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Abstract— Working memory is one of the most intriguing
brain function phenomena that permits to store and recognize
several information patterns simultaneously in the form of
coherent activations of specific brain circuitries. These patterns
can be recalled and, if physiologically (cognitively) significant,
they can be further transferred to long term storages by cortical
circuits. In the paper we show how the working memory can be
effectively organized by multiscale network model composed of
spiking neurons accompanied by astrocytic network. The latter
serves as the temporal storage of information patterns that can be
manipulated (relearned, retrieved, transferred) at the time scale
of astrocytic calcium activation. In turn, the activation of the
astrocyte network is possible, when coherent firing occurs in
corresponding sites of the neuronal layer. We study the role of
interplay the astrocyte-induced modulation of signal transmission
in neural network and the Hebbian synaptic plasticity in the
working memory organization. We show that modulation of
synaptic communication caused by astrocytes does not exclude,
but rather complements Hebbian synaptic plasticity, and they may
well act in parallel. We believe this model to be a significant step
in confirming the importance of non- neuron species (e.g.
astrocytes) in the formation and sustainability of cognitive
functions of the brain.
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I. INTRODUCTION

The effects of Hebbian learning in neural networks [1],
consisting of various types of neurons [2] are studied in many
works. Hebbian learning rule is the basis of many neural
network training methods. According to this rule, learning
occurs as a result of increase in the strength of
connection(synaptic weight) between simultaneously active
neurons. On this basis, connections often used in network are
amplified, which explains the phenomenon of learning through
repetition. Recent studies have revealed that an important role in
the information processing play glial cells and the extracellular
matrix [3,23]. A lot of research has been focused on the role of
astrocytes in synaptic transmission between neurons
[4,5].Experimental and theoretical studies [6—8] have shown that
astrocyte can determine level of spatio-temporal coherence
inactivity of accompanying neural network and be a spatio-
temporal integrator of this activity. This integration leads to
long-term changes in synaptic functionality of neural network.
We propose a new approach to the consideration of astrocytic
modulation of synaptic transmission from the point of view of
the mechanism of short-term memory in neural networks. Most
of the existing work on short-term memory in neural networks
uses formal neurons. Such models show excellent computational
performance and large memory capacity, but are not biologically
relevant. The second group of works includes models of spiking
neural networks, in which learning is carried out using the
mechanisms of synaptic and neural plasticity (Hebbian fast
synaptic plasticity, short-term synaptic plasticity, facilitation,



etc.). Such models reproduce network dynamics observed in
experimental studies. Such systems can also be used in the
context of working memory when using non- or slightly
overlapping patterns. When using patterns with large overlaps,
networks of this type are prone to the appearance of chimeras,
and the mechanism of modulation of synaptic transmission by
astrocytes, proposed in this paper, is one of the solutions to this
problem.

In this article, we continue to develop our previous short-
term memory model [9—11] and show that astrocyte-induced
modulation of synaptic transmission complements Hebbian
synaptic plasticity. In our model, working memory is associated
with item-specific patterns of synaptic facilitation induced by
astrocytes. We show that a neuron-astrocyte network is capable
of loading, storing and retrieving several patterns with large
overlaps.

II. MODEL AND ARCHITECTURE OF THE NEURON-ASTROCYTE
NETWORK

The neuron-astrocyte network consists of three layers: the
first layer of excitatory neurons (dimension WxH (79x79)), the
second layer of inhibitory neurons (dimension WixH;i (40x40)),
and the third layer of astrocytes (dimension MxN (26%26)).
Each astrocyte (m, n) interacts with Na = 16 (4%4 ensemble)
neurons of the first layer with an overlap in one row and one
column (Fig. 1).
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Fig. 1. The structure of the neuron-astrocyte network model.

A. Neural layers dynamics

Out of many existing dynamical models of a single neuron,
we chose the Izhikevich model [13] due to its biological
relevance and high computational efficiency. The membrane
potential of each neuron in our network is described by:
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Iy — total synaptic current.
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The neurons of the first layer are connected with each other
by random excitatory synaptic connections (designation of the
connection: E — E, the number of output connections for each
neuron: Nce—e = 200). In addition, excitatory synaptic
connections emanate from the neurons of the excitatory layer
activating the neurons of the inhibitory layer (connection type:
E — I, the number of output connections for each neuron: Ne¢ g1
=5). Output inhibitory synapses couple neurons of the inhibitory
layer with neurons from the excitatory one (connection type: I
— E, the number of output connections for each neuron: Nc1-E
= 2000). The inhibitory neurons of the second layer are not
connected.

The postsynaptic neuron is sampled from a radial
exponential distribution centred in a presynaptic neuron:

_ (1/A(e7’®*), R>0
foR) = { 0, R<O

where 4 = 15 for connection E — E, 4 =2 for connection E
— I, 4 =80 for connection I — E. R - distance between pre-
and postsynaptic neurons. The angle of the vector of connection
R is chosen randomly.

The synaptic current for each neuron (i, j) of the excitatory
layer is calculated as the sum of the total excitatory synaptic
current from all its presynaptic neurons of the excitatory layer
and the total inhibitory synaptic current from all its presynaptic
neurons from the inhibitory layer. Thus, the synaptic current is
determined by the expression [14]:

Isyn(i'j) = IsynE—»E + Isyn I-E

where:
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Egyn =0 mV for excitatory connections, Eg»/=—-90 mV for
inhibitory connections, ksyn = 0.2 mV, Ve is the membrane
potential of the presynaptic neuron, Wy, gz and Wy, ;g —
synaptic weights.

The synaptic current for each neuron (i*, ) of the inhibitory
layer is equal to the total excitatory synaptic current from all its
presynaptic neurons of the excitatory layer. Thus, the synaptic
current is determined by the expression:

Isyn @,j" = Isyn E-I
where:
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Esn e= 0 mV for excitatory connections, ks» = 0.2 mV,
Vire(k) is the membrane potential of the presynaptic neuron,
Wsyn g—1 — Synaptic weight.

At the beginning of each session, the weights of synaptic
connections between neurons of the excitatory layer
( Wysyng-p ) and the weights of inhibitory connections
(Wysyn 1) have zero values. The weights of connections
between excitatory and inhibitory neurons (Wgysyp g,) are
constant throughout the session and equal to 0.1.

The training of connections between excitatory neurons is
described as follows:

AW, 5
Wz 5- Agsynzs,

5= {1, if Vore > 25mV and Vy,o5e > 25 mV
0, else
Wgsyn gor = [0,gsyne]

5

If pre- and postsynaptic neurons are simultaneously active
when stimulated with a training pattern (Vpre > 25 mV and Vyost
> 25 mV), then the weight increases by Agsynee= 0.007. The
maximum weight of a synaptic coupling is limited by the gsynee
= (.5. Thus, the weight of the exciting connection (Wgsyne—E)
can range from 0 to gsynee. That is, if two neurons belong to
the same learning pattern, then the weight of the connection
between them increases by Agsynee. If two neurons belong to
different learning patterns, then the weight of the connection
between them does not change.

The training of inhibitory connections is carried out as
follows: the weights of the inhibitory connections (Wgsyn 1-E)
spanning from active neurons of the inhibitory type to those
neurons of the excitatory layer that were not active during the
presentation of the training pattern are increased by Agsyni=
0.007. To do this, we introduce the function of the
instantaneous frequency of the neuron of the excitatory layer:

df_
T 8A — Bof

where:
5= {1, if Vpost = 25mV
0, else
B> =200, A = 0.5,V — membrane potential of the
postsynaptic excitatory neuron. The instantaneous spiking rate
is limited by an upper threshold of 1.
The dynamics of the inhibitory synaptic weight is described
by the differential equation:
d( Wgsyn I —>E)
dt
5= {l,iff < 0.3 and Ve = 25 mV
0, else
Wgsyn -5 = [0, gsynie]

= § - Agsynie

>

Thus, the weight of the inhibitory synaptic coupling can
range from 0 to gsyne= 0.05.

B. Dynamics of astrocytic layer

The astrocytic network has a dimension of 26x26. Each
astrocyte is associated with the four nearest astrocytes in the
network by diffusion through calcium ions (Ca?*) and molecules
of inositol 1,4,5-trisphosphate (IP3).

To model the dynamics of each astrocyte, we used the Li-
Rinzel model [15]. As a reduction of the biophysical De Young-
Keizer model [16], this two-variable system provides low
computational costs to reproduce astrocytic calcium
signalization observed in experiments. The model also retains
the most important dynamic features of the original system.

The dynamics of the intracellular calcium concentration in
the astrocyte (m, n) is described by equations:
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Ca®™™_ intracellular concentration of calcium ions Ca?*, h(™™

— the proportion of non-inactivated calcium channels on the
intracellular calcium storage.

The values of biophysical parameters used:
¢y = 2.0;¢; =0.185; v, =6.0;v, =0.11,v; = 2.2;v, =
0.3;v4=0.2;k; =05k, =1.0;k; =0.1;k, =1.1;d, =
0.13;d, = 1.049; d; = 0.9434;d. = 0.082; [P,* =
0.16;— = 0.14;@ = 0.8; d¢, = 0.05; d;p; = 0.1.

III. BIDIRECTIONAL NEURON-ASTROCYTE INTERACTION

In our model, we also try to implement a biologically
inspired approach to reproduce bidirectional neuron-astrocyte
interaction. Spiking neuronal activity induces the release of
glutamate from the presynaptic terminal into the synaptic gap.
The released glutamate binds to the metabotropic glutamate



receptors (mGluRs) on the astrocyte membrane and triggers the
production of IPs in astrocytes. The amount of glutamate that
diffuses from the synaptic gap and reaches the astrocyte is
described by the following equation [17-18]:

dG @D
dt

= —ay, GO + kg, O(VE) — 30mV)

1 o
if: - Z [GED > Gy > Fuee
a(i'j)ENﬁ ifto<t<ty+t
. _ glu'l 0 = L0 glu
then: Jgu = { 0, else
where: agiu = 50 s7!; kg = 600 uM s!; @ — the Heaviside
function, N. = 16; Gur=0.7; Fae:=0.5.

When a neuron spikes, the concentration of the
neurotransmitter glutamate G increases by a constant amount
and then decreases exponentially over time. More than half of
the neurons associated with this astrocyte with a high glutamate
concentration (exceeding the threshold value Gur) produce
current Jgi, in the astrocyte. This, in turn, initiates the calcium
activity of the astrocyte through the IP3 molecules. Jgu is a
rectangular pulse with amplitude Agn = 5 uM s™! and duration
tgiv = 60 ms.

Astrocytic synaptic potentiation consists of NMDA-
dependent generation of postsynaptic slow incoming currents
(SICs) [19] and mGluR- dependent heterosynaptic facilitation
of presynaptic glutamate release [20]. Thus, the feedback of
astrocytes in our neuron-astrocyte network model simulates the
neural activity of the postsynaptic neurons of the excitatory
layer increasing the weights of the input connections. This
occurs when two factors coincide: a calcium event in the
astrocyte and the presence of spikes in at least half of the
neurons associated with this astrocyte in the last 10 ms [20].
That is, taking into account astrocytic modulation, the weights
of excitatory couplings between neurons in the excitatory layer
can be calculated as follows:

WgsynE—»E =11+ veq),

where: 71 = [0 — gsyngg], Ve = va®(Ca™" — Cayn,)

Viq = 2 is the strength of modulation of synaptic weight
modulated by astrocytes, @ — the Heaviside function, Caur =
0.15 uM — the threshold concentration of calcium in an
astrocyte. The feedback duration is fixed and equal to Tastro = 20
ms.

IV. EXPERIMENT SCHEME

At the beginning of the session, we pre-trained the network
as follows: 40 patterns (black-and-white binary images with a
dimension of 79x79 pixels) were fed to the layer of excitatory
neurons as an input signal. Each black pixel was fed to the
corresponding neuron as a rectangular pulse with an amplitude
of 80 pA and a duration of 0.5 ms. In the case of a white pixel,
the input signal was not fed to the neuron. The interval between
the presentation of the training patterns was 10 ms. The network
was stimulated 10 times by each pattern with the addition of a
random 5% noise ("salt and pepper" type). During the training
of the network, the training patterns have been changing the
weights of synaptic connections according to the Hebbian
learning rule. After pre-training, the resulting synaptic weights

were recorded and stored until the end of the experiment. At this
stage, astrocytes did not monitor the activity of neurons.

Next, we trained the neuron-astrocyte network with 7
patterns, which were randomly selected from 40 patterns
memorized by the neural network. Starting from this stage,
astrocytes began monitoring the activity of neurons. The
network was stimulated 10 times by each pattern with the
addition of a random 5% "salt and pepper" noise. Then, after 700
ms, we trained the network for a new pattern, which was
randomly selected from the remaining 33 patterns. To train the
neuron-astrocyte network for a new pattern, we fed the network
a 5%-noisy image 10 times as an input signal. Then the network
was stimulated by the above set of 7 test patterns with 20% noise
in random order. Each test pattern was applied to the input by a
single rectangular pulse with an amplitude of 8§ pA and a
duration of 20 ms. The time interval between test patterns was
50 ms. Next, the network was stimulated by training series of 10
pulses of one more pattern from the remaining 32. The test was
conducted with 7 images (6 were randomly selected from the 7
images tested during the previous step + one testing pattern that
the network learned just before the last test). The procedure was
repeated iteratively. Thus, there were always 7 images in the so-
called "testing room", and during each test consisting of 7
patterns one random pattern would "leave the room" and one
random new pattern would "enter" it. Each test sequence
consisting of 7 patterns and separated from the others by a
learning pattern is referred to as the "test cycle". The second part
of the experiment is shown schematically in Fig. 2.
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Fig. 2. Scheme of the experiment. The solid line denotes the presentation
of a training packet consisting of 10 presentations of the training pattern with a
random 5% noise (different every time). Different colours denote

corresponding patterns. Test patterns with 20% noise are indicated by the dotted
lines.
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V. RESULTS

Fig. 3 shows the images after they were processed by the
neuron-astrocyte network and the corresponding correlation
values of each pattern with its target pattern during 5 test cycles
(the noise level in the test images was 20%).
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Fig. 3. The resulting images, upon presentation of test patterns with 20%
noise. Neurons with a spiking rate exceeding 66 Hz during the test are shown
in yellow, the rest — in blue.

To assess the contribution of astrocytes to the mechanism of
working memory in the network and Hebbian pre-training of
synaptic connections, we conducted this experiment with pre-
training on 40 images and 20 images, with and without
astrocytic modulation of synaptic signalling. The mean
correlation of the resulting images with their target patterns at
different noise levels in the test patterns is shown in Fig. 4.
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Fig. 4. Average correlation value relative to different noise levels of test
patterns. The red graph corresponds to the correlation of the obtained images
with the target patterns in the network with astrocytic modulation of synaptic
transmission. Blue graph — without modulation of synaptic transmission by
astrocytes (Vg = 0).

An increase in the correlation level of patterns with their
target images is caused by the Hebbian pre-training of synaptic
connections and astrocytic modulation of synaptic weights.

VI. CONCLUSION

In this paper, we continue to study the mechanism of
theworking memory phenomenon in the neuron-astrocyte
network.We have shown that two mechanisms of synaptic
plasticity:astrocytic modulation of synaptic transmission
between neuronsand Hebbian learning of synaptic connections
work perfectlytogether, complementing each other. Using
mathematicalmodeling methods we here confirmed the
hypothesis thatastrocytes can be involved in the organization of
workingmemory. This hypothesis emerges from numerous
recentexperimental evidences about the astrocytic contributions
to thecognitive functions and impairments [3, 19-22].

ACKNOWLEDGEMENT

This research was supported by the RFBR grants No. 20-32-
70081, 18-29-10068, 19-32-60051, by the Ministry of Science
and Higher Education of the RF grant No. 0729-2020-0061, by
the Grant of the President of the RF No. NSh-2653.2020.2.

REFERENCES

[1] D.O. Hebb, “The Organization of Behavior,” John Wiley & Sons inc,
1949.

[2] F. Fiebig, A. Lansner, “A spiking working memory model based on
hebbian short-term potentiation,” The Journal of Neuroscience, vol. 37,
pp- 83-96, 2016.

[3] M. Santello, N. Toni, A. Volterra, “Astrocyte function from information
processing to cognition and cognitive impairment,” Nature Neuroscience,
vol. 22, pp. 154-166, 2019.

[4] V. Kazantsev, S. Gordleeva, S. Stasenko, A. Dityatev, “A homeostatic
model of neuronal firing governed by feedback signals from the
extracellular matrix,” PloS one, vol. 7 (7), e41646, 2012

[51 S. Y. Makovkin, I. V. Shkerin, S. Y. Gordleeva, M. V. Ivanchenko,
“Astrocyte-induced intermittent synchronization of neurons in a minimal
network,” Chaos, Solitons & Fractals, vol. 138, 2020.

[6] E.V.Pankratova, A. I. Kalyakulina, S. V. Stasenko, S. Y. Gordleeva, 1.
A. Lazarevich, V. B. Kazantsev, “Neuronal synchronization enhanced by
neuron-astrocyte interaction,” Nonlinear Dynamics, vol. 97 (1), pp. 647—
662, 2019.

[71 N. Bazargani and D. Attwell, “Astrocyte calcium signaling: the third
wave,” Nat. Neurosci, vol. 19, pp. 182-189, 2016.

[8] S. Y. Gordleeva, S. A. Lebedev, M. A. Rumyantseva, and V. B.
Kazantsev, “Astrocyte as a detector of synchronous events of a neural
network,” JETP Letters, vol. 107(7), pp. 440—445, 2018.

[91 S.Y.Gordleeva, A. V. Ermolaeva, 1. A. Kastalskiy and V. B. Kazantsev,
“Astrocyte as Spatiotemporal Integrating Detector of Neuronal Activity,”
Frontiers in Physiology, 2019.

[10] S.Y. Gordleeva, Y. A. Lotareva, M. 1. Krivonosov, A. A. Zaikin, M. V.
Ivanchenko and A. N. Gorban, “Astrocytes Organize Associative
Memory,” NEUROINFORMATICS 2019: Advances in Neural
Computation, Machine Learning, and Cognitive Research III, pp. 384—
391, 2019.

[11] Y. Tsybina, M. Krivonosov, S. Gordleeva, A. Zaikin, A. Gorban, “Short-
term memory in neuron-astrocyte network,” IEEE 2020 4th Scientific
School on Dynamics of Complex Networks and their Application in
Intellectual Robotics (DCNAIR), pp. 245-247, 2020.

[12] S.Y. Gordleeva, Y. A. Tsybina, M. I. Krivonosov, M. V. Ivanchenko, A.
A. Zaikin, V. B. Kazantsev and A. N. Gorban, “Modelling working
memory in spiking neuron network accompanied by astrocytes,”
Frontiers in Cellular Neuroscience, vol. 15, 2021.



[13]

[14]

[15]

[16]

[17]

[18]

E. Izhikevich, “Simple model of spiking neurons,” IEEE transactions on
neural networks, vol. 14, pp. 1569— 1572, 2003.

P. M. Esir, S. Y. Gordleeva, A. Y. Simonov, A. N. Pisarchik, V. B.
Kazantsev, “Conduction delays can enhance formation of up and down
states in spiking neuronal networks,” Physical Review E, vol. 98 (5),
052401, 2018

Y. Li, and J. Rinzel, “Equations for InsP3 Receptor-mediated [Ca2+]
Oscillations Derived from a Detailed Kinetic Model: A Hodgkin-Huxley
Like Formalism,” Journal of Theoretical Biology, vol. 166, pp. 461—473,
1994.

De Young, W. Gary, and J. Keizer, “A single-pool inositol 1, 4, 5-
trisphosphate-receptor-based model for agonist-stimulated oscillations in
Ca?" concentration,” Proceedings of the National Academy of Sciences,
vol. 89.20, pp. 9895-9899, 1992.

S. Y. Gordleeva, S. V. Stasenko, A.V. Semyanov, A.E. Dityatev, V.
B. Kazantsev, “Bi-directional astrocytic regulation of neuronal activity
within a network,” Frontiers in Computational Neuroscience, vol. 6,
2012

E. V. Pankratova, A. I. Kalyakulina, S. V. Stasenko, S. Y. Gordleeva, 1.
A. Lazarevich, V. B. Kazantsev, “Neuronal synchronization enhanced

[19]

[20]

(21]

[22]

(23]

[24]

by neuron-astrocyte interaction,” Nonlinear Dynamics, vol. 97, pp.
647-662, 2019.

T. Fellin, O. Pascual, S. Gobbo, T. Pozzan, P.G. Haydon, G.
Carmignoto, “Neuronal synchrony mediated by astrocytic glutamate
through activation of extrasynaptic NMDA receptors,” Neuron, vol.
43, pp. 729-743, 2004.

G. Perea, A. Araque, “Astrocytes potentiate transmitter release at single
hippocampal synapses,” Science, vol. 317, pp.1083-1086, 2007.

0. Kanakov, S. Gordleeva, A. Ermolaeva, S. Jalan, and A. Zaikin,
“Astrocyte-induced positive integrated information in neuron-astrocyte
ensembles,” PHYSICAL REVIEW E, vol. 99, pp. 012418, 2019.

H. J. Whitwell, M. G. Bacalini, O. Blyuss, S. Chen, P. Garagnani, S. Y.
Gordleeva and all, “The human body as a super network: Digital methods
to analyze the propagation of aging,” Frontiers in aging neuroscience,
vol. 12, p. 136, 2020.

O. Kanakov, S. Gordleeva, A. Zaikin, “Integrated Information in the
Spiking-Bursting Stochastic Model,” Entropy, vol. 20 (12), p. 1334, 2020.
S. Gordleeva, O. Kanakov, M. Ivanchenko, A. Zaikin, C. Franceschi,
“Brain aging and garbage cleaning,” Seminars in Immunopathology, pp.
1-19, 2020.



