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Distributed vs. Local Representation

A central problem for cognitive science is to understand
how agents represent the information that enables them to
behave in sophisticated ways. One long-standing concern is
whether representation is localized or distributed (roughly,
“spread out”). Two centuries ago Franz Josef Gall claimed
that particular kinds of knowledge are stored in specific, dis-
crete brain regions, whereas Pierre Flourens argued that all
knowledge is spread across the entire cortex (Flourens
1824; Gall and Spurzheim 1809/1967). This debate has con-
tinued in various guises through to the present day (e.g.,
Farah 1994). Meanwhile, the concept of distribution has
found mathematical elaboration in fields such as optics and
psychology, and the rise of connectionist models has gener-
ated interest in a range of related technical and philosophi-
cal issues.

In the most basic sense, a distributed representation is
one that is somehow “spread out” over some more-than-
minimal extent of the resources available for representing.
Unfortunately, however, this area is a semantic mess; the

terms local and distributed are used in many different ways,
often vaguely or ambiguously. Figure 1 sketches the most
common meanings.

Suppose that we have some quantity of resources avail-
able for representing items, and that these resources are
naturally divisible into minimal chunks or aspects. Connec-
tionist neural processing units are obvious examples, but the
discussion here is pitched at a very abstract level, and the
term “unit” in what follows might just as well refer to bits in
a digital computer memory, single index cards, synaptic
interconnections, etc.

• Strictly Local The item (in this case, the word “cat”) is
represented by appropriately configuring a single dedi-
cated unit. The state of the other units is irrelevant.

• Distributed—basic notion The word is represented by a
distinctive configuration pattern over some subset or
“pool” of the available resources (see Hinton, McClel-
land, and Rumelhart 1986). A different word would be
represented by an alternative pattern over that pool or
another pool. Each unit in the pool participates in repre-
senting the word; the state of units outside the pool are
irrelevant. In a sparse (dense) distributed representation, a
small (large) proportion of units in the pool are config-
ured in a non-default or “active” state (Kanerva 1988).

• Local The limiting case of a sparse distributed representa-
tion is one in which only a single unit in the pool is active.
These representations are often also referred to as “local”
( e.g., Thorpe 1995). The key difference with strictly local
representations is that here it matters what state the other
units in the pool are in, viz., they must not be active.

• Microfeatures Sometimes individual units are used to rep-
resent “microfeatures” of the domain in strictly local
fashion. The pattern representing a given macro-level
item is then determined by these microfeatural correspon-
dences. In the example in Figure 1, individual units repre-
sent the presence of a letter at a certain spot in the word;
the word “cat” is represented just in case the active units
are the ones for c in the first spot, a in the second spot,
and t in the third spot.

Figure 1. Seven ways to represent the word “cat,” illustrating varieties of local and distributed representation.
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• Coarse Coding In these schemes the (micro or macro)
features of the domain represented by individual units are
relatively broad, and overlapping.

The reader seeking a detailed illustration of these ideas
may care to examine the well-known “verb-ending” paper
of Rumelhart and McClelland (1986). In that case, verb-
base and past-tense forms are represented by sparse distrib-
uted patterns over pools of units. Individual units represent
microfeatures (ordered triples of phonetic features) in
strictly local fashion. Because these triples overlap, the
scheme is also coarse.

• Superimposition Two or more items are simultaneously
represented by one and the same distributed pattern (Mur-
dock 1979). For example, it is standard in feedforward
connectionist networks for one and the same set of synap-
tic weights to represent many associations between input
and output.

• Equipotentiality In some cases, an item is represented by
a pattern over a pool of units, and the pattern over any
subpool (up to some resolution limit) also suffices to rep-
resent the item. Thus every part or aspect of the item is
represented in superimposed fashion over the whole pool.
The standard example is the optical hologram (Leith and
Uptanieks 1965); see also Plate’s “holographic reduced”
representations (Plate 1993).

With these various distinctions on board, we can return to
the central question: is human knowledge represented in dis-
tributed form? This question has been approached at a num-
ber of levels, ranging from detailed neurophysiology to pure
philosophy of mind. Thus, neuroscientists have debated
whether the patterns of neural firing responsible for repre-
senting some external event are a matter of single cells (Bar-
low 1972) or patterns of activity distributed over many cells;
if the latter, whether the patterns are sparse, dense, or coarse-
coded (e.g., Földiák and Young 1995). At a higher level, they
have debated whether knowledge is distributed over large
areas of the brain, perhaps in equipotential fashion (LASHLEY
1929/1963), or whether at least some kinds of knowledge are
restricted to tightly circumscribed regions (Fodor 1983).

These issues have also been pursued in the context of
computer-based cognitive modeling. Connectionists have
paid considerable attention to the relative merits of distrib-
uted versus local encoding in their networks. Advantages of
distribution are generally held to include greater representa-
tional capacity, content addressibility, automatic generaliza-
tion, fault tolerance, and neural plausibility. Disadvantages
include slow learning, catastrophic interference (French
1992), and binding problems.

In a famous critique of connectionist cognitive science,
Fodor and Pylyshyn (1988) argued that connectionists must
either implement “classical” architectures with their tradi-
tional symbolic representations or fail to explain the alleged
“systematicity” of cognition. The standard connectionist
response has been to insist that they can in fact explain sys-
tematicity without merely implementing classical architec-
tures by using distributed representations encloding
complex structures in a nonconcatenative fashion (e.g.,
Smolensky 1991).

Implicit in this connectionist response is the idea that dis-
tributed representations and standard symbolic representa-
tions are somehow deeply different in nature. For millennia,
philosophers have attempted to develop a taxonomy of rep-
resentations. At the highest level, they have usually distin-
guished just two major kinds—the generically linguistic or
symbolic, and the generically imagistic or pictorial. Is dis-
tribution just an accidental property of these more basic
kinds, or do distributed representations form a third funda-
mental category?

Answers to questions like these obviously depend on
exactly what we mean by “distributed.” The standard
approach, as exemplified in the preceding discussion, has
been to define various notions of distribution in terms of
structures of correspondence between the represented items
and the representational resources (e.g., van Gelder 1992).
This approach may be misguided; the essence of this alter-
native category of representation might be some other prop-
erty entirely. For example, Haugeland (1991) has suggested
that whether a representation is distributed or not turns on
the nature of the knowledge it encodes.

It has been argued that some of the most intransigent
problems confronting orthodox artificial intelligence are
rooted in its commitment to representing knowledge by
means of digital symbol structures (Dreyfus 1992). If this is
right, there must be some other form of knowledge repre-
sentation underlying human capacities. If distributed repre-
sentation is indeed a fundamentally different form of
representation, it may be suited to playing this role (Hauge-
land 1978).

See also COGNITIVE ARCHITECTURE; COGNITIVE MODEL-
ING, CONNECTIONIST; COGNITIVE MODELING, SYMBOLIC;
CONNECTIONISM, PHILOSOPHICAL ISSUES; MENTAL REPRE-
SENTATION; NEURAL NETWORKS

—Tim Van Gelder
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Domain Specificity

Cognitive abilities are domain-specific to the extent that the
mode of reasoning, structure of knowledge, and mechanisms
for acquiring knowledge differ in important ways across dis-
tinct content areas. For example, many researchers have con-
cluded that the ways in which language is learned and
represented are distinct from the ways in which other cogni-
tive skills are learned and represented (Chomsky 1988; but
see Bates, Bretherton, and Snyder 1988). Other candidate
domains include (but are not limited to) number processing,
face perception, and spatial reasoning. The view that thought
is domain-specific contrasts with a long-held position that
humans are endowed with a general set of reasoning abilities
(e.g., memory, attention, inference) that they apply to any
cognitive task, regardless of specific content. For example,
Jean PIAGET’s (1983) theory of cognitive development is a
domain-general theory, according to which a child’s thought
at a given age can be characterized in terms of a single cog-

nitive level. In contrast, evidence for domain-specificity
comes from multiple sources, including variability in cogni-
tive level across domains within a given individual at a given
point in time (cf. Gelman and Baillargeon 1983), neuropsy-
chological dissociations between domains (e.g., Baron-
Cohen 1995), innate cognitive capacities in infants (Spelke
1994), evolutionary arguments (Cosmides and Tooby 1994),
ethological studies of animal learning (e.g., Marler 1991),
coherent folk theories (Gopnik and Wellman 1994), and
domain-specific performance in areas of expertise (Chase
and Simon 1973).

Domain-specificity is not a single, unified theory of the
mind. There are at least three distinct approaches to cogni-
tion that assume domain-specificity. These approaches in-
clude modules, theories, and expertise (see Hirschfeld and
Gelman 1994; Wellman and Gelman 1997).

The most powerful domain-specific approach is modu-
larity theory, according to which the mind consists of “sep-
arate systems [i.e., the language faculty, visual system,
facial recognition module, etc.] with their own properties”
(Chomsky 1988: 161). Proposals regarding modularity
have varied in at least two respects: whether modularity is
restricted to perceptual processes or affects reasoning pro-
cesses as well, and whether modularity is innate or con-
structed. Modularity need not imply evolved innate
modules (see Karmiloff-Smith 1992) but for most modular
proponents it does. Nonetheless, all modularity views
assume domain-specificity. Chomsky’s focus was on lan-
guage, and more specifically SYNTAX or universal gram-
mar. Evidence for the status of syntax as a module was its
innate, biologically driven character (evident in all and only
humans), its neurological localization and breakdown (the
selective impairment of syntactic competence in some
forms of brain damage), its rapid acquisition in the face of
meager environmental data (abstract syntactic categories
are readily acquired by young children), and the presence
of critical periods and maturational timetables (see Pinker
1994).

Fodor (1983) extended the logic of modules to cognitive
abilities more broadly. He distinguished between central log-
ical processes and perceptual systems, arguing for modularity
of the latter. In Fodor’s analysis, modules are innately speci-
fied systems that take in sensory inputs and yield necessary
representations of them. The visual system as characterized
by MARR (1982) provides a prototypical example: a system
that takes visual inputs and generates 2.5-dimensional repre-
sentations of objects and space. Like the visual system, by
Fodor’s analysis, modules are innately specified, their pro-
cessing is mandatory and encapsulated, and (unlike central
knowledge and beliefs) their representational outputs are
insensitive to revision via experience. Experience provides
specific inputs to modules, which yield mandatory represen-
tations of inputs. Certain experiential inputs may be neces-
sary to trigger working of the module in the first place, but the
processes by which the module arrives at its representations
are mandatory rather than revisable.

Extending Fodor, several writers have argued that certain
conceptual processes, not just perceptual ones, are modular
(Karmiloff-Smith 1992; Sperber 1994) or supported by sys-
tems of cognitive modules (e.g., Baron-Cohen 1995; Leslie


