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Abstract Modelsconstrairtherangeof possiblebehaiors
de£nedfor a domain.Whenpartsof a modelare uncertain,
the possiblebehaiors may be a data cloud i.e. an over
whelmingrangeof possibilitieshatbewilder ananalystFaced
with large dataclouds,it is hardto demonstrat¢hatary par
ticular decisionleadsto a particularoutcome.

Evenif we cant male de£nitedecisiondrom suchmod-
els, it is possibleto £nd decisionghatreducethe varianceof
valueswithin a datacloud. Also, it is possibleto changethe
rangeof thesefuturebehaiors suchthatthe cloudcondenses
to someimproved mode.

Our approachusestwo tools. Firstly, a modelsimulator
is constructedthat knows the rangeof possiblevaluesfor
uncertainparametersSecondlythe TAR2 treatmentiearner
usegheoutputfrom thesimulatorto incrementallylearnbet-
ter constraintsin our incrementaltreatmentiearning cycle,
usergeview newly discoreredtreatmentdeforethey areadded
to agrowing pool of constraintsisedby themodelsimulator

1 Intr oduction

Often,duringearlylifecycle decisionmakingin softwareen-
gineering,analystsknow the spaceof possibilities,but not
theconstaintsonthatspaceFor example:

— They mightknow qualitatively thatthe more shareddata,
the lessmodifableis a software system.However, they
may not know the exact quantitatve valuesfor this rela-
tionship.

— Theirexperiencemighttell themthattheir sourcdinesof
codeestimatesreinaccurateby 50%.

Whatareouranalystgo do?Onepossibilityis to demand
more budgetandtime to performfurther analysiswhich re-
moves theseuncertaintiesFor example, metrics collection
programsmightbecommencedo collectvaluesfor uncertain
parametersElsavhere,we have documentedhe impressie
resultsthatcancomefrom sucha methodology/proced80].

Whenelaboratemetricscollectionis too expensve how-
ever, computationalntelligencemethodsmay be useful. If
domainexpertscan offer a rough descriptionof how (e.g.)
variableA effectsvariableB, thenfuzzy logic methodq17,
55] canbe usedto performinferenceover the model, per
hapsusing the methodsof Jahnle et al. [25]. If the model
represents situationfor which we have historicaldata,then
geneticalgorithmscan be usedto mutatethe currentmodel
towardsamodelthatbestcoversthehistoricaldata[3]. Alter-
natively, we couldthrow away the currentmodelandusethe
historicaldatato auto-generata nen neuralnetmodel[50].

The premiseof this paperis metricsstarvation i.e. sit-
uationsin which we canaccesseitherthe relevant domain
expertiserequiredfor fuzzy logic, nor the historicaldatare-
quiredfor geneticalgorithmsor neuralnets.Our experience
is that metricsstanation is common.For example,the ma-
jority of softwaredevelopmentorganizationsdo not conduct
systematiaatacollection.As evidencefor this, considerthe
Software Engineeringlnstitute’s capability maturity model
(CMM [43]), which cateyorizessoftware organizationsinto
oneof £ve levels basedon the maturity of their softwarede-
velopmentprocessBelov CMM level 4, theremay be no
systemati@ndreliabledatacollection.Belovw CMM level 3,
theremaynotevenbeawritten de£nitionof thesoftwarepro-
cessMary organizationsexist belov CMM level 3. Hence
reliabledataon SE projectsis scarcepr hardto interpret.

However, a lack of systematicdatadoesnot meanthat
noinferencexsanbemadeaboutsomesoftwaredevelopment
processlf we cant constrainthe rangeof model behaior
with domainmetrics,we canstill make decisionsby suney-
ing therangeof possiblebehaiors. Supposave have amodel
expressingwhatis known within a domain.If we areuncer
tain over partsof that model,thenwe might supplyranges
for thoseuncertainparametersWhenwe run this model, if
we ever requiresomeuncertainparameterwe might select
and cade a valuefor that parameterbasedon the supplied
ranges.To surwey the rangeof possiblebehaiors, we just
re-runthe modelmary times, taking careto clearthe cache

! Personatommunicatiorwith SEl researchers.
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Figure L.iii: Cloudl,condensed Figure1.iv:Cloud2,condensed

Fig. 1 Exampleof condensinglouds.Theright-handmodel's cost
valuesarecontinuouswhile theleft-handmodelhasdiscretecosts.
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betweeneachrun. Many variantson this schemehave been
discussedn theliterature.For example:

— Thisschemés thesameasMonteCarlosimulationsvhen
uncertainparameterarejust systemnputs.

— Thisschemas thesameasabductveinferencg27] where
theuncertaimarameteraretruthassignments assump-
tionswithin the model,andsomeglobalinvariantcheck-
ing executesdeforea new valueis assigned.

The advantageof this “selectand cache”’methodis that
the rangeof possiblebehaiors canbe exploredwithout ex-
pensve furtheranalysis Thedisadwantageof thisapproachs
dataclouds anoverwhelmingamountof datathatcloudsand
confuseghe issuesFor example,Figure 1.i and Figure 1.ii
shav datacloudsgeneratedrom casestudiesdescribedater
in this paper In theseEgures,eachmark representshe cost
andbeneftassociatedvith asetof decisionsaboutthestruc-
ture of a softwareproject.Notethelarge variancein the pos-
sible costandbene£tdrom the differentpossibledecisions.

Facedwith suchlarge dataclouds,it is hardto demon-
stratethat ary particulardecisionleadsto a particularout-
come.Whatis requiredis somemethodfor condensinghese
cloudsof uncertaintywithout expensve datacollection for
all the uncertainparametersldeally, condensationrmethods
shouldbe minimat i.e. they requirea commitmentto only a
smallportionof theuncertainvariableswithin amodel.

This papersexperimentswith minimal condensatioms-
ing the TAR2 treatmentearner[19,24,33-36]. A treatment
learnerseeksthe leastnumberof attribute rangesthat most
differentiate betweendesiredand undesiredbehaior. Fig-
ure 2 shavs how TAR2 canbe appliedincrementallyto ex-
plore dataclouds.A simulatorexecutesa model generated
by somemanualmodelling processTARZ2 reduceghe data
generatedy the simulatorto a setof proposedireatments
After somediscussionusersaddthe approvedtreatmentgo
agrowing setof constraintdor the simulation.The cycle re-
peatsuntil usersseeno furtherimprovementin the behaior
of thesimulator Experimentswith this approacthave shavn
thatTARZ2 can:

— Reduceéhevarianceof valueswithin a datacloud
— Improve the meanof valueswithin dataclouds

For example,Figure1.iii andFigurel.iv shaw the resultsof
applyingincrementatreatmentearningto Figurel.iandFig-
ure 1.ii. Note thatin both studies,the meanof the bene£ts
increasedthe meanof the costsdecreasedandthe variance
in bothmeasuresvasgreatlydecreased.

The notionthat extra constraintanreducethe spaceof
uncertaintiess hardlysurprisingHowever, whatis surprising
is how few extra constraintsSTAR2 needsto condensége.g.)
Figurel.ii to Figurel.iv; andhow easilyTAR2 canautomat-
ically £ndthoseconstraintsTheclaim of this paperis that:

In the avelage case a simplealgorithm (TAR2) can
quickly £nd a very small numberof key constaints
that resultin massivecondensation®f data clouds
towards somedesiedgoal.

Therearethreeimplicationsof this claim. Firstly, evenwhen
we don't know exactly whatis goingon within amodel,it is
possibleto deEneminimal stratgjiesto grosslydecreas¢he
uncertaintyin thatmodels behaior.

Secondlyevenif we arent sureaboutthe impactof cer
taindecisionswe canbesurethatcertainotherdecisionswill
beineffective. Decisionsabouttreatmentariableswill over-
ride decisionsaboutvariablesnot found within a treatment.
Hence,decisionsaboutvariablesoutsidethe treatmentsare
redundant.

Thirdly, incrementaltreatmentlearning can reducethe
costof software modelling. Beforeapplying elaboratemod-
ellingtechniquertools,it is wiseto try cheapeandsimpler
technigquesOur resultshereshov that even hastily built in-
completemodelscanbe usedfor effective decisionmaking.
Sincemuchcanbelearnt,evenfrom sketchy data,it maybe
possibleto avoid elaborateandextensive andexpensve met-
rics collection.Further oncethe treatmentsareknown, then
aminimal metricscollectionprogramcanbe de£nedjust for
thefew variablesin thetreatments.



The rest of this paperdescribeghe detailsof our con-
densatiortechnique TAR2 was motivatedby funneltheory
which is a claim thatmostdecisionsareredundanbr 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 discussedn x3. Casestudiesare then
exploredin x4 whereTAR2 canreducethe varianceandim-
prove the meanof threecasestudies After that, x5 discusses
whenthis approachmay not be appropriateandx6 discusses
relatedwork.

2 Funnel Theory

The premiseof this paperis that within the spaceof pos-
sible decisionsthereexist a small numberof key decisions
that determineall others.After Menzies,EasterbrookNu-
seibeh,and Waugh,we call this premisefunneltheory the
metaphotbeingthatall processingunsdown the samenar
row funnel[32].

To introducefunnels,we £rst say that a decisionspace
supportgeasonsi.e. chainsof reasoninghatlink inputsin a
certaincontet to desiredgoals.Chainshave links of atleast
two types.Firstly, therearelinks that clashwith otherlinks.
Secondlytherearethelinks thatdependon otherlinks. One
methodof optimizing the decisionmakingprocessvould be
to £rstdecideaboutthe non-dependentlashinglinks. These
arethe key decisionssincethey determinemostof the other
non-key decisions.

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

aij! bj! cj! dj! e
contextli! f ! gi! hij! ij! j j! goal
context2j! k! :gij! Iij! m! :ji! goal

ni! oj! pi! qj! :e

Like ary model, ary of fa;b;::qg is subjectto discussion.
However, in thecontext of reachingsomespecifedjoalsfrom

contetl andcontet2, the only importantdiscussionsrethe
clashedg;: g;j;: jg (thefe;: eg clashis not exercisedin

the context of contextl; context2 ~ goal, sincenoreason
usese or : €). Further sincefj;: jg arefully dependenbn

fg;: gg, thenthe coredecisionmustbe aboutvariable(f gg)

with two disputedvalues:true andfalse.

Thefunnelof adecisiornspacecontainghenon-dependent
clashinglinks; e.g.fgg. The decisionswith greatestinfor-
mation contentare the decisionsaboutthe funnel variables,
sincethesevariablessettheothersIf the spacecontainsnar-
row funnels(i.e. funnelswith small cardinality) thenthe to-
tal decisionspacecanbe greatlyreducedo a small number
of highly informative disputesaboutfunnel variables.Ana-
lystsarestill freeto debatevhateserthey want(andthey will,
seeminglyendlessly)put with this approachafunnel-avare
analystcansteerthediscussiontowardstheissueghattell us

mostabouta domain.The net effect can be lessargument.
Supposeur analystsagreethatg is true, thenin the context
of aguingabouthow contextl; context2 * goal, thedeci-
sionspacereducedo:
contextlij! f j! gi! hij! ij! jj! goal
The reasoningstartingwith k hasbeenculled since,by en-
dorsingg, we mustrejectall lines of reasoninghatuse: g.
In addition,thereasoningstartingwith a; n areignoredsince
they areirrelevantin this contet; i.e. they do not participate
in reachinga desiredgoal. Further in this contet, thereis
little pointamguingaboutf f ; h; i; j g sinceif ary of theseare
false thennogoalcanbereached.

This small examplesuggestdiow funnelscancondense
dataclouds.Datacloudsarethe resultof a wide variationin
modelbehaior. Suchvariationcomefrom choiceswithin a
modelrelatingto uncertainranges.The more commitments
we make aboutfunnel variables,the more we collapsethe
spaceof possibilitiesoutsidethe funnel. Hence,decisions
aboutfunnel variablescondensealataclouds,sincethey re-
strict the behaior of a system.Decisionmakingin spaces
containingfunnelscanbe simpleandshort.Oncevaluesfor
the funnel variablesare decided all otherdecisionshecome
redundantIn the above example,we have a decisionspace
containingpotentially2!” = 131; 072debatesiboutl6boolean
variabled a::qg. A decisionaboutonevariable(i.e.“is g true
or false?”)hasreducedhis spaceo oneoption.

Relyingon narrav funnelsmayseemanoverly optimistic
approachYetaliteraturereview suggestshatsuchoptimism
is well-founded.Therearemary examplesof funnel-like be-
havior in the literature.For exampleHorgan & Mathur [23]
reportthattestingoften exhibits a satuation effect; i.e. most
programpathsgetexercisedearlywith little furtherimprove-
mentastestingcontinues Saturationis consistenwith fun-
nels controlling the reachableparts of a program.If these
funnelswere narrav, therewould be few optionsin a pro-
gram's executionandtestinputswould quickly samplethem
all. Furthertestingover systemswith narrov funnelswould
yield little furtherinformationsincearything not connected
to thefunnelswould be, by de£nition,unreachable.

An analogouseffect to saturationis homaenousprop-
agation Despitenumerousperturbationson datavaluesus-
ing a programmutatof, Michaelfoundthatin 80 to 90% of
casestherewerenochangedn thebehaior of arangeof pro-
gramg40]. AnotherstudycomparedesultsusingX% of ali-
braryof mutatorsrandomlyselectedX 2 f10,15,..40,10@®).
Most of what could be learnt from the programcould be
learntusing only X=10% of the mutators;i.e. after a very
small numberof mutators,nev mutatorsactedin the same
manneraspreviously usedmutatorg54]. Thesameobsena-
tion hasbeenmadeelsavherein themutationliterature[1,8].
Like saturationhomogenoupropagtion is consistenwith

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

funnel theory If the overall behaior of a systemis deter
minedby a smallnumberof key variablesthenrandommu-
tationis unlikely to £ndthosevariablesandthe neteffect of
thosemutationswould bevery small.

Homogenougpropagtionis obseredin procedurapro-
grams.An analogougffect hasbeenseenin declaratve sys-
tems;i.e. mostchoiceswithin a declaratve setof constraints
have little effect on the averagebehaior. Menzies& Waugh
studiedchoicesin millions of mutationsof a nondeterminis-
tic systemIn theirabductiveframeavork[27,31], aconsistent
setof choicesgenerateda world of belief. Given N binary
choicestherearetheoretically2V possibleworlds.However,
after studying millions of generatedvorlds they found the
maximum numberof goalsfound in ary world was often
closeto thenumberof goalsfoundin aworld selectedatran-
dom[39] (on averagethedifferencewaslessthan6%). This
obsenrationis inexplicablewithoutnarrav funnels.If choices
hada large impacton whatwasreachedvithin a declaratve
systemthenthereshouldbemuchvariability in whatis found
in eachworld. Sincetheobseredvariability wassosmall,the
numberof critical choices(a.k.a.funnelvariables)mustalso
besmall.

In fact,theconcepif afunnelhasbeenreportedn mary
domainsundera variety of namesncluding:

Mastervariablesin schedulind15];

Prime-implicantsin model-basedliagnosis[47] or ma-
chinelearning[46], or fault-treeanalysiq29].
Badkbonedn satis£ability{41,51];

The dominance£ltering usedin Pareto optimization of
designg26];

— Minimal ervironmentsn the ATMS [16];

— Thebasecontoversial assumptionsf HT4 [31].

Whatever the name,the core intuition in all thesetermsis
the same:what happensn the total spaceof a systemcan
be controlledby a smallcritical region. Thefrequeng of the
funnel effect have madeMenzies& Singhsuspecthatfun-
nelsare someaveragecasephenomenotithatis emegentin
decisionspaceg37]. To testthis, they considera device that
canchoosebetweera narraver andawider funnel.Let some
goal in a systembe reachableby a narrav funnel M or a
wide funnelN shown in Figure3. Underwhatcircumstances
will the narrav funnelbefavoredover thewide funnel?The
following de£nitiondet usanswetthis question:

— Letthe cardinalityof the narrav funnelandwide funnels
bem andn respectiely.
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Fig. 4 10,000 runs of the funnel slimulator Y-axis shavs what
percentageof the runs satisfes 22 = R > t. The
pessimistic , lognor mal, and optimistic distributions assumea
worst-case average-caseand best-casgrespectiely) distribution

forfa;b;c;dg. Formoredetails,see[37].

— Eachm membersof the narrov funnel are reachedvia
a pathwith probability a; while eachn membersof the
wider funnelarereachedvia a pathwith probability b .

— Two pathsexist from the funnelsto this goal: one from
thenarrov neckwith probabilityc andonefrom thewide
neckwith probabilityd. ThereforetheprobabiIity%reach-
ing thegoalviathenarrav pathwayisnarrow = ¢ i”;l a;
while the probability@f reachingthe goal via the wide
pathvayiswide = d ~_, h.

With thesede£nitionsthe Menzies& Singhstudycanbere-

de£nedasthesearchor conditionsunderwhich

* narrow _

wide

>t (1)

wheret is somethresholdvalue.

To explore Equation1, Menzies& Singh built a small
simulatorof Figure3, andperformedl50,000runsusingdif-
ferentdistributionsfor a;; iy ; ¢;d anda wide rangeof values
for m; n. The resultsare shavn in Figure 4. For compari-
son purposesthe size of the two funnelsis expressesasa
ratio alpha wheren = alpha @ m. As might be expected,
atalpha = 1 thefunnelsarethe samesizeandthe oddsof
usingoneof themis 50%. As alpha increasesthenincreas-
ingly R > t is satisEedandthe narraver funnelis preferred
to the wider funnel. The effect is quite pronouncedFor ex-
ample for all the studieddistributions,afterthewider funnel
is 2.25timesbiggerthanthe narrov funnel, thenin 75% or
moreof therandomsearchesaccessinghe narrav funnelis
at least1,000,000times morelikely asaccessinghe wider
funnel(seethelower graphof Figure4). Interestingly asthe
probabilityof usingary of a;; by; ¢ ; di decreasesheoddsof
usingthe narrav funnelincreasg(seethe pessimisticcurves
in Figure4). Thatis, narrav funnelsarelikely, especiallyin
spaceshataredifEcultto search.

The averagecaseanalyticalresultof Menzies& Singhis
suggestie evidence but notconclusve evidence thatnarrov
funnelsarecommon.Perhaps moresatisfyingtestfor nar
row funnelswould beto checkif, in arangeof applications,
a small numberof variablesare enoughto control the other
variablesin a model. The restof this paperimplementsthat
check.



outlook tempfF) 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-playingbehaior.

3 Finding the Funnel

A traditionalapproacho funnel-basedeasonings to £ndthe
funnels using somedependengdirected backtrackingtool
suchasthe ATMS [16] or HT4 [31]. Dependeng-directed

backtrackings veryslow, boththeoreticallyandin practice[31].

Further in the presencef narrav funnels,it maybe unnec-
essaryThereis no needto seach for the funnelin orderto
exploitit. Any reasoningpathway to goalsmustpassthrough
thefunnels(by de£nition) Hence all thatis requireds to £nd
attributerangeghatareassociateavith desirecbehaior.

TAR2 is a machinelearningmethodfor £ndingattribute
rangesassociateavith desiredbehaior. Traditionalmachine
learnersgenerateclassiferghat assigna classsymbolto an
example[44]. TAR2 £ndsthedifferencebetweertlasseskor-
mally, the algorithmis a contrast setlearner [4] that uses
weightedclasseq9] to steerthe inferencetowardsthe pre-
ferredbehaior. The algorithmdiffersfrom otherlearnersn
thatit seekscontrastsetsof minimalsize.

TAR2 canbestbe introducedvia example.Considerthe
log of golf playingbehaior shavn in Figure5. Thislog con-
tainsfour attributesand3 classesRecallthat TAR2 accesses
a scoe for eachclass.For a golfer, the classesn Figure5
couldbe scoredasnone=2(i.e. worst),some=4 lots=8 (i.e.
best).

TAR2 seeksattribute rangesthat occur more frequently
in the highly scoredclasseghanin the lower scoredclasses.
Leta:r besomeattributerangee.g.outlook.avercast ¢ 5, is
a heuristicmeasureof the worth of a:r to improve the fre-
queng of thebestclass.¢ 5 useshefollowing de£nitions:

X (a:r): thenumberof occurrencesf thatattributerangein
classX ; e.g.lots(outlook.@ercast)=4

all(a:r): total numberof occurrence®f thatattributerange
in all classese.g.all(outlook.overcast)=4

best thehighestscoringclass;e.g.best= lots;

rest: thenon-bestlass;e.g.rest= f none;someg;

$Class: scoreof aclassClassis $Class.

¢ o is calculatedhsfollows:

s Al e

5-4-3-2-1012 345678910
Fig. 6 ¢ distribution seenin golf datasets.The X-axis shaws the
rangeof ¢ valuesseenin the gold dataset. The Y-axis shows the
numberof attribute rangesthat have a particular¢ . Outstandingly
high¢ valuesshawvn in black.
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Fig. 7 Flndlngtreatmentsthatcanlmprwe golf playlng behaior.
With notreatmentsweonly play golf lots of timesin =-2— = 57%
of casesWith the restrictionthat outlook=overcast thenwe play
golf lots of timesin 100%o0f cases.

P « 2rest (BbESti $X) @ (bestar)j X (ar))

or = all(axr)

Whena.r is outlook.awvercast thent¢ ouy ook:overcast IS calcu-
latedasfollows:

lots |, ,none lots !, ,some

Z

(G122 0)+(Bi 9@ 0) _40_
4+0+0 4

Theattribute rangesn our golf examplegeneratghe ¢ his-
togramshawn in Figure6. Notethatoutlook=overcasts ¢ is
the highest potentiallymosteffective, attribute range.

A treatments asubsebdf theattributerangeswith anout-
standing¢ 5=, value.For our golf example,suchattributes
canbe seenin Figure6: they arethe outlierswith outstand-
ingly large ¢ sontheright-hand-side(Theseoutliersinclude
outlook=overcas).

To apply a treatment, TAR2 rejectsall example entries
thatcontradictheconjunctionof attributerangesn thetreat-
ment.Theratio of classesn theremainingexamplesis com-
paredto the ratio of classesn the original exampleset. The
besttreatmenis the onethatmostincreasesherelative per
centageof preferredclassesln the casewhereN treatments
increasehe relative scoreby the sameamountthenN best
treatmentsare generatecand TAR2 picks oneat random.In
our golf example,a singlebesttreatmentvasgenerateaton-
taining outlook=overcast Figure7 shavs the classdistribu-
tion beforeandafterthattreatmentj.e. if we choosea vaca-
tion locationthatis generallyovercastthenin 100%of cases
we shouldbe playinglots of golf, all thetime.

4 CaseStudies

Thissectionpresentshreeexamplesof incrementatreatment
learning.The examplesaresortedby modelsize:smallestto
largest.The largestand£nalmodelis too detailedto explain
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cl: “amongthefew vital goals”

c2: “a claimby David Parnas”[42]

c3: “few assumption@monginter-
actingmodules”

c4: “expectedsizeof datais huge”

c5: “many implementors familiar
with ADTs” (from domain ex-
perts)
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The benefit of the this network is
the benefit computedfor the top-level
nodegood. This benefit is deEnedre-
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— The beneftof a leaf nodeis 1 if
it is selectedor O otherwise.Leaf
nodesrepresenthoicesin the net-
work. Leafnodesareshovnin gray.

— The bene£tof a non-leaf node is
computedrom its inputinauences.

— An inauenceof an edgeon an up-
streamnode is the product of the

‘Q edgeweightandthe benefit of the

downstrearmode.

Edgeweightsare setby tablesthat

offer numericvaluesfor f ++,+,=,-
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— Nodes are either disjunctions or
conjunctions. Conjunctions are
shovn asdiamonds.The bene£tof
a conjunctionis minimum of the
input inauences.The beneftof a
disjunction is the average of the
inputinauences.
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performance
[system]
updateability
[function]
coherence
[system]
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deletability
[function]
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simplicity
[system]
+
+
resuability
[system]

[target system

shared data
[target system

pile & filter

For arationaleon why theseruleswere
selected,see [10]. In summary:these
rules were not unreasonableand the
userswantedit thatway. Futureexper
imentsin this domainwill explore vari-
antsto theserules.

abstract data type
[target system]

Fig. 8 A modelthatassessearchitecturathoiceswithin software.Optionswithin themodelaretheleaf nodesshavn in gray Theseoptions
canbe architecturadecisionssuchasthe useof abstfact data types,implicit invocation,pipe & £lter methodspor shared data Somelinks
in the modelaredependanof variousclaimscl::c5 shavn top, right of the diagram.For example,claim[c2] is Parnass [42] argumentthat
having a singlesharedatamodelacrossan entireapplicationhasa negative impacton the modi£ability of thatprocessTheinferencerules
of this diagramareshavn middle, right.



herebut the secondiargestmodelis explainedin sufEcient
detail for the readerto reproducethe entire experiment.In

all examplesthe objectie of incrementatreatmentearning
is to £nd a subsetof all possibledecisionsthat reduceshe
variance and improvesthe meanof the importantvariables
within adatacloud.

4.1 CaseStudyA: Softwae Architectures

Figure8 shavs somearchitecturabhssessmeknowledgetaken

from Shav & Garlans SoftwareArchitecturesook[49]. The
knowledgeis expressedn ourvariantof the softgoalnotation
of Chunget al. [12]. In the softgoalapproacha softgoalis
distinguishedrom anormalgoalasfollows:

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

— While goalscanbe conclusvely demonstratetb be sat-
isfedor not satisEed softgoalscan only be satisfedto
somedegree.

Much is underconstrainedn Figure8. In fact,thereare
421 0 2° ¥, 10 possibilitieswithin this model:

— Thenineboolearchoicesn themodelareleafnodesep-
resentingsoftware architectureoptionsor claims about
theapplication Hence thereare2® combinationf these
choices.

— Edgesbetweennodesin Figure 8 are annotatedwith a
symboldenotinghow stronglythe downstrearmodeim-
pactgheupstrearmode.Theseannotationsref ++ ; +; =
11 7iig denotingmakes;helps;equals; hur ts; breaks
(respectiely). For the sale of exposition,we saythatthe
valuesfor four of theseannotation€omefrom arangeof
21 possiblevalues

1, Xmak es = Xhelps > Xhur ts > Xbreaks 5 i 1
Xy 2fi 1;i 0:9;i 0:8;::0;:::0:9; 1g (2)

(Theexactvalueof equals is notvariedsincethis anno-
tationis usedto propagteincuencesinchangeaver an
edge;.e.weight(equals) = 1.)

Hence,in the worst case thereare4?! ¥4 10*? possible
edgeweights.

Thesepossibilitiesgeneratawide rangeof behaior. Our
softgoalinterpretef{10] computesa cost andbenefit £gure
resultingfrom a selectionof edgeweightsandchoicesin di-
agramdik e Figure8 (thedetailsof this computatioraredis-
cussedin the inferencerules table of Figure 8). Figure 1.i
shaws therangeof benefit sandcosts seerafter 10,000ran-
dom selectionof choicesand edgeweights. Note the large
variancen thesetgures.

To applyincrementatreatmentearningfor thiscasestudy
we £rstrequirea scoringschemedor the differentclassesin
10,000runs of Figure 8, with no constraintson ary selec-
tions,theobsered costsrangedrom 1 to 4 andthe benefit

Cost

Beneft| 1 2 3 4

12 1 2 3 4

scoring function: 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.

Cost
Bene£t 1 2 3 4| Totals
12
6 1 2 1 4
round O: ol 13 19 15 4 (N5
-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 Percentagelistributions of benefits and costs seenin
10,000runsof Figure8, assumingequation2 anda randomselec-
tion of architecturabptionsandclaims.

rangedfrom -18 to 12 (seeFigure 1.i). Sincehigh benefit
andlow costis preferableo high costandlow benefit , these
rangeswere scoredasshavn in Figure9. In that £gure,the
bestrangeis benefit , 12andcost= 1 andtheworstrange
is benefit - | 18andcost= 4.

TAR2 was appliedto Figure 8 four times. Eachround
comprisedl0,000runswhere:

— Edgeweightswereselectedht randomatthe startof each
run from Equation2.

— From the spaceof remainingchoices,architecturalop-
tionsandclaimswereselectedcat random.

Initially, norestrictionsvereimposedonthearchitectural
optionsand claims. This generatedhe rangesof cost and
benefit shavnin Figurel.i. Suchadatacloudis hardtoread.
A moreinformative representatiors the percentilematrix of
Figure10. Eachcell of this matrix shovs the percentof runs
thatfalls into a certainrange.Eachcell is coloredon a scale
rangingfrom white (0%) to black (100%).

Figurellshovstheresultsof applyingincrementatreat-
mentlearningto Figure8. Eachroundtook the key decisions
learntby TAR2 from 10,000examplesgeneratedn the pre-
vious round. 10,000more runs were then performed,with
theselectiorof architecturabptionsandclaimsrestrictedac-
cordingto the currentsetof key decisionsNote thatasthe
key decisionsaccumulatethe variancein the behaior de-
creaseandthemeansmprove (decreasedostandincreased
benefit).

This experimentstoppedafterfour roundssincetherewas
little obsened improvementbetweenround 3 and round 4.
Figurel.iii shavstheresultsof theround3, notround4; i.e.
this experimentreturnedthe resultsfrom round 3, and not



KEY: = (claim[cl] = yes)
" (pipe&f il ter [tar get system] = yes)

Cost
Bene£t 1 2 3 Totals
12 1 2 1 4
6 5 9 3 17
round1: O 11 |80 26 7
6| 1 2 1 1 5
-12
-18
Totals) 12 | 38 38 12 00

KEY, = KEY; * (shareddata[tar get systems] = yes)
A (implicit inv ocation[tar get system] = no)

Cost
Bene£t 1 2 3 4| Totals
12 3 6 9
6| 4 17 14 35
round 2: ol 28 28
-6
-12
-18
Totals|| 32 148" 20 100

KEYs = KEY; " (abstract data ty peftar get systems] = no)
A (claim [c3] = no)

Cost
Bene£t 1 2 3 4| Totals
12 12 12
6 39 39
round 3: 0 - -
-6 1 1
-12
-18
Totals 100 100
KEYs = KEYs " (claim[c2] = yes)
A (claim[c4] = yes)
Cost
Benef£t 1 2 3 4| Totals
12 20 20
6 38 38
round 4: 0 42 42
-6
-12
-18
Totals 100 100

Fig. 11 Percentilematricesshaving four roundsof incremental
treatmentearningfor Figure8

round4. By stoppingat round 3, analystscan avoid exces-
sive decisionmakingsincethey neednever discussc?; c4; c5

Bl B2

Swi Sw2

B3

| Sw3

Fig. 12 A qualitative circuit. 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 Qualitative mathematicsisinga Prologsyntax[5].

with theirusersAlternatively, if in somedisputesituation,an
analystcould usec2; c4; ¢5 asbamgaining chips. Sincethese
claimshavelittle overallimpact,ouranalystcouldoffer them
in ary confguratioraspartof somecompromisedealin ex-
changefor the otherkey decisiondeingendorsed.

4.2 CaseStudyB: Circuit Design

Our next examplecontainsa modelsomeavhatmorecomple
thanx4.1.Thisexampleis basecbnmodelsErstdevelopedby
Bratko to demonstrat@rinciplesof qualitative reasoning5].

While ourlastexamplegenerateadostandbene££gures
for a softwareproject,this exampleis a qualitatve modelof
acircuit designshavn in Figure12. Suchqualitative descrip-
tions of a plannedpiece of software might appearearly in
the softwaredesignprocessWe will assumehatthe goal of
thiscircuitis to illuminate somearea;.e. themore bulbsthat
glow; thebetter

For expositionpurposesywe assumehatmuchis unknavn
aboutour circuit. All we will assumes that the topology
of the circuit is known, plus somegeneralknovledgeabout
electricaldevices(e.g.the voltageacrosscomponentsn se-
riesis the sumof the voltagedrop acrosseachcomponent).
Whatwe don't know aboultthis circuit arethe precisequanti-
tative valuesdescribingeachcomponent.

Whenquantitatve knowledgeis unavailable,we canuse
qualitatve models A qualitatve modelis aquantitatve mode
whosenumericvaluesx arereplacedy aqualitative valuex®
having oneof threequalitative states+, -, 0; i.e.

0

X = +if x>0
x®= 0if x=0
x°=j if x<o0

The sum relation of Figure 13 describesour qualitatve
knowledge of addition using a Prolog notation.In Prolog,



%Dbulb(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 qualitative bulbsandswitches Adaptedfrom

[5].

1 circuit(switch(Sw1,VSw1,C1),

2 bulb(B1,L1,VB1,C1),

3 switch(Sw2,VSw2,C2),

4 bulb(B2,L2,VvB2,C2),

5 switch(Sw3,VSw3,CSw3),
6 bulb(B3,L3,VB3,CB3),

7

8

Glow) -

VSw3 = VB3,
9 sum(VSwil, 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 NI1+N2+N3.

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

variablesstartwith uppercasdettersandconstantstartwith
lower-casdettersor symbols.For example,

sung+ ;+;+)

sayshattheadditionof two positive valuess apositive value.

Thereis muchuncertaintywithin qualitative arithmetic.For
example
sung+ ;i ; Any)
saysthat we cannotbe surewhat happensvhenwe add a
positive anda negative number
Thebulb relationof Figure14 describesour qualitatve
knowledgeof bulb behaior. For example,

bulb (blown; dark ; Any; 0)

saysthata blown bulb is dark,haszerocurrentacrosst, and
canhave ary voltageat all. Also shavn in Figure14 arethe
numandswitch relations.Numde£neshow bright a dark
or light bulb glows while switch  describesour qualitatve
knowledgeof electricalswitches For example

switch (on; 0; Any)

saysthatif a switchis on,thereis zerovoltagedropacrosst
while ary currentcan=aow throughit.

The circuit relation of Figure 15 describesqualita-
tive knowledge of a circuit usingbulb, num, sum and
switch . Thisrelationjustrecordswhatwe know of circuits
wired togethelin seriesandin parallel.For example:

(KEY:@ Bulb _/_ Switch —@% Openner —@% Closer )

Fig. 16 A device modelledusingthe Prologof Figure16.

%inf(Sign,Bulb,Switch)
inf(Inf,bulb(_,Shine,_,_),switch(Pos,_,_))
inf1(Inf,Shine,Pos).

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

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

Fig. 17 Theinf1/3
switches.

predicateusedto connectbulb brightnesgo

— Switch3 andBulb3 arewired in parallel. Hence,the
voltagedrop acrossthesecomponentsnustbe the same
(seeline 8).

— Switch2 andBulb2 arewired in seriessothe voltage
drop acrossthesetwo devicesis the sumof the voltage
drop acrosseachdevice. Further this summedvoltage
dropmustbethe sameasthevoltagedropacrosshepar
allelcomponenBulb3 (seeline 11).

— Switchl andBulbl arein seriessothe samecurrent
C1 mustaow throughboth (seeline 12 andline 13)

In orderto stresgestour methodour casestudywill wire
up threecopiesof Figure 15 in sucha way that solutionsto
one copy won't necessarilywork in the other copies.Fig-
ure 16 shaws our circuit connectedy a setof openes and
closes that open/closeswitchesbasedon how muchcertain
bulbsareglowing. For example thecloserbetweerbulb B2A
andswitchSwi1Bmeanghatif B2AglowsthenSwi1Bwill be
closed.Theseopenersandclosersare de£nedn Figure17.
Thefull modelis shavnin Figure18.

Thelessthatis known aboutamodel,thegreatethenum-
berof possiblebehaiors. Thiseffectcaneasilybeseenn our
qualitatve model.Eachline of Figure15is labelledwith the
numberof possibilitiesit condonest.e.

9nl1o9u2u4n2o4o2040909= 3;359 232

Copiedthreetimes thisimpliesaspacef upto 3; 359, 232 =
10 options.Evenwhenmary of thesepossibilitiesareruled
out by inter-componentonstraintsthe circuits relation
of Figurel8canstill succee®5,228times(somesampleout-
putis shavn in Figure19).

Giventhe goal that the more lights that shine,the better
thecircuit, we assumée classes0; 1; 2; 3; ::9, onefor every
possiblenumberof glowing bulbs. As shavn in Figure 20,



circuits -
% some initial conditions 24

value(light,bulb,B1a), 25

% Uncomment to constrain Sw2c 26 [Swla,Sw2a,5w3a,Swlb,5w2b

1

g % make one line of the examples
4

g % value(off,switch, Sw2c), 27 Swab,Swic,Sw2c,Swad]),
7

8

9

% Uncomment to constrain Swlc 28 format(~%. %, %, %, %, %"

% value(on,switch,Swic), 29 [Bla,B2a,B3a,B1b,B2b,B3b
Swac 30  ,Blc,B2c,B3c,Shine])nl.

%,"%,"%, ",

% Uncomment to constrain

% value(on,switch,Sw3c), 31
10 % explore  circuit A . i v
11 circuit(Swla,Bla,Sw2a,B2a,Sw3a,B3a,GlowA), gg dataforé”(dtre!léi;:;r(t:rg:)ta), told
12 % let circuit A influence circuit B 34 ’ ’ ’
ﬁ !n;(+g3zla,SSw3lbb), 35 % some support code
inf(-B2a,Sw3b), o 36 value(Sw, switch,  switch(Sw,_,_).
15 % let circuit B influence circuit C 37 value(Light bulb,bulb(_,Light, , ))
16 circuit(Swlb,B1b,Sw2b,B2b,Sw3b,B3b,GlowB), 38 ! ! ! ==
17 % propagate  circuit B to circuit C . ; o
18 inf(-.B3b,SW2c), j?) - format_predicate('%',bulbls(_,_)).
20 oo ot C 41 bublsChubX,__)) -
- . .
21 circuit(Swlc,Blc,Sw2c,B2c,Sw3c,B3c,GlowC), jg var(x) > write(?) Iwrite(X).
22 % compute total  shine . ;
23 Shine is GlowA+GlowB+GlowC, 44 portray(X) - value(Y,_X), write(Y).
Fig. 18 Figure16 expressedn Prolog.
SwlaSw2a,Sw3a,Swilb,Sw2b Sw3b,Swilc,Sw2c,Sw3cBla,B2a ,B3a,Blb ,B2b ,B3b ,Blc ,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 ,hblown,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 generatedisingdata (line 32 of Figure18).Columnsdenotevaluesfrom Figurel6.For example,
SwilaandSwlbdenoteswitch1in ciruit A andciruit A respectiely.

Untreatectircuit if Sw2C=of then... if Sw3C=onthen...

30 45 45
15 30 30
0 15 15

0123456789 : :

Fig. 20 Frequeng countof numberof bulbsglowing in the 35,228
solutionsof circuits of Figure18.

0123456789 0123456789
Fig. 21 Run#lof TAR2 overthedataseenn Figure20.

within the 35,228runs, therearevery few lights shining.In
fact,onaveragewithin thoseruns,only two lightsareshining.
TARZ2's missionis to explorethespacetrying to £ndkey de-
cisionswhich, whenappliedto the circuit, canmostimprove
thislow level of lighting.

edgethatthey ngglectedto mentionpreviously. In this case,
we assumedhat it is preferableif switch 3 in circuit C is
notclosed-sincethatwould violate (say)thewarrantyon cir-
cuit C. Our analyststhereforeagreedto the next besttreat-
ment,i.e. Sw2C=of; shovnin Figure21,left handside(LHS).

4.2.1Roundl After learningtreatmentéromtheall 35,228

initial runs,andapplyingthemto the data, TAR2 generated
Figure21.

In summaryFigure2l is sayingthatmakinga singlede-
cisionwill changeheaveragalluminationof thecircuit from
2to 5 (if Sw2C=of) or 6 (if Sw3C=on).

For expositionpurposesthis exampleassumethatsome-
thing preventsour usersfrom makingthis key decision;i.e.
Sw3C=0on.0Our experiencewith incrementatreatmentearn-
ing is that this is often the case.When usersare presented
with thenext key decision they oftenrecallsomekey knowl-

10

4.2.2Round2 After constrainingthe modelto Sw2C=of
(i.e. by uncommentindine 5 in Figure 18), fewer behaiors
were generated3,264 as comparedo the 35,228solutions
seenpreviously. The frequeng distribution of the shining
lightsin this new situationis shavn in Figure22.

Happily, Figure22 hasthesamedistributionasFigure21.LHS;

i.e. in this case,whenthe constraintsproposedby TAR2's

besttreatmentwere appliedto the model, the resultingnen

behaior of the model matchedthe new behaior predicted
by thetreatment.



Figure18 whenSw2C=of
45

30
15
0

0123456789
Fig. 22 Frequeng countof numberof bulbs glowing in the 3,264
solutionsof circuits of Figure18 whenSw2C=of.

ExecutingTAR2 again found the next mostinformative
decision,as shovn in Figure 23. Here, TAR2 said that our
besttreatmentwould beto guaranteg¢hatbulb 3 in circuit C
is never blown. Perhapsghis is possibleif we wereto use
betterlight bulbswith extralong life £lamentsHowever, for
thesale of exposition,we assumedhatthereis no budgetfor
suchexpensve hardware.Hence,to avoid this expenseour
analystsagreedthat always closingswitch 1 in circuit C (as
proposedy Figure23.LHS)is anacceptablaction.

4.2.3Round3 After constrainingthe modelto Sw1C=on
(i.e. by uncommentindine 7 in Figure 18), fewer behaiors
weregenerated648ascomparedo the 3,264solutionsseen
previously. Thefrequeng distribution of theshininglightsin

this new situationis shavn in Figure24.

Figure 24 hasthe samedistribution as Figure 23.LHS.
Thatis, onceagain, TAR2's predictionsproved accurateEx-
ecutingTAR2 again generated-igure 25 and £ndsthe next
mostinformative decision.

The cycle could stopheresincethe next besttreatments
are not acceptableFigure 25.LHS wantsto useoverly ex-
pensve hardwareto ensurethatbulb 3 in circuit C is always
notblown. Figure25.RHSwantsto useanundesirablection
andcloseswitch 3 in circuit C. However, our engineerdave
enoughinformationto proposesomeoptionsto their man-
ager:if they increaseheir hardwarebudget,they couldmake
theimprovementsshown in Figure25.LHS. Alternatively, if
therewassomeway to rengjotiatethe warranty thentheim-
provementsshowvn in Figure25.RHScouldbe achieved.

To verify this, our engineerscontinueconstrainingFig-
ure 18 to the caseof Sw3c=onby uncommentindine 9 in
Figurel8. Theresultingdistributionslookedexactly lik e Fig-
ure25.RHS Further only 64 solutionswerefound.Notethat
this obsenration is consistentwith funnel theory: resolving
three of the top treatmentsproposedby TAR2 constrained

whenSw2c=of then
if B3C=okthen...

whenSw2c=of then
if SwlC=onthen...

45 45
30 30
15 15

0 0

0123456789 0123456789
Fig. 23 Run#2 of TAR2 overthedataseenin Figure22.
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Figure18 whenSw2C=of andSw1C=on
45

30

15

0
0123456789

Fig. 24 Frequenyg countof numberof bulbsglowing in the648so-
lutionsof circuits of Figure18 whenSw2C=of andSw1C=on.

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

4.3 CaseStudyC: SatelliteDesign

Our third exampleis muchlargerthatthentwo previous. For
reason®f confdentialitythe full detailsof this third model
cannotbe presentedere.Further this modelusesso much
domain-speci£knowledgeof satellitedesigrthatthegeneral
reademightlearnlittle from its full exposition.

Analystsat the JetPropulsionLaboratorysometimesie-
batedesignissuesby building a semanticnetwork connect-
ing designdecisiondo requirement$l4]. This network links
faultsandrisk mitigationactionsthateffect a treeof require-
mentswritten by the staleholders(seeFigure 26). Potential
faultswithin aprojectaremodelledasincuence®ntheedges
betweerrequirementsPotentialExesare modelledasinau-
encentheedgedetweerfaultsandrequirementedges.

Thiskind of requirementanalysisseek4o maximizeben-
efts(i.e., our coverageof the requirementsyvhile minimiz-
ing the costsof therisk mitigationactions Optimizingin this
manneris complicatedby the interactionsinside the model
- arequiremenimay be impactedby multiple faults, a fault
may impact multiple requirementsan action may mitigate
multiple faults,anda fault may be mitigatedby multiple ac-
tions.For example,in Figure26,fault2andrequire4areinter-
connectedif we cover require4 thenthatmakesfault2 more
likely which,in turn, makesfaultl morelikely which reduces
the contrikution of require5to require3

The net canbe executedby selectingactionsand seeing
whatbene£tsesults.Onesuchnetwork included99 possible
actions;i.e. 2%° ¥, 10°° combinationsof actions.The data
cloud of Figure 1.ii was generatedafter 10,000runs where
eachrun selectedat randomfrom the 99 options. Note the
wide variancein the possiblebehaiors.

whenSw2C=of
andSwi1C=onthen
if B3C=okthen...

whenSw2C=of
andSw1C=onthen
if Sw3C=onthen...

45

30 30
15 15
0 0

0123456789 0123456789
Fig. 25 Run#3of TAR2 overthe dataseenn Figure24.
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Faces denoterequirements;

Toolboxes denoteactions;

Skulls denotefaults;

Conjunctionsaremarkedwith onearc;e.g.requirelif requirr2and
require3

Disjunctions aremarkedwith two arcs;e.g.fault1if fault2 or fault3.

Numbers denoteimpacts;e.g. action5reduceshe contritution of
fault3 to faultl, faultl reduceghe impactof require5 andac-
tion1 reduceghe negative impactof faultl.

Oval denotesstructureshatareexpressiblen the latestversionof
the JPL semantimeteditor (underconstruction).

Fig. 26 Above: a semantimetof thetype usedat JPL[18] Below:
explanationof symbols.

Theresultsof incrementatreatmentearningis shavn in
Figure27. The £rstpercentilematrix (calledround 0) sum-
marizesFigurel.ii. As with all our otherexamplesasincre-
mentaltreatmentiearningis applied,the varianceis reduced
andthe meanvaluesimprove (compareround O with round
4 in Figure 27). In a result consistentwith funnel theory
TAR2 could searcha spaceof 10%° decisiongto £nd 30 (out
of 99) that crucially effectedthe cost/bene£of the satellite;
i.e. TAR2 found99-30=69decisionghatcanbeignored[19].

For comparisormpurposesa geneticalgorithm(GA) was
alsoappliedto the sameproblemof optimizedsatellite de-
sign[48]. The GA alsofound decisionsthat generatechigh
beneftlow costprojects.However, eachsuchGA solution
commentean every possibledecisionsandtherewasno ap-
parentway to ascertainwhich of theseare the mostcritical
decisionsThe TAR2 solutionwasdeemeduperiorto the GA
solutionby the domainexperts,sincethe TAR2 solutionre-
quiredjust 30 actions.

5 When Not to Uselncremental TreatmentLearning

Ourapproachs aninexpensve methodof generatingoarse-
grainedcontrollersfrom rapidly written modelscontaining
uncertaintiesThis kind of solutionis inappropriatefor cer
tain classe®f softwaresuchasmissioncritical or safetycrit-
ical systemskFor thosesystemsanalystshouldmove beyond
TAR2 andapply moreelaboratemodellingmethodsand ex-
tensive datacollectionto ensureaxactandoptimalsolutions.

12

Cost

Bene£t 400K 600K 800KL,000K] Totals
250 6 15 5 | 26
200 1 22 271 4
round0: 4550 1 6 5 1 | 13
100 3 3 6
50 1% 1
Totals/] 2 |38 1600 10 [JFT
Cost
Bene£{ 400K 600K 800K1,000K] Totals
250 7 13
2000 12 22 1 35
round 1: 150
100
50
Totals| 19 14 )
Cost
Bene£f{ 400K 600K 800K1,000K]| Totals
2500 9 8 7 24
150
100
50
Totals| 27 N 7 101
Cost
Bene£f 400K 600K 800K1,000K] Totals
250 9 11 | 90 |
round 3: 20013 ! 10
150
100
50
Totals] 12 11 )
Cost
Benegf 400K 600K 800K1,000K Totals
250 | 1 17 [ 99 |
200 1 1
round 4: 150
100
50
Totals, 1 17 )

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

Thereareseveralothersituationsvhereincrementatreat-
mentlearningshouldnotbeused Whentrustedandpowerful
heuristicsare available for a model, thena heuristicsearch
for modelpropertiesmayyield insightthanrandomtrashing
within amodel.Suchheuristicsmight be modelledvia (e.g.)



fuzzy membershigunctionsor bayesiarpriorsrecectingex-
pertintuitionson how variableseffect eachother Of course,
suchheuristicanustbecollected assesse@ndimplemented.
Whenthe costof suchcollectionandassessmerndimple-
mentationis too great,thenour approachcould be a viable
alternatve.

Also, our approachrequiresrunningmodelsmary thou-
sandsof timesandthereforecant be appliedto modelsthat
aretoo expensve or too slow to executemary times.For ex-
ample:

— It may be too expensie or dangerougo conductMonte
Carlo simulationsof in-situ processcontrol systemsfor
large chemicalplantsor nuclearpower stations.

— Supposssomeembeddedgieceof software mustbe run
on a specializedhardware platform. In the casewhere
severalteamamustaccesshisplatform(e.g.thetestteam,
thedevelopmenteam thegovernmenterti£cationeam,
andthe deploymentteam),thenit may be impossibleto
generatesufEcientrunsfor incrementakreatmentearn-
ing.

Many applicationsconnectuseractionson somegraphi-

cal userinterfaceto databasegueriesandupdatesMonte

Carlosimulationsof suchapplicationamay be very slow

sinceeachvariablereferencemight requirea slow disk

acces®r a userclicking on some“OK” button.An ideal

applicatiorsuitablefor incrementatreatmentearningcom-

prisesa sepaate modelfor the businesdogic which can
be executedwithoutrequiring(e.g.)screerupdatesor
databas@accesses.

6 RelatedWork
6.1 Prior TAR2Results

Otherpublicationsontreatmentearninghave assumea“one-
shot” useof TAR2 [24,34-36]. This paperassumesnitera-
tive approachOur experiencewith usersis thatthis iterative
approactencouragetheir participationin theprocesandin-
creasesheir senseof ownershipin the conclusions.

6.2 Entropy-Based earnes

TAR2'streatmentsnightbeviewedastheattributesthatmost
inform the decisionmaking process.Holders of that view

might thereforearguethattreatmentsould be betterformed
using entropy measuref information content.Many ma-
chine learnershave usedsuchmeasuresncluding the top-
down decisiontree induction algorithm C4.5 [45]. The at-
tribute that offers the largestinformationgain is selectedas
theroot of a decisiontree. The examplesetis thendivided
up accordingto which examplesdo/donot satisfythe testin

theroot. For eachdivided exampleset,the processs thenre-
peatedrecursvely. The informationgain of eachattributeis

calculatedasfollows. A treeC containp examplesof some
classandn examplesof other classesThe informationre-
quiredfor thetreeC is asfollows[44]:
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Saythatsomeattribute A hasvaluesAq; A2;:::A,. If we se-
lect A; astheroot of a new sub-treewithin C, this will add
asub-treeC; containingthoseobjectsin C thathave A;. We
canthende£ngheexpectedvalueof theinformationrequired
for thattreeastheweightedaverage:

x M

E(A) =
i=1

pi + Nj
p+n

I (pi;ni) 3)

Theinformationgain of branchingon A is therefore:

gain(A) = 1(p;n) i E(A)

Figure28.A shavs thekind of decisiontree generateaising
C4.5from 506 examples.Figure 28.B shaws the treatment
learntby TARZ2 from the samedata.Note thatthe treatment
is muchsmallerthatthe treelearntby C4.5.It turnsout that
C4.5'sinformationmeasurds not the bestmethodfor form-
ing treatmentsEquation3 selectsattributesthatmostreduce
the diversity of classeseenin the examplesthatfall into a
subtreeTreatmentearnersieedsadifferentkind of measure;
i.e. onethatthatEndsattribute rangeswhich occurmorefre-
quentlyin desiredclasseshanin theundesirectlasses.

Decisiontree learnerslike C4.5 can be usedas a pre-
processorto treatmentlearning. The TAR1 system(called
TARZAN) [38] swungthroughthe decisiontreesgenerated
by C4.5and10-way cross-alidation.TARZAN returnedthe
smallesttreatmentsthat occurredin most of the ensemble
that increasedthe percentagef branchedeadingto some
preferrechighly weightedclassesanddeceasedhepercent-
ageof branchedeadingto lower weightedclass.TAR2 was
asexperimentwith applying TARZAN's treepruningstrate-
giesdirectlyto theC4.5examplesets.Theresultingsystenis
simpler fastto execute generatesmallertheoriesthatC4.5,
anddoesnot requirecalling alearnersuchasC4.5asa sub-
routine.

6.3 AssociatiorRuleLearning

Anotherwayto catgyorize TAR2 is aweighted-classinimal
contrast-setassociatiomule learnetthatusescon£dencenea-
sures but not support-basegbruning This sectiondiscusses
thoseterms.

Top-davn decisionreeclassiferdik e C4.5andCART [7]
learnruleswith a singleattribute pair on the right-handside;
e.g.class=goodHouseAssaociationrule learnerdike APRI-
ORI [2] generateulescontainingmultiple attribute pairson
both the left-hand-sideand the right-hand-sideof the rules.
Thatis, classiferdiave asmallnumberof pre-def£nedargets
(theclasseshile, for associatiorrule learnersthetametis
lessconstrained.



Figure 28.A: A learntdecisiontreefrom C4.5.Classegright-hand-side)top-to-bottomare “high”, “medhigh”, “medlow”, and“low” This

indicatesmedianvalueof owneroccupiechomesn $1000s.

Figure 28.B: Treatmentdearntin the samedomain:

Treatment nothing
100
75
50 121 29 29
25
Results 0
N 506

6:7- RM < 9:8
N12:6 - PTRAT ION < 15:9
97
100
75
50
25 00 3
0
38

Fig. 28 Theoriedearntby C4.5andTAR2 from the506casesn HOUSINGexamplefrom theUC Irvine machindearningrepository(http:

/lwww.ics.uci.edu/"mlearn/MLRepository.htmi

). The bottomtableshaws the distributionsof the classesn the exampleset

(left-hand-side pndthe resultsof thelearnttreatmen{right-hand-side)ln thetreatmentPTRATIO” denoteghepupil-teacheratio by town

and“RM” denoteghe averagenumberof roomsperdwelling.

Generalassociatiorrule learnerslike APRIORI input a
setof D transaction®f items| andreturnassociationde-
tweenitemsof theformLH S ) RHS whereLH S % |
andRHS % | andLH S\ RHS = ;. In the terminology
of APRIORI, anassociatiorrule hassupports if s% of the
D containsX ~ Y;ie.s = 5L (wherejX Y| denotes
thenumberof examplescontainingbothX andY'). Thecon-
£dencec of anassociationule is the percentof transactions
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containingX which alsocontainY; i.e. ¢ = ‘XJ.XJYJ. Many

associatiomule learneraisesupport-basegruningi.e.when
searchindor ruleswith highcon£dencesetsof itemsl ; ; :::1 ¢

areonly be examinedonly if all its subsetsare abore some
minimumsupportvalue.

Specializedassociatiorrule learnerslike CBA [28] and
TAR2 imposerestrictionson the right-hand-sideFor exam-
ple, TAR2'sright-hand-sideshav a predictionof the change
in the classdistribution if the constraintin the left-hand-side




wereapplied.The CBA learnerEndsclassassociatiorrules

i.e.associatiomuleswherethe conclusiornis restrictedo one
classifcatiorclassattribute. That is, CBA actslike a clas-
sifer but canprocesdarger datasetshat (e.g.) C4.5. TAR2

restrictstheright-hand-sideattributesto justthosecontaining
criteriaassessment.

A commonrestrictionwith classifEerss thatthey assume
theentireexamplesetcan£tinto RAM. Learnerdike APRI-
ORI aredesignedor datasetsthat neednot residein main
memory For example, Agrawal and Srikant report experi-
mentswith associatiomule learningusingverylargedatasets
with 10,000,00@&xamplesandsize843MB|[2]. However, just
like Webb[53], TAR2 makesthe“memory-is-cheagssump-
tion”; i.e. TAR2 loadsall it's examplesinto RAM.

StandarctlassiEealgorithmssuchasC4.50r CART have
no concepof classweighting Thatis, thesesystemsave no
notion of a good or bad class.Suchlearnersthereforecant
Elter their learnt theoriesto emphasizehe location of the
good classesor bad classesAssociationrule learnerssuch
asMINWAL [9], TARZAN [38] andTAR2 exploreweighted
learningin whichsometemsaregivenahigherpriority weight-
ing that others.Suchweightscanfocusthe learningontois-
suegthatareof particularinterestto someaudience.

Support-basegruningis impossiblein weightedassoci-
ationrule learningsincewith weighteditems,it is notalways
true that subsetf interestingitems (i.e. wherethe weights
are high) are also interesting[9]. Anotherreasonto reject
support-baseg@runingis thatit canforcethelearnerto only
missfeaturesthat apply to a small, but interestingsubsetof
the examples[52]. Without support-basegruning,associa-
tion rule learnersrely on conEdence-basqaruningto reject
all rulesthatfall belov a minimal thresholdof adequateon-
£denceTAR2's analogueof conf£dence-baseqatuningis the
¢ measureshavn in x3.

Oneinterestingspecializatiorof associatiomule learning
is contrastsetlearning Insteadof £ndingrulesthatdescribe
thecurrentsituation,associatiomulelearnersike STUCCO[4]
£ndsrulesthatdiffer meaningfullyin theirdistribution across
groupsForexample,in STUCCO ananalysttouldaskwhat
are the differencesbetweenpeoplewith Ph.D. and bache-
lor dggrees?” TAR2's varianton the STUCCOstratey is to
combinecontrastsetswith weightedclasseswith minimal-
ity. Thatis, TAR2 treatmentsanbe viewed asthe smallest
possiblecontrastsetsthat distinguishsituationswith numer
oushighly-weightectlasse$rom situationghatcontainmore
lowly-weightedclasses.

6.4 FunnelTheory

Our developmenton funnel theory owes muchto the deK-
leer'sATMS (assumption-baseadithmaintenanceystem)16].
As new inferencesaremade,the ATMS updatesdts network
of dependencieand sortsout the currentconclusionsinto
maximally consistensubsetgwhich we would call worlds).
Narrow funnelsare analogousto minimal ervironmentsof
small cardinality from the ATMS researchHowever, fun-
nels differ from the ATMS. Our view of funnelsassumea
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set-caveringsemanticandnot the consisteng-basedseman-
tics of the ATMS (the differencebetweerthesetwo views is
detailedin [13]). Theworlds exploredby funnelsonly con-
tain the variablesseenin the subsef a modelexercisedby
thesuppliedinputs.An ATMS world containsa truth assign-
mentto every variablein the system.Consequentlythe user
of an ATMS may be overwhelmedwith anexponentialnum-
ber of possibleworlds. In contrast,our heuristicexploration
of possibleworlds,which assumesarrav funnels,generates
a more succinctoutput. Further the ATMS is only de£ned
for modelsthat generatdogical justi£cationsfor eachcon-
clusion. Iterative treatmentearningis silent on the form of
the model:all it is concernedwith is thata model,in what-
everform, generatesutputshatcanbeclassif£ednto desired
andundesireehaior.

6.5 Fault Trees

We arenotthe£rstto notevariability in knovledgeextracted
from users.Leveson[22] reportsvery large variancesn the
calculationof rootnodelik elihoodin softwarefaulttreeanal-
ysis:

— In onecasestudyof 10 teamsfrom 17 companiesand9
countriesthevaluescomputedor rootnodelik elihoodin
treesfrom differentteamddifferedby afactorof upto 36.

— Whenaunifedfaulttreewasproducedrom all theteams,
disagreementis theinternalprobabilitiesof thetreevar-
ied less,but still by afactorof 10.

The work presentederesuggests novel methodto re-
solve Levesons problemwith widely varyingroot nodelikli-
hoods.If funneltheoryis correct,thenwithin the spaceof all
disagreementis theunifedfaulttree thereexistavery small
numberof key valuesthatcruciallyimpacttherootnodelik e-
lihood. Using TAR2 thefeudingteamscouldrestricttheir de-
batego justthosekey decisions.

6.6 BayesiarReasoning

We do not useBayesianreasoningor uncertainmodelsfor
thesameaeasorwe don't usecomputationaintelligencemeth-
ods.Recallfrom ourintroductionthatthiswork assumemet-
rics starvation i.e. the absenceof relevant domain exper
tise or speciEcnumericvaluesin the domainbeingstudied.
Bayesianmethodshave beenusedto sketch out subjectve
knowledge(e.g. our software managemenoracle),thenas-
sessandtunethatknowledgebasednavailabledata.Success
with this methodincludesthe COCOMO-II effort estimation
tool [11] and defect prediction modelling [20]. In the do-
mainswherestatisticaldataon cause-and-é&ct arelacking
(e.g.our metricsstaned domains),we have to approximate
(i.e guess/mad-up)somevaluesto describehemodel.Since
therearetoo mary uncertaintiesithin the model,Bayesian
reasoningnaynotyield stableresult.



6.7 Simulationfor DecisionMaking

Other researchhas explored simulation for making design
decisions.Bricconi et al. [21] built a simulatorof a sener
on a network, thenassessedifferentnetwork designsbased
on their impacton the sener. Menziesand Sinselassessed
softwareprojectrisk by runningrandomlyselecteccombina-
tionsof inputsthroughasoftwarerisk assessmemhodel[38].
Josephsoet al. [26] executedall known optionsin a carde-
signto £nddesignghatwerebestfor city driving conditions.
Bratko etal. [6] built qualitatve modelsof electricalcircuits
andhumancardiacfunction.Whereuncertaintyexistedin the
model,orin thepropagtionrulesacrosgshemodel,a Bratko-
style systemwould backtrackover all possibilities.
Simulationis usually paired with some summarization

techniqueOurresearchvaspromptedy certainshort-comings

with the summarizatiortechniquesof others.Josephsoret
al. useddominancetltering (a Paretodecisiontechnique)Xo

reducetheir millions of designsdown to a few thousandp-

tions.However, theirtechniquesiresilentonautomatianeth-
ods for determiningthe differencebetweendominatedand
undominateddesigns.Bratko et al. usedstandardmachine
learnergo summarizeheir simulations Menziesand Sinsel
attemptedhesameechniquebut foundthelearnttheoriesto

betoo largeto manuallybrovse.Hence they evolvedatree-
querylanguaggTAR1) to £nd attribute rangesthat were of

very differentfrequencie®n decisiontreebrancheshatlead
to differentclassi£cationsTAR2 grew out of therealization
thatall the TAR1 searchoperationscould be appliedto the
examplesetdirectly, without needinga decisiontreelearner
asan intermediary TAR2 is hencemuch fasterthan TAR1

(secondsnothours).

7 Conclusion

Whennotall valueswithin amodelareknown with certainty
analystshave at leastthreechoices Firstly, they cantake the
timeto nail down thoseuncertairrangesThisis thepreferred
option.However, our experiencestronglysuggestshatfund-
ing restrictionsandpressingdeadlineoftenforceanalystgo
malke decisionsvhenmary detailsareuncertain.

Secondly analystsmight use somesophisticatedincer
tainty reasoningschemdik e bayesiarinferenceor the com-
putationalintelligencemethodssuchas neuralnets,genetic
algorithmsor fuzzylogic. Thesaechniquesequiresomemin-
imal knowledgeof expertopinion, plus perhapsomehistor
ical datato tunethatknowledge.In situationsof metricsstar
vation,thatknowledgeis unavailable.

This paperhasexploreda third option: try to understand
amodelby suneying the spaceof possiblemodelbehaiors.
Suchasuney cangenerat@ datacloud:adensanassof pos-
sibilities with suchawide varianceof outputvaluesthatthey
canconfuse,not clarify, the thinking of our analysts.How-
ever, in the caseof datacloudsgeneratedrom modelscon-
taining narrav funnels,thereexist key decisionswhich can
condensehatcloud.
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Incrementaltreatmentearningis a methodfor control-
ling the condensatiowf dataclouds.At eachiteration,users
are presentedwith list of treatmentghat have mostimpact
on a system.They selectsomeof theseandthe resultsare
addedto a growing setof constraintfor a modelsimulator
Thishuman-in-the-looppproachincreasesiser‘buy-in” and
allows for somehumancontrol of wherea datacloud con-
densesin the casestudiesshavn above, datacloudswhere
condenseth suchaway asto decreasearianceandimprove
themeanf thebehaior of themodelbeingstudied.

As statedin the introduction,thereare several implica-
tionsof thiswork. Evenwhenwe don't know exactly whatis
goingonwith amodel,it is oftenpossibleto:

— De£neminimal stratgiesthatgrosslydecreas¢heuncer
tainty in thatmodel's behaior.

— ldentify whichdecisionsareredundanti.e.thosenotfound
within ary funnel.

Also, whenmodellingis usedto assistdecisionmaking,it is
possibleto reducethe costof thatmodelling:

— Even hastily built modelscontainingmuch uncertainty
canbeusedfor effective decisionmaking.

— Further for modelswith narrov funnels,elaborateand
extensve and expensve datacollection may not be re-
quiredprior to decisionmaking.

TAR2 exploits narrov funnelsandis avery simplemethod
for £ndingtreatmentsiteachstepof iterative treatmentearn-
ing. Iterative treatmentlearningis applicableto all models
with narrav funnels.Empirically and theoretically thereis
muchevidencethatmary real-world modelshave narrav fun-
nels. To testif a modelhasnarrov funnels,it may sufEce
justto try TAR2 on modeloutput.If a smallnumberof key
decisionscant be found, theniterative treatmentshouldbe
rejectedn favor of moreelaboratdechniques.
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