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Two types of asynchronous activity in networks of
excitatory and inhibitory spiking neurons
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Asynchronous activity in balanced networks of excitatory and inhibitory neurons is believed to constitute the primary medium
for the propagation and transformation of information in the neocortex. Here we show that an unstructured, sparsely connected
network of model spiking neurons can display two fundamentally different types of asynchronous activity that imply vastly
different computational properties. For weak synaptic couplings, the network at rest is in the well-studied asynchronous state,
in which individual neurons fire irregularly at constant rates. In this state, an external input leads to a highly redundant response
of different neurons that favors information transmission but hinders more complex computations. For strong couplings,
we find that the network at rest displays rich internal dynamics, in which the firing rates of individual neurons fluctuate strongly
in time and across neurons. In this regime, the internal dynamics interact with incoming stimuli to provide a substrate for
complex information processing and learning.
Neural activity in the neocortex is highly irregular. Understanding
how such irregular activity is generated and what function it serves
have been two major goals of theoretical neuroscience.
The mechanistic origin of irregular activity has been proposed
to lie in a tight balance between excitatory and inhibitory synaptic
inputs1–5. Such a balance leads to a highly fluctuating net input current, the mean of which is below threshold, so that action potentials
are generated by fluctuations. Experimental measurements in vivo
have corroborated this picture6,7. Theoretical studies have moreover
shown that networks of neurons can self-organize to reach such
a balanced state2,8 in which different neurons asynchronously emit
action potentials9. Neural activity in this state is chaotic in the sense
that slight changes in initial conditions lead to drastically different
patterns of spike times2,10,11. As a result, networks of deterministic
neurons in the asynchronous state display activity that looks random,
and that can be described by a firing rate at which action potentials
are emitted stochastically.
Networks of excitatory and inhibitory neurons in the asynchronous,
balanced state are believed to serve as basic computational units in
the cortex, each unit network encoding a single variable in its population firing rate1,5. In that picture, the computational capacity of a
unit network is limited, the activity of all neurons being essentially
redundant. Interesting computations are generated by coupling several such units together12,13, and these are often investigated by representing the activity of each unit network solely by its population
firing rate14. A seminal study15 showed that networks consisting of
randomly connected rate units display a transition from an inactive
state to a highly heterogeneous, chaotic state if the synaptic coupling
is strong. Recent works have found that in this heterogenous regime,
rate networks possess high computational capabilities16–19 because of
rich internal dynamics20 and the existence of an exponentially large

number of fixed points (possible attractors) that provide the substrate
for complex nonlinear computations21,22. In contrast, short memory
timescales seem to limit the computational capacity of spiking networks exhibiting spike-time chaos23.
The heterogeneous chaotic state in networks of rate units is distinct from spike-time chaos in an asynchronous network of spiking
neurons: the latter denotes chaos at a microscopic level that generates variability of spike times even at a constant firing rate11, while
the former denotes macroscopic chaos in which the firing rates of
a large number of populations strongly fluctuate24. Whether and
how complex dynamics corresponding to macroscopic, rate chaos
appear in a network of spiking neurons is an unresolved question, and, as a consequence, it is not clear how the computational
capacity of a network of rate units can be exploited by a network of
spiking neurons.
Here we reexamine the dynamics and the computational capacity of an unstructured network of sparsely connected excitatory and
inhibitory spiking neurons9. As the strength of synaptic coupling
increases, we find that the network displays a transition from classical asynchronous activity, in which all neurons fire at a constant
rate, to heterogeneous asynchronous activity, in which each neuron
fires at a different, time-varying rate. We show that this transition is
analogous to the transition found in networks of rate units15, each
spiking neuron playing the role of a rate unit. This finding implies
that a single, randomly coupled network of spiking neurons possesses
much richer computational properties than suspected so far. In particular, the classical asynchronous state reliably propagates signals but
has limited computational capacities, while the heterogeneous asynchronous state instead propagates signals less accurately but provides
an efficient substrate for computations such as the categorization of
temporal inputs.
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RESULTS
The classical asynchronous state
We consider the prototypical network of excitatory and inhibitory
leaky integrate-and-fire (LIF) neurons studied in ref. 9 (see Online
Methods). The simplified features of this network lead to a small
number of free parameters and allow a detailed understanding of the
dynamics. In absence of time-varying inputs, such a network displays
asynchronous spontaneous activity if inhibition dominates excitation3,9: although the dynamics are fully deterministic, each neuron
fires irregularly, its activity resembling a Poisson process. This asynchronous state is an emergent, self-sustaining state of the network2,8
that can be understood by examining the dynamics of a typical neuron: the irregular firing of its presynaptic afferents leads to highly
fluctuating inputs to the neuron; if inhibition is strong enough to
counterbalance excitation, the total input is on average subthreshold
and the action potentials are generated by fluctuations, so that this
typical neuron itself also fires irregularly. Irregular inputs therefore
lead to irregular outputs, and owing to the recurrent nature of connections in the network the asynchronous state sustains itself.
A more formal analysis combined with some approximations leads
to a mathematical description of the asynchronous state3,9,25 (see
Online Methods). This description predicts that, in the asynchronous state, the equilibrium firing rate ν0 and synaptic couplings are
quantitatively related through a self-consistent equation

(

n 0 = F m (n 0 ),s 2 (n 0 )

)

(1)

where F is the current-to-rate transfer function of an isolated neuron
receiving a white noise input3,26 (Online Methods equation (1)).
The mean µ and variance σ2 of the total input to a typical neuron in
the network depend on the presynaptic firing rates and the synaptic
couplings (see Online Methods equations (5) and (6)). The selfsustaining nature of the asynchronous state is therefore reflected in
the appearance of the equilibrium firing rate on both right and left
hand side of equation (1).
A comparison with direct simulations of network dynamics shows
that equation (1) accurately predicts the firing rate for moderate values
of the overall synaptic coupling (Fig. 1a). However if this coupling is
increased to large values, the actual firing rates in the network diverge
from the predictions. We will show that this divergence is due to a
fundamental change in the nature of the dynamics. A key aspect of the
classical asynchronous state described by equation (1) is that neurons

a

fire at a rate that is constant in time. This seems natural, as the input to
the network is constant in time. If, however, the synaptic interactions
are strong enough, a qualitatively different type of asynchronous state
emerges, in which the firing rates strongly fluctuate in time and across
neurons although the input is constant and uniform.
Heterogeneous instability of classical asynchronous state
Depending on the values of the synaptic couplings and external inputs,
the classical asynchronous state can become unsustainable on the part
of the network. Its stability can be assessed by allowing the firing
rates to deviate from the equilibrium value predicted by equation (1).
If the dynamics amplify such a perturbation, the asynchronous state is
unstable, and other types of activity emerge, such as runaway activity3,
multistability3 or oscillations9,25. Previous studies considered only
homogenous perturbations, meaning that the allowed deviation from
the equilibrium firing rate was identical for all neurons belonging to
a given subpopulation. Here we adopt a different approach and allow
the rate of each neuron to deviate from the equilibrium firing rate by
a different amount. This is equivalent to interpreting each neuron
as a stochastic process with its own, potentially time-varying firing
rate. We found that the network dynamics can amplify such a hetero
geneous perturbation and lead to a new collective state.
The response of the network dynamics to slow heterogeneous
perturbations is specified by a stability matrix (see Online Methods
equation (12)). This matrix is random, owing to the random assignment of the connections, and its eigenvalues can be determined using
random matrix theory27,28. It possesses an eigenvalue associated with
the unit eigenvector, which corresponds to a homogeneous perturbation. This eigenvalue is always negative in the inhibition-dominated
regime studied here3. The other eigenvalues correspond to heterogeneous perturbations and, in the limit of a large number of neurons,
are densely distributed within a circle in the complex plane centered
on 0 (Fig. 1b). The radius λmax of that circle depends on network
parameters (see Online Methods equation (16)). As the synaptic coupling J increases (all other parameters being kept fixed), the value
of λmax increases, and it exceeds unity at a critical value Jc (Fig. 1b).
For couplings larger than Jc, the network possesses eigenvalues
larger than unity, and the stability analysis predicts that heterogeneous perturbations are amplified by the dynamics and destabilize the
asynchronous state.
The critical coupling Jc closely corresponds to the synaptic coupling
at which the mean firing rates in simulations start diverging from
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Figure 1 Instability of the asynchronous state
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of the neurons in the network as function of the
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(c) Network activity in the asynchronous state
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(J = 0.2 mV; blue square in a). Top, rastergram
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for 100 neurons in the network; bottom,
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average population activity in 1-ms bins; inset,
autocorrelation of the population activity. (d) Network activity above the instability (J = 0.8 mV; orange square in a). Same quantities as in c. Parameter
values: constant input µ0 = 24 mV, relative inhibition strength g = 5, number of connections per neuron C = 1,000, number of neurons N = 10,000.
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Heterogeneous instability in a network of Poisson neurons
To further examine the nature of the heterogeneous asynchronous
state that appears at strong synaptic couplings, we introduce a simplified network in which the connectivity matrix is unchanged but
each LIF neuron is replaced by a Poisson neuron. The activity of each
Poisson neuron is fully specified by its individual time-varying firing
rate, and the neurons interact solely through their rates. The dynamics
of the firing rate νi of ith neuron are given by
t

dn i
= −n i + F mi (n ),s i2 (n )
dt

(

)

(2)

Here τ is the time constant of the dynamics (see Online Methods),
2
F is the LIF current-to-rate transfer function and µi(ν) and s i (n ) are,
respectively, the mean and variance of the total input to neuron i (see
Online Methods equations (9) and (10)). Spikes can be generated
stochastically at the rate prescribed for each neuron but play no role
in the dynamics.
In the Poisson network, each neuron is represented by a standard
rate-model14 that describes accurately the slow-timescale dynamics
of integrate-and-fire neurons in the asynchronous state29,30. We start
by showing that the simplified Poisson network displays the same
596
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the predictions of equation (1) (Fig. 1a,b). Rastergrams of simulated
spiking activity reveal that above the transition the activity becomes
structured (Fig. 1c,d): neurons tend to fire bursts of spikes closely
separated in time, but the timing and size of these bursts varies
strongly in time and across neurons. The population-averaged activity looks, however, similar on both sides of the instability (Fig. 1c,d).
It fluctuates strongly on short timescales owing to fast synaptic transmission, which results in a strong central peak in the autocorrelation
of the population activity. Independently of the synaptic coupling,
if the number of neurons N in the network is increased, the amplitude of the autocorrelation function is reduced proportionally to
1/N, indicating that the zero-lag synchrony is not a fundamental
feature of the dynamics but merely an effect attributable to finite
size. The network activity is therefore asynchronous on both sides of
the transition.
In summary, combining numerical simulations with a mathematical
analysis revealed that as the synaptic coupling increases, the classical
asynchronous state loses stability and a different type of asynchronous
state emerges. On the population-averaged level, the two states are
difficult to distinguish, but we will show that, at the level of individual
neurons, they correspond to markedly different dynamics. In the following, we will call the state reached at strong synaptic couplings the
heterogeneous asynchronous state, in contrast to the classical, homogeneous asynchronous state that develops at moderate couplings.
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Figure 2 Instability of the asynchronous state
Equilibrium
Simulations
in a network of Poisson neurons. The activity
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of each neuron is fully specified by a temporally
varying firing rate. Action potentials are generated
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stochastically from the underlying rate but do not
influence the dynamics. (a) Mean firing rate of
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the neurons in the network as function of synaptic
coupling J. Solid line, predictions for the firing
0
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rate in the equilibrium state (equation (1)); dots,
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results of numerical simulations. (b) Network
activity in the equilibrium state (J = 0.2 mV; blue square in a). Top,
rastergram for 100 neurons in the network; bottom, average population
activity in 1-ms bins. (c) Network activity above the instability (J = 0.8 mV;
orange square in a). Same quantities as in b. Parameter values as
in Figure 1.
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heterogeneous instability as the LIF network, although it lacks the
short-timescale dynamics present in the LIF network.
By construction, the Poisson network exhibits an equilibrium
state analogous to the classical asynchronous state in the LIF network. In that equilibrium state, the firing rates are constant in time,
equal for all neurons and identical to the firing rates in the classical asynchronous state of the LIF network given by equation (1)
(see Fig. 2a, J < 0.5). As expected, the rastergrams generated by the
Poisson network lack the short-timescale dynamics present in the LIF
network (Fig. 2b).
The stability of the equilibrium state of the Poisson network to slow
heterogeneous perturbations is specified by the eigenvalues of the same
stability matrix as the LIF network (Online Methods equation (12)).
The Poisson network therefore exhibits an instability identical to that
of the LIF network, at the same critical value of synaptic coupling
(Fig. 1b). Simulations of the Poisson network show that above the
critical coupling, the mean firing rates strongly deviate from the firing rates predicted for the equilibrium state (Fig. 2a, J > 0.5 mV), in
a manner similar to that of the LIF network. For strong couplings,
although the rastergram generated by the Poisson network (Fig. 2c,
top) again lacks the short-timescale dynamics of the LIF network, it
clearly displays the same characteristic structured activity as observed
for identical parameters in the LIF network (Fig. 1c, top).
Fluctuating firing rates in the heterogeneous state
We have shown that a network of Poisson neurons exhibits the same
transition at strong synaptic couplings as the network of LIF neurons.
We now exploit this analogy to gain insight into the nature of
the transition.
In the Poisson network, the dynamics are directly specified in terms
of time-varying firing rates of individual neurons. Direct simulations
show that, for low synaptic couplings, the rates of all neurons are equal
and constant in time, as expected at equilibrium (Fig. 3a, top left);
above the transition, the firing rates instead strongly fluctuate in time
and across neurons (Fig. 3a, top right), similarly to their behavior in
the chaotic state found in networks of rate units15,31. The structured
activity seen in the rastergrams above the transition corresponds to
high instantaneous firing rates that lead to bursts of closely spaced
spikes. Moreover, the steep increase of mean firing rates with synaptic
coupling (Fig. 2a) is explained by strong fluctuations in the firing
rates, combined with the constraint that these fluctuations should
be positive.
In contrast to those in the Poisson network, instantaneous firing
rates in the LIF network are not inherent properties of individual
neurons. One can nevertheless approximate the spiking activity of
each neuron by a Poisson process with an underlying time-dependent
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Figure 3 Strong synaptic couplings lead to highly fluctuating instantaneous firing rates of individual neurons. Top, Poisson network; bottom, LIF
network. (a) Firing rates for three example neurons. Left, low synaptic coupling (J = 0.2 mV); right, strong synaptic coupling (J = 0.8 mV). For LIF
neurons, we estimated the instantaneous firing rates by convolving the spike trains with a 50-ms-wide Gaussian filter. (b) Autocorrelation (autocorr)
function of instantaneous firing rates, averaged over neurons in the network. (c) Autocorrelation function of spike trains, averaged over neurons in the
network. All parameters as in Figures 1 and 2.

firing rate that we estimated by convolving spike trains with a 50-mswide Gaussian filter. The resulting firing rates display a clear similarity
with the rates of neurons in the Poisson network (Fig. 3a, bottom):
for weak couplings, they fluctuate weakly around the equilibrium
values; for strong couplings, they fluctuate strongly in time and
across neurons.
In both Poisson and LIF networks, above the transition the autocorrelation functions of instantaneous firing rates become broad and
their magnitudes increase with synaptic coupling (Fig. 3b), indicating that the firing rate dynamics are possibly chaotic15,31. The close
resemblance between the Poisson and LIF networks is consistent with
the fact that the rate dynamics in the Poisson network capture the
slow-timescale dynamics of the LIF network. Indeed, the firing rates
in the LIF network were estimated by low-pass-filtering spike trains
and therefore do not contain short-timescale dynamics. Spike-train
autocorrelation functions in the LIF network display a short-timescale
structure absent in the Poisson network (Fig. 3c) but nevertheless
display the characteristic broad profile above the transition and show
amplitudes that increase with synaptic strength.
In summary, a comparison of the LIF network with a simplified
network of Poisson neurons reveals that the transition from classical
to heterogeneous asynchrony is fundamentally a transition between
a resting state in which the firing rates of all neurons are constant in
time to a resting state in which the firing rates vary strongly in time
and across neurons.
Computational properties in the two asynchronous states
The two types of asynchronous activity found in the resting state
imply vastly different computational properties. To illustrate these
properties, we examined the dynamics of the network in response to
two different time-dependent inputs, as seen from an external readout
neuron (Fig. 4). If such a neuron receives action potentials through
NMDA-based synapses, which have a decay timescale of about
100 ms, its input effectively consists of instantaneous firing rates of
different neurons similar to those displayed in Figure 3a.
The central property of the classical asynchronous state is that, at
rest, the network is at an equilibrium point, meaning that the firing
rates of all neurons are approximately constant. The main effect of a
nature NEUROSCIENCE
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slow temporally varying input is to modulate the equilibrium firing
rate, the activity of individual neurons at each time point being close
to the instantaneous equilibrium rate. As a result, the firing rates of all
individual neurons are similar to each other and close to the average
activity of the population (Fig. 4b, left).
In contrast, in the heterogeneous asynchronous state, the network
at rest is not at a stable functioning point but exhibits strong internal
dynamics in which different neurons fire at varying rates. A temporal
input interacts with the internal state of the network to produce complex dynamics in which the firing rates vary greatly across neurons
(Fig. 4b, right). In particular, the output of each neuron bears little
resemblance to the population average.
If the task of the network is to relay the temporal input, then this
task is performed more efficiently in the classical asynchronous state
than in the heterogeneous state. Indeed, the high redundancy of the
activity in the classical asynchronous state favors information transmission1,5: sampling the activity of a small subset of neurons in the
network provides a good estimate of the population average (Fig. 4c).
In the heterogeneous state, in contrast, the error on the estimate for
the same number of sampled neurons is 5 times larger (Fig. 4e), meaning that 25 times as many neurons are needed to obtain the same
accuracy (the error scales inversely to the square root of the number
of neurons).
While the redundancy in the classical asynchronous state favors
information transmission, it hinders more complex transformations
of inputs. In principle, the firing rate of every neuron is a potential
degree of freedom in the dynamics of the network, and the response
to an input can be represented as a trajectory in a high-dimensional
space where every dimension represents the activity of one neuron32,33. The fact that the response of all neurons is highly similar
implies that the dynamics effectively explore only one dimension of
this huge space. A principal components analysis applied to the output
of the network generated by two inputs shown in Figure 4a indeed
confirmed that 95% of the variance is explained by the projection on
a single dimension (Fig. 4d). In the heterogeneous state, in contrast,
the dynamics explore many more dimensions (Fig. 4f), the effective number of dimensions depending on the number and nature of
the inputs.
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Strong inhibition favors classical
asynchronous activity
We now return to the conditions under
which heterogeneous asynchronous activity appears in the absence of inputs. So far
we have mainly explored the effect of the
overall synaptic strength, but the location of
the transition depends also on the other two
main parameters in the network: the strength
of inhibition relative to excitation and the
constant offset current.
The value of the ratio between excitation
and inhibition strongly influences the critical
coupling above which heterogeneous activity
appears (Fig. 5a). Weaker inhibition reduces
the critical coupling and favors heterogeneous
598
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The internal dynamics in the heterogeneous asynchronous
state transform the one-dimensional temporal input into a highdimensional output, thereby providing the substrate for complex spatiotemporal computations20. The readout unit can, for instance, easily
classify the two temporal inputs shown in Figure 4a into two separate
classes by performing linear discrimination. Indeed a projection of
the activity on the first three principal components shows that the
responses to the two inputs lie in two separate parts of the activity
space (Fig. 4h). By adjusting the readout weights in a perceptron-like
manner, the readout unit can selectively respond to the input of one
kind but not of the other. In contrast, in the classical asynchronous
state, as the activity is essentially one-dimensional, the trajectories
greatly overlap and cannot be distinguished by a linear readout
(Fig. 4g). This is an illustration of the general principle that projecting
the activity nonlinearly in a high number of
dimensions, as is the case in the heterogenea6
ous state, provides the substrate for complex
computations34,35.
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Figure 4 Temporal inputs are processed
differently in the two types of resting
asynchronous activity. A subset of neurons
in the network receives an input current that
varies in time. We examine the resulting
output of the network as seen by a neuron that
reads out the activity of the network through
NMDA-like synapses. Left, the network at rest
is in the classical asynchronous state; right,
the network at rest is in the heterogeneous
asynchronous state (same parameters as in
Fig. 1c,d respectively). (a) Two different
temporally varying inputs given to the network.
(b) Firing rates in response to the two inputs, as
seen by the readout unit. Colored traces, three
example neurons; dashed black line, average
response of the network. (c,e) Difference
between the mean population response and the
average response obtained by pooling a subset
of neurons from the network, as function of the
size of the pooled subset. (d,f) Dimensionality
of the network response, quantified by the
percentage of variance (var.) explained by
successive dimensions in a principal component
analysis (PCA). (g,h) Projection on the first three
PCA components of the network response to the
two inputs shown in a, for the classical (g) and
heterogeneous (h) asynchronous states.

activity (but note that the critical coupling remains nonzero for minimal values of relative inhibition), while stronger inhibition favors
classical asynchrony. In a range of parameter values, the transition
between classical and heterogeneous activity can therefore also be
achieved by keeping the overall coupling constant and varying the
ratio between inhibition and excitation.
The location of the transition also depends on the constant offset
current that sets the resting potential in the neurons. Increasing this
current decreases the critical coupling (Fig. 5b), so that the transition from classical to heterogeneous asynchrony can be induced by
increasing this current without varying the synaptic strength. The
range of synaptic couplings for which this is possible is, however,
small (Fig. 5b), and the strength of the transition is weaker than when
synaptic couplings are increased.
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Figure 5 Influence of network parameters on asynchronous activity. (a) Nature of the asynchronous
state as a function of overall synaptic coupling J and relative inhibition strength g. (b) Nature of the
asynchronous state as function of overall synaptic coupling J and constant input current µ0.
The color plots display, on a logarithmic scale, the deviation of the mean firing rates from the firing
rates predicted by equation (1) for the classical asynchronous state. Dark shades correspond to
strong deviations, which are the signature of the heterogeneous asynchronous state (Fig. 1a). Light
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state. The purple lines display the analytical predictions for the transition.
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DISCUSSION
We have shown that an unstructured, sparsely connected network
of spiking neurons can display two different types of asynchronous
activity at rest. For weak overall synaptic couplings and/or strong
inhibition, the network is in the well-known asynchronous state, in
which individual neurons fire irregularly at rates that are constant in
time. If the overall synaptic couplings are strong and/or inhibition is
just strong enough to balance excitation, a new type of resting state
emerges. In that state the neurons still fire irregularly and asynchronously, but the firing rates of individual neurons fluctuate strongly
in time and across neurons. We therefore call this new state the hetero
geneous asynchronous state.
The two regimes of spontaneous asynchronous activity have different computational properties, as seen in their responses to temporally varying inputs. In the classical asynchronous state, the responses
of different neurons are highly redundant, which favors a reliable
transmission of information but limits the capacity of the network
to perform nonlinear computations on the stimuli. In the heterogeneous asynchronous state, the responses of different neurons to the
input instead strongly vary. This variability in the population degrades
the transmission of information but provides a rich substrate for a
nonlinear processing of the stimuli, as performed, for instance, in
decision-making and categorization. Several experimental studies
have recently reported high variability in the spontaneous state and
multidimensional responses to stimuli similar to those found in the
heterogeneous asynchronous regime20,32,33,36–38.
Relation to previous studies
The heterogeneous asynchronous state described here is closely
related to the chaotic state found in networks of rate units15. Whether
and how such a state occurs in networks of spiking neurons has so
far been unclear. Theoretical studies of spiking networks considered
the instantaneous firing rate to be a population-averaged quantity
(see, for example, refs. 3,9,25,39–41), rather than a property of an
individual neuron, and typically examined networks consisting of
a small number of populations. While these studies uncovered various instabilities of the classical asynchronous state (see, for example,
refs. 9,12,42), they did not differentiate between two different types
of asynchronous activity corresponding to the two states described
in ref. 15.
The main conceptual novelty of the present work is to interpret
the instantaneous firing rate as an individual property of each spiking neuron in the network. This change of viewpoint naturally leads
to an instability of the classical asynchronous state mathematically
analogous to the chaotic instability in rate networks15. Some qualitative aspects of the transition described here differ, however, from
that in ref. 15 owing to differences between models. In the network
considered here, excitation and inhibition are segregated and firing
rates are constrained to be positive, in contrast to those in ref. 15. As
a consequence, mean firing rates are nonzero in the equilibrium state
and increase strongly with synaptic coupling above the transition,
which is not the case in ref. 15.
Why haven’t previous numerical studies of spiking networks identified the heterogenous asynchronous state found here? The bursts
of activity characteristic of that state (Fig. 1a) have in fact been
observed before (see, for example, ref. 43), but they have not been
related to fluctuating firing rates and to the instability found in ref. 15.
In another study44, the authors showed that adding clustering to the
connectivity of the network leads to dynamics that share some features
with the heterogeneous asynchronous state found here in a fully random network. These dynamics, however, originate in the bistability
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of the different clusters in the network rather than in an instability
similar to that in ref. 15. Most other numerical studies of unstructured
spiking networks have kept the overall synaptic coupling constant,
whereas the heterogeneous state emerges most strongly by varying
that parameter. A notable exception is ref. 45, where the authors varied the synaptic strength but seem not to have observed the transition
reported here. A possible explanation is that they used strong relative
inhibition that favors classical asynchrony. Another possible explanation is that the synaptic delays used in that study were shorter than the
refractory period, in which case the overall coupling is artifactually
reduced and the transition to the heterogeneous state inhibited (see
Online Methods).
Generality of the findings
The evidence for two types of asynchronous state presented here is
based on quantitative comparisons between numerical simulations
and mathematical analyses of network dynamics. To allow mathe
matical tractability, we considered a network that includes several
simplifying features and incorporates only the minimal biophysical constraints. The existence of two distinct types of asynchronous
activity is, however, much more general and does not rely on the
simplified features of the network or the validity of the approximations used in the mathematical analysis (discussed below). Indeed,
the long-timescale dynamics of a large class of neural models can be
described by rate models29,30. As shown in ref. 15, the only requirement for the appearance of heterogeneous activity is to randomly
couple many nonlinear rate units.
The ability to predict the location of the transition in parameter
space, however, depends on the features of the network and the accuracy of the approximations. Here we have studied a highly uniform
network in which each neuron receives exactly the same number of
incoming connections, so that the mean firing rates of all neurons are
identical. Relaxing this assumption leads to a distribution of mean firing rates but does not impair mathematical tractability25,46. Another
important assumption is that the total input to a typical neuron can
be described by Gaussian white noise. Increasing the synaptic coupling leads to the progressive breakdown of this assumption, but
that effect alone generates only small deviations in the firing rate47.
Another issue is that the firing statistics of integrate-and-fire neurons in response to white noise inputs in general deviate from the
Poisson process48, which in turn implies nonvanishing correlation
times in the synaptic input. In the subthreshold regime and for low
firing rates, these correlation times are in general shorter than the
long timescale of rate dynamics, but they can become comparable in
the strongly hyperpolarizing regime (see, for example, the deviation
between simulations and predictions for strong relative inhibition
in Fig. 5a).
Computations and learning in the heterogenous state
In the heterogeneous asynchronous state, the interaction between
the external input and the internal dynamics of the network leads to
a high-dimensional output that can be exploited by a readout unit
to perform complex computations20,34,35. The internal state of the
network, however, strongly fluctuates in time, so that repeated presentations of the same external stimulus might lead to very different
high-dimensional responses. Indeed, the dynamics are sensitive to the
initial conditions of the network, so that any external noise impairs
robust learning.
Previous studies have examined the computational properties of
the heterogeneous state in networks of rate units16,17,19, which suffer
from the same sensitivity to initial conditions and noise. These studies
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have found that the robustness of the network response can be
increased without impairing its computational capabilities. One way
of improving the robustness is to provide strong inputs that quench
the temporal but not the spatial variability in the network31,49. This
effect is exploited in learning schemes that add a feedback loop from
the readout unit to the network16,17. Another possibility is to perform
plastic changes on the level of the synapses internal to the network,
in such a way that some innate trajectories of the dynamics are stabilized19. Transposing these learning schemes to the setting of networks of spiking neurons studied here is an important direction for
future studies.
Methods
Methods and any associated references are available in the online
version of the paper.
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ONLINE METHODS

Network of spiking neurons. The network considered here is identical to the
network studied in ref. 9. It consists of N leaky integrate-and-fire neurons, with
N = 10,000 in the simulations. A fraction f = 0.8 of these neurons are excitatory,
the remaining inhibitory. The membrane potential dynamics of the ith neuron
are given by
tm

dVi
= − Vi + m0 + RIi (t ) + mext (t )
dt

(3)

where τm = 20 ms is the membrane time constant, µ0 is a constant offset current,
RIi is the total synaptic input from within the network and µext(t) is a timedependent external current. When the membrane potential crosses the threshold Vth = 20 mV, an action potential is emitted and the membrane potential is
reset to the value Vr = 10 mV. The dynamics resume after a refractory period of
τr = 0.5 ms. The total synaptic input to the ith neuron is
( j)

RIi (t ) = t m ∑ Jij ∑ d (t − t k
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j

− ∆)

(8)

mi (t ) = m + t m ∑ Jijn j (t )

(9)

s 2i (t ) = s 2 + t m ∑ J ij2n j (t )

(10)

j

j

m = t mn 0CJ ( f − (1 − f ) g ) + m0

(5)

(

(6)

s 2 = t mn 0CJ 2 f + (1 − f ) g 2

)

The mean µ of the input vanishes when the relative strength g of inhibition is
equal to f/(1−f) = 4. This corresponds to perfect balance between excitation and
inhibition. Here we concentrate on the inhibition-dominated regime g > 4.
The equilibrium firing rate ν0 in the asynchronous state is given by the selfconsistent equation
n 0 = F m (n 0 ),s 2 (n 0 )

−1

To assess the stability of the equilibrium state, we allow the firing rate of every
neuron to deviate by a different amount from the equilibrium firing rate, and
determine whether the network dynamics suppress or amplify this perturbation.
For such a heterogeneous perturbation, the total input to a given neuron can still
be approximated by a Gaussian white noise, but now the mean and s.d. of this
process vary across neurons. Writing the firing rate of the jth neuron at time t as
ν0 +νj(t), the mean µi and s.d. σi of the input to neuron i read

(4)

Mathematical analysis of network dynamics. To mathematically analyze the
network dynamics, we used mean field theory3,9,25. Mean field theory describes
the regime in which each neuron receives a large number of inputs at every time
step, each input being in isolation too small to generate an action potential.
In such a situation, the total synaptic input to each neuron can be approximated
by a Gaussian white noise process that is independent across neurons. Assuming
that each neuron emits spikes as a Poisson process of constant rate ν0 (identical for
all neurons, as all neurons receive exactly the same number of incoming connections), the mean µ and s.d. σ of the equivalent white noise input are given3 by
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Vth − m


2 u
2

F ( m ,s ) = t r + 2t m ∫V −s m dueu ∫ dve −v 


r
−∞

s

2

k

where Jij is the amplitude of the postsynaptic potential evoked in neuron i by
an action potential occurring in neuron j, ∆ = 0.55 ms is the synaptic delay and
δ is the delta function. Note that with the above implementation of refractoriness, it is important to have synaptic delays longer than the refractory period.
If the delays are shorter, spikes that reach a neuron while it is refractory do not
have any effect, and the overall coupling is effectively reduced. This is an artifact
of the combination of instantaneous synapses and the implementation of the
refractory period.
Each neuron receives C incoming connections, C being much smaller than
the total number of neurons N, so that the connectivity is sparse. We kept the
value of C fixed at 1,000. A fraction f = 0.8 of these connections are excitatory,
the remaining inhibitory. All excitatory synapses have the same strength J, and
all inhibitory synapses have the same strength −gJ, where g quantifies the relative strength of inhibition compared to excitation. As a result, the network is
highly uniform, all neurons being statistically equivalent. Each neuron receives,
in addition, a constant external input µ0 that is equivalent to setting the resting
potential. The values of J, g and µ0 were systematically varied and are indicated in
the figure legends. In contrast with the implementation by Brunel (2000)9, there
is no external noise, so the network is fully deterministic.
The external input µext(t) is zero in all figures except Figure 4. In that figure,
µext(t) is nonzero for 2,000 randomly chosen excitatory neurons and consists of
a superposition of sinusoids shown in Figure 4a.

(

where F is the current-to-rate transfer function of the LIF neuron receiving a
white noise input3,26

)

(7)

The stability of the asynchronous state to slow (zero frequency), heterogeneous
perturbations is determined by linearizing equation (1) for each neuron in the
network. The linearized dynamics for the firing rate of neuron i read
n i (t + dt ) = ∑ Gijn j (t )

(11)

j

where G is the stability matrix given by
Gij = t m ( Jijg m + J ij2 g 2 )
s

(12)

Here γµ and g s 2 are the gains of the current-to-rate transfer function with respect
to a variation in mean and variance of the input:
gm =

g 2 =
s

∂F
∂m m (n ),s 2 (n )
0
0

(13)

∂F
∂s 2 m (n 0 ),s 2 (n 0 )

(14)

Equation (11) indicates that the heterogeneous perturbation is amplified if the
matrix G possesses eigenvalues larger than unity. The matrix G is an asymmetric,
sparse random matrix. The distribution of its elements varies from column to
column, depending on whether the column corresponds to inputs from an excitatory or an inhibitory neuron. Eigenvalue distributions for matrices of this type
have been studied in refs. 27,28, and we exploit here the results of these studies.
The matrix G possesses an eigenvalue

(

t m CJ ( f − (1 − f ) g )g m + CJ 2 ( f + (1 − f ) g 2 )g 2
s

)

associated with the unit eigenvector, which corresponds to a homogeneous perturbation. This eigenvalue is always negative in the inhibition-dominated regime
studied here3 because the value of g s 2 strongly decreases with J so that the positive contribution proportional to J2 becomes negligible.
The other eigenvalues correspond to heterogeneous perturbations and for
N→ are densely distributed within a circle in the complex plane centered at
the origin. For a matrix with independently distributed elements, the radius λmax
is given by27:
lmax = N ( f s E2 + (1 − f )s I2 )

(15)

where s E2 and s I2 are the variances of the elements in the excitatory and

inhibitory columns.
Here the distribution of elements is not independent because of the constraint
that every neuron receives exactly the same number of inputs. This constraint
can, however, be neglected for large N, so that the distribution of elements in each
column is approximately independent and binomial: each excitatory synapse has
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a strength J with probability C/N, and each inhibitory synapse has a strength −gJ
with probability C/N. In the limit N→, this yields

with the matrix G given in equation (12), so that the linear stability analysis in
the Poisson network is identical to that in the LIF network.

(16)

Simulations and data analysis. The mean firing rates ν0 in Figures 1a and 2a
were computed by simulating T = 20 s of network dynamics.
The average population activity n(t) in Figures 1c,d and 2c,d were determined
the number of spikes in the full network per 1-ms bin. The autocorrelation of the
population activity is defined as

lmax = t m J C f (g m + Jg 2 )2 + (1 − f ) g 2 (−g m + gJg 2 )2
s
s

Note that λmax depends on the synaptic coupling explicitly, but also implicitly
through γµ and g s 2.
Poisson network. In the Poisson network, each neuron is described by a firing
rate that fully specifies its activity. The dynamics of the firing rate of neuron i
are given by
t

(

dn i
= −n i + F mi (t ),s i2 (t )
dt

)

(17)

where F is the current-to-rate transfer function of an LIF neuron receiving white
noise, and, as in equations (9) and (10),
mi (t ) = m + t m ∑ Jijn j (t )

(18)

s 2i (t ) = s 2 + t m ∑ J ij2n j (t )

(19)

j

The effective timescale τ in the rate model can be related to the slowest dynamical
timescale present in the corresponding network of integrate-and-fire neurons.
Its value depends on the parameters of the network29,30 and is typically shorter
than the membrane timescale. For simplicity, we treat it as an arbitrary constant
and set its value to the membrane timescale τm.
At equilibrium, the firing rate in the Poisson network is given by equation (1).
Linearizing the dynamics around equilibrium leads to
n i (t + dt ) = ∑ Gijn j (t )
j

(20)

(21)

In Figure 3, the instantaneous firing rate νi(t) of each LIF neuron was computed
by convolving its spike train with a 50-ms Gaussian filter. The average autocorrelation of firing rates is defined as
Arate (t ) =

1 N T
∑ ∑ (n i (t + t ) − n 0 )(n i (t ) − n 0 )
NT i = 1t = 1

(22)

The average autocorrelation of spike trains ni(t) (computed in 1-ms bins) is
defined as
Aspikes (t ) =

N T
1
∑
∑ (ni (t + t ) − n 0 )(ni (t ) − n 0 )
n 0 NT i = 1t = 1

(23)

The firing rates in Figure 4 were computed by convolving the spike trains
with s(t) = exp(−t/τr) − exp(−t/τd) for t > 0, where τr = 1 ms and τd = 100 ms
are, respectively, the rise and decay timescales of an NMDA-based synapse.
The principal component analysis in Figure 4 was determined by diagonalizing
the covariance matrix of the firing rates obtained in response to the successive
presentation of the two stimuli.
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j

1 T
Apop (t ) = 2 ∑ (n(t + t ) − n 0 )(n(t ) − n 0 )
n 0T t = 1
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