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ABSTRACT

How do the ways in which we learn in-
fluence our cognitive representations of what
we learn? We show that in language learning
tasks, the process of learning to conceptualize
and categorize perceptual input shapes how
that input gets represented in mind. In repre-
sentation, there seems to be a give and take
between veridicality and completeness, on the
one hand, and discrimination and accurate
categorization, on the other. Learning to better
discriminate objects into categories by learning
to value salient features makes people less
likely to notice or remember the same objects'
other  features.  Gains in  response-
discrimination between categories thus come
at a cost to within category discrimination.
This is a natural consequence of error-driven
learning, a mechanism underlying most con-
temporary learning models. We present an
exposition of error-driven learning, outline its
implications for cognitive representations, and
test these predictions, showing that the patterns
of human learning are consistent with our
analysis. We suggest that the mechanisms of
human learning obey a simple principle: there
can be no representation without taxation. We
describe the implications of this principle for
our conception of categorization and analogy.

INTRODUCTION

While we perceive the world through our
senses, we do not experience it in terms of raw
sense data; we experience it in terms of con-
cepts. We experience a world of objects and
events — pages, screens, cars, people etc — and
not the raw patterns of activity that external
stimuli produce in the retinal cells of our eyes.

Most, if not all, cognitive activities appear
to involve a process of converting the mass of
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data we receive from our senses into 'meaning-
ful' concepts. Learning imposes discontinuities
on the continuous dimensions of inputs, so that
raw sense data is grouped into larger represen-
tational wholes, which satisfy the informa-
tional requirements of various cognitive activi-
ties, such as reasoning about or communicat-
ing about the environment. We call this kind of
discrimination-learning  categorization: the
process of taking a set of undifferentiated per-
ceptual inputs and generating or tuning re-
sponses to those inputs. Categorization is an
important aspect of cognition, and much effort
has been invested in attempting to account for
how the 'stuff of experience' is represented,
manipulated and combined in the mind, and
how it relates to language. Our research ad-
dresses an important question this process
raises: How do the ways in which cognitive
representations are developed and learned in-
fluence what gets learned and represented?

In this paper, we explore the hypothesis
that different types of learning produce corre-
spondingly different cognitive representations.
We show that learning to conceptualize or
categorize perceptual input has consequences
for the representation of the input itself. We
show that in both non-symbolic categorization
(such as learning to predict environmental af-
fordances and events) and symbolic categori-
zation (such as in language-learning), im-
proved response-discrimination appears to
come at a cost to the representation of the ori-
ginal input. Thus, learning to better discrimi-
nate objects into categories based on their
highly-salient features seems to make people
less likely to notice or remember the same
objects’ less-salient features. Learners home in
on cues that are highly predictive of a given
category and simultaneously discard—or
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‘learn to ignore’—other probabilistic informa-
tion that is less informative. Gains in response-
discrimination between categories thus come
at a cost to within category discrimination.

In this discussion, we use “cognitive repre-
sentation” to describe a probabilistic under-
standing of the set(s) of cues that reliably pre-
dict a category label (i.e., which features pre-
dict which word). This is a departure from
many traditional categorization models, which
attempt a descriptive characterization of the
mental representations of categories. What we
take to be important, from the point of view of
processing, is simply to give a consistent ac-
count of the principles by which representa-
tions of conceptual ‘content’ are meaningfully
related in use. Spoken words provide a unique
basis for considering the relationship between
learning and representation. Because of some
of the intrinsic characteristics of verbal labels,
and the ways in which they are used and per-
ceived, significant differences in discrimina-
tion-learning occur depending on the order in
which objects and their features and labels are
encountered in learning (Ramscar, Yarlett,
Dye, Denny & Thorpe, in submission). These
differences in learning are reflected in the dif-
ferent cognitive representations they produce.

In what follows, we show how taking the
predictive structure of learning seriously can
shed new light on the nature of symbolic rep-
resentations, how it can offer new insights into
many of the phenomena associated with ana-
logical reasoning, a “high-level” cognitive
process that appears to be driven by underlying
symbolic structure (c.f., Gentner, 1983), and
how it can provide a satisfactory account of the
relationship between analogy and “straight-
forward” categorization processes. The basic
principle of no representation without taxation
that underlies all these results is, we argue, a
fundamental law of learning.

Symbolic Representation
People use symbols (such as words, signs or
pictures) and arrangements of symbols to com-
municate about the world. In our analysis of
the symbolic learning that makes this possible,
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we do not presuppose that symbolic thought is
necessarily the same thing as “symbolic com-
putation” (where symbolic computation is
equated with a particular algorithmic—usually
procedural—approach to computer program-
ming). One might conceive of many ways in
which symbolic thought could be implemented
in mind, and the model embodied within the
“symbolic approach” to cognitive science is
just one of these.

“Symbolic” approaches to cognition typi-
cally characterize mental representations in
terms of rules that define relationships between
classes of entities (such as an “if X then Y”;
see e.g., Fodor, 1998). This approach requires
in turn that type/token relationships for these
classes be defined. Defining what constitutes
X’s and Y’s allows individual entities to be
bound the appropriate part of structures like “if
X then Y,” allowing them to describe relation-
ships in the world. If these definitions of
classes are symbolic, this in turn requires that
the symbols that comprise the definitions be
defined (i.e., if the definition of X is “all X’s
have Z,” one needs to define Z).

The problem with this approach is that defi-
nitions of symbolic categories that invoke fur-
ther symbols soon take on the theoretical char-
acteristics of a Russian Doll; they are inher-
ently regressive. The symbol “dog,” is a token
of the type “noun,” just as “spaniel” is a token
of “dog,” or “Fido” is a token of “spaniel.” In
order to explain (or generalize) the relationship
between “Fido,” “Spot” and “spaniel,” it is not
sufficient to say, “Fido is a spaniel” and “Spot
is a spaniel.” One must say why Fido and Spot
are spaniels (as opposed to anything else).

The logic of the symbolic approach to cogni-
tion doesn’t just require that class member-
ships be established in order to understand
relations between classes. To the extent that
symbolic representations are supposed to be
interpretable, it also requires that one have an
account of how one goes from classes to indi-
viduals. If symbolic representations are con-
ceived of as “compositional” (i.e., so that sen-
tences in natural language have structural
meanings that are derived from the structure of
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sentence, which in turn affects the specific
meanings of words out of which the sentence
is composed, see e.g., Fodor, 1998), one needs
an account of how one can somehow extract
the relevant individual tokens of meaning from
descriptions that only mention types (i.e., one
needs to be able to say which aspects of the
meanings of “cat” “sat” and “mat” are relevant
to the meaning of “the cat sat on the mat”).

Neither desideratum is satisfied by any ex-
isting symbolic approach (Fodor, 1998; Mur-
phy, 2002). Indeed, there are good reasons to
believe that they cannot be satisfied: the kinds
of things that people represent and think about
symbolically do not fall into discrete classes of
X’s, Y’s or Z’s. Symbolic categories do not
possess discrete boundaries (i.e., there are no
fixed criteria for establishing whether an entity
is an X or a Y), and entities are often assigned
to multiple symbolic classes (i.e., they are
sometimes X’s; sometimes Ys). As a result of
these (and many other) factors, symbolic
type/token relationships appear to be inher-
ently underdetermined (see e.g., Wittgenstein,
1953; Quine, 1960; Fodor, 1998). This is a
problem for all current symbolic approaches,
and those few theorists who have addressed it
seriously have been forced to conclude that
although there must be a solution, it is both
innate and largely inscrutable (Fodor 1998).

Alternative approaches to characterizing
thought and language, especially those that
take an associative (or connectionist) ap-
proach, are often termed “sub-symbolic,” to
distinguish them from “symbolic” models (Fo-
dor, 1998). However, to the extent that we
think of thought as being symbolic (and it
seems natural to do so, especially with regards
language), and to the extent that associative,
connectionist and “symbolic” approaches seek
to explain the nature of thinking, differentiat-
ing between “sub-symbolic” and ‘“symbolic”
computational paradigms without a clear idea
of what symbolic thought actually is runs the
risk of missing the point altogether.

A far more important consideration than any
distinction between the “symbolic” and “sub-
symbolic” is that, overwhelmingly, theories of
cognition of all persuasions tend to assume
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that symbolic thought is referential. That is,
they subscribe to the idea that symbols both
represent, and in an—important sense—point
to, meanings, so that symbols and their mean-
ings share a bi-directional relationship. Sym-
bols (and language) are typically seen as ab-
stract representations that either exemplify
(stand for) or refer (or point) to meanings (ref-
erents). These meanings can in turn be defined
by reference to things in the world (i.e., sym-
bols can be defined by reference to objects and
events they refer to). So, for example, the
symbol “dog” may be defined by reference to a
class of things in the world—dogs).

The problems with this approach are largely
the same as those for type/token definitions,
and have been laid out exhaustively (Wittgen-
stein, 1953; Quine, 1960; Fodor, 1998; Mur-
phy, 2002). What we focus on here is the ref-
erential presupposition of a bi-directional rela-
tionship between symbols and their meanings.
Crucially, this assumption is at odds with the
idea that symbols are abstract representations,
because abstraction is not a bi-directional
process. Abstraction involves reducing the
information content of a representation, such
that only information relevant to a particular
purpose is retained (Wittgenstein, 1953). As
such, abstraction is an inherently directed
process: one can abstract from a larger body of
information to an abstract representation of it
(such as reading a research paper and summa-
rizing it in an abstract), but one cannot reverse
the process. However, the idea of “reverse
abstraction” makes no sense, since one cannot
recover information once it has been discarded
as part of the process of abstraction (just as
one cannot take the abstract of a research arti-
cle and get from it the detailed methods and
analysis sections that one has never seen).
Given that abstraction is a directed process,
and symbols serve as abstractions in commu-
nication and thought, then it follows that
communication and thought may well be di-
rected in a way that respects the basic princi-
ples of abstraction.

Accordingly, in what follows we take an ex-
plicitly predictive approach to symbolic
thought. This approach is explicitly not refer-
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ential. On the contrary, we treat symbols as
abstractions in a literal sense, and given that
abstraction is directed, we take the view that
symbolic processing must be directed as well.
Prediction is by its very nature directed. A
prediction follows from the cues (or clues) that
lead to an expectation. Correspondingly, we
argue that the relationship between symbols
and the concepts underlying their use is not bi-
directional, and that symbolic processing is a
process of predicting symbols.

Symbolic Learning

In considering how symbols are represented
and used, we begin be examining how they are
learned. In what follows, we conceive of learn-
ing as a process by which information is ac-
quired about the probabilistic relationships
between important regularities in the environ-
ment (such as objects or events) and the cues
that allow those regularities to be predicted
(e.g., Rescorla & Wagner, 1972).

Crucially, the learning process is driven by
discrepancies between what is expected and
what is actually observed in experience
(termed error-driven learning). The predictive
values of cues produce expectations, and any
difference between the value of what is ex-
pected and what is observed produces further
learning. The predictive value of a given cue is
strengthened when relevant events (such as
events, objects or labels) are under-predicted
by that cue, and weakened when they are over-
predicted (Rescorla & Wagner, 1972). As a
result, cues compete for relevance, and the
outcome of this competition is shaped both by
positive evidence about co-occurrences be-
tween cues and predicted events, and negative
evidence about non-occurrences of predicted
events. This process produces patterns of
learning that are very different from what
would be expected if learning were shaped by
positive evidence alone (Rescorla, 1988).

This view of learning can be applied to sym-
bolic thought by thinking of symbols (i.e.,
words) as both potentially important cues (pre-
dictors) and outcomes (things to be predicted).
For example, the word “chair” might be pre-
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dicted by, or serve to predict, the features that
are associated with the things we call chairs
(both when chairs and “chair” are present, or
when they are being thought of). Thus word
learning can take two forms:

(i) cues are labels and outcomes are features;

(ii) cues are features and outcomes are labels.
In (i), which we term LF-learning, learning is a
process of acquiring information that allows
the prediction of a feature or set of features
given a label, whereas in (ii), which we term
FL-learning, learning is a process of acquiring
information that allows the prediction of a la-
bel from a given feature or set of features.

Many theories of symbolic cognition em-
phasize the importance of relations between
things in our understanding the world (Gent-
ner, 1983; Fodor, 1998; Goldstone, Medin &
Gentner, 2001; Penn, Holyoak & Povinelli,
2008). Despite the widespread belief that as-
sociative models are unstructured (e.g., Fodor,
1998), the opposite is true. Treated properly,
associative models are inherently structured.
Though they are often referred to as models of
association, all contemporary models of learn-
ing are predictive. Learning discovers prob-
abilistic cue structures that share temporal,
predictive relationships with other things (e.g.,
objects, events or labels) in the environment
(see also Elman, 1991). Prediction is funda-
mentally relational, and LF- and FL-learning
describe the two possible ways that these rela-
tions can be structured in symbolic learning.

In FL learning, the set of cues being learned
from is generally larger than the set of out-
comes being learned about, whereas in FL
learning, the set of outcomes is generally lar-
ger than the set of cues. As we will now show,
these set-size differences in the number of cues
and outcomes that are being learned about in
each these two forms of word learning result in
asymmetrical cognitive representations and
different levels of discrimination learning.

The structure of labels and the world
Symbolic labels are relatively discrete,
and possess little cue-structure, whereas ob-
jects and events in the world are far less dis-
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crete, and possess much denser cue-structure.
(By cue-structure we mean the number of sali-
ent and discriminable cues they present.) Con-
sider say, a pan. A pan presents a learner with
many discriminable features; shape, color,
size, etc. Now consider the label ‘pan.” A na-
tive English speaker can parse this word into a
sequence of phonemes [p" an], but otherwise
will be largely unable to discriminate many
further features within these. This is not to say
that there are no other discriminable aspects of
speech (i.e., emphasis, volume, or pitch con-
tour), but rather to say that ordinarily, the pho-
netic level dominates semantic categorization.
Other features, such as pitch contour, do not
covary or compete with phonemes in the same
way that size and shape do in an object. More-
over, because phonemes occur in sequence
rather than simultaneously, there is no direct
competition between them as cues. Labels es-
sentially provide a learner with only a single
cue, i.e. the label—*‘pan’—itself.

In LF-learning, because labels serve as cues
and since individual labels have little cue-
structure, learning involves predicting a set of
features from a single cue (the label). LF-
learning has a one-to-many form: one cue to
many features. In contrast, FL-learning, where
objects or events serve as cues, involves pre-
dicting a single response (a label) from a set of

cues. Thus FL-learning, has a many-to-one
form: from many semantic features to a label.
Cue-competition in learning

When many cues are present simultane-
ously, they can compete for relevance in pre-
dicting an event. If a cue successfully predicts
an event over time (positive evidence), the
association between that cue and the event will
increase. Conversely, if a cue unsuccessfully
predicts an event—i.e., the event does not fol-
low (negative evidence)—the association be-
tween the cue and the event will decrease.

In LF-learning, a single cue will be predic-
tive of each of the features encountered in an
object or event. Because no other cues are
available to compete for associative value,
there can be no loss of potential associative
value to other cues over the course of learning
trials. By contrast, in FL-learning, because
many cues are available to compete for rele-
vance, learning will separate the highly salient
cues from the less salient cues, favoring cues
with a high degree of positive evidence and
disfavoring those with a high degree of nega-
tive evidence. FL-learning and LF-learning
thus differ significantly in terms of cue-
competition; the dense cue-structure of FL-
learning fosters cue-competition, while the
sparse cue-structure of LF-learning inhibits it.

cue competition - associative and dissociative learning

51 sees 57 sees
then hears “wug" then hears “niz” then hears “wug” then hears “niz”

Em‘]:.".:gn pmr]:rhgn E{.mrhgn Erad:ﬂ.g‘.
shape #1 shape #2 shape #1 shape £2
“wug" niz’ niz
d [ [T red
blue incormectly predicts “niz" red incorectly predicts “wug”
time
(i) (ii) (iii) (iv)

Figure 1. Cue competition in FL-learning. The top panels depict the temporal sequence of events: an object is
shown and then a word is heard over three trials. The lower panels depict the relationship between the various

cues and labels in word learning.
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no cue competition -

hears “wug” and
then sees

hears "niz” and
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conditional probability learning

hears “wug" and
fthen sees

hears “niz” and
then sees
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time
() (ii) (iii) (iv)

Figure 2. When labels predict features (LF-learning), the absence of cue competition results a situation where
the outcome of learning is simply be a representation of the probability of the features given the label.

Cue-structure and symbolic learning

To see how these factors affect symbolic
learning, consider a world containing two
kinds of animals: wugs and nizes. These ani-
mals have two main features: their shape and
their color. Wugs are wug-shaped and are ei-
ther blue or red. Likewise, nizes are niz-
shaped and are either blue or red. Figure 1
represents FL-learning in this scenario.

At (i), a learner encounters an object with
two features, shape-1 and red, and hears
‘wug’. The learner acquires information about
two equally predictive relations, shape-
=‘wug’ and red=‘wug’. At (ii), the learner
gets two new cues then a new label, and forms
two new predictive relations, shape-2=‘niz’
and blue=‘niz’. At (iii), the learner encounters
two previously seen cues, shape-1 and blue.
Given what the learner already knows—shape-
1=*wug’ and blue=‘niz’—she expects ‘wug’
and ‘niz,” but only ‘wug’ occurs. As a result:
(1) the associative value of the relation shape-
one=‘wug’ increases; and (2) negative evi-
dence—the non-occurrence of ‘niz’—causes a
loss of associative value in blue=‘niz.” Cru-
cially, as the value of blue=‘niz’ decreases,
it’s value relative to shape-2=‘niz’ decreases.
At (iv), a similar situation occurs. The learner
encounters shape-2 and red and expects ‘niz’
and ‘wug’. When only ‘niz’ is heard, the value
of shape-2=‘niz’ increases, and red=‘wug’
loses value. FL-learning is thus competitive:
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losses can cause cue values to change relative
to other cues: since one cue’s loss can be an-
other’s gain, associative value can shift from
one cue to another.

Now consider LF-learning (Figure 2). At
(i), a learner encounters the label ‘wug’ and
then an object with the features shape-1 and
red. She thus learns about two equally valuable
predictive relations ‘wug’ =—shape-1 and
‘wug’=red. Similarly, at (ii), the learner ac-
quires two further equally valued relations
‘niz’=shape-2 and ‘niz’=blue. Now, at (iii),
the learner hears ‘wug’ and expects red and
shape-1. However, shape-1 occurs and blue
occurs. This has three consequences: (1) posi-
tive evidence induces an increase in the asso-
ciative value of ‘wug’=shape-1; (2)
‘wug’=blue becomes a new predictive rela-
tion; (3) negative evidence decreases the value
of ‘wug’=red. However, since ‘wug’ is the
only cue, this loss of associative value is not
relative to any other cues (likewise at iv). LF-
learning is thus non-competitive, and simply
results in learning the “raw” probabilities of
features given labels.

Both FL and LF-learning capture probabil-
istic information predictive relationships in the
environment. However, there are fundamental
differences between the two. In FL-learning
predictive power, not frequency or simple
probability, determines cue values; LF-
learning is probabilistic in far more simple
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terms. Given this, it seems that the sequencing
of labels and features ought to have a marked
affect on learning. We call this the Feature-
Label-Order (FLO) hypothesis.

We formally tested the FLO hypothesis in
simulations using a prominent learning model
(Rescorla & Wagner, 1972; our analysis is
compatible with many other error-driven
learning models, and can be applied to learn-
ing other environmental regularities). The
Rescorla-Wagner model states how the asso-
ciative values (V) of cue(s) i predicting an
event j change over discrete training trials
(where n indexes the current trial):*

AVi"=a; f (4 - VrotaL) 1)

If there is a discrepancy between J; (the total
possible associative value of an event) and
V7oraL (the sum of current cue values), the
saliency of the set of cues a and the learning
rate of the event B will be multiplied against
that discrepancy. The resulting amount will
then be added or subtracted from the associa-
tive strength of any cues present on that trial.

The associative strength between a set of
cues i and an event j will increase in a nega-
tively accelerated fashion over time, as learn-
ing gradually reduces the discrepancy between
what is predicted and what is observed.
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80 —wug - red

70 —wug - wug-shaped
60
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0 i
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Figure 3. The development of cue values in a simu-
lation of the LF-learning depicted in Figure 2. 2

! Vijjis the change in associative strength on a learning trial
n. o denotes the saliency of i, and B the learning rate for j.
2 |n the simulations either a niz or a wug is encountered in

each trial, and each species / color is equally frequent /
salient in the environment,

blue - wug
— wug-shaped - wug
— red - wug

1 7 13 19 25 31 37 43 49 55 61 67 73 79 8 91 97
Trial

Figure 4. The development of cue values in a simu-
lation of the FL-learning depicted in Figure 1.

Discrimination and interference

Two Rescorla-Wagner simulations formally
illustrate the differences in the representations
learned after LF- and FL-training. As Figure 3
shows, LF-learning results in a representation
of the probability of each feature given the
label; e.g., the learned associative value of
‘wug’=red is about half of the associative
value of ‘wug’=wug-shaped, because ‘wug’
predicts red successfully only 50% of the times
and wug-shaped successfully 100% of the
time. In FL-learning (Figure 4), the representa-
tions learned reflect the value of cues: the rela-
tionship ‘wug’=wug-shaped is very reliable,
and is highly valued relative to cues that cause
prediction error. In this case the association
‘wug’=red is effectively unlearned.

It is important to note that in LF-learning,
the lack of discrimination produced by learn-
ing can lead to problems of interference in
predicting events (or responses to them); LF-
learning tends to produce representations in
which a number of competing predictions are
all highly probable. To illustrate this, we re-
turn to our wug / niz example, in which there
were equal numbers of wugs and nizzes: red
cued “wug” 50% of the time and “niz” 50% of
the time. In this scenario, if a child trained LF
on the animals saw a red wug and was asked
what it was called, there is 100% probability
that wug-shaped=wug and only 50% probabil-
ity that red = niz. “Wug,’ is the obvious an-
swer. Imagine, however, that there were fifty
times as many blue wugs as blue nizzes in the
population, and fifty times as many red nizzes
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as red wugs. In this scenario, the color red will
cue “wug” about 98% of the time and “niz”
less than 2% of the time, simply based on fre-
quency of occurrence. For a child trying to
name a red wug, there’s again a near 100%
probability that wug-shaped = wug, but now
there’s also over 98% probability that red =
niz. There will thus be a large degree of uncer-
tainty regarding the correct answer. We call
this response interference. The problem here is
that tracking the frequencies of successful pre-
dictions does not pick out the cues that actually
best discriminate a prediction from others.
While both FL and LF-learning can lead to
response-discrimination in an ideal world, LF-
learning may fail to discriminate events when
their frequencies vary; and in the real world,
these frequencies inevitably do vary.

This analysis has been confirmed in further
Rescorla-Wagner simulations. In these, the
frequencies of categories were manipulated in
the way described above, so that a non-
discriminating feature was shared by high fre-
quency and low frequency exemplars from
different categories. When trained to predict
labels from exemplars (FL-training) under
these conditions, the model learned to dis-
criminate and categorize well. Given LF-
training, the model did not learn to discrimi-
nate, and categorized poorly.

Participants in several learning experiments
demonstrated the same pattern of results.
When trained to predict labels from exemplars
(FL-learning), participants discriminated and
categorized well. However, participants trained
to predict exemplars from labels (LF-learning)
discriminated and categorized poorly, even
though logically, exactly the same information
was available to them. Both groups saw the
same labels and the same exemplars for the
same amount of time. Simply manipulating the
predictive / temporal relationship between the
labels and exemplars in training resulted in
very different patterns of performance (Ram-
scar et al, in submission). Similar asymmetries
occur when categories are learned in either
inference or classification tasks (Markman, &
Ross, 2003). It is likely that the principles we
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describe underlie these effects (see also Love,
Medin, & Gureckis, 2004).
No Representation Without Taxation

It is worth restating the role of expectation
and error-driven learning in the formation of
cognitive representations. FL-learning is—
crucially—not confined to simply recording
information about the probability of labels
given cues. FL-training leads to accurate clas-
sification because the configuration of cues in
such training produces cue competition, lead-
ing a learner to develop representations that
ignore the actual (often misleading) probability
of the cues present and focus solely on those
cues that are reliably predictive. FL-training
produces representations that trade complete-
ness for discrimination. By contrast, LF-
training produces representations that provide
a more veridical picture of the structure of the
world (i.e., the actual cue probabilities), yet are
of less value when it comes to categorization
and discrimination. In both cases, gains in in-
formation in one dimension come at the cost of
a loss of information in another. This trade-
off-gains at one level of representation are
brought about by sacrifices at another level—
appears to be an inherent feature of error-
driven discrimination-learning. We call this the
principle of no representation without taxa-
tion. Our previous findings confirm the advan-
tages of FL-learning in categorization. How-
ever, they do not show that this resulted from
any loss in the completeness of the representa-
tions of items at the cue-level. Experiment 1
was designed to examine this question. If FL-
learning is advantageous in category learning
because it distorts input representations, it fol-
lows that if LF-learning produces less distor-
tion in what is learned,® we should expect that
items learned about in LF-training will be rep-
resented more completely in memory.
Experiment 1
Participants, Method and Materials

To first examine the no representation with-
out taxation hypothesis—i.e., that information

% Without cue competition cues will not “lose* value, so
there will be no “distortion’ in the learned representation.
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gains at one level of representation come at a
cost to another level—we conducted an ex-
periment. We wanted to see whether the in-
creased accuracy in category discrimination
tasks that FL-learning brings about result in
less accurate memory for the items that par-
ticipants learn from in training.

24 Stanford Undergraduates learned the
names of six “species of aliens” (the six fami-
lies of fribbles in Figure 5). The six families
were divided into three family pairs, with each
pair sharing the same body type (Figure 4
shows one pair of families, with each row cor-
responding to a separate family). Each partici-
pant learned one family pair in FL-
configuration, one family pair in LF-
configuration, and one pair split so that one
family was learned LF and one FL. The fami-
lies assigned to each configuration were coun-
terbalanced across participants.

*~ e oo
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Figure 5. Exemplars of two fribble categories* used
in training in Experiment 1. The configuration of
the diagnostic features for each category is circled.
Training comprised 2 identical blocks pre-
senting 18 exemplars of each of the six catego-
ries in a pseudo-randomized order (i.e., no two
exemplars from a family pair were presented
adjacently). To enforce LF or FL relationships
as our participants studied “species of aliens”
we minimized their ability to strategize (word
learning is rarely a conscious process). All four
categories were trained simultaneously, exem-
plars of each category were presented in a non-
predictable sequence, and each exemplar was
presented for only 175ms to inhibit partici-
pants’ ability to search for features. FL training
trials comprised 1000ms presentation of a label
(“this is a wug”), followed by a blank screen
for 150 ms, followed by 175ms exposure to the
exemplar. LF training trials comprised 175 ms

* Created by the Tarr lab at Brown University.

exemplar, 150 ms blank screen and 1000ms
label (“that was a wug”). A 1000ms blank
tob

screen separated all trials.

(i) (ii)
Category Verification Exemplar Recognition
Figure 6. Category verification trials (i) paired frib-
bles with correct and incorrect labels. Exemplar
recognition trials (ii) included fribbles seen in train-
ing, and new fribbles from the same families.

Participants were tested in two ways. A first
test examined their ability to correctly dis-
criminate between the categories they had
learned about. Participants were presented with
both an exemplar they had been exposed to in
training and a label on-screen, and asked to
respond “old” if the exemplar-label pairing
was one they had learned, and “new” if it was
not one they had learned. There were 10 “old”
and 10 “new” tests per category. The “new”
trials presented pairings not seen in training,
and two exemplars were mismatched with each
of the 5 alternative labels, yielding 120 test
trials. The second test examined participants’
ability to discriminate the actual fribbles they
had learned from novel exemplars. Participants
were presented with 8 exemplars from each
family that had been seen previously and 8
exemplars of each family that they had not
seen previously, and asked to discriminate
between them. This test yielded 96 test trials.

Category Verification Test

Hit False Alarm d’
[ FL-trained 0.73 0.43 1.30
[ LF-trained 0.66 0.45 0.67
Exemplar Recognition Test
Hit False Alarm d
[ FL-trained 0.52 0.46 0.23
| LF-trained 0.62 0.36 1.04

Table 1. Mean hit, false alarm, and d’ rates by test
and by training-type.
Results and Discussion

Table 1 presents rates for hits, false alarms
and the signal detection measure d’ for each
task and training type. A 2 (training) x 2 (test)
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repeated measures ANOVA revealed an inter-
action between the way that participants
learned the categories and their performance in
the tests (F(1,21) = 4.695, p < .05). Post hoc
paired t-tests revealed that participants were
more accurate in verifying exemplar-label
pairings when trained FL than LF (t(21) =
2.09, p<0.05). When participants were asked
to recognize training items, the opposite was
true: they were more accurate for items which
had been trained LF rather than FL (t(21) = -
1.9, p<0.05). As expected, improved learning
about the categorization task appears to have
come at the expense of accurate memory for
the items this information was learned from.
The Redistribution Of Wealth

Thus far, our discussion of learning has fo-
cused on learning to label objects in the world,
and on classifying objects into labeled catego-
ries. In reality, of course, people learn far more
about their environments than just the labels
languages assign to things. We learn, for ex-
ample, that objects of a certain form might be
called “chairs,” but also learn that we can sit
on chairs, that we can stand on them to reach
high objects, and that should we find ourselves
in a brawl in a wild west saloon, that chairs
will shatter over the back of a black-hatted
aggressor in an aesthetically pleasing, fight-
ending manner. We also learn to extend these
inferences by analogy, such that we might sit
on a box when there is no chair to be had, or
we might strike a saloon brawler with a bar
stool when a chair is out of reach. To the ex-
tent that these kinds of predictions we make
about the environment are more or less dis-
crete, there is reason to believe that FLO-like
effects, and the representational principles that
accompany them, would be discernable in
other learning tasks.

We noted at the outset that, in general, cog-
nitive scientists have struggled with the con-
cept of concept (see also Murphy, 2002). Peo-
ple use words, and words somehow relate to
things in the world in relatively reliable ways,
but these relations are often less than system-
atic. This had led to a certain amount of con-
ceptual confusion when cognitive scientists
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have come to think about interesting phenom-
ena such as metaphor and analogy. The prob-
lem can be stated simply: metaphor and anal-
ogy are typically defined as ways of thinking
that go beyond the literal; i.e., beyond the
mappings between symbols and concepts.
Given that the mappings between symbols and
concepts are anything but concrete, this leaves
the problem of distinguishing analogical,
metaphorical and *“categorical” processes
hanging; there may seem to be a difference,
but it’s hard to say what it is.

Our approach to symbolic thought offers a
probabilistic solution to this problem: the dif-
ference between analogical and “categorical”
processes is simply a matter of degree. In
“categorical inferences,” two objects might
both cue a very similar set of predictions, in-
cluding a label. On the other hand, in “analogi-
cal inferences,” two objects might cue only a
few, or even just one common prediction. For
example, take two chairs: they will both cue
the label “chair,” and numerous other infer-
ences as well (we can sit on chairs, stand on
them to reach high objects, etc.). Now consider
a chair and a box: they cue some common pre-
dictions (sitting), but there are many inferences
that boxes cue (storage), that chairs don’t, and
vice versa; and of course, boxes and chairs
predict different labels (“chair” and “box™).

The principles we have outlined also allow
us to describe the effect that learning to con-
ceptualize the world in this way ought to have
on cognitive representations, and to consider
the role of similarity in these conceptualiza-
tions. Learning to “represent” the world
through LF-learning involves discovering the
conditional probabilities of features given
events and labels. In this case, similarity will
be determined by the probability of the fea-
tures that any two objects share; objects will be
similar to the degree that they have salient
(i.e., frequent) features in common. However,
as learners come to conceptualize—i.e. dis-
cover the predictive structure of—their envi-
ronments, they learn the predictive value of
cues. As we have shown above, when learned
in a system, predictive values can differ greatly
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from conditional probabilities. In this case, we
would expect similarity to be governed by pre-
dictive value, not frequency (see also Medin,
Goldstone & Gentner, 1993).

Several points of interest arise out of this,
which can be illustrated by considering the
fribble families in Figure 7. The families are
grouped into pairs that predict a distinctive
sound (i.e. “boom” is predicted by families A
and B in the left panel). If body types predict
different noises, the resulting errors will cause
them to lose value as cues. Assuming that
similarity is a product of the alignment of
shared dimensions (Markman, 1996), decreas-
ing the value of a shared dimension should
result in a decrease in similarity (in essence,
two items will cease to have this dimension in
common), while increasing the value of a
shared dimension should result in an increase
in similarity. What actually happens, however,
will depend on cue competition, and the con-
ceptual system being learned. As we will
show, this leads to some surprising predictions.
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Figure 7. Examples of the fribble families used in
Experiment 2, with their predictive relations.

First, consider fribble families B and E: once
their shared feature (body type) loses value in
learning, the exemplars of families B and E
should lose value still further when the predic-
tive relations in Figure 7 are learned.

When families of fribbles begin with no ob-
vious features in common and share no predic-
tive structure, e.g., A and E, the effect of un-
learning one dimension will neither increase
nor decrease the number of alignable features;
thus learning should have no effect on the
similarity of these fribble families.
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However, the diminishing of the predictive
strength of the bodies (as in B and E) will
make available associative value that can be
acquired by other cues. This might act to in-
crease the similarity of families that predict the
same event. For example, families A and B
both have pairs of features that project down-
wards, families C and D both have multiple
posterior dorsal projections and single anterior
dorsal projections, and families E and F both
have small anterior lateral projections. Given
that two families of fribbles predict each
sound, these commonalities will be a more
frequent cue than any other feature of the two
fribble families, and thus the value of these
features should increase relative to these other
features, increasing the overall similarity of
each of these pairs of families.

Finally, and perhaps most surprisingly, is the
effect the corollary of this last point will have
on exemplars of the same fribble family. Be-
cause each family of fribbles posseses a fea-
ture that generates error (body type), each will
lose associative strength for that feature. This
value will be distributed to other features as
described above (with more value going to
dimensions shared by families that predict the
same event). However, in this case, the net
effect of learning will be to reduce the overall
number of alignable features in members of,
say, A, and increase the value of dimensions
that shared with members of B at the expense
of features specific to A. Thus exactly the
same processes that increases the similarity of
A in relation to B may produce a within cate-
gory reduction of similarity in A.
Experiment 2
Participants, Method and Materials

To see whether learning the conceptual sys-
tem depicted in Figure 7 (Figure 5 provides a
sense of within family variance) would bring
about the redistribution of associative value
described above, we taught it to 34 Stanford
undergraduates using either an FL- or LF-
configuration.

Participants passively viewed exemplars of
the six “species of aliens” in Figure 7. The
species were put into pairs, which predicted, or
were predicted by, sounds (an explosion, a
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spring, and breaking glass). The two families
that predicted each sound shared only the few
features described above, and each shared
body type with a family that predicted a differ-
ent sound. To enforce LF and FL training, and
to minimize our participants ability to con-
sciously track variance in the categories, 75%
of the exemplars that predicted each sound
were from one family (25% were from the
other), and each non-discriminating feature
was shared by high frequency exemplars pre-
dicting one sound and low frequency exem-
plars predicting another. Presentation utilized
the speeded paradigm described above, except
that instead of seeing a label, participants
heard a 500ms sound file.

Because our predictions are specifically
about the effect learning predictive structure
has on similarity, we took two measures of the
effects of this training: similarity, and inferen-
tial soundness (see also Gentner, Ratterman &
Forbus, 1993). Participants were first asked to
rate the similarity between pairs of fribbles,
and then asked to rate the likelihood that if one
fribble had a given property, another fribble
shared that property. There were 2 blocks of
tests, each comprising 12 similarity judgments
and 12 inferential soundness judgments.
Results and Discussion

A 2 (LF vs FL training type) x 2 (high ver-
sus low initial similarity) x 2 (same or different
prediction) ANOVA of our participants’ rat-
ings revealed the interaction between initial
similarity and learning predicted by our analy-
sis (F(,1,1582)=11.594, p<0.001).
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Figure 8: Average similarity and inferential sound-
ness ratings in experiment 2 (error bars are SEM)

High Similarity | Low Similarity | Low Similarity
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Post hoc tests showed the FL-training de-
creased both the similarity (Sim) and inferen-
tial soundness (IS) ratings of fribbles that
shared body type but which predicted different
sounds (Sim 1(262)=2.193, p<0.05; IS,
t(262)=2.43, p<0.05), while increasing the
similarity between dissimilar fribbles that did
predict the same sounds (Sim t(130)=2.265,
p<0.05; IS t(130)=2.43, p<0.001).

While participants’ ratings of dissimilar ob-
ject that predicted different sounds were the
same after both LF and FL-training, ratings of
fribbles in the same families (which predicted
the same sounds) were reliably lower after FL-
training (Sim t(196)=3.723, p<0.001; IS
t(196)=2.709, p<0.01). In the context of learn-
ing a conceptual system, the same training that
increases participants’ ability to classify and
discriminate correct and incorrect classifica-
tions of items from memory, reduced their
perceived similarity in inferential soundness!
General Discussion

We have shown how conceiving of symbols
and symbolic learning in the context of the
predictive structure of the environment can
provide new insights into the nature and learn-
ing of cognitive representations. While our
view of learning is associative, it is compatible
with approaches that emphasize the role of
structural alignment in similarity, analogy and
categorization (Gentner, 1983; Medin, Gold-
stone & Gentner, 1993; Markman, 1996). It is,
however, incompatible with the idea that simi-
larity drives categorization (see also Goodman,
1972). In our view, similarity and categoriza-
tion are products of learning. We believe the
framework in which we present these ideas has

much to offer our understanding of cognition.5
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