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ABSTRACT
Spike timing-dependent plasticity (STDP) is a form of
Hebbian learning which is thought to underlie structure for-
mation during development, and learning and memory in
later life. In this paper we show that the intrinsic properties
of the postsynaptic neuron might have a deep influence on
STDP dynamics, by shaping the causal correlation between
the pre and the postsynaptic spike trains. In particular, we
show that a presynaptic subgroup with an oscillatory fir-
ing rate embedded in a set of uncorrelated afferents can be
biased towards potentiation or depression, depending upon
the intrinsic dynamics of the postsynaptic neuron and the
period of the modulation.
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1 Introduction

Experimental results have revealed a form of Hebbian
learning which is extremely sensitive to the precise tim-
ing of pre and postsynaptic firing patterns. In particu-
lar, in paired-pulse experiments (where brief suprathresh-
old current pulses are injected in the pre and postsynaptic
cell at a fixed temporal delay) LTP was observed when the
evoked presynaptic spike led the postsynaptic spike (thus
contributing to the postsynaptic cell firing), while LTD was
observed when the evoked presynaptic spike lagged behind
the postsynaptic one ( [1, 2]; reviewed in [3, 4]).

In the last few years, several theoretical works have
stemmed from this experimental observations, predicting
an important role for STDP in self-organization of neu-
ral microcircuits [5, 6, 7, 8, 9], learning of input cor-
relations [10, 11, 12], and output firing rate normaliza-
tion [10, 13, 14].

While the influence of different STDP rules upon
the weight dynamics and the stationary weight distribution
has been studied extensively (reviewed in [15, 16]), only
very recently there has been some attention drawn upon
the influence of single-cell intrinsic properties in STDP
dynamics [9]. The intrinsic dynamics of the postsynap-
tic cell determine the integration of subthreshold stimuli
and the spike generation mechanism (see, for example,
[17, 18, 19, 20]), thus directly affect the cross-correlation

between the input and the output spike trains. This con-
sideration suggests that the intrinsic postsynaptic dynamics
can potentially have a great impact upon the weight dynam-
ics arising from a certain STDP rule.

In this paper we consider a feedforward neuronal ar-
chitecture where one postsynaptic cell receives a synap-
tic bombardment from several hundred presynaptic affer-
ents, and compare the stationary weight distributions aris-
ing from the same STDP rule and presynaptic firing statis-
tics, but different postsynaptic intrinsic properties. Inpar-
ticular, we compare a purely passive Integrate and Fire
(IF) model with an inductive Generalized Integrate and Fire
(GIF) model with subthreshold oscillations.

Our results suggest that the intrinsic properties of the
postsynaptic cell quantitatively affect the stationary weight
distribution under different STDP rules when the input fir-
ing patterns are uncorrelated. More interestingly, a sinu-
soidal modulation of the firing statistics of a subset of the
presynaptic population reveal qualitative and important dif-
ferences in the weight dynamics between the IF and the
GIF model, which are the focus of this work.

2 Methods

2.1 Neuron models

The first neuron model we consider is the Integrate and Fire
(IF), described by a single linear differential equation:

dv

dt
= −gv + Isyn (1)

The model is endowed with an after-spike reset mecha-
nism, so that whenv crosses a thresholdvthr from below
a spike is emitted and the membrane potential is reset to a
valuevreset, and kept there for a refractory periodtrefr. In
its normal form (where time has been properly scaled) this
model is described by a single parameterg, which is the
rate of the exponential decay to the rest state in the absence
of stimulation (Isyn = 0).

Another simple model which linearly describes the
subthreshold dynamics, with the addition of another dy-
namical variablew, is the Generalized Integrate and Fire
(GIF) model, described by the following equations:



dv
dt = −αv − βw + Isyn
dw
dt = v − w

(2)

with the same after-spike resetting as in the IF model
for the v variable, while no reset is applied to the addi-
tional dynamical variablew. The system (2) has proven
particularly useful in studying neuronal intrinsic oscilla-
tions [17, 21, 22, 18]: in a certain parameter range, the
system (2) is mathematically equivalent to a dampened lin-
ear oscillator, and thus constitutes an analytically amenable
model for the description of neuronal intrinsic oscillations,
i.e., oscillations generated by intrinsic ionic mechanismas
the activation of a resonant current or the inactivation of an
amplifying current [23].

The numerical values of the parameters used here are:
vthr = 20, vreset = −4, trefr = 0.3, g = 1, α = 1 and
β = 4 (resulting in complex conjugate eigenvalues−1±2i,
denoting subthreshold dampened oscillations with period
π). All units are dimensionless.

2.2 Synaptic description

For the sake of simplicity, and for computational efficiency,
we modelled PSPs as instantaneous, voltage independent
shifts in the voltage variable:

Isyn =

N
∑

n=1

∑

ts

n

gsyn
n δ(t − tsn) (3)

whereN = 250 is the number of afferents, andgsyn
n is

the synaptic strength of afferent numbern. We discretized
the simulations in time steps of sizedt = 0.01 u.t., and
in each time step we generated a presynaptic input pattern
in which each afferent which is not in its refractory period
has a probabilitypn of firing. Once an afferent has been
selected for firing, it will not be able to generate another
spike fortrefr = 0.3 u.t..

We divided the afferent population in three subsets:
Nexc = 170 Poisson excitatory afferents with a constant
firing probabilityrexc = 0.0033, corresponding to a mean
ISI of 3 u.t.; Nosc = 30 Poisson excitatory afferents with
a sinusoidally modulated firing probabilityrosc = rexc +
Asinrexc sin(2π

T t) with periodT = π (except in Figure 3
and 5 where it has been varied in a range, and in Figure
4 whereT = 1.2743 or T = 7.8476) and modulation
amplitudeAsin = 0.5; Ninh = 50 Poisson inhibitory af-
ferents with a constant firing probabilityrinh = rexc =
0.0033. The synaptic strengths of the excitatory connec-
tionsgsyn

n = gexc
syn wn are obtained by multiplying the cor-

responding synaptic weightswn (which are bounded in
the interval [0,1] and subject to STDP) by a scaling factor
gexc

syn = 4. The synaptic strengths of the inhibitory connec-
tions are fixed atginh

syn = 6.
At the beginning of each simulation the synaptic

weights wn of the excitatory population are homoge-
neously initialized at their maximal value of1. These val-

ues result in fast and regular postsynaptic firing at a fre-
quency close to the maximal frequency allowed by the re-
fractory period. In this regime the STDP weight dynamics
strongly depress most synapses in a non-specific way (Fig-
ure 1A, B), until the postsynaptic neuron sets in a lower fre-
quency irregular firing regime. The regular and the irregu-
lar firing regimes display large differences not only in their
firing statistics, but also in their response to a sinusoidal
modulation [17]. Thus we disregarded the first30 · 103

u.t of the simulations output and focused our analysis on
the subsequent evolution of the synaptic weights through
STDP in the low frequency, irregular firing regime, during
which the mean and the standard deviation of the output
ISIs (Inter Spike Intervals) can be considered stationary,as
well as the phase of the response to the sinusoidal modula-
tion.

All the simulations have been run for5 · 106 u.t. Con-
vergence has been assured by visual inspection of the out-
put data and it has always been reached within2 · 106 u.t.
of simulation time.

The sinusoidal modulation in the input rate induces a
sinusoidal modulation of the firing probability, which we fit
to a sinusoidal functionpoffset + Ag sin(2π

T t + φ) to obtain
the modulation gainAg and phaseφ plotted in Figure 3, 4
and 5.

2.3 STDP model

The excitatory synaptic connections are plastic and evolve
according to the STDP rule described in [11]. In brief, ev-
ery pair of a presynaptic and a postsynaptic action poten-
tials with time difference∆t = tpost − tpre induce a weight
change given by

∆w = G(∆t|w) =

{

−λf−(w)K(∆t) if ∆t ≤ 0
λf+(w)K(∆t) if ∆t > 0

(4)
whereK(∆t) = e−|∆t|/τ is the STDP window function,
λ is a learning rate, andf±(w) describe the weight depen-
dence of the STDP rule:

f+ = (1 − w)µ f− = αwµ (5)

whereα describes the asymmetry between depression and
potentiation, andµ is a parameter included in [0,1] which
determines the weight dependence of the STDP rule. If
µ = 0, G(∆t|w) results is the familiar weight independent
(additive) STDP rule like in [10]; ifµ = 1 one recovers the
multiplicative STDP rule like in [14]. The numerical values
for the parameters are:λ = 0.002, τ = 0.8, α = 1.05 and
µ = 0.02.

3 Results

Over time scales shorter than1/λ, the input-output corre-
lation can be considered stationary and the mean weight



drift can be obtained from (4) by integrating over the time
difference∆t, weighted by its correspondent probability:

ẇ =

∫ ∞

−∞

G(∆t|w)Pt(∆t|w)d∆t (6)

The dependence upon the intrinsic neuronal properties of
the postsynaptic cell is included in the input-output correla-
tion termPt(∆t|w) =< ρpre(t)ρpost(t+∆t, w) >t where
ρpre(t) =

∑

k δ(t−tpre
k ) andρpost(t, w) =

∑

k δ(t−tpost
k )

are the pre and postsynaptic spike trains, and< · >t indi-
cates averaging over time.

The postsynaptic intrinsic properties affect the inte-
gration of incoming stimuli, and determine the input-output
transformation performed. For instance, an EPSP evoked
on a regular spiking neuron at a certain point of its firing
cycle can have an excitatory or an inhibitory effect depend-
ing upon the intrinsic properties of the postsynaptic neu-
ron [20, 24, 25, 26].

Intrinsic neuronal properties (in particular, intrinsic
oscillations) affect the neuron’s behavior in response to a
sinusoidal modulation [17]. While a purely passive neuron
like an IF always follows the sinusoidal modulation with
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Figure 1. Intrinsic neuronal properties determine the dynamics
and the equilibrium distribution of the weights under STDP.Dis-
tributions of the synaptic weights for the GIF (left) and IF (right)
neuron model at the beginning of the low frequency, irregular fir-
ing regime (top) and at equilibrium (bottom). For each afferent
population, the diamond indicates the mean of the weight distri-
bution and the horizontal line its standard deviation. In the initial
high frequency, regular firing regime the synapses are depressed
in a non-specific way and reach a unimodal distribution wherethe
oscillatory and non-oscillatory populations overlap (A, B). Af-
ter learning, the weight distributions are bimodal for bothneuron
types but while the two populations are still largely overlapping
for the GIF neuron (C), the oscillatory population is significantly
more potentiated for the IF neuron (D).
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Figure 2.Intrinsic neuronal properties determine the phase of the
oscillating response, and hence the input-output cross-correlation.
A, B: The firing probability along the cycle at the end of the sim-
ulation (black line) is plotted together with the sinusoidal modu-
lation of the input firing rate (gray). While the output is in phase
with the input for the GIF neuron, there is a delay for the IF neu-
ron. Moreover, the gain in the IF neuron is increased due to poten-
tiation of the oscillating population. C, D:Pt(∆t) is plotted for
the oscillatory (black) and non-oscillatory (gray) population for
the GIF (solid line) and IF (dashed line) neuron at the beginning
of the irregular firing regime (left) and at the end of the simula-
tion (right). At the beginning of the irregular firing regimethe
oscillating afferents are slightly more efficient in firing the post-
synaptic cell due to their common sinusoidal modulation. This
can be deduced from the broader input-output correlation and the
higher peak, but little difference can be observed between cell
types, apart from a slight excess of negative (depressing)∆t pairs
in the GIF neuron. After learning the input-output correlation has
clearly increased for the oscillating subgroup in the IF neuron,
which also exhibits an excess of positive (potentiating)∆t pairs.

some delay, a GIF neuron with intrinsic oscillations can
synchronize to an input modulation or even lead ahead of
it, depending upon the intrinsic resonant frequency and the
frequency of the sinusoidal modulation ( [17], see also Fig-
ure 3A).

When the synaptic afferents to a neuron are composed
of two different populations, one with a constant firing fre-
quency and another with a sinusoidally modulated firing
frequency, the phase with which the postsynaptic neuron
follows the sinusoidal modulation determines if the oscil-
lating population will differentiate from the non-oscillating
population, and in which direction, through the STDP dy-
namics. Indeed, an IF neuron which follows a sinusoidal
modulation with a phase delay will on average fire after
most of the neurons in the oscillating population (Figure
2B), leading to a selective strengthening of the synapses



belonging to this group (Figure 1D). Conversely, the GIF
neuron follows the same sinusoidal modulation without any
significant phase difference (Figure 2A), hence its spikes
will be symmetrically distributed with respect to the oscil-
lating population (Figure 2C, D), leading to no net poten-
tiation nor depression with respect to the non-oscillating
population (Figure 1C).

To quantify the degree of separation between the os-
cillating and the non-oscillating populations, we computed
the ratio between the mean conductance in the two sub-
groupsR =< gosc > / < gconst >. Figure 3 shows the
relationship betweenR and the phase of the sinusoidal re-
sponse: as expected from our theoretical considerations,
the sign of the phase lag determines if the oscillating sub-
group will be potentiated or depressed. A negative phase
(the postsynaptic neuron lags behind the sinusoidal modu-
lation) results in relative potentiation of the oscillating sub-
group of afferents (R > 1), while a positive phase leads to
relative depression of the oscillatory population (R < 1).
This general relationship does not hold for very short in-
put periodsT , for which a very negative phase results in
no differentiation or only slight potentiation of the oscillat-
ing subgroup: at very high input frequencies a postsynaptic
spike lagging behind a given cycle can also be considered
as leading ahead the next cycle, so that as soon as the STDP
window becomes comparable in width with the input os-
cillation period the effects of potentiation and depression
tend to cancel out. Measures of the separation between the
two different populations which also take into account the
standard deviation of the two distributions yielded similar
results. In spite of this general tendency, there are some
additional differences between the GIF and the IF models
which cannot be explained solely on the basis of the phase
of the sinusoidal response. For example, for a certain range
of negative phase lags there is a stronger potentiation of the
oscillating subgroup in the GIF neuron.

The cell-specific potentiation or depression of the os-
cillating population affects in turn the postsynaptic firing
statistics, and in particular the gain of the oscillatory com-
ponent of the postsynaptic response (Figure 4 and 5). In
particular, a sinusoidal modulation which results in nega-
tive phase lag (the postsynaptic cell lags behind the sinu-
soidal modulation) leads to a selective strengthening of the
oscillatory population, which in turn produces an increase
in the sinusoidal gain. The opposite trend is observed
for modulation periods and postsynaptic intrinsic proper-
ties which result in positive phase lag (the postsynaptic cell
leads ahead of the sinusoidal modulation). This dynam-
ics is shown in Figure 4, where the amplitude gainAg and
the separation indexR are plotted for the GIF and IF neu-
rons along a typical simulation for two representative val-
ues of the modulation periodT . For short modulation pe-
riods (T = 1.2743 in the plotted example, the non-integer
values are due to the logarithmically spaced values forT )
both GIF and IF neurons lag behind the sinusoidal modu-
lation, their oscillating afferents are potentiated and their
sinusoidal gain is consequently increased. For modulation
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Figure 3. The phase of the sinusoidal response determines the
mean drift of the oscillating population. A: Ratio between the
mean oscillatory conductance and the mean non-oscillatorycon-
ductanceR =< gosc > / < gconst > and phase of the sinusoidal
responseφ for the GIF (solid line) and IF (dashed line) models as
a function of the period of the sinusoidal modulation. Whilethe IF
neuron always lags behind, the GIF neuron can synchronize with
or even lead ahead of the sinusoidal input modulation. The sign
of the phase determines the potentiation (R > 1) or depression
(R < 1) of the oscillating population with respect to the other
afferents. The black diamond indicates the intrinsic period for the
GIF neuron considered, and the input period used in the simula-
tions plotted in Figure 1. The black and the gray arrows indicate
the input periods used in the simulations plotted in Figure 4. B:
R ratio for the GIF (filled squares) and IF (empty circles) models
after learning is plotted versus the correspondent phase.
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Figure 4. Evolution of some relevant quantities along a typical
simulation for the GIF (solid line) and IF (dashed line) model, for
two different values of the input modulation period. A: Sinusoidal
gain Ag. B: Sinusoidal phaseφ. C: R ratio. D: The relative
potentiation of the oscillating population is the main determinant
of the change in the sinusoidal gain due to STDP.

periods slightly greater than the intrinsic periodπ, the GIF
and the IF neurons behave in a qualitative different way:
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Figure 5.Gain and phase of the sinusoidal modulation as a func-
tion of the periodT of the modulation. The gain is plotted at the
beginning of the irregular firing regime (light gray) and at the end
of the simulation (dark gray).

the IF neuron still lags behind the sinusoidal modulation,
while the GIF neuron leads ahead of it, resulting in an op-
posite trend in their separation indexR and consequently in
their gainAg (compare panels A and C). This cell-specific
regulation of the sinusoidal gain through STDP is also ap-
parent in Figure 5, where the gain for the GIF (solid) and IF
models (dashed) is plotted at the beginning (light gray) and
at the end (dark gray) of the simulations, for input periods
T spanning three orders of magnitude. For all tested input
periods, the difference in gain is very small at the beginning
of the simulation, but it increases dramatically through the
action of STDP for those input periods which result in qual-
itatively different behavior in the GIF and IF neuron (with
T in the interval(4, 20) approximately, the phase is pos-
itive for the GIF neuron and negative for the IF neuron).
Conversely, the difference in gain between the two neuron
models are negligible for very short or very long modu-
lation periods, for which the two models display similar
phase shifts.

To further clarify the relation between theR index
and the sinusoidal gain, we lumped all the data obtained
with different T for the same neuron model, and plotted
the percentual change in sinusoidal gainAg during learn-
ing versusR for the GIF (filled squares) and IF models
(empty circles) (Figure 4D). This figure shows that the re-
lationship between the sinusoidal gain change and the os-
cillating / non-oscillating ratioR is almost linear, with aR
value of 1 (indifferentiation between the two subgroup of
afferents) resulting in no gain change, suggesting that the
changes in the sinusoidal gain observed during a simulation
are mainly due to the relative potentiation or depression of

the oscillating subgroup.
In our implementation, the sinusoidal gain increases

with increasing input frequency, contrary to intuition and
the results of others [17]. This discrepancy is probably due
to the different implementation of the oscillatory compo-
nent: while Richardsonet. al. used a sinusoidal input
current, we considered a sinusoidal modulation in the fir-
ing rate of a subgroup of afferents. Since in our model
synapses are instantaneous (they are implemented as an in-
stantaneous, voltage independent shift in thev variable),
the sinusoidal modulation bypasses the low-pass filtering
properties of the neuron models, resulting in unrealistically
high gain at high input frequencies. Nevertheless, we be-
lieve that the described effect of STDP on the sinusoidal
gain is general and probably applies to more realistic mod-
els as well.

The effect of STDP on the phase lag of the different
model neurons is somewhat subtler. When the postsynap-
tic neuron lags behind the sinusoidal modulation, the os-
cillating afferents are potentiated with respect to the other
afferents, and keep the postsynaptic cell at a constant, nega-
tive phase. Conversely, when the postsynaptic neuron leads
ahead of the sinusoidal modulation, the oscillating afferents
are depressed and their entrainment of the postsynaptic cell
is less efficient, resulting in low sinusoidal gain and vari-
able, positive phase (Figure 4C).

4 Conclusions

Intrinsic neuronal properties may affect the integration of
incoming stimuli in a nontrivial way. For instance, an EPSP
evoked on a regular spiking neuron can advance or delay
the occurrence of the next spike, depending upon the in-
trinsic properties of the postsynaptic neuron and the exact
time in which it is delivered.

Intrinsic neuronal properties (in particular, intrinsic
oscillations) affect the neuron’s behavior in response to
a sinusoidal modulation embedded in a random synaptic
bombardment [17]. While a purely passive neuron like an
IF always follows the sinusoidal modulation with some de-
lay, a GIF neuron with intrinsic oscillations can synchro-
nize to an input modulation or even lead ahead of it, de-
pending upon the intrinsic resonant frequency and the fre-
quency of the sinusoidal modulation.

The phase of the sinusoidal response determines the
net drift that will affect the weights of the oscillating pop-
ulation: if the phase is positive (the postsynaptic neuron
leads ahead of the presynaptic sinusoidal modulation) the
oscillating population will experience a net depressing ef-
fect (most postsynaptic spikes will lead the presynaptic
spikes originating from this population), while if the phase
is negative (the postsynaptic neuron follows the sinusoidal
modulation with some delay) the oscillating population
will be potentiated.

In our model, the oscillating population follows a si-
nusoidally modulated Poisson statistics, without any addi-
tional temporal structure. Hence, if the postsynaptic cellis



in phase with the input modulation, one particular presy-
naptic neuron will sometimes lead, sometimes lag the post-
synaptic response so that the mean synaptic drift it will ex-
perience is zero. Conversely, if additional temporal struc-
ture were imposed on the oscillating population, a differ-
entiation of the oscillating population from the rest of the
afferents could still be observed. For instance, if a subset
of the oscillating population were imposed to fire earlier on
average than the other afferents of the oscillating popula-
tion, this subset would be expected to undergo potentiation.

The net weight drift experienced by the oscillating
population affects in turn the postsynaptic firing statistics.
If the postsynaptic neuron follows the sinusoidal modu-
lation with some delay, as in the case of the passive IF
neuron, the oscillating population will undergo potentia-
tion and will increase the gain of the sinusoidal modulation.
Conversely, if the postsynaptic neuron is synchronized with
the sinusoidal modulation, the net weight drift on the oscil-
lating population will be the same as the one experienced
by the other afferents, hence the sinusoidal gain will stay
constant.

Thus, it seems that STDP might have a regulatory ef-
fect upon the sinusoidal gain in the presence of oscillatory
inputs, by increasing the oscillatory input to target cells
which follow the modulation with some delay, while not
affecting or even decreasing the oscillatory inputs to target
cells which display intrinsic oscillations in resonance with
the frequency of the oscillatory modulation.

Since both network oscillations and intrinsic resonant
neurons are widespread in many brain areas, we believe
that this mechanism might be highly relevant for infor-
mation processing and structure formation during both de-
velopment and mature life, and might shed some light on
the complex interplay between network oscillations and the
heterogeneity of intrinsic neuronal dynamics.
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