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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), 10./lybeHckas(1), E. Gres(1,3); C.ITonsikos(3), EvollocmHuxkos(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.
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15. BoccTaHOBJ/IeHHE IPHUIIOBEPXHOCTHOM BJIa>KHOCTH aTMOCcdephI Haf,
OKeaHOM C IPMMeHeHUEeM MeTO/J0B MAIlIMHHOI'0 00y4YeHus

C. A. Bocmpukoea (1), M. A. KpuHuukuii (1,2), C. K. I'yaée (2), M. II. AnexcaHdposa (2)
(1) Mockogckuil husuko-mexHuueckuli uHcmumym, (2) HHcmumym oxkeaHosi02uu um. I1. I1.
IITupwosa PAH

BJIa’KHOCTB BO3/jyXa B IIPUIIOBEPXHOCTHOM CJI0€ aTMOCHepsl HaJ, OKeaHOM SBJIIeTCs
KJIIOYeBBIM KJIMMAaTHYeCKUM IIapaMeTpPoM, BIHUAIIINUM Ha IIPOIlecChl IIepeHoca BJIaru U
TeIlIa MeXXly OKeaHOM U aTMOCchepoii, a TaKKe Ha JUHAMUKY aTMOCPepHBIX IIPOIIeCCOB B
11esIoM. MesXIyHapOo/AHbINA MacCUB JaHHBIX 0 XapaKTepHUCTHUKAaX OKeaHa U aTMoCdephl
(ICOADS) ykaspiBaeT Ha HEJOCTaTOYHYIO IVIOTHOCTH U3SMEPEeHUH BIa)KHOCTH B HauaJsie XX
BeKa I10 CpaBHEHUIO C 6oJIee IIO3THUMH IIepHUOJaMHU, YTO CO3aeT CI0KHOCTH I
a/IeKBaTHOI0 aHa/IN3a KINMaTHYeCKUX TeHeHIIUH OTHOCUTEJIbHOM BJIaKHOCTH.
IIpefcraBaeHHBIE B JIUTEPAType METO/IbI BOCCTAHOBICHHS BPpeMEHHEIX PSII0B BJIaKHOCTH
3a4acTyI0 JeMOHCTPUPYIOT OrPaHUYEHHYI0 TOYHOCTh, OCHOBBIBAsICh IIPEHUMYILIeCTBEHHO
Ha CTaTUCTHUYECKHUX U IBPUCTHUYECKUX IToAxoax. Halra paboTa HampaBjieHa Ha
IIOBEIIIIEHNE KaueCTBa PelleHHsd 3TOH 3afa4uH 3a CUET IIPUMeHeHHs MeTO/[0B MaIllMHHOIO0
obyueHusd. B HacTod1et paboTe pellleHa 3a7ada B GOpMyJIUPOBKe alllIpOKCUMAaITUN
MOMEHTAaJ/IbHBIX 3HAYeHUH OTHOCUTEJIbHOM BJIa)KHOCTH 110 JAHHBIM COITYTCTBYIOIIIHMX
U3MepeHUN aTMOCHEepHOTO JaBIeHUs, TeMIIlepaTyphl BO3/yXa, CKOPOCTH U HallpaBJIeHUs
BeTpa, TeMIlepaTyphl IIOBEPXHOCTH OKeaHa, a TaK)Ke HaOJII0JeHUI KOJIMYeCTBa U TUIIOB
006JIa4HOCTH Ha TPEX ApycaX. KpoMe 3TOr0, B COCTaBe COIYTCTBYIOIIUX IIepeMeHHBIX
HCII0JIB3YeTCA KO/ IIOroAbl 110 cTaHaapTy BMO U pacueTHas BbICOTa COJIHITA. B
UCCJIeJOBAHUU HCII0JIb30BaHbl MOJEJIN MAIlIMHHOT'0 00y4eHUs CIeIyI0IIUX TUIIOB:
JIMHEeNHas perpeccus, CJIy4alHbIN Jiec, ITpafueHTHBIN 0ycTHUHT (CatBoost) 1
II0JTHOCBSI3HAs UCKYCCTBEHHas HeHPOHHAas CeTh. /IJI IIOBBIIIIEHUS TeEPPUTOPHUAIEHON U



BpeMeHHOfI CHEHI/Iq)I/I‘IHOCTI/I pa3pa6aTLIBaEMBIX MO,ZLeJIEfI MBI ITPOBEJIM HCCIIeIOBaHUE
JJIA Ka)KILOfI SIYeUKU pasMepoMm S I'paAyCoOB IIO IIMPOTE U O0JIT0OTE U Ka’KA0I'0 Ce30Ha II0
OTAEe/JIbHOCTH. Ha ocHoOBe IIOJIYYE€HHBIX pe3yjIbTaTOB OBLIH IIOCTPOEHBI KapThI
IIPOCTPAaHCTBEHHOTIO pacIlipegejieHUA OIIIUO0K MO,ELEJIGIZ, KOTOpPBIE II03BOJIMJIN BEIAIBUTH
PETHOHEI C BBICOKOM ¥ HU3KOM TOYHOCTBHIO AIIITPOKCHUMall1X BJIa’KHOCTH. I/ICCJIG,ELOBEIHI/IE
II0ATBEPAMIIO 3(1)(1)@KTI/IBHOCTB MeTOoa0B MalllTMHHOT'O 06y‘IeHI/I${ JJId BOCCTaHOBJIEHHA
KIIMMaTHUYECKHUX PSAO0B, OIIpeae IO HauboJee IIoaxogdamnire MoaesIn aJisd aToM 3a/ladui 1
0003HAYHJIO IIePCIIEKTUBHLIC HallpaBJIEeHUA JId ,I[&HbHEfILHEfI pa6OTBI.

16. CpaBHeHHe MO/ eJieil MalllMHHOIO0 O0yueHUs B 3ajiaue
HIeHTUPUKAUY aHOMAaJINH B JaHHBIX BU3ya/JIbHOU CheMKHU
IOBEPXHOCTH MOPS

Fenoycoea 0.(1,2), KpuHuykuit M.A.(1,2)
(1) Mockoseckuil ¢pusuko-mexHudeckuii uHcmumym, (2) HHcmumym okeaHosio2uu um. ILI1.
IITupwosa PAH

OOHapy>XeHre MOPCKOT0 MaKpoMycopa IBJISIeTCA BaXKHOM 3a7jade I 3al[UThI
9KOCHCTEeM OKeaHa, II0CKOJILKY 3arpsisHeHMe yIrpokaeT OHM0JIOTHYEeCKOMY pasHOo0Opasuio
U 3[J0POBBI0 BOJHBIX pecypcoB. OFHAKO CI0KHOCTD 33 a4y 3aKJIH0YaeTcsd B 60IbIIOM
pasHoo6pasuu 00beKTOB, UX MaJsIbIX pasMepax, 4aCTUYHOM IIOTPY KEHUH I10/] BOAY U
CJIMSTHUU C OKPY>Kalolllell Cpelol, UTo [iesiaeT 0OHapy KeHUe 3aTPyAHUTEeIbHbIM. B
HaCTOsIer paboTe MbI IIPOBOIUM CPaBHUTEILHBIN aHa/Iu3 COBpeMEeHHBIX MeTO/I0B
HaxX0XX[[eHHsI MOPCKOI0 MaKpoMycopa Ha IIpuMepe ABYX II0/IX00B. B I1epBoM M3 HUX
IIPOBe/IeHa IeTeKIHs 00beKTOB Ha I1eJIbHBIX GOTOCHUMKAX C IIOMOIIBI0 HEMPOHHOU CeTH
YOLO. Bo BTOpOM II0XO07e OCYILeCTBJIEHHI IIOMCK aHOMaJIMM Ha OT[eJIbHBIX pparMeHTax
$OTOCHUMKOB C IIOMOIIIBI0 CBEPTOYHOU HEUPOHHOU ceTU ResNet50, 00yueHHOM 110
MeToxy Momentum Contrast (MoCo), a 3aTeM UX KIaCCUPUKAITUA C IIOMOIIBI0
rpagueHTHOro 6ycTrHra CatBoost. OcCO6eHHOCTSIMU IIpe/ilaraeMoro BO BTOPOM IIOAXO0e
aJIropuTMa 00y4YeHUs CTaIu pasHble CII0COOBI COMIIMPOBAHUA GparMeHTOB
U300pa’keHU I II0BEPXHOCTU MOPS, HEOOXOAUMBIX /I KOHTPaCTHOTO
CaMOKOHTPOJIMPYeMOIo 00y4YeHUs, U UCII0JIb30BaHUe Pas/IMYHbIX QYHKIIHU II0TEPh.
KauecTBO 00yueHMd OIIeHHUBAaJIOCh C IIOMOIIBLI0 MeTpUKH F1-Score B 3agaye
paciiosHaBaHUA 00bEKTOB TPEX TUIIOB: IIJIaBAIOIIUI MOPCKOM MyCOp, IITUIIBI ¥ 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, (ii)
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/iejIeil MAallIHUHHOI0 00y4YeHus B 3a/jayue
HaeHTHGUKALUN aHOMAaJ/INA B JaHHBIX BU3Ya/IbHOU CHEMKH
IIOBEPXHOCTH MOPSA

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

(1) MockogcKkull pusuko-mexHu1eckull uHcmumym (HayUOHA/bHbLI UCC/1e008amMe/TbCKUll
YHuUgepcumem),(2) HHcmumym okeaHosto02uu umeHu I1. I1. IlTupwosa Poccutickoil akademuu
HayK

O6Hapy’keHHe MOPCKOr0 MaKpoMycopa sBJIeTCsa Ba>KHOU 3a/iauel [jId 3alllUThI
9KOCHCTEM OKeaHa, II0OCKOJIBKY 3arpsisHeHUe yIporkaeT OM0JIOTHYeCKOMY pasHo00pasuio
U 3[J0POBBI0 BOJHBIX pecypcoB. OFHAKO CI0KHOCTBD 33 a4yl 3aK/IH0YaeTcs B 60JIbIIOM
pasHoobOpasuu 06 bEKTOB, UX MaJIbIX pasMepax, 4aCTUUHOM IIOTPY,KeHUH 1107, BOAY U
CJIUSTHUY C OKPY>KaloIleil cCpefiol, UTo JlestaeT OOHapy KeHUe 3aTPYAHUTEILHBIM. B
HacTodAIler paboTe MBI IIPOBOAUM CpaBHUTEIbHBIN aHaIU3 COBPEMEHHBIX METOI0OB
HaX0XK[eHWs MOPCKOI0 MaKpoMycopa Ha IIpyuMepe ABYX II0IX00B. B I1epBoM M3 HUX
IIPOBe/leHa IeTeKITHA 00beKTOB Ha I1eJIbHBIX QOTOCHUMKAX C IIOMOIIBI0 HEMPOHHOM CeTH



YOLO. Bo BTOpOM II0AXO07e OCYILeCTBJIEHEI IIOMCK aHOMaJIMM Ha OT[e/JIbHBIX pparMeHTax
$OTOCHUMKOB C IIOMOIIBI0 CBEPTOYHOU HEUPOHHOU ceTU ResNet50, 00yueHHOMU 110
MeTony Momentum Contrast (MoCo), a 3aTeM UX KjIaCCUPUKAITUA C IIOMOIIIBIO
rpagueHTHOro 6yctuHra CatBoost. OcCO6eHHOCTSIMU IIpe/ijIaraeMoro BO BTOPOM II0/AXO0e
aJIropuTMa 00y4YeHUs CTaIu pasHble CII0COOBI COMILIMPOBAHUA GparMeHTOB
HU300pa’keHUH II0BEPXHOCTU MOPS, HEOOXOAUMBIX /I KOHTPACTHOTO
CaMOKOHTPOJIMLPYEMOI0 00y4YeHHs, U UCII0JIb30BaHUe PasIMYHbIX QYHKIIHU II0TEPh.
KauecTBO 00yueHUd OIIeHHUBAaJIOCh C IIOMOIIBI0 MeTpUKH F1-Score B 3aaye
pacrosHaBaHUA 00bEKTOB TPEX THUIIOB: IJIaBAIOIUU MOPCKOM MyCOp, IITUITLI ¥ OJIMKU Ha
Kamepe.

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 TYpPOYyJIEHTHOIO IIepeHoca IpuMecei B
IUIaHETaPHOM NOTPaHUYHOM CJI0O€ C IPHMEeHEHHEM METO0B KPYITHBIX
BHXpell 1 MeTO0B MaIlIUHHOI'0 00y4YeHUs

H. A. I'epacumoe (1), M. A. Kpunuukuti (1, 2), E. B. Mopmuxos (3,4)

(1) MockoscKuil (pusuko-mexHuHeCcKull uHcmumym (HayuOHA/AbHbLU UCC/1e008aMe/bCKUlL
YHUgepcumem), (2) HHcmumym okearosio2uu um. I1. I1. Illupwosa PAH, (3) HayuHo-
uccaedo8ameNbCKUll 8blHUCUMeAbHbLU UeHmp MOoCK08CK020 20Cy0apCmeeHH020
YHUgepcumema umeHu M.B. JIomoHocosa, (4) Mockosckull ueHmp ¢yHOaMeHmMa/1tbHOu U
NPUKAAOHOU mamemamuku, Poccus

[ImaHeTapHBIN IIOTPAHUYHBIN c104 aTMocoeps! (IIIIC) urpaeT KIrUYeBYI0 POJIb B
KOHTEKCTe IIepeH0Cca 3arpsa3HAIOIIUX BellleCTB, UTO HeIIOCPeCTBEHHO BIUgeT Ha
9KO0JIOTMYeCKOe COCTOSAHYEe aTMOChephl U IO CTHU/IA0Iel ITI0BepXHOCTH [1]. [ToaTomy
MOJeJIMpOBaHUe pacipocTpaHeHus npuMecei B IITIC gaBisgeTca pyHAaMeHTaILHOU
3aJtauel, II0CKOJIbKY TOUHOEe IIPOTHO3SUPOBaHKe HEOOXOIUMO JIJI OIleHKU KauecTBa
BO3/lyXa Ha pas/IMYHbIX MaciuTabax. TpafUIlMOHHO CUMTAETCs, UYTO paclipoCcTpaHeHHe
rasoBBIX U a3p030JIbHEIX IIprMece B [1IIC XOpOoIIo arrpoOKCUMUPYETCS C
UCII0JIb30BaHKWeM QYHKITUU IVIOTHOCTY HOPMAaJIbHOTO paclipefesieHusd [2], KaK II0Ka3aHo
Ha puc. 1, 0fHAKO CYII[eCTBYIOII[He METOAbI pacyeTa OrpaHUYeHbl BEIYUCIUTEIbHBIMU
pecypcaMu 13-3a CJI0KHOCTH MOZeJIMPOBaHUs TYPOYJIeHTHBIX IIPOIleCCOB, BOSHUKAIIIINUX
IIPU B3aUMO/IeMICTBHUU BO3AYIIIHBIX MacC C IIO/ICTHUJIAIOIIEN II0BEPXHOCTHIO.
[TosrysMIIpHUyecKHe II0AX0AbI K IIPOrHOSUPOBAHUIO IIepeHO0Cca 3arpsi3sHeHUH,
IeMOHCTPUPYIOT HEBBICOKYIO0 TOUHOCTH, 0COO€HHO B YCJI0BUSX CJIOXKHOM oporpaduu u
HeOZHOPOIHOM IIOACTUIAIOIIEHN II0BepXHOCTH [3]. Lles1br0 HaCTOAIer0 UCCIeOBaHUA
SIBJIAETCd paspaboTKa MeTO0JIOTUH alllIpOKCUMAIIUU [IepBBIX MOMEHTOB
IIPOCTPaHCTBEHHOI'O paciipesiesieHus IpuMeceii B Typ6ysieHTHOM IIIIC ¢ mprMeHeHUeM
MeTO/[I0B MAaIlIMHHOI0 06ydyeHuda (MO). /l/14 1osrydeHUA pepepeHCHOMU KOJIeKITUU
DAHHBIX MBI MCII0JIb3YeM METO/ KPYIIHBIX BUXPeH [JIs YMCIeHHOI0 MO/Ie/TUPOBaHUA
arMocdepsl ¢ BRICOKMM paspellleHHeM. B paMKax uccief0BaHUA OBLIH
IIpoaHaJIM3MPOBAaHEI IIEPBEIE IBa [eHTPAJIbLHBIX MOMEHTA paclIpe/ieIeHHUs IIPUMeCH I10
BEePTHKAJILHON U TOPHU30HTAIbHOM 0CIM, OCpeHeHHbIe II0 BpeMeHH, B YCIOBUIX
craroHapHoro IIIIC. /I opMUpoOBaHUA KOJJIEKITUH 00yYaroluX JaHHBIX OBLIO
IIPOBEIeHO YUCJIEHHOEe MO/IeJIMPOBaHMe paclIpoCcTpaHeHUs IIpUMecell MeTO0M KPYITHBIX
BUXpel [4]. B kauecTBe BapbUpPyeMbIX BXOJHBIX IIapaMeTPOB MO/Ie/IU 3a/ilaBaIuCh
BHEIITHUeE YCIOBU, TaKHe KakK II1epOX0BaTOCTh II0CTUIAI0IIeN II0BePXHOCTH, TPafUeHT
TeMIlepaTyphl HaJ BepxHel rpaHuried IIIIC ¥ T.1., OfUHAaKOBEIe /I BCero foMeHa. Takke,
IJT Ka)KI0r0 UCTOYHMKA 3a/flaBaIuCh KOOPAWHATEL U €r0 MOIITHOCTE. ITH JKe IIapaMeTpPhI
UCII0JIb30BAJIUCh /11 QOPMUPOBAHUSA IIPU3HAKOBOI'0 OIIMCaHUs COOBITHM (BapHUaHTOB
pacIpocTpaHeHUs IIpuMeceii B aTMocdepe IIpU 3aJaHHBIX BHEIITHUX TapaMeTpax) IIpyu
pelleHnH 3ajlauM B IIOAX0/[e MalllMHHOr0 060ydeHUs. [lojlyueHHbIe pe3yIbTaThl
YHCJIEHHOI0 MOJIe/IMPOBAaHUSA CPaBHUBAJIMCE C alllIPOKCUMAIIUAMUY, paCCUUTaHHBIMU
IIPU IIOMOIITY TpeX pasIMYHbIX II0/IX0J0B: TPAJUITMOHHOM TeOPHUH Ha OCHOBe 'ayccoBa
pacripenesieHu [3], KJIacCUYeCKUX aJropuTMoB MO U UCKYCCTBEHHBIX HEMPOHHBIX CeTeN
(ANN). B xauecTBe KJIaCCUUYEeCKUX aJropuTMoB MO 6BLIH UCII0JIb30BaHbL: IMHENHasdA
MO/ieJIb, MOJIeJIb CIyYaMHbBIX JIECOB U MOJeJIb I'paiieHTHOT0 6ycTuHra Catboost.



CpaBHUTEJILHBIN aHAJIN3 Pe3yJIbTaTOB IIPOEMOHCTPHUPOBAJI IPEBOCXO/ICTBO METO/I0B
MAaIIUHHOTO 060y4YeHUs B CPaBHEHUH C TPAAUIIMOHHBIM II0JIYSMIIMPHUYECKUM II0X0I0M.
B mepcrieKTHBe IUIAaHUPYETCS paciIupeHre MeTOI0JIOTUH JJI yueTa 00JIbIIero
KOJIMYeCTBa aTMOCOepHBIX IIapaMeTPOB U 60Jiee pasHOOOPa3HbBIX YCIOBUMN
IIO/ICTHJIAIOIIEN ITOBEPXHOCTH. TakyKe pacCMaTpUBaeTCsI BO3SMOKHOCTh IIPUMeEHEHUS
MeTO/I0B IJTyOOKOIr0 00y4eHUs 151 IIOBBIIIIEHUS] TOYHOCTH IIPOTHO3SUPOBAaHUS Ha
60JIBIIIUX BpeMEeHHBIX MacIliTabax.

[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.,
“A theory of eddy diffusion in the atmosphere”, Proc. Roy. Soc. London, A, 135, 1932,
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., Debolskiy, 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/
S1995080221070234 [https://doi.org/10.1134/S1995080221070234]

51. HeifpoceTeBoe IPOCTPAHCTBEHHOE MacCIITa0HMpOBaHHUeE I0JIe
NPUIIOBEPXHOCTHOrO0 BeTpa HaJ bapeHneBsIM U KapckuM MopsaMu

Pe3egos B.IO. (1,2), KpuHuykuit M.A. (1,2)
(1) Mockoeckuil pusuko-mexHudeckuii uHcmumym, (2) HHcmumym okeaHosio2uu um. ILI1
IITupwosa PAH

B HacToOsAIllEM HCCIeIOBAHUN M3yYaeTCsd BOSMOKHOCTD IIPUMeHEeHHI UCKYCCTBEHHBIX
HEMPOHHBIX CeTeN K 3a/jaye MacIlTabMpoBaHUs IIPUIIOBEPXHOCTHOTO BeTpa HaJy
BapeHI1ieBbIM U KapcKuM MopsiMU. MCII0/Ib3YIOTCS pa3jInyHble KOHPUTYPAITUU MOJIeTN
IJIy60KOTr0o 00yUYeHUs C IIPOITYCKHBIMU COeUHEHUSIMU, CII0COOHOM K BBISIBJIEHUIO
CJIO’KHBIX HEeJIMHEMHBIX COOTHOIIIEHUM, COOTBETCTBYIOIIUX Pa3IUUYHbIM
IIPOCTPaHCTBEHHBIM MaciliTabaM. B HallleM Ucce0BaHUM B KaueCTBe BXOIHbBIX TaHHBIX
HU3KOTI'0 paspelleHus [j11 TaKOU MOJIe/IU IIPUMEHSI0TCS pe3yabTaThl IJ106aJ1bHOI0
atMocdepHoOro peaHanrsa ERAS ¢ mpocTpaHCTBeHHBIM paspelieHueM 0,25° a OIIOpHbIE
LaHHBIe B BEICOKOM paspellleHUH IIpe/CTaBIeHbl pe3yabTaTaMU YHUCIeHHOTO
MOJieJIUPOBaHUs ¢ IpuMeHeHHeM Mozenu Weather Research and Forecasting (WRF) ¢
paspelireHureM 6 KM 3a 1riepuoj ¢ 2015 1o 2023 rr. HadalbHEIMU U TPaHUYHBIMU
yCJI0BUAMU 19 Mofer WRF moC/1y>KUIU JaHHble orlepaTuBHOTO aHanusa GFS (Global
Forecast System, NOAA, USA). bBuky6uueckass UHTePIIOJIAIUA JaHHBIX peaHaIn3a
SIBJISIETCSI OIIOPHBIM pellleHHeM U CPaBHUBAETCA C HepoceTeBbIM MO/IeIMPOBAHUEM C
TOYKHU 3peHUd CpeHeKBaApaTUUYHOMN OIIMOKU abCOIIOTHOM CKOPOCTH BeTpa, IIMKOBOTO
OTHOIIIEHU CUTHAJIA K [IIYMY U MH/eKCa CTPYKTYPHOH CX0XKeCTH. /IJIs1 OIfeHKU KayecTBa
MacIITabMpOBaHUI MBI TaK)Ke IeMOHCTPUPYEM BaIUAIIHI0 Pe3yIbTaTOB HeMpoCceTeBOro
MOJIeJIMPOBAaHU C TOUKHU 3peHUs BOCIIPOU3BEeIeHUA aTMOCEepHBIX IBJIeHHUN Ha
pasJIMUHBIX MaclITabax.

82. CpaBHeHHe METOA0B MAIIIMHHOTO 06Y‘-I€HI/I$I JL ydeTa CBsI3€eH C
3adlla3bIBAaHHEM IIPHU MOAEC/IHPOBAHHHU I'OPOACKOI'o OCTPOBA TEIlIA.

Hasmymounoeg K. . (1, 2), Baperuoe M.H. (1, 3)


https://doi.org/10.1063/1.3128397
https://doi.org/10.1063/1.3128397
https://doi.org/10.1063/1.3128397
https://doi.org/10.1063/1.3128397
https://doi.org/10.1063/1.3128397
https://doi.org/10.1063/1.3128397
https://doi.org/10.5194/amt-15-3611-2022,%202022
https://doi.org/10.5194/amt-15-3611-2022,%202022
https://doi.org/10.5194/amt-15-3611-2022,%202022
https://doi.org/10.5194/amt-15-3611-2022,%202022
https://doi.org/10.5194/amt-15-3611-2022,%202022
https://doi.org/10.5194/amt-15-3611-2022,%202022
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234
https://doi.org/10.1134/S1995080221070234

(1) PITMY, (2) AAHHUH, (3) HUBI] MI'Y

B pabore ucciefyoTcss MEeTOABI MallIMHHOT0 00y4eHUs [JId alllIPpOKCUMAaIlUU PasHULIbI
TeMIIepaTyp MesKAy F'OPO/ICKOM U CeIbCKOM MECTHOCTBI0 (MHTEHCUBHOCTH I'OPOJICKOTO
OCTpOBa TeIlsla) Ha ITpuMepe MockBbI ¥ CaHKT-IIleTepOypra. B posii IpefUKTOPOB
BBICTYIIAIOT JOJITOCPOYHBIE OCpeSHEHHEIe 110 PeTHOHY JaHHble HaOIIIeHUHN C
3arOPOJHBIX CTAHIIUM U TaHHBIe IJI06aIbHOT0 peaHanusa ERAS c mrarom cetku 0.25° ¢
2012 1o 2023 rT. OCO6€HHOCTHI0 MEeTeOPOJIOINYeCKUX TaHHBIX ABJIAETCS HaJluune
CUJILHOM aBTOKOppesAIU (CBg3eH C 3anasablBaHueM). /I yueTa 3TUX 3aBUCUMOCTeN
HUCCIeLYIOTCA ABa Ioaxoa: (1) sBHoe IIopoKAeHHUe IIPU3HAKOB, XapaKTepPU3YIOIUX CBI3H
C 3arasgblBaHueM (TeHeHIIHUH, CKOJIb3SIIHe CpefHIe) I KJIaCCUYeCKOH MO e/Ih
CatBoostRegression, ImokasasIlleil paHee HaWUJIY4Ilyl0 TOYHOCTB, U (2) IpUMeHeHHe
apXUTEKTYPHO YUYUTHIBAIOIIEH I10C/Ie[0BaTeJIbHOCTH PEKYPPEHTHON UCKYCCTBEHHOMN
HelpoHHOM ceTU LSTM. Pe3ysibTaThl 9KCIIEPUMEHTOB II0Ka3aJIu, uTo noaxox ¢ LSTM He
IIpeB30l1IesI 10 TOUHOCTHU CatBoost ¢ BpeMeHHBIMH IIPHU3HAKaMU, IIOPOKAeHHBIMHU
9KCIIeEpTHBIM 00pasoM. B ItaHax — 9KCIIepUMeHTEI ¢ Mozebl0 GRU U 06ydyeHue
HelpoceTeNd Ha JaHHBIX, BKIIOYAIOIIHUX CBSI3H C 3alla3ibIBaHUEM.

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 L.V. (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 ajanTanus HeHPOHHBIX ceTell B 3a/iaue JHarHOCTHUKHU
MMPHUPOHBIX BOJ 10 CIIEKTPAM KOMOHHAIIMOHHOTO paccessHHUs CBeTa

JI.C.Ymezenosa (1), K.A.bysanos (1), A.A.T'ycvkos (1,2), T.A.Zlonenko (1,2), C.A.ZJoneHKo (2)
(1) Mockoeckuil 2cocydapcmeeHHblil yHugepcumem umeHu M.B. JIomoHOc08a, (husuHecKull
Pdakyrbmem, (2) Hay4HO-UCC1008amMebCKULL UHCmumym s10epHoul pusuxu umeHu /. B.
Ckob6e1bublHa MOCKOBCK020 20Cy0apCmeeHH020 YyHugepcumema umeHu M. B. JlomoHoco8a

CoBpeMeHHas 9KOJIOTHYeCKas: CUTyalUs XapaKTepu3yeTcs BO3pacTarIuM
aHTPOIIOTeHHBIM BO3/eFICTBUEM Ha IIPUPOIHEBIE JKUAKHe Cpebl, B YaCTHOCTH, 13-3a
BBIOPOCOB B OKPY>KaIOIIYI0 Cpely HUOHOB TsDKeJIbIX MeTaJJIOB. TsoKesIble MeTaJlIb],
06J1a71ast BBICOKOM TOKCUYHOCTBIO U CIIOCOOHOCTHIO0 K 6M0aKKYMYJIALUH, IIPEeCTaBISI0T
CEepBbEe3HYI0 YIPO3Y I BOLHBIX 9KOCUCTEM U 3J0POBbS Ye0BeKa. B ¢BA3H ¢ 3TUM
paspaboTka 3¢ PeKTUBHBIX METOI0B MOHUTOPUHTA KOHIIEHTPAIIUH TsSKeJIbIX MeTaJlJIOB B
IIPUPOSHBIX BOJAX ABJIAETCA OJHOM U3 aKTyaJIbHBIX 3a/[a4 COBPEMEHHOM 3K0JIOTUH. B
HacTodAIler paboTe paspabaTblBaeTCsl OITUYECKUN METOJ AUaTHOCTUKU CJI0KHOTO
coCTaBa IPUPOIHBIX BOJl, OCHOBAHHBINM Ha CIIEKTPOCKOIIMY KOMOUHAIIMOHHOTO
paccesgsHusd (KP) cBeTa, ITIOCKOJIBKY JaHHBIN II0IX0/ II03BOJIIeT IIPOBOSUTH
OUCTAHITUOHHBIU U 9KCIIPECCHBIN aHAaINU3, B OTJIMNYHE 0T IPUMEHSIOIITUXCA Ha
CEerOQHAIIHUY eHb METO/I0B aHAJIUTUYECKON XUMUMU. /IJId pellleHus
MHOTroIIapaMeTpU4eCcKHUX 00paTHBIX 3a/1a4 CIIeKTPOCKONUU KP aKTUBHO IIPUMEHSIOTCI
UCKYyCCTBeHHBIe HepoHHEBIe ceTy (MHC), KoTopkle 3a Ioc/JaefHUe JeCATUIEeTUA
3apeKOMeH/I0BaJIN cebs KaK MOIITHBIM HHCTPYMEHT [IJIs1 PellleHUsI HEKOPPEKTHO
II0CTaBJIEHHBIX 00paTHBIX 3a/1a4 C BhIpa’KeHHOU HeJIMHEMHOCTHI0. OHAKO IIpUMeHeHUe
WHC py1g pelieHUd yKa3aHHBIX 3a/1a4 TpebyeT IMoJIydeHUd IIpeCTaBUTeJIbHOT0 Habopa
DAHHBIX peasIbHBIX cpef (ThICIYM CIIEKTPOB), UTO CYII[eCTBEHHO OrpaHUYUBaeT
BO3MO>KHOCTE TpaHcdepa pa3spaboTaHHBIX TeXHOJIOTHUMI U3 00J1aCTU HAaYYHBIX
HUCCIe0BaHUM B 06/1aCTh IIPaKTUYeCKOT0 IIpUMeHeHYs. B maHHo# paboTe mIpe/araroTcs
II0/IX0O/BI, CIIOCOOHBIE PEIIUTh IP06JIeMy HeXBaTKU JaHHBIX. Bo-IIepBhIX,
paccMmaTtpuBaeTca obyueHre MHC Ha criekTpax KP Moie/IbHBIX PacTBOPOB, II0JIyYeHHBIX
B JIaO0PaTOPHBIX YCI0BUAX. BO-BTOPBIX, /I IIPE0f0IeHUS IIP00IeMbl pasjifnyus B



pacIipefieJIeHUHU ClIeKTPaJIbHbIX JaHHBIX MO/IeJIbHBIX U PEeYHBIX PacCTBOPOB
UCCJIe0BaIUCh U IPUMEHSIUCH aJITOPUTMBI IOMEHHOM afiaiiTaliui. B paMkax
UCCIef0BaHU OBLI IIPOBe/leH CPaBHUTEIbHBIN aHaIU3 aJIbTepHAaTUBHBIX I10/IX0/[0B:
repeHoca 06yuyeHUs U JOMEHHO-COCTSI3aTeJIbHOr0 06ydeHus MHC 11pu miepexozie OT
00JIBIIION BEIOOPKU CIIEKTPOB MO/e/IbHBIX PaCTBOPOB TSLKeJIbIX MeTaJlJIOB B
OTUCTUWIJIMPOBAHHOM BoJie (MCXOMHBIN JOMEH) K MaJION BEIOOPKe CIIEKTPOB PacTBOPOB,
II0JIyYeHHBIX Ha 0CHOBE peaIbHbBIX PeYHBIX BOJ, MOCKBEI-peKy, S1y3bl, BUTIIEI 1 CeTyHU
(yes1eBO OMeEH). BBLIO ITOJIy4eHO YMeHbIIIeHHe OIIUOKU JIJIs1 BCeX UCCIeyeMbIX HOHOB
(Zn2+, Cu2+, Li+, Fe3+, Ni2+, NH4+, SO42-, NO3-) B cpegHeM Ha 50% I10 CpaBHEHUIO C
npuMeHeHueM MHC, 06yuyeHHBIX TOJILKO Ha MaJsioi 6a3e crieKTpoB KP pacTBOpoB Ha
OCHOBE peaJIbHBIX PEUYHBIX BOJ.

HccieroBaHMe BBIIIOJIHEHO 3a CUET rpaHTa Poccuiickoro HayuyHoro ¢poHma Ne 24-11-00266.
Pa6oTa JI.YTereHOBOH nmogaepskaHa GOHAOM TEOPETUUYECKON GU3IUKU U MaTeMaTUKU
«basuc» (qorosop Ne 24-2-1-72-1).

89. BoccTaHOBJ/IEHHE BBICOTHI 3[JaHUM C UCII0/Ib30BaHHEM MAIIIUHHOI'O
o0yueHUs M HUPPOBOI1 MoAe N NOBEPXHOCTU ArcticDEM

Camconoe Tumodgpeii EezeHbesuu (1,2), Bapenuoe Muxaun Hearnosuu (1,2)
(1) Mockoeckuil cocydapcmeeHHbll yHugepcumem umeHu M.B. JlomoHoco8a, (2) PI'BY
«I'udpomemuenmp Poccuu»

MojesipoBaHUe IOTO/bI U KJIMMaTa I YypoaHU3UPOBAHHBIX TEPPUTOPUM TpebyeT
IeTaJIbHOTO OIIMCAaHUs I'OPO/ICKOM IOACTHU/IAIOIIEN IIOBEPXHOCTU. CTpeMUTeJIbHOe
peobpa3oBaHUe TOPOJICKOM Cpe/ibl TpeOyeT pPerysipHOro 06HOBJIEHUS HEOOXOIUMBIX JJIS
pacueTra JaHHBIX. HecMOTps Ha IOsIBJIEHME BCe O0JIBIIIEro KOJIMYeCcTBa MOjlesIel
TOPOJICKOTO KJIMMAaTa B PasHbIX MaclliTabax, Ha JJaHHBIM MOMEHT BCe ellle OTCYTCTBYeT
TIOJIHBIN, IJI06aIbHBIN U COIJIAaCOBAHHBIN HAO0P IIPOCTPAHCTBEHHBIX JaHHbIX,
XapaKTepU3YIIIUX peileBaHTHbIE CBOMCTBA F'OPO/CKOM 3aCTPOMKU. CyIlleCTBYIOIIIIE
ceruac IMpoAYyKThI, II0Ka3bIBalOT, YTO pasHoOOpasue nmapaMeTpoB U HEOJTHOPOIHOCTD
TOPOJICKOM Cpefbl B pasHbIX YaCTIX MHpPa OCJIOKHAIOT CO3/laHUe TaKOro Habopa JaHHbIX.
VIMeHHO I109TOMY BayKHa MHTeTpaIius CyI[eCTBYIOIUX HaO0POB JaHHBIX U
YCOBEPIIIEHCTBOBAHUE YyKe CYIIeCTBYIOIIUX 6as, IIyTeM JOII0JIHEHUS HE0OX0JUMBIX
aTpUOYTUBHBIX XapaKTEPUCTUK U 3alI0JTHEHUS HeI0CTAal0IUX TaHHBIX. [[es1b1o
UCCJIe0BaHU SIBJISIETCS BOCCTAHOBJIEHHUE BBICOTHOCTH 3aHUI, OJTHOTO M3 KJII0UeBbIX
reoMeTpUYeCKUX IIapaMeTPOB IOPOCKOU Cpeibl, HA 0CHOBE pasHO0OpasHbIX UCTOUHUKOB
C UCII0JIb30BaHUEM MAaIlIMHHOr0 00yuyeHUs1. PaboTa BBIIIOJIHEHA Ha IIpUMepe ropoja
CaukTt-IleTep6ypra. B paboTe ucnosib3yeTcsa HOBasg BEeKTOpPHas 6asa IIPOCTPaHCTBEHHBIX
oaHHBIX Overture Maps, YHUKaJIbHOCTHI0 KOTOPOM SIBJISIETCSI MHTerpariysa HeCKOJIbKUX
UCTOYHUKOB JaHHBIX (OpenStreetMap, Microsoft Buildings, Google Open Buildings),
PeryysipHbINA BHIITYCK OOHOBJIEHUU U CTaHAapPTU3UPOBaHHAas CTPYKTypa XpaHeHUsd
OaHHBIX. HecMOTpsA Ha CyllleCTBeHHbIe JJOCTOMHCTBA, IIP06JIeMO 0CTaeTCd OTCYTCTBUE
MTaHHBIX 0 BHICOTE U 9TAKHOCTH [JIs1 3HAUUTEJIbHOHU N0JIN 3[IaHUMI, 0COOEHHO IS
Teppuropuu Poccuu. Ha peltieHue 3T0M Ipo6yieMbl HallpaBJIeHO Hallle UccieloBaHue. B
KauecTBe IIPeJUKTOPOB JIs1 BOCCTAHOBJIEHUS 3Ta>KHOCTHU UCIIOJIb30BaH HAbop
MOp$OMeTPUUECKUX IIPU3HAKOB COOTBETCTBYIOIIUX 3aHUAM IIOJIUTOHOB: €ro IUIOIaAb,
ero KOMIIaKTHOCTb, IIPOIIOPIIMY MUHUMAJILHOTO 110 IUIOIaAU OTPaHUYMBAIOIIeTro
IPSIMOYTOJIbLHUKA U OTHOIIIEHMeE IVIOIaAU 34aHUs K IUIOIIAU 3TOT0 IPSIMOYTOJIbHUKA.
Kpome T0T0, 6BLIN UCII0JIb30BaHbl XapaKTEPUCTUKU OKPY KaloIllell TEPPUTOPUH, a
UMEHHO JIOKaJIbHbIe KJIMMaThuuyecKkue 30HHI (JIK3) u3 6a3sl ganubix WUDAPT, KoTOpbIe



SIBJIAIOTCA YHUKAJIbHBIMU PEerOHaMU C OJJHOPOLHBIMU II0 CTPYKTYpPE, IOKPOBY U
MaTepHasIOM II0BEepXHOCTU. B KauecTBe JOIIOJTHUTEIbHbBIX XapaKTEePUCTUK TaKXKe ObLIN
UCII0JIb30BaHbl Ha3HaUeHUe 3/1aHUd U ero Kilacc U3 6asbl JaHHbIX Overture Maps.
Mo/iesib BOCCTaHOBJIEHUS 3Ta)KHOCTU peaI30BaHa MeTOOM PerpeCcCUOHHEBIX JIePeBhEeB C
IIpUMeHeHUeM IrpailueHTHOTO0 6yCcTUHTa. TeXHUYecKas peaansalivs BhIIIOJTHeHa C
IIOMOIIIbI0 6ubroTeku CatBoost. KpoMme Toro, McciefoBaHa UCII0JIL30BaHUE B KayecTBe
IOIIOJITHUTEJILHOTO IIPeJUKTOPa OI[eHKHU BBICOTHI 3TaHUA [TUGPOoBas MO/iesIb II0BEPXHOCTHA
(ITMII) BBICOKOTIO paspelieHus. B KauecTBe 11oc/aegHer ucnosaib3oBaHa I[IMII ArcticDEM ¢
paspeleHreM B 2 M U ITIOKPLIBaKIlasd TEPPUTOPHIO ceBepHee 60 rpaxycoB c.i1. Ha ocHOBe
HHPOPMAITUU O JOPOKHOM CeTH, XpaHslleicd B Overture Maps, 6bl1a co3iaHa IudppoBas
Moze b pesbeda (IIMP), xapaKTepHusyolasi BbICOTY IIOBEPXHOCTH 6e3 yueTa 3JaHui U
nepeBbeB. [IyTeM HaX0KIeHUs PasHOCTHU UCXOJHOT0 Habopa JaHHBIX U paCCUUTaHHOMU
[IMP Ob1IM IIOJTyYeHBI OITeHKU BBICOTHI 3[JaHUM, KOTOPbIe UCII0JIb30BaICh B KaUueCcTBe
OJTHOTO U3 IIPU3HAKOB B MOJIeJI MAIIIMHHOTr0 06yyeHUsd. O6yueHHre MOJIeJIM IIPOBOUIIOCH
KaK Ha YpOBHe Bceil Tepputopuu CaHKT-IleTepbypra, TaK ¥ OTEJILHO /I Pa3sHBIX TUIIOB
JIK3. TakoM I10/IXO0/, IT03BOJIMJI OIIeHUTh BJIUSHUE MOP(OJIOTUYECKHUX 0COOEHHOCTEN
TEPPUTOPUU Ha KaueCTBO IIpe/ICKa3aHUN U 3HAYMMOCTh IIPU3HAKOB. B Xo/ie 00yueHUs Ha
TPEHUPOBOYHBIX BEIOOPKAX MOJIesIb e MOHCTPUPOBasa BEICOKYH0 TOUYHOCTD U JIOCTUTasIa
sHayeHUU 0,94, UTO yKasbIBaeT Ha XOpoIllee COIJIaCOBAHME MOJEIU C UCXOJHBIMU
DaHHBIMU. Ha BasiMjaiiiOHHBIX BRIOOPKAaX TOUYHOCTH ObLIa HYDKE U BapbHUpoOBaslach OT
0,68 o 0,79. AHa/IM3 Ba>KHOCTH IIPU3HAKOB B IIOCTPOEHUU MO/JIeJIH IT0Ka3aJjl, YTO UX
3HAYUMOCTH CYIlIeCTBEHHO MeHseTCsd B 3aBUCUMOCTHU 0T Tuma JIK3. 3To rmoaTBepXaaeT
HaJIn4uye BhIPa>KeHHBIX MOPPOJIOTUUEeCKUX 0COOEHHOCTEH B IIpe/iesiaX KOHKPETHOM 30HbI
U II0IUepKHUBaeT He0OXOAUMOCTh UHAUBUYaJIbHOTO I10/1X0/ja K IIOCTPOEHUI0 MOJIe TN
I PasIMYHBIX TeppUTOopUil. Tak, 1yt JIK3 10, COOTBETCTBYIOIIIEM IIPOMBIIIIIEHHBIMU
TEPPUTOPULM, KJIIIOUEBBIM 0Ka3aJsICd BbICOTA, IToJIydeHHas 1o ArcticDEM, a [y1s1 OTKpPBITOM
MaJsI03TakKHoM 3acTpoiku (JIK3 6) — kitacc 3ganus. CpaBHeHHe MoJfeJieil, 00y4eHHBIX Ha
pasHbIX MaciITabax (B IIpefesax rOPOACKUX PaOHOB U BCET0 TOpo/ia), TaKyKe BBISIBUIIO
pasuuus B paclipefe/leHUM IIPU3HAKOB. ITO YKasbIBaeT Ha BJIUSHUe MaclliTaba aHaInsa
Ha UTOTOBBIU pe3ybTaT U TOUHOCTh Mo/iesiu. TaKUM 06pa3oM, MoJieJIb TpagreHTHOTO
OycTHHIa Ha OCHOBe JaHHBIX U3 0askl JaHHBIX Overture Maps IIpoieMOHCTpUpOBasa
BBICOKYI0 93¢ PEeKTUBHOCTH IIPU BOCCTAHOBJIEHUHU BBICOT 34aHUM, UMEIIIINUX pasInyHbIe
XapaKTepPUCTUKU. B TasibHeNIeM IIOBBIIIIeHHe TOYHOCTH MO/[e/IN IIpeIioIaraeTcsa yreM
paciIvpeHys UCII0JIb3YeMBIX IIPU3HAKOB U BHEIPeHU HOBBIX HUCTOYHUKOB JaHHBIX.

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

I.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) [ccpinkal, 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 I.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), P. 854-865, http://dx.doi.org/10.3103/S002713492470231X
[http://dx.doi.org/10.3103/S002713492470231X]
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Section 3. Machine Learning in Natural Sciences

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. IIpuMeHeHHe KOHIeIIIUM ITepeHoca 00yyeHu AJIsl TpagueHTHOTO
OyCTHHra IIPM pellleHUuU O0paTHHIX 3a/1a4 pa3BeJ0UYHOI reopusuKu

M.K.Illanees (1), U.B.Hcaes (2), U.E.O6opHes (2), C.A./loneHKo (2)

(1) dusuueckuil axysbmem MoCKOBCK0O20 20CydapcmeeHH020 yHugepcumema umeHu M.B.
JlomoHocosa, Mockea, (2) HayuHo-ucc/1e008ameabCKUll UHCMumym s0epHot (pusuKu uUm.
/I.B.CKkobesbublHa, Mockea
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JlaHHOe HUCCIeJoBaHMe II0CBAIEHO U3yUeHUI0 3G PpeKTUBHOCTH MeTO/I0B IIepeHoca
o0yueHMs, IPUMEHAEMBIX K MO/IeJIIM I'paileHTHOT0 OYCTHHTA, /I PellleHUs 00paTHBIX
3aJja4 pasBe0uyHOM reopusuku. OCHOBHad IIpobseMa, perraeMas B paboTe -
He0o0X0JUMOCTb HaJIMUMs O0JIBIIIOT0 00 beMa 00yYaroIUX JaHHbBIX IIPU afalTaliiu
Mo/iesiei K HOBBIM I'e0JIOTMYeCKUM CTPYKTypaM MM HabopaM JaHHBIX C PasJIMYHON
CTeIIeHBI0 CJIOKHOCTH (HaIlpuMeD, IIPU IIepexojie MeXKay paspe3aMu ¢ QUKCUPOBaHHBIMU
U IIepeMeHHBIMU CBOMCTBAMU CJI0€B). B oTyiMune OT IIpeAbIAyIIUX padorT,
HCII0JIb30BaBIIUX HeHMPOHHEBIE CeTH, B ITAHHOM paboTe pacCMaTPUBAIOTCA aJITOPUTMBI
rpasieHTHOro 6ycTUHra. MccaenyroTced crielfuouyecKre CTpaTeruy epeHoca 00y4yeHus,
aflalITUpPOBaHHLIE 11 aHCaM6JIeBBIX MeTo/10B: 1. CTaHiapTHOE J006ydyeHMe: MOJelb,
IIpeBapuUTeJIbHO 0O0yUYeHHas Ha UCXOZHOM Habope TaHHBIX, IIPO0JDKaeT 00ydyeHUe Ha
I1es1eBOM Habope. 2. [IepeHoC ¢ o6oraieHrueM IIPU3HAKOB: MOZleJIb 00yUuaeTcs “C HyJIs1” Ha
I1eJIeBOM Habope, HO BXOIHbIe IIPU3HAKU JOIIOJTHAKTCA elllé OHUM, CO/lepKallliM
OTBEeTHI MOJIeJIH, IIpeiBapUTeIbHO 00YUeHHOM Ha UCXOJHOM Habope JaHHBIX. 3. [lepeHoC
C yceueHHeM MOJieJI: I10CJIe IIpelo0yUyeHUs Ha UCXOAHBIX JaHHbIX OIIpefesIsieTCs
UTepalusa C MUHUMAaJIbHOU OIIMOKOU Ha BaJIUJAllMOHHOM II0AHa60pe Iies1eBoro Habopa.
Jlasee aHcaM6JIb yCceKaeTCs 10 9TOM UTepaIiiH, U II0JIyYeHHast MO/ieJIb UCII0Ib3yeTCs It
WHUIMAaIN3aluu 1006ydeHUs. 4. [lepeHOC ¢ afallTUBHBIM aHCaMOJIMpPOBaHUEM: Ha
I1eJieBOM Habope JaHHBIX 06ydaeTcsa HOBast MOJieJIb “C Hy/I1”. ITOroBOe IIpe/icKasaHue
dbopMuUpyeTCd KakK B3BellleHHas CyMMa IIpecKasaHUuU MOJieIU-T0HOpA U I1eJIeBOM
Mojiesid. BecoBOM KO3QQUITMEHT afalITUBHO I10/{0HpaeTCs C IIOMOIIBI0 aJITOPUTMa
OITUMMU3AIINU. IKCIIEPUMEHTHI IIPOBOAATCA B paMKaX reopusnyeCKOM ITI0CTaHOBKHY,
BKJIIOYAIOIIeH 3a/1au rpaBUMEeTPUU, MarHUTOMETPHUM U MarHUTOTEJIJIYPHUYECKOI0
30HAMPOBaHU. MCIIOJIL3YIOTCI TPU CUHTETUYECKUX Habopa JaHHbIX (“JIErKuit”,
“CpemHuir”, “CiI07KHBIN”), pa3/IMYalIIUXCA XapaKTepoM U3MeHeHUs I1apaMeTPOB Cpe/ibl.
[IpousBoAuTCA CpaBHEHME 3¢ PeKTUBHOCTHU CTpPaTeruii epeHoca 06yyeHus U
TPagUIIMOHHOI0 06ydyeHUs. OlleHUBaeTCd TOUHOCTb BOCCTAHOBJIEHUS IVTYOUH I'PaHUI]
re0JIOTUYEeCKUX CJI0eB U BRIUMCIUTeIbHAA 3QPeKTUBHOCTD IIPH Pa3/IMYHBIX 06 beMax
oOyuaroleil BLIOOPKHU. Pe3ysIbTaThl II0Ka3bIBAKOT, UTO IIPUMeHEeHHe MeTO/[0B IIepeHoca
o0y4YeHMd I TpafeHTHOr0 6yCTUHTA I103BOJIAET CYI[eCTBEHHO COKPaTUTh
He0oO0X0JUMBINA pasMep 00ydarollieil BEIOOPKH, COXpaHssa UJIH iake yJIydIllas TOUHOCTh
peleHus 110 CpaBHEHUIO C MOJIe/IIMU OYCTHHTa 6e3 IlepeHoca. 3TO IIOATBePIKAaeT, UTo
IepeHoc 00y4YeHUs [103BOJISAET CYI[eCTBEHHO II0OBLICUTE 3 GEeKTUBHOCTD U PACIIUPUTH
BO3MO>KHOCTH IIPUMeEHeHU I'paiueHTHOT0 O6YCTUHTIA IIPU pellleHUH 00paTHHIX 3a/1a4
pasBefouYHOM re0PU3UKHU B YCIOBUAX OTPaHUYEHHBIX TaHHBIX.

HccieroBaHMe BBIIIOJIHEHO 3a CUET rpaHTa Poccuiickoro Hay4yHoro ¢poHma Ne 24-11-00266.

48. AHamu3 crpareruii ooyyeHust FBPINNs

Aaumoe Ilagen I'ennadwveeuu (1), ['opuxosckutl Bauecnas Heopesuu (1)
(1) Cankm-ITemep6ypaCcKuil 20Cy0apCmeeHHbll yHUgepcumem

dusnUeCcKU-UHGOPMUPOBaHHEIE HeMPOHHBIEe ceTU (PINNS) aKTUBHO IIPUMEHSIOTCA I
pelleHus 3aja4 MeXaHUKH, HO CTAJIKUBAIOTCA C TPYAHOCTSAMU B CJI0KHBIX 00J1aCTSIX.
Mertop Finite-Basis PINNs (FBPINNS), UCII0/1b3YIOIIIUN pa3breHue 00J1aCTU Ha I10100J1aCTH
C JIOKQJIbHBEIMU CEeTAMH, IIpeiaraeTcsa Kak passutue PINN 11g IOBEIIIIeHUS TOYHOCTU U
cxopumocTu. OmHako FBPINNS Ha JaHHBIN MOMEHT SBJIS€TCS He3peJIbIM II0AX0J0M:
OTCYTCTBYIOT Ha/ie;KHbIe peain3aliviy U IJIy60Koe ITOHUMaHue GaKTOPOB UX
YCTOMYUBOCTH. 1]eJIbI0 JaHHOM Pab0ThI IBJISE€TCA UCCIeJOBAHKE BIUIHUSA Pa3IMYHbBIX
CTpaTerui 00y4dyeHUs1 Ha CTaOUIbHOCTh U TOUHOCTh FBPINNS. B pa6oTe cucTeMaTHYeCKU



U3y4YeHO BJIMSHUE Pas3/IMYHbIX CTpaTeTui B3BEIINBaHUI KOMIIOHEHT QYHKIIUY II0TePh U
MeTOZ0B 00yUYeHUs JIOKAJIbHBIX ceTell. Ha oCHOBe 3TOro aHasmn3a paspaboTaHa
crabuinbHada peanusanysa FBPINNSs, o6ecrieurBaroias JIETKOe BHepeHre HOBBIX
ypaBHEHUH I IIOCTAHOBKHU 9KCIIEPUMeHTOB. PaboTa 3aBepiaeTcsa GOpMyIMPOBKOMI
IIpaKTUYeCKUX peKOMeHIaITui 110 3G peKTUBHOMY KOHQUIYPUPOBAHUI0 U IPUMEHEHUI0
FBPINNS 714 3a1a4 MeXaHUKH, CII0COOCTBYS PA3BUTUI0 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. IlpumeHeHue ceTeil KosiMmoroposa-ApHoJIba AJIs1 pellieHus: 00paTHOM
3a/a4yy CIEKTPOCKOIINH IIPH CO3JaHUU MYJIBTUMOJAa/IbHOI'O
HaHOCEHCOpa NOHOB MeTa/IJ/IOB Ha OCHOBE YIJIEPOJHBIX TOYEK

I'A.Kynpusamnoeg(1, 2), H.B.Hcaes(2), K.A.JlanmuHckuli(1, 2), C.A.ZloneHko(1, 2),
T.A./lonenko(1)

(1) dusuueckuil axysabmem MoCKOBCK0O20 20Cy0apCcmeeHH020 yHugepcumema umeHu M.B.
JlomoHocosa. (2) HayuHOo-ucc1e008ameibCKUll UHCmumym si0epHoil Gusuxku um.
/.B.CKobesbyblHa

PaspaboTka MyJIbTUMOAILHOTO $JIYOPeCIlieHTHOTO HaHOCeHCOopa Ha OCHOBE YIVIEPOIHBIX
TouekK (VT) HalpaBJieHa Ha CO3/laHue IIePCIIeKTUBHOIO0 UHCTPYMEHTA /I aHaJIKM3a
KUJIKUX Cpell ¥ KOJIMUeCTBEHHOU OlleHKHU IIpUMecei MeTaJ/uIoB [1]. OqHUM U3 K/II0UeBBIX
9TaIlOB ABJISIETCA CO3JaHUe MO/IeJIH, OIleHUBAIIlel KOHITeHTPaIlU0 KaTUOHOB MeTaJLJIOB
10 CIieKTpaM ¢puryopecrieHIIUU VT, BBeJleHHBIX B UCC/IelyeMblli oOpasel]. B kauecTBe
TaKHUX MOJIeJIer MOTYT HCII0JIb30BAThCS IIEPCEIITPOHBI ¥ CBEPTOUYHbBIEe HEMPOHHEBIE CETH.
Biraromapsi yHUBepCaJIbHOCTH, HEJITMHEMHOCTHA U HAJIMYUK 3QPEKTUBHBIX aJITOPUTMOB
o0yueHUs, HelipoceTeBble MO/Ie/IN IIPUOOPeIH IIIUPOKYIO IIONYIIPHOCTE B
HUCCJIeJOBaHUSIX JIJI BBISIBJIEHUS CJI0KHBIX 3aKOHOMEPHOCTEN B 60JILIITNX Habopax
naHHBIX. HelipoHHBIe ceTu KosiMoropoBa-ApHosibaa (CKA) mpeAcTaBIgOT CO00M IIOAX0/,



aJbTepHAaTUBHBIYU CTaHAAPTHLIM HelpoceTeBBIM MO/Ie/IIM. B 0OT/IHYMe OT II0MCKA
MaTpPUYHBIX K03$PUITMEeHTOB (BecoB), 00yueHre CKA 3aKII04aeTCs B IIOUCKE
HeIIpePbIBHBIX GQYHKITUU aKTUBALUU [2]. 3TO mo3BoJIsieT CKA IIPOSIBIIATEH O0JIBIIYIO
HeJIMHEWHOCTH I10 CPaBHEHUI0 CO CTaHZaPTHBIMU HeHpOoCceTeBLIMU II0X04aMU, YTO B
psze ciydaeB MOKeT 06€eCIIeUUTh IIOBBIIIIEHHYI0 TOYHOCTh alllIpOKCUManuu [2, 3].
ApxutekTypHO CKA 0CHOBaHa Ha CyMMax U CYIIEPIIO3UITUU CKaJIAPHBIX QYHKITUUA OTHOMN
rnepeMeHHOM. Takas CTPyKTypa I103BOJIIeT OCYILeCTBJIATEH HAIJIATHYI0 BU3yaIM3allHI0
MOJIeJIH, UTO YIIPOIllaeT HHTePIIpeTaIluio ee paboTel [2]. B ;aHHOM Hcclej0BaHUU Ha
OCHOBe 3KCIIepUMeHTaJIbHBIX TaHHBIX [1] 6b1IH IT0CTpOoeHEI Mofiesiu CKA 1is
OJHOBPEMEHHOTO OIIpe/ieIeHUA KOHIIeHTPaIlui II1eCTH KaTUOHOB MEeTaJIJIOB U OTHOTO
aHUOHA II0 IBYMEePHBIM KapTaM ¢pJiyopeciieHITUU pacTBopoB ¢ YT. CKA
IIPOJIEMOHCTPHPOBasia TOYHOCTE OIIpeiesIeHUsI KOHIIeHTPaIlvy MOHOB, COIIOCTaBUMYIO C
pedepeHCHBIMU MeTOLaMHU (MHOI'OCJIOMHBIN IIepCeIITPOH, CIyYaruHbIN Jiec, rpafieHTHHIN
OYCTHHI, MeTO/, TPYIIIIOBOTO yyeTa apryMeHTOB). BBIJI IIpe/ii0KeH U IIpUMeHeH
YCOBEPIIIEHCTBOBAHHEINM MeTOI BU3yaJIbHOU UHTeprnpeTaniuu CKA, yUUTHIBAKOIITUN
CYyIlleCTBEHHEBIE B3aUMOCBA3H MeJKy BXOJHBIMHU ITpHU3HaKaMU. [IoslydyeHHbIe pe3yJIbTaThl
II03BOJIMJIN BHIIBUTH KJIH0UeBble 3aKOHOMEPHOCTH, OOHapy>KeHHbIE U UCII0JIb3yeMble
CKA 11pu onipeiesieHUU KOHIIeHTPaI[ui UOHOB.

HcceoBaHMe BBIIIOJIHEHO 3a CUeT rpaHTa Poccuiickoro Hay4yHoro ¢poHma Ne 22-12-00138,
https://rscf.ru/project/22-12-00138/ [https://rscf.ru/project/22-12-00138/]. [.A.KyIIpusiHOB
SIBJIAETCS CTUTIEH/IMaTOM DOH/IA Pa3BUTHS TEOPETHIECKOH QH3MKH M MaTeMAaTHKH
«basuc» 1 HekomMepueckoro ®oHzja pa3sBUTHS HayKU U 06pa3oBaHUs « THTeJLIEKT».

[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), I.I. 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. Kamuu: Ko/uteKTUBHAsI MT'Pa Me)Ky areHTaMHU pa3sHOo00pa3HbIX
TUIIOB, paspaboTaHHas /I M3yYeHHUA B3aUMO/JEeNCTBUSA yejloBeKa U
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HCKYCCTBCHHOI'O HHTE/IVIEKTA B MHOI'0areHTHOH cpeae

Hcaee HU.B. (1), UepHos K.H. (2), I'ycvbko8 A.A. (1,2), Kynpusanos I'A. (1,2), Maxkapos A.C. (2),
Mywuna A.C. (1,2), CamcoHnoguu A.B. (3), lonenko C.A. (1)

(1) HayuHo-ucc1e008aeabCKUll uHcmumym sidepHou pusuxku umenu /I.B. CKobebublHa,
Mockogckull 2ocydapcmeeHHblil yHugepcumem umeHu M.B.JlomoHocoea, Mockea, Poccusi;
(2) dusuueckuil axyabmem, MoCKo8CKUILL 20Cy0apCcmeeHHbLil yHugepcumem umeHu M.B.
JlomoHocosa, Mockea, Poccusi; (3) HauuOHAMbHWBLIL Ucc/1ed08amenbCKull s0epHblil
YHUsepcumem «MHDPH», Mockea, Poccus

B paborTe mpeacTaBiieHa areHT-OpHeHTUPOBaHHAasd UrpoBasd cucrteMa “KaMHU”,
IIpefHasHa4YeHHad I MOZeIMPOBaHUA U aHaJIN3a B3aUMO/IeMICTBUMN MeXXy UTPOKaMU-
JIIOABbMU, aJITOPUTMHUYECKUMU areHTaMHU, 6M0JIOTUYeCKH BJOXHOBJIEHHBIMU areHTaMU
KOIHUTUBHOM apXuTeKTyphl (BICA) 1 Helipo-areHTaMHU B KOOIlepaTUBHOM urpe. CucreMma
BKJIIOUAeT B ce0s HeCKOJIbKO TUIIOB areHTOB: areHT-4eJI0BeK, CIydaliHble areHThl,
«IBOMKU» (areHTHI, B3aUMOJeMCTBYIOIIUE B I1ape), «TPOMKU» (areHTHI, paboTaroliye I10
Tpoe), BICA-areHTHI ¢ afalITUBHONM KOTHUTUBHON apXUTEKTYPON U HEMPO-areHThl,
KOTOpBIe 00y4aroTCs CTpaTeTuy UIPHI 110 JaHHBIM y>Ke ChITPaHHBIX UTP. B UIpe areHThI
IeJsIaloT X0 OT OJHOTO M3 HeCKOJIBKUX “KaMHel” K IpyroMy; KaMeHb yOoupaeTcs, ecIu
II0CJIe X0Zla POBHO [iBa areHTa (He MeHbIlle U He 00JIbIlle) HaXO4ATCA y 3TOT0 KaMHS.
KoomepaTuBHas I1eJib areHTOB — yOpaThk BCe KaMHU, KpOMe /IBYX, 3a MUHHUMAaJIbHOe
KOJINYeCTBO X0 0B. UITPOK-yeI0BeK MOKeT B3aUMOJeHICTBOBATh CO CpejoM yepes
Telegram-60Ta, 4TO I103BOJIAET yYAaCTBOBATh B UIPe B Pe)KUMe peaIbHOI'O0 BpeMeHH.
Takasg apXUTeKTypa CUCTeMBI 00eclieyrBaeT JUHAMUYHBIN UTPOBOM IIPOIiecC, B KOTOPOM
areHTHI C Pa3/IMYHBIMU CTPATETUIMHU COPEBHYIOTCSA HJIH COTPYAHUYAIOT, B TO BpeMda KaK
Ha IIPOIIeCChl IIPUHATHS pellleHui areHTaMu BICA BIMAIOT [eHICTBUA YeI0BeKa U APYTUX
areHToB. PaspaboTaHHas I1aTGopMa ABJIAETCS UCCIe0BaTe/IbCKUM HHCTPYMEHTOM /I
cbopa U aHaIM3a II0BejleHYeCKUX JaHHBIX Pa3s/IMUYHBIX TUIIOB areHTOB B CMeIllaHHBIX
CpeZiax C UCII0JIb30BaHKWEM UCKYCCTBEHHOI0 UHTe IeKTa. CpaBHUBAA 3 PEeKTUBHOCTD U
cTpaTeruu agantanuu BICA-areHTOB, MBI CTPEMHUMCS BBIIBUTE 3aKOHOMEPHOCTH,
BO3HUKAIOIIUE B ClIeHapUAX COTPYyAHUYeCTBa U KOHKypeHIMU. HTerpanusa ¢ Telegram
obecrieurBaeT JOCTYIIHOCTD, a IIPOTOKOJIMPYyeMble B3aUMO/eCTBUA Jal0T
IIpeacTaBIeHNe 0 TOM, Kak Mozesu BICA peardpyrT Ha HelIpeACcKa3syeMOCTh YeJIOBEeKa.
KpoMe TOro, MBI aHAJIM3UPYEM IIPOTOKOJIbHBIE 3aIIHMCH (JIOTH) UTPOBOTO IIPOIiecca, YTOOHI
coBepIlleHCTBOBAThL BICA-areHToB C IIOMOIIBI0 TeHETHYECKUX aJITOPUTMOB, OIITUMUSUPYSI
UX KOTHUTHBHEIE U I10BeJleHUeCKYe ITapaMeTphl B PasHbBIX IIOKOJIEHUAX. ITOT IIOAX0/]
CIIOCOOCTBYeT pa3paboTKe 60Jiee HA/IEXKHBIX U COBMECTHUMBIX C UeJIOBEKOM CHUCTEM
UCKYCCTBEHHOI'0 UHTEJIEKTA.

70. IlocTpoenue HelipoauppepeHIUATBHBIX YyPaBHEHUN C IPUMeHeHueM
METO/I0B OOpaTHHIX 3a/1a4 AUHAMUKU

IIlopoxos C.I.
Pocculickutl yHugepcumem opyxrc6bvl Hapo0oo8 um. I1.JIymymobl

B o6paTHBIX 3afayax AUHAMUKU (inverse problems of dynamics) Heo6X0gUMO
OIIpe/le/IUTh HeNU3BeCTHbIE CHUJIbI MJIX [TapaMeTphl JUHAMUUYECKOM CUCTeMBI 110
M3BEeCTHBIM XapaKTepUCTUKaM ee ABIDKEHU, B TOM YHCJIe 110 U3BECTHOM TpaeKTOPUU
IOBIDKeHUs. MaTeMaTH4eCKY, pellleHre 00paTHBIX 3a/1a4 JUHAMUKHU YacTO CBOJUTCA K
IIOCTPOEHHUIO IIPABHIX YacTel CUCTeMBI 0OBIKHOBEHHBIX I depeHIInaIbHbIX YPaBHEHUN



10 3aJaHHOMY UHTeIrpaJlbHOMY MHOroobpasuto (Metoz EpyruHa). 3azjaqa moCTpoOeHUs
cucTeMbl 1 depeHIINaIbHBIX YPABHEHUN MOYKeT UMEeTh MHOKeCTBO pPellleHUH,
I1039TOMY B MeTO/Zie EpyTHHa CTPOUTCA BCSI COBOKYITHOCTE CUCTeM U depeHITraaIbHbBIX
ypaBHEHUI, KOTOPbIe YIOBJIETBOPSIOT 3aJaHHBIM YCJI0BUSAM, U 3a CUeT BbIOOpa
IIPOU3BOJILHBIX QYHKIINMI, BXOJAIIUX B pellleHre, MOKHO, B YaCTHOCTH, JOOUTHCS TOTO,
UTOOBI ABU)KEHUE 110 MHTeTPaJIbHOMY MHOT000pasUi0 ObLIIO YCTOMYUBO I10 JIAIIYHOBY. B
HelpoaudpepeHIIUAIBLHBIX ypaBHeHUAX (neural ODES) mpaBble 4aCTH CUCTEMBI
OOBIKHOBEHHBIX U PepeHITUaIbHbIX YPaBHEHUN alllIpOKCUMUPYIOTCI HEMPOHHOM
CeThI0, a B KaueCcTBe 00ydarolero Habopa JaHHbIX MO>KeT BBICTYIIaTh Habop
HaObJII0JeHUH 3a IBIDKEeHUEeM JUHAMUYeCKOU CUCTEeMBI B pa3jIMuHble MOMEHTHI BpeMeHH.
B mokuiaze o6CcyXgaeTcs IIpUMeHeHe METO0B 00paTHBIX 3a/1a4 AUHAMUKU (MeTo1a
Epyrusa) 1ipy nocTpoeHuu U 00yueHUU HelpoaudpepeHITMaabHbIX ypaBHEeHUN. B
KauecTBe [IpUMepa paccMaTpUBaeTCsd IUIOCKOe ABYOKeHMe 110 3aJaHHON TpaeKTOPUU —
oBaJy KaccuHu.

74. COSJAHUE AMHAMHNYECKOI'O KO'HOBHU3O0OPA - PACIIOSHABAHHUE
KOT'HUTHUBHBIX COCTOSAHUH C IIOMOIIBI0O METOAOB I'TYEOKOI'O
OBYUYEHUA

Maxkapoe Aaekcandp Cepzeeeuu (1), I'adoxcues Hemaun Mapamosuu (2), /loneHko Cepeeil
AHamoavesuu (2)

(1) Mockoeckuii cocydapcmeeHHbll yHugepcumem umeHu M.B.JlIomoHocosa (MI'Y), (2)
Hay4Ho-uccaedogamenbckuil uHecmumym si0epHoul gusuxu umeHu /.B. CkobeavusiHa MI'Y

JlaHHas paboTa ABJIAeTCd IPOA0/DKEHUEM HCCIeJOBaHUA, B KOTOPOM paccMaTpUBaslach
BO3MO>KHOCTh paspaboTku «KorHoBM30pa» € IIOMOIIIBI0 METOI0B MalllUHHOT'0 00yUYeHUs
U aHaJIM3a IJIaBHbIX KOMIIOHEeHT. KOTHOBHU30p — 3TO YCTPOMCTBO, KOTOPOE Ha OCHOBE
aHaJIr3a HeMpopU3NOJI0TUYECKUX JaHHBIX 0 MO3TOBOM aKTUBHOCTH PacIlO3HAaeT U
BU3yaJIU3UPyeT KOTHUTHUBHBIE COCTOSIHUA U IIePeX0/ibl MeXKy HUMU. B naHHOM paboTe B
KayeCTBe MeTO/[0B MAIlIMHHOI0 00y4eHUs pacCMaTPUBAINCh CBEPTOUHBIe HEMPOHHEIE
CeTH, a B KayeCTBe KOTHUTUBHBIX COCTOSTHUM OBLJIM BhIOPAHbI 6 TUIIOB MBIIILJIEHUS C
II0CTeIleHHBIM U3MeHeHHeM CBOMCTB IIPOCTPaHCTBEHHO/00pa3Horo U BepbasibHO/
JIOTUUYECKOI'0 THUIIa U COCTOSTHYE II0KOS TOJIOBHOTO MO3ra (Kak 6a30BbIii ypOBEeHb pab0ThI
IIPOIIeCCOB CO3HaHUA). /1 IToJIydeHUd HEUPOQU3UOJIOTUYECKUX JaHHbBIX UCII0JIL30BaJICI
MeTOJl QYHKITMOHAILHOU MarHUTHO-Pe30HaHCHOM Tomorpaduu (pMPT). beLio
paccMOTpeHOo TPU THUIIA 3a/1a4 Kiaccupukanmu: 1) bBuHapHas KiacCupUKaIiys —
COCTOSTHHE II0KOS U JIF000e aKTUBHOE COCTOgHUe; 2) Kitaccupukamus 1o TpeM KiaccaM —
COCTOSTHHE II0KOS, IIPOCTPAHCTBEeHHBIN U BepOaIbHbIN TUIILI MBIIILIEHU; 3)
MHoOrokJsaccoBas KJiaCCUPUKAIIUI — COCTOSTHUE II0KOs, 2 IIPOCTPaHCTBEHHEBIX U 4
BepOaJIbHBIX TUIIA MBINIUIeHUS. [I0CKOJIBKY JaHHbIe I 9TOM 3ala¥l UMEIT CIUIIIKOM
60JIBIITYI0 pasMepHOCTH (4D-06beMbI ~91x109%91x3620), To Ha IIepBOM JTalle cTasjia
3ajtaua 11ozo6paTh OIITUMAJIBHYIO /I UMEIOIUXCSA BEIYUCIUTEIbHBIX PECYPCOB
apXUTEKTYPY CBEPTOK B CBEePTOYHOM HEMPOHHOM CeTH. bbIJI0 pacCMOTPEHO TPU BUA
cBepTOK: 1) Mozesib CBEPTKHU, KOTOpas IIpUHUMaeT Ha BXOJl HeCKOJILKO cpe3oB 3D
n300pa’keHnsI U UHTEPIIPeTUPYeT UX Kak cpesbl 2D nsobpakeHuUs, I10CjIe Yero K
Ka’KOMy U3 HUX IIpuMeHseTcda 2D cBepTKa; 2) Pasgenssemas 3D cBepTka; 3) IlosHasa 3D
cBepTKa. [1o pesysibTaTaM paboThI OBIIU CieIaHbl BBIBOABI O CII0c06e BrIbOpa
OIITHMMAaJIbHOI'O THUIIA CBEPTKHU U 0 TOM, KaKyI0 CBePTKY HCII0JIE30BaTh B AJIbHEMNIITNX
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 (VAES) 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
VAEs (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. IipuMeHeHMe IlepeHoca 00yUeHUsI CBePTOYHOM HEeHPOHHOM CeTH IJIs
IOBBIIIEHU TOYHOCTH pellleHus1 00paTHOM 3aauu
$doToIFOMUHECIIEeHTHOM HAHOCEHCOPUKH

I. Qyzpeeea(1), K. /lanmuHckuii(1,2), T. ZJonenko(1)
1- dusuueckuilt paxyaemem, MI'Y um. M. B. lomoHocosa, 2- HUHUAP um./].B.CKob6eabUblHa,
MI'Y um. M. B. IomoHoco8a

Yrepogsble ToukH (VT) — KitaccC yIJIepofHBIX HAHOYACTHUIL, 06/I1aJar0IUX CTAOUILHOMU
HUHTEeHCUBHOU ¢poTorroMuHectieHIie (OJI), 3aBUcCAILe OT YCJI0BUM CUHTEe3a U KpaiiHe
UyBCTBUTEJILHOMN K U3SMEHEeHUIO IIapaMeTpoB OKpy>KeHU [1]. Takue cBoiicTtBa VT
OTKPBIBAIOT IIIMPOKKE BOSMOKHOCTU UX HUCII0JIb30BaHUSA B KayeCTBe HAHOCEHCOPOB
mapaMeTpoB cpefsbl [2]. B HacTosIee BpeMs Ha 0CHOBe YT aKTMBHO pa3pabaThIBAlOTCI
HaHOCEHCOPHI [IUI1 OJHOBPEMEHHOTO OIIpe/ie/IeHUs KOHIIEeHTPalluu psifia MOHOB,
PacTBOPEHHBIX B BoJie U Tyrnaiux ®JI yriepoaHsix Touek [1]. HeripouHsie cetu (HC),
OyAy4u YHUBEpPCaJIbHBIMU allIIPpOKCUMAaTOPaMH, CIIOCOOHEI YCIIEITHO pelllaTh
MHOTOIlIapaMeTpHhYecKre o6paTHBIe 3a1aul pOTOTIOMUHECIIEHTHOM CIIEKTPOCKOIINY, B
YaCTHOCTH, C XOPOIlIer TOUHOCTHI0 OJHOBPEMEHHO OIIpe/iesIATh KOHIIeHTPAall0 HOHOB B
BOZHOU cpefe 110 criekTpaM ®JI VT [3]. OmHako, mpuMeHeHUue HC 11 pelteHUs
yKa3aHHOM 3a/1auu TpeOyeT IMoIydeHUus 60JIbINNX 6a3 CIIeKTPAJIbHBIX TaHHBIX, T.€.
UCII0JIb30BaHUSA JOPOTOCTOLAIIEN allliapaTypsl, IPUBJIeYeHUS
BBICOKOKBaJIUGUITUPOBAHHBIX CIIEITUATUCTOB, AIJIUTEILHOTO BpeMeHU cbopa IIpUMepPOB U
Ip. OMHUM U3 CII0COO0B IIPEO0IeHUS IIPUBEIeHHBIX CJI0’KHOCTEU SIBJIsIeTCd IIPpUMeHeHNe
nepeHoca o6yuenusa HC. B gaHHOM Hccile0BaHUM II0Ka3aHO, KaK C IIOMOIIBI0 IlepeHoca
o0yueHUs cBepTOYHOU HepoHHOU ceTu (CHC) yzasmock He TOJIBKO IOBBICUTH TOUHOCTh
oIIpejiesIeHUs KOHI[eHTPaIlMy MOHOB B cpefe 110 criekTpaMm ®JI VT, Ho U yMeHBIIUTh
BpeMeHHbIe 3aTpaThl, He06X0AUMBbIe 19 00yUYeHU MOJIeIU. IKCIIepPUMEeHTaIbHO ObLIN
II0JIy4yeHHI ABe 6a3bl CrieKTPoB PJI VT B BOAHBIX pacTBOpax ¢ 6 moHaMu (Ni2+, Cu2+, Co2+,
Al3+, Cr3+, NO3-) ¥ B BOJHBIX pacTBOpax ¢ 7 HOHaMHU (Te 7Ke MOHBIL, U 106aBIeHbl HUOHbI
Pb2+). Ha iepBoM sTane 6111 06yuyeHbl CHC(6) 1 CHC(7) 14 omipeiesieHUs TUIIA U
KOHIIeHTpaI[UHU Ka>KA0ro U3 6 MOHOB U 7 MOHOB 110 crieKTpaM ®JI VT B BogHOU cpefe,
COOTBeTCTBeHHO. Ha cienyroiieM stanre CHC(6), o0ydeHHast Ha 6ase JaHHBIX,
copiep-Kaiiei crieKTpsl ®JI BOAHBIX pacTBOpPoB YT ¢ 6 moHaMu, 6bl1a [o006yUyeHa Ha 6ase
crzeKTpoB @JI VT B pacTBopax ¢ 7 noOHaMHU. TOUHOCTE OIIpeieieHUs KOHIIeHTpaIluu
HUCCJIeIOBaHHBIX HOHOB 000yueHHOM CHC 0KasaJiach BEIIIe B 2-3 pasa 10 CPaBHEHUIO C
TOYHOCTBI0 OIIpe/iesieHUsI KOHITeHTpalluu HOHOB Mozieibr0 CHC(7), 00yueHHOH ¢ HyJId Ha
6a3se cIeKTpoB pacTBOpPOB VT ¢ 7 HOHAMHU.

HcciemoBaHuMe BBIIIOJIHEHO 3a CUET rpaHTa Poccuiickoro Hay4yHoro ¢poHma Ne 22-12-00138,
https://rscf.ru/project/22-12-00138/ [https://rscf.ru/project/22-12-00138/]. PaboTra I. UyrpeeBoii
TojiiepkaHa GOH/IOM TeOpeTHUYecKo GU3MKH 1 MaTeMaTUKH «basuc» (oroBop Ne
23-2-2-22-1).

[1] Vervald A.M,, Laptinskiy K.A., Chugreeva G.N., Burikov S.A., Dolenko T.A.. (2023)
Quenching of Photoluminescence of Carbon Dots by Metal Cations in Water: Estimation of
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Contributions of Different Mechanisms. J. Phys. Chem. C (Vol. 127, pp. 21617-21628).

[2] Wibrianto, A., Khairunisa, S. Q., Sakti, S. C. W,, NI'mah, Y. L., Purwanto, B., & Fahmi, M.
Z.(2021). Comparison of the effects of synthesis methods of B, N, S, and P-doped carbon
dots with high photoluminescence properties on HeLa tumor cells. RSC Advances (Vol. 11,
Issue 2, pp. 1098-1108).

[3] Chugreeva, G. N., Laptinskiy, K. A,, Plastinin, I. V., Sarmanova, O. E., & Dolenko, T. A.
(2024). Development of a Multimodal Photoluminescent Carbon Nanosensor for Metal Ions
in Water Using Artificial Neural Networks. Moscow University Physics Bulletin, 79(S2),
S844-S853.

86. Probabilistic Spiking Neural Network with Correlation-based
Memristive Synaptic Updates

Alexander Sboev (1,2), Dmitry Kunitsyn (1,2), Yury Davydov (1), Danila Vlasov (1), Alexey
Serenko (1) and Roman Rybka (1,2)

(1) National Research Centre “Kurchatov Institute”, Moscow, Russia (2) National Research
Nuclear University MEPhI, Moscow, Russia

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. Mojiesib MAaIlIMHHOTO O0y4YeHMs /11 IPOrHO3UPOBaHUA
BEHTHIATOPHEIX IIOPOroOB

Munkun A.C. (1)
(1)HHcmumym npukaadHoui mamemamuku um. M.B. Keadviwa PAH, 125047, Mocksa

OmHOM U3 3a/]a4, CBSI3aHHBIX C OIIpe/ieJIeHHeM COCTOSTHHUS JIETOUHOM U Cep/iedHo-
COCYZITUCTOM CHUCTEM, SIBJISIeTCS OIpefiesieHre HHIUBUIYaIbHBIX 3SHAUEeHUHN
BEHTHJIAIIMOHHBIX ITI0POTOB (BII), KOTOpPhIe MOTYT OBITH HaM/IeHbI 110 pe3yJIbTaTaM
aHaJ/IM3a JJaHHBIX Ta3000MeHa IPHU BHIIIOJTHEHUH KapAHOopeCIUPaTOPHOT0 HaTpPy304HOTO
TeCTUPOBAHUs. 13-3a BEICOKOTO YPOBHS IITyMa B PETUCTPUPYEMBIX JAaHHBIX Ta3000MeHa
IIPOTHO3UpPOBaHHe BII yacTo OCHOBBLIBAeTCSI Ha BU3yaJIbHOM OCMOTpe IpadHKOB.



Pe3ysibTaThl 9ITUX OIIEHOK, IIOJIyUeHHBIX C UCII0JIb30BaHUEM IIONYJ/IIPHOTO MeTo/a V-slope
[1], aKkTUBHO IIPUMEHAEMOT0 [JIs1 IPOTHO3UPOBAHUSA BEHTUWIATOPHO-aHa3POOHOTO II0POora,
CYILI[eCTBEHHO 3aBUCAT OT KUCII0JIb3YEMOI0 IPTroCIIMpoMeTpa U MeTOAUKHU
IIpeaBapUTeIbHOU 00pab0TKHU JaHHBIX. [I0aTOMY IIpoIeiypy olleHKU BII MOXHO OTHECTHU
K cs1a60 popMasIM30BaHHBIM 3a7jadaM, I pellleHUus KOTOPhIX 0OBIYHO UCII0IBL3YITCI
MeTO/Ibl MaIlIMHHOTO 00yueHus (ML). Ilesib vccienoBaHusd — paspaboTka ML-Mozeny,
II03BOJIAIOIIEN clesIaTh IKCIIpecc oleHKY BII 110 JTaHHBIM 3prOCIIMPOMETPUHU IIPU
BBIIIOJTHEHUU KapAUOpeCcIupaTOPHOro Harpy304YHOI0 TeCTUpOoBaHus. [[JI1 3TOTO
UCII0JIb3yeTCsd Habop TaHHBIX TPEHUPOBOK Ha 6eroBOM JOPOXKKeE 30POBBIX
DOOGPOBOJIBIEB (MY>KUUH U KEHII[UH) — YYaCTHUKOB 3KCcIlepuMeHTa «CUpUyC» C
IUINTeJIbHOU U30JIAIMEeN, BBIIIOJIHSIIINUX TeCT CO CTyIIeHYaTO-BO3pacTarollen
GU3UUYeCKOU HarpysKoH J10 Ipezesia IIepeHOCUMOCTH. [[J1d ITOBBINIeHUA 3G PEeKTUBHOCTU
oueHKH BII crestaH 1IpeiBapUTeJIbHBIN ITO00P IPU3HAKOB I10 TaHHBIM ra3000MeHa C
TOYKH 3PEHUS 3HAYMMOCTHU UX BJIMSHUS Ha Pe3yJIbTaT KIacCUPUKAITUH.
PaccMmaTpHuBarTCAd TaKUe JaHHbIe ra3000MeHa Kak 1oTpebseHre 02, Boimesnenue CO2,
MUHYTHAasgd BEHTWISAIIMS U T. [I. B COUeTaHUU C JAHHBIMU O YaCTOTE CepIeUHbIX
COKpaIllleHU!. /[J1g OIleHKH 3HaYMMOCTH IIPU3HAKOB C TOUKHU 3pEeHUSI TOUHOCTHU
KJIacCUPUKAIIMU UCII0JIL3yeTCsl 00yUeHNe lepeBbeB PeIlleHUH, a IS IOJIyYeHUs
UTOTOBOI0 IPorHosa BII ¢ UcIioib30BaHUEM BbIJIeJIEHHBIX IIPU3HAKOB — CJIy4YalHBIU JIecC.
VKa3aHHbIe MOJIeJIU IBJISITCI UHTEePIIPETUPYEMBIMU [2], TaK KaK Jar0T 3aKJII0YEeHUS O
BJIMSIHUU Pa3/IMYHBIX IIPU3HAKOB, UCII0JIb3YEMbBIX B KaueCTBe CUTHaJIa TOCTHKeHUs BII.
Taxum o6pasoM, UCII0JIb30BaHUE IIPeIBapPUTEIbHO 00yueHHbIX ML-Mopeneit 1y
npenackasaHus BIl appeKkTUBHee U ObICTpee, YeM BU3YaIbHBIN OCMOTP UCXOAHBIX JaHHBIX
9KCIIEPTOM, TaK KaK TaKOM I10/IX0/ TpeOyeT MeHbIIIer0 YKcJia oIeparuil mpefo6paboTKku
DAHHBIX, a TaK)Ke I103BOJISIET 00BACHUTD Pe3yJIbTaT KiIacCuGUKAITUU Ha OCHOBE aHaJIn3a
3HAUYMMBIX IIPU3HAKOB, OTCOPTUPOBAHHBIX 110 UX Ba’KHOCTHU.

[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

Guskov A.A. (1, 2), Isaev LV. (2), Laptinskiy K.A. (2), Dolenko T.A. (1, 2), Dolenko S.A. (2)

(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(NOs), 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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