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Abstract 

Constructing an appropriate model is crucial 
in reasoning successfully about the behavior 
of a physical situation to answer a query. In 
compositional modeling, a system is provided 
with a library of composible pieces of knowl- 
edge about the physical world called model 
fragments. Its task is to select appropriate 
model fragments to describe the situation, ei- 
ther for static analysis of a single state, or 
for the more complicated case simulation of 
dynamic behavior over a sequence of states. 
In previous work we showed how the model 
construction problem in general can advanta- 
geously be formulated as a problem of reason- 
ing about relevance. This paper presents an 
actual algorithm, based on relevance reason- 
ing, for selecting model fragments efficiently 
for the case of simulation. We show that the 
algorithm produces an adequate model for a 
given query and moreover, it is the simplest 
one given the constraints in the query. 

Introduction 
Constructing an appropriate model is crucial in reason- 
ing successfully about the behavior of a physical situa- 
tion to answer a query. In the compositional modeling 
approach [Falkenhainer and Forbus, 19911, a system is 
provided with a library of composible pieces of knowl- 
edge about the physical world called model fragments. 
The model construction problem involves selecting ap- 
propriate model fragments to describe the situation. 
Model construction can be considered either for static 
analysis of a single state, or for simulation of dynamic 
behavior over a sequence of states. The latter is signif- 
icantly more difficult than the former since one must 
select model fragments without knowing exactly what 
will happen in the future states. This paper presents 
a general algorithm for model construction for simula- 
tion. For such an algorithm to be useful, the gener- 
ated model must be adequate for answering the given 
query and, at the same time, as simple as possible. We 
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define formally the concepts of adequacy and simplic- 
ity and show that the algorithm in fact generates an 
adequate and simplest model. 

The intuition underlying our algorithm is that the 
model construction problem can be viewed as a prob- 
lem of relevance reasoning [Subramanian and Gene- 
sereth, 1987; Levy and Sagiv, 19931. Two types of rel- 
evance reasoning occur in this context. First, relevance 
reasoning is used to determine which phenomena can 
affect the query. Intuitively, assuming that the goal of 
modeling is to explain how the value of a term changes 
over time, what is relevant to this goal is all the things 
that could causally influence the term. Consequently, 
the high level mechanism driving the algorithm is back- 
ward chaining on the possible causal influences on the 
goal term, determining the set of phenomena, terms 
and objects that can affect the goal term directly or 
indirectly. 

The second aspect of relevance reasoning is deciding 
which level of detail is relevant to the goal. Often there 
are multiple model-fragments describing the same phe- 
nomenon, (grouped into assumption classes [Falken- 
hainer and Forbus, 19911). Choosing between them de- 
pends on the underlying modeling assumptions being 
made, i.e., on the abstractions of the domain and the 
approximations being made. Deciding to make a cer- 
tain abstraction can be viewed as stating that some de- 
tail is irrelevant to the goal and can hence be removed 
from the representation of a phenomenon (see [Levy, 
19941 for a more detailed account of the connection 
between irrelevance and abstractions). We therefore 
use relevance reasoning to decide which modeling as- 
sumptions are appropriate for the goal. Furthermore, 
explicit relevance claims can be used to express addi- 
tional domain knowledge that comes to bear in select- 
ing a model, thereby incorporating such knowledge in a 
principled manner. Our algorithm alternates between 
the two kinds of relevance reasoning. Given some mod- 
eling assumptions it determines which additional phe- 
nomena are relevant to the goal, and given a set of 
relevant phenomena it chooses the level of detail at 
which to model them. The algorithm can be shown 
to run in time polynomial in the size of the resulting 
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model under certain reasonable assumptions. 
Compositional modeling is a very powerful approach 

to automated modeling of physical devices. However, 
to enable efficient model construction, we must en- 
force additional structure on the model fragment li- 
brary and the model-fragments (e.g., [Nayak, 1992b]). 
An important contribution of this paper is identifying 
additional structure that can be imposed on a model 
fragment library that is both natural and facilitates 
efficient model construction. 

Several pieces of work have addressed the model for- 
mulation problem for the compositional modeling ap- 
proach [Falkenhainer and Forbus, 1991; Nayak, 1992a; 
Rickel and Porter, 19941. Our work is distinguished 
in that it derives its generality from general consider- 
ations of relevance reasoning. Specifically, it combines 
model formulation for simulation with guarantees of 
adequacy and simplicity, which are not found in other 
works. 

Knowledge 
prediction 

representation and behavior 

Before describing the model formulation problem, we 
briefly describe the representation of physical knowl- 
edge and the simulation method based on the com- 
positional model approach. Compositional modeling 
was first described by Forbus in his work on Qualita- 
tive Process Theory (QPT) [Forbus, 19841, and is also 
the basis of subsequent works on qualitative modeling 
by Falkenhainer and Forbus [Falkenhainer and Forbus, 
19911, Crawford and Farquhar [Crawford et al., 19901 
and Iwasaki and Low [Iwasaki and Low, 19931. In com- 
positional modeling, a physical situation is modeled as 
a collection of model fragments. Each fragment rep- 
resents some aspect of a physical object or a physi- 
cal phenomenon. A model fragment consists of condi- 
tions and consequences. The condition part specifies 
the conditions under which the phenomenon occurs, 
including the individuals that must exist and the con- 
ditions they must satisfy for the phenomenon to oc- 
cur. The consequences specify the functional relations 
among the attributes of the objects that are entailed 
by the phenomenon. 

If there exists individuals al, . . . , a, that satisfy the 
conditions of a model fragment M at time t, we say 
that an instance of A4 is active at that time. We 
will denote the instance as M(al, . . . , a,) and call 
al,...,% its participants. The existence of an ac- 
tive model fragment instance implies that the variables 
mentioned in it are defined and that the consequences 
hold. 

The basic idea behind the prediction mechanism is 
the following: for a given situation, the system identi- 
fies active model fragment instances by evaluating their 
conditions. We will call the set of active model frag- 
ments in each state the simulation model. The sim- 
ulation model gives rise to equations that must hold 
among variables as a consequence of the phenomena 

taking place. The equations are used to determine the 
next state of the situation. Each state has a simu- 
lation model along with a set of variable values and 
predicates that hold in the state. In order to perform 
simulation effectively, we must be able to efficiently 
select the appropriate set of model fragments at ev- 
ery state. The output of our algorithm is a small set 
of model fragment instances, from which the system 
selects a simulation model at every step of the simula- 
tion. 

Problem definition 
This section defines the model formulation problem as 
well as some key concepts in our approach. The follow- 
ing problem definition is based on that by Falkenhainer 
and Forbus ([Falkenhainer and Forbus, 19911, p. 98) 
with some modifications explained below: 

Given a scenario description, a domain theory, and a 
query about the scenario’s behavior, the model formu- 
lation problem is to produce the most useful, coherent 
scenario model. We elaborate on each part of this def- 
inition. 

Scenario description: Our scenario description 
specifies a set of facts about the initial state of the 
situation to be modeled. This typically includes a set 
of individuals (i.e., components of the system), their 
properties and relations among them, representing the 
physical structure in the initial state of the simulation. 

Domain theory: The domain theory is represented 
as a library of model fragments. As stated, each model 
fragment has a set of conditions which are further di- 
vided to operating conditions and modeling assump- 
tions. The operating conditions are conditions on val- 
ues of variables in a current state that are required for 
the model fragment to be applicable. The modeling 
assumptions are meta-level conditions describing the 
way we have decided to describe the domain, and are 
meant to accommodate different ways of modeling a 
certain phenomenon. Examples include assumptions 
about the temporal granularity of the model, the sim- 
plifying assumptions or approximations it makes, or 
the accuracy level it provides. While operating condi- 
tions of a model fragment in the chosen scenario model 
may be satisfied at a certain step of the simulation and 
cease to hold at a later point, modeling assumptions 
are assumed to hold throughout the simulation. We 
make the following assumptions about the library of 
model fragments. Their formal definitions are given in 
[Levy et al., 19941. 

Coherence of the Library: The library coherence 
assumption requires that if we have a set of model frag- 
ments that have consistent modeling assumptions and 
whose operating conditions are satisfied, then the re- 
sulting set of equations will not be over constrained 
(i.e., will not have more equations that quantities). 

Completeness of the Library: The library com- 
pleteness assumption requires that the library contains 
knowledge about all the phenomena that can causally 
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affect any term appearing in any model fragments in 
the library unless the term is explicitly known to be at 
the boundary of the library’s knowledge. We will call 
the set of terms that are known to be at the boundary 
of knowledge contained in the library L the globally ex- 
ogenous terms, Eg,oba,(L). Eglobal(L) is the set of all 
terms such that they appear in model fragments but 
for which the library may not contain model fragments 
of all the phenomena that can directly causally affect 
the term in all possible circumstances. 

In addition to the basic representation of physical 
knowledge as model fragments, we have additional con- 
structs on model fragments, composite model fragments 
and assumption classes. These constructs facilitate 
model formulation by introducing a higher organiza- 
tional structure into the model library. 

A composite model fragment (CMF) is a set of model 
fragments that represent behaviors of the same compo- 
nents or process under different operating regions. For 
example, the voltage produced by a rechargeable bat- 
tery is a different function of its charge-level in three 
different ranges of the charge-level. This characteristic 
of a battery is represented by three model fragments 
with different conditions on the charge-level. However, 
they can be seen as forming one complete “description” 
of a particular aspect of the battery behavior over the 
entire range of its charge-level. All model fragments in 
the library are grouped together into such sets, though 
a model fragment may constitute a singleton CMF. 

CMFs are further grouped into assumption classes. 
An assumption class is a set of CMFs that describe the 
same phenomenon based on different and contradictory 
modeling assumptions. Since CMFs in an assumption 
class are contradictory, at most one of them should be 
included in any scenario model. 

Query: A query is expressed as a list of terms to be 
explained. We assume that the purpose of modeling is 
to explain how and why those terms change over time, 
i.e. to produce a causal account of how they change. 

A query may also include an a priori list of explicit 
modeling assumptions. Such lists can be provided by 
the user in order to provide additional information 
about the kinds of explanation desired, such as the 
level of details. In particular, they can include a list 
of exogenous terms, i.e., terms whose values are de- 
termined by factors outside the scope of the current 
problem. They are also used to delimit the set of pos- 
sible states that should be considered possible in the 
simulation. 

Scenario model: Given the inputs described 
above, the model formulation problem is to generate a 
set of possible CMF instantiations (i.e., a list of pairs: 
CMF, participant list). During simulation, the oper- 
ating conditions of those CMF instances will be eval- 
uated in every state to generate a simulation model. 

For a model formulation algorithm to be useful, a 
scenario model generated should be adequate yet as 
simple as possible. We say a model is adequate when 

it is consistent and is sufficient for answering the given 
query. A scenario model is said to be consistent if the 
union of all the modeling assumptions underlying its 
members is consistent. A scenario model is said to be 
sufficient for a given query, if it gives rise to a simu- 
lation model in every state that contains the complete 
causal paths from exogenous terms to the query term. 
We use the definitions of causal dependency relations 
given in [Vescovi et al., 19931, which expands the no- 
tion of causal ordering among variables [Iwasaki and 
Simon, 19861 to include conditions on model fragments. 
Intuitively, a term ti is directly causally dependent on 
another term tj if the value of ti is determined by that 
of tj through an equation in which both ti and tj ap- 
pear, or if tj appears in the applicability condition of 
an equation that determines the value of ti. Finally, 
a scenario model Ci is said to be simpler than C2, if 
for each CMF cl in 61 there is some CMF c2 in C2 for 
which cl is simpler than c2 or they are the same. 

Model formulation algorithm 
This section describes our model formulation algorithm 
in detail. Figure 1 shows the outline of the algo- 
rithm. Informally, the algorithm consists of making 
two choices. The first is deciding which assumption 
classes should be represented. The second is to decide 
which CMF should be included out of each of the as- 
sumption classes. The first choice is done by backward 
chaining through the possible causal influences on the 
goal terms. The second is made by reasoning about the 
modeling assumptions necessary to answer the query. 

We explain each of the main steps in the loop: se- 
lection of assumption classes, selection a CMF out of 
each such assumption class, and deciding which terms 
to further backward chain on. We use the following 
example throughout. 

The example (see Figure 2) is a simple circuit con- 
taining a solar array (SAI) and a rechargeable bat- 
tery (BAi). The figure shows the circuit, the sce- 
nario description, and the assumption classes in 
the domain theory. For each CMF in the domain 
theory, its consequences and the list of terms ap- 
pearing in its operating conditions are shown. The 
query is Voltage(BAl), with a list of exogenous 
terms, which includes all the terms mentioned 
in the scenario description except Damaged(BA1). 
There is no a priori list of modeling assumptions. 

Finding the Assumption Classes 
As the goal of modeling is to explain how and why the 
goal terms change over time, the relevant things to in- 
clude in a model are those that could causally influence 
the goal terms. The consequences of model fragments 
contain functional relations among quantities, specify- 
ing the ways quantities can influence each other. 

We take the position that equations in model frag- 
ments describe the functional relations among the con- 
tinuous variables involved in the modeled phenomenon 
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procedure select-scenario-model(v, E, Init, C) 
/* v: the query variable */ 
/* E: the list of exogenous terms */ 
/* Asc: the modeling assumption of CMF c */ 
/* Q: a queue of terms */ 
/* Init: the list of modeling constraints in the query */ 
/* C: the background theory of modeling constraints */ 
/* Rel: the current list of modeling constraints */ 
/* Model is a list of pairs (c, z), where c is a potential instance of a CaF and I is a term c could causally affect */ 

begin 

QR f $-kt e= . 
Model = nil. 
repeat 

1 
= dequeue( Q). 
s = assumption classes in which q can be an output variable and 

whose operating conditions do not contradict E. 
for each a E As do: 

select-from-assumption-class (a, q). 
while there is a pair (c, q’) E Model such that -y E As, and p E Rel 

remove (c,q’) from ModeZ. 
select-from-assumption-class (A,, q’) . 
/* A, is the assumption class from which c was chosen */ 

until Q is empty. 
return the set {c 1 (c, q’) E Model}. 

end select-scenario-model. 

procedure select-from-assumption-class ( A, q ) 
/* A is a potential instance of an assumption class that can determine q. */ 
/* Pos(As,) is the list of positive literals in As,.*/ 

begin 
c = The simplest CMF in A such that ,El p(lp E As, A p E ReZ). 
Model = Model U {(c, q)}. 
inputs = the union of: 

The quantities that appear in equations with q and 
The terms in the operating conditions of c. 

for every X E inputs do 
if X has not been in Q and X # E then 

enqueue X onto Q. 
ReZ = DeductiveClosure(C U ReZ U Pos(As,)). 
if reZ(ql) E ReZ and q1 e E and q1 has not been in Q 

enqueue q1 onto Q. 
end select-from-assumption-class. 

Figure 1: Model I formulation algorithm 

without specifying a particular causal direction. The 
direction of causality only emerges when the equation 
is embedded in a system of equations all represent- 
ing independent mechanisms and the quantities that 
are externally determined are specified [Iwasaki and 
Simon, 19861. In compositional modeling, this implies 
that the causal orientation of equations can only be 
determined after the model fragments are instantiated 
and equations are assembled into a simulation model. 
Therefore, one cannot a priori specify for each model 
fragment the quantity that is caused by the model frag- 
ment, but one can specify a priori the possible set of 
quantities that could be determined by the model frag- 

ment. In general, this set can contain all the quantities 
mentioned in the consequences of the model fragment. 
Given a term, the algorithm selects the assumption- 
classes that could affect it. In our implementation, we 
pre-compile a list of assumption classes that can affect 
each type of terms to facilitate this search. 

For instance, in our example, a term of the form 
Damaged(x) where x is an instance of Battery can 
be causally influenced by a member CMF of 
Battery-damage-due-to-overcharge-ac when 
it is instantiated with x bound to ?b. 

The query term Voltage(BA1) is the only item 
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Scenario descrivtios 

Solar-array(SA1) 
BatteryfBAl) 
RechargeablefBAl) 
Plus-terminalfBA1) = t4 
Minus-terminalfBA1) = t3 
Plus-terminalfSA1) = t2 
Minus-terminalfSA1) = tl 
Electrically-connected(t2, t4) 
Electrically-connectedftl, t3) 
-DamagedfBAl). 

Lesend 
CL: Chargelevel 
V : Voltage-prodwed 
TEMP Temperatureof 
I: CurrentfPlus-terminalf?b)) 
DOD: Average-depth-of-dischargef?b) 
TSLC: Timesincelast-conditioningf?b) 
TPOCZ Time-period-of-goal 

CMF Consequences Terms in the operating conditions 
ussumption-class: Battery-voltage-ac 
Constant-voltage-CMF v=co Battery(?b), Damagedf?b) 
Binary-voltageCMF v = (OifCLCctl 

VlifdICL 
Batteryf?b), Damagedf?b) 

Normal-degrading-CMF V=f(TMEI Battery(?b), Damaged 
Charge-sensitive-CM v = f(CL) Batteryf?b), Damagedf?b), Rechargeable 
Temperature-sensitive-CMF v= fQEMr, CL) Batteryf?b), Damagedf?b), Rechargeable 

Assumption class: Battery-charge-level-ac 
Constant-charge-level-CMF CL=c1 Batteryf?b), Damaged 
Normal-accumulation-CMF CL= JIdt Battery(?b), Damagedf?b), Rechargeable 
Accumulation-with-aging-(&IF CL = J Idt - f(DOD, TSLC) Battery(?b), Damagedt?b), Rechargeable 

Assumption-class: Battery-damage-due-tooverchargeac 
Battery-damageCMF Damagedf?b) 

Battery(?b), Damagedf?b), Rechargeable( 
CL(7b) 

Batterv-charm-level-ac Batterv-voltam-ac 

Figure 2: Model selection Example 

on the queue initially, and it becomes the current 
goal. 
Battery-voltage-ac(BA1) possibly has influence 
on the term, as Voltage(BA1) appears in the con- 
sequences of its member model fragments. Thus, 
we select this assumption class. 

Selection of CMF out of an assumption 
class 
Since CMFs in an assumption class represent alterna- 
tive ways to model the same phenomenon, we must 
pick one CMF out of each assumption class thus 
deemed relevant. We make the choice by reasoning 
about the modeling assumptions being made about the 
problem. To facilitate the selection, we add to the 
representation of assumption classes additional struc- 
ture that makes explicit the modeling assumptions that 

change between one CMF and another in the assump- 
tion class. Each assumption class is represented as a 
directed graph of CMFs. There is a link from a CMF 
cl to a CMF c2 if cl is simpler than ~2. 

The link is annotated with the difference in the mod- 
eling assumptions, i.e., the modeling assumptions that 
can be removed as one goes from cl to ~2. We employ 
the following convention in interpreting predicates in 
the modeling assumptions. A positive literal of a pred- 
icate denotes an assumption that yields a more com- 
plicated model of a phenomenon. A negative literal 
denotes a simplifying assumption. For example, the lit- 
eral ~reZ(Temperatzlre(battery)) in the modeling con- 
ditions of a model-fragment states that the fragment 
uses a simplified representation in which the tempera- 
ture aspect of the battery is ignored, whereas the lit- 
eral rel(Temperature(battery)) in the modeling con- 
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ditions states that the model fragment considers the 
temperature aspect of the battery. Not all modeling 
assumptions are relevance statements. An example of 
a modeling assumption that is not a relevance state- 
ment, denoted by the literal 4arge(timeScaZe), states 
that the representation is simplified to ignore longer 
term effects on the battery. ’ A simplest CMF is one in 
which the least number of positive literals are entailed 
by the modeling assumptions. Finally, we assume that 
every assumption class has single simplest CMF, and 
a single most complicated CMF. 

The graphs of CMFs in the assumption 
classes that have more than one CMF for 
our example are shown in Figure 2. In 
the assumption class Battery-voltage-ac, the 
CMF Constant-voltage-CMF assumes that the 
charge-level of the battery is irrelevant, while 
Binary-voltage-CMF does not. 

Given this representation of assumption classes, we 
can choose a CMF by selecting the simplest one which 
does not contradict the modeling assumptions collected 
so far. After choosing the CMF, we update the mod- 
eling assumptions to include those implied by the cho- 
sen CMF (which, in particular, include the assumption 
that all the terms mentioned in that CMF are rele- 
vant). As a result of adding the new modeling assump- 
tions, earlier choices of CMFs might be invalidated, 
since they may have been chosen based on stronger 
assumptions. In such cases, we adjust earlier choices 
by selecting more complicated model fragments out of 
the assumption classes from which they were chosen. 
Importantly, the number of times we will perform such 
adjustments is limited, and therefore, the complexity 
of our algorithm is not affected by these adjustments. 

Returning to our example, we have just selected 
Battery-voltage-ac. To select a CMF out of 
this assumption class, we start from the simplest, 
Constant-voltage-CMF. Since there is no earlier 
relevance assumptions made so far, this choice is 
consistent, and we select this CMF. This results 
in addition of the following to our modeling as- 
sumption list: 
Rel(Battery(BAl)), 
Rel(Damaged(BAl)), 
Large(TPOG), 
lRel(Charge-level(BAl)), 
Small(Granularity), 
lRel(Rechargeable(BAl))and 
YRel (Temperature-of (BAI) ) . 

‘Some assump tions may be multi-valued and the al- 
gorithms we describe in this paper can be extended in 
a straightforward fashion to deal with such assumptions. 
However, for clarity we assume here that modeling assump 
tions are binary. 

Traversal of causal influence paths 
Once a CMF is selected, we need to determine which 
causal paths to pursue further by deciding which terms 
to put on the queue. Essentially, we pursue the terms 
that can affect the goal term through the CMF. These 
are either terms that are part of the operating condi- 
tion or terms that appear in the same equation as the 
goal in the consequence equations (and can therefore 
influence it in some causal ordering of the equations). 
We consider every such candidate term. If it is neither 
exogenous nor has already been put on the queue, it is 
pushed onto the queue. The procedure then calls itself 
recursively with the new queue. 

Since Damaged(BA1) can influence Voltage(BA1) 
through Constant-voltage-CMF(BA1) and is not 
exogenous, it is placed on the queue and becomes 
the new goal. 
A search through the model fragment library finds 
Battery-damage-due-to-overcharge-ac to in- 
fluence the goal term. Battery-damage-CMF is 
selected from the assumption class since it is the 
only member. 
This selection adds Rel(Rechargeable(BA1) ) 
and Rel(Charge-level(BA1)) to the assump- 
tion list, making the assumption list inconsis- 
tent since both lRel(Rechargeable(BA1)) and 
lRel(Charge-level(BA1)) are included. 
To resolve the inconsistency, we adjust the ear- 
lier choice of CMF from the assumption class, 
Battery-voltage(BAl), since it resulted in the 
addition of these irrelevance assumptions. We now 
select Charge-sensitive-CMF, which is the sim- 
plest CMF that does not contradict the current 
modeling assumptions. 
The goal term now becomes Charge-level (BAI). 
A search through the model fragment library finds 
Battery-charge-level-ac to affect the term. 
The simplest CMF that is consistent with the 
current modeling assumptions in this assumption 
class is Normal-accumulation-CMF(BAl), which 
we select. Current(Plus-terminal(BA1)) can 
influence Charge-level (BAI) through this CMF. 
However, since it is an exogenous term, it is not 
placed on the queue. The queue is now empty and 
the procedure terminates. 
The scenario model contains 
Charge-sensitive-CMF(BAl), 
Battery-damage-due-to-overcharge-CMF(BAl), 
andNormal-accumulation-CMF(BA1). 

Analysis 
This section describes the properties of the algorithm 
we presented. We first show that it produces an ade- 
quate model. We then explain under what conditions 
it produces the simplest model. Finally, we discuss 
the complexity of the algorithm. The complete proofs 
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are given in [Levy et al., 19941. In our discussion we 
assume (1) that all model fragments in a single CMF 
can determine the same set of variables and (2) that for 
each pair of CMFs, CMFl and CMFz in an assump- 
tion class such that CMFl is simpler than CMF2, 
CMFI is a causal approximation [Nayak, 1992131 of 
CMF2. 

The second assumption is only necessary in order 
to assure that the algorithm as described will run in 
polynomial time. The algorithm can be modified to 
relax that assumption, but the resulting algorithm may 
not run in polynomial time. Nayak [Nayak, 1992131 
shows that causal approximations capture most ones 
encountered in practice. Under these assumptions, our 
algorithm is guaranteed to produce an adequate and 
simplest model for the query, as stated by the following 
theorem. 

Theorem 1: Let M be a library of model fragments 
describing the domain, and C be a set of modeling 
constraints. Let S be a description of a system and 
(v, E, Init) be a query about the system. Let S be 
the scenario model resulting from algorithm select- 
scenario-model. Furthermore, assume that: 

All modeling constraints in C are either ground 
atomic formulas or Horn rules. 
The most complicated scenario model, defined to be 
all the possible instantiations of CMFs that are the 
most complicated in their assumption class, is ade- 
quate for answering the query.2 

Then, S is an adequate scenario model for 
(v, E, Init) and there is no scenario model S1 such that 
S1 is simpler than S. 

The library coherence assumption holds. 
If ci and cj are two CiklFs in an assumption class, 
such that ci < cj, then ci is a causal approximation 
Of Cj. 

The observation underlying the proof of adequacy is 
the following. Consider the graph of causal influences 
created by the algorithm. It consists of OR nodes (the 
goal nodes) and AND nodes (the CMF nodes). At ev- 
ery given state, the actual model used for that state 
is one of its subgraphs, in which every OR nodes has 
at most one arc emanating from it (i.e., for each goal, 
we choose at most one CMF that explains it). Conse- 
quently, since the graph represents possible paths from 
the exogenous variables to the goal, each of the sub- 
graphs will too. 

The algorithm also produces the simplest scenario 
model in the following sense. Recall that we are choos- 
ing the scenario model without performing the ac- 
tual simulation. Consequently, we do not know which 

2Note that the most complicated scenario model needs 
to include only the oalid instantiations of model fragments, 
i.e., instantiations in which the objects satisfy the type con- 
ditions in the definition of the model fragment and the time 
invariant facts in the description of the system. 

states the simulation will go through, and therefore 
which model-fragments will be required for those spe- 
cific states. Instead, we assume that the simulation 
can go through any state that satisfies the input con- 
ditions, and our choice of a scenario model is made to 
accommodate any such state. The proof of simplicity 
is based on the correspondence between states of the 
simulation and subgraphs of the graph created by the 
algorithm. 

The running time of the algorithm is polynomial in 
the number of CMF’s in the scenario model. To see 
this, observe that although the algorithm sometime re- 
quires adjustments of previous choices, the maximum 
number of such adjustments is polynomial. Specifi- 
cally, if d is the maximum number of CMFs in an as- 
sumption class, and n is the number of CMFs in the 
scenario model, the total number of adjustment steps 
is at most nd. This is because every adjustment step 
results in replacing some CMF with another that is 
more complicated. Because of the assumption that the 
simpler-than relation between a pair of CMFs in an as- 
sumption class is always a causal approximation, there 
is no possibility that a CMF can be replaced by a sim- 
pler CMF in the same assumption class without mak- 
ing the set of modeling assumptions inconsistent. After 
nd such replacements we will get the most complicated 
scenario model, which is guaranteed to be adequate. 

Conclusions 
We presented a novel algorithm that produces an ade- 
quate and simplest scenario model for simulation. The 
algorithm has three distinguishing aspects that are 
based on applying general considerations of relevance 
reasoning. The first is the backward chaining through 
causal influences, motivated by a general definition of 
relevance. The second is choosing the simplest pos- 
sible CMF at each choice point, based on knowledge 
expressed as relevance claims. The third is that it rea- 
sons with partial knowledge of the states that might 
occur in the simulation. 

We have implemented the algorithm as part of a 
system called, Device Modeling Environment (DME) 
[Iwasaki and Low, 19931, which is a device model- 
ing program to provide a computational environment 
for design of electromechanical devices. Given the 
topological description of a device, DME formulates 
a model and simulates its behavior. The system works 
on several examples, including the electrical power sys- 
tem, of which the example used in Section 3 is a much 
simplified version. 

Several researchers have proposed methods for 
model formulation. These works address one or both of 
the two aspects of model formulation problem, namely 
model construction and simplification. 

Nayak [Nayak, 1992a] addressed both aspects of the 
problem in the context of the single state analysis. His 
algorithm for constructing a model also follows possible 
causal influences, but these influences must be given 
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explicitly using the component interaction heuristic. In 
contrast: our work addresses the problem in the more 
general context of dynamic behavior simulation, where 
the governing set of equations can change from state 
to state. Our approach exploits the structure of the 
model fragments to automatically derive the links that 
are given as component interaction heuristics in his ap- 
proach. In choosing a model fragment from every as- 
sumption class, Nayak chooses the most complicated 
one, and later simplifies the resulting model. On the 
other hand, we build the model by selecting the sim- 
plest CMF possible in every class, adjusting the choice 
only if necessary. Therefore, the complexity of Nayak’s 
algorithm is polynomial in the size of the most compli- 
cated model, while our is polynomial in the size of the 
simplest model. In complex systems, where the CMFs 
in an assumption class vary significantly in levels of de- 
tail, this will be a significant difference, and therefore 
our approach will be more practical. 

Falkenhainer and Forbus [Falkenhainer and Forbus, 
19911 select the physical scope of the model by identi- 
fying the lowest object down the partonomic hierarchy 
that subsumes all the objects mentioned in the query. 
They rely on heuristics to select properties to be mod- 
eled. This approach can lead to inclusion of model frag- 
ments that are not causally related to the query, and 
cannot guarantee the sufficiency of the model. They at- 
tempt to produce the simplest model by generating all 
possible consistent sets of modeling assumptions and 
choosing the simplest based on an informal criteria of 
simplicity. 

Rickel’s work on model formulation is similar to 
ours since it makes use of graphs of interactions paths 
among quantities to select relevant model fragments 
[Rickel and Porter, 19941. His graph of interactions 
are less general than our causal influence graph since 
it only includes quantities while we include all terms 
(including quantities, predicates, relations) that could 
directly or indirectly influence the goal terms. His ap- 
proach also does not provide guarantees of sufficiency 
or simplicity. 

The idea of graph of CMFs is similar to graph of 
models by Addanki et al. [Addanki et al., 19891 for 
selecting among complete models. Since their models 
are complete models instead of fragments, the space 
requirement of their approach would increase exponen- 
tially as the number of possible modeling assumptions 
increases. 
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