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Spike Timing-Dependent Plasticity has been found to assume many different forms. The

classic STDP curve, with one potentiating and one depressing window, is only one of

many possible curves that describe synaptic learning using the STDP mechanism. It

has been shown experimentally that STDP curves may contain multiple LTP and LTD

windows of variable width, and even inverted windows. The underlying STDPmechanism

that is capable of producing such an extensive, and apparently incompatible, range of

learning curves is still under investigation. In this paper, it is shown that STDP originates

from a combination of two dynamic Hebbian cross-correlations of local activity at the

synapse. The correlation of the presynaptic activity with the local postsynaptic activity is

a robust and reliable indicator of the discrepancy between the presynaptic neuron and the

postsynaptic neuron’s activity. The second correlation is between the local postsynaptic

activity with dendritic activity which is a good indicator of matching local synaptic and

dendritic activity. We show that this simple time-independent learning rule can give rise to

many forms of the STDP learning curve. The rule regulates synaptic strength without the

need for spike matching or other supervisory learning mechanisms. Local differences

in dendritic activity at the synapse greatly affect the cross-correlation difference which

determines the relative contributions of different neural activity sources. Dendritic activity

due to nearby synapses, action potentials, both forward and back-propagating, as well

as inhibitory synapses will dynamically modify the local activity at the synapse, and the

resulting STDP learning rule. The dynamic Hebbian learning rule ensures furthermore,

that the resulting synaptic strength is dynamically stable, and that interactions between

synapses do not result in local instabilities. The rule clearly demonstrates that synapses

function as independent localized computational entities, each contributing to the global

activity, not in a simply linear fashion, but in a manner that is appropriate to achieve local

and global stability of the neuron and the entire dendritic structure.
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FIGURE 6 | Change in EPSP shape during development of two competing synapses. (A) STDP curves for relative shorter EPSP shape, comparable to adult, without

noise. (B) STDP curves with relative wider EPSP shape, comparable to young neuron, without noise. (C) STDP curves for relative shorter EPSP shape with added

20% input noise. (D) STDP curves for relative longer EPSP shape with added 20% input noise.

effective in determining synaptic strengths and appears to have
a solid foundation in experimental biology (Bi and Poo, 1998;
Meredith et al., 2007). However, beyond curve fit models of the
STDP rule, commonly expressed as two exponential decay curves
(Song et al., 2000), it has not been demonstrated that the causal
correlation property of synaptic plasticity is valid, and is effective
as a learning mechanism as may have been assumed. Indeed, the
focus on spiking models and synaptic STDP models based on

curve fit approximations has detracted from this cardinal aspect

of learning. A lot of effort has been put into ephemeral problems
associated with the modeling rather than the STDP mechanism
itself and its relevance to learning in biology (Morrison et al.,
2008). In particular, extensive spike sorting algorithms have been
defined to resolve the issue of timing relevance of pre-after-post
vs. post-after-pre spiking patterns which are, in effect, an STDP
version of supervised learning. Biochemical synaptic processes
are autonomous and dynamically complex, from which time
based activity emerges (olde Scheper, 2008). The dynHebb model
eliminates explicit time which makes it possible to determine the
relative temporal contributions of synapses to network learning
in a consistent and independent manner. The independence of
the model, with regards to explicit time windows, allows greater
flexibility and adaptability for simulating different synaptic input
types, if wishing to simulate their STDP curve ranges. The
lack of an explicit time window does not force the synapse to
behave to discrete pairing windows but rather works on the
causal correlation of synaptic activity in a dynamic manner.

Therefore, the model clearly demonstrates that time dependent
processes do not require an intrinsic clock or event detection
but are sensitive to temporal codes simply due to deterministic
autonomous dynamic behavior.

The development of a phenomenological learning rule
appears to be somewhat contrary to current interpretations
of synaptic plasticity modeling. In particular, various models
have been published to attempt to explain STDP in terms of
biochemical processes (e.g., Sjöström et al., 2001; Graupner
and Brunel, 2012). In this paper, we do not claim to explain
the biophysics of STDP, but attempt to provide a mechanistic
approach, which is not simplistic, but powerful enough to address
the main criticisms that STDP modeling attracts (Shouval et
al., 2010). Specifically, the dynHebb model allows a minimal
model with sufficient, and necessary, complexity to allow
comprehension of the key concepts, without specific biochemical
interpretations that form the basis of many arguments about
interpretation.

4.1. The Dynamic Hebbian
Cross-Correlation rule
The dynamic Hebbian cross-correlation learning rule is a
conceptual activity measure that is not bound to any biophysical
feature beyond the implied causality imposed by the synaptic
chemical organization. Even though different interpretations
have been given to specific roles and functions of biophysical
elements, such as calcium and neurotransmitter receptors
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FIGURE 7 | Synaptic competition at the dendrite. (A) Three simulated synapses compete to activate the postsynaptic neuron. Each of the synapses can be chosen to

be excitatory or inhibitory, here is shown the configuration with the distal synapses as excitatory. The distances dA,dB, and dC indicate the relative attenuation of the

activation for each contributing synapse. (B) Synaptic strength variation due to three competing excitatory synapses a small distance from each other. (C) Detail of the

postsynaptic response due to three excitatory inputs. The response is dynamically stable. (D) Raster plot of the three presynaptic input patterns (A, B, and C) where all

are excitatory, and the resulting postsynaptic response. Notice that the resulting post-synaptic pattern is dynamically stable and not merely the sum of the inputs.

(Clopath et al., 2010; Graupner and Brunel, 2012), the relative
importance of those specific elements to the entire complex
system is still contentious. We argue, therefore, that the synaptic
learning is based on dynamic nonlinear interactions between
biophysical systems and that attributing specific STDP properties
to chosen biophysical elements is an over-interpretation of the
available data. To encompass the entire dynamics, it is more
suitable to a phenomenological interpretation that allows the
high level STDP dynamics to be described. Similar approaches
have been previously employed extensively in neuromodeling
(Koch, 1999), indeed the classical STDP model curve is a
phenomenological curve fitted to the data (Song et al., 2000).

The interaction between the depression due to input and
potentiation due to postsynaptic activity dynamically determines
the amplitude and width of the STDP windows. For a single

synapse, with no further postsynaptic activities than the dendritic
pulse it generated, the emerging shape is the well known Hebbian
STDP learning window. As we will show, variations in timing,
amplitude and width of the STDP curve are solely due to the
relative difference in cross-correlation timing pre-synaptically vs.
post-synaptically. Electrical properties of individual synapses and
morphological properties of dendrites may result in different
variations of the STDP window. If other synapses are near
enough to affect the local dendritic activity near the synapse
under investigation, they can have a significant effect on the
STDP curve of that synapse. Additionally, other waves of activity,
such as Back-propagating Action Potentials (BAP) and dendritic
activities, will also affect the postsynaptic activity of the synapse.
This can be determined by examining well known properties of
STDP as described below.
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FIGURE 8 | Effect of different relative locations of the inhibitory synapse in relation to two excitatory synapses. (A) The post-synaptic voltage of the Morris-Lecar

neuron when synapse A is inhibitory. (B) Post-synaptic voltage when synapse B is inhibitory. (C) Post-synaptic voltage when synapse C is inhibitory. (D) Synaptic

strengths over time when synapse A is inhibitory. (E,F) Same for synapses B and C.

4.2. Synaptic Competition
The apparent change in STDP learning rule induced by the
difference in external input timings has also been reported
to occur experimentally in CA1 pyramidal neurons where the
external input timing at local synapse determines the sign of
STDP learning (Kwag and Paulsen, 2009). The competition of
the synapses illustrates an important feature of the dynHebb
model and its implications for STDP learning. The crux is the

interaction between the local dynamics of the synapse itself with
the global or wider local dynamics of nearby synapses and the
neuronal local state as expressed by an action potential in the
dendrite.

It has been suggested that different STDP windows may be
specific for different cell types, such as in the dorsal cochlear
nucleus (Tzounopoulos et al., 2004) where Hebbian and anti-
Hebbian type STDP windows have been found for different
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cell types. In such cases, postsynaptic activity may induce
both Hebbian and anti-Hebbian STDP windows depending on
the local postsynaptic dynamics due to interactions of various
sources of activity. Multi-synaptic activation can readily skew
the expected results depending on the local flow of currents.
This can be seen in the example of the competing synapses
where synapse 2 (Figure 2C green line) has an anti-Hebbian
STDP window due to the competing activity of synapse 1. It
was also shown experimentally that the location of synapses
within the dendritic tree is relevant to the form of the STDP
learning rule (Froemke et al., 2010). This is predicted by
the dynHebb learning rule, as in more distal areas of the
dendritic tree, more complex postsynaptic interactions are
possible when BAPs contribute significantly less to the STDP
learning rule. The proximal synapse is therefore still largely
influenced by the relatively strong contribution of the BAP to
the postsynaptic activity. Experimental results that describe the
loss of temporal contrast due to dopaminergic modulation of
STDP (Zhang et al., 2009) can thus be explained by changes
in the responsiveness of the competing cross-correlation based
depression and potentiation. Furthermore, it has been shown that
integration of synaptic input is governed by local recruitment of
NMDA receptor channels (Larkum et al., 2009), demonstrating
the importance of local interaction at the postsynaptic site for
learning.

4.3. Frequency Dependence
The results on frequency dependence show that the dynHebb
correlation learning rule also applies to harmonics. For the input
frequencies around 10 Hz, the shape of the STDP curve at
±100 ms (e.g., Figure 3A) is comparable to the curve around
the origin. It is possible for the harmonic curves to have
somewhat different shapes due to differences in timing of the
harmonic input with the postsynaptic activity. This has already
been shown in both simulations as well as experimental data
(Meredith et al., 2007; Clopath et al., 2010, supplement) and it
has been suggested that resonance may have a functional role in
neuronal communication (Izhikevich et al., 2003). The oscillatory
control of STDP in mushroom bodies in the locust may well
be a fundamental facet of neuronal network function in many
species (Kwag and Paulsen, 2009). Additionally, the importance
of harmonics in STDP is relevant to the reported variability of
STDP learning rules whose synaptic location on the dendrite
modifies the STDP curve (Letzkus et al., 2006; Froemke et al.,
2010).

The existence of heterosynaptic plasticity has been shown
in various experiments (Morrison et al., 2007; Abraham, 2008).
In particular, the change in one synapse appears to prevent
a corresponding change in other synapses (Abraham, 2008)
and depends on conditioning frequencies (Wang and Wagner,
1999), which cause a significant shift of the STDP window in
heterosynaptic plasticity. This is comparable to the apparent shift
in the STDP window in the model of two competing synapses
where the activity of one synapse prevents the second synapse
to become potentiated at the same timings and the difference
in input frequency causes a temporal shift of the STDP window
(Verhoog et al., 2013).

Additionally, the dendritic organization of cortical input in
vivo has been shown to be organized locally which allows
the integration of spatially distributed input (Jia et al., 2010).
The dynHebb model demonstrates that local interactions of
competing synapses can readily result in this type of integration
by combining temporal information from spatially separate
synapses.

4.4. Action Potentials
The frequency and relative timing dependent nature of the
contribution of the action potential to STDP has been shown
to occur widely (Sjöström et al., 2008). A typical example is
the malleability of the CA1-CA3 synapse, as has been shown by
Wittenberg and Wang (2006) (Figure 4C) . They demonstrated
that with increased timing differences of the BAP other than
1 ms, varying amounts of plasticity can be shown, including
multiple LTD windows. Without the quantitative data, we can
only compare qualitatively these experimental results, to a
simulation of the single compartment model with two synapses
and an action potential (Figure 4D), which is the provided
interpretation of the experiment (Wittenberg and Wang, 2006).
They result in a STDP curve with a single time shifted LTP
window with two LTD windows and two additional resonance
peaks. It was produced with one synapse stimulated at 5 Hz, one
synapse stimulated at 4.9 HZ (204 ms) and an action potential
at 4.78 Hz (209.1 ms). It may be concluded that the interaction
of the different sources of activity can readily result in different
STDP curves where local synaptic properties determine the exact
shape of the curve in combination with the timing differences of
those sources at the synapse.

These results illustrate the need for synapses to receive global
input from the neuron itself to scale the synaptic input and to
receive input from other synapses but not to be overwhelmed
by the total postsynaptic activity. Interaction between synapses
via the postsynaptic activity generated by other synapses and
action potentials permits a wide range of possible behaviors of the
STDP learning curve. Using local synaptic rules which integrate
the information from other sources ensures stability of both the
neuron and the network (Marder and Goaillard, 2006; Sjöström
et al., 2008).

4.5. Inhibition
The clear effect of the interaction of the synaptic inhibition with
the STDP learning rule is that the associated excitatory input
in the synapse should be weakened, rather than strengthened,
whenever the inhibitory input occurs after the excitatory input.
Additionally, the synapse should be strengthened whenever
the inhibitory input precedes the excitatory input. Synaptic
inhibition, therefore, not only controls the activity level of the
neuron, but also directs the type of learning of nearby excitatory
synapses in the target neuron. Experimental results of STDP in
the striatum demonstrate the existence of a switch from anti-
Hebbian to Hebbian type STDP learning curves in the presence
of GABA-ergic blockers (Fino et al., 2005, 2009, 2010; Pawlak and
Kerr, 2008). This finding has been suggested to be a more generic
property of neuronal networks than previously has been assumed
and may readily explain the function of inhibition in synaptic
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integration and spike timing found in CA1 (Lamsa et al., 2010).
Furthermore, synaptic pruning due to repetitive LTD induction
found in rat hippocampal neurons (Shinoda et al., 2010) could
well be explained by this dynamic role of inhibition on already
existing synaptic connectivity.

4.6. Activity during Development
We suggest that the functional role of the changing EPSPs is
related to the relative unreliability of input in the young neuron.
The young network has lower discerning resolution but has better
reliability in terms of the correct response due to spike timing.
The younger neuron can still be trained even with a high level
of input noise. In the mature neuron, the more narrow EPSPs
result in STDP learning with higher resolution because of the
increased reliability of the input due to the training of the entire
network. This mechanism could be seen as a reliable biological
mechanism for annealing the network into stable and functional
networks with high resolution. A similar phenomenon has been
observed in dissociated cortex cultures, where wide bursting
profiles are predominant in the early stages of growth, and after
3–4 weeks show a short onset, resulting in increased timing
precision of the synchronization between neurons (van Pelt et al.,
2004).

4.7. Local Dendritic Competition
The dynHebb synaptic model can be employed to investigate
interactions between locally competing synapses at the dendrite.
This type of localized competition is most important for
local computation at the dendritic level (olde Scheper, 2008).
Furthermore, this concept is essential to maintain stability of
the network, preventing synapses from “exploding” due to large
increases in synaptic weight, a common issue in modeling
using the classic STDP function. Using a simulation of three
interacting synapses we show the functional dynamic response
over time of competing synapses with and without inhibition at
different distances from each other. The resulting postsynaptic
activity is not the sum of all inputs, as the cross-correlation
of each synapse interacts with the other synapses at the local
level. If all synapses are excitatory, this could readily result in
inherently unstable dynamic states, when each of the synapses
increases the synaptic strength of the other synapses. In the
dynHebb model, this is not possible, because synapses without
input do not change their state, and they are limited in the
sense that for even higher synaptic weight, the local state of the
synapse needs to match the local dendritic activity, which has
naturally amaximum. If we also consider the possibility of adding
inhibitory synapses to this concept, the number of possible
interactions increase even further. When an inhibitory synapse
reduces the local dendritic activity, the excitatory synapses will
gain greater sensitivity to changes. Extending the number of
synapses, the distances between the synapses and the type of
synaptic activity will make this system show more complex and
interesting behaviors. In particular, the ability to match cross-
correlation patterns for different inputs and local activities of
different parts of the dendritic tree. The dynHebb model ensures
that the synapses remain functional, are attuned to their input,

and will not degrade over time, unless negative input correlation
occurs.

4.8. Model Comparison
Although the aim of this paper is not to perform an extensive
comparison of the various models of STDP, but rather to
emphasize the importance of dynamic models, it would be
appropriate to mention some cardinal differences between the
dynHebbmodel and selected popular models. Firstly, models like
Shouval et al. (2002) and Graupner and Brunel (2012) emphasize
specific biophysical properties to the manifestation of STDP, such
as NMDA receptors and intracellular Calcium signaling. Neither
paper suggests that these are the sole mechanisms involved in
a complex biochemical process, yet by deliberately choosing a
single aspect, the impression is given that the other biophysical
interactions are of secondary importance. By creating a model
that focusses on the dynamic behavior, the dynHebb model
avoids this issue, but still allows expansion of the model with
each of those biophysical aspects in subsequent work. Secondly,
the stability of each of these two models is not ensured when
synapses interact, or when there is a large amount of current
injected, e.g., due to coinciding activities of nearby synapses.
Both models only regard single model synapses, with specific
parameter choices to ensure stability. The dynHebb model is
inherently robust, self-limiting, and allows complex synaptic
interactions. Lastly, both models are based on non-autonomous
equations (i.e., dependent on explicit time), which requires
spike selecting and fixed responses of the synapse based on the
chosen time parameter constants. The dynHebbmodel causes the
emergence of STDP from the timings of the activity functions,
where different activity functions cause different time responses.

4.9. Experimental Implications
Specific STDP learning rules are often experimentally determined
by experimental protocols (Testa-Silva et al., 2010). These
rules would otherwise not be readily visible in the resulting
experimentally determined synaptic behavior. This is indeed
a sensible requirement when dealing with a noisy, inexact
measurement of a relatively small change in the excitatory
postsynaptic potential. However, the concept relies on several
premises for which there is only scant evidence. Firstly, the
extracellular or presynaptic neural stimulation activates an
unknown number of synapses whose combined postsynaptic
response is assumed to be negligible at the level of the synapse
under investigation. As can be seen from our model results, this
is certainly not the case, nor is this desirable for each individual
synapse. Secondly, the exact timings in experiments are still
tentative given the relatively large margin of error needed to
ensure proper response timings, that are not obscured by the
experimental protocol itself. Lastly, results are obtained from
many different synapses, often in different but identical type
of neurons with no consideration for the huge variability that
must exist for the local dynamics due to different morphologies
and other local properties of the neuron. It is to the skill and
persistence of the experimenter that wemust attribute that results
are found at all, despite the large number of obstacles that need
to be overcome.
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Obviously, there is no ready made solution that can easily
simplify the process, however by assuming a methodology
that is more in line with the natural process of synaptic
transmission, rather than adhering to a steady-state approach,
the likelihood of determining significant results can be greatly
increased. The deterministic nature of the dynHebb rule allows
the emergence of the small relative contribution of individual
learning events without the stochastic background noise that
can obscure the event in probability based learning rules. In
our simulations, we employ a continuous stimulation protocol
that does not require instantaneous updates and highlights the
dynamic nature of STDP learning. We can replicate a standard
experimental protocol by activating a specific model synapse
directly and generate a postsynaptic action potential at the soma.
Or, we can activate nearby model synapses to demonstrate the
dynamic interaction at the synaptic level of the postsynaptic
activity induced by different synapses. This will allow further
development of the STDP model using experimental results to
guide the specific interpretation of the Hebbian learning.

5. CONCLUSION

The Dynamic Hebbian Learning model demonstrates that only
local autonomous non-linear interactions govern the STDP
learning rules. The dynamic interactions at the postsynaptic site
modify the default Hebbian STDP curve into many possible
experimentally observed forms. More detailed modeling of the
constraints that determine the shape of the learning curve,
such as local dendritic morphology, networks of neurons,
current flow within the dendrite and second messenger
signaling, will provide a systematic understanding of the STDP
learningmechanism. Awareness of the dynamic cross-correlation
principle will greatly facilitate the interpretation of data and
may lead to the discovery of novel mechanisms involved in
tuning the STDP curve of individual synapses within the
network.

Furthermore, it has been shown that the self-organizing
nature of stable cortical networks itself requires fluctuating
synaptic strengths which results in a purely additive STDP
mechanism. This is based on observed patterns of synaptic
strength in the dynamics of dendritic spines of the rat
hippocampus (Zheng et al., 2013). The robustness imposed
by the dynHebb rule allowing additive dynamics to form the
stable STDP learning which will ensure a stable network due to
fluctuations in the local synaptic dynamics supports this concept
completely.

6. FUTURE WORK

Firstly, using the dynHebb rule, further work in dendritic
computation and interaction between neurons has become
possible. We are particularly interested in the robustness of
developing neural networks (van Pelt et al., 2005). The stability
introduced in the network due to the causal learning rule
ensures that developing networks remain stable, even in the
presence of large amount of input and network noise. We will
show that for small networks, due to computational limitations,
the dynHebb model will result in stable networks that have
similar properties as observed experimentally, and are capable
of self-calibration of their relative weights when connectivity
changes over time. Secondly, the dynHebb model is purely
phenomenological, which then begs the question how the
mechanism of Hebbian learning is functionally employed in
the biophysical synapse. The model does not preclude the
elaboration of specific mechanisms, such as calcium signaling,
or other relevant mechanisms. Indeed, one proposal would
be to replace the dendritic cross-correlation term with one
based on calcium waves, or to replace the depressing cross-
correlation term with biophysical interpretations. Lastly, it
would be extremely interesting to test the predictions and
results of the dynHebb model in an experimental setup. We
consider the continuous stimulation method to be very useful
for the experimenter to provide a more robust framework to
determine STDP. At the moment, we are exploring different
avenues that would allow us to do this in the near future.
By publicly demonstrating the capabilities of the dynHebb
model, we envision an invigorating discussion on the relative
merits of models vs. experimental results, ensuring that
potential viewpoints from both experimental and theoretical
understanding are valued to further our understanding of neural
computation.
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