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Abstract

We cantesta theoryof “X” by checkingif that theorycanreproduceknown behaviour of “X”. In

the generalcase,this checkfor time-basedsimulationsis only practicalfor shortsimulationruns. We

show that given certainreasonablelanguagerestrictions,then the complexity of this checkreducesto

the granularityof the measurements.That is, provided a very long simulationrun is only measured

infrequently, thenthischeckis feasible.
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I . INTRODUCTION

Weneedthoroughmethodsfor testingourknowledgebases(KBs). Modernknowledgeacqui-

sition (KA) theoristsview KB constructionastheconstructionof inaccuratesurrogatesmodels

of reality [1, 2]. Agnew, Ford & Hayes[3] commentthat “expert-knowledgeis comprisedof

context-dependent,personallyconstructed,highly functionalbut fallible abstractions”.Prac-

tionersconfirm just how inaccurateKBs canbe. Silverman[4] cautionsthatsystematicbiases

in expertpreferencesmayresultin incorrect/incompleteknowledgebases.Compton[5] reports

expertsystemsin which therewasalwaysonefurther importantaddition,onemoresignificant

andessentialchange.Workingsystemscancontainmultipleundetectederrors.Preece& Shing-

hal [6] documentfivefieldedexpertsystemsthatcontainnumerouslogicalanomalies.Myers[7]

reportsthat51 experiencedprogrammerscouldonly ever find 5 of the15 errorsin a simple63

line program,evengivenunlimitedtimeandaccessto thesourcecodeandtheexecutable.

Potentially inaccurateand evolving theoriesmust be validated,lest they generateinappro-

priate output for certaincircumstances.Testingcan only demonstratethe presenceof bugs

(never their absence)and so must be repeatedwhenever new datais available or a program

haschanged.That is, validationis anessential,on-goingprocessthrough-outthe lifetime of a

knowledgebase.This view motivatedFeldman& Compton[8], thenMenzies& Compton[9],

to develop QMOD/HT4: a generaltechniquefor automaticallyvalidatingtheoriesin vaguedo-

mains. A vaguedomainis (i) poorly-measured;and/or(ii) lacksadefinitiveoracle;and/or(iii) is

indeterminate/non-monotonic.Validationin suchvaguedomainsnecessitatesmakingassump-

tions aboutunmeasuredvariablesandmaintainingmutually exclusive assumptionsin separate

worlds. Many domainstackledby modernKA arevague;i.e. this definition of test is widely
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applicable.

Formally, QMOD/HT4 is abductionandabductionis known to beNP-hard[10]; i.e. theoret-

ically the systemis impracticalsinceits runtimesarevery likely to be exponentialon theory

size( �
	���
 )). Nevertheless,abductivevalidationhashasbeenableto detectpreviously invisible

andsignificantflaws in thetheoriespublishedin theinternationalneuroendocrinologicallitera-

ture[8,9]. Further, Menzieshasshown [11] thatabductivevalidationis practicalfor at leastthe

sampleof fieldedexpert systemsstudiedby Preece& Shinghal.However, standardabductive

validationis restrictedto non-temporal theorieswith theinvariantthatnovariablecanhave two

differentvalues( � II). In thecaseof time-basedsimulation,this invariantis inappropriatesince

variablescanhavedifferentvaluesat differenttimes.

Onewaytoextendabductivevalidationto temporal abductivevalidationis to renamevariables

ateachtimepoint in thesimulation.For example,all thevariablesin Figure1 couldberenamed

e.g. �����������������! , �����������������"�$#%#%#&�'�������(�)�����+* where* is sometimepoint. A naive renaming

strategy would usetheserenamedvariablesto create* copiesof thetheoryasseenin Figure2.

This naive renamingstrategy incursa severecomputationalcost; i.e. if a non-temporaltheory

has, variablesandis �-	.� 
0/ , thenfor * timepoints,its temporalequivalentis �-	.� 
21�34/ ( � III).
Thispaperpresentsanon-naiverenamingstrategy. Thisnew strategy is basedonthefollowing

simpleintuition. Muchof thesearchspaceshown in Figure2 is thesamestructure,repeatedover

andover again. It seemsat leastpossiblethatno pathcanbefound through *657 copiesthat

can’t be found in * copies(sincethespaceis essentiallythesame).If this weretrue, thenwe

could reducethesearchspaceof temporalabductive validationby not copying thestructureat

all.

We show below (in � III) that this intuition is incorrect,unlesswe carefully restricthow vari-
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for time T=0 (inputs)
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Fig. 2. The theoryof Figure1, copied 8:9<;>=?8 times. The copy at time @BAB9 is usedfor the inputs to the

simulation. Dashededgesdenotelinks betweenvariablesat differenttimes. For spacereasons,someof the

copiesnot shown.

ablesarelinkedin our theories.A linking policy is themethodof connectingvariablesat *�C to

*'CED�F . We will show that is we apply the implicit symmetricedge linking policy (describedbe-

low), thenthesearchspaceof a theorywith G statessaturatesafter G renamings;i.e. if aproof

doesnot terminatein time G , thenno suchproof exists ( � IV). The practicalimplicationsof

saturationarethat,undercertaincircumstances,we canignoringa largesubsetof therenamed

variablesat unmeasuredtime points. Supposeall the variablesin Figure1 had G HI� states

(e.g. they werevariablesstates:up J , down K ). Supposefurtherwe hadrun thatmodelfor a

billion (  ML�N ) time steps.Supposefurther that we only have datafrom that simulationat three

time points: say, initially, at *OHP ML�Q and *OHR %L N . Without implicit symmetricedgelinking,

thenwhensearchingfor proofsof thesemeasurements,wewouldhave to explorethespacecre-

atedby all  %L N renamingsshown in Figure2 However, with implicit symmetricedgelinking, we

only needexplore SFUT�V of thatspace,asshown in Figure3 ( � V).
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Fig. 3. Assumingthesimulationis measuredonly threetimes,andthe2-statevariablesareconnectedwith implicit

symmetricedges,thenthesearchspacefrom the 8:9�;�=W8 copiesof Figure2 reducesto the3 copiesshown here.

Ourapproachrequiresa languagethatis morerestrictivethanthatusedin standardqualitative

reasoningsuchasQSIM [12,13]. Nevertheless,we arguethat this restrictionis both practical

anddesirable:

X � VI is anexperimentaldemonstrationthat theselanguagerestrictionsstill permit thesimu-

lationandvalidationof real-world theories.

X In our relatedwork section( � VII), we will notethatstandardqualitative reasoningsystems

cannotguaranteea tractablesimulationfor all modelsrepresentedin thatsystem.By com-

parison,we canguaranteea tractablesimulationfor all theorieswritten in our language,

providedthatavery longsimulationrun is only measuredinfrequently.

I I . NON-TEMPORAL ABDUCTIVE VALIDATION

Thissectioncontainsour standarddescriptionof non-temporalabductivevalidation.

A. Tutorial

Abductionis thesearchfor assumptionsAwhich,whencombinedwith sometheoryT achieves

somesetof goalsOUT without causingsomecontradiction[14]. Thatis:

X�Y[Z F : \^]`_Wacbed�\ ;
X�Y[Z^f : \^]`_hgaji .

Menzies’HT4 abductive inferenceengine[15] cachestheproof treesusedto satisfy Y(Z F and

Y[Z^f . Thesearethensortedinto worldsW: maximalconsistentsubsets(maximalwith respectto
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Fig. 4. A theory.

size).In thecaseof multipleworldsbeinggenerated,thebestworld(s)arethosewith maximum

cover: theintersectionof thatworld andtheOUTputs.

For example,considerthe taskof checkingthatwe canachieve certainOUTputsusingsome

INputsacrosstheKB shown in Figure4. We denotex=up asx J andx=down asx K . In that

figure,x
D�Dk y denotesthaty J andy K canbeexplainedby x J andx K respectively; andx l�lk y

denotesthaty J andy K canbeexplainedby x K andx J respectively. Edgesin our theoriesare

optionalinferences.Theutility of usinganedgeis assessedvia its eventualcontributionto world

coverage.

In thecaseof theobservedOUTputsbeing m investorConfidence J , wagesRestraint J ,
inflation K�n , andtheobservedINputsbeing m foriegnSales J , domesticSales K�n ,
HT4 canconnectOUTputsbacktoINputsusingtheproofsof TableI. Theseproofsmaycontain

controversialassumptions;i.e. if wecan’t believethatavariablecanbebothup anddown F , then

we candeclaretheknown valuesfor companyProfits andcorporateSpending to be

controversial. SincecorporateSpending is fully dependenton companyProfits (see

Figure4), thekey conflictingassumptionsare m companyProfits J , companyProfits K�n
(denotedbasecontroversial assumptionsorA.b). WecanusedA.b to find consistentbeliefsets

calledworldsW usingan approachinspiredby the ATMS [16]. A proof P[i] is in W[j] if that

proof doesnot conflict with theenvironmentENV[j] (a maximalconsistentsubsetof A.b). In
o
Note: in thetemporalabductive case,this rule would bea variablecanbeup anddown at thesametime.
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TABLE I

PROOFS FROM FIGURE 4 CONNECTING OUT= p investorConfidence � , wagesRestraint
�
,

inflation �eq BACK TO INPUTS= p foriegnSales � , domesticSales �eq .

P[1]: domesticSales � , companyProfits � ,
inflation �

P[2]: foriegnSales
�
, publicConfidence

�
,

inflation �
P[3]: domesticSales � , companyProfits � ,

corporateSpending � , wagesRestraint
�

P[4]: domesticSales � , companyProfits � ,
inflation � , wagesRestraint

�
P[5]: foriegnSales

�
, publicConfidence

�
,

inflation � , wagesRestraint
�

P[6]: foriegnSales
�
, companyProfits

�
,

corporateSpending
�
,

investorConfidence
�

company

profits

investor

confidenceforiegn

sales

corporate

spending

wages

++ restraint

inflation

++

public

confidence

--

++ --

++

Fig. 5. World #1 is generatedfrom Figure 4 by combining P[2], P[5], and P[6]. World #1 assumes

companyProfits
�

andcovers100%of theknownOUTputs.
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Fig. 6. World #2 is generatedfrom Figure 4 by combiningP[1], P[2], P[3], andP[4]. World #2 assumes

companyProfits � andcovers67%of theknownOUTputs.

our example,ENV[1]= m companyProfits J�n andENV[2]= m companyProfits K�n . Hence,

W[1]= m P[2], P[5], P[6] n andW[2]= m P[1] P[2] P[3], P[4] n (seeFigure5 andFigure6).

HT4 definescover to besizeof the intersectionof a world andtheOUTput set. Thecover of

Figure5 is 3 (100%)andthecover of Figure6 is 2 (67%). Notethatsincethereexistsa world

with 100%cover, thenall theOUTputscanbeexplained;i.e. thistheoryhaspassedtheabductive

validationtest.

In essence,abductive validationanswersthe following question:“what portionsof a theory

of X canreproducethelargest% of known behaviour of X?”. This algorithmwill work in two

hardcases:

1. Only somesubsetof known behaviour canbeexplained.

2. In thecasewherea theoryis globally inconsistent,but containsusefulportions.For exam-

ple, observe in Figure4 that the theoryauthor’s disagreeon theconnectionfrom infla-

tion to wagesRestraint.

Notethatthisinferenceprocedureignoredcertainpossibleinferences;e.g.in W[1], tradeDeficit K
andcurrentAccountBalance J . HT4 doesnot computeATMS-style total envisionments;

i.e. all stateassignmentsconsistentwith known facts. A total envisionmentwould have in-

cludedtradeDeficit K andcurrentAccountBalance J . Nor doesHT4 computeQSIM-

style attainableenvisionments[12,13]; i.e. the subsetof total envisionmentsdownstreamof

theINputs.An attainableenvisionmentwould have includedcurrentAccountBalance J .
Rather, HT4 restrictsitself to theinferencesthatconnectINputsto OUTputs.That is, HT4 only
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computesrelevantenvisionments; i.e. thesubsetof theattainableenvisionmentswhich areup-

streamof theOUTputs.Theextrainferencesof non-relevantenvisionmentmayresultin pointless

world generation.For example,if somehow currentAccountBalance J wasincompatible

with wagesRestraint J , then total or attainableenvisionmentswould divide W[1] into at

leasttwo additionalworlds,eachof which would containsomesubsetof the literals shown in

Figure5. Thenew additionalworld containingcurrentAccountBalance J would subse-

quentlybeignoredsincethenew additionalworld with wagesRestraint J wouldbereturned

duringthesearchfor maximumcover.

B. Complexity

This sectiondescribesour algorithmfor solving the coreproblemof HT4: finding the base

controversialassumptionsetA.B. This algorithmwill be shown to be theoreticallyNP-hard,

experimentallyexponential,but practicalfor certainproblems.

HT4 executesin four phases:the factssweep, the forwardssweep, thebackwardssweep, and

the worlds sweep. Firstly, the factssweepremovesall variableassignmentsinconsistentwith

known FACTS (typically, FACTS= r�st]cbed�\ ). Usingahashtable,thefactssweeprunsin linear

time.

Secondly, the forward sweepfinds the conflicting assumptionset (denotedA.c) asa side-

effectof computingthetransitiveclosureof IN (denotedIN*). In atheorycomprisingadirected

graphwith verticesV, edgesE, andfanout ucH v wxvv y<v , theworst-casecomplexity of the forwards

sweepis acceptableat �
	&z {jz S / . Note that if the theory lacked invariants,then the validation

processcould stopat this point sincethe transitive closurewould find theOUTputsreachable

from the INputs. However, in theorieswith invariants,it may be the casethat we can only

consistentlyuseportionsof thetheoryandINputsto achievesomesubsetof theOUTputs.

Thirdly, the backwards sweepgrows proofsbackwardsfrom a memberof OUT backto IN

while maintainingseveral invariants.(i) Proofscanonly usemembersof IN*; i.e. only those

literalsdownstreamof theINputs.(ii) Proofsmaintaina forbidsset;i.e. asetof literalsthatare

incompatiblewith theliteralsusedin theproof. For example,theliteralsusedin P[1] forbid the

literals m domesticSales J , companyProfits J , inflation J�n . (iii) Theupper-most

A.c foundalongtheway is recordedasthatproof’s guess. Theunionof all theguessesof all

theproofswill beA.b. (iv) A proof mustnot containloops.(v) A proofmustnot containitems

November19,2000 DRAFT
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procedure worldsSweep begin

ENV := maximalConsistentSubsets(A.b)

for i := 1 to size(ENV) begin

W[i] := | ;
for p } P

if p.forbids ~ ENV[i] = |
then W[i] := W[i] + p;

end

end

Fig. 7. Theworldssweepof HT4.

thatcontradictotheritemsin theproof; i.e. aproof’smembersmustnot intersectwith its forbids

set.We candemonstrateinformally andformally thatthebackwardssweepis aslow process:

X Informally: If the averagesize of a proof is z �4���M�:z , then worsecasebackwardssweepis

�
	 z �4�E�M��z /��j/ . To make mattersworse,thebackwardssweepcannotcull its searchat a local

propagationlevel. The utility of an edgemay not be apparenttill we have examinedthe

searchspaceaccessedafterusingthatedge.

X Formally: Bylander et.al. [10] show that thatgeneralabductionis NP-hard.For our par-

ticular implementation,we can repeatthat prior result sincewe canshow that satisfying

invariant (v) is NP-hard. Clearly, we can find a theory to generateany directedgraph.

Gabow et.al. [17] showed that finding a directedpathacrossa directedgraphthat hasat

mostoneof a setof forbiddenpairs is NP-hard. Our forbiddenpairsareassignmentsof

differentvaluesto thesamevariable;e.g.thepairsx J &x K andx K &x J areforbidden.

Fourthly, onceA.b is known, thentheproofscanbesortedinto worldsvia theworldssweep.

HT4 extractsall the objectsO referencedin A.b. A world-definingenvironmentENV[i] is

createdfor eachcombinationof objectsandtheir values.In our example,ENV[1] = m c J�n and

ENV[2] = m c K�n . The worlds sweepis simply two nestedloops over eachENV[i] and each

P[j] (seeFigure7). A proof Pj belongsin world W[i] if its forbids setdoesnot intersectthe

assumptionsENV[i] thatdefinethatworld. Theworldssweepis exponentialat �-	xz ��z%�(z ��s�{jz / =
�
	:	 z �!���M�:z /�� �(z ��s�{jz / .
DRAFT November19,2000
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Fig. 8. Averageruntimes.

Menzies[11] reportsexponentialruntimesof HT4 in a mutationstudy. Hundredsof theories

wereartificially generatedby addingrandomverticesandedgesto the Smythe’89 theoryof

glucoseregulation [18]. For this runtime study, the fanoutof the theory was kept constant.

Figure8 showstheaverageruntimefor executingthesystemover94mutatedtheoriesand1991

randomlychosen��r�s��&b�d�\�� pairs[11]. For thatstudy, a “give up” time of 840secondswas

built into thesystem.Thesystemdid not terminatefor z {jzW� ����L in underthat“give up” time

(shown in Figure8 asa vertical line); i.e. the“knee” in theexponentialruntimecurve kicks-in

at around800vertices.

Nevertheless,non-temporalabductivevalidationis apracticalvalidationalgorithmsincethere

exist real-worldstheorieswhichit canvalidate.Of thefieldedexpertsystemssampledby Preece

& Shinghal[6], nonehad more than 510 literals in their dependency graphs. The neuroen-

docrinologicaltheoriesstudiedby Feldman,Compton,& Menzieshadlessthan550 literals in

their dependency graphs. However, HT4 containsan NP-hardbackwardssweepfollowed by

a exponentialworldssweep.Experimentally, exponentialruntimeshave beenobserved in one

implementation.Hence,wehavetheoreticalandexperimentalreasonsto rejectproposalswhich

significantly increasethe sizeof our theories;e.g. the naive renamingfor temporalabductive

validationdiscussedin theintroductionandelaboratedbelow ( � III).

I I I . TEMPORAL ABDUCTIVE VALIDATION

In at least two commonly usedknowledge representations,the truth value of literals can

changeover thelifetime of thesimulation:

1. Rule-basesthat areprocessedvia a standardmatch-select-actloop may assertandretract

factsmany timesduringits processing.
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a
--
++ b

Fig. 9. A theory.

a1
--
++ b1

--

++

++

--

a2
--
++ b2

a3
--
++ b3

Fig. 10. Figure9 renamedover3 time intervalsandconnectedusingIEDGE. Dashesdenotetime edges.

2. As the inferenceexecutesover loops in qualitative theoriesor topoi graphs[19], literals

maybeassigneddifferentbelief valuesatdifferenttimes.

We usethe term “temporalabductive validation” to denotethe problemof validatingtheories

wherethe belief valuesof literals can changeduring a simulation. One approachto imple-

mentingtemporalabductive validationwould beto createonecopy of thetheoryfor eachtime

interval * in thesimulation.Thevariablesat time � wouldbecreatedby renamingeachvariable
 

in the theory
  � for �[H¡ )#%#%#¢* . Oncethe renamingwascompleted,thenwe could apply

somelinking policy to makeconnectionsbetween*BHB� and *£H���5¤� . For example,usingthe

implicit edge linking policy (hereafterIEDGE), if thetheorysays¥ k ¦ , thenwewouldconnect

¥ 3¨§ C
k ¦

3¨§ CED�F . For example,for a simulationof Figure9 over 3 time intervals, we could

executeHT4 over Figure10
f
. The disadvantageof this approachis that the graphsizewould

increasewith thenumberof copies.Giventhecomplexity resultsof � II-B, this is undesirable.

Note that thecopiesof Figure10 repeatthestructureof Figure9 at eachtime interval in the

simulation.Recalltheintroduction,aplausibleintuition is thatnoexplanationpathcanbefound

through *¤5� copiesthatcan’t befoundin * copiessincethespaceis essentiallythesame.If

this weretrue, thenwe could reducethe searchspaceof temporalabductive validationby not

copying thestructureat all.©
Implementationnote: internally, we couldexecuteover onecopy of thetheoryandusea stackvariableto denotethecurrent

time.
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+-+

Fig. 11. A theorywith asymmetricedgesfrom a to d andfrom c to f.

-- ----

++

a b c d e f
++ ++ ++

ª«¬

++

Fig. 12. Figure11 with asymmetricedgesreplacedby symmetricedges.

Menzies& Cohen[20] showedthatthisoptimisationis notpossiblefor unrestrictedlanguages;

i.e. if we allow (e.g.) asymmetricedges in our theories.Symmetricedgesmodelthe kinds of

influenceswe seein simplemathematics.For example,x
D�Dk y andx l�lk y areexamplesof

symmetricedges in that they make somestatementaboutevery stateof thedownstreamvertex

y. x
D l D­ k y is an exampleof an asymmetricedge:y J couldbe explainedby x J , but not visa

versa.Asymmetricedgesareusefulfor (e.g.)modelingin-flows thatpourinto thetop of a tank

andout-flows which drain from the bottomof the tank. If an in-flow increases,thenthe tank

level couldincrease.However, theconverseis not truesinceonly if thetankout-flow increases

will thetanklevel decrease.

For example,Figure11containstwo asymmetricedges(a
D l D­ k d; c

D l D­ k f) which, internally,

hasthesearchspaceof Figure13. Figure11 duplicatesthetopologyof Figure9 in theregions

A,B,Cwith an extra link from the top-left vertex of one region to the top-right vertex of the

next region. A pathfrom b J to e J will take at 3 time intervals to crossfrom top-left to top-

right in eachof theregionsA,B,C. By repeatingA,B,Cmoretimes,wecangeneratedependency

graphswhich would requireany numberof intermediariesto traverse. This examplesuggests

thatbetweeneachmeasuredtime interval wemayneedmany intermediarycopies.

However, if we restrictour languageappropriately, thensomecloseto our above plausible

intuition is true.While exploringexampleslikeFigure11,wenotedthatif werestrictourselves

to only symmetricedges,then we could not find an examplewhereproofs took longer than
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Fig. 13. Thesearchspacewithin Figure11.
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d  
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f    a    b    

a  b  

Fig. 14. Thesearchspacewithin Figure12.

two time intervals. For example,Figure12 replacesthe asymmetricedgesof Figure11 with

symmetricedges.Figure12expandsinto thesearchspaceof Figure14in whichwecanconnect

b J to e J in two time intervals(onefrom b1 J to f1 K , thentwo from f1 K to e2 J ). In thenext

section,wewill demonstratethatthis “2 time intervalsis enough”is ageneralresult.

IV. PROOF

This sectiondescribesthe main resultof this paper;i.e. given a theorycomprising G -state

devicesconnectedby symmetricedges,thenif a proof cannotbe found in G time intervals, it

canneverbefoundat all. Roughlyspeaking,if everyedgeoffersa commenton all thestatesof

its downstreamvertices(i.e. they aresymmetric),thenthe statespacerapidly saturates. That

is, thegranularityof thetime axis reducesto thenumberof statesin the theory. Hence,all the

connectablepointsin thestatespacecanbefoundveryquickly. Theformalprooffor the G -state

caseis intricate.Hence,wefirst show aninformalproofof the2-statecasebeforepresentingthe
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x  

y    w    y  aα

y  w  

Fig. 15. Proofsin two time intervalsor less.Thedashedline from y
�

to a ° is a time edge. Dotted

edges denote any number of non-time edges.

G -stateproof.

A. InformalProofFor 2-StateDevices

Considera proof over theory using two statedevices (say, up anddown, denotedJ and K
respectively) andsymmetricedges.This proof hasa start(e.g.x J ) anda goal. If thatgoalcan

bereachedwithoutcrossinganythingthatcontradictsthegoal(hereafter, thesimplestcase), then

this proof canbeachievedin onetime interval. Thiscaseis thetoppathof Figure15.

Now considerthecasein which thegoal(e.g.y K ) canonly bereachedvia aconflictingvalue

(e.g.y J , seethebottompathof Figure15). Theonly casein which sucha proof canterminate

is whenthereis a pathfrom the conflicting valueto the goal value;e.g. y J to y K ). If sucha

pathexists,thenwith IEDGE linking, theremustbea time edgefrom theconflictingvalueto its

neighbor;e.g. y J to a ± where ± denotessomevalueassignmentto a (eithera J or a K ). This

meansthatwe canusethesimplestcaseto get to theconflictingvaluein onetime interval and

thenwe canusethetime edgeto move on to thegoal(seethedashededgein Figure15). Note

thatmoving on to thegoal (via a ± to w K to y K ) will take no morethanonemoretime interval

sincetheonly literal thatcouldblock theprocess(e.g.y J ) hasalreadybeenused(this is proved

formally below).

Theonly otherinterestingcaseis that this proof needsto crossotherconflictingvalues(e.g.

w J andw K ). Using the simplestcase,we cancrossoneof theseconflicting valuesbeforethe

time edgevia the basecase,andthe otheroneafterwards(seeFigure15). Hence,theseother

conflictingvalueswill not furtherdelaytheproof.

By symmetry, this examplecanbe repeatedfor proofsfrom x K to y J or y K , andfor proofs

from y to x. Hence,if aproof exists,it mustbefoundin at leasttwo time intervals.
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Fig. 16. Therelationshipbetweenanedgesof atheorydigraphandits imagein theassociateddependency digraph.

(a)Directededge¶ from variable· to variablȩ in a 6-statetheory. (b) Theedgesin image¹º¶&» .

B. FormalProof for G -StateDevices

Formally, a theorydigraph is a directedgraph ¼ consistingof verticesrepresentingvariables

andedgesrepresentingconnectionsbetweenthestatesof thevariables.Eachvariable½ canhave

G states,½!F<�%#�#%#¨½'¾ . A directededge¿ of ¼ from ½ to À representsacollectionof dependencies

of thestatesof À onthestatesof ½ . For theorydigraph¼ , weusethesedependenciesto construct

a dependencydigraph ¼(Á . For eachvertex ½ of ¼ , thereis a vertex ½'Â in ¼(Á for eachstateof

½ . Thereis an edgefrom vertex ½'Â to vertex À�Ã if À�Ã is dependanton ½'Â in somerelationship

representedby anedgeof ¼ . For simplicity, in thispaperwereferto verticesin atheorydigraph

asvariablesandverticesin adependency digraphasstates. For anedge¿ of a theorydigraph¼ ,

we defineimage	U¿ / to be thecollectionof edgesof ¼�Á generatedby ¿ (seeFig. 16). Similarly,

for a path Ä of ¼ , image	�Ä / is thesubgraphformedby theunionof theimagesof theedgesof

Ä .

A directededge ¿ in ¼ from ½ to À is symmetricif the edgesin image	U¿ / form a bijection

betweenthe the statesof ½ andthe statesof À (seeFig. 16). In this section,we consideronly

theorieswhereall edgesaresymmetric.

ConsiderstatesÅ"Æ and Ç�È in dependency digraph¼(Á . A simpleproofof Ç�È from Å"Æ , É Â 	UÅ"Æ<��Ç�È / ,
is a directedpathfrom Å"Æ to ÇeÈ suchthat for any variable Ê in ¼ , at mostonestateof Ê is on

É Â 	UÅ"Æ<��Ç�È / .
A proof of stateÀ�Ã from state½'Â , ÉË	Ì½'Â<��À�Ã / is anorderedcollectionof simpleproofssuchthat

½'Â is thestartof the first path, ÀeÃ is theendof thefinal path,andthereis an edgein ¼�Á from

thefinal stateof eachsimpleproof to thestartstateof its successor(seeFig 17). Notethatfor a

stateÊ of ¼ , multiple statesof Ê canbecontainedin proof É[	Ì½'Â<��À�Ã / , but at mostonestateof Ê
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ejei

x s
yt

Fig. 17. A proofof ¸xÍ from ·�Î . Edges¶�Ï and ¶�Ð aretimeedgesandareshown asdottedlines.Solid linesaresimple

proofscontainingoneor morenon-timeedges.

canbecontainedin thesamesimpleproofof ÉË	Ì½'Â<��À�Ã / .
We think of eachsimpleproof of proof ÉË	Ñ½'Â<��ÀeÃ / asoccurringin its own time quantum.The

time of a proof, time	�É[	Ì½'Â<��À�Ã /:/ is thenumberof simpleproofsin É[	Ì½'Âx��À�Ã / . We call theedges

connectingthe simple proofs time edges. The minimum proof time, minTime	Ì½'Âx��À�Ã / , is the

minimumtimeof any proofof ÀeÃ from ½'Â . If thereis noproofof À�Ã from ½'Â , thenminTime	Ñ½'Â<��ÀeÃ /
is undefined.

Considera directedpath Ä in ¼ from vertex ½ to vertex À . Definereachable	�ÄÒ��½'Â / to bethe

collectionof statesof À thatarereachablefrom ½'Â in image	�Ä / . We alsodefinepath ÄtÓ to bea

prefixof path Ä if ÄtÓ is asubpathof Ä and Ä and ÄtÓ sharethesamefirst vertex.

Lemma1: Let Ä bea directedpathin theorydigraph ¼ from variable ½ to variable À and ÄtÓ
beaprefixof Ä . Then z reachable	�Ä Ó ��½'Â / z�ÔÕz reachable	UÄÖ�:½'Â / z .

Proof: The proof is by a simple inductive argumenton the lengthof Ä . If path Ä has

length L , then ½×HØÀ andonly ½'Â is reachablefron ½'Â so z reachable	UÄÖ�:½'Â / zÙHI andthe only

prefix is Ä itself sothelemmaholds.

Now supposethelemmais truefor all pathsof length Ú or less.SupposeÄ haslength Ú"5Û . Let

vertex Ü bethepredecessorof À on Ä andlet ÄtÓ bethepathfrom ½ to Ü formedby removing the

final edge¿ of Ä . Symmetricedgesimply that theedgesin image	U¿ / form a bijectionbetween

thestatesof Ü andthestatesof À . Therefore,for eachÜ$Ý in reachable	UÄ^ÓÞ��½'Â / thereis a unique

stateof À reachablefrom ½'Â via a paththrough Ü$Ý , so z reachable	UÄ Ó ��½'Â / z+Ôßz reachable	UÄÒ��½'Â / z
(seeFig. 18). Sinceany prefixof Ä is either Ä itself or aprefix of ÄtÓ thelemmais proved.

Note that it is possiblefor z reachable	UÄ^Óº��½'Â / zË� z reachable	UÄÖ�:½'Â / z since Ä may contain

cyclesandotherstatesof À mayhavebeenreachedin someotherprefixof Ä .

Lemma2: Let Ä beadirectedpathin theorydigraph¼ from variable½ to variableÀ and ½'Â be

a stateof ½ with z reachable	UÄÒ��½'Â / z)H�à . For eachinteger � in  á#�#%#�à , we canfind a uniquestate

À%â of À suchthatminTime	Ñ½'Â<��À%â / Ôã� whenonly consideringproofswith all edgesin image	�Ä / .
This lemmais thekey to our result.Beforeproving thelemma,considerthefollowing exam-
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Fig. 18. Illustration of the proof of lemma1. Therearepathsto stateş�ä , ¸<å , ¸<æ , and ¸xç throughthe statesof

� reachable¹ºèêéë»:� . � reachable¹ìèêéÞí�·�Î�»:�%îc� reachable¹ìè!íU·)Î�»�� sincestatȩ<ï is reachablefrom someprefixof èêé .
Dashedlinesaretimeedges;solid linesareoneor morenon-timeedges.

ple. Figure18 representsimage	UÄ / for somepath Ä from variable ½ to variable À . Path Ä^Ó is
theprefixof Ä formedby removing thefinal edge¿ from Ü to À .

Supposewe have determinedthat z reachable	UÄ^ÓÞ��½'Â / z4Hñð andfor each  òÔó��Ôóð we have

minTime	Ñ½'Â<��Ü$C / Ôã� . We iteratefindingstatesof À to satisfythelemma:

X Iteration1: Sincetherearenostatesof À on É^F , wecanextend É^F by ¿�F to demonstratethat

minTime	Ñ½'Â<��À�F / Hô .
X Iteration 2: State õ S is on the final simple proof of proof É f , so we can concludethat

minTime	Ñ½'Â<��À S / Ô£� .
X Iteration3: Sincewecanconsideredge¿ f atimeedge,wedemonstratethatminTime	Ì½'Â<��À f / Ô
ö
.

X Iteration 4: State õ f is on the final simple proof of proof Éø÷ . We can usethe already

determinedproof of À f to demonstratethatminTime	Ì½'Âx��À�÷ / Ô minTime	Ì½'Âx��À f / 5£ �Ôãð .
X Iteration5: Sinceaproofof À�÷ wasfoundearlier(by induction),wehavethatminTime	Ì½'Âx��À�÷ / Ô

reachable	UÄ^ÓÞ��½'Â / z�HBðW�ù� .
Proof: Let Ä bea pathfrom vertex ½ to vertex À . Theproof is by inductionon thelength

of Ä . If Ä haslength L , then ½úHûÀ andonly ½'Â is reachablefrom ½'Â so z reachable	UÄÒ��½'Â / z�HÕ 
andminTime	Ì½'Âx��½'Â / Hü .

Now supposethelemmais truefor all pathsof length Ú or less.SupposeÄ haslength Ú(5£ .
Let vertex Ü bethepredecessorof À on Ä and ÄtÓ bethepathfrom ½ to Ü formedby removing

thefinal edge¿ of Ä .

Wepartitionthestatesof À into threecategories:
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X õ!F : the statesof À that are connectedfrom a statein reachable	�ÄtÓý��½'Â / by an edgein

image	U¿ / .
X õ f : thestatesin reachable	UÄÒ��½'Â / not in õ!F
X õ S : thestatesnot in reachable	�ÄÒ��½'Â / .
Assumewithoutlossof generality, thatthestatesof Ü areorderedsuchthatfor �þ�Oz reachable	�ÄtÓý��½'Â / z ,

minTime	Ñ½'Â<��Ü$C / Ôñ� . Suchan orderingis possibleby the inductive hypothesis.Assumealso

thattheedgesof image	�¿ / arelabeled¿�F<�%#%#%#��&¿M¾ andthestatesof À arenumberedsuchthat:

X edge¿�C connectsstateÜ$C to stateÀ�C ,
X À v ÿ o v D�Fx�%#%#%#���À v reachable����� ���	� v arethestatesof õ f in any order.

X À v reachable����� � � � v D�F ��#%#%#>À�¾ arethestatesof õ S in any order.

Notethatour definitionimpliesthat À�F&�%#%#%#���À v ÿ o v arethestatesof set õ!F .
Wenow show how weboundthevaluesof minTime	Ñ½'Â���ÀeC / in suchawayto satisfythelemma.

Let countindicatethenumberof statesof À labeledat anytime in our algorithm.For eachvalue

 Ô count Ô z reachable	�ÄÒ��½'Â / z we needto find a uniquestate À�C suchthat minTime	êÀ�C / Ô
count:

While count �Oz reachable	�ÄÒ��½'Â / z do

X Incrementcount

X Choosethe smallest � suchthat À�C is in either set õ!F or set õ f and we have not already

boundedminTime	Ì½'Âx��À�C / for path Ä . By ourstructure,weknow that �þÔ count.

X If À�C in õ!F
– If � � countsincewe know by inductionthatminTime	Ì½'Âx��Ü$C / Ô�� , if we consideredge¿�C

a timeedge,wegetminTime	Ñ½'Â<��ÀeC / HB�'5ù (Ô count.

– elselet É beaproofof stateÜ$C from ½'Â with time	�É / Ôã� . Let É Â bethefinal simpleproof

of É . If É Â containsstateÀ%âËgH£À�C :
� if we have alreadydetermineda boundfor minTime	Ì½'Âx��À�â / for path Ä , thenwe know

thatminTime	Ì½'Âx��À%â / � count. Let Ç�
 be thesuccessorof the last occuranceof À�â on

É Â connectedto À%â by edge¿�
 . We form aproof of À�C asfollows. Usea proof É â of À�â
with time	�É0â / � count. Consideredge¿�
 a time edge.Thenthesuffix of É Â from Ç�

to Ü$C plusedge¿�C form a simpleproof(sinceÉ Â is a simpleproof), andtheonly state

of À on this pathis ÀeC , sominTime	Ì½'Âx��À�� / Ô count.
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� elsewecantruncateproof É at stateÇ�â , sominTime	Ì½'Âx��À%â / H£�þÔ count.

– elsethe only possiblestateof À in simpleproof É Â is À�C . Therefore,the pathformedby

addingedge¿�C to É Â is asimpleproof,sowegetminTime	Ì½'Âx��ÀeC / HB�êÔ count.

X elsestateÀ�C is in setõ f . Therefore,thereisaprefix Ä Ó Ó of Ä Ó suchthat À�C is in reachable	�Ä Ó Ó ��½'Â / .
By lemma1, weknow that z reachable	�ÄtÓ Óý�:½'Â / z�ÔÕz reachable	UÄ^Óº��½'Â / z . By our construction,

�þ�Oz õ!F%z�Hóz reachable	UÄ^ÓÞ��½'Â / z . Weget,by induction,minTime	Ì½'Âx��À�C / Ô z reachable	�ÄtÓ Óý��½'Â / z�Ô
z reachable	�ÄtÓý��½'Â / z�� count.

Theorem1: Considera theorydigraph ¼ with G statespervariable.If if thereis a pathfrom

vertex ½'Â to vertex À�Ã in dependency graph ¼(Á , thenminTime	Ì½'Âx��À�Ã / ÔùG .

Proof: Findapath Ä in ¼ with ÀeÃ in reachable	�ÄÒ��½'Â / . Then,asanimmediateconsequence

of lemma2, minTime	Ì½'Âx��À�Ã / Ô£G .

V. IMPLICATIONS

Wecanusetheaboveproofasanoptimisationtechniqueasfollows. Supposewehada G -state

devicewhichwasrunfor *�C timeintervalsandwasmeasuredat *+â timepoints.By “running” we

meanthatasearchspacewascreatedwith *�C renamingsof thevariablesin thedevice. Thesere-

namingswouldbelinkedaspertheconnectionsin theoriginaldeviceplusimplicit edgelinking

betweenvariablesfrom adjacenttime points. In searchfor proofsof measurements,we would

not needto explore further than G time edgesaway from the measurementbeforewe could

declareaproof impossible.

Note that it would bea mistake to only generateG renamingsof thesearchspace.A proof

from * H � back to *¡H � must be consistentwith intermediarymeasurementsat * H 

( � ��
Û�O� ). Hence,thebackwardssweepmustbuild this proof from * Hó� , through *óH�
 ,
thenbackto *£HB� . Hence,whengeneratingtherenamedvariables,wewouldneedto represent

thesearchspaceat andbetweenmeasuredtimepoints;i.e. 	UGP�0*¨â / ­  renamings.In thecase

where G wassmalland *+â�� *'C , thenthis is still a significantreductionin thesearchspace.

Returningto our examplein theintroduction,suppose:

X We hada G HØ� -statedevice with symmetricIEDGE linking which hasbeenrunningfor a

billion timesteps;i.e. *'C4Hô ML N seconds.

X The numberof literals in the device are lessthan the size limits shown in Figure 8; i.e.
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a1
--
++ b1

a2
--
++ b2

a3
--
++ b3

++ ++

++ ++

Fig. 19. Figure9 renamedover3 time intervalsandconnectedusingINODE.

non-temporalabductivevalidationacrossthis devicewasknown to betractable.

X Weonly collectedmeasurementsatthreetimepoints(say,  and �4�4 ML�Q and  %L N ); i.e. *¨âÒH ö
.

Let thespacecomplexity for non-temporalabductivevalidationacrossthisdeviceby
 

. If we

hadnot provedsaturationfor our device, thenthesearchfor theseproofswouldhave to explore

 ML N renamings;i.e. the spacecomplexity would be  ML N �   . However, sincewe have proved

saturation,thenwe know that if a proof cannotbefound in two renamings,thenno suchproof

exists. Considera proof from (e.g.) time  to time � �  ML�Q . If thatproof cannotterminatein the

space and �(�[ ML�Q , thenit will never terminate.That is, whenbuilding this proof, we could

ignorethesearchspacethatusedtherenamingsfrom � to �0�$ ML Q ­  . A similarargumentcould

be madefor proofsfrom �(�Ë ML�Q to  %L N . In practice,we would only needto searchthe space

createdfor the threemeasuredtime points. That is, the spacerequirementsfor this temporal

validationproblemwouldonly be � �   .

VI. EXPERIMENTS

Theprevioussectiondiscusseda generaltheoreticalresultrelatingto temporalabductiveval-

idation. This sectiondescribesa specificexperimentalresultrelatingto studieson onemodel.

Wemotivatethis sectionasfollows:

X In orderto provesaturation,wehavehadto severelyrestrictour representationlanguage.A

reasonableobjectionto ourapproachis thattheserestrictionsrenderourapproachimpracti-

cal. In thissection,weshow thatthis is notnecessarilytruethatourapproachis excessively

restrictivesince,at leastin theexampleofferedbelow, apracticalsystemwasdeveloped.

X The experimentdescribedbelow is a generalframework for comparingthe testability of

differentqualitativerepresentations.
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good poor
theories are...nothing

theories explain...

everything

sufficiently permissive

sufficiently restrictive

Fig. 20. Visualisinga successfullinking policy. A linking policy shouldbebothpermissiveto all goodtheoriesto

explaincorrectbehaviour andrestrictiveenoughto preventpoortheoriesexplainingany behaviour.

X An earlierversionof thispaper[20] offeredatheoreticalconclusionthat3 timecopieswere

sufficient for the implicit node linking policy (hereafter, INODE) using two-statevariables

linkedby symmetricedges.With implicit nodelinking, variablesat time *ùHB� werelinked

to variablesat time *�Hü�45B (seeFigure19). However, subsequentexperimentswith that

policy [21] showedthat IEDGE couldnot distinguishgoodtheoriesfrom poortheories.This

sectiondescribesthis experimentalrejectionof INODE andtheexperimentalconfirmationof

theutility of IEDGE.

A. ExperimentalDesign

In orderto assessthe practicalmeritsof a linking policy, we needto stepbackandmake a

statementaboutthecontext in whichsuchapolicy wouldbeused.Menzies& Goss[22] describe

thegray-boxmodelingproblemin which operatorsneedto guesstheinnerworkingsof ablack-

box simulatorusing only minimal knowledgeof that simulatorsinput-output. The operator

recordstheir guessin an approximategray-boxnotationsuchasFigure4. For our purposes,

we saythata linking policy is adequateif it supportsgray-boxmodeling. In particular, we say

thata linking policy shouldbepermissiveenoughto permit thegenerationof proofsfor known

correctbehaviour andrestrictiveenoughto blockproofsof known incorrectbehaviour. Further,

weneedto beableto quickly recogniseif anoperator’sguessesmovetowardsthecorrecttheory.

Figure20 is a succinctvisual representationof anadequatelinking policy. Givena rangeof

theorieswhich degradefrom good to poor, we like to seecurve of Figure20; i.e. we quickly

getfeedbackthatwe canexplainprogressively lessandlessof thebehaviour of thetheory.

Our testenginehasfour sub-routines:(1) representativemodelselection;(2) datageneration;

(3) modelmutation;and(4) optioncomparison.

DRAFT November19,2000



MENZIES,COHEN,WAUGH, GOSS:TESTINGVERY LONG SIMULATIONS 23

fish growth
rate

boat
investment
fraction

boat
purchases

catch potential

--

++

++

++

++ ++
++

++

++

--

++ ++

++

++

--

fish catch

boat
maintenance

income
net

catch
proceeds

++

--

fish density

change

decomissions
boat

fish population

in boat
numbers

change 

Fig. 21. Thefisheriesmodel. Adaptedfrom [23, pp135-141].Variablesin italics wereusedin the XNODE study

(seetext).

(1) Representativemodelselection: The “fisheriessimulationmodel” (Figure21) is similar

to theoriesdevelopedby Gossin his domain.It includesfeedbackloops;qualitativestates;and

measurableentities. A precisemathematicalexpressionof this modelis available[23, pp135-

141].

(2) Data generation: The selectedquantitative modelwasrun 15 timesover five time steps

to generatenumerictest datausingdifferent input parametersto createan array of quantita-

tive observationsmeasure[1..15]. From eachcomparisonof measure[i] with mea-

sure[j] (i � j Ô 15), 105 entrieswerewritten to an arrayof qualitative observations

changes[1..105]. For example,if in comparisonchange[37], thefish densityfdens

wasincreasedandthe fish catchfcatch wasalwaysseento decreaseat all time steps,then

change[37].in is m fdens=up n andchange[37].out is m fcatch(t=1)=down, fcatch(t=2)=down,

fcatch(t=3)=down, fcatch(t=4)=down, fcatch(t=5)=down n .
(3) Modelmutation: This processmustberepeatedfor a largenumberof representative the-

oriesfrom a domain. As thesearehardto find in practice,we generatethemusinga variant

of themutationstrategy usedby Menzies(Figure8). In this new mutator, a randomsampleof

X statementsin thequalitative form of theknown representative modelarecorrupted.Givena

modelwith E edges,thenaswe varyX from 0 to E, we aremoving from agood modelto a

poor model;i.e. thex-axisof Figure20. Wecorruptedthemodelby flipping theannotationon
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Fig. 22. Figure9 renamedover3 time intervalsandconnectedusingXNODE wheretheuserhasindicatedthata is

anexplicit timenode.Dashedlinesindicatetimeedges.

anedge(e.g.++ to -- or visaversa).Thecorruption-model-mutatorpicksits edgesto corrupt

at random,andwerepeatthecorruptionastatisticallysignificantnumberof times(20 repeats).

(4) Option exploration: The two linking policiesdiscussedabove (IEDGE, INODE) werecom-

paredwith anotherpolicy we have proposedelsewhere[21]. The explicit node linking pol-

icy (hereafter, XNODE) actslike INODE exceptthat domainexpertsexplicitly label which nodes

areto be connectedacrosstime. For the threelinking policies(IEDGE, INODE, XNODE) andfor

eachmutatedmodel,we createdsix modelcopiescopy[0..5]. copy[i] wasconnectedto

copy[i+1] asfollows: if IEDGE wasbeingused,thencopieswereconnectedasin Figure10;

else,if INODE wasbeingused,thencopieswereconnectedasin Figure19; elseif XNODE was

beingused,thencopieswereconnectedas in Figure22. For the XNODE policy, the variables

shown in italics in Figure21wereusedastheexplicit timenodes.Change inputsweremapped

into copy[0]. Change outputsweremappedinto somecopy[1..5]. Thesuccessof each

run was assessedusing the generateddata,by recordingthe % of the explicable outputsi.e.

thoseoutputsthat the modelcould connectbackto inputs. Returningto Figure20, every-

thing=100%explicableandnothing=0%explicable.

Proofsfor PUTputsat time * H � mustbe consistentwith proofs from * H¡ )#ì# ð . Hence,

all theproofsmustbebuilt together(seerun qualitative model in Figure23). For this

study, weonly collected% explicablefiguresfor OUTputsat time *ãHû� .

B. Results

Figure24 shows the resultsof applying the testengineto the fisheriesmodel. All policies

could explanationsfor at least20% of data,even for very poor theories. We attribute these
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Inputs: 1) the quantitative fisheries model M0

2) the qualitative fisheries model M1 with

edges E := edge[1..17]

3) T := 5 max time ticks

4) linkingPolicies := [iedge, inode, xnode]

5) Repeats := 20

Outputs: Xplicable, Runtime

measure[1..15]:= run_quantitative_model(T,M0)

change[1..105]:= comparisons(measure)

for policy } linkingPolicies begin

for corrupted:=0 to |E| begin

for r:=1 to Repeats begin

M2 :=corruptSomeEdgesChoosenAtRandom(corrupted,M1)

for t:=0 to T copy[t]:= M2

for t:=0 to T-1 time_connect(copy[t],copy[t+1],policy)

for i:=1 to |change| begin

<In,Out[1..T]>:= change[i]

startTime := timeNow()

Xplained[1..T]:= run_qualitative_model(copy,In,Out)

Runtime[policy,r,corrupted,i]:= timeNow() - startTime

Xplicable[policy,r,corrupted,i]:=

|Xplained[5]|*100/|Out[5]|

end

end

if corrupted=0 or corrupted=|E| then goto :nextE

end

:nextE # skip further random edge corruptions of 0 or E edges

end

end

Fig. 23. Experimentaldesignfor assessinglinking options
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Fig. 24. Comparingimplicit edgelinking (IEDGE) with implicit nodelinking (INODE) with explicit nodelinking
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Fig. 25. Averageruntimesin secondsfor theexperimentsof Figure24.

residualexplanationsto theindeterminacy of qualitative theories.

Theresultsshow thattwoof thelinking policies(XNODE andIEDGE) werecloseto theidealideal

curveof Figure20. INODE wasobservedto bequiteremovedfrom theideal. INODE is clearlynot

sufficiently restrictive a linking policy sinceeven with all edgescorrupted,this linking policy

allowedpoor theoriesto explain correctbehaviour. Hence,basedon this experiment,we now

rejectour previousrecommendations[20] regardingtheuseof IEDGE.

XNODE wasclosestto theidealcurveof Figure20. However, wemustnot uncriticallyendorse

the XNODE linking policy. Recall that the basisof this policy wasthat userscould pick some

subsetof theverticesandmark themasexplicit time traversalnodes.Our above proof of satu-

rationof G -statedevicesin G time ticksdependedon theregularitiesfoundin thesearchspace

foundin IEDGEd linkedtheories.Thesearchspaceof anexplicitly linkedtheorymaybehighly

irregular becauseuserscould link only a small subsetof nodesacrosstime. Sincewe cannot
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demonstratesaturationfor XNODE linking, thena simulationof (e.g.)  ML N time ticks, the XNODE

validatermustsearchthrougha spaceequalin sizeto  ML N copiesof thetheory. Hence,we can

only recommendXNODE for shortsimulationssuchasthefive timestepssimulatedin Figure24.

Figure 24 shows us that IEDGE’s maximumexplicable rate is 82%; i.e. IEDGE is not fully

permissive. In our enthusiasmto cull thesearchspacein a qualitativesimulation,we have also

culledsomevalid behaviours.Nevertheless,ourresultsshow that IEDGE canserveasavalidation

device for fisheries. Note that for IEDGE after only a third of the modelbeing mutated,only

aroundhalf theoutputsareinexplicable. This is a niceresult: we getclear, early indicationsif

we arestrayingfrom a goodmodel.Further, sincewe canprove that IEDGE supportssaturation,

then,unlike XNODE, wecanshow that IEDGE canbeusedfor validatingvery longsimulationruns.

Theaverageruntimesin secondsfor eachtrial areshown in Figure25. IEDGE andXNODE were

muchfasterthantherejectedlinking policy, INODE. Oneinterestingfeatureof Figure25 is that

asthemodelsgrow morecorrupted,it becomesfasterto determinewhatoutputsareexplicable.

This is a anotherniceresult:wecanrejectnonsensefaster.

VII . RELATED WORK

Menzies& Compton[24] have arguedthatthelimits to validationarealsothelimits to mod-

eling sincewe shouldnot build what we cannottest. LevesqueandBrachmanobserved that

seeminglyminorchangesin aframe-basedlanguagedramaticallyalteredthetractabilityof sub-

sumption[25]. Herewehaveshown thatseeminglyminorchangesin thetemporallinking policy

dramaticallyalteredthetractabilityof validation.Theimplicationsfor otherrepresentationsare

notyet clear. However, it is possiblethatif otherrepresentationsareto supporttractablevalida-

tion, thenmustbeconstrainedin amanneranalogousto symmetricIEDGE linking.

Elsewhere[9,26] wehaveextensively discussedtheconnectionof thiswork to standardqual-

itative reasoning(QR); non-monotonicreasoningsuchasdefault logic andassumption-based

truth maintenancesystems(ATMS); andATMS-basedverificationandvalidationtools from the

V&V community. We includesomesummarynotesbelow.

Defaultlogic: An HT4 world is notanextensionof adefault logic theory[27]. Extensionsare

closeunderdeduction;i.e. containstheattainableenvisionments.

ATMS: As mentionedabove, we generatedifferentenvisionmentsto theATMS ( � II-A). Fur-

ther, while theATMS computesits environmentsincrementally, HT4 is abatchprocess.
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V&V: To thebestof ourknowledge,ourwork is thefirst detailedanalysisof thecomputational

complexity of validatingtheoriesusedfor time-basedsimulations.Thevalidationof theruntime

dynamicpropertiesof ruleshasbeenstudiedby Preeceet.al. [28]. Detailedcomplexity results

for the verificationof rule-basedsystemshave beenreportedby Levy & Rousset[29]. Other

ATMS-style validation approachesare all for non-temporaltheories[30, 31]. None of these

studiesexploreloopswithin thedependency graphof a rule based.Suchloopswould requirea

temporalanalysis.

Standard QR: StandardQR is basedaroundtheoremproversthat processqualitative differ-

entialequations;i.e. a piece-wisewell-approximatedlow-orderlinearequationor a first-order

non-lineardifferentialequationwhosenumericvaluesarereplacedby oneof threequalitative

states:up, down, or steady[32]. Examplesof standardQR includeQSIM [12] andQPT. Non-

standardQRvariantsincludefirst-orderlogic qualitativemodeling[33], andnon-linearQR[34].

Our approachis similar to standardQR sinceit is basedon well-approximatedlow-orderlinear

equations.However, it hascertainkey differences.For example,our symmetricedgesaredif-

ferentto the ��5 and � ­ of QSIM. The QSIM connectionsallow for theautomaticinference

of landmarkstateswherethe sign of a variable’s rateof changesfrom positive to negative (or

visaversa).We do not permit theauto-deductionof suchstates:all our statesmustbeencoded

manually. Also, our languageis optimizesfor tractability, not expressability. Hence,we can’t

encodethehigher-orderconstraintsoftendiscussedin the QSIM literature. In our defense,we

notethatoftentheQSIM literatureusesthoseconstraintsto tameintractablechatter. Wehaveno

needto tameintractabilitysincethatcomesfor freewith our languagechoice.

Anothermajordifferenceto thestandardQRliteratureis thatwehavesoughtaminimalgraph-

theoreticframework for our representation.As a result,the internaldatastructuresof our ap-

proacharevery uniform. This uniformity enablesthe kind of complexity analysisdescribed

above. Also, our approachcanbeviewedasa multiple-world qualitative versionof time aver-

aging[35]. Time averagingstudiesthe long-termpropertiesof a modelunderfeedback.Such

long-termreasoningis possibleonly for certainstructureswithin a systemof equations.Our

technique,on theotherhand,candiscussthe long-termpropertiesof all constructsin our lan-

guage.To achieve this, we have hadto adopta morerestrictive thanthatusedin (e.g.) QSIM.

Despitetheserestriction,wehaveshown in � VI it is still expressiveenoughto modelandvalidate
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real-world QRtheoriessuchasFigure21.

A fundamentalpropertyof qualitative systemsis their indeterminacy. For example,recall

that the qualitative modelof Figure 4 could not tell if companyProfits was to go up or

down. In standardQR, one world is branchedfor eachpossibility: companyProfits J ,
companyProfits K andcompanyProfits remainingsteady. Whenextendedoverseveral

levelsin anetwork, this canleadto anintractablebranchingof behaviour. Meta-knowledgecan

beusedto tamesomeof this indeterminacy. For example,theWaltz filtering of the QSIM [12]

systemruled-outa transitionof the first derivative of a variablefrom increasingto decreasing

without first going througha zerostate. In practice,however, many possiblebehaviours will

still be generated[36] andmust be somehow handledby the programcalling the qualitative

simulator. Clancy andKuipersobserve that.. .

Intractablebranchingdueto irrelevantdistinctionsis oneof themajorfactorshindering

theapplicationof qualitativereasoningtechniquesto largereal-world problems[37].

As of the time of this writing, thecurrentbest-proposalfor tamingintractablebranchingfrom

the QSIM communityis the DECSIM simulatorin which the userdivides the theory into sev-

eral partitions[37]. Thesepartitionsarethensimulatedasseparateunits. While DECSIM has

beenableto offer richersimulationsthanbasicQSIM, DECSIM ’sauthorscommentthat“ DECSIM

cannotguaranteea tractablesimulationfor any model.” By comparison,we canguaranteea

tractablesimulationfor theorieswritten usingsymmetricedgesand IEDGE linking andwhose

non-temporalabductivevalidationtaskwastractable.

VII I . CONCLUSIONS

Representationsareusuallyassessedvia their expressibility, completeness,correctness,and

tractability. Herewe have exploreda fifth criteria: testability. We have found that seemingly

minor choicesin therepresentationlanguagecanhavea significantimpacton thetractabilityof

validation. In summary, we have exploreda languagecomprisingG -statevariablesconnected

by symmetricedgesandjoined acrosstime by implicit edgelinking. Using a graph-theoretic

analysis,we have shown that sucha languagesaturatesin G time steps;i.e. if proofsdo not

terminateafter G time steps,thenthey will never terminate.This observation canbe usedto

dramaticallycull thesearchspaceof qualitativesimulationsrunningfor very long timeperiods.

Without knowledgeof saturation,if a theoryis run for *'C time steps,thenthesizeof thesearch
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spacemay be proportionalto �
	Ì*'C / . However, given that languagesaturates,andif that sim-

ulation is only measuredat *¨â time points,thenwe canreducethat spaceto somethingmuch

smaller( � ¾ 1�3�� � l F3�� ).

Ourapproachrequiresthat(i) non-temporalabductionof sometheoryis tractable;and(ii) when

thenon-temporalabductive validationproblemis convertedto a temporalabductive validation

problem,thenit is linked usingsymmetricIEDGE edges.The resultingthat is morerestrictive

thanthatusedin standardqualitativereasoningsuchasQSIM. Despitetheserestriction,wehave

shown in � VI it is still expressiveenoughto modelandvalidatereal-world QR theoriessuchas

thefisheriesmodel. Further, we canmake a clearstatementaboutthe tractabilityof validating

all theorieswritten in our restrictive languagewhereasotherQRsystems(e.g.DECSIM) cannot.
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