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Abstract

This paper addresses the following question: ‘‘What neural circuits can emulate the monosynaptic correlogram generated by a direct

connection between two neurons?’’ The search for answers to that question has been tackled in two steps: (1) we incorporated into an

integrate-and-fire (IAF) neuron model those aspects of neuronal physiology that can influence cross-correlated activity; (2) we evolved

networks of biologically realistic neurons towards circuits that are able to generate a monosynaptic correlogram between two neurons.

Evolutionary strategies and genetic algorithms were used to explore a computationally intractable search space of physiological

parameters and network connectivity. We found that evolutionary strategies perform well in refining good initial solutions, while the

simple genetic algorithm achieves worse results even when using a higher computational load. The main obstacles in this challenging

study of evolutionary neural networks are exposed and discussed, as well as the results obtained after intensive simulation.

r 2005 Elsevier B.V. All rights reserved.

Keywords: Evolutionary neural networks; Integrate-and-fire neuron; Cross-correlation analysis
1. Introduction

The hybridization of neural and evolutionary computa-
tion has been extensively used to search neural architec-
tures. Most of these studies were motivated by engineering
applications, and the process of evolving neural architec-
tures has sometimes been addressed as a learning strategy.
But much less work has been done in the ‘wet’ domain, i.e.
inferring plausible patterns of connectivity in real brains
with search methods that are droved by physiological data.
Here we have applied evolutionary techniques to search for
networks of neurons that emulate monosynaptic correlo-
grams measured in electrophysiological experiments.

Artificial neural networks (ANNs) often make use of
very simple neuron models based on the representation of
the neuron’s mean firing rate. Biologically realistic models
e front matter r 2005 Elsevier B.V. All rights reserved.
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mimic the dynamics of the neuron’s membrane potential,
ranging in complexity from the Hodgkin-Huxley model
[11–14] (based on ions flow) to the non-leaky integrate-
and-fire (IAF) neuron [29] (based on voltage thresholding).
The class of IAF neurons is of special interest, because it
reproduces the spiking behaviour of neurons by using the
lowest computational load possible. While the electrical
functioning of the biological neuron is well understood,
and its physiology has been modelled since the beginning of
the last century, the precise circuitry of neurons within the
nervous system remains obscure. The study of neural
circuitry has traditionally involved anatomical and phy-
siological techniques (intra- and extracellular recordings),
which are not free of limitations. The anatomical
techniques usually provide information about connection
patterns but not about the physiological properties of the
neurons that are connected. The intracellular recordings
combined with anatomical tracers overcome this problem
but cannot be used to study a large sample of neurons.
Finally, the extracellular techniques allow recording
simultaneously from multiple neurons but it is not always
possible to know which neurons are monosynaptically

www.elsevier.com/locate/neucom
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connected. Cross-correlation analysis has become a popu-
lar tool to identify monosynaptic connections with extra-
cellular recordings in vivo [7–9,24,25]. However,
interpreting the different correlogram shapes can be
challenging, in part because we do not know precisely
how the different correlogram shapes relate to the different
connectivity patterns.

In engineering applications of ANNs the topology of the
network is determined upon the characteristics of the
problem. But this goal-directed approach is hard to set up
in biological networks, where we know little about how
neurons connect with each other. In extracellular record-
ings, a strong monosynaptic connection between a
presynaptic neuron and a postsynaptic neuron is usually
identified based on the shape of the correlogram. The
correlogram has a narrow peak displaced from zero
indicating that the presynaptic neuron tends to fire before
the postsynaptic neuron. Fig. 1 shows (left) an example of a
monosynaptic correlogram obtained in a simultaneous
recording from a thalamic neuron and a cortical neuron in
the cat, and (right) a monosynaptic correlogram obtained
with two simulated neurons (see [1,2,22,30] for examples of
this kind of connections at different stages in the visual
pathway). While this type of correlated activity seems to be
a necessary condition to identify monosynaptic connec-
tions between neurons, it is not clear to what extent it is
also sufficient. The modelling of physiological factors
affecting correlated neuronal activity, and the simulation
of all possible circuits that can generate a monosynaptic
correlogram could help to better define the criteria to
measure connectivity with cross-correlation analysis. The
difficulty behind this approach is that it requires an
exhaustive search of a large space of neural parameters,
and the many different topologies in which two neurons
could be embedded. Although this approach seems
intractable at first, search methods can be adapted to
explore a large number of networks and to evolve a
randomly connected network towards a specific goal, i.e.
the correlogram between two selected neurons (N1, N2)
has to be as similar as possible to a specified monosynaptic
Fig. 1. Cross-correlogram of an excitatory monosynaptic connection. Correlo

and a simulated connection (right panel).
correlogram. Because the conditions for this network
evolution can also be specified, it is possible to impose
that N1 and N2 cannot be directly connected.
Evolutionary artificial neural networks (EANNs) offer a

general framework for adaptive systems that deal with this
type of search (where weights adjustment is a particular
case of especial relevance). Although the search for
networks with rate-based (continuous output) neurons
has been extensively reported in the literature (see [32] for a
review), very few works used evolutionary methods to
define spiking networks [4–6]. In this work we apply an
evolutionary strategy (ES) and a simple genetic algorithm
(SGA) to the problem posed above. The search for circuits
that include a pair of neurons with monosynaptic-like
cross-correlated activity is formulated as an optimization
problem, where a fitness value is computed for each
particular combination of network physiology and con-
nectivity. This fitness value measures how well the
correlogram between two particular neurons fits a template
of a monosynaptic correlogram. According to this frame-
work, populations of biological neural networks (cells
parameterized with concrete values and connected in a
particular way) compete in fitting the monosynaptic
correlogram under random stationary stimulation.
The following sections introduce the neuron model

designed to account for most degrees of freedom in
shaping the correlogram (e.g. peak height, peak width,
baseline height), and the techniques applied to make the
networks evolve correctly: methods to generate the initial
population, and operators to combine the solutions.
2. The neuron model

Compartmental models take into account the geome-
trical and physiological characteristics of the neuron, like
axons, dendritic spines, ionic channels or soma. On the
other hand, point models characterize the neuron’s
electrical behaviour, and consider it as a single point in
space [10,15,16,23]. These simplified models can introduce
grams of a real geniculocortical connection (left panel, adapted from [2]),
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Fig. 2. Monosynaptic connection between two simulated neurons. Top:

the presynaptic neuron; bottom: the postsynaptic neuron (hyperpolarized

to show the temporal integration of excitatory postsynaptic potentials).
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the main features of neuronal physiology with a relatively
low computational cost.

IAF neurons are a particular case of simplified models
that derived from the pioneering work of Louis Lapicque
[20,21]. Different versions of this model have been
proposed in [17,18,26,27,29]. The traditional form of an
IAF model is a first-order differential equation (Eq. (1))
that contains a subthreshold integration domain (where the
neuron integrates the inputs I(t)) and a threshold voltage
(not explicitly specified in this equation) for the generation
of action potentials. In this equation Vrest is the resting
potential, the potential at which the neuron ‘rests’ in the
absence of inputs; R and C are the membrane resistance
and capacitance, respectively.

C
dV ðtÞ

dt
þ

V ðtÞ � V rest

R
¼ IðtÞ. (1)

As a previous step for its implementation in a computer,
Eq. 1 can be approximated as a differential equation (using
the forward Euler integration method [19]) and then solved
to get the subthreshold evolution of the neuronal
membrane potential (V(t)), as it is shown in Eq. 2, where
tm is the membrane time constant ðtm ¼ RCÞ.

V ðtþ DtÞ ¼ 1�
Dt

tm

� �
V ðtÞ þ

Dt

C
IðtÞ þ

Dt

tm
V rest. (2)

From Eq. 2 (given the first-order differential equation
ðDt ¼ 1 tenth of msÞ and being C ¼ 1 nF ), we define a new
IAF model—conductance based—that includes the main
physiological parameters that can influence the time
precision of action potentials, i.e. those factors that have
an effect on the shape of the correlogram between two
neurons. These parameters, for a given i-neuron, are the
following: threshold potential ðV rest

i Þ, refractory period (r),
after hyperpolarization potential factor (Wi), membrane
time constant ðtm

i Þ, synaptic weight (Wji), transmission
delay (Di), postsynaptic temporal jitter (Jj(t)), rise time of
conductance time-course ðtrisei Þ, and decay time of con-
ductance time-course ðtdecayi Þ.

These factors interact in the following manner:

TiðtÞ ¼
0

if Viðt� 1Þ � V rest
i ^ Tiðt� 1Þ

� r _ 8kot;V iðkÞoV rest
i ;

Tiðt� 1Þ þ 1 otherwise;

8><
>:

(3)

V iðtÞ ¼

WiV iðt� d� 1Þ if TiðtÞ ¼ d;

Viðt� 1Þ þ I iðt� 1Þ

� 1
tm

i
½V iðt� 1Þ � V rest

i � if TiðtÞ4d;

8>><
>>:

(4)

I iðtÞ ¼
X

j

SjiðtÞ þ riðtÞ, (5)

DjiðtÞ ¼ Dj þ Ji½t� TjðtÞ þ Dj �, (6)
gjiðt̂ Þ ¼W ji

t̂

trisei

e
1� t̂

trise
i

� �1=tdecay
i

, (7)

SjiðtÞ ¼ uiV i t� Tj t�Dji½t�
� �� �

gji Tjðt�Dji½t�Þ
� �

, (8)

Ti(t) represents the time (in tenths of millisecond) since
neuron i initiated the last spike (threshold crossing). This
term resets after the membrane potential exceeds the
threshold. If the membrane is within the refractory period,
Ti resets r steps after spike initiation (see Eq. (3)). Vi(t)
models the temporal evolution of the membrane potential
(see Eq. (4)). The model begins to integrate inputs d steps
after a spike (d is the spike duration). The inputs that the
neuron integrates (Ii(t), see Eq. (5)) are the network activity
(Sji(t)) and random synaptic noise (ri(t)). The action
potentials generated in the network reach the correspond-
ing postsynaptic neuron after a synaptic delay (Dij(t) in Eq.
(6)), which is determined by the synaptic latency (Dj) and
postsynaptic temporal jitter (Ji(t)). The synaptic integra-
tion (Sji(t) in Eq. (8)) also depends on the membrane
conductance (gjiðtÞ in Eq. (7)), whose time-course is
described by two parameters—the conductance rise ðtrisei Þ

and decay ðtdecayi Þ times—which are scaled by the synaptic
weight (Wji). Fig. 2 shows simulated intracellular record-
ings from two monosynaptically connected neurons. In this
simple two-neuron circuit the presynaptic neuron receives
normally distributed random synaptic noise, and the
postsynaptic neuron integrates the inputs from the
presynaptic neuron (without any additional noisy input).
The postsynaptic neuron has been hyperpolarized to better
visualize the subthreshold postsynaptic activity.
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3. Definition of an evolutionary search

3.1. Assessment of the search space

The first step to start searching for networks with
monosynaptic-like correlograms is to estimate the size of
the parameter space. For this purpose it is necessary to
identify: (1) the set of parameters that determines the shape
of the correlogram; (2) the biological ranges of variation
for each parameter; and (3) the resolution (bin size)
for each parameter. Fig. 3 shows a monosynaptic
correlogram generated by two simulated neurons, N1 and
N2 (Fig. 3. top, left). The shape of the N1-N2
monosynaptic correlogram can be modified by increasing
the synaptic jitter (Fig. 3, top, right), the conductance
decay time (Fig. 3, bottom, left), or by introducing an
additional neuron between N1 and N2 (Fig. 3, bottom,
right). The set of parameters, ranges and bin sizes used in
the network search were heuristically determined by doing
simulations similar to those shown in Fig. 3 (i.e. modifying
Fig. 3. Physiological parameters that affect the correlogram shape of two

characteristic monosynaptic correlogram with a narrow peak displaced from ze

synaptic jitter (3 times more synaptic jitter than in top-left correlogram). Bo

conductance decay time (4 times longer than in top-left correlogram). Bottom, r

between N1 and N2 (polysynaptic chain of 3 excitatory neurons).
one parameter each time and making systematic measure-
ments of the changes in the correlogram shape [31]). 100
simulations were run for each parameter value. A para-
meter value was considered to introduce a significant
change in the correlogram shape if half of the correlograms
obtained with this value differed from a correlogram
reference by more than two standard deviations of the
mean (the mean was obtained by measuring the correlo-
gram reference 100 times; note that these 100 measure-
ments will be slightly different due to the synaptic noise
introduced in the membrane potential of the postsynaptic
neuron). The results of the parameter selection are shown
in Table 1.
The parameters that were most influential in the network

search were the synaptic weight (Wji) and the synaptic
latency (Dj). The synaptic weight could be positive
(excitatory neuron) or negative (inhibitory neuron) and
the maximum percentage of inhibitory neurons was 20%
(Table 1) [3,6]. The search space for all the parameters
specified in Table 1 had 10122 possible configurations. Each
neurons that are monosynaptically connected (N1, N2). Top, left: a

ro. Top, right: change in the correlogram shape generated by increasing the

ttom left: change in the correlogram shape generated by increasing the

ight: change in the correlogram shape generated by adding another neuron
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Table 1

Range of variation and resolution of the parameters selected for the

network search (see the model equations for notation)

Parameter Range Resolution

trisei ðmsÞ (0.1, 4) 0.6

tdecayi ðmsÞ (0.5, 20) 1.2

Standard deviation of Jj(t) (ms) (0, 3) 0.4

No. neurons {2,y, 10} 1

Inhibitory neurons (%) (0, 20) 1

Dj (ms) (0, 6.5) 0.2

Wji (nSiemens) Excitatory (0, 6.25) 0.2175

Inhibitory (�6.25, 0)
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configuration had to be run until N1 and N2 generate
enough spikes to measure their cross-correlogram and
compare it to the template (we used a criterion based on the
correlogram peak height relative to baseline to limit the
time of spike collection). The computation time for a
simple circuit of two monosynaptically connected neurons
was 3.1 s (the time includes the evolution of the network
dynamics and computation of the cross-correlogram).
However, the simulation time was much longer for larger
networks because the inhibitory neurons tended to reduce
the network overall activity. To estimate the computational
cost for these larger networks, we launched 2,000 simula-
tions with a 5 neuron network (direct connections between
N1 and N2 were not allowed). The configuration of
physiological and topological parameters for each simula-
tion was randomly arranged (with the ranges given in
Table 1), but the network always had 20% of inhibitory
neurons. The averaged computation time necessary to
collect 2,000 spikes in N2 with these networks was about
294 s (with a standard deviation of 172 s). Only 10% of the
simulations were capable of generating significant correlo-
grams (given an imposed maximum duration of 540 s for
each simulation in an Intel Pentium Xeon, 1.7GHz). These
time estimates indicated that an exhaustive search is not
feasible, even with considerable computer power. There-
fore, heuristic search methods were the only alternative for
a reliable exploration of the network space.

3.2. Network encoding

Evolutionary techniques have been applied to explore
the search space. Since this method works with popula-
tions, the networks had to be encoded. This was done using
a simple real-valued scheme: combinations of values for the
selected parameters were arranged as a vector of real
numbers. The topology of the network did not change
during the evolution (this would introduce big non-
linearities in the search process), and only the parameters
of Table 1 were encoded. According to the proposed
scheme, the operators read and updated the networks at
the level of a single parameter (this means reading or
writing a single value at a time). Fig. 4 shows graphically
the encoding of an example circuit of three neurons.
3.3. Fitness evaluation

For each individual in the population a fitness value was
computed. This value represents a distance from the
individual’s correlogram to a reference excitatory mono-
synaptic correlogram (see Fig. 1, right panel). Three
different versions of the fitness function were considered:
(1) Euclidean distance over the entire correlogram, (2)
Euclidean distance restricted to the monosynaptic peak
region ([�10, 10ms]), and (3) Euclidean distance between
the following parameters of the correlogram:
�
 the monosynaptic peak position: the position of the bin
of maximum amplitude,

�
 peak/baseline ratio: the average monosynaptic peak

measured within a radius of 2ms around the peak (the
baseline was computed as the average of the first ten
bins in the correlogram),

�
 synaptic strength: the average monosynaptic peak

divided by the number of spikes from each neuron,

�
 synaptic efficacy: the average monosynaptic peak

divided by the number of spikes from the presynaptic
neuron (only for bins that were at least half the
correlogram’s maximum amplitude),

�
 synaptic contribution: the average monosynaptic peak

divided by the number of spikes from the postsynaptic
neuron (only for bins that were at least half the
correlogram’s maximum amplitude),

�
 peak width: measured at 25% and 50% of peak’s

maximum amplitude.

3.4. Initial population

Given the high dimensionality of the individuals of the
population (circuits) and the large number of non-
linearities involved in simulating the network, the problem
of disruption of the crossover strongly influences the
search. This problem can be minimized starting the search
with homogeneous initial populations and limiting the
effect of the operators. Initial populations were generated
with a random seed. Different network seeds were
randomly obtained with only one restriction—they should
generate a correlogram with a significant peak. An
evolutionary search was then run from this initial
(promising) network that explored possible variations of
the monosynaptic correlogram. Finally, to properly cover
the search space, the random seeds were selected after
being clustered with an unsupervized neural network [28],
to avoid searching from similar initial points.

3.5. Search operators

The ES made the population evolve by applying the
operators of selection and mutation, while the SGA also
applied crossover. In each generation, the best individuals
were selected with a probability directly proportional to the
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(rise and decay times) are also considered for encoding (trisei and tdecayi ). Direct connection from n1 to n2 is avoided.
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individual’s fitness value, and new individuals were
obtained by mutating or combining pairs into new
descendants.

Two different crossover operators were implemented. In
a first version, each gene in the descendant individual was
randomly selected from one of the two progenitors. The
second one computed each gene in the descendant
individual’s genome as a random value in the range
determined by the parent’s corresponding genes. In each
generation, a percentage of the population was randomly
selected for mutation, what implies the change of a
gene value in a quantity that depends on a mutation
range. Mutation rate and the ranges of variation for the
different genes were heuristically configured for each run of
the SGA.

The problem of crossover disruption in the case of the
SGA did not affect the ES, since the ES searched by
selecting the progenitors according to their associated
fitness (distance functions with reference to the mono-
synaptic correlogram) and by mutating them to obtain the
next generation.

4. Results

The methods explained above were implemented to
evolve networks of spiking neurons towards a mono-
synaptic correlogram. Two different approaches were used:
an ES and an SGA. The ES and the SGA were run with
different network sizes, percentage of inhibitory neurons,
mutation rates and ranges of variation for the different
genes, random seeds for initial populations and fitness
functions. All these simulations run over a heterogeneous
Mosix-based cluster of computers. We measured the
evolution of the cross-correlogram between two selected
neurons (N1 and N2) towards a monosynaptic cross-
correlogram. Populations of initial networks were
generated according to the procedure explained before,
and evolved so that the correlogram between two specified
neurons (N1 and N2) fit the reference correlogram
(shown in Fig. 1, right). Fig. 5 shows representative
evolutions of the distance function towards a monosynap-
tic correlogram for the ES (left panel) and the SGA (right
panel). In both cases, the Euclidian distance became
smaller as the number of generations increased. However,
while the ES population converged towards a monosynap-
tic correlogram after 250 generations using Euclidian
distance only, the SGA did not (the SGA used Euclidian
distance from the initial population to the 50th generation
and peak amplitude from the 50th generation to the end of
the evolution).
When a monosynaptic connection between N1 and N2

was allowed the evolution converged very rapidly towards
a monosynaptic correlogram that was very similar to the
original (shown in Fig. 1). This convergence was especially
faster and accurate with the ES. Fig. 6 shows two examples
of correlograms obtained in the last generation with ES
(left, top and bottom) and SGA (right, top and bottom).
The correlograms obtained with ES (left panels) were very
similar to the original (shown in Fig. 1). The SGA was
slower and less accurate than the ES and generated some
monosynaptic correlograms (right, top) but also some
correlograms with other shapes (right, bottom).
Fig. 7 shows simulated correlograms obtained in

evolutions that had one specific restriction—no mono-
synaptic connection between N1–N2 was allowed. The left
panels of Fig. 7 show simulated correlograms obtained in
the initial generation (top), and the last generation
(bottom) with the ES. As a result of the evolution, the
peak of the initial correlogram shifted towards the left and
shortened its rise time and duration. All these changes
made the initial correlogram more similar to a mono-
synaptic correlogram (there were no restrictions on
minimum values of synaptic latencies and jitters for this
trial). The SGA did not perform as well as the ES under
this restriction. In the SGA, the initial correlogram (top,
right) converged towards a correlogram with similar
baseline to the original (bottom, right), but a monosyna-
ptic-like peak did not appear in any generation.
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Fig. 6. Examples of correlograms obtained at the final stage of the evolutionary search when monosynaptic connections between N1 and N2 were allowed.

The reference correlogram is the same shown in Fig. 1 (right). The left panels show two examples of correlograms generated at the end of the evolution

with ES. The right panels show two examples of correlograms generated at the end of the evolution with SGA.

Fig. 5. Evolution of the distance to the reference correlogram. Left: the EA shows a smooth decay of the distance and finds a network that is able to

generate a correlogram with a significant peak (see Fig. 6). Right: the SGA evolves very fast to adjust the correlogram baseline (50 generations), but no

significant peak can be reproduced after 200 generations (see Fig. 6).
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5. Conclusions

The main limitations in the formulation of this problem
as an evolutionary search have been overcome. The
correlograms shown in Figs. 6 and 7 are representative of
most evolutions run in our experiments. They demonstrate
that the ES performs well in refining good initial solutions,
while the SGA achieves worse general results, even when
dedicating a higher computational load, derived from the
application of the crossover operator.
From the results obtained we cannot conclude that
polysynaptic networks are unlikely to emulate strong
monosynaptic connections, but the results from the ES
and SGA searches are consistent with this idea. (Because
the networks of this study used a limited number of cells, it
is still possible that polysynaptic connections in a much
larger network could emulate monosynaptic-like correlo-
grams.) The fact that both algorithms showed a fast
convergence towards the N1-N2 connection when
monosynaptic connections between N1 and N2 were
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Fig. 7. Examples of correlograms obtained at different stages of the evolutionary search when monosynaptic connections between N1 and N2 were not

allowed. The reference correlogram is the same shown in Fig. 1 (right). Correlograms generated by a network of the initial population (top row), the final

population (bottom row), by the ES (correlograms to the left) and the SGA (correlograms to the right).
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allowed proves that the methods proposed here are
appropriate to search this parameter space. When N1–N2
monosynaptic connections were not allowed, the search
space lost a strong attractor and the algorithms wandered
around the best local minima; a strong global minimum
was no longer dominating the space.
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