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Opinion
Glossary

Generalization: The response of a learner to previously unseen stimuli.

Generalization is a crucial aspect of learning. For example, in categorization

the correct category labels for a set of training stimuli can be learnt by heart.

Successful learning of a category should therefore also manifest itself in

correct categorization of new stimuli.

Kernel: Intuitively speaking, a kernel measures the similarity of two stimuli.

Many of the similarity measures used in psychological models are kernels in

the machine learning sense. Formally, a so-called positive definite kernel is a

function of two arguments that represents an inner product (dot product) in

some feature space.

Learning: In machine learning, the term learning is often used to mean

estimating parameters in a model. The estimation problem often takes the

form of an optimization problem, in which case learning amounts to finding

the optimal parameters.

Radial-basis-function (RBF): A function that depends on the distance of a

stimulus to a reference stimulus. Usually the distance is given by a norm on a

vector space. This is analogous to tuning-curves where the response of the

neuron depends on the ‘distance’ of the stimulus to the characteristic stimulus

of the neuron. For example, a Gaussian RBF is an exponential function of the

squared Euclidean distance between the stimulus and a reference stimulus.

Likewise, an exponential of the city-block distance is sometimes called

Laplacian (but so is an exponential of the Euclidean distance).

Regularization: A technique to deal with high-dimensional estimation pro-

blems where the amount of data is not sufficient to effectively estimate all the

parameters. Regularization imposes additional constraints on the parameters,

for example a preference for small parameter values.

Training Data: To get a realistic estimate of a learning algorithm’s general-

ization performance the available data is split up into a training and a test set.

During training the learning algorithm is given the training data, however the

generalization performance is measured on new data, the test set, that the

algorithm has never seen before.
Kernel methods are among the most successful tools in
machine learning and are used in challenging data
analysis problems in many disciplines. Here we provide
examples where kernel methods have proven to be
powerful tools for analyzing behavioral data, especially
for identifying features in categorization experiments.
We also demonstrate that kernel methods relate to
perceptrons and exemplar models of categorization.
Hence, we argue that kernel methods have neural and
psychological plausibility, and theoretical results con-
cerning their behavior are therefore potentially relevant
for human category learning. In particular, we believe
kernel methods have the potential to provide expla-
nations ranging from the implementational via the algo-
rithmic to the computational level.

Learning in Humans and Machines
Researchers in the field of machine learning study algor-
ithms capable of learning from data. Because learning is an
important aspect of intelligent behavior, machine learning
has become a central aspect of research in artificial intelli-
gence. If machines are to behave intelligently in real-world
scenarios, they will have to adapt autonomously to uncer-
tain environments. Modern machine learning is therefore
deeply rooted in probability theory and statistics - fields
that deal withmodeling of and reasoning with uncertainty.
Machine learning also has some roots in cognitive science.
Because the clearest examples of learning occur in humans
and animals, early research in machine learning has been
heavily influenced by ideas from psychology and neuro-
science. Whole subfields of machine learning deal with
reinforcement learning [1] or learning in artificial neural
networks [2,3]. Biologically inspired algorithms have, how-
ever, become less popular in machine learning as the
theoretical understanding of the statistical aspects of
learning has progressed. At the same time, researchers
in machine learning have considerably broadened their
interests in applications. Machine learning algorithms are
now successfully applied in such diverse areas as bioinfor-
matics [4] or collaborative filtering [5]. Many of these
applications are far removed from the core interests of
cognitive scientists. Because the computational con-
straints that these applications impose on learning in
terms of space, time and data are very different from
constraints on humans or animals, most of the algorithms
used do not seem to be psychologically or biologically
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plausible as models for human or animal learning. Hence,
it is no surprise that today interactions between research-
ers interested in machine learning and researchers inter-
ested in human or animal learning are fewer and less
intense than in the heyday of neural networks, be they
perceptrons [6] or parallel distributed processing models
[7].

There are, nevertheless, good reasons why cognitive
scientists should care about the path that machine learn-
ing has taken in the time since neural networks went out of
fashion. First, machine learning methods are used for
challenging data analysis problems in many fields and
can also be used for data analysis in cognitive science.
Second, many of the problems that machine learning tech-
niques try to address are still similar to the problems that a
human learner faces - even if, at first glance, these tech-
niques do not seem to be plausible psychological models for
learning. If there is progress in the theoretical understand-
ing of the core problems of learning in machines, this will
be very likely to impact our theoretical understanding of
learning in humans, and vice versa. The fact is, on the
Weights: In a linear model the parameters are often referred to as weights

because the output is a weighted combination of the response of the feature

detectors.
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Figure 1. A perceptron for discriminating two categories A and B is defined by a set of feature detectors w1, ..., wm. For a stimulus x the responses for all the feature detectors

are calculated and a weighted sum, using weights w1 to wm , is formed. This process is illustrated in panel (a). Each of the feature detectors is represented by a node in the

network. The output node collects the responses of all the feature detectors. If the output is greater than a threshold the perceptron responds with category A otherwise it

responds with category B. Graphically, the perceptron maps all stimuli, for example the four stimuli on the left side of panel (b), to a feature space where the perceptron

defines a linear decision boundary (dashed line on the right). Learning a new category distinction can be accomplished by adapting the weights and thereby the linear

decision boundary. Note that the four stimuli in panel (b) form a XOR pattern that cannot be separated by a linear decision boundary in the original representation but can

be learned after mapping the stimuli to the feature space.

Box 1. Perceptrons and Regularization

A perceptron is defined as a weighted sum of the responses of a set

of m feature detectors w1, ..., wm (see Figure 1):

f ðxÞ ¼
Xm

i¼1

wi’iðxÞ: (1)

If the response f(x) is larger than a threshold, x will be classified as

category A, otherwise as B. Learning in a perceptron is understood as

adapting the weights. One can think about learning as the statistical

problem of trying to estimate the weights that best predict the correct

category labels for new stimuli.

If the feature detectors are chosen restrictively, then there will be

category distinctions that cannot be learned by the perceptron

because the categories cannot be separated by a linear decision

function in the feature space. One restriction is the functional form

of the feature detectors (for example, linear or quadratic in the

inputs, diameter-limited, etc.). Another restriction is the number of

feature detectors. Both of these determine a perceptron’s capabil-

ities. For example, it is well-known that four points that form an XOR

pattern in a two-dimensional space cannot be separated by a linear

decision function in this space [16,17].

In order to give the perceptron a lot of flexibility one would like to

allow a large number m, potentially an infinite number, of feature

detectors. In this case, it seems hard to generalize to new, previously

unseen stimuli. Learning – or in statistical terms: estimating – the

weights w1, ..., wm can still be successful, even if the number of

stimuli n is a lot smaller than m, if regularization techniques are

used. The optimal weights are found by trading off the fit to the

data, that is, how well the perceptron replicates all the category

labels on the training examples, with the magnitude of the weights.

This extra constraint reduces the effective dimensionality of the

learning problem. By using regularization techniques it is possible

to use high-dimensional feature spaces and, in many cases, still be

able to generalize. Similar techniques for trading off model fit with a

penalty term are used in model selection. For more details see refs.

[11,12,13].
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computational level [8] humans and machines both face
the same problem: they need to learn from data.

In recent years both roles that machine learning can
play within cognitive science - data-analysis and compu-
tational-level modeling - have been clearly articulated in a
Bayesian framework [9,10]. Here, we focus on a different
set of techniques from machine learning, called kernel
methods [11,12,13]. Unlike multi-layer neural networks,
kernel methods are linear methods, as we describe below.
They combine the simplicity of linear methods with the
flexibility of non-linear models. We give examples where
kernel methods have proven to be powerful tools for ana-
lyzing behavioral data, especially for identifying features
in categorization experiments. We also show that kernel
methods can be linked naturally to perceptrons and exem-
plar models of categorization [14,15]. Hence, we argue that
kernel methods have neural and psychological plausibility
and theoretical results concerning their behavior are there-
fore potentially relevant for human category learning.

Overview of Kernel Methods
There are two complementary views of kernel methods. In
the context of category learning, cognitive scientists might
call them the perceptron view and the exemplar view.
Imagine a subject presented with a stimulus and facing
the task of putting this stimulus in one of two categories.
The subject will note certain aspects of the stimulus and
map the stimulus to an internal representation using
(usually non-linear) feature detectors. A perceptron is a
linear combination of the extracted features together with
a threshold element [6]. The feature detectors play an
important role in determining the categorization behavior
and the learning capabilities of the perceptron (see
Figure 1).

Usually, one does not know in advance which feature
detectors will be useful for learning a new category. Hence,
one would like to allow a great number of different feature
detectors. However, in the extreme, if the number of inde-
pendent feature detectors m is greater than the number of
382
stimuli n that a subject encounters, one will have to
estimate m parameters (the sign and relative importance
of each feature detector) from n<m data points (the
stimuli). In this case it seems hard to learn anything from
the training examples. It is nevertheless possible by using
a technique called regularization (see Box 1).



Box 2. Kernel Methods and Exemplar Models

The so-called representer theorem assures that the optimal weights

for the regularized learning problem (see Box 1) can be expressed as a

linear combination of the training examples x1, ..., xn:

wi ¼
Xn

j¼1

a j’i ðx jÞ: (2)

Also many classic learning rules (for example, the perceptron rule or

the delta rule) guarantee that the weights at each step during learning

are always expressible in this form. Plugging this form of the weights

into the definition of the perceptron (see Box 1) and reordering terms

one obtains

f ðxÞ ¼
Xn

j¼1

a j

Xm

i¼1

’iðxÞ’iðx j Þ: (3)

Let us define a shorthand k(x,y) for the sum over the features:

kðx ; yÞ ¼
Xm

i¼1

’iðxÞ’iðyÞ: (4)

This symmetric function is defined on pairs of stimuli x and y and it is

called a kernel. It calculates the inner product of x and y in feature

space. Intuitively speaking, the inner product measures the similarity

between x and y. The response of the perceptron is then equivalently

written as

f ðxÞ ¼
Xn

j¼1

a j kðx ; x jÞ; (5)

a weighted sum of the similarities to the exemplars x1, ..., xn (see

Figure 2). This function is linear in the weights aj. As in the perceptron,

learning in this representation can be understood as estimating weights.

In cognitive science such a model is calledan exemplarmodel [18,19,20].

Hence, each set of feature detectors defines a natural similarity measure

k such that anyperceptron canequivalently beexpressed asan exemplar

model. It is often more natural to define the similarity k between stimuli

directly, rather than defining a large set of feature detectors first. In these

cases the exemplar formulation of the perceptron can be more useful

(and computationally more efficient, too). Under certain conditions on k,

that is k has to be a positive definite kernel, it is guaranteed that k can be

expressed asan inner product between feature vectors (similar to (4), but

with a potentially infinite number of features) and therefore an exemplar

model using k hasan equivalent formulation as a perceptron. A common

way of regularizing the solution in kernel methods is by the norm of the

weight vector in the feature space. It can be shown that even in the

infinite dimensional case, this norm can be evaluated using the kernel.

For more details see refs. [11,12,13].
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The ‘representer theorem’ [13] states that the optimal
weights in a regularized learning problem are a linear
combination of the training examples in feature space.
Classic learning rules like the perceptron rule or the delta
rule share this property. The response of the perceptron to
a stimulus can then be expressed as a weighted combi-
nation of the similarity of the stimulus to the training
exemplars. This is akin to exemplar models in cognitive
psychology [18,19,20] (see Box 2 and Figure 2). Hence, the
response of the perceptron in a potentially high-dimen-
sional feature space is equivalent to an exemplar model
with a suitably defined similarity measure. The similarity
measure is called a kernel in machine learning, hence the
term kernel methods.

Interestingly, many similarity measures that are used
in cognitive psychology are kernels in themachine learning
sense [11,20,21]. In particular, radial basis functions
(RBFs) - for example, Gaussians or Laplacians - are used
in models of categorization [15,18,22] and object recog-
nition [23,24]. In theoretical neuroscience, RBFs are used
to model tuning curves of neurons, where the connection
with kernels and regularization theory has long been
known [25,26,27].

Kernel Methods for Feature Identification
A central goal for behavioral scientists is discovering how
the different aspects or features of a stimulus influence
behavior. For simple tasks and stimuli it is possible to
predict a subject’s response from the physical properties of
the stimulus. In many laboratory tasks, experimenters
impose on participants which features he or she can use
to solve the task. This is particularly true for experiments
and models of categorization where the stimuli ‘‘wear their
features on their sleeves’’ [28]. For natural categorization
tasks, however, there are typically a multitude of potential
features that a subject might be using. Without knowing
the features, or internal representations that subjects use,
it is hard to develop models of how subjects reach decisions
that lead to the observed responses.
Over the last years, we and several colleagues used
kernel methods to identify those features that best predict
a subject’s response in psychophysical tasks with natural
stimuli [29,30,31,32]. Like other black-box methods, these
methods substitute a very hard to analyze complex system
- the complete human observer - with a less complex
system that is sufficiently sophisticated to re-create human
decisions during a psychophysical task, but is still amen-
able to mathematical analysis. The central idea is to use
networks of the kind shown in Figure 1 and Figure 2 as a
statistical model to predict the category responses pro-
vided by human subjects. In this way a network is used
to re-create the internal decision space of individual
human subjects.

For example, this approach was used to predict obser-
vers’ categorization responses when indicating the gender
of human faces shown repeatedly during a gender categ-
orization task [29]. The human category responses, male or
female, are systematically different from the gender of the
faces shown. In the simplest case, a perceptron (as shown
in Figure 1) is used and restricted to linear features w1, ...,
wm. The goal is to find the weights of the network that best
predict the category responses of the subjects. Because the
network calculates a linear combination of the features and
a linear combination of linear functions is a linear function,
this is equivalent to trying to find the best linear feature. In
the gender categorization example, the best linear feature
that can be calculated from the pixel values as input is
itself an image that puts most weight on the pixels that
best predict subjects’ responses. If the stimuli consist of
256x256 pixel images, a learning algorithm will have to
estimate as many weights. Because the number of stimuli
that one is able to show to participants in an experiment is
usually smaller than this, it is important to use regular-
ization techniques (see Box 1).

There are other methods that try to find the stimuli that
best predict responses, for example, the bubbles technique
[33,34] or classification image methods [35,36], which are
closely related to reverse-correlation as used in single-cell
383



Figure 2. An exemplar model has a similar structure like a perceptron: For a

stimulus x it forms a weighted sum, using the weights a1 to an, of the responses of

a set of neurons. The nodes in the network calculate the similarity kðx ; xi Þ of x with

each of the exemplars x1 to xn that were shown during training. This is illustrated

in panel (a). Kernel methods in machine learning do the same. They use special

similarity measures, called kernels. In cognitive psychology and theoretical

neuroscience one often uses so-called radial-basis-functions (RBFs) as similarity

measures, for example Gaussians or Laplacians. Panel (b) shows the response of

such an exemplar model to the stimuli from Figure 1. Close to the stimuli from the

yellow category the response is high and close to the stimuli from the red category

the response is low. Learning in kernel methods means adapting the contribution

of each exemplar to the overall response.
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physiology [37,38]. Unlike the approach described above,
these methods disrupt or at least change the stimulus
dramatically: either stimuli are embedded in visual noise
in case of ‘traditional’ classification images or they are
severely windowed in case of the bubbles technique. Also,
generalizations of these methods to non-linear features or
even combinations of non-linear features are not straight-
forward.

Recently, we together with colleagues [30,31] showed
one natural extension of our approach to identifying non-
linear features of a certain form. This work also illustrates
that kernelmethods are, of course, not limited to predicting
subjects’ behavior in standard categorization tasks. In the
study, subjects’ eyemovementswere trackedwhile viewing
natural images. Small image patches around each fixation
were extracted and compared to equally big image patches
from the same images that were not fixated. The goal was
to identify the features in an image patch that lead an
observer to fixate it. Using an exemplar model (as shown in
Figure 2 and explained in Box 2) with a Gaussian kernel -
that is, an RBF-network-fixations on new images were
predicted in terms of weighted similarities to previous
384
fixations. The resulting network could effectively be
approximated by an RBF-network with just four nodes.
This smaller network can be interpreted as extracting the
similarity to four distinct stimuli as non-linear features
and led to four neurophysiologically very plausible features
(Figure 3 illustrates how the method works).

Kernel Methods as Computational Models
Ultimately, we need models that are neurally and psycho-
logically plausible. We also want to understand how a
model solves the problem faced by a subject in an exper-
iment. Models in cognitive science are hence often categor-
ized according to Marr’s levels of explanation: the
computational, the algorithmic, and the implementational
levels [8]. Kernel methods are related to RBF networks on
the implementational level and exemplar models on the
algorithmic level. Hence, we believe that theory developed
for kernel methods in machine learning is of great interest
to cognitive scientists because it potentially offers expla-
nations on the computational level. In this triangle of
related models and methods from machine learning (ker-
nel methods), cognitive psychology (exemplar models) and
theoretical neuroscience (RBF networks), we see the pro-
spect of bridging Marr’s levels. The role that machine
learning could play in this enterprise is clear: to facilitate
understanding of what learning is, what the core problems
are, and how models of human, animal, and neural learn-
ing solve these.

In a categorization task such as gender categorization, a
subject has to solve a categorization problem, and the same
problem can be given to a machine classifier, for example a
kernel machine as shown in Figure 2. Instead of using the
network as a statistical model for a subject’s responses, by
training it on the subject’s responses as in the research
discussed in the previous section, one can train the net-
work on the same inputs and the same feedback that a
subject is given during category learning – as is usually
done in cognitive modeling. Instead of providing a statisti-
cal model for the subject’s responses, one treats the subject
as trying to statistically model the data he or she observes.
Using the tools-to-theories heuristic [39] the compu-
tational problem that the subject tries to solve can be
formalized in the sameway that it is formalized inmachine
learning.

At the computational level, most experimental tasks are
set up as a two-category problem. As in machine learning,
the problem of learning a new category distinction in an
experiment can be conceptualized as a matter of general-
ization. In this mode, the computational solution that a
learning algorithm tries to provide is to generalize well. If a
subject is confronted with a previously unseen stimulus,
will this stimulus be categorized correctly? Kernelmethods
with regularization techniques are one particularly well-
understood way of assuring a good generalization perform-
ance [13]. Because kernel methods are related to exemplar
models and RBF networks, one might hope that insights
from machine learning can be transferred to cognitive
psychology and theoretical neuroscience. However, how
much potential for cognitive science one sees in such an
approach – and that has still to be spelled out in detail –

crucially depends on how one assesses the relevance of



Figure 3. One way to estimate non-linear features was suggested by [31]: As an example consider their problem of predicting for a 13x13 image patch whether it is likely to

be a saccade target or not. Formally, this is also a categorization problem. Panels (a) to (d) illustrate how the method works in principle. Panel (a) depicts a set of image

patches that have (yellow) or have not (red) been saccade targets for a set of training patches in a high-dimensional image space. The yellow-to-red gradient in the

background and the contour lines represent the response of a kernel method with a Gaussian kernel after having been trained on the training patches. The resulting network

is shown on the left of panel (d). Panel (b): In a second step gradient descent is performed repeatedly with different starting points on the function that the trained network

implements. In this case, four extrema (crosses) were identified. Panel (c): Using the positions of the extrema a network with four kernels centered on the extrema is

constructed to approximate the original network. Note the change in the contour lines compared to panel (b). Panel (d) shows the original network (left) and its

approximation (right). The features that were recovered in this example are neurophysiologically plausible: The more similar an image patch is to a center-surround

structure (z3 and z4) and the less similar it is to a ramp (z1 and z2) the more likely it will be a saccade target. This figure is adapted from [31].
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exemplar models and RBF networks for cognitive science
in the first place.

Exemplar models are not only discussed as models for
categorization but also as models for perceptual expertise,
object recognition, or automaticity [40,41]. As classic
psychological models, exemplar models are specified on
the algorithmic level. Exemplars are stored in memory
and a new stimulus is compared to old stimuli before a
response is made [14]. Although this basic idea links
exemplar models and kernel methods [42], exemplar
models also account for additional aspects of behavioral
data, like attention shifts, learning curves, and response
times [15,18,43]. Despite the success of exemplarmodels in
matching data from a large number of laboratory exper-
iments, there are many effects in the categorization litera-
ture - especially those involving background knowledge,
rule-based categories, and abstraction - that go beyond the
capabilities of basic exemplar models [44]. Some of these
effects seem to require the specification of additional mech-
anisms in addition to a simple exemplar model [45–48] or
the postulation of multiple categorization systems [49] and
hybrid models, of which exemplar models are a subpart
[50,51].

Because exemplarmodels lack abstractionmechanisms,
they are often contrasted with prototype models. Even for
those laboratory experiments that have traditionally been
considered to provide good evidence for exemplar effects,
there has been some debate about whether the data can be
modeled without prototype abstraction [52–55]. This
debate however, sometimes obscures the fact that proto-
type models and exemplar models are almost identical in
all but one respect: the choice of representatives. Recent
modeling efforts have blurred the distinction between the
two types of models. There are models that allow for
multiple prototypes and a continuum of abstractions
[22,56–58] and there are models that reduce the number
385



Box 3. Questions for Future Research

� There is a large literature on feature selection in machine learning,

especially in conjunction with kernel methods [68]. Also, there are

attempts to learn the kernel, that is the similarity measure, without

making strong assumptions [69,70]. Hence, there are many more

methods that could potentially be useful for identifying the

features, or corresponding similarity measures, that best predict

subjects’ responses. Furthermore, in many situations a human

category learner has to learn the right features - or alternatively the

right similarity measure - at the same time as he or she learns the

categories [28]. Machine learning methods could provide us with

hypotheses on how a human learner might achieve this.

� A major concern for exemplar models in cognitive science is

whether all stimuli have to be stored in memory. Often the same

categorization performance can be achieved with a smaller network

that does not remember all exemplars (that is, most of the

exemplars have a zero weight). Such solutions are called sparse

in machine learning and statistics. For feature identification, we also

want a solution that is sparse, so we can interpret the results. In the

methods described here we obtained sparseness by approximating

the original network by a smaller network with different nodes (see

Figure 3). There are other ways to achieve sparseness, for example

by reduced-set methods [13]. Different regularization mechanisms

also lead to different degrees of sparseness [71], as exploited in the

Lasso [72] and recently in the field of compressive sensing [73].

� One major advantage of kernel methods is that the same

techniques can be used irrespective of what the kernel is. Here,

we have mainly considered radial basis functions because

of their psychological and neural plausibility. However, poly-

nomial kernels also have some plausibility [11], and they can

potentially be used for identifying critical features via Wiener and

Volterra Theory [74]. There are also kernels that can deal with

non-vectorial stimuli, like strings, trees or graphs [12].

Such kernels might be useful for modeling categorization of

interestingly structured stimuli, like sentences or visual objects.

Of particular interest in this context are recursively defined

kernels [75,76].

� A lot of theoretical work in cognitive science and machine learning

has focused on either supervised or unsupervised learning, that is,

scenarios where either the category labels for all of the stimuli or for

none of the stimuli are provided. However, in the real world only

some of the stimuli might be labeled. This scenario is called semi-

supervised learning in machine learning [77] and such scenarios

can be studied in human category learning, too [78,79]. Similarly, a

category label might refer to one of several possible stimuli.

Imagine a parent uttering the word dog when there are plenty

objects in a scene and a child does not know to which the parent

refers. This scenario is called multiple instance learning in machine

learning [80].

Opinion Trends in Cognitive Sciences Vol.13 No.9
of exemplars [59]. These models are similar in spirit to the
approach that is illustrated in Figure 3: find a set of stimuli
smaller than the set of all training exemplars but equally
representative of the category (or category distinction) in
question. Furthermore, due to the correspondence between
perceptrons and exemplar models that is explained in Box
2, the simplest exemplar model can be seen as a prototype
model in a suitable feature space – at least formally [11]. In
any case, exemplar models have been and still are extre-
mely important as a well-developed null-hypothesis and a
theoretical starting point for all research on categorization.

Part of the attraction of exemplar models, in our view, is
that linking them to the implementational level seems
straightforward, because they can be expressed as neural
networks [18]. An exemplar is represented by a pool of
neurons. The similarity of this exemplar to other stimuli is
implemented by the tuning curves of the neurons. Stimuli
that are similar to an exemplar will make the correspond-
ing neurons fire but at a lower rate. Tuning curves thus
implement the kernel. The response of the animal is
obtained by integrating excitatory and inhibitory
responses for many pools of neurons. Related ideas have
long been discussed in the object recognition literature as
neurally plausible mechanisms, where it might be possible
to link the neural level with the computational level
[23,24,26,27]. These studiesmotivated electrophysiological
work looking for respective tuning curves [60]. More
recently,multidimensional psychological spaces and atten-
tion shifts that have been crucial aspects of models in
cognitive psychology have also been investigated electro-
physiologically [41,61,62].

The Future of Kernel Methods in Cognitive Science
In a recent series of papers, we have spelled out explicitly
the relationships between certain kernel methods in
machine learning and common exemplar models in cogni-
tive science [11,20,21]. These studies provide groundwork
for transferring insights from kernel methods to exemplar
386
models. So far the role for machine learning in bridging
Marr’s levels of explanation for categorization models
admittedly remains speculative. We believe, however, that
there are some promising paths to pursue.

If one accepts that, at the computational level, both
humans andmachine learning algorithms try to generalize
well, then cognitive scientists will be able to make use of
the wealth of theory on generalization that has been
developed in machine learning [63,64]. In fact, there are
already attempts to use insights on generalization for
understanding human category learning [20,22,65]. We
believe that future work will need to bridge the gap be-
tween concrete learning algorithms and the computational
problem of generalization [66,67]. It could be useful if
concrete and successful suggestions for learning algor-
ithms in the literature on human category learning, such
as ALCOVE [18], could be backed up by a formal analysis of
their generalization performance, to clarify whether they
actually solve the problem that the learner faces. More
suggestions for future research can be found in Box 3.

We have shown that kernel methods can be useful for
identifying features in categorization tasks. We have
further argued that there is great potential for transferring
insights from kernel methods to human category learning.
More generally, there is hope that increased interest in
kernel methods from cognitive scientists could increase
cross-talk between theoretical neuroscience, cognitive psy-
chology, and machine learning. Although it is exciting to
see that all three fields converge on similar ideas, it is
important to note that these developments were not inde-
pendent of each other. In addition to sharing intuitions on
categorization and similarity, researchers across fields
share influences from the early days of artificial intelligence
and cognitive science. The popularity of these ideas might
also be explained in part by the fact that kernelmethods are
linear methods and are therefore simple enough to be
handled with widely and well understood mathematical
tools. This does not have to be a disadvantage. Kernel
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methods are promising tools for cognitive scientists because
they are simple enough to be analyzed thoroughly but at the
same time they are powerful enough to tackle realistic
learning problems.
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