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32. Machine Learning in Gamma Astronomy

A.PKryukov(1), A.P.Demichev(1)

(1) Skobeltsyn Institute of Nuclear Physics, Lomonosov Moscow State University,
Moscow, Russia

The review aims to summarize the most common deep learning methods that are
used to analyze the astroparticle data collected with the help of the Imaging
Atmospheric Cherenkov Telescopes (IACTs) as well as to provide references to
original works.

34. Calibrating for the Future: Enhancing Calorimeter Longevity
with Deep Learning

Ali Saraa (1), Bocharnikov Vladimir (1), Derkach Denis (1), Ryzhikov Artem (1)
(1) HSE University, Moscow, Russia

In the realm of high-energy physics, the calibration and longevity of calorimeters are
paramount. Our research introduces a deep learning strategy to refine the
calibration process of calorimeters used in particle physics experiments. We develop
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a Wasserstein Generative Adversarial Network inspired architecture that adeptly
calibrates the misalignment in calorimeter data due to aging. Leveraging the
Wasserstein distance for loss calculation, this innovative approach requires a
significantly lower number of events to achieve high precision, minimizing absolute
errors effectively. Our work extends the operational lifespan of calorimeters, thereby
ensuring the accuracy and reliability of data in the long term, and is particularly
beneficial for experiments where data integrity is crucial for scientific discovery.

57. MeTOoabl MAallIHHHOT O OOYYeHHsI B 3a/laUe NMpeacKa3aHHus
nuddepeHITHATBHBIX CEYEHHH U CTPYKTYPHBIX (PYHKIIHH
3JICKTPOPOXKIAEHHSI TMOHA Ha MIPOTOHE B Pe30HAHCHOM 00/IaCTH.

A.B.I'oa0a
MTI'Y umenu M.B.JlomoHOCOBa, ®u3nyeckuil pakynbTeT, MockBa, Poccus

OT nepBBIX TEOPETUYECKUX MOAEJIEN ITOCTPOEHU ST NCKYCCTBEHHBIX HEMPOHHBIX CETEU
[1] - ;o coBpeMeHHBIX, OCHOBAaHHEIX Ha TpaHChopMepax [2], apXUTEeKTyp HEUPOHHBIX
ceTel OBIJI TPOOeaH KOJIOCCAIbHEIM NMYTh B PA3BUTHUN METOIOB UCKYCCTBEHHOTO
nHTennekrta. C TedeHreM BpeMeHH IToO00HbIe METOOLI MAIlIMHHOTO 00y4YeHUsI BCe
rioy0xke IPOHUKAIOT B HAOOp MOBCEeMHEBHBIX MHCTPYMEHTOB HCCIIefoBaTeel B
pa3HBIX 0061acTAX HaykKu. OU3MKa 3JIEMEHTPAHBIX YaCTUIl HE SIBISIETCS UCKIII0UEeHUEeM
- Ha OCHOBE aJITOPUTMOB HUCKYCCTBEHHOT O MHTEJIJIEKTa y2Ke MOXKHO CTPOUTD
reHepaTophl JaHHLIX [3], TOOaBIATh IIyMbl U ()OHOBBLIE TPOLIECCHI, OTIPENENSATh TPEKHN
yactull [4] u Tak ganee. UccnemoBaTenu GU3UKU 3JIeMEHTAPHBIX YaCTHUI] YaCTO
paboTaioT ¢ 60BIIUMH 00beMaMM JaHHBIX, KOTOPBIE TTO3BOJISIIOT 3¢ (HEKTUBHO
CTPOUTH ITOOOOHBIE MOMEJIM MalllMHHOTO 00y4yeHusi. B maHHOU paboTe UCCIEeayIOTCS
MeTO[Obl UCKYCCTBEHHOT O HHTEJIJIEKTa B 3aflayde nNpefacKalaHusa guddpepeHIraabHbIX
CeYeHUU peaKlni B IIpollecCax POXKAEHUS MOJI0KUTEIbHO 3apsAKEeHHBIX ITMOHOB IO
OEeNCTBUEM 3JIEKTPOHOB. IIpu pacCMOTpEHUU peakKUuu POXKAEeHUs MUuoHa: e~ -+\ p\
\rightarrow\ e”~-+\ n\ +\ \pi”™+\ ObI]I HcIIOTb30BaH HAOOP JHaHHLIX [5], Ha OCHOBe
KOTOPOTO IpenCcKa3bIiBaJIoCh CeYeHNe peakKIuy B Pa3JInYHBIX 00J1acTsaX pa30BOTo
IIPOCTPAHCTBA [AJI Pa3HbIX SHEPTUHU ITy4YKa 9JIEKTPOHOB. AJITOPUTMOM,
pal3paboTaHHBIM [JI51 PEIIeHUsT TaHHOM 3afavl, sIBJISeTCS IIy0oKas MOJTHOCBSI3HAS
HeNWpOHHAas CeThb, KoTopas obydasnachk ¢ GyHKIUEHN ITOTePh, He BKIIIOYAIOIIeH B ceOst
KaKuX-Tu00 aIpUOPHBIX TEOPETUYECKUX 3HAHUM 0 mpolecce. [ToMuMoO cTaHOapPTHHIX
TIpoLleAyp Balugallvy OJIs1 3alaUi PErpeccuu B MaHHOM paboTe TaKKe IMpeaCcTaBIeHbl
CpaBHEHUS HEMOJIIPHU30BAaHHBIX CTPYKTYPHBIX (QPYHKIIMM, KOTOPhIE PACCYUTHIBAIOTCS
13 IIpeAcKa3aHHLIX 3HaUeHU quddepeHanbHbIX cedeHn peakuuu. Ha ocHOBe
OaHHOTO aJrOPUTMa MOXKHO MHTEPIIOJINPOBATh U 3KCTPAIIOIMPOBaTh KakK 3Ha4YEeHUS
CeYeHUM, TaK U 3HAUYEHUS CTPYKTYPHBIX QYHKIMM B pa3nUYHBIX 00/1acTsaX pa3zoBoro
ITPOCTPaHCTBa.

Jlutepatypa Rosenblatt, F. (1958). The perceptron: A probabilistic model for
information storage and organization in the brain. Psychological Review, 65(6), 386-
408. Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N.,
Kaiser, L., & Polosukhin, I. (2017). Attention is all you need. Advances in Neural
Information Processing Systems, 30, 5998-6008 T. Alghamdi, Y. Alanazi, M.
Battaglieri, L. Bibrzycki, A. V. Golda, A. N. Hiller Blin, E. L. Isupov, Y. Li, L.
Marsicano, W. Melnitchouk, V.I. Mokeev, G. Montana, A. Pilloni, N. Sato, A. P.



Szczepaniak, and T. Vittorini (2023). Toward a generative modeling analysis of CLAS
exclusive 21 photoproduction. Phys. Rev. D 108, 094030 P. Thomadakis, A.
Angelopoulos, G. Gavalian, N. Chrisochoides (2022). Using Machine Learning for
Particle Track Identification in the CLAS12 Detector. Computer Physics
Communications 276, 152 CLAS Physics Database, <https://clas.sinp.msu.ru/cgi-bin/

jlab/db.cgi [https://clas.sinp.msu.ru/cgi-bin/jlab/db.cgi]>

43. Gamma/hadron separation in the TAIGA experiment with
neural network methods

E.O.Gres(1,2), A.PKryukov(2), PA.Volchugov(2), A.PDemichev(2), ] J.Dubenskaya(2),
D.PZhurov (1,2), S.PPolyakov(2), E.B.Postnikov(2), A.A.Vlaskina(2)

1. Applied Physics Institute of Irkutsk State University, 2. Lomonosov MSU, SINP
MSU

In this work, the ability of rare VHE gamma ray selection with neural network
methods is investigated in the case when cosmic radiation flux strongly prevails
(ratio up to 10™4) over the gamma radiation flux from a point source. This difference
is valid for the Crab Nebula in the TeV energy range, since the Crab is a well-studied
source for calibration and test of various methods and installations in gamma
astronomy. TAIGA-IACT, the part of TAIGA experiment, which includes three Imaging
Atmospheric Cherenkov Telescopes, observes this gamma-source too. Cherenkov
telescopes obtain images of Extensive Air showers (EASs). Hillas parameters can be
extracted from images in standard processing method, or images can be processed
with convolutional neural networks (CNN). In this work we would like to describe
the main steps and results obtained in the gamma/hadron separation task from the
Crab Nebula with neural network methods. The results obtained are compared with
standard processing method applied in the TAIGA collaboration and using Hillas
Parameter cuts. It’s demonstrated that a signal was received at the level of higher
than 5.50 in 21 hours of Crab Nebula observations after processing the experimental
data with the neural network method.

57. Boosting Novelty Detection Neural Networks with Rational
Activations

Zaborenko A.(1,2), Abasov E.(1,2), Boos E.(1), Bunichev V.(1), Volkov P(1),
Vorotnikov G.(1), Dudko L.(1), Iudin E.(1,2), Markina A.(1), Perfilov M.(1)

(1) Skobeltsyn Institute of Nuclear Physics, Lomonosov Moscow State University,
Leninskie gory, GSP-1, Moscow 119991, Russian Federation, (2) Lomonosov Moscow
State University, Faculty of Physics, Leninskie gory, GSP-1, Moscow 119991, Russian
Federation

Deep Neural Networks (DNNs) have proven effective in unsupervised novelty
detection tasks, including model-independent searches in High-Energy Physics. This
study investigates the impact of hidden layer activation functions on the accuracy of
novelty detection. Our findings highlight that both the accuracy and training
stability of the final model are significantly influenced by the choice of activation
function. Rational activations, a recent advancement in learnable activation
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functions, offer the potential for high expressiveness with a minimal number of
learnable parameters. By incorporating these activations into one-class DNNs, we
aim to enhance their accuracy and stability.

67. KooupoBaHue BXOJHBIX CUTHQJIOB B TEpPMHHAaX
OPHEHTHPOBAHHLIX MOATrPa¢oOpB B CIAaHKOBOH HEHPOHHOH CETH C
JIOKQJIbHOHM IUIACTHYHOCTHIO.

A.I1. HeuHa(1l), P.b. Pvibka(1), A.B. Cepexko(1), M.FO. XpucmuueHko(2), B.A.
Havun(1)

(1) HULI Kyp4yaTOBCKUM UHCTUTYT, (2) MOTHU

[IpenmcTaBneHbl pe3yJIbTaThl HOBOT'O CItoco0a KOOUPOBaHUS BXOOHBIX CUTHAIOB BO
BHYTPEHHUX TEPMUHAaX CIIauKOBOU HEWPOHHOU CETHU - B TEPMUHAX OPUEHTUPOBAaHHBIX
roarpadoB. B TakoMm nmoaxofe KITIOYEBLIM SIBJIIETCS JIOKAJIbHAS IJIaCTUYHOCTO
CPaMKOBOM CETH - JIOKAJIbHOTO OUHaMuueckoro Mmexanu3ma STDP - spike timing
dependence plasticity. Ha mpuMepe npocToli MOoOeNnu BXOOHBIX CUTHAIOB, COCTOSIIEN
X 16 6MHAapHBIX CUTHAJIOB, TOKAa3aHO, YTO KaXKOBIM U3 9TUX CUTHAJIOB YHUKAJIbHO
KOJIMPYyeTCs B BUJe OPUEHTUPOBaHHOTO noarpada. [I[ppueM MHOXKECTBO 3THUX
OPUEHTUPOBAHHBIX TOATPadOB N30MOPHHO MHOKECTBY BXOOHBIX CUTHAIOB. KaX b
HX 3TUX IoArpadoB COONepPKUT CBOU (YHUKAJIbHBIN) HAO0OP CUMIIJIEKCOB U TOMOJIOTHH.
9TOT pe3ybTaT OTKPEIBAET BO3MOKHOCTHU 10 pa3pab0TKe HOBHIX OAXOMOB K
aHau3y OaHHBIX, HAIIpUMeD, K KJlacTepu3alluu U Kjlaccuukaluy, Ha OCHOBE
anrebpo-TOIMOJIOTMYECKUX METONOB, 0e3 9Tana o0ydeHUsI HEMPOHHOU CETH.

46. Onpenenenue HanpasiaeHus IIIAJI mo ganabsiM TAIGA
HiSCORE ¢ noMouibi0 MOTHOCBSI3HBIX HEHPOCETEeH

FO.FO. Iybenckas (1), A.Il. Kprokoe (1), C.I1. [Toasikos (1), A.A. BaackuHa (1), I1.A.
Boauyeos (1), E.O. I'pecy (1,2), A.IL. [lemuues (1), [1.I1. 2Kypose (1,2), E.b.
ITocmHukos (1)

(1) HUUAd® MI'Y, (2) HUUII® UTY

HampaBneHue npuxoga mupokux atMmochepHeix tuBHeu (IIIAJT) mo3Bonsier
ONpenesiuTh UCTOYHUK FraMMa-U3Ny4YeHUsI U UTPaeT BaXKHYI0 POJIb OJII OLIeHKH!
SHEPTUU MEePBUYHOU YaCTULLI. YIaBIUBalOIIe YePEHKOBCKOE U3NTyYeHNe CTaHIIUU
HiSCORE B nipoekTe TAIGA pacrpegesieHbl Ha IIJIoIagd OKOoJio 1 KB. KM U
PErucCTPUPYIOT BpeMs IIpuxoga GOTOHOB U UX KOJIMYECTBO, YTO IIO3BOJISIET
omnpenessaTh HampaBiaeHue ocu IITAJI ¢ BEICOKOM TOYHOCTHIO. B maHHOM paboTe MBI
HCIIONIb3yeM [Jisd onipeneneHus HamnpasieHus [ITAJI monHOCBsA3HBIE HerpoceTu. CeTu
o0y4anuch 10 JaHHBIM, CMOJIeJIMPOBAaHHEIM C IIOMOIIbLI0 anropuTMa MouTe-Kapiio
1A TaMMa-KBaHTOB. [loka3zaHa BO3MOXKHOCTE OIIpefesIeHUs HallpaBJIEHUS CO
cpenHel omnbKoi okoso 0.3 rpagyca. B ganbHelneM npealoKeHHBIM Toaxon OyoeT
KWCIIOJIb30BaH OJIs1 MyJIbTUMOOAJIFHOTO aHajiu3a JaHHEIX, [T0JIydaeMbIX C HECKOJIBKUX
TUIIOB YCTAHOBOK, BXoOA1ux B kKommiekc TAIGA.

PaboTa BBITIOIHEHA IIPU MMoamepkKe Poccuiickoro HaydyHoro ¢poHma (rpaHT Ne
24-11-00136).



41. Mopdonorudeckasi KiaCCuH(pPpHKAITUS IKETOB aKTUBHBIX siiep
rajJlaKTHK

3aeopyaa [I. C. (1), Jlucakos M. M. (2)

(1) MockoBckuil PU3NKO-TEXHUYECKUU UHCTUTYT, (2) ACTPOKOCMUYECKUM LIEHTP
®dusuuyeckoro nHctutyrta uM. I1. H. JlebemeBa Poccuiickol akageMuu HayK

O0peM papuouHTepdhepoMeTPUUECKUX HAOTIONEeHUM KBa3apoB ITO3BOJISIET
HMCIIOIb30BaTh METOOLI MAIIIMHHOTO 00yYeHUs OIS Kilaccudukaiuu o0beKTOB 10 UX
BU3Ya/IbHBIM 0COOEHHOCTSIM. Panee ®aHapoBLIM U Paiinu Obliia IpoBeeHa
KjlaccuduKalus PelsiTUBUCTCKUX CTPYH (OKETOB) B pafuoralakKTUKaxX Ha MaciiTabax
KMJIOIIapCeK U ObIjia BHISIBI€HA KOPPENIAINS MeXKOY ITOJTHOM CBETUMOCTBIO 00BbEeKTa U
ero mopdonoruei. Mopdonorundyeckast Kiaccubukalius Ha MacHiradbax mapcexk,
ropasmo OyuKe K IIeHTPaJIbHOM YEPHOU ObIpe, I03BOJIKIa Obl CO3MaTh BEIOOPKH,
OCHOBaHHBIE Ha BU3ya/IbHBLIX 0COOEHHOCTSIX CTPYM: AeTalibHee UCCIeOoBaTh
XapaKTepHBIE IIPOCTPAHCTBEHHbIE CTPYKTYPHI AKETOB, a TaKXKe YBEJIUYUTh TOYHOCTh
s cucteM riob6anbHoro no3unuonupoBanus (IJIOHACC/GPS) ¢ ucnonb3oBaHAEM
TOYEYHBIX UICTOYHUKOB. [IJ151 CO3HaHus MOOOOHBIX BEIOOPOK HaMU OBIJIN BhIAEIEHHI
YyeThIpe MOP(POIOTUYECKUX KilacCa: OOUHOYHBIA TOUEUYHBIM UCTOYHUK, JBOMHOU
TOYEYHBIM UCTOYHUK, UCTOYHUK C OJHO- M IBYCTOPOHHUM HKeToM. MbI pa3zpaboTanu
CUHTEeTHYEeCKHe MOOEeNIN OKEeTOB aKTUBHEIX sigep ranakTuk (AAl’), KkoToprie
HCII0JTb30BaIUCh [JISI TeHepaluu 00y4daroIieil BEIOOPKHU [JIsi KjlacCudUKaTopa.
MopdonorudyeckuM KiaaccuduKaTopoM cTasa pa3paboTaHHass HaMU CBEPTOYHAST
HelpOHHAas ceTh, 00yUYeHHast Ha CUHTETUYeCKUX JaHHbIX. OOyuyeHHass HeMpoHHas
CeThb MCIOJIb30BaiaCh AJi MYJIbTUKIIACCOBOM Kiaccupukanuu 89 ThICAY
n3obpaxennit AAl" u3 6a3wl AcTporeo. [IJ19 KOTUYeCTBEHHOM OIleHKH KadecTBa
paboThl KiTaccupuKaTopa OOIIOTHUTEIILHO OBINT pa3paboTal BeO-uHTEpdeEiic mus
pyuHoi pa3mMeTku KapT AAl'. Pacnipenenenue n3o0paxkKeHuM 10 BhIAeJIEHHBIM
KjlaccaM, IIpeacKa3aHHOe HEMPOCEThIO, KAYECTBEHHO COOTHOCUTCS C
IIpenrosiaraeMbeIM. Pe3ynbTupyioias KinaccuguKalius Mo3BOJIUT CO3aBaTh BEIOOPKU
07151 acTPOoPU3UYECKUX U aCTPOMETPUYECKUX 3afad. B manbHeNIel NepClneKTuBe
IJTAHUPYETCS afalTUPOBaTh pa3paboTaHHBIN KiacCupUKaTOp mod UHCTPYMEHT IS
rorcka n3obpaxenut AAl' co cxoxen Mopdooruen, a TakkKe MacCOBO CPaBHUTh
MopdosIoruio AKeToB Ha MacluTabax mapcek M KUJIoIlapcexk.

42. Application of Kolmogorov-Arnold Networks in high energy
physics

Abasov E.(1,2), Boos E.(1), Bunichev V.(1), Volkov P(1), Vorotnikov G.(1), Dudko L.
(1), Zaborenko A.(1,2), Iudin E.(1,2), Markina A.(1), Perfilov M.(1)

(1) Skobeltsyn Institute of Nuclear Physics, Lomonosov Moscow State University, (2)
Lomonosov Moscow State University, Faculty of Physics

Kolmogorov-Arnold Networks represent a recent advancement in machine learning,
with the potential to outperform traditional perceptron-based neural networks
across various domains as well as provide more interpretability with the use of
symbolic formulas and pruning. This study explores the application of KANs to
specific tasks in high-energy physics. We evaluate the performance of KANs in



distinguishing multijet processes in proton-proton collisions and in reconstructing
missing transverse momentum in events involving dark matter.

44. IT'eHepanusi IOKa3aHHH HA€MHBIX eTEKTOPOB H IIOMCK
QHOMAQ/IMH B TaHHBIX C IOMOIILI0 HEHPOHHBIX CEeTeH

®umaaduHos Pobepm Pasusavesuu (1,2), Xapyk HeaH Bauecaasosuu (1,2)
(1) MOTH, (2) UIU PAH

OCHOBHOM 11eJIbI0 JaHHOU pa0oTH OBIJIO pa3paboTaTh TeHePaTUBHYIO HEMPOHHYIO
CeTh IJIs1 PEKOHCTPYKIUU ITOKa3aHUK IOBEPXHOCTHBIX IEeTEKTOPOB 3KCIIepUMEHTa
Telescope Array u moucKa aHOMAaJIUU B JaHHBIX CT€HEPUPOBAHHBIX C IIOMOIIIBIO
Pa3IUuYHBIX MOJe/Ier OCHOBaHHLIX Ha MeToge MouTe-Kaprno. 171 penieHuss 3Tou
3apmaum Oblyla BEIOpaHa reHepaTUBHO-COCTSI3aTelIbHAsI CeTh BacTepiieliHa ¢
rpagueHTHBIM mTpadom. 1151 o0yyeHUsT Mojenel ObIJTM UCIIOJIb30BaHbl JaHHEBIE,
COMIIINPOBAHHBIE C TOMOIIBIO MeToma MoHTe-Kapio. B pamkax paO®oTH OBIIO
pelieHo aBe 3adayu. [lepBou 3ajadel CTOSIO HallMCaHue HEUPOHHOM CEeTH O
reHepaluu MoKa3aHUM U ITOMCKa aHoOMaIul Ha Haubojiee akTUBHOM JIETEKTOPE B
KaXXIOM perucTpupyeMom coOwiTur. HanmmcaHHast Moenb MOKa3aja PealuCTUYHbIe
pe3yJIbTaThl U ITOMOTJIa HalTH OeTalbHbIe Pa3/IN4YusI MeXOy pPeabHbIMU TaHHBIMU U
OAaHHBIMU, COMIIJIMPOBAHHLIMU C ITOMOIIBI0 MeToga MoHTe-Kapro. Takxke ois
YHCJIEHHOTO CPaBHEHUS PA3IUYHBIX Mofesiel OblJI IPUMEHEH aJITOPUTM ITOMCKaA
aHOMaJIMi. AITOPUTM BHISIBUJI OTIIMYHOE ITOBEJEHNE COMIIJIMPOBAHHBIX JaHHBIX C
riomo1nsio Mopesnied QGSJET-II-03 u QGSJET-1I-04 Ha npoTOHaX C BEPTUKAJIbHEIMU
yriaMu nageHusi. Bropou 3ajadeu CTOSI0 HallUCaHue HEUPOHHOM CEeTHU [
reHepanuy nokasaHui 36 meTeKTopoB. B pamMKax 9Tol 3afadyu TpeboBaloCh HAYUYUTh
MO[eJlb TeHeprupoBaTh 4 IMoKa3aTelns O/ KaXA0T0o AeTeKTopa: NHTerpaabHbIU
CUTHAJI JeTEeKTOopa, BpeMs Mpuxoda PeKOHCTPYHUPOBAHHOTO IIJIOCKOTO (PpOHTa, BpeMs
IIpuxofia CUTHalla, ¥ MacKa, MoKa3bIBaloIllasi cpaboTan M1 OeTekTop. s aTou
3apayu ObLIM HallMCaHbl QYHKIIUU IOTEPh, OCHOBAaHHLIE Ha pU3UKe
pacnpocTpaHeHUus MIMPOKOro aTMoCc(epHOro nuBHA. Mogenb moKa3aja BU3yaJIbHO
CXOJKMe JaHHbIE U IIPUMEHUMOCTh QYHKIIMU IOTEPh, OCHOBAHHOU Ha BeJIMYUHE
IIpaBOOoINIOmo0Ms X1-KBaapaT, OJid TeHepalui JaHHBIX (U3NUYeCKUX S9KCIIEPUMEHTOB.
Mogenu CMOTJIM IIPEBLICUTH CKOPOCTh I'eHepallii JaHHBIX, B CDABHEHUHU C
reHepalnye MeTogaMu, OCHOBAHHBIX Ha MeToge MoHTe-Kapiio, Ha HECKOJIbKO
TIOPSOKOB.

MaiiuHHOe oﬁyquHe H BBICOKOIIPOHU3BOIHUTEJ/IBHbIC
BbIuHuCjIeHusi. CxoacrBa u pa3/Ingdmus

A.Mockosckut

I'pynna komnanuii PCK

25. PexoncTpykuus IIIAJI, 3aperucTpupoBaHHBIX
dbayopeciieHTHBIMH TeJIECKOIIaMH, C IIOMOIILI0 HEHPOHHBIX CeTeH

Muxaua 3omos(1), I1Tasen 3axapos(2) 015 Koaaabopauuu JEM-EUSO



(1) HUUAP MI'Y (2) BMK MI'Y

dnyopecueHTHBIE TeneCKOnbl (OT) ABIAIOTCA OOHUM M3 BaXKHBIX UHCTPYMEHTOB OJIs
perucTpaiuu CBeueHus MUPOKUX aTMochepHbix nuBHel (IIIAJ]), mopoxKpgaeMbIxX
KOCMHUYECKVMMHU JIydaMU CBEPXBBICOKUX 3Heprui. Ha oCHOBe MOAENIbHBIX JaHHbBIX O
ctpaTocdepHoro Teneckona EUSO-SPB2 u HazemHoro teneckorna EUSO-TA,
pa3paboTaHHBIX B MeXAyHapoaHol Kojnabopanuuu JEM-EUSO, MBI moOKaxeM, KaKUuM
00pa30oM pa3nUYHbIE METOOLI MAIIMHHOTO 00y4YeHUsT MOT'YT OBITh MCIIOJIb30BAHKI IS
pacmo3HaBaHus TPeKoB IITIAJI, 3aperucTpupPOBaHHLIX C TOMOIIBIO TaKUX ITPUOOPOB.
M&=1 TakKe npencTaBUM IpeaBapUTesibHbIE Pe3yJIbTaThl PEKOHCTPYKIIMU SHEPTUU U
HaIlIpaBI€HUS IIPUXO0Jda MEePBUYHBIX YAaCTUL] C IIOMOIIbI0O CBEPTOYHBIX HEMPOHHBIX
ceTeu.

MopenupoBaHue u aHanu3 ana EUSO-TA nmogmep>kaHbl rpaHTOM PHO® 22-62-00010;
pas3paboTka HelpoHHEIX ceTel miust EUSO-SPB2 Oniyia BHIIIOJTHEHA ITPU ITOAIEPIKKE
rpanta PH® 22-22-0367.

46. Onpenenenue HanpasjaeHus IIIAJI mo nanasiM TAIGA
HiSCORE c noMouibi0 MOJTHOCBSA3HBIX HEHPOCEeTeHr

A.Il. Kpwkos (1), C.I1. IToasikos (1), A.A. Baackuna (1), I1.A. Boauyeos (1), E.O.
I'pecw (1,2), A.I1. [lemuues (1), FO.FO. [Tybexckas (1), J.I1. 2Kypos (1,2), E.b.
INocmHukos (1)

(1) HUUA® MI'Y, (2) HUUTI® UTY

HamnpaBneHue npuxoga IMMPOKuX aTMochepHbix nuBHel (IITAJI) mo3BomnseT
OIpenesiuTh UCTOYHUK raMMa-U3JIy4eHUs U UrpaeT BaXXHYI0 POJIb OJ1 OLleHKU
SHEPTrUuU IMePBUYHOU YaCTULEL. YIaBIUBalOIIe YePEHKOBCKOE U3JIyYeHNe CTaHIIUU
HiSCORE B npoekTte TAIGA pacnpepmeneHbl Ha IIJIOMIaau OKOIO 1 KB. KM 1
PETUCTPUPYIOT BpeMs Ipuxona (POTOHOB M UX KOJIUYECTBO, YTO IIO3BOJISET
onpenensaTh HampaBiaeHue ocu IITAJI ¢ BEICOKOM TOYHOCTBIO. B maHHOU paboTe MbI
HWCHOOIb3yeM [OJis olpenesieHus HanpasineHus [ITAJI monmHOCBsA3HBIE HerpoceTu. CeTu
o0y4anuch 10 JaHHBIM, CMOAEJIMPOBaHHBIM C TIOMOIIIbIO anroputMa MoHTe-Kapno
IJi TaMMa-KBaHTOB. [loKa3aHa BO3MOXKHOCTH OIIpefesiIeHNs HallpaBJIEeHUs CO
cpenHel omubkoi okoso 0.3 rpagyca. B manbHeleM npeanoxXeHHbIN noaxon OyoeT
KCIIOJIb30BaH OJIs MyJIbTHMOLAJIbHOI'O aHaIM3a JaHHBIX, IT0JIy9aeMbIX C HECKOJIbKHUX
TUIIOB YCTaHOBOK, BXOoOAIIuX B Kommiekc TAIGA.

Pa6oTa BeITIONTHEHA IIpU NToaaepkKe Poccuiickoro HayyHoro ¢poHaa (rpadT Ne
24-11-001306).

45. [IppyMeHeHHe HEHPOHHBIX CeTeH JIsSi BLIYUCICHHSI
KOHTHHYa/ILHBIX HHTEI'Pa/IOB B KBAHTOBOH TEOPHH

CanavHukos [1.B.(1,2), Bacuaves A.B.(1), HeaHos A.C.(1), Yucmskos B.B.(1)
(1) MT'Y umenu M.B. JlomoHocoBa, (2) UAU PAH.

B KBaHTOBOM TEOPUH IIOJISI CPEIHUE 3HAYEHUS HaOII0gaeMbIX MOTYT OBITh
TIpeICTaBleHbl B Bue PyHKIMOHAIbHOTO UHTETpasia. B o6iieM cinydae ero He



yOaeTcs BHIYUCIUTh aHaMUTUYeCKu. CyIIeCTBYIOT Pa3/IuuHbIe TPUOINKEHHBIE
MEeTOObl PACYETOB Ha PelIETKe, HanmpuMep, MmeTon MoHTe-Kapio. B HacTos1iee
BpeMs pa3BUBAETCH IIOOXOM K PEIIeHUI0 3TON 3ajay¥, UCIOJIb3YIOLIUY HEMPOHHEIE
cetu. B Hamie#t paboTe MBI BEIYUCIUIU QYHKIIMOHATbHBIE NHTETPasbl B PA3TUYHBIX
MO[eJisiX KBAHTOBOU MeXaHUKU C IIOMOIIIBI0 aJITOPUTMa HOPMAaJIU3YyILIUX IIOTOKOB.
I7151 OBICTPBIX BEIYUCIIEHUM C BLICOKOM TOYHOCTBIO 3TOT aJITOPUTM IPUMEHSIIICS
COBMECTHO C METOOOM TeHepaluu IIPU IIOMOIIM MapKOBCKUX IIEIIen.

40. AcciiegoBaHHe MeXaHH3Ma 'eHepallMu raMMa-BCIIbIIIEK B
O/1a3apax

CatigpemouHos A.P., JTucakos M.M.

MocCKOBCKHU (DU3UKO-TEXHUYECKUU UHCTUTYT, ACTPOKOCMHUYECKUU IIEHTP
®dusnyeckoro uHctutyTta um. I1. H.JlebemeBa PAH

Brnazapkrl, pa3HOBUOHOCTh aKTUBHEIX rajlakKTUYECKUX AOep, 3allyCKarollux
y3KOHaINpaBJIEeHHbIE CTPYU PEJISTUBUCTCKOU IJIa3Mbl, U3BECTHHI KpalHeu
W3MEHYUBOCTHIO IPKOCTU B BCEM 3JIEKTPOMarHUTHOM CIleKTpe. B raMmma nuarna3oHe
UX TPKOCTh MOXKET YABOUTHLCSA BCETO 3a HECKOJIBKO 4acoB. OQHAaKO MeXaHU3MBbI
0o0pa30BaHUs TAaKUX BCITBLIIIIEK 10 CUX ITOP HE MOHSATHLL. B maHHOM paboTe MBI
pa3paboTanu MOJenb, ITO3BOJISIOIIYIO ONIPENENTUTh OUala30H ITapaMeTPOB BCIIBIIIIEK B
raMMa guanas3oHe. s 9TOro MBI CO3OAJIU OaTaceT, BEIOeIuB 869 BCHOBIIIIEK B raMMa
Ouana30He U3 KPUBBIX OJIeCKa, ITOMYYEHHBIX C ITOMOIIIbI0 KOCMUYECKOM 06cepBaTOpun
Fermi B quamna3one saxnepruu 20 MsB - 300 I'sB. [locrne co3ganu HEUPOCETEBYIO
MOJeJIb Ha OCHOBE BapuallMOHHOT0 aBTo3HKoAepa (VAE) u paccmoTpenu
reoMeTpudYeCcKni MexaHu3M 00pa30BaHUs BCIILIIIIEK, OCHOBAHHLIM Ha CIIUPAJIbHOM
¢dopme ctpyu. Mogens VAE mo3Bosiuia NONYyYUTh 2-MepHOe NHPOPMaTUBHOE
IIPOCTPAHCTBO BCEX BCIHIIIEK, & CTeHEPUPOBAHHbBIE T€OMETPUUECKOU MOAEIBIO
BCIIBIIIIKY ONpefesiniIu pacipenejieHre napaMeTpoB B 9TOM IPOCTPaHCTBeE.
[TonyyeHHas MOOeJsib II03BOJIIET He TONBKO 3(p(HEeKTUBHO KIaCTEepPU30BaTh BCIBIIIKUA
1o ¢opMe, HO ¥ OBICTPO T€eHEPUPOBATh BCIILIIIKY C 3alaHHLIMU TapaMeTpaMu. B
maibHEeWIeM NJIaHUPYyeTCs caelaTh 00jiee CI0XKHOEe MoOelIupoBaHue oOpa3oBaHUe
BCIIBIIIIKY U PACIINPUTH KOJIMYECTBO OIIPeaesieMblX (U3NUYeCKUX IapaMeTpPOB.

70. MHOroMepHasi OITUMHU3AlUsI JEeTEKTOPHBLIX CUCTEM Ha
npuMepe MIOOHHOHM 3aIllUTHI B 9KcnnepuMmeHnTte SHiP

Kypbamos E.O., PamHukos @.]].
HUY BIIIS

SHiP (Search for Hidden Particles) - HOBBIN 3KCIEpUMEHT 00IIIero Ha3HaUeHUsI Ha Ha
Konbile SPS B CERN, B 3ajayyl KOTOPOTr0 BXOOUT MOKUCK CKPBITHIX YaCTHII,
MIpeIoKEeHHBIX MHOTOYMCIIEHHBIMU TeopusiMu BHe CTaHOapTHOU Mopgenu. BaxkHbBIM
3JIEMEHTOM 3KCIIepPUMEHTa SIBJIeTCS MIOOHHAas 3amuTa. C OOHOU CTOPOHEL, OHA
OoJIDKeHa o0eclieuymBaTh XOpolllee IofgaBieHue PoHa, a C OPYTrou - He OBITh CIIUIIKOM
Ts2KeJiou. B marnHOM paboTe mpefcTaBieHbl Pe3yIbTaTh MOIydYeHnsI KOHPUrypauu
MIOOHHOU 3aIllIUTHI C TOMOIIBLI0 0alileCOBCKOW ONITUMU3AIIUY.



39. PenreHue 3aJa4 MaTeMaTHYE€CKOH (PH3HUKH HaA CETAX
pagHaIbLHBIX 0a3UCHBIX PYHKITHH

CmeHvkuH [Imumpulti AasekcaHoposud, 'opbaueHko Baadumup HeaHosuu
[leH3eHCKUY IOCyZapCTBEHHLIW YHUBEPCUTET

BonbIIMHCTBO 3afjay MaTeMaTU4YeCKOU (PU3UKU HEe yOaeTCs PEIINTh aHATUTUYECKHU.
PelreHre onynsapHLIMU MeTOAaMM KOHEUYHBIX Pa3HOCTEN ¥ KOHEUYHBIX 3JIEMEHTOB
TpeOyeT MMOCTPOEHUSI CETKU U PEIIeHUsI CUCTEM CETOYHBIX YpaBHEHUN BHICOKOU
pa3mepHoOCTHU. [IoCTPOUTHL CETKY 3a4acTyl0 HOBOJILHO CJIOKHO, OCOOEHHO IS
obsiacTel ClI0XKHOU KOH(purypamuu. CeTouHble YypaBHEHUS UMEIOT BEICOKYIO
pPa3MepHOCTh U IIJIOXYI0 00yCIIOBJIEHHOCTh. PEIIUTE 9TU NIP0OIEMEI ITIO3BOJISIOT
(usmnuecku nHGOpPMHUPOBaHHLIE HEUPOHHBIE ceTH (physics-informed neural
networks). Takue ceTu allIpOKCUMUPYIOT PelIeHre KpaeBou 3afayu, MUHUMU3UPYS
HEBSI3KY ypPaBHEHHUS B TOUKaX KOJIJIOKAlIUM BHYTPU U Ha rpaHUIle 00/1aCTU PeLIeHns.
®usnuecku UHGOPMUPOBaHHLIE HEUPOHHLIE CETU IIO3BOJISIOT HAUTU PElIeHue B
IIPOU3BOJIBHEIX TOUYKax 001acTu 0€3 NOCTPOEHUS CETKU, IO3BOJISIIOT pellaTh IPsMbe
1 oOpaTHHEIE KpaeBhle 3aadyu. B pusnuecku HHGOPMUPOBaHHBIX HEMPOHHBIX CETSIX
OOBIYHO MPUMEHSIOT IIOJTHOCBSI3HBIE HEMPOHHBIE CETU (MHOTOCJIOMHEIE
IIEPCENTPOHBI). B KauecTBe aJlbTepHATUBHL aBTOPHL IpeAjiaraloT UCI0JIb30BaTh
buzuvecky nHGOPMUPOBAHHLIE CETH PagualibHBIX 0a3uCHBIX GpyHKIUM. CeTu
papmanbHBIX 6a3UCHBIX QYHKIUM cogepaKaT TOJIbKO OBa CJI0s, YTO yIPOIaeT IIPOoliecc
o0yueHusi. [TOJTHOCBSI3HBIE CETU CJIOXKHEee 00YYUTH M3-3a OOJILIIOT0 YKUCIIA CJIOEB.
[Ipu pellleHNM Ha CeTSIX pafgualbHBIX 0a3UCHBIX QYHKIIUM KpaeBhIX 3aAad
MaTeMaTU4YeCKOou (U3UKHU CII0KHOM MPOOIeMOH SIBIsIeTCS BEIOOD ITapaMeTpoB
papmanbHBIX 0a3UCHBIX (GYHKIMU. ABTOPHI IIpeajiaraiT B Ipollecce OO0yYeHus
du3nyecky nHGOPMUPOBAHHLIX CETEN pPaduabHBEIX 0a3MCHBIX GYHKINNU HacTpauBaTh
He TOJIBKO JIMHEUNHbIEe TapaMeTpPhl CETEN — BecCa, HO U HEeJIMHEUHbIe TapaMeTphI
6as3ucHbIX QyHKUMH. 1715 00yyeHus1 Gpu3ndecKu UHOOPMUPOBAHHBIX CETEM
paguanbHbBIX 6a3UCHBIX QYHKIIMYM HaMU afalTUPOBaHbl T'PagueHTHBIE aJlTOPUTMbI
IIePBOTO MOpPsAAKa (FrpagueHTHOT0 ciycKa, HecTepoBa, alrOpUTMEL C afallTUBHOU
CKOPOCTbHIO 00y4YeHUsI) ¥ aJITOPUTM BTOPOTO ITOPsSiiKa — aJrOPUTM
JleBenOepra-MapxkBapaTa. ABTopaMu BIlepBble pa3paboTaHbl, peaii30BaHbl U
9KCIIEPUMEHTAJIbHO UCCJIef0BaHbl 0€CCETOYHBIE aJITOPUTMEL pellleHus Ha QU3nYeCKH
MH(GOPMUPOBAHHBIX CETSIX pafualibHbIX 0a3UCHBIX (PYHKIMM IPIMBIX KPaeBhIX 3a1a4
1 00paTHHIX KO3(h(GUIMEHTHBIX KpaeBhIX 3aflayd 151 KyCOUHO-OOHOPOOHEIX CPET,
OT/IMYaloIuecs UCIIOIb30BaHueM OLICTPOTro MeTona JIleBeHOepra-MapkBapATa C
aHaJTIUTUYECKUM BHIUNCIJIEHUEM MaTpulbl Ako6u. [Ing pemeHuss oOpaTHOU 3agaydu
Oblsla IpUMeHeHa IlapaMeTpuiecKas ONTUMHU3anusa. ABTopamMu OblIM pa3paboTaHE,
peanu30BaHHE U 3KCIIEPUMEHTAIbHO UCCIIeq0BaHbl 0€CCETOYHBIE aJITOPUTMEL
pelieHus Ha GU3MYECKU UHPOPMUPOBAHHEIX CETAX pafgralbHBIX 0a3UCHBIX QYHKIIUU
3apa4 rugpoouHaMuku. B mokiage mpencTaBieHbl pe3yIbTaThl pellleHus psaga
MOMEJIbHEIX 3aja4, IeMOHCTPUPYIONIYEe IPeUMyIllecTBa pa3paboTaHHBIX aJITOPUTMOB.

58. Enhanced Image Clustering with Random-Bond Ising Models
Using LDPC Graph Representations and Nishimori Temperature
Estimation

Usatyuk Vasiliy, Sapozhnikov Denis, Egorov Sergey



South-West State University, T8 LTD, South-West State University

This article investigates the application of Random-bond Ising Models (RBIMs) for
clustering image data while utilizing graph representations derived from Low-
Density Parity-Check (LDPC) and Quasi-Cyclic LDPC codes. These codes are
constructed using an approach rooted in Energy-Based Models (EBMs),
incorporating topology-aware graph models to enhance dynamic analysis within
Deep Neural Networks (DNNs). By leveraging the graph structures inherent in tree-
like, QC-LDPC codes, our approach aims to capture intricate patterns and latent
features present in image datasets. The integration of EBMs facilitates a deeper
understanding of the underlying energy landscape, enabling effective representation
learning and clustering. Through empirical evaluation, we demonstrate the efficacy
of our methodology in uncovering complex data structures and elucidating the
interplay between graph representations, energy dynamics, and clustering
performance. Our findings underscore the potential of RBIMs and LDPC-based
graph models in advancing unsupervised learning tasks and enhancing the
interpretability of clustering algorithms in diverse application domains. The article
demonstrates the improvement of image classification algorithms based on Erdos-
Rényi graph RBIM and EMD Spectrum and Hamming Distance optimized LDPC
codes bipartite graphs RBIMs. The proposed approach also refines a numerical
method for accurately estimating the Nishimori temperature using the eigenvalues
of the Bethe Hessian matrix from the curvature landscape of optimized weighted
graphs.

Ceknusi 2. MammnuHHOE 00yueHHe B HayKax 00
OKpYyzKalollleH cpeae

9.CpaBHHUTEJILHBIA aHAIU3 METOT0B MAIlIHHHOI O U ITyOOKOI O
00y4YeHHsI B 3aJlade KIaCcCH(PHUKAIIUU BOTHOBBIX (GOPM IOTHOTO
3JIEKTPOHHOI O COOep2KaHUuSsA

Ten A.C.(1), CopoxkuH A.A.(1), Illecmakoe H.B.(2,3)

(1) BeruucnutensHbil 11eHTp IBO PAH, r. XabapoBck, (2) UHCTUTYT NPUKIIagHONU
MmaTteMatuku [IBO PAH, r. BnaguBocTok, (3) JanbHEBOCTOUYHBIN (peepanbHbIN
YHUBEPCUTET, T'. BlaguBOCTOK

MHorue omacHble MPUPOAHBIE IBIEHUS BhI3BIBAIOT NOHOC(EPHBIN OTKIUK, KOTOPHIHN
MOXKeT ObITh 3apUKCUPOBaAH BO BDEMEHHBIX PsifiaxX IIOJTHOTO 3JIEKTPOHHOTO
comepxkanus (IT9C), pekoHCTPpyHupoBaHHLIX U3 AaHHLIX [[HCC-Habm0OeHnN.
PasButue ceteii THCC u COOTBETCTBEHHO POCT 0O0beMa MHCTPYMEHTAIbHBIX JaHHBIX
YCJIOXKHSIEeT UX 00pabOTKy, YTO 3HAYUTEJIbHO YBEeIUUYHUBaeT BpeMs Ha IIOMCK U aHaJIu3
COOBITHS, TPU 3TOM PACTET PUCK BO3HUKHOBEHUS PA3JIMUYHBIX TEXHUYECKUX OIIHOOK.
Llenp HamIero UCCiIeaoBaHUs - CPDAaBHUTh HEKOTOPHIE KJIaCCUYECKHEe MOMesn
MAaIlIMHHOTO O0y4YeHUsI 1 HEMPOHHBIE CETU B 3afaue KjacCupuKaiul BOITHOBLIX GopM
[19C u Oo11eHUTH MX BO3MOZKHOCTH AJIS CO3TaHUS aJITOPUTMa aBTOMAaTHU3UPOBAHHOT O
IIOKMCKa KOBYJIKaHMYeCKUX noHOoChHepHbIX Bo3myIeHul (KWB) no garasiMm THCC. B
TIPEIOKEeHHOM aJITOPUTMeE POJIb KlaccuduKaTopa BHIIIOIHSIET 00y4yeHHass MOMEeb.
Mopenu OblIv 0OyYEeHHI [JIs1 PeIleHus 3agayn OMHAaPHOU KilacCupUuKaIlluKU C



HCIO0JIb30BaHMEM HabOPOB MaHHBIX BOTHOBHIX (opM [13C, comepKaIiux MpuMepsl
OByX KiaccoB - ryM u KM B. BonmHoBBIE (hOpMEBEI pa3Medaanuch Ha IpuMepe
n3BepxkKeHus BynnKaHa [Iuk CapriueBa (Kypunbckue ocTpoBa), mpousoiuefmero 11-
16 utonsa 2009 r. [Ins o6ydyeHUs: KjIaCCUYECKUX MOfieei OblIN ITPEeaI0KeHbl
crenuanbHble TPU3HAKU JaHHBIX BOJTHOBHIX (hOpPM, ITogoOpaHHbIe C Y4EeTOM
BBIUKCIUTENBHOU 3¢ PHEeKTUBHOCTU anroputMa. [IpoBegeHo cpaBHEHUE MOfeJiel 10
MeTpUKaM KadeCTBa KlacCUupUKaIUU: OJIsI MOOEIU Ha OCHOBE TPAAUEHTHOTO
OyctuHra KoadgduireHT Koppensiuu MeTbioca Ha TeCTOBOM BEIOOPKe paBeH 0,83, a
JIy4IlIUY pe3yJibTaT Cpegu HEWPOHHEIX ceTeu Ioka3asa ceTb FCN co 3HaueHuEeM
0,79. B pe3ynpTaTe IPaKTUYECKOI0 IIPUMEHEHU IPEIJIOKEHHOI'0 aJIrTOpUTMa Ha
TECTOBBIX JAaHHBIX aJITOPUTM C KJjIacCCU(PUKATOPOM Ha OCHOBE IPalueHTHOro OyYCTUHTa
rmoka3an 96% oOHapyKeHHBIX BO3MYIIIEHUM, IIPU HEOOJIBIIIOM KOJIMYECTBE JIOXKHBIX
cpabaTtriBanui (48 Ha 200 TecToOBBIX (aiiioB), a aITOPUTM C HEUPOHHOU ceThio FCN
- 95% mpu 105 noxHBIX cpabaThiBaHUAX. [IoKa3aHO, YTO IPU YCIOBUM HEXBATKU
pa3MedYeHHbBIX JaHHBIX UCIIOJIb30BaHKE KJIaCCUYECKUX MOJesied MaIllluHHOT' O
oOyuyeHus Oojiee OoIlpaBOaHHO, T.K. HEMPOHHBIE CETH UMEIOT IIPU3HAKU
repeoOydenus. [lonydeHHbIe HAMU PE3YJIbTATH ITO3BOJISIIOT YTBEPXKAATD, UTO
MOfeb, 0OOydeHHasl Ha MpeaJioKeHHBIX ITpU3HaKaX JaHHBIX, 00eclieYrnBaeT BEICOKYIO
TOYHOCTh OOHapyxkeHust KB, u TakKe, 4TO IIPeAIOKEHHBIN aJITOPUTM MOKHO
KCIIOJIb30BaTh B CUCTEMaxX OIlepaTUBHOTO MOHUTOPUHTA 3a ByJIKaHUYECKOUN
aKTUBHOCTHIO.

72. Application of machine learning methods for analyzing data
from semiconductor gas sensors in dynamic temperature mode.

Isaev 1.V. (1,2,3), Chernov K.N. (4), Shchurov N.O.(1,4), Dolenko S.A. (1), Krivetskiy
V.V. (3,5)

(1) D.V. Skobeltsyn Institute of Nuclear Physics, M.V. Lomonosov Moscow State
University, (2) Kotelnikov Institute of Radio Engineering and Electronics, Russian
Academy of Sciences, (3) Scientific-Manufacturing Complex Technological Centre,
(4) Physics Department, M.V. Lomonosov Moscow State University, (5) Chemistry
Department, M.V. Lomonosov Moscow State University

This work considered the problem of environmental monitoring of air in cities and
industrial areas, which consists in detecting gases and volatile organic compounds
using semiconductor gas sensors. To provide selectivity in the detection of certain
gases, several semiconductor sensors with different doping components were used.
Also, to ensure selectivity of gas determination, as well as high temporal resolution
of the sensors, nonlinear temperature operating conditions were used - the so-called
heating dynamics. Due to the high complexity of the model describing the processes
of interaction between gases and sensors, machine learning methods based on the
use of physical experiment data were used to process the sensor response. In this
study, we considered such machine learning problem statements as the regression
problem, the binary and the multi-class classification problem. The regression task
was to determine the concentration of a specific gas using data from a single
physical experiment. Also, within the framework of one physical experiment, the
presence/absence of a specific gas was determined in a binary classification
problem. Using a merged data set including several physical experiments, a multi-
class classification problem was solved, which consisted of determining the presence



of one of the gases under consideration. Each individual computational experiment
used response data from a single sensor and within a single heating dynamic. Based
on the results of the work, conclusions were drawn regarding the selection of
optimal sensors and heating dynamics for a specific gas/all gases.

The study was carried out at the expense of the grant No. 22-19-00703 from the
Russian Science Foundation, https://rscf.ru/en/project/22-19-00703/ [https://rscf.ru/en/
project/22-19-00703/1.

64. IPOTHO3UPOBAHUE XAPAKTEPUCTUK BO3BPATHOM
MHUATPAIIMA HEPKU B YCTBE PEKH ®PEU3EP C
IITPUMEHEHUEM METOOOB I'JIYBOKOI'O OBYYEHUA

M. A. Bopucos (1,2) M. A. KpuHuukuu(1,2)
(1)Mockosckul ¢pu3uko-mexHuuyeckulu uHcmumym, (2)MHcmumym okeaHos102uu
umeHu I1.I1. llupwosa PAH

B peruose ycThs peku ®peiizep B npoBuHIuM bpuTtanckas Komym6us, Kanapma,
Be[leTCs IIPOMBICJIOBEIM BBIJIOB HEPKU npennpuatuaMu u3 Kanans! u CIIA. 9ToT
PErvoH XxapakKTEPU3yeTCs CIIOXKHOU CUCTEMOU IIPOJINBOB MeXy OCTPOBOM BaHKyBep
1 MaTepukKoBOU 4yacThio KaHanwl. [IpoMEBICTIOBEIE CE30HEBI M COOTHOIIIEHME BBIJIOBA
Hepku Mexny CIIIA u Karanou onpenessiloTCs XxapakKTepuCTUKaMU BO3BPaTHOU
MUT'pPaAllUU HEPKU B 3TOU CUCTEME IIPOJIMBOB. B JaHHOM HCCIeJOBaHUU
paccMaTpUBaIOTCS CIeOyIollye KII0UeBhie ITapaMeTPhl BO3BPATHOM MUTPAILIUU HEPKU
(Oncorhynchus nerka) B KauecTBe LieJIEBLIX IEPEMEHHBIX: MeqUaHHas gaTa
BO3BpaTHOU Murpanuu asng nogsumoB Chilko u Early Stuart u gonst ceBepHOTO
OTKJIOHEeHUs. MenraHHas JaTa BO3BPAaTHOW MUIPallMU XapaKTepu3yeT MOMEHT,
kKorga 50% Bo3Bpamjatomuxcsa Hepku noasuga Chilko u Early Stuart u3 cesepo-
BOCTOYHOM YacTu THMXOT0 OKeaHa IIPUOBIBAIOT B yCThe MpoJiBa XyaH-ge-OyKa Mexay
Kanapmoit u CIIIA. [Tonst HepKu ¢ ceBepHBIM MapuipyToM murpanuu (NDR - North
Diversion Rate), Bo3Bpainarolercs B peKy Operizep yepes3 npoauB [I:KOHCTOH, B
CpaBHEHUU C BO3BpAILAIOIIUMUCS Yepe3 nponus XyaH-ge-Oyka, oTpaxKaeTt
IIPOIIEHTHHIN KO3 PULMeHT yXoaa prIOLl Ha CEBEPHBIM MaplUIPyT B TedeHUe roga. B
HaCTOAIEM MUCCII€JOBaHUM IIpeAnojaraeTcs CBs3b IIOBEJEeHUSI HEPKU C XUMUYECKUM
COCTaBOM MOPCKOU BOABI, TEMIIEPATYPOU ITOBEPXHOCTU MOPS U AUHAMUKOU TeYEeHUU
B BEPXHUX CJIOAX OKeaHa. B kauecTBe oOy4atoliei BEIOOPKU UCIIOIb3YIOTCS
pa3/InYHbIE IIepeMEHHbIE U3 JaHHBIX OTKPBITHIX peaHajln30B, B YaCTHOCTH, JaHHEIE
Glorys12, Takue Kak JIOKaJlbHbIE TeYEHUSI, CKOPOCTU T€YEeHUU y ITOBEPXHOCTHU MOPS,
COJIEHOCTh U TeMIlepaTypa II0OBEPXHOCTU MOPS, a TaKXKe [IepeMeHHble, CBI3aHHEIE C
B3aMMO[EUCTBHEM BO3yXa U MOPS, TaKMe KaK CKOPOCTb BeTpa, XapaKTEPUCTUKU
MOPCKUX BOJIH, JaBJIEHUE Ha YPOBHE MOpPS, TeMIepaTypa BO3ayXa, BJIaX)XHOCTb U
ocagku. [Togxog Momentum Contrast (MoCo) npuMeHsieTCS OJI U3BI€eYEHUS
IMPHU3HAKOBOT'O ONMCAHUS U3 HAaHHBLIX peaHasii3a U YMEHbIIEeH!US Pa3MEePHOCTHU
OaHHLIX, flajJlee B Ka4yeCTBE MOoJeJley UCIIOIb3YI0TCS CIIyYauHBIN JIeC, TPagUueHTHBIN
OycTuHT u rpebHeBas perpeccus. B pe3ynbTaTe NOJIydeHBl MOMEJH, TT03BOJISIONINE
ITPOTrHO3UPOBATh XapaKTEPUCTUKU BO3BPATHOU MUTPAllM HEPKH.

56. O030p MOTOYEYHBIX U KOMIUIEKCHBIX Mep KadyecTBa B
HCC/IeJOBaHUSAX aTMOC(hephbl H OKeaHa
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Peseos B.IO. (1,2), KpuHuuxkuu M.A. (1,2)
(1) Mockosckulu ¢pusuko-mexHudeckuti uHcmumym, (2) HHcmumym okeaHo02uu
um. I1.I1. HIupwosa PAH

B Haykax 00 okeaHe u aTMocdepe OJid ONUCaHUs KauyeCTBa MOAEeTUPOBAHUS U
MacIITabupoBaHUS UCIIONb3YIOTCSI 0000IIIeHHbBIE KOJTMYEeCTBEHHbIE TOKa3aTe !,
Ha3bIBaeMbIe MEeTPUKaMHu. MeTPUuKH, UK MepPhl, KaueCcTBa [aloT IIPeaCcTaBIeHHe O
TOYHOCTH BOCIIPOU3BENEeHUS MOeIbio (GU3NYECKHUX MPOIECCOB, U II03BOJISIOT
OIIEHUTH HEONpPEeIeIeHHOCTH Pe3yIbTaToOB Momesnel. B HacTosed paboTe MbI
IIpeACcTaBIsieM KiaccupuKaIuio Hanbojaee 4acTO BCTPEUAIOIINXCS B HAYYHOH
IUTEPAType METPUK KadecTBa. /I KaxKOou IPYIITE MeP KaueCcTBa IPUBEOEHEI
IIPUMeEPHI UX HUCIIOIb30BaHUS B HAaYYHEIX 3adadax. [IoMHUMO OIIeHKH JOCTOUHCTB U
HEeOOCTAaTKOB TPAOUIIMOHHLIX IIOTOYEYHEIX METPUK HUCCIeOYeTCS aKTyaJIbHOCTh
IIPUMEHEeHUST KOMIIJIEKCHBIX METOIOB, PaCCMAaTPHUBAIOIINX PA3IUYHbIE aCIIEKThHI
pe3yIbTaToB MOAeIupPoBaHusi. Cpean TaKuX CIeluPruUecKuX MEeTPUK BHIOEJISTIOTCS
MepPHI C aKIIEHTOM Ha IPOCTPAHCTBEHHOM CTPYKType ¥ HEOOHOPOOHOCTSIX
IIPOTHO3UPYEMBIX OJIeH ¥ BEPOSITHOCTHBIE METOILI ITPOBEPKU aHCAMOJIeBhIX
mpor#o3oB. OTOenbHOE BHUMaHNUE B JAaHHOM paboTe TaKKe MOCBSIIEeHO POCTY
TIOTMIYISIPHOCTH (P€HOMEHOJIOTHYECKUX METPHK, BKJII0Yasi METPUKH, OCHOBaHHBIE Ha
PEenKuxX U 9KCTPeMaJbHBIX IBIeHUsIX. Bce paccMaTpuBaeMble MepPhl JOIOIHSIIOTCS
CYIIIeCTBYIOIIIMMHU B HAYyYHOU TUTEPATypPe OIleHKaMU UX ITPUMEeHEeHUS K HaYYHBIM
3aJadyaM HCCJIeqOBaHMUS aTMOC(eprl U OKeaHa.

36. CTaTUCTHYECKOE IMIPOrHO3HUPOBaHHE YPOBHSA 3arpsi3HEHMUSI
BO3ayxa yacTunaMu PM10 u PM2.5 B ropoCKHX arjioMepanusix B
YCJIOBHSIX CJIOZKHOI'O pejibeda ¢ IpuMeHeHHueM MeTOa0B
MAIIMHHOI'O 00y4YeHHs1 Ha nmpuMepe r. I'peHo01n

Cycaos AnekcaHOp Heanosu4 (1), KpuHuukuu Muxaua Aaekceesuu (1,2), Staquet
Chantal (3), Le Bouédec Enzo (3)

(1) HHcmumym okeaHosaoz2uu um. I1. I1. [lTupwoea PAH, (2) Mockosckuli ¢pusuko-
mexHuueckull uHcmumym, HHcmumymckui nepeyaok, (3) Université Grenoble
Alpes, France

B HacTosIleM ucCegoBaHUU MEI IIpejiaraeM HeCKOJIbBKO METOLOB, OCHOBAHHEBIX Ha
MMOAXO0AaX MAIIMHHOTO 00y4YeHus, IJis IPOTrHO3UPOBAHUS YPOBHS 3arpsi3HEeHUs
BO3yXa B ropofax, pacIiojIoZKEeHHEBIX B TOPHBIX [0JIMHAaX. B KauecTBe npumepa
paccMmaTpuBaeTcs ['peHo6sbs (OpaHuus). 3afada MPOTHO3UPOBAaHUS YPOBHS
3arpsi3HeHUs pelllaeTcs KakK B IOCTaHOBKE PEerpecCuu, Tak U B IIOCTAHOBKE
KinaccupuKkaium GaKkTa OIPEBBIIIIEHNS IIOPOTOBEIX YPOBHEN. [[/151 MPOTHO3UPOBAHUSA
MBI ITPUMEHSIEM TTOAX0M, OCHOBAHHLIM Ha OAHHBIX, ITPUBIEKas pa3/IudYHbIe MOOEITH
MaIlnHHOTOo 00y4deHusi. Ha 0CHOBe HCTOpMYECKUX OaHHBIX 3a nepuop ¢ 2012 mo 2018
rofn, coOpaHHBIX Ha HECKOJIBKUX METEOPOIOTHUYECKUX CTAHIIMSAX, PACIIONIOXKEHHEIX B
monvHe 'peHo06IsI, MBI 00yYUIIM HECKOJIBKO MOAesiel MalIuHHOTO0 O0YYeHUSs OJIst
IIPOTrHO3UPOBaHUS CPEeOHECYTOUYHBIX 3HaUYEeHUM KOHIIEHTPaIllui MEeJTKOOUCIIEPCHBIX
vyactuly PM10 u PM2.5 Ha Tpu gHs Brepen. Hanbosbinnuii MHTEPEC B HAIIIEM
HCCJIeqOBaHNHU IPEOCTAaBISAIOT JHU C BEBICOKMM YPOBHEM KOHIleHTpauuu PM,
IIPEBHIIAIOINM IIOPOTOBLIE 3HAUYEHUSA onpeaeeHHble BcemupHou OpraHusanuen
3opaBooxpaHenust (BO3). Brisio oO0HapyKeHO, YTO HaJIu4due JTOKaTbHBIX
METEeOPOJIOTUYECKUX YCIOBUM IIPUBOOUT K POPMUPOBAHUIO TEMIIEPAaTyPHOU



MHBEPCUU, KOTOPAsi UMEET CTAaTUCTUYECKYI0O B3aMMOCBS3b C YPOBHEM 3aTrpPsi3HEHUS
BO3JIyXa B 3TOM peruoHe. HecMoTps Ha TO, YTO YPOBEHb 3arPsSI3HEHUS B
3HAYUTENbHOM CTEIIeHU 00YCJIOBIEH JIOKAJIbHBIMI METE0YCJIOBUSIMU, MOAEITN
MAaIlIMHHOTO 00y4YeHUs, paCCMOTPEHHBIE B HAIlIEM MCCIIeOBaHUU, MOTYT OBITh
aganTUPOBaHBI U OJIA APYTUX TOPOMOB, HAXOASIINXCSI B HU3MHAX. [IJIs1 3TOTO UX
Heo0xoauMo oOy4YUTh Ha pPeleBaHTHHIX MaHHBIX. B HacToOsIIEeM uccienoBaHuU
HCIIOJIh30BaJINCh METOILI aHCaMOIMPOBaHsI, OCHOBAaHHLIE Ha JEPEBbSIX PEIleHuH,
Takue Kak Catboost u Balanced random forest. [laHHbBIE METOOBI KOMOMHUPYIOT
ITPOTHO3BI HECKOJILKUX MOMEJIEeN [JIs1 MOBHIIMIEHUSI TOYHOCTU M YCTOMYUBOCTHU
OKOHYATEIbHOIO pellleHusi. Haunyuiie pe3ynbTaThl B IIPOTHO3UPOBAHUY YPOBHS
3arpsi3HeHHs BO3[IyXa KakK B IIOCTAaHOBKE Perpeccuu, Tak U KilacCuPUKaIUy MoKa3all
anroput™M Catboost. B 3apgauax kinaccudrkaumm TakKe X0POIII0 3apeKOMeH0Ball
cebst anroputM Balanced random forest, mpemHa3zHaueHHBIN OJIT PabOTH C
HecOaJlaHCUPOBaAHHBIMU JaHHBIMU. B paMKkax 3agauu perpeccuu Catboost

3¢ HEeKTUBHO aIIPOKCUMUPOBAJI ITUKU 3arpsa3HeHusa. 3HaueHuss RMSE cocTaBunu
7.35 = 0.58 Mkr/mM3 Oy IpoTrHO3a Ha TPU OHS BIiepeln. B moagxone Kinaccudukauuu
Catboost goctur Fl1-mepr 0.65, a BRF — 0.64 3a aHaJIOTUYHLIN II€PUOI.

49. AINPOKCHMAIIHA MPOCTPAaHCTBEHHO-BPEeMEeHHOH
M3MEHUYUBOCTH I'OPOJICKOro OCTpoBa Telia MOCKBBI MeTOdaMu
MaIIMHHOI'O 00yYeHHU ST

BapeHuoe Muxaua HseaHosuu (1,2,3,4), KpuHuukutu Muxaua Aaekceesuu (4,5,1),
CmenaHeHko Bukmop Muxaunaosuu (1,2)

(1) MI'Y umeHu M.B. JlTomoHocosa, HHUBII, (2) MI'Y umeHu M.B. JIomoHocCo8a,
TI'eoepaguueckuti pakyabvmem, (3) T'udpomemeoposo2uvyeckull Hay4Ho-
uccsiedosamenvckul ueHmp Poccutickou ®edepayuu, (4) HHcmumym ¢u3uku
ammocgepvl umeHu A.M. Obyxoea PAH, (5) HHcmumym okeaHosaoz2uu um. I1.I1.
IITupwosa PAH, (6) Mockosckul ¢pu3uko-mexHuyeckKuti uHcmumym,
HHucmumymcekul nepeyaok

OpHUM U3 IEePCIeKTUBHLIX HallpaBJIeHUM IIPUMEHEHUSI METOOOB MallIMHHOT O
o0yuenusi (MO) B METEOPOJIOTUHU SIBJITETCS 3afjada CTaTUCTUUYECKOTO
MacIITabupoBaHUS UJIM HayHCKEUIUHTa, TO €CTh MOBLIIIEHNE pPa3pelleHus
METEeOPOJIOTUYECKUX NaHHEIX. B paMKax aTou 3agauyu meTogel MO yacTto
paccMaTpUBaIOTCS KaK allbTepHATHBa BEHIYMCIUTENIbHO-3aTPAaTHOMY METOLY
OVHAMUYECKOT 0 JayHCKEeUJIMHTa C UCIIOIb30BaHUEM PEeTrnuOHaIbHBIX
rUapoguHaMUYecKux momesiesr atMocdeps! [1]. 3amaya mayHCKeMIuHTa 0C000
aKTyajlbHa OJisi ypOaHU3UPOBAHHBIX TEPPUTOPUM B CUITY UX ITPOCTPAHCTBEHHOM
HEOOHOPOOHOCTHU M HAJIMYHUIO JIOKAJTbHBIX MOTOJHO-KINMaTUYeCKUX aHOMallui, B
ImepBylo ouepenb 3ddeKTa ropoaCcKOTo OCTPOBA TeIljla - MOJIOXKUTEIbHOU aHOMAaJIuU
TeMIepaTyphl, OKa3bIBalollle 3HaYMMOe BIUSHHUE Ha TEPMUYECKUU KOMQPOPT U
300pOBbe HaceneHusd [2]. B mokname pacCMOTpPEH OOBIT ITPUMeHeHus1 MeTogoB MO
OJISI CTaTUCTUYECKON allIPOKCUMAIIUU ITPOCTPAaHCTBEHHO-BPEMEHHON U3MEHYNBOCTHU
OCTpOBa TeIlia (TOPOACKOM aHOMAaJIMK TeMIepaTyphl BO3[Ayxa) Ha OCHOBE
IIPEOUKTOPOB, XapaKTePU3YIOIINX KPyITHOMAacCIITaOHble aTMOC(EPHBIE IIPOIIECCH , Ha
npuMepe MOCKOBCKOro Merarmojrca. Ha mepBoM sTamne HCCIeJOBaHUS pelleHa
3afjladya «JayHCKeWJIMHTa B TOUYKY>» - alllIpOKCUMAaIuX HabIIoqaeMol pa3HOCTH
TeMIIePaTypPHl «Tropoa-GpoH» Ois meHTpa MocKBH [Varentsov et al., 2023a]. B Takou
IIOCTAaHOBKE BBIIIOJIHEHO CpaBHEHUE HECKOJIbKUX Mopenenn MO Tuma perpeccuu,



BKJIIOYast TUHENHYIO MOJie/Ib, METOOHI CJIy4alHBIX JIECOB, TPAJiuEHTHOT0 OYCTUHTa,
OIIOPHBIX BEKTOPOB, a TaKzKe IOJTHOCBA3HYIO HelipoceTh (Multilayer Perceptron).
[Toka3zaHo, 4yTO Mozenu MO MOTryT YCHEIIHO BOCIPOU3BOOUTH BPEMEHHYIO AUHAMUKY
pa3HoCTH «TropoA-GhoH» Ha CYTOYHOM, CHHOIITUYECKOM U Ce30HHOM MacluTabax. [Tpu
3TOM HauJy4lllee Ka4yeCTBO OBLIIO IOCTUTHYTO MOMEJbIO TPaJAueHTHOT0 OYCTUHTa
CatBoost, oHa XKe 1moka3saja MakcuMalbHOe ObicTpoAericTBre. Ha BTopoM 3Tare
rcciiefoBaHus pa3dpaboTaHHasi MOAEJIb Ha OCHOBE MeToda IrpafiueHTHOTro OyCTHUHTa B
peanusamuu CatBoost Oblyla amanTUpoBaHa OJIS alIpPOKCHUMAIIUK TOPOLOCKOM
aHOMaJIuU TeMIlepaTyphl yKe KakK TPEXMECTHOU (IIPOCTPaHCTBEHHO-BPEMEHHOM)
BEJIMYMHLI. B KaueCcTBe JONOIHUTENbHLIX IPEIUKTOPOB UCIOIb30BaHbI
OeTaJu3UpPOBaHHBIE JaHHBIE O CBOMCTBAX IMOACTUJIAIOIIEN TIOBEPXHOCTU U TOPOACKOU
cpenbl. B KkauecTBe JaHHBIX OJI ONITUMHU3aUuu mogeneit MO mMCIonb30BaHbl
pe3ybTaThl CYyIEPKOMIBIOTEPHOTO MOAEJINPOBaAaHUSI METEOPOJIOTUYECKOT O PeXXMa
MOCKOBCKOT0O peruoHa C perTuoHaJIbHOM TMAPOOMHAMUYECKOU MOOEJIbI0 aTMOC(HEePHI
COSMO c miarom ceTku 1 KM, JOTIOJTHEHHOU CIIElMalbHON TOPOACKOMN
napaMmetpusanuer TERRA URB [3]. [In1s onucaHusa IPOCTPAHCTBEHHOU CTPYKTYPHL
OCTpOBAa TeIljla MPenjIoKeH OPUTMHAIbHBIM «KBa3UJIOKaIbHBIM» ITOAX0M K
npuMeHeHnio MeTogoB MO. OH 3akiI4aeTcs B 3ajaHUM IIPU3HAKOBOI'O OIIMCAHUS B
(dopme Tabnulibl ¢ JAaHHBIMHU OIS MHOXKeCTBa (OpMaIbHO He CBI3aHHBIX APYT C
OPYyroM ToudekK (y3710B paCUETHOU CETKHU), ¥ IMIOPOKAEHUHN OOTIOTHUTETBHBIX
IIPU3HAKOB [JIs yYyeTa HeJIOKaJIbHBIX IPOCTPaHCTBEHHBIX B3aUMOAEUCTBUU MEXKOY
npegukTopamu. IJisg 3TOTO K UCXOOHBIM ABYMEPHBIM IIOJISIM XapaKTEPUCTHUK
TIOBEPXHOCTHU ITPUMEHsIeTCsI Habop mpeobpa30BaHuii, B TOM YUCIIE
caMOHacCTpauBaloluecs HallpaBlIieHHbIe (DUIbTPH, POpMUPYEMBIE C YIETOM
KpyITHOMacIITaOHBIX TAaHHBIX 0 CKOPOCTHY U HallpaBlIeHUU BeTpa. [Ioka3aHO, YTO
TAKOU IIOAXO0[ IIO3BOJIAET OOCTAaTOYHO PEeaIuCTUYHO BOCIIPOU3BOOUTH
IIPOCTPAHCTBEHHYIO CTPYKTYPY OCTPOBa Telljla B Pa3JINYHEIX YCJIOBUAX, B TOM YUCJIE
BOCIIPOM3BOOUTH HEJIOKaIbHBIE 3 PEKTHI, CBsI3aHHBIE C IIepeMelllnBaHuEM U
aJBeKIIMel, HallpuMep TeIIOBhIe ITeldul. B paMKax npomonKeHust UCCIeqOBaHUuA
ITpeaCcTaBIsIeTCS IePCIeKTUBHON 3aladya CPaBHEHUS MPEOJIOKEHHOT0
«KBA3WIIOKAIbHOTO» IIOAX0Ma C MOIYJIIPHBEIM B 3ajladye JayHCKEUIUHTa
«HeJIOKaJIbHOTO» MIOAX0da Ha 0CHOBe cBEPTOYHEIX MHC, mogpa3ymMeBaromero
3aflaHre IPU3HAKOBOTO ONMKUCAHUSA B BUE OIBYMEPHBIX MPOCTPAHCTBEHHBIX Iojien [1].
PaboTa BEITIOTTHEHA IIPU MOOAEPKKEe HEKOMMEPUECKOoro ¢GoHOa pPa3BUTHUS HAYKU U
oOpa3oBaHus “MHTennekT”. AHanu3 pe3yabTaTOB Me30MacIITabHOT 0

MO EeJINPOBaHUA BEIIIOJIHEH IPU YaCTUYHOU IoAnep)Ke POCCUUCKOTO HAy4YHOT O
doupga, mpoekT Ne24-17-00155.

Cceuiku: 1. Sun Y. et al. Deep learning in statistical downscaling for deriving high
spatial resolution gridded meteorological data: A systematic review. ISPRS Journal
of Photogrammetry and Remote Sensing. 2024. Vol. 208. P. 14-38. 2. Oke T.R. et al.
Urban Climates. Cambridge: Cambridge University Press. 2017. 509 p. 3. Varentsov
M. et al. Megacity-Induced Mesoclimatic Effects in the Lower Atmosphere: A
Modeling Study for Multiple Summers over Moscow, Russia. Atmosphere. 2018. Vol.
9, Ne 2. P. 50. 4. Varentsov M., Krinitskiy M., Stepanenko V. Machine Learning for
Simulation of Urban Heat Island Dynamics Based on Large-Scale Meteorological
Conditions. Climate. 2023. Vol. 11, Ne 10. P. 200.

3. OnbIT UCIIOJIB30BaHHUSI METOT0OB MAIIIHHHOI O OﬁyquI/Iﬂ B
3ada49aX THAaI'HOCTHPOBAHHSA T'€eOHHAYIOIHPOBAHHBIX TOKOB B



BBICOKOIITHPOTHBIX 3JHEProcucreMax

Bopobves AHOpetli Baadumuposuu (1), Bopobvesa I'yavHapa PasuaesHa (2)
(1) I'eopusuueckut ueHmp PAH, Mockaa, (2) Y¢umcKut yHugepcumem HayKu u
mexHo/102ull

Kak u3BecTHO, reouHaynupoBaHHbie TOKY ('UT) BO3HMKAIOT B IPOCTPaHCTBEHHO-
pacupeneeHHBIX TOKOIPOBOISAIINX TEXHUYECKUX CUCTEeMaX (MarucTpasbHbe
TPyOONIPOBOMLI, TUHUU 3IeKTponepenaun (JISII) u TenerpadHo CBSI3U, 0OBEKTHI
KeJIe3HOOOPOXKHON MHPPACTPYKTYPHL U 1IP.) BCJIEACTBUE IT'€eOMAarHUTHBIX Bapuallui
(I'MB), CKOpPOCTh U3MEHEHUSI KOTOPHIX B BEICOKOIIIMPOTHEIX PETUOHAaX 4acTo
COCTaBIsIeT HECKOIBKO coTeH HTn/MuH. [IpoTekas mo 3a3eMJI€eHHBIM 00MOTKaM
CUJIOBBIX TPaHC(HOPMATOPOB CUCTEMOOOPAa3yIOUIUX 3JIEKTPUUECKUX IelleH,
arcTpeManbHble YT crioCOOHBI IIEPEBECTU UX MarHUTHBEIE CUCTEMEL B PEXUM
HACHIIIEHUS, YTO, B CBOIO 0UYepenb, MOXKET BhI3BaTh COOM MJIU OTKa3
COOTBETCTBYIOIIUX 3JIEKTPOTEXHUYECKUX cucTeM. OOHAKO I10 IPUYNHE Majlou
M3Y4YEeHHOCTU MeXaHUu3MOB BO3HUKHOBeHUd U pa3sutus ['UT, a Takxke
(pparMeHTapHOCTH ¥ HEOOHOPOOHOCTH MUMEIOIINXCS SMIIMPUUYECKUX JaHHBIX, 3adada
X IIPOTHO3WPOBaAHUSA U QUarHOCTUPOBaHUS Ha CETOOHAIIHUU OeHb COIpPsAXKeHa CO
MHOKECTBOM HeompeneIeHHOCTEN U OCTaeTCs ITPaKTUUYeCKU HepelleHHoM. B pabote
Ha OCHOBE METOJIOB MAIIIMHHOT'O 00yY4YEeHUS pacCMaTPUBAIOTCS IMTOOXOOBI K
OuarHocTupoBaHuio ypoBHA 'MT B MarucTpanbHOU 3JIeKTpUYeCcKou ceTu «CeBepHBIU
TpaH3uT». [Ipu 3TOM B Ka4yeCTBE BXOOHBIX [TIapaMeTPOB BEICTYIIAIOT KakK
reOMarHUTHEBIE TaHHBIE, PETUCTPUPYEMBIE MAarHUTHBIMU CTaHILUAMU B 3aJaHHOM
cyoperunone (Kombckuit m-0B, Poccusi), TaK U eCTeCTBEHHBIE (BUOUMEIE) UHOUKATOPHI
9KCTpPEeMaJbHOM reOMarHUTHOM aKTUBHOCTU. Ha mpuMepe rogoBoil BEIOOPKH,
BKJIto4atoIed 6omee 35 000 3amuceit ObIJIO TOKa3aHO, YTO MOOXOM K
nuarHoctupoBanuio I'MT, Ha 6a3e MHOXKECTBEHHOU JIMHEMHOU PETrPeCcCui,
obecrieunBaeT cpegHeKBagapaTudeckyio omubky (CKO) ~ 0.122 A~ 2.
Hcnonbp30BaHME UCKYCCTBEHHOU HEUPOHHOU ceTu ¢ ReLu QpyHKIMelN aKTUBauu
CIIOCOOHO HECKOJILKO YIYUIINTh TOYHOCTh muarHoctupoBanus (CKO ~ 0.119 A™2),
OOHAKO IIPU 3TOM CYLIEeCTBEHHO CHUXKAETCS UHTEPIIPETUPYEMOCTh U TeoOpeTudYecKas
3HaYUMOCTh Mopenu. [IpuMeHeHMe B CBOIO o4Yepenb balieCOBCKOT0 Kjlaccudpukatopa
K JaHHBIM OIITUYECKUX HaOIIOOeHNUH OIS PHBIX CUSHUU IOKa3asio, YTO
alnocTepuopHas BepOITHOCTh TOTO, UYTO BO BpeMs CUSTHUU Ha ceBepe ypoBeHb ['UT Ha
CTaHLMU «BBIXOOHOW» MPEBBLICUT 2 A cocTaBnsgeT 5.78 %, B TO BpeMs KakK
BEPOSITHOCTH IIPEBHIIIEHNS JaHHOTO 3HaUEeHUS [IPU CUSHUAX B 3€eHUTE U Ha ore
coctasnseT 10.04 % u 14.93 % cooTBeTCTBEHHO. B 0TCYyTCTBUE XK€ CUSSHUU OaHHAas
MOJeJIb YKa3biBaeT Ha TO, YTO BEPOATHOCTS gocTtuxeHus: ['U'T aHamoru4yHoro ypoBHs
He npesBbiiaeT 0.26 %, a BEpOATHOCTh NPEBHIIIEHNI 3 A IPpaKTUYEeCKU paBHa HYJIIO.

72. Application of machine learning methods for analyzing data
from semiconductor gas sensors in dynamic temperature mode

Isaev 1.V. (1,2,3), Chernov K.N. (4), Shchurov N.O.(1,4), Dolenko S.A. (1), Krivetskiy
V.V. (3,5)

(1) D.V. Skobeltsyn Institute of Nuclear Physics, M.V. Lomonosov Moscow State
University, (2) Kotelnikov Institute of Radio Engineering and Electronics, Russian
Academy of Sciences, (3) Scientific-Manufacturing Complex Technological Centre,
(4) Physics Department, M.V. Lomonosov Moscow State University, (5) Chemistry



Department, M.V. Lomonosov Moscow State University

This work considered the problem of environmental monitoring of air in cities and
industrial areas, which consists in detecting gases and volatile organic compounds
using semiconductor gas sensors. To provide selectivity in the detection of certain
gases, several semiconductor sensors with different doping components were used.
Also, to ensure selectivity of gas determination, as well as high temporal resolution
of the sensors, nonlinear temperature operating conditions were used - the so-called
heating dynamics. Due to the high complexity of the model describing the processes
of interaction between gases and sensors, machine learning methods based on the
use of physical experiment data were used to process the sensor response. In this
study, we considered such machine learning problem statements as the regression
problem, the binary and the multi-class classification problem. The regression task
was to determine the concentration of a specific gas using data from a single
physical experiment. Also, within the framework of one physical experiment, the
presence/absence of a specific gas was determined in a binary classification
problem. Using a merged data set including several physical experiments, a multi-
class classification problem was solved, which consisted of determining the presence
of one of the gases under consideration. Each individual computational experiment
used response data from a single sensor and within a single heating dynamic. Based
on the results of the work, conclusions were drawn regarding the selection of
optimal sensors and heating dynamics for a specific gas/all gases. The study was
carried out at the expense of the grant No. 22-19-00703 from the Russian Science
Foundation, https://rscf.ru/en/project/22-19-00703/ [https://rscf.ru/en/

49, MamuHHOEe OOy4YeHHue u ri1y0okoe o0OyueHHe B HayKax 00
arMmocdepe, oKkeaHe U KJIMMaTe: OCTHKEHHUsI U IePCNEeKTUBHI B
2024 rony

KpuHnuuxkuu M.A. (1,2)
(1) HHcmumym okeaHoaoz2uu I1.I1, [llupwosa Poccutlickou akademuu HayK, (2)
Mockoeckul ¢pusuko-mexHuueckul uHcmumym

MeTtonbl MamuHHOTO 00yueHus (ML) u rimy6okoro o6yuyenus (DL) akTUBHO
IIPUMEHSIOTCSI B PAa3JIMYHBIX chepax U3ydeHUs oKeaHa, aTMOChepHl U KIuMaTa,
TaKHUX KaK OKeaHorpadus, METEOPOJIOTHS B KIIMMATOJIOTHUS. DTHU IIOOXOObI TO3BOJISIOT
ahdhekTuBHO 0OpabaThiBaTh O0JIbIINE 00BEMBI HAHHBIX, BHISIBIISTH CKPHITHIE
3aKOHOMEPHOCTH, YMEHbIIIATh WU OlleHMBATh HEOTIPEeAeJIEHHOCTh B KIIMMAaTUYEeCKUX
1 TIOTOJHBIX IPOTHO3aX, aBTOMaTU3UPOBAaTh MOHUTOPUHT U YCKOPSATH aHAJIUTUYECKUE
rncciemoBanus. Cpeau yCIIEIIHBIX IIPUMEPOB MOXKHO YIIOMSHYTh aHaJIU3 JaHHBIX
OUCTAHIIMOHHOTO 30HAWPOBAHUS, MOeJINPOoBaHue reopu3nUeCKUX MPOIIeCCOB,
AINIIPOKCUMAIINI0 HEM3BECTHRIX (HM3UYECKHUX ITapaMeTPOB U pPelleHue 3amayd
CTAaTUCTUYECKOTO ITPOTHO3UPOBAHMUS IOTOAL U KIMMaTa. TeM He MeHee, CYIIeCTBYIOT
onpenesieHHbIE CIIOKHOCTH, TaKKhe KakK HeoOXOOUMOCTh B OOJILIIINX 00beMaX JMaHHBIX,
BBIYHMCJIUTEJIbHBIE U TEXHUYECKHEe 0COOEHHOCTH METOMIOB HayK O JAaHHBIX, a TAKXKe
obecrieueHne pU3N4YECKOU MPaBaOIOg00HOCTH pe3yIbTaToB. B repcrekTuBe
OXKHMIAEeTCs Pa3BUTHE TUOPUOHBIX MOMeIel, KOTOpPhie O0beIuHSIOT GU3ndYecKue u
CTAaTUCTUYECKHE METOIBI, a TaKXkKe yJIydllleHue HHTePIpeTUpyeMocTu Mmoaeseir ML u
DL. B gokmnage MBIl paCCMOTPUM TEKYIIUE OOCTUXKEHUS B npuMeHeHnuu ML u DL B
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M3y4YeHUM OKeaHa, aTMocdeps! 1 KJIMMaTa, a Takxke 00CyauM npobjieMbl 1
TIEPCIIEKTUBHI UX JaJIbHEUNIIET0 Pa3BUTHS.

71.Towards the Statistical Correction of High-Resolution Weather
Forecasts from the WRF Model employing Deep Learning

I'onukoe Bukmop Apmemoasuu (1, 2), KpuHuukutu Muxaua Aaekceesuu (2, 3),
BaHnoeckuti Baaoumup Basaepvesuu (1, 2)/

(1) Cxoakoeckul uHCcmumym HaAykKu u mexHosao2ul, (2) Mockoackuu ¢pu3uko-
mexHuveckuu uHcmumym, (3) HHcmumym okeaHono2uu um. I1.I1. [lTlupwosa PAH

Numerical weather prediction models, like the WREF, are crucial for simulating
atmospheric conditions and forecasting significant geophysical parameters.
However, due to limitations such as coarse spatial resolution and imperfect
parameterizations, these models often exhibit systematic biases when compared to
observed data. To mitigate these discrepancies, numerous statistical correction
techniques are employed. In this study, we introduce a neural network-based method
for statistical correction of WRF model forecasts. Framed as a time series prediction
problem, the model inputs are hourly WRF forecasts, with corrected WREF fields as
the target outputs. The correction algorithm features a U-Net inspired architecture
augmented with a transformer mechanism for processing latent representations. In
our study, we are focused on correcting three environmental variables denoted by
T2, U10 and V10: temperature and two wind components on heights two and ten
meters above the surface, respectively. The model is trained, validated, and tested
using ERAS5 reanalysis data, meteorological station observations, and satellite
scatterometer data from 2019 to 2023. Only the WRF forecast data is required for
practical application (inference mode). In order to effectively merge data from
multiple sources while retaining the inherent characteristics of the WRF outputs, an
additional term is included in the loss function. We compared a few neural network
architectures, demonstrating that the proposed method significantly reduces
forecasting errors and retains the resolution of mesoscale processes. Experiments
on the corrected environmental fields show improved representation of mesoscale
phenomena.

74. The Ob-Yenisei plume movement analysis in the Kara Sea
using artificial neural networks

A.S. Savin (1,2), M.A. Krinitskiy (1,2), A.A. Osadchiev (1,2)

(1)Shirshov Institute of Oceanology, Russian Academy of Sciences, Moscow, Russia,
(2) Moscow Institute of Physics and Technology, Dolgoprudny, Moscow Region,
Russia

The movement of the Ob-Yenisei plume is a key factor determining the dynamics of
the surface layer in the Kara Sea during the ice-free period. Traditionally, this
movement is described by the action of wind shear stress on the sea surface, which
leads to the formation of a drift current in accordance with Ekman's theory. In this
study, the movement of the Ob-Yenisei plume under the action of wind stress is
investigated using Artificial Neural Networks. The evolution of the plume from its
initial position to its final position over a period of 2-3 weeks is considered, taking
into account the action of the wind field from ERA-5 reanalysis data. Wind data are



processed using a Convolutional LSTM Neural Network, which also allows for the
consideration of the evolution of the wind field and its influence on the plume's
position throughout the entire period examined. The importance of input features for
the trained Neural Network model is analyze. This approach allows for conclusions
about the most significant wind conditions that determine the movement of the Ob-
Yenisei plume in the Kara Sea.

72. IIporHO3UpPOBaHHE COCTOSIHHUSI MarHUTOChEephI 3eMJIH C
IIOMOIIILI0 CHEIIHA/ILPHOI0 aJITOPUTMAa IJisi padOThI C
MHOTOMEPHBIMH BPEMEHHBIMH psiTaMu

Baaoumupos P.II. (1), IlTupoxkuu B.P. (1), BapurHos O.I'. (1), HoaeHko C.A. (1),
Msexoea U.H. (1)
(1) HUH sa0epHol ¢pusuku umeHu [.B. CkobeavubiHa MI'Y umeHu M.B. JTomoHOCO8a

[laHHOE HCCcIefoBaHMe MIOCBAILIEHO afalTaluy U IPUMEHEeHUH CIeUaabHOro 4-
CTYyIIEeHYaTOro aJIrOPUTMa Ha OCHOBE METO[IOB MAIlIMHHOTO O0y4YeHHUs,
pa3paboTaHHOTO [Jig aHa/ln3a MHOTOMEPHBIX BPEMEHHBIX PSAAOB IIPU pPelleHuU 3a7ad
IIPOTHO3UPOBAHUS OIPeNeJIEeHHBIX COOBITUN U BHIIBIIEHUS UX IPEOBECTHUKOB -
SIBJIEHUU, IpeCTaBJIEHHBIX HEN3BECTHON KOMOWHAIMel 3Ha4YeHUH ITapaMeTpPOB,
onuckeBawIuxX 00beKT [1]. [ToMrUMO TPOTHO3UPOBAHUS COOBITUM, aJITOPUTM MOIKHO
KCIIOJIb30BaTh [ IPOrHO3UPOBAHUS 3HAYEHUU HENPEePHIBHLIX BeJIM4YUuH. [1pu aTom
HCIOJIb3yeMbIM aJITOPUTM II03BOJIAET afalTUBHO OTOUpATh KakK (pu3ndecKrue BXOOHBIE
IIPU3HAaKM, TaK ¥ KOHKPETHbIE 3HAUYEHUS 3alePXKKU [IPU y4eTe UCTOPUU KaKI0Tro
(pr3nyeckoro npr3HakKa B paMKaxX IOTPYyKeHUS (TOIOJIOTHYEeCKOTr 0 BIOXKEHUST)
COOTBETCTBYIOIIETO0 €My BPEMEHHOTI 0 psifa. Takou oTOOP MOXKeT 00eCIIeYUuTh JIydIlnee
IIOHMMaHUe IIPOIIeCCOB, IPOUCXOOAIINX B n3ydaeMoM 00bekTe. O0masa cxeMa 4-
CTYIIeHYaTOro0 aJIrTOPUTMa BKITIOYaeT B ceOsi crnenyrolue atamnkl: 1. Beibop Haubonee
3HAYMMBIX PU3NYECKUX IIPU3HAKOB (IIepeMeHHBIX) CPeU TeX, KOTOPhIe, II0 MHEHHUIO
HhcciiegoBaTesisi, MOTYyT OBIUATH Ha IIPOTHO3UPYyEMOe IlejIeBOoe 3HadeHue. B Tekyilen
peanusalyu Ojisd 3TOU LieJId UCIIOJIb3yeTCa UTepaTUBHBIN Toaxon. B paMKax 3Toro
IIOOXona cucrteMa oneHuBaeT Koppenanuio (I[Tupcona/CnupMeHa) MexXay BXOOHBIM
IIPU3HAKOM U ero 3aZlepKKaMU ¥ IPOrHO3UPYyeMOU IlepeMeHHOU. 3aTeM Ha OCHOBE
3alaHHOTO ITOPOTa BEIOMpPAETCS YacTh IIEPEeMEeHHBIX, KOTOPhle OYAYyT UCIIOIb30BaThCSI
Ha CIeOyIoUIMX 3Tarnax. 2. BeIOop Amuama3oHa UCIOIb3yeMBIX 3a/iePXKeEK.
PaccMmaTpuBaeMbie HAOOPHI BXOJHBIX TPHU3HAKOB CO3aBajliuCh CIIeAYIOIIUM 00pa3oM.
Ha6op 0 BKII0oYan BEIOpaHHbIE BXOOHBIE TTIEPpEMEHHBIE B TEKYIIIUM MOMeHT. B Habop 1
BOIIIJIM BCe BXOOHBIE TepeMeHHbIe U3 Habopa 0, a TakKe BCe 3TU IIepeMeHHEIE C
3apepkKou B 1 BpeMeHHOU 11ar. B Habop 2 BOLLIM BCe BXOOHBIE TTIEPpEMEHHBIE U3
Habopa 1, a TakXKe BCe 3TU IIepeMeHHbIe C 3aJIePKKOU B 2 BpEMEHHEBIX I11ara U Tak
najiee OO OIpeNesIeHHOT0 UCCliefoBaTeeM npenena. Mopaenb MallliHHOTO 00y4YeHus
oOydaeTcs Ha KaXXAoM Habope JaHHBIX, CO3JaHHOM B paMKaXxX 3TOT0 LIUKJIa, U ee
Ka4yeCTBO OI[eHWBAETCS Ha IIpefBapUTEJIbHO ITOATOTOBJIEHHOM Habope TeCTOBHIX
maHHBIX. [IUKT OCTaHaBIMBaeTCs, KOTda 10 3aJaHHOMY KPUTEPUIO yBeJIUYeHue
ouaras3oHa 3aJepKKu 00Jibllle He IPUBOOUT K 3HAYUTEIHbHOMY ITOBHIIIEHUIO
TOYHOCTU IIPOTHO3UPOBaHUA. 3. BeIOOp Hanbosiee BaXKHBIX BXOOHBIX IPU3HAKOB U3
II0JIy4YEeHHOT'O IIPOCTPAHCTBA IPU3HAKOB, OTPaHUYEHHOI'0 Ha IEePBHIX IBYX 3Talax.
[ 3TOTO 3Tanma MOryT OBITh MCIIOJIb30BAHEI CTAHAAPTHHIE TOAXOOH K OIIeHKE
CYILIeCTBEHHOCTH BXOOHEIX IPU3HaAKOB. 4. HacTpoiika runeprnapaMeTpoB Mozenu. B
naHHOU paboTe aJITOPUTM IIPUMEHSJICS AJI IPOTHO3WPOBAHUS 3HAYEHUN IIOTOKA



PEeNSITUBUCTCKUX 3JIEKTPOHOB ¢ E > 2 M3B Ha reocranuoHapHoOu opOuTe, a TaKkKe
3HAYEeHUM reoOMarHuTHBIX HHAEeKCOB Dst u Kp. Pe3ynbTaThl CpaBHUBAIUCh MEKIOY
co00M 110 3HAYEHHNIO0 OTHOCUTEIbHOM OMIMOKY IIPOTHO3UPOBAHUS U 10 Habopam
Hanbojiee 3HAUYMMBIX BXOOHBIX TPU3HAKOB, BEHIOPAHHBIX aJITOPUTMOM.
PaccmaTpuBanuchk BpeMeHHBIE PSAOLI C IIaTOM B OMH 4Yac. B KauecTBe BXOTHBIX
(bu3nveckux MprU3HaAKOB UCIIOIb30BaJINCh 3HAUEHUS CJIEOYIOIINX BeJIUYUH: 1.
[TapameTpsl comHedHOTro BeTpa (CB) B Touke Jlarpauxka L1 mexny 3emnen u
Comnanem: ckopocth CB v (kM/c), Temnepatypa CB T (K), mimoTHOCTE TPOTOHOB B CB n
(cm~3). 2. IlapamMeTphl BEKTOPa MEeXMIJIaHEeTHOTr0 MarHUuTHOro nomnsa (MMII) B Tou xe
Touke L1 B cucteme GSM: komnioneHTEI MMII BX, By, Bz, Mmogyne MMII Bmagn
(#Tm). 3. T'eoMmarHUTHBIE UHOEKCHI: 9KBATOPUAIbHBIN T€eOMarHUTHBIN NHAEKC Dst
(uTn), mnaHeTapHBIM reoMarHuTHLIN UHOEKC Kp (6e3pa3mepHtIit). 4. CrieliuanabHO
mobOaBiieHHbIE PYHKIIUU CIIy4alHOTO IITyMa, YTOOBI IIPOBEPUTD, PACIIO3HAET JIN
CHCTeMa UX KaK HepeJjieBaHTHHIE [JIs1 IPOTHO3UPOBaHUSA 1IeJIeBOU IIePEMEHHOMU.
HabGop Tak>ke BKJII0OYal YeThHIpe rapMOHUYECKHE IEPpEMEHHEIE (OBe C CYTOYHBIM
IIEePUOJOM U [OBE C TOOOBHIM IIEPHUOAOM) OJIS y4yeTa BpallleHus 3eMJIM BOKPYT CBOeU
ocu u BOKpyT CosHIla (O 3TUX IepPeMEeHHBIX IIOTPyKeHNe BPEMEHHBIX PSIO0B He
KCIIOJIb30BasioCh). [loKa3aHo, 4YTO IpUMeHeHHe 4-CTyIIeH4aToro ajJropurMma K
paccMaTpuBaeMbIM 3aJadaM IPOTrHO3UPOBAHUSA MO3BOJISIET IOBLICUTH KaueCTBO
IIPOTHO3UPOBAHMS 110 CPAaBHEHUIO C IPOTrHO3WPOBAHUEM Ha IIOJTHOM Habope
IIPpU3HaAKOB 0e3 UCII0JIb30BaHUsA 0TOOpa. IIpu 3TOM oTOMpaeMbie airOPUTMOM
BXOOHBIE IIPU3HAKU COOTBETCTBYIOT CYIIIECTBYIOIINM (PU3NUYECKUM IIPEACTaBIEHUSIM O
(pu3myeckux BeIUUYMHAX, CYIIeCTBEHHBIX [JI IPOTHO3UPOBAHUS PACCMOTPEHHBIX
IIeJIeBEIX ITIepeMeHHbIX. MiccmeoBaHre BEIIOTHEHO 3a CYET rpaHTa Poccuiickoro
Haquoro (pOH;:[a Ne 23-21-00237, https://rsct. ru/project/23—21—00237/ [https://rscf.ru/

07/978 3 642- 04277 5 30 [https //doi. 0rg/10 1007/9 642 04277-5 30]

36. MeTOoabl BEPOSITHOCTHOI'O IIPOIPaMMUPOBAaHUS IIPU
PEKOHCTPYKIHH COOBITHM MHOIOKAaHA/ILHOT0 H300pPazKalouiero
merekropa: 3JIb®bl u TPEKHA

IlapaxkuH Cepeet AnekcaHOposuu (1) Capaes PomaH Egz2eHbesuY (2)
(1) MI'Y um. M.B. JlomoHocosa, HUHUS® um. [I.B. CkobeavubiHa (2) MI'Y um. M.B.
JlomoHocosa, acnupaHmypa Pu3uueckozo ¢pakysbmema

B mokiape mpenioXkeHbl HOBblE CIIOCOOB aHanu3a AUHaMU4YeCKUX n300pakeHuH,
PETUCTPUPYEMBIX MHOTOKaHaJIbHBIMU BEICOKOYYBCTBUTEJILHEIMU OETEKTOPAMU C
BLICOKMM BpPEMEHHBIM pa3penieHueM. OpbuTanbHbii geTekTop “Y® atmocdepa”
HabmomaeT 3a atMocdepoit 3emnu ¢ 6opTa MKC u peructpupyeT psf TPaH3UEHTHBIX
ONTUYECKUX SIBJIEHUHU, CBI3aHHBIX C TPO30BOM aKTUBHOCTHIO, B TOM YHUCJI€ U COOBITUS
tuna ELVES (“snbdrui”). BeposiTHOCTHasA Mofenb 3/1b(da B KaueCTBe ITapaMeTpPOB
BKJII0OYaeT KOOPOWHATH U OPUMEHTAINI0 IOPOAUBIIIEr0 CBeYEeHNEe I'PO30BOT0 pa3psaaa,
a TakXe BBICOTY MOHU3UPOBAHHOTO CJI0SI, B KOTOPOM PETUCTPUPYETCS CBEYEHUE.
BaiiecoBCKHU BHIBOA (pealn30BaHHBIN cpencTBamMu 6ubnmoreku PyMC) mmo3Bonsier
BBIYMCJINTH allOCTEPUOPHBIE pacpenesieHus Ha 3TU lTapaMeTphl Ha OCHOBAHUU
BPEMEH ITMKOB CUTHAJIOB B OTHOEJILHEIX KaHalax feTeKTopa. CucTeMa Ha3eMHBIX
MHOTOKaHa/lIbHEIX JeTeKTop PAIPS KkpoMe m3ydeHUs pa3HbIX TUIIOB IOJISTPHBIX
CUSTHUU CJIyKUT TaKKe CBOe0OpPa3HBIM IIOJIMTOHOM OTPa0OTKH aJlrOPUTMOB
BEPOSITHOCTHOM PEKOHCTPYKIUU. [1JI9 3TOT0 UCHOJIB3yEeTCS MINPOKUM KIacC Tak
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Ha3bIBaeMBIX TPEKOBBLIX COOBITHH — METEOPOB, IIPOJIETOB CIIyTHUKOB ¥ CaMOJIETOB,
OBUXKeHUe 3Be3] 1o HeOy. baliecoBcKasi Mofienlb BKJII0OYaeT B ce0s KakK ImapaMeTphl
CaMOro TPEKOBOTO COOBITHS, TAK U 0COOEHHOCTU €ro perucTpalumnu (anmapaTHYIO
dyHKUIMIO HeTekTopa). KpoMe TOro, mpu TakKOM HOOXOHE yOaeTCs BKIIIOUUTH B MOJEIb
anproOpHYI0 NHOOPMAIIUIO O COOBITUY (TOPU30HTAILHOCTh ABUXKEHUS CIIYTHUKA,
XapaKTEPHYI0 CKOPOCTh U HallpaBJIEHUS OBUXKEHUS ITIOTOKOBOTO MeTeopa U T.II.).
[laHHBIE METOOBI MOTYT OBITH 0000IIIEHEI HA CTEPE0-COOLITHS (PEerucTpaliuio TPEKOB
OByMS OEeTEKTOpaMU C IlepeCceKaroUMUCS OISIMU 3PEHU) WU IPUMEHSATHCS IIPU
pekoncTpykuuu KJI [1B3 B meTekTopax ¢pnyopecuernTHoro ceeuenus [IIAJI. Pabora
BBIIIOJTHEHA TPU (PprHAHCOBOU nopaepkke rpanta PH® Ne 22-62-00010

71. IIpuMeHEeHue MEeTOT0B MAallITHHHOT 0 O0Oy4YeHHusI 1151
HIeHTU(PHUKAIIUHU MOJISIPHBIX ME€30MaCHITAOHBIX ITUKJIOHOB B
OAHHBIX YMCJI€EHHOI0 MOAEeTUPOBAaHHUA aTMOChephbI

Jleskoeckas FO. A. (1), KpuHuukuu M. A. (2, 3), Bepezemckaa Il. C. (2)

(1) HauuoHaabHbIU ucciedosamenbCkul yHugepcumem “Bovlicwau wKoaa
aKkoHoMuKu” (2) HHcmumym okeaHosaoz2uu um. I1. I1. [ITupwosa PAH (3) Mockosckuu
¢u3uko-mexHuyeckul uHcmumym

[Tonsspubie Me3oMacuiTabHblie TUKIOHE ([IMII) — 3TO MHTEHCUBHBIE aTMOC(hEPHEIE
BUXPU HeOOJIBIIIOT0 pa3dMepa, GopMupyommecs Hag oKeaHoM Ha TpaHulIle
apKTUYECKOU U YMEPEHHOU aTMOC(EPHBIX BO3OYIIHBIX Macc. [IML] xapakTepHEI
CUIbHBIMHU BETPaMH, IIO3TOMY IIPEACTaBIISAIOT YTPO3Y MOPCKOU MHPPACTPYKTYPE M
CYHOOXO[CTBY, a TaKKe OKa3bIBalOT BIIMSIHUE Ha I'Iy0OOKYyI0 KOHBEKIIUIO OKeaHa. Ha
CEerofHs CYIIeCTBYeT ABa OCHOBHBIX MeTOAa IIOIy4YeHusa uHpopMaluu o
Me30MacCIITaOHbIX IUKJIOHAX - PYYHOEe OelInu@prupoBaHue CIIyTHUKOBLIX CHUMKOB U
npeHTudukanus [IMI] 1o pa3IuYHLEIM SMOUPHAYECKUM KPUTEPHUSAM B JaHHBIX
YMCJIEHHOTO MOOETUPOBaHUSA aTMOChePHl. Y KaXXIoro U3 Crioco00B eCTh CEPhE3HBIE
HepocTtaTkKu. M3-3a KOPpOTKOro BpeMeHu xkXu3Hu [IML] maHHbIEe JUCTAaHIIMOHHOT O
30HOUPOBAHUS, XapaKTepPHbIE Pa3PeKEeHHOCThIO BO BPEMEHH, MOTYT HEJOCTATOYHO
TIOJTHO ¥ [IeTaJIbHO OTpaXKaThb AUHAMUKY 3TUX Buxpel. OOHapyX)KeHUe
Me30MacIITaOHBIX [TUKJIOHOB B MOJIETbHBIX TAHHBIX 3aTPYIHEHO 3MIIUPUYECKON
IIPUPOMON KPUTEPHEB UAEeHTUDUKALIMY, pa3pabaThiBaeMbIX HCCIIefoBaTENIMU. B
HacCTos e paboTe Mbl MPUMEHUIN OOXO0O UHTEPIIPETAIIMNY Mofiesiell MalllTMHHOTO
0o0y4YeHMs, HAaTPEHUPOBAHHBIX UAeHTHUIIMPoBaTh [IMII B JaHHBIX MOOEITUPOBAHUS
aTMocdephl, [JIs1 COCTaBIeHU CIIMCKa Hanbosiee 3HAUMMEBIX KpuTtepues. s
00yuYeHMsT MOJieJiIed UCIONIb3YIOTCS XapaKTePUCTUKU Me30MacCIITaOHBIX IIMKIIOHOB,
pa3MedeHHBIX B peTpociieKTuBHOM aHanu3le RAS NAAD no maHHBIM KajieHOapeu
[IMII (Rojo et al., 2019), (Golubkin et al., 2021), (Noer et al., 2011). [Ins oueHKHu
3HAQUMMOCTHU IIPU3HAKOB HCIIOJIb30BaIMCh BCTPOEHHBIE METOIOBI MOAEIEN, a UMEHHO:
3HaUYeHUsa KO3(pPUIMEHTOB MOAENIU OJII TOTUCTUUYECKOU PEerpeccruu u MeTona
OMIOPHBIX BEKTOPOB C Y4E€TOM CTaHAapTU3alUU IPU3HAKOB; MOOXO0[ OLEHKU CPEJHETr0
WHTErpajJbHOT0 HOPMaJIM30BaHHOTO CHUXKEHHUSI PYHKIWHU TOTEPh AJI KaXKOO0Tro U3
IIPU3HAKOB B CITy4dae MOJEJeN CIydalHbIX JIECOB U IpafueHTHOro OycTuHra. I1o
pe3ybTaTaM NPOBEOEHHOTO UCCIIeA0OBaHNUsI CaMbIMU 3HAYUMBIMHU IPU3HaKaMU
SIBJIIIIOTCS: MHOEKC XO0IOOHBIX BTOp2KeHuM Ha 500 rlla, pa3uuila MexXay
TeMnepaTtypou Ha BeicoTe 700 rlla u Ha ypoBHE MOPS, 3aBUXPEHHOCTDb Ha 850 rlla u
OaBJIeHHe Ha YPOBHE MOpPS. OTHU NpU3HAKU ObIIM BEIOpaHbl KaK Hanubojiee 3HaUYNMbIe
IIpu aHanm3e O00bIIMHCTBa Mofesiel MO, 1 UX COCTaB XOPOIIIO COTJIaCyeTcs C



(bu3nyeckuM acnekToM uaeHTUPUKAIIMY Me30MacCIITaOHbIX IIMKJIOHOB. Pe3ynbTaThl
HACTOSIIIIEro UCCJIeIOBaHMUS B OTHOIIEHUM 0oTOOpa HauboJjiee 3HaYUMBIX ITPU3HAKOB
MOTYT OBITH B [JaJIbHENIIIEM UCIIOIb30BaHbI [JII TOCTPOEHUS HaIeXKHBIX 00 bEKTUBHBIX
CUCTeM UOeHTU(PUKALUU U TOCTPoeHusa TpaeKTopuu [TMLI, ncnonb3yruux MOOX0IHhI,
OCHOBaHHBIE Ha JaHHBIX, @ UMEHHO METOIbl MAIlIMHHOTO 00Y4YeHUS MU T'JIYyOOKOTO
o0y4YeHus.

Cexnusa 3. MammuHHOEe O0y4eHHE B €CTE€CTBEHHBIX
HayKax

47. IIpeacka3aHue CTPYKTYPHI JedpekToB M0S2 1o 3agaHHBIM
CBOMCTBaAM

I'. Kapaunckut (1), M. Jlazapes (1)
(1) HauuoHanabvHbIU uccsiedosamenbCkKuli yHugepcumem «Bovicwasa wkoaa
3KOHOMUKU»

IIu3anH MaTepuasa C 3aJaHHBIMU CBOMCTBAMU SIBJIIE€TCSA NIPUHIIUIINAIIBHO BaXXHOU
3aZlayey, B CBOIO OUepelb, CBOUCTBa MaTepuasla CUJIbHO 3aBUCAT OT TUIIA U
KOHIIeHTpaluu nedekToB. B manHOo# paboTe MBI CO3anu aJrOpUTM reHepanuu
nedeKTOoB, 10 3aJjaHHEIM CBOMCTBaM, B IByMEpPHBIX MaTepuajiax Ha nmpumepe MoS2.
[IpennaraemMblii anropuTM paboTaeT Ha OPSAKU OBICTPee M KaueCTBEHHee
aJITOPUTMOB Ha OCHOBE HEMPOCETEBLIX T€eHEPATUBHBIX MofieJiel. 3a OCHOBY OBIJT B3ST
IIOOXO[ OIpefeIeHusl CBOMCTB KpUCTasljla, SHEPruu (pOpMUPOBAHUA KpUCTasljla "
pa3uuusl LUMO-HOMO, c nomoInpsio MeToaa cuMBOJIbHOU perpeccuu SEGVAE.
®opMyIHl B3aMOENUCTBUS KaXKAOT0 TUMa nedeKToB Mexkay co00l B SBHOM BU[IE
OBbLNIM HalileHbl B IPUOIUKEHUHN ITOIIapHOT0 B3aUMOAEUCTBUSA. BHITN U3yUeHEl
XapaKTEePUCTUK KPUCTAIJIOB C pa3HOOOpa3HbIMU KOHpUTypanusamMu gedeKTOoB.
PazpaboTaHHEIN METO[ IBASIETCSI MHTEPIPETUPYEMEBIM M MOKET OBITH MCIIONIb30BaH
071 TeHepauuu KoHGurypanuii gedekToB ¢ 3aJaHHBIMU CBOMCTBAMU U B APYTHUX
OBYMEPHLIX MaTepuasax.

61. Estimation of signals in white noise using neural networks
modeling

Kurdoshev Z.M.(1), Pchelintsev E. A.(1)
(1) Tomsk State University

We consider the problem of statistical signal processing using neural networks. Let
the observed process obey the following stochastic differential equation [1] dy t=S t
dt+edw t, O= t=< 1, (1) Here St is the unknown signal, (y_t) is the observations, €>0
is the intensity noise, and the noise process (w t) is the standard Brownian motion
(Wiener) process. This work explores the use of artificial intelligence (Al) in signal
processing, its applications and results. Al is used to reconstruct noisy signals. As a
result, signal processing time and efficiency increased. Methodology: Different types
of signals are pre-modeled to solve this problem. White noise of varying intensity is
added to the modeled signals. The generated signal is processed according to
traditional methods, that is, it is cleaned of noise and it is evaluated with the original
signal, and in the next step, a neural network model is built and this neural network



is trained. . Previously created noise functions and conventionally evaluated signals
are used as a database for training. LSTM and Danse models were used to construct
the neural network model. Adam's optimizer was used for the neural network and
mean squared error as the loss function. Main results: Signal processing through
neural networks improves accuracy up to 10™(-4) and reduces time by more than 20
times. Conclusion: The use of neural networks in this field, as in other fields, leads to
effective results. Signal processing tasks have been simplified and accuracy has
been increased. Based on the obtained results, experiments can be carried out in
practice.

37. HeutpoceTeBasi Moie/Ib Ha OCHOBe TpaHcdopMepa aist
AaHa/IM3a JAaHHBIX MAIIHEeHTOB Ha Ha/IHYHEe MeTa0o/THYeCKHUX
HapyIIeHuH

I'py3odea?, Casenves?, banaHOuHa!, Byoakan!, Kucuawv?, I'paues!?

(1) ®uzuyeckuii pakynpreT MI'Y umenu M.B.JlomoHocoBa; (2) [TAO “BeiMniennkoM” (B
repuop paboTel Han nyonukanuei) (3) MHCTUTYT PyCCKOTO si3bIKa U KyJIbTypel MI'Y
vnmeHnu M.B.JIomoHOCOBA.

B MenuinHe KpaliHe BaKHO YYUTHIBAaTh KOHTEKCT IIPU BBICTABJIEHUHU OMarHo3a
namuerTa. OOQUH U TOT XKe ITOKa3aTeJlb B Pa3JINYHOM KOHTEKCTEe MOXKET O3HadaTh
O4YeHb pa3Hbie Bellu. HelipoceTeBble MO, OCHOBaHHBIE Ha apXUTEKType
TpaHcdopMepa, He IIPUMEHSJINCh paHee B aHaJIi3e OUEeTOJIOTUYEeCKUX JaHHBIX
aHaMHEe30B NaIlUeHTOB C ITO03PEHUEM Ha HaJIM4Yue Y HUX MeTab0oIu4eCcKoro
cuHOpoMa. BMmecTe ¢ TeM, OCHOBHEIE IIJIIOCHL 3TUX apXUTEKTYpP, TaKMe KakK y4deT
ri1o0albHOTO0 KOHTEKCTA, METOOLI MHTEPIIPEeTallii BECOB BHUMAaHUS, IIONTyYeHU
MHOOPMaTHUBHBEIX BEKTOPOB 3JIEMEHTOB BXOJHOU IIOCJIeAOBAaTEIbHOCTH, KOTOPHIE
MOTYT OBITH 3aTeM 3(PHEeKTUBHO UCITOIb30BAHKI B MPUKIAOHBIX 3aavax — KpaiHe
Ba’XHBI KaK pa3 B aHa/lu3e OMOMEOUITMHCKUX HaHHBIX. CIIOCOOHOCTh MeXaHu3Ma
attention BHISIBISATE MHOTO(MAKTOPHBIE CBSI3U OA€T BO3MOXKHOCTh 3KOHOMUTDL BPEMSI
Bpaya ¥ aKIleHTUPOBaTh €ro BHUMaHVe Ha OIpeesIeHHBIX, BEISIBJIEHHBIX HEUPOHHOU
CeThlo, MaTTepHax. B manHoi paboTe Encoder Transformer Obl1 amanTUPOBaH IO
paboTy ¢ TaOMUYHBIMU aHHBIMU U IPUMEHEH Ha JaHHBIX aHaMHEe30B NallueHTOB U UX
OUETOJIOTMYECKOU UCTOPUH I KJIaCCU(PUKALIMU HaIUUUS U UCTOYHUKOB
MeTabonudyecKux HapyleHuui. McciemoBaHus MO MMPUMEHEHUIO apPXUTEKTYPHI
TpaHcopMepa Ha TaOMMYHBIX JAaHHLIX B 00IIEM U OUETOJIOTUYECKUX JaHHBIX B
YaCTHOCTU UMeIOT OO0JIbILION MoTeHIInaln. B ganHo paboTe OBLII MOTy4YeH pe3yabTar,
CKOPpPEeTUPOBAaHHLIN C U3BECTHRIMU MEOUITMHCKUMU pe3yabTaTaMu, U ObLIIN
pa3paboTaHbl HOBEIE METOOBI ITpUMeHeHus attention Ha TaOMUYHBIX MAaHHBIX, @ TaK¥XKe
HOBBIE METONBI BEKTOPHU3aLUU STUX JaHHBIX.

68. MeTo cerMeHTAallMH 0YaroB OIyX0JIEBOI'0 MOPazkKeHHus rjia3a
PEeTHHOO/IAaCTOMOM HAa OCHOBE I'/Iy0OKOI'0 O0OyUYeHHsT

Boakos Ez2op Hukoaaesuu(1l), AsepkuH Aaekceu Hukonaesuu(1l), Heuaesckuli
AHOpeu Bacuavesuu(1)
(1) Yuusepcuret «JlybHa»

Hcnonb30BaHME UCKYCCTBEHHBIX HEUPOHHEIX ceTell (MHC) B 3agayax [UarHOCTUKHA
3ab0IeBaHNM Ha OCHOBE aHaJli3a MEeAUIIMHCKUX U300paKeHN pa3IUudHbIX TOMEHOB



He TOJIbKO aBTOMATHU3UPYyeT PYTUHHBIE 3aJayy KJIIMHUIMCTOB 3a CUET YMEHBIIEHU
BpeMeHHu 00paboTKM M300PpaKeHUM, HO U SIBISIETCS OJHON U3 OTJIMYUTEJIbHEIX YePT
napagurmMel 3apaBooxpaHeHue 5.0. ABTOMaTU4YeCKUM aHaIn3 CHUMKOB C ITIOMOIIBIO
WMHC BHeOpéH B mopaBisionieM OOJILITMHCTBE 061acTelt MeIUIIMHEI (CHUMKU Ty4YeBOM
OUATHOCTUKY, CHUMKM KOXKHBIX ITOKPOBOB U T.H.). OmHOM U3 06j1acTelt MEOUIIMHEI, THE
BHEeJIpeHUe MPOAyKTOB Ha ocHoBe MHC nmnst guarHocTukKu 3ab00jieBaHUM OCTaETCs
KpaliHe HU3KUU ABJIsieTCs opranmbMonorusi. PetuHobnacToMa SBISIETCS PEOKOU
3JI0KQUYEeCTBEHHOU OIIyXO0JIbI0, BO3HUKAIOIIEN U3 KJIETOK ceT4aTKM. B nmomasnsiomem
OOJILIIMHCTBE CJIy4yaeB BO3HUKAET B paHHEM AEeTCKOM Bo3pacTe. M3-3a cBoel peaKou
BCTPEYAEMOCTH OIIYXOJIb CJII0KHOAMArHOoCTUPyeMa 0COOEHHO B YCJIOBUSIX
y4YpexXOeHU MepPBUYHOr0 3BeHa 3apaBooxpaHeHuss. OCHOBHBIM METOLOB
OVarHOCTUKU SABJIIETCSA 0PTaTIbMOCKOIIHMS U aHaIu3 PEeTUHATIbHBIX CHUMKOB.
Hcnonb30oBaHue ITy00KOT0 00yYeHHUsI MOXKET IIOMOYb B UATHOCTUKE U
cTagupoBaHMU 3a00JieBaHUsI, 0COOEHHO Ha paHHUX CTaAMuAX, KOrga YaCTUYHO
COXpaHUTh 3PEHNe eIl TIPeACTaBIIeTCs BO3MOKHLIM. B paboTe npeacTaBiieH METO
CerMeHTallu¥ y4aCTKOB OIIYX0JIEBOI'0 IOpPaXKeHus Ijla3a Ha OCHOBE UCIOJIb30BaHUA
MHC U-Net-tomo6HOM apXUTEKTYpPHL. [IpUBOAUTCS MOIHBIM IIpoIlecC pa3paboTKu
MauIIaiiHa OT CO30aHUusi COOCTBEHHOTO Habopa JaHHBIX A0 IIPOBEPKHU PabOTHI CETH Ha
TEeCTOBHIX JaHHBIX. OIleHKa KayecTBa CerMeHTalluy [IPOU3BOAUIacCh C
KCII0JIb30BaHKWeM 3HaueHUu MeTpuK IoU u DSC. KoppeKTHOCTh CerMeHTaluu
OlLleHeHa C IOMOIILI0 MeTona OOBICHUTEIBHOTO UCKYCCTBEHHOTO UHTeIekTa Grad-
CAM. PaccmaTpuBalOTCS BO3MOXKHOCTHU COBEPIIEHCTBOBaHUS METOHa B YCIIOBUSX
HU3KOM [IOCTYITHOCTHU 00y4YaloIluX HaHHBIX. PaboTa BHIIOTHEHA B paMKax
rOoCyIapCTBEHHOTO 3aJaHusi MUHUCTEPCTBA HAYKU U BHICIIETr0 0Opa30BaHUsA
Poccuiickoit ®egepanuu (TtemMa Ne FEEM-2024-0014 IMpuMeHeHNe 00BbSICHUTEIJILHOTO
HCKYCCTBEHHOTO MHTEJUUIEKTa OJIsI HHTePIpeTallld aJITOPUTMOB MAIIMHHOTO
o0y4eHus).

73. Nonlinear relevance estimation of multicollinear features for
reducing the input dimensionality of optical spectroscopy inverse
problem

Shchurov N.O.(1,2), Isaev 1.V.(1,3), Burikov S.A.(1,2), Laptinskiy K.A.(1,2),
Sarmanova O.E.(1,2), Dolenko T.A.(1,2), Dolenko S.A.(1)

(1) D.V.Skobeltsyn Institute of Nuclear Physics, M.V.Lomonosov Moscow State
University, (2) Physics Department, M.V. Lomonosov Moscow State University, (3)
Kotelnikov Institute of Radio Engineering and Electronics, Russian Academy of
Sciences

In this work we considered inverse problems of optical spectroscopy, which consist
in determining the ingredient ions concentrations of multicomponent water solutions
by their spectra. Due to the nonlinearity of the problem under consideration, as well
as to the lack of an adequate mathematical model describing the spectra of
multicomponent solutions, machine learning methods based on the use of physical
experiment data were used to solve this problem. At the same time, inverse
spectroscopy problems are characterized by high input dimensionality with a large
number of features, both relevant and irrelevant. In turn, some of the corresponding
relevant features are redundant due to their multicollinearity, caused by the fact
that the characteristic lines of the solution components have a certain width and
cover several spectrum channels at once. This leads to a deterioration in the quality



of machine learning solution of the problem, and therefore there is a need for a
feature selection procedure that takes into account their relevance and redundancy,
as well as the nonlinear relationship with the determined parameters. In this study,
we considered a feature selection procedure based on the iterative selection of
features with the highest relevance to the target variable and on the elimination of
features with a high relationship with each other. In this selection procedure, the
method of weight analysis of a trained neural network was used as a nonlinear
measure of relevance, and the Pearson correlation coefficient was used as a measure
of the relationship of features with each other. Finally, the quality of a neural
network solution of the problem of determining the concentrations of solution
components from spectroscopic data was compared on the full set of input features
and on its subsets compiled using the selection procedure under consideration, as
well as using traditional methods for selecting significant input features. The study
was carried out at the expense of the grant No. 24-11-00266 from the Russian
Science Foundation, https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/

project/24-11-00266/].

69. Use of Neural Network Approximation of the Parameters-
Property Relationship in Synthesis of Carbon Dots

Dolenko S.A. (1), Laptinskiy K.A. (1), Korepanova A.A. (2), Burikov S.A. (1,2),
Dolenko TA. (1,2)

(1) D.V. Skobeltsyn Institute of Nuclear Physics, M.V. Lomonosov Moscow State
University, (2) Faculty of Physics, M.V. Lomonosov Moscow State University

The unique optical properties and simplicity of the methods for obtaining carbon
dots (CD) open up wide prospects for their application in optoelectronics,
biomedicine, sensors, analytical chemistry, etc. The physico-chemical properties of
CD are determined by their synthesis method and by the precursors used. One of the
most common methods for producing CD is solvothermal/hydrothermal synthesis,
based on heating solutions of carbonaceous materials in a closed volume. Synthesis
conditions, sets of precursors, and the ratio of their concentrations significantly
affect the photoluminescent properties of CD - the wavelength of photoluminescence
radiation, its quantum yield, and photostability. However, in the modern world, for
specific applications, it is necessary to understand the interrelationships of
Synthesis - Structure - Properties and the ability to synthesize CD with specified
properties. That is, it is extremely important to determine precursors and optimal
synthesis parameters for obtaining nanoparticles with predetermined properties,
e.g. quantum yield of luminescence (QYL). To solve the specified inverse problem of
the type “Synthesis Parameters - Properties” it is advisable to use machine learning
(ML) methods, which have great potential in identifying hidden correlations in
multiparametric systems. In this study, ML was used to determine the optimal
conditions for the hydrothermal synthesis of CD from citric acid (CA) and
ethylenediamine (EDA) with a wide range of precursor ratios, temperature and
reaction time to obtain nanoparticles with a given QYL. As is known, it is from this
pair of precursors that CD with the largest range of QYL changes are synthesized -
from 0 to 100%, which significantly complicates the solution of the task. In physical
experiment, we synthesized 343 CD samples from CA and EDA. CA concentration
was fixed at 0.1 M. EDA concentration varied from 0.01 to 2 M, the time of the
hydrothermal reaction from 30 to 360 minutes, the temperature of synthesis from
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80°C to 200°C. For each CD sample, optical absorption spectrum and 2D
fluorescence spectrum were obtained, and QYL value was calculated using the
method of the reference dye. The purpose of the study was to determine the areas of
change in the parameters of hydrothermal synthesis of CD, in which the
nanoparticles are likely to have the highest QYL. The described experimental data
was used to build a neural network approximation of the dependence of QYL on the
three synthesis parameters (EDA concentration, time and temperature of synthesis).
The optimal architecture turned out to be a multi-layer perceptron with 8 neurons in
the single hidden layer. According to the results of the approximation, the highest
QYL of the CD was estimated to be 99.15%, obtained at EDA concentration 0.35 M,
synthesis temperature 145 °C, and synthesis duration 240 sec. The experimental
value of the QYL obtained at the specified values of the parameters, was 98.9%. The
study was carried out at the expense of the grant No. 23-12-00138 from the Russian
Science Foundation, https://rscf.ru/en/project/23-12-00138/ [https://rscf.ru/en/

project/23-12-00138/].

62. Improving Representativity of Spectroscopic Data using
Variational Autoencoders: Approaches and Problems

Mushchina A.S. (1,2), Isaev 1.V. (1), Sarmanova O.E. (1,2), Dolenko T.A. (1,2),
Dolenko S.A. (1)

(1) D.V.Skobeltsyn Institute of Nuclear Physics, M.V.Lomonosov Moscow State
University, (2) Faculty of Physics, M.V.Lomonosov Moscow State University

This study constitutes an investigation into the potential improvement of neural
network methods through the augmentation of the training dataset using a
variational autoencoder (VAE). We consider the inverse problem of spectroscopy of
multi-component water solutions, aimed at determining the concentrations of
various ions in the solutions based on their spectral data (Raman, IR or optical
absorption spectroscopy). While the shape of the spectra is sensitive to the
concentrations of ions, the dependence of spectral intensities on ion concentrations
in multi-component solutions is complex and non-linear, thus requiring analysis of
many spectral channels at once. Such analysis may be performed using machine
learning methods, e.g. neural networks. However, to train a neural network, a large
dataset is required. Adequate modeling of spectra of multi-component solutions is
yet far beyond reasonable computational capabilities. The required dataset may be
obtained through laboratory measurements, but such experiment is very laborious
and expensive. Furthermore, the experimental data may also exhibit a significant
imbalance in the space of target values that can interfere with the training of a
regression neural network model. Thus, the issue of adequately expanding the
training dataset is highly pertinent. This study examines the possibility of
augmenting the training dataset by generating extra spectra using a VAE. The aim is
to provide reduction of the error of solving the inverse problem. There are several
possible approaches to such generation. It seems that the simplest way is to use a
conditioned VAE (cVAE) trained on experimental data. However, we demonstrate
that the quality of such generation is insufficient - generated spectra differ too much
from experimental spectra with the same ion concentrations. Expanding the
experimental dataset with such generated spectra even increases the error of
determination of ion concentrations. Two other approaches use VAE. In this case, we
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require a way to determine the target ion concentrations for each of the generated
spectra. This may be done by some ML regression model trained on experimental
data - either in the feature space of the spectra or in the latent space of VAE.
Subsequently generated spectra can be used in various ways along with
experimental ones during the training of regression neural networks solving the
inverse problem. In this study, we compare these two approaches and discuss their
merits and shortcomings. The impact of the level of noise in the experimental data,
and of the level of noise added to experimental spectra during training of the VAE,
on the generated spectra is also explored. Possible ways of improving data
distribution during spectra generation are also discussed. The study was carried out
at the expense of the grant No. 24-11-00266 from the Russian Science Foundation,
https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/project/24-11-00266/].

68. IIpod/1eMbI 0OPAOOTKH JaHHBIX B PU3UKEe KOCMHYECKHX
ay4deH

JI.Ky3vmuues (1)

(1) HUUAdo MI'y

65. Comparative Analysis of the Procedures to Forecast the Kp
Geomagnetic Index by Machine Learning

Gadzhiev I.M. (1,2), Dolenko S.A. (1), Barinov O.G. (1), Myagkova I.N. (1)

(1) D.V.Skobeltsyn Institute of Nuclear Physics, M.V.Lomonosov Moscow State
University, (2) Faculty of Physics, M.V.Lomonosov Moscow State University

Geomagnetic disturbances are one of the most important factors in space weather,
the role of which will increase with the development of the space industry and the
global digital industry, both on Earth and in near-Earth space. Geomagnetic activity
is usually characterized by special indices. One of the most common geomagnetic
indices is the Kp index, first introduced by Julius Bartels in 1939. In this study, we
explore the possibility of predicting the following Kp index values during the next
day (24 hours) using machine learning (ML) models based on the hourly values of
the parameters of solar wind and interplanetary magnetic field, and of the hourly
Dst geomagnetic index. We use such ML models as linear regression, gradient
boosting and multilayer perceptrons. We test to what extent the use of time series
delay embedding improves the performance of ML models. Due to the specifics of
the Kp index (it is measured once every three hours, different from other
geomagnetic indices), several ML models are calculated separately, depending on
the number of hours remaining until the next Kp index value is calculated, to
comprise a composite model making hourly predictions. A special procedure using a
synthetic KpH index with an hourly frequency as a target variable for ML models
training to improve the quality of the forecast is also being tested. The quality of all
the models is assessed on an hourly basis on various testing data depending on Kp
index range, corresponding to various levels of disturbance of the magnetosphere.
Finally, conclusions were drawn about the optimal procedure of creating and
applying of a machine learning model to solve the Kp index forecasting problem. The
best results by most of the quality metrics were demonstrated by the composite
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model. The significance of the features that are used by the model for prediction was
also studied. The most significant input features detected were preceding values of
the Kp index itself, phase of the Earth’s daily rotation, solar wind velocity, modulus
and z-component of the interplanetary magnetic field. This list well matches the
existing physical notions on feature significance based on the results of physical
experiment. The study was carried out at the expense of the grant No. 23-21-00237
from the Russian Science Foundation, https://rscf.ru/en/project/23-21-00237/ [https://
rscf.ru/en/project/23-21-00237/].

50. CeTH ri1y00KOro o0y4eHHusi IJisi MOCTPOEHHsI BUPTYA/IbHBIX
OATYHKOB TEXHOJIOTHYECKHX IIPOIecCoB HedTenmepepadoTKu

JlazyxuH HeaH Cepeeesuu(1), [Tempoackuu Muxaua Hzopesuu(1l), MaweukuH H20opb
Banepvesuu(1)

(1) MI'Y umenu JIomoHOCOBa

B HacTos1lee BpeMs, B CBSI3U C pa3BUTHUEM CUCTEM aBTOMaTU4YECKOTO U
aBTOMAaTU3UPOBAHHOTO yIIPaBJIEHUS, IPEANPUATUSA HaKalJInuBaloT 00Jbile 00 beMbl
OAaHHBIX O COCTOSTHUU TEXHOJIOTMYECKUX IMPOIIeCCOB. MHOXKeCTBa PU3NUECKUX
OAaTYNKOB PUKCUPYIOT COCTOSTHHE CUCTEMBI B KaXKIbIi MOMEHT BPEMEHHU, TEM CaMbIM
OTBedas 3a ylnpaBJIeHWEe CUCTEMOMU U MMOAOEPKKY €€ ITapaMeTpPOB B OOIIyCTUMBIX
npenenax. OOHOBPEMEHHO C 3TUM, 3HAQUYUTEJIBHYIO YaCTh Ka4eCTBEHHBIX
XapaKTEPUCTUK TAaKUX IIPOILIECCOB, B 0COOEHHOCTH, CBSI3aHHBIX C HePTEeXUMUUECKOU
IIPOMBIIITIEHHOCTHIO, COCTaBJISIOT JTabopaTOpPHLBIE UCCIeqoBaHud. Takue
HCCJIeIOBAHUS IPOBOISATCS C HEPETYIAPHOM YaCTOTOM — CYLIECTBYIOIIUE Ha
IMpaKTUKE CPeACTBa UX MHTEPIOJIAIUN OCHOBaHBI Ha TMHEWHBIX UJIU Ke KYCOYHO-
IIOCTOSTHHBIX UHTEepPIIpeTauusax. MaTeMaTudeckue Moaenu, o06o0Iaonie
nabopaTOpHBIE UCCJIENOBAHMUS Ha YaCTOTY, COOTBETCTBYIOUIYIO0 (PU3NIECKUM
maTyukKaM OyaeM Ha3blBaTh BUPTYaJIbHBIMM JaTYMKaMU. TakKuM oOpa3oM,
rccienyeMas B paboTe 3afjada MPOTHO3UPOBAHUS BUPTYaJIbHEIX JaTYUKOB, TO €CTh
IIOJIyYeHUsI XUMUYEeCKUX II0Ka3aTeslel IIPOU3BOLCTBEHHOI'O IIPOllecca B PpeaJlbHOM
BpPEMEHU Ha OCHOBe 3Ha4YeHUU PU3NYECKUX HAaTYUKOB SIBIISIETCS aKTyaJIbHOU. ABTOPBI
rccrenyoT HaOop JaHHBEIX, COOTBETCTBYIOMINY HedTellepepabaTsiBalonel yCTaHOBKE,
comepxkarui okoso 10,000 mokasanuit 300 pu3nvyecKrUxX TaTYNKOB, COOMPAEMBIX C
JacToTou 1 9ac, ogHaKO COOTBETCTBYIOIIKE TabopaTOPHBIE UCCIIeTOBAHUS
cocTaBsioT Habop Bcero B 300 rmoka3zaHui, cOOMpPaeMbIX C YaCTOTOM OKOJIO CYTOK.
CoOTBETCTBEHHO, BO3HUKAET HECKOJIBKO 3a71ay, CBI3aHHBIX C BEICOKOU Pa3MEPHOCTHIO
BXOJIOB, Pa3peKEeHHOCTHIO U B 11€JIOM HeOOJIbIIINM YUCIOM MMOKa3aHUM 11eJIeBOM
TIepeMeHHOM, a caMa 3afjadya MPOTHO3UPOBaHUs TabopPaTOPHBIX UCCIeOOBaHUMN
COEepPKUT TTof3aflavyy alnpoKCcUMalluu. ABTOpaMu OBIJTM ITPeI0KeHbl HECKOJIBKO
TIOAXOM0B, OOBEMHSIONINX 3alaYy MMPOTHO3a U 3al0JITHEHUS IIPOITYCKOB I

MO ETMPOBaHMs J1TabopaTOPHBIX MCCIIeloBaHUM. BLIiM paccMOTpeHBl METOMLI 0TOOPa
MMPHU3HAKOB Ha 0CHOBe PLS perpeccuu (uepapxudeckasi KjiacTepu3allus),
rpagueHTHOro OyCTUHTaA, HepeBhbeB baiieca, rpadoBoi HEUPOHHOM ceTH, 6a30BLIE
MeTonbl B Bupe Lasso u Koppenauui. KaxXablii U3 peniokKeHHBIX METOA0B 0TOOpa
OBIJT aIAIITUPOBAH [JII BO3MOXKHOCTH YUYUTHIBAaTh 9KCIIEPTHOE MHEHUE CIEeIUaIiCTOB
o6nacTu. Brinu npenmoxkeHbl METOALI ITPOTHO3UPOBaHUS TabopaTOPHBIX
HCCIIeJOBaHNY Ha OCHOBe IrpadOBBIX HEMPOCETEN, TeHePaATUBHBIX OAX0O0B,
TTOJTHOCBSI3HBIX M PEKYPPEHTHHIX CETeM, PACCMOTPEHBI MHTEPIIOIAIUU OTKIIUKA C
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HCIIONIb30BaHeM Loess U CIJIaliHOB, a TaKXKe BapHUaHT pPeryJspu3aliuy,
YYUTHIBAIOILIEN KOPPEJALUIO C OTKINKOM. [TolmydyeHHBIEe aBTOpaMu
9KCIIepUMEeHTaIbHbIE Pe3yIbTaThl IIOKA3bIBAIOT IIPEUMYIIECTBO UCIIOIb30BaHUS OIS
OaHHOU 3aJaydd IPOCTHIX PEKYPPEHTHHIX ceTel, TpadOBLIX HEMPOCETEH C
IIpeaBapuUTEIbHON MHTEPIIONAIMe, oTOopa IMPU3HAKOB Ha OCHOBE JepeBbeB baetica.
OTOenbHO CTOUT OTMETHUTH HEOJHO3HAYHOCTh OIIEHKM KadeCcTBa IMOTy4YeHHBIX
MoOJienied; aBTopaMu ObI/I TPeaIoKeH KOMOMHUPOBAHHBIN ITOAXO0I, YYUTHIBAIOIITUHT
aIeKBAaTHOCTh MOMEJIH, KOPPEJSIIUIO €€ C MCTUHHBIMU 3HaYeHUSIMU JTabopaTopuu u
CTaHOAPTHBIE OITUOKMU.

37. HeMpoOHHEIE OIepPaTopPhl IJ/IsA THAPOTHHAMHYECKOI 0
MOJe/ITMPOBAaHHUs MOO3€eMHBIX XpaHWIHII ra3a (IIXI)

I.II. Cupoma (1), K.A. I'yvwuH (1), C.A. XaH (1), C.JI. Kocmukos (1), K.A. Bymos (1)
(1) ITAO “T'azopom”

3HauuTeJIbHAS YaCTh UCCIeNOoBaHUM B 00J1acTu IIy00OKOT0 00y4eHUs COCpeoToYeHa
Ha U3y4YEeHUU OTOOpakKeHUM MexKay KOHeYHOMEePHBIMHU ITPOCTPaHCTBaMU. BMmecTe C
TeM TUApOogUHaMUYeCKUe Iponecch ¢punbTpanmuu rasa B [IXI, onucriBaeMbie
nuddepeHIanbHBIMU YPaBHEHUSIMU B YaCTHHIX MPOU3BOAHBIX ([IYYIT), TpebyioT
M3y4eHUs1 0ToOpakeHuM MexXny GyHKIIMOHATbHLIMU IIPOCTPAaHCTBaMU O€CKOHEUYHOMU
pa3sMepHOCTH, YTO OT/IMYAET JaHHYIO 3aJadyy OT TPaOUIIMOHHEIX. B HacTosIee BpeMs
TIOAXOABI M METOHBI I'JIyOOKOT0 00y4eHMsT aKTUBHO PAa3BUBAIOTCS U BCe dallle
OOCTUTAIOT BBICOKOM TOYHOCTHU B PA3/IMYHBIX 3aJadaxX YMUCII€HHOT0 MOOeInpPOBaHUs.
OmHUM U3 IEePCIEeKTUBHLIX IOOXOO0B SIBISETCSA IOCTPOEHNEe HEUPOHHEIX OIIepaTOpPoB
- 0000111eHe HEUPOHHBIX CETeM ISl allIPOKCUMAIIUK 0TOOpaXKeHUu! MexXay
(pyHKUIMOHaNLHEIMU TPOCTPAHCTBaMU. B maHHOU paboTe OBIJI TOCTPOEH U 00ydeH
onepaTtop @Pypbe ¢ mobaBnenueM ciaoeB U-Net (U-FNO) gisa rugpoouHaMU4eCcKoro
MOOEINPOBaHUS IIPOIleccoB punbTpanuu ra3a B [IXI'. BriepBele moKa3aHO, YTO
OaHHBIM METO[ MOXKeT OBITh IPUMEHEH He TOJIbKO IS 3ajad MOOeTupOBaHUS
(punbpTpanuu rasa B UUINHAPUYECKOU CUCTEME KOOPAUHAT C OOHOU CKBaXXKUHOU, HO U
071 3afa4 TPeXMepHOU (pUIbTpalyy ra3a B eKapTOBOU CUCTeMe KOOPOUHAT C
MHOZKECTBOM CKBaXwuH. [Ip1 95TOM HEMPOHHOMY OIlepaTopy He TpebyeTcs O0IbIIon
pa3mep oOydaroIiieil BEIOOPKHU I JOCTUXKEHUs TpeOyeMoro KauecTBa
annpokcuMmaumu OYYII, 4To feMOHCTPUPYETCSA He TOJIBKO Ha TECTOBOU BEIOOPKE, HO
1 Ha UCKYCCTBEHHO CT€HEPUPOBAHHEIX CllIeHapUAX C BHECEHUEeM CYylleCTBEHHEIX
M3MEHEHUM B CTPYKTYPY MOOENUPyeMOoro o0 beKTa.

46. Mopenb MaIMHHOTO O0Yy4Y€eHHsI Ha TayCCOBCKHX IIpoIeccax
IJIs1 IpeCKa3aHHusI SHEeProBbIAe/IeHUsI B TOIUIMBHBIX sTYeHKaX
AKTHBHOH 30HBI HCCJIEIOBATEIHLCKOIO SITEPHOTr0 peaKkTopa

H.B.CmoavHukos (1), A.I'. HatimywuH (1), H.H1.JIebedes (1), M.H.AHuKuH (1)
(1) HamtmoHanbHBIM HUCCIEO0BaATENbCKUY TOMCKUY ITOJIMTEXHUYECKUU YHUBEPCUTET

Braromapst KOMIIAKTHBIM pa3MepaM aKTUBHOM 30HBI ¥ OOJILIIIOMY KOJTUYECTBY
SKCIIepUMEHTAaJIbHBIX YCTPOUCTB HUCCIIefoBaTeIbCKUe AnepHble ycTaHOBKU (UAY)
HAIIJIU IINPOKOE IIPUMeEHEeHMe OJId IPOoBedeHusa GyHOaMeHTaIbHBIX U IIPUKIagHbIX



HCClIieOoBaHMM QU3NKU TBEPOOTO Tejla, HEUTPOHHOTO pacCessHUs, IPOU3BOACTBA
HM30TOIIOB, MaTepHasoBedeHUs U MeOUIUHLL. Masble pa3Mep aKTUBHOM 30HEI U
JacTU4YHas leperpys3Ka TOIJIMBa, IPU KOTOPOU IIPOUCXOOUT 3aMeHa TOJIBKO
HauboJjiee BEITOPEBIINX TEIIOBLIAeNgouxX cOopok (TBC), aBnsioTCs IpUYnHaAMU
(opMuUpOBaHMSA y4aCTKOB C BELICOKOM HEOOHOPOOHOCTHIO pPaclpeneieHus U3JIyYeHus.
Kak pe3ysnbTaT, MPOUCXOOUT IepepacupeaesieHre 3HEePTrOBbIAeIeHUS 0 TOMITUBHLIM
siyeKaM, YTO OKa3bIBaeT BIUsSHNE Ha 9P(PEeKTUBHOCTD UCIIOIb30BaHUS TOMNINWBA U
yCJIOBUSI IPOBEIEHUST HaYYHHBIX U IIPOU3BOINCTBEHHLIX paboT. bojee Toro, B yCI0OBUSX,
KOTIa TEIlJIOBBIIEeJISIoNIe 3JIeEMEeHTHl PaboTaloT Mpu HeOOIBIIIOM 3alace g0 Kpu3uca
Terioo0MeHa, BhICOKasi HEOOHOPOOHOCTD U3TyYeHUSI MOXKET CTaTh ITPUYNHOMN
orpannyeHus skcmiayatauuu TBC. BelpaBHUBaHVUEe HEPaBHOMEPHOCTU
pacnpeneneHus SHEPTOBBIAEIEHUS B aKTUBHOM 30HE HCCIeA0BaTEIbCKOT0 peakTopa,
KaK IIpaBUJIO, OCYILECTBJISIETCS 3a CUEeT IIepeCTaHOBOK «CBexux» TBC oT LieHTpa K
nepudepun. OgHaKO, IIOATOTOBKA K IIpoIlenype NpoduiInpoBaHus TpedbyeT
omnpefesieHUs XapaKTePUCTUK aKTUBHOUM 30HHBI AJI KaXKA0Tro IIara Ipu
ImepecTaHOBKaX, YTO OCYIIECTBISETCSI Ha OCHOBE PeCypco3aTpaTHOT O PpaCueTHOT O
MOJeIUPOBaHHUS IIPOIIECCOB ITepeHoca U3ydyeHus u 6ajaHca HEUTPOHOB. B
HacTosel paboTe IIpeaIoKeH MOaXoa K UCII0JIb30BaHUIO MOMeJIM MalllMHHOT O
00y4YeHMs Ha rayCCOBCKUX ITPOIleccax [Jisi IPOrHO3UPOBAHUS 3HEPTOBLIAEIEHUS B
reTepOreHHOU CTPYKType SIAePHOT0 peakKTopa. 9TO MO3BOJIUT OlLleHUBATh K3MEHEHU ST
IapaMeTpPOB 3HEPTOBLIAEJIEHUS B TOIIMBHLIX siueliKax 0e3 IMIpOBedeHUs
MoOenupoBaHus. Mogenb oOy4anach Ha OCHOBE XapaKTEPUCTHUK aKTUBHOM 30HBI I
Pa3TUYHLIX TOIJINBHBEIX KaMIaHUU peakKTopa C IpuMeHeHueM Kpocc-Banuganuu. 1o
pe3yJbTaTaM 00y4YeHUusT 1 HaCTPOUKYU 00I1ast TOUHOCTb PabOTH MOMEH 110
K03hbUIIUEeHTy OeTepMuHanuu coctaBuinia 0.99.

47. An effective algorithm for predicting human fatigue using a
portable Brain-Computer Interface

Aoicoeun KoHncmanmuH 30yapdosuu (1), IlllegsueHko Muxaua I'enHadvesuu (1),
IIlepbaHb HM2opv Bacuavesuy (1)

(1) FOx#ubBIN hDemepanbHBI YHUBEPCUTET, I'. PocToB-Ha-IloHy, Poccus.

MOHUTOPUHT COCTOSTHUS OIIEPATOPOB OTBETCTBEHHBIX TEXHOJIOTUUYECKUX IIPOILIECCOB
HWTrpaeT KII4YEBYIO POJib B o0ecnedyeHUU 0€30IacHOCTU U 3 HEKTUBHOMU
SKCITyaTalluU CJIOKHBIX TEXHUUYECKHUX CUCTeM B 1lejioM. CBOeBpeMeHHOe
oOHapyKeHue YCTaJIOCTH, CTpecca Ui MOHOTOHUM YeJIOBEeKa-oepaTopa IoMoraeT
IIPEIOTBPATUTh BO3MOXKHEIE IPOUCIIECTBUS U 00ecleunBaeT rapaHTUPOBaHHOE
BBLITIOJTHEHME BaxXKHBIX 3a7a4. [IJ1s1 pelreHus npobieMbl MOHUTOPUHTA
IIePEeYnCIIEHHBIX (PU3U0JIOTUUYECKHUX IPOLIECCOB, a TaKKe IIPOTHO3a
(GyHKIIMOHATLHOTO COCTOSTHUS OoIlepaTopa Iie1ecoo0pa3HbIM SIBJISETCS

KU CIIONTb30BaHUE MTOPTATUBHLIX NHTEpPdelicoB Mo3r-KoMmbioTep (MMK). F'apHUTYPBI
Takux UMK MMeroT TONBbKO JIMIIb YEThIPEe-BOCEMb 3JIEKTPOAOB OIS PETUCTPalluu
aneKTposHIedanorpamMmel (331°) Mo3ra 4YenoBeKa, OCHAIIIEHL CPeCTBaMU
0ecITPOBOOHOM CBSI3W C MUHUATIOPHLIMU BHIYUCIIUTEIISIMU, 9PTOHOMUYHEI U HE
MeIIaloT ONePaTOPY BHIMMOJIHATL TPYAOBhIe GYHKIIMU. TeM He MeHee, UCII0JIb30BaHUEe
COKpAaIlleHHOT' 0 YH1cia oTBeeHui D3I He M0o3B0oJIIeT 00eCIeunuTh MOJTHOLIEHHBIN
aHann3 0MO03TEeKTPUYECKON aKTUBHOCTH MO3Ta, a PErUCTPUPYEMbIE CUTHAJIBI
3aIllyMJIeHHl BCJIENCTBHE OBUTATEIbHON U UIEOMOTOPHOM aKTUBHOCTHU YeJIOBEeKa-



oIepaTopa ITpU BHIITOJITHEHUN UM TEKYIINX PyHKIIMOHAIbHBIX 003aHHOCTEH, ero
MYCKYJTbHOM aKTUBHOCTU WJIU T'JIa3HBIX OBUXKEeHUM. [lomoOHbIe TPOo6IeMbl He
TTO3BOJIAIOT 00ecreunTsh 3¢ PEeKTUBHOE UCIOJIb30BaHUE TEXHOJIOTUM ITOPTAaTUBHBIX
WMMK pjiss MOHUTOPUHI'Aa COCTOSTHUS YeJIOBEeKa B HacTosIlee BpeMsi. PadpaboTan
aJITOPUTM IIPOrHO3a YCTaJIOCTU YeJjloBeKa Ha OCHOBE perucrpanuu cursanos 930 ot
YyeThIpeXx oTBefmeHuM noprtatuBHoro MMK. Anroputm paboTocroco6eH B YCIIOBUSIX
gerpagaiyy CUCTEMBI HaOmomeHUs: 6M031eKTPUYeCKOM aKTUBHOCTHA MO3Ta, a TaKkKe
MMeeT CBOMCTBa poOaCTHOCTU K apTedaKTaM ABUTATEILHOU U UOEOMOTOPHOMI
aKTUBHOCTH, MOPraHUU U T'JIa3HBIX OABUXKEHUU. 3a CYeT IPUMEeHEeHUs HEIIPEPHIBHOTO
BeliBJieT-ipeoOpa3oBanus (HBII) Kk peructpupyemMblM curdajnaM 93T BHIIOTHSAETCS
Iepexol B Y4aCTOTHO-BPEMEHHOM KOHTUHYYM. M30biTouHOoCcTh HBII mo3BonseT
OILIEHMBATh JIOKAJTM30BaHHBIE SHEPTEeTUYECKUE XapPaKTEPUCTUKHU BPEeMEeHHOT 0 psifa U,
TaKUM 00pa30M, IIOJTHOLIEHHO BHISIBISITh CTPYKTYPY CUTHAJa ¥ OeTeKTUPOBaTh
IIIyMOBBIE TaTTEPHBI. TakK KaK 9HepreTU4eCKuu BKiIa[ NaTTepHa IIIyMOBOI'O
apTedakTa onpeneseHHOU IPUPOALl KOHIIEHTPUPYETCS BOKPYT HEKOTOPOTO YPOBHS
HBII-pa3noxeHus CUrgasna, TO CIIeKTpaJIbHbBle COCTaBIIAIOIINE PACIPENesISIOTC 110
YyacToTaM HEPaBHOMEPHO, U BEUBJIET-9HTPOIINUS B YAaCTOTHOM [OHalla30He MAaTTepHa
IIpUHUMaeT HU3KOe 3HaueHUe. 3a CUeT UCKIIIOUYEeHUS U3 PACCMOTPEHUS TexX
4acCTOTHEIX Arana3oHoB HBII currana, KOTOphle 3alllyMJIeHE HaTTePHAMU IIIyMOBBIX
apTedakToB, 00ecieynBaeTCs BEIIIe Ha3BaHHOE CBOMCTBO POOACTHOCTH ajirOpPUTMa.
MOHUTOPUHT yCTaJIOCTU YeJlOBeKa BHIIIOJIHAETCS Ha OCHOBEe aHallu3a II0BefeHUus
pyHKUIMH r100anbHOTO CIEKTPa SHEPTUM OJIs BBIOPaHHOI'O0 YaCTOTHOTO Auana3oHa
curtana OOl Ha nHTepBase HabmomeHu. CHUXXeHHe 3TOro PyHKIIMOHATIbHOTO
IapaMeTpa CBUAETEIbCTBYET O HAKOIJIEHUU YCTaJIOCTH. [IJIs pelieHus 3agadyu
IIPOrHO3a YCTaJIOCTU UCIIOJIb3YETCSA MOAEIb HEMPOHHOU MepapXnuyecKoun
nuTepnonsmuu N-HiTS. B ornuuue ot 651u3kon momenu N-BEATS, BeiOpanHas
Mopgelib obecneynBaeT 3(pPeKTUBHBIN TPOTHO3 Ha BapUATUBHBIX BPEMEHHBIX
MaciTabax. B KauecTBe IMCKPUMUHATHUBHBIX TPU3HAKOB UCIIOIb3YIOTCS 3HAaUEHU S
CKaJIoTpaMM B T€X YaCTOTHBIX AUWana30HOB, T'Ie BEUBJIET-OHTPONUSA Ha UHTEpBaJje
BpeMeHU MUHMMaJbHA.

55. AAropuTM KjaacCHu(PHKAIIUHU MIPEMOTOPHBIX MOTEHIIHAJIOB 110
CHTHAJTy 3JIEKTPO3HIIeda/IorpaMMbI I/IsI HEHPOPEaOH/TUTAIIHH C
IIOMOIIbLI0 HHTEep(deHca «MO3r-KOMINbLIOTEP» 3aMKHYTOr0 ITHKJIa

Caesckuti A.H. (1), Illenenes H.E. (1), IlJepbaHb H.B. (1)
(1) FOx#ubIM hegepanbHBI YHUBEPCUTET

B TeyeHHne mocnemgHUX OECATUIETUN aKTUBHO Pa3BUBAIOTCS TaK Ha3bIBaeMEbIE
nHTepdence «Mo3r-kommnbioTep» (MMK). UMK npencTaBiseT u3 cebs1 CUCTEMY, B
KOTOPOM CUTHAJIBI aKTUBHOCTU MO3Ta CUUTHIBAIOTCSI METOaMHU 371€KTPODU3UO0TIOTUH,
TI0CJIe Yero IoABePralTCs aBTOMaTU3UPOBaHHOM 00paboTKe IJid KOHBEPTAIUU B
YeTKYyI0 KOMaHAy ynpaBneHus. [TociegHee 3BeHO TaKUX CUCTEM SIBIIIeTCS Haubosiee
Ipo0JIeMHOM YaCThiO B CBSI3U C HECTALIMOHAPHOCTHIO CYUTHIBAEMBIX OMOJIOTUUYECKUX
CUTHAJIOB, KOTOPas yCI0XKHSET YCTOMYUBOE U TOUHOE NeKogupoBaHue. B cBsi3u C
3TUM pa3paboTKa yCTONYUBEIX METOHOOB 00PabOTKM U KilacCu(pUKAIIMN CUTHAJIOB,
yalie Bcero sHnedanorpammel (3310), misa ussnedeHus KoMmaHp yunpasnerus UMK
SIBJISIETCS KpallHe aKTyaJIbHOU 3aJadeli. BHyTpu 3ToM 3aJa4yM TaKXKe CyIIeCTByeT
Ooiee y3Kasi, CBI3aHHAas C AoJjie nHPOPMaTUBHOTO CUTHAaJIa B 00pabaThiBaeMbIX



CerMeHTax: OHa MOXKeT OBITh Majla, a B ClIy4yae MaJiol BhIPaKeHHOCTU I1eJIEBBIX
TIaTTEPHOB OHU MOTYT IIPOCTO 3aTepPSAThCA B (OHOBOM CUTHAJIe 13-3a rpy0o
pa3meTKu BLIOOPKU. B maHHOM paboTe mpenaraeTcs MOOXOM AJIs pelleHusT
BBIIlIeyKa3aHHBIX 3aja4d Ha IpuMepe KjlacCuPUKalud IPEeMOTOPHBIX IOTEHIINAIOB,
OCHOBAHHLIM Ha IPUMEHEHUU TAaKOM MOJEeIN MAIIMHHOTO 00y4YeHUs KaK JTUHENUHBIHN
OVCKPUMUHAHTHBIM aHanus (JIJA) K mocnemgoBaTEIbHOMY BhHIIEJIEHUIO
MHOOPMATUBHBIX COCTABJISIONINX B YaCTOTHOM ¥ BPEMEHHBIX 00/1acTsaxX. [TepBeIl aTan
3aKJII04YaeTCcs B IIOKMCKe OJIA KaXXOoro lieneBoro ApuxkeHusa JIITA-nmpeobpa3oBaHus
BLIOOPKY Ha OCHOBE CIIEKTPaIbHBIX MOITHOCTEN KIIaCCUYECKUX YaCTOTHBIX
Oyana3oHOB MHOTOKaHaJIbHOro 93I curHasna, COCTaBJIEHHOU U3 IIPUMEPOB 3TOTO
OBUKEHUUN U (POHOBOTO CUTHAasIa. B pe3ynbTaTe mojgy4aeTcss CTOIBKO ke JITTA-
KOMITOHEHT, CKOJIbKO OBIJIO I1eJIEBLIX OBUXKEHUM, B HAIlleM Cjly4dae OBa - OBUXKEHUS
IIpaBOM U JIEBOU PyKaMM, TO €CTh KOMIIAKTHO IpefcTaBjieHa NHPOPMaIus U3
YacCTOTHOM 00J1aCcTH CUTHAaJla 3a CYeT MOHUKEHUS Pa3MEePHOCTH C nmoMmoinsio JITTA.
[ manpHeNero BEAeIeHNsI UHPOpMalii B YaCTOTHOM 00/1aCTH IIpefJjiaraeTcs
Hape3aTh CUTHAaJ KaXXO0ro ABUXKEHUS U aHAJIOTUYHOI'O I10 AjIuHe ()OHOBOI'O CUTHAJa
Ha IIepeceKamiimecs KopoTkue cerMmeHTH OT 250 go 750 mc. Ha KaXKgoM KOPOTKOM
CerMeHTe PaCCYUTHIBAIOTCS NPU3HAKU, IOCJIe Yero Co3[aeTcs BRIOOPKa U3 Pa3HOCTEU
IPU3HaAKOB (PpOoHa U OBUIKEHUS (Kjacc 1) m pa3HBIX CETMEHTOB (pOHa MexkKay coOou
(xkmacc 0). CTonbusl faHHOM BEIOOPKY COOTBETCTBYIOT UOEHTUYHBEIM BpEMEHHBIM
ceTrMeHTaM, II03TOMY Ha JaHHOU BEIOOpPKe MOXKHO 00yuuTh JIITA (B HamleMm ciydae 2-
KOMIIOHEHTYI0) OISl IOHNUXKEHUS Pa3MepPHOCTH, UYTO B pe3yabTaTe cKaTo OymeT
IIPEeICTaBASITh MHGOPMAIIMIO U3 BpeMeHHOM o6s1acTu. TakuMm o6pa3oM, JaHHBIM HIar,
110 CYyTH, TIPEeACTaBIIsIeT U3 cebs MOIMyIsIPHYI0 B 00JITaCTU MAIIMHHOTO 00y4YeHus
ayrMeHTallui0 JaHHBIX C IIOCJIEAYIOIINM IIOHUKEHNEM Pa3MEPHOCTU C IIOMOIBIO
JIOA. [I71 oKOH4YaTeJIbHOU KIaCCu(pUKALMM II0 TAKOMY C2KAaTOMY ITPU3HAKOBOMY
IIPOCTPAHCTBY IPUMEHEHAa TaKasi MOOEJTb MAallTMHHOTO 00y4YeHUs KaK JIOTUCTUYecKast
perpeccus. [IpuBeeHbl pe3yabTaThl CPAaBHEHUS KauyecTBa paboTHl alropuTMa B
HECKOJIbKUX Bapuallusax Ha OCHOBe IIPU3HAKOB pa3HOU IIPUPOAH! (ClIeKTpajIbHbIEe
MOIITHOCTH, MapaMeTprl FOpTa, MeKKaHalbHBIE KOPPENISAILNN) C TPAOUIIMOHHBIM
TTOAXOA0M Ha OCHOBE OOIIUX ITPOCTPAHCTBEHHBIX ITAaTTEPHOB U JINHEUHOT O
KjlaccupuKkaTopa, 4aCTO UCIOJIb3YEMBIM B MUPOBEIX UCCJIEJOBAaHUSIX, a TaKKe MEXIy
co6oti. [Toka3zaHO, YTO yXKe IEePBLIM 3Tal C Ipeobpa30BaHUSIMHU B YaCTOTHOM 001acTu
OaeT yay4dllleHHue TOYHOCTHU ¢ 63.9 B TpagulIMoHHOM moaxone A0 77.5% Ha BEIOOpKe
13 16 3KCIepUMEHTOB Ha pa3HbIX UCHBEITyeMbIX. C mob6aBiIeHreM BTOPOTO 3Tala C
rmpeobpa3oBaHEM BO BpeMEHHOM 0071aCTU TOYHOCTD IOBHIIIIaeTcs no 98.8% mpu
HCII0JIb30BaHUM NTM0O0 MMPU3HAKOB KOPPENAIUi Ha cerMeHTax OiuHbl 750 mMc, mubo
napameTpoB FOpTta ¢ cermeHTamu 110 500 Mc. B cpegHeM 1o pa3HbIM KOHPUTYpPaLUIM
Mopeneu anuHa cermeHTa 500 Mc sABisieTcsa Haubojiee OoNTUMAJIbHOM. Takum
o0pa30oM, ITIOMHUMO IOTYyYEHHOTO MMOBHIIIEHUS METPUK TOUYHOCTH, IIpeajiaraeMbli
aJITOPUTM Ha OCHOBE KJIaCCUYECKUX METONOB MAIIMHHOTO 00y4YeHUSI UMeeT CBOUCTBO
YCTOMYUBOCTHU K IIPEXOAAIIUM IITyMy U apTedaKTaM 3a cYeT pa30ueHusI CUrHajla Ha
KOPOTKME CeIrMEHTEH], a TakKXKe pellaeT aKTyalbHYI0 3aJavy BhIIEeJIeHUs
“HGOPMAaTUBHOU YaCTU CUTHAJIa B CUTyallusX, KOrOa 9KCIIepTHas pa3MeTKa CUTrHasa
MOJKeT OBITh JIUIIL TpUMepHOU. bonee TOro, mokasaHo, 4TO IIOC/IE BCEX
nnpeoOpa30BaHUs JaHHBIE OT PA3HBIX UCHBITYyEMBIX OCTAIOTCS IIOYTH IOJTHOCTHIO
JIMHEWHO pa3fdeIuMbl 1 MOTYT OBITh KaUeCTBEHHO KJTacCU(PUIIMPOBaHHBI 00IIIEeH
MO[€eJIbI0, YTO €CJIM U BCTpPedYaeTCs B MUPOBHIX, TO C PALOM AONYIIEHUH,
TPOMO3OKUMU MOJEJIIMM U YCTYHaIUMU [IoKa3aTeIsIMU TOYHOCTHU. [IpenioxKeHHbIN
aJITOPUTM MOZKET OBITh MCIOJIb30BaH [JIs1 HelpopeabuIuTalluu - BOCCTAaHOBJIEHUE



yrpadeHHbX pyHKIuu [ITHC unu [THC, B yacTHOCTH, MOTOPHEIX. [I7I 3TOTO Yale
Bcero ucnonbs3dyercsa UMK 3aMKHYTOro 1iKiia, B KOTOPOM IIAllUeHT IIoJIy4yaeT
00paTHYI0 CBSI3b, CUTHAJIM3UPYIOUIYIO 00 YCIIEITHOM BHIIIOJTHEHUHU 11€JIEBOTO
OBUKEHUS. B cilydae yTpadyeHHBIX MOTOPHBEIX (PYHKIVH BEIIIOJTHEHUEM [1€JIEBOTO
cTuMyJia OymeT ykKe gaxe reHepauus B 39 mpocTpaHCTBEHHO-BPEMEHHOTO
raTTepHa HaMepeHUs OBUXKEHUS KaKOou-Tub0 KOHEYHOCTHIO (TPEMOTOPHOTO
raTTepHa), YTO MOXKET OBITh YCIIEIIHO AeTEKTUPOBAHO MIPEII0KEHHBIM aJIrTOPUTMOM.
YTo BaxKHO, 3a CUET UCIOJIb30BaHMUS IIPOCTHIX MOfieiedl MalllTMHHOTO O0y4YeHU s
IIpeJIOKEHHBIU aJITOPUTM MOXKET KUCIIOJIb30BaThCA B PEXXUME pPeajIbHOI'O BpEMEHU
0e3 BEICOKKX TpeboBaHMU K IMpousBoguTenbHOCTH [1K.

75. Spiking neural network actor-critic reinforcement learning
with temporal coding and reward modulated plasticity

Vlasov D. S. (1), Rybka R.B. (1), Serenko A.V.(1), Sboev A.G. (1, 2)

(1) NRC “Kurchatov Institute, (2) National Research Nuclear University MEPhI
(Moscow Engineering Physics Institute)

The article presents an algorithm for adjusting the weights of the spike neural
network of the Actor-Critic architecture. A feature of the algorithm is the use of time
coding of input data. The critic neuron is used to calculate the change in the
expected value of the action performed based on the difference in spike times
received by the critic when processing the previous and current states. The change
in the weights of the synaptic connections of the Actor and Critic neurons is carried
out under the influence of local plasticity (Spike-timing-dependent plasticity), in
which the change in weight depends on the received value of the expected reward.
The proposed learning algorithm was tested to solve the problem of holding a cart
pole (cart-pole), in which it demonstrated its effectiveness. The proposed algorithm
is an important step towards the implementation of reinforcement learning
algorithms for spiking neural networks on neuromorphic computing devices.

48. CBepTOYHbIE€ HEHPOHHBIE CETH [IJIsI CO3MaHUsI YIIePOTHOr 0
(POTOTIIOMMHECIIEHTHOI0 HAHOCEHCOPAa HOHOB METaJ/IJIOB

I'. Yyepeeaa (1), K. JlanmuHckuu (1,2), O. CapmaHosa (1), T. [ToaeHko (1)

(1) ®uzuyeckuui pakyneret, MI'Y um. M. B. JlomonocoBa, Mocksa, PO (2) HUNA®
uM.J1.B.CkobOenbiiniHa, MI'Y um. M. B. JlomornocoBa, MockBa, P®

Yrnepopgusie Touku (YT) - KllacC HOIb-Pa3MePHBIX HAHOYACTUI], 00JIagaronIux
cTabUIbHOM UHTEHCUBHOU (oTomoMuHeceHuuel (O®JI), KoTopas 3aBUCUT OT
YCJIOBUU CUHTE3a U KpalHe YyBCTBUTEIbHA K U3MEHEHUIO ITapaMeTPOB OKPYKEHUS -
TeMIiepaTyphl, pH, Hanuuus noHOB 1 6uomMakpoMoJsiekyn [1]. Takue cBoiicTBa
YIJIEPOOHBIX TOYEK OTKPHIBAIOT IIMPOKME BO3MOXKHOCTU UX UCIIOJIb30BaHUS B
KayeCTBe HaHOCEHCOPOB ITapaMeTpoB cpefrl [2]. Tak, akTyanbHOU 3afadyen aBIsIeTCS
KOHTPOJIb MOHOB TSI2KEJIBIX METaJIJIOB B TEXHOJIOTUYECKHUX CpefaX, IPUPOOHBIX 1
CTOYHBIX Bofax. Takou KOHTPOJIb IToApa3yMeBaeT MOHUTOPUHT OOHOBPEMEHHO
KOHIIEHTPAallil HECKOJIbKUX KaTUOHOB MeTalJIOB B cpefe. OQHaKO B HacTosIIee
BpeMsi HaM U3BECTHHI pabOTH], B KOTOPHIX YT MCHOIB3YIOTCS IUIIL KaK HAaHOCEHCOPHI,



MaKCHUMYM, 2-X KaTHOHOB MeTasu1oB [3]. B Takux paGoTax OOUH U3 ITapaMeTPOB
bukCcupyeMbIii, @ KOHIIEHTPAIUSI BTOPOTO ONpPENEsIeTCs C ITOMOIIIbIO KaJTMuOPOBOYHBIX
KpuBbIX. O4eBUOHO, YTO AJI CO3TaHUSA MYIbTUMOOAILHOTO HaHOCEHCOPa
HeoO0X0OUMO PEeIUIUuTh MHOTOTlapaMeTPUYeCcKyio 00paTHYIO 3aauy JIIOMUHECIIEHTHOMN
CIIEKTPOCKOIUHU, YTO YCIIEITHO JOCTUTAETCS C IIOMOIIbI0 NCKYCCTBEHHBIX HEMPOHHBIX
ceteit (MHC). B manHol paboTe npencTaBieHbl pe3yJibTaThkl pa3paboTKu
ONITUYECKOTO YIIIEPOAHOTI0 HAHOCEHCOPa, CIIOCOOHOTO OJHOBPEMEHHO ONPEIeIUuTh
TUI ¥ KOHIIEHTPALWI0 6 HOHOB B BOOHOU cpefe o cuektpaM ®JI VT. [Ing pemeHus
yKa3aHHOU 6-TTapaMeTpuYecKoi 00paTHOM 3ajayll IIPUMEHSIINCh PA3TUYHbIE
apxutekTypbl MHC: mepcenTpoHBI C Pa3IUYHBIM KOJIMYECTBOM CKPBITHIX CIIOEB U
HeUupoHOB HUX, 1D u 2D cBepTouHble ceTu. C MOMOIIBIO IBYMEPHEIX CBEPTOYHBIX
HEWPOHHBIX CETEHN yOalIOoCh PEIIUTh 00PaTHYIO 3amadyy GOTOTIIOMUHECIIEHTHOU
CIIEKTPOCKOIINM I10 OIIpefeeHNI0 TUIla ¥ KOHILIEHTPallui KaTUOHOB TSXKEJIbIX
MmeTasoB Ni2+, Cu2+, Co2+, Al3+, Cr3+ u anuona NO3- co cpenHe abCOMIOTHOMU
omubko# 1.22+0.13 MM, 0.77x0.15 MM, 0.79£0.10 mM, 0.39+£0.11 MM, 0.40x0.10
MM, 2.26+0.35 MM, cooTBeTCTBEHHO. [lonydeHHasi TOYHOCTh pellleHus 00paTHOM
3aJja4yy YOOBJIETBOPSIET MOTPEOHOCTSIM MOHUTOPHUHTA BOOHBIX TEXHOJIOTUUYECKUX Cpeq
[4].

HccnemoBaHUe BHITIOJIHEHO 3a CUET IpaHTa Poccuiickoro HayyHoro ¢oupga Ne
22-12-00138, https://rscf.ru/project/22-12-00138/ [https://rscf.ru/project/22-12-00138/].

[1] A.M. Vervald, K.A. Laptinskiy, G.N. Chugreeva, S.A. Burikov, T.A. Dolenko.
Quenching of Photoluminescence of Carbon Dots by Metal Cations in Water:
Estimation of Contributions of Different Mechanisms. ]J. Phys. Chem. C, vol. 127, pp.
21617-21628, 2023. [2] Wibrianto, A., Khairunisa, S. Q., Sakti, S. C. W,, Ni'mah, Y. L.,
Purwanto, B., & Fahmi, M. Z. (2021). Comparison of the effects of synthesis methods
of B, N, S, and P-doped carbon dots with high photoluminescence properties on
HeLa tumor cells. RSC Advances (Vol. 11, Issue 2, pp. 1098-1108). Royal Society of
Chemistry (RSC). https://doi.org/10.1039/d0ra09403j [https://doi.org/10.1039/

based on carbon dots for sensing and speciation of heavy metals. Nanophotonics
(Vol. 10, Issue 2, pp. 877-908). Walter de Gruyter GmbH. https://doi.org/10.1515/

Treatment of metal plating wastewater by electrocoagulation, Environ. Prog.
Sustain, vol. 31, pp. 340-350, 2012.

73. Kolmogorov-Arnold Networks vs Multi-Layer Perceptron:
Solution of an Inverse Problem of Exploration Geophysics

Kupriyanov G.A. (1,2), Isaev 1.V. (1), Dolenko S.A. (1)

(1) D.V. Skobeltsyn Institute of Nuclear Physics, M.V. Lomonosov Moscow State
University, (2) Faculty of Physics, M.V. Lomonosov Moscow State University

Kolmogorov-Arnold neural networks (KAN) are an alternative approach to standard
neural network models. In contrast to the search for matrix coefficients, the KAN
searches for continuous activation functions [1]. This allows KAN to show greater
non-linearity, and makes the result of its prediction easier to interpret. In this study,
we test KAN against usual multilayer perceptron type neural networks on solving
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the inverse problem of exploration geophysics. Exploration geophysics requires
solving specific inverse problems—reconstructing the spatial distribution of the
medium properties in the thickness of the earth from the geophysical fields
measured on its surface [2]. Dependence of the target variables on a large number
of interconnected input features and non-linear interaction among the latter make
neural networks one of efficient method of solving such problems. Here we
demonstrate that for parameterization schemes with a relatively small number of
input features KAN outperform multi-layer perceptron in respect to regression error,
at the expense of higher computational cost.

The study was carried out at the expense of the grant No. 24-11-00266 from the
Russian Science Foundation, https://rsct.ru/en/project/24-11-00266/ [https://rscf.ru/en/
project/24-11-00266/].

1. Liu, Z., Wang, Y., Vaidya, S., Ruehle, F., Halverson, J., Soljacic, M., Hou, TY., &
Tegmark, M. (2024). KAN: Kolmogorov-Arnold Networks. ArXiv, abs/2404.19756. 2.
Isaev, I.V,, Oborney, I.E., Obornev, E.A., Rodionov, E.A., Shimelevich, M.I., Dolenko,
S.A. (2023). Study of the Integration of Physical Methods in Neural Network
Solution of the Inverse Problem of Exploration Geophysics with Variable Physical
Properties of the Medium. Moscow University Physics Bulletin, 2023, Vol. 78, Suppl.
1, pp. S122-S127.

67. Mogudukamnusi BU3yaJIbHOro TpaHchopmepa MmetogoM b-cos
OJIs1 IIOBBIILIEHUSI HHTEPIIPETHPYEMOCTH B 3ajJa4ye
KJIacCH(PHKAIHH H300pakKeHHH JepMaTOCKOIIHH

JIykbsiHo8 AHOpel Hukonaeauu (1), Boakos E2op Hukoaaesuu (1), Apywes Cepeelti
AnexkcaHoOposuu (1), AesepkuH Aaekceu Hukonaesuu (1)

(1) Poccuiickuit akoHOMU4YeCcKuul yauBepcutetT uM. [.B. ITnexaHoBa

[TosiBNIeHNEe apXUTEKTYPHI «TpaHCHOpPMeEP» COBEPIIIUIIO PEBOJIIOIINIO B 3alavax
aHaJM3a TEKCTOB U MOBLICUJIO KQYECTBO aHajin3a n3o0paxeHui. [1oss
HMCIIONIb30BaHUSI HENpPOCceTel apXUTEKTYPhl TpaHChHOPMEP PACTET C KaXKIbIM I'OOOM.
OmHako, u3-3a KpaliHe cj1abol MHTEPIIPETUPYEMOCTH U NOTPEOHOCTH B OOJIBIINX
o0beéMax 00ydalonuxX JaHHBIX, KCII0JIb30BaHMEe CTaHAaPTHHIX apXUTEKTYP
BHU3yaJIbHOTO TpaHcdopMepa 3aTpyaHeHo. B 2023 rogy rpynmnou uccjiegoBaTesieu
(Manuel Tran, Amal Lahiani u ap.) OblI npenioxkeH MeTo[d Ha OCHOBe b-cos
BhIPABHUBAHUS IOJIsS yIYYIIeHUs IT0Ka3aTesiel paboTh BU3yallbHBEIX TpaHCHOpMEepPoOB B
3afjadyax aHanau3a usobpaxkeHui. [1o 3agyMKe aBTOPOB, 3aMeHa BCeX JINHEUHBIX
mpeoOpa3oBaHUuM mpeobpa3oBaHueM b-cos OJiss obeclieueHUsT BEIPaBHUBAHUS BXOTHBIX
OaHHBIX CIIOCOOHO 3HAUUTENbHO YIIYUIINTh 00BbSICHUMOCTb HEMPOCETU U ITOKa3aTeJln
OTHENbHBIX METPUK KadecTBa. B mpefacTaBieHHOM paboTe IPUBOOUTCS IIPUMEP
MMPAKTAYECKOT0 MIPUMEHEHHUS YKa3aHHOT0 MeToa IIyTEM MOoaudHUKaIuu
apXUTEKTYPHl CTaHAAPTHOTO BU3yaJIbHOTO TpaHchopMepa. B Xxome sKCIIepuMeHTOB
MoauuUKalKs IoKa3aJjia XOpollle pe3yabTaThl B 3afjadye MHOTOKJIaCCOBOM
KjlaccuuKauy n300pakeHuil 1epMaTOCKOIuY (MelaHoOMa, MeJIaHOMOITUTapPHBIe
HEBYCHI U T.7.). [IpuBeI€H BHIBOI BU3YaIbHOTO OOBSICHEHUS B BUle TEIIJIOBOM KapTHI,
oTtoOpaxkaroiiei 061acTu n300paKeHu, BHECIIIME HauOOJIbIIINKM BKJIa[l B ©TOrOBOE
npenckalanue. O6CyKOalOTCS MTEePCIIeKTUBHBIE METOOBI ¥ BO3MOXKHBIE ITYTU
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yIIy4ieHus: 00bSICHUMOCTY BU3YyaJIbHLIX TPAaHC(HOPMEPOB.

HccnemoBaHue BBIIIOJIHEHO 3a cueT Poccuiickoro Hay4Horo ¢oHaa (rpanT Ne
22-71-10112), https://rscf.ru/project/22-71-10112/ [https://rscf.ru/project/22-71-10112/].

73. Machine Learning for NICA SPD Aerogel Reconstruction

Foma Shipilov (1,2), Alexander Barnyakov (3,4), Artem Ivanov (5), Fedor Ratnikov
(1)

(1) HSE University, (2) Skoltech, (3) Budker Institute of Nuclear Physics of Siberian
Branch Russian Academy of Sciences, (4) Novosibirsk State Technical University (5)
Joint Institute for Nuclear Research

In the end-cap region of the SPD detector complex, particle identification will be
provided by a Focusing Aerogel RICH detector (FARICH). The FARICH's primary
function is to separate pions and kaons in final open charmonia states (momentum
range below 5 GeV/c). The optimization of detector parameters, as well as a free-
running (triggerless) data acquisition pipeline to be employed in the SPD necessitate
a fast and robust method of event reconstruction. In this work, we employ a
Convolutional Neural Network (CNN) for particle identification in the aerogel. The
CNN model achieves a superior separation between pions and kaons compared with
traditional approaches. Unlike algorithmic methods, an end-to-end CNN model is
able to process a full 2-dimensional detector response and skip the intermediate step
of computing particle velocity, solving the particle classification task directly.

52. Improving Physics-Informed Neural Networks via Quasi-
classical Loss Functionals

Sergey Shorokhov

Peoples’ Friendship University of Russia named after Patrice Lumumba, Moscow,
Russia

As is well-known, the loss functionals of physics-informed neural networks (PINNSs)
contain the residuals loss functional for the governing partial differential equation
(PDE) and the residuals loss functionals for each of the boundary (or initial)
conditions of the boundary value problem under consideration. We study the
problem of constructing loss functionals for PINN training using methods of the
theory of variational principles for nonpotential operators, developed by V.M.
Filippov. Generally, a quasi-classical variational functional contains derivatives of
lower order compared to the order of derivatives in the PDE with some boundary
conditions integrated into the functional, which results in lower computational costs
when estimating the loss functional via Monte Carlo integration. We demonstrate
advantages of quasi-classical loss functionals over the residuals loss functional for
some boundary value problems for hyperbolic PDEs. The first quasi-classical loss
functional contains first-order derivatives of the unknown function, requires
evaluation of two integrals, and is based on the variational formulation introduced
by V.M. Shalov. Another obtained loss functional does not contain derivatives of the
unknown function at all, requires evaluation of only one integral, and is based on the
variational formulation established by V.M. Filippov.
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42. [IpyMeHeHHe CBEPTOYHBIX HEHPOHHBIX CETEeH [I/IsI BhIIe/ICHUS
coobiTuH ITTAJI B sxcnepumente COEPA-3

OHmuHa E.JI.(1), ITooepyoxkos [{.A.(1), A3pa K.2K.(1), bonseu E.A.(1), 'aakuH B.H.
(1), 3uea M.II.(1), UeaHos B.A.(1), KonodkuH T.A.(1), Osuaperko H.O.(1), PoeaHosa
T.M.(1), Yepkecosa O.B.(1), YepHos II.B.(1)

(1) MockoBCcKUM roCcyqapCTBEHHBIN YHUBepcuTeT umeHnu M. B. JlomoHocoBa, Poccus,
MockBa.

Teneckon COEPA-3 pa3pabaTriBaeTCs OIS U3YYEHUSI MaCCOBOTO COCTaBa U
9HEPTreTUYEeCKOro CIeKTpa KOCMUYECKUX Ty4Yel B fuana3oHe sHepruu 5-1000 I1aB.
Hcrionb3yeMbll METO[, OeTEKTUPOBAHUS OTPaXKEHHOT0 OT CHEXKHOU ITOBEPXHOCTHU
n3nydyeHus BaBunoBa-UYepeHKOBa OT IIUPOKUX aTMOChepHbIX nuBHen (IITAJT)
IIpearojiaraeT HEIIPEPLIBHYIO PETUCTPAIIUIO CBETA, IT0O3TOMY TpebyeTcss pa3paboTaTh
TPUTTEPHBIA aJITOPUTM [JI5 BEIAEIEHUS (parMeHTOB, COOTBETCTBYIOIIUX IIPHUILIEAIIUM
coOriTusiM IITAJI, B HeITpepHIBHOM ITIOTOKE (DOTOHOB 3BE3TMHOTO (pOHA ¥ COOCTBEHHOTO
cBeueHUus aTMocdephl. B paboTe npencraBieHbl pe3yIbTaThl IPUMEHEHUS
CBEPTOYHLIX HEMPOHHLIX CeTel B 3afade KjiacCcuuKauu n300pakKeHun,
IIOJIYYEHHBIX C ITOMOLIBI0 MoHTe-Kapiio MogenupoBaHus 4YepeHKOBCKOro ceeTa ITAJL.
K n3o0paxkeHUussM IPUMEHSIOTCS HeoOXoauMble MOOgUuUKAILIMK, BKIIOUas
ONTUYECKUHU (POH, yUET TEOMETPUU OIITUUECKON CXeMbI U (QPYHKILIMU OTKJIMKA
3IeKTPOHUKM. [JlaHa OlleHKa KadyeCTBa HEUPOHHOU CETH B CPaBHEHUMU C
[I0Ka3aTeJIIMU TPUITEPHOI'0 aJIrTOPUTMa, peajin30BaHHOTO B ycTaHOBKEe COEPA-2.

40. [IeCKpHUNTOPHI IJIsI ONpeae/IeHUs TOKAJILHOH CTPYKTYPbI
ATOMHCTHYECKHX MoOJe/ieH aMOpP(PHLIX JIHI0B

IT. A. dwuH (1), E. P. BazaHuosa (1), A. A. Illlynaeuoeaa (1), B. B. Cmezaatinos(1)

(1) MockoBCckuY PU3NKO-TEXHUUYECKUU MHCTUTYT (HallMOHAIbHBIA
HCCJIeJOoBaTEIbCKUN YHUBEPCUTET)

YacTo npu ucciegoBaHUU BOIOBI U €€ CBOMCTB C IPUMEHEeHHEeM MOJIEKYIIPHON
OUHAMUKU TpeOyeTcs paco3HaBaTh pa3uyHbie (pas3wl 1bH0B. KpoMe TOro, BCE
O0JIBIIYIO TTOMYJISPHOCTD ¥ 3HAYUMOCTD ITOTy4aloT aMOpPGHEIE JIbILI, CPeaN KOTOPBIX
MOKHO BBIIEJIUTH aMOpP(QHBIEe IbObl HU3KOM IMJIOTHOCTU (LDA), BBICOKOM IMIIOTHOCTH
(HDA), a mo HelaBHUM HCCII€IOBaHUSAM - U cpenHel miaoTHocTu (MDA) [1]. Insa
TaKMUX JIbAOB IPUMEHSIOTCS IIPOCTHIE METOABI PaClIO3HABaHHUS JIOKAJIbHOM CTPYKTYPHI
(DprHAaAIEeKHOCTHU OTHAEIbHON MOJIEKY/IEl KOHKPETHOU (a3e), HO OHU 00J1afgatoT
MaJIOM TOYHOCTHIO M B 3aBUCUMOCTH OT 3aJad¥ MOTYT (DOPMYyIHUPOBaATLCSA MHAUE,
MMETh OPYyTHhe BHYTPEHHUE MapaMeTPhl UM BOBCE OBIThL HeNpuMeHUMEI [2]. [ToaTomy
0COOBIM MHTEPEC MPEeACcTaBisieT pa3paboTKa MOOeIH, CII0COOHON KOPPEKTHO
oOpabaTrIiBaTh B TOM 4YHCJie U aMOPGHLBIE CTPYKTYphl. B maHHOM paboTe MbI
paccMaTpuBaeM MPUMEHEHNE Pa3/INYHBIX JeCKPUITOPOB OJIsI ONUCaHUSI
KPUCTAJIJINYeCKUX 1 aMOP(MHBIX TbO0B, @ TaK¥XKe XKUAKOU (Pa3bl BOABI OIS PEUIeHU
3alay¥ O paclio3HaBaHUM 3TUX CTPYKTYpP. CpaBHEHNE NIPOU3BOOUTCS IIOCPEOCTBOM
00y4eHUs KJIaCCU4eCKOU IJig MaHHOTO TUIla 3aja4d HEMPOHHOM CETH, BXOOHOU BEKTOP
KOTOPOU - CTPYKTYpa, OIMCaHHas OJHUM U3 OJeCKPUIITOPOB. Ha 0OCHOBE IIPOBOOMMOTIO
CPaBHUTEJILHOTO aHa/IW3a HaMu pa3pabaThiBaeTCs ONITUMAaIbHBINA CIIOCO0 ONMCaHUA



JIOKQJIbHBIX aTOMUCTUYECKUX 00pa30BaHUM, KOTOPHIM MOXKET OBITh ITPUMEHEH [JIs
pelleHus 3agadyy O paclio3HaBaHUM JIbIOB, B TOM 4YuCJie aMOPGHBIX, U BOIHI.

1. Rosu-Finsen A. [et al.]. Medium-density amorphous ice. Science 2023. V. 379. P.
474-478. DOI: 10.1126/science.abg2105. 2. Garkul A., Stegailov V. Molecular
dynamics analysis of elastic properties and new phase formation during amorphous
ices transformations. Sci. Rep. 2022. V. 12:13325. P. 2045-2322. DOI: 10.1038/
s41598-022-17666-2.

47. Engineering Point Defects in Transition Metal
Dichalcogenides for Tailored Material Properties

Abdalaziz Al-Maeeni (1) Tigran Ramazyan (1) Denis Derkach (1) Andrey Ustyuzhanin
(2,3)

1) HSE University, Myasnitskaya Ulitsa, 20, Moscow 101000, Russia 2) Constructor
University, Campus Ring 1, Bremen 28759, Germany 3) Institute for Functional
Intelligent Materials, National University of Singapore, 4 Science Drive 2, Singapore
117544, Singapore

The tunability of physical properties in transition metal dichalcogenides (TMDCs)
through point defect engineering offers significant potential for the development of
next-generation optoelectronic and high-tech applications. Building upon prior work
on machine learning-driven material design, this study focuses on the systematic
introduction and manipulation of point defects in TMDCs to tailor their electronic,
optical, and mechanical properties. Leveraging a comprehensive dataset generated
via density functional theory (DFT) calculations, we explore the effects of various
defect types and concentrations on the material characteristics of TMDCs. Our
methodology integrates advanced machine learning algorithms with defect
configuration representations, enabling accurate and efficient predictions of defect-
induced property modifications. This research not only enhances the understanding
of defect-property relationships in TMDCs but also provides a robust framework for
designing materials with bespoke properties, facilitating the advancement of
materials science and technology.

51. MammuHHOe o0yuenue U 3D aHa/Iu3 ClleH B OIleHKe
C/JIOZKHOU3MeEPsieMbIX F'eOMEeTPUYECKHUX XapaKTEePUCTHUK Tejla
YyeJI0BeKa JJIs1 3ajJa4 OMOMeUIIMHBI

PenueHko A.C., Tones A.C., Kucuav C.HU, I'paués E.A.
MTI'Y umenu M.B.JIomoHOCOBa

ABTOpPHI TPECTABISAIOT HOBBIU ITOAXO0M, 00beUHSAIONIUN TeXHOJIOTUHU 00paboTku 3D
n300pakeHUU U MalllMHHOTO aHa/Ilu3a JaHHBIX, YTO I03BOJIIET aBTOMAaTHU3UPOBaTh
IIPOLeCC OIpenesieHns aHTPOIIOMETPUYECKUX XapaKTEPUCTUK U QYHKIIMOHAJIOB
MUHKOBCKOTO TeJjla YeJIOBeKa, B Y4aCTHOCTH, IIJIOLIaAX €ro IIOBEPXHOCTHU U
rapamMeTpoB (GopMEL. ['eoMeTpuyecKue xapakKTEPUCTUKH, TaKue KaK 00beM (1 Bec),
IJIOIaAgb ITIOBEPXHOCTH, (popMa Tesia (COMaTOTHN) MallMeHTa, UTPaAl0T B MEOUIIMHCKOU
IIPaKTUKe KJII0YEBYIO POJIb B IEPBUYHOU Ou(PepeHInanbHON JUAarHOCTUKE MHOTUX



3abo0eBaHUM U IIPOTHO3€e UX TeUeHUs. Te Ke XxapaKTePUCTUKU UCIIOJIb3YIOTCS IPHU
Ha3HauyeHUU 0ObEMa BpaueOHOTro (JIEKapCTBEHHOTO, XUPYPTUYECKOTO U T.1.)
BMeIllaTeIbCTBA BO MHOTHX 00JIaCTSIX MEOUIIMHEI, BKJTIOYAs XUMHOTEPAIIUIO PaKa,
TPAHCIIJIAHTOJIOTHIO, JIeUeHNe 03KOT0B, KOXKHBIX 3a00JIeBaHUM, B TOKCUKOJIOTHH.
TpamuiMoHHLIE U3MEPUTENbHELIE U PAaCYETHLIE METOOUKH aHaIN3a YKa3aHHBIX
ITapaMeTpPoB YacTO JAl0T HAaCTOJILKO IPyOble UX OIIEHKH, YTO B HEKOTOPHIX CIIyYasx
OHU MOTYT 3HAYHUTEJIbHO BJIMATH [a’Ke Ha CMEPTHOCTh HMAIlMeHTOB, OCOOEHHO s
OeTeu u moael C HeuaeaabHbIM TEJIOCIOXKEeHNEeM: UMEHHO OHM U HYXIal0TCS B
0COOEHHO TOYHBIX U UHONBUIOYATIU3UPOBAHHBIX U3MepeHusix. [Is 6omee
Ka4eCTBEHHOI'0 U3MEPEHUS CTOJIb BaXKHBIX T€OMETPUYECKUX XapaKTEePUCTUK aBTOPHI
paboTH IIpeajaraloT UCIIONIb30BaHUEe METOI0B MallTUHHOT0 00y4yeHusi. B paboTte
pelllaeTcs 3agada PErpecCcuu OlleHKY reoOMeTPUYeCKUX XapaKTEePUCTHUK TeJjia
yeJioBeKa 10 ero JINHEeUHBIM oOMepaM (00XBaThl TPYAHU, TAJIMU, OJIUHEI PYK, HOT U
T.0.). JIy4IiuM MeTOOOM IToKa3ajla ce0s1 TUHelWHass perpeccusi, KoTopas II03BOoJInua
VIIy4IIINTh OTHOCUTENBbHYIO IIOTPENIHOCTL U3MePeHUs o0beMa Tena ¢ 15% (gepes3
OILIEHKY IIJIOTHOCTH Tejia) Oo 2%, IIoIaay IIOBEPXHOCTU Tejla YeJioBeKa B CPaBHEHUU
c nonyJisgspHou ¢opmynoi [iobya c 1.6% mo 1.1%. [Ipu aToM Momens obnamaeT
Ooblner 0600IIa0INe CIOCOOHOCTHIO, ITO3BOJISIOINIEN TOYHO BEIYUCISATL 00BEM U
IIJIOIIAab IIOBEPXHOCTHU TeJjla B He3aBUCUMOCTH OT €T0 KOMILJIEKITUH, UYTO MOXKET OBITh
KPUTHUYECKHU BaxKHO B CIIy4asx, KacaloIIuXCs XKMU3HU 4YeJjioBeKa. Pe3ynbTaTel
HCCJIeJOBAaHM S MOKA3bIBAIOT BEICOKYIO TOUHOCTh U 3((HEKTUBHOCThL pa3paboTaHHOT O
MeTo[a, OTKPhIBAs IEePCIEKTUBHI [IJII CO3[aHUsI NHHOBAIIMOHHBIX
ABTOMATHU3UPOBAHHLIX PEIIeHuN B psmge obacTelt OMOMEIUIINHEL 1
3[PaBOOXPAHEHUS, TTOBLIIIIEHUS KaYeCTBa MUATrHOCTUKY U JIEUEHUS.
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