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ABSTRACT
Many efforts have been devoted to modeling asynchronous
irregular (AI) activity states, which resemble the complex
activity states seen in the cerebral cortex of awake animals.
Most of models have considered balanced networks of ex-
citatory and inhibitory spiking neurons in which AI states
are sustained through recurrent sparse connectivity, with
or without external input. We propose a mesoscopic de-
scription of such AI states. Using the master equation for-
malism, we derive a second-order mean-field set of ordi-
nary differential equations describing the temporal evolu-
tion of randomly connected balanced networks. This for-
malism takes into account finite size effects, and is appli-
cable to any neuron model as long as its transfer function
can be characterized. We compare the predictions of this
approach with numerical simulations for different network
configurations and parameter spaces. Considering the ran-
domly connected network as a unit, this approach could be
used to build large-scale networks of such connected units,
with an aim to model activity states constrained by macro-
scopic measurements, such as voltage-sensitive dye imag-
ing which requires a spatially extended description. This
formalism can further be generalized by integrating paire-
wise correlations among the neuron populations.
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1 Introduction

Cortical activity in awake animals manifests highly com-
plex behavior, often characterized by seemingly noisy ac-
tivity. At the level of single neurons, the activity in awake
animals is associated with considerable subthreshold fluc-
tuations of the membrane potential and irregular firing.

Many efforts have been devoted to the study of how
such activity emerges. Balanced networks have been in-
troduced as a possible model to generate dynamical states
similar to the biological ones (Fig. 1). Two antagonistic
states have been highlighted: synchronous regular states
(SR) and asynchronous irregular states (AI) [1]. AI states
are of particular interest because their dynamical character-

Figure 1. Example of a self-sustained asynchronous ir-
regular (AI) state in a sparsely connected network of
conductance-based neurons. The network contains 5,000
neurons with a ratio 4:1 between excitatory and inhibitory
neurons and a connection probabilitypconn = 0.01. a)
Top : Raster plot for a subset of excitatory (black dots) and
inhibitory (gray dots) neurons.Bottom: Population activ-
ity with a bin size of 1 ms (black) and 5 ms (gray). b)
Auto-correlation of the total network activity. This func-
tion has an exponentialy decaying enveloppe with a typi-
cal time constant of few milliseconde. c) The population
distribution of the Interspike Interval Coefficient of Varia-
tion (CV) with an average value of 1.8 which is typical of
irregular firing. In the inset, the averaged pairwise cross-
correlation computed with a bin size of 5 ms. The peak
value at zero time lag is 0.032 so that the network exhibit
almost no synchronous firing. d) Stationary activity distri-
bution of the network activity sampled with a time bin of
5 ms. At this time scale, the activity distribution is well
described by a gaussian function.



Figure 2. A conceptual representation of a pixel in Voltage-
Sensitive-Dyes optical imaging. On the left, a frame taken
from a VSD recording in the rat barrel cortexin vivo. On
the right, a shematic representation of the network con-
tained in a pixel. At this scale, a network could be ap-
proximated by a random network. A mean-field descrip-
tion could be appropriate as long as the underlying neuron
population is statisticaly homogeneous. Courtesy to Diego
Contreras.

istics are very similar to those observed in awake animals.
For conductance-based integrate-and-fire neuron networks,
they have even been observed without external stimulation
[2, 3, 4].

In parallel to such studies, population measures of
neural activity have also been of great interest, in particu-
lar through the emergence of new imaging techniques such
as voltage-sensitive dye imaging or two-photon imaging.
Although the relation of such signals to single-cell proper-
ties is still not completely clear, such measurements reveal
structures and correlations over large distances (millime-
ters or centimeters). No model is presently able to describe
neuronal dynamics in large-scale networks at such distance
scales, and there is a need of theoretical models specifically
designed to handle the temporal and spatial scales of opti-
cal imaging.

The type of model that seems most appropriate for
such scales are mean-field approaches (Fig. 2). However,
first-order mean-field approximation fails to fully describe
these networks because of their inherent dynamics which
can rely dramatically on activity fluctuations. Moreover,
the large network limit is usually performed for randomly
connected networks despite the lack of biological rele-
vance.

Our aim is to obtain a macroscopic description of dis-
tributed neuronal activity during AI states, where the unitis
not the neuron, but a small network of neurons. The diffi-
culty, however, is to obtain a description which captures the
statistics of network activity, while being consistent with
single-cell behavior. For this reason, we introduce a “meso-
scopic” description of neuronal activity, in which finite size
effects are explicitly taken into account. We will consider
networks of typical sizes of a few thousand neurons, far
away from the large network limit.

To obtain such a mesoscopic model, we will use a

master equation formalism appropriate for a second-order
mean-field description of network activity.

∂tPt({mγ}) =

∏

α=1,...,K

∫ 1/T

0

dm
′
α

(

Pt({m
′
γ})W ({mγ}|{m

′
γ})−

Pt({mγ})W ({m
′
γ}|{mγ})

)

wheremγ are the random variables describing each neu-
ron network forγ = 1, ..., K andPt({mγ}) is the time-
dependent probability distribution for each random vari-
able. The entire master equation is characterized by the
transition functionW ({mγ}|{m′

γ}) which must be build
according to the underlying neuron network AI dynamics.
The typical gaussian shape of the stationary activity dis-
tribution as well as the exponentialy decaying correlation
functions (Fig. 1) allow analytical developpement for time
scale of few millisecond.

The AI states, characterized by low firing rates
and exponential decrease of the activity auto-correlation
(Fig. 2), can be naturally incorporated in such a framework.
A complete description of the correlations and covariances
can be extracted for time scales governed by the network
time constants. This question was already addressed with
a similar formalism for binary neural networks [5, 6]. The
core of the theory is the transfer function, which maps the
output firing rate of the neuron as a function of its input
rates. Theoretical work has been done to obtain analyti-
cal transfer functions for a range of neuron models [1, 7].
However, to take advantage of such results, we have to rely
on a continuous description of network activity to link the
neuron statistics to the network ones.

We will consider different neuron models ranging
from those for which a transfer function has been derived,
to those for which an approximative model is required. For
current-based integrate-and-fire models, analytical work
have made some functions accessible so that they can pro-
vide accurate predictions (Fig. 3). For unsolved analytical
models, we will suggest empirical models that can account
for the network dynamics for a broad range of parameters.
In particular, for conductance-based neurons, such transfer
function can be found that gives a good qualitative descrip-
tion of different network regimes. For instance by using a
template transfer function such as

ν =
1

2τ

(

1 + erf

(

< V > −V threshold

√
2σ(V )

+ ∆h

))

(1)

describing the neuron output firing rate according to the
membrane potential statistics and containing two free pa-
rameters(τ, ∆h) we can look for the best parameter set
which reproduces the stationary first and second order
properties of a conductance-based neuron network (Fig. 4).
This provides a better prediction than the original transfer
function obtained by usual approximations to an effective
currant-based model.
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Figure 3. AI states characterization and the first and sec-
ond order statistics of the excitatory population activityin
the (νext, g) parameter space, similar to [1]. The external
network stimulationνext is represented in the y-axis and
the inhibitory/excitatory synaptic strength rationJinh/Jexc

in the x-axis. The network containsN = 5, 000 neurons
randomly connected with probabilitypconn = 0.01 and
current-based synaptic interactions. a) AI region is delim-
ited using the mean ISI CV and the mean pairwise cross-
correlation. b) Top : Mean activity estimated from numeri-
cal simulations (left) and computed using the master equa-
tion formalism (middle). In the right panel, the relative dif-
ference between measured and predicted values. Bottom :
The activity standard deviation is estimated from numeri-
cal simulations and compared as well with the mean-field
predictions. The predictions fit well with the numerical
simulations for the first and second-order statistics in the
middle region. Better prediction can be obtained for larger
networks (data not shown).
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Figure 4. First and second order statistics of the excita-
tory population activity in the(∆gexc, ∆ginh) parameter
space. The excitatory synaptic strength∆gexc is repre-
sented in the y-axis and the inhibitory synaptic strength
∆ginh in the x-axis. A network was simulated withN =
10, 000 conductance-based neurons randomly connected
with probabilitypconn = 0.01. The moments are computed
with a time bin ofT = 5 ms and the analytical model was
solved with the same parameter and an effective transfer
function. Top: Mean activity and standard deviation esti-
mated from numerical simulations.Middle: Mean activity
and standard deviation computed from the master equation
formalism.Bottom: Relative difference between measured
and predicted values. These predictions have been obtained
with an effective transfer function which could be obtained
using an optimisation process. The result is in good agree-
ment with the simulations in the middle region.



Figure 5. Effect of local network connectivity on macro-
scopic statistics. a-c) Comparison of mean excitatory ac-
tivity for a locally randomly connected current-based net-
work [7] in the (νext, g) parameter space. a) Numerical
simulations with gaussian distribution. b) First order mean
field predictions. c) The gaussian distributed connectivity
scheme where each neuron in the network is connected to
its neighbour according to a gaussian probability law and
with a fixed output synapse number. d-f) Effect of local
uniformly random connectivity. The parameter space is de-
scribed by the connectivity disc radius and the connection
probability inside the disc. d) Mean excitatory activity. e)
Mean excitatory interspike interval coefficient of variation.
The iso-statistics curves in the phase space overlap the net-
work configuration with identical incoming synapse num-
ber per neuron. f) The uniform local random connectivity
scheme which is built as in c) but with a uniform probabil-
ity profil.

2 Conclusion

Preliminary results have shown that considering more local
connectivities – instead of random schemes – does not al-
ter significatively the master equation predictions, as long
as the sparseness is strong enough (Fig. 5). Therefore, first
and second order activity statistics do not require an exact
description of the network structure. However, heterogene-
ity among the neurons can be responsible for slight discrep-
ancies between simulations and predictions. Although our
model does not take into account specific delays between
neurons, for random delays of the order ofT , the numerical
simulations are even closer to predictions. Indeed, global
oscillations are destroyed by heterogenous delays and the
AI region is larger. We are currently working in a system-
atic study of phase diagrams and their dependency on vari-
ous parameters.

Such a “mesoscopic” description constitutes a first
step towards obtaining a large-scale model of cerebral cor-
tex tissue. The typical size of the networks considered
here (N ∼5,000 neurons) can be thought of representing
the population of cortical neurons seen under one or sev-
eral “pixels” of optical imaging data. Typical values are
100×100 pixels, covering from about 3×3 mm to 3×3 cm
of cortical tissue, which gives about 5 to 5,000 neurons per
pixel in superficial layers according to neuronal densities
published previously (Braitenberg & Shutz, 1998). Thus,
constructing a 100×100 network of such populations, each
described by a Master equation analogous to the present
model, would be possible if the connectivity between ad-
jacent and distant populations can be incorporated in the
formalism. This important addition will require to study in-
terconnected networks of neurons in AI states, which con-
stitutes a natural extension of the present modeling effort.
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