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Edmund T. Rolls∗
An attractor network is a network of neurons with excitatory interconnections that
can settle into a stable pattern of firing. This article shows how attractor networks
in the cerebral cortex are important for long-term memory, short-term memory,
attention, and decision making. The article then shows how the random firing of
neurons can influence the stability of these networks by introducing stochastic
noise, and how these effects are involved in probabilistic decision making, and
implicated in some disorders of cortical function such as poor short-term memory
and attention, schizophrenia, and obsessive-compulsive disorder.  2009 John Wiley
& Sons, Ltd. WIREs Cogn Sci 2010 1 119–134

A

n attractor network is a network of neurons with
excitatory interconnections that can settle into
a stable pattern of firing.1–4 This article shows how
attractor networks in the cerebral cortex are important
for long-term memory, short-term memory, attention,
and decision making. The article then shows how the
random firing of neurons can influence the stability
of these networks by introducing stochastic noise,
and how these effects are involved in probabilistic
decision making, and implicated in some disorders of
cortical function such as poor short-term memory and
attention, schizophrenia, and obsessive–compulsive
disorder. Each memory pattern stored in an attractor
network by associative synaptic modification consists
of a subset of the neurons firing. These patterns could
correspond to memories, perceptual representations
or thoughts.

ATTRACTOR NETWORK
ARCHITECTURE, AND THE STORAGE
OF MEMORIES
The architecture of an attractor or autoassociation
network is shown in Figure 1. External inputs ei
activate the neurons in the network, and produce
firing yi , where i refer to the i’th neuron. The neurons
are connected by recurrent collateral synapses wij ,
where j refers to the j’th synapse on a neuron. By
these synapses an input pattern on ei is associated
with itself, and thus the network is referred to as an
autoassociation network. Because there is positive
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feedback via the recurrent collateral connections,
the network can sustain persistent firing. These
synaptic connections are assumed to build up by an
associative (Hebbian) learning mechanism5 (according
to which the more two neurons are simultaneously
active the stronger the neural connection becomes).
The associative learning rule for the change in the
synaptic weight is as shown in Eq. (1)
δwij = k · yi · yj

(1)

where k is a constant, yi is the activation of the
dendrite (the postsynaptic term), yj is the presynaptic
firing rate, and δwij is the change of synaptic weight.
The inhibitory interneurons are not shown. They
receive inputs from the pyramidal cells, and make
negative feedback connections onto the pyramidal
cells to control their activity.
In order for biologically plausible autoassociative networks to store information efficiently, heterosynaptic long-term depression (LTD) (as well as
long-term potentiation) is required.4,6–10 This type of
LTD helps to remove the correlations between the
training patterns that arise because the neurons have
positive-only firing rates. The effect of the LTD can
be to enable the effect of the mean presynaptic firing
rate to be subtracted from the patterns.4,6,7,9,10

RECALL
During recall, the external input ei is applied, and
produces output firing, operating through the nonlinear activation function described below. The firing is
fed back by the recurrent collateral axons shown in
Figure 1 to produce activation of each output neuron
through the modified synapses on each output neuron.
The activation hi produced by the recurrent collateral
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FIGURE 2 | Energy landscape of an attractor network. There are two
hi = dendritic
activation
yi = output firing

types of stable fixed point: a spontaneous state with a low firing rate,
and one or more persistent states with high firing rates in which the
neurons keep firing. Each one of the high firing rate attractor states can
implement a different memory.

an attractor network can be thought of as the local
minimum in an energy landscape,1 where the energy
would be defined as
Output

E=−

FIGURE 1 | The architecture of an autoassociative or attractor

effect on the ith neuron is the sum of the activations produced in proportion to the firing rate of each
axon yj operating through each modified synapse wij ,
that is,
(2)

where j indicates that the sum is over the C input
axons to each neuron, indexed by j. This is a dot
or inner product computation between the input
firing vector yj (j = 1, C) and the synaptic weight
vector wij (j = 1, C) on neuron i, and it is because
this is a vector similarity operation, closely related
to a correlation, between the input vector and the
synaptic weight vector that many of the properties of
attractor networks arise, including completion of a
memory when only a partial retrieval cue is applied.4
The output firing yi is a nonlinear function of the
activation produced by the recurrent collateral effect
(internal recall) and by the external input ei :
yi = f(hi : +ei )

(3)

The activation function should be nonlinear, and may
be, for example, binary threshold, linear threshold,
sigmoid, etc. The threshold at which the activation
function operates is set in part by the effect of
the inhibitory neurons in the network (not shown
in Figure 1). The threshold prevents the positive
feedback inherent in the operation of attractor
networks from leading to runaway neuronal firing;
and allows optimal retrieval of a memory without
interference from other memories stored in the
synaptic weights.2,4
The recall state (which could be used to
implement short-term memory, or memory recall) in
120

(4)

i, j

neural network (see text).

hi = j yj wij

1
wij (yi − < y >)(yj − < y >)
2

where yi is the firing of neuron i, and < y > indicates
the average firing rate. The intuition here is that if both
yi and yj are above their average rates, and are exciting
each other through a strong synapse, then the firing
will tend to be stable and maintained, resulting in a
low energy state that is stable. Although this energy
analysis applies formally only with a fully connected
network with symmetric synaptic strengths between
neurons (which would be produced by as associative
learning rule), it has been shown that the same general
properties apply if the connectivity is diluted and
becomes asymmetric.7,9,11–13
Autoassociation attractor systems have two
types of stable fixed point: a spontaneous state with
a low firing rate, and one or more persistent states
with high firing rates in which the neurons keep
firing (Figure 2). Each one of the high firing rate
attractor states can implement a different memory.
When the system is moved to a position in the space
by an external retrieval cue stimulus, it will move
to the closest stable attractor state. The area in the
space within which the system will move to a stable
attractor state is called its basin of attraction. This is
the process involved in completion of a whole memory
from a partial retrieval cue.

Properties of Attractor Networks
Completion
An important and useful property of these attractor
networks is that they complete an incomplete input
vector, allowing recall of a whole memory from a
small fraction of it. The memory recalled in response
to a fragment is that stored in the memory that is
closest in pattern similarity (as measured by the dot
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product, or correlation). Because the recall is iterative
and progressive, the recall can be perfect.

Short-Term Memory
An autoassociation or attractor memory is useful
not only as a long-term memory, in for example, the
memory for particular past episodes (see below), but
can also be used as a short-term memory, in which
iterative processing round the recurrent collateral
loop keeps a representation active until another input
cue is received, and this is widely used in the brain,
and indeed is a prototypical property of cerebral
neocortex (see below).

Graceful Degradation or Fault Tolerance
If the synaptic weight vector wi on each neuron has
synapses missing (e.g., during development), or loses
synapses (e.g., with brain damage or ageing), then the
activation hi is still reasonable, because hi is the dot
product (correlation) of the input firing rate vector
and the weight vector. The same argument applies if
whole input axons are lost. If an output neuron is
lost, then the network cannot itself compensate for
this, but the next network in the brain is likely to
be able to generalise or complete if its input vector
has some elements missing, as would be the case if
some output neurons of a preceding autoassociation
network were damaged.

Storage Capacity, and the Sparseness of the
Representation
Hopfield, using the approach of statistical mechanics,
showed that in a fully connected attractor network
with fully distributed binary representations (e.g., for
any one pattern, half the neurons in the high firing
state of 1, and the other half in the low firing state
of 0 or −1), the number of stable attractor states,
corresponding to the number of memories that can be
successfully retrieved, is approximately 0.14C, where
C is the number of connections on each neuron from
the recurrent collateral connections.1–3
We (Treves and Rolls) have performed quantitative analyses of the storage and retrieval processes
in attractor networks.7,9,11,12 We have extended
previous formal models of autoassociative memory
[see Ref 2 ] by analysing a network with graded
response units, so as to represent more realistically
the continuously variable rates at which neurons
fire, and with incomplete connectivity.7,11 We have
found that in general the maximum number pmax of
firing patterns that can be (individually) retrieved is
proportional to the number CRC of (associatively)
modifiable recurrent collateral synapses per neuron,
by a factor that increases roughly with the inverse of
Vo lu me 1, Jan u ary /Febru ary 2010

the sparseness a of the neuronal representation.a The
neuronal population sparseness a of the representation can be measured by extending the binary notion
of the proportion of neurons that are firing to any
one stimulus or event as



 

a=
r2i /N 
(5)
(ri /N) 2 /
i=1, n

i=1, n

where ri is the firing rate of the i’th neuron in the set
of N neurons. The sparseness ranges from 1/N, when
only one of the neurons responds to a particular
stimulus (a local or grandmother cell representation),
to a value of 1.0, attained when all the neurons are
responding to a given stimulus. Approximately,
pmax ∼
=

CRC
k
a ln(1/a)

(6)

where k is a factor that depends weakly on the detailed
structure of the rate distribution, on the connectivity
pattern, etc., but is roughly in the order of 0.2–0.3.7
For example, for CRC = 12,000 (the number of
recurrent collateral synapses on a hippocampal CA3
neuron in the rat14 ) and a = 0.02, pmax is calculated
to be approximately 36,000. This analysis emphasises
the utility of having a sparse representation in the hippocampus, for this enables many different memories
to be stored.15 The sparseness a in this equation is
strictly the population sparseness.7,16 The population
sparseness ap would be measured by measuring the
distribution of firing rates of all neurons to a single
stimulus at a single time. The single neuron sparseness
or selectivity as would be measured by the distribution
of firing rates to a set of stimuli, which would take a
long time. The selectivity or sparseness as of a single
neuron measured across a set of stimuli often takes
a similar value to the population sparseness a in the
brain, and does so if the tuning profiles of the neurons
to the set of stimuli are uncorrelated.16 These concepts
are elucidated by Franco et al.16 These quantitative
analyses have been confirmed numerically.13

The Dynamics of the Recurrent Attractor
Network—Fast Recall
The analysis described above of the capacity of a
recurrent network considered steady state conditions
of the firing rates of the neurons. The question arises
of how quickly the recurrent network would settle
into its final state. If these settling processes took in
the order of hundreds of ms, they would be much too
slow to contribute usefully to cortical activity, whether
in the hippocampus or the neocortex.4,10,17–19
It has been shown that if the neurons are treated
not as McCulloch–Pitts neurons which are simply
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‘updated’ at each iteration, or cycle of time steps (and
assume the active state if the threshold is exceeded),
but instead are analysed and modelled as ‘integrateand-fire’ neurons in real continuous time, then the
network can effectively ‘relax’ into its recall state
very rapidly, in one or two time constants of the
synapses.9,10,20,21 This corresponds to perhaps 20 ms
in the brain. One factor in this rapid dynamics of
autoassociative networks with brain-like ‘integrateand-fire’ membrane and synaptic properties is that
with some spontaneous activity, some of the neurons
in the network are close to threshold already before
the recall cue is applied, and hence some of the
neurons are very quickly pushed by the recall cue
into firing, so that information starts to be exchanged
very rapidly (within 1–2 ms of brain time) through the
modified synapses by the neurons in the network. The
progressive exchange of information starting early on
within what would otherwise be thought of as an
iteration period (of perhaps 20 ms, corresponding to
a neuronal firing rate of 50 spikes/s), is the mechanism
accounting for rapid recall in an autoassociative
neuronal network made biologically realistic in this
way. Further analysis of the fast dynamics of these
networks if they are implemented in a biologically
plausible way with ‘integrate-and-fire’ neurons, is
provided in Section 7.7 of Rolls and Deco,10 in
Appendix A5 of Rolls and Treves,9 by Treves,20 by
Panzeri et al.,19 and by Rolls.4

Continuous Attractor Networks
So far, we have considered attractor networks in
which each memory pattern stored in the network
is a discrete pattern. An attractor network trained
with patterns that are continuous with each other
can maintain the firing of its neurons to represent any
location along a continuous physical dimension such
as spatial position, head direction, etc. and is termed
a Continuous Attractor neural network. It has the
same architecture as a discrete attractor network, but
uses the excitatory recurrent collateral connections
between the neurons to reflect the distance between the
neurons in the state space (e.g., head direction space,
or the place of the animal in an environment). These
networks can maintain the bubble of neural activity
constant for long periods wherever it is started to represent the current state (head direction, position, etc.)
of the animal, and are likely to be involved in many
aspects of spatial processing and memory, including
spatial vision.4,22–33 Global inhibition is used to keep
the number of neurons in a bubble or packet of
actively firing neurons relatively constant, and to help
to ensure that (in typical applications) there is only
one activity packet (but see31 ). Attractor networks can
122

operate with both continuous and discrete patterns,
and this is likely to be important in episodic memory,
in which typically a spatial position (e.g., a place) and
discrete object-related information are components.34

Attractor Networks for Short-Term
Memory
Pyramidal neurons in the cerebral cortex have a
relatively high density of excitatory connections to
each other within a local area of 1–3 mm.4,35,36
These local recurrent collateral excitatory connections
provide a positive-feedback mechanism (which is
kept under control by gamma-aminobutyric acid
(GABA) inhibitory interneurons) that enables a set
of neurons to maintain their activity for many seconds
to implement a short-term memory.37 Each memory
is formed by the set of the neurons in the local
cortical network that were coactive when the memory
was formed, resulting in strengthened excitatory
connections between that set of neurons through the
process of long-term potentiation, which is a property
of these recurrent collateral connections.
Attractor networks appear to operate in the
prefrontal cortex, an area that is important in attention and short-term memory, as shown, for example,
by firing in the delay period of a short-term memory
task.4,38–43 Short-term memory is the ability to hold
information on-line during a short time period.39,43
It has been proposed that whereas it is a property of all cortical areas that they have an ability to
maintain neuronal activity by the attractor properties
implemented by the recurrent collateral connections,
the prefrontal cortex has a special role in short-term
memory because it can act as an off-line store as follows (see Figure 3).4 First, we note that a perceptual
brain area such as the inferior temporal cortex must
respond to every new incoming set of objects in the
world so that we can see them, and this is inconsistent with maintaining their firing in an attractor state
that represents an object or objects seen seconds ago.
For this reason, for a short-term memory to be maintained during periods in which new stimuli are to be
perceived, there must be separate networks for the perceptual and short-term memory functions, and indeed
two coupled networks, one in the inferior temporal
visual cortex for perceptual functions, and another in
the prefrontal cortex for maintaining the short-term
memory, for example, when intervening stimuli are
being shown, provide a precise model of the interaction of perceptual and short-term memory systems44,45
(see Figure 3). This model shows how a prefrontal
cortex attractor (autoassociation) network could be
triggered by a sample visual stimulus represented in the
inferior temporal visual cortex in a delayed match to
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FIGURE 3 | A short-term memory
autoassociation network in the prefrontal cortex
could hold active a working memory
representation by maintaining its firing in an
attractor state. The prefrontal module would be
loaded with the to-be-remembered stimulus by
the posterior module (in the temporal or parietal
cortex) in which the incoming stimuli are
represented. Backprojections from the prefrontal
short-term memory module to the posterior
module would enable the working memory to
be unloaded, to for example, influence ongoing
perception (see text). RC, recurrent collateral
connections.

Input

RC

Output

sample task, and could keep this attractor active during a memory interval in which intervening stimuli are
shown. Then when the sample stimulus reappears in
the task as a match stimulus, the inferior temporal cortex module shows a large response to the match stimulus, because it is activated both by the visual incoming
match stimulus, and by the consistent backprojected
memory of the sample stimulus still being represented
in the prefrontal cortex memory module (see Figure 3).
The prefrontal attractor can be stimulated into activity by the first stimulus when it is inactive, but once in
its high firing rate attractor state, it is relatively stable
because of the internal positive feedback, and is not
likely to be disturbed by further incoming stimuli. The
internal recurrent connections must be stronger than
the feedforward and feedback connections between
the two cortical areas for this to work.4,44,45
This computational model makes it clear that in
order for ongoing perception to occur unhindered
implemented by posterior cortex (parietal and
temporal lobe) networks, there must be a separate
set of modules that is capable of maintaining a
representation over intervening stimuli. This is the
fundamental understanding offered for the evolution
and functions of the dorsolateral prefrontal cortex,
and it is this ability to provide multiple separate shortterm attractor memories that provides I suggest the
basis for its functions in planning.4
The impairments of attention induced by
prefrontal cortex damage may be accounted for in
large part by an impairment in the ability to hold
the object of attention stably and without distraction
in the short-term memory systems in the prefrontal
cortex.4,38,46
Vo lu me 1, Jan u ary /Febru ary 2010
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Attractor Networks Involved in Attention
Short-term memory, and thus attractor networks, are
fundamental to top–down attention in the sense that
whatever requires attention (e.g., a spatial location)
has to be maintained in a short-term memory. The
short-term memory then biases competition between
the multiple bottom–up items in the stimulus input.
The result is an advantage in the neuronal competition
between the multiple inputs for the item that receives
top–down bias from the short-term memory.4,10,47,48
The overall network architecture within the brain
by which this is realised is illustrated in Figure 4,
in which the prefrontal cortex acts as the short-term
memory, which via the top–down backprojections can
bias competition in the perceptual areas such as the
inferior temporal visual cortex and parietal cortex to
implement object and spatial attention.4,10,48,49

Attractor Networks Formed by Forward
and Backward Connections Between
Cortical Areas
Although one usually thinks of attractors as being
formed in the cerebral neocortex by the recurrent
collateral connections within a local area of cerebral
cortex, the forward and backward connections
between two cortical areas can also potentially form
an attractor network as can be seen from Figure 3,
provided that the forward and backward synapses
are associatively modifiable, as seems likely. The
forward and backward connections between cortical
areas in a hierarchy can thus potentially contribute
to the attractor properties of connected cortical areas.
An interesting implication is that when a decision
is taken, by mechanisms described later, a number
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of connected cortical areas may contribute to the
settling process into an attractor state, and thus to the
decision.4

HIERARCHICALLY CONNECTED
ATTRACTOR NETWORKS: ACTION
SELECTION IN THE PREFRONTAL
CORTEX
A series of attractor networks can be connected
together by forward and backward projections, and
interesting properties can arise if the forward connections are stronger than the backward connections. One
such scenario is illustrated in Figure 5, a model of the
prefrontal cortex in which a set of neurons closer to
the sensory input can be activated by inputs from other
cortical areas. These ‘sensory pools’ or populations of
124

model of object and spatial processing and
attention, including the prefrontal cortical
areas that provide the short-term memory
required to hold the object or spatial target
of attention active. Forward connections are
indicated by solid lines; backprojections,
which could implement top–down
processing, by dashed lines; and recurrent
connections within an area by dotted lines.
The triangles represent pyramidal cell bodies,
with the thick vertical line above them the
dendritic trees. The cortical layers in which
the cells are concentrated are indicated by s
(superficial, layers 2 and 3) and d (deep,
layers 5 and 6). The prefrontal cortical areas
most strongly reciprocally connected to the
inferior temporal cortex ‘what’ processing
stream are labelled v to indicate that they are
in the more ventral part of the lateral
prefrontal cortex, area 46, close to the
inferior convexity in macaques. The prefrontal
cortical areas most strongly reciprocally
connected to the parietal visual cortical
‘where’ processing stream are labelled d to
indicate that they are in the more dorsal part
of the lateral prefrontal cortex, area 46, in
and close to the banks of the principal sulcus
in macaques (after Rolls and Deco10 ).

neurons can implement continuing firing and thus a
short-term memory of the sensory stimuli, as described
above. However, these sensory populations project
forward to further populations which represent different combinations of sensory inputs, the associative
pools in Figure 5. These intermediate pools have shortterm memory properties in their own right, but also
connect forward to a set of neurons with more motorrelated properties, labelled premotor pools in Figure 5.
This hierarchical attractor system can if triggered by a
sensory input select an action or motor output as activity cascades through the system, and can also account
for the maintenance of neuronal activity during delay
periods. Even more, top–down inputs shown as coming from rule attractor pools in Figure 5 can bias the
intermediate combination-responding pools of neurons to determine which action is selected by a sensory
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FIGURE 5 | Network architecture of the prefrontal cortex unified model of attention, working memory, action selection, and decision making.
There are sensory neuronal populations or pools for object type (O1 or O2) and spatial position (S1 or S2). These connect hierarchically (with stronger
forward than backward connections) to the intermediate or ‘associative’ pools in which neurons may respond to combinations of the inputs received
from the sensory pools for some types of mapping such as reversal, as described by Deco and Rolls.50 For the simulation of the data of Asaad et al.,52
these intermediate pools respond to O1-L, O2-R, S1-L, or S2-R. These intermediate pools receive an attentional bias, which in the case of this
particular simulation biases either the O pools or the S pools. The intermediate pools are connected hierarchically to the premotor pools, which in this
case code for a Left or Right response. Each of the pools is an attractor network in which there are stronger associatively modified synaptic weights
between the neurons that represent the same state (e.g., object type for a sensory pool, or response for a premotor pool) than between neurons in
the other pools or populations. However, all the neurons in the network are associatively connected by at least weak synaptic weights. The attractor
properties, the competition implemented by the inhibitory interneurons, and the biasing inputs result in the same network implementing both
short-term memory and biased competition, and the stronger feed forward than feedback connections between the sensory, intermediate, and
premotor pools results in the hierarchical property by which sensory inputs can be mapped to motor outputs in a way that depends on the biasing
contextual or rule input (after Deco and Rolls50 ).

input, depending on the rule currently held in the rule
attractor. This provides a computational model for
action selection in the prefrontal cortex depending
on the current rule or context50 , and is consistent,
and indeed was based on, the properties of neurons
recorded in the prefrontal cortex during action selection tasks with short-term memory requirements.51,52
Vo lu me 1, Jan u ary /Febru ary 2010

STABILITY OF ATTRACTOR STATES
Using an integrate-and-fire approach, the individual
neurons, synapses and ion channels that comprise
an attractor network, can be simulated, and when
a threshold is reached the cell fires (see Figure 6(a)
and Supporting Information). The firing times of the
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neurons can be approximately like those of neurons
in the brain, approximately Poisson distributed, that
is the firing time is approximately random for a given
mean rate. The random firing times of neurons are
one source of noise in the attractor network, and
can influence the stability of the network.53–56 The
attractor dynamics can be pictured by effective energy
landscapes, which indicate the basin of attraction by
valleys, and the attractor states or fixed points by the
bottom of the valleys. The stability of an attractor is
characterised by the average time in which the system
stays in the basin of attraction under the influence of
noise, which provokes transitions to other attractor
states. Noise results from the interplay between the
Poissonian character of the spikes, and the finite-size
effect because of the limited numbers of neurons in
the network. Two factors determine the stability.
First, if the depths of the attractors are shallow (as in
the left compared to the right valley in Figure 6(b)),
less force is needed to move a ball from the shallow
valley to the next. Second, a high level of noise
increases the likelihood that the system will jump over
an energy boundary from one state to another. We
envision that the brain, as a dynamical system, has
characteristics of such an attractor system, including
statistical fluctuations.
This type of model can then be applied to the
prefrontal cortex and used to link these low-level
neuronal properties to the cognitive functions such as
short-term memories that result from the interactions
between thousands of neurons in the whole network.
In order to maintain a short-term memory, these
interactions have to remain stable, and several factors
influence the stability of such a short-term memory
attractor state with noise inherent in its operation.
First, the stable states of the network are the
‘low energy’ states in which one set of the neurons,
connected by strengthened recurrent collateral
synapses, and representing one memory, is activated
(see Figures 1 and 2). The higher the firing rates of
this set of neurons, the stronger will be the negative
feedback inhibition by the GABA inhibitory interneurons to the other excitatory (pyramidal) neurons in
the network. This will keep the short-term memory
state stable, and will prevent distracting inputs to
the other, inhibited, neurons in the network from
taking over.57 Any factor that reduces the currents
through the N-Methyl-D-Aspartate (NMDA) receptors (NMDARs) on the pyramidal cells, as appears
to be the case in patients with schizophrenia,58 would
decrease the firing rates of the set of activated neurons
and tend to make the network more distractible.59–61
Second, the strong synaptic connections implemented by the recurrent collateral synapses between

Firing rate
Fixed points

FIGURE 6 | (a) Using an integrate-and-fire approach, the individual
neurons, synapses, and ion channels that comprise an attractor
network, can be simulated, and when a threshold is reached the cell
fires. (b) The attractor dynamics can be pictured by effective energy
landscapes, which indicate the basin of attraction by valleys, and the
attractor states or fixed points by the bottom of the valleys. The stability
of an attractor is characterised by the average time in which the system
stays in the basin of attraction under the influence of noise, which
provokes transitions to other attractor states. Two factors determine the
stability. First, if the depths of the attractors are shallow (as in the left
compared to the right valley), less force is needed to move a ball from
the shallow valley to the next. Second, a high level of noise increases
the likelihood that the system will jump over an energy boundary from
one state to another.

the excitatory neurons in the network (e.g., the pyramidal cells in the prefrontal cortex) also tend to
promote stability, by enhancing the firing of the neurons that are active for a short-term memory.62 This
helps to keep the energy low in the Hopfield equation [see Eq. (4)], and thus to make it difficult to
jump from one energy minimum over a barrier to a
different energy minimum that represents a different
memory.
Third, the operation of the network is inherently
noisy and probabilistic owing to the random spiking
of the individual neurons in the network and the
finite size of the network.63–67 The random spiking
will sometimes (i.e., probabilistically) be large in
neurons that are not among those in the currently
active set that represents the short-term memory in
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mind; this chance effect, perhaps in the presence of
a distracting stimulus, might make the network jump
over an energy barrier between the memory states
into what becomes a different short-term memory,
resulting in distraction. In a different scenario, the
same type of stochastic noise could make the network
jump from a spontaneous state of firing in which there
is no item in short-term memory, to an active state
in which one of the short-term memories becomes
active. In the context of schizophrenia, this might
represent an intrusive thought or hallucination.61 The
effects of noise operating in this way would be more
evident if the firing rates are low (resulting in a low
energy barrier over which to jump); or if the GABA
inhibition is reduced, as suggested by post-mortem
studies of patients with schizophrenia,68,69 which
would make the spontaneous firing state less stable.
GABA interneurons normally inhibit the neurons that
are not in the active set that represent a memory, but
hypofunction of the NMDARs on GABA interneurons
could diminish this inhibition.58
Fourth, the stability of the attractor state is
enhanced by the long time constants (around 100 ms)
of the NMDARs in the network.70–73 The contribution
of these long time constants (long in relation to those
of the alpha-amino-3-hydroxy-5-methyl-4-isoxazole
propionate (AMPA) excitatory receptors, which are
in the order of 5–10 ms) is to smooth out in time the
statistical fluctuations that are caused by the random
spiking of populations of neurons in the network, and
thus to make the network more stable and less likely
to jump to a different state. The different state might
represent a different short-term memory; or the noise
might return the active state back to the spontaneous
level of firing, producing failure of the short-term
memory and failure to maintain attention. Further,
once a neuron is strongly depolarised, the voltage
dependence of the NMDAR may tend to promote
further firing.70 If the NMDARs were less efficacious,
as has been observed in patients with schizophrenia,58
the short-term memory network would be less stable
because the effective time constant of the whole
network would be reduced, owing to the greater
relative contribution of the short time constant AMPA
receptors to the effects implemented through the
recurrent collateral excitatory connections between
the pyramidal cells.71,72,74

ATTRACTOR NETWORK STABILITY
AND PSYCHIATRIC DISORDERS
It is hypothesised that some of the cognitive symptoms
of schizophrenia, including poor short-term memory
and attention, can be related to a reduced depth in
Vo lu me 1, Jan u ary /Febru ary 2010

the basins of attraction of the attractor networks
in the prefrontal cortex that implement these
functions.60,61,75 The reduced depth of the basins of
attraction may be related to hypoglutamatergia,58,76
and/or changes in dopaminergic function which act
partly by influencing glutamatergic function.61,77–80
The negative and positive symptoms of schizophrenia
may be related to similar underlying changes, but
expressed in different parts of the brain such as the
orbitofrontal and anterior cingulate cortex, and the
temporal lobes.4,60,61,75
Obsessive–compulsive disorder has been linked
to overstability in cortical attractor networks involved
in short-term memory, attention, and action selection, related it is hypothesised at least in part to
hyperglutamatergia.62

Attractor Networks, Noise, and
Decision-Making
Recently, a series of biologically plausible models,
motivated and constrained by neurophysiological
data, have been formulated to establish an explicit
link between probabilistic decision-making and the
way in which the noisy (i.e., stochastic) firing of
neurons influences which attractor state, representing
a decision, is reached when there are two or more
competing inputs or sources of evidence to the
attractor network.55,56,66,81–84 The way in which these
decisión-making attractor network models operate is
as follows.
An attractor network of the type illustrated
in Figure 7(a) is set up to have two possible high
firing rate attractor states, one for each of the
two decisions. The evidence for each decision
(1 vs. 2) biases each of the two attractors via
the external inputs λ1 and λ2 . The attractors are
supported by strengthened synaptic connections in the
recurrent collateral synapses between the (e.g., cortical
pyramidal) neurons activated when λ1 is applied, or
when λ2 is applied. (This is an associative or Hebbian
process set up during a learning stage by a process
like long-term potentiation.) Inhibitory interneurons
(not shown in Figure 7(a)) receive inputs from the
pyramidal neurons and make negative feedback
connections onto the pyramidal cells to control
their activity. When inputs λ1 and λ2 are applied,
there is positive feedback via the recurrent collateral
connections, and competition implemented through
the inhibitory interneurons so that there can be only
one winner. The network starts in a low spontaneous
state of firing. When λ1 and λ2 are applied, there
is competition between the two attractors, each of
which is pushed towards a high firing rate state,
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and eventually, depending on the relative strength
of the two inputs, and the noise in the network
caused by the random firing times of the neurons,
one of the attractors will win the competition, and
it will reach a high firing rate state, with the firing
of the neurons in the other attractor inhibited to a
low firing rate. The process is illustrated in Figure 8.
The result is a binary decision, with one group of
neurons because of the positive feedback firing at a
high firing rate, and the neurons corresponding to
the other decision firing with very low rates. Because
it is a nonlinear positive-feedback system, the final
firing rates are in what is effectively a binary decision
state, of high firing rate or low firing rate, and do
not reflect the exact relative values of the two inputs
128

autoassociation network architecture for
decision making. The evidence for decision 1
is applied via the λ1 inputs, and for decision 2
via the λ2 inputs. The synaptic weights wij
have been associatively modified during
training in the presence of λ1 and at a
different time of λ1 . When λ1 and λ2 are
applied, each attractor competes through the
inhibitory interneurons (not shown), until one
wins the competition, and the network falls
into one of the high firing rate attractors that
represents the decision. The noise in the
network caused by the random spiking of the
neurons means that on some trials, for given
inputs, the neurons in the decision 1 attractor
are more likely to win, and on other trials the
neurons in the decision 2 attractor are more
likely to win. This makes the decision-making
probabilistic, for, as shown in (c), the noise
influences when the system will jump out of
the spontaneous firing stable (low energy)
state S, and whether it jumps into the high
firing state for decision 1 or decision 2 (D).
(b) The architecture of the integrate-and-fire
network used to model vibrotactile decision
making (see text).

λ1 and λ2 once the decision is reached. The noise in
the network because of the random spiking of the
neurons is important to the operation of the network,
because it enables the network to jump out of a stable
spontaneous rate of firing to a high firing rate, and
to do so probabilistically, depending on whether on a
particular trial there is relatively more random firing in
the neurons of one attractor than the other attractor.
This can be understood in terms of energy landscapes,
where each attractor (the spontaneous state, and the
two high firing rate attractors) is a low energy basin,
and the spiking noise helps the system to jump over
an energy barrier into another energy minimum, as
illustrated in Figure 7(c). If λ1 and λ2 are equal, then
the decision that is taken is random and probabilistic,
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with the noise in each attractor determining which
decision is taken on a particular trial. If one of the
inputs is larger than the other, then the decision is
biased towards it, but is still probabilistic. Because
this is an attractor network, it has short-term memory
properties implemented by the recurrent collaterals,
which tend to promote a state once it is started,
and these help it to accumulate evidence over time,
an important part of a decision-making mechanism,
and also to maintain the firing once it has reached
the decision state, enabling a suitable action to be
implemented even if this takes some time.
Vo lu me 1, Jan u ary /Febru ary 2010

450

500

FIGURE 8 | Decision making in a model of
vibrotactile decision making. Dynamical evolution
of the network activity of Ventral Premotor Cortex
neurons during the comparison period between
vibrotactile frequency f1 = 30 Hz and frequency f2
= 20 Hz. (a) The evolution as a function of time of
the spiking rate of the populations (f1 > f2)
(corresponding to a decision that f1 is greater than
f2), (f1 < f2), and the inhibitory population.
(b) The corresponding rastergrams of 10 randomly
selected neurons for each pool (population of
neurons) in the network. Each vertical line
corresponds to the generation of a spike. The
spatio-temporal spiking activity shows the
transition to the correct final single-state attractor,
i.e., a transition to the correct final attractor
encoding the result of the discrimination (f1 > f2)
(after Deco and Rolls66 ).

This approach to decision making shows how
noise in the brain can be useful, how we can account
for probabilistic choice and the way it is influenced by
the odds as in the Matching Law, how we can account
for reaction times for easy versus difficult decisions,
and even how Weber’s Law may be implemented in
the brain.4,55,56,66

Attractor Networks, Noise, and Signal
Detection
A similar approach has been taken to the detection of
signals, where noise caused by the stochastic firing of
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FIGURE 9 | Representation of connections within the hippocampus. Inputs reach the hippocampus through the perforant path (1) which makes
synapses with the dendrites of the dentate granule cells and also with the apical dendrites of the CA3 pyramidal cells. The dentate granule cells
project via the mossy fibres (2) to the CA3 pyramidal cells. The well-developed recurrent collateral system of the CA3 cells is indicated. The CA3
pyramidal cells project via the Schaffer collaterals (3) to the CA1 pyramidal cells, which in turn have connections (4) to the subiculum.

neurons influences how an attractor network may or
may not fall into a basin of attraction that represents
the detection of a signal.55,56

Hippocampal Versus Neocortical Attractor
Networks
The neocortex has local recurrent collateral connections between the pyramidal that achieve a high
density only for a few millimetres across the cortex.
It is hypothesised that this enables the neocortex to
have many local attractor networks, each concerned
with a different type of processing, short-term memory, long-term memory, decision making, etc.4 This
is important, for recall that the capacity of an attractor network is set to first order by the number of
connections onto a neuron from other neurons in the
network. If there were widespread recurrent collateral
connections in the neocortex so that the whole neocortex operated as a single attractor, the total memory
capacity of the neocortex would be only that of a
single attractor network (of order thousands of memories), and this possibility is thus ruled out.4,85 There
are great advantages in having large numbers of local
but weakly couple neocortical attractor networks, and
some have been described above, and many more are
described by Rolls.4
However, it has been suggested that one network
in the brain, the hippocampal CA3 network, does
operate as a single attractor network4,9,15,86–94 (with
related approaches, although not emphasising the
relative important of a single attractor network (or
130

CA395 ) including.96–99 ) Part of the anatomical basis
for this is that the recurrent collateral connections
between the CA3 neurons are very widespread, and
have a chance of contacting any other CA3 neuron
in the network (see Figure 9).14,100 The underlying
theory is that the associativity in the network allows
any one set of active neurons, perhaps representing
one part of an episodic memory, to have a fair
chance of making modifiable synaptic contacts with
any other set of CA3 neurons perhaps representing
another part of an episodic memory. (An episodic
memory is a memory of a single event or episode,
such as where one was at dinner, with whom, what
was eaten, and what was discussed.) This widespread
connectivity providing for a single attractor network
means that any one part of an episodic memory can
be associated with any other part of an episodic or
event memory. (This is what I mean by calling this
an arbitrary memory, in than any arbitrary set of
events can be associated with any other.) Now this
functionality would be impossible in the neocortex,
as the connections are local. This is thus a special
contribution that the hippocampus can make to event
or episodic memory.4,93,101,102

CONCLUSION
I propose that attractor networks are fundamental
design features of the neocortex and hippocampal
cortex (and not of, e.g., the cerebellar cortex or basal
ganglia). In the neocortex the attractor networks
are local and therefore there can be many of
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them. They allow many items of information to be
held on-line, and thus provide the basis and/or underpinning for powerful computations that require shortterm memory, working memory (which involves the
manipulation of items in short-term memory), planning, attention, and even language (which requires
multiple items to be held on-line during the parsing of a sentence). In the hippocampal cortex, an
attractor network in the CA3 region allows associations between any events that co-occur, and thus
provides a basis for the memory of particular episodes,

and the recall of an episodic memory from any
part.

NOTES
a

Each memory is precisely defined in the theory: it
is a set of firing rates of the population of neurons
(which represent a memory) that can be stored and
later retrieved, with retrieval being possible from a
fraction of the originally stored set of neuronal firing
rates.
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