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Section 1. Machine Learning in Fundamental Physics

36. PEKOHCTPYKITHS 3 HEPTHH KOCMHYECKHUX JIy4ell yIbTPaBbICOKHX
3HepPrui, 3aperuCcTPUPOBaHHBIX (JIyOpeCIeHTHHIM Te/J1eCKOIIOM: OTHOI'0
TaKTa BpEMEHH MOKET OBITh JOCTaTOUYHO

M.IO. 3omoe (1), A.A. Tpycos (2)
(1) HUHUSAD MTY, (2) dusuueckuil pakysabmem MI'Y

Mgl paccMaTpUBaeM 3azady peKOHCTPYKIIUU IHEPTUU KOCMUYeCKUX jry4deit (KJI)
YJILTPABbICOKUX 3HEPTUH 110 JaHHBIM QuryopeciieHTHOro Tesieckora EUSO-TA. /laHHEBIe
6n11M cobpaHsl B 2015 1. Ha caitTe skcriepuMeHTa Telescope Array (TA). EUSO-TA - ato
HeOO0JIBIIION TeJIeCKOII-pedppaKTop ¢ AuaMeTpoM JIUHS 1 M, 11osieM 3peHusa 10x10 rpazgycoB
U BpeMeHHEIM paspelleHueM 2.5 MKC, CO3[TaHHBIH /11 Ha3eMHBIX TeCTOB allllapaTypsbl,
CO3/laBaeMOM B paMKaX Hay4yHOU porpaMmMsl Kosutaboparuu JEM-EUSO. OcHOBHEIe
TPYZAHOCTH PEKOHCTPYKITUU SHEPTUU BOSHUKAKOT BCJIECTBHE MaJI€eHBKOIO I10JI1 3peHUs
(B 30 pas MeHblIle, UeM Y QJIYOPECIIEeHTHBIX TeJIeCKOIIOB TA) 1 HU3KOTO BpEMEeHHOI0
paspenreHus (B 25 pa3 HuKe, ueM y TA). ITo mpuBOIUT K ToMy, uT0 EUSO-TA crioco6eH
PErucTpUpPOBATH JIUIIb YaCTh TPEKOB IIIMPOKUX aTMOCOEPHBIX JIUBHEU, U BeCh CUT'HaJl
OKasbIBaeTCs, KaK IIpaBUJIO, 3allMCaH B TeUeHHe BCero OJHOro TakTa BpeMeHU. MEbI
II0Ka’kKeM, UTO aHCaMOJIb CBEPTOUYHBIX HEMPOHHBIX CETeU I103BOJIIET Ja’Ke B TAKUX
YCJIOBUAX OLIEHUTH 9HePIUo IepBUYHBIX KJI ¢ mprueMsieMOM TOUHOCTBIO.

40. dPuasTpanyda JIOKHBIX MaKCHMYyMOB IITAJI ¢ mOMOIIEIO
HeHpoceTeBhIX MEeTO0B B skcriepumeHnTe COPEPA-3
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9nmumna E.JI.(1), IIodepydkos /.A.(1), boHeeu E.A.(1), TaakuH B.H.(1), 3usa M./.(1), HeaHo8
B.A.(1), KonoodkuH T.A.(1), Osuaperko H.O.(1), Pocarosa T.M.(1), Yepkecosa O.B.(1), YepHos8
J.B.(1)

(1) Mockogckuil 2ocydapcmeeHHblil yHugepcumem umeHu M. B. JIomoHocosa, Poccus,
Mockea.

[IpoexTHpyeMblil B HacTosIlee BpeMd Tesieckoll COEPA-3 mpeHasHaueH 11 U3yYeHUs
KOCMHYeCKUX JIydel B fuanasoHe saHepruit 1-1000 I13B MeTo0M perucTpanuu
U3ydyeHUs BaBuiioBa-UepeHKOBa, OTPA’KEHHOI0 0T CHEXKHOM ITI0BEPXHOCTH. OLHOM U3
3a7ja4 06pab0oTKU JaHHBIX ABJIAETCH KOppeKTHasA UAeHTUQUKALIUA COOBITHH, [T
KOTOPBIX 0Ch IIIUPOKOI0 aTMoCPepHOoro JUBHA (IITAJ]) JIe)KUT B I10J1e 3peHUd TeJIecKoIIa.
[Ipu 60/IBINUX PACCTOTHUAX MEXKAY OChI0 JIMBHA U IIeHTPOM I10JI 3peHUs TeJIeCKOoIIa 3a
CYT QUIYKTyaIi MOTyT pOPMHUPOBATHCA JIOKHBIe H300pa’keHUs, B KOTOPBIX MAKCUMYM
SIPKOCTH He COOTBETCTBYeT MCTHHHOMY II0JIOKEHHIO OCH, YTO IIPUBOJUT K
CUCTeMaTU4YeCKHUM OIIHOKaM B MeTOZaX BOCCTAHOBJIEHHU ITapaMeTPOB IIepPBUYHOMI
yacTuilsl [1IAJ], o0CHOBaHHBIX Ha alllipoKcuMaIiuu obpasa IIAJL. B ripeficTaB/ieHHOM
pabote mpeiioKeH MeTo GUIbTPaIiuu COOBITUU ITIAJI € JIOKHBIMU MaKCUMyMaMU
SIPKOCTH Ha OCHOBE /IBYX II0JIX0/0B MAIIIMHHOTO 00y4yeHus. [IepBBIil — perpeccus
pacCcTOSAHUA OT OCH TeJiecKoIia 40 ocH IITAJI ¢ MCII0/Ib30BaHHUEM CBEPTOYHOM HEMPOHHOU
ceTH, 00y4eHHOM Ha CMOJe/IMPOBaHHBIX U300pa’keHUsIX. BTOpoil — IIprMeHeH1e
aBTOHKOJIepa, 00Y4eHHOTO PEKOHCTPYUPOBATh TOJIBKO UCTUHHEIE U300pakeHUs,
pasessIolero CO6bITUA 10 3HAUEHUIO OIITUOKU BOCCTaHOBJIeHUs. COBMeIlleHHe 3TUX
IBYX METO/[0B I103BOJIIET PaszesiTh COOBITUS C KOPPEKTHO U OIIIUO60YHO OIIpe/ieIEHHOMN
OCbI0 6e3 3aBUCUMOCTHU OT 3HEePIUH, MacCChl U yIJIa IPUX0/a IIePBUYHOMN YaCTHULIHL.
[TokasaHO, UTO TaKOU ITOAX0[ 00ecIIeurBaeT BHICOKYI0 TOUHOCTh QUIbTPAIAHN:
coxpaHseTcs 00JbIIMHCTBO UCTUHHBIX COOBITUN IIPU 3P PEeKTUBHOM I10/[aBJIeHUU
JIO>KHBIX. [Tpeyio’keHHBIN MeTO/, MOKeT OBITh MUCII0/Ib30BaH KaK YacTh IIPOrpaMMHOI0
TPUITEpPa WJIN CUCTeMBbI 0TO0pa COOBITHUH I IIOCIeAYIONero GU3nUecKoro aHaInsa.

71. Hcnosib30BaHUE HEHPOHHOI'0 aBTOKOAUPOBIIUKA /AJIsI TeHepaluu
IIOKa3aHUU IIOBEPXHOCTHBIX 1eTeKTOPOB Telescope Array

dumazduHos P.P. (1,2), Xapyk H.B.(1,2)
(1) M®TH, (2) HAH PAH

HcciiegoBaHa BO3SMOKHOCTE IIPpUMeEHEeHUs aBTO9HKoepa (AE) 1y1g o6HapyKeHUs
aHOMAaJIMH B JAHHBIX IIUPOKUX aTMOCepHbIX JIMHUH (ITIAJT), cMOIeTMPOBAHHBIX
MeToZ0M MoHTe-KapJio. AE 06y4dasics UCKIIOUUTEILHO Ha COOBITUAX C IIPOTOHOM B
KaueCTBe ITIEPBUYHOM YaCTHUIIBI, JOCTUTHYB HU3KOH OITUOKH PEeKOHCTPYKITHUH (~4x1073) B
JIaTeHTHOM IIPOCTPaHCTBE pasMepHOCTHU 16. I[Ipy TeCTUPOBAaHUU Ha CMeCU IIPOTOHHBIX
(TUIIMYHBIX) ¥ GOTOHHBIX (AaHOMaJIbHBIX) COOBITUM, BOIIPEKU 0KULAHUAM, OIIIMOKa
PEKOHCTPYKIINU 11 GOTOHHBIX COOBITUM OKasasach B ~3 pasa HUXKe, UeM /111
IIPOTOHHBIX. AHAJINU3 JIATEHTHHIX IIpeficTaBJIeHUN AE U IprMeHeHUe aJITOPUTMOB II0MCKA
aHoMasuii 6e3 yuureid (Isolation Forest, One-Class SVM, KDE) moaTBepauIu
apaZoKCaJIbHbIN pe3yabTaT: OTOHHBIE COOBITUS He UIeHTUOUITUPYIOTCI KaK
aHOMaJINH, a CKOpee COOTBETCTBYIOT “HarboJIiee TUIIMYHBLIM” IIPOTOHHBIM COOBITHSIM B
JIaTEHTHOM IIPOCTPAaHCTBE. ITO YKa3bIBaeT Ha TO, UYTO BHIOPAaHHBINM pOpPMAT BXOTHBIX
naHHBIX [ITAJI (KOOpAUHATHI eTeKTOPOB, MHTEeIPaJIbHBIN CUTHAJI, BpeMeHa QPOHTOB) He
n03BoJisieT AE 3¢ PpeKTUBHO BBIZeIATH IIPU3HAKHU, CYII[eCTBEHHbIE /I pasIuueHUs TUIIOB
qacTUIl KilaccupukaTopaMu (C TOUHOCTHIO >0.9).



52. I'padoBas HelipOHHAsA CeTh C MeXaHU3MOM BHUMAaHMA JJIs
KJIaCTepH3alMy TPEKOB YaCTHI] 10 COOBITHUAM B 3KciiepuMeHnTe SPD Ha
yckopuresie NICA

Omenanuyk C.C.(1,2), Ocockos I. A.(2), Tanouka E.H.(2)
(1) duauan MI'Y, 2. lybHa, (2) O66eduHeHHbLI HHcmumym SdepHuix HccaedoeaHuit OUAH

JlaHHas paboTa IoCBAIlleHa pa3paboTKe MeTO/I0B IJIyOOKOr0o 00yUYeHUs I
KJIaCTepU3al[uU TPEKOB 3JIeMeHTapHbBIX YaCTHUI] 110 COOBITUAM. B maHHOM paboTe
paccMaTpuBaeTCd apxXUTeKTypa rpapoBOii HEMPOHHOM CeTU ¢ MEXaHM3MOM BHUMaHUS
(GANN) 114 Ky1acCHQUKAIIMU TPEKOB I10 COOBITUAM B KaXKZ[0M BpeMeHHOM Cpese Ha
sKcriepuMeHTe SPD. B pa6oTe IIpecTaBIeH HOBBIM II0/IX0M K COPTUPOBKE TPEKOB,
HUCCIeJ0BaHVe TUHAMUKYU 00y4YeHUs U TeCTUPOBaHKe MO/Ie/IA B Pa3HBIX YCIIOBUSIX.
MogeJsb peasii3oBaHa U 06ydeHa C IIpUMeHeHNeM COBpeMeHHBIX MHCTPYMEHTOB
[JIy60KOr0 MaIlIMHHOI0 00y4YeHUs, IIPef0CTaB/ILIOINX BO3SMOXKHOCTE I1apasljle/IbHbIX
TeH30PHBIX BEIUUCIEHUN.

69. Machine Learning Approach for Lattice Quantum Field Theory
Calculations

Vsevolod Chistiakov (1) Dmitry Salnikov (1,2) Artyom Vasiliev (1) Aleksandr Ivanov (1)
(1) MSU. (2) INR RAS

In modern quantum field theory and statistical physics, the expectation values of
observables are represented as integrals over function space. In most interesting
problems, such integrals can only be computed numerically using lattice approximations,
where the functional integral is replaced by a finite-order integral. The resulting
multidimensional integrals are computed using Markov chain Monte Carlo methods.
Contemporary deep machine learning generative algorithms allow for a significant
acceleration of Monte Carlo calculations. The talk will discuss the applications of
generative models in quantum scalar field theory.

75. HelipoceTeBOoe MOAe/TMPOBaHNe OITHYECKHX COJIMTOHOB,
OIIMChIBAaEMBIX 00001IEHHBIM He/IMHEeMHBIM ypaBHeHueM IllpeaguHrepa
HIeCTOr0 IMOPsAKa C BEICOKOU HeJINMHENHOCTHI0

MoaowHukoe HeaH (1), Kysakun Muxaux (1,2), C6oes AnekcaHdp (1,3)
(1) HUI] Kypuamoeckuii uHcmumym, (2) HUY M®TH, (3) HUAY MUDPH

B paboTe paccMaTpuUBaeTcsa MOZeIMpOBaHKe PacIIpOCTPaHeHUs UMITYJILCOB B
OIITUYEeCKOU HeJIMHENHOM Cpejie C UCII0JIb30BaHUEeM 0600I1eHHOT0 HeJIMHENHOTO
ypaBHeHueM Illpenunrepa (OHVII) mrecToro rmopsaka IIpoOM3BOJHOMN U C HEJIMHEHMHOCTHIO
ceIbMOTOo Iopsaka. I[IpoBogUTCa HUccaefoBaHue HeCKOIbLKO MoguouKaruii PINNs
(rurepriapaMeTpsl, TOIIOJIOT S, MeTO/Ibl BbIOOpa TOYEK KOJIJIOKAIIUM, OIITUMU3ATOPhI) Ha
3a/javyax ¢ U3BECTHBHIM aHATUTHYECKUM pellleHHueM [JIs1 OJHOI'0 COJIUTOHA. Pe3ysibTaToM
UCCJIeJ0BaHUS SIBJISIETCS HanboJiee onTUMaJIbHasi KOHQUTYpaIiys HEMPOHHOM CeTH C
HaWIYYIIIUMHU, U3 PaCCMOTPEHHEIX, IIapaMeTpaMUu TOYHOCTH U CKOPOCTH CXOAUMOCTHU. C
IIOMOIIIbI0 II0JIYyYeHHOM KOHQUTYpaIiiy IPOU3BOLUTCSI MOJIEIMPOBaHME IBYX U TPEX
II0CJIefOBATEILHO UAYIIIUX COJIUTOHOB. /IJIs1 TAKOU 3a/IauU yrKe HeT U3BECTHOIO



aHaJIMTUYECKOTO PellleHHsI U KOHTPOJIb TOYHOCTH MO/IEJIH IIPOMU3BOSUTCS C IIOMOILIBIO
3aKOHOB COXpaHeHUs. B pesysbTaTe [I0Ka3aHO, YTo I10JyuyeHHas Moesb PINNsS naét
XOpOIIIHe pe3yJIbTaThl KakK AJI MOAEJIUPOBAHUA eTUHUYHEIX COJIMTOHOB TaK U JI1 MHOI'O
COJIMTOHHBIX 3a/1a4 C IIOTPEIIHOCThI0 Ha 3aKOHAaX CoXpaHeHHUsd MeHee 1%.

65. Temporal difference modulated spiking actor learning

Yunes Tihomirov (1), Roman Rybka (2), Alexey Serenko (2), Alexander Sboev (2)
(1) National Research University Higher School of Economics (HSE), (2) National Research
Center Kurchatov Institute

While neuromorphic computing offers substantial energy savings via spiking neural
networks (SNNs), developing effective methods suited for hardware deployment for
reinforcement learning in SNNs remains a challenge. We present novel spiking neural
network architecture for the actor part of the actor-critic framework. The proposed
approach incorporates a two-layer network trained using temporal difference modulated
spike-timing dependent plasticity (TD-STDP). Evaluated on the classic Acrobot and CartPole
control tasks, our SNN-based actor demonstrates competitive performance. Using local
plasticity learning rules is important for future implementation on neuromorphic
hardware.

41. SBI B 3ajlayax aHa/IM3a fUHAMUYECKUX U300paKkeHu
MHOI'0KaHaJIBHOI'O JeTeKTopa

Capaeg P.E. (1,2), IllapaxkuH C.A. (1)
(1) HUHUSAD MTY, (2) dusuueckuii Pakyabmem MI'Y

TpazuiioHHO 6aiiecOBCKYe MO/ieIN, GOPMYyIUpyeMble Ha I3bIKe BEPOITHOCTHOTO
mporpaMMupoBaHus (Takux Kak PyMC muiau STAN), TOMUMO alIpUOPHBIX paclpezeleHHui
Ha I1apaMeTpsl cofep>KaT QYHKITHIO ITpaBAoofo6ua. OgHAKO I CJI0KHBIX MO/iesIled He
BCeIZia y/laeTcsd yKasaTh IIpaBIoIIofo0re B SIBHOM BHU/le, HO MO>KHO CO3JaTh CUMYJIATOD,
KOTOPBIY I'eHEPUT CIMILIBI JaHHBIX IIPU KaXK0M 3aJaHHOM 3HaUeHUH [1apaMeTpOB.
bariecoBcKkuii BBIBOJ ITpH TakoM likelihood-free mogxoe peasnusyeTcs B BUze
I10CJIe/I0BATEILHOM alllIpOKCUMAIIHH alloCTEPHUOPHOTO paclipeieieHus (II0CpeiCTBOM
Sequential Monte-Carlo MeTO/I0B) ¥ 3aBHUCHUT OT psifia YIIPABJIAIOIIUM 3TOMN
almnpoKcuMaIyen napaMeTpoB. B Tokiase Ha IIpUuMepe 3a1auu 31bYOoI0KaAIUU
(BocCcTaHOBJIEHHA ITapaMeTPOB I'PO30BOT0 paspsa 10 «HOHOCOepHBIM OTIIeYaTKaM» -
sbdam) IT0Ka3aHO KaK MOYKHO IIpUMeHATh SBI Ipy aHa/M3e fUHAMUYeCKUX
n306pa’keHUU OpO6UTaTbHBIX MHOTOKaHAJIbHBIX 1€TEKTOPOB.

76. Simulation of trawl processes using SINN architectures

Belkova Kseniia(1), Mikhailov Mikhail(2)
1. National Research University Higher School of Economics, Saint Petersburg, 2. St.
Petersburg State University, St. Petersburg,

This work proposes an approach to simulating trawl processes using Statistics-Informed
Neural Networks (SINN) — a stochastic counterpart to Physics-Informed Neural Networks
(PINN). Trawl processes are a special case of ambit processes, which are used to model a
broad class of spatio-temporal phenomena. These processes are defined via integrals over



Lévy bases on moving sets, allowing for the modeling of various dependency structures in
time series. A notable special case is the Gaussian Ornstein-Uhlenbeck process, which has
an analytical representation. However, existing modeling methods are limited to a narrow
class of trawl processes due to computational complexity, especially when the Lévy basis
distribution does not admit a closed-form expression. The main result of this work is a
training scheme for SINN based on the characteristic functions of the process’s finite-
dimensional distributions. Unlike the original SINN training framework, the proposed
approach does not require external simulation of the process during training. The
effectiveness of the method is demonstrated on trawl processes, including the Ornstein-
Uhlenbeck process, and compared with existing approaches. To validate the method, we
used data from the Met Office MIDAS archive of land and marine weather stations:
weather conditions for 2013 were modeled based on weather data from 2012.

39. ML-Based Optimum Sub-system Size Heuristic for the GPU
Implementation of the Tridiagonal Partition Method

Milena Veneva (1)
(1) RIKEN Center for Computational Science, R-CCS, 7-1-26 Minatojima-minami-machi, Chuo-
ku, Kobe, Hyogo 650-0047, Japan

The parallel partition algorithm for solving systems of linear algebraic equations (SLAEs)
suggested in [1] is an efficient numerical technique for solving SLAEs with tridiagonal
coefficient matrices which consists of three stages. It works by splitting the original matrix
into smaller sub-matrices and solving these smaller SLAEs in parallel. Originally designed
for use with a large number of processors, this algorithm was implemented using MPI
(Message Passing Interface) technology in [1]. The development of HPC applications
typically consists of two key phases: writing code that functions correctly and then
optimizing that code to enhance performance. The nature of the parallel partition method
is such that the initial SLAE with N unknowns is partitioned into a number of sub-systems
with m unknowns each. The size of the SLAE N that the user solves is usually determined
by the size of the problem they need to solve, while the size of the sub-system within the
parallel partition method m is a parameter that needs to be tuned. We present one of the
optimizations made to our CUDA [2] implementation, namely building a heuristic for
finding the optimum sub-system size by using tools frequently used in modern Al-focused
approaches. Computational experiments for different SLAE sizes are conducted, and the
optimum sub-system size for each of them is found empirically. To estimate a model for
the sub-system size, we perform the k-nearest neighbors (kNN) classification method [3].
Statistical analysis of the results is done. By comparing the predicted values with the actual
data, the algorithm is deemed to be acceptably good. Next, the heuristic is expanded to
work for the recursive parallel partition algorithm as well. An algorithm for determining
the optimum sub-system size for each recursive step is formulated. A KNN model for
predicting the optimum number of recursive steps for any SLAE size is built.

[1] Austin, T.~M., and Berndt, M., and Moulton, J.~D., A Memory Efficient Parallel
Tridiagonal Solver, Preprint LA-VR-03-4149, 13 p. (2004).
[2] NVIDIA, NVIDIA CUDA C++ Programming Guide. https://docs.nvidia.com/cuda/cuda-c-

[3] Fix, H., and Joseph, L., Discriminatory Analysis. Nonparametric Discrimination:
Consistency Properties, International Statistical Review/Revue Internationale de
Statistique, 57 (3) pp. 238-47, doi: 10.2307/1403797 (1989).
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44. Natural Image Classification via Quasi-Cyclic Graph Ensembles and
Random-Bond Ising Models with Enhanced Nishimori Temperature
Estimation

V.S.Usatyuk (1,2), D.A.Sapoznikov (1), S.I.Egorov(2)
(1) T8 LLC, Moscow, Russia, (2) SWSU University, Kursk, Russia

Recent advances have demonstrated the effectiveness of spectral clustering on the beta-
Hessian of Graham matrices constructed from quasi-cyclic graphs in the context of
Random-Bond Ising Models (RBIMs). Notably, at paper [1] showed that combining LDPC-
inspired graph with VGG16-extracted features from GAN-generated two-class images (e.g.,
dog vs. cat) significantly outperformed Erdds-Rényi baselines in clustering accuracy,
improving overlap from 73.21% to 90.60%—and up to 93.23% when using cosine similarity
[2]. In this paper, we extend these insights to natural multi-class datasets, specifically
ImageNet-10 and ImageNet-100. We introduce a refined approach to estimating the
Nishimori temperature and propose a mixture-of-graphs model built from an ensemble of
optimized RBIMs. These models leverage diverse quasi-cyclic graph families—including
Spherical graphs and Multi-Edge Type LDPC graphs—to create sparse, expressive
interaction structures. Feature embeddings are extracted from a lightweight MobileNetV2-
based CNN, compressing 1280-dimensional activations to 32-64 feature maps per image.
Using ensembles of 3 to 9 graph models, our approach achieves classification accuracies of
up to 98.7% on ImageNet-10 and 82.5% on ImageNet-100 under optimal conditions with 32-
dimensional embeddings. We demonstrate that significant parameter reduction in the
MLP classification head (from 1280 to 32) improves both computational efficiency and
robustness to feature puncturing. Furthermore, this graph-based framework shows
promise for enhancing the representation power of knowledge graphs and feed-forward
layers in transformer architectures. These results highlight the scalability of quasi-cyclic
RBIM spectral embeddings from binary-class GAN-generated images to complex, real-
world, multi-class image datasets. Our findings suggest that structural graph design—
particularly girth, spectral gap, and ensemble diversity—plays a crucial role in optimizing
spectral separability for high-dimensional natural image classification tasks.

[1] Usatyuk, V.S., Sapozhnikov, D.A., & Egorov, S.I. (2024). Enhanced Image Clustering with
Random-Bond Ising Models Using LDPC Graph Representations and Nishimori
Temperature. Moscow Univ. Phys., 79(Suppl 2), S647-S665.

[2] Dall'Amico, L. et al. (2021). Nishimori meets Bethe: A Spectral Method for Node
Classification in Sparse Weighted Graphs. J. Stat. Mech., 093405.

43. Analysis of the TAIGA-HiSCORE Data using the Latent Space of
Autoencoders

Yu. Dubenskaya(1), S. Polyakov(2), A. Kryukov(1), A. Demichev(1), P. Volchugov(1), E.
Gres(1,3); D. Zhurov(1,3), E. Postnikov(1), A. Razumov(1)
(1) SINP MSU, (2) IIAP NAS RA, (3) IPA IGU

The aim of extensive air shower (EAS) analysis is to reconstruct the physical parameters of
the primary particle that initiated the shower. The TAIGA experiment is a hybrid detector
system that combines several telescopes and arrays of detector stations to record and
analyze EAS data. At present, data from the telescopes and the detector station arrays is
analyzed by deriving different sets of auxiliary parameters related to the physical features



of the recording hardware. These sets of parameters are chosen empirically, so there is no
certainty that they retain all important information contained in the experimental data
and are the best suited for the respective problems. Moreover, because the event
parameters recorded by different detector types differ in physical nature, their direct
merging is unfeasible, which complicates multimodal analysis. We propose to use
autoencoders (AE) for the analysis of TAIGA experimental data and replace the
conventionally used auxiliary parameters with the parameters of the AE latent space. The
advantage of the AE latent space parameters is that they are not biased by pre-established
assumptions and constraints and still contain in a compressed form the physical
information obtained directly from the experimental data. A separate artificial neural
network is used to reconstruct the parameters of the EAS primary particle from the AE
latent space parameters. In this paper, the proposed approach is used to reconstruct the
energy of the EAS primary particle based on Monte Carlo simulation data for the TAIGA-
HiSCORE detector array. The dependence of the energy determination accuracy on the
latent space dimension is analyzed, and these results are also compared with the results
obtained by the conventional method. For events recorded by TAIGA-HiSCORE, it is shown
that when using the AE latent space, the energy of the primary particle is reconstructed
with satisfactory accuracy.

This study was supported by the Russian Science Foundation, grant no. 24-11-00136.

81. IIpo6s1eMa ayrMeHTaI U JaHHBIX aTMOCPepHBIX UePeHKOBCKUX
TEJIECKOIIOB B CTepeo pesxuMe Ha npuMepe yctaHOBKH TAIGA-IACT

A.2Kypoe(1,3), A.Kprokos(1), FO./lybenckas(1), E. Gres(1,3); C.IToasikos(3), EvoIlocmHukos(1),
A.Pasymos(1), I1.Boauyzoe(1), A./Jlemuues(1)
(1) SINP MSU, (2) IIAP NAS RA, (3) IPA IGU

M3yuyeHre NCTOYHUKOB raMMa-U3JIydeHUs BBICOKUX sHepruil (6ostee 1 TaB) Bo BecesleHHOMI
BO3MO>KHO TOJIBKO C UCII0JIb30BAHWEM Ha3eMHBIX YCTAHOBOK 0O0JIBIIION IIJIOIALH I
perucTpanuy IMUpPoKuX aTMochepHbIX JUBHeU (IITAJI). PerucTtpariusa [TAJI
OCYIIIeCTBJIIETCS [eTeKTOpaMH 3apsOKeHHBIX YaCTHULL HU/UIH [eTeKTOPaMU YepeHKOBCKOT0
cBeTa. [10 JaHHBIM 3TUX IETEKTOPOB HEOOXOAUMO OIIpe/ie/INTh HallpaBJleHHe IIPUX0/1a,
9HEPTUI0 U TUII IEPBUYHOM YacTUIILL. OIIpe/iesieHHe TUIIA YaCTUIBI KPUTHYECKH Ba*KHO
IJI TI0/iaBJIeHUs GOHA 3apsDKEHHBIX KOCMUYeCKHUX JIyuel U Bbl/iesleHUs TaMMa-CUrHaJla.
B skcriepuMeHnTe TAIGA, KOTOPBIA BKJIIOYAeT pPasHble TUIILI JeTeKTPOB, PEeTUCTPUPYIOIIIHe
MYJBTMOJa/IbHEIE TaHHEIE, 3Ta 3a/jada PeIlaeTcs, B TOM YHCJIe, C IIOMOILbIO
aTMochepHBIX UepeHKOBCKUX TesiecKoIoB (AUT) ycraHOoBKU TAIGA-IACT. TesieCKOITBI
PETUCTPUPYIOT YIJIOBOE pacIipeeeHHUe (M306pakeHHs) UepeHKOBCKOro cBeTa oT IIIAJI B
IBYX pesKHMax: MOHO (perucrparys ofHUM AYT) U cTepeo (perucrpanus HeCKOJIbKUMHU
AYT). Ha ocHOBe I10JIy4eHHBIX U300pa’keHUH pelarTcsd 3aauu KIacCUuUKaIluU U
perpeccuu. CoBpeMeHHbIe TeH/IeHITUN B 00paboTKe 60JIBIINX JaHHBIX B 00J1aCTHU raMMa-
aCTPOHOMMH MeTOJaMH MaIlIMHHOT0 00y4YeHUs [I0Ka3bIBAl0T, YTO IIpUMeHeHe
HeHpoCceTeBbIX MOJeJIel I aHa/Iu3a JaHHBIX AUT I103BOJIAIOT OLeHUTE ITapaMeTpPEI
KOCMHYEeCKUX JIy4yel C 0UeHb XOPOoIllel TOUHOCTHI0. /IJ19 00ydeHUsI HelpoceTeBbIX
Mo/iesieil He0OX0UMEI O0JIBIIIMe pasMedyeHHbIe Ha00phl JaHHBIX. II0OCKOIBKY IIPOBECTH
pasMeTKy sKCIIepUMeHTalIbHbBIX TaHHBIX [J19 00y4eHUs HeUPoCeTeBBIX MOesIe
IIpaKTUYeCKU HEBO3MO>KHO, TO /111 00yUYeHUs UCII0Ib3YIOTCA JaHHbIe UMUTAITMOHHOTO
MozespoBaHuA. OHO BKJIIOUAET MOIeJIMpOoBaHue pasBUTHA camoro HTAJI, a Takke
MOJIeIMpOBaHUe OIITUKH TeJIECKOIIa, JeTEKTOpa U PeTUCTPUPYIOIIYIO JJIEKTPOHUKY.



HauboJiee pecypcoeMKUM 3TallOM B MOJIeJITUPOBAHUU faHHBIX AUT gaBiisgeTcsa
MozenrpoBaHue passutud IIAJI B atmocdepe 3eMiu. MogearpoBaHue OJHOTO JIUBHSA
KOCMUYECKUX JIyUYeUd BHICOKUX JHEPTUM MO>KET 3aHUMAaTh HECKOJILKO YacOB PaboThl
COBpPEMEHHOTO BEIUUCIUTETIHLHOTO CepBepa. B CBSI3U € 3TUM II0JIydeHHe O60JIBIINX
BBIOOPOK, CO/ieprKalllX COTHU THICAY U MUJIJIMOHBI COOBITUY, CYIIeCTBEHHO 3aTPYAHEHO,
4TO JlejiaeT 3a/1auy ayrMeHTalluU JaHHBIX 0COOeHHO aKTyaIbHOM. AyTMeHTaIus JTaHHbIX
IIyTeM IIPOCTOTO BpallleHUs U306pakeHU aTMOCOepPHBIX UePeHKOBCKUX TeJIeCKOIIOB
(AYT) mpoieMOHCTpHUpPOBaJia CBOX 3¢ PeKTUBHOCTE /I 3aja4 B MOHOpeXuMe. B psne
c/IlydaeB TaKOM MeTOJ MO>KeT ObITh MHTEPIIPETUPOBAH KaK HabsromeHue IIAJI ¢ Apyroro
II0JIO’KEHUS B IIPOCTpaHCcTBe. OgHAaKO, TaHHBIU CII0C00 He IIPUMEHUM B CiIydae
06paboTku faHHBIX AUT B cTepeo pexume. B maHHOM paboTe paccMaTpUBaeTcs
BO3MOKHOCTh ayTMeHTalluU JaHHbIX AUT nmyTeM BpallleHUs I10JI0KeHUI TeJIeCKOII0B
BOKpYT ocu [ITAJI 1j1g 06ydeHUs1 HEUPOCETeBBIX Mo/iesIel IIpU HaOJIIIeHUIX B
CTepeopesKuMe.

Pa6oTa BbIIIOJIHEHA IIPU GUHAHCOBOH ITOJIepKKe PoccuiicKkoro HayuyHoro ®oHza, rpaHT
24-11-00136.

42. BO3MO>XHOCTE IIPUMEHEeHHUsI MeTO0/Ja HOPMAa/JIU3YIOIIHUX IIOTOKOB 11
H3BJIeUYEHUS pPeJKUX raMMa COObITHH B akcniepuMmeHTe TAIGA

A.Kprokoe(1), A.Pasymos(1), 4.2Kypoe(1,3), FO./lybeHckasa(1), E. Gres(1,3); C.IIonsk08(3),
E.ITocmHuxo8(1), II.Boavyezo8(1), A.[lemuyes(1)
(1) SINP MSU, (2) IIAP NAS RA, (3) IPA IGU

Cpequ MHOTHMX METOZ[0B M CCIeJOBAaHUS IIPOIIECCOB, IIPOUCXOMAINUX B Pa3/IMYHBIX
yroJsikax BcesleHHOM, H3y4yeHHe raMMa-JIy4yeil BBICOKHUX U CBePXBBICOKHX 3HEPIruu
SIBJII€TCA OJHUM U3 HauboJIee IIepCIIeKTUBHBIX HAalIpaBJIeHUM B 00/1aCTH KOCMUYECKUX
JIydedl. B OTJIMYUU OT 3apsKeHHBIX KOCMUUYECKUX JIyded (IIPOTOHBI ¥ aTOMHBIE S71pa),
KOTOpBIE II0ABEP KEeHBI BJIUAHUIO raIaKTUYEeCKUX U MeXKTa/IaKTUYeCKUX MarHUTHBIX
I10JIeH, TaMMa JIY4YU B CHJIy CBOEH 3JIeKTPOHEUTPAILHOCTH COXPAaHAIOT UHGOpMAIIHI0 00
HUCTOYHUKE CBOET0 IIPOUCXOKAEHU. ITO IIpeI0IIpee/IUIO0 B II0CIeHUE TOAbI OypHOe
pasBUTHE 3KCIIEPUMEHTAJIBHON raMMa-aCTPOHOMUHU B MUpe. OZHaKO OTMETHM, UTO
IIOTOK TaMMa-JIy4dey 0OueHb MaJl II0 CPaBHEHUIO C OOIIIUM II0TOKOM KOCMHUYECKHUX JIy4el.
Tax 11 Kpab0oBHUAHOM TYMaHHOCTH, OHOTO U3 IPKHUX FaMMa UCTOYHUKOB, [[0JI1 TaMMa-
Jiydeii B 00611[eM IIOTOKe cocTaBjsgeT 0KoJ10 0.01%.IIoaToMy KpaiiHe Ba>KHO
paspabaThIBaTh HOBbIE 3QpPeKTUBHBIE METO/bI KJIaCCUQUKAIINU 3apeTUCTPUPOBAHHBIX
COOBITHH. B HacTosIIlee BpeMs 00JIBIIYIO IIOITYJISPHOCTE IIPUO6PeTaroT HOBLIE
QJITOPUTMEBI [T pasfesIeHUus raMMa-JIyuyed U 3apsoKeHHBIX KOCMUYeCKUX JIyUe,
OCHOBAHHBIX Ha IJIyO0KOM 00y4eHUH. B 3TOM paboTe MBI pacCMOTpPeJIM HOBBIY MeTO[,
OoOHapy’KeHUd pefKUX raMMa-KBaHTOB Ha aJpOHHOM $OHE C IIOMOIIILI0 MOJIeIN
IJIy60KO0ro 06yyeHMUs Ha 0CHOBE HOPMAaJIHU3YIOIIHUX II0TOKOB. OTU MOJeJIU SABJIAI0TCI
reHepaTUBHBIMU MO/eJIIMU, KOTOPBIE CTPOSAT 06paTUMOoe IIpeobpa3soBaHUe HOPMaJILHOIO
MHOT'OMEPHOI'0 paclpe/iesieHUsA CJIyJ4arfHOIo BeKTOpa B CJIOJKHOe paclipefiesieHue,
IIpe/iCTaBJIEHHOM B BH/le 9KCIIepHMeHTaILHOM BEIOOPKHU. MBI pacCMOTpeJIH IBe BePCUU
MeTO/la OJHOKJIACCOBOM KIaCCUPUKAIIUU B IBYX BapHaHTax. B I1epBoM ciydae B
KayeCcTBe 00yyarollero Kjacca BbIOpaHbl IIPOTOHLL, 8 TaMMa-JIy4Yd pacCMaTPUBAIOTCA KaK
aHOMaJINH, a B BTOPOM cJIydae Hao60poT. MeTo artpo6upoBasIcsd Ha MOJieJIbHBIX MOHTe-
KapJio JaHHBIX TaMMa-COOBITUM A1 ITpoeKTa TAIGA.



Pa6oTa BBIIIOJIHEHA IPU QUHAHCOBOH ITO//Iep>KKe POCCUIICKOTO HayuHOTO QOH/Ia, TPaHT
Ne 24-11-00136

95. 'aMMa-acTpOHOMUS YIbTPABBICOKUX 3Hepruil M npoekT TAIGA-100

L.Kuzmichev, SINP MSU
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15. BoccTaHOB/IEeHHE IIPHUIIOBEPXHOCTHON BJIA>KHOCTH aTMOocdepsI HAL
OKeaHOM C IpMMEeHeHHEeM MEeTO/I0B MAallIUHHOI'0 00y4YeHus

C. A. Bocmpukoea (1), M. A. KpuHuukuii (1,2), C. K. I'yaée (2), M. II. AnexkcaHdposa (2)
(1) Mockoeckull ¢gusuko-mexHuHecKuil uHcmumym, (2) HHcmumym okeaHoso2uu um. I1. I1.
IITupwiosa PAH

BJy1a’KHOCTB BO3/[yXa B IIPUIIOBEPXHOCTHOM CJIO€ aTMOCQEPHI Hall OKEaHOM SIBJISIETCSI
KJII0YeBBIM KJIMMaTHYeCKUM IIapaMeTpOoM, BIHUAIIINMM Ha IIPOIleCChl IIepeHoca BJIaru U
TeIlsIa MeXKy OKeaHOM U aTMOCQepoi, a TaKKe Ha JUHAMHUKY aTMOCepHBIX IIPOIIeCCOB B
11es1I0M. MesXIyHapOoIHBINM MAaCcCUB JaHHBIX O XapaKTepUCTHUKaX OKeaHa U aTMoCchepsl
(ICOADS) ykaspIBaeT Ha HeJOCTaTOUYHYIO IVIOTHOCTb M3MepeHUH BJIaKHOCTH B Hadase XX
BeKa I10 CpaBHEHUIO C 60JIee IIO3THUMU IIepHUOJaMH, YTO CO3aeT CI0KHOCTH I
a/IeKBaTHOI0 aHa/IN3a KINMaTUYeCKUX TeHeHIIUN OTHOCUTEIbHOM BJIa>KHOCTH.
[IpencraBjeHHBIE B JIUTEPAType METOAbl BOCCTAHOBJIEHUS BPeMEHHBIX PS/I0B BJIaKHOCTH
3a4acTyI0 JeMOHCTPUPYIOT OrPaHUYEHHYI0 TOYHOCTh, OCHOBBIBASICh IIPEUMYIIIeCTBEHHO
Ha CTaTUCTHUYECKUX U 3BPUCTHUYECKUX IToAxoax. Hamra pabora HampaBjieHa Ha
IIOBBIIIIEHHE KaueCTBAa PellleHus 3TOM 3a/{a¥H 3a CUET IIPUMEeHEeHUs MeTO/[0B MAaIllMHHOIO0
oOyueHus. B HacTosI et paboTe pellleHa 3ata4a B GOPMYJIHUPOBKe alllIpOKCUMAaIIUNU
MOMEHTaJIbHBIX 3HAYEeHUM OTHOCUTEJIBLHOM BJIA>KHOCTH I10 JAHHBIM COIIYTCTBYIOIIIUX
U3MepeHU aTMOCepHOTO JaBJIeHMs, TeMIlepaTypsl BO3AyXa, CKOPOCTH U HalIpaBJIeHUSA
BeTpa, TeMIlepaTyphbl IIOBEPXHOCTHU OKeaHa, a TakyKe HaOJII0leHUH KoJIM4YeCcTBa U TUIIOB
00JIaYHOCTH Ha TPEX Apycax. KpoMe 3TOro, B COCTaBe COIIyTCTBYIOIIUX ITIepeMeHHBIX
HUCII0JIB3yeTCs KO, IIOro/inl I10 cTaHgapTy BMO 1 pacyeTHas BbICOTa COJIHIIA. B
HUCCJIeJOBAHUU KCII0JIb30BaHbl MOJeJIM MAIlIMHHOI0 00Y4YeHUs CIeAYIOIINX TUIIOB:
JIMHeMHas perpeccus, CJiydarHbIN Jjiec, rpagueHTHBIN 6ycTHUHT (CatBoost) u
II0JTHOCBSI3HAsA MCKYCCTBeHHAas HeMPOHHAs CeTh. /lJIg IIOBBIIIeHHUSI TEPPUTOPHATBEHON U
BpeMeHHOM CIIeITUGUUYHOCTH paspabaThiBaeMbIX MOJesIeil MBI IIPOBeJIU UCCIeJ0BaHUe
IJT KayKIOM TUeMKY pasMepoM 5 I'pajlyCoB II0 IIIUPOTe U JOJIT0Te U KaK[0T0 ce30Ha 110
OTHeJIbHOCTU. Ha OCHOBe IT0JIy4eHHBIX pPe3yJIbTaTOB OBIIN IIOCTPOEHBI KapPThI
IIPOCTPAHCTBEHHOTO paclipe/ie/IeHUs OIIIMO0K MO/ieiel, KOTOPhIe ITI03BOJININ BBIIBUTH
PEervoHEbI C BRICOKOM ¥ HU3KOM TOYHOCTBHIO AllIIPOKCUMAITUU BJIaKHOCTH. McciefoBaHMe
IIOATBEPAUIIO 9P PEeKTUBHOCTH MEeTO/L0B MAaIlIHHOI'0 00y4eHUs [I1 BOCCTAHOBJIEHUS
KJIMMaTUYeCKUX PS0B, OIIpelesINI0 HauboJiee IIOAXO0AAIIe MOeJIH A1 3TON 3ajaduyl U
0003HAUYUJIO IIePCIIEKTUBHbIE HAIIpaBJIeHU [JI JaJlbHerIel paboThl.

16. CpaBHeHHe MO/iejiell MAIIMHHOI0 00y4YeHHs B 3a/ladye



I/I,I[eHTI/I(l)I/IKaIII/II/I aHOMAaJIMI B JaHHBIX BI/I3yaJIBHOﬁ CBEMKHU
IIOBEPXHOCTH MOPA

Fenoycoea 0.(1,2), KpuHuuykuii M.A.(1,2)
(1) Mockoeckuil ¢pusuko-mexHudeckuii uHcmumym, (2) HHcmumym okeaHosio2uu um. ILII
IITupwosa PAH

O6Hapy>KeHre MOPCKOr0 MaKpoOMYycOpa SIBJISETCS BaYKHOU 3aZiavueil 1 3allUThl
9KOCHCTEM OKeaHa, II0CKOJIbKY 3arpsisHeHUe yIporkaeT 6M0JIOTHYeCKOMY pasHO00pasuio
U 3[J0POBBI0 BOJHBIX pecypcoB. OfHAKO CI0KHOCTD 33 a4yl 3aKJIH0YaeTcsd B 60IbIIOM
pasHoo6pasuu 00 beKTOB, UX MaJsIbIX pasMepax, 4aCTUYHOM IIOTPY’KEHUH 10/ BOAY U
CJIMSTHUU C OKpY Kalollell Cpeslo, UTo [iesiaeT 0OOHapy KeHUe 3aTPyAHUTEeIbHBIM. B
HaCTosIer paboTe MbI IIPOBOUM CPaBHUTEILHBIN aHa/IN3 COBPeMEHHBIX MEeTO/I0B
HaXO0>K/leHHs MOPCKOr0 MaKpoMycopa Ha IIpuMepe ABYX II0AX0/0B. B I1epBoM 13 HUX
IIpoBeZieHa [leTeKI[HA 00 beKTOB Ha I1eJIbHBIX GOTOCHUMKAX C IIOMOIIbI0 HEMPOHHOU CeTH
YOLO. Bo BTOpOM II0XO0Zie OCYILeCTBJIEHHI IIOMCK aHOMaJIMM Ha OT[e/JIbHBIX QparMeHTax
$OTOCHUMKOB C IIOMOIIBI0 CBEPTOYHOU HEUPOHHOU ceTU ResNet50, 00yueHHOM 110
MeToxy Momentum Contrast (MoCo), a 3aTeM UX KJIaCCUPUKAIIUA C IIOMOIIBI0
rpagueHTHOro 0yctrHra CatBoost. OcCo6eHHOCTSMU IIpe/iIaraeMoro BO BTOPOM IIOAXO07e
aJIropuTMa 00y4YeHUs CTaIu pasHble CII0COOBI COMILIMPOBAHUA GparMeHTOB
HU300pa’keHU M II0BEPXHOCTHU MOPS, HEOOXOAUMBIX /I KOHTPAaCTHOTO
CaMOKOHTPOJIMPYEMOI0 00y4YeHUs, U UCII0JIb30BaHUe Pas/IMYHbBIX QYHKIIHU II0TEPh.
KauecTBO 00yueHUd OIIeHHUBAaJIOCh C IIOMOIIBI0 MeTpUKH F1-Score B 3ajaye
pacriosHaBaHUA 00bEKTOB TPEX TUIIOB: IJIaBAIOIIIUI MOPCKOM MyCOp, IITUIIBI U OJIMKU Ha
KaMepe.

45. Application of Convolutional Neural Networks for Upper Ionosphere
Remote Sensing Using All-Sky Camera Data

Andprei Vorobev (1), Gulnara Vorobeva (2)
(1) The Geophysical Center of the Russian Academy of Sciences, (2) Ufa University of Science
and Technology)

This study proposes an original approach to the automatic classification of the upper
ionosphere state through machine identification of images captured by sky cameras, also
known as all-sky imagers. Based on 10 years of sky observations within the auroral oval
(Kola Peninsula, Russia), represented by 163,899 images with a 10-minute sampling
interval, an intelligent information system was developed using convolutional neural
networks. This system identifies whether an input image belongs to one of seven
predefined classes and subsequently interprets the result. The analysis of performance
metrics for the system, built on the ResNet50 neural network architecture, demonstrated a
classification accuracy of 96%, a level practically unattainable through manual processing
of datasets of this scale. This approach holds the highest practical significance in Russia's
polar regions, where reliable and accurate geomagnetic data coverage is sparse (Taymyr
Peninsula, Gydan Peninsula, northern areas of Yakutia, etc.). In these regions, auroras
serve as the only widely accessible indicator of space weather conditions and the state of
the upper ionosphere.

54. Foundation models of ocean and atmosphere in 2025: milestones and
perspectives.



Krinitskiy M.A. (1,2)

Over the past two years, large-scale deep-learning foundation models have evolved from
atmospheric-only emulators into first-generation, coupled ocean-atmosphere surrogates
capable of delivering global forecasts in seconds. In this talk, we will trace the key
milestones that enabled that leap: kilometre-resolution training corpora, self-supervised
spatio-temporal transformers, cross-fluid conservation tokens, and mixed-precision
inference on modern GPU/TPU hardware. Benchmarks such as GraphCast, Pangu Weather,
NVIDIA Earth-2 FourCastNet NIM now meet or exceed state-of-the-art numerical weather
prediction at 1-10-day horizons, while emerging oceanic counterparts reproduce
mesoscale eddy energetics and seasonal heat content with orders-of-magnitude lower cost.
Building on our earlier neural super-resolution and statistical correction modules for
surface winds and temperature, we outline a roadmap toward a Russian kilometre-scale
foundation models. The presentation will (i) review the present performance frontier, (i)
discuss outstanding challenges—coupling stability, representation of rare extremes,
uncertainty quantification, and open benchmarking and (iii) propose community actions,
including BRICS-wide validation campaigns and resource-aware fine-tuning strategies. By
compressing decades of observations and petabytes of high-resolution simulations into a
reusable latent representation, foundation models promise to democratise high-impact
forecasts, accelerate climate-risk adaptation, and shift the focus of geophysical research
from parameter tuning to physics-aware learning.

60. CpaBHeHHe MO/iejiell MAlIMHHOI0 00y4YeHHs B 3aJiadye
HaeHTUPUKAIIUN aHOMAaJ/INH B JaHHBIX BU3Ya/IbHOU CHEMKH
MOBEPXHOCTH MOPSA

Fenoycoea 0.(1,2), KpuHuykuii M. A.(1,2)

(1) Mockoeckuil husuko-mexHuHecKuil uHcmumym (HayUuOHAa/AbHbLI UCC/1e008amMe/ibCKULL
YHUgepcumem),(2) HHcmumym okeaHosio2uu umeru I1. I1. IlTupwosa Pocculickoil akademuu
HayK

O6Hapy>KeHre MOPCKOr0 MAaKpoOMycopa SIBJISIETCS Ba>KHOU 3ajaueil 11 3allUThl
9KOCHCTEM OKeaHa, ITI0CKOJIbKY 3arpsi3HeHNe yTpoykaeT OMO0JIOTHUECKOMY pasHO06pasuto
U 3[I0POBBHI0 BOAHBIX pecypcoB. OFHAKO CI0KHOCTH 3a/ja4yy 3aKJII0YaeTCs B 60JIBIIIOM
pasHoobpasuu 06bEeKTOB, UX MaJIbIX pasMepax, YaCTUUHOM IIOTPY>KeHUU 110, BOAY U
CJIUSTHUU C OKPY>Kalollleil cpefio, UTo JestaeT OOHapy KeHUe 3aTPYAHUTEILHBIM. B
HaCcTodAIer paboTe MBI IIPOBOAUM CpaBHUTEIbHBIN aHaIU3 COBPEMEHHBIX METO/IOB
HaX0’X[eHUs MOPCKOI0 MaKpoMycopa Ha IIpUMepe IBYX II0AX00B. B I1epBoM U3 HUX
IIpOBe/JleHa [eTeKIWsA 00beKTOB Ha I1eJIbHBIX GOTOCHUMKAX C IIOMOIIBI0 HEMPOHHOU CeTH
YOLO. Bo BTOpOM ITO/IXO0/e OCYIIIeCTBJIEHBI IIOMCK aHOMAaJJIUU Ha OTAe/JIbHBIX pparMeHTax
$GOTOCHUMKOB C IIOMOIIBI0 CBEPTOYHOM HeMPOHHOM ceTH ResNet50, 06y4ueHHOM 110
MeToxy Momentum Contrast (MoCo), a 3aTeM UX KJ1aCCUPHUKAIIHSA C IIOMOIIBI0
rpagueHTHOTrO 6ycTrHra CatBoost. 0CO6eHHOCTSIMU IIpe/yiaraeMoro BO BTOPOM II0AX0/ie
aJIropuT™Ma 06yyeHUs CTaId pasHble CII0COObI COMILIMPOBAaHUSA GparMeHTOB
n300pa’keHUU II0BEPXHOCTU MOPSI, HE0OOXOIUMBIX JI1 KOHTPaCTHOTO
CaMOKOHTPOJIMPYEMOTO 00yUeHUs, U UCII0JIb30BaHUE Pas3IUUYHBIX QYHKIIUU II0TEPb.
KauecTBO 00yueHMs OIIeHUBAJIOCh C IIOMOIIBI0 MeTPpUKHU F1-Score B 3azjaue
pacro3HaBaHUI 00beKTOB TPEX TUIIOB: IIaBAIOII[HUIL MOPCKOU MYCOP, IITUITHI U OJIUKU Ha
KaMmepe.



56. Detection of Irminger Rings in high resolution ocean hydrodynamic
modeling data using artificial neural networks

M.Kalinin(1), M.Krinitskiy(1,2), PVerezemskaya(1)
(1) Shirshov Institute of Oceanology, Russian Academy of Sciences, (2) Moscow Institute of
Physics and Technology

Deep convection in the Labrador Sea is a key component in the formation of the lower
branch of the Atlantic Meridional Overturning Circulation (AMOC). It is known that
mesoscale eddy activity in the Labrador Sea, represented by Irminger Rings (IR),
influences the convection process. In order to analyze the impact of IRs on the spatial-
temporal variability of the mixed layer depth, it is necessary to create a trajectory
database of eddy motion, which poses the problem of IRs detection and tracking with high
accuracy. In this study, we propose the novel technique for detection of IRs in high-
resolution ocean numerical simulation. The research is based on the regional model of the
Subpolar North Atlantic NNATL12. There are known automated eddy identification
methods that are widely used as a tool for studying eddy activity in statistically significant
samples. The most commonly used local extrema search method depends strongly on a
number of parameters chosen by an expert exploiting this approach. In order to alleviate
the subjectivity issue, we first implemented the automatic identification scheme for IRs
based on the local extrema search. We optimized the scheme employing Bayesian
optimization framework resulting in optimal values of the hyperparameters of this eddy
identification algorithm. While the optimization significantly improved the quality of the
identification, we found that there is a room for further improvement of IRs detection. As a
promising alternative to the heuristic local extrema search algorithm, we propose using
artificial neural networks. In this study, we employed a convolutional neural networks
similar to U-Net which we trained to segmemnt the eddies. We first pretrained it on the
results of heuristic IR detection algorithm. We then further trained it on the expert-labeled
IRs. The resulting IR detection quality is high enough to further implement tracking
algorithms. The application of artificial neural networks, specifically convolutional neural
networks akin to U-Net, has demonstrated considerable potential in enhancing the
detection of Irminger Rings in high-resolution oceanic simulations. By leveraging a two-
stage training process, initially utilizing heuristic algorithm results followed by expert-
labeled IRs, we achieved a detection accuracy that surpasses traditional methods, thus
providing a robust foundation for subsequent eddy tracking endeavors. The integration of
machine learning techniques with traditional oceanographic methodologies holds
significant promise for advancing the precision and reliability of IR detection and tracking.
This approach not only mitigates the subjectivity inherent in parameter selection for
heuristic methods but also capitalizes on the adaptability and learning capabilities of
neural networks. As such, this method presents a substantial improvement over existing
techniques and contributes to a more nuanced understanding of mesoscale eddy dynamics
and their influence on deep convection processes in the Labrador Sea.

73. MogesipoBaHue TYPOYyJIEHTHOIO IIepeHoca mpuMecei B
IUIaHETaPHOM IOTPaHUYHOM CJI0€ C IPHMEHEHHEM METO0B KPYITHBIX
BHXpell 1 MeTO,0B MaIlIUHHOI'0 00y4YeHUs

H. A. I'epacumoe (1), M. A. Kpunuukuti (1, 2), E. B. Mopmuxos (3,4)
(1) MockoscKkuil (pusuko-mexHuHeCKull uHcmumym (HayuOHA/AbHbLU UCC/1e008aMebCKUlL



YHuUgepcumemy), (2) HHcmumym oxkearosioeuu um. I1. I1. IlTupwosa PAH, (3) HayuHo-
ucc1e008ame/1bCKULl 8bIHUCAUMEABHDLI UeHmMp MOCK08CK020 20Cy0apCmeeHH020
YHUgepcumema umeHu M.B. JlomoHocosa, (4) Mockogckull yeHmp ¢fyHOAMeHMAAbHOLL U
NPUKAadHoll mamemamuku, Poccus

[I1raHeTapHBIN IIOTPAaHUUYHBIN 104 aTMocdepsl! (IIIIC) urpaeT KIHUYEBYI0 POJIb B
KOHTEKCTe IIepeH0Cca 3arpSI3HAI0IIUX BEIleCTB, UTO HEIIOCPEeICTBEHHO BIUgeT Ha
9KO0JIOTUYeCKOe COCTOAHYE aTMOChepHhl U IIOACTUIA0Iel TOBepXHOCTH [1]. [ToaTomy
MOJieJIUpOBaHue paciipocTpaHeHnus npumMmecei B IIIIC aBiseTcsa GyHAaMeHTaJIbHOU
3ajtaueli, II0CKOJIbLKY TOUYHOEe IIPOTHO3SUPOBaHME HEOOXOIUMO JJI OIleHKU KauyecTBa
BO3/lyXa Ha pas/IUYHbIX MaciiTabax. TpafUITMOHHO CUUTAETCs, UYTO pacllpoCTpaHeHUe
rasoBbIX U a3p030JIbHBIX IIprMecel B [IIIC XOpOIII0 alllIpOKCUMUPYETCS C
UCII0JIb30BaHKeM QYHKITUU IVIOTHOCTU HOPMAaJIbHOTO paclipefiesieHUd [2], Kak II0Ka3aHo
Ha puc. 1, 0fHAKO CYIIleCTBYIOIIMEe METOAbl pacyeTa OrpaHUYeHbl BEIUUCIUTETbHBIMU
pecypcaMu u3-3a CJI0)KHOCTU MOJIeJIMPOBaHUS TYPOyIeHTHBIX IIPOIIeCCOB, BOSHUKAKIIIUX
IIPU B3aUMO/IeICTBUU BO3AYIIIHBIX MacC C IIO/ICTHUJIAI0INEHN II0BEPXHOCTHIO.
[TosrysaMIIMpHUYecKUe II0AX0AbI K IIPOrHOSUPOBAHUIO IIepeH0Cca 3arpsi3sHeHUH,
IeMOHCTPUPYIOT HEBBICOKYIO TOYHOCTh, 0COOEHHO B YCJIOBUAX CJI0KHOM oporpaduu 1
HeOHOPOIHOM II0ICTUIA0IIeN IT0BepXHOCTH [3]. Llesibr0 HaCTOLIero uccjae 0BaHus
sIBJIIeTCs paspaboTKa MeTO0/I0TMH aIlIIPOKCUMAIIUH IIEPBLIX MOMEHTOB
IPOCTPAHCTBEHHOTO paclipeiesieHus IpuMecei B TypoyseHTHOM IIIIC ¢ mpuMeHeHUuEeM
MEeTOZ0B MAIlTMHHOTO 06y4yeHus (MO). /lj1g riosrydyeHus pedpepeHCHOU KOJUTEKITUU
DAHHBIX MBI MCII0JIb3YeM METO/ KPYIIHBIX BUXPeH I UMCIeHHOI0 MO/IeJIMPOBaHUA
atMocdepsl ¢ BLICOKUM paspelleHreM. B paMKax Uccaef0BaHUS ObLIN
IIpOaHaJIU3UPOBAHEI IIEPBLIE 1Ba [eHTPAJIbLHBIX MOMEHTA paclipeie/IeHUs IIPUMeCH I10
BEPTUKAJIBLHON U TOPHU30OHTAIbHOM 0CSIM, OCpeHEeHHbIe 110 BpeMEeHH, B YCIOBUIX
crarroHapHoro IITIC. /i popMUpoBaHUS KOJUIEKIIUY 00yYarOIUX JaHHBIX ObLIO
IIPOBEIEHO YUCJIEHHOE MO/IeJIMPOBaHMe PacIIpoCTpaHeHUs IIpUMecell MeTO0M KPYITHBIX
BUXpel [4]. B kauecTBe BapbUpPyeMbIX BXOJHBIX ITapaMeTPOB MO/IeJIU 3a/JlaBaIUuCh
BHEIIIHUE YCJIOBUS, TaAKHe KaK IIIepOX0BATOCTh II0ICTUJIAI0IIEN IIOBEPXHOCTH, TPAJUEHT
TeMIlepaTyphl HaJl BepxHel rpaHulle! III1C U T.71., 0fMHAKOBBIE [IJIs1 BCero floMeHa. Takxke,
IJIS Ka)KI0Tr0 UCTOYHUKA 3a/jlaBaIuCh KOOPAWHATEL U €r0 MOIITHOCTh. ITH JKe IIapaMeTpPhI
UCII0JIb30BaJIUCH 111 OPMUPOBAaHU IIPU3HAKOBOTO OIIMCAHUA COOBITUH (BapHUaHTOB
pacrpocTpaHeHUs IpuMeceil B aTMocdepe IIpU 3aZlaHHbIX BHEIITHUX ITapaMeTpax) IIpu
pellleHUH 3a/jla4yy B II0X0/le MAIlIMHHOTO 06yueHus. [loslyueHHEbIe pe3yabTaThl
UHCJI€eHHOT'0 MOJIe/IMPOBAaHUA CPaBHUBAJIMCH C alllIPOKCUMAIIUAMU, paCCUUTaHHBIMU
IIPU IIOMOIITU TPeX pasIMYHbIX II0/IX00B: TPAAUITMOHHOM TeOpHUH Ha OCHOBe 'ayccoBa
pacrpenesneHu [3], Ki1acCuueCKUX aJropuTMoB MO U UCKYCCTBEHHBIX HEMPOHHBIX CeTel
(ANN). B xayecTBe KJIaCCUUYECKHUX aJITOPpUTMOB MO OBLJIM HUCII0JIb30BaHbl: JUHENHAsA
MOJieJIb, MOJieJIb CJIyJaMHBIX JIECOB U MOJIeJIb IpaeHTHOro 6ycTtrHra Catboost.
CpaBHUTEJILHBINA aHAIU3 Pe3yIbTaTOB IIPOeMOHCTPUPOBAJI IIPEBOCXOICTBO METOI0B
MAaIllMHHOTI0 00y4YeHUsI B CPaBHEHUH C TPAJAUIITMOHHBIM II0JIYIMIIMPUUYECKUM II0/IX0J0M.
B mepcriekTHBe IUIAaHUPYETCA paclIupeHre MeTOL0JI0THH [JId yyeTa 00JIbIIIero
KOJIMYeCTBa aTMOCHEPHBIX ITapaMeTPOB U 60Jiee pasHOOOPa3HBIX YCIOBUUA
IIO/ICTUJIAOIIE M IIOBEPXHOCTHU. TakyKe paccMaTpUBaeTCs BOSMOKHOCTE IIPUMeHEeHU
MeTO/I0B IJTy6OKOI0 06y4eHUs 151 [IOBBIIIIEHUS TOYHOCTH IIPOTHO3SUPOBaHU Ha
OO0JILIINX BpeMeHHbBIX MaclITabax.

[1] Hendrik Tennekes; The atmospheric boundary layer. Physics Today 1 January 1974; 27
(1): 52-63. https://doi.org/10.1063/1.3128397 [https://doi.org/10.1063/1.3128397] [2] Sutton O. G.,
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pp-143-165. [3] RaZnjevi¢, A., van Heerwaarden, C., and Krol, M.: Evaluation of two
common source estimation measurement strategies using large-eddy simulation of plume
dispersion under neutral atmospheric conditions, Atmos. Meas. Tech., 15, 3611-3628,
https://doi.org/10.5194/amt-15-3611-2022, 2022 [https://doi.org/10.5194/amt-15-3611-2022, 2022].
[4] Tkachenko, EV., Deboiskiy, AV. & Mortikov, EV. Intercomparison of Subgrid Scale
Models in Large-Eddy Simulation of Sunset Atmospheric Boundary Layer Turbulence:
Computational Aspects. Lobachevskii ] Math 42, 1580-1595 (2021) https://doi.org/10.1134/
S$1995080221070234 [https://doi.org/10.1134/S1995080221070234]

51. HelipoceTeBoe IPOCTPAHCTBEHHOE MACIITAa0UpPOBaHM e IOJIeH
IPHUIIOBEPXHOCTHOIO BeTpa HaJ bapeHneBbIM U KapCcKHM MOpsSAMHU

Pe3eoe B.IO. (1,2), KpuHuuykuit M.A. (1,2)
(1) Mockosckuil pusuko-mexHudeckuii uHcmumym, (2) HHcmumym okeaHosio2uu um. ILI1.
IITupwosa PAH

B HacToOsAIleM UCC/IeIOBAHUH M3yYaeTCsd BO3SMOKHOCTS IIPUMEHEeHHUsI UCKYCCTBEHHBIX
HeMPOHHBIX CeTeU K 3a/jadye MacIlTabMpoBaHU IIPUIIOBEPXHOCTHOTO BeTpa Ha
BapeHI1ieBbIM U KapckuM MopsiMu. M CII0/Ib3YIOTCA pasjinyHble KOHQUIYpAITUU MOIeIH
IJIyO0KOro 06y4eHus C IIPOITYCKHBIMU COeJUHEeHUSIMU, CIIOCOOHOM K BBISIBJIEHUIO
CJIO’KHBIX HEeJIMHEMHBIX COOTHOIIIEHUH, COOTBETCTBYIOIIIHUX Pa3IUUYHBIM
IIPOCTPaHCTBEHHLIM MaciiTabaM. B HallleM Uccief0BaHUM B KaueCTBe BXOAHBIX TaHHBIX
HU3KOT'0 paspelieHus 1 TaKOU MOJiesId IIPUMEeHSI0TCS pe3yIbTaThl IJI06aJIbHOT0
aTMocdepHoro peaHanusa ERAS ¢ mpocTpaHCTBEeHHBIM paspelieHueM 0,25°, a OIIOpPHEBIe
LaHHbBIe B BHICOKOM paspellleHUH IIpe/CcTaBIeHbl pe3yabTaTaMU YHCIeHHOIO
MOZIleJIMPOBaHU ¢ IpuMeHeHHneM Mojesu Weather Research and Forecasting (WRF) ¢
paspeiieHreM 6 KM 3a rmepuoz, ¢ 2015 o 2023 rr. HayaibHBIMU U TPAaHUYHBIMU
YCI0BUAMU 11 Mofiesid WRF IIOC/Ty>KUJIU JaHHBIe ollepaTUBHOTO aHaiausa GFS (Global
Forecast System, NOAA, USA). Buky6orueckast UHTEPIIOJIALUSA JaHHBIX peaHaIn3a
SIBJISI€TCS OIIOPHBIM pellleHrueM U CPaBHUBAETC C HeMpPOoCeTeBbIM MO eJIMPOBAHUEM C
TOUYKH 3peHUd CpeJHEeKBaAPaTUYHOM OIITUOKU abCOII0THOM CKOPOCTHU BETpa, IMKOBOTO
OTHOILIEHUS CUTHaJIA K I[IIYMY U MH/EeKCa CTPYKTYPHOM CX0XKeCTH. /|11 OIleHKH KayecTBa
MacIITabMpoBaHUA MBI TaKXKe IeMOHCTPUPYEM BaIMJAllHI0 Pe3yJIbTaTOB HeHpOoCceTeBOIo
MO/Ie/IMPOBaHUA C TOUKHU 3peHUS BOCIIPOMU3BeleHUs aTMOCePHBIX IBJIEHUM Ha
PasJIMYHBIX MaclITadbax.

82. CpaBHeHHEe MeTO0B MAallIMHHOI'0 00y4YeHUs [JIs1 yueTa CBsA3eH C
3anasabIBaHUEM IIPH MO/ e/ IHPOBAHUH I'OPOJACKOIro OCTPOBA TeIria.

Hasmymounoe K. 9. (1, 2), BapeHuoe M.U. (1, 3)
(1) PITMY, (2) AAHHUH, (3) HUBI] MI'Y

B pa6oTe ucciaeyI0TCI MeTO/IbI MAIIIMHHOIO 00yYeHUs A1 alllIPOKCUMAaIlU pasHUIIbI
TeMIlepaTyp Me>XAy TOPOICKOU U CeJIbCKOM MEeCTHOCTBHI0 (MHTEHCUBHOCTH TOPOJCKOTO
OCTpOBA TeIuIa) Ha IpuMepe MockBhI U CaHKT-IleTepbypra. B poyiu 11pefuKTOPOB
BBICTYIIAKOT JIOJITOCPOYHEBIE OCpeJHEHHbIE 110 PeTHOHY TaHHbIe HAOJII0IeHUM C
3arOPOJHBIX CTAHIIUU U JaHHbIe IJI00aIbHOIO0 peaHasnrsa ERAS c mmarom cetku 0.25° ¢
2012 110 2023 rT. OCO6€HHOCTHI0 METEOPOJIOTUYECKUX JaHHbIX SIBJISETCA HAJTUUHe
CUJILHOM aBTOKOPPeJIAIUY (CBSI3€e! C 3arasAblBaHueM). [[J1s1 yueTa 3STUX 3aBUCUMOCTEeN
HUCCJIeIYIOTCA 1Ba moaxoza: (1) sBHOe MOpOoKAeHMe IIPU3HAKOB, XapaKTePU3YIOIIIUX CBA3U
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C 3arasgblBaHueM (TeHeHIIHUH, CKOJIb3SIIHe CpeaHKe) I KJIaCCUYeCKON MO e/Ix
CatBoostRegression, ImokasasIlleil paHee HaWJIY4Illyl0 TOYHOCTD, U (2) IpUMeHeHNe
apPXUTEKTYPHO YUYUTHIBAOIIEH I10C/Ie[0BaTeJIbHOCTH PEKYPPEHTHON UCKYCCTBEHHOMN
HeWpoHHOM ceTH LSTM. Pe3ysibTaThl SKCIIEPUMEHTOB II0Ka3aIu, uTo 11oaxoxn ¢ LSTM He
IIpeB3o0l1IesI 110 TOUHOCTHU CatBoost ¢ BpeMeHHBIMH IIPHU3HAaKaMU, IIOPOKAeHHBIMHU
9KCIIePTHBIM 00pa3oM. B ItaHax — 9KCIIepUMeHTEI ¢ Mofies1bl0 GRU 1 o6yueHHe
HeHpoceTer Ha JaHHBIX, BKJIIOYAIOIUX CBSA3H C 3alas3AbIBaHHUEM.

72. Deep Learning-Based Estimation of wind induced waves parameters
from X-Band Radar Imagery

Alexander Suslov (1), Mikhail Krinitskiy (1, 2), Alexander Gavrikov (1), Mikhail Borisov (2),
Natalia Tilinina (1)

(1) Shirshov Institute of Oceanology, Russian Academy of Sciences, Moscow, 117997 Russia
(2) Moscow Institute of Physics and Technology, Dolgoprudny, Moscow oblast, 141701 Russia

Shipborne navigation radars are essential for safe maritime navigation, detecting vessels
and obstacles. Reflections from the sea surface—known as Bragg scattering—produce sea
clutter, typically filtered out as noise. When the sea surface is rough enough (wind speed >
3 m/s, significant wave height (swh) > 0.5 m), this clutter becomes visible in unfiltered
radar images, allowing for the retrieval of wind-induced ocean wave parameters.
Traditional wave parameter estimation relies on three-dimensional Fourier analysis and
linear dispersion relationships, which require modulation transfer functions, signal-to-
noise ratios, and radar-specific calibrations, resulting in high computational costs and
limited accuracy gains. Deep learning techniques, particularly convolutional neural
networks (CNNs), offer robust image processing capabilities, handling noisy data without
the need for Fourier transforms or long radar image series. In this study, we introduce a
CNN-based SeaVision package which estimates wave characteristics from shipborne radar
data. We trained various CNN architectures (ResNet52, ResNet152, etc.) to infer significant
wave height and period, using Spotter buoy measurements as ground truth. Our approach
outperforms classical methods by requiring only a single radar snapshot to estimate wave
characteristics, whereas traditional 3D Fourier-based methods require over 12 minutes of
radar data.

83. USING MACHINE LEARNING METHODS FOR JOINT PROCESSING OF
DATA FROM MULTIPLE SEMICONDUCTOR GAS SENSORS

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

(1) D.V. Skobeltsyn Institute of Nuclear Physics, M.V. Lomonosov Moscow State University, (2)
Scientific-Manufacturing Complex Technological Centre, (3) MIREA — Russian Technological
University, (4) Physics Department, M.V. Lomonosov Moscow State University (5) Chemistry
Department, M.V. Lomonosov Moscow State University

This study addresses 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, as well
as high temporal resolution of the sensors, nonlinear temperature operating conditions
were used - the so-called heating dynamics. Due to high complexity of physical and
chemical models 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. To provide additional selectivity in the detection of specific
gases, this study considers simultaneous use of data from multiple semiconductor sensors
with various doping components with building machine learning models capable of
providing joint processing. Based on the results of the study, conclusions were made
regarding the selection of optimal combinations of 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-P from the Russian
Science Foundation.

67. loMeHHas ajanTanusa HEHPOHHBIX ceTel B 3ajjaye TUarHOCTUKU
IPUPOIHBIX BOJ II0 CIIeKTPaM KOMOUHAIIUOHHOI'O pacCcessHUA CBeTa

JI.C.Ymezenosa (1), K.A.bysanos (1), A.A.I'ycvkos (1,2), T.A.Zlonenko (1,2), C.A.ZJoneHKo (2)
(1) Mockoeckuil 2cocydapcmeeHHbli yHugepcumem umeHu M.B. JIomoHOco8a, husuHeckuil
gdakyrbmem, (2) Hay4HO-UCC1e008amMe1bCKUll uHcCmumym si0epHoul pusuxu umeHu /. B.
Cko6e/1bublHa MOCKOBCK020 20Cy0apCmeeHH020 YyHugepcumema umeHu M. B. JlomoHoco8a

CoBpeMeHHas 9KOJIOTUYeCKas: CUTyalUs XapaKTepu3yeTcs BO3pacTaIuM
aHTPOIIOTEHHBIM BO3/IeMICTBUEM Ha IIPUPOIHBIE KUIKHUE Cpe/ibl, B YaCTHOCTH, 13-3a
BBIOPOCOB B OKPY KaIOIIYI0 Cpely MUOHOB TsKeJIbIX MeTaJlJIOB. TsoKesIble MeTaJslIb],
o6J1a/1asd BLICOKOM TOKCHYHOCTBIO U CIIOCOOHOCTHIO K OM0aKKYMYJIAIINY, IIPeCTaBIAI0T
CEepbe3HYI0 YIPo3y I BOAHBIX 3KOCUCTEM U 3J0POBbS YesI0BeKa. B CBA3H ¢ sTUM
pa3spaboTka s¢pPeKTUBHBIX METOIOB MOHUTOPHUHTA KOHIIEHTPAIIHH TSKeJIbIX MeTaJlJIOB B
IPUPOAHBIX BOJIAX ABJILETCI OAHOU U3 aKTyaIbHBIX 3a/1a4 COBpeMeHHOM 3K0JI0TUU. B
HacTosIer paboTe paspabaTbiBaeTCs ONITUYECKUM MeTO/ JUaTHOCTUKHU CJI0KHOT0
coCTaBa IPUPOIHBIX BOJl, OCHOBAHHBIM Ha CIIEKTPOCKOIIMY KOMOUHAIIMOHHOTO
paccessHus (KP) cBeTa, ITIOCKOJIBKY JaHHBIU II0IX0] II03BOJIIeT IIPOBOIUTH
OUCTAHITMOHHBIU U 9KCIIPECCHBIN aHAINU3, B OTJINYHE 0T IPUMEHSIOIIUXCA Ha
CEerOQHAIIHUY eHb METO/I0B aHAJIUTUYECKON XUMUMU. /IJId pellleHus
MHOTrOoIIapaMeTpUYeCcKUX 00paTHBIX 3a/1a4 CIIeKTPOCKONUU KP aKTUBHO IIPUMEHSHOTCH
UCKYyCCTBeHHBIe HeUpoHHEIe ceTUu (MHC), KoTopkle 3a IocjaefHUe NeCATUIeTUS
3apeKOMeH/I0BaJIN Cebs KaK MOIITHBIN HHCTPYMEHT [IJIs1 PellleHUsI HEKOPPEKTHO
II0CTaBJIEHHBIX 00paTHBIX 33/1a4 C BhIpa’KeHHOU HeJIMHEMHOCTHI0. OTHAKO IIpUMeHeHUe
WHC p1g pelieHUs yKa3aHHBIX 3a/1a4 TpebyeT [MoJIydeHUd IIpeCTaBUTeJIbHOT0 Habopa
OAHHBIX peayIbHBIX cpef (TBICAYU CIIEKTPOB), UTO CYIIeCTBEHHO OTPaHUYMBaET
BO3MO>KHOCTh TpaHcdepa pa3spaboTaHHBIX TEXHOJIOTUMN U3 00J1aCTU HAYYHBIX
HUCCIIe0BaHUM B 06/1aCTh IIPaKTUYeCKOT0 IIpUMeHeHYs. B naHHo paboTe IIpejjararoTcs
IIO/IXO/bI, CIIOCOOHBIE PeIIUTh IP06JIeMy HeXBaTKU JaHHBIX. Bo-IIepBhIX,
paccmarpuBaeTcsa o6yuyeHre MHC Ha criekTpax KP Moie/IbHBIX PacTBOPOB, IIOJIYyYeHHBIX
B J1Iab0OPaTOPHBIX YCI0BUAX. BO-BTOPBIX, /I IIPE0f0IeHUS IIP00IeMbl pasjinyus B
pacipeesleHUH CIIeKTPaJbHBIX JaHHBIX MOJeJbHBIX U PEYHBIX PaCTBOPOB
HUCCJIeI0BAIUCh U IPUMEHSJIMCH aJITOPUTMEBI IOMEeHHOU ajiariTaliuu. B pamkax
HUCCIeI0OBaHU ObLI IIPOBE/IeH CPaBHUTEIbHBIN aHAINU3 aJIbTePHATUBHBIX II0IXO0/0B:
IepeHoca 06yueHUs U JOMEHHO-COCTS3aTeIbHOr0 06ydeHus MHC 11pu riepexozie OT
60JIBIII0M BEIOOPKU CIIEKTPOB MO eJIbHBIX PACTBOPOB TSHKEJIbIX MeTaJlJIOB B
OTUCTUJLIMPOBAHHOU BOJie (MCXOHBIN JOMeH) K MaJIOU BEIOOPKe CIIEKTPOB PacTBOPOB,
II0JIyYeHHBIX Ha OCHOBE peasIbHBIX PeUHBIX BOJ MOCKBHI-peKH, Sy3bl, BUTIBI 1 CeTyHU
(1resteBOM OMeH). BBLIO ITOJIy4eHO YMeHbIIIEHUEe OIIUOKU JIJIs1 BCeX UCCIelyeMbIX HOHOB
(Zn2+, Cu2+, Li+, Fe3+, Ni2+, NH4+, SO42-, NO3-) B cpegHeM Ha 50% I10 CpaBHEHUIO C
npuMmeHeHrueM MHC, 06ydeHHBIX TOJILKO Ha MaJIou 6ase crieKTpoB KP pacTBOpoB Ha



OCHOBE peaJIbHBIX PeUHBIX BO/.
VcciiegoBaHMe BBITIOJTHEHO 3a CUET rpaHTa Poccuiickoro HayuyHoro ¢ponma Ne 24-11-00266.
Pa6ora J.YTereHOBOM mmofiepkaHa QOHIOM TeOpeTUYeCKON GU3UKU U MaTeMaTHUKHU
«basuc» (gorosop Ne 24-2-1-72-1).

89. BoccTaHOBJ/IeHHE BBICOTHI 3[JaHUH C MCII0JIb30BaHHEM MAaIIMHHOTO
o0yueHUs M HUPPOBOIL MOAeHN MOBEPXHOCTH ArcticDEM

OkyHeea Baada BukmopoeHna(1), CamcoHos Tumodpeli EgzeHbesuu(1,2), BapeHU08
Muxaun Hearnosu4 (1,2)

(1) Mockosckuil 2ocydapcmeeHHbll yHusepcumem umeHu M.B. JlomoHocoea, (2) PI'BY
«'udpomemueHmp Poccuu»

MogesipoBaHue II0r0bl U KJIUMaTa A1 ypOaHU3SHUPOBaHHBIX TePPUTOPUU TpebyeT
ZleTaJIbHOI'0 OIIMCaHUs TOPOCKOM IIO/CTHIIAIOIIEH II0BEPXHOCTH. CTpeMUTeIbHOe
IIpeoOpasoBaHue TOPOJICKOM Cpebl TpebyeT PeryIspHOro 060HOBJIEHUS HEOOXOAUMBIX /I
pacueTra gaHHBLIX. HecMOTps Ha II0sIBJIeHME BCe O0JIBIIIEro KOJIMyecTBa MOJlesIei
TOPOJICKOTO KJIMMAaTa B pasHBIX MacIlTabax, Ha JaHHBIM MOMEHT BCe ellle OTCYTCTBYeT
II0JIHBIH, I7I00a/IbHBIN U COIVIACOBAaHHBIM HaO0p IIPOCTPaHCTBEHHEIX JaHHbIX,
XapaKTepU3YIIUX peieBaHTHBIE CBOMCTBA I'OPOICKOM 3aCTPOMKHU. CyIIleCTBYOIIUe
ceryac IIPOAYKTHI, II0Ka3bIBAIOT, YTO pasHooOpasue nmapaMeTpoB U HEOJHOPOIHOCTD
TOPOJICKOM Cpefbl B PasHBIX YaCTIX MUPa OCJIOKHAIOT CO3laHUe TaKoro Habopa JaHHBIX.
VIMeHHO I103TOMY Ba’KHa MHTeTpaliis CyIeCTBYIOIUX HAO0POB JaHHBIX U
YCOBEPIIIEHCTBOBAHUE YoKe CYIIeCTBYIOIIUX 6as, ITyTeM JIOII0JTHEHUS HE0OX0JUMBbIX
aTpUOYTHUBHBIX XapaKTEPUCTUK U 3aIl0JTHEHUS HeJOCTAIOIINX JaHHbIX. [[e1b10
UCCJIe0BaHUA BJIETCS BOCCTAHOBJIEHHWE BEICOTHOCTH 34aHUM, OJ{THOTO U3 K/IIOYEBBIX
reOMeTpHUYeCKUX ITapaMeTPOB FOPOJCKOM Cpe/ibl, HA OCHOBe pasHOOOpa3sHbIX UCTOUHUKOB
C UCII0JIb30BaHMEM MAIlIMHHOI0 00yueHUs. PaboTa BHIIIOJIHEHA Ha IIpUMepe Topoja
CaHKT-IleTep6ypra. B paboTe UCII0/Ib3yeTCs HOBasA BEKTOPHas 6a3a IIPpOoCTPaHCTBEHHBIX
DaHHBIX Overture Maps, YHUKaJIBHOCTBEI0 KOTOPOM SIBJIIETCSI MHTErpariis HeCKOJIbKUX
UCTOYHUKOB TaHHBIX (OpenStreetMap, Microsoft Buildings, Google Open Buildings),
Pery/IApHBIN BBIITYCK 0OHOBJIEHUU U CTaHZAPTUSUPOBAaHHAs CTPYKTYpa XpaHeHUs
DaHHBIX. HecMOTpPs Ha CyllleCTBEHHEIe JOCTOUHCTBA, IIP06JIeMOi 0CTaeTCsI OTCYyTCTBHE
DAHHBIX O BBICOTE M 3TAXKHOCTHU I 3SHAUUTEIbHOM [JOJIU 3[aHUM, 0CO6eHHO 11
TeppuTopuu Poccuu. Ha pelirteHre 3T0M IIpo6sieMbl HallpaBJIeHO Hallle KCCcIeoBaHue. B
KaueCcTBe IIPeJUKTOPOB /I BOCCTAHOBJIEHUS 3Ta>KHOCTH HUCII0JIb30BaH Habop
MOpP$OMETPUYECKUX IIPU3HAKOB COOTBETCTBYIOIIIUX 3[aHUAM II0JIUTOHOB: €ro IIOIa/b,
€ro KOMIIaKTHOCTb, IIPOIIOPIIMU MUHHUMAaJ/IbHOTO I10 ILIOIAaAH OrPpaHMYHBAIOIIEero
IIPSIMOYTOJIBHUKA M OTHOILIEHHe ILIOIA N 34aHU K IUIOIAH 3TOr0 IIPIMOYTOJIbHUKA.
KpoMe TOro, 6BIIM UCII0/Ib30BAHbI XapaKTePUCTUKU OKPY Kalollleld TeppUTOPHH, a
UMEeHHO JIOKaJIbHbIe KJIMMaThu4yecKue 30HEI (JIK3) us 6assl gauHblx WUDAPT, KoTOpBIE
SIBJIAI0TCS YHUKAJILHBIMU PeTHOHAMU C OFHOPOAHBIMHU I10 CTPYKTYPE, IIOKPOBY U
MaTepHraIOM II0BepXHOCTU. B KauecTBe JOIIOJTHUTEIbHBIX XapaKTepUCTUK TaKXKe ObLINU
UCII0JIb30BaHbl HasHaUeHNe 3/1aHUd U ero Kilacc U3 6asbl JaHHbIX Overture Maps.
Mozes1b BOCCTaHOBJIEHHU 3Ta>KHOCTH peaji30BaHa MeTO0M PerpecCOHHLIX /IepeBLEeB C
IIpUMeHeHUeM IrpaiieHTHOT0 0ycTUHTa. TeXHUYecKas peaInsaliys BhIIIOJTHEeHa C
roMol1nbio 6ubamoreku CatBoost. Kpome Toro, ucciejoBaHa UCII0JIb30BaHUE B KaueCTBe
IOIIOJIHUTEJILHOTO IIPeJUKTOPa OIIeHKHU BBICOTHI 3TaHUA [TUPPOBasi MO/ieJIb II0BEPXHOCTH
(ITMII) BBICOKOTIO paspeleHus. B KauecTBe 1ocjaegHer ucnosib3oBaHa [IMII ArcticDEM ¢
paspelleHreM B 2 M U IIOKPBIBAIOIIasi TEPPUTOPHIO ceBepHee 60 rpazycos c.Ii1. Ha ocHOBe



nHOPMAITUH 0 OPOKHOU CeTH, XpaHsilelicsad B Overture Maps, 6bl1a co3aHa rudposas
Mozesb pesbeda (IIMP), xapakTepusyroIllas BbICOTY IIOBEPXHOCTH 6e3 yueTa 3laHUU U
nepeBbeB. [IyTeM Hax0KeHUs pasHOCTU UCXOJHOr0 Habopa JaHHBIX U pacCUUTaHHOMN
I[IMP 65111 TIOJTy4YeHBI OITeHKU BBICOTHI 3JaHUM, KOTOPhIe UCII0JIb30BaIUCh B KaUeCTBE
OJTHOT0 M3 IIPU3HAKOB B MO/ie/I1 MalllMHHOT0 00yueHUs. O0yueHHe MOJe/IU IIPOBOIUIIOCH
KaK Ha YpOBHe Bcell TeppuTopuu CaHKT-IleTepbypra, Tak ¥ OTAeJIbHO /11 pasHBIX TUIIOB
JIK3. Takoi I10X0/, ITI03BOJINJI OITeHUTh BIUSHUE MOP(OJIOTUYECKHUX 0COOeHHOCTEN
TEPPUTOPUU Ha KaueCTBO IIpe/icCKasaHU U 3SHAUMMOCTh IIPU3HAKOB. B Xozie o0yuyeHUs Ha
TPEHUPOBOYHBIX BEIOOPKaX MOJIesIb eMOHCTPUpPOBasa BLICOKYI0 TOUHOCTD U JOCTUTasIa
sHaueHUH 0,94, yTO yKasbIBaeT Ha XOPOIllee COIJIaCOBaHMeE MO/IeIHU C UCXOTHBIMU
OaHHBIMU. Ha BasiMialiliOHHEBIX BBIOOPKAX TOUHOCTE ObLiIa HI)KEe U BapbUpPOBaJIach OT
0,68 o 0,79. AHaIK3 Ba>KHOCTH IIPHU3HAKOB B ITIOCTPOEHUU MO EJIU IT0Ka3aJl, YTO UX
3HAUYUMOCTE CYIIIeCTBEHHO MeHseTCd B 3aBUCUMOCTH 0T TuIla JIK3. 3To moaTBep KaaeT
HaJInuve BhIpaKeHHBIX MOP(OIOrHUeCKUX 0COOEHHOCTEeH B IIpefieiaX KOHKPETHOU 30HEI
U IIo0UepKHUBaeT HE06XOAMMOCTb UHAWBUIYAJIbHOTO II0AX0/a K IIOCTPOEHUI0 MOJIeTN
IUIA pas/IMYHBIX TeppuTopui. Tak, g JIK3 10, CoOOTBETCTBYIOIIEN IIPOMBINIJIEHHBIMU
TEPPUTOPUAM, KJII0UEBBIM 0Kas3aJICd BBICOTA, IToiydyeHHas 110 ArcticDEM, a 1j19 OTKpBITOM
MaJI03TaKHOM 3acTpouku (JIK3 6) — kiacc sgaHus. CpaBHeHHe Mojieslell, 00y4yeHHBIX Ha
pasHbIX Macirabax (B IIpejesax rOpoCKUX PaOHOB U BCETO TOPO/Ia), TaK>Ke BBISIBUIIO
pasuuus B paclipeieJleHUM IIPU3HAKOB. ITO YKa3bIiBaeT Ha BJIUSHUE MaclliTaba aHaIn3a
Ha UTOTOBBIU pe3yJbTaT U TOUHOCTh MOJiesii. TaKuM 06pa3oM, MOJieJIb TPafleHTHOTO
OyCcTHHIa Ha OCHOBe JJaHHBIX U3 0as3bl JaHHBIX Overture Maps IIpoieMOHCTpUpOBasa
BBICOKYI0 93¢ PEeKTUBHOCTh IIPU BOCCTAaHOBJIEHUHU BBICOT 3[aHUM, UMEIIIINUX pa3INYHbIe
XapaKTepUCTUKU. B TajibHeNIleM II0BHIIIIeHUe TOUHOCTH MOJIeJIN IIpeIIoiaraeTcs IryreM
pacIiIrpeHus UCII0JIb3YeMBIX IIPH3HAKOB U BHeIPEeHUs HOBBIX UCTOYHUKOB JaHHEBIX.

92. Intercomparison of machine learning approaches for identifying hail
from basic weather parameters

Blinov P.D. (1), Chernokulsky A.V. (2), Krinitsky M.A. (3, 4), Bugrimov S.A. (5)

(1) National Research University - Higher School of Economics, Moscow, Russia, (2) A.M.
Obukhov Institute of Atmospheric Physics RAS, Moscow, Russia, (3) P.P. Shirshov Institute of
Oceanology RAS, Moscow, Russia (4) Moscow Institute of Physics and Technology, Russia (5)
Lomonosov Moscow State University, Moscow, Russia

This work presents an integrated approach to hail diagnosis using ERAS5 reanalysis data
and Russian ground observations. We investigate the efficacy of three distinct
methodologies: a Convolutional Neural Network (CNN), a Gradient Boosting on Trees
(CatBoost) model, and a traditional threshold approach based on the composite
WMAXSHEAR index. Interpretability analysis was conducted using SHAP (SHapley
Additive Explanations) and reparameterization techniques. A comparative study of the
models' performance was carried out. The practical applicability of the proposed methods
is further illustrated through a real-case example.

55. Enhancing the Quality of Kp Index Machine Learning Forecasting
Using Higher-Frequency Data and Feature Transformations

IL.M.Gadzhiev (1), LN.Myagkova (2), O.G.Barinov (2), S.A.Dolenko (2)
(1) Physical Department, M.V.Lomonosov Moscow State University, Moscow, Russia (2)
D.V.Skobeltsyn Institute of Nuclear Physics, M.V.Lomonosov Moscow State University,



Moscow, Russia

In this study, we investigate the problem of increasing the quality of existing models for Kp
index forecasting up to 24 hours ahead with hourly step. We show that one way to do so is
to incorporate 5-minute frequency data on the parameters of the interplanetary magnetic
field and solar wind into the training data. We also estimate the effect of adding feature
transformations such as adding time-series differences. Forecasting the Kp index is of
great practical importance, since strong geomagnetic disturbances lead to undesirable
effects, such as the occurrence of geomagnetically induced currents (the strength of which
during magnetic storms can reach tens of amperes) in long conductors with low resistance
- communication and power lines, pipelines, railways; failures in radio communication
systems and satellite navigation systems. Given the 3-hour frequency of the Kp-index, the
task is formulated as forecasting next 8 values of the Kp index every hour. We use gradient
boosting and perceptron type neural networks, which showed best performance in this
task in our previous studies. Previously [1] we used only hourly frequency data available
from the ACE Science Center [2] and from other sources (e.g. Dst index from [3]). This is a
common approach, because it is relatively simple, it looks consistent, and it does not
require a lot of computational resources. However, our analysis, as well as the underlying
physics of geomagnetic processes, suggested that higher-frequency data (especially for the
Bz component) could serve as a good predictor for geomagnetic disturbances. The ACE
Science Center provides historical data on the IMF and SW parameters with a 5-minute
frequency (updated daily) [ccplikal, and the National Oceanic and Atmospheric
Administration provides real-time 1-minute frequency stream for some of the parameters
[2], so it is possible to use 5-minute frequency data for real-time forecasting. We
incorporate the 5-min frequency data on the IMF and SW into the training data and show
that this improves the quality of the forecasting. We also consider and evaluate feature
transformation techniques like differencing times series. Additionally, we provide
evaluation results on the real-time data from NOAA. Practical conclusions are drawn on
which combination works best for the perceptron and gradient boosting. We carry out
model interpretation and compare the results with our previous findings.

This study has been performed within the framework of the state assignment of
M.V.Lomonosov Moscow State University.

[1] Gadzhiev .M., Barinov O.G., Dolenko S.A., Myagkova L.N., Comparative Analysis of the
Procedures to Forecast the Kp Geomagnetic Index by Machine Learning, Moscow
University Physics Bulletin 79(2), . 854-865, https//dx.doi.org/10.3103/5002713492470231X
[http://dx.doi.org/10.3103/5002713492470231X] |

96. MalIMHHOE O0y4YeHHe /I CTAaTUCTUYEeCKOH AeTaTu3aluu
XapaKTepHUCTHK IIPOCTPAHCTBEHHOI'0 pacipeaejieHUsI 0CaIKOB B
MOCKOBCKOM pervuoHe

ApviHuu FOaus HeanoeHa(1,2), Bapenuyos Muxaun Heanoguu(1,2,3), KpuHuukuii Muxaun
Aunekceeguu(4,5,1), CmenaneHko Bukmop Muxaiinoguy(1,2)
(1) Mockoeckuii cocydapcmeeHHbll yHugepcumem umeHu M.B. JlomoHocosa, HayuHo-
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uccaed08amenbCKUll 8blHUCUMeAbHBLU UeHmp, (2) HHemumym gusuku ammocgepol
umeHu A.M. O6yxoea PAH, (3) Tudpomemeoposo2uvecKuil HayUHo-Ucc/a1e008ame1bCKUll
ueHmp Poccutickoil ®edepayuu, (4) HHcmumym okeaHoso2uu um. ILIL ITupwosa PAH,
Haxumogckuil npocnekm, (5) Mockogckuil (pusuko-mexHu1ecKuli uHcmumy

B cBg3u ¢ Ha6/IH0aeMbIMU U3MEHeHUsIMU KJIMMaTa y4yalljaroluecs IKCTpeMalbHble
0CaJIKU OKas3bIBAIOT BJIHSHUE Ha pas/IMUYHbIe PeTHOHBI, BKI0Uas CeBepHYI0 EBpasuro, 1
0CO0EeHHO paspyLIUTe bHbI B KPYIIHBIX ropoiaxX. [J106a1bHble KIIMMaTUYeCKUe
U3MeHeHUs 00BIYHO OIIeHUBAKOTCA IIyTeM YMeHbIIIeHUs MaclliTaba KpyITHOMAacCIITabHbIX
KJIMMaTHUYeCKUX XapaKTepPUCTUK, KOTOPEIEe JIyUIlle paspellanTca B KIUMaTUYeCKHUX
MOJeJIsIX, 10 MeJIKOMAacCIITaOHbIX IIepeMeHHBIX, KOTOPhIe He MOT'YT OBITH IBHO
paspeleHsl Ha CeTKe KJIMMATUYeCKON MOiesiu. B IpebIAyIIiuX UCCIeJ0BaHUAX
U3yYasIuCh II0AX0AbI MAllIMHHOTO 00yUYeHUs /11 YMeHbIIIeHUs MaciliTaba 0CaKoB B
HEeCKOJILKUX PervoHax, HO TeppUTOpHsA MOCKOBCKOH aryioMepaliuy, KpyIrHeuIneu B
Poccuu u EBpoIre, ocTasach HETPOHYTOM, a €5KeroJHbIN PUCK HaBOSHEHUH H3-3a
9KCTpeMaJsIbHBIX 0CaJKOB B 3TOM pPervoHe 0CTaeTCs 0OUeHb BHICOKUM. B maHHoO paboTe
MeTOZbI MallIMHHOI0 00yYeHU B CTATUCTUYECKOM leTaIr3alluu UCII0Ib3YIOTCS I
II0JIyYeHUs XapaKTepUCTUK IIPOCTPAHCTBEHHOIO paclpe/iesileHUs 0CaKOB
(MaKCcUMaJIbHOIO 3HaYEeHMsI, MOMEHTOB paclipe/ie/leHUsI, KBaHTUJIEN) U3 I10JIei
TUAPOANHAMUYECKOT0 MO/IeTMPOBAHUS C HU3KUM paspelieHreM (peaHanusa ERAS). Jlig
00y4YeHMs CTaTUCTUYECKUX MOJiesleli (TpeOHeBOM perpeccuy, rpalueHTHOT0 OyCTUHTAa,
CJIyYarHOTO Jieca) UCII0JIb3YI0TCA TaHHbIE 3a 33 Toj1a HabJII0IeHUM Ha MeTeO0CTaHI[HUIX
MOCKOBCKOI'0 pervoHa. B kauecTBe IIpU3HAaKOBOTO OIIMCAHUA BBICTYIIAIOT GUIUUECKU
000CHOBaHHBIe KPyITHOMACIITaOHbIe IIPeUKTOPHI 0CAZKOB, PpACCUUTAHHBIE C
HCII0JIb30BaHHEM JaHHBIX peaHasan3a ERAS. B UX UK C/I0 BXOJAT KaK IIPOCThIE BeJTHYHHEI
B TOJIIIe aTMOCOepHl (TeMIlepaTypa, BJIa>KHOCTh U P.), TaK U CJI0KHBIE KOMILJIEKCHbBIE
xapakTepucTuku (CAPE, sartacaH IpU3eMHOI0 faBjIeHU U [p.). Haurydimin
pesyJIbTaT I10 BEIOpaHHBIM MeTpuKaM KadecTBa (RMSE, R2) gocTturaercs ¢
UCII0JIb30BaHUEM MOJIeJIV IPaiJueHTHOTO OYCTUHTa, IIPU CJIeAyIollel KOHQUTypariuu
Habopa IpeUKTOPOB: OCPeJHEHHBIE 3a CYTKH, CTaHAaPTHU30BaHHbIE, BKJIIOYasi
MOJIeJIbHBIN IIPeIUKTOP 0CaIKOB (CpefHee 3HAUEHUe 110 IUIOaAu). B paboTe mokasaH
PEUTUHT BaKHOCTHU IIPHU3HAKOB KPYITHOMACIITa0HbIX aTMOCEPHBIX IIPEeJUKTOPOB I
TeppUTOPUU MOCKOBCKOM 06/1aCTH JJI1 PA3IMNYHBIX KOHQUTYPAITUU 9KCIIEPUMEHTOB U
IIPUMEHEHHBIX MO/IeJIen.

Pa6oTa BeIIIOJIHEHA IIPU IO ep>KKe HekoMMepueckoro GoHia COIeiCTBUS Pa3BUTUIO
HayKU U obpasoBaHus « MHTEJIJIEKT».
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37. Neutron spectrum unfolding with deep learning models for tabular
data

Chizhov Konstantin Alekseevich (1,2), Bely Artyom Alekseevich (2)
(1) Joint Institute for Nuclear Research, Laboratory of Information Technologies named after.
M.G. Meshcheryakov, (2) University “Dubna”

Estimation of the effective dose and unfolding the spectrum of neutron radiation at



nuclear power facilities and charged particle accelerators is complicated by the lack of
direct methods for detecting neutrons and the need to register secondary particles. The
main difficulties are related to the wide energy range of neutrons from 1 meV to several
hundred MeV, complex dependence of the neutron interaction cross section on energy. One
of the main devices used for neutron spectrometry is the Bonner multi-sphere
spectrometer (BSS). The measurement results and the desired spectrum, discretized on the
energy grid (or decomposed into basis functions) are tabular data. However, due to the
limited set of moderator spheres and correlations in its response functions, the number of
input features is limited. In this paper, it is proposed to transform the original scalar
continuous features into vectors. And then unfold the spectra for the transformed features
using deep learning models included in the Mambular framework: a sequential model
from Mamba architecture blocks based on autoregressive state-space models; a model
using transform encoders (FT-Transformer), a multilayer perceptron (MLP) model, and
batch ensembling for MLP (TabM). The results are compared with the spectra unfolded
using the automated machine learning (AutoML) framework implementing an ensemble of
linear and decision-tree based (LightGBM, CatBoost, and Random Forest) regression
models. For training and validation of the models, a set of 5x10° synthetic spectra was
generated, modeled as a superposition of four weighted components describing the
spectra of thermal, epithermal, fast, and high-energy neutrons. A comparison was made
with calculated and measured spectra from the IAEA compendium database, 251 spectra.
The uncertainty of the spectra unfolding was estimated using the Monte Carlo method, in
which random perturbations were introduced into the input data. The model was trained
on the JINR Multifunctional Information and Computing Complex.

The research was carried out within the framework of the state assignment of the Ministry
of Science and Higher Education of the Russian Federation (topic No. 124112200072-2).

49. IIpMeHeHN e KOHIIeNIIUY ITepeHoca 00y4YeHus /ISl TPaiJueHTHOTr 0
OyCTHHTa IpH pelleHUN O0pPaTHBIX 3a/1a4 pa3Bef0YHON reopu3uKu

M.K.Illanees (1), H.B.FHcaes (2), U.E.O60pHes (2), C.A./loneHKo (2)

(1) dusuueckuil axysbmem MoCKOBCK0O20 20CydapcmeeHH020 yHuUgepcumema umeHu M.B.
JlomoHocosa, Mockea, (2) Hay4Ho-uccaedo8amenbCKull UHCmumym si0epHotll PusuUKu um.
/J.B.CkobesvublHa, Mockea

JlaHHOe K CCIeloBaHUe ITOCBAIIEHO U3YUYeHU 3QpGeKTUBHOCTHU METO/IOB IIepeHoca
o0yueHUs, IPUMEHSIeMBbIX K MOJIeJIIM I'PafUeHTHOI0 OyCTUHTA, AJI pelleHus 00paTHBIX
3a/1av pasBe0uHOM reopusuku. OCHOBHAas IIpobsieMa, peltaemasi B pabore -
He0o0X0AMMOCTh HaJIMUMs 60/IbII0T0 06 beMa 00YYarIUX JaHHBIX IIPU afaliTaliiu
MoJieJIel K HOBBIM I'e0JIOTMYeCKUM CTPYKTypaM MU HabopaM JaHHBIX C PasIudyHOMN
CTeIleHbI0 CJI0KHOCTHU (HaIllpuMep, IIpU IIepexXo/ie MeXK1y paspes3aMu ¢ QUKCUPOBaHHBIMU
U IlepeMeHHBIMHU CBOMCTBaMHU CJIOEB). B 0TiiuMe OT IpeAbIAyINX paborT,
UCII0JIb30BaBIIINX HEMPOHHBIE CeTH, B JAHHOM paboTe paccMaTpUBalrOTCA aJITOPUTMBI
rpasiieHTHOTro 6ycTUHra. MccaenyroTed crieluuyecKre CTpaTeruu epeHoca 00y4yeHus,
aflalITUpPOBaHHbIe 19 aHCaMOJIeBBIX MeTo/10B: 1. CTaHiapTHOE J006ydyeHMe: MO/ieJlb,
IIpeABapuUTeJIbHO 0O0yUYeHHas Ha UCXOZHOM Habope TaHHBIX, IIPO0JDKaeT 00ydyeHUe Ha
11es1eBOM Habope. 2. [IepeHoC ¢ o6oraleHrueM IIPU3HAKOB: MOZleJIb 00yUuaeTcs “C HyJIs1” Ha
I1eJIeBOM Habope, HO BXO/IHbIe IIPU3HAKU JOIIOJTHITCA elllé OJHUM, COoleprKalluM
OTBETHI MOJIeJIH, TIpeIBapUTeIbHO 00Yy4eHHOU Ha UCXOTHOM Habope faHHEbIX. 3. [lepeHOC
C yCceueHHueM MOJIeJIU: TI0CJIe IIpeo0yueHUs Ha UCXOJHBIX JaHHBIX OIIpe/esseTcs



UTepalusda C MUHUMAaJIbHOM OIIMOKOM Ha BaJIMJAllMOHHOM II0Ha60pe IiesieBoro Habopa.
Jlasiee aHCaMOJIb yceKaeTCs [0 3TOM UTepalluy, U II0JIyYeHHas MOJeJIb UCII0Ib3YeTCs I
MHUIMAIN3aIMU 1000ydeHUd. 4. [IepeHOC ¢ afallTUBHBIM aHCaMOJIMpOBaHUEM: Ha
I1eJIeBOM Habope JaHHBIX 00ydaeTcs HOBast MOJieJIb “C Hy/I”. ITOroBOe IIpe/icKasaHue
¢opMuUpyeTCa KaK B3BellleHHas CyMMa IIpe/icKasaHui MOleIU-I0HOpa U I1eJIeBOH
Mojiesid. BecoBOM KO3QQUITMEHT afalITUBHO II0{0MpaeTCcs C IIOMOIIBI0 aJITOPUTMa
OIITUMM3AIIMU. IKCIIEPUMEHTHI IIPOBOAATCA B paMKaX reopU3sMYeCKOM ITI0CTaHOBKH,
BKJIIOYAIOIIeH 3a/fau IpaBUMEeTPHUH, MarHUTOMETPHH U MarHUTOTE/LIYPHYECKOI0
30HAMPOBaHUA. MCIIOJIL3YIOTCI TPU CHHTEeTHYECKUX Habopa JaHHBIX (“JIErKuit”,
“CperHuir”, “CI0KHBIN”), pasIMyaroIInUXCcd XapaKTepoM U3MeHeHUs I1apaMeTPOB CpeJbl.
[TpousBoaUTCA CpaBHeHUE 3G GEeKTUBHOCTU CTpaTerui repeHoca o6yuyeHus v
TPaJUIIMOHHOr0 00yuyeHUs. OIleHUBaeTCsI TOUHOCTh BOCCTAHOBJIEHUS IIyOMH I'PaHUIL]
re0JIOTUYECKUX CJI0€B U BRIYUCIUTEIbHASI 3O QEeKTUBHOCTE IIPU PasIMYHBIX 06 beMax
oOyuarolrei BEIOOPKHU. Pe3yibTaThl II0KA3bIBAKOT, UTO IIPUMEHEeHHe MeTO/I0B IIepeHoca
00y4YeHUd I TPafJUeHTHOr0 OyCTUHTA I103BOJIsIeT CYIIeCTBEHHO COKPaTUTh
He0oOX0QUMBIN pasMep o6ydarolllell BEIOOPKH, COXpaHssd WU Jiake yJIydlllasi TOUHOCTh
pelIeHus 10 CPaBHEHUIO C MOJle/IIMU 6YCTHUHTa 6e3 IlepeHoca. ITO IIOATBeP K/AaeT, UTo
IepeHoC 00y4YeHUd II03BOJISET CYI[eCTBEHHO IIOBBICUTE 3¢ GEeKTUBHOCTDH U PACIIUPUTH
BO3MOJKHOCTHU IIPUMEeHeHUs I'PaZJieHTHOI0 6yCTUHTA IIPU pellleHUH 00paTHBIX 3a/ia4
pasBeOYHOM re0PU3HUKHU B YCIOBUAX OTPaHUYEHHBIX IaHHBIX.

VcciiegoBaHue BBITIOJTHEHO 3a CUET rpaHTa Poccuiickoro HayuyHoro ¢ponma Ne 24-11-00266.

48. Ananus crpareruii ooyyeHuss FBPINNs

Aanumoe ITagen I'enHadwvesuu (1), [opuxogckuil Bauecaag Heopeguu (1)
(1) Cankm-IIemep6ypacKuil 20Cy0apCmeeHHbll yHUgepcumem

dusnuecKU-UHPOPMUPOBaHHEIE HeMIPOHHEBIE ceTH (PINNS) aKTUBHO IPUMEHSIOTCA 11
pellleHus 3a/1au MeXaHUKH, HO CTAJIKUBAIOTCA C TPYHOCTSIMU B CJIO’KHBIX 00J1aCTSIX.
Metog Finite-Basis PINNs (FBPINNS), HCIIOJIB3YIOIIINI pa3breHne 06J1aCTH Ha I10/106J1aCTU
C JIOKQJIbHBEIMHU CETSMU, ITpeiaraeTcsa Kak pasBuTue PINN 111 IOBBIIIIEHUS TOYHOCTH U
cxomuMocTu. OgHako FBPINNS Ha JaHHBIN MOMEHT SIBJIAETCA He3peJIbIM II0AX0L0M:
OTCYTCTBYIOT HaJleKHbIe peansaliii U IJIy0oKoe IIOHUMaHue GaKTOPOB UX
YCTOMYUBOCTHU. 1{esIbI0 JaHHOU! Pab0oThI IBJISETCA UCCIeJOBaHNe BIUSHUS Pa3/IMYHbIX
CTpaTeruii 00yuyeHUs1 Ha CTabUIbHOCTL U TOUHOCTh FBPINNS. B pa6oTe cucTeMaThyecKU
U3yYeHO BJIMSHUE Pas/IMYHbIX CTpaTeTuH B3BEelINBaHUI KOMIIOHEHT QYHKIIUY II0TePh U
MeTO/|0B 00yUYeHUs JIOKAJIbHBIX ceTell. Ha ocCHOBe 3TOro aHasu3a paspaboTaHa
crabuibHada peanusanysa FBPINNSs, o6ecrieurBaroias JIETKOe BHepeHre HOBBIX
ypaBHEHUH I IIOCTAHOBKU 9KCIIEPUMeHTOB. PaboTa 3aBepIiaeTcsa GOpMyIMPOBKOMI
IIpaKTUYeCKUX peKOMeHIaItui 110 3G peKTUBHOMY KOHQUIYPUPOBAHUI0 U IPUMEHEHUI0
FBPINNS 7714 3aia4 MeXaHUKH, CIIOCOOCTBYS PAa3BUTUI0 3TOTO IIEPCIIEKTUBHOIO IIOAXO0A.

62. The creation of reasonable robot control behavior in the form of
executable code

Skorokhodov Maksim (1,2), Latalin Vladislav (1), Rybka Roman (1), Sboev Alexander (1,2)
(1) National Research Center “Kurchatov Institute”, Moscow, Russia (2) National Research
Nuclear University MEPhI (Moscow Engineering Physics Institute), Moscow, Russia

A system for robot control behavior based on Large Language Models using Prompt



Engineering methods and answer generation in the form of executable program blocks is
presented. The method employed is to convert human instructions into code snippets
taking into account information from the robot's world. The resulting system was
evaluated using the set of 60 hand-written instructions. This set is divided into three parts:
“direct” instructions relate to objects actually present in the environment, “abstract”
instructions describe general tasks without specific details, and “out-of-space” instructions
refer to actions beyond the robot’s capabilities or mention objects not shown in its
environment. Modern Large Language Models, such as Deepseek, Qwen, Mistral were
tested with the different types of training and numbers of parameters. The results show
these models are capable of interpreting robot control instructions as code snippets and
delegating complex interaction logic within these fragments. Generating control
instructions directly as executable code increases the flexibility of performing robot
control tasks and minimizes the risk of hallucinations, for example in carrying out precise
arithmetic operations.

63. IIpuMeHeHue ceTeil KosiMoroposa-ApHoJib/a AJIs1 pelieHuss 060paTHOM
3a/1avy¥ CIIEeKTPOCKOIIUH IIPH CO3JaHUU MYJIbTUMOJA/IHLHOI'0
HaAHOCEHCOpa HOHOB METa/I/IOB Ha OCHOBE YIJIEPOJHBIX TOYEK

I'A.Kynpusanos(1, 2), H.B.Hcaeg(2), K.A.JlanmuHckuli(1, 2), C.A.[Jonenko(1, 2),
T.A./lonenko(1)

(1) Pusuueckuil gaxkysemem MoCK0O8CK020 20Cy0apcmeeHH020 YHUgepcumema umeHu M.B.
JlomoHocosa. (2) Hay4uHOo-ucc/1e008amenbCKUll UHCmumym si0epHoll Gusuxku um.
/.B.CKobesbublHa

PaspaboTka MyJIbTUMOAILHOIO GJIYOPeCIIeHTHOI0 HaHOCEHCOpa Ha OCHOBE YIJIePOAHbBIX
Touyek (YT) HallpaBjieHa Ha CO3JaHue IIePCIeKTUBHOI0 MHCTPYMEHTa I aHaIu3a
JKUIKUX CpeJl U KOJIMYeCTBEHHOM OIleHKU IIpruMecei MeTaJIoB [1]. OTHUM U3 KII0UeBbIX
9TAIIOB SBJISIETCS CO3laHUe MOJeJIH, OLleHUBAI0IIle KOHIIeHTPAIIHI0 KaTHOHOB MeTaJlJI0B
II0 CIIeKTpaM ¢JuiyopecrieHITUU VT, BBeleHHBIX B UCCIelyeMblil oOpasel]. B kauecTse
TaKHUX MOJeJIell MOI'YT HCII0JIb30BAThCS IIEPCEIITPOHBI M CBEePTOYHEIe HEMPOHHEIE CeTH.
Birarozaps yHUBepCaJbHOCTH, HEJITMHEMHOCTH ¥ HATUYUI0 3G PeKTUBHBIX aJITOPUTMOB
o0yueHMs, HelipoceTeBbIe MOZeJIN IIPUOOpeIH IIIMPOKYIO IIONY/IIPHOCTE B
HUCCJIeJOBaHUSIX [IJI BBIABJIEHU CJIOKHBIX 3aKOHOMEPHOCTEN B OOJIBIIINX Habopax
naHHbIX. HelipoHHBIe ceTu KosiMoropoBa-ApHosibaa (CKA) mpeAcTaBIgrOT COO0M MOAX0/,
aJIbTepHaTUBHBIN CTaHAAPTHBIM HeHPOCeTEeBBIM MOJE/IAM. B 0T/IMYMe OT IIOKMCKA
MaTPUYHBIX KO3QOUITMEHTOB (BeCcoB), 06yueHre CKA 3aKkroyaeTcs B IIOUCKe
HeIIpephIBHBIX QYHKITUU aKTUBALUU [2]. 3To m0o3BoJIsIeT CKA IIPOSIBIIATEH O0JIBIIYIO
HeJIMHEWHOCTE I10 CPaBHEHUI0 CO CTaHZaPTHBIMU HEeHPOoCeTeBEIMU II0X04aMHU, YTO B
psze ciiydaeB MOKeT 00eCIIeUUTh IIOBHIIIIEHHYI0 TOYHOCTD alllIpOKCUManuu [2, 3].
ApxutekTypHO CKA 0CcHOBaHa Ha CyMMax U CYIIEPIIO3UITUU CKaJIAPHBIX QYHKITUNA OTHOMN
repeMeHHOM. Takas CTPyKTypa I103BOJIIeT OCYILeCTBJIATEH HAIVIAAHYI0 BU3YaIHM3aLIHI0
MOJIeJIH, UTO YIIPOIllaeT UHTePIIpeTaIliio ee paboTsl [2]. B JaHHOM HUccie[0BaHUU Ha
OCHOBeE 9KCIIEpUMEeHTAJIbHBIX TaHHBIX [1] 6611H ToCcTpoeHbI Mofiesi CKA 1is
OJHOBPEMEHHOTO OIIpe/ieIeHUA KOHIIeHTPaI{HH II1eCTH KaTUOHOB MEeTaJIJIOB M OHOTO
aHHOHA I10 IBYMEPHBIM KapTaM QJiyopeclieHIIy pacTBopoB ¢ YT. CKA
IIPOJIEMOHCTPHPOBaja TOUHOCTD OIIpeiesIeHUs KOHIIeHTPAaIliMi HOHOB, COIIOCTaBUMYIO C
pedepeHCHBIMH MeTOLaMHU (MHOI'OCJIOMHBIH IIePCEIITPOH, CIyYaruHbIN Jiec, rpafieHTHIN
OYCTHHI, MeTO/I IPYIIIIOBOI0 yUyeTa apr'yMeHTOB). BBl IIpe/iiooKeH U IIpUMeHeH
YCOBEPIIIEHCTBOBAHHBIN MeTO/, BU3yaJIbHOM UHTepHpeTaliiu CKA, yUUTHIBAIOIIAMA



CYILleCTBEHHBIEe B3aMMOCBSI3H MeXKy BXOJHBIMHU IIpHU3HaKaMU. [loJlyuyeHHEbIe pe3yIbTaThl
II03BOJIMJIN BHIIBUTH KJII0UeBble 3aKOHOMEPHOCTH, OOHapy>KeHHbIe U UCII0JIb3yeMble
CKA mpu onpeziesieHUU KOHITeHTPAIM MOHOB.

VcciiemoBaHMe BBIIIOJIHEHO 3a cUeT rpaHTa Poccuiickoro HayuyHoro ¢ponaa Ne 22-12-00138,
https://rscf.ru/project/22-12-00138/ [https://rscf ru/project/22-12-00138/l. I.A.KyIprsiHOB

SIBJISIETCSI CTUITeHAMaTOM POH/Ia Pa3BUTHS TEOPETHUECKOH QU3UKK U MaTeMaTHUKU
«Basuc» 1 HekoMMmepueckoro ®oH/Ia pa3sBUTUS HAYKU U 06pa3oBaHUs « AHTeJIIEKT».

[1] Sarmanova, O.E., Laptinskiy, K.A., Burikov, S.A., Chugreeva, G.N., Dolenko, T.A.:
Implementing neural network approach to create carbon-based optical nanosensor of
heavy metal ions in liquid media. Spectrochimica Acta Part A: Molecular and Biomolecular
Spectroscopy 286, 122003 (2023).

[2] Liu, Z. et al.: KAN: Kolmogorov-Arnold Networks. arXiv:2404.19756v4 (2024).

[3] Wang, Y. et al.: Kolmogorov-Arnold-Informed neural network: A physics-informed deep
learning framework for solving PDEs based on Kolmogorov-Arnold Networks.
arXiv:2406.11045v1 (2024).

64. Optimization of IRT-T research reactor fuel loading pattern by
genetic algorithm

N.V. Smolnikov (1), D.V. Pasko (1), M.N. Anikin (1), L1. Lebedev (1), A.G. Naimushin (1)
National Research Tomsk Polytechnic University

Research Nuclear Reactors (RNR) are powerful sources of neutron and gamma radiation
with large number of beams and experimental channels that can be used to produce
techninal and medical isotopes, conduct researches in solid physics, neutron scattering
and othr fields. Most of RNRs operate in Partial Refueling Mode , where only burnt fuel
assemblies are replaced during refueling. This leads to power density increase in a
localazied sectors (fuel assemblies), changes in neutron intensity in experimental channels
and variations in the fuel cycle length. In this research we do propose using genetic
algorithm to optimize the power density distribution and fuel cycle length via fuel loading
pattern optimization fuel loading pattern.

59. Kamumn: Ko/LteKTHBHAasI HTpa Me)XAy areHTaMH pa3HO00pa3HbBIX
TUIIOB, pa3paboTaHHas /I H3yUYeHHs B3aHMOJ el CTBHS YeI0BeKa U
HCKYCCTBEHHOI'0 MHTE/UIEKTa B MHOTOareHTHOI cpefe

Yeproe K.H.(1), Hcaes H.B.(2), ['ycbko8 A.A.(1,2), KynpusaHos I'A.(1,2), Makapos A.C.(1),
MywuHa A.C.(1,2), CamcoHosuu A.B.(3), Jonenko C.A.(2)

(1) Pusuueckuil akyabmem, Mocko8cKull 20Cy0apcmeeHHblil yHugepcumem umeHu M.B.
JlomoHoco8a; (2) HayuHo-ucc1e008ae/16CKUll uHcmumym s0epHot gusuxu umeHu /[.B.
Cko6e1bublHa, MoCKOo8CKUll 20CydapCcmeeHHbll yHusepcumem umeHu M.B.JlomoHocosa; (3)
HayuoHanbHbLl uccredogamenvCkull s0epHulil yHugepcumem « MHUPH»

B pa6oTe mipejicTaBieHa areHT-OpUeHTUPOBaHHas Urposas cucrema “KamHu”,
IpegHasHadYeHHas [JIs1 MOJe/IMPOBaHUSA U aHaIN3a B3aUMOIeMCTBUU MeXX/1y UTPOKaMU-
JIIOIbMU, aJITOPUTMUUYECKUMU areHTaMU, OM0JIOTUYECKU BI,OXHOBJIEHHBIMU areHTaMU
KOTHUTUBHOM apxuTeKTyphl (BICA) 1 Helipo-areHTaMH B KOOIlepaTUBHOU urpe. CucremMa
BKJIIOYaeT B cebd HECKOJILKO THUIIOB areHTOB: areHT-4yesI0BeK, CJIyYalHble areHTHI,
«IBOUKH» (areHThl, B3AUMOJIEMCTBYIOII[ME B I1ape), «TPOMKU» (areHThI, paboTarolliye 110


https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/

Tpoe), BICA-areHTEI ¢ afalITUBHONM KOTHUTUBHON apXUTEKTYPON U HEMPO-areHThl,
KOTOpPBIe 00y4aroTCs CTpaTeTuy UIPhI 110 JaHHBIM YoKe ChITPaHHBIX UTP. B UIpe areHThl
IeJsIaloT X0Z OT OJHOTO M3 HeCKOJIbKUX “KaMHel” K IpyroMy; KaMeHb yOupaeTcs, ecIu
II0CJIe X0OZla POBHO [iBa areHTa (He MeHbIIle U He O0JIbIlle) HaXO4ATCA y 3TOT0 KaMHS.
KoomnepaTuBHas I1eJ1b areHTOB — yOpaThk BCe KaMHHU, KpOMe /IBYX, 3a MUHHUMAaJIbHOe
KOJINYeCTBO X0 0B. UITPOK-yeJI0BeK MOKeT B3aUMO/eHICTBOBATh CO Cpei0M uepes
Telegram-60Ta, 4TO II03BOJIIET YYAaCTBOBATh B UIPe B Pe’KUMe PeaIbHOI'O0 BpeMeHH.
Takasg apXUTeKTypa CUCTEeMBI 00eclieyrBaeT JUHAMUYHEIN UTPOBOM IIPOIIecC, B KOTOPOM
areHTHI C PasJIMYHBIMU CTPATETUAMHU COPEBHYIOTCSA UJIH COTPYAHUYAIOT, B TO BpeMs KakK
Ha IIPOIIeCChl MPUHATUA pellleHU areHTaMU BICA BJIHSIOT JeHCTBUA UeI0BeKa U JPYTUX
areHTOB. PaspaboTaHHas maTpopMa sgBJIsIeTCd UCCIe[0BaTeJIbCKUM HHCTPYMEHTOM IS
cbopa U aHaIM3a II0BeleHYeCKUX JaHHBIX Pa3s/IMYHBIX TUIIOB areHTOB B CMeIllaHHBIX
CpeZiax C UCII0JIb30BaHKWEM UCKYCCTBEHHOI0 UHTe IeKTa. CpaBHUBAA 3 PEeKTUBHOCTD U
cTpaTeruu agantanuu BICA-areHToOB, MBI CTPEMHUMCS BBIIBUTE 3aKOHOMEPHOCTH,
BO3HUKAIOIIUeE B ClIeHapUAX COTPYyAHUYeCTBa U KOHKypeHIMU. MHTerpamnusa ¢ Telegram
obecrreyrBaeT JOCTYIIHOCTh, a IIPOTOKOJIMPYyeMble B3aUMO/IeiICTBUA JAI0T
IIpeAcTaBJeHue 0 TOM, Kak Mozesu BICA pearupyrT Ha HellpeCKa3syeMOCTh YesIoBeKa.
KpoMe TOro, MBI aHaJIM3UpPyeM IIPOTOKOJIbHBIE 3aIIHMCH (JIOTH) UTPOBOTO IIPOIiecca, YTOOHI
coBepIlleHCTBOBAThL BICA-areHToB C ITIOMOIIBI0 TeHETHYECKUX aJITOPUTMOB, OIITUMUIUPYSI
UX KOTHUTHUBHBIE U II0BeJIeHUEeCKHe ITapaMeTPhl B PasHbIX ITIOKOJIEHUAX. ITOT IIOLXOT,
CII0CO6CTBYeT paspaboTKe 60Jiee Hale)KHBIX U COBMECTUMBIX C UeJI0BEKOM CUCTEM
HCKYCCTBEHHOI'O MHTEJIJIEKTA.

70. IlocTpoeHue Heltipoau$pPepeHUANBHBIX YPaBHEHUH C IPHMEeHeHueM
MeTO/I0B 00OpaTHHIX 3a/4a4 JUHAMUKH

IIlopoxos C.I.
Poccutickutl yHugsepcumem 0pyic6vl Hapo008 um. I1.JIymym6bl

B o6paTHBIX 3alauax AUHaMUKU (inverse problems of dynamics) Heo6xoguMo
OIIpe/le/INTh HeN3BeCTHbIE CHUJIbI MJIX ITapaMeTphl JUHAMUUYEeCKOM CUCTeMBI 110
U3BECTHBIM XapaKTepPUCTHUKAM ee IBM)KeHU, B TOM UHCJIe 110 U3BeCTHOM TPaeKTOpUU
IOBIDKeHUs. MaTeMaTHU4eCKH, pellleHre 00paTHBIX 3a/1a4 JUHAMUKU YacTO CBOAUTCA K
IIOCTPOEHUIO IIPaBBIX YaCTeU CUCTEMBI OOBIKHOBEHHBIX U epeHITHaIbHBIX YpaBHEHUN
I10 38laHHOMY MHTerpaJbHOMY MHOroo6pasuto (Metox EpyruHa). 3ajadya I1oCTpoeHUA
CHUCTeMBI ¢ pepeHIaTIbHBIX YPaBHEHUN MOXKeT UMeTh MHOKeCTBO PellleHUH,
II039TOMY B MeTo/ie EpyrrHa CTpOUTCA BCA COBOKYIIHOCTE CUCTEM AU PepeHITHaTbHbBIX
ypaBHEHU, KOTOPLIE YIOBJIETBOPSAIOT 3aJaHHLIM YCIOBUAM, U 38 CUeT BBIOOpa
IIPOM3BOJIBHBIX QYHKIINMI, BXOJAIINX B pellleHre, MO>KHO, B YaCTHOCTH, JOOUTHLCS TOIO,
4TOOBI BU)KEHMeE 110 MHTerpaJIbHOMY MHOr000pasuio ObII0 YCTOMYHUBO I10 JIAIIyHOBY. B
HelpoaudpepeHITUAIBLHBIX ypaBHeHUAX (neural ODES) mpaBble 4aCTH CUCTEMBI
OOBIKHOBEHHBIX U PepeHITUaIbHbIX YPaBHEHUN alllIpOKCUMUPYIOTCI HEMPOHHOMU
CeThl0, a B KayeCTBe 0O0yyarolero Habopa JaHHBIX MOJKeT BBICTyIIaTh Habop
HaObJII0JeHUH 3a IBIDKeHUEeM AMHAMUYeCKOU CUCTEeMBI B pa3jIMuHble MOMEeHTHI BpeMeHH.
B nokiiaze o6cy»xmaeTcs IIpUMeHeHe MeTO/I0B 00paTHBIX 3a/1ad JUHaMUKH (MeToza
EpyruHa) 1pu nocTpoeHuu U 00ydeHUuU HelipoaudpepeHITMaabHbIX ypaBHEeHUN. B
KayeCTBe IIpHMepa pacCMaTpUBaeTCs IVIOCKOe B KeHUe 110 3aJaHHOM TPaeKTOPUU —
oBaJy KaccuHu.

74. CO3JAHUE JTUHAMHNYECKOI'O KOTHOBHU3O0OPA - PACIIOSHABAHUE



KOT'HUTHUBHBIX COCTOSHUH C IIOMOIIBIO METO/A OB INTYBOKOI'O
OBYUYEHUA

Maxkapoe AnexcaHdp Cepzeesuu (1), Iadaxcuee Hemaun Mapamosuu (2), /Jonenko Cepezelti
AHamoavesuu (2)

(1) Mockoeckuii 2cocydapcmeeHHbll yHugepcumem umeHu M.B.JlomoHocosa (MT'Y), (2)
HayuHo-uccaedosamenvckuii uHcmumym si0epHoul usuxu umeHu /.B. CkobeavusiHa MI'Y

JlaHHas paboTa sgBJIsIeTCs IIPOLOJDKEeHeM UCCIe0BaHMs, B KOTOPOM paccMaTpUBaslach
BO3MOJKHOCTH paspaboTKu «KorHOBH30pa» C IIOMOIIILI0 METO0B MAaIlIUHHOI0 00y4YeHUs
U aHaJIM3a IJIaBHBIX KOMIIOHEHT. KOTHOBM30p — 3TO YCTPOMCTBO, KOTOPOE Ha OCHOBE
aHaM3a HepoOU3UOJIOTUUECKUX TaHHBIX O MO3TOBOM aKTUBHOCTH paclio3HaeT U
BU3ya/IU3UpPyeT KOTHUTHUBHBIE COCTOSHUA U IIepexo bl MeXKy HUMU. B naHHOU paboTe B
KaueCcTBe MeTO/I0B MaIlIMHHOI0 06y4eHUs pacCMaTpPHUBaJIMCh CBEPTOYHLIE HEPOHHEBIE
CeTH, a B KaueCTBe KOTHUTUBHBIX COCTOSHUM OBIIN BEIOPaHbI 6 TUIIOB MBIIIJIEHUS C
II0CTeIIeHHBIM M3MeHeHNeM CBOMCTB IIPOCTPaHCTBEHHO/00pa3sHOoro U BepbaibHo/
JIOTUYEeCKOI'0 THUIIa ¥ COCTOSTHHE II0KOS TOJIOBHOTO M03ra (Kak 6a30BbIN YPOBEHL Pab0ThHI
IIPOIIeCCOB CO3HaHMA). [lJId IToIydeHU HepoPU3UO0I0TUUEeCKUX JTaHHBIX UCII0/Ib30BaJICA
MeToJ, QyHKIIMOHAJIbHOM MarHUTHO-pe30HaHCHOM ToMorpaduu (MPT). BrLiio
paccMOTpPeHOo TPH TUIIa 3ajad Kiaaccupukanuu: 1) buHapHas KiacCupUKaIiusg —
COCTOsIHHe II0KOS U JII000e aKTUBHOE COCTOsIHUE; 2) Kiaccupukaliys 1o TpeM KjaccaM —
COCTOsIHHE II0KOS, IIPOCTPAaHCTBEHHBIN U BepOasIbHbIN TUIILI MBIIILIEHUT; 3)
MHoOrokJiaccoBas KJIacCUQUKAIUA — COCTOSIHHE II0KO04, 2 IIPOCTPAHCTBEHHEBIX U 4
BepOasIbHBIX TUIIA MBIIIeHU. II0CKOJIBKY JaHHBIe I 3TOM 3aja4y UMEIOT CJIUIIIKOM
60JIBIIIYI0 pasMepHOCTH (4D-06beMbl ~91x109x91x3620), To Ha IIepBOM JTalle cTasjia
3ajtaya 11ozo6paTh OIITUMAJIBHYIO /11 UMEIOIUXCSA BHIYUCINUTEIbHBIX PeCYPCOB
apXUTEKTYPY CBEPTOK B CBEePTOYHOM HEMPOHHOM CeTH. bbIJI0 pacCMOTPEHO TPU BUA
CBepTOoK: 1) Moziesib CBEPTKHU, KOTOpasi IIpUHUMaeT Ha BXOJl HeCKOJILKO cpe3oB 3D
U300pa’keHns U HHTePIIpeTUPYeT UX KaK cpessl 2D n3o6paskeHus, I10CJIe Yero K
Ka’kKoMy U3 HUX IIpuMeHseTcd 2D cBepTka; 2) Pasnmesnsemad 3D cBepTka; 3) IlosHas 3D
cBepTKa. [1o pesysibTaTaM paboThI OBLIU CleJIaHbI BBIBOJBI O CII0C06€e BbIbOpa
OIITHUMAaJIbHOI'O THUIIA CBEPTKHU U 0 TOM, KaKyI0 CBepPTKY HCII0JIb30BaTh B TAJIbHEUNIITNX
UCCIeJOBAHUIX.

78. Analysis of PINN Training Strategies for Heat Conduction Problems

Tarasov A.A.(1), Stepanova M.M.(1), Orlov S.E.(1)
(1) Saint-Petersburg State University

In recent years, physics-informed neural networks (PINNs) have been increasingly
employed to solve applied problems in mathematical physics. PINNs incorporate equations
and boundary conditions directly into the model architecture through automatic
differentiation. This approach allows solving differential equations without explicit
spatiotemporal discretization, proving especially effective for multidimensional and
nonstationary problems. However, despite their versatility, conventional PINNs have
several limitations that complicate its training. This study analyzes common issues and
explores methods to overcome them using heat conduction problems as examples. In
particular, it addresses the suppression of spectral bias in neural network solutions via the
Random Fourier Features (RFF) method, dynamic balancing of loss function weights, the
issue of violating temporal causality in nonstationary problems, various sampling



strategies for generating training data, and optimal selection of neural network
architecture and hyperparameters. It is demonstrated that implementing these strategies
with careful consideration of problem-specific features significantly accelerates
convergence of the numerical solution toward the exact solution in various cases. Practical
recommendations on selecting and combining strategies are provided for researchers
dealing with heat conduction and related differential models.

66. Comparison of Data Generation Methods for Spectral Analysis Using
Variational Autoencoders

Mushchina A.S. (1,2), Isaev LV. (1), Sarmanova O.E. (1,2), Dolenko T.A. (1,2), Dolenko S.A. (1)
(1) D.V.Skobeltsyn Institute of Nuclear Physics, M.V.Lomonosov Moscow State University, (2)
Physical Department, M.V.Lomonosov Moscow State University

This study explores application of data representativity enhancement using variational
autoencoders (VAESs) to the inverse problem of Raman spectroscopy of multicomponent
aqueous solutions of inorganic salts. By extending our earlier work on optical absorption
spectroscopy to Raman scattering, we assess the transferability of VAE-based dataset
expansion methods used to solve inverse problems in spectroscopy across spectroscopic
techniques. The objective of the considered spectroscopic studies is to determine the
concentrations of various ions in multi-component aqueous solutions based on spectral
information. Unlike other spectroscopic techniques such as infrared or optical absorption
spectroscopy, Raman spectroscopy provides more detailed information about the
vibrational states of molecules, making it particularly sensitive to changes in the ionic
composition of a solution. Raman spectra are high-dimensional, correlated, and
nonlinearly dependent on the sample composition, what complicates their interpretation.
To address this challenge, machine learning methods, particularly regression-based neural
networks, can be employed. A critical factor influencing model is the representativity of
the training dataset. We attempt to expand the training dataset by generating synthetic
spectra using VAEs and investigate the potential of this approach to improve the
representativity of the training data, which may in turn lead to a reduction in
concentration determination errors when solving the inverse problem. While conditioned
VAESs (cVAEs) offer a direct way to incorporate target analyte concentrations, we also
examine alternative strategies using standard VAEs paired with auxiliary regression
models to assign target concentrations to generated spectra. While further validation is
needed, the considered approaches may provide a basis for developing synthetic data
generation methods that could potentially better capture the physical characteristics of
Raman spectra.

This study has been performed at the expense of the grant of the Russian Science
Foundation no. 24-11-00266.

87. lIpuMeHeHHe IepeHoca 00yYeHHsA CBePTOYHO HEMPOHHOM CeTH /IS
IOBBIIIIEHUS TOYHOCTH pellleHUusA 00paTHOM 3aJauu
$doToIFOMUHECIIEeHTHOM HAHOCEHCOPUKH

I. Qyzpeeea(1), K. lanmuHckuii(1,2), T. /Jonenko(1)
1- dusuueckull pakyaemem, MI'Y um. M. B. TomoHoco8a, 2- HUHAD um./].B.CKob6enbUblHa,
MI'Y um. M. B. IomoHoco8a

YrepogHsble ToukH (VT) — Ki1acc yIJIepofHBIX HAHOYACTHIL, 00/I1aJar0IUX CTA0OUILHOMU



UHTEHCUBHOU ¢oTOOMUHECHeHITHel (PJ]), 3aBUCAIEN OT YCIOBUM CUHTE3a U KpalHe
UyBCTBUTEJILHOM K U3SMEHEeHUI0 IIapaMeTpoB OKpy>KeHUs [1]. Takue cBoiictBa VT
OTKPBIBAIOT IIIUPOKHE BOSMOKHOCTU UX UCII0JIb30BAHUS B KaUueCTBE HAHOCEHCOPOB
rmapaMeTpoB cpefsbl [2]. B HacTosIee BpeMs Ha 0CHOBe YT aKTUBHO paspabaThIBalTCA
HaHOCEHCOPBHI /111 OJHOBPEMEHHOTI0 OIIpe/ieIeHUA KOHIIeHTPAIluU psifia MOHOB,
pacTBOPEHHBIX B Bojie U TyIaiux ®JI yriiepoaHbIx Touek [1]. HeripouHsle cetu (HC),
OyZy4YH YHUBepCAJIbHBIMU alllIpOKCUMAaTOPaMH, CIIOCOOHEI YCIIeIITHO pelllaTh
MHoOTIoIIapaMeTpu4yecKue obpaTHbIe 3a1aui GOTOTIOMUHECIIEHTHOM CIIEKTPOCKOIINY, B
YaCTHOCTH, C XOPOIIler TOUHOCTHI0 OJHOBPEMEHHO OIIpe/iesIITh KOHIIeHTPpalliio HUOHOB B
BOIHOM cpefe 110 cuekTpaM ®JI VT [3]. OgHako, npuMeHeHue HC 1j1g peltieHUs
yKa3aHHOM 3a/1auu TpebyeT IIoIydeHus O60JIbINNX 0a3 CIIeKTPaJIbHBIX TaHHBIX, T.€.
UCII0JIb30BaHUA JOPOTrOCTOAIeH allllapaTypsl, IPUBJIeUeHUS
BBICOKOKBaJIMQUITUPOBAHHBIX CIIEITUAIUCTOB, JJIUTEILHOTO BpeMeH! cbopa IIPUMEPOB U
Ip. OMHUM U3 CII0CO60B IIPeo0IeHUs IIPUBEIeHHBIX CII0KHOCTEH SBJIsIeTCd IIpUMeHeHHe
nepeHoca o6yyenus HC. B ;aHHOM HCC/IeJoBaHUU II0Ka3aHO, KaK C IIOMOIIbIO0 IlepeHoca
obyueHUs CBepTOYHOU HeMPOoHHOU ceTy (CHC) yzasiock He TOJIBKO OBBICUTH TOUHOCTh
oIIpeze/IeHUs KOHIIeHTPAITUU HOHOB B cpejie 10 cruekrpaM ®JI VI, HO U YMEeHBIIIUTD
BpeMeHHBbIe 3aTPaThl, HE06X0AUMBIe 11 00yUeHU MO/Ie/IU. IKCIIEPUMEeHTaIbHO OBIIN
II0JIyYeHHI iBe 6a3bl crieKTpoB @JI VT B BOAHBIX pacTBopax ¢ 6 noHamu (Ni2+, Cu2+, Co2+,
Al3+, Cr3+, NO3-) 1 B BOJIHBIX pacTBOpax ¢ 7 MOHaMU (Te Ke NOHBI, U 106aBIeHbl HUOHBI
Pb2+). Ha nepBoM sTane 661u 06yueHbl CHC(6) 1 CHC(7) 151 oIIpeiesieHUs TUIIA U
KOHIIeHTpaIlluy Ka>kK0ro 13 6 MOHOB U 7 UOHOB II0 crieKTpaM ®JI VT B BogHOU cpefe,
cooTBeTCTBeHHO. Ha cienyroreM starne CHC(6), o6yueHHas Ha 6ase JaHHBIX,
cozieprkaliei crreKTpsl ®JI BogHBIX pacTBOpoB YT ¢ 6 noHaMu, 6bl1a fo00y4YeHa Ha 6ase
crzeKTpoB @JI VT B pacTBopax ¢ 7 HOHaMHU. TOUHOCTE OIIpe/ieIeHUs KOHITEHTpaIluu
HUCCJIeJ0BAHHBIX MOHOB 000yueHHOM CHC 0Kasasach BBIIIe B 2-3 pa3a 10 CpaBHEHUIO C
TOYHOCTBIO OIIpe/ieIeHUs KOHIleHTpaliuu H0HOB Mojiesibro CHC(7), 06yueHHO ¢ HYJIS Ha
6ase cIeKTpoOB pacTBOPOB YT ¢ 7 HOHAMU.

VcciiemoBaHMe BBIIIOJTHEHO 3a CUET rpaHTa Poccuiickoro HayyHoro ¢ponaa Ne 22-12-00138,
https://rscf.ru/project/22-12-00138/ [https://rscf.ru/project/22-12-00138/]. PaboTa I. UyrpeeBoit
To/ilep>kaHa GOHJIOM TeOpPeTHIeCKOH GU3HKH M MaTeMaTHKH «Bbasuc» (oroBop Ne
23-2-2-22-1).
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Spiking Neural Networks (SNNs) are a biologically inspired class of neural models that
encode information as discrete temporal impulses (spikes). These networks exhibit low
latency and reduced power consumption, particularly when implemented on
neuromorphic memristive hardware. However, efficient training of SNNs remains an
active research area, as architectures trainable without error backpropagation could yield
significant energy savings during both inference and training. Local plasticity rules offer a
promising alternative, since they can be implemented in memristive devices. In this work,
we introduce a lightweight, single-layer, correlation-based spiking neural network with
probabilistic neurons. Owing to its compact and simple architecture, our model is
potentially well suited for hardware realization. We evaluate its performance under both
the classical spike-timing-dependent plasticity (STDP) and an experimentally-
approximated nanocomposite memristive plasticity. Using the proposed correlation-based
direct reinforcement training method, our network achieves high F1-scores across several
tabular and image classification benchmarks for all considered plasticity models. In
particular, the proposed approach yields 96% on the Fisher Iris dataset, 94% on the
Wisconsin Breast Cancer dataset, and 89% on the Scikit-Learn Digits dataset when trained
with regular STDP, and achieves comparable results on the nanocomposite plasticity. This
suggests that the correlation-based SNN with probabilistic neurons is suitable for
implementation in memristive hardware.

90. Mojies1ib MAaIlIMHHOT'O0 00y4YeHUsI /11 IPOTrHO3UPOBaHUA
BEHTHIATOPHBIX IOPOroB

Munkun A.C. (1)
(1)HHcmumym npukaaoHoil mamemamuxu um. M.B. Keaovtwa PAH, 125047, Mockea

OnHOM U3 3a/1a4, CBSI3aHHBIX C OIIpe/ieJIeHUEeM COCTOSHUA JIETOYHON U CEPIeYHO-
COCYQUCTOM CHUCTEM, ABJIAETCS OIIpeiesieHre NHIWUBUYaJIbHBIX 3SHAUeHUHU
BEHTUJIIITUOHHBIX ITI0POTroB (BII), KoTOphle MOTYT OBITH HAW/IEHHI 110 pe3yabTaTaM
aHaJIv3a JaHHBIX Ta3000MeHa IPU BHIIIOJIHEHUU KapAUOpeCIUPaTOPHOr0 Harpy304HOIo
TeCTUPOBaHU. [13-3a BEICOKOT'0 YPOBHS IIIyMa B PeTUCTPUPYEMBIX JaHHBIX ra3000MeHa
IporHosuposaHue BIl yacTo OCHOBBIBAETCS Ha BU3yaJIbHOM OCMOTpe IpadUKOB.
Pe3ysIbTaThl 9TUX OIIEHOK, IIOJIyUeHHBIX C UCII0JIb30BaHUEM IIOMYJ/IIPHOTO MeTo/a V-slope
[1], aKkTUBHO IIPUMEHAEMOTO JJIs1 IPOTHO3UPOBAHUSA BEHTWIATOPHO-aHa9POOHOTO I10pPOora,
CYILIeCTBEHHO 3aBUCAT OT HUCII0JIb3yeMOI'0 3ProCIIupoMeTpa U MeTOAUKU
IIpeaBapUTeIbHOU 00pab0TKHU TaHHBIX. [I0aTOMY IpoIeiypy olleHKU BII MOKHO OTHECTU
K cs1a60 popMasIM30BaHHBIM 3a7jadaM, JI pellleHUus KOTOPbIX 0OBIYHO UCIIOJIL3YITCI
MeTOo/bI MalllMHHOro 00yueHus (ML). Ilesb vcciaemoBaHug — paspaboTrka ML-Mopeiny,
II03BOJIAIOIIEH CliesIaTh IKCIIpecc OIeHKY BII 110 faHHBIM 3proCIHPOMETPUHN IIPU
BBITIOJTHEHUU KapAUOPeCIIMPAaTOPHOI0 HAaTPy30UYHOI0 TeCTUPOBaHUA. /IJIs1 9TOr0
UCII0JIb3yeTCsd Habop TaHHBIX TPEHUPOBOK Ha 6eroBOM JOPOXKKe 30POBBIX
I06POBOJIBITEB (MY>KUUH U KEHIIUH) — YUYaCTHUKOB 3KCIIepuMeHTa «CUPUYC» C
IUINTeJIbHOU U30JIAIMel, BBIIIOJIHIIOIINUX TeCT CO CTYyIIeHYaTO-Bo3pacTarollen
GU3NYeCKOM HarpysKoH J10 Ipezesia IIepeHOCUMOCTH. [J1d IIOBBIIIeHUA 3 PEeKTUBHOCTU
orieHKH BII cres1aH mpeiBapUTeJIbHBIN IT000P IPHU3HAKOB I10 JaHHBIM Ia3000MeHa C
TOYKU 3peHMs 3HAUUMOCTH UX BJIVSIHUSI Ha pesyJbTaT KiaacCuPUKaIluu.
PaccMaTpuBarTCA TaKUe TaHHBIe ra3000MeHa Kak nnorpebsaenue 02, BoigesneHue CO2,
MUHYTHasA BeHTUIAUA U T. I. B COUeTaHUU C JaHHBIMU O YaCTOTe CEPJAeUHBIX



COKpallleHUH. /lJI OIleHKU 3SHaYMMOCTH IIPU3HAKOB C TOUYKHU 3peHUs TOYHOCTHU
KJIaCCUQUKAIINU UCII0JIb3yeTCd 00yUeHUe [lepeBbeB pPellleHUH, a 1 [I0JIyYeHUs
HUTOTOBOIO IIPOrHO3a BII ¢ MCII0Ib30BaHHWEM BhIZIeJIEHHBIX IIPU3HAKOB — CIIYYaUHBIN JIec.
YKasaHHBIe MO/Ie/IU IBJIAI0TCA UHTePIIPeTUPYEeMBIMHU [2], TaK KaK Jar0T 3aKIIYEeHUS O
BJINSTHUM Pa3/IMYHBIX IIPU3HAKOB, UCII0JIb3YeMbBIX B KaueCTBe CUI'HaJsIa JoCTHKeHud BII.
TaxuM 06pasoM, UCII0JIL30BaHUe IIpeiBapUTeIbHO 00y4eHHBIX ML-Mo/eseit i
npenckasaHud BIl appexkTrBHee U ObICTpee, YeM BU3YaJIbHBIN OCMOTP MCXOJHBIX JaHHBIX
9KCIIePTOM, TaK KaK TaKOM IT0AX0] TpeOyeT MeHBIIIero YUcIa ollepaliuii mpegoopaboTku
DAaHHBIX, @ TAK)Ke II03BOJIsIeT 00bSICHUTH Pe3ysbTaT KiacCuQUKaIlM Ha OCHOBe aHaJIK3a
3HAYUMBIX IIPU3HAKOB, OTCOPTUPOBAHHBIX 110 UX Ba>KHOCTH.

[1] Beaver WL, Wasserman K, Whipp BJ]. A new method for detecting anaerobic threshold
by gas exchange. ] Appl Physiol, Vol. 60, No. 6, 1985, P. 2020-2027. DOI: 10.1152/
jappl.1986.60.6.2020.

[2] Mishra, Pradeepta. Practical Explainable Al Using Python: Artificial Intelligence Model
Explanations Using Python-based Libraries, Extensions, and Frameworks. Apress Berkeley,
CA, 2022. DOI: 10.1007/978-1-4842-7158-2.

85. Finding optimal carbon dots synthesis parameters for quantitative
analysis of components in multi-component aqueous solutions using
machine learning
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(1) Faculty of Physics, M.V. Lomonosov Moscow State University, Moscow, Russia, (2) D.V.
Skobeltsyn Institute of Nuclear Physics, M.V. Lomonosov Moscow State University, Moscow,
Russia

Optical nanosensors based on carbon dots (CD) introduced into the object of the study are
widely used for analyzing the content of multicomponent liquid media. Their applicability
stems from the high sensitivity of CD photoluminescence to changes in medium
parameters, such as pH and solution temperature, type and concentration of dissolved
substances. In addition, such sensors offer stable optical properties, biocompatibility, low
production costs, and enable both rapid and remote diagnostics of the investigated objects.
At the same time, the physicochemical properties of CD strongly depend on the synthesis
method and the precursors used. Therefore, CD synthesized under different conditions can
show significantly different photoluminescence responses even when placed in identical
solutions. This study focuses on finding the optimal CD synthesis parameters that ensure
high-precision determination of the concentration of specific heavy metal salts in aqueous
solutions. Creation of nanoparticles with such features represents an urgent scientific and
practical challenge. In the physical experiment, 74 types of CD were prepared by
hydrothermal synthesis from citric acid and ethylenediamine under a wide range of
precursor ratios, temperatures and reaction times. Then each type of CD was placed in
aqueous solutions of Co(NO3), and Cu(NOs3), with salt concentrations ranging from 0 to 6
mM in increments of 0.67 mM. As the result, 100 samples were prepared for each type of
CD. The excitation-emission spectra of carbon dots fluorescence were registered for all
obtained aqueous solutions of CD and salts. To solve the stated task, it is reasonable to
apply machine learning methods that are capable of revealing hidden relationships in
multiparametric systems. In this study, an artificial neural network based on a multilayer
perceptron architecture was used to approximate the dependence of the target variable —
the error in determining the concentrations of the studied heavy metal salts — on the CD
synthesis parameters. The target variable values for training the approximating model



were obtained as a result of solving the inverse problem of determining the concentrations
of heavy metal salts from the excitation-emission spectra of fluorescence of CD by machine
learning algorithms. This two-step approach may allow one to find carbon dot synthesis
parameters that yield the desired accuracy in determining the concentrations of various
components in multicomponent solutions.

This study has been performed at the expense of the grant of the Russian Science
Foundation no. 22-12-00138-P.

91. Classifying Russian speech commands with a hardware-deployable
spiking neural network transferred from an artificial neural network

Roman Rybka (1, 2), Alexey Serenko (1), Alexander Naumov (1), Alexander Sboev (1, 2)
(1) National research centre Kurchatov Institute, Moscow, Russia (2) National research
nuclear university MEPhI, Moscow, Russia

We present a baseline accuracy of classifying audio recordings of command words in
Russian from a recent dataset RuSC using a 7-layer convolutional spiking neural network
of Integrate-and-Fire neurons. The network is obtained by transferring weights from a
trained network of ReLU neurons of same topology, and then by adjusting neuron
thresholds using a same-topology network with the ClipFloor activation function. In order
to make the network prospectively deployable to neuromorphic processors, its synaptic
weights are quantized to 8-bit integer. When the duration of presenting one input sample
is 200 time steps of spiking network, the resulting performance is the f1-micro of 98%,
which is just 1% lower than originally reported on that dataset with artificial neural
networks. This result might be a starting point against which further spiking network
solutions for keyword spotting in Russian could be compared.
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