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Chapter 1 5

Abstraction as Dynamic Interpretation
in Perceptual Symbol Systems

Lawrence W. Barsalou
Emory University

INTRODUCTION

If a scientific construct’s centrality reflects the variety of forms it takes, then
abstraction is a central construct in cognitive science, taking at least the fol-

lowing six senses:

Sense 1: Abstraction as categorical knowledge. Abstraction can simply
mean that knowledge of a specific category has been abstracted out of
the buzzing and blooming confusion of experience. Just about any ac-
count of knowledge is comfortable with this sense, including rule-based,
prototype, exemplar, connectionist, and embodied theories.

Sense 2: Abstraction as the behavioral ability to generalize across in-
stances. Another relatively uncontroversial sense is that people can sum-
marize the properties of one or more category members behaviorally. All
theories agree that people state generics, such as “Bats live in caves,” and
state quantifications, such as “Some birds fly.” Behaviorally, people
clearly produce abstractions.
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Sense 3: Abstraction as summary representation. Much more controver-
sial are the cognitive bases of the behavioral abstractions in Sense 2. Ac-
cording to some theories, behavioral abstractions reflect underlying
summary representations of category instances in long-term memory.
On these views, when people generalize behaviorally, they read out an
underlying summary representation, such as a declarative rule, a statisti-
cal prototype, or a connectionist attractor. Notably, however, the sum-
mary representations in Sense 3 are not necessary to produce the behav-
ioral abstractions in Sense 2. In exemplar models, only exemplars are
stored in memory—no summary representations—and behavioral ab-
stractions result from scanning and summarizing exemplars online (e.g.,
Hintzman, 1986).'

Sense 4: Abstraction as schematic representation. Another controversial
sense is that schematic representations describe categories in memory.
According to this sense, summary representations are sparser than ex-
emplars, abstracting critical properties and discarding irrelevant ones
(e.g., Biederman’s, 1987, geons). Alternatively, properties may be dis-
torted in various ways to idealize or caricature a category, thereby in-
creasing its distinguishability relative to other categories (e.g., Posner &
Keele, 1968; Rhodes, Brennan, & Carey, 1987; also see Barsalou, 1985;
Palmeri & Nosofsky, 2001).

Sense 5: Abstraction as flexible representation. Another controversial
sense of abstraction is that summary representations can be applied flexi-
bly to a wide variety of tasks, including categorization, inference, lan-
guage comprehension, reasoning, and so on. According to this sense, in-
creasing abstractness allows a representation to become increasingly
flexible (e.g., Winograd, 1975).

Sense 6: Abstraction as absiract concepts. Finally, abstraction can refer
to the concreteness of concepts, ranging from concrete (e.g., CHAIR) to
abstract (e.g., TRUTH). As concepts become increasingly detached
from physical entities, and more associated with mental events, they be-
come increasingly abstract (e.g., Barsalou, 1999; Barsalou & Wiemer-
Hastings, in press; Paivio, 1986; Wiemer-Hastings, Krug, & Xu, 2001).

‘A classic problem for this view is why these abstractions do not subsequently become
stored in memory along with exemplars. To the extent that abstractions require deep process-
ing to produce, they should become well established in memory (¢.g., Hyde & Jenkins, 1969).

ralics will be used to indicate concepts, and quotes will be used to indicate linguistic
forms (words, sentences). Thus, CHA/R indicates a concept, and “chair” indicates the corre-
sponding word. Within concepts, uppercase words will represent categories, whereas lower-
case words will represent properties of categories (e.g., CHAIR vs. seat) and relations between
propertes (e.g., above for the relation of a CHAJR's seat to its back).
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As these senses illustrate, abstraction is a central construct in cognitive
science. The focus here, however, is on the most controversial sense,
namely, Sense 3. From here on, “abstraction” will mean summary reprresenta-
tions in long-term memory.

The first of the five remaining sections describes three properties of ab-
stractions. The second section reviews existing approaches and problems
that they encounter for these properties. The third and fourth sections
present the DIPSS theory of abstraction (Dynamic Interpretation in Per-
ceptual Symbol Systems). The fifth section shows how DIPSS can be applied
to various abstraction phenomena in categorization, inference, back-
ground knowledge, and learning. The final section rewisits the other five
senses of abstraction, and applies DIPSS to them.

PROPERTIES OF ABSTRACTIONS

Three properties of abstractions appear central to their nature: interpreta-
tion, structured representation, and dynamic realization.

Interpretation

In a classic paper, Pylyshyn (1973) argued that cognition is inherently an
interpretive process. Addressing the nature of mental imagery, Pylyshyn ar-
gued that cognitive representations are not like the holistic bitmapped re-
cordings in cameras, video recorders, and audio recorders. Many percep-
tion researchers would agree (e.g., Hochberg, 1998). Rather than being
recordings, Pylyshyn argued, cognitive representations are interpretations
of experience. To produce an interpretation, concepts in memory type the
components of sensorimotor experience to produce type—token proposi-
tions. On walking into a living room, for example, the concepts for SOF4,
RUG, and LAMP become bound to particular objects, thereby creating
type—token propositions of the sort, SOFA(object-98), RUG(object-32), and
so on. Such propositions essentially make claims about the world that can
be true or false, such as the belief that object-98 is a SOFA (e.g., Church,
1956).

A given component of experience can be interpreted in infinite ways.
Thus object-98 could be interpreted alternatively as FURNITURE(object-
98), CONTEMPORARY SOFA(object-98), PLACE TO CRASH(object-98),
PLACES THE DOG CAN'T SIT(object-98), and so forth. Not only are there
infinite true interpretations of an individual, there are infinite false ones as
well, with each interpretation providing a different spin on how to think
about it.
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Once a type-token proposition is constructed to interpret an emntity or
event, the proposition provides a wealth of inferential knowledge. Once
something is interpreted as a SOFA, inferences follow that it’s soft, comfort-
able, and heavy, extending the object’s interpretation. If the object were in-
terpreted instead as A PLACE THE DOG CAN'T SIT, different inferences
would follow. All such inferences constitute propositions linked to the
type—token mappings that triggered them.

On this view, propositions underlie representations of the world, not bit-
mapped recordings (also see Barsalou, 1999; Dretske, 1995; Haugeland,
1991). A representation of a chair is not a holistic recording of it, but a set
of propositions that interpret it. Most importantly for our purposes, Pylyshn
assumed that abstractions underlie this process. The types in his type—token
propositions are abstractions for properties, objects, events, relations, and
so forth. Once a concept has been abstracted from experience, its summary
representation enables the subsequent interpretation of later experiences.
Thus abstractions are linked closely to interpretation.

Structured Representation

When concepts interpret experience, they typically do not do so individually.
Instead they become organized into structured representations that capture
relations between individual type-token propositions. Rather than SOFA(ob-
ject98) and RUG(object-32) being independent, a spatial concept, such as
on, might organize them into a structured proposition, such as:

on(upper-region = SOFA[object-98], lower-region = RUG[object-32])

Much empirical evidence demonstrates the extensive presence of struc-
tured representations in human knowledge. Perhaps the most direct evi-
dence comes from work on concepts and categorization, where researchers
have explicitly assessed the presence of such structure and found robust evi-
dence for it (e.g., Goldstone & Medin, 1994; Markman & Gentner, 1997;
also see Barsalou, 1992; Barsalou & Hale, 1993). Assigning exemplars to cat-
egories, judging the similarity of exemplars, and drawing categorical infer-
ences all rely heavily on structured relations—not just on independent
properties. Furthermore, the process of conceptual combination is essen-
tially the process of combining individual concepts into structured repre-
sentations (e.g., Hampton, 1997; Rips, 1995; Wisniewski, 1997).

Much additional evidence comes from research on analogy, where struc-
tured representations are strongly implicated in people’s ability to extend
relational systems from one domain to another (e.g., Gentner & Markman,
1997; Holyoak & Thagard, 1997). Similar evidence comes from the litera-
ture on language comprehension, where complex propositional structures
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provide the standard scheme for representing meaning (e.g., Graesser,
Singer, & Trabasso, 1994; Kintsch & van Dijk, 1978). Fodor and Pylyshyn
(1988) oftered general theoretical arguments for the necessity of struc-
tured representations, and for the related constructs of productivity and
systematicity.

Thus a second important property of abstractions is that they enter into
complex interpretive systems. Rather than interpreting isolated compo-
nents of experience, abstractions assemble into structured representations
that interpret complex structure in the world.

Dynamic Realization

The abstractions that represent a category are notoriously difficult to pin
down. In my own research, I have continuously experienced the slipperi-
ness of abstractions, referring to it as linguistic vagary (Barsalou, 1993). Arti-
ficial intelligence researchers who program knowledge into intelligent sys-
tems chronically experience similar vagaries in articulating abstractions.
Specifically, three problems arise in trying to specify the abstraction that
represents a category:

Identifiability. What particular information should be included in an
abstraction? Consider Schank and Abelson’s (1977) attempt to specify the
abstraction that underlies the restaurant script. Of everything that could
possibly occur in a restaurant, what should be included in a summary repre-
sentation? Only the most invariant properties across restaurant visits? What
about important properties only true occasionally? What about differences
between cultures and individuals? When is an abstraction complete? Spec-
ifying the content of an abstraction is an extremely challenging task.

Motivation. Why is a particular abstraction the correct one? Typically
artificial intelligence researchers intuitively select the abstractions that best
serve a specific application. Problematically, however, no principled ac-
count of how to do this exists, nor is it clear that such an account is possible.

Rigidity. How does one handle all of the exceptions that arise for an ab-
straction? When Schank and Abelson proposed the restaurant script, a
common criticism was that it could not handle unexpected deviations and
unusual restaurant visits. Schank and Abelson replied that different tracks
through a script handle special cases, but the counterreply was that infi-
nitely many tracks are required to handle all the possibilities. Moreover,
how does one handle cases never encountered, which people seem to do ef-
fortessly? No compelling account of how abstraction can handle such vari-
ability exists.
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Conclusion. One could view the identifiability, motivation, and rigidity
problems for abstractions as a sign that we simply need a better methodol-
ogy for discovering them. Alternatively there may be no correct abstrac-
tons to discover. Rather than a single abstraction representing a category
diverse abstractions may be constructed online to represent a category temi
porarily (Barsalou, 1987, 1989, 1993). If so, then studying the skill to con-
struct temporary abstractions dynamically may be more fruitful than at-
tempting to establish one particular abstraction that represents a category
In this spirit, I assume that a third important property of abstractions 1s
their dynamic realization (this is clearly not a standard assumption in Lh(;
literature). l

THEORIES OF SUMMARY REPRESENTATION

Later sections develop a theory of dynamically realized abstractions. First
howeyer, it is useful to briefly review existing theories, and the status of ab-
stracuon as a theoretical construct.

GOFAI Theories of Abstraction

Haugeland (1985) dubbed classic abstraction theories as “Good Old Fash-
ioned Artificial Intelligence” (i.e., GOFAI), an approach that dominated
the early history of the field, and that continues alongside other ap-
proaches currently. Classic examples can be found in Winograd (1972)
Newell and Simon (1972), Schank and Colby (1973), Bobrow and Collin;
(1975), Schank and Abelson (1977), and Charniak and McDermott (1985).

GOFAI provides a powerful account of interpretation and structured
repx‘fesentation. Through the mechanisms of argument binding and re-
cursion, GOFAI implements these processes elegantly and powerfully. Sim-
ple interpretation results from binding a predicate to an individual, and
structured representation results from binding higher order predicates 10
fower qrder ones. Thus, SOFA(X) and RUG(X) can be bound to object-98
and object-32, thereby interpreting those objects in particular ways. Simi-
larly, on(upper-region = x, lower-region = y) can be bound to SOFA(object-98)
and RUG(object-32), thereby forming a structured representation.

The problem that has bedeviled GOFAI theories for decades is dynamic
realization. Identifying the content of the abstractions in GOFAI theories
has c%mstituted a daunting and sobering challenge. Clearly, adequate ab-
stractions can be developed for specific tasks, yet few would argue that they
offer definitive accounts of human knowledge. Motivating these accounts
has also been difficult, given their reliance on programmer mtuition. Per-
haps most critically, these accounts are known for their brittleness. Al-
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though they work in some situations, they don’t work in all, given the diffi-
culty of handling exceptions and novel cases.

Another major problem for GOFAI concerns the basic nature of their
symbols. On the one hand, connectionist theories argue that the discrete
symbols in GOFAI representations don’t exist—instead knowledge is dis-
tributed statistically across continuous neural-like processing units (e.g.,
McClelland, Rumelhart, & the PDP Research Group, 1986; Rumelhart,
McClelland, & the PDP Research Group, 1986; Smolenksy, 1988). On the
other hand, embodied theories argue that the arbitrary amodal symbols in
GOFAI don’t exist—instead simulations of sensorimotor processing repre-
sent knowledge (e.g., Barsalou, 1999; Glenberg, 1997: Mandler, 1992).

For all these reasons, accounts of human knowledge look increasingly
less and less like GOFAI representations. Theorists find it increasingly im-
plausible that knowledge takes this form.

Connectionist Theories of Abstraction

In GOFAI theories, abstractions are clear and explicit, spelled out in predi-
cate calculus-like expressions. Connectionism offers a radically different ap-
proach, where abstractions are relatively fuzzy and implicit. In a network of
neurallike processing units, an abstraction is an attractor for a statistically
likely combination of properties. When a set of learned exemplars shares
correlated properties, the network’s weights evolve to recognize this pat-
tern and its variants, establishing an attractor for the category. Within the
dynamical system that constitutes the network’s state space, activation pre-
fers to follow trajectories toward learned attractors.

The active units that characterize an attractor implicitly represent an ab-
straction. When these units are distributed and course-coded, the content
of an abstraction can be difficult to specify precisely, but this is the beauty of
the approach: It is not necessary or even desirable to specify abstractions ex-
plicitly or precisely, thereby avoiding the brittleness of GOFAI abstractions.

Two properties of connectionist abstraction further allow it to avoid brit-
tleness. First, many activation states around an attractor can each represent
the same category. Depending on the current context, the representation
of the category can vary dynamically {e.g., Smolensky, 1988). Second, as ex-
perience with a category changes, an attractor can adapt quickly. Con-
nectionist learning algorithms offer powerful ways to revise abstractions as
the input changes. For all these reasons, connectionist approaches offer a
compelling account of dynamic realization.

Where connectionist theories struggle is with the first two properties of
abstraction: interpretation and structured representations. Connectionist
theories do offer a basic form of interpretation. When an attractor becomes
active, it provides an interpretation of the input. Because the attractor rep-
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loose collections of simulators that constitute interpretive systems. What
distinguishes abstract concepts, perhaps, is the complexity of the rela-
tional information they capture, along with their frequent inclusion of
mental states.

CONCLUSION

Although abstraction has gone out of fashion, it will not go away. Interpre-
tation and structured representations are hallmarks of human cognition.
The problem has been explaining these phenomena with mechanisms that
are psychologically plausible and well suited for the job. Dynamic interpre-
tation in perceptual symbol systems appears to offer promise in these re-
gards. Although empirical evidence and computational models are neces-
sary to realize this promise, the first step is to sketch its solution to the
problem. It is hoped that this chapter has accomplished this goal.
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