
The four articles in this special issue of Learning & Be-
havior provide a diverse range of perspectives on the psyr -
chological mechanisms underlying perceptual learning.
Two of the authors, Mackintosh and Hall, are associative 
learning theorists, and their work will be familiar to read-
ers of Learning & Behavior. Many readers will be sym-
ppathetic to the general view expressed by Hall and Mack-
intosh, that, in principle, the phenomena of perceptual
learning are amenable to explanation in associative terms. 
The work described in the two remaining contributions—
one by Fiser and one by Tsushima and Watanabe—might
bbe less familiar to this readership. The present summary
and synthesis will attempt to bring together some of the
ideas presented in the four preceding papers, with an em-
pphasis on the implications of Tsushima and Watanabe’s
ppsychophysical research and Fiser’s Bayesian modeling
for the associative analysis of perceptual learning.

It is interesting to see how the four contributors define 
the term perceptual learning. Mackintosh (2009) quotes
Fahle’s (2002, p. ix) definition, according to which per-
ceptual learning “improves discrimination between
stimuli that could not be discriminated before learning.” 
Hall’s (2009) definition of perceptual learning (originally 
stated in Hall, 2008) is very similar to Mackintosh’s, but
also hints at a mechanism by which improved discrimina-
tion might come about. Hall says that perceptual learn-
ing is “the learning process (or processes) that increases
the effectiveness of the unique stimulus elements and/or 
reduces that of common stimulus elements, thus facilitat-
ing discrimination between similar stimuli” (p. 135). The 
focus in both of these definitions is on learned differ-
ences between initially very similar stimuli.

Tsushima and Watanabe (2009) define perceptual learn-
ing as an “improvement on a perceptual or sensory task 
bby practice or experience” (p. 126). Fiser (2009) states
that the problem of perceptual learning is to understand 

“how humans and animals extract novel visual descrip-
ttions, features, or chunks from their visual environment

and represent them” (p. 142). These definitions of per-
ceptual learning seem much broader than those of Hall

f (2009) and Mackintosh (2009). Because the main aim of
dthe present article is to examine how the work of Fiser and 

 of Tsushima and Watanabe might inform an associative
analysis of perceptual learning, the narrower definition 

dwill be adopted. Thus, the focus here will be on learned 
changes in the discriminability of similar stimuli.

I shall briefly describe the associative approach to per-
ceptual learning, as outlined in the articles by Hall (2009)
and Mackintosh (2009), focusing on the finding that non-
reinforced exposure to two similar stimuli can enhance
their distinctiveness. The results described by Tsushima 
and Watanabe (2009) and some results from my own labo-
ratory appear to be quite inconsistent with some aspects
of the associative analysis. These inconsistencies will be 
described, and two possible resolutions will be suggested.
Then this overview will evaluate Fiser’s (2009) sugges-
tion that a Bayesian approach provides a better account
of learning than does associative link formation. Before
concluding, a very brief comment will be made on Fiser’s 
and Tsushima and Watanabe’s claims to have observed 
perceptual learning outside of awareness.

The Associative Analysis of Perceptual Learning
Associative learning theorists usually take an elemental

approach to perceptual learning. Thus, two similar stimuli 
are referred to as AX and BX; X is the common element,
and A and t B are unique elements. In a typical experiment
studying perceptual learning following mere exposure
(e.g., Mackintosh, Kaye, & Bennett, 1991), the stimuli
might be salty lemon (AX) and sweet lemon (BX). Here, 
the common element X is the lemon flavor; the unique ele-
ments are the salty and sweet flavors A and B, respectively. 
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presentations of AX and BX (AX BX AX BX . . .) produce 
better perceptual learning than do blocked presentations
of the same stimuli (AX AX AX . . . BX BX BX . . .).
The intermixed–blocked effect has received a great deal
of attention recently because it cannot be explained in
terms of the relative exposure to (and therefore familiar-
ity of) the common and unique features; this is equivalent
in the intermixed and blocked conditions. Nevertheless, 
three of the four theories that have been proposed to ac-
count for the intermixed–blocked effect (see Mackintosh,
2009)—and much of the data (e.g., Blair & Hall, 2003;
Mitchell, Kadib, et al., 2008)—suggest that the unique 
features A and B are more salient following intermixed 
than following blocked preexposure (see Hall, 2009).

The Challenge From Psychophysics
Some experiments conducted by Watanabe, Náñez, 

and Sasaki (2001) appear to challenge one of the major 
assumptions underlying the associative analysis of per-
ceptual learning (and, indeed, associative learning)—that
novel stimuli are more salient than familiar stimuli. The 
stimulus arrays presented to participants in Watanabe 
et al.’s experiments contained many dots moving in differ-
ent directions. Some percentage of those dots moved co-
herently in the same direction, and the remainder moved 
at random. When 10% of those dots moved in the same 
direction, participants often reported coherent motion in
that direction. However, when only 5% of the dots moved 
in the same direction, participants did not perceive coher-
ent motion.

Watanabe et al.’s (2001) experiments showed that the 
skill in detecting coherent motion could be improved. Par-
ticipants were given many days of exposure to arrays in 
which 5% of the dots moved in the same direction (e.g.,
toward the top of the screen). As a consequence, partici-
pants were given much more exposure to dots moving in
one direction than to those moving in any other direction, 
but they were not aware of this manipulation. In fact, they 
did not perceive coherent motion in the 5% displays, even
after training. On test, participants were presented with 
10% coherent motion displays, which they were able to
detect reasonably well, in a range of directions. Detection 
of motion in the preexposed direction (e.g., toward the top
of the screen) was significantly better than that for any
other direction. That is, the familiar stimulus (direction 
of movement) was higher in salience than were the less 
familiar stimuli.

We have recently found a similar effect in humans, 
using our checkerboard stimuli (Lavis, Kadib, Hall, &
Mitchell, 2009). Participants were exposed to six stim-
uli, all intermixed with each other. These stimuli were 
the compounds AX, BX, CX, and DX, as well as the
elements A and B alone. On test, discrimination of AX 
and BX on a same–different task was better than that of 
CX and DX. That is, additional exposures to the unique
features produced better discrimination. In a related ex-
periment, we investigated recognition of unique features 
following intermixed and blocked preexposure. On the 
basis of the findings above, we postulated that intermixed 
preexposure to AX and BX might improve discrimination

One group of rats (the preexposed group) is given the op-
portunity to sample salty and sweet lemon on a number of 
trials prior to training. The control group is given water in
the preexposure phase.

In the subsequent training phase, all rats consume one
flavor (e.g., AX) and are then injected with lithium chlo-
ride to induce nausea. This training will produce an aver-
sion to AX that may generalize to the similar BX flavor.
The common finding is that rats given preexposure to AX 
and BX will consume more BX on test than will the con-
trol rats. That is, the aversion to AX does not generalize 
very well to BX in the preexposed rats. This finding is 
consistent with the idea that rats preexposed to AX and 
BX are better able to tell AX and BX apart—a perceptual 
learning effect.

On the basis of well-established principles of associa-
tive learning, Mackintosh (2009) proposes a straightfor-
ward mechanism to account for this finding (see also
McLaren, Kaye, & Mackintosh, 1989). He says that, as 
a consequence of preexposure, AX and BX will become 
latently inhibited. That is, any subsequent conditioning 
with these stimuli will be retarded. It is important to note 
that the common element X receives twice as much expo-
sure as either A or B because it is present on both AX and 
BX preexposure trials. Therefore, X will suffer twice as 
much latent inhibition as either A or B. In the subsequent 
training phase, when AX is followed by illness, the rela-
tively novel A element will overshadow the more familiar 
X element, and X will gain little associative strength. It 
is, of course, the associative strength of X that determines 
the degree of generalization of the aversion from AX to 
BX. Therefore, perceptual learning can be explained by 
the relative familiarity of common and unique elements 
and by the resulting latent inhibition suffered by those
elements. More generally, this theory suggests that, as
two similar stimuli become more familiar, their unique 
features become relatively more salient. An increase in 
the salience of the unique features relative to the common 
features is all that is required to improve the discriminabil-
ity of AX from BX (see also Hall, 2009).

Mackintosh et al. (1991) provided experimental con-
firmation that greater exposure to the common element
than to the unique elements of two similar stimuli can 
produce a perceptual learning effect. They presented one 
group of rats with just the X element in preexposure. This 
preexposure reduced the degree to which an aversion to 
AX generalized to BX on test. We have since observed a 
similar effect in our laboratory (Wang & Mitchell, 2009), 
using human participants and the colored checkerboard 
stimuli presented as Figure 7 in Hall (2009, p. 139 in this 
issue). We found that repeated exposures to the common
X feature enhanced discrimination of AX from BX when 
the stimuli were tested in a same–different task.

Another phenomenon that should briefly be mentioned 
is the intermixed–blocked effect (Honey, Bateson, & 
Horn, 1994). It is now well established, in a range of spe-
cies and procedures (see, e.g., Blair & Hall, 2003; Lavis
& Mitchell, 2006; Mitchell, Kadib, Nash, Lavis, & Hall, 
2008; Mitchell, Nash, & Hall, 2008; Mundy, Honey, &
Dwyer, 2007; Symonds & Hall, 1995), that intermixed 
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exposure (unsupervised learning) that requires a more so-
phisticated theoretical analysis. Mackintosh further argues 
that, even when no explicit reinforcement is given, human 
perceptual learning tasks are very often cases of supervised 
learning. As he points out, participants will often assume
(and are sometimes instructed) that their task is to look for 
differences in the similar stimuli presented in the preexpo-
sure phase. What else could the experiment be about? The
result of this active search is that when participants detect 
differences, they receive reinforcement because they have 
succeeded in their task. This reinforcement may serve to 
maintain attention, in a top-down manner, to the differ-
ences between the stimuli. Mackintosh refers to this as self-
supervised learning.

Self-supervised learning offers an explanation for why 
humans are better at discriminating AX and BX when
A and B are familiar, whereas animals are better at dis-
criminating AX and BX when A and B are relatively
novel. A human participant’s goal of maintaining attention
to A and B may be more easily achieved when A and B
are more familiar. This may be because a familiar feature, 
one for which a stronger representation exists in memory,
is more easily detected. Additional exposure to the unique 
features will, of course, facilitate this process. In contrast, 
when animals are given nonreinforced preexposure, it 
could be argued to be true unsupervised learning, because 
the animals do not know and are unlikely to guess what 
their task is. If the learning in animals is unsupervised, 
and if there is no deliberate search for the distinguishing
features of the two stimuli, then the consequence of addi-
tional exposures to A and B will be to reduce the salience 
of those features.

Watanabe et al.’s (2001) results, at least, do not seem to 
be explicable in terms of self-supervised learning: If par-
ticipants are not aware of the stimuli during preexposure, 
then the learning that takes place is almost certainly unsu-
pervised. To examine whether Watanabe et al.’s findings 
can be generalized to other stimuli, it would be interesting
to see whether additional exposures to the unique features 
A and B can improve perceptual discrimination of other 
complex stimuli, such as our checkerboards, in a truly un-
supervised learning procedure. It might not, however, be 
possible to produce learning outside of awareness with 
these stimuli.

Another possibility would be to use the approach taken 
by McLaren, Leevers, and Mackintosh (1994) and Gold-
stone (1994), in which participants are required to cat-
egorize AX and BX together. Here, X is the feature that is 
relevant to the categorization and should therefore be the 
focus of the participants’ attention. In the experiments of 
McLaren et al. and Goldstone, discrimination of AX and 
BX improved on test as a consequence of categorization
training. Additional exposures to A and B (in such a way 
that participants are not alerted to the true nature of the 
task) may further improve discrimination performance 
on test. Such a result would be very difficult to explain 
in terms of self-supervision; any supervised learning that 
occurs would be expected to increase attention to X, the
common feature that allows successful performance on 
the categorization task.

relative to blocked preexposure because it allows better 
encoding of A and B in memory. This idea was supported; 
when the unique stimulus features were presented alone
in a recognition-test task, those features that were preex-
posed on the intermixed schedule were recognized bet-
ter than those preexposed on the blocked schedule (Lavis 
et al., 2009). If, as suggested by Hall (2009), intermixed 
preexposure increases the salience or effectiveness of the
unique features,1 then, again, it would appear that it is the 
features that are better encoded in memory that are high-
est in salience.

These experiments imply that there is a limit to the 
common ground shared by humans and animals in the
way that perceptual learning takes place. On the positive
side, preexposure to the common X features of two similar 
stimuli, AX and BX, has been shown to promote percep-
tual learning in both rats (Mackintosh et al., 1991) and hu-
mans (Wang & Mitchell, 2009; Wills & McLaren, 1998).
Further evidence for a common mechanism comes from
the intermixed–blocked effect, which has been observed –
in chicks (see, e.g., Honey et al., 1994) and rats (see, e.g.,
Symonds & Hall, 1995), as well as in humans (see, e.g., 
Lavis & Mitchell, 2006; Mundy et al., 2007). There is 
also, as Hall (2009) points out, abundant evidence that
explicit training, such as differential reinforcement, can
produce similar perceptual learning effects in humans and 
animals.

However, the finding that preexposure to the unique
features alone enhances discrimination in human percep-
tual learning studies (Lavis et al., 2009; Watanabe et al.,
2001) cannot be accounted for in any straightforward way 
by associative theory. It is quite inconsistent with Mack-
intosh’s (2009) idea that perceptual learning is partly due
to the greater exposure given to the common than to the 
unique stimulus features. Furthermore, this effect is not
seen in animals (Mackintosh et al., 1991). Taken together,
the data suggest that similar stimuli AX and BX are most 
easily discriminated by humans when all of the features
(A, B, and X) are well encoded in memory. However, 
discrimination performance in animals seems to be best,
all other things being equal, when the unique features are 
less familiar (and, on this view, therefore, more salient)
than the common features. In the section that follows, two
accounts will be given for this discrepancy between the 
behavior of humans and animals in perceptual learning 
experiments. The first suggests that the difference lies in
the learning process. The second suggests that the way in 
which the tests are conducted is important.

Self-Supervised Learning in Humans
but Not in Animals

One explanation for differences observed between some
human and animal studies is suggested by Mackintosh
(2009). He argues for an important distinction between su-
pervised and unsupervised learning. As he points out, if re-
inforcement is given for responses to AX but not for those 
in BX (supervised learning), then any improvement in dis-
crimination of AX and BX on test could be explained quite
easily as the consequence of associative mechanisms (see
also Hall, 2009). It is perceptual learning following mere 
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first that such a finding could be explained in terms of 
self-supervision. A same–different task requires subjects
to look for a difference between the stimuli; this is what 
allows the A and B features to increase in salience on test.
But it is important to be clear that this top-down mecha-
nism can only maintain attention to those features already 
detected. It does not provide a mechanism by which fea-
tures are detected (and therefore encoded in memory) in
the first instance. Furthermore, in this proposed experi-
ment, the same-different task is implemented on test, so 
self-supervision cannot explain any differences observed 
as a consequence of experimental manipulations imple-
mented in the preexposure phase.

An alternative approach would be to give human partic-
ipants conditioning with AX as the conditioned stimulus
(CS). Generalization to BX may show the same pattern 
as is observed in animals. However, it may be difficult
to obtain this effect; latent inhibition is a fragile effect 
in humans.

In summary, when humans are learning to discriminate
between AX and BX, they appear to benefit from addi-
tional exposures to A and B. This effect is similar to the
easy–hard effect described by Mackintosh (see also, e.g.,
Scahill & Mackintosh, 2004). Animals do not show this 
effect unless reinforcement is given in the preexposure 
phase. One explanation for the result obtained in humans,
therefore, is that humans receive reinforcement in pre-
exposure. That is, self-supervised learning occurs in hu-
mans, which serves to reinforce detection of the unique 
features, even when no explicit reinforcement is given.
However, in Watanabe et al.’s (2001) procedure, partici-
pants are not aware of the stimuli in preexposure. Even 
under these circumstances, participants’ discrimination 
performance appears to benefit from exposures to the
unique cue. Perhaps, therefore, additional exposures to
the unique features A and B increase generalization of a
CR from AX to BX (the test task usually used in animal
studies), even though the perceptual discriminability of 
these two stimuli (as measured in a same–different task) 
is enhanced.

One very general implication of this analysis that may
seem self-evident to many is that generalization of a CR 
from one stimulus to another may not be a good indica-
tor of the perceptual discriminability of the two stimuli. 
This conclusion will, perhaps, be more important to psy-
chophysicists than to associative learning theorists. As 
Mackintosh (2009) points out, Fahle’s (2002) definition
of perceptual learning requires that a change in percep-
tion take place. Mackintosh explicitly disagrees with this 
position and would like to include a broader range of 
sometimes-nonperceptual phenomena within the defini-
tion. This disagreement may limit the extent to which the
findings of researchers from different theoretical tradi-
tions can be integrated; to some extent, animal learning
researchers and psychophysicists may simply be investi-
gating different phenomena. Nevertheless, as Hall (2009)
points out, the similarities between human and animal
perceptual learning are impressive and suggest that much
closer integration between the two traditions is possible.

If discrimination in these future studies of unsupervised 
learning in humans improves as a consequence of addi-
tional exposures to the unique features, then how could 
the discrepancy between human and animal learning be
explained? One possibility lies in the type of test used to
measure discriminability in humans and animals.

Differences in Testing Procedures Used 
in Animals and Humans

When animal researchers test stimulus discriminabil-
ity, they condition a new response to stimulus AX (e.g., a
taste aversion) and then observe the degree of generaliza-
tion of this response to BX. Researchers testing human 
participants are able to take a more direct approach: They 
can simply ask participants whether the two stimuli pre-
sented are the same or different. These two tasks may be 
sensitive to two quite different consequences of stimulus
preexposure.

First, when two similar stimuli are presented, the ani-
mal is given the opportunity to detect the various stimulus 
features, both common and unique, and to encode those
features in memory. Once the stimulus features are well
encoded in memory, they may be more easily identified 
when presented on test. The second thing that the animal 
learns is that the various features presented do not pre-
dict or signal anything of significance. Thus, the features 
become latently inhibited. As Mackintosh (2009) points 
out, the common features will suffer more latent inhibi-
tion than will the unique features because the common
features are presented twice as often.

Latent inhibition can be expected to have a profound 
effect on the test of perceptual learning usually used in 
animal conditioning studies. If X is low in associability
relative to A (due to latent inhibition), then A will gain the 
majority of the available associative strength when AX is 
conditioned. Generalization of the conditioned response
(CR) from AX to BX will, therefore, be weak. In other 
words, AX and BX will appear to be easily discriminated. 
If additional exposures to A and B are given, the associa-
bility of these features will decline. As a consequence,
the common X feature will compete more readily for as-
sociative strength on AX conditioning trials, and stronger 
generalization will be observed between AX and BX. This
will be interpreted as a reduction in discriminability.

In a same–different task, no conditioning takes place. 
It is unlikely that the associability of A, B, and X and any 
latent inhibition they may have suffered will affect per-
formance on this task. Performance may be determined 
by the ease with which the various stimulus elements—in 
particular, the unique features—can be identified (Gibson, 
1969). If so, performance will be expected to be improved 
by additional exposures to the unique features. Therefore, 
the differences observed between human and animal stud-
ies could be due to the different test tasks used.

The way to test this idea would be to present animals
with AX and BX in a same–different task following pre-
exposure (e.g., Brooks & Wasserman, 2008). The straight-
forward prediction is that additional exposures to A and B 
will improve performance on this task. It may appear at 
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data. The four models against which the ideal learner is 
compared include a very simple frequency-counting model
(Type 1); a model that counts pairwise co-occurrences of 
shapes (Type 2); a model that calculates the conditional 
probability that two shapes will co-occur (Type 3); and, 
finally, a more complex model (Type 4) described by Fiser 
(citing Dayan & Abbott, 2001) as an implementation of 
the most studied associative model of unsupervised learn-
ing in the literature.

Despite the range of models tested, many readers may
feel that Fiser (2009) does not provide a thorough enough
test of associative theory. They may argue that some other 
associative model would provide a more accurate fit to
the observed data than that provided by the ideal learner.
Probably the most obvious candidate theory is the influ-
ential model of perceptual learning proposed by McLaren 
and Mackintosh (2000). These authors proposed a vari-
ety of mechanisms that, taken together, might provide an
account of Fiser’s results and suggest ways in which the
theories could be further tested. However, of course, it is
for the proponents of the associative approach to conduct
this research and to meet the challenges posed by Fiser’s 
very interesting findings. Conversely, there are findings
from the animal literature, such as the intermixed–blocked 
effect, that are not accounted for by the ideal learner. Thus, 
the Bayesian approach also requires further refinement to 
accommodate all of the available data.

Fiser (2009) describes some of the Bayesian theories as 
“a statistical reformulation of different learning theories” 
(p. 141). One possible outcome of future theoretical de-
velopment and refinement, therefore, is that associative 
models can, at least to some extent, be reformulated as
Bayesian inference, and vice versa. If this is the case, then
the approach of testing individual Bayesian models against
individual associative models would be of limited value.2
There is, though, one fundamental difference between the
Bayesian and associative approaches that can be tested. 
From the Bayesian perspective, “the goal of learning is to
develop a representation of the outside world including 
the relations between the CS and the US [unconditioned 
stimulus]” (Fiser, 2009, p. 149). In contrast, the traditional 
associative view is that learning involves the formation of 
a link between the nodes that represent the relevant stimuli, 
such as a CS and US. The link itself is not a representation; 
it is simply a psychological mechanism that allows activa-
tion to be transmitted from one node to another. At least in
humans, the available evidence seems to favor the Bayesian
approach: Learning does appear to involve the acquisition 
of a belief about relationships between events in the world 
(see Mitchell, De Houwer, & Lovibond, in press). An in-
teresting possibility, however, is that perceptual learning
will turn out to be quite different. When we perceive an 
object differently as a consequence of exposure, it may be 
because links form between the elements of that object,
allowing one element to activate the other.

Perceptual Learning Outside of Awareness
Both Fiser (2009) and Tsushima and Watanabe (2009)

suggest that perceptual learning may take place outside

The Bayesian Approach to Learning
Fiser’s contribution to this special issue addresses the

way in which we construct mental representations of 
complex visual images. His approach departs from the
elemental analysis of stimulus representation that is the 
starting point for the associative analysis of perceptual 
learning. In Fiser’s experiments, combinations of shapes
in a particular configuration serve as stimuli (e.g., Fiser 
& Aslin, 2001, 2002). The task for the participant is to 
ignore coincidental shape pairings and learn which shapes
regularly go together to form a stimulus. Fiser (2009) de-
scribes many experiments of this kind, which test a range
of different conditions. For example, in one such experi-
ment, participants were presented with four-shape stimuli 
(combos) in training and were then asked whether they
recognized those stimuli, or parts of those stimuli (e.g., a 
pair of shapes contained within the combo), on test. Fiser 
demonstrates an impressive fit between his computational
model, developed within a Bayesian framework, and the 
human recognition data observed in his experiments.

On the face of it, Fiser’s (2009) task seems more like
a standard associative-learning task than a perceptual-
learning task. Thus, participants must learn which shapes 
go together; they are not required to discriminate very
similar stimuli (or combinations). We would still want to
argue that this is a form of perceptual learning. It seems
reasonable to suppose that if one has two separate and 
strong representations of two similar stimuli in memory, 
then discrimination of those two stimuli will be enhanced.
In fact, McLaren and Mackintosh (2000) provide one
mechanism by which associations between stimulus ele-
ments—unitization—might produce better discrimination. 
If we allow that Fiser’s task requires a form of perceptual 
learning, the question then is whether Bayesian-model av-
eraging provides a better account of this kind of learning 
than do traditional associative models. Fiser also makes 
the more general point that Bayesian models may provide 
a better explanation of all associative-learning phenomena
than do associative (link-based) learning models.

When comparing the Bayesian and associative ap-
proaches, it is important to be clear that these are both 
frameworks. The Bayesian framework assumes that
learning is a kind of statistical inference. The associative 
framework assumes that learning results from the linking 
of representational nodes, so that the presentation of one
stimulus is able to activate the representation of another. 
Within each framework, a great many theories are pos-
sible. Consequently, finding that a single specific Bayes-
ian model outperforms a single specific associative model 
does not suggest that the Bayesian framework as a whole 
is superior to the associative framework, or vice versa. 
The great variety of link-based models that have been pro-
posed allows the associative-learning theorist great flex-
ibility for explaining a given data set. Proponents of the 
Bayesian approach are generally sensitive to this issue and 
test their models against a variety of competing models.

In his own work, Fiser compares a Bayesian model, the
“ideal learner,” with four other models and finds that the
ideal learner provides the best fit to the human behavioral 
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Mitchell, C. J., De Houwer, J., & Lovibond, P. F. (in press). The 
propositional nature of human associative learning. Behavioral & 
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Mitchell, C. [J.], Kadib, R., Nash, S., Lavis, Y., & Hall, G. (2008).
Analysis of the role of associative inhibition in perceptual learning by
means of the same–different task. Journal of Experimental Psychol-
ogy: Animal Behavior Processes, 34, 475-485.

Mitchell, C. [J.], Nash, S., & Hall, G. (2008). The intermixed–
blocked effect in human perceptual learning is not the consequence of 
trial spacing. Journal of Experimental Psychology: Learning, Mem-
ory, & Cognition, 34, 237-242.

Mundy, M. E., Honey, R. C., & Dwyer, D. M. (2007). Simultaneous
presentation of similar stimuli produces perceptual learning in human 
picture processing. Journal of Experimental Psychology: Animal Be-
havior Processes, 33, 124-138.

Scahill, V. L., & Mackintosh, N. J. (2004). The easy to hard effect and 
perceptual learning in flavor aversion conditioning. Journal of Experi-
mental Psychology: Animal Behavior Processes, 30, 96-103.

Shanks, D. R., & St. John, M. F. (1994). Characteristics of disso-
ciable human learning systems. Behavioral & Brain Sciences, 17,
367-447.

Symonds, M., & Hall, G. (1995). Perceptual learning in flavor aversion 

of awareness. Animal learning theorists are usually inter-
ested in this issue only to the extent that it might reveal
the operation of “true” associative processes in humans 
or prevent self-supervised learning from taking place.
However, this issue is of great interest to many human 
learning theorists. Past demonstrations of learning out-
side of awareness have, since their publication, very 
often been shown to be open to an alternative interpreta-
tion (e.g., Lovibond & Shanks, 2002; Shanks & St. John,
1994). But Watanabe et al.’s (2001) results, in particular, 
are very persuasive. Their participants appear to have 
been unaware of the presence of the 5% coherent mo-
tion they were exposed to, but they learned nevertheless.
Furthermore, when 10% coherent motion (that could be
detected by participants) was used in the preexposure 
phase, no perceptual learning was observed (Tsushima, 
Seitz, & Watanabe, 2008). Because unaware learning is a
topic of considerable theoretical interest in its own right,
and because the data presented by Watanabe and cowork-
ers are compelling, it is important that these results be
subjected to the closest scrutiny.

Conclusions
The four contributions in this special issue raise a num-

ber of points that are fundamental to our understanding of 
perceptual learning both in humans and in animals. These 
articles come from three quite unconnected research disci-
plines. I hope that this overview will, to some extent, help
to highlight the ways in which these research areas are
(and are not) related. It seems to me that Fiser, Tsushima, 
and Watanabe were extremely good choices to represent
the nonassociative perspectives on perceptual learning. 
Both of the articles from these contributors make contact
with the perceptual-learning work conducted in the asso-
ciative tradition, and in quite different ways. Perhaps more 
important, both articles present evidence that challenges 
existing associative accounts of perceptual learning. As-
sociative learning theorists are, however, famously inge-
nious, and they undoubtedly will offer a robust response.
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