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The connectivity of the cerebral cortex is diluted,with theprobability of excitatory connections
between even nearby pyramidal cells rarely more than 0.1, and in the hippocampus 0.04. To
investigate the extent to which this diluted connectivity affects the dynamics of attractor
networks in the cerebral cortex, we simulated an integrate-and-fire attractor network taking
decisions between competing inputswithdiluted connectivity of 0.25 or 0.1, andwith the same
number of synaptic connections per neuron for the recurrent collateral synapses within an
attractor population as for full connectivity. The results indicated that there was less spiking-
related noise with the diluted connectivity in that the stability of the network when in the
spontaneous state of firing increased, and the accuracy of the correct decisions increased. The
decision timeswerea little slowerwithdiluted thanwith complete connectivity. Given that the
capacity of the network is set by the number of recurrent collateral synaptic connections per
neuron, on which there is a biological limit, the findings indicate that the stability of cortical
networks, and the accuracy of their correct decisions or memory recall operations, can be
increased by utilizing diluted connectivity and correspondingly increasing the number of
neurons in thenetwork,with little impact on the speedofprocessingof the cortex.Thusdiluted
connectivity can decrease cortical spiking-related noise. In addition, we show that the Fano
factor for the trial-to-trial variability of the neuronal firing decreases from the spontaneous
firing state value when the attractor network makes a decision.
This article is part of a Special Issue entitled “Neural Coding”.
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1. Introduction

Many processes in the brain are influenced by the noise or
variability of neuronal spike firing (Deco et al., 2009; Faisal
et al., 2008; Rolls and Deco, 2010). The action potentials are
generated in a way that frequently approximates a Poisson
process, in which the spikes for a givenmean firing rate occur
at times that are essentially random (apart froma small effect
of the refractory period), with a coefficient of variation of the
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interspike interval distribution (CV) near 1.0 (Rolls and Deco,
2010; Softky and Koch, 1993). The sources of the noise include
quantal transmitter release, and noise in ion channel openings
(Faisal et al., 2008; Ribrault et al., 2011). Themembrane potential
is often held close to the firing threshold, and then small
changes in the inputs and the noise in the neuronal operations
cause spikes to be emitted at almost random times for a given
mean firing rate. Spiking neuronal networks with balanced
inhibition and excitation currents and associatively modified
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recurrent synaptic connections can be shown to possess a
stable attractor state where neuron spiking is approximately
Poisson too (Amit and Brunel, 1997; Miller and Wang, 2006).
The noise caused by the variability of individual neuron
spiking which then affects other neurons in the network
can play an important role in the function of such recurrent
attractor networks, by causing for example an otherwise
stable network to jump into a decision state (Deco and Rolls,
2006; Rolls and Deco, 2010).

If such an attractor network is provided with two or
more inputs, as illustrated in Figs. 1a and b, each biasing an
attractor, then this forms a biased competition model of
decision-making in which a high firing rate of one of the pos-
sible attractor states represents a decision (Deco and Rolls, 2006;
Wang, 2002, 2008). The noise in the operation of the system
makes thedecision-makingprocessnon-deterministic,with the
system choosing one of the attractor states with a probability
that depends on the relative strengths of the different input
a

b

c

biases λ1, λ2, etc. (see Experimental procedures) (Deco and Rolls,
2006; Wang, 2002). The randomness or stochasticity in the
operation of the system can be advantageous (Rolls and Deco,
2010). It provides a basis for probabilistic decision-making in
which each decision will be sampled in a way that depends on
the relative strengths of the inputs. It is adaptive in memory
recall which by being probabilistic allows different memories
to be recalled from occasion to occasion, helping with crea-
tive thought processes. The stochasticity is also useful in
signal detection which can become more sensitive than a
fixed threshold system in the process known as stochastic
resonance (Rolls and Deco, 2010). We note that there are less
biologically plausible race or accumulator models of decision-
making that involve linear accumulation of noisy inputs until
some threshold is reached (Palmer et al., 2005; Ratcliff and
McKoon, 2008; Smith and Ratcliff, 2004). Although those and
other models can describe decision time distributions and
related phenomena (Braun and Mattia, 2010; Bressloff, 2010;
Carpenter et al., 2009; Gigante et al., 2009; Miller, 2006; Ratcliff
et al., 1999; Sakai et al., 2006; Wong and Huk, 2008; Wong and
Wang, 2006) and some aspects of experimentally investigated
decision-making (Beck et al., 2008; Ditterich, 2006; Miller and
Katz, 2010;Resulaj et al., 2009;RoitmanandShadlen, 2002;Wong
et al., 2007), that is not the aim of the work described here,
which is instead to examine how diluted connectivity affects
the dynamics of a much more biologically plausible neu-
ronal network model of decision-making, which in turn has
implications for understanding disorders of brain function
(Loh et al., 2007; Rolls, 2005, 2011b; Rolls and Deco, 2010; Rolls
Fig. 1 – (a) Attractor or autoassociation single 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 λ2.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 times of the neurons (for a given mean rate) means
that on some trials, for given inputs, the neurons in the
decision 1 (D1) attractor are more likely to win, and on other
trials the neurons in the decision 2 (D2) 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 (D1) or decision 2 (D2). (b) The architecture of the
integrate-and-fire network used to model decision-making
(see text). (c) A multistable ‘effective energy landscape’ for
decision-making with stable states shown as low ‘potential’
basins. Even when the inputs are being applied to the
network, the spontaneous firing rate state is stable,
and noise provokes transitions from the low firing rate
spontaneous state S into the high firing rate decision
attractor state D1 or D2. If the noise is greater, the escaping
time to a decision state, and thus the decision or reaction
time, will be shorter (see Rolls and Deco, 2010).
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et al., 2008a,b). A possible link to the more biological type of
model we investigate here is that at the bifurcation (decision)
point, the attractor neuronal network model network can
be described as operating according to a diffusion process,
although unlike the race or accumulator models, the diffusion
process may be non-linear (Deco et al., 2007; Marti et al., 2008;
Rolls and Deco, 2010).

For these advantageous stochastic processes to be realized
in the brain, the amount of noise must be significant. One
factor that affects the amount of noise is the number of neu-
rons in the fully connected network. As the number of neu-
rons approaches infinity, the noise or statistical fluctuations
caused by the relatively random spike timing of the neu-
rons for a given mean firing rate decrease to zero (Mattia and
Del Giudice, 2004; Rolls and Deco, 2010) (if the firing of the
different neurons is independent; Webb et al., in press), and
the mathematically convenient mean-field approximation
holds, allowing many properties of the system to be calcu-
lated analytically (Brunel and Wang, 2001; Deco and Rolls,
2006; Rolls and Deco, 2010; Wang, 2002). Using integrate-and-
fire attractor network simulations of decision-making which
include the spiking-related noise, we have shown that the
stochastic fluctuations in a finite-sized system do indeed
decrease as the number of neurons in the network is
increased, but are still a significant influence to produce
probabilistic decision-making with fully connected networks
with 4096 neurons and 4096 synapses per neuron (Deco and
Rolls, 2006). This is biologically relevant in that neocortical
neurons are likely to have this order (4000–9000) of recurrent
collateral excitatory connections from other pyramidal cells
(Abeles, 1991; Braitenberg and Schütz, 1991; Elston et al.,
2006; Rolls, 2008). Further, the stochasticity is greater if the
graded firing rate distributions found biologically (Franco
et al., 2007; Rolls, 2008; Rolls and Tovee, 1995; Rolls and
Treves, in press; Rolls et al., 1997b; Treves et al., 1999) are
incorporated into the model (Webb et al., in press), relative to
the more usually modeled binary firing rate distributions.

In this paper we investigate the effects of dilution of the
connectivity on the noise in the network. In integrate-and-fire
simulations, it is convenient to analyze the performance
with full connectivity. Reasons for this include the fact that
there is then a mean-field equivalent, which there is not
with asymmetrically diluted connectivity; that the simula-
tions are easier to code and run much faster with full con-
nectivity; and that the application of approaches using
energy minima applied to symmetric fully connected net-
works (Hopfield, 1982) no longer holds formally with asym-
metrically diluted connectivity, though extensions of the
approach do show that networks with diluted connectivity
trainedwith an associative rule are still likely to performwith
many of the same properties as a fully connected network
(Bovier and Gayrard, 1992; Perez Castillo and Skantzos, 2004;
Rolls and Treves, 1998; Rolls et al., 1997a; Treves, 1991; Treves
and Rolls, 1991). For example, with diluted connectivity, the
number of patterns that can be stored and recalled correctly
is still determined mainly by the number of connections
onto each neuron received from the other excitatory neurons
in the network (Bovier and Gayrard, 1992; Perez Castillo
and Skantzos, 2004; Rolls and Treves, 1998; Rolls et al., 1997a;
Treves, 1991; Treves and Rolls, 1991).
However, attractor networks in the neocortex and the
hippocampus have diluted connectivity. An estimate for the
rat hippocampus is 4% (12,000 connections C per CA3 neuron,
and 300,000 CA3 neurons). An estimate for neocortex might
be 10%. (For the neocortex, assuming that there are 10,000
recurrent collaterals per pyramidal cell, that the density of
pyramidal cells is 30,000/mm3 (Rolls, 2008), that the radius of
the recurrent collaterals is 1 mm, and that we are dealing
with the superficial (or deep) layers of the cortex with a depth
of approximately 1 mm, the connectivity between the super-
ficial (or deep) pyramidal cells would be approximately 10%.
Electrophysiological data consistent with this estimate have
been found (Perin et al., 2011).) What impact does this diluted
connectivity have on the dynamics of the operation of cortical
networks? Does it make the decision or memory recall times
slower, due toapotentially longerpath foreveryneuron to reach
every other neuron functionally? If so, how much slower?
Does the diluted connectivity make the diluted networks
more or less stable, both in terms of spiking noise-provoked
jumps from the spontaneous state to a high firing rate state;
and when in a high firing rate state implementing a short-
termmemory, out of that state? We study this in networks in
which we keep the number of excitatory recurrent collateral
connections to a neuron constant, for this is the leading factor
in determining the memory capacity of the network, that is
the number of memories that can be stored and successfully
retrieved (Rolls, 2008; Rolls and Treves, 1998; Treves, 1991).
We assume that the brain is designed to make the capacity
as large as possible, and that in the order of 10,000 recurrent
collateral connections per neuron is about as high as can
easily be produced biologically. The finite-size noise is in-
fluenced by the number of neurons N in a fully connected
network, and this is also C, the number of recurrent collateral
associatively modifiable connections per neuron in a fully
connected network (Rolls and Deco, 2010). In a diluted
network, it may be N which influences the finite-size noise,
and this is one issue we investigate.

The issue of how diluted connectivity affects the stochastic
dynamics of networks in the brain is important, for as just
described, connectivity in the hippocampus and locally in the
neocortex is diluted (with the dilution being of the order of 0.04
and 0.1 respectively), and any changes in the noise may be
very important in understanding decision-making, memory
recall, short-term memory, creativity (Rolls and Deco, 2010)
and neuropsychiatric disorders such as schizophrenia and
obsessive–compulsive disorder (Loh et al., 2007; Rolls, 2005,
2011b; Rolls and Deco, 2010, 2011; Rolls et al., 2008a,b). As far as
we know, this is the first investigation of how dilution of the
connectivity affects the stochastic dynamics of neural net-
works in the brain.

We investigate these issues in networks with 800 recurrent
collateral synapses per neuron, comparing networks with
dilutions of 0.25 and 0.1 with networks with full connectivity.
We also extend the analyses to larger networks.
2. Results

Decision-making was investigated in the integrate-and-fire
neuronal attractor network model of cortical decision-making
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Fig. 2 –Mean firing rates over 1200 trials for the winning pool
in fully connected networks and with networks with
connectivity diluted to 0.25 and to 0.1. The first 2 s is the
period of spontaneous firing before the decision cues were
applied at time 2 s. The winning pool is chosen to be the pool
with average firing rate of 10 Hz greater than the competing
pool in the last 1 s of the simulation. The small differences in
mean rate at the decision time after t=2 s are due to the small
increase in the decision times with dilution.
mechanisms illustrated in Fig. 1 and described in the Experi-
mental procedures. The decision-making was probabilistic
because of the stochastic fluctuations produced by the almost
random (Poisson) firing times for a givenmean firing rate of the
neurons in the network (Rolls and Deco, 2010). Fig. 2 shows that
we had achieved changes, in the networks with connections
between theneurons diluted to 0.25 or 0.1, that didnot affect the
mean firing rates of the decision populations of neurons. The
first 2 s of the simulation are spontaneous firing before the
decision cues are applied starting at time=2000 ms. The firing
rates of the neurons in the winning decision-making pool or
population of neurons are shown. The losing population
maintained its activity close to the spontaneous level of firing
during the decision period from time=2000 to 4000ms. The
performance of the network with a diluted connectivity=0.25 is
described especially in Sections 2.1–2.4, and with dilution=0.1
elsewhere and also where stated. The size of the network was
set as shown in Table 2 with CfromDpool=80 synapses per neuron
within a decision pool, except where otherwise stated.

2.1. Decision time

With diluted connectivity, it is possible that the attractor
networkmight settle more slowly towards a decision attractor
state, due to the longer time that it might take any ongoing
changes to reach all neurons, and because the connections
are no longer symmetric between pairs of neurons. With the
method of diluting the connectivity, reciprocal connections
were present only by chance; but if present the weights would
be equally strong due to the Hebbian learning. Indeed, ana-
lytically with asymmetric diluted connectivity, there is no
longer an energy minimum of the type defined by Hopfield
(1982), though it has been shown that such a network still
has many of the same properties, including storage capacity,
completion, etc. (Treves, 1991; Treves and Rolls, 1991).
However, the dynamics of the settling into the attractor has
not been investigated previously.

The decision time distributions for the fully connected
network and the networks with dilutions of 0.25 are shown in
Fig. 3. We found that the decision times were a little slower,
approximately 50 ms slower, with diluted than with complete
connectivity (952 ms for the diluted case vs 894 ms for the fully
connected case, p<0.0002). Factors that influence the shape of
the distribution are considered in the Discussion.

An important measure of the noise in the system is the
escaping time of the system after the decision cues are applied
from the spontaneous state to a decision state (Rolls and Deco,
2010). The implication is that the dilution makes the system
operate less noisily. The smaller standard deviations of the
decision times with dilution (Fig. 3) are also consistent with
less noise in the diluted networks.

2.2. Decision accuracy

The accuracy of the correct decisions (with Δλ=6.4) was 64.3%
in the fully connected case and 75.7% in the 0.25 diluted case.
This was calculated over 1200 trials apart from those that were
rejected from the analysis due to instability of the spontaneous
state (that is, instability in the 2 s period before the decision
cues were applied). The greater accuracy in the diluted case is
probably related to the fact that there were more neurons in
the attractor for each decision pool: 320 neurons for the 0.25
dilution case, and 80 for the fully connected case.

2.3. Stability of the spontaneous state

Noise and the positive feedback in this system can cause the
network to jump into a decision state from the spontaneous
state even before the decision cues are applied (at t=2 s in our
simulations). We analyzed the stability for the diluted vs
complete connectivity cases by measuring the percentage of
trials on which these simulations transited into or towards a
high firing rate decision state before the decision cues were
applied at t=2 s. The parameters for the fully connected sim-
ulation had been set with the mean field analysis so that
the mean spontaneous firing rate should be 3 spikes/s. The
criterion for instability of the spontaneous state was that
the mean rate of either decision pool exceeded 5 spikes/s in
the 250 ms before the decision cues were applied.

It was found that the stability of the spontaneous state was
increased (keeping the number of connections per neuron
constant) in the diluted connectivity networks compared to
the fully connected case, as shown in Fig. 4.

This effect was not accounted for by any difference in the
mean spontaneous firing rates of the decision pool neurons in
the diluted vs fully connected cases, which remained at amean
value of approximately 3 Hz, as shown in Fig. 2.

2.4. Sparseness

The sparseness of the representation was measured during
the last 0.5 s periodof the simulation inwhich thenetworkwas
firing stably in one of the attractors. The sparseness a cal-
culated in Eq. (2) was 0.39 for the fully connected network and
0.43 for the network with connectivity diluted to 0.25. (It is just
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Fig. 4 – Stability of the spontaneous firing state before the
decision cues are applied. The percentage of stable trials is
shown for networkswith full connectivity, andwith dilutions
to connectivities of 0.25 and 0.1. The network size was as
shown in Table 2. The error bars (barely visible) are the
standard deviations. There was a significant difference
between the fully connected and 0.25 dilution cases
(p<0.0001, chi-square test, number of trials 5000).

a

b

c

Fig. 3 – Histograms of decision times for 1200 trialswith (a) full
(b) 0.25dilutedconnectivityand (c) 0.1dilutedconnectivity.The
criterion for a decision time was that the average firing rate of
one decision pool should be 25 Hzhigher than that of the other
decision pool for three consecutive 50ms periods. p<0.0002
for (a) vs (b) using Kolmogorov–Smirnov tests, t-tests, and
Mann–Whitney U tests of the two distributions. The smaller
standard deviations of the decision times with dilution are
consistent with less noise in the diluted networks.
thesmall amountof spontaneous firing in thenon-selective and
losing pools of approximately 3–10 spikes/s that makes these
values a little higher than the value thatwould be obtainedwith
a binarized firing rate. If the rates below 15 spikes/s were set to
zero to exclude spontaneous activity (producing ameasure that
might be called the sparseness of the population response,
where response=firing rate−spontaneous rate; cf. Rolls and
Tovee, 1995) the sparseness values from the simulations were
then very close to the expected values shown inTable 2, namely
0.10 for the fully connected case for which the expected value
was0.1, and0.25 for thenetworkwith0.25dilution forwhich the
expected sparseness value was 0.25).

2.5. Performance with connectivity diluted to 0.1

We repeated the investigations just described with a greater
level of dilution, 0.1, as this is the value of an estimate of the
dilution in the neocortex (0.1), and closer to an estimate of
the dilution in the CA3 recurrent collateral connections of
the hippocampus (0.04). The size of the network was 2240
excitatory neurons, with 80 connections within each excit-
atory decision pool, and 800 neurons in each excitatory pool
(see Table 2). The stability of the spontaneous state was even
greater (see Fig. 4). The spontaneous rate was 2.14 spikes/s
(measured in the time period 1–2 s which is the last 1 s of
the spontaneous period), and the rate when in the decision
attractor was 33.6 spikes/s. (On incorrect trials the mean
rate was 1.91 spikes/s. For the fully connected simulation, the
mean spontaneous firing rate in the spontaneous period
was 2.28 spikes/s.)

We found that the decision times were a little slower,
approximately 145 ms slower, with connectivity diluted to 0.1
than with complete connectivity (1013 ms with 0.1 dilution vs
894 ms for the fully connected network, p<10− 7, Fig. 3). The
decision time was also slower for the 0.1 level of dilution
(1013 ms) than for the 0.25 level of dilution (952 ms, p=0.001).
The smaller standard deviations of the decision times with
dilution of 0.1 are also consistent with less noise in the diluted
networks.
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The accuracy of the correct decisions (with Δλ=6.4 Hz) was
64.3% in the fully connected case and 90.3% in the 0.1 diluted
case. This was calculated over 351 trials in the diluted case.
The greater accuracy in the diluted case is probably related to
the fact that there weremore neurons in the attractor for each
decision pool: 800 neurons for the diluted case, and 80 for the
fully connected case. The accuracy was intermediate for the
0.25 dilution case (75.7%).

2.6. Performance as a function of the input bias Δλ

The results presented so far have been with Δλ=6.4 Hz. We
now explore the effect of different values of Δλ in diluted
networks. Decision times as a function of Δλ for networks with
full connectivity, and with dilutions to connectivities of 0.25
and 0.1, are shown in Fig. 5a. (The network size was twice that
b

a

Fig. 5 – (a) Decision time as a function of Δλ for networks
with full connectivity, and with dilutions to connectivities of
0.25 and 0.1. The standard errors are shown as calculated
across 600 trials. (b) Percentage correct as a function of Δλ
for networks with full connectivity, and with dilutions to
connectivities of 0.25 and 0.1. The network size was C=1600
synapses per neuron, with the other parameters CfromDpool

and NDpool shown in Table 2 also doubled.
of previous simulations, partly to explore these effects with
much larger networks. C was 1600 synapses per neuron, with
the other parameters CfromDpool, NDpool and NE shown in
Table 2 altered accordingly. Thus the number of neurons
within a decision poolNDpool for a connectivity of 0.1 was 1600
neurons for the simulations shown in Fig. 5a.) Fig. 5a shows
that with low values for the bias Δλ the fully connected net-
work was fastest, with slower decision times for greater
dilutions. A reason for the longer decision times with diluted
connectivity is the slower percolation of the effects of activ-
ity in any given neuron to all neurons in the population with
diluted connectivity. At higher values of Δλ (10 Hz and above)
the bias Δλ is sufficiently strong in pushing the network
towards a decision that the effects of the dilution and per-
colation effects become no longer relevant to the decision
time.

Fig. 5b shows the percentage correct as a function of Δλ for
networks with full connectivity, and with dilutions to con-
nectivities of 0.25 and 0.1. The percentage correct at most
values of Δλ is better for the diluted networks than for the
fully connected network. The interpretation is that there is
less noise within a decision pool as the number of neurons in
the decision pool increases, in this case from 160 neurons in
the fully connected case to 640 neurons with 0.25 dilution and
1600 neurons with 0.1 dilution.

2.7. Noise in the system: the Fano factor

Another measure of the noise in the system is the variance of
the firing ratesof theneurons inadecisionpool duringdecision-
making. If the firing of the neurons in a pool hasmore variance,
that pool may be more likely to cross a bifurcation from the
spontaneous firing rate state and to enter a decision state with-
out any decision cue, or to make a decision more rapidly after
the decision cues have been applied (cf. Fig. 1).

Fig. 6 shows the Fano factor for the neurons in the winning
pool, where the Fano factor was defined as the variance across
trials/the mean firing rate across trials using time windows
of 50 ms. Although the Fano factors are in general similar
for the 0.25 diluted and full connectivity cases, there is more
variability in the Fano factor in the different 50 ms time win-
dows in Fig. 6 in the pre-decision cue spontaneous firing period
from 0 to 2 s in the fully connected compared to the diluted
connectivity cases. An implication is that with the Fano factor,
and the variance, being calculated over 320 neurons in the
diluted case compared to 80 neurons in the full connectivity
case, there aremore statistical fluctuations, at least in different
time windows, in the case with fewer neurons in a decision
pool, the fully connected case.

In addition, the elevation in the Fano factor at the time that
the decision is taken in the fully connected case is related to
the fact that on some trials the decision is fast, and on others
slower, so that on some trials the rate is higher, and on others
still low, soon after the decision cues are applied. This greater
variability in the decision time with the fully connected net-
work is very consistent with the other evidence that there is
greater noise in the fully connected than the diluted network,
so that the variability in the decision times is greater in the
fully connected case. Further factors involved are discussed
elsewhere (Churchland et al., 2011; Renart et al., 2007).
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Fig. 6 – The Fano factors for the fully connected network and
for the networks with diluted connectivity of 0.25 and 0.1.
The Fano factor for the neurons in thewinning pool is shown,
where the Fano factor was defined as the variance across
trials/the mean firing rate across trials for the time windows
of 50 ms. The small increase in the Fano factor at the time of
the decision in the fully connected case is related to the
differences in the decision times on different trials. The
decision cues were presented at time=2 s.
The implication is that an advantage of diluted connectiv-
ity (if it is implemented by increasing the number of neurons
in a network, as in the brain, while keeping the number of
connections C onto each neuron constant), is that the diluted
connectivity casewill, withmore neurons, bemore stable with
fewer fluctuations of the type illustrated in the fully connected
network in the spontaneous firing rate period. The relevance
of this is that the spontaneous firing rate period is the state
when the decision cues are applied, and the state from which
a decision is taken. This smaller stochastic fluctuation with
the diluted connectivity appears to be an adaptive situation
for the brain, in that too much noise can lead to instability of
cortical systems, and associated disorders such as epilepsy,
and neuropsychiatric disorders such as schizophrenia (Loh
et al., 2007; Rolls, 2005, 2011b; Rolls and Deco, 2010; Rolls et al.,
2008b).

The decrease in all networks in the Fano factor from approx-
imately 1.0 during the spontaneous period of firing to a value of
approximately 0.45 after the decision has been taken and the
system is in a high firing rate state for one of the decision
attractor pools is considered in the Discussion.

The Fano factor with 0.1 dilution shown in Fig. 6 was similar
to that of the 0.25 diluted case, and different in the ways de-
scribed above from the fully connected case.

2.8. Noise in the system: within-trial variability

To assess the variability of the firing within a trial, as a mea-
sure of the internal noise in the system, we calculated the
coefficient of variation of the firing in the last 1 s of the
spontaneous period, using 50 ms bins each containing the
number of spikes from a single neuron. This coefficient of
variation was then averaged across all the neurons for each
trial, and then the mean value across trials was calculated
(ensuring that only trials with stability maintained through-
out the spontaneous period were included) to ensure that
the estimated coefficient of variation was reliable. The CV
measures the variability in the firing of single neurons on
individual trials, and is a useful measure of the noise in the
system. The CV was 2.444 (±0.010 se) for the diluted network,
and 2.459 (±0.016 se, p<0.05) for the fully connected case, for
the spontaneous, that is, pre-cue period. There was thus less
stochasticity in the diluted network than in the fully
connected network. This was related to the larger number of
excitatory neurons in the diluted connectivity, and was found
even though the number of connections onto each neuronwas
identical in the diluted and fully connected networks. This
finding is consistent with the finding that there was more
stability in the diluted networks in the spontaneous period, in
that with less noise, there was less tendency to jump because
of the noise to a high firing rate attractor state.

We also measured the CV in the period when the networks
had fallen into a high firing rate decision attractor. For the
final 1 s period the same calculations showed that the CV was
0.16618 for the 0.25 diluted network, and 0.27889 for the fully
connected case, again indicating less noise in the diluted
network.
3. Discussion

In integrate-and-fire simulations of an attractor decision-
making network, we have shown that the noise is smaller
for diluted connectivity than for full connectivity. This was
shown by the greater stability in the spontaneous period of the
diluted simulations, and by the slower decision times with
diluted than with full connectivity (Figs. 3 and 4). The slower
decision times in the diluted case reflect less noise, as it is the
noise that with the parameters chosen is required for the
network to escape from the spontaneous state into a decision
state. Further evidence is that the Fano factor, reflecting the
trial by trial variation in the firing rate, wasmore steady for the
diluted network as a function of time within a trial (that
is in the different 50 ms bins in each trial), as shown in Fig. 6.
Further, themeasure of the within-trial variability of the firing
rate, the coefficient of variation, was also smaller for the
diluted than for the fully connected network, reflecting less
noise in the diluted network. Moreover, the accuracy of the
decisions was also greater with the diluted network, reflecting
fewer noise-induced errors. The finding that for more diluted
networks performance and also decision time both increase
can be described as a speed-accuracy tradeoff due to a reduc-
tion of the noise.

The exact distribution of the decision times shown in Fig. 3
is not a focus of the results presented here. Elsewhere we have
described part of a mechanism by which the decision time
distribution is affected by error trials, and indeed may be
longer for error compared to correct trials (Rolls et al., 2010b).
This models the effects that are found in human performance
(Vickers and Packer, 1982), especially with difficult decisions,
(Luce, 1986; Welford, 1980), and that have been modeled



219B R A I N R E S E A R C H 1 4 3 4 ( 2 0 1 2 ) 2 1 2 – 2 2 5
(Carpenter et al., 2009; Moreno-Bote, 2010; Rolls et al., 2010b).
There are a number of reasons why errors can occur, which
affect decision times and their distributions, including a failure
to maintain attention, distraction, etc., and the decision times
on such trials might be short or long. Slower reaction times on
error trials are usually observed in humans when there is no
time pressure, while with time pressure the pattern is the
opposite (Ratcliff and Rouder, 1998).

These results were obtained in a regime where the number
of excitatory recurrent collateral connections per neuron was
held constant (at 80 synapses for the neurons in each of
the two specific pools, and a total of 800 synapses on each
neuron). The reason that this number was held constant is
that this is the leading term in the capacity of attractor
networks (Rolls and Treves, 1998; Treves, 1991), and this is a
crucial factor that affects the biological utility of attractor
networks in the brain (Rolls, 2008, 2010). The interesting
finding presented here is that when forming diluted connec-
tivity by increasing the number of neurons in the network, one
obtains greater stability of the network against erroneous
transitions into high firing rate states, and the result may be
that attractor networks canmore easily be used up to capacity
(set by the number of recurrent synapses per neuron) when
they have diluted connectivity, because they are more stable,
i.e. less noisy.

Our hypotheses for how diluted connectivity decreases the
statistical fluctuations, the noise, in an attractor network are
as follows. First, it is known that in a fully connected network,
the noise decreases according approximately to the square
root of the number of neurons in the network (Deco and Rolls,
2006; Mattia and Del Giudice, 2002, 2004; Rolls and Deco, 2010).
As the number of neurons approaches infinity, the noise
approaches zero, and this is the mean field limit (Rolls and
Deco, 2010). The concept is that as more and more indepen-
dent Poisson processes reflecting the spike times of different
neurons contribute to the mean value, the mean value shows
smaller and smaller statistical fluctuations. In an integrate-
and-fire attractor network, the firing rate fluctuations in a
single neuron make only a small contribution to the overall
population noise, which provides the recurrent input back to
each neuron in the network. This effect operates in our diluted
connectivity network, in that as the dilution increases, so the
number of neurons in a selective population or pool increases
(as C, the number of recurrent connections per neuron, is held
constant). Second, any correlation of the firing of the neurons
in an integrate-and-fire attractor network that is related to the
noise (Moreno-Bote and Parga, 2006; Renart et al., 2007) is fed
back by the recurrent collaterals, and effectively amplified.
This amplification of noise-related effects will be reduced by
diluted connectivity, because the dilution will tend to reduce
the correlation between the neuronal firing felt by a receiving
neuron. It is this effect that enables diluted attractor networks
to show a somewhat higher memory capacity (the number of
patterns that can be stored and correctly retrieved) than fully
connected networks, as we have shown (Rolls and Treves,
1998; Treves and Rolls, 1991).

We note that memory systems with a large capacity are
likely to be selected for in evolution, so that animals and
humans can remember for example many separate events,
places, episodic memories, facts, etc. (Rolls, 2008). We believe
that neurons set the number of recurrent excitatory synapses
to be rather large, up to 12,000 in the rat CA3 hippocampal
network for example (Rolls, 2010; Treves andRolls, 1994), so that
thememory capacity is as large as possible. It may be that with
the precision of neurons, it is difficult to utilize more than
approximately 20,000 recurrent excitatory connections onto
each neuron. In this situation,we argue, diluted networks in the
brain are built to keep the number of synapses per neuron high,
and thismeans that thedilutionmust be obtained by increasing
the number of neurons in the network. This has the advanta-
geous effect of increasing the stability of the network, and
increasing its accuracy in the face of spiking-induced
noise, while making the decision times only a little slower.

In addition to an effect of dilution of connectivity in in-
creasing the stability of attractor networks as described here,
there may be other advantages to dilution of connectivity in
the cerebral cortex. One is that in competitive neuronal net-
works, which appear to be being used in the cerebral cortex to
build new representations (Rolls, 2008), the diluted connec-
tivity in the feed-forward synaptic connections may help to
stabilize the ‘feature analyzer’ properties of the neurons that
are built, by enabling each neuron to learn to respond to a
subset of the possible input feature combinations (Rolls,
2008). This may help to break the symmetry, and may be
being used in the entorhinal grid cell to hippocampal place
cell transform (Rolls et al., 2006). In a fully connected
competitive network there is also for example the potential
problem that if the inputs are gradually drifting or changing
over time, the output neurons may gradually change the
feature combinations to which they respond (Carpenter,
1997; Hertz et al., 1991; Rolls, 2008). Dilution in the connec-
tivity is likely we suggest to help minimize such drift effects,
and to keep the outputs provided by cortical competitive
networks constant.

It was also of interest that in the diluted case, the accuracy
of the decisions was higher. The reason for this is that with
less noise in diluted networks, there are fewer errors induced
by the spiking-related noise producing decision transitions
against the bias Δλ providing the evidence for the decision
(Rolls et al., 2010a,b). This is another advantage of the diluted
connectivity (in the condition that the number of synapses to
other neurons in the same decision pool is kept constant).

Another advantage of the diluted connectivity is that it can
increase the storage capacity of autoassociation (attractor)
networks (when the sparseness of the representation is not
very low, when the advantage disappears) (Treves and Rolls,
1991). Another advantage of diluted connectivity is that it re-
duces the probability ofmultiple synaptic connections between
pairs of neurons, which can greatly degrade the memory ca-
pacity of autoassociation networks (Rolls, 2011a).

We emphasize that the mean firing rates of the decision
populations of neurons are very similar for the fully connected
and diluted cases (Fig. 2).We foundmorewithin-trial variation
in the spontaneous period (measured by the CV described
above) in the fully connected than in the diluted case, which
again is consistent with less noise in the diluted connectivity
case. The implication is that another advantage of dilution in
the connectivity is that once in an attractor, which might be
used to implement short-term memory, the memory is more
stable in the diluted connectivity case.
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The decrease in the Fano factor of the firing rates shown
in Fig. 6 as the simulation moves from spontaneous firing in
the period time=0–2000 ms, where the Fano factor is close to 1,
to lower values when the network is being driven by inputs, is
also found experimentally with neuronal activity in a number
of different cortical areas (Churchland et al., 2010). Our sim-
ulation thus provides an account in an integrate-and-fire
attractor decision-making network of the decrease in the
variability of neuronal activity recorded in the brain as a
decision is being reached (Churchland et al., 2010). It is also of
interest that the coefficient of variation of the interspike
interval distribution of a neuron on each trial was lower than
would be expected of close to Poisson firing when the network
was in a high firing rate attractor state. One factor that may
contribute to the high variability in the Fano factor of the firing
rate in the spontaneous period is that statistical fluctuations
can be great when the numbers of spikes involved are low, as
occurs with spontaneous activity (Rolls and Deco, 2010). This
may help produce the variability that is reflected in a Fano
factor close to 1. Another factor may be that the NMDA
receptors are less engaged at low (spontaneous) firing rates
than at high firing rates. A consequence of this may be that
when operating with spontaneous activity, there is effectively
more of a single, and short, excitatory time constant, that of
the AMPA receptors (2 ms), which is close to the short time
constant of the inhibitory system (in the order of 10 ms). With
higher rates and more strong driving of the neurons, a greater
proportion of NMDA receptor activationmay increase the time
constant of the system, but also introduce a long excitatory
time constant to add to a short excitatory time constant
(of 100 ms), and this may produce less variability of the
spiking (cf. Wang, 1999). It is of interest that we found in
addition that the Fano factor for the winning population of
neurons is lower when Δλ is larger, when the system is being
driven into high firing rate states by strong inputs. The CVmay
also decrease in the high firing rate attractor state (Renart
et al., 2007). We note that the somewhat higher values of the
Fano factor found with neurons in cortical areas (Churchland
et al., 2010) than those described heremay be accounted for by
noise that is additional to the internal spiking-related noise
generated by the neurons within the network, that is if there
is in addition noise in the external inputs to the network,
produced for example by different amounts of arousal,
attention, motivation, and signal on different trials.

In conclusion, we have investigated the effects on the
dynamics of dilution of connectivity in a recurrent spiking
neural network attractor model of decision-making, which
applies also to memory recall. We showed that diluted con-
nectivity (for the same number of connections per neuron and
thus memory capacity) increases the stability and accuracy
of the network as there is less noise in the diluted network,
with little cost in increased decision times.We emphasize that
it is important to understand the effects of noise in networks
in the brain, and its implications for the stability of neuronal
networks in the brain. For example, a stochastic neurodyna-
mical approach to schizophrenia holds that there is less
stability of cortical attractor networks involved in short-term
memory and attention due to reduced functioning of the glu-
tamate system, which decreases the firing rates of neurons in
the prefrontal cortex, and therefore, given the spiking-related
noise that is present, the depth of the basins of attraction.
This it is suggested contributes to the cognitive changes in
schizophrenia, which include impaired short-term memory
and attention (Loh et al., 2007; Rolls and Deco, 2011; Rolls et al.,
2008b). In another example, a stochastic neurodynamical
approach to obsessive–compulsive disorder holds that there is
overstability in some networks in the prefrontal cortex and
connected areas due to hyperglutamatergia (Rolls, 2011b; Rolls
et al., 2008a). In both these cases, and also in normal brain
function in relation to decision-making,memory recall, etc., it is
important to know to what extent noise contributed by
randomness in the spiking times of individual neurons for a
given mean rate contributes to stochastic effects found in
the brain which affect decision-making, stability, and which
may if the stability is disturbed contribute to neuropsychiatric
disorders. In this context, the findings described in this paper
are important for understanding normal and disordered brain
function.
4. Experimental procedures

4.1. The integrate-and-fire attractor neuronal network model
of decision-making

The probabilistic decision-making network we use is a spiking
neuronal network model with a mean-field equivalent (Wang,
2002), but instead set to operate with parameters determined
by the mean-field analysis that ensure that the spontaneous
firing rate state is stable even when the decision-cues are
applied, so that it is only thenoise that provokesa transition to a
high firing rateattractor state, allowing theeffectsof thenoise to
be clearlymeasured (Deco andRolls, 2006; Rolls andDeco, 2010).

The network consists of separate populations of excitatory
and inhibitory neurons as shown in Fig. 1. Two sub-popula-
tions of the excitatory neurons are referred to as decision
pools, ‘D1’ and ‘D2’. The decision pools each encode a deci-
sion to one of the stimuli, and receive as decision-related
inputs λ1 and λ2. The remaining excitatory neurons are called
the ‘non-specific’ neurons, and do not respond to the decision-
making stimuli used, but do allow a given sparseness of the
representation of the decision-attractors to be achieved. (These
neurons might in the brain respond to different stimuli,
decisions, or memories.)

In our fully connected network simulations, the network
contained N=1000 neurons, with NE=0.8N excitatory neurons,
and NI=0.2N inhibitory neurons. The two decision pools are
equal size sub-populations with the proportion of the
excitatory neurons in a decision pool, or the sparseness of
the representation with binary encoding, f=0.1, resulting in
the number of neurons in a decision pool NEf=80. The neuron
pools are non-overlapping, meaning that the neurons in each
pool belong to one pool only.

We structure the network by establishing the strength of
interactions between pools to take values that could occur
through a process of associative long-term potentiation (LTP)
and long-term depression (LTD). Neurons that respond to the
same stimulus, or in other words neurons that are in the same
decision pool, will have stronger connections. The connection
strength between neurons will be weaker if they respond to
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different stimuli. The synaptic weights are set effectively by
the presynaptic and post-synaptic firing rate reflecting associa-
tive connectivity (Rolls, 2008). Neurons in the same decision
pool are connected to each other with a strong average weight
w+, and are connected to neurons in the other excitatory pools
with a weak average weight w−. All other synaptic weights are
set to unity. Using a mean-field analysis by Deco and Rolls
(2006), we chose w+ to be 2.1, and w− to be 0.877 to achieve a
stable spontaneous state (in the absence of noise) even when
the decision cueswere being applied, and stable high firing rate

decision states. In particular, w− = 0:8−fS1wþ
0:8−fS1

(Brunel and Wang,

2001; Deco and Rolls, 2006; Loh et al., 2007; Rolls and Deco, 2010;
Wang, 2002). The mean field analysis predicts the performance
of a very large integrate-and-fire neuronal network (Deco and
Rolls, 2006). The significance of this is that the spiking-related
noise which causes statistical fluctuations in the decision
populations is necessary for the transitions from the spontane-
ous state to a decision state when the decision cues are applied
(Rolls and Deco, 2010). (The mean field analysis performed
applies to a fully connected network; Rolls and Deco, 2010). The
diluted network we studied operated in a very similar scenario,
as shown by the properties of the integrate-and-fire network
when the connectivity was diluted. We note that mean field
analyses of networks with highly diluted connectivity are
possible, as we have described previously (Treves, 1991; Treves
and Rolls, 1991).

4.2. Neuron model

Neurons in our network use Integrate-and-Fire (IF) dynamics
(Brunel and Wang, 2001; Burkitt, 2006; Deco and Rolls, 2006;
Knight, 2000; Rolls and Deco, 2010; Wang, 2002) to describe the
membrane potential of neurons. We chose biologically
realistic constants to obtain firing rates that are comparable
to experimental measurements of actual neural activity. IF
neurons integrate synaptic current into a membrane poten-
tial, and then fire when the membrane potential reaches a
voltage threshold. The equation that governs the membrane
potential of a neuron Vi is given by:

Cm
dVi tð Þ
dt

= −gm Vi tð Þ−VLð Þ−Isyn tð Þ; ð1Þ

where Cm is the membrane capacitance, gm is the leak
conductance, VL is the leak reversal potential, and Isyn is the
total synaptic input. A spike is produced by a neuron when its
membrane potential exceeds a threshold Vthr=−50mV and its
membrane potential is reset to a value Vreset=−55 mV. Neurons
are held atVreset for a refractoryperiod τrp immediately following
a spike.

4.3. Synapses

The synaptic current flowing into each neuron is described in
terms of neurotransmitter components. The four families of
receptors used are GABA, NMDA, AMPArec, and AMPAext. The
neurotransmitters released from a presynaptic excitatory
neuron act through AMPA and NMDA receptors, while inhibi-
tory neurons activate ion channels through GABA receptors.
Eachneuron in thenetworkhasCext=800 external synapses that
deliver input information and background spontaneous firing
from other parts of the brain. Each neuron receives via each of
these 800 synapses external inputs a spike train modeled by a
Poissonprocesswith rate 3.0 Hz,making the total external input
2400 Hz per neuron.

The current at each synapse is produced by synaptically
activated ion channels that alter their conductances with par-
ticular time constants and that depend on the membrane
potential of theneuronand the reversalpotential of the currents
thatpass througheach ionchannel. Thesecurrents aresummed
to describe the form of the post-synaptic potentials (PSPs) at the
neuron's cell body. AMPA is modeled as a fast receptor, and
NMDA as a slow receptor. Synaptic current flowing into a
neuron is given by the set of ordinary differential equations:

Isyn tð Þ = IGABA tð Þ + INMDA tð Þ + IAMPA;rec tð Þ + IAMPA;ext tð Þ

in which

IAMPA;ext tð Þ = gAMPA;ext V tð Þ−VEð Þ∑
Cext

j
sAMPA;ext
j tð Þ

IAMPA;rec tð Þ = gAMPA;rec V tð Þ−VEð Þ∑
CE

j
wjs

AMPA;rec
j tð Þ

INMDA;rec tð Þ = gNMDA;rec V tð Þ−VEð Þ
1 + eβγV tð Þ ∑

CE

j
wjsNMDA

j tð Þ

IGABA;rec tð Þ = gGABA V tð Þ−VIð Þ∑
CI

j
sGABAj tð Þ;

where VE and VI are reversal potentials for excitatory and in-
hibitory PSPs, the g terms represent synaptic conductances, sj
are the fractions of open synaptically activated ion channels at
synapse j, andweightswj represent the structure of the synaptic
connections.

Post-synaptic potentials are generated by the opening of
channels triggered by the action potential of the presynaptic
neuron. As mentioned above, the dynamics of these channels
are described by the gating variables sj. The dynamics of these
variables are given by:

dsAMPA
j tð Þ
dt

= −
sAMPA
j tð Þ
τAMPA

+ ∑
k
δ t−tkj
� �

dsNMDA
j tð Þ
dt

= −
sNMDA
j tð Þ

τNMDA;decay
+ αxj tð Þ 1−sNMDA

j tð Þ
� �

dxj tð Þ
dt

= −
xj tð Þ

τNMDA;rise
+ ∑

k
δ t−tkj
� �

dsGABAj tð Þ
dt

= −
sGABAj tð Þ
τGABA

+ ∑
k
δ t−tkj
� �

where the sums over k represent a sumover spikes formulated
as δ-peaks (δ(t)) emitted by presynaptic neuron j at time tjk.

The constants used in the simulations are shown in Table 1.

4.4. Diluted connectivity

In the full connectivity case, the network we have analyzed
extensively (Deco and Rolls, 2006; Rolls et al., 2010a,b contains
N neurons typically set to 500 or 1000, but systematically
investigated (Deco and Rolls, 2006), with NE=0.8N excitatory
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Table 1 – Simulation constants.

Global constants
VL=−70 mV Vthr=−50 mV Vreset=−55 mV VI=−70 mV
VE=0 mV α=0.5 ms−1 β=0.062 γ=0.2801

Inhibitory neuron constants
Cm=0.2 nF gm=20 nS τrp=1 ms τm=10 ms
gAMPA, ext=1.62 nS gAMPA, rec=0.162 nS gNMDA=0.516 nS gGABA=1.946 nS
τAMPA=2 ms τNMDA,decay=100 ms τNMDA, rise=2 ms τGABA=10 ms

Excitatory neuron constants
Cm=0.5 nF gm=25 nS τrp=2 ms τm=20 ms
gAMPA, ext=2.08 nS gAMPA, rec=0.208 nS gNMDA=0.654 nS gGABA=2.5 nS
τAMPA=2 ms τNMDA,decay=100 ms τNMDA, rise=2 ms τGABA=10 ms
neurons, and NI=0.2N inhibitory neurons. The two decision
pools are equal in size of sub-populations with the proportion
of the excitatory neurons in a decision pool, or the sparseness
of the representation with binary encoding, f=0.1, resulting in
the number of neurons in a decision pool NEf. The neuron
pools are non-overlapping, meaning that the neurons in each
pool belong to one pool only. In the investigations described
here, we chose to set the number of excitatory recurrent
collateral connections C per neuron to 80 in a decision-making
pool, the number in a standard fully connected network with
NE=800 excitatory neurons, as with a network this size there
is still with a standard set of parameters some instability of
the spontaneous firing rate state, so that stability can be in-
vestigated. The number of non-specific excitatory neurons
in this network with N=1000 is 640. These neurons simulate
the effects of noise from other networks in the system than
those involved in the decision-making. The sparseness of the
representation, the proportion of excitatory neuronswith high
activity when an attractor wins, is 80/800=0.1 for the fully
connected network. Given that there were two decision pools
each with 80 neurons in the fully connected network, there
were 80 connections onto each neuron from each decision
pool.

In setting up the diluted connectivity, we aimed to keep
the total number of excitatory synapses devoted to the re-
current collateral synapses fixed, as this is likely to be a
biological parameter that cannot be increased without
limit, and that number was 800, as noted above. The number
of synapses for each decision (or specific) pool was also
maintained at the default value for this size of network, 80
synapses per neuron. We kept the number of inhibitory neu-
rons constant at 200 for this size of network. To dilute the
Table 2 – Parameters for the full and diluted connectivity simul
an excitatory neuron. CfromDpool = the number of excitatory con
the number of excitatory neurons in a decision-making pool.NE

in which the number of nonspecific neurons was 640. a = the po
excitatory neurons active for any one decision.

Connectivity C CfromDpool

1 800 80
0.25 800 80
0.1 800 80
connectivity within each specific decision-making pool of
neurons to 0.25, we increased the number of neurons in each
specific pool from 80 in the fully connected case to 320 in
the diluted case. The 80 synapses onto each neuron were
randomly chosen from the 320 neurons in each decision pool
to achieve a dilution of the connectivity in each decision pool
of 0.25.

This meant that the population sparseness was 0.25
(320 neurons/1280 excitatory neurons) for the representation
for each specific decision-making pool for the dilution to
0.25 case. Considering each synaptic weight vector on each
excitatory neuron, the number of synapses for a specific
decision-making pool (e.g. pool 1) was 800, and of these 80
were intrapool synapses for decision 1, so the sparseness of
a representation seen by each neuron for decision 1 was
held constant at 80/800=0.1, independently of the degree of
dilution. (The same was true for the other decision pool, pool
2.) Given that there were two decision pools each with 80
synapses per neuron in a decision pool, there were 80 con-
nections onto each neuron from each decision pool just as
in the fully connected case above. The numbers are sum-
marized in Table 2. In all cases, the number of non-specific
neurons, i.e. those not in a specific decision-making pool,
was kept constant at 640. The total number of excitatory
neurons in each network is shown by NE in Table 2.

The above values for the parameters were for connectivity
diluted to 0.25. We also ran further simulations with the
connectivity diluted to 0.1. The parameters in this casewere as
shown in Table 2. In the Connectivity column, 1 refers to full
connectivity, and 0.25 to a network with the connectivity
diluted to 0.25 using an algorithm which ensured that for
each of the 80 synapses on a neuron for a given decision-
ations C = the number of excitatory connections received by
nections received from each decision-making pool. NDpool =
= the total number of excitatory neurons in the simulations,
pulation sparseness of the representation, the proportion of

NDpool NE Sparseness a

80 800 0.1
320 1280 0.25
800 2240 0.357
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making pool, the neuron in the decision pool to which to
connect was chosen randomly, with no double connections
allowed to a neuron.

4.5. Sparseness

The population sparseness a of a binary representation is
the proportion of neurons active to represent any one stimulus
or decision in the set. The sparseness can be generalized to
graded representations as shown in Eq. (2):

a =
∑
NE

i
ri

� �2

∑
NE

i
r2i ;

ð2Þ

where ri is the firing rate measured for neuron i in the pop-
ulation of NE excitatory neurons in the network (Franco et al.,
2007; Rolls, 2008; Rolls and Treves, 1990; Treves and Rolls,
1991). We note that this is the sparseness of the representa-
tion measured for any one stimulus over the population
of excitatory neurons (Franco et al., 2007; Rolls, 2008). For the
sparseness values shown in this paper, the population
sparseness on each trial was calculated using the time-
averaged firing rate of all excitatory neurons, and then this
population sparseness was averaged across trials.

4.6. Simulation regime

The network was simulated numerically using a second order
Runge–Kutta algorithm step with an integration step
dt=0.02 ms for a time period of 4 s. First there was a 2 s
baseline period of spontaneous activity in which λi=3.0 Hz for
all external synapses onto every neuron in pool i, where the
pools were inhibitory, decision-making pool 1, decision-
making pool 2, and the non-specific excitatory pool. There
was then a 2 s decision period in which the decision stimuli
were applied by increasing the firing rates for the 800 external
input synapses on each of the neurons in the two decision
pools so that themean of λ1 and of λ2=3.04 Hz per synapse (an
extra 32 Hz per neuron, given the 800 external synapses onto
each neuron). During the decision period, the noise in the
network, and the increased firing rate bias applied as a
decision cue to each decision pool of neurons, cause one of
the decision populations of neurons to jump to a high firing
rate attractor state with the assistance of the positive
feedback in the recurrent collaterals, and this high firing
inhibits through the inhibitory interneurons the other
decision population of neurons. There is thus a single
winning population on each trial, and which of the two
populations wins on a particular trial is determined by the
statistical fluctuations in the firing rates of the neurons in
each decision population, and the difference in the two inputs
λ1 and λ2, i.e. Δλ. In the simulations we describe, unless
otherwise stated, Δλ=6.4 Hz per neuron, which corresponds
to a firing rate of 3.044 Hz per synapse being applied as λ1 and
3.036 Hz per synapse being applied as λ2 as the external inputs
to the two decision-making pools during the decision-making
period. With Δλ=6.4 Hz, Δλ/λ, the Weber fraction (Deco and
Rolls, 2006), =6.4/2432=0.00263.
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