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a b s t r a c t

Habituation, a decrement in response to a stimulus that is presented repeatedly without ill effect, can be
identified in almost all animals. It can also be used in machine learning to provide a variety of different
applications, such as novelty detection, recency encoding, and temporal signal pre-processing. This paper
examines how habituation can be mathematically modelled, and discusses how well these models fit the
revised characteristics of habituation. It then demonstrates how the models can be combined with neural
networks in order to realise the various applications. Finally, some simple experimental results are pre-
sented that demonstrate the effectiveness of the methods.

� 2008 Elsevier Inc. All rights reserved.
1. Introduction

Other papers in this issue discuss the effects of habituation, and
the mechanisms that cause it, in real learning systems. The impor-
tance of these investigations is clear, especially when the comment
of Zeaman (1976, chap. 9) is taken into consideration:

‘‘Habituation is like rats and cosmic rays. If you are a psycholo-
gist, it is hard to keep them out of your laboratory”

This paper differs from the others in this issue in that it does not
examine habituation in an animal. Rather, it considers numerical
models of habituation, and how and why they should be used in
artificial intelligence and machine learning. The ubiquity of habit-
uation in animals suggests that it is of great importance, and this is
sufficient reason to study whether or not it can have application in
artificial as well as natural learning systems. The success of neural
networks as an algorithmic model came about because of the
abstraction of a mathematical model of the neuron as an inte-
grate-and-fire device (McCulloch & Pitts, 1943). Connected with a
very simple model of synaptic plasticity (usually Hebbian learning;
see e.g., Rumelhart, McClelland, and the PDP Research Group,
1986) they enable computer algorithms to learn to identify struc-
tures in data.

Habituation can be studied in this light as a very simple model
of neuronal learning, simply that synaptic efficacy decreases as
stimuli are perceived repeatedly without either positive or nega-
tive effects.
ll rights reserved.
There are two types of model that can be developed. The first is
to model the effects of habituation, whilst the second is to model
the biological mechanisms by which habituation occurs. Whilst this
second can be a useful check of such mechanisms when they are
postulated in order to check that they do provide the expected
behaviour, they are not the focus here. Rather, in this paper, simple
models of habituation are used to demonstrate that habituation
can provide a set of useful behaviours for learning, here machine
learning. Instead of studying habituation in order to better under-
stand it, we seek to exploit mechanisms that demonstrate it for
practical use—rather than asking what we can do for habituation,
we ask what habituation can do for us.

In addition to the models of habituation that are described in
the paper, several researchers have proposed more complete mod-
els of learning that include habituation. Several of these models are
aimed at modelling infant learning, including (Sirois & Mareschal,
2002, 2004; Thomas & Gilmore, 2004), and whilst not directly re-
lated to the habituation modelling described here, (Thomas & Gil-
more, 2004) is of interest for its examination of novelty detection
in infants.

In this paper, we will consider three different problems: novelty
detection (and attention focus), recency detection, and temporal
learning. These are chosen as three simple demonstrations of the
utility of habituation in machine learning. We will couple standard
neural networks with simple models that demonstrate some of the
characteristics of habituation (as discussed in Section 2.1) and pro-
vide experimental evidence that the resulting system does provide
the expected behaviour. Other artificial learning systems that use
habituation can certainly be created, but the three problems cho-
sen demonstrate the different aspects of habituation clearly and
produce simple but effective learning systems.

mailto:s.r.marsland@massey.ac.nz
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Fig. 2. Habituation curve based on Eq. 1 with a large time constant s. The shaded
regions show when a stimulus was presented.

S. Marsland / Neurobiology of Learning and Memory 92 (2009) 260–266 261
2. Methods

2.1. Characteristics and models of habituation

Elsewhere in this issue, (Rankin et al. (2008)) the revised char-
acteristics of habituation are presented, based on the original list of
Thompson and Spencer (1966). In this section, we discuss which of
these are of particular interest for the machine learning applica-
tions that were identified above.

The primary effect of habituation is that repeated application of
the stimulus results in progressive decrease in the response, and
this is clearly an essential for any model that claims to be demon-
strating habituation. In general, the decrement is considered to be
exponential decay to some (possibly non-zero) asymptotic level,
and this is simple to model mathematically, leading to the most
commonly found model of habituation, which consists of a single
differential equation:

sdyðtÞ
dt
¼ aðy0 � yðtÞÞ � SðtÞ: ð1Þ

Within this model, yðtÞ is the strength of the signal, which starts at
value y0 and decays exponentially. There are two parameters of the
model, a and s. The former controls the rate of recovery, whilst the
second is the time constant. It is possible to fit these to experimen-
tal data, which is the approach taken by Alonso, Moreno, Vázquez,
and Santacreu (2005), but here typical values are taken, namely
y0 ¼ 1; s ¼ 33;a ¼ 1:05 and 1:2 in Fig. 1 and y0 ¼ 1; s ¼
100;a ¼ 1:05 and 1:2 in Fig. 2. In the figures, a stimulus is pre-
sented for 250 presentations, and then not presented for a time
equivalent to 100 before being re-presented.

SðtÞ is a variable that indicates whether or not a stimulus is ap-
plied at the current time step (the length of which is unspecified by
the model). S is often taken to have value SðtÞ ¼ 1 if the stimulus is
perceived at the current timestep, and SðtÞ ¼ 0 otherwise. Given
these two values it is possible to solve the differential equation
explicitly using an integrating factor, which leads to two different
behaviours depending on the value of S. If S has a non-zero value
then:

y ¼ y0 �
S
a

1� expð�at=sÞð Þ; ð2Þ

whilst if S ¼ 0 then the model shows exponential recovery towards
the original value y0 (where y1 is the value it reaches at the end of
the habituation training):
Fig. 1. Habituation curve based on Eq. 1 with a relatively small time constant s. The
shaded regions show when a stimulus was presented.
y ¼ y0 � ðy0 � y1Þ expðat=sÞ: ð3Þ

This model is often credited to Stanley (1976), but in his paper
he refers to his model as a simplification of that of Groves and
Thompson (1970). One element of this simplification is the lack
of the second process of the dual-process theory. As well as the
exponential reduction in response the model also demonstrates
spontaneous recovery when the stimulus is withheld. This is
caused by presenting an input of 0 whenever the stimulus is not
perceived. This behaviour can be avoided by not presenting any in-
put whenever a stimulus is not perceived. The result is that the
recovery of Eq. 3 is not seen.

On its own this model does not provide any other of the recog-
nised characteristics of habituation. In particular, there is no stim-
ulus specificity since the stimulus is purely represented by its
strength; the use of a machine learning algorithm with the habit-
uation model deals with this, as is discussed in Section 2.2. (In fact,
there is evidence in the psychological literature (Lewkowicz (1994,
chap. 8) and references therein) that during early development, re-
sponse and habituation is linked to stimulus strength, not modal-
ity.) More seriously for the verisimilitude of the model, it does
not demonstrate dishabituation—where presentation of another
stimulus results in an increase of the original habituated re-
sponse—nor show the characteristic that less intense stimulation
(given by lower values of SðtÞ) leads to faster habituation, as can
be seen in Fig. 3, nor does it demonstrate what is referred to as
long-term habituation, which is the fact that repeated training ses-
sions of habituation lead to faster habituation.

This last point was dealt with in a development of the model by
Wang and Arbib (1992); see also Wang (1994). They added a cou-
pling to Eq. 1 with a slowly evolving secondary equation that
causes slow habituation initially and progressively faster habitua-
tion as training progresses. The model is described by two
equations:

sdyðtÞ
dt
¼ azðtÞðy0 � yðtÞÞ � byðtÞSðtÞ; ð4Þ

dzðtÞ
dt
¼ czðtÞðzðtÞ � 1ÞSðtÞ: ð5Þ

There are two extra parameters in this model: b, which takes
account of the contribution of the stimulus to the habituation,
and c, which controls the speed at which zðtÞ evolves. b was set
to value 1, and c to 0.001 in the graphs shown in Figs. 4 and 5,
where the stimulus is presented for 250 timesteps, then removed
for the same number before being reapplied. The speed-up in the



Fig. 4. Habituation curves based on Eqs. 4 and 5, with a time constant of s ¼ 33 and
varying values of recovery parameter a. The evolution of the relatively slowly
evolving function zðtÞ is also shown. The shaded regions show when a stimulus was
presented.

Fig. 5. Habituation curves based on Eqs. 4 and 5, with a time constant of s ¼ 100
and varying values of recovery parameter a. The evolution of the relatively slowly
evolving function zðtÞ is also shown. The shaded regions show when a stimulus was
presented.

Fig. 3. The model of habituation in Eq. 1 does not accurately represent the fact that
lower stimulus strengths cause faster habituation. The shaded regions show when a
stimulus was presented.
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habituation when the stimulus is presented for the second time
can be clearly seen, but for these values of the parameters the third
habituation process is no faster than the second as zðtÞ has already
reached the bottom of its dynamics.

This model still does not demonstrate dishabituation, nor sev-
eral of the other characteristics, such as different results for differ-
ent frequencies of stimulation. However, Wang and Arbib (1992)
use this model and combine it with a functional model of the med-
ial pallium in the toad bufo bufo in order to demonstrate the habit-
uation hierarchy. This is an interesting effect whereby an animal
that has habituated to a stimulus A may also demonstrate habitu-
ation to a second stimulus B in some cases, but not others. The
complexity of the habituation hierarchy is that for an animal that
has habituated to stimulus A, and therefore to stimulus B, the pre-
sentation of a dishabituation stimulus may cause the animal to
dishabituate to A, but not to B. Thus, an animal is habituated to a
stimulus it has never seen, but not to the one that it was trained on.

It is clearly possible to produce more complex models that
would reproduce more of the functional characteristics of habitua-
tion. Some of them can be done very simply, such as the habitua-
tion to specific stimuli that is discussed next. Even dishabituation
can be included in this way, either by including a separate and
competing sensitisation process (as in Groves & Thompson, 1970)
or using a simple check on the strength of the signal. However,
for the purposes of this paper, whether or not this is useful de-
pends upon the applications that habituation is put to. Given the
focus on making machine learning algorithms that perform useful
tasks, rather than understanding the mechanisms of habituation,
the creation of more complex models is not considered here. Were
applications to be identified where these are useful behaviours (as
they are for animals) then they can be added to a model.

2.2. Habituating to specific stimuli

It seems clear that the models of habituation described above
cannot be expected to provide stimulus specificity given the lack
of any form of stimulus description in the model. The habituation
process that is described by the models can be applied as a form of
learning to any system that can learn to recognise individual stim-
uli. In the context of machine learning this is generally a neural
network or similar algorithm (for an introduction to neural net-
works see Haykin (1999) or many similar references). Fig. 6 shows
a schematic of this. Each element of the neural network recognises
different stimuli through its weighted connections with the input
vector, and each element has its own habituation counter that is
controlled by one of the models described above.
Fig. 6. Schematic of combining a model of habituation with a neural network. The
output of the neural network is modified by the amount of habituation that has
already occurred at that node. When a node is firing often the signal to that node is
rapidly habituated, whereas for a node that fires only infrequently the output from
the node is strong.
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In this way, stimuli that are perceived frequently will be habit-
uated to, whereas those that are perceived only infrequently will
not. The types of machine learning algorithm that are suited to this
recognition of unlabelled stimuli are typically clustering algo-
rithms. The most famous of these is the Self-Organising Map of
Kohonen (1982), although there are others that may be more sui-
ted to this task, such as the Growing Neural Gas (GNG) by Fritzke
(1997) and the Grow When Required (GWR) network by Marsland,
Shapiro, and Nehmzow (2002).

The reason why these latter algorithms are more suited to the
task is that the Self-Organising Map is not designed for on-line
usage. It is intended that all of the data to be presented to the net-
work is collected together and then the algorithm is trained repeat-
edly on it until the network stabilizes. In this way the algorithm is
guaranteed to produce a topologically correct ordering. The other
algorithms mentioned above are designed for on-line usage, where
they learn as data are presented to them and respond immediately
to changes in the inputs.

All of these networks work in a similar way. Input vectors are
fed into the neural network by having values inserted into the
nodes on the left of the figure. These are multiplied by the
weighted connections to each of nodes in the map field of the net-
work, producing an activation of that node. The higher the activa-
tion the more that node recognises the input. The winning node is
selected, and it and its neighbours (those that are connected to it
by an edge) are trained by having their weights moved closer to
the input.

In this paper, the model of Marsland et al. (2002) is used. It is a
self-organising neural network that adapts to recognise inputs that
are presented to the network and that has an habituation counter
that is used in the learning rule in order to modify the weights
more strongly if the node has not been trained much. The algo-
rithm is described qualitatively next. Marsland et al. (2002) de-
scribes the algorithm in more detail and presents results of using
it for novelty detection and attention focus using experiments
based on a robotic platform.

The network has two important components—the nodes, with
their associated weight vectors, and the edges that link the nodes
to form neighbourhoods of nodes that represent similar percep-
tions. Both nodes and edges can be created and destroyed during
the learning process.

The technique used for creating and destroying network edges
is known as competitive Hebbian learning (Martinetz & Schulten,
1991). Inputs are presented to the network and the activation of
all nodes is computed as the inner product of the input vector
and the weight vector for that node. The node with the highest
activation is selected as the winner, and an edge is generated be-
tween it and the second-best matching unit. Edge connections
have an associated ‘age’, which is originally set to zero, and is
incremented at each time step for each edge that is connected to
the winning node. The only exception is the edge that links the
best-matching and second-best units, whose age is reset to zero.
Edges whose age exceeds some maximum age are removed. Any
node that has no neighbours, i.e., that has no edge connections, is
removed.

New nodes can be added at any time. A new node is added
when the activity of the best-matching node is not sufficiently
high (defined by a parameter known as the insertion threshold).
The activity of nodes is calculated using the Euclidean distance
between the weights for the node and the input. To allow for
the fact that recently created nodes may not yet have been
trained to match their intended output correctly, which would
mean that the node should be trained more rather than a new
node created, each node is equipped with a way of measuring
how often the node has fired. This is the role of habituation in
the algorithm.
Habituation is also used to ensure that nodes that have fired fre-
quently are trained less, since the learning rate is multiplied by the
habituation counter for that unit. This removes a problem that net-
works that learn continuously often suffer from—the weights of
well-trained nodes continue to move slightly, so that the network
does not converge. As with most self-organising networks, the set-
ting of the learning rates is usually based on prior experimentation.
Finally, it means that the GWR network can be used as a novelty
filter without any modification, if the node that fires has not fired
before, or fired very infrequently, then the input is novel.

So, when an input is presented to the network, the activity of
each node in the map space is calculated and a winner picked. If
this best-matching node represents the input well then the activity
of that node will be close to one. In that case the best-matching
node is trained a little, as are its neighbours. However, if the activ-
ity of the network is below the insertion threshold then either the
node has only recently been added to the map and is still being
trained, or there is a mismatch between the node and the input.
If the node is a new one then the node has not habituated to its in-
put, and so the node is trained a little and habituates.

Otherwise, a new node is needed to represent the input better.
This node is added between the (badly matched) winning node,
which caused the problem, and the input, with the weights of
the new node being initialised to be the mean average of the
weights for the best-matching node and the input. This method
of node generation, and in particular the insertion threshold, can
be thought of as tunable generalisation; the amount to which the
network generalises between similar perceptions is controlled by
the amount of discrepancy between perceptions that triggers a
new node.

The insertion threshold is an important parameter. If the value
is set very close to 1 then more nodes are produced and the input is
represented very well. For lower values fewer nodes are added.
Typically values of between 0.8 and 0.95 are used. For the results
demonstrated in this paper a value of 0.95 was used.

This combination of habituation model and neural network can
be turned to a variety of different applications in machine learning,
and these are described next.

2.3. Novelty detection

Novelty detection is the recognition that a stimulus differs
markedly from those that have been perceived before. It can be a
useful survival trait for animals, since the unexpected novel per-
ception could signify a potential predator (or possible victim). By
detecting novel features the animal’s attention is focussed first to
the most potentially dangerous features of its environment. In this
way, novelty detection can be a method of reducing the large
amounts of extraneous information that the organism is receiving,
so that the animal can concentrate on the most important stimuli.
For a discussion of these uses of novelty, see e.g., O’Keefe andNadel
(1978) and Knight (1996). For artificial learning systems this is not
generally such a strong motivation for novelty detection. However,
it has received much interest as a method of learning about classes
that are under-represented in a dataset. For example, consider the
problem of identifying anomalies in medical data. It is typical for
there to be substantially more negative results than positive, and
yet it is the positive ones that are important.

A neural network that is trained on this data will typically learn
to identify virtually everything as a negative result, since in general
this will lead to high percentage accuracy. One solution to this
problem is to train the neural network only on negative examples,
but ask it to identify any inputs that do not match its acquired
model of negative examples. In this way, any outliers or potential
positive results are highlighted, which is novelty detection (Tar-
assenko, Hayton, Cerneaz, & Brady, 1995). The earliest discussion



Fig. 7. Habituation curve based on Eq. 6. Note the faster recovery time and higher
asymptotic level. The shaded regions show when a stimulus was presented.
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of novelty detection in neural networks seems to be the recogni-
tion by Kohonen and Oja (1976) that the standard autoencoder
neural network can be modified to learn an orthogonal projection
of the principal components of the data, which they term the nov-
elty. This has been used in an investigation of habituation in in-
fants by Sirois and Mareschal (2002). For an overview of novelty
detection in machine learning, see Marsland (2003).

2.4. Recency detection

Brown and Xiang (1998) suggested that judgement of prior
occurrence is an important part of learning, and one that occurred
in the perirhinal cortex. They suggested that there are several types
of neuron that are instrumental in this task, which they called re-
cency neurons that fire strongly for perceptions that have been per-
ceived recently, familiarity neurons that give information about the
relative familiarity of a stimulus, and novelty neurons that respond
strongly to presentations of novel stimuli.

The extension of the habituating neural network to this prob-
lem of recency detection is a very simple process. A second habit-
uation counter is attached to each node of the neural network. Both
of the counters implement one of the two models of habituation
described in Section 2.1, but only one of them gets the SðtÞ ¼ 0
stimulus when that node does not fire (labelled as C1 in Table 1),
the other receives no input at all (labelled as C2) and so its habitu-
ation value does not change (it does not spontaneously recover).
The first of these two counters also habituates faster, so that only
a few presentations of a stimulus are needed for habituation. Table
1 then shows the possible outputs of the two counters together
with interpretations of their meanings in the context of Brown
and Xiang (1998).

This mechanism enables stimuli that have been seen only re-
cently, and stimuli that have been seen before, but not recently,
to be identified, which might have useful applications where the
time when presentations are seen is important.

2.5. Temporal learning

The last application of habituation that is presented in this pa-
per is one of temporal learning. The idea here is to consider how
learning should be modified when the temporal context of inputs
is important. This could be because a signal is spread across many
stimuli (such as a bird song or rustling sound in the bushes). These
are known as time series data in statistics and machine learning,
and problems can be to recognise future trends or to identify pat-
terns that run over several time steps.

Most neural networks are not capable of performing this type of
learning without changes, because their current state does not con-
tain information about the previous time step, only about the cur-
rent weights. The simplest thing to do is to modify the inputs so
that as well as the current time step, there are additional inputs
that provide the inputs from the previous time step, and possible
several other historical ones. This is known as a time-delay neural
network and, whilst it can be successful, it adds significantly to the
Table 1
By using two habituation counters, C1 that spontaneously recovers and C2 that does
not, it is possible to distinguish stimuli that have been seen, but not recently, or those
that have only been seen recently, as shown in this table.

State of habituation counter Interpretation

C1 (recovering) C2 (no recovery)

Not habituated Not habituated Novel
Not habituated Habituated Familiar
Habituated Not habituated Recent
Habituated Habituated Normal
complexity of the network and to the amount of data that is re-
quired for learning. Another problem with it is that there is no
way to differentiate between the input for the current time step
and that of the previous one, and the number of historical steps
to use has to be decided a priori. An alternative is to use leaky neu-
rones that retain some of their activation from the previous time
step, with a known decay function. For a review of these methods,
see e.g., Haykin (1999).

It was suggested by Robin, Abbas, and Hun (1990) that habitu-
ation can be used to provide a solution to this problem, and Stiles
and Ghosh (1997) produced a method of pre-processing the inputs
for a neural network based on precisely this idea. They use a differ-
ence equation that is derived from Eq. 4 by setting zðtÞ ¼ 1 for all t:

yðt þ 1Þ ¼ yðtÞ þ 1
s
ðaðy0 � yðtÞÞ � yðtÞIðtÞÞ; ð6Þ

where IðtÞ is the original input value before any habituation has ta-
ken place. This is similar to Eq. 1 except that the input stimulus is
multiplied by current habituated value. This changes the dynamics
a little, as can be seen in Fig. 7. Stiles and Ghosh (1997) demonstrate
that the method allows for more efficient learning of temporal sig-
nals than using the time-delay neural network for the task of clas-
sifying minke whale song. We have not tested this method further,
but report it as an application of habituation in machine learning.

3. Results

The first experiment that is presented here is a simple demon-
stration of using a neural network with habituation as a novelty fil-
ter. A training set of data is created that contains Gaussianly
distributed random numbers taken from three clusters. The data
consists of the two coordinate values of the datapoints shown in
Fig. 8, where the ellipses drawn are the 95% confidence intervals
on the data.

The neural network of Marsland et al. (2002) was used to learn
about the dataset shown in Fig. 8, which resulted in a neural net-
work that has 42 nodes and 48 edges. The positions of the nodes
and their neighbourhood connections can be seen in Fig. 9. The
network was then tested on data also drawn at random from the
same three clusters, but with a fourth added in that differed from
the others. In Fig. 10 the points that the network finds to be novel
are highlighted with a square. It can be seen that 100% of the points
from the new set are found to be novel, as are a set of others that



Fig. 8. A set of training data points taken from three Gaussian clusters (with 95%
confidence interval drawn as ellipses)

Fig. 9. The neural network trained on the data in Fig. 8. It has 42 nodes and 58
edges.

Fig. 10. The test set, which has an extra class added. Points marked with a square
were considered to be novel.

Fig. 11. A recency experiment using the same dataset as in Fig. 8. The left-hand
ellipse was trained first, and then not presented again, so that the C1 habitation
counter recovered from this training. Data from the right-hand ellipse was
presented throughout training, whilst data from the bottom ellipse was only
presented at the end of training. Data from the centre was not seen at all during
training, and should therefore be novel. The empty circles marks familiar data, the
triangles data seen only recently, the crosses data seen frequently, which the filled
circles identify novel data.
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fall outside the 95% confidence intervals of the Gaussian clusters.
No unexpected points were found to be novel.

The second experiment looks at a more realistic problem in
novelty detection. The biomed dataset from http://lib.stat.cmu.
edu/datasets (Cox, Johnson, & Kafadar, 1982) was used. This con-
tains 209 datapoints from a set of four medical tests. Of the 194
complete datapoints 127 are of normals and the remaining 67
demonstrate 1 or more abnormalities, signifying the presence of
a genetic disease.

100 of the normal datapoints were used as a training set, and
the other 27, together with the abnormal class, were used for test-
ing. The habituation-based novelty detector labelled 56 of the 67
novel inputs correctly, and only 2 of the normal data were misclas-
sified. This is comparable with the best-known methods that have
been optimised for this problem.

We also tested the method of recency detection proposed
above. This was done using a similar framework to the first exper-
iment, except that now the four classes shown as ellipses were
split so that one was novel, one was trained first and therefore lar-
gely forgotten by the C1 counter, and of the other two, one was
trained a lot and the other one only a little so that they split into
the ‘perceived recently but not learnt’ and the ‘familiar’ group.
Fig. 11 shows the results of this experiment, and it can be seen that
the results are as expected. However, getting this result required
some tweaking of the time constants for the two habituation coun-
ters, making the procedure rather difficult to use in practice with-
out some more experiments.
4. Discussion

This paper has demonstrated the application of habituation to
machine learning. By taking a simple model of habituation as an
exponentially decaying function (with dishabituation being the re-
verse process) it is possible to use standard neural networks as
novelty detectors, an application that has many uses in machine
learning.

The aim of the model needs to be considered. This purpose
here has been to demonstrate that habituation provides a useful
mechanism for learning, not to imply that the methods here have
any psychological or biological relevance. It is common for ma-
chine learning to take models that are inspired by biology and ap-
ply them to real world problems. However, the model is not
intended to imply any underlying biological reality, nor does it
model all (or even most) of the expected characteristics of
habituation.

So to what extent is this actually a model of habituation? This is
a question that can be debated from different viewpoints. In this

http://lib.stat.cmu.edu/datasets
http://lib.stat.cmu.edu/datasets
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paper, we have consider it a model of habituation if it demon-
strates the primary effect, i.e., progressive decrease in response
to a repeatedly presented stimulus. However, this is very simplistic
and whilst it can provide useful application benefits, it does not
contribute to an understanding of what habituation is, nor why it
is so ubiquitous. If there is any benefit to the psychological litera-
ture it is the demonstration that the phenomenon, however imple-
mented, does show the expected gross behaviours.

Two different simple models of habituation from the literature
are considered here. Whilst the second is considerably more com-
plex than the first, it still does not provide a complete model in that
it does not demonstrate even the majority of the characteristics of
habituation described elsewhere in this issue. The models are,
however, sufficient for their primary purpose of providing a com-
putational description of the primary effects of habituation,
namely the decrement in response a stimulus that is perceived
repeatedly without ill effect.

An essential part of the applications of habituation that have
been demonstrated in this paper is a neural network. This is an
associative learner, which is used to recognise the particular stim-
ulus being presented. For machine learning, the habituation pro-
cess alone is not sufficient for useful behaviour, it is only when it
is coupled with the associative (Hebbian) learner that applications
can be found. This seems at odds with the description of habitua-
tion as purely non-associative learning.

The paper has discussed three different applications to which
habituation can be turned in the context of machine learning. In
the primary one, that of novelty detection, the combination of
habituation with a standard unsupervised neural network leads
to an algorithm that performs as well as any other on standard
datasets that are used to demonstrate the application. This is a
promising result, and one that has led to it being used for a variety
of other tasks in the area. It demonstrates that habituation is a use-
ful way to perform novelty detection, as may well be the case in
animals as well.
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