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Neuromodulator-dependent
synaptic tagging and capture
retroactively controls neural coding
in spiking neural networks

Andrew B. Lehr%%3**, Jannik Luboeinski%%3*** & Christian Tetzlaff:%3

Events that are important to an individual’s life trigger neuromodulator release in brain areas
responsible for cognitive and behavioral function. While it is well known that the presence of
neuromodulators such as dopamine and norepinephrine is required for memory consolidation, the
impact of neuromodulator concentration is, however, less understood. In a recurrent spiking neural
network model featuring neuromodulator-dependent synaptic tagging and capture, we study how
synaptic memory consolidation depends on the amount of neuromodulator present in the minutes
to hours after learning. We find that the storage of rate-based and spike timing-based information is
controlled by the level of neuromodulation. Specifically, we find better recall of temporal information
for high levels of neuromodulation, while we find better recall of rate-coded spatial patterns for
lower neuromodulation, mediated by the selection of different groups of synapses for consolidation.
Hence, our results indicate that in minutes to hours after learning, the level of neuromodulation may
alter the process of synaptic consolidation to ultimately control which type of information becomes
consolidated in the recurrent neural network.

It is commonly thought that neural activity changes synaptic connections to encode the memory of an
experience' ™. Recall of this memory is, in turn, considered to depend on the same subset of neurons becoming
active again*”’. Thus, characterizing neural activity during the initial experience and during recall should reveal
the neural code that supports memory. As yet, the defining features of neural activity required for neural com-
putation, in particular memory recall, remain a topic of active investigation. On the one hand, information in
the brain may be subject to so-called rate-based coding, meaning that information is conveyed by the number
of spikes in a particular time interval. On the other hand, it may be subject to temporal (sometimes called spike-
based) coding, meaning that the information is conveyed by the timing of individual spikes®®.

Evidence for either scheme has been found in many experimental studies and the two schemes can be
expressed to a different degree depending on task, brain region, and experimental variables'*-!%. For instance
in macaque somatosensory cortex, the amplitude of tactile vibrations is encoded in firing rates, while the fre-
quency of vibrations is encoded in precise spike patterns'®. In rat primary and secondary somatosensory corti-
ces, information about textured surfaces is conveyed by both rate and spike time codes carrying approximately
independent, complementary information about the stimulus'®. In crustacean mechanoreceptors, the occurrence
of precise spike-timing and robust rate coding has been shown to be negatively correlated in a neuromodulator-
dependent manner, with serotonin favoring higher rates and allatostatin favoring precise spike-timing'”. Across
a number of species, hippocampal and entorhinal cortex neurons, crucial for semantic and episodic memory',
exhibit firing patterns indicative of both rate and spike-based coding schemes!®-2!. These coding schemes have
been shown to vary independently'! and the rate code can remain preserved even if the spike-based code is
disrupted®*?. Furthermore, hippocampal coding can be task-dependent, as temporally precise activity was
observed during a working memory task with a temporal component but was absent in non-memory control
tasks?%. Taken together, in both sensory and memory systems, the extent of rate-based and spike-based coding
flexibly depends on brain state and task.
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A crucial point is that the nature of a task, and therefore the optimal coding strategy, is generally not known
beforehand, certainly not to animals in experiments like the ones described above. Instead, it stands to reason
that the coding scheme is determined retroactively, after training, when the importance of an experience becomes
known through factors such as reward, punishment, surprise, or novelty, which are typically signaled by neuro-
modulator release?>~?’. It is known that neuromodulators must be present for successful memory formation®-*
as well as for initial memory consolidation (synaptic consolidation), for which there is a time window of up
to hours in which neuromodulation has an effect’'-*¢. Neuromodulator signals can even retroactively affect a
memory trace in the minutes to hours after the related event took place?”*’~*. Thus, the effect of selective neu-
romodulation on consolidation makes it an ideal candidate for retroactively changing the neural representation
of an experience.

A potential mechanism for such retroactive control is neuromodulator-dependent synaptic tagging and
capture (STC). STC describes the transfer from the early to the late phase of long-term synaptic plasticity and
is strongly suggested to underlie synaptic memory consolidation*~**. The original STC hypothesis* states that
following sufficient stimulation, a synaptic tag is set, which enables the capture of plasticity-related proteins
and thereby leads to the stabilization of synaptic change on a timescale of minutes to hours. Experimental
studies show that dopamine and other neuromodulators lower the threshold for the synthesis of these proteins
in neurons*~!, suggesting a crucial role of neuromodulation not only during learning but also for memory
consolidation in the hours after the experience (also cf.>1-343%4041) Previous theoretical models of STC have,
however, only considered a constant protein synthesis threshold without explicitly modeling its dependence on
a neuromodulator*>*+52-4 Thus, the connection between neuromodulatory influence on late-phase plasticity
and memory functionality remains to be explored computationally.

To contribute towards filling this gap, we study memory function at the network level, building on the concept
of cell assemblies"**+*>57, A cell assembly is formed when a group of neurons receives sufficient stimulation to
increase synaptic strengths within the group. Later, if part of the original stimulus is presented to the network,
the strong internal connections elicit a spatial firing rate pattern (“spatial” in the sense of network topology)
resembling the pattern that was originally present during learning, thereby recalling the memory. This resem-
blance is thought to support rate coding®*>*%. However, the learning stimulus can also lead to outgrowth of the
input-defined assembly via the strengthening of synapses connecting to neurons outside the assembly, recruiting
them as so-called “support” neurons. The activity patterns of support neurons have been shown to enrich the
assembly dynamics and to enhance the learning of temporal sequences®.

In this study, we employ the biologically realistic model of memory consolidation from our previous work*,
which features calcium-based early-phase plasticity and STC, and introduce a neuromodulator dependence
for the protein synthesis threshold as suggested by Clopath and colleagues®?. We show that in our model, the
consolidation of synapses connecting to neurons outside an input-defined cell assembly, and thereby the extent
of cell assembly outgrowth, critically depends on neuromodulation in the time after learning. Based on this,
we show that neuromodulation not only gates whether or not consolidation occurs, but that it also controls the
degree to which each type of neural coding is used. The main result of our study is that if the amount of neuro-
modulator is high enough, cell assembly outgrowth is extensive and the rich dynamics of the support neurons
enable information storage by temporal structure. On the other hand, with low amounts of neuromodulator,
and hence no outgrowth, only core cell assemblies are formed, featuring improved storing of information in
rate-based input-defined structures.

Results

The model that we use builds on established experimental and theoretical results . It features synapses
with calcium-based early-phase plasticity and STC-based late-phase plasticity (Fig. 1a). Pre- and postsynaptic
spiking activity trigger changes in the postsynaptic calcium concentration, thereby altering the early-phase
weight. Sufficient early-phase plasticity at a particular synapse yields the formation of a synaptic tag (Fig. 1b, c).
Sufficient early-phase plasticity at many synapses of the same postsynaptic neuron triggers protein synthesis in
a neuromodulator-dependent manner. Late-phase plasticity occurs if a synapse is tagged and proteins are avail-
able. The total synaptic weight, which determines the magnitude of postsynaptic potentials, is given by the sum
of the early- and late-phase weight (cf. “Methods” section).

41,44,52,54,59-61

Neuromodulationinthe hours afterlearning determines which synapses get consolidated. To
form a cell assembly in our network, we apply a strong learning stimulus to a subset of 150 excitatory neurons
(see Fig. 1d). The stimulus fluctuates around the mean value following an Ornstein-Uhlenbeck process, which
is computed individually for each neuron (see “Methods” section). We call the neurons receiving this direct
external stimulation during learning the core assembly, and the synapses between core assembly neurons core-
internal synapses. Synapses from the core assembly to the rest of the network are called outgoing synapses. If the
outgoing synapses are significantly strengthened, we refer to the neurons they connect to as support neurons or
outgrowth (cf. Fig. 2b).

Our first aim was to demonstrate how neuromodulation controls the consolidation of outgoing synaptic
weights to enable long-term outgrowth, and to compare this to the impact of the strength of the learning stimulus.
To this end, we conducted simulations with various settings of stimulus strength and amount of neuromodula-
tor and analyzed the resulting network 8 h after learning (see Fig. 2e, ). Since we were interested in the effect
of neuromodulation on consolidation, neuromodulator levels were held at a constant level for the duration of a
simulation (~ 8 h; also see the next subsection for the outcome of other paradigms).

Depending on the amount of neuromodulator, different patterns of consolidation of synaptic weights emerge.
As expected, if neuromodulator is not present, then no consolidation of synaptic weights takes place, regardless
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Figure 1. Model and stimulation protocols. (a) Synaptic model integrating calcium-based early-phase
plasticity and STC-based late-phase plasticity, depending on neuromodulation. (b) Mean synaptic weight,
neuromodulator, and protein amount within the cell assembly core over time in the case of a low level of
neuromodulation (NM = 0.06). (c) Mean synaptic weight, neuromodulator, and protein amount within the
cell assembly core over time in the case of a high level of neuromodulation (NM = 0.18). The green rectangular
shading indicates the average lifetime of the synaptic tag. Error bands indicate the standard deviation over 50
trials. (d) Stimulation protocol to learn and recall a memory representation. Recall stimulation is applied either
10 s or 8 h after learning, corresponding to short-term and long-term memory, respectively.

of the strength of the learning stimulus. Similarly, no consolidation takes place if the frequency of the learn-
ing stimulus is too low (Fig. 2a, e, ). With increasing neuromodulator amount and stimulus strength, selected
subpopulations of synapses enter the late phase. Core-internal synapses become consolidated even at low levels
of neuromodulation after learning (see Fig. 2a, e). Higher levels of neuromodulation, however, lead to consolida-
tion of both core-internal synapses as well as outgoing synapses (see Fig. 2a, f; Supplementary Fig. S7a, b). The
distribution of the incoming synapses entering the core assembly, as well as the control synapses outside the core
assembly, shows that most of these synapses remain unpotentiated (Supplementary Fig. Sla).

Next, we applied a recall stimulus to half of the neurons that had received the learning stimulus (Fig. 1d).
Measuring the spiking activity outside of the core assembly during recall after 8 h, we found that it increases
drastically with the amount of neuromodulator that was present during consolidation (Fig. 2¢, d), but approaches
saturation at moderate to high amounts. The distribution of activity inside the core assembly is shown in Sup-
plementary Fig. S1b.

Considering the amount of protein synthesis that has taken place in the network by 1 h and 2 h after learn-
ing (Supplementary Fig. S2), there are much lower protein levels in non-core postsynaptic neurons around 2 h
after learning as compared to 1 h after learning. Thus, most of the consolidation of outgoing synapses has to
happen early. In contrast, the amount of protein in core neurons increases even further beyond the first hour
after learning (“After 2 h”, Supplementary Fig. S2e), indicating that here, STC exerts more impact at later times
(also cf. the results on the timing of neuromodulation in Fig. 4). Independent of proteins, consolidation finally
stops in all parts of the network around 3 h after learning, by which time all synaptic tags have vanished (cf. the
threshold crossing in Fig. 1b, c).

Taken together, neuromodulation gates both whether consolidation via STC takes place and which type of
synapses undergo consolidation. While low neuromodulator amount facilitates consolidation of core-internal
synapses, higher amounts of neuromodulator promote the late phase of synapses within the core assembly and
from the core assembly to neurons throughout the rest of the network. The crucial question that we will address
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Figure 2. Neuromodulation controls the extent of outgrowth and the activity outside the core assembly. Stars in
panels (e, f) indicate the four different levels of neuromodulation shown in (a-d). (a) Distribution of the weights
of core-internal synapses and outgoing synapses at recall after 8 h, averaged via bins of ~1.64%. Insets show the
fraction of synapses with no substantial late phase (< 3.26% potentiation, first two bins). (b) Sketches of core
assembly and outgrowth at four different levels of neuromodulation. Lines represent synapses with consolidated
potentiation. (c) Spike raster plots showing the spiking of the excitatory neurons during recall stimulation to

the first 75 neurons, 8 h after learning. (d) Distribution of the firing rates of the excitatory neurons outside the
core assembly during recall 8 h after learning. Averaged via bins of 4.16 Hz. (e, f) Raster plots showing the mean
weight of the core-internal synapses and the outgoing synapses 8 h after learning. The dashed and solid red lines
demarcate the regimes where the weights are above 150%. All data except the spike raster plots were averaged
over 50 trials. Error bands show the 95% confidence interval.

in the next subsection is: Are there functional consequences of these different patterns of neuromodulator-
dependent late-phase synaptic weights?

Neuromodulator-dependent late phase has differential effects on recall of input-defined and
self-organized firing rate patterns. To investigate the functional consequences of the neuromodulator
dependence of late-phase synaptic plasticity, we started by considering the firing rates in our network upon recall
stimulation. We used two measures derived from the distribution of firing rates, describing the performance on
different pattern completion tasks (cf.**): the completion of an input-defined pattern and the completion of a
self-organized pattern (Fig. 3g). While the former targets the increased activity in the neuronal subpopulation
that has received learning stimulation, the latter targets the altered activity in the whole population of neu-
rons. For these two tasks, we compared the performance directly after learning with the performance 8 h later,
that means, after consolidation. During learning we administered stimulation to 150 neurons in three pulses
of 100 ms each, whereas to recall, only 75 of these neurons received one 100 ms pulse (cf. Fig. 1d). We meas-
ured the completion of an input-defined pattern by the extent (Q) to which recall stimulation activated the 75
non-stimulated neurons that had previously received the learning stimulus, compared to the activity in control
neurons. On the other hand, for self-organized patterns, we measured the success of pattern completion by the
resemblance (mutual information MI) of the distribution of firing rates in the network during recall and the
distribution during learning.

As expected, we found that 10 s after learning, only the strength of the learning stimulation had an influence
on pattern completion (Fig. 3a, d). However, we found that consolidation through STC led to different results
8 h after learning (Fig. 3b, e; Supplementary Fig. S7c, d). Scrutinizing the difference between the two recall
times, we found that there are regimes of deterioration and improvement, depending on learning stimulation
and neuromodulation (Fig. 3c, f). Remarkably, the completion of an input-defined pattern functions best in
an intermediate regime, while it deteriorates at higher neuromodulator concentrations. The completion of a
self-organized pattern, however, behaves almost contrary—it exhibits moderate performance for intermediate
amounts of neuromodulator but strongly benefits from higher neuromodulator concentrations. The dashed and
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Figure 3. Neuromodulator-dependent consolidation has differential effects on completion of input-defined
and self-organized patterns. The performance on completion of an input-defined pattern (a) 10 s, and (b) 8 h
after learning, as measured by the coeflicient Q, demonstrates the impact (c) of neuromodulator-dependent
STC. Analogously, panels (d-f) show the performance on completion of a self-organized pattern, measured

by mutual information MI. Dashed and solid red lines demarcate where the late-phase weight of core-internal
and outgoing synapses reached 150% potentiation, respectively (cf. Fig. 2e, f). (g) Depicts the definitions of the
two performance measures—Q depends on the activities during recall in the subpopulations “as”, “ans’, and
“ctrl”, which are defined by the inputs for learning and recall, while the mutual information MI depends on the
relationship between the activities during learning and during recall. Colors represent neuronal firing rates. (h)
Shows the firing rates of the excitatory neurons grouped by subpopulation. Each subpopulation has been sorted
according to their firing rate during learning. Data in (a—f) were averaged over 50 networks.

solid red lines emphasize that these findings are correlated with the outgrowth shown in Fig. 2e, f. The difference
in the two measures at the level of firing rates becomes evident from Fig. 3h, which shows that after consolida-
tion, a high neuromodulator amount gives rise to much more activity in the control population, whose neurons
are recruited into the self-organized pattern. Note that in the next subsection, we will examine how these rich
dynamics can serve to store temporal structures.
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Figure 4. Timing of neuromodulation during consolidation has differential impact on recall of input-defined
and self-organized patterns 8 h after learning. (a) Low neuromodulation (NM) causes strong recall of an input-
defined pattern (measured by Q) if starting early and lasting long. (b) High neuromodulation causes significant
recall of an input-defined pattern (measured by Q) only in a certain regime (also cf. Fig. 3b). (c, d) For self-
organized patterns measured by mutual information, both low and high neuromodulation cause better recall

if starting early and lasting long. Data were averaged over 50 networks. Frequency of the learning stimulation
was 60 Hz. The duration “Max.” indicates the case where neuromodulation is present throughout the whole
simulation, otherwise the duration is given in units of minutes.

While we considered neuromodulation throughout the whole simulation for the main part of this study, we
also looked into the influence that the timing (i.e., the beginning and end) of neuromodulation could have on
memory consolidation. To this end, we considered cases where we restricted neuromodulation to a duration of 30
or 60 min. Furthermore, we varied the onset time of neuromodulation between 0 and 180 min after learning. This
enabled us to identify the following effects of the timing: (1) low neuromodulation, if starting early and lasting
long, causes strong recall of an input-defined pattern (Fig. 4a; Supplementary Fig. S8a) and slightly enhanced
recall of a self-organized pattern (Fig. 4c; Supplementary Fig. S8¢) and (2) high neuromodulation enables (weak)
recall of an input-defined pattern only in a certain regime (Fig. 4b; Supplementary Fig. S8b), while it can cause
strong recall of a self-organized pattern if starting early and lasting long (Fig. 4d; Supplementary Fig. S8d). These
results are in accordance with our findings on the recall of input-defined and self-organized patterns as a function
of neuromodulation and learning stimulation (Fig. 3), and they demonstrate that our model may capture find-
ings of experiments that involve neuromodulator release on timescales of minutes to hours, especially, pertinent
findings of behavioral tagging experiments*. Furthermore, the simulation results provided here complement a
thought experiment on the impact of STC that we will provide in the discussion section of this article.

High neuromodulator amount promotes outgrowth supporting temporal coding. Next we
asked how temporal information in neural activity patterns depends on the presence of neuromodulator during
the transfer of synaptic weights to the late phase. We hypothesized that consolidation of temporal patterns would
improve with increased levels of neuromodulator for several reasons. First, as we showed in the previous subsec-
tion, low neuromodulator levels facilitate consolidation of an input-defined cell assembly, with the remaining
neurons firing at low rates (Fig. 3h). With increased neuromodulator levels, however, consolidation of outgoing
synapses was improved and neurons outside of the input region were recruited, leading to improved consoli-
dation of a self-organized rate code. The self-organized code consisted of higher and more diverse firing rates
outside the input region (Fig. 3h), which we hypothesized could support an increase in temporal information.
Second, recruitment of neurons that did not directly receive input stimulation has previously been associated
with increased performance on a motor sequence task®. If activity patterns from the network are to be used
to reliably control a sequence of, for example, motor outputs, then the temporal progression of the activity is
important. This suggests recruitment of support neurons via the consolidation of synapses from the assembly to
the rest of the network should increase, and possibly stabilize, temporal structure in the activity patterns.
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Figure 5. Moderate to high level of neuromodulation during consolidation is required to increase or maintain
dimensionality of neuronal activity upon 8 h recall. Number of principal components (PCs) required to explain
70% of variance in 1 ms-binned spike data during (a) 10 s recall and (b) 8 h recall. (¢) The difference between
10 s recall and 8 h recall. Data were averaged over 50 networks (a, b) before being subtracted (c). For statistical
analysis see main text.

To test whether temporal structure was increased after consolidation specifically for higher neuromodulator
concentrations, we first estimated the dimensionality of the neural activity using principal component analysis
(PCA). PCA was computed on the binned spike data and the number of principal components required to explain
70% of the variance was counted (see “Methods” section and Supplementary Fig. S3). This was done for three
different bin sizes (1 ms, 2 ms, and 4 ms) and the patterns of results were assessed. As expected, during recall at
10 s, dimensionality of the spike data increased with stimulation strength, and neuromodulator concentration
had no effect (see Fig. 5). However, during the 8 h recall and thus after neuromodulator-dependent consolidation,
temporal structure in the spiking dynamics, as indicated by the dimensionality of the neuronal activity, survived
the transfer to the late phase for moderate to high levels of neuromodulator but not for lower neuromodulator
concentrations (see Fig. 5 and Supplementary Fig. 4, for statistics see Supplementary Tables S1-S3). In particu-
lar, moderate neuromodulation consistently increased dimensionality at 8 h recall compared to 10 s recall for all
bin sizes (green star in Fig. 5 and Supplementary Fig. S4). Thus, we observed the highest dimensionality between
the best regimes for recall of input-defined and self-organized patterns (cf. previous subsection). Depending on
bin size, high neuromodulator levels increased or maintained dimensionality (blue star in Fig. 5 and Supple-
mentary Fig. $4) and low neuromodulator levels reduced or maintained dimensionality at 8 h recall (yellow star
in Fig. 5 and Supplementary Fig. S4). The dimensionality of neural activity at 8 h recall for moderate and high
neuromodulation were consistently higher than for low neuromodulation (all p < 0.001, Mann-Whitney U tests,
two-tailed, see Supplementary Table S4). As expected, when no neuromodulator was present, dimensionality
consistently decreased at 8 h recall compared to 10 s recall (gray star in Fig. 5 and Supplementary Fig. S4). Thus
we hypothesized that for moderate to high neuromodulator levels, the dimensionality of neural activity would
be high enough to support a spike time code. Since, however, high dimensionality does not necessarily translate
to stable temporal coding, next we measured spike time stability between learning and recall explicitly.

For the increased temporal structure to be of actual use, temporal information induced by the input during
learning should be available during recall. In particular, to achieve a stable spike time code, there should be a
subset of neurons in the network with a similar pattern of spike times during learning and recall. To test this, for
each neuron we binned the spike times to 1 ms and computed the number of spikes that occurred at the same
time during the final pulse of the learning stimulus and during 8 h recall, normalized by the total spikes that
the neuron fired during the final pulse of the learning stimulus. For each of the 50 network initializations, we
computed a spike time stability score by averaging over all neurons in the network. As a control, for each of the
50 network simulations we shuffled the spike times such that the average firing rate for each neuron remained
the same, but the temporal structure was destroyed (Fig. 6a; see “Methods” section). A two-way ANOVA was
performed to analyze the effect of neuromodulation and real/shuffled data on spike time stability (Fig. 6b). There
was a significant interaction (F[3, 392] = 107.1, p < 0.0001), reflecting that differences between real and shuftled
data increased with neuromodulator level (see Fig. 6b). The main effects for both neuromodulator level and real/
shuffled data were significant (both p < 0.0001). Post-hoc two-tailed independent samples t-tests confirmed
that for none, low, moderate, and high neuromodulator levels, spike times were significantly more stable in the
real data than in the shuffled data (all p < 0.0001) and for real data, higher neuromodulator levels led to a more
stable spike time code (low vs. moderate, p < 0.0001; moderate vs. high, p < 0.0001). Spike time stability was,
however, not increased by low neuromodulator concentration during consolidation (none vs. low, p = 0.79).
This indicates that there can indeed be information in the neurons’ spike times and that this temporal code is
most stable for higher neuromodulator levels.

We then asked the question whether spike time stability for individual neurons might be linked to the strength
of outgrowth after consolidation. In particular, we were interested in whether neurons outside the core assembly
receiving strong synapses from the assembly, that means support neurons, had more stable spike time codes
(Fig. 6¢). For this, we computed the average late phase synaptic weight from the 150 core neurons to each of
the other 1450 excitatory neurons in the network. We also computed the spike time stability for each individual
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Figure 6. High level of neuromodulation during consolidation promotes spike time codes, particularly in
support neurons. (a) Schematic of how spike time stability was quantified for real spike data versus shuffled
data. Black points indicate the spikes during learning, light gray points the spikes during recall. Stable spike
occurrence at the same time is indicated by large black circles. (b) Stability of spike times for the final learning
stimulus pulse versus 8 h recall as a function of neuromodulator concentration for both real and shuffled data;
learning stimulation frequency 60 Hz (i.e., gray, yellow, green, and blue stars from previous figures). Each violin
plot contains an inset box-and-whisker plot showing median (white point), quartiles (black bar), and min to
max (black line) across 50 network simulations. Kernel density estimates extend vertically beyond the extrema
of the data and are normalized horizontally to have the same width. (c) Stability of spike times for non-core
neurons as a function of mean late-phase weight from the core assembly, separated into none, low, moderate,
and high neuromodulator concentration. Colors same as in (b). Each point cloud contains data from 1450
neurons of 50 network simulations. Each point represents the mean late-phase weight of outgoing synapses from
the core neurons to a specific non-core neuron.

neuron (see “Methods” section). This was done for 50 network simulations for none, low, moderate, and high
neuromodulator levels, and we found that indeed, spike time stability and average synaptic strength received from
the core were correlated (low: r = 0.29, p < 0.0001, N = 71,471; moderate: r = 0.25, p < 0.0001, N = 71,149;
high: r = 0.13, p < 0.0001, N = 70,705; Spearman’s rank correlation). Notably, the effect decreased with neu-
romodulation strength.

Taken together, temporal structure as indicated by PCA dimensionality survived the transfer to the late phase
for moderate to high neuromodulator concentrations during consolidation. Interestingly, dimensionality was
most increased by consolidation under moderate neuromodulator levels. However, high dimensionality was not
a sufficient condition for high spike time stability. Spike time codes were more stable for higher neuromodula-
tor levels during consolidation. And the stability of a individual neuron’s spike time code increased with the
strength of synaptic connections it receives from the core assembly, indicating a critical role for support neurons
in stable temporal coding. In the next subsection, we will investigate whether the dimensionality and spike time
stability under higher levels of neuromodulation are sufficient to store and “read out” temporal sequences from
the network activity.

Neuromodulator-dependent consolidation of outgoing synapses improves storage of tempo-
ral sequences. Given that neuromodulation increased the stability of spike time coding, we were inter-
ested in whether population level activity could be used to “read out” stable temporal sequences. This may be
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Figure 7. High level of neuromodulation during consolidation supports readout of temporal sequences. The
goodness of fit (R?) of the regularized linear regression model is shown for recall (a) 10 s and (b) 8 h after
learning. Yellow star represents low neuromodulator condition, blue star high neuromodulator. (c) The impact
of neuromodulator-dependent STC on the shared temporal information during learning and recall is measured
as the difference between the 8 h and 10 s results. (d) The goodness of fit is shown for high (blue) and low
(yellow) across different percent output connectivities. A depiction of the subsampling process is shown on

the right. Here we sample from all 1600 excitatory neurons, see Supplementary Figs. S5 and S6 for sampling
from only core and only non-core neurons. (e) The predicted trajectories at 8 h recall in the low (yellow) and
high (blue) neuromodulator conditions are shown for one example target function (gray). The bottom panel
shows the absolute error (with sign). Data in (a—c) were averaged over 5000 instances: 50 networks with 10
target functions, across 10 values of proportion output connectivity. In (d), 500 instances were averaged for each
proportion output connectivity: 50 networks, 10 target functions. In (e), the average of 50 networks is shown for
an example target function and poy¢ = 0.5. Error bands in (d, ) show the 95% confidence interval.

understood, for example, as the network activity controlling a motor movement, or more generally, representing
information in spike timing at the population level. To test this, we trained a linear readout on the spike data to
produce an arbitrary 1-dimensional trajectory (a random walk, see Fig. 7e), referred to as the target function. In
particular, we learned a set of output weights using ridge regression on the 1 ms binned spike data from the three
learning pulses and recall simultaneously (see “Methods” section; cf. Fig. 1d). Using these learned weights, we
then computed the predicted output on the recall trials and measured how well it matched the desired output, i.e.
the target function, to test whether there is sufficient shared temporal information between learning and recall to
store temporal sequences. We did this while sampling different proportions of the 1600 excitatory neurons, from
10 to 100% (see Fig. 7), and repeated this subsampling protocol for only core neurons (Supplementary Fig. S5)
and only non-core neurons (Supplementary Fig. S6).

To assess whether consolidation had an effect on temporal sequence storage we first compared 10 s and 8 h
recall. For this, we averaged over 10 different target functions and 10 subsampling rates (proportion output
connectivity) and examined how temporal sequence storage (goodness of fit, R?) depended on neuromodula-
tor concentration and stimulation frequency at 10 s and 8 h recall (see Fig. 7). For recall after 10 s, as expected,
there was no effect of neuromodulator. Target functions could be learned well, with a decrease in performance
only for very low stimulation frequencies (Fig. 7a). For 8 h recall, that is after consolidation, there was a clear
effect of neuromodulator concentration. For low levels of neuromodulation, the network activity was not able
to support the storage of temporal sequences (yellow star, Fig. 7b), with a significant decrease in performance
compared with 10 s recall (Mann-Whitney U = 0,n; = ny = 50, p < 0.0001, two-tailed). With increasing levels
of neuromodulation, temporal sequence storage improved, and for moderate to high neuromodulator levels, it
was comparable to 10 s recall (see Fig. 7b, c). This suggests temporal sequences can only survive the transfer to
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the late phase when neuromodulator levels are high enough. For high neuromodulator concentrations, the shared
temporal information between learning and 8 h recall was even very slightly above that for 10 s recall (blue star,
Fig. 7a, b, Mann-Whitney U = 1756, n; = n, = 50, p = 0.0005, two-tailed).

Further, by using our subsampling protocol we were able to evaluate how many output projections were
required to learn an arbitrary output sequence (see Fig. 7d). This analysis sheds light on the number of neurons
that participate in conveying temporal information and the extent to which the information they provide is
independent from other neurons. For low neuromodulator levels, performance increased approximately linearly
with the percent connectivity, maxing out at R?> ~ 0.85. On the other hand, when neuromodulator levels were
high, performance reached R? ~ 0.85 with only 50% connectivity, i.e. requiring only half as many output con-
nections, and R? & 0.97 for 100% connectivity (Fig. 7d). Thus, the number of output projections required to read
out a temporal sequence from the network depends crucially on neuromodulator levels during consolidation.

Finally, we found that the improved storage of temporal sequences at higher levels of neuromodulation
depends on neurons outside of the core assembly. Core assembly neurons alone were not sufficient to store tem-
poral sequences (Supplementary Fig. S5). However, when only non-core neurons were sampled (Supplementary
Fig. S6), the pattern of results was similar to the storage of temporal sequences when all neurons were sampled
(Fig. 7). Thus, neuromodulator-dependent outgrowth of the assembly recruits neurons that support the storage
of temporal sequences.

Taken together, these results show that high neuromodulator levels during consolidation give rise to shared
temporal information in the firing patterns of the recurrent network between learning and recall, even when
only half of the neurons are stimulated at recall 8 h later. The emergent temporal structure could, for example, be
part of a motor sequence, an episodic memory, or it could simply code for some information like a smell, akin
to “odor sequences” in the hippocampus®>®.

Discussion

We have shown that neuromodulation can retroactively modify the neural code for a recent learning experience.
For low levels of neuromodulation after learning, an input-defined rate code is transferred to the late phase and
exhibits good recall performance 8 h later. For high levels of neuromodulation, instead, a self-organized rate code
exhibits better recall performance. Looking deeper, we found that this self-organized rate code contains temporal
structure encoded by spike timing, which gives rise to a temporal memory component. Furthermore, we found
that in our model, the neuromodulator-dependent effect on coding is accompanied by a parallel effect on the
consolidation of synaptic weights. In particular, while under low levels of neuromodulation STC only transfers
core-internal synapses to the late phase, under higher levels of neuromodulation both core-internal and outgoing
synapses are transferred. Importantly, we have shown that for a single learning event, the dominant type of neural
coding given by the activity pattern at recall depends on the neuromodulator concentration during consolidation.

But why might a single network in the brain need to switch between rate coding and temporal coding retroac-
tively? The critical point is that the utility of an event and the nature of its consequences are often not clear until
after it is over, when reward or other task-related information becomes available (cf.?>?%%). Thus, both types of
coding should be eligible during the early stages of learning a task, while task-specific neuromodulator release
subsequently promotes a particular type of code to be preferentially consolidated into long-term memory. This
is also consistent with the finding that dopamine in hippocampal CA1 after stimulation can retroactively modify
the effect of a learning stimulus, even converting synaptic depression into potentiation®”.

To explain the retroactive modification of coding, our model assumes that there should be mechanisms to
flexibly release or maintain the appropriate amount of neuromodulator after an experience. This could happen
via the type of activity pattern (e.g., tonic or phasic) in the neuromodulator-releasing brain area®*® or via the
mechanism of neuromodulator release into the target brain region (e.g., dopamine release via reverse transport
through the norepinephrine transporter®”). Furthermore, flexible release could be guided by the recruitment of
different neuromodulatory systems. In particular, both the locus coeruleus (LC) and the ventral tegmental area
(VTA) are known to release dopamine into the hippocampus, with LC also releasing norepinephrine. The dorsal
hippocampus receives vastly more dopaminergic projections from the LC than from the VTA®, suggesting that
activation of the LC should elicit higher neuromodulator concentrations in hippocampus. Considering this, our
results would suggest that LC activation may enhance consolidation of memories with a temporal component
while VTA should enhance the consolidation of non-temporal information. Interestingly, this agrees with a
recent proposal® suggesting that LC promotes consolidation of episodic memory, known to contain a temporal
component, while VTA promotes consolidation of semantic memory, considered to lack a temporal component.
While the authors suggest that VTA promotes semantic memory via synaptic and systems consolidation and LC
promotes episodic memory via synaptic consolidation only, our results would instead suggest that the type of
memory stored can be explained simply by the concentration of neuromodulator present during synaptic consoli-
dation. Investigating the role of systems consolidation was, however, beyond the scope of our study. Duszkiewicz
and colleagues® additionally proposed that the VTA and LC neuromodulatory systems are recruited for different
types of novelty processing (VTA when an event has similarities to past events, LC when the experience is dis-
tinct). Along these lines, our results may provide further evidence for the connection between synaptic tagging
and behavioral tagging, where novelty-induced neuromodulation enables the transfer of rather unimportant
episodic details to long-term memory (cf.**%°). In particular, our results on varied timing of the neuromodula-
tor signal exhibit parallels to pertinent experiments. The extent to which our model can account for behavioral
tagging may be investigated more deeply, for example, as it was done in a feed-forward network approach®.

Here, we investigated how neuromodulation as well as learning stimulation influence the functionality of
memory representations. The principal difference in the impact of neuromodulation and learning stimulation is
given by the nonlinear nature of the synaptic tag. Once the tag of a particular synapse has vanished, this synapse
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no longer undergoes stabilization through STC, even if neuromodulation is drastically increased. Learning
stimulation, on the contrary, is able to modify the synaptic weight and thereby controls the lifetime of the syn-
aptic tag, which defines the time window for STC (cf. Fig. 1b, ¢). The following thought experiment shall dem-
onstrate why this difference matters. Consider learning stimulation that evokes the formation of a cell assembly
with moderate outgrowth (as in the ‘moderate’ case in Fig. 2). Right after learning, the core of the assembly will
exhibit strong internal weights, while the outgoing weights will mostly be of moderate strength. This corresponds
to long lifetimes of the tags of core-internal synapses, and medium lifetimes of the tags of outgoing synapses.
Hence, shortly after most of the tags of outgoing synapses have vanished, most core synapses will still be tagged.
If neuromodulation is drastically increased at this point in time, the core of the assembly will undergo enhanced
stabilization, while the outgrowth will not experience any more stabilization. Stimulation, for instance a second
learning stimulus occurring after the initial one, or reactivation, for example during hippocampal replay, can
affect any synapse at any time and therefore does not yield this type of selective retrograde modification. This
prediction is supported by our simulation results on recall performance and the protein amount as a function
of time (Fig. 4 and Supplementary Fig. S2).

The spatial and temporal profiles of neuromodulator release exist across multiple orders of magnitude®.
Release can take place very locally with the substance being cleared up in milliseconds, however, it can also can
also be widespread and last for hours. Mather and colleagues™ have suggested that spatially localized norepi-
nephrine release in cortex and hippocampus triggers local protein synthesis to enhance memory consolidation
in selected cell populations. In hippocampal CA2, selective release of neuromodulators has been suggested to
prioritize important experiences for replay via neuromodulator-dependent plasticity (dependent e.g. on vasopres-
sin, oxytocin, or substance P;’%’!). Our results here suggest that widespread release coming after an experience
can still selectively determine the neuronal subpopulation recruited to store a memory. Even more, the coding
dynamics of this subpopulation are controlled by the amount of neuromodulator.

We have constrained our investigations here to the simplest possible situation that can shed light on the
question how neuromodulator-dependent consolidation retroactively affects acquired information. Of course,
in the brain, a host of neuromodulatory influences can be present simultaneously®*’>”*. In addition to synaptic
consolidation, they may also affect excitability’*® and early-phase synaptic plasticity at the time of encoding”*"%,
which can serve to select a subpopulation of neurons for memory formation®® before undergoing neuromodu-
lator-dependent consolidation. Even without strong electrical stimulation, neuromodulators can induce a slow-
onset potentiation that lasts for hours*»®7*%, Furthermore, for different brain regions, there can be different
neuromodulatory requirements for STC, for example in hippocampal CA1 vs. CA2%8-8 Interestingly, synaptic as
well as behavioral tagging also depend on sex and change with age and neurodegeneration®-*. Finally, different
molecules including receptor subunits, CaMKII, PKM¢, and actin have been suggested to affect synaptic plastic-
ity either as plasticity-related proteins or as constituents of the synaptic tag, but the exact related mechanisms
remain elusive®” !,

Our results, however, show by proof of principle that a generic mechanism with abstract neuromodulator,
proteins, and synaptic tag can control the consolidation of synaptic subpopulations and thereby determine
functional dynamics for the recall of long-term memory representations in recurrent spiking neural networks.
We could relate these functional dynamics to rate codes and temporal sequences, which have been extensively
treated in the literature®!->>?2, Note that the abstract neuromodulator that we considered in this study could
also represent effective modulation resulting from the combined effects of more than one neuromodulatory
substance. Furthermore, while this study targeted networks holding a single cell assembly, our previous work®
has treated multiple cell assemblies with a similar model, and our provided simulation code® can be readily
used for multi-assembly investigations.

Previous experimental studies have shown that the presence of neuromodulators is necessary for synaptic
memory consolidation. Here, we have provided a theoretical model that supports these findings and further
makes predictions about the impact of neuromodulator concentration. Our modeling results lead to two main
predictions: (i) by influencing the synthesis of plasticity-related proteins, neuromodulator concentration may
serve to retroactively select a subset of synaptic connections in the network to become stabilized; (ii) the neu-
romodulation-dependent synaptic changes influence spiking dynamics, ultimately controlling which type of
neural code is used to store information about an experienced stimulus. These predictions have, to the best of our
knowledge, not yet been tested experimentally. Future experiments could aim to stimulate a subset of neurons
while recording from a larger area of cortex or hippocampus. Variation of neuromodulator concentrations across
trials, both with and without the presence of protein synthesis inhibitors, can then serve to test our predictions.
That is, higher neuromodulator concentrations should promote strengthening of synapses from the stimulated
neurons to non-stimulated neurons in a protein synthesis-dependent manner, and this should increase spike time
stability (see “Methods” section). To determine whether concentration-dependent effects exist in naturalistic
settings, it would be equally important to assess whether different amounts of neuromodulator are released to
store different types of memory (in particular, episodic vs. semantic memory; cf.®). In order to optimally store
memories, these features may be crucial for a brain to possess.

Methods
The model, the stimulation protocols, and the measures used in this study are described in this section. Unless
stated elsewhere, the parameters that we used are shown in Tables 1 and 2.

Network model. To simulate the dynamics of long-term memory representations, we use the network
model of memory consolidation with synaptic tagging and capture from our previous work* (for more details,
please see that paper). The network has hippocampal/neocortical characteristics regarding firing rate and con-
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Symbol | Value Description Refs.
At 0.2 ms Duration of one time step for numerical computation This study
Tm 10 ms Membrane time constant 8,95
Tsyn 5ms Synaptic time constant, also for external input current 895103
tax,delay 3 ms Axonal spike delay 95104
tref 2 ms Duration of the refractory period 8105
Ry, 10 MQ Membrane resistance 8
yrev -65mV Reversal (equilibrium) potential 8
reset -70 mV Reset potential 8

Vth -55mV Threshold potential to be crossed for spiking 8

1° 0.15nA Mean of the external background current “
Own 0.05nAs"? | Standard deviation for Gaussian noise in the background current | *

Ne 1600 Number of neurons in the excitatory population a“

N; 400 Number of neurons in the inhibitory population “

Pe 0.1 Probability of a connection existing between two neurons 9

ho 4.20075 mV | Initial excitatory—excitatory coupling strength 45
Wei 2hy Excitatory—inhibitory coupling strength a“

Wie 4ho Excitatory—inhibitory coupling strength “

Wi 4hy Inhibitory—inhibitory coupling strength a“
Srecall 100 Hz Frequency of recall stimulation 5459
Nstim 4 Number of input neurons for stimulation This study
r 0.5 Fraction of assembly neurons that are stimulated to trigger recall | **

Table 1. Parameters for neuron and static network dynamics. Values were used as given in this table, unless
stated otherwise.

Symbol | Value Description Refs.
tc delay 0.0188 s Delay of postsynaptic calcium influx after presynaptic spike | ¢!

Cpre 0.6 Presynaptic calcium contribution, in vivo adjusted SteL10L
Cpost 0.1655 Postsynaptic calcium contribution, in vivo adjusted sheL10n
7. 0.0488 s Calcium time constant 5461

T 688.4s Early-phase time constant sl

7 60 min Protein time constant 5254
T, 60 min Late-phase time constant 5254
Yo 1645.6 Potentiation rate 5461
Yd 313.1 Depression rate sl

Op 3 Calcium threshold for potentiation 5

04 1.2 Calcium threshold for depression 54

opl 290436 mV | Standard deviation for plasticity fluctuations stel

o 1 Protein synthesis rate 5254
brag 0.840149 mV | Tagging threshold 5

Table 2. Parameters for synaptic plasticity. Values were used as given in this table, unless stated otherwise.

nectivity and comprises spiking neurons and synapses with detailed plasticity features. As we use leaky integrate-
and-fire neurons, the membrane potential of neuron i is given by the following equation (cf.*):

dv;(t)
T
mdt
where Vre" is the reversal potential, T, is the membrane time constant, Ry, is the membrane resistance, and ng(t)
and VU™ () are the external background and external stimulus contributions, respectively. The synaptic weights

and presynaptic spike times are given by wj; and t]k, respectively, yielding the postsynaptic potentials evoked by
neurons from within the network:

= yrev V,‘(t) + ViPSP(t) + Vibg(t) + Vistim(t) (1)

V,‘Psp(t) = Z Z Wii - €Xp <_(t - th - tax,delay)/%yn) O — t}( - tax,delay)) @)
Jook
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where t,x delay is the axonal delay time, Tsy, is the synaptic time constant, and @ (-) is the Heaviside step function.

If the membrane potential V; crosses the threshold Vth, a spike is generated and its time of occurrence is
stored to serve as input to other neurons and to be used for computation of firing rates and temporal traces.
Subsequently, the membrane potential is reset to V™*!, and remains fixed at this value for the refractory period
tref. In the absence of learning and recall stimulation, only background noise causes additional fluctuation of the
membrane potential as described by the following Ornstein-Uhlenbeck process:

bg
Toyn dV’dt(t) = —VP5(t) + Ry (I° + own - Ti(1)) 3)
with mean current I, white-noise standard deviation oy, and Gaussian white noise I'; (f) with mean zero®.
Since the power spectrum of the Ornstein-Uhlenbeck process resembles that of fluctuating input from a large
presynaptic neuronal population in the cortex”, it accounts for synaptic inputs from outside our network. Besides
the background noise, we also model the postsynaptic potentials evoked by learning and recall stimulation by
an Ornstein-Uhlenbeck process:

dViStim () stim
TsynT = -V + (Nstim * fstim + v/ Nstim - fstim - Fi(t)) - 1s- ho. (4)
Here, mean and standard deviation of the process are defined by putative input spikes to the stimulated neuron,
conveyed by Ngim neurons at the frequency fiim through synapses of weight ho®*%°.

Our neural network consists of 1600 excitatory and 400 inhibitory neurons, the ratio between excitatory
and inhibitory neurons being typical for cortical and hippocampal networks®. A spike occurring in neuron j is
transmitted to neuron i (cf. Eq. 1) if there is a connection from j to i. The probability of connection across our
whole network is 10%, which is a reasonable approximation for hippocampal and neocortical networks®. The
postsynaptic current that is evoked in neuron i by a presynaptic spike from neuron j depends on the weight of
the corresponding synapse, which is given by:

hji + ho - Zji forE — E,

o Wei forE — I,
Wi = Wie for]l - E, )
Wii forI — I,

where E relates to excitatory and I relates to inhibitory neurons. While the synaptic connections involving inhibi-
tory neurons are constant, the total synaptic weight wj; of E—E connections consists of two variable contributions,
which is a critical feature of STC mechanisms. The first contribution is the early-phase weight 4;; and the second
is the late-phase weight zj;. We used hg to normalize z, such that it has the same dimension as . This factor is in
accordance with experimental data (cf. *°*).

The early-phase weight is described by the following differential equation:

. dhj,'(t)
"

=0.1(ho — hji(t)) + yp(10mV — h;i (1)) - Olcji(t) — Op]
—yahii(t) - Olgi(t) — 04l + £(1),

(6)

where 7, is a time constant, ¢j;(¢) is the calcium concentration at the postsynaptic site. Early-phase LTP occurs
with rate y;, if the calcium concentration is above the threshold 6, and early-phase LTD occurs with rate yq if
the calcium concentration is above the threshold 6. In addition, a noise term is added if LTD or LTP occurs:
HOE \/rh [@ (cji(t) — GP) + @(cj,-(t) — Gd)} op1 I' (), with a scaling factor op) and Gaussian white noise I'(¢)
with mean zero and variance 1/dt.

The calcium-based model of early-phase plasticity is based on the calcium-driven plasticity model by, using
parameters fitted on hippocampal slice data'®, and corrected by a factor of 0.6 to account for in vivo conditions'®!.
The relaxation term was introduced by>* to account for synaptic tagging and capture, along with the late-phase
weight dynamics described below.

The calcium concentration depends on pre- and postsynaptic spikes at times ¢ and £;", and is described by
the following equation:

dcii (t) cii (1)
Zit =- ];C + Cpre Z 8t — t]ﬂ — fedelay) t Cpost Z st —t"), (7)
n m

where 7. is a time constant, cpre is the increase in calcium evoked by presynaptic spikes, cpost is the increase in
calcium by postsynaptic spikes, £ gelay is @ delay for presynaptic signals, and §(-) is the Dirac delta distribution.
The late-phase synaptic weight depends on the early-phase weight and is given by**:

dz;; (t
T, 50 _ pi(t) - (1 = zji(1)) - OL(h;i(t) — ho) — Orag]

dt
— pi(0) - (zji + 0.5) - O[(ho — h;i (1)) — Oragl

(@)

where 1, is a time constant, p;(t) is the amount of plasticity-related proteins, and 6.g is the tagging threshold.
Both late-phase LTP and late-phase LTD depend on the amount of plasticity-related proteins and on the presence
of the synaptic tag. The synapse is tagged if the change in early-phase weight |hj;(t) — ho| exceeds the tagging
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threshold 6y,g. The late-phase weight changes when the synapse is tagged and plasticity-related proteins are
abundant (p;(t) > 0).

New plasticity-related proteins are synthesized if the sum of changes in early-phase weight across the whole
neuron exceeds the protein synthesis threshold 60>

dpi(t)
[

=—pi®) +a® | [ Y |hit) = ho| | = Opro|- )
j

While we previously* used a fixed protein synthesis threshold, we consider it variable, in order to model the
impact of neuromodulation. The protein synthesis threshold depends on the concentration of neuromodulator
NM in the following way**

Opro(NM) = (10)

NM +0.001°

Protocol to learn and recall spatial patterns. Initially, we let the activity settle for 10.0 s, before apply-
ing the learning protocol. The learning protocol included three stimulus pulses, each lasting for 0.1 s, applied
to 150 neurons in the network (see Fig. 1d). The stimulus pulses were separated by breaks of 0.4 s. During the
pulses, the stimulus current, described by Eq. (4), enters the neuronal membrane potential, given by Eq. (1).

We applied a recall stimulus either 10 s or 8 h after the end of the learning stimulus. The recall stimulus con-
sisted of one pulse, lasting for 0.1 s, to half of the neurons that had earlier received the learning stimulus. The
stimulus current for the recall stimulus was also modeled by Eq. (4).

The network simulations that we needed to perform for this study were computationally extremely demand-
ing. Although it was very helpful that we could use the computing cluster of the Gesellschaft fiir wissenschaftli-
che Datenverarbeitung mbH Géttingen (GWDG) and although we used compiled C++ code, this study would
still not have been feasible if we had had to run our spiking network simulations in full detail. Thus, in those
simulations with recall stimulation after 8 h, we refrained from computing the spiking dynamics during the
consolidation phase in between learning and recall stimulus and just computed the late-phase dynamics and
the exponential decay of the early-phase weights. We have shown in** and in'%* that neglecting such sparsely
occurring spikes does not change the weight dynamics of a synapse.

Measuring spatial recall. We used two measures to determine the performance in recalling a spatial pat-
tern (note that these measures were also used in**).

The input-defined measure Q describes the degree to which the pattern defined by the learning stimulus
(which can be described in short by “150 neurons ‘on; the rest ‘oft”) is completed upon activation of half of
the originally stimulated neurons. To compute this, the excitatory population is divided into three subpopula-
tions: assembly neurons that are stimulated by both recall and learning stimulus (“as”), assembly neurons that
are not stimulated by recall but were stimulated by learning stimulus (“ans”), and control neurons that are not
stimulated by neither recall nor learning stimulus (“ctr”)—see Fig. 3g. The function v(t, n) describes the firing
rate of a given neuron # at a given time ¢, computed using a sliding window of 0.5 s. Thereby, the mean firing
rates in the three subpopulations upon 10 s and 8 h recall are given by Vs, Vans, and Degyq at trecay = 20.1s and
trecall = 28810.1s, respectively. Based on these mean activities, the quality of input-defined recall is computed
by the following equation:

Q= ‘_)ans__ Dctrl. (11)
Vas
Perfect pattern completion of the input-defined pattern would thus be achieved for Q = 1 (which is hard to
achieve in a non-attractor system), while Q = 0 describes the case with no pattern completion at all.
In addition to measuring the recall of the input-defined pattern, we measured the performance of recalling
a self-organized pattern. To do this, we considered the mutual information MI, between the distribution of fir-
ing rates at the end of recall and at the end of learning. Specifically, this is calculated from the entropy at time
flearn = 11.0's (during learning), the entropy at time t,ec,) = 20.18 OF frecq = 28810.1s (during 10 s or 8 h recall),
and the joint entropy between both:

MI, := HW(t = tearn> 1)) + HW(t = trecall 7)) — HW(t = fearn> 1), V(E = trecalls 1))- (12)

Dimensionality estimation. We aimed to estimate the amount of temporal information available to a
downstream readout from the spiking activity of the 1600 excitatory neurons during recall both at 10 s and 8 h.
For this, we estimated the dimensionality of the spike data using principal component analysis (PCA). The data
was first binned into 1 ms bins before we applied PCA to the binned spike data from the 10 s and 8 h recall tri-
als using sklearn.decomposition.PCA from Python’s scikit-learn library. The data is stored in a matrix
containing ones when a neuron spiked, and otherwise zeros (despite binning given the refractory period a neu-
ron can only fire one spike in a 1 ms bin). Its dimension is 1600 excitatory neurons by 100 time points (100 ms
stimulus with 1 ms temporal bins). To estimate dimensionality we computed the number of principal com-
ponents required to retain 70% of the variance. This was done for each neuromodulator amount and learning
stimulus frequency for 50 randomly initialized networks. Averaging over the data from the 50 networks leads to
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the matrices for 10 s and 8 h recall shown in Fig. 5. Mann-Whitney U tests were used to compare dimensional-
ity of neural activity at 8 h recall with 10 s recall for none, low, moderate, and high neuromodulator levels using
scipy.stats.mannwhitneyu from Python’s SciPy library. For Supplementary Fig. S4, we repeated this
procedure with 2 ms and 4 ms bins.

Stability of spike times. To measure the stability of spike times we compared the spike patterns during
the last (the third) pulse of the learning stimulus and 8 h recall. We binned the spike trains into 1 ms bins, for a
total of 100 bins. For each neuron, we then counted the number of bins in which a spike occurred during both
learning and recall. This count was divided by the total number of spikes during the learning stimulus to give a
percentage of correctly matching spike times at recall. For each of the 50 network simulations, we averaged the
stability score across neurons.

To generate shuffled data, for each neuron we randomly shuffled the time bins for both learning and recall.
For example, through shuftling the time bin order [0, 1, 2, 3, ..., 100] might become [16, 3, 89, 21, ..., 7]. This was
done independently for each neuron. Again, stability was measured for the shuffled data in the same way as for
the real data. The resulting distributions were tested for normality (none: real, p = 0.005; shuffled, p = 0.058;
low: real, p = 0.47; shuffled, p = 0.97; moderate: real, p = 0.62; shuffled, p = 0.91; high: real, p = 0.16; shuf-
fled, p = 0.44, Shapiro-Wilk test) and then a two-way ANOVA was applied to test the effect of neuromodulator
concentration and real/shuffled on spike time stability. Post-hoc two-tailed independent samples t-tests were
applied to investigate the main effects.

For Fig. 6¢, instead of averaging over neurons within a network simulation, we considered the stability score
for each individual neuron outside of the core assembly (1450 neurons x 50 network simulations = 72,500 neu-
rons). For each of these neurons, we computed the mean late phase weight of synaptic connections to that neuron
from the core assembly. We did this for low, moderate, and high neuromodulator levels and computed Spearman’s
rank correlation for spike time stability versus mean late phase weight. We generated scatter plots and computed
least squares linear fits to visualize the relationship between spike time stability and synaptic weights (Fig. 6¢).

Temporal sequence learning. To test whether temporal structure present during learning is also present
during recall, we trained the network to produce temporal sequences. We binned the data into 1 ms bins and
generated 10 Gaussian random walks given by

yli+11=yli] + N(0,1)

with y[0] = 1and length of 100 time bins. We then computed linear least squares with L2 regularization (using
sklearn.linear_model.Ridge), which minimizes the objective function

Ily — Xwll3 + ol |wll3

where y is the target function and X is the data matrix of dimension (number of samples, number of features).
Here the target is our random walk and the data are the binned spike rasters (transposed). In practice, to train
the model, y and X are concatenated over the three learning trials and one recall trial, such that y € R0 with
400 time bins, and X € R*00 % (Pour1600+1) again with 400 time bins and poy - 1600 neurons plus one dimension
for the intercept. The output weight vector is w € RPou1600+1 4 wejght for each neuron plus one dimension
for the intercept. Here o = 0.1 is the regularization parameter which acts to keep the weights w from becom-
ing too large. For each of the 10 random walk target functions we used 10 different values of poyut, namely
Pout € {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1.0}. The linear regression was computed in this way for each of the
10 s and 8 h recalls. Then, the resulting models were used to predict the target function only based on the data
from the appropriate recall trial. This was repeated for each neuromodulator amount and learning stimulation
frequency for each of the 50 networks.

To produce Fig. 7a-c, we averaged over the R? scores for the predictions on the 10 target functions, 10%
output connectivities, and 50 networks. For Fig. 7d we computed R? as a function of proportion output con-
nectivity averaging over the 10 target functions and 50 networks and in Fig. 7e we show results for an example
target function. For Supplementary Fig. S5 we repeated the above for neurons from the core assembly only and
for Supplementary Fig. S6 for non-core neurons only.

Software. We used C++ in the ISO 2011 standard to implement our simulations. To compile and link the
code, we employed g++ with boost. For data analysis and the creation of plots we used Python, in particu-
lar NumPy, scikit-learn, SciPy, Matplotlib, seaborn, as well as gnuplot. Our code has been released under the
Apache-2.0 license and can be retrieved freely®.

Data availability

We have released® our simulation code, analysis scripts, and an interactive notebook, which enable reproduc-
tion of all results presented in this study. Furthermore, we provide partially processed data to readily use the
interactive notebook, without previous running of simulations and analysis scripts, at https://doi.org/10.5281/
zenodo.6981746. All datasets used and/or analyzed during the current study are available from the correspond-
ing authors on reasonable request.

Received: 11 August 2022; Accepted: 14 October 2022
Published online: 22 October 2022

Scientific Reports |

(2022) 12:17772 | https://doi.org/10.1038/s41598-022-22430-7 nature portfolio


https://doi.org/10.5281/zenodo.6981746
https://doi.org/10.5281/zenodo.6981746

www.nature.com/scientificreports/

References
1. Martin, S. P,, Grimwood, P. D. & Morris, R. G. M. Synaptic plasticity and memory: an evaluation of the hypothesis. Ann. Rev.
Neurosci. 23(1), 649-711 (2000).
2. Abraham, W. C,, Jones, O. D. & Glanzman, D. L. Is plasticity of synapses the mechanism of long-term memory storage?. NPJ
Sci. Learn. 4(1), 1-10 (2019).
3. Okuda, K., Hojgaard, K., Privitera, L., Bayraktar, G. & Takeuchi, T. Initial memory consolidation and the synaptic tagging and
capture hypothesis. Eur. . Neurosci. 00(2), 1-24 (2020).
4. Hebb, D. O. The Organization of Behavior 1st edn. (Wiley, New York, 1949).
5. Ritchey, M., Wing, E. A,, LaBar, K. S. & Cabeza, R. Neural similarity between encoding and retrieval is related to memory via
hippocampal interactions. Cereb. Cortex 23(12), 2818-2828 (2013).
6. Liu, X. et al. Optogenetic stimulation of a hippocampal engram activates fear memory recall. Nature 484(7394), 381-385 (2012).
7. Eichenbaum, H. Memory on time. Trends Cogn. Sci. 17(2), 81-88 (2013).
8. Dayan, P. & Abbott, L. F. Theoretical Neuroscience 1st edn. (The MIT Press, Cambridge, 2001).
9. Brette, R. Philosophy of the spike: rate-based vs. spike-based theories of the brain. Front. Syst. Neurosci. 9, 151. https://doi.org/
10.3389/fnsys.2015.00151 (2015).
10. Georgopoulos, A. P, Schwartz, A. B. & Kettner, R. E. Neuronal population coding of movement direction. Science 233(4771),
1416-1419 (1986).
11. Huxter, J., Burgess, N. & O’Keefe, J. Independent rate and temporal coding in hippocampal pyramidal cells. Nature 425(6960),
828-832 (2003).
12. MacDonald, C.]., Lepage, K. Q., Eden, U. T. & Eichenbaum, H. Hippocampal “time cells” bridge the gap in memory for discon-
tiguous events. Neuron 71(4), 737-749 (2011).
13. Sanders, H. et al. Temporal coding and rate remapping: representation of nonspatial information in the hippocampus. Hip-
pocampus 29(2), 111-127 (2019).
14. Dragoi, G. Cell assemblies, sequences and temporal coding in the hippocampus. Curr. Opin. Neurobiol. 64, 111-118. https://
doi.org/10.1016/j.conb.2020.03.003 (2020).
15. Harvey, M. A,, Saal, H. P, Dammann, J. E. III. & Bensmaia, S. ]. Multiplexing stimulus information through rate and temporal
codes in primate somatosensory cortex. PLoS Biol. 11(5), 1001558 (2013).
16. Zuo, Y. et al. Complementary contributions of spike timing and spike rate to perceptual decisions in rat s1 and s2 cortex. Curr.
Biol. 25(3), 357-363 (2015).
17. Billimoria, C. P, DiCaprio, R. A., Birmingham, J. T., Abbott, L. F. & Marder, E. Neuromodulation of spike-timing precision in
sensory neurons. J. Neurosci. 26(22), 5910-5919 (2006).
18. Manns, J. R., Hopkins, R. O. & Squire, L. R. Semantic memory and the human hippocampus. Neuron 38(1), 127-133 (2003).
19. O’Keefe, J. & Dostrovsky, J. The hippocampus as a spatial map: preliminary evidence from unit activity in the freely-moving rat.
Brain Res. 34(1), 171-175 (1971).
20. Fyhn, M., Molden, S., Witter, M. P,, Moser, E. I. & Moser, M.-B. Spatial representation in the entorhinal cortex. Science 305(5688),
1258-1264 (2004).
21. Foster, D. J. & Wilson, M. A. Hippocampal theta sequences. Hippocampus 17(11), 1093-1099 (2007).
22. Wang, Y., Romani, S., Lustig, B., Leonardo, A. & Pastalkova, E. Theta sequences are essential for internally generated hippocampal
firing fields. Nat. Neurosci. 18(2), 282-288 (2015).
23. Lepperod, M. E. et al. Optogenetic pacing of medial septum parvalbumin-positive cells disrupts temporal but not spatial firing
in grid cells. Sci. Adv. 7(19), eabd5684 (2021).
24. Pastalkova, E., Itskov, V., Amarasingham, A. & Buzsaki, G. Internally generated cell assembly sequences in the rat hippocampus.
Science 321(5894), 1322-1327 (2008).
25. Schultz, W. Getting formal with dopamine and reward. Neuron 36(2), 241-263 (2002).
26. Worgotter, F. & Porr, B. Temporal sequence learning, prediction, and control: a review of different models and their relation to
biological mechanisms. Neural Comput. 17(2), 245-319 (2005).
27. Gerstner, W., Lehmann, M., Liakoni, V., Corneil, D. & Brea, J. Eligibility traces and plasticity on behavioral time scales: experi-
mental support of neoHebbian three-factor learning rules. Front. Neural Circuits 12, 53 (2018).
28. Tran, A. H. et al. Dopamine d1 receptor modulates hippocampal representation plasticity to spatial novelty. J. Neurosci. 28(50),
13390-13400 (2008).
29. Pezze, M. & Bast, T. Dopaminergic modulation of hippocampus-dependent learning: blockade of hippocampal d1-class recep-
tors during learning impairs 1-trial place memory at a 30-min retention delay. Neuropharmacology 63(4), 710-718 (2012).
30. Johansen, J. P. et al. Hebbian and neuromodulatory mechanisms interact to trigger associative memory formation. Proc. Natl.
Acad. Sci. USA 111(51), E5584-E5592 (2014).
31. Lisman,]. E. & Grace, A. A. The hippocampal-VTA loop: controlling the entry of information into long-term memory. Neuron
46(5), 703-713 (2005).
32. Moncada, D. & Viola, H. Induction of long-term memory by exposure to novelty requires protein synthesis: evidence for a
behavioral tagging. J. Neurosci. 27(28), 74767481 (2007).
33. Wang, S.-H., Redondo, R. L. & Morris, R. G. M. Relevance of synaptic tagging and capture to the persistence of long-term
potentiation and everyday spatial memory. Proc. Natl. Acad. Sci. USA 107(45), 19537-19542 (2010).
34. Grogan, ], Bogacz, R., Tsivos, D., Whone, A. & Coulthard, E. Dopamine and consolidation of episodic memory: timing is
everything. J. Cogn. Neurosci. 27(10), 2035-2050 (2015).
35. Brzosko, Z., Zannone, S., Schultz, W, Clopath, C. & Paulsen, O. Sequential neuromodulation of hebbian plasticity offers mecha-
nism for effective reward-based navigation. eLife 6, 27756 (2017).
36. Kim, H. G. R. et al. A unified framework for dopamine signals across timescales. Cell 183(6), 1600-1616 (2020).
37. Li, S., Cullen, W. K., Anwyl, R. & Rowan, M. J. Dopamine-dependent facilitation of LTP induction in hippocampal CA1 by
exposure to spatial novelty. Nat. Neurosci. 6(5), 526-531 (2003).
38. Moncada, D., Ballarini, F, & Viola, H. Behavioral tagging: a translation of the synaptic tagging and capture hypothesis. Neural
Plast., 2015 (2015).
39. Brzosko, Z., Schultz, W. & Paulsen, O. Retroactive modulation of spike timing-dependent plasticity by dopamine. eLife 4, €09685
(2015).
40. Ibrahim, M. Z. B., Benoy, A. & Sajikumar, S. Long-term plasticity in the hippocampus: maintaining within and ‘tagging’ between
synapses. FEBS J. 289(8), 2176-2201. https://doi.org/10.1111/febs.16065 (2022).
41. Redondo, R. L. & Morris, R. G. M. Making memories last: the synaptic tagging and capture hypothesis. Nat. Rev. Neurosci. 12,
17-30 (2011).
42. Pipper, M., Kempter, R. & Leibold, C. Synaptic tagging, evaluation of memories, and the distal reward problem. Learn. Mem.
18, 58-70 (2011).
43. Ziegler, L., Zenke, E, Kastner, D. B. & Gerstner, W. Synaptic consolidation: from synapses to behavioral modeling. J. Neurosci.

35(3), 1319-1334 (2015).

Scientific Reports |

(2022) 12:17772 |

https://doi.org/10.1038/s41598-022-22430-7 nature portfolio


https://doi.org/10.3389/fnsys.2015.00151
https://doi.org/10.3389/fnsys.2015.00151
https://doi.org/10.1016/j.conb.2020.03.003
https://doi.org/10.1016/j.conb.2020.03.003
https://doi.org/10.1111/febs.16065

www.nature.com/scientificreports/

44,

45.
46.

47.

48.

49.

50.

51.

52.

53.

54.

58.

59.

60.

61.

62.

63.

70.

71.

72.
73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

Luboeinski, J. & Tetzlaff, C. Memory consolidation and improvement by synaptic tagging and capture in recurrent neural
networks. Commun. Biol. 4(275), 1-17 (2021).

Frey, U. & Morris, R. G. M. Synaptic tagging and long-term potentiation. Nature 385, 533-536 (1997).

Frey, U. et al. Dopaminergic antagonists prevent long-term maintenance of posttetanic LTP in the CA1 region of rat hippocampal
slices. Brain Res. 522(1), 69-75 (1990).

Sajikumar, S. & Frey, J. U. Late-associativity, synaptic tagging, and the role of dopamine during LTP and LTD. Neurobiol. Learn.
Mem. 82(1), 12-25 (2004).

Lemon, N. & Manahan-Vaughan, D. Dopamine D1/D5 receptors gate the acquisition of novel information through hippocampal
long-term potentiation and long-term depression. J. Neurosci. 26(29), 7723-7729 (2006).

Navakkode, S., Sajikumar, S. & Frey, J. U. Synergistic requirements for the induction of dopaminergic d1/d5-receptor-mediated
LTP in hippocampal slices of rat CA1 in vitro. Neuropharmacology 52(7), 1547-1554 (2007).

Mather, M., Clewett, D., Sakaki, M. & Harley, C. W. Norepinephrine ignites local hotspots of neuronal excitation: how arousal
amplifies selectivity in perception and memory. Behav. Brain Sci., 39 (2016).

Shetty, M. S., Gopinadhan, S. & Sajikumar, S. Dopamine D1/D5 receptor signaling regulates synaptic cooperation and competi-
tion in hippocampal CA1 pyramidal neurons via sustained ERK1/2 activation. Hippocampus 26(2), 137-150. https://doi.org/
10.1002/hipo.22497 (2016).

Clopath, C., Ziegler, L., Vasilaki, E., Biising, L. & Gerstner, W. Tag-trigger-consolidation: a model of early and late long-term
potentiation and depression. PLoS Comput. Biol. 4(12), e10000248 (2008).

Barrett, A. B, Billings, G. O., Morris, R. G. M. & van Rossum, M. C. W. State based model of long-term potentiation and synaptic
tagging and capture. PLoS Comput. Biol. 5, €1000259 (2009).

Li, Y., Kulvicius, T. & Tetzlaff, C. Induction and consolidation of calcium-based homo- and heterosynaptic potentiation and
depression. PLoS ONE 11, 0161679 (2016).

Harris, K. D. Neural signatures of cell assembly organization. Nat. Rev. Neurosci. 6(5), 399-407 (2005).

Palm, G., Knoblauch, A., Hauser, F. & Schiiz, A. Cell assemblies in the cerebral cortex. Biol. Cybern. 108(5), 559-572 (2014).
Eichenbaum, H. Barlow versus Hebb: When is it time to abandon the notion of feature detectors and adopt the cell assembly as
the unit of cognition?. Neurosci. Lett.https://doi.org/10.1016/j.neulet.2017.04.006 (2017).

Tetzlaff, C., Dasgupta, S., Kulvicius, T. & Worgétter, F. The use of Hebbian cell assemblies for nonlinear computation. Sci. Rep.
5,12866 (2015).

Sajikumar, S., Navakkode, S., Sacktor, T. C. & Frey, J. U. Synaptic tagging and cross-tagging: the role of protein kinase M¢ in
maintaining long-term potentiation but not long-term depression. J. Neurosci. 25(24), 57505756 (2005).

Sajikumar, S., Navakkode, S. & Frey, J. U. Identification of compartment- and process-specific molecules required for “synaptic
tagging” during long-term potentiation and long-term depression in hippocampal CALl. J. Neurosci. 27(19), 5068-5080 (2007).
Graupner, M. & Brunel, N. Calcium-based plasticity model explains sensitivity of synaptic changes to spike pattern, rate, and
dendritic location. Proc. Natl. Acad. Sci. U.S.A. 109, 3991-3996 (2012).

MacDonald, C. J., Carrow, S., Place, R. & Eichenbaum, H. Distinct hippocampal time cell sequences represent odor memories
in immobilized rats. J. Neurosci. 33(36), 14607-14616 (2013).

Terada, S., Sakurai, Y., Nakahara, H. & Fujisawa, S. Temporal and rate coding for discrete event sequences in the hippocampus.
Neuron 94, 1248-1262 (2017).

Eichenbaum, H. The Cognitive Neuroscience of Memory: An Introduction 2nd edn. (Oxford University Press, New York, 2011).
Liu, C., Goel, P. & Kaeser, P. S. Spatial and temporal scales of dopamine transmission. Nat. Rev. Neurosci. 22, 345-358 (2021).
Harley, C. W. & Yuan, Q. Locus coeruleus optogenetic modulation: lessons learned from temporal patterns. Brain Sci. 11(12),
1624. https://doi.org/10.3390/brainscil 1121624 (2021).

Sonneborn, A. & Greene, R. W. Norepinephrine transporter antagonism prevents dopamine-dependent synaptic plasticity in
the mouse dorsal hippocampus. Neurosci. Lett. 740, 135450. https://doi.org/10.1016/j.neulet.2020.135450 (2021).

Takeuchi, T. et al. Locus coeruleus and dopaminergic consolidation of everyday memory. Nature 537(7620), 357-362 (2016).
Duszkiewicz, A. J., McNamara, C. G., Takeuchi, T. & Genzel, L. Novelty and dopaminergic modulation of memory persistence:
a tale of two systems. Trends Neurosci. 42(2), 102-114. https://doi.org/10.1016/j.tins.2018.10.002 (2019).

Stéber, T. M., Lehr, A. B., Hafting, T., Kumar, A. & Fyhn, M. Selective neuromodulation and mutual inhibition within the CA3-
CA2 system can prioritize sequences for replay. Hippocampus 30(11), 1228-1238 (2020).

Lehr, A. B. et al. Ca2 beyond social memory: evidence for a fundamental role in hippocampal information processing. Neurosci.
Biobehav. Rev. 126, 398-412 (2021).

Roelfsema, P. R. & Holtmaat, A. Control of synaptic plasticity in deep cortical networks. Nat. Rev. Neurosci. 19(3), 166 (2018).
Nusbaum, M. P, Blitz, D. M., Swensen, A. M., Wood, D. & Marder, E. The roles of co-transmission in neural network modula-
tion. Trends Neurosci. 24(3), 146-154 (2001).

Otmakhova, N. A. & Lisman, J. E. D1/d5 dopamine receptor activation increases the magnitude of early long-term potentiation
at CA1 hippocampal synapses. J. Neurosci. 16(23), 7478-7486 (1996).

Lindskog, M., Kim, M. S., Wikstrom, M. A., Blackwell, K. T. & Kotaleski, J. H. Transient calcium and dopamine increase PKA
activity and DARPP-32 phosphorylation. PLoS Comput. Biol. 2(9), €119 (2006).

Zhang, J.-C., Lau, P.-M. & Bi, G.-Q. Gain in sensitivity and loss in temporal contrast of STDP by dopaminergic modulation at
hippocampal synapses. Proc. Natl. Acad. Sci. U.S.A. 106(31), 13028-13033 (2009).

Nakano, T., Doi, T., Yoshimoto, J. & Doya, K. A kinetic model of dopamine-and calcium-dependent striatal synaptic plasticity.
PLoS Comput. Biol. 6(2), €1000670 (2010).

Navakkode, S., Sajikumar, S., Korte, M. & Soong, T. W. Dopamine induces LTP differentially in apical and basal dendrites through
BDNF and voltage-dependent calcium channels. Learn. Mem. 19(7), 294-299 (2012).

Navakkode, S. Dopaminergic neuromodulation in synaptic tagging and capture. In Synaptic Tagging and Capture (ed. Sajikumar,
S.) 133-142 (Springer, New York, 2015).

Benoy, A., Dasgupta, A. & Sajikumar, S. Hippocampal area CA2: an emerging modulatory gateway in the hippocampal circuit.
Exp. Brain Res. 236, 919-931 (2018).

Dasgupta, A. et al. Substance P induces plasticity and synaptic tagging/capture in rat hippocampal area CA2. Proc. Natl. Acad.
Sci. USA 114(41), E8741-E8749 (2017).

Dasgupta, A. et al. Group III metabotropic glutamate receptors gate long-term potentiation and synaptic tagging/capture in rat
hippocampal area CA2. eLife 9, 55344 (2020).

Benoy, A., Ibrahim, M. Z. B., Behnisch, T. & Sajikumar, S. Metaplastic reinforcement of long-term potentiation in hippocampal
area CA2 by cholinergic receptor activation. J. Neurosci. 41(44), 9082-9098 (2021).

Wang, M. E. et al. Long-term stabilization of place cell remapping produced by a fearful experience. J. Neurosci. 32(45), 15802-
15814 (2012).

Navakkode, S. et al. Sex-specific accelerated decay in time/activity-dependent plasticity and associative memory in an animal
model of Alzheimer’s disease. Aging Cell 20(12), e13502. https://doi.org/10.1111/acel. 13502 (2021).

Gros, A, Lim, A. W. H., Hohendorf, V., White, N., Eckert, M., McHugh, T. J. & Wang, S.-H. Behavioral and cellular tagging in
young and in early cognitive aging. Front. Aging Neurosci., 14 (2022).

Scientific Reports |

(2022) 12:17772 |

https://doi.org/10.1038/s41598-022-22430-7 nature portfolio


https://doi.org/10.1002/hipo.22497
https://doi.org/10.1002/hipo.22497
https://doi.org/10.1016/j.neulet.2017.04.006
https://doi.org/10.3390/brainsci11121624
https://doi.org/10.1016/j.neulet.2020.135450
https://doi.org/10.1016/j.tins.2018.10.002
https://doi.org/10.1111/acel.13502

www.nature.com/scientificreports/

87. Matsuzaki, M. et al. Dendritic spine geometry is critical for AMPA receptor expression in hippocampal CA1 pyramidal neurons.
Nat. Neurosci. 4(11), 1086-1092 (2001).
88. Meyer, D., Bonhoeffer, T. & Scheuss, V. Balance and stability of synaptic structures during synaptic plasticity. Neuron 82(2),
430-443 (2014).
89. Smolen, P, Baxter, D. A. & Byrne, J. H. How can memories last for days, years, or a lifetime? Proposed mechanisms for maintain-
ing synaptic potentiation and memory. Learn. Mem. 26(5), 133-150 (2019).
90. Becker, M. E. P. & Tetzlaff, C. The biophysical basis underlying the maintenance of early phase long-term potentiation. PLoS
Comput. Biol. 17(3), e1008813 (2021).
91. Bonilla-Quintana, M. & Worgotter, F. Exploring new roles for actin upon LTP induction in dendritic spines. Sci. Rep. 11(7072),
1-11. https://doi.org/10.1038/s41598-021-86367-z (2021).
92. Mehta, M. R, Lee, A. K. & Wilson, M. A. Role of experience and oscillations in transforming a rate code into a temporal code.
Nature 417(6890), 741-746 (2002).
93. Luboeinski, J. & Tetzlaff, C. Organization and priming of long-term memory representations with two-phase plasticity. Cogn.
Comput.https://doi.org/10.1007/s12559-022-10021-7 (2022).
94. Luboeinski, J. & Lehr, A. B. Simulation code and analysis scripts for recurrent spiking neural networks with memory consolida-
tion based on synaptic tagging and capture. https://doi.org/10.5281/zenodo.4429195 (2022).
95. Gerstner, W. & Kistler, W. M. Spiking Neuron Models 1st edn. (Cambridge University Press, Cambridge, 2002).
96. Gillespie, D. T. Exact numerical simulation of the Ornstein-Uhlenbeck process and its integral. Phys. Rev. E 54(2), 2084 (1996).
97. Destexhe, A., Rudolph, M. & Paré, D. The high-conductance state of neocortical neurons in vivo. Nat. Rev. Neurosci. 4(9), 739-751
(2003).
98. Braitenberg, V. & Schiiz, A. Cortex: Statistics and Geometry of Neuronal Connectivity 2nd edn. (Springer, Berlin, 1998).
99. Le Duigou, C., Simonnet, J., Teleficzuk, M., Fricker, D. & Miles, R. M. Recurrent synapses and circuits in the CA3 region of the
hippocampus: an associative network. Front. Cell. Neurosci. 7, 262 (2014).
100. Wittenberg, G. M. & Wang, S.S.-H. Malleability of spike-timing-dependent plasticity at the CA3-CA1 synapse. J. Neurosci.
26(24), 6610-6617 (2006).
101. Higgins, D., Graupner, M. & Brunel, N. Memory maintenance in synapses with calcium-based plasticity in the presence of
background activity. PLoS Comput. Biol. 10(10), e1003834 (2014).
102. Luboeinski, ]. The Role of Synaptic Tagging and Capture for Memory Dynamics in Spiking Neural Networks. Dissertation, University
of Gottingen (2021). https://doi.org/10.53846/goediss-463.
103. Roth, A. & van Rossum, M. C. W. Computational Modeling Methods for Neuroscientists, Chapter 6 1st edn. (MIT Press, Cam-
bridge, 2009).
104. Lin, J.-W. & Faber, D. S. Modulation of synaptic delay during synaptic plasticity. Trends Neurosci. 25(9), 449-455 (2002).
105. Kobayashi, R., Tsubo, Y. & Shinomoto, S. Made-to-order spiking neuron model equipped with a multi-timescale adaptive
threshold. Front. Comput. Neurosci. 3,9 (2009).

Acknowledgements

We would like to thank Carolyn Harley for stimulating discussions and the members of the Department of
Computational Neuroscience for helpful comments on this study. The research was funded by the German
Research Foundation (CRC1286, project C1, project #419866478). ABL currently holds a Natural Sciences and
Engineering Research Council of Canada PGSD-3 scholarship.

Author contributions

A B.L.: conceptualization; investigation; methodology; software; data curation; formal analysis; visualization; vali-
dation; writing—original draft; writing—review and editing. J.L.: conceptualization; investigation; methodology;
software; data curation; formal analysis; visualization; validation; writing—original draft; writing—review and
editing. C.T.: conceptualization; methodology; project administration; funding acquisition; resources; supervi-
sion; writing—review and editing.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-22430-7.

Correspondence and requests for materials should be addressed to A.B.L. or J.L.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:17772 | https://doi.org/10.1038/s41598-022-22430-7 nature portfolio


https://doi.org/10.1038/s41598-021-86367-z
https://doi.org/10.1007/s12559-022-10021-7
https://doi.org/10.5281/zenodo.4429195
https://doi.org/10.53846/goediss-463
https://doi.org/10.1038/s41598-022-22430-7
https://doi.org/10.1038/s41598-022-22430-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Neuromodulator-dependent synaptic tagging and capture retroactively controls neural coding in spiking neural networks
	Results
	Neuromodulation in the hours after learning determines which synapses get consolidated. 
	Neuromodulator-dependent late phase has differential effects on recall of input-defined and self-organized firing rate patterns. 
	High neuromodulator amount promotes outgrowth supporting temporal coding. 
	Neuromodulator-dependent consolidation of outgoing synapses improves storage of temporal sequences. 

	Discussion
	Methods
	Network model. 
	Protocol to learn and recall spatial patterns. 
	Measuring spatial recall. 
	Dimensionality estimation. 
	Stability of spike times. 
	Temporal sequence learning. 
	Software. 

	References
	Acknowledgements


