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Figure 9. Spatial representation for topological shape description

To determine what countries are north of Germany using this representa-
tion involves considering all axioms plus recursive calls to the general rule.
Thus, although the information embodied in the spatial representation is
derivable from propositional knowledge, the indexing of this information
using an array data structure can make spatial reasoning more efficient.
Another advantage of symbolic arrays, with respect to propositional rep-
resentations, concerns temporal reasoning. Any cognitive system, natural
or artificial, should be able to deal with a dynamic environment in which a
change in a single item of knowledge might have widespread effects. The
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problem of updating a system’s representation of the state of the world to
reflect the effects of actions is known as the frame problem (Raphael,
1971). Representing an image as a symbolic array has advantages when con-
sidering this problem. Consider, for example, changing the position of a
country in our map of Europe. In a propositional representation we would
have to consider all of the effects that this would have on the current state.
Using the symbolic array to store the map, we need only delete the country
from its previous position and insert it in the new one. Because spatial rela-
tionships are interpreted, not logically inferred, from image representa-
tions, we eliminate some of the problems associated with nonmonotonicity
in domains involving spatial and/or temporal reasoning. There still re-
mains, however, the problem of dealing with truth maintenance if we desire
to preserve relations as changes are made.

The representation scheme provides the ability to extract propositional
information from symbolic arrays and to create or manipulate symbolic
arrays with respect to propositional information. It should be noted, though,
that the spatial representation does not provide the full expressive power of
first-order logic: We cannot express quantification or disjunction. For ex-
ample, it is not possible to represent an image of Europe that denotes the
fact that Britain is either north of or south of Portugal. But mental images
cannot express such information either. The representation scheme can be
integrated with a logic representation through Nlog, a logic programming
environment based on the theory of nested arrays (Glasgow et al., 1991). In
this environment, the spatial information extracted through imagery pro-
cesses can be used as propositions in logical deductions.

Primitive Functions for Computational Imagery

Approaches to knowledge representation are distinguished by the opera-
tions performed on the representations. Thus, the effectiveness of our
scheme can be partially measured by how well it facilitates the implementa-
tion of imagery-related processes. In this section we review some of the
primitive imagery functions that have been defined for the scheme. We also
discuss how these functions provide the building blocks for more complex
processes.

In his computational model for imagery, Kosslyn (1980) considered three
basic categories of image processes: procedures for image generation
(mapping deep representations into visual representations), procedures for
evaluating a visual image, and procedures for transforming an image. Al-
though we attempt to capture much of the functionality of the procedures
described by Kosslyn, and in fact can categorize our operations similarly,
the nature of our representations imply great difference in the implementa-
tions. For example, we define operations for both visual and spatial reason-
ing of three-dimensional images. Also, because our images can be organized
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hierarchically, we have defined functions that allow us to depict parts of an
image at varying levels of abstraction using embedded arrays. When consid-
ering spatial functions, we were also influenced by the work of Kritchevsky
(1988), who defined (but did not implement), a classification scheme for ele-
mentary spatial functions that include operations for spatial perception,
spatial memory, spatial attention, spatial mental operations, and spatial
construction. As well as attempting to capture much of the functionality
derived from cognitive studies of behavior, we have been influenced by our
desire to incorporate our tools in reasoning systems for knowledge-based
system development. Thus, we have been concerned with issues such as effi-
ciency and reusability of our primitive functions.

The implementation of the imagery functions assumes global variables
corresponding to the current states of long-term and working memory. The
primitive functions modify these states by retrieving images from memory,
transforming the contents of working memory or storing new (or modified)
images in long-term memory.

We consider the primitive functions for imagery in three classes corre-
sponding to the three representations: deep, visual, and spatial. Functions
for deep and visual memory have been considered previously in research
areas such as semantic memory, vision, computational geometry, and
graphics. Thus, we provide a brief overview of these classes and concentrate
on the more novel aspect of our research, the functions for spatial reason-
ing. We also discuss the processes involved in transforming one representa-
tion into another, a powerful feature of our knowledge representation
scheme. Note that the proposed functions have been specified using array
theory and implemented in the programming language Nial.

Long-Term Memory Functions. The frame concept was initially proposed
as a model for analogy-driven reasoning (Minsky, 1975). In the context of
imagery, this type of reasoning involves the understanding of an image in a
new context based on previously stored images. The functions for the deep
representation of imagery are exactly those of the Nial Frame Language
(Hache, 1986). In this language, imagery frames contain information describ-
ing images or classes of images, where knowledge is organized into slots that
represent the attributes of an image.

Like most frame languages, the Nial frame language uses a semantic net-
work approach to create configurations of frame taxonomies. The hierarch-
ical network approach supports AKO links for implementing an inheritance
mechanism within the frame structure. Frames in the language are imple-
mented and manipulated as nested association lists of slots and values.
Creating a generic or instance frame for an image requires assigning values
to its slots, which is achieved using the function fdefine. Information is
modified, added to, or deleted from an existing frame using the fchange,
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JSput, and fdelete operators. Knowledge is retrieved (directly or through in-
heritance) from frames using the fger function. These and many other
frame functions are implemented as part of the Nial AI Toolkit (Jenkins et
al., 1988).

The decomposition of images into their components is an important con-
cept of computational imagery. This is achieved through a PARTS slot that
contains the meaningful parts of an image and their relative location. Be-
cause the spatial representation of an image is stored relative to a particular
axis, an instance frame may also contain an ORIENTATION slot. As described
later, the PARTS and ORIENTATION slots allow for reconstruction of the
spatial representation of an image.

Functions for Visual Reasoning. Functions for visual reasoning have
been studied extensively in areas such as machine vision and graphics. Similar
to previous work, we consider visual images as surface or occupancy repre-
sentations that can be constructed, transformed, and analyzed.

The occupancy array representation for the visual component of imagery
can be constructed in a number of ways, depending on the domain of appli-
cation. For example, the visual representation can be stored as generalized
shape descriptions and regenerated at varying levels of resolution. They
may also be reconstructed from geometric information stored in the deep
representation.

Imagery functions for manipulating occupancy arrays include rotate,
translate, and zoom, which change the orientation, location, or size of a
visual image. Functions for retrieving volume and shape are also being imple-
mented. Whereas many of these functions are generic, domain-specific func-
tions can also be implemented for a particular application. For example,
when considering molecular scenes we are concerned with a class of shape
descriptors that correspond to the shape of molecular fragments at varying
levels of abstraction (e.g., residues, secondary structure, molecule, etc.)

Functions for Spatial Reasoning. Whereas functions for visual and
memory-based reasoning have been studied previously, the primitive func-
tions for spatial imagery are more unique to our representation. The impor-
tance of spatial reasoning is supported by research in a number of areas,
including computer vision, task planning, navigation for mobile robots,
spatial databases, symbolic reasoning, and so on (Chen, 1990). Within the
imagery context we consider spatial reasoning in terms of a knowledge rep-
resentation framework that is general enough to apply to various problem
domains. We also consider the relationship of spatial image representations
to visual and deep representations.

As mentioned earlier, the functions for computational imagery are im-
plemented assuming a global environment consisting of a frame knowledge
base and the current working-memory representation. Generally, the
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TABLE 1

Primitive Functions for Spatial Reasoning
Name Mapping Description
retrieve DM XN—-WM Reconstruct spatial image
put WMXNXNXL-WM Place one image component relative to another
find WMXN-L Find location of component
delete WM XN—-WM Delete image component
move WMXNXL—-WM Move image component to new location
turn WM X Direction— WM Rotate image 90°%n specified direction
focus WM X N—-WM Replace specified subimage with its spatial

representation

unfocus WM —WM Return to original image
store WMXDM XN—DM Stores current image in long-term memory
adjacent WMXN—N* Determine adjacent image components

working-memory representation consists of a single symbolic array (for
spatial reasoning) or an occupancy array (for visual reasoning). One excep-
tion to this case is when we are using the spatial array to browse an image by
focusing and unfocusing attention on particular subimages. In this case we
need to represent working memory as a stack, where we push images onto
the stack as we focus and pop images from the stack as we unfocus. Table 1
presents a summary of some of the functions for spatial imagery. We specify
these functions as mappings with parameters corresponding to deep memory
(DM), working memory (WM), image name (N) and relative or absolute
location (L).

In order to reason with images, it is necessary to provide functions that
allow us to interpret the spatial representations in terms of propositions
within a given domain. For example, consider the three-term series prob-
lem: John is taller than Mary, Sam is shorter than Mary, who is tallest? It
has been suggested that people represent and solve such a problem using an
array where the spatial relationships correspond to the relative heights (Hut-
tenlocker, 1968):

John { Mary | Sam

As discussed earlier, describing and solving such a problem using a proposi-
tional approach involves an exhaustive search of all the axioms describing
the relation. The symbolic array representation allows direct access to such
information using a domain-specific array theory function fallesi, which
returns the first element of the array:

tallest is operation A {first A}.
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If our array is representing a map domain, we could similarly define
domain-specific domain-specific functions for north-of, east-of, bordering-
on, and so forth.

Cognitive theories for pattern recognition support the need for attention
in imagery, where attention is defined as the ability to concentrate tasks on
a component (or components) of an image. The concept of attention is
achieved using the spatial representation by defining a global variable that
corresponds to a region of attention (and possibly an orientation) in a
spatial representation of an image and implementing functions that impli-
citly refer to this region. For example, we have defined functions that ini-
tialize a region of attention (atfend), shift attention to a new region (shift),
retrieve the components in the region of attention (at-attend), focus on
region of attention to retrieve detail ( focus-attend), and so on. These func-
tions are particularly useful for applications where we wish to describe and
reason about a scene from an internal, rather than external, perspective.
Consider, for example, a motion-planning application where the spatial
representation reflects the orientation and current location of the moving
body.

Complex Functions for Imagery. Using the primitive functions for com-
putational imagery we can design processes corresponding to more complex
imagery tasks. For example, a function for visual pattern matching can be
defined using the rotation and translation functions to align two visual rep-
resentations of images, and a primitive compare function to measure the
similarity between these occupancy arrays.

To retrieve properties of an image, it may be necessary to focus on details
of subimages. For example, we may wish to determine all the regions of
countries on the border of an arbitrary country X. This can easily be deter-
mined by applying the focus function to the countries adjacent to country X
and then determining the content of these subimages. This can be expressed
as the array theory function definition border, where the body of the defini-
tion is enclosed by the curly brackets:

border is operation X {content (EACH focus) adjacent X}.

A key feature of our approach to knowledge representation for imagery
is the underlying array theory semantics, which allows us to consider all rep-
resentations as array data structures and implement functions that
transform one representation of an image to another. Figure 10 illustrates
the transformations supported by the scheme. Although the implementa-
tion of functions used for storage, retrieval, and interpretation may be com-
plex and domain specific, the primitive functions for imagery provide a
basis for their implementation. For further details of the use of imagery for
image interpretation in the domain of molecular scene analysis see Glasgow,
Fortier, and Allen (1991).
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Figure 10. Stages of image representation

CONTRIBUTIONS OF COMPUTATIONAL IMAGERY

In the introduction we proposed three goals for our research in computa-
tional imagery: the cognitive science goal, the Al goal, and the applications
goal. Combined, these goals attempt to address the fundamental question:
What are the underlying processes involved in mental imagery, and how can
corresponding computational processes be efficiently implemented and
used to solve real-world problems? We do not believe that the three goals
can be approached independently. The representations and functionality of
computational imagery are motivated by empirical results from cognitive
science, as well as the pragmatic needs of applications in Al. Also, the tools
that have been developed for computational imagery can be used to imple-
ment and test cognitive theories and thus increase our understanding of
mental imagery. In this section we discuss the major contributions of com-
putational imagery to each of the prescribed goals.

Cognitive Science Goal

A primary objective of research in cognitive science is to study and explain
how the mind works. One aspect of work in this area is the theory of com-
putability. If a model is computable, then it is usually comprehensible, com-
plete, and available for analysis; theories that are implemented can be
checked for sufficiency and used to simulate new predictive results. In a
discussion of the issues of computability of cognitive theories for imagery,
Kosslyn (1980) expressed frustration with existing implementation tools:

There is a major problem with this approach however; the program will not run
without numerous ‘‘kluges,’’ numerous ad hoc manipulations required by the
realities of working with a digital computer and a programming language like
ALGOL or LISP. (p. 137)

Kosslyn went on to state that:
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The ideal would be a precise, explicit language in which to specify the theory
and how it maps into the program. (p. 138)

Array theory, combined with the primitive functions and representations
for computational imagery, provides such a meta-language. Moreover, it
allows us to represent an image either visually or spatially, and provides for
the implementation and testing of alternative, and possibly conflicting,
models for mental imagery.

Consider the problem of mental rotation. Although empirical observa-
tions conclude that rotation involves an object representation being moved
through intermediate orientations (Shepard & Cooper, 1982), a still unre-
solved issue is the actual content of the representation used. One obvious
representation is a visual depiction of the object that preserves detailed
three-dimensional shape information. An alternative approach is one in
which the object is represented as vectors corresponding to the major axes
of the object (Just & Carpenter, 1985). This type of representation can be
considered as spatial in nature: It preserves connectivity of parts but
discards surface information about the image. Furthermore, whereas some
researchers argue that images encode size (e.g., Kosslyn, 1980), others claim
that mental images preserve information about relative positions but not
size (e.g., Kubovy & Podgorny, 1981). This conflict, as possibly others,
could be attributed to the different representations used by subjects in the
different experimental tasks. Using the primitives of computational imagery
and array theory, such theories could be simulated and analyzed. Although
we are not interested in entering into the imagery debate, we suggest that
such simulations could contribute to discussions in this area. As another ex-
ample, consider that Pylyshyn’s (1981) main criticism of depictive theories
of imagery is that they confuse physical distance in the world with the repre-
sentation of distance in the head. The visual representation for computa-
tional imagery does, in fact, attach a real distance to the representation, in
terms of the number of cells in the array depicting the image. The spatial
representation, on the other hand, does not preserve distance information.
Thus, the distinct representations could be used to model conflicting
theories of image scanning.

The use of abstract representations for storing and manipulating three-
dimensional images has been supported by research in cognition. Attneave
(1974) suggested that humans represent three-dimensional objects using an
internal model that at some abstract level is structurally isomorphic to the
object. This isomorphism provides a ‘‘what-where’’ connection between
the visual perception of an object and its location in space. A similar con-
nection exists between the visual and spatial representations for imagery.

The human brain is often compared to an information-processing system
where computations can either be serial or parallel. Ullman (1984) suggested
that there may be several forms of parallelism involved in mental imagery.
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One form is spatial parallelism, which corresponds to the same operations
being applied concurrently to different spatial locations in an image. Func-
tional parallelism occurs when different operations are applied simulta-
neously to the same location. Funt (1983) also argued that many spatial
problems are amenable to parallel processing. In developing a parallel com-
putational model for the rotation problem, Funt was able to simulate the
linear-time behavior corresponding to the human solution of the problem.

As well as allowing for multiple representations for testing cognitive
theories, the array theory underlying computational imagery also provides
both sequential and parallel constructs for specifying the processes involved
in imagery. For example, the EACH transformer of array theory is a primi-
tive second-order function that applies an operation to all of the arguments
of an array, that is, EACH f[A,,...,An] = [{4)),..., f(An)]. Thus, we
could specify a spatial parallel operation such as EACH focus, which would
simultaneously reconstruct all of the subimages in a given image. Func-
tional parallelism can be captured using the atlas notation of array theory.
An atlas is a list of functions that may be applied in parallel to an array. For
example, the expression [fi, f2,. .. fa] A specifies simultaneous application
to the functions fi, . . ., f» to array A. Using the atlas construct and the func-
tions of computational imagery we can specify such spatial parallelism as
[turn, move], which expresses the simultaneous updating of working and
deep memory to reflect the translation and rotation of an image.

A full study of the relationship between parallel processing in mental
imagery and computational parallelism is a topic for future research. It has
previously been demonstrated that the constructs of array theory are power-
ful enough to exnress a wide gambit of concurrent processing (Glasgow et
al., 1989). It may then be possible to analyze the limitations of parallel pro-
cessing in cognitive tasks by analyzing the limitations when specifying these
in array theory; if we cannot express a parallel algorithm for a task, then
perhaps it is inherently sequential, cognitively as well as computationally.

A detailed discussion of the relationship between mind and computer
was presented by Jackendoff (1989), who addressed the issue of studying
the mind in terms of computation. More specifically, Jackendoff suggested
that to do so involves a strategy that divides cognitive science into studies of
structure and processing. Our functional approach to computational imagery
is complimentary to this philosophy; image representations are array data
structures, which can be considered distinctly from the array functions that
operate on them. Jackendoff also supported the possibility of different
levels of visual representation with varying expressive powers.

In summary, the underlying mathematics for computational imagery
satisfies Kosslyn’s ideal by providing a precise and explicit language for
specifying theories of mental imagery. Visual and spatial representations
are implemented as arrays and manipulated using the primitive functions of
computational imagery, which themselves are expressed as array theory



384 GLASGOW AND PAPADIAS

operations. Finally, the primitives of array theory and computational
imagery have been directly mapped into Nial programs, which run without
any ‘“‘kluges’’ or ‘‘ad hoc manipulations.’’ Note that the theory can also
provide the basis for other implementations of computational imagery, as
illustrated by the Lisp implementation of Thagard and Tanner (1991).

Al Gosl

Al research is concerned with the discovery of computational tools for solv-
ing hard problems that rely on the extensive use of knowledge. Whereas
traditional approaches to knowledge representation have been effective for
linguistic reasoning, they do not always embody the salient visual and
spatial features of an image. Also, they do not allow for an efficient imple-
mentation of the operations performed on this information, such as com-
paring shapes and accessing relevant spatial properties.

‘Whereas representations and operations for visual reasoning have previ-
ously been studied in imagery, as well as other areas such as computer vision
and graphics, there has been little attention given to knowledge representa-
tions for spatial reasoning. We suggest that the proposed scheme for repre-
senting and manipulating spatial images has several advantages over visual
or propositional representations. First, the spatial structure imposed by
symbolic arrays supports efficient, nondeductive inferencing. Furthermore,
the symbolic array representation for images can deal more easily with
dynamic environments.

The symbolic array representation for computational imagery has also
provided the basis for analogical reasoning in spatial problems (Conklin &
Glasgow, 1992; Glasgow, 1991). A thesis of this work is that the structural
aspects of images, in particular the spatial relations among their parts, can
be used to guide analogical access for spatial reasoning. Preliminary results
in the conceptual clustering of chess game motifs has illustrated that com-
putational imagery can be applied to the area of image classification. Cur-
rently, we are extending this work to include classification of molecular
structures based on spatial analogies (Conklin, Fortier, Glasgow, & Allen,
1992).

Applications Goal

Since the time of Aristotle, imagery has been considered by many as a major
medium of thought. Einstein stated that his abilities did not lie in mathema-
tical calculations but in his visualization abilities (Holton, 1971). Similarly,
the German chemist Kekulé stated that it was spontaneous imagery that led
him to the discovery of the structure of benzene (MacKenzie, 1965). Mental
simulations provide insights that contribute to effective problem-solving
techniques. Thus, it is only natural to use the representations and functions
of computational imagery to develop knowledge-based systems that incor-
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porate the imagery problem-solving paradigm. One such system is an appli-
cation to the problem of molecular scene analysis (Glasgow et al., 1991),
which combines tools from the areas of protein crystallography and molec-
ular database analysis, through a framework of computational imagery.

In determining structures, crystallographers relate the use of visualiza-
tion or imagery in their interpretation of electron density maps of a molecu-
lar scene. These maps contain features that are analyzed in terms of the
expected chemical constitution of the crystal. Thus, it is natural for crystal-
lographers to use their own mental recall of known molecular structures, or
of fragments thereof, to compare with, interpret, and evaluate the electron
density features. Because molecular scenes can be represented as three-dimen-
sional visual or spatial images, this mental pattern recognition process can
be implemented using the primitive functions of computational imagery.

In molecular scene analysis, we attempt to locate and identify the recog-
nizable molecular fragments within a scene. As in Marr’s (1982, p. 3) defini-
tion of computational vision, it is the ‘‘process of discovering what is present
in the world, and where it is.”” The integrated methodology for molecular
scene analysis is being implemented as a knowledge-based system, through
the development of five independent, communicating processes: (1) re-
trieval and reconstruction of visual representation of anticipated motifs
from the long-term memory (deep representation) of molecular images;
(2) enhancement and segmentation of the visual representation of the three-
dimensional electron density map molecular scene; (3) visual pattern match-
ing of the segmented image features with the retrieved visual motifs; (4)
analysis and evaluation of the hypothesized, partially interpreted spatial
representation of the perceived image; and (5) resolution and reconstruction
of the molecular image. These processes are applied iteratively, resulting in
progressively higher resolution images, until ultimately, a fully interpreted
molecular scene is reconstructed.

The organization of the comprehensive information of crystal and molec-
ular structures into a deep representation is crucial to the overall strategy for
molecular scene analysis. This representation stores concepts and instances
of molecular scene in terms of their structural and conceptual hierarchies. A
serious problem in this domain, and in general, is to find appropriate visual
and spatial depictions. This involves determining what features (visual or
spatial) we wish to preserve in each of the representations. Initial algorithms
have been developed to construct visual representations that depict the sur-
face structure of an image and spatial representations that preserve bonding
and symmetry information. Whether these are the most appropriate struc-
tures for all our reasoning in the domain is still an open question.

A full implementation of the knowledge-based system for molecular
scene analysis is an ambitious and on-going research project. To date, we
have been encouraged by preliminary results in the development of a long-
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term memory model (deep representation) for molecular scenes and the im-
plementation of some of the essential tasks of molecular imagery. These
tasks include transforming geometric information into spatial and visual
representations, evaluation of partially interpreted images, classification
and retrieval of images, and visual and spatial comparison of molecular
scenes.

Although molecular scene analysis shares many features with visual
scene analysis, it also differs in many ways. Both tasks involve segmentation
of perceived images, retrieval and reconstruction of image templates, and
pattern matching for object classification. The problem of molecular
scene analysis is more tractable, however. Molecular images are perceived in
three dimensions, thus eliminating the bottleneck of early vision routines.
As well, the molecular domain is highly constrained: Molecular interactions
and symmetry constraints impose hard restrictions on the image representa-
tions. Finally, there exists a wealth of knowledge about molecular scenes
and molecular interactions in existing crystallographic databases. Using
machine-learning techniques, we hope, ultimately, to generalize, correlate,
and classify this information.

Although molecular scene analysis is only one of many potential applica-
tions for computational imagery, we feel that it is important to apply our
reasoning paradigm to a complex problem that involves extensive imagery
abilities when carried out by humans. Because of the experience embodied
in existing crystallographic databases and algorithms, the availability of ex-
perts in the field and the natural constraints that exist in the domain, we
believe that the important and real problem of molecular image reconstruc-
tion is an ideal test case for the concepts and implementations of computa-
tional imagery. It also suggests that the multiple representations of the
scheme provide the framework for a complete computational model for the
complex reasoning tasks involved in scene analysis.

Other potential applications for imagery-based systems include haptic
perception and medical imaging. Literature in haptic perception provides
evidence for an interdependence between haptic perception and visual
imagery (Katz, 1989). Of special interest, are applications such as motion
planning and game playing, which combine spatial and temporal reasoning.
As suggested earlier, the spatial representation for computational imagery
facilitates nondeductive reasoning, thus precluding many of the nonmono-
tonicity problems involved in deductive approaches in these areas. Prelimi-
nary work in imagery and machine learning has demonstrated that the
spatial representation for imagery can be used to depict and reason about
structural motifs in a chess game (Conklin & Glasgow, 1992). As well, the
representations for computational imagery have been used to describe the
role of visual thinking in such complex domains as atomic theory develop-
ment (Thagard & Hardy, 1992).
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DISCUSSION

This article introduces the concept of computational imagery, which treats
imagery as a problem-solving paradigm in Al. By proposing a knowledge
representation scheme that attempts to capture the fundamental principles
of mental imagery, we provide a foundation for implementing systems rely-
ing on imagery-based reasoning.

Aside from related research in perception and early work in frame rep-
resentations, the AI community has given little attention to the topic of
imagery. Thus, we rely on relevant theories of cognition to provide initial
guidance for our research. We are also driven by the need to apply the scheme
to real-world applications. The representation scheme is not intended to be
a model of mental imagery; we do not claim that in human working
memory two ‘‘mind’s eyes’’ exist that process visual and spatial representa-
tions identical to the ones we have implemented. What we do suggest is that
the internal image representations are informationally equivalent to repre-
sentations involved in our scheme, that is, information in one representa-
tion is inferable from the other (Larkin & Simon, 1987).

The knowledge representation scheme for computational imagery includes
three image representations, each appropriate for a different kind of infor-
mation processing. A set of primitive functions, corresponding to the fun-
damental processes involved in mental imagery, has been designed using the
mathematics of array theory and implemented in the functional array lan-
guage Nial. These functions provide the building blocks for more complex
imagery-related processes.

The most relevant previous contribution to imagery is the work of Kosslyn
(1980), who proposed a computational theory for mental imagery. In that
theory, images have two components: a surface representation (a quasi-
pictorial representation that occurs in a visual buffer), and a deep representa-
tion for information stored in long-term memory. Like Kosslyn, we consider
a separate long-term memory model for imagery, that encodes visual infor-
mation descriptively. Unlike Kosslyn, we consider the long-term memory to
be structured according to the decomposition and conceptual hierarchies of
an image domain. Thus, we use a semantic network model, implemented
using frames, to describe the properties of images. The long-term memory
model in Kosslyn’s theory is structured as sets of lists of propositions,
stored in files.

The surface representation in Kosslyn’s theory has been likened to spatial
displays on a cathode ray tube screen; an image is displayed by selectively
filling in cells of a two-dimenstional array. Our scheme for representing
images in working memory is richer in two important ways. First, we treat
images as inherently three dimensional, although two-dimensional images
can be handled as special cases. As pointed out by Pinker (1988), images
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must be represented and manipulated as patterns in three dimensions, which
can be accessed using either an object-centered or a world-centered coor-
dinate system. Second, we consider two working-memory representations,
corresponding to the visual and spatial components of mental imagery. Just
as the long-term memory stores images hierarchically, the visual and spatial
representations use nested arrays to depict varying levels of resolution or
abstraction of an image. Although the functionality of many of the primi-
tive operations for computational imagery were initially motivated by the
processes defined by Kosslyn’s theory, their implementation varies greatly
because of the nature of the image representations.

Possibly the most important distinction between our approach to com-
putational imagery and Kosslyn’s computational theory is the underlying
motivation behind the two pieces of work. Kosslyn’s model was initially
developed to simulate and test a particular theory for mental imagery.
Whereas computational imagery can be used to specify and implement
cognitive theories, its development was based on the desire to construct
computer programs to solve hard problems that require visual and spatial
reasoning. Thus, efficiency and expressive power, not predictive and ex-
planatory power, are our main concerns.

As a final illustration of the knowledge representation scheme, consider
the island map used by Kosslyn (1980) to investigate the processes involved
in mental image scanning. Figure 11 presents a visual depiction of such a
map, as well as a spatial representation that preserves the properties of
closeness (expressed as adjacency) and relative location of the important
features of the island. It does not attempt to preserve relative distance. Con-
sider answering such questions as: What is the shape of the island? Is the
beach or the tree closer to the hut? These properties can be retrieved using
the visual representation of the map. For example, we could analyze the sur-
face of the island and compare this with known descriptions in the deep rep-
resentation to retrieve shape information. Now consider the queries: What
is north of the tree? What is the three-dimensional structure of the hut?
Although it may be possible to derive this information from the visual rep-
resentation, it would be a costly process. Using the symbolic array represen-
tation, however, we can easily access and retrieve spatial information using
an efficient constrained search procedure. Although it may be argued that it
is also initially costly to construct the spatial representation, the process of
determining the structure of this representation can be carried out once, and
then the results stored in the deep representation for later use.

More detailed information can be accessed from the spatial representa-
tion using the focus function to construct and inspect spatial images at
lower levels of the structural hierarchy. For this particular example, there is
not sufficient information to determine all of the three-dimensional features
of the hut from the two-dimensional visual depiction. Using the computa-
tional imagery paradigm, which incorporates inheritance in the deep repre-
sentation, we can construct the three-dimensional symbolic array using
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information stored in the generic frame for the concept ‘‘hut” to fill in
missing details.

It is worth noting here that the spatial representation is not just a low-
resolution version, or approximation, of the visual representation of an im-
age. As well as capturing the structural hierarchy of an image, the symbolic
array may discard, not just approximate, irrelevant visual information. For
example, in particular molecular applications we are primarily concerned
with bonding information, which is made explicit using adjacency in a
three-dimensional symbolic array. Visual and spatial properties such as size,
distance, relative location (i.e., above, behind, left-of, etc.) may not be im-
portant for such applications and thus are not preserved.

Another approach to visual reasoning was presented by Funt (1980), who
represented the state of the world as a diagram, and actions in the world as
corresponding actions in the diagram. Similar to Kosslyn, Funt used two-
dimensional arrays to denote visual images. A more recent model describes
how visual information can be represented within the computational frame-
work of discrete symbolic representations in such a way that both mental
images and symbolic thought processes can be explained (Chandrasekaran
& Narayanan, 1990). Although this model allows a hierarchy of descrip-
tions, it is not spatially organized.

One way of evaluating our approach to computational imagery is in
terms of the fundamental principles of mental imagery, as described in
Finke (1989). In particular, the scheme was designed around the principle of
implicit encoding, which states that imagery is used to extract information
that was not explicitly stored in long-term memory. We retrieve information
such as shape and size using the visual representation and information per-
taining to the relative locations of objects in an image using the spatial rep-
resentation for working memory. The principle of perceptual equivalence is
captured by our assumption that perception and imagery share common
representations. In fact, the processes involved in transforming a visual rep-
resentation to a spatial representation are just those of scene analysis: taking
a raw, uninterpreted image (visual representation) and identifying the sub-
components and their relative positions (spatial representation). The spatial
representation captures the principle of spatial equivalence, because there is
a correspondence between the arrangement of the parts of a symbolic array
of an image, and the arrangement of the actual objects in the space. Note,
though, that Finke argued for a continuous space of mental images, whereas
the spatial representation assumes a discrete space. The principle of struc-
tural equivalence is preserved by the deep and the spatial representations,
which capture the hierarchical organization of images. Furthermore, images
in our representation scheme can be reorganized and reinterpreted. The
scheme captures the functionality required of the principle of transforma-
tional equivalence by providing primitive array functions that can be used
to manipulate both the visual and spatial representations of images.
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When questioned on the most urgent unresolved difficulties in Al research,
Sioman (1985) repiied:

I believe that when we know how to represent shapes, spatial structures and
spatial relationships, many other areas of AI will benefit, since spatial
analogies and spatial modes of reasoning are so pervasive. (pp. 386-387)

Experimental results suggest that people use mental imagery for spatial
reasoning. Thus, by facilitating an efficient implementation of the processes
involved in mental imagery, computational imagery provides a basis for
addressing the difficulties suggested by Sloman and developing Al systems
that rely on representing, retrieving, and reasoning about visual and spatial
properties of images.
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