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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


https://dlcp2024.sinp.msu.ru/doku.php/start
https://dlcp2024.sinp.msu.ru/doku.php/start
https://dlcp2024.sinp.msu.ru/doku.php/start
https://dlcp2024.sinp.msu.ru/doku.php/start
https://dlcp2024.sinp.msu.ru/lib/exe/detail.php/dlcp2024/dlcp24-logo.png?id=dlcp2024%3Aabstracts
https://dlcp2024.sinp.msu.ru/lib/exe/detail.php/dlcp2024/dlcp24-logo.png?id=dlcp2024%3Aabstracts
https://dlcp2024.sinp.msu.ru/lib/exe/fetch.php/dlcp2024/dlcp2024_abstracts.pdf
https://dlcp2024.sinp.msu.ru/lib/exe/fetch.php/dlcp2024/dlcp2024_abstracts.pdf

paramount. Our research introduces a deep learning strategy to refine the
calibration process of calorimeters used in particle physics experiments. We develop
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 MAalIIHHHOT O OOYyYeHHsI B 3aJlade NMpeacKa3aHHus
nuddepeHITHATEHBIX CEYEHHH U CTPYKTYPHBIX (DYHKIIHH
3JICKTPOPOXKIEHHSI THOHA Ha NMIPOTOHE B Pe30HAHCHOM 00/IaCTH.

A.B.I'onoa
MT'Y umenu M.B.JlomoHOCOBa, ®u3udeckuil pakynbreT, MockBa, Poccus

OT nepBBIX TEOPETUYECKUX MOLEJIEN IIOCTPOEHUS UCKYCCTBEHHBIX HEUPOHHEIX CeTEeU
- IO COBPEMEHHBIX, OCHOBAHHHBIX Ha TpaHCpopMepax, apXuTEKTyp HEMPOHHBIX CETEU
OBIJI IPOJEeIaH KOJIOCCAIbHBIM IYTh B PAa3BUTHUN METOMIOB UCKYCCTBEHHOTO
nHTesiekTa. C TedyeHreM BpeMeHU ITof00HbIe METOObl MAIlTMHHOTO 00y4YeHHUs BCe
rioy0zKe IPOHUKAIOT B HAOOp MOBCEeOHEBHBIX MHCTPYMEHTOB HCCJIefoBaTelel B
pa3HbIX 00J1acTsax HaykKu. Pu3KKa 3JIeMeHTPaHbIX YaCTULl He SIBJISETCS UCKII0UYeHuEeEM
- Ha OCHOBE aJITOPUTMOB UCKYCCTBEHHOTO UHTEJIJIEKTA YK€ MOXKHO CTPOUTH
reHepaTopHl JaHHBIX, TOJABASITh IIYMEL U (DOHOBEIE TIPOLIECCH], OIIPENENIATh TPEKU
JacTuIl ¥ Tak ganee. MccnegoBaTtenu pU3NKM 3JIeMeHTapPHBIX YaCTHUI] 4aCTO
paboTaioT ¢ 60IBIIMMH 00beMaMM JaHHBIX, KOTOPHIE TTO3BOJISIIOT 3¢ (HEKTUBHO
CTPOUTH MOJOOHEIE MOEIN MalllMHHOTO 00y4eHus1. B maHHOU paboTe HcClenyoTCcs
MEeTOObI UCKyCCTBEHHOTO UHTEJIJIEKTa B 3aflade INpeAcKa3saHusa OuddepeHIraabHbIX
CeYeHUU peakluil B IpolleccaxX POXKAEHUS MIOJIOKUTEILHO 3apSAKEHHBIX THOHOB 110
OelCTBHEM 3JIeKTPOHOB. [Ipu paccMOTpeHUU peaKUMU POXKOEHUS ITHUOHA OBLI
HCIOJIb30BaH HaOOp JaHHBIX, HA OCHOBE KOTOPOTO IIPEACKa3bIBaIOCh CEUeHNEe
peakIiuy B pa3jInuHBIX 00J1acTaX a30BOTr0 MPOCTPAHCTBA [JiI Pa3HBbIX SHEPTrui
Iy4Ka 3JI€eKTPOHOB.

B nipencraBneHHON paboTe pelllanach 3ajladya PerpecCUyd U OCHOBHBIM aJITOPUTMOM,
pa3paboTaHHBIM OIS PEeIleHus OaHHOU 3aJadu, SABJIsSAeTCS rIyO0oKas IMOIHOCBsSI3Has
HEUPOHHAas CeTh, C apXUTEKTYPOU CcoCTosAen U3 19 CKPHITEIX CII0EB, KOTOpPas
oOy4yarnachk ¢ QyHKIMEN NOoTeph, He BKIOYAIOIIel B ce0s1 KaKuX-Tu00 alTpuOPHBIX
TEOPETUYECKUX 3HAHUM 0 mpoliecce. [I1st 00yueHus: ObIJIN B3SITH TaHHBIE U3
akcnepuMeHTa ¢ metekTopa CLAS, KoTophle xpaHsaTcs B 6a3e manHbXx «CLAS Physics
Database». [ToCKONIbKY IIpeAcKa3aHUSIMU HEUPOHHOU CETU SABISAIOTCA
ouddepeHIIManbHble CEYeHU S, TO 9TO MO3BOJIMIO HAaM IIPOBEPUTH B (PMKCHUPOBAHHBIX
o6stacTsx ¢a30BOTr0 IIPOCTPAHCTBA COOTBETCTBYIOIIME COXPAHSIIONIUECS 3aBUCUMOCTH,
HaIIpUMeED, B CUJIy POTAallMOHHOU MHBAPHUAHTHOCTU aMIIIUTYAHl, MBI ITIOKa3bIBAEM TO,
4YTO MpeacKa3aHus CeTHU COXPaHSAIT 3aBUCUMOCTD AuddhepeHInaTbHOTO0 CEYEHUST OT
yrjia MeXay IJIOCKOCTBhIO PeaKIUU U IIJIOCKOCThIO paccessHusa. [loMuMo 3TOro HaMu
OBILIIH TPOBEOEHBI CPAaBHEHUS ITPeNCKa3aHHBIX CTPYKTYPHBIX QYHKITUH,
IIepecYuTaHHBIX U3 NTPeOCcKa3aHHBIX 3HaUYeHNMN quddepeHlraTbHbIX CEYeHNH, C



9KCIEpPUMEHTAIbHBIMY JaHHBIMU. Ha 0CHOBE JaHHOTO aJrOpHUTMa MOXKHO
MHTEPIIOIUPOBATDh U 3KCTPAIIOIUPOBATh KaK 3HAUEHUSI CeYEeHUM, TaK U 3HAUEHUS
CTPYKTYPHBIX QYHKIIMM B pa3nUYHBIX 00/1acTsX (pa30BOTo MPOCTPaHCTBA.

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.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
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. KomupoBaHHe BXOJHBIX CUTHAJIOB B TEPMHHAaX
OPHEHTHPOBAHHBIX MOATrPadoOpB B CIAHKOBOH HEHPOHHOH CETH C
JIOKQ/IBHOHM IUIACTHYHOCTHIO.

S.I1. UeuHa(l), P.B. Puvibka(1l), A.B. Cepexko(1), M.FO. XpucmuueHko(2), B.A.
Havun(1)

(1) HULI Kyp4yaTOBCKUY UHCTUTYT, (2) MOTU

[TpencTaBneHHl pe3yJIbTaThl HOBOTO cioco0a KOOUPOBAHUS BXOOHBIX CUTHAJIOB BO
BHYTPEHHUX TePMHHAX CIIallKOBOU HEMPOHHOU CETU - B TEPMHUHAX OPUEHTUPOBAHHBIX
roarpadoB. B TakoM nmoaxome KIIIOUEBBIM SIBJISIETCS JIOKaJIbHAS MJIaCTUYHOCTO
CParKOBOU CETH - JIOKAJIbHOT'O0 AUuHaMu4deckoro Mmexanusma STDP - spike timing
dependence plasticity. Ha nmpuMepe npocTou MOAelu BXOOHBIX CUTHAIOB, COCTOSIIEN
nxX 16 OMHAPHBIX CUTHAJIOB, IIOKA3aHO, YTO KaXKAbIK M3 9TUX CUTHAJIOB YHHUKAJIbHO
KOOUPYETCS B BUAE OPUEHTUPOBAHHOTO nmoarpada. I[TppyemM MHOKECTBO 3TUX
OpPHEHTUPOBAHHLIX OoATPadoB N30MOPGPHO MHOXKECTBY BXOAHBIX CUTHAJIOB. KaxK bl
WX 9TUX moArpadoB COOEPKUT CBOU (YHUKAJIbHBIN) HaOOp CUMIIJIEKCOB X TOMOJIOTHUH.
9TOT pe3yIbTaT OTKPHIBAET BO3MOKHOCTHU 10 pa3dpaboTKe HOBBIX MOAXOMIOB K
aHanM3y JaHHBIX, HAaIlpuMep, K KJlacTepru3alluu U KjlaccudpuKalu, Ha OCHOBE
anrebpo-TOIOIOTUYECKUX MEeTOI0B, 6e3 9Tana o0y4yeHUsI HEMPOHHOMU CETH.

46. Onpenenenue HanpasjaeHus IIAJI mo nanasiM TAIGA
HiSCORE ¢ noMoIIIbI0 MOJIHOCBSI3HBIX HEeHpoceTeH

FO.FO. [Tyberckas (1), A.Il. Kprokos (1), C.I1. I[Toaskos (1), A.A. BaackuHa (1), IT.A.
Boauyeos (1), E.O. I'pecy (1,2), A.Il. Ilemuues (1), [1.I1. 2Kypos (1,2), E.b.
ITocmHukos (1)

(1) HUUA® MI'Y, (2) HUUTI® UT'Y

HampaBneHue npuxoga MMUPoOKux arMmochepHbix nuBHeu (IIIAJ]) mo3Bomsier
OIpenesuTh UCTOYHUK raMMa-U3/Iy4eHUsI U UTr'paeT BaXKHYI0 POJIb OJI OLIeHKU
SHEPTrUuU IMePBUYHOU YaCTULEL. YIaBIUBalOIle YePEeHKOBCKOE U3JTy4eHNe CTaHIIUU
HiSCORE B npoekTte TAIGA pacnpepneneHb Ha IIJIOMIagu OKOIO 1 KB. KM U
PETUCTPUPYIOT BpeMs Ipuxoma POTOHOB M UX KOJIMYECTBO, YTO ITO3BOJISET
onpenensThk HampasiaeHue ocu IITAJI ¢ BEICOKOM TOYHOCTBHIO. B manHOU paboTe MEI
KCIIOJIb3yeM [Jis ollpeneneHus HanpaseHus [ITAJI nmonHOCBsA3HbIE HelpoceTu. CeTu
o0y4anuch 0 JaHHBIM, CMOAEJIMPOBAaHHBIM C TTIOMOIIIbIO anroputMa MoHTe-Kapno
IOJIs1 raMMa-KBaHTOB. [loKa3aHa BO3MOXKHOCTh OIIPeOeIeHusI HallpaBIeHUs CO
cpenHeli omnbkoi okoso 0.3 rpamyca. B manbHelIeM npeaaoXXeHHbIN nmoaxon OyoeT
KM CIIOJTb30BaH [JI MyJIbTUMOOAIbHOTO aHalTi3a JaHHBIX, IOJTy9aeMbIX C HECKOJIbKUX
TUIIOB YCTaHOBOK, BXoOgAIIuX B Kommiekc TAIGA.

PaboTa BEITIOJTHEHA IIPU moagepkKe Poccuiickoro HayuyHoro ¢goxpga (rpadT Ne
24-11-00136).

41. Mopdonorudyeckasi KJiaCCHpPHKAIIUA JKEeTOB aKTUBHBIX siTep
rajakKTHK



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

(1) MockoBckul pU3NKO-TEXHUYECKUUN UHCTUTYT, (2) ACTPOKOCMUYECKUHU LIEHTP
®dusnueckoro nactutyrta uM. [1. H. JlebemeBa Poccuiickoi akageMuu HayK

O0beM papmomHTEPhEPOMETPUUECKUX HAOTIOOeHN KBa3apOoB ITI03BOJISAET
HCIOJIb30BaTh METOALI MAalIMHHOTO O0y4YeHUs Ojis KjlacCUPUKaAuu 0OOBEKTOB 10 UX
BU3yaJIbHBIM 0c00eHHOCTSIM. Panee ®aHapoBeiM U Pailinu Oblnia IpoBeneHa
KJlacCu(prKauus peasiTUBUCTCKUX CTPYH (OKETOB) B pajuorajgakTUKax Ha MacimTabax
KUJIOIIapCeK U Obljla BHISIBJIEHA KOPPENIALUS MeXKOy II0JTHOU CBETUMOCTBIO 00bEKTa U
ero mop¢ormnorueti. Mopdonorudeckass Kiaccudukralms Ha MaciiTabax rmapcek,
ropasmo OJIMKe K IIeHTPaJIbHOM YEPHOM ObIpe, IM03BOJIKIIa ObI CO3MaTh BEIOOPKH,
OCHOBaHHBIE Ha BU3YaJIbHBIX 0OCOOEHHOCTSIX CTPYH: meTajibHee UCCIIeoBaTh
XapaKTepHbIEe IIPOCTPAaHCTBEHHbIE CTPYKTYPHI AKETOB, @ TaKXKe YBEJIUYUTh TOYHOCTh
moJisi cucteM riaobanbHOro no3unmonupoBanusa (IJIOHACC/GPS) ¢ ucmonb30BaHUEM
TOYEYHBIX UCTOYHUKOB. [[J1 co3gaHus MOoa00HBIX BEIOOPOK HaMU OBIJIN BHIIEIEHBI
YyeThipe MOP(OIOTUYECKUX KiTacCa: OOWHOYHBLIN TOYEYHBIM UCTOYHUK, OIBOMHOMN
TOYEYHBIM UCTOYHUK, UCTOYHUK C OJJHO- M IBYCTOPOHHUM OXKeToM. MbI pa3paboTanu
CUHTETHUYEeCKNEe MOOENU OKEeTOB aKTUBHLIX sgfaep ramnakTuk (AfAl'), koToprie
HCII0JIb30BaIUCh [JIs1 TeHepaluu o0y4daloileil BEIOOPKU [ KjlacCuduKaTopa.
MopdonorudeckuM KiaccupuKaTopoM cTana pa3paboTaHHasi HAMU CBEPTOYHAS
HelpOHHAas ceTh, 00yUyeHHas Ha CUHTETUYeCKUX JaHHbIX. OOyyeHHas HeUpoHHas
CeThb MCIOJIb30Baach AJid MYJIbTUKIIACCOBOM Kilaccupukanuu 89 ThICSAY
n3obpaxenuu AAl’ u3 6a3sl AcTporeo. [[719 KOIM4YEeCTBEHHOM OILIEeHKM KauecTBa
paboTs! KinaccudruKkaTopa AOMOTHUTEIBHO OBINT pa3paboTaH BeO-uHTEpdhENC Oisa
py4Hol pa3MeTKu KapT AAT. Pacripenernenue n300paxkKeHUM 0 BhIOEI€HHBIM
KJjlaccaM, IIpelCcKa3aHHOe HEUPOCEeTh0, KaYeCTBEHHO COOTHOCUTCS C
npennoiaraeMeIM. Pe3ynbTupyloias KjlacCuuUKanys MO3BOJIUT CO34aBaTh BEIOOPKHT
IJis aCTPOU3NYECKUX U aCTPOMETPUUYECKUX 3ajad. B majnbHeuIlen IepCrieKTuBe
IJIAaHUPYETCS aJallTUPOBaTh pa3paboTaHHBIN KJIaCCU(PUKATOP OO UHCTPYMEHT OJI
roncka n3obpaxenuu AAT co cxoxeu Mopdoioruei, a Tak?kKe MacCOBO CPaBHUTD
MOPGOJIOTHIO AKEeTOB Ha MacmiTabax mapcek M KUIonapCcek.

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. T'enepanusi IOKa3aHHH HA€MHBIX eTEKTOPOB H IIOHCK
QHOMAJIUH B TaHHBIX C IOMOIILI0 HEMPOHHEIX CeTeH

®umazduHos Pobepm Paguavesuu (1,2), Xapyk MeaH Bauecaasosuu (1,2)
(1) MOTH, (2) U PAH

OCHOBHOM 11e/bI0 JaHHOU PaboTHl OBITIO pa3paboTaTh reHepaTUBHYIO0 HEUPOHHYIO
CeTh [J11 PEKOHCTPYKIIUHU TOKa3aHUM IIOBEPXHOCTHHIX IETEKTOPOB 9KCIIEPUMEHTA
Telescope Array u mouCKa aHOMaJIUU B JaHHBIX CTEHEPUPOBAHHBIX C IIOMOIIIBIO
Pa3IUYHLIX MOJeJiell OCHOBaHHEIX Ha MeTone MoHTe-Kapro. [ pelenus aTou
3apmaym Oblyla BEIOpaHa reHepaTUBHO-COCTS3aTelIbHAasI CeTh BacTepiiieiiHa C
rpagueHTHBEIM mTpadgom. 115 o0ydeHuss Mofenel ObIJIM MCIIOJIb30BaHbl JaHHEIE,
COMIIIMPOBAHHBIE C IOMOIIBIO MeToma MoHTe-Kapio. B pamkax paboThl OBIIO
pelieHo aBe 3amayuu. [IepBoy 3ajadyel CTOSIJIO HAllMCaHe HEMPOHHOM CETH O
reHepaluu MoKa3aHWU U IIOMCKa aHOMaJIul Ha Hanbojiee aKkTUBHOM JIETEKTOPE B
KaXX[JOM perucTpupyeMoM coOvTuu. HanrcaHHas Mopenb MoKa3aja peajluCTUYHbIe
pe3ybTaThl U IIOMOTJIa HaluTU AeTalbHble pa3/Inyus MeXy peajlbHbIMU JaHHBIMU U
OaHHBIMM, COMIUINPOBAHHLIMU C IOMOIIBI0 MeTona MoHTe-Kaprno. Takxke s
YMCJIEHHOTO CPaBHEHUS PA3JIMYHBIX MOAesiel OblI IPUMEHEH aJlrOPUTM IOUCKa
aHOMaJIuu. AJITOPUTM BHISIBUJI OTJIMYHOE MTOBEJEHNE COMIIJIMPOBAHHBIX JaHHBIX C
noMmomibio Mmogener QGSJET-11-03 u QGSJET-11-04 Ha nmpoTOHaxX C BEPTUKAIbHBIMU
yriaMu nageHusi. Bropou 3agadeu CTOAI0 HallMCaHUuEe HEUPOHHOU CEeTHU 171
reHepanuu nmokalaHui 36 geTeKTopoB. B pamMKkax 3Tol 3amayu TpeboBaoCh HAYYUTD
MO[eJib TeHepUpoBaTh 4 MoKa3aTess oI KaXA0ro AeTeKTopa: UHTerpajlbHbIU
CUTHAJI JeTeKTopa, BpeMs IIpUxoaa PeKOHCTPYUPOBaHHOTO IJIOCKOTO (DPOHTa, BpeMS
IIpUXoda CUTHAJIa, U MacKa, IToKa3kiBaollas cpaboran nu geTekTop. [ aTou
3apmaum ObIIM HaMMCaHbl QYHKIIUU ITOTEPb, OCHOBaHHBIE Ha QU3UKE
pacrIpocTpaHeHus MIUPOKOT0 aTMOoC(hepHOTo NTUBHA. Moaesnb moKa3ajia BU3yalbHO
CX0XKHe JaHHbIe U IPUMEHHUMOCTh QYHKIIUU IIOTEPh, OCHOBAHHOM Ha BEIUYUHE
ITPaBOOIIOmO00Ms XU-KBapaT, OJis TeHepalluy JaHHBIX GU3NUYEeCKUX 9KCIIEPUMEHTOB.
Mopenu CMOTIU IPEBLICUTH CKOPOCTh T€HePalluy JaHHLIX, B CDABHEHUU C
reHepalnuey MeTogaMu, OCHOBAHHEIX Ha MeTone MoHTe-Kapiio, Ha HECKOJIBKO
IIOPSAOKOB.

xx. HelipoceTeBoe MoaeIHpPOBaHHE ONITHYECKHX COJIUTOHOB,
ONMHCHIBAE€MBbIX 0000IIIeHHEIMH HEe/ITHHEHHBIMHA YPaBHEHHUSIMH
IMMpengunrepa

3asepmsies Casenuti(1), MoaowHukoe HMeat(1,2), Céoes Anexkcarnop(1,2), KysakuH
Muxaun(2)

1. HUdY MUOHY, 2. HUII KypyaTOBCKUU UHCTUTYT

B paboTe paccMaTpuBaeTcss MOAeIMPOBaHNE PACIPOCTPAaHEHUST UMITYJIbCOB B
HEeJIMHEUHOU Cpefe C UCIO0Ib30BaHUEM OBYX YPaBHEHUU B 4YaCTHHIX IIPOU3BOAHBIX, a
MMeHHO ypaBHeHUs llIpemeHrepa BTOPOTo IOPsiOKa M 0000IIIeHHOTO HETUHENHOT O
ypaBHeHueM llpenunrepa (OHYII) yeTBepTOoro nopsaaka. [lokazaHa IpuMeHUMOCTbD
METOIOOB (PU3UYECKN MOTHBUPOBAHHEIX HEMPOHHEBIX ceTelr (PINN) niis pemieHus
OHYVII gnsa aHanu3a GU3ndYecKux 3PpGeKTOB C COIUTOHAMHU Ha NpUMepe 3agayd



B3aKMMO[EUCTBUS COJIMTOHA C yeOUHEHHOU BOJIHOU. [IpoBeneHo uccienoBaHue
addekTUBHOCTU MeToOoB OanancupoBku Ajists OHYII Ha KpaeBou 3amadye C HYJIEBHIMU
TPaHUYHBIMU YCJIOBUSMMU, a TaKxXKe olleHKa TouHocTu Metona PINN c cermeHnTanuen
IIyTEM COIIOCTaBJIEHUS C TOYHLIM PeIlleHUeM [Ji1 OOUHOYHBIX comuToHOB OHYII 2 u 4
ropsigka. DKCIIepuMeHTaIbHO 000CHOBAHO UCITOIb30BaHNE 3aKOHOB COXPaHEHUS B
KauyeCTBe CpelCcTBa KOHTPOJISA JOCTOBEPHOCTU PEILEHUs, B OTCYTCTBUE BO3MOXKHOCTU
COIIOCTaBJIEHUS €0 C TOYHBEIM pEelLIeHUueM, B CBA3U C YeM OHUM MOTYT UCIOJIb30BaThCS
B Ka4YeCTBe OJOIIOJIHUTEJIbHOU METPUKHU BaJIUOAlLIUU ITOJIYyYEHHBIX PEIIEeHUN.

Knouesrie cimoBa: PINN, HYIII, OHVII, onTtnyecKkue COIUTOHEI.

25. PexoncTpykuus IIIAJI, 3aperucTpupoBaHHBIX
¢dbayopecieHTHEIMH Te/IeCKOIMaMH, C IOMOIIbI0 HEHPOHHBIX CEeTeH

Muxaua 3omose(1), I1asen 3axapos(2) 015 Koaaabopauuu JEM-EUSO
(1) HUUAD MT'Y (2) BMK MTI'Y

dnyopecueHTHBIE TeneCKOnbl (OT) ABIAIOTCA OOHUM M3 BaXKHBIX UHCTPYMEHTOB AJIs
perucTpaluy CBeUYeHHUs IIHPOKUX aTMochepHbIx muBHen (IITAJI), mopoxkmaeMbIx
KOCMUUYECKVMHU JIydaMU CBEPXBBICOKUX 3Heprui. Ha 0CHOBe MOAENIbHBIX JaHHbBIX O
ctpaTocdepHoro Teneckona EUSO-SPB2 u HazemHoro teneckorna EUSO-TA,
pa3paboTaHHBIX B MexXAyHapoaHol Kojnabopauuu JEM-EUSO, MBI TOKaxeM, KaKuM
00pa30oM pa3nUYHblE METOOLI MAIIMHHOTO 00y4YeHUsT MOTYT OBITh MCIIOJIb30BAHKI IS
pacrmio3HaBaHus TPeKoB [ITAJI, 3aperucTpupPOBaHHLIX C TOMOIIBIO TaKUX ITPUOOPOB.
M&=1 TakKe npencTaBUM IpeaBapUTesibHbIE Pe3yJIbTaThl PEKOHCTPYKIIMM SHEPTUU U
HaMOpaBJIeHUS NPUXO0Jia MEPBUYHBIX YaCTUI] C TOMOIIbI0O CBEPTOYHBIX HEMPOHHBIX
CeTenu.

MopenupoBaHue u aHanu3 aiaa EUSO-TA nmogmepkaHbl rpaHToM PHO® 22-62-00010;
pa3paboTka HelpoHHEIX ceTel miust EUSO-SPB2 Oninia BHIITOJTHEHA ITPU ITOAEPIKKE
rpanta PH® 22-22-0367.

46. Onpenenenue HanpasjaeHus IIIAJI nmo nanabsiM TAIGA
HiSCORE c noMouibi0 MOJTHOCBSI3HBIX HEHPOCETeHr

A.Il. Kpwkos (1), C.II. IToaskos (1), A.A. BaackuHa (1), I1.A. Boauyeos (1), E.O.
I'pecw (1,2), A.I1. [lemuues (1), FO.FO. [Iybexckas (1), O.I1. 2Kypoe (1,2), E.b.
ITocmHukos (1)

(1) HUUAd® MI'Y, (2) HUUII® UTY

HamnpaBneHue npuxoga IMMUPOKUX aTMochepHbix nuBHel (IITAJI) mo3BonseT
OIpenesiuTh UCTOYHUK raMMa-U3JIy4eHUs U UrpaeT BaXXHYI0 POJIb OJ1 OLleHKU
SHEePTrUuU MePBUYHOU YaCTULEL. YIaBIUBalOIIe YePEHKOBCKOE U3JIy4YeHNe CTaHIIUU
HiSCORE B npoekTte TAIGA pacnpepneieHbl Ha IIJIOMagu OKOIo 1 KB. KM U
PErucTpUPyIOT BpeMs mpuxoga GOTOHOB U UX KOJIMYECTBO, YTO IIO3BOJISIET
onpenensTh HampasnaeHue ocu IITAJI ¢ BEICOKOM TOYHOCTBHIO. B manHOU paboTe MBI
HWCHOJIb3yeM [OJis olpenesieHus HanpasieHus [IIAJI momHOCBA3HBIE HerpoceTu. CeTu
00y4anucCh 10 HaHHBIM, CMOJIEJIMPOBAaHHBIM C ITOMOIILI0 anroputmMa MouTe-Kapio
o1 TaMMa-KBaHTOB. [loka3aHa BO3MOXKHOCTB OIpedeIeHUsI HallpaBJIeHUS CO



cpenHei omubkoi okoo 0.3 rpagyca. B manbHeiileM nIpeqioxXeHHBIN Togxon OymeT
KCIIOJIb30BaH [ MYJIbTUMOLAJIbHOI0 aHaJIiu3a JaHHBIX, [10JIy4aeMbIX C HECKOJIBKUX
TUIIOB YCTAaHOBOK, BXOoOgAIuX B Komniekc TAIGA.

Pa6oTa BeITIOTHEHA ITpU MMoaaepkKe Poccuiickoro HayuyHoro ¢GoHaa (rpaHT Ne
24-11-00136).

45. [IppyMeHeHHe HEHPOHHBIX CETEH /IsI BLIYHCIICHHUST
KOHTHHYA/ILHBIX HHTET'Pa/IOB B KBAHTOBOH TEOPHH

CaavHukos I1.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 TEOPHUU IIOJII CPpedHNEe 3Ha4YeHUs HabJIIogaeMbIX MOT'YT OBITH
IIpeACcTaBIeHHl B BUuAe PYHKIIMOHAIBHOIO HHTEeTpaa. B o0imiem ciydae ero He
yOAETCs BEIYUCIUTh aHanMuTu4YeCcKu. CyIlleCTBYIOT pa3IudyHbIe IPUOTHKEHHBIE
MEeTOObl PACYETOB Ha peIlleTKe, HanpuMep, metod MoHTe-Kapso. B HacTosiiee
BpeMsI pa3BUBaETCS IIOOXOM K PEIIEeHUI0 3TOU 3afayy, UCIOIb3YIOLIUY HEMPOHHEIE
ceTu. B Hame#t paboTe MBI BEIYUCIUIU PYHKIIMOHATbHBIE NHTErPaJIbl B PA3TUYHBIX
MOJeIsIX KBAHTOBOM MeXaHUKHU C IIOMOIIBIO aJITOPUTMa HOPMaIUu3yIOIINX IOTOKOB.
II711 OBICTPHIX BHIYUCIIEHUM C BHICOKOM TOYHOCTHIO 9TOT aJITOPUTM HIPUMEHSIJICS
COBMECTHO C METOOOM IeHepaluHu IIPU IIOMOIIYA MapKOBCKUX IIemen.

40. AcciiegoBaHue MeXaHU3Ma reHepaluyu raMMa-BCIIbIIIEK B
OJ1a3apax

CatipemouHos A.P., Jlucakos M.M.

MoCKOBCKHU (PU3UKO-TEXHUYECKUN UHCTUTYT, ACTPOKOCMHUYECKUU LIEHTP
dusuyeckoro nuctutyta uM. I1. H.Jle6emeBa PAH

Bnas3apel, pa3HOBUOHOCTH @KTUBHBIX 'aJIaKTUYECKUX SAleP, 3allyCKaluX
y3KOHaIlpaBJI€eHHbIE CTPYU PEJIITUBUCTCKOMU IJIa3Mbl, U3BECTHHI KpalHeu
M3MEHYUBOCTBIO IPKOCTU B BCEM 3JIEKTPOMarHUTHOM CIIeKTpe. B raMMa nuarna3oHe
X SIPKOCTb MOZKEeT YOBOUTHCS BCEr0 3a HECKOJIBKO 4acoB. OMHaK0O MeXaHU3MEL
o0pa30BaHUS TaKWX BCIHIIIEK OO0 CUX IIOP He MOHATHHL. B maHHOU paboTe MHI
pa3paboTanu Mopeb, ITI03BOJISIONIYIO ONIPENEeINTh AMana3oH IapaMeTPOB BCIBIIIEK B
raMMa guara3oHe. s 3TOr0 MBI CO3alIld JgaTaceT, BEIIEenuB 869 BCIIBIIIEK B raMMa
quarna3oHe U3 KPUBBIX 0j1eCKa, ITOJIyYeHHBIX C IIOMOIIbI0 KOCMUYECKOU 00cepBaTOpUU
Fermi B quamna3one sxnepruu 20 MsB - 300 I'sB. [locrne co3ganu HEUPOCETEBYIO
MOZeIb Ha OCHOBE BapuallMmOHHOTO aBTo3HKoAepa (VAE) u paccmoTpenu
reoMeTprUYeCKU MexaHu3M 00pa30BaHUS BCIILIIIIEK, OCHOBAHHBIM Ha CIIUPAJIbHOU
dopme ctpyu. Mogens VAE no3Bonuia NOayduTh 2-MepHOE HHPOPMATUBHOE
IIPOCTPAHCTBO BCEX BCIHIIIEK, a CTeHEPUPOBaHHBEIE T€OMETPUUYECKON MOIEIIBIO
BCIIBIIIIKY ONpEefesInIu paclpenesieHre napaMeTpoB B 9TOM IPOCTPaHCTBeE.
[TonydyeHHass MOOENb II03BOJISIET HE TOJILKO 3(PPEKTUBHO KJIaCTEPU30BaTh BCIBIIIKHI
1o (popMe, HO U OBICTPO T€HEPUPOBATh BCIHIIIKY C 3aJaHHBIMU TapaMeTpaMu. B
maibHEeWINeM NJIaHUPYyeTCs caenaTh 0ojiee CI0XKHOEe MOoJeIupoBaHue oOpa3oBaHUe
BCIIBIIIIKY U PACIIUPUTH KOJIMYECTBO OIPeesieMbIX (U3UUYEeCKUX TapaMeTpOB.



70. MHOroMepHasi OITUMHU3AIUsI JeTEKTOPHBIX CHCTEM Ha
npuMepe MIOOHHOHM 3aIllUTHI B 9KcnnepuMmeHnTte SHiP

Kypbamos E.O., PamHukos @.]].
HWY B>

SHiP (Search for Hidden Particles) - HOBBIN 3KCIEpUMEHT 00IIIero Ha3HauYeHUs Ha Ha
kosiblie SPS B CERN, B 3ajayu KOTOPOr0 BXOOUT MOUCK CKPBITHIX YaCTHII,
MIpeaIoKEeHHBIX MHOTOYMCIIEHHBIMU TeopusiMu BHe CTaHOapTHOU Mopgenu. BaxkKHBIM
3JIEMEHTOM SKCIEepPUMEHTAa SIBISEeTCSI MIOOHHAas 3aimuTa. C OMHOU CTOPOHBI, OHA
monkeHa oOecleuynBaTh XOPOIllee ImomaBieHue ¢hoHa, a C APYrou - He OBITH CIIUIIKOM
TsIKemnol. B manHOU paboTe mpeacTaBiIeHbl Pe3YIbTAaThH ITONYYeHUsI KOHQUTypaluui
MIOOHHOM 3aIIUTHI C IIOMOINLI0 0alieCOBCKOM ONITUMHU3AIINU C IPUMEHEeHHUEeM
HECKOJIbKUX THUIIOB CyppPOraToB. ITO IMO3BOINUIIO 9P(PEeKTUBHO MIPOBECTH I'I00ATBHYIO
MHOTOMEPHYIO OIITUMHU3ALINIO B 42-MEPHOM IIPOCTPAaHCTBE ¥ CHU3UTH IIOTOK MIOHOB B
2.5 pa3a Ipu CoOXpaHEHUHU UCXOOHOU MacCCHI 3alllUTHI.

39. PelieHue 3aJa4 MaTeMaTHYE€CKOH (PU3HUKH HaA CETAX
pagHaIBHBIX 0a3UCHBIX PYHKITHH

CmeHbvkuH [Imumputi AasekcaHoposud, 'opbauyeHko Baadumup HeaHosuY
[leH3€HCKUY TOCyOdapCTBEHHBI YHUBEPCUTET

BOonbIIMHCTBO 3ajay MaTeMaTUYeCKOU (PU3UKU HEe yOaeTCs PEIIUTh aHAJTUTUYECKHU.
PetmreHre onMynsaspHLIMU MeTOJaMM KOHEUYHBIX Pa3HOCTEN ¥ KOHEUYHBIX 3JIEMEHTOB
TpeOyeT MOCTPOEHUSI CETKU U PEIIeHUSI CUCTEM CETOYHHIX YpaBHEHUN BHICOKOU
pa3mepHOCTHU. [I0CTPOUTH CETKY 3a4acTyI0 HOBOJILHO CJIOKHO, OCOOEHHO [JIs
obsacTel ClI0XKHOU KOH(puryparnuu. CeTouHble YypaBHEHUS UMEIOT BEICOKYIO
pPa3MepHOCTD U IIJIOXYI0 00yCIIOBJIEHHOCTh. PemIuTh 9TU Np0oOIeMEl TO3BOJISIOT
busmuecku nHpopMUpPOBaHHBIE HEWMPOHHBIE ceTH (physics-informed neural
networks). Takue ceTu annpoOKCUMUPYIOT pellleHre KpaeBou 3afadyy, MUHUMU3UPY S
HEeBSI3KYy yPaBHEHUS B TOUKaX KOJIJIOKAllUM BHYTPU U Ha rpaHuUIle 00/1aCTU pPELIeHUs.
®dusnuecku HHGOPMUPOBaHHLIE HEUPOHHEIE CETHU IIO3BOJISIIOT HAUTU PElIeHuEe B
ITPOU3BOJIbHBIX TOUYKaX 00/1acTu 6€3 MOCTPOEHUS CETKHU, IIO3BOJISIIOT pPellaTh IIPsMble
1 oOpaTHHIE KpaeBble 3amauu. B ¢pusnuyecku nHGOPMUPOBAHHBIX HEMPOHHBIX CETSIX
OOBIYHO ITPUMEHSIOT IIOJTHOCBSI3HBIE HEMPOHHLIE CeTH (MHOTOCJIONHEBIE
IIEPCENTPOHEI). B KayecTBe albTepHATUBEL aBTOPHI IIpeAJjiaraioT UCIIOIb30BaTh
buznyecku nHGOPMUPOBAaHHLIE CETH PagualibHBIX 0a3uCHBIX GpyHKUIMM. CeTu
paguanbHbIX 6a3uCHBIX QYHKIIMYM COOepKaT TOJIBKO [ABA CJI0S, YTO YIIPOIaeT IPOIece
oOyueHus. [ToMTHOCBSI3HEIE CETH CJI0OXKHEe 00yYUTh U3-3a OOIBIIIOTO YKCIIa CJIOEB.
[Tpu pelreHUM Ha CETSIX pagualibHBIX 0a3UMCHBIX PYHKIMM KpaeBbIX 3aAau
MaTeMaTU4YeCKoM (QU3UKHU CII0KHOM MPo6IeMOo SIBIsIeTCs BEIOOD ITapaMeTpoB
paguanbHbBIX 6a3uCHBIX QYHKIIUN. ABTOPH IpeAjaraloT B Ipoliecce 00y4eHus
dbu3zuvecky nHGOPMUPOBAHHLIX CETEN pafualbHbIX 0a3MCHBIX QYHKIINYM HaCTpauBaTh
He TOJIBKO JIMHEUHBIe TapaMeTpPhl CETEN — BecCa, HO U HEeJIMHEUHEbIe TapaMeTpPhI
6a3ucHBIX QyHKUMH. 1715 00ydeHus1 pu3nmdecKu UHOOPMUPOBAHHBIX CETEN
paguanbHbBIX 6a3UCHBIX QYHKIIMY HaMU afalTHPOBaHbl T'PagueHTHHIE aJlrOPUTMEL
IIePBOTO MOpsAAKa (FrpagveHTHOT0 cyckKa, HecTepoBa, arTOPUTMEL C afallTUBHOU



CKOPOCThIO 00Y4YEeHUSI) ¥ aJITOPUTM BTOPOTO MOPSAKa — aJITOPUTM
JleBenOepra-MapkBapaTa. ABTOpaMH BIIepBble pa3paboTaHbl, peain30BaHbl U
9KCIIEPUMEHTaJIbHO UCCIIeJOBaHbl 0€CCeTOYHbIEe aJITOPUTMEI PellleHus Ha pru3ndecKu
MH(POPMUPOBAHHBIX CETSIX pafuaibHbIX 0a3UCHBIX QYHKIUHN IPSIMBIX KPaeBHIX 3aay4
1 00paTHBEIX KO9(pDUIMEeHTHHIX KpaeBhIX 3ajayd OJig KyCOUYHO-OOQHOPOLOHBIX Cpe,
OTIMYalOIMeCs UCIIONb30BaHUEM OLICTPOTo MeToxa JIeBenOepra-MapkBapaTa C
aHATUTUYECKUM BHIUKCIIEHUEM MaTpullbl Ako6u. [Ins pelieHus oOpaTHOM 3agaydu
Obljla IpUMeHeHa ITapaMeTpuiecKas OoNTUMHKU3alusa. ABTopaMu OblTM pa3paboTaHk,
peanu30BaHbl U 3KCIIEPUMEHTabHO UCCJIefoBaHbl 0€CCETOYHBIE aJITOPUTMEI
pelieHus Ha GpU3n4YeCKU UHPOPMUPOBAHHBIX CETAX pafHlalbHbIX 0a3UCHBIX QYHKIIUN
3alay rugpoavHaMUKU. B JoKilaze npencTaBieHbl pe3yJibTaThl PELIeHua psafa
MOMEJILHLIX 3a/jay, IeMOHCTPUPYIONIE IPeUMyIlleCcTBa 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.

Ceknus 2. MamuHHOE 00yuyeHHe B HayKax 00
OKpPYyzKaIoIlleH cpeae

9.CpaBHHUTEJILHBIA aHAIU3 METOT0B MAIIIMHHOI 0 U ITYyOOKOI O
o0y4YeHHsI B 3aJlade KIacCu(PHUKAIIUKU BOTHOBLIX (POPM IMOTHOTO



IJIEKTPOHHOI' O COdepPzKaHHusA

TeHn A.C.(1), CopoxkuH A.A.(1), Illecmakos H.B.(2,3)

(1) BeruucnutensHbil 11eHTP IBO PAH, r. Xa6apoBck, (2) UHCTUTYT MPUKIIagHOMN
MmaTeMaTuku [IBO PAH, r. BnaguBocTok, (3) [lanbHEBOCTOYHBIN (pefeparabHbIi
YVHUBEPCUTET, I'. BtaguBOCTOK

MHorue onacHble IPUPOSHBIE IBIIEHUS BBI3BIBAIOT NOHOC(EPHBIM OTKIUK, KOTOPHIA
MOZXKeT OBITh 3a(MKCUPOBAH BO BpEMEHHBIX PsAaXx MOJTHOTO 3JIEKTPOHHOTO
copgepxkanus (I19C), pekoHCcTpyupoBaHHBIX 13 HaHHbIX [[HCC-HabmoneHun.
PazButue ceteii THCC u COOTBETCTBEHHO POCT 00beMa UHCTPYMEHTAIbHBIX JaHHBIX
yCIOXKHSIEeT X 060paboTKy, UTO 3HAUYUTEJILHO YBEJIMYUBaeT BpeMs Ha IOUCK U aHaJlu3
COOBITH S, IPU 3TOM pacTeT PUCK BO3HMKHOBEHUS Pa3/INUYHBIX TEXHUYECKUX OMINOOK.
Llenp HaIIero UCCiIemOBaHUS - CPDAaBHUTh HEKOTOPEIE KJIaCCUYECKUe MOOesn
MAaIlIMHHOTO 00y4YeHUs ¥ HEMPOHHBIE CETU B 3afjaue KjacCupuKalruy BOJTHOBBIX GOpM
[I19C 1 OeHUTHh UX BO3MOKHOCTH AJI CO3TaHUS aJITOPUTMa aBTOMAaTU3UPOBAHHOIO
IMOMCKa KOBYJIKaHU4YeCKUX uoHochepHbix Bo3myluleHul (KWMB) no mauusiMm THCC. B
IIPEI0KEeHHOM aJITOPUTMe POJib KjlaccupuKaTopa BHIIOIHIET OOy4eHHas MOJeb.
Mopenu Obiu 00yYEeHHBI /151 PeIlleHus 3agadyu OMHAaPHOU KilacCu(pUuKaluu C
HCIOJIb30BaHMEM HaOOPOB HaHHKBIX BOTHOBHIX (opM [19C, comepxKaiinx NpUMepE
OBYX KiaccoB - mtyM u KM B. BonmHoBbIe (hOpMEI pa3Medaanuch Ha IpUMepe
n3BepxkeHusa BynkaHa [Iuk CapreiueBa (Kypunbckue ocTpoBa), npou3soluenmiero 11-
16 utonsa 2009 r. [Ins oOydyeHUsT KJIaCCUYECKUX MOJieel OblIN ITPEeaI0KEeHb!
crenuanbHble ITPU3HAKY JAaHHBIX BOJTHOBHLIX (DOpPM, ITogoOpaHHbIe C YYETOM
BBIUHCIUTENIBbHOU 3¢ GHEKTUBHOCTU anroputMa. [IpoBeeHO cCpaBHEHUE MOfeJiel 110
MeTpuKaM KadecTBa KjlacCu(pUKaILUU: OJI1 MOOeJIM Ha OCHOBE T'PaAUEeHTHOT O
OycTuHra K03PUIIMeHT Koppensaiuu MeTbioca Ha TeECTOBOM BrIOOPKe paBeH 0,83, a
JIy4IlIUY pe3yJibTaT Cpegu HEWPOHHEIX ceTel oka3asia ceTb FCN co 3HaueHuEeM
0,79. B pe3ynbpTaTe NIPaKTUYECKOr0 IIPUMEHEHU IPEIJIOKEHHOI0 aJITOpUTMa Ha
TECTOBBIX JAHHBIX aJlTOPUTM C KjIacCU(PHUKATOPOM Ha OCHOBE I'PafiueHTHOT0 OyCTHUHTa
rmoka3an 96% oOHapyKeHHBIX BO3MYIIIEHUM, ITPU HEOOJIBIIIOM KOJIMYECTBE JIOXKHBIX
cpabaTtbiBauu (48 Ha 200 TecTOBHIX (aiijioB), a aJITOPUTM C HEUPOHHOU ceThio FCN
- 95% npu 105 51okHBIX cpabaThiBaHMAX. [l0Ka3aHO, YTO IIPU YCJIOBUU HEXBATKHU
pa3MedYeHHBIX JaHHBIX UCIOJIb30BaHUE KJIaCCUYECKUX MOAEIed MallluHHOT' O
o0yudeHus 0oJiee OMpaBOaHHO, T.K. HEUPOHHBIE CETH UMEIOT MPU3HaKU
niepeoOydyeHus. [lomydeHHbBIEe HAMUM PE3yIbTaThl IO3BOJISIOT YTBEPXKAATh, YTO
MopeJib, 00ydyeHHas Ha MMPeajI0XKeHHBIX TPU3HakKax JaHHbBIX, 00ecleuyruBaeT BEICOKYIO
TOYHOCTh oOHapyxkeHust KB, u TakKe, 4TO IIPeOIOKEHHBIN aITOPUTM MOXKHO
HCII0JIb30BaTh B CUCTEMaX OepaTUBHOIO MOHUTOPUHTA 3a ByJIKAHUYECKOU
aKTUBHOCTBIO.

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
MUTPAIIMA HEPKHU B YCTBE PEKH ®PEU3EP C
INTPUMEHEHUWUEM METOHOB I'JIYBOKOI'O OBYYEHUA

M. A. Bopucos (1,2) M. A. KpuHuukuu(1,2)
(1)Mockosckutli puduko-mexHuuyeckuu uHcmumym, (2)MHcmumym okeaHos102uu
umeHu I1.11. [ITupwosa PAH

B peruone ycths peku ®pelizep B npoBuHLuM bpurtanckas Komym6usi, Kanana,
Be[eTCs IIPOMBICIIOBEIM BBUIOB HEepKU IpennpuatuaMu u3 Kananer u CIIIA. OTtot
pEeruoH xapakTepu3yeTcs CJII0XKHOU CUCTEMOU IIPOJIUBOB MeXKIy OCTPOBOM BaHKyBep
1 MaTepPUKOBOU 4YacThio KaHanwl. [IpOMEICIIOBBEIE CE30HBI U COOTHOIIIEHME BHIJIOBA
Hepku Mexny CIIIA u Karagou onpenesnsioTCcs XxapakKTeprUCTUKaMy BO3BPaTHOU
MUTpally HEPKU B 3TOU CUCTEMe IIPOJINBOB. B maHHOM MccienoBaHUU
paccMaTpuBalOTCs ClIenylollye KI04YeBhle IIapaMeTpPhl BO3BPaTHOW MUTPallUU HEPKU
(Oncorhynchus nerka) B KauecTBe Ile/IeBHIX IEPEMEHHBIX: MeINaHHas JgaTa
BO3BpaTHOU murpanuu ang nogBungos Chilko u Early Stuart u gons ceBseprOro
OTKJIOHeHUs. MenvaHHas gaTa BO3BpaTHOUW MUI'DAllUU XapaKTepu3yeT MOMEHT,
korga 50% Bo3Bpamaromuxcsa Hepku noasuga Chilko u Early Stuart u3 cesepo-
BOCTOYHOM YacTu THUXOro oKeaHa IIpUOBIBAIOT B YCThe IIpoJiuBa XyaH-ge-Oyka Mexknay
Kanapgou u CIIIA. [Tons HepKu ¢ ceBepHBIM MapuipyToM murpanuu (NDR - North
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Diversion Rate), Bo3Bpainarolerics B peKy Operizep yepe3 npoauB [I:KOHCTOH, B
CpaBHEHUU C BO3BpaAlllaloIIMMUCS yepe3 NposuB XyaH-ge-OyKa, oTpaxkaeT
TIPOILIEHTHHIN KO3 GUIIMEHT yXoaa PhIOb Ha CEBEPHBIM MapIIPyT B TeYeHUe roaa. B
HaCTOAIEM UCCIIEIOBaHUM IIpeAnojaraeTCsa CBs3b II0OBEEeHNSI HEPKU C XUMUYECKUM
COCTaBOM MOPCKOU BOMAbI, TEMIIEPATYPOU MOBEPXHOCTHA MOPS U AUHAMUKOU TE€YEHUM
B BEPXHUX CJIOAX OKeaHa. B kauecTBe oOy4daroiiei BEIOOPKU MCIIOIb3YIOTCS
pa3nYHbIEe TIepEMEHHBIE U3 TaHHBIX OTKPBITHIX PeaHain30B, B YaCTHOCTH, TaHHbBIE
Glorys12, Takue Kak JIOKaJbHBIE TEYEHUSI, CKOPOCTU T€YEHUU y ITOBEPXHOCTU MOPS,
COJIEHOCTh U TeMIlepaTypa IOBEPXHOCTHU MOPS, a TaKXKe IepeMeHHbIe, CBI3aHHEIE C
B3aMMOOEUCTBUEM BO3QyXa U MOPS, TaKhe KaK CKOPOCThb BeTpa, XapaKTEePUCTUKUA
MOPCKUX BOJIH, IaBJI€eHUE Ha YPOBHE MOps, TeMIlepaTypa BO3[ayXa, BIaXKHOCTh U
ocazku. ITogxomg Momentum Contrast (MoCo) npuMeHsieTCS OJis U3BJIeUYEHUS
IIPU3HAKOBOT'O OMMKMCAHUS U3 JaHHBIX PeaHain3a U YMEHBIIeHNUs Pa3MEepPHOCTHU
OaHHBIX, Jajlee B Ka4eCTBe MOJesied UCIONIb3YIOTCS CIIy4YalHbIM JIeC, TPagueHTHBIN
OycTuHT U rpeOHeBas perpeccus. B pe3ynbTaTe NOIydeHBl MOENH, IT03BOJISAIONINE
IIPOTHO3UPOBATh XapaKTEPUCTUKU BO3BPATHOU MUTPAllUU HEPKHU.

56. O0630p MOTOYEUYHBIX M KOMIUIEKCHBIX MEepP KadeCcTBa B
HCC/IeJOBaHUSAX aTMOC(dephbl H OKeaHa

Pessos B.IO. (1,2), KpuHuukuu M.A. (1,2)
(1) Mockosckulu ¢pusuko-mexHuvdeckuli uHcmumym, (2) HHcmumym okeaHos02uu
um. I1.I1. [ITupwosa PAH

B Haykax 00 okeaHe u aTMocdepe Oisi OMMCaHusI KadeCTBa MOJEIUPOBaHUS U
MacCIITaOUPOBaHUS UCIIOJIb3YIOTCSA 0000IIeHHbIE KOJIMYEeCTBEHHEIE TTOKa3aTeJlH,
Ha3bkIBaeMble MeTPUKaMU. MeTpUKHU, UM MePHl, KaueCTBa [Ial0T IpecTaBJIeHHue O
TOYHOCTH BOCIIPOU3BEOEHUS MOJIEeJIbi0 PU3NUYEeCKUX ITPOILeCCOB, X MO3BOISIOT
OLIEHUTh HEOIIPEeeJIeHHOCTU pPe3yIbTaTOB Mofenel. B HacTosIel paboTe MbI
IIpeacTaBisieM KiaccudrKaluio Hanbojee 4aCTO BCTPeUYalolInXCsl B HayYHOU
MTepaType MeTPUK KadecTBa. [I/1 KaxKao¥ IPYINbl MeEP KauyeCcTBa IIPUBEIEHEI
TIPUMEPHI UX UCIIOTh30BaHUS B HaYYHBIX 3ajavax. [IoMUMO OIlEeHKHU JOCTOUHCTB U
HEeOCTAaTKOB TPAAUIIMOHHBIX IIOTOYEYHBIX METPUK UCCIIEOYEeTCS aKTyaJIbHOCTh
ITPUMEHEHUST KOMIIIEKCHBIX METOI0OB, PAaCCMAaTPUBAIOIINX Pa3JINYHbIE aCIIEKTH
pe3yIbTaToB MofenupoBaHus. Cpeau TakKuxX CrieliupuuecKuX METPUK BhIAEJISTIOTCS
MePHI C aKIIEHTOM Ha IPOCTPAHCTBEHHOM CTPYKType U HEOOHOPOOHOCTSIX
ITPOTHO3UPYEMBIX IT0JIEH ¥ BEPOSITHOCTHLIE METOMOLI IIPOBEPKHU aHCaMOJIeBBIX
MporHo30B. OTOeNnbHOEe BHUMAaHUE B TaHHOM paboTe TaK¥Ke ITOCBSIIEHO POCTY
TIOMYJISPHOCTH (DEHOMEHOJIOTUYECKUX METPUK, BKJIIOUasi METPUKY, OCHOBAaHHHBIE Ha
pPenKux U 9KCTpeMabHBIX SIBIEHUsIX. Bce paccMaTpruBaeMble MEPHI JOIOITHSIIOTCS
CYIIIECTBYIOIIMMH B HAYUYHOM JTUTEPAType OlleHKAaMU UX MPUMEHEHUS K HayYHBIM
3aJjavyaM HCcJieqoBaHUS aTMOC(ephl U OKeaHa.

36. CTaTUCTHYECKOE IIPOrHO3UPOBaHUE YPOBHS 3arpsi3HEHUs
BO3ayxa YacTurnaMu PM10 u PM2.5 B ropoJCKHX arjioMepalusix B
YCJIOBHSIX CJIOKHOIO pejibeda C IpUMEeHEeHHEM MEeTOO0B
MAIIIMHHOI'O 00y4YeHHsI Ha npuMmepe r. 'peHo01n

Cycaos AnekcaHOp Heanosuu (1), KpunHuukuu Muxaua Aaekceesuu (1,2), Staquet



Chantal (3), Le Bouédec Enzo (3)

(1) HHcmumym okeaHoaoz2uu um. I1. I1. Illupwosa PAH, (2) Mockosckul ¢u3uko-
mexHuveckull uHcmumym, HHcmumymckutl nepeyaok, (3) Université Grenoble
Alpes, France

B HacTosIleM HCcIemgoBaHUM MBI IpejiaraeM HECKOJIBKO METOIOB, OCHOBaHHHBIX Ha
MMOAXOAaX MAIIMHHOTO 00y4YeHu s, ISl IPOTrHO3UPOBAaHUS YPOBHS 3arpsi3HeHUs
BO3[yXa B ropofax, paclojI0KeHHKIX B TOPHBIX JOIUHaX. B KauecTBe mpuMepa
paccMmaTpuBaeTcs ['peHo6ss (OpaHuus). 3afada IPOTHO3UPOBAHUS YPOBHS
3arps3HEeHHUs pellaeTcs Kak B IOCTAHOBKE PETPECCHUH, TaK M B IIOCTAaHOBKE
Kjaccupukanuu (pakTa IIPEBHIIIEHUS IOPOTOBBIX YPOBHEN. [[/151 MPOTHO3UPOBAHUA
MBI IPUMEHsIeM IIOOX0[, OCHOBAHHBIM Ha JaHHBIX, IPUBIeKas pa3/IndyHbIe MOOEIN
MaIlInHHOTO 00y4ueHusi. Ha 0CHOBe HCTOPMYECKUX OaHHBIX 3a nmepuon ¢ 2012 mo 2018
rofi, CoOOpaHHBIX Ha HECKOIBKHUX METEOPOJIOTUYECKUX CTAHIIUAX, PACIIOI0XKEHHBIX B
monvHe 'peHo6sIsI, MBI O0YYMIIM HECKOJILKO MOAesiel MalIuHHOTO0 O0YYeHUS IOIIst
IIPOTHO3WPOBAHMUSA CPEAHECYTOYHLIX 3HAQUEHUI KOHIIEHTPAllui MEJIKOOUCIIEPCHBIX
yacTtuil PM10 u PM2.5 Ha Tpu gHs BOepen. Haubonbimuii mHTEPEC B HAlllEM
HCCJIeHOBAHUM IIPEOCTaBIISAIOT JHU C BLICOKMM YPOBHEM KOHIIeHTpauuu PM,
IIPEBHIIIAIOIIUM IOPOTOBLIE 3HAUEHUS ollpenesieHHble Bcemuprou Opranusanuen
3opaBooxpaHenust (BO3). Brisio 0O0HapyXKeHO, YTO HaIu4due JTOKaIbHBIX
MEeTeOpPOJIOTUYECKUX YCIIOBUY MPUBOOUT K GOPMUPOBAHUIO TEMIIEPaTypPHOU
WHBEPCUHU, KOTOpasi UMeeT CTaTUCTUYECKYI0 B3aUMOCBSA3b C YPOBHEM 3arpsi3HEHUs
BO3[yXa B 3TOM peruvoHe. HecMoOTps Ha TO, 4YTO ypPOBEHb 3arpsi3HEHUS B
3HAYUTENIbHOU CTeIleHU 00yCJIOB/IE€H JIOKAJIbHBIMUA METE0YCJIOBUSIMU, MOAEIHN
MAaIlIMHHOTO 0O0y4YeHUs, paCCMOTPEHHBIE B HAIlEM HCCIeNOBaHUHU, MOTYT OBITh
amalTUPOBAHEL U OJI1 OPYTUX FOPOOOB, HAXOOAIIUXCA B HU3UHAX. [1J1 3TOr0 Ux
Heo0XoguMo OOy4YUTh Ha peJIeBaHTHEIX JaHHBEIX. B HacTOsIIeM UCCIeI0BaHUU
HCIOJIb30BaJINCh METONOBI aHCaMOJIMPOBaHUSI, OCHOBAHHBIE Ha NEPEBbIX PEIleHUlN,
Takue Kak Catboost u Balanced random forest. [laHHbBIE METOOBI KOMOUHUPYIOT
IIPOTHO3HI HECKOJIBKMUX MOMEIeN I MOBHIIIEHNUS TOYHOCTU M YCTOMYUBOCTH
OKOHYAaTEeIbHOIO pellleHusa. Haunydinre pe3ynbTaThl B IPOTHO3UPOBAHUM YPOBHSA
3arps3HeHus BO3[ayXa KakK B IIOCTaHOBKE PerpecCuu, Tak U KjiacCuUKaIuy oKa3ail
anroputM Catboost. B 3agayax kinaccupukraluyuy TakKxKe XOpPOIIO 3apeKOMeHO0BaJl
cebst anroputM Balanced random forest, mpemHasHaYeHHBIN OJI1 PaOOTHI C
HecOaJTaHCUPOBaAHHBIMU JaHHBIMU. B paMkax 3agauu perpeccuu Catboost

9 (PEeKTUBHO aNIIPOKCUMUPOBAJ ITUKYU 3arpsi3HeHus. 3HaueHuss RMSE cocTaBunu
7.35 = 0.58 Mkr/™M3 o1 IpOrHO3a Ha TPU OHA BOepern. B mogxome Kimaccuukaummu
Catboost goctur Fl1-meps 0.65, a BRF — 0.64 3a aHaIOTUYHBIM IIEPUOLI.

49. AINIPOKCHMAIIMsA MPOCTPAaHCTBEHHO-BPEeMEeHHOH
M3MEHUYHUBOCTH I'OPOJCKOr0 OCTpoOBa Tella MOCKBBI MeTOdaMu
MaIIMHHOI O 00yUYeHHUsT

BapeHuoe Muxaua HseaHosuu (1,2,3,4), KpuHuukut Muxaua Aaekceesuu (4,5,1),
CmenaHeHko Bukmop Muxatinosuu (1,2)

(1) MI'Y umeHnu M.B. JlomoHocosa, HHUBII, (2) MI'Y umexnu M.B. JlIomoHocCoO8a,
I'eoepaguueckuu pakyavmem, (3) [uOpomemeopoaso2u4eckul Hay4Ho-
uccsiedosamenvckKul ueHmp Poccutickot ®edepavuu, (4) HHcmumym ¢u3uku
ammocgpepvl umeHu A.M. Obyxoea PAH, (5) HHcmumym okeaHoao2uu um. I1.I1.
IIupwosa PAH, (6) MockoscKkulu ¢u3suko-mexHu4eckuli uHcmumym,



Hucmumymcekuu nepeyaok

OpHUM U3 IIEePCIEeKTUBHBIX HAllpaBJIeHUU IPUMEHEHUSI METOO0B MallIMHHOT O
oOyueHus (MO) B METEOPOJIOTHUH SIBJISIETCS 3aJjadya CTaTUCTUYECKOTO
MacIITabupoBaHUS UJIM HayHCKENIUHTA, TO €CTh MOBLIIIEHNE Pa3pelleHust
MEeTeOpOJIOTUYEeCKUX JaHHLIX. B paMKax 9Tol 3aga4yu mMmeToasl MO yacTo
paccMaTpUBaIOTCA KaK ajlbTepHAaTHBa BEIYMCIIUTEIbHO-3aTPAaTHOMY METOOY
OUHaMHU4YeCKOT0 JayHCKEUN/IMHTa C UCII0Ib30BaHNEM PETUOHAIbHBIX
TUOPOOUHAMUYECKUX Moaenen atmocdeps! [1]. 3apgava mayHCcKeiauHra 0co6o
aKTyaJibHa IOJig YpOaHU3UPOBAHHBIX TEPPUTOPHUMN B CUJIY UX IIPOCTPAHCTBEHHOM
HEOOHOPOOHOCTH ¥ HAJIMYMIO JIOKAJIbHBIX ITOTOOHO-KJIMMaTUYEeCKUX aHOMaJlni, B
IIEPBYI0 ouepenb 3pdeKTa ropoacKoro OCTpoBa Teljia — HOJI0KUTEIbHOU aHOMaIuu
TeMIOepaTyphl, OKa3bIBalOIle 3HaYNMOE BIUSHHUE Ha TEPMUYECKUU KOMGPOPT U
300pOBhbe HacesieHud [2]. B mokiaze pacCMOTPEH ONBIT IPUMeHeHUus MeTonoB MO
OJIs1 CTaTUCTUYECKOHU allpPOKCUMAaIIMM ITPOCTPAHCTBEHHO-BPEMEHHON U3MEHUYHUBOCTHU
OCTpOBa TeIlia (TOPOACKON aHOMAJIMK TeMIepaTypPhl BO3[IyxXa) Ha OCHOBE
IIPEOUKTOPOB, XapaKTEePU3YIOIINX KPyITHOMacIlITaOHble aTMOC(EPHEIE TIPOIIECCH , Ha
nmpuMepe MOCKOBCKOTo MeraroJjrca. Ha mepBoM 3Tane UCCIegOBaHUS pelleHa
3afjada «JayHCKeWUJIMHTa B TOUYKY>» - alllIPOKCUMaIUX Hab/II0qaeMol pa3HOCTH
TeMIepaTyphl «ropoa-GoH» O neHTpa MockBH [Varentsov et al., 2023a]. B Takou
IIOCTaHOBKE BBIIIOJIHEHO CPaBHEHUE HECKOJIbKUX Mogenern MO Tuma perpeccuu,
BKJTIOYasi TUHEWHYI0 MOMeJib, METOIBI CITYy4alHBIX JIECOB, TPAOfUEHTHOr0 OYCTHUHTA,
OIIOPHBIX BEKTOPOB, a TaKxXKe MOJTHOCBA3HYI0 HelpoceTh (Multilayer Perceptron).
[Toka3aHo, 4yTO Momenu MO MOTyT YCIHEIIHO BOCIPOU3BOOUTH BPEMEHHYIO AUHAMUKY
Pa3HOCTU «TOpoa-pOoH» Ha CYyTOYHOM, CUHOIITUYECKOM U Ce30HHOM MaciiTtabax. [Tpu
3TOM HaWJIy4lllee KaueCTBO OBIJIO JOCTUTHYTO MOMEJIbI0 TPagUueHTHOr 0 OyCTHUHTa
CatBoost, oHa ke moka3ajia MakKCUMaJlbHOe ObICTpopericTBue. Ha BTOpoM 3Tare
HCCllefoBaHus pa3paboTaHHass MOOEeIb Ha OCHOBE MeTOoAa I'pafueHTHOro OyCTUHTa B
peanusaruu CatBoost Ovlyla amanTUpoBaHa OJIS alIPOKCUMAIIUK TOPOOCKOM
aHOMaJIMU TeMIlepaTyphl y2Ke KaK TPEXMECTHOU (IIPOCTPaHCTBEHHO-BPEMEHHOM)
BeJIMYUHLI. B KayecTBe OOIOTHUTEJILHBIX IIPEAUKTOPOB UCIIOIb30BaHbI
OeTalu3upPOBaHHBIE JaHHBIE O CBOMCTBAX MOOCTUJIAIONIIEN TOBEPXHOCTU U TOPOACKOM
cpennl. B KauecTBe JaHHBIX OJI ONTUMU3aLUMM Mogeneid MO MCIoIb30BaHb
pe3ynabTaThl CyIIEPKOMIBIOTEPHOTO MOAEIUPOBAHUSA METEOPOJIOTUYECKOTI 0 pexXumMa
MOCKOBCKOTO pervoHa C peruoHaJIbHOU TUAPOOUHAMUYECKON MOAEIbI0 aTMOC(epHI
COSMO c marom ceTku 1 KM, JOTIOTHEHHOM CII€IUaIbHOU TOPOLOCKOU
napametpusauuern TERRA URB [3]. 15 onucaHusa IpOCTPAaHCTBEHHOU CTPYKTYPHI
OCTpPOBA TeIlJIa IIPEI0KEH OPUTMHAIbHBIN «KBAa3UJIOKAIbHEIN» ITOOXO0M K
npuMeHeHno MeTogoB MO. OH 3aK/r04aeTCs B 3aJaHUU IIPU3HAKOBOTO OIIMCaHUs B
bopme Tabnullbl C JAaHHBIMU OIS MHOXKEeCTBa (OPMaIbHO He CBSI3aHHBIX APYT C
OPYTroM TOo4deK (y3JI0B paCYETHOU CETKH), ¥ IMMOPOKIOEHUU OOMOITHUTEIbHBIX
IMPHU3HAKOB [OJIs1 yYeTa HeJIOKaTbHBLIX IPOCTPAaHCTBEHHBIX B3aUMOEUCTBUN MEXKIY
npegukTopamu. [IJIs 9TOTO K UCXOOHBIM ABYMEPHBIM MOISIM XapaKTEPUCTHUK
IIOBEPXHOCTU IPUMeEHsIeTCsI Habop npeoOpa30BaHUM, B TOM YHCIIE
caMOHaCTpauBawIIUeCcs HallpaBleHHbIe QUIbTPLI, GOpMUPYyEMEBIE C yYETOM
KPYITHOMAaCIITAaOHBIX HaHHBIX O CKOPOCTU M HallpaBlieHHHU BeTpa. [loKa3aHo, 4TO
TaKOW MOAXO0[ MO3BOJIIET JOCTAaTOYHO PEaIuCTUUYHO BOCIIPOU3BOOUTH
IIPOCTPAHCTBEHHYIO CTPYKTYPY OCTPOBa Telljla B Pa3JIMYHBIX YCIIOBUIX, B TOM YHUCJIE
BOCITPOM3BOOUTH HeJIOKanbHbIE 3 PEKTHI, CBSI3aHHBIE C IIepeMeIlINBaHUEM U
aIBeKIMel, HalpuMep TeIJIoBhIe Iiedbl. B paMKax npomonKeHus UCCIeqOBaHUMN



MIPEeaCTaBIseTCsa MEePCIIEKTUBHOM 3aJada CpaBHEHUS IIPEOI0KEeHHOT O
«KBa3UJIOKAJIbHOT0» II0AXO0Ha C MOIYJIAPHBEIM B 3ajadye JayHCKEUJIUHTa
«HeJIOKaJIbHOT0» IMOOX0da Ha 0CHOBe cBEPTOUYHEIX MHC, mogpa3ymMeBaromiero
3aJjaHUe IPU3HAKOBOTO OIMCaHUS B BUAE ABYMEPHBIX IIPOCTPAHCTBEHHEIX mmoyen [1].
PaboTa BEITIOJTHEHA IIPU MOAOEPKKEe HEKOMMeEPUYECKoro ¢GoHOa pa3BUTUS HAYKU U
oOpa3oBaHus “MHTennekT”. AHanu3 pe3yabTaTOB Me30MacIITabHOT o
MOJEMPOBaHUS BHIIIOJITHEH MIPU YaCTUYHOU MoagepKKe POCCUIICKOro Hay4YHOT O
doupga, mpoekT Ne24-17-00155.

Cceuikm: 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. OnbBIT UCIIOJIB30BAHUS METOJ0B MAaIlIHHHOI' O OﬁyquHﬂ B
3ada49aX THAaIr'HOCTHPOBAHHSA T'€eOHHOAYIHPOBAHHBIX TOKOB B
BBICOKOIITHPOTHBIX JHEProcucreMax

Bopobves AHOpetli Baadumuposuu (1), Bopobvesa I'yavHapa PasuaesHa (2)
(1) I'eoppusuueckuti uenmp PAH, Mockea, (2) YpumcKkulu yHugepcumem Hayku u
mexHo/102ull

Kak u3BecTHO, reonHayuupoBaHHbie TOKU (I'MT) BO3HMKAIOT B IPOCTPaHCTBEHHO-
pacnpeneneHHbIX TOKOIIPOBOOSAIINX TEXHUYECKUX CUCTeMaxX (MarucTpajabHbIEe
TPyOONIPOBOOLI, TUHUU 3eKTponepenaun (JISII) u TenerpadHoOM CBSI3U, OOBEKTHI
2KeJIe3HOJ0POKHOM NHGPACTPYKTYPH U TIP.) BCJIEACTBUE T€eOMarHUTHBIX Baprallui
(I'MB), ckOpOCTh U3MEHEHUSI KOTOPHIX B BEHICOKOIINPOTHBEIX PETMOHAaX 4acTo
COCTaBIsIeT HECKOIBKO coTeH HTnn/MuH. [IpoTekas mo 3a3eMJI€eHHBIM 00MOTKaM
CUJIOBBLIX TPaHC(GHOPMATOPOB CUCTEMOOOPA3YIOUIUX 3JIEKTPUUECKUX IIeTeH,
skcTpemanbHbie 'UT crtocoOHEBI IIePeBEeCTU UX MAarHUTHBIE CUCTEMBI B PEXKUM
HACBHIIEHUs, YTO, B CBOIO OUYepeab, MOXKET BhI3BAaTh COOM MJIHM OTKa3
COOTBETCTBYIOIIUX IJIEKTPOTEXHUUYECKUX cuCcTeM. OOHAKO 110 IPUYKUHE MaJlou
W3y4YEeHHOCTU MEeXaHU3MOB BO3HUKHOBeHUdA u pa3Butuda 'UT, a Takxke
(pparMeHTAapHOCTH ¥ HEOOHOPOOHOCTH MMEIOIINXCS SMIINPUYECKUX JaHHBIX, 3aada
WX IIPOTHO3WPOBAHUA U QUarHOCTUPOBaHUSA Ha CETOOHALIHUU OeHb COIpPSAXKeHa CO
MHOK€EeCTBOM HeoNnpeaesIeHHOCTEN U OCTaeTCs IMPaKTUUYeCKU HepelleHHoM. B paboTe
Ha OCHOBE METOJIOB MAIIIMHHOTO 00y4YeHUs pacCMaTPUBAIOTCS IMOAXOOB K
OuarHocTupoBaHuio ypoBHA ['MT B MarucTpanbHOU 3JIeKTpUYeCKOou ceTu «CeBepHBIU
TPaH3uT». [Ipy 9TOM B Ka¥yeCTBEe BXOOHBIX ITapaMeTPOB BBEICTYIIAIOT KaK
reOMarHuTHBIE IaHHbIE, PETUCTPUPYEMbIe MAarHUTHLIMU CTAHIIMSAMU B 3aJaHHOM
cyoperunone (Kombckuii m-0B, Poccusi), Tak U eCTeCTBEHHBIE (BUOUMEIE) UHOUKATOPHI
9KCTpeMaJbHON reOMarHUTHOM aKTUBHOCTU. Ha npuMepe rogqoBoil BEIOOPKHY,
BKJIto4atoIen 6omee 35 000 3amuceii ObIJIO TOKAa3aHO, YTO MOOXOM K
ouarHoctupoBaHuio 'MT, Ha 6a3e MHOKECTBEHHOM JINHENHON PETPECCUH,
obecrieunBaeT cpefHeKBagpaTudeckyio omuoky (CKO) ~ 0.122 A™2.



Hcnonb30BaHMEe UCKYCCTBEHHON HEMPOHHOU ceTu ¢ ReLu pyHKIMel aKTUBaAIIUU
CIIOCOOHO HECKOIBKO YIIYYIIUTh TOYHOCTDb AuarHoctupoBanus (CKO ~ 0.119 A™2),
OIHAKO IIPU 3TOM CYILIECTBEHHO CHUZXKAETCS UHTEPIIPETUPYEMOCTS U TeopeTudecKas
3HA4YUMOCTh Mofenu. [IpuMmeHeHre B CBOIO o4epensb baliecoBCKOTo KiaccudukaTopa
K JaHHBIM OIITUYECKUX HaOJIIOOeHU N NOJITPHBIX CUSHUM I0Ka3alo, 4YTo
aloCcTepuoOpHas BEePOSITHOCTH TOT'O, YTO BO BpeMS CUSSHUU Ha ceBepe ypoBeHb ['UT Ha
CTaHIVYU «BBEIXOOHOW» MIPEBLICUT 2 A cocTaBisgeT 5.78 %, B TO BpeMs KakK
BEPOSITHOCTS IIPEBLILIEHUS JaHHOT0 3HaYEeHU IIPU CUSHUAX B 3€HUTE U Ha Iore
coctaBinsgeT 10.04 % u 14.93 % CcOOTBETCTBEHHO. B OTCYTCTBUE XK€ CUSIHUY OaHHAas
MO[eJIb YKa3bkIBaeT Ha TO, YTO BEPOSATHOCTD gocTuxkeHus 'M'T aHamoruyHoro ypoBHs
He npesBoiaeT 0.26 %, a BEpOATHOCTE IpPeBHIIIeHNs 3 A IpaKTU4YeCKU 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/
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2024 roay

KpuHuuxkuu M.A. (1,2)
(1) UHcmumym okeaHoaoezuu I1.I1, IITupwosa Poccuuckou akademuu Hayk, (2)
Mockosckul ¢pusuko-mexHuvyeckul uHcmumym

MeTonbl MaInHHOTO 00y4deHus (ML) u rmy6okoro o6yuenus (DL) akTUBHO
IIPUMEHSIOTCSI B Pa3/IMYHBIX chepax u3yudeHUss oKeaHa, aTMOCGepH! 1 KJIMMarTa,
TaKUX KaK OKeaHorpadusi, METEOPOJIOTHS B KJIMMATOJIOTHUSA. DTHU IIOAXOObI TO3BOJISTIOT
adPperTBHO 0O0padaThIBaTh OOJbIINE 00BEMBI TAHHEBIX, BEISIBIISITH CKPBHITHIE
3aKOHOMEPHOCTH, YMEHbBIIIATh UJIN OIIEHUBATh HEONIPENEIeHHOCTh B KJIMMAaTUYECKHUX
1 ITOTOOHBIX IIPOTHO3aX, aBTOMaTHU3UPOBAaTh MOHUTOPUHT U YCKOPSATH aHaIUTUUYEeCKUe
rccnenoBanusi. Cpeau yCIEIIHBIX IIPUMEPOB MOKHO YIIOMSIHYTh aHaJTU3 JaHHBIX
OVUCTAHIIMOHHOIO 30HOUPOBAHUS, MOIeJINPOBaHNe TeoPU3nYEeCKUX IIPOIIeCCOB,
ANMIPOKCUMAIINI0 HEU3BECTHHIX (HU3NYECKUX ITapaMeTPOB U PellleHne 3amayd
CTAaTUCTHUYECKOTO TPOTHO3UPOBAHUS IIOTOALl U KJIMMaTa. TeM He MeHee, CYIIeCTBYIOT
omnpefesieHHBIE CIIOXKHOCTH, TaKue KaK HeoOXOOUMOCTh B OOIbINNUX 00beMaxX JaHHBIX,
BLIYMCIIUTEJIbHBIE U TEXHUYECKNE 0COOEHHOCTH METOMIOB HayK O JAHHBIX, a TaKXKe
obecrieuenue GU3NYECKON MPaBaOIOg00HOCTH Pe3yIbTaToB. B mepcrekTuBe
0XKHUAeTCs pPa3BUTHE TUOPUOHEIX MOOesiel, KOTOphlie 00beauHII0T (Uu3nIecKrue u
CTAaTUCTUYECKNE METOMBI, a TaKXKe yJIydllleHue UHTEePIIPeTUPyeMoCcTy Mmoaeseit ML u
DL. B gokname MBI paCCMOTPUM TeKyIUe OOCTUXKEeHUs B npuMeHenuu ML u DL B
M3y4YeHUM OKeaHa, aTMocdeps! 1 KJIMMaTa, a Takke 00CyauM npobjieMbl 1
TIEePCHEKTUBEI UX HaJIbHEHUIIEero Pa3BUTHS.

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

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

(1) Ckoakoeckulu uHcmumym Hayku u mexHosao2ul, (2) Mockoeckuu ¢pu3uko-
mexHuveckuu uHcmumym, (3) HHcmumym okeaHono2uu um. I1.I1. [ITlupwosa 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 WRF 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. IIPOrHO3UPOBaHHE COCTOSTHHUSI MarHUTOC(hEepsI 3eMJIH C
IIOMOIIbI0 CIEIHAILHOI0 aJIrOPpUTMa OJIsI padoThI C
MHOI'OMEPHBLIMHU BpEeMEHHBLIMU psiTlaMH

Baadumupos P.I1. (1), llIupokut B.P. (1), BapuHos O.I'. (1), HoaeHko C.A. (1),
Msekosa H.H. (1)
(1) HUH sa0epHolU ¢usuku umeHu II.B. CkobeavubiHa MI'Y umerHu M.B. JlomoHOC08a

IaHHOe ucciengoBaHue OCBSAIIEHO ajalTalliy U IPUMEHEHUU ClelnaabHOoro 4-
CTYIIEHYaTOTro0 aJIrOPUTMa Ha OCHOBE METO[I0B MAIlIMHHOTO O0y4YeHHUs,
pa3paboTaHHOTO IJIg aHa/li3a MHOTOMEPHBIX BPEMEHHBIX PSIAOB ITPU pPellleHuU 3aAad
IIPOTHO3UPOBAHUS OIIPENeSIeHHBIX COOBITUM U BHIIBIIEHUS UX NPEABECTHUKOB -
SIBIIEHUM, TIPEeICTaBJIEHHBIX HEM3BECTHOM KOMOUHAaIMel 3HaYeHU ITapaMeTpoB,
omnuchBaImux 00beKT [1]. [ToMrUMO MPOTHO3UPOBAHUS COOBITHM, aITOPUTM MOIKHO
KCIIOIb30BaTh [JI1 IPOTHO3UPOBAHUS 3HAaYEHUU HENIPEPHIBHBIX BeIMYUH. [1pu aTom
HCIIOJIb3yEeMbIN aJITOPUTM IT03BOJISET afalTUBHO OTOUpPATh Kak (pu3ndyecKre BXOOHBIE
IIPU3HaKM, TaK ¥ KOHKPETHbIE 3HAaUYEHUS 3aePKKU IIPU y4eTe UCTOPUU KaKIa0T0
(pu3ndeckoro nprusHaka B paMKax IMOTPyKeHHUS (TOMOIOTUYECKOTO BIOKEHMS)
COOTBETCTBYIOIIIETO €My BPEMEHHOT0 psifa. Takoi oTOOP MOXKeET 00eCIIeYUuTh JIydIlnee
TIOHMMaHUe ITPOI[eCCOB, IIPOUCXOOAIINX B n3ydaeMoM 00bekTe. O0miasa cxeMa 4-
CTYIIEHYaTOT0 aJIrTOPUTMa BKJII0OYaeT B ce0Os cienyloiine 3Tankbl: 1. Beibop Haubosee



3HAYMMBIX PU3NYECKUX IIPU3HAKOB (IIepeMeHHBIX) CPeU TeX, KOTOPhIe, II0 MHEHHUIO
K“cciiegoBaTesisi, MOT'YyT IIOBIUATH Ha IIPOTHO3UPYEMOE 1lejIeBOoe 3HaueHue. B Tekyilen
peanusalyu Ojis 3TOU LieJId UCIIOJIb3yeTCsa UTepaTUBHBIN oaxon. B paMkax 3Toro
IIOOX0Ma CUCTeMa oneHuBaeT Koppensanuio (I[Tupcona/CnupMeHa) MeXOy BXOOHBIM
MIPU3HAKOM M €ro 3afepKKaMU U IPOTHO3UPYEMOU IIepeMeHHOU. 3aTeM Ha OCHOBE
3alaHHOTO ITOpPOTa BEIOMpPAETCS YacTh IIEPEMEHHBIX, KOTOPhle OYAYyT UCIIOIb30BaThCSA
Ha CIeOyIoUIMX 3Tarnax. 2. BeIOop Amamna3oHa UCIOIb3yeMBIX 3a/iePXKeEK.
PaccMmaTpuBaeMbie HAOOPHI BXOJHBIX TPHU3HAKOB CO34aBajluCh CIIeAyIOIIUM 00pa3oM.
Ha6op 0 BKII0OYan BEIOpaHHBIE BXOIHBIE TTIEPpEMEHHBIE B TEKYIIIUM MOMeHT. B Habop 1
BOIIIJIM BCe BXOOHBIE IepeMeHHble U3 Habopa 0, a TakXKe BCe 3TU IIepeMeHHEIE C
3apmepkKou B 1 BpeMeHHOU 1m1ar. B Habop 2 BOLLIM BCe BXOOHBIE TTIepEMEHHBIE U3
Habopa 1, a TakXKe BCe 3TU IIepeEMEeHHBIE C 3aJIePKKOU B 2 BpEMEHHBIX I11ara U Tak
najiee OO OIIpPeNesIeHHOT0 UCCliefoBaTeleM npenena. Moaenb MallliHHOTO 00y4YeHus
oOydaeTcs Ha KaXXAoM Habope JaHHBIX, CO3JaHHOM B paMKaXxX 3TOT0 LIMKJIa, U ee
Ka4yeCTBO OI[eHWBAETCS Ha IIpefBapuUTEJIbHO IIOATOTOBJIEHHOM Habope TeCTOBHIX
maHHBIX. [IUKJT OCTaHaBIMBaeTCs, KOTda 10 3aJaHHOMY KPUTEPUIO yBeJIMYeHue
quara3oHa 3aJepKKu 00JIbllle He IPUBOOUT K 3HAYUTEIbHOMY ITOBHIIIEHUIO
TOYHOCTH IIPOTHO3UPOBaHUA. 3. BeIOOp Hanbosiee BaXKHBIX BXOOHBIX IPU3HAKOB U3
II0JIy4YEeHHOT'O IIPOCTPAHCTBa IPU3HAKOB, OTPaHUYEHHOI'0 Ha IEePBHIX IBYX 3Talax.
[ 3TOTO 3Tana MOryT OBITh MCIIOJIb30BAHEI CTAHAAPTHEIE TOOXOOH K OIIeHKE
CYILIeCTBEHHOCTH BXOOHEIX IPU3HaAKOB. 4. HacTpoiika runeprnapaMeTpoB Mozenu. B
naHHOU paboTe aJITOPUTM IIPUMEHSJICS AJI IPOTHO3UPOBAHUS 3HAYEHUN IIOTOKA
PENSITUBUCTCKUX 3JIEKTPOHOB ¢ E > 2 M3B Ha reocranmoHapHoi opOuTe, a TakKxke
3HaUYEeHUU reoMarHUTHBIX UHAEeKCOB Dst u Kp. Pe3ynbTaThl cCpaBHUBAJIUCE MEXOY
co00M 10 3HAYEHHUIO0 OTHOCUTEIbHOM OIIMOKY IIPOTHO3UPOBAHUS U 10 Habopam
Haubojiee 3HAUYMMBIX BXOOHBIX ITPU3HAKOB, BHIOPAHHBIX aJITOPUTMOM.
PaccMmaTpuBanuch BpeMeHHbBIe PSAObL C I1aroM B OOWH 4ac. B KauecTBe BXOOHBIX
(pu3myecKUX IPU3HAKOB MCIOIb30BAIUCh 3HAYEHUS CIIEAYyIOIINX BeIUdnH: 1.
[TapameTpsl comHedHOTo BeTpa (CB) B Touke Jlarpauxka L1 mexny 3emnen u
Comnuanem: ckopocth CB v (km/c), Temnepatypa CB T (K), mimoTHOCTS TPOTOHOB B CB n
(cm~3). 2. [TapamMeTphbl BEKTOPa MEXMIIaHEeTHOTO0 MarHUuTHOro nomnsa (MMII) B Tou ke
Touke L1 B cucteme GSM: komnioneHTEI MMII BX, By, Bz, mogynes MMII Bmagn
(#Tm). 3. T'eoMarHUTHBIE UHOEKCHI: 9KBATOPUAIbHBIN T€eOMarHUTHLIN MHAEKC Dst
(1#Tn), nnaHeTapHBIN reoMarHuTHLIN HHOEKC Kp (6e3pa3mepHtIit). 4. CrieliuanabHO
noOaBJieHHbIEe QYHKIIUU CIIy4aWHOTO IIyMa, YTOOBI ITPOBEPUTH, paClO3HAET JIU
CUCTeMa UX KaK HepeJjieBaHTHEIE OJI IPOTHO3UPOBaHUS LIeJIeBOU IIePEMEHHOMU.
Ha6op Tak>ke BKJII0OYaJl YeThIPpe TapMOHUYECKHUE IIepeEMeHHBIE (Be C CYTOYHBIM
IIepUOOOM U ABEe C TOLOBBIM IIEPHUOAOM) [JId ydeTa BpallleHUus: 3eM/IU BOKPYT CBOEU
ocu u BOKpyT ConHIa (O 9TUX IepEeMEeHHEIX IIOTPYyKeHNe BPEMEHHEBIX PSAOOB He
KCII0JIb30BasIoch). Iloka3aHo, 4TO IpuMeHeHue 4-CTyIIeHYaToro aJirOpuTMa K
paccMaTpuBaeMEBIM 3afadaM IPOTrHO3UPOBaHUS I1I03BOJISAET IIOBLEICUTH KQYECTBO
IIPOTHO3UPOBaHUS 10 CPABHEHUIO C IPOTHO3UPOBAHUEM Ha IIOJIHOM Habope
IIPU3HAKOB 0e3 ucnoab30BaHus orbopa. [Ipu aToM oTOMpPaeMble aIrOPUTMOM
BXOOHBIE IIPU3HAKU COOTBETCTBYIOT CYILIECTBYIOIIUM (PUIUUECKUM IIPEACTAaBIEHUSIM O
(pr3nvecKrx BeIMYUHAX, CYyIIeCTBEHHBIX OJI IPOTHO3UPOBAHUSA PACCMOTPEHHBIX
IleJIeBBIX IIepeMeHHbIX. YiccriemoBaHme BEIIOJIHEHO 3a CUYET rpaHTa Poccuiickoro
Hay4dHOro gorma Ne 23-21-00237, https://rscf.ru/project/23-21-00237/ [https://rscf.ru/
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36. MeTOoabl BEPOSATHOCTHOI'O MPOIrPaMMHUPOBAHUS IIPH
PEKOHCTPYKIHH COOBITHH MHOTOKAaHAIBHOTO H300pazxKaroiiero
merexkTopa: 3JIb®bl u TPEKHA

IllapaxkuH Cepeeti AnexkcaHOposuu (1) Capaes PomaH Egz2eHbesuY (2)
(1) MI'Y um. M.B. JlomoHocosa, HUHUSA® um. [I.B. CkobeavubiHa (2) MI'Y um. M.B.
JlomoHocoesa, acnupaHmypa Pu3uyeckozo ¢paKyibmema

B mokrape nmpenjioXKeHbl HOBBIE CIIOCOOB aHa/In3a JUHAMNYeCKUX N300pakeHnH,
PErucTpUpyeEMbBIX MHOTOKaHaIbHBIMUA BEICOKOYYBCTBUTEIBHBIMU AE€TEKTOPaMU C
BBICOKMM BpPEMEHHEBIM pa3pelneHrneM. OpOuTanbHbIl OeTeKTop “Y® atmochepa”
HabmomaeT 3a aTMocdepoit 3emnu ¢ 6opTa MKC u peructpupyeT psif TPaH3UEHTHBIX
OINITUYECKUX SBJIEHUMN, CBI3aHHBIX C TPO30BOM aKTUBHOCTHIO, B TOM YUCJIe U COOBITUS
tura ELVES (“anbdrn1”). BeposiTHOCTHast Mogenb 3/1bda B KauyeCTBe MapaMeTpoOB
BKJII0OYaeT KOOPAMHATHL U OPUEHTAaLUI0 IIOPOOUBIIIETO CBeUEeHUEe IPO30BOT0 pa3psaaa,
a Takxe BbICOTY MOHHU3UPOBAHHOI'O CJIOSI, B KOTOPOM PETUCTPUPYETCS CBEUYEHUE.
BaiiecoBcKU# BHIBOI (peain30BaHHBIM cpefgcTBaMu 0ubnmoreku PyMC) mo3BomsieT
BBIYUCJIUTH allOCTEPUOPHEIE paclpelesieHrs Ha 3TU ITapaMeTpPhl Ha OCHOBaHUU
BPEMEH IIMKOB CUTHAJIOB B OTHEJIbHBIX KaHalaX feTeKTopa. CucrtemMa Ha3eMHBIX
MHOTOKaHalbHEIX AeTeKTop PAIPS KkpoMe u3ydyeHuss pa3HbIX TUIIOB IIOJISSPHBIX
CUSTHUM CJIY2KUT TaKKe CBOe0Opa3HBIM ITOJIMTOHOM OTPa0OTKMU alirOPUTMOB
BEPOSITHOCTHOU PEKOHCTPYKLUMU. [[JIg 3TOT0 UCIIOJIb3YETCA MIUPOKUU KJIaCC TaK
Ha3bIBaEMBIX TPEKOBBIX COOBITUN - METEOPOB, IIPOJIETOB CIIyTHUKOB M CaMOJIETOB,
OBHJKeHUe 3Be3[ 110 HeOy. BailiecoBcKas Mofenb BKJIo4aeT B cebs KaK mapaMeTphl
CaMOT0 TPEKOBOT'O COOBITUSI, TAK U OCOOEHHOCTU €ro perrucTpaluu (amnmapaTHyio
(pyHKIIUIO meTeKTopa). KpoMe TOro, mpu TakKOM IIOAXOMEe YOAeTCs BKIKYUTL B MOLEIIb
anpuoOpHYI0 MHPOPMAIIUIO 0 COOBITUU (TOPU30HTAIPHOCTh ABUKEHHUS CIIyTHUKA,
XapaKTEPHYI0 CKOPOCTh U HalpaBJIeHUS OBUXKEHUS IIOTOKOBOTO MeTeopa U T.II.).
Ia"nHBIe MeTOOBI MOTYT OBITH OOOOIIIEHEI Ha CTEPEO-COOBITUS (PETUCTPAIIUIO TPEKOB
OBYMS OEeTEKTOpPaMM C IepeCeKarIIuMUCS MOISMU 3PEHUS) NN IPUMEHSITHCS IIPHU
pexkouctpykuuu KJI [IB3 B geTekTopax ¢piayopecueHTHOTo cBeueHus IIIAJI. PaboTa
BBITIOJIHEHA ITPU PrHaAHCOBOU noaaepkKe rpanta PH® Ne 22-62-00010

71. IIpuMeHeHHEe METOI0B MAIIIHHHOTIO O0OyUYeHHUsT IJIs1
HIeHTH(PHUKAIIUHU MOJISIPHBIX Me€30MaCIITAOHBIX IIUKIOHOB B
OAaHHBIX YMCIE€HHOI'0 MOAEeIHPOBaHUA aTMOChephbI

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

(1) HayuoHanvHbil ucciedosamenvbCcKkul yHusepcumem “Buvicwatl wkoaa
9KoHOMuKUu” (2) HHcmumym okeaHosio2uu um. I1. I1. [ITupwosa PAH (3) Mockosckul
¢dusuko-mexHuyeckuli uHcmumym

ITonsspubie Me3oMacHiTaOHbIe ITUKIOHEI (IIMII) — 3TO MHTEeHCUBHBIE aTMOC(hEpPHEIe
BUXPU HEOOBIIIOTO pa3Mepa, popMupyromnecs Hajg OKeaHOM Ha I'PaHUlle
apPKTUYECKOU M YMEePEeHHOU aTMOC(epHBIX BO3AYIIHLIX Macc. [IML] xapakTepHHI
CUJIPHBIMHU BETPaMH, IO3TOMY IIPEACTaBIIAIOT YTPO3Y MOPCKOU HHPPACTPYKTYPE M
CYIOXOACTBY, @ TaKyKe OKa3hIBAlOT BIMSHUE Ha I''TyOOKYI0 KOHBEKIIUIO OKeaHa. Ha
CEeromHs CYIIeCTBYeT ABa OCHOBHBIX MeTOOa ITONy4YeHusI nHPOPMaIUU O
Me30MacIITaOHBIX ITUKJIOHAX - PYYHOe memu@pupoBaHue CIIYyTHUKOBLIX CHUMKOB U



npeHTudukanus [IMI] 1o pa3lIuYHLEIM SMOUPHUYECKUM KPUTEPHUSAM B JaHHBIX
YMCJIEHHOTO MOOENTMPOBaHUsA aTMOChePHI. Y KaXXIoro U3 ClIoco00B eCTh CEPhE3HBIE
HepocTtaTkKu. M3-3a KOPpOTKOro BpeMeHu XkXu3HU [IML] manHbIe JUCTAaHIIMOHHOT O
30HOUPOBAHUS, XapaKTepPHbIE Pa3PEeKEHHOCThIO BO BPEMEHH, MOTYT HEJOCTATOYHO
TIOJTHO ¥ [IeTaJIbHO OTpaXKaTh AUHAMUKY 3TUX Buxpel. OOHapyXKeHUe
Me30MacCIHITaOHbIX ITUKJIOHOB B MOMEJIbHBIX MAaHHLIX 3aTPYIHEHO SMIUPUYECKOM
IIPUPOIION KPpUTEPUEB UeHTU(UKAINY, pa3pabaThiBaeMbIX UCCIIefoBaTesIIMU. B
HacCTos e paboTe Mbl MPUMEHUIN MOOXO0O NHTEPIIPETAIIMY MOofiesiell MalllMHHOT O
00y4YeHMs, HAaTPEHUPOBAHHBIX UAeHTHUIIMPOoBaTh [IMI] B JaHHBIX MOOETUPOBAHUS
aTMocdephl, [JIs1 COCTaBIeHUs CIIMCKa Hanbojiee 3HAUMMEBIX KpuTtepues. s
00y4YeHHs MOofieJiel UCIONIb3YIOTCS XapaKTePUCTUKM Me30MacCIITaOHBIX IIMKIIOHOB,
pa3MedYeHHBIX B peTpocneKTUBHOM aHanu3e RAS NAAD 1o jaHHBIM KalleHOapeu
[IMII (Rojo et al., 2019), (Golubkin et al., 2021), (Noer et al., 2011). [Ins oueHKHU
3HAQUMMOCTHU IIPU3HAKOB HCIIOJIb30BaICh BCTPOEHHBIE METONOBI MOAEIEN, a UMEHHO:
3Ha4YeHUA KO9PPUIIMEHTOB MOLENHU OJIs JIOTUCTUYECKOU perpeccuu U MeTona
OIOPHBIX BEKTOPOB C Y4E€TOM CTaHAapTU3allUU IPU3HAKOB; IOOXO0[ OLIEHKU CPEJHEro
MHTErpajJbHOT0 HOPMaJIM30BaHHOTO CHUXKEHHUSI PYHKILUY TOTEPh AJI KaXKOOoTro U3
IIPU3HAKOB B ClIydae MOMeJiel CIydalHBIX JIECOB M I'pafueHTHOro OycTuHra. 1o
pe3ybTaTaM NPOBEOEHHOTO UCCIeJOBaHUsI CaMbIMU 3HAYUMBIMU IPU3HaAKaMU
SIBJIIIOTCS: MHOEKC XOJIOOHBIX BTOp2KeHuM Ha 500 rlla, pa3auila MexXay
TeMnepaTtypou Ha BeicoTe 700 rlla u Ha ypoBHE MOPS, 3aBUXPEHHOCTD Ha 850 rlla u
maBJIeHHEe Ha YPOBHE MOpPS. OTH NpU3HAKU ObIJIM BEIOpaHbI KaK HanboJiee 3HaUUMbIe
IIpU aHasm3e OOoNbIIMHCTBA Moaesielt MO, 1 UX cOCTaB XOPOIIIO COTJIaCyeTCs C
bu3nveckuM acnekToM uaeHTUPUKAIIMN Me30MacCIITaOHbIX IIMKIOHOB. Pe3ynbTaThl
HACTOSIIIEro UCCJIeIOBaHMUs B OTHOIIEHUM 0TOOpa HauboJjiee 3HaYUMbBIX ITPU3HAKOB
MOTYT OBITH B [JaJIbHENIIIEM UCIIOIb30BaHbI [IJISI TOCTPOEHUS HaIeXKHBIX 00 bEKTUBHBIX
CUCTeM HOeHTU(UKALUU U TOCTPoeHus TpaeKTopuu [TMLI, ncnonb3yrouux MOOX0aH],
OCHOBaHHBIE Ha IaHHBIX, @ UMEHHO METOIbl MAIlIMHHOT'O 00Y4YEeHUS MU T'JIYyOOKOTO
o0y4YeHHs.

Cexnusa 3. MamuHHOEe 00y4yeHHE B eCTE€CTBEHHBIX
HayKax

47. IIpeacka3aHue CTPYKTYPHI JedpekToB Mo0S2 1o 3agaHHBIM
CBOMCTBaAM

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

Iu3aH MaTepuasa C 3aJaHHBIMU CBOMCTBAMU SIBJIIE€TCSA NIPUHIIUIINAIIBHO BaXXHOU
3aZlayey, B CBOIO OUepelb, CBOUCTBa MaTepuasla CUJIbHO 3aBUCAT OT TUIIA U
KOHIIeHTpaluu nedekToB. B manHo# paboTe MBI CO3anu aJrOPUTM reHepaluuu
nedeKTOoB, 10 3aJJaHHEIM CBOMCTBaM, B IByMEpPHBIX MaTepuajiax Ha nmpumepe MoS2.
[Ipennaraemblii anropuTM paboTaeT Ha OPSAKU OBICTPee M KaueCTBEHHEe
aJITOPUTMOB Ha OCHOBE HEMPOCETEBHLIX T€eHEPATUBHBIX MofeJiel. 3a OCHOBY OBIJI B3ST
IIOOXO[ OIpefeIeHusl CBOMCTB KpUCTasljla, SHEPTrUu (POPMUPOBAHUSA KpUCTasljla U
pa3uuusl LUMO-HOMO, c nomoIpsio MeToaa cuMBoOJIbHOU perpeccuu SEGVAE.
®opMyIHl B3aUMOAEUCTBUS KaXKAO0To TUMa AedeKToB MeXkay co00l B SBHOM BU[IE



ObIJTM HalIeHbl B TPUOIUKEHUHN ITOTTaPHOT0 B3aUMOAEUCTBUS. BHINTN N3yUYeHbl
XapPaKTEePUCTUK KPUCTAIJIOB C pa3HO0Opa3HbIMU KOHpUTypalusimMu nedeKToB.
PazpaboTaHHBIN METO SIBASIETCS MHTEPIPETUPYEMBIM U MOKET OBITH MCITOJTh30BaH
OJis TeHepaluuu KoHurypanui gedekToB ¢ 3aJlaHHBIMU CBOMCTBAMHU U B APYTHUX
OBYMEPHBIX 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 107 (-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. ApxutekTtypa "TpaHcopMep” o1 aHaJIM3a PHCKOB
I'PYIIIOBOIO BIIUSIHUSI HYTPHUEHTOB ITHIIH

Bbaaanouna A.H.%, I'py30es 6.B*, Casgesnves H.A.?2, bydakaH 4.C.*, Kucuav C.H.3,
I'paues E.A.2

(1) ®uzuueckuit pakynbreT MI'Y umenu M.B.JlomoHocoBa; (2) [TAO “BrimiiennkoM” (B
riepuon paboThl Hap nybnukanuei) (3) MHCTUTYT PyCCKOTO S3bIKa U KyIbTyphl MI'Y
vMeHu M.B.JIomMoOHOCOBa.

B mepuIiiuHe KpaiiHe BaXXHO YUUTHIBAaTh KOHTEKCT IIPU BHICTaBJIEHUM AuarHo3a
nanyeHTa. OOUH U TOT JKe IIoKa3aTeJslb B Pa3JIMYHOM KOHTEKCTe MOXKeT O3Ha4daTh
Oo4YeHb pa3Hble Belu. HelipoceTeBble MOIeM, OCHOBaHHbLIE HA apXUTEKType
TpaHcdopmepa, He TPUMEHSIIUCH PaHee B aHAIN3€e QUETOJIOTUYECKUX TaHHBIX
aHaMHE30B MMallMeHTOB C ITOJ03PEeHNEM Ha Haluudre y HUX MeTab0oIudecKoro
cuHOpoMa. BMecTe ¢ TeM, OCHOBHBIE IIJTIOCH 9TUX apXUTEKTYP, TaKUe KakK y4eT
r1o6aabHOTO KOHTEKCTA, METOOH MHTEPIPETALIMY BECOB BHUMAHWUSI, TIOJTyYEeHU S
“H(POPMATHUBHBIX BEKTOPOB 37IEMEHTOB BXOOHOM ITOCIIENOBATEIbHOCTH, KOTOPHIE



MOTYT OBITH 3aTeM 3(PHEeKTUBHO UCIIOIb30BaHbI B MPUKIAOHBIX 3aadaXx — KpaiiHe
Ba’KHBI KaK pa3 B aHa/ln3e OMOMEOUIIMHCKUX HaHHBIX. CIOCOOHOCTh MeXaHU3Ma
attention BHISIBISATL MHOTO(GAKTOPHBIE CBSI3U OA€T BO3MOXKHOCTh 3KOHOMUTDL BPEMSI
Bpaya " aKIleHTUPOBATh €ro BHUMaHVe Ha OIpeesIeHHBIX, BEISIBJIEHHBIX HEVUPOHHOU
CeThlo, TTaTTepHax. B manHoi paboTe Encoder Transformer Gbl1 aganTUpPOBaH IO
paboTy ¢ TaOMUYHBIMYU TAaHHLIMU U IPUMEHEH Ha JaHHBIX aHaMHEe30B ITallueHTOB U UX
OVETOJIOTUYECKON UCTOPUH OIS KilaCCUPUKAIIMY HaTU4Us U UCTOYHUKOB
MeTabonuyecKux HapylneHuni. McciemoBaHus M0 IMPUMEHEHUIO apPXUTEKTYPHI
TpaHcopMepa Ha TaOMMYHBIX JAaHHLIX B 0OIIIEM U OUETOJIOTUYECKUX JaHHBIX B
YaCTHOCTU UMeIOT OO0JIbIIION MoTeHIIMal. B qanHoM paboTe OB OTyYeH pe3yabTar,
CKOpPpPEeUPOBAHHLIN C U3BECTHRIMU MEOUIIMHCKUMU pPe3yabTaTaMu, U ObLIIIN
pa3paboTaHbl HOBEIE METOOBI ITpUMeHeHUs attention Ha TaONMUYHBIX DAaHHBIX, @ TaK¥XKe
HOBBIE METONBI BEKTOPHU3aLUU STUX JaHHBIX.

68. MeTog cerMeHTAallMH 0YaroB OIyX0JIEBOI'0 NMOPazkKeHHusI Ijia3a
PETHHOO/IAaCTOMOM HAa OCHOBE I'/Iy0OKOI0 O0OyUYeHHsT

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

Hcnonb30BaHUEe UCKYCCTBEHHEIX HEUPOHHEIX ceTell (MHC) B 3ajayax [UarHOCTUKHA
3a00IeBaHUM Ha OCHOBE aHaJi3a MEeOUIIMHCKUX U300paKeHU pa3IUudHbEIX TOMEHOB
He TOJIbKO aBTOMAaTU3UPYeT PYTUHHBIE 3aay¥ KJIMHUIIMCTOB 3@ CUET YMEHbBIIEHUS
BpeMeHU 00paboTKu n300paxKeHu, HO U ABISETCS OOHOU U3 OTJIMYUTENbHEIX YEPT
napagurmel 3gpaBooxpaHeHue 5.0. ABTOMaTU4YeCKUM aHaIu3 CHUMKOB C IIOMOIIIBIO
WHC BHenpéH B oOaBasionieM OOJIBIINHCTBE 001acTell MEeOUIIUHEI (CHUMKU JTy4€eBOU
OUaArHOCTUKY, CHUMKM KOXKHBIX IIOKPOBOB U T.A.). OOgHOU U3 0061acTell MEOUIINHEI, TOe
BHeJIPeHNe NPOoOyKToB Ha ocHOBe MHC nis guarHoCTUKM 3a00JieBaHUU OCTAETCS
KpalHe HU3KUU ABJIsIeTCS opranbMonorusa. PeturobnacToMa ABISETCSI PEOKOU
3JI0Ka4YeCTBEHHOU OIIyXO0JIbI0, BO3HUKAIOIIEN U3 KJIeTOK ceT4aTKU. B romasnisioniem
OOBIITMHCTBE CIIydyaeB BO3HUKAET B paHHEM AeTCKOM Bo3pacTe. M3-3a cBoel penkou
BCTPEYaeMOCTH OIyXOJIb CJIOKHOANArHOCTUPyeMa 0COOEHHO B YCIIOBUSIX
y4pexXOeHUN IIePBUYHOI0 3BeHa 30paBooxpaHeHusi. OCHOBHEIM METOOB
OUArHOCTUKY SABISETCSI OPTAIbMOCKOIINSA U aHAIN3 PETUHAJIbHBIX CHUMKOB.
Hcnonb3oBaHue riiy00KOro o0ydeHUs: MOXKeT IOMOYb B AUArHOCTUKE U
cTagupoBaHuU 3ab0jieBaHUSA, 0OCOOEHHO Ha paHHUX CTaAuAX, KOra YaCTUYHO
COXpaHUTh 3PEHUE eIl TIPeACTaBIIeTCs BO3MOKHLIM. B paboTe nmpeacTaBieH METO
CerMeHTallu¥ y4aCTKOB OIIYX0JIEBOTO MOPaXKeHHUs Ijla3a Ha OCHOBE MCIOJIb30BaHUA
HMHC U-Net-tomo6HOM apXUTEKTYPHl. [IpUBOOUTCS MOIHBIM IIpoIecC pa3paboTKu
raimnaHa OT Co3MaHus cCOOCTBEHHOTO Habopa JaHHBIX A0 IPOBEPKU pabOTH CEeTU Ha
TEeCTOBBIX JaHHBIX. OlleHKa KadeCTBa CerMeHTallul IPOU3BOOUIIACh C
KCII0JIb30BaHWeM 3HaueHUuU MeTpuK IoU u DSC. KoppeKTHOCTE CerMeHTalumn
olleHeHa C IOMOIIbI0 MeTona OOBSICHUTEIHHOTO UCKYCCTBEHHOTO UHTeNnekTa Grad-
CAM. PaccmaTpuBaroTCsI BO3MOXKHOCTHY COBEPIIEHCTBOBAHUA MeTOLa B YCIIOBUAX
HU3KOU JOCTYITHOCTU 00y4YamIlIuX JaHHBIX. PaboTa BEIIOJTHEHA B paMKax
roCyZapCTBEHHOTO 3aaHus MUHUCTEPCTBA HAyKU U BHICIIEr0 0Opa30BaHUA
Poccuiickoii ®epgepannu (Tema Ne FEEM-2024-0014 IMpuMeHeHNe 00BSICHUTEILHOTO
HCKYCCTBEHHOTI'0 UHTEJUIEKTa [IJIsI UHTepIpeTalluu aJITOPUTMOB MAIlIUHHOTO
o0yueHus).



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
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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
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 TA. (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
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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
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. AcTpodpHn3MKa YaCTHIl U aHAJIU3 IKCIEPHMEHTA/IbHBIX TaHHBIX

JI.Ky3vmuues (1)

(1) HUHUA® MI'y

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

Gadzhiev 1.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,
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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
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 ri1y00OKOro o0y4yeHHusi Ajisi IOCTPOEHHUSI BUPTYa/IbHBIX
OATYUKOB TEXHOJIOTHYECKHX IIPOoIecCcoB HedTenepepadoTKu

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

(1) MT'Y umenu JIomoHOCOBa

B HacTosiIIee BpeMsi, B CBSA3U C PA3BUTHUEM CHUCTEM aBTOMATUYECKOTO U
aBTOMATH3UPOBAHHOTO yIIPABJIEHUsI, IPEONPUATHS HaKalJIMBaOT O0JIbIINEe 00 HEMBI
NAHHBIX O COCTOSSHUU TEXHOJIOTHYECKHUX ITPOIlecCcoB. MHOXKeCcTBa GU3NIECKUX
OATYMKOB (PUKCHUPYIOT COCTOSIHHUE CUCTEMBI B KaXKIBI MOMEHT BPEMEHH, TEM CaMbIM
OTBedYas 3a yIpaBjeHUe CUCTEMOU U OONEPXKKY €€ TapaMeTPOB B HOIIYCTUMBIX
npenenax. OMHOBPEMEHHO C 9TUM, 3HAUYUTEJIbHYI0 YaCTh KAYeCTBEHHBIX
XapaKTEePUCTUK TAKUX MPOIECCOB, B 0COOEHHOCTH, CBSI3AHHBIX C HEPTEXUMUIECKOHU
IIPOMHIIIIJIEHHOCTHIO, COCTABIIAIOT JabopaTOpHLIe UCCllenoBaHus. Takue
HCCJIEIOBAHUS MPOBOISITCS C HEPETYIIIPHOM YacTOTOM — CYIIeCTBYIOIINE Ha
IIPAKTUKE CPECTBA UX WHTEPHIOJISIIIUY OCHOBAHHI Ha JINHEWHBIX UJTH K€ KyCOYHO-
TIOCTOSTHHBIX UHTEPIIpeTauusax. MaTeMaTudeckue Moaenu, o6o0Iaomnie
sabopaToOpHEIE UCCIeN0BaHUS Ha YaCTOTY, COOTBETCTBYIOUIYIO GU3NUECKUM
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maTymkaM OymeM Ha3blBaTh BUPTYalbHBIMU JaTYyMKaMu. TakuM oOpa3om,
rccienyeMas B paboTe 3afjava MPOTHO3UPOBAHUS BUPTYaJIbHBIX IaTYUKOB, TO €CTh
IIOJIyYEeHU ST XUMUYEeCKHUX ITOKa3aTesel IPOU3BOACTBEHHOIO IIPOIlecca B PeaJlbHOM
BPEeMEHM Ha OCHOBE 3Ha4YeHUU (PU3NYECKUX HAaTYUKOB SIBJISIETCSI aKTyaJIbHOU. ABTOPEBI
rcciienyoT Habop JaHHBIX, COOTBETCTBYIOUINYM HedTernepepabaThiBalonlell yCTaHOBKE,
copgepzxkatuit okoso 10,000 nokazanuit 300 pu3nYECKUX IaTYUKOB, COOMPaAEMBIX C
yacToTou 1 yac, ogHaKO COOTBETCTBYIOIIHE TabopaTOPHbIE UCCIIEIOBaHUS
cocTaBisaioT Habop Bcero B 300 moka3laHui, COOMpPaeMbIX C HaCTOTOM OKOJIO CYTOK.
CoOTBETCTBEHHO, BO3HUKAET HECKOJIBKO 3a7iay, CBSI3aHHBIX C BEICOKOU Pa3MepPHOCTHIO
BXO/IOB, Pa3peKEeHHOCTHIO 1 B I[€JIOM HEOOJIBIIINM YUCIOM MOKa3aHUM 11eJIeBOM
IIepeMeHHOH, a caMa 3afjlada IPOTHO3UPOBaHus 1abopaTOPHBIX UCCIeOOBaHUM
COEepPIKUT TTofA3aavdy alnpoKCcuMaluu. ABTopaMu OBIJIN IIPeNJIoKeHbl HECKOJIBKO
TIOAXOA0B, OOBEIMHSIONINX 3alaYy MPOTHO3a U 3al0JITHEHUS IIPOITYyCKOB I
MOAEeIMPOBaHus J1abopaTOPHBIX UCCIedOBaHUN. Bl paccMOTpPeHEl METOALI 0TOOPA
IIPU3HAKOB Ha oCHOBe PLS perpeccuu (nepapxudyeckas KjiacTepusalus),
rpagueHTHOTO OyCTHHTA, mepeBheB balieca, rpadoBoii HEMPOHHOU ceTu, 6a30BLIE
MeTonsl B Bue Lasso u koppenauuii. KaxXaplii U3 IpeaiokeHHBIX METOO0B 0TOOpa
OBITT aganTUPOBaH AJII BO3MOXKHOCTU YUUTHEIBATh 9KCIIEPTHOE MHEHUE CIIEIIUAJIICTOB
obnactu. Brinu npenmoxkeHbl METOOL TPOTHO3UPOBAHUS Tab0pPaTOPHBIX
HCCJIeqOBaHUU Ha OCHOBe rpadoBBIX HEMPOCETEN, TeHePaTUBHBIX IIOX00B,
IIOJIHOCBSI3HBIX U PEKYPPEHTHEIX CeTeM, PAaCCMOTPEHEI MHTEPIIOJISAUU OTKIIUKA C
KCII0JIb30BaHKWEeM Loess U CIIJIaHOB, a TaKXKe BapuaHT peryiasapu3aliniy,
YYUTHIBAIOIIEN KOPPEJALNIO C OTKIUKOM. [TolmydyeHHBIe aBTOpaMu
9KCIIepUMEeHTalIbHbIE Pe3yIbTaThl IIOKA3bIBAIOT IIPEUMYIIECTBO UCIIOIH30BaHUS OIS
OaHHOU 3ajayH IIPOCTHIX PEKYPPEHTHHIX ceTel, rpadOBLIX HEMPOCETEH C
IIpeaBapuTeIbHON MHTEPIIONAIuel, oTOopa IMPU3HAKOB Ha OCHOBe JepeBbeB baetica.
OTHenbHO CTOUT OTMETUTh HEOMHO3HAYHOCTh OIIeHKM KadeCTBa MOJIyYeHHBIX
MopeJiel; aBTopaMu OBl TPEeI0KeH KOMOMHNPOBAHHBIM TOAX0[, VUYUTHIBAIOIINHI
aJeKBaTHOCTh MOMEJIH, KOPPENSIIUIO €€ C UCTUHHBIMU 3HAUYEHUSIMU 1abopaTopuu U
CTaHOAPTHBIE OITUOKMU.

37. HerpoHHBIE OonmepaTopsl IJIsi THAPOIHHAMHYECKOT 0
MOJe/IMPOBAaHHUSs MOO3eMHBIX XpaHWIHII ra3a (IIXI)

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

3HauuTeJIbHAS YaCTh UCCIeNOoBaHUl B 00J1acTu Irity00KOT0 00y4eHUsI COCpeoToYeHa
Ha U3Y4YEeHUU OTOOpaKeHUM MexKay KOHEUYHOMEPHBIMHU ITPOCTPaHCTBaMu. BMmecTe c
TeM TUOPOOUHaMHUYeCcKue Imponecch unbTpanuu ra3a B [1XIT', onuckiBaeMbie
nuddepeHIManbHBIMU YPaBHEHUSI MU B YaCTHHIX MPOou3BOAHLIX ([IYYIT), TpebyioT
U3y4YeHUsI 0ToOpakeHu MexXny GyHKIIMOHATbHLIMHU IIPOCTPAaHCTBaMU O€CKOHEUHOMU
pPa3sMepHOCTH, YTO OT/IMYAET JaHHYIO 3aJjady OT TPAaOUIIMOHHKEIX. B HacTosIlee BpeMs
TTOAXOABI M METOHBI I'JIyOOKOTO 00y4YeHMsI aKTUBHO PAa3BUBAIOTCS U BCe dallle
OOCTUTAIOT BBICOKOM TOYHOCTHU B PA3/IMYHBIX 3aJadaxX YHUCIE€HHOT0 MOOeINpPOBaHUs.
OmHUM U3 IEePCHEeKTUBHLIX IOAXOO0B SIBISETCSA IOCTPOEHNE HEUPOHHEIX OIIepaTOpPOoB
- 0000111eHEe HEMPOHHBIX CETEM IJII allllPOKCUMAIINU 0TOOpaKeHu MexXay
(pyHKUIMOHaNMLHBIMU ITPOCTPAHCTBaMU. B maHHOM paboTe OBIJI TOCTPOEH U 00y4deH
onepaTtop ®Pypre c nobasnernueM ciaoeB U-Net (U-FNO) gmnst rugpoguHaMU4eCKOT o



MO eNTUPOBaHUs npoiieccoB punbrpamnuu ra3a B [IXI'. BoepBrie MoKa3aHO, YTO
OaHHBIA METO[ MOXKeT OBITh ITPUMEHEH He TOIbKO [JIs 3ajlay MOAeTUPOBaHUS
¢bunbTpanum ra3a B MUIMHOPUIYECKOM CUCTEME KOOPOAUWHAT C OOHOW CKBAXKMHOMU, HO U
OJis 3aJad TpexXMepHOoU QuiIbTpalyuy ra3da B JeKapTOBOM CUCTEMe KOOPAUHAT C
MHOK€ECTBOM CKBaXuH. [Ip1 9TOM HEMPOHHOMY OIlepaTopy He TpebyeTcs: 6OJbIION
pa3mep oOyuaroIleil BHIOOPKU [JIs JOCTUXKEHUSI TpeOyeMoro KauecTBa
annpokcuMauuu JYYII, 4To feMOHCTPUPYETCS He TOJIbKO Ha TECTOBOM BHIOOPKE, HO
¥ Ha UCKYCCTBEHHO CT€HEPHUPOBAHHLIX CLIeHAPUAX C BHECEHUEM CYyIIeCTBEHHBIX
M3MEeHEHUU B CTPYKTYPY MOOETUPYeEMOro 00beKTa.

46. Moaeab MallIHHHOT O O0OYy4YeHMsI Ha TayCCOBCKHX MpoIleccax
IJISI IpedcKa3aHUus 9HEeProOBLIJEe/IeHHUSI B TOIIMBHBIX siYeHKaX
AKTHBHOM 30HBI HCCJIEIOBATE/IbCKOI'0 SIT€ePHOI0 peakTopa

H.B.CmoavHukos (1), A.I''HatimywuH (1), U.H.JTlebedes (1), M.H.AHukuH (1)
(1) HaumoHanbHBIM HCCIeOOBaTEIbCKUY TOMCKUY ITOJIMTEXHUYECKUNU YHUBEPCUTET

Brnarogapss KOMIAaKTHBIM pa3MepaM aKTUBHOM 30HHBI U OOJIBIIIOMY KOITUYECTBY
SKCIEePUMEHTAIbHBIX YCTPOUCTB UCCIIegoBaTeNIbCKUe AnepHble YcTaHoBKU (UAY)
HaIJIM ITXPOKOEe IIPpUMEHEeHUe OJIs ITPOoBedeHus pyHaaMeHTalIbHbIX U IPUKIagHbBIX
HCCJIeDOBaHUM (PU3UKU TBEPZOTO Tejla, HEUTPOHHOTO pacCCessHUs, IPOU3BOACTBA
M30TONOB, MaTepualoBedeHUsa U MeOULIMHLI. Majsble pa3Mep aKTUBHOU 30HBI U
JyacTU4YHas leperpys3kKa TOIJIMBa, IPU KOTOPOU IIPOUCXOOUT 3aMeHa TOJIBKO
HanboJlee BEITOPEBIINX TEMJIOBLIAEeNsonnx c6opok (TBC), aBnsiioTCS MpUuYNHaAMU
(popMUpOBaHUSA YyY4aCTKOB C BELICOKOM HEOOHOPOOHOCTHIO pacupeneieHus U3JIy4YeHus.
Kak pe3sysnbsTaT, IPOUCXOOUT IIepepaclpeesieHre 3HEeProBeIAeIeHUs 110 TOIIJIMNBHEIM
siyerKaM, 4TO OKa3bIBaeT BIUsSIHME Ha 9P(PEeKTUBHOCTH UCIIOIb30BaHUS TOMNJINBA U
YCJIOBUS IIPOBENEHUSI HayYHBIX ¥ IPOU3BOACTBEHHEIX paboT. Bomee TOro, B yCI0BUSAX,
KOT'[a TeIUIOBHIIENISIIINe 3JIeMeHTH paboTaloT IpyU HeOOJIBIIIOM 3anace 0 Kpu3uca
TemJI000MeHa, BEICOKasi HEOOHOPOOHOCTh U3JTyYeHUsI MOXKET CTaTh IIPUYMHOU
orpannyeHus skcmayatauuu TBC. BeipaBHMBaHNMEe HEPABHOMEPHOCTUA
pacipenesieHus SHEPTOBLIIeJIeHUS B aKTUBHOU 30HE UCCIJIe0BAaTEIbCKOI0 peaKkTopa,
KakK IIPaBUJIO, OCYIIECTBIISAETCS 3a CYET IIepPeCTaHOBOK «CBexux» TBC oT leHTpa K
nepudepun. OgHaKO, ITIOATOTOBKA K Mpolleaype npodunupoBaHus TpedyeT
onpenesieHUs XapaKTePUCTUK aKTUBHOU 30HHBI [JI KaXKA0ro 11ara mnpu
IepecTaHOBKaX, YTO OCYILIECTBISAETCSI Ha OCHOBE PECYpPCO3aTPaTHOIO0 paCYeTHOI 0
MOMOEJIMPOBaHMS ITPOIIECCOB ITepeHoca U3JIydyeHus u 6ajaHca HEUTPOHOB. B
HacTosIed paboTe IIPeaiokKeH MOAX0/ K MCITOJIb30BaHUIO MOIENTH MAIlIMHHOT O
00y4eHUsI Ha rayCCOBCKHUX IIpolieccax OJid IPOTHO3UPOBAHUS SHEPTOBhIIEIEHUS B
reTepOreHHOU CTPYKTYype sIHePHOTr0 peakKTopa. TO IIO3BOJIUT OlleHUBATh U3MEHEHUA
ITapaMeTpPOB 3HEPTOBLIAEJIEHUS B TOIIIMBHLIX siueliKax 0e3 MpoBeIeHUsT
MOAeNMpoBaHusi. Mogesnb obydyasach Ha OCHOBE XapaKTEPUCTUK aKTUBHOM 30HBI OJIS
Pa3/IUYHBIX TOIIJIMBHBIX KaMIIaHUM peaKTopa C IIPpUMeHeHrueM Kpocc-Banugauuu. [1o
pe3ynbTaTaM O00y4YeHUS U HaCTPOUKHU 00Illass TOYHOCTb PabOTHl MOOENH 10
KO3hGUIIUeHTy geTepMuHanuu coctasuinia 0.99.

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



Aoicoeun KoHncmanmuH 30yapdosud (1), IllesueHko Muxaua I'enHadvesuu (1),
IIlepbaHb HM2opv Bacuavesud (1)

(1) FOxnubBIN DemepanbHBI YHUBEPCUTET, I'. PocToB-Ha-IloHy, Poccus.

MOHUTOPUHT COCTOSTHUS OIIEePATOPOB OTBETCTBEHHBIX TEXHOJIOTUYECKUX IIPOLIECCOB
HUTpaeT KIIYEBYIO POJib B o0ecnedyeHUU 0€30acHOCTU U 3¢ GHEKTUBHOU
3KCIIyaTalluU CJIOXKHBEIX TEXHUYECKUX CUCTeM B LiejioM. CBOEBpeMeHHOe
oOHapyzKeHUe yCTaJlOCTH, CTpecca UJIX MOHOTOHUH 4YeJIOBeKa-oepaTopa nomMoraeT
IIPEeIOTBPATUTh BO3MOJKHEIE IPOUCIIECTBUS U 00eclieunBaeT rapaHTUPOBaHHOE
BBITIOJTHEHME BaXKHBIX 3a7a4. [IJ1s1 pelreHus npobieMbl MOHUTOPUHTA
IIepeYmnCIIEeHHbIX (PU3U0TIOTUUYEeCKUX IPOLIECCOB, a TaKKe IIPOTHO3a
(GyHKIIMOHATLHOTO COCTOSTHUS OIllepaTopa Iie1eco00pa3HbIM SIBJISETCS
HCII0Ib30BaHNe MOPTAaTUBHBIX NHTeP(dercoB Mo3r-KoMnbioTep (MMK). F'apHUTYDH
Takux UMK uMelT TOJILKO JIUIIb YeThIPe-BOCEMbB 3JIEKTPOOOB [OJISI pETUCTPaLnuuU
sneKTposHIedanorpamMmel (331°) Mo3ra YenoBeKa, OCHAIIEHL CPpeCTBaMU
0eCcIIpOBOOHOM CBSA3U C MUHUATIOPHBIMY BEIYUCIIUTENSIMU, 3PTOHOMUYHEL U HE
MeIIaloT OIepaToPy BBIIOIHATH TPYOOBEIe QYHKIMHU. TeM He MeHee, UCIIOJIb30BaHUe
COKpAIIleHHOT'0 YH1cia oTBemeHui DI He M0o3BOoJIIeT 00eCIIeYnuTh MOJTHOLIEHHBIH
aHanmu3 OM03IEeKTPUYECKON aKTUBHOCTU MO3Ta, @ PETUCTPUPYEeMble CUTHAIIbI
3allyMJIeHHl BCJIEACTBUE OABUTATEIbHOU U UOIEOMOTOPHOM aKTUBHOCTHU YeJIOBEKa-
orepaTopa IIPU BHITIOJTHEHUY UM TEKYINUX QYHKIITMOHAILHBIX 00513aHHOCTEM, ero
MYCKYJIbHOM aKTUBHOCTH WUJIM TJIa3HBIX OBUKEeHUU. [IomoOHbIe TPOOIeMbl He
IO3BOJIAIOT 00ecrednuTsh 3¢ PEeKTUBHOE UCIOJIb30BaHUE TEXHOJIOTUY ITOPTAaTUBHBIX
WMK psiss MOHUTOPUHTA COCTOSTHUS YelI0BEKa B HacTosIlee BpeMsi. PadpaboTan
aJITOPUTM IIPOTHO3a YCTAJIOCTU YeJIOBeKa Ha OCHOBE perucrpanuu Curaanaos 331 oT
YyeThIpeX oTBedeHul nopratuBHoro MMK. AnroputMm paboTocnocoOeH B YCIIOBUSX
gerpafalnyy CUCTEMBI HaOMOOeHUs 0M03/IeKTPUYeCKOM aKTUBHOCTHU MO3Ta, a TaKXKe
“MeeT CBOMCTBa poOACTHOCTH K apTedaKTaM OBUTATEJIbHOU U UOEOMOTOPHOMI
aKTMBHOCTHY, MOPTaHUU U TJIa3HBIX ABUXKEHUM. 3a CYET IIPUMEHEHUS HETIPEPBIBHOT'O
BeliBneT-npeobpa3oBanus (HBII) K peructpupyeMbIM curdanam 33T BBEIIIOTHSIETCA
Iepexop B 4aCTOTHO-BPEMEHHOU KOHTUHYYM. 30biTouHOoCTh HBII mo3Bossiet
OILIeHWBATh JIOKAJIN30BaHHbIE 9HEPreTHUYECKNEe XapaKTePUCTUKHA BPEMEHHOT0 psifia H,
TaKuM 00pa3oM, IOJTHOLIEHHO BHISABIATE CTPYKTYPY CUTHAJa U JeTEKTUPOBATh
IIIyMOBBIE IaTTEPHEBIL. TakK KakK 3HepreTu4eCKuM BKJIa[ naTTepHa IIyMOBOT O
apTedakTa onpeaeseHHON IPUPOALl KOHIIEHTPUPYETCS BOKPYT HEKOTOPOTO YPOBHS
HBII-pa3noxeHusa curHasa, TO CIIeKTpaJIbHbIE COCTaBJISIOIINE PaCIpPenesIssioTCs 0
YacTOTaM HepPaBHOMEPHO, U BEHUBJIET-9HTPOIINS B YaCTOTHOM OHAlla30He MATTepHa
[IpUHUMaeT HU3KO0E 3HaUYeHUe. 3a CYeT UCKJIIOYEHUA U3 PaCCMOTPEHUS TeX
4aCTOTHHIX guarna3oHoB HBII currasna, KOTopele 3allyMJIeHbl IaTTEPHaMU LIIyMOBBIX
apTedakToB, obecneyrBaeTCs BhIIIIe Ha3BaHHOE CBOMCTBO POOACTHOCTU aJirOpPUTMa.
MOHUTOPUHT yCTAJIOCTU YeJIOBeKa BHIIIOJIHAETCS Ha OCHOBE aHaiu3a [I0BeNeHUus
byHKUIMYU r106anbHOTO CIIEKTPa 9HEPTUH IS BRIOPaHHOT0 YaCTOTHOTO Auarna3oHa
curtana O30l Ha nHTepBase HabmomeHuii. CHUXKeHHe 9TOro PyHKIIMOHAIbHOTO
IapaMeTpa CBUOETEIbCTBYET O HAKOIJIEHUU YCTAJIOCTH. [1Jig peleHus 3agadu
IIPOrHO3a YCTaJIOCTU UCIIOJIb3YETCA MOAEIb HEMPOHHOU MepapXnu4ecKoun
nHTepnonsnuu N-HiTS. B ornuuue ot 6mu3kon monenu N-BEATS, BriOpaHHas
Mopenb obecreunBaeT 3¢ GHEKTUBHBIN ITPOTHO3 Ha BapUATHUBHBIX BPEMEHHBIX
MacIiTabax. B KauecTBe JUCKPUMHUHATUBHLIX IPU3HAKOB MCIIOJIL3YIOTCS 3HAaYEHUS
CKaJiorpaMM B TeX YaCTOTHBIX JUAala30HOB, TIe BEeUBIET-9HTPOIIUS Ha UHTEpBaJje



BpeMeHHn MHUHHUMAaJIbHA.

55. AITOpHTM KJIaCCH(PHKAIIMHA MPEMOTOPHBIX MIOTEHIIUAJIOB IO
CHUTHaJTy 9JIEKTPOo3HIedaTorpaMMbI I/Isi HEHPOPEaOH/IUTAIIHH C
MMOMOIIBLI0 HHTepdelca «<MO3r-KOMILIOTEP» 3aMKHYTOI'0 ITHK/Ia

Caesckulti A.U. (1), Illenenes HU.E. (1), IllepbaHb HU.B. (1)
(1) FOx#ubBIN hegepanbHBIN YHUBEPCUTET

B TeueHuUe nocaeqHUX OECATUIIETUN aKTUBHO Pa3BUBAIOTCs TaK Ha3blBaeMble
nHTepdelch «Mo3r-komnbioTep» (MMK). UMK npencraBnsieT u3 cebst CUCTEMY, B
KOTOPOU CUTHaJIbl aKTUBHOCTH MO3Tra CYMTHIBAIOTCS METOAaMU 3JIeKTPOPU3UO0JIOTHUH,
TIOCJIe Yero IoABEPralTCs aBTOMaTU3UPOBaHHOM 00paboTKe MJid KOHBEPTAIIUU B
YeTKYyI0 KOMaHOy ynpaBneHus. [TociegHee 3BeHO TaKUX CUCTEM SIBIIIeTCS Haubosiee
TTPo0JIeMHOM YaCThiO B CBSI3U C HECTALIMOHAPHOCTHIO CUYUTHIBAEMBIX OMOJIOTUYECKUX
CUT'HAJIOB, KOTOpas YCJIOXHSAET YCTOMUYUBOE U TOYHOE IeKOogupoBaHue. B cBsA3U C
3TUM pa3paboTKa yCTOMYUBHEIX METOOOB 00pabOTKM U KilacCu(pUKAIIUN CUTHAJIOB,
4yale Bcero sHiledanorpaMmel (3317), nnsa ulBnedeHuss KomaHpg ynpasnenuss UMK
SIBJISI€TCS KpalWHe aKTyaJIbHOU 3afaveu. BHyTpu 3TOM 3aa4yu TaKXKe CYIeCTBYEeT
Oosee y3Kasi, CBI3aHHAas C AoJjiei nHGOPMaTUBHOTIO CUTHAJIa B 00pabaThiBaeMbIX
CerMeHTax: OHa MOXKeT OBLITh Majia, a B ClIlydae MaJlol BHIPAXKEHHOCTH 11eJIEBBIX
IMaTTEPHOB OHU MOTYT IIPOCTO 3aTePSAThCS B (OHOBOM CUTHAJle M3-3a Irpyoou
pa3MeTKHU BEHIOOPKU. B manHOM paboTe mpemiaraeTcs MOAX0M OIS PellleHus
BBHIIIIEYKa3aHHBIX 3aflay Ha IIpuMepe KilacCupUuKaluy IPeMOTOPHBIX IOTEHIINAJIOB,
OCHOBAHHLIM Ha IIPUMEHEHUU TaKOW MOJeIM MAIlIMHHOTO 00y4YeHUsI KaK TMHENHBIN
OVUCKPUMHUHAHTHBIM aHanu3s (JIJA) K mocinemgoBaTeIbHOMY BBHIIEJIEHUIO
MHOOPMATHUBHBIX COCTABJISIONINX B HaCTOTHON U BPEMEHHBIX 00/1acTax. [IepBbIil aTan
3aKJII0YaeTcs B IOMCKe OJIst KaXKOoTo 1eieBoro nBuxeHus JIIJA-mpeobpa3oBaHus
BLIOOPKM Ha OCHOBE CIEKTPaJIbHBIX MOIIHOCTEM KJIaCCUYECKUX YaCTOTHHIX
OuaasoHOB MHOTOKaHa/lIbHOro I3 curHasma, COCTaBI€HHOU U3 IPUMEPOB 3TOTO
OBUXKEeHUM 1 POHOBOTO CUTHAaNa. B pe3ynbTaTe momydaeTcsi CTONBKO ke JITTA-
KOMIIOHEHT, CKOJIbKO OBIJIO I1eJIEBBIX ABUXKEHMM, B HallleM CJIy4dae OBa - OBUXKEHUS
IIPaBOM U JIEBOM pyKaMM, TO €CTh KOMIIAKTHO IIpeAcTaBjieHa HHPOpMaLnsi U3
YaCTOTHOM 00JIaCTH CUTHaJIa 3a CYEeT IIOHUKEHHUS Pa3MEepPHOCTH C MOMOIIb0 JITTA.
[ manbHeMIero BeOeIeHUsT UHPOPMaIluM B YaCTOTHOM 00/1acTu IpeajiaraeTcs
Hape3aTh CUTHAJ KaXKAoro OBUXKEHUS M aHaJIOTUYHOTIO I10 AJIuHe ()OHOBOT'O CUTHAJIa
Ha IlepeceKkammecs KopoTkue cermeHTH OT 250 go 750 mc. Ha KaXXKgoM KOPOTKOM
CETrMEeHTEe PaCCYUTHIBAIOTCS MPU3HAKU, IIOCJIe Yero CO3/aeTcCsl BHIOOPKa U3 Pa3HOCTEU
ITPU3HAKOB (poHa U OBUKEeHUS (Kjacc 1) ¥ pa3HBIX CerMeHTOB (DOHA MeXKIy co00H
(kmacc 0). CTon6url JaHHOM BHIOOPKY COOTBETCTBYIOT UAEHTUYHBIM BpEMEHHBIM
cerMeHTaM, II09TOMY Ha JaHHOM BEIOOPKE MOXXHO 00yuuTh JIITA (B HallleM ciydae 2-
KOMITOHEHTYIO0) OJIs IIOHUXKEHUSI Pa3MEPHOCTH, YTO B pe3yJIibTaTe CXKaTo OyaeT
IIPeACTaBasITh UHPOPMAIUIO U3 BpeMeHHOoM ob6nacTtu. TakuM oO0pa30oM, JaHHBIM II1ar,
110 CyTH, TIPEeACTaBIIsgeT U3 cebs MOMyIsIpPHYI0 B 00JIJaCTU MalllMHHOTO 00y4YeHus
ayrMeHTallui0 JaHHBIX C ITOCJIeAYIOIINM ITOHUKEHNEM Pa3MEPHOCTH C IIOMOIIBLIO
JIOA. [1711 OKOHYAaTeJIbHOU KIaCCu(UKALMU 110 TAKOMY CXKaTOMY IPU3HAKOBOMY
IIPOCTPAHCTBY IIPUMEHEHAa TaKasl MOJiellb MalllMHHOTO0 00y4YeHUus KaK JTOTHCTUYeCcKas
perpeccusi. [IpuBeneHbl pe3yabTaThl CPAaBHEHUS KadyecTBa pabOTH aJirOpUTMa B
HECKOJIbKUX BapHuallusax Ha OCHOBE NPU3HAKOB Pa3HOU IMIPUPOAH! (CIIeKTpalbHbIE



MOIITHOCTH, ITapaMeTprl FOpTa, MeXKaHaJIbHEIE KOPPEIANU) C TPagullMOHHEIM
IIOXOZIOM Ha OCHOBE OOIIMX MPOCTPAHCTBEHHBIX NATTEPHOB U TUHENHOTO
KjlaccudurkaTopa, 94aCcTO NUCIOJIb3YEMEIM B MUPOBBIX UCCIIEJOBAHUSIX, @ TAKXKeE MEXKAY
coboti. [Toka3zaHO, YTO yXKe IePBLIN 9Tal ¢ NTpeoOdpa30BaHUSIMHU B YaCTOTHOM 06acTu
OaeT yay4dllleHre TOYHOCTH ¢ 63.9 B TpaguIIMOHHOM moaxome A0 77.5% Ha BEIOOpKe
13 16 3KCIEepUMEHTOB Ha pa3HbIX UCHBEITyeMbIX. C mobaBneHreM BTOPOTO 3Talla C
rmpeoOpa3oBaHEM BO BpeMEeHHOM 0071aCTh TOYHOCTD IOBHIIIaeTcs o 98.8% mpu
HCIOJIb30BaHMU JTNO0 MPU3HAKOB KOPPENSIIIUY Ha cerMeHTax aiauHbl 750 Mc, mubo
napaMmeTpoB FOpTa ¢ cermernTamu 1o 500 Mc. B cpegHeM 1o pa3HbIM KOHPUTypaLUsIM
Mopersnel anuHa cermeHTa 500 Mc siBnsieTcsa HauboJiee ONTUMaNbHOU. TakKuM
006pa30M, TOMUMO IIOJTy4YEeHHOTO ITOBBIIIIEHUS METPUK TOYHOCTH, IIpejiaraeMbli
aJITOPUTM Ha OCHOBE KJIaCCUYECKUX METONOB MAIIMHHOTO 00y4YeHUS UMeeT CBOUCTBO
YCTOMYUBOCTHU K IIPEXOASIIUM IITyMy U apTedaKTaM 3a cYeT pa30UeHusI CUrHajla Ha
KOPOTKME CEeTMEHTEH], a TaKXKe pellaeT aKTyasJlbHYI0 3aJavy BhIOEJIeHU
MHOPMATUBHOMN YaCTU CUTHAJIa B CUTyallUusaX, KOra 9KCIepTHas pa3MeTKa CUrHaa
MOJKeT OBITh JIUIIL TpUMepHOU. Bonee TOro, mokasaHo, YTO IIOC/IE BCEX
nnpeoOpa30BaHUs JaHHBIE OT PA3HBIX UCHBITYEMBIX OCTAIOTCS IIOYTH IOJTHOCTHIO
JIMHEWHO pa3feIuMbl U MOT'YT OBITh Ka4EeCTBEHHO KJIaCCU(PUIIMPOBAHEL 00IIIe
MOIEJIbI0, YTO €CJIU U BCTpeYaeTCsl B MUPOBEIX, TO C PAAOM OONYIIEHUY,
TPOMO3OKUMU MOMOEJIAMU U YCTYHaKIUMU I0Ka3aTeIsIMU TOYHOCTU. [IpennoxkeHHbIN
aJITOPUTM MOZKeT OBITh MCIIOJIb30BaH [JI151 HelpopeaOuIuTauyu - BOCCTaHOBJIEHUE
yrpadeHHbIX QyHKIMYU LIHC unu [THC, B yacTHOCTH, MOTOPHBIX. [171 3TOTrO 4aie
Bcero ucnonb3dyercsas UMK 3aMKHYTOro 1iKsa, B KOTOPOM ITAIIUEHT I0JIy4YaeT
00paTHYIO CBSI3b, CUTHAJIM3UPYIOUIYIO 00 YCIIEITHOM BHIIOJTHEHUHU 11€JIEBOTO
OBUKEHUS. B ciiydae yTpadyeHHBIX MOTOPHBEIX (PYHKIVH BEIIIOJTHEHUEM [1€JIEBOTO
cTuMyJia OymeT yxKe gaxke reHepanuus B 39 mpocTpaHCTBEHHO-BPEMEHHOTO
IaTTepHa HaMepeHUs OBUKEHUS KaKOU-TN00 KOHEUYHOCTHIO (IIPEMOTOPHOTO
IIaTTepHAa), YTO MOXKeT OBITh YCIEIIHO NeTEKTUPOBAHO IIPEAJIOKEHHBIM aJITOPUTMOM.
YTo BaXHO, 3a CYET UCIOJIb30BaHUS IIPOCTHIX MOfelel MalllmMHHOTO 00y4YeHUs
IIpenJIOKEeHHBIN aJlTOPUTM MOXKET MCIOJIb30BaThCS B peXKUME pealbHOTO BpEMEHU
0e3 BrICOKHX TpeboBaHMU K IMpousBoauTenbHOCTH [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. CBepTOYHbIEe HEHPOHHBIE CETH [IJIsI CO3MaHUsI YIIePOTHOT O
(GOTOTIOMHHECIIEHTHOI O HAHOCEHCOPAa HOHOB MeTaJI/IOB

I'. Yyepeeaa (1), K. JlanmuHckut (1,2), O. CapmaHosa (1), T. ITonenko (1)

(1) ®usuueckuui pakynpreT, MI'Y um. M. B. JlomoHOCOBa, MockBa, P® (2) HUNAD
uMm.J1.B.CkobOenbisiHa, MI'Y um. M. B. JlomonocoBa, Mocksa, P®

Yrnepopusie Touku (YT) - KllacC HOIb-pa3MepPHBIX HAHOYACTUI], 00JIagaronux
CcTaOUIbHOM MHTEHCUBHOU QoTomomMmuHecHeHuel (®JI), KoTopas 3aBUCUT OT
YCJIOBUM CHMHTE3a U KpalHe UyBCTBUTEJIbHA K U3MEHEHHUIO TapaMeTPOB OKPY2KEHHUS -
TeMnepaTyphl, pH, Hanmuuus MOHOB U 6uoMakpomoiekyn [1]. Takue cBolicTBa
YTTIEPOOHBIX TOYEK OTKPHIBAIOT IIMPOKHE BO3SMOXKHOCTH UX MCIIOJIb30BaHUS B
KadeCcTBe HaHOCEHCOPOB mapaMeTpoB cpefrl [2]. Tak, akTyanbHOU 3agaden SIBISIETCS
KOHTPOJIb MOHOB TSAXKEJIIX METAJIJIOB B TEXHOJIOTUYECKUX CPefax, IPUPOOHBIX U
CTOYHBIX BoAaX. TakKo! KOHTPOJIb IoApa3dyMeBaeT MOHUTOPUHT OOHOBPEMEHHO
KOHIIEHTPAIli HECKOJILKUX KaTUOHOB MeTalloB B cpege. OMHAaKO B HaCToOsIIee
BpeMsi HaM U3BECTHHI PabOTHI, B KOTOPHIX YT MCHOIB3YIOTCS JTUIINL KaK HAHOCEHCOPHI,
MaKCHUMVYM, 2-X KaTHOHOB MeTasuioB [3]. B Takux paboTax oguH U3 ITapaMeTpoOB
(uKcupyeMbIil, a KOHIIEHTPAIINS BTOPOT'O OMPEeAesisieTCsl C IIOMOIIbI0 KaTuOPOBOYHBIX
KpuBbIX. O4EBUOHO, YTO OJISI CO3OaHUS MYyJIbTUMOOAIbHOTO HaHOCEHCOpa
He0o0X0MMO PeIllIuTh MHOTOIIapaMeTPUYeCcKy0 0OpaTHYIO 3aJlavuy JIIOMUHECIIEHTHOU
CIIEKTPOCKOIINH, YTO YCIIEITHO JOCTUTAETCS C IOMOIIbI0O UCKYCCTBEHHBIX HEMPOHHBIX
cerelt (MHC). B manHol paboTe mpeacTaBieHbl pe3yabTaThl pa3paboTKU
ONITHUYECKOTO YTIIEPOOHOT0 HAHOCEHCOPA, CIIOCOOHOTO OJHOBPEMEHHO ONPENENUTh
THUII ¥ KOHIIEHTPAIUI0 6 MOHOB B BOOHOU cpemde no cuektpaM ®JI VT. [l penieHus
yKa3aHHOU 6-TTapaMeTpudecKol 0OpaTHOM 3ajlayyl IIPUMEHSINCH Pa3IUYHbIE
apxutekTypbl MHC: mepcenTpoHbI C Pa3IU4YHBIM KOJIMYECTBOM CKPBITHIX CIIOEB U
HeupoHOB HUX, 1D u 2D cBepTouHbIE ceTH. C MOMOILBI0 IBYMEPHBIX CBEPTOYHBIX
HEWPOHHBIX CETEN yAalloCh PEIINTh 00pPaTHYIO 3adady QPOTOTIOMHUHECIIEHTHOU
CIIEKTPOCKOIINMU I10 OIIpefeIeHNI0 THUIla ¥ KOHLIEHTPallui KaTUOHOB TSAXKEJIbIX
MmeTasioB Ni2+, Cu2+, Co2+, Al3+, Cr3+ u anumona NO3- co cpegHell abCOMIOTHOU
omubkou 1.22+0.13 MM, 0.77%x0.15 mM, 0.79£0.10 mM, 0.39+£0.11 mM, 0.40x=0.10
MM, 2.26+0.35 MM, cooTBeTCTBEHHO. [TonydyeHHass TOYHOCTD pPellleHus 00paTHOM
3a/lay¥ YIOBIETBOPSET NOTPEOHOCTIM MOHUTOPUHTA BOJHBIX TEXHOJIOTUYECKUX CPE
[4].

HccnemoBaHue BHIIOTHEHO 3a CUET Ir'paHTa Poccuiickoro HaydyHoro goHma 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
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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
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,, Oborneyv, 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. Mogudukanusi BU3yaJIbHOro rpancopmepa merogoMm b-cos
IJIs1 IOBBIIIIEHUsI HHTEPNPETHPYEeMOCTH B 3aJade
K/TacCH(PHKAIIHHA H300PaKeHHH TePMATOCKOIIHH

JIykvanoe AHOpeu Hukoaaesuu (1), Boakos E2op Hukoaaesuu (1), Apywes Cepeel
AnekcaHdposuu (1), AsepkuH Aaexkcell Hukoaaesuu (1)
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(1) Poccuiickuy sKoHOMUYeCcKUd yHuBepcuteT uM. ['.B. [lrnexaHnoBa

[TossBIIeHUE apXUTEKTYPhl «TPpaHCHOpPMeEepP» COBEPIINIIO PEBOIIOINIO B 3agadax
aHaIM3a TEKCTOB U MOBBICUJIO KAYECTBO aHanu3a n3obpaxkeHuti. [omns
HCIIOJTb30BaHUSI HEUPOCETEN apXUTEKTYPhl TPaHCHOPMED PACTET C KaXKILIM I'OJIOM.
OmHako, u3-3a KpaliHe cj1aboi MHTEPIIPETUPYEMOCTH U TOTPEOHOCTH B OOJIBIIINX
o6béMax 00ydalonuxX JaHHBIX, UCIIOJIb30BaHNE CTAHOAPTHHIX apPXUTEKTYP
BU3yaJIbHOT'O TpaHCcopMepa 3aTpyaHeHOo. B 2023 rogy rpymnmnou ucciemoBaTenen
(Manuel Tran, Amal Lahiani u gp.) OblI TpemoioxKeH MEeTOJI Ha OCHOBE b-cos
BbIPAaBHUBAHUS [JI51 YIIYYIIEHUS ITOKa3aTelel paboThl BU3yalbHBIX TPaHCGHOPMEPOB B
3alavax aHanu3a n3obpaxkeHuit. [1o 3agyMKe aBTOPOB, 3aMeHa BCEX JINHEWHBIX
rmpeoOpa3oBaHuil Ipeodpa3oBaHueM b-cos Oyt obecrieyeHrsT BEIpaBHUBAHUS BXOTHBIX
OAHHBIX CIIOCOOHO 3HAYHUTEJILHO VIIYYIINTh 00bSICHUMOCTb HEHPOCETH U MOKa3aTesln
OTHEeIbHLIX METPUK KadecTBa. B mpencTaBieHHON paboTe IPUBOAUTCS IPUMEP
ITPAKTUYECKOr0 IPUMEHEeHHsI YKa3aHHOT0 MeTofa NyTéM MogudUKaIuu
APXUTEKTYPHl CTAHOAPTHOIO BU3yaJIbHOTO TpaHcdopMepa. B xome sKCIepruMeHTOB
MogudUKaLMsa MoKa3aja XOPoIIie pPe3ysIbTaThl B 3ajla¥ye MHOTOKJIACCOBOM
Kiaccudukamuy n300pakKeHu JepMaToCKonuu (MejgaHoMa, MeJIaHOMOIIUTapHbIe
HEeBYCHI U T.7.). [IpuBeI€H BEIBOI BU3YaJIbHOTO OOBSICHEHHUS B BUE TEIIJIOBOM KapTHI,
otobOpazkarolen 001acTu n300paxkKeHnuil, BHECIINE HanOOIbIINYM BKJIag B UTOTOBOE
npenckalaHue. OOCYKOaOTCS ITePCIeKTUBHEIE METOOBI 1 BO3MOXKHBIE ITYTU
yIIy4IeHus: 00bsICHUMOCTHY BU3YyaJIbHLIX TPAHCHOPMEPOB.

HccnemoBaHue BBIIIOJTHEHO 3a cueT Poccuiickoro Hay4Horo ¢goHpga (rpastT 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
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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.

42. [IpyMeHeHHe CBEPTOYHBIX HEHPOHHBIX CEeTeH [I/Is1 BhIe/ICHUS
coobiTuH ITTAJI B s3xcnepumente COEPA-3

OHmuHa E.JI.(1), ITooepyokos [1.A.(1), A3pa K.2K.(1), bouseu 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), Yepxkecosa O.B.(1), YepHos II.B.(1)

(1) MockoBckuY rocynapCTBeHHBIU yHUBepcUuTeT uMmernu M. B. JlomoHocoBa, Poccus,
Mocksa.

Teneckon COPEPA-3 pa3pabaTrIBaeTCs OISt U3YYEHUSI MaCCOBOTO COCTaBa U
SHEePreTUYEeCKOro CIIeKTpa KOCMUYECKUX JIyyel B nuana3oHe sHepruu 5-1000 I1aB.
Hcrionb3yeMbll METO[I IeTEKTUPOBAaHUS OTPAXKEHHOI'0 OT CHEXKHOU [TOBEPXHOCTHU
n3nydyeHus BaBunoBa-YepeHKOBa OT MIUPOKUX aTMOCchepHbIX tuBHelu (IIIAJT)
IIpefnosiaraeT HEMMPEePLIBHYIO PETUCTPAlLMIO CBeTa, IT09TOMYy TpebyeTcs pa3dpaboTaTh
TPUTTEPHBIA aJITOPUTM [JIS BEIAEIeHUS (ParMeHTOB, COOTBETCTBYIOIIUX ITPHUILIEAIIUM
coOriTusiM IITAJI, B HEITPEPHIBHOM ITIOTOKE (DOTOHOB 3BE3TMHOTO (pOHA ¥ COOCTBEHHOTO
cBeueHUus1 aTMocdephl. B paboTe npencraBieHbl Pe3yIbTaThl IPUMEHEHUS
CBEPTOYHLIX HEMPOHHLIX CETEM B 3aflayue KiaccuduKkaiuu u3o00paxkKeHun,
IIOJIyYEeHHBIX C IToMOIIbI0 MoHTe-Kapiio MomenupoBaHus 4epeHKOBCKOro cBeta IIIAJI.
K nsobpaxkeHusM NPUMEHSIOTCSI HeoOXoouMble MOAM(UKAINN, BKIIOUas
ONTHUYECKUHU (POH, yUET TEOMETPUU OIITUUECKON CXeMbI U (GPYHKIIMU OTKJIMKA
3JIeKTPOHUKMU. [laHa OlleHKa KayeCTBa HEUPOHHOU CETU B CPDAaBHEHUU C
[IOKa3aTeJiIMU TPUITEPHOI0 aJITOPUTMa, peajiu30BaHHOTO B ycTaHOBKE COEPA-2.

40. IeCKpHUNTOPSLI IJIsI ONpeae/IeHUs TOKAJILHOH CTPYKTYPbI
ATOMHCTHYECKHX MoJe/ieH aMOpP(PHLIX JIHI0B



IT. A. dwuH (1), E. P. BazaHuosa (1), A. A. Illynaeuosa (1), B. B. Cmezatnos(1)

(1) MockoBCcku# PU3NKO-TEXHUUYECKUUN MHCTUTYT (HallMOHAIbHBIN
HCClIeqoBaTeIbCKUY YHUBEPCUTET)

YacTo npu ucciegoBaHUU BOIOBI U €€ CBOMCTB C IPUMEeHEeHHEeM MOJIEKYIIPHON
OUHaMUKHU TpeOyeTcs paclio3HaBaTh pa3udHbIe (a3hl JIbJA0B. Kpome TOTO, BCE
OOJIBIITYIO TTOMYIAPHOCTh U 3HAUUMOCTD IIOIy4aloT aMop(HEBIE JIbALI, CPEON KOTOPHIX
MO2KHO BBHIIEIUTb aMOpP(dHBIe TbAbl HU3KOM IJIOTHOCTU (LDA), BEICOKOM IIJIOTHOCTH
(HDA), a mo HelaBHUM HCCJIeIOBaHUSIM - U cpenHel minoTHocTu (MDA) [1]. Insa
TaKHUX JIbJOB IPUMEHSIOTCS IIPOCTHIE METOABI PaClIO3HABaHUS JIOKAJIbHOM CTPYKTYPHI
(mprHAAIEeKHOCTHU OTHEIbHON MOJIEKYIbl KOHKPETHOM (a3e), HO oHU 06J1afgatoT
MaJIOM TOYHOCTHIO ¥ B 3aBUCUMOCTH OT 3aJadu MOTYyT (DOPMYyIHUPOBaATLCSA MHAUE,
MMEeTh OPyTHhe BHYTPEeHHUE MapaMeTPhl Ui BOBCEe OBITHL HempuMeHUMEI [2]. [ToaTomy
0COOBIN MHTEPEC MPeacTaBiIsieT pa3padoTKa MOOesH, CII0COOHON KOPPEKTHO
oO6pabaTrIiBaTh B TOM 4YHCJie U aMOpPGHbBIE CTPYKTYpPhl. B maHHOM paboTe MbI
paccMaTpuBaeM NPUMeHEHHEe Pa3IuYHBIX JeCKPUIITOPOB AJI ONUCaHUS
KPUCTAIJIMYECKUX U aMOPGHEBIX IbA0B, a TaKKe KUAKOU (ha3bl BOAHI OJI PELIeHU
3aJa4yy 0 pacno3HaBaHUU ITUX CTPYKTYP. CpaBHEHNE TPOU3BOOUTCS MOCPEICTBOM
00y4eHMs KJlaCCU4eCKOU IJig MaHHOTO TUIla 3aja4y HEMPOHHOM CETH, BXOOHON BEKTOP
KOTOPOM - CTPYKTYypa, ONMCaHHAsI OOHUM U3 OeCKPUIITOpoB. Ha ocHOBe ITpOBOOUMOTO
CPaBHUTEJILHOTO aHa/lIKW3a HaMU pa3pabaThiBaeTCs ONITUMAaIbHBIN CIIOCO0 ONIHMCaHUS
JIOKAJIbHBIX aTOMUCTUYECKHUX 00pa30BaHUM, KOTOPHIA MOXKET OBITh ITPUMEHEH OJIS
pelleHus 3adadu O paclio3HaBaHUM IbO0B, B TOM YKUCJIe aMOPMHBIX, ¥ BOMOHL.

1. Rosu-Finsen A. [et al.]. Medium-density amorphous ice. Science 2023. V. 379. P.
474-478. DOI: 10.1126/science.abq2105. 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.

71. Deep learning-based eye anatomical structures synthetic
images generating: a comparative analysis of techniques and
models

Averkin Alexey(1), Matveev Ivan(1), Volkov Egor(1)
(1) FRC CSC RAS

Applications of artificial neural networks (ANN) in the diagnosis of various diseases
based on deep learning image analysis is one of the most important technologies
developing within the Healthcare 5.0 paradigm. However, the major limitation
associated with the applicability of this technology is the availability of data for
training ANNSs. The labeling of real medical images is performed by clinicians and is
therefore extremely costly. In addition, not for all pathologies, not enough images
can be obtained for quality ANN training. The problem of data scarcity for ANN
training is particularly acute in ophthalmology, where publicly available datasets
exist only for the most common pathologies. The solution to the problem of data
limitations is the generation of synthetic images of the necessary anatomical
structures of the eye (retina, ocular nerve, iris) with the presence of pathologies on
them. Deep learning methods and various generative ANN models (GAN, VAE,



Diffusion models, etc.) are also actively used for this purpose. The use of each of the
models is associated with different quality of the generated images. In this paper a
comparative analysis of techniques and models for generating synthetic images of
anatomical structures of the eye is carried out. The principles of realistic image
generation and the dependence of image quality on the groups of model
architectures used are considered. Conclusions are made about current possibilities
and prospects of generation of synthetic images of anatomical structures of the eye
using ANN.

This study was supported by the Russian Science Foundation (grant no.
24-21-00330), https://rscf.ru/en/project/24-21-00330/ [https://rscf.ru/en/

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 the use of pre-trained large language models to generate
defect configurations, enabling efficient predictions of defect-induced property
modifications. This research differs from traditional methods of material generation
and discovery by utilizing the latest advances in transformer models, which have
proven to be efficient and accurate discrete predictors. In contrast to high-
throughput methods were configurations are generated randomly and then screened
based on their physical properties, our approach not only enhances the
understanding of defect-property relationships in TMDCs but also provides a robust
framework for designing materials with bespoke properties. This facilitates the
advancement of materials science and technology.

- Part of my thesis is funded by the Ministry of Education and some additional
funding was obtained through AI Center and RScF.

51. MammuHHOe 00yuyenue u 3D aHa/Iu3 CIleH B OIlEeHKeEe
CJIOZKHOU3MePpPsieMbIX F'eOMeTPUUYEeCKHUX XapaKTePUCTHUK Tejla
YyeJI0BeKa IS 3aJa4 OMOMeIUIIUHBI
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PenueHko A.C., T'ones A.C., Kucuav C.HU, I'paués E.A.
MI'Y umenu M.B.JIlomoHOCOBa

ABTODEHI ITPEACTABISIOT HOBBIM ITOOX0[, O0OBbEeOUHSIONIUN TeXHOJIOTUU 00paboTku 3D
1300pakKeHu U MAIlIMHHOTO aHa/Iu3a OJaHHBIX, YTO MO3BOJIIET aBTOMATU3HUPOBATh
IIPOIIECC OIIpPeeIeHusT aHTPOIIOMETPUYECKUX XapaKTEPUCTUK U QYHKIIMOHAJIOB
MUHKOBCKOTO TeJjia YeJioBeKa, B YaCTHOCTH, IJIOIIaAN ero IIOBEPXHOCTU U
rmapaMeTpoB GopMbl. [[eoMeTpuUecKre XapaKTEPUCTHUKU, TaKue KakK 00beM (U Bec),
IJIOIIaab IIOBEPXHOCTH, (bopMa Tesla (COMaTOTHUII) MTallieHTa, UTPal0T B MEOUILIMHCKOU
IIPAKTHUKE KJII0YEBYIO POJIb B IEPBUYHON AuddepeHIHarTbHON JUarHOCTUKE MHOTUX
3aboeBaHUM U IIPOTHO3€e UX TeUeHUs. Te Ke XapaKTePUCTUKU UCITOJIb3YIOTCS IPHU
Ha3HauyeHUU 0ObEMa BpaueOHOTro (JIeKapCTBEHHOTO, XUPYPTUYECKOTO U T.1I.)
BMeIllaTeIbCTBA BO MHOTHUX 00JIaCTSIX MEOUIIMHBI, BKITIOYas XUMHOTEPAInio pakKa,
TPAHCIIJIAHTOJIOT U0, JIeYeHNE 0KOTr 0B, KOXKHBIX 3a00JIeBaHUM, B TOKCUKOJIOTUH.
TpaguinoHHbIe U3MEPUTEILHBIE U PaCUYeTHbIe METOOUKM aHallM3a YKa3aHHBIX
IIapaMeTpPOB YaCTO AAal0T HACTOJILKO IpyOble UX OLIEHKH, YTO B HEKOTOPHIX CIIydasiX
OHY MOTYT 3HAYUTENbHO BIUATH akKe Ha CMEPTHOCTh MAllMEeHTOB, 0COOEHHO IS
oeTeu u el ¢ HeuaeaabHbIM TEJIOCIOXKEeHWeM: UMEeHHO OHM U HYXIal0TCS B
0COOEHHO TOYHBIX U MHONBUOYAIU3UPOBAHHBIX U3MepeHusix. [1s 6omee
KaYeCTBEHHOTI'0 U3MEPEHUS CTOJIb BaXKHBIX T€OMETPUYECKUX XapaKTEPUCTUK aBTOPHI
paboTH IIpeaaralT UCIIOIb30BaHUEe METOI0B MalllTMHHOT0 00y4yeHusi. B paboTte
pelllaeTcs 3agada PerpecCcuu OlleHKY reOMeTPUYEeCKUX XapaKTEPUCTHUK TeJjia
YyeJioBeKa 110 ero JIMHEeUHBIM oOMepaM (00XBaThl TPYOHU, TAJIMU, OJIUHLI PYK, HOT U
T.0.). JIy4dIiuM MeTOOOoM IToKa3ajla ce0sI TUHelWHass perpeccusi, KoTopas II03BOoJInia
VIIyYIIINTh OTHOCUTENBHYIO IIOTPENIHOCTL U3MeEPeHUs: o0beMa Tena ¢ 15% (uepe3
OLIEHKY IIJIOTHOCTH Tejia) Oo 2%, IJIoIaay IIOBEPXHOCTU Tejla YeJioBeKa B CPaBHEHUU
c nonyJsapHou ¢opmynoi [iobya c 1.6% mo 1.1%. [Ipu aToM Momenb obnamaeT
Oomnbirei 060011at0MIel CII0COOHOCTHIO, ITO3BOJISIONIEN TOYHO BEIYUCIIATE 00BEM U
IJTIOIIaab IIOBEPXHOCTHU Tejla B HE3aBUCUMOCTHU OT €r0 KOMIJIEKIIUY, YTO MOXKET OBITh
KPUTHUYECKHU BaxKHO B CIIy4asx, KacaloIluXCs XKNU3HU 4YeJjioBeKa. Pe3ynbTaTel
HCCJIeIOBAaHMS MOKA3bIBAIOT BEICOKYIO TOUHOCTh U 3((HEKTUBHOCTh pa3paboTaHHOT O
MeTOOa, OTKPHIBasi MEPCIEKTUBEI IJIs1 CO3AaHUsI MHHOBAIIMOHHBIX
aBTOMAaTHU3WPOBAHHLIX PEIIeHNN B psine obnacTeli OMOMEOUIIUHEL U
3[0paBOOXpPaHEeHM s, TIOBHIIIIEHNS KadyeCTBa JUArHOCTUKY U JIeYeHUs.
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