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Abstract: Working memory (WM) is a brain system for short-term storage and manipulation of information
and plays an important role in complex cognitive tasks. In the synaptic theory of WM memorized elements are
stored in the form of short-term potentiated connections in a sample population of neurons. In this paper, we
show that such populations can be formed due to the mechanisms of spike-timing-dependent plasticity (STDP)
— the phase dependence associated with the ratio of the pulse times of the interacting neurons. We propose a
WM model considering two types of plasticity: short-term plasticity and STDP. We have shown formation of
neuronal clusters encoding items in the WM model, that can be formed by external stimulation of a group of
neurons due to the mechanisms of STDP and hold and reactivated by short-term plasticity mechanisms. The
dynamic formation of neuronal clusters instead of pre-formed clusters gives additional flexibility to the model.
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1. Introduction

Working memory (WM) is a system for short-term storage and manipulation of information.
WM underlies human thought processes and plays an important role in complex cognitive tasks such
as language comprehension, learning, and reasoning. (Baddeley, 1992, 2003, 2010).

Neural circuits of the prefrontal cortex (PFC) of the brain are assumed to be responsible for WM
implementation (Curtis and D’Esposito, 2003, Riley and Constantinidis, 2016). In classical concept,
electrophysiological recordings of neural activity during WM tasks demonstrate that some PFC
neurons remain active during delay period. This “persistent activity” is hypothesized as neural
correlate of memorized stimulus hold in WM (Bray, 2017; Guo et al., 2017; Bolkan et al., 2017). This
concept has its experimental proofs and mathematical models (Constantinidis et al., 2018; Lisman,
and Idiart, 1995; Rolls et al., 2013; Dempere-Marco et al., 2012).

Other studies have hypothesized that the information in WM could be represented in form of
complex sequences of different activity patterns, so called transient trajectories (Jun et al., 2010;
Hussar and Pasternak, 2012; Rabinovich et al., 2015, 2008). Brief, sparse, bursts of spiking were
registered in WM tasks rather than persistent spiking. Information about memorized items are held
between bursts by spiking-induced changes in synaptic weights (Mongillo, et al., 2008, Lundqvist et
al., 2016). Wang et al. (2016) showed that spiking in the PFC can produce fast synaptic enhancement
that lasts hundreds of milliseconds.

Gordleeva et al. (2021) propose another interesting dynamical mechanism of WM formation
where astrocytes operating at a time scale of a dozen of seconds can successfully store traces of
neuronal activations corresponding to information patterns. The astrocytic network selectively
modulates synaptic connections in the spiking neural networks in the retrieval stage leading to
successful recall.

Both persistent activity and transient dynamics hypothesis have experimental validation
(Nachstedt, 2017) and it is not clear which dynamical mechanisms actually underlies the neuronal
implementation of WM. Thus, neural mechanisms are WM an open question to date.

One of defining characteristic of working memory is its flexibility. WM can store anything. This
is relating with the formation of spatio-temporal structures, or clusters of neural activity. Such
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structures are formed due to the collective dynamics of the interacting neurons. That clusters and
activity structures play an important role in the WM processes (Jensen and Lisman, 2005; Haken,
2000). The spatio-temporal information encoding in WM occurs due to self-sustaining clusters of
periodic neural activity after a short-term external input. In papers (Lisman and Idiart, 1995; Jensen
and Lisman, 2005) a WM circuit was developed in which such processes occur, and a dynamic model
of this scheme was proposed in the papers (Klinshov and Nekorkin, 2005).

Most models of WM formation both persistent and transient do not take flexibility into account.
These models contain pre-formed content-specific structures of neurons.

Bouchacourt and Buschman (2019) propose a flexible WM model that relies on random
reciprocal connections to generate persistent activity. The random connections are untuned to the
content being stored and do not need to be learned, allowing the network to maintain any
representation. However, in this model, when multiple memories are stored in the network, they
begin to interfere, resulting in a divisive-normalization-like reduction of responses and imposing a
capacity limit on the network.

Some models that hypothesize working memory representations, are encoded in short-term
synaptic plasticity or changes in single-cell biophysics capture the flexibility of working memory
(Loewenstein and Sompolinsky, 2003; Hasselmo and Stern, 2006; Mongillo et al., 2008).

Pre-formed clusters that encode memorized objects don’t match WM mechanisms. In this paper,
we show that clusters can be formed due to the mechanisms of spike-timing-dependent plasticity
(STDP) based on the model proposed in (Mongillo et al.,2008), where memorized object is maintained
by short-term enhancement of strength of connections between cluster neurons that code for this
object. STDP shows the change in synaptic connections depending on the relative time of presynaptic
and postsynaptic spikes. In STDP, a repeated presynaptic impulse a few milliseconds before the
postsynaptic impulse leads to an increase in synaptic transmission between two neurons, with the
reverse order of impulses, the connection between neurons weakens. We first model a working
memory in spiking neural network considering STDP and show the clusters formation in it by
synchronous action of a stimulus on a group of neurons. Then, we model a WM considering two
types of plasticity: short-term plasticity and STDP. We show that clusters in the WM model, encoding
items, can be formed by external stimulation of a group of neurons for some time due to the
mechanisms of STDP. Thus, we develop on previous research and propose the more biologically
relevant WM model.

2. Materials and Methods

2.1. Spiking neural network model with SDTP

An Integrate-and-Fire neurons in an excitable mode are used as elements of the spiking neural
network. Inhibitory neurons are connected to excitatory neurons in an unstructured way. All
connections between excitatory neurons exhibit enhanced transmission as described by
phenomenological models of STDP.

We sequentially stimulate some groups of neurons after a few seconds of spontaneous activity
with a constant external current until the average weight in the group increases due to increased
interaction between neurons during stimulation. Thus, clusters are formed by increasing the weights
in the stimulated groups.

The network consists of Ne excitatory and Ni inhibitory Integrate-and-Fire neurons. Their
subthreshold dynamics is described as

TV = Vo=V, + 1791 + 190 1)

where i = [1, Ne + Ni] is a neuron number, Tm refers to membrane time constant, [ is an external
current provided by distant brain areas. Membrane resistance has been absorbed into the definition
of the currents. Every time, the membrane potential reaches a fixed threshold 8, neuron emits a spike
and becomes refractory for a time Tarp, after which resumes from sub-threshold reset potential V.
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Recurrent current [ire9(t) is a sum of postsynaptic currents from all the other neurons connected to
neuron i:

1790 = 7, @)

where J,(t) is the instantaneous efficacy of the synapse connecting neuron j to neuron i.
The instantaneous efficacy:

Ty = Jjwt) 3)

where J;; is the absolute synaptic efficiency of connection between excitatory neurons j and i, for the
other neuronal connections - [, = J;;, w;; is the weight of connection between presynaptic neuron j
and postsynaptic neuron i.

In papers (Morrison et al., 2008; Song et al, 2000), the dynamics of the synaptic weight w;; is
regulated by STDP with two local variables and is described as

ds; _ _Si ] 4
E - s + le(t tl)

dsj Sj

% =A(1- wi]-)sja(t —t) — aw,—,-s,—&(t -t - ‘r,-]-)
where s; and s; are variables that track impulses on the postsynaptic and presynaptic neuron
respectively, 7,=10 ms is the characteristic decay time of local variables, 1=0.001 is the learning rate,
a=5 is the asymmetry parameter, 7;; is the time delay of spike transmission between neurons j and
i. A presynaptic spike that fires at time ¢; and reaches neuron i at time t; + 7;; causes a weight
reduction proportional to the size of the postsynaptic trace s;. Similarly, a postsynaptic spike at t;
causes a weight gain proportional to the value of the presynaptic trace s;. The weight functions obey
the multiplicative update rule.

The synaptic weight w;; is described by the equations (5) obtained from equations (4) by

neglecting the time delay in the transmission of the spike between neurons j and i for simplification:

ST EA NS —t)

ds; sj

- = _r_i+2i5(t_ t;) (5)
dw,--

External noise currents are modeled as Gaussian white noise:

I (£) = oy + Oorei (1) ©6)

with <ni (£)> =0, <ni (f) my (F)> = 0id (t—t), so that pext and g2, are respectively the mean and the
variance of the external currents. Numerical simulations have been conducted using Euler-
Maruyama scheme.

2.2. WM model with two types of plasticity

In that case, all connections between excitatory neurons exhibit enhanced transmission as
described by phenomenological models of short-term plasticity (Tsodyks and Markram, 1997) and
STDP.

Items are loaded into working memory through external sequential stimulation of certain
groups of excitatory neurons. The neurons in the same group strongly influence each other due to
external stimulation, the weights of connections between neurons in the same group are enhanced
due to the mechanisms of STDP. An increase in the strength of connections between neurons with
common stimulus is stronger than with other neurons, which leads to the formation of populations,
which corresponds to memorization.

The network dynamics is formed as a result of interplay between excitation and inhibition. When
some neurons of the same formed cluster emit spikes nearly simultaneously (as a result of local
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stimulation or noise-induced spontaneous activity), they excite both other neurons of the formed
clusters through strong couplings and some of inhibitory neurons, that inhibits activity of other
neurons of the network. When the activity in the excited cluster decays the activity of inhibitory
neurons decays too and “releases” other neurons from suppression.

Information about memorized items are held in WM by changes in synaptic weights,
“impressions” left in the network after stimulus presentation. A memory item can be reactivated by
weak stimulation of network input due to the mechanisms of short-term plasticity even if neural
activity is spontaneous. Item reactivation in working memory is expressed as a short period of
synchronous activity, when almost every neuron within the population generates a spike. The
neurons corresponding to the loaded item generate a population spike, the rest of non-specific
neurons remain at the level of subthreshold or spontaneous activity. There is a short-term
strengthening of connections within the population due to the population spike, which leads to the
possibility of sequential reactivation of this image in memory.

Recurrent current in neural network with consideration of short-term plasticity and STDP:

1790 = 57, ©%8 (¢ - ) ?

where [ (t) is the instantaneous efficiency of the synapse connecting neuron j with neuron i; tx0 — all
times of spikes of presynaptic neuron j.
The instantaneous efficacy of connection between excitatory neurons:

E(t) = Jijui(O)x; (D) w(t); (8)

where J;; is the absolute synaptic efficiency of connection between neurons j and i, u and x are
parameters of short-term synaptic plasticity: u is the synaptic efficiency, x is the synaptic resource.
For the other neuronal connections ]'l\] = Jij,

Short-term synaptic plasticity is described by equations:

U—u,-(t)

i(8) = ==+ U1 — w; ()] 58 (t ~ t)
. U-x;(t) » ©)
xi(t) = T; +u;(O)x; (X0t — t;)

where 1 is the calcium level recovery time, 7, is the neurotransmitter recovery time. There are two
types of short-term plasticity: depression and facilitation. Synaptic depression is caused by the
depletion of neurotransmitters, used for signal transmission on presynaptic neuron, while facilitation
is caused by inflow of calcium ions into axonal terminal right after spike generation that increase the
probability of neurotransmitter release. For facilitating synapses tr > 1o, and vice-versa tr < o for
depressing synapses. In PFC synapses demonstrates facilitation and temporal scale of tr is up to
several seconds and for 1o is about several hundreds of milliseconds (Mi et al., 2017).

External noise currents are described by equation (6). The means of the external currents for
excitatory neurons pexte and for inhibitory neurons pe_i are different. Numerical simulations have
been conducted using Euler-Maruyama scheme.

3. Results

3.1. Clusters formation in spiking neural network with SDTP

Simulated spiking neural network dynamics with STDP are fully described by equations (1) -
(3), (5) - (6). The biologically relevant values of the neuron parameters are the same as in the paper
(Mi et al., 2017). Model parameters are presented in Table 1 and Table 2.
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Table 1. Model parameters.

Parameters of neurons Excitatory Inhibitory

©® — spike threshold 20 mV 20 mV

V: —reset potential 16 mV 13 mV

T — membrane time constant 15 ms 10 ms

Tarp — absolute refractory period 2 ms 2 ms

N — number of neurons 800 200
Table 2. Parameters of synaptic dynamics with STDP.

Parameters of synaptic dynamics with STDP

U — Baseline utilization factor 0.1

Jie — Synaptic efficacy | —» E -2.4 mV

Jei — Synaptic efficacy E — 1 0.2mV

Ju — Synaptic efficacy I — I -0.6 mV

Jbo —Baseline level of E — E synapses 2mV

We have modeled spiking neural network of 100 neurons. Network contains 80 excitatory
neurons (neurons 1-80), 20 neurons are inhibitory (neurons 81-100). Probability of connection
between any two neurons is 80%. After 5 seconds of spontaneous activity from start of simulation a
group of 27 excitatory neurons (neurons 28-54) has been stimulated by external signal of 30 mV for

0.376 seconds. 15 seconds after the end of the stimulus, another group of 27 excitatory neurons

(neurons 1-27) is similarly stimulated. The dynamics of the network is shown on raster plot (Figure

1), where every dot represents a spike.
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Figure 1. An example of network simulation, demonstrating a pre-stimulus spontaneous activity and
consequent clusters formation due to STDP. Each dot represents a spike of one of 100 neurons. Parameters
are as follows: 77=2.9, 15=0.43, tex=10, 02,=0.12
The neurons in the same group strongly influence each other due to external stimulation. An
increase in the strength of connections between neurons with common stimulus is stronger than with
other neurons, which leads to the formation of clusters. Synchronous activity is observed in the

clusters due to the strengthening of connections after the end of stimulation, as seen in Figure 2. At

the same time there is no synchronous activity for the rest of the excitatory neurons that do not belong

to the formed clusters (neurons 55-80).
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Figure 2. Changes in the average synaptic weight values for groups of neurons that were
simultaneously stimulated by an external current (neurons 1-27 in black, neurons 27-54 in blue) and
for excitatory neurons not stimulated by external current (neurons 55-80 in red).

Average values of synaptic weights depending on time were calculated in groups of neurons
that were simultaneously stimulated by an external current and in a group of the rest of excitatory
neurons that were not simultaneously stimulated. Figure 2 shows in black the graph of change in the
average value of the synaptic weight in the group of neurons 1-27, in blue — in the group of neurons
28-54, in red — in the group of neurons 55-80. The rapid increase in the value of synaptic weight for
connections within groups of neurons occurs at the time of external stimulation (neurons 1-27, 28-54)
as shown in Figure 2 which leads to the formation of clusters. As shown in Figure 2 the synaptic
weights between excitatory neurons that were not simultaneously stimulated by external current
(neurons 55-80) changed negligibly little during the simulation.

Thus, clusters can be formed by synchronous stimulation of a group of neurons due to the
mechanisms of STDP.

3.2. Clusters formation in WM model with two types of plasticity

Network dynamics of WM model with consideration of two types of plasticity are fully
described by equations (1), (5) - (9). The biologically relevant values of the neuron parameters are the
same as in the paper (Mi et al., 2017). Parameters of neurons are presented in Table 1. Parameters of
synaptic dynamics are presented in Table 3.

Table 3. Parameters of synaptic dynamics with consideration of two types of plasticity.

Parameters of synaptic dynamics with consideration of two types of plasticity

U - Baseline utilization factor 0.1

Jie — Synaptic efficacy I — E -0.6 mV
Jer — Synaptic efficacy E — 1 0.2 mV
Ju — Synaptic efficacy I — 1 -0.6 mV

Jo — Baseline level of E — E synapses 15mV
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We have modeled spiking neural network of 1000 neurons. Network contains 800 excitatory
neurons (neurons 1-800), 200 neurons are inhibitory (neurons 801-1000). Probability of connection
between any two neurons is 20%.

After 5 seconds of spontaneous activity from start of simulation 8 different groups of neurons,
each of which contains 70 neurons, are sequentially stimulated by external signal of 30 mV for 0.3
seconds. The dynamics of the network is shown on raster plot in Figure 3, where every dot represents
a spike, graphs of changes in the average values of synaptic efficiency u in stimulated groups are
shown in blue, and changes in the average values of synaptic resource x in stimulated groups are
shown in red.

1000
900
800

700

600 |

500 |

# cell

400 |

a00f——

200 |

100 |-

time

Figure 3. An example of network simulation, demonstrating a pre-stimulus spontaneous activity,
consequent clusters formation due to STDP and spontaneous reactivation of items due to short-term
plasticity. Each dot represents a spike of one of 1000 neurons. For each group which stimulated by
external current, graphs of changes in the average values of synaptic efficiency u in groups are shown
in blue, and changes in the average values of synaptic resource x in groups are shown in red.
Parameters are as follows: 7z=4000, 1p=298, pext.=10.15, pexti=10 02.=0.12.

Average values of synaptic weights depending on time were calculated in some groups of
neurons that were simultaneously stimulated by an external current and in a group of the rest of
excitatory neurons that were not simultaneously stimulated. Figure 4 shows in black the graph of
change in the average value of the synaptic weight in the group of neurons 1-70, in blue — in the group
of neurons 211-280, in green — in the group of neurons 491-560, in red — in the group of neurons 561-
800. The rapid increase in the value of synaptic weight for connections within groups of neurons
occurs at the time of stimulation by external current (neurons 1-70, 211-280, 491-560) as shown in
Figure 4. For the rest of excitatory neurons 561-800 excitatory neurons that were not simultaneously
stimulated by external current the synaptic weight grows negligibly little during the simulation as
shown in Figure 4.
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Figure 4. Changes in the average synaptic weight values for some groups of neurons that were
simultaneously stimulated by an external current (neurons 1-70 in blue, neurons 211-280 in black,
neurons 491-560 in green) and for excitatory neurons not stimulated by external current (neurons 561-
800 in red).

There is an increase in the weight of connections within groups of neurons which were
sequentially stimulated by an external current due to the mechanisms of STDP. Neuronal clusters are
formed, which corresponds to memorization of stimulus. A periodic spontaneous reactivation of the
stored items occurs due to short-term plasticity after the items are loaded into memory and there is
no synchronous activity outside the formed clusters as we can see in figure 3.

Thus, the clusters that encodes loaded items in the network in the working memory model can
be preliminarily formed by synchronous stimulation of a group of neurons due to the mechanisms
of STDP.

4. Discussion

The mechanisms of WM remain discussing today. Persistent activity and transient dynamics
hypothesis have experimental validation. However, typical models of WM formation both persistent
and transient are inflexible. Persistent models of WM formation rely on fine-tuning of connections to
embed stable fixed points in the network dynamics specific to the content being stored. These
connections must be hardwired or learned for each type of information, and so the network cannot
flexibly represent novel, unexpected stimuli. Indeed, networks of this type in the brain seem to
encode ecologically relevant information, such as heading direction (Kim et al., 2017).

Models that represent working memory as a result of transient dynamics in neural activity are
similarly inflexible. They require learning to embed the dynamics, to decode the temporally evolving
representations, or to ensure the dynamics are orthogonal to mnemonic representations (Vogels et
al., 2005; Druckmann and Chklovskii, 2012).

Some models that hypothesize working memory representations, are encoded in short-term
synaptic plasticity or changes in single-cell biophysics capture the flexibility of working memory
(Loewenstein and Sompolinsky, 2003; Hasselmo and Stern, 2006; Mongillo et al., 2008).

Bouchacourt and Buschman (2019) propose a flexible WM model that relies on random
reciprocal connections to generate persistent activity. However, in this model, when multiple
memories are stored in the network, they begin to interfere, resulting in a divisive-normalization-like
reduction of responses and imposing a capacity limit on the network. Thus, this model provides a
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mechanistic explanation for the limited WM capacity. Perhaps this is a necessary compromise for its
flexibility.

Our approach allows to get rid of the strong WM capacity limitation, while maintaining

flexibility. We develop a model based on model proposed in (Mongillo et al. (2008)) where
memorized object is maintained in the WM by short-term enhancement of strength of connections
between neurons that code for this item. Our model considering two types of plasticity: short-term
and STDP, where clusters encoding memorized object are formed due to STDP. Memory encoding
processes in neural networks are associated with the formation of spatio-temporal structures. The
STDP mechanisms allow the formation of such structures. We have considered how clusters are
formed in a spiking neural network with STDP. We have modeled WM with two types of plasticity,
which is original research and showed how clusters encoding loaded items are formed by external
stimulation of a group of neurons. Thus, we develop on previous research and move closer to a more
accurate mathematical description of the WM model.
Acknowledgments: The work was performed by the support of the federal academic leadership
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