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Changes in synaptic efficacies need to be long-lasting in order to serve as a substrate for memory. Experimentally, synaptic
plasticity exhibits phases covering the induction of long-term potentiation and depression (LTP/LTD) during the early phase
of synaptic plasticity, the setting of synaptic tags, a trigger process for protein synthesis, and a slow transition leading to
synaptic consolidation during the late phase of synaptic plasticity. We present a mathematical model that describes these
different phases of synaptic plasticity. The model explains a large body of experimental data on synaptic tagging and
capture, cross-tagging, and the late phases of LTP and LTD. Moreover, the model accounts for the dependence of LTP and
LTD induction on voltage and presynaptic stimulation frequency. The stabilization of potentiated synapses during the
transition from early to late LTP occurs by protein synthesis dynamics that are shared by groups of synapses. The functional
consequence of this shared process is that previously stabilized patterns of strong or weak synapses onto the same
postsynaptic neuron are well protected against later changes induced by LTP/LTD protocols at individual synapses.
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Introduction

Changes in the connection strength between neurons in
response to appropriate stimulation are thought to be the
physiological basis for learning and memory formation [1,2]. A
minimal requirement for proper memory function is that these
changes, once they are induced, persist for a long time. For several
decades, experimentalists have therefore focused on Long-Term
Potentiation (LTP) and Long-Term Depression (LTD) of synapses
in hippocampus [3,4] and cortical areas [5,6]. LTP can be induced
at groups of synapses by strong ‘tetanic’ high-frequency stimula-
tion of the presynaptic pathway [3] while stimulation at lower
frequency leads to LTD Dudek92. Both LTP and LTD can also be
induced at a single synapse or a small number of synaptic contacts
if presynaptic activity is paired with either a depolarization of the
postsynaptic membrane [5,7] or tightly timed postsynaptic spikes
(8,9].

While the induction protocol for LTP and LTD is often as short
as a few seconds, the changes in synaptic efficacy persist for much
longer [9]. In typical slice experiments on LTP [and similarly for
LTD or Spike-Timing Dependent Plasticity (STDP)] the persis-
tence of the change is monitored for 30 minutes to 1 hour.
Accumulating evidence suggests, however, that after this early
phase of LTP (E-LTP) different biochemical processes set in that
are necessary for the further maintenance of potentiated synapses
during the late phase of LTP (L-LTP) [10,11]. For an
understanding of the transition from early to late LTP, the
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concept of ‘synaptic tagging and capture’ has become influential
[12,13]. During induction of the early phase of LTP, each
potentiated synapse sets a tag that marks that it has received a
specific afferent signal. A candidate molecule, involved in the tag
signaling L'TP induction in apical dendrites of hippocampal
neurons, is the calcium-calmodulin dependent kinase II (CaMKII)
[13]. Newly synthesized plasticity-related proteins are ‘captured’
by the tagged synapse and transform E-L'TP into L-L'TP that can
be maintained over hours or days. A candidate protein involved in
the maintenance of potentiated hippocampal synapses is the
protein kinase M{ (PKMJ{) [11,14].

The stabilization and maintenance of potentiated synapses
poses a number of theoretical challenges. First, on the level of
single synapses we must require synaptic strength to remain stable,
despite the fact that AMPA channels in the postsynaptic
membrane are continuously exchanged and recycled [15-17].
Thus the synapse is not ‘frozen’ but part of a dynamic loop.
Second, on the level of neuronal representation in cortical areas,
one finds representations of input features that are stable but at the
same time sufficiently plastic to adjust to new situations [18]. In the
theoretical community, this paradox has been termed the stability-
plasticity dilemma in unsupervised learning [19]. Third, humans
keep the ability to memorize events during adulthood, but can also
remember earlier episodes years back. However, continued
learning of new patterns in theoretical models of associative
memory networks forces the erasure or ‘overwriting’ of old ones,
the so-called palimpsest property [20,21]. In the context of
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Author Summary

Humans and animals learn by changing the strength of
connections between neurons, a phenomenon called
synaptic plasticity. These changes can be induced by
rather short stimuli (lasting sometimes only a few seconds)
but should then be stable for months or years in order to
be useful for long-term memory. Experimentalists have
shown that synapses undergo a sequence of steps that
transforms the rapid change during the early phase of
synaptic plasticity into a stable memory trace in the late
phase. In this paper we introduce a model with a small
number of equations that can describe the phenomena of
induction of synaptic changes during the early phase of
synaptic plasticity, the trigger process for protein synthe-
sis, and the final stabilization. The model covers a broad
range of experimental phenomena known as tagging
experiments and makes testable predictions. The ability to
model the stabilization of synapses is crucial to understand
learning and memory processes in animals and humans
and a necessary ingredient for any large-scale model of the
brain.

continued learning, theoretical arguments show that synaptic
plasticity on multiple time scales cannot prevent, but at most delay
the erasure of memories in the presence of ongoing synaptic
activity [22]. This suggests that additional mechanisms are
necessary to further protect existing memories and ‘gate’ the
learning of new ones.

Despite these challenges for the long-term stability of synapses,
most classical models of synaptic plasticity focus on the induction
and early phase of LTP or LTD and completely ignore the
question of maintenance. Traditional models of associative
memories separate the learning phase from the retrieval phase
[23] and the same holds for standard models of STDP [24-26].
Detailed biophysical models of LTP and LTD describe calcium
dynamics and Calcium/Calmodulin-Dependent Protein Kinase II
(CaMKII) phosphorylation during the induction and early phase
of LTP [27-29]. While these models show that switches built of
CaMKII proteins can be stable for years, they do not address
aspects of tagging leading to heterosynaptic interaction during L-
LTP and L-LTD. Moreover, while CaMKII phosphorylation is
necessary for induction of LTP and mediate tags in the apical
dendrites of hippocampal CAl neurons [30], it is less clear
whether it is necessary for its maintenance [31]. On the other hand
protein kinase M( is essential for maintenance of some synapse
types [11,13,14] but the same molecule is potentially relevant for
induction in others [30].

We wondered whether a simple model that connects the process
of LTP induction with that of maintenance would account for
experimental results on tagging and ‘cross-tagging’ [11-13,32]
without specific assumptions about the (partially unknown)
molecular pathways involved in the maintenance process. If so,
the model should allow us to discuss functional consequences that
are generic to the tagging hypothesis independent of the details of
a biophysical implementation in the cell. Even though we believe
that the model principles are more general, we focus on synapses
from the Schaffer-Collaterals onto the CAl neurons in hippo-
campus as an experimentally well-studied reference system for
synaptic plasticity. Since typical tagging experiments involve the
extracellular stimulation of one or several groups of synapses (rather
than single synapses), our model of early and late LTP/LTD is
developed in the context of a neuron model with hundreds of
synapses. The application of the principles of synaptic consolida-
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tion to experiments inducing E-LTP/E-LTD at single synapses is
considered in the discussion section.

Results

We study a model with a large number of synapses 7 onto a
single postsynaptic neuron. To be specific, we think of a pyramidal
neuron in the CAl area of hippocampus. Our model combines
features of traditional models for the induction of potentiation [24—
26,33-36] with a simple description of tagging and synthesis of
plasticity related proteins that finally lead to the maintenance of the
induced changes. The section is organized as follows: We first
mtroduce the essential components of the model step by step
(‘Constructing the Model’). We then test the performance of the
model with a set of stimuli typically used to induce long-term
changes of synapses (“T'esting the Model’).

Constructing the Model

Our model contains three elements, Figure 1. The first one sets
the tag during the induction of E-LTP or E-LTD. A tag is
indicated by a value 2= 1 for LTP or /=1 for LTD. In the absence
of tags we have /= /= 0. The second one describes the process that
triggers the synthesis of plasticity related proteins. The final
component describes the up-regulation of a maintenance-related
process from a low value (¢=0) to a high value (¢=1). The
dynamics of this component is intrinsically bistable and leads to a
consolidation of the previously induced change at the labeled
synapses upon interaction with the protein p (‘protein capture’).
The total change Aw of the synaptic strength reported in
experiments contains contributions [13] of the early components
land £ as well as the late component z. Since the model describes a
sequence of three steps “T'ag-Trigger-Consolidation’ we call it in
the following the TagTriC-Model (Figure 1).

Tag and Induction of LTP/LTD

Results from minimal stimulation protocols which putatively
activate only a single synapse suggest that the induction of LTP is a
switch-like process [7,37]. We therefore model individual synapses
as discrete quantities that can switch, during the induction of L'TP,
from an initial ‘non-tagged state’ (N) to a ‘high state’ (H) with a
transition rate py that depends on the induction protocol
Similarly, induction of L'TD moves the synapse from the initial
non-tagged state (N) to a low state’ (L) at a rate p;. If synapse i is
in the high state, the synaptic variable /%; is equal to one. If it is in
the low state, another local variable /; is set to one. These local
variables /; and /; do not only control the weight of the synapse
during E-LTP and E-LTD, but also serve as ‘tags’ for up- or
down-regulation of the synapse. Tags reset to zero stochastically
with a rate k, and £, respectively. If both tags are zero, the synapse
is in the non-tagged state N. Since the synapse is either up-
regulated OR down-regulated, at most one of the tags can be non-
zero (Figure 1A).

The stochastic transitions from the initial state N with ;= 0 and
;=0 to the down-regulated state /;=1 or an upregulated state
h;=1 depend in a Hebbian manner on presynaptic activity and the
state of the postsynaptic neuron. In the absence of presynaptic
activity, the LTD rate p,, vanishes. Presynaptic activity combined
with a time-averaged membrane potential @ above a critical value
1rp leads in the TagTriC model to a LTD transition rate pj,
proportional to [@#)—911p]. For a transition from the initial state
to the high state, we require in addition that the momentary
membrane potential is above a second threshold 3 ;rp. Hence the
transition rate pgy is proportional to [@(f)— I p][u—Irr]
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Figure 1. The three components of the Tag-Trigger-Consolidation (TagTriC) model. (A) A synapse can be in the non-tagged state N, the
high state H or the low state L. A synapse i in H (or L) has a tag h;=1 (or /;=1, respectively). Transitions to a tagged state occur with rates py for
potentiation and p, for depression. The tag h;=1 is indicated by a red flag in both the flow graph and the schematic drawing below. (B) Synthesis of
plasticity related proteins p (green squares) is triggered if the total number of set tags is larger than a critical number N,.. If the trigger threshold N, is
not reached, the protein concentration decays back to zero. (C) The consolidation dynamics can be visualized as downward motion in a potential
surface E(z). The function f(z) (shown to the right) is the derivative of E and characterizes the dynamics dz/dt=f(z). If a tag is set at the synapse (h;=1)
and protein synthesis has been triggered (p=~1), the dynamics can be imagined as downward motion into the right well of the potential £(z). In this
case, z=1 is the only fixed point of the dynamics (magenta circle). In the absence of tags (h;=/;=0, below) the consolidation variable z; of synapse i is
bistable and approaches (direction of flow indicated by arrows) stable fixed points at z;=0 or z;=1 (magenta circles). The steps of synaptic tagging
and capture are indicated immediately below the flow diagram. (D) The tagging rates for depression (—p,,(magenta)) and for potentiation py (blue)
are shown as a function of the clamped voltage under the assumption that a presynaptic spike has arrived less than 1 millisecond before. Note that
for depression we plot the negative rate —p, rather than p, to emphasize the fact that depression leads to a down-scaling of the synapse. (E) Voltage
dependence of early LTP and LTD. The weight change Aw/w(0) induced by a stimulation of 100 synapses at 2 Hz during 50 s while the postsynaptic
voltage is clamped is shown as a function of voltage. The percent change Aw/w in simulations (circles) of LTP/LTD induction experiments can be
predicted from a theory (solid line) based on the difference in transition rates py—p;. The simulation reflects the voltage dependence seen in
experiments [5,39]. (F,G) Frequency dependence of early LTP and LTD. Simultaneous stimulation of 100 synapses by 3 trains (separated by 5 min) of
100 pulses at rates ranging 0.03 to 100 Hz shows LTD at low frequencies and LTP at frequencies above 30 Hz. (G) If LTP is blocked in the model, LTD
(pink line) occurs up to high frequencies as in experiments [7]. Blue line: LTP with blocked of LTD.

doi:10.1371/journal.pcbi.1000248.g001
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whenever these threshold conditions are satisfied; see Methods for
details.

Our assumptions regarding the transition rates essentially
summarize the qualitative voltage dependence seen in the
Artola-Brocher-Singer experiments [5]. Indeed, when 100 synap-
ses in the TagTriC model are stimulated at low frequency during
50 seconds while the membrane voltage is kept fixed at different
values (Figure 1D), the total weight change summed across all
synapses exhibits LTD at low voltage and LTP at high voltage
[38,39]. As expected, the resulting weight changes in the
simulations of Figure 1E reflect the voltage dependence of the
transition rates in Figure 1D.

Trigger for Protein Synthesis

Previously induced LTP or LTD needs to be consolidated in
order to last for more than one hour. Consolidation requires that
protein synthesis is triggered. Experimental evidence indicates that
triggering of protein synthesis needs the presence of neuromod-
ulators such as dopamine (in the apical CAl region) or other
modulators (in other regions). In typical tagging experiments,
extracellular stimulation co-stimulates dopaminergic input leading
to a phasic dopamine signal [13,40]. In our model, induction of E-
LTP or E-L'TD through appropriate stimulation protocols changes
the synaptic efficacy and sets tags at the modified synapses, both
described by the variables #;=1 or /;= 1. Protein synthesis in the
model is triggered (see methods for details) if the total number of
tags X (k1) (which indirectly reflects the phasic dopamine signal)
reaches a threshold N, which depends on the level of background
dopamine (and other neuromodulators). More specifically, N,
decreases with the concentration of background dopamine so that
the presence of dopamine facilitates the trigger process [32].

If the trigger criterion is satisfied, the concentration p of
synthesized plasticity related proteins approaches with rate £, a
value close to one. If the number of tags falls below the threshold
N,, the protein concentration p decays with a time constant 7, back
to zero. Further details on the role of the trigger threshold and its
relation to neuromodulators can be found in the discussion section.

Consolidation and Late LTP

The total weight w; of a synapse ¢ depends on the present value
of the tags %; or /; as well as on its long-term value z;. The slow
variable z; is a continuous variable with one or two stable states
described by a generic model of bistable switches, that could be
implemented by suitable auto-catalytic processes [16]. While the
concentration p of plasticity related proteins is zero, the variable z;
has two stable states at z;=0 and z;= 1, respectively. If the protein
concentration takes a value of p=1, one of the stable states
disappears and, depending on the tag that was set, the long term-
value of the synapse can be up- or down-regulated; see methods
and Figure 1C for details.

In order to illustrate the mechanism of induction of L-LTP, let
us suppose that the synapse has been initially close to the state
2:=0. The dynamics of the synapse can be imagined as downward
motion in a ‘potential’ . The current stable state of the synapse is
at the bottom of the left well in the potential pictured in Figure 1C.
We assume that during a subsequent LTP induction protocol the
synapse has been tagged with #;=1 and that the total number of
tags set during the LTP induction protocol surpasses the trigger
threshold WV, If the protein concentration p approaches one, the
potential surface is tilted so that the synapse now moves towards
the remaining minimum at z=1. After decay of the tags, p returns
to zero, and we are back to the original potential, but now with the
synapse trapped in the state z= 1. It can be maintained in this state
for a long time, until another strong tagging event occurs during
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which the synapse is tagged with ;=1 as a result of LTD
induction. In this case the potential surface can be tilted towards
the left so that the only equilibrium point is at z=0. Since
consolidation 1s typically studied in animals that are more than 20
days old [13], we assume that before the beginning of the
experiment 30 percent of the synapses are already in the
upregulated state z=1 and the remaining 70 percent in the state
2=0; see also [7]. Because of the bistable dynamics of
consolidation, only synapses that are initially in the upregulated
state 2= 1 can undergo L-LTD and only synapses that start from
2=0 can undergo L-LTP; compare [7]. Note, however, that tags
for potentiation and depression can be set independently of the
value of z. We may speculate that the variable z is related to the
activity of PKM( [11,14], or to the self-sustained clustering of
AMPA receptors [41], but the exact biochemical signaling chain is
irrelevant for the functional consequences of the model discussed
in the results section. In our model, the bistable dynamics of the z-
variable captures the essence of synaptic persistence despite
molecular turnover [15,16,28] and mobility of AMPA receptors
[41].

Tests of the Model

The TagTriC model has been tested on a series of stimulation
protocols that reflect induction of LTP and LTD as well as the
consolidation of plasticity events.

Induction of Synaptic Changes

A typical LTP induction experiment starts with extracellular
stimulation of a bundle of presynaptic fibers (i.e., the Schaffer
collaterals leading from CA3 to CAl) that activate a large number
(typically hundreds [13]) of presynaptic terminals. With an
extracellular probe electrode placed close to one of the
postsynaptic neurons, a change in synaptic efficacy is measured
via the amplitude (or initial slope) of the evoked postsynaptic
potential, representing the total response summed across all the
stimulated synapses. In our simulations, we mimic these
experiments by simultaneous stimulation of 100 synapses. The
state of the postsynaptic neuron is described by the adaptive
exponential integrate-and-fire model [42] and can be manipulated
by current injection.

In a preliminary set of simulation experiments done with
presynaptic stimulation alone (no manipulation of the postsynaptic
neuron), the TagTriC model exhibits LTD or LTP depending on
the frequency of the presynaptic stimulation (Figure 1F) in
agreement with experimental results [4,43]. Moreover, under the
assumption that LTP has been blocked pharmacologically (p;;=0
in the model), our model shows LTD even for high stimulation
frequencies (Figure 1G). This stems from the fact that LTD and
LTP are represented in the TagTriC model by two independent
pathways (Figure 1A) which are under control condition in
competition with each other, but show up individually if one of the
paths is blocked [43]. Together with the voltage dependence of
Figure 1E, the above simulation results indicate that our model of
LTP and L'TD induction can account for a range of experiments
on excitatory synapses in the hippocampal CAl region, in
particular, voltage and frequency dependence.

Consolidation of Synaptic Changes

In order to study whether consolidation of synaptic changes in
our model follows the time course seen in experiments, we
simulate standard experimental stimulation protocols [12,13]. A
weak tetanus consisting of a stimulation of 100 synapses at 100 Hz
for 0.2 seconds (21 pulses) leads in our model to the induction of
LTP (change by +15 percent) which decays back to baseline over
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the time course of two hours (Figure 2A). Thus, after the early
phase of LTP the synapses are not consolidated. A stronger
stimulus consisting of stimulating the same group of hundred
synapses by 100 pulses at 100 Hz (repeated 3 times every
10 minutes) yields stronger LTP that consolidates and remains
elevated (weight change by 22%*5 percent) for as long as the
simulations are continued (more than 10 hours, only the first
5 hours are shown in Figure 2B). Thus our model exhibits a
transition from early to late LTP if E-LTP is induced by the strong
tetanic stimulation protocol, but not the weak one, consistent with
results in experiments [12,13]. If, however, the weak tetanus at a
first group of 100 synapses is given 30 minutes before or after a
strong tetanus at a second group of 100 synapses, the synapses in
both the weakly and strongly stimulated groups are consolidated
(Figure 2C and 2D). If the weak tetanus in group one is given
120 minutes after the strong tetanus in group two, then
consolidation of the synapses in the weakly stimulated group does
not occur (Figure 2E). Thus our model exhibits a time course of
heterosynaptic interaction between the two groups of synapses as
reported in classical tagging experiments [12,13].

An advantage of a modeling approach is that we can study the
dependence of the heterosynaptic interaction between the two
groups of synapses upon model parameters. A critical parameter in
the model is the trigger threshold .V, that needs to be reached in
order to start protein synthesis (Figure 1B). With our standard
choice of parameters, where N, =40, we can plot the consolidated
weight change Aw/w(0) in the weakly stimulated group (measured
10 hours after the induction) as a function of the time difference
between the stimulation of the group receiving the strong tetanus
and that receiving the weak tetanus. The curve in Figure 2F shows
that for a time difference up to 1 hour there is significant
interaction between the two groups of synapses leading to synaptic
consolidation, whereas for time differences beyond 2 hours this is
no longer the case. If the trigger threshold is increased to N, =60
(corresponding to less available neuromodulator), then the
maximal time difference that still yields L-LTP in the weakly
stimulated group of synapses is reduced to about 20 minutes
(Figure 2F) whereas a reduction of N, yields an increased time
window of interaction (data not shown). If N, is reduced much
further, the weak tetanus alone will be sufficient to allow a
transition from the early to the late phase of LTP. We speculate
that N, could depend on the age of the animal as well as on the
background level of dopamine or other neuromodulators so as to
enable a tuning of the degree of plasticity (see discussion for
details).

LTD and Cross-Tagging

We consider two experimental protocols known to induce
LTD—a weak low-frequency protocol consisting of 900 pulses at
1 Hz and a strong low-frequency protocol consisting of 900
repetitions at 1 Hz of a short burst of three pulses at 20 Hz. This
strong low-frequency protocol applied to 100 model synapses leads
to a significant level of LTD (reduction of weights to 70+4 percent
of initial value) which is consolidated 5 hours later at a level of
83%3 percent of initial value. If a group of 100 synapses is
stimulated with the weak low-frequency protocol, an early phase of
LTD is induced that is not consolidated but decays over the time
course of 3 hours (Figure 3A and 3B). However, if the weak low-
frequency stimulation occurs after another group of 100 synapses
had been stimulated by the strong low-frequency protocol, then
the group that has received the weak stimulation shows
consolidated synapses (at 90£2 percent 5 hours after stimulus
induction, Figure 3C). Moreover, consolidation of LTD (at 92+3
percent 5 hours after stimulus induction) in the group of synapses
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receiving the weak low-frequency protocol also occurs if it was
stimulated thirty minutes after the stimulation of a second group of
synapses by a strong tetanus, leading to LTP (Figure 3D). Thus,
the TaglriC model exhibits cross-tagging consistent with
experiments [11,32]. In our model, cross-tagging occurs because
the tags for LTP and LTD (A and /, respectively) enter in a
symmetric fashion into the trigger criterion for the synthesis of
plasticity-related proteins (see Figure 1 and Methods).

Model Mechanism for Tagging, Cross-Tagging, and
Consolidation

In order to elucidate how the model gives rise to the series of
results discussed in the preceding paragraphs, we have analyzed
the evolution of the model variables during and after induction of
LTP (Figure 4). Critical for consolidation is the synthesis of
plasticity related proteins, characterized by the variable p in the
model. Synthesis is only possible while the total number of tags
va hi+1; is above the protein triggering threshold N,. For the
strong tetanic stimulus this criterion is met for about 90 minutes
(shaded region in Figure 4A) leading to high levels of plasticity
related proteins. After 90 minutes the concentration of proteins
starts to decay back to baseline. While the level of proteins is
sufficiently elevated the consolidation variable z; of each tagged
synapse moves towards z~1 since this is the only stable fixed point
of the dynamics (Figure 1C). This leads to a consolidation time of
about 2 hours, enough to switch a large fraction of synapses into
the up-regulated state z=1 (green line, Figure 4A). Hence the
average weight of the stimulated synapses stabilizes at a value
above baseline, indicating L-LTP (Figure 4A, solid line).

If, in a different experiment, 100 synapses are stimulated by the
weak tetanus, the synthesis of plasticity related proteins is only
possible during a few minutes (Figure 4B, red line), which is not
sufficient to switch tagged synapses from z = 0 into the upregulated
state z=1. Hence the weights (Figure 4B, black line) decay
together with the tags (Figure 4B, magenta line) back to baseline
and the transition from early to late LTP does not occur. The
decay of the weights is controlled by the rate £z at which tags
stochastically return to zero. The evolution of the protein
concentration p and the consolidation variable z after a strong
tetanus that leads to 90 minutes of protein synthesis and a weaker
tetanus that only leads to 40 minutes of protein synthesis has been
illustrated in (Figure 5A).

The total amount of available protein that is synthesized
depends in our model on the time that the total number of tags
stays above the protein triggering threshold N, Even though
always 100 synapses are stimulated in our model, not all receive
tags In each experiment; moreover because of the competition for
potentiation tags (h;=1) and depression tags (;=1) during
induction of plasticity, different synapses can receive different tags
in the same experiment. With our strong tetanus protocol, on
average 70 (out of 100) synapses receive a potentiation tag and 30
a depression tag while with the weak tetanus the numbers are 30
and 10, respectively. For the depression protocols, on average 10
synapses receive a potentiation tag and 90 a depression tag under
strong low-frequency stimulation, and typically zero a potentiation
tag and 40 a depression tag under the weak low-frequency
protocol. These numbers vary from one trial to the next so that
sometimes the protein trigger threshold N, = 40 is reached with the
weak protocols and sometimes not. The important aspect is that
even if the threshold is reached for a short time, the duration of
protein synthesis is not long enough to provide a sufficient protein
concentration p for consolidation of the tagged synapses; see
Figure 4B and Figure 5A.
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Figure 2. The model accounts for tagging paradigms. (A) A weak tetanus (21 pulses at 100 Hz) applied at a group of 100 synapses at
t=10 min (arrow) leads to an increased connection weight (w/w(0), blue line) that decays back to baseline. (B) A strong tetanus (100 pulses at 100 Hz
repeated three times, arrows) leads to late LTP that is sustained for 5 hours (black line). (C) If the weak tetanus (blue arrow) in a first group of synapses
is followed thirty minutes later by a strong tetanus (black arrows) in a second group of synapses, the weights in the first group (blue line) and the
second group (black line) are stabilized above baseline. (D) Stimulating a group of synapses by a weak tetanus (blue arrow) 30 minutes after the end
of the strong tetanic stimulation of a second group also leads to stabilization of the weights in both groups above baseline. (E) If the weak tetanic
stimulation occurs 2 hours after the strong tetanic stimulation of the other group, only synapses in the strongly stimulated group will be stabilized
(black line), but not those in the weakly stimulated group (blue line). (F) Fraction of stabilized weights Aw/w(0) in the weakly stimulated group
measured 10 hours after induction of LTP as a function of the time difference between the weak stimulation and the end of the strong tetanic
stimulation in the second group. Blue line: normal set of parameters (N, = 40). Black line: protein trigger threshold increased to N, =60. In panels A-E,
lines indicate the result averaged over 10 repetitions of the simulation experiments and bars standard deviation. In panel F, line indicates the result
averaged over 100 repetitions. 90 of the 100 individual trials stayed within the bounds indicated by the error bars.
doi:10.1371/journal.pcbi.1000248.9002

Since the concentration p of plasticity related proteins is crucial
for the transition from early to late LTP we wondered how a block
of protein synthesis would interfere with the consolidation of
weights in the TagTriC model. Application of a protein synthesis
inhibitor (modeled by setting the rate k, of protein synthesis to
zero) during 1 hour starting thirty minutes before a strong tetanus
is given to a group of 100 synapses that would normally lead to L-
LTP, induced E-LTP but prevented consolidation into L-LTP
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(data not shown). However, if the same simulation experiment was
repeated after a second group of synapses had received a strong
tetanic stimulation 35 minutes prior to the application of protein
synthesis blocker, then both groups of synapses showed consoli-
dation of weights (Figure 4D), consistent with experiments [12].
Closer inspection of the lower panel in Figure 4D shows that two
components contribute to consolidation: Firstly, the concentration
of plasticity related proteins (red line) that has increased because of
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Figure 3. The model accounts for cross-tagging between LTP and LTD. (A) A strong low-frequency stimulus (3 pulses at 20 Hz, repeated 900
times every second) applied to a group of N =100 synapses induces LTD with mean weights (w/w(0)) stabilized at 83+3% of initial value after 5 hours
(black line). (B) A weak low-frequency stimulus (1 pulse repeated 900 times at 1 Hz) induces early LTD, which is not consolidated. (C) If the weak low-
frequency stimulus is applied 30 minutes after a second group of synapses has received the strong low-frequency protocol, the weights in both
groups (blue, weak stimulus; black, strong stimulus) are consolidated at values below baseline. (D) Consolidation of LTD in the group receiving weak
low-frequency stimulation (blue line) also happens if induction occurs 30 minutes after stimulating a second group of synapses with a strong tetanic
protocol (see Figure 2) inducing LTP (black line). Downward arrows indicated the period of weak (blue arrow) or strong (black arrow) low-frequency
protocols. The black upward arrows indicate strong tetanic stimulation. Lines show mean results, averaged over 10 repetitions of the simulation

experiment. Error bars are standard deviation.
doi:10.1371/journal.pcbi.1000248.g003

the first strong tetanic stimulus decreases only slowly back to
baseline enabling the switching of the slow components (variable z,
green line) even in the presence of protein synthesis blocker.
Secondly, even after the end of the application of the blocker, the
total number of tags that has been set by LTP induction is still
above the critical value N, (shaded region in Figure 4D) so that
protein synthesis can be resumed after the end of the blocking
period. In summary, the detailed analysis of the TagTriC model
allows to account for many aspects of tagging experiment in terms
of a limited number of variables.

Discussion

Relation of Models to Experiments

Synaptic plasticity is based on intricate signal transduction
chains involving numerous processing steps and a large number of
different molecules [2,13,17]. Despite the complexity of the
molecular processes, synaptic plasticity has experimentally been
characterized by a small set of distinct phenomena such as short-
term plasticity [44] as well as early and late phases of LTP and
LTD [13].

Existing models of synaptic plasticity have focused on the
description of short-term plasticity [44] and on the induction of
LTP and L'TD [24-26,33-36]. The question of maintenance has
received much less attention and was mainly addressed in the
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context of bistability of the CaMKII auto-phosphorylation process
[27-29], AMPA receptor aggregation [41], or four identified
kinase pathways [45]. While CaMKII is necessary for induction of
long-term potentiation [46], it is probably too narrow to focus
modeling studies only on a single or a few kinases such as CaMKII
and neglect other proteins and signaling cascades that are involved
in synaptic maintenance [13]. For example, there is strong
evidence that PKM({ is involved in synaptic maintenance and
necessary for the late phase of L'TP in vitro [11] and in vivo [14].
However, the actual processes are complex and the molecules
involved in setting tags may differ between different parts of the
dendrite. For example PKM( is involved in setting tags during E-
LTP in the basal dendrite, whereas CaMKII (or MAPK for E-
LTD) plays a similar role in apical dendrites [30].

Instead of focusing on specific signaling cascades, the TagTriC
model presented in this papers aims at describing the essential
ingredients of any possible functional model of L-LTP and
tagging. These ingredients include (i) a bistable switch (described
by the dynamics of the z-variable) for each synapse that
guarantees long-term stability in the presence of molecular turn-
over [16]; (i) a global triggering signal for protein synthesis
(described by the dynamics of the p variable); a formalism to (iii)
induce early forms of LTP and LTD and (iv) set synaptic tags.
Since we aimed for the simplest possible model, we have identified
the synaptic tags #; and /; for potentiation and depression with the
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Figure 4. Dynamics of the TagTriC Model during different tagging protocols and protein synthesis blocking. The change of the total
synaptic weight (top panels, black line Aw= vazl [wi(£)—w;(0)/N]) has contribution from early LTP (top panels, magenta line represents
SN | (hi—al;/N)) and from late LTP (top panels, green line represents S~ | f(z;—z:(0))/N). The protein variable p (red line, bottom panels) grows
as long as the average number of tags (3, | (h;+1/;)/N, blue line) is above the protein synthesis trigger threshold (N,/N, dashed horizontal line). For
better visibility, the regions where the blue line is above the trigger threshold is shaded. (A) A strong tetanus (N =100 synapses, stimulated by 100
pulses at 100 Hz, repeated three times every ten minutes) leads to a sustained period of about 90 minutes where the number of tagged synapses is
above the protein synthesis triggering threshold (lower panel, blue shaded). During this time the protein synthesis variable p is close to one (red line,
lower panel), causing an increase in the fraction of consolidated weights (green line, top panel). (B) During a weak tetanus (N=100 synapses,
stimulated by 21 pulses at 100 Hz) the number of tags surpasses the protein triggering threshold only for a short time which does not enable
switching of the z variable (top panel, green line) to the up-regulated state. (C) If the weak tetanus is given 30 minutes after the strong one, the
number of tags set by the strong tetanus is still above the threshold, which allows protein synthesis stabilizing both the group of 100 synapses
receiving the strong tetanus (top panel) and the group of 100 synapses receiving the weak tetanus (middle panel). (D) Protein synthesis is blocked for
1 hour (indicated by black bar at bottom of panel) starting 35 minutes after a first group of 100 synapses has been stimulated by a strong tetanus.
Despite protein synthesis blocking, both the first group of synapses (top panel) and a second group of 100 synapses that received a strong tetanus
during the blocking period (middle panel) develop late LTP because proteins synthesized during the induction of early LTP in the first group decay
only slowly (bottom panel).

doi:10.1371/journal.pcbi.1000248.9004

synaptic weights during the early phase of LTP and LTD,
respectively, so that points (iii) and (iv) are described by the same
transition of the synapse from an initial non-tagged state to the
high or low state, respectively. Variants of the model where the
weight during the early phase of LTP and L'TD is not directly
proportional to the value of the tags are conceivable.

Even though we do not want to identify the synaptic variables /4,
i, z; with specific biochemical signals, a couple of candidate
molecules and signaling chains should be mentioned. The setting
of the tag for LTP under normal physiological conditions involves
NMDA receptor activation and elevated levels of calcium which in
turn trigger a signaling chain involving Calmodulin and CaMKII.
We therefore think that the %; variable (representing both the tag
for LTP induction and the weight increase during the early phase
of LTP) should be related to the activation of CaMKII [13,46].
The molecular interpretation of the tag /; for LTD is less clear
[13]. In our model we have taken the tags as discrete quantities
that decay stochastically, but a model with continuous tags that
decrease exponentially gives qualitatively the same results (data not
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shown). The reason is that triggering protein synthesis in our
model requires a large number of tags to be set, so that even in the
stochastic model only the mean number of tags is relevant-and the
mean (more precisely, its expectation value) is a continuous
variable. Nevertheless, we prefer the model with discrete values
over the continuous one in view of the switch-like transitions of
synapses after induction of LTP and L'TD [7,37]. Maintenance of
enhanced synaptic weights is probably implemented by an
increased number of AMPA receptors in the postsynaptic
membrane. Whether the stability arises from a self-organization
process of receptors [41] or from interaction with persistently
activated CaMKII molecules [46] or from additional kinases such
as PKM({ [I1,14], is an open problem of experimental
investigation. Similarly, the exact identity of many plasticity
related proteins is still unknown [13]. In our model we assume that
recently synthesized plasticity related proteins are accessible to all
synapses onto the same postsynaptic neuron. However, a
distinction between proteins synthesized in, say, basal dendrites
and that synthesized in apical dendrites would be possible by
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Figure 5. Theory and predictions. (A) Evolution of the variables p and z during tagging. If protein synthesis is ‘ON’ and the synapse tagged, p and
z move along the black dashed line towards the stable fixed point on the upper right (p=1, z=1) (red filled circle). If protein synthesis stops after
some time (yellow line, after 90 min; orange line, after 40 minutes) but the synapse remains tagged, the dynamics converges towards the fixed point
p=0,z=1 (red filled circle) indicating that the synapse is consolidated (yellow and orange trajectories). However, if protein synthesis stops too early
(after 25 min, pink line), or if the synaptic tag is lost too early (after 60 min, magenta line), the synapse is not consolidated and the trajectories
converge towards the non-tagged initial state p=0, z=0 (red filled circle). The green dashed vertical line at z=0.5 indicates the threshold beyond
which a loss of the tag does not affect consolidation; the green solid line indicates the separatrix between the stable fixed points at z=0 and z=1.
The minimal duration of protein synthesis to allow any consolidation is given by the intersection of the black dashed line with the separatrix. (B)
Number of consolidated synapses (N, vertical axis) as a function of the number of initially tagged synapses (N,g, horizontal axis) in simulations (red
filled circles) and theory (solid line). Some of the initially tagged synapses fail to be consolidated because either they lose their tag or protein
synthesis stops too early (see A). With a protein synthesis threshold N,=40 (arrow) we need about 60 initially tagged synapses to achieve any
consolidation (solid line). If the protein synthesis threshold is reduced to N, =10 (dashed arrow), we need at least 15 tagged synapses to see any

consolidation (dashed line).
doi:10.1371/journal.pcbi.1000248.g005

replacing the variable p by two or more distinct variables p; with
similar dynamics (but potentially different trigger thresholds V),
allowing for a compartmentalization of tagging [13].

Experimental cross-tagging results clearly indicate that there are
two different types of synaptic tags, one for LTP and one for LTD
[13,32], which we called %; for LTP and /; for LTD, leading to
three different states during tagging (Figure 1A). Since we have
identified the tagging with the early phase of LTP and L'TD, our
model of E-LTP and E-LTD also has three different states
(whereas our model of late LTP/LTD has only two states
characterized by z;=0 and z_ = 1). The three-state model of early
LTP/LTD presented in this paper would predict that all non-
tagged synapses can undergo a transition to E-LTP or E-LTD
depending on the induction protocol-whereas experiments suggest
that about 70 percent of synapses show LTP but not LTD and the
remaining 30 percent LTD but not LTP [7]. Moreover, only those
synapses that are initially weak can be potentiated and only those
that are initially strong can be depressed [7]. This aspect can be
included in our model if we replace the induction rates p, for LTP
by pr(l—z) and p; for LTD by p;z; so LTP is only possible from a
state with z;=0 and LTD only from an initial state z;=1 — in
agreement with a two-state model of early LTP/LTD [7]. For the
tagging and induction experiments presented in this paper, the
results do not change significantly when we implement this
extension of the induction model.

Functional Consequences and Predictions

One of the advantages of a simple phenomenological model is
that it should be capable of illustrating the functional consequences
of tagging and L-LTP or L-LTD in a transparent manner. What
are these functional consequences?

A characteristic feature that is made transparent in our model
(and which we expect to be present in any model of tagging) is
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that, under typical experimental conditions, the transition from
early to late LTP is only possible if a sizable group of synapses have
undergone E-L'TP or E-L'TD. Hence, while induction of E-LTP is
a local Hebbian process that is likely to take place at the
postsynaptic site of the synapse (e.g., the dendritic spine), the
transition from the early to the late phase of LTP requires a
minimum number of synapses to be activated by appropriate
stimulation including co-activation of neuromodulatory input so as
to trigger synthesis of plasticity related proteins. A direct
consequence of this is that synapses cannot be considered as
independent. In order to predict whether a synapse memorizes an
item for a long time or forgets it and re-learns some other item, it is
not sufficient to consider a ‘Hebbian’ induction model, where
synaptic changes depend only on the activity of pre- and
postsynaptic neurons. For maintenance, it is not the synapse
which decides individually, but it is the neuron as a whole (or a
large functional compartment sharing the same site of synthesis of
plasticity-related proteins [13,30,47]) which ‘decides” whether it is
going to store the present information, or not. Hence, classical
[20,21,34] and recent [22] theoretical models which studied
memory maintenance in the presence of ongoing neuronal activity
on the level of single synapses need to be reconsidered, since the
assumption of independent synapses does not hold (Figure 5A and
5B). In particular, our model predicts that, after an ensemble of
identical neurons have received the same stimulus, some neurons
learn (adapt a large fraction of their synapses to the stimulus) and
others don’t (keep all their synapses unchanged). With our choice
of parameters, this happens in the TagItiC model if the number
of synapses that have been tagged during the induction protocol is
between 55 and 70 (Figure 5B). This neuronal, rather than
synaptic, decision about memorizing an input (see also [48]) is
potentially attractive for prototype learning—a standard paradigm
in neuronal clustering and categorization algorithms, e.g., [19]. In
contrast to traditional neuronal clustering models where learned
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memories need to be protected against overwriting by completely
different memory items [19], a model based on tagging would
have an intrinsic vigilance threshold via the trigger threshold .
Hence it is resistant to changes at a single synapse.

In our view, the protein synthesis trigger threshold Np is an
important control parameter in the model. The results of Figure 2F
show that an increase of the trigger threshold reduces the maximal
delay after which a weak tetanus leads to L-LTP after a strong
tetanic stimulation in a different group of synapses. With our
normal value of V, = 40 we need around 60 synapses to be initially
tagged in order to retain any memory. If we decrease the trigger
threshold to N, =10 and keep all other parameters of the model
unchanged, then we need at least a group of 15 synapses tagged
during the induction protocol to get any consolidation since some
of the initially tagged synapses loose their tag too early to get
consolidated (Figure 5B). Only for a very small trigger threshold,
say N,=1, (which could occur at high concentration of
neuromodulators) synapses become (nearly) independent, since a
tag at a single synapse would be sufficient to trigger the synthesis of
proteins which would then become available at that synapse.
Repeated stimulation of the synapse alone would then be sufficient
to transform E-LTP into L-L'TP.

In our opinion, the trigger threshold WV, is significantly lower in
the presence of neuromodulators such as, for example, dopamine
(for synapses from Schaffer collaterals onto CAl pyramidal
neurons) or noradrenaline (for synapses in the dentate gyrus). A
simple model for the dependence of N, on dopamine would be
N, = no/ (DApgtco) where ng is some arbitrary number (say 7o = 1),
¢o a small number (say 0.001) and DA denotes the stationary
‘background’ concentration of dopamine (that is, before the start
of the experiment), normalized to 0<DAp,<1. The phasic
dopamine signal caused by co-stimulation of dopaminergic input
during tagging experiments is assumed to be proportional to the
number of tags ZIN h;+1I;. The trigger condition ZIN hi+1li>N,
becomes then equivalent to the condition
(va h,——i—l,-) (DAbg+co) >y which shows a trade-off between

the phasic dopamine signal and the stationary background level of
dopamine. In particular in the presence of a large concentration of
dopamine (DA=1), single synapses can be consolidated. With the
assumption that standard tagging experiments in a large group of
synapses are performed at a low dopamine concentration of
DA =0.024 before stimulation, we retrieve the value of N, =40
used in the main part of the results section. The dependence of the
trigger criterion on the number of tags va hi+1; takes implicitly
the co-activation of neuromodulatory input during the experi-
mental stimulation protocol into account: the larger the number of
stimulated neurons and the stronger the stimulus, the higher the
probability of co-activation of dopaminergic fibers. Blocking
dopamine receptors amounts in the model to setting both the
background and the phasic dopamine signal to zero. In this case,
protein synthesis is not possible.

Our model of LTP/LTD induction does not only account for
voltage and frequency dependence of LTP/LTD induction, but
also for spike timing dependence. In fact, for a stimulation
paradigm where postsynaptic spikes are induced by short current
pulses of large amplitude either a few milliseconds before or after
presynaptic spike arrival, the model of LTP/LTD induction used
in the TagTriC model becomes formally equivalent to a recent
model of spike-timing dependent plasticity [35] which can be seen
as an extension of classical models of STDP [24-26]. In the case of
stochastic spiking of pre- and postsynaptic neurons our model
shares important features with the Bienenstock-Cooper-Munro
model [33], in particular the quadratic dependence upon the
postsynaptic variables. In addition, our model also accounts for the
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voltage dependence of the Artola-Brocher-Singer model [38].
Thus, the model of LTP/LTD induction shares features with
numerous established theoretical models and covers a large range
of experimental paradigms known to induce LTP or LTD [3-6,8].

Since the subsequent steps of protein synthesis trigger and
stabilization are independent of the way early phase of LTP is
induced, our model predicts that tagging experiments repeated
with different stimulation paradigms, but otherwise identical
experimental preparation and age of animal, should give similar
results as standard tagging protocols. In particular we propose to
stimulate a group of synapses in hippocampal slices by 40-60
extracellular current pulses at 10 Hz while the postsynaptic
neuron is receiving intracellular current injection that triggers
action potential firing either a few milliseconds before or after
presynaptic spike arrival and keeps the membrane potential at a
depolarized level between postsynaptic action potential firing. Our
model predicts that this will induce early LTD or LTP depending
on spike timing and depolarization level that is not maintained
beyond 1 or 2 hours. However, if the same stimulation occurs after
a second group of synapses has received a strong tetanus, then
stabilization of synapses at potentiated or depressed levels should
occur, similar to standard tagging and cross-tagging experiments.
In our opinion, these predictions should not depend on model
details, but hold for a broad class of models that combine a
mathematical description of induction of synaptic plasticity with a
mechanism of consolidation.

Another finding—which is somewhat unexpected and in
contrast to other conceptual models of synaptic tagging and
capture [12,13,47]—is that during a strong tetanic stimulation a
fraction of synapses receives tags for depression (while most, but
not all, receive tags for potentiation). This is due to the fact that
during induction of plasticity, transition to E-LTP and E-LTD act
in parallel [7]. The prediction is that after consolidation (say
2 hours after the strong tetanic stimulation) a small fraction of
synapses would show L-LTD, rather than L-LTP.

An essential ingredient of our model that allows long-term
stability of consolidated synapses is the bistable dynamics of the
variable z. In our opinion, such bistability (or possibly multi-
stability [49] with three or four stable states) is necessary for
synaptic maintenance in the presence of molecular turn-over, as
recognized in earlier theoretical work [15,16,34]. Our model
therefore predicts that L-L'TP and L-L'TD should have bistable,
switch-like properties. While there is evidence for switch like
transitions during the induction of E-LTP and E-L'TD [7,37], the
bistability of the late phase of synaptic plasticity has so far not been
shown. A possible experiment would be to combine a minimal
stimulation protocol (e.g., a weak tetanus) at a single synapse
[7,37] with a medium to strong stimulus at a group of other
synapses (e.g., tetanic stimulus varying between 30 and 100 pulses).
The prediction is that the weight of the single synapse shows an all-
or-none phenomenon with transition probabilities that depend on
the stimulation of the group of other synapses. In particular, as the
number of pulses of the tetanic stimulation is reduced (covering a
strong to weak tetanic stimulation), the
maintenance in the potentiated state should become less likely
(averages across many experiments decrease) whereas the results of
individual experiments show either full potentiation or none,
which should give rise to a bimodal distribution of normalized
synaptic weights.

continuum from

Open Questions and Perspectives

A lot of questions remain open and need to be addressed in
future studies. First, can a synapse that has been potentiated in the
past and is maintained after a transition to late LTP undergo a

December 2008 | Volume 4 | Issue 12 | 1000248



further potentiation step [13]? In our current model this is not
possible since the consolidation variable z has only two stable fixed
points. If we replace the function f(z) depicted in Figure 1 by
another one with more than two stable fixed points, then the
answer to the above question would be positive. Indeed, there
have been suggestions that self-organization of receptors into
stable sub-groups could lead to multiple stable states [49].

Second, induction of LTP or LTD is not only possible by
strong extracellular stimulation of groups of synapses, but also at
single synapses if presynaptic activity is paired with either a
depolarization of the postsynaptic membrane [5,7] or tightly
timed postsynaptic spikes as in STDP experiments [6,8]. How
can it be that the change induced by STDP seems to be
maintained over one hour without visible degradation? [6,7].
Are synapses in these experiments consolidated, and if so what is
the concentration of neuromodulators? In the TagTriC model
with the choice of parameters used in the present paper,
consolidation would not be possible, since the minimum number
of synapses that have undergone E-LTP or LTD is N,=40 in
order to trigger protein synthesis, but, as explained above, an
increased neuromodulator concentration would make consolida-
tion possible.

Third, what is the role of NMDA receptor activation during
synaptic consolidation? In our present model, protein synthesis is
triggered by appropriate induction protocols, but is independent of
synaptic activity during the consolidation process. However, recent
experimental results suggest that protein synthesis blocker needs
synaptic stimulation during the consolidation period to become
effective [50], suggesting a subtle interplay between protein
synthesis and synaptic activation that cannot be captured by our
model.

Fourth, has each neuron a single protein synthesis unit or is
protein synthesis a local process confined to each dendritic
branch? In the first case, there is a single neuron-wide protein
synthesis trigger threshold [12] and the neuron as a whole
‘decides’ whether early forms of synaptic potentiation and
depression will be consolidated or not. This is the paradigm
posited in the TagTriC model. In the alternative model of local
protein synthesis [13,47], the critical unit for consolidation are
local groups of synapses on the same dendritic branch. Thus, for
the same number of tagged synapses, a local group of synapses
on the same dendritic branch is more likely to undergo
consolidation than a distributed set of tagged synapses, leading
to a form of clustered plasticity [47]. The TagTriC model can
be easily adapted to the case of clustered plasticity by (i)
replacing the point-neuron model by a neuron model with
spatially distributed synapses and (ii) replacing the neuron-wide
trigger equation (see 4 and Figure 1B) by a finite number of
analogous, but dendrite-specific equations.

Fifth, how can tags be reset? Experiments show that a
depotentiating stimulus given 5 minutes after a weak tetanus
erases the trace of E-LTP (resets the tag) whereas depotentiation
10 or 15 minutes after the strong tetanus only transiently
suppresses the E-L'TP, making the consolidation of the synapse
by protein capture possible [51]. We have checked in additional
simulations that our present model cannot account for these
experiments. In our opinion, the above tag-reset experiments show
that the synapse has additional hidden states currently not
included in the TagTriC model. Additional states would allow
to (i) separate the measured early LTP during the first 5 minutes
from setting the tag; and (ii) distinguish between depotentiation
and depression of synapses. One interpretation of the tag-reset
experiments [51] is that during the first five minutes the tag is not
yet set whereas early LTP is already visible. The tag would be set
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only with a delay of 5-10 minutes. Application of a depotentiating
stimulus more than 10 minutes later would then leave the
potentiation tag intact, but move the synapse to a transiently
depotentiated state.

The final and potentially most interesting question is that of
functional relevance: Can the TagTriC model be used to simulate
reward-based learning in experiments in vivo [13]? The formal
theory of reinforcement learning makes use of an eligibility trace
[52] which can be interpreted as a synapse specific tag. In the
future we want to check whether the TagTriC model can be linked
to reinforcement learning models [53-56] under the assumption
that reward prediction errors are represented by a dopamine
signal [57] which influences the protein synthesis dynamics in our
model. This open link to reward-based learning is of fundamental
functional importance.

Methods
Model of Early LTP/LTD and Tagging

In our model we assume that presynaptic spike arrival needs to
be combined with a depolarization of the postsynaptic membrane
(e.g., [5]) in order to induce a change of the synapse. In voltage
clamp experiments (e.g., [39]) the postsynaptic voltage would be
constant. However, in general the voltage is time-dependent and
described by a variable «(f). In the TagTriC model, we assume that
the low-pass-filtered voltage

u(t)=

1 0
-
TlowP Jo

needs to be above a critical value 3y 1p to make a change of the

)u(l—s—s)ds.

TlowP

synapse possible. Tjwp 18 the time constant of the low-pass filter
and ¢=1 ms is a short delay twice the width of a spike (see
Table 1). This short delay ensures that @ includes effects of
previous presynaptic inputs and postsynaptic spikes, but not of an
ongoing postsynaptic action potential.

Table 1. Parameter values used throughout all simulations,
except Figure 1E-G where N, =10 and initial percentage of
z;=1 was 10%, because these simulations refer to
experiments with younger animals.

Tag Trigger Consolidation

N=100 kp=1/(6 min) N=100

Arp=0.01 7, =60 min y=0.1

Arp=0.014 N,=40 7,=6 min

7,=100 ms p=2

7T =100 ms Initialisation:
N(z;=1)=30

Towp =18

e=1ms

kn=1/h

ki=1/(1.5 h)

Ourp=—70.6 mV

Oprp=—50 mV

a=0.5

Initialisation: /;=h;=0

doi:10.1371/journal.pcbi.1000248.t001
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Combining presynaptic spike arrival at synapse ¢ (represented by
x;) with a depolarization @ of the postsynaptic neuron above a
threshold 3;;rp we get a rate of LTD

rr

(1)

where A;1p>0 is a parameter and []* denotes rectification, i.e.,
[)]" =y if >0 and zero otherwise. Here x;(¢)= Zf5<t—t{)

pr=Artpxi(¢)[u(f) — LD

denotes the presynaptic spike train with pulses at time t{ and 0 the
Dirac-delta function. Formally, p; describes the rate of stochastic
transitions from the non-tagged state /=0, (=0 to the low state
{=1, Figure 1. In simulations we work with discrete time steps of
A=1ms. Eq. 1 indicates that the probability Pj—g_,—; of a
transition to the low-state during the time step A vanishes in the
absence of presynaptic spike arrival and takes a value of
Pr— =1 = 1 —exp(—Arrp (@) — Srrp) "A=Ar o (@) — o] A if
a presynaptic spike arrives at the synapse 7 during the time step A.
Note that the transition from /=0 to /=1 is only possible if #=0
and & remains zero during the transition.

Similarly, a switch from the non-tagged state 2=0, /=0 to the
high state 4#=1 occurs at a rate py which also depends on
postsynaptic voltage and presynaptic spike arrival. We assume that
each presynaptic spike at synapse ¢ leaves a trace &; that decays
exponentially with time constant 7,. The exact biophysical nature
of the trace is irrelevant, but could, for example, represent the
amount of glutamate bound to the postsynaptic receptor. The
value of the trace at time ¢ caused by earlier spike arrivals at time

t{ is then X;(1)=(1/1x) >, exp[— (t—t{) /TX] where the sum

runs over all firing times t’: <t. With the trace &; we write

pu = AvteX;(0)[i(r) — duro] " [u(6) — Irre] (2)
which indicates that, in addition to the conditions for LTD
induction we also require the momentary membrane potential u(f) to
be above a second threshold 9y, 1p. This threshold could change on
the time scale of minutes or hours as a function of homeostatic
processes. To summarize, the rate of LTP transition p, is different
from py in five aspects. First, the constant Ay p is not the same as
Arrp. Second, LTP is caused by the trace %; left by presynaptic
spikes, rather than the spikes themselves. This trace-formulation
ensures that presynaptic spikes can interact with later postsynaptic
spikes as in classical models of STDP [24-26]. Third, the time
constant of the low-pass filter in @ 1s different; fourth, the
momentary voltage needs to be above a threshold 9y.p; and fifth,
the total dependence upon the postsynaptic voltage is quadratic,
rather than linear. The quadratic dependence ensures that for
large depolarization LTP dominates over LTD [39]. Tagged
synapses with /;= 1 decay with probability P,—_,,=0= kyA back
to the non-tagged state (and analogously, but with rate £, for the
transition ;= 1—/;=0).

In the TagTriC model, the local synaptic values 42=1 for
potentiation or /=1 for depression act as tags indicating potential
sites for further consolidation, but are also directly proportional to
the weight of the synapse after induction of LTP or LTD. Since in
minimal stimulation experiments L'TD leads to a reduction of
about 50 percent of the synaptic efficacy whereas LTP leads to an
increase by up to 100 percent [7], we model the weight change
during the early phase of LTP as Aw;= (h,—o/l)®> where @ is the
weight of the non-tagged synapse and o =0.5. The total weight
change Aw/@ measured shortly after induction of LTP or LTD
with extracellular protocols corresponds to the fraction of synapses
in the high or low states, respectively, hence, if all synapses start
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from the non-tagged state the measured weight change is
Aw/ﬂ\/= SN (hi—al;)/N =l —adly where N is the number
of synapses stimulated by the protocol. The set of parameters of
LTP/LTD induction and tagging is given in table 1.

Trigger

The triggering process is controlled by the dynamics of a variable
p which describes the amount of plasticity related proteins
synthesized in the postsynaptic neuron. Protein synthesis is triggered
and the variable p increases while the concentration of dopamine
exceeds a critical level §, [58]. If the dopamine concentration DA
falls below ,, the protein concentration decays with a time constant
7, Assuming standard first-order kinetics we have

dp b4
& =k(1-popA-5]-L

3)
Protein synthesis has a maximum rate @/ dt of k, and saturates if the
amount of protein approaches a value one. ®[y] denotes the unit
step function with @[y] =1 for >0 and zero otherwise.
Dopamine is present at a low stationary background value. In
addition a phasic dopamine component is induced in standard
tagging experiments in hippocampal slices, because of co-
stimulation of dopaminergic inputs during extracellular stimula-
tion of presynaptic fibers [40]. To describe the time course of the
phasic dopamine component in our model, we assume that the
dopamine is proportional to the total number of tags X(A+1)
induced by the stimulation protocol. The stationary background
level of dopamine DA, is included in the threshold 9, =N,(DA,,,)
for protein synthesis. Hence Eq. 3 can be rewritten in the form

dp

p
dt =kp(1—p)® Z(hiJFli)*Np(DAbg) 7;

1

)

Note that we have chosen units so that the threshold for protein
synthesis N, can be interpreted as the minimal number of tags
necessary to stimulate protein synthesis. This interpretation is
mmportant for the discussion of the model results, in particular
Figures 4 and 5.

A suitable model for dependence of the protein synthesis
threshold on the background level of dopamine is N,(DAyg) = no/
(DAy,gtco) where ng = 1 is a scaling factor, ¢o = 0.001 a constant and
0=DAy,=1 is the normalized dopamine concentration. We note
that the trigger condition [Z(k+])—=N,(DApg)]>0 is then equiva-
lent to the condition (DAbg+O.OOl)[ZZ-(hZ-I-Zi)]>1. This formulation
shows that there is a trade-off between background levels and
phasic dopamine. Unless stated otherwise we always use in the
simulation a fixed dopamine level DA, =0.024 so that N, =40.
The specific model N,(DAy,) of the dependence upon background
dopamine levels is therefore irrelevant.

We assume that the plasticity related protein p synthesized in the
postsynaptic neuron is diffused in the dendrite of the postsynaptic
neuron and hence available to all the synapses under consider-
ation. Hence, the tags %, and /; have indices, since they are synapse-
specific, whereas p in Eq. 4 does not.

Consolidation and Late LTP
The consolidation variable z describes the late phase of LTP
and follows the dynamics

e f () 9 (DAY .

U (5)
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The scaling factor 7 is a function of the dopamine level DA. In the
simulations we always assumed a fixed dopamine level and set
yMDA)=0.1.

In the absence of plasticity related proteins (p =0), or if no tags
are set (h;=1[;=0), the function f(z)=2z(1—2)(z—0.5) generates a
bistable dynamics with stable fixed points at =0 and z=1 and an
unstable fixed point at z= 0.5 marked by the zero crossings of the
function f, Figure 1C. In the presence of a finite amount of
proteins >0 and a non-zero tag, the location of the fixed points
changes and for p>0.47, only one of the stable fixed points
remains. The potential shown in Figure 1C is a function F with
dE/ dz= —f{z) so that dz/dt= —dE/dz. We note that a synapse 7 can
change its consolidated value only if both a tag (4;= 1 or /;=1) and
protein $>0.47 is present-summarizing the essence of ‘synaptic
tagging and capture’ [12,13].

Synaptic Weight

The synaptic weights have contributions from early and late
LTP and LTD. The total synaptic weight of a synapse 7 is
w; = W(l+h;—al+Pz) where @ is the value of a non-tagged synapse,
2=0.5 and f=2 are parameters, %; and /; are binary values
indicating E-LTP and E-LTD, respectively, and z; is the value of
the L-LTP trace of synapse ¢ Since we model slice experiments in
animals older than 20 days, we assume that 30 percent of the
synapses have undergone previous potentiation and have z=1
while the remaining 70 percent of synapses are in the state z=0
[7]. In all simulation experiments we stimulate one or several
groups of N=100 synapses each. Assuming that no tags have
been set in the recent past (4;=/=0), the initial value of the
average weight in a of N synapses is then

w(0) = [zfil 1+ ﬁz,-]

group

/N=1.6{4‘1.

Neuron Model

For all simulations in this paper we use the adaptive exponential
integrate-and-fire model [42] as a compact description of neuronal
firing dynamics. Briefly, it consists of two equations. The voltage
equation has an exponential and a linear term as measured in
experiments [59]. The second equation describes adaptation.
Although firing rate adaptation is not important for the present
study, it would be relevant in the context of other stimulation
paradigms. Parameters for the neuron model are as in [42] and are
kept fixed for all simulations presented in this paper. The voltage
threshold V; of spike initiation by a short current pulse is 25 mV
above the resting potential of —70.6 mV [42]. Synaptic input is
simulated as a short current pulse. The initial connection weight @
was adjusted so that simultaneous activation of 40 or more
synapses triggers spike firing in the postsynaptic neuron. Hence the
amplitude of a single EPSP is about 0.6 mV.
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The adaptive exponential integrate-and-fire model is defined in
continuous time. If a spike 1s triggered by a strong current pulse,
the voltage rises within less than 0.5 millisecond to a value of
20 mV where integration is stopped. The voltage is then reset to
resting level, and integration restarted after a refractory time of
1 ms. In order to enable us to perform simulations of plasticity
experiments with a time step of A=1 ms, the voltage equation
during the rising slope of the action potential was integrated once
at a much higher resolution (time step 0.02 ms), so as to determine
the exact contribution of each postsynaptic spike to the probability
of LTP induction. Every postsynaptic spike was then treated as an
event in the plasticity simulations that contributed a probability
P,—¢_,=1 of flipping the tag from #=0 to £#=1 in a time step
A=1ms which we can write as P,— ;= = apf)[@f)— 3] "
with a numerical conversion factor ap = Ay rp 5> ms mV derived by
the above procedure; see Eq. 2.

Number of Consolidated Synapses

In TFigure 5 we plot the number of synapses that have been
consolidated as a function of the number M, of initially tagged
(h;=1) synapses. Since the number of tags decays exponentially
with rate kg, the expected duration TSN of protein synthesis is
TN =(1/ky)in(Nwg/N,) where N, is the protein trigger
threshold. While protein synthesis is ‘ON’ the variables p and z
move along the black dashed line in Figure 5A which crosses after
a time ¢ the separatrix (green line in Figure 5A) and at a time £
the line £=0.5 (vertical dashed green line). Different cases have to
be distinguished. (1) T}?N <11, no consolidation takes place (see
pink trajectory), hence Ny, =0. (i) TON>1;, consolidation is
guaranteed for all synapses that are still tagged at time £, hence
Nup = NiageXp(—kty). (iii) In the case of 11 < TSN < 15, the time feq
needed to cross the vertical line z = 0.5 is numerically calculated by
integrating the equations dp/dt=—p/(t,) and dz/dt=fz+y p
starting at t=TSN at the point p(T}QN),Z(TI())N) on the black-
dashed line (see orange line in Figure 5A for a sample trajectory).
The number of consolidated synapses is then Ny, = NageXP(—leross)-
The solid line in Figure 5B represents N, as a function of Mg
calculated for the cases (1)(ii1). With our standard set of parameters,
we have /=28 min and 6%»=~60 min.
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Connectivity reflects coding: a model of voltage-based

STDP with homeostasis

Claudia Clopath!, Lars Biising!?, Eleni Vasilaki>? & Wulfram Gerstner!

Electrophysiological connectivity patterns in cortex often have a few strong connections, which are sometimes bidirectional,
among a lot of weak connections. To explain these connectivity patterns, we created a model of spike timing—dependent plasticity
(STDP) in which synaptic changes depend on presynaptic spike arrival and the postsynaptic membrane potential, filtered with
two different time constants. Our model describes several nonlinear effects that are observed in STDP experiments, as well as

the voltage dependence of plasticity. We found that, in a simulated recurrent network of spiking neurons, our plasticity rule led
not only to development of localized receptive fields but also to connectivity patterns that reflect the neural code. For temporal
coding procedures with spatio-temporal input correlations, strong connections were predominantly unidirectional, whereas they
were bidirectional under rate-coded input with spatial correlations only. Thus, variable connectivity patterns in the brain could
reflect different coding principles across brain areas; moreover, our simulations suggested that plasticity is fast.

Experience-dependent changes in receptive fields"? or in learned behavior
relate to changes in synaptic strength. Electrophysiological measurements
of functional connectivity patterns in slices of neural tissue>* or anatomical
connectivity measures can only present a snapshot of the momentary
connectivity, which may change over time®. The question then arises of
whether the connectivity patterns and their changes can be connected
to basic forms of synaptic plasticity® such as long-term potentiation
(LTP) and depression (LTD)”. LTP and LTD depend on the exact timing
of pre- and postsynaptic action potentials>~® but also on postsynaptic
voltage®!¥ and presynaptic stimulation frequency'!. STDP has attracted
particular interest in recent years, as temporal coding schemes in which
information is contained in the exact timing of spikes rather than mean
frequency can be learned by a neural system using STDP!%13 (review in
ref. 14). However, the question of whether STDP is more fundamental
than frequency-dependent plasticity or voltage-dependent plasticity rules
has not been resolved despite an intense debate!®. Moreover, it is unclear
how the interplay of coding and plasticity yields the functional connec-
tivity patterns that are seen in experiments. In particular, the presence or
absence of bidirectional connectivity between cortical pyramidal neurons
seems to be contradictory across experimental preparations in visual®
or somatosensory cortex?. Recent experiments have shown that STDP
is strongly influenced by postsynaptic voltage before action potential
firing!® but were unable to answer the question of whether spike-
timing dependence is a direct consequence of voltage dependence or the
manifestation of an independent process. In addition, STDP depends on
stimulation frequency'®, suggesting an interaction between timing- and
frequency-dependent processes!®.

We found that a simple Hebbian plasticity rule that pairs presynaptic
spike arrival with the postsynaptic membrane potential was sufficient to

explain STDP and the dependence of plasticity on presynaptic stimu-
lation frequency. Moreover, the intricate interplay of voltage and spike
timing as well as the frequency dependence of STDP can be explained
in our model from one single principle. In contrast with earlier attempts
towards a unified description of synaptic plasticity!”!3, our model is a
phenomenological one. It does not give an explicit interpretation in terms
of biophysical quantities such a calcium concentration!’, CaMKII'8,
glutamate binding, NMDA receptors, etc. Instead, it aims at a minimal
description of the major phenomena observed in electrophysiology
experiments. The advantage of such a minimal model is that it allows
us to discuss functional consequences in small'®~21, and possibly even
large?>?3, networks. We found that the learning rule led to input spec-
ificity in small networks of up to ten neurons, which is necessary for
receptive field development, similar to earlier models of STDP'21° or rate-
based plasticity rules*»2>, We explicitly addressed the question of whether
functional connectivity patterns of cortical pyramidal neurons measured
in recent electrophysiological studies>* could be the result of plasticity
during continued stimulation of neuronal model networks, particularly
bidirectional connections® that are incompatible with standard STDP
models'?!°, The mathematical simplicity of our model enabled us to
identify conditions under which it becomes equivalent to the well-known
Bienenstock-Cooper-Munro (BCM) model?* used in classical rate-based
descriptions of developmental learning and, similar to some earlier
models of STDP2%%7, and why our model is fundamentally different from
classical STDP models'>%1%, is widely used for temporal coding.

RESULTS
To study the means by which connectivity patterns in cortex can
emerge from plasticity, we needed a plasticity rule that was consistent
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Figure 1 Illustration of the model. Synaptic weights react to presynaptic
events (top) and postsynaptic membrane potential (bottom). (a) The
synaptic weight was decreased if a presynaptic spike x (green) arrived
when the low-pass-filtered value u_ (magenta) of the membrane
potential was above 6_(dashed horizontal line). (b) The synaptic weight
was increased if the membrane potential u (black) was above a threshold
6, and the low-pass-filtered value of the membrane potential 1 (blue)
was higher than a threshold 6_and the presynaptic low-pass filter X
(orange) was nonzero. (c) Step current injection made the postsynaptic
neuron fire at 50 Hz in the absence of presynaptic stimulation
(membrane potential v in black). No weight change was observed.

Note the depolarizing spike afterpotential, consistent with experimental
data. (d) Reproduced from ref. 16. (e-h) Voltage-clamp experiment.

A neuron received weak presynaptic stimulation of 2 Hz during 50 s
while the postsynaptic voltage was clamped to values between -60 mV
and O mV. (e-g) Schematic drawing of the trace X (orange) of the
presynaptic spike train (green) as well as the voltage (black) and the
synaptic weight (blue) for hyperpolarization (e), slight depolarization (f)
and large depolarization (g). (h) The weight change as a function of
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clamped voltage using the standard set of parameters for visual cortex data (dashed blue line, voltage paired with 25 spikes at the synapse). With a
different set of parameters, the model fit the experimental data (red circles) in hippocampal slices!? (see Online Methods for details).

with a large body of experimental data. Because synaptic depression
and potentiation occur via different pathways?%, our model used sepa-
rate additive contributions to the plasticity rule, one for LTD and
another one for LTP (see Fig. 1 and Online Methods).

Fitting the plasticity model to experimental data

Consistent with voltage-clamp ! and stationary-depolarization experi-
ments’, LTD is triggered in our model if presynaptic spike arrival occurs
while the membrane potential of the postsynaptic neuron is slightly
depolarized (above a threshold 6_ that is usually set to resting potential),
whereas LTP occurs if depolarization is big (above a second threshold
6,; Fig. 1). The mathematical formulation of the plasticity rule makes a
distinction between the momentary voltage u and the low-pass-filtered
voltage variables #_ or 11;, which denote temporal averages of the voltage
over the recent past (#_ and u, indicate filtering of u with two differ-
ent time constants). Similarly, the event x of presynaptic spike arrival
needs to be distinguished from the trace x that is left at the synapse
after stimulation by neurotransmitter. Potentiation occurs only if the

momentary voltage is above 8, (this condition is fulfilled during action
potential firing) and the average voltage #,, is above 6_ (this is fulfilled
if there was a depolarization in the recent past) and the trace x left by
a previous presynaptic spike event is nonzero (this condition holds if
a presynaptic spike arrived a few milliseconds earlier at the synapse;
Fig.1b). LTD occurs if the average voltage _ is above 6_at the moment
of a presynaptic spike arrival (Fig. 1a). The amount of LTD in our model
depended on a homeostatic process on a slower time scale?. Low-pass
filtering of the voltage by the variable (i1_or 1, ) refers to some uniden-
tified intracellular processes triggered by depolarization, for example,
increase in calcium concentration or second messenger chains. Similarly,
the biophysical nature of the trace X is irrelevant for the functionality
of the model, but a good candidate process is the fraction of glutamate
bound to postsynaptic receptors.

We used a STDP protocol in which presynaptic spikes arrive a
few milliseconds before or after a postsynaptic spike (Fig. 2 and
Supplementary Methods). If a post-pre pairing with a timing differ-
ence of 10 ms was repeated at frequencies below 35 Hz, LTD occurred
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Figure 2 Fitting the model to experimental data. (a,b) Simulated STDP experiments. (a) Spike timing—dependent learning window: synaptic weight
change for different time intervals T between pre- and postsynaptic firing using 60 pre-post-pairs at 20 Hz. (b) Weight change as a function of pairing
repetition frequency p using pairings with a time delay of +10 ms (pre-post, blue) and =10 ms (post-pre, red). Dots represent data from ref. 16 and lines
represent our plasticity model. (c—i) Interaction of voltage and STDP. (c-e) Schematic induction protocols (green, presynaptic input; black, postsynaptic
current; blue, evolution of synaptic weight). (c) Low-frequency potentiation is rescued by depolarization!6. Low-frequency (0.1 Hz) pre-post spike pairs
yielded LTP if a 100-ms-long depolarized current was injected around the pairing. (d) LTP failed if an additional brief hyperpolarized pulse was applied
14 ms before postsynaptic firing so that voltage is brought to rest. (e) Hyperpolarization preceding action potential prevents potentiation that normally
occurred at 40 Hz18. (f) The simulated postsynaptic voltage v (black) is shown after using the protocol described in ¢, together with temporal averages

u_ (magenta) and 14 (blue). The presynaptic spike time is indicated by the green arrow. Using the model (equation (3)) with this setting yielded

potentiation. (g) Data are presented as in f but using the protocol described in d. No weight change was measured. (h) Data are presented as in f but
using the protocol described in e. No weight change was measured. (i) Histogram summarizing the normalized synaptic weight of the simulation (bar)
and the experimental datal® (dot, blue bar indicates variance) for 0.1-Hz pairing (control 1), 0.1-Hz pairing with the depolarization (protocol ¢), 0.1-Hz
pairing with the depolarization and brief hyperpolarization (protocol d), 40-Hz pairing (control 2), and 40-Hz pairing with the constant hyperpolarization

(protocol e); parameters are described in Table 1.
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in our model (Fig. 2a,b), consistent with experimental data'®. Repeated
pre-post pairings (with 10-ms timing difference) at frequencies above
10 Hz yielded LTP, but pairings at 0.1 Hz did not show any change
in the model or in experimentslG. In the model, these results can be
explained by the fact that, at a 0.1-Hz repetition frequency, the low-
pass-filtered voltage 1, which increases abruptly during postsynaptic
spiking, decays back to zero before the next impulse arrives; thus, LTP
cannot be triggered. However, as LTD in the model requires only a
weak depolarization of _ at the moment of presynaptic spike arrival,
post-pre pairings give rise to depression, even at a very low frequency.
At repetition frequencies of 50 Hz, the post-pre procedure is nearly
indistinguishable from a pre-post timing and LTP dominates.

If a pre-post protocol at 0.1 Hz that normally does not induce LTP
was combined with a depolarizing current pulse, then potentiation
was observed in experiments16 and in our model (Fig. 2¢,f,i). As a
result of the injected current, the low-pass-filtered voltage variable
u, is depolarized before the pairing. Thus, at the moment of the post-
synaptic spike, the average voltage 1, is above the threshold 6_, leading
to potentiation. Similarly, a pre-post protocol that normally leads to
LTP can be blocked if the postsynaptic spikes are triggered on the
background of a hyperpolarizing current (Fig. 2e,h,i).

To study nonlinear aspects of STDP, we simulated a protocol
of burst timing—dependent plasticity in which presynaptic spikes
are paired with 1-3 postsynaptic spikes*® (see Online Methods).
Although pairings at 0.1 Hz did not change the synaptic weight,
repeated triplets pre-post-post generated potentiation in our model,
as the first postsynaptic spike induced a depolarizing spike after
potential so that u, was depolarized. Adding a third postsynaptic

Figure 4 Weight evolution in an all-to-all connected network of ten
neurons. (a) Rate code. Neurons fired at different frequencies, neuron

1 at 2 Hz, neuron 2 at 4 Hz, neuron 10 at 20 Hz. The weights (bottom)
averaged over 100 s indicate that neurons with high firing rates developed
strong bidirectional connections (light blue, weak connections (under

2/3 of the maximal value); yellow, strong unidirectional connections
(above 2/3 of the maximal value); brown, strong bidirectional connections).
The cluster is schematically represented (after). (b) Temporal code.
Neurons fired successively every 20 ms (neuron 1, followed by neuron

2 20 ms later, followed by neuron 3 20 ms later, etc). Connections
(bottom) were unidirectional with strong connections from presynaptic
neuron with index n (vertical axis) to postsynaptic neuron with index
n+1,n+2and n+ 3, leading to a ring-like topology. (c,d) Data are
presented as in a and b, but we used a standard STDP rule!2.14.19,
Bidirectional connections are impossible.
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Figure 3 Burst timing-dependent plasticity. One presynaptic spike was
paired with a burst of postsynaptic spikes. This pairing was repeated

60 times at 0.1 Hz. (a) Normalized weight as a function of the number

of postsynaptic spikes (1, 2, 3) at 50 Hz (dots represent data from

ref. 30, crosses represent simulation). The presynaptic spike was

paired +10 ms before the first postsynaptic spike (blue) or —10 ms after
(red). (b) Normalized weight as a function of the frequency between

the three postsynaptic action potentials (dots indicate data, lines

indicate simulation, blue indicates pre-post, red indicates post-pre).

(c) Normalized weight as a function of the timing between the presynaptic
spike and the first postsynaptic spike of a three-spike burst at 50 Hz

(dot indicates data, black lines indicate simulation). A hard upper bound
was set to 250% normalized weight. The dashed line and crosses and

the dotted line and stars represent simulations with alternative sets of
parameters, A7p =21 x1075 mV-1, A ;p =50 x10—4 mV-2, 1, = 143 ms,
t.=6ms, 1, =5msand Ap=21x10"3mV-1, Ap =67 x10—4 mV-2,
1, =5ms, 1_=8ms, 1, = 5 ms, respectively. Shading indicates reachable
data points generated by the model with different parameters.

spike to the protocol (that is, quadruplets pre-post-post-post)
did not lead to stronger LTP (Fig. 3a). Our model also describes
the dependence of LTP on the intra-burst frequency (Fig. 3b). At
an intra-burst frequency of 20 Hz, no LTP occurred because the
second spike in the burst came so late that the presynaptic trace
X had decayed back to zero. At higher intra-burst frequencies, the
three conditions for LTP (u(¢) > 6, and u;. > 6_and x > 0) are ful-
filled. The burst-timing dependence (Fig. 3¢) that occurs when the
timing of one presynaptic spike is changed with respect to a burst
of three postsynaptic spikes is qualitatively similar to that found
experimentally’®3!, but only four of the six experimental data
points are quantitatively reproduced by the model with a given set
of parameters. Notably, our model predicted that the curve of burst
timing—dependent plasticity should show a change in the amount
of potentiation whenever the presynaptic spike is shifted across one
of the three postsynaptic spikes (Fig. 3c). Because dendritic spikes,
which are relevant for burst timing—dependent STDP3!, are broader
than somatic action potentials, the jumps’ in the burst-STDP curves
would be blurred.

a Rate code b
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Figure 5 Plasticity during rate coding. (a) A network of ten excitatory (light blue) and three inhibitory neurons (red) received feedforward inputs from 500
Poisson spike trains with a Gaussian profile of firing rates. The center of the Gaussian was shifted randomly every 100 ms (schematic network before (left)
and after the plasticity experiment (right)). The temporal evolution of the weights are shown (top, small amplitudes of plasticity; bottom, normal amplitudes
of plasticity; left, feedforward connections onto neuron 1; right, recurrent connections onto neuron 1). (b—e) Learning with small amplitudes. We used the
parameters detailed in Table 1b (visual cortex) except for the amplitudes A 1p and A ;p, which were reduced by a factor 100. (b) Mean feedforward weights
(left) and recurrent excitatory weights (right) averaged over 100 s. The feedforward weights (left) indicate that the neurons developed localized receptive
fields (light gray). The recurrent weights (right) were classified as weak (less than 2/3 of the maximal weight, light blue), strong unidirectional (more

than 2/3 of the maximal weight, yellow) or strong reciprocal (brown) connections. The diagonal is white, as self-connections do not exist in the model.

(c) Data are presented as in b, but the neuron index was reordered. (d) Three snapshots of the recurrent connections taken 5 s apart indicate that recurrent
connections were stable. (e) Histogram of reciprocal, unidirectional and weak connections in the recurrent network averaged over 100 s, as shown in b
(fluc, fluctuations). The total number of weight fluctuations during 100 s was zero. The histogram shows an average of ten repetitions (error bars represent
s.d.). (f-i) Rate code during learning with normal amplitudes. We used the network described above but with a standard set of parameters (Table 1b, visual
cortex). (f) Receptive fields were localized. (g) Reordering showed clusters of neurons with bidirectional coupling. These clusters were stable when averaged
over 100 s. (h) Connections were able to change from one time step to the next. (i) The percentage of reciprocal connections was high, but because of
fluctuations, more than 1,000 transitions between strong unidirectional to strong bidirectional or back occurred during 100 s.
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Figure 6 Temporal-coding procedure. The same parameters were used as in Figure 5 (Table 1b, visual cortex), but input patterns were moved
successively every 20 ms, corresponding to a step-wise motion of the Gaussian stimulus profile across the input neurons. (a) The schematic figure
shows the network before and after the plasticity experiment. Shown are the temporal evolution of the weights (top panels: amplitude of synaptic
plasticity for feedforward connections reduced by a factor of 100; left, feedforward weights onto neuron 6; right, lateral connections onto neuron 6;
bottom panels: normal amplitude of plasticity; left, feedforward connections onto neuron 1; right, temporal evolution of asymmetry index of connection
pattern (gray line indicates asymmetrical index for simulation; Fig. 5). Positive values indicate the weights from neurons nto n + k are stronger than
those from nto n — k for 1 < k< 3). (b) Receptive fields are localized (left). The recurrent network developed a ring-like structure with strong unidirectional
connections from neuron 8 (vertical axis) to neurons 9 and 10 (horizontal axis), etc. (small amplitudes of plasticity). (c) Data are presented as in b,
but normal plasticity values were used. (d) Some of the strong unilateral connections appeared or disappeared from one time step to the next, but the
ring-like network structure persisted, as the lines just above the diagonal are much more populated than the line below the diagonal. (e) Reciprocal
connections are absent, but unidirectional connections fluctuated several times between weak and strong during 100 s.

Functional implications
Connectivity patterns in a local cortical circuit have been shown to be
nonrandom; that is, the majority of connections are weak and the rare
strong ones have a high probability of being bidirectional®. However,
standard models of STDP!* do not exhibit stable bidirectional
connections!®32, Intuitively, if cell A fires before cell B, a pre-post
pairing for the AB connection is formed so that the connection is
strengthened. The post-pre pairing occurring at the same time in
the BA connection leads to depression. It is therefore impossible to
strengthen both connections at the same time. Moreover, to assure
long-term stability of firing rates, parameters in standard STDP rules
are typically chosen such that inhibition slightly dominates excita-
tion!4, which implies that random spike firing decreases connections.
However, the nonlinear aspects of plasticity in our model changed
such a simple picture. From the results (Figs. 2b and 3b), we expect
that our model could develop stable bidirectional connections at
higher neuronal firing rates, in contrast with standard STDP rules.
We first simulated a small network of ten all-to-all connected neurons
in which each neuron fired at a fixed frequency, but the frequency varied

across neurons. We found that bidirectional connections were formed
only between those neurons that both fired at a high rate (Fig. 4a). In
a second simulation, the neurons in the same network were stimulated
cyclically such that they fired in a distinct temporal order (1,2, 3,...).
In this case, the weights form, after a period of synaptic plasticity, a loop
in which strong connections from 1 to 2, 2 to 3... develop but bidirec-
tional connections do not (Fig.4b). These results contrast with those of
simulation experiments using a standard STDP rule, where connections
are always unidirectional, independently of the stimulation procedure
(Fig.4c,d). Theoretical arguments (Supplementary Methods) indicate
that bidirectional connections cannot exist under the cyclic temporal
stimulation procedure (for standard STDP or for our plasticity model).
Bidirectional connections did develop in our nonlinear voltage-dependent
plasticity model under the assumption of slowly varying rates, in
contrast with standard STDP (Fig. 4c,d).

To move to a more realistic scenario, we simulated a network
of ten excitatory neurons (with all-to-all connectivity) and three
inhibitory neurons. Each inhibitory neuron received input from
eight randomly selected excitatory neurons and randomly projected
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Figure 7 Receptive fields development. (a) A a
small patch of 16 x 16 pixels was chosen from
the whitened natural images benchmark35.

The patch was selected randomly and was
presented as input to 512 neurons for 200 ms.
The positive part of the image was used as the
firing rate to generate Poisson spike trains of the
256 ON inputs and the negative one for the 256
OFF inputs. (b) The weights after convergence
are shown for the ON inputs and the OFF inputs
rearranged on a 16 x 16 image. The filter was
calculated by subtracting the OFF weights from
the ON weights. The filter was localized and
bimodal, corresponding to an oriented receptive
field. (c) Temporal evolution of the weights
shown in the red dashed box in b. (d) Nine
different neurons. (e) Two different neurons
receiving presynaptic input with varying firing
rates from 0-25 Hz (top), 0-37.5 Hz (middle)
and 0-75 Hz (bottom).

Weight

back to six excitatory neurons. In addition to the
recurrent input, each excitatory and inhibitory
neuron received feedforward spike input from
500 presynaptic neurons j that generated stochastic Poisson input
at a rate v.. The rates of neighboring input neurons were correlated,
mimicking the presence or absence of spatially extended objects.
The location of the stimulus was switched every 100 ms to a new
random position. In case of retinal input, this would correspond to
a situation where the subject fixates every 100 ms on a new station-
ary stimulus. Depending on the retinal position of stimulus, a given
postsynaptic neuron responds with a low, medium or high firing rate,
which is stationary during the 100-ms stimulation period; the firing
rates of the ten neurons in the network encode the current posi-
tion of the stimulus (rate-coding procedure). In a temporal-coding
procedure, the model input is shifted every 20 ms to a neighboring
location, mimicking rapid movement of an object across an array
of sensory receptors (for example, during whisking behavior)33.
In this scenario, a given model neuron exhibits only short, transient

Table 1 Parameters

Time (s)

50,000

bursts of a few spikes; thus, it is the temporal structure of the activity
(as opposed to stationary firing rates) that encodes the position
and movement of the stimulus. For both scenarios, the network is
identical. Feedforward connections and lateral connections between
model pyramidal neurons are plastic, whereas connections to and
from inhibitory neurons are fixed.

During the first 100-400 s of stimulation in the rate-coding proce-
dure, the excitatory neurons developed localized receptive fields; that
is, weights from neighboring inputs to the same postsynaptic neuron
became either strong or weak together and stayed stable thereafter
(Fig. 5a). Similarly, lateral connections onto the same postsynaptic
neuron developed to strong or weak synapses, which remained, apart
from fluctuations, stable thereafter (Fig. 5a), leading to a structured
pattern of synaptic connections (Fig. 5b). After reordering from the
neurons according to similarity of receptive fields, we found that three

a
Parameters Value
C, membrane capacitance 281 pF
g, leak conductance 30 nS
E,, resting potential -70.6 mV
A, slope factor 2mV
Tiest, threshold potential at rest -50.4 mV
TWud, adaptation time constant 144 ms
a, subthreshold adaptation 4 nS
b, spike triggered adaptation 0.805 pA
Isp, spike current after a spike 400 pA
T,, spike current time constant 40 ms
TVT, threshold potential time constant 50 ms
VTmax, threshold potential after a spike 30.4 mV
b
Experiments 6_(mV) 6, (mV) Aqp (mv1) Aqp (mv-2) 17, (ms) t_(ms) 1, (ms)
Visual cortex*16 -70.6 -45.3 14 x 1075 ** 8x 1075 ** 15** 10** 7**
Somatosensory cortex30 -70.6 -45.3 21 x 1075 ** 30x 1070 ** 30** 6** [
Hippocampall0 —41** —38** 38 x 1075 ** 2 x 1075 ** 16

(a) Parameters for the neuron model. (b) Plasticity rule parameters for the various experiments. * indicates the standard set of parameters. ** indicates the free parameters fitted to experimental

data. Other parameters were set in advance on the basis of previous studies.
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groups of neurons had formed, which were characterized by strong
bidirectional connectivity in the group, and different receptive fields
and no lateral connectivity between groups (Fig. 5¢). If the overall
amplitude of plastic changes was small (compared with that found
in the experiments), the pattern of lateral connectivity was stable
and had only a few strong bidirectional connections amidst a great
deal of weak lateral connectivity. The reason for this is that two neu-
rons with similar receptive fields are both active at high rate whenever
the stimulus is in the center region of their receptive field, which gives
rise to strong bidirectional lateral connections (Fig. 4). Unidirectional
strong connections were nearly absent (Fig. 5). If the amplitude and
rate of plasticity is more realistic and consistent with our data (Fig. 2),
then the pattern of lateral connectivity changed between one snapshot
in time and another one 5 s later, but the overall pattern was stable
when averaged over 100 s (Fig. 5f~h). In each snapshot, about half of
the strong connections were bidirectional (Fig. 5h,i).

This connectivity pattern contrasts with that shown under a
temporal coding procedure (Fig. 6). Neurons developed receptive
fields similar to those seen with the rate-coding procedure, but, as
expected for temporal Hebbian learning!4, the receptive field shifted
over time (Fig. 6a). With a small learning rate, this shift was slow, as
in previous models'4, but with realistic learning parameters extracted
from our experiments (Fig. 2), the shift of the receptive field was
rapid (Fig. 6a). Notably, among the lateral connections, strong recip-
rocal links were nearly absent, whereas strong unidirectional connec-
tions from neuron # to neurons n + 1, n + 2 and n + 3 dominated
(Fig. 6b—e). As the pattern of feedforward connections forming the
receptive fields changed, the structure of lateral connections changed
as well on the time scale of 10 min. Nevertheless, at each moment in
time, the pattern of lateral connections was highly asymmetric, favor-
ing connections from neuron #n to n + k (with k = 1, 2 and 3) over
those from # to n — k, where n is the neuronal index after relabeling
according to the receptive field position (Fig. 6a). This suggests that
temporal coding procedures in which stimuli are nonstationary and
exhibit systematic spatio-temporal correlations are reflected in the
functional connectivity pattern by strong unidirectional connections,
whereas rate coding (characterized by stationary input with spatial
correlations only) leads to strong bidirectional connections. We
confirmed this for a broad range of stimuli and in the presence of
noise (Supplementary Figs. 1-3).

Development of localized receptive fields

The results for the feedforward connectivity in the previous subsec-
tion lead to the question of the behavior of our plasticity model under
stimulation procedures previously used for rate models*#343>, Both
our spiking rule and the rate-based BCM model?* require presynaptic
activity to induce a change. Furthermore, for our rule, as well as for
the simplest BCM rule (see ref. 24), the depression terms are linear
and the potentiation terms are quadratic in the postsynaptic variables
(that is, the postsynaptic potential or the postsynaptic firing rate).
More quantitatively, for Poisson input, the total weight change Aw in
our model is proportional to VPTeyPOst(yPost _ 9) where VP™ and vPOst
denote the firing rates of pre- and postsynaptic neurons, respectively,
and 91is a sliding threshold related to the ratio between the LTP- and
LTD-inducing processes (equation (8)). The sliding threshold arises in
our plasticity model because the amount of LTD A, depends on the
long-term average of the voltage on the slow time scale of homeostatic
processes. Because of its similarities to BCM, we were not surprised
that our spike-based learning rule with sliding threshold was able to
support the development of localized receptive fields, a feature related
to independent component analysis (ICA) and sparse coding?+34,
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In our experiments, the input consists of small patches of natural
images using standard preprocessing®. After learning with our plas-
ticity rule, the weights exhibit a stable spatial structure that can be
interpreted as a receptive field (Fig. 7). In contrast with a principal
component analysis of image patches (as, for example, implemented
by Hebbian learning in linear neurons®’), the receptive fields were
localized (that is, the region with strong weights did not stretch across
the whole image patch). Nine runs of the learning experiments gave
receptive fields with different locations and orientations (Fig. 7d).
Because of the homeostatic control of LTD in our plasticity model, the
neuron compensated in experiments with increased input firing rates
by developing smaller receptive fields that were even more localized
(Fig. 7e). Development of localized receptive fields has been inter-
preted as a signature of ICA or sparse coding®. In contrast with most
other ICA algorithms?®, our rule is biologically more plausible, as it is
consistent with data from a large body of plasticity experiments.

DISCUSSION
Because traditional plasticity rules are rate models, the relation between
coding and connectivity cannot be studied. Our plasticity rule is for-
mulated on the level of postsynaptic voltage. Because action potentials
are sharp voltage peaks, they act as singular events in the voltage so
that, in the presence of a spike, our rule turns automatically into a spike
timing—dependent rule. Indeed, for spike coding (and without sub-
threshold voltage manipulations), our plasticity rule behaves similar
to a STDP rule in which triplets of spikes with pre-post-post or post-
pre-post timing evoke LTP?%%7, whereas pairs with post-pre timing
evoke LTD. In contrast with standard STDP rules (reviewed in ref. 14),
pairing-frequency dependence!® and burst-timing dependence®
are qualitatively described. In addition, the rule is expected to repro-
duce the triplet and quadruplet experiments in hippocampal slices®
(data not shown), as for all STDP protocols the plasticity rule that we
used is similar to an earlier nonlinear STDP rule?’. Deriving STDP
rules from voltage dependence has been attempted before!6:3:40,
However, because these earlier models use the momentary voltage*® or
its derivative®, rather than the combination of momentary and aver-
aged voltage that we used in our model, these earlier models cannot
account for the broad range of nonlinear effects in STDP experiments
or interaction of voltage and spike timing. The voltage-based model'®
uses separate empirical functions for timing dependence, voltage
dependence, frequency dependence and multiple spike summation
with preference for LTP to capture the nonlinear effects of LTP. Our
model is similar in that it also uses momentary voltage before the spike
as one of the variables, but it requires neither an explicit frequency-
dependent term nor an explicit timing-dependent term. Instead, fre-
quency and timing dependence follow from the model dynamics. Our
model has similarities with LTP induction in the TagTriC model*!,
but the TagTriC model focuses on the long-term stability of synapses,
rather than spike-timing dependence of the induction mechanism.
Even though our model does not require a biophysical interpre-
tation of the variables, it is tempting to speculate about potential
mechanisms. For the depression term in our model, a trace z1_ left by
previous activity of the postsynaptic neuron is combined with spike
arrival x at the presynaptic terminal (Fig. 1a). In light of the results
on LTD in layer V neocortical neurons*?, this trace could be related to
endocannabinoids released from the postsynaptic site. Coincidence
of this slow trace with the activation of presynaptic NMDA recep-
tors (which rapidly respond to the glutamate released by presynap-
tic activity x(t)) could be the trigger signal for LTD*2. Indeed, the
duration of the LTD component in the STDP function increases if
the endocannabinoid trace is artificially prolonged (see Fig. 9 of
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ref. 42). In other neuron types and brain areas, the same mathematical
model (but with different parameters) could correspond to different
biophysical mechanisms of LTD. For example, in hippocampal CA1
neurons, the trace _ could reflect calcium entry through voltage-
gated ion channels during depolarization, which, when combined
with synaptic signals (caused by the presynaptic spike arrival x),
would give rise to the calcium signals that are necessary to trigger LTD
(reviewed in refs. 17,18,42). Potentiation is induced in our model by
the combination of three factors: a momentary depolarization above
spike threshold, a depolarization just before the spike, i1;, above rest,
and the presence of a trace x left by presynaptic spike arrival (Fig. 1a).
The trace X could correspond to the amount of glutamate bound to
the postsynaptic NMDA receptor, but this is controversial*2. A high
momentary voltage u can be induced by a backpropagating action
potential; notably, backpropagation of action potentials is more likely
to occur and will more reliably occur in the background of a weak
depolarization of the dendrite*?, and such a weak depolarization
potentially corresponds to the term u#, in our model. Because we
have a depolarizing afterpotential after each spike in our model (Fig.
1c,d), the value of u just before the next spike increases with the
repetition frequency of the STDP protocol, consistent with previous
experiments (Fig. 5d in ref. 42). Our model is therefore consistent
with previous results showing that LTP can be induced in distal
synapses only if additional cooperative input or dendritic depolariza-
tion prevents failure of backpropagating action potentials*>. In the
context of the classical view of the NMDA receptor as a coincidence
detector®?, it is quite natural to see why a sequence post-pre-post
of two postsynaptic action potentials and one presynaptic spike are
ideal for LTP. The spike afterpotential of the first postsynaptic action
potential removes the calcium block and prepares the dendrite for
successful backpropagation of a later action potential. If the back-
propagating action potential caused by the second postsynaptic spike
occurs just slightly after presynaptic spike arrival, this causes a sharply
peaked and large calcium transient that would be sufficient to trigger
the LTP induction chain.

Even though our model is formulated on the level of voltage, we do
not imply that voltage itself is the essential biophysical mechanism.
Rather, under physiological conditions, the voltage transient (or cur-
rent or conductance transient) caused by synaptic input or action
potential firing is the starting point of long biochemical signaling
chains that lead to induction of plasticity. In our phenomenologi-
cal model, the signature of the inputs (here, voltage transients) are
directly linked (via mathematical variables or traces) to the induction
of plasticity, jumping over the biophysical mechanisms of the signal
transduction chain.

Our plasticity rule allows us to explain experiments from two dif-
ferent studies with a single principle. Both the ‘potentiation is res-
cued by depolarization’'® scenario (Fig. 2f) and that of burst-timing
dependent LTP3 (Fig. 3) indicate that LTP is induced at low frequency
when the membrane is depolarized before the pre-post pairing. This
depolarization can be the result of a previous spike during a post-
synaptic burst®® or to a depolarization current. A further unexpected
result is that, with the set of parameters derived from visual cortex
slice experiments, synapses fluctuated rapidly between strong and
weak weights. This aspect is interesting in light of the synapse mobility
that has been reported in imaging experiments”.

Possible extensions of the model include a weight dependence
of synaptic plasticity. We assumed that weights can grow to a hard
upper bound, but the rule can easily be changed to soft bounds'#
by changing the prefactors A 1 and Ay accordingly*!. Second,
short-term plasticity* could be added for a better description of the

plasticity phenomena that occurs during high-frequency protocols.
Third, additional mechanisms need to be implemented to describe the
transition from early to late LTP/LTD*"#>, Finally, we can generalize
from point neurons to spatially extended neurons using a multicom-
partment neuron model (for example, distinct compartments for the
soma and dendrites). We did not do this here because detailed spatial
models introduce a considerable number of new parameters, making
overfitting more likely to occur. Notably, our voltage-based formula-
tion of plasticity, if applied locally in a compartmental model, would
allow potentiation to occur in a dendritic branch whenever the three
conditions—presynaptic activity, recent postsynaptic depolarization
and momentary large depolarization—occur together, independent
of the source of depolarization. Thus, dendritic spikes could lead to
potentiation in the absence of somatic action potentials, consistent with
data from experiments in hippocampal4®—8 and cortical slices®!.

Our plasticity model leads to several predictions that could be tested
in slice experiments. First, the model predicts that in voltage-clamp
experiments the weight change is dependent on the voltage and the
number of presynaptic spikes but not on their exact timing (for example,
low frequency, tetanus or burst). Second, in the scenario in which
potentiation is rescued by depolarization, the amount of weight change
should be the same whether a depolarizing current of amplitude B stops
precisely when the postsynaptic spike is triggered or whether a current
of slightly bigger amplitude B stops a few milliseconds earlier.

The influence of STDP on temporal coding has been previously
studied with respect to changes in the feedforward connections
(reviewed in ref. 14). The effect of STDP on lateral connectivity has
been much less studied2°-23. We found that, because of STDP, cod-
ing influences the network topology; that is, different stimulation
procedures generate different patterns of lateral connectivity. Our
results contrast with those of standard STDP rules, which always sup-
press short loops and, in particular, bidirectional connections!32,
Our more realistic plasticity model shows that under a rate-coding
procedure (where the neuron is stimulated by different stationary
patterns), bidirectional connectivity and highly connected clusters
with multiple loops are not only possible but even dominant. It is only
for temporal coding (characterized by stimulation with substantial
spatiotemporal correlations) that our biologically plausible rule leads
to dominant unilateral directions. We speculate that the differences
in coding between different brain areas could lead, even if the learn-
ing rule were exactly the same, to different network topologies. Our
model predicts that experiments in which cells in a recurrent network
are repeatedly stimulated in a fixed order would decrease the fraction
of strong bidirectional connections, whereas a stimulation pattern
in which clusters of neurons fire at a high rate during episodes of a
few hundred milliseconds would increase this fraction. In this view,
it is tempting to connect the low degree of bidirectional connectivity
in barrel cortex? to the bigger importance of temporal structure in
whisker input®?, compared with visual input’.

METHODS
Methods and any associated references are available in the online
version of the paper at http://www.nature.com/natureneuroscience/.

Note: Supplementary information is available on the Nature Neuroscience website.
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ONLINE METHODS

Neuron model. In contrast with standard models of STDP, our plasticity model
uses the postsynaptic membrane potential u(t). As a model for neuronal volt-
age, we chose the adaptive exponential integrate-and-fire (AdEx) model#’ with
an additional current describing the depolarizing spike after potential®?. The
voltage evolution is

u=vr

C%u = —gr(u—Ep)+grAre AT —wyy+z+1

where Cis the membrane capacitance, g; is the leak conductance, E, is the rest-
ing potential and I is the stimulating current. The exponential term describes
the activation of sodium current. The parameter A is the slope factor and V.
is the threshold potential. A hyperpolarizing adaptation current is described by
the variable w ; with dynamics

Twad %Wud =au—Ep)—wy

where Tw,, is the time constant of the adaption of the neuron and a is a para-
meter. On firing, the variable u is reset to the fixed value V., whereas w_, is
increased by the amount b. The main difference between this and a previously
described model?? is that the voltage is exponential rather than quadratic, allow-
ing for a better fit to data®. The spike afterpotential of the cells used in typical
STDP experiments'® have a long depolarizing spike afterpotential. We therefore
added an additional current z, which is set to a value I, immediately after a spike
occurs and decays otherwise with a time constant T,

T,—z=-2z
Zdr
Finally, refractoriness was modeled with the adaptive threshold V., which starts
at V. after a spike and decays to Vr with a time constant TVTso, that is,
max rest

d
Ty —Vp == (Vg =V,

vt At T ( T Trest )
Parameters for the neuron model are taken from ref. 49 for the AdEx model, T,
was set to 40 ms, consistent with ref. 16 (see also ref. 50), and kept fixed through-
out all simulations (see Table 1a).

Plasticity model. Our model exhibits separate additive contributions to the
plasticity rule, one for LTD and another one for LTP?8. For the LTD part, we
assumed that presynaptic spike arrival at synapse i induces depression of the
synaptic weight w; by —Arrp (#-(t)—6_)+ . (), indicate rectification, that is,
any value 7;_ < _ does not lead to a change® (see Fig. 1h). The quantity #_(t) is
an exponential low-pass-filtered version of the postsynaptic membrane potential
u(t) with time constant T_
d

T_ Eﬁ_(t) =—u_(t)+u(t)

The variable #_ is an abstract variable that could, for example, reflect the level
of calcium concentration!” or the release of endocannabinoids*?, although such
an interpretation is not necessary for our rule. Because the presynaptic spike
train is described as a series of short pulses at time ¢/, where i is the index of the
synapse and # an index that counts the spike X;(t) = zn 8(t —t!"), depression
is represented by
%W,‘_ = — Appp () X; (1) (G — 6_), if w; >wpin )
where Aprp(#) isan amplitude parameter that is under the control of homeo-
static process®. For slice experiments, the parameter has a fixed value that was
determined experimentally. For the network simulations shown in Figures 5-7,
the parameter depends on the mean depolarization 7 of the postsynaptic
neuron, averaged over a time scale of 1 s. Equation (1) is a simple method for
implementing homeostasis; other methods, such as weight rescaling, would also
be possible?®. The time scale of 1 s is not critical (100 s or more would be more
realistic for homeostasis) but is convenient for the numerical implementation.

For the LTP component, we assumed that each presynaptic spike at the synapse
w; increases the trace x; (¢) of some biophysical quantity, which decays exponen-
tially with a time constant 7, 1227
d
T, —X%;(t) = — %)+ X;(t
X d t 1 ( ) 1 ( ) 1 ( )
where X;(t) is the spike train defined above. The quantity X;(¢) could, for exam-

ple, represent the amount of glutamate bound to postsynaptic receptors®” or the
number of NMDA receptors in an activated state?®. Potentiation is given by

D = e =04y =005 Wi < Wiy @
Here, A p is a free amplitude parameter fitted to the data and #, () is another
low-pass-filtered version of u(t) that is similar to #_(t) but has a shorter time
constant T, of around 10 ms. Thus, positive weight changes can occur if the
momentary voltage u(t) surpasses a threshold 6, and, at the same time, the
average value i, (t) is above 6 _.
The final rule used in the simulation was

%w,- = = Appp D X; (T —0_); + Aprp; (u—0,)4 (Ty —6_)4 (3)

combined with the hard bounds Wmin < W; < Wax. For network simulation, we

=2
used Avrp @)= ALrp uT’ where urzef is a reference value.

Uref

It is unlikely that the model can be simplified further. First, voltage is necessary
as a variable whenever voltage is manipulated in experiments. Second, depend-
ence on voltage must be nonlinear®~'!. Phenomenological models have some free-
dom in the choice of the mathematical form of the nonlinearities (for example,
exponential, polynomial Hill functions or piecewise linear) and we chose a suit-
able combination of piecewise linear functions with thresholds 6, and 6_. Third,
STDP experiments indicate that the temporal relation between stimulation events
is important. All timing relations have been implemented as (first order) linear fil-
tering. For the case of classical STDP experiments, where all spikes are triggered by
the experimenter, our phenomenological model can be simplified and becomes
identical or closely related to existing nonlinear STDP models?>?’, but regarding
the interaction between voltage and spike timing, such a further simplification is
not possible. Finally, the fact that the curve of burst timing—dependent plasticity
(Fig. 3¢c) is not perfectly reproduced indicates that our plasticity model does not
have an unnecessarily large number of free parameters.

Analysis of plasticity model. We established a quantitative link between our plas-
ticity model (equation (3)) and BCM theory?* under the assumption of a linear
Poisson neuron model with spikes. In a linear Poisson neuron, input spike trains

X j(t) = 2i5(t - tif ) are low-pass filtered and weighted to give a subthreshold

potential u° (t) = Zj.[: &(s)Xj(t — s)ds, where £(s) is the time course of an excita-

tory postsynaptic potential and »° is measured with respect to the resting potential
0_. The linear Poisson neuron generates spikes stochastically with stochastic firing
intensity VP proportional (with parameter 1/c) to u*, hence the probability of

firing in a short time between f and ¢ + A is Pptst +A)= VPOt (A = us(t)é~
o

If the linear Poisson neuron spikes at time P!, we add a short voltage pulse

Bo(t - t?mt ). The total membrane potential s therefore

u(t)=u’(t)+BY(t)+6_ (4)
where Y(t) = Z f5(t — t?osr) is the spike train of the postsynaptic neuron and

B is the integral weight of spikes. To illustrate the importance of f3, suppose
that in a hypothetical experiment of 100-ms duration we found a single tri-
angular action potential with amplitude 120 mV and a 1-ms duration at half-
maximum, and that the voltage was otherwise constant at a value of 2 mV above
rest. The mean voltage averaged over this 100-ms period would therefore be
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100 u(t)dt
_[ ult)dt _ 2mV + 1.2 mV + 6_ so that the weight parameter 3 in equation

0 100
(4) should have a value of 1.2 mV.
By construction, the expected number of spikes of the linear Poisson neuron

S
is equal to its instantaneous rate <Y > (t) = vP oSt (1) = MT(t) . In the following
derivation, the time dependence of the variables is not explicitly denoted for the
sake of simplicity (except for a few special cases); for example, u(¢) is abbrevi-
ated as u.

We assumed that the neuron has N excitatory synapses stimulated by N pre-
synaptic Poisson spike trains of rates yPre = (vpre,...,vﬁ,rle ) . Furthermore, we
assumed that the presynaptic rates yP' are slowly varying quantities compared
with the intrinsic time scales T, and T_ of our plasticity model or those of our
neuron model (for example, excitatory postsynaptic potential duration), which
were all below 50 ms. This assumption explicitly resulted in the following simpli-
fications: yPT¢ ~ yPre | yPOSt _ | post apd \750“ ~ yPOSt  For a variable q, g
denotes low-pass filtering with the time constant T » and g+ and g_ correspond
to the time constants T, and T_, respectively.

Using the linear Poisson model defined above in the plasticity rule (equation
(3)) yields (if we suppress for the moment the dependence on the homeostatic
variable )

%Wi =—AprpX; ()G + BY_) + AprpX; (1) BY (i + BY,) (5)
with 0_being equal to the resting potential, all voltages being above resting poten-
tial, as only excitatory inputs are considered, and only Y being above the firing
threshold 6,, as u° was the subthreshold voltage. Taking the average <.>pqs¢
over the postsynaptic spikes given the postsynaptic rate vP*tyields

: V. = —
< v >post=—(0+ B) AL X; (OVEOS + (a+ ﬁ)ALTPxi(t)ﬁVPOStVEOSt 6)

B Here, we used <Y(t)Y,(¢) >post= ypost (t)V_EOSt(t) , which holds because
Y, (t) is not influenced by a possible spike at time ¢ (just by spikes at times s
with s < t), and it is therefore uncorrelated with Y(¢) given vPOSt For slowly
varying input rates

d
< Wi >post=(0+ B)Ap X; (VPO + (e + B) Ay pX; (1) BVPOStVPOst (7)
Taking the average <.>, over the presynaptic spikes given the presynaptic
firing rates VP™ and neglecting spike-spike correlations (that is, correlations
between X; and VPOt beyond rate correlations between VP™ and vPOS')
gives
d e post re t t
< Vi >post=—(0t+ ﬂ)ALTDViP vPOSt L (o + ﬁ)ALTPViP PBvPOstyPos

A
— (OC+ ﬁ)ﬂALTPviprevpost (Vpost _ &) (8)
BALTP

Here, <<.>post>pre was abbreviated as <.>. The factor (o + )P can be

interpreted as the learning rate in a rate-based plasticity model and Avp_ _ v
LTP

as the threshold for the transition of LTD to LTP in the quadratic BCM model?4.

Because A, depends on the slow time scale of homeostatic processes on the

long-term averaged potential 7 , the threshold 3 is a sliding one. Just as in the

BCM model?*, our plasticity model responds to persistent periods of high activity

with an increase in the threshold 9.

Parameters and data fitting. For the plasticity slice experiments, we took
i = uger as fixed and fit the parameter Ay, The total number of parameters
of the plasticity model is therefore seven. For all data sets, except the one taken
from ref. 10, the threshold 6_ was set to the resting potential and 6, to the firing
threshold of the AdEx model, that is, 6_ = -70.6 mV and 6, = —45.3 mV. The
remaining five parameters, T,, T_, T, A and App, were fitted to each data set
individually by the following procedure. We calculated the theoretically predicted
weight change Awit " by integrating (analytically or numerically) equation (3),
for a given experimental protocol j, as a function of the free parameters. We then

estimated the free parameters by minimizing the mean-square error E between
the theoretical calculations and the experimental data Aw; P>/

1
E=Y (Awi™ - A2
j
For the data set in hippocampus!?, we also fit the two parameters 6_and 6, as
completely different preparations and cell type were used. Moreover, for this data
set, the time constant T, was taken from physiological measurements given in ref.
2 and fixed to the value of 16 ms. The parameters for the various experiments
are summarized in Table 1b.

Voltage-clamp experiment. The postsynaptic membrane potential was switched
in the simulations to a constant value, u, . chosen from —80 to 0 mV while
synapses were stimulated with either 25 (blue line) or 100 pulses (red line) at
50 Hz. As a result of voltage clamping, the actual value of the voltage u itself
and the low-pass-filtered versions % are constant and equal to u, Thus, the
synaptic plasticity rule becomes

clamp*

%Wi =-ArrpX;() (”clamp -0) + ALTPfi(t)(”clamp —64)4 (uclamp -6_ )+.
STDP experiment and frequency dependence. Presynaptic spikes in the simula-
tion were paired with postsynaptic spikes that were either advanced by +10 ms or
delayed by —10 ms with respect to the presynaptic spike. Postsynaptic spikes were
triggered by brief, strong current pulses into the postsynaptic neuron. The pair-
ing was repeated five times with different frequencies ranging from 0.1 to 50 Hz.
These five pairings were repeated 15 times at 0.1 Hz. However, the five pairings at
0.1 Hz were repeated only ten times to mimic the experimental protocol'.

Burst timing—dependent plasticity For Figure 3a, the presynaptic spike was
paired At = +10 ms before (or At =—10 ms after) 1,2 or 3 postsynaptic spikes. The
frequency of the burst was 50 Hz. The neuron received 60 pairings at a frequency
of 0.1 Hz. For Figure 3b, the presynaptic spike was paired with a burst of three
action potentials (At = +10 ms and —10 ms), whereas the burst frequency varies
from 20 to 100 Hz. For Figure 3c, a presynaptic spike is paired with a burst of
three postsynaptic action potentials with burst frequency of 50 Hz. The time At
between the presynaptic spike and the first postsynaptic action potential varies
from —80 to 40 ms. For a detailed description of the experiments, see ref. 30.

Poisson input for functional scenarios. Poisson inputs were used in all of the
following experiments. They were generated by a stochastic process where the
spike was elicited with a stochastic intensity v.

Relation between connectivity and coding: toy model. Weights of ten all-to-all
connected neurons were initialized at 1, bounded between 0 and 3. Weights evolved
with the voltage-based rule (equation (3)) for 100 s. The model was compared with

. . . d iry — ir_
a canonical pair-based STDP model written as Vi —Af%g X7+ Af{};)rxiY s
t

where Y is the postsynaptic spike train defined in the same manner as the pre-
synaptic spike train X; with a filter of the postsynaptic spikes 3 similar to X; .
We chose the parameters AFLD = APy =1 x 107 for the amplitudes and T,
for the time constant of Xx; , as well as for the time constant of the postsynaptic
low-pass filter 3 . Neuron I fired at 2 Hz, neuron 2 at 4 Hz. neuron 10 at 20 Hz
following Poisson statistics; that is, short current pulses were injected to make the
neuron fire with Poisson statistics at this frequency. Neurons fired successively
every 20 ms, with neuron 1 firing, followed 20 ms later by neuron 2,... followed
by neuron 10 and then back to neuron 1, etc. in a loop.

Rate coding in network simulation. 500 presynaptic Poisson neurons with fir-
ing rates vipre (1<i<500) are connected to 10 postsynaptic excitatory neurons.
—(i-w?
The input rates vl-p " follow a Gaussian profile, that is, VPTE _ 4, 262 >with
1

variance 6 = 10 and amplitude A = 30 Hz. The center u of the Gaussian shifts
randomly every 100 ms between ten different, equally distributed positions.

doi:10.1038/nn.2479
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Circular boundary conditions are assumed, that is, neuron i = 500 is considered
to be a neighbor of i = 1. Synaptic weights of the feedforward connections to
the excitatory neurons are initialized randomly (uniformly in [0.5,2]) and hard
bound are set to 0 and 3. The ten excitatory neurons are all-to-all recurrently
connected with a starting synaptic weight of 0.25 (hard bounds set to 0 and 0.75).
In addition, three inhibitory neurons are driven by eight excitatory neurons and
the feedforward inputs; they project onto six excitatory neurons, connectivity
chosen randomly. Those random recurrent connections are fixed and have a
weight equal to 1. The feedforward connections onto the inhibitory neurons are
also fixed and chosen randomly between 0 and 0.5. The reference value is set to
”rzef =60 mV? and the simulation time to 1,000 s. Parameters were normally
chosen as in Table 1b (visual cortex data), except for Fig. 5b—e, where A}, and
Ajppp Were reduced by a factor 100.

Temporal coding in network simulation. Settings were determined as described
above, but patterns were presented for 20 ms successively (from center posi-
tion 50 to 100 to 150, etc. in a circular manner). The reference value was set to
ufef =80 mV2. We used an asymmetry index calculated by relabeling the neurons
according to the current position of their receptive field so that with the cyclic
stimulation they get activated one after the other:n > n+1...5n+k—>n-1
— n. We then compared the connection from 7 to n + k with that from n to n

—k and computed AS= zkwn‘n_,_k — Wy u—k » k= 1-3. Connectivity patterns

were also analyzed in model networks where neurons received (in addition to

feedforward and lateral input) unspecific stochastic background activity that
made them fire spontaneously (Supplementary Fig. 1).

ICA-like computation: orientation selectivity with natural images. Ten natural
images have been taken from a previously determined benchmark?. A small
patch of 16 X 16 pixels from any of the images is randomly chosen every 200 ms,
which is on the order of the fixation time between saccades. Half of the time the
image matrix is transposed, flipped around the vertical axis or the horizontal axis
to remove any statistical orientation bias. After prewhitening, the inputs for the
ON (OFF) image are Poisson spike trains generated by the positive (negative)
part of the patch (with respect to a reference gray value reflecting the ensemble
mean) with maximum frequency of 50 Hz. The 2 x 16 X 16 inputs are connected
to one postsynaptic neuron. The initial weights are set randomly between 0 and
2 and hard bounds are set between 0 and 3. The connections follow the synaptic
rule (equation (3)), where the reference value is set to ”fef =50 mV2. Parameters
were chosen as in Table 1b (visual cortex data), but A, and A, were reduced
by a factor 10. Every 20 s, an extra normalization was applied to equalize the norm
of the ON weights to one of the OFF weights®.

49. Brette, R. & Gerstner, W. Adaptive exponential integrate-and-fire model as an
effective description of neuronal activity. J. Neurophysiol. 94, 3637-3642
(2005).

50. Badel, L. et al. Dynamic |-V curves are reliable predictors of naturalistic pyramidal-
neuron voltage traces. J. Neurophysiol. 99, 656-666 (2008).
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pronounced than in drbp nulls (5, /4). Function-
ally, drbp and bruchpilot phenotypes appear
similar: Both demonstrate decreased and desyn-
chronized evoked SV release with atypical short-
term facilitation. However, the deficits in evoked
SV release are much more severe in drbp nulls
than in bruchpilot nulls [i.e., release occurs at 5%
versus 30% (3) of the respective wild-type level].
DRBP levels were clearly reduced in bruchpilot
mutants (fig. S7), whereas gross Bruchpilot lev-
els were not altered in drbp mutants (Fig. 2B).
Given that even a partial loss of DRBP causes
marked reduction in SV release (Fig. 3A), deficits
in bruchpilot mutants might be explained, at least
in part, by a concomitant loss of DRBP, and
DRBP probably serves functions beyond the
structural and Ca®" channel—clustering roles of
Bruchpilot.

Taken together, we identified DRBP as a cen-
tral part of the AZ cytomatrix. How, in detail,
DRBP functionally integrates into this protein
network is subject to future analyses. Notably, the
short-term plasticity phenotype of drbp mutants
is reminiscent of mammalian munci3-1 KO and
caps-1 and caps-2 DKO mutants (25, 26), which
implicates functional links between priming fac-
tors and DRBP. Consistent with the functional
importance of the DRBP protein family suggested
by our study, human genetics recently identified

two rbp loci associated with autism with high
confidence (27, 28).
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Inhibitory Plasticity Balances
Excitation and Inhibition in Sensory
Pathways and Memory Networks

T. P. Vogels,"*t H. Sprekeler,™* F. Zenke,* C. Clopath,™? W. Gerstner®

Cortical neurons receive balanced excitatory and inhibitory synaptic currents. Such a balance could be
established and maintained in an experience-dependent manner by synaptic plasticity at inhibitory
synapses. We show that this mechanism provides an explanation for the sparse firing patterns observed
in response to natural stimuli and fits well with a recently observed interaction of excitatory and
inhibitory receptive field plasticity. The introduction of inhibitory plasticity in suitable recurrent
networks provides a homeostatic mechanism that leads to asynchronous irregular network states.
Further, it can accommodate synaptic memories with activity patterns that become indiscernible from
the background state but can be reactivated by external stimuli. Our results suggest an essential
role of inhibitory plasticity in the formation and maintenance of functional cortical circuitry.

membrane currents that a neuron experi-
ences during stimulated and ongoing ac-
tivity has been the topic of many studies (/—17).
This balance, first defined as equal average

The balance of excitatory and inhibitory
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amounts of de- and hyperpolarizing membrane
currents (from here on referred to as “global
balance”), is essential for maintaining stability
of cortical networks (/, 2). Balanced networks
display asynchronous irregular (Al) dynamics
that mimic activity patterns observed in corti-
cal neurons. Such asynchronous network states
facilitate rapid responses to small changes in
the input (2, 3, 12), providing an ideal substrate
for cortical signal processing (4, 13, 14).
Moreover, input currents to cortical neurons
are not merely globally balanced but also coupled
in time (3, 6, 15) and cotuned for different stim-

ulus features (7, &8). The tight coupling of ex-
citation and inhibition suggests a more precise,
detailed balance, in which each excitatory input
arrives at the cell together with an inhibitory
counterpart (Fig. 1A), permitting sensory inputs
to be transiently (9) or persistently turned on by
targeted disruptions of the balance (10, 11).

Although the excitatory-inhibitory balance
plays an important role for stability and information
processing in cortical networks, it is not under-
stood by which mechanisms this balance is
established and maintained during ongoing sen-
sory experiences. Inspired by recent experimen-
tal results (7), we investigated the hypothesis that
synaptic plasticity at inhibitory synapses plays
a central role in balancing the excitatory and
inhibitory inputs a cell receives.

We simulated a single postsynaptic integrate-
and-fire neuron receiving correlated excitatory
and inhibitory input signals. The cell received
input through 1000 synapses (Fig. 1B), which
were divided into eight independent groups of
100 excitatory and 25 inhibitory synapses. All
excitatory and inhibitory synapses within each
group followed the same temporally modulated
rate signal (time constant T ~ 50 ms) to mimic
ongoing sensory activity (/3, 16). Spikes were
generated from independent Poisson processes,
leading to 125 different spike trains per signal.
This architecture allowed each signal to reach
the cell simultaneously through both excitatory
and inhibitory synapses (Fig. 1B). To mimic glu-
tamatergic and y-aminobutyric acid (GABAergic)
transmission, the synapses were conductance-based
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current plot. (E) Excitatory and

inhibitory membrane currents (black and white symbols, respectively) evoked
by each signal channel, averaged over 4 s, before, during, and after inhibitory
synaptic plasticity (top, middle, and bottom, respectively). (F) Temporal evo-
lution of the postsynaptic firing rate (solid line) and the average synaptic
weights of the inhibitory synapses associated with three representative sig-

with reversal potentials ¥* =0 mV and V' =
—80 mV and time constants t° =5 ms, and 7' =
10 ms for excitation and inhibition, respective-
ly [see supporting online material (SOM)]. The
strength of the inhibitory synapses was initially
weak but could change according to a spike-
timing—dependent plasticity rule, in which near-
coincident pre- and postsynaptic spikes induce
potentiation of the synapse (/7-19). Additional-
ly, every presynaptic spike leads to synaptic
depression (17, 18) (Fig. 1C). This learning rule
can be summarized as

Aw = n\(pre X post — pg % pre) (1)

where Aw denotes the change in synaptic effi-
cacy, pre and post are the pre- and postsynaptic
activity, n is the learning rate, and p is a con-
stant that acts as a target rate for the postsynaptic
neuron (see SOM Sec. 2 for a mathematical
analysis).

Whereas inhibitory synapses were plastic, the
efficacies of the excitatory model synapses were
fixed at the beginning of a simulation and left
unchanged unless otherwise noted. Analogous to
frequency- or orientation-tuned sensory neurons,
excitatory synapses were tuned to have a pre-
ferred signal (Fig. 1E). Because all excitatory

16 DECEMBER 2011

synapses were set to nonzero strengths, the post-
synaptic neuron fired at high rates when the in-
hibitory synapses were weak at the beginning of
a simulation (Fig. 1, D and E, top, and F). The
resulting high number of pairs of pre- and post-
synaptic spikes led to relatively indiscriminate
strengthening of all inhibitory synapses (Fig. 1, D
and E, middle) until excitatory and inhibitory
membrane currents became approximately ba-
lanced and the postsynaptic firing rate was dra-
matically reduced (Fig. 1F). In this globally
balanced state, only unbalanced excitatory sig-
nals led to coincident pairs of pre- and postsynaptic
spikes, consequently strengthening underpowered
inhibitory synapses. Those inhibitory synapses that
were stronger than their excitatory counterparts
kept the postsynaptic side unresponsive and
were thus weakened (because of sole presynaptic
firing) until they allowed postsynaptic spiking
again. Over time, this led to a precise, detailed
balance of excitatory and inhibitory synaptic
weights for each channel (Fig. 1, D and E, bot-
tom). In agreement with the mathematical anal-
ysis, the postsynaptic firing rate was determined
mainly by the depression factor, po, but not by the
average input firing rate to the postsynaptic neu-
ron (Fig. 1G). The mechanism was robust to
plausible delays of several milliseconds. Howev-

nals (dotted lines). %, #, and ¢ indicate the times at which the top, middle,
and bottom graphs of (D) and (E) were recorded. (G) Average firing rate of the
postsynaptic neuron after learning, plotted for different values of target firing
rate po (left) and different input rates (right). The dashed lines in both graphs
show the analytical predictions.

er, because detailed balance requires a correlation
between excitatory and inhibitory synaptic in-
puts, the balance deteriorated when the delay be-
tween excitation and inhibition increased to values
larger than the autocorrelation time of the input
signals and the coincidence time of the Hebbian
learning rule, but global balance still persisted
(fig. S2).

To investigate how the state of the balance
affects the neuron’s response properties, we pres-
ented a fixed stimulus sequence to the neuron
(Fig. 2A) and compared the spiking response
over 50 trials to the input rates of each signal.
In the globally balanced state (Fig. 2B, top) in
which inhibitory synapses were distributed so
that excitation and inhibition were balanced only
on average across all channels, the peristimulus
time histogram (PSTH) faithfully reproduced the
firing rates of the preferred signals. The other, non-
preferred input signals evoked more inhibition
than excitation and thus had no impact on the cell’s
firing behavior. An additional steplike input rate
protocol, in which 100-ms-long pulses of various
step sizes (Fig. 2C) were presented to one channel
at a time, revealed that spiking responses are
largely insensitive to stimulus intensity and indeed
narrowly tuned to the preferred stimulus, giving
rise to an all-or-none response (Fig. 2, D and E).
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Fig. 2. Inhibitory synaptic plasticity sparsifies and democratizes receptive
fields. (A) A fixed sequence of eight stimuli of varying firing rates is fed
repetitively into a postsynaptic cell. Excitatory synapses are strength-tuned
by signal group (see conductance graph on the right) so that signal five
(marked also by dashed lines) is the preferred signal. (B) Postsynaptic spikes
over 50 trials with globally or detailed balanced inhibitory synapses (top and
bottom graphs, respectively) as indicated by the schematics on the left
(compare with Fig. 1E). The normalized and squared cross-correlation co-
efficients between each input signal and the PSTH are also shown (right).

BEFORE AFTER

(€) Schematic of a step stimulus delivered with large and small step sizes
(solid and dotted black lines respectively); Sample PSTHs for nonpreferred
(red) and preferred (blue) stimuli to both step sizes are shown for a globally
balanced cell. (D and E) Iso-response contour lines of the postsynaptic cell
in the globally balanced regime during the onset (phasic) (0 to 50 ms) (D)
and tonic (50 to 100 ms) (E) parts of the response. (F) Sample responses for
nonpreferred (red) and preferred (blue) stimuli to both step stimuli [as in
(O)]. (G and H) Iso-response contour lines [as in (D) and (E)] for a detailed
balanced cell.

with experimental results (5, 7, 8, 23, 24) and
confirm earlier theoretical studies arguing that
sharp tuning is not a necessary feature for a sparse
sensory representation (25, 26). The sparsity of the
response to each signal was a direct consequence
of the detailed balance of correlated excitatory and
inhibitory synapses as described above, not of the
specificity of the tuning curve.

The self-organizing dynamics of inhibitory
plasticity imply that the excitatory-inhibitory ba-
lance is maintained, even in the presence of on-

WO Experiment
—— Model

going excitatory plasticity (Fig. 3). Experiments
(7) in which a stimulus alters the frequency
tuning of excitatory input currents to pyramidal
neurons in rat primary auditory cortex point in

3.0 -
A B
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Fig. 3. Temporal dynamics of inhibitory plasticity, experiment, and model. Frequency-tuned excitatory
and inhibitory membrane currents (black and white symbols, respectively) as recorded from pyramidal
cells in the primary auditory cortex of adult rat (7) (A) 30 min and (B) 180 min after a stimulus protocol
shifted the preferred frequency of the excitatory membrane currents from 16 to 4 kHz. Similarly stimulus-
tuned input currents in a simulation (C) 30 min and (D) 180 min after (manually) changing the excitatory
tuning curve. Solid and open arrowheads indicate the previous and the new preferred stimuli in all panels.
(E) Summary plot of the ratios of excitatory and inhibitory current amplitudes of previously preferred
stimuli and new preferred stimuli, as indicated in (A) to (D), in the experiment (open and solid symbols,
respectively) and simulations (blue and red lines, respectively). (F) Firing rate of the simulated neuron
over the time of the simulation in (E). Error bars indicate SEM. [(A), (B), and (E) adapted from (7) with

permission]

a similar direction: The disrupted cotuning of
excitatory and inhibitory input currents (Fig.
3A) prompts a compensatory response that sub-
sequently changes the amplitude of the inhibitory
input currents. After 180 min, the cell returns to a
cotuned state, albeit with a different preferred
frequency (Fig. 3B). When we disturbed the co-
tuning of a simulated neuron in a similar way
(Fig. 3C), inhibitory plasticity rebalanced the ex-
citatory input currents (Fig. 3, D and E) and
stabilized the output firing rates of the postsyn-
aptic neurons (Fig. 3F). Quantitative agreement
with the rebalancing dynamics observed in the
experiment (for both synaptic depression and
potentiation) was achieved by adjusting m, po,

60 120 180

Time [min]

In the detailed balanced state, the response of
the cell was sparse (Fig. 2B, bottom) and rem-
iniscent of experimental observations (16, 20-22)
across many sensory systems. Spikes were caused
primarily by transients in the input signals, during
which the faster dynamics of the excitatory syn-
apses momentarily overcame inhibition. Sustained
episodes of presynaptic firing, on the other hand,
caused steady membrane currents that canceled

www.sciencemag.org SCIENCE VOL 334

each other and thus failed to evoke a reliable
postsynaptic response. Seemingly indifferent to
the tuning of the excitatory synapses, each signal
contributed an equal part to the PSTH of the
output signal, but the effect of the excitatory syn-
aptic weights was uncovered by the steplike input
protocol (Fig. 2F). The broad, graded responses
(as opposed to all-or-none) to preferred and non-
preferred stimuli (Fig. 2, G and H) were in accord

and the average firing rate of the inhibitory input
neurons.

The learning rule for inhibitory synapses does
not rely on a feedforward structure to achieve low
firing rates. It simply matches excitatory and in-
hibitory synapses that show correlated activity.
We therefore tested whether inhibitory plasticity
was able to stabilize the dynamics of recurrent
networks. In simulations of such networks (/3)
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with plastic inhibitory synapses that were initially
weak (Fig. 4A), the resulting high firing rates
and subsequent increase in inhibitory synaptic
strengths caused by the plasticity rule indeed
produced globally balanced input currents that
led to a self-organized Al network state (Fig.
4B) with firing rates between 3 and 15 Hz.

We wondered whether it was possible to in-
troduce associative memories to the stabilized
network by strengthening specific excitatory
connections within dedicated groups of neurons.
First proposed by Hebb (27), such “cell assem-
blies” aim to provide a physiologically plausible
explanation of how groups of neurons form a
memory. Groups of highly connected neurons
have since been successfully embedded into
large spiking networks (28) and shown to self-
sustain their activity without disrupting the glob-
al dynamics of the host network (73, 29, 30),
but the parameter space that guarantees stable
performance is narrow and tuning is arduous.
The question has been raised how useful such

memory attractors can be for long-term memory
systems if only one of all stored memories can be
active at a time, and potentially remains active
for long periods of time, broadcasting the stored
information into the network (29).

Inhibitory plasticity can solve some of these
problems. After two arbitrarily chosen groups of
excitatory neurons were turned into Hebbian as-
semblies by strengthening the excitatory con-
nections within the groups fivefold, the assemblies
temporarily fired at high rates and raised the
background firing rate across the network (Fig.
4C). The resulting increase of coincident spike
pairs caused inhibitory plasticity to increase the
inhibitory synapses onto neurons in both assem-
blies until the global Al state was reestablished
(Fig. 4D). After the excitatory and inhibitory in-
puts onto these neurons had been rebalanced,
the firing rates of neurons in the cell assemblies
became indistinguishable from the rest of the
network, despite the imprinted memory traces
in the excitatory synapses. Electrophysiological

recordings of neuronal activity would thus not
reveal the presence of a synaptic memory trace
in this state.

Retrieval of previously quiescent memory
items could be achieved by momentarily dis-
rupting the balance within a cell assembly, for
example, through additional excitatory input. It
was sufficient to drive a small fraction of the
cells of one assembly to reactivate all cells of that
assembly. Notably, the recall was asynchronous
and irregular, as indicated by low correlations
between neurons and large variability of the in-
terspike intervals (Fig. 4E). Although we em-
bedded two overlapping assemblies into the
network, only one was activated. The rest of
the network remained nearly unperturbed in the
Al state. Unlike traditional attractor networks,
both assemblies could also be activated in un-
ison by driving cells of both memories simul-
taneously (figs. S4 and S5), and their activity
decayed to the background state after the stim-
ulus was turned off.
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Fig. 4. Inhibitory plasticity in recurrent networks. Five consecutive snapshots
of the momentary activity of a network of 10,000 integrate-and-fire cells with
inhibitory plasticity. (A) Synchronous regular network dynamics with high
firing rates at the beginning of the simulation with weak inhibitory synapses.
(B) Establishment of the Al (steady) state with low firing rates through up-
regulation of inhibitory synaptic weights by the synaptic plasticity rule. (C) The
introduction of two synaptic memory patterns (cell assemblies) by fivefold
increased excitatory synaptic weights between neurons outlined in red and
blue in (A) leads to high firing rates. (D) Recovery of the Al state at low firing
rates. (E) Memory retrieval through externally driving the lower left quarter of
the red cell assembly with an additional excitatory stimulus. Each snapshot (A)
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to (E) shows (from top to bottom) the following: (i) The momentary (1-s) average
firing rate of all neurons on a grid of 100 cells and separated into excitatory
and inhibitory cells [left and right of the vertical line in (A), respectively]. Three
groups of neurons play the role of either a cell assembly (red and blue outlines)
or a control group (black outline). (i) A raster plot of 30 randomly drawn
neurons from one (red) cell assembly and the control group, indicated by a red
and a black square in the plot above. (iii) The distributions of coefficients of
variation of interspike intervals (ISI CVs) recorded from the neurons in the red
and black groups. (iv) The distributions of spiking correlations between spike
trains from neurons in the same designated groups. For methods and additional
statistics, please see SOM.
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Our results offer an explanation for how
long-term memories can be stably embedded into
networks as quiescent and overlapping Hebbian
assemblies. Unlike previous studies, our network
does not exhibit the behavior of an attractor
network, in which activated cell assemblies will
compete with each other and the winning pat-
tern often exhibits persistent elevated activity.
Instead, the network remains quiet unless the
balance of one or more assemblies is modulated
in favor of the excitation and returns to the
background state when the modulation is turned
off. We have shown this effect here by driving a
subset of cells with an external stimulus, but there
are several conceivable methods to modulate the
balance of excitation and inhibition (SOM). The
possibility to activate several patterns simulta-
neously allows the analog combination of patterns
into larger composite memories. The capacity of
storable and retrievable patterns is likely to depend
on complex interactions between dynamics, size,
and connectivity of the assemblies and the host
network, as well as several other parameters.

We show that a simple, Hebbian plasticity
rule on inhibitory synapses leads to robust and
self-organized balance of excitation and inhi-
bition that requires virtually no fine-tuning (figs.
S6 to S9) and captures an unexpected number
of recent experimental findings. The precision
of the learned balance depends on the degree of
correlation between the excitatory and the inhib-
itory inputs to the cell, ranging from a global ba-
lance in the absence of correlated inputs to a
detailed balance for strong correlations. The phe-
nomenon is robust to the shape of the learning
rule, as long as it obeys two fundamental re-
quirements: Postsynaptic activity must potentiate
activated inhibitory synapses, whereas in the ab-
sence of postsynaptic firing inhibitory synapses
must decay. Because the balance is self-organized,
inhibitory plasticity will most likely maintain
balance also in the presence of excitatory plas-
ticity, as long as excitation changes more slowly
than inhibition or when excitatory plasticity events
are rare.

The mammalian brain hosts a wide variety of
inhibitory cell types with different synaptic time
scales, response patterns, and morphological tar-
get regions. Presumably, these cell types serve
different functions, and consequently their syn-
apses may obey several different plasticity rules
(31). In our simplified model, the dynamics of
inhibitory plasticity powerfully contributes to the
functional state of cortical architectures and may
have a strong impact on cortical coding schemes.
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Autophagy-Dependent Anticancer
Immune Responses Induced by
Chemotherapeutic Agents in Mice
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1.

Antineoplastic chemotherapies are particularly efficient when they elicit immunogenic cell death, thus
provoking an anticancer immune response. Here we demonstrate that autophagy, which is often disabled
in cancer, is dispensable for chemotherapy-induced cell death but required for its immunogenicity. In
response to chemotherapy, autophagy-competent, but not autophagy-deficient, cancers attracted
dendritic cells and T lymphocytes into the tumor bed. Suppression of autophagy inhibited the release
of adenosine triphosphate (ATP) from dying tumor cells. Conversely, inhibition of extracellular
ATP-degrading enzymes increased pericellular ATP in autophagy-deficient tumors, reestablished the
recruitment of immune cells, and restored chemotherapeutic responses but only in immunocompetent
hosts. Thus, autophagy is essential for the immunogenic release of ATP from dying cells, and increased
extracellular ATP concentrations improve the efficacy of antineoplastic chemotherapies when

autophagy is disabled.

respond to chemotherapy with anthracy-

clines or oxaliplatin much more efficiently
when they grow in syngenic immunocompetent
mice than in immunodeficient hosts (/, 2). Sim-
ilarly, clinical studies indicate that severe lym-
phopenia negatively affects the chemotherapeutic
response of solid cancers (3), and immune de-
fects are negative predictors of the response to
chemotherapy with anthracyclines or oxaliplatin
(2, 4, 5). Apparently, some successful chemo-

Transplantable or primary murine cancers

therapeutics can induce a type of tumor cell stress
and death that is immunogenic (6-8), implying
that the patient’s dying cancer cells serve as a
therapeutic vaccine that stimulates an antitumor
immune response, which in turn can control re-
sidual cancer cells (9, /0). Immunogenic cell death
is characterized by the preapoptotic exposure
of calreticulin (CRT) on the cell surface (17), post-
apoptotic release of the chromatin-binding pro-
tein high mobility group B1 (HMGB1) (2), and
secretion of adenosine triphosphate (ATP) (4).

16 DECEMBER 2011

Downloaded from www.sciencemag.org on December 22, 2011

1573


http://www.sciencemag.org/

	Clopath08
	Clopath10a
	Connectivity reflects coding: a model of voltage-based STDP with homeostasis
	RESULTS
	Fitting the plasticity model to experimental data
	Functional implications
	Development of localized receptive fields

	DISCUSSION
	Methods
	ONLINE METHODS
	Acknowledgments
	AUTHOR CONTRIBUTIONS
	COMPETING INTERESTS STATEMENT
	References
	Figure 1 Illustration of the model.
	Figure 2 Fitting the model to experimental data.
	Figure 3 Burst timing–dependent plasticity.
	Figure 4 Weight evolution in an all-to-all connected network of ten 
neurons.
	Figure 5 Plasticity during rate coding.
	Figure 6 Temporal-coding procedure.
	Figure 7 Receptive fields development.
	Table 1  Parameters


	Clopath11a



