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C H A P T E R

4
Synaptic Plasticity

In the previous chapter, “Synaptic Transmission,” we discussed how synapses mediate
communication between neurons. The strength of synapses changes over time, a process
called synaptic plasticity. In this chapter, we will consider two main types of plasticity. First,
we will discuss short-term plasticity, the modulation of synaptic strength on the time scale of
milliseconds to seconds. Second, we will learn about long-term plasticity, long-lasting changes
to synaptic strength that form the basis of learning and memory. We will learn about the rules
that govern synaptic plasticity and introduce intuitive mathematical models of plasticity. The
toolboxes “Neurons,” “Differential Equations,” and “Dynamical Systems” provide helpful
background for this chapter.

SHORT-TERM PLASTICITY

Short-term plasticity refers to alteration of synaptic strength on the time scale of millisec-
onds to seconds. The underlying mechanisms of short-term plasticity are predominantly
localized to the presynaptic terminal [1,2]. Broadly speaking, synapses can weaken in an
activity-dependent way such that two consecutive presynaptic action potentials cause two
postsynaptic excitatory postsynaptic currents (EPSCs), with the second one being weaker
than the first one. This process is called short-term synaptic depression. Recovery from depres-
sion occurs on the time scale of hundreds of milliseconds to several seconds. Synapses can
also strengthen in an activity-dependent way, in a process called synaptic facilitation. Recovery
from facilitation occurs on a similar time scale to that of depression. Both weakening (depres-
sion) and strengthening (facilitation) occur as a function of the “use pattern” of the presyn-
aptic release machinery. Short-term plasticity enables the selective enhancement (and
suppression) of input as a function of its temporal structure.

Short-Term Depression
Depression is mediated by a decrease in the number of neurotransmitter vesicles that are

released because of the depletion of available synaptic resources. Synaptic vesicles in the
terminal can be in different states, and only a subset is ready to be released in response to
a presynaptic action potential (Fig. 4.1). These vesicles form the so-called readily releasable
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pool, and they represent the minority of all vesicles associated with an active zone. This pool is
replenished by the recycling pool. The reserve pool replenishes the recycling pool.

Themore vesicles released in response to the first action potential, the fewer there are left to be
released in response to the second action potential that quickly follows. Therefore the amplitudes
of thefirst and second EPSCs are negatively correlated. In particular, if extracellular calcium con-
centration [Ca]o is high, the release probability and therefore the synaptic strength are high. The
price to be paid for such a strong synapse is pronounced depression. In contrast, if [Ca]o is low
and synaptic transmission accordingly weaker, synaptic depression is limited or absent. In
in vitro experiments, [Ca]o is determined by the concentration of calcium in the extracellular
medium (artificial cerebrospinal fluid); typical values range from 1.0 to 2.0 mM. In vivo, [Ca]o
fluctuates in an activity-dependent way such that elevated neuronal activity reduces [Ca]o.

Synaptic Facilitation
Originally, it was thought that facilitation occurs when presynaptic calcium levels do not

fall back to the baseline level after an initial presynaptic action potential (Fig. 4.2A and B). The
excess calcium from the first action potential rapidly diffuses in the terminal and leads to a
small increase in the new “baseline” calcium level at the time of the next action potential
(assuming little time has elapsed between the two action potentials). However, experimental
measurements have shown that the residual calcium increase after a presynaptic action
potential is too small to explain facilitation. Two possible, alternative mechanisms have
been described. The first proposes the presence of two distinct calcium sensors for triggering
synaptic release. The main calcium sensor is synaptotagmin, which controls release of synaptic
vesicles. Synaptotagmin binds calcium with low affinity but fast kinetics (rates) and is there-
fore the ideal sensor for action potential-induced increases in calcium. In this first model, the
residual calcium acts on a different calcium sensor than synaptotagmin; higher-affinity calcium
sensors could track the residual calcium concentration to mediate synaptic facilitation
(Fig. 4.2C). In the second proposed mechanism, a fast buffer binds calcium before it has
reached the release sites. Therefore only accumulated intracellular calcium past the saturation
of the buffer will succeed in reaching the release sites to enable synaptic transmission
(Fig. 4.2D).

Reserve Pool Recycling Pool
Readily

Releasable
Pool

FIGURE 4.1 Synaptic vesicles are
organized into three different pools:
reserve pool (largest fraction of vesi-
cles), recycling pool, and readily
releasable pool. Vesicles in the reserve
pool cannot be directly released.
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FIGURE 4.2 Mechanisms of synaptic facilitation. (A) Pair of excitatory postsynaptic currents (EPSCs). The
amplitude of the second EPSC is larger because of facilitation. (B) Classical model of facilitation. The calcium con-
centration at the release site does not return to baseline such that the peak calcium concentration is higher in response
to the second presynaptic action potential. (C) Facilitation can also be explained by a second, high-affinity sensor to
which the low concentration of residual calcium binds. (D) Facilitation can also be explained by the presence of a
high-affinity calcium buffer that prevents calcium from reaching the release site. Only when this buffer is saturated
can the excess calcium reach the release site [1].
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Modeling Short-Term Plasticity
Both depression and facilitation dynamics can be modeled by a system of two state

variables [3]. The first state variable, x, denotes the fraction of available resources at the
synapse and assumes values between zero and one. If the synapse has not been used in a
while, xwill have recovered to one since all resources will be available. In contrast, heavy
use of the synapses will reduce x to zero. These dynamics can be modeled with the same
first-order differential equation that we have encountered throughout the last few chapters
(for an introduction to the mathematics see toolbox: Differential Equations).

dx
dt

¼ ð1 # xÞ
sd

(4.1)

This equation describes how x converges to xN ¼ 1 with time constant sd, in effect
modeling the recovery from depression. We can extend Eq. (4.1) to reduce xeach time there
is a presynaptic spike. Mathematically, we denote such events that are limited to an infinitely
short durationdin essence the moment of occurrencedwith the so-called Dirac delta function:

dðt # tspÞ (4.2)

which denotes the occurrence of a spike at time point tsp. Each time there is a spike, we spend
a certain fraction u of our remaining synaptic resources. Therefore the complete equation
reads:

dx
dt

¼ ð1 # xÞ
sd

# uxdðt # tspÞ (4.3)

To model facilitation, we turn u, the fraction of resources used in response to a presynaptic
spike, into a state variable. Similar to x, u assumes values between zero and one. Each time a
presynaptic spike occurs, we increase state variable u by Usp.

du
dt

¼ Uspdðt # tspÞ (4.4)

However, if no presynaptic spike has occurred, u needs to converge to uN ¼ 0 such that at
the next spike, u ¼ Usp again. We can enforce this by adding a “# usf” term to the right-hand
side of the equation; the time constant sf defines how fast the synapse recovers from facilita-
tion. We also want to make sure that u cannot grow beyond 1, which we enforce by
increasing u not by Usp but rather by Usp multiplied with (1 # u). The final system of equa-
tions then reads:

du
dt

¼ # u
sf

þ Uspð1 # u# Þdðt # tspÞ

dx
dt

¼ ð1 # xÞ
sd

# uþ x# dðt # tspÞ
(4.5)

We have fine-tuned our notation and added plus and minus signs to the state variable
changes induced by action potentials to clarify if the values just before (eg, u# ) or just after
(eg, uþ ) the occurrence of the spike need to be used.
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This model accurately reproduces short-term dynamics of synapses measured in experi-
ments. If the time constant of facilitation is much larger than the time constant of depression,
then the synaptic plasticity is dominated by facilitation. In the opposite case, where sd >> sf,
the synapse is dominated by short-term depression, since any facilitation quickly recovers
because of the comparably fast time constant sf. If facilitation dominates, synapses preferen-
tially respond to high-frequency input since under these circumstances facilitation dominates.
In contrast, if depression dominates, high-frequency input quickly reduces synaptic strength
and thus low-frequency input is preferentially transmitted to the postsynaptic neuron. There-
fore, by balancing depression and facilitation, the temporal filtering properties of synapses
can be adjusted. Short-term plasticity plays other fundamental roles and provides the
substrate for computation and signal processing. For example, synaptic depression enables
selective responses to the onset of sensory stimuli since repeated activation of the same
synapses will lead to reduced postsynaptic responses because of increasing depression of
the afferent synapses.

LONG-TERM PLASTICITY

The basis of learning and memory is the ability of neuronal networks to change in response
to external input in a way that the changes are maintained for prolonged periods and previ-
ously experienced input can be retrieved. At the cellular and synaptic level, the changes to the
networks that enable such memory formation, maintenance, and retrieval are changes in syn-
aptic strength. Excitatory synapses can both become stronger (potentiation) and weaker
(depression) on much longer time scales than for the short-term plasticity discussed earlier.
The traditional approach to experimentally induce such long-term plasticity is based on
temporally patterned stimulation of afferent pathways. The main experimental system for
the study of long-term plasticity in mammals is stimulation of the Schaffer collaterals and
measurement of the postsynaptic response such as amplitude of the EPSP in hippocampus
CA1 (see chapter: Microcircuits of the Hippocampus). High-frequency stimulation induces
long-term potentiation (LTP, Fig. 4.3, top), whereas low-frequency stimulation induces long-
term depression (LTD, Fig. 4.3, bottom). Alternatively, both LTP and LTD can be introduced
by pairing pre- and postsynaptic action potential firing (spike-timing-dependent plasticity,
STDP): if a presynaptic spike occurs briefly before a postsynaptic spike, the synapse is
strengthened (“pre before post”); if the order is reversed (“post before pre”) the synapse is
weakened. These mechanisms are forms of Hebbian plasticity, a theoretical concept that was
postulated before any experimental evidence of long-term synaptic plasticity had been found
[4]. According to this theory, if neuron A repeatedly makes neuron B fire an action potential,
then the synapse from A to B is strengthened.

Converging evidence shows that the induction of long-term synaptic plasticity critically
depends on postsynaptic influx of calcium through N-methyl-D-aspartate (NMDA) receptors.
In fact, the postsynaptic calcium levels will determine if a synapse is weakened or strength-
ened, as a function of how elevated the calcium concentration is. We will first review several
key experimental observations and then proceed to a simple model that elegantly captures
the main features that define the dynamics of the plastic changes.
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Mechanism of LTP and LTD
The mechanism of LTP has been subject to one of the most intense and protracted debates

in neuroscience [6]. The main point of contention was whether LTP is mediated by a pre- or a
postsynaptic mechanism. Today, most evidence points toward a postsynaptic localization.
However, note that the mechanism depends on the type of synapse. While LTP in CA1 in
response to the stimulation of the Schaffer collaterals (see chapter: Microcircuits of the
Hippocampus) is driven by a postsynaptic mechanism, other synapses exhibit different forms
of LTP. For example, the mossy fiber synapses on CA3 pyramidal cells exhibit LTP that is a
presynaptic form of plasticity. This type of LTP is independent of the activation of NMDA
receptors. The postsynaptic nature of LTP in CA1 can, for example, be demonstrated by a
technique called glutamate uncaging. In such an experiment, “caged glutamate” is used that

S
yn

ap
tic

 S
tre

ng
th

 [%
 B

as
el

in
e]

Time [min]
Conditioning

Stimulus
(50 Hz)

-30 300

100%

Long-Term Potentiation (LTP)

S
yn

ap
tic

 S
tre

ng
th

 [%
 B

as
el

in
e]

Time [min]
Conditioning

Stimulus
(3 Hz)

-30 300

100%

Long-Term Depression (LTD)

FIGURE 4.3 Top: Long-term potentiation (LTP) induced by a 50-Hz conditioning stimulus of the afferent
pathway. Bottom: Long-term depression (LTD) induced by a 3-Hz conditioning stimulus of the afferent pathway.
Adapted from Dudek SM, Bear MF. Homosynaptic long-term depression in area CA1 of hippocampus and effects of N-methyl-
D-aspartate receptor blockade. Proc Natl Acad Sci USA 1992;89(10):4363e7.
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does not bind to glutamate receptors. Two-photon excitation is then used to selectively
“uncage” glutamate molecules close to a single dendritic spine to cause a miniature EPSC
(mEPSC) that has the same waveform and amplitude as spontaneously occurring mEPSCs.
When such activation is combined with postsynaptic depolarization, LTP is induced (in
the absence of any presynaptic activation). This process depends on NMDA receptors. The
strengthening and weakening of glutamatergic synapses by LTP and LTD, respectively, is
driven by changes in the number and type of a-amino-3-hydroxy-5-methyl-4-
isoxazolepropionic acid (AMPA) receptors that are located in the synapse. LTP is associated
with an increase in the number of receptors; LTD is associated with a decrease in the number
of receptors. The process of moving AMPA receptors into and out of synapses is referred to as
AMPA receptor trafficking. Also LTP is associated with phosphorylation of AMPA receptors,
which increases the conductance of the AMPA receptors. The phosphorylation is mediated by
calcium/calmodulin-dependent kinase II (CaMKII). LTD has been proposed to mirror the mech-
anism of LTP; indeed, calcineurin, a calcium/calmodulin-dependent protein phosphatase, has
been implicated in LTD. One attractive feature of these opposing effects of CaMKII and cal-
cineurin is their differential higher calcium affinity. Calcineurin has a higher affinity and is
thus activated for lower [Ca]i than CaMKII. This matches the role of [Ca]i in LTP and LTD.

Spike-Timing-Dependent Plasticity
STDP is a mechanism by which LTP and LTD can be introduced [7]. STDP changes syn-

aptic strength as a function of the timing between the presynaptic and the postsynaptic action
potential (Fig. 4.4). The occurrence of a presynaptic spike a few milliseconds before a postsyn-
aptic spike increases synaptic strength. The shorter the time elapsed between the two spikes,
the larger the change in synaptic weight. In contrast, the occurrence of a postsynaptic spike a
few milliseconds before a presynaptic spike weakens synaptic strength. Again, the shorter the
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FIGURE 4.4 Spike-timing-dependent plasticity
(STDP). If the presynaptic spike occurs before the
postsynaptic spike (“pre before post”), the synapse is
strengthened (red, LTP, long-term potentiation). If
the postsynaptic spike occurs before the presynaptic
spike, the synapses are weakened (blue, LTD, long-
term depression). Typically, two action potentials
need to occur within at most a few tens of millisec-
onds for STDP to be recruited.
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time interval between the two spikes, the larger the resulting change in synaptic strength. The
existence of STDP supports the presence of neural codes that employ precise timing of indi-
vidual action potentials, because a change in spike time of only a few milliseconds can have
opposite effects on the change of synaptic strength. Interestingly, the temporal properties of
STDP are altered by neuromodulators such as dopamine (see chapter: Neuromodulators).

Modeling Long-Term Plasticity
In mathematical models [8], the strength of a synapse is called synaptic weight W. We start

by defining the function U([Ca]i), which describes how changes in the synaptic weight
(strength) W depend on the postsynaptic, intracellular calcium levels [Ca]i (Fig. 4.5). This
function has three distinct regions corresponding to low, intermediate, and high [Ca]i
(measured relative to baseline levels). For low levels, U ¼ 0, not enough calcium elevation
has occurred to trigger synaptic plasticity. For intermediate levels, U < 0, synapses decrease
in strength (LTD). For high levels, U > 0, synapses are potentiated (LTP).

Since U defines the rate of change of synaptic weight W, we can write:

dW
dt

¼ hU
!
½Ca'i

"
(4.6)

where h denotes the learning rate, which dictates how fastW changes over time. The problem
with this model is that as soon as U is nonzero, W will grow without bounds. As an unstable
system, it would be a poor model of changes in synaptic strength. To solve this problem, we
will now add a decay term, so that the equation reads:

dW
dt

¼ h
!
# W þ U

!
½Ca'i

""
(4.7)

We recognize that this equation is very similar to the other first-order linear differential
equations discussed so far (see toolbox: Differential Equations) with the only difference being
that the nonzero steady-state value depends on [Ca]i. Although we introduce a stable
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FIGURE 4.5 Omega function de-
fines change rate of synaptic weight as
a function of intracellular calcium
concentration [Ca]i.
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equilibrium with this change, we made things worse in the sense that now changes in W are
only transient, since [Ca]i will return to baseline (and we want the synapse to remain in its
altered state). After transient influx of calcium, changes in postsynaptic strength should be
maintained. We can make the learning rate h depend on [Ca]i so that for low [Ca]i (eg,
once [Ca]i returns to baseline) no more change to W occurs, that is, dW/dt ¼ 0. For example,
h can exhibit a sigmoidal dependence on [Ca]i (Fig. 4.6).

The complete model is then given by:

dW
dt

¼ h
!
½Ca'i

"!
# W þ U

!
½Ca'i

""
(4.8)

such that if [Ca]i is low, the rate of change of W is zero and therefore the synapses stay at the
augmented level induced by the transient calcium change. It is important to note that this is a
phenomenological model that significantly abstracts from the underlying neurobiology.

Next, we need to understand how the calcium current through NMDA receptors (chapter:
Synaptic Transmission) affects [Ca]i. We assume first-order kinetics such that:

d½Ca'i
dt

¼ # 1
sCa

½Ca'i þ INMDA (4.9)

where the clearance of the elevated [Ca]i occurs with rate sCa (typically w20 ms) and the
change rate of [Ca]i is proportional to the NMDA current INMDA.

Next, we need to investigate under what circumstances the postsynaptic cell depolarizes in
a way that enables activation of NMDA receptors. Importantly, the dendrites depolarize not
only because of presynaptic input but also because of depolarization induced by action
potential firing that propagates back into the dendrites, backpropagating action potentials
(see toolbox: Neurons). The time course of the backpropagating action potential has a slow
and fast decay time constant (sslow and sfast, respectively) such that the change in membrane
voltage DVBP

m induced is:

DVBP
m ¼ Ae#

t
sfast þ Be#

t
sslow (4.10)
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where A and B are constants. The depolarization induced by the backpropagating action
potential will remove the magnesium block from the NMDA channels and enable sustained
calcium influx through these receptors. Because of the slower component of the backpropa-
gating action potential, significant calcium influx can occur. This model can explain STDP
(Fig. 4.7). If the postsynaptic spike occurs before the presynaptic spike, a substantial (namely,
the fast-decaying) part of the backpropagating action potential is already over before gluta-
mate (released in response to presynaptic action potential) binds to the NMDA receptors.
Therefore incomplete synergy between pre- and postsynaptic activity moderately enhances
calcium influx through NMDA receptors, leading to long-term depression. In contrast, if
the presynaptic spike occurs briefly before the postsynaptic spike, then the backpropagating
action potential will induce a postsynaptic depolarization that coincides with the time
window in which glutamate is bound to the NMDA receptors. This maximized synergy
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causes a more pronounced elevation of intracellular calcium leading to long-term
potentiation.

Stability is one of the key challenges that come along with the amazing flexibility of
synapses to change their strength through plasticity. As we have already seen, imposing a
mechanism that prevents unlimited potentiation was crucial for building a phenomenological
model. However, limiting the strengthening of synapses is not only a mathematical issue
when building models but also a real issue in biological systems. An early model that brought
together activity-dependent strengthening and weakening to keep synaptic strength flexible
yet stable is the BienenstockeCoopereMunro model (often abbreviated as the BCM model of
plasticity [9]). Developed based on theoretical considerations, the BCM model made
important predictions (particularly about the existence of activity-dependent weakening)
that have spurred the discovery and study of LTD. The main features of the model resemble
the previously introduced model. We provide a brief summary next.

The BCM model also follows a differential equation that describes the change in synaptic
weight W over time:

dWðtÞ
dt

¼ FðcðtÞÞbðtÞ # εWðtÞ (4.11)

where b(t) denotes presynaptic activity and F(c(t)) is a function of postsynaptic activity c(t).
The function F(c) changes its sign at the so-called modification threshold qM such that F(c) <
0 for values of c < qM and F(c) > 0 for c > qM. Furthermore, we recognize the term # εW(t) as
a stability-inducing decay term. Thus if c(t) is large (above threshold), then synaptic weightW
will increase as a function of presynaptic activity. However, if little postsynaptic activity
occurs such that c(t) is below threshold, the synaptic weight W will decrease, since the
term F(c(t))b(t) will be negative. The modification threshold can be chosen to be the long-
term average of postsynaptic activity c(t). Finally, the parameter ε defines how fast W
changes.

SUMMARY AND OUTLOOK

This chapter introduced short-term and long-term synaptic plasticity. First, we discussed
that changes in presynaptic intracellular calcium concentration can mediate both short-term
depression and facilitation of synaptic strength, depending on the activity level of the
presynaptic neuron. We then derived a phenomenological model that captures both
depression and facilitation. Second, we discussed long-term synaptic plasticity, which again
is a function of intracellular calcium concentration, but in this case of the postsynaptic
neuron. Finally, we reviewed the required timing of pre- and postsynaptic activity that
evokes such longer-lasting changes to synaptic strength. Learning and memory crucially
depend on synaptic plasticity. The importance of timing of neuronal activity for inducing
synaptic plasticity cannot be overstated. We will revisit this concept in the unit Cortical
Oscillations, in which we will discuss the functional role of rhythmically timed activity.
We will also encounter plasticity in the chapter “Noninvasive Brain Stimulation,” where
we will talk about the mechanisms by which the effects of stimulation outlast the application
of stimulation.
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Abstract. Association of a presynaptic spike with a
postsynaptic spike can lead to changes in synaptic efficacy
that are highly dependent on the relative timing of the pre-
and postsynaptic spikes. Different synapses show varying
forms of such spike-timing dependent learning rules. This
review describes these different rules, the cellular mech-
anisms that may be responsible for them, and the
computational consequences of these rules for informa-
tion processing and storage in the nervous system.

Introduction

The idea that synaptic plasticity is responsible for
learning and adaptation in neural systems is as old as
the neuron doctrine itself (Cajal 1894). But Donald
Hebb was the first to suggest a precise rule that might
govern the synaptic changes underlying learning: ‘‘When
an axon of cell A is near enough to excite a cell B and
repeatedly or persistently takes part in firing it, some
growth process or metabolic change takes place in one
or both cells such that A’s efficiency as one of the cells
firing B, is increased’’ (Hebb 1949). Hebb’s rule, and the
‘‘Hebb synapse’’ which the rule describes, have been
central concepts in the fields of synaptic plasticity and
the neural basis of learning.

Hebb’s formulation of his rule has several important
features. Causality is one such feature. According to
Hebb, the firing of neuron A must be causally related to
the firing of neuron B, which means in practice that
spikes in neuron A must precede spikes in neuron B. A
simple correlation in which the order of spike times is
unimportant would not fit with Hebb’s hypothesis. A
second feature is the assignment of a critical role to
spikes. This is explicit for the postsynaptic cell and is
implicit for the presynaptic cell since Hebb’s discussion
always considers neuronal interaction as mediated by

spikes. A final feature is one of omission. Hebb’s rule
describes the conditions under which synaptic efficacy
increases but does not describe the conditions under
which it decreases. Theoretical work shows that the re-
versibility of changes in synaptic efficacy is important
not only for forgetting or avoiding saturation of syn-
aptic efficacy (Sejnowski 1977; Bienenstock et al. 1982),
but also for allowing maximum storage of information
(Wilshaw and Dayan 1990).

The central roles of causality and spike-timing in
Hebb’s rule has not always been appreciated. This was
partly due to widespread acceptance of the idea that
information in the nervous system is coded by spike-rate
rather than by the timing of individual spikes. Another
reason for ignoring the possible importance of spike-
timing was that use-dependent synaptic plasticity was
first established by delivering high frequency trains of
stimulation to presynaptic fibers (Lomo 1971; Bliss and
Lomo 1973), and the same methodology has been ex-
tensively employed ever since. Such methodology
ignores the timing of individual spikes.

The idea of spike rate as a means of coding infor-
mation and the use of high frequency trains of stimuli to
induce plasticity suggested correlational rules for syn-
aptic change. In such rules, synaptic weight increases
when the rates of pre- and postsynaptic spike trains are
positively correlated, regardless of the relative timing of
individual spikes. Weights may also decrease when the
correlation is negative. Theoretical work has shown that
neural networks in which synaptic efficacy obeys corre-
lational rules can mediate many adaptive functions and
can store a large number of different input patterns
(Hopfield 1982; Kohonen 1989).

However, recent experimental studies show that cor-
relational learning rules do not capture the full reality of
synaptic plasticity in the nervous system. These studies
show that Hebb was right, and that relative timing of
pre- and postsynaptic spikes can be critical for the di-
rection and magnitude of plastic change. Both potenti-
ation and depression occur at synapses that obey such
spike-timing dependent learning rules. Whether poten-
tiation or depression is induced can depend on
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variations of only a few milliseconds in the relative
timing of pre- and post synaptic spikes during the period
of association. The first section of this paper reviews the
spike-timing dependent learning rules that have been
experimentally established in various systems. This sec-
tion also reviews the cellular mechanisms that have been
demonstrated or suggested to be responsible for the
temporal form of the different learning rules. The second
section reviews theoretical work on the functional or
computational consequences of embedding the different
rules within neural networks. In this paper, the term
‘‘Hebbian’’ is used to describe synaptic plasticity in
which potentiation of an excitatory postsynaptic po-
tential (EPSP) occurs if a presynaptic spike is accom-
panied by an increase in the probability of a
postsynaptic spike during the period of association, and
the term ‘‘anti-Hebbian’’ is used to describe synaptic
plasticity in which depression of the EPSP occurs under
such conditions.

Spike-timing dependent synaptic plasticity

Hebbian plasticity at excitatory synapses

Most recent work in this area has induced changes in
synaptic efficacy by pairing single postsynaptic spikes
with single presynaptic spikes, but some earlier work,
using trains of stimulation or spikes, also indicated the
importance of relative timing for the induction of
plasticity. Hippocampal studies in vivo (Levy and
Steward 1983), in slices (Gustafsson 1987), and in slice
culture (Debanne et al. 1994) all showed that synapses
were potentiated only when trains of presynaptic stimuli
preceded or were concurrent with strong postsynaptic
activation, but that no change or depression occurred
when the presynaptic train followed postsynaptic acti-
vation. Depression occurred at some of these synapses
when presynaptic spikes occurred after the postsynaptic
spikes (Debanne et al. 1994). This last finding suggests
that Hebb’s original rule governing potentiation must be
supplemented with an opponent timing dependent
process of depression. More recent studies also support
such a supplement (Markram et al. 1997; Zhang et al.
1998).

Hebbian plasticity following pairing of individual
spikes was first seen in recordings of cell pairs in layer
V/VI of the mammalian neocortex (Markram et al.
1997). EPSP potentiation resulted from pairings in
which the presynaptic spike preceded the postsynaptic
spike by 10 ms, while EPSP depression resulted from
pairings in which the presynaptic spike followed the
postsynaptic spike by 10 ms. Pairings at 100 ms delays,
in either temporal order, did not result in any change.

Similar bi-directional changes, with potentiation oc-
curring after pairings with presynaptic spike first and
depression after pairings with postsynaptic spike first,
have also been found in the developing optic tectum of
Xenopus (Zhang et al. 1998), in cultured hippocampal
neurons (Bi and Poo 1998), and in vertical connections
onto layer II/III pyramidal cells of the somatosensory

cortex (Feldman 2000). These latter studies tested a large
number of delays between pre- and postsynaptic spikes
and thus provided a finer grained analysis of timing
dependency than the first study by Markram et al.
(1997). In the optic tectum and in cultured hippocampal
cells, no potentiation was observed when the presynaptic
spike preceded the postsynaptic spike by more than
20 ms and no depression was observed when the presy-
naptic spike followed the postsynaptic by more than
20 ms (Fig. 1A). Thus, the time intervals for depression
and potentiation were similar at these two sites. These
time intervals were not similar, however, in layer II/III
pyramidal cells (Feldman 2000). Here, the interval for
depression was considerably longer than the interval for
potentiation (Fig. 1B). All of these learning rules are
asymmetric, in that positive delays (where the postsy-
naptic spike follows the presynaptic spike) have different
effects than negative delays (where the postsynaptic
spike precedes the presynaptic spike). The presence of a
second time interval for depression in hippocampal slices
has been reported (Nishiyama et al. 2000). The second
interval occurs when the postsynaptic spike follows the
presynaptic spike by more than the interval of LTP
(dashed line in Fig. 1A). However, some investigators

Fig. 1. Spike-timing dependent learning rules, where positive time
indicates that the postsynaptic spike follows the presynaptic spike. (A)
Antisymmetric Hebbian learning rule consistent with Markram et al.
(1997), Zhang et al. (1998) and Bi and Poo (1998). A second and later
LTD component (dashed line) has been reported in Nishiyama et al.
(2000). (B) Antisymmetric Hebbian learning rule consistent with
Feldman (2000). (C) Symmetric Hebbian learning rule at the
neuromuscular junction (Dan and Poo 1998). (D) Anti-Hebbian
learning rule that is consistent with data presented in Bell et al. (1997).
The associative LTP component (dashed) is not statistically significant
in vitro, but has been observed in vivo (Bell et al. 1993). (E) Symmetric
anti-Hebbian learning rule (Egger et al. 1999). (F) Theoretical
antisymmetric anti-Hebbian learning rule without non-associative
potentiation
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who have looked for plasticity dependence on the timing
of single spikes have not observed it in hippocampal slice
preparations (Pike et al. 1999).

In each of the above studies, the induction of pot-
entiation depended on activation of n-methyl-d-aspar-
tate (NMDA) receptors and a rise in postsynaptic
calcium. The NMDA receptor dependence provides a
ready explanation for the associativity and asymmetry
of the learning rule. Full opening of the NMDA re-
ceptor channel and the consequent influx of calcium
requires both the binding of glutamate to the receptor
and postsynaptic depolarization (Mayer et al. 1984;
Nowak et al. 1984). The binding of glutamate follows
the release of a transmitter by the presynaptic spike, and
the postsynaptic depolarization is provided by the
postsynaptic spike. Thus, neither the release of gluta-
mate alone nor the postsynaptic spike alone will result
in opening of the receptor. Both must occur at the same
time.

The mechanism for EPSP depression after pairings in
which the presynaptic spike occurs just after the
postsynaptic spike is less clear. Several groups have
suggested that LTD is induced at a lower concentration
of calcium (Lisman 1989; Artola et al. 1990) than re-
quired for induction of LTP. However, parameters of
the timing window for depression are not fully predicted
by the expected calcium concentration alone. In layer
V/VI of the neocortex (Markram et al. 1997) of the
developing frog optic tectum (Zhang et al. 1998) and
cultured hippocampal cells (Bi and Poo 1998), the de-
pression, like the potentiation, depended on activation
of NMDA receptors, but the depression found in layer
II/III cells did not (Feldman 2000). The NMDA de-
pendent depression might be explained by a small influx
of calcium through the NMDA channel even at the
resting membrane potential (Oliet et al. 1997), and
summation of this calcium level with residual calcium
remaining in the cell after activation of voltage gated
calcium channels by the postsynaptic spike, although
this mechanism has not been demonstrated.

The final site for expression of the plasticity, that is,
the step in the synaptic transmission process that
changes as a result of pairing, is also not firmly estab-
lished. However, experiments with paired pulses strongly
suggest that presynaptic changes in transmitter release
are responsible for both potentiation and depression in
the cortical cells of layer V/VI (Markram et al. 1997). In
these experiments, a pair of presynaptic stimulations
generate two postsynaptic potentials that may be of
different amplitudes due to presynaptic mechanisms.
Thus, changes in this amplitude difference following the
induction of synaptic plasticity is considered to be of a
presynaptic origin.

A rather different symmetric learning rule was found
at the developing neuromuscular junction when synaptic
spikes were paired with pulses of acetylcholine (Dan and
Poo 1998). If the spikes and the acetylcholine pulses
were synchronous, there was either no change or a slight
potentiation. All other delays resulted in a strong de-
pression of synaptic efficacy (Fig. 1C). Although the
depression does not require presynaptic spikes, the

rescue from depression does require such spikes. This
depression is probably due to a presynaptic decrease in
transmitter release.

Anti-Hebbian plasticity at excitatory synapses

With anti-Hebbian plasticity, the effect of a presynaptic
input is depressed when it is accompanied by an increase
in the probability of a postsynaptic spike. Such plasticity
tends to decouple neurons and has a variety of other
functional consequences as described below in the
section on implications of different learning rules.

Anti-Hebbian plasticity that obeys an asymmetric
spike timing dependent learning rule has been observed
in the electrosensory lobe of mormyrid electric fish. This
lobe is a cerebellum-like structure where information
from electroreceptors is first processed (Bell et al.
1997b). The plasticity occurs at the excitatory synapse of
parallel fibers onto Purkinje-like cells and depends on
the relative timing of presynaptic input and a postsy-
naptic dendritic spike. Pairings in which the postsy-
naptic spike is evoked within 50 ms of the parallel fiber
stimulus result in depression of the parallel-fiber evoked
EPSP (Fig. 1D). Pairings at all other timing delays, in-
cluding those in which the presynaptic input follows the
postsynaptic spike by a few milliseconds, result in a non-
associative potentiation (Han et al. 2000). In this case,
non-associative plasticity means that there is synaptic
change due to presynaptic spikes only and independent
of postsynaptic spikes.

Synaptic depression in the mormyrid electrosensory
lobe depends on activation of NMDA receptors and an
increase in postsynaptic calcium concentration (Han
et al. 2000). This NMDA dependence explains the
associativity and asymmetry of the learning rule, as in
the cases of spike timing dependent Hebbian plasticity
described in the previous section. The depression
reversed the potentiation and vice versa. Changes in
paired pulse facilitation indicated that both depression
and potentiation are mediated by a presynaptic change
in transmitter release.

Anti-Hebbian plasticity that obeys a symmetric
learning rule is found at synapses between spiny stellate
neurons in Layer IV of the neocortex (Egger et al. 1999).
Depression occurs within a narrow window on either
side of simultaneity, that is, for both positive and
negative delays of up to 10 ms between pre- and
postsynaptic spikes (Fig 1E). The depression requires
activation of metabotropic glutamate receptors and
voltage gated calcium channels, but does not require
activation of NMDA receptors. In contrast to most of
the other forms of spike timing dependent plasticity,
only depression has been observed at this synapse,
making one wonder why the neurons do not simply
decouple as a result of chance occurrences of near si-
multaneity, unless there is an as yet unspecified form of
LTP that reverses this type of LTD. Note that this rule is
approximately the inverse of the rule described above for
the neuromuscular junction (Fig. 1C; Dan and Poo
1998).
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Long term depression (LTD) in the cerebellum

LTD at parallel fiber synapses in the cerebellum is a
form of anti-Hebbian plasticity that has received much
attention. In cerebellar LTD, parallel fiber-evoked
EPSPs in Purkinje cells are depressed following pairing
with climbing fiber activation (Ito et al. 1982; Ito 1989).
The climbing fiber evokes a massive depolarization and
calcium influx in Purkinje cell dendrites (Llinas l980),
and pairing with strong postsynaptic depolarization
elicits LTD in the same way as pairing with climbing
fiber activation (Linden et al. 1991). Thus, the climbing
fiber evokes a response that is very similar to a
postsynaptic spike, and cerebellar LTD is therefore
included in this review of spike timing dependent
plasticity. Note, however, that climbing fiber activity is
controlled by an external nucleus, the inferior olive, and
not by the Purkinje cells themselves. Cerebellar LTD is
therefore a form of supervised learning and distinct from
the unsupervised learning present in the other forms of
plasticity described in this review (Knudsen 1994; Doya
1999).

Cerebellar LTD is believed to be important for motor
learning (Marr 1969; Albus 1971; Ito 1982). Theoretical
work suggests that for LTD to have such a role, it must
be temporally constrained and occur only when parallel
fiber activity precedes climbing fiber activity by 100 to
150 ms (Lisberger 1994; Houk and Alford 1996). How-
ever, experimental studies of cerebellar LTD have not
yet confirmed such timing constraints. Although some
studies suggest a temporally constrained learning rule
similar to that which seems to be necessary on theoret-
ical grounds (Wang et al. 2000; Chen and Thompson
1995), other studies have concluded that LTD requires
that the climbing fiber arrive between 0 and 10 ms after
the parallel fiber input (Lev-Ram et al. 1995). Moreover,
within the literature as a whole, the timing relations that
have been found to elicit LTD range from climbing fiber
first by 1.75 s to parallel fiber first by 250 ms (Ito et al.
1982; Karachot et al. 1994; Schreurs et al. 1996; Chen
and Thompson 1995). Thus, the relative timing of par-
allel fiber and climbing fiber activity that is necessary for
long term depression at the parallel fiber synapse is not
yet established.

There is also no consensus concerning the cellular
mechanisms for induction of cerebellar LTD, and vari-
ous theories have been offered, each supported by ex-
perimental evidence. The theories all agree that the
critical effect of climbing fiber input is to cause a large
influx of calcium through voltage gated calcium chan-
nels, but the theories emphasize different effects of the
parallel fiber input and have varied cellular explanations
for the associativity between parallel and climbing fiber
inputs. In one theory, activation of metabotropic
glutamate receptors by parallel fiber input causes the
formation of diacylglycerol which in turn activates
protein kinase C, but only in the presence of the high
levels of calcium caused by the climbing fiber input
(Linden and Conner 1993; Ito 2001; Crepel and Jaillard
1991). Thus, for this theory, protein kinase C is the
cellular locus of associativity. In a second theory, release

of nitric oxide by the parallel fiber is considered critical.
For this theory, the point of associativity is a guanyl
cyclase in the Purkinje cell that requires both nitric oxide
and high calcium levels (caused by the climbing fiber
input) to make cGMP (cyclic guanosine monophos-
phate), or a cGMP kinase that is downstream of the
nitric oxide activated cyclase which requires calcium as
well as cGMP (Lev-Ram 1995). In a third theory, the
point of associativity is the calcium sensitivity of inosi-
tol-3-phosphate (IP3) receptors in the endoplasmic re-
ticulum (Miyata et al. 2000; Wang et al. 2000).
Activation of metabotropic glutamate receptors by
parallel fiber input causes the formation of IP3 which in
turn causes a release of calcium from internal stores, but
this release is strongly facilitated by high levels of cal-
cium following climbing fiber activation. Description of
the intracellular signaling pathways that are hypothe-
sized to be downstream from these different sites of as-
sociativity is beyond the scope of this review (but see, Ito
2001; Xia et al. 2000).

Although there is no consensus regarding the
mechanisms of induction of cerebellar LTD, there is a
consensus regarding expression, namely that LTD
expression reflects a change in the postsynaptic sensi-
tivity of AMPA receptor mediated current to the
glutamate released by parallel fibers.

One difficulty for LTD as an explanation for motor
learning is that no physiological method has yet been
found for reversing the pairing-induced depression. A
non-associative potentiation of the parallel fiber evoked
EPSP is elicited by high frequency stimulation of the
fibers, but this potentiation is due to a presynaptic in-
crease in transmitter release and thus can not reverse the
postsynaptic depression caused by associative LTD
(Salin et al. 1996). If these two forms of plasticity are the
only ones operating, and if neither can be reversed, then
a point would be reached, due to learning or to random
associations, at which the presynaptic terminal is re-
leasing a maximum amount of transmitter and the
postsynaptic cell is responding minimally, with no
further change possible.

Plasticity at inhibitory synapses

Inhibition is as important as excitation for brain
function, and plasticity has been demonstrated at a
number of different inhibitory synapses (Komatsu and
Iwakiri 1993; Korn et al. 1992; Kano et al. 1992; Hirano
2000; Holmgren and Zilberter 2001). However, the
learning rules governing plasticity at inhibitory synapses
are not yet well established. In one case, for example,
two different laboratories have obtained different results
with regard to associativity at the same synapse, the
synapse between inhibitory interneurons and Purkinje
cells in the cerebellum. Kano et al. (1992) found that
inhibition at the synapse between inhibitory interneu-
rons and Purkinje cells was increased when depolariza-
tion of the Purkinje cell was paired with interneuron
activity, whereas depolarization alone had no effect. In
contrast, Hirano et al. (1991) found that depolarization

395



of the Purkinje cell alone did cause a potentiation of
interneuron inhibition. Surprisingly, the latter authors
even demonstrated a type of ‘‘anti-associativity’’ at this
synapse. If activity of an interneuron was paired with
postsynaptic depolarization, potentiation of the inhibi-
tion is suppressed.

The required timing relations have not been deter-
mined for inhibition in the cerebellum, but a type of
spike timing dependent learning rules has been estab-
lished for inhibitory synapses onto neocortical neurons
(Holmgren and Zilberter 2001). Pairing presynaptic
spikes with postsynaptic bursts in pyramidal cells pro-
duced depression of the inhibitory postsynaptic current
when the presynaptic stimulus was coincident with the
postsynaptic burst, or within 50 ms after the end of the
burst, and potentiation if the presynaptic stimulus fol-
lowed the burst with a delay of 400–800 ms.

Implications of spike-timing dependent learning rules

Relationships between spike timing dependent learning
rules and other learning rules

Spike-timing dependent learning rules will sometimes
have the same or equivalent computational consequenc-
es as learning rules that ignore the precise timing of
spikes. Equivalence of the two types of rules will depend
on how the spike trains encode information and can be
identified by investigating the learning dynamics of each
learning rule. By learning dynamics we mean how the
learning rule changes synaptic weights and neuronal
activity in a network. Equivalence is important because,
once established, it allows one to determine the compu-
tational consequences of spike timing dependent rules
from previous theoretical work on rules that do not
depend on precise timing. We therefore examine the
conditions under which the effects of spike timing
dependent rules are similar to those of timing indepen-
dent rules.

Associative learning rules based on spike rates in the
pre- and postsynaptic cells are the most common types
of rule in which the precise timing of spikes is ignored,
with spike rate being modeled as a continuously vary-
ing parameter. An equivalent rate-based learning rule
can be derived for any spike-timing dependent learning
rule by calculating how synapses governed by the
timing dependent learning rule respond to variations in
the firing rates of pre- and postsynaptic neurons. The
equivalent rate-based learning rule is obtained by de-
termining how variations in the spike rates, as mea-
sured during a suitable time window (the time-average),
affect synaptic efficacy (Kempter et al. 1999). Infor-
mation about the timing of individual spikes is lost, of
course, in computing the time average. Thus, a unique
rate based rule can be derived from a spike timing
dependent rule for a specified neuronal architecture and
input pattern. However, the reverse is not true. One
cannot derive a unique spike-timing dependent rule
from a rate-based rule. Equivalence between spike
timing dependent rules and rate-based rules is present

when all of the information in the spike trains is con-
veyed by mean rate.

The effects of averaging can be seen by computing the
ensemble average, which is the average over a large
number of identically prepared experiments. The aver-
age in this case is calculated by integrating over a spike
probability function. Suppose the change of a synaptic
weight, w, at the time of a presynaptic spike can be
expressed as,

4wðtpreÞ ¼ a þ F ðwÞLðtpost % tpreÞ ð1Þ

where a is a constant representing a non-associative
component of the synaptic change, LðtÞ is the spike-
timing dependent learning function, and F ðwÞ is a
function of the weight (Rubin et al. 2001). If we set
the non-associative term to zero and assume that the
changes in weights are small for each presynaptic spike
so that we can approximate the synaptic change
continuously,

h 4wðtpreÞi ¼hF ðwÞLðtpost % tpreÞi

¼k
Z

Lðt0 % tpreÞPpostðt0Þdt0 ; ð2Þ

where PpostðtÞ is the probability of a postsynaptic spike at
time t.

Hebbian spike timing dependent learning rules, in
which synaptic efficacy increases when the presynaptic
spike comes before the postsynaptic spike but decreases
when it comes afterwards (Fig. 1A and B), can be shown
mathematically to yield a differential Hebbian learning
rule under conditions of time averaging, that is, when
mean spike rate is considered to be the information
bearing parameter (Roberts 1999; Rao and Sejnowski
2000). The first mode of the spike-timing learning
function, LðtÞ, dominates if the LTP timing window is
nearly antisymmetric as in the cases shown in Fig. 1A
and 1B. This leads to a differential Hebbian learning rule
(Roberts 1999), such that

h4wðtpreÞi /
d

dt
PpostðtÞjt¼tpre : ð3Þ

A differential Hebbian learning rule is one in which
synaptic efficacy increases when the correlation between
the derivative of the presynaptic spike rate and the
derivative of the postsynaptic spike rate is positive, but
decreases when that correlation is negative.

The differential Hebbian learning rule (Kosko 1986)
has a close connection to models of classical condition-
ing. Networks in which synaptic efficacy is governed by a
differential Hebbian learning rule can implement a
computational algorithm known as the ‘temporal dif-
ference algorithm’ (Klopf 1988) which has been shown
to successfully model classical conditioning (Sutton and
Barto 1981). A coarse-grained version of differential
Hebbian learning is equivalent to the time difference
learning rule:

h4wðtÞi / 1

t % t0
ðPpostðtÞ % Ppostðt0ÞÞ : ð4Þ
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The temporal-difference algorithm measures the differ-
ence between the value of a functionally relevant
quantity at different times. If the quantity represents
an error, then an algorithm that minimizes that error
will improve performance if the task is repeatedly
performed. Together, these results imply that classical
conditioning can be mediated by a network in which the
synapses are governed by a Hebbian spike-timing
dependent learning rule (Rao and Sejnowski 2001).

Spike timing dependent learning rules, like other
learning rules, can lead to a strengthening of those in-
puts to a neuron that show correlated spike activity:
‘‘Neurons that fire together wire together’’(Aamodt and
Constantine-Paton 1999; Willshaw 1976). However,
there are some differences among the types of spike-
timing dependent rules with regard to the effects of
correlated inputs. A learning rule in which the LTD
portion of the rule has a larger area than the LTP por-
tion (Fig. 1B; Feldman 2000) results in a competitive
process whereby correlated inputs are strengthened and
uncorrelated inputs are weakened (Song et al. 2000). In
contrast, a spike timing dependent learning rule in which
the LTP and LTD portions are equal in area (Fig. 1A)
will result in neither the strengthening of correlated in-
puts nor the weakening of uncorrelated inputs unless
additional features are added. A rule with equal LTP
and LTD areas will result in the strengthening of cor-
related inputs, however, if the amount of potentiation is
inversely proportional to the original synaptic weight
before pairing (van Rossum et al. 2000). Such an inverse
relation, in which initially large EPSPs increase less than
initially small EPSPs, has been observed experimentally
in cultured hippocampal neurons (Bi and Poo 1998).
Weakening of uncorrelated inputs, that is, competition,
will occur with this latter learning rule if a global scaling
of all synaptic inputs is present, based on the level of
postsynaptic activity (van Rossum et al. 2000; Turrigano
1998).

An inverse relation between initial synaptic weight
and potentiation as a result of learning has an important
effect on the final distribution of synaptic weights after
training with correlated inputs. Such an inverse relation
is referred to as a ‘multiplicative’ rule of change and
results in a unimodal distribution of synaptic weights
after the training period, some being stronger and others
weaker. In contrast, an ‘additive’ rule, in which efficacy
increases by a fixed amount, or a fixed percentage, of the
original weight, results in a bimodal distribution of
weights in which the correlated inputs are saturated at
their maximum values and the weights of all other inputs
are minimized. The distribution of synaptic weights onto
most real neurons appears to be unimodal, suggesting
that multiplicative rules of change are more common
than additive rules in nature. In the case of an additive
learning rule, the function F ðwÞ in Eq. (1) is independent
of the weight so that F ðwÞ ¼ k (Roberts and Bell 2000;
Song et al. 2000). In a multiplicative learning rule, the
function F ðwÞ is linearly dependent the weight so that
F ðwÞ ¼ kw (Rubin et al. 2001).

Surprisingly, spike-timing dependent learning rules,
like those shown in Fig. 1A, B and C in which LTP and

LTD depend on the order of pre- and postsynaptic
spikes, are not equivalent to covariant learning rules
based on mean rate (Sejnowski 1977). In covariant rules,
the synaptic weights are increased when the correlation
between pre- and postsynaptic rates is positive, but de-
creased when the correlation is negative. Covariant
learning rules have been widely used in studies of in-
formation storage in artificial neural networks. The lack
of equivalence between the two types of rules is due to
the asymmetric temporal properties of the spike timing
dependent rules. More specifically, opposite changes
occur on either side of zero delay between pre- and
postsynaptic spikes and would require the additional
non-associative terms to the learning rules for equiva-
lency. The covariant rate-based learning rule compares
the relative rates of pre- and postsynaptic activity during
a time window centered on zero delay. In contrast, an
anti-Hebbian spike timing dependent learning rule
found in mormyrid electric fish (Fig. 1D) has been
shown to be equivalent to an anti-covariant rule based
on mean rate (Roberts and Bell 2000).

Thus, learning rules in which spike-rate is the con-
trolling parameter will sometimes be equivalent to spike-
timing dependent rules and sometimes not. It must be
emphasized that spike-rate based rules often compute
spike-rates by averaging over a hundred milliseconds or
more (Bienenstock et al. 1982). In contrast, spike-timing
based rules can be sensitive to variations in spike-timing
of less than a millisecond (Gerstner et al. 1996). If the
time window within which averages are computed is
made smaller and approaches millisecond or sub-milli-
second durations, then a spike-rate based rule becomes
indistinguishable from a spike-timing based rule. At this
point, however, a formulation of the rule in terms of
spike-timing is both simpler and easier to understand
physiologically than a formulation in terms of spike-
rate.

Spike-timing dependent learning rules
and the stability of neural networks

Networks with synapses governed by Hebb’s original
rule, which only allows for increases in strength, are
dynamically unstable because synaptic strength can
grow without bounds unless additional properties are
included that limit synaptic strength. Since most of the
spike-timing learning rules found in biological systems
are bi-directional, having both an LTP and an LTD
component, these learning rules can, in principle, limit
the changes in synaptic strength. Not only can synaptic
strength be limited with spike-timing dependent learning
rules but such rules can also force the spike output rate
of postsynaptic neurons to a fixed-point determined by
the parameters of the learning rule.

Spike-timing dependent learning rules that have a
larger LTD component than LTP component (Fig. 1B;
Feldman 2000) have been shown to force the membrane
potential of the postsynaptic neuron to a level near the
spike threshold (Song and Abbott 2000). This has the
advantage of tuning the postsynaptic neuron to a level of
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excitation where it is most sensitive to variations in the
input signals. Spike-timing dependent learning rules in
which the LTP and LTD components are equal do not
show this forcing of the membrane potential toward the
spike threshold.

Synapses with anti-Hebbian learning rules typically
do not have stability problems. Anti-Hebbian learning
can lead to reductions in synaptic excitation to the point
of silencing the postsynaptic cell unless there is an LTP
component as well as an LTD component to the rule or
some global renormalization mechanism. The anti-
Hebbian spike-timing dependent learning rule found in
mormyrid electric fish has such an LTP component, the
LTP being non-associative (Fig. 1D). The combination
of an associative LTD and a non-associative LTP forces
the synaptic strengths to change in such a way that the
final average spike frequency is at a level determined by
the ratio of the learning rates for LTD and LTP (Rob-
erts and Bell 2000). A similar fixed point is reached with
another anti-Hebbian learning rule that has an associa-
tive potentiation component (Fig. 1F; Kashimori and
Kambara 2000). In this latter case, however, stability of
the fixed point requires a non-associative potentiation in
the learning rule.

Recurrent excitatory connections in which the neu-
rons excite other neurons in the network are common in
many neural structures. Networks with such recurrent
connections can act as neural integrators (Seung et al.
2000) although excitatory recurrent connections provide
positive feedback that is inherently destabilizing. Such
instability is minimized in a neural network if the ex-
citatory synapses are governed by an anti-Hebbian
spike-timing dependent learning rule in which depres-
sion occurs if the post synaptic spike follows the presy-
naptic spike and potentiation occurs if the postsynaptic
spike comes first (Fig. 1F; Xie and Seung 2000). Such a
learning rule reduces instability by reducing the strength
of synapses carrying recurrent spikes.

New synaptic weights must remain stable after
learning has occurred if information is to be reliably
stored in a network . When synapses contribute signifi-
cantly to the generation of postsynaptic spikes, spike-
timing dependent learning rules have been shown to
stabilize learning. After a learned distribution of syn-
aptic weights has been established, the new spike-rates
remain stable except for fluctuations due to noise
(Kempter et al. 1999), even though the individual
synaptic weights may fluctuate. Thus, spike-timing
dependent learning rules allow for the stable storage of
information in synaptic weights, even in the presence of
the random variations in spike-timing that are present in
all neural systems.

Processing and storage of temporal information

The question as to whether information in the brain is
coded in terms of the precise timing of individual spikes
or in terms of mean spike-rate is a central issue in
neuroscience. The discovery of spike-timing dependent
learning rules in the brain provides a strong argument

for the importance of coding in terms of spike-timing.
The fact that small, near millisecond, differences in the
relative timing of two spikes can have radically different
effects on synaptic efficacy strongly suggests that such
small differences can also reflect significant changes in
information content.

Neural networks in which synaptic efficacy is gov-
erned by spike-timing dependent synaptic learning rules
inherit the exquisite timing sensitivity of the learning
rule. Such networks can store precise temporal infor-
mation in a static set of synaptic weights (Gerstner et al.
1993). It has been argued that rate based learning rules
require integration over a longer time period and cannot
therefore store temporal information with the same level
of precision (Kempter et al. 1999).

An alternative to time averaging spikes from an in-
dividual neuron would be to average the spikes from a
population of neurons (Shadlen and Newsome 1994).
The disadvantage of this scheme is that spatial resolu-
tion would be lost because the neurons in the circuit
would be contributing to the average rate and not car-
rying specific information individually. The temporal
resolution of a network in which synaptic efficacy is
controlled by a spike-timing based rule depends on the
temporal resolution of the rule and on the temporal jitter
or noise in the spike generation process. The actual
temporal patterns that such networks can learn to dis-
criminate or to generate depend on conduction and
transmission delays within the network (Bi and Poo
1999).

Modeling studies have shown that networks which
implement Hebbian spike-timing based rules (such as
those shown in Fig. 1A and B) can learn to predict the
next step in a sequence of inputs (Roberts 1999; Abbott
and Blum 1996). Such a learning mechanism could be
responsible for classical conditioning in which neuronal
responses to conditioned stimuli predict the uncondi-
tioned stimuli after a learning period in which the two
stimuli are presented repeatedly in the same sequence
(Roberts 1999; Rao and Sejnowski 2001). Another ex-
ample is provided by the hippocampus, where a mod-
eling study showed that the asymmetric timing of a
Hebbian spike based learning rule allows for the antic-
ipation of spatial position during learning (Blum and
Abbott 1996), and where an experimental study of place
cells found such anticipatory neural activity during ad-
aptation to a new environment (Mehta et al. 1997).

Anti-Hebbian spike-timing dependent synaptic plas-
ticity has been shown to allow for the storage of tem-
porally precise negative images of sensory input
(Roberts and Bell 2000). A well characterized example of
this is found in the electrosensory system of mormyrid
electric fish (Bullock and Heiligenberg 1986). A subset of
the fish’s electrosensory afferents, the ampullary affer-
ents, are tuned to be sensitive to externally generated
electric signals such as those generated by other moving
organisms. However, these fish generate their own elec-
tric signals that are used for navigation and communi-
cation. These electric discharges will interfere with the
subtle external signals unless some mechanism exists to
eliminate the reafferent signal.
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Mormyrid electric fish increase the sensitivity of the
ampullary afferent system by using the motor signal to
their electric organ as a reference for canceling their re-
sponse to their own electric discharge. A collateral from
the motor pathway relays timing information to the
electrosensory processing system. This information
consists of a series of time delayed inputs that are pre-
sented to the plastic synapses of cells that also receive
primary sensory input. By pairing the motor command
signal with the reafferent electrosensory signal, the tem-
poral pattern of the ampullary afferent response is stored
in the electrosensory processing system. The system al-
lows for the subtraction of predictable sensory features
from the sensory inflow (Fig. 2; Bell et al. 1997a).

Modeling studies show that implementation of the
spike-timing dependent learning rule measured in slice
preparations (Fig. 1C) results in the storage of images
that are stable and faithful negative copies of the
original sensory response patterns. The spike proba-
bility after adaptation has taken place can be calculated
as the fixed point of the learning equation (Eq. 2).
If the postsynaptic spike probability is constant,
PpostðtÞ ¼ P̂P , and the average weight change vanishes,
h4wðtpreÞi ¼ 0, then the postsynaptic spike probability
is equal to the ratio of the non-associative to the as-
sociative learning rates, P̂P ¼ a=k. Other spike-timing
dependent learning rules lead to instabilities that distort
the negative image (Fig. 3; Roberts and Bell 2000) and
lead to poor cancellation of the reafferent signal.

The coding of information by means of the exact
timing of spikes can be very sensitive to degradation if

noise in the form of temporal variation is present in the
system. It is often advantageous therefore to convert a
timing code into a rate code that is less subject to de-
gradation by noise (Carr and Friedman 1999). In the
barn owl auditory system, for example, differences in
spike timing as small as 10 ms carry information about
the location of objects in the environment (Brainard
1993). The neural mechanism for measuring such small
differences in the timing of spikes must be tuned and
maintained with great precision. Theoretical studies have
shown that such precise tuning can be created within a
network by means of a spike-timing dependent learning
rule (Gerstner et al. 1996; Kempter 2001). The temporal
resolution of the learning rule must be as precise as the
desired temporal resolution of auditory signals.

Relations between the cellular mechanisms
of spike-timing dependent learning rules
and their computational consequences

Knowledge of the cellular mechanisms of spike-timing
dependent learning rules is of value in its own right and
can provide pharmacological tools for experimentally
investigating the roles of spike-timing dependent plas-
ticity. Knowledge of mechanisms also bears on the
computational consequences of spike-timing based rules
and can suggest computational properties that would
not be recognized otherwise.

Studies of plasticity distinguish between the mecha-
nisms of induction and the mechanisms of expression.

Fig. 2. Cancellation of Predicted Sensory Image. (A) A raster plot of
neuron spike activity recorded in the electrosensory lateral line lobe of
a mormyrid electric fish. Each horizontal trace is triggered by a motor
command signal, C (at time zero on the plot). Each dot represents a
spike and each row represents a cycle of the motor command. The
cycles marked with a black line are paired with an artificial
electrosensory stimulus that simulates an electric organ discharge,
C+S. The neuron is responding with a pause followed by a burst of
spikes to the electrosensory stimulus. However, after several minutes
of pairing, the responses begin to fade as the neuron adapts to the

sensory stimulus. After turning off the sensory stimulus, a response to
the command alone appears that is opposite to the previously paired
sensory stimulus (negative image) (B) Simulation of the predicted
sensory image cancellation using the same pairing procedure except
that a non-adaptive input representing the sensory stimulus is paired
with a series of delayed inputs representing the motor command
where the delays are correlated with the motor command signal and
the synapses obey the learning rule of Fig. 1A (solid line). (Modified
from Roberts and Bell 2000)

399



Induction mechanisms include all of the cellular pro-
cesses occurring during the learning period that establish
the altered synaptic efficacy. Expression mechanisms
include the final cellular sites where synaptic efficacy is
altered after the induction process is complete. For ex-
ample, induction of the synaptic changes responsible for
the anti-Hebbian spike based learning rule in the mor-
myrid electrosensory system requires postsynaptic pro-
cesses such as NMDA receptor activation and changes
in intracellular calcium (Han et al. 2000). In contrast,
expression of this form of plasticity appears to be a
presynaptic change in the amount of transmitter re-
leased.

Spike-timing dependent rules require that a presy-
naptic spike and a postsynaptic spike occur in a partic-
ular temporal order. The process is therefore associative
and studies of the mechanisms of induction have often
focused on the cellular site of the associativity. The

NMDA receptor is one such site of associativity, as
previously described in this paper. Receptor properties
such as the kinetics of glutamate binding and of calcium
influx will determine the temporal features of the
learning rule. The kinetics of cellular phenomena
downstream from the influx of calcium will determine
the learning rates, that is, the rates at which synaptic
efficacy changes. Modulation of NMDA receptor
properties, of back propagating dendritic spikes, and of
downstream phenomena would in turn modulate the
processes of synaptic change. Such modulation could
result from changes in presynaptic activity levels,
postsynaptic activity levels, neuromodulators, or acti-
vation of particular circuit elements such as inhibitory
interneurons.

The effects of cellular processes are particularly im-
portant in order to generalize spike-timing dependent
learning rules from single spike pairings to pairing trains

Fig. 3. Evolution in time of the negative image-simulation results.
The difference from a perfect cancellation of the sensory response is
measured by a chi-squared statistic. The formula is shown at the
bottom where the sum is over the time steps in the command cycle up
to the duration of the sensory response, N. Five learning rules are
tested and shown in the inset. The fifth trace, A (no LTP) is the result
that follows from learning rule like in A, but without any non-
associative LTP. As the number of pairing cycles progresses (to the
right), trace A decreases until the membrane potential is constant
throughout the cycle and the sensory image is canceled. In this
situation (lowest number), the fish would be most sensitive to any

novel external stimuli because its own predictable field is filtered out.
However, other learning rules (traces B, C, and D) are unstable and
lead to oscillations that disrupt the image cancellation. The
instabilities of the symmetric anti-Hebbian rule (B) are slow to
develop, but eventually the value climbs as oscillations set in (not
shown). The leading decent of these traces is a result of the associative
depression along with non-associative enhancement. After pairing
with the command alone, the negative image results in a large chi
value that then decays for all rules except rule D with rule A showing
the greatest decay (Modified from Roberts and Bell 2000)
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of presynaptic spikes with trains of postsynaptic spikes.
In a combination of experimental data and modeling
studies, it has been suggested that synaptic plasticity
induced by spike pairings within the LTP time interval
take precedence over pairings within the LTD time in-
terval (Sjöström et al. 2001). In another example sug-
gesting that spike pairings do not add equally, Froemke
and Dan (2002) have observed that the early spikes in a
burst have the strongest influence on the magnitude and
direction of synaptic plasticity. A more complete un-
derstanding of induction mechanisms will help us to
predict how computational studies should combine spike
trains to generate changes in synaptic efficacy.

The cellular site of expression for synaptic plasticity
also has important computational consequences. This is
well illustrated by studies of a Hebbian spike-timing
learning rule that is present at excitatory connections
between neocortical pyramidal cells (Fig. 1A; Markram
et al. 1997). The site of expression for this plasticity
appears to be presynaptic, with potentiation being due
to an increase in transmitter release and depression
being due to a decrease. Potentiation and depression are
accompanied by marked changes in the dynamics of the
synapse. Postsynaptic responses to high frequency trains
of presynaptic spikes are much more rapidly attenuated
after potentiation than before. The increase in attenu-
ation with potentiation means that there may not be a
net increase in synaptic efficacy at higher frequencies of
presynaptic input. Potentiation at this synapse may be
better viewed as a conversion of the synapse from a low
pass to a high pass filter, rather than as a generalized
increase in efficacy. The findings illustrate that synap-
tic plasticity must always be viewed in the context of
the activity patterns that the network normally pro-
cesses.

Conclusions

The recent discovery that small variations in the relative
timing of pre- and postsynaptic spikes can lead to
marked changes in synaptic efficacy has profound
implications for how information is coded, processed
and stored within the nervous system. Our present
understanding of this spike-timing dependent form of
plasticity has been obtained through close collaboration
with experimental and theoretical neuroscientists, and
provides an excellent illustration of the fruitfulness of
such collaboration.
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Abstract. Recent experimental observations of spike-
timing-dependent synaptic plasticity (STDP) have revi-
talized the study of synaptic learning rules. The most
surprising aspect of these experiments lies in the obser-
vation that synapses activated shortly after the occur-
rence of a postsynaptic spike are weakened. Thus,
synaptic plasticity is sensitive to the temporal ordering
of pre- and postsynaptic activation. This temporal
asymmetry has been suggested to underlie a range of
learning tasks. In the first part of this review we
highlight some of the common themes from a range of
findings in the framework of predictive coding. As an
example of how this principle can be used in a learning
task, we discuss a recent model of cortical map forma-
tion. In the second part of the review, we point out some
of the differences in STDP models and their functional
consequences. We discuss how differences in the weight-
dependence, the time-constants and the non-linear
properties of learning rules give rise to distinct compu-
tational functions. In light of these computational
issues raised, we review current experimental findings
and suggest further experiments to resolve some
controversies.

1 Temporally asymmetric plasticity

Early models of synaptic learning used the correlations
between the firing rates of pre- and postsynaptic
neurons as the signal for plasticity (von der Malsburg
1979; Bienenstock et al. 1982; Miller et al. 1989).
While there were some indications that temporal order
might be important for plasticity (Levy and Steward
1983; Gustafsson et al. 1987; Debanne et al. 1994),
initial phenomenological characterizations of long-term
synaptic plasticity largely focused on the requirements
of coincident activity between pre- and postsynaptic

neurons (Barrionuevo and Brown 1983; Malinow and
Miller 1986) leading to rate based learning rules.
Markram et al. (1997), however, showed that synapses
can be robustly weakened if the presynaptic spike
arrived shortly after the postsynaptic spike and that
the transition between potentiation and depression is
very sharp (Fig. 1B). Later studies confirmed this in
several brain regions and refined the temporal prop-
erties of plasticity (Magee and Johnston 1997; Zhang
et al. 1998; Bi and Poo 1998; Feldman 2000; Sjöström
et al. 2001). Fueled by these experiments demonstrat-
ing the importance of spike-timing in determining both
the direction and magnitude of synaptic modification,
there has been increasing interest in learning rules that
take the timing of spikes into account (Abbott and
Nelson 2000). Here we review recent developments in
STDP but first we discuss a property common to
many computational models of STDP and discuss how
it relates to predictive coding. We illustrate how this
principle can be used in a learning task by reviewing a
recent model of cortical map formation. In the second
part of the review, we consider some of the differences
in STDP models and their functional consequences.

These recent studies on STDP come in the backdrop
of a large body of work based on Hebb’s postulate of
learning (Sejnowski 1999). Hebb’s original postulate is
consistent with the observed temporal asymmetry,
stressing the importance of causality in contrast to co-
incidence as a condition for synaptic strengthening. For
a spike in neuron A to contribute to neuron B’s firing, it
would need to arrive before a spike was initiated in
neuron B. Thus causality provides a temporally asym-
metric condition for synaptic strengthening. Hebb did
not specify what should happen if the spike in neuron A
lags behind the spike in neuron B. In fact, Hebb’s pos-
tulate did not address the issue of synaptic weakening at
all. However, a reasonable extension in the spirit of
causality suggests that synaptic weakening should occur
when inputs systematically ‘‘miss’’ the opportunity to fire
their postsynaptic neuron. Such a temporally asymmet-
ric Hebbian rule can be thought of as a natural extension
of the causality criterion of the original postulate,
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namely, that inputs which did not participate in spike
generation, but fired briefly after, are weakened. This
interpretation of the rule also implies that there is a
natural time scale for the inputs received by a neuron,
which is set by the time window of plasticity.

These principles define a new class of learning rules
with two characteristic properties. First, they are tem-
porally asymmetric (Fig. 1B), which should be con-
trasted with classic, associative rules based on
covariance (Fig. 1A). Second, plasticity depends on the
timing of spikes within a short time window. While it is
not clear how such temporal precision (a complete re-
versal in the sign of plasticity in a few milliseconds!) is
achieved biophysically, the computational consequences
of this are substantial.

2 Temporal asymmetry and predictive coding

The temporal asymmetry of learning allows for a wide
range of learning rules not covered by classical theories
of Hebbian learning. For instance, as demonstrated by
several authors, learning rules based on temporally
asymmetric STDP can yield a differential Hebbian
learning rule, where synaptic strength is changed
according to the correlation between the derivatives of
the rates rather than the correlation between rates
(Roberts 1999; Seung and Xie 2000; Rao and Sejnowski
2000).

Differential Hebbian learning is closely related to
temporal difference (TD) learning in reinforcement
learning (Rao and Sejnowski 2001), which can be used
to model classical conditioning. It allows the proper

arrangement of the synaptic weights to pick out the most
predictive features in the synaptic inputs. Closely related
to this, STDP can be used to learn temporal delays with
a high precision, which has been used to model auditory
processing in the barn-owl (Gerstner et al. 1996). Se-
quence learning, an important task for an organism to
establish directional association between events, can also
be accomplished using the temporal asymmetry inherent
in STDP (Blum and Abbott 1996). Interestingly,
these last two theoretical studies explored the compu-
tational importance of temporally asymmetric Hebbian
learning before STDP was clearly established experi-
mentally.

Temporally asymmetric STDP connects Hebbian
learning with predictive coding. If a feature in the syn-
aptic input pattern can reliably predict the occurrence of
a postsynaptic spike and seldom comes after a postsy-
naptic spike, the synapses related to that feature are
strengthened, giving that feature more control over the
firing of the postsynaptic cell. The most predictive fea-
ture can be different in different situations. Two sce-
narios are considered in Fig. 2.

First, we consider a situation where different inputs to
a neuron have different latencies, perhaps corresponding
to inputs received from different pathways. Here the
most predictive feature is the one with the shortest la-
tency. To show how STDP selects these inputs we sim-
ulated a neuron driven by 200 excitatory synapses, each
having a typical delay with a small jitter. Synapses were
modified according to the STDP model introduced by
Song et al. (2000). Figure 2C shows that learning selec-
tively strengthened the low latency inputs. In this state,
the neuron fired earlier (Fig. 2B) than before learning

Fig. 1. Different time windows for spike-timing-dependent plasticity.
Plasticity time windows show the amount of change in synaptic weight
as a function of the time difference (ms) between pre- and postsynaptic
spikes. A Hypothetical symmetric time window as illustrates the
‘‘coincidence’’ interpretation of classical activity-dependent Hebbian
learning. B Observed temporally asymmetric rule with an anti-
symmetric time window. The time constants for potentiation and
depression are the same. C Temporally asymmetric rule with an

asymmetric time window. The depression time window is longer as
has been observed at some synapses. D Two connected neurons are
clamped with periodic spike trains. The trains have a period s and are
1800 out of phase. E The ‘‘effective time window’’ for the network in
D for the plasticity window shown in B. Note that depression
dominates. F The ‘‘effective time window’’ for the plasticity window
shown in C. Note that either strengthening or weakening can occur
depending on the input frequency
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(Fig. 2A), which is a direct indication of a predictive
shift in firing.

If instead, the different inputs have different temporal
precision, then the most predictive inputs are the ones
with the smallest jitter. We simulated this scenario sim-
ilarly to the previous one. Now, however, all input
spikes arrived at the same time on average, but with
different time jitter. The jitter was drawn from an ex-
ponential distribution with each afferent having a unique
value (Fig. 2D). STDP selectively strengthened the in-
puts with the smallest jitter (Fig. 2D) and thereby pro-
duced more reliable firing of the postsynaptic neuron.
Similar results can be obtained if the reliability of an
afferent corresponds to the probability of release (not
shown). These results show that STDP preferentially
strengthens the most reliable and the shortest latency
inputs.

2.1 Consequences for network function

In networks of neurons, the predictive property of
temporally asymmetric STDP can be used to perform
predictive sequence learning. STDP can strengthen the
appropriate pattern of synapses so that activity in the
network at one instant activates the predicted pattern of
neurons at the next instant. Temporally asymmetric

STDP has been suggested as a possible mechanism for
sequence learning in the hippocampus (Abbott and
Blum 1996; Minai and Levy 1993). A backward shift in
hippocampal place cells was predicted based on these
studies (Blum and Abbott 1996), which was later
observed experimentally during route learning in rats
(Mehta et al. 1997; Mehta and Wilson 2000). The same
principles have been suggested to underlie the emergence
of directionally sensitive visual neurons (Rao and Sej-
nowski 2000; Mehta and Wilson 2000; Senn and Buchs
2002).

When the time constants of potentiation and de-
pression in the window function are identical (Fig. 1B,
E), STDP discourages the formation of short, mutually
excitatory loops. Namely, if neuron A is predictive of the
firing of neuron B, then neuron B cannot be predictive of
the firing of neuron A and must lag behind. Therefore, if
the synapses from neuron A to neuron B are strength-
ened, the synapses from neuron B to neuron A will be
weakened, making a mutually excitatory configuration
unstable. This shows why the formation of feed-forward
structures (Song and Abbott 2001) and synfire chains
(Horn et al. 2002) is favored. Horn et al. (2002) found
that, in a sparsely connected network, temporally
asymmetric STDP can spontaneously break up the as-
sembly of cells into synchronous groups of cells that fire
in cyclic manner.

Various refinements of STDP models can explain the
existence of bi-directional connections, so ubiquitous in
cortex. First, when the time scale of LTD is longer than
the time scale of LTP, bi-directional connections are
made possible (Song and Abbott 2001). This can be
understood by considering two neurons driven by peri-
odic inputs (Fig. 1D). The net effect of STDP will be to
strengthen recurrent synapses that connect them. This
happens due to the differences in the LTP and LTD time
windows (Fig. 1C), resulting in an effective time window
for plasticity that has both a strengthening and weak-
ening lobe (Fig. 1F). Synapses in a reciprocally con-
nected pair of neurons can strengthen if the correlation
between them is tight enough.

Furthermore, STDP has been observed to be depen-
dent on the pairing frequency (Markram et al. 1997;
Sjöström et al. 2001). For high stimulus frequencies LTP
becomes stronger; a high frequency spike train pre- and
postsynaptically, will strengthen the connections in a
manner largely independent of the precise pre-post
timing.

3 Formation of maps

The temporal asymmetry of STDP plays an important
role in a recent model of column and map formation
(Song and Abbott 2001). This study shows that STDP
can enable information contained in the connectivity of
one part of the network to be transferred to other parts
of the network (Song and Abbott 2001). This model
contains a feed-forward input layer and a recurrent
network layer. Using STDP with minimal constraints,
columns of neurons tuned to a similar location, and

Fig. 2. Reinforcing predictive features with STDP. An integrate and
fire neuron was driven by 200 excitatory inputs. Each afferent fired
once at a typical latency and jitter every 500 ms. In (A-C) each
afferent had a different latency from –20 to 20 ms and had the same
time jitter of 2 ms. A Firing before learning. B After learning, firing
occurs earlier and for a shorter period. C Synaptic weights before
(line) and after learning (dots). Low latency inputs are strengthened.D
STDP also selects precise inputs. Each afferent arrived at the same
mean latency but with a different time jitter ranging from 0 to 20 ms.
The time jitter was exponentially distributed and was either positive or
negative. The synaptic weights are plotted before (line) and after
learning (dots). Inputs with low jitter are strengthened while others are
weakened (Song et al. 2000)
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hypercolumns consisting of collections columns in
orderly progression, can be developed in the network
layer. The model differs from previous models in that
both the feed-forward connections and the recurrent
connections are plastic at all times.

Considering a network of these neurons, without the
recurrent connections, neurons in the network layer
develop receptive fields at random locations. However,
when recurrent connections are present, a single column
of neurons all tuned to the same location is formed
(Fig. 3G). The sequence of events leading to the for-

mation of a column is presented in Figs. 3B–E. Each
circle in the graph represents a group of neurons. For
the ease of presentation, a seed has been added to the
original network consisting of increased strength for
neurons from the center input group to the center net-
work group (Fig. 3B). This arrangement introduces a
bias into the network by making the central network
group correlated with each other. This bias breaks the
symmetry in the network group and makes the process
of column formation faster and easier to visualize. It is
not required for the development of a single column. In

Fig. 3. Formation of columns and maps under STDP. A Network
diagram. Two layers are simulated. The input layer contained neurons
that fire Poisson trains at different rates and the network layer
contained integrate-and-fire neurons. Every neuron in the input layer
is randomly connected to one fifth of the neurons in the network layer
and all the neurons in the network layer are recurrently connected.
Circles in the figure represent groups of neurons. All synaptic
connections are governed by STDP. Input correlations are introduced
by moving a Gaussian hill of activity along the input layer. The
Gaussian hill is centered on a random input neuron for a period of
time and then shifted to another random location at the end of the
period. The length of the period is chosen from an exponential
distribution and the time constant is similar to the time window of
STDP. B First stage of column formation. Seed placed in the feed-
forward connections creates a correlated group of network neurons.

C Second stage of column formation. Correlated group of networks
neurons send out connections to other neurons in the network. D
Third stage of column formation. Transfer of information from
recurrent layer to feed-forward layer. E Last stage of column
formation. Recurrent connections weaken as feed-forward connec-
tions become well formed. F Receptive fields of two network neurons.
G Feed-forward synaptic strengths define a column. Dark dots
represent strong synapses. The horizontal stripe indicates that the
network neurons have similar input connections, i.e., receptive fields.
H When short range excitatory and global inhibitory recurrent
connections are introduced in the network layer, a map forms in the
feed-forward connection. The diagonal bar reflects the progression of
receptive field centers as we move across the sheet of network neurons
(Song and Abbott 2001)
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the absence of this arrangement, a group of neurons in
the network layer will automatically become more cor-
related than others to break the symmetry. However, the
process of symmetry breaking can be time consuming
and the correlated group of neurons are not always
adjacent to each other on the network neuron making
visualization difficult.

The group of correlated network neurons will
strengthen connections to other neurons in the network.
This is easily understood from the perspective of a
neuron that is not part of the correlated group (Fig. 3C).
From this perspective, STDP strengthens only the syn-
apses of the most correlated inputs. At this stage of the
development of a column, activity originates in the input
layer, passes unto the correlated group of neurons, and
then unto other neurons in the network layer. However,
the firing of the input layer precedes that of the other
neurons in the network layer. Therefore, the connections
from the input layer unto the other neurons in the net-
work layer would be strengthened (Fig. 3D). Once this
pathway reaches sufficient strength, the recurrent con-
nections weaken because the direct pathway has a
shorter latency and is therefore the preferred pathway.
Eventually, a column defined wholly by the feed-forward
connections forms (Fig. 3E), completing the process of
the transfer of connectivity information from the re-
current connections in the network to the feed-forward
connections. The transfer of information from the re-
current connections to the feed-forward connections is
possible due to the predictive properties of STDP. If the
recurrent connections are restricted to a neighborhood
and uniform lateral inhibition is imposed on the network
layer, a map consisting of a collection of columns in
orderly progression of receptive field center is formed
(Fig. 3H).

The model predicts that the development and plas-
ticity of column and map structure on the network layer
precedes the development and plasticity of feed-forward
inputs as is supported by recent experimental evidence
(Trachtenberg and Stryker 2001).

4 Dependence of STDP on synaptic strength

So far we have discussed consequences of STDP that
appear to be common to different formulations of the
learning rule. Importantly, however, models proposed
for STDP differ in subtle ways that turn out to have
significant computational consequences. Both the shape
of the plasticity time window (anti-symmetric, asym-
metric, etc.; see Fig. 1) and the rule used to update the
weights after a plasticity ‘‘event’’ can be different. In this
and the following section we address two such differ-
ences in models: the dependence of the weight update
rule on the present weight and the non-linearity of the
interaction between two plasticity events.

One of the crucial issues – how the specific form
of STDP determines the functional consequences of
learning – has to do with whether the magnitude
of synaptic plasticity is dependent on the present
strength of the synapse. In the learning rules studied by

Song et al. (2000) and Kempter et al. (2001), the weight
increases and decreases are independent of the present
weight of a synapse. In this case an upper and a lower
bound has to be placed on synaptic strength for stable
learning. The resulting weight distribution will cluster
near the extreme weights and can be bimodal.

If the changes in synaptic weights are dependent on
the present weights then the resulting learning rule will
have quite different properties. Specifically, if synaptic
weakening is inversely proportional to the strength of a
synapse, while synaptic strengthening is independent of
the present weight of a synapse, the resulting distribu-
tion of synaptic strengths is unimodal rather than bi-
modal (Kistler and van Hemmen 2000; van Rossum
et al. 2000). However, there are many other possible
ways in which the update rule can incorporate weight-
dependence (Rubin et al. 2001).

Here we examine three different update rules to em-
phasize how they determine the computational proper-
ties of a synaptic plasticity. First, it is possible that there
is no weight-dependency and the weight changes are
fully determined by their timing. This is referred to as an
additive update rule (Rubin et al. 2001). On the other
hand, some data suggest that synaptic depression, but
not potentiation, depends on the present weight of the
synapse (Bi and Poo 1998). Other dependencies are also
possible, for example, potentiation may depend on the
difference between the present weight and the maximal
weight (Rubin et al. 2001). We will refer to these as
mixed update rules. 1 Finally, we consider what happens
if both potentiation and depression are multiplicatively
dependent on the present synaptic weight. We call this
scenario multiplicative update rule.

Figure 4A illustrates the case when the update rule is
additive and the final weight distribution is bimodal
(Song et al. 2000; Kempter et al. 2001). If both poten-
tiation and depression depend multiplicatively on the
weight, but depression dominates (Fig. 4B), then the fi-
nal weight distribution is again bimodal. But if only
depression depends on the weight then the final weight
distribution is unimodal (Fig. 4C; van Rossum et al.
2000; Rubin et al. 2001). Aharonov et al. (unpublished)
proposed a way to interpolate between a purely additive
and a mixed update rule. They show that one can opti-
mally adjust the functional properties of this rule with an
interpolation parameter.

How update rules determine the final weight distri-
bution can be determined using a Fokker-Planck anal-
ysis explained in the Appendix (van Rossum et al. 2000;
Rubin et al. 2001). Such analysis has only been done for
Poisson driven neurons in which the final weight distri-
bution is determined by the balance between potentia-
tion and depression. In the additive model, potentiation
and depression almost cancel each other for all weights.
The change in strength of a particular synapse will
strongly depend on the correlation between this input
and the output spikes. Once a synapse becomes strong

1Note that this type of rule has also been called multiplicative in
previous papers (Rubin et al. 2001).
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enough, it will be strengthened further. When potentia-
tion and depression do not balance out, such as in
Fig. 4C the effect of correlations is much weaker.

4.1 Synaptic competition and rate stabilization

These differences in update rules and final weight
distributions have important computational conse-
quences. Specifically, they are related to whether STDP
results in synaptic competition and the way learning is
stabilized.

Models that result in a bimodal weight distribution
show strong competition and rate stabilization. How-
ever, competition only occurs for a limited range of in-
put rates and requires the fine tuning of parameters
(Sect. 5). In contrast, there is no rate stabilization in
models that lead to unimodal weight distributions.
Synaptic competition is also lacking because higher
postsynaptic rates are not compensated by a concomi-
tant decrease in synaptic weights. Instead the postsy-
naptic neuron roughly extracts the principal component
of the inputs (van Rossum et al. 2000).

Synaptic competition is of great importance as it is
thought to underlie the formation of cortical maps
(Blakemore et al. 1976; Garraghty et al. 1986) and places
an important constraint on synaptic learning rules (Lara
and di Prisco 1983; Miller 1996). Since other competitive
mechanisms are also possible, such as those based on the
conservation of resources (von der Malsburg 1973) or on
neurotrophic factors (Harris et al. 1997), an integrated
view is warranted (Van Ooyen 2002). For instance, ho-
meostatic synaptic scaling (Turrigiano et al. 1998) could
account for competition in models with mixed update
rules that show no intrinsic competition (van Rossum
et al. 2000).

Importantly, the mixed update rule STDP models
introduced by Rubin et al. 2001 keeps the total synaptic
weight roughly constant and does not control firing
rates. On the other hand, the additive rule can stabilize
the rate (Kempter et al. 2001) and keep a neuron in a
balanced input regime where it is sensitive to the timing
of its input (Abbott and Song 1999). Even when extra
mechanisms for synaptic competition are added to

models with mixed update rules (van Rossum et al.
2000), their computational consequences can be quite
different. For instance, as noted by Blais et al. (1999),
traditional correlational rules using heterosynaptic
competition cannot account for the activity-dependence
of cortical remapping (Rittenhouse et al. 1999) unlike
BCM which explicitly stabilizes the output activity
(Bienenstock et al. 1982). In this regard it is important to
note that the competition in additive STDP is also ho-
mosynaptic, arising via activity, which has important
consequences for the dynamics of cortical remapping
(Tegnér and Kepecs 2002b).

5 Beyond linear models of STDP

To fully understand the functional implications of
STDP, it is essential to anchor computational models
in available physiological data. However, as discussed in
the above sections, reduced models have been instru-
mental in guiding our ideas toward the functional
consequences of STDP. Simplified models have, for
example, revealed the conditions for predictive coding
(Sect. 2), map formation (Sect. 3), and synaptic compe-
tition occurrences (Sect. 4). A key assumption in these
‘‘first generation’’ STDP models is that the contribution
from every pre/post spike interaction to synaptic
plasticity is independent from one another. This implies
that plasticity changes induced by closely spaced pairs of
spikes sum linearly. Not surprisingly, recent experimen-
tal results have revealed a number of features not taken
into account in the first generation of STDP models. For
instance, Markram et al. (1997) showed that there is a
threshold for plasticity at 5 Hz and saturation at 40 Hz .
From a modeler’s perspective, it is natural to move
beyond the first generation of STDP models and try to
incorporate plausible biophysical mechanisms which
could account for the range of experimental findings
using different stimulus protocols. Clearly, a long-term
objective is to have a complete model for synaptic
plasticity which can account for results from both
classical LTP/LTD experiments and STDP protocols.

Senn et al. (2001) took a first step toward this ob-
jective when they constructed a second generation

Fig. 4. The effects of differential weight-depen-
dence of potentiation and depression on the final
synaptic weight distributions. Top panels show
the dependence of LTP (upper curve) and LTD
(lower curve) on the present synaptic weight.
Bottom panels show the final synaptic weight
distributions of 1000 afferents driven by Poisson
inputs. The parameters of the models are the
same as in Song et al. (2000) except for the
update rule in B and C. A Additive rule. The final
synaptic weight distribution is bimodal. B Mul-
tiplicative rule. Simulations using a multiplicative
rule for both potentiation and depression.
C Mixed rule. Simulations using the (noisy)
update rule after van Rossum et al. (2000)
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plasticity model using biophysically inspired kinetic
schemes for the different states of the channels and
second messengers that are thought to underlie the
plasticity. Their model incorporates both a threshold
and synaptic saturation and can therefore reproduce the
results of Markram et al. (1997) and some more recent
observations of non-linear interaction in STDP (Senn
et al. 2001). This approach, however, leaves unclear
what the functional implications of non-linear interac-
tions might be.

Instead of designing detailed kinetic models to ac-
count for new experimental results, Tegnér and Kepecs
(2002a, c) took another route and extended the com-
petitive version of the STDP rule with an adaptive
control loop to make it more robust. Song et al. (2000)
observed that the exact value of depression to potenti-
ation (a ¼ LTD=LTP ) in the update rule is critical for
stable learning. For instance, to reach a balanced firing
regime requires a learning ratio larger than unity
(Abbott and Song 1999). Moreover, the synaptic weight
distribution depends on the fine-tuning of the balance
between parameters in the STDP model. Consequently,
since the input statistics can easily change, it would be
advantageous to put the highly sensitive learning
parameter, a, under activity-dependent control. Inter-
estingly, when the learning ratio is controlled by the
post-synaptic activity, pairs of spikes sum non-linearly
(Tegnér and Kepecs 2002a), similar to what has been
recently observed by Froemke and Dan (2002).

The basic idea of the adaptive extension to STDP is to
allow the ratio of LTD to LTP (a) to dynamically
change. In this model, postsynaptic calcium is used to
measure the postsynaptic firing rate (Tegnér and Kepecs
2002c). This is useful because calcium signals are
thought to underlie synaptic plasticity (Lisman 1989).
Therefore it is plausible that the asymmetry between
LTP and LTD will depend on the level of postsynaptic
calcium. For example, it is known that increased resting
calcium levels inhibit NMDA channels (Rosenmund
et al. 1995; Umemiya et al. 2001) and thus calcium influx
due to synaptic input. Additionally, the calcium levels
required for depression (Lisman 1989) are easier to

reach. Both of these effects in turn increase the proba-
bility of LTD induction. These effects can be incorpo-
rated into a simple kinetic scheme, where a changes as a
function of calcium, which in turn is due to action
potentials (Tegnér and Kepecs 2002a).

How does this rule differ from the original with a
static a? In the static case, when a neuron receives cor-
related input, the normalization property (Kempter et
al. 2001) of competitive STDP is fragile. Driving a
neuron with increasing input rates increases the output
rate significantly. Adding the adaptive control loop
normalizes the output rates (Fig. 5A). This simulation
shows that the average postsynaptic firing rate is regu-
lated by the adaptive tracking scheme. Depending on the
parameters of the rule, different regimes are possible.
For instance, the final firing rate of a neuron after
learning can become entirely independent of input rate
and dependent only upon input correlations (Tegnér and
Kepecs 2002a).

Figure 5B shows the evolution of the membrane po-
tential (top) and the learning ratio a (bottom). Note that
because the adaptive rule tracks fast changes in firing by
adjusting the learning ratio for every spike, the strength
plasticity is different for each spike. Interestingly, the
learning ratio a fluctuates around 1:05, the value used in
previous studies (Song et al. 2000). The adaptive STDP
rule adjusts the learning ratio on a millisecond time-scale
based on the rapid feedback regulation of NMDA
channels (Umemiya et al. 2001). This is in contrast to
other slow homeostatic controllers considered previ-
ously (LeMasson et al. 1993; Turrigiano et al. 1998;
Turrigiano and Nelson 2000; van Rossum et al. 2000).
Due to the rapid changes, the adaptive rule is highly
sensitive to the spike-to-spike dynamics. Consequently,
the preceding pattern of post-synaptic spikes influence
the size of synaptic changes. Therefore, rapid self-regu-
lation implies non-linear addition of plasticity events.

These results are directly relevant to the experiments
of Froemke and Dan (2002), designed to reevaluate the
assumption of linear summation of spike interactions in
STDP. To this end, they delivered more complex
stimulus protocols using either: two presynaptic spikes

Fig. 5. Adaptive STDP A Steady-state response with (squares) or
without (circles) the adaptive tracking scheme. When the STDP rule is
extended with an adaptive control loop, the output rates are
normalized in the presence of correlated input. B Fast adaptive
tracking. Since the adaptive rule tracks changes in intracellular

calcium on a rapid time-scale, every spike experiences a different
learning ratio, a. Note that the adaptive scheme approximates the
learning ratio (a ¼ 1:05) used in Song et al. (2000) and Tegnér and
Kepecs (2002a)
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with a single postsynaptic spike in between; or, the
reverse, a single presynaptic spike with two postsy-
naptic spikes, one occurring prior and the other fol-
lowing the presynaptic spike. Their results suggest a
surprisingly simple conclusion: each spike (pre or post)
suppresses the plasticity of the following spike.

While the mechanisms of the suppressive effects in
STDP are not known, two models suggest that calcium
inhibition of NMDA receptors could play an important
role during the suppression by postsynaptic spikes
(Senn et al. 2001; Tegnér and Kepecs 2002a). Short-
term synaptic depression could possibly contribute in
the presynaptic suppression effect. It will be an inter-
esting challenge to uncover the mechanisms underlying
suppression in the STDP scheme proposed by Froemke
and Dan (2002) and relate these to computational
questions. It is tempting to suggest that the observed
suppressive non-linearity is a signature of an adaptive
STDP rule.

An interesting application of an adaptive, or self-
regulating STDP rule, may be found in a model for
column formation (Sect. 3). Here, the average amount
of input correlations changes quite dramatically because
the origin of the synapses to the neurons are initially
randomly assigned. As a consequence, each neuron
normally receives a large number of synapses and the
inputs are relatively uncorrelated. After learning, neu-
rons receive input from their neighbors only. As a result,
the inputs which the neuron receives are highly corre-
lated with each other. Therefore, a static a cannot con-
trol the firing rate or the irregularity of the firing.
Simulations show that an adaptive STDP rule can pro-
duce neurons with irregular firing and reasonable rates
without disrupting the process of column formation
(Song 2002).

6 Summary

Experimental observations of the timing-dependence of
synaptic plasticity are changing computational theories
of learning. Here we have reviewed some of the recent
computational studies that examined the consequences
of an emerging class of learning rules based on the spike-
timing-dependence of synaptic plasticity. While we have
tried to include the many different directions in research,
we have tried not to be exhaustive. For instance, ‘‘anti-
Hebbian’’ learning rules based on timing have been
observed in weakly electric fish (Bell et al. 1997; Han
et al. 2000) and at cortical inhibitory synapses (Holm-
gren and Zilberter 2001), both of which have distinct
computational consequences (Roberts 1999; Seung and
Xie 2000).

The temporal asymmetry of the learning window
implies that the ordering of spikes at the time scale of
tens of milliseconds determines both the direction (pot-
entiation or depression) and the degree of change in
synaptic strength. If the inputs are changing together at
the time scale of the learning rule, then the low latency
and high reliability inputs will be strengthened (Fig. 2).
Such effects might underlie temporal difference learning
at the synaptic level (Rao and Sejnowski 2001) and the

formation of direction selective responses (Rao and
Sejnowski 2000; Mehta and Wilson 2000; Senn and
Buchs 2002).

At the network level the predictive properties of STDP
allow for map formation (Song and Abbott 2001). This
can be thought of as a form of self-supervised learning,
where, if taught by the recurrent connections, STDP ends
up selecting the fastest and the most reliable feed-forward
inputs. Obviously, such latency reduction is highly
advantageous in sensory systems.

6.1 Consequences of different timing dependent rules

While these common aspects of STDP are important, we
would like to emphasize that some of the observed
differences in plasticity at different synapses and the
different interpretations of these findings have significant
computational implications. The dependence of plastic-
ity on the present synaptic strength is an important open
experimental question. As we have seen, the different
versions of STDP can show very different properties.
Synaptic competition and output rate stabilization are
crucially dependent on the nature of weight updating. If
the weight-dependence of LTP and LTD is similar then
it appears that STDP will result in synaptic competition
(Fig. 4A,B). If LTP and LTD have mixed update rules
then no synaptic competition is observed (Fig. 4C).
Further, experiments are needed to uncover the different
forms of plasticity at different classes of synapses
(Sect. 6.2.1).

While most models have only considered a linear
summation of different plasticity events, the vast litera-
ture of synaptic plasticity and recent reports regarding
STDP (Markram et al. 1997; Sjöström et al. 2001;
Froemke and Dan 2002) suggest that this assumption
needs to be reconsidered. It is likely that a certain
threshold is needed for plasticity and that plasticity
saturates (Petersen et al. 1998). A similar model by Senn
et al. (2001) demonstrated that timing and frequency-
dependence need not be exclusive properties of synaptic
learning rules. The work of Froemke and Dan (2002)
suggests that there might be important simplifications
possible at the descriptive level of plasticity which can be
summarized as preceding plasticity events to suppress
future plasticity. Tegnér and Kepecs (2002a) suggested
that similar non-linearities in learning are required for a
self-regulating, adaptive plasticity rule. However, the
frequency-dependent enhancement of LTP (Markram et
al. 1997; Sjöström et al. 2001) and the suppressive effects
of previous spikes (Froemke and Dan 2002) do not seem
consistent with one another. Further work will be
required to clarify the circumstances under which some
of the same biochemical and biophysical processes result
in different plasticity properties.

6.2 Experimental issues

These theoretical studies raise questions that lead us to
propose experiments in order to clarify the properties
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and computational implications of spike-timing-depen-
dent plasticity.

6.2.1 Weight-dependence. We have seen that the depen-
dence of plasticity on synaptic weight is important for
competition and the steady-state weight distribution.
Experimental observations about the weight-dependence
of plasticity do not provide a clear cut picture. Some
data from cultured cells support the differential depen-
dency of LTP and LTD on synaptic weight (Bi and Poo
1998). However, synapses are scarce in cell cultures and,
as a result, often unusually large. In slice experiments the
inverse relationship is not particularly strong and
depends mostly on a few large synapses (Sjöström et al.
2001).

Two factors complicate the situation. First, the
maximal strength is likely to be different for each syn-
apse, for instance, as constrained by the size of the
postsynaptic density (Lisman and Harris 1993; Shepherd
and Harris 1998). Therefore, the inverse relationship
observed could be a dependence of STDP on the maxi-
mal synaptic strength of each synapse and not the actual
strength of the synapse. Another possibility is that some
strong synapses close to their maximal value show sat-
uration. This can act as a soft-bound and the rule could
be competitive for some choices of parameters.

Few experiments have applied a weakening protocol
to previously potentiated synapses. Such experiments
would be crucial to distinguish the different forms of the
weight update rules. From a theoretical point of view
these experiments could factor out the dependence of
plasticity on the maximal weight of a synapse. This is an
interesting issue in light of previous experimental ob-
servations which state that LTD and de-potentiation
might have very different properties (Dudek and Bear
1992; Montgomery and Madison 2002).

6.2.2 Timing, rate and location-dependence of plasticity.
Most models reviewed here make the simplifying
assumption that spike-spike interactions during plastic-
ity add linearly. While it is clear that plasticity requires a
certain threshold as well as shows saturation, the
frequency-dependence of plasticity provides fertile
ground for further experiments. For instance, in some
spike-timing based plasticity protocols potentiation is
enhanced by high frequency pairing of spikes and no
depression is observed beyond 40 Hz (Markram et al.
1997; Sjöström et al. 2001). On the other hand,
preceding spikes seem to suppress plasticity in some
induction protocols (Froemke and Dan 2002). The
circumstances under which either enhancement or
suppression dominate need to be further explored. For
instance, the firing rates on the pre- and postsynaptic
sides could be manipulated independently. Such proto-
cols would enable the dissection of pre- and postsynaptic
factors controlling plasticity and would directly test the
adaptive STDP rule (Sect. 5).

Clearly timing is not the only determinant of plas-
ticity. Uncovering the biophysical mechanisms of how
synaptic plasticity is triggered will help in elucidating the
balance between frequency, depolarization and spike-

timing based factors in controlling plasticity. For
instance, further work should characterize NMDA
channel activation during multi-spike interactions. One
important question in this regard is whether calcium
inhibition of NMDA channels can account for timing-
dependent LTD and the suppressive effects of nearby
spikes.

In most STDP experiments the postsynaptic spike
was injected into the soma. Under physiological condi-
tions many synapses participate in firing a postsynaptic
spike and excitatory inputs arrive onto the dendrites.
Experiments are required to determine whether the rules
of plasticity differ when postsynaptic spikes are triggered
due to synaptic activation as opposed to somatic current
injection. Such experiments could refine the associativity
requirement inherent in STDP and shed light onto the
roles of dendritic voltage-gated conductances. For in-
stance, A-type potassium currents were found to con-
tribute to the spike dependence of plasticity (Watanabe
et al. 2002). It would be interesting to examine whether
A-type channels also enable spikes to selectively back-
propagate and/or get boosted along the particular den-
dritic branches where EPSPs successfully forward
propagated to cause the action potential. Such a mech-
anism would enable STDP only at the synapses that
actually contributed to spike generation. Furthermore,
A-type and other voltage-gated currents result in loca-
tion-dependent changes in action potential shape, which
could lead to dendritic input location specific differences
in synaptic plasticity.

6.2.3 Regional specialization of STDP. Different spike-
timing-dependent plasticity rules have different compu-
tational consequences, which may be related to regional
specializations of neuronal function. For instance, if the
time-window of LTP and LTD is the same, feed-forward
processing is favored and bi-directional connections
cannot be made. When the LTD time window is longer,
then under some conditions recurrent networks can be
formed. The time window of learning also determines
the range of correlations to which plasticity is sensitive.
It will be interesting to compare the time windows of
STDP at different classes of synapses to their functional
specialization at the network level. For instance, the
plasticity of visual cortical orientation maps is sensitive
to the order of stimulus presentations at the time scale of
tens of milliseconds (Yao and Dan 2001; Schuett et al.
2001). Interestingly, plasticity is minimal at pinwheel
centers which are regions of visual cortex where all
orientations are represented near one another (Schuett
et al. 2001). Similar stimulus timing-dependent plasticity
has also been observed in auditory cortex (Ahissar et al.
1998). More studies are necessary to connect the
functional specialization of different cortical areas with
the timing-dependence of their plasticity. It would also
be useful to investigate whether STDP is itself subject to
state-dependent and/or developmental regulation.

In conclusion, our knowledge of synaptic plasticity is
still limited. For instance, Egger et al. (1999) have re-
ported spike-timing-dependent but symmetric plasticity
at synapses of layer four stellate cells. Here, coincident
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activity decreases synaptic strength regardless of the
ordering of pre- and postsynaptic spikes. However, no
mechanism for strengthening was found. Such observa-
tions illustrate our lack of knowledge about the spec-
trum of processes which together control synaptic
strength. Since such observations could be due to the
limitations of the preparation, it also highlights the need
for experimental conditions which match real life as
closely as possible. Undoubtedly, such studies will lead
to further insights, bringing a closer match between
experimental and theoretical work on spike-timing-
dependent plasticity.

Appendix: Fokker-Planck analysis of STDP

It is advantageous to analytically calculate the final
synaptic weight distribution resulting from an STDP
rule. Such calculations highlight the roles of the different
learning parameters. Furthermore, since the rate of
convergence can be slow for these models there is always
an issue whether the observed synaptic distribution
reflects a transient phenomenon rather than the true
steady-state synaptic weight distribution. Several au-
thors have developed similar methods to derive analyt-
ical expressions for final synaptic weight distributions
after STDP (van Rossum et al. 2000; Rubin et al. 2001;
Cateau et al. 2002). In the two following sections we use
this framework to analyze the different weight-depen-
dent formulations of STDP (Sect. 4) and the adaptive
version of STDP (Sect. 5).

Here, we analyze a neuron receiving uncorrelated
Poisson inputs via synapses that are modified according
to an STDP learning rule. The basic idea is to count the
influx and outflux of weights for a given bin in a synaptic
weight distribution Pðw ; tÞ (Fig. 6A left). Then we ex-
amine how Pðw ; tÞ changes over time when synapses

evolve according to the STDP rule. Hence, collecting all
the loss and gain terms for a bin in the synaptic weight
distribution gives a Fokker-Planck problem describing
how the synaptic weight distribution changes over time.
Taylor expansion of Pðw Þ gives

1

rpre

oP ðw ; tÞ
ot

¼ $ o
ow

½Aðw ÞP ðw ; tÞ&

þ o2

ow 2
½Bðw ÞPðw ; tÞ& ð1Þ

The drift term Aðw Þ is the average net ‘‘force’’ experi-
enced by an individual synapse. Whether a synapse
increases or decreases depends on whether Aðw Þ is
positive or negative for the given weight w . In analogy
with statistical physics we can introduce a potential
V ðw Þ ¼

R w
o dw 0Aðw 0Þ. The synaptic weights jump around

on this potential surface shown in Fig. 6B. Aðw Þ is given
by pdw d þ ppw p where pp and pd denote the probability
for potentiation and depression respectively, and w p and
w d describe how much a weight changes as a result of
potentiation and depression respectively. With a few
simplifying assumptions, closed expressions for pp and
pd can be found. The time window tw can be defined
through the probability for depression (pd ¼ tw=tisi) that
a synaptic event occurs with the time window (tw < tisi).
Treating the synaptic input as a brief square pulse
causing a jump in the potential gives pp ¼ pdð1þ w =WtotÞ
for the potentiation. Here Wtot ¼ twrpreNhw i, is a com-
petition parameter for N excitatory afferents.

We will consider four cases: (a) multiplicative update
for the LTD only, (b) multiplicative update in both LTD
and LTP, (c) multiplicative in only LTP, and (d) the
additive rule. In the first case (a), considered by van
Rossum et al. (2000) and Rubin et al. (2001), the amount
the synaptic weight changes from potentiation and de-
pression respectively is given by w p ¼ cp and w d ¼ $ cdw

Fig. 6. Evolution of the synaptic weight distribu-
tion. A mixed update rule is shown on the left,
while the additive rule is shown on the right. A The
synaptic weights continually change due to pot-
entiation and depression (arrows). When the
synaptic weight distribution is in equilibrium, the
influx into each bin of the histogram matches the
outflux. B In analogy, the synaptic weights hop
around on a potential surface. The shape of the
potential given by the drift, determines the final
distribution. C The drift term A(w) determines the
net weight change. Here small weights increase as
A(w) is positive whereas a negative A(w) reduces
large weights thus leading to a unimodal weight
distribution
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where cp and cd play the role of ALTP and w d ¼ ALTD

respectively. Here a larger weight is depressed more than
a smaller weight. This creates a negative slope for Aðw Þ

Aðw Þ / $ cdw þ ð1þ w =WtotÞcp ð2Þ

Thus Að0Þ is positive and Aðw Þ decreases with increasing
w . The steady-state synaptic weight distribution becomes
unimodal (Fig. 6 left).

However, if the update rule for the potentiation is
also multiplicative (case b) then the resulting synaptic
weight distribution becomes bimodal. Introducing
w p ¼ cpw gives

Aðw Þ / $ cdw þ w ð1þ w =WtotÞcp ð3Þ

and Að0Þ ¼ 0 and Aðw Þ > 0 for large w . Inspection of
oAðw Þ=ow reveals that Aðw Þ becomes negative for
moderate w provided that depression is somewhat
stronger than potentiation. Under these conditions the
steady-state distribution is bimodal. This explains the
simulations in Fig. 4B since the multiplicative update in
LTP rewards strong synapses to become even larger.
When the update rule is multiplicative only for LTP but
not for LTD (case c) we find that

Aðw Þ / $ cd þ w ð1þ w =WtotÞcp ð4Þ

while Að0Þ ¼ $ cdpd and Aðw Þ > 0 for large w . Here
Aðw Þ ¼ 0 when w ( cd=cp. Note that when depression is
sufficiently strong compared to potentiation, the synap-
tic weight distribution becomes bimodal.

Song et al. (2000) simulated the situation when the
synaptic weights were updated with an additive amount
as w p ¼ ALTP and w d ¼ $ ALTD. The existence of steady-
state distribution requires a maximal synaptic weight
w max when the update rules are additive. Now, letting
a ¼ ALTD=ALTP, we can then write the drift term Aðw Þ as

Aðw Þ / w =Wtot $ 1þ 1=a ð5Þ

When w max > ð1 $ 1=aÞWtot, the synaptic weight distri-
bution becomes bimodal. The positive slope of Aðw Þ
means that the w value at which Aðw Þ ¼ 0 becomes
unstable will increase or decrease respectively depending
on whether a given synapse is larger or smaller than that
particular w value. The synaptic steady-state weight
distribution will therefore be bimodal. The analogy with
the potential explains why the system takes so long to
equilibrate in this case: some synapses have to climb
over a barrier to reach their steady-state (Fig. 6 right).

In the additive version of the STDP rule both the
synaptic competition and rate normalization are sensi-
tive to parameter changes and a delicate balance be-
tween depression and potentiation is required. Small
changes in input rates can easily create a unimodal
synaptic weight distribution near zero or maximal
weight. One approach to fix this problem is to place a
particularly sensitive parameter, a, under dynamic con-
trol. Self-consistent Fokker-Planck calculations can be
used to determine how the asymmetry in the learning
ratio, a, should depend on presynaptic firing rate in
order to produce a given neuronal input-output

relationship. This approach has been used to derive
constraints for an adaptive STDP rule where the pa-
rameter a is under activity-dependent control (Tegnér
and Kepecs 2002a).

Whether a bimodal distribution and/or rate normal-
ization occurs is also highly dependent on the particular
shape of the learning function. For example, in weakly
electric fish an anti-Hebbian inverted STDP has been
found (Bell et al. 1997). The stability of this learning rule
was first described by Roberts (1999). Cateau et al.
(2002) have developed an extension to the Fokker-
Planck method presented here where the drift term Aðw Þ
can be calculated for arbitrary window functions. Note,
however, that the Fokker-Planck analysis presented here
was developed for feed-forward models and does not
seem feasible when recurrent network effects are
included.
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Markram H, Lübke J, Frotscher M, Sakmann B (1997) Regula-
tion of synaptic efficacy by coincidence of postsynaptic APs
and EPSPs. Science 275: 213–215

Mehta MR, Barnes CA, McNaughton BL (1997) Experience-de-
pendent, asymmetric expansion of hippocampal place fields.
Proc Natl Acad Sci, USA 94: 8918–8921

Mehta MR, Wilson MA (2000) From hippocampus to v1: effect of
LTP on spatio-temporal dynamics of receptive fields. Neuro-
comput 32: 905–911

Mehta MR, Quirk MC, Wilson MA (2000) Experience-dependent
asymmetric shape of hippocampal receptive fields. Neuron 25:
791–715

Miller KD (1996) Synaptic economics. Neuron 7: 371–374
Miller KD, Keller JB, Stryker MP (1989) Ocular dominance col-

umn development: analysis and simulation. Science 245: 605–
615

Minai AA, Levy WB (1993) Sequence learning in a single trial. In:
INNS World Congress of Neural Netw II pp 505–508

Montgomery JM, Madison DV (2002) State-dependent heteroge-
neity in synaptic depression between pyramidal cell pairs.
Neuron 33: 765–777

Petersen CC, Malenka RC, Nicoll RA, Hopfield JJ (1998) All-or-
none potentiation at CA3-CA1 synapses. Proc Natl Acad Sci,
USA 95: 4732–4737

Rao RPN, Sejnowski TJ (2000) Predictive sequence learning in
recurrent neocortical circuits. In: Solla SA; Leen TK; Muller
KR (eds) Adv Neural Inf Process Syst, vol 12. MIT Press,
Cambridge, MA, pp 164–170

Rao RPN, Sejnowski TJ (2001) Spike-timing-dependent Hebbian
plasticity as temporal difference learning. Neural Comput 13:
2221–2237

Rittenhouse CD, Shouval HZ, Paradiso MA, Bear MF (1999)
Monocular deprivation induces homosynaptic long-term de-
pression in visual cortex. Nature 397: 347–350

Roberts PD (1999) Computational consequences of temporally
asymmetric learning rules: I. differential Hebbian learning.
J Comp Neurosci 7: 235–246

Rosenmund C, Feltz A, Westbrook GL (1995) Calcium-dependent
inactivation of synaptic NMDA receptors in hippocampal
neurons. J Neurophysiol 73: 427–430

Rubin J, Lee DL, Sompolinsky H (2001) Equilibrium properties of
temporally asymmetric Hebbian plasticity. Phys Rev Lett 86:
364–367

Schuett S, Bonhoeffer T, Hubener M (2001) Pairing-induced
changes of orientation maps in cat visual cortex. Neuron 32:
315–323

Sejnowski TJ (1999) The book of Hebb. Neuron 24: 773–776
Senn W, Buchs NJ (2002) Spike-based synaptic plasticity and the

emergence of direction selective simple cells. J Comput Neu-
rosci

Senn W, Markram H, Tsodyks M (2001) An algorithm for
modifying neurotransmitter release probability based on
pre- and postsynaptic spike-timing. Neural Comput 13: 35–
67

Seung S, Xie X (2000) Spike-based learning rules and stabilization
of persistent neural activity in recurrent neocortical circuits. In:
Solla SA; Leen TK; Muller KR (eds) Adv Neural Inf Process
Syst, vol 12., MIT Press, Cambridge, MA, pp 2–3

Shepherd GM, Harris KM (1998) Three-dimensional structure and
composition of CA3!CA1 axons in rat hippocampal slices:
implications for presynaptic connectivity and compartmental-
ization. J Neurosci 18: 8300–8310
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