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HUKETOPOACKU FOCYAAPCTBERHHA YHUBEPCHTET

Fig. 1. Computation, communication, and memory. (A) The parallel,
distributed architecture of the brain is different from the sequential, cen-
tralized von Neumann architecture of today's computers. The trend of in-
creasing power densities and clock frequencies of processors (29) is headed
away from the brain’s operating point. Number and POWER processors are
from IBM, Incorporated; AMD, Advanced Micro Devices, Incorporated;
Pentium, Itanium, and Core 2 Duo, Intel, Incorporated. (B) In terms of
computation, a single processor has to simulate both a large number of

of memory, the von Neumann bottleneck (15), which is caused by separation
between the external memory and processor, leads to energy-hungry data
movement when updating neuron states and when retrieving synapse
states. In terms of communication, interprocessor messaging (25) explodes
when simulating highly interconnected networks that do not fit on a single
processor. (€) Conceptual blueprint of an architecture that, like the brain,
tightly integrates memory, computation, and communication in distributed
modules that operate in parallel and communicate via an event-driven
network.
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Relative Computation

1985

ChatGPT

Toutefois, I'université de Californie a fait les calculs et estime que I'entrainement
seul de I’'lA pour GPT-3 a consommé 1 287 MWh qui ont émis 552 tonnes de COZ2e,
soit plus de 205 vols aller-retourentre Paris et New-York.

Computing Power demanded by Deep Learning
Deep Learning https://incrypted.com/chat-gpt-potratil-energiyu-kak-
na-majning-111-btc/

https://www.hellowatt.fr/blog/chat-gpt-empreinte-car
bone/

Hardware Performance

https://towardsdatascience.com/chatgpts-electricity-
consumption-7873483feac4

pech.Lsatnias S8 https://ai.stackexchange.com/questions/38970/how-
much-energy-consumption-is-involved-in-chat-gpt-re
sponses-being-generated

Dennard-scaling era Multicore era

1990 1995 2000 2005 2010 2015 2020

Year
~
“The Computational Limits of Deep Learning” by N. Thompson, et al. (2020) H E M M A P K
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HEVPOMOP®HbIE CUCTEMbI

Moore's law
Memory wall

(1) Better memory storage

(2) Bioinspired computing

(3) In-memory computing

Fig. 1| The race towards future computing solutions. Conventional
computing architectures face challenges including the heat wall, the
memory wall and the end of Moore's law. Developments in memristor
technology may provide an alternative path that enables hybrid memory-
logic integration, bioinspired computing and efficient reconfigurable
in-memory computing systems. CMOS, complementary metal-oxide-
semiconductor; GPU, graphics processing unit; CPU, central processing unit.

https://www.nature.com/articles/s41928-017-0006-8
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I Tero xnemxu
.
Axcon Aendpums:
Lunanc
=

Kapeep Mua

B 1990 rogy Been TepmnH Neuromorphic Electronic Systems

“Biological solutions are many orders of magnitude more effective than thosewe have
been able to implement using digital methods. Large-scale adaptive analog systems are
more robust to component degredation and failure than are more conventional systems,
and they use far less power. For this reason, adaptive analog technology can be
expected to utilize the full potential of water-scale silicon fabrication.”
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Loihi2 |
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TrueNorth
(2014)

~1M HenpoHoB
4096 agep
28 HM
430 mm2
~256M cnnHancoB
~65MBT

Loihi-2
(2021)

~1M HenpoHoB
128 apep
7 HM
31 Mm2
~67M cuHancoB
~200 mBT

Tianjic
(2021)

~ 40K HenpoHoB
156 apep
28 Hm
14,5 mm2
~10M cuHancoB
~950 mBT

Akida AKD1000
(2022)

~1,2M HelpoHoB
80 agep
28 Hm
225 mm2
~10 mnpg
CuHancoB
~100mkB-300
MBT

+

AltAl
(2023)

~130K HenpoHoB
256 apep
28 Hm
64 mm2
~67M cuHancos
~100-500 mBT

NorthPole
(2023)

? HEeMpoOHOB
256 apep
12 HM
? MM2
? cuHancos
?12 Bt
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Cloud-based
servers of CPUs and
GPUs and shared
memory resources

Memory hierarchy
Pa3paboTka HOBLIX TEXHOMNOIMM
MCKYCCTBEHHOIO MHTEMNMEKTa Ha OCHOBE
Buonormyeckn peneBaHTHbIX MOAENemn

CPUasthe HEWPOHHbIX CeTeW, peanunayroLLnx

prememe NPUHUMNBLI 06paboTKM MHpopMaLUK B
Moa3re

Deterministic
synchronous
Boolean circuits

MOS transistor
as a digital
ON/OFF switch
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Henoputbl

BblpocTbl, KOTOpble 06ecneymBaoT NPOCTPAHCTBEHHYIO
nokanusaumio HempoHa. Ha HMx pacnonaratoTca cuHanchbl ¢
ApYrumMmun HempoHamu. HekoTopble AeHAPUTLI UMEIOT
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AKCOH
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npucnocobneHHbIn 4Na nepegaydn noTeHumana encTaus.
MoXeT nMeTb MUESNTMHOBYHO 0B0ST0YKY

AKCOHarbHble NpecnHanTuyeckne TepMmuHanu
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Synaptic
Presynaptic neuron gap Postsynaptic neuron

Axon terminal  Neurotransmitter Neurotransmitter receptor




KAK HEMPOHbI MEXXOQY COBOW OBLAKOTCA?

YHUBEPCUTET
JIOBAYEBCKOIO

CornacHo STDP-npaBuny, naMeHeHns B 30EKTUBHOCTM CBA3MN NPOUCXOAAT Npu BGNnM3KON BO BPEMEHM reHepaumnm
UMMYNbCOB Ha NPECUHANTUYECKOM (HEMPOHEe-NepeaTynke) N NOCTCUMHANTUYECKOM (HEMPOHE-NPUEMHUKE) HEMPOHE: CBA3b
yCuUnuBaeTcs, ecnv MMnynbC Ha NpecuHance onepexaeT UMNyNbC Ha NOCTCMHance, 1 ocnabnaerca B obpatHOM criyyae.

Spike-timing-dependent plasticity
(STDP): Some vague shape similarity
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LEARNING IN SNN. ANN versus SNN
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MexaHnambl peanunsaumm NHPOPMAaLMNOHHBIX (KOTHUTUBHBIX) GOYHKLNIA

HewnpoH
aHanoroBbI 3NEMEHT C COBCTBEHHOM
HeTpuBManNbHOM AMHAMUKON

HelipoHHas ceTb hopMmUpyeTcs 3a CHET CMHANTUYECKUX
CBSA3€el C NNacTUYHOCTLIO

HenpoHHbIe ceTn Mo3ra CTPYKTYpMpoBaHbl — obragatoT
onpeaeneHHoN apxXUTEKTYpPOK

ApXxuTeKTypa ceTu nnactuyHa (rewiring)

Yucno anemMeHToB ceTu (HEMPOHOB 1 CUHAMNCOB) —
OUHaAMUYeCKU U3MEHSIEMO

HenpoHHas ceTb 0by4aeTcs B MHTepdelice ¢
NCMOSHUTENbHBLIMW YCTPONCTBaMM
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dopmarsnbHbI HEMPOH
anrebpanyeckasn pyHKUMS ¢ BUHAPHBLIM BbIXOAOM

— WckycctBeHHas HenpoHHas cetb (MHC) dhopmupyetcs 3a
CYeT HanpaBneHHbIX CBA3€EN C HacTpaMBaeMbIM BECOM

— WHC nmetoT cnouctyro CTpykTypy
— ApxutekTypa ceTu ctaTuyHa

— Yucno anemMeHTOB ceTu MKCUPOBaHO (B PeAKMX Cryvasx
MOryT 106aBNATLCA HEMPOHbI NPV 0BYYeHUN)
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ASSOCIATIVE LEARNING IN SNNs

.....

in Neuroscience

Spatial Properties of STDP in a
Self-Learning Spiking Neural
Network Enable Controlling a Mobile
Robot

rgey 4. Lobow'=", Alexey N. Mikhaylov!, Maxim Shamshin', Valers A. Makarov's and
Victor B Kazantsen'
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| MOTOHENPOHbI | | CEHCOPHbIE HEeMPOHbI | I nevicmenkep |
h

n | BUPTyanbHble YIATOPbI

/

aATHMKM KaCcaHUA

Robot under control of spiking neural network with
conditional learning
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HEWPOHBI, MNA 1 OPFAHU3ALINA MO3IA

Mo3r OnHwWwTEenHa
YBENUYeHne CrnoXXHOCTM OTPOCTKOB acTpoLMTOB

BRAIN RESEARCH REVIEWS 52 (2006) 257-263

available at www.sciencedirect.com

BRAIN

';3:’ScienceDirect EE%%\%H

www.elsevier.com/locate/brainresrev

Review

Cerebral cortex astroglia and the brain of a genius: A propos
of A. Einstein’s

Jorge A. Colombo™*, Herndn D. Reisin®, José J. Miguel-Hidalgo®, Grazyna Rajkowska”

#Unidad de Neurobiologia Aplicada (UNA) (CEMIC-CONICET), Av. Galvdn 4102, C1431FWO Ciudad de Buenos Aires, Argentina
bDivision of Neurobiology and Behavior Research, Department of Psychiatry, University of Mississippi Medical Center, Jackson,
MS 39216, USA
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HEMPOH-ACTPOLINTAPHBIE CETU (| s

Neuron-astrocytic networks Neuron-astrocyte interaction

Kannunap

Neurons being the main signal cells of the brain provide the transmission and transformation of sequences of electrical
pulses in a neural network.
Astrocytes are not electrically excitable cells. Astrocytes display a form of cellular excitability based on variations of the
Ca?* concentration in the cytosol.

T T R N w—s

—73.4mv ~ ~73.9m ¥~ 180 240

Electrical activity in neurons (1 ms) Ca®" - activity in astrocyte (1 s)

Izhikevich E.M. Dynamical Systems. The MIT press, 2007
HEVMAPK




MOJENb KANbLIMEBOW CUTHANN3ALIN B ACTPOLIMTAX

Ca?*-induced Ca?* release (CICR) from the astrocyte’s endoplasmic reticulum stores,
which depends on cytosolic concentration of the second messenger inositol
1,4,5-trisphosphate (IP,)
dIP3 _ IP3 - IP3

+J,,.+J,,,
dt T PLC glu =L R
|
dCa '
? = Y channel — qump + Jleak + Jin i Jout’ :
ngu:
%:az[dzwa_z)—z*]m} \ )
dt IP3+d, : [UTD]
I out
IP3 — intracellular concentration of inositol 1,4,5-trisphosphate, : e ‘
|

|
TIMTOIIA3Ma,

Ca — intracellular concentration of free calcium ions in the cytosol,
Z - Ca?-mediated deinactivation of 1P, receptor/Ca®* channels on the
ER.

I homat = clv1[P33Ca323(C—° —(1+ l)Ca) NP3 +d X Ca+d,)f,
¢ ¢

I pre =vy(Ca+(1-a)k,)/(Ca+k,),

c 1
Jleak i CIVZ( - (1 + _)Ca)a
c &

1

J . =vCa’ l(k:+z%),

pump

J, = v+ v IP3 (K2 +1P3), J,, =kCa,
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BHYTPUKINETOUYHAS KANbLVEBASA OMHAMUKA B U s
ACTPOLINTAX L

New experimental approaches to study the signaling of astrocytes at qualitatively new spatial-temporal
resolutions show that astrocytic Ca?* activity in processes and soma is highly heterogeneous.
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BHYTPUKINETOUYHAS KANbLVEBASA OMHAMUKA B U s
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To investigate the mechanisms underlying such
subcellular distribution of the Ca?* events we

developed a model of spontaneous calcium activity
in astrocytic process taken into account the geometry

of the cell.

Received: 14 March 2018 | Revised: 19 August 2018 | Accepted: 3 September 2018 GLIA <‘;

DOI: 10.1002/giia 23537

WILEY
RESEARCH ARTICLE

Morphological profile determines the frequency of
spontaneous calcium events in astrocytic processes

Yu-Wei Wul2© | Susan Gordleeva® | Xiaofang Tang! | Pei-Yu Shih! |

Yulia Dembitskaya’® | Alexey Semyanov'>*°



BHYTPUKIETOYHAA KAJIbUMEBAA ONHAMUKA B
ACTPOLUUNTAX
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To analyze mechanisms of correlations between local signals

and the global signalization response of the astrocyte including
its spatially distributed structure, we propose
a spatially extended model of astrocyte calcium dynamics
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ACT PQ T JIOBAUYEBCKOIO
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We show that astrocyte can act as temporal and spatial integrator, hence, detecting the level of
spatio-temporal coherence in the activity of accompanying neuronal network




KOHUENUNA TPEXYHACTHOIO CUHAICA
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Presynaptic
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Astrocyte calcium elevations stimulate
the release of different neuroactive
substances—called
gliotransmitters—such as glutamate,
ATP and D-serine, which regulate
neuronal excitability and synaptic
transmission (Haydon & Araque
2002; Volterra & Bezzi 2002;
Perea et al. 2009).
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Jourdain P. et. al., Nat. Neurosci. 2007

Glutamate exocytosis from astrocytes controls synaptic strength
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frontiers in ORIGINAL RESEARCH ARTICLE
COMPUTATIONAL NEUROSCIENCE A0 S ot 003 %

Bi-directional astrocytic regulation of neuronal activity
within a network

S. Y

ko'?, A. V. Semy 2, A. E. Dityatev?* and V. B. Kazantsev'?*

7
Institute of Applied Physics of Russian Academy of Science, Nizhny Novgorod, Russia
fogies, Istituto Italiano df Tecnalogia, Genova, Italy
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Different level of the neuronal activity
can trigger Ca?* dynamics in
astrocyte with various
spatio-temporal characteristics which
can lead to different
astrocytic-induced regulatory effects
on synaptic transmission.

g“ frontiers
in Physiology

Astrocyte as Spatiotemporal
Integrating Detector of Neuronal
Activity

Susan Yu. Gordleeva*, Anastasia V. Ermolaeva, Innokentiy A. Kastalskiy and
Victor B. Kazantsev

HEVMAPK




YHUBEPCUTET
J'IOEA'-IEBCKOI'O

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

MOJOENb HEMPOH-ACTPOLIMTAPHOIO u
B3AVIMOOENCTBUA L

We show that astrocyte can induce spatial
synchronization in neuronal circuits
defined by the morphological territory of
the astrocyte. It is known that spatial
synchronization in the brain is responsible
for various cognitive functions (attention,
" recognition, navigation, making decisions,
etc.) and for various pathologies (epileptic
discharges, etc.).
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Astrocytes organize in complex networks through connections by gap junction channels.
Calcium signals generated in individual cells, can propagate across these networks in the form of
intercellular calcium waves, mediated by diffusion of second messengers molecules such as IP3.

4?0 600

Araque et al., 2014
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Astro 1 Diffusion Astro 2

Ye—2%

Yagtro

Exci

9syn  Neuro 2

Neuro 1

V.V, mV

Vv, V,, mv

Time, s

YHUBEPCUTET

u JIOBAYEBCKOIO

Neuron model (Hodgkin&Huxley, 1952)

av® )

¢ ac Ichannet + 14(121, + Z}- Is% + 1(1)’

Synaptic current

9%} (V! — Eom)

,(ii) |
syn — V‘(t) ’

Calcium dynamics (Ullah et al., 2006)
d[Ca,.|™
%Ctj— = Jip3r™ — Jserca™ + Jerteak™ +Jin™ = Jout™ + Jairrca™,

d[IP;]™ _ ([IPs]"—[1P5]™)
. =

+Jp1cs™ + Jprcg™ + Jaifrir™,

Astrocytic modulation of synaptic transmission

i — !]syn(1 + Qastro[cac](m)). if [Cac](m) > 0.3 uM

Gsyneff otherwise

gsyn.

Contents lists available at ScienceDirect

Chaos, Solitons and Fractals

Nonlinear Science, and Nonequilibrium and Complex Phenomena

journal www.el

Astrocyte-induced intermittent synchronization of neurons in a
minimal network

i

S Yu Makovkin®*, I V Shkerin?, S Yu Gordleeva®", M V Ivanchenko?
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Working
Memory ff* ™

The ability to temporarily Q i /\ Z\/
hold and manipulate

information for cognitive \ W

tasks performed in daily life. A

Working memory holds information
for a few seconds. It is temporary.

Working memory can hold only five to
seven items at a time. It has a small
capacity.

A
) 8 Working memory holds and
e@ manipulates information.
Y

Working memory depends on control
of attention and mental effort.
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Why does the brain have astrocytic modulation of
neuronal signaling?
What is the purpose of this modulation in terms of
information processing and storage?

The coincidence of the characteristic times of
calcium dynamics and astrocytic modulation of
synaptic transmission with the times of short-term
memory functioning.

Modeling Working Memory
in @ Neuron-Astrocyte Network
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Learning Storage Retrieval

N\ N 4 N
Ca” pattern Ca” pattern Ca” pattern

astrocytes astrocytes astrocytes
synchronized

activity

synchronized
activity

neurons neurons neurons
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Considering the significance of WM processes and the challenge of finding
alternative mechanisms and experimental evidence of the astrocytic role in
information processing in CNS, it is interesting to study astrocyte-induced
modulation of synaptic transmission in WM organization.
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Izhikevich model (Izhikevich, 2003) JIOBAYEBCKOTO

av i

=0.04v@N® 4 5y @) — y@h 4 140 + 18D 4+ 180,

duh
dt

= a(bv®) — y@D)

Synaptic current

@
N [(3)] _vj
1@ I Eom VD)

syn

Vk
k=1 14 ex p(kﬂ)
syn

Calcium dynamics in astrocyte (Ullah et al.,

2006):
d[Ca2+](’”’”)
T TR T R+ = I
- olmun)
+ dlﬁ(C"; ",

(m,n) (1m,n)
(T Ty gz o )
a P+ ds

m,n)

™" 1Py — 1P

(m,n) ( . o(m,n)
It P +Jprcs Ty T diff{p;",

Astrocyte-induced modulation of the synaptic weight

(%)) mn
gsy£1 = Gjar Vé-a

vea = vea0((1a® ) ™" - [ca**],,,)




Multi-item Working Memory
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Gordleeva et al., Front. Cell. Neurosci.
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Analogous memory in a multi-layer neuron-astrocytic JIOBAYEBCKOrO
network
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Analogous memory in a multi-layer neuron-astrocytic JIOBAYEBCKOrO
network
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The system can robustly retrieve the memorized image even for a high noise
level.

The model significantly improved the PSNR for pulse noise for all values
within its level and for Gaussian noise for large values of its intensity.
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A diagram of situation-based model of data
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Astrocytic modulation of synaptic transmission:
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