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Abstract

We cantestatheoryof “X” by checkingif thattheorycanreproduceknown behaiour of “X”. In
the generalcase this checkfor time-basedsimulationsis only practicalfor shortsimulationruns. We
shaw that given certainreasonabldéanguagerestrictions,thenthe compleity of this checkreducesto
the granularity of the measurementsThat s, provided a very long simulationrun is only measured
infrequently thenthis checkis feasible.
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|. INTRODUCTION

We needthoroughmethoddor testingourknowledgebaseg4KBs). Modernknowledgeacqui-
sition (KA) theoristsview KB constructiorasthe constructionof inaccuratesurrogatesnodels
of reality [1,2]. Agnew, Ford & Hayes[3] commentthat “expert-knavledgeis comprisedof
context-dependentpersonallyconstructedhighly functional but fallible abstractions”. Prac-
tionersconfirmjust how inaccurateKBs canbe. Silverman[4] cautionsthat systematicdiases
in expertpreferencesnayresultin incorrect/incomplet&nowledgebases Compton[5] reports
expertsystemsn which therewasalwaysonefurtherimportantaddition,one moresignificant
andessentiathange Working systemsancontainmultiple undetecte@rrors.Preece& Shing-
hal[6] documentive fieldedexpertsystemshatcontainnumeroudogicalanomaliesMyers|[7]
reportsthat51 experiencedorogrammergould only ever find 5 of the 15 errorsin a simple63
line program evengivenunlimitedtime andaccesgo the sourcecodeandthe executable.

Potentiallyinaccurateand evolving theoriesmust be validated,lest they generatanappro-
priate output for certaincircumstances.Testingcan only demonstratehe presenceof bugs
(never their absencepnd so must be repeatedvhen&rer newv datais available or a program
haschanged.Thatis, validationis anessentialpn-goingprocesghrough-outhe lifetime of a
knowledgebase.This view motivatedFeldman& Compton[8], thenMenzies& Compton[9],
to develop QMOD/HT4: a generaltechniquefor automaticallyvalidatingtheoriesin vague do-
mains A vaguedomainis (i) poorly-measuredand/or(ii) lacksadefinitive oracle;and/or(iii) is
indeterminate/non-monotoni&/alidationin suchvaguedomainsnecessitatemakingassump-
tions aboutunmeasuredariablesand maintainingmutually exclusive assumptionsn separate

worlds. Many domainstackledby modernKA arevague;i.e. this definition of testis widely
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Fig.1. A theory A theoryconnectedleviceswith two statequpt anddownl). In thistheoryx H y denotedhat
y1 andy | canbeexplainedby xt andx | respectiely; andx — y denoteghaty? andy | canbeexplainedby
xJ andx? respectiely.

applicable.

Formally, QMOD/HT4 is abductionand abductionis known to be NP-hard[10]; i.e. theoret-
ically the systemis impracticalsinceits runtimesare very likely to be exponentialon theory
size(0(2")). Neverthelessabductie validationhashasbeenableto detectpreviously invisible
andsignificantflaws in the theoriespublishedin theinternationalneuroendocrinologicditera-
ture[8, 9]. Further Menzieshasshovn [11] thatabductve validationis practicalfor atleastthe
sampleof fieldedexpert systemsstudiedby Preece& Shinghal. However, standardabductve
validationis restrictedto non-tempoal theorieswith theinvariantthatno variablecanhave two
differentvalues(§ll). In the caseof time-basedimulation,this invariantis inappropriatesince
variablescanhave differentvaluesat differenttimes.

Onewayto extendabductvevalidationto temporl abductivevalidationis to renamevariables
ateachtime pointin the simulation.For example,all thevariablesn Figurel couldberenamed
e.g. fishCatchl, fishCatch2 ... fishCatchT whereT is sometime point. A nave renaming
strateyy would usetheserenamedrariablesto createl’ copiesof thetheoryasseenn Figure2.
This naive renamingstratgy incursa severecomputationatost;i.e. if a non-temporatheory
hasN variablesandis O(2%), thenfor T time points,its temporalequialentis O (2V*T) (§l11).

Thispapempresentanon-nave renamingstrat@y. Thisnew stratgy is basednthefollowing
simpleintuition. Much of thesearchspaceshavnin Figure2 is thesamestructurerepeateaver
andover again. It seemsat leastpossiblethatno pathcanbe foundthroughT + 1 copiesthat
cant befoundin T copies(sincethe spaces essentialljthe same).If this weretrue,thenwe
could reducethe searchspaceof temporalabductve validationby not copying the structureat
all.

We show below (in §lll) thatthis intuition is incorrect,unlesswe carefully restricthow vari-
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for time T=0 (inputs)

+_ H \
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for time T=1

Theory: copied
for times T=2 .. 99,999,999

|
I
- |
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Q/l A b for time T= 100,000,000

Theory: copied
for time T= 100,000,001
to time T= 999,999,999

X / I

VAR | I

A} .D” - ! Theory: copied

N \ e for time T=1,000,000,000
-

Fig. 2. Thetheoryof Figure 1, copied10® + 1 times. The copy attime T = 0 is usedfor the inputsto the
simulation. Dashededgesdenotelinks betweenvariablesat differenttimes. For spacereasonssomeof the

copiesnotshawn.

ablesarelinkedin ourtheories.A linking policy is the methodof connectingvariablesat 7; to
T;.1. Wewill shav thatis we apply the implicit symmetricedge linking policy (describede-
low), thenthesearclspaceof atheorywith K statesaturatesafter K renamingsi.e. if aproof
doesnot terminatein time K, thenno suchproof exists (§1V). The practicalimplicationsof
saturationarethat, undercertaincircumstancesye canignoring a large subsebf therenamed
variablesat unmeasuredime points. Supposeall the variablesin Figurel had K = 2 states
(e.g. they werevariablesstates:upt, down]). Supposdurtherwe hadrun thatmodelfor a
billion (10°) time steps. Suppose€urther that we only have datafrom that simulationat three
time points: say initially, at7 = 10® and7T = 10°. Withoutimplicit symmetricedgelinking,
thenwhensearchindor proofsof thesemeasurementsye would have to explorethe spacecre-
atedby all 10° renamingshavn in Figure2 However, with implicit symmetricedgelinking, we

only needexplore% of thatspaceasshown in Figure3 (§V).
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Fig. 3. Assumingthe simulationis measureanly threetimes,andthe 2-statevariablesareconnecteavith implicit

symmetricedgesthenthesearchspacerom the 10° + 1 copiesof Figure2 reducego the 3 copiesshowvn here.

Ourapproachrequiresalanguagehatis morerestrictve thanthatusedin standardjualitative
reasoningsuchasQsIiM [12,13]. Neverthelessye arguethat this restrictionis both practical
anddesirable:

« 8VI is anexperimentaldemonstratiorthattheselanguageestrictionsstill permitthe simu-

lation andvalidationof real-world theories.

« In ourrelatedwork section(§VI1), we will notethatstandardjualitative reasoningsystems

cannotguarantea tractablesimulationfor all modelsrepresenteth thatsystem.By com-
parison,we canguaranteea tractablesimulationfor all theorieswritten in our language,

providedthataverylong simulationrunis only measurednfrequently

Il. NON-TEMPORAL ABDUCTIVE VALIDATION

This sectioncontainsour standardiescriptionof non-temporabbductve validation.

A. Tutorial

Abductionis thesearcHor assumptiong which,whencombinedwith sometheoryT achieves
somesetof goalsOUT without causingsomecontradiction14]. Thatis:

e« EQ: TUAF OUT,;

e FQy: TUAL.
Menzies’'HT4 abductve inferenceengine[15] cacheghe proof treesusedto satisfy £Q; and

EQ,. Thesearethensortedinto worlds W maximalconsistensubsetgmaximalwith respecto
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current trade
account deficit
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investor
foriegn confidence
sales \ ++
++ company corporate  -- wages
domestic —=> T )
profits ++ spending restraint
sales \
++ ++
public - inflation

confidence

Fig.4. A theory

size).In the caseof multiple worldsbeinggeneratedthe bestworld(s) arethosewith maximum
cover. theintersectiorof thatworld andthe OUTputs.

For example,considerthe taskof checkingthatwe canachiese certainOUT putsusingsome
| Nputsacrosshe KB shawvn in Figure4. We denotex=up asx{ andx=down asx]. In that
figure,x =¥ y denoteghaty+ andy | canbeexplainedby xt andx respectiely; andx =y
denoteghatyt andy| canbeexplainedby x| andx1 respectrely. Edgesin our theoriesare
optionalinferencesTheutility of usinganedgeis assesseda its eventualcontributionto world
coverage.

In thecaseof theobsernedOUTputsbeing{i nvest or Conf i dencef, wagesRestrai nt T,
i nflationl}, andtheobsered| Nputsbeing{f ori egnSal est, donesti cSal es]},
HT4 canconnectOUTputsbackto | Nputsusingthe proofsof Tablel. Theseproofsmaycontain
controversialassumptions;e. if we cant believethatavariablecanbebothup anddown!, then
we candeclarethe known valuesfor conpanyPr of i t s andcor por at eSpendi ng to be
controversial. Sincecor por at eSpendi ng is fully dependenbn conpanyProfits (see
Figure4), thekey conflictingassumptionare{conmpanyPr of i t st, conpanyProfits|}
(denoteasecontroversial assumptionsr A. b). We canusedA. b to find consistenbeliefsets
calledworlds Wusingan approachinspiredby the ATMS [16]. A proof P[i ] isin Wj ] if that
proof doesnot conflict with the ervironmentENV[j ] (a maximalconsistensubsef A. b). In

!Note: in thetemporalabductie casethis rule would bea variablecanbeup anddown at the sametime.
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TABLE |

PROOFS FROM FIGURE 4 CONNECTING OUT= {i nvest or Conf i dence?f, wagesRestrai nt 1,

inflationl}BAck Tol NpuTs= {f ori egnSal est, domesticSal es|}.

P[1]: donesticSal es], conpanyProfits],
i nflation]

P[2]: foriegnSal est, publicConfidencet,
i nflation]

P[3]: domesticSal es], conpanyProfits],
cor por at eSpendi ngl, wagesRestrai nt 1

P[4]: domesticSal es], conpanyProfits],
inflation), wagesRestraint?

P[5]: foriegnSal est, publicConfidencet,
inflation], wagesRestraint?

P[6]: foriegnSal est, conpanyProfitst,
cor por at eSpendi ngt,
i nvest or Confi dencet

* investor

foriegn confidence
sales \ ++
* company corporate * wages
profits 44 spending restraint

confidence

public * -- infﬁon

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

conpanyPr of i t s1 andcovers100%of theknown QUTputs.
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foriegn *

sales

v v 4

++ company corporate -- wages
domestic —=
profits ++ spending restraint
Sales \ /
publlc inflation
confidence

Fig. 6. World #2 is generatedrom Figure 4 by combiningP[1], P[2], P[3], and P[4]. World #2 assumes
conpanyPr of i t s} andcovers67%of theknown QUTputs.

our example,ENV[1]={conpanyPr of i t s1} andENV[2]={conpanyPr of i t s|}. Hence,
W1]={P[2], P[5], P[6]} andW2]={P[1] P[2] P[3], P[4]} (seeFigure5 andFigure6).

HT4 definescover to be sizeof theintersectionof a world andthe OUTput set. The cover of
Figure5is 3 (100%)andthe cover of Figure6 is 2 (67%). Note thatsincethereexists a world
with 100%cover, thenall the QUT putscanbeexplained;i.e. thistheoryhaspassedheabductve

validationtest.

In essenceabductve validationanswerghe following question:“what portionsof a theory
of X canreproducehe largest% of known behaiour of X?”. This algorithmwill work in two

hardcases:

1. Only somesubsebf known behaiour canbe explained.

2. In thecasewhereatheoryis globally inconsistentput containsusefulportions.For exam-
ple, obsere in Figure4 thatthe theoryauthors disagreeon the connectiorfrom i nf | a-
ti ontowagesRestraint.

Notethatthisinferencegproceduregnoredcertainpossiblanferencese.g.in W1],t radeDeficit |
andcurr ent Account Bal ancet. HT4 doesnot computeATM S-style total ervisionments
i.e. all stateassignmentgonsistentwith known facts. A total envisionmentwould have in-
cludedt r adeDef i ci t | andcurr ent Account Bal ance?. Nor doesHT4 computeQsSiM-
style attainableernvisionmentg12, 13]; i.e. the subsetof total ervisionmentsdownstreamof
thel Nputs. An attainableernvisionmentwould have includedcur r ent Account Bal ance.

Rathey HT4 restrictsitself to theinferenceghatconnecti Nputsto OUTputs. Thatis, HT4 only
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computegelevantervisionmentsi.e. the subsebf the attainableervisionmentswhich areup-
streanof theOQUT puts. Theextrainference®f non-releranternvisionmenimayresultin pointless
world generationFor example,if somehav cur r ent Account Bal ance? wasincompatible
with wagesRest r ai nt 1, thentotal or attainableenvisionmentswould divide W1] into at
leasttwo additionalworlds, eachof which would containsomesubsef the literals shavn in
Figure5. The new additionalworld containingcur r ent Account Bal ance? would subse-
guentlybeignoredsincethenew additionalworld with wagesRest r ai nt 1 wouldbereturned

duringthe searchfor maximumcover.

B. Compleity

This sectiondescribesour algorithmfor solving the core problemof HT4: finding the base
controversialassumptiorset A. B. This algorithmwill be shovn to be theoreticallyNP-hard,
experimentallyexponential but practicalfor certainproblems.

HT4 executesn four phasesthefactssweeptheforwards sweepthe badkwards sweepand
the worlds sweep Firstly, the facts sweepremovesall variableassignmenticonsistentith
known FACTS (typically, FACTS=IN U 0UT). Usingahashtable,the factssweeprunsin linear
time.

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

effectof computingthetransitve closureof | N(denoted N*). In atheorycomprisingadirected

[E|
v

graphwith verticesV, edgesE, andfanoutfF = the worst-casecompleity of the forwards
sweepis acceptablet O(|V|*). Note thatif the theory lacked invariants,then the validation
processcould stop at this point sincethe transitive closurewould find the OUTputsreachable
from the | Nputs. However, in theorieswith invariants,it may be the casethat we canonly
consistentlyuseportionsof thetheoryandl Nputsto achieze somesubsebf the OUTputs.
Thirdly, the badkwards sweepgrows proofs backwardsfrom a memberof OQUT backto | N
while maintainingsereralinvariants. (i) Proofscanonly usemembersf | N*; i.e. only those
literalsdownstreanof thel Nputs.(ii) Proofsmaintainaforbidsset;i.e. asetof literalsthatare
incompatiblewith theliteralsusedin the proof. For example theliteralsusedin P[1] forbid the
literals{domest i cSal est, conpanyProfitst, inflationt}. (iii) Theuppermost
A. ¢ foundalongtheway is recordedasthat proof's guess The unionof all the guessesf all

theproofswill beA. b. (iv) A proof mustnotcontainloops.(v) A proof mustnot containitems
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procedure wor | dsSweep begin
ENV : = maxi mal Consi st ent Subset s(A. b)

for i =1 to size(ENV) begin
Wil =0
forp e P
if p.forbids N ENV[i] = 0
then Wi] := Wi] + p;
end
end

Fig. 7. Theworldssweepof HT4.

thatcontradictotheritemsin theproof;i.e. aproof smembersnustnotintersectith its forbids

set.We candemonstraténformally andformally thatthe backwardssweepis a slow process:

« Informally. If the averagesize of a proof is [P[i]|, then worse casebackvards sweepis
O([P[i]])¥). To make mattersworse,the backwardssweepcannotcull its searchat a local
propagatiorievel. The utility of an edgemay not be apparentill we have examinedthe
searchspaceaccessedfterusingthatedge.

« Formally.: Bylander et.al. [10] shav thatthatgeneralabductionis NP-hard. For our par
ticular implementationwe canrepeatthat prior resultsincewe canshow that satisfying
invariant (v) is NP-hard. Clearly, we canfind a theoryto generateary directedgraph.
Gabav et.al. [17] shavedthatfinding a directedpathacrossa directedgraphthat hasat
mostone of a setof forbiddenpairsis NP-hard. Our forbiddenpairs are assignment®sf

differentvaluesto the samevariable;e.g.the pairsx1& x| andx |&x1 areforbidden.

Fourthly, onceA. b is known, thenthe proofscanbe sortedinto worldsvia theworlds sweep
HT4 extractsall the objectsO referencedn A. b. A world-definingervironmentENVJi ] is
createdfor eachcombinationof objectsandtheir values.In our example,ENV[1] = {c1} and
ENV[2] = {cl]}. The worlds sweepis simply two nestedloops over eachENV][i ] and each
P[j ] (seeFigure7). A proof Pj belongsin world Wi ] if its forbids setdoesnot intersectthe
assumption&NV[i ] thatdefinethatworld. Theworlds sweepis exponentialat O(|P| * |ENV|)=
O((IP[E]])" * |ENV]).
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1500
1200

Runtime 900 7
(secondskg i

300

0 | | |
0 200 400 600 800 1000
Size(|v]|)

Fig. 8. Averageruntimes.

Menzies[11] reportsexponentialruntimesof HT4 in a mutationstudy Hundredsof theories
were artificially generatedy addingrandomverticesand edgesto the Smythe’89 theory of
glucoseregulation[18]. For this runtime study the fanoutof the theory was kept constant.
Figure8 shavs theaverageruntimefor executingthe systemover 94 mutatedtheoriesand1991
randomlychosen< IN,QUT > pairs[11]. For thatstudy a “give up” time of 840 secondsvas
built into the system.The systemdid not terminatefor [v| > 850 in underthat“give up” time
(shawvn in Figure8 asa verticalline); i.e. the “knee” in the exponentialruntime curve kicks-in
ataround800vertices.

Neverthelessnon-temporabdbductve validationis a practicalvalidationalgorithmsincethere
exist real-worldstheorieswhichit canvalidate.Of thefieldedexpertsystemsampledoy Preece
& Shinghal[6], nonehad morethan510 literals in their dependeng graphs. The neuroen-
docrinologicaltheoriesstudiedby Feldman,Compton,& Menzieshadlessthan550literalsin
their dependeng graphs. However, HT4 containsan NP-hardbackwards sweepfollowed by
a exponentialworlds sweep. Experimentally exponentialruntimeshave beenobseredin one
implementationHence we have theoreticabndexperimentakeasongo rejectproposalsvhich
significantlyincreasethe size of our theories;e.g. the naive renamingfor temporalabductve

validationdiscussedn theintroductionandelaboratedelow (§111).

[I1. TEMPORAL ABDUCTIVE VALIDATION

In at leasttwo commonly usedknowledge representationsthe truth value of literals can
changeoverthelifetime of the simulation:
1. Rule-baseshat are processedia a standardnatch-select-adbop may assertandretract

factsmary timesduringits processing.
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Fig. 10. Figure9 renamedver 3 time intervalsandconnectedisingl EDGE. Dasheglenotetime edges.

2. As the inferenceexecutesover loopsin qualitative theoriesor topoi graphs[19], literals
may beassignedlifferentbelief valuesat differenttimes.

We usethe term “temporalabductve validation” to denotethe problemof validatingtheories
wherethe belief valuesof literals can changeduring a simulation. One approachto imple-
mentingtemporalabductve validationwould be to createonecopy of the theoryfor eachtime
interval T" in the simulation.Thevariablesattime i would be createdoy renamingeachvariable
X in thetheory X for 7 = 1...7. Oncethe renamingwas completedthenwe could apply
somelinking policy to make connectiondetweenl” = i andT = i + i. For example,usingthe
implicit edge linking policy (hereaftereoce), if thetheorysaysX — Y, thenwe would connect
Xr—; — Yr—;1. For example,for a simulationof Figure9 over 3 time intervals, we could
executeHT4 over Figure 10°. The disadwantageof this approachis that the graphsizewould
increasewith the numberof copies.Giventhe compleity resultsof §l1-B, thisis undesirable.

Note thatthe copiesof Figure 10 repeatthe structureof Figure9 at eachtime interval in the
simulation.Recalltheintroduction,a plausibleintuition is thatno explanationpathcanbefound
throughT + 1 copiesthatcant befoundin 7" copiessincethe spaces essentiallythe same.If
this weretrue, thenwe could reducethe searchspaceof temporalabductve validationby not
copying the structureatall.

2Implementatiomote:internally, we could executeover onecopy of thetheoryandusea stackvariableto denotethe current
time.
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A : B : c
++ : ++ : ++
a———=b . C— =9 L e — =
~_ : \/q\ A
++ : I /r

Fig. 11. A theorywith asymmetricedgesrom a to d andfromc tof .

A : B : c
++ : ++ : ++
a———=b . C— =9 N -
~_ : \/q\ : ~_
++ : L+ /r

Fig.12. Figurellwith asymmetricedgeseplacedoy symmetricedges.

Menzies& Cohen20] shavedthatthisoptimisationis notpossiblefor unrestrictedanguages;
i.e. if we allow (e.g.) asymmetricedgesin our theories. Symmetricedges modelthe kinds of
influenceswe seein simple mathematics.For example,x ¥ y andx =5 y are examplesof
symmetricedgesin thatthey make somestatementboutevery stateof the downstreanvertex
y. x ==y is an exampleof an asymmetricedge:yt could be explainedby x1, but not visa
versa.Asymmetricedgesareusefulfor (e.g.) modelingin-flows thatpourinto thetop of atank
and out-flows which drain from the bottomof the tank. If anin-flow increasesthenthe tank
level couldincrease However, the corverseis not true sinceonly if thetankout-flow increases

will thetanklevel decrease.

For example Figure11 containgwo asymmetrieedgega *=% d; ¢ =% f ) which, internally,
hasthe searchspaceof Figure13. Figure11 duplicateshetopologyof Figure9 in theregions
A,B,Cwith anextra link from the top-left vertex of one region to the top-right vertex of the
next region. A pathfrom b1 to et will take at 3 time intervals to crossfrom top-left to top-
rightin eachof theregionsA,B,C By repeatingA,B,Cmoretimes,we cangenerataependeng
graphswhich would requireany numberof intermediariedo traverse. This examplesuggests

thatbetweereachmeasuredime interval we may needmary intermediarycopies.

However, if we restrictour languageappropriately thensomecloseto our above plausible
intuition is true. While exploring exampledik e Figure11, we notedthatif we restrictoursehes

to only symmetricedges,thenwe could not find an examplewhere proofs took longer than
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B : C

Ao A A__A- 4 A

>, 2

a* %b* (c* —=d e+ %f*

Fig. 13. Thesearchspacewithin Figurell.

B : C

S NS Y S S S

X+(4><

a+ b g e+ %f*

Fig. 14. Thesearchspacewithin Figure12.

two time intervals. For example, Figure 12 replacesghe asymmetricedgesof Figure 11 with
symmetricedges Figure12 expandsnto thesearchspaceof Figurel4in whichwe canconnect
b7 to et in two time intervals (onefrom b11 to f 1, thentwo from f 1| to e27). In the next

sectionwe will demonstrat¢hatthis “2 time intervalsis enough’is agenerakesult.

V. PROOF

This sectiondescribeghe main resultof this paper;i.e. givenatheorycomprising K -state
devicesconnectedy symmetricedgesthenif a proof cannotbe foundin K time intenals, it
canneverbefoundatall. Roughlyspeakingijf every edgeoffersa commenton all the statesof
its downstreamvertices(i.e. they aresymmetric),thenthe statespacerapidly saturates That
is, the granularityof the time axisreducedo the numberof statesn thetheory Henceall the
connectabl@ointsin thestatespacecanbefoundvery quickly. Theformal prooffor the K -state

cases intricate.Hence wefirst shav aninformal proof of the 2-statecasebeforepresentinghe
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------------------ w4
T

Fig. 15. Proofsin two time intervalsor less. Thedashedine fromyttoaa is a tine edge. Dotted
edges denote any number of non-tine edges.

K -stateproof.

A. Informal Proof For 2-StateDevices

Considera proof over theory using two statedevices (say up anddown, denotedf and |
respectrely) andsymmetricedges.This proof hasa start(e.g. x1) andagoal. If thatgoalcan
bereachedvithout crossinganythingthatcontradictshegoal(hereafterthesimplestasg, then

this proof canbe achiezedin onetime interval. This caseis thetop pathof Figurel5.

Now considerthe casein whichthegoal(e.g.y ) canonly bereachedsia a conflictingvalue
(e.g.yt, seethe bottompathof Figure15). The only casein which sucha proof canterminate
is whenthereis a pathfrom the conflicting valueto the goal value;e.g. y1 to y|). If sucha
pathexists, thenwith 1epce linking, theremustbe atime edgefrom the conflicting valueto its
neighbor;e.g. y1 to aa wherea denotessomevalueassignmento a (eitherat or al). This
meanghatwe canusethe simplestcaseto getto the conflicting valuein onetime interval and
thenwe canusethetime edgeto move on to the goal (seethe dashededgein Figure15). Note
thatmoving on to the goal (via a« to w|, to y ) will take no morethanonemoretime interval
sincetheonly literal thatcouldblock the procesge.g.y1) hasalreadybeenused(this is proved

formally below).

The only otherinterestingcaseis thatthis proof needsto crossotherconflicting values(e.g.
wt andwl|). Using the simplestcase,we cancrossone of theseconflicting valuesbeforethe
time edgevia the basecase,andthe otherone afterwards(seeFigure 15). Hence,theseother

conflictingvalueswill notfurtherdelaythe proof.

By symmetry this examplecanbe repeatedor proofsfrom x| to y1 or y/, andfor proofs

fromy to x. Hence,f aproofexists,it mustbefoundin atleasttwo time intervals.
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Fig. 16. Therelationshipbetweeranedgeof atheorydigraphandits imagein theassociatedependengdigraph.

(a) Directededgee from variablez to variabley in a 6-statetheory (b) Theedgesn image(e).

B. Formal Prooffor K-StateDevices

Formally, atheorydigraphis adirectedgraphG consistingof verticesrepresentingariables
andedgegepresentingonnectiondetweerthe statesof thevariables Eachvariabler canhave
K statesyq, ... k. A directededgee of G from z to y represents collectionof dependencies
of thestateof y onthestatesof z. FortheorydigraphG, we usethesedependencie® construct
adependencdigraphGp. For eachvertex = of G, thereis avertex z, in GG for eachstateof
z. Thereis an edgefrom vertex z, to vertex y; if y; is dependanbn z, in somerelationship
representetly anedgeof G. For simplicity, in this papemwe referto verticesin atheorydigraph
asvariablesandverticesin adependengdigraphasstates For anedgee of atheorydigraphG,
we defineimage(e) to bethe collectionof edgesof G, generatedy e(seeFig. 16). Similarly,
for apath P of G, image( P) is the subgraptformedby the union of theimagesof the edgesof
P.

A directededgee in G from z to y is symmetricif the edgesin image(e) form a bijection
betweerthe the statesof + andthe statesof y (seeFig. 16). In this section,we consideronly
theorieswhereall edgesaresymmetric.

Considestates:, andv, in dependengdigraphG . A simpleproofof v, from u,, I1° (u,, v,),
is a directedpathfrom u, to v, suchthatfor ary variablez in G, at mostone stateof z is on
1% (ug, vr).

A proof of statey, from statez,, II(x;, y;) is anorderedcollectionof simpleproofssuchthat
x4 IS the startof thefirst path,y, is the endof the final path,andthereis anedgein Gp from
thefinal stateof eachsimpleproofto the startstateof its successofseeFig 17). Notethatfor a

statez of G, multiple statesof z canbe containedn proof I1(z,, y;), but at mostonestateof z
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Fig.17. A proofof y; fromzs. Edgese; ande; aretime edgesandareshavn asdottedlines. Solid linesaresimple

proofscontainingoneor morenon-timeedges.

canbecontainedn the samesimpleproofof I1(z;, ;).

We think of eachsimpleproof of proofI1(z,, y;) asoccurringin its own time quantum.The
time of a proof, time(Tl(xs, y;)) is the numberof simpleproofsin I1(z;, y;). We call theedges
connectingthe simple proofs time edges  The minimum proof time, minTime(x,, y;), is the
minimumtime of ary proofof y; from z,. If thereis noproofof y; from z, thenminTime(x;, y;)
is undefined.

Consideradirectedpath P in G from vertex z to vertex y. Definereathable P, z;) to bethe
collectionof statesof y thatarereachabldrom z, in image(P). We alsodefinepath P’ to bea
prefixof path P if P'is asubpathof P andP and P’ sharethe samefirst vertex.

Lemmal: Let P beadirectedpathin theorydigraphG from variablex to variabley and P’
beaprefixof P. Then|reathablg P', z;)| < [readablg P, z;)|.

Proof: The proofis by a simpleinductive agumenton the lengthof P. If path P has
length0, thenz = y andonly z, is reachabldron z; so [readablg P, zs)| = 1 andthe only
prefixis P itself sothelemmaholds.

Now supposé¢helemmais truefor all pathsof lengthk orless.SupposeP haslengthk+1. Let
vertex w bethepredecessaf y on P andlet P’ bethe pathfrom x to w formedby remaoving the
final edgee of P. Symmetricedgesmply thatthe edgesin image(e) form a bijection between
the statesof w andthe stateof y. Therefore for eachw,, in readhable P’, z,) thereis aunique
stateof y reachabldrom z, via a paththroughw,, so [readhablg P’, z;)| < |readablg P, x;)|
(seeFig. 18). Sinceary prefix of P is either P itself or a prefix of P’ thelemmais proved.

Note that it is possiblefor |reaablg P', z;)| < [reatablgP,z,)| since P may contain
cyclesandotherstatesof y mayhave beenreachedn someotherprefix of P. [ |

Lemma2: Let P beadirectedpathin theorydigraphG from variablex to variabley andz, be
astateof = with [readablg P, z,)| = r. For eachintegeri in 1...r, we canfind a uniquestate
y; of y suchthatminTime(z,, y,;) < ¢ whenonly consideringproofswith all edgesn image(P).

This lemmais the key to our result. Beforeproving thelemma,considerthe following exam-
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Wl—e- Yy 1

w3—+y3

4 Y4

W‘,:_)—%-y5
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p 6 6

Fig. 18. lllustration of the proof of lemmal. Therearepathsto statesy:, y2, y3, andy, throughthe statesof
[reachablg P')|. [reachablg P, z,)| < |reathablg P, z,)| sincestatey,, is reachabldrom someprefix of P’.
Dashedinesaretime edgessolid linesareoneor morenon-timeedges.

ple. Figure 18 representsmage( P) for somepath P from variablez to variabley. Path P’ is
the prefix of P formedby remaoving thefinal edgee from w to y.
Supposeve have determinedhat |[reathablg P, ;)| = 4 andfor eachl < i < 4 we have
minTime(z,, w;) < i. We iteratefinding statesf y to satisfythelemma:
« Iteration1: Sincethereareno statesof y onIl;, we canextendIl; by e; to demonstrat¢hat
minTime(z,, y;) = 1.
« lteration 2: StateY; is on the final simple proof of proof II,, so we can concludethat
minTime(x, y3) < 2.
. Iteration3: Sincewecanconsideredgee, atime edgewe demonstratéhatminTime(x, yo) <
3.
« Iteration 4: StateY; is on the final simple proof of proof II,. We can usethe already
determinedroof of y, to demonstratéhatminTime(z,, y4) < minTime(z,, y2) + 1 < 4.
. Iteration5: Sinceaproofof y, wasfoundearlier(by induction),we havethatminTime(z, y4) <
readablg P', z,)| = 4 < 5.
Proof: Let P beapathfrom vertex z to vertex y. The proofis by inductionon thelength
of P. If P haslength0, thenz = y andonly z, is reachabldrom z, so|reathablg P, z)| = 1
andminTime(z,, =) = 1.
Now supposehe lemmais truefor all pathsof lengthk or less.SupposeP haslengthk + 1.
Let vertex w bethe predecessanf y on P and P’ bethe pathfrom z to w formedby removing
thefinal edgee of P.

We patrtitionthe statesof y into threecateyories:
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. Y] the statesof y that are connectedirom a statein readablg P', z;) by an edgein
image(e).

« Y5: thestatesn readablg P, z,) notin Y;

. Y3: thestatesnotin readablg P, z).

Assumewithoutlossof generalitythatthestatef w areorderedsuchthatfor i < |[reacablg P, z;)|,
minTime(z,, w;) < i. Suchanorderingis possibleby the inductive hypothesis.Assumealso

thatthe edgesof image(e) arelabelede,, . . ., ex andthestatesof y arenumberedsuchthat:

- edgee; connectsstatew; to statey;,
* Ui+l -+ Yreahablgr,,) arethestatesof Y in ary order

* Yreadablgprz,) 410 - YK arethe statesof Y; in ary order

Notethatour definitionimpliesthaty;, .. ., yy,| arethestatesof setY;.

We now shav how we boundthevaluesof minTime(z,, ;) in suchawayto satisfythelemma.
Let countindicatethe numberof statesof y labeledat anytime in our algorithm. For eachvalue
1 < count < |readablg P, z)| we needto find a uniquestatey; suchthatminTime( y;) <
count

While count< |readablg P, z,)| do

« Incrementcount
« Choosethe smallesti suchthat y; is in eithersetY; or setY, andwe have not already
boundedminTime(z,, y;) for path P. By our structurewe know that: < count
o If y;iNnY]
— If 4+ < countsincewe know by inductionthatminTime(z,, w;) < 4, if we consideredgee;
atime edge we getminTime(x,, y;) =7 + 1 < count
— elseletIT beaproof of statew; from z, with time(IT) < 7. LetII* bethefinal simpleproof
of II. If IT® containsstatey; # y;:
* if we have alreadydetermineda boundfor minTime(z,, y,) for path P, thenwe know
thatminTime(z,, y;) < count Let v, be the successoof the lastoccuranceof y; on
11° connectedo y, by edgee,. We form a proof of y; asfollows. Usea proofI1; of y;
with timeg(Il;) < count Consideredgee, atime edge. Thenthe suffix of IT* from v,
to w; plusedgee; form a simpleproof(sincell® is a simpleproof), andthe only state

of y onthis pathis y;, sominTime(x, yi) < count
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* elsewe cantruncateproofII at statev;, sominTime(z,, y;) = ¢ < count
— elsethe only possiblestateof y in simpleproof I1° is y;. Therefore,the pathformedby
addingedgee; to IT° is asimpleproof, sowe getminTime(z,, y;) = 7 < count
. elsestatey; isin setYs,. Thereforethereis aprefix P” of P’ suchthaty; isin readablg P”, ;).
By lemmal, we know that|reatablg P”, z,)| < |readablg P’, x,)|. By our construction,
i > |Y;| = [readhablg P, z)|. We get,by induction,minTime(z,, v;) < |[readablgP", z,)| <
[readhablg P', z;)| < count
|
Theoeml: ConsideratheorydigraphG with K stategoervariable.If if thereis apathfrom
vertex z, to vertex y; in dependengcgraphGp, thenminTime(z,, y;) < K.
Proof: FindapathP in G with y; in reacablg P, z). Then,asanimmediateconsequence
of lemma2, minTime(z,, ;) < K. [

V. IMPLICATIONS

We canusetheabove proofasanoptimisationtechnigueasfollows. Supposeve hada K -state
devicewhichwasrunfor T; timeintervalsandwasmeasure@t7}; time points.By “running” we
meanthata searctspacewascreatedvith 7; renamingsf thevariablesn thedevice. Thesere-
namingswould belinkedasperthe connectionsn theoriginal device plusimplicit edgelinking
betweenvariablesfrom adjacentime points. In searchfor proofsof measurementsye would
not needto explore further than K time edgesaway from the measuremenbeforewe could
declarea proofimpossible.

Note thatit would be a mistalke to only generateil’ renamingsf the searchspace.A proof
from T = a backto T" = ¢ mustbe consistentwith intermediarymeasurementat” = b
(e < b < ¢). Hence the backwardssweepmustbuild this proof from T" = ¢, throughT = b,
thenbackto T = a. Hence whengeneratingherenamedrariableswe would needto represent
the searchspaceat andbetweemmeasuredime points;i.e. (K x 7;) — 1 renamingslin thecase
whereK wassmallandT; < T;, thenthisis still a significantreductionin the searchspace.

Returningto our examplein theintroduction,suppose:

« We hada K = 2-statedevice with symmetriciebce linking which hasbeenrunningfor a

billion time stepsj.e. T; = 10° seconds.

« The numberof literals in the device are lessthanthe sizelimits shavn in Figure8; i.e.
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Fig. 19. Figure9 renamedbver 3 time intervalsandconnectedisingINODE.

non-temporabbductve validationacrosghis device wasknown to betractable.

« Weonly collectedmeasurementtthreetime points(say 1 and5+ 10® and10?); i.e. T; = 3.

Let thespacecompleity for non-temporabbductve validationacrosghisdeviceby X. If we
hadnot provedsaturatiorfor our device, thenthe searchfor theseproofswould have to explore
10° renamingsj.e. the spacecompleity would be 10° x X. However, sincewe have proved
saturationthenwe know thatif a proof cannotbe foundin two renamingsthenno suchproof
exists. Considera proof from (e.g.)time 1 to time 5 x 108. If thatproof cannotterminatein the
spacel and5 = 108, thenit will never terminate. Thatis, whenbuilding this proof, we could
ignorethe searctspacehatusedtherenamingfrom 2 to 5 « 10® — 1. A similar argumentcould
be madefor proofsfrom 5 x 10® to 10°. In practice,we would only needto searchthe space
createdfor the threemeasuredime points. Thatis, the spacerequirementdor this temporal

validationproblemwould only be2 x X.

V1. EXPERIMENTS

The previous sectiondiscusse@ generakheoreticakesultrelatingto temporalabductve val-
idation. This sectiondescribes specificexperimentalresultrelatingto studieson onemodel.
We motivatethis sectionasfollows:

« In orderto prove saturationwe have hadto severelyrestrictour representatiofanguageA
reasonablebjectionto our approachs thattheserestrictionsrenderour approachimpracti-
cal. In this sectionwe show thatthisis notnecessarilyruethatour approachs excessvely
restrictve since,atleastin the exampleofferedbelow, a practicalsystenmwasdeveloped.

« The experimentdescribedbelow is a generalframavork for comparingthe testability of

differentqualitatve representations.
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sufficiently permissive

theories explain...
everyt hing sufficiently restrictive

not hi ng

theories are...
good poor

Fig. 20. Visualisinga successfulinking policy. A linking policy shouldbe bothpermissiveo all goodtheoriesto
explain correctbehaiiour andrestrictiveenoughto preventpoortheoriesexplainingarny behaiour.

« An earlierversionof this papen[20] offeredatheoreticakconclusionthat3 time copieswere
sufficient for the implicit nodelinking policy (hereafter inobe) using two-statevariables
linkedby symmetricedgesWith implicit nodelinking, variablesattime 7' = i werelinked
to variablesattime T = i + 1 (seeFigure19). However, subsequergxperimentswith that
policy [21] shavedthatiebce could not distinguishgoodtheoriesfrom poortheories.This
sectiondescribeghis experimentakejectionof inope andthe experimentalconfirmationof
theutility of iebce.

A. ExperimentaDesign

In orderto assesshe practicalmeritsof a linking policy, we needto stepbackandmake a
statemenaboutthe context in which suchapolicy wouldbeused.Menzies& Gosg22] describe
the gray-boxmodelingproblemin which operatorsieedto guesgheinnerworkingsof a black-
box simulatorusing only minimal knowledge of that simulatorsinput-output. The operator
recordstheir guessin an approximategray-boxnotationsuchas Figure4. For our purposes,
we saythata linking policy is adequatef it supportsgray-boxmodeling.In particular we say
thata linking policy shouldbe permissiveenoughto permitthe generatiorof proofsfor known
correctbehaiour andrestrictiveenoughto block proofsof known incorrectbehaiour. Further
we needto beableto quickly recognisef anoperators guessemovetowardsthecorrecttheory

Figure20 is a succinctvisual representationf an adequatdinking policy. Givena rangeof
theorieswhich degradefrom good to poor , we like to seecurve of Figure20; i.e. we quickly
getfeedbackhatwe canexplain progressiely lessandlessof the behaiour of thetheory

Ourtestenginehasfour sub-routines(1) representatie modelselectiony2) datageneration;
(3) modelmutation;and(4) optioncomparison.
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Fig. 21. Thefisheriesmodel. Adaptedfrom [23, pp135-141].Variablesin italics wereusedin the XNODE study
(seetext).

(1) Repesentativenodelselection The “fisheriessimulationmodel” (Figure 21) is similar
to theoriesdevelopedby Gossin his domain.It includesfeedbacKoops;qualitatve statesand
measurablentities. A precisemathematicakxpressionof this modelis available[23, pp135-
141].

(2) Data geneagtion: The selectedquantitatve modelwasrun 15 timesover five time steps
to generatenumerictest datausing differentinput parameterdo createan array of quantita-
tive obsenationsnmeasur e[ 1. . 15] . Fromeachcomparisorof measur e[ i ] with nmea-
sure[j] (i < ] < 15), 105entrieswerewritten to an array of qualitatve obsenations
changes[ 1. . 105] . For example,if in comparisorchange[ 37] , thefish densityf dens
wasincreasedandthe fish catchf cat ch wasalwaysseento decreasat all time steps,then
change[ 37] . i nis{f dens=up}andchange[ 37] . out is{f cat ch(t=1) =down, fcatch(t=2)=d
fcat ch(t=3)=down, fcatch(t=4)=down, fcatch(t=5)=down}.

(3) Modelmutation This procesanustbe repeatedor a large numberof representatie the-
oriesfrom a domain. As theseare hardto find in practice,we generatehemusinga variant
of the mutationstratey usedby Menzies(Figure8). In this nev mutator a randomsampleof
X statementdn the qualitative form of the known representatie modelare corrupted.Givena
modelwith E edgesthenaswevary X from0 t o E, wearemoving from agood modelto a

poor model;i.e. thex-axisof Figure20. We corruptedthe modelby flipping theannotatioron

Novemberl9, 2000 DRAFT



24 SUBMITTED TO IEEE TRANS. KNOWLEDGE AND DATA ENG.,VOL. XX, NO.Y, MONTH 1999

++
al——=1bl

| \“/

Fig. 22. Figure9 renamedver 3 time intervalsandconnectedisingx NODE wherethe userhasindicatedthata is
anexplicit time node.Dashedinesindicatetime edges.

anedge(e.g. ++ to - - orvisaversa).The corruption-model-mutatgpicksits edgedo corrupt
atrandomandwe repeathe corruptiona statisticallysignificantnumberof times (20 repeats).

(4) Option exploration: The two linking policiesdiscussedbove (iebce, INODE) were com-
paredwith anotherpolicy we have proposedelsavhere[21]. The explicit nodelinking pol-
icy (hereafterxnope) actslike inobe exceptthat domainexpertsexplicitly label which nodes
areto be connectedcacrosstime. For the threelinking policies (Ilebck, iINoDE, xNoDE) andfor
eachmutatedmodel,we createdsix modelcopiescopy|[ 0. . 5] . copy[i ] wasconnectedo
copy[ i +1] asfollows: if iIEDGE Wasbeingused thencopieswereconnectedsin Figure10;
else,if iInobE wasbeingused,thencopieswere connectedasin Figure 19; elseif xnobe was
beingused,thencopieswere connectedasin Figure 22. For the xnope policy, the variables
shavnin italicsin Figure21 wereusedastheexplicit time nodes.Change inputsweremapped
into copy[ 0] . Change outputsweremappednto somecopy[ 1. . 5] . Thesucces®f each
run was assessedsing the generatedlata, by recordingthe % of the explicable outputsi.e.
thoseoutputsthat the model could connectbackto inputs. Returningto Figure 20, every-
t hi ng=100%explicableandnot hi ng=0%explicable.

Proofsfor PUTputsat time 7" = 5 mustbe consistenwith proofsfrom 7" = 1..4. Hence,
all the proofsmustbe built together(seer un_qual i t at i ve_nodel in Figure23). For this

study we only collected% explicablefiguresfor OUTputsattime T = 5.

B. Results

Figure 24 shows the resultsof applyingthe 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 nodel M

2) the qualitative fisheries nodel ML with
edge[ 1.. 17]
5 max tine ticks

edges E
3) T
4) linkingPolicies

[i edge, inode, xnode]
5) Repeats .= 20

Outputs: Xplicable, Runtine

nmeasure[ 1..15]:= run_quantitative_nodel (T, M)
change[ 1. . 105]: = conpari sons(neasure)
for policy € linkingPolicies begin
for corrupted: =0 to | E| begin
for r:=1 to Repeats begin
M2 : =corr upt SomeEdgesChoosenAt Randon{ cor r upt ed, ML)
for t:=0 to T copy[t]:= M
for t:=0 to T-1 tinme_connect(copy[t], copy[t+1], policy)
for i:=1 to | change| begin
<In,Qut[1l..T]>: = change[i]
startTinme := tinmeNow()
Xplained[1..T]:= run_qualitative_nodel (copy, In, Qut)
Runtine[policy,r,corrupted,i]:= tinmeNow) - startTine
Xplicabl e[ policy,r,corrupted,i]:=
| Xpl ai ned[ 5] | *100/| Qut[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. Experimentabesignfor assessingnking options
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Fig. 24. Comparingimplicit edgelinking (1IEDGE) with implicit nodelinking (INODE) with explicit nodelinking
(XNODE). 2.6 * 10° theoriesweretestedrangingfrom Figure21 with 0 edgescorrupted)to Figure21 with all

17 edgeswerecorrupted.
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inode —*—
xnode —e— |
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T
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Fig. 25. Averageruntimesin secondgor the experimentof Figure24.

residualexplanationgto theindeterminag of qualitatve theories.

Theresultsshav thattwo of thelinking policies(xnope andiebce) werecloseto theidealideal
curve of Figure20. inobe wasobsenedto be quiteremovedfrom theideal. inopE is clearlynot
sufficiently restrictive a linking policy sinceevenwith all edgescorrupted this linking policy
allowed poortheoriesto explain correctbehaiour. Hence,basedon this experiment,we now

rejectour previousrecommendationg0] regardingthe useof iebce.

xNoDE wasclosestto theideal curve of Figure20. However, we mustnot uncritically endorse
the xnope linking policy. Recallthat the basisof this policy wasthat userscould pick some
subsef the verticesandmarkthemasexplicit time traversalnodes.Our above proof of satu-
rationof K -statedevicesin K time ticks dependean theregularitiesfoundin the searchspace
foundin iepced linkedtheories. The searchspaceof anexplicitly linkedtheorymay be highly

irregular becauseuserscould link only a small subsetof nodesacrosstime. Sincewe cannot
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demonstratesaturatiorfor xnooe linking, thena simulationof (e.g.) 10° time ticks, the xnope
validatermustsearchthrougha spaceequalin sizeto 10° copiesof thetheory Hence,we can
only recommendcknopk for shortsimulationssuchasthefive time stepssimulatedn Figure24.
Figure 24 shows us that iEpce’s maximumexplicable rate is 82%; i.e. iepbce is not fully
permissve. In our enthusiasnto cull the searchspacean a qualitatve simulation,we have also
culledsomevalid behaiours. Neverthelesspurresultsshav thatiebce cansene asavalidation
device for fisheries. Note that for 1Epce after only a third of the modelbeing mutated,only
aroundhalf the outputsareinexplicable. This is a nice result: we getclear earlyindicationsif
we arestrayingfrom a goodmodel. Further sincewe canprove thatiebce supportssaturation,
then,unlike xnope, we canshaw thatiepce canbeusedfor validatingvery long simulationruns.
Theaverageruntimesin seconddor eachtrial areshovn in Figure25. IEbce andxNobe were
muchfasterthanthe rejectedinking policy, inobe. Oneinterestingfeatureof Figure25is that
asthemodelsgrow morecorruptedjt becomedasterto determinewvhatoutputsareexplicable.

Thisis aanothemiceresult: we canrejectnonsenséaster

VIl. RELATED WORK

Menzies& Compton[24] have arguedthatthelimits to validationarealsothelimits to mod-
eling sincewe shouldnot build whatwe cannottest. Levesqueand Brachmanobsened that
seeminglyminor changesn aframe-basethnguagadramaticallyalteredthetractability of sub-
sumption25]. Herewe have shovn thatseeminglyminorchangesn thetemporalinking policy
dramaticallyalteredthetractability of validation. Theimplicationsfor otherrepresentationare
notyet clear However, it is possiblethatif otherrepresentationareto supporttractablevalida-
tion, thenmustbe constrainedn a manneranalogougo symmetricience linking.

Elsevhere[9, 26] we have extensiely discussedhe connectiorof this work to standardjual-
itative reasoning(QR); non-monotoniaeasoningsuchas default logic and assumption-based
truth maintenanceystemgATMS); and ATM S-basedverificationandvalidationtools from the
V&V community We includesomesummarynotesbelow.

Defaultlogic: An HT4 world is notanextensionof a defaultlogic theory[27]. Extensionsare
closeunderdeductionj.e. containghe attainablesrvisionments.

ATMS: As mentionedabore, we generatalifferentenvisionmentgo the ATMS (§11-A). Fur

ther, while the ATMS computests ervironmentsincrementallyHT4 is abatchprocess.
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V&V: To thebestof ourknowledge ourwork is thefirst detailedanalysisof thecomputational
compl«ity of validatingtheoriesusedfor time-baseaimulations.Thevalidationof theruntime
dynamicpropertiesof ruleshasbeenstudiedby Preeceet. al. [28]. Detailedcompleity results
for the verification of rule-basedsystemshave beenreportedby Levy & Rousse{29]. Other
ATMS-style validation approachesre all for non-temporatltheories[30, 31]. None of these
studiesexploreloopswithin the dependeng graphof arule based.Suchloopswould requirea

temporalanalysis.

Standad QR StandardQR is basedaroundtheoremproversthat processqualitative differ-
ential equationsj.e. a piece-wisewell-approximatedow-orderlinear equationor a first-order
non-lineardifferentialequationwhosenumericvaluesarereplacedby one of threequalitatve
states:up, down, or steady{32]. Examplesof standardQR includeQsiM [12] andQPT. Non-
standardR variantsincludefirst-orderlogic qualitatve modeling[33], andnon-linearQR [34].
Our approactis similar to standardQR sinceit is basedon well-approximatedow-orderlinear
equations.However, it hascertainkey differences.For example,our symmetricedgesaredif-
ferentto the M+ and M — of QSIM. The QSIM connectionsallow for the automaticinference
of landmarkstateswherethe sign of a variables rate of changedrom positive to negative (or
visaversa).We do not permitthe auto-deductiorof suchstates:all our statesmustbe encoded
manually Also, our languagds optimizesfor tractability, not expressability Hence,we cant
encodethe higherorder constraintsoften discussedn the QsIM literature. In our defensewe
notethatoftenthe QsiM literatureuseshoseconstraintgo tameintractablechatter We have no

needto tameintractability sincethatcomesfor freewith our languagechoice.

Anothermajordifferenceto thestandard)R literatureis thatwe have soughtaminimal graph-
theoreticframeawork for our representationAs a result,the internaldatastructuresof our ap-
proachare very uniform. This uniformity enablesthe kind of compleity analysisdescribed
above. Also, our approactcanbe viewed asa multiple-world qualitative versionof time aver-
aging[35]. Time averagingstudiesthe long-termpropertiesof a modelunderfeedback.Such
long-termreasonings possibleonly for certainstructureswithin a systemof equations.Our
techniqueon the otherhand,candiscussthe long-termpropertiesof all constructsn our lan-
guage.To achiere this, we have hadto adopta morerestrictve thanthatusedin (e.g.) QSIM.

Despitethesearestrictionwe haveshavnin §VI it is still expressve enoughto modelandvalidate
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real-world QR theoriessuchasFigure21.

A fundamentalproperty of qualitatve systemss their indeterminag. For example,recall
that the qualitatve model of Figure 4 could not tell if conpanyPr of i t s wasto go up or
down. In standardQR, one world is branchedfor eachpossibility: conpanyProfitst,
conpanyProf i t s] andconpanyPr of i t s remainingsteady Whenextendedover several
levelsin anetwork, this canleadto anintractablebranchingof behaiour. Meta-knavledgecan
be usedto tamesomeof this indeterminay. For example,the Waltz filtering of the Qsim [12]
systemruled-outa transitionof the first derivative of a variablefrom increasingto decreasing
without first going througha zerostate. In practice,however, mary possiblebehaiours will
still be generated36] and mustbe somehav handledby the programcalling the qualitatve
simulator Clangy andKuipersobserethat.. .

Intractablebranchingdueto irrelevantdistinctionsis oneof the majorfactorshindering

the applicationof qualitatve reasoningechniquedgo largereal-world problemd37].
As of thetime of this writing, the currentbest-proposalor tamingintractablebranchingfrom
the QsIM communityis the DecsIM simulatorin which the userdividesthe theoryinto sev-
eral partitions[37]. Thesepartitionsarethensimulatedas separataunits. While DecsIM has
beenableto offer richersimulationghanbasicQsiM, DecSIM’s authorscommenthat” DecSIM
cannotguaranteea tractablesimulationfor any model” By comparisonwe canguaranteea
tractablesimulationfor theorieswritten using symmetricedgesand ience linking andwhose

non-temporabbductve validationtaskwastractable.

VIII. CONCLUSIONS

Representationare usually assessedtia their expressibility completeness;orrectnessand
tractability Herewe have exploreda fifth criteria: testability We have found that seemingly
minor choicesn therepresentatiolanguagecanhave a significantimpacton thetractability of
validation. In summarywe have exploreda languagecomprising K -statevariablesconnected
by symmetricedgesandjoined acrosstime by implicit edgelinking. Using a graph-theoretic
analysis,we have shovn that sucha languagesaturatesin K time steps;i.e. if proofsdo not
terminateafter K time steps,thenthey will never terminate. This obsenation canbe usedto
dramaticallycull the searchspaceof qualitative simulationsrunningfor very long time periods.

Without knowledgeof saturationjf atheoryis runfor 7; time stepsthenthe sizeof the search
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spacemay be proportionalto O(7;). However, giventhatlanguagesaturatesandif thatsim-
ulationis only measuredat 7; time points,thenwe canreducethat spaceto somethingmuch
smaller(S20-1),

Ourapproachiequireghat(i) non-temporahbductiorof sometheoryis tractableand(ii) when
the non-temporabhbductve validation problemis corvertedto a temporalabductve validation
problem,thenit is linked usingsymmetricience edges. The resultingthatis morerestrictve
thanthatusedin standardjualitatve reasoningsuchasQsiM. Despitetheserestriction,we have
shavnin §VI it is still expressve enoughto modelandvalidatereal-world QR theoriessuchas
the fisheriesmodel. Further we canmale a clearstatementiboutthe tractability of validating

all theorieswrittenin ourrestrictve languagevhereasotherQR systemge.g. DecSIM) cannot.
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