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Abstract. In this paper we extend our artificial life platorm, called
GReaNs (for Genetic Regulatory evolving artificial Networks) to allow
evolution of spiking neural networks performign simple computational
tasks. GReaNs has been previously used to model evolution of gene
regulatory networks for processing signals, and also for controling the
behaviour of unicallular animats and the devlopment of multicellular
structures in two and three dimensions. The connectivity of the regulatory network in GReaNs is encoded in a linear genome. No explicit
restrictions are set for the size of the genome or the size of the network. In our previous work, the way the nodes in the regulatory network
worked was inspired by biological transcriptional units. In the extension
to genes here we modify the equations governing the behaviour of the
units so that they describe spiking neurons: either leaky integrate and
fire neurons with a fixed threshold or adaptive-exponential integrate and
fire neurons. As a proof-of-principle, we report the evolution of spiking
networks that match desired spiking patterns.
Key words: evolutionary algorighms, gene regulatory networks, spiking neural networks, signal processing, leaky integrate and fire neurons,
adaptive-exponential neurons

1 Introduction
Drawing from biology when building artificial systems aims to distil the crucial
features of natural processes which allow for the existence and constant generation of extremely complex, efficient entities – biological organisms. The field of
Artificial Life (AL), closely related to Artificial Intelligence, aims to understandby-construction these processes, in order to understand the life – including intelligent life – on our planet and possibly also elsewhere in the universe, and in
order to allow for novel technological approaches.
Research in AL often centres around software (much less often hardware)
platforms which are based on a particular biologically-inspired paradigm. We
are building one such platform, based on the paradigm of the encoding of regulatory network in a linear genome. This platform, GReaNs (which stands for
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Fig. 1. Schematic structure of the genome in GReaNs. The left part shows the internal
structure of a genetic element which consists of an integer specifying the type (cisregulator, C; trans-regulator, T; or external element, E), a sign field (1 or -1, which
determines if a trans-cis interaction is inhibitory or activatory), and real numbers that
specify a point in space (which determines trans-cis affinity). The genome (left) is a
series of genetic elements that build regulatory units, which correspond to nodes in
the regulatory network. A regulatory unit is at least one cis-regulator followed by at
least one trans-regulator. External elements correspond to the inputs and outputs of
the network.

Gene Regulatory evolving artificial Networks) has been previously used to evolve
regulatory networks to control development of multicellular structures in two dimensions [1, 2, which also introduced a method to transform the structures into
soft-bodied animats swimming in a fluid-like environment] and three dimensions
[3, 4, 5], and to investigate the ability of single cells to forage for resources in an
artificial environment [6, 7] and to process signals [8].
In our previous work we were inspired by the way transcriptional units work
in biology to formulate the rules governing the nodes in the regulatory network.
The structure of the network in GReaNs is encoded in a linear genome (Fig.
1). The genome consists of “regulatory units”: series of “genetic elements” of
type C, followed by a series of elements of type T. C stands for “cis-regulators”
(it is common to use the term promoters in the field, although this does not
follow strictly the biological nomenclature). T elements code for “products”,
some of which act as “trans-regulators”. Trans-regulators have “affinity” to cisregulators. This affinity determines the computational properties of the network.
All products can change concentration in each simulation step. All products
coded in the same regulatory unit have the same concentration. In addition to
the elements of type C and T, there are elements of type E. This letter stands
for “external”: the elements of type E allow for external inputs and outputs of
the network. Each genetic element is by itself a series of numbers: an integer
specifying the type, a bit specifying the sign (signs determine if a particular
cis-trans interaction is inhibitory or excitatory), and real numbers (coordinates)
that specify a point in space (affinity is a function of the Euclidean distance
between the corresponding points). Because the connection is always from a
product-coding element (a “gene”) to the cis-regulator, the connections between
regulatory units are asymmetric, and the net regulatory effect of one unit on
the other results from the combined effect of all trans-regulators coded in the
former on all cis-elements of the latter. An important feature of our encoding is
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that the topology of the network is not restricted, although in most experiments
(also here) we do not allow for direct connections between the input and the
output. However, we do not limit in any way the size of the genome, and thus of
the network. There is, of course, a limit imposed by the computer memory, but
it is never reached in practice.
In our previous papers [1-8] each regulatory unit in GReaNs was considered
to be an analog of a node in a biological gene regulatory network. But they
could equally well be seen as computationally equivalent to neurons (or groups
of neurons) in a neural network. Indeed, the recurrent networks explored previously in GReaNs can be seen as networks of discretely or continuously variable
artificial neurons (cf. [9, 10]). In this paper we explore the analogy further by
analysing the evolvability of a model in which linear genomes encode the structure of a spiking neural network (SNN), in other words, when the equations
governing each computational unit produce a spiking behaviour. We have recently introduced two models in GReaNS: the leaky integrate and fire model
with a fixed threshold (LIF) [11, 12, 13] and the adaptive exponential model
(AdEx) [12, 13, 14, 15]. In biology the encoding of the neural structures in the
genome is much more indirect, so our model has at this point has little to do
with biological reality. However, the introduction of spiking neuron models in
GReaNs is the first step towards a more biologically plausible model. Furthermore, this introduction allows us to investigate the evolvability of this encoding,
and its potential for possible practical applications.

2 Evolving Spiking Neural Networks in GReaNs
To provide more detail to the description above, the connectivity of the network
is specified in GReaNs by trans-cis affinity, using a function that relates the
weights of the connections in an inverse exponential way to the Euclidean distance between points in the abstract space of interactions, with a cut-off value
to prevent full connectivity. Once the topology of the network and the weights
are determined, every regulatory unit is transformed into a single neuron, the
value of the concentration of the products in the unit to the neuron membrane
potential, and the connections between the regulatory units, to synapses.
In the experiments described here, units are either of type LIF or AdEx. In
the former case, they are described by the equation:
gL (VR − V ) + gE (Erev,E − V ) + gI (Erev,I − V )
dV
=
dt
C

(1)

where V is the membrane potential, VR = −65.0 mV is the resting potential,
gL = 0.05 µS is the leak conductance, gE is the conductance of the excitatory
synapses, gI is the conductance of the inhibitory synapses, Erev,E = 0 mV
is the reversal potential of the excitatory input, Erev,I = −70.0 mV is the
reversal potential of inhibitory input, and C = 1 nF is the capacitance of the
membrane. When the membrane potential of a LIF neuron crosses the threshold
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(Vthreshold = −50 mV), a stereotypical spike is created: the membrane potential
is first forced to reach a maximum value, and then it decreased to the reset
voltage value (V ← Vreset , Vreset = −70.0 mV).
The AdEx neurons are described by two equations:
gL (EL − V ) + δe
dV
=
dt

V −VT
δ

+ gE (EE − V ) + gI (EI − V ) − W
C

dW
a(V − EL ) − W
=
dt
τW

(2)
(3)

where V is the membrane potential, EL = −65.0 mV is the leak reversal potential, δ = 2.0 mV is the slope factor, VT = 50.0 mV is the threshold potential, gL = 0.05 S is the leak conductance, gE (or gI ) is the conductance of the
excitatory (inhibitory) synapses, EE = 0 mV (EI = −70.0 mV) is the reversal potential of the excitatory (inhibitory) input, W is the adaptation variable,
C = 1 nF is the capacitance of the membrane, a = 4.0 nS is the adaptation
coupling parameter, and τw = 40.0 ms is the adaptation time constant.
In contrast to the LIF neurons, AdEx neurons do not have a threshold for
spike generation, but when the neuron is activated enough, its membrane potential will diverge to infinity. It is necessary, therefore, to specify the maximum
value of the potential. When this value is reached (Vspike = −40.0 mV), both the
potential and the adaptation variable are decreased or increased, respectively,
in a discontinuous manner (V ← Vreset , w ← w + b, where Vreset = −65.0 mV,
and b = 0.0805 nA). It has been shown that the behaviour of the AdEx model
does not depend on the value of the maximum potential. In other words, the
behaviour would be essentially the same if a more biologically realistic value
(e.g., +40 mv) was used for Vspike [15].
In GReaNs, as in other implementations of SNNs, a spike is marked at time
t when the threshold is crossed (V = Vthreshold ), for the LIF neuron, or V =
Vspike , for AdEx. This spike will arrive at all the connected neurons at the next
simulation time step (t + 1), and the membrane potential of these neurons will
be affected by this spike starting from the next step still (t + 2). The way it is
affected depends on the weight of the synaptic connection (determined by the
Euclidean distance between the points specified by the genetic elements, in this
paper we use two coordinates for both LIF and AdEx) and its sign (positive for
excitatory, negative for inhibitory; a product of the sign of the genetic elements).
The conductance of the synapses was modeled using decaying exponential
functions:
dgE
−gE
=
dt
τE

and

dgE
−gI
=
dt
τI

(4)

where τE = 5.0 ms and τI = 5.0 ms are the decay time constants of the excitatory
and inhibitory synaptic conductance, respectively. Each arriving spike produces
an increase of conductance which is directly proportional to the weight of the
synapse.
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In this paper we use a genetic algorithm to evolve SNNs which are able to
generate a specific spike pattern if presented with a specific input. The population size was kept constant (300 individuals). The genetic algorithm used
the tournament selection (pick two, select the best). The genomes in the initial
population were generated randomly (with random signs and coordinates of the
elements), with 5 regulatory units, but a random number of C and T elements
in each. At each generation, a new population was formed by taking the best 5
individuals from the previous one without mutation (elitism), 100 with crossover
and mutation, and 195 with mutation only. Mutations could change the element
type, sign, coordinates, or consist of a deletion of a random number of elements
or a duplication of a random number at a random position.
While we use GReaNs for the time-integration of the network, we have allowed for the export of the network description using PyNN [12] which allows
testing the network with other simulation backends, e.g. Brian simulator [13]
(We have used IF cond exp class for LIF and EIF cond exp isfa ista class for
AdEx in pyNN, and Euler integration with 1 ms integration time step in both
Brian and GReaNs).
The genetic algorithm used a fitness function which rewards the match between the output of the recurrent network in GReaNs with the desired output:
α|Sdesired − SGReaN s | + β(Sdesired − mGReaN s )
(5)
Sdesired
where Sdesired is the desired number of spikes, SGReaN s is the number of spikes
generated by a network under evaluation, mGReaN s is the number of matching
spikes in these two spike trains, while α and β are constant fractions (α + β = 1,
we used α = 0.3 and β = 0.7 in this work). We have searched for matching spikes
over the window [tdesired − 9, tdesired + 9] and weighted them using a Gaussian
2
function, fGaussian = e(tdesired −tGReaN s ) /15 , where tdesired is the spike time in
the desired output, and tdesired is the spike time in GreaNs. Only one specific
spike train was used for evaluation during evolution (Fig. 2, 3, 4, 5).
ff it =

3 Results
In this paper we used GReaNs to evolve recurrent SNNs able to perform two
types of tasks. In one task the network generates a specific spike train in response
to a specific input, generated by a Poisson spike source with 100 Hz spike frequency. The target spike train was generated by one LIF or AdEx neuron (modeled, for convenience, using Brian, with the same parameters as the LIF/AdEx
neurons in the evolving network, with the exception of using Vreset = −65.0 mV
for the LIF neuron in Brian).
Because direct connection of the input to the output was not allowed in the
evolving networks, and because synaptic connection introduce delays, it is not
possible to match the desired output exactly unless the spikes are “shifted”.
Therefore, in this type of task we evolved networks which produced an output
shifted (in comparison to one LIF or AdEx neuron) by 20 ms.
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Fig. 2. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of LIF neurons evolved with
GReaNs (blue line) to match the spikes of one AdEx neuron (red line), shifted by 20
ms in response to the Poisson spike train (green) used during evolution.

Fig. 3. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of LIF neurons evolved with
GReaNs (blue line) to double the spikes of one AdEx neuron (red line), shifted by 5
ms in response to the Poisson spike train (green) used during evolution.
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Fig. 4. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of AdEx neurons evolved with
GReaNs (blue line) to match the spikes of one LIF neuron (red line), shifted by 20 ms
in response to the Poisson spike train (green) used during evolution.

Fig. 5. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of AdEx neurons evolved with
GReaNs (blue line) to double the spikes of one LIF neuron (red line), shifted by 5 ms
in response to the Poisson spike train (green) used during evolution.
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The second task consists also of producing a specific output, but here the
target is created by first presenting the input (also generated by a Poisson source,
with 75 Hz frequency) to, again, one neuron (same as above, modeled using
Brian), then shifting the spikes by 5 ms, and then adding one spike 20 ms after
each spike generated by the Brian neuron. In other words, the tasks consists of
producing a “shifted-doubled” output.
For each task, we have evolved a network or LIF neurons to match (shifted
or shifted-doubled) output of one AdEx neuron or vice versa. We have run 10
independent evolutionary runs in each case, with either 500 generations (for
shifting) or 750 generations (for shifting-doubling). This proved sufficient to
obtain networks able to perform these tasks (Fig. 2, 3, 4, 5); the average value
for 10 runs of ff it = 0.24 for the shifting networks of LIF neurons, ff it = 0.23,
for shifting-doubling; for AdEx, the average was, respectively: ff it = 0.087,
ff it = 0.258), although some runs resulted in slightly worse results (the range
of values and the standard deviation was, respectively: range = [0.146, 0.309],
σ = 0.046, range = [0.112, 0.3], σ = 0.06, range = [0.006, 0.158], σ = 0.065,
range = [0.17, 0.301], σ = 0.044).

Fig. 6. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) ofof LIF neurons evolved with
GReaNs (blue line) to match the spikes of one AdEx neuron (red line), shifted by 20
ms in response to a different spike train, not used during evolution.

We have then tested if the networks could generalize the tasks: we tested what
was the fitness value when the desired output was generated using a different
specific Poisson spike train as an input (Fig. 6, 7, 8, 9). The values of the fitness
function were higher than for the spike train used during evolution (the genetic
algorithm aims to minimize the ff it ), but still quite low for shifting (the average
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Fig. 7. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of LIF neurons evolved with
GReaNs (blue line) to double the spikes of one AdEx neuron (red line), shifted by 5
ms in response to a different spike train, not used during evolution.

Fig. 8. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of AdEx neurons evolved with
GReaNs (blue line) to match the spikes of one LIF neuron (red line), shifted by 20 ms
in response to a different spike train, not used during evolution.
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Fig. 9. The membrane potential of the output neuron of the best network (in terms
of generalization, in 10 independent evolutionary runs) of AdEx neurons evolved with
GReaNs (blue line) to double the spikes of one LIF neuron (red line), shifted by 5 ms
in response to a different spike train, not used during evolution.

for networks of LIF neurons: ff it = 0.729, range = [0.517, 0.963], σ = 0.137,
for AdEx: ff it = 0.39, range = [0.142, 0.625], σ = 0.185), and even for shiftingdoubling (the average for LIF networks: ff it = 0.379, range = [0.29, 0.434], σ =
0.058, AdEx: ff it = 0.478, range = [0.373, 0.503], σ = 0.044). Not surprisingly,
there was some trade-off between the value of ff it that a particular network has
reached during evolution (this can be seen as the performance for the training
set) and its generalization. For example, the best shifting network of LIF neurons
in 10 runs had ff it = 0.146 but only ff it = 0.65 when tested on a different input,
while the best generalizing network had the values of ff it = 0.285, and ff it =
0.517, respectively. The situation was similar for shifting-doubling LIF networks
(the best network had ff it = 0.112 for the “training set”, and for a different
input: ff it = 0.327, while the best generalizing network had, respectively, ff it =
0.239 and ff it = 0.29). For the AdEx networks, the best shifting network had
also the best generalization (for the “training set” ff it = 0.006, for a different
input: ff it = 0.142), but the trade-off was observed for shifting-doubling (the
best network for the “training set” had ff it = 0.171 in training and ff it = 0.5
for generalization, the best generalizing network, respectively, ff it = 0.301 and
ff it = 0.373).
While shifting-doubling solutions generalized less efficiently, they did so still
quite well. Interestingly, although shifting could in principle be accomplished by
a feed-forward network in which the first layer, connected directly to the input,
has one neuron (or several) which would generate the desired output without any
shift (after all, it was generated by one neuron) and the neurons in subsequent
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layers would generate a spike for every spike received (to provide the shift).
Shifting-doubling could be achieved in a similar fashion, using two feed-forward
networks (of different sizes) working in parallel. However, we did not observe any
such trivial topology. Instead, all the best networks were heavily interconnected,
with recurrent connections, so (as is typical in the field of evolving networks) it is
difficult to find out how they actually work. The analysis of the spiking pattern
of the interneurons did, however, reveal that there is sometimes a match between
their spiking pattern and the target pattern. Perhaps even more interestingly,
we have observed the presence of neurons spiking with very high frequency in
the shifting-doubling networks. We plan to investigate this latter issue in more
detail in further work.

4 Discussion and Future Work
We have described here a biologically-inspired (even if not biologically plausible)
system for evolution of SNNs. In our system the networks are encoded in a linear
genome without imposing any limitations on the size of the network or on the
size of the genome. We use this encoding and the genetic operators inspired by
the biological mutations (point mutations, deletions, duplications; the last two
may also result from cross-over) to evolve recurrent SNNs able to perform simple
single processing tasks.
Our platform, GReaNs, is only one of several existing approaches to the
evolution of genetic and neural networks (see e.g., [16] and references therein
for examples, and [17] and references therein for approaches involving SNNs).
Obviously, other software platforms and paradigms differ in design details. For
example, when compared to Analog Genetic Encoding [16], GReaNs uses an
entirely different way of specifying the connection weights, and the number of
connections per unit is not pre-specified.
The networks evolved in this paper are able to perform quite simple tasks,
but these tasks are not entirely trivial. We use these tasks as a proof-of-principle
of the evolvability of our system after its extension with SNN models. Of course,
we would like to use GReaNs to evolve networks able to perform even more difficult tasks, for possible applications in signal processing. We believe that such
an evolutionary approach would be interesting for the field of neuromorphic engineering, because the evolved networks could be implemented in neuromorphic
hardware [18], or even evolved using such hardware.
Indeed, both models used here, LIF and AdEx, have been implemented in
neuromorphic silicon neuron circuits (both analog circuits and digital very large
scale integration circuits, and implementations are available also for multi-core
based architectures, based on multiple ARM cores and GPUs) [17, and references therein]. Such circuits might allow for a speed-up of the evolutionary
process, especially for larger networks. This is the direction of research we are
already pursuing, allowing for the possibility of interfacing through different
software/hardware platforms using Python scripts (such as PyNN [12]).
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In simulations reported here we have investigated the evolution of SNNs
with homogenous nodes. Not only were all the nodes of the same type, but they
all had the same, specific values of the parameters in the equations describing
their behaviour. We are currently introducing the possibility of encoding neurons
with different parameters, specifying various behaviours (e.g., bursting or chaotic
response [14, 15]). The approach we would like to explore first is not to evolve the
parameters in a continuous fashion, but rather to specify several stereotypical
neurons (with particular behaviour). In other words, one mutation in the system
would change the type of the neuron (setting in one step another set of values
specific for another stereotype). We believe that this approach can keep the size
of the search space small enough for the genetic algorithm to explore efficiently
the search space of solutions.
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