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Abstract
We investigate the first-passage-time statistics of the integrate–fire neuron model driven by a sub-threshold harmonic signal
superposed with a non-Gaussian noise. Here, we considered the noise as the result of a random multiplicative process displaced
from the origin by an additive term. Such a mechanism generates a power-law distributed noise whose characteristic decay exponent
can be finely tuned. We performed numerical simulations to analyze the influence of the noise non-Gaussian character on the
stochastic resonance condition. We found that when the noise deviates from Gaussian statistics, the resonance condition occurs at
weaker noise intensities, achieving a minimum at a finite value of the distribution function decay exponent. We discuss the possible
relevance of this feature to the efficiency of the firing dynamics of biological neurons, as the present result indicates that neurons
would require a lower noise level to detect a sub-threshold signal when its statistics departs from Gaussian.
c 2007 Elsevier B.V. All rights reserved.
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1. Introduction
The idea of stochastic resonance has been widely applied in investigating many physical, chemical and biological
systems, including optical, electronic and magnetic systems [1], chemical reactions [2] and neuro-physiological
aspects of sensory systems [3–5]. It has been extensively investigated in dynamical models of periodically stimulated
sensory neurons [1,6–8]. In the basic integrate–fire neuron model the state of the neuron is described in terms of
its membrane potential resulting from synaptic inputs. When the membrane potential reaches a threshold, a spike is
generated indicating an action potential. The spike train exhibits a statistical phase lock to the sub-threshold stimulus
added to noise. The distribution of the interspike intervals, like the first-passage-time distribution, presents regular
peaks signaling the sub-threshold signal. The intensity of these peaks goes through a maximum as the noise intensity
is increased.
Analytical and numerical studies of stochastic resonance usually consider the noise to be uncorrelated in time
(white) and Gaussian, a good approximation to model systems where the relaxation time of the noise auto-correlation
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is much shorter than the characteristic time scale of the dynamical system. The effect of the noise correlation time
in a bistable system was first investigated by Gammaitoni et al. [9] showing a degradation of the resonance effect
due to the competition between the noise correlation time and the average time of waiting between noise-induced
inter-well transitions. Correlations also play a relevant role in the stochastic resonance of neuron models [10–13]. An
experimental study of the effect of correlated (colored) noise in the stochastic resonance of sensory neurons showed
that, for low frequencies of the periodic signal, conventional white noise presents the lowest optimal noise intensity
and the highest signal-to-noise ratio as compared with colored noise [14]. However, the same study suggested that
colored 1/ f noise may be better than white noise at high frequencies, providing a possible explanation for the wide
occurrence of 1/ f noise in biological systems, a feature reinforced by more recent works [15,16].
Stochastic resonance induced by colored and non-Gaussian noises has also been recently investigated [17–21]
showing an enhancement on the signal-to-noise ratio when the noise departs from Gaussian behavior. Also, a
numerical investigation of stochastic resonance in bistable systems driven by a white noise with power-law distributed
intensities showed that an optimal transition rate can be achieved for a finite decay exponent of the noise probability
distribution [22]. There is a growing interest in studying dynamical systems driven by non-Gaussian noises with slowly
decaying power-law distribution, given that they are quite ubiquitous in natural phenomena [23]. One of the simplest
mechanisms for generating a power-law distributed noise is through a random multiplicative process (RMP) [24–26].
This mechanism has been widely used to model stochastic series emerging, for example, in economics [27–29] and
biology [30–32]. It has been shown that, when the multiplicative random process acts together with an additive noise
term, or more generally when the dynamical variable is repelled from the origin, true power-law distributed random
series can be generated [24,25].
In this work, we will study the dynamics of the integrate and fire model for the neural response driven by a periodic
sub-threshold signal and under the influence of a non-Gaussian noise generated by a random multiplicative process.
We will be particularly interested in evaluating the first-passage-time distribution whose peaks may reveal the main
time scale of the underlying periodic signal. The intensity of these peaks passes through a maximum when varying the
noise intensity, a typical signature of stochastic resonance. We will give a detailed analysis of the resonance condition
as a function of the noise statistics to show that optimal efficiency in recognizing the sub-threshold signal can be
achieved at weaker noises when its statistics departs from the Gaussian behavior.
2. Model and numerical procedure
The integrate–fire neuron model has been widely used as the standard model for investigating the dynamics of
neural systems. It is able to qualitatively describe the sub-threshold integration which occurs on a time scale much
slower than that involved in the spike generation. Within this approach, the membrane potential of a periodically
driven neuron is assumed to obey the stochastic differential equation
dx
= −γ x + µ + A sin(ωt + φ) + v(t),
dt

(1)

where γ is the inverse of the membrane time constant and µ/γ is the equilibrium membrane potential in the absence of
external inputs. v(t) represents a source of noise for the synaptic inputs which superposes with the periodic stimulus.
The above stochastic equation is to be complemented with a spike-and-reset rule. Whenever the membrane voltage x
reaches a threshold value Θ, a spike is generated and the membrane potential is reset to x = 0.
In order to investigate the stochastic resonance, the amplitude of the periodic input should be weak, so that the
oscillations that it induces in the membrane voltage are not enough to promote the threshold crossing. The threshold
crossing and the consequent neuron spike are ultimately due to the presence of noise. In what follows, we will
be particularly interested in the statistics of the first-passage time. This quantity can be obtained analytically from
simplified approaches [34–37], thus allowing a direct verification of numerical results. Other relevant quantities are
related to the spike sequence and the interspike-interval distribution. For an endogenous periodic input, which is reset
to its initial phase after each spike (taken to be φ = 0), these two distributions coincide. Endogenous stimuli are
biologically unrealistic and some features are artifacts of such reduced dynamics [38]. For exogenous stimuli, the
statistics of the first-passage time and the interspike intervals are distinct, especially when neuron spikes are induced
at weak noise. However, noise-induced phenomena found in the interspike-interval distribution show comparable
resonance effects with and without the stimulus reset [34,39,40]. The average interval between spikes, like the average
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first-passage time, decreases with increasing noise amplitude. For intermediate noises, there is a statistical phase
locking to the underlying sub-threshold periodic signal that gives the optimal signature of its characteristic time scale.
Usually, the noise input is considered to be Gaussian and delta correlated (white). Here, the noise will be taken
as resulting from a random multiplicative process, which can be described by the following stochastic differential
equation:
dv
= λ(t)v(t) + η(t),
(2)
dt
where λ(t) is a multiplicative noise and η(t) an additive noise. Both λ(t) and η(t) are white and Gaussian, with
average and variance given by
hλ(t)i = λ < 0,

h(λ(t) − λ)(λ(t 0 ) − λ)i = 2Dλ δ(t − t 0 ),

(3)

and
hη(t)i = 0,

hη(t)η(t 0 )i = 2Dη δ(t − t 0 ).

(4)

In what follows, the additive noise will be assumed to be much weaker than the multiplicative noise. The
Fokker–Planck equation satisfied by the probability distribution function P(v, t) of v(t) can be shown to be given
by


∂
∂
∂
P=−
[(Dλ v 2 + Dη )P] ,
(5)
(λ + Dλ )v P −
∂t
∂v
∂v
which has as stationary solution

 v 2 −(β+1)/2
P(v) ∝ 1 +
,
(6)
s
p
with s = Dη /Dλ and β = −λ/Dλ . Boundary conditions with no probability flux were assumed to produce
stationarity (see e.g. Ref. [33] for details concerning the stochastic prescription leading to Eq. (5)). The strength
of the noise generated can be characterized by its variance 2Dv = hv 2 i = Dη /[Dλ (α − 3/2)]. The weak
additive noise condition implies s  1 with the stochastic signal having an asymptotic power-law distribution
P(v/s  1) ∝ (v/s)−2α . The characteristic power-law exponent 2α = β + 1 is, therefore, determined only by
statistical characteristics of the multiplicative noise.
In the following section, we will investigate the sensitivity of the stochastic resonance condition of the driven
integrate–fire neuron model to the statistical distribution of the input noise. The average multiplicative noise λ will
be used to tune the power-law distribution exponent. Without loss of generality, we will use units of Dλ = 1. The
variance of the input noise v(t) will then be varied through control of the additive noise variance.
3. First-passage-time distribution
We solved the integrate–fire and multiplicative noise differential equations by using numerical algorithms which
were devised to deal with stochastic differential equations involving both additive and multiplicative noises [41]. The
discretization of Eq. (2) was written in the form
1
(7)
dv(t) = λv(t)dt + dWλ + v(t)(dWλ )2 + dWη ,
2
where dWx (x = λ, η) represents the Wiener process increment resulting from the integration of the noise x over
the time interval dt. According to the central limit theorem, dWx has a Gaussian distribution with variance
2Dx dt.
√
Therefore, during the numerical integration, the Wiener increments were simulated by dWx = RG 2Dx dt, where
RG was taken as a random number sampled from a Gaussian distribution with unitary variance. For the multiplicative
noise, the quadratic term in the Wiener increment was included to improve the convergence, according to Ito’s
prescription. It effectively takes as a better approximation of v(t) its average value at the beginning and end of the
integration interval dt.
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Fig. 1. The time evolution of the membrane potential. The solid thick line corresponds to the periodic oscillations of the membrane potential driven
by a pure harmonic input. The solid thin line is the membrane potential for superposed harmonic and noise signals. The potential reset after the
threshold crossing was not performed, to better illustrate the statistical phase locking of the crossings with the underlying sub-threshold signal.
Here, the parameters used were γ = 2, A = 0.3, µ = 0.1, ω = 1, Dη = 1.5 × 10−3 , λ = −9 (α = (β + 1)/2 = 5). The threshold level Θ = 0.23
(represented here as a dashed line) was considered in the analysis of the first-passage-time distribution.

The following results were obtained by using as a representative set of dimensionless parameters γ = 2,
A = 0.3, ω = 1, µ = 0.1, Θ = 0.23 and a discretization time dt = 0.01. However, the following results are
not affected qualitatively by this particular choice of parameters. The time scale can be adjusted to experimental
data by comparing 1/γ with the membrane time constant. Potentials are in units of Dλ = 1. For this set of
parameters, the equilibrium membrane potential is x0 = 0.05. The periodically driven system in the absence of
noise develops sub-threshold
oscillations, with the maximum of the membrane potential reaching approximately
p
xmax = x0 + A/ γ 2 + ω2 = 0.184 < Θ. As the noise resulting from the random multiplicative process is added
to the periodic input signal, the membrane potential develops periodically modulated fluctuations and noise-induced
threshold crossings. In Fig. 1 we display a typical plot of the time evolution of the membrane potential in which the
potential reset rule due to neuron firing after the threshold crossing is not applied.
The proper integration of the stochastic differential equation with both multiplicative and additive noise is a key
aspect of the following analysis of the influence of the non-Gaussian character of the noise on the stochastic resonance
condition of the integrate–fire neuron model. In Fig. 2 we depict two random series generated from the numerical
solution of Eq. (2), with α = 5.0 and α = 1.5 (bottom panel). According to Eq. (6), the first one will have an almost
Gaussian distribution while the second one has a strong non-Gaussian distribution with a slowly decaying tail. The
presence of spikes in the second series already anticipates that large events occur at a much larger frequency than
expected for a Gaussian random process. In Fig. 3 we report the measured probability distribution function of these
series, which are in perfect agreement with Eq. (6).
The enhanced probability of occurrence of large events, which is favored as the noise probability distribution
deviates further from Gaussian behavior, is expected to reduce the average first-passage time even when the noise
level is kept fixed. In Fig. 4 we report the measured first-passage-time distribution as obtained for a fixed variance of
the additive noise Dη = 3.10 × 10−3 and two distinct non-Gaussian neuron input noises with α = 5 (slightly nonGaussian) and α = 1.5 (strongly non-Gaussian). The intervals between the peaks reveal the period of the sub-threshold
harmonic signal. Their positions are closely located at the maxima of the harmonic signal tn = 2π(n +1/4)/ω. Notice
that for the strongly non-Gaussian noise, the first peak is much higher than subsequent ones and its position has a more
pronounced deviation from the maximum of the harmonic signal. This indicates that, for this level of additive noise,
the threshold crossing is much more likely to occur even in the absence of the periodic input signal on a time scale of
the order of the membrane characteristic time constant. Further, the peaks become broader which points to a weaker
phase locking and, consequently, reveals an out of resonance condition.
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Fig. 2. Typical series generated by the numerical integration of the stochastic differential equation with both additive and multiplicative noises
(Eq. (2)) with α = 5 (top panel) and α = 1.5 (bottom panel). The higher frequency of large events for α = 1.5 reflects the strong non-Gaussian
character of the noise generated for small values of α.

Fig. 3. Distribution function of the two series shown in Fig. 2. The solid lines represent the fits to the theoretical functional form (Eq. (6)) with
α = 5 (squares) and α = 1.5 (circles; α = (β + 1)/2 = (−λ/Dλ + 1)/2) and s 2 = Dη /Dλ = 1.5 × 10−3 .

The height of the first-passage-time distribution close to its first three peaks (tn = 2π(n +1/4)/ω, with n = 0, 1, 2)
is reported in Fig. 5 as a function of the additive noise variance Dη for the same two power-law exponents as are
considered above. These curves show clearly the trend typical of stochastic resonance. The peak amplitude goes
through a maximum at a specific noise amplitude. The noise amplitudes providing the maxima of each of the peaks
are not the same, which is naturally expected because distinct response functions give distinct (although with the same
order of magnitude) estimates of the resonance condition [1]. As regards the influence of the noise non-Gaussian
character, we can clearly see that the resonance condition is achieved at a much smaller variance of the additive noise
for the strongly non-Gaussian noise (one order of magnitude for the cases illustrated). The maximal peak amplitude
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Fig. 4. The first-passage-time distribution as measured from neurons driven by superposed harmonic sub-threshold and noise signals. (a) α = 5
and (b) α = 1.5. The same levels of additive (Dη = 3.10 × 10−3 ) and multiplicative (Dλ = 1) noises were considered. The amplitude of the
first peak, its displacement from the maximum of the harmonic signal and its broad distribution for the strongly non-Gaussian case shown in (b)
indicate that this noise level is quite far above the stochastic resonance condition.

Fig. 5. The amplitude of the first-passage-time distribution at tn = 2π(n + 1/4)/ω for n = 0, 1, 2 as a function of the additive noise strength
Dη . (a) α = 5.0 and (b) α = 1.5 illustrate weakly and strongly non-Gaussian noises. These curves go through a maximum signaling a stochastic
resonance phenomenon. The additive noise variance giving the resonance condition decreases as one further deviates from the Gaussian behavior.
The noise variance is in units of Dλ = 1. Solid lines are to guide the eyes.

for the non-Gaussian noise is smaller than that for the Gaussian noise. This feature reflects the fact that the spikes with
large noise amplitudes are playing a role in the level crossings. The low frequency of these spikes favors the neuron
firing at large times to the detriment of firing at the first maximum of the harmonic sub-threshold input signal.
In Fig. 6 we show that the additive noise variance at which the peaks of the first-passage-time distribution are
maximal do indeed decrease continuously with the decay exponent α. However, in order to better characterize the
neuron response, it is more appropriate to analyze the resonance condition with regard to the variance of the neuron
input noise that results from the random multiplicative process. Actually, the mean square deviation of the input
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Fig. 6. Dη at the resonance condition versus the decay exponent α of the input noise distribution. The optimal conditions based on the first three
peaks of the first-passage-time distribution are shown. The noise variance is in units of Dλ = 1. Solid lines are to guide the eyes.

Fig. 7. The optimal input noise variance Dv(opt) at the resonance condition versus the decay exponent α of the input noise distribution. The optimal
conditions based on the first three peaks of the first-passage-time distribution are shown. The minimum signals the noise distribution providing the
most efficient neuron response. The noise variance is in units of Dλ = 1. Solid lines are to guide the eyes.

noise is divergent for any α < 1.5 due to the slowly decaying tail of its probability distribution. Therefore, when
reporting the resonance condition with respect to the input noise, as depicted in Fig. 7, one obtains that the optimal
input noise variance Dv(opt) passes through a minimum at a finite value of the decay exponent. This feature indicates
that the neuron ability to identify a sub-threshold periodic signal can be made more efficient, i.e., to require a weaker
superposed noise, when the input noise statistics is non-Gaussian with a well defined asymptotic power-law decay.
We also analyzed the influence of the stimulus frequency ω on the above result. We found that the power-law decay
exponent giving the minimum noise variance at resonance is roughly independent of ω, although the minimum noise
level increases for lower frequencies. It is important to stress that the input noise develops a characteristic correlation
time as a function of the decay exponent α [42,43]. However, the correlation time remains finite as α → 3/2, thus
indicating that the non-Gaussianity of the noise probability distribution is indeed the main ingredient leading to a
minimum of the noise variance at resonance.
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4. Summary and conclusions
In summary, we have studied the dynamics of the integrate–fire neuron model driven by a sub-threshold harmonic
signal. The neuron firings due to level crossings were induced by the presence of a non-Gaussian noise. The input
noise was considered as the result of a random multiplicative process displaced from the origin by a small additive
noise term. As a consequence, the neuron input noise displays an amplitude distribution with a slowly decaying powerlaw tail whose characteristic exponent was continuously tuned. By numerically solving the neuron dynamic equation,
we computed the first-passage-time distribution which was used as a tool for investigating the stochastic resonance
phenomenon occurring in this model, namely, the optimal identification of the sub-threshold periodic stimulus at a
finite variance of the input noise. In the first-passage-time distribution, the resonance condition is signaled by its
peaks that have maximal heights at intermediate noise intensities. Our main finding was that the neuron input noise
variance at the resonance condition reaches a minimum for a finite value of the decay exponent of the noise probability
distribution function. This feature reflects the two competing roles played by the non-Gaussian aspect in the noiseinduced level crossings. The long tail of the probability distribution favors the occurrence of large noise fluctuations.
Although these large fluctuations can promote neuron firings and contribute to the recognition of the sub-threshold
signal, its own generation enhances the average noise variance. The ideal balance between these two trends gives the
optimal stochastic resonance condition. This mechanism is quite general. Although we have numerically demonstrated
its influence on the first-passage-time distribution of the simple integrate and fire model, such competition will produce
similar effects on more realistic neuron models which can also be identified by probing other relevant quantities such
as the interspike-interval distribution and the signal-to-noise ratio.
It is worth mentioning here that a similar effect has already been identified as regards the presence of power-law
correlations in the input noise [14–16] and conjectured to be relevant to the evolutionary adaptation of the biological
neural networks. Since non-Gaussian noises are also commonly generated by biological systems [44–47], in particular
the internal noise generated by neural networks [48], the results reported here indicate that neural systems may also
benefit from the non-Gaussian character of the input noise to enhance the functionality, being able to detect a subthreshold signal with a smaller noise level than would be required under the influence of a Gaussian noisy environment.
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