3AJJAUU
KUBEPHETHYECKOU

HEUPOBHUOJIOT'UNA

(PROBLEMS OF
CYBERNETICAL NEUROSCIENCE)

A.Jl.dpaakoB
(MIIMam PAH, CIIoIYY)



B 1okJaze npeacraBjeHAa HOBasi HAYy4YHAsA
00J1aCTh: KHOEpPHETHYECKASI HeHPOOH 010 Ust

KuOepHeTnueckasi HeMpoOHO0JI0russ — pasjaeJl

BbIYUCJIUTEIHbHON HEUPOOUOJIOT UM, N3YUYAKOIITUH

IPOLECCHI B MO3I'e YeJIOBEKA U HEPBHOM CHCTEMe
’KUBBIX CYLIECTB METOAAMH KHOCPHETUKMU.

R AR B B S S B B S S S S S S A S S W S S A S S A S S W S S S S S S 9
CM. Takike
ALF, Definition of Cybernetical Neuroscience
https://arxiv.org/abs/2409.16314



YT1o TaKkoe BHIYUCIUTEIbHAA HEUPOOHoaorus?

BerunciaurebHass HEUPOOMOJIOTUA — 3TO 00J1aCTh
HUCCJICIOBAHUU, B KOTOPOU MaTeMaTUYeCKUe
HHCTPYMEHTBI M KOMIILIOTEPHbIE CPEACTBA

HCIIO0JIBL3YIOTCH Il UCCJIeI0OBAHUA PYHKIIMH MO3ra.

(https://www.nature.com/subjects/
computational-neuroscience)

Tepvmun 0611 BBeaeH B 19851990 ropax Ipukom JI.
[lIBapueM (BoCTOHCKHI YHHBEPCHTET).

Oo0J1acTh BHIYMCJIUTEIbHON HEHPOHAYKH
OBICTPO pacreT, CM.

“20 years of computational neuroscience.”
Ed. James M. Bower. Berlin: Springer, 2013.



Yto Takoe KudepHeTHKA?

KubepHernuka — 310 HayKa 00 ynpaBJIeHUH U

KOMMYHHUKAIIUUA B )KUBOTHOM, MAaIlIMHE U 00IEeCTBE
(HopOepT Bunep, 1948, 1950).

CeroaHsi KHOEPHETHKA MOHUMAETCH KaK Teopus
yIIpaBJIeHUS B IIKHPOKOM cMbIcjie. KnuoepHernueckue
METOJAbLI BKJIIOYAIOT B Ce0 HE TOJLKO METObI
ynpaBJieHHsI, HO M METOAbI OLIEHKH NePeMEHHBIX U
apaMeTpoB CUCTEM, GUIbTPANMH, OITUMHU3AIMH,
pacno3HaBaHusa 00pa30B, MAIIMHHOIO 00y4YeHHsI U T. .

[AJI®. Knoepnernveckan ¢pusuka. CI16: Hayka, 2003.

ALF, IlpumMeHeHre KHOEPpHETHYECKUX METO0B B (pU3MKe.
T.48(2), Ycnexu puzuyeckux HayK, 2005]



IHJIAH JOKJIAA
1. 3AJTAYM kubOepHeTHYECKON HEMPOHAYKH
(3amaum (A), (B), (C) u 3apaum (D), (E))
2. MOJAEJIN knbepHeTHYECKOU HEUPOHAYKH
2.1. Moaean HeidipoHa
2.2. Moaeau HEMPOHHBIX aHcaMOJien
2.3. Moaeau 1eJjioro Mo3ra
ITPUMEPBI
3.1. Ilpumepnl pemennst 3aga4 (A)-(B)
3.2. Ilpumepsl pemenus 3agaqu (C)
3.3. Illpumepsl pemienus 3aga4qu (D)

3.4. Ilpumeps! pemenus 3agauu (E)



1. 3apaun KuOepHEeTHYECKON HEHPOHAYKH

1.1. 3apauum Mcciaea0BaHUA MOAeIed HEMPOHHbIX
[POLIECCOB:

(A). AHaJIM3 YCJIOBUH, IIPH KOTOPBIX MOJAEJIU HEHPOHHBIX
IPOLECCOB 00J1a1aK0T 0COOLIMHU THIIAMM CJIOKHOIO
MOBeJACHUS, TAKUMH KAaK CHHXPOHHU3AIMA,
NEeCUHXPOHM3AINA, CIIAUKH, TaYeYHble Pa3pPAAbI,
COJIMTOHBI, Xa0C, XUMeEPbI U APYyrue.

(B). CuHTE3 BHEIIHUX (YIIPABJIAIOIIMX) BXOI0B,
CO31AaI0LIMX 0c000€ MOBeIeHNE B MOAEJIAX MO3ra.

(C). Ouenka cocTOsTHMSA M MapaMeTPOB MoOeJieil MO3ra Ha
OCHOBE Pe3yJIbTATOB M3MEPEHMA BXOJAHBIX M BbIXOHbIX
IepeMeHHbIX.



1. 3agaun KnOepHEeTHYECKON HEHPOHAYKH

1.2. 3a1a4n HA OCHOBE peaJIbHBIX JAHHBIX:

(D). Knaccupukanusa COCTOSHUMA MO3ra u
HaAMepPEeHUH Yyei0BeKa (C UCIMOJIb30BAHUEM
METOAO0B aJaNTAlU¥ U MAIIMHHOIO 00YyUeHHSs ).

(E). PazpabdoTka aJiropuTMoB ynpaBJieHUs,
o0ecneYrBAKOIIMX 3a/I]aHHbIE CBOMCTBA
3AMKHYTOM CHCTEMbI, COCTOAIICH U3
yIpaBJIsieMONl HEPBHOU CUCTEMBbI U
YIIPABJIAIOIIEr0 YCTPOUCTBA.



2. Mopgenu kubepHeTu4ecKom Hempooumonormm
2.1. MOOENN HEMPOHOB

Mopgenb «Integrate and fire» (1907),
Mopenb XogxkmnHa-Xakenu (1952)

* Mogenb ®nuXesto-Harymo (1961)
Mogenb YunncoHa-KoyaHa (1972)
Mogaenb Moppuc-Jlekapa (1981)

* Mogenb XnHgmapuia-Poysa (1984)

* Hempomaccosble mogenu (1975, 19995)
Mogenb Vxukesuyda (2000)

* Mopgenb JlaHpay-Ctroapta (1944, 2007)
nT. o.

[OuckpetHble mopenu (Pynbkos, Knaneo...)



2.1. MOOENTN HEMPOHOB
Moaenb duuXero-Harymo

. 3
1= u ﬂ{ A pa—y

slu —a — bv).

o

riae u(t) — memOpaHHBI noTeHIHAN HeiipoHa, v(f) — cOBOKyIIHOE JeliCcTEHE BCeX Me IeHHBIX
MOHHBIX TOKOB, OTBEYAlONINX 3a BOCCTAHOBJIEHHE NOTeHIMala noxkosi Membpanbel [lapamer-

PEL 4 H b OIpelleJJAIT HpoBoJAHMOCTHRIE XapaKTepPHCTHRKH HOHHBIX KaHA4J0B, & -~ 0 OTHO-

CHTEJIBHY ) CROPOCTE H3MeHeHHH Me/JIEHHBIX HOHHBIX TOKOB, a ff_.j..!- BHEITHHH TOK |-l :1]

l..:(t) - Bxo4, u(t) - BbIXxoA



2.1. MOOENT HEMPOHOB

Moaenb XuHgmapLua-Poy3a

p=q—ap +bp* —n+I...
q=c—dp® —q.

M = .ill.[.:"il::_lll.J + P ) — .’i':.

a20e p(t) - membpaHHbIU nomeHyuar,

q(t), n(t) onucbiearom Hampuu-Karnuesbilu Hacoc,
r(t) - ckopocmb usmeHeHuUs n(t),

a,b,c,d, s, p, - rapamempsb! MOOEeU,

0<r<1, lext(t) - exo0, p(t) - ebixoO0.



2.1. MOOENT HEMPOHOB

Mogenb JlaHgay-CTtioapTta - HopmarbHas
dopma cynepkputndeckomn dudpypkaumm
AHOpoHoBa-Xonga

ds

/ . _ 0
1 —f{l"-!‘|‘|i'-.-;—‘.r“f ]

roe Z(t) — komnnekcHasa nepemMeHHasi, CoOCTosHUE
ocunnnaTopa; a, W — napamMeTpbl MOAENM.

Nanpay J1. K npobneme typbyneHtHoctn. JAH CCCP,
T. 44, Ne 8, c. 339-349, 1944.

Ctroaprt, Ox. T. O HennHenHon mexaHuke
rmapoanHaMmnyeckon yCTONYMBOCTU. JKypHan
MeXaHUKN xxunakocTu, 4(1), 1-21, 1958.



2.2. MOOENN HEMPOHHbBIX AHCAMBEW

CeTtb mogeneu Jlangay-CrioapTa

W.=(1+iw,— |W[OW, +C(W-W) + 51,

W(t) — komnnekcHas nepemeHHasi, CoCTosiHue J© ocu,mnnmopa
S(t) — BHeLHMe BXoabl. T e
i® A W=N"'Z;_, W,

C. Hauptmann, O. Omel'chenko, O. V. Popovych, Y.,
Maistrenko, and P. A. Tass, Control of spatially

patterned synchrony with multisite delayed feedback. Phys.
Rev. E 76, 066209 (2007).

Freyer F, Roberts J.A. Ritter P, Breakspear M.A. Canonical
Model of Multistability and Scale-Invariance in Biological

Systems. PLoS Comput Biol 8(8): e1002634 (2012).



2.2. MOOENTN HEMPOHHbLIX AHCAMBIEW
HewnpomaccoBaga Mmogernb

T1(t) = wo(t)
To(t) = Aao (x3(t) — x5(t)) — 2awq(t) — a“zq(2),
r3(t) = w4(t),
T4(t) = Aa [u(t) + Coo (Cia(t))] — 2ax4(t) — a”xa(t),
r5(t) = zg(t)
i6(t) = BbCyo (Cax(t)) — 2bxg(t) — b2y (t),
where X = (z1,...,26)" € R" is a state vector, u € R is an input (white noise),

while y = x3 — x5 € R is an output of the whole system. Parameters a and b
have fixed values @ = 100 s~ ! b = 50 s—!. Parameters Cy, Cy, C3, Cy are
connectivity constants, o(x)=1/(1+exp(r(X,-X)) — sigmoid function.

Jansen, B. H., and Rit, V. G.,

Electroencephalogram and visual evoked potential generation in a
mathematical model of coupled cortical columns, Biol. Cybern., 1995, vol.
73, pp. 357-366.



2.3. MOJIEJIU 1IEJIOT'O MO3T' A
Human Connectome Project — Co3gaaue oOpa3a mo3ra
http://www.humanconnectomeproject.org
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Automated anatomical labeling of activations in SPM
using a macroscopic anatomical parcellation of the MNI
MRI single-subject brain.

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D.,
(...), Mazoyer, B., Joliot, M.

Neurolmage 15(1), 2002.

OnpenesieHo 45 aHATOMUYECKUX MHTEPECYHIINX 00beMOB
(AVOI) B kaxxaom nmoaymapuu. Ilpoueaypa oblia
BbINOJIHEHA ¢ MCI0Jb30BAHUEM CIIEHUAIBHOTO
MPOrpaMMHOI0 o0ecneYeHusi, KOTOpOoe MO3BOJINIIO0
BBINOJIHUTHh TPEXMEPHOE OTCJICKMBAHUE X012 00P03/1 HA
orpeaakTUpoBaHHOM Mo3re. 90 AVOI O0b11Hn
PEKOHCTPYMPOBAHBI M UM ObLJIA IPMCBOEHA METKA.



Automated anatomical labels (AAL) Tzourio-

Mazoyer et al (2002):

Label L/E Region Lobe
1/46 Precentral Central region
2147 Frontal Sup Frontal lobe
348 Frontal Sup Orb Frontal lobe
4/49 Frontal Mid Frontal lobe
350 Frontal Mid Orb Frontal lobe
6/31 Frontal Inf Oper Frontal lobe
152 Frontal Inf Tri Frontal lobe
B33 Frontal Inf Orb Frontal lobe
9/54 Rolandic Oper Central Region
10/35 | Supp Motor Area Frontal lobe
11/56 Olfactory Frontal lobe
12/57 | Frontal Sup Medial Frontal lobe

13/58
14/59
15/60
16/61
17/62
18/63
1964
20/65
21/66
2e7
23/68

Frontal Med Orb

Rectus
Insula

Cingulum Ant
Cingulum Mid
Cingulum Post

Hippocampus

ParaHippocampal

Amygdala
Calcarine
Cuneus

Frontal lobe
Frontal lobe
Insula
Limbic lobe
Limbic lobe
Limbic lobe
Limbic lobe
Limbic lobe

Sub cort. gray nuc.

Occipital lobe
Occipital lobe

24/69
25070
2671
Xirr
28773
291714
30775
31776
IyTI
33778
479
35/80
3a/81
37/82
IB/83
39/84
40785
41/86
4187
43/88
44/89
45/90

Lingual
Occipital Sup
Occipital Mad
Occipital Inf

Fusiform

Postcentral
Parietal Sup
Parietal Inf
Supramarginal
Angular
Precuneus
Paracentral Lobule

Caudate

Putamen

Pallidum

Thalamus

Heschl

Temporal Sup
Temporal Pole Sup
Temporal Mid
Temporal Pole Mid
Temporal Inf

Occipital lobe
Occipital lobe
Occipital lobe
Occipital lobe
Occipital lobe
Central region
Parietal lobe
Parietal lobe
Parietal lobe
Parietal lobe
Parietal lobe
Frontal lobe
Sub cort. gray nuc.
Sub cort. gray nuc.
Sub cort. gray nuc.
Sub cort. gray nuc.
Temporal lobe
Temporal lobe
Limbic lobe
Temporal lobe
Limbic lobe
Temporal lobe




3. MIPUMEPDI

3.1. 3AAYM (A)-(B). AHANU3 U CUHTE3
YNPABNSAEMbIX HEUPOHHbIX MOOENEN

Mpeabiayline pe3ynbTaTbl - CAHXPOHU3ALMS:

T.Carroll. Synchronization and complex dynamics in pulse-coupled circuit models
of neurons. Biol. Cybern. 73, 553-559 (1995).

B.Cazelles. Synchronization of a Network of Chaotic Neurons Using Adaptive
Control in Noisy Environment. Intern. J. Bifurcation and Chaos,

Vol. 08, No. 09, pp. 1821-1830 (1998)

V.Dragol, 1.Grosu, Synchronization of Locally Coupled Neural Oscillators.
Neural Processing Letters 7, 199-210 (1998).

Y. Shi, J. Wang, B. Deng, Q. Liu. Chaotic Synchronization of Coupled
Hindmarsh-Rose Neurons Using Adaptive Control. IEEE Int.Conf. Biomed. Eng.
Informatics, 2009

Le Hoa Nguyen; Keum-Shik Hong. Synchronization of two uncoupled Fitzhugh-
Nagumo neurons via nonlinear control. ICCAS 2010.



3.1. 3AIAYU (A)-(B). AHANIU3 U CUHTE3
YNPABNSAEMbIX HEUPOHHbIX MOOENEN

NMpeabiaywme pes3ynbTatbl — Apyrue Lenu:

P. Danzl and J. Moehlis, Spike timing control of oscillatory neuron models using
Impulsive and quasi-impulsive charge-balanced inputs, 2008 American Control
Conference, Seattle, WA, USA, 2008, pp. 171-176.

S. Pitchaiah and A. Armaou. Output feedback control of the FitzHugh-Nagumo
equation using adaptive model reduction. IEEE Conf. Dec. Control, 2010, 864-769.

D. Wilson and J. Moehlis, Optimal chaotic desynchronization for neural
populations. SIAM Journal on Applied Dynamical Systems, 13, 2014, 276—-305.

D. Wilson and J. Moehlis,
Recent advances in the analysis and control of large populations of neural oscillators.
Annual Reviews in Control, Volume 54, , 2022.



3.1. 3AA0A4YMU (A)-(B). AHATIU3 U CUHTE3
YNPABNAEMbIX HEUPOHHbIX MOOENEWU
NMpumep 1. YnpaBsnsemasa CUHXPOHU3aLUSA
B ABYyX cuctemax ®uuXoro-Harymo

iy

eliy = Uy — = —vi +Clua(t — (1)) —uy ()] +1(1),
D
Vi = Uy +a,
1

Elin = Uy — == — vy + Cluy (t — (1)) — ua (1)),
i

Vo = iy 4 d,

where i; and v;, i = 1,2 denote the activator and inhibitor,
respectively, € is the time-scale parameter, a;, i = 1,2 is the
threshold, C is the coupling strength, 7(¢) is slowly-varying
delay, ie., T<d < 1.
S.Plotnikov. Controlled synchronization in two
FitzHugh-Nagumo systems with slowly-varying delays.
Cybernetics and Physics, vol. 4, no. 1, 2015, 21-25.



3.1. 3AA0A4YMU (A)-(B). AHATIU3 U CUHTE3
YMPABNAEMbIX HEUPOHHbIX MOLOENEN
NMpumep 1. YnpaBnsaemasa cuHxpoHusauma gByx cuctem FHN

Llenb ynpasneHus: 01(t) =0, (1) —0as iler— oo
rae 01 = Uy — Uy, ) =V — V2,

choose the control 7(#) in form

[(t) =—0101(t)+ 60(t—T),
Mcnonb3yeTtca oyHKUMoHan JianyHosa-KpacoBcKoro:
t
V(t, A(t)) = 285 + 85 + fp f 67 (s)ds,

t—7iE)



3.1. 3AA0A4YMU (A)-(B). AHATIU3 U CUHTE3
YMPABNAEMbIX HEUPOHHbIX MOLOENEN
NMpumep 1. YnpaBnsaemasa cuHxpoHusauma gByx cuctem FHN

Control goal: o1(r) =+ 0, 0(r) =0, as oo

Control algorithm:

[(t) = —6101() + 6201(r —T),

6, — C|
0 > —C+ 1. 8
1> (8)

Thus, the following theorem takes place.

Theorem
Let the delay T be slowly-varying differential function in the

plant (1), i.e., T<d < 1. Then the control I(t) in form (6),
where parameters 8 = 0 and 6, satisfy the inequality (8),

ensures the control goal (4), meaning the substitutions (2).
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3.1. 3AA0A4YMU (A)-(B). AHATIU3 U CUHTE3
YMPABNAEMbIX HEUPOHHbIX MOLOENEN
NMpumep 1. YnpaBnsaemasa cuHxpoHusauma gByx cuctem FHN
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A new method for controlling synchrony in two delay-coupled

FHN-systems is proposed. Applicability conditions of the method
are formulated and proved by Lyapunov-Krasovskii functional.
Simulation results exhibit fast convergence to synchronous mode.



3.1. 3AJAYM (A)-(B). AHAITU3 U CUHTES3
YNPABNAEMbIX HEMPOHHbIX MOOENEN
Npumep 2. YnpaBsnsemasa cuHxpoHusaumsa cetu cuctem FHN

{” = u; —%L—r +diext + € Ej]{” plui(t) —uz(t — 7)),

U; = e(u; — a; — bivg), f=1....._-""a.

AnropuTtm N

aaant. yrnpaBlieHuns ~ e .
ans Ci(t) cosnan Qix(t),T) = EZ ui(t) — U(i+1)mod N(T)

METO4OM CKOPOCTHOI( i—1
rpagueHTa

) A :l
C ueneson -eun: T @ — Qi+ 1 ymod _"-.']_

kkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkx

Plotnikov S.A., Lehnert J., Fradkov A.L., Schoell E. Adaptive
control of synchronization in delay-coupled heterogeneous
networks of FitzHugh-Nagumo nodes. International Journal
of Bifurcation and Chaos, Vol. 26, No. 4 (2016) 1650058



3.1. 3A0A4YMU (A)-(B). AHATIU3 U CUHTE3
YMPABNAEMbIX HEUPOHHbIX MOOENEN
NMpumep 2. Ynpasnsiemasa cuHXpoHusaumsa cetu cuctem FHN

J

q ]

-y ,""- ’ W ’ %

i = Ui — E_-!.}L — Vi + Lient +Ci 3 | Gigplui(t) —ug(t —73)).
I'I'! = f[h’;‘ — i — Eiff'i'f.. t=1,....N,

AJ'II'OpI/ITM aalTNBHOIO YyripaBJIEHNA.

Ci(t) = '-r-”“ ['!" ”'J — Ui+ 1)mod N It — PJ]

'—

X [:}”i'“] — Uy 1 ymod "-“J I=1,...,N



3.1. 3AJAYM (A)-(B). AHAITU3 U CUHTES3
YNPABNAEMbIX HEMPOHHbIX MOOENEN
Npumep 2. YnpaBsnsemasa cuHxpoHusaumsa cetu cuctem FHN

Pesynbrathl 10
MOAennpoBaHUA 5
ana N=10: 2 g

2 4
Ha ocHoBe 2

NpearioXXeHHOU LerneBoun
doyHKUMM N meToaa
CKOPOCTHOrO rpaneHTa

(SG) npegnoxeH 10
aganTUBHbLIW perynaTop,
KOTOPbIW HacTpanBaeT

oOLLYIO CUIy CBA3U

Takum obpasom, 4YToObI
CUHXPOHM3auus bbina

YCTONYMNBOWN, HECMOTPH
Ha HeO4HOPOAHOCTU

node
N B O @



3.1. 3A[JAYU (A)-(B). AHAINTU3 U CUHTE3
YNPABNAEMbIX HEMPOHHbIX MOLOENEWU
p,aanev'lLuue p93yJ1bTaTbI rpynnbl:

D. Nikitin, I. Omelchenko, A. Zakharova, M. Avetyan,
A. Fradkov and E. Schoell. Complex partial synchronization
patterns in networks of delay-coupled neurons. Philosophical
Trans. Royal Society A, 2019, A 377 (2153), 20180128.

S.A. Plotnikov, A. L. Fradkov. Desynchronization in
Oscillatory Networks Based on Yakubovich Oscillatority.
IFAC-PapersOnLine, Volume 53, Issue 2, 2020.

Semenov D.M., Fradkov A.L. Adaptive synchronization in
the complex heterogeneous networks of Hindmarsh—Rose
neurons. Chaos, Solitons & Fractals, Volume 150, Sept. 2021.



3.2 3AAYA (C). OLUEHKA NMAPAMETPOB MOZAEINU

MNpeablaywme pe3ynbraThbl:

|. Tyukin, E. Steur, H. Nijmeijer et al.
State and parameter estimation for canonic models of neural oscillators
International Journal of Neural Systems. (2010).
R.Postoyan, M.Chong, D. Nesic, L. Kuhimann.
Parameter and state estimation for a class of neural mass models
51st IEEE Conf. Decision and Control, Hawaii, USA (2012).

Y. Che, L. Geng, C. Han, S. Cui, and J. Wang, “Parameter estimation
of the FitzHugh-Nagumo model using noisy measurements for membrane
potential,” Chaos: An Interdisciplinary Journal of Nonlinear Science 22,
023139 (2012).

T. Wigren, “Nonlinear identification of neuron models,” 2015 IEEE
Conference on Control Applications (CCA) , 1340-1346 (2015).

X. Lou, X. Cal, and B. Cui, “Parameter estimation of a class of neural
systems with limit cycles,” Algorithms. 11, 169 (2018).



3.2 3AAYA (C). OLUEHKA NMAPAMETPOB MOZAEINU

Npumep 3. NogeHTnpukaumna napametpoB HenpoHa FHN

i=u—L —v+]

{ e (1)
v==c(u—a— bv),

» wu(t) is the membrane potential,

» v(t) is an unmeasured variable of slow ion currents responsible
for restoring the resting potential of the nerve cell membrane.

» Unknown parameters: a and b determine the conductance
characteristics of ion channels, € > 0 is the relative velocity
change in slow ion currents, /.y is the external current.

Rybalko A., Fradkov A.
|dentification of Two-Neuron FitzHugh-Nagumo Model Based
on the Speed-Gradient and Filtering. Chaos 2023, Vol.33, Is, 8.



3.2 3AJA4YA (C). OUEHKA NMAPAMETPOB MOAEJIN
Npumep 3. NogeHTnpukaumna napametpoB HenpoHa FHN

» y(t) = cu(t), where c is some a pric:nri unknown scaling factor.
>y =07y + 3H2yy—|—ﬁ'y de . where

0*=(1—cb -3 £(b—1) —§§ ce(a+ bloe))T.
» Second order filter-differentiator application:

- p? | . Y

X = (’r1p+1}{’rzp2—ljx’ i >0i=1,2, p=d/dt.
. p

oy

xq = e ., X7 = P 3(t).
) (T1p + 1)(T2p + 1llﬂr}' 2() (r1p + (2P + 1) )

1 1
rp+ D+ 1) = C T e )

X3{t}=




3.2 3AAAHA (C). OUEHKA NMAPAMETPOB MOJLEJIN

Npumep 3. NogeHTnpukaumna napametpoB HenpoHa FHN

The problem is to build estimates of parameters of (2), #(t) € R>,
which would provide #(t) — 6* — 0 for t —+ oc.

The speed-gradient algorithm:

0(r) = —(6(t) " z(t) — y*(£)) T 2(z). (3)
where z=(x3 X2 X3 X4 l]T, r=rt=o
Theorem. If the vector function z(t) is persistently excited, i.e.

there exists positive numbers L, o, tp such that, for every t > f

t4+ 1L

/ z(s)z(s) ' ds = alm, (4)

then the identification law (3) guarantees that
f(t) — 6 — 0 for t — cc.



3.2 3AAYA (C). OLUEHKA NMAPAMETPOB MOZAEINU

Npumep 3. NogeHTnpukaumna napametpoB HenpoHa FHN

Figure 1: Graphs of parameter estimation errors, 6;(t) — 67 i 1:5, of
the model (2) for two different sets of true parameter values and initial
data obtained with the algorithm (3).

Rybalko A., Fradkov A.
|dentification of Two-Neuron FitzHugh-Nagumo Model Based
on the Speed-Gradient and Filtering. Chaos 2023, Vol.33, Is, 8.



3.2 3AAYA (C). OLUEHKA NMAPAMETPOB MOZAEINU

NMpumep 4. UaeHTPUKauua napameTpoB HeMPOMacCoOBOM
Moaenu

r1(t) = wa(t),
T9(t) = Aao (w3(t) — x5(t)) — 2aws(t) — a®x (1),
z3(t) = w4(1),
T4(t) = Aau(t) + Coo (Crxy(t))] — 2ax4(t) — a*z5(t),
T5(t) = we(t)
i6(t) = BbCyo (Cax(t)) — 2bag(t) — b2w5(t),
where x = (z1,...,26)" € R" is a state vector, u € R is an input (white noise),

while ¥ = x3 — x5 € R is an output of the whole system. Parameters a and b
have fixed values @ = 100 s~ b = 50 s~ Parameters Cy, Cy, Cs, Cy are
connectivity constants, which are connected to each other

C1 = 1.25C = 4C5 = 4C. Parameters A and B can be different for various
cases of model activity and supposed to be unknown.

NMnotHukoB C.A., ®pagkoB A.Jl.

ApanTtTnBHaa ngeHtTudpmkaumsa napameTpoB ANA Knacca moaenen
HEeMPOHHbLIX aHCaMbsien C NPUMEeHEeHNEeM K IpraTu4ecKumM cuctemam.
MexaTpoHuka, aBToMaTtusauums, ynpasneHue. 2024. T. 25. Ne 1., C.13-18.



3.2 3AAYA (C). OLEHKA NAPAMETPOB MOJEIJN

NMpumep 4. U aeHTpUKauua napameTpoB HEMPOMaACCOBOM
Moaenu

Adaptive parameter identifier is based on the speed-gradient algorithm.
11(t) = da(t),

,t, o(t) = brao (y(t)) — 2ais(t) — a’i (1),

Z3(t) = Za(t),

'.?:4@) — f1a [u(t) + Coo (Cri1(t))] — 2ai4(t) — a®is(t),

E5(t) = Ze(t),

i6(t) = abCuo (Cady(t)) — 2bie(t) — b2Es(t),

bu(t) = Ha (y(2)) ea(t) + u(t) + Coo (Cr1(2))] (y(t) — y(t — h) — hiy(t) + hig(t))
B (t) = ;1 "Cro (C’ail( ) (y(t) — y(t — k) — hia(t) + his(t)),

where X = (I, . . ) € RY is a state vector of the tunable system; A > 0 is a
discretization ste;:: v are gains. 6, and B, are tunable parameters.




3.2 3AAYA (C). OLEHKA NAPAMETPOB MOJEIJN

NMpumep 4. U aeHTpUKauua napameTpoB HEMPOMaACCOBOM
moaenun. PesynbraTbl MOAeNTMPOBaHUA

(a) 20
S 10 T SR CPFTT 1L TTTSRTTO PTCY NTO NORAAARR TR [ oA YN 1 e Wyttt
/5 A AT U] | NI (] |'-‘*" 'y .|'“ M:q I J,Lq‘.',“ W} }‘ 'M\' Ll |l||||l |||l“||| lf!’ ’l. h,“ “'\” \ ” l ‘l\ 'H'\ |”
- | Jdit Wl 4 '|| ) .".:";'.( W ‘1\' '."-""'-H ' .|l WY |
== 0 AP L) R TSR R i
10
0 2 - 6 8 10 12 14 16 18
t, S
(b) 40
B T PO
20 =
Rl (N ) [N, | |
0 7
-20
0 2 = 6 8 10 12 14 16 18
t. s

Figure 1: (a): Dynamics of the output of the neural mass model: original model is
marked by red color, while tuned model is marked by blue color. (b): Parameter
estimation.




3.2 3AAYA (C). OLUEHKA NMAPAMETPOB MOJEIJN

OanbHenwmne pe3ynkraTthl FPYNNbI:

A.Kovalchukov; A. Fradkov. Speed-Gradient approach to
Hindmarsh-Rose model identification based on membrane
potential measurements. 2022 6th Scientific School Dynamics of
Complex Networks and their Applications (DCNA). IEEE, 2022.

A. Rybalko, A. Fradkov. Parameter Estimation of FitzHugh-
Nagumo Neural Networks Based on the Speed-Gradient and
Filtering. 11% Int.Conf “Physics and Control”, Istanbul, 2024.

A. Rybalko, A. Fradkov. BF-NAICS 2024, poster 7, 20/09/2024



3.3. 3AAYA (D). KNACCUDPUKALIUA COCTOAHUN U
HAMEPEHUU MO3TA

[Mpegbliaywine pesynesraTbl (Ha ocHoBe O3l):

Hassan, F., Hussain, S.F. (2023). Review of EEG Signals Classification
Using Machine Learning and Deep-Learning Techniques. In: Qaisar, S.M.,
Nisar, H., Subasi, A. (eds) Advances in Non-Invasive Biomedical Signal
Sensing and Processing with Machine Learning. Springer, Cham.

L. Zhang (2019). EEG Signals Classification Using Machine Learning for
The Identification and Diagnosis of Schizophrenia. 2019 41st Annual Intern.
Conf. IEEE Engineering in Medicine and Biology Society (EMBC),



3.3. SAJAYA (D). KNACCUNDPUKALINA COCTOAHUN U
HAMEPEHWMN MOSIA

NMpumep 5. lInarHocTrnka WnM3oppeHnmn Ha paHHeun
cTaguun Ha ocHoBe curHanos 33l n U/

TpyagHocTn paboTkl ¢ O3l

- CurHan 93l o4yeHb 3alyMneHHbIn, - JJaHHbIX Mano.

oen pelueHuns:

A) obpabaTtbiBaTb NOTEHUMAnNbI, CBSA3aHHbIE C COOLITUAMMU
(ERP), BmecTto EEG;

B) ncnonbsoBatb Mogesnb U Knaccmgukauuo Ha ocHose MO
[na npumeHenna moaenen MO Obinn npeaBapuUTenbHO
obpaboTtaHbl ERP, n n3a ERP 6binin nasneyeHbl pasnmyHble

I'IEI/I3HaKI/I.
- Shanarova N., Pronina M., Lipkovich M., Ponomarev V., Muller A.,
Kropotov J. Application of Machine Learning to Diagnostics of

Schizophrenia Patients Based on Event-Related Potentials // Diagnhostics.
— 2023. — Vol. 13, Is. 3.

- Shanarova et al — BF-NAICS 2024, poster 26, 20/09/2024



3.3. SAJAYA (D). KNACCUNDPUKALINA COCTOAHUN U
HAMEPEHNN MOSIrA

NMpumep 5 (npoaonx.) AmarHocTtuka wmnsodppeHun

1st
: +7
L. g@@ wv ‘
0
: 200 ms

~f S
| — — Heckonbko moaenen
e P Af— Hf— 4=  BbInn oby4eHbl Ha
NPU3HAaKOB.

— | . nony4yeHHoMm Habope

- T T T T INlyqwas mogens 6bina
V= J@é@@ ﬁ@@ J@@ nonyyeHa MeTo4oM
20 L= — OMOPHbIX BEKTOPHbIX

ﬂ ‘4%@ MaLumH (SVM) c

[N R 4YBCTBUTENBHOCTHIO U
cneundunyiHocTbo 91% 1
90,8% cOOTBETCTBEHHO.




3.3. 3AJAYA (D). KNACCUNDUKALIMA COCTOAHNN U
HAMEPEHNN MO3TIA

JanbHenwune pe3ynbTaTtbl:

Lipkovich M, et al. Detecting of intent to make a
two-stage movement,
BF-NAICS 2024, poster 1, 20/09/2024



NMpumep 6. KoHHekTOM U ceTb JlaHgay-CTioapTa

Joana Cabral, Francesca Castaldo, Karl Friston, Gustavo Deco et al
Metastable oscillatory modes emerge from interactions in the brain space-time
connectome. COMMUNICATIONS PHYSICS (2022) 5:184

ABTOpPbI NepecMaTprBalOT MEXaHUCTUYECKYIO MMMOTE3Y O TOM, YTO NEPEXOAHbIE PUTMbI
MO3ra ABMAKTCA NPM3HAKOM MeTacTabunbHOWM CUHXPOHU3aLUN, MPOUCXOOSLLEN Ha
CHWXXEHHbIX KOMNJTEKTUBHbIX YacToTax MU3-3a 3adepxek mexay obnactamm mosra. OHu
ncnonb3yloT ceTb JlaHaay-Ctroapta ¢ N=90:

dZ .,
dt

N
= Zyla +iw — |ZZ[] + HZ Cop|Zp(t — Tnp) — Zn (O] + B11 + iBn2, VN EN,

pPEN

( (ccbinasicb Ha:

Selivanov A.A., Lehnert J, Dahms T., Hovel P., Fradkov A.L., Schoell E.

Adaptive synchronization in delay-coupled networks of Stuart-Landau oscillators.
Phys.Rev. E 85, 016201 (2012).)

OcHo8aHHbIe Ha hu3uKe ocUUIIIMOopPOo8 ¢ 3a0epPXKKoU, UX YUCIIEHHbIU aHarus
deMoHcmpupyem, Kak 83aumooelcmeusi Mexx0y JIoKaribHO 2eHepPUpPyeMbIMU
6bIcMpbIMU KOriebaHusiMuU 8 rpocmpaHcmMeeHHO-8PEMEHHOU CMpPyKmMype
KOHHEKmMoma Moaym rpueecmu K 803HUKHOBEHUKO KOJI/IEKMUBHbLIX M0O3208bIX
pUMMO8, Op2aHU308aHHbIX 8 MPOCMpPaHCmMee U 8PEMEHU.



NMpumep 7.
FitzHugh—Nagumo oscillators on complex networks mimic
epileptic-seizure-related synchronization phenomena
Moritz Gerster, Rico Berner, Jakub Sawicki, Anna Zakharova,
Antonin Skoch, Jaroslav Hlinka, K. Lehnertz and Eckehard Schall.

...Mbl Mmogenunpyem 90 obnacTen YerioBe4ecKoro Mo3sra, OTMEYEHHbIX B aTriace
Automated Anatomical Labeling (AAL)42, cetbto n3 N = 90 y3nos, rae kaxxagas
obnacTb Mo3ra onucbeliBaeTcda ocumnnaTopom FHN, Bknroyaowmm akTMBaTOPHYHO
nepemMeHHyto (MembpaHHbIN noTeHumarn) uk u MHIMBUTOPHYD NEPEMEHHYIO
(nepemeHHasn BocctaHoBneHus) v,. Mbl pacnonaraem obnactu mosra k =1, 2, .. .,90
Taknm obpasom, 4to k € NL = {1, . . . , 45} cooTBeTcTBYET NeBomy, a k e NR = {46, . . .
, 90} cooTBeTCTBYET NpaBoMy nonyLwapuio Mosra. [JuHamuka nepemeHHbIx uk n vk
3aTemM 3aJaeTcs Kak

3 &
i

Elly = Uy — T" — Vi +a Z.-t,;-. [E!,-!,-[ Hy — W) + Byy(vy — 1[.;]]
=1

N
Vi =g +a+o EL [H-_-HI Wy — ) + B(v, — 1-'_q1] :



CpaBHeHHe pe3yJbTAaTOB MOJAEJIUPOBAHUS U U3MEPEHUH

- ..__. — x:‘ "'
[ — —;.:&m::f “j;T 3
]__I. A S Sl J'"-L]\I-\M-._I\-:kwwhlr h.rﬂ-'ﬂ-.hl'.r N,
1— — Rﬂ.
—
0.8 el

--------

Foo oo l:‘“‘?”'

il = P
M I
", ‘-F\'I‘, w

(a) 90 obnacten mo3sra AAL
(b) Bng ceepxy Ha Moa3r:
YepHble TOYKN —
pacnosioXeHne 31eKTPoaoB.
(c) Bug cHn3y Ha moar

(d) 3anucb 33l TMNKMYHOrO
abcaHCcHOro npucryna

(e) Mogenunpyembin
rmobanbHbIN NapamMmeTp
nopsaka Kypamoto r B
3aBMICMMOCTM OT BPEMEHU
(BpemeHHoU nHtepsan 30 c)
YepHbIM LIBETOM BO BPEMS
OLHOro CMOAENMPOBAHHOIO
npucTyna.

(f) To ke, 4TO Ha naHenu (e)
ansa sanucu 33l B (d).



NMpumep 8: HacTtponka moaenen mo3sra no AaHHbIM J3I

1. A. Rybalko, A. Sagatdinov, "Modeling of Movement-Related
Evoked Potentials by Identification of The Fitzhugh-Nagumo
Model", 31st Saint Petersburg Intern. Conf, Integrated Navigation
Systems (ICINS 2024), pp. 231-232, 2024.

2. A. Kovalchukov. Approximate Hindmarsh-Rose model
Identification: application to EEG data, DCNA, IEEE Kaliningrad,
pPP.155-158, 2023.



3A[0AYA (E). HELPOUHTEP®EUCHOE YMNPABJIEHUE
MALLUHAMU HA OCHOBE MOAEJIN MO3TrA

NMpeobiaywine pesynbTaThl:
OBog W.B., Ocagunn A.E., lNynbiwes A.A., Ppaakos A.Jl. PopmmpoBaHue
HenpoobpaTHOM CBA3M Ha OCHOBE aganTUBHOW MOOENU akTUBHOCTU
ronoBHOro Mo3ara. Henpokomnetotepsbl, 2012, 2, C.36-41.
R.Mamunur, S. Norizam, ... K.Sabira et al. Current Status, Challenges,

and Possible Solutions of EEG-Based Brain-Computer Interface: A
Comprehensive Review. Frontiers in Neurorobotics. 2020. vol 14. no. 25.

Varbu K., Muhammad N., Muhammad Y. Past, Present, and Future of
EEG-Based BCI Applications. Sensors. 2022. vol. 22. no. 9.

Fernandez-Rodriguez A., Velasco-Alvarez F.,Ron-Angevin R. Review of
real brain-controlled wheelchairs. Neural Engineering. 2016. vol. 13. no. 6.

H. Wang, Fan Yan, Tao Xu, A. Bezerianos. Brain-Controlled Wheelchair
Review. IEEE Access. 2021.vol.9.

Yadav H., Maini S. Electroencephalogram based brain-computer
interface: Applications, challenges, and opportunities. Multimedia Tools and
Applications.2023.vol. 82.



3AO0A4YA 5. YINTPABJINIEHME MALLUHAMUW HA OCHOBE
MOJOEJIN MO3IrA

4 . . N

Experimental Environmeant

Saftavare

EEG signal EEG signal
‘ AcquisIion pPregiocessng
II,..rr-" . ﬂ-:lanll-.r-a! ™
Control estimation of
QENeraion the mode| paramebers

Meurofeedback

Figure 2. Expenmental setup and Software schematics - 1

Plotnikov S.A., Semenov D.M., Lipkovich M., Fradkov A.L.
Artificial intelligence based neurofeedback
Cybernetics And Physics, 2019, Vol. 8, Is. 4, 287-291



HEMPOUHTEP®EUCHOE YMNPABNEHUE MALUMHAMM
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HEMPOUHTEP®ENCHOE YNPABJIEHUE MALUMHAMU
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dpagkos A.Jl., babuy H.A.
Tpexno3snunoHHoOe yripasrieHne TPaHCMNOPTHbLIM CPeaCcTBOM Ha OCHOBE
HenpouHTepdenca ¢ NPUMEHEHNEM MALLUNHHOIO OBy4YEeHUS.
NHdbopmaTmka n astomatmnsaums, 2025, Ne1, C.5-29.



HEMPOUHTEP®EWUCHOE YNPABJIEHUE MALUMHAMU




METO/Ibl KHBEPHETUYECKOUW HEMPOHAYKHN

KubOepHeTHyecKkre METOAbI BKJIKNYAKT METOAbI
JIMHECUHOI'0 YIIPABJICHUS, HEJIMHCHHOT0 YIIPABJICHUS,
CTOXACTHYECKOI'0 YIIPABJICHUSA, HAICKHOI0 YIIPABJICHUS,
alalTUBHOIO YIIPABJIEHUS, HHTEJJIEKTYAJIbHOI0
ynpagsJjieHus U T. 1. KuoepHernuyeckue MeToAbl BKJIKOYAIOT
TaK’Ke METOAbI OIICHKH MEPEMEHHbBIX U IAPAMETPOB
cucreM, GuiabTpaANMK, ONTUMHU3ANMUM, PACIIO3HABAHUS
00pa3oB 1 MAINMHHOIO O0YyYEHHUS M T. [.



SPEED-GRADIENT METHOD

System : X = F(X,u),
Goal : Q(x(t)) >0 ast —

XxeR",ueR™,t>0 (1)

(2)

Step 1: Evaluate speed of change of Q(x)

along (1)

SGA:

(diff. form, 1979)

SGA :

(finite form, 1985)

Q =0Q/ox F(x,u).
Step 2 : Evaluate Speed — gradient w.rt.u:Vv,Q

a)

i=-IV,Q,

b)

r=r'>0 (3

U = —\P(VUQ)

(4)

Y(z)'z>0 if z#0,e.0.%(z)=yz, ¥(z)=ysignz)



JAK/IFOYUEHHE-1
1 KubepHernyeckasi HeMPOHAYKA SABJISACTCH BAXKHOU M
ObICTpopacTyied 00/1aCThI0 BHIYMCIUTEIbHOU
HEMPOHAYKH
2 lanbHelIUe HANPABJIEHUA UCCIEI0BAHUMN:
- AJaNITUBHOE HellpoOMoynpaBJjieHUe
- AJanTUBHbIE U 00yYaroumuecs CUCTEMbI, YIIPaBJisieMble
mo3rom (cm. A.M. Annaswamy and A. L. Fradkov.
A Historical Perspective of Adaptive Control and
Learning. Annual Reviews in Control, 52, 2021)
- Ko3BoJrronust Mo3ra 1 MalIuHbI
(ruOpuaHBIA HHTEJLJIEKT)



SJAKJITIOYEHHUE-2

Teopus ynpasJjieHusi, 3apOAMBIIASICH B HAYaJIe IBAANATOr0 BeKa,
0Ka32/1aCh HE3aMEHUMOI OCHOBOM OMOJIOTUYECCKUX HAYK, U
0KU/IAETCS, YTO €€ 3HAYMMOCTb OYJAeT IKCIOHEHIIMAJIbHO PACTH C
Pa3BUTHEM BBIYMCJIUTEIHLHON HEMPOHAYKH.

[Jonathon R. Howlett, - Martin P. Paulus. Out of control: computational

dynamic control dysfunction in stress and anxiety-related disorders.
Discover Mental Health (2024) 4:5.]



CITACUBO YWIEHAM KOJIVIEKTHUBA!

Cepref/] Mwuxaun Eopmc Hukonawn [laHnna

MOTHUKOB NunkoBuy Anopvesckuii  Dabud CemeHoB

AnekcaHgp AnekcaHgp AnekcaHgpa Hapexna ApTyp
KoBarnb4yykoB CemeHoB Pbi6anko lLlaHapoBa CaratgmHoB

CtypeHTtbl CI6OIY: Kara Mapsenb, Oner YeH, Bnag YynkuH, Puta ['pyHUHa



