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Abstract
The fundamental nature of
learning is a central problem in
psychology. Traditionally, psychologists have assumed that
learning must involve the formation of associations. Early
last century, the pioneering
work of Pavlov on conditioned
learning in animals seemed to
put this assumption beyond
doubt. More recently, many psychologists came to believe that a
different kind of process must
underlie complex learning, such
as language learning in humans,
and that this process must be described as computational rather
than associative. Whether complex human learning is associative or computational continues
to be a subject of intense research. The articles in this Special Section turn this debate on
its head by asking whether
simple animal learning is associative or computational. Surprisingly, the question is still
very much open, and excitingly, it appears quite tractable.
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Among the first things we hear
about in Psychology 101 is how Pavlov’s dog learned to associate the
sound of a bell with food.2 Pavlov’s
pioneering work on animal learning
at the beginning of the last century
became emblematic of the new experimental methods that under-

pinned psychology’s emergence as a
science. It also underpinned the most
enduringly influential concept in
psychology, the association. The idea
of the association was introduced by
the British empiricist philosophers in
the 17th and 18th centuries. But it
was in the 20th century, following
Pavlov’s lead, that this great idea
was placed upon a solid experimental foundation by work on conditioned learning. From there, the idea
came to influence contemporary
neuroscience, for example, through
Hebb’s (1949) notion of functional
cell assemblies formed by the tendency of neurons that fire together to
become associated. Indeed, if there is
anything both fundamental and indubitable that psychology has to say
about the mind-brain, it is surely that
association is its basic principle of
operation.
Or is it? The postwar “cognitive
revolution” posed a serious challenge to associationism. The new
cognitivism, built upon ideas from
electrical engineering, computer science, and the study of formal systems, emphasized specialized processing of information that was
represented symbolically in a physical symbol system (Fodor, 1975;
Newell, 1980). As this revolution
consigned behaviorism to the wastebasket of history, many people
thought that associationism would
necessarily suffer the same fate. But
that would have been to overlook
both the resilience and the origins of
the idea: In the hands of the philosopher David Hume, for example, the
association was the cornerstone of
a thoroughly representational (i.e.,
Published by Blackwell Publishers Inc.

Dedication
With great sadness, we note
that on January 21, 2001, John
Gibbon, pioneering scientist
and author in this Special Section, passed away. The authors
dedicate this Special Section to
John’s memory.
cognitive) theory of mind. And sure
enough, though behaviorism all but
disappeared, associationism has undergone a striking revival that
started in the mid-1980s with “connectionist” models of associative
learning in massively parallel networks. (A connectionist network
models the activity of neurons as
simple highly interconnected units
that strengthen or weaken connections with their neighbors as a function of history of activity.)

ASSOCIATION VERSUS
COMPUTATION IN
COGNITIVE SCIENCE
The struggle for hearts and
minds continues today. In the study
of language acquisition, for example, Rumelhart and McClelland
(1986) put forward a pattern associator model in which past-tense
forms of verbs are acquired and
produced without the use of rules
and variables, and claimed it could
account for data from children’s language learning. For example, according to this model, instead of learning
a rule “to form a past tense, add -ed
to the verb stem” and then having to
learn that the verb break is an exception to this rule, children learn both
regular and irregular past tenses in
the same way, by associating
present and past forms. This model
was subjected to a detailed critique
by Pinker and Prince (1988), who
put forward a two-part model in
which regular past-tense forms depend on a rule system, but irregular
forms are learned and produced associatively (see also Marcus, 1996).
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Young infants have been found
to detect and learn strings of nonsense syllables rapidly, apparently
by forming associations reflecting
how likely one syllable is to follow
another in the training set (Saffran,
Newport, & Aslin, 1996). For example, if an infant listens to a long
string of spoken syllables that have
been arranged so that ta is statistically more likely to follow pa than
to follow ga, whereas ga is statistically more likely to follow ta, the
infant apparently learns the trisyllable string pa-ta-ga as a unit, as if it
might be a word.
However, infants have also been
found to learn abstract rules for
syllable patterns in a way that cannot be accounted for by simple statistical learning and that instead requires learning the values of
variables. In one study (Marcus,
Vijayan, Rao, & Vishton, 1999), infants were familiarized with a
training set of 16 trisyllable strings
with an XYX structure (e.g., ga ti
ga). After each string was repeated
three times, the infants were tested
on a novel set of 12 trisyllables.
Half the test trisyllables conformed
to the XYX structure of the training
set (e.g., de ko de ), and half presented a new XYY structure (e.g.,
wo fe fe ). Although all the test
strings presented novel syllables,
the infants attended preferentially
to the strings exhibiting the novel
structure. What the infants learned,
apparently, was a structure, or
rule, defined over variables or
placeholders (e.g., “item i is the
same as itemj”). Such “algebraic”
learning is a key aspect of computational models. Marcus et al. (1999)
proposed that human infants possess both associative-learning and
rule-learning capacities. This debate in the language heartland of
classical, computational cognition
is continuing. Happily, it is generating a significant amount of light
along with some inevitable heat,
not to mention a best-seller on an
unlikely topic (Pinker, 1999).

There is no point in formulating
the associationist and the computational frameworks so abstractly that
no basis could ever be found for falsifying either framework. Fortunately, the key competing ideas can
be rigorously conceptualized in
terms of different classes of physically instantiable machines. Through
its long and versatile history, the notion of the association has been applied to links between quite different
entities, but the core idea has remained the same. Associations have
always been thought of as conductive links of variable strength. Classically, associations were said to link
ideas; in behaviorist theories, associations held between memory traces
for different stimuli or between stimuli and responses; and currently in
connectionist network theory, associative links are formed between
processing units or nodes. The
strength of an associative link refers
to the level of activation conducted
between one unit and another or to
the probability of activation being so
conducted. Following the work of
the mathematician Alan Turing,
computation refers to any algorithmic process that systematically maps
between sets of symbols by storing
symbols in and retrieving them from
a memory. The electronic computer,
of course, is designed to operate according to Turing’s principles.
Within this framework, to-be-computed functions (programs, processes, etc.) are defined over symbol
systems, employing the notion of
variables to which specific symbol
values can be bound. Both associative and computational systems can
be physically realized. However,
their defining features have to do
with their mode of operation, rather
than with how they are physically
realized.
The question whether learning
involves association or computation is one of the most basic questions we are in a position to ask in
psychology. Last century, this
question became for the first time
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both intelligible and empirically
tractable. Perhaps the present century will answer it. If so, the study
of animal learning will provide an
important test bed. The phenomena of conditioned learning in animals are richly documented, and
experimental techniques are well
developed. What is needed are
programs that formulate the critical questions that experimentation
will answer. The articles in this
Special Section give a glimpse of
the work that is in progress. Cognitive scientists working on human
cognition should be alert to this
work for at least three reasons.
First, the answer to the question of
whether neural tissue associates
stimuli or computes over representations will determine both the
overall direction that neuroscience
and cognitive science will take and
the relationship between them.
And it will do this even if the answer is, ultimately, that neither
view adequately captures the process of learning. Second, models of
animal learning provide the bedrock for the assumption that (at
least some) learning is associative
in humans. If it turns out that Pavlovian learning in animals is actually accomplished by computational processes, that bedrock
disappears. Third, Pavlovian learning occurs even in the lowliest of
animal species. This suggests that,
whether the character of the underlying mechanism of Pavlovian
learning is associative or computational, that character is a fundamental property of neural tissue.

THE SPECIAL SECTION
This Special Section begins with
Dickinson’s article, in which he contrasts associative and computational
models of human causal judgment
in light of recent empirical findings
from his lab and argues that causal
judgment in humans can be under-

126

VOLUME 10, NUMBER 4, AUGUST 2001

stood using associative notions derived from the study of animals.
Church points out that associative
and computational models of learning can be pitted against one another
by comparing the outputs they generate with the outputs of the animal.
He then suggests a sophisticated
way of doing this with respect to
competing behavioral (associative)
and scalar (computational) theories
of timing. Killeen advances a philosophical analysis of the issue in
which neither associations nor computations are located in the organism
but are simply devices of the modeler. Miller and Escobar review a
range of models—some associative,
some computational, some hybrid—
pointing out strengths and weaknesses in each case. The important
thing for these authors is that the
competition between learning models should stimulate new and surprising discoveries.
Finally, Gallistel and Gibbon list
a number of major points on which
associative and computational
models of conditioned learning differ, highlighting one potentially
critical empirical property of conditioned learning, namely, its timescale invariance. Time-scale invariance refers to the fact that the rate
of conditioned learning in the animal, the so-called learning curve, is
not sensitive to the absolute values
of the time intervals between the
critical events in the learning situation, for example, between the cue
stimulus and the reinforcer (i.e.,
the reinforcement delay). Instead,
the learning process is sensitive
only to the ratios of time intervals
in the situation, for example, the
ratio between the reinforcement
delay and the intercue interval.
To make this more concrete,
imagine you are training Pavlov’s
dog to salivate when a bell is
sounded by puffing meat powder
into his mouth 1 s after the bell
sounds. You repeat this procedure
so that there are 4 s between bell
rings. You note how many such

pairings of bell and powder are required before the dog has learned
to salivate vigorously to the sound
of the bell alone. Then you train a
second dog in the same way, except you increase the interval between bell and powder to 2 s instead of 1. Now you will find that it
takes the second dog longer to
learn: It will require more pairings
than the first dog to achieve the
same slabbering to the bell alone.
At first, you may assume that the
slower learning is because you
have reduced the contiguity between bell and powder by increasing the time between them. But
you have changed something else
as well—something that is less obvious. You have also changed the
ratio between this interval and the
interval between bell rings—the interval between bell rings remained
at 4 s, so the 4:1 ratio with the first
dog became a 2:1 ratio with the second dog. If you train a third dog
with the interval between bell rings
increased to 8 s and the bell-puff
interval at 2 s, thus reinstating the
4:1 ratio, then the third dog will
learn as quickly (in as many trials)
as the first. Gallistel and Gibbon argue that the property of time-scale
invariance in animal learning has
wide ramifications. It implies the
existence of brain mechanisms that
time intervals, count reinforcers,
store these values, and calculate ratios between them. Gallistel and
Gibbon argue that time-scale invariance is unexpected in associative models, but follows naturally
from their computational theory.
The articles in this section span a
wide range of views on the issue of
whether learning is associative or
computational. Settling this issue
will be neither quick nor easy.
However, it is clear that the study
of conditioned learning in animals
deserves a more central place in the
cognitive sciences than it has enjoyed of late. There are always indefinitely many functions, and
therefore models, that can generate
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the same input-output pairing as
does the animal. The only inputoutput function that is ultimately
of scientific interest is the very
function that the animal itself actually instantiates. We have learned
that the search for this strong equivalence (Pylyshyn, 1984) between
our models and reality is never
quick or easy, but this search is the
central business of modern cognitive neuroscience. The good news
is that the study of conditioned
learning is alive and well, both experimentally and theoretically.
Surprising though it may be, Pavlov’s old dog may yet have new
tricks to teach us.
Recommended Reading
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Abstract
Causal learning enables humans and other animals not only
to predict important events or
outcomes, but also to control
their occurrence in the service of
needs and desires. Computational theories assume that
causal judgments are based on
an estimate of the contingency
between a causal cue and an outcome. However, human causal
learning exhibits many of the
characteristics of the associative
learning processes thought to
underlie animal conditioning.
One problem for associative theory arises from the finding that
judgments of the causal power of
a cue can be revalued retrospectively after learning episodes
when that cue is not present.
However, if retrieved representations of cues can support learning, retrospective revaluation is
anticipated by modified versions
of standard associative theories.
Keywords
learning; conditioning; associationism; causation

The ability to control our environment in the service of our needs
and desires depends on learning
about its causal structure. If we did
not have knowledge of the consequences of our actions, our ability to
gain valuable resources and avoid
dangerous and deleterious situations would be seriously compromised. It is not surprising, therefore,
that judgments of the causal power
of an event, be it an action or a stimulus, in producing an outcome often accurately reflect the strength of
the real causal relationship.
The effectiveness of a possible
cause depends not only on the likelihood that the outcome follows the
cause reliably, but also on the likelihood that the outcome happens in
the absence of the cause. For example, if I suffer a skin rash relatively
frequently after eating fish, I
should attribute the allergy to this
food only if I am free from the rash
at times when I have not eaten the
fish. If I am just as likely to have a
rash on days when I have not eaten
fish as on days when I have, there
is no contingency between the fish
and the allergy, and the fish is unlikely to be the causal agent.
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Rather, the allergy is most probably caused by some background
feature of my environment, such
the presence of Rolly, my dog.
Causal judgments are sensitive
to cause-outcome contingencies.
Indeed, these judgments often reflect accurately the difference between the probabilities of the outcome given the presence and given
the absence of the putative cause.
This finding has led to the idea that
causal judgments are based on the
computation of event contingencies (e.g., Cheng, 1997). However,
the parallels between causal judgment and animal conditioning suggest that causal beliefs can be acquired by the associative learning
processes thought to underlie conditioning (Dickinson, 2001).

CAUSAL INTERACTIONS
According to associative theories of conditioning, surprising
outcomes enter into stronger associations than do predicted outcomes. I illustrate this effect of surprise with a recent study using a
food-allergy scenario (Aitken, Larkin, & Dickinson, 2000). In this scenario, my colleagues and I asked
participants to take the role of a
food allergist attempting to determine which foods cause an allergic
reaction in a hypothetical patient
by observing the consequences of a
number of meals eaten by the patient. Information about the food
eaten by the patient in each meal
and whether or not a reaction oc-

