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Model and theory
To understand modern science we cannot talk merely
about theories. We must recognize the indispensable
role of models. By theories we mean basic theories
in physics, as described in scientific textbooks. Each
basic theory describes a separate aspect of physical re-
ality: movement under forces, gravity, electricity and
magnetism, heat phenomena, and the like. Interac-
tions described by basic theories are universal, that is,
they apply to every element of physical reality. Every
two elements of mass attract each other with the force
described by the theory of gravity. However small is
that force, however small or remote are the masses,
the theory assigns that force some value, even if it is
non-measurably small. Empirical verification of state-
ments about individual interactions between concrete
objects is difficult not only because the effects caused
by a particular interaction may be non-measurable, but
also because we cannot measure a selected interaction,
but rather a resultant of many interactions, some of
them we may not even know.

Physical systems are usually too complex to be ef-
fectively described by application of a single theory.
In most cases the observed behavior can be only ex-
plained when we consider many interactions by com-
bining different theories, applying them jointly to a
complex structure. Even if basic theories are universal,
they are difficult to discover from complex interactions.
Fortunately, scientists notice or create very simple sys-
tems, that lead to discovery of individual interactions.
The history of science demonstrates on numerous cases
that theories have been developed in result of empiri-
cal investigation of simple, one-sided systems, in which
the phenomena transcending a given theory were prac-
tically insignificant.

In the majority of physical situations, however, sev-
eral theories must be applied simultaneously. For those
situations the scientists construct models. We will de-
scribe model construction in the next sections. Here
we only briefly indicate that a model consists primar-
ily of (1) an idealized structure representing spatio-
temporal objects, interactions and processes, and (2)
a system of equations that represent quantitative rein-

tions in the system and phenomenon being modeled.
Each component of the idealized system has its coun-
terpart in one or few terms that occur as pieces of equa-
tions. The mapping between the idealized physical sys-
tem and the physical world tells which physical entities
(bodies, waves, fields) we decided to consider and how
we decided to represent them (material points, rigid
spheres, and the like), and what objects, interactions
and processes we believe are relevant to the modeled
phenomenon.

To further contrast theories with models, let us com-
pare the scopes of application and empirical verifica-
tion of basic theories and models. A good model of
O is empirically confirmed by direct measurements of
O, when it captures all the important interactions. A
basic theory can rarely be directly verified because it
describes only one type of interactions while neglect-
ing all other, no matter how significant they axe in
given situation. In different sense, however, each basic
theory applies universally, because for each object it
describes a particular interaction. We are unable to
demonstrate this universal claim by a direct empiri-
cal verification, but it is confirmed indirectly in each
model in which we use given theory to describe that
particular interaction.

Sciences based on models

The physicist is interested in elementary objects and
interactions, and to study them he looks for particu-
larly simple objects and phenomena. He strives to re-
duce all regularities to the basic theories. Researchers
in other domains are occupied with more complex ob-
jects. Analytical chemists work on chemical samples,
geologists investigate the structure of Earth, biologists
study organisms. They are interested in complex struc-
tures and we cannot expect that their models will be
simple.

Knowledge of concrete objects and their structure is
important for several reasons. It is worth noticing that
a symmetry applies: the reasons for which theories are
important are analogous to the reasons for which it
is important to know the structure. First, structure
is interesting in itself. Second, knowledge of structure
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yields important practical consequences. Third, analy-
sis of structure allows us detection of new phenomena,
creating a material for new theoretical developments.
Knowledge of structure accumulates in the same way as
theories, and similarly to theories it undergoes changes
and refinements. Consider many stages in our under-
standing of chemical solutions, or any other domain,
and how much time and effort it took to accumulate
that knowledge.

Chemists and biologists not only study complex
structures but also discover various laws, usually called
empirical equations. Can those laws be explained by
application of existing knowledge? Explanation re-
quires both theories and knowledge about structure,
and is conducted by model application. Models are
therefore an important tool for knowledge systemati-
zation in domains that study complex phenomena.

Automated discovery of basic laws
Many discovery systems, including BACON (Lang-
ley, 1981; Langley, Simon, Bradshaw, Zytkow, 1987),
IDS (Nordhausen & Langley, 1993), and FAHREN-
HEIT (Zytkow, 1987), produce algebraic equations
that fit numerical data. We will call them BACON-
like systems. Many algebraic equations discovered by
BACON-like systems are quantitative laws of different
sciences, each discovered by the empirical investigation
of a particular setup experiment (FAHRENHEIT), 
simulated experiment (BACON), or from data pro-
vided to the system (IDS).

Different equations are needed to describe the un-
bound variety of physical situations possible in the real
world. BACON-like systems would have to discover
each equation individually. Modern science provides a
far more effective discovery mechanism, which reaches
knowledge in the form of basic laws and then trans-
fers that knowledge to new situations in the process of
model construction. 7.ytkow (1990) presented a pro-
totype system that automates the process that leads
from empirical equations to basic laws. Let us briefly
summarize this process before we focus on model con-
struction.

Equations that form the foundation of scientific
models are constructed from pieces. Over the centuries
scientists came up with a relatively small number of
basic expressions, each describing an elementary pro-
cess or interaction. They can be combined in countless
ways to build models of new situations. The GALILEO
discovery system (Zytkow 1990) has been developed 
study the discovery of those elementary expressions.
It transforms equations generated by s BACON-like
system until they are compatible with the structure of
physical processes described by those equations. Dia-
grams needed by GALILEO to describe the processes
that occur in s concrete setup experiment are exam-
pies of models-diagrams introduced in the section on
model construction. As a result of successful trans-
formations, the equations are decomposed into expres-

sions that describe elementary states and processes,
such as kinetic or potential energy of a body or energy
engaged in a phase change. Since expressions produced
by GALILEO apply in the contexts far beyond the in-
put empirical equation, the system makes a consider-
able generalization of scientific knowledge.

The same equation can be decomposed in many
ways, leading to different elementary expressions. For
instance, Black’s law leads to the term c x m x t, that
represents thermal state of a homogenous sample at
temperature t, mass m, and specific heat c. When used
to describe chemical reactions, however, this form led
the 18th Century scientists to the first estimates of ab-
solute zero at -3000C and to many results disconfirmed
in various empirical systems. Eventually, it turned out
that the expression c × rn x At has broader empiri-
cal meaning. Other terms for various forms of energy
change have been discovered, too. Now scientists use
the conservation of energy law shell and instantiate it
with expressions that capture different forms of energy
change that occur in a given system.

Automation of modeling: a challenge
for machine discovery

The essential part of modeling lies in the use of knowl-
edge. Model formation is a necessary component of
machine discovery applied to theory-rich situations.
For instance, in the advanced sciences, which reached
general and empirically confirmed theories, the major-
ity of important new phenomena which lead to further
scientific revolutions are noticed through differences
between predictions of models and the observed phe-
nomena. Those differences can be small, such as the
part of precession of Mercury’s perihelion, unexplained
by the models based on classical mechanics. Although
our discovery systems can use some knowledge about
the world to guide further discoveries, BACON-like dis-
coverers are theory-poor. Other discovery systems are
also very limited in their use of knowledge. The au-
tomation of modeling would develop our understand-
ing of knowledge based scientific reasoning.

Automation of modeling will have a many-fold im-
pact on machine discovery and AI. Modeling plays a
major role in different areas of AI, but the principles
are unclear and applications are not substantial. Sci-
entific modeling can help to uncover the principles.
They are far more visible in sciences, where modeling
is well established and broadly used. Since modeling
involves large scale integration of many methods, the
automation of modeling will be a very demanding test
for machine discovery. Each of the existing discovery
systems is much smaller than the future automated
modeler. Each system uses many parameters, such as
acceptance threshold and depth of search. The values
of those parameters can be set differently for different
applications. Integration requires a general mechanism
which will automatically set up the parameters for each
search. This is a very demanding requirement. Inte-
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gration requires also the design of a unified knowledge
representation scheme which puts together and jointly
utilizes many forms of knowledge.

Towards automated model construction
Even though scientists spend plenty of time on model
construction and they build their models in similar
ways, it is difficult to find a systematic account of
this process. It is also virtually impossible to find
in the literature, scientific and philosophical alike, the
criteria that must be satisfied by a successful model.
Since modeJ construction is a complex process, we dis-
tingnish several basic layers in modeling and specific
evaluation criteria applied at each layer, illustrated in
Figures 1 and 2.

The construction of each model is oriented on a con-
crete goal, such as the explanation of an interesting
phenomenon. A successful model depicts enough of
the modeled physical structure to explain the phe-
nomenon, but is simple enough to ensure mathemat-
ical solvability, so that empirical conclusions can be
reached. Given an object or phenomenon O, we dis-
tinguish the following steps in modeling:

a. make a listing of objects, properties and processes
present in O; decide which empirical parameters P
we want and/or we can measure in O;

b. create a model-diagram that captures interaction
and structure of objects, properties, and processes
recognized in O;

c. construct a model-formalism that consists of equa-
tions corresponding to the model-diagram;

d. simplify the equations until solvable;

e. solve the equations for parameters P;

f. verify the solution against empirical data for P mea-
sured in O.

The process of model construction takes a modeler on
many round trips to each of the destinations a-f, ex-
panding modeler’s knowledge of hidden structure of the
phenomenon O, until a model is found that satisfies the
verification criteria at all levels.

It is neither necessary nor useful to continue the con-
struction all the way before it is evaluated in step (f).
Most of the evaluation occurs at earlier levels. Scien-
tists follow the same principle that guides search in AI:
"evaluate partial solutions as early as possible".

Modeling takes into account the existing theories,
knowledge of structure, results of previous experiments
and observations, earlier models, measurement accu-
racy, and so forth. They are utilized at different levels.

Identifying the real system

Suppose that we start model construction for O from
scratch. In step (a) we select all objects, properties
and processes which are relevant to the modeled phe-
nomenon O. We also specify what parameters we are

going to use to make detailed measurements of O. The
objects observed in O become the initial components
of the model. New elements are added according to
our knowledge. For instance, we observe that the star
surface radiates energy. We know that stable radiation
must be accompanied by energy transfer to the surface.
The known mechanisms for energy transfer include in-
ternal radiation and convection. We assume that they
occur, but to verify them we look for their observed
symptoms in O.

Model-diagram
Model-diagram (M-d) is a simplified image (physical
or mental) of O. It can be expressed by material mod-
els, graphs, diagrams, such as Feynman diagrams and
numerous textbook schemes and drawings of physical
systems and processes. Creating such an image we ide-
alize the physical structure of 0. We abstract from all
details which we reckon non-important, even if only
temporarily, representing the components in the sim-
plified form of material points, ideal rigid spheres, and
so forth.

From basic laws to model-formaliAm
Typically, the observed behavior of a physical system
can be explained when we consider many interactions.
Each elementary interaction or process distinguished
in M-d corresponds to a specific mathematical expres-
sion. Those expressions are put together into equa-
tion schemes such as conservation of mass, momentum
or energy, leading to the model-formalism (M-f), that
is, a system of equations. The process is guided by
the model-diagram to include those objects, proper-
ties, and processes that reflect our growing knowledge,
both observational and theoretical, about 0.

Equation refinement and quantitative
predictions
M-f must be simplified if the equations are not solv-
able, usually by recognizing negligible influence of cer-
tain components. Solved equations lead to quantitative
predictions. In step f, the predicted and the measured
values are compared for the selected parameters P.

If the equations are empirically disconfirmed, we in-
vestigate the difference between facts and predictions
and propose changes in O and M-d, that match the dif-
ferences between empirical and theoretical equations.
A mapping between M-d, M-f and the elements of ma-
terial reality recognized in O guides empirical testing
and corrections of the model.

Modeling occurs in cycles and on many levels. Con-
structs on all levels must be cross-validated. Only
those that fit together and lead to empirically verified
conclusions are justified.

Model verification
Modeling can be effective only if verification accompa-
nies each cycle in model construction, providing feed-
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Verification Construction

Real World [

Demonstrate that > ,J’//[<
other objects do not
bear the observable

[ Real System [influences

Use empirically > ~¢’J[<
justified constructs

Model-diagram
Use basic laws that ,~
correspond to >"~/~<
components in the
model-diagram [Model-formalism ]

Useapproximations > "/[<
that are empirically
justified [ General Solution [

Verify the solution >
r/,[<

against the empirical -÷
data [ Concrete Predictions[

Select relevant
objects, properties,
and processes

Create a model-diagram

Build the system of
equations

Simplify the equations
until solvable

Draw verifiable
conclusions, analytically
or by a simulation

Figure I. The steps in building a model.

build physical

build mathematical solve equations
model-formalism

Figure 2. Modeling cycle.
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back long before the final solution is reached. Several
verification criteria are described in the left column in
Figure 1. Prior to empirical confirmation, the consis-
tency of the model should be checked, because equa-
tions can be internally inconsistent or inconsistent with
the previous knowledge. A solution may be physically
absurd when, for instance, the density of ion concen-
tration or radiation grows indefinitely. Each compo-
nent used in the equation has a limited physical range
of application. For instance, a particular mechanism
of energy transfer applies within certain temperature
limits. After the equations have been solved we should
test whether the solution satisfies application criteria
of each component.

Although the adequacy of the numerical solutions
against the measurements plays a major role in model
verification, individual components of the model can
and should be verified much earlier.

Verification is not complete without demonstration
that objects not included in the model do not bear ob-
servable influence. How can it be done? One of the
ways is to construct a more complex model which in-
cludes additional objects and their interactions repre-
sented in M-f by additional expressions. Showing that
those additions lead to the observationally indistin-
guishable results demonstrates their irrelevance. This
is seldom possible though, because the original model
has usually reached the limit of equations solvability.
Various approximation processes are used to show that
the contributions of additional expressions are negligi-
ble.

Very often such a proof cannot be carried out while
the researchers are still satisfied that they obtained
a viable model, because it fits very well the observed
data. Although empirical verification may suffice for a
single model, it would not reveal systematic problem
with many models. If an interaction occurs in the real
system, while it is not used in the model, something
must be wrong with the theory.

The use of existing discovery systems
A substantial number of systems that have been al-
ready implemented can support model construction.
None applies directly, but many can be used to con-
tribute pieces of the solution. BACON capabilities
are important, refined by systems such as IDS and
FAHRENHEIT, because equations may be sought for
different data many times in the process of model im-
provement. GALILEO can be used to analyze each
equation, making transformations guided by a model-
diagram. New objects or elementary subprocesses can
be postulated for specific expressions that occur in the
equations but are unmatched in the diagram.

The ability to represent the empirical context of a
law is important (IDS: Langley and Nordhansen, 1993;
GALILEO: Zytkow 1990; Sleeman, Stacey, Edwards,
and Gray, 1989). Langley and Nordhausen’s IDS in-
duces a network of process descriptions. GALILEO

uses models-diagrams. KEKADA (Kulkarni and Si-
mon, 1987) and FAHRENHEIT (Zytkow, 1987), 
prove over BACON’s ability to design experiments.
KEKADA’s solutions can be adapted to create new
real systems, which demonstrate the investigated phe-
nomenon O in a stronger way.

Existing systems that discover hidden components
and their properties can be very helpful. They ap-
ply to historical data discover atomic models (DAL-
TON: Langley, Simon, Bradshaw & Zytkow, 1987),
componential models of chemical substances (STAHL:
Langley et al. 1987; STAHLp: Rose & Lang-
ley, 1986; REVOLVER: Rose, 1989), hidden steps
in chemical reactions (Valdes-Perez, 1994); hidden
properties of elementary particles (BR-3: Kocabas,
1991, PAULI: Valdes-Perez, 1994a) and quark mod-
els (GELL-MANN: Fischer & Zytkow, 1992). Com-
mon foundation for many models has been studied by
Valdes-Perez, Zytkow, & Simon (1993), and Sleeman,
Stacey, Edwards & Grey (1989).

Finally several AI systems can be used to solve sys-
tems of equations (Neves, 1978, Silver, 1986). From
qualitative physics we can borrow representation of
qualitative structure and functions of natural systems.

Conclusion
We argued that models combine knowledge of basic
laws and knowledge of structure. Models and theo-
ries are being developed in response to opposite tasks.
Theory is a product of analysis and describes simple
elements of nature and their interaction viewed from a
particular singular perspective of gravity, electromag-
netism, and the like. Model is a product of synthe-
sis and describes a complex structure and complex in-
teractions. Model construction, not theory construc-
tion, is the basic theoretical tool in the domains such
as chemistry, which study complex systems and phe-
nomena. Models are generated when needed from the
pieces that include basic theories, knowledge of struc-
ture, basic measurement methods and standards.

Although modeling may look as knowledge appli-
cation, it may result in generation of new knowl-
edge. Modeling may lead to hypotheses about struc-
ture which are confirmed by a successful model. They
are critical in understanding hidden structure of ob-
jects and processes. Modeling may allow us noticing
new phenomena. Models expand the scope of the ex-
isting methods of measurement. Just as theories can
be used to build new operational definitions, so can
models, leading to finer measurements and new instru-
ments.

We analyzed the process of model creation, pointing
out that it oscillates between solvability of equations
and adequacy of description. An acceptable model is
simple enough so that the equations of the model can
be solved and complex enough to provide an adequate
description of the investigated phenomenon. We dis-
cussed the elements of the future discovery system for
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model construction and the role that can be played by
the existing discovery system.
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