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ABSTRACT
A comparative study of bio-inspired computational retina
models, representative of two distinct model classes, is pre-
sented in this paper. One model belongs to the so called
class of pseudo-deterministic models, where a given light
stimulus always produces the same response, while the
other analyzed model belongs to the stochastic class and
mimics the random behavior of the retina response. Both
the firing rate and spike train metrics are used to evaluate
and compare both models. Experimental results, obtained
with real data, show that the two models present similar
outcomes, despite their distinct nature, although there isa
slightly better performance of the the pseudo-deterministic
model in practice.
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1 Introduction

The science enterprise of conveying vision to blind people
is, nowadays, a demanding and challenging task. The quest
for developing prosthesis for the profoundly blind people
is refrained not due to technological issues, since with to-
day’s computers and electronics it is virtually possible to
engineer any apparatus that the human kind can imagine.
The difficulty is instead related to the human brain with all
its complex neuronal processing capabilities of extracting
reliable information from a bunch of apparently incoherent
sequence of evoked potentials, vulgarly called spikes, and
is considered to be one of the last science frontiers.

In the demand for a retina model two distinct features,
related to the interpretation of the spike train elicited bya
given visual stimulus, should be considered. The first is the
fact that the presentation of the same visual stimulus result
in different spike trains, what is called variability, and the
second is that different light stimulus can originate similar
spike responses, a fact called ambiguity [1]. These facts
preclude a correspondence from one to one between the
light stimulus and the retina response, making evident that
the retina presents a nonlinear behavior [2].
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A prior question is what information is coded by the
spike train and how is that information encoded [3]. Al-
though this question is not undoubtedly answered, physiol-
ogists already know what are the most important features
of the spike train that convey information [4] [5]. Several
studies point out that the time occurrence of the first spike,
the number of spikes, and the time lag between the first
and second spikes in a giving firing event, convey the ma-
jor part of the information in the spike train [6]. As an
ultimate goal, a successful retina model should try to ap-
proximate the answer of a real retina within the variability
of the neural code.

Several models have been proposed to resemble the
retina behavior in response to distinct classes of light stimu-
lus [7]. In this paper two of the most recent proposed mod-
els, belonging to distinct classes, are analyzed. The first
is a pseudo-deterministic model [8], where a given light
stimulus produces always the same model output, corre-
sponding to the firing rate, and a posterior spike generator
is included to generate the spike train. The second model
belongs to the class of stochastic models [9], where noise
is introduced within the model to resemble the spike train
variability. This paper tries, for the first time, to experi-
mentally evaluate and compare these two different types of
retina models based on real data. As it can be observed
from this paper this is not a trivial task, since the models
provide different types of outputs and because we are try-
ing to precisely compare information that is stochastic at
the base. This preliminary study leads to the important con-
clusion that the models produce good results in response to
a sequence of spatially uniform images, regardless of the
different used problem approach.

This paper is organized as follows. Section 2 de-
scribes the retina models considered in this paper. In Sec-
tion 3 the models are analyzed and experimental results are
presented. Finally, Section 4 concludes the paper.

2 Retina Models

2.1 The Pseudo-Deterministic Model

The pseudo-deterministic retina model has the block struc-
ture depicted in Figure 1.

The signals(r, t) represents the light stimulus pattern
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Figure 1. Pseudo-deterministic model.

that hits the retina, as a function of timet and spacer,
wherer is the position vectorr = (x, y). The first major
block of the model resembles the receptive field of the gan-
glion cell (RF), where the spatiotemporal stimulus pattern
is convolved with a kernel functionK(r, t), resulting in the
activation signal of the ganglion cell:c(r, t). This kernel
operation is described by the convolution

c(r, t) = K(r, t) ∗ s(r, t − ∆t) (1)

where∆t is the response latency. For the receptive fields
of retina ganglion cells this kernel can be separated, with a
good approximation, in a time and a space kernel [10], so
it can be factorized into spatial and temporal parts like

K(r, t) = Ks(r)Kt(t) (2)

For the space factor it is used a difference of Gaus-
sians (DoG), that simulates the receptive field properties of
the retinal ganglion cells [10], with expression
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(3)

The parameterswC andwS give the weight of the receptive
field center against its surround, respectively. On the other
hand, the parametersσ2

C andσ2
S = β2σ2

C (with β > 1)
control the diameter of the center and surround Gaussian
functions, respectively.

The temporal factor have the expression

Kt(t) = δ(t) − αH(t) exp(−αt) (4)

corresponding to a high-pass filter which impulse response
has a time decay of1/α, and whereH(t) is the Heaviside
step function.

The feedback loop of the model consists of, what is
called, a contrast gain control (CGC) [11], inserted to cap-
ture the characteristics of the retinal response. The signals
c(r, t) andg(r, t) are multiplied, giving the neuron activa-
tion u(r, t):

u(r, t) = g(r, t)[K(r, t) ∗ s(r, t − ∆t)] (5)
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Figure 2. Stochastic model.

The CGC loop comprehends a low-pass temporal fil-
tering integration of the neuron activation signal:

v(r, t) = B u(r, t) ∗ [H(t) exp(−t/τ)] (6)

where the parameterB controls the amplitude, andτ the
time duration of the integration, and a static nonlinearity
with the form:

g(r, t) =
1

1 + {[v(r, t)]+}4
(7)

where[x]+ = x H(x) is the rectification operator andH()
is the Heaviside fucntion, resulting in a factor that modu-
lates the receptive field output.

At the end, the neuron activation signal is rectified to
obtain the instantaneous firing rate of the retinal ganglion
cell, f(r, t).The rectification has the form

f(r, t) = α̃[u(r, t) + Θ]+ (8)

whereα̃ establishes the scale andΘ the baseline of the fir-
ing rate, respectively. When the stimuluss(r, t) is static
the activity signalu(r, t) is zero and the neuron response is
equal to the baseline activity:f(r, t) = α̃Θ. This output
firing rate was used to produce a spike train using a Pois-
son spike generator [12], introducing a random behavior
but outside the model.

2.2 The Stochastic Model

The block structure of the stochastic model is presented in
Figure 2.

Despite this model being only temporal, it can be ex-
tended to include a spatial treatment of the stimulus, partic-
ularly if it is assumed that the temporal and spatial stimulus
processing can be separated, as it was done in the pseudo-
deterministic model.

In Figure 2 the stimuluss(t) is filtered by the linear
filter F (t) to produce the signalg(t). The filter function
F (t) is synthesized using a linear combination of orthonor-
mal functions like

F (t) =

N
∑

j=1

kjfj(t) (9)
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Figure 3. Firing events for a salamander retinal type-ON
ganglion cell.Top: Stimulus intensity.Middle: Observed
spike sequences.Down: Firing rater(t).

where the distorted sinus functions

fj(t) =







sin
(

πj
(

2 t
τF

−
(

t
τF

)2))

0 ≤ t ≤ τF

0 otherwise
(10)

were used as basis functions to synthesize the filter, requir-
ing a lower number of them to produce the filter accurately
than if it is used a Fourier series representation. This filter
impulse response has high amplitude near the origin and
then decays rapidly, having a time duration given byτF .

The signalg(t) results from convolving the stimulus
s(t) with the filterF (t):

g(t) =

∫ t

−∞

s(τ)F (t − τ)dτ (11)

The model uses15 different components of the
type (10) to synthesizeF (t), which corresponds toN = 15

in equation (9). This filter selects when the firing events
will occur, since the signalg(t) will be stronger when the
visual stimulus follows a pattern similar to the filter re-
sponse. Afterwards, the generator potentialg(t) is summed
with a noise componenta(t) and with a feedback signal
p(t), resulting inh(t).

Then a threshold function, composed of three main
parts, is applied toh(t). First, h(t) is compared with a
threshold levelθ, which is equivalent toδ(h(t) − θ). In
order to be fired only one spike, when the signal crosses
the threshold in the upward direction, a second term of
the form H(ḣ(t)) is included, where the dot aboveh(t)
is the Lagrangian notation for the signal derivative with re-
spect to time. The first two blocks of the model, the filter
F (t) and the threshold block, are intended to predict the
time occurrence of the firing events, corresponding to make
a(t) = b(t) = P (t) = 0 in the model depicted in Figure 2.

In order to predict a correct number of firing events
a feedback block that resembles the ganglion cell refrac-
toriness after a firing event is included in the model. Each
fired spike triggers a negative after-potentialP (t), with the
form:

P (t) = B e−t/τp (12)

that is added to the generator potentialg(t) lowering the
signalh(t) immediately after a firing.

The after-potential makes the signalh(t) to drop be-
low the threshold, and the probability of subsequent firing
events will be reduced until the after-potential decay. But
if g(t) continues to rise in such a way that it compensates
the negative potentialP (t) the model will fire again, mak-
ing large excursions ofg(t) leading to a train of several
spikes. This negative feedback loop serves both to simu-
late repetitive firing, within a firing event, and to include
refractoriness after a firing.

The feedback block input signal is given by:

r(t) = δ(h(t) − θ)ḣ(t)H(ḣ(t)) (13)

where a third component is included in the threshold func-
tion such that the input of the potential block is proportional
to the slope, or instant raise, ofh(t). After adding the feed-
back loop the generator potential is given by

h(t) = g(t)+a(t)+

∫ t

−∞

r(τ)(1+b(τ))P (t−τ)dτ (14)

The model’s output spike train is a series of delta
functions, described by

ρ(t) =
∑

δ(t − ti) (15)

coming about at timesti whenever the generator potential
h(t) crosses the thresholdθ from below. Equation (15) is
termed the neural response function.

The gaussian noise sources,a(t) and b(t) (see Fig-
ure 2) are used to model the variability of the neural re-
sponse to the same stimulus. This variability comprises the



Stochastic model parameters
θ τp [ms] B σa σb τa [ms]

0.59 110 1.51 0.30 0.85 200

Table 1. Parameters values for the stochastic model. (See
Section 2)

4 4.5 5 5.5 6 6.5 7 7.5 8

2

4

6

8

10

12

t [s]

T
ria

l

Pseudo-Deterministic Model Response

4 4.5 5 5.5 6 6.5 7 7.5 8
0

100

200

300

400

500

t [s]

F
iri

ng
 r

at
e 

[H
z]

Figure 4. Pseudo-deterministic model response.Top:
Spike-train sequences.Down: Firing rater(t).

variation of the total number of spikes and the drifting in
its time occurrence.

The random signala(t) has gaussian amplitude distri-
bution, with zero mean and standard deviationσa, and an
exponentially decaying autocorrelation function with time
constantτa. It is added to the generator potentialg(t) caus-
ing random variability in the time occurrence of thresh-
old crossing. Despite introducing some variability it is
not sufficient to reproduce the neural response variability.
Namely, the variability in the spike number remains lower
than that observed in real neurons, and so another noise
sourceb(t) was included in the model to modulate ran-
domly the negative after-potential.b(t) has gaussian dis-
tribution with zero mean and standard deviationσb and a
very short correlation time, so that its values are indepen-
dent from spike to spike. These model parameters were ob-
tained by optimizing the time occurrence of the first spike
and the number of spikes, in a firing event.

3 Experimental Results

In order to compare results the used stimuli are spatially
uniform, having only temporal information. In the case of
the pseudo-deterministic model, the convolution of the spa-
tial kernel with a spatially uniform stimulus is equivalentto
directly multiply the stimulus by a constant factor and so it
can be further ignored.

All filters were discretized in order to be suitable im-
plemented in a digital computer. A portion (2s) of the used
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Figure 5. Stochastic model response.Top: Spike-train se-
quences.Down: Firing rater(t).

random stimulus is depicted in Figure 3, it was obtained
by randomly sampling, every30ms, a gaussian distribution
with standard deviation equal to 35% of the mean level in-
tensity (4mW/m2) [9]. This stimulus was used to excite
both models and the results were compared with real spike
trains, observed from 12 different experimental trials from
a salamander retina. The stimulus has a temporal duration
of 10s, and the results were averaged over this time period.

The models parameters used in the simulations are
displayed in Table 2, for the pseudo-deterministic model,
and in Table 1 for the stochastic model, respectively. Fig-
ures 4 and 5 show the models response, for 12 different
experiments, in terms of spike trains and firing rate, com-
puted by histogramming the 12 experiments using a time
bin of width1ms.

In order to study the models performances differ-
ent error measures were used:(a) percentage of predicted
spikes against the number of observed spikes given by the
retina; (b) a spike train metric, to compare directly the
spike trains sequences generated by the models with the
real ones; and finally(c) a mean squared error measure, be-
tween the firing rate produced by the models and the one
calculated from the real spike trains.

3.1 Predicted Number of Spikes Error

The percentage of the predicted number of spikes relative
to the number of observed spikes in an experimental trial is
plotted, in Figure 6, against the number of spikes within an
observed trial.

To calculate the error percentage of the predicted
number of spikes, the number of spikes,NjP

, in each pre-
dicted sequencej was calculated formerly as:

NjP
=

∫

ρjP
(t)dt (16)

(ρ(t) is the neural response function - equation (15)), and



Pseudo-deterministic model parameters
wC wS σC [µm] σS [µm] α[Hz] B[Hz] τ [ms] α̃[Hz] Θ
3 0.8wC 80 3σC 4 78 170 79 0.005

Table 2. Parameters values for the pseudo-deterministic model. (See Section 2)
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Figure 6. Percentage error in the predicted number of
spikes.

Pseudo-deterministic Stochastic Real
µ 79.89 86.03 83.42
σ 8.89 10.92 2.81

Table 3. Mean and standard deviation for the number of
spikes.

after that the following quantity is computed

|NjP
− NiO

|

NiO

× 100% (17)

whereNiO
is the number of spikes in the observed experi-

mental triali. The values given by equation (17) were av-
eraged for all 300 model generated spike trains, and the
result is plotted againstNiO

in Figure 6, where the indexi
corresponds to the different real observed trials.

Table 3 presents some statistical parameters for the
number of predicted and observed spikes trains. The mean
and standard deviation were obtained using 300 runs of
each model. The statistics for the observed number of
spikes were computed using the 12 experimental trials.
Both models predict well the mean number of spikes within
a trial, reflected in their similar mean values. However the
standard deviations are quite different for the models and
real experiments.

The graph in Figure 6 shows the models behavior re-
spective to the percentage error in the predicted number
of spikes. The pseudo-deterministic model have a smaller
error for a small number of spikes in the trials, and then
increase. The stochastic model has an opposed behavior,
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Figure 7. Inter-spike errors for the observed and generated
spike trains

having big errors for small number of spikes in real trials
and then decreases. As expected, due to the proximity of
their means, both model’s curves intersect for a number of
observed spikes near their mean.

3.2 Spike Train Metric Error

Due to its discrete nature, two different spike trains, repre-
sented by equation (15), are not suitable to be compared us-
ing, for example, a mean-squared error (MSE). If one com-
pares a spike train generated by one of the models with an-
other one experimentally observed using the mean-squared
error the spikes occurrence times must match exactly to
have a small error or it would be better that the model didn’t
fire any spike at all, which is contradictory. Therefore, it
was used a metric that calculates the cost of transforming
one spike train into another using a set of basic operations:
the deletion of spikes, which have a cost ofp per spike,
the generation of spikes, which have the same costp per
spike, and the time interval between spikes occurrence in
each trial, with a costq per second [13].

The graph in Figure 7 displays the inter-spike er-
rors for the models and observed spike trains against the
number the observed trial forp = 1(spike−1) and q =
0.0001(s−1). The observed inter-spike errors were calcu-
lated by taking a real observed spike train, for the case was
the one observed in the first trial, and measuring its distance
to every other observed spike train. For each model 11 runs
were generated and the mean value of its inter-spike errors
relative to the observed trial plotted.

From Figure 7 it can be seen that for the specific used



costs both models give similar errors, with the pseudo-
deterministic model performing slightly better. It can also
be seen that the variability between the first real trial and
the other eleven real trials give margin for an improvement
of the retina models.

3.3 Mean Squared Error

The mean squared error (MSE) is used to evaluate the mod-
els performance relatively to the firing rate. This measure
is defined by [5]

E =

∫

(rm(t) − r(t))2dt
∫

(r(t) − r̄)2dt
(18)

whererm(t) is the firing rate produced by the modelm,
and r(t) is the firing rate obtained from the peristimulus
time histogram (PSTH) calculated from the observed real
data by histogramming the spike times occurrence from all
experimental trials, and dividing its amplitude by the width
of the time bin and by the total trial’s number. Formally, it
is given by

r(t) =
1

M

∫ t2
t1

ρ(t)dt

t2 − t1
(19)

in the time interval(t1, t2); M is the number of trials.
The MSE for the firing rate of the pseudo-

deterministic model, given by equation (8), and the retina
output firing rate is: 1.1075. While the MSE for the firing
rate of the stochastic model, obtained by generating twelve
spike trains with the model and calculating the resulting
firing rate, was: 1.1309. Not surprisingly the pseudo-
deterministic model performs better again since it was op-
timized to approximate the ganglion cell firing rate.

4 Conclusions

The present results point out that the pseudo-deterministic
and stochastic retina models approximate the real neural
retina response with good accuracy.

This preliminary experimental work shows that the
simpler pseudo-deterministic model provides results not
worse than the more elaborated stochastic model, what is
not an obvious statement, and further experimental analysis
have to be done. However, if further experiments confirm
these results it can be concluded that there is no advan-
tage of using more computational power to compute the
stochastic model.

Another important conclusion that can be derived
from this study is that there is a big margin of work to
improve retina models since the error measures taken are
bigger than the ones obtained by comparison of groups of
different real retina data.
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