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The Effects of Scaling of Columnar Cell Population Sizes in a Spiking

Attractor Network Model of Working Memory

Georgios Iatropoulos

Abstract
Experimental neuroscientific research has in the past

decades identified the elevated activity of distinct pop-

ulations of recurrently connected neurons in the brain

as the biological correlate of working memory activa-

tion. The theoretical foundation of this progress has

predominantly relied on the idea that information is

encoded in the pooled response of recurrently con-

nected cell assemblies operating with attractor dy-

namics. The discovery of columnar organization in

neocortex has further strengthened this theory. Yet,

the composition, and even existence, of such minimal

units of computation in the brain remains elusive. In

this study, we assess the concept of columnar cell as-

semblies as computational units in the framework of a

spiking attractor network model of prefrontal, discrete

working memory, by studying the robustness of spike

dynamics and pattern completion functionality to scal-

ing of minicolumnar cell populations. The results sug-

gest that each such minicolumn requires at least 25–

30 neurons in order to maintain irregular and sparse

firing, as well as low noise correlations. In addition,

preliminary trials demonstrate that too sparsely popu-

lated units destabilize temporal dynamics in the idling

and coding state, thus prohibiting bistability. These

findings affirm the necessity of ensemble coding in the

network model.

Introduction
Working memory (WM) is a broad term that encom-
passes all neural and cognitive systems and processes
that grant animals the ability of short-term mental main-
tenance of no longer externally available information per-
taining a stimulus for future cognitive tasks (Baddeley
and Hitch, 1974). Such a mnemonic system is vital in
order for humans and other animals to perform complex
goal-oriented behaviors, enabling concurrent information
processing and sensory integration required for planning
and decision-making.

Traditionally, single-item WM activity has been stud-
ied using variations of the delayed match-to-sample task.
In this experimental paradigm, the subject is first pre-
sented with a sensory cue signal, followed by period of
idle waiting, referred to as the delay period, at the end
of which the subject is offered a set of response options
and must select the option that matches the initial cue
in order to receive a reward. The purpose of executing
tasks with such cross-temporal contingencies is to force
the subject to hold the cue signal in WM for the dura-
tion of the delay period, thus generating a well-defined
time course during which WM maintenance is activated

and can be monitored. Combined with electrophysiolog-
ical measurements of neural spiking activity using micro-
electrodes, delayed match-to-sample experiments have in
the past decades identified the persistently heightened
level of spiking during the delay period in a subset of
neurons (delay cells) as the neural correlate of activa-
tion of discrete (Fuster and Alexander, 1971; Kubota
and Niki, 1971) and parametric (Funahashi et al., 1989;
Romo et al., 1999) WM.

Neural correlates of delay period activity have been
found to be located primarily in the prefrontal cortex
(PFC) (Funahashi, 2006), but also in the associative cor-
tices of the parietal and temporal lobe, each region sub-
serving the processing of different WM modalities. While
parietal and temporal activities have been linked mainly
to haptic (Gnadt and Andersen, 1988; Koch and Fuster,
1989; Zhou and Fuster, 1996) and visual (Fuster and Jer-
vey, 1982; Miyashita and Chang, 1988; Miller et al., 1991,
1993) memoranda, respectively, the PFC has been asso-
ciated with a variety of sensory modalities, such as dis-
crete visual (Fuster and Alexander, 1971; Miller et al.,
1996), parametric visual (Funahashi et al., 1989), audi-
tory (Bodner et al., 1996) and haptic WM (Romo et al.,
1999). The utilization of intricate stimulus composi-
tions and application of increasingly advanced tracing
and analysis techniques to the neural activity of pre-
frontal delay cells has further revealed such cells capable
of coding for sequences of stimuli (Funahashi et al., 1997;
Averbeck and Lee, 2007), stimuli comparison in prepa-
ration of subsequent decision-making (Jun et al., 2010),
as well as more abstract concepts, such as stimulus cat-
egories, category schemes (Freedman et al., 2001, 2002,
2003; Cromer et al., 2010; Roy et al., 2010; Seger and
Miller, 1997), and behavioral rules (MacDonald et al.,
2000; Wallis et al., 2001; Sakai and Passingham, 2003).
Indeed, the PFC has long been associated with abstract
and higher-order cognitive functions such as sensory in-
tegration (Rao et al., 1997; Fuster et al., 2000), plan-
ning (Mushiake et al., 2006; Tanji et al., 2007), reward
expectation (Leon and Shadlen, 1999), and decision-
making (Kim and Shadlen, 1999), as well as top-down
control of attention in other cortical areas (Buschman
and Miller, 2007; Miller and Buschman, 2013; Lara and
Wallis, 2014). For an extensive review on this topic, see
Miller and Cohen (2001).

Despite the progress in mapping the functionality and
stimulus-selectivity of memory neurons in neocortex, the
complete nature of the neuroanatomical underpinnings
of discrete WM and related cortical computations remain
largely unknown. At the theoretical core of many con-
temporary ideas and models aiming to provide a mecha-
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nistic explanation of WM activity lies the postulate that
information primitives are represented in neocortex by a
subset of recurrently connected excitatory neurons with
similar coding properties, capable of producing a self-
sustained elevation in spiking activity upon activation
of their respective memoranda (Hebb, 1949; Fuster and
Bressler, 2012). This argument of bistable cell assemblies

(also called ensembles) serving as engrams has been sup-
ported by experimental findings showing that neocortex
is organized into vertically oriented clusters of neurons,
dubbed columns, and that such columns posses simi-
lar functionality and stimulus-selectivity (Mountcastle,
1997; Opris and Casanova, 2014). Indeed, visual cortex
neurons sharing stimulus-preference have been reported
to exhibit a higher propensity to interconnect (Ko et al.,
2011). Similar results have been produced by in vivo

imaging of neocortex, demonstrating activations of dis-
tinct and distributed neuron populations following stim-
ulus presentation (Tsunoda et al., 2001; Ohki et al., 2005;
Bathellier et al., 2012; Miller et al., 2014). Moreover,
studies of neocortical slices have revealed that clusters of
recurrently connected neurons have the ability to spon-
taneously switch between baseline and states of height-
ened, self-sustained activity (Cossart et al., 2003; Shu
et al., 2003).

The proposed theoretical rationale for population cod-
ing, as opposed to coding in single neurons or synapses,
has been to overcome the high degree of noise and inter-
trial response variability in the neocortex, so as to gen-
erate reliable coding and an improved signal-to-noise ra-
tio (SNR) (Averbeck et al., 2006). Indeed, the predictive
power of neuronal populations have been reported to out-
perform that of a few cells (Averbeck et al., 2003; Baeg
et al., 2003; Meyers et al., 2008). Nevertheless, no data
have yet been reported on the structure and spatial ex-
tent of the neuroanatomical circuitry in PFC specifically
underlying discrete WM.

Due to the limitations of experimental sampling both
in vivo and in vitro, typically covering populations of
hundreds of neurons out of a total of ∼30 × 109 in neo-
cortex alone, great efforts have been put into understand-
ing cortical computations and dynamics using model-
ing and computer simulations, vital tools for recreating
and predicting experimentally measured neural activity.
Spiking in the PFC is characterized by a high degree
of intra-trial spiking irregularity, quantified by an coef-
ficient of variance close to or above one (Compte et al.,
2003; Shafi et al., 2007). This has been accounted for in
models of cortical neural networks by a balance of exci-
tatory and inhibitory synaptic currents (van Vreeswijk
and Sompolinksy, 1996), later confirmed in electrophys-
iological measurements of PFC (Shu et al., 2003; Haider
et al., 2006) and other cortical areas (Wehr and Zador,
2003; Okun and Lampl, 2008). Furthermore, activity
in neocortex is sparse, with typical firing rates ranging
from <0.1 s−1 up to ∼10 s−1 in baseline and active states
(Margrie et al., 2002; Brecht et al., 2003; Kerr et al.,
2005; Haider et al., 2006; Shafi et al., 2007). Simulations
of spiking neural network models have demonstrated
that such bimodal yet sparse firing can be recreated by

recurrently connected clusters provided with feedback
inhibition (Amit and Brunel, 1997), and that stability
of such activity requires excitatory synaptic currents of
longer time scales, such as those mediated by NMDA-
receptors (Lisman et al., 1998; Wang, 1999). Indeed, the
necessity of NMDAR-mediated currents for WM and sta-
ble delay activity has been verified experimentally (Jack-
son et al., 2004; Wang et al., 2013). The combination
of balanced input, clustered connectivity and NMDA-
currents has been shown capable of reproducing sparse
and bistable activity (Lundqvist et al., 2006, 2010) along
with a distinct decrease in inter-trial variability dur-
ing cell assembly activation (Litwin-Kumar and Doiron,
2012), similarly to what has been experimentally ob-
served in connection to cognitive processing (Churchland
et al., 2010). The addition of non-linear synaptic conduc-
tion and high reset potentials further ensures intra-trial
variability across activity states and even induces an ele-
vation in spiking variability during delay activity (Barbi-
eri and Brunel, 2007; Hansel and Mato, 2013), consistent
with experimental results (Compte et al., 2003).

In light of the vast experimental and theoretical body
of knowledge, a prevalent hypothesis has emerged, stat-
ing that the circuits underlying WM form attractor net-
works, whereby each memory item is represented in
state space by an attractor and physically by a bistable
cell assembly (Durstewitz et al., 2000; Lansner, 2009).
Nonetheless, the precise neuroanatomical substrate of
WM and the detailed dynamics of ensemble coding in
PFC remain elusive. In this study, we aim to asses the
idea of neural ensembles as fundamental computational
units, in the framework of a spiking modular attractor
network model of discrete WM in PFC, incorporating
many of the aforementioned theoretical findings. The
network is an associative memory model, akin to the
Hopfield network (Hopfield, 1982), based on the anatomy
of layers 2/3 (L2/3) in neocortex, where each unit is rep-
resented by a recurrently connected neuron population,
corresponding to a cortical minicolumn. As reported
in a series of previous studies, this network model is
capable of reproducing bistable, balanced, and sparse
spiking activity along with oscillatory correlates of WM
(Lundqvist et al., 2006, 2010, 2011, 2012, 2013a,b; Her-
man et al., 2013), as well as memory phenomena such as
pattern rivalry (Lundqvist et al., 2006), primacy, recency
(Lansner et al., 2013), and attentional blink (Silverstein
and Lansner, 2011). In the present study, we examine
how the scaling of the population in each computational
unit affects network functionality and spiking dynam-
ics. The results indicate a lower, but no upper, limit to
the size of its computational units, since smaller mini-
columns cause stronger synchrony and spike correlations,
paired with a concomitant decline in spike irregularity to
levels below biological plausibility. A preliminary exam-
ination also suggests that these effects impair network
bistability. Overall, the results support the conclusion
that minimal computing units in the form of recurrently
connected ensembles may be necessary in order for neu-
ral circuits to promote temporally stable UP states and,
concordantly, a robust discrete WM.
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Figure 1. Structure of the network model. The left half of the figure illustrates the connectivity within a single HC, while the image to
the right illustrates the long-range connections between MCs in a single pattern, across 9 HCs. Note, however, that the model used in the
present study comprised 16 HCs in total.

Methods
Network architecture

The conceptual full-scale structure of the modular at-
tractor network model, as described by Lundqvist et al.

(2006) is organized into hypercolumns (HC), each of
which contains neural sub-populations termed mini-
columns (MC), in line with the wealth of data on
columnar modularization of the mammalian neocortex
(Mountcastle, 1997). The number of MCs constituting
a single HC have been estimated to 60–80 (Buxhoeve-
den and Casanova, 2002), while the number of neurons
contained within an MC have been claimed to be in the
range of 80–100 (Mountcastle, 1997; Buxhoeveden and
Casanova, 2002). Accordingly, it has been speculated
that a cortical structure the size of cat striate cortex
could be comprised of some 3,000 HC, containing a to-
tal of about 320,000 MCs (Peters and Yilmaz, 1993). A
network model of these magnitudes would, however, be
impractical to simulate. Consequently, the network im-
plemented in this study was a subsampled version, con-
taining 16 HCs with 48 MCs in each, as illustrated in
Fig. 1.

L2/3 of neocortex has been suggested to constitute
an important component in the anatomical substrate
of cortical information processing, due to its dense lat-
eral connectivity and high degree of intra-laminar input
(Goldman-Rakic, 1995; Douglas and Martin, 2004). As
such, the architecture of the network was constrained so
as to be comparable to experimental connectivity and
conductance data primarily from these layers, as pro-
vided in the report by Thomson et al. (2002). Each MC
in the network consisted of an assembly of 30 regular
spiking excitatory cells, modeled after cortical pyrami-
dal cells, recurrently connected with a connection prob-
ability of 25% and an average EPSP of 0.7mV. Each
HC also contained a pool of fast-spiking inhibitory in-
terneurons, modeled after basket cells, which received

excitatory input from all MCs within the same HC with
a connectivity of 70% and an average EPSP of 2.9mV.
Likewise, the basket cell pool provided these MCs with
non-specific feedback inhibition with a connectivity of
70% and an average IPSP of −1.9mV, in accordance with
anatomical mappings revealing interneurons in L2/3 to
non-specifically target pyramidal cells within an area
comparable to a single HC with high probability (Fino
and Yuste, 2011; Kätzel et al., 2011; Packer and Yuste,
2011). This lateral feedback inhibition caused each HC
to act as a separate WTA module (Goldman-Rakic, 1995;
Lundqvist et al., 2006), where only one MC per HC could
enter an active state at a given moment, and where ac-
tivity was normalized to always correspond to the activ-
ity of one fully active MC. Additionally, the basket cells
were recurrently connected to each other, with a con-
nection probability of 70% and average IPSP −2.0mV.
Electrophysiological experiments have shown such recur-
rent inhibitory connections among basket cells to exist
in neocortex (Pfeffer et al., 2013).

Each pattern in the network was represented by a
simultaneous activation, i.e. firing rate increase, in a
subset of MCs, each one belonging to a different HC.
These activations were enabled by long-range (inter-
hypercolumnar) connections between the MCs partic-
ipating in the pattern. Long-range connections were
set with a connection probability of 30%, and allowed
the model to essentially function as a Hopfield network,
where connectivity was full on a node-to-node level, but
sparse and biologically feasible on the single-cell level.
As experimental data on long-range cortical connectivity
is currently lacking, this setup was estimated based on
the fact that a pyramidal cell in L2/3 receives on average
∼10, 000 synapses (DeFelipe and Fariñas, 1992) and that
the activity density of cortex is approximated to roughly
1% (Cossart et al., 2003; Lennie, 2003). As long-range
excitatory synapses within L2/3 typically are consider-
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ably weaker than local ones (Hirsch and Gilbert, 1991),
the average pyramidal-pyramidal EPSP across HCs was
set to 0.15mV. Thus, the local-to-global EPSP ratio
was roughly 5:1, and the total local-to-global conduc-
tance ratio was 30:70, which is comparable to the ratio
of synapses of local compared to global origin on pyra-
midal cells in L2/3 (Stepanyants et al., 2009). There was
no overlap between MCs within a single HC nor between
any of the patterns, which, in other words, were orthog-
onal. This limited the memory capacity of the network
model to 16 patterns. Given the size of the network and
the connectivity within each pattern, the average long-
range connectivity across the whole network was 0.635%
and the activity density 2% (16 MCs activated out of a
total of 768). This level of activity is comparable to ex-
perimentally and energetically founded estimates of 0.5–
1% (Cossart et al., 2003; Lennie, 2003), 5% (Kojima and
Goldman-Rakic, 1984; Hromádka et al., 2008), and 10%
(Kerr et al., 2005), for neocortex.

The ratio of excitatory to inhibitory neurons in the
network was approximately 97:3. This is considerably
lower than the experimentally estimated ratio of 80:20
for the entire neocortex (Markram et al., 2004), although
this statistic has been contested lately by reports of a
ratio closer to 90:10 (Meyer et al., 2011). One reason
for the under-representation of inhibitory interneurons
in the current model is that it only includes basket cells,
a subtype accounting for approximately 40–50% of all
inhibitory interneurons in L2/3 (Binzegger et al., 2004;
Markram et al., 2004). Due to their locally projecting
nature, basket cells are suitable as putative mediators of
local competition among excitatory neurons.

Layer 4 input and background noise

In addition to L2/3, the network model also included
a feed-forward, column-specific input layer, serving as a
primitive representation of layer 4 (L4) in cortex. Thus,
each MC contained an additional pool of 5 pyramidal
cells targeting the pyramidal cells in L2/3 of the same
MC with feed-forward connection probability of 50% and
an average synaptic weight 0.7mV. Such an architec-
ture, although simplified, is consistent with the column-
specific feed-forward projections from L4 to L2/3 that
have been found experimentally (Mooser et al., 2004;
Yoshimura et al., 2005).

Poisson processes with a frequency of 300 s−1 provided
each pyramidal cell in L2/3 with independent back-
ground noise. The weight with which the noise sources
targeted these pyramidal cells was tuned so as to make
each cell spike at a rate of ∼0.1 s−1 in the absence of any
other input. Input from L4 to L2/3 in individual MCs
was activated by initiating Poisson processes targeting
each of the corresponding L4 pyramidal cells with a fre-
quency of 100 s−1. The conductance of these projections
was tuned to make the L4 pyramidals spike at a rate of
60−100 s−1.

Neuron model

The neurons were modeled as point neurons using the
adaptive exponential leaky integrate-and-fire (AdEx)

Table 1. Parameter values for the pyramidal and basket cell mod-

els. All parameter except τw, a, and b were adopted from Petrovici
et al. (2014). The values in parenthesis were only used in the pattern
completion task.

Pyr Bas Unit

Cm 179 6.88 pF
gL 10.6 0.44 nS
VL -61.7 -56.0 mV
∆T 0 0 mV
VT -53.0 -52.5 mV
Vr -60.7 -72.5 mV
∆tref 0.5 0.5 ms
τw 0 (1000) 0 ms
a 0 0 nS
b 0 (5) 0 pA

formalism (Brette and Gerstner, 2005), i.e.

Cm
dV

dt
= −gL(V − VL) + gL∆T exp

(

V − VT

∆T

)

(1)

− Isyn − w + Iext

τw
dw

dt
= a(V − VL)− w (2)

if V = VT then spike and reset

{

V → Vr

w → w + b
(3)

where Cm is the membrane capacitance, V is the mem-
brane potential, gL is the leak conductance, VL is the
leak reversal potential, ∆T is the slope factor, VT is
the threshold potential, Vr is the reset potential, Isyn

is the synaptic current, Iext is the input current, w is the
adaptation current, τw is the adaptation time constant,
a is the adaptation coupling parameter (sub-threshold
adaptation parameter), b is the spike-triggered adapta-
tion, and t is the time variable. Theoretical analyses of
the AdEx model have shown it to be a powerful neuron
model, capable of generating a wide repertoire of spiking
patterns (Naud et al., 2008). The default neuron param-
eters used in this study are presented in Table 1, and
were to a large part adopted from the work of Petrovici
et al. (2014), where AdEx neurons were parametrized
to imitate the Hodgkin-Huxley neurons employed by
Lundqvist et al. (2006).

Synapse models

All pyramidal-pyramidal connections were modeled as
glutamatergic syanapses, with transmission mediated by
a mixture of AMPA and NMDA receptors. The propor-
tion of conductances was 2:3, respectively, comparable
to the corresponding ratio of 91% that has been esti-
mated from electrophysiological measurements in L2/3
of PFC in rodents (Myme et al., 2003). Transmission
from pyramidal to basket cells was mediated solely by
AMPARs. Inhibitory connections from basket cells to
pyramidal cells or other basket cells were modeled as
GABAA-releasing synapses. Hence, the total synaptic
current entering each post-synaptic neuron was the sum
of the AMPA, NMDA, and GABA current contributions,
i.e.

Isyn = IAMPA + INMDA + IGABA . (4)
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Both AMPA and GABA currents are exclusively ligand-
gated, and were therefore each modulated by a single gat-
ing variable s, which assumed a value of one upon neu-
rotransmitter release and exponentially decayed to zero
with the time constant τAMPA = 6ms and τGABA = 6ms.
These currents therefore obeyed the following dynamics:

I = G (V − V0) s (5)

where G denotes the maximum synaptic conductance,
i.e. the weight, V0 is the reversal potential and

ds

dt
= − s

τ
. (6)

Since NMDAR gating is both ligand- and voltage-
dependent, the model for NMDA-currents included two
gating variables, i.e.

I = G (V − V0) sp (7)

where the ligand-gating variable s followed the exponen-
tial dynamics described in equation (6) with a time con-
stant τNMDA = 170ms. The voltage-dependent gating-
variable p was given by

p(V ) =
1

1 + 0.0144 exp (−0.117V )
(8)

using the parameters from Fransén and Lansner (1998).
Equation (8) is a simplified mathematical model derived
from the model implemented by Ekeberg et al. (1991)
(see Supplementary material), and is similar in form
to the gating-function introduced by Jahr and Stevens
(1990). Reversal potentials for AMPA, NMDA and
GABA currents where 0mV, 0mV and −85ms, respec-
tively.

All pyramidal-pyramidal synapses were subject to
synaptic short-term depression (STD) according to
the established Tsodyks-Markram model (Tsodyks and
Markram, 1997), implemented in the computationally
practical and discretized manner reported by Maass and
Markram (2002), as follows:

wn = wURn (9)

R1 = 1 (10)

Rn+1 = 1 + (Rn −RnU − 1) exp (−∆tn/D) (11)

where wn is the effective weight at the nth spike, w the
maximum weight, U the fraction of synaptic resources
used for a single spike, Rn the fraction of synaptic re-
sources available at the nth spike, D the time constant
for recovery from depression and ∆tn the time between
spike n and n + 1. The values used in this study were
U = 0.25 and D = 700ms, consistent with reports of
depression-dominant inter-pyramidal synapses in neocor-
tex (Wang et al., 2006). Additionally, these synapses
were fully saturating, meaning that during high-frequent
firing the conductance of a single synapse additively in-
creased up to a certain limit, at which it was capped.
This limit equalled the peak conductance resulting from
a single presynaptic spike with full presynaptic resources.

Due to the absence of spatial dimensions in the net-
work model, conductance delays were implemented in
each synaptic connection. All delays between pyramidal
cells in a MC or between pyramidal and basket cells were
drawn from a normal distribution of 0.9ms± 20% (80%,
160%), whereas long-range connections were drawn from
1.0ms± 10% (80%, 120%), where the parenthesized val-
ues denote the upper and lower truncation limit. Delays
in recurrent basket cell connections were set to 0.5ms.
The delays were roughly approximated based on the
spatial topology of the network as described in previ-
ous studies (Lundqvist et al., 2006), using a conduction
speed of 0.2m/s and an added absolute synaptic delay
of 0.5ms.

Columnar scaling

Scaling of the MCs was achieved by altering the number
of pyramidal cells in each MC, from 10 to 50 in steps of
5. In order to keep the synaptic current received by all
neurons in the model at a constant level across scaling,
the change in pyramidal cell population size was com-
pensated by an adjustment in synaptic weights and con-
nection probability. Assuming that the source of input
to a given neuron is a population of N Poisson processes,
projecting to the target neuron with a connection proba-
bility p, mean synaptic weight 〈w〉, mean firing rate 〈ν〉,
and a synaptic time constant τ , Petrovici et al. (2014)
derived that the mean conductance of the received pro-
jections is

〈g〉 = Np〈w〉〈ν〉τ . (12)

Accordingly, each scaling of the MC size was compen-
sated with a multiplication of the reciprocal scale factor
to the connection probability of all pyramidal-pyramidal
cell connections and to the weight of all pyramidal-to-
basket cell connections.

Spike data analysis

Analysis of the data produced in the simulations was per-
formed in MATLAB. Spiking regularity was quantified
using three different metrics: the coefficient of variance
(CV), the CV2 (Holt et al., 1996) and the LV (Shinomoto
et al., 2003). These are defined as

CV =
1

〈T 〉

√

√

√

√

1

n− 1

n
∑

i=1

(Ti − 〈T 〉)2 (13)

CV2 =
1

n− 1

n−1
∑

i=1

2

√

(Ti − Ti+1)
2

Ti + Ti+1
(14)

LV =
1

n− 1

n−1
∑

i=1

3 (Ti − Ti+1)
2

(Ti + Ti+1)
2 (15)

where T denotes an inter-spike interval. Neural activ-
ity following a stimulus was quantified with the peri-
stimulus firing rate (PSFR) r(t), calculated by linearly
filtering the population spike train

ρ(t) =
∑

i

δ
(

t− tfi

)

(16)
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where tfi denotes the ith spike, with a Gaussian kernel
(Dayan and Abbott, 2001), according to

r(t) =

∞
∫

−∞

1√
2πσw

exp

(−τ2

2σ2
w

)

ρ (t− τ) dτ (17)

where the kernel standard deviation σw was set to 50ms,
giving the kernel function a width of approximately
100ms. A read-out resolution close to 150ms has been
reported by Meyers et al. (2008) to be appropriate for de-
coding delay activity in PFC in a rate-coding approach.

Pairwise spike correlations were calculated over 1 s
long spike trains, using the recently proposed spike time
tiling coefficient (STTC) (Cutts and Eglen, 2014), with
a spike coincidence time window of ±∆t = 2ms. Ac-
cording to this metric, the spike correlation between two
neurons A and B is calculated as

STTC =
1

2

(

PA − TB

1− PATB

+
PB − TA

1− PBTA

)

(18)

where TA is the proportion of recording time lying within
±∆t of any spike from A, and PA is the proportion of
spikes from A lying within ±∆t of any spike from B. TB

and PB are calculated analogously. The terms pairwise
spike correlations and noise correlations will be used in-
terchangeably in the text below.

Activation probability
Activation probability was estimated by providing L4
stimulus once every 1.5 s to a different, randomly selected
pattern. As cellular adaptation was implemented in the
pyramidal cells, each pattern, if activated, faded before
the next activation attempt. Therefore, the network op-
erated in the ground state at the beginning of each trial.
The stimulation strength was defined as the fraction of
MCs, out of all 16 MCs in the complete pattern, that
received L4 input. For each network size and stimulus
strength setup, the success rate was calculated as the to-
tal number of successful pattern activations divided by
the total number of activation attempts. An activation
was considered successful if the UP state pyramidal cells
reached a firing rate more than 30 times higher than
that of the DOWN cells. Assuming that the activation
probability was binomially distributed, and that each ac-
tivation attempt constituted a Bernoulli trial process,
the activation probability along with 95% confidence in-
tervals were calculated from the success rate using the
Clopper-Pearson method (Clopper and Pearson, 1934).

Dwell and activation time
The dwell time, i.e. the duration of each pattern acti-
vation, was defined as the temporal extent over which
the PSFR for UP state pyramidal cells was more than
30 times higher than that of the DOWN cells. The acti-
vation time, i.e. the time required for the activation to
emerge, was defined as the time from stimulus onset to
the peak of the PSFR for the UP state pyramidal cells.

Synthetic LFP
Similarly to the method used by Ursino and La Cara
(2006), an estimate of the local field potential (LFP) in

the network was acquired by first calculating the average
membrane potential in a population of ∼144 pyramidal
cells (∼3 pyramidal cells/MC) within a single HC over a
time course of 5 s of stable activity. The time average of
the population averaged potential was subtracted in or-
der to remove the constant bias in the voltage trace, and
a power spectral density (PSD) was produced from the
resulting signal with the Welch method (Welch, 1967),
using a window width of 600ms and a step-size of 50ms.
This approach is motivated by the findings of Okun et al.

(2010), showing that average membrane potentials and
the LFP are correlated and carry a similar information
content.

Simulation
The network model was implemented in the simulation
software NEST (Gewaltig and Diesmann, 2007), utiliz-
ing its Python interface PyNEST (Eppler et al., 2009).
Each simulation was typically performed on a supercom-
puter cluster of 6 computing nodes, each comprising 20
processing cores. A single processing core, in turn, ran
two message parcing interface (MPI) processes, totalling
240 MPI processes. A single simulation consisted of 20 s
of neural activity, and was performed with a timestep of
0.1ms. Each experimental setup was simulated 10 times,
with each simulation being initiated with a disjoint set
of 481 seeds for the random number generators, as each
simulation required one local NEST generator and one
NumPy generator per MPI process, as well as a global
NEST generator. All simulations were preceded by a
simulation on one MPI process generating the connec-
tion matrix files necessary for the network simulation,
and each matrix creation was performed using an inde-
pendent random number generator seed. All current and
voltage data was acquired with a sampling frequency of
1 kHz.

Results
We implemented a spiking associative attractor memory
network model of the neural circuitry in the PFC that
underlies discrete WM functionality. The network con-
sisted of 16 HCs, each one containing 48 MC as well as a
pool of basket cells, where each MC was formed by a sep-
arate cluster of recurrently and densely connected pyra-
midal cells. From a theoretical perspective, the model
can be viewed as a neuronal implementation of a Hop-
field network with each MC serving as the neuroanatomi-
cal counterpart of a computational unit or node, whereas
the neurobiological inspiration for the architecture and
its terminology is derived from the columnar organiza-
tion of the mammalian cortex. The complete details of
the model setup are described in Methods. Each MC
was connected to a single MC in every other HC through
long-range connections, and these patterns of intercon-
nected MCs represented memories stored in the network.
Accordingly, an engram was defined by the heightened
activity of a certain pattern, following a partial or dis-
torted stimulus. The local feedback inhibition provided
by the basket cells caused each HC to act as a WTA-
module (Goldman-Rakic, 1995; Lundqvist et al., 2006),
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Figure 2. Ground state spike statistics in response to scaling of MCs. A: A raster plot of typical network spiking activity in the ground
state, with 40 pyramidal cells/MC. The upper panel demonstrates all basket cells within a single HC, while the middle panel contains L2/3
pyramidal cells from 6 MCs of the same HC, and the lower panel the corresponding L4 pyramidal cells. No L4 input is provided. B-D: Spiking
variability as quantified by the CV, CV2 and LV, respectively. In all cases, pyramidal cell variability proves robust to scaling, while basket
cells metrics increase for larger MCs, eventually reaching a plateau. E: The spiking rates for pyramidal and basket cells, averaged over the
complete 10 s duration of each simulation. The pyramidal cell rate remains static while basket cells increase in spiking as MCs are downscaled.
The shaded region surrounding each line represents the standard deviation. A legend for the plots is provided in the upper right corner of B.
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allowing only a single MC to be active at a time. Conse-
quently, the network could operate in two distinct states:
the ground state and the active state, the former repre-
senting idling during which no memory pattern is active
(referred to as an inter-trial interval in delayed match-
to-sample tasks), and the latter representing the delay
period, characterized by a memory pattern activity with
elevated firing rate and a depolarized membrane poten-
tial (UP state) while remaining neurons display a sup-
pressed firing rate and a hyperpolarized membrane po-
tential (DOWN state) (Lundqvist et al., 2006). The
ground state can be stabilized by increasing the number
of MCs per HC, i.e. local competition, while the global
connectivity in combination with NMDAR-currents sta-
bilizes the active state. The network implemented in this
study was sizeable enough to support bistability, allow-
ing for controlled transitions between a stable ground
and active state. Due to the feedback inhibition, the
network also produced oscillating activity dominated by
the lower beta frequency range in the ground state and
upper beta/lower gamma frequency range in the active
state (Lundqvist et al., 2010), consistent with experi-
mental LFP data (Pesaran et al., 2002). While the for-
mer effect results from excitatory noise and subsequent
feedback inhbition, the latter emerged due to the strong
excitation and inhibition prevalent during pattern activ-
ity (Brunel and Wang, 2003). In parallel, excitatory and
inhibitory input to both pyramidal and basket cells was
approximately balanced, causing spiking to be irregular
and close to Poissonian in both cell types. Thus, in its
default setup, the network operated in a synchronous ir-
regular regime (Brunel, 2000). In trials where multiple
pattern activations were required, the lifetime of the ac-
tive state was limited by adding neural adaptation to the
pyramidal cells, which together with the synaptic STD
acted to disrupt pattern activity (see results below).

Ground state scaling effects

The ground state of the network model was generally
characterized by a sparse homogeneous pyramidal cell
spiking, with no particular pattern presenting salient ac-
tivity (Fig. 2A). In the default network setup of 30
pyramidal cells/MC, the mean spiking rate for pyrami-
dal cells was ∼0.05 s−1 while the basket cells spiked with
a rate of ∼4 s−1 (Fig. 2E). Spike trains for both cell
types displayed a high (near Poissonian) degree of intra-
trial variability as the CV2 and LV values for the pyrami-
dal cells where 0.95± 0.39 and 0.92± 0.60, respectively,
and the basket cell counterparts were 0.86 ± 0.03 and
0.77± 0.04 (Fig. 2C,D). The CV was on average some-
what lower for pyramidal cells (0.75±0.29) and higher for
basket cells (1.09± 0.06) (Fig. 2B). The generally wide
deviations in pyramidal cells spike metrics were most
likely caused by the scarcity of spike data in the ground
state, generating coarse estimates of variability. Upon
scaling of the MCs, the firing rate and the spike variabil-
ity metrics for the pyramidal cells remained essentially
unchanged. In contrast, basket cell firing rates almost
monotonically increased with decreasing MC size, from
2.6 s−1 at 50 pyramidal cell/MC to 8.0 s−1 at 10 pyra-

midal cells/MC, while spike variability metrics gradually
declined, from CV = 1.19± 0.10, CV2 = 0.95± 0.04 and
LV = 0.91±0.05 to CV = 0.75±0.03, CV2 = 0.57±0.02
and LV = 0.39 ± 0.02, indicating regular spiking for
smaller MCs. At larger MC sizes, i.e. ∼40–45 pyrami-
dal cells/MC, all basket cell metrics appeared to reach a
stable plateau, indicating a saturation in the response of
spike statistics to scaling.

To understand the cause underlying the robust spiking
behavior in the pyramidal cells and the distinct changes
in basket cell spiking, we traced the mean synaptic cur-
rent as well as the standard deviation of the synaptic
current received by each cell type. This helped to es-
timate the average input provided to each cell as well
as the amplitude of the fluctuations in the input. We
found that, as the MCs were downsized, pyramidal cells
received synaptic currents characterized by amplifying
fluctuations surrounding an increasingly negative mean
(Fig. 3A,B). For basket cells, the fluctations of the
synaptic currents increased in a similar fashion while the
current mean, on the other hand, remained relatively un-
affected at a level close to excitation-inhibition balance.
Indeed, while the mean synaptic current in pyramidals
decreased roughly 720% over the range of downscaling,
it only decreased by 50% in basket cells. Analogous ra-
tios for the deviations in synaptic current were roughly
170% for pyramidal cells and 100% for basket cell.

We hypothesized that these responses in the system
most likely were generated by an increase in the level
of synchrony and correlated spiking among the pyrami-
dal cells. As the pyramidal cell spiking becomes more
correlated, excitatory input received by the basket cells
becomes more concentrated and pulse-like, causing bas-
ket cell synchrony and spike correlation to increase as
well. As a result, the waves of feedback inhibition to
all cells amplify. In pyramidal cells, where excitatory
synaptic currents are less pulsating and inhibitory cur-
rents dominate input in the ground state, this results in
an increase in fluctuations combined with a lowering of
the mean synaptic current, allowing the pyramidal cells
to remain in the weakly oscillatory regime and maintain
high degrees of spike variability. In basket cells, how-
ever, where the input consists of surges of excitation and
inhibition arriving in tandem, simultaneously strength-
ened excitation and inhibition does not shift the average
synaptic current, which remains close to zero, but solely
increases the amplitude of fluctuations, forcing the bas-
ket cells into a strongly oscillating regime where spiking
becomes more frequent and regular.

The strengthened oscillations in the synaptic input to
pyramidal cells was reflected in the synthetic LFP of
the network, presented in Fig. 3C, which was calcu-
lated based on the average membrane potential of the
pyramidal cells. In general, the network displayed a dis-
tinct, maximum peak in the lower-beta frequency band
(16−19Hz) (Fig. 3D). As the size of the MCs was de-
creased, the peak frequency of the LFP tended to became
stronger and shift towards slower frequencies. Since in-
creased synchrony is a finite-size effect in simulated neu-
ral networks (Brunel and Wang, 2003), characteristic os-
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Figure 3. Scaling properties of ground state synaptic currents and synthetic LFP. A: Mean synaptic current received by pyramidal and
basket cells. In both cases, mean currents tend toward more negative values as MCs are downscaled, although the relative change from largest
to smallest MC is greater in pyramidal cells than basket cells. B: The standard deviation of the received synaptic current in pyramidal and
basket cells. Fluctuations in synaptic currents intensify as MCs are decreased in size. C: The PSD of the synthetic LFP of the network. The
stronger, characteristic peak is in the lower-beta range and shifts to lower frequencies while increasing in power with decreasing pyramidal
cell populations. The weak, high-frequent peaks represent the first overtones. D: The frequency of the maximum peak and its power in the
PSD, as a function of MC size. Downscaling shifts the peak to lower frequencies, while increasing its power. The shaded region surrounding
each line represents the standard deviation.

cillations in the network can be expected to intensify as
columnar cell clusters shrink.

The responses of the network ground state to scal-
ing of MC size provide an indication that there may be
a lower limit to the size of the excitatory cell clusters
representing computational units in the network model.
Smaller MCs cause input to the basket cells to become
strongly fluctuating, forcing the basket cells to operate
in a strongly oscillating regime whereby their spiking be-
comes regular and frequent. Such spiking, however, is in-
consistent with measured activity in PFC (Compte et al.,
2003; Shafi et al., 2007) and therefore unrealistic from a
neurobiological perspective. In addition, compensatory
efforts in the number of connections and the weight of
synapses in order to maintain a constant input to the
basket cells does not appear to mitigate the effects, as
these do not depend on the average synaptic input but
rather its fluctuations. These, in turn, are intensified
by a putative increase in synchrony among the pyrami-

dal cells, which provide the sole synaptic drive for the
basket cells. Consequently, an upper limit to pyrami-
dal cell synchrony could imply a lower limit to the sizes
of pyramidal cell populations, inherent to the modular
architecture of the network model.

Active state scaling effects

In order to transition the network into an active state,
all MCs of a single pattern were subjected to stimulus in
the form of spikes from L4 pyramidal cells for a duration
of 50ms at the 1 s mark of a ground state simulation. As
the stimulated pattern was activated, its pyramidal cells
entered the UP state, manifested by heightened spik-
ing, while remaining pyramidal cells were silenced by
strengthened feedback inhibition (Fig. 4). As visualized
in the PSFR, the spiking rate over time was character-
ized by an initial peak immediately after stimulus, in
the range ∼12−20 s−1 for the UP pyramidal cells (Fig.
5E) and ∼6−13 s−1 for the basket cells (Fig. 5F), fol-
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lowed by a decrease to a steady-state of ∼6−9 s−1 and
∼3.5−8 s−1, respectively, due to the onset of STD in
pyramidal-pyramidal synapses. The spiking rates aver-
aged across the complete duration of the active state lay
within the biologically realistic range of 6−9 s−1 for pyra-
midal cells and 4−9 s−1 for basket cells (Fig. 5D). The
response in these firing rates was more subtle than in the
ground state but nevertheless followed the same trend,
slowly increasing for shrinking MC populations. The rise
is perhaps particularly evident for the basket cells in the
interval 10–20 pyramidal cells/MC (73%, from 4.8 s−1 to
8.3 s−1).

The spike variability metrics for UP state pyramidal
cells and basket cells, presented in Fig. 5A,B, and C,
demonstrated the same overall trends in response to
reductions in the number of pyramidal cells; for sizes
above 20–25 pyramidal cells/MC the CV, CV2 and LV
remained practically constant at approximately 1.4, 0.8,
and 0.7, respectively, for pyramidal cells, and at 1.85,
0.95, and 0.95 for basket cells. Upon further MC down-
sizing, there was a distinct drop in spiking variability,
reaching CV2∼0.7 and LV∼0.55, in both pyramidal and
basket cells. The decrease in CV, although visible, was
not as dramatic, and as a result this metric remained
above or very close to 1. Comparing these results to
their ground state counterparts, it is interesting to note
that the CV for pyramidal and basket cells was consis-
tently higher in the active state than in the ground state.
This is in agreement with experimental spike data show-
ing an increase in the CV as delay cells enter WM ac-
tivity (Compte et al., 2003). This effect has been recre-
ated in computational models and has been generally
accredited to non-linear synaptic modulation (Barbieri
and Brunel, 2007; Hansel and Mato, 2013), here imple-
mented as STD. Further comparison of Fig. 2 and 5 re-
vealed that the CV2 of UP state pyramidal cells shifted
downward as these neurons transitioned from the ground
state into the UP state. This, on the other hand, contra-
dicts experimental data, stating that the CV2, similarly

to the CV, increases as delay cells engage in WM activity
(Compte et al., 2003).

Synaptic current traces (Fig. 6A,B) and the charac-
teristics of the PSD of the synthetic LFP (Fig. 6C,D) fol-
lowed the same response trends across columnar scaling
as in the ground state. MC size increase was associated
with amplification of the oscillations in the synaptic cur-
rent received by pyramidal and basket cells, and the av-
erage current received by pyramidal cells shifted to more
negative values, while the relative change in average cur-
rent received by basket cells was considerably smaller in
comparison. In parallel, the strongest frequency of the
synthetic LFP shifted to higher values, from 22.7±0.7Hz
at 10 pyramidal cells/MC to 32.0± 1.8Hz at 50 pyrami-
dal cells/MC, while its power decreased rapidly, reflect-
ing the weakening oscillations in the synaptic currents of
the network as the pyramidal cells per MC increased in
number.

The qualitative similarity between the effects of MC
scaling on the active and ground state dynamics indicate
that mutual network mechanisms underlie the responses
as manifested in spike variability, firing rate or LFP mod-
ulations. Hence, as was done in light of the ground state
results, we further examined the hypothesis that the net-
work property lying at the root of active state responses
to columnar dilution was the level of pyramidal cell spike
correlation. As opposed to the ground state, the more
abundant pyramidal cell spiking in the active state al-
lowed for a quantification of such correlations. We per-
formed this analysis using the recently introduced STTC
metric. The results clearly showed that spike correlations
among pyramidals of the same MC and basket cells of the
same HC (Fig. 7A) increased as the MC size decreased.
In fact, the rise is particularly visible in basket cells and
for MC sizes smaller than 20–25 pyramidals/MC, coin-
ciding with the noticeable drop in spike variability and
increase in firing rate in the same cells (Fig. 5). This
strengthens the argument that the degree of correlated
activity, and not the average level of synaptic input, gov-
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erns the dynamic state of the network as the MCs are
scaled. This is due to oscillatory nature of the network,
which allows its activity to be modulated independently
via both the average synaptic inputs and the amplitude
of their deviations from the mean.

Moreover, pairwise correlations among neurons of the
same pattern but in different HCs (Fig. 7B) remained
static throughout MC scaling at levels close to zero, indi-
cating that neural activity across global scales essentially
was uncorrelated.

The results of the analysis of the active state of the
network upon columnar scaling suggests that the fun-
damental cause of the response to MC dilution is an
increase in spike correlation among the pyramidal cells
by virtue of their shrinking population sizes, generating
more strongly oscillating synaptic currents. This shifts
the dynamical state of the network from being weakly
synchronous and irregular to strongly synchronous and
regular, whereby spiking becomes more invariable and
frequent, particularly among basket cells, eventually ren-

dering the network dynamics incompatible with neuro-
biological data from PFC, which is highly irregular and
sparse. This occurs independent of the level of excitation
in the network, as synaptic currents are kept essentially
constant or lower than baseline. These results there-
fore suggest that the model has a lower limit to the size
of its computational units, inherent to their finite-size
dynamics, since there is a maximum level of tolerable
synchrony before fidelity to experimental spike statistics
deteriorates. The results in Fig. 5 suggest that such a
putative lower limit to neural ensembles may lie close
to 20–30 cells/computational unit, as values lower that
this are associated with a distinct shift of the dynamical
state away from biological plausibility.

Robustness of pattern completion

The characterization of the ground and active state only
provides an analysis of the capabilities of the model to
reproduce various statistical quantities of experimentally
acquired neural data. In order to also assess the robust-
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ness of the functionality the network, as it is primarily
a model of associative memory, we added spike-induced
adaptation currents to all pyramidal cells, which, com-
bined with the STD, caused the firing rate of pyramidals
engaging in steady-state UP activity to decline, thereby
transitioning the network back into the ground state and
effectively limiting the life-time of pattern activations
(Fig. 8). This feature completes the conceptual setup
of the network model since the general assumption at
the root its functionality is that activity observed in de-
lay cells of PFC during WM retention is represented by
a pattern entering a semi-stable active state.

We assessed the performance of memory recall in the
network by estimating the probability to successively ac-
tivate a pattern as a function of both the MC size and
the strength of the stimulus, which was defined as the
degree to which the fragmentary stimulus resembled the

complete pattern. This was quantified as the fraction of
MCs in each pattern that received spikes from L4 pyra-
midal cells during the activation attempt. As demon-
strated in Fig. 8, the automatic disruption of pattern
activity due to adaptation and STD allowed for multi-
ple consecutive pattern activation trials within a single
simulation, the outcomes of which were used to compile
an estimate of the activation probability under the as-
sumption it follows a binomial distribution. The results
(Fig. 9A) exhibited characteristics typical of Hopfield
networks, where the probability to complete a pattern
is near one for stimulus distortion levels up to ∼50%.
For weaker stimuli, the probability to activate the cor-
responding pattern declines quickly to near zero. It is
interesting to note that the size of MCs does not ap-
pear to have any effect on this behavior in the upper
and lower ranges of the stimulus strengths, as the prob-
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ability curves for all MC-sizes overlap in these regions.
However, for intermediate strengths, in the interval 30–
60%, a decreasing MC size lowers the rate of change in
activation probability, causing networks with larger cell
populations per MC to rise from activation probabili-
ties near zero to near one more quickly. This creates
a maximum difference in performance at ∼40% stimu-
lus strength, where activation probability ranges from
∼0.45 for 10 pyramidal cells/MC to ∼0.70 for 50 pyra-
midal cells/MC.

The PSFR was calculated for both UP and DOWN
state pyramidal cells (Fig. 9C,D). As has been re-
ported and analyzed in depth previously (Herman et al.,
2013), the UP state activity profile had a characteristic
shape, exhibiting an initial peak followed by two sep-
arate phases of rate quenching, the latter shifting the
network out of the active state and back into the ground
state. While the first decline in activity, as explained
above, was primarily caused by the accumulated weak-
ening of pyramidal-to-pyramidal synapses due to STD,
the second subsidence was generated mainly by the spike-
triggered adaptation of the pyramidal cells. The interme-
diate period of activity corresponded to the steady-state
phase observable in UP state pyramidals lacking cellular
adaptation (Fig. 5E). Due to this increased quenching
of pyramidal cell activity, spiking rates were generally
slightly lower than in the active state without adapta-
tion; the peak rate was 9.5 s−1 for 50 pyramidal cells/MC
and became progressively higher for shrinking pyramidal
cell populations, reaching 16.5 s−1 at 10 pyramidals/MC.
DOWN state cells adopted a partly similar but inverted
activation profile, exhibiting suppressed activity relative
the ground state as a pattern was activated, and return-
ing to ground state after the pattern activation faded.

The duration of each pattern activation, i.e. the dwell
time (Fig. 9E), was defined as the temporal extent over
which the PSFR for UP state pyramidal cells was more
than 30 times higher than that of the DOWN cells, while
the activation time was defined as the post-stimulus time
required in order for the UP state PSFR to reach its
peak value. As the sizes of MCs increased from 10 to
50 pyramidal cells/MC, the dwell time increased from
770±60ms to 930±60ms, at which point it appeared sat-
urated. Conversely, the activation time (Fig. 9F), which
can be interpreted as the reaction time or memory recol-
lection speed, was largely unaffected by MC scaling and
remained close to the 140± 80ms of the default setting
(30 pyramidal cells/MC). Additionally, the firing rate av-
eraged across the whole dwell time (Fig. 9B) for UP state
pyramidal cells decreased as the MC size grew, starting
from 8.3± 0.4 s−1 and reaching a saturation point close
to final value 6.2 ± 0.3 s−1, whereas DOWN state pyra-
midals spiked with a near-constant rate of ∼0.015 s−1

across the whole MC size range.
A clue to the reason behind the increased firing rate,

decreased dwell time yet unchanged activation time as-
sociated with MC downscaling can be seen in the UP
state PSFR (Fig. 9C). As the pyramidal cell popula-
tion in each MC shrinks in size, spiking during the UP
state tends to become more concentrated, as an increas-

ingly larger portion of the elicited spikes occur early on
in the pattern activation, causing pyramidals to reach
fatigue quicker, resulting in an earlier termination of the
activation and a shorter dwell time, as well as a higher
average firing rate. However, as there is no temporal
shift in the activation peak, the activation time does not
change. This behavior is in line with the hypothesis in-
troduced and developed in the analysis of the ground
and active state; the higher synchrony among pyramidal
cells combined with the concomitant decline in intra-trial
spiking variability pushes the operating point of the net-
work closer to the strongly oscillating regime, whereby
each pyramidal cell exhibits a higher probability to spike
within each beta cycle of the active state (Lundqvist
et al., 2010). Consequently, a larger number of spikes
are induced during the initial phase of a pattern activa-
tion, distorting the activation profile accordingly.

Scaling effects on bistability
In order to investigate the existence of a lower limit to the
population size of each computational unit, the network
was simulated with as few as 5 pyramidal cells/MC and
without cellular adaptation. Compensatory scale factors
were applied to pyramidal-pyramidal and pyramidal-to-
basket cell weights. Interestingly, we found that such
a network was incapable of presenting both a stable
ground and active state, even after meticulous tuning
of long-range pyramidal-pyramidal connections. Thus,
the parametrical range of bistability was severely lim-
ited as an effect of downscaling. Since units of infor-
mation in the network are transmitted primarily as rate
codes, where a stimulus or activation is represented by
an elevation of rate over a window of time, we hypothe-
sized that a downsize to 5 pyramidal cells/MC caused
raised noise correlations and thereby deteriorated the
SNR among the pyramidal cells to such a degree that
the network lost the ability to produce a pattern activa-
tion in which spikes where evenly distributed over time.
Consequently, the rate code of the pattern included short
periods of quiescence, or glitches, during which compet-
ing neural activity interrupted the active state. As a re-
sult, the pattern was rendered unstable and unable to be
self-sustained, indicating an overly-stable ground state.
On the other hand, attempts to ameliorate the declined
SNR by increasing synaptic inter-pyramidal strengths
produced such high excitation in the network that pat-
terns activated without cues, indicating instability in the
ground state. However, a confirmation of this hypoth-
esis necessitates a formal definition and quantification
of bistability, followed by further network simulations to
analyze this metric across MC sizes.

Discussion
Experimental and computational neuroscientific research
have over the past decades identified the attractor-like
elevations in firing rates of recurrently connected assem-
blies of cortical neurons as correlates of WM. However,
can such cell assemblies operate as minimal units of com-
putation, how many neuron need they be composed of,
and do such units even exist in the brain? These ques-
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tions, though intensely debated, have remained largely
unresolved. In this study, we aimed to assess the neces-
sity of cell assemblies in the framework of a discrete WM
model. We implemented a spiking attractor network
model of associative memory, inspired by the colum-
nar anatomy of neocortex, and investigated how scal-
ing of columnar sub-populations impacted the dynamics
and temporal fine structure of the ground and coding
state. By default, the network operated in a bistable,
weakly oscillating regime, with irregular and sparse spik-
ing. Across the higher half of the range of columnar
sizes, the network generally displayed modest changes
in variability or firing rates, indicating a saturation in
the metrics characterizing the network dynamics, hence
exhibiting no inclinations of breakdown of network dy-
namics caused by too populous columns. In contrast,
a gradual columnar dilution was associated with an in-
creasingly rapid shift of the dynamics towards decreased
spike variabilities and increased firing rates, thus signal-
ing a deviation away from biological realism. This re-
sponse was particularly evident in the basket cell pop-
ulation. The point at which this rapid deterioration of
dynamics began typically appeared in the interval 20–30
pyramidal cells/MC. The importance of a high intra-trial
spiking variability and sparse firing has been highlighted
by the theoretical work of Boerlin et al. (2013), suggest-
ing that such type of activity is energetically optimal for
rate-coding of variables in neuron populations.

Model functionality was assessed in a pattern com-
pletion paradigm with stimuli of varying fragmentation
degree. To our surprise, columnar scaling had no sub-
stantial impact on network sensitivity to partial pattern
stimuli, nor on memory retrieval time. However, net-
works with smaller MCs had shorter dwell times, which,
judging from the PSFR, stemmed from a tendency of the
pyramidal cells constituting a memory pattern to spike
more frequently early on in their activation.

Noise correlation-based hypothesis

Considering the fact that the average synaptic input
consistently decreased throughout columnar downsizing,
whereas synaptic input fluctuations increased, we hy-
pothesized that, irrespective of the average level of exci-
tation, smaller columnar populations entailed enhanced
spike correlations, consequently pushing the dynamics
of the network towards a strongly synchronous regime.
These conclusions were supported by measurements of
pairwise spike correlations in the active state and by the
synthetic LFP, which reflected increased synchrony by
exhibiting enhanced spectral power in its characteristic
frequency component as MCs decreased in size. The pu-
tative intensification of synchrony, in turn, was hypothe-
sized to produce more regular spiking and elevated firing
rates. Additionally, a preliminary study on the paramet-
rical range of bistability revealed that such a regime was
severely limited, if not entirely lacking, in a network with
extremely sparsely populated MCs. In line with previ-
ous inferences, we hypothesized that strengthened noise
correlations prohibited the network from maintaining an
adequate SNR throughout pattern activations. Given

that the network operates on a rate-coding scheme, such
uneven spiking activity would make the network vul-
nerable to external noise or activity in competing pat-
terns, rendering either the ground or coding state unsta-
ble. However, these speculations require substantiation
in further network simulations and analyses of the bista-
bility regime.

Overall, the results of this study suggest that each
computational unit in the model preferably should corre-
spond to a neural population of >20–30 neurons in order
for the network to display low noise correlations, sparse
firing, high variability, and possibly bistability. These
conclusions are relevant not only to the network in this
study and related modular, associative memory models,
but also to the general idea of computational primitives
encoded in cortex by the bimodal firing of discrete neu-
ral assemblies, as our results imply that the anatomical
representation of each such unit requires a population
of neurons much greater than one, in order for the unit
to operate with experimentally observed spike statistics
and for the network to maintain stability in both idling
and coding.

Population coding, noise correlations, and corti-

cal columns

As part of the rate-coding framework, the idea of popula-
tion coding postulates that information within a network
is coded by the mean firing rate of a distinct neural pop-
ulation. This has been proposed as a viable mechanism
by which processing in the cortex improves SNR and
produces a reliable code in spite of considerable trial-to-
trial variability in single-cell stimulus responses (Aver-
beck et al., 2006). However, noise reduction through
pooling of population responses is not possible if noise
is correlated across the population. Indeed, theoretical
considerations have shown that even weak noise corre-
lations severely limit the information-coding capabilities
of neural populations (Zohary et al., 1994). Nonetheless,
noise correlations, albeit relatively weak, have been re-
ported to be significant in many cortical regions, and are
typically stronger in neurons sharing response-selectivity
(Cohen and Kohn, 2011). The commonly accepted pre-
sumption has been that such correlations emanate from
a shared presynaptic input and a clustered connectiv-
ity. Using noise correlation data from visual cortex of
monkeys, Shadlen and Newsome (1998) estimated that
quantities in visual cortex are coded as the aggregate
rates of ensembles of 50-100 neurons, since little or no
signalling advantage is conferred by populations of larger
size. Such ensembles were identified as column-like, min-
imal signalling units in cortex. A generalization of this
result to other cortical regions, whose columns typically
are half as populous as those in visual cortex (Mount-
castle, 1997), would yield an estimate of at least 25–50
neurons per minimal computation unit, consistent with
the conclusions reached in this study. It is also interest-
ing to note that MC sizes larger than 25 neurons were
in this study generally characterized by weak local noise
correlations close to or below 0.1, although correlations
were consistently stronger in basket cells than in pyra-
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midal cells. Both these findings are in agreement with
experimental data from delay cells in PFC (Constantini-
dis and Goldman-Rakic, 2002). It should be mentioned,
however, that an estimate of >25 cells per computation
unit stands in contrast to experimental reports showing
that information decoding in PFC can be achieved at a
near-maximum level of performance using as few as ∼10
neurons (Baeg et al., 2003; Meyers et al., 2008).

Viewing each MC as a rate-coding unit proves prac-
tical in the analysis of pattern bistability; as the num-
ber of neurons per unit decreases and noise correlations
increase, spikes become unevenly distributed over the
course of the activation and SNR deteriorates, the effect
being a destabilization of the ground and active state,
and thus an impaired bistability. This argument further
highlights the necessity of cell assemblies as representa-
tions of computational units in order to sustain func-
tional flexibility in the network, as is expected in such a
biological system. Nevertheless, the modularity of neo-
cortex and the functional rationale of cortical columns
has been questioned over the years (Swindale, 1990; Hor-
ton and Adams, 2005). Likewise, the implications and
interpretations of noise correlations have also been de-
bated, as emphasized by the dichotomy between exper-
imental reports of improved cognitive performance by
interneural decorrelations (Cohen and Maunsell, 2009),
and theoretical findings showing that noise correlations
can increase information content in neural populations,
given an optimal decoding scheme (Abbott and Dayan,
1999).

Alternative models of discrete WM

It is important to mention that models deviating from
from the idea of recurrent cell assemblies as minimal cod-
ing units have been proposed as cortical underpinnings
of WM. Rinkus (2010) proposed an attractor network
model where each memorandum was represented by a
pattern of activation comprising a single neuron from
each MC within a single HC, and where WTA dynam-
ics operated on all neurons within each MC separately.
On an abstract level, the functionality of this model
operates on mechanisms virtually identical to those of
the modular attractor network. The two models dif-
fer markedly, however, in the mapping between abstract
concepts and anatomical counterparts, as the fundamen-
tal unit of computation in the former model is repre-
sented by a single neuron and in the latter by an entire
MC. In this respect, the model by Rinkus can be chal-
lenged on two accounts. First, the model was not im-
plemented in a biologically detailed network, consisting
of e.g. spiking units. As such, it was not established
whether or not such a network of single-cell units could
reproduce the temporal fine structure and spike statis-
tics typical of neocortical neurons (Compte et al., 2003;
Shafi et al., 2007). Secondly, the model offers no ex-
planation for long-range connections that extend beyond
single HCs (Hirsch and Gilbert, 1991). In another model
of short-term memory, Goldman (2009) demonstrated
how persistent activity can be produced in a strictly
feed-forward network, and how even recurrent networks

can behave functionally in a feed-forward manner, thus
breaking with the convention of WM as reverberations in
recurrent cell assemblies. The model appears as a viable
description of WM, by virtue of its ability to reproduce a
rich diversity of delay activity patterns and its robustness
to synaptic weight changes. This model, however, is not
necessarily irreconcilable with associative memory mod-
els such as the modular attractor network model, and
the two could possibly be integrated into a WM memory
model in which each pattern on the macroscale (across
HCs) corresponds to a distributed, recurrently connected
ensemble, yet operates with a feed-forward manner on
the microscale (within single MCs).

Limitations of the model

Certain aspects of the network model as implemented in
this study suffer from biophysical and neuroanatomical
discrepancies, thus limiting the credibility and general-
izability of the results reported above. These inconsis-
tencies are briefly mentioned in the following list.

� Neuron modeling : The neuron parameters in this
study were adapted from those of Petrovici et al. (2014),
where point neuron parameters were fitted to imitate the
Hodgkin-Huxley neurons employed by Lundqvist et al.

(2006). Accordingly, the refractory periods of the neu-
rons in this study were extremely short (0.5ms), and
should be increased to 3−4ms, closer to observations
in neurobiology. However, this rectification is likely to
have little or no effect on the results, as the oscillations
in network activity operate on time-scales much larger
than those of a typical refractory period.

� Synapse modeling : First, the conduction delays in
basket-to-basket cell connections were excessively low
(0.5ms) and should be therefore be increased. Such
quick synaptic transmission borders on the delay times of
electrical synapses. However, this setup may not be com-
pletely inconceivable, as neocortical interneurons have
been found to interconnect not only with chemical but
also electrical synapses (Connors and Long, 2004). Sec-
ondly, synapses between inhibitory interneurons are sub-
ject to short-term plasticity (Gupta et al., 2000). This
property should preferably be included in the model.
Thirdly, pyramidal-pyramidal synapses were here fully
saturating, in line with previous implementations of the
model (Lundqvist et al., 2006, 2010, 2011, 2012, 2013a,b;
Herman et al., 2013). This may, however, be inconsistent
with experimental findings suggesting no saturation in
AMPAR- and NMDAR-mediated signaling in the brain
(Mainen et al., 1999; McAllister and Stevens, 2000). Fi-
nally, pyramidal-to-basket cell signaling is mediated not
only by AMPARs but also by NMDARs (Homayoun and
Moghaddam, 2007), which therefore should be added to
these projections in the model.

� Connectivity : In the present study, connections be-
tween neural population were established randomly, and
synaptic weights were drawn from Gaussian distribu-
tions. Electrophysiological findings, however, indicate
that log-normal distributions more accurately describe
the distribution of synaptic weights (Song et al., 2005),
as well as firing rates (Hromádka et al., 2008), in neo-
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cortex. Theoretical studies suggest that consolidation of
both these characteristics in a single neural network re-
quires synaptic strengths on a given target neuron to be
correlated, i.e. certain neurons should generally receive
stronger input than others (Koulakov et al., 2009). In-
corporation of these connectivity properties in the type
of cortical network employed in this study would render
it more realistic and could have a substantial impact on
network dynamics and functionality.

� Background noise: Assuming a convergence of
roughly 10, 000 synapses on each cortical pyramidal cell,
combined with an average activity of ∼0.1 s−1, a single
spike source recreating background noise should spike
with a frequency of approximately 1000 s−1. This has
been shown to be an adequate method of modeling sparse
noise (Waters and Helmchen, 2006). Thus, the firing rate
of 300 s−1 used in the present study may be an under-
estimate, and could distort the dynamics of excitatory
input received by the pyramidal cells.

References
Abbott, L. F., Dayan, P. (1999). The effect of correlated variability

on the accuracy of a population code. Neural Comput. 11, 91–
101.

Amit, D. J., Brunel, N. (1997). Model of global spontaneous ac-
tivity and local structured activity during delay periods in the
cerebral cortex. Cereb. Cortex 7, 237–252.

Averbeck, B. B., Crowe, D. A., Chafee, M. V., Georgopoulos, A. P.
(2003). Neural activity in prefrontal cortex during copying ge-
ometrical shapes. II. Decoding shape segments from neural en-
sembles. Exp. Brain Res. 150, 142–153.

Averbeck, B. B., Latham, P. E., Pouget, A. (2006). Neural correla-
tions, population coding and computation. Nat. Rev. Neurosci.

7, 358–366.
Averbeck, B. B., Lee, D. (2007). Prefrontal neural correlates of

memory sequences. J. Neurosci. 27, 2204–2211.
Baddeley, A. D., Hitch, G. J. (1974). Working memory. In: Recent

advances in learning and motivation (Bower, G. A., ed.), vol. 8.
New York, U.S.A.: Academic Press.

Baeg, E. H., Kim, Y. B., Huh, K., Mook-Jung, I., Kim, H. T.,
Jung, M. W. (2003). Dynamics of population code for working
memory in the prefrontal cortex. Neuron 40, 177–188.

Barbieri, F., Brunel, N. (2007). Irregular persistent activity in-
duced by synaptic excitatory feedback. Front. Comput. Neu-

rosci. 1, 5.
Bathellier, B., Ushakova, L., Rumpel, S. (2012). Discrete neo-

cortical dynamics predict behavioral categorization of sounds.
Neuron 76, 435–449.

Binzegger, T., Douglas, R. J., Martin, K. A. C. (2004). A quantita-
tive map of the circuit of cat primary visual cortex. J. Neurosci.

24, 8441–8453.
Bodner, M., Kroger, J., Fuster, J. M. (1996). Auditory memory

cells in dorsolateral prefrontal cortex. Neuroreport 96, 1905–
1908.

Boerlin, M., Machens, C. K., Denève, S. (2013). Predictive cod-
ing of dynamical variables in balanced spiking networks. PLoS

Comput. Biol. 9, e1003258.
Brecht, M., Roth, A., Sakmann, B. (2003). Dynamic receptive

fields of reconstructed pyramidal cells in layers 2 and 3 of rat
somatosensory barrel cortex. J. Physiol. 553, 243–265.

Brette, R., Gerstner, W. (2005). Adaptive exponential integrate-
and-fire model as an effective description of neuronal activity.
J. Neurophysiol. 94, 3637–3642.

Brunel, N. (2000). Dynamics of sparsely connected networks of
excitatory and inhibitory spiking neurons. J. Comput. Neurosci.

8, 183–208.
Brunel, N., Wang, X.-J. (2003). What determines the frequency

of fast network oscillations with irregular neural discharges? I.
Synaptic dynamics and excitation-inhibition balance. J. Neu-

rophysiol. 90, 415–430.

Buschman, T. J., Miller, E. K. (2007). Top-down versus bottom-
up control of attention in the prefrontal and posterior parietal
cortices. Science 315, 1860–1862.

Buxhoeveden, D. P., Casanova, M. F. (2002). The minicolumn
hypothesis in neuroscience. Brain 125, 935–951.

Churchland, M. M., Yu, B. M., Cunningham, J. P., Sugrue, L. P.,
Cohen, M. R., Corrado, G. S., Newsome, W. T., Clark, A. W.,
Hosseini, P., Scott, B. B., Bradley, D. C., Smith, M. A., Kohn,
A., Movshon, J. A., Armstrong, K. M., Moore, T., Chang,
S. W., Snyder, L. H., Lisberger, S. G., Priebe, N. J., Finn, I. M.,
Ferster, D., Ryu, S. I., Santhanam, G., Sahani, M., Shenoy,
K. V. (2010). Stimulus onset quenches neural variability: a
widespread phenomenon. Nat. Neurosci. 13, 369–378.

Clopper, C. J., Pearson, E. S. (1934). The use of confidence or
fiducial limits illustrated in the case of the binomial. Biometrika

26, 404–413.
Cohen, M. R., Kohn, A. (2011). Measuring and interpreting neu-

ronal correlations. Nat. Neurosci. 14, 811–819.
Cohen, M. R., Maunsell, J. H. R. (2009). Attention improves

performance primarily by reducing interneuronal correlations.
Nat. Neurosci. 12, 1594–1600.

Compte, A., Constantinidis, C., Tegnér, J., Raghavachari, S.,
Chafee, M. V., Goldman-Rakic, P. S., Wang, X.-J. (2003). Tem-
porally irregular mnemonic persistent activity in prefrontal neu-
rons of monkeys during a delayed response task. J. Neurophys-

iol. 90, 3441–3454.
Connors, B. W., Long, M. A. (2004). Electrical synapses in the

mammalian brain. Annu. Rev. Neurosci. 27, 393–418.
Constantinidis, C., Goldman-Rakic, P. S. (2002). Correlated dis-

charges among putative pyramidal neurons and interneurons in
the primate prefrontal cortex. J. Neurophysiol. 88, 3487–3497.

Cossart, R., Aronov, D., Yuste, R. (2003). Attractor dynamics of
UP states in the neocortex. Nature 423, 283–288.

Cromer, J. A., Roy, J. E., Miller, E. K. (2010). Representation
of multiple, independent categories in the primate prefrontal
cortex. Neuron 66, 796–807.

Cutts, C. S., Eglen, S. J. (2014). Detecting pairwise correlations in
spike trains: an objective comparison of methods and applica-
tion to the study of retinal waves. J. Neurosci. 34, 14288–14303.

Dayan, P., Abbott, L. F. (2001). Theoretical neuroscience: com-

putational and mathematical modeling of neural systems, chap.
1.2. Cambridge, U.S.A.: The MIT Press.

DeFelipe, J., Fariñas, I. (1992). The pyramidal neuron of the cere-
bral cortrex: morphological and chemical characteristics of the
synaptic inputs. Prog. Neurobiol. 39, 563–607.

Douglas, R. J., Martin, K. A. C. (2004). Neuronal circuits of the
neocortex. Annu. Rev. Neurosci. 27, 419–451.

Durstewitz, D., Seamans, J. K., Sejnowski, T. J. (2000). Neuro-
computational models of working memory. Nat. Neurosci. 3,
1184–1191.

Ekeberg, Ö., Wallén, P., Lansner, A., Tråvén, H., Brodin, L., Grill-
ner, S. (1991). A computer based model for realistic simulations
of neural networks. Biol. Cybern. 65, 81–92.

Eppler, J. M., Helias, M., Muller, E., Diesmann, M., Gewaltig,
M.-O. (2009). PyNEST: a convenient interface to the NEST
simulator. Front. Neuroinform. 2, 12.

Fino, E., Yuste, R. (2011). Dense inhibitory connectivity in neo-
cortex. Neuron 69, 1188–1203.

Fransén, E., Lansner, A. (1998). A model of cortical associative
memory based on a horizontal network of connected columns.
Network 9, 235–264.

Freedman, D. J., Riesenhuber, M., Poggio, T., Miller, E. K. (2001).
Categorical representation of visual stimuli in the primate pre-
frontal cortex. Science 291, 312–316.

Freedman, D. J., Riesenhuber, M., Poggio, T., Miller, E. K. (2002).
Visual categorization and the primate prefrontal cortex: neuro-
physiology and behavior. J. Neurophysiol. 88, 929–941.

Freedman, D. J., Riesenhuber, M., Poggio, T., Miller, E. K. (2003).
A comparison of primate prefrontal and inferior temporal cor-
tices during visual categorization. J. Neurosci. 23, 5235–5246.

Funahashi, S. (2006). Prefrontal cortex and working memory. Neu-

roscience 139, 251–261.
Funahashi, S., Bruce, C. J., Goldman-Rakic, P. S. (1989).

Mnemonic coding of visual space in the monkey’s dorsolateral
prefrontal cortex. J. Neurophysiol. 61(2), 331–349.

18



Funahashi, S., Inoue, M., Kubota, K. (1997). Delay-period activity
in the primate prefrontal cortex encoding spatial positions an
their order of presentation. Behav. Brain Res. 84, 203–223.

Fuster, J. M., Alexander, G. E. (1971). Neuron activity related to
short-term memory. Science 173, 652–654.

Fuster, J. M., Bodner, M., Kroger, J. K. (2000). Cross-modal and
cross-temporal association in neurons of frontal cortex. Nature

405, 347–351.
Fuster, J. M., Bressler, S. L. (2012). Cognit activation: a mecha-

nism enabling temporal integration in working memory. Trends

Cogn. Sci. 16, 207–218.
Fuster, J. M., Jervey, J. P. (1982). Neuronal firing in the infer-

otemporal cortex of the monkey in a visual memory task. J.

Neurosci. 2, 361–375.
Gewaltig, M.-O., Diesmann, M. (2007). NEST (NEural Simulation

Tool). Scholarpedia 2, 1430.
Gnadt, J. W., Andersen, R. A. (1988). Memory related motor

planning activity in posterior parietal cortex of macaque. Exp.

Brain Res. 70, 216–220.
Goldman, M. S. (2009). Memory without feedback in a neural

network. Neuron 61, 621–634.
Goldman-Rakic, P. S. (1995). Cellular basis of working memory.

Neuron 14, 477–485.
Gupta, A., Wang, Y., Markram, H. (2000). Organizing principles

for a diversity of GABAergic interneurons and synapses in the
neocortex. Science 287, 273–278.

Haider, B., Duque, A. R., A. Hasenstaub, McCormick, D. A.
(2006). Neocortical network activity in vivo is generated
through a dynamic balance of excitation and inhibition. J. Neu-

rosci. 26, 4535–4545.
Hansel, D., Mato, G. (2013). Short-term plasticity explains irreg-

ular persistent activity in working memory tasks. J. Neurosci.

33, 133–149.
Hebb, D. O. (1949). The organization of behavior. New York,

U.S.A.: Wiley.
Herman, P. A., Lundqvist, M., Lansner, A. (2013). Nested theta

to gamma oscillations and precise spatiotemporal firing during
memory retrieval in a simulated attractor network. Brain Res.

1536, 68–87.
Hirsch, J. A., Gilbert, C. D. (1991). Synaptic physiology of hor-

izontal connectinos in the cat’s visual cortex. J. Neurosci. 11,
1800–1809.

Holt, G. R., Softky, W. R., Koch, C., Douglas, R. J. (1996). Com-
parison of discharge variability in vitro and in vivo in cat visual
cortex neurons. J. Neurophysiol. 75, 1806–1814.

Homayoun, H., Moghaddam, B. (2007). NMDA receptor hypofunc-
tion produces opposite effects on prefrontal cortex interneurons
and pyramidal neurons. J. Neurosci. 27, 11496–11500.

Hopfield, J. J. (1982). Neural networks and physical systems with
emergent collective computational abilities. Proc. Natl. Acad.

Sci. U.S.A. 79, 2554–2558.
Horton, J. C., Adams, D. L. (2005). The cortical column: a struc-

ture without a function. Phil. Trans. R. Soc. B 360, 837–862.
Hromádka, T., DeWeese, M. R., Zador, A. M. (2008). Sparse

representation of sounds in the unanesthetized auditory cortex.
PLoS Biol. 8, e16.

Jackson, M. E., Homayoun, H., Maghaddam, B. (2004). NMDA
receptor hypofunction produces concomitant firing rate potenti-
ation and burst activity reduction in the prefrontal cortex. Proc.

Natl. Acad. Sci. U.S.A. 101, 8467–8472.
Jahr, C. E., Stevens, C. F. (1990). Voltage dependence of NMDA-

activated macroscopic conductances predicted by single-channel
kinetics. J. Neurosci. 10, 3178–3182.

Jun, J. K., Miller, P., Hernández, A., Zainos, A., Lemus, L., Brody,
C. D., Romo, R. (2010). Heterogenous population coding of a
short-term memory and decision task. J. Neurosci 30, 916–929.

Kätzel, D., Zemelman, B. V., Buetfering, C., Wölfel, M., Miesen-
böck, G. (2011). The columnar and laminar organization of
inhibitory connections to neocortical excitatory cells. Nat. Neu-

rosci. 14, 100–107.
Kerr, J. N. D., Greenberg, D., Helmchen, F. (2005). Imaging input

and output of neocortical networks in vivo. Proc. Natl. Acad.

Sci. U.S.A. 102, 14063–14068.
Kim, J.-N., Shadlen, M. N. (1999). Neural correlates of a deci-

sion in the dorsolateral prefrontal cortex of the macaque. Nat.

Neurosci. 2, 176–185.

Ko, H., Hofer, S. B., Pichler, B., Buchanan, K. A., Sjöström, P. J.,
Mrsic-Flogel, T. D. (2011). Functional specificity of local synap-
tic connections in neocortical networks. Nature 473, 87–91.

Koch, K. W., Fuster, J. M. (1989). Unit activity in monkey pari-
etal cortex related to haptic perception and temporary memory.
Exp. Brain Res. 76, 292–260.

Kojima, S., Goldman-Rakic, P. S. (1984). Functional analysis of
spatially discriminative neurons in prefrontal cortex of rhesus
monkeys. Brain Res. 291, 229–240.

Koulakov, A. A., Hromádka, T., Zador, A. M. (2009). Correlated
connectivity and the distribution of firing rates in the neocortex.
J. Neurosci. 29, 3685–3694.

Kubota, K., Niki, H. (1971). Prefrontal cortical unit activity and
delayed alternation performance in monkeys. J. Neurophysiol.

34, 337–347.
Lansner, A. (2009). Associative memory models: from the cell-

assembly theory to biophysically detailed cortex simulations.
Trends Neurosci. 32, 178–186.

Lansner, A., Marklund, P., Sikström, S., Nilsson, L.-G. (2013).
Reactivation in working memory: an attractor network model
of free recall. PLoS ONE 8, e73776.

Lara, A. H., Wallis, J. D. (2014). Executive control processes
underlying multi-item working memory. Nat. Neurosci. 17, 876–
883.

Lennie, P. (2003). The cost of cortical computation. Curr. Biol.

13, 493–497.
Leon, M. I., Shadlen, M. N. (1999). Effect of expected reward mag-

nitude on the response of neurons in the dorsolateral prefrontal
cortex of the macaque. Neuron 24, 415–425.

Lisman, J. E., Fellous, J.-M., Wang, X.-J. (1998). A role for
NMDA-receptor channels in working memory. Nat. Neurosci.

1, 273–275.
Litwin-Kumar, A., Doiron, B. (2012). Slow dynamics and high

variability in balanced cortical networks with clustered connec-
tions. Nat. Neurosci. 15, 1498–1505.

Lundqvist, M., Compte, A., Lansner, A. (2010). Bistable, irregular
firing and population oscillations in a modular attractor network
memory network. PLoS Comput. Biol. 6, e1000803.

Lundqvist, M., Herman, P., Lansner, A. (2011). Theta and gamma
power increases and alpha/beta power decreases with memory
load in an attractor network model. J. Cogn. Neurosci. 23,
3008–3020.

Lundqvist, M., Herman, P., Lansner, A. (2012). Variability of spike
firing during theta-coupled replay of memories in a simulated
attractor network. Brain Res. 1434, 152–161.

Lundqvist, M., Herman, P., Lansner, A. (2013a). Effect of pres-
timulus alpha power, phase, and synchronization on stimulus
detection rates in a biophysical attractor network model. J.

Neurosci. 33, 11817–11824.
Lundqvist, M., Herman, P., Palva, M., Palva, S., Silverstein, D.,

Lansner, A. (2013b). Stimulus detection rate and latency, firing
rates and 1–40 Hz oscillatory power are modulated by infra-slow
fluctuations in a bistable attractor network model. NeuroImage

83, 458–471.
Lundqvist, M., Rehn, M., Djurfeldt, M., Lansner, A. (2006). At-

tractor dynamics in a modular network model of neocortex. Net-

work 17, 253–276.
Maass, W., Markram, H. (2002). Synapses as dynamic memory

buffers. Neural Netw. 15, 155–161.
MacDonald, A. W., III, Cohen, J. D., Stenger, V. A., Carter, C. S.

(2000). Dissociating the role of the dorsolateral prefrontal and
anterior cingulate cortex in cognitive control. Science 288, 1835–
1838.

Mainen, Z. F., Malinow, R., Svoboda, K. (1999). Synaptic calcium
transients in single spines indicate that NMDA receptors are not
saturated. Nature 399, 151–155.

Margrie, T. W., Brecht, M., Sakmann, B. (2002). In vivo, low-
resistance, whole-cell recordings from neurons in the anaes-
thetized and awake mammalian brain. Pflügers Arch. Eur. J.

Physiol. 444, 491–498.
Markram, H., Toledo-Rodriguez, M., Wang, Y., Gupta, A., Sil-

berberg, G., Wu, C. (2004). Interneurons of the neocortical
inhibitory system. Nat. Rev. Neurosci. 5, 793–807.

McAllister, A. K., Stevens, C. F. (2000). Nonsaturation of AMPA
and NMDA receptors at hippocampal synapses. Proc. Natl.

Acad. Sci. U.S.A. 97, 6173–6178.

19



Meyer, H. S., Schwarz, D., Wimmer, V. C., Schmitt, A. C., Kerr,
J. N. D., Sakmann, B., Helmstaedter, M. (2011). Inhibitory
interneurons in a cortical column form hot zones of inhibition
in layers 2 and 5a. Proc. Natl. Acad. Sci. U.S.A. 108, 16807–
16812.

Meyers, E. M., Freedman, D. J., Kreiman, G., Miller, E. K., Pog-
gio, T. (2008). Dynamic population coding of category informa-
tion in inferior temporal and prefrontal cortex. J. Neurophysiol.

100, 1407–1419.
Miller, E. K., Buschman, T. J. (2013). Cortical circuits for the

control of attention. Curr. Opin. Neurobiol. 23, 216–222.
Miller, E. K., Cohen, J. D. (2001). An integrative theory of pre-

frontal cortex function. Annu. Rev. Neurosci. 24, 167–202.
Miller, E. K., Erickson, C. A., Desimone, R. (1996). Neural mech-

anisms of visual working memory in prefrontal cortex of the
macaque. J. Neurosci. 16, 5154–5167.

Miller, E. K., Li, L., Desimone, R. (1991). A neural mechanism
for working and recognition memory in inferior temporal cortex.
Science 254, 1377–1379.

Miller, E. K., Li, L., Desimone, R. (1993). Activity of neurons in
anterior inferior temporal cortex during a short-term memory
task. J. Neurosci. 13, 1460–1478.

Miller, J. K., Ayzenshtat, I., Carrillo-Reid, L., Yuste, R. (2014).
Visual stimuli intrinsically generated cortical ensembles. Proc.

Natl. Acad. Sci. U.S.A. 111, E4053–E4061.
Miyashita, Y., Chang, H. S. (1988). Neuronal correlate of pictorial

short-term memory in the primate temporal cortex. Nature 331,
68–70.

Mooser, F., Bosking, W., Fitzpatrick, D. (2004). A morhologi-
cal basis for orientation tuning in primary visual cortex. Nat.

Neurosci. 8, 872–879.
Mountcastle, V. B. (1997). The columnar organization of the neo-

cortex. Brain 120, 701–722.
Mushiake, H., Saito, N., Sakamoto, K., Itoyama, Y., Tanji, J.

(2006). Activity in the lateral prefrontal cortex reflects multiple
steps of future events in action plans. Neuron 50, 631–641.

Myme, C. I. O., Sugino, K., Turrigiano, G. G., Nelson, S. B. (2003).
The NMDA-to-AMPA ratio at synapses onto layer 2/3 pyrami-
dal neurons is conserved across prefrontal and visual cortices.
J. Neurophysiol. 90, 771–779.

Naud, R., Marcille, N., Clopath, C., Gerstner, W. (2008). Firing
patterns in the adaptive exponential integrate-and-fire model.
Biol. Cybern. 99, 335–347.

Ohki, K., Chung, S., Ch’ng, Y. H., Kara, P., Reid, R. C.
(2005). Functional imaging with cellular resolution reveals pre-
cise micro-architecture in visual cortex. Nature 433, 597–603.

Okun, M., Lampl, I. (2008). Instantaneous correlation of excita-
tion and inhibition during ongoing and sensory-evoked activi-
ties. Nat. Neurosci. 11, 535–537.

Okun, M., Naim, A., Lampl, I. (2010). The subthreshold relation
between cortical local field potential and neuronal firing unveiled
by intracellular recordings in awake rats. J. Neurosci. 30, 4440–
4448.

Opris, I., Casanova, M. F. (2014). Prefrontal cortical minicolumn:
from executive control to disrupted cognitive processing. Brain

137, 1863–1875.
Packer, A. M., Yuste, R. (2011). Dense, unspecific connectivity

of neocortical parvalbumin-positive interneurons: a canonical
microcircuit for inhibition? J. Neurosci. 31, 13260–13271.

Pesaran, B., Pezaris, J. S., Sahani, M., Mitra, P. P., Andersen,
R. A. (2002). Temporal structure in neuronal activity during
working memory in macaque parietal cortex. Nat. Neurosci. 5,
805–811.

Peters, Y., Yilmaz, E. (1993). Neuronal organization in area 17 of
cat visual cortex. Cereb. Cortex 3, 49–68.

Petrovici, M. A., Vogginger, B., Müller, P., Breitwieser, O.,
Lundqvist, M., Muller, L., Ehrlich, M., Destexhe, A., Lansner,
A., Schüffny, R., Schemmel, J., Meier, K. (2014). Char-
acterization and compensation of network-level anomalies in
mixed-signal neuromorphic modeling platforms. PLoS ONE 9,
e108590.

Pfeffer, C. K., Xue, M., He, M., Huang, Z. J., Scanziani, M. (2013).
Inhibition of inhibition in visual cortex: the logic of connections
between molecularly distinct interneurons. Nat. Neurosci. 16,
1068–1076.

Rao, S. C., Rainer, G., Miller, E. K. (1997). Integration of what
and where in the primate prefrontal corex. Science 276, 821–
824.

Rinkus, G. J. (2010). A cortical sparse distributed coding model
linking mini- and macrocolumn-scale functionality. Front. Neu-

roanat. 4, 17.
Romo, R., Brody, C. D., Hernández, A., Lemus, L. (1999). Neu-

ronal correlates of parametric working memory in the prefrontal
cortex. Nature 399, 470–473.

Roy, J. E., Riesenhuber, M., Poggio, T., Miller, E. K. (2010). Pre-
frontal cortex activity during flexible categorization. J. Neu-

rosci. 30, 8519–8528.
Sakai, K., Passingham, R. E. (2003). Prefrontal interactions reflect

future task operations. Nat. Neurosci. 6, 75–81.
Seger, C. A., Miller, E. K. (1997). Category learning in the brain.

Annu. Rev. Neurosci. 33, 203–219.
Shadlen, M. N., Newsome, W. T. (1998). The variable discharge

of cortical neurons: implications for connectivity, computation,
and information coding. J. Neurosci. 18, 3870–3896.

Shafi, M., Zhou, Y., Quintana, J., Chow, C., Fuster, J., Bodner,
M. (2007). Variability in neuronal activity in primate cortex
during working memory tasks. Neuroscience 146, 1082–1108.

Shinomoto, S., Shima, K., Tanji, J. (2003). Differences in spiking
patterns among cortical neurons. Neural Comput. 15, 2823–
2842.

Shu, Y., Hasenstaub, A., McCormick, D. A. (2003). Turning on
and off recurrent balanced cortical activity. Nature 423, 288–
293.

Silverstein, D. N., Lansner, A. (2011). Is attentional blink a
byproduct of neocortical attractors? Front. Comput. Neurosci.

5, 13.
Song, S., Sjöström, P. J., Reigl, M., Nelson, S., Chklovskii, D. B.

(2005). Highly nonrandom features of synaptic connectivity in
local cortical circuits. PLoS Biol. 3, e68.

Stepanyants, A., Martinez, L. M., Ferecskó, A. S., Kisvárday, Z. F.
(2009). The fractions of short- and long-range connections in the
visual cortex. Proc. Natl. Acad. Sci. U.S.A. 106, 3555–3560.

Swindale, N. V. (1990). Is the cerebral cortex modular? Trends

Neurosci. 13, 487–492.
Tanji, J., Shima, K., Mushiake, H. (2007). Concept-based behav-

ioral planning and the lateral prefrontal cortex. Trends Cogn.

Sci. 11, 528–534.
Thomson, A. M., West, D. C., Wang, Y., Bannister, A. P. (2002).

Synaptic connections and small circuits involving excitatory and
inhibitory neurons in layers 2-5 of adult rat and cat neocortex:
triple intracellular recordings and biocytin labelling in vitro.
Cereb. Cortex 12, 936–953.

Tsodyks, M. V., Markram, H. (1997). The neural code between
neocortical pyramidal neurons depends on neurotransmitter re-
lease probability. Proc. Natl. Acad. Sci. U.S.A. 94, 719–723.

Tsunoda, K., Yamane, Y., Nishizaki, M., Tanifuji, M. (2001). Com-
plex objects are represented in macaque inferotemporal cortex
by the combination of feature columns. Nat. Neurosci. 4, 832–
838.

Ursino, M., La Cara, G.-E. (2006). Travelling waves and EEG
patterns during epileptic seizure: analysis with an integrate-
and-fire neural network. J. Theor. Biol. 242, 171–187.

van Vreeswijk, C., Sompolinksy, H. (1996). Chaos in neuronal net-
works with balanced excitatory and inhibitory activity. Science

274, 1724–1726.
Wallis, J. D., Anderson, K. C., Miller, E. K. (2001). Single neurons

in prefrontal cortex encode abstract rules. Nature 411, 953–956.
Wang, M., Yang, Y., Wang, C.-J., Gamo, N. J., Jin, L. E.,

Mazer, J. A., Morrison, J. H., Wang, X.-J., Arnsten, A. F. T.
(2013). NMDA receptors subserve persistent neuronal firing dur-
ing working memory in dorsolateral prefrontal cortex. Neuron

77, 736–749.
Wang, X.-J. (1999). Synaptic basis of cortical persistent activ-

ity: the importance of NMDA receptors to working memory. J.

Neurosci. 19, 9587–9603.
Wang, Y., Markram, H., Goodman, P. H., Berger, T. K., Ma, J.,

Goldman-Rakic, P. S. (2006). Heterogeneity in the pyramidal
network of the medial prefrontal cortex. Nat. Neurosci. 9, 534–
542.

Waters, J., Helmchen, F. (2006). Background synaptic activity is
sparse in neocortex. J. Neurosci. 26, 8267–8277.

20



Wehr, M., Zador, A. M. (2003). Balanced inhibition underlies
tuning and sharpens spike timing in auditory cortex. Nature

426, 442–446.
Welch, P. D. (1967). The use of fast fourier transform for the

estimation of power spectra: a method based on the time aver-
aging over short, modified periodograms. IEEE Trans. Audio.

Electroacous. AU-15, 70–73.
Yoshimura, Y., Dantzker, J. L., Callaway, E. M. (2005). Excitatory

cortical neurons form fine-scale functional networks. Nature 433,
868–873.

Zhou, Y. D., Fuster, J. M. (1996). Mnemonic neuronal activity in
somatosensory cortex. Proc. Natl. Acad. Sci. U.S.A. 93, 10533–
10537.

Zohary, E., Shadlen, M. N., Newsome, W. T. (1994). Correlated
neuronal discharge rate and its implications for psychophysical
performance. Nature 370, 140–143.

21



Supplementary material
NMDA voltage-dependent gating-function

The gating of NMDA-receptors can mathematically be
described as both ligand- and voltage-dependent, the lat-
ter being a consequence of the Mg2+ block. As such, the
NMDAR-mediated current can be written as

I = G (V − V0) sp (19)

where p is the voltage-dependent gating variable and s
is the ligand-dependent gating-variable, obeying

ds

dt
= − s

τs
(20)

and assuming a value of one upon neurotransmitter bind-
ing followed by an exponential decay to zero with the
time constant τs. It is assumed that voltage-dependent
transitions from an open to closed channel state obey
first-order kinetics, i.e.

p
β(V )−−−⇀↽−−−
α(V )

1− p (21)

where α(V ) is the transition rate from closed to open
state, β(V ) is the transition rate from open to closed
state, and p can be interpreted as the fraction of channels
in the open state. Thus, p is governed by

dp

dt
= α(V ) (1− p)− β(V )p (22)

where the transition rates (Ekeberg et al., 1991) are

α(V ) = Aαe
V/Cα (23)

β(V ) = Aβe
−V/Cβ . (24)

Equation (22) can be rewritten as

dp

dt
=

p∞(V )− p

τp(V )
(25)

where

p∞(V ) =
α(V )

α(V ) + β(V )
(26)

τp(V ) =
1

α(V ) + β(V )
. (27)

Inserting equations (23)-(24) in (27) and using the nu-
merical values provided in Table 2, one can see that
the values of τp are close to ∼1.1ms in the entire sub-
threshold regime of the pyramidal cell membrane poten-
tial. Comparing this value with the pyramidal cell mem-
brane time constant τm = 16.9ms, one can make the
approximation

τp ≪ τm , (28)

meaning that the dynamics of voltage-dependent
NMDAR-gating operate on a much faster time scale than
the changes in the pyramidal cell membrane potential.
Therefore, for the sake of computational simplicity, one
can assume that the dynamics described in equation (25)

Table 2. Parameter values for the NMDA voltage-dependent

dynamics. Values for the parameters used in the modeling of the
voltage-dependent transitions between open and closed state in the
NMDAR channel. Adopted from Fransén and Lansner (1998).

Unit

Aα 2.03 ms−1

Cα 17 mV
Aβ 0.0292 ms−1

Cβ 17 mV

occur instantaneously, and that p immediately reaches
its target value p∞(V ), i.e.

p = p∞(V ) . (29)

Insertion of equations (23)-(24) in (26), combined with
the numerical values in Table 2, finally yields

p = p∞(V ) =
1

1 + 0.0144 exp (−0.117V )
(30)

which can be identified as equation (8) in the Methods

section above.
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