Also, it is possibleto changethe
rangeof thesefuturebehaviorssuchthatthecloudcondenses
to someimprovedmode.

Our approachusestwo tools. Firstly, a modelsimulator
is constructedthat knows the rangeof possiblevaluesfor
uncertainparameters.Secondly, the TAR2 treatmentlearner
usestheoutputfrom thesimulatorto incrementallylearnbet-
ter constraints.In our incrementaltreatmentlearning cycle,
usersreview newly discoveredtreatmentsbeforethey areadded
to agrowing poolof constraintsusedby themodelsimulator.

1 Intr oduction

Often,duringearlylifecycledecisionmakingin softwareen-
gineering,analystsknow the spaceof possibilities,but not
theconstraintson thatspace.For example:

– They might know qualitatively thatthemore shareddata,
the lessmodi£ableis a softwaresystem.However, they
maynot know theexactquantitative valuesfor this rela-
tionship.

– Theirexperiencemight tell themthattheirsourcelinesof
codeestimatesareinaccurateby 50%.

Whatareouranalyststo do?Onepossibilityis to demand
morebudgetandtime to performfurther analysiswhich re-
moves theseuncertainties.For example,metricscollection
programsmightbecommencedto collectvaluesfor uncertain
parameters.Elsewhere,we have documentedthe impressive
resultsthatcancomefrom suchamethodology/process[30].

Whenelaboratemetricscollectionis too expensive how-
ever, computationalintelligencemethodsmay be useful. If
domainexpertscan offer a rough descriptionof how (e.g.)
variableA effectsvariableB, thenfuzzy logic methods[17,
55] can be usedto perform inferenceover the model,per-
hapsusing the methodsof Jahnke et al. [25]. If the model
representsa situationfor which we have historicaldata,then
geneticalgorithmscanbe usedto mutatethe currentmodel
towardsamodelthatbestcoversthehistoricaldata[3]. Alter-
natively, we couldthrow away thecurrentmodelandusethe
historicaldatato auto-generateanew neuralnetmodel[50].

The premiseof this paperis metricsstarvation; i.e. sit-
uationsin which we canaccessneitherthe relevant domain
expertiserequiredfor fuzzy logic, nor thehistoricaldatare-
quiredfor geneticalgorithmsor neuralnets.Our experience
is that metricsstarvation is common.For example,the ma-
jority of softwaredevelopmentorganizationsdo not conduct
systematicdatacollection.As evidencefor this, considerthe
Software EngineeringInstitute's capability maturity model
(CMM [43]), which categorizessoftwareorganizationsinto
oneof £ve levelsbasedon thematurityof their softwarede-
velopmentprocess.Below CMM level 4, theremay be no
systematicandreliabledatacollection.Below CMM level 3,
theremaynotevenbeawrittende£nitionof thesoftwarepro-
cess.Many organizationsexist below CMM level 31. Hence
reliabledataonSEprojectsis scarce,or hardto interpret.

However, a lack of systematicdatadoesnot meanthat
no inferencescanbemadeaboutsomesoftwaredevelopment
process.If we can't constrainthe rangeof model behavior
with domainmetrics,we canstill make decisionsby survey-
ing therangeof possiblebehaviors.Supposewehaveamodel
expressingwhat is known within a domain.If we areuncer-
tain over partsof that model, thenwe might supply ranges
for thoseuncertainparameters.Whenwe run this model,if
we ever requiresomeuncertainparameter, we might select
andcache a valuefor that parameter, basedon the supplied
ranges.To survey the rangeof possiblebehaviors, we just
re-runthe modelmany times,taking careto clearthe cache
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Figure1.i: Cloud1(fromx4.1) Figure1.ii: Cloud2(fromx4.3)
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Figure1.iii: Cloud1,condensed Figure1.iv:Cloud2,condensed

Fig. 1 Examplesof condensingclouds.Theright-handmodel'scost
valuesarecontinuouswhile theleft-handmodelhasdiscretecosts.
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Fig. 2 Incrementaltreatmentlearning

betweeneachrun. Many variantson this schemehave been
discussedin theliterature.For example:

– Thisschemeis thesameasMonteCarlosimulationswhen
uncertainparametersarejust systeminputs.

– Thisschemeis thesameasabductiveinference[27] where
theuncertainparametersaretruthassignmentsto assump-
tionswithin themodel,andsomeglobal invariantcheck-
ing executesbeforeanew valueis assigned.

The advantageof this “selectandcache”methodis that
the rangeof possiblebehaviors canbe exploredwithout ex-
pensivefurtheranalysis.Thedisadvantageof thisapproachis
dataclouds: anoverwhelmingamountof datathatcloudsand
confusesthe issues.For example,Figure1.i andFigure1.ii
show datacloudsgeneratedfrom casestudiesdescribedlater
in this paper. In these£gures,eachmark representsthecost
andbene£tsassociatedwith asetof decisionsaboutthestruc-
tureof a softwareproject.Notethelargevariancein thepos-
siblecostandbene£tsfrom thedifferentpossibledecisions.

Facedwith suchlarge dataclouds,it is hard to demon-
stratethat any particulardecisionleadsto a particularout-
come.Whatis requiredis somemethodfor condensingthese
cloudsof uncertaintywithout expensive datacollection for
all the uncertainparameters.Ideally, condensationmethods
shouldbeminimal; i.e. they requirea commitmentto only a
smallportionof theuncertainvariableswithin amodel.

This papersexperimentswith minimal condensationus-
ing theTAR2 treatmentlearner [19,24,33–36]. A treatment
learnerseeksthe leastnumberof attribute rangesthat most
differentiate betweendesiredand undesiredbehavior. Fig-
ure 2 shows how TAR2 canbe appliedincrementallyto ex-
plore dataclouds.A simulatorexecutesa model generated
by somemanualmodellingprocess.TAR2 reducesthe data
generatedby the simulatorto a setof proposedtreatments.
After somediscussion,usersaddtheapprovedtreatmentsto
a growing setof constraintsfor thesimulation.Thecycle re-
peatsuntil usersseeno further improvementin thebehavior
of thesimulator. Experimentswith thisapproachhaveshown
thatTAR2 can:

– Reducethevarianceof valueswithin adatacloud
– Improvethemeanof valueswithin dataclouds

For example,Figure1.iii andFigure1.iv show theresultsof
applyingincrementaltreatmentlearningtoFigure1.i andFig-
ure 1.ii. Note that in both studies,the meanof the bene£ts
increased,themeanof thecostsdecreased,andthevariance
in bothmeasureswasgreatlydecreased.

Thenotionthatextra constraintscanreducethespaceof
uncertaintiesishardlysurprising.However, whatissurprising
is how few extra constraintsTAR2 needsto condense(e.g.)
Figure1.ii to Figure1.iv; andhow easilyTAR2 canautomat-
ically £ndthoseconstraints.Theclaimof thispaperis that:

In the average case, a simplealgorithm (TAR2)can
quickly £nd a very small numberof key constraints
that result in massivecondensationsof data clouds
towardssomedesiredgoal.

Therearethreeimplicationsof this claim.Firstly, evenwhen
we don't know exactly whatis goingon within a model,it is
possibleto de£neminimal strategiesto grosslydecreasethe
uncertaintyin thatmodel's behavior.

Secondly, evenif we aren't sureaboutthe impactof cer-
taindecisions,wecanbesurethatcertainotherdecisionswill
beineffective.Decisionsabouttreatmentvariableswill over-
ride decisionsaboutvariablesnot found within a treatment.
Hence,decisionsaboutvariablesoutsidethe treatmentsare
redundant.

Thirdly, incrementaltreatmentlearning can reducethe
costof softwaremodelling.Beforeapplyingelaboratemod-
elling techniquesor tools,it is wiseto try cheaperandsimpler
techniques.Our resultshereshow that even hastily built in-
completemodelscanbeusedfor effective decisionmaking.
Sincemuchcanbelearnt,evenfrom sketchy data,it maybe
possibleto avoid elaborateandextensive andexpensive met-
rics collection.Further, oncethe treatmentsareknown, then
aminimalmetricscollectionprogramcanbede£ned,just for
thefew variablesin thetreatments.
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The rest of this paperdescribesthe detailsof our con-
densationtechnique.TAR2 wasmotivatedby funnel theory
which is a claim thatmostdecisionsareredundantor irrele-
vant. In modelscontainingfunnels,a small numberof key
variablesare enoughto control a model, despitethe large
rangeof possibilitiesoutsidethefunnel.Funneltheoryis dis-
cussedin x2. Our algorithm for £nding the key decisions
within the funnelsis discussedin x3. Casestudiesare then
exploredin x4 whereTAR2 canreducethevarianceandim-
prove themeanof threecasestudies.After that,x5 discusses
whenthis approachmaynot beappropriateandx6 discusses
relatedwork.

2 Funnel Theory

The premiseof this paperis that within the spaceof pos-
sible decisions,thereexist a small numberof key decisions
that determineall others.After Menzies,Easterbrook,Nu-
seibeh,andWaugh,we call this premisefunnel theory- the
metaphorbeingthatall processingrunsdown thesamenar-
row funnel[32].

To introducefunnels,we £rst say that a decisionspace
supportsreasons; i.e.chainsof reasoningthatlink inputsin a
certaincontext to desiredgoals.Chainshave links of at least
two types.Firstly, therearelinks thatclashwith otherlinks.
Secondly, therearethelinks thatdependon otherlinks. One
methodof optimizingthedecisionmakingprocesswould be
to £rstdecideaboutthenon-dependentclashinglinks. These
arethekey decisionssincethey determinemostof theother
non-key decisions.

For example,supposethefollowing decisionspaceis ex-
plored using the invariant nogood(X ; : X ) and everything
thatis notacontext or agoal is opento debate:

a ¡ ! b ¡ ! c ¡ ! d ¡ ! e
context1 ¡ ! f ¡ ! g ¡ ! h ¡ ! i ¡ ! j ¡ ! goal
context2 ¡ ! k ! : g ¡ ! l ¡ ! m ! : j ¡ ! goal

n ¡ ! o ¡ ! p ¡ ! q ¡ ! : e

Like any model, any of f a;b;::qg is subjectto discussion.
However, in thecontext of reachingsomespeci£edgoalsfrom
context1 andcontext2, theonly importantdiscussionsarethe
clashesf g; : g; j ; : j g (the f e;: eg clashis not exercisedin
thecontext of context1; context2 ` goal, sinceno reason
usese or : e). Further, sincef j ; : j g arefully dependenton
f g; : gg, thenthecoredecisionmustbeaboutvariable(f gg)
with two disputedvalues:trueandfalse.

Thefunnelof adecisionspacecontainsthenon-dependent
clashinglinks; e.g. f gg. The decisionswith greatestinfor-
mationcontentarethe decisionsaboutthe funnel variables,
sincethesevariablessettheothers.If thespacecontainsnar-
row funnels(i.e. funnelswith small cardinality)thenthe to-
tal decisionspacecanbegreatlyreducedto a small number
of highly informative disputesaboutfunnel variables.Ana-
lystsarestill freeto debatewhateverthey want(andthey will,
seeminglyendlessly),but with this approach,a funnel-aware
analystcansteerthediscussiontowardstheissuesthattell us

mostabouta domain.The net effect canbe lessargument.
Supposeour analystsagreethatg is true,thenin thecontext
of arguingabouthow context1; context2 ` goal, thedeci-
sionspacereducesto:

context1 ¡ ! f ¡ ! g ¡ ! h ¡ ! i ¡ ! j ¡ ! goal

The reasoningstartingwith k hasbeenculled since,by en-
dorsingg, we mustrejectall linesof reasoningthatuse: g.
In addition,thereasoningstartingwith a;n areignoredsince
they areirrelevant in this context; i.e. they do not participate
in reachinga desiredgoal. Further, in this context, thereis
little point arguingaboutf f ; h; i; j g sinceif any of theseare
false,thennogoalcanbereached.

This small examplesuggestshow funnelscancondense
dataclouds.Datacloudsaretheresultof a wide variationin
modelbehavior. Suchvariationcomefrom choiceswithin a
model relatingto uncertainranges.The morecommitments
we make aboutfunnel variables,the more we collapsethe
spaceof possibilitiesoutsidethe funnel. Hence,decisions
aboutfunnel variablescondensedataclouds,sincethey re-
strict the behavior of a system.Decisionmaking in spaces
containingfunnelscanbesimpleandshort.Oncevaluesfor
the funnel variablesaredecided,all otherdecisionsbecome
redundant.In the above example,we have a decisionspace
containingpotentially217 = 131; 072debatesabout16boolean
variablesf a::qg. A decisionaboutonevariable(i.e. “is g true
or false?”)hasreducedthisspaceto oneoption.

Relyingonnarrow funnelsmayseemanoverly optimistic
approach.Yeta literaturereview suggeststhatsuchoptimism
is well-founded.Therearemany examplesof funnel-like be-
havior in the literature.For exampleHorgan & Mathur [23]
reportthattestingoftenexhibits a saturation effect; i.e. most
programpathsgetexercisedearlywith little furtherimprove-
mentastestingcontinues.Saturationis consistentwith fun-
nels controlling the reachablepartsof a program.If these
funnelswere narrow, therewould be few optionsin a pro-
gram's executionandtestinputswould quickly samplethem
all. Furthertestingover systemswith narrow funnelswould
yield little further informationsinceanything not connected
to thefunnelswouldbe,by de£nition,unreachable.

An analogouseffect to saturationis homogenousprop-
agation. Despitenumerousperturbationson datavaluesus-
ing a programmutator2, Michael foundthat in 80 to 90%of
cases,therewerenochangesin thebehavior of arangeof pro-
grams[40]. AnotherstudycomparedresultsusingX% of ali-
braryof mutators,randomlyselected(X 2 f 10,15,.. .40,100g).
Most of what could be learnt from the programcould be
learnt using only X=10% of the mutators;i.e. after a very
small numberof mutators,new mutatorsactedin the same
manneraspreviously usedmutators[54]. Thesameobserva-
tion hasbeenmadeelsewherein themutationliterature[1,8].
Like saturation,homogenouspropagation is consistentwith

2 A mutantof a programis a syntacticallyvalid but randomly
selectedvariation to a program;e.g. swappingall plus signsto a
minussign.
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Fig. 3 Alternatefunnelsthatleadto somegoal.

funnel theory. If the overall behavior of a systemis deter-
minedby a smallnumberof key variables,thenrandommu-
tation is unlikely to £ndthosevariablesandtheneteffect of
thosemutationswouldbeverysmall.

Homogenouspropagation is observed in proceduralpro-
grams.An analogouseffect hasbeenseenin declarative sys-
tems;i.e. mostchoiceswithin a declarative setof constraints
have little effect on theaveragebehavior. Menzies& Waugh
studiedchoicesin millions of mutationsof a nondeterminis-
tic system.In theirabductiveframework[27,31],aconsistent
setof choicesgenerateda world of belief. Given N binary
choices,therearetheoretically2N possibleworlds.However,
after studyingmillions of generatedworlds they found the
maximum numberof goals found in any world was often
closeto thenumberof goalsfoundin aworld selectedat ran-
dom[39] (onaverage,thedifferencewaslessthan6%).This
observationis inexplicablewithoutnarrow funnels.If choices
hada large impacton whatwasreachedwithin a declarative
system,thenthereshouldbemuchvariability in whatis found
in eachworld.Sincetheobservedvariabilitywassosmall,the
numberof critical choices(a.k.a.funnelvariables)mustalso
besmall.

In fact,theconceptof a funnelhasbeenreportedin many
domainsunderavarietyof namesincluding:

– Master-variablesin scheduling[15];
– Prime-implicantsin model-baseddiagnosis[47] or ma-

chinelearning[46], or fault-treeanalysis[29].
– Backbonesin satis£ability[41,51];
– The dominance£ltering usedin Paretooptimizationof

designs[26];
– Minimal environmentsin theATMS [16];
– Thebasecontroversial assumptionsof HT4 [31].

Whatever the name,the core intuition in all thesetermsis
the same:what happensin the total spaceof a systemcan
becontrolledby a smallcritical region.Thefrequency of the
funnel effect have madeMenzies& Singhsuspectthat fun-
nelsaresomeaveragecasephenomenonthat is emergentin
decisionspaces[37]. To testthis, they considera device that
canchoosebetweenanarrowerandawider funnel.Let some
goal in a systembe reachableby a narrow funnel M or a
widefunnelN shown in Figure3. Underwhatcircumstances
will thenarrow funnelbefavoredover thewide funnel?The
following de£nitionslet usanswerthisquestion:

– Let thecardinalityof thenarrow funnelandwide funnels
bem andn respectively.

0
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Fig. 4 10,000 runs of the funnel simulator. Y-axis shows what
percentageof the runs satis£es

¡
nar r ow

w ide = R
¢

> t. The
pessimistic , lognor mal , andoptimistic distributionsassumea
worst-case,average-case,and best-case(respectively) distribution
for f ai ; bi ; ci ; di g. For moredetails,see[37].

– Eachm membersof the narrow funnel are reachedvia
a pathwith probability ai while eachn membersof the
wider funnelarereachedvia apathwith probabilitybi .

– Two pathsexist from the funnelsto this goal: onefrom
thenarrow neckwith probabilityc andonefrom thewide
neckwith probabilityd. Therefore,theprobabilityof reach-
ing thegoalvia thenarrow pathwayisnar r ow = c

Q m
i =1 ai

while the probability of reachingthe goal via the wide
pathway is wide = d

Q n
i =1 bi .

With thesede£nitions,theMenzies& Singhstudycanbere-
de£nedasthesearchfor conditionsunderwhich

³ nar r ow
wide

= R
´

> t (1)

wheret is somethresholdvalue.
To explore Equation1, Menzies& Singh built a small

simulatorof Figure3, andperformed150,000runsusingdif-
ferentdistributionsfor ai ; bi ; c;d anda wide rangeof values
for m; n. The resultsare shown in Figure 4. For compari-
son purposes,the size of the two funnelsis expressesas a
ratio alpha wheren = alpha ¤ m. As might be expected,
at alpha = 1 the funnelsarethe samesizeandthe oddsof
usingoneof themis 50%.As alpha increases,thenincreas-
ingly R > t is satis£edandthenarrower funnel is preferred
to the wider funnel.The effect is quite pronounced.For ex-
ample,for all thestudieddistributions,afterthewider funnel
is 2.25timesbiggerthanthe narrow funnel, thenin 75% or
moreof therandomsearches,accessingthenarrow funnel is
at least1,000,000timesmore likely asaccessingthe wider
funnel(seethelower graphof Figure4). Interestingly, asthe
probabilityof usingany of ai ; bi ; ci ; di decreases,theoddsof
usingthe narrow funnel increase(seethe pessimisticcurves
in Figure4). That is, narrow funnelsarelikely, especiallyin
spacesthataredif£cult to search.

Theaveragecaseanalyticalresultof Menzies& Singhis
suggestiveevidence,but notconclusiveevidence,thatnarrow
funnelsarecommon.Perhapsa moresatisfyingtestfor nar-
row funnelswould beto checkif, in a rangeof applications,
a small numberof variablesareenoughto control the other
variablesin a model.The restof this paperimplementsthat
check.
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outlook temp(oF) humidity windy? class
sunny 85 86 false none
sunny 80 90 true none
sunny 72 95 false none

rain 65 70 true none
rain 71 96 true none
rain 70 96 false some
rain 68 80 false some
rain 75 80 false some

sunny 69 70 false lots
sunny 75 70 true lots

overcast 83 88 false lots
overcast 64 65 true lots
overcast 72 90 true lots
overcast 81 75 false lots

Fig. 5 A log of somegolf-playingbehavior.

3 Finding the Funnel

A traditionalapproachto funnel-basedreasoningis to £ndthe
funnelsusing somedependency-directedbacktrackingtool
suchas the ATMS [16] or HT4 [31]. Dependency-directed
backtrackingisveryslow, boththeoreticallyandin practice[31].
Further, in thepresenceof narrow funnels,it maybeunnec-
essary. Thereis no needto search for the funnel in orderto
exploit it. Any reasoningpathway to goalsmustpassthrough
thefunnels(byde£nition).Hence,all thatis requiredis to£nd
attributerangesthatareassociatedwith desiredbehavior.

TAR2 is a machinelearningmethodfor £ndingattribute
rangesassociatedwith desiredbehavior. Traditionalmachine
learnersgenerateclassi£ersthat assigna classsymbolto an
example[44]. TAR2£ndsthedifferencebetweenclasses.For-
mally, the algorithm is a contrast set learner [4] that uses
weightedclasses[9] to steerthe inferencetowardsthe pre-
ferredbehavior. Thealgorithmdiffers from otherlearnersin
thatit seekscontrastsetsof minimalsize.

TAR2 canbestbe introducedvia example.Considerthe
log of golf playingbehavior shown in Figure5. This log con-
tainsfour attributesand3 classes.RecallthatTAR2 accesses
a score for eachclass.For a golfer, the classesin Figure5
couldbescoredasnone=2(i.e. worst),some=4, lots=8 (i.e.
best).

TAR2 seeksattribute rangesthat occurmore frequently
in thehighly scoredclassesthanin thelower scoredclasses.
Let a:r besomeattributerangee.g.outlook.overcast. ¢ a:r is
a heuristicmeasureof the worth of a:r to improve the fre-
quency of thebestclass.¢ a:r usesthefollowing de£nitions:

X (a:r ): thenumberof occurrencesof thatattributerangein
classX ; e.g.lots(outlook.overcast)=4.

all (a:r ): total numberof occurrencesof thatattributerange
in all classes;e.g.all(outlook.overcast)=4.

best: thehighestscoringclass;e.g.best= lots;
r est: thenon-bestclass;e.g.r est = f none;someg;
$Class: scoreof aclassClass is $Class.

¢ a:r is calculatedasfollows:

0
1
2
3

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Fig. 6 ¢ distribution seenin golf datasets.The X-axis shows the
rangeof ¢ valuesseenin the gold dataset.The Y-axis shows the
numberof attribute rangesthat have a particular¢ . Outstandingly
high¢ valuesshown in black.

no change outl ook =
overcast

0
2
4
6

5 3 6
0
2
4
6

0 0 4

= none(worst)

= some

= lots (best)

Fig. 7 Finding treatmentsthat canimprove golf playing behavior.
With notreatments,weonlyplaygolf lotsof timesin 6

5+3+6 = 57%
of cases.With the restrictionthat outlook=overcast, thenwe play
golf lotsof timesin 100%of cases.

¢ a:r =

P
X 2 r est ($best¡ $X ) ¤ (best(a:r ) ¡ X (a:r ))

al l (a:r )

Whena.r is outlook.overcast, then¢ outl ook :ov er cast is calcu-
latedasfollows:

l ots ! none
z }| {
((8 ¡ 2) ¤ (4 ¡ 0)) +

l ots ! some
z }| {
((8 ¡ 4) ¤ (4 ¡ 0))

4 + 0 + 0
=

40
4

= 10

Theattributerangesin our golf examplegeneratethe¢ his-
togramshown in Figure6. Notethatoutlook=overcast's¢ is
thehighest,potentiallymosteffective,attributerange.

A treatmentis asubsetof theattributerangeswith anout-
standing¢ a= r value.For our golf example,suchattributes
canbe seenin Figure6: they arethe outlierswith outstand-
ingly large¢ sontheright-hand-side.(Theseoutliersinclude
outlook=overcast).

To apply a treatment,TAR2 rejectsall exampleentries
thatcontradicttheconjunctionof attributerangesin thetreat-
ment.Theratio of classesin theremainingexamplesis com-
paredto the ratio of classesin theoriginal exampleset.The
besttreatmentis theonethatmostincreasestherelative per-
centageof preferredclasses.In thecasewhereN treatments
increasethe relative scoreby thesameamount,thenN best
treatmentsaregeneratedandTAR2 picks oneat random.In
our golf example,a singlebesttreatmentwasgeneratedcon-
tainingoutlook=overcast; Figure7 shows theclassdistribu-
tion beforeandafter that treatment,i.e. if we choosea vaca-
tion locationthatis generallyovercast,thenin 100%of cases
weshouldbeplayinglotsof golf, all thetime.

4 CaseStudies

Thissectionpresentsthreeexamplesof incrementaltreatment
learning.Theexamplesaresortedby modelsize:smallestto
largest.Thelargestand£nalmodelis too detailedto explain
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Claim : Notes

c1 : “amongthefew vital goals”
c2 : “a claimby David Parnas”[42]
c3 : “few assumptionsamonginter-

actingmodules”
c4 : “expectedsizeof datais huge”
c5 : “many implementors familiar

with ADTs” (from domainex-
perts)

Inferencerules:
The benef it of the this network is
the benef it computedfor the top-level
nodegood. This benef it is de£nedre-
cursively asfollows:

– The bene£tof a leaf node is 1 if
it is selected,or 0 otherwise.Leaf
nodesrepresentchoicesin the net-
work. Leafnodesareshown in gray.

– The bene£tof a non-leaf node is
computedfrom its input in¤uences.

– An in¤uenceof an edgeon an up-
streamnode is the product of the
edgeweightandthebenef it of the
downstreamnode.

– Edgeweightsaresetby tablesthat
offer numericvaluesfor f ++,+,=,-
,–g.

– Nodes are either disjunctions or
conjunctions. Conjunctions are
shown asdiamonds.The bene£tof
a conjunction is minimum of the
input in¤uences.The bene£tof a
disjunction is the average of the
input in¤uences.

For a rationaleon why theseruleswere
selected,see [10]. In summary: these
rules were not unreasonableand the
userswantedit that way. Futureexper-
imentsin this domainwill explorevari-
antsto theserules.

Fig. 8 A modelthatassessesarchitecturalchoiceswithin software.Optionswithin themodelaretheleafnodesshown in gray. Theseoptions
canbearchitecturaldecisionssuchastheuseof abstract data types,implicit invocation,pipe& £lter methods,or shareddata. Somelinks
in themodelaredependantof variousclaimsc1::c5 shown top, right of thediagram.For example,claim[c2] is Parnas's [42] argumentthat
having a singlesharedatamodelacrossanentireapplicationhasa negative impacton themodi£abilityof thatprocess.Theinferencerules
of thisdiagramareshown middle,right.
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herebut the secondlargestmodel is explainedin suf£cient
detail for the readerto reproducethe entire experiment.In
all examples,theobjective of incrementaltreatmentlearning
is to £nd a subsetof all possibledecisionsthat reducesthe
varianceand improvesthe meanof the importantvariables
within adatacloud.

4.1 CaseStudyA: SoftwareArchitectures

Figure8showssomearchitecturalassessmentknowledgetaken
fromShaw & Garlan'sSoftwareArchitecturesbook[49]. The
knowledgeis expressedin ourvariantof thesoftgoalnotation
of Chunget al. [12]. In the softgoalapproach,a softgoalis
distinguishedfrom anormalgoalasfollows:

– While a goal haswell-de£nednon-optionalfeatureof a
systemthat mustbe available,a sof tgoal is a goal that
hasnoclearcut criteriafor success.

– While goalscanbeconclusively demonstratedto besat-
is£edor not satis£ed, softgoalscan only be satis£edto
somedegree.

Much is under-constrainedin Figure8. In fact, thereare
421 ¤ 29 ¼ 1015 possibilitieswithin thismodel:

– Theninebooleanchoicesin themodelareleafnodesrep-
resentingsoftware architectureoptionsor claims about
theapplication.Hence,thereare29 combinationsof these
choices.

– Edgesbetweennodesin Figure 8 are annotatedwith a
symboldenotinghow stronglythedownstreamnodeim-
pactstheupstreamnode.Theseannotationsaref ++ ; + ; =
; ¡ ; ¡¡g denotingmakes;helps;equals;hur ts; breaks
(respectively). For thesake of exposition,we saythatthe
valuesfor four of theseannotationscomefrom arangeof
21possiblevalues

1 ¸ X mak es > X helps > X hur ts > X br eak s ¸ ¡ 1

X I 2 f¡ 1; ¡ 0:9; ¡ 0:8; ::0; :::0:9; 1g (2)

(Theexactvalueof equals is not variedsincethis anno-
tation is usedto propagatein¤uencesunchangedover an
edge;i.e.weight(equals) = 1.)
Hence,in the worst case,thereare421 ¼ 1012 possible
edgeweights.

Thesepossibilitiesgenerateawiderangeof behavior. Our
softgoalinterpreter[10] computesa cost andbenefit £gure
resultingfrom a selectionof edgeweightsandchoicesin di-
agramslike Figure8 (thedetailsof this computationaredis-
cussedin the inferencerules table of Figure 8). Figure 1.i
shows therangeof benefit sandcostsseenafter10,000ran-
dom selectionof choicesand edgeweights.Note the large
variancein these£gures.

Toapplyincrementaltreatmentlearningfor thiscasestudy,
we £rstrequirea scoringschemefor thedifferentclasses.In
10,000runs of Figure 8, with no constraintson any selec-
tions,theobservedcosts rangedfrom 1 to 4 andthebenefit

scoring function:

Cost
Bene£t 1 2 3 4

12 1 2 3 4
6 5 6 7 8
0 9 10 11 12
-6 13 14 15 16
-12 17 18 19 20
-18 21 22 23 24

Fig. 9 Classscoringfunction.

round 0:

Cost
Bene£t 1 2 3 4 Totals

12
6 1 2 1 4
0 13 19 15 4 51

-6 10 12 4 1 27
-12 4 6 2 12
-18 3 2 1 1 7

Totals 30 40 24 6 100

Fig. 10 Percentagedistributions of benef it s and costs seenin
10,000runsof Figure8, assumingEquation2 anda randomselec-
tion of architecturaloptionsandclaims.

rangedfrom -18 to 12 (seeFigure1.i). Sincehigh benefit
andlow cost is preferableto highcostandlow benefit , these
rangeswerescoredasshown in Figure9. In that £gure,the
bestrangeis benefit ¸ 12andcost = 1 andtheworstrange
is benefit · ¡ 18andcost = 4.

TAR2 was applied to Figure 8 four times. Eachround
comprised10,000runswhere:

– Edgeweightswereselectedat randomat thestartof each
run from Equation2.

– From the spaceof remainingchoices,architecturalop-
tionsandclaimswereselectedat random.

Initially, norestrictionswereimposedonthearchitectural
optionsand claims. This generatedthe rangesof cost and
benefit shown in Figure1.i.Suchadatacloudishardto read.
A moreinformative representationis thepercentilematrixof
Figure10.Eachcell of this matrix shows thepercentof runs
that falls into a certainrange.Eachcell is coloredon a scale
rangingfrom white (0%) to black(100%).

Figure11showstheresultsof applyingincrementaltreat-
mentlearningto Figure8. Eachroundtook thekey decisions
learntby TAR2 from 10,000examplesgeneratedin thepre-
vious round. 10,000more runs were then performed,with
theselectionof architecturaloptionsandclaimsrestrictedac-
cordingto the currentsetof key decisions.Note that asthe
key decisionsaccumulate,the variancein the behavior de-
creasesandthemeansimprove(decreasedcostandincreased
benefit ).

Thisexperimentstoppedafterfour roundssincetherewas
little observed improvementbetweenround3 and round4.
Figure1.iii shows theresultsof theround3, not round4; i.e.
this experimentreturnedthe resultsfrom round 3, and not

7



K E Y1 = (claim [c1] = yes)

^ (pipe& f il ter [tar get system] = yes)

round 1:

Cost
Bene£t 1 2 3 4 Totals

12 1 2 1 4
6 5 9 3 17
0 11 30 26 7 74

-6 1 2 1 1 5
-12
-18

Totals 12 38 38 12 100

K E Y2 = K E Y1 ^ (shar eddata[tar get systems] = yes)

^ (impl icit inv ocation[tar get system] = no)

round 2:

Cost
Bene£t 1 2 3 4 Totals

12 3 6 9
6 4 17 14 35
0 28 28 56

-6
-12
-18

Totals 32 48 20 100

K E Y3 = K E Y2 ^ (abstract data type[tar get systems] = no)

^ (claim [c3] = no)

round 3:

Cost
Bene£t 1 2 3 4 Totals

12 12 12
6 39 39
0 48 48

-6 1 1
-12
-18

Totals 100 100

K E Y4 = K E Y3 ^ (claim [c2] = yes)

^ (claim [c4] = yes)

round 4:

Cost
Bene£t 1 2 3 4 Totals

12 20 20
6 38 38
0 42 42

-6
-12
-18

Totals 100 100

Fig. 11 Percentilematricesshowing four roundsof incremental
treatmentlearningfor Figure8

round4. By stoppingat round3, analystscanavoid exces-
sive decisionmakingsincethey neednever discussc2; c4; c5

Sw1

B1 B2

B3

Sw2

Sw3

Fig. 12 A qualitativecircuit. From[5].

%sum(X,Y,Z).
sum(+,+,+). sum(+,0,+). sum(+,-,Any).
sum(0,+,+). sum(0,0,0). sum(0,-,-).
sum(-,+,Any). sum(-,0,-). sum(-,-,-).

Fig. 13 QualitativemathematicsusingaPrologsyntax[5].

with theirusers.Alternatively, if in somedisputesituation,an
analystcould usec2; c4; c5 asbargaining chips.Sincethese
claimshavelittle overall impact,ouranalystcouldoffer them
in any con£gurationaspartof somecompromisedealin ex-
changefor theotherkey decisionsbeingendorsed.

4.2 CaseStudyB: Circuit Design

Ournext examplecontainsamodelsomewhatmorecomplex
thanx4.1.Thisexampleis basedonmodels£rstdevelopedby
Bratko to demonstrateprinciplesof qualitative reasoning[5].

While our lastexamplegeneratedcostandbene£t£gures
for a softwareproject,this exampleis a qualitative modelof
acircuit designshown in Figure12.Suchqualitativedescrip-
tions of a plannedpieceof software might appearearly in
thesoftwaredesignprocess.We will assumethat thegoalof
thiscircuit is to illuminatesomearea;i.e. themorebulbsthat
glow, thebetter.

Forexpositionpurposes,weassumethatmuchisunknown
aboutour circuit. All we will assumeis that the topology
of the circuit is known, plus somegeneralknowledgeabout
electricaldevices(e.g.the voltageacrosscomponentsin se-
ries is the sumof the voltagedrop acrosseachcomponent).
Whatwedon't know aboutthiscircuit aretheprecisequanti-
tativevaluesdescribingeachcomponent.

Whenquantitative knowledgeis unavailable,we canuse
qualitativemodels.A qualitativemodelis aquantitativemode
whosenumericvaluesx arereplacedby aqualitativevaluex0

having oneof threequalitative states:+, -, 0; i.e.

x0 = + if x > 0

x0 = 0 if x = 0

x0 = ¡ if x < 0

The sum relationof Figure13 describesour qualitative
knowledgeof addition using a Prolog notation. In Prolog,

8



%bulb(Mode,Light,Volts,Amps)
bulb(blown,dark, Any, 0).
bulb(ok, light, +, +).
bulb(ok, light, -, -).
bulb(ok, dark, 0, 0).

%num(Light, Glow). %switch(State,Volts,Amps)
num( dark, 0). switch(on, 0, Any).
num( light, 1). switch(off, Any, 0).

Fig. 14 De£nitionsof qualitativebulbsandswitches.Adaptedfrom
[5].

1 circuit(switch(Sw1,VSw1,C1),
2 bulb(B1,L1,VB1,C1),
3 switch(Sw2,VSw2,C2),
4 bulb(B2,L2,VB2,C2),
5 switch(Sw3,VSw3,CSw3),
6 bulb(B3,L3,VB3,CB3),
7 Glow) :-
8 VSw3 = VB3,
9 sum(VSw1, VB1, V1), % 9 options

10 sum(V1,VB3,+), % 1 option
11 sum(VSw2,VB2,VB3), % 9 options
12 switch(Sw1,VSw1,C1), % 2 options
13 bulb(B1,L1,VB1,C1), % 4 options
14 switch(Sw2,VSw2,C2), % 2 options
15 bulb(B2,L2,VB2,C2), % 4 options
16 switch(Sw3,VSw3,CSw3),% 2 options
17 bulb(B3,L3,VB3,CB3), % 4 options
18 sum(CSw3,CB3,C3), % 9 options
19 sum(C2,C3,C1), % 9 options
20 num(L1,N1),
21 num(L2,N2),
22 num(L3,N3),
23 Glow is N1+N2+N3.

Fig. 15 Figure12,modelledin Prolog.Adaptedfrom [5].

variablesstartwith uppercaselettersandconstantsstartwith
lower-caselettersor symbols.For example,

sum(+ ; + ; +)

saysthattheadditionof twopositivevaluesisapositivevalue.
Thereis muchuncertaintywithin qualitative arithmetic.For
example

sum(+ ; ¡ ; Any)

saysthat we cannotbe surewhat happenswhen we add a
positiveandanegative number.

Thebulb relationof Figure14 describesour qualitative
knowledgeof bulb behavior. For example,

bulb (blown; dark ; Any; 0)

saysthata blown bulb is dark,haszerocurrentacrossit, and
canhave any voltageat all. Also shown in Figure14 arethe
num andswitch relations.Numde£neshow bright a dark
or light bulb glows while switch describesour qualitative
knowledgeof electricalswitches.For example

switch (on; 0; Any)

saysthatif a switchis on, thereis zerovoltagedropacrossit
while any currentcan¤ow throughit.

The circuit relation of Figure 15 describesqualita-
tive knowledgeof a circuit using bulb, num, sum and
switch . This relationjust recordswhatweknow of circuits
wired togetherin seriesandin parallel.For example:

A

Sw1

B1 B2

B3

Sw2

Sw3

B

Sw1

B1 B2

B3

Sw2

Sw3

C

Sw1

B1 B2

B3

Sw2

Sw3

+

+

- -

Bulb Switch + Closer-OpennerKEY:

Fig. 16 A devicemodelledusingthePrologof Figure16.

%inf(Sign,Bulb,Switch)
inf(Inf,bulb(_,Shine,_,_),switch(Pos,_,_)) :-

inf1(Inf,Shine,Pos).

%inf1(Sign,Glow,SwitchPos)
inf1(+,dark, off). inf1(+,light, on).

inf1(-,dark, on). inf1(-,light, off).

Fig. 17 The inf1/3 predicateusedto connectbulb brightnessto
switches.

– Switch3 andBulb3 arewired in parallel.Hence,the
voltagedrop acrossthesecomponentsmustbe the same
(seeline 8).

– Switch2 andBulb2 arewired in seriesso thevoltage
drop acrossthesetwo devices is the sumof the voltage
drop acrosseachdevice. Further, this summedvoltage
dropmustbethesameasthevoltagedropacrossthepar-
allel componentBulb3 (seeline 11).

– Switch1 andBulb1 arein seriesso the samecurrent
C1 must¤ow throughboth(seeline 12andline 13)

In orderto stresstestourmethod,ourcasestudywill wire
up threecopiesof Figure15 in sucha way that solutionsto
one copy won't necessarilywork in the other copies.Fig-
ure 16 shows our circuit connectedby a setof openers and
closers thatopen/closeswitchesbasedon how muchcertain
bulbsareglowing.For example,thecloserbetweenbulb B2A
andswitchSw1Bmeansthatif B2Aglows thenSw1Bwill be
closed.Theseopenersandclosersarede£nedin Figure17.
Thefull modelis shown in Figure18.

Thelessthatis known aboutamodel,thegreaterthenum-
berof possiblebehaviors.Thiseffectcaneasilybeseenin our
qualitative model.Eachline of Figure15 is labelledwith the
numberof possibilitiesit condones:i.e.

9 ¤ 1 ¤ 9 ¤ 2 ¤ 4 ¤ 2 ¤ 4 ¤ 2 ¤ 4 ¤ 9 ¤ 9 = 3; 359; 232

Copiedthreetimes,thisimpliesaspaceof upto3; 359; 2323 =
1019 options.Evenwhenmany of thesepossibilitiesareruled
out by inter-componentconstraints,thecircuits relation
of Figure18canstill succeed35,228times(somesampleout-
put is shown in Figure19).

Given the goal that the more lights that shine,the better
thecircuit, we assume10classes:0; 1; 2; 3; ::9, onefor every
possiblenumberof glowing bulbs. As shown in Figure20,

9



1 circuits :-
2 % some initial conditions
3 value(light,bulb,B1a),
4 % Uncomment to constrain Sw2c
5 % value(off,switch,Sw2c),
6 % Uncomment to constrain Sw1c
7 % value(on,switch,Sw1c),
8 % Uncomment to constrain Sw3c
9 % value(on,switch,Sw3c),

10 % explore circuit A
11 circuit(Sw1a,B1a,Sw2a,B2a,Sw3a,B3a,GlowA),
12 % let circuit A influence circuit B
13 inf(+,B1a,Sw1b),
14 inf(-,B2a,Sw3b),
15 % let circuit B influence circuit C
16 circuit(Sw1b,B1b,Sw2b,B2b,Sw3b,B3b,GlowB),
17 % propagate circuit B to circuit C
18 inf(-,B3b,Sw2c),
19 inf(+,B2b,Sw3c),
20 % explore circuit C
21 circuit(Sw1c,B1c,Sw2c,B2c,Sw3c,B3c,GlowC),
22 % compute total shine
23 Shine is GlowA+GlowB+GlowC,

24 % make one line of the examples
25 format('˜p,˜p,˜p,˜p,˜p,˜p,˜p,˜p,˜p',
26 [Sw1a,Sw2a,Sw3a,Sw1b,Sw2b
27 ,Sw3b,Sw1c,Sw2c,Sw3c]),
28 format('˜%,˜%,˜%,˜%,˜%,˜%,˜ %,˜%,˜%,˜p',
29 [B1a,B2a,B3a,B1b,B2b,B3b
30 ,B1c,B2c,B3c,Shine]),nl.
31
32 data :- tell('circ.data'),
33 forall(circuits,true), told.
34
35 % some support code
36 value(Sw, switch, switch(Sw,_,_)).
37 value(Light, bulb,bulb(_,Light,_,_)).
38
39 :- format_predicate('%',bulbIs(_,_)).
40
41 bulbIs(_,bulb(X,_,_,_)) :-
42 var(X) -> write('?') |write(X).
43
44 portray(X) :- value(Y,_,X), write(Y).

Fig. 18 Figure16expressedin Prolog.

Sw1a,Sw2a,Sw3a,Sw1b,Sw2b,Sw3b,Sw1c,Sw2c,Sw3c,B1a,B2a , B3a,B1b , B2b , B3b , B1c , B2c , B3c , Shine
on , off , off , on , off , on , off , on , off , ok , blown,ok , blown,blown,blown,blown,blown,blown,2
on , off , off , on , off , on , off , on , off , ok , blown,ok , blown,blown,blown,blown,blown,blown,2
on , off , off , on , off , on , off , on , off , ok , blown,ok , blown,blown,blown,blown,blown,blown,2
on , off , off , on , off , on , off , on , off , ok , blown,ok , blown,blown,blown,ok , blown,blown,2
on , off , off , on , off , on , off , on , off , ok , blown,ok , blown,blown,ok , blown,blown,blown,2
on , off , off , on , on , on , off , on , off , ok , blown,ok , blown,blown,blown,blown,blown,ok , 2
on , off , off , on , off , on , off , on , off , ok , blown,ok , ok , blown,ok , blown,ok , blown,3
on , off , off , on , off , on , off , on , off , ok , blown,ok , ok , blown,ok , blown,ok , ok , 3
on , off , off , on , off , on , off , on , off , ok , blown,ok , ok , blown,ok , blown,blown,blown,3
on , off , off , on , off , on , on , on , off , ok , blown,ok , ok , blown,blown,ok , ok , blown,5

Fig. 19 Someoutputseenin circ.data generatedusingdata (line 32of Figure18).Columnsdenotevaluesfrom Figure16.For example,
Sw1aandSw1bdenotesswitch1 in ciruit A andciruit A respectively.

Untreatedcircuit

0

15

30

45

0 1 2 3 4 5 6 7 8 9
Fig. 20 Frequency countof numberof bulbsglowing in the35,228
solutionsof circuits of Figure18.

within the 35,228runs,therearevery few lights shining.In
fact,onaveragewithin thoseruns,only two lightsareshining.
TAR2'smissionis to explorethespace,trying to £ndkey de-
cisionswhich,whenappliedto thecircuit, canmostimprove
this low level of lighting.

4.2.1Round1 After learningtreatmentsfromtheall 35,228
initial runs,andapplyingthemto the data,TAR2 generated
Figure21.

In summary, Figure21 is sayingthatmakinga singlede-
cisionwill changetheaverageilluminationof thecircuit from
2 to 5 (if Sw2C=off) or 6 (if Sw3C=on).

Forexpositionpurposes,thisexampleassumedthatsome-
thing preventsour usersfrom makingthis key decision;i.e.
Sw3C=on.Our experiencewith incrementaltreatmentlearn-
ing is that this is often the case.When usersare presented
with thenext key decision,they oftenrecallsomekey knowl-

if Sw2C=off then... if Sw3C=onthen...

0

15

30

45

0 1 2 3 4 5 6 7 8 9
0

15

30

45

0 1 2 3 4 5 6 7 8 9
Fig. 21 Run#1of TAR2 over thedataseenin Figure20.

edgethat they neglectedto mentionpreviously. In this case,
we assumedthat it is preferableif switch 3 in circuit C is
notclosed-sincethatwouldviolate(say)thewarrantyoncir-
cuit C. Our analyststhereforeagreedto the next besttreat-
ment,i.e.Sw2C=off; shown in Figure21,left handside(LHS).

4.2.2Round2 After constrainingthe model to Sw2C=off
(i.e. by uncommentingline 5 in Figure18), fewer behaviors
weregenerated:3,264ascomparedto the 35,228solutions
seenpreviously. The frequency distribution of the shining
lights in thisnew situationis shown in Figure22.

Happily, Figure22hasthesamedistributionasFigure21.LHS;
i.e. in this case,when the constraintsproposedby TAR2's
besttreatmentwereappliedto the model,the resultingnew
behavior of the modelmatchedthe new behavior predicted
by thetreatment.
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Figure18whenSw2C=off

0

15
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45

0 1 2 3 4 5 6 7 8 9
Fig. 22 Frequency countof numberof bulbs glowing in the 3,264
solutionsof circuits of Figure18whenSw2C=off.

ExecutingTAR2 again found the next most informative
decision,as shown in Figure 23. Here,TAR2 said that our
besttreatmentwould beto guaranteethatbulb 3 in circuit C
is never blown. Perhapsthis is possibleif we were to use
betterlight bulbswith extra long life £laments.However, for
thesakeof exposition,weassumedthatthereis nobudgetfor
suchexpensive hardware.Hence,to avoid this expense,our
analystsagreedthatalwaysclosingswitch1 in circuit C (as
proposedby Figure23.LHS)is anacceptableaction.

4.2.3Round3 After constrainingthe model to Sw1C=on
(i.e. by uncommentingline 7 in Figure18), fewer behaviors
weregenerated:648ascomparedto the3,264solutionsseen
previously. Thefrequency distributionof theshininglights in
thisnew situationis shown in Figure24.

Figure 24 hasthe samedistribution as Figure 23.LHS.
Thatis, onceagain,TAR2's predictionsprovedaccurate.Ex-
ecutingTAR2 again generatedFigure25 and£ndsthe next
mostinformativedecision.

The cycle could stopheresincethe next besttreatments
are not acceptable.Figure 25.LHS wantsto useoverly ex-
pensive hardwareto ensurethatbulb 3 in circuit C is always
notblown. Figure25.RHSwantsto useanundesirableaction
andcloseswitch3 in circuit C. However, our engineershave
enoughinformation to proposesomeoptionsto their man-
ager:if they increasetheirhardwarebudget,they couldmake
the improvementsshown in Figure25.LHS.Alternatively, if
therewassomeway to renegotiatethewarranty, thentheim-
provementsshown in Figure25.RHScouldbeachieved.

To verify this, our engineerscontinueconstrainingFig-
ure 18 to the caseof Sw3c=onby uncommentingline 9 in
Figure18.Theresultingdistributionslookedexactly likeFig-
ure25.RHS.Further, only 64solutionswerefound.Notethat
this observation is consistentwith funnel theory: resolving
threeof the top treatmentsproposedby TAR2 constrained

whenSw2c=off then whenSw2c=off then
if Sw1C=onthen... if B3C=okthen...

0
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45

0 1 2 3 4 5 6 7 8 9
0
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30

45

0 1 2 3 4 5 6 7 8 9
Fig. 23 Run#2of TAR2 over thedataseenin Figure22.

Figure18whenSw2C=off andSw1C=on

0

15

30

45

0 1 2 3 4 5 6 7 8 9
Fig. 24 Frequency countof numberof bulbsglowing in the648so-
lutionsof circuits of Figure18whenSw2C=off andSw1C=on.

our systemto one£fth of onepercentof its original 35,228
behaviors.

4.3 CaseStudyC: SatelliteDesign

Our third exampleis muchlargerthatthentwo previous.For
reasonsof con£dentiality, the full detailsof this third model
cannotbe presentedhere.Further, this modelusesso much
domain-speci£cknowledgeof satellitedesignthatthegeneral
readermight learnlittle from its full exposition.

Analystsat theJetPropulsionLaboratorysometimesde-
batedesignissuesby building a semanticnetwork connect-
ing designdecisionsto requirements[14]. Thisnetwork links
faultsandrisk mitigationactionsthateffecta treeof require-
mentswritten by the stakeholders(seeFigure26). Potential
faultswithin aprojectaremodelledasin¤uencesontheedges
betweenrequirements.Potential£xesaremodelledasin¤u-
enceson theedgesbetweenfaultsandrequirementsedges.

Thiskindof requirementsanalysisseekstomaximizeben-
e£ts(i.e., our coverageof the requirements)while minimiz-
ing thecostsof therisk mitigationactions.Optimizingin this
manneris complicatedby the interactionsinside the model
- a requirementmay be impactedby multiple faults,a fault
may impact multiple requirements,an action may mitigate
multiple faults,anda fault maybemitigatedby multiple ac-
tions.For example,in Figure26,fault2andrequire4areinter-
connected:if we cover require4thenthatmakesfault2 more
likely which,in turn,makesfault1morelikely whichreduces
thecontributionof require5to require3.

The net canbe executedby selectingactionsandseeing
whatbene£tsresults.Onesuchnetwork included99possible
actions;i.e. 299 ¼ 1030 combinationsof actions.The data
cloud of Figure1.ii wasgeneratedafter 10,000runswhere
eachrun selectedat randomfrom the 99 options.Note the
widevariancein thepossiblebehaviors.

whenSw2C=off whenSw2C=off
andSw1C=onthen andSw1C=onthen
if B3C=okthen... if Sw3C=onthen...

0
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0 1 2 3 4 5 6 7 8 9
0

15

30

45

0 1 2 3 4 5 6 7 8 9
Fig. 25 Run#3of TAR2 over thedataseenin Figure24.
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require1 fault1

action1
require2

require4
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1

0.3

0.9
- 0.3

- 0.1
1

action2

fault2

action3

1

1

fault3

0.4

0.4

0.9

action4

action5

1

1

1

- 0.1

Faces denoterequirements;
Toolboxes denoteactions;
Skulls denotefaults;
Conjunctionsaremarkedwith onearc;e.g.require1if require2and

require3.
Disjunctions aremarkedwith twoarcs;e.g.fault1if fault2or fault3.
Numbers denoteimpacts;e.g.action5reducesthe contribution of

fault3 to fault1, fault1 reducesthe impactof require5, andac-
tion1 reducesthenegative impactof fault1.

Oval denotesstructuresthatareexpressiblein the latestversionof
theJPLsemanticneteditor(underconstruction).

Fig. 26 Above: a semanticnetof thetypeusedat JPL[18] Below:
explanationof symbols.

Theresultsof incrementaltreatmentlearningis shown in
Figure27. The£rstpercentilematrix (calledround 0) sum-
marizesFigure1.ii. As with all our otherexamples,asincre-
mentaltreatmentlearningis applied,thevarianceis reduced
andthemeanvaluesimprove (compareround 0 with round
4 in Figure 27). In a result consistentwith funnel theory,
TAR2 couldsearcha spaceof 1030 decisionsto £nd30 (out
of 99) thatcrucially effectedthecost/bene£tof thesatellite;
i.e.TAR2 found99-30=69decisionsthatcanbeignored[19].

For comparisonpurposes,a geneticalgorithm(GA) was
alsoappliedto the sameproblemof optimizedsatellitede-
sign [48]. The GA alsofound decisionsthat generatedhigh
bene£t,low costprojects.However, eachsuchGA solution
commentedoneverypossibledecisionsandtherewasnoap-
parentway to ascertainwhich of thesearethe mostcritical
decisions.TheTAR2 solutionwasdeemedsuperiorto theGA
solutionby thedomainexperts,sincetheTAR2 solutionre-
quiredjust30actions.

5 When Not to UseIncr ementalTreatmentLearning

Ourapproachis aninexpensivemethodof generatingcoarse-
grainedcontrollersfrom rapidly written modelscontaining
uncertainties.This kind of solution is inappropriatefor cer-
tainclassesof softwaresuchasmissioncritical or safetycrit-
ical systems.For thosesystems,analystsshouldmovebeyond
TAR2 andapplymoreelaboratemodellingmethodsandex-
tensive datacollectionto ensureexactandoptimalsolutions.

round 0:

Cost
Bene£t 400K 600K 800K1,000K Totals

250 6 15 5 26
200 1 22 27 4 54
150 1 6 5 1 13
100 3 3 6
50 1% 1

Totals 2 38 50 10 100

round 1:

Cost
Bene£t 400K 600K 800K1,000K Totals

250 7 45 13 65
200 12 22 1 35
150
100
50

Totals 19 67 14 100

round 2:

Cost
Bene£t 400K 600K 800K1,000K Totals

250 9 8 7 24
200 18 58 76
150
100
50

Totals 27 66 7 101

round 3:

Cost
Bene£t 400K 600K 800K1,000K Totals

250 9 70 11 90
200 3 7 10
150
100
50

Totals 12 77 11 100

round 4:

Cost
Bene£t 400K 600K 800K1,000K Totals

250 1 81 17 99
200 1 1
150
100
50

Totals 1 82 17 100

Fig. 27 Percentilematricesshowing four roundsof incremental
treatmentlearning for JPL satellite design.The data clouds for
round 0 andround 4 appearasFigure1.ii andFigure1.iv (respec-
tively).

Thereareseveralothersituationswhereincrementaltreat-
mentlearningshouldnotbeused.Whentrustedandpowerful
heuristicsareavailable for a model, thena heuristicsearch
for modelpropertiesmayyield insight thanrandomtrashing
within a model.Suchheuristicsmight bemodelledvia (e.g.)
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fuzzymembershipfunctionsor bayesianpriorsre¤ectingex-
pert intuitionson how variableseffect eachother. Of course,
suchheuristicsmustbecollected,assessed,andimplemented.
Whenthecostof suchcollectionandassessmentandimple-
mentationis too great,thenour approachcould be a viable
alternative.

Also, our approachrequiresrunningmodelsmany thou-
sandsof timesandthereforecan't beappliedto modelsthat
aretoo expensive or too slow to executemany times.For ex-
ample:

– It may be too expensive or dangerousto conductMonte
Carlo simulationsof in-situ processcontrol systemsfor
largechemicalplantsor nuclearpowerstations.

– Supposesomeembeddedpieceof softwaremustbe run
on a specializedhardware platform. In the casewhere
severalteamsmustaccessthisplatform(e.g.thetestteam,
thedevelopmentteam,thegovernmentcerti£cationteam,
andthe deploymentteam),thenit may be impossibleto
generatesuf£cient runsfor incrementaltreatmentlearn-
ing.

– Many applicationsconnectuseractionson somegraphi-
cal userinterfaceto databasequeriesandupdates.Monte
Carlosimulationsof suchapplicationsmaybevery slow
sinceeachvariablereferencemight requirea slow disk
accessor a userclicking on some“OK” button.An ideal
applicationsuitablefor incrementaltreatmentlearningcom-
prisesa separatemodelfor thebusinesslogic which can
beexecutedwithout requiring(e.g.)screenupdatesor
databaseaccesses.

6 RelatedWork

6.1 Prior TAR2Results

Otherpublicationsontreatmentlearninghaveassumeda“one-
shot” useof TAR2 [24,34–36]. This paperassumesanitera-
tive approach.Our experiencewith usersis thatthis iterative
approachencouragestheirparticipationin theprocessandin-
creasestheir senseof ownershipin theconclusions.

6.2 Entropy-BasedLearners

TAR2'streatmentsmightbeviewedastheattributesthatmost
inform the decisionmaking process.Holders of that view
might thereforearguethat treatmentscouldbebetterformed
using entropy measuresof information content.Many ma-
chine learnershave usedsuchmeasuresincluding the top-
down decisiontree induction algorithm C4.5 [45]. The at-
tribute that offers the largestinformationgain is selectedas
the root of a decisiontree.The exampleset is thendivided
up accordingto which examplesdo/donot satisfythetestin
theroot.For eachdividedexampleset,theprocessis thenre-
peatedrecursively. The informationgain of eachattribute is
calculatedasfollows. A treeC containp examplesof some
classandn examplesof otherclasses.The information re-
quiredfor thetreeC is asfollows [44]:

I (p; n) = ¡
µ

p
p + n

¶
log2

µ
p

p + n

¶
¡

µ
n

p + n

¶
log2

µ
n

p + n

¶

SaythatsomeattributeA hasvaluesA1; A2; :::Av . If we se-
lect A i asthe root of a new sub-treewithin C, this will add
a sub-treeCi containingthoseobjectsin C thathave A i . We
canthende£netheexpectedvalueof theinformationrequired
for thattreeastheweightedaverage:

E (A) =
vX

i =1

µ
pi + n i

p + n

¶
I (pi ; n i ) (3)

Theinformationgainof branchingonA is therefore:

gain (A) = I (p;n) ¡ E (A)

Figure28.A shows thekind of decisiontreegeneratedusing
C4.5 from 506 examples.Figure 28.B shows the treatment
learntby TAR2 from thesamedata.Note that the treatment
is muchsmallerthat the treelearntby C4.5.It turnsout that
C4.5's informationmeasureis not thebestmethodfor form-
ing treatments.Equation3 selectsattributesthatmostreduce
the diversity of classesseenin the examplesthat fall into a
subtree.Treatmentlearnersneedsadifferentkind of measure;
i.e. onethatthat£ndsattributerangeswhich occurmorefre-
quentlyin desiredclassesthanin theundesiredclasses.

Decision tree learnerslike C4.5 can be usedas a pre-
processorto treatmentlearning.The TAR1 system(called
TARZAN) [38] swungthroughthe decisiontreesgenerated
by C4.5and10-way cross-validation.TARZAN returnedthe
smallesttreatmentsthat occurredin most of the ensemble
that increasedthe percentageof branchesleading to some
preferredhighly weightedclassesanddecreasedthepercent-
ageof branchesleadingto lower weightedclass.TAR2 was
asexperimentwith applyingTARZAN's treepruningstrate-
giesdirectlyto theC4.5examplesets.Theresultingsystemis
simpler, fastto execute,generatessmallertheoriesthatC4.5,
anddoesnot requirecalling a learnersuchasC4.5asa sub-
routine.

6.3 AssociationRuleLearning

Anotherwayto categorizeTAR2 is aweighted-classminimal
contrast-setassociationrulelearnerthatusescon£dencemea-
suresbut not support-basedpruning. This sectiondiscusses
thoseterms.

Top-downdecisiontreeclassi£erslikeC4.5andCART [7]
learnruleswith a singleattributepair on theright-handside;
e.g.class=goodHouse. Associationrule learnerslike APRI-
ORI [2] generaterulescontainingmultiple attributepairson
both the left-hand-sideandthe right-hand-sideof the rules.
Thatis, classi£ershaveasmallnumberof pre-de£nedtargets
(theclasses)while, for associationrule learners,thetarget is
lessconstrained.
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Figure28.A:A learntdecisiontreefromC4.5.Classes(right-hand-side),top-to-bottom,are “high”, “medhigh”, “medlow”, and“low” This
indicatesmedianvalueof owner-occupiedhomesin $1000's.
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Figure28.B:Treatmentslearnt in thesamedomain:

Treatment nothing 6:7 · R M < 9:8
^ 12:6 · P T R AT I ON < 15:9

Results 0
25
50
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100

21 21 29 29

0
25
50
75

100

0 0 3

97

N 506 38

Fig. 28 TheorieslearntbyC4.5andTAR2 fromthe506casesin HOUSINGexamplefromtheUC Irvinemachinelearningrepository(http:
//www.ics.uci.edu/˜mlearn/MLRepository.html ). Thebottomtableshows thedistributionsof theclassesin theexampleset
(left-hand-side)andtheresultsof thelearnttreatment(right-hand-side).In thetreatment“PTRATIO” denotesthepupil-teacherratioby town
and“RM” denotestheaveragenumberof roomsperdwelling.

Generalassociationrule learnerslike APRIORI input a
setof D transactionsof itemsI andreturnassociationsbe-
tweenitemsof the form LH S ) RH S whereLH S ½ I
andRH S ½ I andLH S \ RH S = ; . In the terminology
of APRIORI, an associationrule hassupports if s% of the
D containsX ^ Y ; i.e. s = jX ^ Y j

jD j (wherejX ^ Y j denotes
thenumberof examplescontainingbothX andY). Thecon-
£dencec of anassociationrule is thepercentof transactions

containingX which alsocontainY ; i.e. c = jX ^ Y j
jX j . Many

associationrule learnersusesupport-basedpruningi.e.when
searchingfor ruleswith highcon£dence,setsof itemsI i ; :::I k

areonly be examinedonly if all its subsetsareabove some
minimumsupportvalue.

Specializedassociationrule learnerslike CBA [28] and
TAR2 imposerestrictionson the right-hand-side.For exam-
ple,TAR2'sright-hand-sidesshow apredictionof thechange
in theclassdistribution if theconstraintin theleft-hand-side
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wereapplied.TheCBA learner£ndsclassassociationrules;
i.e.associationruleswheretheconclusionis restrictedto one
classi£cationclassattribute. That is, CBA acts like a clas-
si£er, but canprocesslarger datasetsthat (e.g.)C4.5.TAR2
restrictstheright-hand-sideattributesto just thosecontaining
criteriaassessment.

A commonrestrictionwith classi£ersis thatthey assume
theentireexamplesetcan£t into RAM. LearnerslikeAPRI-
ORI aredesignedfor datasetsthat neednot residein main
memory. For example,Agrawal and Srikant report experi-
mentswith associationrulelearningusingverylargedatasets
with 10,000,000examplesandsize843MB[2]. However, just
likeWebb[53], TAR2 makesthe“memory-is-cheapassump-
tion”; i.e.TAR2 loadsall it' s examplesinto RAM.

Standardclassi£eralgorithmssuchasC4.5or CART have
noconceptof classweighting. Thatis, thesesystemshaveno
notion of a goodor bad class.Suchlearnersthereforecan't
£lter their learnt theoriesto emphasizethe location of the
good classesor bad classes.Associationrule learnerssuch
asMINWAL [9], TARZAN [38] andTAR2 exploreweighted
learningin whichsomeitemsaregivenahigherpriority weight-
ing thatothers.Suchweightscanfocusthe learningonto is-
suesthatareof particularinterestto someaudience.

Support-basedpruningis impossiblein weightedassoci-
ationrule learningsincewith weighteditems,it is notalways
true that subsetsof interestingitems(i.e. wherethe weights
are high) are also interesting[9]. Another reasonto reject
support-basedpruningis that it canforce the learnerto only
missfeaturesthat apply to a small,but interestingsubsetof
the examples[52]. Without support-basedpruning,associa-
tion rule learnersrely on con£dence-basedpruningto reject
all rulesthatfall below aminimal thresholdof adequatecon-
£dence.TAR2'sanalogueof con£dence-basedpruningis the
¢ measureshown in x3.

Oneinterestingspecializationof associationrule learning
is contrastsetlearning. Insteadof £ndingrulesthatdescribe
thecurrentsituation,associationrulelearnerslikeSTUCCO[4]
£ndsrulesthatdiffer meaningfullyin theirdistributionacross
groups.Forexample,in STUCCO,ananalystcouldask”what
are the differencesbetweenpeoplewith Ph.D. and bache-
lor degrees?”.TAR2's varianton theSTUCCOstrategy is to
combinecontrastsetswith weightedclasseswith minimal-
ity. That is, TAR2 treatmentscanbe viewed asthe smallest
possiblecontrastsetsthatdistinguishsituationswith numer-
oushighly-weightedclassesfromsituationsthatcontainmore
lowly-weightedclasses.

6.4 FunnelTheory

Our developmenton funnel theory owes much to the deK-
leer'sATMS(assumption-basedtruthmaintenancesystem)[16].
As new inferencesaremade,theATMS updatesits network
of dependenciesand sortsout the currentconclusionsinto
maximallyconsistentsubsets(which we would call worlds).
Narrow funnelsare analogousto minimal environmentsof
small cardinality from the ATMS research.However, fun-
nels differ from the ATMS. Our view of funnelsassumea

set-coveringsemanticsandnot theconsistency-basedseman-
tics of theATMS (thedifferencebetweenthesetwo views is
detailedin [13]). Theworldsexploredby funnelsonly con-
tain thevariablesseenin thesubsetof a modelexercisedby
thesuppliedinputs.An ATMS world containsa truth assign-
mentto every variablein thesystem.Consequently, theuser
of anATMS maybeoverwhelmedwith anexponentialnum-
berof possibleworlds. In contrast,our heuristicexploration
of possibleworlds,whichassumesnarrow funnels,generates
a more succinctoutput.Further, the ATMS is only de£ned
for modelsthat generatelogical justi£cationsfor eachcon-
clusion.Iterative treatmentlearningis silent on the form of
the model:all it is concernedwith is that a model,in what-
everform,generatesoutputsthatcanbeclassi£edintodesired
andundesiredbehavior.

6.5 Fault Trees

Wearenot the£rstto notevariability in knowledgeextracted
from users.Leveson[22] reportsvery large variancesin the
calculationof rootnodelikelihoodin softwarefault treeanal-
ysis:

– In onecasestudyof 10 teamsfrom 17 companiesand9
countries,thevaluescomputedfor rootnodelikelihoodin
treesfrom differentteamsdifferedby afactorof upto 36.

– Whenauni£edfaulttreewasproducedfromall theteams,
disagreementsin theinternalprobabilitiesof thetreevar-
ied less,but still by a factorof 10.

Thework presentedheresuggestsa novel methodto re-
solveLeveson'sproblemwith widely varyingrootnodelikli-
hoods.If funneltheoryis correct,thenwithin thespaceof all
disagreementsin theuni£edfaulttree,thereexist averysmall
numberof key valuesthatcrucially impacttherootnodelike-
lihood.UsingTAR2 thefeudingteamscouldrestricttheirde-
batesto just thosekey decisions.

6.6 BayesianReasoning

We do not useBayesianreasoningfor uncertainmodelsfor
thesamereasonwedon't usecomputationalintelligencemeth-
ods.Recallfrom ourintroductionthatthiswork assumesmet-
rics starvation: i.e. the absenceof relevant domainexper-
tise or speci£cnumericvaluesin the domainbeingstudied.
Bayesianmethodshave beenusedto sketch out subjective
knowledge(e.g.our softwaremanagementoracle),thenas-
sessandtunethatknowledgebasedonavailabledata.Success
with this methodincludestheCOCOMO-II effort estimation
tool [11] and defect predictionmodelling [20]. In the do-
mainswherestatisticaldataon cause-and-effect arelacking
(e.g.our metricsstarved domains),we have to approximate
(i.eguess/make-up)somevaluesto describethemodel.Since
therearetoo many uncertaintieswithin themodel,Bayesian
reasoningmaynotyield stableresult.
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6.7 Simulationfor DecisionMaking

Other researchhasexplored simulation for making design
decisions.Bricconi et al. [21] built a simulatorof a server
on a network, thenassesseddifferentnetwork designsbased
on their impacton the server. MenziesandSinselassessed
softwareprojectrisk by runningrandomlyselectedcombina-
tionsof inputsthroughasoftwarerisk assessmentmodel[38].
Josephsonet al. [26] executedall known optionsin a carde-
signto £nddesignsthatwerebestfor city driving conditions.
Bratko et al. [6] built qualitative modelsof electricalcircuits
andhumancardiacfunction.Whereuncertaintyexistedin the
model,or in thepropagationrulesacrossthemodel,aBratko-
stylesystemwouldbacktrackover all possibilities.

Simulation is usually paired with somesummarization
technique.Ourresearchwaspromptedbycertainshort-comings
with the summarizationtechniquesof others.Josephsonet
al. useddominance£ltering (a Paretodecisiontechnique)to
reducetheir millions of designsdown to a few thousandop-
tions.However, theirtechniquesaresilentonautomaticmeth-
ods for determiningthe differencebetweendominatedand
undominateddesigns.Bratko et al. usedstandardmachine
learnersto summarizetheir simulations.MenziesandSinsel
attemptedthesametechnique,but foundthelearnttheoriesto
betoo largeto manuallybrowse.Hence,they evolveda tree-
querylanguage(TAR1) to £nd attribute rangesthat wereof
verydifferentfrequenciesondecisiontreebranchesthatlead
to differentclassi£cations.TAR2 grew out of therealization
that all the TAR1 searchoperationscould be appliedto the
examplesetdirectly, without needinga decisiontreelearner
as an intermediary. TAR2 is hencemuch fasterthan TAR1
(seconds,nothours).

7 Conclusion

Whennotall valueswithin amodelareknown with certainty,
analystshave at leastthreechoices.Firstly, they cantake the
timeto nail down thoseuncertainranges.Thisis thepreferred
option.However, ourexperiencestronglysuggeststhatfund-
ing restrictionsandpressingdeadlinesoftenforceanalyststo
makedecisionswhenmany detailsareuncertain.

Secondly, analystsmight usesomesophisticateduncer-
tainty reasoningschemelike bayesianinferenceor thecom-
putationalintelligencemethodssuchasneuralnets,genetic
algorithmsor fuzzylogic.Thesetechniquesrequiresomemin-
imal knowledgeof expertopinion,plusperhapssomehistor-
ical datato tunethatknowledge.In situationsof metricsstar-
vation,thatknowledgeis unavailable.

This paperhasexploreda third option: try to understand
a modelby surveying thespaceof possiblemodelbehaviors.
Suchasurvey cangenerateadatacloud:adensemassof pos-
sibilitieswith suchawidevarianceof outputvaluesthatthey
canconfuse,not clarify, the thinking of our analysts.How-
ever, in the caseof datacloudsgeneratedfrom modelscon-
taining narrow funnels,thereexist key decisionswhich can
condensethatcloud.

Incrementaltreatmentlearningis a methodfor control-
ling thecondensationof dataclouds.At eachiteration,users
arepresentedwith list of treatmentsthat have most impact
on a system.They selectsomeof theseand the resultsare
addedto a growing setof constraintsfor a modelsimulator.
Thishuman-in-the-loopapproachincreasesuser“buy-in” and
allows for somehumancontrol of wherea datacloud con-
denses.In the casestudiesshown above, datacloudswhere
condensedin suchawayasto decreasevarianceandimprove
themeansof thebehavior of themodelbeingstudied.

As statedin the introduction,thereareseveral implica-
tionsof thiswork. Evenwhenwedon't know exactlywhatis
goingonwith amodel,it is oftenpossibleto:

– De£neminimalstrategiesthatgrosslydecreasetheuncer-
tainty in thatmodel's behavior.

– Identifywhichdecisionsareredundant;i.e.thosenotfound
within any funnel.

Also, whenmodellingis usedto assistdecisionmaking,it is
possibleto reducethecostof thatmodelling:

– Even hastily built modelscontainingmuch uncertainty
canbeusedfor effective decisionmaking.

– Further, for modelswith narrow funnels,elaborateand
extensive and expensive datacollection may not be re-
quiredprior to decisionmaking.

TAR2exploitsnarrow funnelsandisaverysimplemethod
for £ndingtreatmentsateachstepof iterativetreatmentlearn-
ing. Iterative treatmentlearningis applicableto all models
with narrow funnels.Empirically and theoretically, thereis
muchevidencethatmany real-worldmodelshavenarrow fun-
nels.To test if a model hasnarrow funnels,it may suf£ce
just to try TAR2 on modeloutput.If a small numberof key
decisionscan't be found, then iterative treatmentshouldbe
rejectedin favor of moreelaboratetechniques.
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