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Abstract

Qualitativereasoningusesincompletekmiowlcdge to coni—
pute adescriptionof thepossiblebehaviorsfor dynamic
systems.For complexsystemscontaininga largenumber
of variablesand constraints, t.he simulation frequentlyis
inti-actable or results in a large, incomprehensiblebe-
havioral description. Abstractionandaggm-egationtech-
niques are reqiied during the simulation to eliminate
irrelevant detailsandhighlight the imnportant character-
istics of the behavior. The total temporal ordering of
unrelatedevents provided by a traditional state-based
qualitative representatiomiis onesuchirrelevant distinc-
tion. Model decompositionandsimulation addressesthis
probleni.

Model decomposiion usesacausalanalysisof themodel
to partition the variables into tightly connectedcoat—
ponents. The componentsare simulated separately in
the order dictatedby thecausalanalysisbeginning with
causally upstream connpomtents. Iniforniation from the
simulation of causally upstreamconiponentsis used to
constrainthebehavior of downstreammmcomponents. If a
feedbackloop existsbetweencomponentsorasetof com-
ponentsareacausallyrelated,thenaconcurrentsimula-
tion is performedfor thesecomponents.A truth mainte—
namiccsystemis used to recordsaid retract assumuptions
nuadeduring this concurrentsimulation.

Model decomposition provides a general architecture
which separatesthemethodof siniulation from themodel
decompositionalgorithm. This architecturecan he used
to introducealternativeabstractiontechniquesto eli miii—
nateother irrelevantdistinctions.

1 Introduction

Qualitative simnulationi derives a descriptioti of the
possiblebehaviorsof adynamnicsystem frotu astruc-
tural representation.The structural representation
details therelationshipbetweenthe variableswitlun
the systetu through contstraints. ‘lraditionallv, a

state—basedapproach[Forbus, 1984, Kuipers, 1986,
Dc Kleer amid Brown, 1 984] is used to describethe
device behavior by a set of qualitative states of
the systemamid the tranmsitionisbetweenthesestates.
Each qualitativestate containsa completedescrip—
tiont of the system at either a time point or over
a time interval. This level of description 1orovides
a completetemporal orderingof evemitswithin each
behavior. Ant event,occurswhen a variablecrosses
a landtnark value or alters its direction of change.
‘[he combinatoric complexity of providing a total
orderingof eventsis a generalproblem encountered
within artificial intelligetice when trying to reasomi
about the physicalworld [Hayes, 1985].

For many qualitative reasoningtasks, this level of
detail is irrelevant. i3rantchingott unrelatedtennporal
distinctions significamitly iticreasesthe connplexityof
thesimulation. In additiomi, this branchingmnakesit
moredifficult to interpret thebehavioraldescription
thus obscuringthe relevantbehavior.

Williams [1 986] was the first to investigatemethi-
odsof elimnin ating this connpletetennporalorderingof
eventswithin a sinnulationwith the TemporalCon-
straint Propagator(TCP). ‘l”CP forsakesthe tradi-
tional state—basedapproachand imidepenidentlyde-
scribesthe behaviorof eachvariableover time asa
set of variable histories. The relevant temporal me—
lations betweenevents are describedseparately. A
temporal ordering of events is omtly provided whemi
their intt.eractiont affects the value of other quanti-
ties. Using TCP to reasoti about physical systems,
however, requires a significamtt autount of work by
the modeler. Furthermore, it is umtclear how this
systemntcan be extendedto incorporateadvancesimi
other (ltiaIitatiVe reasotumigparadignis.

Other techniques [Clamtcv amid Kuipers, 1 993,
l’ouclte amid IKuipers, I 991] have elimmiiuated the ir—
relevantt tenntporalcorrelatiomi of eventsby comnbiit—



ing behaviorsandstatesimito amore abstractrepre-
sentation. These abstractiontechniques,however,
determine the relevance of a correlation between
eventsafter the distinction is made in the simula-
tion (i.e. the abstraction is perfommned in a post-
processingfasluon), antd thus do not sufficiemitly ad-
dress the comnplexity problem. Coiera [1992] elimi-
nates thesedistinctions by superimposingqualita-
tive predictions fromn two causally-unrelatedpro-
cesseson asingle downstreamvariable. He doesnot
addresshow thesetechniquescanbe applied to more
complicatedcausalimtteractions.

Model decomposition bridges the gap betweent a
state-basedsimulation and a history-based ap-
proach. A causalanalysis is used to partition the
variablesinto tightly connectedcon3ponents. Each
con3ponentis simulatedseparatelyusinga stat3dard
state-basedsimulation, providing a total ordering
only for the eventswithin eachcomponent. Tem-
poral correlationbetweeneventsin different compo-
nentsis only provided whennecessaryto constrain
the resulting set of behaviors.

2 Model Decomposition - An
Overview

Model decon3positionusesa divide and conquerap-
proach to the simulationof aqualitativemodel. The
variableswithin the model arepartitioned into com-
ponentsso that closely related variables are con-
tained within the samepartition. Eachcomponent
is simulatedindependently.The interactionbetween
con1ponemitsis modeledusing sitared, or boundary,
variables.

The variablesare partitiom1edusing a causal analy-
sis [Iwasaki and Simon, 1986, Iwasaki, 1988] of the
constraint network. A sub-model is created for
each partition containing the constraintsbetween
thesewithin-partitiort variables. Boundary variables
arecausally upstreamor acausallyrelated variables
directly connected to a within-partitioni variable
through a constraintbut not included in the parti-
tion. Thesevariablesareusedto relatethe behavior
of connectedconnponentsand arehandledspecially
during the sintiulation of a sub-model. Constraints
connectingwithin-partitiomi variablesand houmtdary
variablesareintcluded itl thesub-niodel.

Each sub-modelis simulatedindependently,generat-
imig a behavioraldescriptionfor the within-partitioni
variables. Information about the behavior of the
boumtdaryvariablesis used to constraint the simula-
tion andis obtainedfrom the behavioraldescription
generatedby simulating the upstreamnlcomponents
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Figure 1: Simplified GlucoseInsulin RegulatorySys-
temn Model

A QSIM modelof thehumanGlucose-Insulin Regulatory
Systenl (GIR) which contains two connectedfeedback
loops correspondingto the glucose (a) and insulimi (b)
regulatorysystems.

• The nodesin thegraphare variables and thelinks
areQSIM comlstraints. The arrows indicate thedi-
rectionof causalityderived via a causalanalysisof
theconstraintnetwork.

• The insulin and glucoseproduction (1-1mm and G-
In respectively)areassuniedto be constantmm this
versionof the model.

Model decompositiondivides themnodel into two compo-
nents(identified by theboxes)relatedby the internnedi-
atevariable l-G. A sub-modelis createdfor eachcomnpo-
nent. Eachsub-modelis simulatedseparately.Temporal
correlation of eventsis only providedfor variableswithin
the samecomponent.

• Sincethe insulin componentis causallyupstreamn,it
is simulatedprior to andindependentof theglucose
comnponent. I-G is dependentin this niodel. l-G’s
behavioris completelydetermineddurimig this sini-
ulation.

• The glucosesub-modelincludesl-G asan indepen-
demit variable. Its behavioris constraimiedby there-
sults fromn the simnulatiomi of the insulin sub—model.
The behavioral descriptionof the glucoseconipo-
nent is prevemitedfrom branchingon distinctions in
the value of I-G.



containing thesevariables. This description guides
the behaviorof the boundary variablesduring the
simulation of the downstreamsub-model. The be-
havioraldescriptiongeneratedduring thesimulation
of a sub-modelbranchesonly on distinctions in the
valuesof thewithin-partition variables. Distinctions
in theboundaryvariablesareelimintatedthroughab-
straction.

The order of simulation for the individual sub-
models is determinedby a causal analysisstarting
with the causally upstreamcomponemits. If a feed-
back loop exists between the componentsor two
componentsareacausallyrelated, thena nnorecom-
plicated simulation strategy must be employed in
which the componentsaresimulatedconcurrently.

3 A Model of the Glucose Insulin
Regulatory System

Figure 1 showsa constraint network modeling the
human Glucose-Insulin Regulatory system (GIR).
This model was developedby Ironi and Stefanelli
[1993] using the QualitativeCompartnnentalModel-
ing Framework(QCMF) designedto assistthe user
in formulating modelsof a pathophysiologicalsys-
tem and in analyzing their behaviors. The GIR
model containstwo separatefeedbackloops. One
controlsthe amountof glucose(G) within the body
andthe othercontrolsthe amountof insulin (I). The
feedbackloopsareconnectedthrough theintermedi-
atevariable I-G which relatesthe amountof insulin
to the rate of glucoseelimination.

Figure 2 shows the results from a simulationtof the
GIR model using model decomposition. The GIR
model is divided into two separatesub-modelscor-
respondingto the two feedbackloops relatedby the
intermediatevariable I-G. This variableis included
in both sub-models;however, its behavior is com-
pletely determinedby the insulin feedbackloop. I-C
is a dependentvariable in this system and an inde-
pendent variablein the glucosesystem.

Since the insulin sub-modelis causallyupstreant,it
is simulated prior to the glucosecomnponent,deriv-
ing a completebehavioral description for the vari-
ableswithin the insulin feedbackloop including the
variable I-G. Next, the glucose sub-modelis sirnu-
lated. The behaviorof I-G, determinedduring the
simulation of the insulin componemit,is used to con-
strain the possiblevaluesof I-C durimig tbtis simnula-
tion. Branchescausedby distinctions in the valueof
I-G are eliminatedvia abstractionduring the simu-
lation of theglucosecomponent.
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Figure 2: Sinnulation of the GIR Model
A normal QSIM simulation of theGIR model usingchat-
ter box abstraction [Clancy and Kuipers, 1993] results
in 10 behaviors (a). Chatterbox abstractionselectively
eliminatesdistinctions in thederivative of thechattering
variablesthus makingthesimulation tractable.Chatter-
ing regionsareidentifiedby a squarewithin thebehavior
tree (e.g. states29 and 53).

• Within the 10 behaviors gemierated,there are four
distinct behaviorsfor the antount of glucoseamid
only a single unique behaviorfor the amount of in-
sulin.

• Thebehavior tree providesacompletetemporalor-
dering of the glucose comnponentand the insulin
componemitevents eventhough they are unrelated.
Thesedistinctionsaddcomplexity to thesimulation
andobscurethe relevantbehaviorsof theindividual
components.

Model decompositiongeneratesa behaviortree for each
component(b & c) describingthesamebehaviorsas the
standardQSIM siniulation. No temporalcorrelationis
provided betweenthesebehaviors.

• The simulation of the insulin coniponenit is per-
fom-nied first amid results in a simigle uniquebehavior
mi which the amount of insulin decmeasesfromim its
initial value and thenreachessteady(d).

• Simnulation of the glucosecommiponentresultsin four
unique behaviors (e). The behaviorsare distimi-
guishedby the final amnountof glucosewith respect
to the amount at thebeginning of thesimulation.
The behavioris constrainedby theresultsfront the
simulation of the insulin compomient.
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Figure 3: More Contphex Model of the Glucose-
Insuhint RegulatorySystem

This versionof the glucose—insulinm-eguhatory system in-
cludes a feedbackconnection from the glucose compo-
miertt to the imtsuhin componemit. An 5+ cortsti-stint relates
he amount of glucose to the insulin production i-ate.

I-In is no longerconstant.
• Therateof insulin pi-odimctmu (1—Imi) is now included

within theglucosesub-modelsince it is a dependent
variable with respectto this componemit-

• The simnuhatiomt of the glucosecomnponemit depends
upon the value of I—C while the insulin coniponent
depcmidsupon the value of C.

• Sincemieithercomponentis causallyiipst meam, the
mustbesimuhateel concurremtlly.

• During the comicurrent simnulatiomi, the sinmulation
of the other comnponenitis assumedto be comiipletc.
Statesatemarkediniconsistentif astatecannot be
found in theother behaviortm-ce satisfyintg thecoil-
straintsi-chating thecomponents.If a statesatisfy-
ing this consti-aintis createdlater, t lie inconsistent
stateis then mnam-ked conisistemitandsintulated.

3.1 A More Complex Model

Figure3 comttaimtsa itiore complextimdel of t bie Cl H
systeni. lit this model, the rateof inisuliit productiou
dependsupont the antoumit of glucose.‘TItus, a feed-
back loop existsbetween the two comnpoutenits. ‘l’hie
rate of iitsuhimu productiout is a dependemit variable
wit It respect to the glucose cotnponienl No causal
orderingexists hetweemt the coutnectedcouttpouteitts,
so they must be simulatedcoitcurreuttly. The siitiu
hation of each sub—modeldepeitdsupomt the behavior
of a variable in ilte other connpomtetut. The glucose
contiportentdependstipon I C amid the iuisulint ~‘oni
ponent depemidsupon C.

A comicurrentsiniulatiot alternatesbetweenextemtd
ing the hebiaviom’al descriptioti of each conttpomteutt.
Since the coniponeitts are sinitulated coutcurreittly,
thebehaviorof theboundaryvariablesis imicomttplete
durimig the sinmiul ation of au mdi vidual sub model- A
truth nnaimiteutammcesysteiti is used to addressiii is

l”igure 4: Overview of t lie Model Decomttpositiomt Al
gorit hut

Variable Partitioning gemieuatesa causal analysisof
the mmmdcl and part it ions the variablesbasedUpon
this analysis. The partitioning identifies tightly
connectedcomponentswithin the model to mini-
mize irrelevant temporalcori-elations.

Sub—ModelCreation takestbte variable partitions as
input and generatesa sub—model for each parti—
hon. The causalanalysisis usedto (leterntine wlti-hi
causally tmpstm-eaui vam-iablesaffect each sub—model.

Partitioned Simulation deterrrtincstheorderof sim-
ulat ion for the sub—motodelsfrom the causalanalysis
amid pemfornus thesintulatioui gemieratimiga behavior
t,m-ee for eachsub—model-

probletit. Duritig thesimulationof asub—model,it is
assumedthat the simulation of relatedcontponettts
is completeamid the behaviorof the boumidary vari-
ables is known. If a state is muarked incouisistent
becausethe boundary variablesdo rtot satisfy the
comtstraimmtsrelating tbte cotttponemtts,a dependencyis
recorded. A dependencyrecords informmiatioti about
the inconsistent state amid the conditioni not satis—
fled by the imicoutipletebehavioraldescriptioutof the
related comtipomieutt. If this condition is nntet as the
sittiul ation is extended,I bieut I lie statentiarkedincout—
sistemit is reinserted itito t lie behaviortree and situ—
ulated. The detailsof this algoritlmun are addressed
itt the next section.

4 The Algorithm

The model deconiposiliou amid siniulal ion algoriI hmni
is basedon the QSIM [Kuipers, 1984, Kuipers, 1994]
quahitive reasoningparadigm. It cami he adapted
to work with other qualitative siuitulators. Ii ac-
ceptsa QSIM QDE as imtput amid generatesa set of
behavior I ree~,.Each behavior tree correspondsto
otte of the variablepartitions. Figure 4 providesan
overview of t he tltree utai ii countponemtts of t lie al—
goritlntt: variablepartit iomiiutg, sub niodel crealiou,
amid niodel siumimilatiout.

4.1 Variable Partitioning

Model decoui iposit ion requiresa partit ioutimig of t lie
variables itito couttpouteutms. hut geuteral, thus parli
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tioning should counbinevariableswhich are tightly
connectedwithin the constrainttnetwork and sepa-
rate variableswhosebehavioris unrelated.The abil
ily to performu the simnulationandeliminate tentpo-
ral correlationsis independentof the variable par-
titioning sehecled. Model decomnpositiomiand suit-
ulation provides the samesoundnessguaranteesas
a stauidardQSIM siunulation [Kuipers, 1986]. The
partition selectedonly affectsthe cortiphexity of Ihie
resulting sirriulation andthe level of tennporahcorre-
lation provided.

We use amt adaptation of Iwasaki amid Simomi’s
[Iwasaki and Simon, 1986, Iwasaki, 1988] causalor-
dering algorithm to obtaimi a causalanalysisof the
model. In certain situations, the partitioning can
be derived directly from the causal ordering as in
the model in figure 1. In other situations (like the
morecomplicatedexauiiphein figure 3), selectingthe
appropriatepartitioning can be more difficult. A
set of heuristic rules may be required to guide the
selection of the partitioml. A generalpurposealgo-
rithm to automaticallychoosethe best partitiouting
is still being developed. Currently, Ihe partition-
ing is performedby hand. Automatically idenitify-
ing an effective partitionimig will facilitate the inte-
gratiomi of these abstraction techniqueswith auto-
rnatic mnodel building and query answerimigsystems
[Rickel amid Porter, 1994].

4.2 Creating Sub-Models

A sub-model is createdfor each variable partition
describingthe relationshipsbetweenthe variablesof
the partition. This sub-model,or .snib-QDE, is used
to simmiuhate thecompoutent. There aretwo typesof
variablescomitainedwithin each suh-mriodeh.

Within-partition variables are the variablesbe-
longing to thepartition. Thesearethevariables
of interest for this sub-QDE.

Boundary variables are nout-partitiout variables
that are related to a within—partitiomu variable
through aconstraint amid arecausally upstreautt
or acausally related to that variable. ‘I’htese
variablesare iitdepeuident with respect to the
sub-QDE. Variables which are causally down-
streamfronn a within-partitiomi variablearecx
eludedbecausethesevariablesact asdepemtdent
variables.

A sub-QDE is coniprisedof the constraintswithin
the main QDE which conttaiui omihy within-partitiont
auid boundary variables. Since the sub-model is
concernedwith the hebiaviorof thie within-partitiout
variables,only thoseconstraintswhich reslrict these

Figure 5: ParIii ioning of the More Complex CIR
Model

The GIR mnmodeh in figure 3 is partitioned into a sub-
nuodel for theinsulin feedbackloop amid onefor theglu-
cosefeedbackloop. The sintuthatiomi of each comnponent
will derive the behaviousfor t lie withiin—partitionm Van-
ables.The behaviorof theboundaryvariableis obtaiuied
fm-omit the simuilation of theothercomuponemitamid used to
comistmmmi thesimulation.

• Ins the glucosestuh—miuodel, I—C is the only bouuidam’y
variable. It is related to C-Out through an ADD
constraintand is causally upstreamfront C-Out.
I—In is not included as a boundaryvariable since it
is causally downstream.

• In the insuhimi sub—model, h—In is the only boundary
variable. It is u-elatedto h—Omit amid d/I thmoughi an
ADD constraint.

values are included. Figure 5 shows thus panti
Iiomiing for the mnore complex example discussed
above. All constraintswithint thie maimi QDE are
incltuded in at least omie sub QDE. If Ihere is any
causalorderimigbetweemu variablesfrom different par—
I itions whichshareaconstraint,themi this constraint
is only imichuded in the causally downistreantisub-
model. ‘l’hus, constraimitsare included in utultiple
sub—QDE’s only wheum the variableswithin thie sout—
straint are acausallyrelated amid belong to differeutt
couttpoutemul5.

4.3 Partitioned Simulation

A separateQSIM simntulatioum us perforuned for eaclt
sub muodel. Fachu simnulatioutgeuterates a statebased
behavioraldescription for the ~vithin—partil iomi van
ablesof the sub—itiodel. The descriptioum of a houtid—
ary variable’s behavior gemieraledby auì upslreamit
sub—modelis usedto guide the simituhatiou of adowut
streamitconnponeutt- I3ramichesdue to distimictiomis in
thie valuesof the boundaryvariablesareehiurtiutated
through abstractioti. ‘l’wo or milore sub—uttodelsnuust
be sinnuhatedconcurrentlywhen a feedbackhoopex-
ists betweenthesecompomlemtts.‘Fhie fohlowintg three
sectiouts elaborateout each of thesesteps.

Gtucose Component

Withtn—Partltiofl Vartubios
G, dIG, G-in, G-Out, Gal, I-in

Boundary Variables
i-G

Constraints
(M+ G Gxi)
(ADD Gxl i-G G-Out)
(ADD d/G G-Out0-in)
(D/DT G dIG)
(Constant G—in)

tnsuttn Component

Wiuhin—Partitlon Variables
id/i, i—Out, i—G

Boundary Variables
u—in

Constraints

(Mu. I i—Out)
(S+ I i—G)
(ADD dlt i—Out i—tnt
(D/DT I ri/i)
(Su. I G)



4.3.1 Boundary Variable Behavior Guide

During the simulation of a component, houmidary
variables are viewed as exogenousvariableswhose
behavior is conripletelydeterminedby the upstream
componentsto which they belong. The constraints
which restrict the behavior of these variables are
containtedwithin theseupstream sub-models. The
constraintswitich exist betweentheboundary vari-
ables amid the within-partitioni variablesin the cur-
rent sub-modelserveto restrict thebehaviorof the
within-partition variables. By restricting thebehav-
ior of the boundaryvariablesto match thedescrip-
tion providedby the upstreamsub-mnodels,no con-
straining power is host with regardsto the within-
partition variables. (i.e. The behaviorsgenerated
for the within-partition variablesare the sameones
producedby the standardQSIM algorithm.)

The boundaryvariablesof a sub-modelaregrouped
into setsaccordingto thecomponentsto which they
belong: A guidetree is providedfor eachsetdescrib-
ing the behavior of the boundaryvariables within
the set. ‘These trees arederivedduring the simula-
tion of the upstreamcomponents.

The guidetreesareused to determinethe valid suc-
cessorvaluesfor the boundaryvariablesduring the
simulation. A mappingis maintainedbetweenstates
in thecurrentsimulation and matchingstateswithin
the guide trees. ‘ A state S9 within a guide tree
matchesa state S in the current simulation if and
only if:

• S9 includesS (defined below) with respect to
the boundaryvariables,1 and

• the predecessorof S matcheseither S9 or the
closestancestorof S9 that differs from S9 in the
valueof at leastonecurrent boundaryvariable.2

S9 includesS with respectto asetof boundaryvari-
ablesif the statespacedescribedby S for the bound-
ary variablesis asubsetof tbme spacedescribedby S~.
The followimig requirementsmustbe mnet.

• S9 must be atime-intervalstateor S must be a

iTheseare theboundaryvariablesfor thesub-model

currently being simulated. They are withlin-partition
variablesfrom the perspectiveof theupstreammodels
which were usedto generatetheguide trees.

2The guidetreesprovidea behavioraldescription for
a numberof variablesbesidesthecurrentboundaryvari-
ables. Branchesmay exist which do not reflectchanges
in theseboundau~’variables. Thus, theclosest ancestor
that differs from S9 in the value of at least one current
boundaryvariableis thepredecessorof S9 froni thue per-
spectiveof thesevariables.

time—point state. A time—interval state witbiin
the current simulation cannot be matched
againstatinte-point state in the guidetree.

• For eachboundaryvariableb guided by S~,thie
regionof the statespacedescribedby qval(b,5)
must be equal to or a subsetof the region de-
scribedby qval(b, So). Qval(b, s) is the qualita-
tive value of variable bin state s.

A miew stateis markedinconsistentif a valid match-
imig statecannotbe identified within eachguidetree.
This algorithm ensuresthat every behavior for a
boundaryvariable within the current behavior tree
matchesa behavior in the appropriateguide tree.

This techniquefor restrictimtg the behavior of a set
of variablesbasedupon a predefinedbehavioralde-
scription hasbeen generalizedto allow a modeler
to control the behavior of any exogenousvariable
within a QSIM simulation.

4.3.2 Abstracting Boundary Variable
Distinctions

A standardQSIM simulation providesa total order-
ing of events’for all variablescontainedwithin the
model. In a partitionedsimulation, eachsub-model
containsboth within-partition and boundary vari-
ables,Sinceeachsub-nnodelis only requiredto pro-
vide abehavioraldescriptionfor the within-partition
variables,abstractioumis used to eliminatebranches
causedby distinctions mm the valuesof the bound-
ary variables. This eliminatesthe temporalcorrela-
tions betweenwithin-partition variablesamid bound-
ary variablesduring thesimulation of asub-model.

The abstraction process is performed during the
simulation after the successorsof a state are com-
puted. Equivalent successorstateswith respectto
the within-partition variablesare combinedto form
a singleabstractstate. There are two mnain steps in
thecreationand simuhatiouiof abstractstates:

• creatingan abstractstatefrom asetof detailed
(i.e. non-abstracted) successorstates

• computing thuesuccessorsof an abstractstate.

Creating an Abstract State An abstractstate
contains a unique value for each withini-partition
variable, Qualitative value imiformnation for the
boundary variablesis maintainedin the form of a
disjunctive list of sub-states.Eachsub-statecontains
a completeset of valuesfor the boundaryvariables.
A sub-stateis createdfor eachdetailed stateusedto
createan abstractstate. The information in thesub-
statesis used to ensurethat no constrainingpower
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Figure 6: Eliminatimig BranchesthroughAbstraction

Branchesdue to distinctions in the boundaryvariable
valuesareeliminatedby combiningsuccessorswhichare
equivalentwith respectto thewithin-partition variables.
Abstractsuccessorsstatesarecreatedas follows:

1. Createthe standardQSIM successorstates, TIme
consistencyof thesesuccessorsis detenniinedusimig
theQSIM consistencyfilters.

2. Usingonly theconsistentsuccessors,createabstuact
successorstatesby combiningstateswith equivahemut
valuesfor thewithin-partition variables.

3, For eachabstractstate,createa set of sub-states
containingpossiblequalitativevaluesfor theboumid—
any variables,Eachsub-stateprovidesa uniqueset
of valuesfor theboundaryvariables,

4. Replacethe omiginal successorswith time abstract
successorswithin thebehaviortm-ce.

is lost when the successorsof an abstractstate are
created. Figure 6 provides additionial immformationi
aboutthestate abstractiomialgorithm.

The boundaryvariablebehavior guide describedin
theprevioussectionsis actually applied to sub-states.
A sub-stateis marked inconsistenit if it cammutot be
matched againsta state within eachof the boumid-
any variableguidetrees. An abstractstateis consid-
ered inconsistentif all of its sub-statesare marked
inconsistent. A mapping is maintaimied between a
sub-stateamid the matching stateswithin the guide
trees.

Creating Successors of an Abstract State
The abstraction processeliminatesdistinctions in
the bouuidaryvariableswhich are normally used by
QSIM when contputing a state’s successors. The
algorithm used to createthe successorsof a state
during a simulation has been modified to handle
an abstractstate. These nnmodificai,iouis retaini thie

QSIM sounidusessguaranteeaswell as the coutstraiui-
iuig power of a stanmdardQSIM simumulationi.Thte suc-
cessorsof an abstractslatearecounpul.edas follows:

- Conitinuity is used t.o (let,enmimiume the possible
successorvalues for eachi variable withiut the
mnmodel.

• For witbnni—partition variables, use the
unique qualitative value provided wit bitt
the abstractstate to conipute the set of
valid successorvalues. This is thie umornmmal
algonithlni usedby QSIM for all of the vari-
ables.

• For houmidaryvariables, apply the nornuah
QSIM ahgonithmnsto eachof the possibleval-
uesincluded iii thesub-statesandtheit take
theunion of thesepossiblesuccessorvalues.

2. Usethe standardQS1M algorithm to createaumd
filter potemitial successorstatesfrom tbmis setof
possiblevalues. Eachstate will contaimi a sin-
gle qualitative valmme for each variable within
the stmb—model (i.e. both withumi—partit.ioit amid
boundary-variables).

3. For eachsuccessorstate,perfornu a continuity
test to ensurethat the boundary variable val-
uescan be reachedfrounu at least onesub-state
maintainiedby the abstract,state.3

4. ‘l’htese successorslates are theni used to form
tIme abstractsuccessorstates asdescribedin i.he
previoussection.

The basicQSIM ahgorithnngeneratesall possiblebe-
haviorsof the nnodehedsystennm. Step 1 in this algo—
nithmnm emisuresthat this guaranteeis retained. The
set of possiblesuccessorvalues for eacbt variable is
the untiomi of the possiblesuccessorvaluesof the in-
dividual non-abstractedsuccessorstates. Thus, all
of the successorstateswhich would havebeemsconn-
putedby tbie standardQSTM algorithm for the nonu-
abstractedstatesareinchudedin thesetof successors
for the abstractstate.

This abstractiontechniquealsoretainsall of theconi-
straimnngpowerof thestandardQSIM algorithmn. No
additiouial behaviorsategenerateddue to thediii-
nation of distinctions in thie boundaryvariablesvia
abstraction. Figure 7 shuows how eachsuccessorof

Simice the union of thepossiblesuccessorvaluesfor
tile boundaryvariablesis used(in step 1), it is possible
that thesesuccessorvalues may conubine in ways that
would hot. ltave beemi I)ossible wit,bi the nonm—abstracted
states.This test ensmmresthat a possiblesuccessorvalue
that is valid for only oute of thestill—statesdoes mint corn—
bimie with a value from a differeumt suhj—state.

normal abstract
successors Successors

ai } suit—states

} sub—states

ci
S� no sub—states

slep2

step3
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Figure 7: Relationtsbiipbetweenant abstractslate’s
successorsand theoriginal states.

Origimial statesSm tbmrouughS~werecombimiedto fonm~mthe
abstractsuccessorS~.A sub-state(.981 throughss,~)was
formimed for each of theseoriginal states. S~thmu-ougli S,
arethesuccessorsof theabstractstate.

• A one—to—one coru’espondence(the sub—statemap-
ping) existsbetweenthesub-statesattachedto au
abstractstate and the original successorsstates
used to createtheabstractstate.

• A continuity check(the third stepin thealgorithm)
ensuresthateachsuccessorof an abstractstatecant
be reachedfrom at least oneof thesub-states.0mw
abstractstatesumccessorcartbe asuccessorfor until—
tiphe sub—states.This mapping iuuformnatioui is muot
u’etaimued dunimmg the simulation.

Each abstractstate successorcami be mnappedback to

time original states which it womuld havesucceededif the
abstraction wet-c not perfornuued. Thlus, no additiommal
successorsat’e generateddueto theabstmactioumprocess.

an abstractstate would havefollowed fronn at least
omme of the origimmal msoml-ahstract,edslates.

Problemsnnayhe encouniteredwhentapphyiulgexten-
sions of tile QSIM algoritimnn to an abstractstate.
Sonmie constraimitngpower nnaybe lost due to the itt—
ability to apply certaimi constraimitssuch as the cmi—
ergy filter or sounueof the quammtitativereasonmiutgt,ecbi—
ntiques to thue boumtdaryvariables. itt most cases,
this informnation would havebeeninicorporatedinto
the upstreamsuh—nntodehthat originally det.enmimined
the behaviorof the boundary variable. Othierwise,
problemssuchtas this can be addressedby the inutial
variablepartitionting.

4.3.3 Simulation Control and Concurrent
Siinulat ion

Sinnulationtof acausally (lowulstreamncontponeuttre—
qUires i miformation from time upstreamnt sub—nnmodel
aboutthe behaviorof tile boumidaryvariables. Outce

-o F’

Figure 8: ldeahizatiou) of Mo(leh l)ecoumtpositiou
Applied to a Large Model

Model decounpositiomi in comijuimuctiomi with other ilh.)st mac—
tion techuliqumeswill allow larger models to be simitulated
pu-odmmciutg comimpu-ehenisibleresults.Titesemodels will be
divided into amlumnber of interrelatedcoml)ouleuuts.This
graph showsan idealizationof how the decomnpositiomiof
alarge uuuodehwould be simulated.

• The nodes(If theguaphi tepresemitcomimpOuteutts (i.e.,
a setof variablesamid comistm’ainmts) within themumodel
while the arcsare causallydirectedrelationshipsbe—
tweeum comntpouiemlts.

• Model decompositionuhegimts simiumilation ivithu the
causally upstreamcomponents and then nioves
through the graph. hum this exannple, commuponemit
simimulatioum womuld be perforuried itt the followimig or—
uher:

— (omlipoumemit A

compoulemit B
comnmpomients C and D (bnmt the do mint haveto

be simulated comtcurreuithy)

— compomuemuts E, F, C, amid IT am-c all simulated
(:ouucuuremitl simice they forun a feedback loop

comnipoumemit I

the variablesarepartitioned, thecausalantalysiscamt
he used to createacomnponeuttgraph. The umodesin
thus graph are tIme sub—modelswhile thie himiks silow
the direct,iommof causalimtIhuemtcerelatimmgthesemuodes.
Sotime cotrmponentsmay ble acausallyrelated. The
sub—n odds are simuulated in tlie order dictated by
this graphistarting wit.bi thecausallytipstreauttcorn—
pomueuuts. Figure 8 shows an idealizationof this pro-
cessfor a hargernnodel.

If a feedback ioop exists betweeti comtiponteuit.s(as
in figure 3) or if commtponemitsare acausallyrelated,
it is not possibleto sequemttiahlyorder their simituha—
tiomt siumce titey require hounidary variable intfonumta—
tioum fromit eachother. hut tlmis case,thiesesimutulatiotis
titlist he performedcontcurreni.hy.Simice theconsplet.e
bebtaviorof I lie boumidaryvariables is utot available
duriumg tIme simnulat,ionof a sub—model,a truthm ttsaiut—
tenauucesysl.enmis usedto record iuiformatiomm about
auty assumptiontswhich areumtade.

A comicurremitsimuhat.iontaltenuiatesauiomtgextenmdintg
(lie simumuhationof eacbt of the related cotnponetut.s.
A dependencyis recorded wlmen a state is niarked

original
slates abstract state

abstract successors

state
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S .,-~2- ~v
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imicoulsisteult dime to the boundaryvariable behavior
guide and the behaviorof the boundaryvaniablle is
incomplete. rFlte depemidemicy records inmformtiation
abomut I,he couidit,ion required to satisfy the coutsis—
tency check..As time behavior of time related conim -

ponentis extemided,thedependenciesarecheckedto
determineif amuy of the coniditions aresatisfiedby the
additiomial hebtavioral inuformniatiomt. If a depentdemtcy
is satisfied,i,bteut thestalewimicht had previouslybeen
markedincotisistentis reinsertediti thebehaviortree
and simulated. A dependencyis sat.isfied wheut a
stateis createdins a related tree fuhfihhirug thie conidi-
tions wbiicbi originally causedthe dependencyto he
created (i.e. providing thie specified valuesfor time
boundaryvariables).

Time depemideniciesare cimecked to see if army viola-
tions haveoccurred after eachsub-model luas been
extemtdedomie time step. Depenidenciesare cross
checked against.eachi other to ensure that a dead-
lock conditiomi does miot occur (i.e. two statesium (hf—
feremit componentsare markedincouisistentt because
they areeachwaiting for the other to occur.) Somite
of tile details of the comicurrent sinmulationt algonitbinn
are still being developedto ensurethat time desired
generality is provided.

5 Alternative Abstraction
Techniques

Model decornpositioutprovidesa general framework
for performing abstraction during tIme sinmulai,iott of
alargemodel. TIme decomnpositionuof amodel is mdc-
pendenitof the simntulatiomm.Furthermore,thebehav-
ior of each conmpontent.is reasommedaboutseparately
fronum thie interactiontsbetweemicompomients.Tltis an—
chiitecture allows (Ither deconttpositiout uttethods to
be applied to provide alternative abstraction tech-
miiques.

Iwasaki and Bhantdani [1988] build upott Simitoum
[1961] teehmiiques for variable aggregatiomi iii dy-
namicstructmmres.They provide afornnai auiahysisof
how vaniablleswithimm a systenn of equationscami be
partitioned amid aggregatedbIased U~0tt a qimamitita—
tive ammalysisof the equationmsand tbieir roots..Souue
of thesetecbmiquescommid be exteuRledto addressthe
partitioning amid aggregation(If variables iii a quali-
tative mntodel. ‘Ibis type of analysiscould he mmsed to
extendthepartit.ioumiutgtechniquescurremitly applied.

Rainnanand Wihhiamns [1992] describea unethodof
ideuttifying domnimmammt behaviors ivhi ichi are used to
divide the state space of a ntodel imito regiouts in
whicht different behaviorsdonnintate. Order of nag—
utitude reasonimigis used to simplify the autalysis (If

each region- A similar (.echuiuquecould be usedwhiemi
partitioning the variablesto sitnphify the constraimmt
mtetwonkand mimimsintize(lie iuit.eractioutshet.weeutcoun—

ponemils. A separatesimniuhai.ioum (If the mniodel would

be performedfor eachof tIme regiomis identified.

icumpens’ [1987] t mnme—scaleallstractiomi groups vari-
ables bIaseduponi the relative slIced (If the nnechia-
nisnis conttrohimrugtheir values. Variables controlled
by slowerujiechanismnsareconsideredconstatit when
simulating the faster mttechtanismns,whule tue faster
nmechamtisnnmsare viewed as imistaustanieouswith re-

spect to time slower nnechanismns.Tirmte scaleimufon—
nmationt could he used in partitiouuntg time variables
to autounatethis abstraction techntique.

6 Conclusions and Future Work

Siate—basedqualitative reasomiimmg tecbmuiiquesrequire
a total temporal ordering of evemits wi I hiti thie be—
havioral descniptiomi. This can head to irrelevant,

tenntporah dist~nctionis whichi imicrease time conuiplex-

ity of the simulation and obscure the rehevammt lIe-

havion. Before devehopimigheuristics to deterntine
which temporalcorrelationmsarerelevant to time cur-
remit task, siuttulationt techniquesmnust be developed
1.0 allow for a rangeof l.emmtporaldistimictionts. Model
decommmpositiomiamid simmiula. ioui provides anm architec-
ture witichi (Ioes utot require rtiany of tIle teuuporal
ordeniutgsspecified in a traditional qualitativesiunu-
latiomi

Model deconntllositionhasbleemi applied successfully
(.0 a umumuberof examuples.Two of theseexaunphesare
discusseditt this paper. Thie simimulatiomm techniques
usedareseparatefrom the mi tei.hod usedlo (Iecottl—

pose(lie imiodel . Our objective is 1.0 enismire that l.ite
(‘onmsl.raiitiutg I)oi~’enof a stami(Iar(l qualitative sitflti—
la.tiomi is remaimied bly thesesimumlalioni techiutiqmiesne—
gandless of thie variable partitiouiiutg selected. ‘l’lus
would allow (lie decompositiomiaigonithmn to select.
a pantitiouiimmg wit icit highlights (histimictions relevauit
to the cunremit task. Due to the (lepemi(leutcy immfon—
ntatiomt wbticit mmist he muaimmtaimtedduninmg a coutcur—
remit sinimulation, ntiodeh (lecotttp(IsitiOnm tilay iumcnease
theconiputatiotial complexity of asiuuulation if the
granularity of thie pantitionmiumg is too suntahi. ‘FIns
imtfonntal iomt utmust also be taken iuito accoumtt whtemi
(hecomit~Iosimiga model.

Exi.euisionmsto the niodel (heconmmposit.ionand siumiula—
tion (ecltmiiquearestill requiredto provide the gemien—
ality that is desired. lit particular, thus lecbtuiiquehas
yet to be apphedlo large, niuhi.i—contpouteni.mnodehs
with couttphicatedimitenactionpatterns. ‘lhis neseancht
is curnemtlly heitig extenided itt a umumller of ways.



• Time details of the concurrent simulation algo-
rithmmi must he developed further to entsurethat.
thevariablepartitiontingselecteddoesnot affect
the constraining power of time simuhationt.

• Model decompositiontrequiresa partil.iomutig of
the variablesimito conntponents.This partition-
ing determinesthe temporalcorrehatiomiswhich
areprovided by the simuhationi.Technuiquesfor
automaticallysehectimigtheoptimalpartitiomng
for a givemu model and task are being investi-

gated.

• Model deconnpositionprovides an architecture
winch reasons about the behavior of each com-
pomuent separately from the interactiomis betweent
thecomponents.This architectureallows other
decompositionmethodsto be applied to pro-
vide alternativeabstractiontechniques.In flar-
ticuhar, we are interestedin incorporatingorder
of magnit tide and time-scaleinformnatiotuwhen
performingthe variablepartitioning.

• A complexity analysisof thie simulation algo-
rithm must be performedaridcomparedagainst
a stamidardQSIM simulation to evaluateits ef-
fectivenessat reducingthecomputationalcom-
plexity introducedby theseirrelevant temporal
distinctions.
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