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Introduction.

Model -Generative Reasoning (MGR) is an automated
problem solving architecture designed for application in task
environments in which problems are novel and data arc
noisy, incomplete, or of uncertain relevance (Hartley et al.,
1987; Coombs and Hartley, 1987; Fields ct al., in press).
The current prototype MGR system employs a sequential
reasoning strategy, the MGR algorithm (Coombs and
HartIcy, 1987). This problem solver is capable of generating
models of events for which it has no stored schema by
decomposing stored schemata representing similar events,
and recombining the components into a new model. It can,
therefore, function successfully in task environments in
which a restricted class of novel events can arise, and in
which irrelevant as well as relevant information is included
in both the input and the knowledge base. The prototype has
been applied to process control (Coombs and Hartley, 1988)
and robot path planning (Eshner et al., in press) problems;
current application areas include meteorological data fusion
(Coombs et al., 1988) and DNA sequence analysis.

The problem solving strategy employed by the current
MGR prototype is useful in some domains; however, it does
not permit sufficiently plastic behavior in the face of some
forms of novelty or incomplete data. If plasticity in the face
of novelty is regarded as a measure of intelligence (Fields
and Dietrich, 1987a), the use of a fixed strategy must be
regarded as a deficit in a problem solver. One approach to
alleviating the limitations imposed by a fixed problem
solving strategy is to design a strategy that allows the
problem solver to emulate the behavior that would result
from applying a task-appropriate Method to each individual
task. This is the general approach taken by Newell’s group in
the design of their "Universal Weak Method" (Laird and
Newell, 1983; Laird et al., 1987). The approach that we have
taken has similar motivations; however, instead of designing
a "universal" symbolic weak method that allows emulation of
alternative strategics, we have designed a concurrent,
dynamic control structure that allows the arbitrary
superposition of stra-

tegies within a single execution cycle. This structure will
allow problem solvers based on the MGR architecture to, in
effect, arbitrarily integrate alternative strategies into new
methods customized to the particular problem at hand.

The MGR Architecture.

The MGR architecture is described in Fields et al. (in
press). Viewed abstractly, the architecture comprises two
subsystems, one of which constructs models from facts
provided as input together with stored knowledge, and the
other of which evaluates the resulting models with respect
to addifional facts. This organization reflects the view that
abductive problem solving is a process of equilibration
between the perhaps conflicting demands of observations
and expectations, and is motivated by general systems
theoretic (Ashby, 1952; Pask, 1975), developmental (Piaget,
1977), and simulated neural network (Grossberg, 1980;
1987) analyses of problem solving and learning.

MGR uses a knowledge representation based on the
conceptual graphs formalism of Sowa (1984). Conceptual
graphs in MGR include executable representations of both
qualitative spatio-temporal relations and continuous-valued
constraints. Concepts in MGR are arranged in a type
hierarchy, which implicitly defines specialization and
generalization relations. No form of inheritance is used in
MGR. Conceptual graphs are manipulated using four
operators, Specialize, Generalize, Merge, and Fragment,
which are implemented as modules using the maximal join
and maximal project operations on conceptual graphs.

MGR is logically a shared-data parallel machine, in
which each of the four graph- manipul ati on operators, as
well as the ancillary constraint execution and model
evaluation modules, is a single-instruction multiple-data
(SIMD) machine. The constraint execution and model
evaluation modules run whenever their input requirements
arc satisfied, and are independent of the graph manipulation
modules. The four graph manipulation operators are
dynamically coupled, and are controlled by varying their
rates of execution in response to changes in the model



population.

Concurrent Dynamic Control.

Let X(t) represent the state of the population of graphs
available to the system at time t, i.e. X(t) = <D(t), F(t),
M(t)>, where D(t), F(t), and M(t) represent the definition,
fact, and model populations, respectively. This state is
represented to the control structure as a state vector Ψ(X).
The components of Ψ(X) are functions that measure
properfies of the three populations of graphs.

Control can be either deterministic, in which case it is
defined over particular graphs, or stochastic, in which case it
is defined over populations of graphs that are taken to
behave as statistical ensembles. If control is defined
deterministically, the result of a particular execution cycle
will be predictable, up to the nondeterminism of the
individual operators. If control is stochastic, the result of a
particular execution cycle will not be predictable, but the
average results of an ensemble of cycles of execution on the
same graph populations will be predictable. Stochastic
control increases the plasticity of the system in the face of
novel or incompletely-specified problems (Fields and
Dietrich, 1987a; b); however, deterministic control is
preferable from a software engineering perspective if the
task environment is well-enough structured to choose
appropriate selection functions to specify the ways in which
graphs are selected for input into each operator.

The deterministic - stochastic decision determines the
state functions used as the components of the state vector. In
the case of deterministic control, the state functions are:

i. the complexity of a graph gi,σ(gi) = [# of arcs in gi]. This
function provides a meaningful measure of complexity, since
no two nodes in a graph constructed in CP can be connected
by more than one arc.

ii. the covering index for the pair of graphs gi and gj, Χ(gi,
gj), is defined to be the number of node labels shared by the
graphs gi and gj. *

in the case of stochastic control, the state functions are:

i. the entropy of the jth population of graphs ν(Xj) = -1n [# of
graphs in Xj], which measures the relative likelihood that
any particular graph in the population will be operated upon
in any cycle,

ii. the average complexity of the jth population of graphs
σ(Xj) = [# arcs in Xj ]/[# of graphs in Xj ].

iii. the average covering index χ(Xi, Xj) for the ith and jth

populations of graphs is the average of the covering

indices χ(gi, gj), where gi is in the ith population and gj is in
the jth population.

iv. the maximum covering index, χm (Xi, Xj) for the ith and jth

populations of graphs is the maximum of the covering
indices χ(gi, gj), where gi is a member of the ith population
and gj is a member of the jth population.

These functions are clearly linearly independent. The state
vector in the deterministic case is, therefore:

Ψ(gi, gj) = <σ(gi), σ(gj), χ(gi, gj)>,

for graphs gi and gj. In the stochastic case, the state vector
is:

Ψ(<Xi >) = <ν(Xi), σ(Xi), χ(Xi, Xj), χm(Xi, Xj)>.

The control function itself is defined in terms of cost and
response functions, which depend on the state functions.
Each operation is assumed to require a time that depends on
the complexity of the graphs being operated upon. This cost
is represented for operator i as a function ξi(σ(⊕ Xi)), where
⊕ Xi represents the direct sum (disjoint union) of the graph
populations on which the operator is defined, and σ(⊕ Xi)
represents the sum of the complexities, or in the stochastic
case, the average complexities of the graphs in these
populations.

The MGR operators are coupled in their global effects
on the populations of graphs. The coupling between
operators i and j is represented by a function ξij, which is
assumed to act on the state vector Ψ. This correlation
function represents the response of the correlated pair ij of
operators to the current state of the system; the control
function thus acts on correlated pairs of operators through
the response functions, and on single operators through the
cost functions.

Given these definitions, the change per unit time of the
firing rate R i of the ith operator is given by:

δR i (X)/δt = ξi (σ(⊕ Xi)) Σ{[[δi
α + δi

β]ξαβ (Ψ(X i))},

where δi
α is the Kronecker delta function, i.e. Σ δi

α φα = φi.
The firing rate R i of operator i is the time integral of this
expression. The rate vector of the system is the vector R(t) =
< R i (t)> of these operator firing rates. This vector describes
the behavior of the system through time, and is taken to
define the control structure of concurrent dynamic MGR.

The above expression can be simplified considerably if
the correlation functions ξαβ  are assumed to be linear. In this
case, ξαβ (Ψ) can be represented as the inner product ξαβ *
Ψ. The sum of the correlation functions involving the ith

operator, Σ[δi
α + δi

β]ξαβ, can then be represented



δR i (X)/δt = ξi (σ(⊕ Xi)) Σ ξi
γ Ψγ(Xi).

as a single correlation vector ξi. The expression for the inner
products of the correlation vectors with the state vec-

- tor reduces to Σ ξi
γ Ψγ(Xi), and the expression for the

change in firing rate of the ith operator becomes:

This expression is taken to define the control structure of
linear concurrent dynamic MGR.

The above expression is semilinear, and is indeed
isomorphic to the semilinear node functions that
characterize most parallel distributed processing (PDP)
systems (Rumelhart et al., 1986). The correlation vectors ξij

can, therefore, be regarded as the components of the weight
matrix of a PDP network. The approach to dynamic control
outlined above can thus be thought of, in the special case of
linear correlation functions, as equivalent to using a PDP
machine to calculate the rates of application for a set of
concurrent symbolic operators.

This fusion of symbolic and dynamic reasoning strategies
in a single system represents a novel approach to problem
solving architecture. We expect that hybrid systems such as
this one, in which strategies can be superposed in’ real time
while solving a problem, will be required for robust
automated problem solving in open task environments.
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