
Genetic algorithm for optimization of models of the
early stages in the visual system
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Abstract

Automated parameter search methods are commonly used to optimize neuron

models. A more challenging task is to fit models of neural systems since the

model response is determined by both intrinsic properties of neurons and the

neural wiring and architecture of the network. Neural records of cells in the

visual system are often analyzed in terms of the cell’s receptive field and its

temporal response. This type of data requires a finer point-by-point compari-

son of response traces between the simulated output and the recorded data. To

address these issues, we applied a genetic algorithm optimization in conjunction

with a multiobjective fitness function and a population-based error metric. Two

different models of the early stages in the visual system were fitted to electro-

physiological recordings and results from a modeling study, respectively. The

first one is a model of cone photoreceptors and horizontal cells that reproduces

adaptation to the mean light intensity in the retina. A multiobjective fitness

function based on the normalized root-mean-square error (NRMSE) and a shape

error descriptor captures high-frequency oscillations in the impulse response to

uniform white flashes. The second one is a large-scale model of the thalamocor-

tical system that accounts for the slow rhythms observed during sleep. An error
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metric of the population neural activity is used in this case. We argue that the

optimization framework proposed in this paper could serve as a useful tool for

parameter fitting of neuron models and large-scale models in the visual system

pathway.

Keywords: Genetic algorithm, multiobjective parameter fitting, neural system

optimization, retina model, thalamocortical system

1. Introduction

Neuron models often have many parameters that are difficult to estimate

manually. Parameter optimization is facilitated by automated search methods

that minimize an error metric representing differences between simulated and

experimental data[1, 2, 3, 4, 5, 6]. Traditionally, models of the early visual

pathways, referred to the retina, Lateral Geniculate Nucleus (LGN) and pri-

mary visual cortex (V1), are either hand-tuned, using a trial-and-error method,

or defined in terms of the well-known linear-nonlinear (LN) modeling[7, 8, 9, 10,

11, 12, 13, 14, 15, 16]. Although some of the model parameters are constrained

experimentally, yet some of them cannot be measured by simple electrophys-

iological methods, especially when the model is complex and its response de-

scribed by a large number of parameters. We can also find other models whose

parameters are tuned by an optimization algorithm[17, 18, 19, 20, 21, 22, 23].

In the retina model proposed by Ozuysal and Baccus[19], multiple initial points

are used by a nonlinear programming solver to converge to different local op-

tima and then choose the best solution. Besides, a function that computes

the error of the estimated membrane potential across the time and frequency

domains allows capturing both slow shifts in potential and high-frequency fluc-

tuations. Mante et al.[20] optimized independently each stage of their LGN

model in a multi-step fitting process based on the mean-squared error (MSE).

In the photoreceptor model by van Hateren[22], the parameter fitting is based

on linear programming for minimizing the root-mean-square deviation (RMSD)

between model responses and measurements. In simultaneous-response fitting,
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the RMSD of the highest responses are multiplied by a scaling factor to prevent

biased results.

A genetic algorithm (GA)[24] is a popular, biologically inspired optimization

method that can prevent the search from converging on local minima. In addi-

tion, GAs do not need a differentiable mathematical expression, or an estimate,

of the objective function, like in gradient methods. Therefore, GAs are more

likely to find the global optimum, and require relatively little knowledge of the

problem being solved. Although the computation of the fitness function can

be time-consuming, the inherently parallel nature of GAs simplifies the imple-

mentation of a multiprocessing architecture. In this paper, a GA optimization

is shown to be an effective solution that facilitates parameter search of neural

models with a minimal configuration setup.

The second critical component of the optimization algorithm is the error

metric. We can distinguish three types of error metrics commonly used in neu-

ron model optimization: feature-based, point-by-point comparison of response

traces and multi-objective functions[1]. In experiments that study the visual

processing pathway, neurons are often stimulated by synthetic input patterns

(e.g., sinusoidal drifting gratings) and their neural outputs characterized by

changes produced in their receptive fields and temporal responses[25, 26, 27, 28].

Fitting every feature of this type of responses is crucial to understand the mecha-

nisms involved in the visual function and, as discussed in Section 2.2, a standard

point-by-point comparison of traces (e.g., by using only the MSE) is insufficient

to characterize high-frequency components of the neural signal. Here, we de-

scribe a multiobjective fitness function that combines two types of error metrics,

the normalized root-mean-square error (NRMSE) and a shape error descriptor.

Our approach captures high-frequency oscillations of the temporal response and

overcomes also the problem of rescaling the data to prevent biased results.

Parameters of the large-scale model of the thalamocortical system were fitted

by a feature-based error metric that compares the average membrane potential

of the population in specific time intervals. We used the target membrane

potentials estimated from results of the modeling study of this system. The GA
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optimization allowed us to bring the model of the thalamocortical system into a

stable parameter regime where it reproduces qualitatively the neural behavior

of the original model.

2. Methods

2.1. Genetic algorithm optimization

Genetic algorithms have shown to be an effective method for constraining

conductance-based compartmental models[2, 3, 29]. In our implementation, an

individual of the population of candidate solutions is an array of real numbers

that represent parameters of the simulation model to be optimized. These pa-

rameters are constrained to be within a biological range (e.g., time constants are

between 1 and 100 ms). We use two different selection operators, tournament

selection for single-objective optimization, which has several benefits over alter-

native selection methods[30], and one of the most commonly used Pareto opti-

mization algorithm, NSGA-II[31]. The genetic operator selected for crossover is

uniform crossover. Different operators were tested (such as one-point and two-

point crossover algorithms) but we found no difference in results, only in the

convergence speed of the genetic algorithm. Similarly, in the chosen Gaussian

mutation operator, different values of µ and σ were evaluated, observing some

slight differences in the convergence rate. The genetic algorithm is implemented

by using the Python library DEAP[32].

Evaluation of the fitness function for each individual represents the bot-

tleneck in the processing of the genetic algorithm. Computation of the fitness

function in the thalamocortical system model can take up to 180 s using an Intel

Core i7-3630QM CPU. In this model, when 512 individuals are evaluated along

100 generations (51200 evaluations in total), the GA optimization is completed

after 2560 hours using a single processor. In order to overcome this drawback,

we implemented a parallel processing architecture in a computer cluster based

on the MPI interface[33] that distributes evaluation of individuals across dif-

ferent processes. Thus, the fitness functions of 512 individuals are computed
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in parallel, with 512 processes running in 512 CPUs, and the GA is executed

within 5 hours.

Distributed computing allows the use of multiple computers simultaneously

and enables larger simulations. When computing the fitness function, memory

usage of our simulations can increase up to 1.8 GB as a result of the storage of

membrane potential values of each cell for every millisecond of simulation. The

maximum memory per CPU provided by the cluster used in this work, the super-

computer Alhambra of the University of Granada[34], is 1.8 GB. We thus chose

an MPI distributed-memory parallelization that maps every process to one CPU

and fully exploits all resources of every computation node. In particular, we use

the MPI specification included in the Python library mpi4py [35]. In other ex-

periments, with a larger memory cluster (not reported here), this parallelization

scheme was combined with thread-parallel simulation in every node. This hybrid

architecture was implemented by enabling the option of OpenMP[36] thread-

parallelism provided in NEST. With this configuration, every process executes

faster simulations in NEST using multiple threads.

To distribute evaluation of the fitness function to the different computation

nodes we used a well-known master-slave configuration whereby a root process

evenly splits the population array every generation and scatters data to the rest

of processes. The population size was a multiple of the number of processes

in such a way that every process receives the same number of individuals and

the computing load, therefore, is balanced in the network. All processes then

compute in parallel the fitness functions of the assigned individuals. Once all

individuals are evaluated, the root node gathers individual fitnesses from all

processes and resumes the evolutionary algorithm.

2.2. Error metrics and fitness functions

2.2.1. Multiobjective optimization

When comparing point-by-point voltage traces of the simulated model re-

sponse and target data, a mere MSE-based metric may provide misleading re-

sults (as illustrated in the example of Fig. 1). In this figure, the temporal
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Figure 1: Example that illustrates the voltage traces generated by two arbitrary models at-

tempting to approximate the measured data.

response of a fictional neuron is generated (labeled as data) and compared with

the temporal responses of two different models (model 1 and model 2 ), hand-

made as well. An MSE-based metric (NRMSE) and a shape error descriptor,

detailed below, are computed between data and model responses, shown in

Table 1. Although the voltage trace of model 1 reproduces better the target

oscillatory behavior, its NRMSE is higher when compared with model 2 because

of an offset difference. It is, therefore, necessary to add a second metric that

considers also the shape of responses, where the information of high-frequency

components lies. In other fields, as in hyperspectral imaging, the joint effect

of these two types of metrics has been also employed to accurately compare

spectral data in terms of shape and offset[37, 38].

We define the NRMSE as:

NRMSE =

√∑
i(datai −modeli)2/n

datamax − datamin
(1)

The error is computed between n samples of target data (datai) and model

response (modeli), and normalized within the data range (datamax − datamin).

Error normalization to the data range prevents biased results in simultaneous-

response fitting for different input stimuli.
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Table 1: NRMSEs and shape errors obtained for models in Fig. 1.

model 1 model 2

NRMSE 0.1404 0.1104

Shape error 0.0114 0.1487

We also introduce a shape error metric that is calculated by averaging an-

gular differences between line segments that connect target and model samples:

shapeerror = min
s


∑
i

(
arccosine

(
~ai· ~bi,s

‖~ai‖‖ ~bi,s‖

)
/π
)

n− 1

 (2)

every line segment i connecting data samples is defined as a vector ~ai wherein

coordinates along the x-axis refer to the time (or spatial) axis, and along the

y-axis to the target response: ~ai = (ti+1 − ti, datai+1 − datai). Similarly, the

y-axis of the vector ~bi,s is referred to the model response: ~bi,s = (ti+1+s −

ti+s,modeli+1+s−modeli+s). Since an exact shape matching of model and data

responses may be considerably difficult to achieve, a more flexible approach is

selected so that we allow a small shift of the traces in the x-axis by s positions

when computing the error. The minimum error for all shifts is selected as the

final shape error. A shift of ±1 was fixed for our simulations. We apply this

metric to monotonically increasing functions, e.g., temporal series and spatial

responses, so that the arccosine is always positive within the range [0, π] and,

thus, the shape error is normalized as well.

These two metrics are integrated into the multiobjective optimization algo-

rithm as follows: given that there are M responses to optimize simultaneously,

corresponding to k different input stimuli, the two fitness functions are simply

formulated as average sums of the NRMSE and shape errors, respectively, for

all responses:

fitnessmultobj1 =
∑
k

(NRMSEk)/M (3)
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fitnessmultobj2 =
∑
k

(Shapek)/M (4)

2.2.2. Single-objective optimization

On the other hand, parameters of the large-scale model of the thalamocorti-

cal system were fitted by a feature-based error metric that compares the average

neural responses of the population in specific time intervals. Our goal for this

model was to bring it into a stable parameter regime where it reproduces qual-

itatively the simulation results of the original publication. We found that a

single-objective optimization is sufficient to fit the target membrane potentials

estimated from the original study.

The following fitness function computes the RMSE between the average

membrane potential of the simulated population in a time interval t, Vsim(t),

and the target average membrane potential, Vtar(t):

fitnesssingobj =

∑
l

√∑
t(Vtar(t) − Vsim(t))2/T

L
(5)

where T is the total number of time intervals. For a multi-layered model,

responses of L neural layers (from l = 1 to L) are optimized simultaneously

by averaging as well this error across them. We approximated the oscillatory

behavior of this model during sleep by simply using the average membrane

potential of the population. Nevertheless, different feature-based error metrics

(e.g., after-hyperpolarizing potential or firing rate[1, 2]) can be easily embedded

in our single-objective optimization scheme to consider other properties that

may be more discriminative depending on the target data.

2.3. Models of the early stages in the visual system

The above-described optimization framework was applied to models of the

retina cones and horizontal cells and the thalamocortical system (shown in

Fig. 2). The first model was implemented using COREM[39, 40, 41], a soft-

ware platform that provides a set of computational retinal microcircuits that
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can be used as basic building blocks for the modeling of different retina mecha-

nisms. We simplified and adapted the molecular model of cones and horizontal

cells proposed by van Hateren[22] to fit electrophysiological data obtained from

horizontal cells of the macaque retina[27]. There are 22 parameters distributed

across the three principal stages of the model: outer segment (phototransduction

and calcium feedback), inner segment and horizontal cell’s feedback mechanism.

In Fig. 2A, Ln,τ (t) represents a temporal linear filter, SNL is a static nonlinear-

ity and CmdV (t)/dt a single-compartment model. Two parameters define the

temporal linear filter: the time constant τ and the number of low-pass filtering

stages, n. The static nonlinearities of the outer and inner segments are polyno-

mial functions with slope a, exponent b and offset c. The static nonlinearity of

the horizontal cell feedback is a sigmoidal function described by the following

equation: y(x) = b/(1 + exp(−ax+ c)). Ccalc and Cinner are cell’s membrane

capacitances of the single-compartment models.

Photoreceptors’ neural response to uniform white flashes of different time

length was recorded at a fixed Weber contrast of 8 and varying background

illuminance. The model fittings were made to nine stimulus conditions simulta-

neously (resulting from all possible combinations of three different time lengths

and three background light intensities), which means a value of M = 9 in Eqs.

3 and 4. We applied the multiobjective optimization approach to fit a target

set of temporal impulse responses. Further details on the model are provided

in reference [39].

The second model is an implementation of the thalamocortical system devel-

oped by Hill and Tononi[42] using NEST 2.8.0[43]. This is a large-scale model

that encompasses portions of two cortical visual areas and associated thalamic

and reticular thalamic nuclei, with thousands of model neurons that incorpo-

rate both intrinsic and synaptic currents. It accounts for the transition from

wakefulness to sleep and the generation of the slow oscillation. We decided

to maintain the same network configuration (e.g., synaptic masks, kernels and

weights) as in the original model so that only peak conductances of intrinsic ion

channels are optimized, allowing to countervail slight deviations in the model
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Figure 2: Schematic of the two models. A: Model of the retina cones and horizontal cells

including parameters to be optimized for each stage (Figure adapted from [39]). B: Thala-

mocortical system with its main interlaminar and interareal connections, as well as thalamo-

cortical and corticothalamic connections (Figure adapted from [42]). The primary visual area

includes a 3-layered cortical area (Vp), reticular nucleus (Rp) and dorsal thalamus (Tp). The

secondary visual area is formed by its associated cortical area (Vs), reticular nucleus (Rs) and

dorsal thalamus (Ts).

output as a result of using different simulators. We studied how the increase in

the potassium leak conductance and the four intrinsic conductances can drive

the transition from the waking mode to the sleep mode. This transition is simu-

lated in two time-discrete steps: initial peak conductances are first set to half of

their values for the waking mode, temporal simulation advances for 400 ms and

then these peak values are set to the final values maintained during the wak-

ing mode. Therefore, there is a total of 10 parameters to optimize: initial and

end peak conductance values. For this purpose, we applied the single-objective

optimization to fit the average membrane potential of the different neural layers.

The model neuron of the thalamocortical system is a single-compartment
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spiking neuron incorporating Hodgkin-Huxley currents:

Ichannel = gpeakm
Nh(V − Echannel) (6)

where gpeak is the maximal conductance of the channel, m and h determine

its activation and inactivation respectively, V is the membrane potential and

Echannel is the reversal potential for the given channel. The factor N allows the

activation to occur in a different order than inactivation. Optimization is con-

ducted on the following intrinsic channels: persistent sodium current (INa(p)),

pacemaker current (Ih), low-threshold calcium current (IT ) and depolarization-

activated potassium current (IDK), in addition to the potassium leak conduc-

tance (see reference [42] for further details on these conductances).

3. Results

3.1. Model of the retina cones and horizontal cells

We experimented with different combinations of the following GA parame-

ters: number of generations, population size, crossover and mutation rates. In

Fig. 3, we plot optimization results when the GA is configured with 200 gen-

erations, 800 individuals in the population and crossover and mutation rates of

0.5 and 0.3, respectively. Under other conditions, the GA never converges (both

hyperparameters greater than 0.5) or its convergence rate is lower and the algo-

rithm does not find an optimal solution within 200 generations (crossover and

mutation rates below than 0.1). We compute the hypervolume as the area of the

2-dimensional space contained by the solutions to the Pareto-optimal front and

a reference point. Evolution of the hypervolume shows that approximately after

50 generations the GA converges to an optimal solution. However, a slightly

better tune of model parameters is found when the hypervolume rises again

after 160 generations, decreasing to a greater extent the shape error.

Two extreme solutions of the Pareto front are also shown as an example of

results reached by emphasizing one or the other error metric. High-frequency

oscillations are better captured by the solution depicted at the bottom of the
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Figure 3: Results of the multiobjective optimization applied to the model of the retina cones

and horizontal cells. Evolution of the hypervolume over generations and the estimated Pareto

front are shown in the center of the figure. Two extreme solutions of the Pareto front are

depicted at the top (minimum NRMSE) and bottom (minimum shape error). They represent

simulation results of the model (color solid lines) and electrophysiological recordings (color

markers) obtained from horizontal cells of the macaque retina[27]. Data points have been

sampled from Figure 6 in the publication[27]. Input stimuli are spatially uniform white flashes

of 10, 100, and 160 ms at a fixed Weber contrast of 8 and background illuminances of 100, 10

and 1 trolands (td). All flashes start at 0 ms.

figure, where the shape error is minimum, particularly within the first 100 ms

of the 100 td response. However, this solution presents also significant offset

errors in some specific points (observe the minimum value of the 100 and 10

td responses). On the other hand, the solution at the top of the figure limits

this high-frequency behavior but the squared-error is minimized for all samples.
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Table 2: Parameters of the two extreme solutions in the Pareto front according to Fig. 3.

The different stages of the model are Phototransduction (Photo.), Calcium feedback (Calc.

F.), Inner segment (Inner S.) and Horizontal cell feedback (Hor. F.). Time constants (τ) are

specified in milliseconds and the rest of parameters are unitless. Ccalc and Cinner are both

1.0 µF/cm2

Minimum shape error Minimum NRMSE

τ n a b c τ n a b c

Photo. 40.0 4.1 -0.4 1.0 5.2 40.0 4.1 -0.4 1.0 5.2

Calc. F. 44.4 0.9 6.4 4.0 -3.6 44.4 0.8 6.4 4.0 -3.6

Inner S. 79.9 3.3 22.4 2.0 8.3 79.9 3.3 22.4 2.0 8.3

Hor. F. 12.5 1.5 182.2 71.0 2.8 9.9 1.5 182.2 71.0 2.8

The different parameter sets of these two solutions are shown in Table 2.Only

the number of low-pass filtering stages (n) of the calcium feedback and the

time constant (τ) of the horizontal cell feedback differ between the two solu-

tions. However, we observed that the high-frequency oscillatory behavior of the

retinal response is mainly determined by the latter parameter (τ), even for vari-

ations of less than 3 ms. Intermediate solutions provide a trade-off between

these two error functions.

3.2. Thalamocortical system

In this model, the transition from the waking mode to the sleep mode (see

Fig. 4) comes about by increasing the potassium leak conductance and the four

intrinsic conductances. The single-objective fitness function (Eq. 5) averages

the error across the 5 populations shown in Fig. 4 A and the following 5 time

intervals: wakefulness (from 0 to 200 ms), transition to the sleep mode (from 200

to 600 ms), first oscillation of the sleep mode (from 600 to 1100 ms), downstate

(from 1100 ms to 1600 ms) and second oscillation (from 1600 to 2100 ms).

During the first time interval, peak conductances are set to an initial value

(gI) and afterward, in the second time interval, they are modified to half of

their maximum values in the sleep mode. From the third time interval on,

13



Table 3: Target average membrane potentials (mV) used in the optimization according to

reference [42].

L2-3 L4 L5-6 Rp Tp

0-200 ms -65 -65 -65 -68 -68

200-600 ms -75 -75 -75 -70 -70

600-1100 ms -58 -58 -58 -65 -68

1100-1600 ms -75 -75 -75 -75 -75

1600-2100 ms -58 -58 -58 -65 -68

conductances take their maximum value (gE). Although conductances were

fitted only to the first 2100 ms, the model remains stable afterward for an

extended period of time showing that the fit is reasonably robust.

We used the target average membrane potentials shown in Table 3. Average

membrane potentials of the up- and down-states of the cortical layers are -58

and -75 mV respectively, according to values provided in reference [42]. Other

values are interpolated by visual inspection of results published by Hill and

Tononi[42].

The GA is configured with 100 generations, 512 individuals in the population

and crossover and mutation rates of 0.5 and 0.3, respectively. Optimal peak

conductances are: potassium leak conductance gKL, between 1.0 (initial value)

and 2.2 (end value); persistent sodium current INa(p), 1.0 and 5.0; pacemaker

current Ih, 0.01 and 4.61; low-threshold calcium current IT , 0.97 and 2.07; and

depolarization-activated potassium current IDK , 0.17 and 2.27.

With the increase in the potassium leak conductance (its peak value goes

from 1.0 to 2.2) the network enters the hyperpolarized state of around -75 mV.

The 3 primary active intrinsic currents underlying the up- and down-states in

cortical neurons are Ih, INa(p) and IDK , as shown in Fig. 5. These 3 currents

experience a significant increase during the sleep mode compared to the wak-

ing mode. Ih is hyperpolarization-activated, shifting the membrane potential

towards a more depolarized level during the down-state. When the membrane
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Figure 4: Simulation of the transition from the waking mode to the sleep mode in the tha-

lamocortical visual system (see Fig. 4 in the reference publication[42]) with the optimal set

of parameters found by the single-objective optimization. gI and gE are the initial and end

values of intrinsic conductances. A: membrane potential rasters of 100 neighboring cells in the

primary visual area over 5.1 s (cortical layers L2-3, L4 and L5-6, and reticular nucleus cells

(Rp) and thalamocortical neurons (Tp)). B: membrane potential traces from excitatory and

inhibitory cells in cortical layer L2-3, Rp and Tp. C: topographical activity plots show the

average membrane potential during wakefulness (green), and the upstate and downstate of

the slow oscillations in the sleep mode (green and red). Red and green boxes (in A) during the

waking mode and the sleep mode indicate the time window (10 ms) of the averaged activity.
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Figure 5: Membrane potential raster of cortical layer L5-6 compared with the individual

intrinsic current traces for a selected cell in this layer. Conductance units are dimensionless

since the neuron model does not have a defined area or volume.

potential exceeds a certain threshold, INa(p) activates, promoting a spike burst.

This burst initiates the depolarized phase of the slow oscillation until IDK ,

also activated during spiking, progressively forces the cell to enter again the

hyperpolarized state. The interplay among INa(p), IDK and Ih during sleep is

determinant for shaping oscillations of the slow wave. IT , only present in tha-

lamus cells, does not increase significantly during the sleep mode (results not

shown here), what discards a key role of this current.

4. Discussion

Numerous approaches have been proposed to automatically search for sets

of parameters of neuron models that best fit available experimental data[1, 2,

44]. The response of a neural system, however, is described by both intrinsic

parameters that define the cells’ morphology and biophysical dynamics and

parameters of the network architecture and connections. We employed a genetic

algorithm optimization, implemented with the Python library DEAP[32], to fit

parameters of two different models of the visual system. The first one is a

16



model of cone photoreceptors and horizontal cells that reproduces adaptation

to the mean light intensity in the retina. It was configured using the simulation

platform COREM[39]. The second model is an implementation of the large-scale

thalamocortical system developed by Hill and Tononi[42] using NEST 2.8.0[43].

In the electrophysiology of the visual system, fitting every feature of the

neuron’s receptive field or the temporal response to specific stimulus conditions,

is crucial to understand the mechanisms involved in the visual function. We

have shown that a standard point-by-point comparison of response traces (e.g.,

by using only the MSE) is insufficient to accurately compare data and model

responses. A multiobjective error metric has been proposed based on a combi-

nation of the normalized root-mean-square error (NRMSE) and a shape error

descriptor. We used this metric in conjunction with the well-known algorithm

NSGA-II[31] to search for parameters of the model of cone photoreceptors and

horizontal cells. Secondly, parameters of the model of the thalamocortical sys-

tem are fitted by a single-objective feature-based error function. This function

computes differences between data and model responses in terms of the average

membrane potential of a set of neuron populations in specific time intervals.

Two extreme solutions of the multiobjective optimization have been used in

Fig. 3 as an example of the type of results reached by giving more weighting

to the NRMSE or to the shape error. High-frequency oscillations are better

captured by the minimum shape-error solution of the Pareto front, particularly

within the first 100 ms of the 100 td response. However, this solution presents

also significant deviations from the target data in some specific points. On

the contrary, the other solution has a smaller NRMSE but does not reproduce

all high-frequency features of the data. We argue that results of the fitting

can modify the model specifications and make us reconsider the mechanisms

that shape the visual response. For example, the minimum shape-error solution

justifies the inclusion of a second feedback component in the model of the cone

photoreceptors and horizontal cells (see reference [39] for further discussion).

In the thalamocortical system model, the transition from the waking mode

to the sleep mode is initiated by the increase of the potassium leak conductance,
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which triggers the hyperpolarized state of the network. During the sleep mode,

the most significant changes in the intrinsic conductance values have been calcu-

lated for Ih, INa(p) and IDK . The interaction among these 3 currents provides a

description of the up- and down-states of the slow oscillation in agreement with

the study by Hill and Tononi[42]. We reproduced their simulation results by

changing peak conductances of intrinsic ion channels but keeping the same net-

work setup of the original publication. One challenge is to explore the possibility

of including more parameters, in addition to peak conductances, and assess if

the genetic algorithm is robust enough to provide a set of optimal parameters

correlated with those computed in this work.

Another interesting issue involves calculating also the confidence interval of

every single parameter wherein the model output does not deviate considerably

from the optimal behavior. There are cases in which small deviations of pa-

rameters from their optimal values put the system into a different dynamical

regime. Moreover, we have observed that there exist some other parameter com-

binations (not reported here) in our retina model that are very different from

each other, and yet the output is quite similar. The reason is that we are opti-

mizing a multi-stage model targeting the output of the whole model and many

different parameter combinations of the intermediate stages can lead to a similar

output. Simpler retina models, such as those based on a linear filtering stage

and an integrate-and-fire output, include a fewer number of parameters and its

optimization is bounded to a smaller optimal parameter range. Parameter tun-

ing of large-scale multi-stage models could take advantage of experiments that

record physiological data from every neural stage (see [26]), what would allow

constraining to a greater extent the parameter range used by the automated

search.

Genetic algorithm optimization has not been well explored for models of

neural coding, where the fitting of large sets of parameters is an unsolved prob-

lem. In addition, neural models typically use a single fitness measure that often

cannot capture all features of complex neural responses. The multi-objective

optimization proposed in this work can contribute to the field of automated
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parameter search of neural models.
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