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Abstract—This paper presents a novel training method for
estimating the parameters of retina models, such as integrate-
and-fire or Poisson-based. The presented models are constructed
using a set of linear and nonlinear filters, described by basis
functions and Taylor polynomials, respectively. This approach
allows for the identification of a set of features that can be
used for reproducing retina responses. By using the Bayesian-
Laplace feature selection algorithm herein proposed, an efficient
model with a reduced set of parameters is achieved. Experimental
results show that the proposed algorithm is able to remove
non-important features while still accurately reproducing retina
responses. These results also show that the integrate-and-fire
model is able to mimic the retina visual processing system using
less parameters than the Poisson-based model.

Index Terms—Biological system modeling, Point processes,
Maximum likelihood estimation, Stochastic systems, Nonlinear
systems, Nonlinear estimation

I. INTRODUCTION

The modeling of the human retina has been a challenging

research area and a topic of intense study in the last few years.

The importance of this system is twofold. On the one hand, it

allows researchers to study the connectivity of neural cells and

to understand the network functionals. The advantage of this

system, regarding the direct study of the human brain, is that

it allows for an easy mapping between the input stimuli and

the output response. On the other hand, the modeling of the

human retina allows for the development of visual prostheses

which could partially restore vision to blind people.

To tackle different types of blindnesses, visual prostheses

with different characteristics have been proposed [1], namely:

subretinal prostheses have been designed to replace degener-

ated photoreceptors while epiretinal prostheses replace higher

functions of the retina; optic nerve prostheses allow for the

restauration of vision when the retina is non-functional; visual

cortex prostheses (e.g. [2]–[4]) are potentially capable of

restoring vision to profoundly blind people, requiring only an

healthy cortex, i.e. a cortex that, by means of self reorganiza-

tion, is able to process the externally given stimulus [5].

The mammal retina is composed by several layers of neu-

rons. The network connectivity of the cells in the different

layers forms a visual processing path. At the output of the
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retina lie the ganglion cells that transmit visual information to

the brain by means of a sequence of spikes (voltage pulses).

Many different approaches have been used for modeling

the response of ganglion cells to visual stimuli, which typi-

cally adopt spike-triggered analysis [6], information-theoretic

approaches [7] or maximum-likelihood estimation [8]. One

of the problems of these approaches is that they tend to

require a large number of parameters. In this sense, some

attempts have been made to regularize neuron models, namely

Poisson models estimated using spike-triggered analysis (STA)

techniques [9,10]. However, to the best of our knowledge no

general method has yet been proposed that can be applied

to the different types of neuronal models. In this paper we

propose to use of basis functions and Taylor expansions to

provide an effective approach to describe the models’ linear

and nonlinear filters. Furthermore, we propose an algorithm to

prune un-necessary model features, and show that the removal

of these features from the model does not induce significant

changes to the model’s responses.

Neuron models can be organized in two main classes:

Poisson-based models (e.g. [6,7,11]) and integrate-and-fire (IF)

models (e.g. [8,12]). In [12] we focused on how to achieve a

dimensionally reduced IF model, mainly because of two major

advantages: i) if the final goal is to create an artificial retina

(e.g. [13]), the achieved model is simpler to implement in

hardware; and ii) a reduced parameter set model is less likely

to become overfit.

In this paper we extend the feature selection method pre-

sented in [12] for Poisson based models. We show that the

proposed feature selection algorithm is able to remove un-

necessary features for both the Poisson and IF models without

compromising their performance. The obtained results also

allow us to conclude that the IF model achieves a better

estimation of the retina visual processing system: it uses less

parameters than the Poisson-based model.

This paper is organized as follows. Section II introduces the

noisy leaky IF model and the Poisson-based model. Section III

presents an algorithm for estimating the model parameters and

for performing feature selection. The models and the proposed

algorithm are tested by using real data from salamander retina

in section IV. For assessing the performance of the training

algorithm, we compare the responses of real ganglion cells

with the responses of our models. A set of established error

metrics are used to perform a quantitative analysis of the

models’ responses. Finally, section V concludes the paper.

II. RETINA MODELS

This section presents the two models used for evaluating the

performance of the proposed training algorithm. The chosen
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models have systematically been used for mimicking the retina

visual processing system (e.g. [6,14]–[16]); they have also

been used for simulating the response of individual neurons

(e.g. [7,8,14]).

The models are represented by their discrete counterparts

because this allows for an easier implementation of the models

in hardware. This is specially important for developing visual

prosthesis. The models’ response to visual stimuli is therefore

given by a sequence of binary events y[n] indicating weather

a spike has been fired at time step n. Herein we state y[n] = 1
if a spike was fired at time step n, and y[n] = 0 otherwise.

A. Stochastic Leaky Integrate and Fire model

A typical approximation for neuron modeling is the Stochas-

tic Leaky Integrate-and-Fire (SLIF) model. By adding a noise

component to the model, it is possible to simulate the vari-

ability of real neurons [16]. The model has two periods of

operation. During the integration period, it acts as a leaky

integrator of the input current i[n],

v[n] = hIF [n − nlast] ∗
(

i[n] + W [n]
)

= hIF [n − nlast] ∗ i[n] + W̆ [n]
(1)

where n and nlast are, respectively, the time bins1 of the current

sample and of the sample where the last spike was elicited;

hIF is the impulsive response of a first order low pass filter;

and W [n] ∼ N(0, σ) and W̆ [n] = (W ∗hIF )[n] are normally

distributed noise sources. When the potential v[n] surpasses

the value of a given threshold Vth, a spike is elicited by the

model and the potential is reset – spiking period.

The probability for the SLIF model to fire a spike at time

instant n is given by the probability for the noise to raise the

subthreshold potential v[n] above the threshold:

Pspk[n] = P (E
[
v[n]

]
+ W [n] ≥ Vth)

= Ncdf(E
[
v[n]

]
, Vth, σn)

(2)

where E
[
v[n]

]
= hIF [n−nlast] ∗ i[n] is the expected value of

v[n] and Ncdf is the normal cumulative distribution function.

The input current i[n] can be defined as a sum of three

components (see Fig. 1): a feedback current iB [n] that depends

on the spike history, a feedforward current iF [n] and a static

input current µ. Although recent biological studies show that

the first two components can be considered nonlinear functions

with temporal dynamics, in this work we only apply a nonlin-

earity to the input stimuli. Experimental results presented in

section IV show that this model is able to accurately reproduce

the responses of the used ganglion cells.

The input component is therefore described by a two stage

model: the input stimuli is transformed by means of a non-

linear function m[n] = f(s[n]), and the output is convolved

with a linear filter with impulse response hF [n]. The feedback

component is described by a linear filter with impulse response

hB [n]. Finally, the spike response is obtained by using a

threshold block that fires a spike whenever the potential v[n]

1Here the discrete counterpart of the model is directly used; information
on the equations for continuous mode can be found in [12].
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Fig. 1: Integrate and Fire model for the retina.

surpasses Vth. The above can be summarized by the following

equations:

i[n] =

iF [n]
︷ ︸︸ ︷

hF [n] ∗ f(s[n]) +

iB [n]
︷ ︸︸ ︷

hB [n] ∗ y[n − 1] +µ (3a)

v[n] = β · v[n − 1] + (1 − β) · i[n] + W̆ [n] (3b)

y[n] = H(v[n] − Vth) (3c)

where β results from the conversion of the low pass filter hIF

in (1) to a first order infinite impulse response (IIR) filter with

unitary gain. For model optimization, the nonlinear function is

described by a Taylor series, while the filters hF [n] and hB [n]
are constructed using orthogonal Laguerre basis functions [17]

with z-domain transfer function:

H
(k)
L [z] =

√

1 − |ǫ|

1 − ǫz

k−1∏

i=1

z − ǫ

1 − ǫz
, for k = 1, · · · ,M , (4)

where ǫ regulates the position of the basis poles and zeros.

Thus,

hF [n] =

L∑

i=1

aih
(i)
L [n] = aT

F hL[n] (5a)

hB [n] =

L∑

i=1

cih
(i)
L [n] = aT

BhL[n] (5b)

m[n] =
M∑

j=1

bjs
j [n] = bT

f x[n] (5c)

where h
(k)
L [n] is the impulsive response of the filter with

z-domain transfer function H
(k)
L [z]; aF = [ak], bf = [bk],

aB = [ck], hL[n] = [h
(k)
L ] and x[n] = [sk[n]] are column vec-

tors; and uT denotes the transpose of vector u. In other

words, the letter a represents the column vector of coefficients

representing a linear filter, while letter b is the column vector

of coefficients describing a nonlinearity; subscripts F and B
stand for feedforward filter and feedback filter, respectively;

subscript f stands for the input nonlinearity f(·).
Considering that the model is always affected by noise,

both during the integration and firing periods, one can write

W̆ [n] ∼ N(0, σ∞) – see (9) and (10) in [12] –, where:

σ∞ = σ
1 − β

√

1 − β2
. (6)

Accordingly to the previous description, the complete set of

parameters for this model would be:

ΘIF = {aF ,aB ,bf , µ, β, V0, Vth, σ} . (7)

However, a carefull analysis of the system can help to elim-

inate some of the model parameters. The set {V0, Vth} is
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Fig. 2: Poisson-based model for the retina.

dependent on the gains aF ,aB ,bf , µ; thus, in order to keep

the same model response, increasing the difference Vth − V0

implies increasing the gains of the system parameters; simi-

larly, adding an offset to both Vth and V0 implies a change

in the constant input current µ. Thus we have set V0 = 0 and

Vth = 1.

The parameter β affects the behavior of the integration block

in Fig. 1. However, a carefull examination of the model can

help to exclude β from the set of tunable parameters. Since

the convolution of two linear filters is a linear filter, one can

simply fix the value for β and let the system temporal transfer

function be defined by the filters hF and hB . Considering a

sample time T , one can set β such that the module of the

system pole (defined by spole = 1
T

log β) is sufficiently high;

the influence of known undesirable frequencies is reduced

while the influence of unknown frequencies is defined by the

coefficients of aF and aB . In the presented experiments it was

set β = 0.9 for a sampling time T = 0.001 s. Therefore, the

tunable parameter set is therefore reduced from ΘIF to Θ∗
IF:

Θ∗
IF = {aF ,aB ,bf , µ, σ} . (8)

B. Poisson-Based model

The Poisson-based model is constructed using the same

excitatory current i[n] used by the SLIF model. However, the

spike generation mechanism is different. For the output spiking

probability to be limited to the range [0 1], a sigmoid function

is used (see Fig. 2):

Pspk[n] =
1

1 + e−g(i[n])
, (9)

where g[n] is a nonlinear function described by Taylor poly-

nomials

g(i[n]) =

K∑

k=1

dkik[n] = bT

g j[n] , (10)

and bg = [dk] and j[n] = [ik[n]] are column vectors. Once

again we use the letter b for describing a nonlinear function

coefficients, where the subscript states the described function.

To add a refractory period to the neuron model, a char-

acteristic of real neurons [14], a sigmoid-controlled feedback

mechanism is introduced (see Fig. 2):

P̆spk[n] = Pspk[n]R[n − nlast] (11a)

R[n] = 1
1+e−(n−n0)T/τ (11b)

where nlast is the time instant of the last spike, T is the

sampling period, and n0 and τ regulate the refractory period.

Accordingly to the previous description, the complete set of

parameters for this model is

ΘP = {aF ,aB ,bf ,bg, µ, n0, τ} , (12)

where aF and aB represent, as before, the vectors with the

coefficients of the feedforward and feedback linear filters,

respectively.

Notice that the discretized Poisson-based model is in fact a

binomial process [14]. It can also be proved that the described

SLIF model is also a special case of a binomial process [18].

Thus the difference between the two models is defined by how

each model mimics the refractory period of neurons.

III. MODEL OPTIMIZATION

Following a Bayesian approach, one can define the proba-

bility of the output y1, · · · , yn = yn, yn ≡ y[n], as

P (yn|sn) =

M∏

n=1

P (yn|yn−1, sn) , (13)

where sn = s1, · · · , sn, sn ≡ s[n], represents the visual

stimuli. Also P (yn| · · · ) represents the probability for the

estimated output ŷn to be equal to the real output yn. Once

again, we assume yn = 1 if a spike has been fired at time step

n and yn = 0 otherwise.

For model tuning, the parameter set Θ that maximises the

probability of the sequence must be chosen (or equivalently,

the log-probability). Thus, differentiating the log-probability

log P (yn|sn) regarding each of parameter, results:

∇l(Θ) =

M∑

n=1

∇P (yn|yn−1, sn)

P (yn|yn−1, sn)
. (14)

The gradient ∇P (yn|yn−1, sn) is taken by computing the

partial derivatives of the spiking probability in (2) or (11),

for the SLIF or Poisson-based model, respectively. In the

presented case, a gradient ascent procedure using adaptative

steps [19] is used to fit the parameters for each of the models.

A. Applying Bayesian feature selection

So far we have described the models used for estimat-

ing the output of the retina ganglion cells. Additionally we

have presented an optimization function for tuning the model

parameters. However, we have neither discussed how many

basis functions should one use to model the retina processing

system, nor the shape of these functions (parameter ǫ in (4)).

Since it is not easy to optimize ǫ, a better way for tuning

the model is to generate a set of basis functions and then

to select the minimum set of functions that best describe the

ganglion cells’ transfer function. While such a method has

been an intense topic of research and has been applied in

several areas, it has never been used for retina modeling.

Suppose that we have a set of candidate models M each

described by set of parameters Θm = {θ1, · · · ,θKm
} (not

necessarily of equal size). Using a Bayesian procedure, the

best model would be the one that maximises the joint proba-

bility of the output sequence y and the model m:

p(y,m|s) = p(m)

∫

Θm

p(y|s,Θm,m)p(Θm|m)dΘ . (15)
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Since the integral is not always easy to compute, one can use

the large-scale Bayesian-Laplace approximation [20,21]:

L(Θm;m) = log p(y|s,Θm,m) −
d

2
log N , (16)

where d is the dimension of Θm (number of non-null param-

eters) and N is the number of valid output samples, i.e., it is

the number of samples for which there is knowledge on both

the stimuli input and the spike history.

The above equation assumes that: i) there is no prior

knowledge on the best model for our data, ii) that p(Θm|m)
is sufficiently flat around Θ̂, and iii) the model parameters

are independent. While the third condition is not satisfied by

the presented models, the optimization function can still be

used and the achieved results are good, as it will be shown in

section IV.

B. Optimization algorithm

One of the problems in feature selection is the lack of a

differentiable function on the model, or, in our specific case, on

the number of features. A method to overcome this difficulty is

to iteratively add/remove features from the current solution and

then to maximise p(y|s) given the current set of parameters.

Such a method is the base of Algorithm 1 and works as

follows. First an initial model m∗ is created using a large

number of basis functions and a high order for the Taylor

polynomials. To avoid numerical representation problems in

the training of the SLIF model, the noise standard deviation

σ must also be initialized such that σ >
√

1 − β2/4. In

both models the coefficients are initially set to zero with the

exception of the first term for the Taylor polynomials: b1 = 1
and d1 = 1 (if applicable).

During the first phase of Algorithm 1, the initial model

m∗ is tunned by using (14) to find the parameters Θ∗ that

maximise (13). Adaptative steps [19] are used to speed up the

convergence of the gradient ascent process. After the initial

parameter estimation procedure, the algorithm iteratively tries

to find new models m̂ such that L(Θ̂, m̂) > L(Θ∗,m∗). Each

new model m̂ is created from the previous best model m∗ and

then modified by increasing/decreasing either the number of

basis functions or the order of the nonlinear function.

Let N (aF ) and N (aB) represent the number of basis

functions that model m uses to describe the filters hF and

hB (i.e. the number of non-null coefficients in aF and aB).

Additionally, let N (bf ) and N (bg) be the order of the

nonlinearity used to describe f(·) and g(·). To search for new

models m̂, Algorithm 1 uses the following steps:

1) try to use one less/more basis function to represent hF ,

N̂ (aF ) = N (aF ) ∓ 1;

2) try to use one less/more basis function to represent hB ,

N̂ (aB) = N (aB) ∓ 1;

3) try to decrease/increase the order of the Taylor polyno-

mial used to represent f(·), N̂ (bf ) = N (bf ) ∓ 1;

(Only for the case of the Poisson-based model)

4) try to decrease/increase the order of the Taylor polyno-

mial used to represent g(·), N̂ (bg) = N (bg) ∓ 1.

Algorithm 1 Model optimization algorithm

< INITIALIZE MODEL m∗ >
1: Generate the set of 20 basis functions;

2: Set initial nonlinearity order: N ∗(bf ) = N ∗(bf ) = 10
3: Set the number of basis functions used for filters hF and

hB : N ∗(aF ) = N ∗(aB) = 20
4: Initialize the parameters Θ for initial model m∗:

Vth ← 1, β ← 0.9, µ ← 0, σ ← 0.2
(For the SLIF model)

µ ← 0, n0 ← 0, τ ← 0.001, ∀k 6=1dk ← 0, d1 ← 1
(For the Poisson-based model)

aF ← 0, aB ← 0, ∀k 6=1bk ← 0, b1 ← 1
(For both models)

< MODEL OPTIMIZATION >
5: (Θ∗,m∗, IsBetter) ← optim(Θ∗,m∗,m∗,false)

6: repeat

7: IsBetter ← false

8: STEP 1:

m̂ ← m∗, N ∗(aF ) ← N̂ (aF ) ∓ 1
(Θ∗,m∗, IsBetter) ← optim(Θ∗,m̂,m∗,IsBetter)

9: STEP 2:

m̂ ← m∗, N ∗(aB) ← N̂ (aB) ∓ 1
(Θ∗,m∗, IsBetter) ← optim(Θ∗,m̂,m∗,IsBetter)

10: STEP 3:

m̂ ← m∗, N ∗(bf ) ← N̂ (bf ) ∓ 1
(Θ∗,m∗, IsBetter) ← optim(Θ∗,m̂,m∗,IsBetter)

11: STEP 4 (for the Poisson-based model only):

m̂ ← m∗, N ∗(bg) ← N̂ (bg) ∓ 1
(Θ∗,m∗, IsBetter) ← optim(Θ∗,m̂,m∗,IsBetter)

12: until IsBetter = false

< AUXILIARY OPTIMIZATION FUNCTION >
13: function (Θ∗,m∗, IsBetter)= optim(Θ∗,m,m∗,IsBetter)

14: Set: Θ̂ ← argΘ max log p(y|s,Θ,m)
15: Set: L̂ ← log p(y|s, Θ̂,m)
16: if L(Θ̂,m) > L(Θ∗,m∗) then

17: Set: Θ∗ ← Θ̂

18: Set: m∗ ← m
19: Set: IsBetter ← true

20: end if

21: end function

Notice that in the above algorithm using one less basis function

is equivalent to forcing the parameter for that basis function

to be zero.

In Algorithm 1, for each step 1-4, once a new model has

been found such that L(Θ̂, m̂) > L(Θ∗,m∗), the algorithm

proceeds to the next step. Thus, for example, after removing

one forward basis function it only tries to remove another after

going through steps 2-4. Moreover, when removing one basis

function (steps 1 and 2) one should first try to remove the

basis having the least influence on the model. To assess basis
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influence, the algorithm computes their total power ψ:






ψ(ak) = |ak|

√

T
∑

n

(

h
(k)
L [n]

)2

, for feedforward basis

ψ(ck) = |ck|

√

T
∑

n

(

h
(k)
L [n]

)2

, for feedback basis.

(17)

If the removal of this basis function does not lead to a decrease

in the optimization function, the algorithm tries to remove the

basis function that has the second lowest power; the algorithm

continues to iterate until a basis function has been removed

or until no basis function is left to be removed. For the

experimental data set used in this paper, the use of (17) allows

to significatively decrease the convergence time: if any basis

function can be removed, the algorithm is able to find it in the

first iterations.

IV. EXPERIMENTAL RESULTS

The proposed optimization algorithm was implemented and

tested in MATLAB with the experimental data used in [16].

These data consists of 12 trials of full field white noise

stimulation for a salamander ON retinal ganglion cell (RGC),

where each trial has a duration of 10 seconds with an average

count of 8.34 spikes per second. The visual stimuli was

normalized by subtracting its mean value and then diving by its

standard deviation. The resulting stimuli, which corresponds

to the model input s[n], is therefore a sequence of normally

distributed random values with zero mean and unitary standard

deviation. When presenting the experimental results, these data

will be designated as RGC.

These data was used for tuning the parameters of several

SLIF and Poisson-based models. The differences between

the experimented models are related with the selected basis

functions and the leaky integrator coefficient β. The val-

ues for the experimented parameters ranged in the intervals

0.6 ≤ ǫ ≤ 0.9 and 0.7 ≤ β ≤ 0.95. Experimental tests

ranged from using orthogonal and non-orthogonal basis (by

using basis extracted with different values of ǫ). Our tests

revealed nonsignificant differences in the models’ responses

when varying the parameters ǫ and β.

In order to evaluate the performance of the feature selection

algorithm and compare the spiking mechanisms, results are

presented for one SLIF model and one Poisson-based model.

A set of 20 basis functions are used for both the feedforwad

and feedback filters while the order of the nonlinearities was

initially set to 10 – as shown in Algorithm 1. The initial

SLIF and Poisson models are henceforth referred as F-IF and

F-P, respectively. After applying the proposed feature selection

mechanism, the number of parameters of the SLIF model,

henceforth designated as R-IF, was reduced from an initial

value of 52 to only 18. The dimensions of the reduced model

are: N (aF ) = 10, N (aB) = 5, N (bf ) = 1. The number of

parameters was also reduced in the case of the Poisson-based

model from an initial value of 63 to a value of 23, resulting in

a reduced model with N (aF ) = 8, N (aB) = 7, N (bf ) = 4,

N (bg) = 1. This model will be referred as R-P. These results

are presented in Table I. The other models in this table, F-P2

and R-P2, will be used for comparison later on.

TABLE I: Number of features per model.
Model Spiking Model
name mechanism type

N (aF ) N (aB) N (bf ) N (bg)

F-IF Full(a) 20 20 10 –

R-IF
SLIF(c)

Reduced(b) 10 5 1 –

F-P Full(a) 20 20 10 10

R-P
Poisson(d)

Reduced(b) 8 7 4 1

F-P2 Full(a) 20 20 1 10

R-P2
Poisson(d)

Reduced(b) 11 8 1 1
(a) Initial model, i.e. before applying Algorithm 1 (c) See Figure 1
(b) Final model, i.e. after applying Algorithm 1 (d) See Figure 2
– Not applicable

After tuning the model, 100 spike sequence trials were

generated for each of the two types of models. The first

12 trials for each model are presented in Fig. 3. The real

responses from the retina ganglion cell are also presented

in this figure; vertical lines represent the time instants were

spikes were generated while the shaded area represents the

mean firing rate for the 100 trials. These rates were estimated

by convolving their PeriStimulus Time Histogram (PSTH) [6]

with a Gaussian window of zero mean and 25ms of standard

deviation.

Analyzing the spike trains and the mean firing rates in Fig. 3

one can qualitatively conclude that all models are able to

simulate the behavior of the salamander retina. Comparing

the firing rates of each model with the real data, i.e. the

shaded areas in Fig. 3, one can conclude that almost all

spiking events of the real RGC are well simulated by any

model. However, the full featured models (F-IF and F-P)

tend to create spiking events where none exists, e.g., around

3.8s. In some cases, theses events are removed after applying

feature selection. Nonetheless, in general the mean squared

error of the mean firing rate (between the RGC and the

models) slightly increases when applying feature selection

– this will be illustrated by applying the normalized mean

squared error (NMSE) to quantitatively assess the results

that will be presented later on. However, all models have

similar behaviors, showing that the optimization algorithm is

really able to remove unnecessary model parameters without

compromising its response. This will be further validated by

using neural metrics.

To perform an analytical evaluation of the models, their re-

sponses to visual stimuli was compared against real data using

two spike train metrics proposed in [22]. One of these metrics

accounts for the cost associated with the absolute time of

occurrence of neuronal events (Spike Time Metric). The other

metric accounts for the cost of changing the intervals between

two spikes (Inter Spike Metric). The cost of moving a spike

was set to q = 50 s−1 (see [22]). The NMSE [15], a firing

rate metric, was also used as an auxiliary distance measure: it

measures the difference between the models by computing the

mean squared error of the firing rates in Fig. 3 and by dividing

this result by the variance over time of the RGC firing rate. The

performance evaluation was made using 12 trials from the real

data set and 100 trials from our models. Values were obtained

for inner evaluation of responses, i.e. when the responses of

the models/cell are compared with themselves – see Table II

–, and when performing cross evaluation of models responses,
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RGC and models response trials Spike firing rate [Hz]

Real retinal
ganglion cell:

(RGC)

Model:
Full SLIF

(F-IF)

Model:
Reduced SLIF

(R-IF)

Model:
Full Poisson

(F-P)

Model:
Reduced Poisson

(R-P)

0

0

0

0

0

0 1 2 3 4 5 6 7 8 9 10

50

50

50

50

50

Time[s]

Fig. 3: Twelve response trials for both real retinal ganglion cell and the presented models; each vertical line represents the

time step where a spike was elicited; each rows of vertical lines (spikes) represents a different trial; the shaded areas represent

the mean firing rate for each model.

i.e. by comparing the responses of the models against those

from the real retinal ganglion cell – see Table III.

From the values presented in Tables II and III, it can

be concluded that the proposed algorithm for tuning the

parameters of the retina models is able to reduce the number of

model parameters without significatively affecting the model

response. In [12] it has already been shown that the proposed

feature selection algorithm could be applied with the SLIF

model presented in section II. Here it is shown that it can also

be used with other types of models such as the Poisson-based

model.

The obtained results also show that the leaky integrator is

a better estimator for the neurons refractory period than the

logistic function. While the results are identical in terms of

the used error measures, the SLIF model leads to a smaller

number of parameters. It can also be concluded that when the

proposed feature selection algorithm is applied to the Poisson-

based model, we were unable to decrease the order of the input

nonlinearity to one (making f(·) a linear function).

To compare the results when the input function f(·) of the

Poisson-based model is linear, f(s[n]) = s[n], we reapplied

the algorithm to a model using N (bf ) = 1 (represented as F-

P2 in Table I). Using this new F-P2 model as a starting point

for Algorithm 1, we obtained a new regularized model, the

R-P2. The results are also presented in Table II and Table III.

As it can be seen, while the error measures are mainly the

same, the proposed algorithm required more basis functions

to successfully describe the response of the salamander retina.

It is interesting to realize that the overall number of parame-

ters is the same for both Poisson-based models, the R-P and the

R-P2. This means that, by removing the input nonlinearity, the

TABLE II: Inner evaluation of cell/model responses.
Data Source Number of Spikes(a) Spike Time(a) Inter Spike(a)

RGC 83.42 ± 2.81 42.19 ± 3.58 59.05 ± 5.26

F-IF 83.04 ± 2.72 56.88 ± 4.43 71.98 ± 4.84
R-IF 83.31 ± 2.90 57.99 ± 4.44 72.93 ± 5.16

F-P 81.86 ± 2.32 57.35 ± 4.68 72.56 ± 5.21
R-P 82.58 ± 3.06 58.51 ± 4.26 74.59 ± 4.80

F-P2 82.19 ± 2.89 58.21 ± 4.76 73.06 ± 4.89
R-P2 82.66 ± 2.81 58.34 ± 4.73 73.49 ± 5.03

(a) The values are presented in the format: mean ± standard deviation.

TABLE III: Cross evaluation of model responses – comparing

with RGC data.
Data Source Spike Time(a) Inter Spike(a) NMSE(b)

F-IF 58.31 ± 3.70 74.59 ± 5.07 0.080
R-IF 57.71 ± 4.38 73.12 ± 4.96 0.092

F-P 57.28 ± 4.32 73.10 ± 5.16 0.086
R-P 58.28 ± 4.23 74.59 ± 5.26 0.088

F-P2 58.16 ± 4.21 73.40 ± 5.00 0.092
R-P2 57.81 ± 4.41 73.93 ± 5.24 0.088

(a) The values are presented in the format: mean ± standard deviation.
(b) Since all trials are evaluated simultaneously, it is not possible to retreive

mean and standard deviation.

proposed algorithm requires more basis functions to achieve

a similar solution. Once again, this shows the effectiveness

of the algorithm for regularizing the neuron models: it gives

a solution using the least number of parameters. Notice that

the existence of multiple solutions has to do with the fact

that the parameters for the presented neuron models are not

independent. This is due to the nonlinearity inherent to the

spiking mechanism of the neuron models.
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V. CONCLUSIONS

This paper presents a feature selection algorithm for au-

tomatically reducing the dimensionality of retina models. To

test the proposed algorithm, a Poisson-based retina model

and a Stochastic Leaky Integrate-and-Fire (SLIF) retina model

were used. By applying the proposed algorithm to tune the

model parameters we were able to reduce the dimensionality

of both models. The obtained results using different biological

plausible error measures allow us to conclude that the pro-

posed algorithm is able to eliminate model features without

changing the models’ responses. This is an important step

for mimicking a neuron’s transfer function and for creating

a prosthesis to circumvent a human impairment: it allows to

remove features which are not original in the neuron, but are

artificially introduced by the general models.

Experimental results also show that the SLIF model is able

to describe the response of the salamander retina using a lower

number of parameters than the Poisson-based model. This

comes from the fact that the leaky integrator with reset used by

the SLIF model is a better estimator for the neuron refractory

period than the sigmoid function used by the Poisson-based

model.
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